PLO.}..-

Biology

L)

Check for
updates

E OPEN ACCESS

Citation: Holzinger S, Schmutterer L, Rothe
VM, Watzlowik MT, Schwartz U, Langst G
(2026) Deciphering chromatin architecture and
dynamics in Plasmodium falciparum using the

nucDetective pipeline. PLoS Comput Biol 22(7):

€1014557. https://doi.org/10.1371/journal.
pchi. 1014557

Editor: Viadimir B Teif, University of Essex,
UNITED KINGDOM OF GREAT BRITAIN AND
NORTHERN IRELAND

Received: March 22, 2026
Accepted: July 9, 2026
Published: July 27, 2026

Peer Review History: PLOS recognizes the
benefits of transparency in the peer review
process; therefore, we enable the publication
of all of the content of peer review and

author responses alongside final, published
articles. The editorial history of this article is
available here: https://doi.org/10.1371/journal.

Computational

RESEARCH ARTICLE

Deciphering chromatin architecture and
dynamics in Plasmodium falciparum using the
nucDetective pipeline

Simon Holzinger', Leo Schmutterer!, Victoria Marie Rothe', Maria Theresia Watzlowik',
Uwe Schwartz?*, Gernot Langst@®'*

1 Regensburg Center for Biochemistry (RCB), University of Regensburg, Regensburg, Germany, 2 NGS
Analysis Center Biology and Pre-clinical Medicine, University of Regensburg, Regensburg, Germany

* gernot.laengst@ur.de (GL), uwe.schwartz@ur.de (US)

Abstract

High-resolution analysis of cellular chromatin structure is crucial for uncovering
developmental and cell-type-specific regulatory networks. We developed the nuc-
Detective pipeline to provide a comprehensive evaluation of chromatin organisation.
This involves assessing nucleosome positioning, occupancy, fuzziness, and array
regularity. The pipeline was benchmarked by analysing the chromatin structure of the
malaria-causing parasite Plasmodium falciparum (Pf) during its erythrocytic develop-
ment cycle. Pfis characterised by a unique chromatin landscape, exhibiting unstable
nucleosomes and a genomic AT-content exceeding 80%, which presents challenges
for standard MNase-seq analysis of chromatin. The nucDetective pipeline provides
specific, high-resolution nucleosome profiles for the different asexual stages of Pf,
monitoring the dynamics of individual nucleosomes. Contrary to the current view of
irregular chromatin, we demonstrate for the first time regular phased nucleosome
arrays downstream of TSSs, which, together with the established +1 nucleosome
and upstream nucleosome-depleted region, reveal a complete canonical eukaryotic
promoter architecture in Pf. The global mean nucleosome repeat length varies from
176 bp to 185 bp depending on the developmental stage. Stage specific changes

in nucleosome positioning occur locally in intergenic regulatory regions, which are
characterized by specific histone modifications and variants. Dynamic nucleosomes
correlate with DNA accessibility, gene expression and determine the access to
transcription factor binding sites in Pf. The highly regular chromatin structure, with
stage-specific structural alterations, emphasises the important role of epigenetic
mechanisms in regulating the complex life cycles of Pf.
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Author summary

Understanding how DNA is packaged inside cells is crucial for studying gene
regulation during development. In eukaryotes, DNA wraps around protein spools
to form nucleosomes. The precise positioning of these nucleosomes along the
genome serves as a key layer of gene regulation. We developed nucDetective, a
computational pipeline that maps nucleosomes across the genome and com-
pares their organisation between samples. It measures nucleosome positioning,
spacing, occupancy, fuzziness, and array regularity. We applied nucDetective to
the malaria parasite Plasmodium falciparum and analysed nucleosome organisa-
tion throughout its developmental stages inside human red blood cells. Contrary
to the current view that this parasite has irregular chromatin, we discovered
regular phased nucleosome arrays downstream of transcription start sites. Along
with the established +1 nucleosome and a nucleosome-depleted region up-
stream, these nucleosome arrays form a promoter structure similar to that of oth-
er eukaryotes. Nucleosome spacing varied between developmental stages, and
nucleosomal rearrangements occurred in intergenic regulatory regions. These
dynamic nucleosomes were associated with histone modifications, histone vari-
ants, DNA accessibility, gene expression, and transcription factor binding sites.
Our findings reveal an underappreciated level of specific and dynamic chromatin
organisation in the malaria parasite that aids understanding of developmental
processes and helps identify therapeutic targets.

Introduction

Eukaryotic genomes are organized in the form of a compact nucleoprotein structure,
termed chromatin. The basic packaging unit of chromatin is the nucleosome core,
which consists of 147 base pairs (bp) of DNA wrapped around an octameric protein
core comprising two copies each of the histones H2A, H2B, H3 and H4 [1]. The
nucleosome cores are arranged in continuous arrays separated by short stretches
of linker DNA, resembling a beads-on-a-string-like structure [2]. Chromatin is the
template for all DNA-dependent processes, and the positioning of nucleosomes on
DNA determines the accessibility of DNA sequences to regulatory factors, such as
sequence-dependent transcription factors. The positioning, structure and histone
modifications of nucleosomes are dynamically changed during signal transduction
and developmental processes [3—5]. The alterations in DNA sequence accessibility
that result from these changes establish distinct binding platforms for regulatory fac-
tors in different cell types or developmental stages. Minor differences in nucleosome
organization can alter the binding behaviour of transcription factors and thus regulate
gene activity [6—8]. Therefore, the analysis and understanding of chromatin organ-
isation and the timing of dynamic changes in nucleosome positioning are crucial to
comprehending gene regulatory processes.
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In a population of cells, nucleosome positioning can be characterised by three main features: fuzziness, occupancy
and position. Nucleosome fuzziness reflects the cell-to-cell variability in nucleosome positioning at genomic sites; higher
fuzziness indicates greater variability at individual positions; nucleosome occupancy describes the probability of detecting
a nucleosome at a particular genomic position and the position refers to the precise genomic location of the nucleosome
dyad. Assessing and quantifying nucleosome occupancy is challenging as methods to map nucleosome positions depend
on structural and experimental parameters, such as DNA sequence, non-histone proteins bound to DNA, and nucleosome
interactions and stability. These factors impact the quantitative and qualitative isolation or detection of the nucleosomal
DNA [9-12]. A powerful and widely used method to study these features genome-wide is called micrococcal nuclease
sequencing (MNase-seq). MNase-seq uses the property of MNase to preferentially hydrolyse the accessible linker DNA.
The histone-bound nucleosomal DNA remaining refractory to MNase cleavage [10,13], is subsequently sequenced and
presents the nucleosome footprint. Several programs exist to analyse MNase-seq data [14], such as the commonly used
DANPOS toolkit [15] or the Nucleosome Dynamics program suite [16]. However, these tools require specific preprocess-
ing of the sequenced DNA fragments and lack the capability to perform comparative analyses across complex experimen-
tal designs involving more than two conditions, such as in time series of developmental stages. Recent advancements in
bioinformatics pipeline management systems and software containerization enable the development of robust, reproduc-
ible, easily deployable and scalable analysis pipelines [17]. This approach has been employed to create comprehensive
MNase-seq analysis pipelines, such as the nucMACC pipeline, which assesses nucleosome stability and structure [11].

The parasite Plasmodium falciparum (Pf) causes the disease malaria tropica, responsible for 610,000 deaths in 2024
[18]. It has an intricate life cycle, encompassing various stages in multiple hosts meticulously orchestrated by a com-
plex transcription network [19]. The just-in-time regulation of transcription requires the precise coordination of chromatin
architecture and gene expression throughout the entirety of the developmental process [20]. Surprisingly, the Pf genome
encodes only for a reduced set of transcription factors, not matching the need for its complex regulatory network, suggest-
ing that additional regulatory mechanisms must contribute to gene expression control [21].

