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Abstract
A high-throughput chromatin immunoprecipitation (ChIP) experiment is like a black-box: it
reports all regions that are associated with the profiled protein based on the initial cross-linking
step. These regions can be a highly diverse set of DNA sequences, with some making direct
contact with the protein, some binding through intermediaries, and some being a result of long-
range interactions involving the protein. We present DIVERSITY, a method that identifies the
distinct components of such a mixture, leaving no data behind, while at the same time, using
no prior motif knowledge. Using the example of the REST protein, we show that these different
components give insights into the various complexes that may be forming along the chromatin
and their regulatory functions.
http://diversity.ncl.res.in/ (webserver)
https://github. com/NarlikarLab/DIVERSITY (standalone for Mac OSX/Linux)

1 Introduction

DNA regulatory regions are known to play key roles in a wide range of biological processes (Maston
et al.,|2006) by interacting with specific proteins. To better understand these regions, high-throughput
chromatin immunoprecipication (ChIP) technologies are extensively used to map protein-DNA inter-
actions across different cell-types and organisms. However, in spite of these efforts, we still do not
know how regulatory information is encoded in the four-letter alphabet of our genome (Shlyueva et al.,
2014). We attribute this to the manner in which data from high-throughput experiments are currently
interpreted: although evidence points towards multiple distinct regulatory mechanisms being at play
at any given point in time (Struhl, [1991), a common characteristic is sought from the data. Motif
finding is one such glaring example, where a common sequence signature, typically a position weight
matrix (PWM) (Staden| |1984)), is learned from protein-DNA binding data under the assumption that
the solution must be “overrepresented” in the full set. However, a protein can exert its influence on
the DNA in more than one way, by changing co-factors, or through intermediaries, at times never
making direct DNA contact. It can therefore adopt different configurations at different DNA locations
causing the dataset to be highly diverse (Fig. . Even motif discovery methods that identify multiple
motifs do not account for this kind of diversity because they use the traditional enrichment criterion:
the first “most enriched” motif in the complete set is masked before finding the second one, which is
masked next and so on. The motifs “together” do not explain the dataset.

To address this issue, we developed an unsupervised learning approach that identifies different
modes of protein-DNA binding from ChIP data (Narlikar, 2013). Here, we present DIVERSITY, which
builds on that work, making it scalable to large datasets by reducing the number of models to be
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Figure 1: ChIP pulls down all complexes involving the profiled protein. DIVERSITY splits reported regions
into different sets based on motifs common to each set, all learned de novo. In this toy example, the red
protein binds to DNA as (I) homodimer, (IT) monomer, (III) indirectly via the blue protein (possibly causing
loops), or (IV) indirectly to via the purple protein. The expected output of DIVERSITY is four modes.

learned. Through the example of RE-1 silencing transcription factor (REST), we show that the
applicability of DIVERSITY goes beyond merely identifying the direct DNA-binding specificity of a
protein: it can learn potentially diverse regulatory mechanisms supported by distinct evolutionary
and functional characteristics.

2 Methods

2.1 Overview of DIVERSITY

DI1VERSITY assumes the protein in the ChIP experiment makes m types of DNA-contacts, or has m
DNA-binding modes, each represented as a PWM (Fig. . It then partitions the dataset into m
subsets, while simultaneously learning one enriched PWM corresponding in each subset. Crucially,
the user needs to input nothing but the ChIP sequences. Everything else from the width of the motifs
to the optimal number of modes is learned directly from the data using a mix of Gibbs sampling and
Bayesian model selection.

DI1VERSITY makes use of multiple processing cores, which are now standard in most computers.
This and other algorithmic advances detailed in Supplementary methods make DIVERSITY comparable
in speed to the standard motif discovery tool MEME (Bailey et all [2009) (Supplementary figure S2).
However, we stress that the problem solved by DIVERSITY is different from any available tool: the

goal is not to find individual motifs enriched in the set, but to explain the complete set using an
optimal number of binding modes. Therefore, we cannot compare the output of DIVERSITY with
these methods. Nevertheless, even if the goal is only to identify the direct binding site, we have
previously established that DIVERSITY’s approach finds the direct binding motif of a protein if it
makes DNA contact, as one of the modes; often when popular motif discovery methods fail
2013). But it is the additional insights on looping, indirect binding, and regulatory function that
make DIVERSITY a unique tool for downstream ChIP analysis.
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Figure 2: 200bp centered around ChIP summits of REST are input to DIVERSITY, which finds 12 modes.
Protein most likely to bind each mode (Gupta et all [2007) is listed on the side. Corresponding sequence
conservation, relative position, and gene-expression yields insights about the function of each mode.

2.2 Input and output of DIVERSITY

The only mandatory input to DIVERSITY is the set of ChIP-reported sequences. A successful run of
DIVERSITY produces an output directory containing the best model as an html file. Details of all
learned models are stored as separate subdirectories, in case the user is interested in models with less
(or more) binding modes. If input is given in a .bed format on the webserver, DIVERSITY reports
additional information: multiple alignments of the sequences contributing to each mode, phastCons
sequence conservation (Karolchik et all 2014)), and the distance of the modes to the closest TSS as
box-plots (insights in Fig. [1]).
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3 DivERsITY applied to REST

REST represses neuronal genes in non-neuronal cell-types and plays a role in differentiation of neuronal
cells (Qureshi et al) 2010). It binds directly to a 21bp RE-1 motif, but is believed to interact
with a diverse set of co-factors resulting in distinct transcription outcomes (Greenway et al.l [2007)).
DIVERSITY was run on REST data in neurons as compiled by Rockowitz et al.| (2014), finding 12
modes (Fig. |2). Rockowitz et al.| applied MAST (Bailey et al., |2009)), which scans sequences on the
basis of a user-supplied PWM, to identify neuronal regions containing the RE-1 motif. They showed
there was only a marginal enrichment of RE-1, even in the top 600 sequences. Therefore, it is not
surprising that DIVERSITY also finds only a small fraction of sequences (< 4%) contributing to a mode
(mode 1, Fig. [2]) that resembles RE-1. In addition to RE-1, DIVERSITY finds 11 other modes. For all
these modes, genes with transcription start sites within 2kb are significantly highly expressed. This
supports behaviour of REST as an activator in neurons (Ooi and Wood, [2007)), but suggests this
likely happens not by binding DNA directly, but via co-factors. Furthermore, modes differ in terms of
distance from the closest gene, expression of the closest gene, as well as evolutionary characteristics.
Co-factors potentially binding to the modes 2—-12 are described in greater detail in the Supplementary
information. DIVERSITY was also run on the non-neuronal GM12878 cell line, where it finds only
variants of the RE-1 motif. Sequence conservation and nucleosome occupancy, both indicate distinct
functions for specific RE-1 variants over others (Supplementary figure S1).

4 Conclusion

DIVERSITY asks the question: what sequence component caused a specific region to be reported in a
ChIP ezperiment? The answer, in combination with additional data such as sequence conservation,
SNPs, chromatin structure, downstream gene-expression, etc. can yield insights into the diverse regu-
latory mechanisms at play. The added benefits of a web-server and a standalone parallel version make
DIVERSITY a practical tool for discovering new biology from ChIP experiments.
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