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Chapter 1: Introduction

The advancement of high-throughput technology has characterized a wide variety of noncoding
RNAs across the genome involved in disease pathogenesis via regulating gene expression. Identifying
noncoding RNA regulators of genes and investigating how they regulate the gene expression in
disease-associated pathways will provide mechanistic insights into the disease and have potential
clinical applications. This dissertation focuses on detecting noncoding RNA regulators of gene
expression on a genome-wide scale using high-dimensional transcriptomics data. We aim to
uncover the underlying causal regulatory relationships between noncoding RNAs and genes, and
understand how this regulatory mechanism changes across different biological conditions or cell
types. We will rst introduce the biological background, the available data, and review some

related statistical methods in this eld.

1.1 Overview of high-dimensional omics data

1.1.1 Gene expression data

As the classic view of the central dogma of biology states, the coded genetic information
hard-wired into DNA is transcribed into individual transportable cassettes composed of messenger

RNA (mRNA), after which each mRNA cassette further translates into a particular protein or



small number of proteins. Transcription, translation and subsequent protein modi cation represent
the transfer of genetic information from the archival copy of DNA to short-lived messenger RNA,
usually with subsequent production of protein. Essentially, all cells in an organism contain
the same DNA, but their cell types and functions would differ due to the differences in gene
expression. Thus, gene expression is vital to the differentiation and development [2].

Microarray is a traditional tool for large-scale analysis of gene expression. It can be used
to measure the relative quantities of speci c mRNAs in several tissue samples for thousands of
genes simultaneously. However, such a method has several limitations, for example, reliance
upon existing knowledge about genome sequence and a limited dynamic range of detection
owing to both background and saturation of signals. Moreover, it is usually dif cult to compare
expression levels across different microarray experiments [3]. Over the last two decades, the
development of novel high-throughput DNA sequencing methods has provided a new tool for
both mapping and quantifying transcriptomes, called RNA sequencing (RNA-Seq). It has several
advantages over existing approaches for measuring gene expression. Firstly, unlike hybridization-
based approaches like microarray, RNA-Seq is not limited to detecting transcripts that correspond
to existing genomic sequences. Moreover, compared to microarrays, RNA-Seq has a very low
background signal because DNA sequences can be unambiguously mapped to unique regions
of the genome. Last but not least, RNA-Seq requires fewer RNA samples because there are
no cloning steps and ampli cation steps. More recently, single-cell RNA-seq has emerged as a
powerful tool to pro le cell-to-cell variability on a genomic scale, which offers unique opportunities
to dissect the interplay between intrinsic cellular processes and extrinsic stimuli such as the local
environment or neighboring cells [4].

In eukaryotes, gene expression can be regulated by a wide range of mechanisms at multiple
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stages (Figure 1.1(a)). For example, different types of epigenetic processes including DNA
methylation and histone modi cation can in uence gene activity and expression without altering

the DNA sequence [2]. In addition, noncoding RNAs such as micro RNAs (miRNAs), small
interfering RNAs and long noncoding RNAs (IncRNAs), can regulate gene expression both at
transcriptional and post-transcriptional levels or by mediating epigenetic changes [5, 6]. Changes

in these processes are found to be contributing to the development of human diseases, including
many different types of cancers [7, 8, 9]. For example, epigenetic changes are present in all
human cancers and are considered one of the main factors in tumorigenesis and cancer development
through altering the expression of cancer-related genes [10]. With the rapid development of
high-throughput technology in the past decades, researchers can now capture a wide range of

epigenetic modi cations and noncoding RNAs across the genome.

1.1.2 Noncoding RNA data

Eukaryotic genomes transcribe up to 90 % of the genomic DNA, but only 1-2% of them
encode for proteins, whereas the great majority are transcribed as noncoding RNAs. Unlike
protein-coding genes that remain relatively static, the amount of noncoding sequences has markedly
increased along with the complexity of the organism. There is increasing evidence for regulatory
roles of ncRNAs during development and in response to stress and environmental stimuli [11].
Recent advances in high-throughput transcriptomic analyses have led to the identi cation of novel
classes of noncoding RNAs (ncRNAS) that have an impact on gene expression by a variety of
mechanisms [5].

Regulatory ncRNAs can be classi ed into several types, including microRNA (miRNA),



Figure 1.1: (a) Epigenetic regulation of gene expression, including noncoding RNA regulation,
DNA methylation regulation and histone modi cation. Incorporating prior knowledge like
sequence-based base pairing and physical location can improve the ef ciency and accuracy
of inferring regulatory relationship; (b) High-dimension to high-dimension variable selection
problem in the context of epigenetic regulation of gene expression. Our goal is to identify the
pairs with “true” regulatory relationships (denoted as red line). The number of candidate pairs
that need to be examined is extremely large and the complex inter-feature correlation makes the
task even more challenging.



long noncoding RNA (IncRNA), small interfering RNA (siRNA), etc. MiRNAs are small single-
stranded molecules (usually 20-24 nucleotides) that play important roles in post-transcriptional
gene regulation. It has been postulated that miRNAs regulate the expression of around half
of the genes in a cell at the post-transcriptional level [12]. The majority of the non-protein-
coding transcripts belongs to the group of INncRNAs, which play key roles in regulating chromatin
dynamics, gene expression, growth, differentiation, and development [5]. The IncCRNAs are
widely considered as 200 nucleotides in length, and are mostly characterized by nuclear
localization, low expression and low level of sequence conservation. SiRNAs are linear and
perfectly base-paired double-stranded RNAs, typically 20-24 (normally 21) nucleotides in length.
They have been found to mediate post-transcriptional gene silencing and direct sequence-speci ¢
transcriptional gene silencing by increasing epigenetic marks characteristic of heterochromatin
[13].

Despite the great majority of the human genome being transcribed and more novel classes
of ncRNA emerging (promoter-associated RNAs, circular RNAs, etc.), many important ncRNA
functions/processes are yet to be discovered and studied. The rapid development of next-generation
sequencing (NGS) technology offers an unprecedented opportunity to obtain a more accurate
pro ling of ncRNA with higher resolution and sequencing depth. At the same time, it also
poses an increasing challenge in ef cient and accurate data analysis. The high-dimensionality
and complexity of high-throughput sequencing ncRNA data have made it absolutely necessary
to develop statistics and bioinformatics methods in order to properly analyze and visualize such

data.



1.2 Gene expression regulated by noncoding RNA

Identifying epigenetic and noncoding RNA regulators of genes and investigating how they
regulate the genes in disease-associated pathways will provide mechanistic insights into the
disease and have potential clinical usage. Compared taigh€local”) regulators that are
in physical proximity with the genes they act on, identifying tin@ns (“distal”) regulators
constitutes a more challenging problem since it involves the assessment of a large number of
potential regulatory relationships over the whole genome. Although many known noncoding
RNAs appear to act inisand regulate nearby loci, there is also plenty of evidence that noncoding
RNAs can act intrans One elegant example is the regulation of the homeobt®X) gene
clusters, a group of homeotic genes that function to convey positional information in the embryo.
There are more than 200 IncRNAs that are transcribed fromH®X clusters and also play
important roles in regulating the expression DX genes [14]. Such complex interaction
between noncoding RNAs and genes indicates the need of novel statistical and computational
approaches to jointly analyze these high-dimensional omics data and reveal their complex relationship
(Figure 1.1(b)).

Gene expression can be regulated by noncoding RNAs at both transcriptional and post-
transcriptional levels. For INcCRNAs, the relative position between IncRNAs and their neighboring
genes is a key determinant of their transcriptional regulatory relationship. Gene silencing by
IncRNAs is the best-known mechanism of IncRNA-gene regulation (or repression here), with the
example of INCRNAXIST being responsible for X chromosome inactivation in cells of female
mammals. In addition, certain enhancer-associated INcCRNAs also involved in gene expression

as they are positively associated with the activity of their associated enhancers and correlated



with the abundance of the neighboring protein-coding genes [6]. As for miRNAs, it is well
studied that miRNAs serve as important cytoplasmic regulators of gene expression by acting as
post-transcriptional regulators of their messenger RNA (mMRNA) targets via mRNA degradation
and/or translational repression [15]. Also, the spectrum of activities of mMiRNAs has been further
broadened by several studies that show miRNAs may mediate transcriptional gene activation
or transcriptional gene silencing at the transcriptional level. The rst miRNA identi ed as an
activator of gene transcription was human miR-373, which induced transcription of both E-
cadherin (CDH1) and cold-shock domain-containing protein 2 (CSDC2) [16]. There are more
complex three-way interactions between IncRNA, miRNA and gene, i.e. INncCRNA-miRNA-mRNA
interaction, but this will not be our focus at the current stage.

To investigate the INCRNA regulation of gene expression, many computational methods
have been proposed to infer the INCcRNA-mRNA interactions. These methods can be divided
into two categories: sequence-based methods and expression-based methods. The sequence-
based methods normally identify IncRNA-mRNA interactions by evaluating the strength of RNA
binding energy between two RNA molecules. For example, Li et al. [17] proposed LncTar
to nd the minimum free energy joint structure of two interacting RNAs according to base
pairing. LncTar runs fast and does not have a limit on RNA size, thus it can perform large-scale
identi cation of the RNA targets for all RNAs. Terai et al. [18] developed an integrated pipeline
to predict IncRNA-mRNA interactions by calculating interaction energy and predicting joint
secondary structure. Fukunaga and Hamada [19] presented an ultra-fast method Rlblast based
on the seed-and-extension method to further shorten the computation time. On the other hand,
the expression-based methods regard the co-expressed INCcRNA-mRNA pairs are regarded as

INcRNA-mRNA interactions at the gene expression level. Liao et al. [20] built a IncRNA-mRNA
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co-expression network from re-annotated mouse microarray data sets by simply using Pearson
correlation. Their study is the rstlarge-scale prediction of IncRNA functions from a IncRNA-mRNA
co-expression network. Wu et al. [21] identi ed two distinct ICRNA-mMRNA co-expression
networks in tumor and normal breast tissue with a generalized linear model that regressed mRNA
expression on INcRNA expression. They only focus on dynamic breast IncRNA—-mRNA co-
expression pairs that differ in tumor and normal breast tissue due to the dynamic characteristics
of gene regulatory networks. Fu et al. [22] also considers mRNA loci information within INcCRNA
and combines mRNA loci information in matching IncRNA and mRNA expression data to predict
IncRNA targets. In addition, some other methods incorporate prediction from sequence-based
methods as prior knowledge. For example, Iwakiri et al. [23] integrated tissue-speci ¢ InCRNA
and mRNA expression data with prediction results from a sequence-based method proposed by
Terai et al. [18]. They found that integrating tissue speci city can help improve the prediction
accuracy of IncRNA-mRNA interactions.

The aforementioned existing methods have a few limitations. First, most methods only
considered a few INcRNA-mRNA pairs in local proximity without looking at the whole genome
including bothcis andtrans interactions. Secondly, most expression-based methods looked at
marginal Pearson correlations between each pair without considering their complex interactions
with other IncRNAs and genes. Thirdly, a majority of methods only looked at association but
not causality. Although methods like the module-based MSLCRN [24] considered causality
within the modules they de ned from existing tools, these modules can be subjective and lack of

biological interpretation.



1.3 Overview of statistical methods in omics data analyses

1.3.1 High-dimensional variable screening methods

A widely used procedure that targets such problems involving a large number of responses
(genes) and a large number of predictors (regulators) is to test the association for each regulator-
gene pair separately. A canonical example is the association analysis between DNA variants and
gene expression known as expression quantitative trait locus (eQTL) analysis [25]. However,
such a univariate analysis approach faces very serious multiple comparison issues and tends
to be over-conservative after multiple testing corrections. An alternative procedure isto t a
multivariate regression model to accommodate all predictors and responses and then perform
model selection using regularization methods. In the gene regulation problem, however, both
predictor and response spaces are of extremely high dimension, directly rendering any regularization
methods in this model becomes computationally infeasible. One common remedy for such
computational bottleneck is to apply dimension reduction techniques such as sure screening
methods rst to quickly reduce the dimension without incorrectly removing the true signal pairs,
then apply regularization methods for the nal model selection in a lower dimensional space (see
Figure 1.2). Such a two-stage procedure (screening + selection) is shown to be more ef cient
and stable than regularization methods alone and has wide applicability for big data analysis
with desired scalability and theoretical guarantees. When dealing with problems with high-
dimensional responses and high-dimensional predictors like noncoding RNA regulation of gene
expression, it makes even more sense to follow this two-stage strategy as the number of response-

predictor pairs that need to be examined can easily go up to the level of millions.



