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Drosophila sexletermination mechanismis a prime examle of complex multlevel regulatory network involving
transcriptional regulation and alternative splicing of pressenger RNAhe different pathways involved have bee
extensively described, including the role of key molecules sudoualsleseor fruitless,which are thought to regulate
the expression of particular genes responsible forggecific phenotypes. However, it is yet to be determined if tF
directly interact with the DNA or if an intermediate layer of regulators comes into play.

The goalof this case essay was to determine i€i@aNBS 3 dzf I G2NEB St SYSy G LINBaSyi
Drosophila malanogastegenes could be responsible for their d@iased expression. Different approaches
computational inference of DNA motifsene integrated in a workflow designed to facilitate the analysis of la
amounts of sequences with, as a starting point,-B@sed expression data that was extracted from the literature
custom R framework was also developed to allow seamless integrati the various tools and to facilitate dat
visualization.
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proportion of malebiased genes with at least one instance of the sequenéeffSA NJ pQ Ft I y{1 Ay 3
was observed for a random control distribution. Similar results were obtained for six rdlmtetbphilaspecies. The
motif was identified as a binding sequence for BBAR32 kDa boundary elementassociation facbr) but more
interestingly, it also corresponds to the previously reported DNA replicatedelated element (DRE), which is the
central element of a vast regulatory network.Results seem to indicate that the CRE/DREF system might also
sexspecific rgulatory function, mostly independent of previously described mechanisms.




1. Introduction

1.1 Drosophila sex determination

Sexual dimorphism is a traitshared bythe greatest part ofmetazoan organisms andts associatedphenotypes
have been shown to be the most differentiating characteristics among individuals in a efies. Sexrelated
mechanisms also seem to evolve at a fast rate, outpacing what is observeddaoy other trait, including genes
involved in the survival of the organism?. It is therefore not surprising that sex differentiation pathways have
been found to diverge considerably betweethe major metazoan modé organisms®.
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Figurel Molecular mechaisms underlyindrosophilasexdetermination process

Drosophilasexdetermination processis a prime example ofcomplex multi-level regulatory network involving
transcriptional regulation and alternative splicing of premessenger RNAFigure 1). Unlike in mammals where

the sex of an individual is mostly determined by the presence or absence of the Y chromosome, the ratio of X
chromosomes to autosomess thought to constitute the primary signal for sex determinationin Drosophila A set

of genes located on chromosome X code f&xT O 1 A @ratéiris 8uEh assisterlessa and sisterlessb (sisa and sis

b) that can activate the regulatory proteinsexlethal (Sx)4 while autosomesAT AT AAA OAAT T 1 ET AOI O
deadpan) inhibit its early activation®. The ratio d X chromosome to autosomes thus appears to teologically
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pre-messenger RNA and promotes splicing pattern that results in the active form ofthe protein. Later in the
development, Sxlis also transcribed in males but due to the absence of the molecule in its active form, an mRNA

with an early stop codon is produced after splicingleading the translation into an inactive version of the
regulator. In females, activesexlethal is already presentand can maintain its own production through this auto
feedback loof® and direct the splicingof the transformer genestra and tra2 that will in turn promote female-

specific splicing ofdoublesex(Dsx), which is thought tobe one of the main transcriptional regulator of sex

specific gened. In addition, tra and tra2 also #fects the splicing offruitless into its female isoform, FruF. In
conjunction with other regulators such asHer (hermaphrodite)8 and Ix (intersex)®, DsX¥ and FruF will activate

genes related to female traitsin absence of active transformer proteis in males,doublesexand fruitless will be

spliced using the default mechanism, leadintp the production of the malespecific Ds¥ and FruM regulators.

The latter has been shown to be essential for males to exhibit courtship behaviér

Recent studies have examinedrosophila transcriptomes and more precisely the expressions of genes that
appear to be biased based on the sex of the individdal*14. Most of the studies use mMRNA extracted from the
whole organism, ruling out the possibility to compare gene expression on a tissue basis, which would allow
removing a potential experimental bias due to the high expression of certain genes sexual tissue$s).
Nevertheless, these studies generated large quantities of expression data that can be used as a basis for further
investigations.
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While regulatory networks involved in sex determination are relatively well understood, it is still not clear how
doublesexand fruitless achieve the regulation of the genes invohain sex-specific phenotypes more especially it
is yet to be determinedif they are part of a regulatory network comprising other intermediae transcription
factors or if they can modulate theexpressionof these genes by themselve§his case essay aims at evaluating
different computational approaches that might shed light on the regulation mechanisms that lead to gene
expression bias in maleand femaleDrosophilaindividuals.

