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ABSTRACT

Chromatin accessibility assays have revolutionized
the field of transcription regulation by providing
single-nucleotide resolution measurements of reg-
ulatory features such as promoters and transcrip-
tion factor binding sites. ATAC-seq directly measures
how well the Tn5 transposase accesses chroma-
tinized DNA. Tn5 has a complex sequence bias that is
not effectively scaled with traditional bias-correction
methods. We model this complex bias using a rule
ensemble machine learning approach that integrates
information from many input k-mers proximal to the
ATAC sequence reads. We effectively characterize
and correct single-nucleotide sequence biases and
regional sequence biases of the Tn5 enzyme. Cor-
rection of enzymatic sequence bias is an important
step in interpreting chromatin accessibility assays
that aim to infer transcription factor binding and reg-
ulatory activity of elements in the genome.

INTRODUCTION

Chromatin accessibility assays measure the relative fre-
quency that exogenous enzymes access DNA. Chromatin
accessibility is not a direct measure of molecular features
of chromatin such as transcription factor occupancy or hi-
stone modification status. However, accessibility is consid-
ered a proxy measurement of regulatory element activity ir-
respective of the constellation of factors bound to the DNA
(1,2). Accessible regions are enriched for transcription fac-
tor binding and histone modifications that are hallmarks of
functional cis-regulatory elements (3—7). Deconvolution of
genome-wide chromatin hypersensitivity data to infer indi-
vidual transcription factor binding events remains a chal-
lenge (8).

ATAC-seq revolutionized the chromatin accessibility
field by providing a straightforward method that requires
fewer than 5000 cells (9). ATAC-seq leverages a hyperac-
tive Tn5 transposase that directly inserts high throughput

sequencing adapters into accessible DNA to create sequenc-
ing libraries. The analysis of ATAC-seq data requires ad-
ditional considerations beyond traditional hypersensitivity
assays because the molecular biology of transposase func-
tion is distinct compared to DNase and other enzymes that
are used to measure chromatin accessibility (10,11).
Although using Tn5 to measure chromatin accessibility
is experimentally easier than using DNase, the dimeric Tn5
enzyme recognizes a wider region when interacting with
DNA and this is reflected in the sequence bias of Tn5 (12).
Characterizing and correcting enzymatic sequence bias is
an essential step for accurate interpretation of chromatin
accessibility data (13-15). Strategies to correct biases use
a variety of sequence inputs to build models, including k-
mer instances, position weight matrices, and long stretches
of DNA. DNase bias can be directly scaled based on the
6-mer sequence centered on the DNase cleavage site (16—
19). The advantage of direct k-mer scaling is the simplicity:
reads are scaled by the expected/observed k-mer count ra-
tio. If a k-mer is found less often than expected by chance,
then the read is scaled to a higher value. However, direct
k-mer scaling does not effectively correct TnS biases from
ATAC-seq data (16,18,20), so other methods were devel-
oped to correct Tn5 bias. ATACorrect scales individual
ATAC-seq reads based upon a dinucleotide weight matrix
representing Tn5 bias and introduces simulated reads to oft-
set observed biases (21). Similar to weight matrix scaling,
HINT-ATAC employs position dependency models, which
account for interactions between weight matrix positions to
model ATAC-seq bias (12). SELMA encodes k-mer data into
a simplex vector, which is incorporated into a Hadamard
matrix for all mono and dinucleotide combinations. These
data are input into a linear regression model to capture and
correct both DNase and Tn5 bias (22). More sophisticated
methods that correct ATAC-seq data are often less inter-
pretable than k-mer and weight matrix scaling. Segbias
trains a Bayesian network to encode nucleotide preferences
using a 40 base window centered on the Tn5 recognition
site (23). MsCent ipede uses naked DNA cleavage to train
a Bayesian multi-scale model of a Poisson distribution of
reads to account for sequence bias (24). Another method
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employs a convolutional neural network to account for in-
trinsic sequence biases (25). Among bias correction soft-
ware packages, seqOutBias is the only existing method
that scales each individual input read and does not couple
the bias correction to downstream processing steps.

