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Abstract

A large amount of gene expression data is available to bioinformaticians and biological scientists thanks to
the great advances in microarray technology and in next generation sequencing techniques, e.g., RNA-Seq.
Several biological databases and repositories containing raw and normalized gene expression profiles are
accessible with up to date online services. The analysis of gene expression profiles from microarray /RNA-
Seq experimental samples demands new efficient methods from statistics and computer science. In this
report, two main types of gene expression data analysis are taken into account:

1. genes clustering;
2. experiments classification.

Genes clustering is the detection of gene groups that present similar patterns. Indeed, several clustering
methods can be applied to group similar genes in the gene expression experiments. The aim of experiments
classification is to distinguish between two or more classes to which the different samples belong (e.g.,
different cell types or diseased vs healthy samples). This work first provides a general introduction of
microarray and RNA-Seq technologies. Then, gene expression profiles are investigated by means of pattern
recognition methods with data mining techniques such as classification and clustering. Additionally, the
integrated software packages Gene Pattern, Gene Expression Logic Analyzer (GELA), TM4 software
suite, and other common analysis tools are illustrated. As gene expression profiles pattern discovery and
experiment classification, the software packages are tested on three real case studies:

1. Alzheimer’s diseased (AD) vs healthy mice;
2. Multiple Sclerosis samples;
3. Psoriasis tissues.

The performed experiments and the described techniques provide an effective overview to the field of
gene expression profiles classification and clustering through pattern analysis.






1. Introduction

Due to the advances of microarray technology, but especially of the Next Generation Sequencing (NGS)
techniques, several biological databases and repositories contain raw and normalized gene expression
profiles, which are accessible with up to date online services. The analysis of gene expression profiles from
microarray /RN A-Seq experimental samples demands new efficient methods from statistics and computer
science.

In this work, two main types of gene expression data analysis are taken into consideration: gene clustering
and experiments classification. Gene clustering is the detection of gene groups that present similar
patterns. Indeed, several clustering methods can be applied to group similar genes in the gene expression
experiments. On the other hand, experiments classification aims to distinguish among two or more classes
to which the different samples belong (e.g., different cell types or diseased versus healthy samples).
This work provides first a general introduction to microarray and RNA-Seq technologies. Then, gene
expression profiles are investigated by means of pattern recognition methods with data mining techniques
such as classification and clustering. Additionally, the integrated software packages GenePattern, Gene
Ezpression Logic Analyzer (GELA) [55], TM4 software suite [41], and other common analysis tools are
illustrated. For gene expression profiles pattern discovery and experiment classification, the software
packages are tested on four real case studies:

1. Alzheimer’s Disease (AD) versus healthy mice;
2. Multiple sclerosis samples;

3. Psoriasis tissues;

4. Breast cancer patients.

The performed experiments and the described techniques provide an effective overview to the field of
gene expression profiles classification and clustering through pattern analysis.

The rest of the work is organized as follows. In section 2, we introduce the Transcriptome Analysis,
highlighting the widespread approaches to handle it. In section 3 and section 4, we provide an overview
of the microarray and RNA-Seq technologies, respectively, including the description of the technique
with its applications and the corresponding data analysis work-flow. Then, in section 5, we provide the
readers with a comparative analysis between microarray and RNA-Seq technologies, by highlighting the
advantages and drawbacks of each one. In section 6, we deepen the analysis of gene expression profiles
data obtained from Microarray and RNA-Seq technologies, explaining how to deal with them, describing
the widespread normalization techniques that have to be applied to these raw data, and providing an
overview of gene clustering, experiments classification methods, and software suites that can be used to
analyze them. Furthermore, in section 7, we present the application of the whole described analysis pro-
cess to four real case studies (i.e., Alzheimer’s disease mice, multiple sclerosis samples, psoriasis tissues,
and breast cancer patients). Finally, in section 8, we draw a summary of the work.

2. Transcriptome Analysis

A RNA molecule is a complementary single-stranded copy of a double stranded DNA molecule, obtained
after the process of transcription. It provides a critical contribution in the coding, non-coding, expression,
and regulation of genes. The transcriptome is the set and quantity of RNA transcripts that characterize
a cell in a certain development stage. Its deep analysis is critical either for detecting genes activity and
quantifying their expression levels or for identifying functional elements, aiming to understand cellular
development stages and mostly pathological conditions.

Several methods have been developed to address the transcriptome analysis focusing on his quantification.
They can be mainly divided into two groups:

o Hybridization-based methods



e Sequence-based methods

The first ones include the widespread microarray based methods, that exploit the hybridization techniques
(i.e., based on the nucleotides property to pair with their complementary fixed on a specific support) to
catch information about gene expression levels with a high-throughput and low costs (unless when investi-
gating large genomes), showing on the other hand a high background noise, a limited dynamic detection
range and the inability to identify yet unknown transcripts. Contrarily to the first ones, the second
methods provide directly the desired sequence. The Sanger sequencing [42] was the initial widespread
sequencing method. Recently, among the sequence-based approaches the RNA sequencing (RNA-Seq)
[63, 34] stands out with lower time and cost. RNA-Seq performs a mapping and a transcriptome quan-
tification relying on the novel Next Generation Sequencing (NGS) techniques (i.e., massively parallel
sequencing). The latter guarantee an unequal high-throughput and quantitative deep sequencing that
outperforms the other transcriptome analysis techniques according to several point of views, exhaustively
explained in section 4.

