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Abstract

Chromatin Inimunoprecipitation with sequencing (ChIP-Seq) is an in­
dispensable tool in understanding the dynamics and evolution of reg­
ulatory circuitry of prokaryotes and eukaryotes by mapping genome- 
wide transcription factor binding sites (TFBSs). Aligning short se­
quence reads to the reference genome is the first step in the ChIP-Seq 
data analysis pipeline. Signicantly low alignment proportions would 
therefore have a negative impact on the identication of TFBSs and 
thereby undermine the process of deciphering true gene regulatory 
networks (GRNs).

Source of unaligned reads in ChIP-Seq studies has never been ex­
plored. This study employed a computational approach in determin­
ing source of unaligned reads from major model organisms: Arabidop- 
sis thaliana, Homo sapiens, Drosophila melanogaster, Caenorhabditis 
elegans; and Zea mays. The analysis of raw sequence reads obtained 
from the National Center for Biotechnology Information (NCBI) short 
read archive (SRA) revealed a signicant level of contamination in 
ChIP-Seq unaligned reads with sequences of bacterial and metazoan 
origin, irrespective of the source of chromatin used for the ChIP-Seq 
studies. In agreement with other sequencing studies, results reported 
herein indicate that human sequences are the main source of contam­
ination. Unexpectedly, however, was the observation that selected 
unaligned reads data sets contained significant numbers of legitimate 
reads that have mappable properties, but were missed out in the align­
ment process. This highlights a need to improve the currently utilized 
alignment, algorithms.
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Chapter 1 

Introduction

Chromatin Imniunoprecipitation (ChIP) followed by next generation sequencing 
(ChIP-Seq) is a revolutionary tool used in deciphering gene regulatory circuitry 
of an organism (Kim and Ren, 2006). The technology’s main application is the 
identification of Transcription Factor Binding Sites (TFBSs) on a genome-wide 
scale, deciphering the role of histone modification in regulating gene expression 
and inference of genome-wide nucleosome positions (Johnson et a/., 2007). ChIP 
followed by microarray (ChIP-CHIP) is a similar technology employed in the 
identification of genome-wide regulatory sites through hybridization of immuno- 
precipitated DNA on a microarry chip rather than sequencing as is the case with 
ChIP-Seq (Johnson et al., 2007). ChIP-Seq is however mostly preferred to ChIP- 
CHIP, due to its ability to identify TFBSs with much higher resolution.' Similarly, 
ChIP-Seq has the advantage of having less noise coupled with potentially greater 
sensitivity compared to ChIP-CHIP (Kaufmann et al., 2010a).

ChIP-Seq is a multi-step experimental and analytical procedure that begins 
primarily with fixation of in vivo cross-linked cellular DNA and proteins with 
formaldehyde, the most commonly used fixative. This is followed by chromatin 
isolation and shearing of the protein-DNA complexes, followed by sonication to 
generate DNA fragments cross-linked to proteins. Chemical and enzymatic meth­
ods of shearing chromatin are often employed. These complexes are then incu­
bated with a specific antibody resulting in antibody-protein-DNA complexes, 
which are subsequently isolated, reverse cross-linked and purified to generate 
DNA fragments for sequencing on a massively-parallel platform (Johnson et al.,
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2007; Kaufmann et al., 2010a). SOLEXA/Illumina is currently the most com­
monly used sequencing platform for ChIP-Seq studies (Pepke et al., 2009).

Next generation sequencing technologies generate tens of millions of short-read 
sequences per run used in subsequent analyses that are geared towards inference 
of gene regulatory networks. One paramount step involves mapping of the short 
reads to the reference genome to identify potential TFBSs. This is based on the 
premise that genomic regions that are putative TFBSs will exhibit significant 
short-read sequence enrichment compared to non-TFBSs (Pepke et al., 2009). 
Technical challenges encountered in mapping reads to the genome are two-fold: 
Limited computational resources in terms of Central Processing Unit (CPU) time 
and space (memory); and the efficiency with which an alignment .algorithm can 
map millions of short reads to the reference genome. The first drawback can be 
somewhat surmounted by the use of High Performance Computing infrastructure 
(HPC) that is becoming increasingly available to the scientific community, either 
through institutional super computing infrastructure or Cloud Computing. Some 
of the Cloud services can be provided at the commercial level (Amazon Cloud, 
(http://aws.amazon.com/) and academic level for free (Data Intensive Academic 
Grid, http://diagcomputing.org/). On the other hand, increased efficiency in 
mapping of millions of short-read sequences is being addressed by the design and 
implementation of several algorithms that exhibit increased sensitivity and speed 
(Li et al., 2008a; Trapnell and Salzberg, 2009). The most commonly used soft­
ware for aligning short-read sequences to the reference genome are comprised of 
but not limited to bowtie (Langmead et al., 2009), Short Oligonucleotide Align­
ment Program (SOAP) (Li et al., 2008b), MApping with Quality spores program 
(MAQ) (Li et al., 2008a) and SHort Read Mapping Package (SHRiMP) (Rumble 
et al., 2009). It is however important to note that no single application stands' 
out as the ’gold standard’ in short-read alignments, since the process (of align­
ment) is confounded by many dynamics that range from sample preparation to 
the sequencing technology used. It is also typical in ChIP-Seq data analysis to 
use uniquely mapped reads for identification of enriched genomic regions. This 
can significantly reduce the fraction of reads used in the analysis, since almost 
half the number of reads can map to multiple genomic regions, at least in plant 
genomes like Arabidopsis thaliana, Oryza sativa and Zea mays (Kaufmann et al.,
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2010a). The implication of this is ChIP-Seq experiments need to generate a sig­
nificant amount of reads that can be uniquely-mapped to the reference genome, 
but practically this is rarely the case (Guertin and Lis, 2010; Kaufmann et al., 
2010a).

While ChiP-Seq studies make use of uniquely-mapped reads to the reference 
genome in data analysis, the scientific community is yet to explore the biological 
significance of unaligned reads. Theoretically, these reads should align to the ref­
erence genome from which they have been sequenced. It is of interest to provide 
not just a technical explanation of read non-alignment but also to uncover biolog­
ical relevance, if any, in the unaligned reads. This study focused on determining 
the source of unaligned short read sequences generated on SOLEXA/Illumina 
sequencing platform in ChiP-Seq experiments aimed at identifying Transcription 
Factor Binding Sites in Arabidopsis thaliana, Zea mays, Caenorhabdits elegans, 
Drosophila melanogaster and Homo sapiens. The afore-mentioned genomes have 
been selected due to the availability of raw Illumina-generated ChiP-Seq reads 
in the NCBI Short Read Archive (SRA) database. In addition, their reference 
genomes are known to be almost fully sequenced and well annotated.

1.1 Problem Statement

A significantly low proportion of ChiP-Seq reads align to their respective reference 
genomes (Guertin and Lis, 2010; Kaufmann et al., 2010a). The implication of this 
is that not all of the sequenced reads are used to answer the biological question, 
and as a result the full potential of sequenced reads is not exploited.

a*.

1.2 Research Question

The problem of low read alignment in ChiP-Seq studies has not been previously 
addressed. This project therefore aims to identify the source of unaligned reads 
in ChiP-Seq experiments. T

f
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1.3 Main Objective

To explore and determine sources of unaligned ChIP-Seq short read sequences in 
Arabidopsis thaliana, Zea mays, Caenorhabditis elegans, Drosophila melagonaster 
and Homo sapiens ChIP-Seq experiments.

1.3.1 Specific Objectives

1. To determine ChIP-Seq short sequence reads alignment proportions in dif­
ferent experiments in the afore-mentioned genomes.

2. To determine the Operational Taxonomic Units (OTUs) of the unaligned 
reads and compare the trend across different experiments, laboratories and 
genomes.

1.4 Study Justification

Efficient mapping of short-read sequences to their respective reference genomes 
is a paramount step in ChIP-Seq data analysis. Grotewold laboratory and other 
laboratories (Kaufmann et al., 2010b) carrying out ChIP-Seq experiments have 
observed a characteristically low fraction of read alignment/mappability to the 
reference genomes. Despite this observation, no systematic study has been carried 
out to determine the source of the unaligned reads in these experiments. Deter­
mining the cause and source of unaligned reads will guide researchers on better 
ChIP-Seq experimental design and improved quality control measures during the 
data preprocessing steps. A thorough understanding of the causes of the observed 
low fractions of aligned reads will contribute to the development of experimental' 
techniques and analytical procedures that maximize the fraction and efficiency of 
mapping reads to the reference genome. This will result in the identification of 
TFBSs that would otherwise be missed out in the analysis. It is important for the 
scientific community involved in next-generation sequencing studies, especially in 
ChIP-Seq studies, to know why reads are not mapping to the reference genome In 
order to design better quality sequencing experiments (Kaufmann-et al., 2010a).

i
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Chapter 2

Literature Review

2.1 ChIP-Seq Protocol

Chromatin Imnmnoprecipitation (ChIP) is a technique that is used to localise 
genome-wide binding sites for DNA-binding proteins of interest (Kaufmann et al., 
2010a). Such DNA-associated proteins include transcription factors (TF), DNA 
Polymerases and chromatin-associated histones. The technique exploits the abil­
ity of cross-linking these proteins to the DNA on which they bind m vivo. In 
the experimental set up, DNA-protein complexes are purified by immunoprecip- 
itation using antibodies specific to the bound protein of interest. In order to 
generate the genome-wide protein binding profiles, whole genome tilling-arrays 
(ChIP-CHIP) or next generation sequencing (NGS) technologies (ChIP-Seq) are 
employed (Barski and Zhao, 2009).

