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ARTICLE INFO ABSTRACT

Keywords: Breast and ovarian cancers are the second and the fifth leading causes of cancer death among women. Predicting
Multi-omics integration the overall survival of breast and ovarian cancer patients can facilitate the therapeutics evaluation and treatment
Survival analysis decision making. Multi-scale multi-omics data such as gene expression, DNA methylation, miRNA expression,
Conser_lsus, lear?‘mg . and copy number variations can provide insights on personalized survival. However, how to effectively integrate
Modality-invariant representation . . . . . . P .
multi-omics data remains a challenging task. In this paper, we develop multi-omics integration methods to
improve the prediction of overall survival for breast cancer and ovarian cancer patients. Because multi-omics
data for the same patient jointly impact the survival of cancer patients, features from different -omics modal-
ity are related and can be modeled by either association or causal relationship (e.g., pathways). By extracting
these relationships among modalities, we can get rid of the irrelevant information from high-throughput multi-
omics data. However, it is infeasible to use the Brute Force method to capture all possible multi-omics in-
teractions. Thus, we use deep neural networks with novel divergence-based consensus regularization to capture
multi-omics interactions implicitly by extracting modality-invariant representations. In comparing the
concatenation-based integration networks with our new divergence-based consensus networks, the breast cancer
overall survival C-index is improved from 0.655 + 0.062 to 0.671 + 0.046 when combing DNA methylation and
miRNA expression, and from 0.627 + 0.062 to 0.667 + 0.073 when combing miRNA expression and copy number
variations. In summary, our novel deep consensus neural network has successfully improved the prediction of
overall survival for breast cancer and ovarian cancer patients by implicitly learning the multi-omics interactions.

1. Introduction are also a few issues to be addressed:

The advancement of biomedical techniques such as next-generation
sequencing (NGS) and wearable devices have generated high-
throughput multi-modality data enabling a more comprehensive view
of the patients for personalized and precision care. Besides lab tests and
medical imaging, physicians can order genetic tests to obtain patient
genomics information to make more accurate diagnoses and decisions.
However, compared to traditional features such as vital signs and lab
tests, it is infeasible for physicians to identify useful patterns directly
from the high-throughput genomics data with millions of features.

High-throughput multi-omics data have enabled personalized diag-
nosis and treatments for genetics related diseases such as cancer.
However, it is extremely challenging for physicians to make sense of the
molecular biomarkers directly from the -omics data tsunami. For
computational scientists to integrally analyze multi-omics data, there
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1) “the curse of dimensionality” or “big-p-small-n” issue [1]: the
number of samples n typically ranges from 100 to 1000, but the
number of -omics features p is much larger, with can be up to mil-
lions. This “big-p-small-n” problem often leads to model over-fitting
in practice. Thus, we need to design specific feature selection or
extraction methods to eliminate unrelated features and reduce the
number of features used for downstream tasks.

2) Multi-modal data analysis, including feature selection and pre-
dictive modeling, is more complex than single-modality analysis due
to the cross-modality information. There are three ways to address
this: to consider the cross-modality interaction and identify corre-
lated features among modalities in feature selection stage [2]; to
integrate the multi-modality information at the intermediate feature
stage [3-5]; or to integrate at the decision stage [6]. Although
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substantial progress has been made in this area, modeling the in-
teractions among modalities and getting rid of the redundant or
irrelevant information remains extremely challenging.

Data integration algorithm investigates on how to combine multi-
modal features of the same patient to achieve improved prediction
performance. In multi-omics data integration, we aim to improve the
diagnosis (e.g., cancer staging) and prognosis prediction (e.g., survival
analysis) by combing the information embedded in each modality. We
categorize the multi-omics integration methods based on whether a
specific class of computational models is used. Model-agnostic ap-
proaches integrate features from each modality directly, either by
concatenating them after feature selection [7,2] or integrating them
after decision made of each modality [6]. In model-based approaches,
models such as kernel machines, graphical models, and neural networks
[3] are needed to encode the assumptions of data. Then based on the
designed models, features are extracted for downstream tasks. Because
multi-omics variations jointly impact disease development and patient
prognosis, the good data integration methods can improve the model
performance by capturing the interactions among multi-omics (e.g.,
gene expression pathways) compared to single-omics methods. How-
ever, many multi-omics integration studies in the literature can hardly
exploit the full interactions among modalities and thus result in sub-
optimal performance. Because it is difficult to explore all multi-omics
interactions explicitly, we investigate how to learn the interactions
implicitly by deep neural networks with divergence-based regulariza-
tion for classification and survival modeling tasks. Our novel contribu-
tions include three parts:

1. We develop an effective end-to-end solution for integrating different
modalities based on deep neural networks. We develop a novel
regularization technique to model the observation that two modal-
ities share consensus information about the same patient. This
method can be easily extended to multiple modalities.

2. We present evidence and suggest when and how data integration
should be done to integrate different modalities of data.

3. We show the effectiveness of the new divergence-based consensus
regularization by extensive experiments on cancer types classifica-
tion and cancer survival prediction, and by visualization of the
modality-invariant features after consensus learning.

