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Abstract

microRNAs or miRNAs represent an important class of small non-coding RNAs

that post-transcriptionally regulate gene expression in almost all biological pro-

cesses. miRNAs serve as specificity factors that guide the gene silencing ribonu-

cleoprotein complex to the transcript to be regulated. The basic requirement for

miRNA target recognition is a perfect match of 6-8 nucleotides (nt) between the

seed region located at the 5’ end of the miRNA and the target.

Recent biochemical approaches for the transcriptome-wide identification of in-

teractions between miRNAs and targets revealed that miRNAs likewise pair with

sites located in the 3’-untranslated region (3’UTR) and the coding region dis-

proving the previous notion stating that miRNAs act mainly through the 3’UTR.

Using experimentally identified miRNA target sites, miRNA seed-based targeting

has been thoroughly analyzed in this thesis. We found that in both mRNA regions

most miRNA-target interactions are based on short 6 nt long and less conserved

seed matches. As short seed matches affect target expression less compared to long

matches, the hypothesis was proposed that the main function of short sites is to

operate as miRNA regulatory elements that prevent efficient regulation of other

targets containing long seed matches by sponging miRNAs.

Second, an evaluation of representative and frequently used miRNA target pre-

diction programs was conducted. In contrast to previous comparisons of methods

that considered the prediction of miRNA-target interactions, the focus of this

analysis was to assess the ability of predictions methods to identify the location of

the site of miRNA-target interaction within the target sequence. Although most

of the methods initially search for short and long seed matches, among the top

ranked predictions long seed matches were greatly over-represented. This analysis

revealed that prediction methods are still far away from a comprehensive deter-

mination of miRNA target sites. Combining the output of different algorithms

turned out to be a promising approach to increase sensitivity.
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Zusammenfassung

microRNAs oder miRNAs stellen eine bedeutende Klasse kurzer, nicht kodierender

RNAs dar, die Genexpression in fast allen biologischen Prozessen posttranskrip-

tional regulieren. miRNAs gewährleisten die Spezifität bei der Regulation, indem

sie den Ribonucleoproteinkomplex, der die Repression der Genexpression vollzieht,

zur Ziel-mRNA führen. Ausschlaggebend für die Ziel-mRNA Erkennung durch die

miRNA ist die perfekte Komplementarität zwischen einer 6-8 Nukleotide langen

Sequenz, die sich in der Seed-Region am 5’ Ende der miRNA befindet, und der

Seed-Bindesequenz auf der Targetsequenz.

Moderne biochemische Methoden zur Transkriptom-weiten Bestimmung von

miRNA-Target Interaktionen deckten auf, dass miRNAs gleichermaßen an Binde-

stellen im 3’UTR sowie in der kodierenden Region binden und widerlegten damit

die bis dahin gängige Auffassung, dass miRNAs hauptsächlich mit dem 3’UTR

interagieren. Unter Verwendung experimentell bestimmter miRNA-Bindestellen

wurde in dieser Arbeit die auf der Seed-Region basierende Targeterkennung ana-

lysiert. Es zeigte sich, dass in beiden mRNA-Regionen die meisten miRNA-Ziel-

mRNA Interaktionen auf kurzen 6 Nukleotide langen and wenig konservierten

Seed-Bindesequenzen beruhen. Da kurze Seed-Bindesequenzen im Vergleich zu

langen die Expression der Ziel-mRNA nur gering beeinflussen, wurde die Hy-

pothese aufgestellt, dass sie in ihrer Hauptfunktion als miRNA regulierende Ele-

mente fungieren. Die Interaktion mit kurzen Bindesequenzen hält miRNAs davon

ab andere Targets mit langen Seed-Bindesequenzen zu regulieren.

Desweiteren wurde eine Gruppe repräsentativer und häufig genutzter Target-

Vorhersagealgorithmen für miRNAs evaluiert. Im Gegensatz zu vorhergehen-

den Methodenvergleichen, die nur die miRNA-Target Interaktion berücksichtigten,

wurde hier die Fähigkeit beurteilt, die Position der Seed-Bindesequenz innerhalb

der Target-Sequenz zu detektieren. Zwar suchen die meisten Methoden kurze

und lange Bindesequenzen, jedoch sind lange Bindesequenzen unter den höchst

bewerteten Vorhersagen deutlich überrepräsentiert. Gegenwärtig sind Target-

Vorhersagemethoden noch weit davon entfernt, umfassend und präzise miRNA

Bindestellen aufzuspüren. Die Kombination der Resultate verschiedener Metho-

den stellte sich jedoch als vielversprechender Ansatz zur Erhöhung der Sensitivität

heraus.
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1 Introduction

1.1 Motivation

The first miRNA, lin-4, was found in 1993 by a collaboration of the laboratories

of Victor Ambros and Gary Ruvkun. lin-4 downregulates post-transcriptionally

the expression of the protein-coding gene lin-14 during development of the nema-

tode Caenorhabditis elegans (C. elegans) [2],[3]. The studies of the groups of Tom

Tuschl [4], David Bartel [5] and Victor Ambros [6], presented in the same issue of

Science eight years later, demonstrated that post-transcriptional gene regulation

through miRNAs is not a special feature only appearing during development of

nematodes but instead a conserved and prevalent regulatory mechanism. Natu-

rally, this discovery raised a number of questions, e.g.: How many miRNAs are

there? How are miRNAs generated? How is miRNA biogenesis regulated? How

do miRNAs regulate their targets? How many miRNA targets are there? How

do miRNAs identify their targets? What role do miRNAs play in gene-regulatory

pathways?

The last two questions were of particular interest in our group. Our aim was to

model qualitative systems biological networks with particular focus on the post-

transcriptional regulation by miRNAs. One way to integrate miRNAs in biological

models would have been to use existing miRNA target prediction algorithms. But

soon it became apparent that these methods generate very large numbers of pre-

dictions. Further, the intersection of the sets of predictions of different methods

was relatively low [7]. The search for genuine miRNA targets is exacerbated by

the shortness of the miRNA recognition elements on the target sequences. Only a

6-8 nt long sub-sequence located at the 5’ end of the miRNA pairs perfectly to the

target sequence in animals. The remainder of the ∼ 22 nt long miRNA base-pairs

less regularly. The myriads of target predictions and the small overlap between the

prediction tools motivated us to carry out an analysis of miRNA targeting to be

able to assess better the reliability of both target predictions and target prediction

methods.

For our analysis we used miRNA target sites that were detected by HITS-CLIP

[8] and PAR-CLIP [9]. These are biochemical approaches for the transcriptome-

wide identification of miRNA-target interactions. Using experimentally verified

1



1 Introduction

miRNA target sites we have classified and characterized different types of miRNA

seed matching patterns, subsequently called seed types. In contrast to previous

classifications of this kind, see [7], that were restricted to conserved target sites,

we considered both conserved and species-specific target sites.

One important finding of both CLIP studies was that coding regions include

a substantial proportion of target sites. Previously, the interest was focused al-

most exclusively on the 3’UTR. There, the first target sites were found and the

repressive effect through sites located in the 3’UTR is generally stronger. In ad-

dition, initially it appeared unlikely that the coding region encodes beside the

highly conserved genetic code further signals in large scale. In this thesis, miRNA

targeting in both regions was investigated and compared with each other. In the

second part, representative and frequently used target prediction methods were

assessed. Particularly, the consideration of the various seed types by the tools was

quantified.

1.2 Overview of this thesis

The following briefly summarizes the content of the individual chapters of this

thesis.

Chapter 2 introduces the field of post-transcriptional gene regulation by miR-

NAs. After pointing out the importance of gene expression in eukaryotes in general,

it will be focused on the impact of miRNA-mediated regulation on the protein out-

put. Further, metabolism and regulation of the miRNA pathway are delineated.

This chapter concludes with a description of the current molecular biological model

of regulation through miRNAs.

In Chapter 3, the results of the analysis of miRNA seed-based targeting in

3’UTR and coding region are presented. This study builds up on a project with

Daniel Ellwanger that has been published as The sufficient minimal set of miRNA

seed types [1]. At the beginning, the current knowledge of target recognition by

miRNAs is outlined. miRNA seed types were defined based on the miRNA-target

interaction map provided by Hafner et al. [9]. The obtained seed types were

characterized by means of quantitative and qualitative features such as specificity,

conservation of seed matches, effect on mRNA stability and different preferences of

miRNAs for seed types. Finally, a hypothesis was formulated suggesting that the

main function of short seed matches is to operate as miRNA regulatory elements

that prevent regulation of other targets by sponging miRNAs.

Chapter 4 includes the results of a performance evaluation of six miRNA target

prediction methods. This chapter starts with a review of computational miRNA

target prediction. Mainly, three aspects were considered within the evaluation.

2



1.2 Overview of this thesis

First, it was questioned which seed types based on the classification in chapter

3 are searched by the tools. Further, it was examined how the various scoring

functions differentiate between different seed types. Third, the performance of the

prediction methods to correctly distinguish between true and false target sites was

assessed.

In Chapter 5 two ongoing projects are shortly introduced. In the analysis of

miRNA targeting in the coding region it appeared that the occurrence of target

sites is dependent of the reading frame. This observation and results of initial

investigations are presented in the first section. The subsequent section introduces

a project I am working on in collaboration with Florian Giesert from the Insti-

tute of Developmental Genetics (IDG) at the Helmholtz Zentrum München. We

are exploring the post-transcriptional regulation of the Parkinson’s disease-related

Lrrk2 gene.

In Chapter 6 the results presented in thesis are summarized and perspectives

on possible future studies are given.

3





2 Background

2.1 Historical side note: The discovery of miRNAs

The importance of non-coding RNA for gene regulation emerged in 1993. lin-4

and lin-14 were the participants of the first regulatory relationship between a non-

coding RNA and a mRNA to be discovered by a collaboration of the laboratories

of Victor Ambros and Gary Ruvkun [2],[3].

lin-14 and lin-4 are involved in developmental timing in C. elegans. Initially,

Ambros and Ruvkun were working on the molecular identification of the gene lin-14

[10]. lin-14 controls the timing and sequence of many post-embryonic developmen-

tal events but is absent at later stages. Both gain-of-function and loss-of-function

mutations were known for lin-14 [11]. Early cell lineages with gain-of-function

mutations are normal but later cells reiterate early development programs inap-

propriate for the larval stage resulting in a retarded phenotype. Loss-of-function

mutations induced the opposite effect, i.e. a precocious development, suggesting

that lin-14 activity in the wild type is high in post-embryonic states and decreases

for the proper expression of later cell fates [11]. It was hypothesized that lin-4 is

necessary for the decrease of lin-14 activity, as the LIN-14 protein level remained

high in later stages in animals with loss-of-function mutations in lin-4. Further-

more, the latter mutants exhibited a similar retarded phenotype as worms with

gain-of-function mutations in lin-14 [12].

The decoding of the lin-14 gene structure revealed that the gain-of-function

mutations were located in the 3’UTR. Fragments of the wild type 3’UTR were

missing in the mutants [10],[13]. As the mutations did not affect the transcript

level but only the protein expression of lin-14, a negative post-transcriptional reg-

ulation of lin-14 by lin-4 via cis-regulatory elements in the 3’UTR was suspected

[13]. When Ambros and colleagues tried to clone the lin-4 locus expecting a con-

ventional protein, they were surprised not to find a coding sequence but a small

22 nt long non-coding RNA [2]. At the same time Ruvkun and colleagues found

that lin-14 is post-transcriptionally downregulated and that the 3’UTR of lin-14

is necessary and sufficient for this regulation [3]. In particular, they detected seven

conserved sites in the 3’UTR of high sequence similarity that were directly involved

in regulation. The deletions in the mutant 3’UTR disrupted the effect of lin-4.

5



2 Background

lin-14 3'UTR

lin-4 miRNA 5'

Figure 2.1: lin-4-lin-14 duplex. Predicted base-pairing of miRNA lin-4 to target

sites in the 3’UTR of lin-14. The miRNA seed match (see section

3.1.1) is highlighted in blue. This figure is based on a figure from [15].

Ambros and Ruvkun exchanged their unpublished sequence data and came to the

same conclusion: The repeated sequence in the lin-14 3’UTR was partially com-

plementary to the lin-4 RNA [14], see figure 2.1. The first case of gene regulation

mediated via a non-coding RNA had been identified.

Wickens and Takayama questioned in 1994 if the lin-4-lin-14 type of gene regu-

latory interaction is a general mechanism [16] or if it is a ”deviant” only occurring

in the development of simple worms. Between 1993 and 2000 no further regulatory

non-coding RNAs were discovered. Both Ambros and Ruvkun did not believe in

a general role of small regulatory RNAs [14],[15], e.g. Ambros considered the lin-

4-lin-14 partnership a ”nematode-specific curiosity” [15]. However, the finding of

another target gene of lin-4, lin-28, in 1997 [17], the discovery of RNA interfer-

ence (RNAi) [18] in 1998 or the identification of small antisense RNAs associated

with RNAi in plants [19] in 1999 pointed to a possible generality of the mecha-

nism exemplified by lin-4. But even the detection of the second small regulatory

RNA, let-7, in C. elegans in 2000 by the Ruvkun laboratory [20] first did not dis-

suade Ambros and Ruvkun from assessing these RNAs to be singly components

of nematode-specific developmental pathways. But when Pasquinelli et al. a co-

worker of Ruvkun showed that homologs of let-7 exist across a broad range of

animal phyla - including human - [21], the thinking changed instantly [15]. As

both small RNAs, lin-4 and let-7, are temporally expressed during C. elegans de-

velopment, Pasquinelli et al. proposed to call this type of RNA small temporal

RNA (stRNA). The new interest in small regulatory RNAs was further excited

by the observation that regulatory relationships between stRNAs and targets are

conserved [21],[22]. Eventually, like a gold rush the hunt after unknown stRNAs

began. A first peak was reached in 2001 when the groups of Tuschl [4], Bartel [5]

and Ambros [6] published their results in the same issue of Science each of them

presenting numerous newly detected stRNAs. The terms microRNA or miRNA

were coined in this issue as well [23].
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2.2 Control of gene expression in eukaryotes

2.2 Control of gene expression in eukaryotes

2.2.1 Importance of complex gene regulatory systems

Protein-coding sequences make up only a small fraction of a typical metazoan

genome. In case of the human genome less than 1.5% is protein-coding. Before the

human genome had been fully sequenced the estimates on the number of protein-

coding genes exceeded the actual number of about 20,000 genes by several times.

But unlike in prokaryotes where genome size and gene number are correlated,

the vast majority of nuclear DNA is non-coding in eukaryotes [24]. Moreover,

comparative analysis of sequenced genomes from various species indicated that

organismal complexity is not reflected in the gene number in eukaryotes. For

example, the genome of the simple worm C. elegans comprises about 19,000 genes

[25], although the worm lacks the diversity of cell types and tissues seen in human,

mouse (∼ 25, 000 genes) [26] or even in the fruit fly Drosophila melanogaster (D.

melanogaster) (∼ 14, 000 genes) [27]. Therefore, understanding the reason for the

broad spectrum of morphological and behavioral differences within the eukaryotic

kingdom emerged as a major challenge in the early post-genomic era [28].

It became apparent that organismal complexity is correlated with the number

of different gene expression patterns occurring within the life cycle of an eukary-

ote [29]. Gene expression is coordinated by various regulatory mechanisms that

exert control at multiple stages on the pathway to the final protein. The multi-

layered gene regulatory system involves cell signaling, chromatin modifications,

transcriptional activation, post-transcriptional and post-translational regulations.

Each single layer but also the cross-talk between regulatory layers is subject of in-

vestigation, see e.g. [30],[31],[32]. Nevertheless, most of the research efforts in this

field so far have been invested in studying the regulation of transcription which

represents the essential first step in gene expression [33]. This bias was due in

part to historical reasons: Transcriptional activation had been the first regula-

tory mechanism to be discovered by Jacques Monod in prokaryotes [34]. On the

other hand, biochemical methods applicable for its analysis such as microarray-

and sequence-based technologies for large-scale mRNA quantification have been

around longer. Further, the community was directed by the central dogma of

molecular biology stating DNA is transcribed to RNA and RNA in turn is trans-

lated into protein. The central dogma largely holds true for prokaryotes, but in

terms of animals the vast majority of DNA is neglected by this model [35]. Inter

alia the discovery of regulatory non-coding RNA, especially miRNAs, leveraged an

intensive engagement with post-transcriptional regulation in the last twenty years.

7



2 Background

2.2.2 Post-transcriptional regulation

Proteins and their absolute concentrations, i.e. the final result of gene expres-

sion, are relevant to the phenotype. Protein production is controlled at multiple

stages. Until recently, mainly transcriptional regulation has been in the focus [33].

But albeit necessary, transcriptional regulation is not sufficient to explain pro-

tein concentration completely, even not in less complex eukaryotes such as baker’s

yeast [36]. Particularly, the spatial and temporal uncoupling of transcription and

translation in eukaryotes, i.e. transcription takes place in the nucleus and transla-

tion is conducted in the cytoplasm, gave rise to a wide domain for gene regulatory

mechanisms performing post-transcriptional control - including mRNA processing,

modification and decay as well as translation initiation, elongation, termination

and protein degradation. Recent technological advances in mass spectrometry,

RNA sequencing and microscopy enable simultaneous measurement of mRNA and

protein concentrations [37]. Meanwhile, several studies have shown that significant

discrepancies prevail between mRNA and protein levels, see e.g. [36],[38],[39].

Vogel et al. determined the average mRNA and protein levels for > 1, 000 genes

in a human tumor cell line [38]. They observed a significant but weak positive

correlation between mRNA and protein concentration with a squared Pearson

correlation coefficient (PCC), denoted R2, of 0.29. R2 reflects to what extent

the variation in one variable can be explained by changes in another variable.

Consequently, less than 30% of protein expression variance can be attributed to

differences in mRNA expression suggesting substantial additional control at the

level of translation. Vogel et al. analyzed the individual impact of ∼ 200 sequence

features on protein abundance. They considered features such as the lengths of the

mRNA regions (coding and untranslated regions), nt and amino acid frequencies

and properties and also potential miRNA target sites. Sequence lengths showed

the strongest correlation, in particular coding sequence length is strongly inversely

correlated but also long 3’UTRs weakened protein expression. Both observations

were considered plausible: Precision of folding as well as of translation may de-

crease with the length of coding sequences. Long 3’UTRs provide more room for

binding sites of potential negative regulators such as miRNAs or RNA-binding pro-

teins (RBP) implying on the other hand short 3’UTRs to be accompanied by high

protein abundance. It has been demonstrated in proliferating and in cancer cells

that mRNAs were transcribed with shorter 3’UTRs leading to increased protein

production due to a loss of cis-regulatory repressive elements such as miRNA tar-

get sites [40],[41]. Surprisingly, miRNA regulation itself, represented by predicted

binding sites in 3’UTRs, did not significantly affect protein concentration in the

analysis of Vogel et al.. Further, Vogel and colleagues determined the combined
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Figure 2.2: Relationship between mRNA and protein abundance. (A)

Combining mRNA concentration and various sequence features of cod-

ing sequence and untranslated regions could explain 67% of variation

of protein abundance for > 1, 000 genes in a human tumor cell line.

(B) Global quantification of absolute mRNA and protein abundance

in mouse fibroblast cells showed that protein level variability could

be attributed to 41% on variations of mRNA abundance. Figure A is

taken from [38] and figure B is from [42].

contribution of mRNA expression, i.e. transcriptional regulation, mRNA stabil-

ity, and sequence features on protein expression based on their data set, see figure

2.2(A). In this way 67% of protein abundance variation could be explained. Impor-

tantly, features related to the coding sequence constituted the greatest contributor

with more than 30% revealing control at the level of translation and thereafter at

least as important as regulation of mRNA transcription and mRNA stability. Re-

ferring to studies presented in section 2.2.3, Vogel et al. attributed the low impact

of miRNA-mediated control to the presumable role of miRNAs to act primarily as

fine-tuners of gene expression.

Schwanhäusser et al. globally quantified mRNA and protein expression levels

and turnover in parallel in murine cells [39]. Their measurement of correlation

between mRNA and protein concentration yielded a R2 of 0.41, see figure 2.2(B).

The features quantified by Schwanhäusser et al. allowed them to predict varia-

tions of the protein level almost completely. Most of variation could be attributed

to changes in the translation rate (R2 ∼ 0.5). Concluding, the studies of Vogel

et al. and Schwanhäusser et al. clearly point to a significant role of translational

control during gene expression. According to the latter, regulation at the stage

of translation is even dominating the protein level. However, one has to consider
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that in both studies gene expression has been analyzed under steady-state con-

ditions. Further, in both cases the expression values represented averages across

cell populations. As reviewed by Vogel and Marcotte [37], methods to study the

steps of gene expression on single cell level and in dynamic systems are emerging

and will add further (unexpected) insights into the complex relationship between

transcriptome and proteome.

2.2.3 Effect of miRNA-mediated control on protein abundance

miRNAs intervene in gene expression in two different ways either by repressing

translation or by degradation of the target. Initially, the former mode had been

considered to be the only one in animals due to the findings in C. elegans, see

section 2.1. By contrast, plant miRNAs were thought to trigger cleavage and

degradation of the targeted mRNA. This difference was attributed to the fact that

in animals miRNAs base-pair only partially with their targets while in plants the

entire miRNA binds to the target sequence. Meanwhile, it became clear that both

modes of regulation occur in animals as well as in plants [43]. The mechanisms

of miRNA regulation are described in section 2.4, here, the impact of miRNA-

mediated regulation on protein abundance is outlined.

In two genome-wide studies the extent of control exerted by miRNAs was ex-

plored using quantitative mass spectrometry approaches to measure the protein

level [44],[45]. Both groups examined the consequences triggered by both trans-

fection and depletion of miRNAs and came to the conclusion that miRNAs af-

fect protein production only mildly. Changes of expression levels were less than

twofold suggesting miRNAs to fine-tune the protein level in general. Further, both

reported that a single miRNA dampens the levels of hundreds of proteins confirm-

ing preceding computational predictions. It is important to note that these results

were obtained from population averages which may obscure possibly stronger re-

sponses occurring in single cells. For example, the effect of lin-4 on lin-14 is rather

switch-like than subtle.

Complementing the work of Selbach et al. and Baek et al., Mukherji and col-

leagues analyzed the effects of miRNA-mediated regulation in single cells [46].

Using quantitative fluorescence microscopy they measured the protein level in de-

pendence of increasing mRNA concentration and constant miRNA level. They

observed that protein production was not visible until a certain level of mRNA

abundance was achieved. Above this threshold, the protein level increased lin-

early, see figure 2.3(A). Further, the threshold could be shifted by modulating the

miRNA abundance and the sharpness of the threshold could be modified by the

number of miRNA target sites, see figure 2.3(B). Based on these observations they
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Figure 2.3: Effect of miRNA-mediated regulation on protein abun-

dance. miRNA regulation induces a nonlinear relationship between

mRNA and protein abundance. (A) Both mCherry and eYFP are

fluorescent reporter proteins. The mCherry 3’UTR was engineered to

contain N target sites. Individual cells were arranged depending on

eYFP expression level (a.u.: arbitrary unit). In absence of target sites

mCherry protein is proportionally expressed to eYFP. With N = 1,

expression of mCherry does not rise until a threshold level is exceeded.

(B) Depending on N, target repression may be up to 10-fold at low

expression levels. Inset shows average fold repression for different N.

