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Abstract 
Cancer is a disease that seriously threatens human life, and the study of cancer subtype 
classification has become the focus of current research. Gene expression profiles are an 
effective and widely used data in cancer research, but the sparse high-dimensional 
features lead to suboptimal results of classification methods. In this paper, we propose 
a deep learning method combining fully connected layer (FC layer) and convolutional 
neural network (CNN): FCDN to learn its key features from sparse high-dimensional data 
for cancer classification. Specifically, in the process of nonlinear dimensionality 
reduction, the key features are learned from the sparse global features, thereby 
overcoming the high-dimensional sparsity challenge. In the experiments, we compare 
the performance of FCDN with other four classification methods on high-dimensional 
datasets. The results show that the overall performance of FCDN is better than other 
methods, and it can obtain more ideal classification results. 
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1. Introduction 

Cancer is a heterogeneous disease that seriously threatens human life, but has multiple pathogenetic 
and clinical features. The Global Cancer Statistics report indicates that there were an estimated 18.1 
million new cancer cases and 9.6 million cancer deaths worldwide in 2018, with nearly half of all 
cancer cases occurring in the Asian region; the number of cancer cases in China will rise to 4 million 
in 2020 and will cumulatively cause nearly 3 million deaths. Research has now found that many 
cancers include several subtypes in terms of different outcomes and treatments that can aid in cancer 
diagnosis[1~2]. Therefore, cancer subtype classification studies can provide useful insights into 
disease pathogenesis, facilitate accurate cancer diagnosis and personalized cancer treatment, and have 
important implications for cancer research. 

With the continuous emergence of new omics technologies, the development of omics research in the 
direction of quantitative and high-throughput has been accelerated. A large number of studies have 
determined the specific subtypes of cancer through the analysis of multi-omics data. Among them, 
gene expression data reflect the abundance of mRNA, the transcriptional product of genes, in cells 
obtained by direct or indirect measurements[3]. These data elaborate the genes that are altered and 
the correlation between genes, and have important applications in medical diagnosis and drug therapy. 
They have been widely used in several cancer studies. 

Gene expression data are characterized by high dimensionality, small samples, and too sparse, which 
makes traditional classification algorithms or other methods vulnerable to interference of redundant 
information in their classification results due to too sparse features when using biological data for 
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cancer subtype classification prediction. Molecular subtypes of cancer can be formulated as a 
supervised learning problem that uses established subtypes as class labels for feature selection[4]. 

In the past studies, Yang Guo et al.[5] in 2019 respectively used stacked autoencoder (SAE) neural 
networks to learn different high-level representations from gene expression data and transcriptome 
selective splicing data, and then integrated by a layer of learning layers to finally classify patients 
into different cancer subtype groups, providing a deep learning method to effectively integrate 
multiple data to identify cancer subtypes; Jing Xu et al.[6] proposed a Deep Flexible Neural Forest 
(DFNForest) model in the same year, which is a new FNT model ensemble. It deepens the flexible 
neural tree model with a cascade structure and obtains higher classification performance, which can 
help cancer subtype classification; Duan Hua et al.[7] used an extreme random tree model as a 
classifier in 2021, and used linear discriminant analysis to reduce the dimensionality of gene 
expression profiles. Compared with GBDT, LightGBM and other classification methods, the 
classification accuracy was improved to a certain extent. These studies have shown that methods such 
as machine learning and deep learning can learn effective features from genetic data, and are highly 
effective in cancer classification research. However, the results of the above classification methods 
are not ideal and are susceptible to interference by redundant information. To address the still existing 
problems, this paper proposes a nonlinear dimensionality reduction deep learning method that can 
learn effective features from sparse data matrices for classification. 

2. Methods 

2.1 Data Processing 

Data processing consists of two steps, namely data preprocessing and data enhancement. Data 
preprocessing is to standardize the training data to eliminate the dimensional influence between 
features and make different indicators comparable. The specific normalization operation is to 
normalize the processing features. The features are uniformly mapped to the [0,1] interval. Data 
enhancement is to take into account the characteristics of small samples of cancer data, so this paper 
uses the SMOTE algorithm[8] to enhance the cancer data set, so that each type of sample is balanced 
on the training set. 

