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Abstract

Driven by high-throughput sequencing techniques, modern genomic and clinical studies are in a strong need of integrative
machine learning models for better use of vast volumes of heterogeneous information in the deep understanding of biological
systems and the development of predictive models. How data from multiple sources (called multi-view data) are incorporated
in a learning system is a key step for successful analysis. In this article, we provide a comprehensive review on omics and
clinical data integration techniques, from a machine learning perspective, for various analyses such as prediction, clustering,
dimension reduction and association. We shall show that Bayesian models are able to use prior information and model meas-
urements with various distributions; tree-based methods can either build a tree with all features or collectively make a final
decision based on trees learned from each view; kernel methods fuse the similarity matrices learned from individual views
together for a final similarity matrix or learning model; network-based fusion methods are capable of inferring direct and in-
direct associations in a heterogeneous network; matrix factorization models have potential to learn interactions among fea-
tures from different views; and a range of deep neural networks can be integrated in multi-modal learning for capturing the
complex mechanism of biological systems.

Key words: data integration; multi-omics data; random forest; multiple kernel learning; network fusion; matrix factorization;
deep learning

Introduction amount of data from a single patient, such as clinical records
In this big data era, information grow almost exponentially in (e.g. age, sex, histories, pathologies and therapeutics),
volume, variety and complexity [1]. For example, in current bio- high-throughput omics data (e.g. genomics, transcriptomics,
medical research, it is not uncommon to have access to a large proteomics and metabolomics measurements) and so on, all
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under proper multi-party consents. In this article, we use the
term ‘multi-view data’ to denote any kinds of heterogeneous
(could be homogeneous) data that provide complementary in-
formation to characterize a biological object, phenomenon or
system from various aspects. Such data may be of different
types and from different sources, follow different statistical
distributions, possess different semantics, suffer from different
levels of imprecisions and contain different kinds of uncertain-
ties. Specifically, we are interested in four types of multi-view
data: (1) multi-view data with different groups of samples meas-
ured by the same feature set (or called multi-class data),
(2) multi-view data with the same set of objects (samples) but
several distinct feature sets, (3) multi-view data measuring the
same set of objects by the same set of features in different con-
ditions (can be represented by a three-way sample x feature x con
dition tensor) and (4) multi-view data with different features and
different sample sets in the same phenomenon or system,
which can be further transformed to multi-relational data.

The type-2 and type-4 multi-view data described above are
often referred as multi-omics data. Generation of type-2 multi-
omics data requires collaborative efforts within a big consortium
such as the Cancer Genome Atlas [2], the Encyclopedia of DNA
Elements Consortium [3], the Roadmap Epigenomics Project [4]
and the Genotype-Tissue Expression Project [5]. The wide exist-
ence of type-4 multi-omics data is often owing to an uncoordin-
ated contribution of independent (small) projects. Single-omics
data only describe a biological process at one specific molecular
level. For example, whole genome (or exome) sequencing [6] de-
tects single-nucleotide and structural variations (genetic level);
ChIP-seq [7] identifies transcription factor binding sites (protein-
DNA interactomic level) and histone modifications (epigenomic
level) in the entire human genome; DNase-seq [8] detects open
chromatin regions for transcription factor binding loci (epige-
nomic level); whole genome bisulfite-seq [9] allows to build
methylomes which are key to understand gene regulation, X
chromosome inactivation and cancerogenesis (epigenetic level);
RNA-seq [10] can be used to capture gene expression level, and
discover alternative splicing, gene fusion and novel isoforms
(transcriptomic level); microRNA (miRNA)-seq [11] snapshots ex-
pression of micro-RNAs that regulate mRNA translations (trans-
lation level); and protein arrays [12] and mass spectrometers are
useful to detect concentration of proteins [13] and metabolites
[14] (proteomic and metabolomic levels). To identify acting path-
ways from DNA variations and epigenetic changes to proteins
and metabolites, omics data at each level should be generated
for the same tissues. Single-omics data enumerated above have
the following characteristics: (1) high dimensionality, (2) redun-
dancy, (3) highly correlated features and (4) non-negativity. On
top of them, multi-omics data have the following characteristics:
(1) mutual complementarity, (2) causality and (3) heterogeneity.

In bioinformatics, there are five types of data-driven ana-
lyses where integrative machine learning methods are required.
The first is multi-class feature selection and classification prob-
lem, where given multiple groups of objects measured using the
same set of features, one is often interested in selecting key fea-
tures responsible for the separation of these groups. One ex-
ample is meta-analysis or pan-analysis of gene profiles from
many distinct tumor tissues. Performance of classification can
be measured by area under the receiver operating characteristic
curve (auROC) for balanced data and area under the precision-
recall curve (auPRC) for imbalanced data. Second, integrating
multi-omics data of the same set of labeled objects is expected
to escalate prediction (classification or regression) power, for
example, the early detection of cancers based on multi-

platform data. Third, in the above setting but without class
labels, the task becomes an unsupervised learning to discover
novel groups of samples. Tumor subtyping is such a commonly
conducted analysis. Performance of clustering can be computa-
tionally quantified using simulation study, multi-view exten-
sions of index criteria [15] and enrichment analysis. Fourth,
given multiple heterogeneous feature sets observed for the
same or group of samples, the interactions among inter-view
features could be crucial to understand the pathways of a
phenotype. The obtained potential pathways should be vali-
dated by computational enrichment analysis and wet-lab ex-
periments. Last, given homogeneous and heterogeneous
relations within and between multiple sets of biological entries
from different molecular levels and clinical descriptions, infer-
ring the relations between inter-set entries is named associ-
ation study in a complex system. The findings should be finally
tested by wet-lab experiments.

On the one hand, multi-view data provide us with an unpre-
cedented opportunity to understand a complex biological sys-
tem from different angles and levels (e.g. genotype-phenotype
interactions [16] and cancer studies [17]), and make precise
data-driven predictions (e.g. drug response prediction [18]). For
instance, intelligent learning systems have been successfully
used in the genome-wide detection of cis-regulatory regions [19]
to combine sequence information, transcription factor binding,
histone modifications, chromatin accessibility as well as 3D
genome information (such as DNA shapes and genomic domain
interactions) for a comprehensive description of cis-regulatory
activities. On the other hand, it poses a tough challenge for ma-
chine learning experts and data scientists to wisely optimize
the use of these data for specific needs. In accordance with
when multi-view data are incorporated into a learning process,
data fusion techniques can be classified as early, intermediate
or late integration methods [20]. In early integration methods,
features from different data are concatenated into a single fea-
ture vector before fitting an unsupervised or supervised model.
In late integration, separate models are first learned for individ-
ual views, then their outputs are further combined to make the
final determination. An intermediate strategy globally involves
data integration in a learning process. Thus, the design of a
computational intelligent model should be determined by the
nature of multi-view data, the need of an analysis and the com-
plexity of incorporating these multi-view data.

