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Abstract. Sprout is a novel generative model for ChIA-PET data that
characterizes physical chromatin interactions and points of contact at
high spatial resolution. Sprout improves upon other methods by learn-
ing empirical distributions for pairs of reads that reflect ligation events
between genomic locations that are bound by a protein of interest. Using
these learned empirical distributions Sprout is able to accurately position
interaction anchors, infer whether read pairs were created by self-ligation
or inter-ligation, and accurately assign read pairs to anchors which al-
lows for the identification of high confidence interactions. When Sprout
is run on CTCF ChIA-PET data it identifies more interaction anchors
that are supported by CTCF motif matches than other approaches with
competitive positional accuracy. Sprout rejects interaction events that
are not supported by pairs of reads that fit the empirical model for
inter-ligation read pairs, producing a set of interactions that are more
consistent across CTCF biological replicates than established methods.
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1 Introduction

Chromatin interactions are a key component of gene regulation as looping in-
duced interactions bring distal genomic regulatory sequences spatially proximal
to their regulatory targets [8]. Identifying the connections between regulatory el-
ements and the genes they regulate is required for understanding transcriptional
regulation. Thus, the precise characterization of looping based interactions would
help refine our understanding of how genes are controlled. Other forms of loop-
ing can implement other kinds of transcriptional regulation, such as isolating
regions of the genome from transcriptional activity [4, 13–15, 17, 20].

Recently developed molecular approaches [19] identify chromatin interactions
by producing single DNA molecules that combine pieces of DNA from both ends
of an interaction event under appropriate ligation conditions. The base sequences
at the ends of these DNA molecules are evidence in support of chromatin in-
teractions at the genomic coordinates where the observed sequences originated.
ChIA-PET is one such approach that measures chromatin interactions between
genomic sites bound by a particular protein [5]. In ChIA-PET the dilute ligation
step is preceded by fixation by formaldehyde, fragmentation by sonication, and
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chromatin immunoprecipitation using an antibody designed to target the protein
of interest. By using an antibody against a protein that is known to play a role
in maintaining genome structure [16], subsequent analysis can focus specifically
on chromatin contacts that involve that protein. However, ChIA-PET experi-
mental data are polluted by pairs of reads whose ends do not correspond to
binding events for the protein of interest. Such pairs of reads are much like the
background reads observed in ChIP-Seq data [18]. This combined with the noisy
positioning of reads around binding events presents two challenges for accurately
analyzing ChIA-PET data. The first is to accurately identify the positions of the
binding events that serve as potential anchors for interactions. The second is to
accurately assign read pairs to chromatin interaction anchors or to a background
noise model. Focusing on the set of chromatin interactions that are mediated by a
specific regulatory protein or complex permits sequencing resources to be focused
on the corresponding events. However, sophisticated computational methods are
still required to accurately discover interactions from ChIA-PET data.

Sprout is a novel computational approach for analyzing ChIA-PET data
that integrates chromatin interaction discovery with the identification of in-
teraction anchor points. Sprout accomplishes this by modeling the empirical
distribution of read positions around interaction anchors, allowing it to deter-
mine the positions of anchors and assign pairs of reads to anchors accurately.
Previous approaches to analyzing ChIA-PET data [10] have separated anchor
and interaction discovery eliminating the statistical strength that is gained from
combining the two procedures. We note that Sprout is theoretically applicable
to datasets generated using related technologies such as Hi-C [11] when sufficient
read coverage is available.

In the remainder of the paper we introduce the Sprout model, discuss our re-
sults on CTCF ChIA-PET data, and conclude with observations about Sprout’s
applicability.

2 Methods

Sprout is a hierarchical generative model for ChIA-PET data that discovers
interaction anchors, and a set of binary interactions between anchors. There are
two types of pairs of reads that are present in ChIA-PET data. Self-ligation pairs
arise from the ligation of a DNA molecule to itself. These pairs do not provide
direct information about interactions between anchors and can be thought of as
providing the same information as paired-end ChIP-Seq data. Inter-ligation pairs
arise from the ligation of two distinct DNA molecules from the same chromo-
some or different chromosomes and thus provide information about a potential
interaction.

