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Positional interpretation of cis-regulatory
code and nucleosome organization with
deep learning models

Charles E. McAnany1, Melanie Weilert1, Grishma Mehta1,2, Fahad Kamulegeya1,
Jennifer M. Gardner1, Jacob Schreiber 3,4, Anshul Kundaje 5,6 &
Julia Zeitlinger 1,7

Sequence-to-function neural networks learn cis-regulatory sequence rules
driving many types of genomic data. Interpreting these models to relate the
sequence rules to underlying biological processes remains challenging, espe-
cially for complex genomic readouts such as MNase-seq, which maps
nucleosome occupancy but is confounded by experimental bias. Here, we
introduce pairwise influence by sequence attribution (PISA), which uses
attribution to combinatorially decode which bases contributed to the readout
at a specific genomic coordinate. PISA visualizes the effects of transcription
factor motifs, detects undiscovered motifs with complex contribution pat-
terns, and reveals experimental biases. By learning the bias for MNase-seq,
PISA enables unprecedented nucleosome prediction models. These models
allow the de novo discovery of nucleosome-positioning motifs and reveal the
basis of Micro-C chromatin domain boundaries through systematic motif
perturbations. Finally, thesemodels allow the design of sequenceswith altered
nucleosome configurations. These results show that PISA is a versatile tool that
expands our ability to train and interpret sequence-to-function neural net-
works on genomics data and understand the underlying cis-regulatory code.

Deciphering the cis-regulatory code of gene regulation in non-coding
genomic sequences is one of the remaining grand challenges in biol-
ogy. A complete understanding would allow us to read the gene reg-
ulatory information in the human genome, identify genetic variants
involved in disease, and design synthetic regulatory sequences for
therapeutic and industrial purposes1. A key breakthrough to learning
these cis-regulatory sequence rules is sequence-to-function neural
networks1. These models take DNA sequence as input and are trained
to predict the readout of genomics assays that measure various
aspects of gene regulation, including transcription factor (TF) binding,
chromatin accessibility, nucleosome organization, transcription
initiation, and gene expression2–12.

An example is the BPNet family of models, convolutional neural
networks that predict the profile of genomics data at base resolution,
in addition to predicting the total read counts per region3. BPNet was
originally designed to learn high-resolution TF binding data3,13,14, but
the sequence-to-profile predictions and the lightweight architecture
make it a robust and versatile framework for many data types,
including chromatin accessibility data15,16 and nascent transcript data9.
Similar architectures have successfully predicted STARR-seq/MPRA
data17 and MNase-seq nucleosome maps18. During training, these
models learn the combinatorial interplay by which short sequence
motifs, typically recognized by TFs, generate the experimental read-
outs for each genomic region. For example, a model trained to predict
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thebindingof a single TFwill not only learn that TF’s bindingmotif, but
also other sequence patterns, such as motifs for cooperative binding
partners3,13.

Discovering novel cis-regulatory features depends, however, on
effectively interpreting a trained sequence-to-function model. Neural
networks have traditionally been seen as uninterpretable black boxes,
but thanks to several post-hoc interpretation tools specifically
designed for sequence-to-function models, sequence rules can be
extracted from trained models3,19–25. This can be done by various
attribution methods, including in silico saturation mutagenesis2,26,
integrated gradients27,28, or corrected gradients23. The attribution
methods DeepLIFT29 and DeepSHAP30 use Shapley values to assign
each base in the input sequence a contribution score based on how
much it contributed to the predicted output. Motifs are typically
among the highest contributing bases due to their crucial role in the
cis-regulatory code, and they are readily summarized by TF-MoDISco31.
Rules by whichmotifs cooperate with each other can also be extracted
from models by systematically predicting the effect of synthetic
sequences in silico3. However, the motifs and their interaction rules
tend to be abstract, making it challenging to deduce howmotifs exert
their function at individual regions. Thus, while these tools have made
sequence-to-function models more interpretable, they are still limited
in what they reveal.

A major drawback is that current attribution strategies for
sequence-to-profile models (such as the counts and profile metrics
used in BPNet) rely on reductive representations of how each base
impacts an output prediction. Attribution methods typically quantify
an input’s effects on the entire output window, and thus do not reveal
where in the experimental profile a motif exerts its influence and
whether the influence is narrow or broad. Furthermore, the contribu-
tion scores ofmotifs represent a sumof themotif’s effects and thus do
not reveal whether motifs have both positive and negative effects on
the predictions. For example, a motif may cause an output feature to
shift to the side, thus the motif’s effect would be positive in one part
and negative in another part of the experimental profile, making it
challenging to assign a single numerical score to such a motif. When
suchmixed contributions cancel each other out, motifs could even be
missed by standard attribution methods. Finally, some bases may be
assigned contribution scores because theypredict experimental biases
in the data. Unless such biases are explicitly regressed out15,32, it is
difficult to identify such biases and understand their contribution to
the output prediction.

Here, we overcome these obstacles by introducing a strategy
called pairwise influence by sequence attribution (PISA) to visualize
the range and level by which each individual base impacts each
genomic coordinate at an individual locus. We implemented PISA
using DeepSHAP in a package called BPReveal, which expands the
capabilities of BPNet and ChromBPNet to support multiple different
data types.We note however, that PISA values can be calculated in any
sequence-to-profilemodeling framework to visualize and interpret the
learned sequence rules2,4,8 and that PISA values can also be calculated
using saturation mutagenesis (Supplementary Fig. 1). As an example,
we have implemented PISA into tangermeme, a PyTorch-based suite of
tools for BPNet-like models33.

We first describe PISA and the two types of plots it creates for
individual genomic regions: squid plots and heatmaps. We then analyze
previously modeled genomics data by re-training these data on BPRe-
veal and creating PISA plots for known regulatory regions. These plots
reveal details consistent with expected biologicalmechanisms, as well as
sequence rules that were previously hidden. They show a motif’s influ-
ence range, uncover previously hidden motifs that contain a mixture of
positive and negative contributions, and reveal the experimental bias of
MNase-seq that can be made into a synthetic bias track.

We then leverage the synthetic MNase-seq bias track to train a
model that predicts bias-minimized MNase-seq nucleosome data34.

These models allow us to de novo discover TF motifs important for
nucleosome positioning and visualize their range of effects. We show
that the effects of thesemotifs are bound by barriers akin to chromatin
domain boundaries, which we discover de novo at higher resolution
thanMicro-C data. Finally, we show as proof-of-principle that themodel
can be used to generate sequence designs with altered nucleosome
positioning, some of which we validate experimentally. These results
pave the way to more systematically study the relationship between
DNA sequence, nucleosome organization, and gene regulation.

Results
PISA reveals pairwise relationships between the input sequence
and the output profile
PISA is made for sequence-to-profile models that make separate pre-
dictions for each output position, e.g. each base (Fig. 1a). This feature
allows attribution methods such as DeepSHAP29,30 to be applied to
individual output positions, rather than for the entire predicted output
window as done traditionally3 (Fig. 1b). In our implementation, we use
DeepSHAP on a BPNet model and generate, for each output base j,
contribution scores for each input base i. Thus, for a particular input
sequence, Pi!j represents the Shapley value assigned to base i from
the model’s output at base j. Pi, j represents these values in a two-
dimensional matrix (Fig. 1c).

To visualize this matrix, we made two types of PISA plots. In the
PISA squid plot (Fig. 1d), we sought to create a simple summary of the
range by which sequence patterns impact the output signal. The input
bases are displayed at the bottom of the plot as traditional contribu-
tion scores, with lines drawn from base i to base j in the predicted
output profile at the top. The color of the line represents the con-
tribution score Pi!j (positive in red, negative in blue). PISA values
below a threshold are not shown for clarity.

The PISA heatmap (Fig. 1e) provides a finer-grained representa-
tion, where the entire PISA matrix is visualized as a colored grid: The
pixel at position i on the x-axis and position j on the y-axis represents
Pi!j (positive in red, negative in blue). For reference, the traditional
contribution scores are again shown at the bottom, while the output
prediction is shown on the right. In this grid, the diagonal is where the
input base affects the output at the same position (i.e., i ≈ j). As we will
see later, this diagonal of local influence is often where experimental
bias is found.

To leverage PISA and its downstream applications (Fig. 1f), we
implemented a package called BPReveal. Since it encompasses the
capabilities of BPNet3, ProCapNet9, and ChromBPNet15, BPReveal
models can make use of any combination of multi-head, multi-strand
architectures and leverage separate bias models to remove experi-
mental biases from data (see architecture in Supplementary Fig. 2).

