
Abstract: Aptamers are short, 15-150 nt long RNA/DNA molecules capable of binding, with high affinity and

specificity, a specific target molecule via sequence and structure features that are complementary to the biochemical

characteristics of the target’s surface. The spectrum of aptamer targets spans from small organic molecules, over

transcription factors and other proteins or protein complexes, to the surfaces of viruses and entire cells. This broad

range of targets makes aptamers suitable candidates for a variety of applications including molecular biosensors,

drug delivery systems, and antibody replacement.

Aptamers are typically identified via the High-Throughput Systematic Evolution of Ligands by Exponential En-

richment (HT-SELEX) protocol. HT-SELEX leverages the well established paradigm of in vitro selection by repetitively

enriching a pool of initially random RNA/ssDNA sequences (species) with those that strongly bind a target of

interest. Specifically, based on the assumption that a large enough initial pool of randomized (oligo)nucleotides

contains some species with favorable sequence and structure allowing for binding to the target, these binders are

then selected for through a series of selection cycles. Each such selection cycle involves (a) incubating the pool with

the target, (b) partitioning target-bound species from non-binders and (c) removing the latter from the pool, followed

by (d) elution of the bound fraction from the target, and (e) amplifying the remaining sequences, one portion of which

forms the input for the subsequent round and the remainder is sequenced.

However, optimal utilization of the HT-SELEX process has lagged behind the wide range biomedical applica-

tions due to the lack of dedicated computational approaches. The key challenges in HT-SELEX data analysis include

the identification of target-affine aptamers and aptamer families which are selected for, as well as the elucidation of

common sequence-structure binding motifs. In addition, next-generation sequencing of the aptamer pools enables

studies of important properties of the SELEX protocol itself, such as the mutational landscape of aptamer sequences

due to error prone amplification (PCR) which also require to be informed by computational tools. Finally, user friendly,

aptamer oriented software for demultiplexing and quality control of the raw sequencing data is also of great relevance.

To close this gap we, have developed several novel computational methods designed to tackle these challenges

and to elucidate previously unappreciated properties of the SELEX protocol. For standardizing the preprocessing

of raw sequencing data, we introduce AptaPLEX, a standalone and platform independent demultiplexer and quality

control tool specifically designed for HT-SELEX data. Next, in order to study the effect of the selection pressures

exerted during SELEX as well as to test our algorithms, we developed AptaSIM, aimed at realistically recreating

the general purpose SELEX protocol in silico. AptaSIM simulates error-prone PCR and many aspects of in vitro

experiments such as sampling effects, the presence or absence of pool contaminants, and aptamer affinity. To aid

the identification of aptamer candidates, we introduce AptaCLUSTER, a novel technique that scales well with next

generation sequencing data to efficiently cluster aptamer families in each selection round and to trace their behavior

throughout consecutive cycles. Building on the results of AptaCLUSTER we then provide the first in-depth analysis

of the mutational landscape of HT-SELEX experiments and propose a theoretic model capable of discriminating

favorable mutants from those which decrease the binding affinity to the target (AptaMUT).      Finally, with our

new AptaTRACE algorithm we tackle the challenging task of sequence-structure motif identification in HT-SELEX

data. AptaTRACE is built on the idea of tracing the dynamics of the SELEX process itself to uncover motif-induced

selection trends. It is robust enough to be applicable to a broad spectrum of RNA/ssDNA HT-SELEX experiments

independent of the target’s properties, and capable of elucidating an arbitrary number of binding sites along with

their corresponding structural preferences.

The results of our approaches can be visualized via AptaGUI which provides, to the best of our knowledge,

the first graphical, multi-user, and platform independent user interface for navigating high throughput sequencing

data from HT-SELEX experiments.
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Abstract

Aptamers are short, 15-150 nucleotide long RNA/DNA molecules capable of binding, with

high affinity and specificity, a specific target molecule via sequence and structure features

that are complementary to the biochemical characteristics of the target’s surface. The spec-

trum of aptamer targets spans from small organic molecules, over transcription factors and

other proteins or protein complexes, to the surfaces of viruses and entire cells. This broad

range of targets makes aptamers suitable candidates for a variety of applications including

molecular biosensors, drug delivery systems, and antibody replacement.

Aptamers are typically identified via the High-Throughput Systematic Evolution of Ligands

by Exponential Enrichment (HT-SELEX) protocol. HT-SELEX leverages the well established

paradigm of in vitro selection by repetitively enriching a pool of initially random RNA/ssDNA

sequences (species) with those that strongly bind a target of interest. Specifically, based on

the assumption that a large enough initial pool of randomized (oligo)nucleotides contains

some species with favorable sequence and structure allowing for binding to the target, these

binders are then selected for through a series of selection cycles. Each such selection cycle

involves (a) incubating the pool with the target, (b) partitioning target-bound species from

non-binders and (c) removing the latter from the pool, followed by (d) elution of the bound

fraction from the target, and (e) amplifying the remaining sequences, one portion of which

forms the input for the subsequent round and the remainder is sequenced.

However, optimal utilization of the HT-SELEX process has lagged behind the wide range

biomedical applications due to the lack of dedicated computational approaches. The key

challenges in HT-SELEX data analysis include the identification of target-affine aptamers and

aptamer families which are selected for, as well as the elucidation of common sequence-

structure binding motifs. In addition, next-generation sequencing of the aptamer pools en-

ables studies of important properties of the SELEX protocol itself, such as the mutational

landscape of aptamer sequences due to error prone amplification (PCR) which also require

to be informed by computational tools. Finally, user friendly, aptamer oriented software for

demultiplexing and quality control of the raw sequencing data is also of great relevance.

To close this gap we, have developed several novel computational methods designed to

tackle these challenges and to elucidate previously unappreciated properties of the SE-

LEX protocol. For standardizing the preprocessing of raw sequencing data, we introduce

AptaPLEX, a standalone and platform independent demultiplexer and quality control tool

specifically designed for HT-SELEX data. Next, in order to study the effect of the selection

pressures exerted during SELEX as well as to test our algorithms, we developed AptaSIM,

aimed at realistically recreating the general purpose SELEX protocol in silico. AptaSIM sim-

ulates error-prone PCR and many aspects of in vitro experiments such as sampling effects,

the presence or absence of pool contaminants, and aptamer affinity. To aid the identifica-

tion of aptamer candidates, we introduce AptaCLUSTER, a novel technique that scales well

with next generation sequencing data to efficiently cluster aptamer families in each selec-

tion round and to trace their behavior throughout consecutive cycles. Building on the results
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of AptaCLUSTER we then provide the first in-depth analysis of the mutational landscape of

HT-SELEX experiments and propose a theoretic model capable of discriminating favorable

mutants from those which decrease the binding affinity to the target (AptaMUT). Finally, with

our new AptaTRACE algorithm we tackle the challenging task of sequence-structure motif

identification in HT-SELEX data. AptaTRACE is built on the idea of tracing the dynamics of

the SELEX process itself to uncover motif-induced selection trends. It is robust enough to

be applicable to a broad spectrum of RNA/ssDNA HT-SELEX experiments independent of the

target’s properties, and capable of elucidating an arbitrary number of binding sites along with

their corresponding structural preferences.

The results of our approaches can be visualized via AptaGUI which provides, to the best

of our knowledge, the first graphical, multi-user, and platform independent user interface for

navigating high throughput sequencing data from HT-SELEX experiments.
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Zusammenfassung

Aptamere sind kurze, aus 15-150 Nukleotiden bestehende RNS- bzw. DNS-Moleküle, die

mit hoher Affinität und Selektivität an spezifische Zielmoleküle binden. Hierbei wird sich

der Komplementarität der Sequenz- und Struktureigenschaften dieser Aptamere zu den bio-

chemischen Oberflächeneigenschaften des Ziels bedient. Das Spektrum der Zielmoleküle

reicht von kleinen organischen Molekülen über Transkriptionsfatoren, Proteinen und Pro-

teinkomplexen bis hin zu Virusoberflächen und ganzen Zellen. Aufgrund dieser vielfältigen

Einsatzmöglichkeit stellen Aptamere vielversprechende Kandidaten für eine Vielzahl von An-

wendungen wie Biosensorik, Drug Delivery-Systeme sowie Antikörperersatz dar.

Zur Identifizierung von Aptameren wird üblicherweise auf das High-Throughput System-

atic Evolution of Ligands by Exponential Enrichment Protokoll, kurz HT-SELEX Protokoll,

zurückgegriffen. HT-SELEX nutzt das etablierte Paradigma der in vitro Selektion bei der

sukzessiven Anreicherung eines zu anfangs aus zufälligen RNA/ssDNA-Sequenzen beste-

henden Pools mit jenen Sequenzen, die ein gewünschtes Zielmolekül entsprechend stark

binden. Vorausgesetzt, dass ein genügend großer Pool aus willkürlich gewählten (Oligo)Nuk-

leotiden auch solche Spezies mit zur Bindung des Zielmoleküls vorteilhafter Sequenz und

Struktur enthält, werden diese Infolge einer Serie von Selektionszyklen schließlich herausge-

filtert. Jeder dieser Zyklen besteht aus (a) der Inkubation des Pools mit dem Zielmolekül,

(b) der Klassifizierung in bindende bzw. nicht bindende Apatamere und (c) dem Verwerfen

der letzteren, gefolgt von (d) dem Eluieren der bindenden Spezies vom Zielmolekül und (e)

der Amplifizierung der übrig gebliebenen Sequenzen, welche den Pool für den nachfolgenden

Durchlauf des Selektionszyklus darstellen.

Allerdings hinkt die optimale Verwendung von HT-SELEX Prozessen der Vielfalt an biomedi-

zinischen Anwendungen hinterher, was auf das Fehlen geeigneter computerbasierter

Herangehensweisen zurückzuführen ist. Die Schlüsselherausforderungen der HT-SELEX

Datenanalyse beinhalten die Identifizierung der zu selektierenden, Target-affinen Aptamere

und Aptamerklassen sowie die Aufklärung der üblichen Sequenz/Struktur-Bindungsmotive.

Weiterentwicklungen im Bereich der Sequenzierung des Aptamerpools liefern aber auch In-

formationen über das HT-SELEX selbst: So können Mutationslandschaften der Apatamerse-

quenzen, welche aufgrund von fehleranfälligen Amplifizierungen (PCR) entstehen, adaptiv

in den Prozess mit eingebunden werden. Schlussendlich ist eine benutzerfreundliche, ap-

tamerorientierte Software für das Demultiplexing und das Qualitätsmanagement der rohen

Sequenzierungsdaten von Relevanz.

Um diese Lücke zu schließen, wurden verschiedene computerbasierte Methoden entwick-

elt, die sich zum Einen der zuvor beschriebenen Herausforderungen annehmen und die zum

Anderen weitere, bis dato unerkannte Möglichkeiten der SELEX Protokolle ermitteln sollen.

Zur Standardisierung der Prozessierung von Sequenzierungsrohdaten wird die Software Ap-

taPLEX eingeführt. Hierbei handelt es sich um einen autonomen und plattformunabhängigen

Demultiplexer und Qualitätsmanager, der speziell für HT-SELEX Daten designet wurde. Als

nächstes, um den Effekt des ausgeübten Selektionsdrucks während eines SELEX Prozesses
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zu studieren sowie um die hier vorgestellten Algorithmen zu testen, wurde AptaSIM entwick-

elt, welches in silico auf die realistische Simulation des grundlegenden Prinzips des SELEX

Protokolls abzielt. AptaSIM simuliert fehleranfällige PCR und viele weitere Aspekte der in vitro

Experimente wie z.B. der Samplingeffekt, die An- bzw. Abwesenheit von Poolverunreinigun-

gen sowie Aptameraffinitäten. Zur erleichterten Identifizierung von Aptamerkandiaten wird

der Algorithmus AptaCLUSTER eingeführt. Diese neuartgie Technik skaliert gut mit Next

Generation Sequenzierungsdaten zur effektiven Kategorisierung von Aptamerfamilien in-

nerhalb der jeweiligen Selektionszyklen sowie zur Nachverfolgung ihres Verhaltens während

der aufeinanderfolgenden Zyklen. Auf den Ergebnissen von AptaCLUSTER aufbauend, wird

die erste detaillierte Analyse von Mutationslandschaften der HT-SELEX Experimente in form

von AptaMUT bereitgestellt und ein theoretisches Modell vorgeschlagen, welches zwischen

vorteilhaftenMutationen und solchenmit abschwächender Bindungsaffinität zumZielmolekül

zu unterscheiden vermag. Schließlich nehmen wird sich mit unserem neuen AptaTRACE-

Algorithmus der herausfordernden Aufgabe der Sequenz/Struktur-Motividentifikation anhand

von HT-SELEX Daten angenommen. AptaTRACEist auf die Idee hin entwickelt worden die

Dynamik des SELEX Prozesses selbst nachzuvollziehen, um somit die strukturinduzierten

Selektionstrends zu identifizieren. Der Algorithmus ist robust genug, um unabhängig von

den Eigenschaften des Targets auf ein breites Spektrum von RNS/ssDNS HT-SELEX Ex-

perimenten angewendet zu werden. Desweiteren ist er in der Lage eine beliebige Anzahl an

Bindungsstellen und deren zugehörige strukturelle Präferenzen zu erkennen und aufzuklären.

Die Resultate unserer Herangehensweise können via AptaMUT visualisiert werden, welches

nach unserer Kenntnis die erste graphische, multi-user und plattformunabhängige Benutze-

roberfläche zur Handhabung von High Throughput Sequenzierungsdaten aus HT-SELEX Ex-

perimenten ist.
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Writing style

In a modern, interdisciplinary research environment, team work and collaborative projects

form a fundamental basis for the advancement of scientific achievements. This is especially

true for the field of computational biology and bioinformatics which requires a close coopera-

tion with wet-lab experimentalists for biological validation and expert knowledge. In addition,

the complexity of today’s computational approaches often requires a solution best achieved

through joint team effort. In recognition of these research aspects, I decided to write this

dissertation in the plural form. Thus, “we” is used throughout this thesis even for those parts

that were conducted solely by myself.

In view of this, I contributed fundamentally to all the publications forming the foundation

of this thesis. My responsibilities included, but were not limited to, the development of the

theoretical aspects regarding the here presented methods, their subsequent refinement and

implementation, as well as generating the results and designing the experimental evaluation

pipelines with our collaborators whenever possible. Furthermore, I played a pivotal role in

writing the manuscripts which, in conjunction with the above contributions, is reflected in the

first authorship of the publications this dissertation is built on.
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1
Introduction

“ A totally blind process can by definition lead to anything; it can even lead to

vision itself. ”
Jacques Monod, Chance and Necessity, 1972

1.1 Motivation

One of the fundamental principles enabling the existence of any organic entity known to

science consists in the process of biomolecular recognition. This mechanism, by which

biomolecules recognize and bind to their molecular targets with typically high affinity and

specificity, drives a highly concerted interplay of various intermolecular interactions between

proteins, DNA and RNA, and (un)organic ligands. In turn, a multitude of biotechnologies

and pharmaceutical approaches relay on the development of ligands that influence these

interactions [9, 10, 11, 12]. Successful design of such ligands therefore requires a in-depth

understanding of the biomolecular recognition process as well as appropriate pipelines al-

lowing for an efficient generation of target-specific molecules.

Even in an era of high-throughput screening technologies, designing a ligand with the de-

sired binding properties to a specific molecular target is highly challenging, time consuming

and cost intensive. Given a target of interest, such a process typically involves testing hun-

dreds of thousands of compounds for binding, the isolation and biochemical characterization

of a lead compound, and the subsequent refinement of its binding properties [13]. Besides

computational optimization techniques [14], the latter is usually achieved through a process

known as combinatorial chemistry in which millions of slight derivatives from the original

ligand are synthesized at random and tested for improved binding [15]. Clearly, the main

bottleneck in such a discovery process is the vast amount of affinity assays that need to be

performed for each potential compound. Therefore, alternative solutions for the design of

high-affinity binders to arbitrary biomolecules which overcome the above mentioned short-
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coming have been envisioned. Such a solution requires a) an experimental procedure which

enables rapid, direct and systematic selection of strong-binding ligands and b) a correspond-

ing biomaterial which can undergo this selection, is flexible enough to span a large structural

and biochemical space, and can be synthesized, handled, and stored in a time sensitive and

inexpensive manner.

Interestingly, ribonucleic acids (RNAs) provide an ideal candidate for the latter requirement.

Besides their traditional role as a passive member of the synthesis machinery converting in-

formation in form of DNA into proteins, a large number of novel, non-coding RNAs involved

in a vast array of processes ranging from catalytic reactions (snoRNAs [16]), over gene and

metabolic regulatory roles (snRNAs [17, 18], miRNAs and siRNAs [19, 20, 21, 22]), to biosen-

sors in form of riboswitches [23] have been, and are still being discovered. While the above

list of RNA types only represents a small subset of the entire known RNA universe, it does

emphasizes the structural dynamics and range of functions ribonucleic acids play in biolog-

ical systems. Consequently, their ability to target with specificity a vast array of molecules

and to perform precise operations in vitro and in vivo has prompted researchers to utilize and

repurpose RNAs for their own objectives.

RNAs binding a specific molecular target are typically identified through the Systematic

Evolution of Ligands by Exponential Enrichment (SELEX) protocol [24]. Although the specifics

vary depending on the target, SELEX leverages the well established paradigm of in vitro se-

lection by repetitively enriching a pool of initially random sequences (species) with those

that strongly bind a target of interest. Specifically, based on the assumption that a large

enough initial pool of randomized (oligo)nucleotides contains some species with favorable

sequence and structure allowing for binding to the target, these binders are then selected for

through a series of selection cycles. Each such cycle involves (a) incubating the pool with

the target, (b) partitioning target-bound species from non-binders and (c) removing the latter

from the pool, followed by (d) elution of the bound fraction from the target, and (e) amplifying

the remaining sequences via polymerase chain reaction (PCR) to form the input for the sub-

sequent round (see Figure 2.1). After a target-specific number of selection cycles, the final

pool is then used to extract dominating, putatively high-affinity species, via traditional cloning

experiments, computational analysis, and binding affinity assays. Notably, the iterative dis-

placement of non-binders from the library in combination with simultaneous enrichment of

target affine species in the pool allows for a drastic reduction in the number of required bind-

ing assays as compared to the conventional approach described above. Here, only a select

number of ligands from the final selection round are characterized for their binding proper-

ties and are often further post-processed in vitro to meet additional requirements such as

improved structural stability or reducing the size of the sequences to the relevant binding

region. Those sequences conforming to the specifications of their intended application are

called aptamers, derived from the Latin word aptus ’to fit’ and the Greek wordmerus for ’piece’.

Formally, aptamers are defined as short RNA/DNA molecules capable of binding, with high

affinity and specificity, a distinct target molecule via sequence and structure features that

are complementary to the biochemical characteristics of the target’s surface. In particular,

aptamers have recently regained substantial momentum in the biotechnology industry, med-

ical sciences, and academia alike. While only 117 aptamer related publications were added

2
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Figure 1.1: Number of aptamer related publications according to PubMed based on the occurrence

of keyword terms (see legend) in the abstract of all publications in the database. Shown are the non-

cumulative values of new publications per year between the introduction of the SELEX protocol in 1990

and 2015 as indexed by PubMed. The back vertical arrow indicates the introduction of the HT-SELEX

protocol and the subsequent substantially larger publication rate in the field of aptamer research.

to PubMed in the year 2000, this number has since roughly doubled every 5 years, with 290

records added in 2005 alone, 764 additional inclusions in 2010, and as many as 1501 new

manuscripts indexed in 2015 (see Figure 1.1). This astonishing trend is in part attributable to

the considerable diversity of possible targets which span from small organic molecules [25],

over transcription factors [26] and other proteins or protein complexes [27], to the surfaces

of viruses [28] and entire cells [29, 30, 31]. The broad range of targets makes aptamers suit-

able candidates for a variety of applications ranging from molecular biosensors [32], to drug

delivery systems [33], and antibody replacement [34] to just name a few.

Another reason for the resurgence of interest in aptamer research relates to the utilization of

affordable next-generation sequencing technologies along with traditional SELEX. This novel

protocol, called HT-SELEX, combines Systematic Evolution of Ligands by Exponential Enrich-

ment with high-throughput sequencing. In HT-SELEX, after certain (or all) rounds of selection

(including the initial library), aptamer pools are split into two or more samples. The first sam-

ple serves as the starting point for the next cycle whereas the latter are sequenced or stored

for future reference. The resulting sequencing data, consisting of 2-50 million sequences per

round, is then analyzed in silico in order to identify candidates that are selected for [4, 35].

The massive amount of sequencing data produced by HT-SELEX opens the opportunity

for the study of many aspects of the protocol that were either not accessible in traditional

SELEX or that could be realized more accurately given hundreds of millions of data points.

Key challenges in HT-SELEX data analysis include the identification of target-affine aptamers

and aptamer families (species related to each other by sequence) which exhibit exponential

enrichment, as well as the elucidation of common sequence-structure binding motifs. In ad-
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dition, next-generation sequencing of the aptamer pools enables studies of important prop-

erties of the SELEX protocol itself, such as the mutational landscape of aptamer sequences

due to error prone amplification (PCR) which also require to be informed by computational

tools. Finally, user friendly, aptamer-oriented software for demultiplexing and quality control

of the raw sequencing data is also of great relevance.

However, development of universal methods for the analysis of HT-SELEX data is chal-

lenged by the vast diversity of selection conditions such as temperature, salt concentration

and the number of targets in the solution to just name a few. Further, each of the stages

(a-e) comprising one selection cycle can be accomplished by a variety of technologies. Even

more importantly, the complexity of the target is also of great relevance. As an illustration,

it has been shown that in vitro selection against transcription factors and other molecules

requires only a small number of selection rounds in order to produce high quality aptamers

[36, 26], likely due to their evolutionary optimization to efficiently recognize specific DNA/RNA

targets. On the other side of the spectrum, in the case of CELL-SELEX, a variation of SELEX in

which the pool is incubated with entire cells expressing a target of interest on their surface,

the number of required selection cycles and the amount of non-specific binders that emerge

during selection is significantly larger [29]. Indeed, such a target can in general accommo-

date a multitude of binding sites, each exposing different binding preferences and leading to

a parallel selection towards unrelated binding motifs [30].

Taken together, the number of existing technologies and variations HT-SELEX can be per-

formed with is reflected in the quality and properties of the resulting high-throughput se-

quencing data and represents a clear challenge for the development of robust and bias-

resistant computational tools. Particularly the optimal utilization of the HT-SELEX process

has lagged behind the wide range of its biomedical applications due to the lack of appropriate

in silico methods (Figure 1.1 ”Bioinformatics”). In order to close this gap, here, we propose

a broad set of flexible computational approaches tailored towards the efficient analysis of

aptamer selection trends while leveraging the entirety of data produced by modern SELEX

experiments.

1.2 General Objectives

Given the potential of aptamers and their extensive application possibilities in the biomedi-

cal, pharmaceutical, and research community alike, we have developed a comprehensive in

silico suite known as AptaTOOLSwith the purpose to streamline the identification of aptamers

with specific properties from HT-SELEX data. In addition, our research has revealed previ-

ously under-appreciated properties of the SELEX protocol itself which have the potential to

significantly optimize the cost of selection procedure in terms of required labor and finan-

cial burden. Specifically, this thesis advances the field of aptamer research with the following

computational contributions:

1. We tackle the challenging task of sequence-structure motif identification in HT-SELEX
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data in form of our AptaTRACE algorithm. Our method is built on tracing the dynamics

of the SELEX process itself to uncover motif-induced selection trends. AptaTRACE is

robust enough to be applicable to a broad spectrum of RNA/ssDNA HT-SELEX exper-

iments independent of the target’s properties, and capable of elucidating an arbitrary

number of binding sites along with their corresponding structural preferences. Further-

more, we show how our method can lead to time-and-cost optimized SELEX protocols.

2. We introduce AptaCLUSTER, a novel technique to efficiently determine aptamer families

in each selection round and to trace their behavior throughout consecutive selection

cycles. In contrast to traditional clustering techniques, AptaCLUSTER scales well with

next generation sequencing data. In addition, we show that AptaCLUSTER can reveal

properties of the selection process which have previously not been appreciated and

which can be utilized for and optimized aptamer discovery process.

3. We provide the first in-depth computational analysis of the mutational landscape of

HT-SELEX experiments and propose a mathematical model, AptaMUT, capable of dis-

criminating favorable mutants from those which have a detrimental effect on the bind-

ing affinity to the target.

4. In order to studymore general properties of the SELEX protocol, we developed AptaSIM.

AptaSIM is aimed at realistically recreating selections in silico and can simulate many

aspects of in vitro experiments such as error-prone PCR, sampling effects, the presence

or absence of pool contaminants, and aptamer affinity. Using AptaSIM not only allows

to quantify several of those parameters in real data, but also serves as a benchmarking

and validation framework for the remaining approaches presented in this thesis.

5. We present our graphical user interface AptaGUI, which provides, to the best of our

knowledge, the first graphical, multi-user, and platform independent navigation tool de-

signed for high throughput sequencing data from HT-SELEX experiments. AptaGUI in-

cludes, among others, support for AptaCLUSTER, AptaMUT, and AptaSIM and allows

for easy integration of additional features due to its modular design.

6. For standardizing the preprocessing of the raw sequencing data, we introduce Apta-

PLEX, a standalone and platform independent demultiplexer and quality control algo-

rithm tailored towards HT-SELEX data.

