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Abstract

Genomics lies at the crossroad of the genetics, biomedical sciences and information technologies. It holds great promises for the future of medicine because it
has the potential of discovering the genetic origins of thousands of diseases. The
principal challenge faced in genomics is that people having biomedical expertise
often do not have access to the data, making it impossible for them to interpret
results. This bottleneck is mainly due to the IT component of genomics. The solution is to enable those experts to access and interpret the information enclosed in
the ensemble of genomes by providing them with tools that can be easily manipulated by persons without a computer science background. In this master thesis
we focus on the integration of genomic data to such a tool. We enrich the tool by
adding preprocessing methods enabling the analysis of more genomic data. We
consequently use the data in an analysis and conclude that the integrated methods
offer an interesting perspectives for the combination of different genomic data
types.
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Samenvatting

Genomica ligt op de kruising van de genetica, de biomedische wetenschappen en
de informatietechnologiëen. Het is een veelbelovend vakgebied dat een enorm impact kan hebben op geneeskunde door zijn potentieel om genetische oorzaken te
ontdekken voor duizenden ziektes. De grootste uitdaging voor de genomica is dat
de mensen die de biomedische expertise hebben om data te interpreteren weinig
toegang tot die data hebben. De oorzaak van dit probleem ligt voornamelijk bij de
IT component van de genomica. Een oplossing zou zijn om de biomedische experts de toegang te geven tot de informatie omvat in de verzameling van genomen
aan de hand van hulpmiddelen die gemakkelijk hanteerbaar zijn voor mensen die
geen computer wetenschappelijke kennis hebben. In deze masterproef besteden
we onze aandacht aan het integreren van genomische data in dergelijk hulpmiddel. We voegen preprocessing methoden toe waardoor het analyseren van meer
genomische data mogelijk wordt. Vervolgens gebruiken we deze data in een analyse en concluderen we dat de toegevoegde methoden interessante perspectieven
aanbieden voor het combineren van verschillende genomische datatypes.
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CHAPTER 1

Introduction

Genomics, is an established discipline of genetics that aids from Bioinformatics to infer biological knowledge by sequencing, assembly and analysis of part
or whole genome. The amount of publicly available genomic data is incredible
after all these years of study. Microarray is a well-established technology for genomic data but since a few years new technologies emerge and become more and
more popular like RNA-Sequencing. The problem is that all these years people
invested in microarray data and it is now unthinkable to throw this data away.
Therefore scientists are now developing methods for combining those different
data types.
Another but related problem is that the data is not often accessible to the people
having the expertise for interpreting the biological results. Those people do not
have the necessary background for being able to organize such amount of data.
Some tools aim at making data available in a consistent and comprehensive way.
One of these tools has been developed by a spin-off company from the VUB and
ULB named InSilico DB. InSilico DB consists of a web-based genomic dataset
hub (Coletta et al., 2012) that enables users to manage lots of genomic data in a
user-friendly way. They have organised around 200.000 samples from the public
domain. The datasets have biological curations and have been preprocessed using
a consistent methodology enabling users to perform immediately analysis using
the data.
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InSilico DB supports various data type including microarray and RNA-Seq. These
data types are preprocessed in different ways. Microarray data is currently preprocessed with a robust method using a training dataset as reference for the normalization of data. The downside of this method is its unavailability for a large
number of microarray datasets provided by InSilico DB. The preprocessing of
RNA-Seq relies mainly on the alignment of observed read sequences to the reference genome. The alignment can be very time consuming because of the Big
Data generated from RNA-Seq experiments. In this master thesis we enrich the
tools provided by InSilico DB by integrating additional preprocessing techniques
for making more data available and by using a Big Data framework for speeding
up the preprocessing of RNA-Seq data.

1.1

Objective of the master-thesis

InSilico DB preprocesses its microarray datasets using the frozen Robust Multiarray Analysis (fRMA)(McCall et al., 2010) preprocessing method. FRMA normalizes the microarray data making the combination of different datasets in one
analysis possible. But the preprocessing needs a precomputed dataset for being
able to normalize the microarray correctly. The drawback of the fRMA method
resides in the fact that the precomputed data can only be obtained by making a
reference dataset of biological diverse samples. Obtaining a large quantity of biological diverse samples is only possible for popular microarray platforms, making
normalization of microarray samples for less popular platforms impossible.
Two recent preprocessing techniques solve the necessity of a reference dataset.
The first method, Single Channel Array Normalization (SCAN) (Piccolo et al.,
2012) uses intrinsic information of the sample for estimating the background noise
and normalizing the microarray data. Since the SCAN method only uses information from the sample itself, it allows to preprocess all the Affymetrix datasets
from InSilico DB. The second method, Universal exPression Code (UPC) (Piccolo et al., 2013), uses a similar model than SCAN for microarray data but supports a larger variety of data types making it a good option for combining datasets
originating from different technologies like microarray and RNA-Seq.
The major focus of this master thesis is to enrich InSilico DB with the above cited
preprocessing methods and to create an experimental genomic pipeline for generating UPC values for the RNA-Seq data type. RNA-Seq data files are usually
heavy and can be categorized as being Big Data. Also aligning RNA-Seq reads
to a reference genome can be time consuming. This Big Data has to be stored in
a framework able to manage and process the data as fast as possible. The frame13

work we chose to use in this master thesis is the open-source Apache Hadoop
project. Hadoop aims at storing huge numbers of large datasets on clusters and
allow to process them in parallel. The Hadoop framework will be used to store
the RNA-Seq files and speed up the computation of the RNA-Seq reads alignment
parallelizing the computation.
The last important aspect of this master thesis is the analysis part. We use all the
methods integrated to InSilico DB for performing Machine Learning experiments.
These experiments comprise the benchmarking of the integrated preprocessing
methods and an analysis for finding differentially expressed genes.

1.2

Outline dissertation

In the chapter 2 we explain the biological background necessary for understanding what genomic data is about. We explain among others the different methods
for obtaining gene expression data. Chapter 3 details the preprocessing methods
implemented in InSilico DB and the batch effect removal methods used in this
master thesis. Chapter 4 lays the foundations for the methods by detailing the
Big Data component of this master thesis. We used Hadoop as Big Data environment and give a concise overview of two of its components, namely, the Hadoop
Distributed File System and Hadoop MapReduce. In the methods chapter 5, we
explain how we enriched the genomic pipeline of InSilico DB with new preprocessing methods. We also use the knowledge acquired in chapter 4 for speeding
up the computation of a sequence aligner for enabling a much faster computation
of the Big Data. Machine Learning experiments for benchmarking and analyzing
the genomic data using combinations of preprocessing and batch effect removal
methods are described in chapter 6. We end this dissertation with the conclusions
and future work in chapter 7.
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CHAPTER 2

Biological Background

In this chapter we explain the biological context of the gene expression data used
in this master thesis. The content of the first section is based on the book ”Understanding bioinformatics” of Zvelebil and Baum (2007). The DNA microarray and
RNA sequencing technologies for obtaining the gene expressions are also introduced.

2.1

Gene expression

Every living organism are made of at least one cells. For eukaryotic cells, the
nucleus can be seen as the command center and contains the DNA molecules that
encode the genetic information. DNA is a double-stranded helix-shaped structure
where each strand is a chain of nucleotides that consists of four different bases:
adenosine (A), cytosine (G), guanine (G) and thymine (T) . The bases adenosine
and thymine are complementary bases and bind together, likewise for cytosine
and guanine. These complementary bindings hold the double helix structure together.
Genes are regions of the DNA molecules that encode information about some
characteristics of the organism, for example the hair color or important process
that keeps the organism alive. For the cell to work, the genetic information held
15

by the genes must be synthesized into proteins. Proteins are molecules made
of amino acids and perform almost every task inside an organism. Synthesizing
proteins from DNA happens in two steps:
1. Transcription: The genetic information from the DNA molecule is transcribed into a special ribonucleic acid (RNA) molecule called messenger
RNA (mRNA). The task of mRNA is to carry the genetic information outside the nucleus. RNA is a chain of bases arranged in groups consisting of
3 nucleotides, called codons. Uracil (U) replaces thymine in RNA and is
also complementary with adenosine.
2. Translation: When the mRNA leaves the nucleus it goes into the cytoplasm
where a ribosome decodes the carried information and produces an aminoacid chain that is subsequently folded into a protein.

Figure 2.1: Central dogma of molecular biology. Replication (DNA synthesis):
The DNA strands are separated during cell division and become blueprints for the
synthesis of new complementary strands. Transcription (RNA synthesis): DNA
is copied into mRNA. Translation (protein synthesis): mRNA is translated into a
chain of amino acids, which are the building-blocks of proteins. Each codon in
the mRNA corresponds to a specific amino acid.
Theses steps are part of the central dogma of molecular biology (Crick et al.,
1970). The process of synthesizing proteins from DNA is called gene expres16

sion. It is important to note that not all the genes are expressed at the same time
(only those required for producing the required proteins are expressed) and that
the quantity of mRNA in a cell determines the level of gene expression in this
cell.
Researcher came with ingenious ideas for measuring the mRNA level. Two popular methods for measuring the expression level of multiple genes simultaneously
are the DNA microarray and RNA sequencing technologies. In following section
we will describe how microarrays are designed and how they are able to measure
the mRNA level of each gene. We also detail some preprocessing methods for
normalization of microarray data. RNA sequencing will be briefly explained in
section 2.3.

2.2

DNA Microarray

InSilico DB possess mainly Affymetrix microarrays (Lockhart et al., 1996) data.
A DNA microarray (or simply microarray) is a solid surface (i.e. glass) with DNA
fragments fixed onto it. These DNA fragments are short sequences from a gene of
interest and are called probes. Every probe is positioned in a collection of probes
having similar nucleotide sequences. This collection is referred to as probe set
and determines the gene expression of a specific gene. Affymetrix arrays typically have probes consisting of 25 nucleotides (Lipshutz et al., 1999). There exist
two different kind of probes on an Affymetrix microarray, namely, the perfect
match (PM) and mismatch (MM) probes. Each PM probe is paired with a MM
probe. The PM probe still represents a part of a gene sequence. The MM probe
has the same sequence as the PM probe except for its central base (13th base).
The MM probe aims to measure background noise and non-complementary bindings. Important to note is that there exist a lot of different microarray designs.
One microarray can be designed with i.e. a smaller amount of probe sets than
another microarray. Microarrays with the same design are said to be of the same
microarray platform.
Obtaining gene expressions from microarrays can be summarized by the following
steps (Lockhart et al., 1996):
1. Target sample preparation: mRNA is extracted from the target sample
and fluorescent-labelled.
2. Hybridization: The mRNA binds with complementary probes on the DNA
microarray. This binding process is called hybridization. The microarray
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is washed and only the DNA fragments that are hybridized remain on the
array.
3. Scanning: Laser-based scanners detect where the hybridization occurred
by checking fluorescent spots on the array. The signal strength emitted by
the spots indicates the intensity of the hybridization. The intensity values of
the probe sets are determined by observing the intensity of hybridization at
their respective location on the microarray .
The data resulting from the extraction are stored in CEL files and stores the intensity values of the probes.

Figure 2.2: Hybridization of probes in DNA microarrays. Show fixed probes on
the surface of an array before hybridization (left side of the figure) and after hybridization (right side). There are two cases after hybridization: the mRNA from
the sample has bound with a complementary probe or it does not bind with a complementary probe. Non-complementary bindings occurs between DNA fragments
that are similar but not identical and is referred to as cross-hybridization.
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2.3

RNA Sequencing

RNA sequencing or RNA-Seq (Nagalakshmi et al., 2008) is a next-generation sequencing approach that is used for quantifying the gene expressions levels. The
RNA-Seq method works as pictured in Figure 2.3 (Wang et al., 2009). The
mRNA transcript (extracted from the sample) is converted into cDNA fragments.
Sequencing adaptors are added to both ends of the cDNA fragments. A highthroughput sequencing method is used for obtaining the short sequence reads. The
short-reads are obtained from one-end (single-end reads) or both ends (paired-end
reads) of the fragments. These reads are aligned with the reference genome or
reference transcripts and are classified in three different types: junction reads, exonic reads and poly(A) end-reads. These tree types determine the gene expression
profile of the sequenced sample.

Figure 2.3: Working of the RNA-Seq method. Image taken from (Wang et al.,
2009)
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There are two different approaches for reconstructing the transcripts from RNASeq reads(Haas and Zody, 2010). The first approach is called the assemble-thenaligns or the de novo approach. It first assembles the reads and then align them
to the reference genome. The second approach does the opposite. It first aligns
the reads to the genome and then assembles the aligned reads. Hence the name of
the align-then-assemble approach. InSilico DB reconstructs the transcripts using
the align-then-assemble approach. The software used in InSilico DB for aligning
the reads to the reference genome is TopHat (Trapnell et al., 2009) and Cufflinks
(Trapnell et al., 2010) is used for assembling the transcripts.

2.3.1

FASTQ file format

The FASTQ files format contain records representing the short read sequences and
a corresponding quality score. Each record consists of four lines in the file. An
example of a record is:
@SEQ ID
GCCGAGATCTTTCTCCCACCATGGCCTGAAGAGGCTTGGTGGACCCCGAT
+
HHHHEHBHAEDFHHEHHEHEEEHH@HHHHHHGEEHEGHEHCGHAHEHEH
The definition of a record in a FASTQ file is as follows (Cock et al., 2010):
First line: @ character followed by the identifier of the sequence. It is optionally
followed by a description.
Second line: Represents the read sequence. The sequence is composed of the
bases (for the DNA the bases are A, C, G, T).
Third line: The third line is a + character, optionally followed by the same sequence identifier and description as in the first line. This line serves to
denote the end of the sequence and the beginning of the qualities.
Fourth line: Represents the quality scores of the corresponding bases in the sequence. The qualities are encoded as ASCII characters. The first character
is the quality of the first base, the second character of the second base, and
so on. These quality scores indicates the probability that the corresponding
base is incorrect. The lower the quality score, the higher the probability the
base is incorrect. There exist different quality score formats, each mapping
to another range of ASCII characters. For example, InSilico DB uses the
Sanger format which has for lowest quality the ASCII character ! (score 0)
and as highest quality the characters I (score 40).
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Another important thing about FASTQ files is that there are two sorts of FASTQ
files:
Single-end FASTQ file: A single-end FASTQ file contains the sequence data obtained during a RNA Sequencing experiment that sequenced only one of the
ends of the molecules.
Paired-end FASTQ files: Sequence data is stored in two different files when the
RNA-Sequencing experiment sequences both ends of the molecules. The
two resulting files are called paired-end files and each file stores the information of one of the ends. This means both files contain exactly the same
sequences identifiers, but the content of the records is the data of their respective end.

