International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.85, February 2026

Explainable Hybrid Deep Learning for Automated
Diagnosis of Canine Mammary Tumors

Elham Shawky Heba Askr

Salama’
Faculty of Computers and
Artificial Intelligence,
Cairo University,
Cairo, Egypt

Artificial Intelligence,

Menoufia, Egypt

Faculty of Computers and

University of Sadat City,

Ashraf Darwish’
Faculty of Science,

Aboul Ella Hassanien®
Faculty of Computers and

Helwan University, Cairo, Atrtificial Intelligence, Cairo

Egypt University, Cairo, Egypt

"Scientific Research School of Egypt (SRSEG), https://egyptscience-srge.com/

ABSTRACT

Automatic classification of canine mammary tumors (CMT)
plays a vital role in ensuring accurate diagnosis, reliable
predictive evaluation, and reducing manual intervention in in
the diagnostic process. This paper introduces an Explainable
Artificial Intelligence (XAI) system for automated CMT
classification, which combines the DenseNet201 deep learning
(DL) architecture for feature extraction with a Random Forest
(RF) classifier to distinguish between benign and malignant
tumors in CMT images. The proposed system follows a
structured four-phase pipeline: (1) data acquisition and
Laplacian filter preprocessing to enhance tumor edges; (2)
feature extraction using DenseNet201 and classification with a
Random Forest (RF) model; (3) testing and evaluation of the
proposed system; and (4) interpretability analysis using the
Shapley Additive exPlanations (SHAP) XAI technique.
Experimental results demonstrate that the DenseNet201-RF
hybrid model achieves an accuracy of 93.9%, surpassing
benchmark classifiers while offering interpretability for clinical
validation. The proposed system enables accurate automatic
classification of canine mammary tumors while integrating
SHAP-based XAl for interpretability.
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Keywords
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1. INTRODUCTION

Cancer is one of the most dangerous diseases, resulting from
abnormal cells growing in an uncontrolled manner, altering the
functioning of normal cells and generating abnormal cell
proliferation and uncontrolled growth, causing significant
morbidity and mortality [1]. When the tumor invades other
parts of the body or spreads to nearby tissues, it is referred to
as cancer or malignant [2]. In female dogs, mammary tumors
are the most common neoplasm and are regarded as a
significant public health issue. They affect numerous
mammalian species. The death rate for CMT is over three times
higher than that of humans. However, if breast cancer is
diagnosed early, it has a better chance of being curable.
Understanding how breast cancer is diagnosed in various
animals might aid in our comprehension of the
pathophysiology of this complex disease [3], and [4].

One of the most common forms of cancer in female dogs is

CMT and it presents a serious clinical challenge in veterinary
medicine. Studies in animal science have shown that the annual
incidence of CMT in dogs varies across regions [5]. In
California, USA, there were 145 incidences reported per
100,000 female canines. In the UK, it was 1340.7 per 100,000
dogs. In mainland China, it was 46.71%. CMT make up 54%
of all tumors in animals. Because of reproductive health
initiatives, the occurrence of CMT has declined in developed
nations [6]. Early disease detection can help doctors begin
treatment earlier, resulting in disease control to the greatest
extent possible, ultimately saving the lives of suffering animals.
The predominant technique for identifying malignant cells is
the tissue sample analysis, which employs a specialized needle
to extract a core sample from the suspicious area, yielding
histopathological images. Malignant cells can be detected with
the aid of appropriate image analysis. Nevertheless, the human
process of interpreting these images is considered a gap which
takes a lot of time, and the precision may differ based on the
medical professionals' backgrounds. To address the gap,
researchers are developing computer-aided diagnostic tools to
reduce prognosis time and get superior outcomes more rapidly.
These tools improve classification accuracy by minimizing
interpretative inter-variability [7].

CMT are prevalent in female dogs, with 50% being malignant.
World Health Organization (WHO) classified 18.25% CMT by
histological type. The predominant varieties of CMT are
adenocarcinoma, papillary carcinoma, solid carcinoma,
complicated carcinoma, and carcinosarcoma. The non-
malignant breast tumors mostly consist of fibroadenomas,
ductal papillomas, benign mixed tumors, and simple adenomas.
Often, many tumor forms are seen in different mammary glands
of the same canine [8]. The primary factors affecting the
incidence and advancement of CMT are breed, age, genetic
predisposition, hormonal levels, diet, and cyclooxygenase-2
expression, as illustrated in Figure 1. CMT can occur in any
dog breed; however, purebred dogs exhibit a higher prevalence.
Specific breeds, including Cocker Spaniels, Poodles, and
German Shepherds, are prone to the development of CMT.
Canines aged nine years and older are at an increased risk of
developing malignant tumors. Genetic mutations in genes such
as BRCA1/2 and p53 significantly increase the probability of
CMT development. Hormonal variables, including elevated
levels of estrogen and progesterone, as well as more frequent
estrous cycles, substantially elevate the risk. Dietary elements,
such as increased concentrations of insulin-like growth factors
and other hormones, facilitate tumor advancement and
malignancy.
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Cocker spaniel, Poodle,
Dachshund, Boxer, German
Shepherd, Labrador Retriever
English Springer Spaniel,
Daoberman = Predisposition to
CMT development.
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= Higher risk of
malignancy.

