Supplementary Figures

Supplemental Figure 1: Related to Main Figure 1. Extended flowchart showing key
alternatives at each step as well as alternative orderings for bias factor mitigation and binning
steps.
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Supplemental Figure 2: Related to Main Figure 3. (A) Count distributions for each fragment in
the Sox2 region, shown as narrow boxplots. The median count for each fragment is shown in
red. The dark gray boxes show the interquartile range (IQR). The whiskers extend to 1.5 times
the IQR. (B) Heatmaps showing fragment length bias profiles before and after bias factor
mitigation. The color indicates the average relative enrichment of ligation detection events as a
function of the length of one of the participating fragments (x-axis) and that of the other fragment
(y-axis).

2

Supplemental Figure 3: Related to Main Figure 4. (A) Contact frequency heatmaps of the
Sox2 region in pNPCs binned at 4 kb matrix resolution with a variety of smoothing window
widths (from left to right: 12 kb, 24 kb, 50 kb, 100 kb), then normalized by the Joint Express
procedure. (B) Contact frequency heatmaps of the Sox2 region in pNPCs binned at a variety of
matrix resolutions (rows) and smoothing window widths (columns).
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Supplemental Figure 4: Related to Main Figure 5. (A) Smoothed contact matrix entries from
the Sox2 region (blue points) compared to a variety of one-dimensional expected models
computed with different algorithms (colored curves). (B) Smoothed contact matrix entries from
the Sox2 region (blue points) compared to one-dimensional expected models from individual 5C
regions (red and green curves) as well as the global model (black curve). (C) Schematic
illustrating donut and lower left filters. In this example, the outer radius of the donut is 𝑤 = 3 and
the inner radius of the donut is 𝑝 = 1.

4

Supplemental Figure 5: Related to Main Figure 6. (A) Mean-variance relationships from all
regions overlayed on the same log-log axes. Circles represent sample variances of smoothed
contact matrix entries with similar expected values. (B) Stabilized variance as a function of
expected value after application of a variance-stabilizing transform. (C) Theoretical distributions
(blue) parametrized according to various variance models compared to the distribution of
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contact matrix entry smoothed values with expected values near 20 (top row) and near 150
(bottom row) (red). (D) Heatmaps (zoomed in on the Olig1 and Olig2 genes) of interaction pvalues derived from the three distribution parametrization options (from left to right: MVR
negative binomial, MVR log-normal, and VST logistic). P-values are computed against the null
hypothesis that the interaction’s value is not higher than expected given the estimated variance.
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Supplemental Figure 6: Related to Main Figure 7. (A) Zoom-in view around a previously
identified interaction between the promoter of Zfp462 and an ES-specific enhancer downstream
of the gene. Colors correspond to the significance of the interaction (right tail p-value). ChIP-seq
tracks show H3K27ac signal in ES cells and NPCs. (B) Same view as in (A), but colored
according to cell-type specificity of significant interactions. (C) Zoom-in view around a grid of
previously identified interactions between the Olig1 and Olig2 genes and an NPC-specific
enhancer downstream of the genes. Colors correspond to the significance of the interaction
(right tail p-value). ChIP-seq tracks show H3K27ac signal in ES cells and NPCs. (D) Same view
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as in (C), but colored according to cell-type specificity of significant interactions. (E) Enrichment
above background of motif orientations of CTCF sites occupied in ES cells found at the base of
significant interactions identified in ES cells.
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STAR METHODS

Contact for Reagent and Resource Sharing
Further information and requests for resources and reagents should be directed to and
will be fulfilled by the Lead Contact, Jennifer E. Phillips-Cremins
(jcremins@seas.upenn.edu).

Experimental Model and Subject Details (Omit)

Methods
Notation
We will assume we have 𝑁𝐾 5C libraries, indexed with the set 𝐾 = {1, … , 𝑁𝐾 }. Each of
the 5C libraries queries 𝑁𝑅 regions, indexed with the set 𝑅 = {1, … , 𝑁𝑅 }. Any given
region 𝑟 ∈ 𝑅 is queried by 𝑁𝑃,𝑟 primers, indexed with the set 𝑃𝑟 = {1, … , 𝑁𝑃,𝑟 }. Since the
5C assay queries ligations between primers, the set of all primer-primer junctions in a
given region 𝑟 ∈ 𝑅 is therefore 𝐽𝑟 = {{𝑎, 𝑏} ∶ 𝑎 ∈ 𝑃𝑟 , 𝑏 ∈ 𝑃𝑟 }, where we note that a junction
is identified by an unordered set of the two primers involved in the junction. Not all
primer-primer junctions are physically possible, because two primers with the same
orientation cannot be ligated together (i.e., 3’ to 3’ ligations and 5’ to 5’ ligations are
impossible). Therefore, we construct a similar set to represent all primer-primer
junctions actually queried by the assay in a given region 𝑟 ∈ 𝑅; this set is 𝑄𝑟 =
{{𝑎, 𝑏} ∶ 𝑎 ∈ 𝑃𝑟 , 𝑏 ∈ 𝑃𝑟 , 𝑂𝑟,𝑎 ≠ 𝑂𝑟,𝑏 }, where 𝑎 and 𝑏 represent the indices of the two
primers in a given junction and 𝑂𝑟,𝑎 denotes the orientation of primer 𝑎 ∈ 𝑃𝑟 in region 𝑟 ∈
𝑅. We will sometimes wish to consider the set of queried primer-primer junctions in a
given region 𝑟 ∈ 𝑅 which involve a specific primer 𝑝 ∈ 𝑃𝑟 . We denote this set 𝑄𝑟,𝑝 =
{{𝑝, 𝑏} ∶ 𝑏 ∈ 𝑃𝑟 , 𝑂𝑟,𝑝 ≠ 𝑂𝑟,𝑏 }.
In exploring intrinsic fragment properties, we construct subsets of the primers
according to the GC content of their genome-binding subsequences (i.e., excluding
universal tails). We can denote the set of primers in a given region 𝑟 ∈ 𝑅 whose GC
content percentage is 𝑢 as 𝑃𝑟𝑢 = {𝑝 ∈ 𝑃𝑟 ∶ 𝐺𝐶𝑟,𝑝 = 𝑢} where 𝐺𝐶𝑟,𝑝 is the GC content
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percentage of primer 𝑝 ∈ 𝑃𝑟 in region 𝑟 ∈ 𝑅. We can use these primer subsets to identify
primer-primer junctions whose involved primers have specific GC content levels. In
particular, we can denote the set of primer-primer junctions in a given region 𝑟 ∈ 𝑅
involving one primer with GC content percentage 𝑢 and another primer with GC content
percentage 𝑣 as 𝑄𝑟𝑢,𝑣 = {{𝑎, 𝑏} ∶ 𝑎 ∈ 𝑃𝑟𝑢 , 𝑏 ∈ 𝑃𝑟𝑣 , 𝑂𝑟,𝑎 ≠ 𝑂𝑟,𝑏 }.
When exploring the linear genomic distance separating fragments, we annotate
the midpoint of the fragment that a primer 𝑝 ∈ 𝑃𝑟 in a given region 𝑟 ∈ 𝑅 is designed to
𝑓

𝑓

query by 𝑀𝑝,𝑟 . We annotate the fragments start coordinate as 𝑆𝑝,𝑟 and its end coordinate
𝑓

as 𝐸𝑝,𝑟 . For the purposes of visualizing fragment level contacts, we collect all the 5’
′

oriented primers in each region in to an ordered set 𝑃𝑟5 = {𝑝 ∈ 𝑃𝑟 ∶ 𝑂𝑟,𝑝 = 5′ } and all the
′

3’ oriented primers in another ordered set 𝑃𝑟3 = {𝑝 ∈ 𝑃𝑟 ∶ 𝑂𝑟,𝑝 = 3′ }. We then
′

′

constructed a matrix with dimensions |𝑃𝑟5 | × |𝑃𝑟3 | whose 𝑖, 𝑗th entry represents the
′

′

count of the ligation junction between the 𝑖th primer in 𝑃𝑟5 and the 𝑗th primer in 𝑃𝑟3 . We
were then able to visualize this matrix as a contact frequency heatmap.

Data sources and primer quality filtering
We obtained previously published (Beagan et al., 2016) source data from GEO Series
GSE68582. For each of the samples listed in the table below, we obtained the raw
countsfile available as a Supplementary File on that sample. We also obtained
information about the 5C primers used for these samples from GSE68582_BED_ESNPC-iPS-LOCI_mm9.bed.gz, a Supplementary File on the GSE68582 series.

GEO Sample

Replicate name used in this work

GSM1974095

ES Batch M Rep 1

GSM1974096

ES Batch M Rep 2

GSM1974099

pNPC Rep 1

GSM1974100

pNPC Rep 2
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Before beginning analysis, we removed any 5C primers which had fewer than
100 total cis read counts in any sample, along with those for which less than half of the
possible cis ligation products were ever detected in any single replicate.