3. Microarrays

The microarray technology (also known as biochips, DNA chips, gene chips, or high-density arrays) is a
high-resolution method to detect the expression level of a large set of genes with a unique parallel exper-
iment [44, 6]. Specifically, a microarray is a semiconductor device composed of a grid of multiple rows
and columns. A cell of the array is associated to a probe DNA sequence, hybridized by Watson-Crick
complementarity [9] to the DNA of a target gene (e.g., the mRNA sequences). The mRNA sequences con-
tain the necessary information for the amino acids to form a given protein. The microarray experimental
process is composed of the following steps. First, the mRNA sequences are amplified. Next, the mRNA
sequences are fluorescently tagged. Then, the mRNA sequences are poured on the array. Next, the array
is so hybridized. Finally, the array is scanned with a laser that measures the quantity of fluorescent light
in each cell. This measure is the expression level of the current gene.

3.1. Applications

Microarrays have several applications ranging from the genomic and transcriptomic areas, including phar-
macogenomics, drug discovery, diagnostics, and forensic purposes [23]. The widespread transcriptomic
application of this technology is the measure of gene expression in different sample conditions, also called
Gene Expression Profiling (GEP) [45]. Gene expression microarrays include case-control studies !, body
maps, tumors profiling, and outcomes prediction. Genomics microarrays are used to screen the sample
for mutations, Single Nucleotide Polymorphisms (SNPs), Short Tandem Repeats (STRs), comparative
genome hybridizations, genotyping, resequencing, and pathogen characterization [48].

3.2. Microarray technology

A microarray consists of a rectangular support generally constructed on glass, silicon, or plastics sub-
strates in a 1-2 ¢m? area [22]. It is organized in grids where many thousands of different probes are
immobilized in fixed locations. Each location is called spot and contains a pool of probes. Probes, usu-
ally synthetic oligonucleotides or larger DNA /complementary DNA (cDNA) fragments, are nucleic acid
sequences that hybridize the labelled targets via Watson-Crick duplex formation [9]. The targets are then
held into the spots. Each spot can recognize a specific target that may be either a chromosomal region
for the genomic microarray, or part of a mRNA in the case of gene expression microarrays. A scanner
detects the single spot fluorescence signals and converts them into digital quantifiable signals.

Microarray devices and systems are commercialized by several companies specialized on manufacturing

1 Case-control studies are defined as specific studies that aim to identify subjects by outcome status at the outset of the
investigation, e.g., whether the subject is diagnosed with a disease. Subjects with such an outcome are categorized as cases.
Once outcome status is identified, controls (i.e., subjects without the outcome but from the same source population) are
selected [46].



technology [48]. There are two main platforms that differ in the probe manufacturing: robotic de-
position and in situ synthesis on a solid substrate. The following subsections are focused on in situ
synthesized oligonucleotide microarray, which is the microarray technology of GeneChip by Affymetriz
(affymetrix.com), the most widespread company specialized on gene expression microarray technology.

3.3. Microarray work-flow

A gene expression microarray experiment is usually composed of four laboratory steps [47]:

1. Sample preparation and labeling:
the first performed steps on the biological sample are the RNA extraction, purification, reverse
transcription, and labeling.

2. Hybridization:
probes and targets form a double hybrid strand according to the Watson-Crick base complementarity
[9].

3. Washing:
the excess material is removed from the array to ensure the accuracy of the experiment by reducing
not specific hybridizations. The targets remain bounded on the array.

4. Imaging acquisition:
a scanner excites the fluorophores and measures the fluorescence intensity providing a color image
representation as output.

5. Data extraction:
specific software converts the image in numeric values by quantifying the fluorescence intensity.

For further details on the microarray experiment protocol the reader may refer to [44, 6].

4. RNA-Seq

RNA-Seq [53, 34] is a family of methods which takes advantage from NGS technologies for detecting
the transcriptome expression levels with flexibility, low cost, and high reproducibility. RNA-Seq allows
performing more measurements and consequently a quantitative analysis of the expression levels. Dif-
ferently from the traditional sequence-based approaches, RNA-Seq yields quantitative measures instead
of a qualitative and normalized description of the considered sequence. Unlike to tag-based techniques,
it provides different sequences for each transcript with a single-base resolution. Indeed, RNA-Seq uses
directly short fragments of the DNA molecule without any other insertion as input data and provides
as output discrete measures, suitable to be simply managed. Furthermore, it is suited for two different
tasks: (i) transcriptome reconstruction and analysis; (ii) quantification of the expression levels.

The RNA sequencing technique is characterized by the three following main phases that constitute the
RNA-Seq work-flow:

e Sample preparation through the building of the fragments library to be sequenced;
e Sequencing;
e Sequenced reads analysis and expression levels quantification.