2. Related works
2.1. Multi-view/multi-modal learning

Multi-view/ multi-modal learning [8,9] are machine learning tech-
niques for building models that can integrate multiple types of input
information (called ’views’ or ’modalities’ in the literature). For
example, in the biomedical field, a patient’s electronic health records
(EHRs), personal health records (PHRs), genomic and proteomic varia-
tions, and medical images can be considered various views. Ideally,
these multi-view data should be jointly evaluated to realize a more
personalized diagnosis and treatment.

The most naive approach is to treat the multi-view learning problem
as a single-view problem, where all views are concatenated into a single
view and then solved with the established single-view models. However,
as the feature concatenation ignores the interactions between views and
the number of features increases as the number of modalities increases,
the performance of this naive multi-view method can be sub-optimal
with issues such as over-fitting.

To exploit the multi-view data, we have to consider the interactions
among modalities. There are two principles in multi-view learning [8]:
1) the consensus principle, which assumes that the disagreement be-
tween views upper bounds the classification errors. Thus, we should aim
to maximize the agreement between views. 2) the complementary
principle, which assumes that each view contains information other
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views do not have, and we should extract the difference from each view
while preserving the shared information. Based on these two principles,
researchers have developed two approaches, model-agnostic and model-
based, to combine data from multiple modalities.

Model-agnostic approaches are simple in design and usually utilize
the complementary principle. Based on when data from different mo-
dalities are integrated, we have early integration (where we concatenate
the raw/pre-processed features), late integration (where we combine the
output from each learning algorithm), and hybrid integration (where we
use early and late integration together).

Model-based approaches design models for integrating different
modalities: 1) kernel-based algorithms, mainly multiple kernel learning
(MKL) [10], first compute kernel matrices for each modality, then
combines kernels in a linear or non-linear fashion for succeeding kernel-
based classification or regression algorithms. As kernels evaluate the
similarities between data points, using modality-specific kernels helps
capture heterogeneous information from each modal and improves the
performance. Kernel methods are especially helpful for small sample
sizes but suffer from high computational complexity when sample sizes
are large. 2) graphical models such as Bayesian networks and Markov
random fields are a class of algorithms that treat each feature as a
random variable and exploit the probability relationships among them
[11]. The benefit of this approach is that we can incorporate more priors
into our modeling and easily interpret the models. However, graphical
models are also computationally expensive. 3) deep learning-based
multi-modal learning algorithms [12] gain increasing popularity in the
literature for the past few years. For each modality, we design a
modality-specific neural network for feature extraction, and the
extracted features can be fused for downstream analysis. The benefit of
this approach is that deep neural networks excel in extracting non-linear
features and can easily incorporate additional regularization. Popular
architectures for deep learning-based multi-modal integration include
joint representation, coordinated representation, and cross-modality
autoencoders [13]. The whole architecture can be trained end-to-end
with gradient-based optimization algorithms, making the approach
scalable to large sample scenarios.

2.2. Multi-modal learning in biomedical science

With the development of data collection technologies in the
biomedical domain, researchers now have access to various multi-modal
data such as high-throughput multi-omics data (e.g., gene expression,
DNA methylation, and single nucleotide polymorphisms (SNPs)), med-
ical imaging data (e.g., pathology and radiology), and clinical records (e.
g., demographics, insurance claims, and past medication history)
[14,15].

Based on characteristics of the modality available, researches have
designed various task-specific multi-modal learning algorithms in recent
biomedical research [16-19]. In the sub-filed of -omics data analysis,
various multi-modal learning methods have been proposed for multi-
omics integration. For example, Xu et al. [20] studied how to
integrate-omics data using graph-based similarity between molecular
information such as gene expression, DNA methylation, and showed
superior performance in cancer types classification and survival pre-
diction. Vasaikar et al. [21] created a database of over one billion data
points by combining multi-omics data and clinical data from the TCGA
dataset for 32 cancer types with the proteomics data. In addition, they
presented a module for analyzing and visualizing associations between
clinical and molecular attributes. Way et al. [22] integrated RNA-seq,
copy number variations, and mutations for identification of abnormal
molecular states in tumors. Ma et al. [4] studied how to integrate multi-
omics data using neural network-based approaches by combining mul-
tiple autoencoders and how domain knowledge can be incorporated to
improve the learned representations. The improved representations
outperform other integration methods in predicting disease progression
on TCGA datasets. A similar autoencoder-based approach has been
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proposed by Chaudhary et al. [7], where they used k-means clustering to
identify survival-risk subgroups and showed that integration of mRNA,
miRNA, and DNA methylation improved the survival prediction for
cancer patients. Huang et al. [5] integrated intermediate representations
from multi-layer perceptrons and showed improved performance on
cancer survival prediction on select TCGA datasets.