Sprout models read-pair data with a mixture over distributions describing
the generation of self-ligation pairs and inter-ligation pairs. The components of
the model describing these two types of read pairs are themselves mixtures of dis-
tributions corresponding to the way pairs of reads are expected to be distributed
around anchors. We assume that the paired-end sequencing data generated by
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a ChIA-PET experiment have been processed appropriately resulting in a set

R = {r1, . . . , rN} such that each ri = 〈r(1)i , r
(2)
i 〉 is a pair of genomic coordinates

corresponding to the aligned positions of a pair of reads. Such processing includes
removing linker tags from the reads, filtering out pairs that are identified as
chimeric because of their heterogeneous linker tags, and aligning the reads to
the genome. The following is the likelihood of R

Pr(R, π, ψ, ρ, l) =
N∏

i=1

[
ρ

[
M∑

j=1

πj Pr(ri|lj)
]
+ (1− ρ)

[
M∑

j=1

M∑

k=1

ψj,k Pr(ri|lj , lk)
]]

(1)

Where 0 ≤ ρ ≤ 1,
∑N

i=1 πi = 1,
∑N

i=1

∑N
j=1 ψi,j = 1

Sprout identifies a set l = {l1, . . . , lM} that specifies the locations of sites
that are bound by the protein of interest and are potential anchors for inter-
actions. ρ is the probability that a pair of reads was generated by self-ligation.
Self-ligation pairs reflect the ligation of a DNA fragment to itself to form a cir-
cular fragment. Such pairs are associated with one anchor and the self-ligation
component of the model is a mixture of distributions each taking a single param-
eter to specify the location of the anchor position. These distributions take the
form Pr(ri|lj) (Fig. 1a). A relative weight πj is associated with each anchor j.
These distributions describe the length and arrangement of fragments around an
anchor which are induced by the fragmentation step of the ChIA-PET protocol.

Inter-ligation pairs can be associated with either the same anchor or two
different anchors that were in close proximity in the nucleus. The inter-ligation
component of the model is a mixture of distributions each taking two parameters
that specify the locations of the anchor(s) that the fragments were associated
with. A relative weight ψj,k is associated with each pair of anchors j and k. The
distributions Pr(ri|lj , lk) take different forms because if j = k (Fig. 1b) then
there are constraints on the ends of the fragments involved in the ligation. For
example, the fragments cannot have been overlapping since they were part of
the same chromosome prior to fragmentation. If j �= k (Fig. 1c) it is assumed
that the ends were generated independently by two one-dimensional distributions

centered around the two anchors Pr(ri|lj , lk) = Pr(r
(1)
i |lj) Pr(r(2)i |lk). We also

assume that ri implicitly carries information about the strandedness of the reads
because in both the case where j = k and j �= k the distributions depend on the
strandedness of the reads.

ChIA-PET data are noisy, and we observe reads that do not correspond to an-
chors. To account for these reads, we introduce a noise component with dummy
variable lB (B /∈ {1, . . . ,M}). In this work we consider uniform Pr(ri|lB), how-
ever knowledge about the propensity for genomic regions to generate background
noise could be incorporated into a more refined noise distribution. We assume
that Pr(ri|lj , lk) where j = B or k = B is defined in the same way as the case in

which j and k specify two different anchors: Pr(ri|lj , lk) = Pr(r
(1)
i |lj) Pr(r(2)i |lk)

and Pr(r
(·)
i |lj) is uniform when j = B.
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Fig. 1. These are examples of read distributions learned from CTCF ChIA-PET data.
Sprout is initially run with “generic” distributions and then the distributions are
re-estimated using the strongest events and Sprout is re-run with the empirically
learned distributions to discover more accurate predictions. (a) The positions of the
ends of self-ligation pairs are modeled using a two dimensional distribution. (b) The
positions of the ends of inter-ligation pairs where both ends are assigned to the same
anchor are also modeled using two dimensional distributions. Each of the four possible
strand combinations has its own constraints in terms of where the ends are likely to
be positioned relative to each other and to the anchor. This figure demonstrates the
distribution associated with inter-ligation pairs where both ends map to the positive
strand. (c) The positions of the ends of inter-ligation pairs are modeled separately using
one dimensional distributions.