Even if the RNA-Seq work-flow should be characterized by the RNA extraction and its direct sequencing,
actually the RNA-sequencing techniques require a pre-processing phase in order to make the sample
of RNA suitable to the following part of the experimental protocol. The whole detailed procedure is
sketched in Figure 1 and the three leading phases are thoroughly explained as follows.



e Sample Preparation and Library of Fragments Building:

Firstly, the input RNA sequence is usually purified by the poly-A binding (step 1 and step 2 of
Figure 1), in order to minimize the copious ribosomial RNA transcripts. A sequence random-size
fragmentation (step 3 of Figure 1) reduces the RNA sequence into shorter segments (~ 200-300
bases), because the next steps require smaller strings of RNA. The obtained fragments can be
turned into cDNA by the reverse transcription, which performs firstly a complementary copy of
the RNA strand and secondly, using as primer the remaining (partially degraded) RNA fragments,
yields as output the corresponding double-stranded ¢cDNA (step 4 of Figure 1). The step 4 is
necessary because the sequencers are unable to perform directly a sequencing of a RNA molecule.
The ¢cDNASs obtained by the step 4 are amplified and the adapters are attached to one or both ends
(step 5 of Figure 1) in order to build up a suitable library of fragments to be sequenced.

e Sequencing:
The nucleotide sequence of short cDNA segments has to be turned into a quantified signal. A
sequencer processes the amplified fragments of input cDNA (called reads) and identifies the suc-
cessive order of the nucleotides that make up the analyzed sequence (step 6 of Figure 1). Finally,
the sequencer provides the sequenced reads as output. Nowadays, widespread sequencers are those
ones from Illumina and Roche.

o Reads Analysis and Expression Levels Quantification:

In order to quantify the read referred to each gene, the sequenced reads are aligned and hence
mapped in the reference genome (step 7 of Figure 1). The mapping aims to look for a unique
region where the reads and the reference genome are identical. Starting from the genome, the
transcriptome can be reconstructed by removing the intronic regions. In order to estimate the
expression levels of each gene, a quantification of all reads, which correspond either to the same
exon or transcript or gene is performed. The reads are summarized in a table of counts, where a
count is the real output of RNA-Seq, representing the measure of the expression level for a specific
gene (step 8 of Figure 1). Afterwards, there are two issues to be addressed: how to deal with the
overlapping reads and how to take into account the RNA isoforms 2. In fact, RNA-Seq is able to
quantify even the expression levels of isoform transcripts. The first issue can be solved assigning
to each gene only the reads that are exactly mapped in such a gene, while those that overlap more
than one gene are not counted. The second issue can be handled with a scheme that counts the
mapped reads shared with all isoforms of a gene. Lastly, step 9 of Figure 1 performs the measure
normalization required to have comparable measurements.

5. Benefits and drawbacks of RNA-Seq and microarray technologies

In this subsection, the main advantages as well as the identified drawbacks of the RNA-Seq and mi-
croarray technologies are highlighted. As mentioned in the previous section, RNA-Seq shows several
advantages, which make it the mainstream tool for deeply profiling the transcriptome and for quantifying
the expression levels with an high accuracy.

The supremacy of RNA-Seq, summarized in Figure 2, is due to several features explained as follows:

e it is able to detect isoforms, allelic expression, complex transcriptomes, and currently unknown
transcripts (unlike the hybridization-based approaches);

e it is characterized by a single-base resolution when determining the transcript boundaries, thanks
to which several aspects of the nowadays genome annotation can be addressed;

e high-throughput quantitative measures are feasible and can be easily reproduced;

e it guarantees low background signal, lack for an upper limit for the quantification, and a large
dynamic range of expression levels over which transcripts can be profiled;

2The different gene transcripts generated from a single gene.
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Figure 1: Overview of the RNA-Seq work-flow

e it presents high sensitivity and accuracy to quantify the expression levels;
e it requires a low amount of RNA (unlike microarray or other sequencing methods);
e the costs for mapping transcriptomes are relative low.
On the other hand, there are some drawbacks to be underlined:
e RNA-Seq data are complex to be analyzed and sensitive to bias;
e the cost of the sequencing platform can be too high for certain studies and laboratories;

e the requirement of an up-to-date high level IT infrastructure to store and process the large amount
of data (unlike the microarrays).

Following benefits can be identified in microarray technology (summarized in Figure 3:

e the costs of a microarray experiment are low, data size is relatively small, and short time is required
to perform it;

e the measures are quantitative and obtained with an high-throughput technology;

e the microarray technologies are widespread, and hence several methods are available for analyzing
microarray gene expression profiles data;

The drawbacks of the microarray technology can be summarized in:
e a background signal correction of the gene expression profiles is necessary;
e the quantification of the gene expression intensity signals has upper limits;

e the conservation of the gene chips demands high caution and care;
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e the gene expression intensity signals may present high background noise;

e microarrays have a limited dynamic detection range of gene expression profiles and are unable to
identify currently unknown transcripts.

Table 1 provides the reader with a summary of the comparison between microarrays and RNA-Seq benefits
and drawbacks at a glance.

Table 1: Microarrays versus RNA-Seq

Microarrays RNA-Seq
High-throughput v
Quantitative measures vV
High measure reproducibility
Unknown transcript identification
Isoform and allelic expression detection
Single-base resolution
Low background signal
Unlimited quantification
Low amount of RNA
Widespread vV
Complexity
Handling of data
Low cost

D NG NG S N N NN

<X

6. Gene expression profiles analysis

After an adequate experimental set-up and execution, either with microarrays technology or with RNA-
Seq techniques, the obtained raw data has to be processed and analyzed with effective and efficient
statistical, mathematical, and computer science methods. In this section, the whole gene expression
profile analysis process is described, focusing on two particular types of analysis: genes clustering and
experiments classification.

