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SUMMARY

Nucleosomes are the basic repeating unit, each spanning ≈150bp, that structures DNA in the nucleus and 

their positions have major consequences on gene activity. Here, through analyzing DNA signatures across 

1117 microeukaryote genomes, we discovered ≈150bp shifts in A/T content associated with nucleosome 

organization. Often consecutively arrayed across the genome, A/T peaks were enriched surrounding tran

scriptional start sites in specific clades. Most nucleosomes (both in vitro and in vivo) across eukaryotes 

aligned with A/T peaks, even in the presence of DNA modifications. Using artificial intelligence-based ap

proaches, we describe DNA features associated with nucleosomes and construct a deep learning (DL) model 

for improved nucleosome occupancy prediction. Using this model, we found that ≈70% of ‘‘random’’ transfer 

DNA inserts from an in vivo fungal RB-TDNAseq library avoided DL predicted nucleosome-bound regions. 

This study reveals a eukaryote-wide strategy for generating cassettes of nucleosome-favorable DNAs that 

has a profound impact on nucleosome organization.

INTRODUCTION

Having evolved prior to the divergence of Eukaryota and 

Archaea,1 nucleosomes are a key defining feature present 

across nearly all eukaryotes. They are the most fundamental 

packaging unit of DNA within the nucleus and are extremely 

conserved. Almost universally, nucleosomes wrap ≈150 bp of 

DNA around an octamer of highly conserved histone proteins 

which are then connected through a variable amount (4-80bp) 

of linker DNA.2–4 Since these complexes package DNA, precise 

control over their positioning is critical to properly phase nucleo

somes, provide transcription factors access to their binding 

sites, and regulate gene expression.5,6 Therefore, learning the 

rules that govern this complex regulatory system will be crucial 

for improving our broader understanding of eukaryotic chro

matin, as well as for the development of more advanced capabil

ities to manipulate it.

Beyond their impact on chromatin structure and gene expres

sion, nucleosomes also serve to protect DNA within the nucleus. 

Being physically more difficult to access, some transposons and 

foreign elements struggle to integrate into nucleosome-bound 

(closed) regions of the genome.7,8 Indeed, this characteristic of 

nucleosomes has led to the innovation of new techniques for 

mapping open chromatin, such as ATAC-seq,9 but also has 

downsides for our own genetic engineering efforts, for example, 

impeding Cas9 access to DNA for CRISPR-based gene edit

ing.10 Beyond the binding of DNA within a single nucleosome, 

nucleosomes can further interact with each other to form com

plex, 3D structures that may further bury sequences.11 The final 

structure of chromatin within any given cell is orchestrated 
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through a complex interplay of machinery acting at multiple 

layers, including the presence of DNA binding proteins, positions 

of epigenetic modifications (both upon histones and DNA), and 

regulation by chromatin remodelers.11

While the interplay between these layers is poorly understood, 

we know that each of them plays a crucial regulatory role. For 

example, through physically occupying space, non-histone DNA 

binding proteins can prohibit nucleosome formation and play a 

critical role in local structure.6,12,13 Epigenetic modifications can 

also have important consequences on both chromatin structure 

and gene expression. For example, a variety of histone modifica

tions have been characterized that impact nucleosome organiza

tion, alter the physical properties of nucleosomes, et cetera.6

Meanwhile, DNA modifications such as 5-methylcytosine (5mC) 

reduce DNA flexibility, increasing occupancy and decreasing 

expression.14,15 In contrast to 5mC, 6-methyladenine (6mA) DNA 

modifications have been shown in fungi, ciliates, and green algae 

to be enriched in linker DNA, where it is proposed that they 

decrease nucleosome ‘‘fuzziness,’’16–19 helping to lock them 

more strongly in place. Poor positioning or ‘‘fuzziness’’ occurs 

when a nucleosome is observed occupying a range of nearby po

sitions as opposed to a single defined point.5 Eukaryotes also 

deploy chromatin remodeling complexes,20,21 which can serve 

multiple roles including: sliding nucleosomes, distorting histone 

octamers to drive chromatin compaction, and regulating higher or

der chromatin structure.3,22 With all these components interacting 

simultaneously, it is no surprise that nucleosome positions are dy

namic and can differ, even between nuclei of the same tissue 

type.23,24 However, nucleosomes are also frequently observed to 

occupy the same position across a population of nuclei,5,24,25 indi

cating that fixed nucleosome positions are both possible and crit

ical for gene regulation.

As the substrate which physically interacts with histones to 

form nucleosomes, one might hypothesize that DNA itself could 

play an important role, either by directly specifying desirable 

locations for static nucleosome positioning or by altering the 

local consequences of regulation by any of the machinery 

described above. As DNA must sharply bend and twist 

in ∼11bp increments to wrap around histones—requiring a sub

stantial amount of bending energy6,26—it is possible that certain 

DNA sequences might be more favorable for histone binding 

than others. Supporting this hypothesis, in addition to the gen

eral observation that DNA binding proteins frequently depend 

on local structure (shape) and cyclizability (bendability) of 

DNA,27–30 several studies have described an intrinsic ‘‘DNA 

code’’ for nucleosome organization in a variety of model organ

isms.31–33 This work largely described patterns such as oscilla

tions in dinucleotide frequencies,32,34–37 DNA flexibility38,39 and 

presence of nucleosome ‘‘repelling’’ genomic elements.40,41

For example, in Baker’s yeast (Saccharomyces cerevisiae), 

high frequency (∼11bp) shifts in AA/TT/TA dinucleotides were 

reported to be highly associated with nucleosome positions,32,33

while in fission yeast (Schizosaccharomyces pombe), chemical 

maps revealed an additional pattern of increased A/T content 

surrounding nucleosome center (dyad) positions.4 Many other 

analyses took a ‘‘bottom up’’ approach, trying to find or 

construct optimal nucleosome positioning sequences using bio

physical methods.42,43 Possibly in conjunction with other DNA 

binding proteins and transcription machinery,41 these DNA pat

terns have often been reported to result in ‘‘statistically posi

tioned’’ nucleosomes, wherein nucleosomes are forced into a 

particular organization due to unfavorable flanking DNA 

patterns.44,45

While this work clearly demonstrates that histones can have 

preferences for certain DNA sequences, the broader signifi

cance of nucleosome positioning DNA patterns in vivo has 

been contentious, as many patterns were either not detected 

or poorly overlapped with in vivo nucleosomes in other model eu

karyotes.46,47 Furthermore, the way in which these data were 

analyzed could potentially lead to different interpretations, lead

ing to confusion as to whether DNA plays any meaningful role in 

nucleosome organization at all.48,49 Unfortunately, despite only 

analyzing a handful of model eukaryotes, we are not aware of 

any studies that systematically explore either i) the broader dis

tribution of these DNA patterns across taxa or ii) survey non- 

model organisms for new DNA patterns that have a stronger or 

more consistent impact on nucleosome placement.

To more comprehensively explore this, we conducted a survey 

across 1117 eukaryotes, analyzing nucleotide patterns at the as

sembly level as well as surrounding 14 genomic features. We 

discovered abundant ∼150bp (roughly nucleosome-sized) shifts 

in A/T content in most eukaryotic genomes, the majority of which 

were arrayed consecutively in the genome, referred to here as 

Consecutive A/T Peaks (CAPs). Phylogenetically clustered 

across Eukaryota, CAPs were enriched surrounding specific 

genomic features, particularly transcriptional start sites and cod

ing sequence start sites. Through both in vitro and in vivo assays, 

we confirm that these DNA signatures are related to nucleosome 

occupancy, revealing a eukaryote-wide strategy for generating 

cassettes of nucleosome-favorable DNAs at key genomic loca

tions. in vitro nucleosomes tended to have AT-rich centers, 

flanked by peaks of GC ±37bp from the nucleosome dyad. 

This pattern is reminiscent of the smoothed profile reported pre

viously in Schizosaccharomyces pombe4 but differs substantially 

in its structure, especially at single-base resolution, suggesting a 

conserved ancestral pattern of AT-rich nucleosome centers that 

has undergone refinement in Sc. pombe. Through exploring the 

relationship between CAPs, N6-methyladenine DNA modifica

tions (6mA), and nucleosomes in the model green alga Chlamy

domonas reinhardtii, we reveal DNA sequence as a prominent 

contributor to the coordination of in vivo organization. Last, using 

artificial intelligence-based approaches, we explore DNA signa

tures associated with nucleosomes and develop a model to pre

dict nucleosome positions in fungi. Beyond improved prediction 

of in vitro nucleosomes, this approach revealed that ∼70% of 

‘‘random’’ RB-TDNA inserts50 avoid predicted nucleosome loca

tions, demonstrating the value of such information for designing 

genetic engineering studies in eukaryotes.

RESULTS

Nucleosome-sized shifts in A/T content detected across 

Eukaryota

To survey eukaryotes for nucleosome related DNA patterns, we 

explored shifts in A/T content along assembled scaffolds. 1117 

diverse eukaryotes available through the DOE Joint Genome 
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Institute (JGI) portals MycoCosm (https://mycocosm.jgi.doe. 

gov/)51 and PhycoCosm (https://phycocosm.jgi.doe.gov/)52 as 

well as genomes from select taxa (Table S1) were included in 

this analysis (see Data S1 for more details). In these lineages, 

we calculated A/T frequency per-site (averaged across 

a ±25bp sliding window; Figure 1A), then identified A/T peaks 

by their prominence (vertical distance between the peak summit 

and its lowest point), retaining those with a prominence ≥2 stan

dard deviations from the mean % A/T per scaffold. Despite this 

approach being distance independent, when analyzing 

the ∼110 million peaks observed across all taxa, we found that 

neighboring peaks are most frequently spaced ∼150 bp away 

from each other (Figure 1B), and this spacing is associated 

with increased peak prominences (indicating higher structure 

in these regions). ∼150bp is the most common spacing 

observed within individual genomes as well, regardless of taxon

omy (Figure 1B). We also observed many lineages where the 

most common spacing between peaks is ∼100bp, revealing 

additional patterns worth exploring. Furthermore, on average, 

over half of all peaks within genomes are found in nucleosome- 

sized (100-200bp) arrays of 2 or more peaks (Data S1). Suggest

ing an evolutionary component to their distribution, the abun

dance of these Consecutive A/T content Peaks (CAPs) varied 

by taxonomic clade (Figures 1C and S1). Overall, our results 

reveal that genome-wide CAPs (gCAPs) are frequent across eu

karyotes. Rather than randomly distributing across the genome, 

they are often organized into consecutive, structured arrays with 

nucleosome-sized spacing.