Despite the computational nature of this thesis, our research also contains a strong biolog-

ical focus. The general objective was to develop and apply in silico approaches to support

and complement biological research on aptamer development, design, and refinement. This

is reflected in the tight network of collaborations with wet-lab experimental groups which per-

formed the SELEX experiments and provided the data forming the base of this work. Indeed,

out of the nine publications which form the foundation of this dissertation, seven were pro-

duced in close collaboration with multiple experimental research groups.
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1.3 Thesis Outline

The content of this thesis covers a variety of computational, as well as biological questions

involving aptamer research and the SELEX protocol. As such, we have put special emphasis

in structuring this dissertation into self-contained chapters which can be read and evaluated

individually without requiring the knowledge from the remaining parts. In order to obtain a

general overview, it is therefore sufficient to read the introductions and conclusions of each

section. The general outline can be summarized as follows:

• Chapter 1 introduces the general topic of the dissertation , provides a brief biological

background of aptamers and their selection process, and defines the scope of this work

with respect to the computational achievements described therein.

• Chapter 2 provides the reader with a more detailed description of the experimental

methodologies regarding the SELEX protocol and each of its selection steps. Special

attention is paid to elucidating how the most commonly used experimental methods

to achieve each of these steps affect the landscape of the resulting sequencing data.

Furthermore, we motivate why taking these effects into account is crucial for the de-

velopment of accurate and robust computational tools.

• Chapter 3 showcases our approach to standardize the processing of raw sequencing

data produced bymodernHT-SELEX experiments for downstreamanalysis. Specifically,

we present our demultiplexing algorithm, AptaPLEX which is capable of efficiently ex-

tracting aptamers from raw sequencing data and assigning these to their correspond-

ing selection cycles while adhering to strict quality control routines.

• Chapter 4 details our computational approaches for data-driven aptamer analysis, di-

vided into four sections. Each section is concerned with a specific aspect and/or bio-

logical question and our corresponding computational solution. These correspond to

AptaSIM, AptaCLUSTER, AptaMUT, and AptaTRACE as described in the General Objec-

tives 2-5, outlined above in Section 1.2.

• Chapter 5 is concerned with AptaGUI, our approach on visualizing the results of our

approaches in an interactive, modular, and extensiblemanner. Wemotivate the need for

such a system and highlight how it can be implemented into modern, security-focused

IT infrastructures in a platform independent way.

• Chapter 6 concludes the entire thesis, explains general limitations of our approaches

and offers suggestions on possible improvements and future work.

For readers with a special interest in the biological aspect of the work, additional details re-

garding the selection protocol are provided in the Appendix A. Similarly, Appendix B contains

complementary materials and methods concerning our algorithmic approaches from Chap-

ter 4.
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2
Aptamers and the Systematic Evolution of

Ligands by Exponential Enrichment

“ Things exist either because they have recently come into existence or be-

cause they have qualities that made them unlikely to be destroyed in the

past. ”
Richard Dawkins, The Blind Watchmaker, 1986

In this chapter, the general Systematic Evolution by Exponential Enrichment protocol and its

individual steps are formally introduced to the reader. We begin with a general description of

the SELEX procedure in sufficient detail as to appreciate the remaining chapters of this work.

Furthermore, special emphasis is put on the selection conditions of the protocol and how

these affect the landscape of the resulting pools from a computational perspective. In a sim-

ilar fashion, an overview of the different technologies that can be utilized to accomplish each

of the selection steps (a-e) and their impact on the sequencing data is provided. Finally, we

introduce an excerpt of the most relevant SELEX variations that have been developed to date

in order to accommodate selections against the different types of targets in an effort to elu-

cidate the complexity of the data resulting from high-throughput sequencing these pools.

2.1 General Description of the SELEX Procedure

Systematic Evolution of Ligands by EXponential Enrichment (SELEX) is an experimental

technique allowing for the identification of aptamers - short, synthetic, single-stranded

(ribo)-nucleic molecules selected to bind with high specificity almost any molecular target of

interest [24, 37]. The binding targets aimed at with SELEX vary from small organic molecules

[38, 39], through transcription factors [40, 41, 42] and other proteins and protein complexes

[27], to viruses [28, 43] and cells [31, 44]. In addition, aptamers are chemically synthesized,

can be well characterized by analytical methods, have limited toxicity, and are expected to
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2 Aptamers and the Systematic Evolution of Ligands by Exponential Enrichment

Figure 2.1: Overview of the principles of HT-SELEX. Schematic of the steps defining one selection

cycle (clockwise): incubation of a sequence pool with the target, binding of target affine species, par-

titioning of target-bound and low-affinity species, target-bound elution, and amplification followed by

high throughput sequencing.

be less or non-immunogenic as compared to their biologics counterparts such as antibod-

ies. Until recently, the generation of aptamers took a black box approach where a traditional

SELEX procedure iterates over four basic steps that together define one selection cycle: (a)

incubation and binding, (b) partitioning and washing, (c) target-bound elution, and (e) am-

plification (Figure 2.1). The process starts with a sequence library of 107 − 1015 random

molecules of fixed length flanked by constant primer sites to aid amplification. At the be-

ginning of each cycle, such an RNA/ssDNA pool is incubated with a target of interest. At

the end of each cycle, lower affinity binders are removed from the solution whereas bound

aptamer molecules are eluted and amplified, forming the input for the consecutive round.

The aptamer molecules that persist until the final cycle are then evaluated experimentally for

binding affinity and optimized for specific properties, such as size or stability, depending on

the intended application.

Massively parallel sequencing technologies have the potential to revolutionize the SELEX

protocol by allowing sequencing of entire aptamer pools [36], leading to a novel protocol

referred to as High-Throughput SELEX (HT-SELEX). In an HT-SELEX procedure some (or all)

selection rounds are sequenced and computationally analyzed for potential binders. More

8
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PCR Product

SELEX

Next Cycle Sequencing Storage

A B C D

Figure 2.2: Schematic of the aliquotation process during HT-SELEX. (A) After each amplification

step in a selection cycle, the PCR product arising from this procedure is partitioned into three distinct

samples (aliquots) at ratios which are dependent on the experiment and the researchers requirements.

(B) The first aliquot serves as input for the next selection round, whereas the remaining samples are

either (C) sequenced for the purpose of computational analysis or (C) stocked in ultra-low freezers

(≤ 70 Degree Celsius) for reference purposes or further experiments.

precisely, after each amplification step, a sample of the aptamer pool is sequenced while

another fraction serves as the input for the next cycle in a process known as aliquotation (see

Figure 2.2 for details). Thus, unlike the traditional SELEX approaches in which only a handful

of aptamers are sequenced and analyzed after the last cycle, HT-SELEX provides data for

a global analysis of the selection properties and for the simultaneous discovery of a large

number of candidates. This large amount of information has utility only in conjunction with

suitable computational methods to analyze the data, sort the potential aptamers and identify

candidate aptamers with properties consistent with the intended application.

The development of robust computational tools however is challenged by the large number

of different technologies and experimental conditions each of the selection steps can be

performed with, which can potentially have a substantial effect on the composition of the re-

sulting sequencing data. These include, but are not limited to, nucleotide biases in the initial

library, the pH value and temperature of the incubation buffer affecting the folding properties

of the species (and therefore aptamer-target binding), and the time span selected for incuba-

tion and washing. Next, the ratio of aptamer sequences to target molecules is also known to

impact the selection process by increasing competition between target-affine binders. Fur-

thermore, the PCR technology utilized during the amplification step, as well as the type of

target itself, all contribute towards highly diverse data sets.

It is therefore not surprising that these experiment-specific details must be acknowledged

when analyzing HT-SELEX data in silico. More importantly, for the development of universally

applicable algorithms in the field of aptamer research, an in-depth understanding of these

biases, their inner mechanics, and their extent, is paramount.

9
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2.2 The Initial Sequence Library

The experimental design of SELEX is based on the assumption that a large enough pool of

initially random candidate sequences is likely to contain nucleotide strands which fold into

structures complementary in shape and biochemical properties to a targets binding site (ap-

atope). In theory, it would be desirable that these sequences span the entire sequence space

for a given nucleotide length n, i.e. that at least one instance of each of the 4n possible se-

quences be present in the initial pool. In practice however, these pools typically consist of

1014 − 1016 individual molecules and as a consequence only a small fraction of all possible

sequences occur in the initial library for larger n.

Each sequence constituting the pool and consequently present throughout the selection

process consists of a randomized region of fixed nucleotide size flanked by constant primer

regions required for the polymerase chain reaction during the amplification stages of the pro-

tocol. The choice of the randomized region size is dependent on multiple factors such as,

but not limited to, the complexity of the target, the intended purpose of the aptamer, and ul-

timately the researchers experience. As a point in case, SELEX is routinely leveraged for the

discovery of transcription factor binding motifs [45, 36]. These motifs, ranging between 4-

10 nucleotides (nt) in size, tend to be rather small allowing for successful selections with

randomized region sizes around 10-20 nt. On the other side of the spectrum, libraries of up

to 60nt in size have been employed against more complex targets such as human alpha-

Thrombin [46], a powerful player in the coagulation process of blood. Notably, choosing a

particular randomized region size has two major consequences for the subsequent selection.

First, it determines the density at which the sequence space can potentially be sampled. For

a pool size of 1015 molecules for instance, a randomized region of n = 25 is still sufficiently

small to cover the entire sequence space, however, choosing a larger value such as n = 30
results in sampling only 9.3×10−10 percent of the 430 possible combinations of nucleotides.

Second, the randomized region size provides an upper bound on the conformational space

any sequence is able to attain via secondary and tertiary folding and can therefore be seen

as a limiting factor for the structural diversity of the molecules.

The libraries utilized in SELEX experiments are typically synthesized chemically in an it-

erative procedure. Starting with a support platform (solid support/phase) onto which single

but well-defined bases are attached (these will later on form the beginning of the primer re-

gion), the individual sequences are then grown by incubating the solid support with a solution

containing a reactive mixture of specially modified adenine, cytosine, guanine, and thymine.

Consequently, the nucleotides in the solution randomly couple with one of the already present

sequences on the solid phase whereas the modification prevents them from reacting with

additional components once attached to a particular strand. Next, the remaining bases in the

solution are washed off, and the blocking modification is removed, leaving each sequence

with one additional base. Finally, by repetitive incubation and washing, these sequences are

grown to the desired length.

Notably, the synthesis of oligonucleotides at massive scales is a well developed and fully

automated technology. This automation however can also introduce potential biases into
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the library which must be taken into account when analyzing SELEX experiments in silico.

One such bias relates to the composition of the nucleotide mixture which typically consists

of an equal amount of each base type [47]. These nucleotides however are known to differ

slightly in their reactivity to bind other bases and especially thymine is recognized to prefer-

entially bind to itself. This can lead to sequences containing large stretches of thymine and

as a consequence, to a non-uniform nucleotide distribution of the initial pool which tends

to propagate through the subsequent selection process (see Figure 2.3 A-D). From the per-

spective of sampling the sequence space, this bias translates into an uneven representation

of the possible aptamers in the pool in which areas corresponding to thymine-rich species

are represented more densely. This potentially reduces the chances of synthesizing a target-

affine species in the initial library. In order to mitigate this issue, next-generation synthesizers

allow for manual adjustment of the base composition during synthesis, e.g. by reducing the

amount of thymine according to its increased level of reactivity. While these hand-mixed ap-

proaches do better approximate a uniform distribution of the nucleotide composition in the

resulting library, its success remains highly dependent on the scientists expertise of operat-

ing this technology and traces of this bias tend to remain in the initial library (see Figure 2.3 E).

2.3 Incubation of the Aptamer Library with the Target

Provided with either the initial library when starting a new selection, or any intermediate pool

from a particular selection cycle, SELEX aims at reducing the species in the sequence pool to

those which exhibit strong affinity to the target of interest. This is typically achieved by first

creating a mixture of the denaturated aptamer sequences with Phosphate-buffered saline

(PBS), a water-based salt solution containing sodium hydrogen phosphate, sodium chloride

and, in some formulations, potassium chloride and potassium dihydrogen phosphate. This

results in the renaturation of the aptamer sequences, i.e. their folding into secondary and

tertiary structures depending on the nucleotide sequence and the intended pH value of the

solution. Next, the aptamers suspended in solution are incubated with the target under the

assumption that the diversity of aptamer sequences in the initial pool is large enough to pro-

duce at least one species that is complementary in structure and biochemical properties to

the surface of the target. Similarly, pools of subsequent selection cycles are assumed to re-

tain these target-affine binders which at this point either interact with distinct apatopes or

compete for the same binding moiety on the target surface.

Five main factors of the incubation process are known to have a measurable effect on

the overall selection and therefore the resulting sequencing data, the first two of which

affect the structural properties of the aptamers whereas the latter regulate the selection

pressure exerted on the system. The folding properties of aptamers depend, among multi-

ple other factors, on temperature and the salt (NaCl) concentration of the solution [48]. A

change in either of these parameters could therefore alter the structural landscape of a given

pool and as consequence shift the affinities of aptamer families in a favorable or detrimental
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Figure 2.3: Nucleotide biases in the initial library. (A) Nucleotide distribution of the reads in the ini-

tial pool based on a 40nt library synthesized using a machine mixed procedure. (B-D) SELEX against

the membrane associated protein Mucin 16. Shown are the nucleotide frequencies of rounds 3, 6, and

9 respectively. In each pool, the Thymine bias remains present. (E) Initial pool of size 25nt synthesized

using the hand mixed procedure. While the Thymine bias is still present, the resulting nucleotide dis-

tribution is significantly closer to being uniform. Data Source: Rebecca Whelan Lab, Collaborator

manner. In addition, increasing the salt concentration is often used as a means of selecting

aptamers with potentially higher binding affinity towards the target. By choosing an appropri-

ate selection round in which most of the non-binders have been competed out of the pool, the

salt concentration in each consecutive selection cycle is increased. Additional NaCl, which

dissolves into Na+ and Cl−, increases the number of total ions in the solution. These ions

consequently interact with both the target and the aptamer alike and must first be displaced

in order to create a complex. Therefore, stronger binders are more likely of staying bound

compared to their lower-affinity competitors. Of equal relevance, the ratio between target

and aptamer concentration provides a crucial tool to regulate the overall selection pressure

of a particular SELEX experiment. By iteratively reducing the amount of target molecules in

the system, target-affine species are increasingly forced to compete against each other for

the same binding site, adding to the probability for stronger binders to out-compete their

opponents (see Figure 2.4 for an example of how a sudden change in target concentra-
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tion affects the sequence composition of the pool). This concept of continued increase in

selection pressure is also leveraged by the last factor, the incubation time. The longer the

aptamers are incubated with the target, the more likely it becomes for lower-affinity species

to bind the target surface. Hence, by reducing the incubation time with each consecutive

cycle, selection towards high-affinity species can be achieved. Taken together, these selec-

tion parameters must be taken into account in subsequent in silico pipelines which include

predicted secondary structure information in their model and which utilize data frommultiple

selection rounds.
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Figure 2.4: The effect of changing the target concentration during the selection on the example of a

CELL-SELEX experiment performed against MUC16. Shown are the cycle-to-cycle enrichment values

for the 10 most frequent aptamer families for 10 rounds of selection. The target concentration was

kept constant for the first 5 selection rounds. In cycle 6, the target concentration was decreased by

50% resulting in a noticeable change of the aptamer landscape in the subsequent pool. Data Source:

Rebecca Whelan Lab, Collaborator

2.4 Partitioning of Target-Bound Species

The incubation process as described in Section 2.3 results in a set of target-bound ap-

tamers and a rather large fraction of unbound, non-affine species. In order to recover the

target-bound fraction, the unbound species must first be removed from the solution. This is

typically achieved by physically separating the two fractions. Depending on the target type,

several experimental methods exist for the task, the most relevant of which include nitro-

cellulose filter binding, bead based partitioning, electrophoretic filtering, phosphate-buffered

saline washing, and media based washing. A detailed description of the experimental pro-

ceeding regarding these methods can be found in Appendix A.1.
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With the exception of electrophoretic filtering, the majority of these techniques allow for

regulating the stringency of the partitioning process based on the washing time. In general,

shorter washing times enable the inclusion of aptamer species with moderate binding affini-

ties during the recovery whereas longer washing periods increase the likelihood of breaking

the binding interaction with the target molecule, retaining only high-affinity aptamers. Analo-

gous to the incubation procedure, this mechanism is routinely leveraged during the selection,

by interactively increasing the washing time in subsequent selection cycles.

Notably, none of these procedures are capable of achieving a perfect separation of target-

bound aptamers and non-binding species due to their experimental nature and currently

available technologies. Consequently, a fraction of unbound aptamers remains in the re-

sulting pool and is incubated with the target in the following selection round. In addition,

due to the probabilistic nature of SELEX, some of the species might bind to the experimental

equipment itself, such as beads or the surface of the plastic wells used during the incubation

process. These non-specific binders can therefore accumulate in numbers throughout the

selection and mask themselves as true binders. Taken together, this results in a consider-

able amount of low-frequency binders (non-affine species) and artificial signals (non-specific

binders) when sequencing the pools for computational analysis and could be leveraged as

background data for discriminatory approaches that attempt to predict high-affinity species

in silico.

2.5 Elution of Target-Bound Species

After the recovery of the aptamer-target complexes from the incubation solution, the bound

species are required be isolated (eluted) from the target in preparation of the subsequent

amplification stage. Depending on the target, this can be accomplished through various

methods including, but not limited to, washing the complex with a Sodium hydroxide (NaOH)

buffer or, in case of proteins, by denaturation via heat treatment, adding the complex to de-

ionized and RNase/DNase free water at up to 95◦C for 2-5 minutes.

Finally, the purified aptamer pool is recovered by separating it from the remaining molecules

by mass via centrifugation.

2.6 Amplification of Aptamer Pools

The removal of non-binding species and consequent recovery of target-bound aptamers

naturally results in a reduction of the overall number of species in the library. In order to

prepare the pool for additional selection cycles, high-throughput sequencing, and storage,

the sequences are subjected to a number of Polymerase chain reaction (PCR [49]) cycles in

order to restore the library to its original size. In the case of RNA aptamers, these are first

transcribed into cDNA.
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Besides restoring the aptamer pool to its original size, the amplification step is also known

to introduce variations of the original sequences into the selection process due to the error-

prone nature of the polymerase chain reaction. These mutants represent a crucial element of

SELEX as they not only increase the sampling of the sequence space, but might also exhibit

enhanced binding properties to the target, hence opening the opportunity for the selection of

higher-affinity aptamers. In fact, some variations of the SELEX protocol intentionally utilize

hypermutagenic PCR with a mutation rate of up to 10 % per base in an effort to maximize

the coverage of the sequence space [50]. Given a sufficient number of selection cycles, the

repetitive amplification of the sequence pool consistently induces clusters of aptamers re-

lated to each other by primary structure and originating from a ”seed” aptamer which was

present in the initial library. In contrast to traditional SELEX, the data produced by HT-SELEX

has enabled the detailed study and modeling of not only the mutational process itself, but

also of the relationship between the mutation and its effect on aptamer properties such as

binding affinity and specificity.

Notably, polymerases are also known to amplify certain sequences more efficiently than

others in dependence of their nucleic content, structural properties, and the distribution of

the PCR reagents in the solution buffer [51]. For example, sequences containing a high

GC-content and consequently stable structure are less likely to be amplified compared to

their thermodynamically less stable counterparts. This is caused due to GC-rich regions

often forming stem-loop secondary structures that have been known to promote polymerase

jumping during PCR amplification [52]. In the context of SELEX, this translates to a possi-

ble introduction of a bias throughout the selection in which the observed enrichment rate

and frequency of target-affine aptamers in the pool do not correspond to their theoretical

quantities under optimal amplification conditions. More importantly, aptamers with preferen-

tial properties for PCR amplification might be artificially enriched even though their binding

strength to the target is weak. The mitigation of this issue is still an active field of research

[47, 53], and innovative PCR technologies are being developed in order to counter this bias.

One such approach relies on substituting the traditional PCR process with droplet (or digital)

PCR [54]. Droplet PCR functions by compartmentalizing a sample of DNA or cDNA into many

individual, parallel PCR reactions, each with their own reservoir of polymerase molecules and

nucleotide reagents. The more uniform distribution of the latter therefore increases the prob-

ability of amplification for aptamer sequences despite their primary and secondary structure

properties. In addition, the computational comparison of these technologies with traditional

PCR in the context of SELEX can provide valuable insight into this bias and ultimately lead to

improved in silico methods for the identification of high quality aptamers (see Figure 2.5 for

a comparison of these methods).

2.7 Variations of the SELEX Protocol

The strategy of systematic evolution of ligands by exponential enrichment represents a gen-

eral recipe for the selection of high-affinity aptamers against an arbitrary target of interest. In
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Figure 2.5: A comparison of droplet PCR (left) and open PCR (right) on the effect of the aptamer

landscape based on a Cell-SELEX experiment against CCR7 over 9 selection cycles. Both experiments

were performed in parallel based on identical initial pools, cell-lines, and selection conditions. Depicted

are the number of aptamers (x-axis) with a particular count (y-axis) for the initial pool, and rounds 1,

3, 5, 6, 7, 8, and 9 respectively. The traditional PCR procedure produces an overall more exponential

distribution of aptamer counts (long tail, x-axis) as compared to the droplet PCR. Note that this tail is

dominated by a small number of highly amplified aptamer species. Data Source: John Burnett Lab,

Collaborator

practice however, the implementation of that strategy is highly dependent on the properties

of the target including, but not limited to, size, shape, charge, and type of the molecule. As a

case in point, a selection against small compounds such as cocaine [55] is likely to require a

differently fine tuned selection protocol as compared to designing aptamers against signifi-

cantly larger proteins such as transcription factors [56] or even entire cell surfaces [57]. It is

therefore not surprising that variations of the general protocol, adapted to the specific target

properties, have been developed over time. These include peptide-SELEX, small-molecule

SELEX, Genomic-SELEX and double stranded DNA SELEX (dsDNA-SELEX), Transcription fac-

tor SELEX (TF-SELEX), and Cell-SELEX, of which a detailed description of the most relevant

protocols is outlined in Appendix A.2.

Naturally, the differences in the selection procedure are reflected in the resulting sequencing

data and constitute a true challenge for the development of universal in silico approaches to

aid the detection and refinement of aptamers that bind the target according to the scientists

requirements. Prior to any computational analysis, it is therefore essential to adjust the raw

output of modern HT-SELEX experiments and to filter possible contaminants, biases, and low

quality aptamers from the sequencing data. For this purpose, we have developed an efficient

computational preprocessing pipeline known as AptaPLEX, the details of which are outlined

in Chapter 3.
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Data Preprocessing

“ The nice thing about standards is that you have so many to choose from.

Furthermore, if you do not like any of them, you can just wait for next year’s

model. ”
Andrew S. Tannenbaum, Computer Networks, 1981

3.1 Introduction

Chapter 2 illustrated the diversity and versatility of the SELEX protocol and highlighted the

technological possibilities and limitations when coupled with high-throughput sequencing.

Special emphasis was put on how different variations of the protocol as for instance TF-

SELEX or CELL-SELEX affect the shape, enrichment properties, and background noise of

the sequencing data. It is therefore required that prior to performing any computational

analysis, the raw sequencing reads require extensive preprocessing such as contig assembly

for paired-end data, aptamer extraction, and quality control in order to provide a consistent

input for downstream analysis tools. More importantly, massively parallel sequencing tech-

nologies utilize a technique known as multiplexing in order to processes multiple samples

from different experiments simultaneously by adding short barcode sequences (reference

barcodes) to each sample such that these can be uniquely identified in silico (see Figure 3.1).

Specific to HT-SELEX, the iterative nature of the protocol makes the protocol a natural candi-

date for this technology as it allows for multiplexing the different selection cycles from one

or multiple SELEX experiments. In order to re-establish the membership of the aptamers to

the selection cycles of origin, the individual reads are then demultiplexed by identifying which

reference barcode best matches the sequenced barcode.

The task of demultiplexing is challenged by sequencing errors common in all currently avail-

able next-generation platforms. Traditionally, demultiplexers developed by Illumina, such as
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Figure 3.1: Conceptual overview of sample multiplexing. (A) Representative DNA fragments of two

unique samples to be sequenced, e.g. belonging to different selection cycles of the same SELEX exper-

iment. (B) Specific barcode sequences for each sample are ligated to the DNA fragments. (C) Libraries

for each sample are pooled and sequenced in parallel. (D) Each new read contains both the fragment

sequence and its sample-identifying barcode. (E) The barcode sequences are used to demultiplex, i.e.

differentiate the reads from each sample in silico.

CASAVA and bcl2fastq2, allow for a user-defined number of nucleotide mismatches between

the reference and sequenced barcodes as measured by the Hamming distance (see Section

3.2 for a formal definition). This concept was also adopted in form of exact overlap sequence

alignment based techniques as implemented in FLEXBAR [58], which uses dynamic program-

ming to calculate the optimal position and score of the reference barcodes with respect to the

reads. In order to account for potential indels (insertion/deletion errors), this approach was

further extended by deindexer [59] and Splitaake [60] to utilize the Levenshtein [61] distance.

deML [62] on the other hand employs a maximum-likelihood technique based on the PHRED

quality scores accompanying the reads in order to determine the probability of a reference

barcode matching the sequenced barcode. Finally, Bayexer [63] leverages the information

extracted directly from the error-containing sequences of the targeting reads for training a

naïve Bayes classifier to assign barcodes. These procedures are frequently coupled into a

single pipeline with the above mentioned, additional preprocessing steps.

