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ABSTRACT

Goksiiliik, D. Count based clustering and classification of RNA-Seq
data. Graduate School of Health Sciences, Integrated Doctor of Phi-
losophy Thesis in Biostatistics, Ankara, 2019. In molecular biology, gene-
expression based studies are frequently used for examining transcriptional activ-
ities in different tissue samples or cell populations. Gene expression data can be
used for different tasks; e.g differential expression, classification and clustering.
In this thesis we focused on clustering and classification of gene expression data
obtained from RNA sequencing experiment. Poisson (PLDA) and negative bino-
mial (NBLDA) linear discriminant analyses are selected as discrete, and nearest
shrunken centroids (NSC) are selected as continuous classifiers in classification
part. We proposed an extension of NBLDA as sparse classifier and compared
its performance with other classifiers. In clustering part, we used k-means and
hierarchical clustering as continuous, and Poisson and negative binomial cluster-
ing as discrete approaches. A comprehensive simulation study is conducted for
classification part under different scenarios. Furthermore, we used three different
real data sets. Simulation results showed that overdispersion has an important
effect on model performances. Overall, discrete models performed better in clas-
sification. Among discrete classifiers, NBLDA outperformed PLDA when data
set is highly overdispersed. Moreover, our proposed algorithm performed better
than NBLDA algorithm in terms of prediction accuracy and sparsity. We also
applied the same classifiers to three real data sets and found that results agree
with the simulation results. Clustering, on the other hand, is applied to real data
sets only. Unlike classification, discrete and continuous clustering approaches per-
formed similar on two real data sets. We did not perform a simulation study for
clustering scenarios due to several reasons: (i) simulations were computationally
intensive, and (ii) dissimilarity matrices cannot be calculated when data set had
several thousands of features. Therefore, we were not able to generalize clustering
results. In conclusion, discrete statistical approaches should be preferred for clas-
sification while discrete or continuous approaches can be preferred for clustering
purpose. However, if visualizing data is of interest in clustering, data should be

transformed for better graphical results.

Key Words: RNA sequencing, classification, clustering, negative binomial, Pois-

son, linear discriminant analysis.
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OZET

Goksiiliik, D. RNA dizileme verilerinin kesikli yontemler ile siniflan-
dirilmasi ve kiimelendirilmesi. Hacettepe Universitesi Saghk Bilimleri
Enstitiisii, Biyoistatistik Programi Biitiinlesik Doktora Tezi, Ankara,
2019. Gen ifade ¢aligmalar siklikla farkli dokularda ve hiicre yapilarinda genlerin
aktivasyon diizeylerini 6lgmek amaciyla kullanilmaktadir. Gen ifade verileri gen
ekspresyonu, siniflama ve kiimeleme gibi farkli amaclar i¢in kullanilabilir. Bu tez
kapsaminda RNA dizilemeden elde edilen gen ifade verilerinin kiimelenmesi ve
simiflanmasi tizerinde durulmugtur. Poisson (PDAA) ve negatif binom (NBDAA)
dogrusal ayirma analizleri kesikli, en yakin kii¢iiltiilmiis kiime merkezleri (KKM)
ise stirekli yontemler olarak secilmigtir. Ayrica, NBDAA yonteminin bir uzantisi
olarak seyrek NBDAA algoritmasi bu tez kapsaminda gelistirilmistir. Kiimeleme
analizinde ise k-en yakin kiimeler ve hiyerarsik kiimeleme algoritmalar: siirekli,
Poisson ve negatif binom kiimeleme algoritmalar: ise kesikli algoritmalar olarak
se¢ilmigtir. Siniflama analizi i¢in farkli senaryolar altinda kapsamli bir benze-
tim caligmas1 yapilmistir. Ayrica, ii¢ farkh gergek veri seti kullanilmigtir. Ben-
zetim caligmasi asirt yayilim parametresinin performanslar iizerinde énemli bir
etkisi oldugunu gostermistir. Genel olarak kesikli dagilhimlar daha iyi siniflama
performansi gostermistir. NBDAA yontemi asir1 yaygin veri setlerinde PDAA
yontemine gore daha iyi performans gostermistir. Geligtirdigimiz seyrek NBDAA
yontemi ise NBDAA yontemine gore siniflama performans: ve modeldeki degisken
sayist bakimindan daha iyi performans gostermistir. Aym simiflama algoritmalar
gercek veri setlerine de uygulanmig ve benetim c¢aligmasini destekleyici sonuglar
elde edilmigtir. Kiimeleme performanslar: iki gergek veri setinde kesikli ve stirekli
dagilimlar i¢in benzer sonuglar vermistir. Kiimeleme analizi i¢in hesaplama sii-
relerinin ¢ok yiiksek olmasi ve on binlerce degisken igeren veri setlerinde uzaklik
matrislerinin hesaplanamamasi gibi sebeplerden dolay1 benzetim ¢alismasi yapila-
mamigtir. Bu nedenle kiimeleme analizi sonuglari i¢in bir genelleme yapilamamais-
tir. Sonug olarak, kesikli dagilimlara dayali yaklagimlar RNA dizileme verilerinin
siniflamasinda 6ncelikli olarak tercih edilmelidir. Kiimeleme analizinde ise kesikli
veya stirekli dagilimlar istege gore tercih edilebilir. Ancak, kiimeleme analizinde
verilerin gorsellegtirilmesi amaglaniyor ise doniisiim uygulanmasi daha iyi grafik-

sel sonuglar elde edilmesini saglayabilir.

Anahtar Kelimeler: RNA dizileme, simiflama, kiimeleme, negatif binom, Pois-

son, dogrusal ayirma analizi.
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1. INTRODUCTION

In molecular biology, gene-expression based studies have great importance
on examining the transcriptional activities in different tissue samples or cell pop-
ulations (1). During the last two decades, a vast of the literature has worked on
evaluating the effect of transcriptional expression patterns on specific conditions
such as biological conditions, tumour subtypes, etc (2-4). These transcripts may
refer to genes, protein coding sequences, micro RNAs (miRNA), long non-coding
RNAs (IncRNA), etc. For simplicity of language, we will use the term ‘gene’
throughout this thesis.

With the recent advances, it is now feasible to examine the expression levels
of thousands of genes at the same time. This leads researchers to focus on multiple
analysis tasks: (i) class discovery, (ii) class comparison and (iii) class prediction.
Class discovery is used when the outcome of interest is unknown. The aim of this
analysis is to discover clusters to get information from data, where within-cluster
observations are similar and between-cluster observations are dissimilar to each
other. In such way, researchers are able to identify the disease subtypes based
on the gene-expression profiles of observations. Class comparison is perhaps the
most widely used analysis task in gene expression analysis. The objective is to
compare the expression profiles of genes among interested class conditions. In this
way, researchers identify probably large number of significant genes that have an
effect on these conditions. In class prediction, the outcome of interest is known.
The aim is to assign observations to already known class conditions based on gene
expression profiles for future predictions. In this wise, a small subset of genes, that
are relevant with the condition, are identified and the data is trained to obtain
learning rules for prediction. After the training process, new test observation
classes are predicted based on the training information. This gene expression
based prediction is very useful for molecular diagnosis of diseases. In statistical
terminology, ‘clustering analysis’ term is used for class discovery; ‘differential
expression (DE) analysis’ term is used for class comparison and ‘classification
analysis’ term is used for class prediction problems (2, 5).

Microarray and next-generation sequencing (NGS) technologies are the re-
cent high-throughput technologies for quantifying gene expression. RNA sequenc-
ing (RNA-Seq) is the technique which uses the capabilities of NGS technology
to characterize and quantify gene expression (6). Although both microarray and
RNA-Seq techniques provide the expression levels of thousands of genes simul-
taneously, RNA-Seq has become the state of the art approach due to its major

advantages. Firstly, microarray technique provides noisy data because of cross-



hybridization. In order to obtain a clean gene-expression data, researchers start
with filtering hundreds or thousands of non-informative genes (7). Secondly, re-
searchers can only work with the genes which are present on the array. With the
use of RNA-Seq technique, researchers are able to work with more accurate data
with less information loss and are able to detect novel transcripts and isoforms
(8).

A great deal of algorithms are developed or adapted for microarray based
gene expression studies. Classical statistical algorithms have not been directly
applied due to the nature of gene expression data. In a typical microarray data,
number of observations is mostly expressed in tens or hundreds, while the number
of genes is usually in thousands. For this reason, many approaches are proposed
to estimate the true gene-level variance for small sample size setting, and to adjust
significance values to overcome the multiple testing problems. Linear models for
microarrays and RNA-Seq data and significance analysis of microarrays (SAM)
are modified version of the t-test and among the most powerful approaches for
DE analysis (9, 10). Linear models for microarray data (limma) use an em-
pirical Bayesian approach and linear models to analyse microarray experiments
(9). SAM is similar to limma method, however has some differences such as
using permutation tests and nonparametric statistics (data may not follow a nor-
mal distribution) (10). To cluster microarray data, Monti et al. (11) developed
consensus clustering algorithm which is based on resampling techniques and sta-
bility of obtained clusters. Dudoit and Fridlyand (12) proposed Clest algorithm
which initially splits the data into training and test sets, and then clusters the
training data. Next, this algorithm builds a classifier from cluster labels and
predicts the class labels of test data. Finally, a similarity score is calculated from
clustering and prediction results of test data. Dudoit and Fridlyand (13) also
proposed bagged clustering method for microarray data clustering. A large num-
ber of studies are applied for classification of microarray data. Diaz-Uriarte and
Alvarez de Andrés (5) applied random forests (RF) method; Brown et al. (14)
applied support vector machines (SVM) classifier for microarray classification.
Both studies showed that these two machine learning approaches are applicable
for high-dimensional microarray datasets. Dudoit et al. (15) extended linear and
quadratic discriminant analysis (LDA, QDA) algorithms for this purpose. The
authors assumed the genes are independent each other, used diagonal covariance
matrices in calculating discriminant scores and named these two algorithms as
diagonal linear and diagonal quadratic discriminant analysis (DLDA, DQDA).

Both algorithms are applicable in high-dimensional settings. However, very com-



plex discriminant models are obtained with the increasing number of genes. To
overcome this problem, Tibshirani et al. (16) developed sparse nearest shrunken
centroids (NSC) algorithm. NSC selects the minimal subset of genes by shrinking
the class means to overall mean using lasso method, then classifies the data with
unshrunken genes using DLDA method. Sparsity property of this algorithm leads
to obtain simple, interpretable and lower variance classification model.

Microarray based algorithms are not directly applicable to RNA-Seq data
since the discrete nature of RNA-Seq data is totally different than microarrays.
Microarray data contain continuous data which are obtained from the log inten-
sities of image spots, while RNA-Seq data contains discrete count data which
represents the RNA abundances with the number of sequence reads mapped to
a reference genome or transcriptome. During the past few years, much effort has
been put into DE analysis of RNA-Seq data. Despite the importance of class
discovery and class prediction analyses in gene expression data, there are still less
advancements for RNA-Seq data until recently (17).

Preliminary studies applied logarithmic transformation to RNA-Seq counts
and applied microarray based methods for DE (18-21). Even log transformation
makes the data similar to microarrays; it gives more weights to highly expressed
genes and less weight to weakly expressed genes. Following studies applied Pois-
son distribution based models to deal with the RNA-Seq count data (22, 23).
However, Poisson distribution has a single parameter for both mean and vari-
ance. Nagalakshmi et al. (24) reported that Poisson modelling is only appropriate
for RNA-Seq data, when the replicates are technical (i.e repeated measurements
from same subjects). To make an inference, researchers have widely worked with
biological replicates (i.e measurements taken from different subjects), where the
variance of a gene exceeds its mean. Using biological replicates have arisen an-
other problem; heteroskedasticity. Thus, Poisson models are inappropriate while
working with heteroskedastic RNA-Seq data, and more care should be taken while
modelling this data. Later studies applied negative binomial (NB) distribution
due to its extra parameter to model overdispersion. Anders and Huber (25) pro-
posed DESeq2 algorithm and later on extended it with DESeq2 (26). Robinson
et al. (27) presented edgeR algorithm. Both algorithms use negative-binomial dis-
tribution in modelling. DESeq (also DESeq2) uses local regression, while edgeR
uses a single constant value in modelling mean and variance relationship. Fi-
nally, Law et al. (28) proposed a different strategy and estimated the mean and
variance relationship at observational level. The authors named this method as

voom (variance modelling at observational level) and unlocked the use of mi-



croarray based methods for DE analysis. Voom transforms the RNA-Seq data by
log counts per million (log-cpm) transformation and also provides observational
weights for downstream analysis. Integration of voom method with limma algo-
rithm provides the highest power, lowest false discovery rate and best controlling
of type-1 error as compared to other DE analysis methods (28).

In clustering and classification analyses of RNA-Seq data, two strategies
are available similarly with DE analysis: (i) proposing novel algorithms based
on discrete distributions such as NB, (ii) transforming data to make it distri-
butionally closer to microarrays and apply microarray based algorithms (17).
In classification part, Witten (8) presented Poisson linear discriminant analysis
(PLDA) which is an extension of ordinary discriminant classifiers and NSC ap-
proach to the analysis of high-dimensional count data. Despite the advantages
of PLDA such as being sparse and ability to discriminate counts, this algorithm
is not able to deal with the overdispersion problem. To overcome this prob-
lem, Witten (8) suggested applying a power transformation for stabilizing the
mean and variance relationship. Zararsiz et al. (29) used a variance stabilizing
transformation (vst) and applied machine learning algorithms in classification of
RNA-Seq data. The authors presented the application of these algorithms in
MLSeq R/BIOCONDUCTOR package (30). In another study, Zararsiz (17) pre-
sented voomDDA algorithms, which involves sparse voomNSC and non-sparse
voomDLDA and voomDQDA algorithms. These algorithms integrate the voom
method with powerful microarray classifiers including NSC, DLDA and DQDA.

Dong et al. (31) presented negative binomial discriminant analysis (NBLDA)
classifier to extend PLDA and overcome the overdispersion problem. This algo-
rithm uses a shrinkage method in predicting the extra overdispersion parameter.
The major limitation of this classifier is that it is not sparse. Although, NBLDA
overcomes the overdispersion problem, this algorithm involves the entire genes
into the classification model and provides very complex models.