Cross-kingdom presence of nucleosome-sized shifts in 

A/T content at gene promoters

After detecting abundant genome-wide CAPs, we explored 

whether they accumulate preferentially surrounding specific 

genomic features. We profiled G/C distribution surrounding 14 

features, including start and end coordinates for: 5′ and 3′ un

translated regions (UTRs), coding sequences (CDS), exons, in

trons, and repeats (known and de novo predicted). Consistent 

with their consecutive placement across the genome and sug

gesting a regulatory role, we observed that lineages dispersed 

across Eukaryota also display prominent, periodic shifts in 

nucleotide frequencies extending in both directions surrounding 

features (Figures 1D and S2A). These feature-specific Consecu

tive A/T Peaks (fCAPs) are non-random and are eliminated if 

feature coordinates are randomized even by only 80 bp in either 

direction (Figures S3A and S3B), indicating that accurate feature 

coordinates are crucial to fCAP detection. Some (but not all) 

fCAPs coincided with intron positions (Figure S2A). To calculate 

a feature-focused measure of this signal, we counted how many 

peaks were observed (minimum of 2 peaks) surrounding each 

feature and summed their prominence (Figure S2C), producing 

a ‘‘fCAP score.’’

fCAP scores per feature were then placed in a phylogenomic 

context, which revealed that i) as observed at the assembly level, 

lineages with high fCAP scores are phylogenetically clustered 

(Figures 1C and S1), and ii) fCAPs are generally more pro

nounced upstream of genes, specifically at transcriptional 

and coding sequence start sites (Figures 1C, 1D, and S2C). How

ever, directly comparing these features reveals that scores are 

higher at the TSS for nearly all lineages with high fCAP scores 

(Figures 1C and S3B), suggesting that CAPs are particularly 

important surrounding TSSs. Median periodicity (distance be

tween peaks) at the TSS and coding sequence starts (CDS)— 

both locations where proper nucleosome phasing is critical for 

gene regulation—was normally distributed around ∼150bp, 

while periodicity was lower at other features (Figure S2D).

In fungi, the most pronounced signals are observed in the Ba

sidiomycota. Within this phylum, members of the Microbotryo

mycetes, for example, Meredithblackwellia eburnea and Leuco

sporidiella creatinivora, showed the highest fCAP scores of any 

eukaryote (0.59 and 0.69, respectively), indicating that A/T is 

shifting dramatically surrounding TSSs in these taxa (Figures 1, 

S2, and S3). In addition to the Microbotryomycetes, high fCAP 

scores are commonly observed in Agaricomycotina (Basidiomy

cota), particularly in the Sebacinales and Tremellales (including 

the human pathogen Cryptococcus neoformans and close rela

tives) (Figure 1C). In non-fungi, fCAP scores are generally highest 

at TSSs in green algae (Chlorophyta). This clade includes the 

model green alga Chlamydomonas reinhardtii, which has an 

elevated TSS fCAP score relative to many taxa, but not as high 

as most other Chlorophyta. However, this was also observed 

in other lineages such as Toxoplasma gondii (Apicomplexa) 

and Trichomonas vaginalis (Figures 1C and S2A). Except for 

taxa with extremely high TSS fCAP scores, we did not observe 

a strong relationship with gCAPS (Figures 1C and S1), suggest

ing other mechanisms for accumulating these patterns. CAP 

scores surrounding all 14 features for all 1117 lineages are avail

able in Data S1.

Consecutive A/T peaks are associated with specific 

genome architectures

To understand what genomic features drive the abundance of 

CAPs, we divided scores for fCAPs (TSS) and gCAPs (% of 

all peaks found in consecutive arrays) into quartiles, then 

explored whether higher scores were associated with a partic

ular feature (see methods for a list of surveyed features). We 

found that genome size, particularly smaller and less repetitive 

genomes, is significantly (p ≤ 0.05, independent T-test with Bon

ferroni correction for multiple comparisons) associated with 

higher CAP scores (Figure S4). Interestingly, higher genome- 

wide %GC is also significantly associated with higher CAP 

scores, as are higher median protein lengths. Across features, 

trends appear strongest for fCAPs as compared to gCAPs 

(Figure S4). Overall, these observations indicate that in general, 

smaller, higher GC genomes with larger proteins tend to harbor 

the most CAPs.

Consecutive A/T peaks are related to in vitro 

nucleosome organization

The observation of roughly nucleosome-sized CAPs led us to hy

pothesize that these patterns may play some role in nucleosome 

organization, especially in clades with high TSS fCAP scores. To 

test this, we investigated whether CAPs could directly serve as 

physically preferable sites for nucleosome formation by gener

ating in vitro nucleosome maps (Nuc-seq) for 6 select lineages, 

primarily from the fungal kingdom. Lineages were chosen based 

on taxonomy and TSS fCAP scores, including lineages with high 
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Figure 1. Consecutive A/T peaks (CAPs) are found both genome wide and at specific genomic features 

(A) Example region (scaffold_1:76000-81000) from Meredithblackwellia eburnea showing A/T content as compared to in vitro and in vivo nucleosome data, 

revealing that higher AT is associated with nucleosome-bound regions. A subset of sites displaying agreement across datatypes are highlighted in orange. 

(B) Analysis of genome-wide shifts in A/T content reveals that peaks are most frequently observed ∼150bp from each other, regardless of lineage. Inset shows 

distance between A/T peaks (x axis) for all ∼110 million peaks across eukaryotes and their observed prominence (y axis), revealing that peaks within roughly 

nucleosome-sized spacing from their neighbors typically have the most structure (highest prominence). 

(C) Eukaryote-wide phylogeny including published and select lineages available in MycoCosm and PhycoCosm. Only lineages with UTR annotations are dis

played here, see Figure S1 for an uncollapsed phylogeny of all 1117 lineages. Aligned with each leaf node, teal circles sized proportionally to the percent of gCAPs 

in arrays of 3 or more peaks are shown. Additionally, comparatively sized circles show fCAP scores across 7 different genomic features: 5′ UTR (greens), exons 

(blues), CDS (orange/yellow), introns (red/light pink), TTS/3′ UTR (purple/pink) and known/de novo repeats (greys). RM: RepeatMasker identified repeats, RS: de 

novo RepeatScout identified repeats. For collapsed nodes, CAP scores represent the average value across all members of that node. 

(D) Average GC calculated per site (y axis) is shown surrounding surrounding transcriptional start sites (x axis) for Picochlorum soloecismus (top), Leucosporidiella 

creatinivora (middle), and Schizosaccharomyces pombe (bottom). Blue portions of the curve indicate raw GC frequency upstream of the TSS, while orange shows 

downstream of the TSS. A Butterworth filter was also applied to smooth raw data (black curve). Note that the y axis (percent GC) has been scaled equally across 

taxa to illustrate differences in peak heights across taxa. Box colors surrounding plots match those found on the phylogeny in C. All lineage names are colored 

within this and future figures according to the taxonomy legend in Figure 1C.
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(Meredithblackwellia eburnea: 0.591, Mrakia frigida: 0.202), 

moderate (Rhodosporidium toruloides ATCC26217: 0.128, Chla

mydomonas reinhardtii [Chlorophyta]: 0.108) and low scores 

(Usnea florida: 0.002, and Catenaria anguillulae: 0.000). Nuc- 

Seq exposes unamplified genomic DNA to histones and lets nu

cleosomes self-assemble prior to digestion with micrococcal 

nuclease (MNase), allowing us to measure the physical prefer

ences of histones for DNA signatures in the absence of epige

nomic regulators—except possible DNA modifications, which 

are rare in all selected lineages except Ch. reinhardtii and at 

Ca. anguillulae transposons.16,17

We found that A/T peak locations and in vitro nucleosome oc

cupancy are highly correlated in all lineages, where they explain 

47.6% (Ch. reinhardtii) to 68.79% (M. eburnea) of nucleosome 

positions within 40 bp (Figures 1A and 2A; Table S2). Proximity 

to A/T peaks also led to better positioning, as nucleosome ‘‘fuzz

iness’’ was lowest at these locations (Figure S5A). Additionally, 

CAPs are often more tightly associated with nucleosome posi

tions than individual A/T peaks (Figure S5B). The relationship 

between CAPs and nucleosomes is especially strong in the 

Basidiomycota, where in vitro occupancy and A/T frequency 

showed extremely similar patterns surrounding genomic fea

tures, for example, TSSs (Figure 2A). This was also observed 

in Ch. reinhardtii, despite the presence of DNA modifications 

in this organism.17 Interestingly, Basidiomycota also have 

slightly different in vitro occupancy profiles compared to other 

A B

C

Figure 2. CAPs create sites that are physically favorable for nucleosome formation 

(A) A/T frequency correlates with in vitro and in vivo nucleosome locations. in vitro nucleosome occupancy (orange) are plotted alongside per-site A/T frequency 

(green) surrounding transcriptional start sites across 3 fungi, 1 alga and 1 apicomplexan (lineage names are colored based on Figure 1C). in vivo Accessible Linker 

DNAs (ALDs) identified through ATAC-seq are plotted in light blue, while in vivo nucleosome occupancy identified using MNase-seq are plotted in purple. 6mA-IP 

results from Ch. reinhardtii17 are shown in red. All curves are normalized by conversion to Z-scores (standard deviation from the mean). Z-scores (y axis) are 

scaled equally to illustrate differences in magnitude across taxa. Next to their TSS profiles, for each lineage, the proportion (x axis) of all genome-wide peaks and 

their distance to closest A/T peaks (y axis) are shown. See Figure S6D for comparison to randomized nucleosome peaks. 

(B) Dinucleotide frequencies (x axis) are plotted at each position (y axis) across in vitro nucleosome-bound DNAs, revealing that they are lineage specific and 

notably different from Sa. cerevisiae.33 Distribution of DNA structural properties, including DNA shape features27 and cyclizability30 are shown next to dinucleotide 

heatmaps, revealing consistency across taxa not observed for dinucleotides. See Figure S7 for all fungal profiles. 

