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SUMMARY

___________________________________________________________________________

Basal promoter landscape in Eucalyptus grandis: Annotation of
distal transcription start sites and core promoter usage
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Supervised by Prof Alexander A. Myburg
Co-supervised by Dr Eshchar Mizrachi and Prof Fourie Joubert
Submitted in partial fulfilment of the degree Magister Scientiae Bioinformatics
Department of Biochemistry
University of Pretoria
___________________________________________________________________________
Transcription is a complex biological phenomenon, whereby RNA is transcribed from single
stranded template DNA by assembling targeted regulatory inputs at the promoter region.
Transcription is regulated through many hierarchically organised mechanisms, including
chromosome positioning and organisation, the binding of transcription factors, and DNA’s
secondary and tertiary structures at the region of transcription initiation. The core promoter is
the distinct functional unit of DNA overlapping the transcription start site, which possesses
linear regulator capacity and renders DNA permissive to transcription. In plants, core
promoter and enhancer studies are of particularly high impact for those traits which under
strong transcriptional control. Cellulose biosynthesis in immature xylem, the tissue which
forms wood, is one such trait, and is studied extensively in the herbaceous model plant
organism, Arabidopsis thaliana, and the economically important woody perennial,
Eucalyptus grandis. The release of the E. grandis genome sequence has provided a muchneeded reference to study transcriptional control, not only for those traits that make it a
dominant fibre crop, but genome-wide. We aimed to use empirical transcript evidence to
perform a high-throughput genome-wide curation of the 5’ UTR annotations and empirically
infer transcription start sites (TSSs) of the nascent E. grandis genome annotation. We then
aimed to use the curated TSSs to define core promoter classes based on their sequence
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composition and to determine the putative expression profiles and functional associations of
each.
We used deep E. grandis mRNA sequencing data across seven diverse tissues and PASA
assembled E. grandis ESTs to empirically curate 5’ UTR annotations. We improved 17,085
annotations, added 7,596 for which there was no previous annotation and retained 3,675 that
possessed only a predicted TSS without empirical evidence. These complementary data were
used to define distal transcription start sites (dTSS) by a novel, prioritising, computational
rule-based method. From these dTSS annotations, we extracted the core promoters (from
-100 to +50) and described the core promoter landscape by hexamer positional overrepresentation analysis. We found three types of hexamer over-representation in the core
promoter, that being broad, spiked and low. Broad hexamers were classified into 5 distinct
core promoter classes, including TA, CT, GA, W and S. These were further assessed for
putative expression profiles (specificity and level) and functional associations. TA resembles
the conserved TATA-box core promoter, although displays a bimodal distribution, low
expression levels and the greatest tissue specificity. CT and GA are over-represented both up
and downstream of the dTSS and show narrow windows of greater enrichment with phasic
constraint. W and S occur in close proximity to the dTSS, with S displaying the most
constitutive and highest expression profile. Spiked hexamers occur in close proximity to the
dTSS and low hexamers are enriched for those pyrimidine-rich hexamers found in
Arabidopsis thaliana and Oryza sativa core promoters as the Y Patch. We found that E.
grandis core promoters include those such as the TATA-box class which is conserved across
kingdoms, the CT and GA classes, which are conserved in Arabidopsis, and a number of
classes which, thus far, appear unique to Eucalyptus. We postulate possible underlying
mechanisms of each core promoter class based on their sequence composition and suggest
regulation by TBP binding (TA), nucleosome positioning (W), DNA stability (S), and non-BDNA conformation (CT and GA). This research provides a basal understanding of cistranscriptional regulation at the core promoter in this economically important woody plant
species and provides insight into the mechanisms of permissive transcription across plant
species.
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PREFACE

The early 21st century is renowned for the near-exponential growth in technological and
digital applications. This is no different for genetic research, which has seen an explosion of
high-throughput experimentation and subsequent analysis of digital genetic data. Enter
bioinformatics: the research discipline synergising genetics, statistics and computer science.
The amalgamation of these fields allows the conversion of sequencing and other highthroughput data into significant, biologically meaningful results and hypotheses. Two
fundamental research activities, the sequencing of DNA and RNA, have provided extensive
clues of biological phenomena, answering pertinent questions, whilst asking many more.
Genome-wide research is thus often descriptive, and employs exploratory data analysis
techniques for hypothesis generation. These methods have been explored in plantae.
Although the majority of work has been pursued on the model herbaceous annual,
Arabidopsis thaliana, many of the findings are transferable to other organisms and provide
broad spectrum physiological insight. These inferences, together with high-throughput
genomics and transcriptomics projects in other plant organisms, have provided insights into
plant evolution, disease susceptibility and resistance, pathogen defense and other
agriculturally and economically pertinent traits.
The Eucalyptus genus, endemic to Australia, is grown globally, and is an efficient carbonsequestrator and subsequent biomass producer. Apart from more traditional uses as pulp,
paper and other chemical cellulose products, the potential as a fast-growing, high yield, nonfood-source biofuel feedstock renders members of this genus of considerable economic value
in the agricultural sector. The economic value, and the yield increase derived from research
activities, has motivated the sequencing and annotation of the E. grandis genome. Coupling
this, the sequencing of mRNA, describing expression profiles, alternative transcript isoforms
and characterising variance in diverse tissues, provides detail on organ and population
diversity. Arguably the most economically vital process of E. grandis is that of xylogenesis,
the biosynthesis of wood. The complex feat of secondary cell wall formation, constituting the
deposition of cellulose, lignin, and hemicelluloses, is regulated by transcriptional
mechanisms. DNA provides insight of these transcriptional mechanisms by allowing the
study of regulatory regions, whilst quantified mRNA abundance provides insight by
correlating expression profiles to these regulatory DNA features.
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This study uses the v1.1 E. grandis genome assembly and annotation (Phytozome V1.0), and
differential expression mRNA-seq data generated by the Forest Molecular Genetics
Programme from diverse E. grandis tissues and organs. These data were manipulated beyond
their typical use case for the high-throughput curation of 5’ UTRs to infer distal transcription
start sites (Chapter 2), and subsequently characterise core promoters (Chapter 3). The two
aspects of algorithm design explored in this research were data reduction and pattern mining,
both of which required extensive defensive programming, including both object-oriented and
scripting design. The size of the data sets required comprehensive data management
practices, including data provenance, and performance aware algorithm design. A plethora of
statistical procedures were applied to the data to derive appropriate and statistically validated
results. This thesis is the fruition of developing and using these skills, the intense
interrogation of data generated at the forefront of genetic research technology, and the
appropriate and semantically-aware interpretation of these results. This thesis presents these
results in journal format, and so provides key insights into the basal regulatory mechanisms
of E. grandis.

The research underlying this thesis has been reported in the following publications and
conference presentations:
PUBLICATIONS IN ISI RATED JOURNALS

Myburg, AA, Grattapaglia, D, Tuskan, G, et al. Genome sequence of Eucalyptus grandis:
A global tree crop for fiber and energy. (In press – Nature).
PRESENTATIONS IN NATIONAL AND INTERNATIONAL CONFERENCES

van Jaarsveld IC, Mizrachi E, Joubert F, Myburg AA. 2012. Annotating transcription
start sites and core promoter usage in Eucalyptus grandis. Joint South African Genetics
Society and South African Society of Bioinformatics and Computational Biology
Conference, Stellenbosch, 10-12 September 2012 (oral presentation).
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van Jaarsveld IC, Mizrachi E, Joubert F, Myburg AA. 2012. Ensemble optimisation of
cis-regulatory element discovery: in planta benchmark and discovery in Eucalyptus. South
African Association of Botanists Conference, Pretoria, 16-18 January 2012 (oral
presentation).
van Jaarsveld IC, Mizrachi E, Joubert F, Myburg AA. 2011. Describing promoter
landscapes in Eucalyptus grandis. Nucleotides to Networks Symposium, Ghent, Belgium,
21 May 2011 (poster presentation).
van Jaarsveld IC, Mizrachi E, Joubert F, Myburg AA. 2011. De novo discovery of cisregulatory motifs and modules implicated in the transcriptional regulation of genes
associated with secondary cell wall formation and cellulose biosynthesis in Eucalyptus.
Joint International Society for Computational Biology and African Society for
Bioinformatics and Computational Biology Conference, 9-11 March, 2011 (poster
presentation).
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CHAPTER 1: LITERATURE REVIEW

Transcriptional regulation and the
core promoter landscape

Chapter 1
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1.1 SUMMARY
The initiation and successful elongation of transcription is a complex biological phenomenon.
A step-wise cascade of events renders core promoters permissive to recognition by a host of
general transcription factors. The recruitment of these factors ultimately facilitates the
binding of RNA Polymerase II, which in an open complex, transcribes a molecule of RNA.
This process is highly regulated, with co-operative, combinatorial and competitive regulatory
inputs. Core promoters are thus key functional units of the genome, yet lack comprehensive
description and functional characterisation. Eucalyptus grandis is an economically important
fibre crop, and crucial to its yield of fibre and pulp, is the understanding of transcriptional
mechanisms which drive xylogenesis and the enrichment of cellulose in secondary cell walls
of immature xylem.

1.2 INTRODUCTION
The DNA of an organism, near identical in each cell, comprises a gene repertoire capable of
achieving complex and highly variable cellular phenotypes. This is not achieved by the full
repertoire, but rather by the specific expression of a subset of genes to developmental,
homeostatic and environmental stimuli. Thus protein-coding and functional non-coding RNA
genes are temporospatially transcribed from template DNA (Irimia et al., 2013). Although
crucial to organism success, this phenomenon is not yet fully understood. There are two
conflicting schools of thought regarding transcriptional regulation: that which describes the
process as precisely regulated (Lionnet & Singer, 2012), and that which describes the process
as a stochastic (Kaern et al., 2005) phenomenon with high rates of failed or abortive
transcription (Yuzenkova et al., 2011). Both schools agree that transcription is a semihierarchically networked biological process with intricate feedback mechanisms, with many
inputs required at the target DNA to co-operatively drive successful transcription initiation
and elongation. The core promoter binds the basal transcription machinery, and its sequence
composition drives the physiochemical properties which permit this affinity. This formidable
regulatory task utilises multi-tiered composite mechanisms to direct regulatory input
assembly (Prohaska et al., 2010). These tiers include nuclear, chromatin and linear levels of
organisation, and it is becoming clear that these tiers should not be considered in isolation.
This review explores the non-random organisation of the millions of base pairs of DNA
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within the nucleus, and the resultant regulatory consequences. The linear regulatory capacity
of DNA is discussed in greater detail, followed by a review on the experimental and
computational methods by which these may be characterised. Lastly, the applications of such
technologies on the economically important global fibre crop, Eucalyptus grandis, are
explored.

1.3 THE COMPLEX CASCADE OF TRANSCRIPTION
Transcription is a consequence of the interaction of three primary molecules, namely RNA
Polymerase II (RNA Pol II), DNA and nucleoside triphosphates (NTPs) (Borukhov &
Nudler, 2008). After RNA Pol II covalently crosslinks to DNA and induces melting of double
stranded DNA (dsDNA), it reads template single stranded DNA (ssDNA) and catalyses
unidirectional phosphodiester bonds between complementarily sequestered NTPs, thus
transcribing a molecule of RNA. The functional units of the genome which lie upstream of
genes and permit RNA Pol II crosslinking are termed core promoters. RNA Pol II binding
requires core promoter DNA to be in a permissive state, the result of complex cascade of
molecular interactions and conformation changes which amount to regulatory inputs at the
promoter. These regulatory inputs originate in both cis (Thompson et al., 2004; Geisler et al.,
2006; Walther et al., 2007; Wray, 2007; Vandepoele et al., 2009; Priest et al., 2009) and
trans (Pai & Engelke, 2010; Cremer & Cremer, 2010), with the transcriptional outputs being
described in both quantitative (Lionnet & Singer, 2012) and qualitative terms (Wray, 2007).
In Eukaryotes, RNA Pol II is unable to independently recognize promoters. Its binding, and
subsequent persistence (Dundr et al., 2002), are facilitated by the presence of several general
transcription factors (GTFs) TFIIA, TFIIB, TFIID, TFIIE, TFIIF and TFIIH and their various
co-factors, which assemble as the pre-initiation complex (PIC). GTFs show high
conformational flexibility (Cianfrocco & Nogales, 2013) and render core promoter DNA
permissive to transcription, recruit RNA Pol II, stabilize the PIC, support successful
elongation by interaction with the nascent RNA (Bushnell et al., 2004), and provide
redundancy in cases of abolished or diminished binding by promoter DNA mutation
(Cianfrocco & Nogales, 2013). The step-wise (Dundr et al., 2002) assembly of the PIC is
initiated by DNA sequence recognition of TFIID’s subunit, TATA-binding protein (TBP), at
the TATA box (TATAWA; see Table 1.1 for IUPAC codes) core promoter element (CPE).
This CPE element is topologically conserved and resides ~35 bp upstream from the dominant
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transcription start site (TSS) in both metazoans and plants. The binding of TBP and
associated factors of TFIID allows for the recruitment of other GTFs and ultimately the
successful recruitment of RNA Pol II.
The core promoter has been extensively studied in metazoans (Valen et al., 2009; Hoskins et
al., 2010; Zou et al., 2011; Lenhard et al., 2012; Kwak et al., 2013), describing other
prominent CPEs and the GTFs with which they interact. TFIIB Regulatory Element
Upstream (BREu; SSRCGCC) and TFIIB Binding Regulatory Element Downstream (BREd;
RTDKKKK) flank the TATA box and facilitate binding of TFIIB. Downstream Promoter
Element (DPE; RGWYVT) and Motif Ten Element (MTE; CSARCSSAAC) are downstream
of the TSS and interact with TFIID. The initiator element (Inr; YYANWYY) underlined at
the TSS, drives TSS selection and specificity. Interestingly, the established TATA box
consensus is present in less than 3% of functional human TBP binding sites (Venters & Pugh,
2013). Molina & Grotewold (2005) similarly describe the TATA box to be present within the
Arabidopsis TBP functional window far less frequently than originally expected. TATA box
is, nonetheless, the most widely known CPE, which is result of it having the strongest
consensus aiding detection, rather than its ubiquity. Most metazoan promoters lack a TATA
box. The BREu, BREd, DPE and MTE elements are similarly rare and are not required to cooccur (Kadonaga, 2012), although their combined presence and the adherence to consensus
increases the affinity for GTF binding and PIC stability (Cianfrocco & Nogales, 2013). In
metazoan promoters devoid of a TATA box, CpG islands are prevalent (Choy et al., 2010). In
plants, which lack the methylation patterns observed of CpG islands, an enrichment of simple
repeat sequences is observed (Yamamoto et al., 2007a; Maruyama et al., 2012). Although the
TATA box is taxonomically prolific, occurring in bacteria, plants, yeast and other more
complex metazoans, the composition of TATA-less promoters differs significantly
(Yamamoto et al., 2007a), and thus the mechanisms driving transcription at these loci remain
unclear. Apart from CPE consensus adherence in the correct topological window,
accessibility is a major determinant of GTF affinity, a feature which is controlled by
epigenetic mechanisms such as nucleosome positioning and histone modifications.
Approximately 147 bp of DNA wrap around eight histone subunits to form a nucleosome
(Klug & Lutter, 1981), joined to the adjacent nucleosome by linker DNA of variable lengths.
DNA organised into nucleosomes thus resembles a 10 nm beads-on-a-string fibre.
Nucleosome occupation is in general inhibitory of transcription by competitive binding or
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occlusion at the CPEs (Brown et al., 2013). However, nucleosome occupation can be altered
at promoter sites by a cascade of protein-protein interactions and conformational changes.
The histone subunits H3 and H4 are amenable to covalent modifications such as acetylation
and methylation, epigenetic marks of chromatin state and regulated transcription (Du et al.,
2013).