Both figures are taken from [46].

developed a biochemical model that could explain both modes, i.e. the switch-like

as well as the moderate control by miRNAs. The former mode is active at low

target abundance. Then protein production is repressed strongly up to tenfold and

more depending on the number of miRNA target sites per transcript. Interestingly,

Hafner et al. determined experimentally miRNA-target interactions transcriptome-

wide and found predominantly transcripts exhibiting low and medium expression

levels to be involved [9]. Repression gets moderate - about twofold - when the

amount of mRNA reaches a critical concentration leading to saturation of the

miRNA pool. Hence, at high target levels miRNAs perform fine-tuning of gene

expression. These results are further supported by a study of Arvey et al. who

describe a significant anti-correlation between downregulation by miRNAs and

target abundance [47]. At high target levels many molecules are competing for a
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limited small number of miRNAs and thus dilute miRNA activity. Concluding,

the strength of repression depends strongly on the relative amounts of the miRNA

and its targets. Importantly, Mukherji et al. noticed that strength of repression

varied significantly between identically prepared cells. Probably, cell-to-cell differ-

ences explain in part why studies averaging over multiple cells (populations) such

as [44] and [45] measured only moderate responses.

2.3 The miRNA metabolism in animals

2.3.1 Molecular mechanisms of miRNA biogenesis and decay

Transcription of miRNA genes is typically conducted by RNA Polymerase II. Just

as with mRNAs, the transcripts are capped at the 5’ end and polyadenylated at

the 3’ end. miRNA genes are organized in various forms on the genome causing

different types of primary miRNA transcripts (pri-miRNAs). While some miR-

NAs originate from individual transcripts a greater fraction of miRNA genes are

part of miRNA clusters yielding polycistronic transcripts [48]. Moreover, another

appreciable fraction of miRNA genes (∼ 50 in vertebrates) is located within loci

of protein-coding and non-coding genes, predominantly in intronic regions. These

miRNAs are either co-expressed with their host gene or they are independently

transcribed. According to a study of Monteys et al. approximately 35% of intronic

miRNAs in vertebrates have own promoters [49].

The canonical pathway of miRNA maturation involves two processing steps cat-

alyzed by enzymes of the RNase III protein family, Drosha and Dicer. Within the

nucleus Drosha excises with aid of the cofactor DGCR8, a double-stranded RBP,

the stem-loop or hairpin structure from the remainder of the pri-miRNA to create

the ∼ 70 nt long pre-miRNA intermediate. In rare cases pre-miRNAs are obtained

from an alternative miRNA biogenesis pathway that bypasses Drosha-processing

via the generation of so-called mirtrons. Mirtrons are very short introns that ex-

hibit a hairpin structure like pre-miRNAs and enter the miRNA metabolism after

they have been spliced out from the pre-mRNA [50]. The pre-miRNA is exported

by the nuclear transport receptor Exportin-5 to the cytoplasm where Dicer sup-

ported by the transactivation-responsive RBP (TRBP) catalyzes the removal of

the terminal loop from the hairpin structure resulting in the mature miRNA du-

plex of ∼ 22 nt length. Each of the two catalyzed cuts determines one end of the

final miRNA sequence. Carthew et al. point to the necessary high precision of

the processing machinery to ensure the specificity of the produced miRNA [51].

Nevertheless, several recent studies suggest that a single miRNA locus may lead to

multiple variants of one miRNA species that differ in length and sequence. These
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variants are called isomiRs. The heterogeneity can arise from imprecise cleavage

but also from post-processing of the miRNA sequence by factors such as Exori-

bonucleases, Nucleotidyl transferases or RNA editing. In particular, the 3’ end of

the miRNA is subject to modifications. But variations of both the 5’ end and the

internal sequence have been observed as well. Furthermore, expression analysis

revealed isomiR biogenesis can be cell type specific [52].

One strand of the duplex associates with a member of the Argonaute (Ago)

protein family while the other strand - denoted miRNA∗ or passenger miRNA -

disappears. As association to Ago and cleavage by Dicer are physically coupled,

the mature miRNA duplex does not persist long in the cytoplasm [51]. The se-

lection which strand binds to Ago depends on the thermodynamic stability of the

duplex’s ends. Typically, the strand that is less stably base-paired at the 5’ end is

selected [53]. But exceptions to this rule, i.e. miRNA∗ is associated with the Ago,

have been detected as well in considerable number. Ago is the central compo-

nent of the multiprotein-containing RNA-induced-silencing complex (RISC). Be-

side miRNA-bound Ago, the GW182 protein is crucial for gene silencing. The

miRNA serves as specificity factor that guides the RISC to the transcript to be

regulated [51]. Regulation by the RISC leads either to translational repression or

to mRNA degradation, see section 2.4.

Unlike biogenesis of miRNAs that is well understood the exploration of miRNA

stability and decay is in its beginnings. The knowledge is still very patchy and

thus it is not yet possible to create a comprehensive model as it does exist for the

biogenesis. The delayed onset of investigative efforts in this field was partly due to

the initial perception of miRNAs to be highly stable molecules with half-lives of

many hours or even days [54]. Though recent studies reported on accelerated decay

of miRNAs and great diversity of miRNA degrading enzymes across phylogeny

[55]. These findings indicated that the importance of miRNA turnover most likely

had been underestimated. For instance, Krol et al. analyzed the miRNA turnover

in retinal neurons and measured half-lives of ∼ 1 hour [56]. Moreover, given

that miRNAs are involved in developmental transitions, it seems obvious that the

spectrum of miRNA half-lives includes rapid turnover times as well [54].

Concerning the molecular mechanisms, miRNA degradation is carried out by

exoribonucleases [55],[57]. In general, unprotected ends leave miRNAs as other

RNAs vulnerable to degradation by nucleases. Various 5’-to-3’ and 3’-to-5’ ex-

oribonucleases have been identified that degrade miRNAs by removing terminal

nt from either the 5’ end or the 3’ end, respectively. The nucleases known to be

involved in miRNA turnover in human are XRN1, RRP41 and PNPaseold-35 [55].
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2.3.2 Regulation of miRNA metabolism and function

miRNAs are important for the regulation of numerous cellular processes and con-

tribute greatly to context-specificity of protein expression. Many of them were

shown to be expressed depending on tissue or developmental stage. Further,

changes in miRNA expression profiles are associated with many diseases [58]. Here,

the various possibilities how miRNA abundance and function are regulated are

shortly introduced by means of examples.

Regulation of miRNA gene transcription Intergenetic miRNAs but also in part

intragenic miRNAs are autonomously expressed and thus have own promoter re-

gions. These regions are equipped with typical promoter elements such as CpG

islands, TATA box sequences, initiation elements and histone modifications sug-

gesting transcriptional activation of miRNA genes to be similarly regulated to

that of protein-coding genes [54]. Importantly, many examples of miRNAs be-

ing involved in their own (de-)activation via autoregulatory feedback loops have

been discovered. For instance, Kim et al. found a negative feedback loop consti-

tuted by miR-133b and Pitx3 that regulates maturation and function of midbrain

dopaminergic neurons. Pitx3 activates the transcription of miR-133b and the

miRNA suppresses the expression of Pitx3 post-transcriptionally [59].

Post-transcriptional regulation of miRNA expression During maturation the

nascent miRNA is processed by Drosha and Dicer. Both proteins as well as their

respective interaction partners, DGCR8 or TRBP, are subject to regulation that

in turn can affect miRNA expression. For instance, the complex formation with

DGCR8 stabilizes Drosha. On the other hand, Drosha may induce degradation

of DGCR8 by cleaving hairpins present in the DGCR8 mRNA [54], probably be-

cause high concentration of DGCR8 was shown to inhibit Drosha processing of

pri-miRNAs [60]. Recently, the terminal loop of the hairpin structure was found

to be used as interaction site by different RBPs during Drosha processing. By

rearranging the structure, uridylation or cleavage RBPs can enhance or inhibit

the progress of miRNA maturation [61]. In matters of Dicer, a highly influential

negative feedback loop was identified to exist between miRNA let-7 and Dicer.

The former has been shown to regulate Dicer post-transcriptionally [44],[62]. Con-

sequently, let-7 may affect globally the maturation of miRNAs within the cell [54].

The excision of the miRNA duplex from the pri-miRNA transcript determines

the terminal nt of the miRNA strands. As noted above, the thermodynamic sta-

bility of the 5’ ends is decisive for which of the two strands is preferentially loaded

into the RISC. Therefore, cleavage heterogeneity caused by Drosha or Dicer in-
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fluences strand selection. Further, an altered 5’ end affects the function of the

miRNA as the 5’ end is crucial for the target recognition [54], see section 3.1.1.

Regulation of miRNA function The mature miRNA is incorporated into the

RISC and guides the gene-silencing complex to its targets. Control at this level

concerns miRNA function or stability. miRNA function can be affected in a variety

of ways. Crucial are the two core protein components of the RISC, Ago and

GW182. Regulation of these has effect on miRNA function. Additionally, each

of them is associated with numerous other proteins that contribute to miRNA-

mediated control increasing the pool of targets for controlling the miRNA pathway

[54].

Both Ago and GW182 have paralogues in many organisms. In vertebrates Ago

is present in four variants. Regarding target selection as well as miRNA selection

the four Ago proteins in human do not differ from each other [9]. But the power

to prevent protein synthesis varies between them [54]. Further, as noted in section

2.2.3, miRNA abundance and RISC formation are limited by the concentration of

the Ago proteins. Hence, the expression levels of Ago proteins might control the

extent of miRNA regulation. Several regulatory mechanism have been identified

that control Ago expression such as the heat shock protein 90 that is important for

stabilization. Further, a couple of protein modifications with modulating effects

are known [54]. GW182 has three paralogues in mammals, the trinucleotid-repeat

containing proteins TNRC6A, TNRC6B and TNRC6C. Unlike Ago, the investiga-

tion of the regulation of GW182 proteins is in its infancy and thus it is less known

about the their regulatory impact on miRNA function [54].

RBPs are considered to play a major role in post-transcriptional regulation [63].

They are involved in maturation, localization, translation, stability and degra-

dation of mRNAs. Opposed to miRNA-mRNA associations that depend on the

presence of sequence signals on the mRNA, RBPs recognize particular secondary

structural elements. One of the first examples demonstrating the interplay between

the two classes of regulators involves miR-122 and the RBP HuR [64]. miR-122

inhibits translation of the CAT1 mRNA under normal conditions in human hep-

atoma cells. Upon stress induction HuR binds to the 3’UTR of CAT1 and thereby

dissolves miRNA-mediated repression. The repressed mRNAs are then redirected

to polysomes for active translation. Interaction between HuR and miRNAs is po-

tentially widespread. By experimental studies hundreds of HuR binding sites were

found adjacent to or overlapping with miRNA target sites [65].

In case of HuR and miR-122 the RBP counteracts miRNA regulation but exam-

ples of cooperation between both types of regulators have been observed as well.
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Kedde et al. showed that miRNA-mediated repression of the tumor suppressor

p27 is enabled by the RBP PUM1 [66]. In quiescent cells, both protein p27 and

its suppressors miR-221 and miR-222 are expressed at high level. The structural

conformation of the p27 3’UTR prevents miRNA binding. PUM1 is upregulated

in response to growth factor stimulation. By binding to 3’UTR of p27, PUM1

induces structural reformations that unfold the target sites of miR-221 and miR-

222. Subsequent repression of p27 by the miRNAs leads to rapid entry to the cell

cycle. As for HuR, global analyses revealed RBP binding motifs to be enriched in

3’UTRs with miRNA target sites and vice versa [63]. Further examples of miRNA-

RBP interactions are known [54],[63],[65]. As the numbers of different miRNAs

and RBPs respectively reach several hundreds in animals, cross-talk between the

two classes of regulators is supposed to be a general mechanism [63].

Regulation of miRNA degradation Recent studies revealed that many miRNAs

are subject to accelerated or regulated miRNA turnover [54],[55]. For instance,

miR-29a and miR-29b originate from the same locus and thus are co-transcribed

but their mature forms showed different expression levels during cell cycle progres-

sion of HeLa cells. Hwang et al. observed that miR-29a is constitutively expressed

in all phases of the cell cycle whereas miR-29b is enriched in mitotic cells but

depleted in the remaining phases [67]. The regulation here acts on the mature

miR-29b as transfected mature miR-29b showed a similar expression pattern with

accumulation in mitotic cells. Compared to miR-29a, miR-29b experiences an

accelerated decay triggered by the cell cycle. Further analyses revealed that cen-

trally arranged uracils in the mature miRNA sequence are involved in the fast

degradation.

Krol and colleagues found that several miRNAs in mouse retina are light-

regulated [56]. Shifting the mice from light to dark led to a reduction of the levels

of miR-204 and miR-211 as well as of miRNAs from the cluster miR-183/96/182.

But also miRNAs insensitive to light showed rapid turnover in neurons. They

observed similar turnover of miRNAs in hippocampal slices and in neurons dif-

ferentiated from mouse embryonic stem cells suggesting rapid miRNA turnover to

be a general feature of neurons. Importantly, miRNAs in non-differentiated neu-

rons were not subject to fast decay. Further, turnover in neurons is supposed to

be activity-dependent as blocking of action potentials prevented fast decay. Both

studies are examples of accelerated decay of miRNAs induced by physiological

triggers.

The stability of mature miRNAs is controlled by cis-regulatory elements, cis-

acting modifications (i.e. alterations of the miRNA sequence), protein complex
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formation and exposure to nucleases [57]. It has been shown that addition of ade-

nine residues to the 3’ end conferred protection to the miRNA molecule [57]. On

the other hand, Baccarini and colleagues observed that attachment of uracils to the

3’ end triggered decay of miRNAs [68]. Importantly, cis-acting elements causal for

degradation have been identified along the entire miRNA [55]. The incorporation

into the RISC by binding to the Ago protein stabilizes the miRNA by protecting it

from exoribonucleases. Observations suggest that miRNAs compete among each

other for association with Ago. Therefore, saturation of Ago-binding capacity is

assumed to limit function and stability of miRNAs [57]. Furthermore, Chatter-

jee et al. found that in absence of targets miRNAs dissociate from the RISC and

become degraded [69]. Importantly, this result demonstrates that miRNA stabil-

ity depends also on the target pointing to a bidirectional regulatory relationship

between miRNA and mRNA.

2.4 Regulation of Translation by miRNAs in animals

2.4.1 Molecular mechanisms involved in miRNA regulation

Translation is a three-step process including initiation, elongation and termination.

The 80S ribosome complex is assembled at the initiation stage and positioned at

the translation start site of the mRNA. During elongation, the ribosome moves

along the coding sequence in a 5’ → 3’ direction and synthesizes the peptide

chain. Release of the newly produced protein and removal of the ribosome complex

terminates the translation [70].

Typically, mRNAs are cap-dependently initiated, that is, the mRNA needs to

be equipped with a cap structure at the 5’ end. At the 3’ end, the mRNA is

prolonged by a sequence of adenines, called poly(A) tail. Both 5’ cap and poly(A)

tail have several functions, but particularly each of them contributes to the stability

of the mRNA. Deadenylation and decapping of the mRNA, i.e. removing both

the poly(A) tail and the cap, leads to decay of the mRNA by exoribonucleases

[71]. Proteins that associate with the cap and the poly(A) tail during initiation

interact with each other and give rise to a circular structure of the mRNA. The

eukaryotic translation-initiation factor (eIF4F), which consists of the cap-binding

protein eIF4E, an helicase eIF4A and the scaffold protein eIF4G, recognizes the cap

structure. Interaction between eIF4G and the poly(A)-binding protein (PABP)

promotes circularization, see figure 2.4. mRNAs in closed loop configuration are

efficiently translated and protected from enzymatic degradation [43].
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Figure 2.4: Circular mRNA. eIF4F interacts through its cap-binding subunit

eIF4E with the 5’ cap structure of the mRNA. eIF4A unwinds sec-

ondary structures in the 5’-untranslated region (5’UTR) enabling the

translation machinery to scan the 5’UTR sequence towards the ini-

tiation codon. PABP binds to the poly(A) tail and complexes with

the scaffold protein eIF4G to close the mRNA loop. Coloring of the

mRNA regions: 3’UTR (magenta), coding region (green) and 5’UTR

(blue). This figure is based on a figure from [43].

2.4.2 Current model of gene silencing through miRNAs

Cases of translational activation by miRNAs have been reported. In quiescent

cells certain miRNAs increase translation of mRNAs [72]. Activation by miRNAs

is mediated either by relief of repression or by direct activation. But currently

translational activation appears to be restricted on specific G0 states of the cell

cycle. Therefore, unlike silencing, activation is not expected to be a general mech-

anism of the miRNA pathway [71],[73].

miRNA lin-4 inhibited translation of lin-14 mRNA with no discernible effects

on mRNA abundance [3]. As ribosomes were found attached to the regulated

lin-14 mRNA molecules, it was concluded that suppression by lin-4 occurred after

translation had been initiated, i.e. at the elongation stage [74]. Since then a variety

of observations were made. Some of them agree with this early model but others

are not covered by it or are even not compatible with it. Meanwhile, Bagga et

al. found in a re-evaluation that lin-14 mRNA level is significantly decreased by

lin-4-mediated regulation [75]. According to the current understanding, miRNAs

bind to the target at the stage of translation initiation since several studies suggest

that miRNA regulation prevents ribosome recruitment [43],[76]. Additionally, it

has been demonstrated that the RISC binds to the 5’ cap structure and impairs

translation initiation. Consistently, alternatively translated mRNAs that lack the

5’ cap structure are refractory to miRNA-mediated silencing.
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The initial view that miRNAs inhibit translation but do not affect mRNA abun-

dance had to be extended. Although this first notion was supported by subsequent

studies, others reported strong correlation between decreases in protein level and

mRNA level in response to miRNA silencing [77]. Decreased mRNA levels were

due to miRNA-mediated deadenylation, decapping and ensuing degradation of the

mRNAs. Moreover, Bhattacharyya et al. found that miRNA-bound mRNAs may

be translationally reactivated upon exposing cells to specific stress [78]. These find-

ings raised the question how the molecular events (translational repression, mRNA

deadenylation and mRNA decay) relate to each other. Is the perceived transla-

tional repression the result of mRNA decay or does destruction of the mRNA

follow on translational inhibition [79]?

Two time-course analyses provided revealing insights. Djuranovic et al. mon-

itored protein expression and mRNA level of miRNA targets in fruit fly cells at

different time points [80]. Repression of translation was consistently observed to

occur already before deadenylation and degradation. Further, they found that re-

pression is independent of deadenylation. In a parallel study Bazzini et al. studied

miRNA effects in zebrafish embryos [81]. miR-430 was known to clear endogenous

maternal mRNA through deadenylation and ensued degradation. But whether

translational repression preceded deadenylation of mRNA was unknown. Con-

sistent with the results of [80] they could demonstrate that miR-430 represses

initiation of translation before initiating deadenylation and decay.

In mammalians the impact of translational repression without mRNA decay was

rated low by some global studies. For instance, both Baek et al. and Selbach et

al. detected significant correlation between mRNA and protein levels of miRNA

targets [44],[45]. Further, Guo et al. concluded that miRNAs predominantly act

to decrease target mRNA levels [82]. Hu and Coller conjectured these assessments

have to be attributed to the conduction of the experiments, in particular to the

time points at which miRNA effects were studied in these works [79]. The earliest

time point analyzed in the study of Guo et al. was 12 hours after transfection of

the miRNAs. In contrast, the earliest time point considered in the fly and fish

studies was 2 hours. Selbach et al. measured two time points, 8 and 32 hours

after transfection [44]. Interestingly, at 8 hours the correlation between mRNA

and protein levels was weak for many genes but it became strong at 32 hours.

Possibly, by considering late time points, the mammalian studies missed the phase

of translational repression and measured primarily the subsequent mRNA decay.

Based on these findings, Fabian and Sonenberg proposed a temporal model of

miRNA-mediated repression [77]: miRNAs act through a two-step mode of re-

pression. First, translation is inhibited independent of the adenylation status of

the mRNA, see figure 2.5. The molecular mechanisms underlying repression are
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Figure 2.5: Temporal order of miRNA-mediated gene silencing. The

Ago-bound miRNA guides the RISC to the target mRNA (1). Various

models of RISC-induced inhibition of translation are currently dis-

cussed. Interaction of GW182 with PABP interferes with the closed

loop configuration of the mRNA and prevents ribosome recruitment.

Further, the CCR4-NOT deadenylase complex is necessary for repres-

sion. Following repression, mRNA decay is initiated through dead-

enylation by CCR4-NOT and PAN2-PAN3 (2). Decapping by DCP1-

DCP2 (3a) and degradation by 5’-3’ exoribonuclease Xrn1 (3b) fin-

ishes mRNA decay. Progressions denoted by question marks can not

be ruled out presently.
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2.4 Regulation of Translation by miRNAs in animals

not fully characterized yet. It is assumed that the GW182 interaction with PABP

competes against the eIF4G-PABP association and thus prevents circularization of

the mRNA. Further, there is evidence that the CCR4-NOT deadenylase complex is

involved in repression independent of its deadenylase activity. Subsequently, sup-

pressed mRNAs enter the cellular 5’-3’ mRNA decay pathway [43]. Deadenylation

by CCR4-NOT and PAN2-PAN3 deadenylases initiates the mRNA decay. Follow-

ing poly(A) tail removal, the 5’ cap structure is dissociated by the DCP1-DCP2

decapping complex and the unprotected mRNA molecule is degraded in 5’ → 3’

direction by the exoribonuclease Xrn1. A couple of questions remain unanswered,

e.g. if deadenylated mRNAs may be reactivated or if repression needs to precede

degradation.
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3 Analysis of miRNA seed-based

target recognition

3.1 Background: Target recognition by miRNAs in animals

”At the heart of miRNA-mediated regulation lies the species-specific interaction of

the miRNA and the mRNA” [55]. Within the RISC, miRNAs act as adapters that

confer target-specificity on the gene silencing machinery. Main object of this thesis

was to study how miRNAs carry out their adapter functionality, that is, it was

questioned how do miRNAs recognize target mRNAs. The following describes the

general principles underlying miRNA target recognition in animals and introduces

biochemical methods for uncovering miRNA targets in a large scale.

3.1.1 The miRNA 5’ region is crucial for target recognition

By formation of a RNA-RNA duplex between the miRNA and a complementary

site on the target, the target mRNA is selected for downregulation through RISC.

Unlike plants, where the majority of targets bear sites of extensive complemen-

tarity to the miRNA, broad complementarity is unusual in animals [7]. The first

discovered miRNA target in animals, lin-14, contained seven conserved sites in

its 3’UTR, each harboring an almost exact copy of a 9 nt sequence motif. This

”core element” was perfectly complementary to the 5’ region of lin-4 miRNA.

Base-pairing between the remainder of the miRNA and the target was fragmen-

tary and varied between the target sites [3]. Subsequent observations by others

underpinned the particular relevance of the miRNA 5’ region for target recogni-

tion. K box and Brd box were known 3’UTR sequence motifs in Drosophila that

mediate post-transcriptional regulation. Lai found that 5’ regions of Drosophila

miRNAs were perfectly complementary to these motifs [83]. Sequence comparison

of nematode miRNAs revealed that the 5’ end of miRNAs is more conserved than

the 3’ end [84]. This finding also brought forth the concept of miRNA families.

miRNAs independent of their genomic origin were sorted to miRNA families if

they shared sequence identity minimum in the 5’ region. Lewis et al. from the

Bartel laboratory finally documented the importance of the 5’ region for target
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Figure 3.1: Schematic representation of a miRNA target site. Typi-

cally, the miRNA seed located at the 5’ end of the miRNA matches

perfectly with the target mRNA. The seed-complementary site on the

target is referred to as the seed match. Unlike the seed, the 3’ portion

of the miRNA base-pairs less regularly with the target. The region

on the target comprising the entire interaction between miRNA and

target is called target site.

recognition by computational analysis [85]. In this article also some basic terms

and concepts regarding miRNA target recognition were introduced, see figure 3.1.

