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Early and accurate classification of malignant and non-malignant tissues is essential
for improving diagnostic accuracy and patient outcomes. With the rapid advancement of
artificial intelligence, machine learning , deep learning methods have demonstrated significant
potential in automating histopathological image analysis and assisting clinical diagnosis.
This paper proposes an explainable deep learning framework for early cancer detection using
histopathological images. A total of six deep learning architectures, which are Convolutional
Neural Network CNN, VGG16, ResNet50, MobileNetV2, EfficientNetB0, and InceptionV3
were tested with LC25000. It has 25,000 histopathological images which are classified into
five groups such as lung squamous cell carcinoma, lung adenocarcinoma, lung benign tissue,
and colon adenocarcinoma. The data was separated into 15% test, 15% validation and 70
% training of the models considered, ResNet50 had the best classification accuracy of 99%
with excellent ability to generalize to all tissue classes. CNN and VGG16 also achieved high
accuracy of 98%., whereas EfficientNetB0 was 97%. Conversely, MobileNetV2 (86% accuracy)
and InceptionV3 (69% accuracy) demonstrated relatively worse performance especially when it
comes to differentiating lung cancer subtypes. Explainable artificial intelligence methods such
as Grad CAM, LIME, and SHAP were implemented to the most successful model to increase the
level of transparency in the model. These visual explanations identified clinically significant
tissue locations that influenced model predictions, hence improving the diagnostic system’s
interpretability and reliability. The findings establish that high performance deep learning
architectures can be used in conjunction with explainable artificial intelligence techniques to
offer a strong and reliable system of computer aided diagnosis of cancer.

Keywords: Cancer classification, Explainable artificial intelligence,
Histopathology images, LC25000 dataset, LIME, ResNet50, SHAP.

Cancer is one of the major health
challenges facing the world in the twenty-
first century. It is described as the unregulated
proliferation and dissemination of aberrant cells
that can invade the adjacent tissues and spread to

other body organs. In spite of significant progress
in medical research and therapy, cancer remains
a consistent cause of morbidity and mortality on
a global level. The World Health Organization
(WHO, 2023) reports that more than 20 million
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cancer cases are recorded in the world annually
and only about 9.7 million cancer-related deaths
were observed in 2022 and hence it ranks second to
cardiovascular disorders as the cause of death. It is
estimated that one out of every five people will fall
under the cancer category in the world and one out
of every nine men and twelve women will succumb
to cancer related complications. The rising cancer
rates can be attributed to several factors such as
the increasing population, old age, exposure to the
environment, changes in the lifestyle, and genetics.
In most of the low and middle income states, there
is a poor medical infrastructure, few screening
programs, late diagnosis which is a further cause of
death. Consequently, the timely and precise cancer
diagnosis is highly critical to enhance treatment
results and raise the survival rates of patients.
According to clinical studies, early detection
promotes high chances of survival. For instance,
the five-year survival rate for lung cancer in its
early stages is approximately 56%, whereas it drops
to less than 5% in its advanced stages. Likewise,
there is a high survival rate of 90 percent in instance
of early diagnosis of colorectal cancer and less
than 15 percent in case of late diagnosis. These
statistics underscore the real essence of the need
to have sure diagnostic systems to detect cancer
early. Cancer has several categories including
carcinomas, sarcomas, leukemias, lymphomas,
and melanomas that are distinct according to their
origin of tissues and cells. Of these, the most
common type is carcinomas of epithelial cell, and
this type of cancer is responsible to a significant
percentage of deaths associated with cancer.
Cancer diagnosis is most reliably
performed using histopathological examination.,
which allows one to identify the type and grade
of the tumor by analyzing tissue samples under
a microscope. Due to the high rate of artificial
intelligence development, deep learning has become
a powerful method of analysis of histopathological
images in an automated format. Convolutional
neural networks can extract hierarchical features
out of complex tissue structures to allow them
to classify cancerous tissues and non cancerous
tissues correctly. Alternative CNN based networks
including VGG, ResNet, EfficientNet, MobileNet,
and Inception have shown superior performance
in medical image classification. But deep learning
models tend to be black box systems, and clinicians
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can hardly make inferences about the mechanism of
prediction generation. Such a lack of transparency
prevents the application of deep learning models
in clinical settings where interpretability and
trust are critical. To overcome this shortcoming,
clarifying artificial intelligence methods give
interpretable knowledge about model predictions
by showing image regions and features that cause
model decisions. An explainable deep learning
system for classifying cancer from histopathology
images is presented in this paper. The LC25000
histopathology dataset is used to assess a number of
deep learning models, including as CNN, VGG16,
ResNet50, MobileNetV2, EfficientNetB0O, and
InceptionV3. In addition to evaluating classification
performance, explainable Al techniques like Grad
CAM, LIME, and SHAP are used to provide model
predictions a visual justification. The suggested
method enhances automated cancer detection
systems’ precision and comprehensibility.
Literature Survey
Deep Learning for Cancer Detection