PISA visualizes the influence range of TF motifs
To visualize how TF motifs influence output predictions, we first
applied PISA to TF binding data in a well-characterized system (Fig. 2a,
b). We trained a BPReveal model on previously published high-
resolution ChIP-nexus data of Oct4, Sox2, Klf4, and Nanog in mouse
embryonic stem cells3, which gave results on par with the original
BPNet model (Supplementary Table 1). Since our previous model
interpretation found that Nanog binding is strongly dependent on
other motifs, including the Oct4-Sox2 motif, we generated PISA squid
plots for Oct4 and Nanog binding at the Lefty1 enhancer, which con-
tains a Oct4-Sox2 motif and three Nanog motifs (Fig. 2a, b).

The PISA squid plot for Oct4 binding (Fig. 2a) showed that the
Oct4-Sox2motif directs the Oct4 binding footprint in a broad window
of ~150 bp. The Nanog motifs show negligible contribution to Oct4
binding. When analyzing Nanog binding in the same region (Fig. 2b),
we observe that the three Nanog motifs contribute to Nanog binding
more locally and that theOct4-Sox2motif promotesNanogbinding in a
broader window. This was general, as PISA plots of 800 instances of
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eachmotif confirm the broad effect ofOct4-Sox2 and the narrow effect
of Nanog (Supplementary Fig. 3).

This pattern is consistent with our mechanistic understanding of
how Nanog binding depends on the Oct4-Sox2 motif. Oct4 and Sox2
are pioneer TFs that remove nucleosomes35 and thus have effects in
the nucleosomal range. Nanog, on the other hand, is a non-pioneer
TF3,36,37 that requires the Oct4-Sox2 motif for chromatin accessibility.
Once the chromatin is open, the Nanog motif directs Nanog binding
only locally, at the size of its own binding footprint. We conclude that
broad effects are likely to involve chromatin changes, while local
effects do not.

To apply PISA to a different data type, we next trained a BPReveal
model to predict bias-minimized ATAC-seq chromatin accessibility
data from the early Drosophila embryo16 (Fig. 2c, d). As done pre-
viously, we used the bias correction strategy from ChromBPNet15,16,
where a bias model is trained first on closed regions that contain the
bias but minimal accessibility. A second model is then added to learn
the residual signal beyond the bias, thus the sequence rules that pre-
dict chromatin accessibility. Our model yields results on par with the
previously published model (Supplementary Table 2) and redis-
covered the motif of the key pioneer TF Zelda16,38–40.

Using the well-studied sog shadow enhancer as an example, the
PISA squid plot showed each of the three Zeldamotifs as a wide squid-
like pattern reaching a region of several hundreds of bases (Fig. 2c),
~800bp for the central one (Fig. 2d). This is consistent with chromatin-
mediated effects from pioneering. We conclude that PISA directly
visualizes the influence range ofmotifs at single loci, providing clues to
the effect of those motifs on chromatin state.

PISA reveals complex motif effects
We next used PISA to explore motifs that influence the output signal
positively at someparts of the region,whilehaving anegative influence
in other parts.When using traditional attributionmethods, suchmixed

effects might cancel each other out, causing these motifs to be mis-
represented or difficult to discover.

Serendipitously, the PISA heatmap of the chromatin accessibility
at the sog shadow enhancer provided such a pattern (upper left in
Fig. 2d, enlarged in Fig. 3a, left). This pattern showed central negative
contributions (blue) that were flanked by positive contributions (red).
This pattern mirrors the predicted output profile at this position, i.e. a
pronounced central dipflanked by peaks on each side, as shownon the
right (Fig. 3a, left). The mixed negative and positive contributions
nullify each other since the count's contribution track below shows no
signal (shown below with an arrow).

The sequences that produce this pattern correspond to a CA
repeat (referred to as CAckle), which has previously been shown to
boost TF binding and enhancer activity14,41. Although CAckle sites have
dual positive and negative contributions, the total effect is, in some
genomic instances, not neutral, allowing us to discover them across
the genomeusing TF-MoDISco andmotif scanning. To test their effect,
we performed simulated mutations of 712 mapped CAckle motifs
(Fig. 3a, right). Upon mutation, the dip with the flanking peaks flat-
tened out, but the overall read counts remained similar, confirming a
mixed negative and positive effect of CAckle motifs on the chromatin
accessibility. We note that a CAckle-like motif was also learned as part
of the Tn5 enzymatic bias, but these aredistinct from theCAcklemotifs
that predict the dip in chromatin accessibility (Supplementary Fig. 4).

Another example of a complex motif effect is provided by ChIP-
seq data of H3K27ac, a histone modification that flanks active
enhancers42. We trained a model on H3K27ac ChIP-seq data from early
Drosophila embryos16 and visualized known enhancers using PISA. This
revealed that the H3K27ac profile predictions strongly depend on
Zeldamotifs (Fig. 3b, left). A Zeldamotif creates a dip inH3K27ac at the
center of the enhancer, seen as negative contributions (blue), while
also promoting H3K27ac at the enhancer’s flanks, seen as positive
contributions (red). This trend was again confirmed by mutating 325

Fig. 1 | PISA and its applications. a A sequence-to-profile model uses DNA
sequence as input and learns to predict experimental readouts from genomic
assays. b Previous interpretation tools have assigned contribution scores to the
input bases based on properties of the integrated output profile. c Our PISA
approach assigns contribution scores for each output individually, resulting in a 2D
matrix Pi!j . d Squid plots show high PISA values as colored lines that connect an

input base to an output position. In this example, the TCAmotif has a strong effect,
and the bulk of this effect is to the left of the motif’s position. e A heatmap of the
same region used in d shows PISA values as a colored grid. While less immediately
readable than the squidplots, heatmaps are useful whenmultiple effects overlap or
when experimental biases are present at the diagonal. f PISA is implemented in the
BPReveal package and has multiple applications, further described in this study.
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Zelda motifs, which decreased H3K27ac at the flanks and made the
central dip more shallow (Fig. 3b, right). This dual effect is consistent
with Zelda’s role as a pioneer TF that depletes nucleosomes in the
center, while recruiting the acetyltransferase Nejire to acetylate the
flanking nucleosomes43–45.

The dual pattern of the Zeldamotif in the H3K27acmodel is similar
to that of the CAcklemotif in the chromatin accessibility model, but the
range of the effect is an order of magnitude larger. While the contribu-
tions of CAckle spanned ~100 bp centered on its motif, those of Zelda
extended to a ~2 kb region. These results show how PISA provides
additional spatial resolution for interpreting how motifs exert their
effect.

PISA detects experimental biases and enables bias-corrected
MNase-seq models
If PISA is able to identify howeachbase positionally impacts the output
predictions, it should visualize experimental biases, which tend to be

local. To test this, we inspected the ATAC-seq models from the early
Drosophila embryo16 since we had explicitly trained a bias model that
detects the local sequence preference of its key enzyme, the trans-
posase Tn5 46, before training a residual model that predicts the bias-
corrected ATAC-seq data. We again generated PISA heatmaps of the
sog shadow enhancer, but this time, we separately inspected the
uncorrected model (which is the bias and residual model combined),
the bias model, and the residual model.

In the uncorrected model, the ATAC-seq bias is visible as a diag-
onal band and overshadows the weaker effects of the three Zelda
motifs that appear as vertical stripes (Fig. 4a, left). In the bias model,
only the diagonal band is left (Fig. 4a, center), while the residualmodel
only shows the effects of the three Zelda motifs (Fig. 4a, right). This
confirms that the diagonal band is indeed the bias and that the biaswas
successfully removed in the residual model.

As amethod for quantifying the effectiveness of the bias removal,
we created a base attribution total (BAT) plot, which shows the average

Fig. 2 | Visualizing the influence rangeofmotifs usingPISA. a Squidplot showing
that the Oct4-Sox2 motif (purple) determines Oct4 binding in a broad window. A
multi-head model was trained on stranded high-resolution binding data (ChIP-
nexus) for the pluripotency TFs Oct4, Sox2, Klf4, and Nanog. The predicted Oct4
ChIP-nexus data at the Lefty1 enhancer are shown at the top (plus strand in dark
purple, minus strand in light purple). The PISA squid plots (both strands are
overlaid) show that the Oct4 task assigns broad importance to theOct4-Sox2motif,
consistent with Oct4 being a pioneer TF whose activity is not governed by other
nearby motifs. b Squid plot of the same region as a, showing that Nanogmotifs
(blue) promote Nanog binding in a narrow range, while the Oct4-Sox2motif (pink)
has a broad influence. To demonstrate the influence of the Oct4-Sox2 motif, a
separate model was trained only on Nanog binding. The predicted Nanog ChIP-

nexus data at the Lefty1 enhancer are shown at the top (plus strand in dark blue,
minus strand in light blue). The broad effect of theOct4-Sox2motif and the narrow
effect of theNanogmotifs are consistent with Oct4 and Sox2 being pioneering TFs,
while Nanog is not. c Squid plot of the sog enhancer from a model trained on bias-
minimized ATAC-seq data from fly embryos16. The chromatin accessibility is largely
determined by three motifs for the pioneer factor Zelda (cyan). While aesthetically
pleasing, the squid plot is difficult to interpret due to the many overlapping lines.
d A PISA heatmap shows the overlapping effects of the three Zelda motifs more
clearly, and reveals that the central motif drives chromatin accessibility over a
window of ~800 bp. Note that the pattern on the upper left is shown enlarged in
Figure 3a, left.
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contribution of each input base to the output at a given distance (Δ)
from the diagonal (Fig. 4b). More precisely, BATðΔÞ=meaniðPi!i +ΔÞ,
where Δ is the x-axis in the heatmap. As expected, BAT plots for both
the uncorrected and the bias model show very strong signal within 10
bp (Fig. 4b left, center), while this local signal is not present in the bias-
corrected model (Fig. 4b, right).