Histone

activators

are

gene-specific

recruiters

of

acetyltransferases

and

methyltransferases which modify histone lysine and arginine tail residues. Open chromatin
and thus permissive PIC assembly is associated with H3K4me3 (tri-methylated lysine residue
at position 4 of histone H3) and H3K4me2 as they recruit ATP-dependent chromatin
remodelers. These remodelers either evict the nucleosome or reposition the DNA with respect
to histone subunits making CPE available for GTF binding. Histone depletion in yeast
proximal promoters is associated with constitutive (Narlikar et al., 2007) and conserved
(Rosin et al., 2012) expression, while precise nucleosome positioning is associated with
regulated transcription. The utility of histone modifications extends beyond that of
transcription initiation, with H3K36me3 of the +1 nucleosome associated with successful
transcription elongation (Guenther et al., 2007). Dong et al. (2012) support this by finding
correlation with H3K36me3 marks and RNA-Seq gene expression (successful full-length
transcription and Poly-A+ post-transcriptional modification) while H3K4me3 marks are
correlated with CAGE transcripts (5’ cap modification occurs during elongation).
Apart from nucleosome occlusion of CPEs as a negative regulator of transcription (Dong et
al., 2011), the presence or absence and the positioning of nucleosomes induces DNA
supercoiling (Kouzine & Levens, 2007). Supercoiling, both negative and positive, alter the
periodicity (Brick et al., 2008; Zhai et al., 2011; Kravatskaya et al., 2013) and torsion of
linear DNA. These changes in DNA conformation affect the shape and polarity of DNA
grooves, which in turn alter the binding affinity of TFs and other DNA binding proteins
(Zhitnikova et al., 2013). The looping of DNA is also required for the combinatorial
interaction of several cis-regulatory sites (Kouzine & Levens, 2007; Hakim et al., 2010;
Geggier & Vologodskii, 2010; Shandilya & Roberts, 2012). B-DNA, the standard DNA
conformation, is, however, an intrinsically rigid molecule. Contrarily, gene-looping, proteinDNA interactions and successful transcription initiation require varying degrees of DNA
flexibility. Every third atom along the DNA backbone is a hydrophilic polar charged
phosphate, rendering the backbones, and the double helix hydrophilic. This promotes
interaction with proteins such as histones and TFs, as well as RNA molecules. Thus it is the
binding of TFs that induce topologically specific DNA bending and flexibility. The resultant
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change in curvature and coiling of the core promoter fulfills a structural, organizational or
regulatory function (Papantonis & Cook, 2010; Hakim et al., 2010). The DNA itself is also
capable of different morphologies, such as Z-DNA, a left-handed double helix, H-DNA, a
triplex structure, and G-quadruplex DNA. H-DNA forms in CT∙GA dinucleotide repeat
regions and results in both single and triple-stranded DNA, resulting in an open chromatin
conformation permissive to the binding of TFs. The formation of G-quadruplex DNA (G4) on
the leading strand, leaves the reverse or template strand open in a loop conformation, a
structure in which transcription is highly permissive (Sawaya et al., 2013; Maizels & Gray,
2013). Non-B-DNA conformations arise as a result of supercoiling (Kouzine & Levens,
2007), and thus describes the manner in which protein-DNA interactions which induce
supercoiling can introduce exaggerated conformational changes.
The DNA structure is constantly morphing, responding to factors and internal physiochemical
interactions. It is thus not surprising, but no less remarkable, that the highly specific and
complex phenotypes derived from DNA expression, show a high level of expression
stochasticity. Lionnet & Singer (2012) discuss advances made by single-cell expression
analyses. These suggest that transcription occurs in bursts, where genes randomly switch
“on” and “off” and show considerable variation in a cell population is dependent on cellcycle (Zopf et al., 2013). Seila et al. (2009) also show that despite strand specificity of core
promoter elements, transcription is likely to occur bi-directionally at most transcriptionally
active promoters. Only a small proportion of initiated transcripts successfully elongate into
full length RNA molecules. Transcript abortion occurs prolifically while transcripts are
shorter than 5 bp. Once this length is reached, the nascent transcript is able to interact with
TFIIA and the catalytic center of the open RNA Pol II complex which stabilizes transcription
(Shandilya & Roberts, 2012). Further elongation stabilizers include histone modifications of
the +1 nucleosome. RNA Pol II pausing downstream of the TSS is an abundant phenomenon
(Mokry et al., 2012), and has been associated with sequence composition downstream of the
TSS (Kwak et al., 2013). RNA Pol II pausing is associated with nucleosome depletion and
the accessibility of CPEs and enhancers by their respective factors (Adelman & Lis, 2012). In
addition to the stochasticity of successful transcription elongation and promoter escape, there
is also a high level of variability in TSS selection.
Numerous studies quantifying the 5’ termini of transcripts found, rather than a discrete TSS,
transcription initiating at different abundances over variably broad ranges (Carninci et al.,
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2006; Yamamoto et al., 2009; van Heeringen et al., 2011; Zhao et al., 2011). This evidence
of TSS dispersion refutes the qualitative assignment of a single position as the transcription
start site (TSS). Rather, a quantitative descriptor, such as a transcription start site distribution
(TSSD; Zhao et al., 2011) better describes the transcription initiation pattern of the majority
of genes across kingdoms (Hoskins et al., 2010). Comprehensive capturing of capped
transcripts is employed in many techniques such as CAGE (de Hoon & Hayashizaki, 2008),
deepCAGE (Valen et al., 2009), nanoCAGE (Salimullah et al., 2011), CT-MPSS (Yamamoto
et al., 2009) and TSS-seq (Kanai et al., 2011). This is the most accurate way to define
TSSDs. In human, broad, sharp, broad with peak and multimodal TSSDs have been described
(Balwierz et al., 2009) Zhao et al. (2011) describe the distributions as scattered, dense and
ultra-dense. For Arabidopsis, the TSSDs have been described as either broad or convergent,
with measures regarding the kurtosis and tail-length of the distribution (Yamamoto et al.,
2009). For each of these distributions, core promoter sequence biases have been detected,
with TATA promoters associated with sharp/dense/convergent TSSDs, and TATA-less with
broad/scattered. Robb et al. (2013) posit a model for alternative TSS selection based on the
length and width of the transcription bubble that is formed in promoter melting. Transcription
bubble expansion and the associated “scrunching” (Kapanidis et al., 2006) of adjacent DNA
induces the use of downstream TSSs, whereas transcription bubble contraction and the
associated DNA “unscrunching” (Kapanidis et al., 2006) result in the preferential use of
upstream TSSs. Such alternative TSS use changes the periphery of the 5’ UTR sequence, and
may alter translation efficiency, further propagating the stochasticity from gene to protein,
and thus functional, expression.
The linear organization of DNA upstream to the 5’ periphery of a gene is largely responsible
for the cis regulation of gene expression and is crucial for the co-operative binding of TFs
and assembly of core regulatory inputs. Core promoter classes have been described according
to their nucleotide composition, with alternative compositions possessing alternative
properties (Lenhard et al., 2012). The linear cis-regulatory capacity of DNA is most often
described in terms of the potential to bind factors by cognate consensus patterns (Wingender
et al., 1996, 2000; Lescot et al., 2002). However, there are many physiochemical properties
which contribute to regulatory inputs and are independent of TF affinity for a DNA
consensus (Hoskins et al., 2010). These physiochemical properties are inherently derived
from the sequence composition of the core promoter. DNA melting, curvature, rigidity and
torsion are all properties dependent on sequence composition (Geggier & Vologodskii, 2010).
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Nucleosome occupancy is also a product of sequence composition (Kaplan et al., 2009). The
looping of DNA into concisely structured foci of transcriptional activity is dependent of
composition specific properties (Boedicker et al., 2013). TSS selection is also guided by
general sequence composition, as the size of the transcription-bubble is a product of melting
potential and thermodynamic stability (Robb et al., 2013), and the resultant scrunching is a
determinant of transcription initiation positioning (Kapanidis et al., 2006; Chinnaraj et al.,
2013). Thus enriched core promoter sequence may fulfill two co-dependent roles,
physiochemical structure as a direct or indirect component of a regulatory input, and for the
consensus driven recognition by TFs.
The distinction between the core and proximal and distal promoters is in their regulatory
capacity. Core promoters may bind GTFs or possess particular physiochemical properties to
regulate transcription, but the PIC binds at the core promoter and this region acts as a discrete
regulator in that a gene is either switched “on” or “off”. Enhancers are more abundant in the
proximal promoter than the distal, but both bind TFs which regulate the temporospatial
transcription of a gene and are regarded as modulators. As TFs commonly bind as a complex,
there are typically a number of enhancers or binding sites in any one promoter (Wagner,
1999), which may be homotypic or heterotypic. A cluster of functional TFBSs is a cisregulatory module (CRM) and are often only functional if their constituent TFBS are within a
particular order, range from one another, strand orientation and distance from the
transcription start site (TSS) (Aerts et al., 2003; Zeigler et al., 2007; Priest et al., 2009; Su et
al., 2010). CRMs may also bind at transcription factories, assemblies of transcriptional
machinery, the interacting TFs and co-factors which are perpetually anchored at discrete sites
within the nucleus (Sutherland & Bickmore, 2009). This opposes the original ideology of a
TF diffusing through the nucleus and happening upon a region where it may bind, to the more
orchestrated movement of a locus to a semi-permanent transcription factory (Pai & Engelke,
2010). Although this phenomenon is near fully accepted, the extent to which this occurs is
still unknown. It is most likely that both methods of TF-DNA interaction occur. Supporting
the hypothesis of DNA requiring long range mobility for successful transcription, are
chromosomal territories and their inter-chromosomal regions. A cell’s chromosomes, during
interphase, are organised into distinct chromosome territories (Fraser & Bickmore, 2007; Pai
& Engelke, 2010; Cremer & Cremer, 2010; Sáez-Vásquez & Gadal, 2010; Gagniuc &
Ionescu-Tirgoviste, 2013). Chromosomes positioned towards the centre of the nucleus have
lower transcriptional activity than those at the periphery. Further, those loci which are located
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at the periphery of each chromosome’s territory, called the inter-chromosomal region, display
greater transcriptional activity than those loci which are positioned at the chromosome
territory foci (Hakim et al., 2010). The DNA does not form such structures alone. It requires
a repertoire of proteins which behave as a scaffold for such DNA organisation (Wasson &
Hartemink, 2009). Proteins not only fix chromosomes in a particular morphology, but also fix
the structure to a point in the nucleus (Zhao et al., 2009). The dynamic movement of
chromosomes and loci according to their levels of transcriptional activity have also been
documented (Fraser & Bickmore, 2007; Deng et al., 2012). This indicates that a locus may be
preferentially expressed if located peripherally (Cerná et al., 2004).

1.4 CORE PROMOTER CHARACTERISATION IN PLANTS
Plant core promoters are described by the elements i) TATA-box, ii) Y Patch, iii) GA
elements, iv) CA elements and v) coreless (Hieno et al., 2014). The core promoter
composition in plants is enriched with W residues, which are the least stable in DNA
complementarity (Maruyama et al., 2012), as well as dinucleotide repeat sequences. WR
repeats are underrepresented, excepting TATATA and TATAAA, with enrichment for AT
possibly driving promoter context (Yamamoto et al., 2007b; Mogno et al., 2010). YR
residues are over-represented upstream of the TSS (Maruyama et al., 2012) and also
constitute the plant Inr element (Yamamoto et al., 2007b). Y repeat sequences are overrepresented proximal to the TSS, termed the Y-patch, which has been modeled to co-occur
with TATA box and the Inr (YR). The initial study defining the plant specific Y Patch
indicates a peak position at -13, comprising of sequences TCTCTC, CCTCTC, CTTCTC,
CTCCTC, CTCTTC, CTCTCC, TCCCTC, TTCTTC and TTCTCT (Yamamoto et al.,
2007b). In later work (Yamamoto et al., 2009), the analysis region was extended to include
200 bp downstream and the GA repeat sequence was characterized, found to occur in TATAless promoters, and associated with dispersed TSSDs. Both CT and GA repeats have been
shown to bind GAGA binding proteins BASIC PENTACYSTEINE (BPC) and BARLEY B
RECOMBINANT (BBR) in plants and to have both activating and inhibitory expression
responses (Berger & Dubreucq, 2012). There is at this point little empirical evidence for the
functional mechanisms of sequence composition enriched in plant core promoters. Apart
from TBP recognising the canonical TATA box and possibly a poly-T tract (Ahn et al., 2012)
and putative binding of GBP at GA repeat elements, little else is known about the sequence
specific structural conformations or the recruitment of GTFs in plants. Perhaps the most

Chapter 1

© University of Pretoria

Magister Scientiae Bioinformatics 10

poorly described aspect of plant promoters, is the interaction of TFs and their cognate
enhancers with the core transcriptional machinery, and how such interactions drive
combinatorial control of gene expression.

1.5 IN SILICO METHODS TO DESCRIBE CORE PROMOTER FEATURES
As gene regulation is a multi-faceted process, it is unsurprising that the field of regulatory
genomics is similarly broad. Specific areas of investigation include: transcriptional networks
(Mutwil et al., 2009; Street et al., 2011); whole-genome promoter region detection (Abeel et
al., 2009); identification of regulators (TFs and co-factors) (Persson et al., 2005); cisregulation (Vandepoele et al., 2009); nucleosome occupancy (Lee et al., 2004); 3D chromatin
organisation (Hakim et al., 2010); methylation states (Aceituno et al., 2008); and nuclear
organisation of TFs (Xu & Cook, 2008), amongst others. For the detection of CPEs, while
technological advances have allowed the nucleotide resolution determination of TFBSs
(Zhong et al., 2010) and characterization of DNA accessibility in proximity to the promoter
(Guenther et al., 2007; Swamy et al., 2011), the majority of studies rely heavily on in silico
pattern mining of DNA sequence. This approach relies primarily on the over-representation
of patterns in a target dataset when compared to a control dataset. A plethora of statistical
tests can be used to determine over-represented “words” or motifs, but the accuracy of these
results are heavily reliant on the correct acquisition of the target promoter dataset, and the
appropriate selection of a control dataset for maximum discriminatory power. Several in
silico methods to determine functional core promoter sequences are summarized in Table 1.2.
Typically, the positional conservation or topological constraint on the occurrence of a word is
an indicator of conservation, which is in turn an indicator of putative functional relevance. In
each of these studies, the correct annotation of the TSS, or TSSD is crucial, as the topological
restraint is with respect to these features. Incorrect annotations decrease the signal to noise
ratio, and hamper the identification of true signals. To limit the search space and enrich for
true regulatory elements, expression data are often used to select a number of candidate loci
which are putatively co-regulated (Vandepoele et al., 2009; Mutwil et al., 2011). There is a
slight disconnect in that steady-state RNA abundances are measured while inferences are
made about the transcription initiation rate or persistence, where the RNA abundances may
be affected by other factors such as mRNA degradation or ribosomal stalling. Nevertheless,
this method is popular and has provided valuable insights into transcriptional regulation.
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1.6 EUCALYPTUS GRANDIS
The Eucalyptus genus, endemic to Australia, has over 700 species divided into 13 subgenera.
Because of the genus’ remarkably broad adaptability, it now has members grown in many
parts of the world as economically important fibre crop species (Taylor et al. 2009). The
superior growth and multipurpose wood properties have resulted in the research of a number
of these species, most typically in the properties of their wood and xylogenesis (Ranik &
Myburg, 2006; Myburg et al., 2008; Grattapaglia & Kirst, 2008; Rengel et al., 2009;
Mizrachi et al., 2010; Creux et al., 2011, 2013; Juanita & Mun, 2011; Rencoret et al., 2011;
Hussey et al., 2013). The largest of the subgenera, Symphyomyrtus, comprises a number of
economically important eucalypt species, including E. grandis, E. urophylla, E. globulus, E.
calmaldulensis, E. gunnii and E. nitens. Marker assisted breeding has allowed for hybrid
plants, such as that of E. grandis x E. urophylla and E. nitens x E. globulus. These hybrids
possess optimised growth and wood density for maximal economic yield (Taylor et al. 2009).
Of pivotal import is the process of cellulose biosynthensis in the formation of the secondary
cell wall (SCW). Cellulose is the desired molecule for downstream applications in pulp,
paper, chemical cellulose and biofuel feedstock technologies and industries (Mizrachi et al.,
2012). Cellulose thus requires isolation from hemicelluloses and lignin, which are likewise
deposited in the SCW during xylogenesis. Cellulose biosynthesis has been shown to be under
strong transcriptional control (Hussey et al., 2013). The promoters of cellulose synthase
(CesA), the membrane bound catalytic unit which synthesises cellulose at the cell wall, have
been described showing several conserved cis-elements, yet also to lack a TATA-box for
TBP binding (Creux et al., 2011, 2013). In order to fully understand and characterise
transcription, it is necessary to determine which CPEs or core structural conformations render
the DNA permissive to transcription, so that enhancer elements may spatiotemporally
modulate gene expression.
The International Eucalyptus Genome Network (EUCAGEN; www.eucagen.org) released the
E. grandis genome sequence in January 2011 (Myburg et. al., in press) The 8X Sanger
coverage genome was sequenced and assembled by the Joint Genome Institute (JGI). The full
genome sequence, in combination with mRNA-Seq expression data for seven diverse tissues
(Hefer et. al., in preparation), provide the necessary data to curate TSS annotations and
perform a core promoter analysis. We aim to empirically curate 5’ UTR annotations using
454 EST and mRNA-seq data and identify core promoter classes and their specific
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expression and functional associations in E. grandis. Empirically substantiated TSS and core
promoter annotations will complement the release of the E. grandis genome and allow for the
generation of testable working hypotheses of promoter regulatory capacity in this
economically important fibre crop species.
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1.9 TABLES
Table 1.1. IUPAC nucleotide codes. Table showing the structures for each of the four
nucleotides present in DNA, as well as the IUPAC codes for nucleotide groups.
Iupac Code

Biochemical Properties/Similarity

A

Nucleotides

Adenine

https://commons.wikimedia.org/wiki/File:Adenine_chemical_structure.png,

C

Cytosine

https://commons.wikimedia.org/wiki/File:Cytosine_chemical_structure.png

G

Guanine

https://commons.wikimedia.org/wiki/File:Guanine_chemical_structure.png

T

Thymine

https://commons.wikimedia.org/wiki/File:Thymine_chemical_structure.png

M

Amino (C-N-H2) groups can form imino
tautomers (rare)

A; C

W

Form weak hydrogen bonds (2H)

A; T

R

Purine (2 heterocyclic rings)

A; G

Y

Pyrimidine (1 heterocyclic ring)

C; T

S

Form strong hydrogen bonds (3H)

C; G

K

Keto (C=O) groups can form enol tautomers
(rare)

G; T

B

not A (B comes after A)

C; G; T

D

not C (D comes after C)

A; G; T

H

not G (H comes after G)

A; C; T

V

not T (V comes after T and U)

A; C; G

N

Any

A; C; G; T
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Yamamoto
et al., 2007b

Brick et al.,
2008

Yamamoto
et al., 2009

d)

e)

Molina &
Grotewold,
2005

b)

c)

Kanhere &
Bansal, 2005

a)

Author
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Arabidopsis thaliana;

Plasmodium falciparum

Arabidopsis thaliana;
Oryza sativa

[-1000, +200] to analyse
promoters derived from
publically available TSSs by
LDSS (Yamamoto et al.,
2007a). CT-MPSS to
identify TSSDs.

Measured 59
physicochemical properties
of DNA are assessed in -100
to +50 promoter regions.

Smoothing window of 15
and 21 bps for hexamers and
octamers respectively. Peak
height and area above base
line used to determine
significance.

Motifs predicted by MEME
(Bailey et al., 2006) and
AlignAce (Hughes et al.,
2000) in [-50, -1] and
[+1,+50] of 12,749
promoters. +1 determined
by fl-cDNA clones.

Predicted stability curvature
and bendability of -1000 to 1 and +1 to +500 promoter
regions.

2540 vertebrate and 198
plant promoters from
Eukaryotic Promoter
Database (Schmid et al.,
2004); Escherichia coli;
Bacillus subtilis

Arabidopsis thaliana

Method

Organism(s)

Mean and standard
deviation of kmers
calculated from 1000
random promoter samples

Exonic and intergenic.

Mean and standard
deviation of octamer
occurrence calculated
from 1000 random
promoter samples

50bp shuffling of
mononucleotide
frequencies ~65% A/ T to
~35% C/G and ~61% A/T
to ~39% C/G of [-50, -1]
and [+1,+50] respectively.

[-1000, -1] and [+1, +500]
shuffled to retain
mononucleotide
frequency.