(C) Unlike dinucleotides, unsmoothed GC content (y axis) shows a conserved profile across nucleosome-bound DNA (x axis). GC content is normalized against 

genome-wide percent GC (y axis). Results from an in vivo chemical map of nucleosomes in Sc. pombe4 (denoted with * in the legend) were also included, revealing 

a similar profile to in vitro results across other eukaryotes after smoothing data across 10bp windows.
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eukaryotes surrounding genic features such as introns and tran

scription termination sites (Figure S6A and S6B). Unlike basidio

mycetes and Chlorophyta, lineages with low fCAP scores show 

little relationship between A/T and nucleosome profiles at genic 

features (Figure S6C), despite showing agreement at the assem

bly level (Figure S6D; Table S2). Importantly, none of these 

relationships are observed when we randomized in vitro peak 

locations, which revealed a flat distribution with a width that is 

simply a function of the average distance between A/T peaks 

(Figure S6D; Table S2).

As they were central to previous analyses of DNA-histone in

teractions,32–37 we also analyzed dinucleotide frequencies 

per-site across nucleosome-bound DNA. As the best studied 

example, we included previously published in vitro chromatin 

data from Sa. cerevisiae,33 where the expected ∼11bp shift in di

nucleotides is clearly observed (Figure S7). This profile is similar 

to what was found through chemically mapping in vivo nucleo

somes in Sc. pombe4 (Figure S7). However, other taxa analyzed 

here did not show this pattern. While we did see some shifting 

dinucleotide profiles, they appear mostly lineage-specific and 

often larger in size (∼24bp; Figures 2B and S7). Dinucleotide pat

terns are also highly variable between organisms (Figures 2B and 

S7), even within a single class (e.g., Microbotryomycetes). Over

all, these findings suggest that dinucleotides themselves may 

not be the main driver behind histone-DNA interactions as they 

do not carry information that can be generalized across taxa.

Despite these differences, all lineages (except Sa. cerevisiae 

and Sc. pombe) converge on a similar physical structure of 

DNA – calculated using DNAcycP30 and DNAshapeR27 – where 

values increase surrounding nucleosome centers for cyclizabil

ity, rolls, helical twists and minor groove widths, while values 

decrease for propeller twists and electrostatic potentials. Like di

nucleotides, we often observe higher frequency shifts in shape 

profiles, but these tend to show consistency across taxa 

(Figure S7). A similar G/C profile across nucleosome-bound 

DNAs was also found, where bound DNAs harbor AT-rich cen

ters and peaks of G/C ±37 bp from the dyad (Figure 2C). Sc. 

pombe displays a similar profile when G/C content is smoothed 

across 10bp windows (as demonstrated in Moyle-Heyrman 

et al., 20134), but not at single-base resolution, as observed in 

all other taxa. Overall, this general conservation across divergent 

taxa in both structure and G/C content suggests a broadly mean

ingful pattern that is related to increased favorability for nucleo

some formation which has potentially undergone refinement in 

specific taxa.

Consecutive A/T peaks are related to in vivo 

nucleosome organization

While conferring favorability for nucleosome formation, it is still 

unclear whether CAPs bear any meaning for in vivo nucleosome 

locations. To address this, we used all publicly available ATAC- 

seq and MNase-seq datasets in the NCBI GEO database as of 

November 1st, 2024 for Basidiomycota (2 Agaricomycetes: 

Sparassis latifolia and Cryptococcus neoformans53,54), other 

eukaryotes with high fCAP scores (MNase-seq datasets for 

Ch. reinhardtii,17 Toxoplasma gondii55) and generated our own 

ATAC-seq data for M. eburnea (Pucciniomycotina). Here, we 

used ATAC-seq9 data to map Accessible Linker DNA (ALD) 

regions while MNase-seq was used to show nucleosome-bound 

regions.56 We also assessed ‘‘premium’’ nucleosome positions 

determined by Moyle-Heyrman et al., 20134 through chemical 

mapping in Sc. pombe.

Consistent with the presence of nucleosomes at AT-rich loca

tions, ALDs in fungi (e.g., M. eburnea) show a striking inverse- 

correlation with A/T frequency (Figures 1A and 2A). Even in Sp. 

latifolia, a basidiomycete with relatively low CAP scores, we 

found that AT-rich regions are somewhat depleted in open chro

matin (Figures S8A and S8B). A similar trend is observed 

genome-wide (Figure 2; Table S2), including in lower resolution 

(Figure S9) Cr. neoformans54 data and across multiple genomic 

features. ATAC-seq also confirms the nucleosome-rich introns 

and transcription termination sites observed in vitro in Basidio

mycota (Figures S6A, S6B, S8A, and S8B). More prominent 

A/T peaks are also more tightly associated with in vivo nucleo

some positions (Figures S8C and S8D).

Consistently, MNase-seq datasets in non-fungi show an 

enrichment of nucleosomes at A/T-rich locations. Genome- 

wide, ∼52% of all MNase-seq dyads are within 40bp of peaks 

in A/T content in T. gondii (Apicomplexa) and Ch. reinhardtii 

(Figure 2A side panels; Table S2). This increased to 56.37% in 

Ch. reinhardtii when considering only in vivo peaks with promi

nence >2.0. Conversely, only 23.55% (M. eburnea) to 44.78% 

(Sp. latifolia) of ATAC-seq peaks in Basidiomycota (Figure 2) 

are found within 40 bp of A/T peaks, indicating less open chro

matin at A/T peaks. Furthermore, 54.62% of chemically deter

mined ‘‘premium nucleosome’’ positions in Sc. pombe overlap 

with A/T peaks (Figure S6D; Table S2), despite the notably 

different DNA profile across nucleosome-bound DNA in this or

ganism (Figures 2C and S7). As found using in vitro data, this 

relationship is not observed when we randomized in vivo peak 

locations (Figure S6D; Table S2). Combined, our in vitro and 

in vivo work demonstrates that shifts in A/T frequencies (espe

cially CAPs) consistently emerge as playing important roles in 

nucleosome organization across eukaryotes.

DNA and epigenomic modifications together regulate 

nucleosome positions

As a well-studied model eukaryote, we could leverage additional 

epigenomic data in C. reinhardtii and analyze its relationship to 

both A/T peaks and in vivo nucleosomes. Here, we took advan

tage of N6-methyladenine DNA modification data from.17

Located at transcriptional start sites, 6mA is associated with 

active gene expression and is usually found symmetrically 

at ApT dinucleotides.16–18 We found that 6mA is enriched 

∼70bp from both A/T peaks and in vivo nucleosome centers 

(Figure 3), confirming 6mA enrichment within linker DNA.17,18

As a largely similar pattern is observed across both datasets, 

this observation intrinsically reinforces the impact these DNA 

patterns have on in vivo chromatin organization (Figure 3). Addi

tionally, 6mA modifications found ∼70bp away from A/T peaks 

and in vivo nucleosome dyads often display notably higher fold 

enrichment compared to other locations (Figure 3), indicating 

stronger 6mA signal in these locations. Consistent with our 

genome-wide analysis, we also see 6mA distributed around 

transcriptional start sites in regions where A/T peaks and nucle

osomes are less common (Figures 2A and 3).
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While less frequent (and unlike in vivo nucleosomes), there are 

cases where 6mA overlapped A/T peaks, which could offer a 

mechanism by which this modification can override ‘‘default’’ 

nucleosome positions conferred by DNA patterns. These over

laps occurred slightly more at introns, and this pattern is further 

exaggerated when comparing across dark and light condi

tions,17 specifically highlighting A/T peaks at introns as a 

possible location for condition-specific dynamic nucleosome 

regulation (Figure S10). Overall, our results indicate that: i) A/T 

peaks remain a prominent contributor to in vivo nucleosome 

organization even when epigenomic modifications are present, 

ii) 6mA organizes surrounding A/T peaks, which likely acts 

to further lock nucleosomes in place at CAPs18 (Figure 3), and 

iii) epigenomic machinery can override CAPs in a condition-spe

cific fashion, revealing that final positioning is accomplished 

through a coordinated effort between DNA favorability land

scapes (conferred by shifting A/T frequencies) and epigenomic 

machinery.

DNA features can predict nucleosome positions

Given our observations that CAPs are related to in vitro and 

in vivo nucleosome positions, we wanted to understand what 

specific features of DNA are important for creating nucleo

some-favorable landscapes. Therefore, for each fungus with 

Nuc-seq data available, we randomly sampled ten 100kb seg

ments of DNA and used Random Forests (RF) analysis to rank 

the importance of 1526 DNA features (see STAR Methods) for 

the prediction of in vitro nucleosome occupancy. Both individual 

and summed feature importances across all positions show that 

in general, features that span more nucleotides simultaneously 

have higher importance for predicting nucleosome occupancy. 

Specifically, average G/C ±75bp surrounding sites was of high

est importance, followed by DNA shape features (Figures 4A and 

S11). However, lineage-specific variability was also observed. 

For example, in M. eburnea GC in 11bp segments was notably 

more important than for other lineages, while shape parameters 

and more localized features (4mers, 3mers, and so forth) play a 

larger role in prediction for C. anguillulae (despite overall low ac

curacy in this lineage; Figure S11).

While shifts in A/T alone can provide important insights into 

nucleosome locations, RF revealed that other features (particu

larly local DNA shape) can also be important factors in altering 

the (in vitro) nucleosome favorability landscape. Furthermore, 

since a single stretch of DNA cannot be occupied by multiple nu

cleosomes simultaneously, we anticipate that features in neigh

boring regions (i.e., nearby favorable sites for histone binding) 

might also be important factors in local chromatin organization. 

Therefore, using features identified through our RF analysis 

plus mononucleotides, we tested the ability for deep learning 

to improve the computational prediction of in vitro nucleosomes. 

Our model, trained on ∼28 million sites across 4 fungi, combined 

multiple convolutional (CNN) and recurrent (RNN) neural network 

layers (following the architecture of Quang and Xie, 201628) 

to predict nucleosome occupancy at each position in the 

assembly. For training, we included the 5 largest scaffolds 

from M. eburnea, R. toruloides ATCC26217, U. florida and 

C. anguillulae and tested our method on the prediction of 

in vitro nucleosome occupancy both on smaller scaffolds from 

the same organisms, as well as a sample never seen by the algo

rithm, Mr. frigida.

