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Abstract 
 

A key goal of precision health medicine is to improve cancer prognosis. Despite the fact 

that numerous models can forecast differential survival from data, progressive algorithms that can 

assemble and select important predictors from progressively complex data inputs are urgently 

required. As a result, these models should be capable to provide more information about which 

types of data are most significant for improving prediction. Because they are adaptable and account 

for data density in a non-linear manner, deep learning-based neural networks may be a feasible 

solution for both difficulties. In this study, we use Deep Learning-based networks to get how gene 

expression data predicts Cox regression survival in lung cancer. SALMON (Survival Analysis 

Learning with Multi-Omics Neural Networks) is an algorithm that collects and simplifies gene 

expression data and cancer biomarkers in order to enable prognosis prediction. When more omics 

data was comprised in model construction, the results (concordance index = 0.635 and log-rank 

test p-value = 0.00881) showed that performance improved. We employ eigengene modules from 

the results of gene co-expression network analysis as model inputs in its place of raw gene 

expression principles. This algorithm verified specific mRNA-seq co-expression modules and 

clinical information, which show crucial roles in lung cancer prognosis, revealing various 

biological functions by exploring how each contributes to the hazard ratio. SALMON also 

performed well compared to other Deep Learning Survival prognosis models. 
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Chapter 1 
 

Introduction 
 

1.1  Background 

 

Every year, the practice of medicine develops with more automated technologies that help 

and enhance the healthcare practice’s ability to be more productive in procedures and reliable in 

their experimental and assessments tests [1]. Machine learning improves the importance of data 

from the patients and redefines diagnostic processes. Cancer research has expanded and developed 

into various areas over time, incorporating deep learning approaches such as genome sequencing 

and image processing. Furthermore, experimental techniques and screening methods have 

improved the performance of cancer predictive methods test outcomes over a period of time [2]. 

There are technologies like genomic sequencing that can track and distinguish variations in 

input values and accurately recognize cancer types, which is even difficult for doctors to do 

manually. Deep learning is a form of artificial intelligence that is described as a technology that 

gathers raw data using a logical construct and functions similarly to the human brain [3]. Artificial 

Neural Networks (ANNs) are made up of neurons, which accept and retain information before 

passing it on to the next layer. It creates a multi-layered hybrid structure. This allows the machine 

to retrieve data without the need for human intervention [3].  

Imaging diagnosis, clinical trials, electronic pathology, patient readmission prediction, 

medication design, cancer and stromal cell classification, physician assistance, and other fields of 

health care have all benefited from deep learning and machine learning methods. Cancer prognosis 

is the process of estimating the prognosis of a patient's cancer, as well as the chances of recurrence 
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and development. The success of cancer prognosis estimation would have a major impact on 

cancer patient clinical treatment. The application of sophisticated predictive processing and 

machine learning approaches, as well as the advancement of biomedical translational science, are 

the guiding factors behind improving cancer prognosis prediction. 

In recent years computational power and rapid progress in artificial intelligence technologies, 

particularly in deep learning, have been significantly increasing. Moreover, it is possible to 

develop more effective and reliable models for predicting cancer prognosis more actively by 

reducing costs using those datasets available via open-source databases (for example, TCGA, GEO 

and BROAD databases). We also studied the latest published works that used in-depth learning 

for modeling the prediction of cancer prognosis. Deep learning has shown to be equal to or superior 

to current methods in cancer prognosis, such as Cox-PH. Deep learning could help boost cancer 

prognosis with the influx of multi-omics data, such as genomics, transcriptomic, and clinical data 

from cancer studies. 

In precision medicine and healthcare, where disease detection and prognosis are tailored to 

patients based on their genetic material, accurate cancer risk prediction is a particular concern. 

Cancer risk prediction allows to make an educated decision about whether to get routine screenings 

or not, which helps to diagnose the disease at an early stage and thereby improves the chances of 

survival and saving the life of a patient. 

Cancer risk prediction is a difficult task. Any factors that affect disease onset include lifestyle, 

climate, family background, and a genetic disorder. Predicting cancer risk based on predisposing 

genetic variations has been thoroughly researched. Most experiments have looked at the potential 

of mutations of identified mutated genes to predict cancers [2]. However, not many previous 

research has looked at the potential of cumulative genomic variants to forecast outcomes from 
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whole-exome sequencing results. To ensure that a predictive model generalizes to other datasets, 

it is critical to train it in one sample and forecast it in another similar independent study. 

It enables medical professionals to assess medical effectiveness and aids in the development 

of health care programmers and early-stage treatment strategies. Many studies have shown that 

doctors are inaccurate and too hopeful when forecasting a patient's survival time; as a result, the 

need for automated prediction systems based on genomic and medical imaging data is growing 

[3]. 

Even though several models can predict relative survival from data, sophisticated algorithms 

that can integrate and filter related predictors from increasingly complex data inputs are sorely 

needed. As a result, these models should be able to provide more information about which forms 

of data are most important for improving prognosis. Since they are extremely scalable and account 

for data complexities in a non-linear manner, deep learning-based neural networks could be a 

viable solution for both problems.  

Recent Deep Learning-based methods in Computational Biology and Bioinformatics have 

been widely used [4]. The benefits of studying non-linear functions and retrieving lower-

dimensional representations show how Deep Learning models have progressed. The use of Cox 

proportional hazards regression with a single transcriptomic dataset and multi-omics data in 

survival prognosis is of great importance in precision medicine [4]. For these purposes, 

combination of multi-omics data and Deep Learning-based survival prognosis models was used. 

Although most current methods use only one or a few forms of omics data, such as mRNA-seq 

and miRNA-seq data, the authors believe that adding more diverse data will lead to better 

modeling, particularly where machine learning is used [4]. Furthermore, traditional cancer 

biomarkers will also stratify patients into risk categories, and where available, these should be used 
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as well. For predicting tumor progression and immunotherapy, copy number burden (CNB) and 

tumor mutation burden (TMB) is particularly significant. During model development, other 

demographic and clinical data such as diagnosis age, estrogen receptors (ER) status, and 

progesterone receptors (PR) status should be taken into account [4]. High dimensionality is one of 

the issues with such diverse results. 

Most Deep Learning methods use multilayer perceptron (neural networks) with a large 

number of parameters to simplify. Overfitting occurs when large collections of parameters are 

optimized for small patient populations, rendering the models useless. Huang et al. 2019 [4] 

recommend using eigengene matrices instead of original mRNA-seq and miRNA-seq data 

obtained from co-expression analysis with the R kit "lmQCM". SALMON is a model that Huang 

et al. 2019 [4] developed using neural network architecture, multi-omics data, and the Cox 

proportional hazards model (Survival Analysis Learning with Multi-Omics Neural Networks). 