In this paper, we propose to integrate multi-omics data with
consensus learning (Fig. 1). To implicitly model the interactions among
modalities, we focus on maximizing the agreement between modalities.
By learning modality-invariant representations with divergence-based
consensus regularization, we integrate the multi-omics data in a com-
mon hidden space and improve the prediction of overall survival for
breast cancer and ovarian cancer patients.

3. Materials and methods
3.1. Datasets

For cancer types classification, we collect four TCGA cancer datasets
from UCSC Xena [23] including lung adenocarcinoma (LUAD), kidney
renal clear cell carcinoma (KIRC), lung squamous cell carcinoma
(LUSC), and pancreatic adenocarcinoma (PAAD) (Table 1). Each cancer
dataset consists of four -omics data with the same numbers of features,
including gene expression (GeneExp), DNA methylation (DnaMeth),
miRNA expression (miRNA), and copy number variations (CNVs). The
GeneExp and miRNA data downloaded from UCSC Xena has already
been log2 transformed. We apply min-max transformation to all four
-omics data and normalize features to the range (0,1). For each cancer
type, we only keep the samples with all four -omics data for the cancer
types classification. For every classification experiment configuration,
we choose two out of the four modalities as the input, and we exhaust all
six combinations for our experiments.

For overall survival analysis, we collect two cancer datasets directly
from the TCGA data portal, including breast cancer (BRCA) and ovarian
cancer (OV). Each cancer dataset also consists of the GeneExp, DnaMeth,
miRNA, and CNVs data along with overall survival information
(Table 2). The number of features is 60,483 for GeneExp, 25,978 for
DnaMeth, 1,881 for miRNA, and 19,729 for CNVs in overall survival
analysis. Note that we use different DnaMeth experiment data as that in
the cancer types classification. We first apply log2 transformation to
GeneExp and miRNA data and then perform min-max normalization to
scale the features to the range (0, 1) for all -omics features. Similarly, we
only keep samples with all four -omics data for overall survival analysis.

Gene Expression

DNA Methylation

miRNA Expression

Next-Generation
Sequencing

Copy Number Variations
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Table 1
Overview of the TCGA samples for cancer types classification.

Cancer GeneExp  DneMeth ~ miRNA CNVs # of Samples with All
Types Modalities
LUAD 585 503 564 531 454
KIRC 607 483 592 536 319
LUSC 550 412 523 503 364
PAAD 182 195 183 185 177
# of 60,483 485,577 1,881 19,729
features

3.1.1. Feature Selection and dimension reduction

A typical -omics data set usually contains only a few hundred sam-
ples but with millions of features. Thus, -omics data usually suffer from
the “curse of dimensionality.” Researchers typically apply various
feature selection or dimension reduction techniques to the raw- omics
features to mitigate the challenge. For example, Huang et al. apply co-
expression analysis to reduce the number of gene expression and
miRNA expression features [5]. EL-Manzalawy et al. utilize min-
redundancy and max-relevance for feature selection for multi-omics
data [2]. In this study, we focus on integration methods and apply two
simple feature selection or dimension reduction techniques. The first
method we choose is the dimension reduction technique principal
component analysis (PCA). We apply PCA to each -omics data and obtain
the first n principal components(PCs) as the dimension-reduced features
for integration. We will call these features as PCA features hereafter. To
determine the optimal numbers of PCs to keep, we apply a grid search
for each task based on the sample sizes, as the number of PCs cannot
exceed the training sample sizes. For cancer types classification, we
apply the grid search for PCA features withn = 50,100,150,200. We do
not include the number of PCs beyond 200 as the performance
improvement is marginal for cancer types classification. For breast
cancer overall survival prediction, we apply the grid search for PCA
features with n ranges from 50 to 600 with a step size of 50. For ovarian
cancer overall survival prediction, we apply the grid search for PCA
features with n = 50,100,150,200, as the sample size of ovarian cancer
is smaller than that of breast cancer.

The second method we choose is the unsupervised univariate feature
selection by variance. For each -omics data, we choose the top 1000
features with the largest variances. We will call these features high
variance features hereafter. For simplicity, we do not apply gird search
for high variance features to determine the optimal number of features
as we did for PCA features. The baseline models and proposed integra-
tion models are applied to both PCA features and high variance features.

Consensusy |
Learnin,

Risk Prediction

Fig. 1. Integration of multi-omics data (e.g., gene expression, DNA methylation, miRNA expression, and copy number variations (CNVs)) with consensus learning for

improved prediction performance.
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Table 2
Overview of the TCGA samples for overall survival analysis.

Methods 189 (2021) 74-85

Cancer Types GeneExp DneMeth miRNA CNVs # of Samples with All Modalities # of Event Max Survival Time Min Survival Time
BRCA 1,222 1,234 1,207 1,106 1,061 145 8605 0
ov 379 613 499 620 362 221 5481 8

3.1.2. Train test split

For both cancer types classification and overall survival analysis
experiments, we perform a stratified fourfold cross-validation with 60%
training, 15% validation, and 25% testing data. The cancer types clas-
sification experiments are stratified with cancer types as the label, and
the overall survival analysis experiments are stratified with survival
events.