Sequencing depth and library complexity correction strategies
Simple scalar normalization
The total number of cis contact detections within a given region 𝑟 ∈ 𝑅 in each library 𝑘 ∈
𝐾 are computed as Equation 1:

(1)

𝑠𝑘,𝑟 = ∑ 𝐶𝑞,𝑘,𝑟
𝑞∈𝑄𝑟

where 𝐶𝑞,𝑘,𝑟 is the number of reads counted mapping to primer-primer junction 𝑞 ∈ 𝑄𝑟 in
region 𝑟 ∈ 𝑅 and library 𝑘 ∈ 𝐾. We then identify the smallest size factor across the
libraries 𝑠𝑚𝑖𝑛,𝑟 = min 𝑠𝑘,𝑟 . The scaled count, 𝐶̂𝑞,𝑘,𝑟 , for primer-primer junction 𝑞 ∈ 𝑄𝑟 in
𝑘∈𝐾

library 𝑘 ∈ 𝐾 and region 𝑟 ∈ 𝑅 is then computed as Equation 2:

𝐶̂𝑞,𝑘,𝑟 = 𝐶𝑞,𝑘,𝑟 ×

𝑠𝑚𝑖𝑛,𝑟
𝑠𝑘,𝑟

∀ 𝑞 ∈ 𝑄𝑟 , 𝑘 ∈ 𝐾

(2)

Median of ratios normalization
The median-of-ratios size correction factor (Anders and Huber, 2010) 𝑠𝑘,𝑟 for a given
region 𝑟 ∈ 𝑅 and library 𝑘 ∈ 𝐾 is computed as Equation 3:

𝑠𝑘,𝑟 = median
𝑞∈𝑄𝑟

𝐶𝑞,𝑘,𝑟
(∏𝑘 ′ ∈𝐾 𝐶𝑞,𝑘 ′ ,𝑟 )

1⁄𝑁𝐾

(3)

The scaled counts value for primer-primer junction 𝑞 ∈ 𝑄𝑟 in region 𝑟 ∈ 𝑅 and library 𝑘 ∈
𝐾 is then computed as Equation 4:
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𝐶̂𝑞,𝑘,𝑟 =

𝐶𝑞,𝑘,𝑟
𝑠𝑘,𝑟

(4)

∀ 𝑞 ∈ 𝑄𝑟 , 𝑘 ∈ 𝐾

Quantile normalization
To perform quantile normalization, we created a table whose rows represent individual
primer-primer ligations 𝑞 ∈ 𝑄𝑟 and whose columns represent individual libraries 𝑘 ∈ 𝐾.
The count values 𝐶𝑞,𝑘,𝑟 are entered into the table at the appropriate positions, and the
𝐶𝑞,𝑘,𝑟 are then sorted column-wise in each k column. Thus, the 𝑖th row of the table
corresponds to the 𝑖th order count value, {𝐶𝑞,𝑘,𝑟 ∶ 𝑞 ∈ 𝑄𝑟 }(𝑖) , with the column index 𝑘
specifying which library this order statistic is taken over. Next, we compute the row-wise
average across the columns (i.e. across libraries) of the sorted table (Equation 5).

{𝐶̂𝑞,𝑘,𝑟 ∶ 𝑞 ∈ 𝑄𝑟 }(𝑖) =

1
∑ {𝐶𝑞,𝑘 ′ ,𝑟 ∶ 𝑞 ∈ 𝑄𝑟 }(𝑖)
𝑁𝐾 ′

∀ 𝑖 ∈ {1, … , |𝑄𝑟 |}

(5)

𝑘 ∈𝐾

Finally, we unscramble the table back to its original ordering, and read out the
normalized count 𝐶̂𝑞,𝑘,𝑟 from row 𝑞, column 𝑘. If there is a tie in library 𝑘 ∈ 𝐾 between a
set of tied ranks 𝑇 = {𝑡1 , 𝑡2 , … , 𝑡𝑛 }, it is resolved by identifying 𝑡𝑚𝑖𝑛 = min 𝑡 and setting
𝑡∈𝑇

the normalized value for every rank in 𝑇 in library 𝑘 to the average across libraries at
rank 𝑡𝑚𝑖𝑛 , or in other words, {𝐶̂𝑞,𝑘,𝑟 ∶ 𝑞 ∈ 𝑄𝑟 }(𝑡) =

1
𝑁𝐾

∑𝑘 ′ ∈𝐾{𝐶𝑞,𝑘 ′ ,𝑟 ∶ 𝑞 ∈ 𝑄𝑟 }
(𝑡

𝑚𝑖𝑛 )

, ∀ 𝑡 ∈ 𝑇.

Conditional quantile normalization
Inspired by the previous application of conditional quantile normalization to RNA-seq
data (Hansen et al., 2012), we devised a new conditional quantile normalization scheme
for proximity ligation data by performing quantile normalization separately on stratified
groups of fragment-fragment junctions with the same GC content properties. The
normalized counts values 𝐶̂ for the group of fragment-fragment junctions involving one
primer with GC content percentage 𝑢 and another primer with GC content percentage 𝑣
in a given region 𝑟 ∈ 𝑅 are computed as Equation 6:
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{𝐶̂𝑞,𝑘,𝑟 ∶ 𝑞 ∈ 𝑄𝑟𝑢,𝑣 }(𝑖) =

1
∑ {𝐶𝑞,𝑘 ′ ,𝑟 ∶ 𝑞 ∈ 𝑄𝑟𝑢,𝑣 }(𝑖)
𝑁𝐾 ′

∀ 𝑖 ∈ {1, … , |𝑄𝑟 |}

(6)

𝑘 ∈𝐾

where {𝐶𝑞,𝑘,𝑟 ∶ 𝑞 ∈ 𝑄𝑟𝑢,𝑣 }(𝑖) is the 𝑖th smallest non-redundant counts value in region 𝑟 ∈ 𝑅
in library 𝑘 ∈ 𝐾 among primer-primer junctions involving primers with GC content
percentages 𝑢 and 𝑣. Ties are resolved by assigning all tied entries to the average of
the lowest rank involved in the tie.

Bias factor mitigation strategies
Explicit spline normalization: Overview
We also developed a method for specifying bias factors explicitly. Previous reports have
established that data from proximity ligation-based assays is biased by the GC content
and mappability of the sequence near the ligation point as well as the length of the
restriction fragments involved in the ligation (Yaffe and Tanay, 2011). In 5C data,
mappability is not a prominent contributor to the bias profile, because the 5C primers
being sequenced are always read in their entirety and their sequences are unique. This
leaves GC content and fragment length as the two major known bias factors that apply
to 5C data.
We first constructed models of our bias factors, including (1) the estimated logscale GC bias factor for a primer-primer ligation given the GC content of the primers
involved in the ligation and (2) the estimated length bias factor given the lengths of the
fragments involved in the ligation. We annotate the models (detailed below) as
𝐹𝐺𝐶 (𝐺𝐶𝑟,𝑎 , 𝐺𝐶𝑟,𝑏 ) and 𝐹𝑙𝑒𝑛 (𝐿𝑟,𝑎 , 𝐿𝑟,𝑏 ), respectively, where 𝐺𝐶𝑟,𝑎 represents the GC
content of primer 𝑎 ∈ 𝑃𝑟 in region 𝑟 ∈ 𝑅 and 𝐿𝑟,𝑎 represents the length of the restriction
fragment queried by primer 𝑎 ∈ 𝑃𝑟 in region 𝑟 ∈ 𝑅. A “log-scale bias factor”
𝐹𝐺𝐶 (𝐺𝐶𝑟,𝑎 , 𝐺𝐶𝑟,𝑏 ) = log 2 implies that given the GC content properties of the ligation
{𝑎, 𝑏} ∈ 𝑄𝑟 has an experimentally detected read count that is twice as high as if there
was no GC bias effect. Since distance dependence is a strong covariate in 5C data, we
also use a model that accounts for the expected value of the primer-primer ligation
counts given the genomic distance between the two fragments involved in the ligation.
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We create one distance dependence model for each library 𝑘 ∈ 𝐾 and for each region
𝑓

𝑓

𝑓

𝑟 ∈ 𝑅, calling it 𝐷𝑟,𝑘 (|𝑀𝑎,𝑟 − 𝑀𝑏,𝑟 |), where 𝑀𝑎,𝑟 represents the midpoint of the restriction
𝑓

𝑓

fragment queried by primer 𝑎 ∈ 𝑃𝑟 and 𝐷𝑟,𝑘 (|𝑀𝑎,𝑟 − 𝑀𝑏,𝑟 |) represents the expected value
of the counts for a particular ligation junction given that the fragments involved in the
𝑓