To avoid overfitting, we wish to find a minimal number of anchors that explain
the data well while allowing the noise distribution to account for reads that are
not accounted for by anchors. Additionally, we assume that among all possible
pairs of anchors most pairs are not interacting. Thus, we wish to find a minimal
number of interacting pairs of anchors that explain the observed data. To achieve
both of these types of sparsity we introduce negative Dirichlet priors [3] on π
and ψ as specified by Eq. 2 and Eq. 3.

Pr(π|α) ∝
M∏

j=1

π−α
j (2)

Pr(ψ|β) ∝
M∏

j=1

M∏

k=1

ψ−β
j,k (3)

As will become apparent when the inference procedure is described, the α and β
parameters have the effect of specifying the minimum number of pairs of reads
that must be associated with an anchor or an interaction, respectively, in order
to avoid being eliminated from the model.

We also introduce priors on l and ρ. For l we introduce a Bernoulli prior which
reflects our prior belief that an anchor exists at a particular genomic coordinate
and that at most one anchor exists at any genomic coordinate. Given L possible
genomic coordinates,
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Pr(l|k) =
L∏

i=1

k
1(i∈l)
i (1− ki)

1(i/∈l) (4)

=
L∏

i=1

(1− ki)
M∏

j=1

klj
1− klj

(5)

∝
M∏

j=1

klj
1− klj

(6)

In this work we consider uniform k, but k could be made non-uniform to reflect
any prior belief about where anchors should be located. For ρ we introduce a
Beta prior

Pr(ρ|a, b) ∝ ρa−1(1− ρ)b−1 (7)

In this work we let a = 1 and b = 1 which is a uniform prior on ρ.
Each pair of reads is either a result of a self-ligation event or an inter-ligation

event and is associated with one or two anchors. We introduce latent variables
Z = {z1, . . . , zN} such that each zi = 〈z(1)i , z

(2)
i 〉 is a pair of anchor indices 1 . . .M

or special index B reflecting the noise distribution. Another special index is used
to indicate that a pair of reads was generated by self-ligation i.e. zi = 〈j,−〉.

The complete data likelihood is

Pr(R,Z|π,ψ, ρ, l) = Pr(R|Z, l) Pr(Z|π, ψ, ρ) (8)

=
N∏

i=1

⎡

⎣
M∏

j=1

[ρπj Pr(ri|lj)]1(zi=〈j,−〉)
M∏

k=1

[(1 − ρ)ψj,k Pr(ri|lj, lk)]1(zi=〈j,k〉)
⎤

⎦

(9)

We are interested in inferring likely values for π, ψ, ρ, and l. To accomplish this
we employ a variant of the EM algorithm [2] to maximize the complete data log
posterior

log Pr(l, π, ψ, ρ|R,Z, k, α, β, a, b)=
N∑

i=1

[
M∑

j=1

[
1(zi = 〈j,−〉) (log ρ + log πj + log Pr(ri|lj))

+
M∑

k=1

1(zi = 〈j, k〉) (log(1 − ρ) + logψj,k + log Pr(ri|lj, lk))
]]

−α
M∑

j=1

log πj − β
M∑

j=1

M∑

k=1

logψj,k +
M∑

j=1

log
klj

1 − klj
+ (a− 1) log ρ + (b− 1)(1 − ρ) + C

(10)

E Step:

γ(zi) =

∏M
j=1

[
[ρπj Pr(ri|lj)]1(zi=〈j,−〉) ∏M

k=1 [(1− ρ)ψj,k Pr(ri|lj , lk)]1(zi=〈j,k〉)
]