SALMON takes as input co-expression modules, specifically the eigengene matrix resulting from 

co-expression network analysis. It significantly decreases the dimension of the original function 

space, alleviating the "curse of dimensionality," while also improving the model's robustness and 

learnability. This novel technique was not adopted by any other Deep Learning-based survival 

prognosis model such as Cox-nnet. Since SALMON is trained on co-expression module 

eigengenes rather than gene expresses, it enables to examine the contribution of co-expression 

modules to the danger ratio. Specific genes from the original lmQCM gene co-expression network 

study was used in these gene co-expression modules. Gene enrichment research was used to 

validate certain gene regulators and biological processes in genes from modules that added 

significantly to the hazard ratio. 
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1.1.1 Survival Analysis 

 

Lung cancer is one of the most diverse malignancies, with a wide range of prognoses. In 

recent decades, a considerable deal of research has been done on lung cancer prognostication, the 

most well-known of which is the tumour node metastasis classification (TNM classification) for 

lung cancer [5], [6], [7]. It has served as a clinical treatment guideline. The IB-IIA stage has a five-

year survival rate of 65 to 73 percent in the eighth edition of the TNM classification for lung 

cancer, which is a rather high rate. In practice, however, many IB-IIA stage patients experience a 

relapse and die within five years after treatment. Differentiating individuals in the IB-IIA stage 

with a high risk of recurrence and death from those with a low risk of recurrence and death is 

important for guiding subsequent treatment and may improve lung cancer prognosis. Furthermore, 

the clinicopathologic variables utilized in TNM classification are restricted in their ability to 

predict outcomes for individual patients and to incorporate novel variables into current prognostic 

models [7]. A novel survival analysis approach is desperately needed to establish fine-grained 

prognoses for individual patients with IB-IIA stage lung cancer, allowing for more precise 

individual prediction by incorporating an increasing number of prognostic markers. 

One of the most well-known survival analysis approaches is Cox proportional hazards 

regression [2], [8], [9]. It has been included in a number of well-known software toolboxes and is 

frequently utilized in a variety of prognostic prediction activities, including the TNM classification 

for lung cancer [5], [6], [7]. The semi-parametric Cox proportional hazards model is susceptible 

to a linear model [8]. It assumes that the covariances that affect the hazard rate are independent, 

which is a crucial assumption regarding the hazard function. However, the link between variables 

and outcomes is complex and uncertain, and variables may interact [9]. Deep neural networks 

(DNNs) are apparent to be a promising method to solve these problems. 
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The DNN is a type of computational models for artificial intelligence that are inspired by 

biology. When given enough neurons, DNNs have been shown to be able to approximate any non-

linear function. In general, a DNN is a very complicated non-linear model that learns latent 

characteristics directly from data [10]. It has shown outstanding results in a variety of applications, 

including image classification [11], [12], natural language processing [13], [14], biological 

analysis [10], [15], and survival analysis [1], [6], [16]. 

The majority of DNN-based survival analysis methods may be split into two paradigms. 

The first is to construct the survival analysis as a classification issue in order to determine the 

likelihood of surviving at various predetermined time points [7], [14]. In [15], neural networks 

were employed to increase the accuracy of breast cancer patients' five-year survival predictions. A 

neural network model trained on some prognostic markers was shown by Lundina et al. to 

accurately predict specific 5-, 10-, and 15-year breast cancer survival [7]. 

 

1.1.2 DNA 

 

DNA (deoxyribonucleic acid) is the substance that forms chromosomes that are found in 

living organisms' cells. It contains information on how to make proteins that support the cell and 

is contained in the chromosomes of an organism [5]. DNA is a massive macromolecule made up 

of nucleotides, which include sugar, base, and phosphate groups. These components combine to 

form a DNA strand, and when two strands join together, they form a DNA structure known as a 

double helix [17]. What connects these strands are the Nitrogenous bases. Figure 1 shows the four 

different nitrogenous base molecules. They are adenine (A), thymine (T), guanine (G), and 

cysteine (C). The bases form pairs and only form bonds with other nitrogenous bases, such as 
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adenine and thymine, and cytosine and guanine. The differing order of nitrogenous bases produces 

different genetic attributes that contain knowledge for the various functions of cells [5]. 

Figure 1. DNA sequence with the nitrogenous base [5] 

 

A genome is a set of DNAs that contains many genes. These genes, which can be present 

in any cell, provide information that is required for the development and preservation of an 

organism. A human's whole genome contains over 3 billion DNA base pairs (bp) [18]. Base pairs 

are units made up of two nucleotides that are joined together by hydrogen bonds to form the 

building blocks of a DNA helix. Genome annotations are used to describe the portion of the gene 

that specifies its function. This technique is used to identify coding and non-coding regions on a 

DNA sequence and to provide information about their function [19]. The coding strand of DNA 

contains the message code for producing proteins for cells, while the non-coding strand is 

regulatory, determining when the genes are used [19]. 
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1.1.3 Cancer 

 

Cancer is the world's second leading cause of death, according to the WHO [20]. It is 

described as abnormal cells that develop rapidly in any part of the body [1]. Cancer is a category 

of disease that can manifest in a variety of ways and manifest in a variety of symptoms. Cancer is 

caused by a variety of factors, including genetic variation and poor lifestyle decisions. A Genetic 

mutation occurs in the DNA amino acid chain, which alters or shifts the composition of the DNA 

sequence and results in mutant cells of varying sequence order. There are many steps of testing 

potential cancer patients, including blood checks and physical examinations. 

 

1.1.4 Cancer risk factors 

 

There are different risk factors for cancer. These are: 

i. Inherited gene mutation causes only 5-10% of all cancers. 

ii. Rest of the 90-95% of all cancers is because of the effect of environmental factors and 

lifestyle pattern including: 

 Tobacco smoking 

 Alcohol consumption 

 Diet (Excessive consumption of junk food and red meat) 

 Obesity 

 Environmental pollutants 

 Physical inactivity 

 Exposure to the sun 

iii. Few biological agents have the potential to produce cancer. 
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1.1.5 Cancer staging 

 

Two agencies, the Union for International Cancer Control (UICC) and the American Joint 

Committee for Cancer Staging and End Results Reporting (AJCCS) introduced the specific 

international classification system (T, N, and M) to explain the stage of the disease. Table 1 shows 

the stages of cancer, where T represents the primary stage, N represents the local lymph nodes 

participation and M represents the presence or absence of metastasis.  

 

Table 1. Stages of Cancer 

Stages Classification Location Nodal spread Treatment Survival 

chances 

I T1NoMo Limited to 

origin 

Not spread Operable 70-90% 

II T2N1Mo Spread to 

surroundings 

Spread Removable, 

but may not 

completely 

45-55% 

III T3N2Mo Spread and 

fixed in 

tissues up to 

3cm 

Spread and fixed 

deeper 

Removable, 

but not 

completely 

15-25% 

 

1.2  Objectives of the study 

 

The purpose of this study is to do a comparative analysis study on how gene expression data 

predicts Cox regression survival in lung cancer. Moreover, we will develop a more effective and 

reliable model for survival analysis in patients with lung cancer more actively by reducing costs 
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using those datasets available via open-source databases (for example, TCGA, GEO and BROAD 

databases). 

We used Deep Learning-based networks to see how gene expression data predicts Cox 

regression survival in Lung cancer in this research. SALMON (Survival Analysis Learning with 

Multi-Omics Neural Networks) is an algorithm that aggregates and simplifies gene expression data 

and cancer biomarkers in order to allow prognosis prediction. When more omics data are used in 

model building, the results showed that accuracy increased. We use eigengene modules from the 

results of gene co-expression network analysis as model inputs instead of raw gene expression 

values.  

The related high impact co-expression modules and other omics data were defined using 

Ordinal Multi-modal feature selection method, then investigated using enrichment analysis and 

biological functions. Our study shows the feasibility of discovering Lung cancer-related co-

expression modules, sketch a blueprint of future endeavors on Deep Learning-based survival 

analysis.  