𝑓

junction are separated by a midpoint-to-midpoint distance of |𝑀𝑎,𝑟 − 𝑀𝑏,𝑟 | base pairs
along the linear genome.
GC content and fragment length biases have been discussed as nonindependent bias factors by previous reports (Yaffe and Tanay, 2011), though modeling
them as fully independent can be challenging (Jin et al., 2013). Here we have chosen to
partially address this problem by keeping our bias factor models 𝐹𝐺𝐶 (𝐺𝐶𝑟,𝑎 , 𝐺𝐶𝑟,𝑏 ) and
𝐹𝑙𝑒𝑛 (𝐿𝑟,𝑎 , 𝐿𝑟,𝑏 ) nominally independent, but fitting them using an iterative procedure. The
intuition for our iterative fitting procedure is that at each iteration step, we choose one
bias model (GC or length) and fit it de novo (i.e., ignoring any parameters fitted for this
model in earlier iterations) to data that have been adjusted by the distance dependence
model as well as the latest version of the other bias model (see model Equations 10-16
below). We then switch to the other bias model and repeat this process until the model
parameters converge (we chose to declare convergence when for each model, the
relative change in predicted bias from the previous version was within 1 × 10−4 ).
Specifically, if we choose the GC model for the first iteration, we re-fit a new GC model
to the data adjusted for distance dependence as well as the latest version of the length
bias model, then we re-fit a new length model to the data adjusted for distance
dependence as well as the new GC model we just computed, then fit another GC
model, and so on. After we have finished fitting 𝐹𝐺𝐶 (𝐺𝐶𝑟,𝑎 , 𝐺𝐶𝑟,𝑏 ) and 𝐹𝑙𝑒𝑛 (𝐿𝑟,𝑎 , 𝐿𝑟,𝑏 ) via
this process, the bias-corrected counts, 𝑋𝑞,𝑘,𝑟 , for primer-primer ligation 𝑞 = {𝑎, 𝑏} ∈ 𝑄𝑟
in library 𝑘 ∈ 𝐾 and region 𝑟 ∈ 𝑅 will be Equation 7:
𝑋𝑞,𝑘,𝑟 = exp[log(𝐶̂𝑞,𝑘,𝑟 + 1) − 𝐹𝐺𝐶 (𝐺𝐶𝑟,𝑎 , 𝐺𝐶𝑟,𝑏 ) − 𝐹𝑙𝑒𝑛 (𝐿𝑟,𝑎 , 𝐿𝑟,𝑏 )] − 1

(7)

where the details of the GC content and fragment length models 𝐹𝐺𝐶 (𝐺𝐶𝑟,𝑎 , 𝐺𝐶𝑟,𝑏 ) and
𝐹𝑙𝑒𝑛 (𝐿𝑟,𝑎 , 𝐿𝑟,𝑏 ) will be explained in detail Equations 10-16 below.
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Explicit spline normalization: Fragment-level distance dependence model
To obtain a simple fragment-level distance dependence model, we performed a linear
regression of the logged interaction distances (in units of base pairs) against the logged
counts values within a given library 𝑘 ∈ 𝐾 and region 𝑟 ∈ 𝑅 (Equation 8):

𝑚
̂ 𝑟,𝑘 , 𝑏̂𝑟,𝑘 = argmin
𝑚𝑟,𝑘 ,𝑏𝑟,𝑘

∑

𝑓
𝑓
(𝑚𝑟,𝑘 (log(|𝑀𝑎,𝑟 − 𝑀𝑏,𝑟 | + 1)) + 𝑏𝑟,𝑘 − log(𝐶̂𝑞,𝑘,𝑟 + 1))

2

(8)

𝑞={𝑎,𝑏}∈𝑄𝑟

Once optimized, the parameters 𝑚
̂ 𝑟,𝑘 and 𝑏̂𝑟,𝑘 describe a distance dependence model
function for library 𝑘 and region 𝑟 (Equation 9):
𝐷𝑟,𝑘 (𝑥) = exp[𝑚
̂ 𝑟,𝑘 log(𝑥 + 1) + 𝑏̂𝑟,𝑘 ] − 1

(9)

Explicit spline normalization: Fragment length spline
Ligation events involving restriction fragments of different lengths have been previously
shown to exhibit different bias-driven enrichments for detection frequency in Hi-C data,
but this relationship does not appear to follow a simple functional form (Yaffe and
Tanay, 2011). Moreover, the underlying mechanisms behind fragment length bias may
be different in 5C vs. Hi-C assays, due to the replacement of the relatively inefficient
blunt end ligation step of Hi-C with a more efficient sticky end ligation step in the 5C
protocol. We presupposed that the fragment length bias effect should in theory take the
shape of a smooth surface. Therefore, we fitted a bivariate spline to the contact
detection enrichment of each ligation product, where the two variables were the
respective lengths of the two primers involved in the ligation. The use of a spline
enforced some degree of smoothness in the resulting fitted bias model, without making
strong assumptions about the functional form of the true bias curve.
To construct the spline model, we assigned 𝐿𝑟,𝑝 as the length of the restriction
fragment queried by primer 𝑝 ∈ 𝑃𝑟 in region 𝑟 ∈ 𝑅, 𝑇 as the desired number of internal
knots (we chose 𝑇 = 20) and 𝑑 as the degree of the B-splines to be fitted (we chose 𝑑 =
3 for cubic B-splines). We selected a sequence of internal knots for spline fitting by
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simply taking the 𝑇-quantiles of the set 𝐿 = {𝐿𝑟,𝑝 ∶ 𝑝 ∈ 𝑃𝑟 , 𝑟 ∈ 𝑅}. We added 𝑑 + 1
redundant terminal knots to each end of the internal knot sequence to obtain a final knot
sequence (𝑡𝑖 )𝑇+2𝑑+2
.
𝑖=1
We then used least squares optimization to identify optimal spline parameters.
We will call the (𝑇 + 2𝑑 + 1) × (𝑇 + 2𝑑 + 1) matrix of spline parameters 𝐏. Then the
optimization procedure finds (Equation 10):

𝑇+2𝑑+1 𝑇+2𝑑+1

̂ = argmin ∑ ∑
𝐏
𝐏

∑

( ∑

𝑟∈𝑅 𝑘∈𝐾 𝑞={𝑎,𝑏}∈𝑄𝑟

𝑖=1

2

∑ 𝐵𝑖,𝑑 (𝐿𝑟,𝑎 )𝐵𝑗,𝑑 (𝐿𝑟,𝑏 )𝑃𝑖,𝑗 − 𝐶̂𝑞,𝑘,𝑟 )

(10)

𝑗=1

where 𝐵𝑖,𝑑 is a B-spline of degree 𝑑 at knot position 𝑡𝑖 , defined recursively according to
Equations 11 and 12:
1 𝑡𝑖 ≤ 𝑥 ≤ 𝑡𝑖 + 1
0
otherwise
𝑥 − 𝑡𝑖
𝑡𝑖+𝑑+1 − 𝑥
(𝑥)
𝐵𝑖,𝑑 (𝑥) =
𝐵𝑖,𝑑−1 (𝑥) +
𝐵
𝑡𝑖+𝑑 − 𝑡𝑖
𝑡𝑖+𝑑+1 − 𝑡𝑖+1 𝑖+1,𝑑−1
𝐵𝑖,0 (𝑥) = {

(11)
(12)

where 𝐶̂𝑞,𝑘,𝑟 is defined according to Equation 13:
𝑓
𝑓
𝐶̂𝑞,𝑘,𝑟 = log[𝐶̂𝑞,𝑘,𝑟 + 1] − log[𝐷𝑟,𝑘 (|𝑀𝑎,𝑟 − 𝑀𝑏,𝑟 |) + 1] − 𝐹𝐺𝐶 (𝐺𝐶𝑟,𝑎 , 𝐺𝐶𝑟,𝑏 )

(13)

and represents the number of reads counted mapping to primer-primer junction 𝑞 =
{𝑎, 𝑏} ∈ 𝑄𝑟 in library 𝑘 ∈ 𝐾 and region 𝑟 ∈ 𝑅 after sequencing depth normalization and
normalized for distance dependence as well as the latest GC bias model (in accordance
̂
with the iterative fitting procedure discussed above). Once optimized, the parameters 𝐏
describe the fragment length bias function (Equation 14):
𝑇+2𝑑+1 𝑇+2𝑑+1

𝐹𝑙𝑒𝑛 (𝐿𝑟,𝑎 , 𝐿𝑟,𝑏 ) =

∑

∑ 𝐵𝑖,𝑑 (𝐿𝑟,𝑎 )𝐵𝑗,𝑑 (𝐿𝑟,𝑏 )𝑃̂𝑖,𝑗

𝑖=1

𝑗=1
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(14)

Explicit spline normalization: GC content bias model
In 5C data, the GC content bias factor takes only a small number of discrete values due
to the short length of the genome-binding sequence of the 5C primers. Therefore, to
account for GC content bias, instead of a spline model we used a simple empirical
average of contact detection enrichments for a ligation product involving fragments
whose associated primers had the same GC content. We computed 𝐶̂𝑞,𝑘,𝑟 as Equation
15:
𝑓
𝑓
𝐶̂𝑞,𝑘,𝑟 = log[𝐶̂𝑞,𝑘,𝑟 + 1] − log[𝐷𝑟,𝑘 (|𝑀𝑎,𝑟 − 𝑀𝑏,𝑟 |) + 1] − 𝐹𝑙𝑒𝑛 (𝐿𝑟,𝑎 , 𝐿𝑟,𝑏 )

