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Short Abstract

Diagnosing the type of cancer, which is called the subtype, is very important in determining the treatment process. This paper focuses on the diagnose
of the four subtypes of the brain cancer. Disease subtype diagnosis can be modeled as a classification problem. Due to the significant progress made in
bioinformatics in extracting genetic information from the human body, recently this information is widely used in the representing of patients in machine
learning. In this paper, three types of genetic information including mRNA, miRNA and DNA methylation are used.

It should be noted that combining different information sources in the form of multimodal data instead of using a single information source increases
the accuracy of information classification. To extract more desirable features from the original genetic data, auto-encoder has been used so that the
features extracted from auto-encoder are concatenated to the original genetic data.

Random forest has performed well as a classifier in classifying patients based on genetic information. By extending deep methods in neural networks
and their good performance, a version of deep random forest with layered structure has been proposed. The deep random forest has the advantage that
has a limited number of parameters and lower computational complexity in addition to the optimal performance in information classification. In this
paper, deep random forest is used to determine the subtype of a special type of brain cancer. The experiment results show the desired performance of
the proposed method.
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1-  Short Introduction (4-5 lines)

Genomic data have made significant progress in medical activities, including cancer related ones. Cancer diagnosis, cancer subtype Detection, cancer
stage prediction and cancer treatment line are examples of For cancer related tasks. GBM is a deadly brain cancer that has subtypes. Diagnosing the
subtype of a cancer is effective in its treatment process. In this paper, a method based on machine learning is proposed to detect the subtype of GBM
disease using genomic such that the problem of detecting the subtype of GBM is modeled as a classification problem. A classifier is designed for this

purpose.

2-  Proposed Work and Methodology (including comprision, simulation/experimental results and discusion)
In this paper, a model based on deep forest is presented for the classification of GBM cancer subgroups. For this purpose, three types of genomic data
including gene expression, miRNA and DNA methylation have been used. By using three separate autoencoders for each of the mentioned features,

with the aim of increasing the classification accuracy of subgroups detection, new features have been extracted. The accuracy of the proposed

classifier is compared with the basic methods, deep forest and DFNForest as the most similar method to the proposed method. The results of the
proposed method are promising.

3-  Conclusion (4-5 lines)

The use of genomic data is very effective in the analysis of cancer disease. Machine learning methods have made great progress in disease diagnosis
using genomic data. The recently proposed deep forest learning method has a high performance. In this paper, three genomic features including Gene
Expression, miRNA and DNA methylation are used using deep forest to detect GBM cancer subgroup.Also, augmented features extracted from the
three autoencoders. Some experiments have been conducted for GBM patients. The results show the effectiveness of the proposed algorithm.
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