03

Genetic

Mutation in BRCA1/2,p53, Predisposition

c-erbB2 - Higher risk of
CMT onset.

International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.85, February 2026

Higher exposure to estrogen
and  progesterone; higher
number of estrus cycle -

Higher risk of CMT
, development.

IGF-1, aromatase,
leptin, cholesterol,
hyperinsulinemia—=>
Early CMT onset, higher
histologic grade.

Overexpression of COX-2 =
Higher risk of malignancy,
shorter survival time.

Fig 1: Main risk factors of canine mammary tumors

Finally, the overexpression of COX-2 correlates with increased
tumor malignancy and decreased survival duration, rendering
these aspects essential for comprehending and mitigating CMT
risk [9]. DL has emerged as a revolutionary computer-aided
diagnostic tool in the medical field, transforming the detection,
analysis, and diagnosis of diseases [10] and [11]. DL uses
neural networks to analyze large datasets, enabling the
automated assessment of medical imaging with remarkable
precision and rapidity. DL exhibits its effectiveness in pattern
identification, anomaly detection, and disease prediction, often
surpassing human expertise. Furthermore, DL facilitates real-
time diagnosis, tailored treatment plans, and predictive
analytics by combining data from multiple sources, such as
genetic data and electronic medical records. By analyzing
massive datasets from diagnostic imaging modalities such as
ultrasonography, X-rays, and histopathology slides, DL
algorithms may accurately identify tumors, classify
malignancies, and differentiate between benign and malignant
growths [12].

The existing literature indicates that the lack of extensive CMT
image datasets has led to a limited number of publications on
the application of DL in CMT identification, highlighting the
urgent need for larger CMT datasets. In addition, although XAl
techniques have started to become popular in more general DL
applications, there is still little evidence of their incorporation
into CMT detection models. The interpretability and reliability
of these models, which are essential for their use in clinical
settings, are restricted by the lack of XAl in the literature [13].
To mitigate this gap, this paper presents an explainable DL
model for CMT classification having the following
contributions:

1. The paper introduces a hybrid DenseNet201-RF that
utilizes the power of the pretrained models to address the
feature extraction and Random Forest (RF) for
classification in the CMT domain.

2. This paper employs SHAP as an XAI technique to
enhance the interpretability and explainability of the
proposed model’s results, effectively addressing the
black-box nature of DL predictions, particularly in the
context of CMT classification, and addressing a gap in the
current literature.

3. This paper utilizes data augmentation strategy to present a
variety of CMT cases, addressing the limitations in dataset
size for CMT research.

4. This paper introduces the Laplacian filter as a
preprocessing stage for input CMT images to enhance the

classification performance.

5. The proposed model exhibits superior performance
relative to other competitive pretrained and state-of-the-
art models, positioning it as a highly promising solution
for CMT classification challenges.

The following is the structure of the remaining sections of this
work. Section 2 summarizes the literature review on CMT
using DL. The proposed model methodology is introduced in
Section 3. Section 4 introduces the results. Section 5 introduces
the comparison with literature. Finally, Section 6 presents the
conclusion and future work.

2. RELATED WORK

This section provides a review of the current literature on CMT
prediction, along with an evaluation of the limitations inherent
in each research. Kumar et al. [14] presented the first research
in the literature for the binary classification of CMT using a
dataset of CMT histological images. For the binary
classification of CMT, the model surpassed most cutting-edge
techniques and maintained 93% for binary classification of
CMT, but their work was based only on 352 images which did
not reflect the different classes of the CMT.

Aubreville et al. [15] presented a new dataset of 21 canine
mammary carcinoma (CMC) whole-slide images (WSIs) that
were thoroughly annotated for mitotic figures (MF). A multi-
expert review procedure carefully annotated the dataset, which
contains 13,907 MF, and 36,379 hard negatives. Machine
learning (ML) was used to refine the annotations and find
previously missed MF. Furthermore, two-dimensional
projection and representation learning were used to improve
annotation consistency. ResNet attained a mean F1 score of
0.791 on the test set. Burrai et al. [16] evaluated the application
of pretrained DL models in conjunction with several ML
classifiers for the classification of CMT cases. The researchers
utilized a dataset of 1,056 images from 20 benign and 24
malignant CMT. The EfficientNet model achieved an accuracy
between 0.82 and 0.85.

