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ABSTRACT

In this thesis, we analyze whether machine learning can be used to bypass part of the
laboratory work required to determine interactions between RNA polymerase and DNA.
Regulatory networks allow to determine the effects of changing conditions and to connect
perturbations in the genome, like mutations, to their downstream or upstream effect. The
construction of those networks first requires the interactions between transcription factors
and regulatory DNA regions to be determined. Beside this, genetic engineering often implies
to insert new genes in a microorganism. Those genes must be recognized by the transcription
machinery of the cell to synthetize the protein for which they code. Hence, the choice of the
promoters that are incorporated together with those coding elements is of major importance.
Testing for such interactions should be made possible using mathematical approaches instead
of long and costly laboratory processes.

In this thesis, we will use logistic regression (LR) models and support vector machines (SVM)
together with different string kernels to analyze whether modelling those interactions is
possible given the dataset at hand. Stacked models will also be employed as they have proven
to outperform single model approaches. The problematic will be split in two parts. In the first
part, we will analyze the performance of the models for identifying promoters from a set of
sequences. Then, we will analyze whether the phase during which a promoter is active can be
determined on basis of its sequence. Finally, we will push the problematic up to assigning o
factors (079, 038, 032, 0> and 028) that interact with the promoters in general or during a specific
growth phase. In the second part, we will propose two classification approaches that combine
predictions of two models. We will analyze whether the combination of the models increases
the reliability on the top predictions as compared to a single model.

The results showed that promoters can be effectively identified from a set of DNA sequences
(0.85 AUC). However, when accounting only for promoter sequences, the performances for
assigning the activity during which a promoter is active are 0.72 and 0.58 AUC for the
exponential and the stationary phase respectively. Considering the assignment of o factors to
promoters, the average performances are 0.62 and 0.56 AUC for the exponential and the
stationary phase respectively. The combination of the models increases reliability of top
predictions as compared to the single model. The precision of the top predictions is on average
better by 22% and 7% for selecting the promoters that interact with a certain o factor for the
exponential phase and the stationary phase respectively. However, the precision across all the
interactions in the top 10 predictions is never completely correct.

In conclusion, identifying promoters in E. coli based on the sequence can be effectively
performed with our model. However, we were not able to solve the problematic of assigning
o factors to promoters as expected. Nonetheless, we believe that our models would have
resulted in better performances on a different dataset. Those models may have a great impact
in genetic engineering and for the construction of transcriptional regulatory networks.
However, this should be confirmed on another dataset.






CHAPTER 1: INTRODUCTION

1.1. General overview

Microorganisms must deploy a subset of their genetic arsenal at the right place and time if
they want to survive. Indeed, part of their molecular tools may be harmful for the cell if they
are deployed when they are not required, i.e. under the inappropriate extra- or intra-cellular
conditions, and in the right quantity. If they do not react fast enough, it could lead to their
death. To make things even more complicated, the cell machinery that allows them to build
those tools is limited. For those reasons, the regulation of the expression of their genes must
be properly configured.

The regulation of the genes can be represented by a regulatory network. The knowledge of
the regulatory network of a given organism allows to determine the effect of perturbations,
which can be due to the conditions of growth, mutations, ... It has also applications in synthetic
biology, industrial biotechnology, healthcare industry and ecology.

The expression of genes is initially regulated at the transcriptional level by transcription factors
and, more particularly, by a set of o factors in E. coli. Binding between a o factor and DNA in
the upstream region of a gene, the promoter, is required to express that gene. Each type of o
factor shows different specificity towards DNA sequences. The construction of regulatory
networks initially requires determining such interactions. Those relations between DNA
sequences and o factors are determined experimentally. Experimental testing for interactions
between all the possible sequences and each o factor for each organism is a time consuming
and expensive effort.

Machine learning can be used to create models that predict interactions without requiring
tedious laboratory work. However, those models still require training on labeled data. This
data describing interactions between DNA sequences and o factors must be produced
experimentally.

The models can also be used to determine prototype sequences that would bind to any o
factor. Hence, by creating a synthetic promoter with such a sequence, we could maximize the
activity of the downstream gene of interest. Or, it can also be used to determine the
sequences that bind only with a subset of those o factors, under a given growth phase.

1.2. Protein synthesis

In this section, we will explain the biological background behind protein synthesis, including
transcription and translation. After that, we will see how the synthesis of proteins is regulated
at the transcriptional level. The focus will be put on transcription and regulation of
transcription, as they are at the core of this master thesis.

1.2.1. General overview of protein synthesis

Proteins are essential for each living organism. They are involved in nearly all processes of life,
such as catalysis of the biochemical reactions happening inside and outside cells, cellular
transport, intercellular communication and intercellular recognition. They also play a role in
cellular structure and immunity. Proteins, also called (poly)peptides, are made of a chain of



amino acids (AA) linked by peptide bonds. There are twenty different AAs. The order of the
different AA in the chain corresponds to the primary structure of the protein. The order and
composition of amino acids determines the structure of the molecule and its function. The
three-dimensional structure of the protein results mainly from hydrogen bonds between
amino acids inside the polypeptide. Secondary structure is the protein structure that results
from interactions between AAs close to each other. Tertiary structure is the protein structure
that results from interactions between more distant AAs. The function of proteins comes
directly from the structure. Note that quaternary structure also exists and results from
interactions between different proteins. Several protein modifications such as methylation,
phosphorylation, acetylation, glycosylation, acylation and cleavage confer them new
capabilities, but also influence their activity and their structure (Berg et al, 2012).

Deoxyribonucleic acid (DNA) is a linear polymer made up of a chain of nucleotides (nt). Each
nucleotide consists of a deoxyribose molecule with a base and a phosphate. The chain of
nucleotides is arranged in a backbone of alternating phosphate-deoxyribose groups from
which bases protrude. The base is attached on the 1’ carbon of the deoxyribose, whereas
phosphate groups are attached on 3’ and 5’ carbons. Thus, the DNA backbone has a 5’ end
and a 3’ end (Figure 1). There are four possible bases that can be attached to the backbone:
adenine (A), cytosine (C), guanine (G) and thymine (T). The arrangement of the four different
nucleotides inside the DNA chain produces a sequence that is of major importance. Indeed,
the primary structure of proteins is encoded in the DNA sequence and, more specifically, in
genes. In fact, parts of the DNA are not coding for proteins. There are coding regions that are
called genes, and non-coding ones. Non-coding regions can be regulatory sequences. They
regulate the process allowing production of a protein, starting from a gene, by interacting with
other molecules.

Two strands of DNA interact by complementarity of their bases. Adenine pairs with thymine
with two hydrogen bonds and cytosine pairs with guanine with three hydrogen bonds. The
hydrogen bonds of a base pair occur between an atom of hydrogen of one base and an atom
of oxygen or nitrogen of the other base. The interaction between both strands forms a double
helix of DNA. Both strands are oriented in the opposite direction. Thus, the 5’ end of one
strand matches the 3’ end of the other strand (Figure 1) (Berg et al, 2012).

nitrogenous bases:
E adenine
X thymine
E guanine

major

groove

Figure 1. Double helix model. Left: general structure of the DNA double helix. Right: molecular structure of the
double helix. The deoxyribose-phosphate backbone is indicated in blue with its bases attached. The dashed lines
between bases of the two strands represent hydrogen bonds. (Structure and Function of DNA, 2016)



The first step required for the synthesis of proteins is transcription (Figure 2). Transcription
allows for the generation of a ribonucleic acid (RNA) strand that is used to carry the genetic
information, called the messenger RNA (mRNA). The mRNA that is synthetized is copied from
a DNA template (Kapanidis et al, 2006). RNA differs from DNA by the sugar that is used for its
backbone and by the possible bases it is composed of. The backbone’s sugar is not deoxyribose
but ribose and adenine is paired to uracil (U) instead of thymine. Moreover, RNA is generally
single-stranded but double-stranded (ds) RNA also exists (Monsion et al, 2018). The DNA
template is copied into a mRNA by base pairing. Thus, the mRNA sequence is complementary
to its template, and the 3’ end of the template matches the 5’ end of the mRNA. The template
strand is always read in the 3’ - 5’ direction. The complementary strand is called “coding” or
“sense” strand as its sequence is the same as the synthesized mRNA, with T replaced by U. A
positive and a negative DNA strand is arbitrarily defined in E. coli. Both the positive and the
negative strand can be used as a template for transcription, but only one is used for a given
gene (Weaver, 2011; Berg et al, 2012).

/ RNA polymerase

/_,- ——
Rewinding / /Template strand / Coding stran\ Unwinding
/ .I‘1
¥ v‘; \ i"
RNA-DNA hybrid N Elongy V7
site

helix
Figure 2. Transcription. The synthetized RNA strand is indicated in green. The 3’ end of the RNA forms an RNA-
DNA hybrid with the template strand with which it pairs. The RNA has the same sequence as the DNA coding
strand indicated in blue, except that T is replaced by U. (Berg et al, 2012)

5’

5 ppp

Movement
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The mRNA sequence is then translated into a polypeptide chain based on the genetic code
(Table 1) during a process called translation. The genetic code allows to match a RNA- (or a
DNA-) sequence of three nucleotides called codon, with a given amino acid. The genetic code
is valid for all living organisms. Translation is the step during which the synthesis of the protein
occurs (Weaver, 2011; Berg et al, 2012).

Table 1. The genetic code. The codons are shown at the upper side of the table. The 3- letter codes and 1-

letter codes at the bottom of the table represent the different AAs. UAA, UAG and UGA correspond to a stop
codon. (Alberts et al, 2015)

AGA UUA AGC

AGG UUG AGU
GCA CGA GGA CUA CCA UCA ACA GUA
GCC CGC GGC AUA CUC CCC UuCC AcCC GUC UAA
GCG CGG GAC AAC UGC GAA CAA GGG CAC AUC CUG AAA UUC CCG UCG ACG UAC GUG UAG
GCU CGU GAU AAU UGU GAG CAG GGU CAU AUU CUU AAG AUG UUU CCU UCU ACU UGG UAU GuU UGA
Ala Arg Asp Asn Cys Glu GIn Gly His lle Leu Lys Met Phe Pro Ser Thr Trp Tyr Val stop

A R D N C E Q G H I L K M F P S T w Y \"




Translation

In prokaryotes, translation and transcription are not spatially separated in the cell, both occur
in the cytosol. Ribosomes are molecular complexes composed out of ribosomal RNA (rRNA)
and proteins. They perform translation by reading the mRNA strand from its 5" end to its 3’
end. The codons of the mRNA are read one after the other, and the corresponding AA-chain
is polymerized. The entire mRNA sequence is not always used to code for an AA. Indeed, there
may be a conserved and untranslated region, AGGAGG, at the 5’ end called the Shine-Dalgarno
box. This sequence allows base-pairing with an rRNA of the ribosome on the ribosome binding
site, located ~8 bp upstream of the start codon: AUG (or GUG). This interaction allows the
alignment of the ribosome with the start codon (Alberts et al, 2015; Weaver, 2011; Berg et al,
2012).

Adding of a free AA to the peptide chain is not thermodynamically favorable. AA-esters, called
activated AAs, are necessary to allow peptide bond formation during polymerization of the
peptide chain. These are carried to the mRNA by a transfer RNA (tRNA), forming the
aminoacyl-tRNA or charged tRNA. A codon of the mRNA binds the appropriate aminoacyl-
tRNA by complementarity with a sequence on tRNA called anticodon. Amino acids are added
to the appropriate tRNA by an enzyme called aminoacyl-tRNA synthetase. There is at least one
specific enzyme for each AA (Alberts et al, 2015; Weaver, 2011; Berg et al, 2012).

Ribosomes are made out of a small subunit and a large subunit, 30S and 50S respectively.
During initiation of translation, the small subunit, containing three sites: E (exit), P (peptidyl)
and A (aminoacyl), binds to the mRNA on the ribosome binding site, helped by three initiation
factors (IF): IF-1, -2 and -3. Simultaneously, a tRNA carrying the AA matching the start codon
enters the P site. The IFs are then released from the 50S subunit to bind to the complex and
form the complete ribosome (70S) (Alberts et al, 2015; Weaver, 2011; Berg et al, 2012).

Then starts the elongation, carried by three elongation factors (EF). A tRNA goes into the A-
site and stays only if its anticodon complements the mRNA codon on the A-site. The peptide
(now one AA) linked to the tRNA at the P-site is transferred to the AA of the tRNA at the A-site
and a peptide bond is formed. This reaction is catalyzed by the ribosome. Then, the large
subunit of the ribosome translocates in the 3’ direction. This displacement moves the tRNA
from the A-site to the P-site and the tRNA at the P-site to the E-site. The tRNA at the exit site
leaves the ribosome and the small subunit of the ribosome translocates under the large
subunit. Then, the cycle restarts (a new tRNA enters the A-site, ...). Figure 3 shows the steps
of addition of the fourth AA (Alberts et al, 2015; Weaver, 2011; Berg et al, 2012).

Elongation is stopped when a stop codon (UAA, UAG, UGA) comes into the A-site. Indeed, a
stop codon is recognized by one of the release factors: RF-1 or RF-2. This induces releasing of
the polypeptide. Subsequently, the interaction between RF-3 and the A-site provokes
detachment of the ribosome subunits (Alberts et al, 2015; Weaver, 2011; Berg et al, 2012).
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Figure 3. Translation of an mRNA. The mRNA is represented by the blue line and the ribosome is shown in green.
The light green part corresponds to the 50S subunit and the dark green part correspond to the 30S subunit. The
polypeptide that is synthetized is indicated by the colored circles. (Alberts et al, 2015)

1.2.2. Transcriptionin E. coli

Transcription is discussed thoroughly in this subsection, apart from the general overview on
protein synthesis. First, we will describe the molecular complex responsible for this process.
Then, we will go through the three steps composing this biological process.

RNA polymerase

The molecular complex responsible for transcription is a multi-subunit RNA polymerase
composed of four types of subunits: a (two copies), B, B’and w, forming the RNA polymerase
core enzyme (E) (Finn et al, 2000).

Both a subunits (329 AAs in E. coli) are made out of two independently folding domains that
are joined together by a linker of ~20 AAs (Browning & Busby, 2004). The amino-terminal
domains (aNTD, AA 1-235) allow the assembly of B and B’ subunits after dimerization. The
carboxy-terminal domains (aCTD, AA 250-329) can bind DNA (Browning & Busby, 2004). B and
B’ subunits represent the active site cleft of the complex which contains two divalent metal
ions (usually Mg?*), playing the role of electron withdrawer. B and B’ are the biggest subunits
of the complex, they are made of 1342 and 1407 residues respectively in E. coli (Browning &
Busby, 2004). All bacterial B’ subunits seem to contain the AA-string NADFDGD from which
aspartate residues chelate both divalent metal ions (Weaver, 2011). Both B and B’ subunits
are responsible for binding: to double-stranded DNA downstream of the synthesis direction,
to DNA-RNA hybrids during transcription and to RNA (Murakami, 2015). The small w subunit
(91 AAs) helps in the last step of the assembly of the RNA polymerase core enzyme. That is,
the association between B’ and a;B. Nevertheless, a study of Gunnelius et al showed in 2014
that the w subunit is not essential in E. coli (Browning & Busby, 2004; Gunnelius et al, 2014).

The RNA polymerase core enzyme requires a transcription factor to interact with DNA and
initiate transcription. This transcription factor is a ¢ factor. Together, they form the RNA
polymerase holoenzyme (Ec*) (Gunnelius et al, 2014). o factors allow principally to: associate
the Eo*-promoter complex (RP) in the initially “closed” conformation (RP.), stabilize the

5



complex in “open” conformation (RP,) and interact with transcription activators for RNA
synthesis (Paget, 2015).

o factors are proteins containing up to four different domains interacting with the core
enzyme (Nagai & Shimamoto, 1997). 02, 03 and o4 specifically interact with promoter elements.
01.1 occupies the active site in RP. before double stranded DNA in RP,. Note that this domain
is absent from most of the o factors and can inhibit or promote transcription (Paget, 2015;
Vuthoori et al, 2001). Thus, the 61 domain needs to be moved away from the RNA polymerase
cleft to form the active RP, (Murakami, 2015). Seven types of o factors are known in E. coli; a
house-keeping o factor: 6’° and six alternative minor o factors: 64, 03, 632, 028, 0?4 and o*°
(respectively: rpoD, rpoN, rpoS, rpoH, fliA, rpoE and fecl) (Shimada et al, 2017; Cho et al, 2014).
The group of alternative o factors mainly regulates expression of genes involved in the
response to environmental stress-conditions, but also in auxiliary processes such as nitrogen
fixation or flagellar assembly (Glyde et al, 2017). The polymerase and o factors are limiting
elements for the transcription of genes. The competition between o factors for the RNA
polymerase and the competition between promoters allow to regulate gene expression in the
cell (Browning & Busby, 2004; Maeda, 2000).

Anti-o factors have an antagonist role to o factors. Some of those molecules prevent the
association of o factors with the core enzyme by interacting principally with the alternative o
factors, less with 0’°. As o factors are limited in the cell, transcription of genes that are
dependent to the targeted o factor is diminished. Other anti-o factors bind to o factors but
they still allow the interaction with the core enzyme. For example, AsiA binds with the o4
domain, preventing the initiation of the transcription. This might be caused by the
impossibility of the o4 to interact with the -35 region of the promoter (see Transcription
initiation), or by preventing the association of o4 with the B subunit of the core enzyme (Dove
et al, 2003).

Transcription initiation

Here, we will discuss the first step of the transcription process. Locations indicated with
numbers refer to the relative position towards the transcription start site, indicated by 0, —x
refers to the x " position upstream the TSS.

Studies performed on Thermus aquaticus and Thermus thermophilus revealed that promoter
region -41 to -7 stands outside the RNA polymerase active site cleft, at the surface of the
complex. This place corresponds to where the ¢ factor is located. This observation has shown
that it is the o factor that interacts with the promoter rather than the RNA polymerase itself
(Murakami, 2015).