We found that our deep learning model notably improved ac

curacy of nucleosome prediction compared to CAPs alone 

in vitro (Figure S12A). We also observe similar or improved in vivo 

nucleosome prediction across most taxa (Table S2). Genome- 

wide, this method was able to predict up to 72.53% 

(M. eburnea) of in vitro nucleosomes within 40bp of their actual 

locations (Figures 4B, 4C, and S12B; Table S2), representing 

an increased accuracy of 1.72% (Ch. reinhardtii) to 7.68% 

(Mr. frigida) compared to using A/T peaks alone. In Mr. frigida, 

our method predicts in vitro nucleosome occupancy more 

reliably ±250bp surrounding the TSS than either A/T peaks or 

a traditional position weight matrix approach based on 

Figure 3. DNA and epigenomic modifica

tions act in concert to organize Ch. rein

hardtii in vivo nucleosomes 

(A) Bottom: density plot showing distance be

tween 6mA and in vivo nucleosomes (x axis) and 

6mA peak intensity (y axis), demonstrating that 

most high intensity 6mA peaks are found at 

nucleosome boundaries. Middle: histogram 

showing the number of peaks observed at each 

position (bin size = 1bp). Top: percent of peaks at 

different genomic features, revealing 6mA and 

in vivo nucleosome overlaps are more common at 

introns (red) compared to other genomic features. 

(B) A similar profile is observed when comparing 

6mA positions to A/T peaks instead of nucleo

some dyads. Most high intensity 6mA peaks 

are observed ∼70bp from peak centers, but a 

higher degree of peak overlap is also observed, 

suggesting both A/T peaks as a major player in 

in vivo nucleosome position and coordination with 

epigenomic machinery for final nucleosome 

placement.
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dinucleotides (Figures 4B and S12A). Exploring the correlation 

between predicted and in vitro occupancy scores at this loca

tion, we see Pearson’s correlation increase from 0.43 (CAPs) to 

0.67 using our method (Figure S12A). It is interesting to note 

that while CAPs alone did not reliably reconstruct occupancy 

profiles immediately surrounding the TSS in Mr. frigida, our 

deep learning method could despite having no information on 

TSS locations during training.

Furthermore, through analysis of transfer DNA inserts from an 

in vivo RB-TDNAseq library in R. toruloides IFO0880,50 we found 

that inserts avoid predicted nucleosome bound regions 

(Figure 4C). Comparable to what we observed when exploring 

ALDs in other Basidiomycota (Figure 2; Table S2), here only 

32.61% of inserts are found within ±40bp of predicted nucleo

some dyads, indicating that inserts strongly avoid predicted 

nucleosome-bound DNAs (Figure S12C). These findings again 

emphasize the importance of DNA features for in vivo chromatin 

organization in this clade. Combined, our analysis demonstrates 

that DNA features play predictable roles in organizing nucleo

somes that are conserved across a wide array of eukaryotes.

DISCUSSION

Chromatin is organized through a complex interplay between 

multiple regulatory layers.11 Here, our work reveals that DNA, a 

long-overlooked component of this system, plays an important 

and predictable role in innate nucleosome organization across 

eukaryotes. By surveying ∼1100 lineages across Eukaryota we 

found multiple clades displaying consecutive A/T peaks (CAPs) 

spaced ∼150bp from each other (roughly the size of nucleo

somes), both genome-wide (gCAPs) and at specific genomic 

features (fCAPs), especially transcriptional start sites. Through 

in vitro analyses we found that CAPs create physically favorable 

sites for nucleosome formation (Figures 2, S5, and S6). We also 

found that in vivo, CAPs overlap with nucleosome positions, 

even when DNA modifications were present (Figures 1, 2, 3, 

and S8), highlighting their prominent role even in living cells. 

Emphasizing the conserved impact they have on nucleosome or

ganization, machine learning approaches both i) identified 

conserved genomic features driving these profiles (Figure 4A) 

and ii) translated these observations into a method that predicts 

nucleosome positions across large phylogenetic distances 

(Figures 4B, 4C, and S12; Table S2).

When placed in a phylogenomic context, we found that CAPs 

are widespread across Eukaryota but that their abundance 

varies by clade (Figures 1C and S1). Interestingly, in many line

ages gCAPs are abundant yet we observe little overlap with 

specific genomic features. To us, this suggests that either i) 

detection of fCAPs depends upon high quality gene structure 

prediction (which is particularly challenging for UTRs), ii) CAP po

sitions may vary in a gene-specific manner (perhaps due to vari

ability in TF binding sites relative to TSS locations) or iii) CAPs 

accumulate at features not surveyed in this analysis. While all 

may be true, through randomizing TSS positions (simulating 

poor quality 5′ UTR predictions) and comparing TSS and CDS 

fCAP scores (simulating no UTR predictions due to lack of RNA

seq data), it is clear that accurate gene structure prediction is 

crucial to detecting these patterns (Figure S3). As such, we 

expect that improved gene structure prediction and incorpora

tion of additional information about promoter regions would 

reveal more lineages with these patterns than reported here. 

Similarly, as a feature related to TSS positions, future exploration 

Figure 4. Machine learning methods can predict nucleosome oc

cupancy in Basidiomycota 

(A) Random Forests analysis of 1526 genomic features reveals G/C across 

large windows surrounding sites (±75bp) as the most important feature for 

predicting in vitro nucleosome occupancy. Swarmplots show the cumulative 

importance of each feature (calculated by summing importances across all 

position). DNA shape parameters were calculated using DNAshapeR27 and 

include: propellar twist (prot), minor groove width (mgw), roll, helical twist (helt), 

and electrostatic potential (ep). Dots represent the feature importance calcu

lated for each random 100kb sample, colored by lineage. See Figure S11 for 

the top 30 individual features. 

(B) Deep learning (DL) methods can improve the prediction of in vitro nucle

osome occupancy. in vitro occupancy (orange), DL predicted in silico occu

pancy (blue), and A/T frequency (green) surrounding transcriptional start sites 

in a lineage excluded from training, Mr. frigida (x axis). 

(C) DL predicted occupancy is related to in vivo nucleosome occupancy and 

provides value for the interpretation of experimental results. DL predicted 

occupancy (blue) in R. toruloides IFO0880 surrounding coding sequence start 

sites (CDS) compared to counts of inserts per site (magenta) from an RB- 

TDNAseq library,50 revealing that inserts avoid predicted nucleosome-bound 

regions.
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into the potential application of CAPs to improve TSS prediction 

may prove worthwhile.

Regardless of the reason(s) for its variability, even detection of 

weak fCAP patterns can indicate important structure. For 

example, CAPs clearly play a major role R. toruloides IFO0880 

nucleosome organization despite its modest TSS fCAP score 

(0.099), as ∼70% of RB-TDNAseq inserts avoid predicted nucle

osome-bound DNA. Furthermore, with an even lower fCAP score 

in Sc. pombe (0.048), we observe a strong overlap between A/T 

peak positions and high-resolution, chemically determined nu

cleosomes dyads4 (Figure S6D). This is despite major differ

ences in nucleosome-bound DNA profiles in Sc. pombe 

compared to other fungi in this study (Figure 2C and discussed 

later in discussion). To better understand what drives differences 

in CAP scores, we divided genome into quartiles based on their 

gCAP and TSS fCAP scores, then analyzed a variety of genomic 

features. This revealed that higher GC content and smaller (more 

gene dense) genomes are significantly associated with higher 

gCAP and fCAP scores. However, there are certainly exceptions, 

for example in the Chlorophyta where genomes are generally 

larger than most Fungi, but TSS fCAP scores are also high 

(Figures 1C and S1).

Taking a subset of fungi and algae with varying fCAP scores 

we found that, as suggested by their roughly nucleosome-sized 

spacing, these DNA signatures are strongly associated with 

nucleosome positions. Our in vitro analysis indicates that they 

create physically favorable sites for nucleosome formation, as 

highlighted by the large degree of overlap between these data

sets (Figure 2). Nucleosomes at these locations are also better 

positioned, harboring decreased fuzziness compared to those 

further away from A/T peaks (Figure S5A). We also found that 

the DNA profile across nucleosome-bound DNA was generally 

consistent across taxa. In all cases, we see low frequency shifts 

in A/T content with G/C peaks ±37bp surrounding dyads. This 

profile appears to drive increased cyclizability at nucleosome 

centers and a consistent DNA ‘‘shape’’ (Figure 2C).

Of all models explored previously, the profile we observe here 

most broadly resembles that found in Sc. pombe, but with major 

differences. For example, unlike the lineages analyzed in this 

study, Sc. pombe shows substantial, high-frequency variation 

across nucleosome-bound DNA, both in G/C content and 

DNA structure (shape and cyclizability; Figure 2). However, 

when summarized at larger scales through smoothing G/C con

tent across nucleosomes (Figure 2), or in summary plots 

(Figures 1D and S6D), the same association between A/T-rich

ness and nucleosomes are observed. Such observations sug

gest that a refinement of histone-DNA preferences has occurred 

in Sc. pombe, shifting this lineage away from the conserved 

nucleosome-DNA profiles we see across other taxa.

Nucleosome-bound DNA observed in this study is also notably 

different from the high frequency (∼11bp) shifts in AA/TT/TA dinu

cleotides previously reported32,33 and confirmed here (Figures 2B 

and S7) in Sa. cerevisiae. However, other groups argue that these 

dinucleotide patterns have little relevance for in vivo nucleosome 

organization in other model eukaryotes,48,49 which is consistent 

with our observation of diverse dinucleotide patterns even within 

the same phylogenetic class (M. eburnea and R. toruloides 

ATCC26217; Microbotryomycetes; Figures S7A and S7B). It is 

interesting that in some clades we see larger, ∼24bp shifts in dinu

cleotide profiles. We anticipate that such patterns drive stronger 

histone-DNA interactions, perhaps through altering DNA structural 

properties (which show similar patterns; Figures 2B and S7). While 

multiple lines of evidence (Nuc-seq, ATAC-seq and MNase-seq) 

independently support the relationship between CAPs and nucle

osomes in the lineages described here, it is important to recognize 

that while highly conserved, histones (and histone variants) across 

diverse lineages may have evolved different DNA preferences. The 

long evolutionary history of the Saccharomycotina, which has 

been characterized by pervasive gene loss,57 may have provided 

space for different strategies to emerge which might partly explain 

the differences observed between Sa. cerevisiae and lineages 

included in our study and warrants further exploration.