The main focus of this study is to examine the Epigenomics data using the gene expression 

of Lung Cancer. This study proposes to build a model with high accuracy for Survival Analysis 

Learning with the Multi-Omics Neural Networks hybrid method. The main objective is to test and 

validate the method to get higher accuracy. The features were selected using Ordinal Multi-modal 

feature selection method from raw data with 5-fold cross-validation on training and validation 

data. The performance metrics used to test the models include accuracy, precision, recall, and area 

under the receiver operating characteristics (ROC) curve (AUC). Statistical analysis was 

performed to analyze for the significant difference in the mean values of the performance metrics 

achieved with different models. 
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1.3  Outline of the thesis 

 

 In Chapter 2, we discuss the literature review of related work towards cancer prediction 

using machine learning and deep learning and survival analysis.  

 In Chapter 3, data sets, data processing, classification, and feature extraction with 

different feature selection methods are discussed in detail. 

 In Chapter 4, the results of our experimentation are discussed.  

 Chapter 5 concludes the study and future work are discussed. 
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Chapter 2 
 

Literature Review 
 

The Cox proportional hazards model (Cox-PH) is a multivariate semi-parametric 

regression model often used in cancer trials to compare survival characteristics between two or 

more treatment classes [21], [16]. To create the models, some early attempts in cancer prognosis 

used clinical tumor and patient data [22], cellular features from tissue slides [9], or gene expression 

data [23]. These studies compared the performance of Neural Network (NN) to Cox-PH and/or 

Kaplan Meier methods to demonstrate performance and found that simple NN models performed 

similarly to these methods. Also, in these studies, feature selection was not necessary because 

without omics data the number of features was relatively small. 

 

2.1 NN Models with no Feature Extraction 

 

Cox regression was used as the output layer to construct NNs to forecast cancer survival 

because of its wide acceptance in survival prediction. Cox-nnet [8] is a Neural network that uses 

TCGA genomic data as input and Cox regression as output. To prevent overfitting, they used 0 to 

2 hidden layers and a mixture of ridge and dropout in training the NN to measure ridge 

regularization, dropout, and NN difficulty reduction. In their trial, they found that dropout and 

reducing NN complexity by using one hidden layer performed well for avoiding overfitting. In the 

TCGA datasets that they studied, they found that Cox-net outperformed Cox-PH, Cox-boost 

(based on gradient boosting), and random forest in terms of efficiency. To conduct survival 

analysis, Katzman et al. [24] developed DeepSurv, a neural network model. DeepSurv is a feed 
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forward NN that uses clinical data from patients as feedback and optimizes for various datasets 

using dropout, learning rate decay, regularization, and other widely used hyper-parameters. Their 

findings revealed that this model outperformed Cox-PH models. Another neural network model, 

Rank Deep Survival, has taken DeepSurv's basic architecture and increased the network's depth to 

create 3–4 hidden layers' Deep Neural Network (DNN) to conduct survival analysis in a variety of 

datasets, including cancer datasets [25]. They've also modified the loss function by including the 

total of mean squared error loss and a pairwise ranking loss based on survival data ranking 

information [25]. In breast cancer datasets from the Molecular Taxonomy of Breast Cancer 

International Consortium (METABRIC) and the German Breast Cancer Study Group (GBSG), 

they found that the Rank Deep Survival model outperformed Cox-PH models and DeepSurv 

models (GBSG). Both of these experiments found that their models outperformed Cox-PH models 

in a variety of disease datasets, including heart disease and diabetes, implying that deep learning 

models can be applied to a variety of tasks. 

Joshi et al., 2006 [22] investigated Melanoma cancer using clinical data from 1946 patients 

(1160 females and 786 males) with a three-layer NN Normalized input to estimate survival time 

using Sigmoid activation in the output layer and found that their results were comparable to those 

of Cox and Kaplan Meier statistical approaches.  

In a similar study, Chi et al., 2007 [9] studied the Breast cancer Cell images features 

datasets (Dataset 1: 198 cases; Dataset 2: 462 cases) using a 3-layer Neural Network with 30 input 

nodes and 20 hidden nodes to predict the Survival time with 1000 iterations of training the network 

and Sigmoid activation with 10-fold cross-validation and reported the results as good as 

conventional methods. 

Petalidis et al., 2008 [23] studied the Astrocytic brain tumour cancer using a list of gene 
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expressions from microarray data of sample size 65 with a single layer perceptron and an output 

of multiple binary models. The number of inputs equal the number of classifier genes in different 

models, with a learning Rate of 0.05 and 100 iterations to train the model with Leave-one-out 

cross-validation. It was found that 44, 9 and 7 probe sets for different tumour grade (GB-AA, AA-

A and GB-A) achieved 93.3%, 84.6%, and 95.6% validation accuracy, respectively. 

In another study, Katzman et al. 2018 [24] studied the Breast cancer METABRIC 

(Molecular Taxonomy of Breast Cancer International Consortium) and GBSG (the German Breast 

Cancer Study Group) dataset, 4 gene indicators (MK167, EGFR, PGR and ERBB2), and clinical 

information (1546 training, 686 testing) using a Neural Network with 1 dense layer, 41 nodes, 

Scaled Exponential Linear Units (SELU) activation function, Adam optimizer, dropout layer, 

Learning Rate decay, the momentum of 20% to predict the Survival time of patients. It was found 

that the Concordance index (CI) of 0.654 for METABRIC and 0.676 for GBSG, which were both 

better than CI of Cox-PH (0.486). 

Jing et al. 2019 [25] studied Breast cancer using the nasopharyngeal carcinoma dataset 

from METABRIC, GBSG, NPC 7 with 8–9 clinical features using a Neural Network with 4 hidden 

layers, 45 nodes of each with dropout, L1 and L2 regularization, momentum, and Learning Rate 

decay. It was found that the models trained were better than Cox-PH and DeepSurv with 

Concordance index ranges 0.681–0.704 depending on input data for NPC, which was better than 

Cox-PH. 
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2.2 Feature Extraction from Gene Expression Data to Build Fully Connected                

       NNs 

 

High-dimension, small sample size, and dynamic non-linear effects between biological 

components characterize health evidence [26], [27]. The integrative study of multi-omics data is 

supported by dimension reduction [28]. These studies compared various algorithms for reducing 

the dimension of sequencing results, extracting a smaller number of functions, and training a 

completely connected NN. Peng et al. 2005 [29] used a tool called minimum redundancy 

maximum relevance (MRMR) to minimize the dimensionality of gene expression data and copy 

number alteration (CNA) data in analysis to estimate breast cancer prognosis by removing 400 

genes from gene expression data and 200 genes from CNA data [30]. Finally, using a weighted 

linear aggregation, the prediction outputs of these three NN models (Convolutional NN, Recurrent 

NN and Artificial NN) were summed together to determine a final prediction value. By combining 

multi-dimensional data, they called this model Multimodal Deep Neural Network (MDNNMD). 