Promoters contain four sequence elements involved in the interaction with the o factor of the
RNA polymerase. Those elements are specific to each o factor. In E. coli, for 679, two of them
are hexamers with consensus sequences TTGACA and TATAAT and are located respectively
around positions -35 and -10. Those hexamers are the principal elements responsible for the
promoter recognition by o4 (-35 box, by subregion o04.2) and o2 (-10 box, by subregion 0,.4)
domains of the RNA polymerase (Browning & Busby, 2004). Considering ¢, interaction
between promoter and the o factor occurs at consensus sequences [CT]TGGCA[CT][GA] and
TGC[AT][TA] around regions -24 and -12 respectively. Transition to RP, conformation depends



on enhancer-binding proteins (Lin et al, 2014). Another element is the extended -10 element,
which is found upstream the -10 box and consists of a 3-4-mer: TGn (Sanderson et al, 2003).
This pattern is recognized by the o3 domain, is present in ~20% of the E. coli promoters and
can trigger promoter activity up to more than 100-fold (Sanderson et al, 2003; Ross et al,
2001). The last element is a ~20 bp sequence located upstream the -35 element up to ~-90
(Browning & Busby, 2004; Saecker et al, 2011). This region is called the “UP element” and is
not recognized by the o factor but rather by the aCTDs of the RNA polymerase (Figure 4).
Promoters that do not contain an UP element are called core promoters (Browning & Busby,
2004; Ross et al, 2001; Gourse et al, 2000).

-35 -10

Figure 4. Model for the function of the C-terminal domain (CTD) of the polymerase a-subunit. (a) In a core
promoter, the a-CTDs do not interact with the promoter. (b) in a promoter with an UP element, the a-CTDs
interact with the UP element. The dark line represents the promoter. The colored shapes over the promoter
represent the subunits of the RNA polymerase holoenzyme. (Weaver, 2011)

A consensus sequence is a sequence that is over-represented across promoters but is not the
“optimal” sequence. It also differs for each o factor in E. coli. The closer a promoter sequence
is from the consensus sequence, the more affinity it will have for the o factor and thus express
the gene more efficiently (Browning & Busby, 2004). However, most of the promoters do not
have a consensus sequence. Hence, an equilibrium is set between the activities of the
promoters (Browning & Busby, 2004).

For the transcription to start, the RNA polymerase holoenzyme-promoter complex (RP) must
switch from the inactive closed conformation to the active open conformation. This shift
allows to initiate transcription at the transcription start site (TSS) and not in the promoter
region (Glyde et al, 2017).

The open conformation of the promoter is obtained by a process called “isomerization” and
results in an unstable open complex (Saecker et al, 2011; Browning & Busby, 2004).
Isomerization allows to separate both DNA strands around position -13 to +2, forming a
transcription “bubble” from which position +1 of the template strand is placed in the active
site. This displacement of the template stabilizes the open complex (Saecker et al, 2011).
Three aromatic AAs (Phe248, Tyr253 and Trp256) from the o factor might be responsible for
the isomerization. These AAs are well conserved across organisms. Isomerization might occur
by linkage of those AAs to the non-template strand around the -10 box (Weaver, 2011). The
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non-template strand or coding strand still interacts with the RNA polymerase and regulates
the formation of the complex, its lifetime, the selection of the transcription start site and
abortive synthesis (Nandy Mazumdar et al, 2016).

Indeed, the RNA polymerase-DNA complex can evolve in abortive or productive synthesis
(Saecker et al, 2011). During synthesis, a-phosphate of the lastly arrived nucleoside
triphosphate is covalently linked to the 3’-OH end of the neosynthesized RNA. The a-
phosphate corresponds to the phosphate group that is directly linked with the ribose. The RNA
chain and the transcription “bubble” grow while the RNA polymerase holoenzyme still
interacts with the promoter (Alberts et al, 2015). Thus, template DNA is continuously pulled
inside the enzyme complex, this is called “scrunching”. This process induces stress and
competition between two possible paths: releasing the RNA strand to diminish the stress
(abortive synthesis) or keeping on extending it (productive synthesis). The size of the aborted
RNA chain is a function of the promoter sequence and conditions but is not yet elucidated
(Saecker et al, 2011). Abortion can happen several times before the productive synthesis to
occur (Alberts et al, 2015). The stress is automatically avoided at a critical RNA chain size of 11
nucleotides by perturbation of the interaction between the RNA polymerase and the
promoter (Saecker et al, 2011). Note that initiation does not necessarily end up with the
release of the o factor from the RNA polymerase (Bar-Nahum & Nudler, 2001; Mukhopadhyay
et al, 2001).

Transcription elongation

The B’ subunit of the polymerase contains a valine residue that is in contact with the minor
groove of the DNA downstream the transcription bubble. This AA might act by causing the
screw-like motion by turning around the minor groove of the DNA. This valine might also stop
the DNA to prevent it from entering or escaping the polymerase. (Weaver, 2011)

The action of separating paired nucleic acids is described as helicase activity. During
elongation, the polymerase melts DNA downstream (helicase) and unmelts it upstream of the
synthesis direction. This results in a transcription bubble covering around 17 bp and containing
an RNA-DNA hybrid of ~9bp up to position +1, where the new nucleotide is added. As
downstream DNA is double-stranded up to position +2, only position +1 is available for
incoming nucleotides. Hence, new nucleotides are added one by one (Vassylyev et al, 2007).
The arginine 422 of the B subunit interacts with the nucleotide of the template strand at
position +1. This AA might thus be implied in the proofreading process. Proofreading consists
in verifying that the correct nucleic acid is added. Indeed, the new nucleotide is added to the
elongation complex in a “pre-insertion state” which enters an “insertion state” if bases are
correctly paired and linked to the appropriate sugar (ribose). The polymerization of the RNA
chain is catalyzed by both Mg?* ions in the active site, acting as an electron withdrawer. The
nascent RNA goes out from the polymerase by the exit channel. (Weaver, 2011)

What limits the length of the RNA-DNA hybrid is on one hand the size of the transcription
bubble and on the other hand a hydrophobic pocket that captures the first RNA base displaced
from the hybrid (upstream). Indeed, contrarily to DNA polymerase, RNA polymerase must
unhybridize the synthesized RNA and DNA template to rewind DNA upstream of the
transcription bubble (Jiang et al, 2004).

Elongation brings tension in DNA downstream and upstream the transcription bubble. This



stress is released thanks to creation of positive supercoils downstream and negative supercoils
upstream of the bubble. Supercoils are then relaxed by the action of topoisomerases. This
costs less energy than making the RNA polymerase rotate to follow the DNA’s twist during the
elongation, which would also surround the synthetized RNA around the DNA template
(Weaver, 2011).

Elongation is not a continuous process, pauses occur and those have an important regulatory
role. Pausing allows to coordinate transcription and translation and help the folding of the
nascent product. Both steps of transcription permit regulators to bind to the complex and are
required for termination of the transcription (Weixlbaumer et al, 2013). Pausing can have
several causes. The first cause is the addition of the wrong nucleotide. The second cause is the
presence of a promoter-like sequence in the non-template strand, interacting with the o
factor, if the latter is still present. The third cause is the formation of an RNA hairpin of ~11
nucleotides at the exit channel of the polymerase (Yakhnin & Babitzke, 2010; Weixlbaumer et
al, 2013).

When the wrong nucleotide is added, backtracking occurs. This process is carried by proteins
GreA and GreB which activate RNase activity of the polymerase (3’ to 5’ direction). During
backtracking, the polymerase goes in the opposite direction, removing completely the 3’ end
of the RNA from the active site. This movement induces pausing which can also lead to a
complete interruption of the transcription. GreB also allows to prevent this pause to occur.
However, these two proteins are not mandatory for proofreading. As the last incorporated
nucleotide does not match with the DNA template, it is more flexible. The wrongly
incorporated nucleotide can thus bend back to enter in contact with the Mg?* of the active
site. The metal ion might be involved in the RNase activity. This cannot occur if the appropriate
nucleotide is added as it will not be flexible enough to interact with Mg?*. (Weaver, 2011)

The formation of an RNA hairpin at the exit channel provokes pausing of transcription. Indeed,
the RNA hairpin interacts with the B-flap of the B subunit of the polymerase. This interaction
might induce displacement from the active site of critical residues for polymerization activity
(Kang et al, 2018). The NusA protein enhances this effect by stabilizing the interaction
between the B-flap and the hairpin. Hairpin-formation is due to apparition of a reverse
complemented repeat in the sequence. The repeat is separated by a gap with a “random”
sequence, forming the loop of the hairpin (Toulokhonov et a/, 2001).

Transcription termination

There are two different types of transcription termination signals or “terminators”. One type
of terminator depends only on the RNA polymerase whereas the other depends on proteins
called “rho”.

The rho-independent terminator is a T-rich region preceded by a reverse complemented
repeat in the non-template strand, which favorizes the formation of a hairpin in the RNA at
the exit channel. The T-rich region allows to form weak interactions in the RNA-DNA hybrid
(rU-dA interactions) to help dissociation of both strands. The separation of the transcript from
DNA causes pausing of transcription. This pause allows the hairpin to form and destabilizes
the elongation complex. Because of this instability, the transcript further detaches from the
template. RNA escapes from the polymerase and the transcription bubble can rewind (Figure



5, left). Thus, hairpin-formation facilitates termination but is not mandatory.

The hairpin-forming sequence can bind a region of the core polymerase called the upstream
binding site (UBS). This association inhibits hairpin-formation and thus termination. NusA
avoids inhibition of termination by weakening the interaction between the transcript and the
UBS. (Yarnell & Roberts, 1999; Farnham & Platt, 1980)

Rho-dependent termination depends on proteins called “rho” and a reverse complemented
repeat. Contrarily to rho-independent termination, this process does not require a U-rich
region at the end of the transcript. Rho is a doughnut shaped hexamer made out of the same
subunits. This protein initially interacts with the polymerase at the beginning of transcription.
When the transcript is long enough, rho binds RNA polymerase on a sequence called the “rho
loading site”. This interaction creates an RNA loop between the rho binding site and the RNA
escaping from the polymerase. During transcription, the nascent RNA is fed through the center
of the doughnut shaped protein. The RNA loop remains as rho cannot catch up the RNA
continuously flowing out of the polymerase. At the end of transcription, a hairpin is formed
because of the reverse complemented repeat. The hairpin causes the transcription to pause,
allowing rho to catch up with the lastly synthesized ribonucleotides. RNA synthesis gets
blocked because the RNA loop gets tightened, the elongation complex is “trapped” (Figure 5,
right). Then, rho dissociates the RNA-DNA hybrid with its helicase activity. The transcript is
released, ending the transcription (Brennan et al, 1987; Roberts, 1969; Epshtein et al, 2010) .

l (a) Hairpin begins to form

l Polymerase

5 Rho

(b) Hairpin forms and
destabilizes hybrid

(RNA pull-out?)

P v

L (c) Termination

A
Y

Figure 5. Rho-independent termination (left) and rho dependent termination (right). The RNA polymerase is

represented by the pink shape. The rho-protein is represented by the blue hexamer. At the last step of the rho-

dependent termination, we see that the RNA loop gets tightened, inducing the release of the mRNA. (Weaver,
2011)
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1.2.3. Regulation of transcription is mediated by o factors

In this subsection, we will discuss the principles and importance of the regulation of protein
synthesis, and more particularly the regulation of transcription. Therefore, we will first explain
the differences between the growth phases of microorganisms. Then, we will explain how this
regulation works at the molecular level. The latter part is of major importance considering the
subject of this master thesis. Indeed, interactions between o factors and promoters change
while conditions change and those molecules explain part of the regulation of transcription.

Growth phases

The growth of a microorganism in nature can be studied thanks to its behavior in a batch
fermentation. Fermentations are used in the bioindustry to produce complex molecules by
cultivation of microorganisms in the presence a substrate, which they feed on. Typical
examples of molecules produced by fermentation are: bioethanol (Rolfe et al, 2012), lactic
acid (Reddy et al, 2008), vitamin B12 (Keuth & Bisping, 1994), penicillin (San &
Stephanopoulos, 1989) and coenzyme Qio (Kien et al, 2010). The process occurs in bioreactors
under controlled conditions. During batch cultivation, a certain quantity of substrate is added
to an empty reactor. Then, microorganisms are inoculated to start the fermentation.

There are five distinct growth phases (Figure 6): the lag phase, the exponential phase, the
stationary phase, the death phase and the long-term stationary phase. The fermentation first
starts by the lag phase. The microorganism needs to adapt to the new environment: pH,
temperature, substrate, ... It does not multiply yet as it requires a new set of molecules to
cope with the new conditions. After a time of adaptation, the cells start to grow and multiply
while consuming the substrate. This phase is called the log phase or exponential phase as the
number of cells grows exponentially. Then, two factors can cause the organism to enter in the
stationary phase. This phase corresponds to the stop of replication of the cells. An essential
nutrient can become limiting or a toxic product can accumulate. When the cells run out of
their energy reserves, they enter the death phase. Microorganisms die and their number
decreases exponentially with time. During the long-term stationary phase, dead cells release
nutrients that are used by survivors, which can multiply. This is called cross-feeding. There is
an alternating increase and decrease in the number of living cells. (Rolfe et al, 2012; Pletnev
et al, 2015)

Ig(CFU x ml-1)

Time, days

Figure 6. Bacterial growth curve showing the five different growth phases. 1: lag phase, 2: exponential phase,
3: stationary phase, 4: death phase and 5: long-term stationary phase. (Pletnev et al, 2015)

The transition between the exponential phase and the stationary phase in E. coli comes along
with reprogramming of the physiology of the cell and gene expression. This transformation is
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driven by the modulable selectivity of the different o factors for the different promoters. This
variation is due to a modification of the relative concentrations of each o factor and to
interactions with other molecules (Bernardo et al, 2006; Typas et al, 2007; Wassarman & Storz,
2000; Kang et al, 1997).

1.2.4. Promoter activities and promoter specificity

The limited transcriptional resources must be appropriately distributed across the set of genes
of the cell. Depending on the conditions, certain promoters need to be more active than
others. To this end, two factors are of major importance: growth rate (u) and growth
conditions. The growth rate corresponds to number of cell divisions occurring per unit of time.
This metric generally lies between 0.2 and 1.3 /h (Andersen & Von Meyenburg, 1980). It
appears that the general promoter activity of the cell depends only on growth rate. Moreover,
this activity follows a power-law distribution. In fact, the distribution derives from a mixture
of two log-normal distributions: metabolic promoters and ribosomal promoters (Figure 7).
Both distributions remain constant for a given growth rate. However, the different metabolic
promoters show different activities in function of the growth conditions (Zaslaver et al, 2009).
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Figure 7. Heavy-tailed distribution obtained by a mixture of two log-normal distributions. (A) Log-normal

distributions with the observed mean and standard deviation of ribosomal promoters (dashed) and metabolic

promoters (solid line) at u=0.8 divisions per hour in glucose medium. The ribosomal function was multiplied by

5 for clarity. (B) Rank frequency plot for the resulting mixture of these two ‘scale rich’ classes. Note: figure and

legend were downloaded from the paper of Zaslaver et al (2009).

We will now focus on the transition between the exponential phase and the stationary phase.
In E. coli, this phase switch implies variation of the growth rate and restructuration of the gene
regulatory network (Raffaelle et al, 2005). It is straightforward to think of how genome-wide
promoter activity becomes lower. As the nutrient availability is low, the cell cannot afford
transcribing all its genes. Thus, the promoter activity at the general level is diminished.
However, it is more complex to understand how the global pattern of metabolic promoters’
activities is modified. The number of RNAP core enzymes is limited in the cell, creating a
competition between the different o factors. When switching growth phase, the relative
concentrations of the o factors change. Therefore, the pool of RNA polymerase holoenzymes
changes, such as the general selectivity for the different promoters (Kang et al, 1997). When
switching from the exponential to the stationary phase, the concentration of 638 is increased
to one third of the most abundant o factor, the housekeeping o factor (679 (Typas et al, 2007).
Hence, dominance of 638 should be increased.
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However, this switch towards alternative o factors is not only a matter of o factor
concentrations. Indeed, the molecular characteristics of the RNA polymerase core enzyme
also differs. It has been shown that entering the stationary phase implied association of poly-
phosphates to the core enzyme (Kang et al, 1997). In fact, those molecules correspond to
interaction of Ec’? holoenzymes with guanosine tetraphosphate (ppGpp) alarmone. This
nucleotide allows the dissociation of the Ec’® complex in synergy with another protein: DksA.
The core enzyme is thus more available for alternative o factors (Bernardo et al, 2006; Typas
et al, 2007). ppGpp is an adaptive response to amino acid starvation (Artsimovitch et al, 2004;
Jishage et al, 2002; Perederina et al, 2004).

In addition, 6S RNA further reduces the activity of 0’°- specific promoters. This RNA of 184 nt
competes with promoters by interacting specifically with Ec’?. This conserved molecule
among bacteria imitates the secondary structure of a promoter’s transcription bubble (Barrick
et al, 2005). The 6S RNA can also be used as a template for transcription when nutrient
availability increases, releasing an RNA product (pRNA). Synthesis of pRNA provokes
separation of the 6S RNA-holoenzyme complex. Thus, when conditions become favorable for
growth, the activity of 6’°-dependent promoters is recovered (Cavanagh et al, 2012; Chen et
al, 2017).

The E. coli’s alternative o factor 03 is the most closely related to 6’°. Indeed, they have a
similar -10 box (TAtaaT and CTAtacT, for 6’° and 03 respectively). There is no distinctive -35
box for 038 (Cho et al, 2014). Both facts allow large overlap of the regulated promoters
between both o factors. During the stationary phase, a protein called Crl favorizes Ec3®
interactions (Typas et al, 2007). Ironically, this molecule induces also the synthesis of RssB, the
protein responsible for the proteolysis of 63%. The o factor is protected from degradation while
it interacts with RNAP (Ec38). However, the effect of Crl promoting Ec3® formation is favorized
over the effect of 638 proteolysis. Thus, competitivity of this alternative o factor is increased
during stationary phase.

1.3. Machine learning

Nowadays, an enormous quantity of information is generated every day which is mostly
accessible online (Jacobson Ralph, 2013). Data is now stored online whereas it was initially
saved on a sheet of paper. The large amount of information that is generated needs to be
processed to extract tendencies, make conclusions, create knowledge, but also to be able to
make predictions. Companies must take decisions that are supported by the data, if they want
to grow and minimize the risk of failure. It is nearly impossible for a human to do so. The
computational speed of computers allows us to process the data faster and in an automated
way. The use of computers for data analysis is applicable for a wide variety of fields: sales,
transport, healthcare, agriculture, biology, in banking, telecommunications, etc. (Chen et al,
2014a; Assuncdo et al, 2015; Carbonell, 2016).