In clustering analysis, Witten (8) presented Poisson dissimilarity index as a
distance measure for clustering RNA-Seq data. The authors applied this method
with several normalization approaches, including total count, quantile and DESeq
median ratio. Si et al. (32) presented model based clustering approach with ex-
pectation and maximization, and hybrid hierarchical clustering algorithms. Love
et al. (26) studied the clustering of RNA-Seq data after vst and regularized log
(rlog) transformations. Liu and Si (33) demonstrated the use of K-means, hi-
erarchical, model-based and hybrid-hierarchical clustering algorithms on a real

RNA-Seq data. The authors also applied a negative binomial mixture model in



model-based clustering method. Reeb et al. (34) investigated the effect of several
dissimilarity measures for sample-based hierarchical clustering of RNA-Seq data.
The authors provided plasmodes to guide researchers on selecting appropriate

dissimilarity measure.
1.1. Contribution

In this thesis, we presented novel approaches for classification and clus-
tering of RNA-Seq data. In classification part, we extended the work of Dong
et al. (31) and focused on the sparse NBLDA classifier. We also provided sparse
solutions for heteroskedastic RNA-Seq data. In this way, we overcome the overdis-
persion problem of PLDA and complexity problem of NBLDA. Both discrete and
transformation based algorithms were provided for the clustering part. Here,
we focused on NB distribution based and voom based dissimilarity indices and

clustering algorithms. In brief, the major objectives of this thesis were two-fold:

e to present a sparse NBLDA classifier that will identify the best minimal

subset of genes and predict the class conditions,

e to present novel clustering procedures based on discrete distributions and

transformations.

We also demonstrated the applicability of the developed approaches in our self-
developed MLSeq package.

1.2. Organization of This Thesis

The rest of the thesis is organized as follows:

‘General Information’: In this section, RNA-Seq is detailed in both tech-
nological and methodological view. The experimental pipeline of this technique
and the generation of raw data are addressed here. Moreover, the preprocessing
of this data and the currently used algorithms are explained in this section.

‘Material and Methods’: The proposed methodologies are given in details
in this section. The performance assessment of the presented algorithms is men-
tioned. A comprehensive simulation study is designed and detailed in this section.
Furthermore, real datasets are also used. The properties of these datasets and
analysis workflow are addressed.

‘Results’s The results of both simulation and real datasets are revealed
here.

‘Discussion’: Obtained results are discussed with other studies.



‘Conclusion’: The importance of this thesis is concluded with the obtained

results. Final remarks are also given in this section.



2. GENERAL INFORMATION

Biological functions of a living organism are controlled by proteins which
are produced using the information stored in genes as DNA. This genetic infor-
mation is first transcribed into RNA and finally translated into proteins. The
transcription of specific genes into collection of RNA molecules (called as tran-
scriptome) specifies different cell types and proteins produced within cells, and
cellular activities are regulated by produced proteins. Hence, the amount of RNA
molecules and proteins are controlled by the expression level of related gene and
environmental factors. These RNA molecules and expression level of genes are
essential to understand cellular activities, development of cells and diseases (35).

The first gene expression studies used microarray technologies. However,
RNA-sequencing became popular and frequently preferred for gene-expression
studies in recent years with the advancement of next-generation sequencing (NGS)
technology. A number of commercial NGS platforms are available which can be
categorized into three main categories (17): (i) second generation platforms such
as [llumina HiSeq, Roche 454 and ABI/SOLID, (ii) third generation platforms
such as Ton Torrent, Pasific Bio and Complete Genomics, and (iii) fourth gen-
eration platforms such as Oxford Nanopore. Each platform has advantages and
disadvantages in terms of computation time, accuracy, sequencing depth, output
data size, etc. Furthermore, selected sequencing platform can be an important
criteria for defining methods for downstream analysis and interpretation of the
results. For this reason, appropriate sequencing platform should be defined by

considering experimental goals, advantages and disadvantages simultaneously.
2.1. RNA Sequencing

RNA sequencing is used to obtain gene expression data from transcrip-
tome by using one of NGS platforms. Recently, Illumina HiSeq platform became
popular and standard sequencing platform for RNA sequencing studies. Although
there might be differences in RNA sequencing workflow depending on sequencing
platform, the main idea in the background is still same. Figure 2.1 shows a sim-
ple RNA sequencing workflow through Illumina platform where mRNA molecules
are sequenced to reference genome. However, RNA sequencing has more detailed
workflow starting from experimental design to feature counting. In this section,
we detailed RNA sequencing workflow.

In the first step of RNA sequencing workflow, correct experimental de-

sign should be determined to obtain unbiased and accurate results. A good



experimental design considers basic principals; randomization, replication and
blocking. There are two different types of replication that are biological and
technical replications in an RNA sequencing. Technical replicate corresponds to
two repeated measurements taken from the same subject. Biological replicate, on
the other hand, corresponds to two measurements taken from different samples.
Although both types of replicates can be preferred to increase statistical power,
technical replicates generally preferred to increase sequencing depth and better
detect differentially expressed genes. Liu et al. (36) showed that adding more bio-
logical replicates is better for increasing statistical power regardless of sequencing
depth. Randomization and blocking are applied during sample preparation for

randomly allocating samples to each block and groups.
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Figure 2.1. A basic RNA sequencing workflow through Illumina platform

Transcriptome is quite heterogeneous including different types of RNA
molecules such as protein-coding mRNA and non-coding RNA species (e.g micro
RNA, long non-coding RNA, ribozomal RNA, small RNA, etc.). Hence, it is
important to define appropriate library preparation protocol for measuring RNA
molecules of interest. For example, ribozomal RNA molecules accounts for 95%
of the complete transcriptome within cell. If these molecules are not removed
before library construction (i.e region of interest to where sequenced samples
will be mapped) an important part of mapped reads will be associated with
ribozomal RNA. Hence, less-abundant RN As will not be able to correctly detected
since sequencing reads of these molecules are relatively small. For this reason,

in sample and library preparation step (Step 1 in Figure 2.1), unnecessary



RNA molecules are excluded and interested gene regions! are determined.

In quality assessment and alignment step (Steps 2 and 3 in Figure
2.1) isolated RNA molecules are sequenced using NGS platform, and millions of
short sequence reads are obtained in a single run along with a quality score of each
read. Next, raw sequencing reads are preprocessed, low quality reads are filtered,
and filtered short reads are aligned to reference genome. Finaly, mapped reads
are counted for each gene region in feature counting step (Step 4 in Figure 2.1).

In conclusion, a typical RNA sequencing experiment briefly consists of

following steps:

1. RNA molecules are isolated from transcriptome and fragmented to an av-

erage length of 200 bases.
2. Fragmented RNA molecules are converted into complementary DNA (cDNA).
3. ¢cDNA fragments are sequenced and aligned to reference genome.

4. Mapped read counts are obtained.

2.2. Data Structure

High-throughput technologies, e.g microarrays and RNA sequencing, re-
turn gene expression data matrix X where each row represents gene regions and
each column represents samples. The main difference between microarray and
RNA sequencing data is that microarrays returns gene expression data in con-
tinuous scale while RNA sequencing returns in discrete scale. Suppose mRNA
molecules of three healthy and three diseased subjects are sequenced and aligned
to 500 different reference gene regions. Table 2.1 shows an example of RNA
sequencing data which might be obtained as detailed in Figure 2.1. Each cell
in data matrix (z;;) corresponds to total mapped read counts of j-th sample to
1-th gene. These counts are related with the gene expression levels. Hence, the
number of mapped read counts increases as the activity of related gene increases.
However, mapped read counts depends on not only the gene expression level but
also sequencing depth, gene length, quality of sequences, etc. Hence, raw counts
can not be directly used as a measure of gene expression level unless counts are
preprocessed for downstream analyses such as differential expression, classifica-
tion, clustering etc. For example, raw counts should be normalized in order to

remove between sample differences such as sequencing depth and compare each

L There is no need to define specific gene regions if whole exom sequencing is performed. In
this case, sequenced reads mapped to any specific region of complete human DNA.
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sample in the same scale. Similarly, raw counts might be transformed to be used

in clustering and classification tasks which are proposed for continuous data.

Table 2.1. An example of RNA sequencing data.

Healthy Diseased
Features Total
H1 H2 H3 D1 D2 D3
Genel 304 3 14678 92 177 1 97865
Gene2 0 0 438500 7600 47387 62 9472601
Gene3 14 26 972 48 714 184 74318
Geneb500 0 1 72 14390 28400 187 162840

Total 6792 1376 12765432 151100 338405 9320 89366412

Over the last two decades, lots of methods have been developed for mea-
suring gene expression levels from sequencing data and to understand the rela-
tion between gene expression levels, cellular activities and diseases. Furthermore,
many machine learning algorithms are proposed for clustering and classification
of RNA sequencing data. We will cover methods which are specifically proposed
for differential expression, preprocessing and machine learning in the following

sections.
2.3. Normalization

The total number of mapped reads might be very different for each sam-
ple and gene depending on the sequencing depth and gene length. For example,
the mapped read counts to same feature of two different subjects might greatly
differs depending on the sequencing depth. Similarly, the mapped read counts
to different genes of the same subject might also differs depending on the gene
length. As a result, two quantities x; = Z?:l z;; and z; = >0 x;; depend on
experimental design in an RNA-Seq study, and this will yield technical biases in
downstream analysis. Therefore, raw read counts should be normalized before
continuing further analyses, e.g differential expression analysis for detecting sig-
nificant genes, classification and/or clustering of samples via machine learning
algorithms.

Previous microarray studies have repeatedly proven that normalization is
a crucial step in differential expression analysis in order to decrease false positive
results and obtain accurate estimates (37). Although RNA-Seq produces less

noisy data comparing to microarrays, normalization is still an important issue
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to be considered since it enables researchers to compare gene expression levels
of two different samples which may have different sequencing depths. We call
total number of reads of a sample, x ;, as sequencing depth or library size. If i-th
gene is not differentially expressed, we expect that the ratio of expected counts
E(Xi;)/E(X;;) for subjects j and j' should be equal to the ratio of size factors
s;/s; of the same subjects. Hence, it is obvious that one should estimate size
factors in order to normalize raw counts. All normalization methods discussed
in this thesis use a single size factor estimation s; for each subject rather than
using estimates s;; for each cell, and mapped read counts for each gene is globally
normalized using size factor s; of that subject. Although it is possible to estimate
different size factors for j-th sample on each feature, we generally assume size
factor estimate of each sample is constant for all features in order to decrease the
model complexity.

Data generation pipeline for RNA-Seq experiment is different from that
of microarrays. For this reason, the normalization procedures —also called as size
factor estimation— proposed for microarrays are not directly applicable to RNA-
Seq data. Recent studies proposed several normalization techniques for RNA-Seq
data. Among those, we will discuss and use total count, median ratio and upper
quartile normalization methods. Other normalization methods such as trimmed
mean of M-values, quantile, reads per kilobase per million mapped reads (RPKM),
CuffDiff, PoissonSeq etc. are available through references (18, 22, 37-43).

Most of the proposed algorithms for genomics data are used to detect
differentially expressed genes. However, further steps required for classification
and clustering tasks while estimating size factors of training and test samples.
The size factor estimation procedures for a test sample x* = {2}, 23,..., 73} is
not straightforward since we should estimate size factor s* of a test sample by
using training set parameters. Finally, normalized read counts are calculated by

x;;/s; for training set samples and z*/s* for a test sample.
2.3.1. Total Count Normalization

A number of authors proposed normalizing read counts by scaling each
sample to library sizes (6, 40, 41). One may estimate size factor of j-th sample

as

DTy T

J T NP n -
i=1 Zj:l LTig L.

(2.1)
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Under independence assumption of samples and genes, total count estimate is
derived from maximum likelihood estimate of cell means fi;; = x; x ;/x.. as stated
by Witten (8). Therefore, total count estimation is also called as mazimum
likelthood estimate in differential expression analysis. Size factor of a test sample
x* is estimated by s* = >"" 27 /x_ where x_ is the grand total mapped reads of
training set.

Total count estimation is frequently used in early RNA-Seq experiments;
however, recent studies showed that it is not a very good estimate for size factors
since a few outliers in j-th sample greatly inflates the estimated values, and
overestimated size factors fails to detect differentially expressed genes (25, 26, 37,
44). For this reason, more robust methods such as upper quartile and median

ratio were proposed for size factor estimations.
2.3.2. Upper Quartile Normalization

Bullard et al. (44) proposed normalizing read counts of each sample by
scaling to 75th percentile of the counts for that sample. This normalization is
robust to outliers since it takes upper quartiles into account rather than total
counts. The size factor for j-th sample is calculated by s; = ¢,/ Z?Zl q; where
g; is the upper quartile of the read counts for j-th sample. Size factor of a test
sample x* is estimated by s* = ¢*/ E;LZI q; where ¢* is the upper quartile of a
test sample over p features and g; is the upper quartile of j-th sample obtained

from training set.
2.3.3. DESeq Median Ratio Normalization

Another robust alternative to total count normalization for size factor
estimation is the median-of-ratios method proposed by Love et al. (26). The size

factors are estimated by s; = m;/ Y "_, m; where m; is defined by

n 1/n

- . Lij . N

m; = IIZ%%C};%H {a} : G; = (1,_‘[1 [L'U/> (2.2)
J =

Here G is the geometric mean of read counts for i-th feature and m; is calculated

by using the features having nonzero geometric mean. The size factor of a test

sample x* is then calculated by

m* x¥
§' = =, m* = median ¢ — 2.3
Zj:l m; ©:Gi#0 { G; } ( )
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where m; and G, are calculated from training set by using the equation 2.2. The

denominator G; is a pseudo-reference sample to which each sample is compared

(45).
2.4. Transformation

Most of the proposed algorithms for differential expression analysis of
RNA-Seq data are based on discrete distributions such as Poisson and negative
binomial, and raw counts are directly used without transformation (26, 27, 46).
However for other purposes such as clustering, classification and graphical rep-
resentations, it might be a proper choice to work with transformed data due to
several reasons. First, the variance of read counts for a gene is highly dependent
on the expected count for that gene, and this results in the problem of het-
eroskedasticity for RNA-Seq data. This problem yields inaccurate results from
clustering and classification tasks since a major part of these algorithms works
well in normally distributed homoskedastic data. Secondly, the mapped read
counts are heavily right skewed and overdispersed. Finally, discrete distributions
are less tractable in terms of mathematical theory than that of normal distribu-
tion. As a result, the performance and the usefulness of discrete distributions in
RNA-Seq studies tends to be limited (28).