Images from lung and colon histology
were classified into five tissue groups using a
CNN-based framework. CNN’s capacity to extract
hierarchical features makes it possible to identify
tiny tissue patterns that are frequently missed by
traditional methods. With an accuracy of 96.33%,
the suggested model outperformed earlier research
on colorectal polyps and lung nodules. This outcome
emphasizes how crucial high-quality datasets are
for developing trustworthy deep learning models.
The study also demonstrated CNNs’ efficacy
in differentiating intricate histological markers,
marking a major breakthrough in automated
cancer diagnosis.' Histopathology images from the
LC25000 dataset using a fusion deep learning model
that combines ResNet-101V2, NASNetMobile,
and EfficientNet-BO to enhance early multi-
classification of lung and colon malignancies. The
model achieves exceptional diagnostic performance
of 99.94% accuracy, 99.8% precision and recall,
and 99.96% specificity by concatenating features
from multiple pre-trained networks. By utilizing
the complementary qualities of numerous designs,
this fusion technique provides efficient tumor
presentation recognition while retaining efficiency
appropriate for actual clinical deployment. 2
Using histopathology pictures, a CNN with global
context attention is used to classify lung and colon
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cancer. Both local cellular information and global
tissue context were intended to be captured by the
spatial and channel-wise attention approaches.
Precise detection of fine-grained histological
patterns was made possible by this attention-based
architecture, which significantly improved feature
representation.’ Metaheuristic-driven two-stage
ensemble deep learning architecture that uses
various CNN backbones, including VGG16,
ResNet18, DenseNetl121, and EfficientNetB4, for
deep feature extraction in order to classify lung
and colon cancer from histopathology images.
The Electric Eel Foraging Optimization (EEFO)
algorithm was used to find the most discriminative
features, and weighted ensemble learning improved
resilience and classification accuracy. The method
obtained 99.85% accuracy for binary colon cancer,
98.70% for three-class lung cancer, and 98.96%
for five-class datasets, highlighting the power of
integrating ensemble learning with biologically
inspired optimization.* An enhanced CNN for
lung cancer classification from CT images that
employs scaling, rotation, and contrast-based data
augmentation. The model obtained 95% accuracy
on the LIDC-IDRI dataset, outperforming previous
techniques, particularly for tiny medical imaging
datasets.’ EfficientNetB1 model on the LC25000
histopathology dataset by combining transfer
learning and image pre-processing with scaling and
augmentation. The framework identifies images
as squamous cell carcinoma, adenocarcinoma, or
benign, with a diagnosis accuracy of 99.8% for
automated lung cancer identification.

An innovative lung cancer recognition
framework that combined Attention U-Net-
based segmentation along with deep learning
classification, resulting in better tumor localization
and classification accuracy, thereby improving the
reliability of automated lung cancer diagnostic
systems.” Multiclass brain tumor classification
from MR images to better capture small lesion
patterns missed by conventional CNNs. By
integrating a global transformer module with multi-
head generalized self-attention across spatial and
channel dimensions, the model outperforms state-
of-the-art methods on benchmark datasets.® Using
histopathology images from the BreakHis 400x
dataset, CNN-based, VGG16 transfer learning, and
knowledge-based feature extraction techniques are
used to diagnose breast cancer. Dense multimodal
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architectures (D1 and D2) for classifying colon
and lung tumors using histopathological and
CT images , further validating the advantages
of multimodal learning in cancer diagnosis.’
An enhanced multimodal fusion deep neural
network that integrated radiological, genomic,
and clinical data for lung cancer detection, where
multimodal feature fusion enabled the capture
of complementary information and significantly
improved diagnostic robustness and accuracy. '
Explainable AI in Medical Imaging
Explainable Artificial Intelligence (XAI)
has emerged as a key component in medical
image analysis, particularly in cancer detection,
where automated decision-making systems must
be transparent and trustworthy. Early research
focused on combining deep learning models with
explainability strategies to improve interpretability
while retaining high classification accuracy."
Comprehensive review and underlined the growing
importance of explainable deep learning algorithms
in cancer detection utilizing medical imaging. The
study noted that standard black-box deep learning
models lack interpretability, limiting their use
in clinical settings.'? Similarly an explanation-
driven deep learning framework for predicting
brain tumor status using MRI images, illustrating
how interpretable outputs can help physicians
comprehend model decisions. Recent research
has focused on explainability tools such as Local
Interpretable Model-Agnostic Explanations (LIME)
and SHapley Additive explanations (SHAP) for
interpreting deep learning predictions.'? 3 34 33
These methods have also been successfully applied
in medical diagnosis tasks such as breast cancer
classification using machine learning models,
where LIME and SHAP enhance transparency and
clinical trust. ** Additionally, explainable computer
vision approaches integrating techniques such as
Activation Layer Visualization (ALV), LIME,
SHAP, and Grad-CAM have been successfully
applied for prostate cancer classification, improving
transparency and diagnostic reliability. * LIME and
SHAP for retinoblastoma diagnosis and found that
these approaches efficiently identify key image
regions that influence classification outcomes.'
Furthermore, explainable multi-modal frameworks
for breast cancer diagnosis, emphasizing the
need of merging various imaging modalities and
explainability methodologies to improve diagnostic