∑M
j=1

[
[ρπj Pr(ri|lj)] +∑M

k=1 [(1− ρ)ψj,k Pr(ri|lj , lk)]
] (11)
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M Step:

l̂j = argmax
x

{
N∑

i=1

[γ(zi = 〈j,−〉) log Pr(ri|x) (12)

+
M∑

k=1

[γ(zi = 〈j, k〉) log Pr(ri|x, lk)]
]

+ log
kx

1− kx

}

π̂j =
max(Nj − α, 0)

Nπ
(13)

Nπ =

M∑

j=1

max(Nj − α, 0) (14)

Nj =

N∑

i=1

γ(zi = 〈j,−〉) (15)

ψ̂j,k =
max(Nj,k − β, 0)

Nψ
(16)

Nψ =

M∑

j=1

M∑

k=1

max(Nj,k − β, 0) (17)

Nj,k =
N∑

i=1

γ(zi = 〈j, k〉) (18)

ρ̂ =
Nπ + a

N + a+ b
(19)

The E and M steps are repeated until the posterior approximately converges. The
components of l that correspond to non-zero components of π are the estimated
anchor locations. Non-zero components of ψ indicate pairs of anchors that are
candidates for significance testing as interactions.

The algorithm is initialized with uniform π and l set at regular intervals
throughout the genome. Components of π that do not assign probability to any
pairs of reads are set to 0 and effectively eliminated from the model. Components
with Nj < α are eliminated shortly thereafter. In the estimation of l̂j during
each M step the components of l other than the jth component are held fixed
making this algorithm an instance of the expectation-conditional maximization
algorithm [12]. Thus, the posterior is not necessarily maximized at each iteration

but convergence to a local maximum is still guaranteed. The estimation of l̂j is
tractable, despite the lack of a closed form solution, because for the set of pairs
of reads such that γ(zi = 〈j, ·〉) > 0, Pr(ri|x) > 0 for any pair of reads in the
set for x in only a small neighborhood around the previous value of li. Only x
in that neighborhood need be considered which reduces the search space for the
optimal x considerably.

To test the significance of a component ψj,k, the posterior is recomputed
with that component removed. The greater the ratio of the posterior with the
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component to the posterior without the component, the greater the significance
of the corresponding interaction. Making the conservative assumption that all
components with Nj,k ≤ 2 are false positives, we set a threshold for the posterior
ratio to be the value such that 5% of the components deemed significant have
Nj,k ≤ 2.

3 Results

We compared the performance of Sprout to other methods by analyzing CTCF
ChIA-PET data published by Handoko et al. [7]. Reads were processed using the
LinkerRemover component of the ChIA-PET tool [10]. The pairs of reads that
were positively identified as chimeric were discarded and the rest of the reads
were aligned to the mouse genome as unpaired reads using Bowtie [9]. Only
pairs with both ends that map uniquely were considered for further analysis.
In cases where more than one pair of reads aligns to the same location at both
ends, only one pair is retained because such positional duplicates are likely to
be PCR artifacts.

For comparison, we downloaded the significant intra-chromosomal interactions
and CTCF binding events published by Handoko et al. Sprout discovers both
inter- and intra-chromosomal interactions, but for this analysis we limited our
comparison to intra-chromosomal interactions only. Sprout does not impose a
lower bound on the distance between pairs of anchors that it will consider for
identifying interactions. However, linearly proximal anchors are expected to be
spatially proximal due to random polymeric movement of the chromosome in
the space of the nucleus. Therefore, linearly proximal anchors are expected to
be called interacting by Sprout. To investigate the distance at which this effect
diminishes, we looked at the frequency at which pairs of anchors detected by
Sprout interact as a function of distance between the anchors (Fig. 2). By 4000
bp, detected interactions become very infrequent suggesting that interactions of
this distance or greater are unlikely to be due to the linear proximity effect.
The shortest range interaction published by Handoko et al. is 5928 bp, so for
comparison we only consider interactions discovered by Sprout that span at
least this distance. But, we note that Fig. 2 suggests that functional interactions
may be discoverable by Sprout at distances as low as 4000 bp.