The purpose of transforming counts is to obtain approximately normal and
homoskedastic data. Therefore, transformation enables researchers to use statis-
tical methods (e.g hierarchical clustering, linear discriminant analysis, heatmaps
etc.), which are specifically developed for normally distributed microarray data,
for RNA-Seq studies. The simplest transformation is possibly a logarithmic trans-
formation X — Z by

2z = logy (x5 + €) , Z;;j ~ Normal (/Mj, afj) (2.4)

Here ¢ is a small positive constant protecting the transformation from taking
logarithm of zero. Furthermore, ¢ plays a role for that distribution is shifted
to the right. For this reason, the transformation 2.4 is also called as shifted
logarithmic transformation. The logarithmic transformation brings right-skewed
distribution to a approximately symmetric distribution. An important drawback
of this transformation is that very high read counts have smaller weights while
very small ones have undue weights in transformed space. Hence, it is more likely
to observe increased false positive rates for detecting differentially expressed genes

in logarithmic scale (28).
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Recently, more robust and sophisticated transformation techniques have
been proposed for RNA-Seq data. In this section, we will cover and discuss most
common ones such as variance stabilizing (vst), regularized logarithmic (rlog),

power and voom transformations.
2.4.1. Variance Stabilizing Transformation

The variance stabilizing transformation is one of the proposed algorithms
for making the estimated variances independent of the means. When there is high
overdispersion in data, the variance of log, scaled counts is generally expected to
be higher than its mean and this dependency decreases as mean increases. As
can be seen from Figure 2.2, variance stabilizing transformation removes a major
part of mean-variance dependency and transformed values have almost constant
mean-variance trend. This figure is generated by using top 6,000 genes of lung
cancer data (see section 3.9 for details) after genes are sorted by their variances

in descending order.

count 44 ° count
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(a) (b)
Figure 2.2. The effect of variance stabilizing transformation on mean-variance
trend — (a) Normalized counts by log,(x + 1) and (b) variance
stabilizing transformed values

Consider a random variable X for mapped read counts with mean-variance
relation 0% = u + ¢u? where ¢ is an overdispersion parameter. Anders and
Huber (25) used the following parametrization for the relation between mean and

overdispersion parameter

¢ =¢o+n/p (2.5)

where ¢ is asymptotic overdispersion and 7 is an extra-Poisson parameter. The
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variance as a function of mean is obtained by

v(p) = 0% = p+ pieo + pm (2.6)

Therefore, a variance stabilizing transformation 7(.) is a transformation yielding

transformed value z such that

T(x) =2 = (2.7)

/ L,
V(i)

It is also possible to normalize raw counts within VST by replacing raw
counts z with normalized counts r = z/s and obtain transformed values 7(r).
Here s is a size factor estimated separately for each sample. The transformed
values z is now homoskedastic and can be used as an input to clustering and

classification algorithms.
2.4.2. Regularized Logarithmic Transformation

The rlog transformation also transforms count data into log, scale by using
the same mean-variance trend as in vst. Transformed values are extracted from

a generalized linear model (GLM) which is separately fitted for each gene by

log, gij = zij = Bio + iy (2.8)

where (B is an intercept representing the expression level of i-th gene for all
samples and f3;; is sample-specific expression level of genes. Here the term f3;;
is shrunken towards 0 by using ridge penalization (or L2 penalization) while §;o
remained constant. The term g;; is proportional to expected read counts and
obtained by p,;/s; where s; stands for size factor of j-th sample (See Love et al.
(26) for a complete steps of rlog transformation). Although rlog and vst serve for
the same purpose, rlog performs better when size factors vary widely. Love et al.
(26) suggested using rlog transformation when size factor estimates exceed 4.
An important limitation of rlog transformation is that it is computationally
intensive comparing to vst since it fits a GLM for each gene. We generated
Figure 2.3 for comparing the effect of rlog and vst on mean-variance trend. A
subset of all samples is obtained by randomly selecting 10% of subjects from each
class (i.e 58 and 55 subjects respectively) in order to decrease computation time.
It can be seen from figure that rlog transformation is slightly better than vst
for stabilizing the variance of genes which have lower mean. Furthermore, rlog

transformation requires about 80 times longer computation time than vst for this
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Figure 2.3. Comparison of the effect of vst and rlog transfomation on mean-
variance trend — (a) vst and (b) rlog transformation

example. Hence, the advantage of rlog transformation over vst might be ignored

due to its intensive computation cost when sample size is large.
2.4.3. Power Transformation

Witten (8) proposed Poisson model for RNA-Seq classification. This model
assumes that the mean and variance of read counts are equal. However, this
assumption is violated since the variance of read counts is often greater than its
mean. For this reason, a power transformation is applied to count data in order to
bring variance around mean. Power transformation performs well when there is
slight to moderate dispersion in data. Unlike vst and rlog transformation, power
transformation does not take size factors into account. Hence, transformed values
should be normalized before continuing with the classification. We will cover

power transformation in details in section 3.1.
2.4.4. Voom Transformation

Variance modelling at the observational level (voom) aims to transform
count data into continuous scale while obtaining precision weights along with
transformed values. Law et al. (28) proposed voom transformation and suggested
the use of statistical methods which are based on continuous data rather than
working with discrete distributions. Their approach also focuses on mean-variance
relationship of each gene similar to vst and rlog transformation. They have
used transformed values along with its precision weights in differential expression
analysis pipeline similar to microarrays and obtained desirable results for RNA-
Seq data. The transformed values and precision weights are used as inputs to

classification and clustering tasks. We give mathematical background of voom



17

transformation in section 3.4.
2.5. Classification of RNA-Seq Data

Gene expression data (also known as transriptomic data) can be used for
several purposes such as inference and prediction. Classification, for example, is
a popular machine learning technique which is used to predict class label of a
new sample whose class label is unknown. There are basically two main steps of
a classification problem; learning and class prediction. In learning step, the clas-
sification model learns patterns between gene expression levels and class labels
(i.e between inputs and outputs) by using a predefined training set. Training set
consists of gene expression — class label pairs. Here, we take gene expression levels
as input and class labels as output to classification model. Finally, a function
that maps input to output with the highest accuracy is obtained. In the second
step, class labels of test samples are predicted on the basis of trained classifica-
tion model. This type of machine learning technique is also called as supervised
learning since trained model is optimized by using already known class labels (e.g
diseased versus healthy, disease sub-types such as ALL and AML, tumor grades
such as Grade 1, Grade 2 and Grade 3, etc.).

There are lots of classification algorithms in the literature where each per-
forms well under specific conditions such as underlying probability distribution
(discrete or continuous), data structure and dimensionality (i.e low or high di-
mensional in terms of number of samples and/or features). As we already know,
RNA-Seq data is high-dimensional that is the number of features is much larger
than the number of samples, p > n. We also know that most classification algo-
rithms such as linear discriminant analysis and logistic regression will not work
for such classification problems in high-dimensional space. As the number of
features increases, the model becomes more complex, and this leads to difficul-
ties in interpretation of the model as well as the overfitting problem. Although
the fitted model perfectly classifies samples in training set, it will poorly clas-
sify an independent set of test samples which are not used while training the
model. Hence, it is not a proper strategy to work with standard approaches for
the high-dimensional setting even they are applicable. For this reason, a well-
suited model for high-dimensional data aims to decrease model complexity via a
reqularization parameter or performs a dimension reduction while increasing the
prediction accuracy of a test set (47, pp: 219-221).

We generally assume that only a small subset of all features is related with

the class labels (or response) in the context of gene expression data. Although
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more features than a selected subset may be associated with response in terms
of biological rationale, it is suitable to put such an assumption to work with
a simpler model for practical reasons. Some classification approaches such as
Poisson linear discriminant analysis and nearest shrunken centroids have built-in
variable selection criteria for selecting the best subset of all features. These models
are called as sparse classifiers. The amount of sparsity or number of features
included in the model is controlled by a regularization parameter (also named as
tuning parameter), and the optimal value of tuning parameter is selected from a
parameter space via cross-validation. Finally, trained model consist of features
which contribute discrimination function the most. Same analogy can be used
for dimension reduction in order to determine the optimal number of dimensions.
Number of principal components for principal component classification (PCC) can
be determined by considering the number of principal components as a tuning
parameter. Hence, the optimal number of dimension is selected at a point which
gives the highest classification accuracy.

In conclusion, high-dimensionalty is a major problem in RNA-Seq clas-
sification which limits the number of classification algorithms applicable. Stan-
dard approaches should be extended to high-dimensional settings and read counts
should be preprocessed before classification. Besides, it is not possible to find a
unique model which performs the best for RNA-Seq classification under all con-
ditions. For this reason, we selected several classification algorithms which are
based on discrete and continuous probability distribution, and compared accu-
racy of selected models. The mathematical background of selected classifiers will

be discussed in section 3 in details.
2.5.1. Discrete Classifiers

RNA-Seq data can be directly modeled with discrete distributions such as
Poisson and negative binomial. Recently, two popular classification algorithms
are proposed for RNA-Seq classification. First, Witten (8) proposed a Poisson
model (PLDA) for both classification and clustering of RNA-Seq data. Next,
Dong et al. (31) extended classification part of Poisson model to negative bino-
mial (NBLDA) case by considering an extra dispersion parameter. The proposed
algorithms used discrete probability distributions in place of normal distribution
within linear discriminant analysis. Hence, we may say that PLDA and NBLDA
are extensions of linear discriminant analysis (LDA) to Poisson and negative bi-
nomial case. Although these algorithms are based on discrete distributions, raw

read counts from RNA-Seq experiments should not be directly used within PLDA
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and/or NBLDA. Raw counts are normalized by using one of normalization meth-
ods described in section 2.3 and normalized counts are used for classification

purpose.
2.5.2. Continuous Classifiers

Continuous classifiers was popular and frequently used for classifying mi-
croarray based gene expression data. Their use in RNA-Seq data, on the other
hand, may lead to inaccurate results without a proper transformation on read
counts. Hence, transformed count data should be used within continuous classi-
fiers. In section 2.4, we discussed transformation techniques which are proposed
for RNA-Seq data. These methods are used to bring RNA-Seq data hierarchically
closer to microarray data and enable the use of continuous classifiers which are
specifically developed for microarray studies. There are dozens of continuous clas-
sifiers in the literature, however, we will cover nearest shrunken centroids (NSC)

and its extension to voom transformation (voomNSC) in this thesis (16, 48, 49).
2.6. Clustering of RNA-Seq Data

Clustering analysis is a widely used machine learning task to explore hid-
den patterns in a multivariate data, and is simply a process of “gathering similar
objects” together. Unlike classification, class labels are not known a priori and
should be discovered from gene expression data. Because of that the class la-
bels are unknown, clustering analysis is called as unsupervised learning. In a
gene expression study, clustering analysis can be performed either on samples or
features. Sample-based clustering, for example, can be performed in order to dis-
cover sub-types of a disease according to gene expression levels (2, 50) or different
cell types in a tissue using single cell RNA-Seq (51, 52). Gene-based clustering,
on the other hand, can be used to identify co-expressed features which are be-
lieved to be functionally related and included in the same biological pathway.
By studying the genes in a pathway, biological causes of changes in gene expres-
sion levels can be explored. Furthermore, it allows to discover cellular processes
and diseases that are related with the genes in a pathway. However, gene-based
clustering leads to another limitation of clustering analysis. Most of RNA-Seq
experiments include hundreds or thousands of features. When all of the features
are included in clustering analysis, the model complexity dramatically increases
while clustering performance decreases. For this reason, it is recommended to
work with features that are specified as differentially expressed when gene-based

clustering is considered.
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Clustering of RNA-Seq data is not straightforward due to distributional
and dimensional limitations as in classification. Therefore, we may perform clus-
ter analysis either on transformed counts or use clustering approaches which are
based on discrete probability distributions. For both gene-based and sample-
based clustering analysis, samples and /or features are clustered into pre-defined
number of clusters by using similarity or dissimilarity measures. There are many
types of similarity and dissimilarity measures; however, we use one of widely
used dissimilarity measure, that is Euclidean distance. Suppose x; and x; are p-
dimensional vectors for j-th and j’-th subjects. The Euclidean distance between

two subjects is

p

Apue(xj,%50) = |[x;5 = x5 = | D (@i — w470)? (2.9)

i=1

Euclidean distance is the geometric distance between two points in p-dimensional
space. This measure is highly sensitive to mean-shifting and scaling since squared
difference of each feature is used in calculations. In gene expression studies, it
is often suggested to use mean-centered data since the goal is to find similar
patterns of gene expression profiles rather than the similar magnitudes of gene
expression levels of each pair. Furthermore, gene expression levels can be centered
and scaled before calculating dissimilarity measures (47).

Most clustering approaches perform well when data is approximately nor-
mally distributed. Hence, RNA-Seq data is transformed by using a proper trans-
formation and clustering analysis is performed on transformed gene expression
data. We used k-means and hierarchical clustering approaches for clustering
transformed count data. Alternatively, read counts might be clustered by using
clustering approaches which are based on discrete probability distributions. For
instance, Poisson clustering is one of the approaches proposed for count data (8).
This method calculates dissimilarity measures from Poisson model and applies
hierarchical clustering by using Poisson dissimilarity measures. Poisson cluster-
ing is discussed in section 3.5. Negative binomial clustering is performed using
dissimilarity measures obtained from edgeR package. edgeR performs multidi-
mensional scaling to obtain distances between each pair of RNA samples which
corresponds to leading log-fold-changes (53). Finally, the calculated dissimilarity

matrix is used within hierarchical clustering similar to Poisson clustering routines.
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2.6.1. K-means Clustering

The K-means clustering aims to split samples/features into K subsets by
minimizing the within-cluster sum of squares (i.e cluster variances). Suppose
we perform sample-based clustering. Given a set of observations (x1,Xa, ..., X,)
where each element is a p-dimensional vector of gene expression levels, the algo-

rithm determines K clusters by minimizing

oDl ==l (2.10)

k=1 jely

where I}, C {1,2,...,n} is a subset of sample indices that belongs to class k and
Xy = n,;l > jec, Xj 1s a p-dimensional mean vector of k-th cluster. The algorithm
starts with an initial cluster means, which is generally taken as random points in

p-dimensional space, and continues with the following steps until it converges:

1. Start with an initial cluster centroids (Figure 2.4a),

2. Assign each sample to one of K clusters whose cluster centroid is closest to
that sample (Figure 2.4b),

3. Re-calculate cluster centroids after all samples are assigned one of K clusters
(Figure 2.4c),

4. Re-assign each sample’s cluster according to cluster centroids calculated at
step 3 (Figure 2.4d),

5. Repeat steps 3—4 until no more change in cluster memberships take place.

Here, K is pre-defined number of clusters. The optimal number of clusters is
another important criteria in K-means clustering, and it should be carefully de-
termined. We assume that optimal value of K is already known and this value
is provided in real data examples in this thesis. The graphical representation of

K-means clustering algorithm is given in Figure 2.4.
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Figure 2.4. Steps of K-means clustering algorithm.



