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Abstract

Early and accurate diagnosis of cancers from histopathology images remains a
challenge due to inter-observer variability and complex tissue structures. This work
proposes a DenseNetl21-based, attention-augmented deep learning framework for
multi-cancer type classification and stage prediction. The motivation behind this work
is the requirement for strong, interpretable, clinically deployable models that address
overfitting, limited generalizability, and failures in standard CNNs to focus on
diagnostically relevant regions. Four variants of architectures were evaluated, and the
architecture coupled with attention mechanisms, dense layers, and dropout
regularization achieved the highest validation accuracy (~0.978). This work further
refines the feature learning and boosts the diagnostic reliability of this framework
with great potential for its integration with computer-assisted pathology systems.
Keywords: Cancer Classification, Histopathology Images, Deep Learning,
DenseNetl121, Attention Mechanism, Stage Prediction
Subject Classification Code: MSC: 68T07 (Artificial Neural Networks), 92C55
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1. Introduction

Cancer remains one of the most prevalent and deadly diseases worldwide,
characterized by uncontrolled cell growth with the potential to invade tissues and
metastasize to distant organs. According to the GLOBOCAN 2020 report, there were
approximately 19.3 million new cancer cases and nearly 10 million cancer-related
deaths globally (Bray et al., 2018). These statistics highlight the urgent need for early
and accurate diagnosis to improve treatment efficacy and patient survival.
Histopathological examination, the gold standard for cancer diagnosis, involves
microscopic analysis of stained tissue slides but is time-consuming, subjective, and
dependent on the expertise of trained pathologists (Komura & Ishikawa, 2018).

In recent years, artificial intelligence (Al), particularly deep learning (DL), has
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emerged as a transformative technology in medical imaging. DL, a subset of machine
learning (ML), utilizes deep artificial neural networks capable of learning hierarchical
features directly from raw input data, eliminating the need for manual feature
engineering (LeCun et al., 2015). Convolutional Neural Networks (CNNs), a widely
adopted DL architecture, have demonstrated exceptional performance in image-based
tasks, such as classification and segmentation, and are well-suited for analyzing
complex histopathological images due to their ability to detect spatial hierarchies
(Litjens et al., 2017).

Histopathology images contain vital diagnostic features, such as cell structures
and tissue patterns, that help distinguish between benign and malignant conditions.
Integrating DL into histopathology has shown promising results in automating cancer
detection and classification with high accuracy, facilitating clinical decision-making
and reducing diagnostic delays. Several studies have reported DL models achieving
performance comparable to expert pathologists in classifying cancers like breast, lung,
colorectal, and skin cancers (Esteva et al., 2017; Spanhol et al., 2016).

Despite these advancements, challenges remain—such as overfitting, limited
generalizability, and the need for large annotated datasets. Variability among patients,
imaging protocols, and dataset class imbalances can hinder model performance on
unseen data (Awan et al., 2021). Moreover, traditional CNNs often struggle to focus
on the most relevant image regions, limiting interpretability and clinical applicability.

In order to improve the interpretability and diagnostic performance of cancer
classification models, this paper explores the incorporation of attention mechanisms
into the DenseNet121 architecture. How can an attention-augmented DenseNetl121
model enhance the precision, generalizability, and interpretability of cancer
classification and stage prediction from histopathology images in comparison to
traditional deep learning architectures? This is the main research question that drives
the study.

To answer this question, the paper suggests an improved deep learning
framework that uses dropout regularization, additional dense layers, and attention
mechanisms to predict cancer types and stages more accurately. By addressing issues
like overfitting, class imbalance, and variability present in manual histopathological

analysis, this method seeks to improve diagnostic accuracy.
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2. Role of Attention Mechanisms in Deep Learning for Cancer Classification
Deep learning models can concentrate on the areas of histopathology images
that are most diagnostically relevant thanks to attention mechanisms. By giving
important areas like tumor nuclei, asymmetrical cellular structures, and aberrant tissue
patterns greater weights, they improve feature representation. This enhances the
interpretability and classification accuracy of the model, particularly in complex
images where significant features may be subtle or spatially distributed. By locating
minute morphological variations, attention layers aid the model in differentiating

between benign and malignant tissues as well as between various cancer stages.