The perfectly pairing sub-segment of the miRNA was termed the miRNA seed and

the corresponding complement on the 3’UTR was referred to as the seed match.

The latter in turn is part of the target site on the 3’UTR that may involve ad-

ditional but much less regular base-pairing between miRNA and 3’UTR. Hence,

computationally, miRNA target sites can be uncovered by seeking for seed matches.

Lewis and colleagues aimed for verifying the relevance of the 5’ region for target

recognition without consideration of the few known targets. Thus, all sub-segments

of the miRNA were assessed; each segment was used as seed for the search for target

sites on human 3’UTRs. Only if a miRNA-3’UTR interaction was conserved, that

is, orthologous 3’UTRs in mouse and rat contained minimum one target site for

the same miRNA, the interaction was counted. Conservation indicates preserved

biological function. Therefore, Lewis et al. reasoned that conserved miRNA-target

interactions are very likely true interactions. It is worth mentioning that they

did not require a target site to reside at orthologous positions in the orthologous

3’UTRs to be considered conserved but only to be present (somewhere) in these

3’UTRs.

The 7 nt long segment ranging from position 2 to 8 relative to the 5’ end of

the miRNA exhibited the highest signal-to-noise ratio, i.e. the number of detected

targets exceeded the number of targets expected by chance most. Targets found

for randomly permuted (”control”) miRNAs constituted the expected fraction or
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3.1 Background: Target recognition by miRNAs in animals

noise. This result confirmed the previous observations that the 5’ located seed

region is most important for target identification. Other segment lengths were

probed as well, but shorter segments gave rise to too low signal-to-noise ratios and

longer ones retrieved less targets at comparable signal-to-noise ratio. Lewis et al.

implemented these findings in the miRNA target prediction software TargetScan

[85]. The first version of TargetScan predicted more than 400 mammalian genes

to be conserved targets of miRNA regulation.

3.1.2 Different types of seed-complementary sites

In following years the groups of Bartel and Burge made use of the steadily growing

number and the increasing quality of fully sequenced genomes to further enlighten

target recognition by miRNAs. Requiring the seed match to occur at orthologous

positions in five vertebrate genomes reduced the fraction of false positive predic-

tions such that already 6 nt long seed matches, including nt 2-7, achieved modest

specificity [86]. When exploring conserved positions flanking the 6mer seed match

on the target, they observed that adenines were over-represented at the first posi-

tion downstream of seed matches regardless of whether the miRNA starts with an

uracil or not. They suspected these adenines to be involved in miRNA-target in-

teraction, even though not necessarily through base-pairing with the miRNA. And

indeed, filtering seed matches with an adenine next to the seed match improved

specificity of target predictions for all miRNAs. Furthermore, the nt directly up-

stream of the seed match had a propensity to be base-paired to nt 8 of the miRNA.

Also here, focusing on seed matches extending to position 8 increased specificity.

Requiring both the matching to miRNA nt 8, denoted m8, and the A at position

1 in the target, denoted A1, yielded the highest signal-to-noise ratio. Noteworthy,

all filterings, in particular requiring simultaneously m8 and A1, were accompanied

with substantial losses in sensitivity. Without filtering 13,044 regulatory interac-

tions involving 5,300 human genes could be identified based on an alignment of

four mammalian genomes.

Further refinements of the method led to the discovery of the offset 6mer site

type matching miRNA positions 3-8 by Friedman et al. [87]. First, the noise

estimation was revised and has been correspondingly renamed to background es-

timation. Additionally, a quantitative approach based on phylogenetic trees was

established to measure the conservation of seed matches. Trees were constructed

based on a 23-way alignment of vertebrate 3’UTRs. Summing the lengths of the

branches connecting the subset of species having a seed match perfectly aligned

produced a branch-length score for the seed match. This allowed to analyze signal-

to-background ratios at varying branch-length cutoffs each representing a different
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Figure 3.2: Set of classical seed types. The core seed region includes nt 2-7.

Three of the seed types base-pair additionally with nt 8 of the miRNA.

Albeit the adenine opposed to miRNA residue 1 is not necessarily

involved in base-pairing, its presence increases specificity of target

site prediction.

level of conservation.

Other 6 nt long site types beside 6mer and offset 6mer did not show appreciable

signal-to-background ratios. Therefore, Friedman et al. focused in their analysis on

following site types: 6mer and offset 6mer, 7mer-A1 and 7mer-m8 and the 8mer,

that is the combination of the two 7mer types. Henceforth, within this thesis the

term seed type is used instead of site type, see figure 3.2. Figure 3.3(A) displays

the number of conserved sites for each seed type for two branch-length cutoffs.

With regard to target site prediction requiring strong conservation caused high

specificity, represented by the high signal-to-background ratios. Particularly, seed

matches related to the two 7mer and 8mer seed types are subject to purifying

selection. On the other hand, more sites above background, reflecting sensitivity,

are detected at the less stringent cutoff. Seed type 7mer-m8 is most important in

terms of number of sites under selection (conserved sites above background), while

the proportion of seed matches being selectively maintained (represented by the

signal-to-background ratio) is highest for the 8mer. Regardless of the cutoff, rank-

ing the seed types according to the signal-to-background ratios resulted always

in the same hierarchy, with 8mer > 7mer-m8 > 7mer-A1 > 6mer > offset 6mer.

Moreover, Friedman et al. measured the impact of seed types on transcript stability

and found that the extent of transcript destabilization upon miRNA transfection

correlated well with the fraction of conserved sites, see figure 3.3(B). This obser-

vation suggested a strong relationship between selective maintenance of seed types

and their efficacy. Finally, at the most sensitive cutoff minimum 44,000 target sites

on 9,600 genes were identified to be conserved above background when merging
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3.1 Background: Target recognition by miRNAs in animals

A B

Figure 3.3: Characteristics of classical seed types. (A) Conservation

of seed types at high sensitivity (cutoff = 1.0) and high specificity

(cutoff = 2.0) (solid bars). Open bars indicate the background esti-

mation. The signal-to-background ratios are denoted above the bar

pairs. (B) Correlation of seed type conservation and mRNA destabi-

lization. Both figures are taken from [87]

the seed matches of the five seed types.

3.1.3 Assessing the seed rule

Constant enhancement of the analytical methods increased both sensitivity and

specificity of target site identification. The first version of TargetScan predicted

400 genes to be putative miRNA targets. Current estimates suggest that about half

of human protein-coding genes are post-transcriptionally regulated by miRNAs

[65]. Perfect Watson-Crick pairing between the seed of the miRNA and the target

initiates miRNA-target interaction and activates regulation through the RISC. The

groups of Bartel and Burge identified five types of miRNA seeds, see figure 3.2,

for each of which they found thousands of conserved complementary sites (much

more than expected by chance) in the human transcriptome. With the discovery

of the classical seed types the groups of Bartel and Burge bestowed fundamental

insights on the miRNA research community. Dozens of target site prediction tools

that have been developed meanwhile make use of these findings, see section 4.1.

Nevertheless exceptions to the classical seed rules have been reported. For in-

stance, Baek et al. and Selbach et al. measured the effect of miRNA-mediated

control on protein output. Although the majority of downregulated genes in-
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3 Analysis of miRNA seed-based target recognition

cluded perfect seed matches, a substantial fraction of direct targets were devoid of

perfect complementary sites [44],[45]. Vella et al. analyzed the regulation of lin-41

by miRNA let-7 in C. elegans and detected only imperfect seed matches contain-

ing bulges or G:U wobble pairs [88]. Applying the approach used to reveal the

classical seed types was less helpful to decipher rules of non-perfect seed matching:

Friedman et al. found at most small fractions of imperfect sites to contain either a

single mismatch, a G:U wobble, a bulged nt within the site or within the miRNA

to be under selection [87]. In another study the group of Bartel presented a class

of non-classical target sites, called centered sites [89]. Centered sites perfectly

base-pair to nt 4-14 or 5-15 of the miRNA without substantial pairing to the seed

region of the miRNA. But this class of sites is present only in a marginal fraction

of target sites [90]. Beside missing functional targets, classical seed types com-

prise false positives as well. For instance, Didiano et al. could show that perfect

seed matches are not generally a reliable predictor for miRNA-target interactions

[91]. Consequently, perfect seed matches are neither necessary nor sufficient for all

functional miRNA-target interactions [92].

Recently, new biochemical methods (HITS-CLIP, PAR-CLIP) have emerged

that allow determination of miRNA target sites in a large scale, see section 3.1.7.

Genome-wide maps of RISC-target interactions were revealed by immunoprecipita-

tion of the Ago protein and subsequent sequencing of the isolated and coimmuno-

precipitated mRNA fragments. The availability of genome-wide target site maps

allowed quantitative assessment of the seed rules in terms of sensitivity and speci-

ficity. For instance, Chi et al. found 73% of target sites decoded by HITS-CLIP

to be equipped with classical seed matches [92]. As Bartel and colleagues required

sites to be selectively maintained, seed types enriched among less conserved sites

were missed or low-weighted by their approach. Therefore, experimentally deter-

mined target sites without perfect seed matches (orphans) likely include imperfect

matches or less conserved seed types. By focusing on orphans, Chi et al. discovered

an alternative mode of miRNA target recognition based on bulged sites [92]. Here,

target recognition proceeds in two consecutive phases. First, in a transitional nu-

cleation phase miRNA positions 2-6 base-pair to an uninterrupted complementary

site of 5 nt on the target. Then, a more stable duplex is obtained that includes

minimum miRNA residues 2-7, with the target nt that originally base-paired with

residue 6 bulging out from the pairing. Residue 6, termed the pivot residue, plays a

special role here as it pairs with two different nt during target recognition. Bulged

sites are conserved and comprised about half of the orphan sites.

28



3.1 Background: Target recognition by miRNAs in animals

3.1.4 Seed type definition based on CLIP data

We used genome-wide miRNA-mRNA interaction maps to define functional miRNA

target sites [1]. Seed matches located in mRNA regions involved in interaction with

Ago were classified functional and matches beyond these regions were tagged non-

functional. Based on the ratio of functional-to-non-functional sites, a minimal

and sufficient set of seed types was defined. As the method has been used in this

thesis, it is briefly explained here: Only seed matches starting at positions 1, 2

or 3, subsequently denoted α, β and γ, relative to the 5’ end of the miRNA were

taken into account for the deduction of seed types. A seed match type is defined

by its length l and its start position. A seed type may comprise several seed match

types of consecutive lengths sharing the start position. For each of the three start

positions following recursive procedure has been applied. In case the proportions

of functional and non-functional sites of seed match type a with la = k varied

significantly from that of the combined seed match types a+ with la+ > k, a was

defined as seed type and the procedure was repeated for the next seed type length

k + 1. Otherwise the method terminated and the seed match types with la = k

and la+ > k were merged into one seed type.

Unlike Bartel and colleagues, we had not to demand selective maintenance as

proof of authenticity as our set of functional sites was experimentally verified.

In fact, we could study conservation as a property of seed matches. Considering

non-conserved sites extended the pool of examined target sites remarkably con-

sistent with previous studies suggesting non-conserved targeting to be widespread

[45],[93]. Although the majority of functional sites matched classical seed types, we

established a new class comprising less conserved sites base-pairing with miRNA

positions 1-6 that substantially contributed to sensitivity.

3.1.5 miRNA regulation through the coding region

Until recently investigation of miRNA function was almost exclusively confined to

target sites located in the 3’UTR. Coding region or open reading frame (ORF) and

5’-untranslated region (5’UTR) received less attention, although experimental and

computational analyses suggested involvement in particular of the coding region in

miRNA targeting [45],[86],[94]. The 5’UTR as well may host effective target sites

as artificial insertion of let-7 seed-complementary sites in the 5’UTR had been

demonstrated [95]. Furthermore, in plants miRNAs interact primarily through

sites residing within the coding region [96]. A couple of reasons may explain the

bias to the 3’UTR: Unlike the ORF that was clearly associated with a biological

function, the functional role of the 3’UTR was still awaiting its elucidation [97].
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Additionally, it was known that the 3’UTR interacts with protein complexes per-

forming post-transcriptional regulation comprising translational control, subcellu-

lar localization and mRNA stability. Further, the average 3’UTR length appeared

to correlate with organismal complexity [98]. Thus, there were some understand-

able and founded reasons advising to link miRNA-mediated regulation with the

3’UTR. But it can not be ruled out that at least in part simply the first described

miRNA-target interaction, with lin-4 pairing with sites in the lin-14 3’UTR, may

have directed subsequent studies [48].

Apart from arguments for the 3’UTR, there were biological considerations but

also technical difficulties disfavoring the coding region: Especially mechanistic

aspects argued against interaction of miRNAs with the coding region. It was

suspected that the protein translation machinery interferes with RISC activity

[48]. Further, considering the intensity of repression, several experimental analyses

demonstrated that target sites in the coding region albeit abundant are much less

effective than seed matches in the 3’UTR [9],[45],[94],[99], see figure 3.4(A). Finally,

the ORF was assumed to lack necessary flexibility to accumulate miRNA target

sites due to the strong conservation of the amino acid sequence [97]. In terms of

biology this turned out to be a weak argument as the degeneracy of the code allows

for much more information to be encoded [100]. But with regard to methodology,

seeking for significant signals in the highly conserved coding region is much more

challenging than in the 3’UTR [48].

Numerous research groups contributed to the current multifaceted understand-

ing of miRNA-mediated regulation by studying the interaction between miRNAs

and target sites in the 3’UTR. Like a preferential attachment process the number

of publications dealing with 3’UTR-related miRNA action was growing faster and

faster whereas studies of the coding region remained the exception, even though

interim computational analyses found thousands of target sites in the coding re-

gion [86],[94]. Eventually, the great number of functional sites discovered by the

CLIP methods [8],[9] and by computational approaches adapted to the coding re-

gion [62],[101] gave rise to increased interest in miRNA target sites located in the

coding region.

Forman et al. were the first who presented a method to identify conserved ele-

ments in the coding region [62]. The coding region is already highly conserved due

to the strong selective pressure at the protein level. This bias has to be accounted

for to find sequences being additionally selectively maintained at the nt level. Seed

matches of miRNAs, including miRNA let-7, were among the top scoring motifs in

human coding regions. Forman et al. found that highly conserved let-7 sites in the

coding region are similar effective as 3’UTR sites, see figure 3.4(B). Interestingly,

they could show that the pre-miRNA processing enzyme Dicer is downregulated
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Figure 3.4: Different efficacy of ORF and 3’UTR targeting. (A) Im-

pact of transfected miRNAs on mRNA and protein level. This figure

is taken from [45]. (B) mRNA destabilization through sites in 3’UTR

and coding region. mRNAs with target sites in their 3’UTR, in par-

ticular those with conserved sites, show a significant difference to a

random set of genes. Regarding the coding region only conserved sites

cause a significant deviation from the random set. This figure is taken

from [62]

through let-7 target sites in the coding region, see section 2.3.2. Schnall et al. de-

veloped a more sensitive approach to decipher conserved sites and demonstrated

that conserved targeting in the coding region is at the scale of conserved targeting

in the 3’UTR [101].

It was known for 3’UTRs that multiple seed matches within a 3’UTR increase

efficacy of target repression [9],[94],[102]. Fang and Rajewsky found that target

sites located in the coding region enhance the effect of sites in the 3’UTR [103]. In

another study Schnall et al. reported strong repression induced by multiple seed

matches in the coding region to the same miRNA. The seed match copies could

be attributed to a repeatedly encoded protein domain [104]. These evidences

for effective targeting through the coding region motivated the development of

adapted target prediction algorithms [105],[106],[107]. Marin et al. analyzed the

precision of predictions obtained for different seed lengths (2-7, 2-8 and 1-8) [106].

As expected, the 7mer performed better than the 6mer, but they were surprised

to find that the 7mer exceeded the 8mer in terms of precision. In this thesis

an analysis of seed types in the coding region was performed, see section 3.4.1.

Consistent with the finding of Marin et al., an increased importance of short seed
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types could be observed in the ORF.

Concluding, the coding region should not be ignored. But why do ORF sites

trigger reduced repression? According to current knowledge, it is, as initially sus-

pected, due to the ribosome complexes that scan along the coding sequence thereby

hindering the RISC to attach to target sites. An elegant experimental study by

Gu et al. provided evidence for this hypothesis [99]. By inserting rarely occur-

ring codons upstream of target sites within the coding region miRNA-mediated

repression could be amplified; the rare codons induced a brief translational pause

allowing the RISC to associate with the target site. Consequently, Gu et al. con-

jectured that functional sites in the coding region should be preceded by rare

codons. Hafner et al. could nicely confirm this hypothesis using sites detected by

the PAR-CLIP method [9]. They determined the codon usage around functional

and non-functional seed matches and observed that there was a significant bias to

rare codons in proximity of functional sites.

3.1.6 The ceRNA hypothesis: Targets compete for miRNAs

This subject would also fit into section 2.3.2 dealing with the regulation of miRNA

function. But knowledge of miRNA target recognition is crucial for the under-

standing of this ”new layer of regulation of miRNA activity” [109]. Experimental

and computational analyses have shown that the intensity of target repression is

dependent on the target concentration, see studies of Mukherji et al. [46] and Ar-

vey et al. [47] outlined in section 2.2.3. An increase of target abundance diluted

the initially high miRNA activity. Prior to these findings, Seitz proposed already

an interesting hypothesis aiming to explain the great number of computationally

predicted targets per miRNA in animals [110]. According to his pseudotarget hy-

pothesis, a large proportion of miRNA targets act as inhibitors of miRNA activity.

Like sponges these targets titrate miRNAs and thereby prevent them to regulate

their authentic targets. In plants this principle of miRNA activity regulation

was already known as target mimicry [111]. Poliseno et al. found that miRNA

sponges play a role in the control of cancer [112]. The transcripts of the tumor

suppressor gene PTEN and its pseudogene PTENP1 have closely related 3’UTR

sequences that include target sites for the same set of miRNAs. By consuming

PTEN-regulating miRNAs PTENP1 de-represses PTEN and enhances its tumor

suppressor activity. Conversely, PTEN mRNAs act as decoy for miRNAs regulat-

ing PTENP1. Further, Poliseno and colleagues could show that genomic loss of

PTENP1 is correlated with reduced PTEN expression in certain cancers. These

results revealed a function for pseudogenes and added a non-coding function to

coding transcripts.
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3.1 Background: Target recognition by miRNAs in animals

Figure 3.5: Cross-talk between ceRNAs. RNA Y and RNA X share target

sites for the same set of miRNAs. Rising expression of RNA Y in-

creases the concentration of target sites and can lead to de-repression

of RNA X. Conversely, downregulation of RNA Y would lead to de-

creased concentration of target sites and thus to strong repression of

RNA X. This figure is taken from [108].

Saleman et al. unified all these findings and considerations in a hypothesis stat-

ing that RNAs regardless whether coding or non-coding sharing miRNA target

sites may affect each others’ expression level by competing for miRNA binding

[108]. In this model miRNA target sites constitute the ”letters” of a ”RNA lan-

guage” that are used by competing endogenous RNAs (ceRNAs) to ”talk” with

each other. For completeness, the combination of target sites located on a RNA

sequence is considered a ”word”. The more target sites ceRNAs have in common

the more effective is the ”cross-talk” between them, see figure 3.5. Therefore,

pseudogenes and their corresponding ancestral genes are considered to be partic-

ularly suited for mutual regulation due to the high sequence similarity. Since any

RNA containing at least one miRNA target site may function as a ceRNA, Sale-

man et al. speculated that cross-talks between ceRNAs form a large regulatory
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network that includes many unknown molecular interactions. To uncover these

interactions, comprehensive knowledge of number and location of the letters, i.e.

the miRNA target sites, is essential. By maximizing the sensitivity in the deter-

mination of functional target sites, this work provides important groundwork for

the elucidation of ceRNA networks, see section 3.4.1.

Concluding, the relationship between miRNAs and their targets is not a one-way

street with miRNAs as active regulators and mRNAs as passive targets. As noted

in section 2.3.2, the miRNA concentration may depend on target abundance. The

ceRNA hypothesis provides another argument that miRNAs and mRNAs mutually

affect each other: By acting as miRNA decoys, mRNAs and other types of RNAs

may regulate the function of miRNAs without destabilizing them.

3.1.7 Experimental approaches to identify miRNA targets

Basically, experimental approaches can be subdivided in methods that are able to

identify direct miRNA targets and others that can not distinguish between direct

and indirect, i.e. downstream, targets. Identification of direct targets or even of the

location of target sites on the target sequences is desirable but currently technically

still very challenging. Therefore, established methods such as microarrays are

usually used to detect miRNA effects. By measuring the change of transcript

expression after overexpression or depletion of certain miRNAs, microarrays reveal

both direct and indirect targets. Subsequent searching for seed matches on the

sequences of affected transcripts can help to discern direct targets. A drawback

is that overexpression of miRNAs may yield artifacts and repression of commonly

lowly expressed miRNAs is unlikely to generate measurable effects [113].

A technique to measure protein abundance, SILAC (stable isotope labeling with

amino acids in cell culture), has been used by two groups to quantify the impact

of miRNA loss or overexpression on protein expression [44],[45]. Importantly,

the change of protein expression represents the final result of miRNA-mediated

control. But like microarray analyses, also these procedures provide both direct

and indirect targets. In addition, SILAC experiments are very time-consuming

and costly. For this reason, but also since mRNA and protein levels turned out to

correlate well (at least for later time points, see section 2.4.2) mRNA expression

studies are commonly preferred [113].

Biochemical isolation of proteins by immunoprecipitation (IP) presents a mean

to uncover only direct miRNA targets. The idea is to purify the RISC together

with the bound miRNA and the associated target. Easow et al. were the first

who used IP for miRNA target identification [114]. They modified the Drosophila

Ago1 protein such to be specifically detected by an antibody allowing pull-down
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3.1 Background: Target recognition by miRNAs in animals

3’UTR of PAG1

AAGAAGTGACACAAACCTATACTTCATATGCTGCTTTAGTCACCTGAAGA # reads error
--------ACACAAACCTATACTTCACATGCTGCTTT------------- 21 1
--------ACACAAACCTATACTTCACATGCTGCT--------------- 5 1
------------------ATACTTCACATGCTGCTTTA------------ 5 1
--------ACACAAACCTATACTTCATACGCTGCTTT------------- 4 1
--------ACACAAACCTATACTTCACATGCTGCTT-------------- 4 1
------------------ATACTTCATATGCTGCTTCAG----------- 3 1

miR-103
Ago

mRNA

miRNA

A B

Figure 3.6: CLIP approaches. (A) Ago, miRNA and mRNA form a ternary

complex allowing for simultaneous identification of the mRNA frag-

ment and the miRNA by crosslinking and subsequent immunoprecipi-

tation of Ago. (B) Clustered sequence reads produced by PAR-CLIP.

The 41 nt long CCR is centered over the crosslinking site determined

by the predominant T to C substitution. Figure A is taken from [8]

and figure B is from [9].

of RISC and bound RNAs. The identity of the RISC-associated transcripts was

determined with microarrays.

