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Abstract: - Pan-cancer classification refers to classifying and diagnosing different types of cancer. The deep learning approach enables
the detection and diagnosis of cancer across multiple organs and tissue types rather than being limited to a specific type of cancer. In
deep learning, transfer learning is a technique whereby a neural network model is first trained on a problem similar to the problem
that is being solved. Similarly, Ensemble Learning is a strategy where multiple models are combined to perform a particular task. The
ensemble transfer learning method can be an effective alternative for Pan-Cancer classification as it can overcome the limitations of
base methods by combining the predictions of multiple models to improve performance. In this work, we have presented a novel
ensemble method called ETL-CCP for the classification of 33 cancer types based on gene expression data by combining the predictions
of multiple pre-train models of transfer learning to improve performance and robustness and increase interpretability. The method
combines the efficiency of DenseNet, ResNet, Inception-V3, and Xception models to capture high-level features from structured input
data. In addition to this, a class-weighting mechanism is used to overcome data imbalance issues. The experiments were conducted on
a gene expression dataset comprising 10,267 cancer samples from 33 cancer types. Our method achieved a test data accuracy of
96.88%, outperforming current baseline methods. This research demonstrates the potential of ETL-CCP as a powerful tool for cancer
detection and highlights the importance of ensemble methods in high-dimensional data analysis.
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1. INTRODUCTION

Cancer can profoundly impact humans by causing physical, emotional, and social challenges, potentially
leading to severe illness, decreased quality of life, and, in some cases, loss of life (Yau E et al. 2017). Genes
play a crucial role in the spread of cancer (metastasis) by regulating processes related to cell adhesion,
migration, invasion, and angiogenesis, allowing cancer cells to detach from the primary tumour, travel through
the bloodstream or lymphatic system, and establish secondary tumours in distant organs. Genetic mutations can
cause genomic instability and an increased tendency for DNA mutations to occur. This instability can lead to
further genetic alterations and an increased risk of cancer development. Genomic instability is a hallmark of
many cancers (Bray F et al. 2018). These mutations in genes that control mitosis result in the uncontrollable
division of cells and, therefore,tumour formation. If the tumours are malignant, they can metastasize or spread
to other parts of the body and become life-threatening. Each type of cancer has its specific variance in the
structure of the genetic aberrations that arise, including somatic mutations (SM), copy number variations
(CNV), profiles, and various epigenetic alterations. Thus, changes in gene expression might arise from
environmental factors, such as cell division or genetic inheritance (Zuo S et al. 2019; Cruz-RoaA et al. 2017).
For example, mutations in the BRCAL and BRCA2 genes increase the risk of breast and ovarian cancer, while
mutations in the Lynch syndrome genes increase the risk of colorectal and other types of cancer (Mukherjee A
et al. 2022). Gene expression changes can occasionally alter howspecific proteins are produced, which impacts
how normally behaving cells behave. These damaged cells begin to divide more quickly than usual, and as they
continue to do so, they eventually fill the afflicted area with tumour-like growths (Podolsky M D et al. 2016).
Therefore, understanding the genetic changes that lead to cancer is essential because it can help researchers
develop new therapies that target specific genetic mutations or pathways. EXxisting algorithms for feature
engineering of gene expression data can be categorized into three major groups: filter, wrapper, and embedded
methods. The information flow in the three groups of feature engineering methods is depicted in Figure 1.
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Figurel. Information flow in the three primary categories of feature engineering methods: (a) filter, (b)
wrapper, and (c) embedded methods

1.1 PAN-CANCER CLASSIFICATION

Pan-Cancer classification refers to simultaneously classifying and analyzing genomic data across multiple types
of cancer. Pan-Cancer classification aims to identify common patterns, mutations, and molecular characteristics
that cut across different cancer types, providing insights into shared mechanisms of cancer development and
potential treatment strategies. It is a relatively new approach to cancer classification that aims to identify
commonalities and shared features among different types of cancer, regardless of where they originate in the
body (Crosby D et al. 2022). Cancer classification has been the subject of extensive research because it allows
researchers to identify new therapeutic targets and develop more effective therapies. It can also help improve
the accuracy of cancer diagnosis and aid in developing personalized medicine (Sakri S. B et al. 2018; Wang J et
al. 2021).