1.2 DNA motifs representation and discovery

In recent years, the amount of data related to biological systenfgsincreaseddramatically. New wholegenome
sequences are appearing every weekcomplemented by high throughput aalysis of the transcriptomés,
proteomel’” and metabolomés. All this information can eventually be pooled together to understand
fundamental biological mechanisms and declper complex networks.In the case of transcriptional regulation, it
might be interesting to determine where in the genome a known transcription factor can bind oron the
contrary, try to find out which transcription factor might bind to a sequence of inteest. Various experimental
methods are available to accomplish such tasks, includingiling arraysl®, universal protein-binding
microarrays2, ChiRchip?! (chromatin immunoprecipitation selection of bound factors combined with relative
enrichment detection using DNA micoarrays) or ChlR-sec?? (immunoprecipitation followed by the sequencing
of the precipitated fragments) Complementary computational methods have also been developed to analyze the
vast amount of data resulting from these high throughput methods or to discovete-novomotifs that can then be
experimentally characterized.

1.2.1 Regulatory sequence representation

Transcription factors rarely bind to a unique sequencebut instead have varying affinity for a set ofrelated

oligonucleotides that can be represented as a unique, idealized consensus seqae.In its simplest form, it is

made up of the most commonly occurring nucleotide for all pdons in the sequences. It can béanproved by

using a degeneratedcode (Figure 2.A) that allows for ambiguous positions (for example a bn the sequence can
be replaced by anything but Csee IUPAC ruléd). While apparenty giving a more realistic description of a
binding sequence, this approach has many shortcoming&.degenerated symbol at a certain positiormplies that

all the possible nucleotidest represents are given the samawveight irrespective of their actual frequency at this
position in the set of binding sequencegpositional preference is lost) In addition, it is often not possible to
accurately represent all the binding sequencein a set with a single consensus seques, despite having an
extensive degenerated symbolsalphabet Certainly useful to get a qualitativeand instinctive appreciation of a
sequence, the consensus representatianight not be suitable for quantitativeanalysis of genomic data.

A B C

1 ACAGTA Al4a 0 2 001 A 12 -16 059 -16 -16 0
2 ACTGTC Clo 40001 C|-16 1.2 -16 -1.6 -16 O
3 ACGGTT Gloo 1401 G -16 -1.6 0 12 -16 0
4 ACAGTG Tloo1041 T/|-16 -16 0 -16 1.2 0

ACDGTN

Figure 2 Different representations of a set of sequenceés.Degenerated consensus sequenBeOccurrence matrix for the
sequences shown in AC Weight matrix for the sequences shown in A (the prior probabilities were chosen to be 0.25 for all
nucleotides and the pseudfactor k was set to 1)

Another way to represent multiple binding sequences consists in building an occurrenamatrix (Figure 2.B)
where each element contains the frequency at which a nucleotide is observed agiaen position. Nucleotide
composition varies greatly between species but also depending on the type of sequence consideréititergenic,
intronic or coding)2s. A weight matrix (Figure 2.C) taking into account the nucleotide distribuion bias (also
called prior residue probability) can be derived from theoccurrence matrix by calculating theweight of each of
its elements(Equation 1).