We previously found that direct k-mer scaling corrects the
majority of nuclease sequence bias. We developed seqOut -
Bias to implement k-mer scaling for molecular genomics
data. The seqOutBias package is stand-alone software
that specializes in sequence bias correction for a range of k-
mer lengths and gapped k-mers. SeqOutBias output files
can be piped into programs that specialize in peak calling
and footprint inference (26), but seqOutBias performs
poorly with ATAC-seq data. Here, we expanded the se-
gOutBias package to accommodate ATAC-seq data by
coupling seqOutBias output to a rule ensemble model-
ing framework that effectively scales individual ATAC-seq
reads to correct Tn5 bias. This modeling approach cap-
tures complex interactions between k-mers and quantifies
the importance of individual positions that contribute to
overall Tn5 bias. Moreover, the importance of k-mers and
positions are intrepretable locally for each position in the
genome, because the rules and terms applied to each aligned
read are explicit. This reproducible workflow efficiently cor-
rects single-nucleotide resolution Tn5 sequence bias and ad-
dresses regional baseline bias determined by GC content.
To facilitate bias correction of chromatin accessibility data,
we developed a workflow that can be applied to existing
high-throughput sequencing analysis pipelines. The main-
tained and updated repository for this work will be within
the lab’s GitHub repository: https://github.com/guertinlab/
TnSbias. The archived Zenodo link for the analysis at the
time of submission will be stable at the following link: https:
/ldoi.org/10.5281/zenodo.7757436.

MATERIALS AND METHODS
Reproducible analysis and plotting code

We provide a detailed and reproducible vignette to repro-
duce all analyses and figure panels directly from raw data
here:  https://github.com/guertinlab/Tn5bias/tree/master/
Manuscript_Vignette. We provide a workflow vignette
using only chr2l ATAC-seq reads, the chr2l reference
genome, and estrogen receptor motifs as a quick-start ref-
erence document: https://github.com/guertinlab/TnSbias/
tree/master/seqOutATACBias_workflow_Vignette.

Chromatin accessibility data preprocessing and read align-
ment

We downloaded the hg38 and mm39 reference genomes
from the UCSC genome browser (27,28). We retrieved
data sets for the respective nucleases and Tn5 from
the NCBI SRA (sequence read archive), in fastq for-
mat, using fasterg-dump (29). The following SRA
accession numbers were used for mouse (mm39) liver
data: SRR535737, SRR535738, SRR535739, SRR535740,
SRR535741, SRR535742, SRR535743, SRR535744 (30),
SRR5723785 (31). The following SRA accession num-
bers were used for human (hg38) DNase (lung fibroblast)
SRR769954 (32) and Tn5 (T lymphoblast) SRR5123141

(16). Reads from each data set were aligned to their respec-
tive reference genomes using bowtie2 (33), then sorted
and converted to BAM files with samtools (34).

Determining sequences around each cleavage site

All aligned reads (plus, minus and unseparated) were used
individually as input for unscaled segoutBias (16) runs,
which generated bigWig and bed format output files. We de-
convolved independent reads that aligned to the same ge-
nomic coordinate into separate bed file entries, then con-
verted to sequence files using fastaFromBed (35). Se-
quences corresponding to minus-aligned reads were re-
verse complemented before concatenating them with the se-
quences corresponding to plus aligned reads.

Counting positional nucleotide frequencies for each enzyme

We determined nucleotide counts at each position relative
to the start of a read by loading all the sequences into R,
separating sequences into columns, and tallying nucleotide
bases at each position. Results were output in TRANSFAC
format and input into Weblogo (36).

Plotting background nucleotide frequency-corrected se-
quence logos

We desired background corrected information content val-
ues for our sequence logos generated from Weblogo (36).
We retrieved these values by modifying the source code of
the Weblogo command line interface. A step-by-step guide
on the modifications we made to retrieve these values is in-
cluded in the vignette on Github. As a coherence check, we
calculated the background corrected information content
values for each position. First, we calculated the Shannon
entropy:

H(l) ==Y = f(b,Dlog: f(b,1)

b=a

Here, H(/) is the entropy at any given position, and f{(b, /) is
the frequency of a base () at this position (/). Subtracting
this value from 2 is the classic calculation for information
content. We next calculated the background entropy:

0.25

t
H(background) = — g = f(b, Z)logZ(f(background, b))

where H(background) is the correction for background nu-
cleotide frequency. And f(background, b) is the background
frequency (background) for a base (b) Thus, for any position
the background corrected information content is:

Information Content = 2 — (H(l) + H(background))

These values were plotted using the Weblogo command
line interface.

Determining enzyme bias motif genomic coordinates

Starting with the TRANSFAC format nucleotide count
files, we used transfac2meme (37) to convert to the meme
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file format. We then used these files as input into FIMO to
generate region sets for each bias motif using the appropri-
ate refererence genome (38). The highest scoring 400 000
regions were used for each composite profile plot.