The current literature indicates that existing research on DL
models for the identification and classification of CMT is
insufficient, revealing considerable research gaps. In addition,
the limited amount of the datasets utilized in the CMT research
inadequately represent the diversity and enough CMT classes.
Kumar et al. [14] employed merely 352 images, while Isik et
al. [17] utilized only 146 images, both of which are insufficient
for depicting the complexities of CMT in actual applications.
Likewise, Burrai et al. [16] utilized a marginally bigger sample
of 1,056 images, nevertheless, faced limitations in precision.
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Furthermore, although Aubreville et al. [15] presented a more
extensive dataset for the detection of mitotic figures in canine
mammary cancer, their emphasis was on annotation
methodologies rather than a wider classification of CMT.
These limitations underscore the deficiency of comprehensive
DL research on CMT and emphasize the importance of models
developed using larger datasets. Moreover, XAI models are
mostly unexamined in this domain, emphasizing the necessity
for future investigations to create interpretable, high-
performing models for CMT classification.

The existing literature indicates a scarcity of research on the
classification of various CMT utilizing DL models. Moreover,
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the existing literature relies on relatively small datasets that fail
to represent the different classes of CMT, hence highlighting a
substantial research gap in veterinary diagnosis.

3. PROPOSED SYSETM

This section presents the methodology of the proposed system.
As shown in Figure 2, the proposed system mainly consists of
four phases: (1) data acquisition and preprocessing; (2) feature
extraction, learning, and classification using the proposed
hybrid DenseNet201-RF model; (3) performance evaluation;
and (4) the explanation of the results. These phases will be
illustrated in detail in the following subsections.
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Fig 2: The four phases of the proposed system

3.1 Phase 1: Data acquisition and

preprocessing

The dataset used in this paper is the CMT image dataset which
consists of 1,056 JPEG images (480 benign, and 576
malignant) from CMT submitted to the University of Sassari's
Department of Veterinary Medicine. Tissue samples were
fixed, paraffin-embedded, and histopathologically analyzed.
Pathologists classified the CMT tissues using histopathological
classification. A video pool was selected from each video,

resulting in 1024 x 768 high-resolution RGB images from 20
benign, and 24 malignant cases [16]. Figure 3 presents samples
from this dataset.
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Fig 3: Samples images selected from the CMT dataset:
malignant class (top row), and benign class (bottom row)

3.1.1 Scaling, Resizing and sharpening the data

To enhance the quality of the input images and prepare them
for the format of the classification phase, a set of preprocessing
steps is employed in the proposed work. The first step is to scale
the pixel values to a range from 1 to 255 as a normalization for
pixel values keeping input pixel values small and consistent.
The second step is to resize the images to a standard dimension
for consistent analysis to provide fixed input dimensions to the
DL model.

Since the proposed work utilizes histopathological CMT
images which have very small details, a Laplacian filter is
applied to give the images a sharper appearance and enhance
the edges of input images using OpenCV library [18]. The
Laplacian of an image is a second-derivative method for
enhancement which can be calculated using Equation (1).

v2f(x, V2f(x,
V2fxy) = R+ T (1)

Where f'denotes the image, and f(x, y) denotes the current
pixel value. The Laplacian filter has many discrete convolution
kernel types such as basic filters which highlight edges and
high boost filters which combine the original image with an
edge-enhanced version which gives more aggressive detail
enhancement [19]. A high-boost filter shown below is preferred
in the proposed work since the CMT images have fine details
that should be sharpened to enhance the classification process.

0 -1 |0
-1 15 -1
0 -1 |0

Figure 4 shows the sample resulting images after applying the
high-boost Laplacian filter for malignant and benign samples
selected from the CMT dataset. It shows how the edges are
refined to be sharper and clearer compared to the original image
samples, enhancing the clarity and distinction of edges in
digital images.

lacian Filtered Image

7D

Original Benign Image
Ny, A ¥ T

International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.85, February 2026

Orig

inal Malignant Image
i L =

> Sul (o SN
Fig 4: Laplacian filter input, and output for malignant
(left), benign (right) samples from the CMT dataset

3.1.2 Balancing Dataset

In the CMT dataset utilized in the proposed work, there are 480
benign samples, and 576 malignant samples with total 1,057
images. As can be concluded, there is an imbalanced number
of samples in each class which will result in biased
classification results to the class with greater number of
samples. This will produce a model that cannot generalize to
new samples and hence will affect the model performance [20].
To avoid this effect, the difference between numbers of
samples in different classes is calculated. Then, duplicated
versions of samples from the class with a smaller number of
samples are then created such that the count of these new
samples equals that difference as shown in Table 1. The
original dataset contains 480 samples in benign class, and 576
samples in malignant class. After balancing, the benign
samples equal the number of samples in the malignant class;
576 samples.