2.4

Summary

The DNA is a chain of nucleotides describing the genetic information of the organism. Regions defining a specific characteristic of the organism are called genes.
Genes are expressed during the synthesis of proteins, which are the molecules performing almost all the functions of the cell. Messenger RNA (mRNA) is produced
during the synthesis of proteins. The quantity of mRNA denotes the level of gene
expression in the cell.
The DNA microarray technology (Lockhart et al., 1996; Lipshutz et al., 1999)
is able to measure the quantity of mRNA in a sample by using the principle
of hybridization. The microarray is a chip that has DNA fragments on its surface called probes. Similar probes are grouped in sets representing a specific
gene. A microarray experiment is performed starting with the preparation of the
to-analyse tissue. Messenger RNA is extracted from the tissue and fluorescent
labelled. This mRNA is hybridized with the microarray probes. Finally the microarray is scanned and the intensity of the hybridization is determined by the
fluorescent signals. This intensity is measured for each probe set and is its raw
gene expression.
RNA-Seq (Nagalakshmi et al., 2008) is a next-generation sequencing technology
for determining the level of gene expression in samples. It converts mRNA into
cDNA and reads in parallel the short read sequences from the adaptors added
to the ends of the cDNA fragments. The read are then aligned to the reference
genome for the reconstruction of the gene expression profile of the sample.
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CHAPTER 3

Bioinformatics Background

In this chapter we explain two important microarray-related concepts. The first
concept is the preprocessing of data. Preprocessing of microarrays is necessary
if one wants to compare data from multiple microarrays. There exist a certain
amount of different techniques like MAS5 (Affymetrix, 2002), RMA and fRMA,
etc. We decided to explain a representative subset of them, namely, RMA, fRMA,
SCAN and UPC. The reason for choosing to explain RMA is because it is a popular preprocessing technique having a lot in common with fRMA. FRMA was
chosen because the InSilico DB database uses this prepocessing technique for its
samples. SCAN and UPC were chosen because those are the preprocessing techniques that have been integrated to the InSilico DB database for the purpose of
this master thesis.
The second important concept is the batch effect. It is a variation caused by combining microarrays data that do not originate from the same batch. In section 3.2.1
we explain what a batch and batch effect really are and how batch effect occurs.
In section 3.2.2 we describe some methods for removing the batch effect.
The InSilico DB stores and is optimized for mainly Affymetrix microarray data.
Thus, every time the term ”microarray” is used in the reminder of this dissertation
we are meaning Affymetrix microarray.
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3.1

Data preprocessing

An essential step in obtaining gene expression values is to preprocess the data. The
preprocessing aims at making different samples usable in analysis by reducing the
noise and normalizing the gene expression values. The focus of this section is
mainly on microarray data, but RNA-Seq preprocessing will also be explained in
section 3.1.5.
The values extracted from DNA microarray experiments are array dependant,
therefore preprocessing the gene expressions is required before any analysis. Most
preprocessing methods consist of three distinct steps (Bolstad, 2004) :
1. Background correction: Adjusts the background noise from the microarray data. Such background noise can be caused by i.e. cross-hybridization.
Cross-hybridization is the non-complementary binding of a DNA strand
from the DNA sample with a probe sequence.
2. Normalization: Removes the non-biological variation from the data. There
a many factors introducing such variations. One example could be that different microarray equipment results in different distributions due to different experimental settings.
3. Summarization: Combines the intensity values from every probe in each
probeset into a gene expression value for the probe set.
Typically, the normalization and summarization steps are multiarray procedures.
Also, the gene expression values are log transformed in every preprocessing method
described below. A lot of different preprocessing techniques exist, therefore only
a small representative subset of them are detailed below.

3.1.1

Robust Multiarray Average

Robust multiarray Average (RMA) (Irizarry et al., 2003a) is a popular preprocessing technique for Affymetrix microarrays. Even if the InSilico DB database
does not preprocess data using RMA, it is important to detail this method before
explaining frozen Robust Multiarray Analysis which is very similar.
Noise is always introduced during a microarray experiment. Therefore RMA begins the preprocessing of the observed probe intensities by correcting the background noise. RMA assumes the probe intensity P M to be a combination of
background noise bg and biological signal s. This is modelled in following equa-
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tion:
P Mijn = bgijn + sijn

(3.1)

with i ∈ 1, ..., I being the microarray wherein probe j ∈ 1, ..., J in probe set
n ∈ 1, ..., N is observed. The goal of the background correction is to obtain the
value of the signal. Since the noisy probe intensity is the only known value, the
background correction function can be defined as a conditional expectation of the
signal given the noisy probe intensity:
B(P Mijn ) = E(sijn |P Mijn ) > 0

(3.2)

where the signal is assumed to be positive. Assuming the distribution of the background noise is normally distributed bg ∼ N (µ, σ 2 ) and the distribution of the
signal is exponentially distributed s ∼ exp(λ). Those assumptions make it possible to derive a formula for E(sijn |P Mijn ) (Bolstad, 2004, p. 17–21).
φ( ab ) − φ( P Mb −a )
E(s|P M ) = a + b a
Φ( b ) + Φ( P Mb −a ) − 1

(3.3)

with a = P M − µ − σ 2 λ, b = σ, Φ(.) being the standard normal distribution
and φ(.) the standard normal density function. This equation reduces the problem
to the estimation of the values of µ, σ and λ in order to obtain the background
corrected value for the probe intensity.
After every microarray has been background corrected separately, the data needs
to be normalized to make different microarrays comparable in analysis. For normalizing the data, RMA applies quantile normalization(Irizarry et al., 2003b)
using all the microarrays simultaneously. It results in equal distributions for
the probe intensities of every microarray and thus make their values comparable.
The last step is to summarize all the probe intensities for every probe set into one
gene expression value for this probe set. The background corrected and normalized probe intensity Y can be described as the true gene expression θ plus an effect
specific to the probe φ and a measurement error . (Irizarry et al., 2003a,b). The
following probe-level linear model describes the summarization problem:
Yijn = θin + φjn + ijn

(3.4)

The indices notation is the same as for 3.1. The probe-specific effect is assumed
P
to have the characteristic jφjn = 0∀n. This characteristic means that all the
probes in the probe set are chosen to be representative of the gene modelled by
the probe set. The goal is to estimate the values of θin which are in fact the
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gene expression values. Estimating the gene expressions is performed by median
polish(Irizarry et al., 2003a), which is a robust method against outliers.
There are a few drawbacks by using multiarray preprocessing methods like RMA
(McCall et al., 2010). First, they need all the data samples to be preprocessed
at once. This means the dataset need to be preprocessed again every time a new
sample is added. Secondly, two datasets preprocessed using the same multiarray
preprocessing method cannot be compared unless they were preprocessed in the
same batch. A batch is a set of samples computed together at the same time. A
more detailed explanation of a batch is given 3.2.1. The normalization step normalizes the probe sets using the data from the batch. It implies that two separately
normalized batches have different distributions for the same probe set and cannot be compared. Methods for removing such variations are introduced in next
section.

3.1.2

Frozen Robust Multi-array Analysis

McCall et al. (2010) proposed the frozen Robust Multiarray Analysis (fRMA)
preprocessing method to address those drawbacks. They created a training data
set by taking datasets from GEO (Edgar et al., 2002) and ArrayExpress (Parkinson et al., 2009), two repositories of publicly available datasets. McCall et al.
selected a large variety of studies and tissue types and generated all the possible combinations. They selected randomly 5 samples from the 170 study/tissue
type combinations resulting in a training dataset of 850 samples. This training
dataset is used as reference distribution and for estimation of probe-specific effects and variances. Those informations are saved (frozen) and used during the
normalization and summarization step, hence the name frozen Robust Multiarray
Analysis.
In the fRMA method, a random-effect model is assumed McCall et al. (2010) for
the summarization of probes:
Yijkn = θin + φjn + γjkn + ijkn

(3.5)

the same parameters and notation is used as in model 3.4 except for the added
notation of different batches k ∈ 1, ..., K and the random-effect parameter γ representing the effect of probes across batches.
This model should be used for the estimation of the frozen components, but fitting
this model is not straightforward. Therefore the RMA model 3.4 is used for fitting
the training dataset and obtaining the estimators φ̂jn and θ̂in . These estimators
are then used to derive residuals from model 3.5: rijkn = Yijkn − θin + φjn .
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The residuals are used for the estimation of the variances of the random-effect
2
2
V ar(γjkn ) = τjn
and the variance of the measurement error V ar(ijkn ) = σjn
.
2
2
The estimators for the probe-specific effect φ̂jn and the variances τ̂jn and σ̂jn are
frozen as components of the fRMA and will be used during the summarization
step.
The fRMA preprocessing method (McCall et al., 2010) follows the same three
steps as RMA. Each microarray’s probe intensities are background corrected by
the same background correction function as in RMA. The next step is to normalize
the distributions of the probes across the samples. This is a single-array procedure
in fRMA, since the frozen reference distribution is now used during the quantile
normalization. Every microarray is thus quantile normalize separately with the
reference distribution. There are two different approaches for summarizing the
gene expression for a probe set: a single-array or a batch summarization approach.
The single-array approach will be the one described in this dissertation since it is
the one used by InSilicoDB.
The summarization of the probes starts by correcting the probe-effect. The correction is performed by subtracting the frozen estimated probe-effect φ̂jn from the
background corrected and normalized probe intensity.
∗
Yijkn
≡ Yijkn − φ̂jn = θin + γjkn + ijkn

(3.6)

The gene expressions θin of each probe set has to be summarized after the probeeffect correction. A robust weighted-average method is used for the estimation of
θin . Each intensity is weighted by the inverse of its variance.
Jn
wjn
wjn ∗ X
Yjn /
θin =
j=1 vjn
j=1 vjn
Jn
X

(3.7)

∗
2
2
and wjn is determined by an M-estimator
Where vjn = V ar(Yjn
) = τ̂jn
+ σ̂jn
function. Note the batch and array notations have been omitted for the intensity
since its single-array.

Even if fRMA has not the drawbacks of multiarray preprocessing techniques it
still has one problem: fRMA needs for every Affymetrix microarray platform
a lot of datasets for the creation of the frozen training set and its components.
This limits the usage of fRMA to popular microarray platforms for which a large
variety of publicly available datasets exist.
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3.1.3

Single Channel Array Normalization

Single Channel Array Normalization (SCAN) (Piccolo et al., 2012) is a preprocessing method that removes the dependence of multiple arrays or reference training set for preprocessing microarray data. It background corrects the data using
only intrinsic information about the genomic composition of the probes and estimates the effect of the composition on the probe intensities using a linear statistical
model.
The idea of SCAN is that there are two distinct populations in the microarray data.
There are probes that hybridized and emit a biological signal influenced by background noise and probes that did not hybridize and only show background noise.
A mixture-model of two normal distributions is used to measure this background
noise and the signal plus background noise:
Yi = (1 − ∆i )Y1i + ∆i Y2i

(3.8)

where Yi is the probe intensity of probe i ∈ 1, ..., I. The random variables
Y1i ∼ N (Xi θ1 , σ12 ) and Y2i ∼ N (Xi θ2 , σ22 ) represent the distributions for respectively the background noise and the background noise + signal. The means of the
distributions of probe i, Xi θm , are determined by a slightly modified Model-based
Analysis of Tiling arrays method (MAT) (Johnson et al., 2006). The variable ∆i
is 1 or 0 and indicates which of the background or background plus signal distribution is of importance for probe i. The value of ∆i ∼ Bernoulli(π) is unknown
and is estimated by reformulating the model as the likelihood:
L(yi , ∆i ) = [(1 − π)f1 (yi |θ1 )]1−∆i [πf2 (yi |θ2 )]∆i

(3.9)

where fm (yi |θm ) is the density function of the m-th mixture component and π is
the percentage of non-background probes. The Expectation-Maximization algorithm (Dempster et al., 1977) is used for estimating the ∆i . The Expectationstep assigns to the missing data from the above model its new expected values using the maximized parameters from previous Maximization-step. In the
Maximization-step, the model parameters are maximized given the expected values for the missing data in previous Expectation step. This process is iterated until
convergence.
The background and background plus signal distributions are represented as modified MAT models:
Ymi = αm niT +
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βmjk Iijk +

j=1 k=A,C,G

X
l=A,C,G,T
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γml n2il + mi

(3.10)

where the first term represents the effect of the number of thymines in the probe
sequence. αm is a constant based on the nucleotide count niT for nucleotide T. The
second term describes the effect of the others nucleotides (adenosine, cytosine,
guanine) in the sequence. It looks for every position j ∈ 1, ..., 25 of probe i which
nucleotide k ∈ A, C, G is present on position j. The effect of the nucleotide
on position j is determined by βmjk . The third term is the effect γml for every
nucleotide on its squared count in the probe sequence i. The last term is an error
term for probe i.
First, the parameters α, β and γ are estimated by ordinary least square for a subset
of 50000 probes. The estimated parameters enable to predict for each probe a
baseline intensity, which is used for fitting model 3.8. Once the model is fitted,
the background component can be used as estimate for the background intensity
mi for every probe i. The probes are assigned to bins of 5000 probes with similar
ms. The equation for obtaining the standardized probe intensity ti is very similar
to a z-score. Every probe i is normalized by subtracting its estimated background
intensity mi from its probe intensity Yi (background correction) and divided by
the standard deviation of its bin sdibin :
ti =

3.1.4

Yi − mi
sdibin

(3.11)

Universal exPression Code for DNA microarray

The last preprocessing method presented in this section is the Universal exPression Code (UPC) (Piccolo et al., 2013). UPC’s goal is to provide a platform
independent preprocessing method. This should enable to perform data analysis
regardless the data technology used i.e. microarray or next-generation sequencing
data. The approach of this method assumes, likewise SCAN, the presence of two
distinct populations in the data, namely, active and inactive genes. Inactive genes
measure the background noise while active genes measure background noise plus
the signal. The UPC values are not strictly speaking gene expressions but rather
the probability the gene is expressed.
The same two-component mixture model 3.8 as the SCAN model is used to estimate whether a gene is active or inactive. Expectation-Maximization is also used
for estimating the model parameters. After convergence of the EM-algorithm, the
UPC values are given by the conditional expectation of ∆i given the EM estimates
π̂, θˆ1 and θˆ2 :
Pi = E(∆i |yi , π̂, θˆ1 , θˆ2 ) =

π̂f2 (yi |θˆ2 )
(1 − π̂)f1 (y1 |θˆ1 ) + π̂f2 (yi |θˆ2 )
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(3.12)

For Affymetrix microarrays, the components of the mixture model are two normal distributions likewise SCAN and are represented by the same modified MAT
model 3.10.

Figure 3.1: Universal exPression Code. Figure taken from (Piccolo et al., 2013)

3.1.5

Universal exPression Code for RNA-Seq

The UPC preprocessing method can also be used the preprocessing of RNA-Seq
data using the RNA-Seq read-counts for each gene. The mixture model 3.8 approach is still used. The difference between UPC preprocessing of microarray
and RNA-Seq data resides in how the mixture components are modelled. The
following model represents the m-th component for gene i:
Ymi = αm + GCi βm + Ii δm + mi

(3.13)

with αm as intercept, βm modelling the effect of the Guanine-Cytosine composition in gene i, δm being the effect of the length Ii of gene i. The error term mi is
assumed to be normally distributed for all the genes.
Unlike UPC for microarray, the mixture components are not always assumed to be
normal distributions for RNA-Seq data. Since the input are discrete read counts.
Two other possible distributions are used for approximation, namely, log-normal
and negative-binomial distributions. The parameters of the models are estimated
using the Expectation-Maximization algorithm.
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3.2

Batch effect removal

Combining multiple datasets into one large dataset for large-scale analysis is possible thanks to the huge amount of available data in public repositories such as
InSilico DB. A large-scale analysis of thousands of samples could potentially
lead scientists to new knowledge important for topics such as cancer prognosis
(Ein-Dor et al., 2006). But integrating tens or hundreds of datasets in one experiment adds new variations. Batch effect is an important source of variation
when multiple datasets coming from different microarray/RNA-Seq experiments
are combined into one analysis (Lazar et al., 2012). Several techniques have been
developed by researchers for addressing the problem of undesired variations in
cross-platform analysis.
In this section we explain what batch effect is and its possible sources in subsection 3.2.1. In subsection 3.2.2 we review some of the existing batch effect
removal techniques for microarray data. Those techniques are implemented in the
InSilicoMerging package (Taminau et al., 2012).

3.2.1

Batch-effect

For understanding what batch effect is about it is important to know what a batch
truly is. A batch is defined as being a set of samples processed over the same
period, in the same environment and using the same technology (i.e. RNA-Seq
sequencer, microarray platform,...)(Chen et al., 2011).
Lazar et al. reviewed multiple definitions of batch effect and unified them into one
definition:
Definition 1. The batch effect represents the systematic technical differences when
samples are processed and measured in different batches and which are unrelated
to any biological variation recorded during the microarray gene expression experiment (Lazar et al., 2012).
This definition is interesting since it describes the most important characteristics
of batch effect. Systematic indicates that batch effect is always an issue when
combining multiple batches in one experiment. The term technical points out that
batch effect arises from all the manipulations from the start till the end of the
experiment. Finally, the definition insists that the variations are not biological.
Interpreting results without removing the batch effect can mislead the scientists to
false conclusions for their experiment. Batch effect removal is thus a crucial step
when integrating multiple batches in one experiment.
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Many different sources can cause batch effect. Each stage of the microarray experiment from the manufacturing of the array to the extraction of the data after
hybridization can possibly add batch effect to the data. Typical examples (Luo
et al., 2010) of sources introducing batch effect are:
• using different technologies, i.e. different microarray platforms
• differences of the microarray qualities
• different environment conditions during the complete process (storage, preparation, ...)
• different protocols for the hybridization process
• different material or settings
Figure 3.2 gives an overview of a large number of possible origins of batch effects
for every stage in a microarray experiment. This figure shows clearly that batch
effect can be introduced at any time during the experiment. Another important
remark is that microarray experiments can be subject to more than one source of
batch effect at the time or during the experiment lifespan, increasing the batch
effect on the final data. This stresses even more the necessity of performing batch
effect removal.