CoMPLEX Case Essay | StudeNicolas Jaccard| Supervisors:Dr. Reuter, Dr. Plagnol | March 2010 Page3



observed fi;\ In (h) ;

W, = ln( ) —In <i> _ N (Equation1)
expected p; p;

W;; the weight of the nucleotide j at position i.f;; the observed frequency for the wleotide | at position j p; the overall

frequency of the nucleotide j (usually estimated from a large number of sequemtéisg number of sequences;; the number

of observed nucleotide j at position i

If a nucleotide does not appear ah given position in any of the sequence, the frequency is equal 4&2¢. The
introduction of a pseudoweight has been propose# to avoid such a situation(Equation 2).
Wi j=1In <h> TP (Equation?2)
’ pj (N + k) p;
W, the corrected weight of the nucleotide j at position if’;; the corrected observed frequency for the nucleotide pasition i,
p; the overall frequency of the nucleotide j (usually estimated from a large number of sequeN¢hs)number of sequences,; ;
the number of observed nucleotide j at positiotk the pseudeweight

The weight can be used to scera particular sequence against the matrikor the matrix shown inFigure 2.G the
sequence ACAGN (where N can be any nucleotide) would have a score of 5.4, which is the best possible score for
that matrix. Another metric of interest is the information content of a matrix (also called normalized log
likelihood or relative entropy), a measure of the discrimination between the binding sequence represented by
the matrix and a random sequence (given by the background mod&!) This notion is interesting as it relates to

the thermodynamic aspect of the binding everé.

L 4 L 4 £
ij .
I = z Zfli,j W= Z Zf’i,j ln( o ) (Equation3)
7=11i=1 j=11i=1 J
| the information content of the sequencef’;; the corrected observed frequency for the nucleotide pasition i,p; the overall
frequency of the nucleotide j (usually estimated from a large number of sequenct®,number of positions in the sequences

(number of columns in the matrix)

Although matrices are a very elegant way to abstract the conpe of binding sequence in dorm that is easily

usable in the context ocomputational analysis of genomidata, they are difficult to interpret visually. Sequences
logos (Figure 3) have been proposed by Schneider and Stephens asmiddle-ground between the easily
interpretable but flawed consensus sequences and the information rich but cryptic weight matric&s
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Figure3 Sequence logfor the set of sequence shown Figure2.A (generatedusing WebLogo 3.@ith Drosophilaas background
model)

They define the sequence conservation of a particular position as the difference between the maximal and
observed entropy(Equation 4).

4
Rseq (i) = Smax = Sobs = 2 — (= Z fijlogaf'; ;) (Equatiord)
n=1

R4 (D) the sequence conservation at position ;; is the observed frequency for the nucleotide j at positio
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The height of a nucleotide at a particular position is given by the product of the sequence conservation and its
frequency (Equation 4)

hij = fi,j Rseq (D (Equations)

h;; the height of nucleotide j at position if;; is the observed frequency for the nucleotide j at positipR4eq (i) the sequence
conservation at position i

1.2.2 De-novo motif discovery

While the link between coexpression and ceregulation is rarely evident, genes presenting similar expression
profiles might share a commorcis-regulatory element. De-novo (unsupervised) motif discovery algorithms have

been developed toidentify overrepresented patterns in a set of potentially related sequences, with little to no
prior information regarding the target sequence.

Tablel Various scoring metrics for wordmsed motif discovery as proposed ¥van Hetlen®". fobs 1S the observed fregency of a
given word,f ., is the frequency of a given word according to the background mode the observed occurrences for a given
word, p is the probability of occurrence for a given word according to the background Imibidethe number opossible positions
for a word of length k in a set of n sequences of length is the number of tests

Scoring metric Equation Description
. : _ fobs Probability that the data could have
Log-likelihood ratio LLR = f,,;log (fexp beengenerated by the model
T 1 Probability to observe at least x
P-value PX=x)= Z ————p'(1—p)Tt | occurrence of a word in a succession ¢
Lui! (T —i)! ;
i=x trial
Gives a measure of the number of fals
Significance sig = —log,y(Pvalue * D) positives (sig=1 means a false positive
should be expected every 10 sets)

The major difficulty is to make the distinction between frequent and overepresented patterns. Indeed, simply
trying to identify the most frequent group of nucleotides of a given lagth in the upstream regions of aset of
genes would most likely reveatrivial results such as AFrich motifs or intrinsic properties of such regions (e.g.
TATA box or other promotersrelated elements) Instead, acommon approach is to look for aver-represented
motifs, which are DNA patternswhose observed frequenciesri the set of analyzed sequences atdgher than
their expected frequenciesacording to the background model. The choice of a suitable model tkerefore
critical to obtain pertinent results. One strategy consists in using input sequences to train a markov chain
model2, resulting in good backgroundnformation if the number of sequences ifarge enough. An alternative for
organisms with fully sequenced and annotated genomes is to calculate frequencies of all possible
oligonucleotides in specific regions (e.g. allpstream sequence} Various scoring metrics were proposecy van
Helden®! to evaluate the over-representation of words (Table 1).