To explore and understand the similarities and variations across various cancer types, the Pan-Cancer Atlas
project was introduced by The Cancer Genome Atlas(TCGA)(Weinstein J N et al.2013). Pan-Cancer research
has progressively increased worldwide, and experts are trying to identify the tumor-related genes to identify the
specific type of cancer precisely. The Pan-Cancer Atlas offers substantial information on 33 common cancer
types, which we may utilize as base material to acquire cancer-specific biomarkers. The invention of next-
generation sequencing methods has advanced the analysis of human genomics due to its efficiency and
accuracy. It has been observed that a massivevolume of tumor tissue has been sequenced and managed by
TCGA. By these samples, TCGA further analyzed over 11,000 tumors from the 33 most dominant forms of
cancer, which fostered the accomplishment of the Pan-Cancer Atlas (Wang Z et al. 2016). However,
classification can be difficult and time-consuming to perform manually and experimentally due to the large
amount of data involved. For example, whole-genome sequencing generates large amounts of data, and it's
impossible to make sense of the data only by manual inspection. Cancer is also a complex disease that can arise
from genetic and environmental factors, making it difficult to classify based on traditional methods (Zhu W et
al. 2020). Additionally, environmental and human factors make manual observation prone to error. Given the
ongoing advancement of cancer research, it may become more and more challenging as identification
techniques advance (Sharma A& Rani R. 2021).

Therefore, prediction methods can be a better alternative for Pan-Cancer classification because they allow
researchers to analyze large amounts of data quickly and accurately. For example, machine learning algorithms
can be trained on large genetic and molecular data datasets to classify new samples. These methods can identify
patterns and trends in the data that would not be apparent through manual inspection and can help improve the
accuracy of cancer classification (Sharma A& Rani R. 2021).

1.2 MOTIVATION AND CONTRIBUTION
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Using computational methods to classify Pan-Cancer can improve clinical outcomes by providing more
accurate and precise diagnosis and treatment, identifying new therapeutic targets, and developing more
effective therapies (Kourou K et al. 2015; Okamoto O K. 2005). Therefore, numerous machine learning
(ML) techniques have been used in recent years to cope with cancer detection and prediction based on gene-
expression data (Zhu W et al. 2020; Sharma A& Rani R. 2021; Kourou K et al. 2015). However, most
traditional cancer classification methods primarily concentrate on a few cancer types while ignoring the
variability among various cancer types (Lawrence M S et al. 2013; Lyu B &Haque A. 2018). Classical ML
methods for Pan-Cancer classification (Way G P et al. 2018) generally could not handle high-dimensional data
efficiently, resulting in less accurate outputs (Lyu B &Haque A. 2018). Remarkably, these models suffer from
several limitations, such as data scarcity, imbalance, overfitting, and limited interpretability. These limitations
can affect the performance and robustness of these models, making it challenging to achieve accurate and
reliable results in Pan-Cancer classification. On the other hand, inspired by the success of deep learning
methods in image classification (Mansour R et al. 2022; Wu H et al. 2019) text classification, and sequence-to-
sequence classification(Deng L & Li X. 2013; Alsolami B et al. 2020) different methods such as Convolutional
neural networks (CNN) and Recurrent Neural networks (RNN) have been popularly used for improving cancer
prediction from gene expression data. Ensemble methods can be an effective alternative for Pan-Cancer
classification using deep learning, as they can overcome the limitations of deep learning methods by combining
the predictions of multiple models to improve performance and robustness and increase interpretability.