In the frontier of big biological data analytics, it becomes in-
dispensable to investigate the fundamental principles of inte-
grating multi-view data to provide bioinformaticians and data
scientists an aerial view and guide to choose and devise multi-
view methods. In this review, we focus on integrative machine
learning principles for the five types of analyses using the four
categories of multi-view data. This article is a significant exten-
sion of our preliminary discussion of data integration in a work-
shop [21]. During the preparation of this extension, we learned
that other studies also independently recognized that data inte-
gration is an urgent need in current and future bioinformatics,
for example, the work of [22], which highlights network meth-
ods and non-negative matrix factorizations (NMFs); however,
our study covers more comprehensive discussions, such as
tree-based methods and multi-modal deep learning, as well as
the latest advances, such as partial-least-squares-based models
and similarity network fusion (SNF) approaches. For giving the
readers an overview of this article, Table 1 is provided as a sum-
mary of various machine-learning-based analyses for the four
types of multi-view data. The following sections are organized
based on machine learning methodologies. We shall discuss
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Table 1. An overview of integrative analyses that can be conducted by machine learning methods on four types of multi-view data. Details re-
garding these methods and applications are described in separate sections

Integrative method

Type of multi-view data

Multi-class
data (type-1)

Multi-feature-set
data (type-2)

Tensor data (type-3)

Multi-relational
data (type-4)

Feature concatenation

Classification
Regression
Feature selection

Bayesian models or networks

Classification
Feature selection

Classification
Regression
Feature selection
Pathway analysis

Ensemble learning

Classification
Feature selection

Classification
Regression
Feature selection

Multiple kernel learning Classification Classification Association study
Regression
clustering
Network-based methods Association study
Multi-view matrix Classification Classification Classification Association study
or tensor factorization Feature selection Feature selection Clustering
Pathway analysis
Clustering
Multi-modal learning Classification
Clustering

Association study

simple feature concatenation, Bayesian models, tree-based en-
semble methods, multiple kernel learning, network-based
methods, matrix factorizations and deep neural networks.

Feature concatenation

Concatenating all features into a single vector seems to be the
‘simplest’ principle that brings all features together.
Heterogeneous data contain much richer information than
homogeneous data. But it is challenging to combine heteroge-
neous features. Applying feature selection techniques to the
concatenated data may improve performance [23]. Sparse linear
discriminative models, such as support vector machines (SVMs)
[24] and the LASSO family [25], play an important role in the
classification, regression and feature selection of multi-class
data with combined homogeneous or heterogeneous features.
A general linear model can be formulated as y = g(w"x+b)
where x is a vector of predictor variables; y is a binary discrete
response variable (classification problem) or real-valued vari-
able (regression problem); w is the weight vector; b is a scalar
bias term; and g(-) is an inverse link function. From an optimiza-
tion perspective, linear models can be generally written as

N
mingp Y 1(Yn, WXy +b) + Ar(w), (1)
1

n=

where 1(+) is a loss function, r(-) is a regularization term and 1
balances the trade-off between fitting error and model complex-
ity. By making w sparse, using, for example, l;-regularization,
predictor variables corresponding to non-zero weights are taken
as important features for the response variable. Thus, sparse
linear models can be used for simultaneous prediction and

variable selection. The l;-norm-based shrinkage is known as
LASSO. Important generalizations of LASSO include (1) elastic
net [26] that uses a weighted combination of I;- and l,-norms to
select highly correlated predictor variables together, (2) group
LASSO [27] that selects among predefined groups of predictor
variables and (3) graphical LASSO [28] that applies l;-regulariza-
tion to produce sparse precision matrix for estimating sparse
graphs. Among them, (sparse) group LASSO [29] is useful to in-
corporate prior knowledge in the grouping of features [30]. It
can also be applied to concatenated multi-omics data with fea-
tures from the same view hierarchically grouped. Graphical
LASSO is useful to incorporate structured information. For ex-
ample, a graph regularization is used in [31] to select a con-
nected component from SNP network associated to a
phenotype.

LASSO is variable selection consistent if and only if the train-
ing data X satisfies the irrepresentable condition [32]. But its
generalizations—adaptive LASSO [33] and randomized LASSO—
using the stability selection [34] are consistent variable selection
procedures. Sparse linear models using a robust loss function,
such as hinge loss, is robust to outlier samples [35]. The sparse
regularization techniques reduce model complexity, thus pre-
vent model selection from overfitting.

The concatenated features require additional downstream
processing that may lead to loss of key information. First, be-
cause multi-view data are observed in different forms that may
include continuous features, discrete features, characters and
even graphic data types, converting them into acceptable types
(e.g. continuous to discrete, categorical to binary coding) is
necessary for certain models such as hidden Markov models.
Second, features from multiple views usually have different
scales. Particularly for discriminative models, it is sometimes
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Figure 1. Bayesian network classifiers. (A) General Bayesian network classifier. The class variable is treated as an ordinary node. (B) Naive Bayes classifier. Features are
assumed to be conditionally mdependent given the class variable as their common parent. (C) Tree-augmented naive Bayes classifier. Sharing the class variable as par-

ent, the features have a tree structure (in bold edges).

necessary to normalize or standardize the combined features to
reduce bias and speed up training process. The feature concat-
enation strategy followed by normalization is commonly used
in linear models such as SVMs and LASSOs. Moreover, feature
concatenation is often unworkable with modern data which
possess a high dimensionality and rich structural information.
For instance, converting medical text documents into a bag of
words and combining it together with vectorized image pixels
may certainly ignore the importance of language semantics and
local structures in images.

Bayesian methods to integrate prior
knowledge

In a field, there might exist some a priori available knowledge
associated with each class, which is useful in a predictive model
to better characterize the objects under investigation. From a
Bayesian perspective, one can thus consider incorporating this
prior knowledge into a learning model, while using the features
of interest as regular input features. Suppose we have prior
knowledge and input feature data represented by X and X"
respectively. In a two-class problem (that is, y € {-1,+1}), the
class prior of a sample can be defined as a logistic function:

e pTxP)

p(y =+1xP p) = : @

1+ eb'x?

where g is a vector consisting of the coefficients of the corres-
ponding prior features, indicating their contributions to the
class prior. Using Bayes’ Theorem, the posterior can be decom-
posed into class-conditional and class-prior probabilities:

p(y = +1|x®),x, 0)

Ox®,y = +1,0)p(y = +1x),0)
P(xT[xP),0) )

p(xD|y = +1,0,)p(y = +1[xP ),

where ., is the parameter of the +1 class-conditional distribution
(likewise, «_; is the parameter of the -1 class-conditional distribu-
tion). The exact form of the class-conditional distributions can be
formulated by certain models (such as normal distribution, mix-
ture of Gaussians and naive Bayes). The model parameter 0 = {
41,2 1, B} can be learned from training data {X®, X"y} by max-
imum likelihood or maximum a posteriori estimation. For instance,

CENTIPEDE is a Bayesian mixture model developed for the predic-
tion of transcription factor binding sites [36] by using position
weight matrices score, evolutionary conservation score and tran-
scription start site proximity as prior knowledge, and ChIP-seq ex-
periments as regular features. In case of multi-class problems
(thatis y € {1,...,C} where C> 2), the class prior can be extended
to a multinoulli distribution:

p(y = 1|x¥),0)
hy(xP),0) =
p(y = C]xP,0)
) @

e,/;lx(p)

1 _ATx®

- e
c=1

e,ljzxuﬂr

Then the parameters to be learned from training data become
{11 anﬂl*"'ﬁﬂC}‘

BayeSLan methods are well-known for their capability of incor-
porating various prior knowledge in predictive or exploratory mod-
els. However, it may be difficult to find useful information as prior
features. Furthermore, it is often hard to assume proper class-
conditional distributions, especially for complex systems. In case
of many-class problems, finding a suitable class-conditional distri-
bution for each individual class becomes unattainable in practice.