While general-purpose demultiplexers yield satisfactory results in applications such as

whole-genome sequencing or RNA-seq, none of these tools take the specific properties

of HT-SELEX data into account: Besides the barcode, reads from a typical SELEX experiment

are expected to contain a randomized region of predefined length flanked by constant primer

regions required during the amplification stages of the protocol (see Fig. 3.2 B). Depending

on the read length, additional nucleotides located after the read’s 3’ primer (predominantly

sequencing adapters) might also be present and are required to be removed. Furthermore,

contaminant sequences which do not contain an aptamer are considered noise and should

consequently be excluded from downstream analysis. Finally, reads with above-average error

rates in the primer regions might be indicative of error prone randomized regions and can

therefore serve as an additional quality control mechanism. To date, only a limited number of

solutions addressing these special cases have been published as integrated components of

larger pipelines [64, 7, 3], making them unsuitable for independent, large-scale data process-

ing and seamless integration into alternative software solutions.
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To close this gap, we have developed AptaPLEX, a standalone and platform independent

demultiplexer that is specifically designed for HT-SELEX data and other types of in vitro selec-

tions based on non-ligands such as DNAzymes and ribozymes. Given the multiplexed data

from one or more selection experiments in either single-end or paired-end format, AptaPLEX

partitions the reads into the individual selection cycles based on the barcodes used during

sequencing. Simultaneously, AptaPLEX identifies the 5’ primer and the 3’ primer in each read

and removes any additional nucleotides on either side that do not belong to the original ap-

tamer. AptaPLEX is capable of fuzzy matching for both, the barcode and primers, allowing for

a user-specified number of mismatches between the reference and the sequenced barcode

and primer. Additionally, for paired-end data, AptaPLEX automatically corrects mismatches

between forward and reverse reads up to a user-defined threshold. Our software provides a

rich set of additional features such as the option to specify whether the primers should be

trimmed from the reads (e.g. for motif searching applications), and to restrict the random-

ized region length to a constant size, hence discarding indel containing aptamers. AptaPLEX

automatically recognizes and handles gzip compressed data and makes use of all available

processing resources via its multi-threaded design while minimizing memory usage.

3.2 Methods

AptaPLEX takes as input a set of FASTQ files in either single-end or paired-end format, and

partitions the identified aptamers into as many files as the number of specified barcodes.

Our method uses a sliding window approach in combination with the Hamming distance as

objective function for matching reference barcodes and primers to the reads. In what follows,

we provide the definitions of the relevant concepts utilized by AptaPLEX and describe the

general work flow of the algorithm for each read.

The FASTQ Format represents the de-facto standard format for representing sequencing data

and its corresponding quality scores in a single file. The information for each read is coded

into four lines, where the first line is reserved for a unique sequence identifier, the second line

contains the raw sequence letters, followed by the third line with an additional but optional

description of the read, and the last line encoding the quality values for the sequence in line 2.

AptaPLEX is fully FASTQ compliant and outputs all sequences in this format such that these

can serve as direct input to third party downstream analysis tools.

The Hamming Distance is an information theoretic measure for two strings of identical

size defined as the number of positions at which these strings differ in their symbols. Similar

to the approach first developed for CASAVA by Illumina, AptaPLEX utilizes this distance as

an objective function to evaluate the quality of matching any of the reference barcodes and

primers to a particular read position.

Paired-End Assembly: For paired-end data, our algorithm first assembles the full contig

by generating the reverse compliment of the reverse read and by computing the optimal over-

lap between this read and the forward read (Fig 3.2 A). AptaPLEX automatically corrects up
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Figure 3.2: Schematic of the algorithmicworkflow as employed by AptaPLEX. (A) For paired-end data,

the forward and reverse reads are first assembled into a single contig (B). Next, the reference barcodes

are matched to the contig (B) and the best correspondence is selected, followed by the identification

of the primer regions (D). Finally, the aptamer is extracted from the contig (E).

to a user-defined number of mismatches between the two reads by choosing the nucleotide

with higher PHRED quality score. Should additional mismatches be present, or in case no

adequate overlap could be identified, the contig is discarded. When only single-end data is

present, the forward read is used as the contig.

Barcode Identification: Next, our approach attempts to align each of the reference barcodes

to the contig while tolerating up to m mismatches, and assigns the read to the selection cy-

cle whose corresponding reference barcode retains the smallest Hamming distance to the

sequenced barcode (Fig 3.2 C). This process makes no assumptions on the location of the

barcode on the contig hence allowing it to be present on either side of the aptamer, even with

the presence of additional nucleotides between the barcode and primer. To establish the va-

lidity of the identified barcode, AptaPLEX examines whether its location overlaps with the

primer regions or the randomized region. Should this be the case, or equivalently if the num-

ber of mismatches exceeds the user-defined thresholdm, the contig is discarded.

The optimally matching position is determined by sliding each reference barcode along

the read in 5’ to 3’ direction in 1 nucleotide increments. For each position, the Hamming

distance between the reference barcode and the corresponding subsequence of the read is

computed, and the position with the smallest score is chosen as the best match.

Primer Matching: In order to extract only valid aptamers, our method proceeds to match

both, the reference 5’ primer, and the 3’ primer to the contig. In analogy to the barcode

matching procedure, a user-defined Hamming distance of up to pmismatches is allowed (Fig
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3.2 D). Furthermore, AptaPLEX verifies the validity of these matches by ensuring that neither

the barcode, nor the primers overlap in the contig.

Aptamer Extraction: Finally, the sub-sequence between the starting index of the 5’ primer

match and the end index of the 3’ primer match, together with the corresponding quality

scores, identifier, and comment line contained in the FASTQ format are extracted and written

into the file corresponding to the identified barcode (Fig 3.2 E). Various applications, e.g. se-

quence based motif search, might not require the presence of the constant primer regions

for their procedures. For these cases, AptaPLEX supports trimming the primer sequences to

only extract the randomized region. Our method also has the option to discard those reads

whose randomized region size does not coincide with the experimentally defined length.

3.3 Runtime Analysis

AptaPLEX is fully multithreaded and utilizes all available processing units on a given system.

Parallelization is implemented on the read level such that paired-end assembly, barcode iden-

tification, primer matching, and aptamer extraction are performed concurrently for individual

contigs. The expected speedup is hence dependent on the number of CPUs, as well as the to-

tal number of barcodes that are to be demultiplexed. In order to estimate the relationship be-

tween these parameters and the overall runtime, we benchmarked our approach on 2 million

reads, utilizing 1 to 15 CPUs and 1, 3, 6, 9, 12, 15, and 18 barcodes respectively. We excluded

the required time for disk operations as data I/O is known to be highly hardware dependent.

Fig. 3.3 highlights the corresponding wall clock times of AptaPLEX averaged over 10 individ-

ual runs for each combination. On a modern system with 4 cores, our software is capable of

processing at least 2 million reads per minute while demultiplexing up to 18 selection cycles,

with throughput increasing even further when running AptaPLEX on more powerful systems.

3.4 Implementation Details and Availability

AptaPLEX is implemented as a multithreaded C++ library using openMP [65] and can eas-

ily be integrated into existing pipelines. Our software is platform independent and only re-

quires the Boost libraries [66, 67] for its data I/O and compression operations. Our software

is open-source, licensed under the GLP v.2 and can be downloaded along with manual and in-

stallation instructions at http://www.ncbi.nlm.nih.gov/CBBresearch/Przytycka/
index.cgi#aptatools.
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Figure 3.3: Runtime comparison of AptaPLEX at distinct hardware settings and increasing number

of barcodes using 2 million reads as benchmark. Shown are the wall clock times averaged over 10

independent runs for each configuration, ranging from single core machines to 15 CPUs and extracting

1, 3, 6, 9, 12, 15, and 18 barcodes respectively.

3.5 Conclusion

With the integration of high throughput sequencing into in vitro selections being adopted as a

de-facto component in modern pipelines, dedicated computational tools which streamline the

analysis of the resulting data are becoming increasingly compulsory. This is especially true for

the preprocessing stages of any computational pipeline, as the resulting data serve as the in-

put for each consecutive analysis and therefore greatly impacts the quality and interpretation

of these experiments. To date, only a limited number of tools for aptamer preparation, pro-

cessing, and analysis have been published. These range from fully automated terminal based

solutions [7] to web-based answers leveraging the Galaxy cloud platform for its operations

[64]. While these tools contain demultiplexing and quality control capabilities as a subroutine,

their design does not necessarily allow for automated preprocessing that can be integrated

into larger pipelines without user intervention. AptaPLEX represents, to the best of our knowl-

edge, the first stand alone demultiplexing software specifically designed for HT-SELEX data.

Its well defined application programming interface (API) allows for full automation and triv-

ial integration into arbitrary pipelines such as sequence based motif identification, structure

based analysis, and exploration of the SELEX protocol as a whole. Alternatively, the resulting

FASTQ files can be used directly as input for well established in silico tools in dependence on

the researchers interest. Furthermore, its platform-independent and fully multi-threaded im-

plementation makes AptaPLEX a suitable candidate for massive data processing on different

architectures such as computer farms and cloud based solutions.
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“ Being abstract is something profoundly different from being vague. The pur-

pose of abstraction is to create a new semantic level in which one can be

absolutely precise. ”
Ew Dijkstra, 2012

4.1 Introduction

Chapter 2 introduced the various types of Systematic Evolution of Ligands by Exponential

Enrichment protocols that are at a scientists disposal in order to design aptamers with the

desired properties suitable for their intended biotechnological application. It also highlighted

a number of properties of the resulting high throughput sequencing reads, among others, the

target-dependent complexity of these data in terms of their confounding factors, the esti-

mated proportion of high affinity aptamers, and the expected enrichment rate of the species.

Chapter 3 provided a partial solution to the first challenge by detailing a framework for the

standardization of preprocessing aptamer reads while embracing strict quality control rou-

tines. Processing the data from a SELEX experiment in this matter hence results in a subset

of sequences, typically between 1 to 50 million reads for each sequenced selection cycle, rep-

resenting a tiny fraction of the true pool size of approximately 1015 individual RNA molecules.

In this chapter, we introduce several new computational methods designed to answer four

central challenges in the field of aptamer research which have, until now, only been postu-

lated but not rigorously studied. Specifically, we developed solutions to (a) how to study the

effects of the selection pressures described in Chapter 2, (b) how to efficiently identify, clus-

ter, and trace aptamer families throughout the selection to aid target-affine ligand discovery,

(c) how to leverage the (hyper)mutagenic PCR during the amplification stages of the protocol

in order to determine aptamers with improved binding properties, and (d) how to elucidate

common sequence-structure motifs responsible for binding the target and shared by multi-
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ple aptamer families. All our methods take advantage of the complete data set produced by

modern HT-SELEX pipelines, consisting of sequencing data from all selection cycles of an

experiment.

First, in order to study the effect of the different selection pressures on the pool compo-

sition, we developed AptaSIM. This software, capable of producing data sizes comparable to

the output of next-generation sequencing technologies, is aimed at realistically recreating the

general purpose SELEX protocol using error-prone PCR and can simulate many aspects of in

vitro experiments such as sampling effects, the presence or absence of pool contaminants,

and aptamer affinity (see Section 4.2). Understanding the relation between these pressures

and the target complexity can ultimately lead to the design of target-optimized protocols ca-

pable of producing higher affinity aptamers while reducing the number of required selection

cycles which tend to be very cost intensive and time consuming to perform. Using AptaSIM

not only allows to quantify several of those parameters such as the PCR error rate in real

data, but additionally serves as a benchmarking and validation system for the remaining ap-

proaches presented in this chapter.

Next, in Chapter 4.3, we introduce AptaCLUSTER, a novel technique to efficiently cluster

aptamer families in each selection round and to trace their behavior throughout consecutive

selection cycles. In contrast to traditional clustering techniques, AptaCLUSTER scales well

with next generation sequencing data and incorporates a variety of quality control mecha-

nisms designed to maximize data quality for downstream analysis. In addition, we show that

AptaCLUSTER can reveal properties of the selection process which have previously not been

appreciated and which can be utilized for an optimized aptamer discovery process. The de-

velopment of such a method is of great relevance because to date, only a limited number of

computational approaches centered around the identification of aptamer candidates from

high throughput sequencing data have been published. Aptamer identification has tradition-

ally been performed based on simplistic counting techniques in which sequences from the

final round of selection are collapsed into the set of unique species along with their corre-

sponding cardinality followed by in vitro binding assays of the top most enriched candidates

in order to assess their target affinity [36, 68, 69] (see Figure 4.1). While these methods have

proven successful in the generation of aptamers targeting transcription factors and other

proteins evolutionarily designed to form DNA or RNA complexes (TF-SELEX), they suffer from

various drawbacks when analyzing data generated by more complex SELEX experiments (i.e.

CELL-SELEX) in which the number of non-specific binders, external contaminants, and other

influences (see Chapter 2 for a comprehensive list) can dramatically bias the concentration

of aptamer species in the later rounds [7, 4, 53, 47].

Building on the results of AptaCLUSTER we then provide an unprecedented in-depth analysis

of the mutational landscape of HT-SELEX experiments and propose a mathematical model

capable of discriminating favorable mutants from those which decrease the binding affin-

ity to the target. We have validated our model experimentally and have implemented it in

form of our AptaMUT algorithm as described in Section 4.4. Aptamer mutants are introduced

into the pool, at each cycle, due to the error-prone nature of polymerases required during the

amplification stage of a selection round. In select cases, the resulting mutant exhibits an in-

creased target affinity as compared to the wild type and is consequently enriched and carried
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Figure 4.1: Schematic overview of primitive counting techniques. (A) During SELEX, only the last

selection round is retained. (B) The species in the last round are sequenced using next-generation

technology. (C) Individual aptamer sequences are consequently counted and sorted according to their

frequencies. (D) A small number of high-frequency aptamers are selected and tested in vitro for bind-

ing.

over to consecutive rounds. Due to the iterative nature of the SELEX protocol, the continuous

enrichment over time results in the creation of entire aptamer families in the pool. More im-

portantly, because these mutants emerge at arbitrary selection cycles, they might be present

in only very low copies in the final pool, posing a challenging task to discriminate these from

background noise. The ability to identify beneficial mutants and well as discriminating these

from their detrimental counterparts not only enables the generation of more powerful ap-

tamers, but also provides valuable insight into the binding interaction mechanisms with the

target for any given aptamer family.

Finally, we tackle the challenging task of sequence-structure motif identification in HT-

SELEX data in form of our AptaTRACE algorithm. AptaTRACE is built on tracing the dynamics

of the SELEX process itself to uncover motifs induced by (or emerging during) the selection

procedure, is robust enough to be applicable to a broad spectrum of RNA/ssDNA HT-SELEX

experiments independent of the target’s properties, and capable of elucidating an arbitrary

number of binding sites along with their corresponding structural preferences. Furthermore,

our method is corroborated by in vitro binding assays and can be used to reveal previously

underestimated properties of the selection process which could ultimately lead to time-and-

cost optimized SELEX protocols. It has been empirically shown that the affinity of RNA to

proteins is a function of both sequence and structure, typically localized to a specific region

of the molecule [70, 71]. Understanding the properties of these binding motifs in aptamers,

the importance and relationship of their sequence and structure components, as well as how

these evolve throughout the selection is therefore crucial for the design of efficient binders

and optimization of the protocol per-se. Furthermore, the application of well established mo-

tif identification methods such as MEME [72] , MEMERIS [73], DREME [74], or RNAContext

[75] to HT-SELEX data are currently limited to utilizing the data from a single round of selec-

tion and, depending on the underlying model, the incorporation of an earlier cycle to use as

background data. Moreover, the mathematical basis of most of these methods, and there-

fore their underlying assumptions regarding the expected properties and size of the input

data, are mainly concerned with finding conserved regions within genomic sequences, limit-

ing their transferability to general purpose SELEX experiments.
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4.2 AptaSIM: Realistic, in silico Simulation of SELEX

Experiments

HT-SELEX is revolutionizing the aptamer discovery field by providing researcherswith unprece-

dented resolution of their selection experiments. At the same time, the amount of data, aswell

as the variability of its landscape induced by the type of SELEX and target properties pose

a true barrier for the generation of in vitro benchmarking data containing high-throughout

binding information for the majority of the pool species and/or near-complete elucidation of

binding motifs. The prohibitively high cost of performing these experiments hence calls for

alternative solutions which allow for fine grade control and supervision of as many aspects

of the SELEX method as possible.

To close this gap, we have developed AptaSIM, an algorithm aimed at realistically recre-

ating the selection process during SELEX while simulating the effect of a large array of user

definable parameters on the pool. These include, but are not limited to, error-prone PCR, the

target affinity of individual aptamer species, the effect of sampling the pool for sequencing

and subsequent selection cycles, and the presence or absence of initial pool biases. In ad-

dition, AptaSIM supports the inclusion of sequence-structure motifs which can be implanted

into arbitrary species in the initial library.

For our simulation, we represent a pool as a set of sequences in which each sequence is

attributed with a count, representing its frequency, and a value between 0 and 100 simulating

the binding affinity to a putative target. Given an initial pool, we then perform a user-defined

number of iterations comprised of target affine selection, followed by error prone amplifica-

tion. The remaining sequences after the selection stage represent the sequenced portion of

HT-SELEX and are stored for further analysis.

4.2.1 Materials and Methods

Initial Pool Generation: To allow for the inclusion of existing biases such as the base compo-

sition and nucleotide dependencies of a pool originating from an in-vitro SELEX experiment,

the input set of sequences for the simulation is generated based on a first order Markov

Chain that captures the conditional probabilities of randomly selecting one nucleotide given

the choice of the previous. Each sequence is then assembled by randomly selecting the first

nucleotide with respect to the base composition of the training data and iteratively sampling

the remaining nucleotides according to the conditional distributions of the model. In addition,

each sequence is assigned a random initial count ci ∈ [0 . . . c], as well as a binding affin-

ity ba ∈ [0 . . . b]), where b and c correspond to user-definable values. Finally, we represent

strong binders by selecting s arbitrary sequences for which the binding affinity is uniformly

sampled between user defined values sl and su where b < sl < su.
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Target Affine Sampling: The sampling step simulates incubation, binding, partitioning,

and washing of a selection cycle during a SELEX experiment. Assuming enriched and tar-

get affine species to have a higher probability of selection, we sample, without replacement,

ps% of the current pool according to the distribution of the sequence counts and accept a

sequence with the probability corresponding to its binding affinity. Hence, the probability of

selecting a sequence from the pool is proportional to its frequency and affinity.

Amplification: In order to restore the pool to its original size, we simulate a number of

PCR cycles in which the amplification efficiency e ∈ [0, 1] as well as the mutation probability

p ∈ [0, 1] can be specified. The number of required PCR cycles c is computed as follows:

c =

⌈
log
(
i
x

)
log(1 + e)

⌉

where i and x correspond to the sizes of the initial and current pool respectively. In each PCR

cycle, every aptamer is then subject to amplification as many times as its current count and

in dependency of the specified probability of amplification e. If accepted, and based on the

mutation probability p, the sequence is either duplicated or a mutant, differing by one base

from the original at a random position, is introduced into the pool.

Default Parameters and Implementation Details: An initial pool of N = 107 unique se-

quences of size r = 40 nt is generated containing approximately s = 100 high affinity

binders. AptaSIM performs k = 10 rounds of selections by default during which, at each

sampling step, ps = 20% of the pool is retained. For amplification, a mutation probability of

p = 0.05 and an amplification efficiency of e = 0.95 is used for realistically recreating the

pool characteristics of a typical in vitro experiment. A complete list of all available parame-

ters as well as their default values can be found in Supplementary Table B.1 in the Appendix.

AptaSIM is implemented in a platform independent manner using the Java programming lan-

guage.

4.2.2 Results and Discussion

AptaSIM aims at closing several gaps which are naturally enabled when coupling high-

throughput sequencing technologies with Systematic Evolution of Ligand by Exponential

Enrichment.

First, it allows for the analysis of nucleotide biases which might be present in the initial

pool. By training a Markov model with aptamers from a sequenced initial round (or any other

selection cycle of interest), the effect of these biases onto the pool composition in subse-

quent cycles can be studied in detail and under varying conditions.

Next, our model allows to study the emergence of mutants during the selection in high

resolution via AptaSIMs mutagenesis driven PCR simulation. As a point in case, we leveraged
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this feature to show that the species composition of the most dominant aptamer family be-

longing to a selection targeting IL-10 is indeed consistent with error prone amplification and

subsequent selection (see Section 4.4.2 for a detailed description).

Finally, our approach makes for an appropriate candidate to generate benchmarking datasets

with precise properties in order to aid the development of future algorithms and methods,

or to compare existing approaches with each other under well defined conditions. We took

advantage of this capability in order calibrate our motif identification approach AptaTRACE

and to compare it to existing methods. Specifically, we generated an initial pool of approxi-

mately 4 Mio. sequences and enriched it with predefined sequence-structure motifs prior to

performing 10 rounds of virtual selection. We then probed the resulting predictions of our

method and comparable algorithms for their ability of extracting these implanted motifs. For

the full application and methodology, we refer the reader to Section 4.5.

However, the affinity of the ligands, and consequently their probability of selection during

the simulated incubation step, is currently based on the affinity parameter b alone and there-

fore independent of primary, secondary and/or tertiary structure information. In detail, the

current simulation model assumes that any mutations introduced during the amplification

stages do not affect the binding strength of the aptamer to the target. This assumption might

not always reflect the experimental reality of mutagenesis-driven PCR as point-mutations in

the sequence can have structural changes as a consequence which could in turn affect the

binding affinity to the target. Incorporating such higher order information regarding the in-

teraction between aptamer and target could potentially increase the accuracy of simulation

systems such as AptaSIM, but at the cost of substantially higher runtime complexity. Fur-

thermore, additional structural information regarding the target molecule must be known a

priori and is often not available to the researcher.

Related to structure, our model is insensitive to temperature constrains which are known

to affect the selection as a whole, but are currently not well understood. Despite these short-

comings, our results provide sufficient evidence that AptaSIM can serve as a valuable tool for

aptamer-related research and to uncover and quantify selection pressures in HT-SELEX ex-

periments. In summary, AptaSIM offers a sufficiently large array of parameters which control

many of the known biases and selection pressures present when performing SELEX.
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4.3 AptaCLUSTER: Efficient Clustering of HT-SELEX Data

4.3.1 Introduction

Computational processing of HT-SELEX data is currently largely based on simple counting of

aptamer species in the final round of selection, frequently discarding low-frequency species

from the analysis, and choosing the sequences that occur in high counts for further investi-

gation [36]. In addition, a small number of most frequent sequences from the final selection

round might be used as seeds for similarity searches. The underlying postulate of these

methods is that the best predictor of binding affinity corresponds to the frequency at which

a particular aptamer occurs in a pool. While these approaches might be suitable for candi-

date identification, they lack the ability of providing insight into the mechanisms governing

the selection process itself. Uncovering these embedded characteristics requires more so-

phisticated models and perhaps an alternative, non-quantitative perspective of the selection

process.

One approach providing a more detailed intuition of the SELEX protocol is motivated by

a model of the selection process from the perspective of the binding energy between the tar-

get and the species in the pool and captures how the resulting landscape changes over time.

For a SELEX experiment with a randomized region size of n nucleotides, this can be visual-

ized by an arbitrary mapping of all 4n possible species into a two dimensional space, where

the distance between these aptamers on the surface is a function of their primary structure

similarity. A third dimension (z-axis) can then be used to represent the binding affinity of any

such sequence to a target molecule of interest (see Figure 4.2 A). In vitro, the total number of

ssDNA/RNA molecules ranges between 1015 − 1018 and corresponds to a sparse and ideally

equidistant sampling of the total sequence space in this model. As selection progresses,

aptamer species with little to no binding affinity to the target (high z-axis) are competed out

of the pool, whereas strong binders (low z-axis) are retained and amplified. More impor-

tantly, due to the error-prone nature of the amplification stage in each SELEX round, mutants

are introduced into the pool that explore the topological neighborhood around their parent

sequence (Figure 4.2 B). Repeating this process over multiple rounds of selection, in which

aptamers harboring favorable mutations increase in frequency and are themselves subject to

error prone amplification, therefore results in a configuration in which the species remaining

in the final pool sample local minima of the energy landscape. These minima correspond to

the distinct binding sites the target molecule exposes on its surface and which are accessible

to the aptamer species (Figure 4.2 C).

In this context, the mutant-induced sampling of local binding energy minima naturally mo-

tivates the expectation that clustering of aptamers in consecutive cycles should provide

valuable information about the selection process and should allow for the delineation of

the entire aptamer landscape probed by the SELEX protocol. Hence, our primary objective

is to cluster aptamers in all rounds of selection according to their sequence similarity. This

task however could not be accomplished with previous clustering algorithms due to the enor-

mous size (2-50 Million sequences per cycle) of the data set generated by high throughput
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sequencing, especially for early rounds of selection which feature a high degree of unique se-

quences (≥ 90%). To address this challenge, we developed a novel approach, AptaCLUSTER,

capable of efficiently clustering entire aptamer pools.

Several sequence similarity measures are commonly found in clustering methods, of which

the Hamming and Levenshtein (edit) distances are most prominent. However, full-scale clus-

tering approaches are computationally untrackable for HT-SELEX data. Therefore we use the

randomized dimensionality reduction technique, known as locality-sensitive hashing (LSH)

[76], to implicitly approximate an upper bound to the edit distance for each sequence pair

without the need of exhaustive pairwise comparison. In the subsequent step, we eventually

compute precise sequence distances based on k-mer counting between pairs of aptamers

below this bound, while the remaining distances are not relevant and might be arbitrarily as-

sumed to be infinity.