Taking advantage of multiple in vivo approaches to map nucle

osome positions (ATAC-seq and MNase-seq), CAPs again 

emerged as important features associated with nucleosomes 

(Figure 2). In fungi, we found that accessible linker DNA (ALD) 

predicted through ATAC-seq are depleted in regions with high 

A/T content, indicating increased occupancy at these locations 

in vivo. This was also observed in MNase-seq data from non- 

fungi. This would make sense as a natural defense against trans

posable elements, which tend to be A/T-rich.58 Exploring the 

relationship between A/T peaks and in vivo positions, we find a 

tighter association between histones and DNA at highly promi

nent A/T peaks (Figures S8C and S8D), suggesting different stra

tegies could emerge for nucleosome regulation based on the in

tensity of A/T content at any given genomic location.

Potentially related, in Ch. reinhardtii, we found even stronger 

agreement between CAPs and in vivo nucleosomes compared 

to in vitro (Table S2), suggesting either technical challenges during 

Nuc-seq, or additional biological mechanisms (e.g., epigenetic 

modifications) that help lock nucleosomes in place at some 

CAPs. Others have proposed that DNA modifications also aid in 

this effort, for example 6mA, which is found in linker DNA in green 

algae17 and ciliates18 and is proposed to help decrease nucleo

some fuzziness.18 In the model green alga, Ch. reinhardtii, we 

see CAPs and 6mA are organizing in a consistent fashion 

(Figure 3), where CAPs overlap most nucleosomes and 6mA is 

found at CAP/nucleosome borders, within the linker DNA. We 

did however see an elevated level of 6mA overlapping A/T peaks 

compared to in vivo nucleosomes. As 6mA is heavily enriched at 

ApT dinucleotides in eukaryotes,16,17 this might be related to the 

increased availability at ApT sites at these locations. However, it 

could also offer a mechanism by which 6mA can override baseline 

histone-DNA preferences and drive condition-specific organiza

tion. Overall, our in vitro and in vivo analyses reveal DNA is an 

important driving force behind nucleosome positions, potentially 

providing a baseline favorability map upon which epigenomic 

modifications can act to dynamically tweak nucleosome positions.

If DNA were to provide a blueprint for organizing nucleosomes 

genome-wide, we hypothesized that conserved DNA features 

should emerge as consistent contributors across diverse line

ages. Therefore, we employed machine learning approaches to 

identify common strategies across fungi. As a reasonable proxy 

for a physical DNA favorability map, we used Nuc-Seq data 

collected in this study to identify DNA features that best pre

dicted in vitro occupancy scores, which consistently revealed 
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the same important features across taxa. Namely, %GC content 

across large windows (±75bp surrounding sites), and local DNA 

shapes27,29 (Figures 4A and S11). We also note a general 

decrease in importance from large-distance-spanning features 

such as %GC in 150bp windows to smaller-distance-spanning 

features (e.g., di- and mono-nucleotides). This again supports 

the hypothesis that instead of individual nucleotide or dinucleo

tide features, histone favorability is conferred on larger scales of 

tens to hundreds of base pairs and is possibly impacted by 

nucleotide profiles of neighboring sequences.

To develop more advanced methods for predicting occupancy 

that can take long distance interactions into account, we turned 

to deep learning models. Our approach combined convolutional 

(CNN) and recurrent (RNN) neural networks, which enabled the 

extraction of higher-order motifs associated with nucleosome 

occupancy (CNN layers) while also identifying long distance inter

actions between motifs (RNN layers). When applying this 

approach to R. toruloides IFO0880, a model organism for indus

trial biolipid production,50 we find a non-random distribution of 

RB-TDNAseq inserts, where most inserts occur outside of pre

dicted nucleosome-bound regions (Figures 4C and S12C). This 

reveals that: i) RB-TDNAseq,50 such as ATAC-seq9 and 

CRISPR-Cas9 based editing approaches,10 is sensitive to nucle

osome positions. ii), Features learned through training across 

fungi represent conserved DNA signatures meaningful for the 

broad prediction of fungal nucleosome positions. And iii), 

R. toruloides in vivo nucleosomes are highly structured based 

on DNA features. Interestingly, while we consistently see 

improved prediction of in vitro nucleosomes, agreement between 

in vivo and predicted nucleosome positions was more variable 

(Table S2). In some cases, we observed higher agreement 

(Sp. latifolia and Ch. reinhardtii), while in others we saw no 

difference (Cr. neoformans and T. gondii) or lower agreement 

(M. eburnea).

Experimental approaches for high quality assessment of 

nucleosome occupancy remain non-trivial and often require cus

tomization on a per-species basis. Our computational approach 

allows us to predict a baseline histone-DNA favorability map with 

several downstream applications. For example, in the absence 

of experimental data, these predictions may prove useful for 

improving the identification of target sites for the integration of 

foreign DNA and optimizing promoters for maximum access to 

transcription factor binding sites. Potentially useful for devel

oping novel management strategies, we also detect notable 

TSS fCAPs in several important human pathogens (for example 

Cryptococcus neoformans and Toxoplasma gondii). Beyond ap

plications, our work reveals a novel, conserved genomic profile 

that plays a major role in chromatin organization. Epigenomic 

modifications are expected to perturb histone-DNA interactions, 

but whether modifications have different responses depending 

on the underlying genomic context is unknown. Our work pro

vides a foundation for beginning to address these key questions 

that, once understood, have the potential to transform our un

derstanding of eukaryotic gene regulation.

Limitations of the study

As mentioned in the discussion, high-quality UTR annotations 

are important for fCAP detection. Given that these are not al

ways available (or of low quality), some patterns surrounding 

TSSs might be missed here. Also, this study did not address 

histone diversity, modifications, or variants, all of which could 

perturb histone-DNA interactions and adjust the profiles re

ported here in a taxonomic or genomic-location-specific 

manner. Last, the Deep Learning-based method presented 

here was trained on 4 fungal taxa distributed broadly across 

the tree. While this training allowed for general prediction 

across microeukaryotes, it is likely that it will not be as effective 

outside of fungi and perhaps in specific fungal subclades that 

show substantially different histone-DNA signatures (e.g., 

Saccharomyces cerevisiae).
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are available from JGI Fungal and Algal Genome portals, MycoCosm 

(https://mycocosm.jgi.doe.gov/mycocosm/home) and PhycoCosm 

(https://phycocosm.jgi.doe.gov/phycocosm/home) and have been 

deposited in GenBank under accession numbers: JBAJAD000000000 

(Meredithblackwellia eburnea MCA 4105), JBBAIS000000000 (Rhodo

sporidium toruloides ATCC 26217), JBAJAC000000000 (Mrakia 

frigida ATCC 22029), JBBAIT000000000 (Usnea florida ATCC 18376), 

JBAJAE000000000 (Sparassis latifolia CCMJ1100). See Table S1 for 

additional data links. JGI-generated Nuc-seq and ATAC-seq data are 

available through the SRA database accessions: SRR7472065 (Mr. frig

ida Nuc-seq), SRR7472154 (U. florida Nuc-seq), SRR7476903 (Catena

ria anguillulae Nuc-seq), SRR28069068 (R. toruloides ATCC26217 

Nuc-seq), SRR28069066 (M. eburnea Nuc-seq), SRR28069067 

(Ch. reinhardtii Nuc-seq), SRR28069093 (M. eburnea heavy grind 

ATAC-seq), SRR28069094 (M. eburnea heavy grind ATAC-seq with 5 

micron filter), SRR28069106 (M. eburnea light grind ATAC-seq), as 

well as made available for download and viewing on their respective 

MycoCosm/PhycoCosm data portals.

• Software for predicting nucleosome occupancy is available via https:// 

github.com/sjmondo/NuclPred_v1.

• Any additional information required to reanalyze the data reported in this 

article is available from the lead contact upon request.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Critical commercial assays

Chromatin Assembly Kit Active Motif Cat#53500

Illumina Tagment DNA Enzyme and Buffer Illumina Cat#20034197

Deposited data

Meredithblackwellia eburnea MCA 4105 

genome

This study GenBank: JBAJAD000000000

Rhodosporidium toruloides ATCC 26217 

genome

This study GenBank: JBBAIS000000000

Mrakia frigida ATCC 22029 genome This study GenBank: JBAJAC000000000

Usnea florida ATCC 18376 genome This study GenBank: JBBAIT000000000

Sparassis latifolia CCMJ1100 genome This study GenBank: JBAJAE000000000

Mrakia frigida NucSeq This study NCBI SRA: SRR7472065

Usnea florida ATCC 18376 Nuc-seq This study NCBI SRA: SRR7472154

Catenaria anguillulae Nuc-seq This study NCBI SRA: SRR7476903

Rhodosporidium toruloides ATCC26217 

Nuc-seq

This study NCBI SRA: SRR28069068

Meredithblackwella eburnea MCA 4105 

Nuc-seq

This study NCBI SRA: SRR28069066

Chlamydomonas reinhardtii Nuc-seq This study NCBI SRA: SRR28069067

Meredithblackwella eburnea MCA 4105 

heavy grind ATAC-seq

This study NCBI SRA: SRR28069093

Meredithblackwella eburnea MCA 4105 

heavy grind ATAC-seq with 5 micron filter

This study NCBI SRA: SRR28069094

Meredithblackwella eburnea MCA 4105 

light grind ATAC-seq

This study NCBI SRA: SRR28069106

Toxoplasma gondii MNase-seq Nardelli et al.55 NCBI SRA: SRR4216894

Chlamydomonas reinhardtii MNase-seq Fu et al.17 NCBI SRA: SRR1994849 and SRR1994850

Saccharomyces cerevisiae in vitro 

nucloesomes

Kaplan et al.33 NCBI SRA: SRR023798 and SRR023799

Chlamydomonas reinhardtii 6mA-IP-seq Fu et al.17 NCBI SRA: SRR1994831, SRR1994832 and 

SRR1994833

Sparassis latifolia ATAC-seq Yang et al.53 NCBI SRA: SRR8924630, SRR8924631, 

SRR8924633, SRR8924632

Cryptococcus neoformans ATAC-seq Lin et al.54 NCBI SRA: SRR10097538, SRR10097539, 

SRR10097540, SRR10097541

Experimental models: Organisms/strains

Meredithblackwellia eburnea MCA4105 NRRL NRRL Y-48821 = ATCC MYA-4884 = CBS 

12589 = MCA4105

Rhodosporidium toruloides ATCC 26217 ATCC ATCC 26217

Mrakia frigida ATCC 22029 ATCC ATCC 22029

Usnea florida ATCC 18376 ATCC ATCC 18376

Catenaria anguillulae PL171 NA PL171

Sparassis latifolia CCMJ1100 Jilin Agricultural University CCMJ1100

Chlamydomonas reinhardtii CC-503 Chlamydomonas Resource Center CC-503

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Alongside comparative analysis across published eukaryotic genomes (see Data S1 for lineage information), sequencing and exper

imental work was conducted using DNA extracted from six lineages as part of this study, Meredithblackwellia eburnea MCA4105, 

Rhodosporidium toruloides ATCC 26217, Mrakia frigida ATCC 22029, Usnea florida ATCC 18376, Catenaria anguillulae PL171, 

and Chlamydomonas reinhardtii CC-503, including Nuc-Seq and ATAC-seq (M. eburnea). See method details for more information.