Bayesian methods for data of mixed types

Bayesian networks (BNs) [37] can naturally model multi-view data
with mixed distributions for classification and feature-interaction
identification purposes. As a typical model of probabilistic graph-
ical models, a BN can be represented by {S, 8}, where S denotes its
graphical structure whose nodes represent variables and directed
edges indicate dependencies between pairs of variables and 0 the
set of parameters of the variables’ conditional distributions.
Suppose there are M visible variables (say X = [X;, ..., Xy]) and no
latent variable, BN decomposes the joint probability of X to

M

pX) = [[ p(Xm[T(Xm)), ©)

m=1

where I1(Xy,) is the parent set of variable X,,. The dependency
structure and parameters of the conditional distributions can be
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learned from data. Given a learned BN, the values of invisible
variables (if any) can be inferred from (partially) observed data.
The values of variables in a BN can be all discrete [38], all con-
tinuous [39] or a mixture of them [40]. Thus, variables of differ-
ent types can be naturally integrated using BN. In the general
procedure of applying BN for classification (and regression) pur-
pose (1A), the network (with the class variable being a node) can
be learned from labeled training data. The classes of unlabeled
samples can be inferred using the learned network [41].
Furthermore, BN can be simultaneously used to select features
by only taking variables in the Markov blanket of the class node.
For example, in Figure 1A, features X1, X5, X4, Xs and X¢ form the
Markov blanket of the class node; thus, they should be reported
as key features. Moreover, prior (biological) knowledge can be
easily incorporated in structure learning and parameter estima-
tion of BNs [42].

However, three obstacles challenge us to apply BNs in data
integration. First, searching for the optimal BN structure is a
NP-complete problem [38]. Second, the number of parameters
may be much larger than the sample size. Third, inference in a
BN is intractable. They imply that using BN for high-
dimensional data becomes exponentially difficult. Thus, heuris-
tic structure learning algorithms and restrictions (or assump-
tions) on the model structure and conditional distributions are
usually made to alleviate the curses of dimensionality.
The model structure is often assumed to be sparse. For ex-
ample, in naive Bayes classifier [43] (Figure 1B), the features are
assumed to be conditionally independent of each other given
the class variable (say C) as common parent, so that the joint
probability p(C, X) can be factorized as

M
p(C.X) =p(C) [[ p(XmlC). ©)
m=1
The class label can thus be inferred by

p(CIX) =B = p(C) [P (Xm|C) )
p(X).

Naive Bayes classifier is famous as a slim and swift BN
model because learning its structure is needless and the infer-
ence of class label is straightforward. Tree-augmented naive
Bayes classifier [44] (Figure 1C) relaxes the independence among
features by a tree structure. It outperforms the naive Bayes clas-
sifier but keeps the efficiency of model learning.

In model selection of BNs, the Bayesian information (BIC) cri-
terion and the minimum description length (MDL) criterion are
asymptotically consistent [45]. Model averaging and single
model selection with respect to a penalized criterion, such as
BIC and MDL, help BNs to avoid overfitting of data [46]. In the
presence of incomplete data, BNs is robust to missing values by
ignoring them when computing sufficient statistics in param-
eter estimation.

Trees of mixed data types and ensemble
learning

Decision trees should be considered as integrative models
because a mixture of discrete and continuous features can be
simultaneously integrated [47] without the need to normalize
features. Classification and regression trees are representatives
of rule-based prediction models. When recursively building a
classification tree, a feature (even a subset of features) that splits
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Figure 2. Late integration of multi-view data using ensemble learning (e.g. ran-
dom forest).

the classes the best, in term of a scoring function, is selected to
create a node. At each node, rules are established to branch out
different classes downward. Different from black-box models,
the learned hierarchy of rules (tree) are well interpretable.
Meanwhile, decision trees can be applied to select features by
ranking attributes with respect to their summed improvements
for class purity. In a decision tree with T internal nodes, the
importance score of the i-th feature can be defined by
s(X) =L, g®I(u(t) =i), where I(u(t)=1i)e {0,1} indicates
whether the i-th feature is selected in the t-th node to split the
corresponding data region and g(t) is the gain of class purity
measured, for example, by Gini index [47, 48]. Because each fea-
ture is used to learn decision rules, multi-view data of various
data types (discrete, categorical and continuous) can be con-
sidered together without normalization. The values of continu-
ous variables are partitioned into intervals of different lengths,
thus decision rules can be created for continuous variables of a
variety of distributions without the need to standardize input
data. In fact, decision trees remain invariant under feature scal-
ing and transformation. However, decision trees are sensitive to
noise, thus have a poor capability of generalization. Moreover,
building a decision tree for high-dimensional data could con-
sume an unaffordable amount of time.

The overfitting issue of decision trees can be overcome
by collective intelligence, that is, ensemble learning [49, 50],
which builds a population of decision trees as weak learners for
the state-of-the-art performance. Bagging [51] and boosting [52,
53] are popular ensemble learning models, where bagging sim-
ply combines the decisions of multiple weak learners, while
boosting tweaks the weak learners to focus on hard examples.
However, a few trees learned in this manner may be highly cor-
related. Moreover, learning a collection of decision trees for
multi-view data with many features becomes much more
unaffordable.

Random forest addresses the above two challenges by ran-
domly picking up features in the construction of trees. Although
the randomness degrades the interpretability, the importance of
features can still be obtained by out-of-bag (OOB) randomization
or Gini index. In the former method, the importance score of the
i-th feature is defined as the difference of OOB errors between
using the original OOB samples and using the OOB samples
where the values of the i-th feature are permuted. In the latter
method, Gini indices [47] of the i-th feature in individual trees in
the forest can be averaged as the importance score [48]. Although
widely used in practice, many properties of random forest mod-
els stay unknown. It has been just shown that random forests
are resistant to outliers [54]. Recent studies also prove that not all
random forest models are universally consistent [55, 56].
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Figure 3. Multiple kernel learning for data integration. Metric learning may be
applied to learn suitable similarity matrices.