Figure 1.2: Concept of the two-stage procedure (screening + regularization) in gene regulation
problems (e.g. “epi” stands for epigenetic regulator). The screening stage will reduce the
dimension to a more manageable scale{p, . < q and much fewer edges) without removing

the true signals (red edges refer to the underlying true regulator-gene pairs).

For the screening stage, since Fan and Lv [26] proposed the rst sure screening method
“SIS” using the marginal correlation, numerous screening methods have been developed for
dimension reduction in different types of models and using different statistics [27, 28, 29].
Nevertheless, these screening methods usually look at univariate responses, thus they are not
directly applicable to the gene regulation problem. A naive way to handle multiple responses
is to implement screening for each response separately. However, this can be unsatisfactory by
ignoring the complex correlations between responses and still leaves us with a large model.

Now, we will review some of the existing popular screening methods for high-dimensional
data in more detail. All of these methods consider a univariate response except DC-SIS can be

used for low-dimensional multivariate response.
SIS

Sure Independence Screening (SIS) [26] is the rst variable screening method ever proposed and
applies to a linear model. The idea of SIS is simple and straightforward: selecting predictors
using their marginal sample correlations with the response, i(¥.; X;);j 2 f1;::;pg. To

identify the nonzero coef cients in vector, SIS sorts the absolute valuegpoharginal correlations
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(Y; X;) and de ne the sub-model as

Mgs=f1 | p:j (Y; Xj)j is among the rs{ n ] largest of allg;

where 2 (0; 1) is pre-determined anjdn ] denotes the integer part af . With SIS, the model

size after screening 8 =[ n ], and Fan and Lv [26] recommends using a theoretically guided

d=n 1lord= n=logn depending on the order of sample size

DC-SIS

The sure independence screening based on the distance correlation (DC-SIS) [28] extends SIS

to a more general setting and does not require model speci cation for responses or predictors.

Based on Szkely et al. [30], a natural estimator of sample distance covariance is
2
dtov (x;y)= &+ S5, 25

where

1= — ka Xlkdx kyk ylkdy ;

= — ka X||(d>< — kyk ylkdy and

S= = kx XKy Kym  YiKg
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Then the sample distance correlation can be de ned as

Riciy)= g
chov(x; x)d’cov(y Y)

Similar to SIS, DC-SIS selects a set of important predictors with large valuﬁ'é)of; Y). That
is, DC-SIS will select the sub-model as
n ) 0

Mopc = j:®(X;;Y) on sforl | po;
wherecand are pre-speci ed threshold guided by the theory.
It is worth mentioning that under the normality assumption, using DC-SIS for screening is
equivalent to using SIS as DC is monotonically increasing in Pearson correlation in this case;
and DC-SIS is more effective than SIS when there exists non-linear relationship between two

random variables. However, the computation burden of DC is extremely heavy while calculating

Pearson correlation is simple and fast.

PC-simple

Buhlmann et al. [31] proposes a partial correlation-based algorithm (PC-simple) that iteratively
screens out predictors that have small partial correlatjoh X; jX () with the response. We

rst de ne the Fisher's Z-transformation for sample partial correlation as

1+ 7YX ] X))
L NY; X X®)

Z(Y; X jX®) = %Iog
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PC-simple starts with building the active set at a marginal level or zero-order, i.e.

AU =fjjn 3)2Z(X;;Y)i> A =2

where () is the standard Normal cumulative distribution functioris the threshold chosen to
be the unadjusted signi cance level commonly used, e.g= 0:05. Then the order of partial

correlation keeps increasing and the active set will be updated as

A =fj2 A" T:(njsj 3)Fz(YV; X jXOj> 1 =2

forallS A ™ UnfjgwithjSj=m 1g:

The maximum value afn that is reached in this algorithm is called.,., and can be written as

Mreach = Min- m : AMM m . Thus, the sub-model that PC-simple selects is simply

I\ﬂj pc = A\[mreach ]:

CIS

To leverage inter-predictor dependence while maintaining computational feasibility, He et al. [32]
proposes Covariance Insured Screening (CIS) which utilizes semi-partial correlation and restricts
the conditional set within some pre-determined blocks. It starts with identifgidgsconnected
blocks 6\9; 1 g G)in predictors by thresholding the sample covariance matrix. For each

] 2 §g, one can nd the projection matrix onto the space spanneﬂélé))as

1
— T .
Sontia — X&nfig X&ntjgXSntia  Xynfjg°
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Then the block-wise sample semi-partial correlation can be calculated as

T
Xj In Sgnhg y

" Y|1XI,J in;§gnfjg = F

T . T
Xj In &ynfjg Xpi Yy

Similarly, CIS will then sort all predictors based on their absolute values of semi-partial correlations

and identify the sub-model as
n
Mlcis = j 2§g;1 g G: ™ YiiXjy in;§gnfj >V o
wherev is a pre-de ned threshold guided by the theory.

1.3.2 High-dimensional variable selection methods

Following the screening stage, our goal is then to re ne the nal pool of the most important
response-predictor pairs in the epigenetic regulation of gene expression (e.g. IncCRNA-gene pairs)
during the second stage. The variable selection and coef cient estimation of a sparse set of
predictors has been extensively explored in the high-dimensional univariate linear model, often
through a penalized likelihood or regularization framework (see Tibshirani [33], Zou [34], Fan
and Li [35], Zhang [36] etc.). When dealing with multivariate problems, one could t any of
the aforementioned variable selection methods to each response separately, thereby obtaining
the results response-by-response. However, this approach does not account for the correlation
structure between responses, which is very common in the genomics data (e.g. several genes
might be strongly correlated with each other). Methods like Rothman et al. [37], Turlach et al.

[38] and Obozinski et al. [39] consider regularization in multivariate settings, but they are not
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able to handle the high-dimensional responses. In addition, the grouping structures of features
naturally exist in many applications. For example, genes within the same pathway have similar
functions and act together in regulating a biological system. Itis well believed that the incorporation
of prior knowledge on such grouping structure will lead to more accurate prediction and better
interpretability. In the regularization framework, this can be done by adding,grenalty on
the size of the coef cients (usually also called group lasso; see e.g., Yuan and Lin [40] and
Simon et al. [41], etc.). Bayesians also offer their version of a solution for this problem by
proposing a hierarchical model with spike and slab priors for variable selection with a group
structure (see e.g., Xu and Ghosh [42] and Liquet et al. [43]). However, these methods are only
designed for either univariate response or low-dimension multivariate response. Here we propose
a multivariate hierarchical Bayesian indicator model with spike-and-slab prior to performing
variable selection at both the group level and individual variable level. Our method is able to
solve the noncoding RNA-gene regulations problems with both high-dimensional predictors and
responses. In addition, we incorporate the cancer stage information and the noncoding RNA
stage interaction term in our model, which allows us to not only identify the differential expressed
genes (stage main effect) but also identify the differential regulated regulation relationship (noncoding
RNA stage interaction effect).

Now, we will review four classes of popular variable selection methods in more detail,
including classic model selection methods, penalized likelihood methods, Bayesian methods and

multivariate methods.

Classic model selection

The traditional statistical methods, which are mostly designed for problems with a number of
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observations much larger than the number of variables or paramgtdese signi cant challenges

when the dimensionalitp is comparable to or larger than the sample siz& hese challenges
include but are not limited to the dif culty in ef cient statistical inference, deriving the asymptotic

or non-asymptotic theory, the model interpretability and the computational ef ciency and robustness
[44]. As noise accumulation in high-dimensional prediction has long been recognized in statistics,
variable selection becomes fundamentally important to high-dimensional statistical modeling.

The most classic ways to select variables in statistics are hypothesis testing and model
comparison. This can be done by simply comparing models with and without one particular
predictor or some predictors using a likelihood ratio test. Taking one step further, iterated
testing between models yields the forward selection or backward elimination variable selection
algorithms. The forward selection starts with an empty model (null model) and keeps including
and testing more variables using a prespeci ed signi cance level until no further variables are
included, while backward elimination starts with a model with all variables (full model) and
keeps excluding and testing more variables until no further variable s are excluded.

Another option for variable selection is using information criteria, which focuses on selecting
the nal model from a set of plausible models. Akaike [45] proposed Akaike information criterion
(AIC), which aims to choose a model that minimizes the Kullback-Leibler (KL) divergence of the
tted model from the true model. The AIC is formulated ABC = 2logL + 2p, wherelogL
is the log-likelihood of the model anglis the number of parameters in the model. Schwarz [46]
took a Bayesian approach with prior distributions that have nonzero prior probabilities on some
lower-dimensional subspaces and proposed the Bayesian information cfgd&Cien 2 logL +
plogn, wheren is the sample size. Such model selection criteria give a nice interpretation of best
subset selection and admit nice sampling properties vpherstill manageable, however, their
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computation is infeasible in high dimensional statistical endeavors.
Penalized likelihood

Without loss of generality, given the daba; yi);i = 1;2;:::;n, wherex| = (Xi1;::i; Xjp) are the

predictors ang; is the response, let's consider a classic linear regression model

To estimate the coefcient§ =  "g;::1; Ap , one may simply use ordinary least squares
(OLS) estimates, which are obtained by minimizing the residual sum of squares. However, such
a model tting procedure won't work whep >> n , not to mention that OLS often does poorly
in both prediction and interpretation. A popular solution to simultaneous estimation and variable
selection in high-dimension problems is including a penalty function in the likelihood (also called
penalized least squares). This class of methods aims to minimize an objective function with the
below general form:

P
1 X X xP
Q( )= ﬁk Yi o iXi K+ p(i;

i=1 i j=1

wherep () is a penalty function indexed by regularization parameter
In particular, ridge regression [47] proposed to minimize the residual sum of squares subject

to a bound on thé ,-norm of the regression coef cients. That is, it minimizes
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Along the same line, Tibshirani [33] imposed han penalty on the regression coef cients and

proposed least angle selection and shrinkage operator (lasso), which has the objective function

The entire path of lasso estimates for all values atan be ef ciently computed through a
modi cation of the Least Angle Regression (LARS) algorithm and easily implemented in many
statistical softwares [48].

Since the lasso was proposed, it has become one of the most popular choices to handle
high-dimension data. Despite its popularity and its success in many situations, lasso has some
limitations as pointed out by Zou and Hastie [49]. For example, inptlee n case, the lasso
selects at most variables before it saturates. In addition, if there is a group of variables among
which the pairwise correlations are very high, then the lasso tends to select only one variable
from the group and does not care which one is selected. To address these limitations, Zou and

Hastie [49] proposed the elastic net and used a combinatibn ahdL , penalties:

In many cases, it's even more desirable to select some predictors as a group as grouping
structure is commonly seen in many high-dimensional data. Many methods have been developed
to incorporate prior knowledge of such grouping structures to improve the selection and interpretation.
For example, Yuan and Lin [40] proposed a group lasso as an extension of the regular lasso, which

added arl, penalty on the size of the coef cients. Simon et al. [41] extended the group lasso to
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sparse group lasso to further allow sparsity within selected groups.
Bayesian variable selection

In the Bayesian framework, high-dimensional variable selection can be viewed as identifying
variables with nonzero coef cients or elimination of variables with coef cients very close to
zero in the posterior distribution. As noted in the Tibshirani [33], withlthepenalty term, the

lasso estimates are equivalent to the Bayes posterior mode under independent Laplace (double-
exponential) priors for each variable. Park and Casella [50] suggested doing Gibbs sampling for
the lasso and proposed a full Bayesian lasso model. Speci cally, they used a conditional Laplace

prior speci cation of the form

and a non-informative scale-invariant marginal prigr ) = 1= 2. Casella et al. [51] further
derived the Bayesian version of the group lasso in order to incorporate the grouping structure
information.