2346

accuracy. Several studies have also presented deep
learning architectures tailored for explainability in
cancer detection.'>-** Deep learning for skin cancer
diagnosis using LIME and SHAP, demonstrating
that explainability increases classification outcome
transparency.'® Similarly, a neural network-based
breast cancer detection system that incorporates
XAI approaches to provide visual explanations
for prediction findings. Transfer learning mixed
with explainability has also received attention.'’
A transfer learning framework for lung and
colon cancer diagnosis that makes use of local
binary pattern features and XAI algorithms.
Ensemble and mixed deep learning algorithms have
increased diagnostic performance while remaining
interpretable.'® An ensemble convolutional neural
network model integrated with explainable Al
for gastrointestinal cancer classification, which
demonstrated higher accuracy and interpretability
than single-model approaches.'” Improved
histopathological medical image categorization
by combining deep learning models with LIME
and SHAP, offering insights into the factors that
influence early cancer detection. 2° Similarly,
explainable deep learning in histopathological
lung cancer diagnosis, emphasizing the relevance
of interpretable models in clinical settings.!
More recent studies have looked into
advanced deep learning architectures and hybrid
frameworks. An optimized pre-trained deep
learning model with explainable Al to diagnose
bone cancer using the osteosarcoma tumor
assessment dataset.”? An explainable Al-driven
deep neural network for breast cancer identification
based on histological and ultrasound images,
displaying enhanced diagnostic accuracy via
multi-modal analysis.”> Deep learning models
for brain tumor detection on MRI images are
trained using SHAP-based analysis, which
enables them to recognize significant factors
influencing classification choices.”* Furthermore,
hybrid deep learning architecture for diagnosing
stomach cancer using histopathology images.*”
Deep supervised learning algorithm for early
breast cancer detection to improve diagnostic
accuracy.”® Federated learning-based explainable
Al system for brain tumor classification, which
addresses privacy and data-sharing issues in
medical imaging.”” An explainable-by-design deep
learning framework for lesion diagnosis in breast
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tomosynthesis image, which employs prototype
part learning.”® An explainable deep learning in
increasing transparency and reliability in medical
image interpretation.” Recent works demonstrated
the combination of transformer-based topologies,*
with interpretable Al approaches for effective
cancer diagnosis.*!

Recent studies have also explored
advanced explainable frameworks that integrate
deep learning architectures with post-hoc
interpretability techniques such as SHAP, LIME,
and Grad-CAM. These frameworks typically
employ convolutional backbones or hybrid
models (e.g., CNN-LSTM and EfficientNet-based
architectures) for feature extraction, followed
by explainability methods to generate both
local and global interpretations. LIME provides
localized explanations through superpixel-based
perturbations, while SHAP quantifies feature-
level contributions using Shapley values, and
Grad-CAM highlights spatially significant regions
through heatmaps. The combination of these
techniques enables cross-validation of explanations,
improving the robustness and reliability of model
interpretations. Furthermore, recent studies
validate explainability by comparing model-
generated heatmaps with pathologist annotations
and reporting high agreement scores, thereby
enhancing clinical trust. However, challenges
such as computational complexity, instability
of local explanations, and lack of standardized
evaluation protocols remain open research issues.
3741 A SIFT-CNN Integrated Fuzzy Decision Tree
framework combined trilateral filtering, ROI-based
U-Net segmentation, and CNN feature extraction
to classify mammogram images, achieving 99.20%
accuracy for early breast cancer detection®’.

MATERIALS AND METHODS

In the proposed methodology, the
explainable deep learning model of histopathological
image classification to facilitate early lung and colon
cancer detection is suggested. The proposed system
combines deep convolutional neural network
models with explainable artificial intelligence
(XAI) to enhance the accuracy of classification and
model interpretability. The general procedure of
the suggested approach includes the preparation of
the dataset, preprocessing, the deep learning-based
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classification, the performance analysis, and the
explainability.
Dataset Description

The LC25000 histopathology dataset
is given in the table 1, which includes 25,000
microscopic images of five distinct tissue types such
as colon adenocarcinoma, lung adenocarcinoma,
lung benign tissue, and lung squamous cell
carcinoma was employed in the trials. There are
roughly 5,000 photos in each class. Deep learning
models for multi-class cancer classification may
be effectively trained and tested using the dataset’s
balanced samples.

The images were scaled to 224 x 224
pixels to satisfy the input requirements of the
chosen CNN architectures. Pixel intensity values
were standardized to the range [0,1] to ensure
training stability. Furthermore, data augmentation
techniques like as rotation, horizontal flipping,
zooming, and brightness correction were used to
boost dataset diversity while reducing overfitting.
These modifications allow the model to learn
robust characteristics from histopathological tissue
architecture. This paper presents a systematic
evaluation of six deep learning architectures for the
multi-class histopathological image classification
task. A thorough examination of the performance
of classical CNN structures, very deep residual
networks, and computationally efficient designs
on medical imaging tasks was made possible
by the models’ varied design philosophies. The
investigation ensures that the suggested solution
is accurate and flexible enough to be used in
various clinical and computational contexts
by incorporating both lightweight and heavy
architectures.

Proposed Explainable Deep Learning with
LIME and SHAP Algorithm

The architectural layout of the deep
learning models utilized in this study to classify
histopathology images is depicted in Figure 2.
Convolutional layers, pooling layers, a flatten
layer, and fully linked layers with a Softmax
classifier make up the baseline CNN. For
hierarchical feature extraction, VGG16 uses a
deeper architecture with stacked 3x3 convolutional
layers and max pooling operations. By reducing
the vanishing gradient issue, ResNet50 creates
residual connections that enable deeper networks
to be trained effectively. MobileNetV2 reduces
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computational complexity without sacrificing
accuracy by using inverted residual blocks and
depthwise separable convolutions. To increase
performance, EfficientNetBO uses a compound
scaling technique that strikes a balance between
network depth, width, and resolution. InceptionV3
utilizes parallel convolutional filters of different
sizes within Inception modules to capture multi-
scale features from histopathological images.

In order to create a basic performance
benchmark, the baseline CNN architecture was
used. This network was trained from scratch,
directly learning the feature representations from
histopathological images, in contrast to transfer
learning techniques. The CNN architecture was
made up of several convolutional blocks that were
intended to extract hierarchical patterns, ranging
from high-level structural and morphological
features to low-level edges and textures. Equation
(1) mathematically expresses a convolution
operation for the kth filter at spatial location (i, j).

k
f E:Jj = Z%=1Z§=1x£+m’j+n 'w(mk,jn+b(k)
(1)
where b is the bias term, w is the
convolutional kernel, and x is the input feature
map. Equation (2) uses a ReLU activation function
to add non-linearity.