2.1.1 Chromatin enrichment and Sequencing

The basic ChIP-Seq procedure begins with crosslinking in vivo DNA-protein in­
teractions in the tissue of interest using a fixative like formaldehyde. This is 
followed by isolation of the nuclei and shearing of chromatin, preferably by sow- 
cation. The DNA-protein complexes are then immunoprecipitated by incubation 
with a specific antibody followed by the isolation of DNA by reverse cross-linking 
using proteinase K digestion and purification. Generally, it is good practice to

5



check the quality of the treatment sample using quantitative PCR before pro­
ceeding to the sequencing step. This process tests the enrichment of positive 
control sequences, which are simply genomic regions known to bind the TF of 
interest. The qPCR step is then followed by the generation of sequencing li­
braries of small (200 - 500 bps) fragments flanked by adaptors, which are then 
subjected to high-throughput sequencing by any of the available platforms like 
Illumina (Johnson et a/., 2007; Kaufmann et al., 2010a). Although not the only 
plartform, Illumina is currently the most commonly used sequencing platform for 
ChIP-Seq studies, resulting in millions of short sequence reads (hereafter referred 
to as reads) (Pepke et al., 2009).

In order to identify the genomic regions recognized by a specific TF, reads 
are mapped to a reference genome to generate alignment profiles represented as 
peaks from which binding sites, DNA-binding motifs and TF target genes are 
determined. This is the first step in the ChIP-Seq data analysis pipeline. Cor­
rect peaks generated from alignment profiles are selected after comparison with 
peaks generated from control ChIP-Seq experiments, which can be one of the 
three alternatives: 1) Genomic DNA not obtained by immunoprecipitation; 2) 
DNA obtained by immunoprecipitation of chromatin from an individual lacking 
the particular TF (e.g., because of a mutation); and 3) DNA obtained by a mock 
immunoprecipitation of genomic DNA by an idiotypic control, such as commercial 
Immunoglobulin G (IgG). Read alignment is therefore one of the most,important 
steps in the analysis pipeline.

2.1.2 Short read alignment

Mapping millions of short reads to the reference genome is one of the major 
challenges in NGS technologies. Technical challenges are associated with compu­
tational time and memory requirements for mapping short reads, while the an­
alytical challenge is associated with the efficiency with which reads are mapped 
to the reference genome, otherwise referred to as read mappability (Trapnell and 
Salzberg, 2009). In order to circumvent these challenges, several alignment algo­
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rithms with different working techniques have been developed and optimized for 
aligning short-read sequences to the reference genome (Li et al., 2008a,a; Rumble 
et al., 2009). Unlike conventional alignment algorithms like Basic Local Align­
ment Search Tool (BLAST)(Altschul et al., 1990) and Basic Local Alignment 
Tool (BLAT) (Kent, 2002), these newly developed algorithms that make use of 
indexing and heuristic searches have been designed to deal with the heavy com­
putational load of aligning millions of short reads in significantly less CPU time 
compared to BLAST or BLAT, which can take hundreds or thousands of CPU 
hours on large datasets. (Trapnell and Salzberg, 2009).

Major alignment software can be classified into three major categories (Li 
et al., 2008a). The first software category is based on hash tables as a way of 
indexing. In this approach, the first sub-category of software uses reads for cre­
ating a hash table and a reference genome for scanning the table, while another 
sub-category of software uses the reference genome for hashing and reads for 
scanning. MAQ, ZOOM and SeqMap make use of the former approach while the 
latest version of SHRiMP (Rumble et al., 2009) employs the latter approach. A 
hash table is simply a data structure that is used to effectively index non-ordered 
data in order to achieve rapid searching.
A second category of software makes use of an algorithm developed by Bur­
rows and Wheeler called Block-sorting algorithm, commonly referred to as the 
Burrows-Wheeler Transform (BWT) algorithm (Li et al., 2009). Originally de­
veloped for data compression purposes, BWT has been implemented in several 
programs some of which include BWA (Li et al., 2008a), bowtie (Langmead et al., 
2009), and SOAP2 (Li et al., 2009). Both bowtie and BWA have been modified 
to include the Smith-Waterman algorithm, a dynamic programming algorithm 
t hat keeps track of all possible sequence alignments and outputs optimal align­
ments based on a specified scoring function. In addition, a more robust indexing 
strategy known as the FM-index has been incorporated into bowtie making it a 
computationally fast and memory efficient aligner. t«

The BW T algorithm transforms a string of characters by performing reversible 
permutations on the order of characters without changing their individual values. 
In the simplest form, the algorithm takes a string of characters with an end-of-file
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(EOF) pointer/character as the last character and repositions the pointer in all 
possible positions in the string. The result is a table of all possible rotations of 
the string, which are then sorted in a lexicographic order and the last column 
taken as the transformed string. This in turn result to an easily encoded output 
that is easily reversible to the original input string. This algorithm enables large 
texts to be searched efficiently in a small memory footprint, which happens to 
be one of the strengths of bowtie. Note that BWT algorithm in bowtie is used 
mainly in the read indexing step in order to facilitate alignment. Bowtie addi­
tionally carries out a greedy, randomized, depth-first search through the space 
of all possible alignments. Apart from being the most commonly used program 
in the community, bowtie boasts of relatively high speed and memory efficiency 
in the alignment process compared to other whole-genome alignment programs, 
a vital feature for aligning reads from hundreds of raw ChIP-Seq data sets (Li 
and Homer, 2010; Schbath et al., 2012; Trapnell and Salzberg, 2009). The last 
category of alignment algorithms uses merge-sort algorithm that sorts both the 
reference genome and the reads. Slider (Malhis et al., 2009) is an implementa­
tion of this algorithm, specifically for the alignment of reads from the Illumina 
platform.

Several factors determine the choice of an alignment algorithm and these 
could range from CPU time and memory requirements to the efficiency of the 
alignments. Efficiency in this context refers to the fraction of reads that can be 
mapped to the reference genome by a specific algorithm. As mentioned above, 
bowtie has been reported to be a fast and a memory ’friendly’ alignment program 
compared to other programs (Trapnell and Salzberg, 2009), while SHRiMP has 
been reported to take the longest CPU time in alignments albeit with increased' 
read mappability. Trapnell observed at while there is increased time and memory 
efficiency in the newly-developed alignment programs, they achieve this at the 
cost of alignment specificity (Trapnell and Salzberg, 2009).

I
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2.1.3 Post-alignment Analysis

Uniquely-mapped short reads are used in the post-alignment analyses, which in­
clude identification of tag/read enriched regions represented as alignment peaks. 
'True’ peaks are identified as those that have heights above a specified threshold, 
in most cases those whose heights are larger than the heights of reads generated 
from either an input control genomic DNA (non-immunoprecipitated genomic 
DNA). IgG imnmnoprecipitated DNA, or DNA from a sample of a mutant organ­
ism that does not express the TF of interest (Landt et al., 2012). Alternatively, 
a reference background can be simulated and modelled, given a reference genome 
sequence, and used as an analytical control (Kaufmann et al., 2010a). Genomic re­
gions with statistically significant higher peaks compared to control sample peaks 
are considered to be putative Transcription Factor Binding Sites (TFBSs). Other 
analyses include identification of TFBSs sequences (Cis-regulatory elements) and 
TF target genes. As mentioned before, unaligned reads are usually not included 
in the analysis pipeline.

Unlike the convectional ChIP-Seq analysis pipeline, work reported herein 
takes a trajectory that involves taxonomic classification of unaligned reads using 
Metagenomics7 (MG7) (Pareja-Tobes et al., 2012). The advantage of MG7 sys­
tem is its ability to utilize a graph database model for the storage of query 
reads and their respective BLAST hit results. The system specifically uses 
Neo4j technology, integrating the results of the analysis with the Bio4j tech­
nology (http://www.bio4j.com), thus allowing its access within the framework 
of the NCBI taxonomy tree. Neo4j (http://neo4j.org/) is an open-source graph 
database implementation in java that stores data stuctured in graphs rather thai*. 
in tables. Bio4j is simply an implementation ofNeo4j specifically for biological 
data. The graph structure organizes data of taxonomically-assigned reads in a 
way semantically equivalent to what it represents- nodes representing query reads 
and their respective taxonomic units each connected by an edge, allowing both 
complex phylogenetic querying and a fine data access granularity in such a wjijy 
that access to the specific results of each sequence can be attained. Results of 
the MG7 taxonomic assignment of reads were exported in different data formats,

/
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XML CSV and Gexf (Graph exchange XML format), thereby enabling different 

approaches for visualizations.