3.2. Consensus feature representation learning for multi-modality data
integration

In this study, we propose to integrate multi-omics data with
consensus constraints, aiming to generate modality-invariant represen-
tations among various -omics data. We compare the performance of the
proposed network architecture with the baselines, including the single-

______________________________________ 1
I A. single-Omics Network I
| Input Reconstructed
Features Features |
| Hidden |
| Features
Single Modality |
| -Omics Data
| Feature Selection / . l
| Dimension Reduction |
| I
| I
I
- - - - - - ______ 4
f—————— e — — — — — — — — — — — — — — — — — — — — — — —— - —
| B. Multi-Omics Network by Concatenation |
| Input Reconstructed l
Features Features |
| Hidden
| K Features |
-Omics Data
| Modality 1 |
| Feature Selection / |
| Dimension Reduction — |
] I
I
— I
! H I
| o> W
— I
I
] I
I ] I
| Feature Selection / —
Dimension Reduction |
I
-Omics Data l
I
I Modality 2 Hidden |
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______________________________________ Jd
_____________________________________ —_
| C. Multi-Omics Network by Divergence-Based Consensus Constraints I
| Input Reconstructed |
Features Features
| Hidden I
_ Features |
| -Omics Data
| Modality 1 I
| Feature Selection / |
| Dimension Reduction |
Element-Wise
| |
I I
I I
I I
| e | |
| Constraints |
| Feature Selection / |
| Dimension Reduction |
-Omics Data |
I
| Modality 2 Hidden |
| Input Features Reconstructed |
Features Features
- e 4

Fig. 2. The network architectures for single-omics and multi-omics integration. A. Single-omics netowrk. B. Multi-omics network by concatenation. C. Multi-omics

network by divergence-based consensus constraints.
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modality network and concatenation-based integration network with or
without the autoencoding process. The network architectures compared
in this study are visualized in Fig. 2. In the single-omics network
(Fig. 2A), we use an encoder for feature representation and a decoder for
reconstruction. The represented hidden features are fed into a task-
specific network for classification or survival analysis.

In the concatenation-based multi-omics integration network
(Fig. 2B), we have an encoder-decoder structure for each -omics mo-
dality, the represented hidden features are concatenated and then fed
into the task-specific network (Algorithm 1). We will call this network as
AutoencoderConcat. We also test the performance using the
concatenation-based network without the decoder part [5], which is
called as SimpleConcat.

Inspired by the integrative analysis of -omics data by dimension
reduction to correlated structure across modalities [24], we propose to
integrate the multi-omics data with consensus constraints (i.e., domain-
invariant representations) as shown in Fig. 2C. With the encoder-
decoder framework for each -omics modality, we impose a divergence-
based constraint on the hidden features learned from each modality
(Algorithm 2). In this study, we tested the consensus learning with the
Cosine similarity [4] and Euclidean distance, respectively. For
consensus learning with Cosine similarity, we maximize the Cosine
similarity between hidden features learned from each -omics modality.
We will refer to this framework as ConsensusCosine. We minimize the
Euclidean distance between hidden features learned from each -omics
modality for consensus learning with Euclidean distance. We will refer
to this framework as ConsensusEuclidean. The learned hidden features
from concatenation-based integration and consensus-based integration
are visualized with the t-SNE plot for comparison.

For single-modality networks, concatenation-based integration net-
works (SimpleConcat and AutoencoderConcat), and consensus-based
integration networks (ConsensusCosine and ConsensusEuclidean), we
utilize the same network structures for the shared components. For
simplicity, we have used three-layer fully connected networks with
various numbers of neurons for encoder, decoder, and task-specific
networks, respectively.

Algorithm 1 Training Concatenation-Based Classification Models

Require: Multi-modal Dataset D = {(X; = (Mi1,Mi2),yi)}
Require: Euc(a,b) as the Euclidean distance between vectors a,b
Initialize modality specific encoders as Enc; , Enca
Initialize modality specific encoders as Dec; , Decy
Initialize classification module as CLF
whileNot Converged
//Encoder-Decoder Training
Sample a batch of sample from D
loss<0.
for each sample i in the batch do
Compute reconstructed input as Mi j = Decj(Encj(My;), forj = 1,2
Compute reconstruction loss recon_loss; as Euc(IVIu M) + Euc(l\A/Ii,z,Mi_z)
loss«<loss + recon_loss;
end for
Back propagate loss and update model parameters for encoders and classification
module
//Encoder-Classifier Training
Sample a batch of sample from D
loss<0.
for each sample i in the batch do
Compute modality specific representations as h;; = Enc; (My;), forj = 1,2
Build joint representation as h; = Concat(h;1,hi2)
Compute classification loss clf_loss; using y; and prediction y = CLF(h;)
loss<loss + clf _loss; + reg;
end for
Back propagate loss and update model parameters for encoders and classification
module
end while
return Modality specific encoders and decoders Enc; ,Ency,Decy, Decy, and
classification module as CLF
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Algorithm 2 Training Consensus-Based Classification Models

