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Abstract Breast cancer remains the leading cause of cancer-related mortality among women globally,
necessitating accurate diagnosis through histopathological image analysis. However, manual examination
of these images is time-consuming and susceptible to inter-observer variability, highlighting the critical
need for reliable automated computer-aided diagnostic (CAD) systems. This study was conducted to
systematically evaluate and optimize convolutional neural network (CNN) architectures for automated
classification of breast cancer histopathology images, with a focus on mitigating overfitting and enhancing
diagnostic accuracy through hybrid deep learning methodologies. The principal innovation is the
development of a CNN-VGG16 hybrid architecture that strategically integrates pre-trained feature
extraction with a customized CNN framework, hypothesized to substantially improve classification
accuracy and model generalization. Three model configurations were developed and comparatively
analyzed: (1) baseline CNN, (2) CNN with dropout regularization, and (3) hybrid CNN-VGG16 model. Input
images underwent preprocessing, including resizing to 150x150 pixels, normalization, and data
augmentation. All models were trained with identical hyperparameters: an Adam optimizer with a learning
rate of 0.001, a batch size of 32, and 10 epochs. Dropout regularization with a fixed rate of 0.5 was applied
to fully-connected layers to mitigate overfitting. Model evaluation was conducted utilizing standard
performance metrics. The proposed CNN-VGG16 hybrid model achieved superior performance: accuracy
of 85.19%, precision of 87.16%, recall of 92.75%, and F1-score of 88.37%. These metrics represent
significant improvements of 4.2% relative to baseline CNN and 3.4% compared to the dropout-regularized
variant, indicating substantially enhanced diagnostic capability and reduced false-negative rates. Strategic
integration of pre-trained feature extraction with customizable CNN architectures significantly improves
generalization and classification performance in histopathological image analysis. Future investigations
should incorporate larger heterogeneous datasets, attention mechanisms, and explainable artificial
intelligence (XAIl) to enhance clinical interpretability and strengthen practitioner confidence in digital
pathology systems.

Keywords Breast Cancer; Histopathology Image Classification; Convolutional Neural Network (CNN);
Transfer Learning; VGG16.

l. Introduction early-stage  breast cancer reaching 80-90%,
Breast cancer affects more than 2 million women substantially higher than those for advanced-stage
annually worldwide, making it the most dangerous  disease [3]. Pathologists still rely on manual
malignant disease for women [1], [2]. Early detection ~ Microscopic analysis of tissue samples stained with
and accurate classification can significantly improve ~ hematoxylin-eosin (H&E) dye to diagnose breast
patient survival rates, with five-year survival rates for cancer histopathology using traditional methods. This
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manual process is entirely dependent on the individual
examiner's experience and is highly subjective in
nature [4], [5]. This traditional approach presents
significant  limitations, including inter-observer
variability reaching 10-15%, high diagnostic errors, and
a shortage of experienced pathologists, particularly in
remote areas [5], [6]. Therefore, we need an automated
deep learning system that can accurately and efficiently
analyze histopathology images to support clinical
decision-making and improve diagnostic consistency
[7].

In recent years, researchers have employed deep
learning, particularly convolutional neural networks
(CNNs), as the dominant paradigm for analyzing
histopathology images and detecting breast cancer,
due to its superior ability to extract complex features
from high-dimensional visual data [8], [9]. Conventional
CNN models achieve a baseline accuracy of 80-81%
when researchers apply them for histopathology
classification on breast cancer datasets [10]. To
overcome overfitting and improve generalization,
researchers have demonstrated that the dropout
regularization strategy provides significant
contributions in contemporary literature [11]. Empirical
studies show that applying dropout regularization
increases CNN accuracy by 0.75-2% compared to the
baseline [12], [13]. Researchers have established
transfer learning using pre-trained models such as
VGG16 as the industry standard for medical image
classification [14]. When researchers implement
transfer learning with VGG16 to breast cancer
histopathology, they achieve measurable accuracy
improvements, although these results are highly
dependent on dataset characteristics. Wakili et al. [15]
report that various CNN-based transfer learning
approaches achieve accuracy in the range of 82-84%
on the BreakHis dataset. Chitumakuru et al. [16]
demonstrate that a standalone CNN achieves 83%
accuracy, while transfer learning approaches reach 84-
85%. Rahman et al. [17] prove that transfer learning
with fine-tuning can improve performance to 84-85%.
Recent research confirms that applying standard
transfer learning and deep learning models to
histopathological images consistently achieves
accuracies of 80-85% [18].

These findings reveal that researchers still have
significant opportunities to improve accuracy through
combinations of more  sophisticated hybrid
architectures, more advanced regularization strategies,
and more careful optimization. The hybrid approach
that combines multiple architectures has demonstrated
significant potential in enhancing model performance
[19]. Sureshkumar et al. [20] integrated a convolutional
neural network and an extreme learning machine
framework for automated breast cancer diagnosis,
achieving significant accuracy improvements. This

study introduces three main contributions compared to
previous hybrid CNN-VGG16 models. First, we applied
layer-specific dropout regularization with different rates
(p=0.25 in early convolutional layers, p=0.3 in mid-level
layers, and p=0.5 in classification layers). Second, we
performed incremental analysis by comparing three
models step-by-step: a baseline CNN, a CNN with
dropout, and a hybrid CNN-VGG16, to clearly show the
contribution of each component. Third, the custom
CNN layers were specifically designed for
histopathological images to handle cellular
morphology, tissue texture, and staining variations.