By comparing the positions of the anchors discovered by Sprout to matches
to the CTCF motif, we discovered that Sprout positions anchors with high
accuracy, and is very sensitive compared to other methods of discovering CTCF
binding events while maintaining a high degree of specificity. For comparison,
we examined the CTCF binding event calls published by Handoko et al. as well
as binding events identified by the GEM peak calling algorithm [6] which was
run on an independent ChIP-Seq dataset [1]. It is worth noting that Handoko
et al. based their binding event predictions on the ChIA-PET data but that
their method for identifying interactions is independent of their binding event
predictions. Overall there were more motif supported events in the set of events
identified by Sprout than the other two sets. The maximum height of each
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Fig. 2. Smoothed plots of the frequency at which interacting anchors identified by
Sprout exist at distances up to 20000 bp. Beyond 4000 bp anchors are very infrequently
interacting relative to the number of possible interactions at a given distance and
individual. This suggests that interactions that are detected by Sprout that span
more than 4000 bp are not explained by the linear proximity of the anchors.

curve in Fig. 3b indicates the total number of motif supported events discovered
by each method. Furthermore, the weight assigned to events by Sprout is a
better classifier of motif supported events than the weights assigned by Handoko
et al. to the ChIA-PET events or the weights assigned to ChIP-Seq events by
GEM. The fact that the Sprout curve in Fig. 3b is always greater than the
other curves indicates that Sprout achieves greater specificity.

The anchor regions identified by Handoko et al. tend to be relatively broad
with an average width of 1997.7 bp (Fig. 4). By identifying binding events within
the anchor regions, it may be possible to recover the true anchors for the inter-
actions as a post-processing step. However, as an example of the difficulty in
interpreting such broad interaction anchor regions, 63 of the 4077 interacting
anchors identified by Handoko et al. contain more than one motif supported
binding event. One of the strengths of Sprout is that interactions called by
Sprout are directly associated with binding events, thereby reducing ambigu-
ity in interpreting the results.

Upon comparing the significant interactions identified by Sprout and Han-
doko et al., we noticed that certain significant interactions were missed by Han-
doko et al. Of the 420 significant interactions that span more than 5928 bp
identified by Sprout, 87 interactions lack a corresponding interaction identified
by Handoko et al. with both anchors within 4 kb of the Sprout identified an-
chors. Of these interactions, 64 have binding events identified by Handoko et al.
within 250 bp of the Sprout identified anchors. The fact that Handoko et al.
failed to identify several interactions between binding events that they identify
with their own method for detecting binding events indicates one of the benefits
of Sprout’s approach of integrating interaction detection with anchor detection.

Handoko et al. identified 2241 significant interactions, however many of these
interactions do not fit the model of an interaction between two distinct anchors
as defined by Sprout (Fig. 5). 200 of the Handoko et al. interactions do subsume
Sprout identified interactions and an additional 11 Handoko et al. interactions
have Sprout identified interactions with anchors within 4 kb of their anchors.
1181 of the Handoko et al. interactions that do not subsume Sprout identified
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Fig. 3. Evaluation of the accuracy of CTCF binding events predicted by Sprout and
Handoko et al. from the ChIA-PET data as well as by GEM from an independent ChIP-
Seq dataset. (a) The percentage of CTCF motif matches in the genome that have a
binding event identified within distances up to 500 bp. (b) We used the presence of
a CTCF motif match within 250 bp of an event as an approximate indicator of true
positive anchor calls. As thresholds for significance are varied for each method, the
number of true positive and false positive calls are plotted. This results in a receiver
operating characteristic curve for each method.
.
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Fig. 4. A histogram of the widths of anchors identified by Handoko et al. illustrating
the breadth of many of the anchor regions.

interactions do not contain a CTCF binding event (by their own definition) at
one or both anchors. This clearly indicates that these are unlikely to reflect true
interactions between CTCF-bound anchors. Of the remaining 860 Handoko et al.
interactions, 52 involve 0 pairs of reads and 123 involve 1 pair of reads according
to our alignment of the data. Handoko et al. used a rescue procedure in which
reads that align to multiple locations are in some cases assigned to one location.
We did not use this procedure when we aligned the reads which may explain
why Handoko et al. assign significance to interactions that do not seem to be
supported by enough read pairs without the rescue procedure. This leaves 685
Handoko et al. interactions that are supported by at least 2 pairs of reads that
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Fig. 5. Most of the interactions identified by Handoko et al. are not supported by pairs
of reads with ends that fit Sprout’s read distribution.