Require: Multi-modal Dataset D = {(X; = (M1, Mi2),¥i)}
Require: Euc(a,b) as the Euclidean distance between vectors a,b
Initialize modality specific encoders as Enc,, Ency
Initialize modality specific encoders as Dec;,Dec;
Initialize classification module as CLF
while Not Converged
//Encoder-Decoder Training
Sample a batch of sample from D
loss<0.
for each sample i in the batch do
Compute reconstructed input as M; j = Decj(Enc;(My;), forj = 1,2
Compute reconstruction loss recon_loss; as Euc(Mi1,M;s) + Euc(M;2,M;5)
loss<loss + recon_loss;
end for
Back propagate loss and update model parameters for encoders and classification
module
//Encoder-Classifier Training
Sample a batch of sample from D
loss<0.
for each sample i in the batch do
Compute modality specific representations as h;; = Ency (M;;), forj = 1,2

Build joint representation as h; = %(hi,l + hi_z)

Compute classification loss clf_loss; using y; and prediction y = CLF(h;)
Compute consensus regularization, for example, the Euclidean-based
regularization as reg; = Euc(h;1,h;2)
loss«<loss + clf _loss; + reg;
end for
Back propagate loss and update model parameters for encoders and classification
module
end while
return Modality specific encoders and decoders Enc; ,Ency,Decy, Decy, and
classification module as CLF

3.3. Endpoint 1: cancer types classification

The first endpoint for our proposed multi-omics integration network
is multi-class classification. For this endpoint, we use a fully-connected
network for classification and trained with cross-entropy loss. The
classification performance is evaluated by accuracy, precision, recall,
and area under the curve (AUC) for binary classification. For multi-class
classification, we use accuracy, weighted precision, and weighted recall
as the evaluation metrics. These metrics are in the range of [0,1], and the
higher, the better.

3.4. Endpoint 2: survival risk analysis

Survival analysis aims to predict the expected duration of time until
one or more events happen by modeling the time to event data. The
proportional hazards model assumes the covariates are multiplicatively
related to the hazard [25]. Assuming the proportional hazards
assumption holds, the Cox proportional hazards model can estimate the
effect parameters without considering the hazard function [26]. Thus,
the Cox proportional hazards model is semi-parametric. Let X; = X, ...
,Xip be covariates for subject i. The hazard function for the Cox pro-
portional hazards model has the form:

A(1X:) = Ao (t)exp(Bi Xt + ... + B, X;p) = Ao(t)exp(Xip)

This expression gives hazards function at time t for subject i with
covariate vector X;. The likelihood of the event to be observed occurring
for subject i at time Y; can be written as:

@

(Y] X 20(Y:)0; 6
Ll = i) (¥ -2 -
> Al X S Yo s
JYi2Yi JY2Y
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where 6; = exp(X;-f) and the summation is over the set of subjects j
where the event has not occurred before time Y; (including subject i
itself). L;(p) is called a partial likelihood as the effect of the joint prob-
ability can be estimated without modeling the change of the hazard over
time. Obviously 0 < L;(f) < 1. Treating the subjects as if they were
statistically independent of each other, we can obtain the joint proba-
bility of all realized events:

)1

where the occurrence of the event is indicated by C; =
sponding log partial likelihood is

l<ﬂ> =y <Xf~ﬁ10g29f>
i:Ci=1 JY;2Y;

With the development of deep learning, the Cox proportional haz-
ards model has been extended with deep neural networks. Cox-Time
[27] and Deep Surv [28] similarly replacing the linear relationship
exp(X;-p) with non-linear transformation as exp(f, (X;)-$), where f; is a
neural network parametrized by ¢, for example, a fully connected neural
network. In addition, the authors also proposed L, and L, regularization
terms, respectively, on the parameter ¢ to reduce over-fitting of the
models. In this study, we use a fully connected neural network for the
Cox proportional hazards model with the log partial likelihood as the
loss function.

To evaluate the risk scores produced by survival models, researchers
have developed various metrics to measure the concordance between
the predicted risk scores and the actual survival time. Following the
previous studies in deep-learning-based survival analysis [5], we eval-
uate the overall survival analysis performance with the concordance
index (C-index) [29]. C-index evaluates how well the survival risk we
computed aligns with the actual survival time, i.e., for two individuals
(X1,T1),(X2,T2),C —index =Pr(4(X2) < A(X1)|T2 > T1). We also evaluate

the survival analysis with the Kaplan-Meier curve and the log-rank test.

3

1. The corre-

4

3.5. Implementation and experiments

The train-test split for cross-validation, the classification metrics, the
t-SNE visualization are implemented with [30]. The Kaplan-Meier plot
and log-rank test are performed with lifelines [31]. The neural networks
are designed and implemented with PyTorch 1.1.0. For cancer types
classification, we use a batch size of 8, Adam optimizer with a learning
rate of 0.001, and training epochs of 200. The test performance is based
on the models with the best validation performances. For survival
analysis, we use a batch size of 128, Adam optimizer with a learning rate
of 0.001, and training epochs of 200. As we observed an over-fitting for
models with the best validation performance, the test performance is
based on the models until the end of training (200 epochs). More details
of the model implementation and training details can be found at Github
repo ( https://github.com/tongli1210/TCGA_Omics).