22

2.6.2. Hierarchical Clustering

Hierarchical clustering aims to build a hierarchy of clusters instead par-
titioning data into K subsets as in K-means clustering analysis. The hierarchy
between samples/features can be constructed by using either agglomerative or di-
visive strategy. In agglomerative strategy, each sample is considered as a cluster,
and samples are successively merged until all samples are collapsed into one big
cluster (i.e complete data). Divisive strategy works in the opposite way such that
all samples are considered as one big cluster, and samples are split into smaller
clusters until each cluster consists of a single observation. The hierarchy of clus-
ters can be displayed by using a dendrogram graph as in Figure 2.5. This figure
is generated using cervical cancer data which includes gene expression levels of
29 tumor and 29 non-tumor samples from RNA-Seq experiment. More details

about data set is given in section 3.9.

® ®

Figure 2.5. Hierarchical clustering dendrogram

Divisive strategy is not cost-effective, thus, it is not preferred in gene ex-
pression studies. We use agglomerative type of hierarchical clustering in this
thesis. The merges in agglomerative strategy are determined using dissimilarity
measures. When two clusters are required to be merged into one cluster, we need
to calculate dissimilarities between clusters by using linkage methods. Some of
well known linkage methods are illustrated in Figure 2.6. Selection of linkage
methods may lead to very different clustering results. Single linkage considers
dissimilarity measure between two nearest neighbours of each cluster while com-
plete linkage considers two farthest neighbours. Centroid and average linkage
methods, on the other hand, considers all samples in a cluster while calculating
dissimilarities between two clusters. Centroid linkage uses cluster centroids and

calculates the distance between centroids. Finally, average linkage uses dissimi-
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larities of each pair from two clusters and takes its average as a dissimilarity of

two clusters.

Single Linkage Complete Linkage  Centroid Linkage  Average Linkage

Figure 2.6. The linkage methods which are used to determine dissimilarities
between clusters?

Hierarchical clustering can be performed using several dissimilarity mea-
sures. We used Euclidean distance within hierarchical clustering. As we already
discussed, Euclidean distances are sensitive to non-normal data points and out-
liers. Hence, log,(z + 1) transformed values are used in clustering. Furthermore,
we used all features in the model for graphical purposes; however, using only
a subset of differentially expressed features may give better clustering perfor-
mances. The clusters are obtained by cutting dendrogram at some level in order
to get desired number of clusters. For instance, we cut tree in Figure 2.5 to find

two clusters from cervical cancer data.
2.6.3. Visualizing RNA-Seq Data via Heatmaps

A heatmap is a graphical representation of 2-dimensional data where values
are indicated by colors with changing intensities. Heatmaps can be used to make
a quick look into data and understand complex patterns within data matrix. In
gene expression studies, heatmap is a popular graphical representation of gene
expression levels of subjects belonging to different clusters. A dendrogram is
combined with a heatmap and gene expression levels are represented in different
colors on a color palette in order to explore possible clusters. Figure 2.7 shows

a heatmap of cervical data where gene expression levels are first normalized by

2 This figure is copied from Datta and Nettleton (47), page: 200.
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deseq median ratio and then transformed by log,(r + 1) where r is normalized

. ~ u

counts and 1 is a pseudo-count?®.
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Figure 2.7. A heatmap of gene expression data of cervical cancer data. All
features are included.

The resulting heatmap from gene expression data is affected by underlying
distribution and number of features. Fach value of a data matrix is colored
proportional to its magnitude, hence, outliers and non-normal data points may
lead to uninformative colors on a heatmap. We selected top 50 differentially
expressed features and draw heatmap again as in Figure 2.8. When only a subset
of differentially expressed features are used for clustering analysis, the relationship
between samples and features can be seen more clearly.

Another use of heatmap is to discover similarities between samples by using
a heatmap of sample-to-sample distances. Figure 2.9 shows distances between
samples where 10 subjects are randomly selected from complete data and 50

differentially expressed features are selected based on selected samples.

3 See function ‘normTransform’ in R/Bioconductor package DESeq2 for more details.
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Figure 2.8. A heatmap of gene expression data of cervical cancer data. Top 50
differentially expressed features are included.

2.6.4. Assessing Cluster Performance and Within Cluster Con-

sistency

Assessing clustering accuracies is not simple and straightforward as in clas-
sification because true class labels are not used while clustering samples and/or
features. In clustering, Rand index (or Rand measure) is used to measure sim-
ilarity between two clustering results (i.e predicted clusters from two different
methods). Rand index is calculated from a contingency table of two clustering
results. Its adjusted version, called adjusted Rand index, is also proposed for cor-
recting chance within clustering. From a mathematical point of view, Rand index
is related with accuracy measure in classification. We used adjusted Rand index
for evaluating clustering accuracy. Since we know class labels, adjusted Rand
index is calculated using similarities between predicted clusters and true class
labels. Rand index takes value between 0 and 1 where 0 means there is no simi-
larity between clustering results while 1 means clustering models perfectly agree.
We skip mathematical background of Rand index, however, detailed background
can be found in related papers (54, 55).

Beside clustering accuracy, it is important to measure within cluster con-

sistency. A graphical approach, called silhouette, is proposed to measure cluster
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Figure 2.9. A heatmap of sample-to-sample distances of cervical cancer data.
A subset of 10 samples is randomly selected and top 50 differentially
expressed features are used through clustering analysis.

consistency (56). A silhouette measure s; is calculated for each sample by

bi—ai

5; = (2.11)

max (a;, b;)
where a; denotes the average distance between i-th sample and all other samples
in its cluster, b; denotes the smallest average distance between i-th sample and
all the remaining samples from other clusters. Hence, s; measures both how well
i-th sample belongs to its cluster and other clusters. Equation 2.11 can be also

written as

1—ai/bi7 if a; < b;
si =40, if a;=1b (2.12)
bi/ai -1, if a; >0b;

It is clear from equation 2.12 that s; takes values within [—1,1]. If s; = 1, then
i-th sample is well assigned to its cluster. If s; = —1, then i-th sample is poorly
assigned to its cluster and it should be assigned to one of remaining clusters.
Finally, if s; = 0, then i-th sample is located on the boundary of two clusters. An
average silhoutte measure is obtained from all samples and it is used to measure

overall within cluster consistency of clustering method.
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3. MATERIAL and METHODS

A number of early RNA-Seq experiments analysed read counts using statis-
tical methods which are specifically proposed for microarrays. Although RNA-seq
counts are indicators for expression level of a specific gene, it was obviously not
a good strategy to analyze count data with statistical methods which are based
on continuous underlying distributions. As a result, the accuracies from fitted
model was not satisfactory. Later studies addressed discrete distributions for the
analysis of RNA-seq experiments.

Let X be a p-by-n matrix of mapped read counts from an RNA-Sequencing
experiment, with n samples in the columns and p features in the rows as described
in section 2.2. X;; is the random variable indicating the total number of mapped
read counts for gene 7 in observation j, and z;; is the observed value for random
variable. Since RNA-Seq experiments produce discrete count data, the mapped
read counts for X;; should follow a discrete probability distribution. We may
fit count data to well-known discrete distributions such as Poisson and negative
binomial. However, most of the statistical methods proposed for classification
and /or clustering purposes assume the underlying distribution of data is normal.
Hence, transforming raw counts using an appropriate transformation (e.g vst,
rlog, log-cpm, voom, etc.) and modeling transformed counts with continuous dis-
tributions is still popular and hot topic in classification. For this reason, we will
cover the mathematical background of both discrete (e.g Poisson linear discrim-
inant analysis, Negative Binomial linear discriminant analysis) and continuous
(e.g SVM, NSC, and voomNSC) classifiers in details throughout this chapter.

3.1. Poisson Linear Discriminant Analysis (PLDA)

One of the most popular discrete distribution which is used for modelling
RNA-Seq data is the Poisson distribution (6, 22, 44, 57). Witten (8) proposed a

Poisson log linear model for RNA sequencing data,
X;j ~ Poisson (1),  pij = $jgi (3.1)

where s; is the size factor of j-th sample and g; is the gene-length of i-th feature.
The proposed model 3.1 is able to account variability in raw counts using total
number of reads for each sample via s; term and total number of read for each
feature via ¢g; term. In order to overcome identifiability problems, one should
satisfy that 2?21 s; = 1. An RNA-Seq experiment is often performed on samples

taken from several subsets, say K classes or disease subgroups. We expect that
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some of the genes are responsible for specific diseases, i.e the expression level
of such genes in diseased subjects should be different than that of controls (or
healthy subjects). Furthermore, we should observe that some features would
have significantly different number of mapped reads as a result of gene expression
levels. Hence, we may need to introduce class effects into 3.1. Some authors have
extended 3.1 as in 3.2:

Xij | yj = k ~ Poisson (/L”dlk) s ,uij = Sjgi (32)

where y; is the class of the j-th sample and y; = {1,2,..., K'}. The class specific
parameter d; is called as differential expression or offset parameter which can
be interpret how much the observed counts of i-th gene differs from expected
(or baseline) counts for k-th class. The extended model 3.2 has two main pa-
rameters to be estimated, i.e Poisson mean j,;; and offset parameter d;;. The

parametrization in 3.2 has a simple interpretation such that,

e estimate Poisson mean p;; by taking sample and gene-wise variations into
account. This estimation is simply the baseline expected counts for random

variable X,

e regulate baseline estimations using offset parameter d;; for each class k =
1,2,..., K.

We first start estimating Poisson parameter p;;. We assume that features
and samples are independent from each other. Under independence assumption,
the Poisson mean for X;; is estimated using maximum likelihood method (MLE)
as fl;; = x;x j/x.. (58). Introducing s,’s and g;’s into estimated Poisson mean and
combining this with the constraint 22:1 $; = 1 result in estimates of §; = z ;/x..
and §; = x;. Several studies have used MLE method for estimating size factors,
however, it is obvious from the equation x ;/z.. that the estimated size factors are
not robust to outliers since a few cells with very high counts may greatly inflates
the size factor estimates (6, 8, 40). Furthermore, the inflated size factor estimates
will lead to biased results for downstream analyses as pointed out by a number
of authors (25, 37, 44). Because of this reason, several robust methods have
been proposed for estimating size factors. These methods have been discussed in
details in Section 2.3, hence, we continue by considering one of proposed methods.

The order of estimating Poisson log linear model parameters is an impor-
tant issue that we should point out. Witten (8) follows an order that in the first

step the Poisson mean is estimated using model 3.1; then, class differences have
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been taken into account by estimating offset parameter d;;, from model 3.2. This
analogy aims to account sample and feature-wise variability before measuring the
class differences on the observed counts. The maximum likelihood estimates of

fi;; is used to estimate offset parameter as,

S D jen, Tij

dip, = — 1=1,2,...;p j53=12....n (3.3)
Zje]kﬂij

where I, C {1,2,...,n} is a subset of sample indices that belongs to class k. The

estimated offset parameters in 3.3 now has a simple interpretation such that

e if dj > 1, then the i-th feature (gene, exom, etc.) is over-expressed in
class k yielding that the number of mapped reads of corresponding feature

is greater than the baseline in k-th class,

e if dy < 1, then the i-th feature is under-expressed in class k yielding that the
number of mapped reads of corresponding feature is less than the baseline

in k-th class, and

e if djx = 1, then the i-th feature is not differentially expressed in class k
yielding that the number of mapped reads of corresponding feature is equal

to the baseline in k-th class.

The offset parameter log (d;x) is normally distributed with mean 0 and a constant
standard deviation o, for all classes, i.e d;x ~ Normal (0,¢7). Finally, we fit model

3.2 by introducing estimated model parameters as below:
X,; | y; = k ~ Poisson (gjgidik) g = &b (3.4)

The fitted model 3.4 has a limitation when jer, Tij = 0. In this case,
the estimated value of d;, equals zero making downstream analysis indefinite
for classification task as can be clearly seen in equation 3.9. This situation is
likely to be occurred when the true mean for i-th feature is very small. We can
overcome this limitation by putting a Gamma (3, 3) prior (a distribution having
the same shape and scale parameters ) on dy in the fitted model 3.4 (8). The
posterior distribution for d;;, is then Gamma <Zje 1. Tij + 5, Zje 1, Hij + ,8) and

the posterior mean becomes

5 Zjelk Tij + 0

dik = N . (35)
djer, fij + 8
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It is possible to put any arbitrary value for Gamma parameter 3. We assume
that § = 1 throughout this thesis.

3.1.1. Power Transformation on Count Data

An RNA-Seq experiment may consist of count data from either technical
or biological replicates. Although many data sets of the early RNA-Seq studies
include counts from technical replicates (i.e sequence reads from same source of
RNA repeatedly taken from same individual) or biological replicates (sequence
reads taken from different individuals). Previous RNA-Seq experiments revealed
that variation in technical replicates are generally lower comparing to biological
replicates (6, 27). The mapped read counts may be fitted by Poisson distribution
assuming that the mean and variance of read counts are equal when technical
replicates are taken. However, if biological replicates are taken, it is more likely
to have more variation in read counts which causes the variance exceeds mean.
For this reason, it may not be a proper choice using Poisson distribution since
there is overdispersion in the data. Hence, we may either choose fitting data by
Negative Binomial (NB) distribution (will be discussed in the next section) or
apply power transformation on observed counts as proposed by Witten (8).

The power transformation is able to remove overdispersion when data is
slightly or moderately overdispersed. Using maximum likelihood method and
independence assumption, we obtain a transformed random variable X;rj — X

satisfying that

2
Pl (xjg_xfng/ﬂ)

22

i=1 j=1

~(n-—1)(p-1) (3.6)

where « is taken in the interval (0,1] and (n — 1)(p — 1) is the degrees of free-
dom. This transformation is simply a goodnes-of-fit test for model 3.1 using the
maximum likelihood estimate (or total count normalization method) of size factor
55 = ij /x1. The optimal value of « is selected by using a grid search within the
interval (0, 1].