(a)

(b)

Fig. 6. Two interactions that are identified by Handoko et al. The boxes indicate
the anchor regions that they identify. (a) This interaction is not called significant by
Sprout because the pairs of reads that connect the anchor regions do not fit Sprout’s
model. (b) Sprout does call a significant interaction between the anchors that fall
within the Handoko et al. anchor regions because the pairs of reads that connect the
regions were likely to have been generated by the anchors within the regions according
to Sprout’s model. Note that there is a second potential anchor on the left side that
falls outside of the Handoko et al. identified region. This anchor is identified by both
Sprout and Handoko et al. and is identified by Sprout but not by Handoko et al. as
an independent interaction with the anchor on the right.
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Fig. 7. Evaluation of biological replicate consistency in interactions discovered by both
methods and in interactions identified by Handoko et al. that do not fit Sprout’s
read distributions. (a) A histogram of the difference in the number of pairs of reads
from each biological replicate that connect anchors identified by Handoko et al. that
subsume interactions called by Sprout. To account for the overall difference in signal
strength, the values were subtracted by the mean per interaction difference. There
are interactions that differ in support between the biological replicates. However, the
normalized difference in pairs between the biological replicates is most frequently close
to 0. (b) A histogram of the difference in the number of pairs of reads from each
biological replicate that connect anchors identified by Handoko et al. that are supported
by a plausible number of pairs of reads but do not fit Sprout’s read distributions. As
in (a), the differences are subtracted by the mean difference. The biological replicates
differ by one pair of reads much more frequently than they agree. This difference is
significant given that 491 out of 685 interactions in this set are only supported by 2
pairs of reads total.

do not subsume Sprout identified interactions. However, upon examination of
many of these interactions (Fig. 6), the broadness of the interaction anchors
allow pairs of reads to be considered together even though the positions of the
reads do not fit Sprout’s model of how reads should be distributed around
anchors.

Interactions supported by pairs of reads that fit Sprout’s read distributions
are more consistent across biological replicates and therefore are more likely to
represent true interactions. To demonstrate this we consider two sets of inter-
actions. One set, which we call the good fit set, includes the 200 interactions
identified by Handoko et al. that subsume Sprout identified interactions. The
other set, which we call the bad fit set, includes the 685 Handoko et al. inter-
actions that contain binding events at both anchors and are connected by at
least 2 pairs of reads but do not subsume interactions discovered by Sprout.
The first thing we noticed is that the interactions in the good fit set tend to be
supported by more pairs of reads. The average number of pairs per interaction
in the good fit set is 4.15 while for the bad fit set the average number of pairs
is 2.73. We then identified which of the biological replicates each pair of reads
came from. As can be seen in Fig 7, the biological replicates assign pairs of reads
to the interactions in the good fit set more consistently than interactions in the
bad fit set.
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4 Conclusion

Sprout uses all pairs of reads to estimate anchor positions and learns empirical
interaction read distributions to more accurately assign pairs of reads to anchors.
Sprout interaction calls are more consistent across biological replicates than
the method proposed by Handoko et al. Identifying high confidence interactions
between accurately positioned anchors is a task that is increasing in importance
as more genome structure data are produced. Utilizing data from various types of
high throughput sequencing based approaches, several successful approaches to
identifying regulatory elements have been developed. However, it is impossible to
fully understand how these regulatory elements function without putting them in
their spatial context in the nucleus. The interaction results produced by Sprout
from ChIA-PET data allow for a more accurate understanding of this spatial
context.
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