Plotting composite signal of genomic coordinates

We visualized the average signal at genomic coordinates
by aligning plus and minus locations on the same posi-
tion and retrieving the signal in the plotted interval from
a given data set’s bigWig file, using the bigWig R pack-
age (https://github.com/andrelmartins/bigWig). We then di-
vided all signal in this interval by the number of genomic
coordinates within the plot to calculate the average cut or
insertion (for Tn5S) frequency at this position relative to the
motif.

Determining background nucleotide frequencies of reference
genomes

Background nucleotide frequencies for reference genomes
were calculated by using the grep command to count the
occurrences for a given nucleotide.

Calculating scale factors for k-mer position

Genomic and data set k-mer frequencies were determined
by using the seqOutBias table (16) command to tally
each k-mer in the reference genome and those in the data
sets for each k-mer size and position. We then used these
k-mer counts to calculate scale factors for each k-mer by
dividing the expected k-mer frequency in the genome by the
observed k-mer frequency in the data set (16).

Calculating observed and expected upstream k-mers

Starting with the sequences flanking each insertion in the
Tn5 data set in fasta format, we counted each 3-mer in rel-
evant positions from the cut site to determine observed k-
mer occurrence. To determine expected k-mer occurrence,
nucleotide frequency from the sequence logo motif at each
position was multiplied together, in all possible combina-
tions, to construct each possible k-mer. This value is the ex-
pected frequency for each k-mer; we plotted the log, ratio
of observed to expected k-mers.

CAG peak direction

We generated a list of all 3-mer locations in the genome
by invoking the seqOutBias dump (16) command us-
ing a 3-mer .tbl file (output from previous invocations of
seqOutBias table) for input. From this file, we deter-
mined the genomic location of all CAG instances in the ref-
erence genome. We then plotted ATAC signal at 400 000
random CAG instances from this bed file. Rationally de-
signed masks were implemented using the seqOutBias
(16) software with the noted k-mer masks.

Transcription factor motif genomic interval determinations

Motifs for each transcription factor included in the test
and training sets were downloaded from the JASPAR (39)
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database in meme format. These motifs were then used as
input, along with the hg38 reference genome, into FIMO to
output genomic regions conforming best to the motif. We
took the top 400 000 highest scoring genomic instances for
each motif for both the plus and minus strands and used
them as input for the rule ensemble model.

Rule ensemble target input

We calculated the target values by plotting the composite
signal at each transcription factor’s genomic coordinates us-
ing unscaled data produced from seqOutBias (16), using
the - -no-scale option. bigWig files were accessed and
plotted using the bigWig R package (https://github.com/
andrelmartins/bigWig). These plotted values were normal-
ized using a common factor, to preserve variation between
motifs and allow for accurate rule ensemble prediction.

K-mer frequency calculation

We determined k-mer frequency using the 400 000 genomic
locations for each strand of each transcription factor mo-
tif previously generated using FIMO. From these locations,
we retrieved the sequences using fastaFromBed (35). We
split each sequence into k-sized slices for each k-mer. For
example, using a 5-mer, the sequence AAACCAAA’ would
be split into: AAACC,AACCA,ACCAA,CCAAA. Each of
these sections are a position within the original sequence:
position 1-AAACC; position 2-AACCA; etc. For each po-
sition, we then determined the frequency of each k-mer
among the original 400 000 input sequences.

Rule ensemble independent variable input

We computed the rule ensemble input for each combi-
nation of transcription factor motif region set and k-
mer size/position. As we previously determined k-mer fre-
quency at each position of a composite profile, we multiply
these frequencies by the inverse of the scale factor for each
matching k-mer, which was also described above. Finally,
we sum these values for all possible k-mers at a position for
the input value. This process was repeated for each modeled
position in the composite corresponding to each included
k-mer size and location relative to the cut site. These values
are the seqOutBias predicted values output for a k-mer
size and position, and modeled genomic regions.

Rule ensemble modeling

After calculating the independent variable input, a rule en-
semble model was trained to predict the training set bi-
ased target values using the prediction rule ensem-
ble package in R (40). This package implements the orig-
inal rule ensemble modeling framework (41). The output
rules and scaling coefficients were recorded as a single equa-
tion for later implementation.

Rule ensemble model implementation

We implemented the rule ensemble model by combining
scaled segOutBias (16) output as defined by the model.
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We first aggregated the required seqOutBias output by
combining output bed format files using unionbedg soft-
ware (35). These output values were then combined by ap-
plying the modeling equation at every read to generate a rule
ensemble-scaled bed file. This bed file was then scaled to the
same total read depth as the original, unscaled data. Finally,
we converted the bed file to bigWig format for subsequent
analysis using the bedGraphToBigWig command line in-
terface (42).

k-mer importance formalization

Calculations for the importance of a given input variable
are conducted by the PRE package in R. The formalized
method is imported with little modification from the accom-
panying paper (40,41).