The Pf chromatin landscape deviates significantly from other eukaryotic systems. The parasite encodes for the most
divergent histone sequences in eukaryotes, expresses unique histone variants and notably lacks linker histone H1 [21].

In vitro studies have demonstrated that Pf nucleosomes possess reduced stability compared to other eukaryotes [22].
Moreover, chromatin exhibits predominantly euchromatic features, with heterochromatin confined to subtelomeric regions
and a few internal islands [23]. These heterochromatic regions are associated with the regulation of antigenic variation, a
mechanism that allows the parasite to evade host immune responses [24]. Adding to its unique features, the Pf genome is
almost devoid of DNA methylation [25] and exhibits an exceptionally high A/T content—averaging 81% across the genome
and reaching up to 95% in intergenic regions [26]. This high A/T content, combined with the parasite’s “open” chromatin
architecture, requires the development of specialized experimental and bioinformatic approaches to analyse the chromatin
structure [27]. Micrococcal nuclease (MNase), which has a sequence preference for A/T-rich regions, poses challenges

in analysing the Pf nucleosome organisation. The parasite’s DNA is more susceptible to endonuclease cleavage, and its
nucleosomes are comparatively unstable, leading to potential overdigestion and loss of nucleosomal DNA in MNase-seq
experiments [10,11]. This has resulted in MNase-seq studies revealing large variations in nucleosome occupancy across
the genome with intergenic regions devoid of nucleosomes and irregular nucleosome positioning at intragenic regions
[28-30]. These studies proposed that Pf chromatin structure is unlike the structure of other eukaryotes. This fact can be
explained by the overdigestion of AT-rich DNA with MNase. The currently unique, high-quality MNase-seq dataset sys-
tematically spanning the Pfintraerythrocytic development cycle (IDC) was generated by Kensche and colleagues using a
combination of low MNase concentration and additional Exo Il digestion to prevent the overdigestion of AT-rich nucleoso-
mal DNA [31]. But still, their analysis identified only a limited number of well-positioned nucleosomes and failed to detect
the regular nucleosome arrays typical of other eukaryotic genomes. These findings, along with others, have contributed
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to the prevailing view that Pf chromatin is atypical, characterized by a loosely organized, highly accessible structure with
“fuzzy” nucleosomes and extensive regions of unpackaged DNA [28,29,32].

Here we thoroughly re-analyze the stage-specific MNase-seq data from Kensche et al [31], using our new nucDetective
analysis pipeline to improve the understanding of Pf chromatin organisation and dynamics along the IDC. nucDetective
includes a comprehensive, easy-to-use and state-of-the-art MNase-seq workflow capable of generating high-resolution
nucleosome maps starting from raw reads (nucDetective Profiler). Additionally, it offers a multi-condition analysis work-
flow (nucDetective Inspector) that combines results across different cellular states to highlight progressive changes in
the chromatin landscape. The pipeline is a universal tool, that can be used to screen for nucleosome dynamics, such as
occupancy, fuzziness and position shifts, by comparing two or more functional stages. Re-analysis of Pf MNase-seq data
revealed yet undiscovered chromatin features of the malaria parasite. For example, we identify a phased nucleosome
array downstream of the TSS. Together with a well-positioned +1 nucleosome and an upstream nucleosome-free region,
these findings support a promoter architecture in Pf that resembles classical eukaryotic promoters [28,31]. Improved reso-
lution of nucleosome maps shows changes in chromatin architecture during the IDC, which correlate with DNA accessibil-
ity and gene expression, defining actual gene networks being activated or repressed.

Results
nucDetective uncovers features of nucleosome organisation and dynamics in Pf

We developed nucDetective, an easy-to-use and automated pipeline for analysing MNase-seq datasets enabling the
analysis of complex experimental designs, such as time-series experiments. The pipeline was employed to gain deeper
insights into chromatin dynamics during the IDC of Pf, re-analysing an MNase-seq time-series dataset [31]. nucDetective
is divided into two consecutive workflows: first, the Profiler, and second, the Inspector.

The nucDetective Profiler workflow begins with raw fastq files, generates high-resolution nucleosome profiles, and
identifies nucleosome positions. Alignment and postprocessing steps, such as fragment size selection, are optimised for
MNase-seq data, and data quality is controlled at every stage (see Methods for details). Nucleosome profiles were not
corrected for sequence-specific MNase biases, as the downstream analysis focuses on the direct comparison between
timepoints (see Discussion for details). Even under challenging conditions, such as the AT-rich Pf genome, the results of
the Profiler analysis considerably improved the quality of recent nucleosome annotations. A comparison with the previ-
ously published MNase-seq analysis clearly shows a gain in structural information providing highly resolved nucleosome
positions when using nucDetective Profiler (S1A, S1B and 1A Figs).

These new Pf nucleosome maps reveal a nucleosome organisation at transcription start sites (TSS) reminiscent of the
general eukaryotic chromatin structure, featuring a reported well-positioned +1 nucleosome, an upstream nucleosome-free
region (NFR [28,31]), and shown for the first time in Pf, a phased nucleosome array downstream of the TSS. Aside from the
improved nucleosome resolution, we suggest that the absence of nucleosome arrays downstream of the TSS in previous
studies is due to uncertainty in Pf TSS annotation and two additional effects. On the one hand, transcription initiation events
have been mapped to relatively wide regions in Pf, often containing multiple initiation site clusters for a single gene; on
the other hand, TSS usage changes during parasite development, leading to divergent TSS annotations [33—35]. Aligning
nucleosome maps to these variable positions produces inconsistent nucleosome distances, blurring aggregate patterns
and obscuring the underlying arrays (S1B Fig). To address this issue, we centered the nucleosome occupancy profile at
the positioned +1 nucleosome, using the best positioned nucleosome closest to the assigned TSS within a -100/+300 bp
window (S1 Table). With this +1 nucleosome annotation, regularly spaced nucleosome arrays downstream of the TSS were
detected, revealing a precise nucleosome organisation in Pf (Fig 1B). Due to the high-resolution maps of nucleosomes we
can now observe significant variations in nucleosome spacing depending on the developmental stage (Fig 1C, ANOVA on
bootstrapped values (3 per timepoint) F7,72=35.10, p<0.001, generalized n?=0.773). To quantify the average nucleosome
repeat length (NRL) at each timepoint, we used a phasogram-based approach (S1C Fig). The largest NRL occurs in the
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Fig 1. Detection of dynamic nucleosome features in the IDC of Pf using the nucDetective pipeline. (A) Genome browser snapshot highlighting
the different categories of dynamic nucleosomes. The nucDetective pipeline was used to process MNase-seq data from a time series of the IDC of Pf
[31]. The reported nucleosome profiles were not corrected by gDNA or MNase-sequence-bias normalization. It provides centered nucleosome coverage
tracks (T5-T40 colored coverage tracks) and identifies reference nucleosome positions (grey bars). It assesses nucleosome positioning regularity at
each timepoint (grey heatmap) and provides an overview of the average regularity (black heatmap) and the variance in regularity (blue heatmap) across
all timepoints. Additionally, it detects nucleosomes showing occupancy changes (yellow bar), position shifts (green bar) and fuzziness changes (red
bars) as well as regions, where nucleosome positioning regularity has changed (blue bar). Corresponding areas in the nucleosome coverage tracks are
marked in this figure with respectively colored lines and rectangles. (B) Nucleosomes upstream and downstream of the TSS in Pf are positioned in regu-
lar arrays. Average, normalised nucleosome occupancy profiles centered on the + 1 nucleosomes are shown. (C) Average genome wide NRL in the IDC
of Pf changes between 185 bp and 176 bp. The mean NRL with a 95% confidence interval is depicted for each timepoint. The NRL was estimated using
the frequencies of same-strand alignment distances through a phasogram. The NRL is determined by the slope of the linear fit to the modes present in
the phasogram. (D-G) Dynamic nucleosome calling of (D) occupancy, (E) fuzziness, (F) position and (G) regularity changes. Nucleosomes are sorted
by the variance over time of the respective metric. The point where the variance rapidly increases is determined (slope =3) and nucleosomes above this
point are considered to reflect changes in occupancy, fuzziness, position or regularity over time. Bottom panels show PCA of the selected nucleosomes.
Samples plotted at PC1 and PC2 resemble a cyclic structure as indicated by the arrows reminiscent of the IDC. Percentages in axis labels indicate the
proportion of variance explained by each component.