Although researchers have made significant
progress, they still face substantial research gaps.
First, although VGG16-based transfer learning
improves accuracy compared to the baseline, this
improvement is modest, with accuracy ranging from 80-
85% across various settings [15], [16], [17].
Specifically, while VGG16-based transfer learning
improves accuracy, the mechanisms underlying this
improvement and its synergies with regularization
strategies remain underexplored. Particularly, prior
research has not systematically investigated: (1) the
comparative contribution of dropout regularization
versus transfer learning features in isolation, (2) how
integration of pre-trained VGG16 features specifically
affects feature extraction capability, and (3) the
synergistic effects when both strategies are combined.
This study addresses these gaps through systematic
comparative analysis of three progressive model
configurations (baseline CNN, CNN+Dropout, and
Hybrid CNN-VGG16), enabling quantification of each
component's incremental contribution to classification
performance. Second, while dropout regularization has
been widely adopted, the efficacy of regularization
dropout rates (particularly 0.5) strategically positioned
in specific network layers for hybrid CNN-VGG16
architectures in histopathological image classification
remains underexplored. Although previous research
has investigated various dropout configurations, a
comprehensive comparative analysis combining fixed

dropout  regularization  with  transfer learning
approaches specifically  for  breast cancer
histopathology  classification requires further

investigation. [11], [12], [13]. This study addresses this
limitation by implementing a dropout regularization
strategy with differentiated dropout rates tailored to
each layer's position and function within the
architecture. Third, researchers have not conducted a
comprehensive investigation into optimizing the hybrid
CNN-VGG16 architecture specifically to handle the
unique characteristics of histopathology images.
Fourth, most existing studies have not performed an in-
depth analysis of the synergistic effects between the
hybrid architecture and the dropout regularization
strategy. Fifth, while most existing studies focus on
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overall classification metrics (accuracy, precision,
recall), they lack a comprehensive comparative
analysis examining the incremental contribution of
each architectural component (baseline CNN vs.
dropout regularization vs. transfer learning).

To address these gaps, we propose a Hybrid CNN-
VGG16 Architecture with Dropout Regularization
Strategy that integrates advanced components to
significantly and consistently improve the accuracy of
breast cancer histopathology classification. Our
research aims to develop an accurate and clinically
reliable breast cancer histopathology classification
system by combining a hybrid CNN-VGG16
architecture and a dropout regularization strategy. We
contribute to the literature in four key ways: (1) we
develop a hybrid CNN-VGG16 architecture
systematically designed for histopathology
classification, (2) we conduct systematic empirical
investigation into the effectiveness of dropout
regularization in improving model performance, (3) we
perform comprehensive comparative analysis across
various model development stages with detailed
analysis of incremental contributions from each
proposed strategy, and (4) we provide a
comprehensive evaluation framework using confusion
matrix and multiple metrics (Accuracy, Precision,
Recall, F1-Score)to analyze the trade-off between
sensitivity and specificity, offering practical insights into
clinically critical metrics such as reducing false-
negative rates in malignancy detection.

This paper is organized into four main sections: (1)
a literature review (Section Il), (2) the proposed
methodology (Section IlIl), (3) experimental findings
along with comparative analysis against alternative
approaches (Section IV), and (4) conclusions with
directions for future research (Section V).

Il. Literature Review

A. Application of CNN in Breast Cancer
Classification
Convolutional neural network technology has

demonstrated considerable efficacy as a leading
solution for medical image classification, particularly for
detecting breast cancer in histopathological samples
[57]. The effectiveness of this methodology is attributed
to its superior ability to perform automated, accurate
extraction of morphological features, such as variations
in cell shape, chromatin distribution, and nuclear
structure, associated with breast cancer. Previous
studies have demonstrated that CNNs can identify
subtle patterns in histopathological images and have
been successfully utilized to accurately differentiate
benign lesions from malignant neoplasms, achieving
over 90% on breast cancer datasets [21]. These
studies also emphasize the importance of optimizing

CNN architectures to achieve optimal performance in

the high-complexity setting of histopathological

images.

B. Transfer Learning to Improve the Performance
of CNN

The integration of pre-trained learning models has
become a standard approach for managing data
insufficiency in medical image analysis. Pretrained
models trained on large-scale datasets such as
ImageNet can be adapted for specific classification
tasks, such as breast cancer detection in
histopathological images. The use of pretrained models
like VGG16 and ResNet50 can achieve high accuracy
even on limited datasets, as these models have already
learned to recognize fundamental patterns present in
medical images [22]. By fine-tuning the final layers,
transfer learning can accelerate training and enhance
model performance in breast cancer image
classification.

C. Dropout as a Regularization Technique in CNN

Overfitting constitutes one of the paramount difficulties
in developing convolutional neural networks when
operating with limited medical image datasets. To
counteract this issue, practitioners employ the Dropout
regularization framework, a technique that functions
through the selective and random deactivation of
neuronal units during model training phases. By
preventing the neural architecture from placing
excessive reliance on specific feature patterns, this
method significantly bolsters the model's capability to
adapt and perform effectively on previously unseen
data. Evidence from recent literature demonstrates
that incorporating Dropout within CNN frameworks
substantially mitigates overfitting while simultaneously
improving diagnostic accuracy for breast cancer
detection in histopathological tissue analysis,
especially when datasets are sparse and exhibit class
imbalance [23]. The results of these studies also
demonstrate that Dropout can significantly reduce the
model’s dependency on limited data, making it more
robust to data variations.

D. Combination of CNN and Transfer Learning
Models for Improved Classification Accuracy

Recent studies have begun combining CNNs, Dropout,
and transfer learning to improve breast cancer
classification accuracy. Several studies have shown
that integrating CNN with VGG16-based transfer
learning and Dropout can significantly enhance
classification performance in histopathological breast
cancer images [58]. In their experiments, this hybrid
model demonstrated a 6% increase in accuracy
compared to a standard CNN without transfer learning
and Dropout. The researchers found that VGG16, with
its numerous convolutional layers, was able to extract
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more complex features, while Dropout helped prevent
overfitting on the limited dataset [24] [59].