In order to calculate input k-mer position importance,
the importance of individual rules and linear terms in which
it appears must be determined. We can calculate linear term
importance using the formula:

A d(l;(x;

Here, /i(x;) indicates the linear term for predictor variable
x;j (k-mer frequencies of a given size and position relative to
cut site multiplied by inverse scale factors for the same k-
mer size and position), sd signifies standard deviation, and
y represents output, or bias predicted by the model. The
term |b ;1 1s the absolute value of the k-mer’s coefficient in
the trained model.

To calculate the global importance of a given rule, we use
the equation:

vl_ v
=g, Y —5)

sd(y)

Similar to a linear term’s importance, /s,(1 — s,) evalu-
ates to the rule’s sample standard deviation. This value is
measured by first determining s,, or the support for rule v,
which is the fraction of training data for which the rule’s
conditions are satisfied.

We can calculate the support for a given rule (r,) using
the expression:

|
Sy = ~ ;ru(x,-)

To evaluate the total importance of a predictor k-mer, we
sum all rules in which it applies, in addition to its linear
term. This is calculated in the following expression:

1
h=l+) -

- . v
Xj€Ery

In which the variable ¢, is equal to the number of require-
ments for rule v. This results in the importance of any given
rule being equally divided between the various k-mers in-
cluded in the rule.

Calculating positional importances from rule ensemble
models

We calculated variable importances, for each position
within our range of inputs to visualize how the rule ensem-
ble model combined input positions. Each k-mer’s impor-
tance was derived from the model and we calculated the
importance of each position by summing the values of each
position for all k-mers. We performed this calculation for
DNase, however Tn5 k-mers were not equally distributed
at each input position and this caluclation was not appro-
priate. We scaled the normalized Tn5 positional importance
by dividing the sum of values by the number of inputs that
included the respective position in the input masks.

Calculating improvement of rule ensemble modeling com-
pared to seqOutBias

We directly compared the improvement of rule ensemble
modeling over seqOutBias by first determining the ab-
solute value difference between scaled output from either
method and the calculated unbiased output. This value was
determined for each position in our test set composite pro-
files. Each of these values is the difference between either
method and perfect bias correction at a given position—a
value of 0 means the method perfectly corrected bias at this
position. For each position we subtracted the rule ensemble
output from the seqOutBias; for every value above 0, rule
ensemble modeling outperforms seqOutBias correction.

RESULTS

Tn5 sequence bias is more extensive than other nuclease
biases

ATAC-seq measures how well Tn5 transposase accesses
DNA in chromatin, which is a proxy measurement for reg-
ulatory element activity. Although chromatin condensation
is the main contributor that influences Tn5-mediated DNA
cleavage, the local sequence content biases transposition ac-
tivity (10). A dimeric Tn5 complex nicks opposite strands
of DNA 9 base pairs apart, and each monomer inserts a
sequencing-compatible adapter at each nick position (Sup-
plementary Figure S1A) (43,44). The interaction of TnS5
with a precise genomic region results in reads aligning to
two converging genomic coordinates 9 bases apart on oppo-
site strands. Therefore the field shifts the reads aligning to
either reference genome strand so that a common position
anchors the Tn5 recognition site regardless of the orienta-
tion of the adapter. We refer to the center nucleotide of this
9 base insertion site as the central Tn5 recognition base, in
contrast to a traditional nuclease which cleaves a single po-
sition between two adjacent bases. Shifting ATAC-seq reads
results in base-pair resolution data that precisely identifies
the center of the Tn5 recognition site.

Detection of a single Tn5-inserted adapter necessitates
an independent Tn5 insertion within approximately 500
bases. Only half of the Tn5 insertion events are capable
of amplification, even when an independent insertion oc-
curs within 500 bases (Supplementary Figure S1B,C,D).
To specify this central base, we shift the forward-strand
aligned reads downstream by 4 bases and we shift the
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Figure 1. Tn5 sequence bias is more complex than nuclease sequence bias. (A) The seqLogo sequence bias motifs are corrected for background nucleotide
content and they illustrate that Tn5 bias is wider and more complex than other commonly used chromatin accessibility enzymes. Nucleotide frequencies
listed in the inset to the right correspond to the highest information content position; for instance, G is found at position -4 45% of the instances that Tn5
inserts into DNA. Nuclease cleavage sites are indicated by dashed red line. Total information content (IC) from positions —10 to 10 is listed in the inset
to the upper left. (B) We plotted the logy(observed/expected 5-mer frequency) for all positions surrounding DNA cleavage sites or Tn5 recognition sites
as box and whisker plots. (C) We plotted read depth normalized composite signal from various molecular genomics assays for the top 400,000 sites that

conform most stringently to the respective enzyme’s bias motif.