There are three ways to integrate data by ensemble learning.
The first way is to use the concatenated features as input of ran-
dom forest. The second way is to build multiple trees for each
data view, and then use all learned trees of all views to vote for
the final decision [57, 58]. An example of using random forest as
a late integration method is illustrated in Figure 2. More elegant
combination methods are discussed in [59]. This ensemble-
learning-based data integration strategy has several advan-
tages. First, this method can be easily manipulated and its out-
comes are well interpretable. Second, class imbalance problems
can be elegantly addressed by random forest in its bootstrap-
ping [60]. Third, granularity of features can be carefully con-
sidered in the step of sampling features [61]. However, because
itis a late-integration strategy, the interactions of features from
separate sources cannot be detected. The third way is to obtain
new meta-features from multi-view data instead of using the
original features. This idea is from West’s group who incorpor-
ate both clinical factors and genomic data in predictive survival
assessments [62]. A meta-feature (named meta-gene in [62]) is
defined as the first principal component of a cluster of genes
grouped by a clustering algorithm. Then, the model grows a for-
est of statistical classification and prediction trees. In each tree,
features used in the nodes are decided by the significances of
Bayesian factor tests on the features (meta-genes and clinical
factors). Multiple significant features can be distributed in mul-
tiple trees so that the correlations between trees are reduced.
The final decision is determined by a weighted combination of
the decisions of all trees, where the probabilities of trees
are used as combination weights. One advantage of the
meta-feature-based ensemble model is that information from
different views can be incorporated via clustering in the model
learning. Because the meta-features are used instead of the ori-
ginal features, complexity of trees can thus be reduced.

Kernel learning and metric learning

Kernel matrix k(X,X), rather than the original features, is only
required as input of kernel classification (e.g. SVM [24]), regres-
sion (e.g. support vector regression [63]), clustering (e.g. spectral
clustering [64]) and feature extraction (e.g. sparse

representation, SR [65]) methods. Thus, the problem of data in-
tegration can be transformed to kernel integration in the sam-
ple space rather than the heterogeneous feature space. Multiple
kernel learning (MKL) [66, 67] is an intermediate integration
technique that first computes kernel (or similarity) matrices
separately for each data view, then combines these matrices to
generate a final kernel matrix to be used in a kernel model.
Suppose there are K kernel functions, {k1(-,"),...,kv(-,-)}, corres-
ponding to V views, X = {XV, ... X}, where matrix X" repre-
sents samples (in columns) using the v-th set of features (in
rows). The combined similarity between samples x; and x; can
be computed by

1 1 \4 \'4
k(xi, %) = fy (Ra (3, xV), . Ry (31, %)), ®
where f, is either a linear or nonlinear function with parameter

7. In the simplest case, it is a weighted linear combination of
kernel matrices:

v
kX, X) = nky(XV,XM)), ©)

v=1
where 5 = [i1,...,ny] can be either assigned before learning, or

determined in the learning procedure. Figure 3 shows an ex-
ample of MKL-based integration system. The individual similar-
ity (kernel) matrix of a data view can be computed by an off-
the-shelf kernel function semantically sensible for the specific
view or by sophisticated metric learning [68]. Metric learning
[69, 70, 71] aims to learn a metric function from data such that
the distances between within-class samples are closer, whereas
the distances between inter-class samples are farther. A key
strength of kernel methods is that their optimizations are inde-
pendent of the number of features, which is known as dimen-
sion free [72]. However, large-scale optimization corresponding
to a large sample size remains a major bottleneck. For example,
an optimal MKL task can essentially be a semidefinite program-
ming problem [73]. Moreover, because a kernel method is
treated as a ‘black box’ with respect to identifying informative
features and the integration occurs in sample space, MKL
should not be considered when identifying feature interactions.
SimpleMKL-based [74] multiple kernel learning has been
applied in [75] to predict cancer prognosis by using gene expres-
sion data, DNA methylation data, miRNA expression data and
copy number variations, showing significantly better auROC
over single-view methods.

Network-based approaches to integrate
multiple homogeneous networks

Multi-view data of cohort samples can be integrated in the sam-
ple space by network fusion methods. Although these methods
are essentially nonlinear MKL models, as they are mainly pre-
sented in the context of biological network mining, we discuss
them in this separate section. Given multiple networks with
identical nodes but different edges, an established idea is to fuse
these networks in a final network reflecting common and view-
specific connections. As a typical example of this principle, SNF
[76] integrates mRNA expression, DNA methylation and miRNA
of cohort cancer patients for tumor subtyping and survival pre-
diction. SNF first constructs a sample-similarity network for
each view where a node represents a sample and a weighted
edge reflects the similarity between two samples. Then, it uses a
message-passing-theory-based method to iteratively update
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each network making it more similar to the other networks.
Finally, a patient-similarity network is generated by fusing all in-
dividual networks. Essentially, this network-based method falls
into the kernel learning principle discussed in the ‘Kernel learn-
ing and metric learning’ section. Kernel clustering methods, for
example, spectral clustering, can be applied on the patient-
similarity network to find distinct groups of patients, that is,
subtyping. Comparison assessment on multi-omics cancer data
showed that SNF outperforms iCluster [77] and feature concat-
enation in terms of Cox log-rank test and a cluster index score.

Similarly, using this principle, multi-view data of cohort fea-
tures can be integrated in the feature space. Here, we take the re-
construction of gene regulatory networks (GRNs) as an example.
Given multiple RNA-seq data sets generated under different per-
turbations of the same cell system, a GRN can be learned for
each data set, and then fused by SNF to a final GRN. Likewise,
GRNs learned by different algorithms can also be fused by a
method like SNF to achieve robust result, which implements the
philosophy—‘the wisdom of crowds’ [78]. A similar network fu-
sion method has been proposed in KeyPathwayMinerWeb for
pathway enrichment analysis using multi-omics data [79].
Another similar method is called ‘FuseNet’, which models multi-
omics data using Markov network allowing non-Gaussian distri-
butions, and represents the model parameters by shared latent
factors to collectively infer a holistic gene network [80].

To learn knowledge from multiple networks with identical
nodes but different edges, instead of fusing these networks in a
final network, Wu’s group recently proposed an energy-based
approach to integrate information from multiple networks [81,
82, 83, 84, 85]. Considering a Boolean network with N vertices,
there are totally 2V different configurations. In such a configur-
ation, a node can be labeled as either 1 or 0. If all genes related
to a specific disease in a gene network are labeled as 1 and other
as 0, then a specific disease corresponds to a specific configur-
ation of the gene network. The probability of the configuration
can be calculated by a Boltzmann distribution function p(X)
with respect to the network configuration as follows:

p(X) = 7 e, (10

where H(X) is the Hamiltonian (energy) of the configuration X, k
is a constant parameter and Z is called the partition function
and defined as Z = Y x5, e ¥, where {X} is a set consisting
of all possible configurations of a network. The energy function
H(X) depends on the network structure and the labeling of the
configuration, which can be mathematically expressed as