The basic idea of the SMOTE algorithm is to analyze the minority class samples and manually 
synthesize new samples to add to the dataset based on the minority class samples. The algorithm flow 
of Smote is as follows. 

1) For each sample x in the minority class, calculate its distance to the set of samples in the minority 
class in terms of Euclidean distance S  of all samples in the minority class to obtain its K-nearest 
neighbors. 

2) Determine a sampling multiplier N based on the sample imbalance ratio, and for each minority 
class sample x, randomly select a number of samples from its K nearest neighbors 𝑥 ;. 

3) For each randomly selected nearest neighbor 𝑥  , respectively, a new sample is constructed with 
the original sample according to Equation (1). 

 

𝑥 = 𝑥 + 𝑟𝑎𝑛𝑑(0,1) ∗ (𝑥 − 𝑥)                              (1) 

2.2 Network Model 

This paper proposes a deep learning method FCDN that combines FC layer and CNN to learn 
effective features from a sparse data matrix in the process of nonlinear dimensionality reduction. The 
convolutional neural network has been widely used in the image field, and its core is the dot product 
of the convolution kernel and the pixel value matrix. From the data level, the use of convolutional 
network and gene expression data matrix multiplication can theoretically extract important local 
features, but it is possible to ignore the influence of global features. Therefore, we first use the fully 
connected layer to learn global features, and then retain the deep features through CNN. The 
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combination can obtain effective interactive features for classification. The network model is as 
follows: 

 

 
Figure 1. Network model diagram 

2.2.1 Convolutional Layers 

The convolutional layer is the key to build a convolutional neural network, which generates most of 
the computation in the network and is an important part of learning features. In functional analysis, 
the functional definition of convolution can be understood as a two-dimensional to one-dimensional 
computation, i.e., the convolution of f(x,y) and g(x,y) yields a new function z(x,y), which can be 
expressed as the following equation. 

 

        z(x, y) = ∫ ∫ 𝑓(𝑠, 𝑡) ∙ 𝑔(𝑥 − 𝑠, 𝑦 − 𝑡) 𝑑𝑠𝑑𝑡                    (2) 

 

The above formula can be understood as, z(x,y) is the calculation result of two integrable functions 
f(x,y) and g(x,y). Specifically, f(x,y) represents the image pixel point Data, g(x, y) represents the 
convolution kernel operation of the convolution. The whole process is the result of the superposition 
of the products of the convolution kernels acting on the image pixels respectively. 

The data used in this paper is a sparse gene expression data matrix, which is the same as the pixel 
value matrix of the image. The difference is that the image is divided into colors, and the calculation 
process is three-channel, so it is set to one channel as the input and sent to the convolutional neural 
network. In the convolution layer, the unit used for convolution calculation is called the convolution 
kernel. During the convolution process, each kernel slides on the input matrix, multiplies the matrix 
value with the corresponding value on the convolution kernel, and combines all the Multiply values 
are added until the entire numeric matrix is swiped. Therefore, the convolution kernel can be said to 
be the most important parameter in the convolution calculation. The output result is affected by the 
number and size of the convolution kernel. Choosing the right size of convolutional kernel is crucial 
for convolutional layers. 

The spatial size of the output data (N,W2,H2,D2) is calculated from the input data size (N,W1,H1,D1) 
by the convolutional kernel size f, step size s, the number of convolutional kernels k and the number 
of zero padding p in the convolutional layer. The size of p is generally determined by setting the 
padding parameter. We set the padding to the same mode, which represents the height and width of 
the output as the input size divided by the step size (s) rounded up. where N represents the number of 
samples and D2 = k. The specific calculation formulas are as follows. 
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                   W2 = + 1                                    (3) 

 

                   H2 = + 1                                    (4) 

2.2.2 Pooling Layer 

A pooling layer is inserted periodically between successive convolutional layers. It serves to 
gradually reduce the spatial size of the data body, in which case the number of parameters in the 
network is reduced, resulting in less computational resource consumption and effective control of 
overfitting. In this paper, we use maxpooling, and the pooling process is similar to the convolution 
process, as shown in the figure below, which indicates that the values in a 4*4 neighborhood are 
scanned with a 2*2 convolution kernel with a step size of 2, and the maximum value is selected for 
output to the next layer. Where a convolution kernel of 2 means that the height and width of the input 
data are halved and the number of channels remains the same. 