We applied AptaCluster to analyze the results of the HT-SELEX experiment that we pre-

formed using Interleukin 10 receptor alpha chain (IL-10) as the target molecule. IL-10 is

considered to be a master regulator of immunity to infection and is an important therapeu-

tic molecular target [77]. We preformed 5 cycles of HT-SELEX with a 40nt variable region,

sequencing the samples of pools 2-5. AptaCluster has enabled us to analyze the results of

HT-SELEX, revealed interesting properties of the selection landscape, and allowed for a bet-

ter understanding of the HT-SELEX experiment. AptaCluster scales very well with data size.

While the sequenced pools in our IL-10RA HT-SELEX experiment varies between 2 and 4.5

Million aptamers, we have applied AptaCluster to much larger pools of more than 20 Million

sequences in the context of whole-cell HT-SELEX (data not shown) without loss of noticeable

performance.

4.3.2 Materials and Methods

Weperformed 4 rounds of selection and cDNA generated from round 5 bound fractions aswell

as RNA recovered from bound fractions at rounds 2, 3 and 4 was amplified and sequenced

using Illumina’s HiSeq 2500 device with the 100-cycle paired-end sequencing protocol. Ap-

tamers were then demultiplexed and preprocessed using AptaPLEX as described in Chapter 3.

For the entire experiment, a total of 12.895.554 sequenceswhere retrieved of which 4.621.438

species belonged to round 5, 1.923.823 to round 4, 2.181.720 to round 3, and 4.168.573 to

round 2. Out of these respectively 617.220, 1.021.668, 1.902.904, and 3.857.210 were unique.

The experimental details and supplementary information of the selection are described

in the Appendix Chapter B.2.
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Aptamer Pool Bucket Generation using Locality Sentitive Hashing Clusters
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Figure 4.3: Algorithmic approach of AptaCLUSTER. Each colored sequence represents a distinct

species in the pool while similar colors stand for aptamers related to each other in primary structure.

The constant primer regions (yellow) are not considered during the computation of the clusters. (A) To

better illustrate the concept, we included identical sequences (in the actual implementation identical

aptamers are represented by their sequence and corresponding count). (B) AptaCLUSTER iteratively

partitions the pool into sets of potentially similar sequences using the concept of locality sensitive

hashing. In each iteration, an input to a hash function is generated by sampling a user defined number

of nucleotide positions (black arrows). (C) Similar sets (e.g. green grouping on the left) from the

different iterations are then combined such that sequences below a certain threshold are grouped

together forming the desired clusters. This is accomplished by jointly clustering these groups using

an exact distance measure based on the k-mer distance as show in Eq. 4.6

4.3.3 The AptaCluster Algorithm

Our approach is centered around a randomized dimensionality reduction technique, known

as locality-sensitive hashing (LSH) [76]. First, a compressed representation of the data set

is constructed by reducing the pool to non-redundant species and their corresponding fre-

quency counts. We then apply a user-defined number of randomized locality-sensitive hash

functions to the data set in order to distinguish sequence pairs that are potentially similar

from those that are, with very high probability, not similar. Each function operates by selecting

a small number of nucleotide positions from each aptamer and treats the substring, resulting

from the concatenation of these bases, as input for the hashing procedure. Hence, aptamers

with highly similar primary structure are likely to fall into the same group whereas dissimilar

sequences rarely produce identical hash values. In the third step, the actual clustering step,

we compute precise sequence distances between aptamers of identical hash value, while the

distances between the aptamers never encountered in the same group are set to infinity. To

accelerate the clustering, AptaCluster relies on a similarity measure based on k-mer count-

ing. Thus, the algorithm preforms three main steps as outlined below and as visualized in

Figure 4.3.

Dataset Compression

Data compression is achieved by using a hash map in which the keys correspond to the

species in the pool and the values correspond to their respective frequency counts which

can be done in O(N) time. In the following, let s = (si)
l
i=1 be an aptamer of of length l
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defined by the sequence of nucleotides si over the alphabet Ω = {A,C,G, T} where the

index i corresponds to the ith position of the aptamer. Furthermore, we define S = {sj ∈
P ‖ sj 6= sk ∀j, k ∈ [1, . . . , |S|] ∧

∑|S|
j=1m(sj) = N}, where m(sj) corresponds to the

frequency of si, as the keys of the hash map, i.e. the set of unique aptamers for pool P .

Filtering using Locality Sensitive Hashing

LSH is based on the idea that data points that are close in high dimension, after applying a

probabilistic dimensionality reduction and using the reduced representation as the input to a

hash function, are likely to obtain the same hash value and hence fall into the same bucket [78].

AptaCluster exploits this property by treating each sequence sj ∈ S as an l-dimensional vec-

tor and reducing this vector into d dimensions (d < l). This is done by generating a set Id of
d randomly sampled indices i ∈ [1, . . . , l] and, for each sequence sj , only selecting those nu-
cleotides si for which i ∈ Id as input for the hashing procedure. Hence, the more similar the

primary structure of a set of aptamers, the higher the probability that they will produce the

same mapping. Similarly, the choice of d controls the minimal degree of similarity between

the members of each partition since these are guaranteed to differ in at most l− d positions.

In other words, our approach implicitly computes an upper bound to the edit distance. We

iteratively improve this upper bound by repeating this procedure a user defined number of

times, each time using a different hash function. With sufficient number of of iterations, if

two sequences never fall into the same bucket they are assumed to be dissimilar with very

high probability. The iterative computation of the upper bound is performed as follows. Let

dklsh(s
1, s2) be the upper bound computed after the kth iteration and let Lk(s) be the value

of the kth hash function for sequence s. We assume that, by default, we have for all pairs

d0lsh(s
1, s2) = ∞. Then

dklsh(s
1, s2) =

{
l − d Lk(s1) = Lk(s2)

dk−1
lsh (s1, s2) Lk(s1) 6= Lk(s2)

(4.1)

Clearly, only the assignment in the first line needs to be executed. To define Lk(s), for each
iteration k we randomly select a mapping h from a family of functions

F = {h : Nl → Nd ‖ h(I) = Id} (4.2)

where I = (1, . . . , l) represents the nucleotide positions of an aptamer of size l, and apply

the function

L = {Ωl → Ωd ‖ L(s) = (si) ∀ i ∈ Id} (4.3)

to each aptamer s, creating a sub-string ŝ comprised of the concatenation of the nucleotides

at the positions defined in Id. Finally, traditional hashing is performed on the set Ŝ =
{ŝi}, i = 1, . . . , |S|. Id = (i0, . . . , id) can be efficiently computed as follows: Let i0 ∈ [1, l]
be a randomly selected index of I and define x ∈ [2, l − 1] as a random number co-prime to

l. Then, the remaining positions can be generated with

ij = (ij−1 + x) mod l, j = 1, . . . , d− 1 (4.4)

33



4 New Algorithms for HT-SELEX Data Analysis

and

Id = (ij)
d−1
j=0 , ij < ij+1 ∀ j (4.5)

corresponds to the sequence of indices after sorting these in ascending order. Using this

scheme guarantees that each index in I is selected exactly once and avoids scenarios in

which only adjacent positions of the sequence are chosen.

Cluster Extraction

Based on the assumption that high-frequency of a sequence in a selection pool is related

to its selective advantage due to its binding affinity, we build the clusters iteratively around

these high frequency aptamers. We repeatedly choose the highest frequency sequence s not
assigned to any cluster, making it a seed of the new cluster. We then we employ a k-mer based

distance function [79] to compute the distance of the selected seeds to all other sequences

for which the upper bound estimated with LSH was finite and include it in the cluster if dkmer

is smaller than a user defined cutoff. In particular,

dkmer(s
x, sy) =

4k∑
i=1

∣∣∣∣ Xi

|sx| − k + 1
− Yi

|sy| − k + 1

∣∣∣∣2 (4.6)

where Xi and Yi denotes the number of times the i-th k-mer occurs in sequence sx and

sy respectively and |si| corresponds to the length of the aptamer. Since we compare only

sequences that are in the same bucket in at least one iteration, this approach allows us to

extract clusters inO(N∗m∗k)wherem denotes to themaximumnumber of seed sequences

in a bucket which is bounded by the size of the largest bucket generated during LSH.

Implementation Details

AptaCLUSTER is currently available as a multi-threaded implementation in C++ using the

OpenMP and Boost libraries for its parallel programming operations and hashing procedures,

respectively [65, 67]. It features a complete, highly modular pipeline from data input and pars-

ing, over cluster extraction, to result visualization and database storage. We implemented

threaded parsers for a number of file formats, including FASTA, FASTQ, and RAW sequence

files by integrating the preprocessing library written for AptaPLEXinto this software. Depend-

ing on the number of available CPUs, clustering and distance calculations are performed in

parallel for each pool. Cluster families and their evolution from cycle to cycle are currently

visualized using our platform independent AptaGUI interface (See Chapter 5). Finally, the al-

gorithms behavior can be controlled using a configuration file allowing for the assignment of

most parameters used for parsing and clustering, among others. We have empirically deter-

mined a set of default values, of which the most relevant are discussed below.

34



4.3 AptaCLUSTER: Efficient Clustering of HT-SELEX Data

4.3.4 Results of Application to HT-SELEX Experiment for IL-10RA

We performed 5 rounds of HT-SELEX against Interleukin 10 receptor alpha chain (IL-10RA)

as the target molecule carrying out a total of r = 10 iterations of LSH sampling 60% of

the randomized region (i.e. l = 24). The parameter d = 4 is set in terms of the maximal

number of point mutations any pair of sequences should have and is converted into the k-

mer distance cutoff by sampling a user defined number of aptamers from the pool (10000

by default), artificially mutating that sequence up to d times, and averaging over all dkmer

between these mutants and the wild-type. Furthermore we set k = 3 for the computation

of dkmer which has shown to give reasonable results for aptamer-sized sequences. Here, we

summarize the insights obtained using AptaCluster.

Validating Clustering Results

The main advantage of AptaCLUSTER is that to cluster an aptamer pool it does not need

to compute the distances between all pairs of sequences but instead uses locality-sensitive

hashing to filter out pairs that do not need to be compared. However, the filtering step is

heuristic and its outcome might depend on the number of LSH iterations and properties of

the dataset. Therefore we started by confirming that the filtering step produces correct re-

sults, i.e. that sequences filtered out as not potentially similar are indeed remote from the

seed sequences in terms of exact distance. Since the dataset size prohibits an exhaustive

computation of all distances, we used 400 aptamers (the 20 most frequent species from the

top 20 clusters) and computed their edit distances to all other aptamers. We then computed

the distribution of the distances to the members of the same cluster to the distances to the

rest of the aptamers. The former group sampled the sequences whose distances to the ref-

erence sequences has been computed and found to be below the clustering threshold. The

latter group sampled two types of sequences: the sequences whose distance to the refer-

ence sequence has been computed but found to be above the threshold and the sequences

filtered out without computing the distance based on our locality sensitive hashing function.

The results for all selection cycles are summarized in Figure 4.4 for a set of default and

relaxed parameters (see Parameters section). The results demonstrate that no sequence

that was filtered out using locality sensitive hashing is close to the seed sequences of the

clusters. In addition, it also demonstrates that SELEX derived aptamer clusters are well sepa-

rated. Indeed, relaxing the locality-sensitive hashing based filtering and increasing clustering

threshold did not change the clustering results appreciatively (Figure 4.4 (b)).

Cluster Accuracy and Reproducibility

We tested the accuracy and the reproducibility of our approach with respect to the distance

computations using data from our IL-10RA experiment. Specifically, we used the 20 top clus-

ters reported by AptaCLUSTER and determined the k-mer distances of all the cluster seeds to

all other aptamers in the pool for different values of LSH iterations. We then calculated the

35



4 New Algorithms for HT-SELEX Data Analysis

0 5 10 15 20 25 30 35 40
0.0

0.2

0.4

0.6

0.8

1.0

Fr
eq

ue
nc

y
(n
o
rm

al
iz
ed

)

0 5 10 15 20 25 30 35 40

Edit Distance

0.0

0.2

0.4

0.6

0.8

1.0

Fr
eq

ue
nc

y
(n
o
rm

al
iz
ed

)

Selection Round 5

0 5 10 15 20 25 30 35 40
0.0

0.2

0.4

0.6

0.8

1.0

0 5 10 15 20 25 30 35 40

Edit Distance

0.0

0.2

0.4

0.6

0.8

1.0

Selection Round 4

0 5 10 15 20 25 30 35 40
0.0

0.2

0.4

0.6

0.8

1.0

0 5 10 15 20 25 30 35 40

Edit Distance

0.0

0.2

0.4

0.6

0.8

1.0

Selection Round 3

0 5 10 15 20 25 30 35 40
0.0

0.2

0.4

0.6

0.8

1.0

Within Clusters
Outside Clusters

0 5 10 15 20 25 30 35 40

Edit Distance

0.0

0.2

0.4

0.6

0.8

1.0

Selection Round 2
(A
)
D
ef
au

lt
LS

H
P
ar
am

et
er
s

(B
)
R
el
ax
ed

LS
H
P
ar
am

et
er
s

Figure 4.4: Distribution of the edit distances between aptamers belonging to a cluster (red) and

distances between cluster members and all non-cluster sequences (blue) for selection rounds 2 to

5. Within each of the top 20 clusters, the 20 most frequent aptamers where compared against all

other cluster members as well as the remaining aptamers of the pool. (A) Distributions using the

defaults parameters of AptaCLUSTER as described in the Parameter section is shown in the top panel.

(B) Relaxed parameters as depicted in the bottom panel in which only 40% of the randomized region

was sampled during LSH.

false negatives rate (FNR) where a sequence pair considered a false negative refers to a se-

quence which has a distance to the seed below the specified clustering threshold but was

assigned an “infinity” value. We found an on average overly low false negative rate varying

between 10−6 to 10−4 as illustrated in Figure 4.5.

Distribution of Aptamers within Clusters

Next, we examined the distribution of aptamers within the clusters. Interestingly, we found

that the distribution of these frequencies was very skewed (Fig. 4.6). Except for a handful

of highly abundant aptamers, most of the species in a cluster had low frequencies. Such

extreme differences in frequencies is consistent with a situation in which most of the cluster

diversity can be attributed to mutations caused by polymerase errors. To test this hypothe-

sis, we investigated whether aptamers with a maximal count of 5 from the top 20 clusters

in cycle 5 were also present in the sequenced portion of the selection pool from cycle 2. In-

deed, the vast majority of these sequences (99% of singletons, 97% for frequency 5) where

absent in this pool (Table 4.1). Note that the sequences introduced by Polymerase errors can

be subsequently selected and amplified providing an important source of cluster’s diversity.

However, due to the late introduction, their frequency count might not correctly reflect their

binding affinity.

36



4.3 AptaCLUSTER: Efficient Clustering of HT-SELEX Data

1 2 2 4 5 10 15
0

0.5

1

1.5

2

·10−4

Number of LSH Iterations

Fa
ls
e
N
eg

at
iv
e
R
at
e

False Negative Rate

Figure 4.5: The false negative rates for the 20 largest clusters for different numbers of locality

sensitive hashing iterations in selection cycle 5. The graph shows that LSH is stable for even a small

number of iterations.

Frequency Counts Versus Binding Affinity

It is often assumed that an aptamer sequence’s frequency in the pool later cycles provides

a good predictor of its binding affinity. Indeed this would be a reasonable expectation under

the assumption that the selection process is free of any artifacts, all aptamers are present

in the initial pool with the same frequency, and there was no stochastic variability during the

aliquotation process. However the realization that a large fraction of sequences in the final

pool might have been absent from the initial pool but introduced in a later stage made us

to reexamine this assumption. As can be appreciated in Table 4.2 b, we measured the dis-

association constant Kd for 30 aptamers including the most frequent ones. We found that

cycle-to-cycle enrichment of aptamer frequencies, i.e. their relative increase in multiplicity,

from cycle 4 to 5 is a better predictor of binding than the frequency in the final pool. Specifi-

cally, taking 125 Kd as a reasonable threshold between binders and non-binders, sorting

by cycle-to-cycle enrichment separates binders form non-binders while sorting by frequency

leaves these two groups randomly mixed (Table 4.2 a).

In addition to the emergence of new sequences, another source of dissonance between

aptamer frequency and its binding potential could also be the differences in their frequencies

Table 4.1: Number of species with counts 1 to 5 present in the top 20 clusters of selection round 5

compared to the frequency of their occurrence in selection round 2. The overwhelming majority of the

sequences are not present in the latter.

Nr. of aptamers with frequency 1-5

1 2 3 4 5

Top 20, cycle 5 8529 2202 1074 614 465

Found in cycle 2 61 36 27 18 16
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Figure 4.6: The frequency distribution of the members of the 5 largest clusters from the IL10 selec-

tion. The cluster sizes are given in the brackets.

in the initial pools due to the stochastic nature of partitioning the pool into groups to be used

for storage/sequencing/next cycle. Looking at cycle-to-cycle sequence enrichment instead

of counts permits a resolution of this problem. However, other artifacts exist that can af-

fect aptamer frequencies as well. In particular, we also tested theKd values for non IL-10RA

specific binding using binding to IgG as proxy for such non-specificity (data not shown). We

found for example that cluster with ID 3 has high frequency in cycle 5 but it is not IL-10RA

specific.

Runtime Analysis and Performance Comparison

Finally, to appreciate the advantages of our approach, we have compared the performance of

AptaCLUSTER to a member of the general class of clustering algorithms ( Θ(N2) computa-

tional time). We implemented a sample algorithm in this class which considers aptamers in

decreasing order of their counts, computes their distance to all other aptamers in the pool,

and assigns the aptamer to the seeds cluster if the distance is below a user defined thresh-

old. While our approach can handle over 100 million sequences in a little more than one hour,

this naive approach is unable to handle 1 million items within one day (Figure 4.7) on identical

hardware.

4.3.5 Conclusions and Discussion

Given the great promise of the HT-SELEX approach and rapidly diminishing costs of next

generation sequencing, the usage of this method is likely to increase rapidly. Therefore it is

imperative that researchers are able to analyze and correctly interpret HT-SELEX results. We

have developed a new approach, AptaCLUSTER that allows for clustering based on primary
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Figure 4.7: Runtime (wall clock) analysis of AptaCLUSTER (blue) and a greedy approach (red) for pool

sizes varying between 1000 and 100 million (Mio) sequences. Horizontal green lines depict runtimes

of 30 minutes, 60 minutes, and 24 hours respectively.

structure of pools of aptamers sequenced using Hi-Seq technology.

Until now, a typical HT-SELEX analysis was reduced to counting the frequency of each

aptamer and using such counts as a predictor of binding affinity. However our results in-

dicate that such counting is actually not as good of a predictor as it has been anticipated.

Instead, a predictor that utilizes the dynamics of the cycle-to-cycle enrichment holds greater

promise.

Our results of applying AptaCLUSTER to the outcome of the IL-10RA HT-SELEX experiment

revealed important properties of the resulting clusters. We found the clusters to be well

separated, and typically dominated by one or a few individuals. Relaxing the parameters

to allow for larger intra-cluster distances did not change the results significantly. Conse-

quently, sequence profiles of individual clusters were dominated by one or a few of the most

abundant sequences. We have also implemented a procedure that enables the tracing of the

clusters over consecutive selection cycles and, consistently with the observation above, we

found that the clusters’ sequence profile did not change much during consecutive selection

steps.

The distribution of frequency counts within clusters suggests that cluster diversity is, in

a large part, a result of Polymerase errors. The emergence of such Polymerase mutants cre-

ates an interesting opportunity to sample around local minima. This is strengthened by the

observation that the number of mutations correlates with the frequency of the cluster seeds:

the more frequent the seed, the more frequent the mutants. How to design the dynamics of

the selection process to optimally utilize these emerging mutants is an open question. One

possibility is to replace the typical selection procedure where selection pressure increases in

each cycle by an approach that alternates between stronger and weaker selection.

AptaCLUSTER provides a valuable tool which will help us and others to analyze and to
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optimize the HT-SELEX procedure. It has enabled us to analyze the results of HT-SELEX for

IL-10 and allowed for a better understanding of the HT-SELEX experiment. We expect that the

properties of the clusters obtainedwith AptaCLUSTERwill vary depending on the experimental

details of HT-SELEX protocol in use, the length of the variable region, error rate of Polymerase,

and properties of the target. Independently of this expected variability, AptaCLUSTER can

be used as the first step towards understanding the aptamer binding landscape, and for the

identification of a broad spectrum of potential binders. We point out that AptaCLUSTER is not

intended to elucidate complex, indel-containing motifs but rather to operate on sequences

of equal length. It is designed to serve as a preprocessing step for approaches to uncover

sequence-structure motifs such as the planned extension of our AptaMotif algorithm to high

throughput sequencing data [8].
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4.4 AptaMUT: Leveraging the Mutational Landscape in SELEX

Section 4.3 motivated the need for efficient clustering solutions for HT-SELEX data and pro-

vided insight into possible scenarios in which this information proves beneficial. Specifically,

it was revealed that the vast majority of clusters correspond to aptamer families emerging

through mutagenesis-driven amplification and, for RNA aptamers, transcription during SE-

LEX. Due to the stochastic nature of the mutations introduced during PCR, in combination

with the selection pressures exerted onto the species during incubation, the probability that

some of these mutated species could exhibit a higher binding affinity and/or binding speci-

ficity to the target becomes likely enough to warrant further computational exploration.

Importantly, the principles of mutagenesis during traditional SELEX [80, 81, 82], and as a

means of post-selection optimization of binding affinity [83], have previously been described.

However, the lack of high-throughput sequencing of entire aptamer pools posed a natural

limit to the resolution of the available data and consequent analysis. Particularly, understand-

ing and quantifying the effect of these mutations on the binding affinity between the parent

sequence and the mutants is of great interest as this information could be utilized as the

basis for an in silico survey aimed at the identification of higher quality aptamers. The under-

lying postulate leverages the idea that any beneficial mutant introduced into the pool would

be preferentially selected for and therefore, over time, become enriched at a higher rate as its

parent sequence. In contrast, aptamers carrying non-beneficial mutations are expected to be

competed out of the pool throughout the course of the selection.

The development of appropriate models however is confronted with a number of chal-

lenges emerging as a consequence of current technology limitations and the design of the

HT-SELEX protocol itself. It has previously been established for non-mutant aptamers that

cycle-to-cycle enrichment, i.e. the ratio of the aptamer’s count normalized by the correspond-

ing pool size between two consecutive cycles, represents a superior predictor of binding

affinity as compared to the raw count of that species in a particular pool (see Section 4.3 for

details). The accurate determination of enrichment values for these candidates is mainly en-

abled by deep sequencing each round of selection and therefore providing large enough copy

numbers such that small variations do not significantly affect the enrichment computation.

These variations can be caused by a variety of reasons. First, technological artifacts such as

sequencing errors or low quality reads might affect the final count of a species. Next, these

discrepancies can arise during the aliquotation of the PCR product during the SELEX protocol

itself (see Figure 2.2 in Chapter 2 for a reminder). Here, aptamers already present in large

quantities are not expected to be significantly affected by the sampling process and therefore

retain their initial proportions in the aliquotes. In contrast, low frequency species are subject

to much greater concentration fluctuations due to the mechanical nature of separating the

samples. Finally, the significant difference in the sequenced pool sizes (105− 107 reads) and
the true pool sizes (1013 − 1016 molecules) need to be acknowledged as an additional factor

for the variation in observed aptamer cardinality.

It is therefore not surprising that these variations become increasingly pronounced when

attempting to measure the enrichment of lower frequency species. This is especially true for
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newly introduced mutants whose initial count is typically hundreds to thousands of orders of

magnitude that of their parent sequence, leading to significantly different observed enrich-

ment values when compared to their expected behavior. Hence, any computational model

designed to leverage the enrichment rates of mutants as a predictor for binding affinity must

take the above described artifacts into account.

With these challenges in mind, we specifically asked: (i) is the distribution of mutants

consistent with the random mutation model, and (ii) is it possible to computationally iden-

tify mutations that improve binding affinity. Our study was informed by high-throughput

sequencing data from five rounds of HT-SELEX developing aptamers against the Interleukin

10 receptor alpha chain (IL-10RA). IL-10 is considered to be a master regulator of immunity

to infection and is an important therapeutic molecular target [77].

To address the first question, we utilized AptaCLUSTER to extract all aptamer families

from the selection cycles, and we derived a mathematical estimator of the expected number

of aptamers that originated from the initial pool as opposed to those arising by a mutation

and that are above a specific similarity threshold with respect to an aptamer of interest. We

used this estimator together with our AptaCLUSTER method to obtain families of aptamer

sequences related to each other by mutations. Interestingly, we found that similar to a num-

ber of phenomena in life and social sciences, the distribution of aptamers in these families

follows a scale-free distribution [84]. We obtained the same distribution using our in-silico

aptamer evolution program AptaSIM and we discuss the practical implications of these find-

ings for predicting binding affinity.

To address the second question, we developed AptaMUT - a method to identify mutations

that improve or reduce binding affinity. AptaMUT leverages the cycle-to-cycle enrichment of

all sequenced mutants in an aptamer family between two selection cycles and ranks these

according to their likelihood of improved binding affinity compared to their parent sequence.

Our method directly models the process of aliquotation embedded into the SELEX protocol

as well as additional technological causes for noise in an attempt to detect and discriminate

against these. Using this approach on our IL-10 data set, we successfully identified sev-

eral affinity-improving mutations and we have confirmed these predictions experimentally.