Background

Continues on next page…

GAGAGA and CACACA repeat
elements downstream of TSS.
Confirmation of the Y-patch.
Identification of plant Inr-like and
Kozak sequence.

Physicochemical properties are
predictive of core promoters. TA
at TSS, following YR (PyPu)
rule.

YR rule at the TSS and the Y
repeat patch occurring at -13.
TATA box is conserved at -35
and ~300 peaks in [-200,-51] are
putative TFBSs for modulators.

TATA-Box is less prevalent than
previous estimates for plants.
Describe 20 over-represented
motifs including the R and Y
repeat sequences.

Promoter regions are less stable
and less bendable, but contain
elements to enhance topologically
constrained bendability

Main findings

Table 1.2. Applicable research publications in which core promoter elements are described. Advancement of core promoter research using
various experimental procedures and bioinformatics techniques.
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van
Heeringen et
al., 2011

Maruyama
et al., 2012

Venters &
Pugh, 2013

i)

j)

Zhao et al.,
2011

g)

h)

Bernard et
al., 2010

f)

Author
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Homo sapiens

Arabidopsis thaliana;
Oryza sativa; Glycine
max

Homo sapiens; Xenopus
tropicalis

Homo sapiens; Mus
musculus

Arabidopsis thaliana

Organism(s)

Determined TBP and TFIID binding
by ChIP-exo. Searched for TATA
consensus in 6,511 promoters, with up
to 3 mismatches within 80 bp of sensestrand TFIIB binding signal midpoint.
BREu, BREd and Inr were searched
for within -40, +40 and +60 from 5,546
TATA box hits.

Z-test comparison of cold and
dehydration response gene’s promoters
(microarray determined) with the
expected frequency in randomly
sampled promoter in 50bp windows [100,-51], [1-50,-1] and [+1,+50]

MEME (Bailey et al., 2006) MotifSampler (Thijs et al., 2001), Weeder
(Pavesi et al., 2004) and MDmodule
(Liu et al., 2002) occurrence of >=2 sd
above background with bin size of 20.
Promoter set from [-400,+100]

Searched for TATA position weight
matrix in [-100,100] and CpG repeats
in [-300,300] with 0 the dominant peak
of the TSSD.

99% confidence interval determined by
linear regression of background
occurrence of hexamers. Searched for
non-even distribution above
confidence interval in [-300,+500]

Method

NA

1000 random
samplings of promoter
per species (n=100)

Random sequence
generated by first order
markov model derived
from promoter set.

NA

[-1000,-300] of 14927
A. thaliana promoters

Background

Estimate 500,000 promoter initiator
complexes occur in human genome.
~85% of tested promoters contain 0-3
mismatch of TATA box, while only 3%
contain canonical TATA box. Confirmed
co-occurrence with BREu/d and Inr.

W residues are over-represented in
promoter sequences, rice and soybean
also contain over-represented S residues.
WR hexamers are under-represented
expect for TATATA and TATAAA. YR
hexamers are overrepresented in [-50,-1]

Used TSS-seq and CAGE to identify
dominant TSSs. Identified 24 enriched
motifs in X. tropicalis, some of which
are conserved in vertebrates.

CpG islands are associated with broad
TSSDs, whereas TATA-Box, Inr,
DPEu/d are associated with sharp,
narrow TSSDs.

TC element enriched at [-39,-26] in
TATA-less promoters of A. thaliana,
which are not present in metazoans and
are not conserved in orthologous gene
pairs in higher plants (O.sativa)

Main findings

Table 1.2 continued. List of applicable publications in which core promoter elements are described. Advancement of core promoter research using various
experimental procedures and bioinformatics techniques.
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CHAPTER 2 : Empirical curation of 5’ UTRs in
the Eucalyptus grandis genome
Ida C van Jaarsveld1,2, Eshchar Mizrachi2, Fourie Joubert1 & Alexander A Myburg2
1 Bioinformatics and Computational Biology Unit, Department of Biochemistry, Genomics Research Institute
(GRI), University of Pretoria, Private bag X20, Pretoria, 0028, South Africa
2 Department of Genetics, Genomics Research Institute (GRI), Forestry and Agricultural Biotechnology
Institute (FABI), University of Pretoria, Private bag X20, Pretoria, 0028, South Africa

This chapter is formatted as a research article for a peer-reviewed journal (New Phytologist).
Much of this content has been accepted by Nature as supplementary material in “Genome
sequence of Eucalyptus grandis: A global tree crop for fiber and energy” (Myburg et al., in
press). AA Myburg conceptualized the study, E Mizrachi facilitated the study design, IC van
Jaarsveld designed the study and methodology, wrote all custom scripts and workflows,
implemented the design, interpreted the results and wrote the manuscript. AA Myburg, E
Mizrachi and F Joubert approved and supervised the study and reviewed the manuscript.
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2.1 SUMMARY
•

The first release of the Eucalyptus grandis genome sequence and annotation
motivates the need for gene model curation. The 5’ untranslated regions (UTRs) lack
intrinsic DNA signatures for annotation, and are more divergent than their proteincoding counterparts. Only 57% of the Phytozome V1.0 E. grandis gene models are
equipped with an annotated 5’ UTR and we expect that a significant proportion of
these are truncated. We hypothesise that empirical transcript evidence can improve
the number and quality of 5’ UTR annotations.

•

~2.9 million E. grandis ESTs and ~700 million paired-end mRNA-seq reads from
seven diverse E. grandis tissues and organs were used to empirically curate a
maximum number of E. grandis 5’ UTRs. A prioritized composite set of annotations
comprises the longest empirical 5’ UTR, and in cases of no empirical evidence and a
FGH prediction, the predicted 5’ UTR.

•

RNA-seq annotated 5’ UTRs were annotated for 22,983 genes, whereas only 8,040
were annotated by ESTs. Using high throughput empirical curation from these two
sources, it was possible to substantiate or improve 17,085 5' UTR annotations, and
add 7,596 which had no prior annotation.

•

The curated 5’ UTRs allow the inference of high confidence distal transcription start
sites, which can be used in the downstream assessment of promoters and
transcriptional regulatory features of this economically important fibre crop species.

2.2 INTRODUCTION
Confidence in an emerging genome annotation is instilled through curation of functionally
relevant features by expert investigation and empirical evidence. The Online Resource for
Community Annotation of Eukaryotes (ORCAE; Sterck et al., 2012) provides a curation
platform for the Eucalyptus grandis genome annotation. ORCAE allows for the browsing,
interrogation and correction of annotated functional units at nucleotide resolution. The
functional unit of interrogation in this chapter is the 5’ untranslated region (UTR). The E.
grandis 5’ UTRs (Phytozome V1.0) were predicted simultaneously with protein-coding loci
by FGenesH (Solovyev et al., 2006). Briefly, this process isolates genomic regions spanning
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1kb either side of aligned ESTs, and together with angiosperm protein sequences, are
submitted to both intrinsic and extrinsic methods of in silico gene prediction. In silico 5’
UTR annotation uses Arabidopsis-derived genomic features such as the TATA-Box and
oligomer frequencies to computationally assign putative transcription start sites (TSSs) and
thus delimit the 5’ UTR (Shahmuradov et al., 2005; Solovyev et al., 2006) within the 1kb
extended genomic regions of EST alignment. False positive TSS annotation estimates for this
approach range between 1 per 700 to 1000 bp, and there is a bias toward TATA promoter
sensitivity (Shahmuradov et al., 2005).
In an attempt to circumvent poor performance, particularly in cases of multiple possible TSSs
per locus, the most 3’ annotation is preferred, possibly truncating the 5’ UTR model. Despite
the high false positive rate, gains in sensitivity are not adequately achieved, as is evident with
only ~57% of the current E. grandis gene models assigned a 5’ UTR. Sensitivity is impeded
as the TATA-box, a key signature in TSS prediction, occurs less frequently than previously
thought, and is absent in the majority of both metazoan and plant genes (Lenhard et al.,
2012). The poor sensitivity is thus a result of the subtle intrinsic DNA signatures, which
results in proximal promoters not being well described, particularly in non-model organisms.
TSSs are however empirically, and thus more reliably, distinguishable by transcript support
such as ESTs (Kan et al., 2000; Haas, 2003), full length cDNA (Molina & Grotewold, 2005;
Tanaka et al., 2009; Soderlund et al., 2009) and next-generation sequencing (NGS) RNA-seq
(Zhang et al., 2010) data.
The expectation of promoter sequence complexity has grown proportionately with the
advancements of quantitative and descriptive transcriptomics and the number of sequenced
genomes (Zuo & Li, 2011; Lenhard et al., 2012; Liu et al., 2013). Transcription is seldom
initiated at a single discrete coordinate, but rather over a genomic region, of which the range
and distribution differ significantly between genes and their tissue, developmental and
response specific expression (Balwierz et al., 2009; Valen et al., 2009; Yamamoto et al.,
2009; Ni et al., 2010; Zhao et al., 2011). This is compounded by a high level of stochasticity
influencing the positioning and success of transcription initiation (Kaern et al., 2005;
Shandilya & Roberts, 2012). High confidence TSS distribution (TSSD) (Zhao et al., 2011)
annotation is still rare in plants and requires a specific transcript-preparation protocol such as
DeepCAGE (Valen et al., 2009). A useful co-ordinate in the TSSD is the most 5’ position, as
it represents the first position at which DNA transcription is permissive at a particular gene.
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Studying these promoter and distal transcription start site (dTSS) features can provide
valuable insight as to the underlying mechanisms of transcription initiation. The most 5’
evidence of continuous high-quality, full-length expressed transcripts empirically identifies
(Haas, 2003; Molina & Grotewold, 2005) the distal co-ordinates of TSSDs, or the “dTSS”.
Genome annotation is a continuous process, with manual curation crucial to the confidence in
feature description and respective functional inference. ORCAE (Sterck et al., 2012)
demonstrates discordance between current 5’ UTR annotations and empirical transcript
evidence. Where the 5' UTR annotations are unsubstantiated by empirical data, they may be
absent, truncated or extended. Typically, 5’ UTRs are challenging to annotate in silico as they
lack intrinsic annotation signatures of other feature-rich gene components such as exons, and
are extrinsicallymore divergent from homologous gene models than their protein-coding
counterparts. They are thus more prone to misannotation. However, there is extensive E.
grandis empirical transcript evidence (full-length mRNA-seq) that has been generated for the
expression analysis of diverse developing tree tissues (Hefer et al., in preparation). This
illustrates not only the necessity, but the opportunity to validate or correct current 5’ UTR
annotations by use of available transcript evidence.
A prominent focus of E. grandis research, particularly that of the Forest Molecular Genetics
Programme at the University of Pretoria, is the experimentation and detailed description of
transcriptional regulation relating to wood formation in trees (Creux et al., 2011, 2013;
Mizrachi et al., 2012). Promoters are fundamental cis-regulatory loci at which transcriptional
inputs are assembled, ultimately driving gene expression. The E. grandis v1.1 gene models
are used to intricately assess the promoters of genes which yield key wood property, growth
and resistance traits. The inference of these promoter regions, and the extraction of their
respective DNA sequence, hinges on the TSS annotations. Thus the integrity of promoter
analysis results is highly dependent on accurate TSS annotations. To extract maximum value
from downstream analyses, it is essential that TSSs are curated and that the annotations used
are empirically substantiated.
In the absence of 5' captured full-length mRNA or the specific isolation of 5' tags, we
hypothesise that mRNA-seq data is adequate for the curation, encompassing both validation
and correction, of in silico annotated E. grandis 5’ UTRs. We expect that the most 5’
evidence of transcription infers a distal transcription start site and a maximally inclusive 5’
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UTR annotation. We have developed a method for the systematic high-throughput curation of
dTSSs, which are central to promoters, core regulatory loci. The prioritised inclusion of
mRNA-seq and EST data improves both the number and quality of 5’ UTR annotations,
providing the genomic co-ordinates for future analyses of regulatory loci in the E. grandis
genome, including Chapter 3.

2.3 MATERIALS AND METHODS
2.3.1. Genomic and RNA transcription data acquisition
The Phytozome (Goodstein et al., 2012) v8.0 (“Egrandis_201”) unmasked genome assembly
and gene-exon gff3 file (V1.0) were downloaded from the Phytozome E. grandis ftp
repository (ftp://ftp.jgi-psf.org/pub/JGI_data/phytozome/v8.0/Egrandis/). Approximately 2.9
million E. grandis ESTs (454 reads), assembled by PASA (Haas, 2003) into 152,670 locusassociated EST assemblies, were downloaded per request from the ORCAE curation platform
(Sterck et al., 2012). EST alignment was performed using GenomeThreader (Gremme et
al., 2005) with 95% similarity and 90% identity thresholds (Sterck et al., 2012). These EST
annotations were preferred over those from Phytozome’s GBrowse (Stein et al., 2002)
instance as i) the E. grandis and sister Eucalyptus’ ESTs are assembled separately, thus
reducing noise in the dataset (Supplementary Figure 2.3); ii) the ESTs are associated with E.
grandis loci a priori, thus reducing the amount of required parsing and processing; and iii)
the EST splice boundary coordinates are available as opposed to just the start and end. 5’
UTRs predicted by FGenesH (Solovyev et al., 2006) and defined by the Phytozome
(Goodstein et al., 2012) gene models are referred to as "FGH" 5’ UTRs in the remainder of
the text; those inferred by the ORCAE (Sterck et al., 2012) PASA (Haas, 2003) assembled E.
grandis EST data are referred to as "PASA" 5’ UTRs; those inferred by mRNA-seq, as "NGS"
5’ UTRs; and the most 3’ initiation codon per locus is referred to as “INIT”.

2.3.2 Annotation of 5’ UTRs using mRNA-seq data
Paired-end Illumina mRNA-seq data for shoot tip, young leaf, mature leaf, flower, root,
phloem and immature xylem tissues (Hefer et. al. in preparation) were mapped individually
to the genome. Approximately 750 million, paired-end, 75 nt reads were aligned to the E.
grandis genome using TopHat (Trapnell et al., 2009) with default parameters. The process
to delimit 5’ UTRs from mRNA-seq data is described in Supplementary Note 2.1. Briefly, the
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resulting SAM alignment files were merged into a bulk alignment file using SAMtools (Li
et al., 2009), which was subsequently filtered for a mapping quality of at least two (three or
less possible hits in the genome) and for introns less than 6500 bp, as extracted by the
extended CIGAR (Li et al., 2009) string. The remaining reads were reconverted to BAM
format. Igvtools (Thorvaldsdóttir et al., 2012) was then used to convert the BAM to the
per-base coverage wiggle format. All possible splicing events were extracted from the
CIGAR strings, which were submitted, in unison with the bulk BAM file, to bam2ssj
(Pervouchine et al., 2012) for splice junction quantification. Those splice-events with a
splicing index and percent-spliced-in (PSI) value of at least 0.4, and raw splice-junction
coverage of at least 5, were retained. The wiggle representing coverage and high confidence
splice junctions was then used to delimit the 5’ UTRs. The following exclusionary criteria
were applied to NGS coverage data: i) overlapping gene models; ii) continuous coverage
spanning more than 9 kb; iii) continuous 5’ coverage into an upstream gene model; iv)
coverage of less than 5 at INIT; and v) a 5’ UTR splice junction spanning to an adjacent gene
model. If the above criteria at a given locus were permissive, the NGS 5’ UTR regions were
defined by: 𝑁𝐺𝑆 ∈ {𝑘𝑐1 , 𝑘𝑐2 , 𝑘𝑐3 … 𝑘𝑐𝑛 } where 𝑘 is the normalisation constant defined by
𝑘 = 1�𝑟; 𝑟 is the raw coverage at INIT; and 𝑐 is the raw depth of coverage at positions

{1,2,3 … 𝑛} upstream of INIT, so that 𝑐 ≥ 1. Thus, a normalised array was built from INIT

upstream until a discontinuation in coverage. Areas of zero coverage were permitted if they
were bounded by a significantly supported splice junction unique to that respective gene
model.

2.3.3 Length comparison of predicted and empirically derived 5’ UTRs
The FGH 5’ UTR regions were extracted from the gff3 as: the region from the most 5’ exon
position to and including INIT (Supplementary Note 2.2). The PASA 5’ UTRs were extracted
from the tabular PASA file (Sterck et al., 2012) if a given locus-associated EST assembly
overlapped the most downstream initiation codon of the respective locus (Supplementary Note
2.3). Again, the 5’ UTR is defined from the most 5’ position of the EST assembly, to and

excluding INIT. Pairwise comparisons of 5’ UTR length distributions and per-gene 5’ UTR
length correlation were tested using Kolmogorov-Smirnoff and Pearson correlation
respectively.
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2.4 RESULTS
2.4.1 mRNA-seq transcript evidence extends upstream of predicted 5’ UTRs
At each locus, the FGH, PASA and NGS 5’ UTR lengths were compared. From these lengths,
5’ UTR annotation sources were prioritized per locus (𝑛). An empirical annotation (PASA𝑛;
NGS𝑛) is prioritized over 𝐹𝐺𝐻𝑛. The longest empirical transcript was preferred, i.e.
PASA𝑛>NGS𝑛 or NGS𝑛>PASA𝑛 (Figure 2.1a). Those loci which have a 5’ UTR reported by

only FGH retain their FGH annotation as the best current annotation. Distal transcription start
sites (dTSSs) may be inferred by the first position of the prioritised 5’ UTRs, with greater
confidence associated with those that are empirically substantiated, and, if by NGS, those
with higher coverage at INIT, the scores of which are detailed in gff3 format (Supplementary
Note 2.1, line 30).