METHOD DETAILS

Transcriptome sequencing

For all lineages sequenced as part of this study (M. eburnea, R. toruloides ATCC26217, Mr. frigida, Sp. latifolia and U. florida), 

stranded cDNA libraries were generated using the Illumina Truseq Stranded mRNA Library Prep kit. mRNA was purified from 1 μg 

(899ng from U. florida) of total RNA using magnetic beads containing poly-T oligos. mRNA was fragmented and reversed transcribed 

using random hexamers and SSII (Invitrogen) followed by second strand synthesis. The fragmented cDNA was treated with end-pair, 

A-tailing, adapter ligation, and 8 cycles of PCR. The prepared libraries were then quantified using KAPA Biosystem’s next-generation 

sequencing library qPCR kit (Roche) and run on a Roche LightCycler 480 real-time PCR instrument. The quantified library was then 

multiplexed with other libraries, and the pool of libraries was then prepared for sequencing on the Illumina HiSeq sequencing platform 

utilizing a TruSeq paired-end cluster kit, v4, and Illumina’s cBot instrument to generate a clustered flow cell for sequencing. 

Sequencing of the flow cell was performed on the Illumina HiSeq 2500 sequencer using HiSeq TruSeq SBS sequencing kits, v4, 

following a 2 × 150 indexed run recipe.

Genome sequencing

The genomes of M. eburnea, R. toruloides ATCC26217, U. florida and Mr. frigida were sequenced using the Illumina technology. 

These included both short read (2 × 150bp for M. eburnea, 2 × 151bp for others) and long mate pair libraries for all lineages except 

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

AllPathsLG (versions R47710 and R49403) Gnerre et al.59 https://www.broadinstitute.org/ 

computational-rd/computational-research- 

and-development

Falcon version 0.4.2 PacBio https://github.com/PacificBiosciences/ 

FALCON

FinisherSC version 2.0 Lam et al.60 http://kakitone.github.io/finishingTool/

Quiver version smrtanalysis_2.3.0.140936. 

p5

PacBio https://github.com/PacificBiosciences/ 

GenomicConsensus

BBtools version 38.69 JGI https://sourceforge.net/projects/bbmap/

Bowtie1 version 1.2.2 Langmead et al.61 https://github.com/BenLangmead/bowtie

Bowtie2 version 2.2.5 Langmead et al.61 https://github.com/BenLangmead/bowtie

Samtools version 1.6 Li et al.62 http://www.htslib.org/

Picard version 2.27.4 Broadinstitute/picard et al.63 https://github.com/broadinstitute/picard

Danpos v2.2.2 Chen et al.64 https://sites.google.com/site/danposdoc/

DNAshapeR v1.34.0 Chiu et al.27 https://www.bioconductor.org/packages/ 

release/bioc/html/DNAshapeR.html

DNAcycP version 0.0.1dev1 Li et al.30 https://github.com/jipingw/DNAcycP

Macs2 version 2.1.4 Zhang et al.65 https://github.com/macs3-project/MACS/ 

wiki/Install-macs2

mmseqs2 release 14-7e284 Steinegger et al.66 https://github.com/soedinglab/MMseqs2

Muscle version 3.8.1551 Edgar et al.67 https://github.com/rcedgar/muscle

Gblocks version 0.91b Castresana et al.68 https://www.biologiaevolutiva.org/ 

jcastresana/Gblocks.html

FastTree version 2.1.10 SSE3 Price et al.69 https://morgannprice.github.io/fasttree/

ete3 toolkit Huerta-Cepas et al.70 https://etetoolkit.org/

NuclPred v1.0 This study https://github.com/sjmondo/NuclPred_v1
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R. toruloides ATCC26217 (2 × 100bp, 5.5kb for M. eburnea, 2 × 151bp 5.3 kb and 6.1kb for Mr. frigida and U. florida, respectively). 

For short (300bp) read libraries, 100 ng (98.8 ng for U. florida) of DNA was sheared to 300 bp using the Covaris LE220 and size 

selected using SPRI beads (Beckman Coulter). The fragments were treated with end-repair, A-tailing, and ligation of Illumina compat

ible adapters (IDT, Inc) using the KAPA-Illumina library creation kit (KAPA biosystems). For long mate pair libraries, 5 μg of DNA was 

sheared using the Covaris g-TUBE (Covaris) and gel size selected for 4kb. The sheared DNA was treated with end repair and ligated 

with biotinylated adapters containing loxP. The adapter ligated DNA fragments were circularized via recombination by a Cre excision 

reaction (NEB). The circularized DNA templates were then randomly sheared using the Covaris LE220 (Covaris). The sheared frag

ments were treated with end repair and A-tailing using the KAPA-Illumina library creation kit (KAPA biosystems) followed by immo

bilization of mate pair fragments on strepavidin beads (Invitrogen). Illumina compatible adapters (IDT, Inc) were ligated to the mate 

pair fragments and 8 cycles of PCR (12 for M. eburnea) was used to enrich for the final library (KAPA Biosystems). All prepared 

libraries were then quantified using KAPA Biosystem’s next-generation sequencing library qPCR kit (Roche) and run on a Roche 

LightCycler 480 real-time PCR instrument. The quantified library was then multiplexed with other libraries, and the pool of libraries 

was then prepared for sequencing on the Illumina HiSeq sequencing platform utilizing a TruSeq paired-end cluster kit, either v3 or v4, 

and Illumina’s cBot instrument to generate a clustered flow cell for sequencing. Sequencing of the flow cell was performed on the 

Illumina HiSeq 2500 sequencer using HiSeq TruSeq SBS sequencing kits, either v3 (short read libraries for Mr. frigida, U. florida 

and R. toruloides ATCC26217) or v4, following a 2 × 150 indexed run recipe.

For Sp. latifolia, 5 μg of genomic DNA was sheared to >10kb using Covaris g-Tubes. The sheared DNA was treated with exonu

clease to remove single-stranded ends and DNA damage repair mix followed by end repair and ligation of blunt adapters using 

SMRTbell Template Prep Kit 1.0 (Pacific Biosciences). The library was purified with AMPure PB beads. PacBio Sequencing primer 

was then annealed to the SMRTbell template library and Version P6 sequencing polymerase was bound to them. The prepared 

SMRTbell template libraries were then sequenced on a Pacific Biosciences RSII sequencer using Version C4 chemistry and 

1 × 240 sequencing movie run times.

In vitro chromatin assembly and sequencing (Nuc-seq)

In vitro nucleosome sequencing, conducted at the DOE Joint Genome Institute (JGI), was generated using the Illumina technology. 

For all samples (M. eburnea, R. toruloides ATCC26217, Mr. frigida, U. florida, Ca. anguillulae and Ch. reinhardtii), 1 μg of genomic DNA 

was chromatin-assembled using Chromatin Assembly Kit (Active Motif). Samples were partially digested with 0.5 μL of Enzymatic 

Shearing Cocktail from the kit for 2 min and deproteinated with proteinase K. The fragments were purified by phenol/chloroform 

and analyzed by BioAnalyzer. 100 ng of fragments were treated with end-repair, A-tailing, and ligation of Illumina compatible 

adapters (IDT, Inc) using the KAPA HyperPrep library creation kit (KAPA biosystems). The prepared libraries were then quantified us

ing KAPA Biosystem’s next-generation sequencing library qPCR kit (Roche) and run on a Roche LightCycler 480 real-time PCR in

strument. The quantified library was then multiplexed with other libraries, and pool was then loaded and sequenced on the Illumina 

NextSeq 500 (except Ch. reinhardtii) sequencing platform utilizing a NextSeq Mid-Output Reagent Kit, v2 300 cycle, following a 

2 × 150 indexed run recipe. For Ch. reinhardtii, the sample was loaded and sequenced on the Illumina MiSeq sequencing platform 

utilizing a MiSeq Reagent Kit, v2 300 cycle, following a 2 × 150 indexed run recipe.

ATAC sequencing for Meredithblackwellia eburnea

Sequence data for M. eburnea ATAC-seq was generated at the DOE Joint Genome Institute (JGI) using Illumina technology. For all 

libraries, cells were grown in potato dextrose broth and approximately 5,000 fresh cells were extracted, cryoground in liquid nitrogen 

and filtered through 35 micron Cell Strainer (Corning). The flow through was washed three times with the cold extraction buffer with 

0.25% Triton X-100 and the pellet was resuspended in Tagment DNA Buffer from Nextera DNA Library Prep kit (Illumina). Tagmen

tation Enzyme was then added and incubated at 37C for 30 min. The tagmented materials were directly amplified using Nextera PCR 

mix and indexed primers at 12 cycles. The amplified products were purified with 1.4x SPRI beads (Omega Bio-Tek, TotalPure NGS 

beads). The prepared libraries were then quantified using KAPA Biosystem’s next-generation sequencing library qPCR kit (Roche) 

and run on a Roche LightCycler 480 real-time PCR instrument. The quantified library was then then multiplexed with other libraries, 

and the pool of libraries was then prepared for sequencing on the Illumina NovaSeq 6000 sequencing platform using NovaSeq XP v1 

reagent kits, S4 flow cell, following a 2 × 150 indexed run recipe.