In this work, we propose the ensemble method (ETL-CCP) for the classification of all 33 types of cancer based
on high-dimensional gene-expression data. The main contribution of this work includes the construction of
Ensemble of transfer learning models(Zhuang F et al. 2021) such as DenseNet(Huang G et al. 2017),
ResNet(He K et al. 2016), Inception-V3(Szegedy C et al. 2016) and Xception(Chollet F. 2017)which were
based on advanced deep learning architectures We then used a Class-weighting strategy to handle the
imbalanced nature of the data and finally various evaluation metrics were used for Extensive experiments and
analysis of the Pan-Cancer data.

The remaining paper is organized as follows: Section 2 discusses the review of related work. Section 3
discussed the ETL-CCP (a proposed framework) and the materials and methods used in this work. The
experimental setup, implementation results, and comparative analysis are discussed in subsequent sections.

2.RELATED WORK

Over the years, research has been conducted to develop reliable and accurate methods for classifying different
tumor types. Machine learning (ML), a branch of artificial intelligence, has been widely used for image and
speech recognition, traffic prediction, disease classification , medical diagnosis, and online fraud detection
(Alsolami B et al. 2020; Fatima M & Pasha M. 2017; Eltanbouly S et al. 2020). Meanwhile, these methods have
been used in Pan-Cancer classification. Li et al. used the K-nearest-neighbor (KNN) and genetic algorithm (GE)
methods to classify 31 cancer types, achieving an accuracy of 90% (Li Y et al 2017). (Kang et al.
2019)proposed a support vector machine (SVM) method combined with relaxed Lasso selection for cancer
classification. As reported, this method outperformed other ML methods, such as KNN and Logistic regression.
Hsu et al. extended the cancer classification from 31 to 33 types. They used various machine-learning methods
on the Pan-Cancer dataset(Hsu Y H & Si D. 2018) which include decision trees (DT), KNN, SVM (linear and
polynomial), and sophisticated neural networks. These methods often have limitations when dealing with high-
throughput genomic data with high dimensionality and heterogeneity, resulting in less reliable outcomes. In
addition, ML methods demand considerable vigilant feature extraction and selection for better performance
besides fine-tuning.

On the other hand, deep learning has become the fastest-growing technology in the last decade, where massive
data storage and computational resources are required. Deep learning has made phenomenal progress in the
previous five years, and it is comprised of various algorithms such as Convolutional neural networks (CNN),
Recurrent neural networks (RNN), etc. Inspired by the success of deep learning methods in image, text, and
sequence-to-sequence classification, deep learning methods have been popularly used for improving cancer
prediction for gene expression data. As a result, researchers have utilized deep neural networks for gene-
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expression public datasets for cancer prediction. Deep learning techniques outperform conventional machine
learning techniques for faster convergence and data representation.