1.3.1. Machine learning types

A dataset is a table composed of observations. An observation is an entry in the dataset for
which different parameters are measured. The measurement of the parameters can be either
gualitative or quantitative. Those parameters are used to build a model which will allow to
predict an output. A model is a mathematical function that depends on the parameters
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provided in the dataset. For some datasets, the output is already present for the observations.
In this case, the output allows to train a model to make predictions for new observations.
Training or fitting a model corresponds to assigning coefficients to its parameters. This type of
machine learning procedure is called supervised learning. Supervised learning makes use of
labeled data to train a model. When the observations in the data are not assigned to a label
we enter in the field of unsupervised learning.

Supervised learning

Depending on the type of output that the observations are labeled with, the machine learning
approach will be different. If the output represents a category (label or class), it is a
classification problem. The output is qualitative. If the output is a quantitative value, the
problem is referred to as regression (Hastie et al, 2009).

Classification is the type of machine learning model used to assign qualitative values (classes)
to observations. Examples of classification problems would be: assigning mails to “spam” or
“mail” and determining whether a bag undertaking an X-ray control at the airport contains
forbidden items or not. These are examples of binary classification problems. The
observations must be classified into one of two classes. Parameters used to classify mails could
be: the number of misspelled words, the number of words, the presence of hyperlinks, the
presence of the words “free”, “win”, etc. Parameters used to report dangerous bags could be:
presence of metallic objects, presence of liquids, etc. In those type of problems, the model is
required to build a decision function that will allow discriminating observations of both
classes. Multiclass classification consists in a problem for which the observations may be
assigned to several classes. For instance, the picture of an animal is shown to the model which
must determine whether the animal is a deer, a wild boar, a pheasant, or a fox. Only one class
from four can be assigned to the image. Multilabel classification is a problem for which several
classes can be assigned to an observation. For instance, several animals may be present in a
picture. There are multiple labels to be predicted by the model, one label per animal. The
model will determine for each possible target whether it is present or not. A common way to
solve a multilabel classification problem is to train a separate binary classifier for each possible
target.

Regression refers to machine learning models that predict quantitative outputs. For example,
a doctor who wants to predict the level of glucose in the blood of its patient on basis of a
multitude of parameters: has he eaten recently, what is his hearth rate, etc. An economist
who tries to determine tomorrow’s price of a company’s share on the stock market based on
the evolution of the last 5 days. Here, the parameters could be: price on day -5, on day -4, ...
up to day 0 and we want to predict the price on day +1 (tomorrow).

Unsupervised learning

Unsupervised learning allows to build models that classify observations without requiring the
explicit labelling of the observations. Observations do not have an associated response. What
can be done in such cases is trying to understand the relationships between the parameters
or between observations. An example of unsupervised learning approach is clustering.
Clustering methods allow to group similar observations in the data. There exist multiple
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methods for clustering observations. A well know clustering family that is used in this thesis is
hierarchical clustering.

Hierarchical clustering produces a user-defined number of clusters from the observations.
Those clusters are nested with each other in a hierarchical manner. They form a tree in a way
that the root contains all the observations from the data and each leaf contains a subset of
similar observations. In this tree, clusters (leaves) present in the same branch resemble to
each other mother than observations present in other branches. For instance, hierarchical
clustering can be used to build phylogenetic trees which group organisms based on of the
similarity of their 16S rRNA gene sequences (Cai & Sun, 2011).

1.3.2. Machine learning models used
In this subsection, we will present machine learning models that were used in this master
thesis. We explain the rationales behind logistic regression and support vector machines.

Logistic regression (LR)

Logistic regression fits a linear model and transforms it with the logistic function. It is used for
binary classification problems. A linear model is given by Eq. 1. x = (x4, x,, ..., x,) contains the
p values assigned to observation x, one per feature. B, corresponds to the intercept, that is
the response of the equation when all the values for x = 0. 8 correspond to the coefficients
vector (B, B1, -, Bp), there is one coefficient per feature.

p
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In binary classification, the label assigned can be either 1 (positive class) or 0 (negative class).
The output of the function described in Eq. 1 is a continuous value. We can assign the label 0
or 1 to an observation on basis of the output of the function by using a threshold. Using a
cutoff of 0.5, an observation will be classified as positive if the output is bigger than 0.5. The
response of the function can be seen as the probability for an observation to belong to class
1. The problem is that the output of this function can be outside [0, 1], which is not possible
for probabilities. Applying a logistic function to this linear model keeps the output between
the desired boundaries and forms Eq. 2. p(x) is the probability for observation x to belong to
class 1.
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Figure 8. Transformation of a linear model into a logistic model. The linear model f(x) = 0.5+ 0.07x is
transformed into the logistic model p(x) = W The output of the logistic model is maintained

between [0, 1] whereas the output of the linear model can be outside [0,1].

Support vector classifier (SVC)

SVC fits a linear hyperplane to separate classes (James et al, 2000). The hyperplane that is fit
is the one that lies the farthest possible from the observations of each class. For this reason,
the classifier is also referred to as the maximal margin classifier (Figure 9). The margin is the
perpendicular distance between the hyperplane and the observations that lie the closest from
it. Those observations are called support vectors, they are the only one influencing the shape
of the hyperplane. The support observations can lie either: on the margin, between the
hyperplane and the margin or at the wrong side of the hyperplane. Indeed, it is not always
possible to separate 2 classes perfectly while ensuring a good performance of the model. The
size of the margin is tuned by a parameter C, which is proportional to the number of
observations that can violate the margin. If Cis large, the margin will be large (Figure 9, left),
if it small, the margin will be narrow (Figure 9, right). In the latter case, the hyperplane will
more fit to the training data.

SVC can also fit a non-linear decision function by enlarging the feature space of p dimensions
using combinations of the features. Then, SVC fits a linear hyperplane in the enlarged feature
space, resulting in a non-linear separator in the initial feature space.

X Xi
Figure 9. Support vector classifier. The hyperplane corresponds to the solid line and the margins corresponds to
the dashed lines. The dots of the same color correspond to the observations for one class. X1, X, correspond to
two features. It is a 2D feature space for which each observation is assigned 2 values, one for each feature. (James
et al, 2000)
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Support vector machine (SVM)

SVM differs from SVC by the way the feature space is enlarged, SVM does not use
combinations of features but a function called kernel. By using Lagrangian multipliers to
determine the coefficients for the p parameters, it appears that only knowledge of the inner
product between all the pairs of observations is required (Eq. 3). x and x' correspond to 2
observations (pair).

p
(x,x') = Z X, X'k (3)
k=1
The equation of the linear support vector machine hyperplane is given in Eq. 4. «;, ..., a,
correspond to the coefficients for the n observations, 5, to the intercept, and x to the
observation to classify. In a binary classification problem, the label of the positive class is set
to +1 and the label of the other (negative) class to -1. An observation x that is presented to
the classifier will be assigned to the positive class if the function returns a positive value.

fG) = fo+ ) ai(xx) @)

Knowing this, we can move beyond linearity by using a generalization of the inner product
which is called a kernel function. A kernel function noted K (a, b) is a measure of the similarity
between two objects: a, b. The kernel can be either linear (Eq. 5) or non-linear (Eq. 6). @(x;)
corresponds to the observation x; seen in the enlarged feature space .

K, x) = (x,x") (5)

K(x,%) = (@(x), 9(x))) (6)

In the case a linear kernel is used, a linear decision function will be fit, it will be non-linear if a
non-linear kernel is used (Eq. 7). Examples of kernel functions are string kernels, which
compute the similarity score of a pair of sequences. Four different string kernels are described
in the Materials and Methods. Another non-linear kernel is the radial kernel, which requires
tuning of another parameter besides C, y. This parameter describes the distance up to which
training examples have an influence for fitting the hyperplane.

FGO) = o+ ) @ K(xx) 7)

The fact that only the inner product of the observations is needed allows to build a non-linear
decision function that may derive from an infinite dimensional feature space . Moreover,
the hyperplane is fit in a computationally efficient setting as we can operate in the enlarged
feature space by only computing the kernel for each pair of observations.
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On contrary to LR, SVM does not predict probabilities for the new observations and directly
assigns the class. A method that can be used to compute the probabilities is to apply a sigmoid
function that accounts for the distance between an observation and the hyperplane.

1.3.3. Stacking

In binary classification, stacking is a technique used to combine the predictions of two or more
models (base models). The predictions of the base models are used to train another model
that will give the final predictions. The predictions of the base model are referred to as meta-
features. The advantage of this method is that it may result in better performance when each
model taken separately performs better on a different subset of the data. Each model
estimates the class to which an observation belongs. Then, the predictions are combined by a
stacking model. This model will determine the best way to combine the predictions to result
in a better (or equal) performance than each model would reach independently.

Stacking is also used to improve the performance in a multilabel classification problem by
learning from the relations between targets. How this is done practically is explained in
Materials and Methods. Those relations can be i.e. exclusions. In this example, the model used
on top of the predictions of the first step may determine that the first label will be negative if
the second label is positive. A negative relation exists between the first and the second label.
Hence, the stacking model will assign a negative weight to the meta-feature (probability) of
the second label when it must make predictions for the first label. In contrary, if a positive
relation between the labels exist, the weight assigned to both predictions of the base models
may be positive. Thus, if both labels are predicted to be positive by the base models, the
certainty of the final prediction (after stacking) may be higher for each label.

1.3.4. Cross-validation

A simple method which can be used to evaluate the performance of a model initially separates
the observation into a training set and a test set. The training set is used to train the model
and the test set is used to evaluate how well the model performs on unseen data.

However, models often require hyperparameters to be tuned. Hyperparameters are user-
defined values, they are not determined by the learning algorithm contrarily to the model
coefficients (parameters). An example of hyperparameter is C of SVM. Several values must be
evaluated in order to determine the one that may give the best performance. However,
repeatedly training a model using a different value and assessing its performance on the test
cannot be done. Indeed, determining the optimal value for a hyperparameter on the test data
would consist in overfitting the model on this part of the data. In other words, the parameter
is tuned such that it will perform well on this part of the data but not on other observations.
Hence, this setup cannot be used to tune the parameters of a model. Note that overfitting
also consists in including more parameters (features) than necessary in the model (Babyak,
2004). Including too many parameters will make the model more complex, it will follow the
training observations too closely and will be less performant on new observations.

Another possibility is to randomly split the data into 3 datasets. One of them, the hold-out set,
is kept apart from the data and the two others are used as explained above. One is used for
training and the other is used to evaluate the performance for a given value of the
hyperparameter. The set on which the performance is evaluated is called the validation set.
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The value that gave the best performance on the validation set is then used to evaluate the
model on the hold-out data. The problem here is that only part of the data is used as a
validation set. This subset may not be representative of all the data, leading to high
performance difference between the validation and the hold-out set. So, on what part of the
data should the model be validated? In fact, it should be validated on all the available data,
except the hold-out set, to have a reliable estimation of the best hyperparameter value. The
method that allows us to do that is cross-validation.

The idea is to iteratively fit a model on the training set and evaluate it on the validation set
until all the data has been used for validation. To do so, the dataset (except the hold-out set)
is separated into k-folds i.e. k=3, 5, 10. At each iteration, a different fold is used as a validation
set. At the end, the average performance across the k folds is computed. This is repeated for
each value of the hyperparameter. The estimation of the average performance is more reliable
than without cross-validation. Then, we can evaluate the performance on the hold-out set
(test set) after training on the combined training and validation (tuning) set (Figure 10).

Complete dataset

]

[ 1

Tuning set Hold-out set
TRAIN TRAIN VALIDATE —
Fold1 | | | | —> pPerf.1
TRAIN VALIDATE TRAIN
Fold2 | | | | — perf.2
Repeat for each
VALIDATE TRAIN TRAIN - para me.ter value
considered
Fold 2 | | | | — Perf.3
1
Average performance = EZ(Performance 1,2,3)

Hold-out set
Take model with best average perf. —— Train on tuning set —— — Performance ?

Figure 10. Cross-validation method for tuning parameters followed by the evaluation of the performance.

1.4. Transcription factor binding site identification

Transcriptional regulatory networks are directed graphs that represent regulatory interactions
between transcription factors (TFs) and their target genes (Babu et al, 2004). Those networks
are a straight-forward way to visualize transcriptional regulation. Moreover, they allow to
analyze downstream or upstream effects due to a perturbation in a node. Building those
networks first requires determining the specificity of promoters towards TFs. This can be done
experimentally or computationally.

1.4.1 Experimental approaches

The experimental technique for the direct identification of TF binding sites (TFBS) is a
combination of chromatin immunoprecipitation and sequencing (ChlIP-seq) (Valouev et al,
2008). Chromatin is DNA complexed with proteins and RNA (Bernstein & Allis, 2005). ChIP-seq
allows to study in vivo interactions between DNA and proteins. ChlIP isolates portions of DNA
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interacting with the proteins of interest (Nelson et al, 2006). The interactions between
molecules in the cell (in vivo) are cross-linked so that transient interactions are permanently
fixed. Afterwards, DNA is sheared so that regions interacting with proteins are not cleaved.
Then, DNA regions interacting with the protein(s) of interest are isolated with specific
antibodies. Cross-linking is reversed to purify DNA prior to sequencing. Sequencing allows to
determine the sequences of the isolated DNA regions. In this case, the proteins of interest
correspond to transcription factor interacting with DNA on TFBS. The sequencing step can be
replaced by a DNA microarray (chip). However, this technique introduces bias and lacks
reproducibility (Steger et al, 2011). Moreover, it requires to know the genome of the species
under study beforehand. Sequencing can be performed de novo (Li et al, 2010).

Performing ChIP-seq/chip experiment is tedious and takes several days (Nelson et al, 2006).
Alternatively, it is possible to predict the output of such experiments without the need of
doing them. Computational methods allow to bypass wet lab work by making use of
interaction data produced by previous experiments.

1.4.2. Computational approaches

Computational techniques for the identification of TFBS are divided into two main groups: de
novo discovery of motifs and prior knowledge based identification. A motif is a pattern shared
across binding sites. Discovery of motifs requires the knowledge of the sequences upstream
the TSS of genes. Overrepresented patterns in promoter regions make it possible to determine
motifs. Promoters sharing common motifs are likely to be co-regulated by the same TF. Based
on that, a cluster analysis on motifs can be performed to give an overview of the regulatory
network of the species under study (Ma et al, 2013). As this method does not require prior
knowledge of interactions between TF and promoters, it is qualified as de novo. On the
contrary, prior knowledge based identification of TFBS makes use of known interactions to
train a model. Afterwards, the model is used to further scan new sequences for TFBS. ChIP can
be combined with quantitative real-time polymerase chain reaction (QRT-PCR) to assess the
binding of a protein of interest with predicted binding sites (Read, 2017). gPCR is more reliable
as compared to a microarray experiment (chip).

Mutations appear at a certain rate in organisms. The mutations allow them to evolve and
adapt to continuously changing environments. It is possible that certain organisms of a species
become too different from their siblings and form two separate species. The genome of both
sister species is different but still similar. Indeed, functional sequences, like genes or
regulatory elements, evolve more slowly than non-functional ones (Cliften et al, 2003).
Functional regions should thus be conserved across sister species. That is why, considering
promoters, the functional regions, which correspond to TFBS, should be conserved (Down et
al, 2007). Thus, besides construction of models, it is also possible to screen for TFBS by using
a comparative genomics approach (Rodionov, 2007; Lenhard et al, 2003). Note that TFBS do
not always correspond to regulatory elements. For example, a o factor might bind a non-
regulatory region if the sequence contains a binding sequence. Those TFBS should not be
conserved across both sister species as they have no functional purpose.
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1.4.3. Previous studies

There is a multitude of tools that have been developed to predict interactions (classification)
or even affinity (regression) between o factors and DNA sequences. Apart from the machine
learning model that is used (or not), methods differ from each other by how sequences are
transformed into features. Indeed, raw sequences cannot be used directly to build most
models. Examples of features are: scores towards position weight matrices (PWM) (Foat et al,
2006), dinucleotide weight matrices (Siddharthan, 2010), k-mers (Annala et al/, 2011) and
pseudo k-mers (Lin et al, 2014). Dinucleotide weight matrices consider dinucleotides instead
of one nucleotide. Some methods combine the different sort of features (Riley et al, 2015).

Position weight matrices (PWM)

PWMs allow to easily see and characterize the conserved motifs in a set of sequences (Xia,
2012). APWM is a graphical representation of a set of sequences in matrix form: p rows and
N columns, where N corresponds to the length of the sequences and p corresponds to the
number of possible letters. Considering DNA, sequences are made up to four different
nucleotides, making p equal to four. At each position of the PWM, the four letters are shown.
The size of the letter allocated to a nucleotide depends on its frequency at this position across
the set of sequences. Input sequences can be scored towards a certain PWM and classified as
TFBS if the score is higher than a certain threshold. However, TFBS are not always conserved
across different species and the promoters interacting with a given transcription factor do not
always share common motifs (Scherf et al, 2000). The same importance is given to each input
sequence as PWMs are frequency based. This method assumes that each nucleotide
contributes independently to specific interactions. There is no consensus that determines
whether this statement is true or not (Annala et al, 2011). Some studies showed independent
contributions (Benos et al, 2002), whereas others showed interdependent contributions
(Bulyk et al, 2002). Hence, PWMs are less reliable for predicting TFBS because of the issues
explained above.

S =232 2 == 2 = mme AR

Figure 11. Example of the PWM of the promoters binding 6°%. (Cho et al, 2014)

K-mers approach

K-mer based methods circumvent the problems stated above. Indeed, they capture short-
range interdependencies between nucleotides by taking substrings of the sequences into
account (Wu & Bartel, 2017). A k-mer is a word of length k taken from the pool of all the
possible words of length k. K-mer based methods create one feature per possible word (Table
2). As there are four nucleotides, 4 features are created for a k-mer pool. Features are
extracted from a sequence by looking at the occurrence of each word in this sequence. The
dimensionality of the data gets high if large k-values are considered. Furthermore, the number
of dimensions gets even higher if all the information about the order of the k-mers in the
sequence is included in the model (Annala et al, 2011). However, excluding this positional
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information allows not to make assumptions about position dependence, variable gap length
between TFBS or multiple binding motifs (Weirauch et al, 2013).
Table 2. Example of 2-mer representation of sequences. One feature is created per possible 2-mer, resulting in

a 16-dimensional feature space. The sequences are then represented by the number of occurrences of each 2-
mer.