Background model

Estimation from input
sequencel{larkov mode)
Words determination Frequencies estimated in
Allwords of a certain length specific region of the
presentin the sequences whole genome
Sequences set Occurrence count Words count > Scoring Inferred motifs

Figure4 Typical wordsased algorithm (adapted from Van Hela‘én
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Words-based motif discovery(Figure 4) has the advantage to rely on string matching algorithms that have been
heavily optimized in other computer sciences fields and in consequence requires less comgiittnal power than
other strategies such as matrixbased matching However, if degenerated sequences have to be taken into
account, this method is no longer suitable due to the complexity of such an analysis. A solution consists in
counting occurrences ofindividual words before assembling related sequences into a consensus métifMany
words-based DNA pattern discovery algorithms have been successfully used to identify regulatongtifs in a set

I £ OAT AGAA O ABNd-AditeknkQryl dyad®ahadydisdspace words)3#, a suffixtree based algorithn$s
and YMPS.

Alternative approaches based on the matrix representation of DNA patterns have recently gained tractidrhe
field was pioneered by Hertz et al with their greedy algorithm37 that combines pairs of all possible
oligonucleotides of a givenength from two related sequencesinto matrices. Only the highest scoring matrices
are kept (e.g. using information content as a scoring metf® and are in turn combined with all possible
oligonucleotides in another related sequence. This process is iterated for all the sequences in the(§égure 5)
and afinal sorting of the matrices retain the most relevanmotifs.

[ Sequence 1 ][ Sequence 2 ][ Sequence 3 ]

[ N sites of length L ][ N sites of length L ][ N sites of length L ]

Combination
All pair combinations 4" N*N matrices |
A

of oligonucleotides

Scoring
Using information content M Best matrices
or other scoring metrics

Combination
All pair combinations M*N matrices
of oligonucleotides

- —————

Figure5 Greed algorithm for matribased discovery of DNA patterns (Adapted from Hégtzaland Van Heldesrf?)

Timothy et al® proposed the use of arexpectation maximization(EM) algorithm for finite mixture models that
was first introduced by Aitkin et al“%: a weight matrix is built using a word from the target sequences. It then
scans all possiblevords in the set of sequences, calculating at each iteration the probability that the picked word
was generated from the initial matrix ratherthan by the background model andise this information to refine the
motif.

Another widely used approach relieson Gibbs sampling a stochastic equivalent of expectation maximization,
first described by Lawrenceet al4l. Manyalgorithms adopted this strategy, including MotifSample¥?, AlignAce*2,
BioProspector*3 and Info-gibbs*. In addition, genetic algorithms for motif discovery such as GAME have been
developed butthe computational power requirements make them unsuitle for large scale motif discoveryp.
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2. Methods

The goal of this study was to identify eventual regulatory sequences that appear upstream of dsased genes.

The motif discovery workflow (Figure 6) has been designed tantegrate heterogeneous genomic analysis tools

while being as automated as possibléA custom R framework(ver. 2.10.1)was developed to hante most of the
automation tasks and to allow seamless flowf data despite the different input and output formats employed by

the various tools. &quence retrieval was handled by biomaR¢ (ver. 2.3.4)and all graphs were geneated using

the ggplot2 package (ver. 0.85Vval (AT AAT 60 OAGCOI AOT OU 4 REATDHas dlsh bedrd Al U
extensivdy used at various points of the workflow.