Of the 20,760 E. grandis loci annotated with an in silico predicted 5’ UTR, 35% (7,306) of
loci were also represented by PASA data, whereas 75% (15,569) were also represented by
NGS. The co-occurrence of 5’ UTR annotation per locus is depicted in Figure 2.1b, showing
5,790 loci are represented by all three sources. Despite the co-evidence at loci, the respective
annotations differ significantly in length (Kolmogorov-Smirnoff test, 𝑝 < 0.05). The
discrepancy between coordinates is calculable by the resultant 5’ UTR lengths. Only 519 loci

had annotations of a similar length (standard deviation < 5 bp). The pairwise comparison of
5’ UTR lengths (Table 2.1) indicates that the majority (63%) of in silico predictions were
unsubstantiated by the empirical evidence used to derive them. However, near half (56%) of
all loci that were annotated by both FGH and PASA were of equal length. This is not
surprising due to the prediction algorithm (FGenesH) using the PASA evidence, in
combination with intrinsic gene composition signals, to predict and define the gene models
and 5’ UTRs. Comparing the two empirical sources, NGS supported an additional 16,641,
and the majority (86%) of those loci co-annotated by NGS and PASA were extended by NGS.
In comparing NGS to FGH, although the majority (86%) of the in silico annotations were coannotated and extended by NGS, there is considerable value in retaining the FGH
annotations, as 5,191 had no NGS complement. In Arabidopsis thaliana, in which only ~61%
of gene annotations contain a 5’ UTR (Lamesch et al., 2012), the mean and median 5’ UTR
lengths are 299 and 118 bp respectively (Supplementary Figure 2.2). These are shorter than
the lengths reported for E. grandis FGH 5’ UTRs (347; 154), as well NGS (539; 283) and
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PASA (533; 151). The Pearson Correlation Coefficient between FGH and PASA 5’ UTR
lengths is 0.55, 0.28 between NGS and FGH, and only 0.20 between PASA and NGS, the
length distributions of which are depicted in Figure 2.2. The low 𝑟 2 values (0.3, 0.08 and

0.04 respectively), representing per-gene length similarity, indicate the extent of discordance
between 5’ UTR annotations between the three data sources. As hypothesized, the FGH
models are significantly shorter (Kolmogorov-Smirnov test, p < 0.05), indicating possible
truncation of in silico models. This was expected as FGenesH (Solovyev et al., 2006)

predictions favour those most proximal to the translation start site. mRNA-seq data is suited
to splice junction detection and identified 2,095 high confidence 5’ UTR introns. This
exemplifies the ability for NGS data to detect longer transcript isoforms, including those
which may be in minor abundance (see Additional file 2.1).

2.4.2 Empirical curation using expressed transcript data
Using high throughput empirical curation, it was possible to substantiate or improve the
annotation of 17,085 5' UTRs, and annotate an additional 7,596 5’ UTRs for genes that had
no prior 5’ UTR annotation. The final prioritized composite set of annotations comprises the
longest empirical 5’ UTR, and in cases of no empirical evidence and a FGH prediction, the
predicted 5’ UTR, proportions of which are detailed in Figure 2.3. We have augmented the
total percentage of annotated 5’ UTRs from 57% of all gene models to 78%, achieving the
desired increase in both quality and number of 5’ UTR annotations. Empirically annotated 5’
UTRs allow greater confidence in the inference of dTSSs, yet in silico annotations remain
invaluable in lieu of transcriptome data. The per scaffold and total contributions to the
composite prioritised 5’ UTR annotations are detailed in Figure 2.4 and Figure 2.5
respectively. There are relatively fewer 5’ UTR annotations on the minor scaffolds when
compared to major scaffolds (Figure 2.4), resulting from the high occurrence of gene
annotations starting at the first position of minor scaffolds.

2.5 DISCUSSION
Eucalyptus grandis gene models possess in silico predicted 5’ UTR annotations, of which
4,081 (~19%) are substantiated by empirical EST evidence. A method to delimit 5’ UTRs by
mRNA-seq and EST transcripts has been successfully designed and implemented, extending
13,431 5’ UTR annotations, and identifying 7,596 for which there was no prior annotation.
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The inclusion of mRNA-seq and EST empirical evidence has thus improved both the number
and quality of 5’ UTR annotations reported by Phytozome. These empirical annotations serve
as a form of high-throughput curation, an essential quality-improvement process in genome
annotation. These curated models have been made available to the Eucalyptus community by
inclusion in the official Eucalyptus grandis genome publication (Myburg, et al., in press).
This is in the form of one amalgamated gff3 file (Additional file 2.2), describing 5’ UTR
annotations from each source (See Figure 2.6). Each annotation is supplied with an
“extended” or “prioritised” tag, to allow unambiguous parsing and extraction (Supplementary
Note 2.1).

There are three classes of expected NGS 5’ UTR misannotation, these being omission,
truncation, and extension. Omission affects approximately 37% of the loci and is the result of
a locus either not being expressed or failing the filtering criteria (See Table 2.2 and
Supplementary Note 2.1). Expression is absent at loci for several possible reasons. The first is

that these loci are only expressed under specific growth or response conditions and are not
represented in the current mRNA-seq data for sampled tissues. It is also possible, and
expected at this primary stage of genome annotation, that several gene model predictions are
incorrect and thus are not transcribed. However, the 22,983 genes which do possess NGS 5’
UTRs are transcribed, indicating more prominent biological utility and thus more likely to be
targets of downstream meta-analyses.
Omission is also possible in several scenarios where there is significant gene expression.
Adjacent gene models in close proximity may have continuous read alignment spanning the
intergenic region. In such cases, read assignment is ambiguous, and delimiting the
termination of the transcript is not possible. Close proximity adjacency is not however an
indicator for omission, as the method is able to discern such 5’ UTRs (Figure 2.8). Genes in
close proximity are not restricted to transcription initiation occurring in the intergenic region,
a property inadvertently biased towards by this method, as promoter elements and enhancers
may reside within an upstream gene, as is the case with Populus trichocarpa CesA7 (Bartel,
personal communication). The distinctively high number of E. grandis gene models in
tandem duplicate (35%, Myburg et. al., in press) encourages spliced mapping of mRNA-seq
reads between adjacent and tandem gene models, resulting in NGS annotation omission by
failing this filtering criterion. Gene model errors can also result in NGS annotation omission.
In cases where the first exon is erroneously predicted to start further upstream of the true
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initiation site, the genes are transcribed, but do not pass the depth of coverage filtering
criterion at the false translation start site.
Truncation occurs when continuous mRNA-seq read alignment does not proceed as far as the
true start of transcription. This can result at the molecular level as an artefact from random
priming of poly(A)+ captured RNA, which has the propensity to under-represent 5’ termini
(Khrameeva & Gelfand, 2012). Given that the full transcript is indeed sequenced, filtering of
redundant reads and low-confidence splice junctions can truncate models. Low complexity
regions are common in promoters, and are intrinsic to their functionality, thus making it
likely that these reads map to several regions in the genome and are thus filtered. Although
truncating some models, this is a necessary criterion, as other loci would be susceptible to
erroneous extension. In the case of splicing events, unfiltered PSI values resulted in crossgene splicing, reducing the number of NGS 5’ UTRs to 15,911. Thus, increasing the splicing
stringency, although possibly truncating several models, ensured the inclusion of several
thousand more. NGS 5’ UTR extension occurs when an erroneous splice junction extends
upstream into an intergenic region of aggregated low coverage or there is background
coverage from unannotated gene models or redundant read alignment.
From the above three classes, it is evident that the efficacy of this method relies intrinsically
on the quality of the genome annotation, the depth of sequencing and the diversity of
conditions sampled, and the stringency of mRNA-seq mapping. The mRNA-seq alignment
originally performed for expression quantification was not performed with sufficient
stringency for per-base pair resolution studies. Hefer et al. (in preparation) used default
mapping parameters for the alignment of the paired-end reads. These sub-optimal alignments
could have been improved by limiting the number of genomic alignments allowed, increasing
the segment size and reducing the maximum intron length. Although such parameters would
have better suited this particular study, rather than running a computationally expensive
procedure of realignment, and for the sake of consistency, filtering criteria were employed to
isolate

high-quality,

low-redundancy

reads

and

high-confidence

splice

junctions

(Supplementary Note 2.1, lines 1-15). Furthermore, the tapering nature of transcription
initiation (Additional file 2.3) doesn’t allow for background correction such as a local
dynamic lambda that one would use in peak-finding algorithms (Feng et al., 2011). Here we
specify a permissive read as one possessing a TopHat mapping quality of at least two, which
in PHRED probability conversion allows three or fewer possible matches against the
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reference genome, as a procedure for background noise reduction. The library preparation for
the mRNA-seq experiment did not specifically capture nor enrich for RNA by 5’ termini. It
was often observed that samples had non-identical transcription start sites, as per most 5’
aligned read. Merging and aggregating alignments from all tissues and replicates increased
the depth of coverage of 5’ termini per locus, and this was essential for obtaining abovethreshold representation of 5’ UTR reads.
Curation of 5’ UTRs, as with other genomic features (Supplementary Figure 2.1), should
proceed in the context of new and improving experimental technologies and analytical
capabilities, and the ensuing availability of novel empirical evidence. The empirical
annotations derived in this study would be supplemented by a targeted TSSD analysis, which
will again, validate, augment and improve the current dTSSs. A more appropriate library
preparation design would be preliminary RNA captured by poly(A)+, subsequently enriched
for 5’ caps (de Hoon & Hayashizaki, 2008; Yamamoto et al., 2009; Salimullah et al., 2011;
Zhao et al., 2011; Schlüter et al., 2013). 5’ tags can be sequenced to reduce cost and ensure
higher coverage at the 5’ terminus on a limited budget. Such an approach would specifically
enrich for only full length mature mRNA and long non-coding RNA. Although this provides
only steady state RNA abundances and is not the best possible proxy for transcription rate, it
will ensure enrichment of 5’ termini of full-length transcripts and thus facilitate TSSD
annotation, which in itself is replete with challenges. Lastly, the method that has been
developed to delimit 5’ UTRs is appropriate for 3’ UTR annotation, and although a suitable
and opportunistic curative resource, was excluded as it was outside of the scope of this study.

2.6 CONCLUSION
mRNA-seq is traditionally used for expression profiling and the detection of sequence
variants such as SNPs and indels. It is an invaluable and widely used experimental strategy as
it can address such questions simultaneously. The technology is particularly useful for
genome-wide hypothesis generating research in both model and non-model organisms. Here,
we extend the utility of mRNA-seq data and describe a method where it is used to delimit
distal transcription start sites. Genome annotation curation is an essential and iterative
process. ORCAE (Sterck et al., 2012) allows for curation at a per-gene resolution, but
requires timeous community involvement and the necessary knowledge of gene composition
and structure to identify and correct misannotations. This high-throughput empirical curation
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effort provides researchers with examinable evidence, both empirical and predicted, of TSSs.
This will contribute to researchers’ cognisance of alternative TSS possibilities while
formulating hypotheses and designing wet and dry-lab procedures which target promoter and
5’ UTR regions of this economically important fibre crop species.
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2.8 TABLES AND FIGURES

FGH vs NGS

PASA vs NGS

FGH vs PASA

Table 2.1. Two-way comparison of 5’ UTR lengths between FGH, PASA and
NGS sources. Absolute frequency is highlighted as a heatmap (0–white, 16,641–red).
Comparison

Absolute frequency

Percentage

FGH > PASA

2,550

11.86

PASA > FGH

675

3.14

FGH = PASA

4,081

18.99

FGH only

13,454

62.59

PASA only

734

3.41

Total

21,494

PASA > NGS

844

3.42

NGS > PASA

5,463

22.13

PASA = NGS

35

0.14

PASA only

1,698

6.88

NGS only

16,641

67.42

Total

24,681

FGH > NGS

2,051

7.28

NGS > FGH

13,431

47.67

FGH = NGS

87

0.31

FGH only

5,191

18.42

NGS only

7,414

26.32

Total

28,174
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Table 2.2. Number of NGS annotations omitted by exclusionary criteria.
Absolute frequency is highlighted as a heatmap (0–white, 8,465–red).
Number of genes
Exclusionary Criteria
excluded
Overlapping gene model

2,556

Insufficient depth of coverage

8,465

Coverage into adjacent gene model

1,019

Splice event with adjacent gene model

680

Leaderless*

673

Total

13,393

*Leaderless refers to loci which, although passing all filtering criteria, had no mRNAseq reads, thus expression evidence, upstream of INIT.
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(a)

(b)

Figure 2.1. Use of data sources for the curation of E. grandis 5’ UTRs (a)
Flow chart overview of methods to determine the prioritisation and extension of
E. grandis 5’ UTR models. (b) Venn diagram showing the number of loci
annotated by FGH, PASA and NGS, with the intersection of domains
representing loci that were annotated by more than one source.
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Figure 2.2. Length distributions of FGH, PASA and NGS determined 5’ UTRs. The
median divides the second and third quartile, while vertical lines show the 5th and 95th
percentile, and dots show outliers. The second and third quartiles indicate that FGH
annotations are shortest. PASA third and fourth quartile ranges are nearer that of NGS
annotations, although the median value remains closer to that of FGH.
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Figure 2.3. Final contributions of each source to the prioritised collection of E. grandis
5’ UTR annotations. If a gene locus has an NGS or FGH 5’ UTR annotation, the longer of
the two is preferred. If there is only one empirical source, that is preferred above an FGH 5’
UTR annotation, otherwise the FGH annotation is retained.
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(a)

(b)

Figure 2.4. Percentage and absolute frequency of prioritised 5’ UTR sources per
scaffold. (a) the number of loci possessing prioritised FGH, PASA and NGS prioritised
annotations per scaffold, and (b) the relative percentage of the prioritised contributions. The
major scaffolds 1 to 11 are represented by the IDs Eucgr.A* to Eucgr.K* (* is a wildcard),
where minor scaffolds 12 to 5379 are represented by IDs Eucgr.L*. Notice that scaffolds 1 to
11 NGS percentage fluctuates near 60%. The drop to 44% for the remaining scaffolds,
Eucgr.L* is coupled with an increase in the percentage of loci with no 5’ UTR annotation.
This is an intuitively apt result considering the nature of the minor scaffolds, particularly their
inability to assemble and the associated doubt coupled with those gene annotations.
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Figure 2.5. Distribution of prioritised E. grandis 5’ UTR lengths. Absolute
frequency is shown above the distribution for prioritised 5’ UTR lengths. The
box represents the median divided by the second and third quartile, while
vertical lines show the 5th and 95th percentile, and dots show outliers.
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five_prime_UTR 12024
five_prime_UTR 12668
five_prime_UTR 12106
five_prime_UTR 12668
five_prime_UTR 11930
five_prime_UTR 12668

12154
12710
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12710

. + . ID=Eucgr.A00001.phyt.five_prime_UTR.1;prioritised=FALSE;extended=FALSE
. + . ID=Eucgr.A00001.phyt.five_prime_UTR.2;prioritised=FALSE;extended=FALSE
. + . ID=Eucgr.A00001.est.five_prime_UTR.1;prioritised=FALSE;extended=FALSE
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1081 + . ID=Eucgr.A00001.ngs.five_prime_UTR.1;prioritised=TRUE;extended=TRUE
1081 + . ID=Eucgr.A00001.ngs.five_prime_UTR.2;prioritised=TRUE;extended=TRUE

Figure 2.6. Representation of E. grandis 5’ UTR gff file. (a) Gff3 record of Eucgr.A0001 and it's corresponding IGV (Thorvaldsdóttir
et al., 2012) representation (b). Notice that the depth of coverage at INIT is recorded in the score column of NGS entries. This particular
example shows that all three sources report the same splice junction. FgenesH (Solovyev et al., 2006) has predicted the TSS upstream of
any empirical evidence. mRNA-seq evidence suggests that the TSSD initiates further upstream than what the FGenesH TSS suggests.
Thus, the mRNA-seq derived annotation is both extended and prioritized.

##gff-version 3
scaffold_1 phytozome8_0
scaffold_1 phytozome8_0
scaffold_1 pasa_ORCAE
scaffold_1 pasa_ORCAE
scaffold_1 RNAseq
scaffold_1 RNAseq
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Figure 2.7. NGS data continues upstream of PASA and FGH annotations. Eucgr.A0003
(uncharacterized conserved protein (DUF2358)), shows 5’ UTR annotation is congruent with
the EST evidence. However, NGS evidence continues upstream from this and is considered
both the extended and prioritised annotation. Tracks, from top to bottom, are as follows: 1)
locus positioning, 2) bigwig mRNA-seq coverage displayed as histogram, 3) bigwig mRNAseq coverage displayed as heat-map, 4) gene models (Egrandis_201_gene.gff3) from
Phytozome, 5) separated (Supplementary Note 2.4) FGH, 6) PASA and 7) NGS 5’ UTR
annotations respectively.
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Figure 2.8. Close proximity head-to-head E. grandis genes are annotated with NGS 5’
UTRs. Eucgr.A00426 (chloroplast outer envelope protein 37) and Eucgr.A00427 (uridineribohydrolase 2) contain NGS derived 5’ UTR annotations only, successfully annotated
despite the two genes being transcribed from opposite strands in close proximity (< 100 bp).
Tracks, from top to bottom, are as follows: 1) locus positioning, 2) bigwig mRNA-seq
coverage displayed as histogram, 3) bigwig mRNA-seq coverage displayed as heat-map, 4)
gene models (Egrandis_201_gene.gff3) from Phytozome, 5) 5’ UTR annotations respectively.
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Figure 2.9. Filtering criteria remove spurious upstream splicing events from NGS 5’
UTR annotations. Eucgr.A00095 (pfkB-like carbohydrate kinase family protein) aligned
mRNA-seq data reports several splice events which extend several kb upstream from the last
unspliced alignment. Using filtering criteria, these spliced reads were removed, thus
terminating the 5’ UTR array, as indicated by the green bar.
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2.9 SUPPLEMENTARY MATERIAL