When they used a threshold of 0.443–0.591, they found that it has a high precision (0.95–0.99) but 

poor sensitivity (0.2–0.45). To demonstrate model results, they stated that MDNNMD 

outperformed other methods such as SVM, random forest, and logistic regression in terms of 

AUROC (0.845), accuracy, and precision. One of the reasons for the model's large output gap 

between specificity and sensitivity is possibly due to the NN's training data being imbalanced (491 

short-term survival versus 1489 long-term survival cases). 
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2.3 CNN-Based Models 

 

Since state-of-the-art networks have been developed using Convolutional Neural Network 

(CNN) [31], [32], [33], [34] and Recurrent Neural Network (RNN) [35], [36], deep learning has 

seen the most important advances in recent years. CNN has had a lot of success in visual 

recognition/classification and computer vision, and RNN has had a lot of success in natural 

language processing (NLP) and sequencing data investigation. Classification of skin cancer types 

[37], [38], identification of pathological histological slides [39], identification of a plague region 

of Alzheimer's patients, classification of cancer cells from normal cells using nuclear 

morphometric measure [40], and extraction of information from electronic health records. CNN 

has been used to classify cancerous tissue for survival estimation and feature extraction for 

downstream prognosis in cancer prognosis studies. RNN layers were also used in some of these 

experiments to derive sequential information from the data. The brain tumour glioblastoma 

multiforme (GBM) is a type of glioblastoma. Longer survival and improved reaction to the drug 

temozolomide has been linked to methylation of the O6-methylguanine methyltransferase 

(MGMT) gene promoter. As a result, the methylation of the MGMT gene has been proposed as a 

biomarker. Verification of the MGMT gene promoter in the brain, on the other hand, is complex 

and intrusive. ResNet50 [33], a 50-layer pre-trained CNN platform, was used for transfer learning 

using high-quality MRI images from patients who had labelled details of the methylation status of 

the MGMT promoter and achieved the highest accuracy of ~95% compared to ResNet18 and 

ResNet34 [41]. Another study used brain MRI images from a separate population of GBM patients 

to create a bidirectional convolutional recurrent NN (CRNN) model to predict the methylation 

status of the MGMT gene promoter and to predict patient exposure to temozolomide based on the 

methylation status prediction [42]. RNN layers were applied to this model to collect sequential 
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information from MRI images [42], but the result was not well studied since the model's output 

was not measured with and without the RNN layer. The authors used a variety of approaches to 

minimize overfitting in this analysis, including L2 regularization, dropouts, and data augmentation. 

Although the training accuracy was good (0.97), the validation and test accuracies were just 0.67 

and 0.62, indicating that the model was already overfitting to the training results. Instead of 

forecasting the methylation status of the MGMT gene promoter in glioblastoma cancer, 

Mobadersany et al. [43] trained a survival convolutional NN (SCNN) in glioma and glioblastoma 

using histology photographs, clinical evidence with or without genomic markers and showed that 

the prediction capacity of this NN has exceeded the prognostic precision of the WHO genomic 

classification and histologic grading in 2018. Regions of interest (ROIs) that contain viable tumour 

cells were detected in tissue images by a web-based platform using H&E-stained tissue parts from 

769 patients to train a CNN with Cox proportional hazard regression as the output layer to forecast 

patient outcomes. They also contrasted how well the NN performed with and without genomic 

data (i.e., IDH gene mutation and 1p/19q codeletion). They found that adding genomic data 

increased results, raising the median c-index from 0.754 to 0.801. 

CNN models may also be used to remove features from images in order to create other 

machine learning models that forecast cancer prognosis. The most prevalent and lethal histological 

form of ovarian cancer is high-grade serous ovarian cancer (HGSOC). Wang et al. [44] built a 

Cox-PH survival prediction model using CT-based images and a CNN model to retrieve image 

attributes. A feature extraction cohort of 102 HGSOC patients who underwent debulking surgery 

and were followed for two years was used in this research. An unsupervised CNN model for feature 

extraction of a 16-dimensional feature vector was trained using a total of 8,917 tumour images. 

The feature vector was then fed into a multivariate Cox-PH regression model to determine the 
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relationship between the feature vector and HGSOC recurrence. 

 

2.4 Research related to this Study 

 

This study is inspired from the work of Huang et al. 2019 [4] on Survival Analysis Learning 

with Multi-Omics Neural Networks on Breast Cancer. The authors implemented Deep Learning-

based networks which is an algorithm called Survival Analysis Learning with Multi-Omics Neural 

Networks (SALMON) to establish how gene expression data predicts Cox regression survival in 

breast cancer. The results showed that performance improved when model construction used more 

omics data. 

Multiple layers of artificial neurons that replicate neurons in the human brain make up deep 

learning. Each neuron has a weight value that is adjusted by the gradient descent process during 

backpropagation to minimize the global loss function, similar to linear regression [31]. More 

abstract mathematical relationships were retrieved from the input data to transfer to the output by 

applying nonlinearity utilizing activation functions such as Sigmoid, Tanh, or ReLU to the 

numerous layers of each neuron. 

As a result, a well-trained model can be used to forecast fresh unlabeled data. Deep learning 

is a subset of machine learning, so it inherits some of the same foundational knowledge as machine 

learning, such as basic probability and statistics, loss/cost functions, and so on, but it also has more 

flexibility, allowing for more complex layers and multiple neurons in each layer to improve 

predictive power. Fully connected NN (or simply NN) for structured data, convolutional NN 

(CNN) for image data, and recurrent NN (RNN) for text and sequence data are the most often 

utilized NN in medical research. 
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ToppGene Suite imports the co-expression modules developed by lmQCM (Chen et al., 

2009). We performed functional analysis, including Gene Ontology (GO) and cytoband analysis, 

using ToppGene. For GO analysis and cytoband analysis, the false discovery rate (FDR) of 0.05 

and 1.0, respectively, were regarded considerably enriched. Up-regulated genes in human tissues 

were also studied for some specific co-expression modules in the Human Gene Atlas. 

A key goal of precision health medicine is to improve cancer prognosis. Even though 

numerous models can predict differential survival from data, advanced algorithms that can collect 

and select important predictors from increasingly complex data inputs are urgently needed. As a 

result, these models should be able to provide more information about which types of data are most 

important for improving prognosis [8]. 

Because they are very adaptable and account for data complexity in a non-linear manner, 

deep learning-based neural networks may be a viable solution for both difficulties. We use Deep 

Learning-based networks to see how gene expression data predicts Cox regression survival in lung 

cancer in this study. SALMON (Survival Analysis Learning with Multi-Omics Neural Networks) 

is an algorithm that simplifies and gathers cancer biomarkers and gene expression data to enable 

prognosis prediction [4]. 

When more omics data was used in model construction, the results showed that 

performance improved. We use eigengene modules from the results of gene co-expression network 

analysis as model inputs instead of raw gene expression values. The associated high-impact co-

expression modules and other omics data are selected using a feature selection technique, then 

investigated using enrichment analysis and biological functions, escalating the interpretation of 

input features from gene to co-expression module-level [38]. Our findings demonstrate the 

viability of detecting lung cancer-related co-expression modules and lay the groundwork for future 
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Deep Learning-based survival analysis research. 

Second leading cause of cancer death is lung cancer. Prediction of overall survival for lung 

cancer patients can facilitate the decision-making of treatments and serves as potential metrics for 

the evaluation of drug responses. Multi-omics data analysis is one of the most promising 

approaches for personalized survival prediction by utilizing molecular-level multi-scale 

information of the patient. However, the challenging task is the effective integration of multi-omics 

data. Overall survival prediction for lung cancer patients can be improved by integrating multi-

omics data, including DNA methylation, copy number variations, gene expression and miRNA 

expression. We can assume features from each data modality are connected by either association 

or casual relationships with close interactions among the multi-omics data, which are both impact 

the survival of cancer patients. We propose to learn modality-invariant representations from deep 

neural networks by divergence-based consensus regularization instead of learning the explicit 

relationships of these features among various multi-omics modalities. 
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Chapter 3 
 

Data and Methods 
 

In this chapter, the data, its’ processing and the research methods are discussed. To enhance 

performance metrics and pick the optimal subset of characteristics that illustrate the problem, we 

explored a range of techniques. We used several parameter settings to try to maximize the 

performance of each technique. At each stage, we used the literature to help us choose the optimal 

approach. 

