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Abstract: - The most recent statistics from the WHO underscore the worldwide impact of cancer, a dangerous ailment claiming 10 million
lives annually. In 2020, lung cancer emerged as a predominant contributor to this toll, responsible for nearly 2.21 million deaths.
Recognizing the escalating threat of lung cancer, early detection assumes paramount significance for timely intervention and patient
survival. This study leverages histopathological images, derived from the microscopic analysis of biopsies, to categorize distinct types of
lung cancer. The primary focus is identifying Histological Growth patterns (including Acinar, any papillary, any Solid, and Lepidic
patterns) for each lung cancer type, and predicting disease severity scores through Advanced Signal Processing Techniques. Subsequently,
a Deep Learning algorithm, EfficientNetB7, is employed to classify three categories: Adenocarcinoma, benign, and Squamous cell
carcinoma. These outcomes give clinicians the means to discern between benign and malignant classifications, facilitating tailored
treatment initiation. Performance metrics such as classification Accuracy, F1-Score, Precision, and Recall are meticulously evaluated. The
proposed methodology significantly enhances classification accuracy, achieving a notable rise from 97.5% to 99.8%, surpassing existing
benchmarks.
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. INTRODUCTION (HEADING 1)

Cancer manifests when ordinarily healthy cells undergo malignant transformations, proliferating uncontrollably. In
the USA, the second leading cause of deaths is attributed to cancer and within the spectrum of this ailment, lung
cancer stands as the second most prevalent form [1]. Primary contributors to lung cancer is use of tobacco,
secondhand smoke exposure, and also environmental air pollution are the major risk factors [2]. The life expectancy
of individuals diagnosed with lung cancer hinges on various determinants. Approximately, 40% of patients who
are suffering from lung cancer endure the disease for one year, while only 15% manage a five-year survival, and
around 10% surpass a decade with the illness. These survival rates are contingent on factors such as cancer subtype
and stage [3].

Numerous techniques, including imaging methods such as MRI, CT, X-ray, and histopathology images, are
employed to detect abnormalities in the lungs. However, the manual interpretation of these images by medical
professionals is time-consuming, spanning hours for a comprehensive diagnosis [4], [5], [6]. This manual process
is susceptible to human error. According to [7], deep learning models exhibit superior performance compared to
human pathologists, particularly in the diagnosis of metastatic cancer. So, the need for computer-aided diagnostic
(CAD) systems is rising to facilitate rapid analysis and mitigate the risk of misdiagnosis, ultimately ensuring the
timely and accurate treatment of patients.

Acrtificial Intelligence enables machines to learn independently without explicit programming by supplying input
data along with corresponding labels [8]. The machine learning model acquires the ability to learn specific tasks
and can subsequently classify new data accurately [9], all without direct intervention from the human brain.
Furthermore, extending beyond initial classification, the data can undergo manipulation and categorization based
on growth patterns, structural changes, and the identification of abnormalities across the entire dataset, leveraging
advanced signal-processing techniques. This all-encompassing method greatly enhances the model's training
accuracy.

The application of advanced machine learning techniques, including Convolutional Neural Networks (CNN),
Random Forest (R.F.), Batch Normalization (B.N.), and Support Vector Machines (SVM), has drawn the attention
of numerous researchers, particularly in the context of MRI, CT, and X-ray images [10]. However, it has been
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observed that the information derived from CT/MRI images alone may not be sufficient for effectively categorizing
different types of lung cancers. These imaging modalities primarily provide structural details of the lungs and can
detect abnormalities such as tumors or nodules. In contrast, the Biopsy test involves the examination of cells in
tissues to assess structural changes caused by the disease process. Hence, there is a growing emphasis among
researchers and medical professionals focus on histology-based diagnosis, emphasizing manual categorization for
the prompt initiation of treatment.

This paper follows a structured outline. Section Il presents an extensive literature review, summarizing a few
contributions in recent research on classification techniques with detailing their outcomes. Section I11 delves into
the proposed works and outlines the methodology employed. Subsequently, Section 1V elucidates the results
derived from the proposed classification and segmentation techniques, featuring tables and essential plots. Finally,
Section V offers a conclusion, providing a concise overview of the contribution, a comparative analysis with
ongoing research, and prospects for future work.

Il. LITERATURE REVIEW

Gertych A et al. [11] conducted research using various CNN architectures trained on images (tiles = 19,924, slides
=78) from CSMC and MIMW datasets. The most successful CNN achieved notable F1 scores: Acinar 74%, Solid
91%, micropapillary 76%, Cribriform 60%, and non-tumor 96%, resulting a total accuracy is 89.24% in
distinguishing the five growth pattern classes.