ReLU(z) = max(0, z) @

Overfitting is handled and spatial dimensions are
further reduced by pooling layers. Equation (3)
defines a typical max pooling operation.

— max
)L;:,f — (m,n)eq Xitm,j+n
.(3)
The softmax function described in (4) is
used to obtain the final class probabilities.

Zk
P(y = k|x) = ﬁ,

i=1,..,K

(4

3x3 convolutional kernels are used
continuously across the network in the VGG16,
a traditional deep CNN architecture. There are
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thirteen convolutional layers and three fully linked
layers, for a total of sixteen weight layers. ReLU
activation and max pooling, which gradually
decrease the spatial resolution while expanding
the receptive field, come after each convolutional
layer. Effective feature learning is made possible by
the stacked small convolutional filters, which offer
deeper non-linear mappings with fewer parameters
than large kernels. ImageNet pre-trained weights,
which are adjusted to histopathological images for
domain-specific feature extraction, are utilized in
transfer learning with VGG16. A 50-layer deep
residual network called ResNet50 was established
to solve the vanishing gradient issue that sometimes
arises in very deep architectures. Residual learning,
which adds skip connections that avoid one or more
layers, is its main innovation. Equation (5) defines
the residual mapping.

y=F(x,W)+x )

where x is the identity shortcut connection
and F(x, W) is the transformation function (such
as convolution—batch normalization—ReLU).
This guarantees that the identity mapping x
can propagate across the network even if F(x,
W) approaches 0, enabling efficient training of
very deep layers. An effective model designed
for mobile and edge devices is MobileNetV2.
Two significant advances are presented such as
depthwise separable convolutions and inverted
residuals. The convolution factorizes the operation
into a depthwise convolution followed by a
pointwise convolution, in contrast to ordinary
convolution, which applies filters across all
channels simultaneously. (6) expresses the
depthwise separable convolution operation utilized
in MobileNetV2.

Y= *40 Kiw) *pew Kpo 6

where *pw stands for a 1x1 pointwise
convolution to mix features across channels, and
*dw indicates depthwise convolution applied
channel-wise. Equation (7) illustrates how
depthwise separable convolution has a substantially
lower computing cost than ordinary convolution.
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O(D2.M.N) to O(D2.M+M.N)
A7)

where M and N are the input and output
channels, and D, is the kernel size.

A compound scaling technique that
simultaneously scales network depth, width, and
input resolution is presented by EfficientNetB0.
EfficientNet uses a set of predefined coefficients
to scale all dimensions uniformly, in contrast to
traditional methods that scale one dimension at
a time. Equations (8) and (9) provide a formal
representation of scaling.

d:aff’, C!):,B(*b, r:}/‘ib

subject to the constraint:

(8)

a.p?.y? =2, apf,y=>1
(9

where ¢ is the compound coefficient and
d, , and r stand for depth, width, and resolution,
respectively. The proportionate scaling of the
network depth, width, and resolution is determined
by the constants o, 3, and y. While maintaining
computational efficiency, this balanced scaling
increases accuracy.

InceptionV3 is to extract multiscale
features using Inception modules. For pooling
operations and parallel convolutions with different
kernel sizes, like 1 x 1,3 x 3, and 5 x 5, each module
utilizes the same input feature map. The outcomes
of these concurrent processes are concatenated
to produce the final feature representation. This
process can be expressed using equation (10).

Y= Concat(flxl(x)f]% %3 (x)ufSXS(x)J fpaoi (X))
.(10)

where x is the input feature map,
fpool(x) is the pooling operation, and fl1x1(x),
f3x3(x), and f5x5(x) are convolution procedures
with various kernel sizes. The resultant feature
maps are combined along the channel dimension
using the function Concat(-). The model can
simultaneously capture coarse global structures and
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fine-grained local features thanks to its architecture.
Factorization approaches, such as substituting
two 3x3 convolutions for a 5x5 convolution,
significantly reduce computational complexity
without sacrificing representational capacity. As
deep learning models’ decision-making process
is transparent, they are frequently referred to as
“black boxes.” Three explainability techniques—
Grad-CAM, LIME, and SHAP—were used in this
study to get around this restriction and improve
clinical trust. These methods highlighted the most
pertinent histopathological areas that affected
model predictions and offered both local and global
interpretability.

The explainable AI methods utilized to
analyze the deep learning model’s predictions
are displayed in Figure 3. Grad-CAM produces
heatmaps that emphasize the key areas of
histopathology images that affect the model’s
judgment. By dividing the image into superpixels
and determining which areas contribute most to
the classification, LIME offers local explanations.
Based on Shapley theory, SHAP determines feature
importance values that show how each region
contributes to the final forecast. By enabling
the visibility of the regions in charge of cancer
classification, these explainability techniques
enhance the transparency and dependability of deep
learning models in medical image analysis.

The discriminative areas of input
images that made the biggest contributions to a
classification were visualized using Gradient-
weighted Class Activation Mapping (Grad-CAM).
The significance of a feature map A" K for a
particular class c is computed using the class score
y”c gradients equation (11).

1 ay°

c _ _ . L —
o, = z Z[Zj E:]'Ag.".’
d (11

where Z is the normalizing factor and
o_k”c is the weight for feature map k. Equation
(12) yields the final Grad-CAM heatmap.

Lyraq—cam = ReLU (Tr aA¥)

..(12)
This method confirmed that the model
concentrated on significant histological traits by
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constantly highlighting clinically significant areas
such aberrant glandular structures and atypical
nuclei.