Another approach is to use an indicator model for variable selection or a “spike and slab”
prior speci cation on the regression coef cients, which is a mixture of a point mass at zero
(“spike”) and a spread distribution with large variance (“slab”). The Bayesian indicator model is
rst proposed by Kuo and Mallick [52] for variable selection and the posterior distribution of the
indicator vector is approximated by the Markov Chain Mote Carlo (MCMC) algorithm. A subset
of variables with high posterior probabilities will then be selected. More speci cally, consider

outcomes/responsés = (Yi;::;Y,)" for n samples and an  p covariate/predictor matrix

19



X = (x;) in a linear regression setting where data is center. The Bayesian indicator selection

model can be written as

=( ;25 )7 MVN(O;Do); ; Bern( );

where ; is the binary indicator for covariate/predictér. If Do = s?l, , is a diagonal matrix
wherel, , is an identity matrix, and we de ng; = ; j, the above indicator prior speci cation

is equivalent to a spike and slab prior as proposed in Mitchell and Beauchamp [53]:

i @ )o()+ N 0;s* ;

where ¢( ) is a Dirac delta function putting all mass@tGeorge and McCulloch [54] proposed

a similar stochastic search variable selection model where the variable selection is derived from
a hierarchical normal mixture model and developed Gibbs sampling for the posterior distribution

of subset selection. In this model, the “spike” is a narrow distribution concentrated around zero

instead of a probability mass. More recently, several methods utilizing spike and slab prior have

been proposed to incorporate grouping structure knowledge, for example, Xu and Ghosh [42]

and Zhu et al. [55].

Multivariate case

For a multivariate linear model with correlated responses / outcomes artdgh-dimensional
predictors / covariates, the task of variable selection becomes much more complicated and the

available methods are very limited. Peng et al. [56] proposed “remMap” for tting multivariate
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response regression models with bbthandL , penalties to identify master predictors under the
largep-smalln setting. Liquet et al. [43] extended the Bayesian group lasso to handle data with
high-dimensional predictors and multi-dimensional responses. Their method utilized spike and
slab priors and was able to achieve sparsity at both the group level and individual feature level.
Deshpande et al. [57] proposed a Bayesian method for simultaneous variable and covariance
selection in the multivariate linear regression model using continuous spike and slab priors, and
developed an expectation/conditional maximization (ECM) algorithm to estimate the matrix of

regression coef cients and residual precision matrix.

1.3.3 Bayesian Network causal structure learning algorithms

A Bayesian Network (BN) is a probabilistic graphical model that serves as a powerful
general approach to represent complex causal structures for a collection of variables using probability
theory. It has attracted a great amount of attention over the last few decades from researchers
who seek reasoning under uncertainty, especially in real-world areas where people try to answer
complex questions of causality to determine appropriate interactions. Many successful applications
of Bayesian Networks have been observed in various elds, including biology, epidemiology,
social science and economics [58].

A Bayesian NetworlB consists of a Directed Acyclic Graph (DAG)Jand a set of parameters

, Which de nes the shape and the strength of the relationships between variables:

B=(G):
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Figure 1.3: Demonstration of causal classes involving three variables and their corresponding
conditional independence relationships.

G=(X:E)

Each node corresponds to one of fheariables of interest and a directed edge, é&g! B,
representing a direct conditional relationship between these two variables in the observational
data. In this case, we say that A is a parent of B or B is a child of A. If we interpret the BN as
a causal BN, then the DAG is a unigue tool to show the direct cause-and-effect relationships and
enable us to reason about intervention.

The DAGs naturally encode the conditional dependence and independence relations between
variables. Figure 1.3 shows three examples of DAGs whgiis interpreted as “given” and?”
means “is independent of” [58]. The DAGs in Figure 1.3(a) and (b) represent the same conditional
independence relations (A and C are conditionally independent given B), while in Figure 1.3(c),
A and C become conditional dependent given B although they are marginally independent. This
toy example with only three variables demonstrates how well the conditional relationships can be
represented by DAGs, but it also shows how complex the “cause and direct” relationships can be.

In general, recovering the structure compor@int a BN is much harder than determining

the parameter component, especially when there are a large number of variables of interest.
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In some areas, the structure can be speci ed based on the knowledge from domain experts and
the main interest is really on estimating and validating the causal effects. However, here we will
focus on the structure learning algorithms that learn the graph from the data and aim to unveil
the underlying causal relationships. To date, many BN structure learning methods have been

developed that fall into three main categories [59, 60]:

 constraint-based methods: uses conditional independence tests to determine the conditional

independence relationships between the variables, and hence constructs a graph consistent;

» score-based methods: de nes a score function that measures how well the model ts the

observed data and then nds the BN that maximizes the score;

* hybrid methods: usually implemented in two stages, combines the strengths of the previous
two categories by implementing a constraint-based strategy in the rst stage to reduce the
search space, and a score-based strategy in the second stage to nd the optimal DAG for

the data.

1.3.4 Omics data integration methods

With the recent advancement of sequencing technology, biology has become increasingly
dependent on data generated at multiple levels such as genome, epigenome, transcriptome, proteome,
and metabolome, which together are typically referred to as “multi-omics” data. Integrative
analysis of multi-omics data along with clinical information provides unprecedented insights
into the understanding of complex biology systematically and holistically. Multi-omics data
integration methods bridge the gap from genotype to phenotype, thus can potentially help improve
prognostics and predictive accuracy of disease [61, 62]. Recently, many studies have demonstrated
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that integrating omics data leads to a better understanding and a clearer picture of complex human
biology, see for example, Zhang et al. [63] and Chakraborty et al. [64]. These studies widely show
the advantage of integrating multi-omics data over single omics analysis.

Multi-omics data are generated for the same set of samples/patients and broadly cover
the different aspects of the biological processes thus can provide great insights into the ow of
biological information at multiple levels. Over the past two decades, several multi-omics data
repositories have been generated and made publicly available, which become valuable resources
for researchers to study diseases like cancers. The Cancer Genome Atlas (TCGA; Weinstein
et al. [65]) houses one of the largest collections of multi-omics data sets for more than 33
different types of cancer for 20,000 individual tumor samples. It contains rich molecular and
genetic pro les from primary tumor samples of various cancers, including but not limited to copy
number variation (CNV), DNA methylation, gene expression, micro RNA (miRNA) expression
and long noncoding RNA (IncRNA) data, as well as clinical and physiological information.
International Cancer Genomics Consortium (ICGC; Hudson et al. [66]) is another multi-omics
database that coordinates large-scale generation of genome studies from 76 cancer projects in 21
primary cancer sites from 20,383 donors. This project mainly contains mutation-related genomics
alteration data across cancer types from various ethnicities. There are many other multi-omics
data repositories and one may refer to Subramanian et al. [61] for a more complete review.

While the emerging multi-omics data repositories create unprecedented opportunities to
reveal underlying molecular mechanisms beneath phenotypes, itis vital to develop novel computational
methods and algorithms to incorporate different biological layers of information to study phenotypic
outcomes. Among tons of omics data integration methods that have been proposed, they can be
roughly classi ed into three big classes: unsupervised data integration method, supervised data
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integration method and semi-supervised data integration methods. Unsupervised data integration
refers to the cluster of methods that draw an inference from input datasets without labeled
response variables, which includes correlation-based methods (e.g. sparse CCA [67] and sparse
Multi-Block Partial Least Squares [68]), matrix factorization methods (e.g. Joint Non-negative
Matrix Factorization [69] and iCluster [70]), Bayesian methods (e.g. Multiple Dataset Integration
[71]), etc. However, these factorization-based or clustering-based methods typically fail to reveal
the underlying regulatory mechanism between multiple data types. Unlike the unsupervised data
integration methods, the supervised methods consider the phenotype labels of samples (disease
or normal), and build the models from the training omics data. The most representative ones are
network-based methods (e.g. ATHENA [72]), multiple kernel learning (e.g. Feature Selection
Multiple Kernel Learning [73]) and multi-step analysis (e.g. iBAG Wang et al. [74] and Multiple
Concerted Disruption [75]). Among them, iBAG is one of the most popular statistical methods
for multi-omics integration and is exible to integrate data from an arbitrary number of platforms.

It builds a hierarchical model to incorporate the information from different genomic layers in a
biological sense. However, it also has several downsides: (i) it typically looks at one gene to
multiple regulators scenario without considering the joint information and correlations of genes;
(i) it fails to identify more complex effects than the main effect (e.g. interaction); (iii) it still
targets at the association, not causality. As for semi-supervised integration methods, which lie
between supervised and unsupervised methods, they take both labeled and unlabeled samples
to develop a learning algorithm. Most of the semi-supervised data integration methods are
graph-based, for example, GeneticlnterPred [76]. A more detailed review of multi-omics data

integration methods can be found in Huang et al. [77] or Bersanelli et al. [78].
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The rest of this dissertation is organized as follows. In Chapter 2, we present our screening
method “rPCor” based on robust partial correlation for detecting noncoding RNA regulators of
gene expression over the whole genome. In Chapter 3, we further explore the underlying causal
regulatory mechanism between noncoding RNAs and genes using the Bayesian network. In
Chapter 4, we study how this regulatory relationship changes in different biological conditions,

e.g. cancer stages. A discussion will be provided in Chapter 5.
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Chapter 2: High-dimension to high-dimension screening

2.1 Introduction

Gene expression in eukaryotes can be regulated by a wide range of mechanisms at multiple
stages. For example, different types of epigenetic processes including DNA methylation and
histone modi cation can in uence gene activity and expression without altering the DNA sequence
[2]. In addition, noncoding RNAs such as micro RNAs (miRNAs), small interfering RNAs and
long noncoding RNAs (IncRNAS), can regulate gene expression both at transcriptional and post-
transcriptional levels or by mediating epigenetic changes [5, 6]. Changes in these processes
are found to be contributing to the development of human diseases, including many different
types of cancers [7, 8, 9]. With the rapid development of high-throughput technology in the past
decades, researchers can now capture a wide range of epigenetic modi cations and noncoding
RNAs across the genome. ldentifying epigenetic and noncoding RNA regulators of genes and
investigating how they regulate the genes in disease associated pathways will provide mechanistic
insights into the disease and have potential clinical usage. Comparectts(tth@cal”) regulators
that are in physical promixity with the genes they act on, identifyindrénes (“distal”) regulators
constitutes a more challenging problem since it involves assessment of a large number of potential
regulatory relationships over the whole genome. Novel statistical and computational approaches
are needed to jointly analyze these high-dimensional omics data and reveal their complex relationship.
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A widely used procedure that targets at such problems involving a large number of responses
(genes) and a large number of predictors (regulators) is to test the association for each regulator-
gene pair separately. A canonical example is the association analysis between DNA variants and
gene expression known as expression quantitative trait locus (eQTL) analysis [25]. However,
such a univariate analysis approach faces very serious multiple comparison issue and tends to be
over-conservative after multiple testing correction. An alternative procedure isto ta multivariate
regression model to accommodate all predictors and responses and then perform model selection
using regularization methods. In gene regulation problem, however, both predictor and response
spaces are of extremely high dimension, directly rendering any regularization methods in this
model becomes computationally infeasible. One common remedy for such computational bottleneck
is to apply dimension reduction techniques such as sure screening methods rst to quickly reduce
the dimension without incorrectly removing the true signal pairs, then apply regularization methods
for the nal model selection in a lower dimensional space. Such a two-stage procedure (screening
+ regularization) is shown to be more ef cient and stable than regularization methods alone and
has wide applicability for big data analysis with desired scalability and theoretical guarantees.
Since Fan and Lv [26] proposed the rst sure screening method “SIS” using the marginal correlation,
numerous screening methods have been developed for dimension reduction in different types of
models and using different statistics [27, 28, 29]. Nevertheless, these screening methods usually
look at univariate response, thus they are not directly applicable to the gene regulation problem.