(Danaee P et al. 2017) have proposed an Artificial neural network (ANN)-based method for improving cancer
classification. This work uses auto-encoders to efficiently capture and extract features fed to the subsequent
ANN method for classification. (Cristovao et al. 2020)conducted an extensive study on predicting clinical
outcomes and cancer sub-type classification from gene expressions using semi-supervised methods and feed-
forward neural networks.(Lyu B &Haque A. 2018) provided one of the earliest discussions of convolving over
gene expression data to extract local patterns efficiently. They outlined a CNN-based model for enhanced
cancer sub-type classification.In their work, the authors transformed the raw expression data into two-
dimensional shapes, which were then forwarded to the CNN method. Although the techniquesignificantly
improved the classification of 33 types of cancer, it could not perform well for classes with fewer samples.
(Khalifa N E M et al. 2020) attempted to use CNN with particle swarm optimization to classify five cancer
subtypes, achieving an accuracy of 96.6%. However, it did not predict all types of classes. (Divate M et al
2020) proposed another deep neural network for classifying cancer types, consisting of five dense layers with
50 neurons at each layer. However, this method could not perform well on gene expression data. Therefore, a
grid search was conducted to find the optimum hyper-parameters. The study confirms that fine-tuning deep
learning algorithms can considerably improve performance. Joseph et al. developed a two-dimensional CNN-
based algorithm consisting of three CNN layers for the Pan-Cancer classification of 33 cancer types, and the
method achieved an accuracy of 95.43% on the test dataset (Joseph M et al. 2019). Wang et al. extended cancer
classification work by filtering noise and duplicate data from the dataset and then using a popular DenseNet
model for classification (Wang J et al. 2021). Although deep learning has significantly aided in identifying and
categorizing many malignancies, there is still an opportunity for advancement. (Cava et al. 2023)proposed a
pan-cancer classification on 16 cancer types using deep learning model on gene expression data. The three
classifiers used by the authors are neural network, random forest and XGBoost and the mean accuracy achieved
by each of these classifiers are 0.84, 0.86 and 0.90 respectively. (Li et al. 2020) proposed a method to classify
cancer types by using the self-normalizing neural network (SNN) for analysing Pan-Cancer copy number
variation data. The MCFS and IFS were used for feature selection. The author selected 3654 features for the
prediction model in which the accuracy value of 0.798 and macro F1 of 0.789 were yielded.

3. ETL-CCP (ENSEMBLE TRANSFER LEARNING FOR CANCER CLASSIFICATION &
PREDICTION)

This section will discuss the dataset, pre-processing, ensemble method, and evaluation metrics.
3.1 DATASET

The proposed work used the normalized gene-expression data of 33 cancer types extracted from the Pan-Cancer
Atlas available at the TCGA data portal and the Cancer Genomic Hub web portal. The dataset consists of 10267
cancer samples with 20531 genes. The TCGA research network, known as the “process of genomic discovery,”
consists of four essential components: sample collection and processing, genome characterization, genome
sequencing, and data management and analysis (Wang Z et al. 2016). The first step in our approach is to pre-
process the Pan-Cancer dataset and transform the raw gene expression data into well-formed shapes compatible
with deep learning algorithms. As the dataset consists of trivial information, data was collated from 33 distinct
cancer types and then curated and filtered out with less divergent genes. After pre-processing, the number of
genes from 20531 was reduced to 10381. Based on the approach of (Lyu B &Haque A. 2018)the high-
dimension expression data of (10381x1) was converted into into a 2-D image (102x102) data and same was
used as input to the proposed deep learning architecture. In the next step, the pre-processed data is fed to the
proposed ETL-CCP method for classifying cancer types.

3.2 PROPOSED TRANSFER LEARNING FRAMEWORK
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Figure 2.The overall framework of the ETL-CCP method for Pan-Cancer

Transfer learning allows a pre-trained model to transfer knowledge across domains, making it an essential
technique for various applications, including image recognition, natural language processing, and more. It
accelerates training, improves performance, and reduces the need for massive data. Ensemble learning is a
powerful technique combining multiple models to achieve better predictive performance than any individual
base model. It helps mitigate overfitting, reduce bias, and improve generalization. The pre-trained models
blends the insights from base models and create a more robust and accurate ensemble model that captures a
broader range of features and patterns. The proposed ensemble method consists of advanced deep learning
architectures such as DenseNet, ResNet, Inception-V3, and Xception(Huang G et al. 2017; He K et al. 2016;
Szegedy C et al. 2016; Chollet F. 2017) were used for the classification of 33 cancer types. The general
framework of ETL-CCP is shown in Figure. 1.

DenseNet: DenseNet, or a densely connected convolutional neural network, is an image classification algorithm
developed by (Huang G et al. 2017)to improve the performanceand accuracy of model by handling the problem
of vanishing gradients.lIt is known that deep neural networks have many hidden layers between the input and
output layers, and due to this long path between the input and output layers, information vanishes before
reaching its destination. DenseNet overcomes the vanishing gradient problem and achieves higher accuracy
than other baseline CNNs by connecting every layer.