H(X) = —aN1 — fN10 — yN11 — Noo, (11)

where N; is the number of nodes with label 1, Nog is the number
of edges connecting neighboring nodes with both 0’s, Ny, is the
number of edges connecting a node with label 0 and another
with 1, Ny, is the number of edges bridging two adjacent nodes
with label 1 and ¢, f and y are parameters to be learned. Letting
0 = {0, B,7}, we can calculate the posterior probability of node n
labeled as 1 as follows:

e+ (B=1)Mno-+ (7= f)Mn1

p(Xn = 1‘X—n7 0) = (12)

ex+(B=)Mno+(=f)Mm 4 1’

where Mpo and My, are the numbers of neighbors of node n with
label 0 and 1, respectively. For multiple networks, although the
labelings of the configuration are the same, their network
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connections are different. As a result, the energy functions of a
specific configuration in multiple networks vary, yet are natur-
ally additive. Suppose that we have V gene networks, the energy
of a specific configuration with multiple networks can be calcu-
lated as

)
H(X) = Y HY(X)
v=1
v (13)
=~ = S (NG + 50N £ ).

v=1

Accordingly, the posterior probability of node n labeled as 1
can be calculated by

P(Xn = 1|X_p,0)

v
_e*t Zu:l (B — 1)M£:)) + (@ — p)MW +1, (14)

\
S
e V’l(/ﬂ"’*l)Minuo*(7‘(”*/3[‘”)M£“’1‘

where © = {o, f”),y), v = 1,...,V}. Given a set of known genes
related to a specific disease, one can learn the parameters in
model (12) with a single network or (14) with multiple networks
by Gibbs sampling algorithms [81, 82] or maximum likelihood
algorithms [83, 84]. Then the probability that an undetermined
gene is related to the specific disease can be calculated by
model (12) or (14). In both models, only the information of direct
neighbors is considered. The results in [81, 84] showed that the
method with integration of multiple networks outperforms that
with single networks in terms of auROC. To include the infor-
mation of indirect neighbors, a graph-kernel-based method is
developed in [85]. The comparison in [85] reported its superior
performance over those methods only using information of dir-
ect neighbors.

Network-based methods for fusing multiple
relational data

In association studies such as gene-disease associations and
genotype-phenotype associations, the relation between two
types of objects can also be represented by a matrix denoted by
X where x;; indicates the strength of relation between objects i
and j, or by a network where nodes represent objects and
(weighted) edges indicate the presence of associations. Thus,
the association problems, can be solved by either kernel (rela-
tional) matrix factorization methods or graphical methods,
even a mixture of both. Based on the number of relationships,
association studies can be categorized to two-relational or
multi-relational problems.

In two-relational association studies, the challenge is how to
integrate multiple relational (or adjacency) matrices of two sets
of biological entries. For example in gene-disease studies, the
question is how to integrate multiple known gene-disease rela-
tional matrices obtained by different measurements for infer-
ring new relevant candidate genes or candidate diseases given a
pivot set of genes. The kernelized Bayesian matrix factorization
method is an effective method to infer a bipartite graph by mul-
tiple data source integration [86, 67]. Recently, Lan et al. [87]
have used this method to infer potential miRNA-disease associ-
ations by integrating sequence and functional information of
miRNA with semantic and functional information of diseases.
Their experimental results demonstrated that this method
could not only effectively predict unknown miRNA-disease

6102 I4dy G0 UO Josn epeue) [19UNoY YoIeasay [euoeN Aq 8EEY992Z/SZE/Z/6 L AOBIISqe-a]O1LE/qIq/W0D dNO lWSPED.//:SANY WOI) PAPEOJUMOQ



332 | Lietal

Regulato
Region

Figure 4. An example of multiple association studies represented in a multiplex
heterogeneous network where each node represents a set of objects of the same
type, and each edge represents an association matrix. Gene-gene, RR-gene,
gene-drug, gene-pathway and drug-disease associations are given (marked in
bold lines), whereas associations such as RR-disease and gene-disease associ-
ations are yet to be inferred (marked in dashed lines). There might exist multiple
paths for indirect associations, for example in RR-disease associations, we can
have RR-gene-pathway-drug-disease and RR-gene-drug-disease.

associations, but also outperformed its competing methods in
terms of auROC.

A heterogeneous network can be constructed to represent
homogeneous associations (such as gene-gene associations) in
homo-networks and heterogeneous associations (such as gene-
disease associations) in heter-networks. Given a network, a
random walk is a path that starts at a prespecified node and
randomly moves to its neighbor, then to neighbor’s neighbor,
and so on. Random walks can explain the observed behaviors of
many random processes and thus serve as a fundamental
model for the recorded stochastic activities. Random walk
methods have been applied on either two-relational heteroge-
neous networks (such as gene-phenotype associations [88],
drug-target interactions [89] and miRNA-disease associations
[90, 91]) or multi-relational heterogeneous networks (for ex-
ample, drug-disease associations [92]) to infer novel candidate
relations.

Tri-matrix factorizations, combined with network methods,
are found useful in association studies of multiple sets of biolo-
gical entries, where pair-wise associations are represented in
relational matrices. Figure 4 is such an example of multi-
relational associations, where each node represents a set of
homogeneous objects and each edge represents a relational ma-
trix. Data fusion approach with penalized matrix tri-
factorization (DFMF) [93] is a model that can integrate multi-
relational data. Given multiple sets of distinct biological objects
{£1,&5,...,&y}, and their relations represented in matrices X'
e RN or X1 ¢ RY"™ where i,j € {1,2,...,V}, the basic idea is
to decompose each given pair-wise association matrix as
X ~ WS (wWiT where rows of W and WU are the latent
factors for object sets &; and ¢&j, respectively, s(id) governs the
interactions between &; and &;. DFMF can only infer new associ-
ated objects in a directly given pair of associations, which is es-
sentially a matrix completion problem. Compared with MKL,
random forest and relational learning by matrix factorization,
DFMF achieved higher auROC for prediction of gene function
and prediction of pharmacologic actions. The methodology
used in Meduca [94] extends DFMF to a solution for inferring the
most significant size-k modules of objects indirectly associated
to a given set of pivot objectives in a multiplex of association
data. As illustrated in Figure 4, given RR-gene (RR stands for
regulatory region), gene-pathway, gene-drug, disease-drug as-
sociations, the Meduca method can addresses two questions,

Final Decision
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Figure 5. An integrative predictive model based on separate view-wise feature
extraction.

for example: (1) Given a pivot set of RRs associated to a subtype
of breast cancer, how to detect other RRs that are also signifi-
cantly associated to this tumor subtype [the so-called
candidate-pivot-equivalence (CPE) regime]; (2) Given a pivot set
of diseases, how to find the relevant RRs [the so-called
candidate-pivot-inequivalence (CPI) regime]. To realize this,
Medusa first uses collective matrix factorization (i.e. the DFMF
model [93]) to generate latent data matrices for individual asso-
ciations, and then produces a connection matrix chaining a
chosen set of latent data matrices from the source objects to the
target objects. For CPE problems, a significant size-k module can
be obtained based on connections. For CPI problems, the evalu-
ation of candidate objects is based on visibility. Because there
are multiple paths from the source objects to the target objects,
Medusa combines all possible connection matrices to compute
the scores of each candidate objects for the evaluation of size-k
modules. In the prediction of gene-disease associations,
Medusa obtained higher auPRC and auROC than random walk.