https://doi.org/10.1371/journal.pcbi.1014557.g001
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ring stage at T5 (185 bp) and gradually decreases towards the trophozoite stage at T30 (176 bp), resulting in a total change
of approximately 9 bp throughout the developmental cycle. To account for potential variability in MNase digestion across
timepoints, we normalised fragment size distributions by shifting mononucleosome peaks to the canonical 147 bp, then
assessed dinucleosome fragment length distributions after this adjustment. This showed the shortest linker lengths at T30
and T35, while T5 and T10 exhibited longer DNA linkers (S1D Fig), aligning with our phasogram-based NRL measurements
(S1C Fig). The improved nucleosome annotation now facilitates an in-depth analysis of the dynamic changes in the nucle-
osome landscape during PfIDC (Fig 1A). Genomic regions with regularly spaced nucleosomes, which undergo dramatic
structural changes over time, can be clearly identified in the high-resolution data. However, as the data set includes multiple
time points, identifying dynamic nucleosomes is not trivial, and MNase-seq optimized tools for analysing such data sets are
lacking. To tackle this issue, we developed the nucDetective Inspector workflow.

The Inspector workflow utilises the output of the Profiler workflow to quantify dynamic changes in chromatin structure
by analysing multiple nucleosome features: nucleosome occupancy, fuzziness, dyad positions, and the local nucleosome
array regularity (Figs 1A, S1E and S1F). As MNase-seq data sets are often limited by sequencing depth and replicate
number required for formal differential analysis, we implemented a variance-based prioritization strategy to screen for
dynamic nucleosomes, analogues to similar strategies that are used to define super enhancers or unstable nucleosomes
[11,36]. Nucleosomes are ranked by the variance of the specific feature (occupancy, fuzziness, position, or regularity)
across all samples. The variance is normalised to range between 0 and 1 and is plotted against the rank divided by the
total number of events (S1E Fig). To geometrically identify dynamic positions where the signal variability increases rapidly,
we determined the points on the curve where the slope first exceeds a certain threshold. Here, for the Pf analysis, we
used a cutoff of 3. For a description of array regularity, the spectral power density of the nucleosome signal at the size of
180 bp was plotted using a rolling window approach (S1F Fig).

The pipeline identified a total of 127,370+ 1,151 (mean + SD) nucleosomes at each timepoint. To reduce false positive
positions in our analysis, we conservatively selected 49,999 reference nucleosome positions, representing sites with a
well-positioned nucleosome at least at one time point (see Methods). Within this reference set, Inspector identified 1,192
nucleosomes with high variability in occupancy (occupancy changes, Fig 1D), 483 nucleosomes with high variability in
fuzziness (fuzziness changes, Fig 1E), 1,740 nucleosomes with pronounced variability in position (position shifts, Fig 1F),
and 1,579 nucleosomes with high variability in local array regularity (regularity changes, Fig 1G). For clarity, we use the
term “dynamic nucleosomes” throughout the manuscript to refer to this conservative, variance-prioritized set of high-
confidence nucleosome changes, rather than a formally FDR-controlled set of differential nucleosome events. To assess
the biological relevance and information content of these extracted features, a Principal Component Analysis (PCA) was
employed on each set of candidate dynamic nucleosomes. Each set exhibits a circle-like data structure in PCA, resem-
bling the progression of Pfthrough every stage of the IDC (Fig 1D-G). In summary, the progressive changes in chromatin
structure reflect the continuous developmental process in the life cycle of Pf. This finding suggests that changes in chro-
matin structure are closely associated with the developmental gene expression programme.

Dynamic nucleosomes reside in regulatory regions and are linked to active promoters

To determine the spatio-temporal distribution of dynamic nucleosomes, we asked whether the various dynamic
parameters (position, occupancy, fuzziness) occur at the same or distinct genomic locations. Interestingly, the dynamic
parameters show only minor overlaps, indicating that they represent distinct features, potentially associated with specific
DNA-dependent processes and chromatin remodeling mechanisms (Fig 2A). At the genomic scale, dynamic nucleosomes
are relatively evenly distributed throughout the genome, without apparent feature clustering at specific chromosomal loca-
tions (S2A Fig). We observed a few exceptions to the even distribution of the nucleosomes in the center of chromosome
3, 11 and 12, where nucleosome occupancy changes accumulated at centromeric regions (S2B Fig). Furthermore, the
ends of the chromosomes are rather depleted of dynamic nucleosome features. However, we observe a clear enrichment
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time. (B) Dynamic nucleosomes are enriched at the gene promoters. The genome wide distribution of dynamic nucleosomes was assessed at promoter
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fuzziness changes and position shifts primarily occur upstream of the TSS at the -1 nucleosome position. The average scaled (z-score normalization)
occurrences of nucleosomes exhibiting occupancy change (yellow), fuzziness change (red), position shift (green) and regularity change (blue) is plotted
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https://doi.org/10.1371/journal.pcbi.1014557.9g002
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of dynamic nucleosomes at gene promoters (Fig 2B). This enrichment is particularly prominent for nucleosomes display-
ing dynamic changes in fuzziness or occupancy. Dynamic alterations in nucleosome fuzziness or occupancy predom-
inantly occur directly upstream of the TSS at the -1 nucleosome regulating the NFR width (Fig 2C). Changes in NFR
accessibility or width may be linked to activation or repression of transcription of associated genes (S2C Fig) [37]. In com-
parison with nucleosomes at the beginning of the gene body, the position of the + 1 nucleosome appears to be relatively
stable, lacking active position shifts as postulated by the barrier packing model [38] (Fig 2C). Furthermore, the + 1 nucleo-
some positioning is unaffected by the strength of gene expression (S2C Fig). In contrast, nucleosomes exhibiting dynamic
changes in array regularity are mainly enriched downstream of the TSS, at the start of the gene body (Figs 2C and S2D),
possibly as a consequence of active transcription (S2C Fig) [39,40].

Next, the dynamic nucleosome categories were compared to previously published studies on histone variants [27,41],
histone modifications [27,42], DNA-accessibility [43] and transcription [31]. These and other studies suggested that the
histone variant H2A.Z is a marker for regulatory regions in Pf, guiding chromatin modifying and transcription initiating com-
plexes [27]. H2A.Z occupancy remains constant throughout the erythrocytic lifecycle, whereas the H3K4me3 and H3K9ac
histone marks associated with H2A.Z are stage-specific and correlate with the regulation of the developmental cycle [27].
The H3.3 variant binding sites in Pf are suggested to depend on the GC content of DNA, marking coding and subtelomeric
repetitive regions, irrespective of transcriptional activity [41]. Our analysis shows that dynamic nucleosomes, changing
occupancy and fuzziness, preferentially occur in the H2A.Z/H3K4me3/H3K9ac marked regions and are also linked to
regions containing the histone variant H3.3 (Fig 2D).