 

3.1 Data  

 

In this study, we analyzed 530 patients’ data with lung invasive carcinoma that consists of 

five different forms of omics data, including gene expression (illuminahiseq rnaseqv2-RSEM 

genes normalized) and miRNA (illuminahiseq mirnaseq-miR gene expression). The total number 

of mutated genes was estimated using MAF files (Mutation Packager Oncotated Calls) from the 

Broad GDAC Firehose to calculate tumour mutation burden (TMB). To collect clinical data 

(Estrogen Receptor (ER), Progesterone Receptor (PR), diagnostic age status, and Overall Survival 

(OS) events and months) and for demographic data we used cBioPortal.  

The analysis was based on two primary sources. The Cancer Genome Atlas (TCGA) was 

utilized to get datasets for Lung Cancer invasive carcinoma patients, whereas Genomics of Drug 

Sensitivity in Cancer (GDSC) was used to obtain multi-omics and drug-response datasets for Lung 

Squamous Cell Carcinoma (LUSC) cell lines [45]. GDSC was chosen over other sources because 
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of its wide range of tested drugs. 

On the dataset, we used 5-fold cross-validation, 80% of the data was utilized for model 

training and 20% was used for model testing in each fold. We used TSUNAMI online analytic 

suite (https:// apps.medgen.iupui.edu/rsc/tsunami/) to pre-process miRNA and mRNA data. There 

are two pre-processing steps. In Step 1, genes with the lowest 20% of mean expression levels are 

removed across all patients. In Step 2, the variance of genes with the lowest 20% of expression 

levels are then eliminated. These procedures were required to assure the reliability of the 

downstream correlational calculation in the gene co-expression module analysis phase. 

 

3.1.1 Pre-processing TCGA lung cancer patient’s data 

 

TCGA LUSC multi-omics datasets with clinical information are available, including 

GISTIC2 (A module that identifies regions of the genome that are significantly amplified or 

deleted across a set of samples) Copy Number Variation (CNV), mutation, methylation, miRNA, 

RNA, and protein expression data. Fire Browse (http://firebrowse.org) was used to get the pre-

processed TCGA dataset. Data preprocessing is used to transform raw data into an understandable 

form before applying machine learning algorithms. It is a process to check the accuracy, 

completeness, consistency, interpretability, timeliness and believability of data. Data 

preprocessing major tasks are as following: 

1. Data cleaning: This process removes incomplete, incorrect and inaccurate data from the dataset      

and it also replaces missing values. 

2. Data integration: It is one of the main components in data management, it combines multiple 
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sources into a single dataset. 

3. Data reduction: It reduces the volume of the data which makes the analysis easier and helps to 

reduce storage space. 

4. Data transformation: This step makes change in the structure of data. 

For RNA, we used z-scaled RSEM (RNA-Seq by Expectation Maximization-an accurate 

and user-friendly software tool for quantifying transcript abundances from RNA-seq data.) values 

of RNA expression, while for miRNA, we used log2-RPM (Reads Per Million mapped reads) 

values. We use log2-RPM because the variance of the expression measurements on many 

platforms depends on expression level. By log-transforming, we can reduce this dependence which 

makes the data becomes better-behaved for statistical testing. The data (values) on protein 

expression and methylation retrieved from the database has been scaled (standardized to the range 

of features of data). For gene mutations, binary data was collected, and GISTIC2 computed CNV 

data was received directly from Fire Browse. 

Patients and characteristics with higher than 20% missing values were filtered from the 

dataset. In the omics dataset, more missing values were imputed. We retrieved a collection of 

overlapping patients’ data, for whom we have access to clinical data and all six omics datasets. 

The processed data was found to be unbalanced in terms of classes. A problem with imbalanced 

data is that it has too few samples of the minority class for a model to effectively train and produce 

decisive outcome. To balance the data, we used an oversampling approach called Synthetic 

Minority Oversampling Technique (SMOTE) [46], which increased our sample set. This technique 

synthesizes new samples from the minority class in the training dataset before include it as an input 

in the model. This is also known as a type of data augmentation for tabular data and can be very 
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efficient. 

 

3.1.2 Pre-processing Lung cancer cell line data obtained from GDSC 

 

The GDSC database was used to get omics and drug response data for lung cancer cell 

lines. The GDSC database was used to collect pre-processed data for all cell lines, which was then 

filtered to exclude data from other cancer cell lines, leaving just lung cancer cell lines data for the 

study. For gene mutations, binary data was collected, and for methylation of CpG islands, 

previously pre-processed values were obtained. For RNA data, RNA adjusted baseline expression 

levels were acquired, as well as copy number values (CNV) ranging from -1 to 1, where 0 denotes 

normal copy number, 1 and + 1 indicate gene loss and increase, respectively. The overlapping set 

of cell lines was chosen. Four omics datasets including mRNA, CNV, mutation and methylation 

were available with at least 80% of medications for those drug reactions. Cell lines and 

characteristics with more than 20% missing values were also pre-processed in the same way. As a 

result, our sample collection was limited to just a fixed number of cell lines. The impute R software 

was used to fill-in missing values in omics and drug response data. The next gene filter was used 

to exclude genes for which there was no omics data in the TCGA LUSC dataset. 

 

3.1.3 Constructing representative gene sets 

 

The high complexity of omics datasets continues to be a key obstacle in developing 

therapeutically useful prediction algorithms. The objective of feature engineering, in this case, is 
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to find a useful low-dimensional manifold for a high-dimensional dataset. Biological processes, 

on the other hand, are highly linked and may be represented in a lower-dimensional space [47], 

[48]. This fact has been used in several techniques based on variance, correlation, inertia, and 

eigenvalues, such as Principal Component Analysis (PCA), Correspondence Analysis, Partial 

Triadic Analysis, and Multiple co-inertia analysis. They've had a lot of success with this [49], [50], 

[51]. However, none of these widely used techniques takes into account the impact of dataset 

labels. We used Neighbourhood Component Analysis (NCA) for this purpose since it is a 

supervised dimensionality reduction approach for learning Mahalanobis distance (A way of 

measuring distance that accounts for correlation between variables.) for k-nearest Neighbours [52]. 

 

3.2 Survival Analysis Learning with Multi-Omics Neural Networks 

(SALMON) 

  

SALMON (Survival Analysis Learning with Multi-Omics Neural Networks) is a Deep 

Learning system that includes omics data (mRNA and miRNA), clinical features, and cancer 

biomarkers. Instead of transferring mRNA and miRNA data to a neural network, SALMON uses 

Eigen gene matrices created from co-expression analysis as response. As a result, it solves the 

problem of high dimensionality by lowering input structures by around 99 percent. Huang et al. 

2019 [4] assume that mRNA and miRNA data have independent special effects on survival 

outcomes, hence the two corresponding Eigen gene matrices are linked to two separate hidden 

layers, the output of which is linked to the final system through a Cox proportional hazards 

regression network. When associated to single omics, the results on lungs cancer carcinoma 

patients demonstrated an improvement in survival prediction capacity. Figure 2 shows SALMON 
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architecture with Cox proportional hazards regression networks implementation. Eigengene 

matrices (co-expression modules) are the inputs to the SALMON. The relative risks of patients are 

shown by the hazard ratios as output. 