Furthermore, we discovered that in one particular cluster, mutations conferring the biggest

change in the binding affinity stabilized a specific hairpin.

Our results demonstrate that new computational methods cannot only aid the elucida-

tion of under-appreciated properties of the SELEX procedure but can ultimately lead to

uncovering new practical predictive methods and aptamers of desired binding affinity. Taken

together, we demonstrated that HT-SELEX data sets contain previously untapped information

and provided methods for their utilization. We expect that these new methods along with

our complete software suite will become indispensable for guiding aptamer selection and for

uncovering additional general properties of the selection process, hence jointly contributing

to a better utilization of HT-SELEX results.
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Figure 4.8: Visualization of the model used to estimate the significance of enrichment between the

selection rounds. Here, only the sample sets (green) are observable quantities whereas the pool and

experiment sets are hidden. Each selection round is partitioned into three sets denoted as pool, repre-

senting the remaining sequences after selection and amplification, sample, describing the established,

sequenced portion of this pool and experiment, denoting the unknown species forming the input for

the next cycle. mx
s ,m

x
e andmx

p = mx
s = mx

e , stand for the frequency of a sequence in the sets sam-

ple, experiment and pool, respectively. The enrichment of the sequence between selection cycles is

defined as fx→x+1
s for the sample sets and as fx→x+1

e for the experiment sets where c denotes the

ratio of partitioning the pool into the sets sample and experiment.

4.4.1 Algorithmic Description of the Approach

AptaMUT aims at extracting favorable mutants by leveraging the fact that at each cycle, the

sequenced aptamers represent a fraction of the true pool size (Figure 4.8). Starting with the

null model that the binding affinity of the mutant sequence is the same as the parent’s se-

quence (and thus the expected cycle-to-cycle enrichment the mutant is identical to that of the

parent), we compute the probability that observed frequencies in the sequenced portion of

the pool are higher than expected from this null model. This is archived in three main steps:

sequence extraction that identifies favorable and unfavorable mutants in each cluster, scor-

ing, in which we compute a p-value reflecting the statistical significance of a mutant with

respect to their increase in binding affinity as compared to the seed sequence, and multiple

hypothesis correction. In the following, we describe the details of each of these steps.

Sequence Extraction: We define a mutant as a sequence present in a particular cycleX and

the next cycle X + 1, but that has never been encountered in any of the previous rounds.

Consequently, a favorable mutant can be described as a mutant with significantly higher en-
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richment as compared to its parent sequence. Here, enrichment refers to the ratio between

the mutant’s frequency in cyclesX + 1 andX normalized by their respective pool sizes. We

therefore used the clustering results of the four largest aptamer families of selection cycle 5

and extracted potential favorable mutants.

Scoring: In order to compute a score for each mutant reflecting the significance of the

fold-change in enrichment between cycles X and X + 1, we developed a generative model

mirroring the experimental design of the HT-SELEX protocol. The model is based on the no-

tion that the sequenced aptamers at each cycle only represent a fraction of the true pool size

and that the process of selecting these sequences from the pool can be described in terms of

a Bernoulli experiment. In addition we assume that the enrichment and the amplification pro-

cesses are subject to noise modeled by a normal distribution. The model is parameterized

by the expected sequence enrichment so that different sequence enrichments correspond to

different models. Given the model built using the enrichment equal to the enrichment of the

seed, we compute the probability that the mutant’s counts inX andX + 1 could have been

generated by this model. This probability is then normalized by the probability of the optimal

counts, as described below.

We divide each selection round into three distinct sets denoted as pool, representing the

remaining sequences after selection and amplification, sample, describing the established,

sequenced portion of this pool, and experiment, standing for the unknown species forming

the input for the next cycle (see Figure 4.8). Furthermore, let mx
s , m

x
e , and m

x
p = mx

s +mx
e ,

be the frequency of a sequence in the sets sample, experiment, and pool respectively. We

define the enrichment of a sequence between selection cycles X and X + 1 as fx→x+1
s for

the sample sets, and as fx→x+1
e for the experiment sets. Similarly, we define the enrichment

of the parent of the sequence between selection cycles as f̂x→x+1
s for the sample sets and

as f̂x→x+1
e for the experiment sets. Finally, for a mutant that is neutral w.r.t. its parent se-

quence, its expected frequency in the poolX + 1 can be described as

mx+1
p ≈ c ∗ f̂x→x+1

s ∗
(
mx

p −mx
s

)︸ ︷︷ ︸
=mx

e

(4.7)

for any unknown countmx
p in poolX . Here, we use the constant c to model both, the ampli-

fication stage (PCR) after each selection round and for normalization purposes.

Our model then aims at comparing the probability of observing frequenciesmx
s ,m

x+1
s in sam-

ple setsX ,X+1 of a mutant with the probability of observing the expected frequenciesmx
s ,

mx
s*f̂

x→x+1
s . Let P (mx

s ,m
x+1
s , f̂x→x+1

s ) refer to the probability of simultaneously observing

mx
s in sample setX andmx+1

s in sample setX+1 by chance given the expected abundance of
themutant in the experiment sets can be described as a function of the enrichment of the par-

ent sequence between the sample sets. Similarly,P (mx
s , f̂

x→x+1
s ∗mx

s , f̂
x→x+1
s ) refers to the

probability of the mutant being neutral, i.e. observingmx
s and f̂

x→x+1
s ∗mx

s in the sample sets

ofX andX+1 respectively and under the assumption that their actual enrichment is identical

to the seed’s f̂x→x+1
s . Then, we aim to compareP (mx

s ,m
x+1
s , f̂x→x+1

s ) andP (mx
s , f̂

x→x+1
s ∗

mx
s , f̂

x→x+1
s ). We therefore define a significance score S(mx

s ,m
x+1
s , f̂x→x+1

s ) for a mutant

as the probability of the mutant’s observed enrichment being higher than its parent, normal-
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ized by the probability of the mutant being neutral i.e. exhibiting an enrichment rate equal to

its parent sequence:

S(mx
s ,m

x+1
s , f̂x→x+1

s ) =
P
(
mx

s ,m
x+1
s , f̂x→x+1

s

)
P
(
mx

s , f̂
x→x+1
s ∗mx

s , f̂
x→x+1
s

) (4.8)

In what follows, we show how to compute P (mx
s ,m

x+1
s , f̂x→x+1

s ) and P (mx
s , f̂

x→x+1
s ∗

mx
s , f̂

x→x+1
s ). The observations mx

s and mx+1
s in the sample sets can be interpreted as the

result of partitioning poolsX andX + 1 into sample and experiment sets and hence as ran-

dom variables following binomial distributions, in whichmx
s andm

x+1
s correspond to a known

number of successes out ofmx
p andmx+1

p unknown trails respectively. For any frequency of

a mutantmp in each pool, the probability of observing exactlyms mutants in the sample set

is then given by the probability mass function (pmf)

fB(ms,mp, p) = Pr(X = ms) =

(
mp

ms

)
pms(1− p)mp−ms (4.9)

of the Binomial distribution B(mp, p) and the probability of simultaneously observing both

frequencies in the sampled pools corresponds to the product of their respective pmfs. Since

the original number of mutants in pool X is an unknown quantity, we have to consider all

possible pool sizes in order to estimate P (mx
s ,m

x+1
s , f̂x→x+1

s ):

P
(
mx

s ,m
x+1
s , f̂x→x+1

s

)
=

∞∑
mx

p=mx
s

fB
(
mx

p ,m
x
s , p
)
∗ fB

(
mx+1

p ,mx+1
s , p

)
(4.10)

So far, our model is only concerned with possible variations in the number of mutant se-

quences in the pool and does not take into account any biases that might affect the enrich-

ment value of the seed sequence. These noises, such as artifacts during PCR and sequencing

errors, might lead to an overestimation or underestimation of the true enrichment value. We

therefore extend our approach with a continuous random variable f to model the observed

seed enrichment f̂x→x+1
s in the sequenced portion of the pool. More specifically, we assume

that f follows a normal distributionN (f̂x→x+1
s , f̂x→x+1

s /3)with mean f̂x→x+1
s and standard

deviation f̂x→x+1
s /3. We then express the probability of observing frequencies of a mutant

in sample sets X , X + 1 and the probability of observing its expected frequencies as func-

tions of f . It follows that the new significance score of a mutant, denoted as Ŝ , corresponds
to ratio of the expected values of these functions:

Ŝ(mx
s ,m

x+1
s , f̂x→x+1

s ) =

∫∞
0

P (mx
s ,m

x+1
s , f) p(f)df∫∞

0
P
(
mx

s , f̂
x→x+1
s ∗mx

s , f
)
p(f)df

(4.11)

Here, p(f) is the probability density function of the normal distributionN (f̂x→x+1
s ), f̂x→x+1

s /3).
Finally, we approximate each integral within three standard deviations from the mean by dis-

cretizing p(f) into equidistant intervals of length d denoted as k = b2f̂x→x+1
s /dc-1. Below,

we show how to approximate the integral on the example of the numerator and note that the
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denominator is approximated in a similar manner.∫ ∞

0

P
(
mx

s ,m
x+1
s , f

)
p(f)df ≈

∫ 2f̂x→x+1
s

0

P
(
mx

s ,m
x+1
s , f

)
p(f)df

≈
k∑

i=1

P
(
mx

s ,m
x+1
s , f

)
∗ P (i ∗ d ≤ f < (i+ 1) ∗ d)

(4.12)

Setting p = 0.5, therefore assuming that each mutant has equal chance of being selected for

sequencing, allows for the computation of the significance score Ŝ for all favorable mutants

identified during the sequence extraction step. Analogous to p, we set c = 2, hence assum-

ing that after selection, each pool is amplified back to its original size. For the discretization

step, we found that a value of d = 0.5 as the width of intervals yielded the desired accuracy

for our purposes.

Multiple Hypothesis Correction: In our model, each computed p-value p1 . . . px, where
x is the number of identified mutants, corresponds to a different hypothesis H1 . . . Hx

making it necessary to correct for multiple hypothesis testing. We therefore apply a simple

Bonferroni correction to control the p-value’s family-wise error rate (FWER) at level α:

p̃i = x ∗ pi < α

4.4.2 Results

Our results combine the development of dedicated computational methods and insights into

the HT-SELEX process gained using these methods. On the methodological side we devel-

oped AptaMUT and a mathematical estimator of the expected number of aptamers with at

least K% similarity in a given pool. Alongside we report the results of the effort to iden-

tify aptamers targeting IL-10RA that was supported by our computational methods, as well

as general insights into the selection process obtained with these analyses (see Appendix B.2

for selection details).

Identification and analysis of families of sequences related to each other by mutagenesis

The errors during the amplification step of the SELEX procedure can introduce new sequences

into the selection pool. Importantly, the sequences that are selected for and thus appear

in higher copy numbers in the selection pools are most likely to produce mutants. Since the

randomized region is typically relatively long, the coverage of a randomized pool of 107−1015

initial sequences is sparse and such mutants might help to provide additional sampling of

the sequence space around the sequences that are selected for. To better understand the

initial sequence diversity, we started by estimating the expected number sequences with at

leastK% sequence identity in an initial pool ofM random molecules and with a randomized
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Figure 4.9: Comparison of the predicted pool fraction of sequences with an expected sequence sim-

ilarity K between our estimator (dashed lines) and the exact formula (continuous lines). Our estimator

provides a reasonable upper bound for the expected fraction of sequences in an initial pool with at

most K% sequence similarity.

region of length n. This number is given by

F (n, k) =

n
k∑

i=1

(
n
i

)
3i

4n

which, as formally shown in Appendix Section B.3, decreases exponentially with n and where
1
k
is the percent divergence, that isK = 1− 1

k
(See Figure 4.9).

Based on this formula, we set the clustering parameters for AptaCLUSTER such that, with high

probability, all cluster members are obtained as a result of polymerase errors from a common

“founder sequence” - the seed of the cluster. We confirmed that these putative mutants were

indeed absent from early pools (see Table 4.1, Section 4.3). In addition, tracing the clusters

over several selection rounds, we observed that not only the number of clusters decreases

while the average number of the sequences per cluster increases, but also the variability of

the sequences within the clusters increases, consistent with mutagenesis based cluster evo-

lution (Figure 4.10). Importantly, similar to many evolutionary processes [84], the aptamer

counts in each cluster followed approximately a scale-free distribution (Figure 4.11). To con-

firm that this distribution is indeed expected, we utilized AptaSIM and trained its first order

Markov model with the earliest sequenced IL10 round in order to accurately represent the ini-

tial randomized pool in terms of base composition and dependencies within consecutive nu-

cleotides, both possible technology-dependent artifacts. The results obtained with AptaSIM

confirmed that the distribution of sequences related to a given “seed sequence” by mutations

is consistent with distribution within the sequence families obtained with AptaCLUSTER (Fig-

ure 4.11).
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Figure 4.10: Changes in cluster size and diversity throughout the selection cycles. The labels of the

y-axes correspond to the legend names matching the color of their axis ticks. (a) Average cluster size

(blue) and the number of clusters (red) reported by AptaCLUSTER for each of the sequenced pools. (b)

Average (blue) and top (red) cluster diversity for each selection round as measured by the number of

unique sequences per cluster.

Combining cycle-to-cycle enrichment with a probabilistic model to identify mutations that

influence binding

We note that some of the mutated sequences might be better binders than the sequence they

are derived from. Such sequences would not only provide additional candidates for further

in-vitro testing and refinement, but also reveal crucial information about the relevance of the

nucleotide position as a function of binding affinity. However, due to the late introduction

to the pool, their count is low excluding the use of an aptamer sequence’s frequency as a

predictor of their binding affinity. Since aptamers with advantageous binding properties are

expected to be selected in consecutive SELEX rounds at a higher rate as compared to less

affine species, one can therefore use cycle-to-cycle enrichment to predict the relative order-

ing of aptamers with respect to binding strength [85, 68, 69]. In Chapter 4.3, we tested the

utility of cycle-to-cycle enrichment of aptamer frequencies, i.e. their relative increase in mul-

tiplicity as a predictor of binding affinity and found that it to be a better predictor of binding

affinity than the simple aptamer count (see Table 4.2, Section 4.3.4).

Having confirmed the utility of cycle-to-cycle enrichment as a predictor of binding affinity, it

might be tempting to apply this strategy to mutants as well. However the implicit assump-

tion of the cycle-to-cycle enrichment strategy is that the fraction of the pool that is used for

sequencing is a good representative of the fraction that is used as the input for the next cy-

cle. This is a reasonable assumption for abundant sequences but can be incorrect for the

less frequent mutants whose count in the sequenced pool is strongly affected by stochastic

variations during pool partitioning and PCR amplification. Therefore, we developed an ap-

proach that directly models the fact that at each cycle, the sequenced aptamers represent
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Figure 4.11: Scale free nature of the cluster composition. Shown are the distribution of aptamer

frequencies as a function of their counts on the example of the top clusters from the IL-10 selection

(blue) and the simulated data (red) produced by AptaSIM.

a fraction of the true pool size. Specifically, assuming that the partition into sequenced and

experiment pool follows a Bernoulli process, we can compute the probability of observing

a given number of sequence copies in the sequenced pools under the assumption of a par-

ticular enrichment value. After appropriate normalization, we obtain a score reflecting the

likelihood of observing the counts of a mutant in consecutive cycles relative to the expected

counts under the assumption of having the same enrichment as the parent sequence. In this

model, a log of this score near zero indicates a neutral mutant while significantly positive

(respectively negative) log scores indicate a possibility of beneficial (respectively detrimen-

tal) mutants. Note that all scores are computed relative to the parent sequence, and it is

possible that a sequence with a detrimental mutation shows cycle-to-cycle enrichment. The

mathematical details of the test are provided in Section 4.4.1.

Experimental and Computational Validation

We used AptaMUT to identify favorable mutants from three representative clusters identified

by AptaCLUSTER of selection cycle 5 and whose binding affinities of their seed sequences

had been determined to represent strong (Kd = 27nM ), intermediate (Kd = 65nM ) and

weak target (Kd = 120nM ) binding. We scored these mutants by their significance of en-

richment, and experimentally tested a total of 8 candidates for their binding affinity. All but

one mutant showed either comparable Kd values or an increased binding affinity with respect

to their parent sequence (up to 3 fold when starting with a seed with intermediateKd value).

Interestingly, mutants from the strongest target-binding seed did not show improvement

whereas significant better binders could be found in the two remaining categories (Table 4.4)

suggesting that the sequence with intermediate Kd value was easiest to improve upon.

We noted that cluster 1 contained several mutants that were experimentally confirmed to

improve binding affinity. Therefore we asked if these mutants collectively provide insight into

the mechanism behind this improvement and if the analysis of mutants allows for the iden-
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Table 4.4: Selection of mutants belonging to three clusters of interest reported by AptaMUT and

tested for binding affinity (KD). The last column displays the log score of the mutants’ enrichment

with respect to the seed sequence (grayed rows). All but one mutant show higher binding affinities

compared to their parent sequence.

Aptamer Sequence % Pool 5 Enrichment % Pool 4 KD P-Value

TCACAGTCCCGGTGCCGCACTAAAACCCATTGTTGTGCGA 0.14865 3.95120 0.03762 120

TCACAGTCCCGGTGCCGCCCTAAAACCCATTGTTGTGCGA 0.00014 15.33306 9.36E-06 98 1.40E-09

TCACAGTCCCGGTGCCGCACTAAAACCCATTGTTGTGCTA 0.00013 12.52811 1.09E-05 143 7.91E-08

TCACAGTCCCGGTGCCGCACTAAAACCCATTGTTGTGCGT 9.61E-05 8.03605 1.20E-05 78 1.23E-03

TAACACTCGATTCTCCTAGCCCGCTAGAAATTCCCCTCCC 0.07614 30.31212 0.00251 65

TAACACTCGATTCTCCTAGCCCTCTAGAAATTCCCCTCCC 0.00067 429.74213 1.56E-06 46 1.34E-10

TAACACTCGATTCTCCTATCCCGCTAGAAATTCCCCTCCC 0.00030 45.72701 6.76E-06 27 3.00E-2

TAACACTCGATTCCCCTAGCCCGCTAGAAATTCCCCTCCC 0.00020 32.71285 6.24E-06 33 8.00E-2

AGCCATGACGATGTCGTTACGTAGATGCAGAGACTCCTAA 0.00629 1.59079 0.00395 18

AGCCATTACGATGTCGTTACGTAGATGCAGAGACTCCTAA 2.49E-05 11.96811 2.08E-06 19.8 5.79E-06

AGCCATGACGATGTCGTTACGTAGATGTAGAGACTCCTAA 1.67E-05 8.01343 2.08E-06 21.2 7.9E-4

tification of the binding motifs approximate location. To see if this might be the case, we

predicted the secondary structures of the seed and potentially beneficial mutants, selected

based on having a log-score of less than −0.5 (30 in total), as well as the secondary struc-

tures of mutants with the highest depletion rate at the same cutoff (top degenerative mu-

tants, 10 in total). We identified a hairpin loop that showed significantly less mutations in the

set of beneficial mutants as compared to the set of degenerative mutants (p-value= 0.025,
Fisher exact test) suggesting its importance for binding (Figure 4.13). Interestingly some of

the predicted beneficial mutations, including one experimentally confirmed to improve bind-

ing affinity (Mutant 2), were found to induce a conformational change in the structure while

still exposing the conserved loop region. Coincidentally, the mutant with the highest change

in affinity (Mutant 1−Kd = 27nM ) was also predicted to contain the most stable stem loop

region. In addition, a global search for the hairpin loop in all sequenced pools (supported by

the pattern search option implemented within AptaTOOLS) uncovered this motif in unstruc-

tured regions in at least two additional aptamer families which also showed cycle-to-cycle

enrichment but with smaller values as compared to cluster 1. A detailed list of all analyzed

mutants can be found in the Appendix, Table B.4.

We performed a similar analysis for Cluster 2 identifying a total of 46mutants with log-score

smaller than−0.5 for each, the beneficial, and degenerative sets respectively (Appendix, Ta-

ble B.5). Out of the three putatively beneficial mutants that we have experimentally tested

for binding, two confirmed our prediction of increased affinity to the target as compared to

the seed sequence. In this case, manual analysis did not reveal any clearly conserved single

stranded regions or other striking properties that would by eye distinguish beneficial and de-

generative mutants. This prompted us to use additional computational analysis to confirm

the consistency of our predictions. Interestingly, more than half (24/46) of the sequences

belonging to the degenerative set had two mutations per sequence, allowing us to construct

a phylogenetic tree using PAUP [87]. Our null hypothesis was that if our predictions were ran-

dom, the positive and negative sets would be arbitrarily mixed in the tree’s branches. This

however was not what observed. Rather, except for the sub-tree containing the false negative
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Figure 4.12: Structural analysis of the mutants of seed with ID 1 showing a conserved hairpin (indi-

cated in yellow). The hairpin showed significantly less mutations in the set of top beneficial mutants

compared to the mutation rates in the set of degenerative mutants. Structures were predicted using

MFold [86] with standard parameters. Alternative structures induced by nucleotide substitutions are

highlighted in blue and aquamarine respectively. The mutant with the highest improvement in binding

affinity (Mutant 2) correlates with the most stable stem loop.

experimentally tested for binding affinity, the beneficial and degenerative mutants formed

separated branches in the tree (see Figure 4.13). This clustering of mutants, either of the

positive set or the negative set to the same evolutionary branches, validated that AptaMUTs

scoring assignment is consistent with aptamer evolution and not a random pattern.

4.4.3 Discussion

In this section, we focused on the evolution of sequences in the context of an HT-SELEX ex-

periment. Notably, the analysis of the sequence landscape has to start from an understand-

ing of the properties of the initial pool. If all possible sequences where present in the pool

and no polymerase errors or any type of biases occurred, we would expect that consecutive

iterations of the SELEX procedure will converge to optimal binders (Figure 4.2 A). However,

contrary to these theoretical predictions and consistent with other reports [68, 88], we found

the most frequent aptamers are not necessarily the best binders. It is important to appreci-

ate that if the randomized sequence region is relatively long, then the initial pool covers the

universe of all possible sequences very sparsely. We provided a general formula that allows

an estimate of how sparse the sampling is. This observation has two consequences. First, in

the initial cycles, the process of partitioning into the pool that is sequenced and the pool that

goes to the next cycle is expected to be very noisy and this noise is amplified in subsequent

cycles. Therefore cycle-to-cycle enrichment, which is independent on the starting point but

rather captures the enrichment of already abundant sequences, would be a better predictor

of binding propensity than the current norm of using absolute counts. The second conse-
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Figure 4.13: Phylogenetic tree of the mutants from cluster ID 2. Leafs labeled with p (green) corre-

spond to the set of beneficial mutants in the order as depicted in Supplementary Table 3, where leafs

starting with n (blue) stand for the degenerative species. The tree was constructed with PAUP* version

4.0 beta using the heuristic search option (1 Mio iterations) and an initial tree construction by adding

species in the order of increasing log-score.

quence of the scarcity is that it is rather unlikely that any given sequence from the initial pool

is “optimal” with respect to binding no matter how frequent it is (Figure 4.2 B). Instead, they

merely mark the sequence neighborhood where the good binders might be. Incidentally, poly-

merase errors can help to explore these neighborhoods (Figure 4.2 C). Thus it is important to

be able to predict which mutated sequences are likely to improve the binding.

Our AptaMUT procedure is designed, and experimentally and computationally validated,

to serve this purpose. The consequences of identifying such beneficial mutations go beyond
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identifying a better binder. We have demonstrated that the analysis of these mutants can

help to identify important features related to binding, such as structural stability or sequence

properties. Such subtleties are critical to many increasingly sophisticated applications for

aptamers. Currently there are no methods, either experimental or computational, that ad-

dress such requirements. Thus, with proper computational tools, polymerase errors can be

leveraged to increase sampling density around the most important points of the sequence

landscape and to provide valuable information about sequence properties that are important

for binding.
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4.5 AptaTRACE: Sequence-structure Motif Identification

Until now, our algorithm-driven data analysis approaches AptaSIM, AptaCLUSTER, and Apta-

MUT have tackled the challenge of aptamer discovery and protocol optimization from distinct,

yet complementary angles. While AptaSIM is aimed at realistically reproducing SELEX exper-

iments in silico in order to aid the discovery of global selection properties in real data and to

provide a reasonable platform for the generation of benchmarking data sets, AptaCLUSTER

is capable of efficiently extracting aptamer families from high-throughput sequencing data

and tracing these families throughout the different selection rounds. This, among additional

insights, consequently enabled a high-resolution survey of the mutational landscape of the

HT-SELEX protocol through the application of AptaMUT on these aptamer families.

Despite these methods being highly distinct in their basic concepts, they all operate on

full aptamer sequence in order to identify species with the desired properties with respect to

the target and the researchers preference. These candidates are consequently synthesized

and post-processed in vitro, often by reducing their overall size to the relevant target-binding

regions while maintaining their structural stability. This refinement process is typically highly

time consuming and cost intensive as it involves an iterative procedure of informed trail and

error until all biochemical requirements for the aptamers intended use have been satisfied.

At the same time, the vast amount of data produced by modern HT-SELEX experiments has

opened the doors for a global and simultaneous exploration of aptamers and their overall

properties. Notably, this poses the question whether the same data can also be utilized to di-

rectly uncover more localized features, responsible for characteristics such as target affinity

and specificity, shared among multiple aptamer species .