2.2 Possible causes of read non-alignment

2.2.1 Read sequence quality

ChIP-Seq reads that align to multiple regions of the genome are usually excluded 
from the analysis pipeline since they are considered ambiguous and can t herefore 
contribute to false positives (Kaufmann et al., 2010a,b). Several factors seem to 
influence read mappability to the reference genome, ranging from library prepa­
ration to error profile of the sequencer. Kaufman and colleagues (Kaufmann 
et al., 2010a) demonstrated that there is a clear variation in read mappability to 
the Arabidopsis thaliana reference genome when libraries with different qualities 
are used. Library quality in this context implies the number of reads generated 
that have the adapter sequences used in library preparation, rendering such reads 
unmappable to the reference genome. Other possible factors include sequencing 
technology biases, for instance Illumina’s bias of under-representation of read 
mappability in less GC rich regions, Cytosine-Phosphate-Guanine (CpG) islands, 
promoter regions, and poly[A] regions(Cheung et al., 2011), (Nakamura et al., 
2011), (Dohm et al., 2008), (Kaufmann et al., 2010a). The base calling quality of 
reads also plays a role in read mappability. It has been observed that the base-call 
quality reduces in the 5’ to 3’ direction of the read, and this could be due to the re­
duced processivity and fidelity of the DNA polymerase in the sequencing process 
(Nakamura et al., 2011). In order to address this issue, quality checks on reads can 
be carried out to remove reads that do not fit a set of determined quality standards’ 
before alignment to the reference genome. Similarly, one could trim sections of the 
reads that have poor base call quality (in most cases the 3’ region) before aligning 
to the genome, however care must be taken to avoid a significant reduction in the 
read length to a level where the read will be too short to map uniquely to the 
genome. 1ASTQC (http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc/) *is 
a program that has been developed for Illumina short, read quality analysis and 
can be used to identify sequences that need to be trimmed before alignment.

10

http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc/


Similarly. S0AP2 is able to iteratively trim reads with low quality bases in each 
alignment process until the read maps to the genome (Kaufmann et al., 2010a).

2.2.2 Systematic Bias and Nucleotide Composition

Cheung and colleagues have recently reported that reads generated from ChlP- 
Seq input DNA do not exhibit a uniform distribution of mappability across the 
C. elegans and Human genomes, but rather the distribution of mappability is cor­
related with GC content in lkb windows of the reference genome (Cheung et al., 
2011). There seemed to be a positive correlation between read mappability and 
increasing GC content of up to around 45% GC content, t hen the relationship 
became inverse, as reported in the same study (Cheung et al., 2011). This was 
observed in reads generated from both input DNA and TF-immunoprecipitated 
(treatment) samples. Other studies have reported the correlation between GC 
content and read mappability to the reference genome (Dohm et al., 2008; Naka­
mura et al., 2011). A more recent study implicates CpG islands, promoter regions 
and 5’ UTR regions as regions where there is reduced read mappability in com­
parison to other genomic regions. The exact mechanism by which nucleotide 
composition affects read mappability is yet to be determined and it is not known 
whether nucleotide bias is introduced at the library preparation, PCR, sequenc­
ing or alignment step.

2.2.3 Contamination

Sample DNA can be contaminated when foreign DNA is introduced before the 
adapter ligation step while preparing sequencing libraries (Kaufmann et al., 2010a; 
Land! et al., 2012). Similarly, the very step of adapter ligation can introduce 
adapter concatemers some of which will remain in the sample DNA even af­
ter size selection by gel filtration (Kaufmann et al., 2010a). Determining tilt' 
proportion of reads representing the adapter sequence can be used as a way of 
identification and removal of such sequences before the alignment of reads to 
the reference genome. A more efficient way of dealing with adapter concatemers
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would be to optimize the ratio of sample DNA molecules to adapter molecules 
during the sample ligation step (Kaufmann et ai, 2010a).
One other possible source of contamination in sequancing experiments could be 
human DNA. This is could presumably be due to either contamination from re­
searchers performing the experiment and/or extensive contamination of public 
sequence databases with human DNA, as shown by an in depth sequence search 
in NCBI, Ensembl, JGI, and UCSC carried out by Longo and colleagues (Longo 
et al., 2011).
A review of literature established that no systematic study to determine the 
source of unaligned reads has been carried out.

t



Chapter 3 

Methodology

3.1 Data sets

3.1.1 Raw Sequence Data sets

Short sequence reads from SOLEXA/Illumina sequencing platform were obtained 
from the NCBI (SRA) database using Linux wget- a non-interactive GNU command- 
line tool for file retrieval using HTTP, HTTPS and FTP Internet protocols. In 
order to enable comparison of results from analysis of different data sets and ex­
periments, reads from experiments that were aimed at understanding transcrip­
tional regulation due to transcription factor binding (and occasionally RNA Poly­
merase II binding) were downloaded. ChIP-Seq data sets of short sequence reads 
from experiments in A. thaliana, C. elegans, D. melagonater and Homo sapiens 
were downloaded in an archived file format (NCBI .sra format) and subsequently 
converted to the FASTQ file format using the NCBI SRA toolkit ’fastq-dump’^  
utility. In addition, data generated from Grotewold Laboratory for Z. mays tran­
scription factors binding were included in the study for analysis.

All raw sequence reads in Human ChIP-Seq experiments were obtained from 
the Human Encyclopedia of DNA Elements (ENCODE) project aimed at decir  
phering functional elements in the human genome (Birney et al., 2007). In this 
respect, these raw data sets contained reads from individual ENCODE ChIP- 
Seq experiments involved in determining DNA-binding profiles of the following

13



Transcription Factors: (a) Ervthroblast Transformation Specific (ETS) family 
of transcription factors; (b) T-cell acute lymphoblastic leukemial (TALI) bind­
ing in hematopietic cell lineages; (c) Signal Transducer and Activator of Tran­
scription l(STATl) binding in Human HeLa S3 cells; and (d) RNA Polymerase II 
(PollI) binding in HeLa S3. Additionally, sequence data from the model organism 
ENCyclopedia Of DNA Elements (modENCODE) project (http://www.modencode.org/) 
involved in functional annotation of DNA elements in the worm model organism 
C. elegans were included in this study. These data sets contained ChIP-Seq 
reads from studies aimed at reconstructing gene regulatory circuitry involving 
LIN, Helix-loop-helix (HLH), Erythroid-like Transcription factor family (ELT), 
and Egg-laying (EGL) TFs, as well as POLII binding patterns. C. elegans raw 
data sets were however not restricted to those obtained from the modENCODE 
project. The D. melanogaster datasets on the other hand contained raw sequence 
reads from a study examining the Drosophila Heat Shock Factor (HSF) binding 
(Guertin and Lis, 2010). Raw data sets of the model plant organism A. thaliana 
were obtained from the following gene regulatory studies: The MADS-domain 
transcription factors APETALA1 (API) (Kaufmann et al., 2010b), APETALA2 
(AP2) and SEPALLATA3 (Kaufmann et al., 2009)- key regulators of Arabidop- 
sis floral organs development; and LEAFY (LFY) TF. The other plant-related 
ChIP-Seq data sets (which were generated in-house) were derived from Pericarp 
C’olorl (PI) and Knottedl (KN1) TF binding profiles in maize (Morohashi et al.,
2012). The description of each of the data sets/ChIP-Seq runs analyzed in this 
study is found in Appendix 1

3.1.2 Simulated Data

Genome-simulated data sets of 50 nucleotide sequence reads were included in the 
analysis as a positive controls. These synthetic data sets comprised of reads sim­
ulated from C. elegans (referred to as C. elegans-simulated) and A. thaliana (re­
ferred to as tair9_simulated) genomes- representing metazoan and plant genomes* 
respectively. Simulation of reads was performed using MetaSim, a sequence sim­
ulation tool for genomics and metagenomics analysis developed by Pitcher and

i
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colleagues (Richter et al., 2008). Each synthetic data set contained approximately 
five million short reads. A subset of aligned ChIP-Seq reads was also included in 

the analysis as a positive control.

3.2 Genome Alignment

Rather than pooling data from different runs in the same experiment, we analysed 
data sets independently in order to identify any variation that might exist within 
experiments. Sequence quality was first assesed using FastQC’ and reads were 
subsequently mapped to the reference genome using bowtie (Langmead et al., 
2009) in a multi-thread mode running on a multicore cluster. Mapping reads 
to their respective genomes served two purposes: (1) to observe variations in 
the amount of both aligned and unaligned reads across different ChIP-Seq runs, 
experiments and organisms; and (2) to obtain unaligned reads for further analysis 
in determining their provenance. Alignment was performed in parallel mode on 
an HP Intel Xeon Cluster with a total of 8,328 cores, 12 cores per node and 48 
gigabytes (GB) of random access memory (RAM) per node or 4.0 GB per core. 
Unlike the conventional ChIP-Seq downstream data analysis process, reads that 
did not align to their respective reference genome were identified for a detailed 
analysis as reported in the following sections.