 

 

Figure 2 Architecture of neural network for survival analysis [4] 

 

3.2.1 Feature Selection  

 

In general, a deep learning model does not need to pick features individually since the 

weights in the neural network can do it. However, because of the “large p small n” paradigm in 

omics data [53], where p is the number of features and n is the number of samples, using the deep 

learning model to train the network weights on the omics data directly is not very productive. As 

a result, we hypothesized that using an omics data feature selection technique can improve deep 

neural network models [54]. This is because the feature selection approach can improve the 

model's performance by removing evident irrelevant and redundant gene characteristics. 
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Furthermore, in deep neural networks, fewer characteristics generally imply better interpretability 

and training speed. To identify relevant characteristics in our investigation, we utilized the chi-

square test [55] (abbreviated as Chi2). The Chi2 test determines if a characteristic in two mutually 

exclusive groups differ statistically [56]. Using matching samples from each classification job, we 

performed the chi-square test for each omics type individually and ordered features according to 

their p-value in hypothesis testing. The top-k features were then selected as the deep neural 

network's input for each omics dataset. This is shown as the first step in Figure 2. 

 

3.2.2 Gene Co-expression Module 

 

We utilized eigengene matrices of gene co-expression modules produced by the Local 

maximal Quasi-Clique Merger (lmQCM) method [57] as the input to the SALMON instead of 

using miRNA-seq and mRNA-seq data as an input to neural networks and evaluating findings at 

the gene level. In machine learning, using eigen genes as features maybe considered as a 

bias/variance (error/complexity) trade-off, which greatly simplifies the networks [58]. Using 

eigengene matrices as an input resulted in a reduction of 99.46% of input characteristics and a 

significant reduction in neural network’s number of parameters. This is shown as the second step 

in Figure 2.  

 

3.2.2.1 Local Maximal Quasi-Clique Merger (lmQCM) Method 

 

Given,  Undirected weighted network G = {V, E, W}, with V = {𝑣1 , 𝑣2 , … , 𝑣𝑛,} defining 
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the vertices and W = [𝑤𝑖𝑗,] with 𝑤𝑖𝑗 =  𝑤𝑗𝑖  ≥ 0 (i, j = 1, 2, …, N) defining nonnegative weights 

on the edges 𝑒𝑖𝑗 (self-loop is not allowed), density is defined as  

 

 Starting with the edge of highest weights and then adding nodes that contribute most to the 

network module density one by one, which is a greedy approach used by the Original QCM 

algorithm. When the module density falls below an adaptive threshold (function of the size of the 

module), this process is terminated.  

Algorithm: lmQCM (local maximal Quasi-Clique Merger, a revised version of eQCM. Input G = 

{V,E,W}, γ, λ, t, and β, Output: C) 

1. Let Elm be the set of local maximal edges as described above which are sorted in 

descending order based on their weights 

2. for i = 1:μ {eμ is the last edge in the above sorted list Elm with weμ > γ ⋅ we1 } 

3. if ei is an edge in any network module in C 

4. continue; 

5. endif 

6. C = V (ei);U = V\V (ei) : 

7. while max {v ∈U}(contribute (v,C))≥ [1−12λ(|C|+t)]. density (G (C)) 

8. C = C ∪{v}; U = U\{v}; 
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9. endwhile 

10. C = C ∪ {C} 

11. endfor 

12. Merging highly overlapped modules in C with respect to β; 

13. Output C. 

Execution of this algorithm is based on input for four parameters: γ, Λ, t, and β. We used 

TSUNAMI for this implementation. We set lmQCM parameters as: For miRNA-seq is γ = 0.4, Λ 

= 1, t = 1, β = 0.6 and minimum cluster size = 4. For mRNA-seq is γ = 0.7, Λ = 1, t = 1, β = 0.4 

and minimum cluster size = 10. 

 

3.2.3 Neural Network Design 

 

SALMON was developed and implemented in PyTorch 1.0, with Eigen gene matrices from 

mRNA-seq and miRNA-seq being connected to neural network hidden layers with dimensions of 

8 and 4, respectively before being coupled to the final output (hazard ratio) via Cox proportional 

hazards regression networks. Copy Number Burden (CNB), tumour mutation burden (TMB), and 

demographical and clinical data (diagnosis age, ER (Estrogen Receptor) status, PR (Progesterone 

Receptor) status) on the other hand, had no hidden layer and were directly related to final output 

as covariates as can be seen in Figure 2. The rationale for using this network architecture rather 

than simple fully connected networks like Cox-nnet [8] was based on the assumptions that (1) each 

omics type independently affects the hazard ratio; and (2) multi-omics data contributed to hazard 
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ratios in a relatively equal scale at Cox proportional hazards regression network can be forced by 

downscale Eigen gene matrices by hidden layers. 

SALMON uses the Adam (adaptive moment estimation) optimizer [59]. For each 5-folds 

cross-validation experiment, we fixed the number of epochs to 100 and fine-tuned the learning 

rates. The networks are regularised using LASSO (least absolute shrinkage and selection operator) 

[60]. After each forward propagation and Cox proportional hazards regression network, the 

sigmoid activation function is used. 

 

3.2.4 Cox Proportional Hazards Regression Networks 

 

The integrated Cox proportional hazards model approach varies from earlier work in [30], 

which used survival status (alive or dead) in a binary classification issue. On the other hand, we 

used Yi to represent survival periods (overall survival months) and turned our neural networks into 

a Cox regression learning problem. The log partial likelihood is then subjected to maximum 

likelihood estimation (MLE), which is evaluated by equation below: 

 

 

Where β are the parameters to be estimated. Ci = 1 indicates the occurrence of the death events for 

patient i with K-dimensional input vector Xi. 
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 The Cox proportional hazards model makes two assumptions: 1. Survival curves must have 

hazard functions that are proportional over the time t for different layers and 2. The relationship 

between the log hazard and each covariate is linear [24]. The Cox proportional hazards regression 

assumptions can be checked by using graphical diagnostics and statistical tests based on the scaled 

statistical residuals. 

 

3.2.4.1 Objective Function 

 

The objective function of neural networks based on Cox proportional hazard regression 

networks is as below: 

 

 

Where, θ = entire network weights (including β) to be optimized via back-propagation,  

λ = the weight multiplier of LASSO regularization. We set λ = 1×10−5. 
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3.2.5 Evaluation Metrices 

 

The output from the Cox Proportional Hazards Regression model is the hazards ratio in 

terms of Concordance Index (CI) as shown in Figure 2. The Concordance Index [61] is utilized as 

the survival prognosis evaluation tool in this study, with values ranging from 0 to 1. It is 

comparable to the area under the ROC curve (AUC) [62], which evaluates the model's 

distinguishability between surviving and deceased groups and is frequently used to evaluate the 

performance of survival prognosis models [8], [24]. The model generates unsuccessful predictions 

if the concordance index is less than 0.5. A concordance value greater than 0.5 implies a more 

accurate survival prognosis model. The formula to compute the Concordance Index is: 

 

Where, ηi= the risk score of a unit i 

 1Tj<Ti
= 1 if Tj <  Ti else 0 

 1ηj>ηi
= 1 if ηj >  ηi else 0 

j = 0 (because the smaller survival time is censored, multiplication by the factor j in Eq. deletes 

observation pairs that are not comparable). 