E. Data Augmentation for Histopathological
Images

Data augmentation is a methodology for artificially

expanding training datasets by systematically
generating image variants via computational
transformations. In histopathological image
classification, data augmentation is a pivotal

mechanism that substantially enhances deep learning
architectures' capacity to detect morphological patterns
and diagnostic features in medical imagery, particularly
given the inherent scarcity of comprehensive
histopathological repositories. Prevalent
methodologies encompass operations such as angular
rotation, bilateral flipping (both horizontal and vertical
axes), magnification scaling, chromatic modulation,
and geometric displacement. The fundamental
objective of such augmentation protocols is to
synthesize a heterogeneous collection of images,
thereby facilitating model comprehension of object
recognition across multidirectional viewpoints and
heterogeneous environmental conditions [25]. The
impact of image augmentation on breast cancer
classification models has been shown to be effective in
improving accuracy and reducing overfitting. Rotation
and zooming help the model learn to recognize
patterns at various orientations and scales, while
flipping enables the model to detect symmetry within
histopathological tissues. Furthermore, augmentation
helps address challenges such as class imbalance and
lighting variability in histopathological images. Image
augmentation techniques enhance the generalization
ability of CNN models in breast cancer classification by
reducing dataset bias. In the referenced study, rotation
and zoom transformations were applied to enrich the
variety of histopathological images used to train the
model [26]. In addition, other studies have
demonstrated that image augmentation improves the
accuracy of deep learning models on histopathological
cancer images by employing techniques such as
flipping and contrast adjustment to enhance the quality
of limited datasets.

lll. Method

The primary research objective was to develop an
integrated hybrid deep learning model synthesizing
Convolutional Neural Network (CNN) architecture,
Dropout regularization methodologies, and VGG16
Transfer Learning approaches for automated breast
cancer classification in histopathological images. The
investigative methodology encompassed distinct
phases: data preprocessing and preparation
procedures, model architecture construction and
training, and comprehensive performance evaluation.

Detailed exposition of the technical procedures and
implementation frameworks for each methodological
phase is presented in the subsequent sections.

Start
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Split Data

Augmentation and
Preprocessing

1
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Mode! Classification
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» Transfer Leaming
Original CNN Model CNN Dropout VGG16
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Fig. 1. The flowchart describes the breast cancer
histopathology classification process, including
data preprocessing, training using CNN and VGG16
models, evaluation, and result conclusion stages.

Fig. 1. This section illustrates the workflow of the breast
cancer classification research using histopathological
images with a deep learning approach. A
histopathology imaging dataset encompassing breast
tissue specimens was curated and dichotomized into
benign and malignant classifications. The consolidated
data repository was subsequently bifurcated into two
distinct cohorts: a training cohort for model
parameterization and a test cohort for empirical
validation.

This methodological approach enabled rigorous
model evaluation on held-out data, thereby affording an
impartial assessment of model efficacy and
generalization capacity across unseen samples.
Subsequently, data augmentation and preprocessing
are applied to the training data to enhance image
diversity and quality through techniques such as
rotation, shifting, zooming, and brightness adjustment,
while the testing data are only normalized and resized.
After the preprocessing stage, model training is
conducted using several deep learning approaches.
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The methodological approach employed sequential
CNN architectures. The baseline CNN consists of an
input layer of 150%150x3 RGB images, followed by two
convolutional blocks with 32 and 64 filters (3x3 kernel,
ReLU activation), two max pooling layers (2x2), a
flatten layer, a dense layer with 128 neurons (ReLU),
and an output dense layer with 2 neurons (Sigmoid).

For the hybrid model, we used the frozen pre-
trained VGG16 as the feature extractor. On top of it, we
added a flatten layer, a dense layer with 256 neurons
(ReLU), a dropout layer with a rate of 0.5, and a final
output dense layer with 2 neurons (Sigmoid). The same
hyperparameters were applied to all three models
(baseline CNN, CNN with dropout, and hybrid CNN-
VGG16) to ensure a fair  comparison.
The trained model was systematically evaluated
through quantitative performance measurement
employing multiple evaluation indices: accuracy,
precision, recall, and F1-score. A confusion matrix
visualization was additionally generated to provide a
comprehensive representation of the classification
outcomes and error patterns.

A. Dataset Preparation

The dataset used in this study consists of
histopathological images of breast cancer obtained
from the publicly available BreakHis (Breast Cancer
Histopathological Images) dataset, which is accessible
on Kaggle. This dataset contains labeled images
categorized into two main classes: benign (non-
cancerous) and malignant (cancerous) tumors. The
BreakHis dataset comprises a total of 7,909
histopathological images (4,521 benign and 3,388
malignant samples) collected from human breast tissue
samples that were processed using a microscope at
different magpnification levels (40X, 100X, 200X, and
400X). For this study, the complete dataset was
partitioned into two distinct cohorts: (1) Training
dataset: 80% of samples (6,327 images) for model
training and optimization; and (2) Testing dataset: 20%
of samples (399 images) for independent evaluation
and performance validation. This data-split strategy
ensures rigorous model evaluation on held-out data,
thereby providing an objective assessment of model
generalization capability. Each image has been labeled
according to the tumor's classification as either benign
or malignant.

The images in the dataset exhibit variations in
resolution, tissue staining intensity, and microscope
magnification levels, resulting in visual diversity that
may influence the model’s classification performance.
To improve data quality and prevent overfitting, this

study applies image augmentation during
preprocessing. The  augmentation techniques
include rotation, zooming, flipping, and color

adjustment, which aim to enrich the diversity of the
training data so that the model can better learn and

generalize patterns, even in the presence of
differences in orientation, scale, and illumination. The
BreakHis dataset can be accessed on Kaggle at the
link:https://www.kaggle.com/datasets/waseemalastal/
breakhis-breast-cancer-histopathological-dataset.