3.2.2

Batch effect removal techniques

Batch effect removal techniques assume the batches being from the same organism and having a similar distribution of samples for the biological variables of
interest Lazar et al. (2012). This means that the batch effect of studies with only
diseased tissue cannot be removed, making the study unsuitable for integration in
an analysis aiming for the discovery of differentially expressed genes for healthy
and diseased tissues.
Batch effect is assumed to be an additive or multiplicative effect on the gene expressionLazar et al. (2012). When the gene expression values are in log 2 scale,
both additive and multiplicative batch effects are added to the gene expression.
Following equation is a general mathematical model for the representation of
batch effect:
Yij = gij + bij + ij
(3.14)
where Yij is the gene expression affected by the batch effect bij and the noise ij .
The unaffected gene expression is represented by gij . The goal of the batch effects
removal techniques is to make the studies comparable by either adjusting the gene
expression Yij or by removing the batch effect term bij from the equation.
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Figure 3.2: Depiction of possible batch effect sources during the complete microarray experiment. The white boxes represent the different stages of a microarray experiment. The grey boxes are the possible origins of batch effect. Figure
taken from(Lazar et al., 2012).
Empirical Bayes
A popular batch effect removal technique is the Empirical Bayes method, also
known as ComBat (Johnson et al., 2007). ComBat estimates the parameters of the
model by regrouping information from genes in each batch. This information is
used to shrink the batch effect parameter estimates for each gene toward the mean
of the batch effects estimates across the batches.
The measured gene expression Yij for gene i ∈ 1, ..., I in sample j ∈ 1, ..., J can
be described as:
Yij = gi + Cβi + γi + δi ij
(3.15)
the real gene expression value gi for gene i, combined with the covariates C describing the sample conditions and the regression coefficients βi corresponding to
the covariates. γ is an additive and δ is a multiplicative form of batch effect for
gene i. The measurement error is represented by ij and is assumed to be normally
distributed with mean zero and variance σi2 .
ComBat is a three-steps algorithm (Johnson et al., 2007):
1. Standardization of data
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2. Estimation of parameters
3. Adjustment of batch effect
1. Standardization of Data The gene expression values are first standardized
so that the overall mean and variance is equal. To do so, g, β and γ are estimated
using ordinary least square method. The standardized gene expression follows the
normal distribution zij ∼ N (γi , δi2 ):
zij =

Yij − ĝi − Cβ̂i
σ̂i

(3.16)

2. Estimation of parameters The parametric approach for estimating the batch
effect parameters assumes the prior distributions γi ∼ N (γ, τ 2 ) and δi2 ∼ InverseGamma(λ, θ),
where the parameters γ, τ 2 , λ and θ are estimated empirically using the standardized data.
3. Adjustment of batch effect Once batch effect estimators γi∗ and δi∗ are calculated and enable to adjust the batch effect of the gene expression:
σ̂i
(3.17)
Yij∗ = ∗ (zij − γ̂i∗ ) + ĝi + Cβ̂i
δ̂i
Batch mean-centering
Batch mean-centering (BMC) (Sims et al., 2008) transforms the data such that
the mean of each gene becomes zero. The transformation is performed per batch
by determining the mean of each genes and subtracting the mean from the gene
value.
Yˆij = Yij − Ȳi
(3.18)
Gene standardization
The Gene standardization (GENENORM) (Luo et al., 2010) goes a step beyond
batch mean-centering. Gene standardization transforms per batch each gene by
applying a z-score standardization. This results in a zero mean and a standard
deviation of one for each gene.
Yij =

Yij − Ȳi
σi
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(3.19)

Distance-weighted discrimination
Distance-weighted discrimination (DWD) has been introduced for improving the
Support Vector Machines (SVN) (Cristianini and Shawe-Taylor, 2000) performance in ”high-density low sample size context” (Marron et al., 2007). Instead of
maximizing the minimum distance to the separating planes, DWD maximizes the
sum of inverse distances. Benito et al. (2004) described how DWD could be used
for removing the batch effect of two batches :
1. The direction vector ∆i from DWD is computed. It is the normal vector of
the hyperplane between the two batches.
2. The samples of the two batches are projected in the DWD direction.
3. The mean distance d(b¯Y ) to the hyperplane is determined for all the samples
of each batch.
4. The samples are moved in the direction of the hyperplane by subtracting
for each gene the result of the multiplication of the DWD direction and the
mean distance.
The last step can be summarized in formula (Lazar et al., 2012):
Ŷij = Yij − d(b¯Y )∆i

3.3

(3.20)

Summary

In this chapter we described two important concepts for the remain of the master
thesis. In the first section we detailed various Affymetrix microarray normalizations and in the second section we explained the need of using batch effect removal
methods when combining multiple datasets.
The preprocessing of microarray data is a necessary step before any analysis. The
data is influenced by different factors during the hybridization process making
the results array specific. The gene expression values need to be preprocessed
for removing the noise introduced during the microarray experiment. This preprocessing also normalizes and summarizes the data of each probe set enabling
analysis of multiple microarrays. Four representative preprocessing techniques
have been detailed in this chapter, namely, RMA, fRMA, SCAN and UPC.
There are two kinds of preprocessing methods: multi-array and single-array methods. Multi-array methods need a set of microarray samples for normalizing the
data. The preprocessing must be done again for every new sample added to the
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RMA fRMA SCAN UPC
multi-array method
X
X
single-array method
X
X
X
independent of external information
X
X
technology independent
X
Table 3.1: Summary of the preprocessing techniques
dataset. Also, the normalization uses only information from the given microarray samples making two datasets preprocessed separately incomparable (if the
variation is not removed). The single-array method has the advantage of making microarrays from different datasets comparable without having to preprocess
them again. Another important aspect of preprocessing techniques is the dependency on external information. For example, the fRMA method uses precomputed
information from a training dataset. This dependency limits the usage of fRMA
for microarray platforms where such information is available. Finally, universal
exPression Code is a preprocessing methods independent of the underlying technology. This enables to preprocess microarrays and RNA-Seq using UPC, making
it possible to use both data types in the same analysis.
A combination of datasets from different experiments is often done when performing large-scale data analysis. Those experiments are most of the time coming
from different studies and/or batches. Using multiple batches simultaneously adds
an extra variation in the data due to technical differences during the complete process of the each batch’s experiment. This variation is called batch effect. Since
batch effect is unavoidable, scientists combining datasets for analysis should always keep batch effect in mind and try to remove this unwanted variation before
making conclusions based on their unchanged data.
Even if preprocessing techniques (i.e. fRMA, SCAN and UPC) try to remove the
batch effect, it is still present when datasets from multiple microarray platforms
are integrated to a microarray analysis (Lazar et al., 2012). The existing batch
effect removal methods aim at removing the batch effect not only across batches
of the same platform but also across batches from different technologies. It is
important to note that batch effect can only be removed in datasets having similar
distributions for the variable of interest.
Batch effect removals methods have been introduced in subsection 3.2.2. Those
methods were implemented in a R package by Taminau et al. (2012) and will be
used in the Machine Learning experiments in chapter 6.
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CHAPTER 4

Big Data background: Apache Hadoop

Next-generation sequencing technologies, like RNA-Seq, output large quantities
of data making the analysis of all the data is not complex without the tools able to
cope with such Big-Data. A promising software for managing Big Data is Apache
Hadoop (O’Driscoll et al., 2013).
The Apache Hadoop software is an open-source framework consisting of multiple
modules for enabling distributed processing of large datasets across a network of
machines. The modules we detail in this chapter are the Hadoop Distributed File
System (HDFS) and the Hadoop MapReduce modules. HDFS is a distributed
file system that is designed to be fault-tolerant and performing well with large
datasets. The distributed data-processing is achieved by the Hadoop MapReduce
module.
We begin this chapter by giving a brief history of the Hadoop project, its main
inspiration and its contributors. Then the focus is on two of Hadoop’s modules:
Hadoop Distributed File System and Hadoop MapReduce. First, the goals, architecture and design choices of the HDFS module are described. In the third
section, the working of the MapReduce framework is explained in details. The
book ”Hadoop: The Definitive Guide” White (2009) has been used as main reference for the whole chapter.
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4.1

A short history of Hadoop

Apache Nutch was an open-source web search engine created in 2002 by Doug
Cutting and Mike Cafarella as part of the text search library project, Apache
Lucene (White, 2009). After implementing the base of the search engine, they
realized its architecture could not scale to the billions of webpages. At this time,
Google published their papers describing the Google File System (GFS) (Ghemawat et al., 2003) and the MapReduce paradigm (Dean and Ghemawat, 2004).
Those publications had a great impact on the Nutch project. In 2004, Nutch had
its own working open source version of a distributed file system called Nutch
Distributed File System (NDFS) and a MapReduce implementation working on
it.
The NDFS and MapReduce implementations became another subproject of Lucene,
namely, the open-source Apache Hadoop project (White, 2009). Yahoo!, interested in the Hadoop project, hired Doug Cutting at the same period and became a
really active contributor to the development of the project (Shvachko et al., 2010).
They mainly contributed to the Hadoop Distributed File System and the MapReduce frameworks accounting for 80% of the developments. Hadoop became in
2008 an official top-level project of Apache and has been used by numerous companies since. The Hadoop clusters of Yahoo! counted in 2010 more than 25 000
machines accounting for 25 petabytes of data. Other prominent companies use and
contribute to Hadoop, i.e. Facebook with the Fair Scheduler (White, 2009).

4.2

Hadoop Distributed File System

Hadoop Distributed File System (HDFS) is like its name suggests a distributed
file system. A distributed file system is a file system that manages data storage
across a network consisting of multiple machines (also called nodes). Managing a
large amount of nodes is a very complex task and necessitates all sorts of security
measures. A typical example could be data corruption or a machine that shuts
down. How does a distributed file system prevent data loss in the cluster? This is
the kind of problems the Hadoop Distributed File System tries to address.

4.2.1

Goals

When coping with huge amounts of data and/or large clusters of servers, some
critical points need to be taken into consideration. The Hadoop Distributed File
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System aims at providing solutions to following critical points (White, 2009;
Borthakur, 2007):
Measures against hardware failures: When there are hundred or thousand servers
in a cluster (possibly commodity hardware), there exists a high probability
that at some point in time a machine stops to work correctly. HDFS has
mechanisms to identify and recover of such hardware failures.
Performance with large datasets: The file system should be able to support very
large files (from gigabytes to terabytes) and facilitate their computation. The
clusters are scalable in HDFS and provide a large aggregate bandwidth.
Data consistency: It is very important that data stays consistent in a file system,
corrupted data should be detected and removed.
Hadoop’s architecture is thus designed with these critical points in mind.

4.2.2

Architecture

In HDFS (White, 2009; Shvachko et al., 2010) there are two distinct types of
cluster nodes, namely, the NameNode and the DataNodes. The NameNode is an
unique master node that manages the file system namespace and the access to the
files. The DataNodes are worker nodes that manage the data storage of the system.
The to-store data is split by the NameNode in blocks of predefined size and replicated on different DataNodes. The blocks are typically 64/128 megabytes large
and replicates (the standard is three replicates) are made for each block. Those
values can be configured by the user. All the nodes in the clusters are connected
and are able to communicate with each other using TCP/IP-protocols.
Blocks
Each file stored in the HDFS is chunked into blocks (White, 2009) of a predefined size and replicated on different nodes. The block size is typically 64/128
megabytes (depending on the installation). Since Hadoop’s goal is to store large
files, having small blocks (i.e. 1 kilobyte) would create a lot of requests and create
a lot of data transfer. Having a large block size minimizes the requests enabling
the data transfer to be at the disk transfer rate. The replication of blocks is important for preventing data loss if a node crashes or if data becomes corrupt. Another
use of the replication is to increase the read bandwidth of the block.
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Splitting files in blocks have various benefits for distributed file systems. The first
benefit is that a file may be larger than the size of any node in the network. The
blocks are smaller and distributed over the nodes in the file system. The second
benefit is the predefined size. It permits to know exactly how many blocks each
node can store and facilitate the block placement. It also removes the need for
storing the metadata (such as file permissions) with the block. Blocks are seen as
a chunk of data and their metadata can be managed separately.
NameNode
The roles of the NameNode (White, 2009; Shvachko et al., 2010) is to control
the access to the HDFS (i.e. opening/closing files) and to determine the mapping
of blocks to DataNodes. The NameNode is also responsible for answering client
queries. Data never goes through the NameNode, instead it returns to the client
the list of DataNodes to which each block has to be written.
Another of the NameNode roles is to maintain the HDFS by keeping its namespace up-to-date. The namespace is a representation of the current files and directories in the file system and their metadata. This namespace is stored on the local
disk of the NameNode as two files: the namespace image and the edit log. (White,
2009; Shvachko et al., 2010) The namespace image captures the state of the file
system and the edit log stores all the changes since the last capture.
Secondary NameNode
A secondary NameNode (White, 2009; Shvachko et al., 2010) can be designated
for making a checkpoint of the namespace and edit log. This checkpoint consist
in applying the changes of the edit log to the namespace image. This prevents
the edit log of becoming too large. The new namespace image will be stored on
both the primary and secondary NameNodes. In case of failure of the primary
NameNode, the last checkpoint can be restored by the secondary NameNode and
it becomes the new primary NameNode. Important to note is that in the case of
primary node failure, data loss is almost inevitable since the checkpoint occurs
only periodically and the changes in the edit log would be lost.
DataNodes
A DataNode (White, 2009; Shvachko et al., 2010) is mainly responsible for the
storage of data. It stores two files per block replica, namely, the block itself and
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a file containing the block’s metadata. This metadata comprise a checksums of
the data and a generation stamp. The checksum computed the when the block
is stored on the distributed file system and is used to verify the block’s integrity.
DataNodes are responsible for verifying this checksum.
Communication between DataNodes and NameNode
The NameNode and the DataNodes are always communicating using a heartbeat
system(Shvachko et al., 2010; Turkington, 2013). When the DataNode’s process
starts, it begins by sending a report to the NameNode containing information about
its status and blocks. The NameNode responds by sending instructions to the
DataNode. Heartbeats sent by the DataNodes consist of statistics about the node
and informations about each block stored on it. The statistics describe the state
and activity of the DataNode (total storage capacity, percentage storage used and
data transfers in progress) important for i.e. the optimization of space or bandwidth load. The information about the blocks sent to the NameNode contains the
block ids, their size and generation stamps. This gives the NameNode an accurate
report of the blocks replicas in the cluster. The NameNode sends replies to the
heartbeats of the DataNode. These replies take the form of instruction maintaining the integrity of the file system. Examples of such instructions are: replication
of blocks to other DataNodes, removing block replicates, creation of new block,
etc. A heartbeat is sent periodically and signals that the DataNode is operating
like expected and that its blocks are available. If the NameNode does not receive
the heartbeat of a DataNode after a predefined period of time, the DataNode is
then considered as unavailable and the NameNode instructs the replication of its
blocks to other DataNodes.
Replica placement
The placement of block replicas (White, 2009; Shvachko et al., 2010) is crucial
for data reliability, accessibility and read/write performance. The default HDFS
placement policy is a trade-off between minimizing writes cost and maximizing
the reliability, availability and aggregate bandwidth. The policy is defined as follows :
1. The first replica is placed on the DataNode of the client.
2. The second replica is placed on another rack.
3. The third replica is placed on the same rack as the second replica but on a
different DataNode.
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4. Other replicas are placed on random DataNodes.
The advantage of this policy is that the write traffic is reduced and the write performance increased, since the data only needs to go through one switch. Because
rack-failure is less probable than node-failure, the policy does not impact the reliability of the file system. Having blocks on two racks guarantee the availability
of the blocks. The disadvantages of having two replicas on the same rack is that
the bandwidth is reduced.
Replica Management
The NameNode can manages the number of replicas thanks to the heartbeats sent
by the DataNodes (Shvachko et al., 2010). It detects when blocks are under/over
replicated. When a block is over replicated, the NameNode decides to remove one
replicate following policy:
1. If possible, remove replicas from DataNodes on the same racks. Removing
a block replica from a rack that has only one replicate would reduce the
bandwidth.
2. Remove the block replicas from the DataNode with the least amount of
space left.
The NameNode places the replication of under-replicated blocks in a priority
queue. If there is only one replica left, the replication gets the highest priority
in the queue. Otherwise, the replication gets the lowest priority. The replication
policy of under-replicated blocks is similar as the block placement policy:
1. If there is only one replica left, the block is replicated on a different rack.
2. There are two cases when two replicas are left. If the replicas are on the
same rack, then the block is replicated on a rack. Otherwise, the block is
replicated on a different node in one of the replicas’ rack.
The NameNode always tries to spread replicas on different racks.