Supplementary Figure 2.1. Use of NGS data to curate gene annotations. NGS data can
provide insight for omitted 5’ UTRs and erroneous exon structure. Eucgr.A00439
(hypothetical protein) has no FGH or PASA annotated 5’ UTR and there is discordance
between the transcript evidence and the annotated exon structure.
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Supplementary Figure 2.2 Distribution of A. thaliana 5’ UTR lengths. 5’ UTR
lengths extracted from gff3 file, downloaded from Phtozome v9 (ftp://ftp.jgipsf.org/pub/compgen/phytozome/v9.0/Athaliana/, Goodstein et al., 2012; Lamesch et
al., 2012)
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Eucgr.C01038
Phytozome

a

ORCAE

b

Eucegr.G00960

Phytozome

c

ORCAE

d

Supplementary Figure 2.3. Illustrations of predicted and empirical 5’ UTR
discordance. (a and b) Eucgr.C01038 (polyol/monosaccharide transporter 5)
illustrates the truncation of the 5’ UTR model, despite empirical evidence suggesting
that transcription initiates upstream of the predicted TSS. (c and d) Eucgr.G00960
(phototropic-responsive NPH3 family protein) illustrates the extension of the 5’ UTR
model, with an absence of empirical evidence substantiating the predicted TSS.
Notice that for Phytozome PASA-assembled ESTs (a and b), E. grandis and sister
eucalypt ESTs are assembled together, whereas ORCAE (c and d) treats these as
disparate inputs. For ORCAE aligned ESTs, those represented by green bars “agree”
with the gene model, whereas those in red “disagree”. Both disagreeable alignments
in the above examples indicate EST alignment to the reverse strand.
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Supplementary Note 2.1. Pseudocode to delimit 5’ UTRs from aligned mRNA-seq data.
Open-source software is indicated below with full parameter usage description. All other
parsing and analysis modules/pipelines execute using Bash, Make, Awk, Sed, Python or R.
Description:
21 BAM files (mRNA-seq): 3x biological replicates for immature xylem, shoot tip, phloem,
mature leaf, young leaf, flower and root tissues; aligned to E. grandis version 1 genome assembly (Hefer et. al.
in preparation; default parameters) using TopHat (Trapnell et al., 2009)
Input:
BAM files (174.7G)
Procedure:
1> FOR each BAM file
2>
Filter for mapping quality of 21
3>
IF PASS
4>
convert to SAM format1
5> Merge all SAM files into bulk_SAM
6> FOR each SAM entry
7>
Extract CIGAR string from SAM format
8>
Filter for intron size > 6500
9>
IF PASS
10>
Convert to bam; sort & index2
11>
Convert to wiggle3
12>
Define all possible splice junctions
13>
Quantify splice junctions4
14>
Filter splice junctions for PSI >= 0.4 and depth_of_coverage > 5
15>
Merge wiggles
16> FOR each Locus_ID IN Egrandis_loci
17>
Filter for depth_of_coverage >= 5 at INIT (derived in Supplementary Note 2.2)
18>
IF PASS
19>
Calculate normalisation_constant
20>
Initialise 5’ UTR array
21>
FOR each position upstream of INIT
22>
IF depth_of_coverage > 0 and PASS FILTER_CRITERIA*
23>
Normalise and append to array
24>
ELSE IF depth_of_coverage = 0
25>
IF splice junction supports region and PASS FILTER_CRITERIA*
26>
Normalise and append to array
27>
ELSE IF no splice junction supports position
28>
Terminate array
29> FOR array IN Locus_ID_arrays
30>
Extract 5’ UTR start, finish, splice junction coordinates and INIT depth_of_coverage
31>
Modify nomenclature and assign iterative IDs
Output:
Validation:

gff3 file (3.1M)
gff3-validator5
IGV6 inspection

*FILTER_CRITERIA:
 Gene models do not overlap
 Continuous upstream coverage < 9000bp
 Continuous upstream coverage does not run into an adjacent gene model
 A splicing event does not span to an adjacent gene model
 A splicing event has passed filters as per LINE 14 and has �𝑘𝑐𝑠𝑑 , 𝑘𝑐𝑠𝑎 � > 𝑘 ∙ log 3 (𝑆) where 𝑆 = max �𝑐𝑦 �
1≤𝑦≤𝑠𝑑

Open-source tools:
1. Samtools (Li et al., 2009) samtools view –q 2
2. Samtools (Li et al., 2009) samtools view –bSh | samtools sort | samtools index
3. Igvtools (Thorvaldsdóttir et al., 2012) ./igvtools count
4. Bam2ssj (Pervouchine et al., 2012) ./bam2ssj –cps “cps_generated_from_sam_in_LINE10” –maxlen 6500 –
minlen
5. ModENCODE gff_validator (Washington et al., 2011)
6. Integrative Genomics Viewer (Thorvaldsdóttir et al., 2012)
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Supplementary Note 2.2. Pseudocode to extract and modify 5’ UTR annotations from
Phytozome gene model annotations. Open-source software, when used, is indicated below
with full parameter usage description. All other parsing and analysis modules/pipelines
execute using Bash, Make, Awk, Sed, Python or R; or the combination thereof.
Description:
To extract and delimit the longest possible 5’ UTR annotation per locus from the E. grandis
gene-exon gff3 file from Phytozome.
Input:
Procedure:

gff3 file (44M)

1> FOR each locus_PAC_ID IN Egrandis_loci
2>
Map locus_PAC_ID to locus_gene_ID
3> FOR each locus_gene_ID
4>
Define INIT as coordinate of most 3’ initiation codon
5>
IF strand = ‘+’
6>
IF exon coordinates < INIT
7>
Delimit 5’ UTR by those exons; to and not including INIT
8>
ELSE IF strand = ‘-‘
9>
IF exon coordinates > INIT
10>
Delimit 5’ UTR by those exons; to and not including INIT
11>
Modify nomenclature & assign iterative IDs
Output:
Validation:

gff3 file (3.7M)
gff3-validator1
IGV inspection2

Open-source tools:
1. ModENCODE gff-validator (Washington et al., 2011)
2. Integrative Genomics Viewer (Thorvaldsdóttir et al., 2012)
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Supplementary Note 2.3. Pseudocode to modify EST tabular data (Sterck et al., 2012)
and extract 5’ UTRs. Open-source software, when used, is indicated below with full
parameter usage description. All other parsing and analysis modules/pipelines execute using
Bash, Make, Awk, Sed, Python or R; or the combination thereof.
Description:
annotations
Input:
Procedure:

To convert tabular E. grandis EST data from ORCAE into gff3 and delimit the 5’ UTR
tab file (21M)

1> FOR each locus_ID IN Egrandis_loci
2>
If EST_locus_ID = locus_ID
3>
Filter alignments by locus_ID strand
4>
IF PASS
5>
Merge and sort EST coordinates
6>
Delimit 5’UTR by coordinates to and not including INIT
7>
Modify nomenclature & assign iterative IDs
Output:
Validation:

gff3 file (1.8M)
gff3-validator1
IGV inspection2

Open-source tools:
1. ModENCODE gff-validator (Washington et al., 2011)
2. Integrative Genomics Viewer (Thorvaldsdóttir et al., 2012)

Chapter 2

© University of Pretoria

Magister Scientiae Bioinformatics 55

Supplementary Note 2.4. Script with example Linux commands to separate the merged
gff3 file. Separate gff3 file into (a) its three source constituents, (b) those that have been
prioritised, and (b) those that have been extended. A valid gff3 file requires the “#gff
version3” header, which is ensured by using exclusionary commands.
(a) grep –ve “pasa” Egrandis_five_prime_UTRs.gff3 | grep –ve “ngs” > FGH_Egr_five_prime_UTRs.gff3
grep –ve “phyt” Egrandis_five_prime_UTRs.gff3 | grep –ve “ngs” > PASA_Egr_five_prime_UTRs.gff3
grep –ve “phyt” Egrandis_five_prime_UTRs.gff3 | grep –ve “pasa” > NGS_Egr_five_prime_UTRs.gff3
(b) grep –ve “prioritised=F” Egrandis_five_prime_UTRs.gff3 > prioritised_Egr_five_prime_UTRs.gff3
(c) grep –ve “extended=F” Egrandis_five_prime_UTRs.gff3 > extended_Egr_five_prime_UTRs.gff3
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2.10 ADDITIONAL FILES
Additional file 2.1
2_1_Splice_junction_doner_and_acceptor_counts.xlsx
Output of bam2sjj as excel file, indicating splice junctions in 5’ UTRs.
Additional file 2.2
2_2_Egrandis_five_prime_UTRs.gff3
Gff3 file of 5’ UTRs annotated by FGH, PASA and NGS, with prioritised and
extended tags.
Additional file 2.3
2_3_NGS_five_prime_utr_read_density.xlsx
Excel file of NGS 5’ UTR lengths, and the density proportions of tapering
annotations
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CHAPTER 3 : Five core promoter classes drive
transcription in Eucalyptus grandis
Ida C van Jaarsveld1,2, Eshchar Mizrachi2, Fourie Joubert1 & Alexander A Myburg2
1 Bioinformatics and Computational Biology Unit, Department of Biochemistry, Genomics Research Institute
(GRI), University of Pretoria, Private bag X20, Pretoria, 0028, South Africa
2 Department of Genetics, Genomics Research Institute (GRI), Forestry and Agricultural Biotechnology
Institute (FABI), University of Pretoria, Private bag X20, Pretoria, 0028, South Africa

This chapter is formatted as a research article for a peer-reviewed journal (New Phytologist)
to be submitted for review as a companion paper to “Genome sequence of Eucalyptus
grandis: A global tree crop for fiber and energy” (Myburg et al., in press). IC van Jaarsveld
conceptualized the study, E Mizrachi facilitated the study design, IC van Jaarsveld designed
the study and methodology, implemented the design, interpreted the results and wrote the
manuscript. AA Myburg, F Joubert and E Mizrachi approved and supervised the study and
reviewed the manuscript.
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3.1 SUMMARY
•

Core promoters are essential drivers of transcription and assemble regulatory inputs
from diverse sources, such as transcription factors binding cis-regulatory elements
and nucleosome occupancy. Metazoan core promoter elements are well described, yet
plant promoters lack extensive characterization, most notably of how the putative
elements regulate transcription initiation.

•

We aimed to identify core promoter classes in Eucalyptus grandis and assess their
functional significance. We use hexamer over-representation to determine
significantly enriched hexamers, specifically for the distal transcription start site.
Enriched hexamers were assigned to five core promoter classes based on cooccurrence and structural similarity. Each core promoter class was then assessed for
expression level and specificity profiles, and Gene Ontology over-representation, to
determine the functional associations of each core promoter class.

•

We found five core promoter classes drive expression in E. grandis, TA, the canonical
TATA-box, CT and GA, which are conserved in plants and possess tracts of
dinucleotide repeats, W, containing the commonly enriched AAAAAA and TTTTTT
hexamer constituents, and S – a class thus far unique to Eucalyptus, comprised of
CCCCCC and GGGGGG homopolymer tracts. We found that, generally, S showed
high and constitutive expression, while TA showed low and specific expression, and
that each core promoter class differed in GO enrichment.

•

We have annotated 78% of E. grandis core promoters, and expect distinct underlying
mechanisms of transcriptional control for each promoter class. These insights are
invaluable for the understanding of mechanisms of permissive transcription in plant
species.

3.2 INTRODUCTION
Promoters are genomic features which initiate transcription by assembling regulatory inputs
to control and modulate gene expression. The core promoter, the [-100,+50] region (Florquin
et al., 2005) overlapping and adjacent to the transcription start site (TSS), harbours cisregulatory elements which bind the basal transcriptional machinery. This region integrates
regulatory inputs which are typically provided by a complex network of trans-acting
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transcriptional regulators binding to enhancer or repressor inputs in the proximal [-300,-100]
or distal [-1000,-300] promoter. The entire 5’ leader sequence of a gene is consequential for
transcriptional regulation, including the 5’ untranslated region (UTR) and core, proximal and
distal promoter regions. This includes the region’s nucleosome occupancy (Lee et al., 2004;
Jiang & Pugh, 2009; Rosin et al., 2012) and histone modifications (Cianfrocco & Nogales,
2013; Kim & Marioni, 2013; Du et al., 2013), which can either allow, compete with, or
occlude the binding of regulatory factors with promoter elements.
Metazoan core promoter types have been described in terms of their nucleotide composition,
transcription start site distribution (TSSD), nucleosome occupancy, epigenomic features and
functional propensity (Lenhard et al., 2012). By these integrative measures, three
predominant promoter types have been described. Type I promoters are TATA-box enriched,
have focused TSSDs, disordered nucleosome occupancy and occur in tissue-specific genes.
Type II promoters are CpG enriched, have broad TSSDs, a nucleosome depleted region
(NDR) upstream of the TSS and occur in constitutively expressed genes. The final class,
Type III, has the most variable sequence structure, yet has a TSSD mid-range of Type I and
Type II, and is specific to developmentally regulated genes (Engström et al., 2007). While
these types have been described in metazoans (Lenhard et al., 2012), plant core promoters
still lack comprehensive characterisation.
Core promoters in metazoans have been described extensively to possess sequence elements
of varying length and consensus strength, yet stringent positional conservation (for review
see Juven-Gershon, Hsu, Theisen, & Kadonaga, 2008 and Kadonaga, 2012). The most
taxonomically prolific of these is the TATA-box (TATAWA). In metazoans, other prominent
motifs are the BREu (SSRCGCC) and BREd (RTDKKKK) flanking the TATA-Box, DPE
(RGWYVT), MTE (CSARCSSAAC) and Inr (YYANWYY, TSS underlined), with the cooccurrence of these elements being associated with broad transcription initiation patterns
(Kadonaga, 2012). The only metazoan element observed to be conserved in the plant
kingdom to date is the TATA-box (Yamamoto et al., 2007a). Sequence composition at plant
TSSs shows slight similarity to the Inr element, but is better annotated by the less stringent
YR rule (TSS underlined) (Yamamoto et al., 2007b, 2009).
The first detailed genome-wide characterization of promoter properties in plants was that of
Molina and Grotewold (2005), who described 12,479 Arabidopsis thaliana core promoters.

Chapter 3

© University of Pretoria

Magister Scientiae Bioinformatics 60

The TATA box (TATAWAWA) was represented in 29% of the promoters analysed and
clustered at position -32. This indicated that the TATA consensus was similar to that in
metazoans, yet no other cis-elements were over-represented or significantly similar.
Following this, Yamamoto et al. (2007) systematically compared promoters of Arabidopsis,
rice (Oryza sativa spp. japonica), human and mouse by quantifying octamers and assessing
their positional prevalence. Again, the TATA box was conserved across species.
Significantly, this study showed that the pyrimidine rich sequences (Y Patch) overrepresented in Arabidopsis (Yamamoto et al., 2007b) was conserved in plants yet not in
mammals.
Another interesting element in Arabidopsis is the GA repeat element (GAGAGA), occurring
in 22% of the genes, and correlated with a broad transcription initiation patterns (Yamamoto
et al., 2009). The GA and TATA promoters are typically distinct from one another, with a
weaker association of Y Patch and initiator occurrence with GA promoters than with TATA
promoters. The dispersed initiation patterns driven by the GA element are similar to those
from CpG islands in mammals, yet do not undergo such methylation. Genes driven by GA
promoters show low expression specificity, such as is observed for housekeeping genes.
Interestingly, the GA promoters in A. thaliana are associated with broad TSSDs, lack the
canonical plant initiator YR (TSS underlined), and show constitutive expression. Bernard et
al. (2010) described a TC-element in Arabidopsis and O. sativa, starkly similar to the Y Patch
(TTCTTC as compared to TTCTTCTTC, respectively), yet topologically conserved at [-39,26]. Again, the occurrence of TATA and TC promoter types was distinct, and TC did not
occur with the initiator element. In addition to TC genome-wide and high-throughput
promoter characterisation, lower-throughput analyses have identified the gene-level
conservation of TC repeat promoter elements across species (Creux et al., 2008).
A significant deficit in plant promoter research is the lack of functional characterisation of
core promoter classes. The pervasive question remains: what drives transcription at TATAless promoters in plants? A hexamer over-representation analysis of Arabidopsis, rice and
soybean promoters (Maruyama et al., 2012) showed that repeat sequences are overrepresented in the promoter region [-1000,-1]. The majority of these repeats (TCTCTC,
CTCTCT, AAAAAA, TTTTTT, GAGAGA, AGAGAG) have weak (2H) hydrogen bonds.
Weak hydrogen bonds lend to less thermodynamic stability and lower energy requirements
for DNA melting (Robb et al., 2013; de Avila e Silva et al., 2014) However in rice and
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soybean, there are also a number of repeat sequences which have strong (3H) hydrogen bonds
(GCGGCG, GGCGGC, CGCCGC, GGGGGG, CCCCCC, GGGCCC) which are overrepresented in the promoter. This observed difference in DNA stability is significant and may
indicate mechanisms including DNA structural conformation by which transcription is
initiated in the absence of a TATA-box. An alternative hypothesis of core promoter elements
exhibiting positional constraint is that these sequence features compromise the stability of the
DNA at different degrees and propagate a continuous range of transcriptional control
(Bernard et al., 2010). The DNA sequence signatures of the core promoter may therefore
result in physical conformations which enable the affinity-driven binding of the basal
transcriptional machinery to initiate gene expression, including the sequence-specific
positioning of nucleosomes.
GA short tandem repeats in the core promoter direct the structural deviation from the typical
B-DNA conformation, to triple-stranded H-DNA (Han & de Lanerolle, 2008). H-DNA
creates single stranded DNase 1-hypersensitive sites and might confer an open chromatin
structure, thus permissive of regulatory element binding and transcription initiation. Han &
de Lanerolle (2008) also show that GA repeats in H-DNA associate with histone acetylation
and increased promoter activity. Heidari et al. (2012) showed that the length of the GA repeat
sequence is highly mutable and drives inter-individual expression variation. In addition to the
structural role suggested for GA∙CT repeat regions, these sequences have also been shown to
bind the transcriptional regulators GAGA-BINDING PROTEIN (GBP) (Sangwan & Brian,
2002; Kooiker et al., 2005; Berger et al., 2011; Simonini & Kater, 2014) indicating the
possible duality of regulatory mechanisms by core promoter elements. Creux et al. (2008)
showed that this repeat sequence is conserved at a gene level across several plant species, A.
thaliana, Eucalyptus grandis, and Populus trichocarpa, particularly in secondary cell wallrelated cellulose synthase promoters.
The Eucalyptus grandis genome release (Phytozome V1.0) provides a pivotal platform to
study cis genetic mechanisms of transcriptional regulation. The growth, adaptability and
wood chemistry traits that make Eucalyptus grandis a dominant plantation fibre crop are
under strong transcriptional control (Mizrachi et al 2010, 2012). The simultaneous
availability of the newly sequenced E. grandis genome and quantitative expression evidence
invite the first genome-wide analysis of promoter characteristics of a woody perennial, and
the functional traits and expression specificity associated with them. Together with deep
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RNA sequencing experiments across several tissues and developmental stages (Hefer et al., in
preparation) and diverse Eucalyptus ESTs, we previously determined the distal transcription
start sites (dTSS) for 78% of the E. grandis loci (Chapter 2; Myburg et al., in press). In this
study we analyse the core promoters delimited by the dTSS annotations and aim to identify
and functionally characterise core promoter classes. We hypothesise that discreet E. grandis
core promoter types would be distinguishable by linear sequence arrangement and positional
conservation. We further hypothesise that defined promoter types would have unique
enrichment of functional associations and unique potential impact on gene expression level
and tissue specificity. We found that E. grandis core promoters include those such as the
TATA-box, which is conserved across kingdoms, and GA, which is conserved in
Arabidopsis. Additionally we describe several promoter classes thus far unique to
Eucalyptus, which may be supported across species in future plant promoters studies.