The decision boundary of the deep model
in the immediate neighborhood of an instance
was estimated using immediate Interpretable
Model-Agnostic Explanations (LIME). In order
to replicate the behavior of the complex classifier
f(x), which is expressed in equation (13), LIME
builds a simpler surrogate model g(z).

argminges L(f , 9 ,7x) + Q(g) (13)

where L(f,g, mx) measures the fidelity
of g to f around input x, defines locality weights,
and U(g) penalizes model complexity. By
perturbing superpixels of histopathology images,
LIME identified regions most influential to the
classification. The results showed that the model’s
predictions were largely based on tumor-associated
tissue areas rather than background regions,
reinforcing clinical interpretability.

Cooperative game theory was used to
quantify each feature’s contribution using Shapley
Additive Explanations (SHAP). Equation (14)
defines the Shapley value for a feature 1.

$i(f %) = Dacr i BT (5 U (i) — £(5)],

|F|!

(14)

where f(S) is the model prediction using
only features in S, S is a subset that excludes i, and
F is the entire collection of features. According to
SHAP visualizations, benign tissues made little
or no contribution to cancer predictions, whereas
areas with irregular nuclei and high cellular density
did.

RESULTS

Each of the six deep learning models
was trained and assessed using a consistent
experimental methodology. The training was
conducted on a high-performance computing
system equipped with two NVIDIA Tesla T4 GPUs
(GPU T4 x 2), which enabled faster parallelized
training and efficient handling of the large
histopathological dataset. The Adam optimizer
was trained with a learning rate of 1x10"4 in mini-
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batches of 32 images. The categorical cross-entropy
loss function, which is defined as

L= -3 Y i virlog(s,,)
.(15)

where y,, represents the ground truth
label, y ,, denotes the predicted probability for class
k, N is the number of training samples, and K is
the total number of classes. To avoid overfitting, an
early stopping criterion was used during training
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for up to 50—100 epochs. 70% of the dataset was
used for training, 15% was used for validation, and
15% was used for testing. Following each epoch,
validation accuracy and loss were tracked, and
checkpointing based on validation accuracy was
used to save the top-performing models.
Performance Metrics

Model performance was measured using
accuracy, precision, recall, and F1-score. Accuracy
was computed in equation (16).

Table 1. Dataset Description

Parameter Value

Dataset Name LC25000

Total Images 25,000

Number of Classes 5

Image Type Histopathology

Image Size 224x224

Classes Lung Adenocarcinoma, Lung Squamous, Colon Adenocarcinoma, Benign, etc.
Preprocessing Normalization, resizing, augmentation

Explainable Deep Learning Framework for Histopathological Cancer Classification

Input Histopathological Images

Deep Learning Model

Classification Outputs | —

VGG16 ResNet50

MobileNetv2 EfficientNetbd InceptionV3

Colon enocardnm:na

B CNN

ol g

« Colon Adenocarcinoma

» Colon Benign Tissue

+ Lung Adenocarcinoma

« Lung Benign Tissue

+ Lung Squamous Cell Carcinoma

S 2 —I Trained & Validated |— = Accuracy
Lung Benign Tissue | « Precision

Y . NN o S 5 l + Recall
+ F1-Score

—

Explainability Methods

|

Interpretable Results

+ Visual Explanations
+ Feature Importance

SHAP

Fig. 1. Overall architecture of the proposed explainable deep learning framework for histopathological image
classification. The pipeline includes image preprocessing, feature extraction using deep learning models (CNN,
VGG16, ResNet50, MobileNetV2, EfficientNetB0, and InceptionV3), followed by classification and performance
evaluation. Explainability techniques such as Grad-CAM, LIME, and SHAP are applied to visualize important
regions influencing model predictions.
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Accuracy — TP+TN while precision and recall were defined
@ = TPITN+FP+EN in equation (17) and (18).
...(16)
.. TP
Precision = TPoFP
..(17)

MobileNetV2 EfficientNetBO InceptionV3

i I
== r==
e=

o

Modules
Global Avg Pool

!

Residual Blocks

!

Softmax Output

Global Avg Pool

Fully Connected +

Softmax

Fig. 2. Architectural overview of the deep learning models used in this study, including CNN, VGG16, ResNet50,
MobileNetV2, EfficientNetB0, and InceptionV3. Each model extracts hierarchical features from histopathological
images, enabling accurate classification of cancer types. The figure highlights differences in depth, connectivity
(e.g., residual connections in ResNet50), and efficiency across models.

Grad-CAM LIME SHAP
g ¥

Deep Learning Model

| Heatmap Overlay Superpixels marked SHAP Value Map
highlighting important with importance indicating key areas
I regions

!

Fig. 3. Illustration of explainable artificial intelligence (XAI) techniques used in this study. Grad-CAM generates
heatmaps highlighting discriminative regions, LIME identifies locally important superpixels, and SHAP
quantifies feature contributions. These methods enhance transparency by explaining how the model makes
classification decisions.
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TP
TP+FN

Recall =

(18)

To balance these measures, the F1-score
was used, expressed in equation in (19).