reverse-strand aligned reads upstream by 4 bases (Sup-
plementary Figure S1E). Most current ATAC-seq anal-
ysis workflows shift the reverse-strand aligned reads up-
stream by 5 bases so that the data looks more similar to
the chromatin accessibility predecessor DNase-seq. How-
ever, this approach requires an independent shift of one
base for reverse-aligned sequences to ensure that a single
DNA cleavage event is specified by a single genomic coor-
dinate (Public Twitter correspondence: https://twitter.com/
jeffvierstra/status/1396900282634625025).

All enzymes that recognize nucleic acids as substrates
have sequence biases. These sequence biases are quantified
as the observed frequency of each base at individual posi-
tions relative to a cleavage site (or the centrally recognized
base in the case of transposases) compared to the expecta-
tion of random genomic cleavage. Enzyme bias motifs are
represented by a position probability matrix that reports
the fraction of each base observed at each position relative
to the cut site, which is most easily visualized as a seqL-
ogo (36,45). We confirm, as others have shown, that Tn5
favors CG-rich DNA and the seqLogo is a reverse comple-
ment palindrome, which is because Tn5 recognizes DNA
as a dimer (Figure 1A) (10,12,21,23). The nucleases Ben-
zonase, Cyanase, DNase, and MNase have distinct biases
that span fewer positions compared to Tn5 (Figure 1A) (30—
32). In addition to Tn5 having a wider bias window, the
cumulative information content within the window is high-

est for Tn5 compared to the nucleases (Figure 1A). Impor-
tantly, we consider background nucleotide frequency when
calculating information content. If we did not background-
correct, then random cleavage would be interpreted as an
AT bias because A/T bases account for 59% of the genome
(Supplementary Figure S2A). Previous methods that ac-
curately correct enzyme sequence biases use k-mer scaling
(16). However, k-mer scaling does not effectively correct
Tn5 bias because of the wide bias window and the limita-
tion that large k-mers occur rarely in both the observed and
expected k-mer counts.

If nucleotide sequence far from the TnS recognition site
center influences cleavage and insertion, then we would
expect that k-mers found at positions distal from Tn5’s
centrally recognized base would deviate substantially from
random expectation. We quantified the influence of dis-
tal and proximal k-mers on cleavage bias by plotting the
log, ratio of observed 5-mer frequency to expected 5-
mer frequency for all 1024 5-mers; expected frequency
is based on the genomic frequency of each 5-mer. The
logy(observed/expected) ratio is zero if a 5-mer is observed
at the expected frequency. We find that the distribution of
this ratio becomes more tightly centered around zero as
we query more distal 5S-mers (Figure 1B). The distribution
does not stabilize for TnS5 until we exceed 11 bases from the
TnS recognition site, while the other four enzymes stabilize
within 4 bases of the cleavage event. This analysis confirms
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that distal sequences more strongly influence Tn5-mediated
cleavage compared to the other enzymes, and indicates that
a k-mer spanning at least 21 base pairs is required to model
TnS bias effectively.

The background corrected sequence motif (Figure 1A)
for Tn5 is a reverse palindrome, which is common for ho-
modimeric DNA binding factors (46,47). The consensus
Tn5 recognition sequence contains CAG trimers present
on each strand of the DNA, each CAG is displaced from
the adjacent reverse complemented CAG by 5 bases. This
unique feature suggested that Tn5 dimers may interact with
this sequence motif in multiple orientations to direct the
transposition of adapters with higher frequencies. We plot-
ted the read-depth normalized composite profile of each en-
zyme’s bias motif to compare their relative strength of di-
recting DNA cleavage (Figure 1C). The Tn5 recognition site
directs a central peak that is substantially higher than the
other enzymes. The composite profiles also highlight peaks
5 and 10 base pairs downstream and upstream of the cen-
trally recognized base (Figure 1C). These flanking peaks are
not observed in the other nucleases, although they are com-
parable in intensity as the central peak of other enzymes.
Although not definitive, this pattern is consistent with Tn5
dimers interacting with opposite sides of the DNA helix,
displaced by five bases. Taken together, the length of the
Tn5 bias motif, the strong influence of distal k-mers, the
stronger cutting preference, and 5-base spaced cutting pat-

tern all preclude conventional k-mer based approaches for
correcting TnS5 sequence bias.