3.3 MATERIALS AND METHODS
3.3.1 Hexamer over-representation
Distal transcription start sites (dTSS) were inferred for 28,356 E. grandis genes from the 5’
UTR annotations reported in Chapter 2 (Myburg et. al., in press). From these annotations,
two promoter sequence data sets, core and distal, were extracted from the E. grandis genome
(Figure 3.1a). The core promoter set 𝜃 contains soft-masked DNA sequence 100 bp upstream

to 50 bp downstream of the dTSS [-100,+50] (Florquin et al., 2005), whereas the distal
promoter set 𝐷 comprises 800 to 300 bp upstream of the dTSS [-800,-300]. The proximal

promoter [-301,-101] was omitted for maximal discrimination, assurance of data
independence and the disambiguation of core promoter and enhancer elements. In order to
generate synthetic control data sets, fifth-order Markov models were generated from the i)
core promoter set (𝑀𝑀𝜃 ) and ii) core + distal promoter sets (𝑀𝑀𝜃𝐷 ) using RSAT oligoanalysis (Thomas-Chollier et al., 2008). Three replicate control core promoter sets

𝑄 ∈ {𝑄1 , 𝑄2 , 𝑄3 } were then generated from 𝑀𝑀𝜃 and another three 𝑅 ∈ {𝑅1 , 𝑅2 , 𝑅3 } from

𝑀𝑀𝜃𝐷 (Figure 3.1). All control core promoter sets are equivalent in sequence length and
number to the core promoter set 𝜃, ensuring the highest level of hexamer and nucleotide
frequency conservation in control promoter sets, whilst disrupting the positional
conservation. For the test core promoter set 𝜃 and each of the six control core promoter sets;
𝑁 ∈ {𝑄1 , 𝑄2 , 𝑄3 , 𝑅1 , 𝑅2 , 𝑅3 }, 145 six-bp segments were isolated with a 1 bp sliding window
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as 𝑠𝑒𝑔1 , … , 𝑠𝑒𝑔145 . The equivalence of the window and 𝑘mer size with a 1 bp sliding

window, although more computationally expensive, eliminate bias towards repeat sequences
and

allow

a

base-pair

resolution

of

positional

enrichment.

For

each

𝑠𝑒𝑔 ∈ {𝜃𝑠𝑒𝑔1 , … , 𝑅3 𝑠𝑒𝑔145 } and the distal promoter set 𝐷, the frequency of all possible 4,096
hexamer sequences 𝐻 ∈ {𝐴𝐴𝐴𝐴𝐴𝐴, … , 𝑇𝑇𝑇𝑇𝑇𝑇} were calculated. Contingency tables were

then derived (Supplementary Table 3.2), from which Fisher’s exact tests were computed to
test whether a given hexamer was significantly over-represented in the 𝑠𝑒𝑔 compared to 𝐷,

the distal promoter. This resulted in an odds ratio and associated 𝑝-value for each 𝑠𝑒𝑔, for

both 𝜃 and control core promoter sets 𝑁 ∈ {𝑄1 , 𝑄2 , 𝑄3 , 𝑅1 , 𝑅2 , 𝑅3 }. 𝑃-values were corrected

for multiple comparisons using Bonferroni correction and all resultant 𝑞-values were deemed
significant at < 0.01.

To determine if a hexamer was over-represented, a prediction interval was calculated for the
control sets, and if the test set exceeded the prediction interval, it was said to be overrepresented. For each hexamer, the odds ratio distribution for 𝜃 was smoothed using a
smoothing spline in R. For the control groups 𝑄 ∈ {𝑄1 , 𝑄2 , 𝑄3 } and 𝑅 ∈ {𝑅1 , 𝑅2 , 𝑅3 }, the
𝑢𝑝𝑝𝑒𝑟

upper limit of 99% prediction interval {𝑄99

𝑢𝑝𝑝𝑒𝑟

, 𝑅99

} and median {𝑄�; 𝑅�} were determined

using a generalised linear model. We applied three different tiers of filtering criteria to
identify the three types (broad, spiked and low) of hexamer over-representation, detailed in
Supplementary Note 3.1. Briefly, we delimited the enrichment region for i) broad, as where
𝑢𝑝𝑝𝑒𝑟

the spline exceeds 𝑄99
𝑢𝑝𝑝𝑒𝑟

odds ratio and 𝑄99

and 𝑞 < 0.01; ii) spiked, a position where the difference in the
𝑢𝑝𝑝𝑒𝑟

exceeds 𝑄99

− 𝑄� two-fold and 𝑞 < 0.01; and iii) low, the spline

exceeds the 90th percentile of 𝑄 and 𝑞 < 0.01 (Figure 3.1). If a hexamer showed to be
𝑢𝑝𝑝𝑒𝑟
generally enriched across the length of the core promoter (𝑄� > 2.5), 𝑅99
was used for

broad and spiked, and the 90th percentile of 𝑅 for low, to ensure that significant hexamers
showed a peak within the core promoter region [-100,+50]. For each enriched hexamer, the

type, enrichment density and enrichment region are reported in Additional file 3.1. Additional
filtering criteria for each type are detailed in Supplementary Note 3.1.

3.3.2 Hexamer clustering
A distance matrix was computed using the occurrence of significantly enriched hexamers per
gene. Bootstrapped (n=1000) hierarchical clustering was performed using pvclust (Suzuki
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& Shimodaira, 2006) and clusters were identified using a threshold of Approximately
Unbiased 𝑝-value of 0.05. Clusters which shared structural properties and topological

constraint were combined leaving five broad clusters, and thus core promoter classes, namely

TA, CT, GA, W and S. GA and CT, although sharing characteristics, were kept separate to
determine the extent to which E. grandis core promoters corroborate the Y Patch, GA class
and CT elements already established in plant promoter literature.

3.3.3 Identifying gene groups
For each core promoter class, the comprising hexamers were searched, collectively, in all
promoters in [-500,+500] using Regulatory

Sequence

Analysis

Tools

(RSAT)dna-pattern (Thomas-Chollier et al., 2008) (Figure 3.1c, Supplementary Note
3.2). For each group a linear model was derived from the hexamer occurrence frequency in [500,-100]. This gives an expectation of the collection of hexamers. Those positions in which
the hexamer occurrence exceeded the 99.9% prediction interval were designated the
enrichment region. All genes with one of the constitutive hexamers in the enrichment region
were assigned as a class component. We thus defined gene groups. This verifies the hexamers
that were identified in the stringent core region, not further upstream (can be downstream as
this is a distal TSS) and ensures that the method eliminates the premature termination of a
class region.

3.3.3 Expression analysis
Expression values were derived from E. grandis RNA-seq data, available at Eucgenie
(http://www.eucgenie.org/, Hefer et al., in preparation) describing expression in several
diverse tissues collected from healthy, 6-year old E. grandis trees in 3X replicate (three
independent trees). The mean FPKM values across replicates were recorded for shoot tip
(ST), young leaf (YL), mature leaf (ML), flower (FL), root (RT), phloem (PH) and immature
xylem (IX). The proportion of each tissue’s expression to the total expression (FPKM) across
tissues was also recorded per gene. For each core promoter class, the corresponding genes’
expression levels and proportions were extracted. To determine core promoter class
expression level trends, the maximum expression level distributions (recording the FPKM
value of the tissue with highest expression for each gene, i.e. the maximum “expression
potential”) were compared using the Wilcoxon-Mann-Whitney test in pairwise comparisons,

Chapter 3

© University of Pretoria

Magister Scientiae Bioinformatics 65

with a “greater than” alternative hypothesis (Supplementary Note 3.4). For the expression
specificity, the proportion distributions were tested as above. We also used Shannon Entropy
(Schug et al., 2005) to determine tissue specificity with a maximum value of 2.8 showing
constitutive expression, and the minimum 0 showing tissue specificity, or regulated,
expression (Supplementary Note 3.4).

3.3.4 Gene Ontology enrichment analysis
GO over-representation analysis was used to establish unique enrichment for functional
associations. For each core promoter type, the gene sets were submitted to TopGO (Alexa et
al., 2006). For each core promoter type, using Fisher’s exact test, the top 40 over-represented
GO values per GO category were computed, returning unadjusted and Bonferroni corrected
𝑝-values. Significantly over-represented GO terms (classicFisher.p < 0.01) were
submitted to REVIGO (Supek et al., 2011) for visualisation, using Lin (Lin, 1998) semantic

similarity and Arabidopsis thaliana as the proxy for GO database size.

3.4 RESULTS
3.4.1 Three distribution types of hexamer enrichment in E. grandis core promoters
We used hexamer positional over-representation to identify DNA signatures enriched in the
E. grandis core promoter region. Three distinct types of core promoter enrichment profiles
were observed (Figure 3.1, Additional file 3.2). In the first type, broad, highly significant
peaks of enrichment were observed both upstream and downstream of the dTSS consisting of
heteropolymer or homopolymer tracts of DNA. Hexamers of the second type, spiked,
displayed spiked peaks at or adjacent to the dTSS and possess a more complex nucleotide
composition (e.g. Supplementary Figure 3.1a-d). A third type, low, contains hexamers of less
significant enrichment and contains, amongst others, pyrimidine rich tracts described as
constituents of the Y Patch of Yamamoto et al. (2007) (e.g. Supplementary Figure 3.1e-h).
We defined core promoter classes by clustering those hexamers in the broad type which
possess prominent and significant enrichment peaks in the core promoter region (Figure 3.1).

Chapter 3

© University of Pretoria

Magister Scientiae Bioinformatics 66

3.4.2 Five core promoter types of E. grandis can be defined by simple repeat
sequences
Five classes of core promoter signatures were distinguished, including the TATA-box
equivalent TA, CT and GA heteropolymer tracts, and W and S homopolymer tracts (Table
3.1). The TA class, present in 12.2% of E. grandis core promoters is comprised of both the
strong (TATATA, Figure 3.2a) and weak (TATAAA, Figure 3.2b) form of the canonical
binding consensus for TBP and is enriched where the TATA-box is positioned in both
metazoans and other plant species. TA is enriched over [-55,-14] and is underrepresented at
and downstream of the dTSS. Interestingly, and unique in promoter studies thus far, we found
that TA has a bimodal distribution, with the major mode approximately 8 bp upstream of the
minor mode.
CT and GA, present in 53% and 20% of promoters respectively (Table 3.1), predominantly
occur downstream of the dTSS, despite being enriched from as far upstream as -50, and show
a far wider distribution than that of TA. Remarkably, despite the overall prevalence of these
features within the core promoter, both possess a phasic constraint within their respective
frequency peaks. CTCTCT, a constituent of CT, is phasically constrained from [+3,+12]
(Figure 3.2c), thus downstream of the dTSS and GAGAGA, a constituent of GA, is
phasically constrained in [-14,+10] (Figure 3.2d), overlapping the dTSS. Both classes showed
continued enrichment beyond +50, and extending the analysis to include [-500,+500] (Figure
3.1c, Supplementary Note 3.3) eliminated the premature termination of the CT and GA
enrichment regions. CT and GA dinucleotide repeat lengths are indicated in Additional file
3.3.
The W class, in 27% of promoters (Table 3.1), deviates from strict homopolymerism, with
the constituents AAAAAA, TTTTTT, and six hexamers which have an embedded AAAA
homopolymer tract (Additional file 3.4). W hexamers occur predominantly at the dTSS.
AAAAAA (Figure 3.2e) enrichment peaks at the dTSS, whereas TTTTTT (Figure 3.2f)
displays a bimodal distribution, with the broader minor mode upstream at [-20,-7], and the
sharp major mode at +1. The S homopolymer tract, the least abundant at only 4% of
promoters, consists of CCCCCC (Figure 3.2g) and GGGGGG (Figure 3.2h) enrichment
upstream and adjacent to the dTSS. These triple hydrogen bonded base pairs show an
enrichment distribution with distinctly steep slopes.
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The number of promoters possessing one of these core signatures is 21,565, representing 76%
of the genes annotated with dTSS. The co-occurrence of core promoter signatures may
indicate the combinatorial necessity for functionality, or alternative mechanisms of
transcription at a single locus, and the possibility of alternative transcription start sites.
Similarly, the depletion of co-occurrence may indicate disparate mechanisms of
transcriptional activation. Of the 21,565 genes with annotated core signatures, 57% are
annotated with a single core promoter class, 34% with two co-occurring classes and only 9%
possess three or more signatures (Figure 3.4).

3.4.3 Core promoter classes are associated with different expression profiles
For each core promoter class, we measured and compared the maximum expression level
(median of maximum FPKM recorded for individual genes annotated with that class) to
discern whether expression level, a proxy for transcription initiation rate, is correlated with
core promoter composition. The FPKM distributions are detailed in Table 3.2 and Figure
3.5a. We see that TA has the lowest median expression (212,700), CT, GA and W have
moderate expression (medians 370,300, 334,500 and 356,100) respectively, and S has the
highest expression with a median of 566,000. The outliers for each of the classes are
considerable, with the median to maximum ratio <0.01 for all classes, showing that
expression can be enhanced substantially despite the underlying core promoter, most likely
driven by enhancer elements. Bonferroni-corrected Wilcoxon-Mann-Whitney tests (Figure
3.5b) show that S and TA core promoters are statistically more likely to drive high and low
expression levels respectively.
Expression specificity was measured to discern whether core promoter classes might
influence tissue specificity. Tissue expression proportions (percent of total FPKM per tissue)
and the derived Shannon Entropy (Figure 3.6, 3.7) reveals that TA has the highest tissue
specificity and that S is primarily constitutive. We also see that GA is more likely to confer
tissue specificity than CT (Figure 3.7), and that CT and W are predominantly constitutive.
The per-tissue expression proportions for each class (Additional file 3.5) suggest that there is
no tissue which preferentially utilizes a core promoter class, but rather that specificity is
conferred by combinatorial control with other cis-regulatory elements (Vandepoele et al.,
2009; Priest et al., 2009; Irimia et al., 2013).
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3.4.4 Core promoter classes drive functionally distinct gene categories
Over-represented GO terms provide insight into the functional associations of each core
promoter class. We found over-represented GO terms for all five core promoter classes
(Additional file 3.6). CT had the most significant (classicFisher.adj_p < 0.05) GO
terms (74), followed by W (52), both with terms from all three main categories. GA had 24
significant terms from only the Biological Process and Molecular Function categories. TA
and S had only five and one Molecular Function terms, respectively. We found that 24 of the
36 E. grandis genes which carry the GO term “cellulose synthase activity” (GO:0016759)
have a CT promoter and is thus over-represented in the CT class (classicFisher.p
< 0.01, Figure 3.8a). As CT and GA are complementary sequences and display similar

expression profiles, we assessed the co-occurrence of significant GO terms in these two
classes to determine the functional overlap. We found that 40 GO terms co-occur, while 55
and 23 are unique to CT and GA respectively (Additional file 3.7). We also found that the
GO over-representation of genes with the enriched canonical TATATA hexamer are enriched
for both “response to stress” (GO:0006950) and “response to stimulus” (GO:0050896)
(Figure 3.8b) corroborating current plant promoter literature (Yamamoto et al., 2009, 2011;

Zou et al., 2011).