/

3.3 Short Read Clustering

Since the number of unaligned reads poised for downstream analyses was in hun*. 
dreds of millions, it was imperative to reduce read redundancy inherent in the 
sequencing process by performing a read clustering procedure using UCLUST 
(Edgar, 2010) in order to obtain representative reads from each cluster for analy­
sis. Additionally, the clustering process was carried out as a way of determining 
the distribution of the size of the clusters with an aim of comparing this dj£-
tribution with the distribution of clusters generated from positive control data 
sets.
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Clustering was an iterative process involving grouping sequences that meet 
a predefined sequence similarity score of 75%. Thus, sequences that exhibited 
a similarity of 75% or more were grouped in one cluster. The optimal sequence 
similarity score was determined after carrying out a series of pilot hierarchical 
clustering procedures, on a subset of the data set, at an increasing similarity 
score gradient. Simply, a subset of maize ChIP-Seq data set was clustered us­
ing UCLUST at increasing similarity scores of 70%, 75%, 80%, 85% and 90%; 
and then the distribution of the number of clusters in each similarity score de­
termined. The optimal similarity score was determined by assessing the number 
of clusters generated in each score category and the average size of short read 
sequences. In this assessment, a similarity score of 75% was chosen to cluster all 
data sets. Although the number of clusters generated by this score was close to 
that generated by the 70% score, the 75% score prevents formatipn of spurious 
clusters compared to the 70% score, especially due to the nature of the short 
reads (50nt).
Representative sequences from each cluster, hereafter referred to as seeds, were 
obtained for taxonomic assignment. In addition, in order to develop an appro­
priate background model to determine the distribution of unaligned reads into 
clusters, the simulated 50 nt long reads from A. Lhaliana and C. elegans reference 
genomes were included in the analysis, as well as aligned reads from selected data 
sets. These data sets served as positive controls in subsequent analyses.

3.4 Nucleotide Database Search and Taxonomic 
Classification of reads

OK

NCBls pre-iormated nucleotide (nt) database was downloaded to the local com­
pute clustei toi ease of BLAST search. The nt database search was performed us­
ing NCBls BLAST+ stand-alone tool (http://www.ncbi.nlm.nih.gov/books/NBK1763/) 
in a multi-thread mode and the BLAST results generated in BLASTXML for­
mat. This was followed by assignment of reads into their respective Operational 
Taxonomic Units (OTU) based on their BLAST hits/results using MEGAN4 
(Huson et a/.,,2011)- a metagenome analyzer; and Metagenomics7 (Pareja-Tobes
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( t al 2012)(MG7) - an open source system for massive analysis of sequences 
from metagenomics samples. Both systems carried out taxonomic classification 
of short reads using NCBIs taxonomic tree and BLAS I XML results. MG 7 was 
however preferred due to its ability to carry out assignment of reads to their re­
spective OTU on a high-throughput scale.

3.4.1 Metagenomics7
Metagenomics7 (Pareja-Tobes et al., 2012) (hereafter simply referred to as MG7) 
was used on a cloud computing platform (http://aws.amazon.com/ec2/) to solve 
the problem of massive data analysis thereby dealing with the issues of analysing 
large data sets in a more efficient manner. This was particularly important in 
this study since approximately 1 terabyte of sequence data was analyzed. The as­
signment of taxonomic origin for each short sequence reads using MG7 was based 
on massive BLAST similarity analysis. This application includes a massive nu­
cleotide BLAST program (BLASTN) that effects nucleotide searches against all 
nt databases. However, in this study this step was obviated since the BLAST re­
sults were obtained by a command-line nt database search tool. OTU assignment 
using MG7 therefore involved just the use of BLAST results after performing a 
nt database search.

Metagenomics7 implemented two different paradigms for t he taxonomic as­
signment of reads: (i) Best Blast Hit (BBH) paradigm; and (ii) Lowest Common 
Ancestor (LCA) paradigm. Unlike the BBH paradigm in which a query read is 
assigned to the taxonomic unit of its ’best’ hits, the LCA paradigm assigns the 
read to the taxonomy node corresponding to the Lowest Common Ancestor of t he 
BLAS I hits that passed the filter previously specified. MG7 provides the possi­
bility of choosing different parameters to set the threshold for filtering the BLAST 
hits. In this study we chose (query-hit) alignment identity percentage and the 
query coverage percentage to filter the BLAST hits. Only BLAST hits with more 
t han 95% identity within the BLAST High-scoring segment pairs (HSP) and with 
more than 95 ̂  of query coverage were selected and included in the taxonomic 
classification of query reads.

I
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A parallel BLAST search and taxonomic classification of reads was carried 
out on the two data sets of genome-simulated reads and a subset of aligned reads 
to serve as a positive control. It was expected that almost all the reads in these 
control data sets would be assigned to the same taxonomic units as the read source

3.5 Statistical Analyses and Visualizations

Stacked bar plot representations of both alignment proportions and higher rank 
taxonomic units; as well as power-law distribution of the sequence clusters were 
generated on R statistical environment (http://www.r-project.org/) using a gram- 
mer for graphics (ggplot) package (http://had.co.nz/ggplot2). Network visual­
ization of lower rank taxonomic units in each of the ChIP-Seq data sets was 
generated on gephi (http://gephi.org/), an interactive graph visualization and 
exploration platform for networks and complex systems.
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Chapter 4 

Results

4.1 Short Reads Alignment

Illumina-generated short sequence reads from ChIP-Seq studies aimed at iden­
tifying various TFBSs in the afore-mentioned five organisms were subjected to 
genome alignment using bowtie. Figure 1 is a bar plot showing percentages of 
uniquely-aligned, multiple-aligned and unaligned reads in each of the ChIP-Seq 
runs of the five organisms analyzed. We observed large variations in proportions 
of aligned reads in all the five genomes, with some genomes like C. elegans, A. 
thaliana and maize having runs with as low as 10% of reads uniquely aligning 
to their reference genomes, while some runs exhibited as high as 80% of reads 
aligning uniquely.

i
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Figure 1: Alignment proportions of ChIP-Seq reads in the five genomes: each bar 
represents a ChIP-Seq run.
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In human ChIP-Seq data sets for instance, which were predominantly from 
the ENCODE project (Gerstein et al., 2012), alignment proportions varied con­
siderably across different runs, with some runs having as low as 3Q% of uniquely 
aligned reads while others with as high as 80% of uniquely aligned reads (figure 
1) These data sets also exhibited multiplicity in alignments in which, on average, 
90% of the reads aligned to multiple regions of the genome. This trend was also 
observed in data sets from C. elegans, A. thaliana, and maize ChIP-Seq runs. The 
proportions of aligned reads in these organisms varied between different ChIP-Seq 
experiments within the same laboratory, albeit with relatively lower proportions 
of uniquely aligned reads compar ed to the human data sets (figure 1).

We then compared these alignment proportions with those generated in ChIP- 
Seq control experiments that involved the use of either non-immunoprecipitated 
chromatin, referred to as input DNA; or chromatin mock-immunoprecipitated 
with IgG. When analyzing input DNA reads, a higher proportion of aligned reads 
and less variation between samples was observed for both human and maize ex­
periments, as depicted in figure 2, although maize had a significantly higher pro­
portion of multiple aligned reads (multi-reads), possibly a consequence of the high 
proportion of paralogous genes (Schnable et al., 2009) and the high abundance of 
transposons in the maize genome (Kronmiller and Wise, 2009; SanMiguel et al., 
1998; Schnable et al., 2009). Unlike human and maize ChIP-Seq experiments, 
runs analysed from C. elegans, D. melanogaster and A. thaliana experiments did 
not involve use of input DNA as a negative control, instead a uniform distribution 
of background noise was simulated and used as a ChIP-Seq negative control.

!
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Figure 2: Alignment proportions of reads from ChIP-Seq control experiments: 
each bar on the x-axis represents a ChIP-Seq run. Multiplicity of alignment is 
significantly observed in the maize input ChIP-Seq data sets
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4.2 Short reads quality score

We investigated whether the amount of unaligned reads correlates with the num­
ber of sequenced reads in each ChIP-Seq run. We observed no correlation between 
the size of ChIP-Seq data sets and the amount of unaligned reads in the five 
genomes analysed (figure 3), implying that more sequenced reads in a ChIP-Seq 
experiment do not necessarily guarantee better alignment proportions.
One possible premise for the high proportion of unaligned reads is poor sequence 
quality generated by the sequencing process. In order to determine the role played 
by sequence quality in the alignment process, we analysed and compared the qual­
ity of bases in both aligned and unaligned raw sequence reads using FastQC, a 
quality control tool for high throughput sequence data. The average per base 
and sequence quality scores for both aligned (figure 4) and unaligned (figure 5) 
reads were strikingly similar, albeit with reduced base quality at the 3 end of the 
sequences.
Moreover, we observed that on average, potential adapter sequences accounted 
for less than 0.5% of the unaligned reads, which is a negligible proportion to ac­
count for the high unaligned proportions observed.
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Figure 4: Sequence quality of aligned reads: the x-axis represents positions on the 
read, y-axis shows different sequence quality scores, and the red lines in the yellow 
box-plots are the means of quality score. The green, brown and pink coloured 
segments represent good, moderately-good, and poor sequence quality regions.
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Figure 5: Sequence quality of unaligned reads: the x-axis represents positions 
on the read, y-axis shows different sequence quality scores, and the red lines in 
the yellow box-plots are the means of quality score. The green, brown and pink 
coloured segments represent good, moderately-good, and poor sequence quality 
regions.