ResNet: Although DenseNetshas improved performance and accuracy, these densely connected neural networks
require substantial computational resources to achieve the best results. Therefore, Residual networks gained
much popularity as these networks comprise a novel pathway called skip connections. These connections
provide an alternative path for data and gradients to flow, thus making Training more efficient. Previous
research confirms that the performance of ResNets is comparable with that of DenseNets, while the
computational cost of ResNets is less than that of DenseNets(He K et al. 2016).

Inception-V3: Inception-V3 is an updated version of Inception-v1 in which 1x1 convolutional layers have been
added to reduce the number of dimensions, making it a more accurate and computationally efficient model. The
other improvements in Inception-V3 include the factorization of large convolutions into smaller and
asymmetric convolutions and the reductionof the number of parameters (Szegedy C et al. 2016).

Xception: The Inception model from Google inspired the 71-layer deep CNN known as theXception model,
which is based on an extreme interpretation of the Inception model (Chollet F. 2017). Convolutional layers that
can be separated based on depth make up its architecture. These Depth-wise separable convolutions have a few
valuable features in how they “factorize” the convolution layer, which allows a convolution layer to be
emulated with fewer parameters. Additionally, the separable convolution handles the cross-depth features and
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2D features separately. This way, cross-depth features would not be destroyed by normal convolution. This is
known as the “Extreme Inception Hypothesis”.

Although these advanced deep learning architectures have gained overwhelming popularity due to their
competitive performance, they also have inherent drawbacks. For ResNet, the identity shortcut stabilizing
training may limit its representation capacity, and DenseNet mitigates it with multi-layer feature concatenation.
However, the dense concatenation causes the new problem of requiring high GPU memory and more training
time. Moreover, inception networks using CNNs as their core are translation-invariant and are generally bad at
handling rotation and scale-invariance without explicit data augmentation. The Xception model can be
challenging to interpret and analyze, making it difficult to understand how they arrive at their predictions.
Therefore, combining these models in an ensemble increases diversity through collections of different models
and reduces bias across the full collection of models. This work is focused on combining DenseNet-201,
ResNet50, Inception-V3, and Xception models in an ensemble, as shown in Figure 1 above.

3.3 EVALUATION METRICS

In this work, various evaluation metrics have been utilized to measure the quality of the ETL-CCP method for
classifying cancer sub-types.

a) Accuracy: Accuracy is one of the most popular and simplest measures to assess the model's quality.It is
the percentage at which our model predicted or classified our data points correctly and is calculated as formula
1:

No.of correctly classified points

Accuracy = x 100 (D)

Total no.of points

b) Precision: Since accuracy does not fit well for models trained on imbalanced data, Precision-Recall
metrics give a more generalized assessment of the model.Precision is the ratio of True-positives tothe total
number of data points predicted as Positive by the model and is calculated as given in equation 2.

True Positives
(2)

Precision = — —
True Positives +False Positives

c) Recall: Recall is the ratio of True positives toa Total number of Positive data points in the given dataset
and is calculated as equation 3.

True Positives
Recall = — - 3
True Positives +False Negatives

d) Fl-score: The F1-score is the harmonic mean of Precision and Recall.lt is an important evaluation metric,
as accuracycannot be a basis for a better-generalized model.While Precision and Recall depict the model's
generalizability, the F1-score captures this important property and is calculated as equation 4.

F1 -2 x (Precision xRecall) ( )

(Precision +Recall)

4. RESULTS AND DISCUSSION

Different evaluation metrics have been used to evaluate the performance and generalization of the proposed
ETL-CCP.This section discussesthe experimental training setup and the method evaluation against the test
data.In addition, performance analysis anda comparative analysis of our proposed approach with cutting-edge
methods are discussed in subsequent sub-sections.