QUANTIFICATION AND STATISTICAL ANALYSIS

Transcriptome assembly

Raw RNAseq fastq file reads were filtered and trimmed using the JGI QC pipeline. Briefly, using BBDuk, raw reads were eval

uated for artifact sequence by kmer matching (kmer = 25), allowing 1 mismatch and detected artifact was trimmed from the 3′

end of the reads. RNA spike-in reads, PhiX reads and reads containing any Ns were removed. Quality trimming was performed 

using the phred trimming method set at Q6. Finally, following trimming, reads under the length threshold were removed (min

imum length 25 bases or 1/3 of the original read length - whichever is longer). Filtered fastq files were used as input for de 

novo assembly of RNA contigs. For M. eburnea, filtered reads were assembled into consensus sequences using Rnnotator 

(v. 3.4.0).71 Rnnotator was used for assembly and post-processing of contigs. Assembly was completed through eight runs 
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of velveth (v. 1.2.07),72 performed in parallel, once for each hash length for the De Bruijn graph. Minimum contig length was set 

at 100. The read depth minimum was set to 3 reads. Redundant contigs were removed using Vmatch (v. 2.2.0) and contigs with 

significant overlap were further assembled using Minimus2 with a minimum overlap of 40. Contig postprocessing included split

ting misassembled contigs, contig extension and polishing using the strand information of the reads. Single base errors were 

corrected by aligning the reads back to each contig with BWA to generate a consensus nucleotide sequence. Post-processed 

contigs were clustered into loci and putative transcript precursors were identified. In creation of the contigs, all the reads were 

used not just those which uniquely mapped. This enabled the generation of isoforms as the reads forked off each other to create 

v1, v2, v3, etc. Individual reads were then aligned uniquely to all the isoforms and "v1′′ was always the most highly expressed 

transcript. For R. toruloides ATCC26217, U. florida, Mr. frigida and Sp. latifolia, reads were assembled into consensus se

quences using Trinity (ver. 2.1.1).73 Trinity was run with the –normalize_reads (in-silico normalization routine) and –jaccard_clip 

(minimizing fusion transcripts derived from gene dense genomes) options.

Genome assembly and annotation

Illumina-sequenced genomes were assembled using AllPathsLG59 (version R47710 for M. eburnea, version R49403 for others). 

For R. toruloides ATCC26217, each short read fastq file was QC filtered for artifact/process contamination and subsequently 

assembled together with Velvet. The resulting assembly was used to create a long mate-pair library with insert 3000 ± 

300 bp which was then assembled with the original Illumina library with AllPathsLG. For Sp. latifolia (sequenced on the 

PacBio RSII platform), filtered subread data were assembled with Falcon version 0.4.2 to generate an initial assembly. An auto

mated attempt was made to reassemble any potential organelle (mitochondrion) from the Falcon pre-assembled reads and 

used to filter organelle out of the preads with an in-house tool (assemblemito.sh). A secondary Falcon assembly was generated 

using the filtered preads with Falcon version 0.4.2, improved with finisherSC version 2.060 and polished with Quiver version 

smrtanalysis_2.3.0.140936.p5. Contigs less than 1000 bp were excluded from the final assembly. All assemblies were then an

notated using the JGI fungal genome annotation pipeline.51

Detecting and measuring consecutive A/T peaks (CAPs)

In addition to the five lineages sequenced, assembled, and annotated as part of this study, we also included 1112 published genomes 

available through the MycoCosm51 and PhycoCosm52 web portals. See Data S1 for a list of all genomes included and associated 

publications. In these lineages, we first calculated A/T frequency per-site (averaged across a ±25bp sliding window). A/T content 

was then smoothed using a Butterworth digital filter (as implemented in Scipy with parameters N = 2, Wn = 0.2, analog = False) 

and peaks in A/T content were extracted using the Scipy signal package find_peaks, retaining only those were peak prominence (ver

tical distance between the peak summit and its lowest point) was ≥2 standard deviations from the mean A/T content per scaffold. 

This distance-independent method was selected to provide an estimate of typical spacing between prominent peaks across eukary

otes. Genomic Consecutive A/T Peaks (gCAPs) were identified by summing the number of peaks detected within 100-200bp of each 

other. If distance between peaks was not within this range, we treated the subsequent peak as independent of the preceding peak/ 

gCAP region.

To calculate feature Consecutive A/T Peak (fCAP) scores, for each genome we first calculated average G/C per-site ±1500bp sur

rounding start and end positions for 7 features: 5′ untranslated regions (UTRs), 3′ UTRs, exons, introns, coding sequences (CDS), and 

known repeats and de novo predicted repeats. For example, there are 11135 genes in M. eburnea and consequently 11135 coding 

sequence start sites, so average G/C at any given position is sum(G or C)/11135. To explore the relationship between GC curves and 

intron locations (Figure S2A), intronic sequence was assigned a value of 1 (0 for non-intron sequence), then the frequency of introns 

was calculated the same way as above for ±1500bp surrounding each feature. Repeats were identified using RepeatMasker,74 which 

identifies known repeats, and RepeatScout,75 which identifies de novo repeats. RepeatMasker and RepeatScout data were analyzed 

separately.

Following calculation of per-site GC frequencies, a Butterworth digital filter was applied for data smoothing. Smoothed data were 

then scanned for peaks using the Scipy signal package find_peaks function, with parameters prominence = 0 (minimum prominence) 

and wlen = 300. For each feature, fCAP scores were then calculated as the sum of all identified peak prominences within 100-200bp 

of each other inside the ±1500bp window surrounding features.

For exploring the impact of 5′ UTR annotation quality on detection of fCAPs (Figure S3), 5′ UTR start site coordinates were 

randomly shifted within an 80bp window surrounding the actual site (using the python3 random.randint function) for the 100 lineages 

with the highest TSS gCAP scores, then scores were calculated using the same methods described above. Median periodicity 

(spacing) between peaks (Figure S2D) was analyzed for the 200 lineages within the top fCAP score at each feature. To analyze 

the relationship between CAPs and various genomic features, we split genomes with UTR annotations (n = 554) into quartiles based 

on fCAP and gCAP (% 2+ consecutive peaks) scores, then analyzed quartiles with respect to various features extracted from 

MycoCosm and PhycoCosm, including: assembly length, repeat coverage length, percent of assembly comprised of repeats, % 

GC, # genes, gene density, mean/median exon, gene, intron, transcript and protein lengths and mean/median # exons and introns 

per gene. Differences between quartiles were assessed using the independent T-test with Bonferroni correction for multiple compar

isons (Figure S4).
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Nuc-seq/MNase-seq analysis

For Nuc-seq data, BBDuk (version 37.90) was used to remove contaminants, trim reads that contained adapter sequence and right 

quality trim reads where quality drops to 0. BBDuk was also used to remove reads that contained 1 or more ‘‘N’’ bases, had an 

average quality score across the read less than 13 or had a minimum length ≤ 41 bp or 33% of the full read length. Reads mapped 

with BBMap to microbial contaminants, masked human, cat, dog and mouse references at 93% identity were also removed. Reads 

were then aligned to the genome assembly using bowtie161 with parameters -S -t -m 1 -v 2. Results were sorted using samtools,62

then mapped reads were deduplicated using the Picard MarkDuplicates tool,63 with parameter REMOVE_DUPLICATES = True. Sub

sequently, danpos v2.2.264 using parameters -m 1 -a 1 was used to identify nucleosome bound regions, nucleosome summits/dyads 

and calculate nucleosome occupancy values for each position in the assembly. Occupancy values calculated by Danpos were also 

used in subsequent machine learning analyses.

For publicly available in vitro and in vivo MNase-seq datasets, reads were downloaded from the SRA database. These included 

MNase seq runs: SRR4216894 for Toxoplasma gondii,55 and both SRR1994849 and SRR1994850 for Chlamydomonas reinhardtii.17

In vitro chromatin assembly data for Sa. cerevisiae are from SRR023798 and SRR023799.33 Data were collected using the sratool

kit.2.9.2 fastq-dump tool, then and processed/analyzed in the same way as above.

To calculate dinucleotide and GC frequencies across nucleosome bound DNAs (Figures 2B, 2C, and S7), summit points identified 

by danpos were collected, then underlying DNA sequence ±75 surrounding summits were used to calculate the average frequency of 

G/C and all 16 dinucleotides at each position across nucleosome-bound DNA. For Sc. pombe, the same procedure was followed, 

but we instead used ‘‘premium’’ nucleosome dyad positions published in Moyle-Heyrman et al., 2013.4 In addition to dinucleotides, 

DNAshapeR27 was used to calculate 5 different DNA shape parameters per-site, including: propeller twist (ProT), helix twist (HelT), 

minor groove width (MGW), Roll, and electrostatic potential (EP) per-site. DNA cyclizability was also calculated using DNAcycP30 with 

default parameters. Like dinucleotides, these additional measurements were then summarized ±75 surrounding nucleosome dyad 

positions. Per-site G/C frequencies across nucleosome-bound DNAs were normalized against the average genome-wide GC. Nucle

osome occupancy surrounding genomic features was visualized using the danpos profile tool, targeting the following features using 

the –genomic_sites parameter: TSS,TTS,CSS,CTS,ESS,ETS.

As danpos was designed for analysis of MNase-seq data and here we are analyzing multiple different data types (Nuc-seq, MNase- 

seq, ATAC-seq, 6mA, and gCAPs), to ensure consistency across methods, for analysis of distance between CAPs and experimental 

data all peaks were identified using the Scipy find_peak function with minimum peak distance set to 140bp (except for ‘‘premium’’ 

nucleosome positions previously determined by Moyle-Heyrman et al., 20134). A distance-based method was used here instead of 

the prominence-based one for identifying gCAPs because we found that while effective at capturing high confidence locations, we 

were missing peak locations that overlap in vivo nucleosomes using a prominence-based approach, which manifests as increased 

observations of A/T peaks and in vivo nucleosomes being separated by ∼300 and ∼450 bp (multiples of 150bp). This is not surprising, 

as we could anticipate that even if no sites with prominence ≥2 exist, nucleosomes will naturally form at the most favorable location 

within a given region. Importantly, direct comparison of scipy find_peak and danpos peaks revealed that >80% of these perfectly 

overlap between methods. Distance between Nuc-Seq/MNase-seq peaks and A/T peaks was calculated by identifying the closest 

peak summit locations between datasets, then calculating the distance between them. To generate a random distribution of NucSeq, 

MNase and ATAC-seq peaks, we took all peak coordinates on each scaffold and randomized their positions using the python 

random.sample function, which randomly selects scaffold coordinates without replacement, then compared those positions to 

the closest A/T peaks. To assess how nucleosome ‘‘fuzziness’’ changed as a function of distance to A/T peaks (Figure S5), for all 

fungi with available NucSeq data, we calculated fuzziness using danpos, then compared the distance between danpos-determined 

summit positions and closest A/T peaks using the same approach as described above.