AA AC AG AT CG GA
AAGATAT 1 0 1 2 0 1
ACGATCG 0 1 0 1 2 1

Pseudo k-mers approach

Pseudo k-mers approaches do not lose the order information completely. The order of the k-
mers in the sequence is approximated with a set of order correlated factors called 6 (Chen et
al, 2014b). Those factors are computed using physiochemical properties of the k-mers in a
sequence and the proximity between k-mers. The first-tier correlation factor considers the
most contiguous k-mers (shift of one nucleotide), the second-tier correlation factor considers
the second most contiguous k-mers (shift of two nucleotides), etc. up to the (L — K)™ -tier
maximum (Figure 12). L is the length of the sequence and K is the length of the k-mer
considered. The last tier considers maximum up to the L — K most contiguous k-mers (shift
of L — K). Thus, pseudo k-mers composition increases the dimensionality of the data by
adding at most (L — K)* K parameters compared to a basic k-mers approach. Indeed, for each
possible k-mer length, a maximum of L — K parameters are added. A major limitation of this
method is the availability of physiochemical parameters for the considered length of k-mers.

Sequence: ACTGCAGC

ACT CTG TGC GCA CAG AGC First-tier

—
corr. factor
3-mers

Second-tier

ACT CTG TGC GCA CAG AGC ——
corr. factor

Figure 12. Example for the pseudo k-mers approach. The sequence is decomposed into the 3-mers that compose
it. Then, the correlation (corr.) factors are computed based on the proximity of the sequences and
physiochemical properties of the 3-mers. In this case L = 8 and K = 3. In this case, up to the fifth-tier correlation
factor (8-3), which creates five more features for each sequence as compared to the k-mers approach.

BacPP tool

BacPP was developed in 2011. It is an example of a tool that can be used for o factor specific
assignment of input sequences (de Avila e Silva et al, 2011). The model was built with a dataset
of 1034 promoter sequences from Enterobacteriaceae as positive instances. Those sequences
had a length of 80 bp length. As negatives, a set of 1034 sequences of the same length were
taken more than 80 bp upstream the TSS. They used this experimental setup to test the
performance of their model. However, due to way the dataset was constructed, a bias may
have been introduced, overestimating the model performance. Indeed, when evaluating the
model for ¥, they omit promoter sequences that do not interact with o*. Those sequences
interact with other o factors and resemble more to the o*-binding promoters than the
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sequences in their negative set. Thus, the actual number of positives that are incorrectly
predicted may be larger, which lowers the performance.

This tool makes use of a machine learning model called “neural networks”. This model was
used to identify the ideal prototype for each o factor. The prototype is represented by a PWM.
Then, each nucleotide of a sequence is scored towards the prototype of a given o factor. The
scores are weighted by intervals with an integer (e.g. +2 for scores between 0.4 and 0.49, -1
for scores between 0.1 and 0.19). Lastly, a cutoff is used on the sequence score to discriminate
between positive and negative observations. The cutoff is different for each o factor. It is
determined by looking at the intersection of the distributions of both classes. The distribution
is plotted with the sequences’ score on the x-axis and the number of sequences with that
score on the y-axis.

iPro54-PseKNC tool

iPro54-PseKNC was developed in 2014. It is a tool specialized in predictions of 6°* binding sites
(Lin et al, 2014). It makes use of pseudo k-mers composition for vector characterization of the
sequences together with support vector machines (SVMs). The physiochemical properties that
are considered in this tool are related to the local structure of dinucleotides in the sequences;
angular-twist, -tilt and -roll and translational-shift, slide and rise. These parameters have been
calculated by Goiii et al (Gofii et al, 2007). A pseudo k-mers based approach produces a high
number of parameters. Thus, there is a higher risk of overfitting. For this reason, a subset of
the most discriminative features was selected. That is, features that individually allow to
separate both classes the best. The positive set used consists of promoter sequences of 81 bp
length going up to position +20 relative to the TSS. A negative set was created by taking
sequences from intergenic and coding regions.
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CHAPTER 2: AIMS

The purpose of this master thesis is to use machine learning to predict interactions between
o factors and DNA sequences. In this chapter, we present the different classification problems
for which machine learning models were built. In the next pages of this work, we will first
analyze the data and the labels to explain how the classification problems have been
determined. Analyzing the data also allows to explain the performance of the different
classifiers. Afterwards, we will present the performance of the models for each classification
problem. In this chapter, we will already highlight how the problem was subdivided. An
explanation of the two major classification schemes is given. Multiple models have been built
to evaluate the performance of each type of classification problem separately. Training
multiple models separately allows to determine key points for the problematic under study.
The classification schemes were built to evaluate the performance of the models while
combining their predictions for research applications. We will determine which classification
scheme outperforms the other in the next chapter.

2.1. Promoters and non-promoters

When parsing DNA sequences, the first thing that can be accomplished consists in predicting
whether a sequence is a promoter or not. A promoter will interact with at least one ¢ factor
whereas non-promoter sequences do not interact with o factors. This is a binary classification
problem. A promoter sequence is defined as “positive” and is labeled with a 1, whereas a
sequence that is not a promoter is defined as negative and is labeled with a 0.

2.2. Phase prediction

2.2.1. Activity of the sequence during the exponential phase

A sequence may be recognized by a o factor during the exponential phase or not. It is also a
binary classification problem. A sequence is active (positive) in the exponential phase if a o
factor interacts with it during the exponential phase. It is inactive if no o factor interacts with
it during that growth phase (negative). A model was built to classify DNA sequences based on
their activity during the exponential phase.

2.2.2. Activity of the sequence during the stationary phase

A sequence that is not active during the exponential phase may be active during the stationary
phase. Hence, a model was built to predict the activity during the stationary phase. In this
case, a sequence that is active during the stationary phase is a sequence that interacts with a
o factor during the stationary phase. It is inactive if no o factor interacts with it during that
growth phase.

2.3. Interaction with o factors

We have built three types of classifiers to assign o factors to DNA sequences. That is,
determining whether a o factor interacts with a given sequence. One classifier predicts
interactions during the exponential phase, another during the stationary phase and the last
one predicts interactions with o factors without regard to the growth phase.
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2.3.1. Interaction while phases are grouped

For the prediction of interactions with o factors while phases are grouped, the phase during
which the interaction occurs is not considered. In this case, we only try to establish whether
the recognition of the sequence by a given o factor may occur or not. It is a multilabel
classification problem because we can assign several o factors (labels) to a given sequence.
The labels are not mutually exclusive. A promoter may be recognized by all or few of the o
factors.

2.3.2. Interactions with o factors in function of the growth phase

In most of the cases, a promoter will show a different interaction pattern with o factors in
function of the growth phase considered. Hence, we built a model that predicts interactions
between a DNA sequence and o factors for each growth phase.

2.4. Classification schemes to predict interactions with o factors in

function of the growth phase

The so-called classification schemes are in fact two models stacked on top of each other. Each
model is trained to make predictions and, at the end, the predictions of each model are
combined. The purpose for using the classifications schemes is twofold. Firstly, it allows us to
analyze the effect that the predictions made in the first step have on the overall performance
of the model. Secondly, it allows to improve the certainty of the predictions, and more
particularly on the top predictions. The top predictions are the observations for which the
model returns the highest probabilities. For instance, the second model may predict for a
sequence an interaction with ¢’ during the exponential phase. On the contrary, the first
model may predict that the sequence is inactive during the exponential phase. On one side, it
is classified as a positive but on the other side it is classified as a negative. Hence, the certainty
on the final prediction for this sequence is low. Combining both models enables more robust
predictions for further experimental analysis. It gives an idea about the usefulness of the
model i.e. for research purposes. For instance, if one wants to screen sequences that could be
used as synthetic promoters, it is important to determine what o factors will interact with it
and the growth phase during which the interaction will occur. It is possible that a model
performs poorly on the overall data, but that top predictions are mostly correct. In this case,
the researcher can extract the promoters from the top predictions and verify the interactions
experimentally, on a smaller subset of sequences.

Two classification schemes are possible depending on what class is predicted first. The “phase-
o” classification scheme consists in determining the growth phase(s) during which a promoter
is active first. Subsequently, o factors are assigned to the promoters based on the growth
phase(s) during which they are active (Figure 13, left). However, those predictions can be
made the other way around. The “o-phase” scheme starts determining which o factors
interact with a given DNA sequence. Then, for each o factor interacting with this sequence,
the growth phase during which the interaction occurs is predicted (Figure 13, right). For both
schemes, we will evaluate and compare the performance after the combination of the
predictions.
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Figure 13. Overview on the classification schemes. Left: Phase-o scheme. Right: o-phase scheme.
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CHAPTER 3: RESULTS AND DISCUSSION

3.1. Data analysis

In this section, we will describe the available dataset and analyze it. The analysis of the data
was performed in order to determine the different classification problems. Moreover, it
allowed us to find the reasons for the performance of each of the classification problems that
were tackled. The dataset used is presented in the Materials and Methods.

3.1.1. Determination of the classification problems
In this subsection, we will analyze the data to consider the different possibilities for
determining the interactions between DNA sequences and o factors.

Promoters and non-promoters

The first model that was build is used to discriminate promoter from non-promoter
sequences. The dataset of positives includes sequences that were not active for both growth
phases considered. That is, they did not interact with any of the five o factors during the
exponential and stationary phases. Those promoters were removed from the dataset. The
purpose of this classifier is to determine whether a 51 bp sequence is a promoter for at least
one of the five o factors studied (Figure 14).

« Promoter

DNA sequences

N
Figure 14. Promoter classification from sequences of 51 bp.

Overlap between o factors

The data was also grouped by o factor and “merged”. That is, each promoter is said to interact
with a o factor if it does so during at least one phase. The number of overlapping promoters
varies in function of the phase. Table 3 shows the number of overlapping promoters between
pairs of o factors for each growth phase and for grouped phases.

We can distinguish from two groups of o factors Table 3. The first group represents the house-
keeping o factor and 032, which recognize most of the promoters binding to other o factors
(>90% and >60% respectively). The second group represents o factors that recognize only few
promoters interacting with other o factors (<26%). This cluster includes 6°%, 032 and 028.
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Table 3. Percentage of overlap between promoters with regard to the o factors by which they are recognized.
a) Overlap during the exponential phase. b) Overlap during the stationary phase. c) Overlap when the exponential
phase and the stationary phase are grouped. For instance, it can be read from table a) that 94% of the promoters
recognized by o3 are also recognized by 67°. 60% of the promoters recognized by 6’ are also recognized by ¢3%.

a)
E are also recognized by Promoters
xp. phase 570 538 532 o g28 recognized by
o o’% | 1808
% i o38 1161 Total
S § o032 | 413 1916
2 ¥ 54
s S o 187
N 028 67
b)
s are also recognized by Promoters
at. phase 570 538 532 5% G28 recognized by
o o O 60% | 22% 0’0 | 2364
§ g 538 26% 038 | 1520 Total
S 8 o 69% o3? 560 2517
b § o> 72%  25% o>t | 279
R =8 77% o® | 81
c)
Grouped are also recognized by Promoters
phases o0 o38 532 0% o028 recognized by
o o 0 60% | 22% o’® | 3299
g % o38 25% o038 | 2120 Total
St o* 69% 032 | 783 3500
58 o 72%  22% o> | 370
R = 528 80% 0% | 123

The classification problem arising here is to build a model that assigns o factors to DNA
sequences correctly. That is, determining with which o factor a given sequence interacts, for
three different cases: the exponential phase, the stationary phase and “grouped” phases
(Figure 15).

We can also see that contrarily to what has been explained in Subsection 1.2.4, the dominance
of 638 over 6”% is not increased when switching from the exponential phase to the stationary
phase. Indeed, the ratio of the number of promoters interacting with 638 over the number of
promoters interacting with 6’ remains 64% during both growth phases.
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Figure 15. Assignment of the sequences to o factors for 3 different conditions. We consider the exponential
phase, the stationary phase and both phases grouped.

General overlap of the promoters between phases

Among the 3500 promoter sequences interacting with the o factors under study, some are
active during the exponential phase, others during the stationary phase and some during both
phases. The Venn diagram below (Figure 16) shows the number of promoters that are active
only during the exponential phase, the stationary phase or during both phases.

+31%

Percentage increase of
+61% active promoters

983 933 1584
Percentage of promoters turned
on compared to the number of
promoters turned off
exp-active )
stat-active

Figure 16. General overview of the activity overlap of promoters between exponential and stationary phase.
The arrow at the top gives the increase in the number of active promoters while switching from the exponential
phase to the stationary phase. The bottom arrow gives the proportion of promoters (%) that become active
compared to the number of promoters that become inactive during the growth phase switch.

The number of promoters that are active during both growth phases is 933. More promoters
are active during the stationary phase than during the exponential phase. Indeed, 1916
promoters interact with a o factor during the exponential phase (983 + 933) and 2517 during
the stationary phase. This represents an increase of 31%. The set of promoters that are active
in each phase is different. The targeting of the o factors towards a new set of promoters is
called “promoter switching” and is visible in the data. Indeed, 983 promoters are abandoned
by the o factors while entering the stationary phase and 1584 new promoters become active.
That is, 161% of the promoters are activated compared to the number of promoters
inactivated. Thus, for 100 promoters abandoned while entering the stationary phase, 161 new
promoters become active (+61%). As the set of active promoters change between growth
phases, we will also build a model to classify promoters based on the phase during which they
are active (Figure 17).
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Figure 17. Assignment of promoters to the phase(s) during which they are active.

Detailed overlap of the promoters between phases for each o factor

We will now look at the overlap of the promoters between phases into more details. We will
analyze this overlap for each o factor separately. Figure 18 gives a closer view on the transition
between both phases with respect to each o factor.

+59% +62% +50%
+76% +76% +65%
935 873 1491 600 561 959 91 9% 183
. + 0, +33% gt )
exp-07° Stat-afa exp-0¢ o exp-o g
+38% +83%
23 190 370 42 5 56
exp-02 28
stat-032 expY stat-0%®
. Percentage increase of active promoters
For a given

o-factor: ——) Percentage of promoters turned on compared to
the number of promoters turned off

Figure 18. Detailed overview of the activity overlap of promoters for each o factor. The red circles represent
the number of promoters interacting with a given o factor during the exponential phase. The green circles
represent the number of promoters interacting with a given o factor during the stationary phase. The overlap
between the circles represent the number of promoters interacting with a given o factor during both growth
phases.

We can cluster o factors into 3 groups regarding the quantitative and qualitative variation of
the promoters that each o factor binds while switching growth phase. The first group shows a
high increase in the number of promoters it regulates (quantitative point of view) and high
promoter switching (qualitative point of view). The second group shows a small increase in
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the number of promoters it regulates but high promoter switching. Finally, the last group
shows a small increase in the number of promoters it regulates and small promoter switching.
The cutoff distinguishing high from small is at 50%. The first group includes ¢’%, 638 and o4,
The second group includes 032 and the third group includes o%. We have built a model to
predict whether a o factor interacts with a given sequence during a certain growth phase.

The dataset also shows that a promoter which is “deserted” by a o factor while switching
phase will not be recovered by any other o factor. On the contrary, a promoter that becomes
active during the stationary phase is usually recognized by at least another o factor. This is the
case for 42% of ¢’%-binding promoters, 41% for 08, 34% for 032, 33% for 6°* and 31% for o?%.
The proportion of promoters binding several o factors during the stationary phase is 66%. This
proportion is the same as in the exponential phase. Next to that, the proportion of promoters
that are active in both phases is only 27%. Thus, we believe that predicting first the phase
during which a promoter is active and secondly the o factors with which it interacts might
result in better performance (Figure 19). Hence, two classification schemes were built to
combine predictions from both steps (layers). For each layer, stacking was used to learn from
relations between the labels. Those relations between o factors are present in 66% of the
cases during each growth phase. However, a relation should exist initially between the
features that are used (sequences) and the classes (o factors interacting with a given
sequence). This will be analyzed in Subsection 3.1.2. The phase-o scheme starts with the
determination of the period of activity of each promoter. Afterwards, promoters are assigned
to the o factors with which they interact during this period. The o-phase scheme starts with
determination of the o factors with which each promoter interacts. Subsequently, the growth
phase during which the interaction occurs is determined for each o factor.

Phase-o scheme « 07 o-phase scheme
- 054
Exponential /" , 6™ Exponential
phase . oR2 phase
. g5
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. 028

Figure 19. Classification scheme. Left: Determination of the period of activity of a promoter prior to the o
factor assignment. Right: Assignment of the o factor of a promoter prior to determining when the recognition
occurs.

3.1.2. Graphical analysis of the relation between sequences and classes

For each classification problem, the correlation of the sequences with their corresponding
class was analyzed graphically with a dimensionality reduction tool (t-SNE). The practical
explanations are given in the chapter Materials and Methods. The sequences could thus be
shown in a 2D space. Thereafter, each observation was assigned to its corresponding label and
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the separation of the different classes was observed with the crosses on those graphs. The
crosses represent the barycenter of each class.

Relation between sequences and the class to be predicted

A graphical analysis allowed to analyze whether a correlation existed between sequences and
their class. For the classes of o factors, only promoters that bind a single o factor were taken
to allow specific labelling of each promoter. Those sequences are the more specific ones
towards the o factor with which they interact. If a relation between sequences and o factors
exists, the barycenters of each class should be separated in the plot (Figure 20).

Promoters and not promoters after t-SNE Specific promoters labeled with the single o-factor they bind
dimensionality reduction of the sequence alignment matrix after t-SNE dir ionality reduction of the sequence similarity matrix

® Not promoter . . . X expo™
o+ Promoter R :

80 .o
< exp-0°®

X exp-o?
. X exp-0°*
X expo®
DX stato’
© W stato®®
X stato*?

stat-0>*
{ stat-o*®

100 50 0 50 100

Relative similarity between promoters (3 first classes) and non-promoters
after t-SNE dimensionality reduction of the sequence alignment matrix

e Exponential phase .. .

o Stationary phase R T.;‘J
e Dboth phases -

60 # Non-promoters

-100 -0 0 0 100

Figure 20. Graphical analysis of the relation between sequence and class. Left: both classes considered are
promoter sequences and non-promoter sequences, right: classes are o factors with the growth-phase specified,
bottom: promoters are decomposed in 3 classes based on their period of activity. For clarity, the barycenter of
the stationary phase-active promoters was marked with a dark cross.