A naive way to handle multiple responses is to implement screening for each response
separately. However, this can be unsatisfactory by ignoring the complex correlations between
responses and still leaves us with a large model. In this paper, we propose a novel high-dimension
to high-dimension screening method based on robust partial correlation, namely “rPCor”, for
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detecting epigenetic and noncoding RNA regulators of gene expression over the whole genome.
To the best of our knowledge, our method is the rst screening method that targets a problem
with both high-dimensional predictors and high-dimensional responses. Compared to existing
screening methods, our method is conceptually innovative in that it can reduce the dimension of
both predictor and response, and screens out both irrelevant nodes (regulators or genes) and edges
(regulator-gene pairs). We develop data-driven procedures to determine the conditional set and
the optimal screening threshold and implement an iterative algorithm which is computationally
feasible with hundreds of thousands of predictors and responses. The tail robusti ed partial
correlation is used to protect against non-normality and heavy-tailed distributions to achieve
the best screening performance. Extensive simulations and real data applications in INnCRNA,
mMiRNA, as well as DNA methylation regulation of gene expression in cancers using The Cancer
Genome Atlas (TCGA) data, have shown the signi cant advantages of our method and its potential

to be widely applied as a rst stage pass for similar big data integration problems.

2.2 Methods

2.2.1 Model and review of existing methods

Suppose we have collected both gene expression data (e.g. from microarray study or
RNA-seq study) and epigenetic (e.g. DNA methylation from an array or bisul te sequencing)
or noncoding RNA data over the whole genome fiosubjects. To model the dependency of
gene activity on regulatory mechanisms and identify the important regulators of gene expression,

we consider a multivariate regression model with genes being the responses and epigenetic or
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noncoding RNA features being the predictors:

Y=X +"; (2.1)

whereY 2 R" 9is the response matrix of expressiorgajenes fon subjectsX 2 R" Pisthe
predictor matrix of values gb features fom subjects, and 2 R" 9 refers to the random error
terms that have a joint multivariate distribution with méxand covariance matrix y . Here we
considerX consists of one type of epigenetic or noncoding RNA data for simplicity, though the
same regression framework also applies to modeling the additive effects of mixed types of omics
data.

Our purpose is to identify the nonzero coef cients in matrix ( ) 2 RP 9, i.e. the set

M =f(k): «x60;1 j p;1 k qg;

which consists of important regulator-gene pairs. In low dimensional cases wlaaeq are

smaller tham, the ordinary least square (OLS) estimation can be used to estimate the coef cients.
When the numbers of predictors and responses grow to much larger than the sample size (i.e.
p >>n, g >>n)asin gene regulation problem, classical OLS estimation fails and we usually
need the sparsity assumption to tackle the problem. For univariate responseq(\whj), it

is common to assume only a small number of predictors are relevant with nonzero coef cients,
selecting predictors is equivalent to selecting predictor-response pairs. For multiple responses,
however, selecting nodes (predictors or responses) is not equivalent to selecting edges (predictor-

response pairs). Thus, we further consider sparsity at two levels: (1) overall sparsity or edge-wise
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sparsity in , i.e. amajority of jx = 0; (2) column-wise/row-wise sparsity or node-wise sparsity,
i.e. jk = 0 for the entire row or column. In real data when we investigate the gene regulation
for a particular disease, it is natural to assume that only a few true regulator-gene pairs exist and
these pairs are restricted to a small set of critical biomarkers (e.g. master predictors) that regulate
a small set of responsive genes (e.g. key responses), while others are not participating in the
relevant regulatory process [79].

Direct regularization methods that enforce sparsity at both edge and node levels have been
developed for the multivariate regression model. Peng et al. [56] adopted a mixgdorm
penalty in searching for master predictors that affect many responses. Li et al. [80] proposed
a similar but more general multivariate sparse group lasso to encourage the selection of both
individual and grouped coef cients in (e.g. treating coef cients of all responses to the same
predictor as a group). The penalty shrinks unimportant predictors with small aggregate effects
overall responses to zero, however, wiygslarge, almost all predictors will have large aggregate
effects thus no master predictors are prioritized. In addition, when the prpdistextremely
large, these regularization methods usually become computationally intractable and unstable.

An alternative is a two-stage strategy where we rst apply sure screening methods to reduce
the dimension of the model, and then apply regularization methods to a model with a lower
dimension for the nal selection. Fan and Lv [26] proposed the rst sure screening method called
Sure Independence Screening (SIS) that only kept the predictors with large marginal correlation
with the response in the univariate linear model and showed its sure screening property that the
set after the screening will contain the true set of predictors with large probability. Alternative
marginal association-based screening methods, including those adopting robust and model-free
statistics, were developed and generalized to a broader class of models [27, 81, 82]. Other
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screening methods have been proposed to further consider the between-predictor correlation
[31, 32]. See Supplement section 1 for a selective overview of the popular screening methods.
However, all these screening methods mainly consider univariate responses and thus do not
directly apply to the multivariate regression model.

For the model with multiple responses, one can apply existing screening methods for
univariate response to each response to select the top predictor-response pairs, however, this
approach ignores the correlation between responses and potentially generates many false positives.
In addition, applying screening to each response tends to ignore the node-wise sparsity and leaves
almost all responses in the model after screening. Some screening procedures that can handle
multiple responses [28, 83] used statistics that aggregate over all responses. These methods work
well in response spaces with low dimensions. However, wiper> n, they face the same
challenges as the aforementioned regularization methods that almost all predictors have large
aggregate effects, and thus can hardly achieve dimension reduction.

We propose a robust Partial Correlation-based method, namely rPCor, to perform screening
for models with high-dimensional predictors and high-dimensional responses. The purpose of
our method is to screen out as many noisy predictor-response pairs while keeping most of the
predictor-response pairs from the true model. After the screening, we apply the regularization
method to re ne the nal pool and select the most important pairs. Figure 2.1 shows a owchart
of the two-stage strategy for regulator-gene pair selection. The rPCor-based screening stage
consists of three steps that will reduce the original dimengiong to a more manageable scale
Ppr & (pr < p, & < q) with much fewer edge pairs. Screening of edges is indicated by
the sparsity indicator matrixJ,, o, whereUy, = 1 if the (I;h) pair is kept andJ, = O if
it is removed after screening. The sparsity indicator mdtrixvill later serve as input for the
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Figure 2.1: Flowchart of the two-stage (screening+regularization) strategy for regulator-gene pair
selection (i.e. estimatinl or , 4). Screening stage by rPCor will reduce the dimension of

p gtoamore manageable sc@e ¢ (i.e. onlyp; predictors andy responses are left where

p1 < p, th < (). Screening of edges is indicated by the sparsity indicator matgjx ,, where

Un = 1 if the (I; h) pair is kept andJ;, = 0 if it is removed after screening, and will be used as
input in the regularization stage for nal estimation.

regularization stage to get the nalestimate.

2.2.2 Robust partial correlation based screening

The relationship between partial correlation and regression coef cients has been widely

studied before [84]. Bhimann et al. [31] proposed to use the partial correlatio;; Y j X&) ;j =

to theoretically justify its use (see Supplement section 2 for more details on this assumption and
the connection between partial correlation and regression coef cient};; Y j X&) =0)
i =0, whereS is some subset dfj g°.
For univariate responses, only the conditional set for predictors needs to be included. For
multiple responses, in order to adjust the inter-feature correlations among responses, we include

both predictors and responses in the conditional sets, which helps remove more false positive
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edges and nodes. More speci cally, we propose to use the partial correl@dony,jX sy Y S5k));j =

1;:::;pk = 1;:::;qfor screening in multivariate regression model, whefe and S\ are
the conditional sets for the nod&s andYy, respectively. We develop procedures to carefully
determine the conditional sets for each node which greatly improves the computation and screening

performance. We impose the following extended partial faithfulness assumption to justify its use:

X YxS'vsy=0)  , =0: 2.2)

Based on the extended partial faithfulness assumption, we want to keep the following set:

M 1= (k) (% VXY S 6 0g:

In nite samples, one can estimate the sample partial correlation to obtain the above set
as long as the cardinality of the conditional set is not too large. However, the sample partial
correlation estimate is not robust against heavy-tailness, a notable feature of high-dimensional
data that has brought new challenges to many statistical methods. Although the proper transformation
of expression data (log-transformation) and methylation data (M-values) are commonly used to
better t the normality assumption, heavy-tailness and outliers are still inevitable in real data. To
protect against the violation of normality assumption and heavy-tailness in both epigenetic and

gene expression data, we propose to estimate a tail-robusti ed version of the partial correlation:

"(Xj;ijxsij);Ysék));l i pl k q; (2.3)

where” (:) is the partial correlation estimate after applying the truncation operatos) =
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(Jxj~ )sign(x) to bothX; andYy adjusting for the variables in the conditional sSﬁé) and
s ixj~ = minfixj; g, and > 0is called the robusti cation parameter. We follow
from the literature [85] and propose to adopt a data-adaptive approach to automatically tune
and obtain the robusti ed estimate for each partial correlation computed (see Supplement
section 3). We then apply Fisher's Z transform to the robust partial correlation estimate to
(k)

(i)

(k) A v iXS1 Uy S . . .

;Y S2') = Llogf L KUMIX T Y E ) g and identify the following set
1A (X)YX STy S2 )

obtainZ (X;j; YkjX sy

as an estimate of the gt ;:

M= fGk):(n js Pjjs ¥ 32

iZ (X Ygx sy sy s i =2);

where is the cumulative density function of standard normal distribution guslthe cardinality

of the set. Here is the screening threshold parameter that determines how aggressive or
conservative users want to be at the screening stage. Some methods [26, 28] directly tune the
model size after screening with theoretical guidance, which served the same rale@sctice.

The choice of is critical to screening methods that guarantee the set after screening includes
as fewer false positives as possible while retaining all true positives. We propose a stability

selection-based procedure to determine the optimalpractice as described next.

2.2.3 Conditional set and optimal screening threshold

Partial correlation-based methods typically search over all nodes in the full conditional set
when testing for the partial correlation, which is computationally heavy. In the gene regulation

problem, itis natural to assume that a majority of epigenetic or noncoding RNA features (predictors)
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are unrelated and most genes (responses) are unrelated over the whole genome. When we
compute the partial correlation, we can restrict the conditional sets to only neighboring nodes for
each node of interest, which will greatly improve the computation and the screening performance.
To determine the conditional sets for both predictors (Eéi.)) and responses (i.eSék)), we
propose to apply a marginal correlation threshold and regard only those predictors/responses
having marginal correlation above a certain threshold with the predictor/response of interest as
the conditional sets, i.eGl’ = gf) = fj0: jAX;;X;0)j > gnfjgandG" = gék) = fkO:
1MYk; Yko)] > gnfkg, where’\:) refers to the sample marginal correlation. One may also use
a tail-robusti ed version of marginal correlation in the above calculation. For the cutoefie
randomly generate variables from two independent distributions to calculate spurious correlations
under the same sample size and s& be the maximum spurious correlation among multiple
replications. Given the fact that module structure naturally exists in gene expression data, we also
provide an alternative solution to determine the conditional sets by rst partitioning genes into
unconnected modules and then only including genes within the same module in the conditional
set (see Supplement section 4).

The choice of screening threshold parametes critical to all screening methods as it
balances between the sensitivity and false positive control of the methods ¢hosen too small
(too stringent cutoff), it is possible that important signal pairs will be accidentally screened out in
the screening stage. On the other hand, i§ chosen too large (too loose cutoff), most pairs are
kept so the model remains large which makes the screening step meaningless. Most screening
methods provide theoretically guided choice o#ithout giving empirical guidance on how to
nd its optimal value in practice. To determine a data-driven choice,offe propose a stability
selection-based procedure [86]. The idea of stability selection is to identify variables that are
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included in the model with high probabilities when a variable selection procedure is performed
on random samples of the observations. We propose two stability selection-based algorithms
to choose the optimal level and demonstrate the selection in both simulation and real data

examples. Details of one of the algorithms are provided below.

Algorithm 1: Stability based algorithm to determine the optimalalue.

Start with a relatively large .

Step 1.Draw S random subsamples @f :::n of size[n=2] without replacement, run
rPCor on %ach subsample, and compute the sglection frequenpgcy
"wo=2 Sl (k)2 7O where™® = (jk): 7 60 isthe setof
selected predictor-response pairs from the s-th subsampleiaride indicator
function.