Table 1. Number of samples in of each class in the CMT
dataset before and after balancing

Class Before Balancing | After Balancing
Benign 480 576

Malignant | 576 576

Total 1,056 1,152

3.1.3 Data Augmentation

Data augmentation is a crucial process for enhancing the
accuracy of DL models by generating new data from existing
ones, thereby enhancing their generalization capabilities, and
improving model robustness. Data augmentation is deployed in
this paper by generating rotated, scaled, and translated versions
of the original images [21]. Table 2 introduces the data
augmentation methods applied in the proposed system.

Table 2. Configurations of data augmentation methods
applied to the CMT dataset

Augmentation method Value
Rotation 5 Degrees
Shifting in x-axis 0.01
Shifting in y-axis 0.01

3.1.4 Data Splitting
The CMT dataset was divided into three subsets—training,
validation, and testing —using a ratio of 80:10:10, respectively.
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Table 3. Distribution of CMT dataset with split ratio of 80:10: 10 for training, validation, and testing

respectively
Splitting Ratio Class Original Dataset | After Balancing After Augmentation
Training (80%) Benign 384 460 460*50 epochs = 23,000
Malignant 460 460 460*50 epochs =23,000
Validation (10%) Benign 48 58 58*50 epochs = 2,900
Malignant 58 58 58*50 epochs = 2,900
Testing (10%) Benign 48 58 58
Malignant 58 58 58
Total 1,056 1,152 51,916

To preserve the class distribution across these subsets, stratified
sampling was employed during the splitting process. Table 3
gives the distribution of the samples in three cases: original
dataset, after balancing, and after augmentation. After splitting,
there are 460, 58, and 58 samples from the benign class in the
training, validation, and testing splits respectively with a total
576 samples. For the malignant class, the same distribution of
train, validate and test splits are for the malignant class since
malignant, and benign classes have the same number of
samples after balancing. The training process is employed
using 50 epochs which creates a new augmented version of the
data in every epoch, creating fifty augmented versions of the
balanced data.

In augmentation, only the training and validation samples are
augmented, and the testing samples remain the same to avoid
data leakage and have a realistic evaluation of the model. In the
training split, 23,000 samples for benign and 23,000 samples
for malignant are generated. In the validation split, 2,900
samples for benign, and 2,900 samples for malignant are
generated. While the testing split contains 58 samples for
benign, and 58 samples for malignant. This results in a total

51,916 samples for building the proposed system.

3.2 Phase 2: the proposed hybrid

DenseNet201-RF model

Figure 5 depicts the proposed hybrid DenseNet201-RF, that
utilizes DenseNet-201 DL model for feature extraction and
Random Forest (RF) classifier for classification of the CMT
input images. The proposed model contains two stages: feature
extraction, and classification.

3.2.1 Feature Extraction using DenseNet201

Feature extraction in image processing minimizes data
dimensionality while retaining critical information from the
original dataset, enhancing the accuracy of classification
models and optimizing recognition rates. This process involves
identifying and isolating relevant data and organizing the
information into feature vectors, which serve as inputs for the
ML algorithms. In DL, transfer learning models are pretrained
on extensive image datasets and employed as a method for
feature extraction, enabling the application of previously
acquired knowledge [16]. The proposed work uses the learned
weights of the DenseNet201 model to collect the features from
the CMT dataset.

DenseNet201 is a DL model that is pretrained the ImageNet
dataset. It has four dense blocks and three transition blocks, as
shown in Figure 6. DenseNet201 begins with a convolutional
layer to extract initial features from the input histopathological
images, followed by multiple DenseNet201 blocks, each
containing batch normalization, ReLU activation,

convolutional layers, and average pooling for feature extraction
and dimensionality reduction. Transition blocks are placed
between DenseNet201 blocks to transition and further reduce
feature map dimensions, consisting of batch normalization,
ReLU activation, convolutional layers, and average pooling.
The output from the DenseNet201 blocks is passed to a fully
connected layer, which aggregates the extracted features.
DenseNet201 creates direct connections between all layers,
promoting seamless information flow without redundancy.
This extensive connectivity facilitates feature propagation and
mitigates the vanishing gradient problem, thereby enhancing
performance and learning efficiency. The interconnected
architecture of DenseNet201 enables enhanced learning and
optimal feature utilization [22].

3.2.2 Classification using Random Forest

Random Forest classifier is composed of multiple decision
trees, as shown in Figure 7. It can be regarded either as a single
classification technique, or several classification methods
within a classifier, or as an independent approach with various
parameters. Each tree produces a unique classification result,
and the forest selects the class that receives the majority vote
across all trees. To construct these trees, the Random Forest
classifier generates random subsets of the extracted features
and identifies key combinations of attributes. After collecting
and preprocessing the input CMT images, the DenseNet201
model is used to extract the features. These extracted features
are fed as input to the RF classifier to decide whether the input
samples are benign or malignant class. By merging the
strengths of DL (for feature extraction) with ensemble learning
(for classification) leads to a powerful, accurate, and robust
hybrid classifier.