Similar to the AUC, C-index = 0.5 represents a random prediction 

   C-index = 1 represents to the best model prediction 
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3.3 Cox-nnet method 

 

The input layer, one fully connected hidden layer (143 nodes), and one output "proportional 

risks" layer make up the present ANN design. To identify the best regularization parameter, Cox-

nnet uses cross-validation (CV). Overfitting is a potential concern with ANNs due to the enormous 

number of parameters, especially for short datasets. As a result, we tested with a variety of 

regularization strategies, including ridge, dropout, and ridge and dropout combined. We 

discovered that dropout regularization provided the best overall model. To compare two hidden 

layers (first layer containing 143 nodes and second layer containing 143 nodes in both levels) of 

Cox-nnet structures with one hidden layer of a conventional Cox-PH model, we used dropout 

regularization. Figure 3 shows the optimized Cox-nnet model. 

 

 

Figure 3 Overview of optimized Cox-nnet [8] 
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The Cox-nnet model for prognosis prediction on high-throughput omics data was 

suggested in [56], and it was implemented with the Theano math package in Python to obtain an 

efficient processing time utilizing GPUs. On breast cancer, Huang et al. 2019 [4] adapted the Cox-

nnet approach to apply multi-omics survival analysis learning. Furthermore, DNN outperformed 

classic Cox models in cardiac motion analysis for human survival prediction. Cox-nnet, on the 

other hand, inherited the flaw of Cox models in that it was not meant to assess the chance of 

survival at a specific time.  
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Chapter 4 
 

Results and Discussion 
 

The experiments used six different combinations of multi-omics data as input sources: (a) 

mRNA-seq data, (b) miRNA-seq data, (c) integration of mRNA and miRNA, (d) integration of 

mRNA, miRNA, and copy number burden (CNB), and tumour mutation burden (TMB), (e) 

mRNA, miRNA, and demographical and clinical (diagnosis age, ER status, PR status), (f) mRNA, 

miRNA, CNB, TMB, and demographical and clinical data. For all integrative combinations, both 

RNA-seq co-expression modules are compulsory. The SALMON model design performed 5-fold 

cross-validation and deleted confident network substructures that were not applied. The 

performances were measured using the Concordance Index.  

Figure 4 below, shows the status of the patients in terms of cancer and healthy patients. 

The red dots represent the up-level patients of cancer, and the blue dots show down-level cancer 

patients. Null hypothesis H0 is that patients are not healthy and the alternative hypothesis H1 is 

that patients are healthy. We check the patient status using the p-value. The level of significance 

used in this test is 0.05. If the p-value is less than 0.05 then the results are statistically significant 

and H0 is rejected, which means most of the patients are healthy. Otherwise (if p-values > 0.05) 

the results are not statistically significant which indicates patients are suffering from lung cancer.  
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Figure 4 Status of cancer patients 

If there is a survival prognosis, a Kaplan-Meier plot is used. The hazard ratios were 

calculated for each of the 5-fold cross-validation testing sets. In following Kaplan-Meier plots 

(Figure 5 - 8), with low-risk (indicated by black line) and high-risk (indicated by red line) groups 

dichotomized by the median hazard ratio, the log rank test was performed to get the relevant p-

value. Kaplan-Meier method is one of the methods which is most frequently used for survival 

analysis. It is used to analyze the probability of death, recovery rates and the effectiveness of the 

treatment. Kaplan-Meier curve has an important advantage, which is that this method can take 

right-censoring into account. Right-censoring means if a patient has lost a follow-up, withdraws 

from the study or is alive at last follow-up without event occurrence. As mentioned earlier, omics 

data was used for training and testing in Neural Network in the form of eigengene matrices. Co-

expression modules are the inputs to the SALMON. The output is the hazard ratios which can be 

interpreted as the relative risks of patients. 
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Also, Kaplan-Meier curve examination is the simplest graphical method to check Cox 

proportional hazards regression assumptions. There are no interaction of independent variables 

with time and the relationship between the log hazard and each covariate is linear which means 

that hazards are proportional to data set.  

 

Figure 5 mRNA-seq data (mRNA) 

 

Figure 5 shows Kaplan Meier curve representation of survival for mRNA-seq data. The 

curve shows patient’s survival at a certain time interval throughout several months. On the curve, 

small vertical lines indicate individual patients whose survival times have been right-censored. 

Black line on the plot indicates low-risk cancer patients and red line shows high-risk cancer 

patients. As can be seen, the curve is changing with patient’s events in the beginning and then after 
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some time period it is showing steady survival rate with minimal events in low-risk patients. 

Performance of mRNA-seq data concordance index have a median = 0.598, mean =0.5862 and p-

value = 0.01278. 

 

Figure 6 miRNA-seq data (miRNA) 

 

In Figure 6, Kaplan Meier curve represents survival analysis for miRNA-seq data. High-

risk patients are indicated by Red line and Low-risk patients by Black line. Right-censored data is 

shown by small vertical tick-marks on the plot which is less than mRNA-seq data. This curve 

shows the patient’s events to be more stable for a longer period than mRNA-seq data but minimal 
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events after same time period as mRNA-seq data. For miRNA-seq data concordance index has a 

median = 0.6271, mean = 0.611 and p-value = 0.008458. 

 

 

Figure 7 Integration of mRNA, miRNA, TMB, CNB, demographical and clinical data 

 

Figure 7 shows the results of combining mRNA, miRNA, TMB, CNB, demographical and 

clinical (diagnosis age, Estrogen Receptors (ER) status, Progesterone Receptors (PR) status) data. 

This curve shows patient’s events are stable for a long period and lesser events almost same as 

mRNA-seq data analysis. This combination of omics data has even less right-censored data than 
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miRNA-seq data. This curve shows that integration of more omics data has better performance in 

terms of concordance index with a median = 0.649, mean = 0.63 and p-value = 0.001716 as 

compared to mRNA and miRNA seq data. 

 

 

Figure 8 Overall Survival 

 

Another feature set without transcriptomics data was evaluated in Figure 8, as 5 features 

containing CNB, TMB, demographical, and clinical features (ER status, PR status, age) with 

median concordance index of 0.635 and percent survival test p-value = 0.00881 on the Kaplan-

Meier plot. The log-rank p-value signifies the ability of the model to differentiate two risk groups 
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(high-risk and low-risk). Lower p-value implies better model performance. We performed log-

rank test on mRNA-seq, miRNA-seq data individually, all omics data combined (mRNA, miRNA, 

CNB, TMB, demographical and clinical data) and for the whole dataset. We discovered that 

combining all omics data resulted in the highest significant p-value in the log-rank test, 

demonstrating that adding more multi-omics data to SALMON can improve prediction. 

 

 

Figure 9 Performance Comparison of Concordance Index 

 

SALMON was then equated to Cox-nnet [8]and we transformed its original approach to 

integrate multi-omics data as a single input vector because Survival model did not take multi-

omics data sources into interpretation. Figure 9 shows performance comparison in terms of 

concordance index between SALMON (indicated by orange color box plot) and Cox-nnet 

(indicated by blue color box plot) algorithm for overall survival. The modified Cox-nnet (CI = 
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0.6218) have lesser median concordance index than SALMON (CI = 0.635). With all testing sets 

and all 54 features as inputs, the performance difference between SALMON and the modified 

Cox-nnet is small implying that the two approaches are equivalent. SALMON, on the other hand, 

is more versatile in terms of neural network topology since it separates forward propagation for 

each omics data, agreeing for scalable multi-omics data integration. 