Considering the promoter classification problem (Figure 20, left), we can see that each
barycenter (one barycenter per class) seems to be separated from the other. This shows that
the relative distances between promoters are smaller than the relative distances between
promoter and non-promoter sequences. Indeed, t-SNE keeps observations that are close from
one another in the initial space close from each other in the reduced space. This suggests that
the sequences may be used to discriminate promoters from non-promoters. Indeed, the
distribution of each class is not completely separated in 2D but may be separated in a higher
dimensional space that we cannot visualize (4D, 5D, ...). However, such plots give an insight
into the ability of the string kernel to discriminate between classes.
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Considering the plot for the classification of o factors (Figure 20, right), the separation of the
barycenters is less clear as compared to the first graph analyzed. However, a separation is still
present. Also, the barycenter of a ¢ factor for a given phase is separated from the other phase.
We believe there may be a link between a sequence and the phase during which a promoter
interacts with a given o factor. However, conclusions related to this link cannot be made here
as the analysis does not include all promoters binding a given o factor. This will be analyzed
with the performance of the models.

Considering the prediction of the activity of a sequence in function of the phase (Figure 20,
bottom), barycenters of each class seem to be well separated. The decomposition of
promoters into 3 classes (stationary phase-active, exponential phase-active and active during
both growth phases) shows that stationary phase-active promoters look more similar to non-
promoters than the two other classes do. Hence, discriminating sequences that are stationary
phase-active or inactive might be more difficult as compared to the same problem for the
exponential phase. This hypothesis will be confirmed by the scores for the performance of the
models that will be given in Table 5.

3.1.3. Graphical analysis for each classification scheme

Here, we will consider both possibilities of the classification scheme depicted in Figure 19. The
data that was used to make the plots for each classification scheme is explained in the chapter
Materials and Methods.

Phase-o scheme

We will first describe the “phase-o” classification scheme (Figure 21). The first plot considers
the promoters labeled on basis of the growth phase during which they are active. We can
clearly see that the barycenters of each class are separated. Promoters that are active in the
exponential phase (exp.-active) seem to differ from the promoters active in the stationary
phase (stat.-active). Promoters that are active during both phases show more similarity
towards exp.-active promoters than stat.-active promoters. Moreover, when looking at
relative distances towards stat.-active promoters, exp.-active promoters seem to be closer
than promoters active in both phases. An explanation for this might be that on one hand, both
sets of single-phase active promoters show a certain specificity. But on the other hand, the
specificity required for a promoter to be exclusively stationary phase-active is blurred when a
promoter is active during both growth phases. Also, promoters that are active for both growth
phases may resemble more to promoters that are exclusively exponential phase-active.
Another explanation may be that the dataset has been incorrectly labeled. This hypothesis
may be tested if other data is available.

Considering the two other plots, the clusters were formed based on the interaction pattern of
the promoters with o-factors for each growth phase (Materials and Methods). The
barycenters of the clusters appear nearly on top of each other for the exponential phase-
active promoters. Barycenters are more scattered for the stationary phase-active promoters.
For the latter observation, this means that promoters can be grouped according to their o
factor interaction pattern. Those plots show that it might be more difficult for a model to
assign o factors to sequences for the exponential phase compared to the stationary phase.
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This hypothesis will be refuted by the scores from the performance of the models that will be
given in Table 8.

Classes of promoters based on their period of activity Cluster of promoters active during the exponential phase
after t-SNE dimensionality reduction of the sequence alignment matrix after t-SNE dimensionality reduction

80 o Exponential phase . . . e Clusterl
Stationary phase T ta ) . LI AR P Cluster 2
Both phases ‘ LN o0 . e Cluster3

. o Cluster4
Cluster 5

~100 75 -0 25 0 3 50 13 -80 -60 -40 -20 0 2 4 0

Sequence SImIIarlty Of promoters: Cluster of promoters active during the stationary phase

after t-SNE dimensionality reduction

e Cluster1

Cluster 2
e Cluster3
e Cluster4
Cluster 5

o Top left: labeling based on period of activity. 6

e Top right: active during the exponential phase,
labeling based on clustering results.
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clustering was performed is different. The plot at the top
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Figure 21. Graphical analysis for the “phase-0” scheme.

o-phase scheme

The first plot of the “o-phase” scheme depicts barycenters on top of each other (Figure 22).
Thus, sequences seem to be hardly grouped based on their interaction pattern. Note that
here, the growth phase during which the interaction occurs is not considered when clustering.
Indeed, the purpose of the first model in this classification scheme is to predict the o factors
interacting with a given promoter. The phase of growth during which the interaction occurs is
considered at the next step of the scheme for each o factor. The five other plots are used for
the analysis of this next step. Those plots show that all o factors except 6°* and 028 have the 3
barycenters stacked on top of each other. Thus, for 67°, 6 and 63?, no dissimilarity appears
between the sequences interacting with them during different growth phases.

Contrary to the first classification scheme, the barycenter of the promoters active during both
growth phases is as close as the other 2 barycenters (exp. active and stat. active) for each o
factor.

Comparison of the results of both classification schemes

From both graphical analyses, it can be highlighted that the dispersion of the barycenters
seems to be higher when using the phase-c scheme. This scheme might show better overall
performance than the o-phase scheme. Also, these results were produced using the equal
elements string kernel and might have produced different results using another method for
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feature creation. String kernels will be compared using the performance of the

are built with each type of string kernel.

models that
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Figure 22. Graphical analysis of the “o-phase” scheme. The graph at the top-left shows promoters labeled with
the cluster to which they belong. The other graphs show promoters that interact with a certain o factor. The
promoters are labeled based on the growth phase during which they interact with this o factor.
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3.2. Performances for the different problems

In this section, we will present the test performances on the hold-out set of the different
models (simple models) for each classification problem. Finally, we will compare the
performance of both classification schemes, namely phase-o and o-phase. The performance
expressed in terms of Area Under the Receiver Operating Characteristic curve (AURQOC) is
abbreviated by the term “AUC” in the presentation of the results. The explanations of the
different performance measures, the extraction of the features from the sequences, the
assignment of a threshold to the probabilities predicted and the experimental setups are given
in Materials and Methods.

3.2.1. The models

For each classification problem, 11 models were trained. Three using logistic-regression (LR),
and eight using support vector machine (SVM). One LR model was trained based on features
extracted from the sequences (k-mers). The other 2 LR models were trained using the
observations as seen in a 20D or 100D feature space after PCA dimensionality reduction
(Materials and Methods). Considering the SVM models: three of them were trained using a
linear kernel with the same setup as the LR models, one using a radial kernel, and four using
two different string kernels: equal elements and weighted degree with shifts. Each string
kernel exists of two different versions: the basic and improved version (Materials and
Methods). There are two categories of models: k-mer based models and string kernel based
models. For each problem, stacking was applied and the improvement of the performance
was analyzed.

Presentation of the models’ names
The name of the models with their abbreviation are given here. These abbreviations are used
in the presentation of the results.

K-mer based models

e |R_U20: Logistic regression using the observations seen in a 20D feature
space

e |R_U100: Logistic regression using the observations seen in a 100D feature
space

e LR BOW: Logistic regression using all the k-mers

e SVM_rbf_U20: Support vector machines using the radial kernel and the k-mers
seen in a 20D feature space

e SVM_lin_U20: Support vector machines using the linear kernel and the
observations seen in a 20D feature space

e SVM_lin_U100: Support vector machines using the linear kernel and the
observations seen in a 100D feature space

e SVM_lin_BOW: Support vector machines using the linear kernel and all the k-
mers
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String kernel based models

e SVM_EqEL: Support vector machines using the equal elements string kernel

e SVM_EqEI*: Support vector machines using the improved version of the
equal elements string kernel

e SVM_WDS: Support vector machines using the weighted degree kernel with
shifts

e SWM_WDS*: Support vector machines using the improved version of the

weighted degree kernel with shifts

3.2.2. Promoter prediction problem

Simple models

Here, we describe the performance of the simple models used to classify promoters and non-
promoters. We can read from Table 4 that SVM_rbf_U20 is the least performant, with an AUC
of 0.5 which is equivalent to a random decision. This model is followed by LR and SVM_lin
which perform similarly, with an average AUC of 0.74 for LR and SVM_lin. The best performing
models are the SVM using string kernels, with an average AUC of 0.84.

Table 4. Performance of the models for the promoter prediction problem.

Performance for promoter prediction
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AUC | 0,72 0,74 0,77 0,5 0,72 0,74 0,77 0,85 0,85 0,83 0,82

Considering both LR and SVM_lin, including more features to the model slightly increases the
performance. The gain in performance as compared to the number of features added to the
model is especially higher when switching from 20 to 100 features (U_20 and U_100). Indeed,
we can see from Figure 23 that the cumulation of the explained variance rapidly increases
when considering up to the 100t PC (64%) and then it stabilizes.

The results for the SVM using different string kernels show slight differences (up to 0.03 AUC),
with the advantage of EqEl on WDS. Also, both improved and standard versions of each string
kernel show the same performances.

Figure 24 shows the variation of the average performance (AUC) on the tuning set when
testing for different C parameters. We see that the choice of C barely influences the
performance. An explanation for SVM is that the hyperplane that is fit in an enlarged feature
space lies at the overlap between both classes and that the overlap is high. Hence, tuning C to
allow little or more misclassification does not change significantly the shape and position of
the hyperplane to result in a difference of performance.
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Analysis of the 460 first PCs from the PCA Effect of hyperparameter C on the performance of the models
for the promoter prediction prblem

08
— 40
£ 0384
g o7 Q ~
[ v c
£ 06 L30E £ o082
5 > =
3 e g LR_U20
=] = 5 J—
o 05 @ V] .
s 205 o o8 LR_U100
2 04 2 E —— SVM_EqEl
g u w 078
g ] g
S 03 | s o
3 102 % 076
5 02 S
- 074
01 o . - . : , .
0 100 200 300 200 107 103 10~ 107 100 10!
Number of principal components hyperparameter C

Figure 23. Analysis of the number of PC required to | Figure 24. Effect of the C parameter on the
explain 80% of the variance in the observations. The x | Performance of 3 base models on the tuning set.
axis represents the number of first PC considered. The | The Y-axis gives the performance in terms of AUC.
red curve represents the variance explained by each PC. | The x-axis represents C-parameter values on the
The blue curve represents the cumulative variance (%) | f@nge considered.

of the N first PC. For example, the cumulative variance
when accounting for the 100 first PC is 63%. The 460
first PC are needed to explain 80% of the variance in the
data.

The poor performance of SVM_rbf is surprising as the graphical analysis from Subsection 3.1.2,
(Figure 20, left) showed us that the distributions of each class do not overlap completely.
Hence, an explanation of this result is that the choice of the default hyperparameter y was
inadequate. Indeed, after restarting computations for tuning y, the AUC reached 0.72.
Therefore, it can be informed that the choice of y is of major importance for this kernel.

Stacked models

Stacking the predictions of LR_U100 and SVM_EQqEI results in the same performance as with
the best simple model (SVM_EqEI, AUC of 0.85). As there is no improvement in AUC score, we
can deduce that SVM_EqEI simply outperforms LR_U100 on any subset of the data for this
classification problem.

3.2.3. Phase prediction problem

We will now present the performances from the models used for the problem of determining
the growth phase(s) during which a DNA sequence is active (multilabel classification). There
are two labels, one describing exponential phase activity and a second one describing the
stationary phase activity. Each label is binary as a sequence can be active (1) or inactive (0) for
the growth phase (label) considered.
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Simple models
Table 5. Performance of the models for the phase prediction problem.

PHASE PREDICTION
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The results demonstrate that across all model types, the performance of determining whether
a sequence is exponential active or not is better than for the stationary phase. The AUC scores
are on average better by 0.08 for the exponential phase activity prediction as compared to
the stationary phase. These results confirm the hypothesis that was made after the graphical
analysis for this problem (Figure 20, bottom). Indeed, predictions for the stationary phase are
more difficult to be made as compared to the exponential phase. This is because the similarity
between stationary phase active promoters and non-promoters is higher as compared to the
similarity between exponential phase active promoters and non-promoters.

As for the promoter prediction problem, string kernel methods perform better than k-mer
based methods. The AUC difference is on average 0.07 for the best performing methods of
each class. The remarks about the number of features included for the promoter prediction
problem still hold. The difference in AUC when using the 20 first PC compared to all features
is 0.05. Previous remarks are also valid for the comparison between string kernels: the EqEl
string kernel performs slightly better than WDS string kernel (+0.03 AUC on average) and there
is no difference in performance between the improved and basic version of EqEl string kernel.
Nevertheless, there is a fractional difference between the basic and the improved version of
WDS (+0.01 AUC).

A major limitation for the use of SVM_rbf and SVM_lin_BOW is the computational time.
Considering the rbf kernel, each possible combination of the two hyperparameters (C and y)
must be tested to get decent results. SVM_lin_BOW models do not have this problem but the
number of features included in the model is so big that computations become intractable,
even if only the C hyperparameter must be tuned. For both the promoter prediction problem
and the phase prediction problem, these two models did not outperform the best models
(SVM with string kernels). Hence, because of limitations on time, we speculated that this
would also be the case for the next classification problem and dropped those models.

Stacked models

Stacking the predictions of both LR_U100 and SVM_EqEI results in an insignificant increase in
the performance for exponential phase activity prediction (+0.01 AUC). As discussed for the
promoter prediction problem, we speculate that LR_U100 is outperformed by SVM_EqEI on
each part of the data. A second explanation for this result is that stacking fails in finding
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meaningful relations between the activities of promoters across growth phases. We did not
expect this result as 27% of the promoters are common to both growth phases, which means
that relations between promoters do exist. This may be due to the distribution of the different
classes of promoters as explained for Figure 21, left.

Discussion on the performance of the stacked models

The results should be taken with care as non-promoter sequences are also included in the
data. We believe that both types of the model can easily differentiate between promoters and
non-promoter sequences. Indeed, the graphical analysis of this problem showed that non-
promoters may be easier to discriminate from active promoters as compared to inactive
promoters. Hence, including non-promoter sequences may bias the estimation of the
performance as the TNR = 1 — FPR is increased for a given TPR (true negative rate, false
positive rate and true positive rate, Materials and Methods).

Next to that, we assigned a threshold to the probabilities predicted after stacking to analyze
the type of predictions made by the model. The proportion of incorrect predictions is 26%
when using the Hamming loss and 44% with the zero-one-loss. Moreover, the proportion of
sequences classified as active for both growth phases represents 83% of the predicted active
sequences. This is a lot as when accounting the fact that only 28% of the active sequences are
active for both growth phases. Those results lead us to think that the model works well for
sequences that are active for both growth phases but fails for single-phase active promoters.
In other words, the model works well for determining if a sequence is a promoter or not but
it cannot truly determine when the promoter is active.

We further pushed the analysis towards a multiclass classification approach. That is, only one
label can be assigned of the 3 possible (exp. active, stat. active and active during both phases),
which is the one for which the model has the most certainty. Hence, there is no need to set a
threshold. As an example, an observation for which the model predicts 0.6 and 0.9 as
probabilities to be active during the exponential and stationary phase respectively would be
labeled as (1, 1) using a cutoff of 0.55 with the multilabel classification approach. But the
multiclass classification approach may consider the label (0, 1) more suitable than (1, 1). This
approach resulted in a Hamming loss of 21% (5% better) and zero-one-loss of 42% (2% better).

3.2.4. ofactor assignment problem

Now, we are going to present the performances of the models assigning o factors to DNA
sequences under the exponential phase, under the stationary phase and when growth phases
are grouped. We will start with the description of the performances of the latter case (grouped
phases) and cover the performances of each growth phase afterwards (exponential phase and
stationary phase).
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Grouped phases

Simple models
Table 6. Performance of the model for the o factor assignment problem.

Performance for o factor assignment
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o’° 0,74 0,76 0,71 0,74 0,76 0,83 0,83 0,81 0,81

038 0,71 0,73 0,7 0,71 0,72 0,76 0,76 0,76 0,75

032 0,66 0,65 0,66 0,66 0,67 0,69 0,69 0,69 0,68

o4 0,65 0,64 0,64 0,65 0,66 0,68 0,69 0,69 0,68

028 0,64 0,58 0,66 0,63 0,62 0,65 0,65 0,69 0,67

The performance of the models used to assign o factors to DNA sequences without accounting
for the phase is given in Table 6. Overall, SVM_lin slightly outperforms LR but both types of
model are outperformed by string kernel methods. The difference in performance between
string kernel methods and k-mer based methods depends on the ¢ factor. When accounting
for the best models of each category, the difference is 0.07 for ¢7°, 0.03 for 638, 0.02 for 032,
0.03 for 6>* and 0.03 for ¢%2. Considering U_20, LR and SVM_lin show similar performances.
This is not the case for U_100, the AUC scores of SVM_lin are on average better by 0.03 as
compared to LR when considering 032, 6>* and 0%%. The performances for the rest of the o
factors are the same. The performance for 6’° and 038 drops when switching from LR_U100 to
LR_BOW whereas it stabilizes for the other o factors. An explanation for this may be that the
model is too complex and starts overfitting on the tuning set for those o factors. Indeed, we
noticed that the average training performance raises by 0.01 AUC when including all the
features whereas the test performance decreases by 0.05. These results motivate our
hypothesis.

Across all the o factors, the top scoring model is SVM_WDS. It performs similarly as compared
to the EqEl type for all o factors but the AUC score is better by 0.04 for 0?8. No difference in

performance is recorded between EqEl and EqEI*. However, WDS outperforms WDS* by 0.01
AUC on average.

Stacked models

For this problem, LR_BOW and SVM_WDS predictions were stacked as those models showed
the best average training performance across o factors. As compared to the best simple
models, the performance after stacking is increased by 0.01, 0.03, 0.01 and 0 for ¢’°, 68 and
032 respectively. The performance does not change for 0°* and 0?8 (Table 7).
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Table 7. Performance of o factor assignment after stacking (AUC score). The values on the left-hand side show
the best performance across the simple models for a given o factor. The values on the right-hand side show the
performance after stacking.