6.1. Data definition

In general, a gene expression profiles data set is a collection of experiments organized in records. Each
experiment has a fixed number of gene expression profiles, which can be discrete or continuous. An
experiment is described by a set of gene expression profiles represented as a multidimensional vector.
The data set can be stored in a matrix, where each row ¢ represents a gene (i = 1...k), each column j
an experimental sample (Exp;, with j = 1...n), and each cell (i, j) the gene expression value (expr(; j)),
as shown in Table 2. The matrix may present two heading lines containing the experimental sample

Table 2: Gene expression profile data set

Experiment Exp, . Exp, Expmi e Exp,
Class Control  --- Control Case e Case
geney exPrivyy <0 ETPreLwm)  EEPTLwm+1)  tt EZPT(Le)
genes exTPr(z1y - EIDT(2m) EITDPT(@m+41) - ELDT(2.n)
gene ETPT (k1) *°°  ETPT(km) ETDT(kom41) - E€TPT(kn)

identifiers and the class labels. In a case-control study, the class labels can be either case or control. In
particular, we define case samples as subjects that are diagnosed with a disease; while we define control
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samples as healthy subjects without the disease, but extracted from the same source population of the
cases. Each cell of the matrix (expr) contains the gene expression value.

6.2. Data Analysis

A typical gene expression profiles analysis, whose aim is to cluster similar genes and to classify the
experimental samples, is composed of following steps:

1. Normalization and background correction;
2. Genes clustering;
3. Ezperiments classification.

Normalization is a preprocessing step that is required to transform the raw data into reliable and com-
parable gene expression measurements.

Genes clustering is the detection of gene groups that present similar patterns [40]. In [26] and [56]
different clustering methods, that can be applied to group similar genes in microarray experiments, are
described. In [3] the authors introduce the biclustering technique: here the genes and the experimental
samples are clustered simultaneously in order to find groups of genes that are related to a particular class
(e.g., in a case-control study); ideally two biclusters should appear, one containing the case samples and
the associated genes and the other the control samples and the associated genes.

In experiments classification, the aim is to separate either the samples in classes (e.g., case versus control)
or different cell types [27]. The experimental sample separation should be performed with classification
models composed of human interpretable patterns, e.g., logic formulas (“if-then rules”).

6.3. Normalization and background correction

In this subsection, we explain the normalization preprocessing step, highlighting the widespread tech-
niques to normalize the gene expression profiles data provided by microarray, as well as RNA-Seq tech-
nologies.

6.3.1. Microarray normalization methods

Microarrays are subject to different sources of variation and noise that make data not directly comparable
and that originate from array manufacturing process, sample preparation and labeling, hybridization, and
quantification of spot intensities. Normalization methods aim to handle these systematic errors and bias
introduced by the experimental platforms. Therefore, normalization is a basic prerequisite for microarray
data analysis and for the quantitative comparisons of two or more arrays. Every normalization method
includes a specific background correction step that is used to remove the contribution of unspecific
background signals from the spot signal intensities. Furthermore, each method computes a measure of
the expression level from the probe intensities that represent the amount of the corresponding mRNA
[15].

The most commonly used normalization methods are Microarray Analysis Suite 5.0 (MAS 5.0) [1], dChip
[32], and Robust Multi-array Average (RMA) [25].

In MAS 5.0, the normalization step operates on the gene-level intensities and applies a simple linear
scaling. The intensities between two or more arrays are mathematically represented on a straight line
with a zero y-intercept. The slope of the line is multiplied with a scaling factor to let the mean of the
experiment chip be equal to the one of the baseline chip (reference).

Also in dChip the normalization is applied on the gene-level intensities, but the intensities are represented
on non-linear smooth curves. A rank invariant set is used to force a given number of non-differentially
expressed genes to have equal values among the data sets [43]. Otherwise, RMA employs a probe-level
quantile normalization in multiple arrays by forcing the quantile values of the probe intensity distribution
for each array to be equal [4]. Microarray normalization methods are available at the open source software
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for bioinformatics R/Bioconductor (www.bioconductor.org) [20], GenePattern [39] and in Microarray
Data Analysis System (MIDAS) from the TM4 software suite [41].

6.3.2. RNA-Seq normalization methods

As mentioned in section 4, RNA-Seq returns the total number of reads aligned to each gene (called
counts), which hence represent the mapping into the reference transcriptome. The counts are stored in
a matrix (Table 3), whose rows and columns contain the genes and the sequenced samples, respectively.
Starting from the raw output, a normalization step is required in order to remove the inherent bias of the

Table 3: Table of RNA-Seq counts

Experiment Exp, ‘e Exp,, Exp,, 1 ‘e Exp,
Class Control  --- Control Case ‘e Case
geney count(11y - COUNt(14m) COUNt(1my1) ¢ COUNE(1p)
genes count(a 1y -+ count(zm) COUNL(2 my1) -0 count(ay)
geneg countg1y - COUNl(km) COUNE(kmi1) -+  COUNE(kn)

sequencing (e.g., the length of RNA transcripts and the depth of sequencing for a sample). Indeed, the
metrics of normalization make the measurements directly comparable and the expression levels estimation
worthwhile. First of all, the number of reads mapped to a gene can be conditioned by the length of the
reference transcripts: trivially, shorter transcripts are more likely to have less mapped reads than longer
ones. Moreover, because of the sequencing depth, differences can occur that may make the comparisons
between two samples inconsistent.