Step 2.Randomly permute the response variatlideBmes, and for each permuted
sample, wlg repeat the aforementioned stability calculation and compute
N S, (k)2 ~@9)  where™®9 is the set of selected pairs at d-th
permutation and s-th subsample.

Step 3.Order the values of (i), denote the -th ( = 1;::;; pg) largest value a8 ( ,
and compute the empirical Bayes false discovery raté for[87] as

8 9
p Py, P p P @ | ~d A i
Fd . d=1  j%=1 k%=1 (j k9 () 1
rcy=min_. ———p B :
) . D Fp Fq N, N ;
jo=1  ko=1 (%k9 ()

Step 4.Calculate the threshold for selection frequency given a pre-determined value
r 2 (0;1) as R n o
thres () = min (y Fdr¢y

Step 5.For the top = minf p; gg predictor-response pairs with the largest marginal
correlation, check if their median-IQR/2 value of selection frequency (for robustness)
pass (i.e greater than) the threshOlges (r). If not, the previous value will be the
optimal one we want to use. If yes, we will continue to select a smalkard repeat the
above steps.

Table 2.1 lists the main characteristics of our method “rPCor” and its comparison with
other popular screening methods. Compared to screening methods based on marginal correlation
or partial correlation conditioning on predictors only, we further consider correlations among
multiple responses and use robust partial correlation conditioning on both predictors and responses
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Table 2.1: A comparison of our method with other popular screening methods

Method Condition on  Condition on  Selection of Optimal Robust
predictors responses conditional threshold against-tail
set selection heavy-tail
SIS No No - Theoretical guide No
(Fan and Lv)
DC-SIS No No - Theoretical guide  No
(Lietal)
CIS Yes No Blocks Theoretical guide  No
(He et al.)
PC-simple Yes No Full conditional Unadjusted No
(Buhlmann et al.) set signi cance level
rPCor Yes Yes Corr threshold  Stability selection  Yes
(or modules)

that can potentially remove more edges. We also propose data-driven procedures to determine
the conditional sets and the optimal screening threshold to improve screening performance and

computation ef ciency. Lastly, our method is robust against heavy-tailed distributions.

2.2.4 lterative algorithm

Directly computing the partial correlation can still be burdensome in spite of pre-determination
of the conditional sets{) andS{. We follow the same idea of PC-simple algorithm [31] and
propose a fast iterative algorithm by starting with marginal screening (zero order) and sequentially
increasing the order of partial correlation until the size of the active set is no greater than the order

or certain maximum order is reached (see Algorithm 2).

2.2.5 Regularization after screening

After screening, the dimension is reduced to a more manageable scale. De ne the node

subsetsv f 1;:::;pgwith Vj = ppandW f 1;:::;09 with W] = q, i.e. onlyp;
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Algorithm 2: Main algorithm: rPCor

Pre-determined and ;

For eachX;, nd the setG!) = fj2:jX(X;:X;0)j > gnfjg;

For eachyy, nd the setG = fkO: jA(Y; Yo)j > gnfkg;

Setm = 1;

Do marginal screening, and build the step-1 active set

AW =f(k)j(n 32Z (Xj;Y)j> L =2)g;

repeat
m=m+1,
Alml = A 1.
repeat
Select a (new) pair ofj; k) 2 A™ 1
if (N JS 1 JS 2 3)HZ (Xj; Yigi X34, Y %2)] (1 =2)forany
S fjo(j%k)2 Am Ug\G ) and

n 0

S, fkO: (k92 A Ug\G ¥ withjSij+ jS,;j= m  1then
| remove paifj; k) from AT™!
until all (j;k) 2 A s tested

until ™) morm = Mmay;
OUtpUtM\ 1= A\[m]

regulatory features angl genes are left after screening. The predictor matrix is reduc&d,to
and the response matrix is reducedytp. The coef cient matrix is reduced to a smaller and
more sparse matrix, , with edge sparsity indicated by the matti, o,, whereUy, = 1 if
(Vi;Wy) 2 M ; andUy, = 0 if (Vi; W) 2 M'; from the screening stage. One can then apply
regularized multivariate regression to re ne the nal pool of the most important pairs. In this
paper, we adopt the method in Peng et al. [56] and consider the objective function with both

and’; norm penalty to estimate, , :

1 Xt ’
L( ;Xv;Yw;U; 15 2)= > Yw Xy ) +
1=1 F
¢ he
1 kU| |kl+ 2 kU| |k2,
=1 =1

39



whereU; = (U;:::; Uyg,) is thel-th row of U, =( s |q1) is thel-th row of =

( )i i I r denotes the Frobenius norm of matricgsjj 1 andjj jj. are the’; and’, norms

for vectors, respectively, and”stands for Hadamard product. The norm penalty on the
matrix ensures the edge-wise sparsity of the multivariate regression model while penalizing

the ", norm of each row of the matrix constrains the total number of predictors kept in the

model and achieves node-wise sparsity. Minimizing the above objective function gifes=us

(¢ p)=argmin L( ;Xv;Yw;U; 1; »),where ;and , are the tuning parameters. The

nal estimate of thep  qcoef cient matrix "y, = ( "« ) can be obtained a§, = Uy, C , if

j =Vi2V andk =W, 2 W, and'\jk = 0 otherwise. It is worth pointing out that the existence

of U makes sure that onlgX;; Yy) pairs that survive after the screening step will contribute

to the objective function in the regularization step. The maditrixs usually very sparse which

helps speed up the optimization even whpgrand g, are relatively large. We solve the above

optimization problem using the R package remMap [56]. The optim@nd , are chosen by

5-fold cross-validation. When detecting master predictors that regulate the expression of multiple

genes is of less interest, one can set 0 to suppress the node-wise sparsity. Alternatively, one

can also apply commonly used regularization methods such as Lasso [33] or Elastic Net [49] to

each gene for the nal selection of regulator-gene pairs.

2.3 Simulation studies

In this section, we conducted comprehensive simulation studies to show the performance of
our screening method. To benchmark our method, we compared rPCor to other popular screening

methods in linear models, including SIS [26], CIS [32] and PC-simple [31], as well as a model-
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free screening method, DC-SIS [28]. For a fair comparison, screening methods that use the model
size tuning were reformulated to use the threshold tuning.by

Scenario I: In this scenario, we evaluated the screening performance of our method under
Gaussian assumption. We simulated the epigenetic data from a multivariate normal distribution
Xnp MVN(@O; x), where xj; =1 and xjjo= ‘)‘< Ofor1 j 6j0 p. For

» g Matrix, we assumed a majority of coef cients are zero (i.e. no regulatory relationship for
a majority of epigenetic-gene pairs) and oslpairs had nonzero coef cients, the positions of
which were randomly distributed in the matrix but restrictedstoepigenetic features arsd
genes. Lastly, we simulated the gene expression da¥,by MVN(X ; v), where y
is the covariance matrix speci ed in two ways:

(IA). Toeplitz within modules: we assumedy to have a block-diagonal structure with
non-overlapped gene modules. Each block is a Toeplitz matrix with parametand the
between block correlation is O.

(IB). Big Toeplitz: we did not assume any gene modules and sgt = 1 and y.ko =

j\'(‘ “Utor1 k6 kO q.

In both cases, we assumed: 500, p = 5000, g = 2000, s = 200, sx =100, sy =50 and
the signal strength of nonzero coef cients= 2. For IA, we assume86 independent modules
with module size equal t&0 and the rest as scattered genes not belonging to any modules.
For inter-feature correlationy and v, we considered different combinations, ifex; y) 2
f(0:2;0:2); (0:8; 0:2); (0:2; 0:8); (0:8; 0:8)g.

Scenario II: In the second scenario, we aimed to assess the robustness of our method when
the Gaussian assumption and the linearity assumption were violated, which are common in high-

dimensional biomedical data. In Scenario (lIA), we generated epigenetic prediciops =
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(Xj ) from Pareto distribution with both shape and scale parameters equal to 1. In Scenario
(11B), we further considered a weak nonlinear transformatioXohy f (X ) = Xifzz. In both
Scenarios, we assumad= 100, p = 1000, g=200,s =9, sx =9 andsy = 3.

Each of the simulations was replicated ®r= 100 times. For scenario |, we assessed the
sensitivity (or recall) and the precision at both edge (epigenetic-gene pairs) and node (epigenetic
features or genes) levels. Nodes that had at least one true edge were regarded as true nodes.
Unlike the evaluation of regularization methods that put equal weights on sensitivity and speci city,
for screening methods, we mainly assessed whether they can remove as many false positives
(e.g. not too low precision) without losing any signals (i.e. maintain a high sensitivity). Thus

— (1+ 2)(precision recall

we calculated the scoie = Zprecision recal) [88] to assess the overall accuracy of different

screening methods. We chose= 3 (also called F3-score) to put more weight on sensitivity and
emphasize the importance of keeping high sensitivity at the screening stage. For scenario Il, we
mainly assessed the sensitivity of the methods in the presence of heavy-tailed data and potentially
nonlinear relationships.

Figure 2.2 shows both the edge-wise and node-wise results for Scenario IAwher) =
(0:8;0:8). As became more stringent, all methods started to remove more edges. Our rPCor
method had a higher precision than the other screening methods by signi cantly reducing the
number of false positive edges (Figure 2.2(b) left) while maintaining a high sensitivity as the
others (Figure 2.2(a) left). At the optimalvalue, our method had a close-to-perfect sensitivity as
the others but much higher precision and overall accuracy than the other methods. The advantage
remained as we assessed the methods at node level (Figure 2.2 middle and right), where rPCor
kept all true nodes but signi cantly reduced the number of nodes in an overall trend and at the

optimal . Since rPCor considered the between-response correlations, it removed many more
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Figure 2.2: Simulation results for Scenario (IA) withyx; y) = (0:8;0:8). (a) Sensitivity
(recall) comparison for edgewise, X-nodewise (predictors) and Y-nodewise (responses) results.
(b) Precision comparison for edgewise, X-nodewise and Y-nodewise results. (c) F-score
comparison for edgewise, X-nodewise and Y-nodewise results. The mean and con dence band
of each metric at different levels are presented and the optimathosen by our rst stability-

based algorithm I is marked with a star.



false positive responses (Y-nodewise) than the other methods. CIS has high precision at the cost
of losing many signals (i.e. low sensitivity) so it has an overall low F-3 score and is not acceptable
as a screening method, thus we decide to drop it in real data analysis. As the correlateor

vy dropped, the advantage of rPCor became less prominent as expected (Figure 2.3). Scenario IB
showed a similar trend where rPCor had similar sensitivity as the other methods while keeping a
much higher precision and overall accuracy.

In Scenario I, rPCor had much higher sensitivity than the other non-robust screening
methods, indicating the necessity of performing robusti cation on partial correlation in the presence
of heavy-tailness and when the linearity assumption is violated (Figure 2.4). Table A.1 summarized
the average computational time of all screening methods for different scenarios. Our screening
method was computationally much faster than other partial correlation-based methods (CIS and
PC-simple) and not any worse than the marginal correlation-based screening method SIS. When
the set§§j ) andSék) are small, the iterative algorithm has a computational complexity approximately

the same as the marginal correlation screening (boundé€x{inga)).

2.4 Real data application

In this subsection, we demonstrated our method in three real data examples from TCGA
consortium [89]. These examples covered three different types of epigenetic and noncoding
RNA regulatory mechanisms including IncRNA, miRNA and DNA methylation regulation of
gene expression, showing the generalizability of our method to a wide variety of gene regulation

problems.
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Figure 2.3: Simulation results for Scenario 1A withs ; yv) = (0:8;0:2).(a) Sensitivity (or true
positive rates) comparison for edgewise, X-nodewise and Y-nodewise results (from left to right).
(b) Precision comparison for edgewise, X-nodewise and Y-nodewise results (from left to right).
(c) F3 score comparison for edgewise, X-nodewise and Y-nodewise results (from left to right).
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Figure 2.4: Simulation results for Scenario 11B comparing rPCor with the non-robust SIS, CIS,
PC-simple methods in the presence of heavy-tailed and non-linear data.