70 38 32 54 28

o ) ) o o

0,83 > 0,84 0,76 = 0,79 0,69 2 0,7 0,69 = 0,69 0,69 - 0,69

The ranking for the best-assigned o factor is from first to last: 679, 038, 032, 0°* and o%2. The
difference in AUC across the models between the 15tand 2" position, 2" and 39, ..., 4™ and
last is respectively: 0.05, 0.09, 0.01 and 0. The largest gap is found between o38 and 032. We
could make 2 groups of o factors based on the performance for assigning them to a DNA
sequence. The first group would contain 6’° and 038 and the second one would contain the
others. Those two groups coincide with the groups constructed from Table 3, which represents
the overlap between promoters recognized by pairs of ¢ factors. Hence, we presume that
highly overlapping o factors are assigned more effectively as compared to o factors with a low
overlap with other o factors.

Discussion on the performance of the stacked models

For this problem also, results should be taken with care as the dataset included non-promoter
sequences. The performance for o’ is very close to the performance of the promoter
prediction problem. Indeed, 94% of the promoters interact with ¢7°. Similarly, 08, 632, 6>* and
0?8 interacts with 61%, 22%, 11% and 3% of the promoters respectively. Hence, we could
conclude that the models are efficient for 632, 6>* and 0?8 given the performance related to
their assignment and the small proportion of the promoters they bind. Indeed, the
performances show that even if a sequence is a promoter, those o factors won’t be “blindly“
assigned to it whereas this can be done for ¢’° and 638, in particular for 0’°. The task of
assigning 032, 0> and 028 is more difficult as compared to ¢’° and 63 but the models manage
to discriminate between promoters interacting with them or not, besides the non-promoters.
We think that the proportion of inactive promoter should also be taken into account when
evaluating the performance. Indeed, inactive promoters are more difficult to discriminate
from active promoters as compared to non-promoters. This hypothesis will turn out to be true
(except for 6%8). The proof will be given when comparing the performance of our models with
the BacPP tool.
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Exponential phase and stationary phase

Simple models
Table 8. Performance of the models for assigning o factors during the exponential and stationary phases.

Performance for the assignment of ¢ factors during both growth phases
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70 Exp. 0,76 0,78 0,82 0,76 0,78 0,89 0,89 0,86 0,85
Stat. 0,71 0,72 0,72 0,71 0,72 0,82 0,82 0,8 0,79
o3 Exp. 0,73 0,75 0,77 0,73 0,75 0,81 0,8 0,78 0,78
Stat. 0,67 0,69 0,69 0,67 0,68 0,73 0,73 0,72 0,71
32 Exp. 0,63 0,63 0,64 0,62 0,63 0,69 0,69 0,68 0,67
Stat. 0,62 0,62 0,63 0,62 0,63 0,66 0,67 0,65 0,65
54 Exp. 0,71 0,71 0,71 0,71 0,71 0,73 0,73 0,73 0,73
Stat. 0,6 0,6 0,61 0,6 0,61 0,66 0,67 0,65 0,65
528 Exp. 0,59 0,56 0,56 0,57 0,55 0,59 0,6 0,59 0,55
Stat. 0,56 0,54 0,54 0,54 0,53 0,61 0,61 0,59 0,57
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Table 8 presents the results for the assignment of o factors to promoters for each growth
phase. String kernel based models outperform k-mer based models. The models based on k-
mers perform similarly (LR and SVM_lin) for a given number of features. This is the case for all
o factors except 028, for which LR outperforms SVM_lin by 0.02 AUC on average. Including the
100 first PCs instead of the 20 first PCs for a model (LR or SVM_lin) does not seem to affect
the performance, except for o%2. Indeed, increasing the number of features to 100 PCs
decreases the AUC score for 6?2 by 0.02 AUC on average for both SVM_lin and LR. However,
the behavior of the LR models for each growth phase is different considering the variation of
the performance while including all k-mers instead of the 100 first PCs. For the exponential
phase, the performance for assigning 67°, 638 and 03 increases by 0.04, 0.02 and 0.01 AUC
respectively, but does not change for 6°* and o%. For the stationary phase, including all the
features increases the performance of the models by 0.01 AUC only for 632 and ¢>*. This was
also observed in the training results for both growth phases. Hence, we are not overfitting
while increasing the complexity of the models. We saw that this was not the case for the
assignment of o factors when phases are grouped. We think that this is because the
assignment of o factors to promoters for a specific growth phase requires the model to be
more complex as compared to when phases are grouped.

On average, EqEl string kernels outperform WDS by 0.02 AUC. There is no difference between
the improved and standard version of EqEIl but the standard version of WDS outperforms its
improved version by 0.01 AUC on average. The remark for WDS is especially true for 028
assignment, for which the performance of the standard version is better by 0.03 AUC.
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For both growth phases, using the best SVM_string kernel instead of the best k-mer based
model results in an increase of the performance by 0.05 AUC on average. The difference
between both types of models is slightly more expressed for the stationary phase, for which
the AUC scores are increased on average by 0.06. The difference of performance between the
best models of each category is the most remarkable for 679, for which the AUC score differs
by 0.07 and 0.1 for the exponential phase and the stationary phase respectively. For the other
o factors, the difference is of 0.04 AUC on average. These results lead us to think that string
kernels combined with SVM allow to fit a better decision function (hyperplane) to separate
the classes as compared to the k-mer based model.

The performances of the models for the exponential phase constantly exceed the scores for
the stationary phase, except for 6% when using string kernel based models. The largest
differences are recorded for k-mer based models. Indeed, AUC scores are on average better
by 0.06 and 0.04 for k-mer based models and string kernel based models respectively. The
difference between the performances for each growth phase may be explained by the
distribution of each class of promoters (Figure 25). The dataset related to each phase did not
contain promoter sequences that are only active during the other phase. Hence, we see from
this figure that removing the promoters that are only active for the phase that is not
considered decreases the overlap between the positive and the negative class. The overlap
with the distribution of the non-promoters is smaller for the exponential phase active
promoters as compared to stationary phase active promoters. Thus, this overlap is decreased
the most when removing the promoters that are only active during the stationary phase.
therefore, the FPR should also be the most diminished. This may be an explanation for the
difference between performances across growth phases.

Density distribution of the observations

seen in a 1D feature space
0.06

[ exp. active promoters
stat. active promoters
non-promoters

Feature values

Figure 25. distribution of the sequences seen in a 1D feature space. t-SNE dimensionality reduction was applied
on the similarity matrix resulting from the sequence alignments with the equal elements string kernel. The
observations were reduced to a 1D feature space and the distribution of the values was plotted for each class.
“exp. active” and “stat. active” labels represent promoters that are active during the exponential phase and
active during the stationary phase respectively.
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Stacked models

The best training scores were recorded for LR_BOW and SVM_EqEI for the exponential phase
models and for LR_U100 and SVM_EqEI* for the stationary phase models. Therefore, those
models were used for stacking. The results are given in Table 9.

Table 9. Performance of o factor assignment after stacking (AUC score). The values on the left-hand side show

the best performance across the simple models for a given o factor. The values on the right-hand side show the
performance after stacking.

70 38 32 s o028
Exp 0,89->091 | 0,81>0.82 | 0,69>0,71 | 0,73>0,76 | 0,60 > 0,63
Stat 0,82->0,82 | 0,73->0.75 | 0,67>0,68 | 0,67>0,70 | 0,61 > 0,62

The biggest improvement of performance after stacking is recorded for the exponential phase.
The difference of AUC score improvement as compared to the stationary phase is 0.01. The
improvement of the AUC score lies between 0.01 and 0.03 for the exponential phase and
between 0.00 and 0.02 for the stationary phase. The effect of stacking is bigger for 6> and 022
as compared to the other o factors for the exponential phase. Considering the stationary
phase, stacking increases the AUC score the most for 03® and o°* On the contrary, the
performance does not change for 6’° and o3

Figure 26 shows that the value for the parameter C has no influence on the average training
performance for the tuning set. This was also the case for the promoter prediction problem
and our hypothesis with regard to this problem is the same.

Effect of C on the performance of the stacking model (LR)
assigning o factors for the exponential phase
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Figure 26. Effect of C on the performance of the model stacking predictions (LR).

The importance of the predictions of the simple models for assigning a ¢ factor to a sequence
during a certain phase was analyzed. This allowed us to understand the behavior of the
stacked model. The stacked model will consider the predictions made by the simple models
for all the o factors in order to improve the performance for a given o factor. To this end, we
analyzed the coefficients assigned to each prediction by the stacked model.
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The coefficient assigned to a certain prediction can be either positive or negative. Therefore,
we analyzed the absolute value of the coefficients to determine their relative importance. The
importance of the coefficient for a o factor reflects the relation found by the stacked model
between that o factor and the o factor to be assigned. For instance, the coefficient that the
stacked model assigns to the prediction of SVM_EqEl for the label ¢’ may have 40%
importance for predicting if a sequence interacts with 038, Figure 27 shows the result of this
analysis for the predictions of the exponential phase and the stationary phase.

We can read from the bar plot for the exponential phase that, over all the predictions, the
most weight is given to predictions for 67°, 63 and 632, This is the case for the predictions of
both simple models. On average the importance assigned to the predictions of 67°, 638, 0%,
0°* and 0% are 48%, 30%, 11%, 7% and 4% respectively. We noticed that the importance of
the coefficients assigned to the predictions of 632, 6°* and %2 for both models were the least
important to predict an interaction between a sequence and one of those o factors. However,
this allows to increase the performance for their prediction by 0.03 AUC on average. The
predictions resulting from SVM_EqEl on 67° are considered to be the most important to predict
the interaction between a sequence and any o factor. An explanation for this is that most of
the promoters recognized by a certain o factor (>90%) will also interact with 7. Similarly,
predictions made by SVM_EqEl on 038 are the second most important for any o factor except
070, 6% is the second o factor that recognizes most of the promoters recognized by other o
factors (>67% for 032, 6°* and 6%8). It is thus relevant that the stacked model mainly focuses on
0% and o8 to improve the predictions.

Overall, more importance is assigned to the predictions made by SVM_EqE| as compared to
LR_BOW. The stacked model assigns on average 40% of importance to the predictions made
on LR_BOW (60% for SVM_EqEI predictions). Hence, it is probable that the k-mer based model
performs better on a subset of the data as compared to the string kernel based method.
Otherwise, less importance would have been given to LR_BOW predictions as compared to
SVM_EqEl. The stacked model values more LR_BOW predictions for the assignment of ¢’°
(60% importance) as compared to other o factors. Also, the predictions of LR_BOW on 03 and
0°* have a major importance to label 67° (17% and 22% respectively, <5% for the other o
factors). The stacked model has probably found meaningful relations with regard to 032 and
0°* as the performance for the assighment of ¢’ is increased by 0.02 AUC. Moreover, the
importance of the coefficients given by the model to the predictions of SVM_EqEl 632 and ¢°*
are smaller than 3% for 0’ assighment. We do not understand this behavior as this is not
observed for the stacked models related to the other o factors.

Regarding the stacking model for the stationary phase, the relative importance of both simple
models is more balanced as compared to the exponential phase. The importance given to
LR_U100 and to SVM_EqEI* predictions are 46% and 54% respectively.
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Exponential phase
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Figure 27. Importance of the predictions for each simple model (LR and SVM) for the exponential phase and
the staionary phase. The bars represent the importance of the coefficient (in %). That is, the importance of the
prediction made by the simple model for a given ¢ factor. Each ¢ factor has a specific color assignment. For a
particular o factor, the height of the bars of its color correspond to the importance of each coefficient. The x-axis
represent the predictions considered. For example, we can read from the first bar plot that for the assignment
of 638 (orange bars) to a sequence, the predictions made by LR_BOW for 67° and SVM_EqEI for 6% have 16% and
25% importance respectively.
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Comparison with BacPP tool

We will now compare the performance of our model with BacPP. In order to make their
performance somewhat comparable to ours, we used the same experimental setup that the
researchers used (4.1.3). First, we analyzed the “improvement” of the performances in terms
of AUC to compare the scores with the performances that were obtained with the previous
setup. The results are given in Table 10.

Table 10. Performances (AUC score) after stacking when removing promoters that do not interact with the ¢

factor considered. X = Y represent the performance before and after removing promoters that do not interact
with the o factor to be assigned.

0.70

0.38

0'32

0.54

0.28

Exp

0.91->0.91

0.82 > 0.91

0.71 - 0.87

0.76 - 0.89

0.63 > 0.76

On average, the performance is increased by 0.11 AUC. This confirms what we explained in
the presentation of BacPP tool in the introduction. Also, it supports the hypothesis explained
in the discussion of the performance for the assignment of o* in the “grouped phases” case
after stacking. o* binding promoters are more difficult to discriminate from other promoters
as compared to non-promoters. Hence, removing the promoters that do not interact with o*
for evaluating the performance for o* assignment increases the performance. We think that
this may be due to the fact that the overlap between the positive class (promoter) and the
negative class (non-promoters or inactive promoters for a given o factor) is reduced. According
to those results, our thoughts considering the performance for 632 and ¢°* turned out to be
true. Removing promoters that do not bind those o factors results in performances such as
that of 0’° and o3, However, this is not the case for 628, In conclusion, the problem of
discriminating o* binding promoters from non-promoters show similar performances across
all the o factors in this setup, except for o%.

The comparison between both tools is given in Table 11.

Table 11. Comparison between BacPP performance and our performances. Acc. is the accuracy, Spe. is the
specificity and Sens. is the sensitivity. Stack corresponds to our model.

0-70 0-38 0-32 0-54 0-28
Stack | BacPP | Stack | BacPP | Stack | BacPP | Stack | BacPP | Stack | BacPP
Acc. 0,848 0,805 0,848 0,866 0,772 0,923 0,815 0,952 0,656 0,971
Spe. 0,849 0,808 0,848 0,808 0,777 0,940 0,826 0,966 0,687 0,981
Sens. 0,847 0,803 0,848 0,924 0,767 0,907 0,804 0,938 0,625 0,962

Overall, BacPP works better than our model. This is especially true for 632, 6>* and ¢%2. They
display an accuracy, specificity and sensitivity that scores better by 0.2, 0.2 and 0.2
respectively as compared to our model for 62, 6°* and 6%2. However, this trend is reversed for
0% and o38, for which our model scores better on accuracy and specificity by 0.01 and 0.04
respectively. However, the performance of BacPP in terms of sensitivity is higher by 0.02 as

50



compared to our model. The choice of a better threshold to determine each performance
metric may have given different results. Those results are especially informative. No
conclusions can be made as the dataset that was used is different.

We analyzed the graphical representation of the position weight matrices of the 6* dependent
promoters for each o factor of our dataset to find an explanation for this difference (Appendix
1). It appeared that there is no true difference in the overrepresented motifs across the
promoters specific for a certain o factor. There are two explanations that may explain that.
First, the promoter sequences might have not been properly aligned and it would explain the
degeneracy of the PWMs. We think that this is not probable as the WDS string kernel would
have shown better performance in that case. Indeed, WDS takes the shifts between aligned
sequences into account. The second explanation is that the overlap between promoters
recognized by any o factor and o’ is bigger than 90% for all the o factors. ¢7° specific
promoters have in theory overrepresented motif around position -10 and -35. This means that
the specificity of o* binding promoters may be blurred by the subset of the sequences that
interact also with 67°. However, this is unlikely given that it is not because 67° binds a promoter
recognized by another o factor that this promoter contains the overrepresented motif(s).
Hence, we believe that the most probable explanation would be that the assignment of ¢
factors to promoters after the ChIP-chip experiment has been unproperly performed.

3.2.5. General conclusions on the models

Number of features used

The complexity of the problem seems to have an influence on the performance of the models
when describing the observations with more features. The assignment of o factors to
promoters for a specific growth phase requires more information in the data as compared to
the same problem when phases are grouped. Similarly, the problem of classifying promoters
and non-promoters is more complex when the phase must be accounted for. Hence, the
performance is better when the sequences are represented by all the k-mers as compared to
their 20D or 100D representation.

String kernel based models and k-mer based models

The models that use string kernels constantly outperform k-mer based models. K-mer based
models perform overall similarly when using LR or SVM with the same data representation.
The most simple kernel (EqEl) performs better than the more complex one (WDS). We
speculate that this is due to the fact that the shift between a match when aligning sequences
brings bias to the model as the sequences are aligned to the TSS. This may be a form of
overfitting, as the information provided by this kernel is not biologically relevant anymore. A
match that is shifted between two sequences (up to 5 positions) does not imply that those
sequences behave similarly. That is, it does not mean that they will interact with the same o
factor or that they will be active during the same phase. The fact that the results are overall
better using the greedy search version (WDS) of the kernel as compared to the exhaustive
version (WDS*) (Materials and Methods) supports this hypothesis. Considering EQEl and EqEI*,
we believe that the fractional difference in performance advantaging EqEI* may be due to the
fact that there are no outstanding overrepresented motifs across the sequences of o* binding
promoters.
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Stacked models

Overall, stacking the predictions of the simple models does not seem to greatly improve the
performance. We saw that this could be caused by the inability of the model to find
meaningful relations between the labels. Also, because string kernel methods simply
outperform k-mer based methods. It may be interesting to combine string kernels with other
approaches such as BacPP as this may give better results.

The dataset

The fact that no difference between the overrepresented motifs were found across o* binding
promoters is a key result that may explain the performance of the models for all the problems
considered, except the promoter prediction. Indeed, if the labels of the sequences are not
correctly assigned from the beginning, it may be hard to build a model that would work. The
PWMs we obtained are contrary to the information that can be found in the literature.
However, we cannot conclude this before testing our models with a different dataset.

3.3. Analysis of the classification schemes

In this section we will analyze the performance resulting from the combination of the
predictions of each step. The way predictions were combined is explained in the Materials and
Methods. We will first give an overview on the performance for the single model (no
combination of the predictions). The single model is the one that is presented for the o factor
assignment for both growth phases. The only difference stands in the dataset that was used
with the model. Afterwards, we will present the AUC scores that result from the combined
predictions for each classification scheme and compare them with the scores obtained for the
single model. Then, we will analyze the precision of the top predictions for each classification
scheme.