4.3

Hadoop MapReduce

The MapReduce (Dean and Ghemawat, 2004) is a programming paradigm enabling parallel data processing. It consists of two phases called the map and
reduce phase. The MapReduce program needs to solve a problem. The map
phase divides the input data into sub-problems. The reduce phase combines the
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output of the map phase and solve the original problem by answering all the subproblems.
An well-known example is the word count problem. The MapReduce program
needs to count the occurrences of every word in a document. The map phase reads
the document line by line and breaks them into words. Each word’s occurrences
per line are counted by the mapper and sent to the reducer. The reduce phase
receives all the occurrences of a word per line and accumulates the occurrences
for obtaining the total occurrences of the word in the document. The reduce phase
solves the word count problem is solved by performing the accumulation on each
word in the document.
In this section we detail every step of the Hadoop MapReduce framework (White,
2009) from the initialization of the MapReduce program to its output. Also we
describe a Hadoop utility enabling developers of MapReduce programs to adapt
code from other programs to work using MapReduce.

4.3.1

Initialization

When a client asks Hadoop to perform a program using MapReduce on data stored
in HDFS, a MapReduce job is created. This job consists of the three components,
namely, the stored data, the MapReduce program and its configurations. The
job is divided in two types of tasks: map and reduce tasks. The map tasks are
responsible for dividing the data into sub-problems and the reduce tasks solve the
sub-problems.
The execution process of jobs is taken care of by one node called the jobtracker
and multiple nodes running the tasks called the tasktrackers. The jobtracker manages all the jobs and schedules the tasks to the available tasktrackers. The tasktrackers run tasks and send reports describing the task progress to the jobtracker.
The jobtracker uses the reports of the tasktrackers as information on the progress
of the running jobs. Note the similarity between jobtracker/tasktrackers and NameNode/DataNodes. It is the same principle of one master node managing the
other slave nodes. But the similarity does not imply that the jobtracker and the
NameNode are on the same node.

4.3.2

Splits as input of the map tasks

An input file must be on the Hadoop Distributed File System before a MapReduce
job is created. It is important the file is on the file system since the map task
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takes blocks as input. The input of a map task is called splits in the context of
MapReduce, even if its data corresponds to the data of a block.
There are multiple reasons why blocks are the ideal splits (White, 2009). The
first reason is that the data must be split for parallel processing. Since the file
system already splits the data in blocks, blocks seem to be the natural candidates
for being the map input. The second reason is that by assigning one block to
each map task, it becomes possible to place the computation near the data (on the
same node if possible) and decrease considerably the data transfer in the network.
This optimization is called the Data Locality Optimization. An important note
is that the reduce tasks do not benefit of the Data Locality Optimization. Their
data is transferred over the network from the multiple maps making Data Locality
Optimization impossible to achieve.

4.3.3

The InputFormat

It is important to know that the map tasks need an InputFormat for being able to
read the data from the split. The split is read by the reader corresponding to the
defined InputFormat. For example, the TextInputFormat reader reads the input
assuming the data is text. It determines the values of the input data by splitting
the input at each newline character.
The reader is also responsible for verifying that the input of the map task is complete. It happens sometimes that the data at the end of a split is not complete,
since blocks are split with predefined size. An example of such incomplete data is
a sentence that has been split in its middle. The reader detects such abnormalities
and completes the split by transferring the data from the next split. This detection prevents errors in the results or computation failures during the MapReduce
process. This is also a reason why the term split is used in MapReduce context
instead of block. The splits are not always strictly speaking blocks.

4.3.4

Map task, shuffle and reduce task

A map task (White, 2009) consists of applying the map function to the input data.
It transforms the values in a sub-problem for the reducer to solve or directly solve
the problem if possible. The map function outputs data in a <key, value> pairs
format. The output from the map function is processed by the shuffle step before
using it as input for the reduce task.
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The shuffle (White, 2009) is a very important step that makes the MapReduce
paradigm simpler by taking care that all the same keys go to the same reducer. The
shuffle is built in the MapReduce framework enabling the developer of a MapReduce program to focus only on the map and reduce functions and may assume all
the keys will end in the correct reducer. But the developer should always take the
shuffle step into consideration. The shuffle process begins in the mappers. Each
mapper partitions its <key, value> pairs. All the keys corresponding to a same
reduce task are grouped together in one partition. The partitions are sorted when
all the keys are in their respective partition. The sort is performed based on the
keys. Once the partitions are sorted, each partition is copied to the node running
the reduce task that corresponds to the keys in the partition. The reduce task node
receives partitions from all the map task node. Those partitions are merged and
the output of the merge is used as input for the reduce task.
Likewise to the map task, the reduce task (White, 2009) applies its user-defined
function to the data. But now the output needs to be stored on the file system.
The block placement policy introduced in 4.2.2 is used as guideline for storing
the blocks split from the output.

4.3.5

Different reduce tasks setups

The number of map tasks is defined by the amount of blocks, while the number of
reduce tasks is user-defined. The MapReduce job behaves a little bit differently
depending on the number of reduce tasks (White, 2009):
No reduce tasks: The mappers store their output directly in the job’s output directory.
One reduce task: Each mapper prepares one partition as output. The partition is
sorted and copied to the node running the reduce task. The partitions from
all the nodes are merged. The merging consists of grouping all the values
with the same key together. The result of the merge is used as input for the
reduce task. The output of the reduce task is stored on the distributed file
system. Figure 4.1 gives a schematic overview of the MapReduce case with
one reducer.
Many reduce tasks: Each mapper prepares a partition per reducer. The map
tasks store the same keys in the partitions destined for the same reduce task.
The partitions of every map task are sorted and transferred to the node running their corresponding reduce task. All the same keys originally from
different map nodes are now on the same reduce node. Those partitions are
merged and the result of the merge is used as input for the reduce task. The
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output of the reduce task is stored on the distributed file system. Figure 4.2
gives a schematic overview of the MapReduce case with one reducer.

Figure 4.1: The figure describes the case where there is only one reduce task.

Figure 4.2: The figure describes the case where there are multiple reduce tasks.

4.3.6

Hadoop Streaming

Hadoop MapReduce allows users to write Java programs for parallel processing
on the cluster. This implicates that only people with knowledge of Java are able
to write MapReduce programs. Hadoop Streaming1 (White, 2009) is a program
included in the Hadoop distribution and enables to run self-made scripts or executables from languages such as C, C++, Python, Ruby, etc. The only constraints
1

http://hadoop.apache.org/docs/r0.18.3/streaming.pdf
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are that the code must be able to read the input from the standard input and write
its output on the standard output. The user must provide a script or executable for
both mapper and reducer. This also means that any program that is parallelizable
can be used in combination with Hadoop Streaming for borrowing the computation capacity of Hadoop.
Working of Hadoop Streaming
Like mentioned above, the only condition for Hadoop Streaming to work is that
the mapper and reducer must be able to read and write on the standard streams.
Creating a Hadoop Streaming job is similar to creating a MapReduce job. The
data to process must be stored on the cluster and the job’s output will be written
in an output directory on the nodes.
The content of a block is placed on the standard input and is streamed as input to
the map task. The map tasks has been configured with the given script/executable.
It reads the input line per line and outputs the processed line in a <key, value>
format, likewise to Hadoop MapReduce. The key is separated from the value by
a tab-character. Everything before the tab-character is the key, everything after is
the value. If no tab-character is present, then the whole output is considered as the
key and the value is set to null.
Likewise to the Hadoop MapReduce, the output of each map task goes through the
shuffle process before being reduced. The reduce task has also been configured
with the script/executable. It reads the <key, value> pairs streamed by the stdin,
performs the reduction script/executable and the reduce task’s output is converted
in a new <key, value> pair. This pair is then streamed on the standard out and
written in its output file in the output directory.

4.4

Summary

In this chapter we described two of Hadoop’s major components, namely, the
Hadoop Distributed File System and Hadoop MapReduce.
The Hadoop Distributed File System (White, 2009) has been designed for preventing data loss due to hardware failures, data corruption and support large data
file efficiently. The HDFS is a file system that manages data across a network of
servers. It distributes the data by splitting files in blocks size of 64/128 megabytes.
Those blocks are replicated and spread in the cluster. There are two kind of nodes
in a HDFS cluster, namely, the NameNode and DataNodes. The NameNode is
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the unique master node controlling operations and maintaining the image of the
file system called the namespace. A secondary NameNode can be designed for
backing up the namespace in case the NameNode crashes. The DataNodes are
the worker nodes of the file system. They store the block replicas and check the
blocks’ integrity when accessed by users. The NameNode and DataNodes are constantly communicating by periodically signals. These communications comprise
instructions for the DataNodes, informations about the status of the DataNode and
its blocks. An important characteristic of the HDFS is the replication of blocks.
The replication is a robust measure for preventing data corruption and data loss.
The HDFS has policies for block placement and block replication. Those policies
assure the reliability of the Hadoop Distributed File System.
The MapReduce is a programming paradigm enabling parallel data processing.
The initialization of a MapReduce (White, 2009) program starts by a MapReduce
job being created by a client. The to-process data must be stored on the Hadoop
Distributed File system if it is not already on it. The jobtracker looks which tasktrackers are available and assign the map and reduce tasks to them. The map tasks
are assigned (if possible) to the same node as the data blocks. This is an optimization reducing the data transfer across the network called Data Localization Optimization. During the execution, the tasktrackers send reports of their progress to
the jobtracker for continuing monitoring. A split of the file is assigned to each map
task selected by the jobtracker. The map task receives a split with<key, value>
pairs as input, transforms the pair for describing a less complicated sub-problem
or a direct solution to the problem. The output is also in <key, value> format and
is processed by the shuffle step which takes care that all the same keys are send
to the same reduce task. The reduce task applies its user-defined function to the
pairs and stores the output on the distributed file system.
Hadoop Streaming is an utility provided in the Hadoop installation. It permits to
make user-defined functions in the other languages and run them on Hadoop. The
only constraint is that the map and reduce functions communicate with Hadoop
using the standard input/output.
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CHAPTER 5

Methods - Enrichment of an existing genomic
platform

The future of medicine is closely related to genomics. Therefore it is important to
enable for every biomedical scientist the access to the genomic data. The problem
is that genomic data is so huge and has so many different data types that it currently is impossible for a researcher to access all this data. InSilico DB is a tool
that aims at giving the means to biomedical experts for analyzing the genomic
data at there disposal. We enriched the InSilico DB platform with preprocessing
techniques for microarray and RNA-Seq data types.

5.1

Motivation

There are a lot of different data types in genomics. For gene expressions microarray and RNA-Sequencing are the most popular ones. Microarray data can be seen
as legacy data since the emergence of RNA-Sequencing. People tend to use more
and more RNA-Sequencing but microarray data cannot be put aside because of
the millions of dollars that have been invested in research using this technology.
Therefore it is important to use methods enabling the combination of these data
types.
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Another important consideration is that RNA-Sequencing generates large quantities of data that can be classified under the name of Big Data. This data can
be so huge that storing and preprocessing it becomes a problem. Notable companies such as Google1 understood this problem and came up with solutions for
the researchers. Their solution is to provide a Big Data platform that manages and
computes the clients data using their distributed framework for MapReduce.
The goal of this chapter is to enrich the InSilico DB with methods enabling to use
the full potential of the data provided by the platform.

5.2

InSilico DB architecture

InSilico DB is a web-based genomic platform for preprocessed genomic data,
counting more than 200.000 gene expression profiles (Coletta et al., 2012). It provides a user-friendly user-interface for managing, curating and integrating datasets
for analysis. InSilico DB is a company that originated from a collaborative project
between the VUB and ULB.
InSilico preprocesses microarray and next-generation sequencing data in a consistent way by making use of genomic pipelines. Taminau (2012, section 4.3.1)
gives a good overview of the InSilico DB’s genomic pipeline architecture.
Summarized, a genomic pipeline consists of a sequence of jobs where each job
can be seen as a specialized entity performing a specific action. Since the jobs are
performed in sequence, the output of a job is the input of the next job. This implies
that jobs are dependent on previous jobs. A job can only start if the output of previous job matches its input and that the previous job did not fail. The modularity
of the pipeline makes it possible to use different programming languages or executables for each job, thus there are no implementation restrains. Figure 5.1 gives
an example of a simple pipeline for generating fRMA datasets with probesets as
features.

1

https://developers.google.com/genomics/what-is-google-genomics
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Figure 5.1: Pipeline for generating fRMA datasets with probesets as features. The
simple arrows denote a single dependence and the arrows with the white diamond
denotes a dependence on many of the same job

5.3

Enriching InSilico DB with the SCAN and UPC
preprocessing methods

As mentioned in section 3.1.2, fRMA (McCall et al., 2010) needs a frozen training dataset for being able to preprocess the single sample microarrays. It still is
difficult to create such training dataset with the current publicly available samples
for all the platforms supported by InSilico DB . Therefore, the SCAN preprocessing method has been added to the already existing preprocessing techniques.
SCAN(Piccolo et al., 2012) makes it possible to normalize all the Affymetrix platforms from InSilico DB. This gives the possibility to the user to integrate more
platforms in his data-analysis. Another problem of fRMA (and also SCAN) is that
it cannot preprocess data from other technologies like RNA-Seq or microarrays
that are not Affymetrix. This makes it impossible to combine the data available
for the technologies supported by InSilico DB. UPC (Piccolo et al., 2013) makes
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it possible to combine microarray data from different manufactures and also nextgeneration sequencing data. At the moment, UPC has only been integrated for
Affymetrix microarray data. In the next sections we explain how InSilico DB
has been enriched with a pipeline for the preprocessing of RNA-Seq data with
UPC.
The added pipeline jobs for SCAN and UPC are really similar to the existing jobs
for microarray preprocessing, namely, MEAS PROBE FRMA and MEAS GENE FRMA
(Taminau, 2012, section 4.3.1). Their code has been slightly modified for enabling
the seamless integration of the new jobs in the microarray pipeline. This also enabled to reuse the code for the parts of the jobs that have the exact same behaviour.
The pipeline supporting the added jobs is used by the new version of the InSilico
DB package Taminau et al. (2011), making the SCAN and UPC preprocessing
available for the users.
The inputs of the job are the microarray measurement file called CEL file and
the microarray platform identifier. The first step is to retrieve the correct annotation given the microarray platform identifier. Finding the annotation is more for
documenting the resulting ExpressionSet (Gentleman et al., 2005), while the annotation is important in the fRMA job for determining if a fRMA frozen training
dataset exists for given platform identifier. Once the annotation is determined, the
CEL file is preprocessed using the SCANfast or UPCfast function (from the
SCAN.UPC R package(Piccolo et al., 2012, 2013)) depending on the required preprocessing. The next steps are identical to the fRMA job for probes. The information needed for mapping probesets to genes is retrieved and the meta-information
is stored as documentation for the users. The result is an ExpressionSet and is
stored on the file system. The mapping of probes to genes happens exactly in the
same way as described for the gene jobs (Taminau, 2012, section 4.3.1).
It is also possible to give a custom chip definition file (CDF) (Dai et al., 2005)
to the SCANfast or UPCfast fuction. Custom CDFs enable to map probeset
identifiers to other identifiers like Ensembl Genes or Entrez Genes. They also
take the versions of the genome and transcriptome into account. Ensembl Genes
identifiers are useful for the combination of RNA-Seq with microarray data because those are the kind of identifiers used for RNA-Seq. BrainArray2 provides
such custom CDFs for all the platforms supported by InSilico DB. We added such
CDF for each platform enabling the mapping of probesets to Ensembl Genes identifiers. The mapping of Ensembl Genes to the genes symbols is also included in
the resulting ExpressionSet that is stored on the file system.
2

http://brainarray.mbni.med.umich.edu/Brainarray/Database/
CustomCDF/CDF_download.asp
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5.4