Analysis of ATAC-seq data

For M. eburnea ATAC-seq data generated at the JGI, BBDuk (version 38.69) was used to remove contaminants, trim reads that con

tained adapter sequence and right quality trim reads where quality drops below 6. BBDuk was used to remove reads that contained 2 

or more ‘‘N’’ bases, had an average quality score across the read less than 10 or had a minimum length ≤ 35 bp or 20% of the full read 

length. Reads mapped with BBMap to masked microbial contaminants, human, cat, dog and mouse references at 93% identity were 

additionally removed. For Cr. neoformans and Sp. latifolia, reads were downloaded from SRA. For Cr. neoformans,54 this included 

SRA IDs: SRR10097538 (YPD replicate 1), SRR10097539 (YPD replicate 2), SRR10097540 (V8 replicate 1), SRR10097541 (V8 repli

cate 2). For Sp. latifolia,53 this included SRA IDs: SRR8924630 (dark condition replicate 1), SRR8924631 (dark condition replicate 2), 

SRR8924633 (light condition replicate 1) and SRR8924632 (light condition rep 2).

Reads were aligned to the genome assembly using bowtie261 with parameters –very-sensitive -k 1 and coordinates were adjusted 

as described in.76 Mapped reads were then sorted using samtools (34) and deduplicated using Picard63 MarkDuplicates tool, with 

parameter REMOVE_DUPLICATES = True. Accessible Linker DNAs were then extracted for further analysis by selecting mapped 

reads with insert size ≤100bp. Following read mapping and size selection, coverage data were converted to wig format using bed

tools and smoothed using a Butterworth digital filter. Distance between nucleosome-free regions and A/T peaks were calculated as 

described in the ‘‘Nuc-seq/MNase-seq analysis’’ STAR Methods section. Danpos v2.2.2 profile was then used to visualize ATAC-seq 

coverage surrounding genomic features. For Figure 3 and Table S2, although all replicates showed similar patterns (Figure S8), 

ATAC-seq data from Sp. latifolia light condition replicate 2, Cr. neoformans V8 replicate 1 and M. eburnea ‘‘light grind’’ were used 
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as representatives, since resolution was higher in these libraries compared to others. However, quality was low overall across 

Cr. neoformans datasets (Figure S9) and therefore it was excluded from analyses surrounding gene features.

Analysis of 6mA data from Ch. reinhardtii

For exploration of the relationship between epigenomic modifications and A/T peaks, we leveraged previously published 6mA IP-seq 

data from Ch. reinhardtii.17 This included data from 2 conditions: 6mA deposition in Ch. reinhardtii grown under constant light 

(SRR1994831 and SRR1994832), which matches the growth condition used in the same study for in vivo nucleosome mapping 

via MNase-seq, as well as growth in constant darkness (SRR1994833). Reads from both replicates in light conditions were merged 

prior to analysis. Following Mondo et al., 2018,77 reads were then mapped to the Ch. reinhardtii v5.6 assembly using bwa, sorted 

using samtools, then 6mA peaks were identified using macs265 callpeak function, including the -q 0.01 and –nomodel parameters. 

Macs2 Identified 6mA peak positions and fold enrichment were then compared to A/T peaks detected using the Scipy find_peak 

function as described above.

Phylogeny reconstruction

To put our findings within a phylogenetic context, we first clustered protein sequences across all 1117 genomes to identify orthologs 

using mmseqs266 with default parameters. To identify informative clusters for phylogeny reconstruction, we retained any cluster 

with <40% of lineages missing data. Given the large phylogenetic distances spanned here, we also searched multigene clusters, 

where we retained a single representative from each lineage within the cluster. Clusters were excluded from analysis if representation 

from any individual lineage was >6x the average number of copies – this was done to eliminate potential transposable elements while 

still allowing representatives from diploid genomes to be considered. This yielded 2256 clusters which were used for phylogeny 

reconstruction. Each cluster was then individually aligned using Muscle67 and trimmed only to informative sites using Gblocks68

with parameters: -t = p -e = .gb -b4 = 5 -b5 = h, resulting in 274,069 sites for tree building. After Gblocks trimming, all clusters 

were concatenated and phylogeny was reconstructed with FastTree69 using the -gamma and -wag parameters. The phylogeny 

and associated CAP scores were then visualized using the ete3 toolkit70 for all lineages with UTR predictions (617 genomes) so fCAPs 

across all features could be visually compared (Figure 1). In cases where lineages were collapsed at a particular node, the displayed 

CAP scores represent the average of all scores within that clade. Figure S1 includes all lineages, regardless of UTR annotations.

Machine learning to extract feature importance and predict nucleosome occupancy

To analyze and rank features important for predicting nucleosome occupancy, for each site in M. eburnea, R. toruloides 

ATCC26217_1, Ca. anguillulae, U. florida, and Mr. frigida, we gathered per-site information ±75bp from the target position on: 

G/C (0 or 1), mononucleotide, dinucleotide, trinucleotide, tetranucleotide and 5 different DNA shape features calculated using 

DNAshapeR.27 These included: propeller twist (ProT), helix twist (HelT), minor groove width (MGW), Roll, and electrostatic potential 

(EP). Additionally, we provided %GC spanning the entire ±75bp window, GC content spanning 11bp segments (distance between 

major grooves) from start to end of the ±75bp window, and scaffold identity (in case there were chromosome-level differences). 

This amounted to 1526 features for each position in the genome. The ability of these features to predict in vitro nucleosome occu

pancy was then assessed using Random Forests, as implemented in the scikit-learn python package, with parameters: –num_trees = 

4000, –max_depth = 15. For each lineage, 100kb of sequence was randomly sampled for training 10 times. Feature importance was 

then analyzed per position (Figure S11A shows the top 30), as well as summarized across all positions for the same feature type 

(Figure 4A).

As nucleosome positions are likely dependent upon both local (i.e., GC content and DNA structural features/shapes) and long dis

tance features (i.e., positions of nearby nucleosomes), we developed a deep learning method aimed at predicting in vitro nucleosome 

occupancy across the genome. The most prominent features identified through Random Forests, specifically surrounding GC 

across ±75bp windows and DNA shape features, as well as mononucleotides were provided as the input data matrix. For training, 

we included the largest 5 scaffolds from 4 fungal lineages with in vitro chromatin data, specifically M. eburnea, Ca. anguillulae, 

R. toruloides ATCC26217, and U. florida (27,947,593 sites). These were selected for their phylogenetic breadth, variability in features 

important for nucleosome prediction, and difference in CAP scores. As this approach takes information spanning large ranges, it is 

possible that any given window will span both low and high coverage (i.e., repeat) regions, which could impact learning in unintended 

ways. To account for this, occupancy scores were scaled using the SciKitLearn StandardScaler function in 10kb windows.

To improve training performance, nucleotides were one-hot encoded and shape parameters were scaled (0–1 scale) using the 

SciKitLearn MinMaxScaler function. These data were provided in ±80 bp windows (to expand the search window slightly beyond 

the size of nucleosomes), with a batch size of 15000 to a deep neural network comprised of both convolutional and recurrent layers. 

Network architecture is a modification of that presented in Quang and Xie 2016,28 and structured as follows: two 128 neuron 1D con

volutional layers with kernel sizes of 33 followed by a 1D 11 × 11 pooling layer, then 2 256 neuron 1D convolutional layers with kernel 

sizes of 16 followed by a 1D 2 × 2 pooling layer, then 2 bidirectional LSTM layers of 40 and 60 neurons, respectively, followed by 2 

dense layers of 200 and 1 neurons, respectively. The Relu activation function was used for all layers. The model was compiled using 

the Adam optimizer and loss function was set to mean square error. Training was conducted on each scaffold, where 20% of each 

scaffold was split from the training set to use for validation, and dropout was set to 0.4 to avoid overfitting. Training was allowed to 

continue for 13 epochs, at which point the network showed no further reduction in loss.
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After training was complete, the best model and weights were used to predict occupancy per nucleotide on scaffolds not included 

in training for M. eburnea, Ca. anguillulae, R. toruloides ATCC26217 and U. florida. We also predicted occupancy in Mr. frigida, which 

was not included in training, to assess accuracy of in vitro occupancy predictions. In addition to calculating distance between pre

dicted and in vitro peaks (Table S2), we also analyzed improvement in predicting occupancy per-site compared to other methods 

(CAPs and position weight matrix-based) using Pearson’s correlation (Figure S12B).

The position weight matrix was generated based on M. eburnea dinucleotide frequencies at each position across nucleosome- 

bound DNA, then each position in the Mr. frigida assembly was scored for agreement with this profile. After analysis of predictions 

compared to in vitro nucleosome occupancy, we predicted occupancy in smaller scaffolds from the same genomes included in 

training, as well as Cr. neoformans, Sp. latifolia, R. toruloides IFO0880, Ch. reinhardtii and T. gondii. Results were then compared 

with experimental (in vitro and in vivo) profiles. Analysis of ATAC-seq and MNase-seq datasets followed the same workflow as 

described in those STAR Methods sections, except instead of comparing to A/T peaks, comparisons were made to DL predicted 

nucleosome dyads. For analysis of RB-TDNAseq,50 the number of inserts at each position in the genome assembly were summed, 

then plotted with respect to in silico DL predicted nucleosome positions using the danpos profile tool surrounding coding sequence 

start sites. Distance between each insert location and A/T peaks was also calculated for genome wide analysis (Figure S12C).

ADDITIONAL RESOURCES

Meredithblackwellia eburnea MycoCosm homepage: https://mycocosm.jgi.doe.gov/Mereb1.

Rhodosporidium toruloides ATCC26217 MycoCosm homepage: https://mycocosm.jgi.doe.gov/Rhoto_ATCC26217_1.

Mrakia frigida MycoCosm homepage: https://mycocosm.jgi.doe.gov/Mrafri1.

Usnea florida MycoCosm homepage: https://mycocosm.jgi.doe.gov/Usnflo1.

Catenaria anguillulae MycoCosm homepage: https://mycocosm.jgi.doe.gov/Catan2.

Chlamydomonas reinhardtii v5.6 PhycoCosm homepage: https://phycocosm.jgi.doe.gov/Chlre5_6.

Nucleosome prediction software generated as part of this study is available via https://github.com/sjmondo/NuclPred_v1.
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