Precision.Recall

F1—Score=2x ———
Precision+Recall

..(19)

Six deep learning architectures were

evaluated for classification performance over
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five histopathological classes: CNN, VGG16,
ResNet50, MobileNetV2, EfficientNetB0O, and
InceptionV3. Table 2 presents the precision, recall,
F1 score, and accuracy achieved by each model.
ResNet50 demonstrated near-perfect
classification across all tissue types, with the
greatest overall accuracy of 0.99 among all
examined models. With an accuracy of 0.98 each,
CNN and VGG16 also demonstrated excellent
performance, demonstrating their resilience in the
interpretation of histopathology images. With an
accuracy of 0.97, EfficientNetBO demonstrated
competitive performance, demonstrating a

Table 2. Performance Comparison of Deep Learning Models on Histopathological Dataset

Model Class Precision Recall F1-Score
CNN Colon Adenocarcinoma 0.99 0.99 0.99
Colon Benign Tissue 0.99 0.99 0.99
Lung Adenocarcinoma 0.97 0.95 0.96
Lung Benign Tissue 0.99 1.00 1.00
Lung Squamous Cell Carcinoma 0.95 0.97 0.96
Accuracy 0.98
VGG16 Colon Adenocarcinoma 0.99 0.99 0.99
Colon Benign Tissue 1.00 0.99 0.99
Lung Adenocarcinoma 0.97 0.96 0.96
Lung Benign Tissue 1.00 1.00 1.00
Lung Squamous Cell Carcinoma 0.96 0.98 0.97
Accuracy 0.98
ResNet50 Colon Adenocarcinoma 0.99 1.00 1.00
Colon Benign Tissue 1.00 0.99 1.00
Lung Adenocarcinoma 0.99 0.99 0.99
Lung Benign Tissue 1.00 1.00 1.00
Lung Squamous Cell Carcinoma 0.99 0.99 0.99
Accuracy 0.99
MobileNetV2 Colon Adenocarcinoma 0.85 0.77 0.81
Colon Benign Tissue 0.83 0.89 0.86
Lung Adenocarcinoma 0.83 0.79 0.81
Lung Benign Tissue 0.96 0.96 0.96
Lung Squamous Cell Carcinoma 0.83 0.89 0.86
Accuracy 0.86
EfficientNetB0 Colon Adenocarcinoma 0.97 0.99 0.98
Colon Benign Tissue 1.00 0.98 0.99
Lung Adenocarcinoma 0.94 0.92 0.93
Lung Benign Tissue 0.99 1.00 0.99
Lung Squamous Cell Carcinoma 0.94 0.95 0.94
Accuracy 0.97
InceptionV3 Colon Adenocarcinoma 0.64 0.79 0.70
Colon Benign Tissue 0.77 0.55 0.64
Lung Adenocarcinoma 0.72 0.43 0.54
Lung Benign Tissue 0.69 0.80 0.74
Lung Squamous Cell Carcinoma 0.69 0.89 0.78
Accuracy 0.69
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Fig. 4. Training and validation loss curves for the six deep learning models: (a) CNN, (b) ResNet50, (¢c) VGG16,
(d) MobileNetV2, (e) EfficientNetBO0, and (f) InceptionV3. The plots illustrate convergence behavior, where
ResNet50 shows stable learning with minimal overfitting, while InceptionV3 exhibits higher validation loss

indicating poorer generalization.
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successful balance between computational
efficiency and predictive accuracy. MobileNetV2,
on the other hand, performed relatively poorly,
with an accuracy of 0.86, suggesting a diminished
capacity to distinguish between the classifications
of squamous carcinoma and adenocarcinoma.
With an accuracy of 0.69, InceptionV3 had the
worst performance. This model showed limits
in capturing complicated histological patterns,
as evidenced by its recall of 0.43 for lung
adenocarcinoma and 0.55 for colon benign tissue.

CNN, VGG16, ResNet50, MobileNetV2,
EfficientNetBO, and InceptionV3 are the six
models whose training and validation loss curves
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are shown in Figure 4. This demonstrates the
convergence and generalization behavior of
the models during training. Effective learning
without considerable overfitting was demonstrated
by CNN and VGG16, which showed smooth
and consistent convergence with a small gap
between training and validation loss. With
quick loss reduction and almost overlapping
training and validation curves, ResNet50
showed the most stable convergence, which is
consistent with its higher classification accuracy.
Additionally, EfficientNetB0O demonstrated
significant convergence behavior, demonstrating
its balance between accuracy and efficiency while
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Fig. 5. Confusion matrices for the five-class histopathology dataset using (a) CNN, (b) ResNet50, (c) VGG16,
(d) MobileNetV2, (e) EfficientNetB0, and (f) InceptionV3. The matrices show classification performance
across different tissue types, with ResNet50 achieving near-perfect classification and minimal misclassification
compared to other models.

Table 3. Comparison of Deep Learning Models with Machine Learning Models

Model Accuracy Precision Recall F1- Remarks

Score
SVM 97% 0.97 0.96 0.96 Good performance, limited feature extraction
Random Forest 97% 0.96 097  0.96 Robust but less effective for complex patterns
Logistic Regression 97% 0.95 096  0.95 Simpler model, lower generalization
CNN 98% 0.98 0.98 0.98 Strong baseline performance
VGG16 98% 0.98 0.98 0.98 Deep architecture with stable results
EfficientNetBO 97% 0.97 0.96 0.96 Balanced efficiency and performance
MobileNetV2 86% 0.85 0.83 0.84 Lightweight but less accurate
InceptionV3 69% 0.70 0.64 0.67 Poor performance on this dataset
ResNet50 99% 0.99 0.99 0.99 Best performance, high stability

preserving a slight difference between training and
validation losses. MobileNetV2, on the other hand,
showed variations in validation loss, indicating
worse generalization to new data. InceptionV3’s
comparatively worse classification accuracy is
consistent with overfitting, as evidenced by the
biggest difference between training and validation
losses.

Table 3. Comparison of machine learning
and deep learning models for cancer classification.
The results indicate that deep learning models
outperform traditional machine learning approaches
due to their ability to automatically extract complex
features from histopathological images. Among

all models, ResNet50 achieves the highest
performance and stability.