Heterochromatin in Pfis characterised by the presence of H3K9me3 and heterochromatin protein 1 (HP1). It is
observed in subtelomeric regions and small internal regions where it is involved in silencing virulence factors such as
multi-gene surface antigens, while also playing a role in life cycle stage transitions [23,24]. Heterochromatin domains, as
indicated by H3K9me3 ChlP, are characterised by depleted nucleosome occupancy and fuzziness changes, indicating a
stable chromatin organisation (Fig 2D). This underscores the tight epigenetic control of these essential regions involved in
parasite adaptation and survival. While there is a strong association between fuzziness and occupancy dynamics with the
histone variants and the H3K4me3/H3K9ac marks, the data can be further subdivided according to the ATAC-seq pattern.
We observed a strong ATAC peak at nucleosome positions undergoing occupancy changes; however, only a few ATAC
sites coincided with changes in nucleosome fuzziness, and even fewer with position shifts (Fig 2D). In summary, nucleo-
some dynamics is intimately connected with specific histone modifications and variants at active genomic sites, primarily
located at gene promoters, emphasising their essential role in regulating gene expression.

Dynamic nucleosomes (anti-)correlate with DNA accessibility but exhibit distinct features

Next, we examined the dynamics of nucleosomes in accessible chromatin regions, defined by ATAC-seq positive domains
[43]. The Profiler workflow annotated a total of 5300 nucleosomes in these open chromatin domains (Fig 3A). While most
of these nucleosomes remained stable over time (n=4129) a significant subset (n=1171, p<0.0001, permutation test) of
nucleosome positions exhibited a dynamic behaviour (Fig 3A). As indicated above (Fig 2D), open chromatin regions are
predominantly associated with changes in nucleosome occupancy, accounting for approximately 58% of all nucleosomes
in this class (n=689, p<0.0001, permutation test) (Fig 3A). Analysis of the association between chromatin accessibility
and nucleosome occupancy dynamics revealed a negative relationship (median Pearson correlation of p=-0.635) (Fig
3B-C), indicating that a decrease in nucleosome occupancy accompanies chromatin opening. Notably, we observed that
the eviction of a single nucleosome is sufficient to open broader regions (Fig 3C). Similarly, but to a lesser extent, we
observed a positive correlation with nucleosome fuzziness (median Pearson correlation of p=0.485) (Fig 3A and 3B).
However, nucleosome shifts are rarely present in open regions (15%, n=261) and do not correlate with chromatin acces-
sibility (Fig 3A-C). As ATAC-seq is not suitable for resolving nucleosome shifts, not all chromatin features can be detected
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Fig 3. Dynamic nucleosomes (anti-)correlate with DNA accessibility yet show distinct features. (A) Mainly nucleosome occupancy and fuzziness
changes coincide with open chromatin regions. Venn diagrams illustrating the overlap of nucleosomes in open chromatin regions derived from ATAC-
seq in at least one timepoint (light blue) and dynamic nucleosomes (grey). Below the overlap with individual nucleosome features are shown. (B) Loss

of nucleosome occupancy and increase in fuzziness are correlated with DNA accessibility changes. Linear correlations were computed between the
accessibility score derived from the ATAC-seq fragment coverage at each nucleosome position and the corresponding occupancy, fuzziness and summit
position (shift) at every timepoint. The density plot illustrates the Pearson correlation coefficients of dynamic nucleosomes, alongside the density of Pear-
son correlations for randomly selected, equally sized sets of nucleosomes (grey, 1000 iterations). The median Pearson correlation coefficient p and the
number of nucleosomes (n) are indicated. (C) Genome browser snapshot showing representative examples of the anti-correlation between nucleosome
occupancy and DNA accessibility (left) and a region showing nucleosome dynamics but no changes in DNA accessibility (right). Black boxes and lines
are provided for easier visual identification of dynamic nucleosomes.

https://doi.org/10.1371/journal.pcbi.1014557.9003

by this method. MNase-seq analysis by the nucDetective pipeline achieves a more comprehensive and better resolved
view of chromatin dynamics.

Transcription factor binding motifs are associated with distinct nucleosome occupancy kinetics

Nucleosomal stability and positioning regulate the availability of specific DNA elements for regulatory proteins [44]. Modu-
lating nucleosome positioning at specific sites affects transcription factor binding and ultimately controls gene expression
programs. Therefore, we examined the kinetics of changes in nucleosome occupancy in greater detail. Clustering analysis
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revealed groups of nucleosomes that open and close in a concerted manner at different time points of the erythrocytic life
cycle (Fig 4A). Cluster 1 comprises genomic sites with low nucleosome occupancy during the first 20 hours of the eryth-
rocytic life cycle, thereby allowing regulatory proteins access to the underlying DNA. Starting at 25 hours, nucleosome
deposition occurs at these sites, thus restricting factor access to these DNA sequences. To uncover recurring sequence
elements in regions characterized by similar nucleosome kinetics, we performed de novo motif analysis (S3 Fig), and
identified motifs were compared to known ApiAP2 transcription factor motifs [45] (S3 Fig, last 3 columns). ApiAP2 tran-
scription factors are, with 27 known members, the largest family of transcription factors in Pf. These are involved in the
regulation of IDC progression and differentiation [45,46]. Several over-represented motifs displayed high similarities to the
binding motifs of the ApiAP2 transcription factor family, such as AP2-FG, AP2-O4, AP2-G5 and AP2-I (Fig 4B). Remark-
ably, the time point of nucleosome eviction in the nucleosome group (cluster 5) associated with the AP2-I transcription
factor motif correlates with the peak of AP2-l expression and its putative role in erythrocyte invasion [47]. The analysis
also revealed novel sequence motifs (Fig 4), suggesting the existence of other sequence specific DNA binding factors in
Pf, binding to regulatory elements and playing a role in the intricate regulation of the life cycle of Pf.
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Fig 4. Transcription factor binding motifs are associated with distinct nucleosome occupancy kinetics. (A) Nucleosome occupancy dynamics
can be grouped by distinct kinetics in the lifecycle of Pf. Self-organizing map clustering of nucleosome occupancy changes resulted in 6 distinct clusters.
Heatmap (left) showing z-score scaled occupancy scores across all time points ordered by cluster assignment as indicated by the color bar on the left
side. Boxplots (right) depicting the z-score scaled occupancy changes over time of the individual clusters as indicated on the right side. (B) Distinct DNA
motifs are associated with nucleosome occupancy kinetics. The top de novo—derived motif for each cluster is shown. The transcription factor names

of the best-matching known DNA binding motifs derived from [45] are shown. Motifs where we did not find a corresponding known DNA binding motif
(similarity score <0.6) are marked as novel. Additional enriched motifs along with the significance of motif enrichment and the fraction of motifs at the
respective nucleosome positions are shown in S3 Fig.

https://doi.org/10.1371/journal.pcbi.1014557.g004
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Nucleosome dynamics in promoter regions are associated with gene expression changes

The accumulation of dynamic nucleosomes in promoter regions (Fig 2B) suggests a role for nucleosome positioning in
the regulation of gene expression. The high-resolution maps of nucleosome positions obtained with the nucDetective
pipeline allow for the first time, a detailed analysis of the structural changes at Pf promoter regions. Additionally, as it is
not included in the nucDetective pipeline, we normalized the nucleosome occupancy by MNase treated gDNA to account
for potential MNase sequence preferences. Selecting genes that are activated upon entry into the trophozoite stage at
T25 shows a concomitant opening of the promoter region and the formation of a nucleosome-depleted region upstream of
the + 1 nucleosome (Fig 5A and 5B). Active transcription also results in a loss of regularly positioned nucleosomes in the
gene body (Figs 5A-B and S4A). However, by T40, the chromatin structure of these genes is completely reverted, clos-
ing the promoter and re-establishing the regular nucleosome array in the gene body. This can be observed even though
the transcript abundance remains high, as shown by the RNA-seq data (Fig 5A). It must be noted that the RNA-seq data
provides steady-state transcript levels, not allowing the conclusion that chromatin closure is occurring during active tran-
scription. Consistently, nascent RNAs detected by GRO-Seq reveal transcriptional repression of this gene set in the late
schizont stage, correlating with promoter closure [48] (S4B Fig). Furthermore, classifying genes according to their nascent
transcript profiles into four groups reveals characteristic chromatin structures at the gene promoters, temporally correlat-
ing with ongoing transcription (S4C Fig). Interestingly, as most genes are repressed in the early ring and late schizont
stage, we observe a high similarity in the promoter chromatin structure for T5 and T40, except for those genes which are
expressed late (S4C Fig, cluster A8).