2.4.1 Long noncoding RNA regulation in kidney cancer

We applied our method to the TCGA Pan-kidney cohort (including kidney chromophobe
(KICH), kidney renal clear cell carcinoma (KIRC), and kidney renal papillary cell carcinoma
(KIRP)) that collects both IncRNA data and gene expression data for kidney cancer patients.
LncRNAs are essential regulators of genes in major pathways of cell growth, proliferation,
differentiation and survival, and are critical to the tumor formation, progression and pathogenesis
of kidney cancer [90, 91]. Our purpose is to identify important IncRNA regulators of genes in
kidney cancer over the whole genome.

The IncRNA expression data (in Reads Per Million mapped reads, or RPM) and the gene
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Table 2.2: Computation time per replication for different scenarios(ard v) (in seconds,
mean and standard deviation calculated over 10 replications)

( x; v)=1(0:8;0:8)

Scenario IA Scenario IB
SIS 39.3(8.9) 40.7 (14.2)
PC-simple 21231.4 (2521.3) 21994.2 (3072.3)
CIS 1239.4 (85.2) 1259.5 (124.6)
DC-SIS > 3 days > 3 days
rPCor 47.3 (3.5) 51 (15.3)
rPcor-module 46.1 (3.1) 50.4 (15.1)

( x; v)=(0:802)

Scenario IA Scenario IB
SIS 49.3 (24.9) 45.8 (21.9)
PC-simple 22937.2 (4310.1) 22281.7 (2470.2)
CIS 1422.8 (93.7) 1254.3 (275.9)
DC-SIS > 3 days > 3 days
rPCor 60.7 (22.4) 57.6 (18.5)
rPcor-module 58.4 (25) 56 (16.2)

expression data (in Reads Per Kilobase of transcript per Million mapped reads, or RPKM) of
TCGA Pan-kidney cohort, both measured by RNA-sequencing, were downloaded from The Atlas
of Noncoding RNAs in Cancer (TANRIC; Li et al. [92]) and LinkedOmics [93], respectively.
We carefully preprocessed the data by matching the samples, ltering out features with low
expression while keeping IncRNAs with mean values greater than 0.3 and genes with mean
expression values greater than 5 only following the general guideline [92, 94]. The processed
data includeg = 2170 IncRNAs andg = 13408genes fon = 712 kidney cancer patients.

Table 2.3 summarized the number of IncRNAS, genes as well as IncRNA-gene pairs left
after applying different screening methods. The model after screening by rPCor is much more
sparse than that by other methods, leaving a total of 7528 IncRNA-gene pairs that included

p: = 1652 IncRNAs andg, = 5274 genes. The number of pairs remained large even after
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we applied the popular regularization method Elastic Net (EN) [49] to each gene following
the other screening methods, implying the necessity of applying our method for dimension
reduction with multiple responses. We then evaluated the results using the external curated
database EVLNcRNASs [1] and calculated the corresponding sensitivity and precision regarding
the IncRNAs and IncRNA-gene pairs known to be associated with kidney cancer in EVLNcRNASs
as truth. For a fair comparison, we also evaluated the other methods when they retained the
same number of top INcCRNAs or IncRNA-gene pairs as rPCor. The different methods performed
equally well in identifying the true kidney cancer-related IncRNAs (Table 2.4 upper). For the
identi cation of INcRNA-gene pairs, rPCor kept a high sensitivity while having a much higher
precision than PC-simpleé times higher) and SIS>( 10° times higher) methods. Compared to
other methods when they only retained the top 7528 pairs, rPCor had both higher sensitivity and
precision (Table 2.4 lower). We also investigated the top genes identi ed by each method and
their associations with clinical and pathology covariates such as pathologic stage (based on tumor
grade), T stage (based on tumor size), N stage (based on number of lymph nodes with cancer)
and M stage (based on whether the cancer has metastasized). The top genes identi ed by rPCor
had signi cantly stronger association with pathologic stage, N stage and M stage than the top
genes found by other methods showing the advantage of our method in identifying informative
and biologically relevant genes (Figure 2.5).

We then applied the regularization method in Section 2.2.5 to the set after screening by
rPCor and selected 296 IncRNA-gene pairs with 46 unique InNcRNAs and 273 unique genes as our
nal selection results. It was notable that several IncRNAs can either up-regulate (with positive
coef cient estimate) or down-regulate (with negative coef cient estimate) the gene expression
(see Figure 2.6 for the visualization example of identi ed regulatory networks by using the tool
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Figure 2.5: Association between top genes selected by different screening methods and covariates
in TCGA Pan-kidney IncRNA regulation example. Y-axis corresponds to -log(p-value) of the
association test. For each method, its top 263 (5% of the total genes rPCor retained) selected
genes are included in this analysis. Covariates include (a) pathologic stage (based on tumor
grade); (b)T stage (size and extent of the main tumor); (c)N stage (number of nearby lymph
nodes that have cancer); (d)M stage (whether cancer has metastasized). The p-value attached to
each boxplot is from the F-test comparing the means of -log(p) among three methods.

MSLCRN [24]), a phenomenon common to INcRNA regulation of gene expression in cancer
[95, 96]. We then performed pathway enrichment analyses for the 273 genes selected using
four pathway databases: GO [97], KEGG [98], BioCarta [99] and Reactome [100]. Among the
top enriched pathways sorted by Fisher's exact test p-value, we found pathways of important
biological processes critical to renal cell carcinoma such as integrin cell surface interactions,
natural killer cell-mediated cytotoxicity, peroxisome proliferator-activated receptor as well as

fatty acid triacylglycerol metabolism [101, 102, 103], showing the advantage of our method in
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identifying critical disease-related gene markers regulated by IncRNAs.

Figure 2.6: TCGA Pan-kidney IncRNA-gene regulation network example. Green-colored nodes
with diamond shape in the hub indicate the IncRNAs. Blue-colored nodes with circular shapes
indicate the genes. Arrows in orange indicate up-regulation (positive coef cient estimate) while
arrows in purple indicate down-regulation (negative coef cient estimate).

2.4.2 microRNA regulation in kidney cancer

As a second example, we applied our method to study the regulation of miRNA on gene
expression in the same Pan-kidney cohort from TCGA. Altered expression and function of miRNAs
have been observed in many urologic cancers including kidney cancer [104]. We downloaded the
mMiRNA expression data (in RPM) from LinkedOmics and Itered out miRNAs with mean RPM
value equal to 0 and performed log2 transformation. For the gene expression data, we removed

genes with mean expression values less than or equal to 5. In this analysis, we focused on the
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Table 2.3: Number of nodes (epigenetic regulators and genes) and edges (epigenetic-gene pairs)
left after applying different methods in the three TCGA real data examples. For regularization,
we applied the regularized multivariate regression proposed in Section 2.2.5 after rPCor and
applied the Elastic Net (EN) method after other competitive screening methods. “Epi” in the
column header here stands for “epigenetic regulator” and corresponds to INncRNA, miRNA and
DNA methylation sites in the three examples, respectively.

method # of pairs left # of epi's left # of genes left

Pan-kidney IncRNA regulation example

original data 29095360 2170 13408
SIS 9715838 2170 13406
SIS+ EN 879653 2167 13406
DC-SIS 17607189 2170 13408
DC-SIS + EN 1032088 2169 13408
PC-simple 59950 1598 13406
PC-simple + EN 59938 1597 13406
rPCor 7528 1652 5274
rPCor + regularization 296 46 273
Pan-kidney miRNA regulation example
original data 963460 719 1340
SIS 263056 597 1335
SIS+ EN 48227 589 1335
DC-SIS 422671 694 1340
DC-SIS + EN 57354 689 1340
PC-simple 5042 272 1335
PC-simple + EN 50379 272 1335
rPCor 695 296 483
rPCor + regularization 539 194 410
GBM DNA methylation regulation example
original data 52675692 6427 8196
SIS 1517203 6121 7860
SIS + EN 149510 5229 7860
DC-SIS 3796961 6408 8175
DC-SIS + EN 201935 5802 8175
PC-simple 10495 966 7860
PC-simple + EN 10495 966 7860
rPCor 3180 1870 2064
rPCor + regularization 481 180 429
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Table 2.4: Sensitivity and precision for the screening results of different methods in TCGA Pan-
kidney IncRNA regulation example. The truth is de ned by the curated database EVLNcRNAs

[1].

Model Size # True Positives Sensitivity Precision

Node-level (51 kidney cancer related INcCRNAS)

rPCor 1652 44 0.863 0.027

PC-simple 1598 43 0.843 0.027

SIS

(top 1652) 1652 43 0.843 0.026
Edge-level (14 kidney cancer related IncRNA-gene pairs)

rPCor 7528 6 0.429 7.97e-4

PC-simple 59950 6 0.429 le-4

PC-simple

(top 7528 pairs) 1 0.0714 1.33e-4

SIS 9715838 3 0.214 3.09e-7

SIS

(top 7528 pairs) 7528 1 0.0714 1.33e-4

most variable genes and only kept the top 10% genes with the largest variance. The processed
data includedp = 719 miRNAs andq = 1340 genes forn = 712 kidney cancer patients.

As compared to the IncCRNA example, this miRNA example had a much lower dimension and
we used it to illustrate the advantage of our method even when applying to data of moderate
dimension.

Compared to other screening methods and their corresponding two-stage methods (e.g.
SIS+EN), rPCor retained much fewer number of unique genes and miRNA-gene regulatory pairs
(Table 2.3). Among the 296 miRNAs retained, we identi ed 13 out of 14 miRNAs related to
kidney cancer available in the miRCancer database [105]. These include miR-183 which plays
an oncogene role by promoting cell proliferation and migration [106] and miR-205 which inhibits
Src-mediated oncogenic pathways in renal cancer [107]. We then performed pathway enrichment

analysis for the 483 unique genes we identi ed. In the top enriched pathways, we identi ed
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pathways related to the transport of glucose, well-known metabolic pathways whose defects are
directly related to kidney cancer [108]. Note that in this example, further regularization did not

reduce the model size much following the screening by rPCor, and was thus optional.

2.4.3 DNA methylation regulation in Glioblastoma Multiforme

Next, we applied our method to study the regulation of DNA methylation on gene expression
in Glioblastoma Multiforme (GBM). DNA methylation alterations in promoter regions have
been widely reported for GBM and their pro les were associated with overall survival in GBM
[109, 110]. Identifying the methyl regulators of genes in GBM helps understand the disease
mechanism and nd potential therapeutic targets.

We downloaded the DNA methylation data measured by HM27K array (including about
27,000CpG sites, in zero-centered beta values) and the gene expression data measured by RNA-
seq (in RPKM) of TCGA-GBM cohort from LinkedOmics. The analysis was restrictad o
278 GBM patients who have both DNA methylation and gene expression data available. We
carefully preprocessed the data and removed methylation sites with any missing values and those
with less than 5% or more than 95% of samples having beta values less than 0.5 [74, 111]. For the
gene expression data, we only kept genes with mean RPKM values greater than 5. The processed
data include@ = 6427 CpG sites and| = 8196 genes fom = 278 GBM patients.

At the screening stage, rPCor greatly reduced the original dimension and kept only 3,180
methyl-gene regulatory pairs, much fewer than that kept by the other screening methods (Table
2.3). A second-stage regularization further selected a nal pool of 481 methyl-gene pairs that

included 180 unique methyl features and 429 unique genes. Several identi ed genes and methyl

53



sites were signi cantly associated with the survival time of GBM implying their potential roles
as prognostic markers (see Figure 2.7 for an example). We found an enrichment of transcription
factor (TF) among the 429 genes selected (Table R.5= 42, Fisher's Exact Tesp < 0:05;

[112]), including those in the famous SOX and HOX gene family [113, 114]. Both cis-regulation
(TFs regulated by methyl sites in promoter region) and trans-regulation (TFs regulated by methyl
sites out of the promoter region) were identi ed and the associations were mainly negative among
the top associated pairs implying the down-regulatory roles DNA methylation played on gene
activity. The role of TFs as readers and effectors of DNA methylation has been well documented
in literature, where DNA methylation interacts with TFs which in turn regulate the activity of

many other genes [115, 116].