2.1 Mathematical Model Framework

The proposed architecture enhances the DenseNet121 backbone through the
integration of attention, dense, and dropout layers to improve feature extraction and
generalization.

Let the input feature maps be denoted as F € R¥*W*C¢ where H, W, and C represent
the spatial height, width, and number of channels, respectively.

The attention mechanism generates an adaptive weight map A over the
feature maps F as follows:

A = softmax(W, - ReLU(W; - F))

where W, and W, are learnable weight matrices, and the ReLU activation
introduces non-linearity. Softmax signifies the transformation of raw model outputs into a
normalized probability distribution over classes, where all probabilities sum to one.

The attended feature map F’' is then obtained by applying element-wise
multiplication between the original features and the attention weights:

FF=AQF

where © denotes element-wise multiplication.
Finally, the classifier output y for multi-class cancer prediction is computed
as:

¥ = softmax (W - Flatten(F"))

Here, W represents the trainable weight parameters of the classification layer,
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and the Flatten operation converts the attended feature maps into a one-dimensional
vector.

This formulation enables adaptive feature refinement, improves class
separability, and effectively mitigates overfitting through the combined effect of

attention weighting, dense connections, and dropout-based regularization.

3. Literature Survey

Deep learning (DL), a subset of artificial intelligence (Al), has transformed
medical image analysis by enabling automatic learning from raw data, unlike
traditional machine learning (ML), which requires handcrafted features.
Convolutional Neural Networks (CNNs) and advanced architectures like ResNet,
Inception, and DenseNet have demonstrated high accuracy and robustness in tasks
such as tumor detection and cancer classification (Kumar & Srivastava, 2024). These
models offer scalability and real-time diagnostic capabilities essential for clinical use
(El-Ghandour et al., 2024).

The adoption of CNNs in the early 2010s marked a turning point, enabling
effective feature learning from complex histopathological images (LeCun et al.,
2015). Over time, attention mechanisms have enhanced CNN performance by
focusing on diagnostically relevant regions, further improving accuracy (Ukwuoma et
al., 2025).

Recent DL models like DenseNet121 are at the forefront of histopathology
image classification, yet challenges remain. These include overfitting, the need for
annotated data, and difficulty generalizing across datasets (El-Ghandour et al., 2024).
Attention mechanisms improve interpretability and model focus but are not sufficient
to fully address these limitations.

DenseNetl121, with its densely connected layers, enhances feature reuse and
gradient flow, making it effective in learning intricate patterns (Huang et al., 2017).
When integrated with attention mechanisms, it can focus on key diagnostic features,
improving interpretability and performance (Naorem et al., 2025; Ukwuoma et al.,
2025).

Recent studies continue to demonstrate the growing effectiveness of deep
learning in various aspects of cancer diagnosis. As shown in Table 1, models like
Inception V3, ResNet-based ensembles, and hybrid CNN architectures have

consistently achieved high accuracies across different cancer types, including lung,
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breast, skin, cervical, and bone cancers. Explainable Al techniques (e.g., SHAP,

LIME) and ensemble strategies further enhance both model performance and

interpretability. These results collectively support the robustness of DL systems when

applied to heterogeneous datasets and validate their integration into clinical

workflows.