Feature extractions and matrix factorizations
for detecting shared and view-specific
components

While it is often challenging to combine features of multiple
views in the original input spaces, new features generated by
feature extraction methods can be easily combined. As illus-
trated in Figure 5, an idea is to extract new features from each
data view first, and then incorporate these new features to-
gether. Finally, a classification or clustering algorithm can be
applied on the combined features. Depending on the nature of
an individual data view, a feature extraction method learns the
representations of samples in a new feature space. Matrix fac-
torization methods, such as principal component analysis [95,
96], factor analysis (FA) [97, 98], NMF [99, 100, 101, 102], SR [65]
and tensor decomposition methods [103, 104], are commonly
used feature extraction models. Other dimensionality reduction
methods than matrix decompositions, such as autoencoder
[105] and restricted Boltzmann machine (RBM) [106], can be
applied as well. There are several benefits of using feature ex-
traction in data integration. First, the natures of heterogeneous
data from multiple omics data can be separately well counted.
Despite the original data types, the new features in the
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Figure 6. Data integration based on Bayesian group factor analysis. Zero blocks
are marked in white.

corresponding feature spaces are usually numeric, implying an
easy concatenation. Second, the high-dimensionality is dramat-
ically reduced so that the downstream analysis will be more ef-
ficient. Third, extracting new features separately for each data
view implements the principle of divide and conquer, thus com-
putational complexity can be significantly reduced. Fourth, rela-
tional data can be well incorporated by kernel feature extraction
methods [107]. However, one pitfall of the feature-extraction-
based integrative principle is that the interactions (correlation,
dependency or association) between input features from differ-
ent views cannot be taken into account in the separated feature
extraction procedures.

To consider the interactions between features from different
views, (Bayesian) multi-view matrix factorization methods can
be applied to extract new features on the feature-wise con-
catenated matrix. By inducing group-wise (that is view-wise)
sparsity on the basis matrix (that is factor loading matrix),
Bayesian group factor analysis (GFA) [108, 109] detects ubiqui-
tous and view-specific factors (see Figure 6), which is inform-
ative to discover features from multiple views involved in a
potential pathway. As a special case of GFA, Bayesian canonical
correlation analysis (CCA) [110] only detects correlated factors
between two views. Sparse GFA has been developed for biclus-
tering multi-view data with co-occurring samples [111].
Simulation study revealed that sparse GFA could more accur-
ately recover predefined biclusters in terms of F; score com-
pared with factor analysis for bicluster acquisition [112]. Sparse
GFA was applied to predict drug response of cancer cell lines
supported by multi-omics data, where the prediction was mod-
eled as inferring missing values (drug response), cross-
validation performance was measured by correlation coeffi-
cients and real predictions were validated by enrichment
analysis.

NMF has been extended for multi-view data for clustering
and latent FA. Similar to iCluster [77], MultiNMF [113] and
EquiNMF [114] allow all views to share a unique coefficient ma-
trix for collective clustering, while Joint-NMF [115] restricts all
views to share the same basis matrix for finding common fac-
tors among multi-omics data. Using ubiquitous basis matrix
and view-specific basis matrices as well as view-specific coeffi-
cient matrices, integrative-NMF [116] is able to detect homoge-
neous and heterogeneous factors from multi-omics data.
Comparative studies showed that integrative-NMF significantly
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Figure 7. Additive multi-modal deep learning for data integration. Different
deep learning models can be applied, as sub-networks, to individual data views.
An integrative network combines information from the sub-networks. The
model can be either directed or undirected; either supervised or unsupervised.
Bottom-up arrows indicate a discriminative model. Downward or undirected
connections indicate a generative model.

outperforms joint-NMF on both a simulated data set with het-
erogeneous noise in terms of a module-detection score and a
real ovarian cancer multi-omics data set in terms of purity indi-
ces. The discovered modules were validated using pathway en-
richment analysis. Although not in a non-negative setting but
closely relevant, joint and individual clustering (JIC) [117] and
joint and individual variation explained (JIVE) [118] use both
common and view-specific coefficient matrices. Comparison
showed that JIC is advantageous over iCluster on both simu-
lated data in terms of precision and multi-omics (RNA-seq and
miRNA-seq) breast cancer data in terms of validation using clin-
ical information. This idea can be easily generalized to any ma-
trix factorizations, including NMF. Because high-throughput
sequencing platforms generate read-count data, which are nat-
urally non-negative, multi-view NMF models have a great po-
tential for various analyses such as tumor subtyping, pathway
analysis and biomarker selection.

Partial least squares (PLS, more precisely it should stand for
projection to latent structures) is a long-standing model that
integrates two-view data together [119]. Given centered
predictor data X € RN and the corresponding response data
Y € RM”*N where M®) is the number of predictor variables, M(Y)
the number of response variables and N the number of samples,
it projects X and Y into two new K-dimensional spaces, spanned
by columns of W¥ e RM”*K and W) € RM" K, respectively,
where the covariance between their representations H¥) and
HY) are maximized. A typical PLS can be formulated as

X = WOH® 4 E®) (15)

Y =wYHY L EV) (16)

where W® and W) denote orthonormal basis matrices with K
columns, H® and HY) symbolize coefficient matrices, as well as
E® and EY are error terms. By making W® and W) sparse,
PLS can be applied to select key predictor variables relevant to
the response variables. For example, the predictor variables cor-
responding to non-zero elements in the k-th column of W® can
be treated as important features to explain the response vari-
ables corresponding to non-zero elements in the k-th column of
W), The attraction of PLS-based integrative models is their
capability of selecting co-varying features among multiple fea-
ture sets [120]. Orthogonal projections to latent structures is an
extension of PLS that improves interpretability by removing
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Table 2. Implementations of machine learning methods for multi-view data analysis