4.1 EXPERIMENTAL SETUP AND IMPLEMENTATION

TensorFlow(Pang B et al. 2020)and Keras(Chicho B T &Bibo Sallow A 2021) are the frameworks of deep
learning (Yu Li et al. 2019) that have been used to develop and train the proposed models for Pan-Cancer
classification, respectively. The experiment was done on a High-Performance Computing System whose
configuration details included 9 CPUs distributed as 2 Head nodes, 2 Compute nodes, 3 GPU nodes, and 2
Storage nodes, respectively. Each CPU is an Intel Xeon Gold 3.1G with 240 compute Cores, 15360 CUDA
cores, and 160 TB of storage with a performance of 2.976 TFLOPS. We used Python on a Jupyter Notebook in
the Anaconda Environment to train and test the model. ETL-CCP was fed with default initial TensorFlow
weights. To avoid overfitting the model, L2 regularizes(Xue Ying. 2019) have been used, and an early stopping
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approach with a patience level of 7 has been exploited to monitor the performance and overfitting. The learning
rate of 0.0001 and decay of 0.5 were used to reduce the learning rate after every 40 epochs. The total number of
epochs for training was limited to 300 because the change in accuracy started converging to 300 epochs. The
optimum batch size for this work after conducting several experiments was 128. The final output layer consists
of a SoftMax activation function. For the overfitting issue, we introduced the dropout (Salehin et al. 2023)
whose value was set as 0.5, which means 50% of input units will drop out randomly during each training epoch,
and then it randomly goes through drop nodes.

Transfer learning is a powerful approach that allows a pre-trained model, which has been trained on a large
dataset for a specific task, to be fine-tuned and adapted to perform well on a new, related task with a smaller
dataset. On the other hand, Ensemble learning involves combining the predictions of multiple individual models
(base models) to create a single, stronger model. By aggregating the predictions of diverse models, the overall
performance can be improved compared to using a single model. It can be combined with ensemble learning to
enhance the performance of model transfer learning. It works by starting with a pre-trained model trained on a
source task. The model has been trained to learn useful features from the source domain and then fine-tune the
pre-trained model on the target task's data, adapting it to the specifics of the target task. Once done, multiple
instances of the fine-tuned model are created by introducing minor variations, like random initialization of
specific layers or dropout. Finally, these variants are ensembled by combining their predictions using
techniques like bagging or boosting.

In our work, the output of each base classifier forpredicting cancer types is ensembled using the average method
to compute the final desired output. As the Pan-Cancer data is highly imbalanced, as shown in Figure 2, we
used the class weighting strategy to address this problem. Class weighting is the process of weight balancing. It
is implemented by defining a dictionary with keys as labels and values as weights and then feeding the
dictionary as a parameter. For example, if class j has a greater class weight than class j’, the gradients computed
from samples of class j will be greater than those of j’, which affects the neural network training more than j'.
The weights assigned to different classes in this work, as shown in Figure 2, are higher for minority classes and
lower for majority classes. As depicted in the Figure, if class j' has 100 times more samples than class j, then
one sample of a class is as important as 100 samples of class j'; therefore, the class weight of j needs to be 100
times greater than that of j’. The magnitude of the gradients computed from j samples will be 100 timesmore

extensive than that of j'.
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Figure 3.The magnitude of class weight values on major and minor classes in the ETL-CCP method
4.2 PERFORMANCE ANALYSIS

In this work, we conducted experiments on the Pan-Cancer dataset using advanced transfer-learning
architectures such as DenseNet, ResNet50, Inception-V3, and Xception. Each model was trained and tested
separately to assess its performance against the Pan-Cancer dataset. The experimental results are shown in
Table 1.
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Tablel. Performance of the proposed ETL-CCP method and other deep learning methods for the classification
of cancer types

Method Accuracy Precision Recall F-score
DenseNet 87.32 87.32 87.67 87.44
ResNet50 90.45 91.05 90.77 91.22
Inception-V3 93.10 93.53 93.05 93.15
Xception 92.54 93.76 93.45 93.71
ETL-CCP (ensembled method) 96.88 96.94 96.90 96.93