3.4.5 Spiked hexamers occur preferentially at the dTSS
The two remaining types, spiked and low, comprise 55 and 23 over-represented hexamers
respectively (Additional file 3.8). Remarkably, all spiked hexamer enrichment is within 8 bps
of the dTSS (Supplementary Figure 3.1a-d, Additional file 3.9). These results indicate that
the dTSS region is conserved at a per-bp resolution within core promoter subclasses and
could be critical for delimiting the first base of permissive transcription. Five A-rich low
hexamers, AAAAAG AAAACC, AAACCC, CCAAAA, GGGAAA, are also enriched
overlapping or in close proximity to the dTSS (Supplementary Figure 3.1e) and cluster
together with AAAAAA of W (Additional file 3.10). Another low hexamer, CTATAA,
mimics the distribution for the broad TA constituent, TATAAA (Supplementary Figure 3.1f).
The remainder of the low class is comprised of pyrimidine residues matching those described
as constituents in the Y Patch (Yamamoto et al., 2007b), and show gradual enrichment in a 5’
to 3’ direction (Supplementary Figure 3.1g,h).
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3.5 DISCUSSION
We previously identified dTSSs for 28,356 genes in the newly sequenced E. grandis genome
(Chapter 2, Myburg et al., in press). We found that empirical evidence of transcription
regularly exceeded the predicted 5’ UTR (82%), asking the question of what drives
transcription further upstream than expected. This provided an opportunity to assess the core
promoter signatures at these dTSSs, and determine what DNA sequences are associated with,
and putatively delimit, the first base of permissive transcription. Previous plant studies
suggest that two discrete types, the TATA-box and GA class are conserved in plant
promoters, and that only the TATA-box, of the highly conserved metazoan core promoter
element repertoire (TATA-box, DPE, BREu, BREd, MTE, Inr), is conserved across
kingdoms. In this study, we have identified five putative E. grandis core promoter classes
(Table 3.1) using hexamer over-representation and co-occurrence clustering. Of E. grandis
genes annotated with a dTSS, 76% possess one or more core promoter class hexamer
constituents in their respective enrichment region. Using available mRNA-seq expression
data (Hefer et al., in preparation) across seven diverse tissues of E. grandis, we describe
trends in expression level and tissue specificity for each core promoter class, and a gradient
of constitutive versus specific expression across classes, specifically the constitutive and
highly expressed S class, and the specific and lowly expressed TA class. Together with Gene
Ontology enrichment, these sources of information provide valuable insight into
transcriptional regulation in Eucalyptus and the possible underlying mechanisms conserved
across species.
This study hinges on the premise of sequence enrichment inferring conservation, and
conservation inferring functionality (Yamamoto et al., 2009). A distinct motive for this study
was to determine those hexamers which showed an enrichment profile within the strict
confines of the core promoter region and to exclude general cis-regulatory elements. We thus
used a two-step approach in identifying core promoter classes. The first step used a strict and
narrow region around the core promoter, and we used only real distal promoter sequence as a
control for maximum signal to noise ratio, ensuring independence of each cell in contingency
tables, and to eliminate the identification if cis-regulatory enhancer elements. For maximum
discriminatory power we used both an independent upstream region and multiple synthetic
control samples for the assessment of over-representation. The second step ensured that each
over-represented hexamer was not enriched upstream of the core promoter, indicating
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enhancer properties, and that those elements still enriched at +50 of the core promoter were
not terminated prematurely. The strict filtering criteria in this study, favoured specificity over
sensitivity, and highly enriched hexamers of low frequency were filtered. These elements
may contribute to establishing permissive transcription, or regulate the temporospatial
specificity of expression, but were beyond the scope of this study and are better suited to lowthroughput analyses.
The TATA-box, conserved across kingdoms (Yamamoto et al., 2007a; Lenhard et al., 2012),
is the most highly conserved core promoter element. It is thus not surprising that we found
both the canonical TATATA and common variant TATAAA within the E. grandis TA class,
and serve to corroborate the dTSSs identified in Chapter 2 (Myburg et al., in press). Our
analyses suggest that the E. grandis TA core promoter class is similarly involved in stress and
stimulus response (Figure 3.8b). Although our results indicate that TA genes are lowly
expressed (average maximum FPKM = 1,036,000, compared to the overall average
maximum FPKM = 1,269,400), these results are from expression data for healthy nonstressed trees, and we thus do not expect stress-induced expression. As “response to stress”
(GO:0006950) and “response to stimulus” (GO:0050896) are over-represented, it may be that
TATA-box genes are, in general, only highly expressed when eliciting a response. It is
noteworthy that all hexamer constituents of TA display a bimodal distribution, which is thus
far unique in core promoter studies. Although a possible artefact of dTSS annotation, this is
the only bimodally distributed class and thus warrants further study as to whether TBP binds
each mode with equal affinity, and the inherent effect on transcription.
The CT promoter class is the most prevalent in E grandis (53%, Table 3.1), and shows
similarity to both the Y Patch (Yamamoto et al., 2007b) and TC[-39,-26]-PLMs (Bernard et al.,
2010) described in A. thaliana (43% and 19% of promoters tested in each study, respectively)
and corroborated in O. sativa (Yamamoto et al., 2007a; Bernard et al., 2010) and Glycine
max (Maruyama et al., 2012). In this study, the E. grandis CT class is distinct from the other
elements that constitute the Y Patch which were found to be only marginally enriched (type
low), but without positional constraint in the E. grandis core promoter (Additional file 3.8). A
CT element has previously been described in the secondary cell wall-related cellulose
synthase (CesA) genes of A. thaliana, E. grandis and P. trichocarpa (Creux et al., 2008), and
the element was associated with seven candidate wood quality candidate genes, including
CesA3,

in E. globulus (Acuña et al., 2012). Together with evidence of enrichment of
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“cellulose synthase activity” (GO:0016759; classicFisher.p = 0.005) of the CT class

in this study (Figure 3.8a), we posit that the CT element may be distinct from the Y Patch and

enriched in genes associated with cellulose biosynthesis during secondary cell wall formation
in Eucalyptus.
GA repeat sequences, complementary to CT in the DNA double-helix, have likewise been
described to occur in the promoters of plant (Yamamoto et al., 2009) and metazoan species
(Heidari et al., 2012). The GA repeat sequences found in 21.6% of A. thaliana promoters by
Yamamoto et al. (2009) occur in the equivalent region of E. grandis GA promoters. The E.
grandis GA promoters show stronger functional associations than those in Arabidopsis
(Yamamoto et al., 2009) and are predominantly constitutive with moderate expression levels.
Metazoan GA promoters are prevalent in developmental genes (Heidari et al., 2012), and are
similarly enriched in developmental genes in E. grandis, with over-represented GO terms
such as “tissue development” (GO:0009888), shoot system development” (GO:0022621) and
“developmental process” (GO:0032502), amongst others (Additional file 3.6). Previous
analyses have described CT (Yamamoto et al., 2007b; Bernard et al., 2010) and GA
(Yamamoto et al., 2009) dinucleotide repeats as separate promoter classes in plants.
However, the dinucleotide repeat lengths and their positioning indicate that both classes are
capable of forming H-DNA (Han & de Lanerolle, 2008) and binding GAGA-binding factors
(Berger et al., 2011), both of which regulate transcription (Berger & Dubreucq, 2012). It is
possible that CT and GA possess the same underlying transcriptional mechanism and could,
on a functional basis, be combined into one. Although E. grandis CT and GA promoter
classes share 40 over-represented GO terms and have similar expression level and specificity
profiles, we refrained from merging them to study E. grandis core promoter corroboration of
the Y Patch, GA class and CT elements already established in plant promoter literature.
Core promoter classes yet to be defined in other plant promoters are W and S. These classes
are similar in that they are homopolymer tracts occurring in close proximity to the dTSS
(Figure 3.9). AAAAAA and TTTTTT are commonly described as enriched in plant
promoters (Yamamoto et al., 2009; Azad et al., 2011; Maruyama et al., 2012), but to our
knowledge, this is the first reported instance of within-core enrichment. A∙T repeat sequence
confers DNA rigidity and is enriched in the linker DNA adjacent to nucleosomes (Jiang &
Pugh, 2009), whilst being depleted within nucleosomes (Mrázek et al., 2011). It has also been
shown that TSSs cluster tightly around the 5’ end of the +1 nucleosome in
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Saccharomyces cerevisiae (Rhee & Pugh, 2012). The A/T enrichment observed upstream of
the dTSS may establish a nucleosome depleted region (NDR) for the binding of the preinitiation complex, and is delimited by the within-core enrichment of W. The TCT initiator
element in Drosophila melanogaster exhibits similarly strong nucleosome positioning as the
transcriptional mechanism (Kadonaga, 2012). TCTTTT and TTCTTT, two spiked hexamers
overlapping the dTSS (Supplementary Figure 3.2) and clustering with TTTTTT (Additional
file 3.10) support the possibility of an upstream NDR and the precise positioning of the +1
nucleosome as the core transcriptional mechanism in E. grandis W promoters. Unlike W,
which shows general enrichment in plant promoters, of the plant promoters described thus
far, S within-core enrichment is unique to E. grandis. Although proteins have been shown to
bind C-repeats and have transcriptional activity (Xu & Goodridge, 1999; Ehrenkaufer et al.,
2009), it is more likely that the distinct physiochemical properties, that being high disrupt
energy and increased DNA stability (Breslauer et al., 1986), delimit the dTSS, although this
requires further investigation (Florquin et al., 2005).
We have used hexamer over-representation to identify five E. grandis core promoter classes.
We found support for the TATA-box and GA plant promoter classes, and evidence
supporting the presence, if not the position and distribution, of Y Patch constituents. The lowabundance CA class (Yamamoto et al., 2009) was not detected in this study. The most
abundant promoter class in E. grandis is CT, previously described as a constituent of the Y
Patch (Yamamoto et al., 2007b). We posit that, not only is CT distinct from the Y Patch, but
that it may utilise the same underlying mechanisms as the GA class (Figure 3.9). Finally, two
novel classes, W and S, may direct structural morphology of DNA at the dTSS and regulate
transcription by nucleosome positioning (Lee et al., 2004; Narlikar et al., 2007; Rosin et al.,
2012) and DNA stability (Breslauer et al., 1986), respectively. A unique feature of this study
is the specific use of dTSSs, thus the most 5’ position of empirically discernable
transcription, to define core promoters. Rather than determining sequence enrichment for
peak TSS selection, which has been shown to be highly stochastic (Kaern et al., 2005), we
aimed to determine sequence enrichment associated with the start of permissive transcription.
Together with the putative structural mechanisms of regulation suggested in this study, we
provide valuable insight for models of transcription initiation where the core promoter acts as
a binary on/off switch and cis-regulatory elements temporospatially modulate the expression
level and specificity to derive the complex phenotypes observed in plant species.
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3.8 TABLES AND FIGURES

Table 3.1. Core promoter classes detected and defined in E. grandis. Constituent overrepresented hexamers, the number of genes with those over-represented hexamers and the
region of over-representation are shown. The occurrence (spatial) distribution (full size figures
in Additional file 3.2) shows the shape of promoter class distribution from -500 to +500, with
the dTSS position indicated by the dotted white line.
Occurrence distribution

Hexamers

Number
of genes

region

TA

TATATA
ATATAT
TATAAA

3,463
(12.2%)

[-55,-14]

CT

CTCTCT
TCTCTC

15,007
(52.9%)

[-76,+397]

GA

GAGAGA
AGAGAG

5,697
(20.1%)

[-33,+203]

W

TTTTTT
AAAAAA
AAAAAT
GAAAAA
AGAAAA
GAAAAT
CAAAAA
AAAAAC

7,774
(27.4%)

[-11];
[-2,+3]

S

CCCCCC
GGGGGG

1,042
(3.7%)

[-36,+5]

Type
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Table 3.2. FPKM distribution for each promoter class. FPKM values are from the highestexpressed tissue per gene. Median FPKM values are highlighted as a heatmap (212,700–
white, 566,000–red).
Min

1st
Quartile

Median

Mean

3rd
Quartile

Max

Median
/Max %

No. not
expressed

TA

189

45,650

212,700

1,036,000

773,600

132,700,000

0.16

97

CT

99

86,610

370,300

1,253,000

1,052,000

482,500,000

0.08

296

GA

248

69,050

334,500

1,241,000

1,034,000

350,600,000

0.10

145

W

228

79,220

356,100

1,218,000

1,016,000

350,600,000

0.10

262

S

607

183,200

566,000

1,599,000

1,450,000

88,540,000

0.64

8
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(a)

(b)

(c)

Figure 3.1. Overview of methodology. Procedure to (a) generate control sets, and identify
(b) enriched hexamers and (c) core promoter classes.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 3.2. Odds Ratio distribution of over-represented hexamers determined by
Fisher’s Exact Test. (a) TATATA, (b) TATAAA, (c) CTCTCT, (d) GAGAGA, (e)
AAAAAA, (f) TTTTTT, (g) CCCCCC, and (e) GGGGGG. The coloured line indicates the
Odds Ratio per position, and is coloured, as a third axis, according to the frequency, or raw
count, per position. The start of each tested hexamer position is indicated on the x-axis. The
black line indicates the smoothed spline of the Odds Ratio values. The dots represent the
odds ratios of the core control sets 𝑄 ∈ {𝑄1 , 𝑄2 , 𝑄3 }. The blue line and the grey shaded area
are the linear model and derived 99% prediction interval; determined by the core 𝑄 ∈
{𝑄1 , 𝑄2 , 𝑄3 } (a,b,e-h) and core+distal 𝑅 ∈ {𝑅1 , 𝑅2 , 𝑅3 } (c,d) control sets.
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Figure 3.3. Bootstrapped hierarchical clustering (n=1000) showing hexamer cooccurrence across promoters. Red and green values show the Approximately Unbiased and
Bootstrap Probability 𝑝-values. Grey values indicate node number. Red boxes indicate GA,
TA, CT and A (of W) clusters with Approximately Unbiased 𝑝-value >= 0.95. Blue lines
indicate unclustered hexamers, specifically C and G (of S) and T (of W).
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Figure 3.4. Venn diagram of core promoter class co-occurrence per promoter. 57% of
promoters are annotated with a single core class, 34% with two core classes, 9% with three or
more. Individual promoter data for Venn diagram cells are provided in Additional file 3.11.
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(a)

(b)

Figure 3.5. Expression profiles of E. grandis core promoter classes. (a) Distribution of
maximum FPKM values (per gene) per promoter class. Outliers have been suppressed. (b)
Bonferroni-adjusted 𝑝-values of the two-sample Wilcoxon-Mann-Whitney tests for the
pairwise comparison of the expression level (FPKM) of each column promoter class (𝑐𝑜𝑙)
with the expression level of each row promoter class (𝑟𝑜𝑤) with the alternative hypothesis
that 𝑐𝑜𝑙 > 𝑟𝑜𝑤.
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(a)

(b)

Figure 3.6. Expression specificity of E. grandis core promoter classes. (a) Density of
Shannon Entropy values per core promoter class. (b) Distribution of maximum tissue
expression as a proportion of total expression.
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(a)

(b)

Figure 3.7. Expression specificity of core promoter classes. Bonferroni-adjusted p-values
of the two-sample Wilcoxon-Mann-Whitney tests performing the (a) pairwise comparison of
the expression specificity proportion of each column promoter class (𝑐𝑜𝑙) with each row
promoter class (𝑟𝑜𝑤) with the alternative hypothesis that 𝑐𝑜𝑙 > 𝑟𝑜𝑤; and (b) pairwise
comparison of the tissue expression Shannon Entropy of each column promoter class (𝑐𝑜𝑙)
with each row promoter class (𝑟𝑜𝑤) with the alternative hypothesis that 𝑐𝑜𝑙 < 𝑟𝑜𝑤.
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(a)

(b)

Figure 3.8. REVIGO TreeMap display of GO terms enrichment for two promoter
classes. (a) over-represented Molecular Function GO terms of the CT promoter class and (b)
over-represented Biological Process GO terms of TATATA, a constituent of the TA
promoter class.
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Figure 3.9. Summary of core promoter classes defined in E. grandis. The schematic
shows DNA sequence from -100 to +50 and summarizes the expression level, tissue
specificity, putative TSSD distribution and putative mechanism of transcriptional regulation.
TBP = TATA BINDING PROTEIN; GBF = GAGA BINDING FACTORS.
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3.9 SUPPLEMENTARY MATERIAL

Supplementary Table 3.1. Formulaic contingency table for Fisher’s Exact
Test of hexamer over-representation. AAAAAA is used as an example.
{𝐾1 , … , 𝐾𝑍 } = overlapping non-N 6mers

Observed

𝒔𝒆𝒈

𝑍

Distal

�{𝑠𝑒𝑔𝑥 (𝐾𝑖 )|𝑠𝑒𝑔𝑥 (𝐾𝑖 ) = 𝐻𝐴𝐴𝐴𝐴𝐴𝐴 }
𝑖=1

Expected

𝑍

�{𝑑𝑖𝑠(𝐾𝑖 )|𝑑𝑖𝑠(𝐾𝑖 ) = 𝐻𝐴𝐴𝐴𝐴𝐴𝐴 }
𝑖=1

𝑍

𝑍

�{𝑠𝑒𝑔𝑥 (𝐾𝑖 )}

� 𝑑𝑖𝑠(𝐾𝑖 )}

𝑖=1

𝑖=1
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Supplementary Table 3.2. Text contingency table for Fisher’s Exact Test of
hexamer
over-representation.
Example
using
𝐴𝐴𝐴𝐴𝐴𝐴
of
𝐻 ∈ {𝐴𝐴𝐴𝐴𝐴𝐴, … , 𝑇𝑇𝑇𝑇𝑇𝑇}.
𝒔𝒆𝒈

Distal

Observed

Number of AAAAAAs found in the 6
bp segment of the test or control core
promoter sets

Number of overlapping AAAAAAs found
in the distal promoter set

Expected

Total number of non-N hexamers
found in the segment

Total number of non-N overlapping
hexamers in the distal promoter set
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Supplementary Figure 3.1. Hexamer over-representation for types spiked and low.
Spiked types (a) TCTTTT, (b) TGTTTT, (c) ACGAAA and (d) GGAAAG occur in close
proximity to the dTSS and show marked and precise enrichment. Low types show (e)
GGGAAA enrichment near the dTSS, (f) CTATAA, indicating C is enriched upstream of the
TA constituent TATAAA, and (g) TCCTCC and (h) TCTTCT, pyrimidine rich Y Patch
constituents showing gradual enrichment in a 5’ to 3’ direction. The start of each tested
hexamer position is indicated on the x-axis. The black line indicates the smoothed spline of
the odds ratio values. The dots and blue line represent the odds ratios of the core control
sets 𝑄 ∈ {𝑄1 , 𝑄2 , 𝑄3 } and the derived linear model respectively. The grey shaded area
represents the 99% prediction interval (a-f) and the 10th to 90th percentile (g,h) determined by
the core control set 𝑄 ∈ {𝑄1 , 𝑄2 , 𝑄3 }
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(a)

(b)

Supplementary Figure 3.2. Enrichment of spiked hexamers at the dTSS. (a) TCTTTT and
(b) CTTTTT are enriched at the dTSS supporting the initiator element TCT (Kadonaga,
2012).
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Supplementary Note 3.1. Pseudocode for the procedure to determine over-represented
hexamers. Open-source software, when used, is indicated below with full parameter usage
description. All other parsing and analysis modules/pipelines execute using Bash, Make,
Awk, Sed, Python or R; or a combination thereof.
Description:
Input:
Procedure:

To determine the type, if any, of positional over-representation of hexamers in core promoters.
For each hexamer, Fisher’s Exact Test odds ratios (OR) and 𝑞-values for each 𝑠𝑒𝑔 ∈
{𝑠𝑒𝑔1 , … , 𝑠𝑒𝑔145} for 𝜃; 𝑄 ∈ {𝑄1 , 𝑄2 , 𝑄3 } and 𝑅 ∈ {𝑅1 , 𝑅2 , 𝑅3 }