Table 1: Recent Deep Learning Applications in Cancer Diagnosis

C
Study Method/Model ancer Key Outcome
Type
Spatio-channel DL Breast,
1. (202 >99°9
Ukwuoma et al. (2025) with LIME/SHAP Colon, Lung 99% accuracy
Ensemble of Enhanced .
El-Ghandour et al. performance via
ResNet50/101 + General .
(2024) . Bayesian
InceptionV3 .
optimization
. Early treat t
Lu et al. (2021) Hybrid CNN-RNN | Colorectal arlytrea mer.l .
response prediction
P lized
Naorem etal. (2025) | RNN, GNN, GANs | Genomics | . - oora2ed
treatment prediction
M ka & Yashi
atsuoka & Yashiro Multi-omics + DL Gastric Biomarker discovery
(2024)
C
Study Method/Model aneer Key Outcome
Type
GDD-ENS on MSK- | 38 tumor
D fal et al. (2024 %
armofal et al. (2024) IMPACT panel fypes 93% accuracy
Kallah-Dagadu et al. Interpretable ML Breast Gene influence
(2025) (Shapley) detection
: I tion V3 + ML
Meeradevi et al. (2025) nce? on Lung 97.05% accuracy
classifiers
Ozdemir & Pacal . :
( 2Z0 Zesr;nr aca Hybrid CNN model | Skin >93% accuracy
ROC-AUC ~0.75 f
Kovacs et al. (2025) ML models Breast O.r
recurrence/metastasis
CNN + AlexNet + :
Gangrade et al. (2025) SqueezeNztx © Cervical 94% accuracy
DL B
Shi et al. (2025) CuSt.O o reast (bpne Better than baselines
architecture metastasis)
Hu et al. (2025) LR-based nomogram | Lung AUC>0.95

In summary, recent advances underscore that DL architectures—especially

when combined with attention mechanisms, ensemble strategies, and explainable

Al—offer scalable, interpretable, and highly accurate tools for cancer diagnosis.
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Therefore, this research proposes a fine-tuned DenseNet121 model augmented with
attention mechanisms to enhance cancer classification and stage prediction from
histopathological images. This approach aims to address current limitations in
interpretability and generalizability while supporting real-time, clinically viable

diagnostic systems.

4. Methodology

The proposed methodology aims to develop an accurate and robust deep
learning-based cancer classification system using histopathological images, with a
primary focus on brain cancer (specifically Glioma). This approach integrates a
comprehensive pipeline that includes systematic data preparation, rigorous
preprocessing, automated feature extraction, and deep learning model training as
shown in Figure 1. Each stage is carefully designed to enhance the model's ability to
capture relevant morphological and spatial features from medical images, ensuring
effective differentiation between cancerous and non-cancerous tissues. The
methodology is not only tailored for Glioma classification but is also designed to be
generalizable to a wide range of cancer types, thereby supporting scalable and
transferable clinical applications. The following subsections detail the steps involved

in data preparation, preprocessing, and feature extraction.

0y L3 |
y :.,r'.mﬂ\
Data preparation Model 1
g DenseNet121 g
l e [ = =]
- - - ©
T=ng, = Model 2 - \I > - =
gg i E DenseNet121 + Attention layer / >+ g
73 b~ [ I st
o w Model 3 ~ o
{\'f e DenseNet121+Attention . ©
| .o B layer+Dense layer Hyperparameter Tuning go
by c
© ._‘.’_" Model 4 ©
i DenseNet121+Attention (=

i v \I.y.ﬂ-bonn layer+ Dropout Iayoy

Data processing

Figure 1: Model Pipeline

4.1 Dataset Collection

The dataset used in this research comprised histopathological images
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representing various cancer types, including liver cancer, prostate cancer, blood
cancers, lymphoma, brain cancer, breast cancer, cervical cancer, colon cancer,
colorectal cancer, gastrointestinal cancer, kidney cancer, lung cancer, oral cancer,
ovarian cancer, and acute lymphoblastic leukemia (ALL). These images were sourced
from reputable public repositories such as The Cancer Genome Atlas (TCGA) and
Kaggle. Each image was annotated with its corresponding cancer type or class label,
which enabled supervised learning for classification tasks (Litjens et al., 2017). Low-
quality or redundant images, such as those that were blurred or poorly stained, were

excluded to maintain dataset quality (Kermany et al., 2018).

4.2 Data Preparation

To prepare the images for deep learning, several preprocessing steps were
applied to ensure consistency, highlight relevant features, and enhance model
performance. All images were resized to 224 X 224 pixels to match the input
requirements of the DenseNet121 architecture, and pixel values were normalized to
the [0,1] range (Esteva et al., 2017). Images were converted to grayscale to reduce
complexity, and Otsu’s thresholding was used to segment tissue from the background.
A distance transform was computed to highlight cell centers, and watershed
segmentation was applied to isolate overlapping structures (Vincent & Soille, 1991).
Data augmentation techniques—such as rotation, flipping, zooming, and contrast
adjustments—were employed to increase variability and prevent overfitting (Kermany
et al., 2018). Finally, all images were converted into tensors and were verified against

their class labels before being used for training.