B. Split Data
Data partitioning is crucial in machine learning to
ensure model training on one dataset and evaluation
on an independent, unseen dataset. The dataset is
commonly segregated into two primary components: a
training partition and a test partition. This stratification
mitigates the risk of model overfitting, a phenomenon
wherein the model excessively memorizes training data
patterns and noise, subsequently compromising its
ability to generalize effectively to novel instances.
Mathematically, if we have a dataset D consisting of N
samples, Eq. (1) [5].
D ={(xy,y1), (x2,¥2),-vnvnnnn , (Xn, Ya), } (1)
where x;is a feature (for example, a
histopathological image) and y; is a label (for example,
the benign or malignant class), then we divide the
dataset D into two subsets: the training data D, and
the testing data Dies;. The division is carried out with a
certain proportion, for example, 80% for training and
20% for testing. Mathematically, this division can be
expressed in the following equation Eq. (2) [3].
Dirain = {(xpy)|i € test set} | Dtrainl = 0.8 x (2)
Diest = {(x;,y:)|i € testset}| Dipg| =02x N (3)
Equation Eq. (2) illustrates the division of the
dataset into two main subsets, namely the training data
(Dyain) @nd the testing data (D). In this division, a
dataset containing N samples are divided into 80% for
training and 20% for testing. The first equation explains
that the training data (Dy4,) consists of 80% of the total
dataset, namely 0.8 x N, used to train the model. This
data includes feature pairs x; and label y;, where i
indicates that the data is included in the training set.
Meanwhile, the equation EQ. (3) describes the
distribution of test data (D), which consists of 20% of
the total dataset, namely 0.2 X N, which is used to test
the performance of the model after training. The test
data also consists of feature pair x; and labels y;, where
i This time, it's included in the test set. The data
partitioning approach ensures that the model receives
training on a comprehensive training dataset of
sufficient size, while performance evaluation is
conducted on independent test data representing
previously unseen instances, thereby enabling an
objective assessment of model generalization
performance.
C. Augmentation and Preprocessing data
In the image preprocessing stage, histopathological
images are processed to ensure a consistent format
suitable for a ... deep learning model input. Large and
varied images are resized to a uniform dimension to
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maintain input consistency within the model. Each
image is resized to 150x150 pixels, enabling the model
to process data of consistent size and ensuring stability
during training. This resizing also reduces
computational complexity and accelerates the model
training process [27],[28]. In addition to resizing,
another important step is image normalization. Image
normalization is  performed using  min-max
normalization, where pixel values are divided by 255
according to the formula: normalized value =
original_pixel_value / 255, thereby transforming the
pixel values into the range [0, 1]. Normalization
accelerates convergence during training, reduces data
irregularities, and ensures stable learning [29]. Data
augmentation was applied to the training dataset with
specific parameters: (1) rotation range of 20 degrees;
(2) zoom range of 0.2 (20% scaling); (3) horizontal and
vertical flipping (flip probability 1.0); and (4) color
jittering to handle staining variations. [30]. These
techniques enrich training data diversity and improve
generalization. Augmentation was applied only to the
training dataset, while the testing dataset underwent
only normalization and resizing to maintain evaluation
integrity. [31]. Therefore, normalization is an essential
step in ensuring dataset quality and model stability in
deep learning tasks for medical image classification
[32].
D. CNN Model Architecture
Convolutional Neural Networks constitute a distinctive
class of neural architectures optimized for visual
content processing. They function through hierarchical
feature learning: initial layers detect basic features
(edges, textures), while deeper layers capture complex
features (cellular morphology, tissue structures). [33],
[34]. Convolutional Neural Networks are constructed
through the integration of convolutional blocks,
nonlinear activation units, spatial downsampling layers,
and terminal dense layers for classification purposes.
In the convolutional layer, a convolution operation is
performed between the input image and a kernel or
filter. This two-dimensional convolution operation is
formulated as follows. Eq. (4)[7].
Y(i,j, k) = T v Sy (m,n, ¢, k). X (i +m —
1L,j+n—1,c) + by

4)
Eq. (4) illustrates the basic process of the convolution
operation in a Convolutional Neural Network (CNN),
where the output value at a given position (i,j) and
channel to-k, namely Y (i, , k), obtained from the result
of the directional addition between the kernel (filter) and
the corresponding input image patch. Kernel
W(m,n,c k) sized K, X K,, and works on all input
channels C;,, so that to produce one output value, it is

necessary to add three indices: the kernel row index m,
kernel column index n, and input channels c. The
kernel value is multiplied one by one by the pixel value
in the input. X onsite (i+m—1,j +n—1,c¢), thatis, a
small area of the image that the kernel is currently
“scanning” [35]. The results of the element-by-element
multiplication are then added together to form a single
feature representation value at a spatial position. (i, j).
Next, a bias b, added for each output channel, which
functions to shift activation values to make the model
more flexible in learning data distribution. Thus, this
equation represents how CNNs extract local patterns
(such as texture, edges, and shape) through a process
of weighting and directional summation, where the
kernel moves across the image to produce an
information-rich feature map. In practice, this operation
is known as cross-correlation and is at the heart of
CNNs' ability to recognize visual structure in images.
[36], [37].

Whereas X is the input image, W is the kernel weight,
and by, is bias. The output size of the convolution result
is calculated using Eq. (5) [8].

I-K+2P

0= | +1 (5)

Equation Eq. (5) is used to calculate the output size of
a convolution operation in one dimension (height or
width). The value I epresents the input size, K is the
kernel (filter) size, P denotes the amount of padding
added to the edges of the input, and S is the stride,
which is the step size by which the kernel moves during
each convolution. Essentially, this formula determines
how many positions the kernel can occupy over the
input after accounting for padding and stride. The
addition of “+1” arises because the initial placement of
the kernel produces one output value [38]. The larger
the padding, the more the output size tends to remain
constant or increase, whereas a larger stride reduces
the output size since the kernel skips more positions
[39]. Following the convolution operation, a non-linear
activation mechanism such as the Rectified Linear Unit
(ReLU), characterized by the formulation RelLU(x) =
max(0, x), to avoid the vanishing gradient problem and
accelerate learning [40].