Indeed, one of the most challenging properties to discover concerns the identification of

aptamer regions that facilitate binding to the target. However, the development of uni-

versal methods for the discovery of binding motifs in HT-SELEX data is challenged by the

vast diversity of selection conditions and technological varieties each selection cycle can be

accomplished with. Even more importantly, the complexity of the target is also of great rel-

evance. As a case in point, it has been shown that in vitro selection against transcription

factors, and other molecules that are evolutionary optimized to efficiently recognize specific

DNA/RNA targets, requires only a small number of selection rounds in order to produce high

quality aptamers [36, 26]. On the other side of the spectrum, in the case of CELL-SELEX, the

number of required selection cycles and the amount of non-specific binders that emerge

during selection is significantly larger [29]. Such a target can in general accommodate a

multitude of binding sites, each exposing different binding preferences and leading to a par-

allel selection towards unrelated binding motifs [30]. In addition, one of the very promising

applications of aptamers concerns targeted drug delivery which builds on the principle of

conjugating an aptamer selected against a specific cell surface marker (such as a cell sur-

face receptor) with a drug of interest. This allows to deliver the drug to a distinct cell type and

thus minimizes off-target effects [89, 90, 33]. In such applications, aptamers are typically op-

timized for high target specificity and minimal toxicity rather than maximized binding affinity.

Hence, the exhaustive identification and enumeration of all possible motifs emerging from

HT-SELEX experiments is crucial for the development of aptamers with tailored properties.
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Current motif finding algorithms however have not been designed with these challenges in

mind, and the need for the development of novel computational approaches that address the

characteristics specific to the SELEX protocol has become highly relevant.

Traditionally, motif discovery has been defined as the problem of finding a set of com-

mon sub-sequences that are statistically enriched in a given collection of DNA, RNA, or

protein sequences. To date, a large variety of computational methods in this area has been

published (see [91, 92, 93] for a comprehensive review). In one of the earlier works, Lawrence

and Reilly [94] introduced an Expectation Maximization (EM) based algorithm for finding mo-

tifs from protein sequences. This approach has been consequently adopted by various other

methods [95, 96] including MEME [97] – one of the most widely used programs in this cat-

egory. Lawrence et al. also introduced a Gibbs sampling approach for motif identification

[98] which laid the grounds for other methods such as AlignACE [99], MotifSampler [100], and

BioProspector [101] based on this general technique. In addition, numerous approaches have

been designed based on efficient counting of all possible k-mers in a data set followed by

a statistical analysis of their enrichment. Representatives for this category include Weeder

[102], DREME [74], YMF [103], MDScan [104], and Amadeus [105]. Agius et al. designed a

k-mer based Support Vector Machine discriminative framework for learning transcription fac-

tor binding preferences from high resolution in vitro and in vivo data [106]. Another group of

algorithms that also allows for elucidation of motifs with mismatches is built on suffix tree

techniques (Sagot [107], Pavesi et al. [108], and Leibovich [109]). Furthermore, regression

based methods have been developed that take additional information, such as the affinity

of the input sequences or the genomic regulatory contexts into account. These include, but

are not limited to MatrixREDUCE [110], PREGO [111], ChIPMunk [112], and SeqGL [113]. For

more information, we refer the reader to Weirauch et al. [114] for a comprehensive evalua-

tion of many of the above techniques. Finally, a number of approaches for the identification

of sequence motifs in HT-SELEX data targeting transcription factors (TF-SELEX) have been

published. One representative of this category is BEEML [115], which is, to our knowledge,

the first computational method for finding motifs on this type of high-throughput sequencing

data. Assuming the existence of a single binding motif, the method aims at fitting a binding

energy model to the data which combines independent attributes from each position in the

motif with higher order dependencies. Another method by Jolma et al. approaches the prob-

lem by using k-mers to construct a position weight matrix in order to infer the binding models

[26, 56]. Similarly, Orenstein et al. [116] also uses a k-mer approach based on frequencies

from a single round of selection to identify binding motifs for transcription factor HT-SELEX

data. Notably, despite of HT-SELEX’ capability of generating data from multiple rounds of

selection, all currently existent methods are based on the analysis of only a single selection

cycle. However, choosing the round for optimal motif elucidation is not always trivial, and

while some effort has been made to address this question (see for example Orenstein and

Shamir [116], Jolma et al. [26]) this decision is ultimately left to the user.

The search for motifs in the context of RNA sequences faces another dimension in com-

plexity as binding of ssDNA and RNA molecules is known to be sequence and structure

dependent. In particular, it has been proposed that binding regions in those molecules tend

to be predominantly single stranded [70, 71]. MEMERIS [73], for instance, leverages this as-

sumption by weighting nucleotides according to their likelihood of being unpaired. These
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positional weights then guide MEME to focus the motif search on loop regions. In contrast,

RNAcontext [75] divides the single stranded contexts into known secondary substructures

such as hairpins, bulge loops, inner loops, and stems. Consequently, RNAcontext is capable

of reporting the relative preference of the structural context along with the primary structure

of the potential motif. Recently, Hoinka et al. introduced AptaMotif [8] a method to discover

sequence–structure motifs from SELEX derived aptamers. This method utilizes information

about the structural ensemble of aptamers obtained by enumerating of all possible struc-

tures within a user-defined energy range from the Minimum Free Energy (MFE) structure. By

representing each aptamer as the set of its unique substructures (i.e. hairpins, bulge-loops,

inner-loops, and multi-branch loops), AptaMotif applies an iterative sampling approach com-

bined with sequence-structure alignment techniques to identify high-scoring seeds which are

consequently extended to motifs over the full data set. However, AptaMotif was designed for

sequencing data obtained from traditional SELEX, under the assumption that this data pre-

dominantly consists of motif containing sequences. Subsequently, APTANI [117] extended

AptaMotif to handle larger sequence collections via a set of parameter optimizations and

sampling techniques, but it also expects a high ratio of motif occurrences.

Still, none of the above mentioned methods address the full spectrum of challenges related

to analyzing data from HT-SELEX selections. First, none of these approaches, as currently

implemented, scales well with the data sizes produced by modern high-throughput sequenc-

ing experiments. Next, only a few of the methods consider the existence of secondary motifs

while the majority operates under the assumption that only a single primary motif is present

in the data. This assumption might apply to TF-SELEX, but it cannot be generalized to com-

mon purpose HT-SELEX where many motifs of possibly similar binding strength or optimized

for additional properties such as specificity and toxicity must be considered. Furthermore,

secondary structure information, which has proven effective in guiding the motif search to

biologically relevant binding sites, is not included in most of these methods. A notable ex-

ception is RNAContext which can handle relatively large data sets but suffers from the single

motif assumption that cannot be easily removed. Finally, none of these approaches attempt

to utilize the full scope of the information produced by modern HT-SELEX experiments that

includes sequencing data from multiple rounds of selection.

In order to close this gap, we have developed AptaTRACE, a method for the identification

of sequence-structure motifs for HT-SELEX that utilizes the available data from all sequenced

selection rounds, and which is robust enough to be applicable to a broad spectrum of

RNA/ssDNA HT-SELEX experiments, independent of the target’s properties. Furthermore,

AptaTRACE is not limited to the detection of a single motif but capable of elucidating an

arbitrary number of binding sites along with their corresponding structural preferences.

AptaTRACE approaches the sequence-structure motif finding problem in a novel and unique

way. Unlike previous methods, it does not rely on aptamer frequency or its derivative - cycle-

to-cycle enrichment. Aptamer frequency has been recently shown to be a poor predictor of

aptamer affinity [4, 68, 69], and while cycle-to-cycle enrichment has shown a somewhat bet-

ter performance, the choice of the cycles to compare is not obvious and does not always

allow for extraction of sequence-structure motifs. In contrast, our method builds on tracing

the dynamics of the SELEX process itself to uncover motif-induced selection trends.

57



4 New Algorithms for HT-SELEX Data Analysis

We applied AptaTRACE to sequencing data obtained from realistically simulating SELEX

over 10 rounds of selection (4 million sequences per round) with known binding motifs

as well as to an in vitro CELL-SELEX experiment over 9 selection cycles (40 million se-

quences per cycle). In both cases, our method was successful in extracting highly significant

sequence-structure motifs while scaling well with the 10-fold increase in data size. We veri-

fied the biological relevance of these motifs experimentally via a series of mutation studies in

which either the primary or secondary structure of the motif was removed from a candidate

aptamer. In both cases we observed a significant decrease in binding affinity as compared

to the wild type. Our results furthermore indicate that the vast majority of motifs are residing

in, and are selected for, single stranded regions, consistent with previous reports regarding

RNA-target binding [70]. In addition, we observed that with sufficient sequencing depth, these

motifs can be detected by AptaTRACE relatively early during the selection. Therefore the

ability of AptaTRACE to handle very large input sets opens the possibility of reducing the

required number of selection rounds which are typically expensive to perform in terms of

time and cost.

4.5.1 Materials and Methods

SELEX Simulation Details

In order to create data sets with properties comparable to in vitro HT-SELEX experiments, we

designed a simulation scheme capable of mimicking target-specific selection, error-prone

amplification, as well as the stochastic nature of partitioning each cycle into sequencing set

and selection set. Furthermore, our simulation allows for the introduction of an arbitrary

number of sequence-structure motifs of different sizes and affinities, and provides control

over the binding strength of background sequences. The simulation builds on our AptaSIM

software [4] and extends it to take secondary structure into account. For each aptamer a, we
use |a|, to denote its frequency and abind to denote its binding affinity.

For a user-defined pool size, a set of aptamers containing sequence-structure motifs of

desired length is first produced, using a second order hidden Markov model (HMM) trained

with sequences from an in vitro HT-SELEX experiment. To this end, we generate a sequence

from the HMM, predict its secondary structure and identify all single-stranded regions larger

or equal to the motif size. Next, we substitute the nucleotides in one of these unpaired

regions with the motif and verify, using SFold, that the secondary structure profile of the

motif region is predominantly single stranded. If the average probability of any of the single

stranded secondary structure contexts in the motif region falls below 60%, we discard this

sequence, and otherwise add it to the pool. This procedure is repeated as many times as

required to create the desired number of sequences containing the motifs. The remaining

aptamers are sampled directly from the training data in order to ensure realistic secondary

structure properties that sequences generated directly from the HMM might not necessarily

possess.

Using this set of sequences as input, we perform a weighted sampling without replace-

ment according to the aptamers count and affinity, i.e. until the desired sample size is
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reached, we compute a weight w(a) for each aptamer a as

w(a) =
|a| ∗ abind∑

a∈Rx |a| ∗ abind
, (4.13)

sample a sequence according to this distribution and adjust the weights to account for the

removed aptamer (Rx refers to all unique sequences in pool x). The resulting pool is then

amplified by means of virtual PCR in which the amplification efficiency of the polymerase, as

well as the mutation rate is adjustable. In order to simulate the sampling effect, we inject a

user-defined percentage of singleton aptamers with low affinity, sampled from the training

data, into the pool, and reduce the pool size to its original size by weighted sampling without

replacement where the weights are generated according to the aptamer counts.

After each cycle, the pool is stored in FASTQ format and used as input for our AptaTRACE

algorithm.

CELL-SELEX and Flow Cytometry Experimental Details

The experimental details regarding the CELL-SELEX experiment as well as the flow cytometry

assays are detailed in the Appendix, Chapter B.6.

4.5.2 Algorithmic Description of AptaTRACE

We start with a high-level outline of the method, followed by a more detailed description and

refer the reader to the Appendix Chapter B.7 for a comprehensive list of the parameters used

throughout the remainder of this section.

Top Level Description of the Algorithm

Our method builds on accepted assumptions regarding the general HT-SELEX procedure.

First, we assume that the affinity and specificity of aptamers are mainly attributed to a

combination of localized sequence and structural features that exhibit complementary bio-

chemical properties to a target’s binding site. Given a large number of molecules in the initial

pool it is expected that such binding motifs are embedded in multiple, distinct aptamers.

Consequently, during the selection process, aptamers containing these highly target-affine

sequence-structure motifs will become enriched as compared to target non-specific se-

quences. Notably, under these assumptions, aptamers that contain only the sequence motif

without the appropriate structural context are either not enriched at all, or enriched to a much

lower degree. The second critical assumption we make is the existence of a multitude of

sequence-structure binding motifs that either compete for the same binding site, or are bind-

ing to different surface regions of the target [32, 30].

Leveraging the above properties of the SELEX protocol, AptaTRACE detects sequence-

structure motifs by identifying sequence motifs which undergo selection towards a particular
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secondary structure context. Specifically, we expect that in the initial pool the structural

contexts of each k-mer are distributed according to a background distribution that can be de-

termined from the data. However, for sequence motifs involved in binding, in later selection

cycles, this distribution becomes biased towards the structural context favored by the bind-

ing interaction with the target site. Consequently, AptaTRACE aims at identifying sequence

motifs whose tendency of residing in a hairpin, bugle loop, inner loop, multiple loop, dangling

end, or of being paired converges to a specific structural context throughout the selection. To

achieve this, for each sequenced pool we compute the distribution of the structural contexts

of all possible k-mers (all possible nucleotides sequences of length k) in all aptamers.

Next, we use the relative entropy (KL-divergence) to estimate, for every k-mer, the change

in the distribution of its secondary structure contexts (K-context distribution, for short) be-

tween any cycle to a later cycle. The sum of these KL-divergence scores over all pairs of

selection cycles defines the context shifting score for a given k-mer. The context shifting

score is thus an estimate of the selection towards the preferred structure(s). Complementing

the context shifting score is the K-context trace, which summarizes the dynamics of the

changes in theK-context distribution over consecutive selection cycles.

In order to assess the statistical significance of these context shifting scores, we additionally

compute a null distribution consisting of context shifting scores derived from k-mers of all

low-affinity aptamers in the selection. This background is used to determine a p-value for the
structural shift for each k-mer. Predicted motifs are then constructed by aggregating over-

lapping k-mers under the restriction that the structural preferences in the overlapped region

are consistent. Finally, Position Specific Weight Matrices (PWM) of these motifs, specifically

their sequence logos, along with their motif context traces (the average k-context traces of

the k-mers used in the PWM construction), are reported to the user.

Detailed Description of AptaTRACE

AptaTRACE takes as input the sequencing results from all, or a subset of selection cycles

from an HT-SELEX experiment and outputs a list of position specific weight matrices (PWMs)

along with a visual representation of the motifs structural context shift throughout the selec-

tion.

K-context and K-context Distribution: Any individual occurrence of a k-mer in an aptamer

has a specific secondary structure context calledK-context that depends on the structure of

that particular aptamer. In what follows, letKi be the i-th k-mer (using an arbitrary indexing

of all 4k possible k-mers over the alphabetΩs = {A,C,G, T}). In addition, letRx be the set

of unique aptamers sequenced in selection round x that have a frequency above a threshold

α (this facilitates noise reduction - see computation of p-value below and Fig. 4.14, A).

First, for every aptamer a of fixed length n in Rx, we use SFold [118] to estimate the prob-

ability for each nucleotide in a of being part of a hairpin (H), an inner loop (I), a bulge loop

(B), a multi-loop (M), a dangling end (D), or being paired (P) (Fig. 4.14, B). Each aptamer a is

hence associated with a matrix of dimension |ΩC | × n, where ΩC = {H, I,B,M,D, P},
in which rows correspond to a particular context C while each column contains the context
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probabilities of the corresponding nucleotide in a. Next, we define the K-context of a k-mer

occurrence in aptamer a as the row-wise mean of the context probabilities over the matrix

columns corresponding to the location of that k-mer in the aptamer sequence.

Recall, that the main idea behind AptaTRACE is to track the changes in secondary struc-

ture preferences of k-mers over the selection cycles. Capturing these secondary structure

preferences should therefore take the entirety ofK-contexts from all occurrences of a k-mer

in a particular selection cycle into account. Thus, we define the K-context distribution of

a k-mer Ki in round x as the averaged secondary structure profile of all K-contexts of Ki

over all aptamers in Rx. Formally, let Px
i (C), where C ∈ ΩC , be the average probability of

the structural context C over all occurrences of the k-mer Ki in all aptamers that meet the

threshold criteria in round x. Then, the K-context distribution of Ki in round x is the vector

Px
i = [Px

i (H),Px
i (B),Px

i (I),Px
i (M),Px

i (D),Px
i (P )], normalized such that all entries sum

up to one. (Fig. 4.14 C).

Analysis of the Shift of K-context Distributions during Selection: If a k-mer forms part

of a sequence-structure binding motif, its K-context distribution is expected to shift to-

wards the context C that is preferred for the binding interaction throughout the selection. In

contrast, if a k-mer is not affected by selection, we expect little to no change in its context

distribution over consecutive rounds. We can capture this dynamics for any k-mer Ki by its

so calledK-context traceKi = [P0
i ,P1

i , . . . ,Pm
i ], defined as a vector tracking theK-context

distribution over allm selection cycles (Fig 4.14 D). Our method consequently quantifies such

shifts in the K-context distribution using the Kullback–Leibler divergence (relative entropy)

– a measure for the difference between two probability distributions. Here, for any k-merKi

the first distribution corresponds to the K-context distribution Px
i of an earlier round x and

the second to theK-context distribution Py
i of a later selection cycle y.

The KL-divergence between two appropriately chosen selection cycles might suffice, at

least for some scenarios such as TF-SELEX, to capture the shifts inK-context distributions.

In practice however, for larger and more complex targets the selection landscape tends to be

increasingly complicated, with various aptamers achieving peak enrichment at different se-

lection cycles. This convolutes the task of confidently choosing such two presumably most

informative cycles while ignoring the remaining information. Therefore, to capture the totality

of changes during the entire selection, we compute the cumulative KL-divergence between

all pairs of sequenced pools. In summary, we define the context shifting score score(Ki) for
k-merKi as

score(Ki) =
m−1∑
x=1

m∑
y=x+1

DKL(Py
i ‖Px

i )

=
m−1∑
x=1

m∑
y=x+1

[ ∑
C∈ΩC

Py
i (C)× log

Py
i (C)

Px
i (C)

]
,

where DKL(P‖Q) is the Kullback–Leibler divergence between two discrete distributions P
and Q. To ensure statistical accuracy, the context shifting scores are only calculated for all

k-mers with a count of at least β individual occurrences in each pool (here, β = 100).
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4.5 AptaTRACE: Sequence-structure Motif Identification

Significance Estimation and p-value Computation: While the context shifting score es-

tablishes a ranking of the k-mers in order of their overall change in secondary structure

context, it does not provide any information over the statistical significance of that shift, i.e. it

cannot distinguish between changes in response to the true selection pressure and changes

associated with background noise such as non-binding species. These background species

however are expected to occur in very low numbers throughout the selection. We leverage

this property by using the context shifting scores of the k-mers from these low-count ap-

tamers to construct a null distribution that is used to identify the significant context shifting

scores for the full data set. In detail, we include all k-mer occurrences from aptamers that

are not included in the previous generation of the context profiles, i.e. all aptamers below or

equal to the user defined threshold α. α is chosen as the smallest integer T starting from 1

such that there is at least two thirds of aptamers in any selection round except for the initial

pool that have frequencies less than or equal to T . We note that the resulting null follows a

log-normal distribution in our in vitro experiment as well as for the simulation data presented

in this study (see Section 4.5.3 for details).

The above described procedure hence allows for the computation of a p-value for each

K-context trace and we only retain those K-context traces with p-value below a user speci-

fiable threshold (default: 0.01, Fig.4.14 E-G).

Elucidating Sequence-Structure Motifs and Sequence Logos: In the last step, AptaTRACE

proceeds to extract the final motifs by clustering similar and overlapping k-mers with corre-

lating, statistically significant structural shifts together (Fig 4.14 H). This allows to uncover

sequence-structure motifs that might extend over the chosen k-mer size and to build PWMs

that summarize the motifs. The motif construction is accomplished iteratively. First, k-mers

with significant context shifting scores are sorted in decreasing order according to their k-
mer frequencies in the last selection cycle. We then select the top k-mer as a cluster seed,

iterate through each of the remaining k-mers, and aggregate these to the cluster if they are

sufficiently similar in primary structure and strongly overlap with the seed k-mer (see Sec-

tion B.7 for a detailed description of this rather straight forward approach). Structurally, the

K-context trace of the new cluster members must also display similar structural shifts that

correlate with the seed in order to be included into the cluster. The similarities of the context

shifts are quantified by identifying the specific structural context C ′ that changes the most

over the selection rounds for eachKi:

C ′ = argmax
C

f(C) =
m−1∑
x=1

m∑
y=x+1

[
Py
i (C)− Px

i (C)

]
IfC ′ coincides with the dominant context of the seed, we include theK-context to the cluster.

The general notion of the SELEX protocol is that target affine motifs are simultaneously

selected for across multiple aptamer families (an aptamer from the initial pool together

with all its mutants emerging throughout the selection). In complex data landscapes such as

those produced by CELL-SELEX experiments, aptamer families can arise which might contain

additional conserved sequence-structure regions which co-occur with the main motif only in
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a minority of family members. Due to their limited number of occurrence, these ”passenger

motifs” are not expected to be relevant for the aptamers biological activity and are therefore

to be considered as noise. We solve this scenario by including an additional filtering step in

order to retain only those clusters which represent motifs occurring independently across

multiple aptamer families. Hence, for each additional cluster to be included in AptaTRACE’s

output, we perform the following validation scheme (additional information is provided in Sec-

tion B.7): Let L be set of retained clusters so far, let S(x) stand for the set of aptamers

in the last cycle containing the motif x, and let S(X) correspond to the set of aptamers

that contains any motif in any motif set X . After obtaining the motif x, we only retain x if

the set of aptamers containing motifs already present in L is less than γ (γ ∈ [0, 1]) of the
cardinality of S(x), i.e.

|S(x) ∩ S(L)| ≤ γ |S(x)|

Finally, the resulting motifs are reported to the user via their PWMs, sequence logos and their

motif context traces, defined as the averaged K-context traces of those k-mers constitut-

ing the PWM. The set of aptamer candidates that satisfy both, the primary and secondary

structure properties of the motifs, sorted by their statistical significance or frequency of oc-

currence is also included in the output (Fig. 4.14 I).

Choosing an Appropriate Value for k: The number of clusters that results from the applica-

tion of our approach to a particular dataset, can also serve as a measure for an appropriate

choice of the k-mer size for a particular data set. By choosing k such that it maximizes the

number of the resulting clusters, we ensure to capture all motifs in the sequencing data.

Implementation Details and Runtime: Our AptaTRACE pipeline is implemented as a modular

system in C++ and Java. RNA secondary structure profiles for all aptamers in the pool were

predicted in parallel on the server farm at the National Center for Biotechnology Information,

NIH, using 1000 Cores and 200MB of RAM per job. The simulated data required about

5 hours of wall clock time, whereas the in vitro selection data finished in roughly 4 days.

The enumeration of k-mers and consequent extraction of k-contexts was implemented as a

multi-threaded C++ library and is capable of processing the here presented results in approx-

imately 10 hours for the combined choices of k between 5-8 on a large memory server with

100 CPUs. Finally, the context shifting scores, k-mer extraction, and clustering are imple-

mented as a multi-threaded JAVA program requiring 1-4 hours, depending on the data size,

for its completion.

4.5.3 Results

We start by using simulated data produced with a novel, extended version of our AptaSIM

program [4] to compare the performance of AptaTRACE to other methods that can handle

similar data sizes or incorporate secondary structure into their models. Finally, we show our

results of applying AptaTRACE to an in vitro selection consisting of high-throughput data from

9 rounds of cell-SELEX (see Section B.6 in the Appendix for experimental details).
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Figure 4.15: Left: Comparison of AptaTRACE against other methods based on simulated data. Ap-

taTRACE was applied to the entire dataset as well as to the last selection cycle only. While our method

successfully identified all implanted motifs, DREME was only able of extracting 3 out of 5. Shown in

the first two columns are the implanted motifs and their binding affinity used throughout the selection

(B.A.). The output PWMs produced by the tested methods that correspond to the implanted motifs are

displayed in the remaining columns. Right: Plot depicting the number of false positive motifs reported

by DREME (blue line) and AptaTRACE on the x-axis against the number of true positives recovered on

the y-axis. For AptaTRACE, we utilized only the initial pool and the last cycle as input (green line), and

the full simulated dataset (red line). The former yielded 15 motifs, while applying our method onto the

full dataset a total of 12 motifs were identified.

Results on Simulated Data

To test our new approach, we applied AptaTRACE to a data set generated by means of in

silico SELEX as no benchmarking set that could be used as a gold standard is currently avail-

able. To this end, we used an extension to our AptaSIM program [4] designed to realistically

simulate target-specific selection including, among other factors, species affinity, polymerase

amplification and polymerase errors, and the effects of sampling from the selection pools for

sequencing. Our current extension additionally allows for implanting sequence-structure mo-

tifs with well defined properties. We generated a data set of 4 million sequences per round

containing 5 motifs (denoted here as motifs (a)-(e)), 5-8 nucleotides in length, and located

predominantly in unpaired regions. Note that the motifs’ primary structures also occur ran-

domly in the background aptamers, albeit in arbitrary structural contexts, and that the motifs

are hence not over-represented in the initial pool. Each motif was initially present in 100 dif-

ferent target-affine aptamer species and consequently selected for over 10 rounds of SELEX.

A complete description of the simulation as well as the parameters used during in silico SE-

LEX are available in Supplementary Information, respectively.