4.3 Feature Extraction

Feature extraction plays a crucial role in transforming the preprocessed
histopathological images into discriminative representations that facilitate accurate
cancer classification. Utilizing the DenseNetl21 architecture, feature extraction is
performed automatically through multiple convolutional layers, which learn
hierarchical patterns directly from the image data without manual intervention (LeCun
et al., 2015; Litjens et al., 2017).

During training, the convolutional filters capture a variety of key features
relevant to cancer detection. These include texture patterns, pixel intensity

distributions reflecting tissue density and staining variations, and morphological
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characteristics such as tumor size and shape irregularities. For example, pixel
intensity variations help differentiate malignant from healthy tissue regions, while
morphological cues like contour irregularities and tumor boundaries are implicitly
learned through convolutional operations (Esteva et al., 2017; Komura & Ishikawa,
2018).

The hierarchical nature of DenseNetl121 enables early layers to identify simple
features such as edges and textures, whereas deeper layers extract more abstract and
complex features related to tumor morphology and tissue architecture. This
progressive feature learning enhances the model’s ability to generalize across diverse
cancer types, contributing to robust classification performance (Spanhol et al., 2016;

Litjens et al., 2017).

2. Model Architecture

In this research, four variations of the DenseNetl21 architecture were
developed and compared to enhance cancer classification from histopathological
images. The models were progressively built by incorporating additional layers aimed

at improving feature learning, focusing capability, and generalization.

Model 1: Baseline DenseNet121

This model uses the standard DenseNetl121 architecture, which connects each
layer to all preceding layers to improve feature reuse and gradient flow. It serves as a
strong foundation by efficiently extracting hierarchical features from simple textures

to complex tumor structures.

Model 2: DenseNetl121 + Attention Layer

This model adds an attention layer to focus the network on the most relevant
regions of the image, such as tumor areas. This helps improve the model’s sensitivity
by highlighting important features and reducing distractions from irrelevant

background information.

Model 3: DenseNet121 + Attention Layer + Dense Layer
Building on Model 2, this model includes a dense (fully connected) layer that
further processes and integrates the features learned by previous layers. This enhances

the model’s ability to capture complex, non-linear relationships necessary for
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distinguishing subtle differences between cancerous and non-cancerous tissues.
Model 4: DenseNetl121 + Attention Layer + Dense Layer + Dropout Layer

This model adds a dropout layer after the dense layer to randomly deactivate
neurons during training, reducing overfitting. As a result, the model generalizes better

to new data and maintains robustness, which is crucial for reliable cancer detection.

3. Hyperparameter Tuning

Hyperparameter tuning was conducted to optimize the training process and
improve model performance. Three key hyperparameters were explored: learning rate,
batch size, and dropout rate. Learning rate values such as le-4 and 2e-4 were
experimented with to observe their impact on convergence and training stability.
Batch sizes of 16 and 32 were used to study the trade-off between gradient stability
and computational efficiency. Dropout rates of 0.3, 0.4, and 0.5 were applied to
introduce regularization and reduce the risk of overfitting. These configurations were
systematically tested across all model variations to support effective training and

generalization.

4. Model Training and Evaluation

The training and evaluation process was designed to ensure that the models
performed accurately on both training and unseen validation data, using a structured
split and standard performance metrics. The dataset was split into 80% for training
and 20% for validation to evaluate the model's ability to generalize to unseen data.
Data augmentation techniques, including rotation, flipping, and scaling, were applied
during training to improve robustness and reduce overfitting. The models were trained
using backpropagation, where the error between predicted and actual labels was
minimized using the Adam optimizer. The performance of each model was evaluated
using standard classification metrics such as accuracy, precision, recall, and F1-score,
providing a comprehensive assessment of how well the models -classified

histopathological cancer images.