Hatuwal et al. [12] utilized the algorithm called Convolution Neural Network for the LC25000 dataset [14] and
proposed a lung cancer detection classification model, which comprises 15,000 lung and 1,000 colon cancer images.
Focusing on lung cancer images only, The model achieved training and validation efficiencies of 96.11% and
97.20%.

Subhankar Roy et al. [13] introduced a Reg-STN+SORD pipeline network to classify the disease from COVID-19
to normal. Their study focused on video-based prediction of the score on Lung Ultrasound Images. LUS Dataset
collected from several Italian hospitals, achieving an accuracy is 65.10% in performance metrics.

M. Saric et al. [14] used VGG and ResNet on images of lung histopathology with results being evaluated using the
plot of ROC. The accuracy of VGG was reported as 75%, while ResNet achieved an accuracy of 72%. The author
attributed the lower accuracy to the presence of many parameters in the given dataset.

S. Mehmood et al., [15] implemented Class selective image processing on histopathology images (LC25000). The
results were compared with previous work, demonstrating an impressive accuracy of 98%. The author remarks that
accuracy may improve using advanced signal processing techniques on given Data.

I1l. METHODOLOGY

The pipeline of the proposed methodology included the acquisition of data and preprocessing to ensure
compatibility with the architecture. Subsequently, several training techniques were employed, with adjustments to
hyperparameters, to facilitate the model's learning process and minimize loss for effective classification. To further
enhance classification accuracy, the histologic growth patterns are identified, and the areas affected are determined
through segmentation techniques. Following this, assigned disease severity indexing in a score ranging from 0 to 3
(flow to high levels respectively), and its foundation lies solely in the recognized patterns and the degree to which
they have proliferated.

A Data Acquisition

The Lung and Colon Histopathology Images (LC25000) dataset [16], curated by Andrew A. Borkowski et al. and
available at www.academictorrents.com, was employed in this study. The dataset includes a total of 25,000
samples, of which 15,000 are related to Lung Cancer and 10,000 to Colon Cancer. The Lung Cancer category is
further subdivided into three types: benign, squamous cell carcinoma, and adenocarcinoma, each comprising 5,000
samples. All images in the dataset are anonymized, adhere to HIPAA regulations, have been thoroughly validated,
and are accessible for free to Al researchers.

B. Data Formatting

Originally the dataset was in the .JPG and RGB file format with the (728, 728) pixel size. Subsequently, they were
scaled down to (224, 224) pixels for maintaining a consistent aspect ratio. Following this, the values of pixel in the
images were scaled to 0 to 1 for efficient convergence. To augment the dataset, various techniques such as, rotation,
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zooming, flipping in horizontal and vertical, cutting and pasting were applied. These augmentation methods were
employed to increase the dataset size, introduce diversity, and mitigate the risk of overfitting [17]. The dataset was
partitioned into training and validation subsets, allocating 80% of the images for training purposes and the
remaining 20% for validation. Sample data of lung cancer histopathology images in three types, namely benign,
squamous cell carcinoma, and adenocarcinoma, are illustrated in Figure 1.
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Fig.1 Three types of lung cancer images from the LC25000 dataset.
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C. Identification of Growth Patterns

As it is shown in Fig. 2 with different color boundaries Lung carcinoma has five histologic growth patterns. i.e.
Lepidic (Black): Tumor cells grow along existing structures; Acinar (Green): Tumor cells form glandular structures
with glandular or papillary architecture; Papillary (Red): Tumor cells form finger-like projections or papillae;
Micropapillary (White): Tumor cells grow in small clusters resembling inverted papillae; Solid (Yellow): Tumor
cells form cohesive sheets or nests without recognizable structures [18].

For the identification of Histologic Growth Patterns, a variety of segmentation techniques, including, Contour
Detection, Otsu Thresholding, K-means, and color masking, are employed. These techniques aid in recognizing
different cells with normalizing with color values, grouping them the same type of cells with similar colors. The
subsequent step involves identifying the area based on the shape and growth style of the cell.

Segmented Image (Original Cell)

o

Fig. 2 Identification of growth patterns and segmented area.

TABLEI. Number of Histological Growth Patterns
Histologic Growth Pattern
Cancer type i
Image No. Lepidic | Acinar @ Papillary ICro= 1 solid
papillary
lungacal.jpeg 18 2 0 1 0
lungacal00.jpeg 8 7 2 2 0
lungacal000.jpeg 14 5 4 1 1
lungaca5000.jpeg 6 1 0 0 2
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This information is then matched with Histological patterns such as Lepidic, Papillary, Micro-papillary, and Acinar.
The cell's shape plays a major role in identifying the type of histological growth pattern. Similar growing cells are
identified, and boundaries are assigned to distinguish various diseased growth patterns.