(15)

where 𝐶̂̂𝑞,𝑘,𝑟 represents the number of reads counted mapping to primer-primer junction
𝑞 = {𝑎, 𝑏} ∈ 𝑄𝑟 in library 𝑘 ∈ 𝐾 and region 𝑟 ∈ 𝑅 after sequencing depth normalization
and normalized for distance dependence as well as the latest fragment length bias
model (in accordance with the iterative fitting procedure discussed above). We then
define the GC bias function as an empirical average over the sets of primer-primer
junctions with identical GC contents, 𝑄𝑟𝑢,𝑣 , across all libraries in 𝐾 and all regions in 𝑅
(Equation 16):

𝐹𝐺𝐶 (𝑢, 𝑣) =

1
𝑁𝐾 × ∑𝑟∈𝑅|𝑄𝑟𝑢,𝑣 |

∑ ∑ ∑ 𝐶̂̂𝑞,𝑘,𝑟
𝑟∈𝑅 𝑘∈𝐾

(16)

𝑞∈𝑄𝑟𝑢,𝑣

Knight-Ruiz matrix balancing
We applied an implementation of the Knight Ruiz matrix balancing algorithm (Knight and
Ruiz, 2013) published recently by Aiden and colleagues (Rao et al., 2014). We applied
the Knight Ruiz algorithm to each region 𝑟 ∈ 𝑅 and each library 𝑘 ∈ 𝐾 independently.
Knight Ruiz is an iterative algorithm that attempts to find an optimal bias vector 𝐛 𝑟,𝑘
(whose 𝑝th element 𝐛𝑟,𝑘
𝑝 is the bias factor for primer 𝑝 ∈ 𝑃𝑟 in region 𝑟 ∈ 𝑅) such that the
row sums of the normalized counts matrix are as similar as possible (Equation 17):
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𝐶̂𝑞,𝑘,𝑟

∑
𝑞={𝑝,𝑎}∈𝑄𝑟,𝑝

𝑏𝑝𝑟,𝑘 × 𝑏𝑎𝑟,𝑘

≈ 𝑆 ∀ 𝑝 ∈ 𝑃𝑟 , 𝑟 ∈ 𝑅, 𝑘 ∈ 𝐾

(17)

for some arbitrary constant 𝑆 (analogous to a row sum in a fragment-level contact
matrix), where 𝑄𝑟,𝑝 represents the set of all queried ligation junctions in region 𝑟 ∈ 𝑅
which involve primer 𝑝 ∈ 𝑃𝑟 . Since all junctions in 𝑄𝑟,𝑝 involve primer 𝑝, we can write
them in the form {𝑝, 𝑎} where 𝑎 ∈ 𝑃𝑟 is any other primer in region 𝑟 which could be
involved in a queried junction with primer 𝑝. After optimization, the final normalized
fragment-level counts are (Equation 18):

𝑋𝑞,𝑘 =

𝐶̂𝑞,𝑘,𝑟
𝑏𝑎𝑟,𝑘 × 𝑏𝑏𝑟,𝑘

∀ 𝑞 = {𝑎, 𝑏} ∈ 𝑄𝑟 , 𝑟 ∈ 𝑅, 𝑘 ∈ 𝐾

(18)

Express matrix balancing
The Express matrix balancing algorithm was first proposed by Taylor and colleagues
(Sauria et al., 2015). It is similar to Knight-Ruiz matrix balancing in that it iteratively
optimizes a single (log-scale) bias vector 𝐛 𝑟,𝑘 for each region 𝑟 ∈ 𝑅 and each library 𝑘 ∈
𝐾, but different in that it takes into account a regional, library-specific distance
𝑓

𝑓

dependence expected model (𝐷𝑟,𝑘 (|𝑀𝑝,𝑟 − 𝑀𝑎,𝑟 |)). It attempts to make the geometric
mean of the ratio of the corrected counts values to their simple distance dependence
expected value close across each row as close to 1 as possible (Equation 19):

̂

𝐶𝑞,𝑘,𝑟
𝑟,𝑘
exp[𝑏𝑎 ] × exp[𝑏𝑝𝑟,𝑘 ]
√
∏
𝑓
𝑓
𝐷𝑟,𝑘 (|𝑀𝑝,𝑟 − 𝑀𝑎,𝑟 |)
𝑞={𝑝,𝑎}∈𝑄𝑟,𝑝

|𝑄𝑟,𝑝 |

≈1

(19)

To normalize the counts values for library 𝑘 ∈ 𝐾 in region 𝑟 ∈ 𝑅, the Express algorithm
initializes the bias vector at the zeroth iteration 𝐛 𝑟,𝑘,0 = 𝟎 and then follows the update
procedure (Equation 20):
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𝑏𝑝𝑟,𝑘,𝑛+1

=

𝑏𝑝𝑟,𝑘,𝑛

+

𝑓
𝑓
∑𝑞={𝑝,𝑎}∈𝑄𝑟,𝑝 (log[𝐶̂𝑞,𝑘,𝑟 + 1] − log[𝐷𝑟,𝑘 (|𝑀𝑝,𝑟
− 𝑀𝑎,𝑟 |) + 1] − 𝑏𝑝𝑟,𝑘,𝑛 − 𝑏𝑎𝑟,𝑘,𝑛 )

∑𝑞={𝑝,𝑎}∈𝑄𝑟,𝑝 2

(20)

where 𝒃𝑟,𝑘,𝑛 represents the bias vector for library 𝑘 ∈ 𝐾 and region 𝑟 ∈ 𝑅 after 𝑛
iterations. This iteration is repeated for either 1000 iterations or until the relative change
in the residual is between two consecutive iterations is smaller than 1 × 10−4 . After
optimization, the final normalized fragment-level counts are (Equation 21):

𝑋𝑞,𝑘 =

𝐶̂𝑞,𝑘,𝑟
exp[𝑏𝑎𝑟,𝑘 ] × exp[𝑏𝑝𝑟,𝑘 ]

∀ 𝑞 = {𝑎, 𝑏} ∈ 𝑄𝑟 , 𝑟 ∈ 𝑅, 𝑘 ∈ 𝐾

(21)

Joint Express matrix balancing
We applied a minor modification to the Express algorithm when processing
multiple replicates from different biological conditions. To avoid normalizing away
condition-specific effects, we constrained the Express algorithm to use one shared bias
vector 𝐛𝑟 for each region 𝑟 ∈ 𝑅 across all replicates being analyzed.
The update equation thus became (Equation 22):

𝑏𝑝𝑟,𝑛+1

=

𝑏𝑝𝑟,𝑛

+

𝑓
𝑓
∑𝑘∈𝐾 ∑𝑞={𝑝,𝑎}∈𝑄𝑟,𝑝 (log[𝐶̂𝑞,𝑘,𝑟 + 1] − log[𝐷𝑟,𝑘 (|𝑀𝑝,𝑟
− 𝑀𝑎,𝑟 |) + 1] − 𝑏𝑝𝑟,𝑛 − 𝑏𝑎𝑟,𝑛 )

∑𝑘∈𝐾 ∑𝑞={𝑝,𝑎}∈𝑄𝑟,𝑝 2

(22)

After optimization, the final normalized fragment-level counts are (Equation 23):

𝑋𝑞,𝑘 =

𝐶̂𝑞,𝑘,𝑟
exp[𝑏𝑎𝑟 ] × exp[𝑏𝑏𝑟 ]

∀ 𝑞 = {𝑎, 𝑏} ∈ 𝑄𝑟 , 𝑟 ∈ 𝑅, 𝑘 ∈ 𝐾

(23)

Bias factor heatmaps
To visualize the quantitative strength of the various bias factors and covariates we
considered, we created bias factor heatmaps similar to those used in previous analyses
of bias relationships in proximity ligation data (Jin et al., 2013; Yaffe and Tanay, 2011).
Previous bias factor heatmaps have often been created using only long-range (e.g., > 3
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Mb or trans) contacts, and have quantified the enrichment for the detection (read count
> 0) of ligation junctions with certain properties. Because 5C datasets generally provide
a higher read depth over a much smaller area of the genome when compared to Hi-C
datasets, we considered only cis contacts (within our 5C regions) and visualized the
enrichment of total detected ligations relative to a simple distance dependence
background (since our included contacts span a wide dynamic range of distance
dependence background strength).
For each bias factor or covariate we considered, we first constructed groups of
queried ligation junctions based on the properties of the two fragments involved in the
ligation. For GC content, we started with the previously defined groups of the form 𝑄𝑢,𝑣 ,
which denotes all the queried ligation junctions between one primer with GC content
level 𝑢 and another with GC content level 𝑣. Because relatively few primers were
designed with extreme GC content values, we collapsed all GC content levels 20% and
below into one level, and all GC content levels 70% and above into another level. For
fragment length, we partitioned the primers into 7 subsets of nearly equal sizes by
separating them according to the septiles of the lengths of the fragments they were
designed to. We then collected groups of queried ligation junctions based on the
fragment length septiles of the two fragments involved in the ligation. For CTCF ChIPseq signal enrichment, we first obtained CTCF ChIP-seq data from the GEO samples
listed in the following table:

GEO Sample

Description

GSM2259907

ES CTCF ChIP-seq

GSM2259908

ES Input ChIP-seq

GSM2259909

NPC CTCF ChIP-seq

GSM2259910

NPC Input ChIP-seq

ChIPseq reads were aligned to mouse genome build mm9 using Bowtie
(Langmead et al., 2009) with default parameters. PCR duplicates and reads with more
than two reportable alignments were discarded. The mapped and filtered reads were
then downsampled to 7 million reads for each library. MACS2 (Zhang et al., 2008) was
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then run on these libraries with the -B/--bdg flag, and the resulting pileup bedgraph file
was converted to bigwig format with the UCSC Kent source tool bedGraphToBigWig.
We then computed the average bigwig signal (representing the ChIP-seq read pileup)
over a 4 kb window centered on the midpoint of each fragment. We then partitioned the
primers into 4 subsets of nearly equal sizes by separating them according to the
quartiles of this average CTCF signal. Finally, we collected groups of queried ligation
junctions based on the CTCF signal quartiles of the two fragments involved in the
ligation. We repeated this procedure with both ES CTCF and pNPC CTCF ChIP-seq
datasets. We used a fixed window size of 4 kb to compute the average CTCF ChIP-seq
signal to avoid creating correlations with the fragment length covariate.
After establishing groups of queried ligation junctions with similar bias factor
properties, we then computed a fold-enrichment relative to the region- and libraryspecific distance dependence expected models 𝐷𝑟,𝑘 (𝑥) mentioned above. For example,
the fold change enrichment with respect to GC bias for the group of ligation junctions
between primers with respective GC content levels 𝑢 and 𝑣 in library 𝑘 is (Equation 24):

GC,𝑘
𝐹𝐶𝑢,𝑣

=

gmean({𝐶̂𝑞,𝑘,𝑟 ∶ 𝑞 ∈ 𝑄𝑟𝑢,𝑣 , 𝑟 ∈ 𝑅})
𝑓

𝑓

gmean({𝐷𝑟,𝑘 (|𝑀𝑎,𝑟 − 𝑀𝑏,𝑟 |) ∶ 𝑞 = {𝑎, 𝑏} ∈ 𝑄𝑟𝑢,𝑣 , 𝑟 ∈ 𝑅})

(24)

where the geometric mean of a set of values 𝑆 is computed as defined in (Equation
25):

|𝑆|

gmean(𝑆) = √∏ 𝑠

(25)

𝑠∈𝑆

Binning and smoothing
To perform binning and smoothing, we first tiled our 5C regions with bins of a desired
bin width (for our primary analysis we chose 4 kb). This creates a set of adjacent bins
indexed by the set 𝐵𝑟 = {1, … , 𝑁𝐵,𝑟 } for each region 𝑟 ∈ 𝑅, where 𝑁𝐵,𝑟 is the number of
bins in region 𝑟 ∈ 𝑅. Let the genomic coordinate representing the midpoint of a given bin
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𝑏 ∈ 𝐵𝑟 be denoted by 𝑀𝑏,𝑟 , computed as the average of the start and end coordinates of
the bin when the bin is represented as a half-open interval (i.e., it contains its start
coordinate but stops right before its end coordinate). We defined a collection of sets
𝑓

𝑓

𝑓

𝑓

𝑓

𝐵𝑃 𝑓 = {𝐵𝑃𝑝,𝑟 = {𝑆𝑝,𝑟 , 𝑆𝑝,𝑟 + 1, … , 𝐸𝑝,𝑟 − 1} ∶ 𝑝 ∈ 𝑃𝑟 , 𝑟 ∈ 𝑅}, where 𝐵𝑃𝑝,𝑟 is the set of base
pairs covered by the fragment queried by primer 𝑝 ∈ 𝑃𝑟 in region 𝑟 ∈ 𝑅, which range
𝑓

across the half-open interval spanning from that fragment’s start coordinate 𝑆𝑝,𝑟 to its
𝑓

𝑤

𝑤

2

2

𝑤
end coordinate 𝐸𝑝,𝑟 . Similarly, we define 𝐵𝑃𝑤 = {𝐵𝑃𝑖,𝑟
= {𝑀𝑖,𝑟 − , 𝑀𝑖,𝑟 −
𝑤
2

+ 1, … , 𝑀𝑖,𝑟 +

𝑤
− 1} : 𝑖 ∈ 𝐵𝑟 , 𝑟 ∈ 𝑅}, where 𝐵𝑃𝑖,𝑟
is the set of base pairs covered by a smoothing

window of width 𝑤 (for our primary analysis we chose 𝑤 = 16,000 for a 16 kb smoothing
window) centered on the midpoint of bin 𝑖 ∈ 𝐵𝑟 in region 𝑟 ∈ 𝑅. We then constructed a
𝑁𝐵,𝑟 × 𝑁𝐵,𝑟 matrix of binned counts for each region 𝑟 ∈ 𝑅, by computing the geometric
mean of counts values for fragment-fragment junctions which lay within the smoothing
window, according to Equation 26:
𝑓

𝑓

𝑟,𝑘
𝑤
𝑤
𝑌𝑖,𝑗
= gmean(𝑋𝑞,𝑘 : 𝑞 = {𝑎, 𝑏} ∈ 𝑄𝑟 , 𝐵𝑃𝑎,𝑟 ∩ 𝐵𝑃𝑖,𝑟
, 𝐵𝑃𝑏,𝑟 ∩ 𝐵𝑃𝑗,𝑟
)

(26)

𝑟,𝑘
where 𝑌𝑖,𝑗
represents the binned interaction value between the 𝑖th and 𝑗th bins of

region 𝑟 ∈ 𝑅 in library 𝑘 ∈ 𝐾, and the geometric mean of a set of values 𝑆 is computed
as defined in (Equation 27):

|𝑆|

gmean(𝑆) = √∏ 𝑠

(27)

𝑠∈𝑆

Spatial noise quantification
In order to quantify the spatial noise in the binned contact matrices, we computed the
sample variance of a three-by-three square submatrix centered on each matrix entry, as
long as the three-by-three square submatrix did not extend beyond the edges of the full
contact matrix or across its diagonal. Mathematically, the spatial variance of region 𝑟 ∈
𝑅 for library 𝑘 ∈ 𝐾 can be written as (Equation 28):
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𝑆𝑉𝑟,𝑘 =

𝑁𝐵,𝑟 −1 𝑖−1

1

𝑖+1

∑ ∑ ∑

(𝑁𝐵,𝑟 − 1) × 𝑁𝐵,𝑟
− 𝑁𝐵,𝑟
2

𝑖=1

𝑗+1
𝑟,𝑘
𝑟,𝑘
∑ (𝑌𝑎,𝑏
− 𝑌̅𝑖,𝑗
)

2

(28)

𝑗=1 𝑎=𝑖−1 𝑏=𝑗−1

𝑟,𝑘
where 𝑌̅𝑖,𝑗
is the sample mean in the three-by-three submatrix around the entry at 𝑖, 𝑗

(Equation 29):

𝑖+1

𝑟,𝑘
𝑌̅𝑖,𝑗

1
= ∑
9

𝑗+1
𝑟,𝑘
∑ 𝑌𝑎,𝑏

(29)

𝑎=𝑖−1 𝑏=𝑗−1

Expected modeling strategies
In this section we will describe one-dimensional, region- and library-specific distance
dependence models as functions 𝐷𝑟,𝑘 ∶ ℕ → ℝ where 𝐷𝑟,𝑘 (|𝑖 − 𝑗|) denotes the distancedependent expected value of the interaction between the 𝑖th bin and the 𝑗th bin of a
given region 𝑟 ∈ 𝑅 in library 𝑘 ∈ 𝐾, given only the fact that this interaction occurs at a
distance of |𝑖 − 𝑗| bin units. These region-specific models will have analogous “global”
alternatives which are fitted across all regions in a given library 𝑘 ∈ 𝐾, which will be
denoted with 𝐷𝑘 (|𝑖 − 𝑗|). When describing the final expected model, we will not
𝑟,𝑘
constrain it to be one-dimensional and instead write 𝐸𝑖,𝑗
for the expected value of the

interaction between the 𝑖th bin and the 𝑗th bin of a given region 𝑟 ∈ 𝑅 in library 𝑘 ∈ 𝐾.

Empirical one-dimensional expected model
We simply take the geometric mean of matrix entries which are the same distance from
the diagonal (Equation 30):
𝑟,𝑘
𝐷𝑟,𝑘 (|𝑖 − 𝑗|) = gmean({𝑌𝑎,𝑏
: 𝑎 − 𝑏 = 𝑖 − 𝑗})

This empirical model can also be computed across all regions at once, as shown in
(Equation 31):
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(30)

𝑟,𝑘
𝐷𝑘 (|𝑖 − 𝑗|) = gmean({𝑌𝑎,𝑏
: 𝑎 − 𝑏 = 𝑖 − 𝑗, 𝑟 ∈ 𝑅})

(31)

In the following more complex one-dimensional expected models, we fall back to this
simple empirical expected value for the first 1/3 of distance scales considered due to the
fact that modeling this portion of the distance dependence curve is rather difficult.