We applied AptaTRACE, as well as DREME and RNAcontext to the data set to compare

their capability of extracting these motifs. Since DREME and RNAcontext can only be applied

to one selection round at a time, we provided these two approaches with data from the last

selection cycle alone, choosing the initial pool as background when required. Since DREME

and RNAcontext only utilizes the initial pool and the last selection round, AptaTRACE was ap-

plied to these two pools as well. Notably, RNAcontext was not capable of handling 4 million

sequences in a reasonable time frame, prompting us to sample the 10000 most frequent and

least frequent sequences of the last selection cycle as input. The full scope of parameters

used for these methods during the comparison are detailed in Parameters used in this Study
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in Supplementary Information.

Since RNAcontext’s model assumes a single motif in the whole dataset, a direct compar-

ison would not be fair for that software. Nonetheless, we examined the possibility of the

method of identifying at least one binding site due to the large abundance of implanted motif

(a) in the final selection round, however without success. Fig. 4.15 (left) summarizes the

results of AptaTRACE when applied to the full dataset, as well as to the last selection cycle

only, compared to DREME’s performance. While DREME failed to identify the low-affinity mo-

tifs (d) and (e), AptaTRACE was able to recover all motifs in both test scenarios. In addition,

AptaTRACE exhibits, by a large margin, the lowest false discovery rate compared to other

methods (see Fig. 4.15 (right))

A more detailed summary of the sequence logos extracted by our approach on the full data

set, including their motif context traces and statistical significance, is available in Fig. 4.16.

Interestingly, a visual inspection of the motif context trace (last column, Fig. 4.16) points

to the possibility of capturing most of these motifs at earlier cycles. Indeed, computing the

selection round in which a motif was first detected by AptaTRACE (column C∗, Fig. 4.16),

confirmed this expectation.
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Figure 4.16: Sequence-structure motifs identified by AptaTRACE from virtual SELEX given all 10 se-

lection cycles, including the initial pool, as input. AptaTRACE was able to recover all 5 motifs. Shown

here are the identified sequence logos, the k-mer that scored highest in significance used for construc-

tion of eachmotif (seed) and its p-value, the abundance of seed of the motif in the final selection round

(Frequency), the first cycle at which the motif was detected (C∗), as well as the motif context trace

throughout the selection from the initial pool to round 10.

Results on CELL-SELEX Data

Next, we applied AptaTRACE to the results of an in vitro CELL-SELEX experiment targeting the

C-C chemokine receptor type 7 (CCR7), where the initial pool as well as 7 of 9 selection rounds
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have been sequenced, averaging 40 million aptamers per cycle (see Material and Methods

Section B.6 for a detailed description of the experimental procedure). We did not challenge

DREME with this task, since this data set is 10-fold larger in size compared to the simulated

selection, and even in the latter case DREME required approximately 4 days to complete. Ap-

taTRACE was able to successfully extract a total of 9 motifs, the five most frequent of which

are shown in Fig. 4.17, and the full list is given in Supplementary Information.

The context trace of these motifs hints towards two properties of the selection process.
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Figure 4.17: The full set of sequence-structure motifs as produced by AptaTRACE on CELL-SELEX

data. The sequence logo as well as the most frequent k-mer constituting the logo (Logo Seed) and its

p-value are depicted for each motif together with its seed frequency. The motif context trace for the

sequenced cycles (0,1,3,5,6,7,8,9) is shown in the last column.

First, a clear selection towards single stranded regions for every extracted motif can be ob-

served. It has always been postulated that ssDNA/RNA binding motifs are predominantly

located in loop regions [71]. Indeed, this assumption was leveraged by MEMERIS, by impos-

ing structural priors directing the motif search towards single stranded regions. In the case

of AptaTRACE, no prior assumption of this type was made. The fact that despite a lack of

such priors, motifs detected by AptaTRACE conform with the expected properties of RNA
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sequence-structure binding sites support their relevance for binding.

Experimental Validation

We further substantiated our findings in vitro by performing a number of flow cytometry based

binding assays using target expressingHeLa cells as positive controls, andHeLa cells in which

the target is repressed as negative controls (see Section B.6 experimental for details). Using

the most prevalent sequence-structure motif as reference, we selected two highly enriched

aptamers denoted as C1-A and C2-A (see Figure 4.18A), which contain this motif in a hairpin

located at the far 3’ end of the randomized region. In order to verify that both sequence and

structure are responsible for the binding interactionwith the target, we additionally engineered

four control experiments based on C2-A in which we either preserved the secondary struc-

ture of the aptamer but replaced the primary structure of the motif with an arbitrary sequence

not related to any motifs identified by AptaTRACE (NEG1-DEL1 and NEG1-DEL2), or selected

aptamers from the pool which retained the primary structure of the motif but in which the

secondary structure is contained within a paired region of the species (NEG1-1 and NEG1-2).

Our binding assays, as depicted in Figure 4.18B, show that while aptamer C1-A exhibits the

highest affinity to the target, C2-A shows substantially greater specificity. More importantly,

our control experiments demonstrate that eliminating either sequence or structure from the

motif results in a significant decrease of binding ability to the target, strengthening our argu-

ment that AptaTRACE is capable of identifying biologically relevant sequence-structuremotifs

from complex HT-SELEX data. Notably, removing the secondary structure component from

the motif resulted in the largest drop in affinity as compared to replacing the primary struc-

ture only, further validating the correlation between motifs located in unpaired regions and

expected binding affinity.

Trade-off between the Number of Selection Cycles and Sequencing Depth

The ability of AptaTRACE to analyze very large data sets opens the possibility of reducing the

number of selection cycles by increasing the sequencing depth. Such a reduction in number

of cycles is desirable for two main reasons. First, with current technology, the cost savings

from reducing the number of cycles outweighs the added cost due to deeper sequencing.

Next, a decrease in the amount of selection rounds allows to reduce the number of potential

artifacts that can accumulate during this multi-step procedure. Since the sequencing depth

of our CELL-SELEX experiment significantly exceeds current practices, we were able to ex-

plore the relationship between (a) sequencing depth, (b) the number of required selection

cycles, and (c) the number of identified motifs by AptaTRACE. For this purpose, we performed

a series of sampling tests on the original data. Specifically, we iteratively reduced the number

of selection cycles down to the first round and randomly selected 5%, 10%, 20%, and 100%

of the sequences in each round. We then utilized AptaTRACE on the scaled down data sets

and computed the ratio between the number of identified seed k-mers and significant k-mers

compared to running AptaTRACE on the full dataset.
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Figure 4.18: Experimental validation of sequence-structure motifs identified by AptaTRACE. (A) de-

picts the selected aptamers, their secondary structure probability profiles, as well as their MFE struc-

ture. For each species, the primer regions of the sequence are colored gray whereas the 30nt long

randomized region is presented in black. The secondary structure probability profile reflects, for each

nucleotide, the probability of residing in a Hairpin, Inner loop, Bulge loop, Multiple loop, or of being

Paired. The position of the motif on the aptamer (as shown in the sequence logo) is highlighted in

green and the primary structure region in which the motif was removed is highlighted in violet. (B)

Flow cytometry analysis of the sequences as shown in (A). Depicted are the percentage of aptamer-

bound cells for target-expressing HeLa cells (dark blue) and target-lacking HeLa cells (light blue) as

compared to a high affinity antibody (CCR7 AB).

The results, depicted in Figure 4.19, suggest that AptaTRACE is capable of identifying

motif signals from as early as selection cycle 3 and that with only 5 rounds the vast majority

of motifs ( 80%) can be recovered. These findings therefore strongly indicate towards the

possibility of trading off additional (and expensive) selection cycles in favor of deeper (and

more economic) high throughput sequencing even when analyzing complex landscapes as

those generated by CELL-SELEX experiments.

4.5.4 Discussion

The importance of the ability to identify sequence-structure binding motifs in HT-SELEX data,

and thus to predict the features behind binding affinity and specificity, cannot be overesti-

mated. First, for RNA binding proteins, elucidating these motifs is important for understand-

ing their function. In the context of targeted drug therapy, where the selected aptamers are

consequently conjugated with a therapeutic RNA/DNA sequence, it is crucial to know which

part of the aptamer is most relevant for biding so the sequence-structure properties are pre-

served in the conjugate construct. Finally, in the scope of CELL-SELEX, the current practice

relies on interleaving positive and negative selection steps [57]. The purpose of the negative
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Figure 4.19: Percentage of significant k-mers identified by AptaTRACE when reducing the number of

cycles and sequencing depth. Each bar corresponds to the application of our approach onto a reduced

dataset containing all selection cycles up to roundxwhile utilizing a randomsubset of y% reads of each

cycle. The height of each bar stands for the percentage of the number of retrieved significant k-mers

compared to running AptaTRACE on the full Cell-SELEX data. The standard deviations correspond to

the sampling effects caused by repeating each experiment 20 times.

selection is to remove aptamers that interact with non-target molecules or non-target cells

such as for instance healthy cells. However, as it can be appreciated from Figure 4.18 B,

with this strategy some residual binding to the negative target persists. The development

of AptaTRACE opens alternative strategies. In particular, it can be used to computationally

detect the motifs responsible for binding to the negative and positive targets and thus enable

rational aptamer design.

An important feature of AptaTRACE is that, rather than using quantitative information, it

directly leverages the experimental design of the SELEX protocol and identifies motifs that

are under selection through appropriately composed scoring functions. By focusing on local

motifs that are selected for, AptaTRACE bypasses global biases such as the PCR bias, which

is typically related to more universal sequence properties such as the CG content. In addition,

because AptaTRACE measures selection towards a sequence-structure motif by its shift in

the distribution of the structural context and not based on abundance, it can uncover statisti-

cally significant motifs that are selected for even when these only form a small fraction of the

pool. This is an important property that can ultimately help to shorten the number of cycles

needed for selection and thus to reduce the overall cost of the procedure.

In testing on simulated data, AptaTRACE outperformed other methods, in part because

these methods were not specifically designed to handle this type of data. Furthermore, no

competitors exist that could be tested on in vitro data as none of the current programs scale

to the amount of data points produced by HT-SELEX. We successfully validated the biological

relevance of the motifs identified in this study via a series of mutation studies coupled with

flow cytometry experiments. Removing either the primary or secondary structure of the motif

resulted in a significant decrease in target affinity. These tests, in combination with the ob-

servation that the motifs converge structurally to loop regions, provide reassuring evidence
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4.5 AptaTRACE: Sequence-structure Motif Identification

for the correctness of our approach and are consistent with the accepted view where such

binding sites reside.

Sequence logos provide a convenient visualization of the selected motifs. For TF bind-

ing, information used to derive these logos also serve to estimate their binding energy

[119, 120]. However, for general HT-SELEX this connection is less immediate as one has

to take into account the energy contribution from the structure component [121]. Perhaps

even more importantly, aptamers binding to large cell surfaces are likely to be exposed to

more binding opportunities than aptamers binding to single receptors and thus the number of

resulting motifs can be expressed as a function of interaction probability and binding affinity.

We hypothesize that the here presented K-context trace will be helpful in untangling some

of these contributions.

Finally, analysis of the K-context trace indicates that the selection signal can be identi-

fied at very early cycles. This suggested that, with deep enough sequencing, only a limited

number of selection cycles might be required and we have confirmed this expectation. In ad-

dition, our analysis also shows that the dynamics ofK-context traces is not the same for all

sequence-structure motifs. While most trends essentially stabilize at a relatively early cycle,

some continue to grow. We hypothesize that this type of information can aid the identifica-

tion of the most promising binders. Note that while we defined theK-context shifting score

on all pairs of sequenced selection pools, it can also be used to focus the analysis to any part

of the selection as long as it includes at least two cycles. Other variants of the K-context

shifting score (e.g. always using the initial pool as background/reference in the summation)

can also prove informative in discovering of additional details of the selection dynamics. Ap-

taTRACE is not only a powerful method to detect emerging sequence-structure motifs, but

also a flexible tool that can be readily adopted to interrogate such selection dynamics.
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5
Visualization

“ By visualizing information, we turn it into a landscape that you can explore

with your eyes, a sort of information map. And when you’re lost in informa-

tion, an information map is kind of useful. ”
David McCandless, 2010

Chapter 4 provided an insight into the advancements of algorithm driven aptamer analysis

enabled by the massive amount of data produced through modern HT-SELEX experiments.

While approaches such as AptaTRACE aim at significantly reducing the total amount of

candidate aptamers via the identification of biologically relevant sequence-structure motifs

responsible for binding the target, methods such as AptaCLUSTER are more concerned with

rearranging the complete dataset into meaningful sub-units and tracing these throughout the

selection. This poses the question as to how to efficiently represent millions of data points

and their relation between each other in a clear, concise and easily accessible manner. Given

the size of the data, it might not be surprising that purely text-based tools to visualize and

manipulate aptamers have proven impractical and time consuming for many researchers in

this field.

To close this gap, we developed AptaGUI, a platform independent graphical user interface

(GUI) for the dynamic visualization of HT-SELEX data. In particular, AptaGUI includes support

for applications of our AptaCLUSTERpackage, including but not limited to data preprocessing,

tracking the changes of aptamer families throughout selection cycles, computing cycle-to-

cycle enrichment, aptamer candidate identification, and candidate refinement through the

analysis of mutagenesis driven selection.

AptaGUI currently features four main sections focusing on (a) data quality control, (b) experi-

mental details such as enrichment statistics throughout selection cycles, (c) sequence based

analysis, and (d) aptamer family (cluster) based analysis. In addition, AptaGUI provides se-

cure, global, multi-user access to the data-sets via our RESTful API denoted as AptaREST

hence enabling real-time, collaborative studies in the field of aptamer discovery.
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5 Visualization

Figure 5.1: Screen capture of AptaGUI showing theOverview tab on the example of our IL-10 selection

utilized in Section 4.3.

5.1 Program Description

AptaGUI is written in Java and uses a MySQL database containing all results produced by

our software package AptaTOOLS. AptaTOOLS includes, in addition to basic analysis tools,

the clustering algorithm AptaCLUSTER and the mutant analysis utility AptaMUT [4, 3]. The

interface is tabulated into four sections denoted as Overview, Experiment Details, Sequence

Relations, and Cluster Relations, each of which corresponding to a fundamental aspect of

aptamer related data analysis.

The Overview tab displays general information about a selected experiment, including but

not limited to quality control reports and selection round details (see Figure 5.1). In terms of

quality control, it provides several statistics in the Sequence Import Statistics panel regarding

the consistency of paired-end sequence reads, demultiplexing the reads into the different se-

lection rounds, and extracting the randomized region. Furthermore, by clicking on the value

of Processed Reads, the user has the option to view additional details regarding the distribu-

tion of the assembled contig sizes if paired-end data was used. This information can prove

valuable for quality control purposes, especially when several selections have been multi-

plexed and jointly sequenced on the same lane. In a similar fashion, AptaGUI is capable of

producing a bar chart depicting the distribution of the identified randomized region sizes dur-

ing the preprocessing stages of the input data. This plot can be leveraged to reveal possible

secondary aptamer families which differ in the expected randomized region size from the

original pool that were created by PCR induced insertions or deletions but that remained in

the pool due to their putative target affinity.

In terms of selection round details, for each sequenced cycle, tag-primer combinations used

during selection and sequencing, the pool size, the pools nucleotide distribution, and detailed

information regarding the cycles nucleotide composition for the forward reads, reverse reads
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5.1 Program Description

Figure 5.2: Screen capture of AptaGUI showing the Experiment Details tab on the example of our

IL-10 selection utilized in Section 4.3.

(if paired-end data was used), and the randomized regions that passed the demultiplexing

and quality control filters is displayed. Finally, for each round, the option to view all aptamers

as well as aptamer families and control cycles (should these be available) is also available.

Taken together, the data summarized in this tab serves as a first step to quickly asses the

overall quality of not only the raw sequencing data, but also the quality of the selection pro-

cess itself.

The Experiment Details tab (see Figure 5.2) provides information regarding global selec-

tion properties of the SELEX experiment for both sequences, and aptamer families. For

sequences, it summarizes the frequency of singletons (aptamers with a count of 1), the

frequency of enriched species, as well as the percentage of distinct aptamers that make up

each pool. Equivalently, for aptamer families (clusters), the average cluster size and diversity

(i.e. the number of unique aptamers per family), as well as the number of clusters per pool

is displayed. These pool properties allow for progress assessment of the SELEX experiment

and provide insight into the exponential enrichment aspects of target-affine species in the

pool.

The Sequence Relations tab retrieves detailed information regarding sequence count (the

frequency of the aptamer), fraction (the percent of this aptamer w.r.t. the pool size), and

enrichment (fold change in fraction between consecutive cycles) for every aptamer in the ex-

periment and for every selection cycle present in the experiment (Figure 5.3). The enrichment

values between consecutive selection cycles can also be plotted graphically as a function

of the cycle number allowing for capturing cycle specific enrichment dynamics. In addition,

aptamer sequences can be queried for occurrences of a particular motif (including wild-card

searches). The results are displayed according to the users specifications including sorting

aptamers of a specific cycle by count, fraction, or enrichment, allowing for easy accesses
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5 Visualization

Figure 5.3: Screen capture of AptaGUI showing the Sequence Relations tab on the example of our

IL-10 selection utilized in Section 4.3.

to aptamers of interest. AptaGUI also supports the prediction and graphical presentation of

secondary structures for single aptamers as well as aptamer families (consensus structures)

via the integration of PPFold and VaRNA [122, 123] into the software. Furthermore, each

sequence can be annotated with custom information in real time for collaborative editing

and analysis of a dataset across multiple platforms. Finally, candidate sequences can be

exported (with or without primers) should any kind of post-processing by third party software

be required.

The Cluster Relations tab provides detailed information about aptamer families identified by

AptaCLUSTER and their relation throughout the selection cycles (Figure 5.4). For each family,

the cluster identified in the last selection round and the corresponding clusters from all pre-

vious selection cycles are shown. Each cluster is summarized by its sequence logo and, in

analogy to the properties shown in the Sequence Relations tab, displays its size (total number

of sequences), pool fraction (the percentage the cluster occupies in the corresponding selec-

tion round), the cluster diversity (number of unique sequences in the cluster), as well as the

clusters enrichment. The cluster enrichment values can be analyzed graphically on order to

identify aptamer families of potential interest. Additional information for each cluster, includ-

ing a list of its comprising sequences, the distribution of their counts, and a comprehensive

analysis of the single nucleotide variations present in the cluster is available by clicking the

Show Sequences button. Additionally, the user has the option to sort the clusters based on

size, unique sequences, or enrichment and to search for particular clusters containing a spe-

cific, possibly gaped, sequence motif. Finally, a global overview of the distribution of cluster

sizes (cluster size vs. their frequency of occurrence) for all selection rounds is also provided.

A large number of additional features, such as the analysis of mutants within each cluster
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5.2 AptaREST: Secure and Global Database Communication

Figure 5.4: Screen capture of AptaGUI showing the Cluster Relations tab on the example of our IL-10

selection utilized in Section 4.3.

via AptaMUT [4], and the ability to export all aptamer sequences from the different selection

cycles in FASTQ format, are described in the user manual available online.

5.2 AptaREST: Secure and Global Database Communication

As previously described, AptaGUI retrieves and visualizes data stored in a MySQL database

for efficient querying and combining different data sources. At the same time, the ability

of realizing secure data communication between local and remote systems is becoming

increasingly important, and in many research institutions, mandatory in today’s globalized IT

infrastructure. This is especially crucial for systems such as AptaCLUSTER in combination

with AptaGUI, as the computer systems running the former and the MySQL database might

not be physically located in the same network as the machine on which AptaGUI is installed.

Similarly, if data is shared, e.g. with collaborators, it is equally important to provide access to

the local database without compromising security.

In order to allow the different components presented in this work to communicate se-

curely across any platform and network, we additionally developed a RESTful interface called

AptaREST. AptaREST can be installed on a Tomcat Server running in an IT-departments DMZ

(demilitarized zone) which manages communication between the database and the end user

(AptaGUI), hence effectively shielding the database from direct exposure to the outside (see

Figure 5.5). AptaREST is implemented in JAVA and based on the Jersey libraries.
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5 Visualization

Figure 5.5: Schematic representation of utilizing AptaREST in a typical research oriented IT infras-

tructure.

5.3 Conclusion

AptaGUI provides, to the best of our knowledge, the first graphical, multi-user, and platform

independent user interface for navigating high throughput sequencing data from HT-SELEX

experiments and facilitates the identification and analysis of aptamers through its interac-

tive capabilities. At the same time, secure data communication is assured via our AptaREST

interface.

78



6
Conclusion and Outlook

“ If I finish a book a week, I will read only a few thousand books in my lifetime,

about a tenth of a percent of the contents of the greatest libraries of our

time. The trick is to know which books to read. ”
Carl Sagan, Cosmos, 1980

The field of aptamer research in combination with the traditional SELEX protocol has until

recently taken a purely experimental approach to the discovery of species with the desired

properties depending on the intended application. After a target-dependent number of se-

lection cycles, a limited quantity of highly enriched aptamers were cloned and and tested

for their binding properties. This procedure frequently resulted in the selection of aptamers

with lower than desired target affinity due to the large amount of parameters and selection

conditions, ranging from experimental equipment, over temperature, salt concentration, and

incubation time, to the washing procedure, amplification techniques, and ultimately the target

itself, the SELEX protocol offers. Because of the black-box approach, very little techniques

existed for monitoring the actual success of the process throughout the selection cycles .

The introduction, and subsequent coupling, of affordable next-generation sequencing tech-

nologies with Systematic Evolution of Ligands by Exponential Enrichment revolutionized the

selection process by enabling an unprecedented resolution into every stage of the protocol.

The full power of this novel protocol known as HT-SELEX however can only be leveraged in

conjunction with suitable computational tools to guide aptamer discovery. As the same time,

initial in silico approaches typically consisted of ad-hoc counting techniques based on the

equally naive assumption that the multiplicity of a species in a pool directly correlates with

its affinity to the target. While this assumption might hold true in a very limited number of

scenarios such as transcription factor SELEX and selections against other targets evolution-

arily adapted to bind (ribo)nucleic acids, artifacts such as non-specific binding, contaminants

in the initial pool, and PCR biases significantly skew the landscape of the individual aptamer

pools.

True appreciation of the sequencing data produced by modern HT-SELEX experiments is
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therefore only possible with the development of innovative mathematical models which take

the extensive variability of the protocol into account. The implementation of these models

into computational tools is additionally challenged by the immense size of the data, ranging

from 2-50 million individual sequences per cycle, and must put additional emphasis onto the

scalability of the approach in order to remain computationally tractable.

With the exception of specialized in silico techniques for the analysis of transcription factor

SELEX [124], the work presented in this dissertation constitutes, to the best of our knowl-

edge, the first attempt of comprehensively bridging the gap between the experimental realm

of aptamer discovery and the theory-driven, computational power of modern data process-

ing. Our AptaTOOLS suite therefore engages at the earliest possible stage and provides an

efficient, robust, and scalable preprocessing routine for raw aptamer sequencing data via our

AptaPLEX software. AptaPLEX is capable of extracting aptamers and demultiplexing jointly

sequenced selection cycles while filtering out low quality reads, providing a de-facto standard

for downstream processing. Next, we offer a wide array of analysis pipelines for aptamer

family identification and tracing (AptaCLUSTER), aptamer refinement by means of favorable

mutation recognition (AptaMUT), sequence-structure motif identification (AptaTRACE), and

in silico SELEX approaches for the study of the protocol itself in a controlled environment

(AptaSIM). In recognition of the vast amount of information produced by these methods we

developed AptaSIM, a fully interactive, graphical user interface able to visualize many aspects

of our aptamer related research and provide the wet-lab scientist with meaningful information

regarding the quality, enrichment properties, and candidate sequences of the selection. Nat-

urally, a number of open questions and possibilities of improvement for the existing methods

remain despite these advances.

Until now, clustering of aptamers related to each other by sequence was realized using clas-

sical hierarchical clustering techniques in conjunction with appropriate similarity functions

based on the number of mismatches between two species or more advanced methods such

the edit distance. While these approaches are suitable to cluster data sizes from technolo-

gies such as Illumina’s MiSeq sequencer, next-generation HiSeq systems, producing at least

10-fold the throughput, make such naive clustering techniques computationally untrackable.

AptaCLUSTER provides a solution to this problem by closely approximating the exact solution

of hierarchical clustering approaches on modern desktop hardware. The key innovation com-

bines the concept of locality sensitive hashing and the fact that, at least in theory, the length

of each aptamer is well defined by its randomized region size and flanking primer regions.

The considerable speedup however comes at the cost of certain limitations within AptaCLUS-

TER. While our technique has proven effective for the identification of aptamer families and

tracing their behavior throughout the selection, it cannot cope with aptamers containing in-

sertions or deletions introduced into the selection due to error-prone polymerase. Extending

our method to be sensitive towards indels therefore remains a challenge yet to be solved.

This is important because these species are often of equal interest to the experimentalist as,

analogous to aptamers containing nucleotide mutations, they might exhibit improved binding

affinities or other desired properties towards the target.

Until now, and despite its potential, the mutational landscape of aptamer pools has typically

been regarded as a nuance and has largely been ignored in traditional in silico SELEX analy-
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sis. Two main factors contributed to this development. First, ad-hoc methods were largely

based on simple counting techniques and focused their attention on a small subset of high-

frequency species, true to the assumption that these would correspond to the best binders.