The HITS-CLIP (High-throughput sequencing of RNA isolated by crosslinking

and immunoprecipitation) protocol represents a milestone in the development of

biochemical methods for miRNA target identification [8]. It was the first exper-

imental approach applicable to determine experimentally miRNA target sites in

large scale. According to CLIP, in vivo protein-RNA complexes, here RISC-target

interactions, are covalently crosslinked by 254 nm ultraviolet (UV) irradiation and

then immunoprecipitated with an antibody to the Ago protein. Structure analy-

ses have revealed that Ago makes sufficiently close contact to both miRNA and

mRNA allowing for simultaneous identification of RISC-bound miRNAs and the

target region on the mRNA, see figure 3.6(A). RNA not involved in the physi-

cal interaction with RISC is digest by ribonucleases. Crosslinked RNA including

the miRNA and the mRNA fragment is sequenced with high-throughput methods.

mRNA sequence reads are mapped to the genome to determine the mRNA identity

as well as the site of Ago-mRNA interaction referred to as Ago footprint. Lastly,

to determine which miRNA was bound to which target the 45 to 62 nt long Ago

footprints are scanned for sites matching to seeds of crosslinked miRNAs. Hence,

HITS-CLIP significantly diminishes the number of false positive predictions by

providing Ago-bound miRNAs and Ago footprints. A drawback of this method is

the low efficiency of UV 254 nm protein-RNA crosslinking. Increasing UV inten-
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3 Analysis of miRNA seed-based target recognition

sity might improve sensitivity but on the other hand can result in DNA damage

[115].

Hafner et al. presented PAR-CLIP (photoactivatable-ribonucleoside-enhanced

crosslinking and immunoprecipitation) which is an improved method for isola-

tion of RNA segments bound by proteins [9]. Cells are fed with photoreactive 4-

thiouridine (4SU), which becomes incorporated into newly transcribed RNA in vivo

with no apparent impact on transcript expression. Notably, 4SU substituted RNA

is 100-1,000 fold more efficiently crosslinked than unsubstituted RNA. Further,

crosslinking occurs already at longer wavelength (365 nm), i.e. cells are less prone

to UV damage. In the preparation for sequencing the protein-bound RNA frag-

ments are reverse transcribed to complementary DNA (cDNA). The reverse tran-

scriptase incorporates G opposite to crosslinked 4SU instead of A. Consequently,

the RNA sequence reads obtained from high-throughput sequencing showed a T to

C mutation compared to the genome. Hafner et al. could show that T to C tran-

sitions can be used to map accurately the site of crosslinking between RNA and

protein. 41 nt long regions centered over the predominant T to C mutation were

extracted from clustered sequence reads that corresponded to RISC-bound RNA

fragments, see figure 3.6(B). The length of the crosslink-centered regions (CCR)

was chosen to include all possible mRNA-miRNA duplexes covering the T to C

substitution respectively the crosslinking site.
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3.2 Introduction

The most reliable indication of a miRNA-mRNA interaction is a perfect match

between the mRNA sequence and the miRNA seed region of maximum length 8

nt. The corresponding part of the mRNA is referred to as the seed match, see figure

3.1. As introduced in section 3.1.2, different types of seeds have been determined

based on evolutionary evidence [7]. Conserved seed matches associated to these

classical seed types occurred more often in 3’UTR sequences than expected by

chance. We have defined a minimal and sufficient set of seed types [1], see figure

3.8, based on experimentally identified miRNA target sites by Chi et al. using the

HITS-CLIP method [8]. Our work complemented the work of the Bartel group as

our division in functional and non-functional seed matches did not depend on the

conservation of a match but was due to if a seed match was located within a Ago

footprint or not. We confirmed that the seed region is confined to the first 8 nt at

the miRNA 5’ end and that seeds have a minimum length of 6 nt. Importantly,

our study revealed the importance of the 6mer seed starting at position 1 of the

miRNA. This seed type is not covered by the classical seed types.

Chi et al. did not provide the precise location of the Ago footprints but only

the position of seed matches residing within Ago footprints. Therefore, the Ago

footprint regions had to be estimated in order to define the surrounding non-

footprint regions that harbor non-functional seed matches. Hafner et al. provided

the precise chromosomal location of target sites distributed on the transcriptome of

HEK293 cells [9]. This data set allowed for a more accurate definition of functional

and non-functional sites.

The following project consists mainly of two parts. First, the seed matches were

grouped to seed types ensuring maximum sensitivity, that is, all functional sites

had to be taken into account. This is in contrast to the object of the Bartel group

who required seed types to have high signal-to-noise ratios (i.e. specificity) [7].

Importantly, seed matches of the 3’UTR and the coding region were considered

separately. Second, the resulting seed types were characterized and compared

with each other in terms of several quantitative and qualitative features typically

discussed in conjunction with miRNA target recognition: Each of the obtained seed

types was examined for its sensitivity and specificity by means of the numbers of

functional and non-functional sites associated to it. Further, seed type-specific

effects on mRNA stability as well as preferences of miRNAs for certain seed types

were explored. Finally, the conservation of seed matches was analyzed. In terms

of the 3’UTR, the following is in some parts a recapitulation of the work published

by Ellwanger et al. [1] but with a refined data basis. With regard to the ORF a

comparable study has been not performed yet.
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3 Analysis of miRNA seed-based target recognition

3.3 Methods and Materials

3.3.1 Preparation of miRNA-mRNA interaction maps

The miRNA-mRNA interaction data for the following analyses was obtained from

Hafner et al. [9]. Using PAR-CLIP, Hafner et al. determined 17,318 CCRs. Each

of which is supported by at least 5 sequence reads and 20% T to C transitions.

The mRNA data used was from the NCBI RNA reference sequences collection

(RefSeq) [116] and were downloaded from UCSC [117] on September 2012. As

Hafner et al. referred to genome assembly hg18, all sequence data was obtained

from the hg18 database on UCSC. In case several annotated RefSeq sequences were

available for a gene the respective longest transcript was selected. Further, only

RNAs having a defined 5’UTR and 3’UTR and a coding region were considered.

The final set consisted of 18,613 mRNAs that were screened for CCRs in the next

step. CCRs were required to be completely contained in mature transcripts, i.e.

within exonic regions. Further, CCR sequences that did not match perfectly to

the corresponding part of the mRNA sequence were removed. In this way 13,695

CCRs could be mapped to 5,569 mRNAs. The CCRs were distributed on mRNA

regions as follows, 5’UTR: 290 (on 266 RefSeq sequences), coding region: 6,870

(3,672) and 3’UTR: 6,535 (3,483).

Hafner et al. prepared profiles of endogenously expressed miRNAs by means of

three different measurements. Based on total RNA isolated from HEK293 cells

and miRNAs isolated from non-crosslinked AGO1-4 immunoprecipitations (AGO-

IP), they determined profiles of non-crosslinked miRNAs. The profiles obtained

by these two approaches showed a high correlation. The expression of crosslinked

miRNAs was derived from the miRNAs present in the combined AGO1-4 PAR-

CLIP library. Comparison of crosslinked miRNA profiles with the combined non-

crosslinked libraries showed a good correlation. However, it is worth noting, that a

group of miRNAs exhibited systematically lower expression in the AGO-IP samples

than expected based on the AGO-PAR-CLIP data. In addition, the frequency of

T to C mutations, which is an indication for crosslinking, was substantially lower

for this subset of miRNAs. It was suggested to rely on the profiles from AGO-IP,

since the miRNA profiles based on AGO-PAR-CLIP are to some extent distorted

by the abundant miRNA background (Markus Hafner, personal communication,

October 2012).

640 miRNAs are listed in the supplementary material of [9]. The miRNA se-

quence read counts of the AGO-IP 1-4 experiments were combined. 358 miRNAs

had at least one sequence read in the combined AGO-IP. miRNA mature sequences

were downloaded from miRBase (version 15) [118]. miRNAs with equal seed se-
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quence (position one to eight in the seed region) were combined to seed families.

Each miRNA seed family was represented by the miRNA exhibiting the highest

AGO-IP read count. In total, 294 different miRNA seeds formed the initial set.

Friedmann et al. [87] determined the degree of conservation of miRNA families.

They classified miRNAs as ”broadly”, ”intermediate” or ”mammalian” conserved.

146 miRNAs could be assigned to one of these categories. The set was further

reduced on the 58 most abundant miRNAs accounting for 95% of the total of

combined AGO-IP miRNA sequence reads, see table 3.1. 51 of these miRNAs

were conserved at least among mammalians.

To relate the miRNAs to the CCR-containing transcripts, the mRNA sequences

were scanned for sites that perfectly match to the seed region with a minimum

length of 6. Importantly, the retrieved seed matches were disjunct, i.e. only the

longest match of a miRNA at a particular site was recorded. It was distinguished

between seed match start and target site start. A seed match on the transcript was

allowed to begin either at position 1, 2 or 3 relative to the 5’ end of the miRNA.

The corresponding target site start referred in any case to position one. Analyzing

the positional distribution of target sites starts of the 58 highly expressed miRNAs

within the 41 nt long CCRs revealed an accumulation of starts upstream of the

predominant T to C position, see figure 3.7. The remaining lowly expressed miR-

NAs caused a less clear signal at this position. This finding agreed with [9] who

described varying T to C mutation frequency around seed matches with one peak

almost directly at the seed match end. The positional bias could be observed for

both coding region and 3’UTR, although the signal was stronger in the 3’UTR, see

figure 3.7(A). In particular, at position +8 a significant enrichment of target site

starts could be observed in both mRNA regions (standard scores: 4.7 (3’UTR),

3.96 (coding region)). This observation suggested grouping of target sites into two

categories: functional and non-functional sites. Sites starting at position +8 or at

adjacent positions of +8 that showed a frequency above the mean in both 3’UTR

and coding region were classified functional. Thus, an extended contiguous peak

region was defined ranging from positions +6 to +10 for both 3’UTR and coding

region. Target sites starting in the twilight zone, that is, within CCRs but outside

of the peak region were ignored. All other sites were classified non-functional.

To be associated either with a 3’UTR or a coding region, the center of the CCR

had to be located in the respective region. The 58 miRNAs were tested for en-

richment in 3’UTRs or coding regions by comparing the numbers of functional

and non-functional sites of each miRNA with the summed lengths of peak regions

and not-CCR regions over all 3’UTRs or coding regions, respectively. The lat-

ter two numbers represent the background. Considering 3’UTR and coding region

separately allowed checking if groups of miRNAs do possibly exist that have an ex-
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Figure 3.7: Positional frequencies of target site starts within CCRs.

The dotted black lines represent the average frequency of target sites

starts per position in CCRs located in the 3’UTR (A) and coding

region (B), respectively. T/C indicates the predominant T to C tran-

sition within clusters of sequence reads and represents the center of

CCRs. Target sites starting in the grey-shaded region were classified

functional.

clusive bias to one of the two regions. It turned out that enrichment in the 3’UTR

is highly correlated with enrichment in the coding region, PCC: 0.93, consider-

ing all 58 miRNAs. Applying two-tailed Fisher’s exact test and multiple testing

correction revealed 38 miRNAs to be significantly enriched in both regions, four

miRNAs were biased to the 3’UTR and one miRNA was only enriched in the cod-

ing region. 15 miRNAs were not significantly over-represented in any region, see

table 3.1. Concluding, based on this miRNAs do not seem to have different biases

to mRNA regions. The set of miRNAs was further reduced on the 38 miRNAs

that were significantly enriched in both mRNA regions.

Finally, a miRNA-ORF and a miRNA-3’UTR interaction map were obtained.

The former included 1,580 coding regions, the latter contained 1,873 3’UTRs. Both

contained 38 miRNAs. A mRNA region needed to have at least one functional site

to be taken into account. Further, target sites starting too close (distance < 20) to

the start codon (in case of the coding region) or to the stop codon (in case of the
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miRNAs

included in suppl. material of [9] 640

included in combined AGO-IP 358

unique seed region (nt 1 - 8) 294

95% of miRNA sequence reads 58

not enriched in any region 15

enriched in 3’UTR 4

enriched in ORF 1

enriched in 3’UTR and ORF 38

Table 3.1: miRNA sets. The first four rows illustrate how the 58 top expressed

miRNAs were selected from the complete list of miRNAs provided by

[9]. The 58 top expressed miRNAs were tested on over-representation

in 3’UTR, coding region and both regions simultaneously.

3’UTR) were not considered in the respective set. These sites potentially contained

seed matches that were not fully included in the respective mRNA region. The

coding regions comprised 3,692 functional and 104,869 non-functional target sites.

4,880 functional and 129,625 non-functional sites were located on the 3’UTRs.

3.3.2 Conservation of sequence elements

The PhastCons method was used to determine the conservation of sequence el-

ements. The underlying algorithm is based on a two-state (”conserved”, ”non-

conserved”) phylogenetic hidden Markov model that identifies evolutionary con-

served elements in a multiple alignment [119]. Using a maximum likelihood ap-

proach, PhastCons estimates the models for conserved and non-conserved regions

from the alignment. Next, the program scans along the alignment for regions that

fit better to the conserved model than to the non-conserved model. Each nt of the

reference sequence, in this case the human genome, gets a score representing the

probability, that is a value between 0 and 1, to be part of a conserved element.

For instance, Betel et al. have already used PhastCons scores to filter conserved

miRNA target sites. If the score of a nt exceeded 0.57, the nt was considered to

be conserved in mammals [120]. The conservation scores for the human genome

(assembly hg18) based on a 17-way vertebrate alignment were downloaded from

the UCSC database [117].

A sampling approach was used to test if a group of functional seed matches, e.g.

sites based on the same seed type, was significantly conserved in a set of target se-
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3 Analysis of miRNA seed-based target recognition

quences. Based on the target sequences a background set was compiled containing

all sites of the same length as the considered seed match type. The conserva-

tion score of a functional or a background site was determined by the minimum

PhastCons base score at that site. A subset of equal size as the set of functional

sites was drawn without replacement from the background set. The Wilcoxon test

was applied to test if the PhastCons score distributions of the sampled subset and

the functional seed matches were significantly different from each other. Subset

sampling and subsequent testing were repeated 10,000 times. The proportion of

tests with P -value < 0.05 constituted the final P -value.

Further methods

Preparation and analysis of the data was done with the programming language

Java and the data analysis workbench KNIME [121]. The R software was applied

for statistical computations and plotting [122]. For hierarchical clustering the

R package pvclust was used that allows for assessing the uncertainty of clusters

with AU (Approximately Unbiased) P -values obtained via multiscale bootstrap

resampling [123].

3.3.3 Evaluation measures

Seed matches were grouped by seed types and the resulting sets of sites were as-

sessed by means of sensitivity, specificity, precision and the Matthews correlation

coefficient (MCC). Functional sites included in a seed type-related set were con-

sidered as true positives (TP) and included non-functional sites were tagged false

positives (FP). Further, false negatives (FN) were all functional sites and true neg-

atives (TN) were all non-functional sites that were grouped to other seed types,

respectively.

Statistical measures to assess the performance of binary classifiers have been

used to characterize the ”predictive power of seed types”. The sensitivity of a seed

type-related set indicates the proportion of functional sites covered by the set.

Specificity denotes the proportion of excluded non-functional sites and precision

represents the proportion of functional sites in a seed type-related set. Sensitiv-

ity, specificity and precision represent complementary properties of a classification

system. The MCC indicates the correlation between the observed distribution

of functional and non-functional sites, i.e. the background, and the distribution

obtained for a certain seed type.
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Sensitivity =
TP

TP + FN
(3.1)

Specificity =
TN

TN + FP
(3.2)

Precision =
TP

TP + FP
(3.3)

MCC =
TP × TN − FP × FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(3.4)

3.4 Results

3.4.1 Definition of miRNA seed types

A match between miRNA and target sequence was required to start either at

position 1, 2 or 3, subsequently denoted α, β, and γ, relative to the 5’ end of

the miRNA. The search for perfect complementary sites to the 38 miRNAs with

a minimum length of 6 nt resulted in a variety of match lengths. Matches of

equal length sharing the same start position constituted a seed match type, see

[1]. In total, 19 different seed match types were retrieved from the 1,580 coding

sequences and 18 from the 1,873 3’UTRs, see table A3.51. Adopting each of the

19 seed match types as a seed type would yield a very complex set of seed types

compared to the 5 classical seed types proposed by the Bartel group [7]. Further,

only 0.046% (3’UTR) and 0.033% (coding region) of the functional sites were based

on seed matches of length 9 or longer. Hence, on the one hand seed match types

with a length above 8 were only poorly represented, but on the other hand they

made up almost half of the seed match types. It appeared reasonable to reduce

this complexity by merging long but marginally represented seed match types with

shorter ones that covered already a substantial portion of the seed matches.

But what is the optimal cutoff to differentiate between substantial and non-

substantial seed match types? Ellwanger et al. proposed a procedure to address

this problem. This method determines substantial seed types by means of their

proportions of functional and non-functional sites, see section 3.1.4.

1The numbers of figures or tables included in the Appendix are preceded by an ”A”.
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Figure 3.8: Minimal and sufficient

set of seed types ac-

cording to [1].

Seed type Fun. Non-fun. LOR

6merα 24 32 -0.12

6merβ 19 21 -0.04

6merγ 24 28 -0.06

7merα 10 8 0.12

7merβ 13 8 0.21

8merα 9 3 0.44

Table 3.2: Sites per seed type. Pro-

portion (%) of functional

(Fun.) and non-functional

sites in 3’UTRs and log adds

ratio (LOR) according to [1].

3’UTR-related set of seed types

Figure 3.8 and table 3.2 introduce the seed type set proposed in [1]. Applying

the above presented procedure for filtering substantial seed types on the miRNA-

3’UTR interaction map yielded 11 seed types, see table 3.3. The stricter definition

of functional sites applied in this work extended the set by the 7merγ and some

seed types with length 8 and longer. On the other hand, functional 6mer sites,

particularly, 6merα sites comprised a smaller fraction here.

Interestingly, the 8merα was stronger enriched among functional sites as indi-

cated by the log odds ratio (LOR) than the longer types 9merα and 10merα. Com-

monly, one would expect that the proportion of false positives, i.e. non-functional

sites, decreases with growing length of the sequence motif. A similar trend could

be observed for seed types starting at the β-position. The enrichment of functional

sites grew until 7merβ and subsequently decreased again. Both seed types starting

at the γ position were under-represented with the shorter 6merγ type being more

enriched than the 7merγ type among functional sites. Concluding, the decrease

of precision, see table A3.7, for seed types going beyond position 8 of the miRNA

sequence supports the conception of the seed to be formed within the first 8 nt.

Further, the significant under-representation of 6mer seed types and seed type

7merγ points to positive selection of seeds with length ≥ 7 that start either at

position 1 or 2 relative to 5’ end of the miRNA.

The seed type set proposed by Bartel and colleagues [7] covered all functional

seed matches except the 6merα sites, see figure A3.18. Bartel et al. required
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Functional Non-functional

Seed type Freq. % Freq. % LOR P -value

6merα 528 11 38,745 30 -0.53 1.99E−204

6merβ 823 17 27,949 22 -0.13 7.35E−015

6merγ 823 17 26,694 21 -0.10 4.09E−010

7merα 577 12 11,319 9 0.14 5.99E−012

7merβ 924 19 7,443 6 0.55 1.02E−188

7merγ 243 5 9,741 8 -0.18 1.48E−011

8merα 534 11 3,211 2 0.63 1.83E−145

8merβ 212 4 2,085 2 0.42 2.57E−031

9merα 125 3 1,008 1 0.49 5.92E−025

9merβ 60 1 903 1 0.24 1.52E−004

10merα 31 1 527 0 0.19 2.43E−002

Table 3.3: Seed types in the 3’UTR. The table shows the numbers of func-

tional and non-functional seed matches grouped by seed types that have

been identified by the method introduced in [1]. LORs and P -values

are based on comparison with the background frequencies.

perfect complementarity of the target site to miRNA positions 2-7 or 2-8 but not

to position 1. Therefore, the mapping between the two sets was not one-to-one.

Each of the α and β seed types, except 6merα, overlapped with two of the classical

seed types. For instance, 6mer and 7mer-A1 matches were grouped to seed types

6merβ and 7merα with 6merβ matches covering the larger proportion of 6mer

sites and 7merα sites comprising the larger proportion of 7mer-A1 sites. 7mer-

A1 matches are flanked by an adenine on the target that is opposed to miRNA

position 1. As most of the miRNA sequences start with an uracil [5] (here: 24

of 38) the majority of 7mer-A1 seed matches equated 7merα sites and vice versa.

In the event the miRNA starts not with an uracil, 7mer-A1 is equal to 6merβ.

Consistently, the majority of 6merβ sites was based on 6mer matches that are not

flanked by adenines on the target by definition. The partitioning of 7mer-m8 and

8mer sites can be explained analogously.

Figure 3.10(A) illustrates sensitivity and specificity of seed types. Although

under-represented in CCRs, about 45% of functional sites were based on 6mers

indicating the great importance of short seed types for sensitivity. Seed type 6merα

played an exceptional role in this context: It was least frequently co-located with

other seed types within 3’UTR sequences, see table A3.6. Importantly, the mRNAs
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6merα (n = 91, mean = 0.0844, p = 2.61E−03)
6merβ (n = 200, mean = 0.128, p = 2.84E−16)
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7merα (n = 180, mean = 0.101, p = 2.12E−12)
7merβ (n = 260, mean = 0.137, p = 1.91E−29)
7merγ (n = 42, mean = 0.0866, p = 2.56E−02)
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8merα (n = 193, mean = 0.125, p = 1.84E−17)
8merβ (n = 66, mean = 0.101, p = 5.19E−06)
9merα (n = 52, mean = 0.156, p = 3.19E−06)
unbound transcripts (n = 6158, mean = 0.00108)

Figure 3.9: Effect of seed matches on transcript stability through

the 3’UTR. Transcripts were categorized according to the seed types

present in the 3’UTR. The transcript sets are not disjunct. Only

transcripts having functional sites exclusively in the 3’UTR were used.

Further, each 3’UTR needed to have at least one functional seed match

to one of the 14 blocked miRNAs, see description in the text. The

P -values indicate the significance of the difference between the changes

of transcript levels of transcripts containing CCRs versus transcripts

without CCRs. Left: 6mer seed types, Center: 7mer seed types,

Right: 8mer and longer seed types.

used in this analysis included functional sites exclusively in the 3’UTR. 37% of the

3’UTRs containing a functional 6merα site did not exhibit functional seed matches

associated to other seed types. For all other seed types the fraction of exclusive

targets was considerably lower. The same holds when focusing on CCRs: Here,

less than half of the CCRs with a functional 6merα seed match contained other

seed types. Consequently, seeking for 6merα sites is necessary as it holds many

exclusive targets.

On the other hand short seed types were less suited to discriminate between

functional and non-functional sites as they involved many false positives. The

combined specificity of short seeds amounted to 0.2. Each of them was below

the dashed line in figure 3.10(A) evincing a performance even worse than random

guessing, that is, inverting the classification obtained by 6mer seeds would have

yield a result superior to average random prediction. The remaining proportion

of functional target sites included seeds of length 7 or longer. Two of them 7merβ

and 8merα stood out significantly when considering the MCC, see table A3.7.

7merβ represented the best classifier closely followed by 8merα. The combined set

of 7merβ and 8merα seed matches achieved a sensitivity of 0.3 and a specificity
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Figure 3.10: Predictive power of seed types. The performance of each seed

type as classifier was evaluated by means of sensitivity and specificity

based on seed matches from 3’UTR (A) and coding region (B). The

dashed black lines represent average random prediction, respectively.

of 0.82. 7merα contributed appreciable to sensitivity but was less specific. 7merγ

was clearly lagging behind these three. It exhibited the third worst prediction

performance of all seed types according to the MCC.

Beside the sequence signal properties, the repressive effect of seed types on

mRNA expression was quantified. Figure 3.9 displays the change of transcript

abundance in dependence on the seed matches occurring in the respective 3’UTRs.

The expression data was taken from Hafner et al. [9]. They blocked the most abun-

dant miRNAs in HEK293 cells and compared the change of transcript abundance

with mock transfected cells. 14 of the 38 miRNAs considered here belonged to

the group of blocked miRNAs. The set of 3’UTRs was filtered for this analysis:

Only transcripts were taken into account that had CCRs exclusively in the 3’UTR.