Among the normalization methods, we focus on the two widespread techniques based on the Reads Per
Kilobase per Million mapped (RPKM) [35] and the Fragments Per Kilobase per Million mapped (FPKM)
[51] values. The RPKM normalizes the read counts according to their length and the counts sum for each
sample. Specifically, let R be the count of mapped reads into the genes exon, IV, the total number of
mapped reads, and L the length of all exons of such a gene (in terms of number of base-pairs), then the
value is calculated with the following formula:

RPKM = -10° (1)

N, -L

The FPKM computes the expected fragments (pairs of reads) per kilobase of the transcript per million
sequenced fragments. Specifically, let Ny be the count of mapped fragments, F' the total number of the
mapped fragments, and L the length of all exons of such a gene (in terms of number of base-pairs), then
the value is calculated with the following formula:

FPKM = -10° (2)

N L

The RPKM value is really close to the FPKM value, indeed, if all mapped reads are paired, the two values
will be coincident. However, the latter is able to handle a higher number of reads from single molecules.
Finally, it should be underlined that a normalization of an RNA-Seq experiment does not imply an
alteration of the raw data, contrarily to the normalization techniques of microarray data. The major
RNA-Seq software analysis tools, like MEV [24] from TM4 software suite, include automatic conversion
from raw data counts in RPKM and FPKM normalized values.

6.4. Genes clustering

After the normalization procedure, the real analysis process begins with gene clustering. A large number
of genes (ten to forty thousands) are present in every sample of gene expression profiles data, and the
extraction of a subset of representative genes, which are able to characterize the data, is a crucial analysis
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step. Gene cluster analysis is a technique whose aim is to partition the genes into groups, based on a
distance function, such that similar or related genes are in same clusters, and different or unrelated genes
are in distinct ones [16]. Cluster analysis groups the genes by analyzing their expression profiles, without
considering any class label - if available. For this reason, it is also called unsupervised learning: it creates
an implicit labeling of genes that is given by the clusters and is derived only from their expression profiles.
For defining the genes partition, a distance measure (or distance metric) between them has to be defined.
The measure has to maximize the similarity of the gene expression in the same clusters and the dissim-
ilarity of the gene expression in different ones. Various metrics and distance functions can be adopted,
the widespread ones are: Minkowski distance [8], that of order 1 is called Manhattan distance [49] and
that of order 2 is called Fuclidean distance [12], [11]; Mahalanobis distance [50]; and Correlation distance
[31]. The adoption of a measure of the similarity of the genes over the samples is already an important
tool of analysis; in fact, we can just examine one gene and verify what are those that exhibit a similar
behavior. In this context, the correlation distances are of particular relevance (the most used is Pearson’s
correlation)that are designed to measure the relative variations of the genes over the sample and do not
take into account the scale of the expression values.

Clustering is indeed a more sophisticated analysis that can be performed, but it is still based on the
concept of similarity between genes as measured by a distance function. Clustering algorithms can be
divided in two main groups: partition algorithms and hierarchical algorithms. In the partition algorithms,
the objects are divided into a given number of clusters. In the hierarchical algorithms, the objects are
grouped in clusters starting from a initial clusters (that contains all the objects) or vice versa. The most
important partition clustering algorithm is K-means [33]. Widely used hierarchical clustering algorithms
are AGglomerative NESting (AGNES) [29] and Dlvisive ANAlysis (DIANA) [29]. A new type of cluster-
ing algorithm, particularly designed for the gene expression profiles, is presented in the software GELA
[54],[55], where the clusters are selected by a discretization procedure 3.

In [3] a biclustering method is described, where the genes and the experimental samples are clustered
simultaneously. This is a very important approach, as the clusters may contain the genes associated to
experiments of a particular class (e.g., a cluster may group together diseased experimental samples and
the corresponding involved genes).

After the clusters have been computed, a cluster validation step can be performed: in this step the clusters
are validated with statistical measures, like entropy, purity, precision, recall, and correlation. According
to these measures the clustering algorithm may be adjusted or fine tuned.

Finally, the results have to be presented to the user and knowledge has to be transferred with a graphical
interface and cluster lists of similar genes.

Another important step that can be taken into account is the reduction of the dimensions of the space
where the data lies. There are several methods that may perform this step based on the projection of
the data point onto a subspace of smaller dimension, either with respect to the number of genes or to the
number of samples; the most popular among such methods is the Principal Component Analysis (PCA)
[28]. PCA identifies a projection onto a small number of components, or factors, that are obtained as
linear combination of the original ones. For example, if PCA is applied on the genes, the sample points
are represented in a new space where each coordinate is obtained as a linear combination of the original
genes (symmetrically, it can be applied to the samples). Such a projection is characterized by the fact
that the covariance matrix is preserved at best by few coordinates, and hence it is possible to visualize
the points in a small space (2-3 dimensions) loosing very little part of the information contained in the
data.