The subsequent stage involves the pooling
operation, which reduces the spatial dimensionality of
the extracted features whilst retaining essential
information. Maximum pooling represents the
predominant pooling methodology, functioning by
extracting the peak value from designated spatial
regions, thereby generating a condensed feature
representation and mitigating the likelihood of model
overfitting [41]. The concluding network stage involves
feature flattening followed by transmission through a
dense layer, wherein the softmax activation function
transforms feature representations into probability
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distributions across output classes [42]. The softmax
activation mechanism constitutes a specialized
mathematical function deployed in the terminal layer of
neural network architectures to generate probability
distributions across multiple classification categories.
Given a vector of scores z = (z4,2,, ..., 2¢), then the
softmax function will transform each value z; into
probability values through an equation. The softmax
transformation is mathematically represented by the
equation Eq. (6) [9].

Softmax(z)_i =

eZ_l

e (6)

The softmax function expresses the exponential
value of each score so that all values become positive,
then normalizes them by the sum of all exponentials so
that the total result equals 1. Thus, the value
softmax(z); indicates how likely an input is to belong to
the class i compared to other classes. The higher the
score z;, the greater the probability value produced.
The equation EQ. (6) This function is important
because it allows the network to produce classification
decisions that can be interpreted as probabilities and
can be directly used with loss functions such as
categorical cross-entropy for the equation ftraining
process. Eq. (7) [11].

L=%iY; log(y:) (7)

value y; is the ground truth label in the form of one-hot
encoding, where only the correct class has a value of 1
and the other classes 0. Meanwhile, y; is the predicted
probability of the model for the the-i class, usually
obtained from the softmax function [43]. This loss
function works by penalizing the model when the
probability y;for the correct class, the value is low; the
lower the probability of the correct class, the greater the
resulting loss value. Lower loss values result from high
confidence predictions directed toward the true class
label. In other words, this function encourages the
model to make predictions with a high probability for the
class that corresponds to the actual target, so that the
model learns to improve its accuracy during the training
process. [44]. This equation is the Categorical Cross-
Entropy loss function, which is used to measure how
well the model predicts the classification problem
written in the equation Eq. (7).

E. CNN Dropout

To address the limitation of using fixed dropout rates in
hybrid architectures, this study implemented layer-
specific dropout regularization. A dropout rate of 0.25
was applied to the early convolutional layers (Conv1
and Conv2) to preserve low-level morphological
features. The mid-level convolutional layer (Conv3)
employed a dropout rate of 0.3, while the dense
classification layers used a higher rate of 0.5 to mitigate
overfitting. This differentiated dropout strategy tailors

the regularization intensity according to each layer’s
position and susceptibility to overfitting. Dropout is a
regularization technique employed to mitigate
overfitting in deep neural networks, including CNNs. It
operates stochastically, inactivating neurons with a
specified probability during training, preventing their
participation in forward and backward propagation. In
this study, a dropout rate of 0.5 was applied after the
Flatten layer and before the dense classification layers.
This placement targets the fully connected layers,
which are most prone to overfitting when trained on
limited data. The fixed dropout rate was chosen to
ensure reproducibility, computational efficiency, and
consistency throughout the training process.
Mathematically, dropout can be defined by the equation
Eq. (8) [13]. R

h =hQOr (8)
h represents the output of neurons in a layer, r is a
binary-valued mask vector generated from a Bernoulli
distribution r ~ Bernoulli(p), with p is the probability
that the neuron is maintained, and © represents an
element-by-element multiplication operation. During
training, neurons that have a value of 0 in the mask r
will be removed, while neurons with a value of 1 will
remain activated in the equation Eq. (8). At the time of
inference (testing), the activation value is scaled by a
factor p to maintain consistency of output magnitude,
namely the equation Eq. (9) [15].

htest =p-h 9)
With this mechanism, the model is forced to be
independent of specific neurons so that the network
learns more robust feature representations and is able
to generalize better to new data. Dropout significantly
improves network performance especially on complex
and large datasets [45]. This approach has proven
valuable in advancing the accuracy metrics of
diagnostic image classification tasks, encompassing
histopathology examination scenarios [46].
F. Transfer Learning VGG16
Transfer learning in the VGG16 architecture is a
technique that utilizes pre-trained weights. Models
initially trained on large repositories like ImageNet are
then optimized through adaptation to specialized, task-
specific datasets, such as histopathological images
[47]. In general, VGG16 consists of a series of 3x3
convolutional and pooling layers that function as
feature extractors, and fully connected layers that act
as the classifier. In transfer learning, the feature
extraction part is retained, while the classifier part is
modified and retrained according to the number of
target classes. This process can be mathematically
formulated in Equation Eq. (10) [22].

f=FX gpre) (10)
where X denotes the input image, F(-) represents the
pre-trained VGG16 network, and B, refers to the
weights obtained from the initial training. These
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extracted feature representations are then input to a
newly instantiated classification component, as shown
in the equation. Eq. (11) [22].

y =softmax(W f + b) (11)
The parameters W and b are the classification
parameters that will be trained on the new dataset [49].
During the fine-tuning process, some of the weights in
the deeper convolutional layers can be unfrozen and
updated using the gradient derived from Equation Eq.
(12) [22].

_ aL
gnew - epre - U-Tm (12)

where n denotes the learning rate and £ represents the
loss function (e.g., cross-entropy). This approach is
particularly effective when the dataset size is small, as
the network does not need to learn low-level features
from scratch, thereby reducing the risk of overfitting
and accelerating the training process. Recent studies
have shown that VGG16 with transfer learning can
significantly improve the classification accuracy of
histopathological and medical images. [50].
G. Model Evaluation

Classification  efficacy is quantified through
fundamental performance metrics encompassing
Accuracy, Precision, Recall, and F1-Score, which are
systematically computed from Confusion Matrix
constituents. The binary classification framework
utilizes a four-element matrix architecture, Model
predictions result in four distinct classification
outcomes: True Positive (TP), True Negative (TN),
False Positive (FP), and False Negative (FN). The
cross-tabulation matrix summarizing these prediction

categories is presented below (Table 1.)