CustomR
TOMTOM framework
CustomR RSAT ] ‘ CustomR
framework ’ retrieve-seq dentify Orthologs framework
Expression datail Sequences . - Data
Male | Female D X Inferred motifs Pattern matching Visualization
| Literature | RSAT RSAT
oligo-analysis matrix-scan
oligo-diff dnapattern
info-gibbs

L BioProspector ]

| NestedMICA |

Figure6 Motif discovery and analysis workflow

Sexbiased expression datdor Drosophila melanogastewas extracted from Zhanget al! supplementary material.
1000 bp upstream sequences were then retrieved from Ensemi§Ensembl Genes 57Jusing RSATor biomaRt
Unless otherwise specified, masks for loveomplexity elements, repeats and coding sgiences were applied.
Motifs were inferred using RSAT tools (wordshased oligeanalysis®t, oligo-diff and matrice-based infogibbs*4),
BioProspector3 AT A 3 AT CAO ) 1 008 G&.DB)he. bAckytpAndl mpdéllused was upstream
regions of Drosophilagenome when available or a first order markov chainrmodel if not. The best candidates
were compared to knownDrosophilabinding sitesusing FlyRed?® (ver. 2.0) via TOMIOM© (ver. 4.3.0) and were
matched (using matrix-scan and dnapattern33) against the initial set of sequences but also againgihose of
orthologs from various Drosophila species (retrieved from Ensembl Metazoa 3 database)Finally, the R
framework was used for data visualization, including spatial location of the expression in the fly body by

querying the FlyAtlas databasg.
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3. Results

A few examples ofliscovered motifs are presented in the fdbwing results. The 1000A D

uo

I ATEET C O

the genes presenting a high bias in term of expression were used to build two sgpecific inferences sets
(containing 18 and 40 sequences for females and males respectivilyBoth matrix and wordsbased motif
discovery algorithms were ran independently for each set of sequencesdble 2 and Table 3)

Table 2 Examples of overrepresented motifs resulting from malr@sed pattern discovery using Matsgan on sespecific

sequence sets

Femalebiased set Male-biased set
Motif F.1 Motif F.2 Motif M.1 Motif M.2
24 24 24 24
51.T 211 1 TA A 1= AT T T
o"?é% - b o ~ é [ ég o © hl a‘%él’q\g w;é ) o_{-::'m' %grﬁlg @
18 sites 18 sites 40 sites 40 sites
Log likelihood ratio 153.027 155.261 249.36 295.648
Information content 7.459 7.556 5.794 6.934

Table 3 Examples of overrepresented motifs resulting framords-based pattern discovery usinginapattern on sexspecific
sequence setd0. occurrence is the observadmber of occurrences and E. occurrence is the expemtedrrence

Femalebiased set Male-biased set
Motif F3 Motif F4 Motif M.3 Motif M.4
2 2 2
21 21 A 21 C T 24 C
nf%mqmuhmét n?‘%mqmmhmr:!;% u—l"%—'am A PR AL
5 - 3 5 - = 3 5 -3 1 -3
18 sites 18 sites 40 sites 40 sites

O. Occurrenct 16 14 49 20
E. occurence 4.77 2.79 2251 6.29
Signifiance 0.80 1.78 2.43 1.08

BioProspectord Iaest motif for the set of 18 female genes is shown Figure 7.B, norelevant overrepresented
motif was found for the malebiased genesAdditional analyses werealsoperformed on larger sets of sequences
including all biased genes (470 and 1779 genes respectively for female and male respectivel)e most
overrepresented motif in the femalebiased set according to NestedMICA is shown kigure 7.A with again no
relevant results for the male set. Thewo sets were then compared using oligdiff in order to determine which
oligonucleotides were overrepresented in a set respectively to the other. The core of the motif shownHigure
7.C (TATCGA) has been identified as being enrichidthe set of femalebiased genes with a observedfrequency
of 1.14E03 compared t05.44E-04 in the male-biased set.

n vat eaT- o TATGATs < eTATCATAT

Figure7 Various motif identification result#A NestedMICA best match for all female biased geB@&oPropector match for the
18 most biased female gen&Oligodiff result for the comparison between all the biased genes for both genders

Further analyzing all these motifs would be a daunting task and well out of the scope of this study. Instead, it was
decided to focus on patterns emerging when comparing the results from the different approaches, more
AOPAAEAT T U OET A4 #R11T4BAEAEQOL IOIE

inferred motifs that were identified as being solelyoverrepresented in femalebiased sequences sets. The rest of
this document will therefore focus on this coe motif (Figure 8) and try to determine whether it can potentially
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be linked with an eventual regulatory mechanism responsild for the sexbiased expressionof genesin
Drosophila