The data shows globally that transcriptional effects are associated with dynamic nucleosomes in promoter regions
(- 500 to + 100 bp from TSS), where nucleosome eviction (loss of occupancy, median Pearson correlation p =-0.446)
and loss of positioning (increased fuzziness and loss of regularity, median Pearson correlations of p=0.547 and p=- 0.53
respectively) correlate with transcriptional activity (Fig 5C). A similar trend is observed for all nucleosomes in coding
regions, where occupancy, fuzziness and regularity (anti-)correlate with gene expression (S4A Fig).

Discussion
nucDetective pipeline

We developed an optimised MNase-seq analysis pipeline called nucDetective, which is designed to annotate nucleosome
positions at high resolution (Profiler workflow) and to screen for dynamic changes in nucleosome positioning (Inspector
workflow). The Profiler workflow commences with raw sequencing files, automates the process to produce high-resolution
nucleosome profiles, and incorporates necessary quality checks (QC), making it a universal tool for any MNase-seq
dataset. This is achieved using MNase-seq optimized alignment settings, and proper selection of the fragment sizes corre-
sponding to mono-nucleosomal DNA to obtain high resolution nucleosome profiles. Implementing these features into a
seamless workflow resulted in a clearer definition of nucleosome positions and detection of well-positioned nucleosomes.
In this study, we demonstrate that the Profiler workflow effectively analyses challenging MNase-seq data in Pf.

The consecutive Inspector workflow allows for a comprehensive comparison of nucleosome features for experimental
designs that exceed a simple two-condition comparison, setting it apart from other MNase-seq analysis tools [14]. The
method is versatile and can be used in various experimental settings, such as cell differentiation, knock-down approaches,
and time-series treatment experiments, or even for comparing multiple functional states, like the IDC of Pf presented
here. Simultaneously assessing changes in nucleosome occupancy, position, fuzziness, and array regularity enables an
in-depth analysis of chromatin structure dynamics. This provides a higher resolution and more insights into nucleosome
features than is possible using ATAC-seq. The nucDetective pipeline is user-friendly, allowing experimental scientists to
utilise a state-of-the-art pipeline with relevant QC metrics and implement required software packages without complex
installation. Its implementation as an open-source nextflow pipeline allows for modular extension and adaptation to emerg-
ing demands in the future [17].
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Fig 5. Nucleosome dynamics in promoter regions are associated with gene expression changes. (A) The opening of the promoter region
correlates with the initiation of transcription. Genes with a low transcript abundance at the beginning and a high abundance at the end of the IDC were
selected (n=898, left). Average nucleosome occupancy profiles centered at the + 1 nucleosomes show an opening of promoter region at T30 and T40
resulting in a nucleosome-depleted region upstream of the TSS (right panel). Nucleosome occupancy profiles were first scaled by the underlying profile
of MNase digested gDNA and then the scaled coverage profile at each time point was divided by its region median coverage value. (B) Genome browser
snapshot illustrating the correlation between nucleosome dynamics (right) and gene expression (left). Gene expression becomes detectable simultane-
ously with nucleosome eviction upstream of the TSS (black box, yellow bars). Arrows mark descriptive visual differences in nucleosome occupancy. (C)
Nucleosome eviction, loss of position regularity and an increase in fuzziness in promoter regions (-500 to +100 bp from TSS) correlate with transcrip-
tional activity. Linear correlations were computed for each dynamic nucleosome in the promoter region and the corresponding gene expression. The
density plot illustrates Pearson correlation coefficients for dynamic nucleosomes, alongside the density of Pearson correlations for randomly selected,
equally sized sets of nucleosomes in promoter areas (grey, 1000 iterations). The median Pearson correlation coefficient p and the number of nucleo-
somes (n) are indicated.

https://doi.org/10.1371/journal.pcbi.1014557.g005
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Here, we re-analysed the MNase-seq dataset of Kensche and colleagues to investigate the underexplored chromatin
architecture of Pf. The parasite exhibits a complex life cycle in two hosts, revealing dramatic changes in its gene expres-
sion programme. A scarcity of transcription factors suggests a large contribution of epigenetic mechanisms to transcrip-
tional regulation [49]. Indeed, specialised chromatin remodelling enzymes organise chromatin architecture temporally
and structurally, shaping the interaction landscape for transcription factors [19,20]. To better understand these epigenetic
processes, we provide a comprehensive analysis of the nucleosome landscape and its dynamics in Pf in unprecedented
detail. For example, our pipeline was able to identify a total of ~127,000 nucleosomes per timepoint (=5.4 per kb) in range
with observed nucleosome densities in other eukaryotes (typically 5—6 per kb). From these, we extracted 49,999 reference
nucleosome positions with strong positioning evidence across all timepoints, which we used to characterize nucleosome
dynamics of Pflongitudinally. Previous studies of Pf chromatin organization, did not report a total number of nucleosomes
[30,31] or estimated approximately ~45000—-90000 nucleosomes across the genome at different developmental stages
[28,29]. However, this value likely represents an underestimation due to the depletion of nucleosomal reads in AT-rich
intergenic regions observed in their datasets.

Previous analyses of Pf chromatin have identified +1 nucleosomes and NFRs [28,31]. Here we extend this under-
standing by demonstrating phased nucleosome array structures throughout the genome. This finding provides evidence
for a spatial regulation of nucleosome positioning in Pf, challenging the notion that nucleosome positioning is relatively
random in gene bodies [28,31]. Consequently our results contribute to the understanding that Pf exhibits a typical eukary-
otic chromatin structure, including well-defined nucleosome positioning at the TSS and regularly spaced nucleosome
arrays [13,50]. Furthermore, we show temporal dynamics of nucleosomes and link these to chromatin accessibility and
gene expression patterns. Our analysis also identifies putative cis-regulatory elements that may operate in a coordinated
manner during transcriptional regulation. Together, these findings advance our understanding of chromatin-based gene
regulation in Pf and challenge prevailing views about its chromatin architecture.

Limitations of nucDetective

The nucDetective pipeline has been optimized for the analysis of mono-nucleosomes. However, the selection of fragment

sizes can be adjusted manually, enabling the pipeline to be used for other nucleosome categories. The pipeline is suitable
to map and annotate sub-nucleosomal particles (< 140 bp) as well, however additional steps like histone immunoprecipita-
tion and MNase titrations might be required to validate the sub-nucleosome structures [11]. How the pipeline performs with
fragments derived from multi-nucleosome structures like di- and tri-nucleosomes needs to be tested.

As MNase-seq experiments require a large amount of input material and high sequencing depths, most published
MNase-seq experiments do not provide the appropriate sample sizes required to accurately estimate the variance param-
eters necessary for statistical modelling [15]. Therefore, dynamic nucleosomes are not identified through statistical testing
but rather by ranking nucleosome features according to their variance across all samples and applying a variance thresh-
old to distinguish them. This concept is well established to identify super-enhancers [36]. In this study we set the variance
cutoff to a slope of 3, resulting in a high data confidence. However, other data sets might require further adjustment of the
variance cutoff, depending on data quality or sequencing depth. Accordingly, dynamic nucleosomes identified by nucDe-
tective are considered as high-confidence candidate loci, ranked by variance. This method offers a systematic screening
strategy for detecting chromatin changes and generating biologically relevant hypotheses, but it does not directly assess
false-positive rates or substitute for independent statistical validation.