Having confirmed that PISA reveals experimental bias, we next
turned to MNase-seq data. MNase has a strong AT sequence bias34,47,
but it is difficult to separate this bias from sequence features that
determine the nucleosome organization. We reasoned that a bias-
minimized MNase-seq model would predict a cleaner nucleosome
profile and enhance interpretation15.

We trained aBPRevealmodel onMNase-seqdata from S. cerevisiae
since yeast nucleosome occupancy is well-studied48–50, the small gen-
ome size permits very high coverage data51, andwe can benchmarkour
results against previous deep learning models26. Since the MNase
enzymatic bias is found at the fragments’ end, we recorded each
fragment’s 50 and 30 ends as two separate tracks and trained BPReveal
to predict both tracks simultaneously.

BPReveal achieved highprediction accuracyon experimental data
from held-out chromosomes (Supplementary Table 3). It achieved
higher prediction accuracies than the model by Routhier et al.26, using
the same training data, even when the performance was scored by
Pearson correlation, which is part of the loss function in the Routhier
model (Supplementary Table 4). This suggests that BPNet-derived
models trained with the BPReveal framework are well-suited to learn-
ing yeast MNase-seq data.

We then assessed whether PISA could detect the experimental
bias of MNase-seq. PISA heatmaps showed a strong, narrow diagonal
band, either to the left (in the 50 model) or the right (in the 30 model) of
the nucleosome-sized fragments (Fig. 4c, left). This signal represents
highly local effects in BAT plots (Fig. 4d, left), suggesting that local
enzymatic sequence bias strongly contributes to thepredictions. Apart
from the bias, the PISA heatmaps also showed subtle positive and
negative contribution scores within the nucleosome-sized fragments
(shown combined in Fig. 4c, left). This signal likely represents intrinsic
DNA sequenceproperties that determine the readiness towrap around
the histone core and form stable nucleosomes50,52–55.

We next explored ways to extract the bias from the PISA values
and derive a synthetic bias track. The model’s independent prediction
of the 50 and 30 ends serendipitously provided us with a method to
extract the bias. The reasoning is as follows: If a particular base affects
a nucleosome, then it should affect the entire nucleosome, including
its 50 end and 30 end. But if a base only affects one endpoint of the
nucleosome and not the other, then it is likely a bias signal. Since the
two tracks differ in the bias but essentially not in the biological signal,
subtracting their PISA heat maps cancels out the biological portions
and leaves behind pure enzymatic bias. The effectiveness of this
approach is seen in BAT plots (Fig. 4d).

The second innovation came from the insight that the efficiency
property of Shapley values allows us to sum up the PISA values from
the bias and construct a genome-wide synthetic MNase bias track to
train a bias model. We confirmed (using TF-MoDISco) that the model
did not learn any TF motif (Supplementary Fig. 6). We note that a
synthetic bias track from as few as 1,500 regions produced equivalent
results (Supplementary Fig. 7).

We then used this bias model to train and cross-validate a
ChromBPNet-style model that captures the bias-minimized nucleo-
some signal in the residual model. PISA heatmaps confirmed that we
have successfully separated theMNase-seqbias andnucleosome signal
(Fig. 4c). A BAT plot of the corrected model also shows that the bias
signal is largely absent and no longer stands out above the biological
signal.

Tobenchmark the bias removal, we comparedour results to those
of other MNase bias removal methods (Supplementary Fig. 8). We
trained a bias model on MNase-seq data obtained from naked DNA51,56

or used the statistical modeling tool seqOutBias32 before training on
the MNase-seq data. BAT plots show that these methods reduced the
bias signal, and quite considerably in the case of the seqOutBias-
corrected data, but both methods left more uncorrected enzymatic
bias than our corrected prediction (Supplementary Fig. 8).

Thus, PISA not only visualized the bias inMNase-seq data, but also
allowed us to derive a synthetic bias track to train a bias-minimized
MNase-seq model.

PISA visualizes how de novo discovered motifs affect
nucleosomes
Wenext examined what theMNase-seqmodel learned. For an intuitive
reading of the MNase-seq data, we displayed the midpoints of the
fragments representing the nucleosome dyads, rather than the posi-
tions of the 50 and 30 ends that we trained the model on. As seen at the
Ade1 gene example locus, a known genetic marker in yeast, the
experimental and predictedmidpoint data look spiky. After removal of
the bias, the nucleosome signal was smoother, and the background

Fig. 3 | Twomotifswithpositive andnegative effects. aACA repeat creates a local
dip in chromatin accessibility in ATAC-seq. (Left) The CA repeat motif, which we
refer to asCAckle, hasbothnegative (blue) andpositive (red) contributions in a PISA
heatmap, and thus is not detected in the counts contribution score (arrow). It
creates a small (~50 bp) dip in accessibility surrounded by a shoulder of slightly
higher accessibility, as seen in the predicted output profile on the right of the
heatmap. The motif’s entire effect range is on the order of 100 bp, which is much
smaller than the ~800 bp effect of the Zelda motif on the right of the heatmap.
(Right) We simulated the effects of mutating CAckle motifs, and found that repla-
cing the CA repeat with random nucleotides abolished the local dip and shoulder
effect, but had aminimal effect on the global counts.bPositive and negative effects
are a signatureof histonemodifications. (Left) Amodel trainedonChIP-seqdata for
H3K27Ac, a marker of enhancer activation, shows a similar negative and positive
pattern around a Zeldamotif. This is consistent with Zelda causing the nucleo-
somes in an enhancer to be depleted (hence the central dip) and neighboring
nucleosomes to be acetylated (hence the positive shoulder). Unlike the short-range
CAckle effect, the Zeldamotif drives acetylation in a 2 kb window. (Right) Per-
turbing many instances of the Zelda motif shows the same effect genome-wide:
Mutating the Zeldamotif decreases both the depth of the central dip and the
acetylation of flanking nucleosomes.
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signal in the profile contribution scores was markedly reduced,
revealing motifs such as Reb1 (Fig. 5a).

We then ran TF-MoDISco to discover motifs de novo using either
the contribution scores from the uncorrected model, the bias-only
model, or thebias-correctedmodel. The bias-onlymodel learnedmany
motifs related to the MNase sequence bias, most notably sequences
that transition from AT-rich to GC-rich regions, consistent with pre-
vious studies34,47 (Supplementary Fig. 6). The uncorrected model also
learned biologically relevant motifs, but it was difficult to distinguish
them from the many bias motifs it had also learned. In contrast, the
motifs discovered from the bias-corrected model were recognizably

biologically relevant and known to affect nucleosomes, including Abf1
and Reb1, polyA motifs, CG-rich sequences, and a CGCG
motif49,57–59 (Fig. 5b).

While these motifs were known, our model discovered and map-
ped these motifs genome-wide and helped provide insights into their
effect sizes and ranges 18,26,60. TheCGCGmotif has been characterized as
a recognition signal for Rsc3, a component of the RSC remodeler
complex61,62, but the frequency of such motifs in the genome is
unknown. polyA sequences resist DNA bending and are often found
between nucleosomes63–65, but the exact sequence nature and context
by which such sequences affect nucleosomes is not known. We

Fig. 4 | PISA reveals enzymatic biases. aTheChromBPNet bias correction strategy
effectively removes experimental bias. (Left) A model trained on ATAC-seq end-
points in accessible regions learns the effects of motifs (faint vertical bands), but
also learns enzymatic bias (strong diagonal band). (Center) A model trained on
closed regions of chromatin learns enzymatic bias, but not pioneering motifs.
(Right) The ChromBPNet architecture removes the patterns learned by the bias-
onlymodel and assigns importance only to the pioneeringmotifs. The tracks below
all PISA heatmaps show the read count contributions, which capture the total
accessible signal well, while the profile contributions more strongly capture the
experimental bias (Supplementary Fig. 5). b A base attribution total (BAT) plot
quantifies the strength of the bias. The first two models show a large spike in
contribution near the diagonal of the PISA heatmap, while the right plot shows no

suchcentral spike. cPISAenables bias-minimizedMNase-seqmodels. (left) Amodel
trained onMNase endpoints learns the enzymatic bias twice: Once on the 50 end of
the nucleosome-sized fragment and once again on the 30 end. By aligning and
subtracting the PISA values for each strand (see section synthetic bias calculation),
we construct a synthetic bias track that canbeused to correctMNase sequence bias
using the ChromBPNet architecture. Tracks below all PISA heatmaps show the
tracks for profile contributions, not count contributions, since the total readcounts
do not substantially change across regions when predicting nucleosome profiles.
dABATplot quantifies the effectiveness ofMNasebias removal. The large spikes of
importance at +80 and –80 are enzymatic bias, and these spikes are eliminated in
the bias-corrected model (right).
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therefore scanned the genome for motifs contributing to the nucleo-
some predictions and visualized their effects with PISA (Supplemen-
tary Fig. 10). As a control, we compared our discoveredmotifs to those
discovered by traditional motif scanning.