3.3.1. Single model

The performances of the assignment of o factors for the right growth phase when including
only promoter sequences is given in Table 12. The scores correspond to the performances
using stacked models (SVM_EqgEl and LR_U100). We see that the performance is greatly
affected (-0.15 AUC score on average) when removing non-promoter sequences from the
data. This is because the probability that a randomly chosen positive (promoter interacting
with o*) ranks above a randomly chosen negative (promoter that do not interact with o* and
non-promoters) is smaller when non-promoter sequences are removed. As seen in the
previous classification problems, non-promoter sequences are the easiest ones to
discriminate from other sequences by the model. The average performance variation related
to the predictions for the exponential phase and the stationary phase are -0.14 and -0.15
respectively. The performance for 628 assignment for both growth phases is unaffected by the
removal of non-promoter sequences from the data. An explanation for this is that the overlap
between the distribution of 628 binding promoters and non-promoter sequences is inexistent
in the enlarged feature space where SVM_EgE!l fits the separating hyperplane. Hence,
removing the non-promoter sequences does not affect the FPR. For this setup, the best
averaged performance across both growth phases results from the assighment of 67° and 0?8
to promoters.
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Similarly, the performance for predicting the activity of a promoter during the exponential
phase and the stationary phase decreases to 0.72 and 0.58 AUC respectively.
Table 12. Performance of the models for the assignment of the growth phase during which each o factor

interacts with a promoter. The first row represents the performance in terms of AUC score. The second row
represents the variation of the performance (AUC) when removing non-promoters from the data.

70 38 32 54 028

c o c o
Exp | Stat | Exp | Stat | Exp | Stat | Exp | Stat | Exp | Stat
Performance | 0,71 0,54 0,64 0,56 0,55 0,54 0,59 0,54 0,64 0,62
Variation -0,2 | -0,28 | -0,28 | -0,19 | 0,16 | -0,14 | -0,17 | -0,16 | 0,01 0

3.3.2. Comparison between both classification schemes

Before presenting the results for both classification schemes, it is important to understand
how they work. Each scheme combines two layers of predictions and only one layer differs
from both schemes. In fact, determining the phase during which a promoter interacts with a
certain o factor for all the o factors or determining the o factors interacting with a promoter
for each phase is the same problem. There are 10 labels to be assigned as there are 5 o factors
per phase and 2 phases per o factor. The layer they have in common is the simple model
described in Subsection 3.3.1. For phase-o scheme, the other layer contains the predictions
for the phase during which a promoter is active (2 labels). For the o-phase scheme, the other
layer contains the predictions for the o factors interacting with a certain promoter (5 labels).
The layers that are not common to each scheme are referred to as first layer. The one they
have in common is referred to as second layer. The way the predictions were combined is
explained in the chapter Materials and Methods.

In order to compare both classification schemes and the single model, we will first analyze the
general performance of each scheme. We will also compare the performance of the schemes
with regard to the single model. Finally, we will analyze the results for the top N predictions
on the test set.

General performance

Table 13 indicates the performances of each classification scheme together with the
performance of the single model. On average, the single model performs similarly as the
phase-o scheme on the test set (average AUC score of 0.59). However, the performance for
phase-o with regard to the assignment of 022 for the exponential phase is lower by 0.11 as
compared to the single model. We speculate that this result might be due to a lower
performance for determining the activity during the stationary phase for 0?® binding
promoters. Hence, combining the predictions for those promoters with the ones from the
single model decreases the performance. Nevertheless, the performances of the assignment
of all the other ¢ factors for any phase are on average better for the phase-o scheme as
compared to the single model. We believe that this might be due to a better performance for
assigning the phase during which a promoter is active as compared to making the same
predictions for each o factor separately. Therefore, combining both layers of predictions
improve the certainty on the final predictions. Across both schemes, the performance of the
assignment of the o factors during the exponential phase is always better as compared to the
stationary phase. As explained for the results from Table 8, this seems to depend on the
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distribution of the different types of promoters (active during the exponential phase, during
the stationary phase or during both phases).
Table 13. Performance of each classification scheme. The two last rows indicate the performances of each

classification schemes and the first row indicates the performance of the model described in the previous
Subsection (3.3.1).

070 0.38 032 054 0.28
Exp | Stat | Exp | Stat | Exp | Stat | Exp | Stat | Exp | Stat
Single model 0,71 | 054 | 0,64 | 0,56 | 055 | 0,54 | 0,59 | 0,54 | 0,64 | 0,62
Phase-o 0,73 | 055 | 064 | O55 | 0,57 | 0,57 | 0,59 | 0,54 | 0,64 | 0,51
o-phase 0,58 | 0,53 | 0,58 | 055 | 053 [ 0,52 | 0,53 | 0,51 | 0,54 | 0,55

The results show that the performances of the o-phase scheme are close from a random
decision. Indeed, the performance for assigning any o factor for any growth phase is always
smaller or equal to 0.55, except for 67° and 038 during the exponential phase. At this stage of
understanding, we believe that this is due to the poorer performance of the first layer of this
scheme (which assigns o factors without regard to the phase) as compared to the first layer of
the phase-o scheme (0.75 to 0.85 AUC for the phase prediction and 0.69 to 0.79 for the o
factor assignment). The fact that the predictions of the first layer for o-phase are low as
compared to the ones for phase-o scheme may explain that the overall performance is
decreased while combining predictions.

Precision of the top predictions for the first layer of each classification scheme

It is not because a model performs poorly on the average data that the performance on the
predictions behave similarly. Indeed, the top predictions should be the ones for which there
is the most certainty. Hence, even if there is a high overlap in the distributions of 2 classes,
the observations that lie the farthest from the overlap may be classified correctly and with
higher confidence. First, we analyze the precision of the top N predictions of the layer that
both schemes do not have in common. That is, the phase prediction layer (phase-o) and the o
factor prediction layer (o-phase). The top predictions are positive predictions. They are a
subset of N promoters for which the model has the most certainty that they are active for the
phase considered or that interacts with a certain o factor (phase prediction layer and o factor
prediction layer respectively). That is, the N promoters for which the predicted probabilities
are the closest from 1.

We can see from Figure 28 that some labels are correctly predicted in the first layer whereas
others are not. Considering the phase prediction layer (phase-o), the top predictions for the
activity during the stationary phase are 90 % correct up to the top 300 predictions. This is not
the case for the exponential phase. The precision of the very top prediction is correct but 3
predictions out of 10 are incorrect afterwards. However, the next predictions are correctly
predicted as positives with a precision around 83% until the top 300 predictions. The
proportion of promoters active during the stationary phase and the proportion of promoters
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active during the exponential phase in the test set are 54% and 71% respectively. This means
that randomly selecting promoters from the test set as top predictions would have given 54%
and 71% precision on average. Hence, both first layers perform better than a random decision.
Selecting the 30 top predictions for each model results in 90% and 95% precision for the
exponential phase and the stationary phase respectively. Thus, without regard to the o factor
with which a promoter interacts, a researcher can efficiently screen for 30 promoters that are
active during the stationary phase and the exponential phase. Those results are good as this
experimental setup is the one for which the estimation of the performance is the lowest. If
non-promoter sequences would have been added to the data, the “random” model would
have had a lower performance. Moreover, given the performance variation in terms of AUC
shown in Subsection 3.3.1, our hypothesis is that the precision on the top predictions would
not have been significantly affected.

Phase prediction layer (Phase-o) o factor prediction layer (o-phase)
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Figure 28. Analysis of the top predictions for the first layer of each classification scheme. The y-axis represents
the proportion of correctly predicted interactions in function of the number of top predictions that are
considered.

Considering the assignment of o factors without regard to the phase, we see that it is correct
in more than 50% of the top 50 predictions only for 638 and 6’°. The very top prediction for ¢”°
is inaccurate but the next 20 ones are correct. The shape of this curve is only due to the fact
that the prediction that ranked above all the others was a false positive. The precision is close
to 95% for the top 50 predictions for 67°. However, this result is not as good as it appears as
the proportion of promoters that interact with 67? is 94%. This means that randomly selecting
50 promoters from the test set and labeling them as positives would have been correct in 94%
of the cases on average. Hence, we conclude that the model does not perform well for 67°.
This is the same for 038. Indeed, the precision on the top 50 predictions is close from 60% and
the proportion of the promoters interacting with 038 is 59%. However, the very top prediction
is correct.

The performance of the top predictions for 632 behave similarly as for ¢’°. Taking the top 5
predictions for this o factor results in a precision of 50%. As the proportion of promoters
interacting with 032 in the test set is 22%, we are of the opinion that the model may be used
more effectively than a random model to screen for promoters that interact with this o factor.
However, further tests on another dataset should be made to confirm this hypothesis. The top
predictions for the promoters that are said to interact with one of the other o factors are also
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inaccurate (0 and 028). Next to that, if the purpose of the researcher is to screen for
sequences rather than promoters, we speculate that the precision of the model on the top
predictions would not have been affected significantly as compared to the “random” model
that would randomly pick top predictions from the data. In fact, we tend to believe that this
model works well for determining whether a sequence is a promoter but not for assigning o
factors to promoters.

We speculate that those poor performances may be due to the fact that the distribution of
the promoters interacting with one o factor completely overlaps with the distribution of
promoters binding to other o factors. Moreover, each class may be evenly distributed inside
the overlapping region. This causes the model to become unable to rank a promoter
interacting with o higher than a promoter that does not interact with it. Hence, there is no
more certainty on o* binding promoters as compared to promoters that do not bind ¢*, making
the top predictions unprecise. Figure 29 shows the overlap between the ¢* binding promoters
and the density distribution of each type of promoters. We see that the distributions of the
promoters binding to a certain o factor greatly overlaps with promoters that interact with
other o factors. However, we cannot make conclusions on this plot which only considers 1D.

Density distribution of the classes of promoters
seen in a 1D feature spac

0.04 1

0.01 4

Figure 29. Overlap between the ¢* binding promoters. The x-axis represents the possible values in a 1D space
after t-SNE dimensionality reduction.

Comparison of the top 30 predictions for each classification scheme and the single model
General precision

At his point, we are going to compare the top N predictions for each classification scheme and
for the single model. That is, we are going to study the precision of the top N predictions
resulting from the combination of the predictions of both layers. In this case, the 10 labels can
either be positives or negatives. Hence, the precision was computed using the Hamming loss
(Materials and Methods).

The results of the single model represent the performance when the predictions of the second
layer (10 labels) are not combined with the predictions of the first layer. We are first going to
compare the general performance of each type of model. The general performance is the
precision of the top N predictions when all the labels are considered. Previously, we only
considered the certainty towards one label. Hence, a top prediction is a promoter for which
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the model has the most certainty about all the labels it was assigned. Afterwards, we will
analyze the top predictions for each label separately (the 5 o factors), for each growth phase.

Figure 30 shows the general performance of each type of model (single, phase-o and o-phase).
The phase-o scheme seems to perform better than o-phase and the single model on the top
30 predictions. Indeed, ~65% of the labels are correctly assigned on the top 30 predictions
whereas the precision is of ¥55% and 45% for the single model and for the o-phase scheme
respectively. For the three cases, none of the top 30 predictions have all the labels correct,
except for the 10t prediction of the o-phase scheme.

The single model is the most balanced with regard to its predictions. For the top 30 promoters,
positive labels are assigned exclusively to one growth phase in 50% of the cases. The o-phase
model assigns positive labels for both growth phases with a frequency of 90%. On the contrary,
the phase-o model is the most exclusive with regards to the interactions predicted in the top
30 predictions. Indeed, it assigns labels to only one growth phase in 100% of the cases. This
does seem to depend on the combination of the predictions.
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Figure 30. Analysis of the general precision on the top 30 predictions for each classification scheme and for the
single model. Left: Single model. Center: Phase-c scheme. Right: o-phase scheme.

Precision for each o factor on the top N predictions

Now we are going to analyze the precision of the top N predictions for each model across o
factors Figure 31. For each plot, N corresponds to the number of positive observations in the
test set for the o factor and the phase considered. Overall, the precision is better when using
the classification schemes as compared to the single model. This proves that combining
predictions allows to increase reliability of top predictions for each o factor independently.
Contrary to the classification schemes, the single model has a performance close to the
random model or smaller than the random model in two out of the 10 cases. The difference
in performance between the classification schemes and the single model is more important
for the exponential phase. Considering 032, 6>* and ¢%2, the top predictions are not precise
(around 10%) for any of the models. However, there is always at least one model that
performs better than random. Considering the top predictions for the exponential phase, the
phase-o scheme has a better averaged performance than the others. However, the o-phase
scheme performs better on o638 for the stationary phase. Accounting for the very top
predictions (~*10%) during the stationary phase, the models that perform the best for 7%, 638
and 0% are the phase-o scheme, the o-phase scheme and the single model respectively.

Overall, the precisions between o factors are not comparable as the proportion of positive
samples changes between o factors. However, there is a greatest difference on the top 20
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predictions between the random model and the classification schemes for 67° and 632 (around

20% precision difference).
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Figure 31. Comparison between the different models for o factor assignment for both growth phases.




3.4. General conclusions

In conclusion, we believe that the models we built have proven their effectiveness for
identifying promoters in E. coli based on a sequence of 51 bp. However, the problematic of
assigning the right growth phase(s) during which a promoter may be active still needs to be
solved. Also, the models used for the task of predicting the interactions between a promoter
and all the o factors did not prove great effectiveness given the results of the top predictions
(zero-one-loss metric). We have seen that there was no significant difference between the
overrepresented motifs of promoters binding to a certain o factor. This is opposed to the
information that is found in the scientific literature over the subject. Ideally, in order to
achieve good performances, a dataset with differences between overrepresented motifs
should be used. Accounting for that, we believe that our models may have allowed to
accomplish both the assignment of o factors to promoters and the prediction of the growth
phase during which they are active. In this case, the predictions of the models could be used
for the construction of a transcriptional regulatory network. However, this should be further
confirmed using another dataset. Beside this, selecting a set of promoters that may interact
with a given o factor during a specific growth phase is made possible for 67°, 6% and 032 by
using the classification schemes. The latter increase reliability of top predictions as compared
to the single model.

The models that use string kernels are more effective as compared to k-mer based methods.
The models build on the latter method can be trained by using the observations transformed
in a reduced dimensional space without significantly affecting the performance as compared
to the computational efficiency.

The classification schemes increase reliability of top predictions as compared to the single
model which performs better on the overall data. Hence, combining the predictions of the
different layers is found to outperform the single model for research purposes, except for 032
during the stationary phase. The phase-o scheme is the best choice for screening promoters
that interact with a certain o factor during the exponential phase. Considering the stationary
phase, screening for promoters that interact with 67°, 63 and 63? should be performed using
the phase-o scheme, the o-phase scheme, and the single model respectively. Any of the
classification schemes can be used for screening promoters that interact with 0°* and o?8.
However, it would not be as effective as for the three other o factors but it may already narrow
the set of promoters that should be tested for the interaction experimentally.

For researchers who read this thesis and would like to apply our method, we propose the
following pipeline to screen for promoters that may interact with a given o factor during a
specific phase. However, this should be done after training on another dataset.

1. Use SVM_EqEl to identify promoters in a set of sequences and extract all the predicted
positives

2. Apply the classification scheme that match application on the predicted promoters

3. Take the top predictions for a given o factor and test the interactions experimentally
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CHAPTER 4: MATERIALS AND METHODS

4.1. Experimental setup

In this section, we present the data and the experimental setups that were used for each
classification problem. In total, four different setups were used. We will describe each one of
them and the reasons for which they were chosen. All the codes together with their output
can be found on https://github.ugent.be/mmisonne/Thesis-Martin.

4.1.1. The dataset

The bacterial strain studied is E. coli K12 MG1655. The interaction between o factors and their
binding regions was determined by Cho et al (2014). They performed a ChIP-chip assay and
processed the resulting data with a peak-finding algorithm to determine o factor binding
regions. Then, those regions were aligned to the TSS by using experimental TSS information.
The final dataset with the information about the interactions between sequences and each o
factor was downloaded from the supplementary files of Cho et al (2014) (Additional file 7:
Table S6).

The dataset consists of a positive and a negative set. The positive set contains 4724 promoter
sequences of the E. coli strain whereas the negative set contains 50,000 non-promoter
sequences. Non-promoter sequences derive from the E. coli genome. In the positive set, 3500
sequences interact with at least one of the five o factors. The other 1224 sequences consist of
promoters that were not active during the exponential or the stationary phase, or that were
binding another o factor than the five ones considered. Those sequences were removed from
the dataset as they are of no interest with regard to the problems considered. The positive
samples in the data consist of promoter sequences of 51 bp length aligned to the TSS. For each
promoter, binary interaction information for five o factors is provided: the house-keeping o
factor (67°) and four alternative o factors (038, 032, 6°* and 028). For each o factor, interaction
information is provided for the exponential phase and the stationary phase. This results in 10
labels (5 o factors per growth phase) which are not mutually exclusive. Indeed, a promoter
can be recognized by several o factors and during both growth phases.

4.1.2. Classification of promoters and non-promoters, phase prediction and o factor
assignment

In this subsection, we describe the experimental setup that was used for evaluating the
performance of the models for the classification of promoters and non-promoters, the
prediction of the phase during which a sequence may be recognized by a ¢ factor and the
prediction of the o factors that may interact with a sequence. The same dataset was used to
determine the performance of those classification problems. That is, we sampled 3500
negative sequences from the negative set to have an equal number of promoter and non-
promoter sequences (7000 sequences in total). As a matter of fact, we want to evaluate the
performance of the models when any sequence from the E. coli genome is presented to the
models.
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4.1.3. Assignment of o factors for each growth phase

We have used two different datasets to evaluate the models for the prediction of interactions
between o factors and sequences depending on the growth phase. For the assignment of o
factors during the exponential phase, we sampled the promoters that bind to a o factor during
this growth phase and an equal number of sequences from the negative set (1916 sequences
for each class). We did the same for the evaluation of the performance during the stationary
phase (2517 sequences of each class). This was done to determine the performance of the
model when screening sequences for determining if a sequence interacts with a given o factor.
The results showed that removing promoters that are not active for the growth phase
considered may overestimate the performance. Hence, we used this more strict experimental
setup for the final classification problem.

Comparison with BacPP tool

The setup we described in the previous paragraph is not the one for which the performance
of the models is overestimated the most. We can also remove the promoters that do not
interact with o* when assessing the performance for the assignment of o* to sequences. For
instance, promoters that interact with any other o factor except 6’° are discarded from the
dataset when evaluating the performance of the model for 67° assignment. The choice of the
threshold for this problem is given in Subsection 4.2.2. We used promoters that were active
for the exponential phase as the researchers evaluated the performance for this growth
phase.