Depending on the degree of MNase digestion, preferentially nucleosomes from GC rich regions are revealed in MNase-
seq experiments [10]. However, no sequence or gDNA normalisation step was included in the nucDetective pipeline. To
identify dynamic nucleosomes, comparisons are performed between the same nucleosome positions at the same genomic
sites across multiple samples. Hence, the sequence context is constant and does not confound the analysis. Introducing a
sequence normalization step might even distort and bias the results. Nevertheless, it is highly advisable to use low MNase
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concentrations in chromatin digestions to reduce the sequence bias in nucleosome extractions. This turned out to be cru-
cial condition to obtain a homogeneous nucleosome distribution in the AT-rich intergenic regions of eukaryotic genomes
and especially in the AT-rich genome of Pf[10,31].

Pf chromatin structure and dynamics

Studies on Pf have demonstrated that it has a general transcription machinery akin to that of other eukaryotes, which
implies the existence of a classical promoter organisation [21]. However, using the annotated TSS or the translational start
site (ATG) as reference points to visualise nucleosome positions did not reveal a eukaryotic-like chromatin architecture
[31]. However, the TSS in Pfis not well-defined, occurring within a relatively broad window rather than at a single, fixed
location [33]. Furthermore, the TSS varies according to the developmental stage of the parasite, often using multiple TSS
windows and multiple promoters for the same gene [33], adding additional complexity to TSS annotation. The ATG codon,
on the other hand, is also suboptimal as a reference point due to its variable distance from the TSS and its independence
from transcription initiation and the associated chromatin structure. By focusing on the nucleosome closest to the anno-
tated TSS (the + 1 nucleosome) as a reference point in this study, we were able to obtain a clear nucleosome positioning
pattern at promoters, demonstrating the important role of the + 1 nucleosome in determining the transcriptionally compe-
tent promoter structure. Accordingly, we show that the chromatin structure of the Pf promoter indeed resembles a typical
eukaryotic promoter. The improved resolution of nucleosome positions also enables us to calculate the average nucle-
osome repeat length (NRL) throughout the parasite’s life cycle. Early studies on Pf chromatin structure suggested very
short NRLs of 150-155 bp at specific genes, which was confirmed using the fragment length of isolated di-nucleosomes
in MNase-seq experiments [22,51,52]. However, employing the nucDetective pipeline on the Kensche dataset allows us
to assess the genome wide average NRLs, which range from 176 to 185 bp and align with the typical sizes of eukaryotic
NRLs [53,54]. The observed variation corresponds to an approximately 9 bp change in average linker DNA length, indi-
cating substantial reorganization of inter-nucleosomal spacing during parasite development comparable to developmen-
tal NRL changes reported in other differentiated eukaryotic cells [55] despite the apparent absence of a canonical linker
histone H1.

Notably, NRL changes followed a continuous pattern throughout the developmental cycle, decreasing from the
ring stage to the trophozoite stage before increasing again during schizogony. The shortest NRL was observed in
the trophozoite stage of Pf, which coincides with elevated transcriptional activity and significant opening of chromatin
transcriptional activity is very minimal [31,48]. This inverse relationship between NRL and transcriptional activity aligns
with findings across a wide range of eukaryotic systems, in which highly transcribed cell types and genomic regions gen-
erally exhibit shorter nucleosome spacing [39,55]. The developmental NRL dynamics observed in Pf, therefore, suggest
that modulation of nucleosome spacing may represent a conserved organizational principle of active chromatin despite
the highly divergent chromatin landscape of apicomplexan parasites.

The molecular basis of stage-specific NRL reorganization remains unclear. While linker histone H1 is considered
absent in Pf, the presence of an as-yet uncharacterized linker DNA-binding protein or alternative factors fulfilling a similar
role cannot be excluded [57]. However, the absence of H1 across all developmental stages cannot explain stage-specific
changes in NRL. We hypothesize that Apicomplexans have evolved specialized chromatin remodelers to compensate
for the missing H1, which may also drive the dynamic NRL changes observed. Furthermore, the schizont stage involves
multiple rounds of DNA replication requiring large histone supplies. It is possible that a high level of histone synthesis and
DNA amplification transiently increases nucleosome density and shortens NRL until the system reaches equilibrium [58].
We therefore suggest a model in which increased transcription promotes higher nucleosome turnover and reassembly by
specialized remodeling enzymes, combined with high histone abundance, resulting in greater nucleosome density and
decreased NRL.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014557 July 27, 2026 14 /23




A Computational
PLOS }. Biology

We demonstrate that nucleosome dynamics occur predominantly in the promoter region of genes in Pf, and we can
trace the alterations to specific nucleosomes and genes. We find that the specific regulation of individual nucleosomes
directly correlates with changes in accessibility and downstream transcription, thereby enhancing the resolution of biolog-
ically relevant regions of chromatin as compared to other methods, such as ATAC-seq. Furthermore, the analysis of con-
certed nucleosome dynamics has facilitated the identification of novel sequence motifs that become accessible, revealing
potential regulatory elements and suggesting the existence of yet undiscovered DNA sequence specific factors. Our dis-
covery supports previous studies indicating that there are undiscovered Plasmodium-specific transcription factors [21,59].
Here we demonstrate that our high-resolution chromatin structure analysis provides new insights into the complex regula-
tory network. Moreover, apart from the information revealed by ATAC-seq data, which monitors chromatin accessibility, we
show that nucleosome position shifts do not result in chromatin opening and are not detected by ATAC-seq. The function
of these nucleosome position switches still needs to be elucidated. The nucDetective pipeline highlights the unique ability
of MNase-seq to extract relevant features that cannot be inferred from other methods used to probe chromatin structure.
Investigating the processes associated with chromatin dynamics that do not lead to increased accessibility may present
an interesting area of research in the future.

Materials and methods
The nucDetective pipeline

MNase-seq data from Kensche et al. [31] (GEO accession number GSE66185) were obtained from the Sequence Read
Archive (SRA). Separate SRA runs corresponding to the same timepoint in IDC were merged (see SRX codes in S2
Table) and converted to fastq files using the SRA toolkit (https://github.com/ncbi/sra-tools). All the steps from fastq files to
detection of dynamic nucleosome features across multiple conditions were integrated and automated within the nucDetec-
tive pipeline, which is available on GitHub (https://github.com/uschwartz/nucDetective.qgit). The version of the nucDetective
pipeline used in this study was v1.1. The nucDetective pipeline is executed using nextflow workflow management system
and runs the software within stable Docker containers, ensuring a reproducible, scalable and portable analysis workflow
[17]. The code, software and annotations used to run the nucDetective pipeline along with the output have been deposited
on Zenodo (https://doi.org/10.5281/zenodo.16779899). The nucDetective pipeline is split into: 1) the Profiler workflow,
comprising mapping, pre-/post-processing, QCs, NRL analysis and nucleosome profiling, and 2) the consecutive Inspector
workflow, comprising nucleosome profile normalization, exploratory data analysis, nucleosome position annotation and
detection of dynamic nucleosome features.

The Profiler workflow

The input of the workflow are raw paired-end sequencing data in the form of fastq files. First sequencing and read qual-
ity is checked using FastQC [60] and adaptor sequences or low quality bases are trimmed using Trim Galore with the
parameter: --stringency 2 and -q 10 [61]. Reads are mapped against the indexed reference genome (in this study Pfalci-
parum3D7 release 57 from PlasmoDB) using bowtie2 with following settings: --very-sensitive, --no-discordant, --no-mix,
--dovetail [62]. Aligned fragments are filtered by MAPQ scores of at least 20 and reads mapped in proper pair using
samtools [63]. Quality of the aligned sequence data, such as the fragment length distribution, is controlled using quali-
map [64]. The fragments are further filtered to mono-nucleosome sized fragments (default setting 140-200 bp; changed
in this study to 75 — 175 bp) and optionally fragments mapping to blacklisted elements are removed (in this study the
mitochondrial and apicoplast chromosome) using the alignmentSieve function of deepTools package [65]. The fragment
statistics are assessed at every stage (S2 Table). Nucleosome fragment coverage profiles are normalized by the supplied
mappable genome size (in this study 23292622 bp) and generated using the dpos function of the DANPOS2 package with
following options: -m 1, --extend 70, -u 0, -z 20, -e 1, --distance 75 —width 10 [15]. Nucleosome repeat lengths (NRLs) are
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calculated based on a phasogram approach originally described in [66] and implemented with a slightly different algorithm
in the swissknife (v0.40) package [67]. Frequencies of distances between 5’ ends of reads in the same orientation are
calculated and linear regression between peak maxima allows estimation of the average phase between nucleosomes.