The transformed counts in 3.6 is now able to be fitted by Poisson model.
Although the transformed values are not integers and have decimal points, it
still preserves the discrete nature since two consecutive integer counts yield again
two consecutive real value (8, 57). Furthermore, there is no chance to get a
transformed data point between these two consecutive values. The optimal value

of v is determined using a grid search in the interval (0,1] and the value that
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approximates 3.6 the best is chosen as the power transformation parameter.
3.1.2. Classifying New Samples

In a classification task, we want to predict which class a new sample might
belong. Let x* = {7, z5,...,7,} be a test observation whose class to be predicted
using the fitted model. Also let y* be the true class of a test sample which is
unknown. We may obtain posterior probability of a test sample being in class k

by Bayes’ rule,
Py =k|x") o fr (X*) 7 (3.7)

where 7, is the prior probability for k-th class. Here, the choice of density function
fr(.) determines the type of discriminant analysis. For example, if we assume
that data is normally distributed with a common covariance matrix and class-
specific means, the classification method becomes standard linear discriminant
analysis (LDA) (59). We assume that data follow a Poisson distribution and
features are independent. Although some features are expected to be correlated,
the independence assumption of features is frequently made when data is high
dimensional (16, 48, 59), i.e the number of features are very large comparing to
number of samples (p > n). In order to estimate posterior probabilities in 3.7,
fr(x*) and 7 are need to be estimated. Poisson model 3.2 can be written for a

test sample x* such that
Xi |y* =k ~ Poisson (uidir.) , 1 = 5" gi (3.8)

where estimated values for g; and d;, are imported from fitted model 3.4 of the
training set. The size factor of a test sample, s*, is also estimated using required
values from training data. See Section 2.3 for more details on how size factors
are estimated for a test sample from training data.

The prior probabilities might be taken equal such that 7, = 1/K. As an
alternative, we could define each class having prior probability that is proportional

to the number of individuals in k-th class in the training set as below:

. # of samples in class k
T =
n

Now, we introduce the estimated parameters s*, g; and cizk into 3.7 and get the
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discriminant scores as,
log P (y* = k | x*) = log fr(x*) + log 7}, + ¢

p p

- Z z} log dy, — & Z Gidi, + log 7 + ¢ (3.9)

i=1 i=1

where ¢ and ¢’ are some constants having no contribution to classification. Equa-
tion 3.9 showed that the estimated scores are linear function of observed counts x;,
so that the method is called as Poisson linear discriminant analysis (8). Again,
we see from the equation that observed counts for i-th feature make no contribu-
tion to discriminant scores if and only if dy. = 1 for all classes. Hence, we say that
the i-th feature is not differentially expressed among classes. With this property,
PLDA algorithm is able to select differentially expressed genes by filtering genes

whose offset parameters equal to 1 for all classes.
3.1.3. Sparse Poisson Linear Discriminant Analysis

The sparse PLDA classifier removes insignificant genes from the model
when the estimations from equation 3.3 are used. We use estimations from equa-
tion 3.5. These estimates yields dix = 1 for all classes, hence, all features are
included in the model even if the estimated differential expression parameters are
very close to 1. Witten (8) proposed a shrinkage algorithm similar to nearest
shrunken centroids algorithm (16, 48). This algorithm aims to shrink dy, towards
1 by using a threshold p as below:

p

a p , a
- — = f b(-—1
b Vb ' \/_<b >>p
5 a p , a
dp=24 L it -4 3.10
k b+\/5 i \/5( b>>p (3.10)
1, it Vb|1- 2] <y
( b

where a =3 ., @;+8,b=3",; fuj+8 and p > 0. As the threshold parameter
decreases towards 0, less features are removed from fitted model.
The upper bound of threshold parameter is determined using the last line

of equation 3.10 for each feature in each class k = 1,2,..., K such that

Pup = MaX;j) (\/l_) ‘1 — %

) (3.11)

Finally, the optimal value for threshold parameter (p) which gives the highest
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classification accuracy is determined using a grid search within [0, p,,).
3.2. Negative Binomial Linear Discriminant Analysis (NBLDA)

Negative binomial (NB) distribution is a generalization of Poisson distri-
bution for modeling count data when variance is larger than mean, i.e there is
overdispersion in the data. Let X;; be, as in Poisson model 3.2, a random variable
of observed read counts for j-th sample in ¢-th feature. We consider the negative

binomial model
Xij ~ NB (:uija bi) Hij = S;Gidik (3.12)

where ¢; is the overdispersion parameter for the i-th feature and the remain-
ing parameters are the same as in Poisson model in terms of interpretation and

estimation (31). The probability density function of X;; is then,

oy Dl + ¢; ') wijk®i \ Y 1 o

where w;j;, = 5;9;d;;,. The mean and variance of random variable X;; are obtained
as fu;; and (p; + ,u?jqbi) using method-of-moment estimators. As ¢; approaches 0,

the negative binomial model 3.12 approximates to the Poisson model 3.2.
3.2.1. Power Transformation on Count Data

In section 3.1.1, we discussed the effect of power transformation on the
prediction accuracy of the PLDA model. Power transformation is able to im-
prove PLDA model accuracy when data is slightly or moderately overdispersed;
however, its effect on highly (or extremely) overdispersed data is negligible. Even
though NBLDA is an appropriate choice for modeling highly overdispersed data,
it might perform poorly in presence of outliers (i.e very high read counts due to
deeply sequenced samples) and/or extreme overdispersion, e.g ¢ > 5. We sim-
ulated an p-by-n dimensional dataset where n = 500, p = 20 and each feature
follows a negative binomial model 3.12 with mean p = 20 and overdispersion
¢ = 12 for all X;;s. Furthermore, we assume that size factors, s;, are same across
samples, each feature has approximately same gene length, g¢;, and features are
not differentially expressed among classes, i.e d;; = 1 for all features. Finally, we
replaced some of the values with outliers in order to see how gene-wise dispersions
are over-estimated. The power transformation is performed as in PLDA using

equation 3.6.
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Figure 3.1. The effect of outliers on gene-wise overispersion estimates.

Figure 3.1 shows gene-wise overdispersion estimates for untransformed
(Figure 3.1a) and power transformed (Figure 3.1b) read counts in presence of
outliers. Dotted horizontal lines represent true overdispersion in Figure 3.1a and
moderate overdispersion threshold in Figure 3.1b. When there are outliers in the
data, overdipersions are overestimated. Furthermore, it can be seen that power
transformation is able to reduce overdispersion below moderate level when there
is no outlier, however, overestimation problem remains when there are deeply
sequenced samples in the data. To overcome this problem, either we may ex-
clude outliers from classification or apply power transformation and fit mapped
read counts to negative binomial model by taking moderate overdipersions into
account. Hence, we may observe increased classification accuracy after power
transformation for negative binomial model when there are deeply sequenced

samples in the data.
3.2.2. Classifying New Samples

Classifying a test sample x* = {z7,25,..., 75} is almost the same with
Poisson model except that an extra dispersion parameter, ¢;, should be estimated
for negative binomial model. The discriminant score for negative binomial model

is obtained using Bayes’ rule (as in equation 3.7) as below:
logP(y* = k | x*) = logfi(x*) + logiy + ¢
p
= Z x} [logaﬂ-k — log (1 + @z*k@)]
i=1

p
=" 67 Mog (1 + Gindi ) + logry + ¢ (3.14)

=1
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where W, = §*§ZdAZk Furthermore, §* is the size factor estimate for test sample
using the required values from training set, ¢; and d;i, are estimated parameters
taken from training set. A new test sample is assigned to class k which has the
highest score in 3.14.

Negative binomial model converges to Poisson model when there is little
or no dispersion in data. As ¢; — 0, we have limiting quantities that log(1 +
Wik®i) — 0 and log(1 + wi*k¢i)¢fl — wjy, yielding that

P P
logP(y* =k | x*) = Z x; logcil-k - Zdzl*k + lognty, + ¢

=1 =1
p . p R
=> ajlogdy — 5 gidy + loghy + ¢ (3.15)
=1 =1

which is identical discriminant scores as in 3.9 (31). It is clear from the equation
3.14 that dispersion parameter ¢; has an important role in the model. In contrast
to Poisson model, a feature having non-zero dispersion (¢; # 0) will be included
in the model even if it is not differentially expressed among classes, i.e d;, = 1
for all £ =1,2,..., K. Furthermore, the effect of an insignificant feature on the
discriminant score will be directly proportional to the magnitude of its dispersion
parameter. Hence, another important issue arises that how overdispersion param-
eter is estimated. In the next subsection, we will cover the estimation method of

dispersion parameter in details.
3.2.3. Estimating Dispersion Parameter, ¢;

The dispersion parameter ¢; indicates how much the variance of a negative
binomial distribution exceeds the mean. It can be simply estimated by using
maximum likelihood under independence of features and samples. The method-

of-moment gives dispersion estimate for probability density function 3.13 as

Var (Xy;) = pj + ;i B (Xy) = i
_ Var (Xi;) — i
szj

o (3.16)
Note that the dispersion estimates in 3.16 might be a negative value. Maximum
likelihood estimation is one of possible solutions for estimating dispersion param-
eter. However, it is not a robust method when sample size is not large enough
in an RNA-seq experiment. Although estimating dispersions as in 3.16 is usually

not a problem for large samples, more robust methods are required for better
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inferences of differential expression when sample size is small (25, 26). A number
of authors studied on alternative ways of estimating dispersion parameter, e.g
DESeq (25, 26), edgeR (27, 41), baySeq (46), sSeq (60), etc.

It is reported that maximum likelihood method generally underestimates
variance parameters (41). For this reason, direct use of MLEs in 3.16 is not rec-
ommended; however, they have been often used as an initial estimate (or initial
step) of dispersion parameters in robust methods. Love et al. (26) and Anders
and Huber (25) proposed a shrinkage estimation for dispersion parameters in
DESeq. They obtained gene-wise MLEs in the first step and fitted a curve to
initial estimates using mean-variance relationship. Finally, the estimated dis-
persions are shrinked towards fitted values. The amount of shrinkage depends
on how far initial estimates are from fitted curve. Another approach is edgeR
which is proposed by Robinson et al. (27) and based on gene-wise conditional
log-likelihoods. The baySeq, on the other hand, iteratively estimates dispersion
parameters; hence, requires relatively more time. Among others, we preferred
using shrinkage estimator proposed by Yu et al. (60) in sSeq. This method com-
bines the mathematical background of DESeq, edgeR and baySeq; yet, as authors
stated that it is simpler, faster and requires less assumptions. The shrunken dis-

persion estimates are obtained by

~ A

where g%i’s are initial dispersion estimates obtained from 3.16. However, negative
dispersion estimates are not allowed and the initial estimates are truncated at
ze10 ¢ = max(0, le) Finally, the initial estimates are shrunken towards a target

value & using a weight ¢ € [0, 1] which is obtained by

> [o = S a) - 1)
0 =" - ~ (3.18)
> (6-€) /-2

The optimal value of £ is determined by minimizing the average squared
difference between ¢; and ¢; such that (1/p) le(agi — &;)%. As & approaches
1, initial estimates are forced to be shrunken towards pre-defined target value.
Similarly, when § = 0, no shrinkage is performed on initial estimates 952 The effect
of dispersion parameter is crucial when classifying a new sample. For this reason,
results might significantly differ among selected estimation methods. Shrinkage

estimator 3.17 performs well comparing to maximum likelihood estimator when
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sample size is small. However, when sample size is large enough, the amount
of shrinkage on initial estimates are becoming negligible; hence, resulting similar
results (26). A comprehensive simulation study is conducted for the comparison of
dispersion estimation methods (61). We use shrinkage estimator 3.17 throughout
this thesis.

3.2.4. Sparse Negative Binomial Linear Discriminant Analysis

The feature selection procedure for negative binomial model is not clear
and simple as in Poisson model. It can be seen from negative binomial discrim-
inant score 3.14 that a feature will be included in the model when ¢; # 0 even
if djp, =0 forall k=1,2,..., K. Hence, the model omits a feature if and only if
¢; =0and djp =0 for all £ =1,2,..., K in the same time. Satisfying these two
conditions simultaneously is nearly impossible since ¢; # 0 in general.

Dong et al. (31) proposed negative binomial model which uses all features

in the model. However, a major number of features are not differentially expressed
among classes. Since insignificant features make no contribution to discriminant
function, these features should be removed from fitted model. We proposed a
two-stage shrinkage algorithm for negative binomial model.
& Step 1: In the first step, we follow the shrinkage algorithm 3.10 as in Poisson
model and obtained shrunken estimates for differential expression parameter d;.
& Step 2: In the second step, we try to shrink overdispersion parameters towards
0 using shrinkage estimator 3.17. The target value is defined as ¢ = 0 and the
weight ¢ is automatically calculated within proposed algorithm (60). It is possible
to obtain shrinkage estimates for ¢; which are very close to 0; for example, 0.1,
0.001, etc. For this reason, we proposed truncating such estimates within Step 2
such that

g=l  Hess (3.19)

oi, otherwise

where ¢ is a threshold defined by researcher. This is similar to truncating initial
estimates of overdispersion parameter at zero, except that shrinkage estimates qu
are truncated at €. Truncating shrinkage estimators at some value is useful when
a feature is included in the model due to non-zero overdispersion effect even if it
is not differentially expressed among classes.