Enriching InSilico DB with an aligner adapted
to work in a distributed environment

In this section we combine the knowledge acquired from Hadoop and the data
supported by InSilico DB. The combination of the read sequence aligner with
Hadoop Streaming was successful thanks to an example of the adaptation of the
Burrows-Wheeler Aligner (Li and Durbin, 2009) using Hadoop Streaming. This
example was found in a presentation made by John Farrell (Farrell, 2013). We
personally communicated with Farrell on the subject of the file format and inspired
us from the example for designing the MapReduce adaptation of Bowtie2.
Parallelization of Bowtie2
Bowtie2 (Langmead and Salzberg, 2012) is a tool for aligning sequence reads to
the reference genome or reference transcriptome. It takes as input one single-end
or two paired-end FASTQ files for determining the alignments. It is possible to
speed the computation up by parallelization since each read is aligned separately.
Bowtie2 streams its output on the standard output stream making it possible to
adapt Bowtie2 for parallel processing using Hadoop Streaming. Hadoop Streaming is a tool provided by Hadoop that enables to perform MapReduce jobs by
streaming data on the standard streams. It supports any programming language
or executable that uses these streams, making it the perfect tool for parallelizing
Bowtie2. But there is a problem when running Bowtie2 using Hadoop Streaming:
the file format.
Problems with the FASTQ format
We explained in the Hadoop chapter that the InputFormat plays an important role
in the attribution of the data to the map task splits. The default InputFormat is the
TextInputFormat. The TextInputFormat is paired with a reader that checks if the
last line in the split is complete. If not, the InputFormat takes care of transferring
the missing data to the incomplete record. The problem for the FASTQ records
is that they consist of four lines. The probability a record will be wrongly split in
one of the first three lines for at least one map task is very high. When one of these
lines is split, the InputFile only transfers the missing data for this line. The other
lines will still be in the other map split, resulting in a failure of the program.
There are multiple ways to solve such problem. The most intuitive solution is to
write a custom InputFormat for FASTQ files. It is certainly the most clean way in
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Hadoop to solve the problem. But writing an InputFormat is not straightforward.
Also, the custom InputFormat needs to be integrated to Hadoop for enabling the
Hadoop Streaming tool to use it. This can be troublesome. Another solution is
to write a script that transforms the FASTQ records into records consisting of one
line. This approach is very simple to implement and integrates much better with
Hadoop Streaming.
Another problem related to the format is that, in the paired-end case, Bowtie2
expects two files. Hadoop does not permit to pass multiple files at a time to a
map task. Therefore the paired-end files are stored on the Hadoop Distributed
File System as interleaved paired-ends. This format alternates the paired-records
from both files. Now the problem is that Bowtie2 does not support the interleaved
format. Therefore we convert the interleaved file back to paired-end files during
the map task.
Steps before the MapReduce
Now we describe how the script adapting Bowtie2 by using Hadoop Streaming
works. The pseudocode for the script running the job is shown in Algorithm 1.
The first step is to detect if the input is single-end or paired-end. If it is pairedend, then the files are first interleaved before the records are transformed so that
both records are represented as one line. In case it is a single-end file, the file
is only transformed so that each record is represented as one line. The trick for
representing a record as oneline is to use a separator for each newline character
in the record. The separator we use for replacing newlines is eight times the
ASCII character x. The character x is not used in the sequence or qualities (see
2.3.1) making it a safe character for separating the lines. But the character x can
still be present in the identifier. The repetition of the character should reduce the
probability that it is encountered in the file to a really small number. Also, the
oneline-transformation is a little bit different for the paired end. It transforms
paired-records to one line instead of transforming single-record. This is needed
for paired-end processing of Bowtie2. The result of the oneline-transformation
is stored on the Hadoop Distributed File System. Once the file is stored on the
HDFS, the MapReduce job is created. The MapReduce job looks like depicted in
Figure 5.2.
The map task
The input of a map task is a split of onelined-records. The first action is to undo the
oneline-format for retrieving the original records. This is easily done by replacing
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the separators by newline characters. For the single-end case, the records are
streamed to Bowtie2. For the paired-end case, the file is split in two paired-end
files and saved in a temporary directory of the machine. Those files are passed as
parameters to Bowtie2 for paired-end processing. Bowtie2 aligns the sequences
to the reference genome and prints the resulting alignments on the standard out
stream.
There are some important observations that need to be mentioned before explaining the reduce phase. For each map task a Bowtie2 program has been executed and prints the results on the standard output. This has two consequences.
The first consequence is that for each execution of Bowtie2 a header containing meta-information has been created. This means that for each mapper, the
first lines printed on the standard output stream are meta-information. This metainformation is necessary and must be the first lines of data in the output file. The
second consequence is that Bowtie2 prints alignments and not <key, value> pairs.
In Hadoop Streaming, a value is treated as a key when no key is specified. Thus
the outputted alignment becomes a key and is associated with the value nil. These
two observations are crucial for choosing the number of reduce tasks.
The reduce task
The reduce task is very simple because it is the UNIX command cat. This may
seem odd because cat only prints the data, but this is also what is needed since
the map task has done all the computation for the alignments. In chapter 4 we
explained the different configurations depending on the number of reduce tasks.
There are three possibilities for configuring the number of reduce tasks for the
MapReduce job. These different configurations are not trivial and are explained
using the observations made in previous paragraph:
What if the MapReduce job is configured with many reduce tasks? Then the
alignments of each map task, which are keys, would be distributed over the
partitions for the shuffle. The partitioning is determined by the Partitioner
of Hadoop (White, 2009). The Partitioner is a more advance feature of the
MapReduce framework. Rewriting a custom Partitioner could be a possible
solution. Also, using many reduce tasks would generate many outputs that
need to be combined into one output. There exist an Hadoop command for
this purpose called getmerge. This seems to be the fastest option since
the reduce tasks are also in parallel, but a custom Partitioner needs to be
written.
What If the MapReduce job is configured without reduce task? Then the out54

puts of the map tasks are directly stored on the Hadoop Distributed File System. No shuffle will take place, thus the partitioning problem is bypassed.
The resulting outputs of the map tasks can be concatenated using the same
getmerge command. The concatenation has for result that the headers are
spread across the file. This is undesirable since they must be above in the
file.
What If the MapReduce job is configured with only one reduce task? The outputs of the map tasks would be stored in one partition, removing the partitioning problem. The keys are sorted and merged during the shuffle phase
and the result is the input of the reduce task. Since all the keys from all
the mappers are merged together, all the headers will be grouped together
in the output. Because headers start with the ASCII @ character and the
alignments with their identifier (which are letters and number, not special
characters), the headers will be the first lines in the output file.
It is clear from the description of the three configurations that the simplest solution
is to use one reduce task. It is not the fastest job configuration but the command
cat is not a computationally expensive task (unlike for example Bowtie2) making
the need for parallelization less important. This configuration has also two big
advantages. The first advantage is that the Hadoop optimized shuffle mechanism
sorts and merges the alignments in the desired order. The other and perhaps the
most important benefit is that it frees all the used cores from the map tasks except
one. If fifty map tasks were needed for the job, then only one remains for the
reduce task and forty-nine cores are now available for new map tasks.
Correcting the header of the output file
The result form the MapReduce job is a sam file(Li et al., 2009). A sam file
contains data about alignments to the reference genome. The sam file is copied
from the HDFS to the InSilico DB file system. The sam file is converted using
samtools to a bam file (Li et al., 2009), which is a binary version of the sam file
taking less space in the file system. The bam file headers generated during the map
tasks are corrected. This is necessary because a lot of those headers are duplicates
and may cause problems with certain programs. The correction simply removes
the duplicated headers. The result of the script adapting Bowtie2 for using Hadoop
Streaming is a header corrected bam file.
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input : fastq files // list with one or two FASTQ files
map single end // path to single-end script
map paired end // path to paired-end script
path HDFS // path on HDFS for input file
separator // separator for oneline function
output path // path on HDFS for output file
output: bam file // Header corrected bam file
fastq end1 = fastq files [1];
fastq end2 = fastq files [2];
/* Check if paired or single end case
*/
if isNull (fastq end2) then
/* Case single-end
*/
onelined = onelineFastq (fastq end1, separator);
saveHDFS (onelined, path HDFS);
MapReduce (path HDFS, map single end, separator, output path);
else
/* Case paired-end
*/
interleaved = interleaveFastq (fastq end1, fastq end2);
onelined = onelineFastq (interleaved, separator);
saveHDFS (onelined, path HDFS);
MapReduce (path HDFS, map paired end, separator, output path);
end
/* Retrieve the result from Hadoop and correct the
headers
*/
bam file = correctHeader (outputMapReduce (output path));
Algorithm 1: Pseudocode representing the outline of the script running the
MapReduce task.
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Figure 5.2: MapReduce job created for Bowtie2. Is configured with only one
reduce task. The input of each map task is a onelined-FASTQ file and the output
of the reduce task is a sam file.

5.5

Benchmark Bowtie2 using Hadoop

We benchmarked Bowtie2 working on Hadoop by comparing its performance with
the performance of Bowtie2 using one and eight cores. Eight cores is the maximum amount of cores the tool can be configured with. Each experiment is configured with the same parameters except for the Bowtie2 experiment with eight
cores. The experiments have been ran ten times each and their average time is
shown in table 5.1. The measurement used for this benchmark is GSM661224
from study GSE20898 (Wei et al., 2011). The FASTQ file is 4.0 gigabyte large
and the onelined-FASTQ file is 4.4 gigabyte large. The number of cores (map
tasks) is 35 since 4.4 gigabytes divided by 128 megabytes (block size of the distributed file system) is 35.
algorithm
#cores
Bowtie2
1
Bowtie2
8
Bowtie2 + Hadoop
35

ˆ
time
826 min 34 sec
146 min 32 sec
27 min 13 sec

Table 5.1: Performance of the Bowtie2 with one and eight cores against the
Bowtie2 adapted version that uses Hadoop Streaming. The experiments have been
ran 10 times each configured with the same parameters (except for the number of
cores).
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Note the difference of performance between Bowtie2 with one and eight cores is
not linear, it is 5-6 times faster. The same conclusion can be made for Bowtie2
working on Hadoop but there are other computations (i.e. the shuffle and reduce
task) taking place. Bowtie2 working on Hadoop is 30 times faster than the single
core Bowtie2 experiment and 5 times faster than Bowtie2 at its maximum capacity of cores. The Hadoop version of Bowtie2 is thus a little bit less than the
number of mappers faster than a single core Bowtie2 program. This means that if
enough machines are provided, very large files can be processed very quickly. Of
course, this is when the MapReduce framework provides its full capacity to one
job. If someone runs for example 100 MapReduce jobs on a Hadoop cluster having ten 12-cores machines, the MapReduce jobs will not have a good performance
because each job would approximatively have one map task working. This could
even result in worse performance with the shuffle and reduce steps included.

5.6

Enriching InSilico DB with a genomic pipeline
for UPC preprocessing of RNA-Seq data

The goal of the pipeline is to preprocess RNA-Seq data with UPC so that combining RNA-Seq and microarray data becomes possible. The constructed pipeline
consists of following jobs:
• DOWN SRA
• FASTQ DUMP
• FASTQ PREPROCESSING
• BOWTIE2 HADOOP
• EXPRESS
• MEAS ENSEMBL UPC
• ESET
• CURESET
The BOWTIE2 HADOOP, EXPRESS and MEAS ENSEMBL UPC jobs have been
added to the InSilico DB backbone with the purpose of preprocessing RNA-Seq
using UPC. Those are the jobs we implemented. The other jobs were already
implemented by the InSilico DB team and are used in their genomic pipelines.
We reused these jobs in our experimental genomic pipeline.
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The Download SRA step retrieves the necessary Sequence Read Archive (SRA)
files from a public repository. Those files are the archives obtained from the
next-generation sequencing experiment for the dataset and contain the FASTQ
files.
The FASTQ Dump step extracts FASTQ files from the downloaded SRA archives.
The result of the FASTQ Dump are one or multiple FASTQ files. Those are stored
on the file system.
The inputs of the FASTQ Preprocessing job are the FASTQ files extracted by the
FASTQ Dump job. Those are merged and preprocessed into one single-end or two
paired-end files in three steps:
1. Merge corresponding FASTQ files into one single-end or two paired-end
files.
2. Performs a quality control check using the fastqc3 software. The quality
control check is necessary for being sure of the correctness of the qualities.
3. Detects which quality format is used in the FASTQ file and converts it to
the Sanger format if needed.
The result are corrected FASTQ files ready to align using Tophat Trapnell et al.
(2009), Bowtie2 (Langmead and Salzberg, 2012) or other sequence aligners.
The Bowtie2 HADOOP job gets a single or paired-end input. The input is placed
on the Hadoop Distributed File System and computed by creating a MapReduce
job. The map task will be the computation of the alignments with Bowtie2 (Langmead and Salzberg, 2012) and the reduce task is simply the UNIX cat command.
The result of the MapReduce job is a sam file (Li et al., 2009). A sam file contains
a header with meta-information and alignments. This sam file is converted to its
binary version using the samtools software (Li et al., 2009). This bam file is the
output of the job.
The transcript-level in the header corrected bam file is quantified using the eXpress software (Roberts and Pachter, 2013). EXpress is a similar tool as Cufflinks
(Trapnell et al., 2010), but its computation time is proportional to the number of
read sequences and the memory requirement is proportional to the size of the reference genome/transcriptome used. One of the values determined by eXpress are
the raw read counts for each transcript region. Those are the values needed by
UPC for RNA-Seq preprocessing.
Each sample is preprocessed in a MEAS ENSEMBL UPC job by applying the function UPC RNASeq from R package SCAN.UPC (Piccolo et al., 2012, 2013) to
3

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
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the raw read counts obtained in previous step. The features of the resulting ExpressionSet are the Ensembl Transcript identifiers and not gene symbols. Those
identifiers need to be converted to Ensembl Gene identifiers before combining
RNA-Seq datasets with microarray datasets. An RData file is stored on the file
system for each sample. A RData file stores objects from the R language as binary data.
The ESET job combines the resulting RData files from the MEAS ENSEMBL UPC
jobs into one non-curated ExpressionSet. CURESET add the biological curation to
the ExpressionSet. The result of the CURESET job can be downloaded and used
in analysis in combination with other datasets, for example microarray datasets
with Ensembl Gene identifiers as features.

5.7

Summary

In this chapter we explained the integrations made to the InSilico DB platform for
the microarray and RNA-Seq genomic pipelines. These additional jobs have for
goal to enable new preprocessing methods for microarray and RNA-Seq data.
Jobs have been added to the microarray pipeline for supporting the SCAN and
UPC preprocessing methods. Each preprocessing method has been added for
returning gene expression values for three possible kind of identifiers, namely,
probesets, gene names and Ensembl Genes identifiers.
The RNA-Seq pipeline for UPC preprocessed gene expressions is summarized by
Figure 5.3. Three jobs have been added to the existing ones for being able to make
such pipeline, namely, the BOWTIE2 HADOOP, EXPRESS and MEAS ENSEMBL UPC
jobs. The BOWTIE2 HADOOP runs the Bowtie2 aligner using Hadoop to speed
up the computation. The result is used by the EXPRESS for determining the read
counts for each transcriptional region. These counts are used in MEAS ENSEMBL UPC
for obtaining UPC normalized gene expressions.
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Figure 5.3:
Pipeline for preprocessing RNA-Seq data with UPC.
BOWTIE2 HADOOP uses Hadoop Streaming for faster Bowtie2 computation. EXPRESS calculates the raw read counts from the output Bowtie2. The read
counts are used as input for the UPC RNASeq function for obtaining UPC values
for each measurement. The arrow notation is the same as in Figure 5.1
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CHAPTER 6

Results

In this chapter we apply the methods developed in previous chapter for data analysis. First we validate the preprocessed data. The combination of microarray
and RNA Sequencing data is validated in using the same approach. Then we
benchmark the preprocessing methods for determining if the combinations of preprocessing and batch effect removal methods have a similar performance or if
some combinations are much better than others. Once we analyzed the benchmarking experiment, we apply our knowledge for developing a method aiming at
discovering differentially expressed genes. The method is applied on the different preprocessing methods and on the combination of microarray and RNA-Seq
data.