PISA squid plots showed a striking effect of Reb1 and Abf1motifs
(Fig. 5c, d). Both induce a strong oscillating positional signal of ~750 bp
(or 4-5 nucleosomes) emanating from the motif, usually extending in
both directions but sometimes leaning towards one side. We dis-
covered 656 Abf1 motifs and 760 Reb1 motifs, the majority of which
were discoverable with traditional motif scanning (Supplementary
Fig. 10). By contrast, the 1,543 Rsc3 (CGCG) and 12,791 polyA motifs
mapped by the model could not be identified by traditional motif
scanning without discovering a large number of false positive motifs
not associated with nucleosome positioning (Supplementary Fig. 10).
This suggests that the model learned finer-grained combinatorial
sequence context beyond individual motifs. Consistent with this, PISA
squid plots and PISA heatmaps showed that the positioning effects of
Rsc3 motifs (Fig. 5(f)), and especially those of polyA motifs (Fig. 5e),
were weaker, less localized andmore enigmatic than those ofReb1 and
Abf1 motifs (Supplementary Fig. 9). Since the weak Rsc3 and polyA
motifs were very abundant across the genome, their combined effect
neverthelessmade a substantial contribution to the nucleosome signal
(Supplementary Fig. 10).

To put these effects into context, we asked what pattern the
model would predict for the Widom 601 sequence, a ~150bp-long
sequence often used by in vitro experiments to position
nucleosomes66. To provide a neutral sequence context, we injected the
601 sequence into 50 random sequences, performed PISA on each

prediction, and averaged the results (Fig. 5g)67 and points to differ-
ences between in vitro and in vivo experiments.

In summary, our model interpretation revealed that motifs play a
major role in positioning nucleosomes across the genome, which is
surprising given that previous debates in the field havemostly focused
on the intrinsic effects of DNA sequence50,57,58,68–73.

Barrier elements limit the effects of nucleosome-
positioning motifs
PISA plots showed that a motif’s long-range nucleosome positioning
effect, particularly around promoters, often leans to the left or right
(Fig. 5d, Supplementary Video 1). We hypothesized that this is because
motifs do not function in isolation, but that their effect on nucleo-
somes is influenced by other nearby motifs or motif combinations.
Such sequences may correspond to domain boundaries seen inMicro-
Cdata74 since there is a close link betweennucleosomepositioning and
3D chromatin organization in yeast75.

If domain boundaries block the effect of nucleosome-positioning
motifs, we would expect to identify such barriers if we systematically
insert nucleosome-positioning motifs at various positions along a
genomic sequence (Fig. 6a).When the effect of themotif is attenuated
onone side,we canquantify the “lean effect” as the differencebetween
the effect on the left versus the right (Fig. 6a).

We tested this approach on a region around the RER2 gene
(Fig. 6c). This region was not part of the training set and contains two
Micro-C domain boundaries that overlap withmotifs mappedwith our
MNase-seq model. We systematically injected an Abf1 motif at every
base-pair position in this region and predicted the perturbation effect

Fig. 5 | The bias-corrected MNase-seq model discovers motifs de novo that
positions nucleosomes. a The model learns and corrects MNase data. The top
track shows the MNase-seq data as a fragment pileup, a common way of plotting
such data. Our models instead predict the endpoints of the fragments, providing
higher resolution data. For convenience, we present the model’s predictions as
midpoints. The model’s predictions match the experimental data well, and the
corrected data remove much of the high-frequency noise in the uncorrected data.
The importance of this correction is most visible in the contribution scores, which
are noisy and fuzzy in the uncorrected model but clearly show a Reb1 motif in the
correctedmodel. b Four motifs identified by our bias-correctedMNase-seqmodel.
c A PISA squid plot of the region in a. The central Reb1 motif shows a long-range
ringing effect. d A representative Abf1 motif shows a similar long-range ringing
effect. This particular motif instance shows a striking leaning effect, where the

motif drives nucleosome positioning mostly to its left. e The polyA motif is
more subtle than Reb1 or Abf1. It tends to be more distributed, as in this example
where a block of polyA has been annotated by TF-MoDISco, but several smaller
clusters of A also contribute to position nearby nucleosomes. f The Rsc3 motif
also creates a ringing effect. In this instance, it is coupled with several short T
repeats, which likely serve as a very degenerate polyA. g The widely-used Widom
601 sequence that strongly positions nucleosomes in vitro does not have a strong
effect in vivo, consistent with previous observation68. PISA was applied to 50
random genomic regions where the Widom 601 sequence was inserted and then
averaged. The average output prediction (601 inserted) is also shown to the right,
in comparison to those of the wild-type sequences. The effect is, on the whole,
very small. The complete analysis showing all plot types for all motifs is in Sup-
plementary Fig. 9.
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(wild-type – mutant). We indeed observed that inserting the motif
slightly to the left of the first barrier produced nucleosome perturba-
tions to the left of the motif, while inserting slightly to the right pro-
duced right-leaning effects (Fig. 6c). Moreover, when these
perturbation effects were visualized for every motif insertion position
(Fig. 6d), they resemble Micro-C interaction maps74 (Fig. 6b). This was
also true for Micro-C data obtained in vitro76, when we performed
similar perturbations on the GPA2-containing region (Supplementary
Fig. 11a).

We therefore systematically performed motif perturbations
across the genome using four different motifs and identified 4,498
barriers where the lean score consistently flips from left to right. The
majority of these barriers are positioned near Micro-C-derived
boundaries74, with more than half of them within <100 bp distance.
Like Micro-C boundaries, our barriers are also preferentially found at
promoters and are enriched for Abf1, Reb1, Rsc3 and polyA motifs
(Fig. 6e). Notably, our barriers contain these motifs at closer distances
(e.g. Abf1 is σ = 16bp versus σ = 34bp for the Micro-C boundaries). This
suggests that our method of identifying barriers revealed domain
boundaries at higher resolution than is currently possiblewithMicro-C
data (Supplementary Fig. 11d).

We conclude that barriers or domain boundaries are indeed
composed of nucleosome-positioning motifs. Unexpectedly though,
we found that the majority were either not near a mapped TF motif or
not near an experimentally determined ChIP-exo binding peak of Abf1,
Reb1 or Rsc3 (Supplementary Fig. 11f). Instead, barriers or micro-C
boundaries are often composed of multiple polyA motifs (Supple-
mentary Fig. 11f), which cannot be mapped experimentally since no
known yeast TF binds them.

To confirm the presence of short motifs, we analyzed the kmer
distribution around barriers or Micro-C boundaries (Fig. 6f, Supple-
mentary Fig. 11e). In addition to the CGCG kmer, AAAA kmers were
indeed enriched and showed a strand-specific pattern on each side.
These results suggest that combinations of polyA motifs can form
domain boundaries through a mechanism that is not understood.
Since polyAmotifs have poor information content and are difficult to
score in genomic sequences by traditional motif scanning methods,
these results highlight the power of deep learning models to capture
their effect on nucleosomes.

We conclude that our model trained on MNase-seq data has
learned intricate rules by whichmotifs position nucleosomes and that
motif combinations form barriers that resist the effect of motif
perturbations.

BPReveal allows the engineering of sequences with altered
nucleosome properties
With the advent of deep learning in genomics, there has been a push to
use model predictions to streamline the design of synthetic
sequences77,78. Having trained a bias-minimized nucleosome model
with the help of PISA, we tested whether the model was accurate
enough to design sequences with altered nucleosome configurations.
For this, we implemented a genetic algorithm (GA) in the BPReveal
package, which finds sequence mutations that maximize a desired
experimental outcome, defined and bounded by the user.