*Numbers in bold indicate the best performance

As shown in the Table-1, DenseNet achieved an accuracy of 87.32, while ResNet50, Inception-V3, and
Xception methods attained 90.45%, 93.10%, and 92.54%, respectively. Considering the individual model
performance, the Xception method performed better than other methods by achieving a precision of 93.76%, a
recall of 93.45%, and an F1-score of 93.71%. All methods were combined in an ensemble to improve the
classification performance further, while the average method calculated the final output. As shown in Table 1,
the ensemble method (ETL-CCP) achieved the best accuracy of 96.89%. The Precision, recall, and F1-score
achieved by the ETL-CCP method are 96.94%, 96.90%, and 96.93%, respectively.

While training the model, we conducted several experiments to find the best batch size for this problem. As
shown in Figure 3, we achieved the maximum accuracy when the batch size was equal to 128. However, when
batch size was further increased, it was observed that accuracy was reduced.
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Figure 4. Performance (Accuracy) of our method on different batch sizes.

We used a confusion matrix to evaluate the method further and calculate a cross-tabulation of observed (true)
and predicted classes (model). This gives us a holistic view of how well our classification model performs and
what errors it makes. The confusion matrix of our ETL-CCP on the test dataset of Pan-Cancer data is shown in
the Figure-4, where each column of the confusion matrix represents instances of the predicted class, and each
row of the confusion matrix represents an instance of the actual class. It provides insight not only into the errors
made by a classifier but also into the errors themselves.
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Figure 5.Confusion matrix of ETL-CCP method against the test dataset for Pan-Cancerclassification.

The class-wise performance of the ETL-CCP method is demonstrated in Table 2.

Table 2. Class-wise performance of the ETL-CCP method for Pan-Cancer Classification

F1-Score

Recall

Precision
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Class Precision Recall F1-Score

CHOL 0.94 0.94 0.94

4.3 PERFORMANCE COMPARISON OF THE PROPOSED METHOD WITH EXISTING
METHODS.

We compared the performance of our method with current baseline methods in terms of accuracy,
precision, and recall. The classification performance of these methods and our proposed method is shown in
Table 3.

Table 3. Performance comparison of the proposed method with existing baseline methods

Authors Method Accuracy Precision Recall
Karim et al. 2019 VGG16 96.25 96.25 95.42
Li et al. 2020 SNN 79.80 78.90 78.90
Kang et al. 2019 rL-GenSVM 87.29 87.73 87.29
Cava et al.2023 XGBoost 90.0 - -
Hsu et al. 2018 ET-SVM 90.73 90.22 90.73
Y.Lietal 2017 GA/KNN 95.60 - -
Carson et al. 2019 CNN 95.65 95.55 95.69
Proposed method Enrf;?ot;:e 96.88 96.94 96.90

*Numbers in bold indicate the best performance

These baseline methods are based on machine learning or deep learning approaches and have used different
techniques to handle unbalancing. Among all these methods, (Karim et al. 2019) have a higher performance
result than other methods. It uses the VGG16 network to train the model for the classification of cancers. As
depicted in the model, our model used transfer learning architectures in an ensemble and achieved better results
than the baseline methods. The results indicate better predictions and the significance of the class weighting
strategy for handling imbalanced data without data augmentation. We also compared the performance of our
method in terms of class-wise precision and recall with one of the baseline methods proposed by (Karim et al.
2019) using CNN, as shown in Table 4. It can be seen that our model outperformed the baseline method in most
of the classes, while the overall accuracy was reported to be better than CNN, as well as the VGG16 method.