6.1

Data used in the experiments

In this section we present the datasets used in this chapter. The datasets we use
are referenced in table 6.2. Taminau (2012) put a group of datasets together suitable for merging and used this group in his analysis. He obtained a large list of
differential expressed genes (DEGs) from merging these datasets (Taminau, 2012,
p. 128 and pp. 132–133). Since we also need a suitable group of datasets for
merging and we also do an experiment for discovering DEGs we decided to use

62

Dataset

Platform #Genes

GSE10072
GSE7670
GSE31547
GSE19804
GSE19188
GSE18842
total:

GPL96
GPL96
GPL96
GPL570
GPL570
GPL570

12496
12496
12496
19851
19851
19851

#Samples
Reference
(control/cancer/unknown)
107 (49/58/0)
(Landi et al., 2008)
66 (27/27/12)
(Su et al., 2007)
50 (20/30/0)
No publication
120 (60/60/0)
(Lu et al., 2010)
156 (65/91/0)
(Hou et al., 2010)
91(45/46/0)
(Sanchez-Palencia et al., 2011)
590 (312/266/12)

Table 6.1: Overview of the lung cancer microarray datasets used during the experiment. This table is based on the table from (Taminau, 2012, p. 123)
Dataset

Platform

GSE6956 GPL571
GSE22260 GPL9115
total:

# Ensembl
#Samples
Reference
Gene Ids (control/cancer)
11939
89 (20/69)
(Wallace et al., 2008)
39293
30 (10/20)
(Kannan et al., 2011)
119 (30/89)

Table 6.2: Overview of the microarray dataset GSE6956 and RNA-Seq dataset
GSE22260 for prostate cancer.
the same datasets. The list of DEGs will be used as reference for comparing our
results and will be called DEGs Taminau. The number of genes is different in our
datasets since the version of the annotation package used for mapping probeset
ids to gene ids has changed since Taminau’s work.
For datasets aiming at combining microarray and RNA-Seq we decided to use two
datasets. The RNA-Seq dataset was generated using the custom genomic pipeline
and the microarray dataset is preprocessed with UPC for making enabling the
combination. An overview of the datasets is given in table 6.1.

6.2

Visual validation of batch effect removal on different preprocessing techniques

In this section we visualize the results from applying batch effect removal to the
different preprocessing techniques. The visualization should help to validate the
result of batch effect removal on the preprocessing techniques.
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6.2.1

Visualization methods

We use one visualization methods for validation of the merging on the data,
namely, Principal Component Analysis (PCA) (Jolliffe, 2002). PCA applies a
orthogonal transformation to samples transforming the possible correlated variables into uncorrelated variables called principal components. The first principal
component is the variable having the largest variance and must be orthogonal to
the second principal component. In its turn the second principal component has
the second largest variance and is orthogonal to the following component and so
on. The number of principal components is always smaller or at most equal to the
number of correlated variables. This means that PCA reduces the dimensionality
of the data.
Only the first two principal components are plotted for validation of the results,
since those are the components that capture the most variance and that the greatest source of variance is the due to the difference in batch and not due to the
biological difference of the samples (Leek et al., 2010). A batch effect removal
method is considered effective if the combined batches are overlapping when plotting the first two principal components of the samples (Lazar et al., 2012). The
plot function used is the plotMDS implemented in the InSilicoMerging R package (Taminau et al., 2012).

6.2.2

Visual Validation of fRMA, SCAN and UPC

Preprocessing techniques try to remove the possible variations in microarray experiments by:
• background correction for removing variations due to the hybridization
• normalization for removing variations due to different experiment settings
• summarization by using models that take the probe/batch effect and measurement errors into account.
These three steps are effective for removing the within-batch variation and are
sometimes able to remove the batch effect of datasets from the same microarray
platforms. We notice in figures 6.1a, 6.2a and 6.3a that the samples are well
merged for the three preprocessing techniques when it comes to samples of the
same platform. But the studies are still subjected to batch effect. The different
platforms GPL96 and GPL570 are still dissociable.
We use the ComBat (Johnson et al., 2007) batch effect removal method on the
different preprocessing techniques. The difference is directly visible on the four
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datasets. The resulting figures 6.1b, 6.2b and 6.3b show clearly that batch effect
is removed for the three preprocessing techniques. The three classes are well
separated from each other while the samples from the four studies are undeniably
merged.

(a) fRMA without batch effect removal

(b) fRMA with ComBat

Figure 6.1: Validation of batch effect removal on fRMA preprocessed samples

6.2.3

Visual validation of the merging microarray and RNASeq data.

The merging of microarray and RNA-Seq data is validated using the same method.
The data is preprocessed using the UPC technique. Three batch effect removal
methods have been applied on the two datasets. Figure 6.4 shows the different results obtained for each batch effect removal technique. Figure 6.4a shows clearly
that there is batch effect in the samples. A lot of the batch effect is most likely
coming from the difference in data types. In Figures 6.4b, 6.4c and 6.4d we notice
a clear amelioration in comparison with Figure 6.4a. Since the samples overlap in
the three figures, we may conclude that a large amount of the batch effect seems
to be removed. Unlike the lung cancer datasets, the control and cancer samples
are mixed on the PCA plots after batch effect removal. But on these figures it
is at least possible to imagine a hyperplane separating the controls from the cancers. This is much more complicated for the figure without batch effect removal,
implying that performing an analysis on these values would fail.
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(a) SCAN without batch effect removal

(b) SCAN with ComBat

Figure 6.2: Validation of batch effect removal on SCAN preprocessed samples

(a) UPC without batch effect removal

(b) UPC with ComBat

Figure 6.3: Validation of batch effect removal on UPC preprocessed samples
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(a) No batch effect removal

(b) Batch effect removal using ComBat

(c) Batch effect removal using BMC

(d) Batch effect removal using GENENORM

Figure 6.4: PCA plots representing the merging of a microarray and a RNA-Seq
dataset using batch effect removal methods.
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6.3

Benchmarking the combination of batch effect
removal and preprocessing methods

An important question for benchmarking batch effect removal methods is: ”What
is a good batch effect removal method?”. A good batch effect removal method
has two characteristics. First, it removes the batch effect from the data. Second,
the classes for the target variable must still be differentiable after batch effect removal. For example in Figures 6.3 we see that ComBat seems to be a good batch
effect removal method since it merges the data such that it became impossible to
distinguish a group of samples that comprises only elements of the same platform.
Whereas grouping the samples from platform GPL96 is very easy without batch
effect removal. The ComBat method also preserves the biological difference between the disease classes. We see that the cancer samples from both platforms
now form one distinct group of cancer. The same observation can be made for
controls. Summarized, a good batch effect removal method should transform the
data such that it is easy to separate the data when looking at the variables of interest and hard to separate when looking at the variables related to batch effect.
Given the two characteristics of a good batch effect removal method, we can now
determine which method is better than the others by measuring how complex it is
to separated the data after batch effect removal. Therefore we use the transformed
gene expressions of a batch effect removal method as training data for decision
trees. The complexity of the generated tree is used as measure. One tree is generated for each characteristic. We assume that a decision tree for classifying i.e.
disease will have a low complexity for good batch effect removal methods. The
other assumption is that a good batch effect removal method will have a very complex decision tree when build for classifying a variable related to the batch effect
i.e. studies or platforms.

6.3.1

The rpart Decision Tree

For the classification of the datasets we use the decision tree implemented in the
rpart R package (Therneau et al., 2014). The rpart classification tree is constructed
by searching the attribute that splits the data in the best two sub-trees. Once
this attribute has been found, the data is split in two sub-trees according to the
attribute. This process is repeated for each sub-tree until a stop criterion is met (i.e.
predefined number of element in the sub-tree) or that the sub-tree only consists of
one class.
In rpart, the best attribute is measured by means of an impurity function (Therneau
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et al., 1997). In other words, a function measuring how diverse the elements of
the node are. The function f used by rpart for measuring the amount of diversity
in a node N is:
I(A) =

C
X

f (pi N )

(6.1)

i=1

pi N is the proportion of elements of class i in node N , where f is the gini index
f (p) = p(p − 1). The attribute that splits the best the data is the attribute that
maximizes the impurity reduction (Therneau et al., 1997):
∆I = p(N )I(N ) − p(NL )I(NL ) − p(NR )I(NR )

(6.2)

where NL and NR are the two sub-trees of node N .

6.3.2

Benchmarking

We determine the complexity of the decision tree by multiplying two factors: the
total number of nodes in the tree and the depth of the tree. The choice of the first
criterion is motivated by the fact that complex tree structures have more nodes than
simple decision trees structures. The criterion of depth is for taking the flatness of
the tree into account. In general, a deeper tree indicates a higher difficulty for the
classification of the data.
The benchmarking consists of a comparison between the combinations of batch
effect removal method and the preprocessing methods. We generated for each
combination 20 trees: 10 for the studies and 10 for the diseases. Ten percent of the
samples were left out the classification for generating the decision trees. The left
out samples were randomly selected. The results of the benchmarking experiment
are depicted in Figure 6.5 and are discussed in following remarks.
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Figure 6.5: The figure depicts the complexity of the generated decision trees for
all batch effect removal and preprocessing techniques combinations for Studies
and Diseases. The complexity measure is defined as the number of nodes in the
tree multiplied by the depth of the tree.
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Remark 1: Baseline combinations
The baseline combinations are the trees generated using data that has not been
transformed by batch effect removal. They have been added as reference point for
the complexity of decision trees for studies. They also have a low complexity for
diseases, meaning they classify the diseases very well. This might seem odd, but
in Figures 6.1a, 6.2a and 6.3a it is clear that the diseases are separated from the
controls. It is possible to draw an hyperplane that separates them even if there is a
gap between the platforms, this implying there might exist genes able to split the
two groups easily even without batch effect removal.
Remark 2: Performance fRMA
FRMA is the preprocessing technique that combines the best with batch effect
removal methods for the datasets. All its combinations with batch effect removal
methods have an high complexity for the decision trees classifying the studies
and a low complexity for the decision trees for diseases. A possible explanation
is that since fRMA accounts for batch-effect in its method by using the frozen
components. The batch effect is reduced for data on the same platform. This may
have a positive influence on the gene expressions across platforms since they are
supposed to be the same.
Remark 3: Performance UPC
UPC clearly does perform worse after batch effect removal. This is strange since
the visual validation of UPC showed that the batch effect was effectively removed
using ComBat. Our hypothesis is that the values of the UPC preprocessing method
are not suited for this benchmark. A UPC value represents the probabilities that a
gene is expressed above the background for the sample(Piccolo et al., 2013) . The
values are in an interval between 0 and 1, since the values represent probabilities.
The UPC preprocessing method returns for a lot of genes one of the endpoints of
the interval. If we consider the case that all the batches share the exact same value
for a gene (i.e. the probability 1) and that only one batch is affected by batch
effect for this gene, then applying batch effect removal will change only the UPC
value of the batch affected by batch effect. An example is given in Figure 6.6,
were the ACTB gene has always probability 1 for each dataset before batch effect
removal and is slightly changed for dataset GSE19188. The difference is almost
not visible, but it exists and is exploited by the decision tree. The result is that
decision trees easily trains on such genes and generates a simple tree for studies.
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It is clear in Figure 6.7 that the decision tree is constructed using genes having
endpoint value (in this case 1) that were affected by batch effect.

Figure 6.6: Gene ACTB before and after batch effect removal. The datasets were
preprocessed using UPC. The batch effect was removed by using ComBat. The
plots were generated using the plotGeneWiseBoxPlot function from the InSilicoMerging package.

Remark 4: Performance ComBat
ComBat scores the best of all batch effect removal methods when combined with
SCAN and fRMA. An explanation of the effectiveness of ComBat compared to the
other batch effect removal methods can be that ComBat removes batch effect in
three steps (Johnson et al., 2007). It first standardizes the gene expression values
of the gene, such that they have an equal mean and variance (which is similar
to BMC or GENENORM). It has two additional steps that are the estimations
of batch effect factors and the adjustment of the gene expressions using these
estimations. These additional steps removes extra batch effect, which is not done
in other methods.
Remark 5: Performance DWD
DWD seems to be the batch effect removal method performing the worst. It has
a higher complexity for studies for FRMA and UPC and a lower complexity for
disease for SCAN. DWD can only combine two datasets at once, thus the combination of the 6 datasets was performed by recursively calling the DWD function
(Lazar et al., 2012). We suspect that the iterative combination of datasets makes it
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UPC COMBAT : Study

yes

ACTB >= 1

no

GSE19188
S: 91 82 144 112 43 59
D: 277 242 12
TPT1 >= 1

GSE19188
S: 0 0 143 0 0 0
D: 82 61 0

GSE19804
S: 91 82 1 112 43 59
D: 195 181 12
RPL30 >= 1

GSE19804
S: 0 0 1 112 0 0
D: 56 57 0

GSE10072
S: 91 82 0 0 43 59
D: 139 124 12
TPT1 < 1

GSE10072
S: 90 0 0 0 0 0
D: 46 44 0

GSE18842
S: 1 82 0 0 43 59
D: 93 80 12
ACTB < 1

GSE18842
S: 0 82 0 0 0 0
D: 41 41 0

GSE7670
S: 1 0 0 0 43 59
D: 52 39 12
GSE31547
S: 1 0 0 0 43 0
D: 27 17 0

GSE7670
S: 0 0 0 0 0 59
D: 25 22 12

Figure 6.7: The decision tree classifies the samples by their study for the UPC
preprocessing technique combined with the ComBat batch effect removal method.
The attributes splitting the samples in subgroups are on top of each node. The
label in the node states the class with the most samples in the node. The second
line states the number of samples for each study. The order of the classes are:
GSE10072, GSE18842, GSE19188, GSE19804, GSE31547 and GSE7670. The
last line in the node denotes the number of samples for each disease. The order of
the classes are: lung cancer, control and unknown.
more difficult to remove all the batch effect. DWD removes batch effect by combining two datasets and projecting the samples in the direction of the hyperplane
separating the batches. If there are four datasets, then the datasets are merged two
by two. The two resulting batches are combined in their turn and form the batch
effect free dataset. We suspect that if there is still a little bit of batch effect after
the first merge, the batch effect may scale with the values in the later iterations.
Also when DWD is applied, the order of the datasets is important, a different order results in different values after the preprocessing. We ran DWD for the same
samples in different orderings and got two different results. The results are visible
in Figures 6.8 and 6.9.
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Figure 6.8: DWD applied on SCAN preprocessed datasets with the following
order: GSE10072, GSE7670, GSE31547, GSE19804, GSE19188, GSE18842
Remark 6: Performance GENENORM and BMC
GENENORM and BMC have an equivalent performance for both FRMA and
SCAN. This is not surprising since those methods are very similar. GENENORM
standardizes the mean and standard deviation of the genes (mean = 0 and standard
deviation = 1), when BMC only standardizes the mean (mean = 0).
Remark 7: Best combination for the datasets
The best combination form our benchmarking experiment on the selected datasets
is the combination of FRMA and COMBAT. The combination of SCAN and ComBat also has a good performance.