 

 
Figure 2. The max pooling process 

2.2.3 Activation Function 

Deep learning method is a nonlinear dimensionality reduction method because of the use of nonlinear 
activation functions that can learn more complex and effective features. The choice of activation 
function is crucial for a good neural network and usually determines whether the neurons pass 
information or not, which determines the training effectiveness of this neural network. In this paper, 
we choose the name GELU as the nonlinear activation function for each layer, which owns better 
results compared to the widely used activation functions such as relu[9]. The following figure shows 
the classification errors of the three activation functions after 200 epochs on the Cifar-10 dataset. It 
can be seen that GELU converges the fastest and has the smallest classification error. 

 

 
Figure 3. Activation function classification error image 
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The function formula of GELU is: 

 

GELU(X) = x ∙ ϕ(x), x~N(0,1)                        (5) 

 

 where x is the input, ϕ(x) = P(X ≤ x), X is a Gaussian random variable with zero mean and unit 
variance, and P(X<=x) is the probability that X is less than or equal to a given value x. For the GELU 
activation function, the probability of retention is higher when x is larger, and the smaller x is the 
more likely it is to be normalized to 0. There is a certain probability that it is not 0 when it is less than 
0. The approximate formula is. 

 

               GELU(x) = 0.5x(1 + tanh( 2 π⁄ (x + 0.044715x )))              (6) 

2.2.4 Classification 

FCDN uses three fully connected layers to predict the results of the extracted features by combining 
the learning process of neural networks. And Dropout layer is added between each layer to discard 
some useless information, which can enhance the generality and convergence speed of the network. 

Finally, the loss function of the neural network is chosen as SparseCategoricalCrossentropy function, 
which can transform the true label value of the number into one-hot encoding, and then calculate the 
classification loss with the tensor value predicted by the neural network. The multicategorical loss 
function is actually the sum of multiple bicategorical losses. The specific calculation formula: 

 

Loss = − ∑ (𝑦 log 𝑓(𝑥 ) + (1 − 𝑦 )log (1 − log 𝑓(𝑥 ) )          (7) 

 

In order to demonstrate the effectiveness of the FCDN method, this paper selects four methods 
XGBoost, SVM, SAE, and FGCNN[10] for experiments to compare the performance between the 
models. 

XGBoost (eXtreme Gradient Boosting) is extreme gradient boosting. Based on the algorithm 
framework of GBDT, it improves computational efficiency, missing value processing, and prediction 
performance through parallel trees. 

SVM (Support Vector Machine ) is a generalized linear classifier that classifies data in a supervised 
learning manner.  

SAE is a neural network model consisting of autoencoders, which is a widely used nonlinear 
dimensionality reduction method[11]. 

FGCNN is a deep learning method that uses CNN for feature generation, which can learn effective 
interactive features. 

3. Experiment 

3.1 Experiment Setup 

The experiments in this paper use the Tensorflow2.4 framework to realize the construction of the 
neural network. During model training, the dataset is divided into training set and test set according 
to 8:2, and we set random seeds. The Adam method  is used to optimize the parameters during 
gradient descent, and the learning rate is set to 1e-3. 

3.2 Experimental Data 

To verify the effectiveness of FCDN, we conducted experiments on breast and bladder cancers. The 
breast cancer dataset comes from the METABRIC study[12].The PAM50 subtype was used as the 
sample label[13]. PAM50 divided breast cancer into six subtypes, including Basal, HER2+, luminal 
A/B, normal- like, normal[14]. The bladder cancer dataset comes from the TCGA project, which 
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includes clinical data on various cancers. We used the R package BLCAsubtyping to label bladder 
cancer samples according to the TCGA classification systems[15]. TCGA divides bladder cancer 
samples into five subtypes, namely Luminal_infiltrated, Luminal_papillary, Luminal, Neuronal, and 
Basal_squamous. 

3.3 Experimental Results and Analysis 

Evaluation metrics are important criteria for assessing the performance of a model. Setting an 
evaluation criterion and comparing the results of each model's operations can be a very 
straightforward way to see the strengths and weaknesses of its classification performance. 
Classification task usually use accuracy, precision, recall and F1-score as well as confusion matrix to 
measure the classification performance of the method. While the multi-classification problem can 
actually be decomposed into multiple dichotomous problems to solve, and considering the uneven 
number of samples in each category, the evaluation metrics of the multi-classification problem should 
be weighted according to the proportion of samples in each category to the total samples. 

