diChIPMunk: utilizing ChIP-Seq data to construct advanced
dinucleotide models of transcription factor binding sites

I. KULAKOVSKIY 29 V. LEVITSKY ¢4 D. OSCHEPKOV ©),
I. VORONTSOV &2 V. MAKEEV .20

(1) Laboratory of Bioinformatics and Systems Biology, Engelhardt Institute of Molecular Biology,
Russian Academy of Sciences, Vavilov str. 32, Moscow, 119991, GSP-1, Russia

(2) Department of Computational Systems Biology, Vavilov Institute of General Genetics, Russian
Academy of Sciences, Gubkina str. 3, Moscow, 119991, GSP-1, Russia

(3) Laboratory of Molecular Genetics Systems, Institute of Cytology and Genetics of the Siberian
Division of Russian Academy of Sciences, Lavrentiev Prospect 6, Novosibirsk, 630090, Russia

(4) Faculty of Natural Sciences, Novosibirsk State University, Pirogova str. 2, Novosibirsk, 630090,
Russia

(5) Yandex Data Analysis School, Data Analysis Department, Moscow Institute of Physics and
Technology, Leo Tolstoy Str. 16, Moscow, 119021, Russia

(6) Faculty of Molecular Biology, Moscow Institute of Physics and Technology, Institutskii per. 9,
Dolgoprudny, 141700, Moscow Region, Russia

* jvan.kulakovskiy@gmail.com

Abstract

Computational analysis and prediction of transcription factor binding sites (TFBS) is one of the
fundamental tasks in regulatory genomics. A TFBS model can be derived from a set of
experimentally determined DNA sequences, specifically recognized by a transcription factor (TT). A
typical approach is to apply computational de #ovo motif discovery tools. With ChIP-Seq as the new
gold standard for genome-wide detection of TFBS 7 vivo it becomes possible to construct advanced
TEFBS models. Here we present a special motif discovery tool, diChIPMunk, which can produce
dinucleotide positional weight matrices (diPWMs) from ChIP-Seq data. We show that diPWMs
produced by diChIPMunk significantly outperform existing classic mononucleotide matrices in
terms of TFBS recognition quality.

The software is freely available:

Introduction

Transcription regulation in higher eukaryotes involves transcription factors (TTs) specifically
recognizing binding sites (TFBS) in DNA. Experimental techniques based on chromatin
immunoprecipitation produce thousands of DNA segments putatively recognized by a TF. One of
typical aims is to detect a common text pattern representing preferred TEFBS. Careful representation
of this pattern, the TFBS model, allows computational prediction of TFBS in genomic sequences of
interest.

The most widely used TFBS model is a positional weight matrix (PWM) directly computed from a
gapless multiple local alighment of TFBS-containing sequences. PWM assumes independent
nucleotide frequencies in different alignment columns, as there were no correlations between them.


http://autosome.ru/dichipmunk/

At the same time, some more complex models based on ChIP-Seq data provided only incremental
improvement over properly trained traditional PWMs [Bi2011].

A matrix of positional weights based on dinucleotide frequencies takes into account correlations of
nucleotides in neighboring alignment positions and provides simple extension of the PWM model.
Earlier it was already demonstrated that dinucleotide PWMs could outperform classic
mononucleotide PWMs if learned from on a reasonably large set of sequences [Levitsky2007]. The
remaining step is to properly utilize ChIP-Seq data for model training.

Here we present diChIPMunk, a tool able to produce dinucleotide PWMs based on ChIP-Seq data.

Results

Earlier we presented ChIPMunk [Kulakovskiy2010], an effective algorithm for construction of
traditional PWM models based on ChIP-Seq data. ChIPMunk performed efficiently and accurately
in several independent benchmarking studies including a recent one of the DREAM consortium
[Weirauch2013]. diChIPMunk is based on the same computational engine as ChIPMunk, and thus
shares several advantages including usage of ChIP-Seq peak shape (the reads pileup profile) and a
support for multi-threaded computations. To utilize ChIPMunk engine diChIPMunk uses a
“superalphabet” approach converting initial DNA sequences written in a mononucleotide A-C-G-T
alphabet into dinucleotide sequences with a AA-AC-AT...TT alphabet (with each nucleotide
included in two neighboring dinucleotides).

To test TFBS recognition quality we have used different ChIP-Seq datasets to compare
diChIPMunk models with those of ChIPMunk and PWMs available from public sources.

Here, as a case study, we used top 1000 ChIP-Seq peaks of NANOG and SOX2 TFs published in
[Chen2008]. Even ranked peaks were used for model training; odd ranked peaks were used as
control true positive sequences. Using a strategy from [Kulakovskiy2013] we have plotted ROC-
curves and calculated area-under-curve (AUC) values. Figure 1 presents results of the comparison.

Several other examples of diChIPMunk models evaluation were presented in the corresponding
paper [Kulakovskiy2013].

Conclusions

diChIPMunk is able to produce dinucleotide PWMs that perform significantly better than
mononucleotide PWMs. We provide diChIPMunk as a production-ready tool. diChIPMunk is going
to be included in BioUML platform [Kolpakov2006] as a motif discovery algorithm along with
several accompanying tools. As the dinucleotide PWM is a fairly simple model it becomes possible
to adapt many existing supporting tools, such as TFBS prediction in a given sequence (i.e. motif
finding), computing P-values for given score threshold levels etc for dinucleotide PWMs. We believe
this will facilitate a wider usage of dinucleotide PWMs with more and moreChIP-Seq data becoming
available.
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Figure 1. ROC curves of TFBS models for NANOG (left panel) and SOX2 (right panel) TFs. True
positive rate was estimated using independent control subset of ChIP-Seq peaks. False positive rate
was estimated based on PWM/dinucleotide PWM P-values as desctibed in [Kulakovskiy2013]. AUC
values are given in figure legends. HOMER, SwissRegulon and JASPAR PWMs were taken from
cortresponding collections. CHEN2008 PWM was presented in the same paper as the TF ChIP-Seq
data. The SOX2 matrix from JASPAR collection was based on the same ChIP-Seq dataset.
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