Micropapillary Papillary
Solid
8.6% 17.2%
2.1%
24.1% Acinar
48.1%
Lepidic

Fig. 3. Histologic growth patterns in Lung_Adenocarcinoma in LC25000 dataset.
As presented in Table I, examples of some images are provided alongside the corresponding count of growth
patterns in lung adenocarcinoma. In Figure 3, the pie chart illustrates the percentage distribution of each growth
pattern across the entire dataset (LC25000) for lung adenocarcinoma.

D. Severity level Indexing

The Disease Severity Score was designated on a scale of 0 to 3 levels, reflecting a risk in low to high. This
assignment was grounded in the count of abnormal cells exhibiting growth patterns in the image and the extent of
the region they occupied, particularly noteworthy in Squamous Cell Carcinoma. In Fig. 5, segmentation masks with
the 4-level categorization are presented, offering insights into the degree of disease severity for patients and
facilitating prioritization, especially in emergencies. Fig. 4 further illustrates the percentage distribution of images
across severity levels for the entire LC25000 dataset, segmented by each cancer type. This provides a
comprehensive overview of disease severity distribution within the dataset.

Severity Level in Each Cancer Type
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Level 2
Level 1
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Lung_aca_Cell area Lung_scc_cell area
Fig. 4. Severity level in each cancer type.
Fig. 5. further illustrates the percentage distribution of images across severity levels for the entire LC25000 dataset,
segmented by each cancer type. This provides a comprehensive overview of disease severity distribution within the
dataset.

E. Severity Based Classification

The proposed architecture adaptive fine-tuned EfficientNetB7 was used for classification and input images taken
based on Severity level indexing. Here we introduced Severity Based Classification (SBC), the highest level of
severity images (levels 2 & 3) passed through the architecture for training and validation by adjusting the balanced
count in the input data for reducing the time consumption and complexity. This may help to deploy the model in
other applications. Google Colab is used as an environment for executing the model for all the operations.
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EfficientNet is a convolutional neural network (CNN) architecture notable for its application of a compound
coefficient factor, which ensures uniform scaling across the network's width, depth, and resolution. As illustrated
in Figure 6 [19], this approach ensures a well-balanced network by applying fixed coefficients to these dimensions.
To increase the computational task by a factor of 'n', the network is scaled accordingly: depth = an, width = fin, and
size = yn, where a, 3, and vy are constants. EfficientNet further incorporates a factor ‘¢, known as the compound
coefficient, to ensure consistent scaling across all dimensions of the network.

Preprocessing: Step I: Segmentation Step II: Classification

Level-0 |

Level-1 |

Level-2 |

Level-3 |

(@) (b) (©
Fig. 5. Corresponding Fig. 5. Corresponding Lung Histopathology Images with Segmented Masks: a.
Preprocessed images representing three types of lung cancers. b. Segmented images for Adenocarcinoma, Benign
tissue, and Squamous Cell Carcinoma, respectively. c. Classification of disease severity score ranging from level
0 to level 3 (low to high). (low to high).
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Fig. 6. Various scaling dimensions of efficientnet architecture.

In the proposed network, both stem and final layers were utilized, encompassing the input layer, rescaling,
normalization, zero padding, convolution, batch normalization, and activation processes. For feature map
extraction, Separable Convolution (depth-wise) was employed with filter matrices of sizes (3,3) and (5,5).
Nonlinearity was introduced through the ReLU function (ReLU(x) = max (0, X)), and global average pooling with
a size of (2,2) was applied to improve computational efficiency. To prevent overfitting, a fixed Dropout rate of 0.2
was implemented. For the classification into three categories, a sigmoid activation function was used in the output
layer.

In the presented research, the compound coefficient was omitted, and manual tuning and scaling were implemented
to optimize performance across all dimensions. The architecture consists of 5 individual modules, and the
interconnected structures of these modules are termed sub-blocks. In the methodology, blocks were rearranged and
linked to the subsequent block after a two-fold multiplication. Furthermore, pre-trained weights from the 'ImageNet’
model [22], [23] were employed to attain the highest accuracy.
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The optimizer called Adam employed for the network. Categorical Cross-Entropy (CE) is utilized to measure the
error (the value of deference between predicted and output) to reduce the loss for training the model efficiently.
The formula for (CE) is as follows:
eSP

CE = — log <w) (1)
Sj - net score for each class of C.
C - no. of output labels,
Sp - positive class from Convolution Layer,