4. Results
4.1. Cancer types classification

We perform cancer types classification using four TCGA datasets
(LUAD, KIRC, LUSC, and PAAD) with six binary classifications and one
four-class classification. The binary classification is evaluated with ac-
curacy, precision, recall, and AUC. The four-class classification is eval-
uated with accuracy, precision, and recall. For each cancer-types
classification task, we perform PCA feature reduction with a grid search
of the number of PCs from 50 to 200 with a step size of 50. The per-
centage of variances explained by the PCs are presented in Supple-
mentary Material S1.1 for each classification task and train-test split.
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Based on the results, we observe that the first 50 PCs can explain about
70%, 90%, 80%, 70% of variances for GeneExp, DnaMeth, miRNA, and
CNV respectively.

We perform cancer types classification using two of the proposed
frameworks AutoencoderConcat and ConsensusEuclidean. The classifi-
cation results using various numbers of PCA features and high variance
features are presented in Supplementary Materials S2. Furthermore, we
visualize the accuracy of integration-based cancer types classification
for some selected experiments using radar plots in Fig. 3 and Supple-
mentary Materials S4. For single-omics binary classification, GeneExp,
DnaMeth, and miRNA achieve similar performance and significantly
outperform CNV (Supplementary Materials S2). For multi-omics binary
classification, the accuracy for both integration frameworks Autoenco-
derConcat or ConsensusEuclidean is very high except for LUAD vs.
LUSC. Since LUAD and LUSC are both lung cancers, we suspect the
separation of LUAD vs. LUSC is harder than the other binary classifica-
tion tasks, which also explains the performance drop for four-class
classification that includes both LUAD and LUSC. Comparing the two
multi-omics integration approaches, we find that the AutoencoderCon-
cat consistently outperforms the ConsensusEuclidean integration when
using PCA features. In contrast, the AutoencoderConcat integration
consistently outperforms the ConsensusEuclidean integration when
using high variance features (Fig. 3).

4.2. Cancer overall survival analysis

4.2.1. Evaluation of overall survival analysis using C-index

Similar to the cancer types classification task, we perform PCA
feature reduction with a grid search of the number of PCs for breast
cancer and ovarian cancer overall survival prediction, respectively. For
breast cancer, the percentages of variances explained by the PCs are
presented in Supplementary Material S1.2 for various modalities and
train-test splits. Based on the results, we observe that the first 50 PCs can
explain about 72%, 92%, 82%, 64% of variances for GeneExp, DnaMeth,
miRNA, and CNV respectively. For ovarian cancer, the percentages of
variances explained by the PCs are presented in Supplementary Material
S1.3 for various modalities and train-test splits. Based on the results, we
observe that the first 50 PCs can explain about 72%, 91%, 84%,71% of
variances for GeneExp, DnaMeth, miRNA, and CNV respectively.

We evaluate the overall survival analysis performance with PCA
features and high variance features using C-index for both single-omics
and multi-omics approaches (Supplementary Material S3). For breast
cancer (BRCA) survival analysis, the best performance for PCA features
is achieved with 300 PCs. Thus, we select the results using 300 PCs in
Table 3 for single-omics experiments and Table 4 for multi-omics ex-
periments. For ovarian cancer (OV) survival analysis, the best perfor-
mance for PCA features is achieved with 50 PCs. Thus, we select the
results using 50 PCs in Table 5 for single-omics experiments and Table 6
for multi-omics experiments.

From the tables, we can observe that the performance of overall
survival analysis improves after the integration of multi-omics with both
PCA features or high variance features. For BRCA survival analysis, the
concatenation-based integration outperforms consensus-based integra-
tion in some -omics combinations while consensus-based integration
outperforms concatenation-based integration in the other -omics com-
binations. The consensus-based integration ConsensusCosine using PCA
features of DnaMeth and miRNA achieves the best performance
(0.671 £ 0.046). The consensus-based integration ConsensusEuclidean
using PCA features of miRNA and CNV achieves a similar performance
(0.667 + 0.073).

For OV survival analysis, we also observed that the concatenation-
based integration outperforms consensus-based integration in some
-omics combinations while consensus-based integration outperforms
concatenation-based integration in the other -omics combinations. The
concatenation-based integration AutoencoderConcat using PCA features
of miRNA and CNV achieves the best performance (0.571 + 0.036). We
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Fig. 3. Radar plots of the accuracy for cancer types classification using AutoencoderConcat framework and ConsensusEuclidean framework for integration. A. LUAD
vs. KIRC binary classification using the top 100 PCA features. B. LUAD vs. KIRC binary classification using the high variance features. C. LUAD vs. KIRC vs. LUSC vs.
PAAD four-class classification using the top PCA features. D. LUAD vs. KIRC vs. LUSC vs. PAAD four-class classification using the high variance features. Blue lines:

AutoencoderConcat. Yellow lines: ConsensusEuclidean.