The amount of sparsity is measured as the percentage of features included

in the model. As sparsity approaches zero, the complexity of a model decreases
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and less features are included in the model. Because of the fact that the sparsity
of a negative binomial model depends on two parameters, p and ¢;, negative
binomial model is generally more complex comparing to Poisson model. The

amount of sparsity in a negative binomial model is bounded with

100 ¢ -
Smaz = — »_1(¢i =0). (3.20)
-
As ¢; — 0 for all i = 1,2,...,p, the negative binomial model approximates to

Poisson model. Hence, the sparsity measure of each model becomes identical.
3.3. Nearest Shrunken Centroids

In statistical learning, a model with the highest classification accuracy but
less complexity is generally desired. However, when p > n, the complexity of
the model drastically increases, and in some cases the convergence problem comes
out. As aresult, the models which are able to decrease the complexity by selecting
a small subset of all features are required. Tibshirani et al. (16) proposed nearest
shrunken centroids (NSC) algorithm to overcome high-dimensionality problem.
This algorithm is a special case of nearest centroids and diagonal linear discrimi-
nant analysis (62, pages: 651 —654). The aim of NSC algorithm is to keep features
in the model which contributes classification the most, likely sparse versions of
NBLDA and PLDA. A test sample x* = {27, 25,..., 2} is assigned to class k

which maximizes the following discriminant function

K
1 e
logP(y" =k | x") = S¢i(x") — log (E ez )> (3.21)

k=1

where 1y (.) is defined as
. (a7 — Ta)"
Y (x7) = =) T+ 2logmy (3.22)

Here s? is the pooled variance of i-th gene over K classes, m is the prior proba-
bility of k-th class and Zi, = >, @;/nk is the mean (also named as centroid)
observed counts of i-th feature in class k where ny is the length of I;. The vector
of indices [ is defined in the same way of 3.3.

The classification rule in 3.21 uses all features in the model even if a major
part has small or no contribution to classification problem. For this reason, a

sparse version is proposed for selecting features contributing discriminant function
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the most. Let d;;, be such that

Tk — T

Uk (Si - 80)

dir, = (3.23)
where sy is a small positive constant which is generally calculated as a me-
dian statistic of s; estimates, T; is the overall centroid of i-th feature and v, =
\/1/nx — 1/n. The shrinkage algorithm aims to shrink gene-wise centorids T
towards 0 by soft thresholding (similar to sparse PLDA algorithm)

di/k = sign (dix) (|dir| — p)Jr ) (3.24)

Here p is a threshold parameter to be optimized using , for example, k-fold cross-
validation. The shrinkage algorithm in 3.24 focuses on positive side and shrinks
any d;, values towards 0 if its absolute value is below threshold. The shrunken

centroids 7;, are obtained by using 3.24 in 3.23 such that

’ !

Ty, = i + Uk (8 + So) dy, (3.25)

Finally, we replaced the original Z; with ¥, in 3.22 and obtained discriminant
scores from 3.21. Note that a feature satisfying that di/k =0forallk=1,2,.... K
will be removed from model since it does not contribute to discriminant function.

The parameter d;; plays the same role as offset parameter in PLDA algo-
rithm. However, in NSC algorithm, it does not act as an offset parameter but a
simple t-statistic. The denominator of d;;, is equal to the standard error of the
contrast given in the numerator. In conclusion, the class centroids have been
shrunken towards overall centroid z; after standardizing observed counts of each
class by its standard deviation (16, 48, 62).

3.4. Voom-based Nearest Shrunken Centroids

In this section, we will discuss voom-based nearest shrunken centroids
(voomNSC) algorithm as an extension of NSC algorithm. Zararsiz et al. (49)
introduced voom (an acronym for ‘variance modeling at the observational level’)
transformation into NSC algorithm in order to improve classification accuracy
of NSC algorithm. Voom transformation is proposed by Law et al. (28) around
the idea that exploring the mean-variance relationship is more important than
specifying the correct underlying distribution of counts. The mean-variance re-
lationship is non-parametrically and also robustly estimated by fitting a locally

weighted regression (LOWESS) curve to gene-wise standard deviation of log-cpm
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(logarithm of counts per million) values as a function of average log-count (63).
The voom transformation is especially suggested for experiments when the se-
quencing depths are different, i.e unequal library sizes for each sample.

The total number of reads for a given gene depends on not only the ex-
pression level of the gene but also the gene length and sequencing depth. We
first start by converting read counts of each sample into same scale by using the

logarithm of counts per million (log-cpm),

4 +0.5
2; = log, (azizjj:—m x 106) (3.26)
)

where R; = x j is the library size of j-th sample. The observed counts are shifted
by an amount of 0.5 and library sizes by 1.0 to avoid logarithm of zero counts. It
also ensures that (z;; +0.5)/(R; + 1.0) is strictly within the interval [0, 1].

3.4.1. Estimating Variance of log-cpm Values — Delta Rule

We assume that the observed counts follow negative binomial distribution
and the mean-variance relationship is defined as in equation 3.16. When z;; is

large, the log-cpm values approximate to
zij = logy(wij) — log, (1) + 61ogy(10) (3.27)

It also satisfies that Var(Z;;) ~ Var(log,(X;;)). For large values of j;;, we may
define

Tij — i
logy (@) ~ iy + —— (3.28)
i
where p;; = E(X;;). Finally, using delta-rule and by Taylor’s theorem (64), we
obtained
Var(XZj) 1

Var(Z;;) 8/ ————= = — + ¢; 3.29
( j) ﬂ?j i ( )

3.4.2. Voom Transformation and Precision Weights

It is possible to explore the effect of several factors and/or covariates on
gene expression levels, e.g batch effect, treatment effect, etc. We use following

linear model for measuring the effect of covariates on expected log-cpm values
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/LZ(»J«Z) similar to previous studies (9, 65, 66),

E(Zy) = p = T8, (3.30)

T
J
regression parameters representing the log,-fold-changes between classes for i-th

Here z; is a vector of covariates for j-th sample and f; is a vector of unknown

gene. Note that x is used to represent covariate vectors in 3.30 and should not

be considered as mapped read counts.

The linear model 3.30 is fitted to log-cpm values, z;;, for each gene by using
(Z)
ij

are transformed into fitted mean

ordinary least squares. We obtained fitted values ji;;’ and the residual standard

(2)

deviations sy(). Finally, the fitted values f;;

read counts fi;; as
iy = il + logy(R; + 1) — 6log,(10) (3.31)

We also calculated mean log-cpm values z; = n™! Z?:1 z;; for each gene

and converted to mean log-counts as
Zi; = Z + logy(R;) — 61og,(10) (3.32)

where R; = exp[n~! > i1 log(R; + 1)] is the geometric mean of the shifted li-
brary sizes. Next, we obtained a smooth LOWESS curve which shows the mean-
variance trend by fitting s;{; as a function of Z;;. The mean log-counts z;; are
sorted in ascending order and a piecewise linear function lo(.) is obtained by in-
terpolating the LOWESS curve. The function [o(.) is used to obtain predicted

variance of log-cpm values z;; as
Var(z;) = Lo ()’ (3.33)

Finally, the precision weights are obtained as an inverse value of predicted vari-
ance such that w;; = lo(ji;)~". We are now able to use log-cpm values and its
precision weights as an input to downstream analysis such as differential expres-

sion and machine learning.
3.4.3. Extending Nearest Shrunken Centroids to voomNSC

Model training workflow for voomNSC is almost the same with NSC algo-
rithm except that weighted statistics over log-cpm values are used in voomNSC

algorithm. Basically, we follow the steps,



42

1. obtain log-cpm values and replace raw sequencing reads z;; with log-cpm

values z;;,

2. calculate required centroid statistics from z;; weighting by w;; and use them

in replace with corresponding statistics,
3. use log-cpm values and weighted statistics in discriminant function of NSC

algorithm to classify new samples.

The log-cpm values and the precision weights are already obtained. We define

class-specific weighted gene centroids over log-cpm values by

> ier, WijZij

(3.34)
> jer, Wij

Ezk(w) =

and the weighted overall gene centroids by

n .. ..
v D1 WijZij

Zi(w) = n
> i1 Wij

Furthermore, we define class-specific weighted variances for ¢-th gene by

(3.35)

2 jer, Wis . 9
S?k(w) = J€2k ) Z (ny (zij — Zik(w)) (3.36)
(Zjelk wi]’) - Zje[k Wij 7€k

Finally, the pooled weighted standard deviation of i-th gene is defined by

K
2 = > pe (0 — 1)812k:(w)
iw) ™ n—K

(3.37)

The weighted statistics which are obtained from equations 3.34 — 3.37 are
used within equations 3.23 — 3.25.

3.4.4. Classifying New Samples

A test sample x* = {z},25,..., 7} is assigned to class k using the dis-
criminant function 3.21 of NSC algorithm. However, we replace x* with its log-
cpm values z* using the transformation 3.26. Finally, a log-cpm transformed
test sample z* is assigned to class & which maximizing the discriminant score

logP(y* = k | z*) using the equations 3.21 and 3.22.
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3.5. Clustering RNA-Seq Data Using Poisson Dissimilarities

Hierarchical clustering is a popular clustering method for normally dis-
tributed data. We compute a distance (or dissimilarity) matrix from data and
use it for clustering samples and /or features via hierarchical clustering. Although
it is possible to cluster features, we first consider clustering samples using a n X n
dissimilarity matrix. Witten (8) stated that for a normally distributed microar-
ray data, squared Euclidean distance between subjects j and j' are proportional
to log-likelihood ratio statistic of testing null hypothesis Hy : p;; = pijr, j =
1,2,...,p

P aj_l_aj, 2 P x+x, 2 P
Z (%j - %) + Z <9Cij’ - %) X Z(Iij - $z‘j’)2
= [Ix; — x| (3.38)

assuming that X;; ~ Normal(u;j,0?) and X, ~ Normal(u;;,0?). However,
mapped read counts from an RNA-Seq experiment does not follow a normal
distribution but a Poisson distribution as in 3.1. Therefore, we should modify
the statistic 3.38 under Poisson distribution. We first estimate Poisson means ;;
and ji;j» restricted to x; and x; using one of size factor estimates in a similar
way of classification task. Then, we obtain log-likelihood ratio statistic for null

hypothesis Hy : d;; = diyy =1, =1,2,...,p as

p
Z [/lij + fligr — flijdiy — figrdij + mijlog(diy) + ijlog(dij) (3.39)
i=1

Here the Poisson log-likelihood ratio statistic 3.39 becomes infinite when x;; or

x;; is zero. Hence, we obtained modified log-likelihood ratio statistic by using

posterior means of d;; and d;;

FRE B T (3.40)

fij + B fije + B
where 3 is the parameter of Gamma(f3, 3) priors. We consider 3.40 as a measure of
dissimilarity between two observations x; and x;,. Finally, a n X n matrix, called
Poisson dissimilarity matriz, with elements showing the dissimilarities between
pairs (j,j’) is obtained. Furthermore, the Poisson dissimilarity matrix is used
within hierarchical clustering. This is simply a hierarchical clustering, however,
it is called as Poisson clustering since distance matrix is obtained from Poisson
distribution (8).
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3.6. Simulation Study

The classification and clustering accuracies might be affected by several
factors such as sample size, number of features, overdispersion, number of classes,
etc. We conducted a comprehensive simulation study in order to explore the
effect of each factor under different scenarios (Figure 3.2). The simulation study

contains all combinations of

e number of samples: n = {40, 60, 80,100},

number of features: p = {500, 1000, 2000},

number of classes: k = {2, 3},

overdispersion: ¢ = {0.01,0.1,1} which corresponds to low, moderate and

high overdispersions respectively, and

differential expression rate: o = {0.01,0.05,0.10}.

There are 216 combinations to be evaluated in our simulation setup. We
repeated whole process (Figure 3.2) 100 times for each combination yielding that
21,600 simulated data sets were analysed by using selected classification and clus-
tering algorithms. In data generation step, we randomly generated count data
from negative binomial distribution which is parameterized as in equation 3.12.
We generated offset parameters from lognormal distribution such that log (d;x) is
normally distributed with mean 0 and standard deviation 0.5. Gene totals, g;,
are generated from exponential distribution with a mean of 25, and size factors
are generated from uniform distribution within the interval [0.2,2.2]. Finally, we
used generated size factors, gene totals and offset parameters to obtain mean of
negative binomial distribution. We also generated a test set by using the same
distributional parameters except that size factors are different for test set sam-
ples. Another alternative is to split generated data set into two parts as training
and test sets according to a researcher defined splitting ratio, e.g 70% for training
and 30% for test set. The amount of training and test set ratio is an important
criteria since it greatly affects model accuracies, especially when sample size is
small. In our simulation setup, we used an independent test set rather than
splitting data into two parts.

In pre-filtering step, we prepared data for downstream analysis by re-
moving genes/samples with low quality. First, we performed near-zero variance
filtering to remove features with zero or very low variance. We also filtered least
abundant features whose total mapped read counts is less than 50 as similar strat-

egy to Leidinger et al. (67). In practice, thousands of genes or gene regions (e.g
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Figure 3.2. A work flow for simulation study — classification.

2,000 miRNA or 20,531 mRNA, etc.) are sequenced in an RNA-seq experiment.
However, only a small part of all features, say 20 or 50 for example, is expected
to be differentially expressed among classes. In order to reflect a real RNA-Seq
experiment, we generated 10,000 features and only a small amount of these fea-
tures is set to be differentially expressed. The amount of differential expression
rate is controlled by ¢ as 1%, 5% and 10%. Among 10,000 features, we selected
500, 1,000 and 2,000 features by maximum variance filtering! and used them for
both clustering and classification tasks. A subset of all features are determined
by sorting variances in decreasing order due to computational cost of analysing
10,000 features at once.

Pre-filtered data is then normalized by using deseq median ratio in nor-
malization step. Other normalization methods were not performed since the
comparison of different normalization methods is out of scope. After normaliza-

tion, data set is transformed by using power and wvst transformations in trans-

1 Another alternative is to select a subset of features by differential expression analysis. We

discussed this strategy in ‘Discussion’ section.
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formation step.

Finally, in model fitting and prediction step, we fit power transformed
data to PLDA, vst transformed data to continuous classifiers and deseq normal-
ized data to voomNSC and sparse/non-sparse versions of PLDA and NBLDA.
Even we took normalized data as an input to voomNSC, normalized counts are
transformed using voom transformation within voomNSC algorithm. We omitted
rlog transformation due to several reasons: (i) it is computationally intensive, (ii)
rlog and vst transforms perform very similar as sample size increases, and (ii)
comparison between different transformation techniques is not among aims of
this study.

3.7. Evaluation Process of Model Accuracies

In a classification problem, the predicted and actual class labels can be
summarized on a cross table. For example, Table 3.1 shows a 2-by-2 classifi-
cation table of a binary classification problem where predicted class labels are
represented in the rows. A popular metric calculated from classification table for
assessing model performance is overall accuracy. However, this measure should be
preferred when sample sizes for each class are balanced. Otherwise, it may lead
to biased conclusions. When classes are imbalanced, balanced accuracy should be
preferred in place of overall accuracy. Beside overall accuracy, other performance
measures such as sensitivity, specificity, positive and negative predictive values

can be considered for a better conclusion on model performance.