3.3 Phase 3: performance evaluation

It is crucial to assess the efficacy and efficiency of the model
after training. Using the testing dataset (10%), this phase
involves analyzing the prediction capabilities of the model and
examining performance indicators that reflect its usefulness in
real-world scenarios. Several key performance measures are
used in this phase to evaluate the DenseNet201 model [23],
such as accuracy, precision, recall, and inference time.
Equation (2) defines accuracy as the proportion of correctly
predicted samples to the total predictions, serving as an
indicator of the model's overall predictive efficacy.

Accuracy = (TP +TN)/(TP+TN + FP + FN) (2)

On the other hand, precision is the ratio of accurately predicted
positive cases for a class to all positive predictions made for
that class, as stated in Equation (3):

Precision = TP /(TP + FP) 3)
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Equation (4) states that sensitivity, sometimes referred to as
recall, quantifies the proportion of real positive samples that are
correctly classified as positive.

Sensitivity,or Recall = TP /(TP + FN)

“4)

The F1 score is computed by weighted averaging of precision
and recall, as demonstrated in Equation (5):

F1score = 2 X ((precision X recall) / (precision +
recall)) )

The number of false positive samples is represented by FP, the
number of false negative samples by FN, the number of true
positive samples by TP, and the number of true negative
samples by TN. When evaluating the effectiveness of DL

models, inference time is crucial, particularly in situations

requiring real-time processing, or operating with limited
resources. It describes how long it takes a model to process an
input and produce an output. To ensure optimal hardware
utilization, and energy economy, evaluating inference time aids
in selecting the best model depending on latency and resource
constraints [24]. As specified in Equation (6), start timing at the
exact moment just before the input is sent to the model.

Tstart = current_time() 6)

The function current_time() can be determined using
either time. time(), or time.perf_counter(). The trained
model is provided with the input data X.5to generate
predictions, as outlined in Equation (7):

Ypred = Model (X;est) @)

Here, Yy,eq represents the model's output, or prediction. After
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obtaining the output, use Equation (8) to record the end time.

Teng = current_time() 8)
Next, the inference time Tjpference @s shown in Equation (9),
is calculated by subtracting the start time from the end time.

Tinference = Tena — Tstart ©

3.4 Phase 4: result explainability using
SHAP

XAl is a new Al discipline recently used by many applications
to change the black box nature of ML or DL models and
produce human-understandable explanations. The need for
trustworthy interpretability techniques has increased as ML and
DL techniques are being used more often in critical
applications. Because it guarantees consistency in feature
importance attributions and is applicable to various model
types, SHAP stands out among other XAI models.

Because SHAP provides both local and global interpretability,
it is especially suited for analyzing complex DL models, in
contrast to some other explanation techniques that might yield
unstable or biased results [25]. In order to determine the most
important aspects of the decision-making process, The SHAP
XAl technique is used in this paper to interpret the class-type
predictions in CMT problems. The model's behavior can be
better understood by utilizing SHAP's dependable feature
attribution, which helps with the creation of better DL models
for early warning and prediction of CMT classification
problems.

4. EXPERIMENTAL RESULTS AND
DISCUSSION

This section explains the experimental setup, the parameter
settings, the experiments deployed for CMT dataset, and the
analysis of the results.

4.1 Experimental setup

The deployment of the proposed model is developed using
personal computer with Intel(R) Core (TM) 17 with 8 GB RAM,
1 Tera Hard Disk, and 64-bit Windows 10 operating system.
The code is developed using the python programming language
version 3 with TensorFlow framework version 2.10.1 with
960M graphics processing units (GPUs). The proposed system
is deployed by setting specific parameters during the training,
such as learning rate, optimizer, batch size, loss function,
number of epochs, early stopping, rescaling the image size of
the input image, and splitting ratio. The exact values of these
parameters are listed in Table 4.

Table 4. Parameter settings of the training parameters of
the DenseNet201 model.

Parameter Settings
Learning rate 0.001

Optimizer Adam optimizer
Batch size 64

Loss function Categorical cross entropy
Number of | 50

Epochs

Patience in early | 10

stopping

Image size 224 width * 224 heights

Splitting ratio 80% train, 10% validate, 10% test
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4.2 Performance evaluation of the
DenseNet201-RF model for CMT

classification

To evaluate the proposed DenseNet201-RF model, the input
CMT images are split into three segments, training, validation,
and testing. Ten percent is used for validation, ten percent is
used for testing, and eighty percent is used for training. The
testing data collected after training is used to evaluate the
performance of the model and guarantee its ability to generalize
to novel data. To create increasingly abstract CMT
representations, the DenseNet201 blocks process the images
from each epoch. Because each layer has direct access to the
gradients and feature maps of earlier levels, the hybrid
DenseNet201 architecture promotes effective learning. To
monitor the performance of the model using previously
unknown validation data, prevent overfitting and adjust the
hyperparameters of the model, a validation step is commonly
incorporated into the training process. Before predicting the
matching class, the DenseNet201 model evaluates the best
features of each image in the testing set.