Figure 5 displays the confusion matrices
for CNN, VGG16, ResNet50, MobileNetV2,
EfficientNetB0, and InceptionV3. ResNet50’s
0.99 accuracy was confirmed by the near-perfect
classification it provided in all five classes, with
very few misclassifications. When it came to
differentiating between lung adenocarcinoma and
squamous cell carcinoma, CNN and VGG16 both
performed comparably well, with comparatively
small mistakes. With only a few incorrect
classifications in cancer subtypes, EfficientNetB0
demonstrated robust categorization for both lung
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and colon benign tissues. MobileNetV2’s lower
overall accuracy of 0.86 is consistent with its
notable discrepancy between lung adenocarcinoma
and colon cancer. InceptionV3 had the highest rate
of misclassification, notably in lung cancer and
colon benign tissue, validating the limits identified
in its performance metrics.

PAULRAI et al., Biomed. & Pharmacol. J, Vol. 19(3), 2343-2365 (2026)

A thorough comparison of model
performance across all six architectures in terms
of precision, recall, F1-score, and overall accuracy
is presented in Figures 6-9. With nearly flawless
precision, recall, and Fl-scores across all five
classes, ResNet50 continuously beat the other
models, yielding the highest overall accuracy of
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Fig. 6. Shows a per-class precision comparison of various models (CNN, VGG16, ResNet50, MobileNetV2,
EfficientNetB0, and InceptionV3).
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Fig. 7. Per-class recall comparison across different models (CNN, VGG16, ResNet50, MobileNetV2,
EfficientNetB0, and InceptionV3).
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0.99. Using balanced per-class criteria, CNN and
VGG16 both produced strong and reliable results,
with an accuracy of 0.98. With an accuracy of
0.97, EfficientNetB0 showed competitive behavior.
It performed quite well in the categorization of
benign tissue, but it had somewhat poorer precision
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and recall in the carcinoma classifications. With an
accuracy of 0.86, MobileNetV2 yielded moderate
results; nevertheless, its precision and recall
values varied greatly between classes, suggesting
reduced robustness. InceptionV3 had the poorest
performance, with an overall accuracy of 0.69 and

Per-Class F1-Score for Different Models
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Fig. 8. Shows per-class F1-scores from multiple models (CNN, VGG16, ResNet50, MobileNetV2,
EfficientNetB0, and InceptionV3).
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InceptionV3.
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Fig. 10. Shows sample histopathology pictures with true and predicted labeling using ResNet-50. The results
reveal that the model predictions correspond to the ground reality for various tissue types.
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Fig. 11. Grad-CAM visualizations highlighting discriminative regions used by the ResNet50 model for
classification. The heatmaps indicate that the model focuses on clinically relevant areas such as abnormal
glandular structures and dense cellular regions.
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low per-class scores, particularly for colon benign ~ with CNN, VGG16, and EfficientNetB0 as
tissue and lung adenocarcinoma, indicating a  feasible alternatives, although MobileNetV2 and
tendency for misclassification. Overall, the findings ~ InceptionV3 require additional optimization to
clearly show that ResNet50 is the most dependable  attain consistent performance.

architecture for histopathological classification,

Table 4. Ablation study evaluating the contribution of different components

Configuration Preprocessing Data Deep Explain Accuracy
Augmentation Model ability

Baseline CNN \ x CNN x 0.94

CNN + Augmentation \/ S CNN x 0.96

Transfer Learning Model \/ S VGG16 x 0.98

Proposed Model \/ S ResNet50 x 0.99

Proposed Model + XAI \/ S ResNet50 Grad-CAM 0.99

+ LIME + SHAP
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Fig. 12. LIME and SHAP visualizations for lung cancer classification. LIME highlights local superpixel regions
influencing predictions, while SHAP provides global feature contribution scores, demonstrating that the model
relies on meaningful histopathological patterns
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Figures 10-12 show the prediction
results and explainability visualizations from
the best-performing ResNet50 model. Figure
8 shows representative histopathology photos
with their true and predicted labels, indicating
that the model appropriately identifies various
tissue types. Figure 11 depicts Grad-CAM
heatmaps that emphasize the discriminative
regions employed by the model for classification,
suggesting that the network concentrates on
clinically significant tissue structures such as
aberrant glands and dense cellular areas. Figure
12 shows LIME and SHAP visualizations, with
LIME identifying locally critical image regions
that influence prediction and SHAP quantifying
the contribution of various characteristics to
classification outcome. These explainability results
demonstrate that the model makes predictions
based on relevant histopathological traits, which
improves transparency and reliability in computer-
aided cancer diagnosis.

In addition to the performance results,
statistical analysis was conducted to evaluate
the reliability of the models. The confusion
matrix analysis shows that ResNet50 achieved
the highest correct classification with minimal
misclassification across all tissue classes,
whereas MobileNetV2 and InceptionV3 exhibited
higher misclassification rates. Furthermore,
the consistency of performance metrics such
as precision, recall, and F1-score indicates that
ResNet50 maintains stable performance with low
variability, while other models show fluctuations
across classes. This statistical behavior aligns
with the deep learning results, where ResNet50
achieved the highest accuracy of 99%, compared
to CNN and VGG16 (98%), EfficientNetBO0 (97%),
MobileNetV2 (86%), and InceptionV3 (69%). The
comparison clearly demonstrates that models with
higher accuracy also exhibit more stable statistical
characteristics, confirming the robustness and
generalization ability of ResNet50. These findings
highlight that deeper architectures with residual
learning are more effective in capturing complex
histopathological features, thereby improving
classification performance.