TnS sequence bias is complex and not modeled well by previ-
ous methods

A key assumption of representing sequence biases as prob-
ability matrices or seqLogos is that any nucleotide observed
at a position within the motif does not influence the proba-
bility of observing nucleotides in other positions, this prop-
erty is referred to as positional independence (6,48). If each
position is independent from the others, observed k-mer fre-
quencies should be equal to those expected based on nu-
cleotide frequency in the position probability matrix. To
test Tn5 sequence bias position independence, we deter-
mined the observed frequency of each 3-mer found in po-
sition —6 to —4 relative to the central Tn5 recognition base
and divided by the expected frequency (Figure 2A). We find
that 3-mers are observed at frequencies that deviate from
the calculated expectation. We can infer basic features de-
scribing which 3-mers are disfavored (NAA) and preferred
(NCA), but characterizing a comprehensive set of basic
rules for many k-mer combinations and k-mer positions
is not straightforward. However, since k-mer scaling does
consider dependencies between positions, k-mer scaling re-
mains an attractive starting point for developing more com-
plex bias correction models.
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Next we tested the feasibility of using rationally spaced k-
mers to systematically reduce Tn5 bias. The 3-mer ‘CAG’ is
over represented in three positions in the Tn5 bias and each
CAG bias is displaced by 5 bases (Figure 1A). We measured
the composite ATAC-seq signal in the window centered on
400 000 random CAG instances in the hg38 genome assem-
bly. As expected, we observe that the CAG 3-mer directs
cutting in three peaks, each displaced from one another by 5
bases (Figure 2B). Conventional k-mer scaling is performed
with any reasonably short k-mer size (<9 bases) and the k-
mer can be positioned at any distance from the observed
Tn5 recognition site. In an effort to determine whether k-
mer scaling would effectively flatten these three peaks, we
used seqOutBias to scale reads using 3-mers that are
located at the Tn5 recognition site and up/down stream by
S bases. Recall that each peak corresponds to a peak of Tn5
recognition and that each peak is relative to the CAG 3-
mer that anchors the plot at position x = 0. Therefore, we
expect that scaling based on the k-mer located 5 bases up-
stream will flatten the +5 peak because the CAG directing
this downstream peak is located 5 bases upstream. Likewise,
the central k-mer scaling would abolish the central peak
and downstream k-mer scaling would ablate the upstream
peak. This exercise indicates that we can rationally design
k-mer scaling to correct known biases, but it also highlights
the fact that multiple k-mers are needed to correct biases
even within the context of this simple example. Therefore,
we pursued a rule ensemble modeling approach to integrate
multiple k-mer sizes from a range of positions relative to the
Tn5 recognition site as input data and determine whether
interactions between these inputs contribute to Tn5 inser-
tion bias.

Rule ensemble modeling leverages interaction terms and k-
mer scaling to correct sequence biases

We previously developed seqOutBias, which directly
scales chromatin accessibility data by expected/observed k-
mer frequency. Although we specify seqOutBias to scale
based on a 6-mer centered on the DNA cleavage event for
DNase, one can specify any k-mer length and relative k-
mer position. Our data indicate that Tn5 bias is too broad
to scale with a single k-mer and this suggests that bias cor-
rection would need to incorporate information from several
k-mer positions. Therefore, we chose to use seqOutBias
scaling outputs with different invocations of k-mer posi-
tions and lengths as the input for the rule ensemble model,
and to test its capacity to correct Tn5 bias (Figure 3A). Se-
quence biases were first characterized by quantifying enzy-
matic cut frequency in average composite profiles that are
centered on transcription factor binding motifs (14,15). We
previously developed a model (seqToSign) that reproduced
these composite profiles by scaling the genome-wide cut fre-
quency of each k-mer found in a given position in the com-
posite by the number of occurrences of the k-mer at that po-
sition (15). We attempted a similar approach to predict bi-
ased composites by using the inverse of seqOutBias scale
factors as an input, since this value represents the genomic
cut frequency for a k-mer. For each k-mer we multiplied its
frequency at each position in the composite by the inverse
of that k-mer’s corresponding seqOutBias scaling factor.
We summed these values for all 4° k-mers at each position
in the composite profile (Figure 3B). Each of these values
at each position in the composite is a covariate input for
the rule ensemble model and we repeated the process for
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many k-mer length and relative k-mer position combina-
tions (Supplementary Figure S3A). We trained a rule en-
semble model using these covariate inputs to predict mul-
tiple transcription factor composite profiles. The output of
this trained model is the formulaic combination of k-mer
positions using linear regression coefficients and decision
trees (Figure 3C). To test the efficacy of the model, we first
combined the scaled read values from each k-mer covari-
ate according to the output formula. This generated a single
rule ensemble-scaled read file which we tested for its ability
to correct test group composite profiles to resemble theoret-
ically unbiased genomic cleavage (Figure 3D).