Figure 8 presents the training and validation performance of the
proposed DenseNet201 model across 50 epochs, as indicated
by the loss and accuracy curves. The training loss consistently
declines, signifying excellent model learning, and the
validation loss stabilizes with slight variations, showing strong
convergence without considerable overfitting. The training
accuracy steadily increases, approaching 95%, while the
validation accuracy closely trails at around 91-92%. The
alignment of training and validation metrics illustrates the
resilience and dependability of the DenseNet201 model in
effectively categorizing CMT, attaining high accuracy while
ensuring stability throughout the training and validation stages.

The alignment of training and validation metrics illustrates the
resilience and dependability of the DenseNet201 model in
effectively categorizing CMT, attaining high accuracy while
ensuring stability throughout the training and validation stages.
After testing the DenseNet201-RF model, the accuracy,
precision, recall, and inference time value are 93.9, 93.02,
92.94, and 93.91 respectively.

4.3 Influence of SHAP for explainability

The DenseNet201-RF model was combined with SHAP XAI
technique to enable post-hoc interpretability of model
predictions. SHAP heatmaps illustrate the contribution of
different image regions to the model’s predictions. Regions
highlighted in red indicate positive contributions toward the
predicted class, whereas blue regions denote negative
contributions.  Critical image regions that influence
classification results are found and examined for both correctly
and incorrectly classified samples using SHAP visualizations
as shown in Figure 9. Correct benign predictions emphasize
well-organized glandular structures, while correct malignant
predictions focus on irregular cellular architecture and densely
packed nuclei (Figures 9.a and 9.b). For cases that are
misclassified (Figures 9.c and 9.d), benign samples predicted
as malignant exhibit localized atypical patterns that resemble
malignant features, whereas malignant samples predicted as
benign show emphasis on relatively organized regions that
reduce malignancy confidence. The model's focus is
demonstrated to be on features that cause errors, like those
present in benign adenomas, providing insight into the
limitations of the model. The results show that the model
identifies clinically relevant histopathological patterns and
transparently explains both correct and incorrect decisions.
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Fig 9: Explanation of the proposed hybrid DenseNet201-RF model on samples from the CMT dataset using SHAP XAI model

The incorporation of SHAP improves the transparency of the
system and its dependability by clarifying the decision-making
procedure of the model and differentiating the feature
contributions to each prediction. Because it fosters trust and
facilitates expert oversight, this interpretability is especially
beneficial for clinical applications, which helps the model be
adopted in delicate domains like medical diagnostics.

4.4 Ablation study

4.4.1 Comparing DenseNet201 with five DL models for CMT
classification

An ablation study comparing the DenseNet201 model with five
pretrained DL models for CMT classification was carried out
utilizing the same dataset across all experiments. These DL
models are VGGI16, InceptionV3, InceptionResNetV2,
Xception, and MobileNetV2. Feature extraction is performed
using one of the DL models, and classification is performed by
appending a SoftMax layer at the end of each model. VGG16
is a 16-layer convolutional neural network using 3x3 filters
with a deep and uniform architecture [26]. InceptionV3
employs inception modules to capture multi-scale features
efficiently while reducing computation [27].
InceptionResNetV2 combines inception modules with residual
connections to improve training speed and accuracy on large

datasets [28]. Xception uses depthwise separable convolutions
to capture spatial and channel-wise features efficiently,
enhancing accuracy and reducing computational cost [29].
MobileNetV2 is a lightweight network for mobile devices,
using inverted residuals and linear bottlenecks to achieve high
accuracy with low computational cost [30]. Table 5 compares
these five DL models with the DenseNet201 model in terms of
the number of layers and the number of computational
parameters in millions (M).

Table 5. Comparison between VGG16, InceptionV3,
MobileNetV2, Xception, InceptionResNetV2, and
DenseNet201 models

Model # of layers | # of parameters
VGGl16 16 138 M
InceptionV3 48 23.8
MobileNetV2 53 34M

Xception 71 229M
InceptionResNetV2 | 164 55.8M
DenseNet201 201 20M

DenseNet201 has the highest number of layers, making it
highly suitable for complex image -classification tasks,
especially where fine details matter (e.g., histopathological

38



images of CMT). Moreover, it has fewer parameters, achieving
high accuracy without a huge computational cost.