We used the well-characterized Pho5 promoter, which is bound
and induced by the TF Pho4 under phosphate starvation79,80 (Fig. 7).
Under repressed conditions (i.e., high phosphate), a low-affinity Pho4
motif is exposed, while a high-affinity Pho4 motif is covered by a
nucleosome81–83 (Fig. 7a). Since previous studies have analyzed the
consequences of mutating the two Pho4 motifs84, we decided to
manipulate the nucleosome configuration without perturbing the
motifs.

We used the GA to create a sequence design that minimizes the
nucleosome on the high-affinity Pho4 binding site with a maximum of
three mutations. We obtained a design where two of the mutations

introduce a newAbf1motif, which is predicted to create a nucleosome-
depleted region and expose the Pho4motif by shifting the nucleosome
to the right (arrow in Fig. 7a). A third mutation only slightly enhanced
the effect (Fig. 7b). By repeating the GA sequence search, we found
that the introduction of TF motifs was a frequent solution. Of the 409
different runs, 77 of them introduced a new Abf1 motif, and 122
introduced a Reb1 motif.

To validate this prediction, we created a yeast strain where we
introduced the threemutations via CRISPR/Cas9-mediated editing.We
then performed MNase-seq to map the nucleosomes in the wild-type
strain and the mutant strain (Fig. 7c). We found that the nucleosome
that covers the Pho4 binding site in wild-type is shifted to the right in
the mutant, thereby exposing the high-affinity Pho4 site, as we had
intended (Fig. 7c). We also performed MNase-seq on two other
designed mutants. One of these agreed with our predictions, showing
a shifted nucleosome to the left of the high-affinity site, whereas in the
other, the model mis-predicted a stable nucleosome at the same
position (Supplementary Fig. 12).

These experimental results demonstrate that our nucleosome
model allows the design of strains with altered nucleosome properties,
which represents an opportunity for simultaneously studying the role of
DNA sequence, nucleosome positioning, and gene regulation in the
future. Taken together, this highlights the use of PISA in creating syn-
thetic bias tracks for MNase-seq data, enabling bias-minimized nucleo-
some models for unprecedented interpretation and sequence designs.

Discussion
PISA is, at its core, a way to visualize how one stretch of DNA affects a
biological signal in its surrounding region. We are not the first to ask
this question, as classical genetic screens and statistics-based
approaches of analyzing genomics data have long provided useful
insights85. With the recent introduction of interpretable deep learning
techniques in genomics, we now have an opportunity to investigate
ever-finer positional details of the sequence-to-function relationships
that ultimately form the cis-regulatory code. PISA adds to the current
set of interpretation tools and has multiple distinct advantages.

PISA works on individual loci in a wild-type context. Traditional
statistics-based methods are good at identifying abstract patterns and
associations in genomic data, but applying these rules at individual
regions of interest has been very challenging. Since deep learning
models are trained to make accurate predictions for each region, they
inherently learn how to identify and combine multiple sequence ele-
ments to predict the experimental outcome in a given region. How-
ever, current attribution approaches do not fully capture subtle cis-
regulatory rules. PISA bridges this gap by providing a precise map by
which relevant sequence elements drive genomics readouts at single-
base resolution.

PISA plots are inherently visual and intuitive. We have used PISA
heatmaps and squid plots for four different experimental datasets
from three different organisms, and find the patterns to be consistent
across the genome and explainable by known mechanisms. For
example, in a model of TF binding in mESCs, PISA revealed a different
influence rangeof theOct4-Sox2 andNanogmotif, consistentwith their
distinct effects on chromatin accessibility36. We also discovered a
strong, localized footprinting effect on chromatin accessibility by aCA-
repeat motif, CAckle, which is obscured when using traditional attri-
butionmethods but known tobe functional in transcription studies14,41.
Finally, we observed a leaning motif effect of nucleosome-positioning
effects in PISA plots, which inspired our investigation into chromatin
domain boundaries.

PISA provides an avenue for discovering and extracting specific
patterns, such as experimental biases. Enzymatic biases in genomics
assays are typicallymixed inwith the biological signal, and thus hard to
distinguishwith traditional attributionmethods. In PISA heatmaps, the
contribution scores of local enzymatic biases are distinguishable as
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distinct diagonal bands. In the case of MNase-seq, we leverage this
property to create a synthetic bias track, which in turn can be used to
train a bias-minimized MNase-seq model.

The ability to train a bias-minimized MNase-seq model from
sequence alone and discover TF motifs that contribute to the
nucleosome organization is unprecedented. Using yeast data, we dis-
covered and visualized the long-range nucleosome positioning effects
of motifs, including polyA motifs that were previously difficult to
capture computationally or experimentally. We further showed that
these motifs function as barriers that correspond to domain bound-
aries in the 3D chromatin organization, and designed minimal muta-
tions that precisely reposition nucleosomes in vivo.

Our approach to identify barriers is complementary to thoseusing
Micro-C data, but has higher resolution and considerably lower
sequencing depth requirements for larger genomes. We expect this
approach to be applicable to more complex organisms, as long as the
MNase-seq data are of high quality and high coverage.

Taken together, BPReveal and PISA provide a useful method for
training a variety of experimental data and visualizing the intricate

rules of the cis-regulatory code across various species.
The approach is particularly useful for mapping and understanding
the sequence basis of nucleosome positioning, enabling us to
experimentally probe the role of nucleosomes in the cis-
regulatory code.

There are limitations of PISA that should be kept in mind. First,
PISA plots are only as good as the underlyingmodel, and thus careful
performance benchmarking is required before investing into inter-
pretation. Second, PISA reveals sequence rules that the model
learned, but not the proteins and regulatory mechanisms that create
these rules inside cells. For example, PISA revealed that the Zelda
motif not only drives chromatin accessibility but also the acetylation
on the flanking nucleosomes. Supported by previous data44–46, we can
guess that Zelda interacts with an acetyltransferase, but we cannot
rule out that the effect is mediated indirectly through the creation of
open chromatin. Third, we do not currently have a mathematical
approach to extract general rules from PISA data. For example,
PISA plots make it clear that our models have learned aspects of
cooperativity, but we lack a formalism that would allow us to

{ {

Fig. 6 | A model for nucleosome positioning learns chromatin organization.
a Process for identifying barrier elements. (left) After inserting a strong positioning
motif (purple pip), the changes in predicted nucleosome positions (pink line) from
the wild-type prediction (gray) are recorded. The difference is summarized below
as a heatstrip, showing that most effects are left of the insertion, resulting in a
positive lean value. (center) The motif is injected at every possible position in the
genome to record the lean effects. (right) Positions where lean values flip from
positive (cyan) to negative (navy) represent a barrier (pink). b Published Micro-C
data75 with identified boundaries (pink) for a region around the RER2 gene.
c Example insertions from the RER2 region. (top) The wild-type MNase-seq pre-
diction shows a wide nucleosome-depleted region between NTH2 and RER2, a
promoter region that contains mapped motifs. (bottom) Insertion of an Abf1motif
at three positions (purple ticks) leads to dramatically different effects as seen on
the heatstrips. The effect is left-leaning at position 241,460, overall weak at 241,520,

and right-leaning at 241,580. This suggests that sequence elements near 241,520
limit the effect ofmotif insertions.d (top)When themotif is systematically injected
at every position in the RER2 region, the resulting heat map resembles the Micro-C
contacts shown in b. (bottom) Lean effects for every motif insertion show positive
values (cyan) for left-leaning and negative values (navy) for right-leaning effects. At
a barrier (pink), the lean values flip from positive to negative. eMotif enrichments
at all identified barriers in the yeast genome show that the Abf1 and Reb1motifs are
strongly enriched within 20 bp of the barrier positions. The polyAmotif is similarly
enriched, but over a broader window of 30 bp, likely because polyA has an asym-
metric effect, andmotif direction was not considered in this plot. f Short sequence
elements enriched around barriers include CGCG, as well as AAAA, here seen with its
characteristic asymmetric distribution mirrored by the opposite pattern for TTTT.
TATA, which can be a core promoter element, shows a slight underenrichment near
the identified barriers.
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directly extract the relationships between motifs. Such gaps in
knowledge are an opportunity for additional innovations, with the
long-term goal of linking sequence rules and mechanisms in a
coherent framework.

Methods
Data
ChIP-nexus. A BPReveal model was trained on Oct4, Sox2, Klf4, and
NanogChIP-nexus experiments inmouseR1mESC lines using the same
processed bigwig tracks and peak coordinates as in the original study
(GSE13719386,87). To the extent possible, we maintained the same
model parameters as used previously.

ATAC-seq. A ChromBPNet-stylemodel15 was trainedonATAC-seq data
from 2-3h Drosophila melanogaster embryos using the BPReveal fra-
mework. The same processed bigwig files, peak coordinates, and
model parameters were used for training (GSE21885216).