1> FOR each hexamer IN 𝐻 ∈ {𝐴𝐴𝐴𝐴𝐴𝐴, … , 𝑇𝑇𝑇𝑇𝑇𝑇}
2>
Filter for maximum frequency ≥ 20 and minimum 𝑞-value < 0.05 in 𝜃
3>
IF PASS
4>
Select core control data set 𝑄 as control 𝐶
5>
Linear model of maximum 𝑄 OR values (𝑙𝑚. 𝑄𝑚𝑎𝑥 )
6>
Linear model of median 𝑄 𝑂𝑅 values (𝑙𝑚. 𝑄𝑚𝑒𝑑 )
7>
IF 95% prediction interval for 𝑙𝑚. 𝑄𝑚𝑒𝑑 > 2.5 and ∑ 𝑄 frequencies > 30,000
8>
Select core + distal control data set 𝑅 as control 𝐶
9>
Linear model of maximum 𝑅 OR values (𝑙𝑚. 𝑅𝑚𝑎𝑥 )
10>
𝑙𝑚. 𝐶𝑚𝑎𝑥 = 𝑙𝑚. 𝑅𝑚𝑎𝑥
11>
ELSE
12>
𝑙𝑚. 𝐶𝑚𝑎𝑥 = 𝑙𝑚. 𝑄𝑚𝑎𝑥
13>
Filter for 𝑏𝑟𝑜𝑎𝑑_FILTER_CRITERIAa
14>
If PASS
15>
Assign as 𝑏𝑟𝑜𝑎𝑑 constituent
16>
Write to output and plot figure
17>
ELSE
18>
Filter for 𝑠𝑝𝑖𝑘𝑒𝑑_FILTER_CRITERIAb
19>
IF PASS
20>
Assign as 𝑠𝑝𝑖𝑘𝑒𝑑 constituent
21>
Write to output and plot figure
22>
ELSE
23>
Filter for 𝑙𝑜𝑤_FILTER_CRITERIAc
24>
IF PASS
25>
Assign as 𝑙𝑜𝑤 constituent
26>
Write to output and plot figure
27>
ELSE
28>
Continue onto next hexamer
Output:
Validation:

Enriched sequence, enrichment region and enrichment score as R object, .csv file and figure
for each over-represented hexamer
Supplementary Note 3.3

a

broad_FILTER_CRITERIA
1. Maximum frequency ≥ 65
2. 𝑞-value < 0.01
3. Area between smoothed spline and 99% prediction interval of 𝑙𝑚. 𝐶𝑚𝑎𝑥 (𝑎) > 0 (Additional file 3.12a)
b
spiked_FILTER_CRITERIA
1. Maximum frequency ≥ 20
2. 𝑞-value < 0.01
3. Single spike which shows at least double the enrichment of a second spike, if any.
4. Spike height (𝑘) / 99% prediction interval height of 𝑙𝑚. 𝐶𝑚𝑎𝑥 (𝑏) > 2 (Additional file 3.12b)
c
low_FILTER_CRITERIA
1. Maximum frequency ≥ 40
2. 𝑞-value < 0.05
3. Area between smoothed spline and 90th percentile of control 𝐶 (𝑎) > 0 (Additional file 3.12c)

Chapter 3

© University of Pretoria

Magister Scientiae Bioinformatics 93

Supplementary Note 3.2. Procedure to cluster over-represented hexamers. Open-source
software, when used, is indicated below with full parameter usage description. All other
parsing and analysis modules/pipelines execute using Bash, Make, Awk, Sed, Python or R; or
the combination thereof.
Description:
Input:

Procedure to determine core promoter classes, given a list of enriched hexamers, and their
respective enrichment profiles.
Extended promoter sequence [-500,+500] for all genes with a dTSS.

Procedure:
1> FOR each significant hexamer 𝑠𝑖𝑔 IN 𝑏𝑟𝑜𝑎𝑑
2>
Search for which genes contain 𝑠𝑖𝑔 in its enrichment region
3> From gene occurrence create distance matrix of hexamer sequence and gene occurrence
4> Cluster hexamers based on gene co-occurrence (𝐴𝑈𝑝 < 0.05) 1
5> Manually inspect hexamer clusters and unclustered hexamers
6> IF similar physical DNA properties and overlap of enrichment regions
7>
Merge hexamers/clusters
8>
Assign core promoter class
9> ELSE
10> Assign core promoter class
Core promoter classes and their hexamer constituents
Output:
Open-source tools:
1. Pvclust (Suzuki & Shimodaira, 2006) pvclust(method.hclust="single",nboot=1000); pvrect(alpha=0.95)
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Supplementary Note 3.3. Procedure to determine core promoter class enrichment
regions and gene lists. Open-source software, when used, is indicated below with full
parameter usage description. All other parsing and analysis modules/pipelines execute using
Bash, Make, Awk, Sed, Python or R; or the combination thereof.
Description:
Input:

Procedure to determine the enrichment region of a core promoter class and annotate gene
groups, given the constituent hexamers.
Significant hexamers in each core promoter class
Extended promoter sequence [-500,+500] for all genes with a dTSS

Procedure:
1> FOR each group of significant hexamers 𝑠𝑖𝑔𝑠 IN {TA, CT, GA, W, S}
2>
Search for cumulative occurrence of 𝑠𝑖𝑔𝑠 in extended promoter1
3>
Linear model for occurrence frequency in [-500,-100] (𝑙𝑚)
4>
Use 𝑙𝑚 to determine 99% prediction interval for [-500,+500]
5>
IF frequency > 99% prediction interval
6>
Classify region of enrichment
7> FOR each gene’s promoter
8> IF promoter possesses enriched hexamers in class enrichment region
9>
concatenate gene ID to core promoter class gene list
Output:

Enrichment region, graph of occurrence and enrichment region and gene list

Open-source tools:
1. dna-pattern; Regulatory Sequence Analysis Tools (http://rsat.ulb.ac.be/, Turatsinze et al., 2008; ThomasChollier et al., 2008)
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Supplementary Note 3.4. Procedure to determine expression level and specificity. Opensource software, when used, is indicated below with full parameter usage description. All
other parsing and analysis modules/pipelines execute using Bash, Make, Awk, Sed, Python or
R; or the combination thereof.
Description:
Input:

Procedure to determine trends in core promoter class expression level and specificity through
pairwise comparison of classes using Wilcoxon-Mann-Whitney (WMW) tests.
Gene list for each core promoter class
Mean FPKM values for shoot tip (ST), young leaf (YL), mature leaf (ML), flower (FL), root
(RT), phloem (PH) and immature xylem (IX)
Tissue proportions of total expression per gene

Procedure:
1> FOR each core promoter class gene list
2>
Extract FPKM values
3>
FOR each gene
4>
Extract maximum FPKM value
5> Perform WMW “greater than” test for each pairwise comparison of maximum expression distributions
6> FOR each core promoter class gene list
7>
Extract expression proportion values
8>
FOR each gene
9>
Determine Shannon Entropy1
10>
Extract maximum proportion value
11> Perform WMW “greater than” test for each pairwise comparison of maximum expression proportion
12> Perform WMW “less than” test for each pairwise comparison of Shannon Entropy distributions
Output:

WMW 𝑞-values for pairwise comparison of core promoter classes for i) expression level, ii)
expression proportion and iii) specificity Shannon Entropy.

Open-source resources:
1. Code adopted from http://davetang.org/muse/2013/08/28/tissue-specificity/
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3.10 ADDITIONAL FILES
Additional file 3.1
3_1_Hexamer_over_representation_profiles.xlsx
Excel formatted file detailing type, density and region of significant hexamers
Additional file 3.2
3_2_Enrichment_distributions_full_size.zip
Compressed folder of core promoter class enrichment distributions in [-500,+500]
Additional file 3.3
3_3_CT_and _GA_repeats.xlsx
Excel workbook with frequency of CT and GA repeat lengths in the core promoter
Additional file 3.4
3_4_A_rich_W_class_hexamers.zip
Compressed folder of A rich significant hexamers which are constituents of W
Additional file 3.5
3_5_Heatmaps_of_expression_proportions_per_class.pdf
PDF file of heatmaps showing expression proportions between tissues for each gene
of each core promoter class.
Additional file 3.6
3_6_TopGO_results.zip
Zipped folder containing i) Excel workbook of TopGO results, ii) raw TopGO output
and iii) REVIGO TreeMap representation of over-represented GO terms for each GO
category.
Additional file 3.7
3_7_CT_and _GA_co_occurring_GO_terms.xlsx
Excel workbook with co-occurring GO terms between CT and GA, showing their
significance in both classes.
Additional file 3.8
3_8_Enrichment_distribution_figures_for_spiked_and_low.zip
Compressed folder of significant hexamers of types 𝑠𝑝𝑖𝑘𝑒𝑑 and 𝑙𝑜𝑤 respectively
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Additional file 3.9
3_9_Narrow_type_distance_from_dTSS.xlsx
Excel workbook showing the distance of spiked peaks from the dTSS
Additional file 3.10
3_10_Cluster_of_broad_spiked_and_low_hexamers_dendrogram.pdf
PDF of the dendrogram generated from pvclust hierarchical clustering of all
significant hexamers combined.
Additional file 3.11
3_11_Genes_for_each_promoter_class.zip
Compressed folder of gene lists (.txt) for each core promoter class
Additional file 3.12
3_12_Graphs_for_broad_spiked_and_low_filtering_criteria.pdf
PDF with example distributions and respective schematics of the filtering criteria
used to define broad, spiked and low types.
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CHAPTER 4 : Concluding Remarks
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4.1 A GENOME-WIDE STUDY OF TRANSCRIPTION IN EUCALYPTUS GRANDIS
Eucalyptus grandis is an economically important hardwood fibre crop species. The cellulose
yield from E. grandis hardwood is of predominant industrial value in pulp and paper
production and various other chemical cellulose applications (Mizrachi et al., 2012). The
draft E. grandis genome assembly and annotation (Phytozome V1.0) were made available in
January 2011 (Myburg et al., in press), allowing for genome-wide and base pair-resolution
analyses of genome structure and function for downstream applications such as enhanced
growth and wood properties. The results of these analyses are, however, dependent on the
accuracy of the assembly (5,379 scaffolds of which 85% are in 12 large chromosome-level
scaffolds) and gene model predictions (36,376). Key biological processes underlying fibre
secondary cell wall properties, including the deposition of lignin, cellulose and hemicellulose, are under strong transcriptional control (see Hussey et al., 2013 for review). An
important approach for studying transcriptional control is the genome-wide characterisation
of core promoters (Molina & Grotewold, 2005), an approach made possible in E. grandis by
the availability of the genome annotation as well as extensive cDNA sequence resources
(EST and RNA-Seq).
In Chapter 2, E. grandis 5’ UTRs were empirically curated using available transcript
evidence, specifically EST and high-throughput mRNA-Seq data. This included ~2.9 million
E. grandis ESTs (produced by 454 RNA sequencing) and paired-end mRNA-Seq data from
seven developing tissues of E. grandis trees. The current Phytozome (Goodstein et al., 2012)
E. grandis 5’ UTR models were analysed and the concurrence of empirical evidence and
FGenesH (Solovyev et al., 2006) predictions was assessed. A prioritised set of 5’ UTR
models was selected from the above three sources. It was expected that including and
prioritizing empirically substantiated models would enrich the total number and quality of E.
grandis 5’ UTR models. An important limitation of using mRNA-seq data, by itself, was the
inability to confidently determine TSSDs. 5’UTRs with long tails of low coverage were
identified, but it was indeterminable whether this was from true biological transcript
variation, or technical artefacts from either the library preparation or read alignment.
Nevertheless, in lieu of TSSD annotations, the TSSs inferred by these models are referred to
as distal TSSs (dTSS) as they represent the most 5’ position of transcription evidence. This
annotation provides insight into, rather than what position stochastically favours
transcription, what position is the first base of, and thus delimits, permissive transcription.
Chapter 4

© University of Pretoria

Magister Scientiae Bioinformatics 100

In Chapter 3, the curated dTSSs were used to extract and annotate core promoters in E.
grandis by defining core promoter classes and assessing their functional characteristics. Five
core promoter classes were distinguished, each putatively comprising different underlying
mechanisms of transcriptional control, including TBP affinity (TA), ssDNA extrusion (CT,
GA), nucleosome positioning (W) and inherent DNA stability (S). This study used a lexical
enrichment analysis to determine conserved DNA signatures in core promoters across the
genome, and allowed the inference of physiochemical properties driving transcription
initiation based on the properties of these bp interactions. The converse has also been applied,
using physiochemical properties to predict promoters (Florquin et al., 2005), validating
physiochemical dominance in delimiting permissive transcription. As with all genome-wide
enrichment studies, input data can contain noise and tarnish both sensitivity and specificity.
This can be controlled to an extent by the appropriate selection of test and background data,
but often one metric has to be favoured over the other. This study favoured specificity and
thus tried to limit the number of false positive enriched hexamers. Despite this, it is possible
that some genes have been assigned to a core promoter class erroneously (false positive),
where the sequence composition is by chance and not as a result of driving the core
expression and rendering transcription permissive. This may be a result of error introduced in
both the core promoter gene group assignment by combining several hexamers to a class, or
in the assignment of dTSSs. Although our results corroborate the presence of both the
canonical (TATATA) and weaker variant (TATAAA) of the TATA-box, these results require
further investigation. It is possible that the bimodality is an artefact of the dTSS annotation,
with predicted 5’ UTRs having a strong bias for TATA-box signatures, and thus the two
modes representing empirical and predicted 5’ UTRs. Alternatively, this could provide
insight into the mechanisms of the more specific TSS selection (Yamamoto et al., 2009)
exhibited by TBP bound TATA-box promoters, suggesting they may show some phasic
constraint. While this study finds only 12% of promoters with a canonical TBP consensus, it
is possible that W promoters, possessing regions with poly-T tracts, may be coerced into
ssDNA and capable of binding TBP (Ahn et al., 2012). Finally, Venters & Pugh (2013) show
that 85% of TBP-bound sequence have zero to three mismatches from the human TATA-box
consensus TATAWAWR. This suggests that while we have found the strongest consensus
(TATAWA) for E. grandis, there are likely less stringent sequences which bind TBP, albeit it
with lower affinity (Savinkova et al., 2013).
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The most valuable contribution of this research has been the novel sequence-driven insight
into the possible mechanisms of permissive transcription in plant species, and more
specifically in charismatic megaflora such as Eucalyptus. Metazoan promoters are
characterised as TATA and methylated CpG promoters respectively (Lenhard et al., 2012).
Plant promoters are known to lack CpG enrichment and are similarly devoid of the associated
DNA methylation patterns thought to permit active transcription. Until this point, studies on
core promoters featured analyses on DNA regions defined by the prominent or peak TSSs. In
the only plant study to date which incorporated the true range of transcription initiation sites
as a TSSD (Yamamoto et al., 2009), the GA repeat element was discovered in A. thaliana,
whilst remaining undetected when using traditional TSS annotations (Molina & Grotewold,
2005; Yamamoto et al., 2007). Our promoter analysis uses dTSSs to determine those
promoter features which make DNA permissive to transcription. In doing so, we have
corroborated the GA repeat element, as well as the TATA-box, and described other core
promoter classes which are thus far unique to E. grandis, but may be discovered with similar
approaches in other plants. Importantly, this study has shown that other mechanisms
putatively control the binding and assembly of the PIC in the absence of consensus driven
affinity of TBP, particularly that of putative nucleosome positioning. It is expected that future
research will show these features to be conserved between at least plant species and that the
novel enrichment observed in this study is a result of the definition of the core promoter by
the dTSS.

4.2 FUTURE PERSPECTIVES
This study has used full-length mRNA-seq for the empirical curation of dTSSs and sequence
over-representation for functional characterization of core promoter classes, providing
valuable insight into E. grandis transcriptional mechanisms. The core promoters were
functionally characterised by GO analysis and expression level and specificity metrics and
thus achieved the aims outlined in the first chapter. There are, however, many technologies,
and applications thereof, which can address targeted transcriptional research at a finer
resolution. For the identification of permissive transcription and TSSDs, combined 3’ and 5’
capture and mapping of full-length transcripts will improve the understanding of transcription
initiation stochasticity and TSSDs. For a finer, single-cell resolution of transcription
initiation, applications such as single-cell RNA-seq and RNA fluorescence in situ
hybridization (Kim & Marioni, 2013). This study suggests that nucleosome positioning is
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critical in determining the first base of permissive transcription, specifically for the W core
promoter class. Nucleosome studies including those of positioning (Brown et al., 2013) and
histone modifications (Kaplan et al., 2009; Rach et al., 2011; Du et al., 2013) will be
necessary to either confirm or refute these and provide further insight into sequence specific
characteristics of nucleosome affinity and how these govern transcription by TF binding
competition or nucleosome depleted regions. DNA methylation and studies providing insight
for non-B-DNA structure and the epigenetic architecture will provide context on how the
core promoter exerts its function in four dimensional space within the nucleus, governed by
physiochemical interactions.
Functional characterisation of expression level, as inferred by RNA steady-state abundance,
can be fully explored by a growing compendium of expression data across diverse tissues,
and in several stress and environmental responses, whereas in this study, only tissue
specificity is considered. Measuring both the expression level (eg. microarray, qPCR, RNAseq) and the regulatory genotype (DNA-seq of promoters and 5’ UTRs) of a population,
allows per-individual resolution in the detection of natural promoter variation and the impact
on DNA-TF affinity and transcription. Cis-elements or enhancers are expected to modulate
expression for regulated genes, however, it is possible that core promoter classes have
alternative likelihoods of using enhancer elements for expression modulation, with strong
nucleosome positioning being negatively correlated with enhancer modulation (Kaplan et al.,
2009; Jeziorska et al., 2009). The combinatorial control of core promoter and cis-regulatory
elements diversifies outputs, and co-expression studies which identify regulons of genes
modulated by the same TF or semi-hierarchical network (Mentzen & Wurtele, 2008;
Vandepoele et al., 2009; Zheng et al., 2011), or ChIP-seq experiments (Jothi et al., 2008;
Mason et al., 2010; Håndstad et al., 2011) can be used to characterise the TFBSs.
This study draws comparison to other plant species’ core promoters based on findings
reported in plant promoter literature. To remove bias and variation, a cross-species
comparison using the same methodology and rigor would not only corroborate findings, but
identify species or clade specific core promoter signatures and putative transcriptional
mechanisms. Comparisons made between core promoters of orthologous and paralogous
genes would provide further insight on core promoter evolution. Finally, the integration of all
these resources and data types will begin to holistically describe transcription initiation (Ernst
et al., 2010), stochasticity and mechanisms of permissive and modulated transcription, not
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only in E. grandis, but across all plant species through a true Systems Genetics approach.
Understanding the complex phenomenon of successful trancription, amongst many other
applications, will facilitate research towards cellulose-enriched fibre cells in Eucalyptus
plantation species.
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