Table 1. Confusion Matrix Table for Evaluating the
Performance of Breast Cancer Histopathology
Image Classification Model.

Prediction
Actual Negative Positive
Negative TN FP
Positive FN TP

Mathematically, Accuracy is a measure that indicates
how many of the model’'s predictions are correct
compared to the total number of tested data. Accuracy
calculates the proportion of all correctly classified
instances, including both positive and negative
predictions [51]. The metric encompasses the overall
effectiveness of classification decisions made by the
model. Its mathematical representation is defined in the
following formulation. Eq. (13) [36].

TP+TN (1 3)

TP + TN +FP+ FN
Classification outcomes are delineated through four
categorical instances: True Positive (TP) captures

Accuracy =

positive exemplars subject to successful positive
predictions; True Negative (TN) captures negative
exemplars subject to successful negative predictions;
False Positive (FP) encompasses negative exemplars
exhibiting erroneous positive predictions; and False
Negative (FN) comprises positive exemplars
experiencing erroneous negative predictions. The
Accuracy metric, which ranges from 0 to 1, reflects the
proportion of correct predictions out of all predictions
made values near 1 signify higher classification
effectiveness. Nevertheless, this metric may not always
provide an accurate representation of model
performance in cases of class imbalance, as a
classifier might achieve high accuracy merely by
favoring the majority class. To overcome this limitation,
accuracy is typically analyzed alongside additional
evaluation measures such as Precision, Recall, and the
F1-Score, which together give a more balanced
performance assessment.

In imbalanced scenarios where one class
significantly outweighs the other, the accuracy metric
can introduce bias. This happens because a model
may seem effective simply by predominantly predicting
the majority category, thereby diminishing its ability to
correctly  identify  minority class  instances.
Consequently, supplementary metrics like Precision
and Recall are employed. Precision quantifies the
correctness of positive predictions, representing the
fraction of samples predicted as positive that are
indeed positive in reality. Mathematically, Precision can
be expressed as follows: Eq. (14) [36].

TP

TP+FP (14)
True Positive (TP) represents positive instances
correctly predicted as positive, while False Positive
(FP) represents negative instances incorrectly
predicted as positive. Higher Precision indicates fewer
false positive predictions. This performance indicator
assesses what proportion of true positive instances are
successfully captured by the model's detection
mechanism. In high-risk scenarios, particularly within
medical diagnostic contexts, insufficient performance
on this metric causes many legitimate positive cases to
remain unidentified (False Negatives). Mathematically,
Recall is formulated as follows: Eq. (15) [36].

TP

TP+FN (15)
Negative (FN) represents the number of positive
samples incorrectly classified as negative [52]. A high
Recall value indicates that the model is able to detect
most of the positive samples, thereby demonstrating
good performance in terms of sensitivity to positive
class identification. To balance Precision and Recall,
the F1-Score metric is used, which is the harmonic
mean of the two. This metric addresses the evaluation
challenge posed by asymmetrical False Positive and

Precision =

Recall =
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False Negative distributions through balanced
measurement. It becomes indispensable in
applications characterized by class imbalance, such as
clinical image analysis. The harmonic mean foundation
ensures stringent scoring: elevated results mandate
concurrent high performance in both Precision and
Recall, unlike traditional arithmetic mean approaches.
Thus, the F1-Score serves as a reliable indicator for
evaluating models that are expected to maintain a
balanced performance between prediction accuracy for
positive cases and the ability to correctly detect positive
classes. Mathematically, the F1-Score is expressed as
follows: Eq. (16) [36].

F1—Score = 2. ——
Precision+Recall

The F1-Score serves as an important evaluation metric
for classification models because it captures the
trade-off between Precision and Recall. It is defined as
the harmonic mean of these two measures, which
implies that a high F1-Score can only be achieved
when both Precision and Recall attain strong values.
This makes the F1-Score particularly useful for
assessing models trained on imbalanced datasets, as
it reflects not only the accuracy of positive predictions
but also the model's ability to correctly identify all
relevant positive samples. This relationship is
expressed in the following equation: Eq. (16).

Precision-Recall (1 6)

IV. Result
A. Confusion Matrices

The confusion matrix is one of the most widely utilized
evaluation techniques for measuring the effectiveness
of classification models, especially within machine
learning applications. It provides a detailed comparison
between the predicted outputs generated by the model
and the actual ground-truth labels, thereby offering
insights into the model’s capability to correctly identify
each class. The confusion matrix was instrumental in
providing a granular assessment of the model's
classification accuracy and discriminative capacity
regarding benign versus malignant breast tissue
characterization within histopathological specimen
examination. By analyzing this matrix, it becomes
possible to determine the number of accurate
predictions as well as classification errors for each
category. These values then serve as the basis for
computing key performance indicators, including
accuracy, precision, recall, and the F1-score.
Consequently, the confusion matrix delivers a more
holistic understanding of the model’s overall strengths
and limitations in classification performance.

1. Confusion Matrices CNN
The Dropout-enhanced CNN correctly classified 236

malignant and 87 benign cases out of 399 test samples.
It produced 38 false negatives and 38 false positives.

False negatives mainly came from well-differentiated
carcinomas, while false positives came from complex
benign lesions such as sclerosing adenosis and
fiboroadenomas. The 150x150 pixel resolution also
limited the capture of fine nuclear details.

The baseline CNN correctly classified 87 benign and
236 malignant samples, with a sensitivity of 86.13% for
detecting malignant  cases. The  symmetric
misclassification (38 FP and 38 FN) indicates room for
improvement through better regularization and higher-
resolution inputs. Future work should use higher image
resolution (at least 224x224 pixels) and multi-scale
feature extraction to better differentiate morphological
subtypes (Table 2).