Further, only functional matches of the blocked miRNAs were regarded. Conse-

quently, each of the 3’UTRs used for this analysis had at least one functional seed

match to one of the 14 blocked miRNAs. The transcripts were grouped to subsets

according to the seed types present in their 3’UTRs. For instance, the set of 6merα

included all transcripts that had minimum one functional 6merα seed match. The

transcript sets were not disjunct. Non-overlapping sets would have been too small

for the analysis as the majority of 3’UTRs contained matches of different seed

types, see table A3.6. Hence, for most transcripts the obtained repression was not

only caused by the denoted seed type. In addition, further factors such the number

of target sites can affect the extent of expression, as well [94]. But this applied
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Functional Non-functional

Seed type Freq. % Freq. % LOR P -value

6merα 599 16 30,039 29 -0.31 1.40E−063

6merβ 752 20 22,983 22 -0.04 3.02E−002

6merγ 1,038 28 31,454 30 -0.04 1.83E−002

7merα 385 10 8,573 8 0.11 5.36E−006

7merβ 641 17 8,399 8 0.36 2.06E−066

8merα 277 8 3,421 3 0.36 2.74E−031

Table 3.4: Seed types in the coding region. The table shows the numbers

of functional and non-functional seed matches grouped by seed types

that have been identified by the method introduced in [1]. LORs and

P -values are based on comparison with the background frequencies.

to each of the target sets and therefore an impression of the repression strength

could be obtained.

Each set was compared to the change of expression of transcripts containing no

CCRs, denoted ”unbound transcripts”. Among the 6mer seeds, 6merβ reduced

mRNA stability strongest followed by 6merγ. Transcripts containing 6merα sites

were only weakly but still significantly repressed (Wilcoxon test with Bonferroni

correction, P -value < 0.05). Importantly, functional 6merα matches were least

frequently co-located with sites of other seed types, see table A3.6, i.e. 6merα-

based transcript destabilization gained least support by other seed types. Since

10merα and 9merβ sites were rare they have been merged with 9merα and 8merβ,

respectively. Concluding, transcripts including 9merα, 7merβ, 6merβ or 8merα

sites were on average most affected.

ORF-related set of seed types

Generally, the LOR values of the seed types obtained for the coding region were

closer to 0, see table 3.4. Functional 6merβ and 6merγ matches were almost

as frequent as it could be expected from the background distribution, but they

were still significantly under-represented. The selective pressure to preserve the

encoded amino acid sequence affects the evolution of miRNA target sites in the

coding region [124]. Indeed, most amino acids are encoded by several codons

leaving room for sequence variation. But as demonstrated in section 3.4.3 the

conservation of 3’UTRs is much lower and thus allows for faster adaptation to

miRNA targeting.

48



3.4 Results

change in transcript abundance (log2 fold)

cu
m

ul
at

iv
e

di
st

rib
ut

io
n

fu
nc

tio
n

−0.4 −0.2 0.0 0.2 0.4

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

change in transcript abundance (log2 fold)

cu
m

ul
at

iv
e

di
st

rib
ut

io
n

fu
nc

tio
n

−0.4 −0.2 0.0 0.2 0.4

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

7merα (n = 101, mean = 0.0177, p = 9.33E-01)
7merβ (n = 142, mean = 0.0219, p = 3.57E-01)
8merα (n = 81, mean = 0.0409, p = 6.81E−03)
unbound transcripts (n = 6158, mean = 0.00108)

6merα (n = 119, mean = 0.0384, p = 4.9E−03)
6merβ (n = 165, mean = 0.0314, p = 2.72E−02)
6merγ (n = 175, mean = 0.0323, p = 9.68E−04)
unbound transcripts (n = 6158, mean = 0.00108)

Figure 3.11: Effect of seed matches on transcript stability through

the coding region. Analogous to figure 3.9. Note: the ranges of

the x-axes are different to figure 3.9 Left: 6mer seed types, Right:

long seed types.

In figure A3.19 the proportions of functional sites per seed type is compared

between coding region and 3’UTR. Seed matches of seed types that were exclusive

for the 3’UTR have been merged depending on the start position with the re-

spective longest seed type present also in the ORF-seed type set, i.e. with 6merγ,

7merβ or 8merα. The distributions varied significantly from each other (χ2 test,

P -value = 9.64E−048). Surprisingly, a significant increase of short seed matches

could be observed. Almost two-thirds of functional sites were of length 6 opposed

to 45% in the 3’UTR or 50% when 7merγ sites were incorporated into 6merγ, re-

spectively. Consequently, in the ORF short seeds had an even greater importance

for sensitivity than in the 3’UTR, see also figure 3.10(B). Similar to the 3’UTR,

the 6merα exhibited a strong preference to occur solely in coding regions, see ta-

ble A3.6. On the other, hand short seed types were associated with many false

positive matches. The proportions were similar as in the 3’UTR and therefore led

to similar specificity values (specificity of combined short seed types: 0.19). While

the MCC values increased for the short seeds, they decreased for the long ones, see

table table A3.8. But nevertheless, 7merβ and 8merα again achieved the highest

MCC values with 7merβ performing better than 8merα. The combination of these

two reached a sensitivity of 0.25 and a specificity of 0.89.
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3 Analysis of miRNA seed-based target recognition

miRNA-mediated regulation through the coding region has been described to be

less effective as through the 3’UTR, see section 3.1.5. The impact of ORF-located

functional sites categorized by seed types on transcript stability is shown in figure

3.11. Here, the used transcripts had exclusively functional seed matches in the

coding region. Surprisingly, the change of expression of transcripts containing

7merα or 7merβ was not significantly different from that of unbound transcripts.

This was noteworthy in particular with regard to 7merβ that has been one of the

most effective seed types in the 3’UTR. Provided the diminished repressive effect

through 7mers in the coding region, it was surprising that all of the short seeds

reduced the expression level of their targets significantly with 6merα having been

the most effective one, see mean values in figure 3.11.

Fang et al. [103] and Schnall-Levin et al. [104] found evidences for coordinated

regulation between 3’UTR and coding region. They measured an increased re-

pressive effect if both 3’UTR and coding region of a transcript contained target

sites. Therefore, target sites in the coding region were characterized to enhance

the effect of sites in the 3’UTR. Importantly, here the majority, 52%, of transcripts

with functional sites in the ORF had no CCRs in the 3’UTR. Therefore, most of

the detected ORF sites did not appear to support concurrent regulation through

the 3’UTR.

3.4.2 Seed type preferences of miRNAs

An obvious question was now, after seed types were determined, if miRNAs have

different preferences for seed types or if the individual miRNA seed type distri-

butions were consistent with the basic populations as shown in tables 3.3 and 3.4

(see columns labeled ”%” in the ”Functional” sections) [125].

Only functional sites were used in this analysis. To facilitate the comparison

between both mRNA regions, the long 3’UTR-unique seed types were merged with

6merγ, 7merβ and 8merα, respectively. First, each miRNA was tested if its seed

type distribution matched the distribution of the basic population (χ2 Goodness

of Fit test and correction for multiple testing, P -value < 0.05). 31 of 38 miRNAs

showed independent seed type distributions regarding the 3’UTR. 22 miRNAs

differed with respect to the coding region. Hence, the basic distribution of seed

types is generally not representative for individual miRNAs. The greater number

of independent distributions with respect to the 3’UTR is possibly due to the lower

selective pressure on 3’UTR sequences. As stated already, presumably, the 3’UTR

was able to adapt more to miRNA-mediated regulation.

Clustering by means of the seed type frequencies revealed three clusters of miR-

NAs with respect to the 3’UTR, subsequently called A, B and C, and two groups
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Figure 3.12: Seed type preferences of miRNAs (3’UTR). (A) miRNAs

were clustered by means of their seed type frequencies regarding

the 3’UTR (distance: PCC, clustering: Ward’s method). The red

numbers represent the probability values calculated by pvclust [123]

indicating how strong the clustering is supported by the data. (B)

Frequencies of seed types for the clusters shown in (A). (C) miRNA

read numbers were categorized according to the clusters of (A).

of miRNAs related to the coding region, called D and E, see figures 3.12 and

3.13, respectively. miRNAs of cluster A were biased to seed types involving the

α-position. 66% of the sites of cluster A belonged to α-seed types in contrast to
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Figure 3.13: Seed type preferences of miRNAs with (coding region).

Caption is analogous to figure 3.12.

only 13% regarding cluster C. On the other hand, 6merγ and 7merβ that were

preferred by miRNAs of cluster C were under-represented in cluster A. Hence,

miRNAs of clusters A and C exhibited very contrary preferences for seed types

(PCC: −0.84). Regarding miRNA concentration, apart from some exceptions both

groups were rather lowly expressed compared to cluster B. 53% of the functional

sites of cluster B were either of type 7merβ or 8merα. High cellular concentration

in combination with the two most efficient seed types suggested that miRNAs of

cluster B had most impact on gene expression.
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Except let-7a, the set of miRNAs with independent seed type distribution with

respect to the coding region was a subset of the miRNAs found for the 3’UTR.

Here, the clustering uncovered two main groups, see figure 3.13. Cluster D over-

lapped predominately with cluster A. Similar to cluster A, cluster D had also a

strong bias to α-seed types, but here this preference was mainly due to seed type

6merα that made up 39% of the sites of cluster D. 9 of 14 miRNAs included in clus-

ter E could be found in cluster C. Consistently, cluster E showed also an avoidance

of the α-position although not to the same extent as seen in C (24% of the sites

involved the α-position). Hence, cluster B appeared to be not represented in the

coding region: 4 of 8 miRNAs of cluster B had no independent seed type distribu-

tion with respect to the coding region. Further, 10 of the 31 3’UTR-independent

miRNAs had a significantly different seed type distribution regarding the coding

region. 5 of them belonged to cluster B. The disappearance of cluster B that was

biased to 7merβ and 8merα fitted well with the observation that long seed matches

were less frequent in the coding region, see figure A 3.19.

Concluding, it could be shown that miRNAs may have different seed matching

preferences. Highly expressed miRNAs were biased to long seed matches in the

3’UTR that induce strong target repression, whereas seed matches of less abundant

miRNAs belonged to seed types affecting the target level only mildly in general.

Abundant miRNAs were less influential in the coding region. It would be inter-

esting to check if seed type preferences of miRNAs are condition-specific.

3.4.3 Conservation of miRNA targets sites

Sequences that are conserved among species are in general more likely to be func-

tional than non-conserved ones. It is well known that miRNA targets with con-

served seed matches in the 3’UTR are stronger regulated than those with non-

conserved seed matches, see e.g. [94]. In the following the conservation of seed

matches was explored. To determine the conservation of sites, the conservation

scores computed by the PhastCons algorithm based on a 17-way alignment of

vertebrates were used. This strategy to assess conservation of seed match sites

has been used already by Betel et al. [120]. The PhastCons method produces

a base-by-base conservation score denoting the probability to be evolutionary

conserved across 17 vertebrates. The data was downloaded from UCSC [117],

http://genome.ucsc.edu/.

Conservation of the CCRs in the 3’UTR Figure 3.14 displays the sequence

conservation in the immediate vicinity of CCRs located in 3’UTRs. Conservation

scores of the positions 100 nt upstream and downstream of the crosslinking site,
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Figure 3.14: Conservation of CCRs in the 3’UTR. For 5,382 CCRs the

conservation scores of the nt upstream and downstream of the T

to C transition were collected, respectively. The medians of the

PhastCons scores are shown by the dark blue line. Conservation

scores surrounding 6,397 randomly selected positions in the 3’UTR

are represented by the light blue line. Frequencies of target site starts

per position of highly expressed miRNAs are indicated by the black

line, compare with figure 3.7. Target sites starting in the grey-shaded

region were classified functional. The dashed black lines show the

borders of the CCR. Although not clearly visible here, similar to

the extended CCRs, the scores based on randomly selected 3’UTR

fragments were rising towards the end on the right (downstream of

the T/C position).

i.e. the T/C position, were recorded. The darker blue line displays the medians

of the resulting score distributions for each position. To get an impression of the

basic conservation of 3’UTR sequences, the conservation around randomly selected

positions is shown as well (light blue line). It was required that the 201 nt long

regions both the extended CCRs and the randomly determined fragments used

for this analysis had to be fully inside the 3’UTR. Therefore, not all of the 6,535
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Figure 3.15: Conservation of functional sites in the 3’UTR. (A) Ob-

served and expected fraction of conserved seed matches in the 3’UTR

categorized by seed types. Red points denote the ORs. (B) ORs for

the miRNA clusters, see section 3.4.2.

CCRs located in 3’UTRs could be considered here.

Three sections of distinct conservation could be identified. The seed match

region was most conserved. It is located between the T/C position and the right

end of the grey colored peak region. After a decline upstream of the seed match,

the conservation remained constant until position -11 relative to the T/C position.

Presumably, here pairing between the 3’ end of the miRNA and the target site is

reflected, i.e. the target site ranges approximately from position 8 to -11. The

last striking section was between positions -28 and 33. From both points the

conservation scores rapidly increased towards the center. Possibly, these positions

represent the borders of the Ago footprint that has been defined by Chi et al.

[8]. They found that the region of interaction between the RISC and the target

sequence spans 62 nt on average.

Conservation of seed match sites in the 3’UTR For each seed match type t,

see table A3.5, a specific background set b was compiled to determine the expected

conservation: f represents the set of functional sites of t. First, all 3’UTRs were

collected that contained an elements of f . Based on this set of sequences, the

background set b was created by recording all sub-sequences of the same length

as the seed match type t. The minimum conservation score assigned to a base

of a functional seed match or to a sub-sequence of the background set was used
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as representative score for the complete seed match or sub-sequence, respectively.

The resulting score distribution based on the set of background sub-sequences was

bimodal with the plethora of sites having score 0 and a second peak at 1.0, see figure

(A) of A3.20. Two analyses were conducted: For each seed type it was tested if the

related set of seed matches was stronger conserved than the respective background

by means of the PhastCons score distributions. Further, the conservation of seed

matches was compared between seed types.

Except 10merα, the conservation score distributions were significantly different

(P -value < 0.05) from the 3’UTR background, see table A3.9, that is, functional

sites were stronger conserved. The conservation of seed matches of different types

was compared relative to a reference score. In this work 0.57 was used that roughly

corresponds to conservation across mammals, see section 3.3.2. Seed matches

as well as background sites with a score ≥ 0.57 were classified conserved and

the remaining sites were considered non-conserved. Sites of seed match types

beyond the longest seed types, i.e. 10merα, 9merβ and 7merγ, were merged with

these according to the start position. Figure (A) of 3.15 shows the fractions of

conserved functional sites (observed) and the particular expected fractions. The

expected fractions varied between the seed types. To account for these variations,

the odds ratios (OR) were additionally calculated, see equation 3.5 (cons. gives

the proportion of conserved sites of a set). The OR values were interpreted as

indicators of the extent of purifying selection.

OR =

cons.(f)
1−cons.(f)

cons.(b)
1−cons.(b)

(3.5)

Among 6mer sites, 6merγ seed matches turned out to be conserved most above

the expected fraction even more than the longer 7merα sites. The group of 7merγ

sites exhibited the lowest OR of all seed types. 7merβ and 8merα targeting ap-

peared to be most subjected to purifying selection. All seed types beyond 8merα

were less conserved above the background than 8merα. Although 10merα achieved

a high OR value it is of less importance due to the small number of functional seed

matches, see table 3.4. Hence, the decline of conservation beyond 8merα sup-

ported the common seed model stating that the seed region is confined to the first

8 nt of the miRNA. Further, conserved targeting was strongly based on seed types

7merβ and 8merα while the short seeds 6merα and 6merβ were more involved in

non-conserved regulation. Removing non-conserved sites improved the specificity

of all seed types, see figure (A) of 3.16. In total the number of non-functional sites

dropped by a factor of 3.3 while the number of functional sites decreased only by

factor of 1.7. Especially, the specificity of the 6mer seed types benefited from this
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Figure 3.16: Predictive power after removing non-conserved sites.

The usage of seed types as classifiers was evaluated by means of

sensitivity and specificity based on seed matches from 3’UTR (A)

and coding region (B). Only sites with conservation score above 0.57

were retained. The dashed black lines represent average random

prediction. Note: the ranges of the axes are different to figure 3.10.

filtering. Using only conserved 6merγ and 6merβ sites for target site prediction

would cause a classification better than random guessing.

Figure 3.12 shows the miRNA clusters based on seed type preferences. Now,

separately for each cluster the proportion of conserved seed matches per seed type

was determined. Figure (B) of 3.15 indicates the obtained OR values. The seed

matches of cluster A were least conserved above the background across all seed

types. Nevertheless, the conservation score distributions were significantly higher

than the background for each seed type, see table A3.10. Cluster A miRNAs had

a preference to involve the α-position, but except 8merα, α-seed matches were not

strikingly more conserved. The PCC was calculated to measure the relationship

between seed type preference (represented by the numbers of conserved sites per

seed type) and conservation (represented by the OR values). Seed type prefer-

ence and conservation were not correlated for cluster A (PCC: 0.021). Opposed

to cluster A, α-sites were under-represented for miRNA of cluster C. Consistent

with this, the PhastCons score distribution of 6merα matches was not significant

here. Further, the OR values suggested that 8merα matches were less subject to

purifying selection than 7merβ matches. Therefore, a weak correlation could be

found (PCC: 0.287). Cluster B was biased to seed types 7merβ and 8merα. A

PCC of 0.803 indicated that seed matches of the preferred seed types were par-
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Figure 3.17: Conservation of functional sites in the coding region

(A) Observed and expected fraction of conserved seed matches in

the ORF categorized by seed types. Red points denote the ORs.

(B) ORs for the miRNA clusters, see section 3.4.2. Note: the ranges

of the axes indicating the ORs are different to figure 3.15.

ticularly conserved for this cluster. In summary, partially the different seed type

preferences were reflected in the conservation of the seed matches. This applied

in particular to the highly expressed miRNAs of cluster B that interact predom-

inantly with conserved 7merβ and 8merα seed matches. On the other hand, the

preferences of cluster C and A, both including mainly lowly expressed miRNAs,

were only little or not at all conserved, respectively.

Conservation of seed matches in the coding region Due to the stronger selec-

tive pressure on the amino acid sequence, the coding region is much more conserved

as the 3’UTR, see figure (B) of A3.20. Surprisingly, the functional sites of two long

seed types, 7merα and 8merα, turned out to be not significantly conserved com-

pared to the background, see table A3.9. On the other hand, the PhastCons score

distributions of all short seeds differed significantly from the corresponding back-

ground distributions. Figure 3.17(A) shows the fractions of functional (observed)

and expected sites conserved in mammals for each seed type and the obtained OR

values. 6merβ and 6merγ matches achieved the highest OR values suggesting these

matches are preserved most by purifying selection. Among the long seeds, 7merβ

sites appeared to be most conserved. Remarkably, the proportion of 6merα seed

matches exceeded that of both 7merα and 8merα sites. Already the frequency of

functional sites per seed types pointed to an increased importance of shorts seeds

58



3.5 Conclusion

in the coding region, see figure A3.19. Both OR values and P -values as shown in

table A3.9 implied that complementarity to the α-position is less necessary in the

coding region. This applied in particular to matches of length > 6 as 6merα was

both frequently occurring and significantly conserved in the ORF.

As expected, the effect of removing conserved sites was not as strong as in the

3’UTR due to the high basic conservation of the coding region, see figure (B) of

3.16. All in all, the number of functional sites decreased by a factor of 1.2 and

the non-functional sites were reduced only by a factor of 1.3. As well as for the

3’UTR, selecting conserved 6merβ and 6merγ matches resulted in a classification

superior to average random prediction.

Based on the coding region two miRNA clusters revealed, D and E. Seed type

preferences of cluster D were not well recovered in the site conservation, see figure

(B) of 3.17. The correlation between seed type preferences and conservation of

seed matches was low (PCC: 0.302). Further, none of the conservation score dis-

tributions stood out from the respective background distribution, see table A3.10.

Not so with cluster E, this had been biased particularly to seed type 6merγ. The

conservation scores of 6merγ sites significantly differed from the ORF background.

The same applied to 6merβ sites that were enriched as well in cluster E. On the

other hand, seed types including the α-position were under-represented in cluster

E. In agreement with this, the scores were not significant and the OR values were

comparably small. In summary, again the seed types preferences of the cluster

containing more abundant miRNAs, E, were stronger reflected in the conserva-

tion. Unlike the 3’UTR, here the tendencies to 6merγ and 6merβ sites emerged

to be the strongest conserved preferences.

3.5 Conclusion

In this chapter rules and properties of miRNA seed-based target recognition have

been explored based on experimentally identified miRNA target sites. Unlike the

studies of the Bartel group [7], the data set used here was not biased to conserved

regions and thus allowed for a more sensitive analysis. Further, conservation could

be studied as a feature of seed matches. With respect to the 3’UTR, the higher

resolution in the determination of functional seed matches resulted in a more

complex set of seed types compared to the preliminary study by Ellwanger et al.

[1]. Here, seed types exceeding position 8 relative to the 5’ end of the miRNA

showed significant individual proportions of functional and non-functional sites.

However, the two longest seed types that ended exactly at position 8, 7merβ and

8merα, exhibited the best trade-off between sensitivity and specificity. Therefore,

consistent with previous work but based on a different data basis this analysis
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presented support for the notion that the seed region is confined to the first 8

positions of the miRNA.

The study has shown that focusing on the most specific seed types, 7merβ and

8merα, would imply to ignore a substantial fraction of functional seed matches.

50% of the functional sites were based on short 6mer seed matches in the 3’UTR.

But 6mer matches were also found numerously outside of CCRs and they were

less frequent conserved than long matches (except 6merγ that had more conserved

sites than 7merα). Further, it was found that miRNAs adopt seed types differently.

The preference for seed types depended on the abundance of miRNAs in the cell.

Roughly summarized, highly expressed miRNAs were biased to long matches while

less expressed ones tended to short seed matches. All in all, abundant miRNAs

preferred long seed types that in turn were most frequently conserved and that

showed the strongest effect on target stability. Importantly, short functional sites

were stronger conserved as the background as well and had also significant impact

on target expression. But with regard to the 3’UTR they performed worse in all

respects, i.e. signal specificity, conservation, mRNA destabilization and expression

of associated miRNAs, than the long seed types. Therefore, they have been less

regarded by the miRNA target prediction community so far. In general, developers

of target prediction methods aim to generate very specific predictions that have a

high chance to be confirmed in subsequent experiments.

But the large number of short seed matches revealed here argues not to ignore

them. Possibly, their primary function is not mRNA down-regulation. Possibly,

transcripts containing short seed matches act as regulators of miRNAs, that is they

function as ceRNAs. By interacting with miRNAs, ceRNAs keep miRNAs from

regulating other mRNAs, see section 3.1.6. Against this background, the described

properties of 6mer seed matches could be coherently explained. Unlike the specific

miRNA-target interaction that should result in an efficient suppression of target

expression, it is likely not that decisive for successful ceRNA-mediated control

which mRNA molecule is acting as ceRNA. The direction of the miRNA-mRNA

interaction is reversed, that is, the miRNA becomes the target of many ceRNAs.

Quite in line with this, 6mer matches are frequent and additionally they are suf-

ficient to form experimentally demonstrable interactions with mRNAs. As short

seed matches occur numerously simply by chance there is less necessity to pre-

serve them as strong as specific miRNA-target interactions by purifying selection.