The Inspector workflow

The nucleosome fragment coverage profiles in the form of wig files, which are the result of the Profiler workflow, are used in
the consecutive Inspector workflow as input. First the nucleosome profiles are quantile normalized to a selected reference
profile (in this study we used the sample T20) using the wiq function of the DANPOS2 package [15]. Optionally, if a TSS
annotation is provided (in this study we used our+ 1 nucleosome centered TSS annotation, S1 Table), a TSS plot of the nor-
malized profiles can be generated using the computeMatrix and plotProfile functions of the deepTools package [65]. Next,
nucleosome positions of each sample are called using the dpos function of DANPOS2 package with following settings: -z
20, -e 1, --width 10, --height 25. The nucleosome annotation result of DANPOS2 is converted to bed file format and the best
20% positioned nucleosomes in each sample are filtered based on the provided fuzziness score. Next, the selected nucle-
osome positions of each sample are stepwise merged into a common reference nucleosome map. Nucleosome positions
that overlap by at least 100 bp are stitched together. Nucleosome occupancy of the reference nucleosome map is assessed
in each sample using the deeptools multiBigwigSummary function on the normalized nucleosome profiles. The resulting
nucleosome occupancy table is than used for exploratory data analysis, such as PCA and correlation clustering.

Nucleosome fuzziness, occupancy, shift and regularity dynamics

Nucleosome fuzziness scores as reported from DANPOS2 and nucleosome occupancy scores assessed with multiBig-
wigSummary (see above) are taken for subsequent analysis. Nucleosome occupancy scores are further rlog transformed
to minimize differences between samples and stabilize the variance [68]. To detect nucleosome shifts the nucleosome
profiles are loaded for each nucleosome position on the nucleosome reference map and a locally weighted scatterplot
smoothing (LOESS) is applied using an alpha parameter of 0.6. The summit of the smoothed curve is assessed as nucle-
osome dyad position in each sample and used for further analysis.

To quantify nucleosome regularity, spectral power density (PSD) analysis was applied to nucleosome occupancy pro-
files derived from normalized bigWig coverage files. Genomic coverage was extracted and processed in a rolling window
manner (width: 1025 bp; step size: 100 bp), and power spectra were estimated using the smoothed periodogram function
with a spectral smoothing span of 3 and a padding factor of 1. Spectral components were computed for each window, and
the nucleosome repeat length (NRL) was derived as the inverse of the frequency. For each window, the spectral power
at the frequency nearest to the expected average NRL (180 bp) was extracted, yielding a genome-wide track of regularity
scores. These scores were log-transformed and used to compute variance and mean tracks across all samples. Regular-
ity scores were assigned to individual nucleosomes by averaging PSD values over centered bins spanning 800 bp around
each reference nucleosome dyad.

To identify the most dynamic nucleosomes in regularity, fuzziness, occupancy or position (shift) the respective scores
are normalized to a deviation from the highest to lowest value of 1 and plotted against their ranks, which are normalized
by the total number of ranks. A LOESS smoothing was applied and the first derivate of the LOESS fit was calculated to
deduce the slope of the curve. The most dynamic nucleosomes are determined as the highest scores after the slope of
the curve exceeds 3.

+1 nucleosome annotation

To get+ 1 nucleosome annotation, mono-nucleosome sized fragments of all timepoints were merged and used as input
for Nucleosome Dynamics program suite with PlasmoDB57 as reference annotation [16]. The 3’-end of the resulting gff
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from txstart was used as +1 nucleosome dyad annotation for all timepoints. Nucleosome coverage maps are aligned to
regions+/- 1000 bp around the+1 dyad annotation and the average coverage is plotted.

Downstream analysis

PCA was performed using nucleosome features (occupancy, fuzziness, position, regularity) of each timepoint on nucleo-
somes with high variance of the respective features (e.g., dynamic nucleosomes; results of nucDetective Inspector).

Overlaps of nucleosome labels were visualised using the eulerR package [69]. The genome wide distribution of
dynamic nucleosomes was assessed using the ChlPseeker package with PlasmoDB57 annotation [70]. Promoter region
was defined as -500—-100 bp around the TSS. The frequency profile of dynamic nucleosomes at the TSS and in gene bod-
ies uses PlasmoDB56 annotation and deeptools for meta- and composite plots [65]. The profiles are scaled and smoothed
by a rolling average with window length of 25 bp and 5 bp for gene bodies and TSS area plots respectively. Additionally,
the TSS profile shown in Fig 5A was normalized by the gDNA control for better NDR visualization.

Association with histone marks

For comparability samples from ring stages or 20 hours post-infection were used. Datasets for H3K9me3 (GSE202214)
[42], H3K9ac, H3K9me3 and H2A.Z (GSE23787) [27] and H3.3 (GSE80466) [41] were analysed as follows: Reads
were trimmed with trimmomatic v0.39 using the following options: ILLUMINACLIP: <AdapterSequences>:2:30:10
MAXINFO:30:0.2 MINLEN:35. Alignment was done using bowtie2 v2.5.1 [62] with “--very-sensitive “, “--no-mixed " and
“--no-unal " options. Further processing was done with deeptools v3.5.1 [65]. First bamCoverage with options “-bs 10
--normalizeUsing RPKM " was used to get coverage bigwigs and subsequently bamCoverage -b1<ChIP.bw>-b2 <Input.
bw>-bs 10 —operation log2 was used to get log2(ChlIP/Input) bigwigs.

ATAC-seq data was obtained from GEO (GSE104075) [43] as bedgraph files, which were converted to bigwigs using the
ucsc bedgraphtobigwig tool. RNA-seq data (GSE66185) [31] were downloaded and adjusted to PlasmoDB57 annotation
with 10 bp stepsize by a custom R script (available at www.github.com/SimHolz/Holzinger_et_al_2025). bedtools v2.30.0
“makewindows” and “nuc” functions were used to get the GC content of the Pf genome in 150 bp windows [71]. The aver-
age, centred log2FC or coverage of histone marks, RNA-, MNase- and ATAC-seq around nucleosome positions is plotted.

Overlaps and Correlation of Dynamic Nucleosomes with ATAC Peaks

ATAC peaks are obtained from GEO (GSE104075) [43] Nucleosomes that overlap by at least 100 bp were assigned to the
corresponding ATAC peak. Overlaps are visualised using the eulerR package [69].

Correlation of nucleosome features with accessibility

Chromatin accessibility at the eight developmental timepoints was quantified by averaging ATAC-seq signal intensity
across each reference nucleosome position. Fuzziness scores, occupancy, and positional shift data for the reference
nucleosomes were obtained from the nucDetective Inspector workflow. For each nucleosome, Pearson correlation coeffi-
cients between ATAC measured accessibility and individual nucleosome features were calculated across all timepoints. To
assess the statistical significance of these correlations a permutation-based approach was applied. Null distributions were
generated by randomly sampling nucleosomes from the genome 999 times per feature. Correlation values from the set of
highly dynamic nucleosomes were compared to these simulated backgrounds in the promoter regions.