A

/

26



4 3 Short reads cluster sizes distribution

Clustering of aligned, unaligened and simulated reads resulted in a characteris­
tic distribution of frequency of the sizes of the clusters in which unaligned and 
simulated reads exhibited many small-sized clusters but few significantly large 
clusters, a distribution commonly referred to as Power-Law (figures 6 & 7). This 
distribution was also observed when a subset of aligned reads was clustered. The 
distribution of read counts overlapping putative TF-binding regions has previ­
ously been shown to follow the same distribution in both experimental (Rozowsky 
rt a/.. 2009) and ChIP-Seqsimulated datasets (Zhang et al., 2008). This suggests 
that some unaligned reads data sets contained potentially legitimate reads with 
mappable properties, an assertion that was later validated as discussed in the 
following sections.

i
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Figure 6: Power-law distribution of frequency of read clusters in an Arabidop­
sis ChIP-Seq dataset from Apetalal (API) transcription factor: x-axis represent 
sizes of clusters and y-axis represent the frequency of occurance of a particu­
lar size of cluster. The distribution is same in aligned (apl.aligned), unaligned 
(apl.unaligned) and simulated (tai9Jreq) read clusters.
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Figure 7: Power-law distribution of frequency of read clusters in a Maize ChIP-Seq 
dataset from Pericarpl (PI) transcription factor: x-axis represent sizes of clusters 
and y-axis represent the frequency of occurance of a particular size of cluster. 
The distribution is same in aligned (pi.aligned), unaligned (pi.unaligned) and 
simulated (tai9Jreq) read clusters.
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4.4 Taxonomic classification of unaligned reads

We performed a nucleotide database search of cluster seeds using NCBIs BLAST+ 
tand-alone tool as the first step in determining likely sources of unaligned reads. 

For each of the BLAST outputs from the unaligned reads data sets, reads were 
classified into taxonomic units based on their BLAST hits while using NCBI tax­

onomy tree.

4.4.1 Higher rank taxonomic units

Figure 8 shows the main higher rank taxonomic units represented in the unaligned 
reads data sets. The aforementioned control data sets of simulated and a subset 
of aligned reads had almost all their reads classified in the same taxonomic units 
as their source. For instance, all the reads simulated from Arabidopsis (the six 
rightmost bars in the Arabidopsis OTUs plot of figure 8 in the topleft panel, rep­
resents control datasets of aligned ChIP-Seq and simulated reads) and C. elegans 
(C. elegans genone simulated) genomes were assigned to the Plantae and Meta­
zoan taxonomic units respectively. In fact, all the simulated and aligned control 
reads in these two groups (Arabidopsis and C. elegans) were correctly assigned 
to their respective lower rank taxonomic units, further validating the robustness 
of the BLAST and taxonomic assignment processes employed in the study.

/

Proportions of unaligned reads assigned to each of the higher rank taxonomic 
units varied considerably across different data sets and genomes. Human data sets 
(figure 9) for instance exhibited varying proportions of metazoan and bacteria^ 
sequences, and we observed some ChIP-Seq runs in which a significant amount of 
unaligned reads were assigned into the metazoan group. In one such set of human 
ChIP-Seq runs (SRR054870, SRR054871, SRR054881, SRR054882, SRR054883, 
SRR054884, SRR054885, SRR054892, SRR054894, and SRR054895) generated 

om an ENCODE study that was aimed at determining the DNA-binding pro5' 
files of human Erythroblast Transformation Specific (ETS) family of transcription 
factors ERG, ELFl, SPIl and SPDEF (Wei et al., 2010), 80% of the unaligned 

in each run were assigned to the metazoan taxonomic unit, suggesting the

f
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resence of potentially legitimate human-derived reads. Indeed a much closer ex­
amination involving assignment of reads into lower rank taxonomic units revealed 
the resence of significant amounts of human reads in these data sets (especially 
u S R R 0 5 4 8 8 2 . S R R 0 5 4 8 8 3  and SRR070251), in which more than half of the total 

number of unaligned reads were classified as sequences derived from the human 

genome (figures 10 & 11)-

The presence of a significant amount of metazoan reads was'also observed 
in the other metazoan genome data sets of Drosophila and C. elegans, in which 
some Drosophila (SRR067915, SRR086223) and C. elegans ChIP-Seq data sets 
(SRR0107326) had a significant proportion of reads assigned to D. melanogaster 
(figure 11a) and C. elegans taxonomic units respectively (figure lib). Addition­
ally, metazoan sequences were found in both Arabidopsis and maize data sets 
(figure 8), although the latter had relatively less proportions of unaligned reads 
in the metazoan taxonomic unit. These metazoan-derived sequences were later 
shown to be mainly contaminant sequences as reported below.

i
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MazcCNP'ScqOTU

Figure 8: Taxonomic classification of unaligned reads: each bar on the x-axis 
represents a ChIP-Seq run, and the y-axis shows the percentage of the total 
unaligned reads. Bacteria and Metazoa are the major higher rank OTUs. Reads 
simulated from Arabidopsis (the six rightmost bars in the topleft panel, represents 
control datasets of aligned ChIP-Seq and simulated reads) and C. elegans (C. 
elegans genone simulated) genomes were assigned to the Plantae and Metazoan 
taxonomic units, respectively.
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Figure 9: Taxonomic classification of Human ChIP-Seq unaligned reads: each bar 
on the x-axis represent a ChIP-Seq run, y-axis shows percentage of total unaligned 
reads. High proportions of bacterial and metazoan sequences are observed.
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Whereas several data sets contained potentially legitimate reads, contaminant 
uences were found in appreciable amounts in unaligned reads data sets of the 

five genomes analyzed. Accordingly, sequences of bacterial and metazoan ori-
' were identified in almost all of the unaligned reads data sets, except in the 

6*
control data sets (figure 8), although the proportion varied across different ChlP- 
Seq runs and experiments. Two particular experiments in the human ENCODE 
project that were aimed at identifying genome-wide binding patterns of PolII 
and TALI transcription factors (Birney et al., 2007) had considerable amounts 
of reads in their ChIP-Seq runs assigned to the bacterial taxonomic unit, with 
some ChIP-Seq runs having as much as 60% of the unaligned reads being clas­
sified as bacterial sequences. In depth analysis of one of these data sets from 
the TALI ChIP-Seq experiment (SRR70589) revealed the presence of predom­
inantly three different species of bacteria: Escherichia coli, Propiombactenum 
acnes and Enterobacteriaceae (figure 8). Additionally, mice sequences were iden­
tified in two (SR.R070251, SRR070251) of the TALI ChIP-Seq data sets (figure 
8). Relatively higher proportions of bacterial contamination from Meiothermus 
silvanus were also observed in Drosophila HSF binding data sets (SRR039095, 
SRR039099, SRR039100), and Enterobacteriaceae in C. elegans DAF-16 data 
sets (SRR017602, SRR017605) contained significant amounts of both Enterobac- 
teriaceae and Escherichia coli sequences (figure 10).

/
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Interestingly, human sequences were the main source of metazoan contami­
nation for most of the data sets analysed. At least one data set of unaligned 
reads in each of D. melanogaster, C. elegans, A. thaliana and maize ChIP-Seq 
experiments contained considerable amounts of human sequences, as depicted in 
figure 10. In a Drosophila ChIP-Seq study aimed at examining genome-wide 
distribution of Drosophila Heat Shock Factor (HSF) binding (Guertin and Lis, 
2010), several ChIP-Seq runs (SRR039095, SRR039098, SRR039099, SRR039100, 
SRR039103) contained significant amounts of human sequences (figure 10). In 
addition, some runs from modENCODE projects for identification of C. ele­
gans DAF-16 (SRR017601, SRR017603, SRR017604) and LIN-11 (SRR107307, 
SRR107355) TF binding sites contained human sequences, as well as Arabidopsis 
SEP3 (Kaufmann et al., 2009) (SRR016811, SRR016812) and API (Kaufmann 
et al., 2010b) (SRR038848) binding ChIP-Seq data sets (figure 10). The maize PI 
TF binding (Morohashi et al., 2012) data sets also contained human contaminant 
sequences, as well as contaminant sequences from Salmo salar sequences, whose 
most likely source would be salmon sperm DNA (figure 10). Contamination with 
salmon sperm DNA can be easily explained by the experimental procedures used 
that involve a pre-clearing step with covalently linked salmon sperm DNA to 
Protein A beads (Morohashi et al., 2012, 2009).
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Figure 10: Relative abundance of taxonomic units in ChIP-Seq data sets: outer 
circles represent different ChIP-Seq runs colour-coded to represent different 
genomes; inner circles represent taxonomic units with sizes proportional to rela­
tive abundance. Arrow sizes are proportional to the amount of reads assigned into 
the taxonimic unit(s) they are pointing to. Lower rank OTU assignment reaveals 
presence of both potentially legitimate reads as well as contaminant sequences.
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Chapter 5

Discussion and Conclusion

5.1 Discussion

This study- which involved a series of analyses of short sequence reads from 
NCBI SRA generated from ChIP-Seq experiments aimed at determining TFBSs 
in well-studied organisms, reveals a twofold origin of unaligned reads in these 
experiments: (1) genome-derived potentially legitimate reads that fail to align to 
the reference genome due to genome-related complexities or alignment program 
biases; and (2) sequences that arise due to possible contamination of ChIP-Seq 
libraries with foreign DNA.