PublishedMNase-seq data. We used a publishedMNase-seq data set,
specifically thewild-type experiments SRR12073988 and SRR12073989
from GSE15303551. Data were downloaded using sratoolkit version
3.2.088. Paired-end reads were aligned against the sacCer3 genome
using bowtie2 –very-sensitive -X 100089 (Bowtie2 version 2.5.1).
Aligned fragments that spanned more than 1 kb were eliminated, but
no other size selection was performed. For all paired reads, we created
coverage tracks of the 30 endpoints, 50 endpoints, and fragment mid-
points. (30 and 50 in this context are with respect to the genome;
therefore all fragments are effectively treated as being on the positive
strand.) The code used for this processing is included in the code
repository for this paper at https://github.com/zeitlingerlab/bpreveal-
manuscript.

For theperformance comparison againstRouthier et al.26, we used
the tracks in the GitHub repository for that paper.

Micro-C data. We used the Micro-C data from Hsieh et al.74, with GEO
accessionGSE68016. Specifically, weused thewild-type replicateswith
accession numbers GSM1661107 to GSM1661126. Data were aligned to
the sacCer3 genome using bowtie2 -U –very-sensitive-local,
and reads were selected for plotting using custom scripts, which
are available in the code repository for this manuscript. Briefly, all
paired reads entirely contained in the display window were used to
build the contact map, and each pixel in the contact map represents
50 bases.

To compare our identified barriers to those identified withMicro-
C, we used the set of boundaries published previously74.

Histone modification ChIP. We used published H3K27ac ChIP-seq
data from refs. 16, specifically from the GSM6757761, GSM6757762,
GSM6757763, andGSM6757764datasets.Weused the samepipeline to
call peaks and process bigwig files.

Custom yeast mutants. The S. cerevisiae strain BY4741, a derivative of
S288C with the genotype MATa his3Δ1 leu2Δ0 met15Δ0 ura3Δ0, was
used. A single isolate was whole-genome sequenced before strain
construction. The three-point mutations were introduced using
CRISPR/Cas9-based genome editing as described previously90. A 20 bp
gRNA close to themutation site was designed with BsaI overhangs and
ordered as oligonucleotides. The gRNA-encoding oligonucleotides
were annealed and cloned into the pCASB plasmid (Addgene 190175)
using BsaIHF-v2 enzyme and T4 DNA ligase. The cloning reaction was
transformed into E. coli and plated on Kanamycin selection plates. The
plasmids were then isolated and verified by Sanger sequencing. A 160
bp homology-directed repair (HDR) template was designed to contain
the desiredmutant sequence, synthesized byGenescript and amplified
by PCR. Yeast cells were then co-transformed with the cloned plasmid
encoding Cas9 and gRNA, along with the HDR template. Transfor-
mants containing pCASB were selected on G418-containing media.
Colonies were streaked twice, and isolates were screened for loss of
the gRNAplasmid via replica plating toG418. For each isolate, genomic
DNA was extracted, and the region of interest was amplified by PCR,
purified, and verified by Sanger sequencing. DNA sequences for the
gRNA and HDR templates are included in Supplementary Data 1.

MNase-seq experiments. MNase-seq experiments were performed
essentially as described previously91 in replicates. Yeast cultures were
grown at 30 ∘C in YPD to OD600 0.81 and crosslinked with 1% for-
maldehyde for 15 minutes at room temperature. 125 mM Glycine was
added to quench the reaction. Cell pellets were resuspended in
spheroplasting buffer (1M Sorbitol, 5 mM β-mercaptoethanol, 50mM
Tris pH 7.5, 2 mg/ml zymolyase (AMS Bio cat no: 120493-1); 1 mL of
buffer per 20 mL of cell culture) and incubated for 15 min. at room
temperature. The derived spheroplasts were treated with 100U

Fig. 7 | BPReveal’s genetic algorithm (GA) generates sequence designs for
nucleosomes that canbe experimentally validated. aTheGA feature in BPReveal
was directed to reduce nucleosome occupancy in the blue region centered on the
high-affinity Pho4motif with three mutations. It returned mutations that induce a
predicted shift of the nucleosome to the right side (indicated with an arrow). b The
mutations introduced a new Abf1motif (orange diamonds) about 20 bp away from
the Pho4motif, as visualized by the contribution scores obtained with DeepSHAP.
An additional mutation (black hourglass) has only a small effect. c Experimental
validation of this sequence design was performed by CRISPR/Cas9-mediated edit-
ing of the endogenous yeast PHO5 locus and performing MNase-seq on the wild-
type and mutant strain (shown smoothed as there is no bias correction). This
confirmed that the nucleosome is shifted from the Pho4motif, while leaving the
rest of the nucleosome landscape largely unperturbed.
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MNase (NEB cat no: M0247S) for 30–40 min at 37 ∘C. The reactions
were stopped by the addition of EDTA pH 8.0 (50 mM final conc.),
and EGTA pH 8.0 (50 mM final conc.). Samples were then incubated
with RNase A (Thermo Scientific, EN0531, final conc. 0.2 mg/ml) at 42
∘C for 30 min to digest RNA. The crosslinks were reversed by adding
SDS and proteinase K (Invitrogen cat no: 25530049, 1mg/ml final
concentration) and incubation at 65 ∘C for 45min. DNAwas extracted
using theMonarch PCR &DNA cleanup kit. Samples were resolved on
1% agarose gel to evaluate the digestion. Mononucleosome-sized
bands were extracted, and libraries were constructed from 10ng
purified DNA using the Watchmaker DNA Library Prep kit (cat no.
7K0102-096) from Watchmaker Genomics according to the manu-
facturer’s instructions. Paired-end sequencing was performed on
AVITI (2x 75bp cycles). The data processing was identical to that used
for the published MNase-seq samples. Reproducibility metrics
showed good agreement between the profiles for all of the different
strains (Supplementary Table 5).

BPReveal implementation
The BPReveal package is a suite of tools for flexible training and
interpretation of BPNet-derived sequence-to-profile models3,9,15. The
code base is licensed under the GNU General Public License (Version 2
or later) and is available at https://github.com/mmtrebuchet/bpreveal.
The architecture is shown in Supplementary Fig. 2. The input is a one-
hot encoded DNA sequence, with typical input lengths around 3,000
bp. The models consist of an initial convolutional layer, followed by a
stack of dilated convolutions that exponentially increase in receptive
field. There are two outputs for each dataset: (1) the “profile” output is
a vector representing the log-probability (i.e., logits) of finding a read
at each position in the output window; (2) the “counts” output is a
scalar representing the natural logarithm of the total number of reads
observed in that window. For brevity, the two outputs are referred to
as one “head” per dataset. The model can be trained as a multi-task
model on several experiment types simultaneously, including but not
limited to ChIP-seq, ATAC-seq, MNase-seq, and PRO-cap data.

BPReveal includes two significant expansions from the original
BPNet architecture that were first implemented in ChromBPNet15 and
ProCapNet9. First, instead of giving convolutional filters beyond the
input window zeros, as is often done in image processing, the input
length is increased to provide a DNA sequence for the entire receptive
field 15. Second, multiple strands from one experiment can be com-
bined into one output. The log-counts output then combines the total
reads from both strands, and the profile logits have the shape (out-
put-length, num-strands). This benefits the training of data such
as PRO-cap, where reads are often primarily on one strand9.

The loss is the same as it was in the original BPNet:

losshead = λhead lnðnobs
headÞ � lnðnpred

headÞ
� �2

� γhead ln Pmultð~k
obs

headj~ppred
headÞ

� � ð1Þ

and

loss =
X

head2heads
losshead, ð2Þ

where γhead and λhead are (user-assigned) weights to the profile and
counts components of the loss for each head, ln Pmultð~kj~pÞ is the log-
likelihood of observing the outcome~k (i.e., the observed experimental
reads) given the probability distribution ~p (i.e., the predicted logits
from the model), and n is the total number of reads observed (or
predicted) over an entire region.

Wehave designedBPReveal to beperformant evenoncommodity
hardware. The rapid turnaround time on training and interpreting

enables exploration and tuning that are not practical for large models
that take days to train (Supplementary Table 6). BPReveal is built using
bedtools v2.31.192, cpython 3.12.11, gcc 15.1.0, h5py 3.14.0, Keras 3.11.393,
Modisco 2.4.031, numpy 2.0.194, pybedtools 0.12.095, pybigwig 0.3.2496,
pysam v0.23.397, scipy 1.16.298, TensorFlow 2.20.099, tf-keras 2.20.1,
memesuite 5.5.885, and samtools 1.20100.