Table 6 gives the confusion metrics of the five DL models with
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the DenseNet201 model emerging as the most effective model.
Because DenseNet201 has the fewest false positives and a good
balance between true positives and true negatives, it is highly
effective at reducing misclassifications.

Table 6. Confusion matrices of the six pretrained DL models: VGG16, InceptionV3, InceptionResNetV2, Xception,

MobileNetV2, and DenseNet201
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Fig 10: The ROC curves of the DenseNet201 model versus five pretrained DL models

Due to its precision and efficiency, DenseNet201 is the optimal
model for CMT classification scenarios requiring both
expeditious implementation and effective classification
accuracy. Moreover, the ROC (Receiver Operating
Characteristic) curves and AUC (Area Under the Curve) scores
presented in Figure 10 demonstrate the capacity of the six
pretrained DL models to differentiate between classes. The best
classification performance and robustness are demonstrated by
the proposed DenseNet201 model, which surpasses the rest
with the highest AUC scores of 0.94 for both Class 0 (benign)
and Class 1 (malignant). AUC ratings of roughly 0.92 and 0.91

are achieved by models such as InceptionV3, and
MobileNetV2 respectively; however, DenseNet201
consistently outperforms them in class distinction with little
overlap. Compared to both classes, VGG16 has a much lower
AUC of 0.76. Table 7 shows how well the proposed
DenseNet201 model performs, surpassing all other pretrained
models in terms of accuracy (87.07%), precision (87.5%),
recall (87%), and F1 score (87%). These results demonstrate its
capacity to produce the most consistent classification results,
confirming its supremacy over rivals such as MobileNetV2
(85.34% accuracy) and Xception (84.48% accuracy).
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Table 7. Comparison between the proposed DenseNet201 model versus five DL models

Model Accuracy | Precision | Recall F1 score | Inference time (in Minutes)
VGG16 77.58 78.5 77 77.5 12.05

InceptionV3 83.62 84 84 83.5 6.25

InceptionResNetV2 84.48 86 85 84.5 10.37

Xception 84.48 84.5 84.5 84 4.08

MobileNetV2 85.34 86 85.5 85 4.48

DenseNet201 (proposed) 87.07 87.5 87 87 7.94

Despite having a somewhat longer inference time (7.94
minutes) than some models, such as Xception (4.08 minutes)
and InceptionResNetV2 (4.48 minutes), the proposed
DenseNet201 model offers a well-balanced combination of
classification  performance and computational time.
Additionally, DenseNet201 is well known for its efficient
inference time, which makes it more suitable for real-time, or
resource-constrained applications than deeper and more
computationally expensive models like InceptionResNetV2.
The proposed DenseNet201 model is the top-performing model
among the assessed architectures, as evidenced by its AUC
scores, balanced confusion matrix performance, and quick
inference time.

4.4.2 Comparing proposed hybrid DenseNet201-RF with three
ML classifiers

This section examines the impact of employing various ML
classifiers on the performance of classifying the CMT using
DenseNet201 as a feature extractor. These ML classifiers
include support vector machines (SVM), k-Nearest Neighbors
(KNN), and a Decision Trees (DT), in addition to the SoftMax
classifier. Support Vector Machine (SVM) is a supervised
machine learning algorithm that finds the optimal hyperplane
to separate data points of different classes with the maximum
margin [16]. K-Nearest Neighbors (KNN) is a simple,
supervised machine learning algorithm that classifies a data
point based on the majority class among its & closest neighbors
in the feature space [31]. Decision Tree is a supervised
machine learning algorithm that splits data recursively based
on feature values to create a tree-like model for classification
or regression [32].

Table 8 provides a comparison of three ML classifiers
associated with the DenseNet201 as feature extractor, beside
the SoftMax classifier. After extracting meaningful features
from the input CMT images using the DenseNet201 model,
these classifiers are employed to classify the images into benign
or malignant categories, alongside the SoftMax classifier. The
comparison is in terms of accuracy, precision, recall, and
inference time.

Table 8. Comparison between different classifiers
associated with DenseNet201 as feature extractor

Classifier | Accuracy | Precision | Recall | F1
score
KNN 88.16 89.16 89.16 88.48
Decision 81.74 82.74 82.74 81.72
Tree
SVM 89.56 89.95 89.95 89.56
SoftMax 87.07 87.5 87 87
Random 93.9 93.02 92.94 93.91
Forest

The RF classifier achieves the highest performance. This
superior performance of RF stems from its ensemble learning
approach, where multiple decision trees independently make
predictions, and the final classification is determined through
majority voting [33].

4.4.3 Testing the proposed DenseNet201-RF model using the
BreakHis human breast cancer dataset

Histopathological images of canine mammary tumors closely
resemble human breast cancer, showing similar glandular
architecture and malignant features such as nuclear
pleomorphism, high mitotic rate, and stromal invasion [34],
[35], and [36]. Because of these shared morphological and
molecular characteristics, human breast cancer serves as a
valuable comparative model for canine mammary tumors
research.