5.1.1 Variations in alignment proportions

Comparisons of alignment proportions across different ChIP-Seq runs in differ­
ent experiments indicate that while there may be standardized protocols in the 
ChIP-Seq process in individual laboratories, variations in alignment proportions 
are still observed even within experiments from the same laboratory, with even 
more variation in different genomes. For instance, both the ENCODE and inod- 
ENDODE projects have such elaborate and standardized guidelines for ChIP-Seq 
experiments in order to generate high quality and comparable data, but reported* 
here are variations in alignment proportions in different ChIP-Seq runs and ex­
periments within these two major projects. This is an indication that generally, 
failure of a subset of reads to align to the reference genome cannot be entirely
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attributed to experiment-specific protocols since despite the same protocol being 
used in ChIP-Seq experiments, large variations in proportions of aligned reads 
are observed in individual ChIP-Seq runs. Additionally, the generation of more 
sequences in a ChIP-Seq experiment does not influence alignment success. These 
observations indicate that failure of reads to align to the reference genome is not 
entirely laboratory specific, instead it suggests other causal factors.

Whereas the presence of sequences with poor quality did not significantly 
affect alignment proportions in this study, we would like to point out that the 
effect could be more pronounced in cases where these sequences form a significant 
amount of the short read data sets, that is, the larger the amount of poor quality 
sequences the higher the likelihood of reads not aligning to the reference genome 
(Kaufmann et al., 2010a). Ensuring good quality ChIP-Seq reads is largely de­
pendent on the sequencing libraries preparation step, and even after sequencing, 
care must be taken to remove low quality reads in the preprocessing step of the 
ChIP-Seq data analysis pipeline. Moreover, since ChIP-Seq analysis involves the 
use of uniquely-aligned reads in identification of TFBSs, there is a missed oppor­
tunity m identification of TFBSs in highly repetitive genome sites, particularly 
in human and maize genomes (Kronmiller and Wise, 2009; SanMiguel et al., 
1998; Schnable et al., 2009), when multi-reads are discarded. This can result in 
potential false negatives (Blahnik et al., 2010). Nonetheless, the development 
of ChIP-Seq analysis algorithms for the discovery of TFBSs in highly repetitive 
genomes is an active area of research (Chung et al., 2011; Wang et al., 2010).

Genetic variation within species could also be a contributing factor in the ob­
served unaligned reads, since extensive genomic variation and diversity has been 
described in eukaryotes, especially in human (Barbujani et al., 1997; Bennett 
et al., 2004; Durbin et al., 2010; Ewing and Kazazian, 2010; Iskow et al., 2010; 
Xing et al., 2009) and maize genomes (Dooner and He, 2008; Haberer et al., 
2005; Schnable et al., 2009), in which most of the diversity is accounted for by 
transposable elements comprising nearly half of the human genome(Lander et al., 
2001) and an estimated 50 to 80% of the maize (Meyers et al., 2001) genome."* 
Li R. (Li et al., 2010) and colleagues have shown that integrating an Asian and 
an African human genome with the NCBI human reference genome results in 
identification of approximately 5 Mb of novel sequences not present in the ref-
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erence genome. In their effort to construct a complete human-pan genome, it 
was estimated that the complete genome would contain about 20-40 Mb of novel 
sequences. Clearly, there is a loss of information when reads are aligned to a 
single genome. However, large-scale genome resequencing projects like the hu­
man 1000 genomes project (http://www.1000genomes.org/), A. thaliana 1001 
genomes project (http://1001genomes.org) and the Drosophila population ge­
nomics project (http://dpgp.org) offer an excellent opportunity for the alignment 
of reads to multiple genomes thereby significanlty reducing the loss of information.

5.1.2 Potentially legitimate reads

Failure to align potentially legitimate reads to their reference genome could also be 
attributed to the manner in which alignment algorithms align short reads derived 
from next generation sequencing technologies. Technically, these next generation 
sequence alignment programs, unlike BLAST, do map reads heuristically

To substantiate our assertion that these potentially legitimate reads are true 
reads with mappable properties, we successfully realigned between a half and 
two thirds of the potentially legitimate reads back to their respective reference 
genomes using SHRiMP (Rumble et a/., 2009), an alignment program with ca­
pabilities of not only mapping short reads in highly polymorphic regions of the 
genome, but also of handling indels and allowance of mismatches. There seems 
to be a cost of loss of sensitivity when using more memory and time efficient 
alignment algorithms. The caveat, however, is that SHRiMP does not seem to 
significantly outperform bowtie in the initial alignment process. In fact, there 
is no gold standard short read alignment algorithm (Schbath et ai, 2012). Nev­
ertheless, we would like to point out that that SHRiMPs apparent superiority 
and ability to realign a considerable amount of reads to the reference genome 
is largely due to the fact that it is realigning a subset of reads that have been 
shown to be potentially legitimate by our analyses. The rationale behind this 
is that since short read alignment algorithms map reads in a heuristic manner, * 
there is increased likelihood of correctly mapping more legitimate reads when 
the set of reads to be mapped has been filtered and hence eontains significantly

i
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high proportion of legitimate reads with increased likelihood of mapping to the 
reference genome heuristically. The success of alignment is therefore augmented 
when an alignment algorithm has capabilities of both gapped-alignment and abil­
ity to deal with indels in reads, as is the case with SHRiMP. It should be noted, 
however, that the analyses reported here concentrated on determining the origin 
of unaligned reads rather than a detailed evaluation of performance of short read 
alignment algorithms, which has been reported elsewhere (Ruffalo et al., 2011; 
Schbath et al., 2012).

5.1.3 Contamination

Taxonomic classification was also able to uncover foreign DNA in the ChIP-Seq 
data sets. Although not extensively reported in literature, it is not uncommon to 
identify contaminant sequences in ChIP-Seq data sets (Kaufmann et al., 2010a). 
One possible source of contamination could be adapter sequences, which are lig­
ated to the DNA fragments before sequencing on an Illumina platfprm- The pro­
portion of adapter sequences usually varies across different sequencing libraries, 
and is dependent on the quality of the library (Kaufmann et al., 2010a). How­
ever, we observed low proportions of adapter sequences that have an insignificant 
effect on alignment of reads. One main source of contamination in at least one 
of the data sets from the genomes analysed was human sequences. This could 
presumably be due to contamination from researchers performing the experiment 
and/or extensive contamination of public sequence databases with human DNA, 
as shown by an in depth sequence search in NCBI, Ensembl, JG1, and UCSC 
carried out by Longo and colleagues (Longo et al., 2011).

On the other hand, it is now widely accepted that the human genome contains 
bacterial footprints, with the International human Genome Sequencing Consor­
tium reporting in early 2001 that between 113 and 223 human genes are of bac­
terial origin, although Salzberg and colleagues (Salzberg et al., 2001) obtained 
a lower gene count upon recalculation. Nonetheless, higher proportions of un#, 
aligned reads assigned to bacterial genomes reflects either the presence of bac­
terial sequences in the human genome or sequencing of the human microbiome

/
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(Gill et al., 2006), or both. Additionally, bacterial sequences in the unaligned 
reads data sets could arise due to sequencing of contaminant bacteria that are 
abundant in molecular biology laboratories, especially mycoplasma bacteria. The 
presence of bacterial sequences in other data sets from the other genomes anal­
ysed is largely due to contamination of the sequencing libraries with bacteria. 
This could be the case in the observed high amounts of E. coli and other Enter­
obacterial sequences in selected C. elegans ChIP-Seq runs (figure 10).

5.2 Conclusion

While failure of ChIP-Seq reads to align back to the reference genome is not 
uncommon, this phenomenon has never been investigated in detail. We have 
shown that this failure is not dependent on sequence quality, the amount of se­
quences generated in a ChIP-Seq experiment, or the laboratory performing the 
experiments; rather it is mainly due to contamination of ChIP-Seq sequencing 
libraries with foreign DNA material. The main source of contamination in most 
experiments was shown to be bacteria and metazoa of which human sequences 
was dominant. E. coli, Meiothermus silvanus and Enterobacteria contamination 
was predominantly in C. elegans and D. melanogaster ChIP-Seq studies. Inter­
estingly, contamination from the fish Salmo salar DNA was observed in some
maize ChIP-Seq data sets. This contaminant, as mentioned earlier, is likely to/
have been due to the use of Salmon sperm as a blocking agent that prevents non­
specific binding in the ChIP-Seq process. In addition, this study has revealed the 
presence of potentially legitimate reads in selected unaligned ChIP-Seq data sets, 
implying that the choice of the alignment algorithm contributes to the efficiency ‘ 
of the alignment process.

We strongly recommend that researchers performing ChIP-Seq experiments 
take utmost care while preparing their sequencing libraries since it is mainly at 
this stage that foreing DNA materials are introduced into the sample. We also^ 
recommend an exploration of unaligned reads since it has been shown that thesef' 
data sets may contain legitimate reads for ChIP-Seq analysis.