6.4

Stability of the generated decision tree

In this section we look more in details the stability of the generated decision trees.
It is important to be aware if some genes are more often chosen as attributes when
the datasets are merged. Also the larger the sample size the better the population
of gene expressions for lung cancer are represented. This may imply that the gene
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Figure 6.9: DWD applied on SCAN preprocessed datasets with the following
order: GSE10072, GSE19804, GSE7670, GSE19188, GSE31547, GSE18842
is important for the classification of diseases and thus could be of significance for
lung cancer.
Here we use two resources to verify if a gene can be important, namely, genecards1 (Rebhan
et al., 1997) and the DEGs determined by Taminau. Genecards is a database that
references genes and proteins with their related diseases. The experiment consisted of generating 10 decision trees for classifying diseases and count the occurrences of every genes. We referenced in the tables the genes occurring at least
5 times in the 10 trees for the datasets or combinations. If there were no genes
occurring at least 5 times, then we referenced the gene occurring the most in the
experiments. Plots have been generated for every experiments and can be found
in the Appendix.
Stability decision trees
We notice in Table 6.3 that the decision trees generated for individual datasets
only have one recurring gene. When we clearly note multiple recurring genes per
combination in most of the generated decision trees. The FRMA method seems to
be less stable than the other preprocessing methods. This information is important
and will be taken into consideration when performing experiments. The other two
preprocessing techniques are more stable, but the most stable genes are not always
1

http://www.genecards.org
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Dataset
FRMA
GSE10072
GSE7670
GSE31547
GSE19804
GSE19188
GSE18842
SCAN
GSE10072
GSE7670
GSE31547
GSE19804
GSE19188
GSE18842
UPC
GSE10072
GSE7670
GSE31547
GSE19804
GSE19188
GSE18842

Gene

# in tree lung cancer in DEGs
related
Taminau

RNF38
AHNAK
AKAP12
RNF38
SPOCK2
STX11
ASPM

3
9
6
5
8
7
4

no
no
yes
no
no
no
no

no
no
no
no
yes
no
yes

VWF
CFP
AGR2
ICA1
SPOCK2
RILPL2
ASPM

7
7
5
4
7
6
7

yes
no
yes
no
yes
no
no

no
no
no
no
no
no
yes

CAV1
AGER
PTRF
SPOCK2
ADIRF-AS1
ADH1B
ASPM

8
8
8
8
6
4
6

yes
yes
yes
no
no
yes
no

yes
yes
no
yes
no
yes
yes

Table 6.3: References the genes that occurred the most when generating the decision trees for individual datasets. These genes are assumed to be the most stable
ones.
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Batch effect
removal
FRMA
No BER

Gene

CAV1
SOX4
ComBat
CAV1
BMC
CAV1
GENENORM CAV1
A2M
DWD
AGER
A2M
SCAN
No BER
BST2
AGER
CLDN18
ComBat
AGER
BMC
A2M
CLIC5
GENENORM A2M
AGER
CLIC5
DWD
AGER
ASPA
A2M
UPC
No BER
AGER
SERINC2
ComBat
AGER
MMP19
EFNA4
BMC
AGER
ANP32A
MMP19
GENENORM AGER
EFNA4
A2M
PPAP2C
DWD
AGER
ADH7
KPNB1

# in tree lung cancer in DEGs
related
Taminau
7
5
5
5
6
6
6
6

yes
yes
yes
yes
yes
no
yes
no

yes
no
yes
yes
yes
no
yes
no

9
6
5
6
8
6
10
5
5
9
6
6

no
yes
yes
yes
no
yes
no
yes
yes
yes
no
no

no
yes
yes
yes
no
yes
no
yes
yes
yes
no
no

10
5
10
6
5
10
8
7
8
7
6
6
10
10
6

yes
yes
yes
no
no
yes
yes
no
yes
no
no
no
yes
no
no

yes
no
yes
no
no
yes
no
no
yes
no
no
no
yes
no
no

Table 6.4: References the genes that occurred the most when generating decision
trees after merging the datasets and applying batch effect removal on them. These
genes are assumed to be the most stable ones.
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the gene that are biologically relevant (i.e. the A2M gene for the combination of
SCAN with GENENORM).
For individual datasets it seems like GSE7670 is the most stable dataset except
for UPC. This is surprising since it is one of the datasets with the least number
of samples. The other stable dataset is GSE19804. We observed that the genes
occurring the most in the decision trees generated for these datasets were not often related to lung cancer nor categorized as DEGs by Taminau. Only SPOCK2
occurred multiple times for the same dataset when using different preprocessing
method. Since SPOCK2 is in the differentially expressed list of Taminau, we conclude that it is an important gene in this dataset. This also shows that the three
preprocessing methods are equivalent when it comes to important genes for individual datasets. This can also be noticed in table 6.4, were AGER is used at least
one time as attribute in the decision trees for every preprocessing technique.
Genes related to lung cancer or in DEGs Taminau
Tables 6.3 and 6.4 show clearly that merging different datasets forces the decision tree to find attributes that are more biologically relevant. The genes AGER
and CAV1 are almost always selected in every preprocessing/batch effect removal
method combination as being the most stable genes. Both are known to be related
to lung cancer and are in the list of differentially expressed genes discovered by
Taminau (2012). If we look at some of the generated decision trees we can conclude that AGER and CAV1 are the root of the trees that is generated. This implies
that these genes split the diseases in cancer and control very well. We see in Figures 6.10 and 6.11 two of the many examples that those genes are used for splitting
the diseases in two groups and thus are genes with a possible biological influence
on cancer. We chose to show the combination of SCAN and GENENORM since
A2M is a very stable gene, but is neither related to lung cancer nor in the differentially expressed genes list of Taminau. A2M occurs 10 times but never as splitting
attribute of the root node.
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FRMA COMBAT : Disease

yes

CAV1 >= 12

no

lung cancer
S: 99 84 142 107 40 59
D: 283 236 12

IGF2BP3 < 5.8

SOX4 < 9.3

control
S: 44 39 58 53 15 29
D: 8 226 4

lung cancer
S: 55 45 84 54 25 30
D: 275 10 8

control
S: 43 38 57 51 15 27
D: 3 226 2

lung cancer
S: 1 1 1 2 0 2
D: 5 0 2

control
S: 0 2 4 4 0 4
D: 3 7 4

lung cancer
S: 55 43 80 50 25 26
D: 272 3 4

Figure 6.10: The decision tree classifies the samples by their diseases for the
FRMA preprocessing technique combined with the ComBat batch effect removal
method. The attributes splitting the samples in subgroups are on top of each node.
The label in the node states the class with the most samples in the node. The
second line states the number of samples for each study. The order of the classes
are: GSE10072, GSE18842, GSE19188, GSE19804, GSE31547 and GSE7670.
The last line in the node denotes the number of samples for each disease. The
order of the classes are: lung cancer, control and unknown.
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SCAN GENENORM : Disease

yes

AGER >= 0.19

no

lung cancer
S: 95 87 134 107 46 62
D: 274 246 11

ARHGEF10 >= −1

A2M >= −5.6

control
S: 43 42 63 58 19 29
D: 14 238 2

lung cancer
S: 52 45 71 49 27 33
D: 260 8 9

control
S: 41 41 62 55 18 27
D: 6 236 2

lung cancer
S: 2 1 1 3 1 2
D: 8 2 0

LST1 >= 1.8
lung cancer
S: 52 45 71 49 27 26
D: 260 8 2

control
S: 1 1 4 2 0 0
D: 2 6 0

unknown
S: 0 0 0 0 0 7
D: 0 0 7

lung cancer
S: 51 44 67 47 27 26
D: 258 2 2

Figure 6.11: The decision tree classifies the samples by their diseases for the
SCAN preprocessing technique combined with the GENENORM batch effect removal method. The attributes splitting the samples in subgroups are on top of each
node. The label in the node states the class with the most samples in the node. The
second line states the number of samples for each study. The order of the classes
are: GSE10072, GSE18842, GSE19188, GSE19804, GSE31547 and GSE7670.
The last line in the node denotes the number of samples for each disease. The
order of the classes are: lung cancer, control and unknown.
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6.5

Discovering differentially expressed genes

Motivated by the results of previous section, we try to discover the best genes
for splitting the merged datasets in cancer and control samples. Such genes are
called differentially expressed genes (DEGs). Differentially expressed genes are
important because they give insight to researchers which genes are potentially
responsible for the tested disease. Better drugs may be produced if the gene is
confirmed to be a cause of the disease.
First we explain the metrics used for finding the best attributes. These metrics are
used in a method that evaluates if a gene is differentially expressed or not. We end
the section with two experiments that applies the method on the lung cancer and
prostate cancer datasets.

6.5.1

Measures for finding attributes that split the data efficiently

The entropy (Shannon, 1948) is a measure of homogeneity for a group of samples
N:
c
Entropy(N ) =

X

−pi log2 pi

(6.3)

i=1

where c is the number of different classes and pi is the proportion of elements
of the group of samples N that are of class i (Mitchell, 1997). It is now possible
to define the information gain of an attribute using the formula of Entropy. The
information gain of an attribute denotes its effectiveness for splitting samples in
homogeneous groups. The information gain (Mitchell, 1997) of attribute A for
the group of samples N is determined by:
|Nv |
Entropy(Nv )
|N |
v∈V alues(A)
(6.4)
where V alues(A) is the set of unique values the attribute can take and Nv are the
elements in node N that have value v.
Inf ormationGain(N, A) = Entropy(N ) −

6.5.2

X

Determining differentially expressed genes

Our approach consists of analyzing each gene at a time and determining if it is
differentially expressed or not. The original values were gene expressions preprocessed by either FRMA, SCAN or UPC. A DEG should be differentially expressed
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in the transformed gene expressions of every batch effect removal method. Therefore we apply a supervised method on each of the transformed gene expressions
and combine the results.
The idea is to iterate over the list of genes and apply our supervised method to
each gene g one by one. The input of the method is the gene specific N x M
transformed gene expressions matrix E, where N is the number of samples and
M are the number of batch effect removal methods. The element on position
(n, m) represents the transformed gene expression for sample n using batch effect
removal method m for gene g. The result is a list of genes with an corresponding
score. The higher the score, the more likely the gene is a DEG.
The score of gene g is calculated by applying a function that determines the maximum information gain of each column in matrix E. This means that the maximum information gain is determined for the gene expressions of each batch effect
removal method one by one. The score is equal to the mean of the maximum
information gains of each batch effect removal method.
The maximum information gain function we imagined consists of four steps:
1. Arrange the samples and their corresponding classes in increasing gene expression
2. Evaluate if the gene is a differentially expressed gene
3. Determine candidate attributes.
4. Calculate the maximum information gain
Below we explain each step more in details. At each step we added a short example for making the idea behind the method the clearest possible. The example consists of 10 samples. Each sample has a corresponding gene expression
and class. The gene expressions have been transform by one of the batch effect
removal methods before the application of the method. There are two possible
classes : L1 and L2 . The example dataset S is:
Sample:
S1
Gene Expression: 0.7
Classe:
L1

S2
0.8
L1

S3
0.3
L1

S4
0.6
L1

S5
0.9
L2

S6
0.5
L2

S7
1.1
L2

S8
0.4
L2

S9 S10
1.2 1.0
L2 L2

Sample rearrangement
The first step is to order the samples and their corresponding gene expression by
increasing gene expression.
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Sample:
S3
Gene Expression: 0.3
Class:
L1

S8
0.4
L2

S6
0.5
L2

S4
0.6
L1

S1
0.7
L1

S2
0.8
L1

S5 S10
0.9 1.0
L2 L2

S7
1.1
L2

S9
1.2
L2

Evaluation if the gene is differentially expressed.
The evaluation step is not necessary, but it results in a huge gains of time. Only
a small subsets of genes are DEGs and a lot of them can be eliminated just by
looking at the homogeneity of the classes after the sample rearrangement. Therefore the ordered samples are split in their middle, resulting in two equal groups
of samples. If a gene is differentially expressed, then a large amount of cancer or
control samples should be in one of the two splits (since the samples are ordered
by gene expression). The entropies of the two splits are measure the homogeneity
of the splits. A homogeneous split has a low entropy and a heterogeneous split
has a high entropy.
Once the entropies have been determined, their values are compared to a threshold. The threshold is defined by maxEntropy(#classes) ∗ h, where h represents
a homogeneity factor between 0 and 1. The lower the homogeneity factor, the
faster the method determines the DEGs. Of course, the gain in computation time
comes at the expense of accuracy. A low homogeneity factor permits only very
homogeneous splits to pass the threshold. If the threshold is passed, then the gene
is evaluated as being a potential DEGs. Otherwise, the gene is evaluated as being not enough differentially expressed for further computation and its resulting
information gain for the batch effect removal method is 0.
Sample:
S3
Gene Expression: 0.3
Class:
L1

S8
0.4
L2

S6
0.5
L2

S4
0.6
L1

S1 S2
0.7 0.8
L1 L1

S5
0.9
L2

S10
1.0
L2

S7
1.1
L2

S9
1.2
L2

Entropy(Group1 ) = − 25 log2 25 − 53 log2 53 = 0.9709506
Entropy(Group2 ) = − 15 log2 15 − 54 log2 54 = 0.7219281
There are two classes in our example thus the maximum entropy is: maxEntropy(2) =
log2 (2) = log2 2 = 1. The homogeneity threshold is equal to the homogeneity factor h in this example. If the homogeneity factor is lower than 0.7219281, then the
gene would not be evaluated as being a DEG. Otherwise, the gene would pass the
threshold and continue the next steps of the computation.
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Determining candidate attributes
When values are ordered it is possible to make good guesses of candidate attributes. The candidates are the samples that have at least one neighbour with
a different class for the target variable. It is shown that the maximum information gain lies between two samples with different classes in a dataset (Fayyad,
1992; Mitchell, 1997). In our method we consider the gene expressions of the
samples that have a neighbour with a different class as one of the candidate attributes.
Most of the time cancer and control samples are still mixed in the ordered dataset,
even if they passed the homogeneity step. It is not uncommon to have more than
100 candidate attributes. After some experiments we noticed that the candidates in
the middle of the datasets are most of the time the ones that return the maximum
information gain. This motivated us for adding an additional reduction step for
the candidate attributes. The parameter r controls the reduction of the list and is
a value between 0 and 1 that represents the percentage of candidates to keep. For
example: if the threshold is 0.5, then 25 percent of the candidates at both ends
of the list are removed. This parameter speeds the computation a little bit up and
does not reduce the accuracy if the parameter is well chosen.
Sample:
S3
Gene Expression: 0.3
Class:
L1

S8
0.4
L2

S6
0.5
L2

S4
0.6
L1

S1
0.7
L1

S2
0.8
L1

S5 S10
0.9 1.0
L2 L2

S7
1.1
L2

S9
1.2
L2

In our example the samples having neighbours with different classes are S3 , S8
, S6 , S4 S2 and S5 . Their gene expressions are considered as being candidate
attributes. In the rest of the example we consider the reduction parameter r = 1,
meaning that all the thresholds will be used.
Calculating the maximum information gain
The last step is to calculate the information gain for all the remaining attributes.
The maximum information gain obtained in this step is the result for gene g in
combination with the selected batch effect removal method.
The information gain is calculated for all the candidate attributes (r = 1):
Inf ormationGain(S, g
Inf ormationGain(S, g
Inf ormationGain(S, g
Inf ormationGain(S, g
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> 0.3) = 0.1444843
> 0.4) = 0.0074034
> 0.5) = 0.0058022
> 0.6) = 0.0058022

Inf ormationGain(S, g > 0.8) = 0.4199731
Inf ormationGain(S, g > 0.9) = 0.4199731
The maximum information gain in this example is 0.4199731 for attributesg > 0.8
and g > 0.9. If r was a small value, the result would have been completely
different, therefore it is important to choose a good r (not too small and not too
large if possible).