A B

A 0O 16 3 0 0 18 0 12

2. C 3 0 0O 18 0 O 0 1
° TA A G 0 ©O 0O 0 17 O 0 5
“E"‘E% < ® T1 2 15 0 1 0 18 O
18 sites
Figure8 Motif of interestA sequence log® Occurrence matrix

The experimental dataset contained 2249 genes (470 and 1779 were female and mhblased respectively). For
OOAOEOOEAAI OAlI EAAOQOEIT 1T &£ OEA OAOOI 60h pnrnmédnnn OAOC
Drosophila melanogastegenome 1000 bp upstream sequences for the control sets and sbiased genes were
retrieved before being scanned with the matrixepresenting the motif. Figure 9.A shows the proportions of sex

biased genes with at least one hit for the target sequence alongside the control distributions.

A B
h 10°
Female
Control 5 -
) distributions S
i Female 8_
g Male o]
2 =
7)) <
g /\ 2o
no.2 Female-biased g
o
=
ks
Male-biased o
o Male
0.0
0 5 10 20 25 35 1000 -800 600 400 200 0
Genes with at Ieast one hit [%] Distance from transcrlptlon initiation site [bp]

Figure9 A Proportionsof sexbiased genesvith at leastone hitfor the target motifin their 1000 bp upstream region alongside
kernel density estimations for control distributio®sRelative frequency distribution of the motif distance from the transcription
initiation site (only one transcriptonsidered per gene, one transcript can have multiple hits)

Among the genes that showed a femalgiased expression, 30.6% had at least one instance of the motif in their
upstream region, which was significantly higher than what was obtained for the femalsontrol set whereas only

9.2% ofthemaleAEAOAA CAT AO xAOA &£ O1T A O EAOA AT ET OOAT AA 1
markedly lower than that observed in the corresponding control distribution (Table 4).
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Table 4 Proportions of sesbiased genes having at least one hit for the target motif angpprties of thecontrol distributions
generated from randomly picking sets of gene®msophila melanogasteenome Figure9)

Controls sets
Bias | Genes scanned | At least one hit [%] | Mean | 0.025 quantile | 0.975 quantile
Female 470 30.6 15.575 12.34 18.94
Male 1779 9.2 15.81 13.99 17.20

The target sequence wapredominantly located within 100 bp of thetranscription initiation site ( Figure 10.B).

In addition, the frequency of matches directly upstream of the transcript was significantly higher for female

biased genes comared to their male counterpart. The sequence preference ofhe motif (Figure 8) differed
according to thegender the genes were biased towards and the distance from the transcription initiation site
(Figure10q AOO OEA AT OA O1 4#' 148 xAO POAOGAT O ET Aii1 AAOAO

Distance > 100 bp Distance <= 100 bp

50% -

40% -

30%-
Matched sequence
I CATCGATA
TATCGATA
. CATCGATG
10%-
0%~

Female Male Female Male

quency [%]

Relative match fre

Figure 10 Sequences matched by the matrix describing the motif of interesisrbrding to its distance from the transcription
initiation siteand the sexbias of the genef~igure8)

The frequency didribution of the female to male expression ratio for the genes whose upstream sequence
contains at least one instance oftie motif also varied according to the distance from transcription start site
(Figure 11). The degree of bias (fequencies of extreme ratio)did not appear to be related the location of the
target sequence.

CoMPLEX Case Essay | StudeNicolas Jaccard | Supervisors:Dr. Reuter, Dr. Plagnol | March 2010 Pagel0



Figurell Relative frequencies distributions according to the distance of the motif from transcription initiation site

1336 of the sex-biased genes had orthologs in 11 of thBrosophilaspecies whose genome had been sequenced.
Among those, 793 had at least one ortholog with the motif present in theft000 bp upstream region (Figure 12).

Figure12 Matrix showing whether genes (x axis) have an ortholog frdbrasophilaspecies (y axisyith the motif in its 2000bp
upstream region (dark blue=at least a match, light blue=no mafthg dendrogram on the left is an automatic clustering, the
dendrogram on the right is the phylogenetic tree of the sequerii)enrlsophilaspecie§2
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