Log-log linear fit one-dimensional expected model
We perform a linear regression of the logged interaction distances (in bin units) against
the logged binned counts values for each region 𝑟 ∈ 𝑅 and each library 𝑘 ∈ 𝐾 (Equation
32):
𝐵𝑟

𝑖

𝑟,𝑘
𝑚
̂ 𝑟,𝑘 , 𝑏̂𝑟,𝑘 = argmin ∑ ∑(𝑚𝑟,𝑘 (log(𝑖 − 𝑗 + 1)) + 𝑏𝑟,𝑘 − log(𝑌𝑖,𝑗
+ 1))
𝑚𝑟,𝑘 ,𝑏𝑟,𝑘

2

(32)

𝑖=1 𝑗=1

Once optimized, the parameters 𝑚𝑟,𝑘 and 𝑏𝑟,𝑘 describe the distance dependence
functions (Equation 33):

𝐷𝑟,𝑘 (𝑥) = exp[𝑚𝑟,𝑘 log(𝑥 + 1) + 𝑏𝑟,𝑘 ] − 1

(33)

When fitting this model across all regions, Equation 32 becomes (Equation 34):
𝐵𝑟

𝑖

𝑟,𝑘
𝑚
̂ 𝑘 , 𝑏̂𝑘 = argmin ∑ ∑ ∑(𝑚𝑘 (log(𝑖 − 𝑗 + 1)) + 𝑏𝑘 − log(𝑌𝑖,𝑗
+ 1))
𝑚𝑘 ,𝑏𝑘

2

(34)

𝑟∈𝑅 𝑖=1 𝑗=1

and the final global distance dependence model is (Equation 35):
𝐷𝑘 (𝑥) = exp[𝑚𝑘 log(𝑥 + 1) + 𝑏𝑘 ] − 1
Log-log lowess fit one-dimensional expected model
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(35)

𝑟,𝑘
We perform a lowess regression of log(𝑌𝑖,𝑗
+ 1) against log(𝑖 − 𝑗 + 1), ∀ 𝑖 ∈ 𝐵𝑟 , ∀ 𝑗 ≤ 𝑖,

with lowess smoothing fraction 1/3, to obtain a log-scale lowess-fitted function 𝑓𝑟,𝑘 (𝑥) for
each region 𝑟 ∈ 𝑅 and each library 𝑘 ∈ 𝐾. The final distance dependence functions are
then (Equation 36):

𝐷𝑟,𝑘 (𝑥) = exp[𝑓𝑟,𝑘 (log(𝑥 + 1))] − 1

(36)

We can also fit this same model across all regions to obtain a log-scale lowess-fitted
function 𝑓𝑘 (𝑥) for each library 𝑘 ∈ 𝐾. The final global distance dependence function is
then (Equation 37):
𝐷𝑘 (𝑥) = exp[𝑓𝑘 (log(𝑥 + 1))] − 1

(37)

Log-counts lowess fit one-dimensional expected model
𝑟,𝑘
We perform a lowess regression of log(𝑌𝑖,𝑗
+ 1) against (𝑖 − 𝑗), ∀ 𝑖 ∈ 𝐵𝑟 , ∀ 𝑗 ≤ 𝑖, with

lowess smoothing fraction 1/3, to obtain a semilog-scale lowess-fitted function function
𝑓𝑟,𝑘 (𝑥) for each region 𝑟 ∈ 𝑅 and each library 𝑘 ∈ 𝐾. The final distance dependence
functions are then (Equation 38):

𝐷𝑟,𝑘 (𝑥) = exp[𝑓𝑟,𝑘 (𝑥)] − 1

(38)

We can also fit this same model across all regions to obtain a semilog-scale lowessfitted function 𝑓𝑘 (𝑥) for each library 𝑘 ∈ 𝐾. The final global distance dependence
function is then (Equation 39):
𝐷𝑘 (𝑥) = exp[𝑓𝑘 (𝑥)] − 1

(39)

Donut expected model
We also computed the local donut expected, as first reported by Aiden and colleagues
(Rao et al., 2014). Essentially, it computes a local correction factor by which a simple
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one-dimensional distance dependence model can be adjusted to adapt to local domain
structure in the counts matrix. As proposed in (Rao et al., 2014), the local correction
factor can be computed based on a variety of different shapes positioned relative to the
bin-bin pair whose expected value is being computed. Out of these shapes, we
considered the donut-shaped “donut filter” as well as the “lower left filter”, and chose the
larger of the results to be the final expected value. The sizes of these shapes are
determined by parameters 𝑤 and 𝑝, which determine the outer and inner radii of the
donut window (Figure S4C). For this paper, we chose 𝑤 = 15, 𝑝 = 5. We also chose to
compute the values of the filters using the global expected models 𝐷𝑘 (|𝑖 − 𝑗|) since the
local correction factor accounts for differences on an even smaller scale than individual
regions of the 5C primer design. Because 5C counts values are on a significantly larger
scale than typical Hi-C counts values, we performed the computations in log space. The
donut filter value for the interaction between the 𝑖th bin and the 𝑗th bin of a given region
𝑟 ∈ 𝑅 in library 𝑘 ∈ 𝐾 is (Equation 40):

𝑟,𝑘
𝐷𝐹𝑖,𝑗
= exp [log[𝐷𝑘 (|𝑖 − 𝑗|) + 1] ×

𝑗+𝑤
𝑖+𝑝
𝑗+𝑝
𝑖−𝑝−1
𝑗−𝑝−1
𝑗+𝑤
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑖+𝑤
∑𝑖+𝑤
𝑎=𝑖−𝑤 ∑𝑏=𝑗−𝑤 log[𝑌𝑎,𝑏 + 1] − ∑𝑎=𝑖−𝑝 ∑𝑏=𝑗−𝑝 log[𝑌𝑎,𝑏 + 1] − ∑𝑎=𝑖−𝑤 log[𝑌𝑎,𝑗 + 1] − ∑𝑎=𝑖+𝑝+1 log[𝑌𝑎,𝑗 + 1] − ∑𝑏=𝑗−𝑤 log[𝑌𝑖,𝑏 + 1] − ∑𝑏=𝑗+𝑝+1 log[𝑌𝑖,𝑏 + 1]
]−1
𝑗+𝑤
𝑖+𝑝
𝑗+𝑝
𝑖−𝑝−1
𝑗−𝑝−1
𝑗+𝑤
𝑖+𝑤
∑𝑖+𝑤
𝑎=𝑖−𝑤 ∑𝑏=𝑗−𝑤 log[𝐷𝑘 (|𝑎 − 𝑏|) + 1] − ∑𝑎=𝑖−𝑝 ∑𝑏=𝑗−𝑝 log[𝐷𝑘 (|𝑎 − 𝑏|) + 1] − ∑𝑎=𝑖−𝑤 log[𝐷𝑘 (|𝑎 − 𝑗|) + 1] − ∑𝑎=𝑖+𝑝+1 log[𝐷𝑘 (|𝑎 − 𝑗|) + 1] − ∑𝑏=𝑗−𝑤 log[𝐷𝑘 (|𝑖 − 𝑏|) + 1] − ∑𝑏=𝑗+𝑝+1 log[𝐷𝑘 (|𝑖 − 𝑏|) + 1]

(40)

The lower left filter value for the interaction between the 𝑖th bin and the 𝑗th bin of a given
region 𝑟 ∈ 𝑅 in library 𝑘 ∈ 𝐾 is (Equation 41):

𝑟,𝑘
𝐿𝐿𝐹𝑖,𝑗
= exp [log[𝐷𝑘 (|𝑖 − 𝑗|) + 1] ×

𝑗−1
𝑗−1
𝑖+𝑝
𝑟,𝑘
𝑟,𝑘
∑𝑖+𝑤
𝑎=𝑖+1 ∑𝑏=𝑗−𝑤 log[𝑌𝑎,𝑏 + 1] − ∑𝑎=𝑖+1 ∑𝑏=𝑗−𝑝 log[𝑌𝑎,𝑏 + 1]
𝑗−1
𝑗−1
𝑖+𝑝
∑𝑖+𝑤
𝑎=𝑖+1 ∑𝑏=𝑗−𝑤 log[𝐷𝑘 (|𝑎 − 𝑏|) + 1] − ∑𝑎=𝑖+1 ∑𝑏=𝑗−𝑝 log[𝐷𝑘 (|𝑎 − 𝑏|) + 1]

]−1

(41)

Our final donut expected value (taking the largest result among the two filters
considered) is (Equation 42):
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝐸𝑖,𝑗
= max[𝐷𝐹𝑖,𝑗
, 𝐿𝐿𝐹𝑖,𝑗
]

For expected models that are one-dimensional and do not use the donut correction
factor, we simply write our final estimate of the expected value of the interaction
between the 𝑖th and 𝑗th bins of region 𝑟 ∈ 𝑅 for library 𝑘 ∈ 𝐾 as (Equation 43):
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(42)

𝑟,𝑘
𝐸𝑖,𝑗
= 𝐷𝑟,𝑘 (|𝑖 − 𝑗|)

(43)

or for global expected models (Equation 44):
𝑟,𝑘
𝐸𝑖,𝑗
= 𝐷𝑘 (|𝑖 − 𝑗|)

(44)