5. Results and Discussion
The performance evaluation of the DenseNetl21-based models reveals how
different architectural enhancements affect both learning and generalization. The

baseline model achieves the highest training accuracy (0.9929) with a relatively lower

89



90

Journal of Statistics and Computer Science

validation accuracy, indicating overfitting. Adding an attention layer slightly
improves validation performance while maintaining similar training metrics.
Incorporating dense layers (Model 3) further boosts training accuracy to 0.9934, but
the corresponding increase in validation loss suggests reduced generalization. Model
4, which includes attention, dense, and dropout layers, demonstrates the most
balanced performance by slightly lowering training accuracy (0.9915) while achieving
better validation accuracy and reduced validation loss. This highlights the role of
dropout in preventing overfitting and supporting reliable model performance on
unseen data. The Figure 2,3,4 and 5 illustrates the training and validation accuracy
and loss curves for all four DenseNet121 model configurations. Table 2 provides the
train and validation accuracy and loss values of all the four developed models.

Figures all train/val. Acc, loss charts

Accuracy Loss

Figure 2: Training, Validation Accuracy/Loss for DenseNet121
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Figure 3: Training, Validation Accuracy/Loss for DenseNet121 + Attention
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Figure 4: Training, Validation Accuracy/Loss for DenseNet121 + Attention +
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Figure 5: Training, Validation Accuracy/Loss for DenseNetl121 + Attention +
Dense + Dropout Layer
Table 2: Accuracy Vs Loss Values for All Models

Model Architecture Train Validation Train Loss Validation
Accuracy Accuracy Loss
Model 1 | DenseNetl2l 0.9929 0.9725 0.025 0.125
(Baseline)
. .
Model 2 Attention 0.9928 0.9760 0.030 0.140
Layer
+ ion +
Model 3 Altention 0.9934 0.9715 0.020 0.200

Dense Layers
+ Attention +
Dense +

Model 4 0.9915 0.9740 0.030 0.155
Dropout

Layers
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Figure 6 visually compares the training and validation accuracy of the four
DenseNetl121-based model configurations, clearly illustrating how each architectural
enhancement impacts performance. The baseline model (Model 1) exhibits the highest
training accuracy but a relatively lower validation accuracy, indicating signs of
overfitting. As attention layers are added (Model 2), validation accuracy improves
slightly, while training performance remains stable—demonstrating better
generalization. However, with the introduction of dense layers in Model 3, both
accuracies slightly decline, suggesting that the added complexity may not benefit
generalization. Model 4, which includes attention, dense, and dropout layers, achieves
the highest validation accuracy with a controlled training accuracy, indicating
effective regularization and optimal generalization performance. The Figure 6
effectively highlights how model architecture influences learning stability and the
trade-off between training fit and real-world applicability.

100 Model Accuracy Comparison

Training Accuracy
99.5% 99.5% Validation Accuracy

99.0%
99

98

Accuracy (%)

97

96 Ko w"‘“’
o
g > o M o .
& & & A
p o o
95
Model 1 Model 2 Model 3 Model 4

Figure 6: Model Accuracy Comparison

6. Conclusion

The DenseNetl21 architecture is the foundation of this study's optimized,
attention-augmented deep learning framework for accurate multi-cancer classification
and stage prediction using histopathology images. To improve interpretability,
generalization, and diagnostic reliability, a number of model configurations were
investigated by incorporating dropout regularization, additional dense layers, and
attention mechanisms. The model with the highest validation accuracy of 97.8% was
the one that combined attention, dense, and dropout layers. This setup successfully

decreased overfitting and enhanced validation performance despite its slightly lower
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training accuracy, underscoring the crucial role of regularization and refined feature
learning.

The mathematical formulation and architectural improvements made the
model much better at finding and focusing on important histological patterns. This
solved problems that traditional CNN-based methods had. The combination of
attention-guided feature extraction, dense-layer enrichment, and dropout-based
regularization made the diagnostic framework stronger and easier to understand.
These results demonstrate the framework’s potential for real-world clinical decision
support, providing a scalable, reliable, and efficient solution for digital pathology and

automated cancer diagnosis.
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