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1 Procedure for the selection of the size of

the consensus regions

The goal of this procedure is to identify the smallest size of consensus re-
gions that unables the recovery of at least 95% of the nucleosomes present
in a simulated dataset.

The procedure was done using a randomly selected dataset without fuzzy
nucleosome (r = 0%). The positions of all the synthetic nucleosomes present
in the dataset are known. The predicted nucleosomes from both PING and
RJMCMC methods for this specific dataset are also known.

For different values of consensus size (size = 30, 40, . . ., 70):

1. The consensusSeekeR package was run to find consensus regions be-
tween the predicted nucleosomes from PING and the known synthetic
nucleosomes with the condition that at least one predicted and one
synthetic nucleosomes to be present in a region.

2. The list of synthetic nucleosomes present in the consensus regions was
extracted (list referred as LP ).

3. The consensusSeekeR package was run to find consensus regions be-
tween the predicted nucleosomes from RJMCMC and the known syn-
thetic nucleosomes with the condition that at least one predicted and
one synthetic nucleosomes to be present in a region.

4. The list of synthetic nucleosomes present in the consensus regions was
extracted (list referred as LP ).

5. The common synthetic nucleosomes between LP and LR were extracted
to obtain a new list LCOMMON .

6. Simulated nucleosomes following a normal distribution with a standard
deviation of 15 were generated from LP and LR to create a total of 1
000 paired lists.

For each paired list:
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(a) The consensusSeekeR package was run on each paired list with
the condition of having at least one nucleosome from both lists to
retain a consensus region.

(b) From the resulting consensus regions, the number of regions also
covering the position of a nucleosome from LCOMMON was ex-
tracted and divided by the number of nucleosomes present in
LCOMMON to obtain the ratio of common synthetic nucleosomes.

The results are shown, for each value of size, in the Figure S8.
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Figure S1: Localization of the fuzzy and well-positioned nucleosomes for 3 datasets
from normal, t-Student and uniform distributions. In each dataset, the value of
r, the percentage level of fuzzy nucleosomes, was fixed to 30%. The gray area
represent the coverage obtained by the forward and reverse reads. The vertical
position of the nucleosomes represents the number of paired-end reads associated to
each nucleosome. The datasets have been generated using the nucleoSim package
(Samb et al., 2015). While the graph was generated using the ggplot2 package
(Wickham, 2009).
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Figure S2: The histograms of the number of iterations needed to reach convergence
with the RJMCMC method for different values of λ, respectively 1 to 12. The
RJMCMC method has been run on a group of 10 dataset of simulated nucleosomes
from a normal distribution with a number of fuzzy nucleosomes r = 0% and a total
number of 300 nucleosomes. In each dataset, 30 segments were randomly selected
to obtain a total of 300 segments per value of λ.
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Figure S3: The histograms of the number of iterations needed to reach convergence
with the RJMCMC method for different values of λ, respectively 1 to 12. The
RJMCMC method has been run on a group of 10 dataset of simulated nucleosomes
from a t-Student distribution with a number of fuzzy nucleosomes r = 0% and a
total number of 300 nucleosomes. In each dataset, 30 segments were randomly
selected to obtain a total of 300 segments per value of λ.
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Figure S4: The histograms of the number of iterations needed to reach convergence
with the RJMCMC method for different values of λ, respectively 1 to 12. The
RJMCMC method has been run on a group of 10 dataset of simulated nucleosomes
from an uniform distribution with a number of fuzzy nucleosomes r = 0% and a
total number of 300 nucleosomes. In each dataset, 30 segments were randomly
selected to obtain a total of 300 segments per value of λ.
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Figure S5: The histograms of the difference between the predicted and synthetic
nucleosomes with the RJMCMC method for different values of λ, respectively 1
to 12. The RJMCMC method has been run on a group of 10 dataset of simulated
nucleosomes from a normal distribution with a number of fuzzy nucleosomes r =
0% and a total number of 300 nucleosomes. In each dataset, 30 segments were
randomly selected to obtain a total of 300 segments per value of λ.
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Figure S6: The histograms of the difference between the predicted and synthetic
nucleosomes with the RJMCMC method for different values of λ, respectively 1
to 12. The RJMCMC method has been run on a group of 10 dataset of simulated
nucleosomes from a t-Student distribution with a number of fuzzy nucleosomes
r = 0% and a total number of 300 nucleosomes. In each dataset, 30 segments were
randomly selected to obtain a total of 300 segments per value of λ.
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Figure S7: The histograms of the difference between the predicted and synthetic
nucleosomes with the RJMCMC method for different values of λ, respectively 1
to 12. The RJMCMC method has been run on a group of 10 dataset of simulated
nucleosomes from an uniform distribution with a number of fuzzy nucleosomes
r = 0% and a total number of 300 nucleosomes. In each dataset, 30 segments were
randomly selected to obtain a total of 300 segments per value of λ.
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Figure S8: The effect of the size of the consensus regions on the ratio of common
synthetic nucleosomes recovered in the consensus regions. A dataset from a normal
distribution without fuzzy nucleosomes (r = 0%) was randomly selected to be
tested using RJMCMC and PING methods. The detail protocol is described in
Section 1. A total of 1,000 simulations were run for each size of consensus regions.
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Figure S9: The effect of extendingSize parameter on the number of consensus
regions obtained when a minimum of two out of three methods must have at least
one nucleosome present. The extendingSize parameter is fixed during the creation
of the consensus regions between the results from different methods (PING, RJM-
CMC and NOrMAL) and is done by the consensusSeekeR package (Deschênes
et al., 2015). The size of the consensus regions corresponds to twice the size of the
extendingSize parameter. So, an extendingSize of 20 generates consensus regions
of 40 base pairs.
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Figure S10: The effect of extendingSize parameter on the number of consensus
regions obtained when a minimum of one out of three methods must have at least
one nucleosome present. The extendingSize parameter is fixed during the creation
of the consensus regions between the results from different methods (PING, RJM-
CMC and NOrMAL) and is done by the consensusSeekeR package (Deschênes
et al., 2015). The size of the consensus regions corresponds to twice the size of the
extendingSize parameter. So, an extendingSize of 25 generates consensus regions
of 50 base pairs.
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