Variance modeling strategies
Poisson variance model
𝑟,𝑘
Under the Poisson model, the variance of the binned read count 𝑌𝑖,𝑗
is equal to the

expected value at that position (Equation 45):
𝑟,𝑘
𝑟,𝑘
𝑉𝑖,𝑗
= 𝐸𝑖,𝑗

(45)

Local variance model
We extend the donut expected model to create a “donut variance model” which
approximates the variance at a given point by summing squared deviations from the
distance-dependent expected model in a donut-neighborhood of the point (Equation
46):
2

𝑟,𝑘
𝑉𝑖,𝑗
=

2

2

2

2

𝑗+𝑤
𝑖+𝑝
𝑗+𝑝
𝑖−𝑝−1
𝑗−𝑝−1
𝑗+𝑤
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑖+𝑤
∑𝑖+𝑤
𝑎=𝑖−𝑤 ∑𝑏=𝑗−𝑤(𝑌𝑎,𝑏 − 𝐸𝑎,𝑏 ) − ∑𝑎=𝑖−𝑝 ∑𝑏=𝑗−𝑝(𝑌𝑎,𝑏 − 𝐸𝑎,𝑏 ) − ∑𝑎=𝑖−𝑤(𝑌𝑎,𝑏 − 𝐸𝑎,𝑏 ) − ∑𝑎=𝑖+𝑝+1(𝑌𝑎,𝑏 − 𝐸𝑎,𝑏 ) − ∑𝑏=𝑗−𝑤(𝑌𝑎,𝑏 − 𝐸𝑎,𝑏 ) − ∑𝑏=𝑗+𝑝+1(𝑌𝑎,𝑏 − 𝐸𝑎,𝑏 )
𝑗+𝑤
(∑𝑖+𝑤
𝑎=𝑖−𝑤 ∑𝑏=𝑗−𝑤 1

−

∑𝑖+𝑝
∑𝑗+𝑝
𝑎=𝑖−𝑝 𝑏=𝑗−𝑝 1

−

∑𝑖−𝑝−1
𝑎=𝑖−𝑤 1

−

∑𝑖+𝑤
𝑎=𝑖+𝑝+1 1

−

∑𝑗−𝑝−1
𝑏=𝑗−𝑤 1

−

∑𝑗+𝑤
𝑏=𝑗+𝑝+1 1)

−1

2

(46)

Mean-variance relationship
To determine the mean-variance relationship using data from a single replicate, we
𝑟,𝑘
computed the sample variances of groups of points 𝑌𝑖,𝑗
with similar expected values
𝑟,𝑘
𝐸𝑖,𝑗
(within a relative tolerance 𝑡; we chose 𝑡 = 0.1) and then considered simple

functions which might fit the trend of sample variance versus mean expected value. The
critical assumption behind this approach is that under our statistical model, deviations
𝑟,𝑘
𝑟,𝑘
between the expected value 𝐸𝑖,𝑗
and observed value 𝑌𝑖,𝑗
are due to assay noise,
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random chance, or effects not accounted for by the model. We collect these possibilities
into a randomly distributed error term 𝜖 and represent their quantitative strength by the
𝑟,𝑘
𝑟,𝑘
variance of 𝜖. The statistical model is then 𝑌𝑖,𝑗
∼ 𝐸𝑖,𝑗
+ 𝜖. If the data were

homoscedastic, we could simply estimate the variance of 𝜖 by measuring the variance
𝑟,𝑘
𝑟,𝑘
of the residuals, under the model 𝜖 ∼ 𝑌𝑖,𝑗
− 𝐸𝑖,𝑗
. However, in order to avoid overlooking
𝑟,𝑘
the possibility that the variance of 𝜖 is a function of the expected value 𝐸𝑖,𝑗
, we

performed separate measurements of this form on groups of points with similar
𝑟,𝑘
expected values 𝐸𝑖,𝑗
and assessed the results for the presence of a strong trend which

might be fitted by a simple polynomial function.
We first computed the groups of points for each library 𝑘 ∈ 𝐾. We chose to
construct the groups so that the 𝑔th group in library 𝑘 is centered on a midpoint
expected value 𝑒𝑔𝑘 . For each library 𝑘 ∈ 𝐾, we selected 𝑁𝐺 (we chose 𝑁𝐺 = 100) group
𝑁𝐺

centers (𝑒𝑔𝑘 )𝑔=1 by spacing them logarithmically over the range of expected values
observed in library 𝑘. Mathematically, this means that the midpoint expected value of
the 𝑔th group in library 𝑘 is (Equation 47):
𝑁𝐺 −1

𝑘
𝑒𝑔𝑘 = 𝐸min
×(

𝑘
𝐸max
√ 𝑘 )
𝐸min

𝑁𝐺 −1

(47)

𝑟,𝑘
𝑟,𝑘
𝑘
𝑘
where 𝐸max
= max 𝐸𝑖,𝑗
and 𝐸min
= min 𝐸𝑖,𝑗
(together these two values delimit the range
𝑖,𝑗,𝑟

𝑖,𝑗,𝑟

of the expected values observed in library 𝑘).
Having established the midpoint expected values of each of the 𝑁𝐺 groups, we
𝑟,𝑘
then collected observed values 𝑌𝑖,𝑗
which were within a relative tolerance 𝑡 (we chose

𝑡 = 0.1) of the group’s midpoint expected value. Mathematically, this means that the 𝑔th
group in library 𝑘 is the set of observed values (Equation 48):

𝐺𝑔𝑘

=

𝑟,𝑘
{𝑌𝑖,𝑗

∶ 𝑟 ∈ 𝑅; 𝑖, 𝑗 ∈ 𝐵𝑟 ;
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𝑟,𝑘
|𝐸𝑖,𝑗
− 𝑒𝑔𝑘 |

𝑒𝑔𝑘

< 𝑡}

(48)

To estimate the variance of the randomly distributed error term 𝜖 within 𝐺𝑔𝑘 (the 𝑔th
group for library 𝑘), we computed the sample variance of all points in 𝐺𝑔𝑘 (Equation 49):

𝑣𝑔𝑘 =

1
|𝐺𝑔𝑘 |

−1

∑ (𝑦 − 𝑒𝑔𝑘 )

2

(49)

𝑦∈𝐺𝑔𝑘

Collecting this information for each 5C region suggested that a quadratic function might
be a reasonable fit to the data, as a scatterplot of log expected value versus log sample
variance consistently showed a slope of about 2 across regions (Figure S6A).
Therefore, we collected information across replicates and fit a pure-quadratic (single
parameter) mean-variance relationship function using least squares fitting in log space
(Equation 50):
𝑁𝐺

1
𝐴̂𝑘 = exp [ ∑ log(𝑣𝑔𝑘 + 1) − 2 log(𝑒𝑔𝑘 + 1)]
𝑁𝐺

(50)

𝑔=1

After fitting this single parameter 𝐴̂𝑘 for each library 𝑘 ∈ 𝐾, the mean variance
relationship function is simply (Equation 51):
𝑓𝑘 (𝑥) = 𝐴̂𝑘 𝑥 2

(51)

and the variance estimate for the interaction between the 𝑖th bin and the 𝑗th bin of a
given region 𝑟 ∈ 𝑅 in library 𝑘 ∈ 𝐾 is then (Equation 52):
𝑟,𝑘
𝑟,𝑘
𝑉𝑖,𝑗
= 𝑓𝑘 (𝐸𝑖,𝑗
)

(52)

While the individual variance estimates within a single group 𝐺𝑔𝑘 may be noisy due to the
relatively small number of points in some groups, by fitting a curve through a large
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number of noisy-but-unbiased estimates we attempt to average out a large proportion of
the noise.

Variance-stabilizing transform
In previous work (Beagan et al., 2017; Beagan et al., 2016), we had considered a
𝑟,𝑘
𝑟,𝑘
variation of the statistical model presented above, log 𝑌𝑖,𝑗
∼ log 𝐸𝑖,𝑗
+ 𝜖𝑟 . Under this
𝑟,𝑘
𝑟,𝑘
model, we fitted the regional error term 𝜖𝑟 according to 𝜖𝑟 ∼ log 𝑌𝑖,𝑗
− log 𝐸𝑖,𝑗
by fitting
𝑟,𝑘
𝑟,𝑘
log 𝑌𝑖,𝑗
− log 𝐸𝑖,𝑗
to a separate logistic distribution for each region 𝑟 ∈ 𝑅 and each

library 𝑘 ∈ 𝐾. Underlying this approach was the assumption that the model 𝜖𝑟 ∼
𝑟,𝑘
𝑟,𝑘
log 𝑌𝑖,𝑗
− log 𝐸𝑖,𝑗
is homoscedastic (allowing all points within the same region to be

combined into one distribution). Here we show that this assumption is equivalent to
𝑟,𝑘
𝑟,𝑘
assuming that the mean-variance relationship in the model 𝑌𝑖,𝑗
∼ 𝐸𝑖,𝑗
+ 𝜖 is quadratic

by equating the log transformation performed in previous work to a variance-stabilizing
transform (VST). Taken together, this reveals that comparable results can be obtained
by applying two orthogonal methodologies (the MVR fitting discussed above and the
VST discussed here) which start from the same underlying conceptual assumption (a
quadratic relationship between mean and variance).
If the mean variance relationship is quadratic such that (Equation 53):
𝑟,𝑘
Var[𝑌𝑖,𝑗
] = 𝑓(𝜇) = 𝜇2