Method Tool name [Ref.] Functionality URL Language
Feature concatenation glmnet [155] LASSO, elastic net cran.r-project.org/web/pack R
ages/glmnet
scikit-learn [156] LASSO, elastic net, SVM scikit-learn.org Python
grplasso [157] group LASSO cran.r-project.org/web/pack R
ages/grplasso
SGL Sparse group LASSO cran.r-project.org/web/pack R
ages/SGL
SPAMS [158] (Sparse) group LASSO using spams-devel.gforge.inria.fr R, Python,
proximal algorithms MATLAB
ParsimonY Overlapping group LASSO github.com/neurospin/pylearn- ~ Python
parsimony
glasso [28] Graphical LASSO cran.r-project.org/web/pack R
ages/glasso
Bayesian models or bnlearn [159] Bayesian network learning and cran.r-project.org/web/pack R
networks inference; does not support ages/bnlearn
mixed types; naive Bayes
and tree-augmented naive
Bayes classifiers
Ensemble learning Random forest [160] random forest cran.r-project.org/web/pack R
ages/randomForest
scikit-learn [156] random forest scikit-learn.org Python
Multiple kernel learning Mklaren [161] Simultaneous multiple kernel github.com/mstrazar/mklaren Python
learning and low-rank
approximation
LibMKL [162] Soft margin MKLs sites.google.com/site/ MATLAB
xinxingxu666
SimpleMKL [74] MKL SVMs asi.insa-rouen.fr/enseignants/ MATLAB
arakoto/code/mklindex.html
GMKL [163] Generalized MKL based on gra- research.microsoft.com/en-us/ MATLAB
dient descent and SVM um/people/manik/code/
GMKL/download.html
Network-based method SNF [76] Similarity network fusion compbio.cs.toronto.edu/SNF R, MATLAB
KeyPathwayMiner Extract all maximally con- tomcat.compbio.sdu.dk/ Java
[79] nected sub-networks keypathwayminer
FuseNet [80] Infer networks from multi- github.com/marinkaz/fusenet Python
omics data
scikit-fusion [93] Data fusion based on DFMF github.com/marinkaz/scikit- Python
fusion
Medusa [94] Collective-matrix-factoriza- github.com/marinkaz/medusa Python
tion-based indirect associ-
ation discovery
Multi-view matrix pls [164] Partial least squares and princi-  cran.r-project.org/web/pack R
or tensor pal component regression ages/pls
factorization
spls [165] Sparse PLS regression and clas- cran.r-project.org/web/pack R
sification; simultaneous di- ages/spls
mension reduction and
variable selection
O2PLS [166] 02-PLS github.com/selbouhaddani/ R
O2PLS
K-OPLS [167] Kernel-based PLS kopls.sourceforge.net R, MATLAB
CCAGFA [109] GFA and CCA cran.r-project.org/web/pack R
ages/CCAGFA
GFAsparse [111] Sparse GFA for biclustering research.cs.aalto.fi/pml/soft
ware/GFAsparse
iCluster [77] Integrative clustering of mul- cran.r-project.org/web/pack R
tiple genomic data types ages/iCluster
r.jive [118] JIVE cran.r-project.org/web/pack R

ages/r.jive

(continued)
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http://cran.r-project.org/web/packages/grplasso 
http://cran.r-project.org/web/packages/SGL 
http://cran.r-project.org/web/packages/SGL 
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http://github.com/neurospin/pylearn-parsimony 
http://cran.r-project.org/web/packages/glasso 
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http://cran.r-project.org/web/packages/bnlearn 
http://cran.r-project.org/web/packages/randomForest 
http://cran.r-project.org/web/packages/randomForest 
http://scikit-learn.org 
http://github.com/mstrazar/mklaren 
http://sites.google.com/site/xinxingxu666 
http://sites.google.com/site/xinxingxu666 
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http://research.microsoft.com/en-us/um/people/manik/code/GMKL/download.html 
http://compbio.cs.toronto.edu/SNF 
http://tomcat.compbio.sdu.dk/keypathwayminer 
http://tomcat.compbio.sdu.dk/keypathwayminer 
http://github.com/marinkaz/fusenet 
http://github.com/marinkaz/scikit-fusion 
http://github.com/marinkaz/scikit-fusion 
http://github.com/marinkaz/medusa 
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http://cran.r-project.org/web/packages/pls 
http://cran.r-project.org/web/packages/spls 
http://cran.r-project.org/web/packages/spls 
http://github.com/selbouhaddani/O2PLS 
http://github.com/selbouhaddani/O2PLS 
http://kopls.sourceforge.net 
http://cran.r-project.org/web/packages/CCAGFA 
http://cran.r-project.org/web/packages/CCAGFA 
http://research.cs.aalto.fi/pml/software/GFAsparse 
http://research.cs.aalto.fi/pml/software/GFAsparse 
http://cran.r-project.org/web/packages/iCluster 
http://cran.r-project.org/web/packages/iCluster 
http://cran.r-project.org/web/packages/r.jive 
http://cran.r-project.org/web/packages/r.jive 

Table 2. Continued
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Method Tool name [Ref.] Functionality URL Language
iNMF [116] Integrative NMF github.com/yangzi4/iNMF Python
MVMF Multi-view NMFs for feature github.com/yifeng-li/mvmf Python

pattern discovery from

multi-class data

Tensor Toolbox [168] Operations of multi-way arrays www.sandia.gov/tgkolda/ MATLAB
TensorToolbox

N-way Toolbox [169] Multi-way PARAFAC, PLS, and www.models.life.ku.dk/ MATLAB
Tucker models nwaytoolbox

Sparse PARAFAC Sparse PARAFAC www.models.life.ku.dk/ MATLAB

[170] sparafac

CMTF [171] Coupled matrix and tensor www.models life.ku.dk/joda/ MATLAB
factorization CMTF_Toolbox

NTFLAB Non-negative tensor www.bsp.brain.riken.jp/ MATLAB
factorizations ICALAB/nmflab.html

Multi-modal learning multimodal [144] Multi-modal DBMs www.cs.toronto.edu/nitish/ Python

multimodal, github.com/
nitishsrivastava/deepnet

from X the systematic variation that is not correlated to Y [121].
02-PLS further generalizes this idea in a predictive model in
both ways, namely, X < Y, by modeling the Y-orthogonal vari-
ation in X, the X-orthogonal variation in Y and the X-Y joint co-
variation [122, 123]. O2-PLS has been applied to integrate
transcript and metabolite data in plant [124]. OnPLS extends O2-
PLS for more than two views by using a global one-versus-one
strategy [125, 126] (other PLS-related models are also discussed
in [125]). It extracts shared components maximally co-varying
across all views and local components specific to combinations
of views or individual views. It has been applied to integrate
transcriptomic, proteomic and metabolomic data for discover-
ing shared pathways [127]. Indeed, pathway analysis corrobo-
rated that the computationally identified pathways are
biologically meaningful. In case of strongly nonlinear associ-
ations between X and Y, kernel-based orthogonal projections to
latent structures (K-OPLS) was proposed to carry out PLS on a
high-dimensional feature space [128].

In addition to matrix factorization models, their exten-
sions—tensor decompositions [129, 103, 130] should be also con-
sidered for dimensionality reduction (in -classification or
clustering) and FA on multi-view data naturally represented by
a tensor [131].

Many matrix decomposition models are non-convex from
the optimization perspective. Thus, their performances are af-
fected by initial values. Moreover, feature selection based on ;-
norm regularized sparse matrix factorizations may suffer from
inconsistency. Applying the strategy of stability selection on
matrix factorizations can make the procedure consistent [132].
Matrix or tensor factorization models assuming Gaussian or
Poisson distributions to the data are not robust to outlying data
points. Robust factorizations, such as robust PLS [133], robust
NMF [134] and tensor factorization using l;-norm [135], are de-
veloped to address this issue. In the near future, more work
needs to be done on robust multi-view matrix factorizations.
Missing values can be nicely handled by weighted matrix factor-
izations [101] and Bayesian matrix factorizations [136, 137],
which can ignore missing entries in their learning. Future devel-
opments of new multi-view matrix factorization tools should
consider the functionality of dealing with missing values.
Overfitting is not an issue for penalized and Bayesian multi-
view matrix factorizations.