Table 3.1. A classification table (confusion matrix) for a binary classification

problem.
Actual
Predicted A B Total
A n11 N2 ni.
B N21 T22 no,
Total n1 N9 n=mn._

The selected performance measures for a binary classification problem are given



47

in equations 3.41 assuming that class A is reference category

Sensitivity = Se (A) =nqy /ng (3.41a)
Specificity = Sp(B) = na /1o (3.41Db)
Accuracy = ACC = (nq1 +nag) /n (3.41c)

Sensitivity + Speci ficity

Balanced Accucary = bACC = 5

(3.41d)

where Se () and Sp () are functions which return sensitivity and specificity mea-
sures of a given class. Classes for each simulated data set were balanced in our
simulation setup. Hence, both accuracy and balanced accuracy measures lead
to similar conclusion in this study. We compared model performances by using
accuracy measure as in equation 3.41c.

For multi-class classification problems, it is not possible to obtain single
value for sensitivity and specificity measures. However, one may obtain sensitivity
and specificity measures by using one versus all strategy. Table 3.2 gives a
confusion matrix for 3-by-3 classification problem. Here, one of categories is
considered as reference, and its sensitivity and specificity measures versus all
other categories are calculated. Overall accuracy, on the other hand, is easily

calculated by using diagonal elements of confusion matrix of multi-class problem.

Table 3.2. A classification table (confusion matrix) for a multi-class classifica-
tion problem — 3-by-3 table.

Actual
Predicted A B C Total
A ni N2 ni3 n.
B Na1 N2 N23 na.
C N3y n32 N33 ns.
Total n1 o 7.3 n=mn._

The performance measures for Table 3.2 when class A is considered as
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reference category are

Se(A) =ni1/na (3.42a)
Sp (A') = (nga + ngs + nga + nss) / (n2 +ns) (3.42D)
ACC == (TLH + N9y + TL33) /n (3420)

Se (A)+ Sp(A)

bACC = 5

(3.42d)

where Sp () is calculated by collapsing all categories other than reference category.
We may calculate performance measures for remaining classes in the same way
that we performed for class A as in equations 3.42. In addition to overall accuracy,
we calculated sparsity? measure of sparse classifiers, and compared sparse models

with each other and also with its non-sparse version.
3.8. Availability of Proposed Algorithms

The proposed algorithms and other classification and clustering tasks are
available through R® programming language. R is a free and open source plat-
form developed for statistical analysis and graphics. The statistical methods and
graphics are included in R via different packages (also called as libraries). Hence,
researchers can extend R using different packages from The Comprehensive R
Archive Network? (CRAN) and Bioconductor Network®.

We developed R packages MLSeq (30) through Bioconductor and NBLDA
(68) through CRAN for implementing proposed algorithms and simulation study
in this thesis. Although MLSeq is specifically developed for classification of RNA-
Seq data, NBLDA can be used for classifying count data from any field. The
NBLDA package is included in MLSeq package, hence, there is no need to install
NBLDA package if MLSeq is already installed in R. MLSeq can be installed to R

by running following codes in R console.

## try http:// if https:// URLs are not supported
source("https://bioconductor.org/biocLite.R")
biocLite("MLSeq")

Sparsity is measured as the percentage of features included in the model.
http://www.cran.r-project.org
https://cran.r-project.org/mirrors.html

https://bioconductor.org
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3.9. Real Data Sets

In addition to simulation study, we performed clustering and classification
tasks on real RNA-Seq data sets (29, 49) . The first data set is cervical cancer
data which was collected by Witten et al. (57). The authors sequenced miRNAs
from 58 human cervical tissue samples (29 tumor and 29 matched control) using
Solexa/Illumina platform. The aim of this study was to detect differentially
expressed genes between healthy and tumor samples, and to detect novel miRNAs
associated with cervical cancer. We used a count matrix in our analysis which
consists of 58 samples and 714 miRNAs.

The second data set is Alzheimer data which was collected by Leidinger
et al. (67). This data set consists of sequencing reads of 2,801 miRNAs ob-
tained from blood samples of 48 alzheimer patients and 22 age-matched controls.
Alzheimer patients were selected among subjects which were diagnosed through
several tests including Alzheimer Disease Assessment Scale-cognitive subscale
(ADAS-Cog), Wechsler Memory Scale (WMS), Mini-Mental State Exam (MMSE)
and Clinical Dementia Rating (CDR). The authors aimed to explore potential
miRNAs which are responsible for alzheimer disease and related neurological dis-
orders.

Renal cell carcinoma (RCC) data is the third and last data set that we
used in our analysis. This data set is downloaded from The Cancer Genome
Atlas (TCGA) which is a comprehensive platform for researchers. It is possible
to explore and download data sets among thousands of publicly available sources
by using TCGA platform (69). We dowloaded sequencing reads of 20, 531 known
human RNAs belonging to 1,020 RCC patients. The patients were splitted into
the three most common sub-categories (70); kidney renal papillary cell (KIRP),
kidney renal clear cell (KIRC) and kidney chromophobe carcinomas (KICH) with
sample sizes 606, 323 and 91, respectively.

We also used lung cancer data which is downloaded from TCGA plat-
form. This data set contains mapped read counts of 20, 531 known human RNAs
belonging to 1,128 lung cancer patients. The patients were diagnosed into two
distinct classes of lung cancer which are lung adenocarcinoma (LUAD) and lung
squamous cell with carcinoma (LUSC) with sample sizes 576 and 552, respec-
tively. We did not use lung cancer data for classification purpose; however, it is

used to generate mean-variance trend plots as given in section 2.4 (Figure 2.2).
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4. RESULTS

In this chapter, we reported the results for both simulation study and real
data sets. All the analyses were performed in R programming language version
3.5.0. We performed classification analysis for both simulated and real data,
however, clustering analysis were performed only for real data sets. We used
three RNA-Seq data sets as described in section 3.9 except lung cancer data.
Results for simulation study and real data are given in details in sections 4.1 and
4.2 respectively. Total number of features for real data sets after pre-filtering
steps were below 1000 for two data sets except kidney cancer data. For this
reason, we were not able to compare the effect of number of selected features on
classification accuracy. Hence, we selected all features for data sets whose number
of features were below 1000, and top 2000 features were selected by maximum
variance filtering for kidney cancer data.

In clustering part, we reported the results for real data sets because we
did not performed a simulation study for clustering. We followed the same pre-
filtering steps for clustering and filtered features were used to build clustering
models. Samples are clustered using k-means, hierarchical, negative binomial
and Poisson clustering algorithms. Transformed values were used within hierar-
chical and k-means clustering while normalized counts were used within Poisson
and negative binomial clustering. Raw counts were transformed using vst, log-
cpm and logarithm of deseq normalized counts. Clustering performances were

evaluated using adjusted Rand index and average silhouette measure.
4.1. Simulation Results

Simulation results are given in Figures 4.1 — 4.6 for number of classes 2 and
3, and differential expression rates 1%, 5% and 10%. The number of samples are
presented in each row while overdispersion parameters are presented in columns
on each figure. Hence, each panel of figures corresponds to a sample size overdis-
persion combination defined as ‘sample size:overdispersion’. For example, top left
panel of Figure 4.1 shows the results when sample size is 40 and overdispersion
is 1 which is shown as 40:1. The amount of overdispersion descreases as moving
from left to right, and sample size increases as moving from top to bottom. Each
method is given on x-axis where the number ‘2’ in x-axis labels represents power
transformation for PLDA and NBLDA algorithms, and variance stabilizing trans-
formation for NSC algorithm. Test set accuracies are shown with error bars and

the effect of selected number of features are presented with different line types
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within each classifier. We truncated upper limits at 1 and lower limits at 0 if
upper and/or lower limits exceeds the interval [0, 1].

The amount of differential expression rate, sample size and number of
selected features are positively correlated with model accuracies. As differential
expression rate increases, the number of features which are differentially expressed
between classes also increases. As a result, classifiers are able to select differen-
tially expressed features and better discriminates between classes. Since there are
thousands of features in simulated data sets, we selected a subset of all features
due to computational cost. As the number of selected features for each subset
increases, model accuracies also increases because it is more likely to include more
differentially expressed features in a subset when subset sizes increases. Sample
size for training set also has positive effect on model performances. As sample
size of training and test set increases, model performances also increases. How-
ever, its effect on model performances are negligible for moderately and slightly
overdispersed data sets. Furthermore, the effect of sample size on model perfor-
mances decreases as differential expression rate increases. Results showed that
increasing sample size when differential expression rate is low has greater impact
on model performances compared to high differential expression rate.

The number of classes and amount of overdispersion, on the other hand,
are negatively correlated with model accuracies. Test set accuracies decreases as
the number of classes increases since classifying (or clustering) two classes is easier
and simpler. Overdispersion has a great effect on model accuracies. Although
classification models give very similar results when data set is moderately or
slightly overdispersed, test set accuracies significantly decreases when data is
highly overdispersed (Figures 4.1 and 4.4).

We compared 10 different classifiers on each data set. These classifiers
include discrete classifiers (e.g PLDA and NBLDA) and continuous classifiers
fitted to transformed counts (e.g NSC and voomNSC). In general, discrete classi-
fiers performed better comparing to continuous classifiers. Among discrete clas-
sifiers, NBLDA performed better than PLDA when data is highly overdispersed.
This result is as expected since NBLDA takes overdispersion effect into account.
However, as sample size and differential expression rate increases, NBLDA and
PLDA gives very similar results even for highly overdispersed data. For example,
NBLDA and PLDA performs similar for simulation combination ‘100:1” when dif-
ferential expression rate is 10% (Figure 4.3). However, NBLDA performs better
for the same simulation combination when differential expression rate is 1% (Fig-

ure 4.1). This might be due to number of differentially expressed features that
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are included in the model. When differential expression rate is 1%, 100 out of
10000 features are expected to be differentially expressed between classes. How-
ever, each model includes at least 500 features in the model where a major part of
all features are redundant for classification, i.e features that do not contribute to
discrimination. For this reason, it is important to remove redundant features and
decrease model complexity in order to obtain better model performance. Sparse
classifiers are able to select an optimal feature subset by using built-in variable
selection criteria. It can be seen from Figures 4.1 and 4.4 that sparse versions of
NBLDA and PLDA performed better. Finally, a power transformation is applied
on raw counts and model performances were slightly increased (see NBDLA2
and PLDA2 in figures). Although power transformation and sparse classifiers in-
crease model performances for both NBLDA and PLDA, using sparse classifiers
rather than power transformation has better effect on model performances. Per-
formance of microarray based classifiers were slightly below discrete classifiers.
Among these classifiers NSC and vNSC performed similar.

In conclusion, classification models was comparable in terms of prediction
accuracy when differential expression rate was low and overdispersion was high.
However, all models performed similar as data became less overdispersed and

more features were differentially expressed (Figures 4.2 and 4.5).
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4.2. Real Data Results

Real data sets were analysed using the same workflow of simulation study
as given in section 3.6 (Figure 3.2). First, we split data into two parts as 70% and
30% for train and test sets. Next, raw counts were pre-filtered using minimum
count and near zero variance filtering, normalized and transformed using the
similar methods as in simulation study. Threshold is selected as 50 for minimum
count filtering, and features whose total mapped read counts are below threshold
were removed. Finally, we fit pre-filtered, normalized and transformed data to
selected classifiers and obtained test set accuracies. We repeated whole process
100 times and evaluated mean accuracies and sparsities for each model.

Overdispersions are estimated from complete data (i.e before splitting data
as test and train sets) using the mean-variance relationship of negative binomial
distribution. The total number of features for cervical cancer, alzheimer disease
and kidney cancer data sets were 714, 2801 and 20531, and the total number of
features after pre-filtering were 487, 703 and 19305 respectively. An important
part of features for cervical and alzheimer data is removed in pre-filtering step.
We used normalized counts in order to remove effect of sequencing depth, and
the gene-wise overdispersions are estimated from normalized counts. We also
calculated the percentage of features in each data set whose overdispersion esti-
mates exceed 1, i.e the threshold level for high overdispersion. Figure 4.7 shows
the distribution of estimated gene-wise overdispersions for each data sets after
pre-filtering and normalization. This figure is generated after upper 2.5% of the
estimated overdispersions are trimmed since few extreme overdispersion estimates
yields ugly scaled plots on x-axis. Results showed that 89.1%, 22.1% and 41.8%
of all features have highly overdispersed read counts for cervical, alzheimer and
kidney data sets respectively. We can say that cervical cancer data is the most

overdispersed while alzheimer data is the least overdispersed.

Cervical Alzheimer Kidney
0.100 ——

10 0075

0.050

05
0.05 -
0.025
0.00 - 0.0 0.000 —l_'_‘;

0 10 20 30 0 1 2 3 0 40 80 120

Density

Gene-wise overdispersion estimates

Figure 4.7. Gene-wise overdispersion estimates for real data sets

Classification results for cervical cancer data is given in Figure 4.8. Accord-
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ing to the results, negative binomial classifiers performed the best. Classification
accuracies increased when power transformation was performed on normalized
counts for PLDA and NBLDA classifiers. However, the effect of power transfor-
mation was greater for PLDA than NBLDA.