6.5. Experiments classification

Classification is the action of assigning an unknown object into a predefined class after examining its
characteristics [16]. The experiments classification aims to differentiate the classes present in the gene
expression profiles data set. An experimental sample is usually associated with a particular state or class
(e.g., control versus case). For classifying the samples, supervised machine learning techniques can be
used. In supervised learning, the class label of the samples is assigned or known, a classification function

3Discretization is the conversion of numeric (continuous) values into discrete ones
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or model is learned from a part of the data set (the training set) and applied for verification to the rest of
the data set (the test set) for verifying the classification accuracy. A classification method is a systematic
approach for building a classification model from the training data set [49], characterized by a learning
algorithm that computes a model for representing the relationship between the class and the attributes
set of the records. This model should fit to the input data and to new data objects belonging to the same
classes of the input data. Moreover, the classification model should contain common patterns for each
class and be interpretable by humans.

A general approach for solving a classification problem consists of the following steps [49]: split the data
in training set and test set; perform training; compute the classification model; verify the performances
of the model on the training and on the test set; and evaluate.

The most popular classification methods that can be applied to gene expression profiles are: C4.5 Classi-
fication Tree (C4.5) [37, 36], Support Vector Machines (SVM) [52, 10], Random Forest (RF) [14], Nearest
Neighbour [13], and Logic Data Mining (logic classification formulas or rule-based classifiers) [17].

In a classification tree, each node is associated to a predicate that represents the attributes of the objects
in the data set; the values of this predicates are then used to iteratively generate new nodes (“growing the
tree”). The special class attributes are represented in the tree by the leaves. The most used tree decision
classifiers, such as C4.5 [36], rely on rules that create new nodes with the local objective of minimizing
the class entropy. The classification trees models can be easily transformed in “if-then rules”, which are
easily interpretable by humans.

Similar results can be obtained by a class of methods commonly referred to as Logic Data Mining, or
rule-based classification, where the classifier uses logic propositional formulas in disjunctive or conjunc-
tive normal form (“if-then rules”) for classifying the given records. Examples of methods for computing
logic classification formulas are RIPPER [7], LSQUARE [17], GELA [54],[55], LAD [5], RIDOR [19], and
PART [18]. The major strength of classification formulas is the expressiveness of the models, that are
very easy to interpret, e.g., “if gene Nudt19 < 0.76 then the sample is diseased”.

As a success of experiment classification, the work in [2] is cited where the authors are able to distinguish
the Alzheimer’s diseased wversus the control microarray experimental samples using only few genes and
individuating logic formulas in the form of “if-then” classification rules.

SVM map the data in n dimensional vectors, and try to construct a separating hyperplane which max-
imizes the margin (defined as the minimum distance between the hyperplane and the closest point in
each class) between the data. Their strength relies in the ability to impose very complex non linear
transformation on the data, lifting the data in a new space where linear separation is easier to achieve.
They normally obtain very good classification performances on numeric data, but the main drawback is
that the classification model is not easily interpretable.

RF is a classification method that operates by constructing several classification trees, by selecting ran-
domly the features (i.e., genes), and by using a special model evaluation named bagging.

The K-Nearest Neighbour (KNN) algorithm is a classifier based on the closest training data in the feature
space [13]. Given a training set of objects whose class is known, a new input object is classified by looking
at its k closest neighbours of the training set (e.g., using the Euclidean distance). The main drawback of
this approach is that no model is computed to classify the data.

Furthermore, when evaluating a classifier, the cross validation data sampling technique for supervised
learning is recommended. Cross validation is a standard sampling technique that splits the dataset in a
random way in k disjoint sets, the classification procedure is run k times with different sets. At a generic
run k, the k subset is used as test set and the remaining k — 1 sets are merged and used as training set
for building the model. Everyone of the k sets contains a random distribution of the data. The cross
validation sampling procedure builds k£ models and each of these models is validated with a different set
of data. Classification statistics are computed for every model and the average of those represents an
accurate estimation of the data mining procedure performance.

6.6. Software tools for gene expression profiles analysis

In this subsection, we present four state of the art software packages that can be used to perform the
previously described gene expression profile analysis steps.
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6.6.1. TM4 software suite

TMj4 software suite [41] is a collection of different open source applications that can be used in the major
steps of the gene expression profile analysis pipeline. TM4 comprises four analysis tools, MicroArray
DAta Manager (MADAM), Spotfinder, MIDAS, and Multi-Experiment Viewer (MEV).

MADAM is the software tool dedicated to the data management of gene expression profiles. It is able to
guide the user in creating a relational database to store the expression values and to keep track of the
experimental and analysis work-flow.

Spotfinder is the tool designed for the analysis of microarray images and the quantification of gene
expressions. It processes the image files that are produced by the microarray scanners and computes the
gene expression profile intensities.

After that, the intensity values can be processed and analyzed, but a normalization step is necessary, as
explained in section 6.2. MIDAS is the tool that is dedicated to this task, integrating several normalization
methods.

MEYV is a specific freely available software package able to perform the real gene expression analysis: it
provides a collection of clustering, classification, statistical, and visualization methods. MEV can process
even normalized data of RNA-Seq [24].

The main advantages of TM4 software suite are its ad-hoc analysis tools with friendly user interfaces and
with several integrated analysis methods.