Choosing training and test transcription factor motifs

Transcription factors recognize a diversity of DNA se-
quences that vary by length, degeneracy, and nucleotide
content. We chose training and test data for the model
by selecting sequence motifs based on these features (Fig-
ure 4A). In a sequence logo representation of DNA bind-
ing preference, the information content is a function of se-
quence length and degeneracy. We used hierarchical cluster-
ing of these values for 43 input motifs that represent a wide
range of information content and GC content, encompass-
ing well-characterized binding motifs (Figure 4B). Group-
ings consisted of either doublets or triplets, with a single sin-
glet. Within a group, a single motif was assigned as testing
data and the others were assigned as training data.

Rule ensemble modeling corrects DNase sequence bias

We chose rule ensemble modeling because the impor-
tance of covariate inputs are easily interpreted in the over-
all model and for any individual model prediction. Since
DNase-seq biases are well-characterized, we have an expec-
tation of the importance of positions that lead to DNase
specificity. We chose to test the feasibility of this model us-
ing naked DNA DNase-seq data. We invoked segOut -
Bias with staggered 5-mers within 9.5 bp of the cut site as
input for the model. The DNase rule ensemble model con-
firmed that the 3 bases on either side of the cleavage event
most strongly influence DNase cleavage (Figure SA).

We visualized the correction of single nucleotide bias by
calculating the log, ratio of theoretically unbiased signal to
either unscaled, direct k-mer scaling (seqOutBias), or rule
ensemble output within the region of +10 base pairs for
each motif (Figure 5B & Supplementary Figure S4A). Our
results indicate that direct k-mer scaling corrects DNase
bias well, but rule ensemble modeling outperforms k-mer
scaling (Supplementary Table S1). This is most easily il-
lustrated by observing individual composite profiles (Fig-
ure 5C & Supplementary Figure S4B). Although improve-
ment is comparable between direct k-mer scaling and rule
ensemble modeling, we sought to directly compare the two
more rigorously. We calculated the absolute value of the dif-
ference between each corrected value and random cleav-
age for each point within 10 bp of each motif for both
bias correction methods. This metric represents how much
the values deviate from perfect bias correction for each
method (segqOutBias and rule ensemble). For each posi-
tion, we subtracted the rule ensemble deviation from unbi-
ased cleavage value from the seqOutBias deviation from
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which rule ensemble outperforms seqOutBias will be above 0 (dashed red line); 68% of positions in this plot were improved.

unbiased cleavage and plotted the difference (Figure 5D).
Each point represents the difference in improvement be-
tween segOutBias and rule ensemble modeling. For each
point greater than 0, the rule ensemble modeling outper-
forms seqoutBias (Figure 5D). We find that 68% of all
points showed improvement, indicating that rule ensem-
ble modeling generally outperforms direct k-mer scaling for
correcting DNase bias.

Rule ensemble modeling corrects local Tn5 transposition bias

Since this modeling approach corrected DNase bias, we de-
veloped a rule ensemble model to correct bias from depro-
teinated ATAC-seq data. Since Tn5 bias is more complex
than DNase, we ran seqOutBias for all contiguous 5-
mers, 6-mers, 7-mers and spaced 6-mers within 19 bases of
the DNA cleavage/insertion site for the model input. In to-
tal, we included 663 distinct k-mer combinations as inputs
(Supplementary Figure S3A). The number of input vari-
ables was much higher compared to DNase, so we priori-
tized the input covariates by first modeling the data using
linear regression to determine the most influential k-mers
(formalized calculations are included in the Methods), then
we incorporated the most influential 10% of these variables
into a full rule ensemble model to predict the biased signal
for each training motif (Figure 3C). The relative importance
values for each nucleotide position revealed three central