Table 2. Confusion Matrix Table for Evaluating the
Performance of Breast Cancer Histopathology
Image Classification Original Model CNN

Prediction
Actual Negative Positive
Negative 87 38
Positive 38 236

2. Confusion Modified Model with Dropout

The confusion matrix for the Dropout-regularized CNN
model reveals accurate classification of 75 benign and
251 malignant tissue samples. However, the model
misclassified 50 benign samples as malignant (false
positives) and 23 malignant samples as benign (false
negatives). Confusion matrix table for evaluating the
performance of breast cancer histopathology image
classification modified model with dropout can be seen
at Table 3.

3. Confusion matrix for Hybrid CNN-VGG16

The confusion matrix for the hybrid CNN-VGG16 model
shows correct classification of 95 benign and 285
malignant specimens out of 399 test samples. There
were 30 false positives and 24 false negatives.
Compared to the Dropout model, false positives

Table 4. Confusion Matrix Table for Evaluating
the Performance of Breast Cancer
Histopathology Image 3 Confusion matrix for
Hybrid CNN-VGG16

Prediction
Actual Negative Positive
Negative 95 30
Positive 24 285

decreased by 40% (from 50 to 30). The hybrid model
also achieved a sensitivity of 84.07%. These results
indicate that combining pre-trained VGG16 features with
custom classification layers improves diagnostic
accuracy for breast cancer detection (Table 4).
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Model

B. Accuracy

This study compared three models for classifying breast
cancer histopathological images from the BreakHis
dataset: a baseline CNN, a CNN with dropout
regularization, and the proposed hybrid CNN-VGG16
model. Performance was evaluated using accuracy,
precision, recall, and F1-score. A comprehensive
comparison of all three evaluated architectures is
presented in Table 5, which provides a detailed
assessment of the baseline CNN, CNN with Dropout
regularization, and the proposed Hybrid CNN-VGG16
model. The baseline model with the original CNN
architecture demonstrates basic performance with an
Accuracy of 0.809, and Precision, Recall, and F1-Score
values of 0.861 each. This model is capable of
recognizing fundamental tissue texture patterns but still
shows limitations in  generalization.  Following
architectural augmentation through the incorporation of

performance indicates that the application of Dropout
regularization  successfully  mitigated  overfitting
phenomena and augmented the model's capacity to
accurately identify an increased proportion of positive
instances. A detailed comparative assessment between
the baseline CNN architecture and the Dropout-
regularized variant is presented in Table 5. For a more
detailed view, the performance comparison between the
Original CNN model and the modified CNN model with
Dropout regularization can be seen in Fig. 2. As shown
in Fig. 2, Performance comparison between the Original
CNN model and the modified CNN model with Dropout
regularization across four evaluation metrics (Accuracy,
Precision, Recall, and F1-Score) in percentage (%). The
Modified CNN with Dropout demonstrates notable
improvements, particularly in Recall and F1-Score
metrics compared to the baseline model, although a
slight decrease is observed in precision. From these

Table 5. Classification Performance Comparison of Original CNN and Modified CNN with Dropout Mode

Model Accuracy Precision Recall F1-Score
Original Model
CNN 0.8095 0.8613 0.8613 0.8613
Modified Model with
Dropout 0.8170 0.8338 0.9160 0.8730
Hybrid CNN-
VGG16 85.10 87.16 92.75 88.37

Dropout regularization, measurable enhancements in
model efficacy were observed. The CNN architecture
enhanced with Dropout regularization demonstrated
quantitative improvements, achieving an Accuracy of
0.817, a precision of 0.833, a recall of 0.916, and an F1-
Score of 0.873. The substantial elevation in Recall

results, it can be concluded that the addition of a Dropout
layer improves the model’s ability to recognize a greater
number of positive samples without relying too heavily
on specific training data. This finding confirms that the
regularization strategy using Dropout is effective in
enhancing the stability and generalization capability of
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the CNN model for breast cancer histopathology image
classification tasks. Consequently, the Modified CNN
Model with Dropout demonstrates more reliable and
adaptive performance across data variations, as
illustrated in Fig. 2.

V. Discussion
A. Classifier

The study compared three deep learning models for
classifying breast cancer histopathological images: a
baseline CNN, a CNN with dropout regularization, and
a hybrid CNN-VGG16 model. The hybrid CNN-VGG16
achieved the highest accuracy of 85.20%, compared to
80.95% for the baseline CNN and 81.70% for the
dropout CNN. It also recorded a precision of 87.16%, a
recall of 92.75%, and an F1-score of 88.37%. This
improvement comes mainly from VGG16’s pre-trained
features, which help the model better recognize
patterns in tissue images. More deeply, the hybrid
architecture leverages the strength of VGG16 as a
powerful feature extractor that has already learned rich
hierarchical representations from millions of natural
images. When combined with custom CNN layers, it
enables the model to capture both low-level textures
(edges and color variations due to staining) and higher-
level morphological patterns (nuclear shape, chromatin

transfer learning and dropout regularization, where
each component contributes incrementally to both
quantitative performance and the model's robustness
against overfitting and domain variability. The hybrid
model showed a 4.25% increase in accuracy over the
baseline CNN and a 3.50% increase over the dropout
CNN. Compared to previous studies, the proposed
model reached 85.20% accuracy. This is higher than
Chauhan and Kumar (2025) at 76.92% (VGG16-SVM),
Wakili et al. (2024) and Diyasa et al. (2025) at 83.33%,
and Heikal et al. (2024) at 84% before optimization.
The model provides better performance than standard
VGG16 implementations without needing complex
optimization methods (Table 6). summarizes this
comparative performance.

Table 6 presents a comparative analysis of the
proposed hybrid CNN-VGG16 model against several
recent studies on breast cancer histopathology
classification. The proposed model achieved an
accuracy of 85.19%, which is higher than all
comparative studies: Chauhan & Kumar (2025) at
76.92%, Wakili et al. (2024) at 83.33%, Heikal et al.
(2024) at 84%, and Diyasa et al. (2025) at 83.33%. This
result shows similarities with previous works in the use
of the BreakHis dataset and VGG16-based transfer
learning. However, there are significant differences in
the architectural approach. While previous studies

Table 6. Comparative Analysis of Classification Performance Between the Proposed CNN-VGG16

Method and Previous Studies.