Table 4.Class-wise Precision and Recall comparison between the proposed method and baseline methods

Proposed ETL-CCP  Existing method (CNN)

Cancer Type Code Precision  Recall Precision Recall
Breast invasive carcinoma BRCA 1 0.88 0.8785 0.8612
Brain Lower Grade Glioma LGG 1 0.96 0.9254 0.8926
Uterine Corpus Endometrial Carcinoma UCEC 0.78 0.78 0.8753 0.8819
Lung adenocarcinoma LUAD 0.97 0.97 0.8235 0.8354
Head and Neck squamous cell carcinoma HNSC 0.97 0.97 0.852 0.8743
Thyroid carcinoma THCA 1 1 0.8528 0.8323
Prostate adenocarcinoma PRAD 0.98 0.98 0.8827 0.8778
Lung squamous cell carcinoma LUSC 0.98 0.98 0.8726 0.8634
Bladder urothelial carcinoma BLCA 0.95 0.98 0.8956 0.9037
Stomach adenocarcinoma STAD 0.96 0.96 0.8253 0.8156
Skin Cutaneous Melanoma SKCM 1 0.89 0.8853 0.8711
Kidney renal clear cell carcinoma KIRC 0.96 1 0.8967 0.9123
Liver hepatocellular carcinoma LIHC 1 1 0.8194 0.8085

1698



J. Electrical Systems 20-10s (2024):1689-1701

Colon adenocarcinoma COAD 1 1 0.8368 0.8245
Cervical and endocervical cancers CESC 1 1 0.8785 0.8743
Kidney renal papillary cell carcinoma KIRP 1 1 0.8254 0.8032
Sarcoma SARC 1 0.7 0.8753 0.8671
Ovarian serous cystadenocarcinoma ov 0.96 0.96 0.8825 0.8733
Esophagealcarcinoma ESCA 1 1 0.8913 0.8719
Pheochromocytoma and Paraganglioma PCPG 0.89 0.91 0.8537 0.8611
Pancreatic adenocarcinoma PAAD 1 1 0.9629 0.9567
Testicular Germ Cell Tumors TGCT 1 1 0.8736 0.8722
Glioblastoma multiforme GBM 1 0.99 0.8952 0.8845
Thymoma THYM 1 1 0.9255 0.9123
Rectum adenocarcinoma READ 0.87 1 0.6795 0.6857
Acute Myeloid Leukemia LAML 1 0.83 0.8697 0.8567
Mesothelioma MESO 1 1 0.8991 0.9028
Uveal Melanoma UVM 0.97 0.91 0.8765 0.8623
Adrenocortical carcinoma ACC 0.75 0.75 0.9217 0.9345
Kidney Chromophobe KICH 0.92 1 0.9335 0.9475
Uterine Carcinosarcoma UCs 1 1 0.9157 0.9064
Lymphoid Neoplasm Diffuse Large B-cell DLBC 0.8 0.8 0.8678 0.8729
Lymphoma

Cholangiocarcinoma CHOL 0.94 0.94 0.8838 0.8975

*Numbers in bold indicate the best performance

5. CONCLUSION AND FUTURE SCOPE

The proposed work presented an Ensemble method based on advanced deep-learning architectures to improve
the classification of 33 cancer types using high-dimensional Pan-Cancer data.The proposed approach combines
the efficiency of DenseNet, ResNet, Inception, and Xception models to capture high-level features from
structured input data. In addition to this, a class-weighting mechanism was used to overcome data imbalance
issues. The experiments were conducted on a gene expression dataset comprising 10,267 cancer samples from
33 cancer types. Our method achieved a test data accuracy of 96.88%, outperforming current baseline
methods.The ensemble method proposed in this work can be applied to other sequence-to-sequence and image
classification problems. In the future, given the encouraging outcomes of using genomic data for cancer
classification, we will analyse the underlying rules in our image-based deep-learning modelsfor critical gene
identification and Pan-Cancer classification. For example, gene arrangement in the mutation map and
labelledcolour may potentially be significant features that the deeplearning algorithm uses for categorization.
Therefore, further research is required to fully understand those elements and develop an integrated model for
precise cancer profiling.
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