6.6.2. GenePattern

GenePattern is a user-friendly platform for computational analysis and visualization of genomic data
freely available at the Broad Institute website (broadinstitute.org/cancer/software/genepattern/) [39].
Its comprehensive environment offers the possibility to perform the entire pipeline of gene expression
data analysis from raw data pre-processing, gene selection, and gene clustering to pathway detection
[30]. By means of GenePattern, the whole pipeline of data analysis can be recorded and re-run also
with different data or parameters. Gene expression data can be given as input in Affymetriz GeneChip
or tab-delimited text formats. Gene expression data from any source can be easily transformed into
a tab separated file. GenePattern has an extensible structure that allows to share analysis modules
and quickly integrate new methods with existing tools, supporting the steady growing repository of new
computational methods. It is also possible to access to GenePattern from the R (www.r-project.org) [38],
MATLAB (The MathWorks Inc., Natick, MA), or Java programming languages (java.com).

6.6.3. WEKA

Waikato Environment for Knowledge Analysis (WEKA) [21] is a Java software tool that comprises a
collection of open source data analysis methods, including classification and clustering algorithms. Two
main software containers - “weka.classifier” and “weka.cluster” - provide implementations of established
classification and clustering algorithms, as the ones described in section 6.5. WEKA strengths are the
friendly user interface, the amount of available algorithms, and the possibility of performing several
experiments and comparisons in an integrated software suite. As a general tool for machine learning,
WEKA uses an own file format (arff), so a format conversion of the gene expression profiles data must
be performed.

6.6.4. GELA

GELA [54], [55] is a clustering and rule-based classification software, particularly engineered for gene
expression analysis. The aims of GELA are to cluster gene expression profiles in order to discover
similar genes and to classify the experimental samples. GELA converts the numeric gene expression
profiles into discrete by defining intervals, implements a method named Discrete Cluster Analysis (DCA)
based on the discretization step to cluster the genes, uses an integer programming method for selecting
the characteristic genes for each class, adopts the Isquare method for computing the logic classification
formulas (“if-then rules”), and a special weighted sample classification procedure. GELA also integrates
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standard statistical methods for gene expression profiles data analysis: PCA to group similar genes and
experiments, and Pearson Correlation Analysis to find a list of correlated genes to a selected gene. It is
available at dmb.iasi.cnr.it/gela.php. GELA also supports the classification and clustering of RNA-Seq
data.

7. Real case studies

To provide the reader with an example of the analysis process described in the previous sections, we
describe in the following some results obtained in our research. In [2], GELA was applied in a mi-
croarray case-control study: early (1-3 months) and late stage (6—15 months) experimental samples of
Alzheimer’s disease versus healthy mice had to be distinguished by analyzing their gene expression pro-
files. 119 experimental samples and 16,515 gene expression profiles, provided by the Furopean Brain
Research Institute (EBRI), have been analyzed in order distinguish the experimental samples with a
clear human interpretable classification model and to detect the genes whose expression or co-expression
strongly characterizes the Alzheimer’s disease. Firstly, a MAS 5.0 normalization step was performed
using the standard Affymetrix Expression Console software (ver 1.2). Then, a clustering of the genes
with the DCA individuated each other related gene groups and shrank the whole data set to 3656 genes
for 1-3 months and to 3615 for 6-15 months. Finally, the classification model was computed: a small
number of classification formulas that are able to distinguish diseased from control mice were extracted
from GELA and a small number of genes capable to effectively separate control and diseased mice samples
was identified. The logic separating formulas for 1-3 and 6-15 months are reported in Table 4 and Table
5, respectively. Each clause of such tables is able alone to separate the two different classes. A 30-fold

Table 4: Logic formulas in early stage

Alzheimer’s Disease | (Nudt19 < 0.76) OR

(Arl16 > 1.31) OR
(Aphib > 0.47) OR
(Slc15a2 > 0.55) OR

(Agpat5 > 0.73) OR

(Sox20t < 0.58 OR Sox20t > 1.53) OR
(2210015D19Rik > 0.86) OR

(Wdfy1l > 1.37)

Control (Nudt19 > 0.76) OR

(Arl16 < 1.31) OR

(Aphib < 0.47) OR

(8lc15a2 < 0.55) OR

(Agpats < 0.73) OR

(0.58 > Sox2ot AND Sox2ot < 1.53) OR
(2210015D19Rik < 0.86) OR

(Wdfyl < 1.37)

cross validation and a percentage split sampling technique (10% test and 90% training) were used to
validate the logic formulas, obtaining 99% of accuracy (percentage of the correctly classified samples).

The same classification analysis was performed with the WEKA [21] software for comparing the results
obtained with GELA. A subset of the WEKA classification algorithms, C4.5 Decision Tree algorithm, RF,
SVM, and KNN, were used on the Alzheimer’s data set. Different parameter settings of the algorithms
were used, the best resulting accuracy are reported in Table 6. All the algorithms were run by using a
30-fold cross validation sampling procedure. From the results, it can be seen that all methods (except
KNN) perform at a comparable level; GELA and SVM have excellent accuracies, but SVM produces
classification models whose interpretation is very difficult for human beings. On the other hand, GELA
and C4.5 are able to extract meaningful and compact models (i.e., classification formulas and trees, re-