Study Model Used Accuracy (%)
Chauhan & Kumar, 2025. [54] VGG16 + SVM 76.92
Wakili et al., 2024. [55] DenseNet (Transfer Learning) 83.33
Heikal et al., 2024. [56] Custom CNN (without optimization) 84.00
Diyasa et al., 2025. [57] VGG16 + WGAN 83.33
Proposed Method CNN + VGG16 (Transfer Learning) 85.19

distribution, and tissue architecture) that are essential
for distinguishing benign from malignant
histopathological samples. The application of layer-
specific dropout regularization further enhances this
capability by preventing the network from overly relying
on specific neurons during training, thereby improving
generalization on the limited BreakHis dataset. The
notable increase in recall to 92.75% indicates that the
model becomes more sensitive in detecting malignant
cases, which is clinically vital because reducing false
negatives can prevent delayed diagnosis and improve
patient prognosis. Meanwhile, the moderate precision
of 87.16% reflects the inherent difficulty in
histopathological images where some benign lesions
(such as fibroadenomas or sclerosing adenosis) share
visual similarities with low-grade malignancies. Overall,
these results demonstrate a synergistic effect between

generally used single models or simple combinations,
this study proposes a hybrid architecture with custom
CNN layers and layer-specific dropout regularization.
This combination yields better performance, especially
in Recall (92.75%), which is clinically crucial for
reducing false negatives in cancer detection.
Nevertheless, the achieved accuracy remains below
90%, which contradicts some recent trends reporting
accuracies above 90% using more advanced
architectures or higher image resolutions. This
indicates that there is still room for further improvement
in future work.

Although the results are promising, this study has
several limitations. First, the use of a relatively small
public dataset (BreakHis) with only 7,909 images, even
after an 80/20 split, may limit the model’s ability to
generalize to more diverse real-world clinical samples
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that vary in staining protocols, scanner types, and
patient demographics. Second, resizing all images to
150%150 pixels resulted in the loss of fine nuclear
details, which contributed to the 38 false negatives and
38 false positives observed in the confusion matrices,
particularly when differentiating subtle low-grade
malignancies from complex benign lesions. Third, the
study only evaluated VGG16 as the transfer learning
backbone and did not compare it with other state-of-
the-art architectures such as ResNet, EfficientNet, or
Vision Transformers, which might offer different trade-
offs between accuracy and computational efficiency.
Additionally, the model still operates as a black-box
system, lacking mechanisms to explain which specific
histopathological features influence its decisions,
thereby potentially reducing trust from clinical
pathologists.

Future work should use higher-resolution images (at
least 224 %224 pixels), a larger, more diverse dataset,
and more advanced models. Nevertheless, the
proposed hybrid CNN-VGG16 model offers a good
balance between accuracy and computational
efficiency, making it suitable for computer-aided
diagnosis in digital pathology. Future work should also
involve larger and more diverse datasets, model fusion
strategies, and explainable Al approaches to enhance
both interpretability and clinical reliability. Overall, this
study demonstrates that the hybrid CNN-VGG16 model
can significantly improve the classification accuracy of
breast cancer histopathological images. Despite
limitations related to dataset size and image resolution,
this approach provides important implications for the
development of more accurate, efficient, and clinically
ready computer-aided diagnosis systems in digital
pathology. Technically, the findings offer a practical
and reproducible framework for researchers working
with limited medical imaging datasets by showing how
hybrid architectures with strategic regularization can
deliver meaningful performance gains without high
computational cost. Clinically, the high recall achieved
in this study holds potential to assist pathologists in
reducing inter-observer variability and missed
malignant cases, which is especially valuable in
settings with limited numbers of experienced
specialists. In the broader context of healthcare in
developing countries, where breast cancer continues to
be a leading cause of mortality among women, such
efficient CAD tools could support faster screening,
earlier intervention, and more equitable access to
quality diagnostics. Thus, the proposed method
represents a meaningful step toward bridging the gap
between deep learning research and practical digital
pathology applications.

VI. Conclusion

The main objective of this study was to evaluate and
enhance the performance of CNN architectures for
breast histopathology image classification. Three model
variations were tested: an original CNN, a dropout-
modified CNN, and a hybrid CNN combined with the
pretrained VGG16 network. The experimental results
revealed that the proposed hybrid CNN-VGG16
achieved the best overall performance with 85.19%
accuracy, 87.16% precision, 92.75% recall, and an F1-
score of 88.37%, outperforming the baseline CNN
(80.95%) and dropout CNN (81.70%) by 4.2% and 3.4%,
respectively. In addition, dropout regularization
effectively reduced overfitting and improved recall (from
86.13% to 91.61%), though with a slight decrease in
precision. The hybrid model provided the most balanced
and robust performance, confirming that combining
pretrained feature extraction with a customized CNN
enhances classification accuracy and generalization.
Future research should address identified limitations
through targeted enhancements. Larger heterogeneous
datasets directly mitigate false-negative errors caused
by underrepresented well-differentiated malignancy
morphotypes. Attention mechanisms illuminate which
tissue regions drive the 38 false-negative and 38 false-
positive errors, revealing whether failures stem from
missing nuclear details or from overweighting cellularity
features. XAl techniques (Grad-CAM, LIME, SHAP) map
predictions to interpretable histopathological features
(nuclear pleomorphism, glandular architecture), thereby
directly building clinical confidence by demonstrating
that models rely on pathologically meaningful rather than
spurious features. Higher input resolution (224x224+
pixels) compensates for the identified loss of fine-
grained nuclear details, potentially reducing false
negatives on subtle malignancies. Together, these
enhancements  directly address the specific
performance gaps identified in this work.
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