peaks that are separated by 5 bases (Figure 6A). Compari-
son of individual composite profile traces highlights the im-
provements (Figure 6B & Supplementary Figure SSA&B).
We systematically measured how bias-corrected signal devi-
ated from random DNA cleavage at sequence motifs (=10
bases) and compared to unscaled and k-mer scaled correc-
tion (Figure 6C). The rule ensemble bias correction outper-
forms k-mer scaling with respect to reducing variance and
scaling reads to more accurately approximate random DNA
cleavage (Supplementary Table S2). For each individual po-
sition, the rule ensemble model outperforms k-mer scaling
78% of the time (Figure 6D). Examination of the 22% of
positions with worse performance reveals the magnitude by
which the model is outperformed is modest compared to the
magnitude of improvement for the other 78% of instances.
This can be visualized by comparing the distribution above
zero (improvement) versus below zero (outperformed by
k-mer) in Figure 6D. Visual inspection of the composite
traces of the 18 test motif composite profiles illustrates
that rule ensemble models effectively flatten these profiles
(Figure 6B & Supplementary Figure S5B). The traces ap-
proach the theoretical random cleavage red dotted line more
closely than k-mer scaling alone (Figure 6B & Supple-
mentary Figure SSB). Therefore, the local sequence bias,
which we define as the region within 10 bases of sequence
motifs, is more effectively corrected with rule ensemble
modeling.
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Figure 6. Rule ensemble modeling corrects Tn5 transposon single nucleotide bias in ATAC-seq data. (A) The importance values for each position relative
to Tn5’s recognition site mirror the information content values of positions in the seqLogo representation of TnS bias. (B) We directly compare bias
correction of Tn5 data by segOutBias and rule ensemble modeling by visualizing the composite corrected signals and comparing to the unscaled
composite traces. (C) We quantify the single nucleotide correction for each transcription factor’s composite profile by measuring divergence from unbiased
signal. Regions measured are within 10 base pairs of each motif, as indicated by the graphic above the figure panel. (D) We visualized improvement of rule
ensemble modeling over seqOutBias by using a violin plot of distance from calculated random cut frequency for rule ensemble output subtracted from
segOutBias. Positions which rule ensemble outperforms seqOutBias will be above 0 (dashed red line); 78% of positions in this plot were improved
and those that are not improved have lower magnitude deviations from the expectation of random cleavage.

Rule ensemble modeling corrects regional sequence biases
caused by GC-content

We developed these models and measured correction of en-
zyme biases using these composite motif profiles because
this visual representation is an intuitive way to observe en-
zyme biases in genomic assays. As we move away from
the sequence ‘anchor’ in DNase-seq composite profiles,
the traces flatten and approach the expectation of random
cleavage because the sequence content in these regions is
more random (Figure 7A). Unlike DNase-seq, the compos-
ite profiles for ATAC-seq do not approach random expec-
tation, even at distances 100 bases from the sequence motif
center. The Tn5 recognition site is GC-rich (Figure 1A) and
itis known that AT/GC richness is clustered throughout the
genome (27). We hypothesized that Tn5 preference for GC-
rich regions would lead to generally elevated signal within
these regions, accompanied by depleted signal in AT-rich re-
gions. Therefore, we determined whether there is a relation-
ship between motif GC content and this regional ‘baseline
signal’. Motif GC content linearly correlates with baseline
signal (Figure 7B, C). Rule ensemble modeling outperforms
segOutBias for 88% of the positions when regional GC
bias correction (Figure 7D, E) and scaling within the mo-
tif (Figure 6C) are considered together. We find that rule
ensemble corrections improve scaling compared to seqOut-
Bias in terms of both reducing baseline mean and variance
(Supplementary Table S3). Rule ensemble modeling effec-
tively corrects Tn5’s regional and local sequence biases.

DISCUSSION

Transcription factor binding sites and promoters are the
most interesting regions of the genome with respect to gene
regulation. ATAC-seq signal correlates with the regulatory
potential of these regions. ATAC-seq is a simple experi-
mental assay, but analysis of the data requires dedicated
pipelines, specialized software, and unique considerations
(11). Importantly, Tn5 sequence bias was described in the
first ATAC-seq paper (10) and many groups have devel-
oped methods to characterize and correct these biases. Ap-
proaches often combine bias correction and footprinting or
propose models that cannot be easily interpreted. Here, we
provide a workflow that directly scales individual ATAC-
seq reads to correct Tn5 bias and provides common output
files that can be used for peak calling or footprinting. The
rule ensemble modeling approach that we employed is in-
terpretable globally, in that we identify the positions relative
to Tn5 recognition that influence the model. Moreover, the
model is interpretable locally for any individual scaled read.
If a rule does not apply to the local sequence read, then the
rule drops out of the model and does not contribute to that
individual instance of read scaling.

Enzymatic sequence preferences must be considered
when interpreting molecular genomics data, particularly
when the data is single-nucleotide resolution. We introduce
this rule ensemble framework as a novel method that ef-
ficiently scales individual sequence reads to correct Tn5
bias.
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random cleavage frequency.
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