Clustering of nucleosome occupancy dynamics

Self-organising maps (SOM) were used to group changes in nucleosome occupancy according to the time at which they
occurred [72]. A hexagonal grid was initialised to the size of 13 x 13. The learning rate was set to a = (0.05,0.01) and the
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number of iterations was set to 500. Hierarchical clustering was applied to the build SOM to obtain six cluster using the
agglomeration method “ward.D” in the R function hclust.

Motif analysis of nucleosome occupancy cluster

The function findMotifsGenome of the HOMER suite was applied to the nucleosome positions of each cluster to find
enriched sequence motifs [73]. As background the 20% best positioned nucleosome reference map was provided. Iden-
tified de novo motifs were compared to the set of known motifs for transcription factors of the ApiAP2 protein family from
Pf[45]. For each cluster the three best ranked (according to their p-value) de novo motifs were reported. Furthermore, for
each of these top ranked motifs matches with known motifs are shown using a similarity score cutoff of 0.6. If the similarity
score was below this threshold, only the top match was included.

Correlation of nucleosome features with gene expression

Nucleosomes from the reference nucleosome map (result of nucDetective Inspector) were assigned to genes according

to their respective promoters (500 bp upstream to 100 bp downstream from TSS) or coding regions. Gene expression
data (GSE66185) in the form of rescaled RPKM values were adopted from Kensche et al. [31]. The gene expression data
and nucleosome features (fuzziness, occupancy and shifts) were aggregated and the Pearson correlation was calculated
for each nucleosome and feature across all developmental time points. The statistical significance of these correlations
was assessed utilizing a permutation-based approach, randomly sampling nucleosomes from the respective genomic
region (promoter or coding regions) 999 times per feature to create a null distribution. The correlation values from dynamic
nucleosomes were compared to these simulated distributions in the promoter region and to all nucleosomes in the coding
regions.

Public datasets used in this study

Pf MNase-seq data and RNA-seq data analysed in this paper are available at GEO with accession GSE66185. Datasets
for H3K9me3 (GSE202214), H3K9ac, H3K9me3 and H2A.Z (GSE23787), H3.3 (GSE80466) and ATAC-seq (GSE104075)
were obtained from GEO.

Supporting information

S1 Fig. nucDetective enables detection of dynamic nucleosome features at a high resolution. (A) The optimized
MNase-seq data analysis workflow Profiler of the nucDetective pipeline improves the resolution of nucleosome positions
in Pf. A comparison of detected positioned nucleosomes and nucleosome coverage at T5 is shown between the originally
published analysis by Kensche and colleagues (top panel) [31] and our re-analysed data using the Profiler workflow of the
nucDetective pipeline (bottom). This figure contains an edited figure from [31]. (B) Re-analyzed nucleosome TSS meta
profile (yellow) exhibits phased nucleosomes (grey arrows) downstream of the TSS and a positioned +1 nucleosome
located at the TSS. For comparison, the results of the original analysis by Kensche and colleagues (black) are shown [31].
(C) Smoothed phasograms from mononucleosomal DNA fragments at timepoints T5-T40. Phasograms were smoothed
using LOESS regression (span=0.03333), and frequency values were z-scaled to enable cross-timepoint comparison. (D)
MNase-Seq fragment size distribution with the mononucleosome peak shifted to 147 bp to account for MNase digestion
differences. Inset plot zooms into the dinucleosome peak (200 bp — 400 bp). Mono- and dinucleosome peaks are marked
with dashed vertical lines. (E) Scheme outlining the Inspector workflow of the nucDetective pipeline to call nucleosomes
with a change in occupancy, fuzziness or position shift over time. The analysis method of the different categories follows

a common procedure: First, a score is assigned for each sample (here time point) to each nucleosome position. In case
of position shifts, the exact dyad position at each timepoint is computed by loading the coverage track at the reference
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position, fitting a smooth curve and determining the summit position. In a second step, the resulting score matrix is used
to calculate the variance for each nucleosome position over all time points. The resulting variance is normalized to a range
between 0 and 1 (y-axis) and plotted against the ranks normalized by the total number of nucleosome positions (x-axis).
A LOESS smoothing curve is fitted (red line), and the slope of this curve is used to determine a cutoff (grey line). Here,

a slope cutoff of 3 was used (dashed line). Nucleosomes with a higher variance (yellow dots) are considered to indicate

a change in the respective feature across all samples. (F) Scheme outlining the regularity estimation process within the
nucDetective pipeline. The nucleosome coverage profile is split into rolling windows. For each window, a periodogram is
computed, which transforms the signal into its frequencies and assigns a portion of the observed signal to each frequency,
referred to as the spectral density. The frequencies are then converted into spatial periods. The spectral density at the
approximate Nucleosome Repeat Length (NRL, here 180 bp) serves as a measure of regularity for that period, which is
mapped back to the original nucleosome signal window.

(TIFF)

S2 Fig. Global overview of dynamic nucleosomes. (A) Dynamic nucleosomes are evenly distributed across the entire
genome on a global scale. Frequencies of nucleosomes showing occupancy (yellow), fuzziness (red), position (green) and
regularity (blue) changes in 10 kb bins are depicted across the whole genome. (B) Genome browser snapshot illustrating
accumulation of nucleosome occupancy changes at a centromeric site. Centered nucleosome coverage tracks (T5-T40
colored coverage tracks), nucleosomes occupancy changes (yellow bar) and annotated centromers (grey bar) taken from
Hoeijmakers et al. [74]. (C) Nucleosome occupancy heatmap centered on the + 1 nucleosome, ordered by gene expres-
sion levels. Timepoint T20 is shown as an example. Occupancy values were winsorized at the 0.95 quantile to enhance
visualization. Gene expression data represent rescaled RPKM values from Kensche et al.[31], obtained from GEO
accession GSE66185. (D) Nucleosomes display regular spacing at the TSS, and changes of regularity during the IDC are
primarily observed in the gene body. The meta profile of centered and scaled mean regularity (black) and variance of reg-
ularity (blue) is plotted over length scaled gene regions. Regularity is derived from the log10 spectral power at the period
of 180 bp. TES =Transcription End Site.

(TIFF)

S3 Fig. Distinct sequence motifs are enriched in cluster of dynamic nucleosomes. De novo DNA motifs enriched

in distinct clusters of nucleosome occupancy changes (cf. clustering Fig 4A). Top 3 hits of each cluster are shown along
with the significance of motif enrichment (hypergeometric test) and the fraction of motifs in dynamic nucleosome cluster or
random background sequences. Known Pf transcription factor binding motifs taken from [45] with high similarity score (>
0.6) are shown next to it.

(TIFF)

S4 Fig. Nucleosome dynamics correlate with gene transcription. (A) Trends of nucleosome dynamics in coding
regions during transcription. Linear correlations were computed for each nucleosome in coding regions, assessing the cor-
relation between gene expression and occupancy, fuzziness, position shift and regularity over the PfIDC. The density plot
compares Pearson correlation coefficients for dynamic nucleosomes (dashed line) to those for all nucleosomes (solid line)
in coding regions. The median Pearson correlation coefficient p for nucleosomes with high variance (dashed line) and for
all nucleosomes (solid line) are indicated. (B) Normalized gene expression values obtained from GRO-seq data [48]. The
same genes as shown in Fig 5A were taken. Paired t-test p<0.0001 (****). (C) Nucleosome features at the TSS of genes
with distinct expression kinetics. Heatmap shows z-score scaled normalised nascent RNA levels measured by GRO-seq
[48]. Spatio-temporal expression clustering of genes as indicated on the left side was taken from Lu and colleagues [48].
Nucleosome occupancy profiles centered at the + 1 nucleosomes of clustered genes show an opening of promoter region
depending on transcriptional initiation (right). Nucleosome occupancy profiles were first scaled by the underlying profile of
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MNase digested gDNA and then the scaled coverage profile at each time point was divided by its region median coverage
value.
(TIFF)

S1 Table. nucleosome annotation.
(XLSX)

S2 Table. Sequencing statistics.
(XLSX)
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