Multi-modal deep learning

The deep neural network-based [138] multi-modal structure,
illustrated in Figure 7, is another option to integrate multi-view
data with heterogeneous feature sets, and capture their high-
level associations for prediction, clustering and handling in-
complete data. The basic idea is to select a specific sub-network
for each view, and then integrate the output of individual sub-
networks in higher layers. The sub-networks provide the flexi-
bility of choosing appropriate deep learning models respectively
for individual data views, such as deep belief net (DBN) [139] or
deep Boltzmann machine (DBM) [140] for binary, Gaussian or
count data, convolutional neural network [141] for image data,
recurrent neural network [142] for sequential signal and deep
feature selection (DFS) [143] for choosing discriminative fea-
tures. The sub-networks can be either directed or undirected.
The whole model can be supervised or unsupervised. The work
in [144] is a typical example of multi-modal learning for image-
text data. In this model, a Gaussian-Bernoulli DBM and a repli-
cated softmax DBM are respectively constructed for continuous
image data and word-count data; a top layer connects both sub-
networks to learn their joint representation. This multi-modal
DBM can be applied to generate image given text, generate text
given image, classify or cluster samples based on joint represen-
tations of multi-view samples. A multi-modal DBN has emerged
in bioinformatics to integrate gene expression, DNA methyla-
tion and drug response for tumor subtyping [145], showing su-
perior performance to k-mean clustering in terms of clinical
discrepancy (survival time).

Multi-modal deep neural networks have five attractive
strengths for data integration. First, when learning model par-
ameters, the sub-networks can be pretrained using different
data views, separately, then the parameter of the entire net-
work (including the integrative layers and sub-networks) can be
globally fine-tuned. Thus, this component-wise learning can
significantly reduce the cost of computation. Second, the het-
erogeneous information from different views can be jointly con-
sidered well in the integrative layers for inference, classification
and clustering [146]. Third, multi-modal networks can even
learn on samples with missing views [144], which enables the
maximal use of available data instead of merely using samples
with complete views. Furthermore, a well-trained generative
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multi-modal network, such as DBM, can be used to infer profiles
of missing views given some other observed views from an indi-
vidual, which is quite interesting, for instance, for predicting
the impact of genetic variations and epigenetic changes to gene
expression. Last but not least, the flexible and deep structure of
multi-modal learning is appropriate to model complex systems,
thus has a great potential to make a full use of genomic data
observed in various molecular levels.

The consistency of neural networks is well studied. The uni-
versal approximation theorem tells us that a feed-forward neu-
ral network having one hidden layer with proper parameters is
able to approximate any continuous function [147, 148]. The
great predictive power of multi-modal deep learning lies in its
capabilities of modeling complex probability distributions and
capturing high-level semantics. The limits of RBMs and DBMs to
approximate probability distributions are still under investiga-
tion. Robust deep learning models can be developed by using ro-
bust cost functions for data with outliers [149]. Some
experimental studies have reported that deep learning models
are robust to noise [150, 151]. Overfitting is a problem for deep
neural networks owing to their complex structures and large
amount of parameters. Regularization (using l;- and l,-norms)
and model averaging such as dropout [152] are effective tech-
niques to avoid this issue. In addition, how to precisely catch
and explicitly interpret inter-view feature interactions remains
an open problem. The generalization of shallow multi-view ma-
trix factorization methods, discussed in the ‘Feature extractions
and matrix factorizations for detecting shared and view-specific
components’ section, to their deep versions poses a new chal-
lenge. Finally, it should be noted that, beside additive integra-
tive deep learning models, other strategies, such as
multiplicative and sequential integration, exist [153].

Discussion and conclusion

Recent developments in many bioinformatics topics, such as
cancer diagnosis, precision medicine and health-informatics sys-
tems have a keen need for integrative machine learning models
to incorporate all available data for a better insight into complex
biological systems and a more precise solution. In this review,
we have investigated a variety of data integration principles from
a machine learning perspective. Their basic ideas, structures,
asymptotic consistency, robustness, risk of overfitting, strengths
and limitations are discussed, respectively. These methods, par-
ticularly multi-view matrix factorizations and multi-modal deep
learning, will revolutionize the way of using information and
play a key role in integrative bioinformatics.

Multi-omics data measured for the same set of patients (or
samples) are key to identify disease subtypes and pathways.
However, such data are almost unavailable in diseases other
than cancers in the current moment. In studies of complex dis-
eases, such as multiple sclerosis, schizophrenia and autism spec-
trum disorder, there exist some independent RNA-seq and whole
genome (or exome) sequencing data, enabling investigations ei-
ther in transcriptomic level or genetic level. Compared with can-
cers, the signals in complex diseases might be too weak to be
identified. Ideally large-scale multi-omics data of the same batch
of patients are necessary for comprehensive analysis in different
molecular levels [154]. The difficulty of obtaining tissues and lack
of funding and human resources are the main challenges to gen-
erate such data. Therefore, researchers in non-cancer studies are
eagerly suggested to switch their focus to integrative analysis
and work in a coordinated manner to ensure the quality and
completeness of multi-platform omics data.

Feature selection methods should be carefully chosen accord-
ing to the purpose of a specific analysis. Owing to the nature that
biological data often have highly correlated features, a set of rele-
vant features selected to computationally optimize the power of
prediction may not make sense in biological causalities. If fea-
tures are selected to solely pursue the highest classification per-
formance, l;-norm regularized sparse models (e.g. LASSOs),
sparse PLS, DFS or random forest should be considered. However,
if one wants to globally examine the behavior of all features in
multiple classes, BNs, feature clustering or multi-view matrix fac-
torizations for feature pattern discovery should be taken into
account.

We list open-source packages and tools for the seven catego-
ries of integrative models in Table 2. They are mainly imple-
mented in Python, R and MATLAB, among which Python can
serve as a promising platform to realize integrative models be-
cause (1) a multi-dimensional array is passed to a function by
reference (while array arguments are passed by value in R and
MATLAB), which is critical for big data; (2) the friendly object-
oriented programming paradigm enables the development of
large packages; and (3) the support of machine learning (par-
ticularly deep learning) packages facilitates the implementation
of intelligent integrative methods. Even though multi-modal
neural networks are potentially useful in the fusion of multi-
view data, satisfactory software packages are still not available
yet. Thus, a generic and comprehensive multi-modal package is
eagerly expected in the near future, so that bioinformaticians
can conveniently choose suitable types of sub-networks and de-
fine model structures.

Finally, we hope this review will provide a guide for bioinfor-
maticians to select suitable tools corresponding to specific prob-
lems. We also expect that machine learning engineers and
biological data scientists can be inspired by this discussion to
develop and share their own novel approaches, to push forward
the study of integrative biological data analysis.

Key Points

* We provide a comprehensive review on biological data
integration techniques from a machine learning
perspective.

* Bayesian models and decision trees are discussed for
incorporating prior information and integrating data of
mixed data types.

* Tri-matrix factorizations and network-based method
are reviewed for two-relational and multi-relational
association studies.

* Multi-view matrix factorization models are investi-
gated for detecting ubiquitous and view-specific com-
ponents from multi-view omics data.

* Multi-modal deep learning approaches are discussed
for simultaneous use of multiple data sets in super-
vised and unsupervised settings.
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