Bias regression
BPReveal includes a tool based on ChromBPNet15 to remove experi-
mental biases from genomics data. The technique used in ChromBP-
Net was based on the assumption that

Pbias, i*Pbiology, i =Pexperiment, i, ð3Þ

where Pbias,i represents the probability density at base i due only to
experimental biases, Pbiology,i represents the probability density of the
true biological profile at base i, and Pexperiment,i is the probability
density thatwould bemeasured by an experiment. Since BPReveal and
ChromBPNet models both use logits to represent the output profiles,
this becomes

lnðPbias, iÞ+ lnðPbiology, iÞ= lnðPexperiment, iÞ ð4Þ

in the implementation.
BPReveal implements this strategy using two BPNet-like models:

One submodel, called the solomodel, is pre-trained to predict just the
experimental bias, and its weights are frozen during the training of the
second submodel. The other submodel, called the residual model, has
its output logits added to the output logits of the frozen bias model.
These combined logits are then used in the standard loss function,
Eq. (2).

A feature introduced byBPReveal is that the bias is transformed to
better match the experimental data before its weights are frozen:

fðlnðPbias, iÞÞ+ lnðPbiology, iÞ= lnðPexperiment, iÞ, ð5Þ

where f is a simple function applied to all of the outputs from the bias
model. For all of the models used in this paper, we used the function
f(x) = w1*sigmoid(w2 x + w3) + w4. ChromBPNet, by comparison, does
not transform the logits from the bias model, and applies a pre-
computed scaling factor to the counts output. (We find that this
nonlinear transformation does not offer a significant improvement
over ChromBPNet for ATAC-seq data.) The full architecture is shown in
Supplementary Fig. 2. BPReveal also includes features for motif
scanning based on the original BPNet algorithm3.

PISA
The calculationof PISA valuesPi!j for a particular genomiccoordinate
j is implemented inBPReveal in the followingway. An input sequence is
selected such that the prediction for base j will occur in the output of
the model’s predicted profile. DeepSHAP is then used to partition the
logit at position j among each input base i that is in the receptive field
of base j. The references used forDeepSHAP aregeneratedby shuffling
the input sequence; an option is provided to perform kmer-preserving
shuffles using the ushuffle algorithm101. Pseudocode for the PISA
algorithm is presented in Box 1.

Synthetic bias calculation
The ChromBPNet approach to removing experimental bias has a key
limitation: it requires a model that has been trained to predict only
bias. This is not straightforward for MNase-seq data. Therefore, a
synthetic bias track for MNase-seq is derived using PISA in the
following way.

Consider an ideal dataset giving the exact positions of nucleo-
somes by their 50 and 30 end points, with no experimental bias. These
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data could be used to train a two-strand model I; this model would
have outputs I5

0
and I3

0
. Consider a nucleosome that spans frombase j5

0

to j3
0
. If a base i contributes to this nucleosome’s position, then

PðI50 Þi!j5
0 =PðI30 Þi!j3

0 ð6Þ

wherePðI50 Þi!j5
0 represents the PISA contribution identified by I5

0
from

the base at position i (the x-axis in a PISA heatmap) onto the readout at
position j5

0
(the y-axis in the PISA heatmap). Because base i’s role to

causing the 50 endpoint to occur at base j5
0
is the same as its role in

causing the 30 endpoint to occur at base j3
0
, these two contributions

will be equal. (This assumption is not strictly true in the caseof a partial
nucleosome, where a base might not alter the position of a
nucleosome dyad but would cause only one observed endpoint to
shift. We have found that isolating regions with uniform nucleosome
size does not affect bias model performance. (Supplementary Fig. 7)).

Now consider the case of real MNase-seq data that has been used
to train model M. In this case, the experimental readout is not just
based on the nucleosome positions (which would have been cap-
tured by the ideal model I), but also on the enzyme’s sequence bias
that determines the observed endpoints. We refer to a model that
captures this enzymatic bias as B. By Eq. (5), we have f(PB,j)*PI,j = PM,j

for each base j. PðM50 Þi!j5
0 still includes base i’s role in causing a

nucleosome to have its 50 endpoint at base j5
0
, but it also captures the

role of base i in whether or not theMNase enzyme would stop at base
j5

0
due to bias. This introduces an asymmetry: by the nature of the

MNase enzymatic bias, however, base iwill only have an effect on the
enzyme’s bias at j5

0
if i is close to j5

0
. However, j5

0
must be about 150

bp away from j3
0
(since they represent opposite ends of the same

nucleosome), and therefore if i � j5
0
then PðM30 Þi!j3

0 will be due to
base i’s effect on nucleosome positioning and will have a minimal
contribution from bias.

Therefore, for a base i close to j5
0
:

PðM50 Þi!j5
0 =PðI50 Þi!j5

0 +PðB50 Þi!j5
0

PðM30 Þi!j3
0 =PðI30 Þi!j3

0 +0
ð7Þ

The use of addition here is justified by two points: First, as established
by ChromBPNet15, attribution scores show that addition of logits leads

to residual models (i.e., the models without bias) with no contribution
frombiasmotifs.We show that PISA plots of ourMNase residualmodel
show insignificant bias-like density along the diagonal and that our
synthetic bias model has density only along the diagonal. Second,
since PISA values are (approximate) Shapley values, an effect that is
due to a linear combination of two processes will yield Shapley values
that are a linear combination of the two corresponding causes: for two
models I and B,

PðI +BÞi!j =PðIÞi!j +PðBÞi!j , ð8Þ

where I and B are the ideal and bias models, respectively. (and
I + f(B) = M by Eq. (5))

By Eqs. (6) and (7), if i � j5
0
then

PðM50 Þi!j5
0 �PðM30 Þi!j3

0 =PðB50 Þi!j5
0 , ð9Þ

and if i � j3
0
then

PðM30 Þi!j3
0 �PðM50 Þi!j5

0 =PðB30 Þi!j3
0 , ð10Þ

which allows us to calculate PðBÞ from model M, which was
trained only on the experimental MNase-seq.

In order to calculate the bias at position j5
0
wemust knowwhere j3

0

is. We would expect that the offset Δ between the two end points
would be on the order of 150 bp (the length of DNA in a nucleosome).
We determine the precise value of Δ by comparing thematch between
PðM50 Þi!j and PðM30 Þi!ðj +ΔÞ for a range of Δ values. Since the con-
tribution of the bias model should be limited to regions where i ≈ j, we
exclude a 60bpwindowaround the predicted outputs. In otherwords,
we align the PISA heatmaps of the two strands of modelM so that they
match, except for the places where enzymatic bias is strong. We
determined anoptimaloffset of 179bpusing thismethod, very close to
the average fragment length in our MNase dataset. We find that the
precise value of this offset is flexible, with good results for any value
between 174 and 184 bp (Supplementary Fig. 13).

By the efficiency property of Shapley values, we can use the bias
PISA values to reconstruct a bias profile track:

X
i2input

PðB50 Þi!j5
0 =B50

j5
0 � B50

ref, j5
0 ð11Þ

where B50

j5
0 is the enzymatic bias on the 50 end of reads starting at base

j5
0
, B50

ref, j5
0 is the output of the model on shuffled copies of that same

sequence, and input contains all bases that are in the receptive field of
the model when it makes a prediction at base j5

0
. The average enzy-

matic bias onmany random sequences (B50
ref ) will be uniform, and since

B50 predicts logit values, a constant offset has no effect on the profile.
(Eq. 11 is formulated in terms of the 50 bias, but the samealgorithm also
applies to the30 case.)Therefore, by summing the rowsof the synthetic
bias PISA heatmap, we can derive a profile of MNase bias.

The essential process of shifting and subtracting is given in Box 2.
To get a genome-wide profile of MNase bias, we performed

genome-wide PISA. In S. cerevisiae, this takes a fewdays on threeNvidia
A100 GPUs. For a significantly larger genome, performing PISA on the
entire genome is impractical. But since we train a model on the syn-
thetic bias track, it is only necessary to produce enough synthetic bias
data to train a model, and then that model can predict the bias
genome-wide. In yeast, we have found that a high-quality bias model
can be trained on as few as 1500 regions (Supplementary Fig. 7).

With this synthetic bias track in hand, a model can be trained on
pure bias, which is then used to train a residual model à la ChromBP-
Net, thus learning the underlying biology that mixes with the bias to
give rise to the experimental output.

BOX 1

Algorithm 1: PISA pseudocode

In this pseudocode, i and j refer to genomic coordinates, and so
shapVals[0] refers toPð j�bufÞ!j. For ease of calculation, we choose

input sequences such that base j is at the leftmost output of the
model. The value of the resulting array P holds, at position (i,j), the
value of Pi!j.

buf = (inputLength - outputLength) // 2

sequence = genome.fetch(

j - buf,

j + outputLength + buf)

target = model.outputs[headID][0, strandID]

explainer = shap.DeepExplainer(

(model.input, target),

ushuffle.shuffleOneHot)

shapVals = explainer.shap_values(sequence)

for i in range(j - buf, j + buf):

P[i + j, j] = sum(shapVals[i - j + buf])
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Lean values and barrier identification
To identify barriers froma trainedMNase-seqmodel,we systematically
insert a nucleosome-positioning motif at every position k across the
genome (or across regions of interest). For each motif insertion, we
then calculate the lean value Lk, which records whether the insertion at
position k tends to perturb nucleosomepositionsmore to the left or to
the right. Barriers are the positions kwhere the lean values Lk transition
from positive to negative.