0.9 4

0.8

Accuracy

0.7

0.6

PLDA  PLDA2 sPLDA sPLDA2 NBLDA NBLDA2 sNBLDA sNBLDA2 NSC2  VNSC
Classifier

Figure 4.8. Classification results for cervial cancer data

In addition to test set accuracies, we compared the sparsity of sparse
classifiers. The distribution of selected features for each sparse classifier is given
in Figure 4.9 over 100 repeats. Power transformed classifiers were more sparse
for PLDA and NBLDA. Among sparse classifiers, voom-based NSC (vNSC) was
the most sparse classifier. When classifiers were evaluated according to accuracy
and sparsity measures, we found that power transformed sparse NBLDA was the

best classifier for cervical cancer data.
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Figure 4.9. Sparsity results for cervical cancer data
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(Classification results for alzheimer disease data are given in Figures 4.10
and 4.11. Although alzheimer data is the least overdispersed data set among
others, PLDA gave the worst classification accuracy unless power transformation
was performed. When power transformation was performed, PLDA and NBLDA
classifiers performed very similar. Furthermore, NSC and vNSC classifiers were
also performed similar to NBLDA classifiers. Figure 4.11 showed that voom and
variance stabilizing transformation based classifiers were more sparse than count
based classifiers. Among sparse classifiers, vNSC was the most sparse classifier

for alzheimer disease data.
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Figure 4.10. Classification results for Alzheimer disease data

sPLDA sPLDA2 sNBLDA
12 125
6
10.0
94
4 - 7.5 4
6
5.0 4
2 1
3 25 -
0 0 el 0.0 4 [ =]
.-? 0.00 025 050 075 1.00 000 025 050 075 1.00 0.00 025 050 075 1.00
7]
&
[= sNBLDA2 NSC2 VvNSC

6 -

4-
1 i

) 2 FH‘M

i P, ] 0- [

000 025 050 075 1.00 0.00 025 050 075 1.00 000 025 050 075 1.00

Sparsity

Figure 4.11. Sparsity results for Alzheimer disease data

In kidney cancer (renal cell carcinoma) data set, negative binomial models

performed the best while vVNSC performed the worst. It can be seen from Figure
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4.12 that NBLDA classifiers were better than PLDA classifiers as in alzheimer
disease and cervical cancer data sets. Sparse classifiers, except vNSC, were not
able to select a subset of all features for kidney cancer data (Figure 4.13). vNSC
algorithm was used approximately 6% of all features in the classification; however,

test set accuracy was lower comparing to other classifiers.
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Figure 4.12. Classification results for kidney cancer data
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Figure 4.13. Sparsity results for kidney cancer data

We summarized classification results of all classifiers for three real data
sets in Table 4.1. For cervical data set, sparse NBLDA classifier with power
transformation was the best classifier with a classification accuracy of 0.94, and
included only 36.3% of all features after pre-filtering. For alzheimer disease data,
NSC and NBLDA algorithms performed very similar. Finally, for kidney cancer

data set, negative binomial models performed the best. We also reported feature
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selection results and class information for each data set in this table. On the
average, 455.2, 634 and 2000 features remained after pre-filtering step for cervical,
alzheimer and kidney data sets respectively. Furthermore, alzheimer and kidney
data sets were imbalanced within classes. Class imbalance ratios were 2.18 for
alzheimer data and 6.62 for kidney data.

Table 4.1. Classification results for real data sets

Cervical Alzheimer Kidney

Number of features

Raw data 714 2801 20531

Pre-filtered (Avg.) 455.2 634 2000
Class sizes 29/29 22/48 91/323/602
Class ratios 1:1 1:2.18 1:3.55:6.62
Models Accuracy Sparsity Accuracy Sparsity Accuracy Sparsity
PLDA 0.8759 0.4880 0.8630
PLDA2 0.9253 0.7620 0.8778
sPLDA 0.8729 1.0000 0.4860 1.0000 0.8619 1.0000
sPLDA2 0.9094 0.2990 0.7620 1.0000 0.8778 1.0000
NBLDA 0.9400 0.7830 0.8997
NBLDA2 0.9453 0.7870 0.9045
sNBLDA 0.9312 1.0000 0.7030 1.0000 0.8999 1.0000
sNBLDA2 0.9400 0.3630 0.7690 1.0000 0.9025 1.0000
NSC2 0.9189 0.2850 0.7890 0.3120 0.8800 0.9840
vNSC 0.8847 0.0543 0.7780 0.0375 0.8442 0.0600

* Accuracies are given as mean and sparsities are given as median of 100 repeats.

Clustering results of each real data set are given in Table 4.2. Nega-
tive binomial and Poisson clustering performed better for cervical and kidney
data because these data sets are highly overdispersed (Figure 4.7). However,
alzheimer data is poorly clustered using clustering algorithms based on discrete
distributions. Hierarchical clustering on vst and log2-normalized counts was the
best model for alzheimer data. Clustering performances may be affected by not
only overdispersion but also selected linkage method, number of samples, number
of features, distance measure etc. Hierarchical, negative binomial and Poisson
clustering results in Table 4.2 were obtained using average linkage method, and
euclidean distance is used as dissimilarity measure.

According to adjusted Rand index and silhouette measure, clusters for
alzheimer data was not well separated. However, clusters for cervical and kid-

ney data sets were quite separable. This can be graphically shown by using
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Table 4.2. Clustering results for real data sets

Cervical Alzheimer Kidney

Number of features

Overall 714 2801 20531

Pre-filtered 488 703 2000
Class sizes 29/29 22/48 602/323/91
Models Rand  Silhouette Rand  Silhouette. Rand  Silhouette
K-means

log2-normalized  0.6793 0.1550 0.1490 0.1569 0.2726 0.1153

vst 0.6793 0.1537 0.1248 0.1670 0.6250 0.2463

log-cpm 0.0596 0.3257 0.0031 0.2232 0.5783 0.2118
Hierarchical

log2-normalized  0.5680 0.1386 0.1691 0.1622 0.5888 0.2353

vst 0.5680 0.1367 0.1691 0.1682 0.6200 0.2448

log-cpm 0.0094 0.2701 0.0145 0.2344 0.5970 0.2175

Neg. Bin. (edgeR) 0.6224 0.1321 0.1493 0.1513 0.5910 0.2405
Poisson
Transformed 0.2575 0.2517 0.0348 0.4065 0.5853 0.3937
Untransfromed 0.5683 0.3704 0.036 0.6922 0.6173 0.3368

* Adjusted Rand Index and Average Silhouette measures are reported.

2-dimensional principal component plots for vst transformed values. Figure 4.14
also showed that two clusters, diseased (AD) and control groups (C), are not well
separated for alzheimer data set. However, two distinct clusters can be seen for
cervical cancer data set. There were three subgroups for kidney cancer data set
where KIRP was the largest and KICH the smallest subgroups in terms of sample
sizes. Although there were three distinct clusters for kidney data (Figure 4.14c),
an important part of samples from KIRP group was incorrectly clustered with
KICH group. In conclusion, KIRP and KICH clusters were moderately separable
while KIRC cluster was quite separated from other clusters.

Another useful graphic which can be used to evaluate clustering perfor-
mances is silhouette graph. This graph shows silhouette measures of each sample
which represents how well each object assigned to its cluster. Figure 4.15 shows
silhouette graphs for vst transformed values of cervical and alzheimer data sets.
We use silhouette graph to visually assess cluster quality. A cluster is well defined
if silhouette measures of subjects belonging to this cluster are large. Although we
obtained high adjusted rand index for cervical than alzheimer data, within cluster
qualities was slightly higher for alzheimer data. Hence, adjusted rand index and

silhouette measures should be evaluated together. Adjusted Rand index can be
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Figure 4.14. Principal components plot for vst transformed values.
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Silhouette plot of cervical data
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Figure 4.15. Silhouette plot for vst transformed values of cervical and alzheimer

data.

used to measure how accurate clustering method is while silhouette measures can

be used to measure within cluster consistency.
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5. DISCUSSION

Microarrays and RNA sequencing are two popular and widely used tech-
nologies for gene expression studies. Microarray technology is cost effective while
RNA sequencing generates less noisy data. Moreover, RNA sequencing is more re-
cent technology so that statistical approaches which are specifically developed for
classification and clustering of RNA sequencing data are limited. In this thesis,
we studied several machine learning algorithms for clustering and classification
of RNA sequencing data. In bioinformatics, RNA sequencing data is generally
used to detect differentially expressed genes between some conditions, i.e diseased
versus healthy, subtypes of a cancer etc. Furthermore, gene expression data can
be used for early diagnosis of cancer via classification algorithms, or unknown
subgroups can be discovered via clustering algorithms. With the recent devel-
opments in gene expression studies, discriminating between conditions by using
machine learning algorithms became research of interest.

Classification and clustering of RNA sequencing data is not straightfor-
ward as in statistics due to distributional and technical limitations of sequencing
technology. Raw RNA sequencing data should be prepared for downstream anal-
ysis using several normalization and/or transformation techniques. When data
set is preprocessed and ready for classification or clustering, it can be analyzed
using one of proposed machine learning algorithms. As can be seen, final results
depends on several factors such as selected preprocessing method and machine
learning algorithm. For this reason, we investigated the effect of several param-
eters (e.g sample size, differential expression rate, overdispersion, etc) on model
accuracies. We selected count based (NBLDA and PLDA) and continuous clas-
sifiers (NSC and vNSC) in the analysis. A comprehensive simulation study is
conducted to make a detailed comparison between classifiers. Moreover, we used
real data sets and compared results with simulation study.

In a real RNA sequencing experiment, the number of features is generally
large. For example, an RNA sequencing experiment may consist of 20531 fea-
tures if all of known human RNAs are sequenced. Simulated data consist of 10000
features and changing number of samples in order to reflect real RNA sequenc-
ing experiments. Working with high dimensional data arises several drawbacks.
As the number of features and samples increases, the total computation time
for analyzing gene expression data also increases dramatically. Machine learn-
ing algorithms may be negatively affected from high dimensionality which results
in low model accuracies. To overcome this problem, sparse classifiers might be

preferred or a feature selection can be performed before training machine learn-
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ing algorithms. We used a hybrid strategy to handle this problem by selecting
a subset of all features at first and using selected subset with both sparse and
non-sparse classifiers. Another drawback of including all features in the model is
that an important part of all features will be included in the classifier even if they
do not contribute to discrimination. Hence, it is crucial to work with an optimal
feature subset contributing to discrimination (or clustering) function. Different
approaches can be used to select a subset of all features such as differential expres-
sion and maximum variance filtering. Differential expression analysis aims to find
features whose expression levels are significantly different between groups. We
selected top 500, 1000 and 2000 features by maximum variance filtering. Features
are sorted by their variances in descending order and top features are selected.
However, maximum variance filtering might ignore the effect of sequencing depth,
and deeply sequenced features might be frequently selected. We did not aim to
find differentially expressed features and all classifiers worked under the same
conditions. Selecting features by differential expression analysis could have in-
creased overall model accuracies; however, we believe that ordering of classifiers
by model accuracies might be similar. For a better conclusion, similar simulation
study can be performed by considering differential expression analysis in place of
maximum variance filtering. We leave this as a further research topic.
Overdispersion is another important parameter which can significantly
change accuracy of classifiers. We considered three different levels of overdis-
persion parameter, e.g low, medium and high. Overdispersion increases as more
biological replicates are sequenced. In this case, NBLDA performs better than
any other classifier since it takes overdispersion effect into account. When data is
overdispersed up to moderate level, a power transformation can be performed to
obtain approximately symmetrically distributed gene expression data. Although
power transformation is proposed for PLDA, we extended it to NBLDA and ob-
served that model accuracies increased for both PLDA and NBLDA when power

transformation is applied.
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6. CONCLUSION

In simulation study and real data examples, we studied several classi-
fiers. Among the selected classifiers, NSC and PLDA were sparse models. These
classifiers have built-in variable selection criteria which aims to select optimal
subset of given features. Although external feature selection criteria can be ap-
plied, some of selected features still may not contribute to discriminant function;
hence, these features are eliminated within sparse classifiers. This is important
when true number of differentially expressed features are very small. The amount
of differentially expressed features is controlled by differential expression rate in
our simulation study. We set overall differential expression rate as 1%, 5% and
10%. Under the worst scenario, we expect that 100 out of 10000 features to be
differentially expressed between conditions. Hence, remaining part of selected
features could be removed by sparse classifiers and model performances can be
increased. Our simulation results showed that sparse PLDA generally performed
better than non-sparse PLDA. We proposed a sparse version of NBLDA in this
thesis. Like PLDA, sparse NBLDA outperforms non-sparse NBLDA. However,
sparsity of NBLDA was lower than PLDA due to overdispersion effect. NSC,
as being continuous classifier, was the most sparse model; however classification
accuracy was relatively lower than discrete models.

Real data results agree with the simulation results. Cervical cancer and
kidney cancer data sets were highly overdispersed while Alzheimer disease data
set was moderately overdispersed. As a result of overdispersion effect, negative
binomial models (NBLDA, NBLDA2, sNBLDA and sNBLDAZ2) performed better
comparing to PLDA and continuous classifiers for kidney cancer and cervical
cancer data sets. However, discrete and continuous classifiers performed similar
for Alzheimer disease data set as a result of moderate overdispersion. The amount
of sparsity was generally lower for NSC and vNSC algorithms. In conclusion,
simulation and real data results showed that discrete classifiers are better in
prediction performance when data set is overdispersed. Continuous classifiers
should be preferred for slightly or moderately overdispersed data sets. Finally,
NSC algorithm can be preferred when sparsity criteria has higher priority than
prediction accuracy.

Clustering can be performed on samples, features or both. Samples are
clustered when exploring unknown subgroups (e.g disease subtypes) is of interest
while features are clustered when exploring features with similar gene-level activi-
ties is of interest. Furthermore, features and samples are clustered simultaneously

in order to explore features which are associated with different subgroups. In this
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thesis, we focused on the latter condition. We did not conduct a simulation study
for clustering part due to two reasons: (i) the number of features were high yield-
ing that dissimilarity matrices were not able to be calculated while features were
being clustered, and (ii) clustering analyses were computationally intensive due
to the dimension of simulated data. Therefore, clustering is performed only for
real data sets using k-means, hierarchical, negative binomial and Poisson clus-
tering methods. Like classification, discrete and continuous clustering algorithms
were selected and compared with each other. We found that discrete models
and continuous models based on vst transformed values gave similar clustering
performances. However, clustering performances may be affected by selected sim-
ilarity /dissimilarity measures, number of features, number of samples etc. There-
fore, we were not able to make a generalization of clustering model performances
unless it is supported with a comprehensive simulation results. We leave this as
a further research topic.

Over the last twenty years, sequencing platforms evolved rapidly and lots
of statistical methods have been proposed for analyzing gene expression data.
For example, as sequencing platforms able to produce longer reads, say average
read length of 1000 nucleotides, current methodology might lack of power during
the analysis. Furthermore, experimental and technical advances require new and
novel statistical approaches for differential expression, classification and cluster-
ing. According to the results, we conclude that modeling RNA sequencing data
with discrete models generally performed better than working with continuous
models for transformed raw counts. We proposed a novel extension of NBLDA
to sparse model by truncating overdispersion parameter at a given threshold.
However, this proposal can be modified by using soft thresholding algorithm for
overdispersion and differential expression parameter simultaneously. In clustering
part, it is possible to extend Poisson dissimilarity measure to negative binomial
case; hence, negative binomial clustering approach can be proposed for clustering
RNA sequencing data without a transformation. We leave these two topics as

further researches.
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