6.5.3

Experimental setup

We performed four experiments by using the full potential of the enriched InSilico DB architecture. The first three experiments are very similar microarray
experiments that only differ in the preprocessing method that is used. The last
experiment uses RNA-Seq data in combination with microarray data.
The above described method is applied 20 times to the data and every time we
leave a random subset of 10 percent out of the computation. Our data are the gene
expressions from the four batch effect removal methods, namely, ComBat, BMC,
GENENORM and DWD. In the last experiment we do not use the DWD batch
effect removal method. The final result is the intersection of the 100 bests genes
for every application of the method. We decided to do 20 runs since FRMA did
not seem very stable compared to the other preprocessing methods. By taking the
intersection we make sure that only genes that splits the data well are in our results. We run the method on each preprocessing method (fRMA, SCAN and UPC)
separately. The microarray and RNASeq experiment uses the UPC preprocessing
technique.
The homogeneity parameter we use is h = 0.4, resulting in a computation time of
approximatively 3-4 minutes per run (less than a minute per batch effect removal
method). With h = 0.5 a run is immediately much longer.
The reduction parameter r We performed correlation tests between the results of
the the method with r = 0.5 and r = 1. The correlation was always above 0.99
with a p-value smaller than 2.2−16 . Therefore we used 0.5 as reduction parameter.

6.5.4

Results experiments

The results of the microarray experiments are similar for all the preprocessing
techniques. Therefore we reference first the list of discovered differentially ex-
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pressed genes for each preprocessing method and then explain some conclusions
about the discovered genes.
Resulting differentially expressed genes for the experiment using the fRMA preprocessing technique:
[1] "ABCA8" "ACADL" "ADAMTS8" "ADARB1" "ADH1B" "ADIRF"
[7] "ADRB2" "AGER" "AOC3" "ASPA" "CA4" "CAV1"
[13] "CAV2" "CD36" "CD93" "CDH5" "CFD" "CLDN18"
[19] "CLIC5" "COL10A1" "COX7A1" "DENND3" "DLC1" "DOCK4"
[25] "DPEP2" "DUOX1" "EDNRB" "EMCN" "EMP2" "EPAS1"
[31] "FABP4" "FAM107A" "FAM189A2" "FCN3" "FGFR4" "FHL1"
[37] "FHL5" "FOXF1" "FXYD1" "GGCT" "GPM6A" "GRIA1"
[43] "GRK5" "HIGD1B" "HN1L" "JAM2" "KAL1" "KANK3"
[49] "KCNK3" "LAMP3" "LDB2" "LIMCH1" "LIMS2" "MFNG"
[55] "PAFAH1B3" "PECAM1" "PTPRB" "PYCR1" "RAMP2" "RAMP3"
[61] "RASIP1" "RGCC" "S1PR1" "SASH1" "SDPR" "SGCG"
[67] "SLC39A8" "SPOCK2" "SPTBN1" "STARD13" "STARD8" "TACC1"
[73] "TCF21" "TGFBR3" "TIE1" "TNNC1" "TNXB"
Resulting differentially expressed genes for the experiment using the SCAN preprocessing technique:
[1] "ABCA8" "ACADL" "ADAMTS8" "ADAMTSL3" "ADH1B" "ADIRF"
[7] "AGER" "AOC3" "ARHGAP6" "ASPA" "CA4" "CAV1"
[13] "CD36" "CD93" "CDH5" "CFD" "CFP" "CLDN18"
[19] "CLIC5" "COL10A1" "DENND3" "DLC1" "DOCK4" "DPEP2"
[25] "EDNRB" "EFCC1" "EMCN" "EMP2" "EPAS1" "ERG"
[31] "FABP4" "FAM107A" "FAM189A2" "FCN3" "FHL1" "FHL5"
[37] "FOXF1" "FXYD1" "GPM6A" "GPX3" "GRIA1" "GRK5"
[43] "HIGD1B" "JAM2" "KANK3" "KCNK3" "LDB2" "LIMCH1"
[49] "LIMS2" "MFNG" "PECAM1" "PRX" "PTPRB" "PYCR1"
[55] "RAMP2" "RAMP3" "RASIP1" "RGCC" "ROBO4" "S1PR1"
[61] "SDPR" "SGCG" "SPOCK2" "SPTBN1" "STARD13" "STX11"
[67] "TACC1" "TAL1" "TCF21" "TEK" "TMEM100" "TNNC1"
[73] "TNXB"
Resulting differentially expressed genes for the experiment using the UPC preprocessing technique:
[1] "ABCA8" "ACADL" "ADAMTS8" "ADIRF" "AGER" "ARHGAP6"
[7] "CA4" "CASKIN2" "CDH5" "CLIC5" "COL10A1" "DENND3"
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[13]
[19]
[25]
[31]
[37]
[43]
[49]

"DUOX1" "EDNRB" "FABP4" "FAM107A" "FAM189A2" "FCN3"
"FOXF1" "FXYD1" "GIMAP6" "GPM6A" "GRK5" "HIGD1B"
"HMGB3" "KANK3" "KCNK3" "KIAA1462" "KL" "LDB2"
"LIMS2" "LINC00312" "LYVE1" "MELK" "NPR1" "PDLIM2"
"PYCR1" "RAMP2" "RAMP3" "RASIP1" "S1PR1" "SLC2A1"
"SLIT2" "SPOCK2" "SPP1" "STARD13" "TCF21" "TEK"
"TMEM100" "TNNC1" "TOP2A" "WIF1"

Each of these set of genes have been entered in the Enrichr API (Chen et al., 2013)
for analyzing the co-expression of the list of differentially expressed genes. The
analysis using Enrichr gave some interesting results back. The API noticed for
each group of DEGs that it was mainly composed of genes typically expressed in
lung cells. For fRMA 25 genes are related to lung cells, 23 for SCAN and 20 for
UPC.
The differentially expressed genes for fRMA and SCAN were linked to significant biological pathways. A biological pathway is a series of actions among
molecules in a cell that leads to a certain product or a change in a cell (National
Human Genome Research Institute, 2014). The three most significant pathways
linked to the genes for fRMA and SCAN are the leukocyte transedonthelial migration, PPAR signaling pathway and the cell adhesion molecules. From these
three pathways the PPAR signaling pathway and the cell adhesion molecules have
already been related to lung cancer. The genes related to these two pathways are
ACADL, CD36 and FABP4 for the PPAR signaling pathway and JAM2, CLDN18,
CDH5 and PECAM1 for the cell adhesion molecules. The only significant pathway linked to the differentially expressed genes obtained in the UPC experiment
is the PPAR signaling pathway. Only this time there are only two genes related to
this pathway, namely, ACADL and FABP4.
The expression of the CD36 gene is directly related to the activation of PPARγ
(Nagy et al., 1998). PPARγ is one of the subtypes of the PPAR signaling pathway
and is linked by different studies to lung cancer (Tsubouchi et al., 2000; Chang and
Szabo, 2000). CDH5 is a cell adhesion molecule of the Cadherin family, a family
that has already been related to lung cancer (Smythe et al., 1999). CDH5 has also
been reported with PECAM1 as being possible genetic markers for non-small cell
lung carcinoma, which is a type of lung cancer (Tran, 2013). This enumeration of
relations to lung cancer has for purpose to show that the methodology has positive
results for the fRMA and SCAN preprocessing techniques. We investigated only
the genes related to the significant pathways which represent a small subset of the
discovered DEGS.
We found more DEGs in the experiments using the fRMA and SCAN preprocess87

Preprocessing

#genes

fRMA
SCAN
UPC

77
73
52

#genes in
DEGs Taminau
37
32
26

Table 6.5: Number of differentially expressed genes found for each experiment
and the number of gene present in the DEG reference for the datasets.
ing methods than for the experiments using the UPC preprocessing method. It is
clear that our method has positive results for these two preprocessing methods, it
is less clear for UPC since only one pathway was linked to resulting DEGs and
that the gene playing an important role in this pathway was not present anymore.
When comparing the DEGs found by our method with the results of Taminau
(2012), we notice that the half of the genes in our lists are not present in his results. Our method captures perhaps other relevant genes and/or the simplicity
of using information gain is not powerful enough to discover some of the differentially expressed genes in the merged dataset. Determining the cause of the
differences could be part of future work on the method. The number of genes are
referenced in Table 6.5.
Microarray and RNA-Seq experiment
Resulting differentially expressed genes for the experiment combining microarray
and RNA-Seq data:
[1] "AP003068.6" "C16orf59" "CACNG3" "DBNDD1" "DCAF4" "DLX2
[7] "DYRK1B" "FANCA" "FGF14" "KCNQ4" "KLK15" "LPPR3" "MAPK8IP2"
[14] "MATK" "MFSD7" "MUC2" "NR2C2" "OGT" "ONECUT2" "OTUB2"
[21] "RIMS1" "SCNN1D" "SLC13A4" "TBX1" "TPO"
We proceeded the same way for analyzing the results obtained by the combination
of microarray and RNA-Seq data. Note that the amount of DEGs is much lower in
this example, probably due to the smaller number of samples. We gave the list of
differentially expressed genes as input to the Enrichr API. This time the API did
not find the correct origin of the genes, but it found one very significant pathway
for prostate cancer, namely, the MAPK signaling pathway. The genes related to
this pathway are CACNG3, FGF14 and MAPK8IP2. The activation of the MAPK
pathway is known to increase with the progression of prostate cancer (Gioeli et al.,
1999).
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6.6

Conclusions

In this chapter we used the methods implemented in the InSilico DB platform
for analyzing the 6 lung cancer datasets and 2 prostate cancer datasets. We first
validated the use of batch effect removal on the each preprocessing method by
applying ComBat on the datasets. The batch effect free datasets were visualized
by applying Principal Component Analysis on the gene expressions and plotting
the first two principal components. We did not observe any problems with the
results. The same approach was used for validating the results of applying batch
effect removal on the combination of microarray and RNA-Seq data. The result
was that batch effect seemed to be removed from the data. The diseases were
not as well split as for the lung cancer datasets, but batch effect removal does not
remove biological information. This means that the prostate cancer data has less
differences in the gene expression values for prostate cancer and controls.
Our second step was to benchmark the results of the different combinations of
batch effect removal and preprocessing techniques. Our benchmarking approach
uses decision trees for measuring how well samples are separated for the diseases
and studies after batch effect removal. A complex decision tree indicates that
it is difficult to separate the samples and vice versa. Studies should always be
difficult to separate after batch effect removal, meaning their decision tree should
be complex. The inverse is true for diseases, they should be easily separable and
resulting in simple decision trees.
Therefore the lung cancer datasets are classified on their diseases and studies for
building the decision trees. The results of the benchmarking indicates that the
preprocessing technique performing the best for our criteria is fRMA. The SCAN
preprocessing technique also performs very well for most batch removal methods,
except for DWD. We concluded that UPC was not suitable for our benchmark because of its probabilistic values. For the batch effect removal techniques we concluded that ComBat performed the best because it estimates the batch effect factors and adjusts the gene expression values using these estimates. GENENORM
and BMC performed similarly and DWD was still influenced by batch effect.
Those results are specific to the lung cancer datasets we used, but the methodology can be applied to other datasets.
The analysis of the stability of the trees showed that genes having a possible biological importance were most of the time the roots of the decision trees classifying
the diseases. This information motived us to try an experiment for finding differentially expressed genes. We used the information gain as metric for differentiating the gene expressions. For each gene we used the combined information gain
of the different batch effect removal methods for finding if a gene is differentially
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expressed. Some optimizations have been made in the method for speeding up the
computations. One example of such optimizations is that the homogeneity of the
samples is checked before starting the computation. The gene is not considered a
DEG if it is not homogeneous enough.
The method was applied to each preprocessing technique for microarray data and
to the combination of microarray and RNA-Seq data. We did a brief research for
finding possible biological relevance in the list of differentially expressed genes
we obtained. We found that some genes in the list were co-expressed for multiple
pathways related to lung cancer. The analysis of the microarray and RNA-Seq
data was also successful since we found genes related to a pathway that is linked
to prostate cancer. Even if the analysis in of microarray and RNA-Seq data was
rather small-scale, it was important for us to show that the experimental pipeline
we build in previous chapter makes UPC values for RNA-Seq data that is mergeable with microarray data. This experiment also proved that it is feasible to analyse both legacy microarray data with newer RNA-Seq data in one experiment and
find biological relevant information.
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CHAPTER 7

Conclusions

7.1

Problem Description

One of the biggest challenges in genomics is to make the data of experiments
available to people having the expertise to interpret the data. These people generally do not have the IT background for taking care of all the data preparation
steps enabling the data interpretation. It has been years now that scientist use
microarray technology for experiments. Millions of dollars have been invested
in this technology and cannot be thrown away because of the emergence of new
technologies such as RNA Sequencing. Therefore it is crucial to find methods to
cope with both data types, otherwise microarray data will be lost.
Therefore solutions have been made for enabling the people with the expertise to
be able to interpret the results. InSilico DB is an example of such solution. It
provides multiple services such as a user-friendly web interface for the combination and analysis of the processed and biologically curated data. This makes it
possible for biologists and biomedical experts to easily analyze the data without
being faced with the difficulties that must be tackled by Computer Science.
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7.2
7.2.1

Contributions
Enriching the InSilico DB Platform

We enriched the InSilico DB platform with new preprocessing techniques enabling the analysis of lots of new data. The addition of the SCAN preprocessing
technique to InSilico DB permits to analyze thousands of Affymetrix microarray samples that were not supported by the fRMA preprocessing method. This
enables researchers to perform cross-platform analysis with those samples.
We enriched InSilico DB with another preprocessing technique called Universal
exPression Code(Piccolo et al., 2013). This preprocessing technique enables to
combine microarray and RNA-Seq data. New technologies keep emerging, but old
technologies and data types need to be combinable in experiments otherwise this
data is lost. UPC enables to combine various data types, among others microarray
and RNA Sequencing data.
The last addition to the InSilico DB platform is the experimental RNA-Seq pipeline
for UPC preprocessing. The problem with RNA-Seq data is that it consists of huge
files of sequence reads and that their alignment takes a lot of time. Therefore the
Bowtie2 aligner has been integrated to a distributed environment for speeding up
the computation. Apache Hadoop is the distributed environment that has been
used for processing and managing RNA-Seq Big Data. Hundred samples have
been preprocessed in less than a week when normally it should have taken almost
one month.

7.2.2

Benchmarking

After having the preprocessing methods included, we assessed the results of the
different combinations of preprocessing and batch effect removal methods. We
benchmarked the results using the complexity of generated decision trees. The
target variables for growing the trees are respectively the studies and the disease.
The more complex a decision tree for studies, the better the combination performs.
The simpler the decision tree for the diseases, the best the combination removes
the batch effect on the data. The combination of the assumptions defines a good
combination as being a combination that makes it difficult to retrieve the original studies of the samples and that preserves their biological information while
removing the undesirable variance.
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7.2.3

Model for finding DEGs

Motivated by the observations of the results obtained when analyzing the stability
of the decision trees generated for the benchmarking experiment, we decided to
make a simple method for finding differentially expressed genes. The method is
based on the the principle of information gain and searches the genes that splits
the best the combination of gene expressions for all batch effect removal methods.
Parameters have been added to the method for enabling a faster computation. For
assessing the method we ran it 20 times on each preprocessing method. We found
that the results were potentially biologically significant implying that the method
has the potential of determining genes playing an important role in the disease.
We performed the same experiment on a combination of microarray and RNASeq data and we also found that the results had a probable biological explanation.
This also validates the usage of UPC for combining microarray and RNA-Seq data
types in an experiment and offers many perspectives for reusing legacy microarray
data with recent RNA-Seq data.

7.3
7.3.1

Future work
Optimizing the RNA-Seq pipeline

The Bowtie2 integration in Hadoop has speeded the computation up, but it is
still possible to do better. Some other components of the pipeline can be time
consuming. For example, a distributed implementation of eXpress (Roberts et al.,
2013) has been released for still faster computation. It runs on Apache Spark
(Zaharia et al., 2012), a framework which can potentially process large quantities
of data faster than Hadoop.

7.3.2

Improving the model for finding DEGs

Like mentioned in the results chapter 6, the model finds differentially expressed
genes but only a subset of them. We do not have an idea of the biological importance of all the genes found by the model since we only analyzed the genes
having some significance in the results obtained by Enrichr. A first step could
be to look at the genes that were not at first sight important and see if some biological information could be inferred from them. Also it could be interesting to
look at the genes that were not found by the model, but that were present in other
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experiments using the same datasets. This could shed light on the potential of the
method.
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APPENDIX A

Figures: stability decision trees
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Stability individual datasets
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A.2

Stability batch effect removal methods
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