Research on improving the sensitivity of short read alignment, algorithms is
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Appendix 1

Human ChIP-Seq data sets:
SRR014988: STAT1 Transcription Factor in Human HeLa S3 Anti-STATl Ab 
SRR014989: STAT1 Transcription Factor in Human HeLa S3 Anti-STATl Ab 
SRR014990: STAT1 Transcription Factor in Human HeLa S3 Anti-STATl Ab 
SRR014991: STAT1 Transcription Factor in Human HeLa S3 Anti-STATl Ab 
SRR014993: STAT1 Transcription Factor in Human HeLa S3 Input DNA 
SRR014994: STAT1 Transcription Factor in Human HeLa S3 Input DNA 
SRR014995: STAT1 Transcription Factor in Human HeLa S3 Input DNA 
SRR014996: STAT1 Transcription Factor in Human HeLa S3 Input DNA 
SRR014997: STAT1 Transcription Factor in Human HeLa S3 Input DNA 
SRR014999: PolII Transcription Factor in Human HeLa S3 Mouse mAb
SRR015000: PolII Transcription Factor in Human HeLa S3 Mouse mAb
SRR015001: PolII Transcription Factor in Human HeLa S3 Mouse mAb
SRR015002: PolII Transcription Factor in Human HeLa S3 Mouse mAb
SRR015003: PolII Transcription Factor in Human HeLa S3 Mouse mAb
SR.R015010: PolII Transcription Factor in Human HeLa S3 Input DNA
SRR015011: PolII Transcription Factor in Human HeLa S3 Input DNA
SRR015012: PolII Transcription Factor in Human HeLa S3 Input DNA
SRR015013: PolII Transcription Factor in Human HeLa S3 Input DNA
SRR015014: PolII Transcription Factor in Human HeLa S3 Input DNA
SRR034151: ETS1 and RUNX binding pETSl Ab 
SRR034152: ETSl and RUNX binding pETSl Ab 
SRR034153: ETSl and RUNX binding pETSl Ab 
SRR034154: ETSl and RUNX binding mRUNX Ab 
SRR034155: ETSl and RUNX binding mRUNX Ab
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SRR034156: 
SRR034157: 
SRR034158: 
SRR034159: 
SRR034160: 
SRR034161: 
SRR054758: 
SRR054852: 
SRR054853: 
SRR054854: 
SRR054855: 
SRR054856: 
SRR054857: 
SRR054858: 
SRR 054859: 
SRR054860: 
SRRU54866: 
SRR054867: 
SRR054868: 
SRR0548G9: 
SRR054870: 
SRR054871: 
SRR054872: 
SRR054873: 
SRR054876: 
SRR054879: 
SRR 054881: 
SRR054882: 
SRR054883: 
SRR.054884: 
SRR054885: 
SRR054892: 
SRR054894:

ETS1 and RUNX binding pCBP Ab 
ETSl and RUNX binding pCBP Ab 
ETSl and RUNX binding Input DNA 
ETSl and RUNX binding Input DNA 
ETSl and RUNX binding Input DNA 
ETSl and RUNX binding Input DNA
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of 
Human ETS family of

Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs IgG 
Tfs IgG
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs IgG
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs IgG 
Tfs IgG 
Tfs IgG
Tfs TF specific Ab 
Tfs IgG
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab 
Tfs TF specific Ab
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SRR054895: 
SRR054896: 
SRR054897: 
SRR054898: 
SRR054899: 
SRR0549U0: 
SRR054901: 
SRR054902: 
SRR054907: 
SRR054908: 
SRR057328: 
SRR070250: 
SRR070251: 
SRR070252: 
SRR070589: 
SRR 070590: 
SRR070591: 
SRR070592: 
SRR070593: 
SRR094805: 
SRR094806: 
SRR094807: 
SRR094808: 
SRR094809: 
SRR094810: 
SRR094811: 
SRR 094812: 
SRR094813: 
SRR094814:

Human ETS family of Tfs TF specific Ab 
Human ETS family of Tfs IgG 
Human ETS family of Tfs IgG 
Human ETS family of Tfs TF specific Ab 
Human ETS family of Tfs TF specific Ab 
Human ETS family of Tfs TF specific Ab 
Human ETS family of Tfs TF specific Ab 
Human ETS family of Tfs TF specific Ab 
Human ETS family of Tfs IgG 
Human ETS family of Tfs Input DNA*
Human ETS family of Tfs IgG
GABP-alpha binding GABP-alpha Ab
GABP-alpha binding IgG
GABP-alpha binding IgG
TALI in hematopietic lineages TF specific Ab
TALI in hematopietic lineages TF specific Ab
TALI in hematopietic lineages TF specific Ab
TALI in hematopietic lineages TF specific Ab
TALI in hematopietic lineages TF specific Ab
ChIP-Seq in expanded hematopietic and progenitor cells WCE*
ChIP-Seq in expanded hematopietic and progenitor cells TF specific
ChIP-Seq in expanded hematopietic and progenitor cells TF specific
ChIP-Seq in expanded hematopietic and progenitor cells TF specific
ChIP-Seq in expanded hematopietic and progenitor cells TF specific
ChIP-Seq in expanded hematopietic and progenitor cells TF specific
ChIP-Seq in expanded hematopietic and progenitor cells TF specific
ChIP-Seq in expanded hematopietic and progenitor cells TF specific
ChIP-Seq in expanded hematopietic and progenitor cells TF specific
ChIP-Seq in expanded hematopietic and progenitor cells TF specific
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D rosophila  C hIP -Seq  data sets: 
SRR039091: S2.20HS.PREIMMUNE 
SRR039092: S2.20HS.PREIMMUNE 
SRR039093: S2.20HS.HSF.IP 
SRR039094: S2.20HS.HSF.IP 
SRR039095: 92_20HS.HSF.IP 
SRR039096: S2.20HS.HSF.KD-IP 
SRR039097: S2.20HS.HSF.KD-IP 
SRR039098: S2.20HS.HSF.KD-IP 
SRR039099: S2.NHS_HSF.IP 
SRR039100: S2_NHS.HSF.IP 
SRR039101: S2_NHS.HSF.IP 
SRR039102: S2.NHS.HSF.IP 
SRR039103: S2.NHS.HSF.KD-IP 
SRR039104: S2.NHS.HSF.KD-IP 
SRR067906: S2-DRSC-ChIP-Pc 
SRR067909: S2-DRSC-ChIP-Ph 
SRR067910: S2-DRSC-ChIP-Psc 
SRR067915: S2-DRSC-ChIP-Input 
SRR067916: S2-DRSC-ChIP-H3K4tae3
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C. elegans ChIP-Seq data sets:
SRR017601 Young adult replicate 1 POL II 
SRR017602 Young adult replicate 1 Input 
SRR017603 Young adult replicate 2 GFP 
SRRO17604 Young adult replicate 2 POL II 
SRRO17605 Young adult replicate 2 Input
SRR107302 Snyder-LIN-ll-GFP-L2-repl extraction 1-seql aliquote 1 
SRR107305 Snyder-LIN-ll-GFP-L2-repl extractionl-seql aliquote 2 
SRR107306 Snyder-LIN-ll-GFP-L2-rep2 extraction2-seql aliquote 1 
SRR107307 Snyder-LIN-ll-GFP-L2-rep2 extraction2-seql aliquote 2 
SRR107308 Snyder-UNC-130-GFP-Ll-repl extractionl-seql aliquote 1 
SRR107309 Snyder-UNC-130-GFP-Ll-repl extractionl-seql aliquote 2 
SRR107310 Snyder-UNC-130-GFP-Ll-rep2 extraction2-seql aliquote 1 
SRR107311 Snyder-UNC-130-GFP-Ll-rep2 extraction2-seql aliquote 2 
SRR107312 Snyder-HLH-1-GFP-emb-repl extractionl-seql aliquote 1 
SRR107313 Snyder-HLH-1-GFP-emb-repl extractionl-seql aliquote 2 
SRR107314 Snyder-HLH-l-GFP-emb-rep2 extraction2-seql aliquote 1 
SRR107315 Snyder-HLH-l-GFP-ernb-rep2 extraction2-seql aliquote 2 
SRR107317 Snyder-NHR-6-GFP-L2-repl extractionl-seql aliquote 1 
SRR107319 Snyder-NHR-6-GFP-L2-repl extractionl-seql aliquote 2 
SRR107320 Snyder-NHR-6-GFP-L2-rep2 extraction2-seql aliquote 1 
SRR107322 Snyder-NHR-6-GFP-L2-rep2 extraction2-seql aliquote 2 
SRR107324 Siiyder-N2-POLII-eemb-repl extractionl-seql aliquote 1 
SRR107325 Snyder-N2-POLII-eemb-repl extractionl-seql aliquote 2 
SRR107326 Snyder-N2-POLII-eemb-rep2 extraction2-seql aliquote 1 
SRR107327 Snyder-N2-POLII-eenib-rep2 extraction2-seql aliquote 2 
SRR107329 Snyder-N2-POLII-lemb-repl extractionl-seql aliquote 1 
SRR107330 Snyder-N2-POLII-lemb-repl extractionl-seql aliquote 2 
SRR107331 Snyder-N2-POLII-lemb-rep2 extraction2-seql aliquote, 1 
SRR107332 Snyder-N2-POLII-lemb-rep2 extraction2-seql aliquote 2 
SRR107339 Snyder-N2-POLII-Ll-repl extractionl-seql aliquote 1 
SRR107340 Snyder-N2-POLII-Ll-repl extractionl-seql aliquote 2 
SRR107341 Snyder-N2-POLII-Ll-rep2 extraction2-seql aliquote 1
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SRR107342 Snyder-N2-POLII-Ll-rep2 extraction2-seql aliquote 2 
SRR107345 Snyder-N2-POLII-L2-repl extraction 1-seql aliquote 1 
SRR107348 Snyder-N2-POLII-L2-repl extraction 1-seql aliquote 2 
SRR107349 Snyder-N2-POLII-L2-rep2 extraction2-seql aliquote 1 
SRR107350 Snyder-N2-POLII-L2-rep2 extraction2-seql aliquote 2 
SRR107352 Snyder-N2-POLII-L3-repl extraction 1-seql aliquote 1 
SRR107355 Snyder-N2-POLII-L3-repl extraction 1-seql aliquote 2. 
SRR107356 Snyder-N2-POLII-L3-rep2 extraction2-seql aliquote 1 
SRR107360 Snyder-N2-POLII-L3-rep2 extraction2-seql aliquote 2 
SRR107536 Snyder-N2-POLII-YA-repl extraction 1-seql aliquote 1 
SRR107537 Snyder-N2-POLII-YA-repl extractionl-seql aliquote 2 
SRR107538 Snyder-N2-POLII-YA-rep2 extraction2-seql aliquote 1 
SRRl07539 Snyder-N2-POLII-YA-rep2 extraction2-seql aliquote 2 
SRR107540 Sriyder-N2-POLII-L4-repl extractionl-seql aliquote 1 
SRR107543 Snyder-N2-POLII-L4-repl extractionl-seql aliquote 2 
SRR107544 Snyder-N2-POLII-L4-rep2 extraction2-seql aliquote 1 
SRRl07545 Snyder-N2-POLII-L4-rep2 extraction2-seql aliquote 2 
SRR107546 Snyder-GEIll-GFP-L4-repl extractionl-seql aliquote 1 
SRR107547 Snyder-GEIll-GFP-L4-repl extractionl-seql aliquote 2 
SRR107548 Snyder-GEIll-GFP-L4-rep2 extraction2-seql aliquote, 1 
SRR107549 Snyder-GEIll-GFP-L4-rep2 extraction2-seql aliquote 2 
SRR107550 Snyder-PHA4-GFP-lemb-repl extractionl-seql aliquote 1 
SRR107551 Snyder-PHA4-GFP-lemb-repl extractionl-seql aliquote 2 
SRR107552 Snyder-PHA4-GFP-lemb-rep2 extraction2-seql aliquote 1 
SRR107553 Snyder-PHA4-GFP-lemb-rep2 extraction2-seql aliquote 2 
SRR107554 Snyder-MEP-1-GFP-emb-repl extractionl-seql aliquote 1 
SRR.107555 Snyder-MEP-1-GFP-emb-repl extractionl-seql aliquote 2 
SRR107556 Snyder-MEP-l-GFP-emb-rep2 extraction2-seql aliquote 1 
SRR107557 Snyder-MEP-l-GFP-emb-rep2 extract.ion2-seql aliquote 2 
SRR107558 Snyder-MDL-1-GFP-Ll-repl extractionl-seql aliquote 1 
SRR107559 Snyder-MDL-1-GFP-Ll-repl extractionl-seql aliquote 2 
SRR107560 Snyder-MDL-l-GFP-Ll-rep2 extraction2-seql aliquote 1 
SRR107562 Snyder-LIN-15B-GFP-L3-repl extractionl-seql aliquote 1