Table 3
BRCA Overall Survival (OS) Analysis C-Index with Single-Omics.
Features GE DM mR CNV
PCA 300 0.585 +0.065 0.591 + 0.064 0.629 +0.089 0.496 + 0.051
High 0.529 +£0.033 0.581 +0.066 0.614 + 0.041 0.503 £0.071
Variance

have also compared the C-index of concatenation-based and consensus-
based integration methods using radar plot (Fig. 4).

4.2.2. Visualization of risk prediction with Kaplan-Meier plot
Besides the C-index for the evaluation of survival analysis, we also

samples, it will be assigned to the low-risk group; otherwise, it will be
assigned to the high-risk group. We visualize the two groups with
Kaplan-Meier curves and test the separation of these two groups with the
log-rank test. Fig. 5 presents the Kaplan-Meier plot of breast cancer
(BRCA) overall survival (OS) analysis using the integration of the top
300 PCA features of DnaMeth and miRNA. From this Kaplan-Meier plot,
we observe that all four integration methods are able to achieve good
separation of the low-risk and high-risk groups. Fig. 6 presents the
Kaplan-Meier plot of breast cancer (BRCA) overall survival (OS) analysis

Table 5
OV Overall Survival (OS) Analysis C-Index with Single-Omics.

perform the Kaplan-Meier plot with the log-rank test to visualize the Features GE DM mR CNV
hazard prediction. We group the testing samples into the low-risk and PCA 50 0.504+0.016 0.488+0.046 0.549+0.037  0.523+0.037
high-risk groups by the median of all predicted hazards. If a testing High 0.49+0.024  0.524+0.026  0.506+0.046  0.497 +0.03
sample’s predicted hazard is lower than the median hazard of all testing Variance
Table 4
BRCA Overall Survival (OS) Analysis C-Index with Multi-Omics.
Features Methods GE + DM GE + mR GE + CNV DM + mR DM + CNV mR + CNV
PCA 300 SimpleConcat 0.596 + 0.054 0.644 + 0.057 0.583 + 0.066 0.651 + 0.055 0.562 + 0.057 0.608 + 0.039
AutoencoderConcat 0.607 + 0.073 0.609 + 0.053 0.588 £ 0.105 0.655 + 0.062 0.552 +0.061 0.627 +0.062
ConsensusCosine 0.558 +0.081 0.609 + 0.078 0.571 +0.054 0.671 +0.046 0.565 + 0.024 0.609 + 0.056
ConsensusEuclidean 0.581 +0.057 0.591 +£0.115 0.52 +0.025 0.637 +0.073 0.618 + 0.086 0.667 + 0.073
High Variance SimpleConcat 0.524 +0.024 0.525+0.04 0.558 +0.019 0.633 +0.042 0.577 +0.04 0.609 + 0.054
AutoencoderConcat 0.507 + 0.036 0.53+0.052 0.524 +0.038 0.625 +0.023 0.586 + 0.068 0.603 + 0.04
ConsensusCosine 0.532+0.017 0.543+0.011 0.494 + 0.052 0.61 +0.068 0.557 +0.034 0.61 + 0.056
ConsensusEuclidean 0.528 +0.018 0.606 -+ 0.041 0.532+0.02 0.626 + 0.056 0.554 +0.024 0.585 + 0.049
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Table 6
OV Overall Survival (OS) Analysis C-Index with Multi-Omics.
Features Methods GE + DM GE + mR GE + CNV DM + mR DM + CNV mR + CNV
PCA 50 SimpleConcat 0.519 £ 0.034 0.505 +0.033 0.548 £0.015 0.529 + 0.075 0.517 +0.044 0.545 +0.057
AutoencoderConcat 0.462 +0.027 0.556 + 0.059 0.503 £0.027 0.513+0.014 0.489 +0.074 0.571 £ 0.036
ConsensusCosine 0.497 £0.011 0.507 £0.043 0.553 +0.053 0.497 +0.053 0.535 +0.037 0.533 +£0.036
ConsensusEuclidean 0.496 +0.039 0.548 £0.025 0.512+0.026 0.485 +0.047 0.508 +0.026 0.54 +£0.067
High Variance SimpleConcat 0.525+0.034 0.541 £0.053 0.526 £ 0.036 0.535+0.017 0.524 +0.021 0.504 +0.051
AutoencoderConcat 0.534 +£0.032 0.523 £0.024 0.525+0.016 0.518 +£0.03 0.506 + 0.031 0.519 £ 0.058
ConsensusCosine 0.547 £ 0.045 0.545 £0.027 0.54 +0.052 0.542 +0.015 0.545 £ 0.068 0.483 +0.035
ConsensusEuclidean 0.541 +0.053 0.549 £ 0.053 0.51 +0.066 0.53 £0.038 0.513+0.073 0.475+0.032
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Fig. 4. Radar plot of the C-Index for overall survival analysis using concatenation and consensus based multi-omics integration. A. Breast cancer (BRCA) overall
survival (OS) C-index with Top 300 PCA features. B. Breast cancer (BRCA) overall survival (OS) C-index with high variance features. C. Ovarian cancer (OV) overall
survival (OS) C-index with Top 50 PCA features. D. Ovarian cancer (OV) overall survival (OS) C-index with high variance features. Green lines: SimpleConcat. Blue
lines: AutoencoderConcat. Magenta lines: ConsensusCosine. Yellow lines: ConsensusEuclidean.