The proposed model was evaluated with following metrics, along with confusion Matrix and key evaluation
indicators including parameters like recall, F1-score, precision, and accuracy. The respective equations for these
metrics are presented below:

TP
Recall = ) 2
Flscore = —221% 3)
2XTP +FP + FN
. TP
Precision = YT 4)
Accuracy = (TP + TH) 5)

(TP + FP + TN + FN)
In the formulas mentioned earlier, True Positive (TP), True Negative (TN), False Positive (FP), and False Negative
(FN) are essential metrics used to calculate various performance measures. various performance measures.
Moreover, the trained model's weights are saved in the HDF5 format, ensuring that the model and its learned
parameters are preserved effectively. A comparative analysis was conducted with previous research with
architectures including InceptionNetV2, CNN, ResNet50, DenseNet, and BreastNet for classifying normal and
abnormal images. The Results were presented in Table 111 in Section V. Our approach demonstrated superior

IV. RESULT AND DISCUSSION

The images with Identified growth patterns were augmented and then fed into the network for training purpose.
The batch size is fixed at 128 for each epoch over 35 times. The model demonstrated outstanding performance,
achieving an accuracy of 99.85% and 99.9% on the validation set after the training. Figures 6 and 7 illustrate the
plots for accuracy and loss versus epochs, depicting the performance on both train and valid performance.
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Fig. 7. Plot for model accuracy vs. Epoch for training and validation images.
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Fig. 8. Plot for model loss vs. Epoch for Training and validation images.
TABLEII. Recall, Precision, and F1-Score of Model for Different Categories
Cancer tvpe Performance Metrics
yp Precision Recall F1-Score
Adenocarcinoma 99 99 99
benign tissue 100 100 100
Squamous Cell
quam 99 99 99
Carcinoma
TABLEIIl.  Recall, Precision, and F1-Score of Model for Different Categories
Labeled Performance Metrics
Category Precision Recall F1-Score
Accuracy - - 99
Macro average 99 99 99
Weighted 99 99 99
average

Table Il offers a comprehensive overview of the performance metrics for the proposed model, including recall,
precision, and F1-score for different cancer categories. Furthermore, Table Il details the labeled categories,
including macro average, weighted average, and overall accuracy. The formulas for calculating these performance

metrics are outlined in Section I11-C.

TABLEIV.  Comparison of Performance Metrics with Other Network Architectures

Author _ Performance Metrics
Precision | Recall | F1-Score | Accuracy
B'K'H?luzv]v al et.al 0.96 0.95 0.96 0.96
S.Mehmood et.al [15] 0.97 0.94 0.97 0.98
S. Mangal et.al [24] - - - 0.96
M. Masud et.al [25] 0.96 0.96 0.96 0.96
Proposed Model 0.99 1.00 0.99 0.99
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Table 1V provides an overall view of the evaluation metrics in comparison to existing research on the same dataset.
The metrics including parameters like recall, F1-score, precision, and accuracy for different cancer-type categories.
In this comparison, the proposed model demonstrates superior performance compared to existing models.

Normalized Confusion Matrix

lung_aca 9.90

lung_n -

True label

lung_secc 0.00

lung_aca lung_n lung_scc

Predicted label

Fig. 9. True label vs predicted label in confusion matrix for different image categories for validation images.
The Figure 9 presents the confusion matrix, which visually contrasts the predicted labels with the actual labels for
the validation data across various categories.

V. CONCLUSION

This paper introduces an automated system for classifying lung cancer severity based on histopathological images
using deep learning, achieving a remarkable classification accuracy of 99.8% across three categories:
Adenocarcinoma, Squamous Cell Carcinoma, and Benign. The research utilizes sophisticated signal processing
methods to assess disease severity scores., which are categorized into four levels based on Histological Growth
Patterns. It identifies five distinct histology patterns within specific tumor groups: I. Solid (n=5111; 2.1%), II.
Papillary (n=10,221; 25.8%), I11. Lepidic only (n=92,115; 48.1%), and 1V. Acinar only (n=15,610; 24.1%), where
‘n’ indicates the number of groups within each pattern. The proposed classification approach shows significant
potential for early detection across various cancer types. Future work could focus on applying different deep
learning frameworks to predict cancer stages. The model demonstrates strong performance, with training and
validation accuracies of 99.8% and 99.9%, respectively. Furthermore, the evaluation metrics including recall,
precision, and F1-score are computed, and a confusion matrix plot is presented to gauge the model's effectives.
These results may helpful to the doctors to treat cancer patients as early as possible to save their life.
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