Figure 2.7: The association between survival time and the predicted methylation site/gene in
TCGA GBM real data. Here the CpG site “cg07952391” and gene “THNSL2” is a CpG-gene
regulatory pair identi ed by our method and their relationship is down-regulated. The Kaplan
Meier Curves show that both of them are associated with survival time but in the opposite
direction.
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Transcription Factor

Yes No Total
Selected by our methodYes 42 387 429
No 516 7251 7767

Total 558 7638 8196

Table 2.5: Contingency table that shows the enrichment of Transcription Factors (TFs) among the
genes selected by our method. The number of total genes (8196) is up to Itering. The p-value
for Fisher's exact test is 0.0175.
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Chapter 3: Two-stage Bayesian Network (BN) causal structure learning for discoveril

NcRNA-gene regulatory network

3.1 Introduction

Noncoding RNAs (ncRNAS), including long noncoding RNAs (IncRNAs), micro RNAs
(miRNAS), etc, are critical regulators that control the gene expression at multiple levels [5, 6].
Revealing how the ncRNAs regulate their target genes in gene regulatory networks (GRNs) will
provide deeper insights into the complex gene regulation mechanisms of life by ncRNAs and
their roles in developmental processes and in diseases [9]. Current studies of GRNs, however,
have focused on the interactions between transcription factors and coding genes (or mRNAS)
[117], few methods or tools have been speci cally designed to model the ncRNA-gene regulatory
relationship and the associated networks, which remain a challenge in systems biology and
bioinformatics.

Researchers typically applied data-driven methods on genome-wide transcriptomics data
to infer large-scale GRNs [118]. Further, knowledge from existing literature or manually curated
databases was compiled to synthesize a few core GRNs [119]. As GRNSs represent the directed
regulatory interactions between genes and their regulators, a Bayesian network (BN) which

represents a number of variables and their conditional dependencies via directed acyclic graphs,
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has been naturally and widely used to discover GRNs from transcriptomics data [117]. Various
types of algorithms have been developed to learn the structure of BN which fall into three main
classes: constraint-based, score-based and hybrid algorithms. However, most existing methods
that learn the BN structure from “big” data (i.e. a larger number of variables) are computationally
challenging and usually an NP-hard problem [58], creating barriers when constructing GRNs
from genome-wide transcriptomic data. In addition, very few of the methods have considered
the real-world context nor any prior knowledge when learning the structure, making them less
favorable when applying to construct GRNs.

Constructing a Noncoding-gene Regulatory Network (NGRN) that involves ncRNA regulators
and their regulated genes are unique in a few aspects: First, in contrast to GRNs that only
involve genes or proteins, an NGRN is typically ordered in a directed bipartite graph structure
(see Figure 3.1A) where ncRNA nodes independently regulate target genes in one direction.
Unless in circumstances where we are speci cally interested in the interactions between different
NcRNAs (e.g. ceRNA network [120]), we usually assume ncRNAs are not directly connected
and the only connection is via commonly regulating the same gene(s). Considering the high-
dimensionality of both ncRNA and gene expression data, this directed bipartite structure is
critical to reduce the computational complexity when learning the BN structure in NGRNSs;
Secondly, gene-gene interactions in GRNs can be inferred from curated signaling pathways or
protein-protein interaction network [121], however, no suf cient knowledge has been gained for
NcRNAs and key component ncRNAs and ncRNA-gene regulatory interactions have yet to be
discovered. It will be helpful to incorporate an experimentally validated database to prioritize
critical ncRNAs and ncRNA-gene pairs that will be otherwise missed when there is insuf cient

power; Thirdly, as the expression of ncRNA is more heterogeneous and cell /tissue type-speci ¢
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[122], the relationship between ncRNA and gene become more dynamic and might change in
different conditions. Therefore, it will be interesting to learn the differential regulatory network
patterns across different conditions or different cell types, over time, etc.

In this paper, we developed a novel analytical platform with a graphical user interface
(GUI), called NGRN, to construct an ncRNA-gene regulatory network from transcriptomic data
of both coding genes and noncoding RNAs, perform community detection and differential network
analysis and embed network visualization and downstream pathway enrichment analysis for more
biological insights. At its core is a novel computationally ef cient and bipartite graph-based two-
stage (hybrid) BN learning method to infer large-scale NGRN from high-dimensional genome-
wide ncRNA and gene expression data, while incorporating prior knowledge from existing databases.
We then applied a state-of-the-art method for community detection from the inferred network
and developed a new algorithm to reveal differential regulatory sub-networks across different
conditions. The tool is also featured by its exibility to (1) jointly analyze multiple types of RNA
species; (2) allow input transcriptomic data from either bulk RNA-seq or single-cell RNA-seq
platforms; and (3) incorporate new database on ncRNAs and ncRNA-gene interactions based
on users' interest. To the best of our knowledge, NGRN is the most comprehensive analytical
platform speci cally designed to infer the ncRNA-gene regulatory relationship on a genome-wide
scale coupled with useful subsequent biology-driven analyses to generate new hypotheses to be

tested in future studies.
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3.2 Methods

Suppose we have the expression datp oERNAs andgq genes fom samples available
after preprocessing, denote the ncRNA expression da¥a,as, = (X1;:::; X,) and the gene
expression data a8, ¢ = (Y1;::5;Yy). In this paper, we use the Bayesian network (BN) to
model the ncRNA-gene regulatory network (NGRN) and our goal of constructing an NGRN is
to learn the BN structure that encodes the dependence structure of the data, i.e. the underlying
directed acyclic graph (DAG{ given the observed expression d&ta= fX ;Y g as well as
the prior biological knowledge on ncRNA-gene and gene-gene relationship. The no@es in
represent the ncRNAs and genes, and the edges represent the direct probabilistic dependencies
between them. As the expression data is usually treated as continuous, we will assume a Gaussian
Bayesian network.

BN structure learning is computationally challenging, to date many methods have been
developed that fall into three main categories [59, 60]: 1) constraint-based approaches: this
category of methods views BN as a representation of dependencies and tries to perform a series of
conditional independent tests to nd a network that best explains these dependencies. However,
these methods are sensitive to failures in individual independent tests and error propagation; 2)
score-based approaches: this category of methods views BN as specifying a statistical model
and addresses learning as a model selection problem. They typically de ne a score function that
measures how well the model ts the observed data and then nd the BN that maximizes the
score. However, the number of BN structures to be searched is super-exponential in the number
of nodes, in our context typically both ncRNA and gene expression data are high-dimensional,

ie. p n andq n, making this category of methods computationally infeasible for our
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problem; 3) hybrid approaches: this category of methods, usually implemented in two stages,
combine the strengths of the previous two categories by implementing constraint-based strategy
in the rst stage to reduce the space of candidate DAGs, and a score-based strategy in the second
stage to nd the optimal DAG. A review of the major methods in each category can be found in
Kitson et al. [58].

Here we developed a novel two-stage computationally ef cient hybrid algorithm to learn
the structure of an NGRN (Figure 3.1). In the rst stage, we performed a constrained-based
approach using a robust partial correlation for local causal discovery of each node and construction
of the skeleton. In the second stage, we performed a score-based approach using an order MCMC
method adapted to the ncRNA-gene bipartite graph together with prior knowledge from the
existing database to globally search for the best regulatory network structure that represents the
data based on the skeleton from the rst stage. Our algorithm fully utilized the bipartite graph
nature of the ncRNA-gene regulatory relationship to reduce the searching space and improve
computational ef ciency. In addition, we incorporated the prior biological knowledge from the
experimentally validated database into the algorithm for the most accurate representation of the

regulatory network.

3.2.1 Two-stage hybrid learning algorithm

Stage I: a constraint-based approach for local causal discovery

In the rst stage, we aimed to reduce the searching space of DAGs and constructed the

skeleton for the global BN structure search in the second stage. Previous constraint-based methods
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Figure 3.1: The analytical framework of NGRN to discover ncRNA-gene regulatory network
from expression data. (A) Two-stage hybrid BN structure learning; (B) Module detection and
downstream analysis.
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[123, 124] performed conditional independence tests to search for parent and child nodes of target
variables of interest locally, identi ed all edges in constructing the undirected or partially directed
skeleton of a BN [125]. However, these methods are limited in their application of detecting
NGRN for a few reasons: 1. their local causal discovery did not consider the specic BN
structure, e.g. the bipartite graph structure of NGRN; 2. their p-value threshold for conditional
independence tests is usually determined by convention (@@5) without considering the
sensitivity and precision of a test, thus prone to error propagation; 3. their resulting skeleton
is usually not sparse enough to improve the computational ef ciency of global network search in
the second stage.

Originally developed for variable selection in high-dimension-to-high-dimension multivariate
regression, rPCor (short for robust partial correlation) [126] was a fast and accurate algorithm
that performed a sequence of conditional independence tests to iteratively remove implausible
predictor-response pairs to obtain a highly sparse regression coef cient matrix. Given the connection
between multivariate linear regression and the conditional Gaussian graphical model (GGM, see
Supplement) [127] and the fact that both GGM and BN model conditional dependencies between
variables, it becomes natural to use this algorithm to construct the skeleton for a Gaussian BN. In
a bipartite graph, we can treat N cRNAs on one side as predictors and genes on the other side as
responses. We will adopt a modi ed version of the rPCor algorithm in the BN structure learning
context that performed a sequence of conditional independence tests to iteratively remove implausible
NcRNA-gene and gene-gene edges followed by edge orientation based on bipartite graph structure
to generate a sparsely connected partially directed graph as the skeleton for the nal BN structure
searching in the next stage.

We will start with a fully connected bipartite graghy = (X [ Y ;E), with all ncRNA-

62



genes edges (called Level-1 edges) and all gene-gene edges (called Level-2 edges) present. For

each level-1 edge, we de ned a robust partial correlation for the edge as follows:

X YeiXx s vs! sfor1 | opl kg

whereX St = fXjgandY si are the conditional sets of ncRNAs and genes, respectively.

is the robusti cation parameter that stabilizes the partial correlation estimation in the presence
of heavy-tailed distribution, which is common in gene expression data [128]. We will perform a
sequence of conditional independence tests to test whetheX;; Yy j X sy Y i =0. The
iterative algorithm will start with lower-order conditional independence test (e.g. y8ign=

jSék)j = 0, this is equivalent to marginal independence test) and gradually increases the order (i.e.
size of conditional setS!) andS{®). If any of the tests have p-values is less than the threshold

we conclude the conditional independence and will remove the corresponding ncRNA-gene edge.
To improve the computation ef ciency, we set selection criteria for the inclusion of nodes into the
conditional sets. The idea is that for any ncRXA under consideration, we only include those
ncRNAs that are marginally correlated wi¥y in the conditional sesf). Similar thresholding

can also be applied to restrict the conditionalS§t for geneYy. The choice of the conditional
independence test thresholds critical to the constraint-based method as it balances between the
sensitivity and false positive control of the method. Unlike most other constraint-based methods
that use the conventional choice of 0.05 without much justi cation, we proposed two data-driven
procedures to help select the optimal choice of The detailed algorithm, including how the

conditional sets are determined, the threshold paramegerd robusti cation parameter are

selected, is provided in the xxx.
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This screening step will remove a great number of level-1 edges and generate a bipartite
graph with sparse connections between ncRNAs and genes. As we showed in simulations, our
method is more powerful in removing more edges than other constraint-based methods (e.g. PC)
while keeping a high sensitivity for the remaining edges. Further, a directed bipartite graph
can also help orient the gene-gene edges as compared to a regular graph. We will utilize this
characteristic to orient as many gene-gene edges as possible after the above testing step.

In the same fashion, we de ned a robust partial correlation for each level-2 edge (between
two genesYy andYw)as  Yi; Yeo] Y s“  and performed a sequence of conditional independence
tests to iteratively remove implausible gene-gene edges. Note that the edge orientation can be
followed based on the above steps and thus more ef ciently propagated throughout the whole
network to generate a partially directed graph for the next stage.