Further, the expression of ceRNAs is only marginally affected by 6mer matches,

whereas the ”authentic targets” [110] of ceRNA-sponged miRNAs are defended

from degradation. Interestingly, seed type 6merα occurred least frequently with

other seed types. According to this hypothesis, mRNAs containing exclusively

6merα sites would act only as ceRNAs. While other mRNAs that contain both
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short and long seed matches were dependent on the present miRNAs either tar-

gets or ceRNAs or both. For instance, if certain circumstances induced a change

of the protein expression pattern in the cell, the pool of interaction partners would

change for miRNAs whose activity needed to be switched off or limited. (m)RNAs

would increasingly occur that carry out ceRNA function with respect to these

miRNAs. Conducting at this state an analysis such as in section 3.4.2 would re-

veal a preference for shorts seed matches of ceRNA-bound miRNAs. In parallel

to regulation through ceRNAs, the miRNAs to be limited in their function are

potentially subject to degradation and thus less abundant in the cell.

The investigation of miRNA-mediated regulation through the coding region is

gaining importance, see section 3.1.5. Target sites in the coding region were re-

ported to enhance parallel targeting through the 3’UTR. But importantly, this

analysis showed that most of the transcripts containing target sites in the ORF

were free of functional sites in the 3’UTR. Therefore, miRNA-mediated regulation

through ORF-sites appears to be independent of the 3’UTR, at least in most cases.

Analogously to the 3’UTR, seed types were defined for the ORF. Interestingly, a

significant bias to short seed matches was found in the coding region. The pro-

portion of functional sites was higher in the ORF than in the 3’UTR for each of

the three 6mer seed types. Further, for all types of functional 6mer sites the con-

servation differed significantly from the background. Beside that, merely 7merβ

sites showed significant conservation. Consequently, 7merα and 8merα seem to

have only little importance in the ORF. Consistently, Marin et al. reported about

reduced specificity of 8merα sites in the ORF [126]. But they did not analyze all

kinds of 6mer seed types considered here.

Seed type preferences of miRNAs were less clear in the coding region. Abundant

miRNAs tended primarily to 6merγ followed by 6merβ and 7merβ. Less frequent

miRNAs were biased to 6merα sites. As generally the repression through ORF sites

is weaker it comes to the question whether and if so how it could be distinguished

between authentic targets and ceRNAs here? Do 6merα sites, that also in the

ORF were least frequently co-located with other seed types, occur primarily on

ceRNAs and 6merγ, 6merβ and 7merβ sites on authentic targets?
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3 Analysis of miRNA seed-based target recognition

3.6 Appendix

3’UTR coding region

Start Len. Fun. Non-fun. P -value Fun. Non-fun. P -value

α 6 528 38,745 8.81E−275 599 30,039 8.43E−069

7 577 11,319 6.90E−070 385 8,573 1.15E−012

8 534 3,211 1.51E−007 212 2,538 4.31E−001

9 125 1,008 1.67E−004 47 651 -

10 23 429 3.45E−001 11 176 -

11 7 72 - 6 37 -

12 1 19 - 1 14 -

β 6 823 27,949 3.19E−188 752 22,983 8.06E−051

7 924 7,443 1.33E−005 470 6,174 9.26E−001

8 212 2,085 4.38E−003 130 1,660 -

9 46 724 5.07E−001 26 427 -

10 13 140 - 9 104 -

11 1 32 - 5 27 -

12 - - - 1 5 -

γ 6 823 26,694 3.93E−003 780 23,016 1.65E−001

7 181 7,502 3.55E−001 184 6,182 -

8 54 1,683 - 57 1,668 -

9 6 403 - 15 432 -

10 2 131 - 2 128 -

Table 3.5: Seed (match) types. The method stops in case the proportions of

functional (Fun.) and non-functional sites of seed match type of length

(Len.) l = a and seed match types of length l > a are not significantly

different (two-tailed Fisher text, P -value < 0.05). This procedure is

applied separately for each start position (α = 1, β = 2, γ = 3) [1].
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Figure 3.18: Overlap between seed type sets. The bars indicate the num-

bers of functional seed matches of the seed types described in this

work for 3’UTR (A) and coding region (B). The coloring of the bars

represents the partitioning of the seed matches on the classical seed

types proposed by Bartel and colleagues [7]. Importantly, all seed

matches complementary to classical seed types were covered by the

seed types defined in this work, whereas the reverse was not true.
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Figure 3.19: Comparison of seed type distributions. To facilitate compar-

ison, seed types found for the 3’UTR but not for the coding region

have been merged depending on the start position to 8merα, 7merβ

and 6merγ, respectively.
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3’UTR coding region

Seed type Sequences CCRs Sequences CCRs

6merα 0.63 0.44 0.55 0.40

6merβ 0.81 0.70 0.77 0.65

6merγ 0.86 0.75 0.67 0.58

7merα 0.89 0.76 0.82 0.73

7merβ 0.87 0.78 0.82 0.74

7merγ 0.82 0.67 - -

8merα 0.83 0.75 0.90 0.80

8merβ 0.89 0.80 - -

9merα 0.78 0.63 - -

9merβ 0.92 0.78 - -

10merα 0.88 0.61 - -

Table 3.6: Co-occurrence of seed types. For this statistic exclusively func-

tional seed matches were considered. ”Sequences” denotes the propor-

tion of target sequences of a seed type that included matches of other

seed types as well, e.g. 63% of the 3’UTRs containing a 6merα match

included additionally matches of other seed types. ”CCRs”: analogous

to ”Sequences”.
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Figure 3.20: Background conservation. The histograms show the frequen-

cies of conservation scores assigned to the sites of 3’UTR background

(A) and coding region (B) background.
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Sensitivity Specificity Precision MCC

Seed type all cons. all cons. all cons. all cons.

6merα 0.11 0.06 0.70 0.91 0.01 0.02 -0.08 -0.02

6merβ 0.17 0.09 0.78 0.94 0.03 0.05 -0.02 0.02

6merγ 0.17 0.10 0.79 0.94 0.03 0.06 -0.02 0.04

7merα 0.12 0.07 0.91 0.97 0.05 0.08 0.02 0.04

7merβ 0.19 0.12 0.94 0.98 0.11 0.18 0.10 0.12

7merγ 0.05 0.03 0.92 0.98 0.02 0.04 -0.02 0.00

8merα 0.11 0.07 0.98 0.99 0.14 0.20 0.10 0.10

8merβ 0.04 0.02 0.98 0.99 0.09 0.14 0.04 0.04

9merα 0.03 0.02 0.99 1.00 0.11 0.14 0.04 0.04

9merβ 0.01 0.01 0.99 1.00 0.06 0.13 0.01 0.02

10merα 0.01 0.00 1.00 1.00 0.06 0.11 0.01 0.01

Table 3.7: Predictive performance of 3’UTR seed types. Classification

performance of seed types based on all seed matches or only the con-

served (cons.) ones.

Sensitivity Specificity Precision MCC

Seed type all cons. all cons. all cons. all cons.

6merα 0.16 0.13 0.71 0.78 0.02 0.02 -0.05 -0.04

6merβ 0.20 0.17 0.78 0.83 0.03 0.03 -0.01 0.00

6merγ 0.28 0.24 0.70 0.77 0.03 0.04 -0.01 0.00

7merα 0.10 0.08 0.92 0.94 0.04 0.04 0.01 0.01

7merβ 0.17 0.14 0.92 0.94 0.07 0.08 0.06 0.06

8merα 0.08 0.06 0.97 0.97 0.07 0.08 0.04 0.04

Table 3.8: Predictive performance of ORF seed types. Analogous to

table 3.7.
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3’UTR coding region

Seed type OR P -value OR P -value

6merα 2.23 0 1.23 0.0457

6merβ 2.45 0 1.61 0.0030

6merγ 3.17 0 1.51 0.0009

7merα 3.05 0 1.14 0.1446

7merβ 4.01 0 1.40 0.0005

7merγ 1.96 0.0031 - -

8merα 4.48 0 1.16 0.4069

8merβ 2.80 0 - -

9merα 3.55 0 - -

9merβ 3.32 0.0050 - -

10merα 4.20 0.1534 - -

Table 3.9: Conservation of seed matches. Functional seed matches were

categorized according to seed types determined for 3’UTR and cod-

ing region. The OR values were calculated according to equation 3.5.

These values are illustrated by the red points in figures 3.15 and 3.17,

respectively. The P -values were computed as described in section 3.3.2.

3’UTR coding region

Seed type A B C D E

6merα 0 0.0009 0.1739 0.2753 0.9411

6merβ 0.0067 0.0005 0 0.9187 0.0471

6merγ 0.0202 0 0 0.9979 0.0033

7merα 0 0.0003 0 0.8137 0.9654

7merβ 0.0002 0 0 0.8947 0.2421

8merα 0 0 0 0.4470 0.9865

Table 3.10: Conservation of seed matches of miRNA clusters. The

P -values were computed as described in section 3.3.2.
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4 Evaluation of miRNA target site

prediction methods

A lot of evaluations of miRNA target prediction tools have been published so

far, e.g. [44],[45],[127],[128],[129]. Moreover, most releases of new methods or of

updates include a comparison of different methods. Various types of data sets have

served as reference data for performance evaluations:

� mRNA expression data from miRNA transfection or depletion experi-

ments. mRNAs whose expression is affected by a (stimulated) change of

miRNA concentration are considered as miRNA targets. With knowledge

of the miRNA it can be checked how well the predictions correspond to

the measured change of mRNA expression. A drawback is that the affected

mRNAs can also be indirect targets.

� By the same principle also protein expression measurements were used for

evaluation, see [44],[45].

� Further, CLIP data, see section 3.1.7, were applied to assess accuracy of

prediction methods, see e.g. [126],[130],[131]. CLIP methods have the ad-

vantage to uncover only direct miRNA targets and additionally to locate the

site of interaction within the target sequence, but on the other hand they do

not measure the strength of repression.

The aim of this evaluation was to asses the ability of prediction methods to

identify experimentally determined target sites within 3’UTRs and coding re-

gions. Performing an evaluation on target site level restricts the choice of meth-

ods, see definition in figure 4.1. Most of the tools do not provide the location

of miRNA target sites, but predict miRNA-gene interactions (target level). Six

methods were assessed: Diana-microT [132],[105], EIMMo [133],[107], miRmap

[131], mirSVR [130], PITA [134] and TargetScan [135]. Apart from the recently

published miRmap, these are popular and frequently cited target site prediction

methods. As benchmark the processed PAR-CLIP data set was used, see sections

3.3.1 and 4.2.1. In this work particularly the sensitivity of the methods has been
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target sequence T target site S of miR M on T

predicted target sites of M on T

Tool G Tool R

Figure 4.1: Levels of evaluation. miRNA target prediction tools can be eval-

uated on two levels of different granularity, in this thesis referred to

as target level and target site level. On target level the predictions of

both tools, G and R, are true positives as both correctly identify the

interaction between target T and miRNA M. On target site level the

prediction of method G is wrong, i.e. it is a false positive, as it does

not identify a true target site. Further, as method G does not detect

target site S, S is counted as false negative with respect to method G.

The prediction of tool R identifies a true target site of M and therefore

is classified as a true positive on target site level.

investigated. To facilitate comparison between 3’UTR and coding region, only

seed types identified in both 3’UTR and coding region have been considered, see

figure 3.19. 3’UTR-unique seed types were merged with 6merγ, 7merβ and 8merα,

respectively. According to the specifications of the tools, the focus is clearly on

long seed matches, see [1]. But in section 3.4.1, it was demonstrated that 6mer

seed matches cover the bulk of functional target sites. Further, in the light of

the ceRNA hypothesis allowing short but less potent seed sites to be conclusively

explained, see section 3.5, and if comprehensive elucidation of miRNA biology is

sought, one may not disregard more than half of the functional sites. In the sec-

ond part of this chapter, the accuracy of the methods was analyzed. This analysis

continued a study presented on the German Conference on Bioinformatics, 2010,

[125].

4.1 Background: Computational target site prediction

Due to the large numbers of miRNAs and their potential targets and the condition

dependence of miRNA-target interactions, a comprehensive experimental deter-

mination of the miRNA-target interactome is practically not feasible [129],[136].

Albeit the currently estimated extent of miRNA-mediated regulation could not

be anticipated at the beginning of the era of miRNA research, very early, first

computational methods have been developed for the prediction of miRNA targets.
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In section 3.1.2, the development history of TargetScan has been extensively illu-

minated. It was one of the first methods next to miRanda [137] and the approach

developed by Stark et al. [138]. Meanwhile, there are dozens of methods, each

with a special focus on the miRNA-target interaction. The following presents a

survey of miRNA target prediction. A selection of prediction tools is described

in more detail. These methods were evaluated in this thesis. Beforehand, various

kinds of target site features commonly adopted by target prediction programs are

outlined.

4.1.1 Categories of target site features

A seed match represents the clearest indications for a target site. Almost all

target prediction tools perform a search for seed-complementary sites on the target

sequence [136]. Many of them require perfect complementarity between seed and

target. But some methods tolerate single mismatches or wobble pairing in the seed

match as well. Most of them consider more than one of the seed types displayed in

figure 3.2. Long seed types are preferentially used as they ensure higher specificity.

But apart from the seed rule, a couple of further target site parameters is taken

into account as the exclusive seed match would be to unspecific. With a length

of 6 or 7 nt, many of the seed matches can occur simply by chance. Therefore,

recording seed matches is commonly only the first step of target prediction. It

creates the initial set of target candidates that will be filtered or prioritized in

subsequent steps.

Evolutionary conservation Bartel emphasized in his review that ”the use of pref-

erential evolutionary conservation was a key methodological advance” to distin-

guish miRNA target sites from the 3’UTR background [7]. Analyzing orthologous

sequences from multiple species allows for the identification of conserved sequence

elements. Opposed to other sequence regions, conserved elements are protected by

purifying selection against deleterious modifications. If a site is more conserved

than expected by chance, it is most likely biologically functional. Consequently, the

percentage of true positives can be increased by filtering conserved seed matches.

It is important to point out that filtering conserved sites means neglecting non-

conserved functional sites. Different approaches are used to judge conservation

of target sites. Some require conservation of the seed match at orthologous sites,

e.g. TargetScan [86] and miRmap [131], miRanda [120]. For this, the orthologous

sequences are aligned and the seed match has to be within an aligned block. Less

strict methods merely demand the presence of a seed match for the miRNA (some-

where) in each of the orthologous sequences, e.g. mirWIP [139] and rna22 [140].
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By the use of PhastCons scores, the alignment-based variant was applied in this

work.

Co-evolution of target and miRNA This approach is based on the assump-

tion that biologically functional sites in a sequence such as miRNA seed matches

differ in their composition from the remaining sequence. In contrast to non-

functional regions, functional miRNA seed matches are protected by purifying

selection against mutations that would adversely affect the miRNA-target inter-

action. That is, instead evolving like the surrounding sequence, the seed match

evolved synchronously with the matching miRNA. For instance, Marin et al. im-

plemented this approach as follows [141]: A 3’UTR includes n seed-complementary

sites for a miRNA. By using a Markov model representing the composition of the

3’UTR, the probability is computed to find n sites of same length by chance in

the 3’UTR. The lower the probability is, the higher the chances that the miRNA-

3’UTR interaction is functional.

Sequence features beyond the seed match Apart from the seed match, the tar-

get site includes further sequence-based features that contribute to the specificity

of the miRNA-target interaction. There are two types of pairing involving the

remainder of the miRNA, supplementary and compensatory pairing. Supplemen-

tary target sites contain beside a perfect seed match additional pairing between

the target and the 3’ portion of the miRNA. Grimson et al. observed 3’ pairing to

be efficient if miRNA positions 13-16 matched contiguously to the target [94]. Be-

side supplementing, 3’ pairing was found to compensate for mismatches or bulges

within the seed match. But both compensatory and supplementary sites seem to

be rare [7]. A more common feature is the local base content of functional seed

matches [7]. Grimson et al. identified a bias to adenines and uracils in immediate

proximity to functional sites [94]. In particular, conserved sites were flanked by a

high AU content. Importantly, the AU enrichment dropped quickly with increas-

ing distance to the site. Another context feature is the position of the functional

site within the 3’UTR. Both Majoros et al. [142] and Grimson et al. [94] observed

that seed matches were not evenly distributed along the 3’UTR. Functional sites

aggregated near the two ends of the 3’UTR, stop codon and poly(A) site. At the

stop codon end the distribution peak was offset approximately 15 nt downstream

of the stop codon. Grimson et al. could show that target sites located close to the

3’UTR ends were both more effective in target destabilization and more conserved

than sites occurring centrally.
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Thermodynamic stability of the miRNA-target interaction The interaction

between miRNA and target can be considered from a thermodynamic perspective.

One hypothesis is that functional interactions are based on stable miRNA-target

duplexes. Here, the hybridization of the entire miRNA with the target is taken

into account. The more stable the RISC is bound to the target via the miRNA,

the more time is available to carry out the regulation [136]. Alternatively, a stable

hybridization causes a higher net gain of energy than a unstable one and thus it is

energetically more favored. The net gain, represented by the free energy ∆Gduplex,

is the difference between the energy needed for the creation of the duplex and the

energy obtained by the hybridization. It is important to note that thermodynamic

stability is not well compatible with the enriched AU content observed in the

vicinity of functional seed matches. Base-pairing between G and C is more stable

than pairing between A and U. Consequently, if the seed match-flanking regions

have an increased GC content the interaction will be predicted to be more stable.

Structural accessibility of the target site mRNAs do not exist as linear mole-

cules in the cell but form spatial structures. RNA structures due to intra-molecular

base-pairings are called secondary structures. Secondary structures can influence

the accessibility of target sites, e.g. Kertesz et al. showed experimentally that the

efficiency of miRNA-mediated regulation could be significantly reduced through

mutations diminishing target site accessibility [134]. Target sites are preferentially

located in structurally accessible regions [136]. If not, structural transformations

have to precede miRNA-target interaction. The accessibility of mRNA regions or

respectively the energetic costs to open hampering secondary structures can be

quantified with secondary structure prediction algorithms. For instance, the PITA

algorithm, see section 4.1.2, combines the energy costs needed for unwinding the

target site and flanking regions with the free energy obtained from the subsequent

hybridization between miRNA and target [134]. Since A and U form less stable

base-pairs, the local AU content and the accessibility of target sites correlate with

each other [7],[131].

4.1.2 Survey of prediction algorithms

Diana-microT The Diana tools have been developed by the Hatzigeorgiou lab

and comprise beside others an algorithm for predicting target sites in both 3’UTR

and ORF, microT-CDS [105]. microT-ANN is a method exclusively designed for

the prediction of 3’UTR target sites [132]. Both methods start with compiling a

set of putative target sites. The highest scoring alignment is determined for each 9

nt long sequence fragment of the target sequence and the miRNA driver sequence,
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that is, the first 9 nt of the miRNA. Putative target sites need to have at least 6

Watson-Crick (WC) pairs between driver and target. Further, a consecutive match

of 4 WC matches [105], respectively of 6 matches (WC or G:U wobble) [132] is

required to start either at position 1 or 2 relative to the miRNA. Position 3 is not

considered as a start position. If the alignment of driver and target contains 6 WC

pairs, a single wobble pair is allowed. microT-CDS allows a single mismatch or

bulge for target sites with 8 WC matches.

Putative sites are filtered depending on the free energy. Depending on length,

start position, 3’ pairing and presence of an A opposite to the first miRNA position,

target sites are grouped to binding categories. Sites with less than 7 WC bps are

removed if the free energy between target and driver does not exceed the threshold

for the respective binding category. Conservation scores are determined for the

filtered target sites. This score represents how often a site could be identified

at the exact same position in a set of orthologous 3’UTRs. The final score of

a target site depends on the binding category, the miRNA and the conservation

score: For each binding category and each conservation score the number of target

sites of a certain miRNA is compared with the number of sites of corresponding

mock miRNAs having an equal or greater conservation score. The ratio of the two

counts defines the target site score.

Reczko et al. improved the prediction of miRNA-gene interactions by considering

additionally target sites located in the coding region [105]. They created sets of

true sites and false sites similarly to the approach used in this work, see section

3.3.1. Using logistic regression between the binding categories of aligned sites, 64

in total, and the presence or absence of the sites in the true or false set, they found

21 significant binding categories for sites in the 3’UTR and 10 categories for sites

in the ORF. Beside the weight obtained for a significant binding category (i.e. the

regression coefficient) they considered following target sites features: conservation,

local AU content, distance to 3’UTR or ORF ends, distance between adjacent

target sites, free energy, accessibility and the binding pattern between target site

and miRNA. Generalized linear models were used to integrate the features and

to compute the target site score. ORF and 3’UTR are represented by separate

models.

EIMMo Gaidatzis et al. did not refer to the set of classical seed types [133]. They

analyzed the conservation of nine hypothetical seed types. Some of these included

either a single mismatch, bulge or loop. 6mer and imperfect seed types differed

only slightly from the background conservation. Further, requiring an adenine in

the target opposite to miRNA position 1 as Lewis et al. [86] entailed no clear
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enrichment of conserved sites in their analysis. Therefore, EIMMo considers only

sites with perfect complementarity to miRNA sub-sequences 1-7, 2-8 and 1-8.

EIMMo starts with a search for candidates sites and then scores the conservation

of the putative target sites based on a Bayesian approach. Given the conservation

of a seed match in different species, the posterior probability is calculated that

the site is functional. The phylogenetic relationships of the considered species

flows into the score calculation. Another unique feature is that EIMMo creates

miRNA-specific selection models of target sites. Thus, the possibility is taken into

account that the selective pressure to maintain target sites in related species could

be different between miRNAs.

miRmap Vejnar et al. created a comprehensive open-source library that covers

all feature categories presented above [131]. A total of 11 different target sites

features were implemented, three of which were new. In a detailed analysis, they

examined the correlation of all feature pairs and they evaluated the predictive

power of each feature based on various experimental data sets. Based on that

Vejnar et al. developed the target site prediction method miRmap combining a

total of 10 features from the five feature categories. The features were combined

by multiple linear regression optimizing the prediction of the target expression

change.

mirSVR mirSVR [130] is an extension of the miRanda algorithm [120]. miRanda

searches for maximal local complementarity alignments between the target and

the complete miRNA sequence. That is, it differs to approaches scanning the

target merely for seed matches. But miRanda accounts also for the importance

of the seed in target recognition by assigning higher position-specific weights to

matches involving the seed region. mirSVR obtains the miRNA-target duplexes

from miRanda. These target site candidates may include a single G:U wobble

or mismatch within miRNA positions 2 to 7. Except co-evolution of miRNA

and target, all feature categories mentioned in section 4.1.1 are considered in the

determination of the score by mirSVR. To learn the feature weights, mirSVR was

trained on miRNA transfections experiments using support vector regression.

PITA Kertesz et al. showed that it is necessary to consider target site acces-

sibility in order to determine the efficacy of target repression by miRNAs [134].

Further, a genome-wide analysis revealed that positioning of target sites in ac-

cessible regions is a conserved feature in genomes. An energy-based score, ∆∆G,

was conceived representing the difference between the energy needed to unpair the
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target region, ∆Gopen, and the free energy gained by binding of the miRNA to the

target, ∆Gduplex, see above. That is, ∆∆G = ∆Gopen−∆Gduplex. ∆∆G strongly

correlated with the degree of target repression whereas exclusive ∆Gduplex showed

only poor correlation in their analysis. The miRNA is attached to a large protein

complex, RISC, that is also interacting with the target. Consistent with this, the

correlation between ∆∆G and target expression could be appreciably improved

when taking into account the regions next to the target site in the calculation of

∆Gopen. Subsequent to a search for seed matches, the PITA algorithm computes

the ∆∆G for each putative target site.