Accuracy is the most used evaluation index in classification problems, representing the proportion of 
correctly classified samples to the total samples. Under the weighted average, the accuracy is 
calculated for each class inside the multiclassification, with its own class as the positive class and all 
other classes as the negative class. Calculate the accuracy rate of the i-th class 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦  multiplied 
by the proportion of the class in the total sample 𝑤 , and finally add and divide by the number of 
categories n.  

 

Table 1. Accuracy of classification methods 

Accuracy 

Dataset BRCA1000 BRCA20000 BLCA-TCGA 

XGBoost 95 

93.9 

95.1 

95 

95.2 

94.3 

94 

94.2 

94.3 

95.6 

96.1 

95.2 

96.2 

95.8 

98 

SVM 

SAE 

FGCNN 

FCDN 

 

Table 1 records the highest results of each classification method on three datasets. For BRCA, the 
accuracy of FCDN may be equal to other classification methods on the 1000-dimensional dataset, but 
on the 20000-dimensional high-dimensional dataset, the accuracy of FCDN is the highest. For the 
high-dimensional dataset of BLCA, the accuracy of FCDN is as high as 98% on the TCGA dataset. 
Its performance is a very stable. The other methods perform less well. It may be related to the deep 
learning method, because it can learn essential features in the training set and obtain a strong 
generalization ability. 

The precision rate refers to the proportion of positive samples among those predicted by the model, 
and the recall rate refers to the proportion of positive samples among those predicted by the model. 
The F1-score is the summed average of the two. For the weighted average, again, the precision and 
recall are calculated separately for each category, and then weighted and summed to obtain the 
average. To further examine the overall performance of the various methods, the experimental results 
of all methods are recorded in Table 2. 

As can be seen in Table 2, the three metrics of FCDN are the best among all methods on the three 
high-dimensional datasets, indicating that FCDN has the best overall performance. On the BRCA 
20000 dataset, FCDN achieves about 2-4% performance improvement in F1-score in particular. In 
addition, FCDN also performs well on BLCA dataset, indicating that FCDN has equally superior 
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generalization ability and can be generalized to different data with good generality. Combined with 
the above comprehensive analysis, the overall performance of FCDN is better than other classification 
methods. 

 

Table 2. Precision, recall, F1 of classification methods 

BRCA20000 

 Precision Recall F1-score 

XGBoost 94.7 

93.8 

95 

94.8 

97.5 

94.5 

93.7 

94.8 

94.6 

97.4 

94.5 

93.8 

94.8 

94.7 

97.5 

SVM 

SAE 

FGCNN 

FCDN 

BLCA-TCGA 

 Precision Recall F1-score 

XGBoost 96.7 

96.1 

96.3 

96.4 

98.2 

96.5 

96 

96.5 

96.5 

98 

96.5 

96 

96.4 

96.5 

98.1 

SVM 

SAE 

FGCNN 

FCDN 

 

The confusion matrix, also called the error matrix, is a situation analysis matrix that summarizes the 
prediction results of the classification model, which can be more intuitive to see how good the 
classification results are. In this matrix, the correct predictions are on the diagonal of the matrix, and 
the wrong predictions are distributed outside the diagonal[16]. Figure 4 shows the confusion matrix 
of several methods that perform well on BRCA 20000 dimensions, and the diagonal of each matrix 
is the samples correctly predicted by the classification methods, among which the samples outside 
the diagonal of FCDN are the least among several methods, with only 30 incorrect samples, which 
proves from another perspective that the classification error of FCDN is the smallest and the 
classification performance is the best, so the four classification metrics of FCDN are highest. 

 

 
Figure 4. Confusion matrix for several classification methods 

4. Discussion 

In this paper, we propose a deep learning method FCDN for cancer classification based on high-
dimensional genomic data, by combining FC layer and CNN network to build a neural network, and 
through the process of GELU activation function to achieve nonlinear dimensionality reduction and 
learn the key features in it to complete the classification task. In the experiments, comparative 



International Core Journal of Engineering Volume 8 Issue 9, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202209_8(9).0010

 

60 

experiments are conducted on high-dimensional datasets based on four evaluation metrics to verify 
that the classification performance of the FCDN method is superior and stable, and its generalization 
ability is also better than other classification methods. Finally, the confusion matrix intuitively 
certifies the reasons for having good classification performance.  