The above steps performed edge-wise screening, i.e. remove implausible level 1 and level 2
edges. In many scenarios, however, we found some nodes (either ncRNAs or genes) had very few
edges connected (i.e. very small degree) left. These ncRNAs might be isolated (regulated genes
not linked to the main network) or at the terminal of a network and thus were less critical to the
full regulatory network. To guarantee more ef cient computation and better convergence in the
next stage, we further considered a node-wise screening by calculating a canonical correlation
between each node and its remaining edges. For example, for every n&RIMNAt after the
edge-wise screening, we compute its canonical correlation versus all the genes connected to this

ncRNA (denoted a¥ ()) as
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the covariance matrix ofX;;Y #)) [129]. Similarly, for each gen¥; left after the edge-wise

screening, we can compute

v BTowb
Those nodes with small values will be removed, as determined by Wilks' Lambda asymptotic
test [130]. This will remove some “scattered” nodes that are not closely connected to other nodes

and won't contribute enough to the nal graph.
Stage II: score-based order MCMC for global network search

The rst stage greatly reduced the dimension thus the search space and constructed the
partially directed network skeleton for the next stage to nd the “best” DAG globally. In the
second stage, we proposed a score-based order MCMC algorithm [131] adapted to the bipartite
graph to search the causal structure that best represents the data on the search space provided by
the previous stage.

Suppose we had a partially directed graph= fV ,;E;; 19 left after stage |, wher¥/;
includes all nodes left, i.e(j;k);1 | pi;1 ki, E includes all edges left and,
indicates the orientation. We knowthat p, @ qgandjEj pgafter stage I.

To evaluate how well a DAG represents the data, a natural strategy in Bayesian inference is

to assign a score for each DAGuUsIng its posterior probability given the ddda
P(GjD)/ P(DjG)P(G);
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whereP (D j G) is the likelihood marginalized over the parameter space.

If the graph and parameter priors satisfy certain conditions of structure modularity, parameter
independence and parameter modularity [131], the score in our context can be further decomposed
as

Y Y
P(G|D)= s(Xj;Pg jD) s(Y«;PajD);
javg k2v Y
wheres is a score function that only depends on a npded its parent se®(g; ). For continuous
Gaussian BN, the Normal-Wishart prior satis es the above conditions and will lead to the Bayesian
Gaussian equivalence (BGe) score [132].

The simplest approach is to do a global search for the BA@th the highest BGe score.
However, with a limited sample size, a single model usually provides poor approximation and
the structure found is quite sensitive to the search procedure used. Alternatively, we can use
MCMC simulation to sample a set of structures representative of the posterior to approximate
Bayesian true model averaging [133]. However, the space of network/DAG structures grows
super-exponentially with the number of variables. Even with our reduced space after stage I, the
computation is still not feasible.

To remedy this, Friedman and Koller [131] proposed a solution to sample over the space of
orderings, called order MCMC. We here proposed a new order MCMC algorithm adapted to our
context by considering the bipartite graph nature of NGRN to further restrict the parent selection
and speed up the computation, incorporating the prior knowledge during sampling to prioritize

searching for features (e.g. nodes and edges) that are more reliable and of biological interest.

Denote by a topological order, for a DAG to be compatible with an order, the parents of
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each node must have a higher index in the permutation, i.e.
G2 (8 i:8fj:X;2Pag; [il< [l

In order space, each orderreceives a score equal to the sum of the scores of all DAGs in the

order

. X - X Y . Y -
R(j D)= P(G|D)= s(Xj;Pg D)  s(M;PajD):
G2 G2 j2Ve k2Vg

Based on Friedman and Koller [131] and the bipartite graph nature where ncRNAs can only be

parents and only have gene children, we can further write

R(j D)= s(X;]jD) s(Yx;Pacj D)
j=1 k=1 Pay?2

We will then use MCMC to sample over the space of orderings and obtain the overall
probability of a particular feature occurring. At current iterattosith order , a new order °
will be proposed and accepted with probability
. R( YD)
=min 1, ———=
R( D)
such that a chain with a stationary distribution proportional to the $8¢rje D) can be obtained.
The options of “proposed move” include global swap, in which two nodes will swap positions

in the node ordering while keeping other xed, and local transposition which only allows the

swapping of two adjacent nodes. Detailed algorithm can be found in Supplement.
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Depending on the type of study, the expression data collected can be dynamic, and heterogeneou:
and usually vary tissue by tissue, cell type by cell type. Synthesis of literature information and
incorporation of the database on experimentally validated ncRNAs-gene as well as gene-gene
interactions are critical in obtaining reliable nodes and edges and revealing the true NGRN. We
will also incorporate the prior knowledge of validated ncRNAgene interaction database to
prioritize those validated edges in MCMC sampling. This can be achieved by assigning more

weight to those edges that occur in the validation database when drawing a DAG.

3.2.2 Module detection and downstream analysis

Most networks, including the ncRNA-gene regulatory networks we are studying here, are
found to naturally divide into communities or modules. The problem of detecting and characterizing
this community structure can be in the study of networked systems. For better interpretation and
more in-depth investigation of the network, we then perform a directed Louvain algorithm [134]
to partition the nal identi ed DAG and search for the modules. The idea is that ncRNAs and
genes within the same modules typically function together and provide more biological insight
while nodes between modules are often loosely connected and their interaction is of less interest.

Depending on the speci ¢ biological question of interest, we will also perform downstream
analysis on the identi ed modules, e.g. network property analysis, pathway analysis on the
NncRNA-regulated genes, etc. If the clinical information, for example, cancer stage, is available,
our algorithm is able to take this extra information and further update the node ordering and the

nal DAG. In this case, a node orderingeary Will rst be learned from the early-stage data

using the Two-stage learning algorithm described above. Next, we will rerun the order MCMC
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for further global network search using late-stage data . That is, the MCMC chain can be

updated according to

: R( (] Dlate)
O=min 1, .
R( earIyJ Dlate)

In such case, two DAGs corresponding to early stage vs. late stage can be presented and how
the ncRNA-gene regulatory relationship changes over different stages of cancer can be studied
(differential regulation). These dynamic regulatory networks will potentially help provide insight

into cancer progression.

3.2.3 Software and GUI application

We developed an R package to implement the novel two-stage method for BN structure
learning. To run the complete pipeline of our framework and best visualize the resulting ncRNA-
gene regulatory network/modules, we also developed a RShiny-based application with graphical
user interface (GUI) called “NGRN” (Figure 3.2). This application takes input of both ncRNA
and gene expression data generated from either RNA-seq or single-cell RNA-seq, preprocesses
the data using the standard pipeline, learns the NGRN structure, detects and visualizes network
modules of one's interest and performs downstream analysis to facilitate the biological interpretation
of the network ndings. This GUI application runs a smoother and more standard pipeline
with preset robust parameter values bypassing the technical and computationally intensive tuning
process, and provides an interactive interface for users to pick results of their interest to visualize
(e.g. speci c modules or speci c ncRNA), is thus most suitable to researchers with little knowledge

of programming and only basic statistical knowledge.
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Figure 3.2: Welcome page of our NGRN graphical user interface (GUI).
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3.3 Simulation studies

In this section, we conducted simulation studies to benchmark the performance of our
method compared to other popular Bayesian Network structure learning algorithms. Following
the notation from Section 3.2, we denote the ncRNA expression daa,ag = ( Xq;::;; Xp)
and the gene expression data¥as 4 = ( Y1;::; Yy) wherep andq are numbers of ncRNAs and
genes, respectively, amds the sample size. A DAG can be represented with an adjacency matrix

1

0
A XX) o p (XY)
Awprg (pro = (Ak) = %

ANX) A (YY) ’
whereAj = 0 indicates there is an edge going from j-th node to k-th node. Due to the bipartite
nature of this problem, we can place all the nodes in an order such that all the ncRNAs (X) are
in front of genes in the adjacency matrix, i.€X1; :::; Xp; Ya; 1155 Yg). Therefore, the adjacency
matrix A o+ q (p+q Can be partitioned into four parts, each of which represents a type of edge
in ncRNA-gene regulatory networks. Since ncRNAs being regulated by gané$)) has very
little evidence from the literature and the direct interaction between two ncRANAS () are not
our focus here, we assumd**) = A(YX) = 0. As a result, there will be two types of edges in

our studies:
« Level-1: edges from ncRNAs to genes, denoted (Y
« Level-2: edges from genes to genes, denotedth"

To generate data, we rst simulate the adjacency matrix according to a repetitive pattern
as shown in Figure 3.3. For level-1 edges, we assumed there are some “hub ncRNASs” that
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regulate multiple genes simultaneously. Such scenario has been commonly observed in practice,
as reported in some previous studies [135, 136]. We also randomly picked some ggeree
regulation relationships and generated level-2 edges. Next, we simulated ncRNX gdata

from multivariate Normal distribution. After that, the gene data can be generated based on

XP X
Y, = Aj(le)Xj + ARG Yo+ "and”  N(0;1),fork = 1;::;q:
j=1 k% k

Two scenarios with different dimensions are considered:

* Low-dimension:n = 200, p = g = 100, number of edges is 100.

» High-dimension:n = 200, p = g= 1000, number of edges is 100.

We compared our method with other popular Bayesian Network learning algorithms including
constraint-based methods PC algorithm (PC) and Max-Min Parents Children (MMPC), score-
based Hill-Climbing (HC), and hybrid approaches Hybrid MCMC and Adaptively Restricted
Greedy Equivalence Search (ARGES). We would like to point out that except for the two constraint-
based PC and MMPC, other existing methods run into computational bottleneck in the high
dimensional scenario, thus they were only included and evaluated in the low dimensional scenario.
Our method, however, was able to handle such high dimensions and search the graph ef ciently.

The DAGs identi ed by each method were evaluated based on sensitivity (True Positive
Rate) and precision (Positive Predictive Value):

sensitivity= TP, recision= .
=P " TP+ FP

Note that when calculating sensitivity and precision, we consider our DAGs/adjacency matrices
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to be directed here. Speci callyf; P indicates edges in the true network that are also identi ed
by the method and with the correct direction. ConverdeR,indicates either edges that are not
in the true network but identi ed by the method, or edges in the true network but identi ed by
the method in the wrong direction.

In addition, F-1 scores were also computed as an overall evaluation of how well the structure
learning algorithms balance between capturing true regulatory relationship (sensitivity) and forcing
sparse DAGs (precision).

Simulation results are presented in Figure 3.4 and 3.5. In the low-dimension setting, our
NGRN method better recovers the true DAG (higher sensitivity) while maintaining graph sparsity
similar to other methods (precision). Our advantage is particularly large in terms of level-1
edge selection, as our method speci cally incorporates the bipartite structure of the ncRNA-
gene regulation problem. In the F-1 score comparison, our method also has the highest F-1
score in almost all the tunning parameter choices, indicating the great overall performance of our
method. Although the score-based method HC also does fairly well, particularly in selecting
level-2 edges, we need to point out that just like other score-based methods, it's very time-
consuming. Therefore, our advantage has become even more clear in the high-dimension setting
(Figure 3.5) when compared to methods that are more computationally ef cient and can handle

high-dimensional data (PC and MMPC).
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Figure 3.3: Repetitive pattern that was used to generate DAGs in simulation studies.

3.4 Real data application

3.4.1 MiRNA regulation of gene expression in TCGA KIRP

We applied our method to study the regulation of mMiRNA on gene expression in the TCGA
Kidney Renal Papillary Cell Carcinoma (KIRP) cohort. Altered expression and function of
mMiRNAs have been observed in many urologic cancers including kidney cancer [137]. We
downloaded the miRNA expression data (in RPM) from LinkedOmics and Itered out miRNAs
with mean RPM value 0:3 and performed log2 transformation. For the gene expression data,
we only kept genes with mean expression values greateisthad only kept the top 50% genes
with the largest variance. The processed data inclygled 750 miRNAs andg = 7;311

genes fom = 260 kidney cancer patients. To study how the regulation mechanism changes
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Figure 3.4: Simulation results in low-dimension setting for: (a) level-1 edges; (b) level-2 edges;
(3) all edges. The left panel is sensitivity vs. precision plot and the right panel is F-1 comparison.
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