TargetScan The first version of TargtScan was published in 2003, i.e. meanwhile

TargetScan can look back upon 10 years of development history. The current Tar-

getScan algorithm, version 6.2, builds on TargetScanS that has been released in

2005 [86]. TargetScanS searched for conserved sites perfectly matching to seed

types 7mer-A1, 7mer-m8 and 8mer, see figure 3.2. The site had to occur at corre-

sponding positions in a multiple alignment (i.e. within an aligned block) of orthol-

ogous 3’UTRs from five vertebrates to be considered conserved. In 2007, Grimson

et al. described five sequence-context features beyond seed pairing involved in tar-

get recognition [94]. Three of which, the local AU content in immediate proximity

to the target site, pairing of the 3’ portion of the miRNA and positioning within

the 3’UTR were integrated as context score into TargetScan. The relationships be-

tween the individual context features and target downregulation were determined

by linear regression. Importantly, the enhancement by the context features even

allowed for prediction of effective non-conserved sites. Friedman et al. overhauled

the method to evaluate site conservation in 2009 and introduced a new criterion:

PCT , the probability of preferentially conserved targeting allows for assessing the

biological relevance of predicted miRNA-target interactions complementary to the

context score [87]. In 2011, Garcia et al. found that varying targeting proficiency

between miRNAs is connected with both the seed-pairing stability (SPS) and the

target-site abundance (TA) of miRNAs [135]. The proficiency of miRNAs was

integrated in the context-score model of TargetScan, now referred to as context+

score.
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4.2 Methods and Materials

4.2.1 Preparation of prediction databases

Six target site prediction programs were evaluated in detail, Diana-microT [132],

[105], EIMMo [133],[107], miRmap [131], mirSVR [130], PITA [134] and Tar-

getScan [135]. Developers of target prediction methods usually provide both pre-

computed genome-wide predictions and an executable program to predict targets

on custom data. The prediction databases were intersected with the sets of func-

tional and non-functional sites for the 3’UTR or respectively the coding region

(in the following referred to as benchmark data sets) that are introduced in sec-

tion 3.3.1. The initial version of the 3’UTR benchmark data set comprised 1,873

3’UTRs and 38 miRNAs. Overall 4,880 functional and 129,509 non-functional sites

were distributed on the 3’UTR sequences. The latter number is slightly reduced

compared to that presented in section 3.3.1, since sites for which no PhastCons

score was available were not considered for the evaluation. The initial ORF bench-

mark set included 3,692 functional and 104,845 non-functional sites of 38 miRNAs

located on 1,580 coding regions.

Predictions that did not match exactly to one of the benchmark sites were

ignored. Removed sites were either located too close to the borders of the respective

regions or the seed match was imperfect, i.e. it contained mismatches or wobble

pairing. Most of the examined methods do not search explicitly for seed matches

starting at position 1 relative to the miRNA. Nevertheless, they are able to identify

7merα and 8merα sites as 6mer and 7mer matches starting at position two are

covered by the former two.

In case of TargetScan, mirSVR, miRmap, EIMMo and Diana-microT pre-com-

puted predictions were used as these databases are regularly updated. The PITA

database was updated last time in 2008. Thus, the program was run to predict

target sites on the sequences of the benchmark data set. Subsequently, the prepa-

ration of the individual data sets for the evaluation is described.

Diana-microT The Diana lab tool webpages, http://62.217.127.8/DianaTools/,

provide access to the Diana-microT predictions databases via a REST web service

interface. Diana-microT-CDS, version 5, produces predictions for both 3’UTR

and coding region. Of these, only the predictions for the ORF were considered.

In terms of the 3’UTR, it was resorted to the predictions by the algorithm Diana-

microT-ANN, version 4, that generates predictions exclusively for this region. Di-

ana tools use sequence material from Ensembl. The retrieved predictions were

based on Ensembl version 69 [143]. The corresponding RefSeq sequences were de-
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termined by sequence comparison. Intersecting benchmark sites and microT-CDS

predictions yielded 6,067 sites residing on 853 coding regions. With regard to the

3’UTR, 13,846 sites could be found on 571 sequences.

EIMMo The EIMMo target prediction database was updated the last time in

January 2011 (http://www.mirz.unibas.ch/, version 5). Here, the positions of the

predicted target sites are specified by their chromosomal coordinates based on hu-

man genome assembly hg19. In the first step, the coordinates were converted to

coordinates of hg18 using the liftOver utility from UCSC [117]. For sites com-

pletely included in 3’UTRs of the benchmark data set, the positions relative to

the 3’UTR were calculated by means of the chromosomal exon coordinates of the

3’UTRs. 28,525 sites were located on 1,832 3’UTRs of the benchmark set. 28,206

of the predictions matched with benchmark sites. The predictions for the coding

regions were analogously prepared. 21,303 of 21,568 predictions distributed on

1,500 coding regions overlapped exactly with benchmark sites.

miRmap The most recent miRmap version was from January 2013. The target

sequences used come from Ensembl, version 69, [143] and could be downloaded

from the miRmap website, http://mirmap.ezlab.org/. Before the predictions could

be intersected with benchmark sites, the Ensembl 3’UTRs had to be mapped to

the RefSeq 3’UTRs from the benchmark data set. By sequence comparison, it was

found that 749 benchmark sequences containing 23,743 potential target sites were

exactly included in the miRmap target set. 23,716 of these sites were contained in

the benchmark set.

mirSVR mirSVR was released in August 2010. Four files are provided for down-

load on http://microrna.org/. Predictions for conserved and non-conserved miR-

NAs are separated. These two sets are further subdivided into highly scored and

lowly scored potential target sites, respectively. The positions of the target sites

are not directly specified in the downloaded files, but the alignments of the miR-

NAs and the target site regions are provided. The location of the alignments are

indicated by their chromosomal positions relative to genome assembly hg19. Using

the liftOver program [117], the locations were converted to coordinates of hg18.

The chromosomal coordinates of the longest perfect seed match were deduced from

the alignment representation. A match had to be at least 6 nt long and had to

start at position two or three relative to the miRNA. By means of the chromoso-

mal exon coordinates, the positions of the predictions relative to the 3’UTRs of

the benchmark data set were calculated. In this way 55,295 seed matches could
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be assigned to 1,856 3’UTRs. Intersecting the mirSVR sites with the benchmark

sites yielded 54,928 predictions that are distributed on 1,854 3’UTRs.

PITA PITA (http://genie.weizmann.ac.il/pubs/mir07/) was run with default pa-

rameter settings on the sequences of the 3’UTR benchmark set. The PITA algo-

rithm seeks for seed matches of length 6, 7 and 8 starting at position 2 relative

to the miRNA. For matches of length 7 and 8, 1 wobble pairing is allowed per

site. Within matches of length 8, 1 mismatch is permitted additionally. 322,425

potential target sites were found by PITA on the 1,873 benchmark 3’UTRs. After

intersecting with the benchmark sites, the PITA prediction set consisted of 72,399

sites located on 1,868 sequences.

TargetScan The TargetScan predictions were based on TargetScan version 6.2

which has been released in June 2012 (http://www.targetscan.org/). Conserved

and non-conserved seed sites are listed in separate files. Beside target site pre-

dictions also the target sequences are provided for download. The sequences in-

cluded in TargetScan Release 6.2 were based on human genome assembly hg19.

Since transcript sequences may vary between different assemblies, the sequences

used for the TargetScan prediction and the benchmark sequences were intersected.

1,691 non-redundant sequences of the TargetScan set showed complete identity to

one of the 3’UTR sequences of the benchmark set. 26,154 sites located on 1,666

sequences matched with sites of the benchmark data set.

Not all sequences or miRNAs of the benchmark data set were included in each

of the prediction databases. Therefore, after all predictions had been processed

and intersected with the benchmark data set, the benchmark data was revised.

It was adjusted in order to contain only those sequences and miRNAs that were

included in each of the databases. Hence, the final benchmark data set for the

3’UTR consisted of 537 3’UTRs, 38 miRNAs, 1,401 functional and 40,982 non-

functional sites. The ORF data set included 913 coding regions, 38 miRNAs and

2,116 functional and 57,544 non-functional seed matches. The respective numbers

of sites per tool are shown in table A4.31.

4.2.2 Evaluation measures

Functional sites as defined in section 3.3.1 were considered as observed positives

(OP). Analogously, non-functional sites were categorized as observed negatives.

1The numbers of figures or tables included in the Appendix are preceded by an ”A”.
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Predictions considered in this evaluation were either functional or non-functional.

Thus, predictions overlapping with observed positives are termed true positives

(TP) and the intersection of predictions and observed negatives includes false

positives (FP).

Following measures have been used to assess the performance of the prediction

methods. Sensitivity indicates the proportion of identified observed positives. Pre-

cision represents the proportion of true positives included in a set of predictions.

Sensitivity and precision characterize complementary properties of a classification

system. To assess holistically the quality of a method, the F-measure was calcu-

lated which is the harmonic mean of sensitivity and precision.

Sensitivity =
TP

OP
(4.1)

Precision =
TP

TP + FP
(4.2)

F-measure = 2 · Sensitivity · Precision
Sensitivity + Precision

(4.3)

4.3 Results

4.3.1 Sensitivity of prediction methods

Figures 4.2 and 4.3 show for each prediction tool the proportion of functional

seed matches per seed type that have been predicted. Two sensitivity values were

calculated. First, the maximum achievable sensitivity was determined per seed

type by ignoring the target site scores. Alternatively, as this sensitivity is the result

of the initial seed search, it was also called initial sensitivity in this work. The

maximum or initial sensitivity is represented by the light blue colored proportions.

Further, for each tool the score value t was determined that achieved the best

F-measure on this benchmark data set. The magenta-colored proportions indicate

the sensitivity after predictions with a score worse than t had been removed.

Sensitivity of 3’UTR predictions As only method Diana-microT discovered

6merα sites in the 3’UTR, see figure 4.2. According to its specifications, sites

starting at position 3, i.e. position γ, did not belong to the set of predictions.

Before scores are calculated, Diana-microT filters putative target sites depending

on the free energy. Therefore, for none of the seed types, 100% of functional sites

were found. Filtering sites with a score worse than t removed mostly less specific

short seed matches. The number of functional 8merα sites was only marginally
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Figure 4.2: Sensitivity of 3’UTR predictions per seed type. The radar

plots display for each method the maximum obtainable sensitivity per

seed type. Further, the sensitivity values after sites with a target site

score < t have been removed is highlighted. The method-specific cut-

off values t correspond to the score achieving the highest F-measure.

diminished. EIMMo searches for sites of length 7 and 8 and disregards 6mers

completely. Filtering reduced the sensitivity of all three seed type almost equally.

Again, 8merα sites were relatively least affected. The miRmap prediction database

contained all seed matches according to the classical seed types except the offset

6mer or respectively 6merγ. None of the functional 6merβ and 7merα sites ex-

ceeded the score cutoff. These sites dropped completely out of the prediction

set. On the other hand, about 50% of both 8merα and 7merβ sites were retained.

mirSVR requires the alignment between miRNA seed and target to include miRNA

positions 2-7. Therefore, target sites including a 6merα seed match were not found.

As mirSVR allows mismatches within the seed alignment to a limited extent, the
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fraction of 6merγ sites that are included in longer imperfect matches could be de-

tected. 6merβ and 7merα sites were strongly affected by the filtering. Similar to

mirSVR, PITA allows mismatches in sites of length > 6 nt. Start position 1 is not

considered. Here, filtering affected all types of seed matches similarly. TargetScan

searches for following subset of the classical seed types: 7mer-A1, 7mer-m8 and

8mer sites. To discover 7mer-A1 sites, TargetScan scans for 2-7 matches preceded

by an adenine on the target. If the matching miRNA starts with an uracile, the

site is of type 7merα otherwise it is of type 6merβ. As the majority of miRNAs

starts with an uracil, significantly more 7merα matches were included in the initial

TargetScan prediction set. Similarly to miRmap and mirSVR, 6merβ and 7merβ

seed matches did not achieve sufficiently high scores and thus were removed by

the filtering.

As described already in [1], a common trend to the long seed matches 7merα,

7merβ and 8merα was clearly visible. Sites of these types were preferentially

searched and scoring functions assigned the highest scores to them. Regarding

6mer sites, 6merβ sites were searched by five of six methods. 6merγ sites were not

explicitly regarded by any of the methods. However, fractions of 6merγ sites were

detected by tools that allow for a mismatch or G:U wobble within the seed match.

A fraction of 6merα sites was discovered by Diana-microT.

Sensitivity of ORF predictions The study of miRNA-target interaction through

ORF sites has recently begun. For this reason, not many methods do exist for pre-

dicting target sites specifically for this region. Subsequently, EIMMo and Diana-

microT were analyzed.

The ORF-located sites predicted by EIMMo were generated by the algorithm

that has been originally designed for the 3’UTR [133]. Only the sequence data was

exchanged for the prediction in the coding region [107]. Consequently, EIMMo

predicted the same types of sites as for the 3’UTR. Further, filtering affected sites

of all types similarly.

In contrast, Diana-microT, more precisely Diana-microT-CDS, is a new ap-

proach estimating possible miRNA-target relations by considering both 3’UTR

sites and ORF sites [105]. To understand better the performance of Diana-microT,

the seed model used by Reczko et al. has to be envisioned first. As mentioned in

section 4.1, Reczko et al. defined binding categories [105] and checked each of which

for significant enrichment in CCRs using the data of Hafner et al. [9]. As for the

3’UTR, they took only start positions 1 and 2 into account. Further, it was distin-

guished whether the base opposite to the first miRNA position was an adenine or

not and whether the 3’ end of the miRNA was involved in pairing or not. In total,
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Figure 4.3: Sensitivity of ORF predictions per seed type. Captions

analogous to figure 4.2.

they defined 64 different binding categories, e.g. 7merα sites are distributed on

four binding categories. Of these only category ’7mer 1st:match+A’, representing

sites with an A opposite to the first miRNA position and no additional 3’ pairing,

turned out to be significant. Overall 10 categories were significantly represented

with respect to the coding region. Surprisingly, neither of the 6mer categories was

among them. Unfortunately, a complete listing of all binding categories considered

is missing in [105]. From a length of 8, it was not clear from the description which

categories were actually considered.

Diana-microT-CDS preferentially identified functional 8merα seed matches, fol-

lowed by 7merβ sites. Less than 50% of the functional 7merα sites were included

in the initial set. 100% sensitivity was not achieved for any of the three seed types

due to the division of sites of one seed type on several binding categories of which

only a fraction was significant. While the fractions of functional 7mer sites were

reduced through filtering, the number of 8mer sites remained almost the same.

4.3.2 Differences between scoring systems

Prediction methods include scoring systems to add a value indicating the trustwor-

thiness of the prediction to each predicted target site. In the following, the scoring

systems or functions of the predictions tools were analyzed based on their score

value distributions. It was of particular interest whether and how the scoring sys-

tems distinguish between seed types. Figures A4.9 and A4.10 show the normalized
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homogeneous score distributions (3’UTR)

Diana-microT 6merα, 6merβ 7merα, 7merβ 8merα

EIMMo 7merα, 7merβ 8merα

miRmap 6merβ, 7merα 7merβ, 8merα

mirSVR 6merβ, 7merα 6merγ 7merβ 8merα

PITA 6merβ 6merγ - 8merα

TargetScan 6merβ, 7merα 7merβ 8merα

PhastCons 6merα - 7merβ 6merβ - 8merα

Table 4.1: Distinction between seed types by the scoring systems

(3’UTR). Scores assigned to functional target sites were grouped ac-

cording to seed types. For each method each pair of seed type-related

score value distributions was tested on homogeneity using the Wilcoxon

test with Bonferroni correction. Seed types with homogeneous tar-

get site score distributions (P -value < 0.05) are co-placed in a cell

of the table. The names of the seed types within a cell are ordered

lexicographically.

score values of 3’UTR and ORF predictions, respectively. For comparison a naive

approach, called ”PhastCons”, was analyzed additionally. It contains all func-

tional and non-functional sites of the benchmark set. The PhastCons conservation

scores were used as target site scores. How the filtering changes the sensitivity of

the naive approach is displayed in figure A4.8.

To test if seed types were treated differently, all pairs of seed type-related score

value distributions were tested on homogeneity, see tables 4.1 and 4.2. The reasons

for the variations between score distributions are discussed separately for 3’UTR

and coding region.

Scoring of 3’UTR predictions PITA and the naive approach had the most sim-

ple scoring systems. Both methods involved only one feature and the feature score

is also the target site score, i.e. ∆∆G and the PhastCons score, respectively. The

score value distributions of functional sites of PITA and the naive approach exhib-

ited the least variation between seed types of all methods. The PITA scoring sys-

tem merely rated 6merβ sites differently. Except for the difference between 6merα

and 8merα sites, PhastCons scores did not significantly vary between seed types.

Also Diana and EIMMo rated seed matches by means of their conservation. But

both methods calculate the target site score based on a seed type-specific signal-

to-background ratio. As illustrated by the score distributions of Diana-microT
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Figure 4.4: Different scoring systems. The predictions methods were

grouped based on their scoring systems. First, it was regarded if one

or more features are implemented. The next subdivision depended on

whether the seed type was considered for the calculation of the target

site scores or not.

3’UTR predictions, taking into account the background conservation created a

discrepancy between long and short seed types.

mirSVR, miRmap and TargetScan combine several features to assess the credi-

bility of seed matches. Further, all three methods weighted the features according

to their effect on target expression. A consequence that arises from correlating

the score with repression strength was that the scores of 7merα sites were on the

same level as the scores of 6mer sites, see table 4.1, since the impact on transcript

stability mediated through 7merα sites is comparably weaker than through 7merβ

and 8merα sites, see figure 3.9. Interestingly, the conservation-based methods such

as Diana-microT and EIMMo rated the two 7 nt long seed types equally.

TargetScan and miRmap consider different sets of seed types. TargetScan dis-

tinguishes between seed types 7mer-A1, 7mer-m8 and 8mer that give rise to three

different groups of score distributions, see table 4.1. The small proportion of 6merβ

sites identified by TargetScan were scored the same as the 7merα seed matches.

miRmap seeks explicitly for sites matching to positions 2-7 and 2-8 relative to

the 5’ end of the miRNA, that is 6merβ and 7merβ. But since matching to po-

sition 1 is not excluded, 7merα and 8merα were also identified in this way. The

scoring system of miRmap, however, assessed 7merα and 8merα just as 6merβ or

7merβ, respectively. Unlike TargetScan and miRmap, mirSVR has a seed-type

independent scoring system, i.e. the seed type is not taken into account for the

score calculation. Nevertheless, the mirSVR scores showed the greatest variations

between seed types, see figure A4.9. Strikingly, 7merβ and 8merα sites were much
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homogeneous score distributions (ORF)

Diana-microT 7merα, 7merβ 8merα

EIMMo 7merα - 8merα

PhastCons 6merα - 8merα

Table 4.2: Distinction between seed types by the scoring systems

(ORF). Caption analogous to table 4.1.

higher rated than the remaining sites.

Concluding, the differences between the scoring systems were due to the features

implemented and whether the features were weighted dependent or independent

of seed types. Figure 4.4 shows a classification of target site prediction methods

based on these two aspects.

Scoring of ORF predictions The ORF predictions of both EIMMo and the naive

approach were generated by the same algorithm as the 3’UTR predictions. The

EIMMo scores of 8merα sites were not significantly different to the scores assigned

to 7merα and 7merβ sites, see table 4.2 and figure A4.10. The lower score level

of ORF-located 8merα sites is possibly to be attributed to the less importance of

this seed type for the coding region as described above, see figure 3.19.

Examining the score value distributions of the naive method revealed a signif-

icant increase of the scores reflecting the high conservation of the coding region.

The difference between the scores of 6merα and 8merα sites observed in the 3’UTR

was not observable for sites located in the coding region. Further, consistent with

the observations in section 3.4.3, both functional 7merα and 8merα sites were not

significantly stronger conserved than the corresponding non-functional sites, see

figure 4.10.

The ORF release of Diana-microT involves multiple features, see figure 4.4.

Importantly, in contrast to the other methods incorporating multiple features,

the features were not combined with linear regression on mRNA expression data.

But they were weighted by means of their ability to distinct between true and false

target sites. For this reason, the score value distributions of 7merα and 7merβ sites

were homogeneous. Surprisingly, 8merα sites achieved a higher score level than the

7mer seed matches. This is in contradiction to the observations presented in 3.4.1

and the study by Marin et al. [126] arguing that 8merα sites are less important in

the coding region than 7merβ sites.
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Figure 4.5: Precision-Sensitivity Curves. The values in brackets indicate

the respective highest F-measure.

4.3.3 Accuracy of prediction methods

As the current models of miRNA target sites are insufficient, prediction tools are

not able to distinguish precisely between true and false sites. For this reason,

sensitivity can only be improved at the expense of precision and vice versa. Figure

4.2 shows that removing sites with smaller scores than the score related to the

highest F-measure diminished sensitivity, e.g. the sensitivity of miRmap decreased

from 0.69 to 0.29. On the other hand, the removal of low-rated sites increased

precision (data not shown).

Here, the performance of the methods was assessed by means of the relationship

between precision and sensitivity for all score values. Figure 4.5 displays the

precision-sensitivity curves (PSC) for 3’UTR and ORF target site predictions. In

general, it can be stated that the quality of miRNA target site prediction as was

found here is low: Comparing the F-measure scores, mirSVR reached the highest

F-measure (0.24) of all evaluated 3’UTR prediction methods and Diana-microT

performed best with respect to the coding region (0.14).

First, the prediction methods for 3’UTR sequences were assessed. The rightmost

point of a PSC represents the initial sensitivity (that is also the maximum sensi-

tivity) and the initial precision of a prediction method. These values correspond to

the initial set of seed matches. By successively raising the score cutoff and removal

of sites with scores lower than the current cutoff, the sensitivity decreased and the

precision increased. The extent of the precision gain depended on the quality of
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Figure 4.6: Precision gain. The meaning of initial and maximum precision are

described in the text. The methods are arranged according to the

grouping displayed in figure 4.4. Methods modeling only one target

site feature (left side) are separated from methods involving several

features (right side) by the red line.

the scoring system, see figure 4.6.

It turned out that methods with similarly configured scoring systems as shown

in figure 4.4 exhibited similar PSCs. PITA and the naive approach performed

worst, see figure 4.5(A). Compared with their respective initial precision values

the precision increased by a factor of 1.7 and 2.4, respectively. The PSC of the

naive approach stopped early since 34% of functional sites were associated with

the highest PhastCons score. Due to the focus on more specific long seed matches,

EIMMo had already a high initial precision. Through removal of sites with less

credibility according to its scoring system the precision doubled. Diana-microT

turned out to have the most discriminating scoring approach of the single-feature

methods. Its precision improved by a factor of 4.4.

By contrast, the precision of mirSVR, the best performing tool of all, increased

more than tenfold. Further, the precision values of miRmap and TargetScan grew

by a factor of 9.3 and 4.4, respectively. Indeed, the relative gain of precision

was similar for Diana-microT and TargetScan, but the initial set of TargetScan

included more 7mer sites than that of Diana-microT (94% vs. 76%), see also

4.2. That is, Consequently, the precision of Diana-microT can be easily improved

by removing unspecific 6mer seed matches, while TargetScan had to distinguish

between true and false 7mer seed matches.
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Basically, two types of PSCs appeared. Scoring systems of methods that involve

multiple features such as mirSVR, miRmap and TargetScan generated a wide

spectrum of precision values as opposed to prediction tools with only one feature

(except Diana-microT). But also for the first three, in particular mirSVR and

miRmap, the PSCs did not linearly increase with increasing cutoff. At about

10% sensitivity, these curves showed a sharp increase that probably represents the

transition between short and long seed matches.

Considering the overall performance, mirSVR outperformed any other method.