(53)

then the appropriate choice of variance-stabilizing transform should be (Equation 54):
𝑥

𝑦=∫

1
√𝑔(𝑣)

𝑥

𝑑𝑣 = ∫

𝑥

1
√𝑣 2

𝑑𝑣 = ∫

1
𝑑𝑣 = log|𝑥| + 𝐶
𝑣

(54)

Therefore, we applied a log transform to both the entries of the binned interaction value
matrix as well as the associated expected values (Equations 55 and 56):
𝑟,𝑘
𝑟,𝑘
𝑌̃𝑖,𝑗
= log(𝑌𝑖,𝑗
+ 1)

∀ 𝑖, 𝑗 ∈ 𝐵𝑟 , 𝑟 ∈ 𝑅, 𝑘 ∈ 𝐾
30

(55)

𝑟,𝑘
𝑟,𝑘
𝐸̃𝑖,𝑗
= log(𝐸𝑖,𝑗
+ 1)

∀ 𝑖, 𝑗 ∈ 𝐵𝑟 , 𝑟 ∈ 𝑅, 𝑘 ∈ 𝐾

(56)

Under the assumption that this transformation stabilized the variance, we were then
𝑟,𝑘
𝑟,𝑘
able to estimate the stabilized variance by fitting deviations (𝑌̃𝑖,𝑗
− 𝐸̃𝑖,𝑗
) to a set of

logistic distributions (one distribution per region 𝑟 ∈ 𝑅 per library 𝑘 ∈ 𝐾). If the variance
parameter of the fitted logistic distribution for a given region 𝑟 ∈ 𝑅 and a given library
2
𝑘 ∈ 𝐾 is 𝜎̂𝑟,𝑘
, then we have (Equation 57):

𝑟,𝑘
2
𝑉̃𝑖,𝑗
= 𝜎̂𝑟,𝑘

∀ 𝑖, 𝑗 ∈ 𝐵𝑟

(57)

𝑟,𝑘
where 𝑉̃𝑖,𝑗
represents the stabilized variance of the interaction value between the 𝑖th

and 𝑗th bin of a given region 𝑟 ∈ 𝑅 in library 𝑘 ∈ 𝐾.

Computing P-values
𝑟,𝑘
To call a p-value for 𝑌𝑖,𝑗
, we first parametrized a distribution 𝐷𝑖𝑠𝑡 (either Poisson,
𝑟,𝑘
𝑟,𝑘
negative binomial, log-normal, or log-logistic) with mean 𝐸𝑖,𝑗
and variance 𝑉𝑖,𝑗
. Then,

we computed the right-tail p-value (Equation 58):
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘
𝑃𝑖,𝑗
= 𝑃(𝑋 > 𝑌𝑖,𝑗
); 𝑋 ∼ 𝐷𝑖𝑠𝑡(𝐸𝑖,𝑗
, 𝑉𝑖,𝑗
)

(58)

If the variance was estimated using the variance-stabilizing transform, we parametrized
𝑟,𝑘
𝑟,𝑘
a distribution 𝐷𝑖𝑠𝑡 (either normal or logistic) with mean 𝐸̃𝑖,𝑗
and variance 𝑉̃𝑖,𝑗
. Then, we

computed the right-tail p-value (Equation 59):
𝑟,𝑘
𝑟,𝑘
𝑟,𝑘 ̃ 𝑟,𝑘
𝑃𝑖,𝑗
= 𝑃(𝑋 > 𝑌̃𝑖,𝑗
); 𝑋 ∼ 𝐷𝑖𝑠𝑡(𝐸̃𝑖,𝑗
, 𝑉𝑖,𝑗 )

(59)

Interaction classification
We selected a threshold p-value 𝑡 (we chose 𝑡 = 0.05) to judge the significance of our
𝑟,𝑘
interaction p-values, calling points (𝑖, 𝑗) in a given region 𝑟 ∈ 𝑅 which achieved 𝑃𝑖,𝑗
<
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0.05 as significant in library 𝑘. To reduce the impact of noise on our interaction calls, we
excluded interactions with interaction distances shorter than 24 kb from consideration,
as well as interactions which lay in connected components with 3 or fewer members
(i.e., clusters of pixels smaller than four pixels in size). Next, we called points which
were called as significant in both ES libraries as significant in the ES condition, and
points which were called as significant in both pNPC libraries as significant in the pNPC
condition. By doing this, we increased the effective stringency of our interaction calling,
keeping only interactions which were reproducibly significant across both replicates of
the condition in question. We then overlapped concordant significant interactions across
conditions, calling points which were significant in both conditions “constitutive” and
those points which were significant in only one condition “ES-only” or “pNPC-only”,
according to which of the two conditions they were significant. Additionally, we selected
a background threshold p-value 𝑏 (we chose 𝑏 = 0.6) and created a background class
of points which had p-values above this threshold in all libraries analyzed (Equation
60):
𝑟,𝑘
𝐵 = {(𝑖, 𝑗, 𝑟) ∶ 𝑃𝑖,𝑗
> 𝑏 ∀ 𝑘 ∈ 𝐾}

(60)

Enrichments
To compute enrichments of genomic annotations with our classified interactions,
created the following two-by-two contingency table for each combination of interaction
class and genomic annotation tested:

Intersects annotation
Does not intersect annotation

In interaction class
𝑎
𝑐

In background class
𝑏
𝑑

We considered an interaction as intersecting an annotation if the annotation lay either
within one of the two bins involved in the interaction, or one bin away from either of
these bins. We computed a fold-enrichment for each combination of interaction class
and genomic annotation as

𝑎 ⁄𝑐
,
𝑏 ⁄𝑑

and computed a p-value by applying Fisher’s exact test
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to the two-by-two contingency table. One-dimensional genomic annotations were
obtained from Supplementary Tables S5-S18 of (Beagan et al., 2017).

Convergency analysis
To perform the CTCF convergency analysis, we first obtained a list of CTCF motifs
present in the mm9 reference genome, with associated orientation information. We then
intersected this list with CTCF ChIP-seq peaks in the cell type under consideration
(either ES or pNPC) to get a list of occupied motifs. Next, we intersected this list of
occupied motifs with the interactions which were found to be significant in the cell type
under consideration, considering each of the two bins involved in the interaction
separately. If either anchor contained no occupied CTCF sites, we excluded this
interaction from the analysis. If either anchor contained occupied CTCF sites with a
mixture of motif orientations, we also excluded this interaction from the analysis. If both
anchors contained occupied CTCF sites with a unique motif orientation, we noted the
relative orientations of the two motifs counted this as an intersection in cell 𝑎 of a twoby-two contingency table specific to that relative orientation 𝑜:

Has relative orientation 𝑜
Does not have relative
orientation 𝑜

Interaction significant in
cell type
𝑎
𝑐

Interaction in background
class
𝑏
𝑑

We then computed the fold enrichment of each relative orientation 𝑜 as

𝑎 ⁄𝑐
,
𝑏 ⁄𝑑

taking the

entries from the contingency table specific to relative orientation 𝑜.

Concordance analysis
To compare the degree of concordance between two libraries of the same condition, we
employed Cohen’s kappa score, a score which assesses the degree to which two
callsets agree and which ranges between -1 and 1 (where 1 indicates perfect
agreement).
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Quantification and Statistical Analysis
The line plots in Figure 2B show the mean count value of groups of primer-primer
ligation junctions within an interaction distance bin (one of 30 evenly-spaced bins
between 0 kb and 600 kb inclusive). In the boxplots in Figure S2A, the red lines
indicate the median, the boxes indicate the IQR, and the whiskers extend to 2.5 times
the IQR. The p-values shown on Figure 7D are computed using Fisher’s exact test on a
two-by-two contingency table:

Intersects annotation
Does not intersect
annotation

In interaction class
𝑎
𝑐

In background class
𝑏
𝑑

and the fold-enrichments shown (on a log2 scale) are computed as

𝑎 ⁄𝑐
𝑏 ⁄𝑑

.

Data and Software Availability
The software package developed to perform the analyses in this paper will be available
as a Python package with full usage instructions on Bitbucket upon paper acceptance.

Additional Resources (omit)
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Key Resources Table
REAGENT or RESOURCE
Antibodies

SOURCE

Bacterial and Virus Strains

Biological Samples

Chemicals, Peptides, and Recombinant Proteins

Critical Commercial Assays

Deposited Data

Experimental Models: Cell Lines

Experimental Models: Organisms/Strains
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IDENTIFIER

Oligonucleotides

Recombinant DNA

Software and Algorithms
Bowtie

Langmead et al., 2009

MACS2

Zhang et al., 2008

ICED

Imakaev et al., 2012

lib5c

This paper

Other
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http://bowtiebio.sourceforge.net/i
ndex.shtml
https://github.com/ta
oliu/MACS
https://github.com/hi
clib/iced
Will be provided
upon paper
acceptance