Table 5: Logic formulas in late stage

Alzheimer’s Disease | (Slc15a2 > 0.62) OR

(Agpatb < 0.26 OR Agpat5 > 0.55) OR
(Sox20t > 1.78) OR

(2210015D19Rik > 0.82) OR

(Wdfyl < 0.75 OR Wdfyl > 1.29) OR
(D14Ertd449e < 0.33

OR D14Ertd449e > 0.52) OR

(Tial < 0.17 OR Tial > 0.49) OR
(Txnld < 0.74) OR

(1810014B01Rik < 0.71

OR 1810014B01Rik > 1.17) OR

(Snhg3 < 0.16 OR Snhg3 > 0.35) OR
[(1.12 > Actl6a AND

Actl6a < 1.42) OR Actl6a > 1.48] OR
(Rnf25 < 0.67 OR Rnf25 > 1.26)

Control (Slc1b5a2 < 0.62) OR

(0.26 > Agpath AND Agpat5 < 0.55) OR
(Sox20t < 1.78) OR

(2210015D19Rik < 0.82) OR

(0.75 > Wdfyl AND Wdfyl < 1.29) OR
(0.33 > D14Ertd449e AND

D14Ertd449e < 0.52) OR

(0.17 > Tial AND Tial < 0.49) OR
(Txnl4 > 0.74) OR

(0.71 > 1810014BO1Rik

AND 1810014BO1Rik < 1.17) OR

(0.16 > Snhg3 AND Snhg3 < 0.35) OR
[(0.81 < Actl6a AND Actléa < 1.12) OR
(1.42 < Actl6a AND Actl6a < 1.48)] OR
(0.67 > Rnf25 AND Rnf25 < 1.26)

Table 6: Classification accuracy [%] on Alzheimer data sets

method setting early stage late stage model
GELA no settings 100.0 100.0 yes
SVM polykernel=2 96.66 100.0 no
RF trees=100 96.66 94.91 no
C4.5 unpruned, minobj=2 98.33 98.30 yes

KNN k=2 70.00 86.44 no

17.



18.

spectively).

Other tests have been performed on data sets downloaded from public repositories ArrayEzpress and
Gene Expression Omnibus (GEO): Psoriasis and Multiple Sclerosis Diagnostic. The Psoriasis data set
was composed of 54,613 gene expression profiles of 176 experimental samples (85 control and 91 diseased)
and was provided from the National Psoriasis Foundation. The Multiple Sclerosis Diagnostic data set
contained 22,215 gene expression profiles of 178 experimental samples (44 control and 134 diseased) and
was released from the National Institute of Neurological Disorders and Stroke (NINDS). All gene expres-
sion profile values were normalized using the standard Affymetrix Expression Console software (ver 1.2)
by the MAS5 algorithm. The results are reported in Table 7. In this case, all methods perform at a

Table 7: Classification accuracy [%] on multiple sclerosis and psoriasis data sets

method setting MsDiagnostic Psoriasis model
GELA no settings 94.94 100.0 yes
SVM polykernel=2 90.45 98.86 no
RF trees=100 91.57 98.86 no
C4.5 unpruned, minobj=2 87.08 97.16 yes
KNN k=2 87.64 99.43 no

comparable level. SVM, KNN, and RF produce classification models that are difficult to understand for
humans. On the other hand, GELA and C4.5 obtained clear classification models.

Finally, we describe the application of GELA for a case-control analysis on a public RNA-Seq data set of
breast cancer extracted from The Cancer Genome Atlas (TCGA) data portal (http://cancergenome.nih.gov/).
GELA has been applied to the breast cancer data set where 20531 gene expression profiles of 783 subjects
have been analyzed for classifying experimental samples either in control (i.e., healthy subjects) or breast
cancer patients. It was able to detect several clusters of similar genes and to provide a clear, compact,
and accurate classification model, composed of small “if-then rules”, which also allow detecting a small
subset of those genes that characterize the breast cancer. The classification model was tested with a
10-fold cross validation sampling and performed with a 98% accuracy. For comparing the results with
respect to other supervised machine learning algorithms, a similar analysis was performed with WEKA
[21], using C4.5, RF, SVM, and KNN methods. The accuracy values of a 10-fold cross validation scheme
are depicted in Table 8. All methods performed with excellent classification rates showing an accuracy

Table 8: Classification accuracy [%] on breast cancer data set

Method Settings Accuracy Model
GELA no settings 98 yes
C4.5 unpruned, minobj=2 98 yes
RF trees=100 99 no
SVM polykernel=2 99 no
KNN k=2 99 no

that is even greater than 98%. RF, SVM, and KNN are the best performing methods, but GELA and
C4.5 have the advantage to provide a human-readable classification model, such as in Figure 4.

ABCA5|23461<5.99 OR ADRB2|154<2.54 = breast cancer

Figure 4: An example of GELA model for breast cancer



19.

8. Conclusions

Thanks to the new advances in microarray and RNA-Seq technology, a large quantity of gene expression
profiles data is available both at on-line open data repositories and at local laboratories. In this work
efficient methods, algorithms, and software for performing an effective gene expression profiles analysis
have been described. In particular, the emphasis was placed on two types of analysis: gene clustering and
experiment classifications for which several methods have been presented and described. Afterwards, gene
expression profile analysis tools, which integrate these methods, have been illustrated. For providing the
reader with a practical example, the software GELA and WEKA were applied to four real case studies.
The performed experiments show a complete knowledge discovery process whose aim is to identify the
hidden patterns in the different classes of the experimental samples by analyzing their gene expression
profiles.
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