4.1.4. Evaluation of the classification schemes

The most strict approach for determining the performance of the models is to only use
promoter sequences as those sequences are more similar to each other. We used this
experimental set up for the evaluation of the performance of the classification schemes and
the single model (o factor assignment for each growth phase). Indeed, the purpose of this
analysis is to screen a set of sequences and determine whether an interaction with a o factor
will occur and for which growth phase. Hence, non-promoter sequences were not included in
the dataset in order to get a reliable estimation of the performance for this problem for
research applications.

4.2. Performance evaluation

The way a model is evaluated depends on the purpose for which machine learning is used. In
this section, we will present the performance metrics that were used and the reason for which
a metric was chosen instead of another. Those metrics are used for classification problems.
The output from a model is given in terms of probabilities of belonging to the positive class,
as explained in the first chapter for LR and SVM.

4.2.1. Receiver Operating Characteristic curve (ROC)

True positive rate and false positive rate

In a binary classification problem, a model will predict positives and negatives. The true
positive rate (TPR), also called sensitivity, refers to the proportion of positive observations
that are recovered by the model (Eq. 8). That is, the proportion of correctly predicted
positives, or true positives (TP) over the total number of positive observations (positives). The
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number of positives can be calculated from the sum of TP and false negatives (FN). FN refers
to negative observations incorrectly classified as such.

TP TP

TPR = =
positives TP+ FN

(8)

The false positive rate (FPR), is the proportion of incorrectly predicted positives (FP) over the
total number of negative observations (negatives) (Eq. 9). The number of negatives can be
calculated by the sum of FP and true negatives (TN). TN refers to negative observations
correctly classified as such.

FP FP

FPR = =
negatives FP + TN

(9)

ROC curve

In order to determine the performance of the model in terms of TP, FP, TN and FN, one needs
to assign a threshold to the probabilities assigned by the model to the observations.
Depending on the threshold that was chosen, the TP, FP, etc. will be different. As the FPR and
TPR are interdependent, the choice of the threshold will depend on the purpose for which the
model is used. A ROC curve allows to analyze the performance of a model without requiring a
threshold. The curve is a plot of the TPR (y-axis) in function of the FPR (x-axis) resulting from
the assignment of all possible thresholds. The area under this curve (AUC) is a direct
estimation of the performance of the model. It gives the probability that a randomly chosen
positive will rank above a randomly chosen negative. The AUC is not dependent of class
imbalance, which makes this metric of particular interest in our case. Indeed, there are labels
in our data for which there are much more positive observations as compared to the number
of negative observations and vice versa. A perfect model will have a TPR of 1 for a FPR of 0
and results in an AUC of 1, there are no FN and no FP. Every instance in the data is correctly
predicted. The ROC curve for such a model follows the y-axis while maintaining 0 on the x-
axis. A model classifying observations randomly will have an AUC of 0.5. An example of ROC
curve together with the AUC is given in Figure 32.

Receiver operating characteristic curve

10

= = =)
'S o @

True Positive Rate

=)
N)

0.0

00 02 04 06 08 10
False Positive Rate

Figure 32. Example of ROC curve. LR_U20 on the promoter prediction problem.

4.2.2. Accuracy

The accuracy refers to the proportion of correct predictions, either positives or negatives. The
comparison with the BacPP tool required to assign a threshold as the authors evaluated their
model using the accuracy, the specificity and the sensitivity. There are plenty of methods for
determining the optimal cutoff for a classifier and the choice is arbitrary. The method that can
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be used to assign a threshold for the probabilities of a classifier consists in choosing the point
where the TPR is high as compared to the FPR. That is, the threshold for which
|TPR — (1 — FPR)| is minimum.

4.2.3. Precision

Precision refers to the proportion of correctly predicted positive observations. The
computation of this metric is different in a binary classification approach than in a multilabel
classification approach. In binary classification the precision is given by Eq. 10.

TP
.. - 10
Precision TP L FP (10)

Multilabel classification case
In a multilabel classification approach the precision of the predictions can be computed with
different metrics. We present here the zero-one-loss and the hamming loss.

The zero-one-loss gives the proportion of observations that do not have all their labels
correctly predicted. It was used informatively to analyze the top N predictions of the single
model and the classification schemes. This metric is too strict for this problem given that the
performances of the models and that 10 labels need to be correctly assigned. A less strict
metric is the hamming loss. It gives the proportion of incorrectly predicted labels for an
observation. The precision over all the observations is given by 1 — Hamming loss. That is,
the proportion of correctly predicted labels. For instance, the precision for the prediction (O,
0,1,1,1)if the true labels are (1,0, 0, 1, 1) is 60%.

4.3. Feature extraction from the sequences

In this section, we present the methods that were used to extract features from the sequences
as the latter cannot be used directly to train an SVM or a LR model. We used two methods: a
k-mer based method and string kernels.

4.3.1. Extraction of k-mers from the sequences

For the k-mer based approach, we used a bag of word representation of the sequences in the
training set. That is, we extracted all the possible subsequences of length 1 to 7. The maximal
length was chosen after the literature study. We set the maximal length of the words to 7 in
order to be sure to detect potential overrepresented motifs in the sequences. The bag of
words representation creates one parameter per subsequence (word) found in the training
set. Then, it creates a feature vector for each sequence which contains the occurrences for
each word. This resulted in 21.735 features for the biggest dataset that was employed in this
research (7000 observations). Hence, a dimensionality reduction approach was used to
represent the observations in a smaller feature space. This allowed to increase the
computational speed for fitting the models. Moreover, most of those features do not explain
much variability and may thus not be useful to discriminate between different classes of
observations.
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Principal components Analysis (PCA)

Principal components analysis is an orthogonal transformation of the data allowing to
represent the data in a reduced dimensional space of linearly uncorrelated variables.
Moreover, those parameters point in the direction that explains the most variance between
the observations. It was used to reduce the dimensionality of the problem and analyze the
effect on the performance of the number of features used to build a classifier.

4.3.2. String kernels

A kernel is a function that describes the similarity between two observations. In this case, the
kernel is a string kernel as it measures the similarity between aligned sequences. The result of
the alignment of all the pairs of sequences in the observations with the string kernel is a
similarity matrix of size (N x N). This matrix gives the score for each pair of sequence. In this
subsection, we present the four string kernels that were used for this master thesis.

Equal Elements (EqEl)

The EqEl is the most simple string kernel. It compares two sequences position by position and
returns the number of occurrences of a match across all the positions. A match increases the
score of an alignment by 1. Hence, the maximum score for an alignment is 51 (length of the
sequence) and the lowest score is 0. As the sequences are aligned to the TSS, it should not be
required to account for shifts between matches. A particularity of this method is that it does
not take into account the position at which the match occurred. We acknowledge the fact that
there are discussions as to whether positional information should be included to the model or
not. Hence, we decided to build an ‘improved” version of this string kernel that partially takes
positional information into account.

Improved version of the EqEl (EqEI*)

In order to account for positional information, we screened the sequences from the training
set and extracted the relative frequency of each nucleotide at each position. This is the same
approach used as to build a PWM. A position that has low importance shows a similar
frequency across all the nucleotides (0.25). On the contrary, a position that is important will
show a higher frequency for one of the nucleotides (up to 1). Indeed, if a nucleotide is
conserved among the promoters for a certain position, it is more likely that it plays a role for
the interaction. Afterwards, the maximal frequency was extracted for each position and put
into a weight vector. The only difference as compared to the standard version of EgEl is that
each match (1) is multiplied by the weight relative to its position.

Weighted degree with shifts (WDS)

Improved version of WDS (WDS*)

The EqEl string kernel does not account for a potential shift in the aligned sequences.
However, a sequence that is completely identical to the one with which it aligned but is shifted
of one position will result in a very low similarity score. Therefore, we used a string kernel that
was proposed by Ratsch et al (2005) called the WDS*. This string kernel takes both the length
and the shift of a match into account to compute the similarity score (Figure 33). The maximal
length of a match (word) and the shift allowed are both user-defined parameters. The WDS*
string kernel is given by Eq. 11.
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(s+i<d)

d I—-k+1 s
K(xl; xz) = Z Bkz Z O Hk,i,s, x1, x5 (11)
k=1 =1 50

Hk,i,s, xq, 0, = I(uk,i+s (xl) = Uy, (xz)) + I(uk,i (xl) = Ug,i+s (xz))

Where x;and x, correspond to the 2 sequences aligned, d corresponds to the maximal length
of aword, B, = 2(d — k + 1)/(d(d + 1)) is the weight assigned to the match and depends
of the length of the match, [ corresponds to the length of the sequences aligned, S
corresponds to maximal shift and 8§, = 1/(2(s + 1)) is the weight assigned to the match
depending on the shift. p ;¢ x, «, indicates whether matches exist for a given position and
shift when comparing x; with x, and x, with x;. It can be equal to 0, 1 or 2 (no match, match
only in one direction, match in both directions). I(.) evaluates whether the equality in
between brackets and returns 1 or 0 if it is true or false respectively.

X, —— CGAACGCTXXXACGT —

X TTCGAACGAAACGTX —

K(x1,%3) = V62 + V21 + V26 +Vae+Van

Figure 33. WDS string kernel illustration. ¥, s represents the contribution to the similarity score of
the match of length k shifted from s between both sequences.

WDS* performs an exhaustive search of the matches for all the possible shifts and is therefore
computationally intensive when considering larger shifts.

Basic version

The difference between the basic version that we propose and the actual WDS proposed by
Ratsch et al (2005) is that only the first match is accounted for while parsing positions. In the
example of Figure 33, a match of length 6 occurs between positions 1 and 3 of both sequences
(shift of 2). Moreover, another match of length 4 occurs between positions 1 and 7 (shift of
6). This match is not accounted for in this more basic version of WDS*. It is a greedy algorithm
for aligning 2 sequences faster as compared to WDS*. The limitation of this method is that a
larger match which may be important for the classification problem can be missed.

For both WDS and WDS* a maximal word length of 7 was considered for the same reason as
for EqEl. We arbitrarily chose a maximal shift of 5. Because multiple models and classification
problems were evaluated, we decided not to investigate on the optimal choice for both
parameters. This may be done in a further research.

4.3.3. Visualization of the data

We used the t-distributed stochastic neighbor embedding (t-SNE) to visualize the data in a 1D
or 2D space (Van Der Maaten & Hinton, 2008). This tool allows to keep similar observations in
the initial space close to each other in the reduced space. In contrast, PCA transforms the
observation to keep dissimilar observations far from each other. Hence, we used this method

66



to have similar observations close from each other in the reduced space. This allows to get a
more reliable estimation of the position of the barycenter of each class in 2D as the density
distribution within each class of sequence is higher. t-SNE was applied on the similarity matrix
built with the EqEl string kernel.

Graphical analysis of the classification schemes

For the graphical analysis of the classification schemes, the 3500 promoter sequences from
the positive set were employed for the first layer of each classification scheme. Afterwards,
the subset of promoters corresponding to the second classification step was taken.

Phase-o

For the analysis of the phase-c scheme, the first step (layer) consists in predicting the phase
during which a promoter is active. Hence, promoters were labeled based on their period of
activity. For the second layer, the o factors with which a promoter interact during one phase
are predicted. Hence, we took the subset of the promoters that are active during the
exponential phase (resp. stationary phase) and labeled them with the cluster to which they
belong. Indeed, one sequence can interact with several promoters. As we want one label per
sequence, promoters were clustered based on their interaction pattern with o factors and
labeled accordingly. Hierarchical agglomerative clustering based on Ward’s method and
Euclidean distances was used and 5 clusters were formed. The principle behind this is that the
interaction of a promoter with a o factor is based on how close its sequence is from the
“optimal” sequence. Thus, clustering promoters based on their interaction pattern makes
sense. Indeed, sequences within a same cluster should have higher sequence similarity as they
show similar interaction patterns.

o-phase

For the analysis of the o-phase scheme, the first step consists in predicting the o factors
interacting with a certain promoter. The second step consists in assigning the phase during
which the interaction with a given o factor occurs. Hence, promoters were labeled based on
the cluster to which they belong for the same reason as for the second step of the phase-o
scheme. For the second step, the promoters that interact with a given o factor where labeled
based on the growth phase(s) during which they interact with this o factor (exponential phase,
stationary phase or both phases).

4.4. Selection of the optimal parameters

4.4.1. Parameter range

The optimal parameters (C, for both LR and SVM) were tested on the tuning set using a log
scale going from [10%, 50] by taking 50 steps in between. The results showed that this was
somehow exaggerated, taking 4 steps in between the same limits gives the same results. One
limitation for testing 50 parameters for each model is the computational time. Moreover, the
“L1” penalty and “L2” penalty were also tested when tuning LR models. They refer to different
regularization methods to reduce the complexity of the model. L1 and L2 correspond to the
L1-norm (not squared) and L2-norm (squared) loss functions.
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4.4.2. Cross-validation with (multilabel) stratification

For all the problems, the training (tuning) and test set were split using a multilabel
stratification approach to conserve the proportions of each class in both datasets. This allow
to work with a training (tuning) set and test set that do not differ too much to have better
estimation of the performance. Similarly, we used multilabel stratification to split the tuning
setinto k folds (stratified k-fold cross-validation, k=3) for minimizing the variance of the results
in terms of performance across the k validation sets. Moreover, this technique makes it
possible to obtain folds for which positives will always be present. Indeed, some of the labels
have only few positives instances in the data (0°%, 0%%). Using a random approach for splitting
the dataset may lead to folds for which no single positive sequence is present. For each model,
we extracted the parameter that gave the best average performance on the k validation sets
of cross-validation. Afterwards, we trained the model with the optimal parameter value on
the whole tuning set and evaluated it on the test set.

We are aware that nested cross-validation may have led to even more reliable results.
However, we speculated that the size of our dataset combined to the stratification approach
would allow reliable performance estimations to be generated. Hence, we decided not to
investigate it.

4.5. Selection of the stacked models

For each classification problem, the predictions resulting from two models were stacked. We
always used only one model from each type of models (k-mer based or string kernel based).
Moreover, the models were chosen based on a combination of two properties. First, it had to
outperform the other models of its class on the training set. Secondly, it had to be
computationally efficient. We arbitrarily set a balance between both parameters. In fact, a
model that outperformed another was not chosen if the difference in performance was too
small as compared to the computational time required. We used logistic regression to stack
the predictions of both models. The parameters also had to be tuned for this model and this
is performed similarly as for the other models. The test set used to evaluate the base models
and the one used to evaluate the stacked models is the same and hence the results are
comparable. This method requires predictions (probabilities) to be made for the tuning set.
Practically, this was done with 4-fold cross-validation. One of the folds is left out and the base
models are fit on the 3 other ones. This is repeated until predictions are made for all the tuning
set. The probabilities for the observations in the test set are predicted as usual. Finally, the
model used for stacking (LR) is fit on the predictions for the tuning set (after cross-validation
to determine the optimal parameters) and final predictions are made on the test set.

4.6. Combination of the predictions of the classification schemes

In this section, we present the method that we set up to combine the predictions of each layer
of a classification scheme and how we determined the top N predictions. The top predictions
were analyzed for each label separately and for the labels combined (general prediction).

The final predictions for each of the 10 labels were computed by multiplying the probabilities
obtained in the first layer with their corresponding label in the second layer. For instance, the
probability for an observation to be active during the exponential phase was multiplied with

68



the probability to interact with o* during the exponential phase. Then, the top N predictions
(promoters) for each label were taken separately to plot the precision-top N curve. The top
predictions are the promoters for which the final probability to interact with a given o factor
during a certain phase is the highest. Hence, there is no need for assigning a threshold.

The approach that was used to extract the top N general predictions is different. Indeed, the
promoters in the top predictions do not necessarily interact with all the o factors during each
phase. Moreover, the certainty on each label is not necessarily the highest one. However, the
certainty across the labels is in generally high. As negative labels (0) could also be present in
the top predictions, the assignment of a threshold on the predictions was required. The
thresholds for each label were applied separately in each layer. Afterwards, the final labels of
each observation were computed by multiplying the labels in the first layer with their
corresponding labels in the second layer. Hence, both layers required to agree on the
assignment of a positive label to make the final label positive. Afterwards, the certainty on the
whole labels that were assigned to an observation was computed. This was done by
multiplying the certainty across the labels for each observation. The certainty for a label is
given by Eq. 12.

{pfinal(label) if label = 1 1)

1 —pfinai(label) if label =0

A limitation for this method is that the first layer may greatly influence the final label. In the
phase-o scheme, one label of the first layer influences half of the predictions in the second
layer. In the o-phase scheme, a prediction in the first layer (o*) influences only 2 labels in the
second layer. If the probability for a label is below the threshold in the first layer, all the labels
depending on that label will be set to 0, even if the certitude on a label was high in the second
layer. The error made in the first layer is transferred to the second layer.

The threshold that was assigned to the predicted probabilities in each layer was 0.5. Indeed,
the optimal thresholds that were computed for the comparison with the BacPP tool never lay
far from 0.5 [0.48, 0.52]. Next to that, we thought that selecting the top predictions
automatically picked up observations that had overall probabilities closer from [0, 1] in each
layer. However, there is a risk that some of the labels for which there is not much certitude
are then incorrectly classified in the top predictions. Thus, this method can be discussed and
is likely not be the optimal one. However, we decided not to investigate computationally on
other results that may arise using a different threshold for each label. As a further research,
we thought of a method that may be more reliable for estimating the precision of the top N
predictions across all the labels. Instead of optimizing the thresholds for the predictions in
each layer, we could simply take the final probability and determine the optimal threshold on
the 10 labels afterwards.
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Figure 34. Combination of the predictions for the phase-o scheme.
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APPENDICES

Appendix 1. Number of overlapping promoters between o-factors for 3 different conditions.

Grouped

phases S70 S38 $32 S54 S28
S70 3299
S38 1986 2120
S32 726 539 783
S54 342 265 83 370
S28 116 99 22 24 123
Exp.

phase S70 S38 S32 S54 S28
S70 1808
S38 1091 1161
S32 385 278 413
S54 169 137 33 187
S28 64 57 11 13 67
Stat.

phase S70 S38 S32 S54 S28
S70 2364
S38 1420 1520
S32 513 389 560
S54 259 201 69 279
S28 75 62 11 14 81




Appendix 2. Overrepresented motifs. From top to bottom: ¢’°, 0%, 6%, 6> and ¢?® promoters during the

exponential phase. (Crooks et al, 2004)
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Appendix 3 Venn diagrams for the overlap between promoters recognized by certain o factors. From left to
right: promoters active when phases are grouped and during the exponential phase. Bottom: Promoters active
during the stationary phase.
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