I
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SRR107563 Snyder-LIN-15B-GFP-L3-repl extractionl-seql aliquote 2 
SRR107564 Snyder-LIN-15B-GFP-L3-rep2 extraction2-seql aliquote 1 
SRR107565 Snyder-LIN-15B-GFP-L3-rep2 extraction2-seql aliquote 2 
SRR107566 Snyder-BLMP-1-GFP-Ll-repl extractionl-seql aliquote 1 
SRR107568 Snyder-BLMP-1-GFP-Ll-repl extractionl-seql aliquote 2 
SRR107570 Snyder-BLMP-l-GFP-Ll-rep2 extraction2-seql aliquote 1 
SRR107572 Snyder-BLMP-l-GFP-Ll-rep2 extraction2-seql aliquote 2 
SRR107574 Snyder-LIN-13-GFP-emb-repl extractionl-seql aliquote 1 
SRR107575 Snyder-LIN-13-GFP-emb-repl extractionl-seql aliquote 2 
SRR107576 Snyder-LIN-13-GFP-emb-rep2 extraction2-seql aliquote 1 
SRR107580 Snyder-ELT-3-GFP-Ll-repl extractionl-seql aliquote 1 
SRR107581 Snyder-ELT-3-GFP-Ll-repl extractionl-seql aliquote 2 
SRR107583 Snyder-ELT-3-GFP-Ll-rep2 extraction2-seql aliquote 1 
SRR107584 Snyder-ELT-3-GFP-Ll-rep2 extraction2-seql aliquote 2 
SRR107585 Snyder-CEH-30-GFP-lemb-repl extractionl-seql aliquote 1 
SRR107587 Snyder-CEH-30-GFP-lemb-rep2 extraction2-seql aliquote 1 
SRR107588 Snyder-CEH-30-GFP-lernb-rep2 extraction2-seql aliquote 2 
SRR107589 Snyder-EGL-27-GFP-Ll-repl extractionl-seql aliquote 1 
SRR107590 Snyder-EGL-27-GFP-Ll-repl extractionl-seql aliquote 2 
SRR107591 Snyder-EGL-27-GFP-Ll-rep2 extraction2-seql aliquote 1 
SRR107592 Snyder-EGL-27-GFP-Ll-rep2 extraction2-seql aliquote 2 
SRR107593 Snyder-SKN-1-GFP-Ll-repl extractionl-seql aliquote 1 
SIIR107594 Snyder-SKN-1-GFP-Ll-repl extractionl-seql aliquote 2 
SRR107595 Snyder-SKN-l-GFP-Ll-rep2 extraction2-seql aliquote 1 
SRR107596 Snyder-SKN-l-GFP-Ll-rep2 extraction2-seql aliquote 2 
SRR107597 Snyder-PQM-l-GFP-L3-repl extractionl-seql aliquote 1 
SRR107598 Snyder-PQM-l-GFP-L3-repl extractionl-seql aliquote 2 
SRR107600 Snyder-PQM-l-GFP-L3-rep2 extraction2-seql aliquote 1 
SRR107601 Snyder-PQM-l-GFP-L3-rep2 extraction2-seql aliquote 2 
SRR107603 Snyder-LIN-39-GFP-L3-repl extractionl-seql aliquote 1 
SRR107604 Snyder-LIN-39-GFP-L3-repl extractionl-seql aliquote 2 
SRR107605 Snyder-LIN-39-GFP-L3-rep2 extraction2-seql aliquote 1
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A rabidopsis C h iP -S eq  data sets:
SRR016810 SEP3 ChIPSeq wild-type-replicate 1 Primary and secondary inflores­
cences of 5-7 weeks old plants wild type
SRR016811 SEP3 ChIP-Seq wild-type replicate 2 Primary and secondary inflo­
rescences of 5-7 weeks old plants wild type
SRR016812 SEP3 ChiP-Seq sep3 mutant replicate 3 Primary and secondary in­
florescences of 5-7 weeks old plants mutant sep3
SRR016813 SEP3 ChiP-Seq wild-type replicate 3 Primary and secondary inflo­
rescences of 5-‘7 weeks old plants wild type
SRR016814 SEP3 ChiP-Seq ag mutant replicate 3 Primary and secondary inflo­
rescences of 5-7 weeks old plants mutant ag 
SRR040045 AP2 Chip replicate 1 InfluorescenceCol-0 
SRR040046 AP2 Chip replicate 1 InfluorescenceCol-0 
SRR040047 AP2 Chip replicate 1 InfluorescenceCol-0 
SRR040048 AP2 Chip replicate 2 InfluorescenceCol-0 
SRR040049 AP2 control replicate 1 InfluorescenceCol-0 SALK-071140 
SRR040050 AP2 control replicate 1 Influorescence Col-0 SALK-071140 
SRR040051 AP2 control replicate 2 InfluorescenceCol-0 SALK-071140 
SRR040050 AP2 control replicate 1 Influorescence Col-0 SALK-071140 
SRR040051 AP2 control replicate 2 InfluorescenceCol-0 SALK-071140 
SRR070382 LFY control replicate 1 Complete seedlings Col-0 
SRR070383 LFY control replicate 2 Complete seedlings Col-0 
SRR070384 LFY sample/treatment replicate 1 Complete seedlings Col-0 
SRR038845 AP1-GR 2h-induced-sample-l AP1-GR apl cal apical meristematic 
tissue; 2 h induced with DEX
SRR038846 AP1-GR 2h induced sample 2 AP1-GR apl cal apical meristematic 
tissue; 2 h induced with DEX
SRR038847 AP1-GR 2h induced sample 2 AP1-GR apl cal apical meristematic 
tissue; 2 h induced with DEX
SRR038848 AP1-GR uninduced control 1 AP1-GR apl cal apical meristematic 
tissue; uninduced
SRR038849 AP1-GR uninduced control 1 AP1-GR apl cal apical meristematic 
tissue; uninduced
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SRR038850 AP1-GR uninduced control 2 AP1-GR apl cal apical meristematic 
tissue; uninduced
SRR038851 AP1-GR uninduced control 2 AP1-GR apl cal apical meristematic 
tissue; uninduced
SRR038848 AP1-GR uninduced control 1 AP1-GR apl cal apical meristematic 
tissue; uninduced
SRR038849 AP1-GR uninduced control 1 AP1-GR apl cal apical meristematic 
tissue; uninduced
SRR038850 AP1-GR uninduced control 2 AP1-GR apl cal apical meristematic 
tissue; uninduced
SRR038851 AP1-GR uninduced control 2 AP1-GR apl cal apical meristematic 
tissue; uninduced
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