 

4.1 Interpreting and Ranking the Importance of Co-expression Modules 

 

The position of features in neural networks has been explored for years. One method is to 

frequently set each feature to zero, the feature with the smallest change in the resulting accuracy 

denotes the feature with the smallest impact on the prediction model. This technique is commonly 

used in neural networks for feature selection and grading the relevance of features [63], [64], [65]. 

Using this method, we investigated the contribution of each eigengene's module to the final hazard 

relationship by making each testing set's input feature zero. We rate the value of characteristics by 

analysing how much the concordance indices fell after feeding the updated challenging sets to the 

pre-trained SALMON networks. The features that decrease the testing concordance indices the 

greatest which are PR status (Progesterone Receptors status), ER status (Estrogen Receptors status) 

and mRNA-seq co-expression modules are deemed more important. For training and testing, we 

have currently integrated all omics data. Top features were presented, with the majority of them 

lowering the concordance index. A potion of eigengene matrices of both mRNA-seq and miRNA-

seq data are shown in Table 2 and Table 3, respectively.  
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Table 2 mRNA-seq eigengene matrix (partial matrix displayed) 

TCGA-A2-A1FZ TCGA-A2-A1G0 TCGA-A2-A1G1 TCGA-A2-A1G4 TCGA-A2-A1G6 

-0.03862 -0.04847 

 

0.019479 

 

0.008206 

 

-0.06531 

 

-0.06626 

 

-0.04223 

 

0.03838 

 

-0.02204 

 

-0.05492 

 

0.018229 

 

0.013058 

 

0.106386 

 

-0.00166 

 

0.034779 

 

-0.02259 

 

0.031173 

 

-0.02162 

 

0.030177 

 

0.044918 

 

-0.02967 

 

-0.02281 

 

-0.02228 

 

-0.04041 

 

-0.02298 

 

-0.00255 

 

-0.06635 

 

0.03315 

 

-0.05023 

 

-0.04189 

 

-0.0357 

 

-0.03423 

 

-0.02363 

 

-0.05241 

 

-0.03394 

 

 

Table 3 miRNA-seq eigengene matrix (a small portion) 

TCGA-A2-A3XZ 

 

TCGA-A2-A3Y0 

 

TCGA-A2-A4RW 

 

TCGA-A2-A4RX 

 

TCGA-A2-A4RY 

 

0.009782 

 

-0.03426 

 

-0.00797 

 

-0.04599 

 

-0.00592 

 

-0.02792 

 

-0.09042 

 

0.036783 

 

0.031827 

 

0.050945 

 

-0.00769 

 

-0.13012 

 

0.014965 

 

0.017628 

 

0.01825 

 

-0.03528 

 

-0.06981 

 

0.027826 

 

-0.01515 

 

-0.00916 

 

0.023345 

 

-0.02049 

 

0.011421 

 

-0.03872 

 

-0.01898 

 

-0.00428 

 

0.026519 

 

0.034393 

 

-0.04093 

 

-0.0776 

 

0.009718 

 

-0.03481 

 

0.013291 

 

-0.06236 

 

-0.03179 
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4.2 Discussion 

 

We recognized the viability of integrating multi-omics data into lung cancer survival 

prognosis using Survival Analysis Learning with Multi-Omics Neural Networks (SALMON) 

algorithm in this study and opened up a new avenue for developing new prognostic biomarkers in 

lungs cancer. We performed statistical tests and graphical diagnostics based on the scaled 

statistical residuals to check and make sure that the Cox proportional hazards assumptions are 

satisfied. With the deployment of Cox proportional hazards regression networks in lung invasive 

carcinoma, we used SALMON (Survival Analysis Learning with Multi-Omics Neural Networks) 

algorithm. Instead of straight employing gene-level mRNA-seq or miRNA-seq data, SALMON 

uses eigengene matrices obtained from weighted gene co-expression network analysis as the 

network input. Unlike other algorithms, SALMON implements forward propagation individually 

for each type of omics or clinical data, in contrast to certain other models, such as Cox-nnet, which 

did not participate multi-omics data or employ co-expression parts as contributions when they 

were first established [8]. The use of omics data to estimate patient outcomes such as prognosis 

and treatment conflict has the potential to be much appreciated. To better understand the nature of 

cancer, multiple analyses employing several categorical data have been implicit. Each layer's 

analysis is valuable on its own but employing only one category dataset has limitations. Copy 

Number Variation (CNV), for example, would make predicting the size of a tumour problematic. 

For this purpose, a medical imaging technology like calculated tomography (CT) would be more 

precise. In reality, though, it is further complicated. In reality, because human’s physiological 

responses are so variable, we don't know what the best omics data would be to completely estimate 

patient outcomes. For example, one analysis might disclose a good response while additional 
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would show a negative response. This makes predicting the specific consequences of interest 

extremely problematic.  In multi-omics analysis, there are a number of challenges to overcome. 

One such difficulty is known as the "Large p Small n Problems”, in which the input dimension has 

significantly more parameters or features than the number of samples [66]. Overfitting would 

occur, resulting in poor performance. Unsupervised algorithms could be used to avoid this. 

Another issue that arises when using machine learning models based on multi-omics data is the 

cost. The cost of high-throughput technology examinations in hospitals and laboratories has been 

reducing year after year nonetheless, it may not be practicable to do numerous categories of 

sequencing or microarray studies for all new patients on a regular basis.  
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Chapter 5 
 

Conclusions and Future Work 
 

We performed lung cancer survival prediction and presented SALMON, a Deep Learning-

based method that combines the Cox proportional hazards model and uses gene co-expression 

network analysis data as input to precisely forecast patient hazard ratios. When further omics data 

was added to SALMON input, performance (concordance index and other tests) improved. 

According to related studies, SALMON also performed well in contrast to other Deep Learning 

survival prognosis models such as Cox-nnet. Clinical data (ER status, PR status and diagnosis 

age), Demographical data, CNB, TMB, miRNA and mRNA are examples of multi-scale multi-

omics data that can deliver insights on customized survival. SALMON showed specific mRNA-

seq co-expression modules and clinical information (PR status (Progesterone Receptors status), 

ER status (Estrogen Receptors status)), which play crucial roles in lung cancer prognosis, revealing 

various biological functions by examining how each characteristic contributes to the hazard ratios. 

To summarize, SALMON takes together gene co-expression network analysis, Deep Learning 

method, feature selection, Cox proportional hazard model, integrative analysis, and module-level 

enrichment analysis to create a new avenue for future integrative and Deep Learning-based cancer 

survival prognosis. 

For future work, we can experiment by including one omics data at a time for integration 

and use different combinations for example, (1) mRNA+miRNA+CNB, (2) 

mRNA+miRNA+CNB+TMB, etc. to see if it improves the survival analysis. As we know, lung 

and ovarian cancers are the second and fifth most common cancers among people, respectively. 

Predicting overall survival in patients with lung and ovarian cancer can help with therapeutic 
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assessment and therapy results. Also, as we established in this study that integrating omics data 

with Cox proportional hazards regression networks has shown improvement in survival analysis, 

similarly we can try modifying different survival analysis models to take omics data into account 

and analyze to see if we can make any improvement. 
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