using the integration of the top 300 PCA features of miRNA and CNV.
From this Kaplan-Meier plot, we can observe the ConsensusEuclidean
achieves the best low-risk and high-risk group separation, while the
SimpleConcat has the worst low-risk and high-risk groups separation.
Additional Kaplan-Meier plots are presented in Supplementary Material
S5.

4.2.3. Visualization of the hidden features with t-SNE and scatter plot
We use t-SNE to visualize the hidden features learned by four multi-
omics integration methods (concatenation-based: SimpleConcat and
AutoencoderConcat; consensus-based: ConsensusCosine and Con-
sensusEuclidean). After reducing the dimensions of the hidden features
to two, we visualize the decomposed hidden features with scatter plots
(Fig. 7 and Supplementary Material S6). We illustrate the integration of
DnaMeth and miRNA in Fig. 7A and the integration of miRNA and CNV
in Fig. 7B. From the scatter plots, we observe that the multi-omics hid-
den features learned by consensus-based integration align better
compared to that of concatenation-based integration. The results
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demonstrate that the Cosine-similarity-based consensus learning (Con-
sensusCosine) and the Euclidean-based consensus learning (Con-
sensusEuclidean) improve the cross-modality alignment for multi-omics
data, which contributes the performance improvements on survival
analysis.

5. Discussions

In the cancer types classification, if using 1,000 high variance fea-
tures, consensus-based integration consistently  outperforms
concatenation-based integration; while if using top 100 PCA features,
concatenation-based integration consistently outperforms the
consensus-based integration. Because the consensus-based integration is
based on the mutual information co-existing in multiple -omics modal-
ities, when features are more compressed as in PCA features, the
concatenation strategy works better. Thus, mutual information among
modalities is essential when applying consensus-based integration. For
example, if integrating two distinct modalities of a patient (e.g., gene
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expression vs. MRI imaging), the consensus learning may not be a good
option. In overall survival prediction, both the concatenation-based and
consensus-based integration models consistently outperform the single-
modality models, but the rank of their performance varies with different
choices of modality combinations. A future study is needed to under-
stand when consensus works better than concatenation in survival
prediction.
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Days

In this study, we have developed a multi-omics data integration
method by divergence-based modality-invariant representation. To
impose consensus constraints among modalities, we maximize the
Cosine similarity (ConsensusCosine) or minimize the Euclidean dis-
tances (ConsensusEucldiean) on the features represented from each
-omics modality. The first future direction is to replace the Cosine sim-
ilarity or Euclidean distance with other divergence criteria such as
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Wasserstein distance, or to adopt adversarial learning for modality-
invariant representation instead of the predefined divergence metrics.
That is to differentiate features represented from various modalities by
training the discriminator and the modality-specific encoders in an
adversarial fashion.

The second future direction is to integrate the feature selection or
dimension reduction step with our multi-modality network. Currently,
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we have utilized variance for feature selection and PCA for dimension
reduction, respectively, which have shown influences on multi-modality
integration performance. As deep learning can offer fully data-driven
analysis, we can integrate the feature selection step with the modality-
invariant representation step to improve the overall model perfor-
mance. However, to enable such automatic feature engineering, one
bottleneck could be the amount of data available for training.
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Another future direction is to utilize multi-task learning with multi-
view learning. In this study, we train encoders for each -omics modality
(e.g., GeneExp, DnaMeth, miRNA, and CNV) independently when
applying to various endpoints (e.g., cancer types classification and sur-
vival analysis). However, for encoders of a specific modality (e.g.,
GeneExp), they transform raw -omics features to hidden spaces with the
same dimensions, despite that hidden features might be used for various
cancer types (BRCA vs. OV) and prediction tasks (e.g., cancer types
classification vs. survival analysis). Thus, we will apply multi-mask
learning to combine the training of these encoders and obtain poten-
tial performance improvements.

6. Conclusions

In this paper, we presented an effective end-to-end solution for
integrating multi-omics data based on deep neural networks. We
developed a new divergence-based consensus regularization techniques
to capture the consensus information among modalities to improve
prediction performance. Although we only tested this new algorithm for
a two-modality integration scenario with two divergence metrics (i.e.,
Cosine similarity and Euclidean distance), this novel method can be
easily extended to multiple modalities and advanced divergence metrics.
Through our analysis, we demonstrated on why and how to integrate
different modalities of data. Our experiment results validated the
effectiveness of our new method for both cancer types classification and
survival prediction. In the visualization of features, we observed that our
approach could identify more consensus among modalities with clearer
separation margins.
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