However, there are still limitations. The method proposed in this paper is supervised learning based 
on deep learning methods, so large-scale labeled cancer data are required, but it takes a lot of time 
and effort to get these data. Secondly, there are still many cancer subtypes that have not been fully 
identified, and it is not possible to use the method proposed in this paper for cancer classification. 

References 
[1] J. Stingl , C. Caldas , Molecular heterogeneity of breast carcinomas and the can- cer stem cell hypothesis, 

Nat. Rev. Cancer 7 (10) (2007) 791–799. 

[2] M.X. Liang , et al. , Integrative data analysis of multi-platform cancer data with a multimodal deep learning 
approach, IEEE-ACM Trans. Comput. Biol. Bioinform. 12 (4) (2015) 928–937. 

[3] D.S. Huang , C.H. Zheng , Independent component analysis-based penalized dis- criminant method for 
tumor classification using gene expression data, Bioin- formatics 22 (15) (2006) 1855–1862. 

[4] Chen R , Yang L , Goodison S , et al. Deep learning approach to identifying cancer subtypes using high-
dimensional genomic data[J]. Bioinformatics, 2019, 36(5).  

[5] Yang G , Shang X , Li Z . Identification of Cancer Subtypes by Integrating Multiple Types of 
Transcriptomics Data with Deep Learning in Breast Cancer[J]. Neurocomputing, 2018, 324(JAN.9):20- 
30. 

[6] Jing X ,  Peng W ,  Chen Y , et al. A Novel Deep Flexible Neural Forest Model for Classification of 
Cancer Subtypes Based on Gene Expression Data[J]. IEEE Access, 2019, PP(99):1-1. 

[7] Duan H, Huang JS, Zhang SH. Study of cancer subtype classification model based on gene expression 
profile[J]. Mathematical Modeling and its Applications, 2021, 10(3):7. 

[8] Chawla N V , Bowyer K W , Hall L O , et al. SMOTE: Synthetic Minority Over-sampling Technique[J]. 
2011. 

[9] Hendrycks D ,  Gimpel K . Bridging Nonlinearities and Stochastic Regularizers with Gaussian Error 
Linear Units[J]. 2016.  

[10] Liu B, Tang R, Chen Y, et al. Feature generation by convolutional neural network for click-through rate 
prediction[C]//The World Wide Web Conference. 2019: 1119-1129. 

[11] P. Vincent , et al. , Stacked denoising autoencoders: learning useful representa- tions in a deep network 
with a local denoising criterion, J. Mach. Learn. Res. 11 (2010) 3371–3408. 

[12] Curtis, C., Shah, S. P ., Chin, S.-F., Turashvili, G., Rueda, O. M., Dunning, M. J.,Speed, D., Lynch, A. G., 
Samarajiwa, S., Y uan, Y ., et al. (2012). The genomicand transcriptomic architecture of 2,000 breast 
tumours reveals novel subgroups.Nature, 486(7403), 346–352. 

[13] Sørlie, T., Tibshirani, R., Parker, J., Hastie, T., Marron, J., Nobel, A., Deng, S.,Johnsen, H., Pesich, R., 
Geisler, S., et al. (2003). Repeated observation of breast tumor subtypes in independent gene expression 
data sets. Proceedings of the National Academy of Sciences of the United States of America, 100(14), 
8418–8423. 

[14] Parker, J. S., Mullins, M., Cheang, M. C., Leung, S., V oduc, D., Vickery, T., Davies,S., Fauron, C., He, 
X., Hu, Z., et al. (2009). Supervised risk predictor of breast cancer based on intrinsic subtypes. Journal of 
Clinical Oncology, 27(8), 1160–1167.  

[15] Kamoun A , A De Reyniès,  Allory Y , et al. A Consensus Molecular Classification of Muscle-Invasive 
Bladder Cancer[J]. Social Science Electronic Publishing.  

[16] Hay A M . The derivation of global estimates from a confusion matrix[J]. International Journal of Remote 
Sensing, 1988, 9(8):1395-1398. 

 