Ablation Study

An ablation study was carried out utilizing
the LC25000 histopathology dataset to assess the
contribution of various components of the proposed
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architecture. The goal of this investigation is
to see how different design decisions, such
as preprocessing, data augmentation, and
model architecture, affect overall classification
performance. The trials were carried out utilizing
the ResNet50 architecture, which outperformed all
other models tested. Different model configurations
were explored by gradually adding important
components from the proposed pipeline. Table
4 shows the categorization accuracy for each
arrangement.

The findings show that data pre-treatment
and augmentation greatly improve classification
performance by enhancing dataset diversity and
decreasing overfitting. The introduction of transfer
learning architectures like VGG16 and ResNet50
improves feature extraction capabilities, allowing
for more accurate differentiation of complex
histopathological patterns. ResNet50 achieved
the greatest accuracy of 0.99 out of all setups,
demonstrating the usefulness of deep residual
learning for medical image categorization.
Although the use of explainability approaches
has little direct impact on classification accuracy,
Grad-CAM, LIME, and SHAP provide useful
insights into the model’s decision-making process
by emphasizing clinically significant tissue regions.
These findings demonstrate that combining a robust
deep learning architecture with explainable Al
techniques creates a viable framework for accurate
and interpretable cancer diagnosis.

DISCUSSION

The experimental results demonstrate
that deep learning models are highly effective
for histopathological image classification, with
ResNet50 achieving the best overall performance
among all evaluated architectures. The superior
performance of ResNet50 can be attributed to
its residual learning framework, which enables
the training of deeper networks by mitigating
the vanishing gradient problem. This allows
the model to capture complex and fine-grained
features present in histopathological images,
leading to improved classification accuracy and
generalization. In comparison, models such as
MobileNetV2 and InceptionV3 exhibited relatively
lower performance, particularly in distinguishing
visually similar cancer subtypes. Lightweight
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architectures like MobileNetV2 are designed
for computational efficiency, which may limit
their ability to capture intricate spatial patterns.
Similarly, the performance of InceptionV3
suggests that not all deep architectures are equally
effective for histopathological data, highlighting
the importance of selecting appropriate model
structures for medical imaging tasks. The
integration of explainable artificial intelligence
(XAI) techniques, including Grad-CAM, LIME,
and SHAP, further enhances the interpretability
of the proposed framework. These methods
provide visual and feature-level explanations,
enabling the identification of clinically relevant
regions such as abnormal glandular structures,
irregular nuclei, and dense cellular formations.
This confirms that the model’s predictions are
based on meaningful pathological features rather
than background artifacts, thereby increasing
trust and transparency in clinical applications.
From a statistical perspective, the confusion
matrix analysis indicates that ResNet50 achieves
consistent classification across all tissue classes
with minimal misclassification. The stability
observed in performance metrics such as precision,
recall, and F1-score further confirms the robustness
of the model. In contrast, other models show higher
variability and misclassification rates, indicating
weaker generalization capability. These findings
align with the overall performance results and
reinforce the reliability of the proposed approach.
Furthermore, when compared with traditional
machine learning models such as Support Vector
Machine (SVM), Random Forest, and Logistic
Regression, deep learning models demonstrate
superior performance due to their ability to
automatically learn hierarchical features from
images. Machine learning models rely on manual
feature extraction and are less effective in capturing
complex spatial patterns. The comparison results
(Table 3) clearly indicate that deep learning models,
particularly ResNet50, outperform machine
learning approaches in terms of accuracy, stability,
and generalization. Despite these advantages, the
proposed approach has certain limitations. The
model performance is dependent on the LC25000
dataset, and variations in real-world clinical data,
including differences in patient demographics and
imaging conditions, may affect generalization.
Additionally, the current framework focuses
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only on histopathological images and does not
incorporate multimodal data such as clinical
or genomic information. Overall, the findings
highlight the importance of combining deep
learning with explainable Al techniques to develop
reliable and interpretable diagnostic systems. Such
systems have the potential to assist pathologists in
improving diagnostic accuracy, reducing workload,
and enabling more informed clinical decision-
making.

CONCLUSION

This paper presented an explainable deep
learning architecture for automated histopathology
image categorization, with the goal of early
identification of lung and colon malignancies.
Using the LC25000 histopathology dataset, which
comprised five tissue classifications, the proposed
technique explored six deep learning architectures
(CNN, VGG16, ResNet50, MobileNetV2,
EfficientNetB0, and InceptionV3). To increase
the resilience and generalization of the model,
extensive preprocessing and data augmentation
techniques were employed. With an overall
accuracy of 99%, ResNet50 outperformed the other
models in terms of precision, recall, and F1-score
metrics. EfficientNetB0O achieved competitive
performance at 97% accuracy, while CNN and
VGG16 reached 98%. In contrast, MobileNetV2
and InceptionV3 showed comparatively lower
performance, particularly in distinguishing similar
lung cancer subtypes. Explainable AI methods
including Grad-CAM, LIME, and SHAP were
applied to the best-performing model to enhance
transparency and clinical interpretability. The
visual explanations demonstrated that the model
focuses on clinically relevant regions such as
abnormal glandular structures, irregular nuclei, and
dense cellular patterns, confirming that predictions
are based on meaningful histopathological features.
Despite these promising results, this study has
certain limitations. The model performance is
dependent on the LC25000 dataset, and cross-
dataset validation was not performed. Additionally,
the current framework is limited to histopathological
images and does not incorporate multimodal data
such as clinical or genomic information. Future
work will focus on improving model robustness
and generalization by integrating transformer-
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based architectures, multimodal data fusion, and
cross-dataset validation. These enhancements will
further strengthen the applicability of the proposed
system in real-world clinical settings and support
more reliable computer-aided cancer diagnosis.
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