Its curve was constantly above the other PSCs. The ranking after mirSVR was

less clear as the PSCs were crossing. For low sensitivity values miRmap and Tar-

getScan showed high precision. But already for sensitivity values higher than 0.2

the miRmap PSC fell below the levels of Diana-microT and EIMMo whereas Tar-

getScan remained longer above these two. PITA and the naive approach showed

the worst performance. Interestingly, the latter slightly outperformed PITA in

terms of the F-measure and the maximum gain of precision. Consequently, site

conservation is better suited for miRNA target site prediction than site accessibil-

ity, at least in the 3’UTR.

Diana-microT was the only method particularly designed for target site predic-

tion in the coding region. The EIMMo predictions were generated by the same

algorithm as for the 3’UTR. Only the sequence material had been exchanged. The

PSCs shown in figure 4.5(B) revealed Diana-microT to perform best. As long as it

extended to the right, the PSC of Diana-microT was above the curve of EIMMo.

Further, the scoring system achieved to increase the precision by a factor of 13.6

compared to the initial precision, even though the precision immediately dropped

sharply. The PhastCons-based method was the worst of all three. It performed

worse than in the 3’UTR as indicated by the F-measure and the precision gain.

Consistent with previous observations this shows that discrimination between true

and false seed matches by means of conservation is less suited in the coding region

due to its high general conservation.

4.3.4 Combination of prediction methods

How can the performance of miRNA target site prediction be improved? One

way would be to integrate new features that enable significant improvement of

precision. An alternative approach that is commonly applied is to combine different

methods relying on different assumptions. In contrast to finding new target site

features, this approach could be more easily realized. A couple of databases have

been published already that integrate target predictions from multiple methods as

reviewed by Min et al. [144]. These integration approaches focused on miRNA-
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Figure 4.7: Intersection of prediction result sets. The occurrence of

target sites in different result sets was counted for increasing score

cutoffs. Starting with all predictions from all tools, i.e. 100%, the

result sets were successively reduced up to the best 10% of predictions

according to the tool-specific scores, respectively. For each step the

proportions of functional sites covered by 0, 1,..., 6 methods with

respect to the 3’UTR (A) and 0, 1, and 2 tools with respect to the

coding region (B) have been determined. Note: the ranges of the

y-axes of the two plots are different.

target interactions. Whether the combination of various prediction methods on

target site level, see figure 4.1, is promising was examined here. Practically, do the

results sets of individual tools overlap or are they disjunct? Further, how does the

intersection of tools change for increasing score cutoffs? If the prediction methods

identified different subsets of functional sites, sensitivity could be largely improved

by combining them. The naive PhastCons-based approach was not considered in

this analysis.

Figure 4.7(A) shows that the prediction result sets for the 3’UTR diverge, the

more poorly rated predictions were removed from them. The initial result sets

including all predictions overlapped largely, e.g. 36% of the functional sites were

predicted by each of the six methods. But when retaining only the top 30% of

predictions of each method, most of the identified functional sites were detected

only by one method. Moreover, less than 10% of the functional sites were predicted

by three or more tools when considering the top 10% of predictions. Consequently,

the higher the quality was of the result sets, the less the overlap was between them

suggesting individual approaches or subsets of methods to be complementary to

each other. The combination of the top 10% of predictions of all tools achieved a

F-measure of 0.19 just as the filtered miRmap set. Even though the precision of
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the aggregated set was lower (0.12 vs. 0.17), the sensitivity was more than twice

as high as that of miRmap (0.44 vs. 0.20).

With respect to the coding region a similar observation as for the 3’UTR could be

made, see figure 4.7(B): The proportion of sites detected by one method exceeded

that found by both tools for high cutoffs. Aggregating the top 50% of predictions of

both methods yielded the best performing combined result set (F-measure: 0.13).

It slightly outperformed EIMMo in terms of the F-measure, but performed worse

than Diana-microT. But the sensitivity of the combined set exceeded both single

methods.

Concluding, these observations motivate a deeper investigation of this subject.

An important question is, which tool combination performs best for the 3’UTR.

It is conceivable that a subset of the six tools performs better that the union

of all tools that has been evaluated above. For instance, excluding PITA that

performed worst of all published approaches, see section 4.3.3, should increase the

performance. To explore this all, 26 possible combinations should be tested for

varying cutoffs. Further, it would be interesting to find out whether there exists a

tool combination that outperforms mirSVR.

4.4 Conclusion

This study of target site prediction methods had two goals. The first objective was

to clarify which types of seeds, particularly which of the short ones, are considered

by a group of representative and frequently used methods. In the second part,

these methods were examined how well their scoring functions differentiate between

functional and non-functional sites in general.

In the previous chapter, the essential part of a miRNA target site, the seed

match, had been described in detail. Here, it was analyzed to what extent these

findings are already implemented by target site prediction approaches. Briefly sum-

marized, a substantial proportion of experimentally identified target sites includes

short 6mer seed matches. In particular, the 6merα seed type was not considered

by previous seed models [7]. This is noteworthy, in particular with respect to cod-

ing region, where 6mer sites accounted even for a higher proportion than in the

3’UTR. For this reason, the first part of this evaluation is interesting for those who

aim for a comprehensive decoding of the miRNA-target interactome and wonder

how this can be achieved with current methods. Against the background of the

ceRNA hypothesis, this concern is quite relevant. Salmena et al. motivated such

an analysis like this explicitly [108]. The ceRNA hypothesis adds to the primary

understanding of a miRNA target site as a cis-regulatory element through which

the RNA molecule can be directly regulated a second function, namely, the indirect
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regulation of other RNA molecules by sponging miRNAs.

Prediction methods search for 6mer sites but not as comprehensive as for long

sites. Most intensively 6merβ sites were searched. Except EIMMo, all approaches

contained 6merβ sites in their initial seed match sets. PITA and mirSVR addition-

ally detected 6merγ sites. Diana-microT had almost 50% of the functional 6merα

sites in its initial set. But both focusing on specific sequence signals (Diana-

microT, EIMMo) and prediction of repression strength (mirSVR, miRmap and

TargetScan) resulted in a higher weighting of long seed matches in the prediction

of 3’UTR-located target sites. Merely, the 7merα was handled differently by these

approaches, see figure 4.9. Consequently, short seeds matches were given the lowest

scores and thus these were the first to fall from the result set when the cutoff was

increased. The ORF methods showed a similar prioritization of long seed matches,

e.g. the ORF variant of Diana microT weighted long seeds even stronger than the

3’UTR variant. Thus, miRNA target site prediction methods are currently not

suitable for a full explanation of miRNA-target interactions. Further characteris-

tics describing in particular short sites need to be identified and new approaches

have to be developed.

So far in the development of methods the prediction of the direct, cis-regulatory

effect of a miRNA target site played the dominating role. This is also reflected in

previous evaluations of prediction tools: miRNA-target site interactions were re-

duced on miRNA-target interactions. Which site or the location of the site causing

the interaction was of secondary interest compared to the resulting miRNA-target

interaction that could be compared against a reference data set. Another reason

for this simplification was perhaps the unavailability of appropriate reference data

until recently such as the one used here. However, the position of the target site is

required in order to validate a prediction experimentally. Moreover, in the event

that a miRNA has multiple potential target sites on a target sequence, it may be

important to distinguish between them. For these reasons, an evaluation on target

site level as carried out here is of interest.

The analysis of scoring functions used for the prediction in the 3’UTR showed

clearly that methods involving several features achieved the highest precision val-

ues. mirSVR outperformed any other method for each score cutoff. Surprisingly,

miRmap compared poorly with other multiple-feature methods although it was

the most recent approach considered here. Its performance even fell below that

of Diana-microT and EIMMo for higher sensitivity values. Single-feature meth-

ods were only competitive if the scoring function involved signal-to-background

calculations. With regard to the coding region, the ORF release of Diana-microT

performed best. This was not surprising as Diana-microT was the only method

particularly adapted to the coding region.
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4.4 Conclusion

Finally, the analysis of the complementarity of the methods provided arguments

to study the combination of various tools on target site level in detail in order to

increase sensitivity of miRNA target site prediction.
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4.5 Appendix

3’UTR coding region

Fun. Non-fun. Fun. Non-fun.

benchmark 1,401 40,982 2,116 57,544

Diana-microT 763 12,239 439 5,527

EIMMo 727 7956 738 10,929

miRmap 974 17,130 - -

mirSVR 958 15,870 - -

PITA 1,060 21,602 - -

TargetScan 729 7,973 - -

Table 4.3: Benchmark data statistics. This table shows the numbers of

functional and non-functional sites per prediction tool.

coding region3'UTR
A B
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Figure 4.8: Sensitivity of the naive approach per seed type. Captions

analogous to figure 4.2.
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Figure 4.9: Target site score distribution per seed type (3’UTR).

Scores were transformed by min-max normalization. Green lines in-

dicate the threshold value t. Red stars highlight score distributions of

functional and non-functional sites that do not significantly vary from

each other.
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Figure 4.10: Target site score distribution per seed type (coding re-

gion). Caption analogous to figure 4.9.
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My current projects deal mainly with the interaction between miRNAs and the

coding region. Further, in a collaboration with the IDG at the Helmholtz Zentrum

München we are investigating if the Parkinson’s disease-related Lrrk2 gene is tar-

get of miRNA control. The subsequently presented studies were not far enough

progressed to be presented in the result sections of this thesis.

5.1 Frame-variant occurrence of miRNA target sites in the ORF

In both 3’UTR and coding region most target sites start 8 nt downstream of the

center of the CCRs, see figure 3.7. But while in the 3’UTR the maximum frequency

at position 8 exceeded clearly the proximate frequency values, the differences in

ORF-located CCRs were less strong: The numbers of starts at positions 7 and

8 did not differ that much. It was hypothesized that restrictions due to the ge-

netic code appear here. The encoding of the amino acid sequence and the high

selective pressure to maintain the sequence limits the scope for the evolution of

additional sequence elements. However, the selective pressure varies between the

three positions of a codon. According to the genetic code, substituting the third

position does not lead to an amino acid exchange in most cases. For this reason,

the third positions of codons are weaker conserved compared to codon positions

1 and 2. Possibly, the evolution of target sites has adapted to these ORF-specific

conditions.

To investigate this question, the target site start frequencies per position were

considered depending on the reading frame, see figure 5.1(A). The frame of a CCR

was determined by the codon position of the T/C mutation. This separation led

to two observations: (i) T/C positions or respectively CCRs were not uniformly

distributed on the three codon positions. CCRs in frame 3 - represented by the red

curve - were most frequent. After consulting Markus Hafner (first author of [9]),

it can be excluded that this observation was due to an experimental bias. (ii) The

preferential start position varied between the frames. For CCRs in frame 1 and 2

the most target sites started 8 nt downstream of the center as in the 3’UTR, see

for comparison figure 5.1(B). By contrast if the CCR was in frame 3, most sites

started at a distance of 7 nt to the center.
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Figure 5.1: Target site starts downstream of the T/C mutation. Tar-

get sites starts per position downstream of the central T/C position

within CCRs were counted. With regard to the coding region the

frequencies were determined separately for each reading frame (A).

For comparison the positional frequencies of target sites starts in the

3’UTR are displayed as well (B). Only target sites of the 58 top-

expressed miRNAs that made up 95% of the miRNA sequence reads

were taken into account for this analysis.

In a first analysis the conservation was compared between these groups of CCRs,

subsequently termed CCR1, CCR2 and CCR3 (the number indicates the codon

position of the respective T/C mutation). The phyloP algorithm was used to as-

sess the strength of conservation at each site. In contrast to the content-based

PhastCons score that takes neighboring bases into account, the phyloP score ig-

nores the conservation of neighbouring bases making it useful for the evaluation of

selection at particular sites [145]. Therefore, it is well suited to analyze the codon

position-dependent conservation in ORF-located CCRs. Here, the phyloP scores

based on a 28-way multiple alignment of vertebrate species were used. The data

was downloaded from the UCSC database [117]. The conservation of the first 10

positions downstream of the center of the CCR that are relevant for seed match-

ing were considered (see definition of functional sites in section 3.3.1). Figure

5.2 shows the phyloP score distributions obtained for CCR1, CCR2 and CCR3.

Each of the position-specific score distributions was compared with the respective

background distribution to test if the conservation at the particular site was signifi-

cantly stronger or weaker. Considering the background score distributions revealed

that most of the third codon positions substitute according to the neutral evolution
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Figure 5.2: Frame-dependent site conservation within CCRs. phyloP

measures the conservation at individual alignment columns and ig-

nores the effects of the neighboring columns. The scores represent

−log10 P -values under a null hypothesis of neutral evolution. Figure

(A) displays the phyloP scores of sites downstream of T/C mutations

coinciding with codon position 1. Analogously, figures (B) and (C)

show the scores for the frames 2 and 3, respectively. The background

score distributions are based on all codons included in the subset of

coding regions that have minimum one CCR whose central T/C mu-

tation coincides with the respective frame. Stars highlight significant

deviation from the respective background codon phyloP score distri-

bution (Wilcoxon test with Bonferroni correction). If the mean was

below that of the background distribution, the star was colored blue,

otherwise red.

while first and second positions are generally maintained by purifying selection.

The selective pressure acting on the second position was strongest. Interestingly,

the conservation of individual sites differed between CCR1, CCR2 and CCR3. The
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positions T/C-4 in CCR1, 5.2(A), and T/C-3 in CCR2, 5.2(B), turned out to be

subject to stronger conservation than the background whereas positions T/C-4 in

CCR3, 5.2(C), were similar or even less conserved. Consequently, the increased

phyloP scores in both CCR1 and CCR2 regions points to specific conservation of

target sites beside the genetic code within the corresponding CCRs. The greatest

proportion of CCRs were of type CCR3, 40%, (CCR1: 25%, CCR2: 35%). Possi-

bly, these CCR3 regions are especially appropriate to host species-specific target

sites. Further analyses have to be carried out to explain these observations.

5.2 Potential miRNA-mediated regulation of Lrrk2

In a collaboration with Florian Giesert from the IDG we are investigating the

post-transcriptional regulation of the Leucine-rich repeat kinase 2 (Lrrk2 ) gene

through miRNAs. At the IDG, Lrrk2 is explored in mice in context of studying

Parkinsons’s disease. Parkinson’s disease is a neurodegenerative disorder resulting

from the death of dopamine-producing neurons [146], [147]. In the analysis of Lrrk2

expression in adult brain a discrepancy was observed between mRNA and protein

level in some regions. Particularly, in the striatum the relative concentration of

the LRRK2 protein was less than expected from the mRNA expression [148].

Post-transcriptional regulation by miRNAs was hypothesized to be the cause

for this observation. To test this assumption, the 3’UTR of Lrrk2 was scanned for

potential miRNA target sites of all murine miRNAs known at this time (miRBase

version 15). The set of seed types displayed in figure 3.8 has been considered. In

contrast to the evaluation of prediction methods presented in chapter 4 where the

ability to correctly identify the location of target sites has been assessed, here, a

prediction on target level has been conducted, see figure 4.1, to get first a set of

potential regulators. In total, seed matches of 177 different miRNAs were found on

the target sequence. As each candidate miRNA should be tested within a single ex-

periment, only a small subset including very reliable candidates could be checked.

To rank the candidates, the seed matches of each miRNA were analyzed. Partic-

ularly, the number of seed matches within the Lrrk2 3’UTR and the proximity

of the seed matches to the stop codon were taken into account. Additionally, the

conservation of the sites was determined. Further, the miRNA tissue expression

atlas provided by Landgraf et al. [149] was consulted to check whether the can-

didate miRNAs are expressed in brain. Members of the miR-30 family, including

miRNAs miR-30a-e, turned out to be most promising. miR-30b has been chosen

for the experiment as it had beside a 8merα seed match close to the stop codon

(as all other members of this family as well) the strongest pairing between the 3’

region of the miRNA and the target. miR-186 was selected as second candidate for
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Figure 5.3: Repression of Lrrk2 mRNA expression. (A) miR-186 and miR-

30b were transfected into mouse embryonic fibroblasts. Additionally,

a miRNA (Dicer-kd, kd: knockdown) specifically downregulating the

miRNA processing protein Dicer was added. A scrambled miRNA was

used as negative control. (B) An empty viral vector was used as neg-

ative control. The pre-miR-186 and pre-miR-30b were integrated into

the genome of NIH/3T3 fibroblasts facilitating stable expression. As

a positive control an artificial miRNA (Lrrk2-kd) that downregulates

Lrrk2 mRNA was used. The data were kindly provided by Florian

Giesert from IDG.

experimental testing. The miR-186 seed matches were weaker conserved than that

of miR-30b, but two of them, a 6merβ match and a 7merβ match, were residing

in the relevant region close to the stop codon (< 33% of 3’UTR length). Addi-

tional support for miR-186 came from the literature: It is known that miR-186

regulates the expression of the Foxo1 gene [150]. Further, the LRRK2 protein

phosphorylates and thus activates FOXO1 [151]. Possibly, miR-186, Lrrk2 and

Foxo1 form a regulatory feed-forward loop, see [152] for details, with miR-186

negatively regulating Lrrk2 and Foxo1 and LRRK2 activating FOXO1.

First, it was tested in mouse embryonic fibroblasts that do endogenously ex-

press Lrrk2 whether interaction between Lrrk2 and miR-30b or miR-186 could be

measured. The impact on the Lrrk2 mRNA expression level was determined for

different concentrations of miRNAs. Figure 5.3(A) shows that both miR-186 and
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miR-30b lower the mRNA level by approximately 25% compared to the negative

control (scrambled miRNA). Additionally, the Dicer protein that is involved in

miRNA processing was knocked down by a miRNA specifically regulating Dicer.

Downregulation of Dicer led to an increase of the Lrrk2 level suggesting that en-

dogenous Lrrk2 expression is miRNA-dependent. These first results supported

the assumption that Lrrk2 is post-transcriptionally regulated by miRNAs and

that miR-186 as well as miR-30b are involved in this regulation. But a significant

reduction of Lrrk2 mRNA level could not be achieved by the transfection experi-

ment. A drawback was that transfected miRNAs were rapidly degraded and thus

only short-term effects could be measured. Additionally, there is also the possibil-

ity that the large amounts of supplied miRNAs induce artificial stress effects that

change the homoeostasis of the cells.

For this reason in a follow-up experiment the miRNAs were delivered by a viral

vector into an established fibroblast cell line (NIH/3T3). The vector contained

the entire pre-miRNA sequence that was integrated into the genome of the trans-

fected cell. The integrated miRNA was expressed by the transfected cell ensuring

an uniform miRNA expression for a longer period. Lrrk2 mRNA expression was

determined seven days after the transfection. Both in miR-30b and miR-186 trans-

fected cells a considerable reduction of the Lrrk2 mRNA level between 70% and

80% could be observed, see figure 5.3(B). Surprisingly, when the LRRK2 protein

level was measured, no reduction of the protein level could be observed. An expla-

nation could be the long half-live of the examined protein as well as compensatory

effects on the post-translational level. But since technical reasons can not be fully

excluded as well, the experiments are currently repeated in order to stabilize the

current findings. In the event that miRNA-Lrrk2 interaction can be experimen-

tally verified in fibroblast cell lines, miRNA regulation will be analyzed in the

originally examined brain regions.
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The goal of this thesis was to explore two important questions related to com-

putational research of miRNA biology. First, an in-depth analysis of an experi-

mentally determined large-scale miRNA-target interaction map has been carried

out to study the forms of miRNA target recognition patterns. Previous studies

on that subject primarily pointed to the importance of 7 or 8 nt long sites, i.e.

seed matches, on the target that match perfectly to the seed region of the miRNA

as reviewed by Bartel [7]. But these studies took mainly conserved seed matches

into account. Here, the data basis for the analysis included conserved as well as

non-conserved sites. Among the less conserved sites, neither 7mers nor 8mers con-

stituted the majority, but short sites of 6 nt. This class of seed-complementary

sites has received little or no attention until previously as they are exceeded by

long sites in terms of efficiency and target specificity. But short sites are numer-

ous; within the coding region they occur more than in the 3’UTR. In this work,

a possible role for short 6mer hits as miRNA regulatory elements was contem-

plated: Like other regulatory molecules, miRNAs are not expressed constantly

and durably. miRNAs that may not act in a certain stage can be degraded. The

hypothesis formulated here suggests that alternatively or in parallel to degrada-

tion the regulatory function can be restricted by increasing the concentration of

pseudotargets or ceRNAs that contain 6mer seed matches of miRNAs to be deac-

tivated. That is, transcriptome-wide the proportion of target sites including short

seed matches rises for this group of miRNAs.

As shown in figures 3.9 and 3.11, interaction with 6mer seed matches has rela-

tively little consequences for the miRNA-bound RNAs. But the miRNA associated

to a 6mer site is distracted from pairing with 7mer or 8mer sites that, on the other

hand, would induce efficient target repression. The regulation of miRNA function

by sponge-like mechanisms as formulated by the ceRNA hypothesis [108] gained

greatly in importance by the discovery of circular RNAs. Just recently, these so-

called circRNAs were described to contain a multitude of conserved miRNA bind-

ing sites [153],[154]. miRNAs bound to circRNAs can not regulate their actual

targets and thus are disabled. An interesting future project would be to inves-

tigate if and to what extent 6mer sites are modulating miRNA function. First,

the observation has to be confirmed with another data set. The next step would
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be to analysis expression profiles of miRNAs and mRNAs based on different time

points or varying conditions and check if the reservoir of seed matches (long or

short sites) correlates with the abundance (high or low) of the matching miRNAs.

In terms of miRNA targeting in the coding region, some new issues were raised.

Two studies have shown that ORF-located miRNA target sites support targeting

through the 3’UTR [103],[104]. But most of the transcripts with CCRs in the

ORF did not include CCRs in the 3’UTR. Consequently, ORF-based targeting

occurs also regardless of the 3’UTR. But what is the role of the coding region in

miRNA biology? The repression through ORF targets sites is low compared to

that of target sites located in the 3’UTR. Indeed, 6mer sites accounted for a larger

proportion in the ORF, but this can not explain the diminished efficacy as the

target destabilization was less for all seed match lengths in the ORF. So do ORF

seed matches mainly carry out ceRNA function? As the coding region has been

considered less until now with respect to miRNA-mediated regulation, many new

insights can be expected for the future. A point I am especially interested in is to

analyze the impact of the genetic code on the occurrence of target sites. Possibly,

the genetic code is responsible for the decreased efficacy of ORF target sites. The

high selective pressure on the genetic code potentially impairs the formation of

efficient target sites. Therefore, an interesting question for the future is, how far

is miRNA function in the ORF affected by the genetic code?

From the analysis of miRNA target site predictions algorithms one could con-

clude that there is still much room for improvement. With respect to the 3’UTR,

an acceptable precision (> 0.33) was achieved only at very low sensitivity (< 0.1)

by some of the more complex approaches. To be fair, it has to be admitted that

apart from Diana-microT none of the methods considers 6merα. But seed types

6merβ and 6merγ that are well known were either not searched or sites of these

types were only poorly rated, see figure 4.2. Thus, short seed matches were the

first to be removed from the result sets in case restrictive cutoffs were used. This

is due to the fact that the methods are geared to predict interactions that can be

confirmed with high probability in subsequent experiments. One way to improve

the performance was presented: Since the methods considered here produced sets

of target sites that did overlap only partially, the sensitivity could be increased by

combining the result sets. In principle, however, the known characteristics of func-

tional target sites are not sufficient to comprehensively separate true from false

candidates. Biochemical methods for the detection of miRNA target sites are con-

stantly being improved and thus they will allow for a more sensitive identification

at high specificity. Potentially, additional as yet unknown features can be derived

from these data obtained in the future.
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