In contrast, the introduction of mutants into the selection can occur at any SELEX round and,

compared to already enriched species, these are only present in a minute initial quantity. Sec-

ond, the realization of cycle-to-cycle enrichment as a superior predictor of binding affinity had

not yet been fully established. With AptaMUT, we introduced a first mathematical approach

which not only takes advantage of cycle-to-cycle enrichment but directly incorporates the

experimental design of the SELEX protocol itself into the model. This allowed us to discrimi-

nate between mutants with improved binding affinity compared to their parent sequence and

between those species whose mutation deteriorates (or does no affect) the interaction with

the target. Notably, our approach is currently based on primary structure properties only and

we hypothesize that extending AptaMUT to include the effect of these mutations onto the

secondary structure might further increase its predictive power. This is of relevance as it is

well known that aptamer-target binding is a function of both sequence and structural fea-

tures. Understanding the mutational landscape on both levels could therefore significantly

aid the discovery of the conformational characteristics that facilitate binding to the target.

The inclusion of secondary structure information into the model driving AptaSIM is also

expected to improve the accuracy of the simulation. While our simulations allow, among

many other parameters, for a fine-grained control of error-prone amplification, any mutations

introduced into the pool currently get assigned the affinity value of their parent sequence. As

a consequence, any structural changes that might arise due to these mutations, and can po-

tentially influence the binding affinity to the target, are currently not taken into account. The

inclusion of this feature was mainly limited by the high computational burden of predicting

the secondary structure of millions of sequences. In future releases however, and as a re-

sult of recent advances in more efficient secondary structure prediction algorithms, we plan

to incorporate this feature into our approach. Specifically, we plan to extend the simulated

amplification with a probabilistic approach which, for each mutant, predicts its secondary

structure and assesses the degree of change to the parent aptamer through an appropriate

similarity function. Small structural variations then contribute an at random either positive or

negative small value to the binding affinity, whereas large changes in secondary structure are

assumed to always be detrimental and more pronounced. By leveraging the insights on mu-

tation rate and binding affinity obtained via AptaMUT, an appropriate parameterization of this

method can be achieved. A complete simulation of an experiment that includes structural

information in its model for aptamer-target binding therefore has the potential to elucidate

properties of the SELEX protocol which are currently inaccessible due to the high cost of

performing these in vitro and could lead to optimized selections in terms of aptamer quality,

time, and cost.

The importance and relation of sequence and structure of aptamers to their corresponding

binding affinity cannot be understated. Specifically, the biomolecular recognition mechanism

by which individual species interact with the target is typically localized to a precise region

of the aptamers exhibiting structural and biochemical properties which are complementary

to the surface of the target molecule. Depending on the complexity and size of the target,

a number of binding moieties can exist on its surface, leading to the selection of multiple

81



6 Conclusion and Outlook

affine aptamer families. These families either compete for the same apatope or interact with

a distinct region of the target. Notably, the selection of numerous species belonging to either

the same or to distinct aptamer families which share conserved sequence-structure regions

responsible for target-affinity naturally allows to capture these features as binding motifs.

In the scope of HT-SELEX, we have shown that sequence-structure motifs are highly suit-

able for providing crucial information that is not limited to understanding aptamer features

which facilitate target interaction alone. In addition, by tracing the evolution of these motifs

throughout the selection, they enable the elucidation of selection pressures in unprecedented

resolution and clarity.

Tracing motifs throughout consecutive rounds allowed to uncover the possibility of sig-

nificantly reducing the number of cost-intensive selection cycles of a SELEX experiment in

favor ofmore economical ultra-deep sequencing of the pools in combinationwith AptaTRACE-

based in silico analysis. This is feasible in part because AptaTRACE does not rely on quantita-

tive information such as sequence frequency or cycle-to-cycle enrichment. Instead, it directly

measures the convergence of secondary structure features towards a common substructure

shared by multiple aptamers throughout the selection and compares these to a background

model consisting of low frequency aptamers assumed not to bind the target. The assump-

tion that these regions indeed correspond to the binding regionswas validated experimentally.

Currently, the approaches presented within this work focus on utilizing the information

from positive selection cycles only. However, in an effort to increase the specificity of ap-

tamer candidates, most experimental setups include a series of counter selections (negative

selections) after some (or all) selection cycles. A negative selection round entails incubat-

ing the aptamer pool with a molecule that is related, but not identical to the target. In the

case of protein based SELEX, these typically correspond to homologs from the same pro-

tein family whereas in CELL-SELEX, cells which to not express the target on their surface are

used. In contrast to positive selections, at the end of each incubation step, only the species

which did not bind the negative target are recovered, amplified and used as input for the next

cycle. Notably, the properties and utility of counter-selection data is still largely unexplored

mainly because experimentalists have not considered these pools as valuable aspects of the

selection. However, inclusion of such data into AptaCLUSTER for instance might provide re-

searchers with additional insights into the target-specificity of the aptamer families that have

been selected for. In such an application one would expect a target-specific aptamer family

to decrease in cardinality when comparing positive and negative selections from the same

round. In contrast, background binders are not expected to exhibit this behavior. Information

from negative selections could also benefit the model behind AptaTRACE in order to provide

more accurate background data. Currently, AptaTRACE leverages low-count species in the

sequenced pools to construct a null model that is used to compute the statistical significance

of potential motifs. Determining the threshold at which a sequence is considered background

(non-binders) or foreground (binders) however is not always a trivial task, especially during

the early stages of the selection. Substituting the usage of low-count sequences with data

from the negative selections therefore has the potential to circumvent this issue.

In summary, the approaches presented throughout this dissertation have contributed sig-

nificantly to the advancement of aptamer research in general and are being utilized exten-
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sively, not only by our collaborators, but by the SELEX community as a whole. Our software

is currently available as individual, but compatible tools which can be combined into larger

in silico pipelines. However, in recognition of the specific requirements of this mainly wet-lab

based community, we plan to consolidate our approaches into a single, purely graphical, and

platform independent software package in the near future. By doing so, we hope to achieve

a lasting impact and valued contribution to the amazing field of aptamer discovery.
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A
Appendix: SELEX - Supplementary

Materials and Methods

This chapter contains supplementarymaterials and information regarding the systematic evo-

lution of ligands by exponential enrichment protocol.

A.1 Experimental Details for Partitioning Target-Bound

Species during SELEX

In what follows, a detailed description of the experimental protocols commonly used for par-

titioning the target-bound species from the sequences which do not interact with the target

are provided.

Nitrocellulose filter binding is a partitioning technique commonly employed in selections

against proteins and leverages the differences in electrostatic charge between proteins,

which typically have a net positive charge [125], and DNA/RNA sequences, whose net charge

is overall negative [126]. When applying the solution onto the negatively charged nitrocellu-

lose paper, aptamer-bound proteins are retained on the filter, while the negatively charged

unbound-species repel the filters surface and pass through. The molecules retained on the

filter are consequently recovered by washing these from the cellulose paper using an appro-

priate buffer.

Bead based partitioning represents another accepted technique in order to separate-target

bound species from non-binders. Prior to incubation, the target molecules are immobilized

on a magnetic solid support (beads) which consequently facilitates the partitioning process

when applying an electric field onto the solution. After recovering the beads, the aptamer-

target complexes are purified and removed from the solid support.

Electrophoretic filtering, especially capillary electrophoresis, is also a prevalent technique

in which aptamer complexes and non-interacting species are embedded into a buffer onto

which a high voltage current is applied. Depending on the size and charge of the particles,
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unbound aptamers migrate to the opposite pole at a faster rate than target-bound complexes

yielding the desired separation of the two.

Phosphate-buffered saline and media based washing is typically used for complex tar-

gets such as entire cells (see Section 2.7 for details). Here, cells are immobilized on a

support platform and unbound species are removed by either washing the cells with PBS or

the media in which they are grown in.

A number of additional techniques, including microfluidic separation, microarray-based

methods, and microscopic approaches are also part of the repertoire for partitioning the pool

and vary in popularity depending on the complexity of the target. These however, are more

specialized methods when applied to SELEX and we refer the reader to the excellent review

by Ozer et al. [88] for details.

A.2 Variations of the SELEX Protocol

In what follows, we provide a brief overview of the currently those SELEX protocols which

require a high degree of adaptation as compared to the general approach described above.

Small-Molecule SELEX is mainly concerned with the selection of aptamers binding small

organic or non-organic particles which consequently form the central component in sen-

soring technologies such as drug detection kits in forensic science [55] or for monitoring

metabolites in organic systems [127], among others.

Transcription Factor SELEX (TF-SELEX) is one of the most widely known and effective

selection protocols for the determination of binding site motifs. Here, either a synthesized

initial library, or a library consisting of shotgunned genomic sequences is incubated with the

target. Notably, the specific property of transcription factors of being evolutionarily adapted

to bind (ribo)nucleid acids results in a rapid selection of target affine binders, typically requir-

ing a very low number of selection cycles [36, 45]. Computational analysis of these binders

then enables the generation of accurate binding motifs for the intended target.

Cell SELEX, is a novel and rapidly developing technique and allows for the selection of

aptamers which bind a cell type with high specificity, typically by interacting with a surface

protein uniquely expressed in that particular cell lineage. By conjugating these aptamers with

additional payloads such as pharmaceuticals, targeted drug delivery systems, e.g. against

certain cancer types, can be designed. Specificity of aptamers is commonly achieved by

alternating positive selection cycles against the target cell with negative selections against

related cell types which do not express the surface protein in question. Due to the size and

complexity of these targets, a large number of selection rounds are typically required and

the number of non-specific binders and non-binding sequences in the pools is considerable

larger as compared to selections against purified proteins or smaller molecules.
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B
Appendix: Analysis - Supplementary

Materials and Methods

This chapter contains supplementary materials and methods regarding the methods de-

scribed in Chapter 4.

B.1 AptaSIM - List of Full Parameters

The list of options for AptaSIM detailing the name of the corresponding parameters, their

default values, as well as a description of how these influence the selection simulation are

shown in Table B.1 below.

B.2 Selection Protocol against Interleukin Receptor 10

Here, we describe the experimental details of the selection against Interleukin receptor 10,

the data of which was utilized to benchmark our AptaCLUSTER and AptaMUT algorithm.

Selection Details: A DNA template for the selection library was ordered from IDT (Coralville,

IA). 1 nM of eachN40 template (5’-TCTCGATCTCAGCGAGTCGTCG-N40-CCCATCCCTCTTCCT
CTCTCCC-3’) and 5’ primer(5’-GGGGGAATTCTAATACGACTCACTATAGGGAGAGAGGAAGAGGG
ATGGG-3’) were annealed together, extended with Taq polymerase (Life Science), and tran-

scribed in vitro using Durascribe (in-vitro transcription) IVT kit (Illumina). The random R0 RNA

was purified by denaturing PAGE and, after preclearing with human IgG-coated (Sigma) beads

(GE Healthcare), used for in-vitro selection. 1 nM of R0 RNA was used in a first round of se-

lection to coincubate with 0.3 nM of bead-bound human IL-10RA-Fc fusion protein (Novus

Biologicals) in 100 mM NaCl selection buffer. After washes, a recovered bound RNA frac-

tion was reverse transcribed using the cloned AMV RT kit (Life Science). cDNA was amplified

by either emulsion or open PCR using Platinum Taq PCR kit (Life Science) as described be-
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Table B.1: List of parameters for AptaSIM. Shown are the name of the corresponding parameter,

their default value, as well as a description of how this parameters influences the selection simulation.

Parameter Default Value Description

hmm_file none FASTQ file containing training sequences

hmm_degree 2 Degree of the Markov model

randomized_region_size (r) 40 Length of the aptamers

number_of_sequences (N ) 10000000 Number of sequences in the initial pool

number_of_seeds (s) 100 Number of seeds in the initial pool

min_seed_affinity (sl) 80 Minimal affinity for seed sequences (range: 0-

100)

max_sequence_count (c) 10 Maximal count of remaining sequences

max_sequence_affinity (b) 25 Maximal sequence affinity for non-seeds (range:

0-100)

nucleotide_distribution A:0.25, C:0.25,

G:0.25, T:0.25

If no training data is specified, create pool based

on this nucleotide distribution

selection_percentage (ps) 0.20 The percentage of sequences that remain after

selection (range: 0-1)

base_mutation_rates A:0.25, C:0.25,

G:0.25, T:0.25

Mutation rates for individual nucleotides

mutation_probability 0.05 Mutation probability during PCR (range: 0-1)

amplification_efficiency 0.995 PCR amplification efficiency (range: 0-1)

number_of_cycles 10 Number of selection cycles to perform

low. The DNA template was used to IVT RNA for the next round. During subsequent rounds,

amount of protein was reduced 25% each time, while concentration of NaCl was gradually

increased to 150 mM.

Emulsion PCR: cDNAwas amplified using Platinum Taq PCR kit with addition of 10% PCRx en-

hancer solution and following primers: 5’-GGGGGAATTCTAATACGACTCACTATAGGGAGAGAGG
AAGAGGGATGGG-3’ and 5’-TCTCGATCTCAGCGAGTCGTCG-3’. After preparing the master

mix PCR reaction solution, it was separated to 100 µL aliquots and each aliquot was mixed

with 600 µL ice-cold oil fraction assembled from components supplied with emulsion PCR

kit (EURx) according to manufacturer’s instructions. Water and oil mixture was emulsified by

5’ vortexing at +4C and amplified in standard PCR machine for 25 cycles. Control open PCR

reaction was carried with aqueous phase only for 16 cycles.

Preparing Libraries for HTS: After 4 rounds of selection, 3 nM of RNA was prepared for

round 5. The RNA was precleared using IgG-coated beads and separated into three identi-

cal aliquots. Each aliquot was incubated with either human IL10RA protein, murine IL10RA
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protein or human IgG. After standard washes, bound RNA fraction was extracted from beads

and reverse transcribed as described previously. A cDNA generated from round 5 bound frac-

tions, as well as RNA recovered from bound fractions at rounds 2, 3 and 4, was amplified

by emulsion PCR with two sets of primers as described previously [?]. Amplified DNA was

purified by 2% agarose gel electrophoresis and sequenced using Illumina’s HiSeq 2500 device

with 100-cycle paired-end sequencing protocol.

B.3 AptaMUT- Derivation and Conversion Analysis

The diversity of an initial pool in a SELEX experiment is a function of the sequence length.

Here, we provide a mathematical estimation of the expected number of aptamers of size n
with at least K % similarity. Let 1

k
, k ∈ N be the threshold for the sequence dissimilarity

according to the edit distance. Furthermore, we define n as the length of the aptamer and

assume n
k
∈ N. The expected fraction F (n, k) of aptamers with at most k% dissimilarity can

then be calculated the sum over all possible sequences with i variable nucleotides divided by

the number of all permutations of sequences of size n:

F (n, k) =

n
k∑

i=1

f(i, n) (B.1)

where f(i, n) =

(
n
i

)
3i

4n
(B.2)

Equation B.1 can be approximated as follows. For i ≤ n
2
we have

f(i, n) > 3 ∗ f(i− 1, n) (B.3)

because

f(i, n) =

(
n
i

)
3i

4n
=

(
n

i−1

)
3i−1 ∗ 3
4n

∗ n− i+ 1

i
(B.4)

= f(i− 1, n) ∗
(
n+ 1

i
− 1

)
∗ 3︸ ︷︷ ︸

≥1 for i≤ 1
2
n

≥ 3 ∗ f(i− 1, n) (B.5)

Thus, we can approximate an upper bound to (B.1) using the last term of the expansion:

F (n, k) ≈ f(i,
n

k
) =

(
n
n
k

)
3

n
k

4n
=

(
3

1
k

4

)n

∗ n!
n
k
!(n− n

k
)!

(B.6)
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Substituting x! with the Stirling approximation x! ≈
√
2πx ∗ x

e
x we get

F (n, k) ≈

(
3

1
k

4

)n

∗
√
2πn ∗

(
n
e

)n√
2π n

k
∗
(

n
k

e

)n
k ∗
√

2π
(
n− n

k

)
∗
(

n−n
k

e

)n−n
k

(B.7)

=

(
3

1
k

4

)n

∗
√
2πn ∗

(
n
e

)n
√

2π n
k
∗
(

k
ne

)n 1
k ∗
√
2πn

(
1− 1

k

)
∗
(

n∗(1− 1
k
)

e

)n∗(1− 1
k
)

(B.8)

=

(
3

1
k

4

)n

︸ ︷︷ ︸
(A)

∗
√
2πn√

2πn 1
k
∗
√
2πn

(
1− 1

k

)︸ ︷︷ ︸
(B)

∗
(
n
e

)n
(

k
ne

)n 1
k ∗
(

n(1− 1
k
)

e

)n(1− 1
k
)

︸ ︷︷ ︸
(C)

(B.9)

We can rewrite (C) as follows:(
n
e

)n
(

k
ne

)n 1
k ∗
(

n(1− 1
k
)

e

)n(1− 1
k
)
=

(
n
e

)n(
n
e
∗ 1

k

)n 1
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(
n
e
∗ (1− 1

k
)
)n(1− 1

k
)

(B.10)

=

(
n
e

)n(
n
e
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1
k
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e
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k
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1− 1
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=
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=

(
n
e

)n(
n
e

)n( 1
k
+1− 1

k
) ∗
(
1
k

)n 1
k ∗
(
1− 1

k

)n(1− 1
k
)

(B.13)
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=

(
k(k − 1)

1
k

k − 1

)n

:= (D) (B.20)

Combining (A) and (D) yields:(
3

1
k

4

)n

∗

(
k(k − 1)

1
k

k − 1

)n

=

(
(3(k − 1))

1
k ∗ k

4k − 4

)n

︸ ︷︷ ︸
(E)

(B.21)

Hence, an estimator for F (n, k) can be written in the form of (A) * (E):

F (n, k) =

√
2πn√

2πn 1
k
∗
√

2πn
(
1− 1

k

) ∗
(
(3(k − 1))

1
k ∗ k

4(k − 1)

)n

(B.22)

Note, that for k ≥ 2 it follows that (E) decreases with k and (E) < 1. Hence F (n, k)
decreases at least exponentially with n where the base of the exponent decreases with k.
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B.4 AptaMUT - List of Analyzed Mutants in Cluster 1
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B.5 AptaMUT - List of Analyzed Mutants in Cluster 2

B.5 AptaMUT - List of Analyzed Mutants in Cluster 2
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B.6 AptaTRACE - Experimental Details

CELL-SELEX Experimental Details

Cell-based SELEX was performed using an RNA library containing a randomized 30-nt re-

gion flanked by fixed primer sequences. Cell-based selection was performed as previously

described [25], by employing open PCR for DNA amplification during each selection round.

Positive selection was performed on Hela cells transduced with a bicistronic lentiviral vector

expressing the target surface receptor and GFP, while unmodified Hela cells, which lack ex-

pression of the target receptor, were used for negative selection. High throughput sequencing

(HTS) was performed on the positive selection at rounds 0, 1, 3, 5, 6, 7, 8, and 9. Signifi-

cant molecular enrichment of receptor-specific aptamers was observed after five rounds of

selection.

Flow Cytometry Analysis of Cell Surface Binding

PCR was used to amplify DNA oligomer templates which encoded our wildtype and mutant

aptamer sequences. RNA containing 2’F-modified pyrimidines was transcribed from these

templates using DuraScribe T7 Transcription Kit (Epicentre, Madison, WI). After purification

via size-exclusion columns (Micro Bio-Spin Columnswith Bio-Gel P-30, Bio-Rad), DNase I treat-

ment, and ethanol precipitation, RNA was labeled with Cy3 using Label IT Nucleic Acid Label-

ing Kit (Mirus Bio, Madison, WI). HeLa cells expressing CCR7 (FUG-CCR7-W HeLa) or lentiviral

vector backbone only (FUG-WHeLa) were dissociated with Accutase cell detachment solution

(Innovative Cell Technologies, San Diego, CA). 2x105 cells per binding reaction were washed

twice with pre-warmed DPBS containing calcium and magnesium (binding buffer) and then

incubated with 100 1.55 µmg/mL of yeast tRNA for 15 min. Cells were then incubated with

Cy3-labeled RNA (200 nM working concentration) and competitor tRNA in binding buffer at

room temperature for 30 min. After incubation with RNA, cells were washed twice with bind-

ing buffer and resuspended in DPBS containing DAPI. Flow cytometry was used to analyze

the percentage of cells bound by fluorescent RNA.

B.7 AptaTRACE - Parameters used in this Study

AptaTRACE: We set α = 2 and k = 6 for our simulation data and α = 3 and k = 5 for

CELL-SELEX data. Furthermore a p-value of 0.01 was chosen as threshold for filtering out

non-significant k-context traces from the selection. We set γ = 2
3
for both simulation and

CELL-SELEX data and we also allow the users to modify this parameter as required.

In order to choose which k-mers are to be merged with the cluster seed, we use the fol-

lowing decision scheme: K-mers fully overlapping with the cluster seed must differ from this

k-mer by at least one mismatch. For partially overlapping k-mers and k ≤ 6, the longest

common substring (LCS) with the seed must be at least 4 nucleotides in length, while the LCS
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is required to be at least 5 for k ≥ 7. We note that these values are empirically determined

to work well with most application scenarios but are adaptable by the user if desired.

Simulation: We created a simulated dataset of 4 million sequences, with a randomized

region of 40nt flanked by primer sites, over 10 selection cycles. The initial round was de-

signed to contain 5 motifs between 5-8 nucleotides in length and with binding affinities of

50%, 55%, 60%, 70%, and 75% respectively (the background affinities were randomly assigned

in a range of 1-25%). Each motif was initially represented a total of 100 times in the pool. In

each cycle, we sample a total of 40% of the pool, amplify the selected aptamers with an effi-

ciency of 95% and a mutation rate of 5%, and introduce a total of 50% background sequences

into the mix.

Comparison with other Methods: The k-mer size for DREME was restricted to the range

k = 5, . . . , 8 and we limited it to output the top 50 PWM models with an e-value of at most

0.01. For RNAcontext, we utilized the log of the frequency of each sequence to represent

their binding affinities. Finally, we report the consensus sequence for each output PWM from

DREME, RNAcontext and AptaTRACE. To compute the value for C∗, we consider a PWM as a

matching to an implanted motif if the sequence of the implanted motif is a substring of the

consensus sequence of the PWM.

Abstract: Aptamers are short, 15-150 nt long RNA/DNA molecules capable of binding, with high affinity and

specificity, a specific target molecule via sequence and structure features that are complementary to the biochemical

characteristics of the target’s surface. The spectrum of aptamer targets spans from small organic molecules, over

transcription factors and other proteins or protein complexes, to the surfaces of viruses and entire cells. This broad

range of targets makes aptamers suitable candidates for a variety of applications including molecular biosensors,

drug delivery systems, and antibody replacement.

Aptamers are typically identified via the High-Throughput Systematic Evolution of Ligands by Exponential En-

richment (HT-SELEX) protocol. HT-SELEX leverages the well established paradigm of in vitro selection by repetitively

enriching a pool of initially random RNA/ssDNA sequences (species) with those that strongly bind a target of

interest. Specifically, based on the assumption that a large enough initial pool of randomized (oligo)nucleotides

contains some species with favorable sequence and structure allowing for binding to the target, these binders are

then selected for through a series of selection cycles. Each such selection cycle involves (a) incubating the pool with

the target, (b) partitioning target-bound species from non-binders and (c) removing the latter from the pool, followed

by (d) elution of the bound fraction from the target, and (e) amplifying the remaining sequences, one portion of which

forms the input for the subsequent round and the remainder is sequenced.

However, optimal utilization of the HT-SELEX process has lagged behind the wide range biomedical applica-

tions due to the lack of dedicated computational approaches. The key challenges in HT-SELEX data analysis include

the identification of target-affine aptamers and aptamer families which are selected for, as well as the elucidation of

common sequence-structure binding motifs. In addition, next-generation sequencing of the aptamer pools enables

studies of important properties of the SELEX protocol itself, such as the mutational landscape of aptamer sequences

due to error prone amplification (PCR) which also require to be informed by computational tools. Finally, user friendly,

aptamer oriented software for demultiplexing and quality control of the raw sequencing data is also of great relevance.

To close this gap we, have developed several novel computational methods designed to tackle these challenges

and to elucidate previously unappreciated properties of the SELEX protocol. For standardizing the preprocessing

of raw sequencing data, we introduce AptaPLEX, a standalone and platform independent demultiplexer and quality

control tool specifically designed for HT-SELEX data. Next, in order to study the effect of the selection pressures

exerted during SELEX as well as to test our algorithms, we developed AptaSIM, aimed at realistically recreating

the general purpose SELEX protocol in silico. AptaSIM simulates error-prone PCR and many aspects of in vitro

experiments such as sampling effects, the presence or absence of pool contaminants, and aptamer affinity. To aid

the identification of aptamer candidates, we introduce AptaCLUSTER, a novel technique that scales well with next

generation sequencing data to efficiently cluster aptamer families in each selection round and to trace their behavior

throughout consecutive cycles. Building on the results of AptaCLUSTER we then provide the first in-depth analysis

of the mutational landscape of HT-SELEX experiments and propose a theoretic model capable of discriminating

favorable mutants from those which decrease the binding affinity to the target (AptaMUT).      Finally, with our

new AptaTRACE algorithm we tackle the challenging task of sequence-structure motif identification in HT-SELEX

data. AptaTRACE is built on the idea of tracing the dynamics of the SELEX process itself to uncover motif-induced

selection trends. It is robust enough to be applicable to a broad spectrum of RNA/ssDNA HT-SELEX experiments

independent of the target’s properties, and capable of elucidating an arbitrary number of binding sites along with

their corresponding structural preferences.

The results of our approaches can be visualized via AptaGUI which provides, to the best of our knowledge,

the first graphical, multi-user, and platform independent user interface for navigating high throughput sequencing

data from HT-SELEX experiments.
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