For robustness, we performed the procedure with four different
nucleosome-positioningmotifs: Abf1 (ATCATTGTGCACGG),Rsc3 (CGCG),
Reb1 (GCCGGGTAAC), and polyA (AAAAAAA).

To obtain lean values L for each position k, themotif is inserted in
the center of the output window of length N (the prediction window is
shifted for each motif position k). We then calculate the mutation
effect Δk

i at each position i of the output window:

Δk
i = jWTPredi �MutPredk

i j ð12Þ

where WTPred and MutPredk are the predicted MNase profiles (mid-
points, not 30 or 50 end points) for the wild-type sequence and the
mutated sequence with the motif insertion at position k. WTPred,
MutPredk and Δk are vectors of length N.

Thenwe calculate the sumof the differences on the left side (Ek
left)

and right side (Ek
right) of the injectedmotif atposition k. Both are scalars

with reads as units:

Ek
left =

Xk�10

i =0

Δk
i ð13Þ

Ek
right =

XN
i= k + 10

Δk
i ð14Þ

The lean value Lk (also a scalar) is then defined by:

Lk =Ek
left � Ek

right ð15Þ

Lk is positive when the effect is primarily to the left of the injected
motif andnegativewhen the effect is to the right. After performing this
calculation genome-wide, we have a value of L at each position in the
genome (except for chromosome edges).

To identify barriers in the lean values, we applied two orthogonal
methods to detect transitions from positive to negative lean values.
The first method is based on counting positive and negative lean
values. For a position k, if the lean values to the left of k aremostly left
leaning and the lean values to the right of k are mostly right leaning,
then position k represents a point where a motif’s influence flips from
one domain to another:

signðxÞ=
1 x >0

0 x =0

�1 x <0

8><
>:

ð16Þ

Sk
count =

Xk
i= k�500

signðLiÞ �
Xk + 500
i= k

signðLiÞ ð17Þ

When Scount is maximal, the lean values flip from mostly positive to
mostly negative, thus representing a candidate barrier.

Our second metric for identifying barriers, Sderiv, is based on the
derivative of the lean values.When the derivative is large and negative,
the lean values are rapidly switching from left to right, potentially
representing a barrier. To avoid tracking the nucleosome-scale oscil-
lation observed in lean values, we added B as a filter:

Sk
deriv = � d

dk
BðLÞk ð18Þ

where B represents a 10th-order bidirectional Butterworth lowpass
filter with a critical frequency of 1/200. When Sderiv is maximal, the
lean values are rapidly decreasing, pointing to a candidate barrier.

To identify themaxima in the two score tracks Scount and Sderiv, we
applied scipy.signal.find_peaks. The height parameter was set
to either the 90th percentile (derivative) or 70th percentile (counting)
of the corresponding scores, the distancebetween peakswas at least
200 bp, and the prominence was set to twice the height.

To derive reproducible boundary elements from these candidate
barriers, we combined those from both scores, Scount and Sderiv, for
each of the four inserted nucleosome positioning motifs. Boundary
elements were called if they scored in at least seven out of the eight
tests. The lean value tracks, along with the called barrier elements, are
available in the insulators directory of the data deposited with
this paper.

To calculate the enrichment of kmers around barriers, we iden-
tified allmatches to the kmer ormotif within 200bpof all barriers, and
then mean normalized the resulting histogram. To determine the
spread of the distribution, we used scipy.optimize.curve_fit to

BOX 2

Algorithm 2: MNase bias
extraction

In this pseudocode, P3 and P5 are the PISA heatmaps for the 30 and 50

endpoints. strand specifies which head the bias is to be calculated
for. A full implementation canbe found inextractBiasBigwigs.py

in the repository for this paper.

def getBias(P3, P5, strand):

# P3 and P5 are the PISA heatmaps for the 3'

# and 5' endpoints. Strand specifies which

# head the bias is to be calculated for.

# Move the 5' PISA heatmap to the left to

# align with the 3' heatmap, or vice versa.

if strand == "3'":

P5Shift = shiftLeft(P5, 179)

difference = P3 - P5Shift

if strand == "5'":

P3Shift = shiftRight(P3, 179)

difference = P5 - P3Shift

# The bias will come from near the diagonal,

# so zero PISA values more than 13 bp from

# the diagonal as we know they are not from

# bias.

maxJ, maxI = difference.shape

for i in range(maxI):

for j in range(maxJ):

if abs(i - j) > 13:

difference[j,i] = 0

# Use the efficiency property of Shapley

# values to generate a bias track.

biasLogits = sumRows(difference)

bias = softmax(biasLogits)

# Bias has shape (maxJ,)

return bias
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match a Gaussian function with a constant offset:

ρðxÞ=α* e
�ðx�μÞ2

2σ2ffiffiffiffiffiffiffiffiffiffiffi
2πσ2

p +β ð19Þ

where ρ(x) represents the frequency of occurrence of a particular
motif or kmer at a distancex fromabarrier.μ is the locationof the peak
relative to the barrier, σ is the standard deviation of the Gaussian
function, α is an arbitrary scaling constant, and β is a constant offset to
match the genomic background content of the motif or kmer.

Genetic algorithm
To design novel sequences with a desired profile, we implemented a
genetic algorithm (GA). This GA designs small sets of mutations that
can be applied to an initial sequence in order to maximize a user-
definedproperty of the prediction. Insteadof operating directly on the
sequence, our GA is given a pool of possible mutations (usually, every
substitution, insertion, or deletion, with exceptions to prevent
important sequence features from being altered). The optimization
procedure then selects a subset (of user-defined size) of the possible
mutations that maximize the fitness function. In this way, the algo-
rithm can explore a wide array of possiblemutations, including indels,
but the edit distance from theWT sequence is limited to the size of the
set of mutations. To design the mutation presented in Fig. 6, we
allowed for three mutations and our fitness function minimized the
nucleosome density in a window spanning chrII:431150-431250. Since
we expected to test our mutations in vivo by using CRISPR/Cas9-
mediated editing,we ran theGAonce for everypossible PAMsite in the
region, allowing mutations up to 50 bp downstream of the PAM site.
Wedisallowedmutations inside the Pho5genebody, on the Fkh2motif,
or on either of the Pho4motifs. Of the 51 runs (one for each PAM site),
we manually selected a design that was predicted to remove the
nucleosome on the high-affinity Pho4 motif while leaving the other
nucleosomes undisturbed.

Sequence-based motif scanning
To identify motifs purely from sequence, we used Fimo102 fromMEME
suite version 5.5.885, using the JASPAR databases appropriate for each
organism (2022 vertebrates for mouse, 2020 insects for fly, and 2024
fungi for yeast)103. For regex-based scanning, we simply searched for
instances of the motif in the genome sequence. All relevant code is
included in the repository for this paper.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All analysis code, predicted tracks, models, configuration files,
importance score tracks, and motifs have been deposited in Zenodo
under accession code 20318019 104 and the Stowers Original Data
Repository[https://www.stowers.org/research/publications/libpb-
2546]. Additionally, all training data, raw model predictions, raw PISA
values, and raw importance scores used in this study have been
deposited in the Stowers Original Data Repository[https://www.
stowers.org/research/publications/libpb-2546]. The sequencing data
for the Pho5 site mutations generated in this study have been depos-
ited in theNCBI SRAunder accessionGSE313524. Thedata used to train
the OSKN model are available on the NCBI SRA under accession
GSE137193. Thedata used to train the accessibilitymodel andH3K27Ac
model are available on the NCBI SRA under accession GSE218852. The
data used to train the MNase model are available on the NCBI SRA
under accession GSE153035. The Micro-C data used to illustrate
boundaries are available on the NCBI SRA under accession
GSE68016. The in vitroMicro-C data used to illustrate boundaries near

ISC1 and GPA2 are available on the NCBI SRA under
accession GSE220647.

Code availability
The BPReveal package has been uploaded to GitHub at https://github.
com/mmtrebuchet/bpreveal under the GPL license (version 2 or later).
The specific version used for this publication is archived on Zenodo
under accession code 20384413105. All source code used for the ana-
lysis and modeling in this study is available at https://github.com/
zeitlingerlab/bpreveal-manuscript under the GPL license (version 2 or
later). This code has also been archived on Zenodo under accession
code 20384039106.

Users are permitted to reuse, modify, and distribute the code in
accordance with the terms of the GPL (version 2 or later).
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