The human breast cancer dataset deployed in this experiment is
called BreakHis dataset, which comprises 7,909 microscopic
tumor images from 82 patients, captured at 40x, 100x, 200x,
and 400 magnifications. It includes 2,480 benign and 5,429
malignant samples. Figure 11 gives a sample image of each
class. The same configurations and preprocessing steps that
were deployed for the CMT dataset are employed on BreakHis
dataset, as shown in Figure 12.
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Fig 12: Applying Laplacian Filter for sample images from
BreakHis dataset in figure 11

Table 9 gives the results of deploying the DenseNet201, and
DenseNet201-RF on the BreakHis dataset. DenseNet201
model is used as feature extractor and classifier. While using
DenseNet201-RF model, the DenseNet201 model is utilized as
feature extractor, and the RF is utilized as classifier. The results
demonstrate promising performance, highlighting the potential
of integrating deep learning models are feature extractors and
machine learning techniques as classifiers in human breast
cancer research.
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Table 9: The performance of the proposed DenseNet201-
RF model on the BreakHis dataset compared to
DenseNet201 model

Classifier | Accuracy Precision | Recall | F1
score

DenseNet | 87.29 88.35 87.30 | 87.21

201

DenseNet | 91.91 90.82 9091 | 90.82

201-RF

5. COMPARISON WITH LITERATURE

The proposed DenseNet201-RF model is compared to related
works in literature that utilized the same dataset [16], as
illustrated in Table 10. With an accuracy of 93.9%, the
DenseNet201-RF model shows a significant improvement.
This performs better than reference models that use SVM as the
classifier on the same dataset, such as Inception-SVM (81.0%),
VGG16-SVM (82.0%), and EfficientNet-SVM (85.0%). The
ensemble learning capability of the RF classifier, which uses
the various decision boundaries of several decision trees to
improve classification robustness is responsible for the
DenseNet201-RF model's superiority.

The proposed improvements, especially the combination of
balanced, augmented, and sharpened images with RF
integration, are essential to this performance. The efficiency of
the selected ensemble approach for CMT classification is
confirmed by the DenseNet201-RF, which not only
outperforms other architectures but also attains higher accuracy
than DenseNet201 models combined with other classifiers.

Table 10. Comparison of the proposed DenseNet201-RF
model versus the state-of-the art models based on the same
CMT dataset.

Method Accuracy

InceptionV3 (feature extractor) + SVM | 81%
(classifier) [16]
VGG16 (feature extractor) + SVM (classifier) | 82%
[16]
EfficientNet (feature extractor) +SVM | 85%
(classifier) [16]
DenseNet201(feature extractor) + SoftMax | 87.07%
(classifier) +
Balanced [Proposed]
DenseNet201(feature extractor) + SoftMax | 89.63%
(classifier) +

Balanced +Augmented [Proposed]
DenseNet201 (feature extractor) + SoftMax | 91.5%
(classifier) +
Balanced+
[Proposed]
DenseNet201 (feature extractor) + Random | 93.9 %
Forest (classifier) +

Balanced + Augmented + Laplacian
[Proposed]

6. CONCLUSION AND FUTURE WORK

This research presents an explainable hybrid DenseNet201-RF
model for the classification of CMT images. The proposed
model depends on four critical phases: image preprocessing,
feature extraction, model classification, and performance
evaluation. Moreover, a technique in XAI called SHAP
elucidates the results. This technique mitigates the black-box
nature of DL predictions, thereby improving the reliability and
interpretability of the results.

Augmented+ Laplacian

To compare the efficacy of the proposed DenseNet201-RF
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model in categorizing CMT, many machine learning classifiers
such as SVM, DT, and KNN beside the SoftMax classifier were
utilized subsequent to the feature extraction procedure. Among
these, the DenseNet201-RF model achieved the highest
accuracy of 93.9%, outperforming the other classifiers and
demonstrating the effectiveness of using the RF classifier to
maximize the classification performance of the model.

On the other hand, the proposed DenseNet201-RF model
outperformed other state-of-the-art models, which only achieve
85% accuracy using the same CMT dataset, with a reasonable
inference time and a 93.9% accuracy rate. This illustrates the
dependability and effectiveness of CMT classification
problems using the proposed model.

The integration of XAI improves its use in clinical and
veterinary diagnostics by providing insights into the decision-
making process and closes a significant gap in the existing
literature. Future research is suggested to use more diverse
samples of the CMT classes. Additionally, efforts could be
focused on creating lightweight models deployed for mobile
applications for real-time use in veterinary and clinical settings.
Investigating further explainable Al methods would enhance
interpretability and reliability, which are essential for
acceptance in medical settings.
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