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How chromatin conformation relates to chromatin state remains a central

challenge in genome regulation. Here we present Pico-C, alow-input
Micro-C approach that enables high-resolution, temporally resolved
three-dimensional genome mapping during early Drosophila embryogenesis.
Contrary to a prevailing view of a disorganized genome before zygotic
genome activation (ZGA), we uncover adynamic and ordered emergence

of chromatinloops during pre-ZGA nuclear cycles. Spatial autocorrelation
analysis points to context-dependent regulatory influences on chromatin.
Notably, inhibition of transcriptional elongation has site-specific

effects, retaining some early loops while weakening insulation at active
promoters, suggesting distinct regulatory dependencies. Machine learning
models trained on sequence features identify orthogonal, motif-specific

contributions to architecture. Co-depletion of the pioneer factors Zelda and
GAF leads to factor-specific perturbations in chromatin architecture, further
highlighting amodular regulatory logic in genome establishment. Together,
our findings reveal that early genome organization is orchestrated by an
interplay of overlapping yet separable regulatory inputs.

The early embryo exemplifies the principles of genome regulation, with
zygotic genome activation (ZGA) marking a progressive shift toward
genomicself-regulationinthe embryo'. This highly dynamic period offers
aunique opportunity tostudy the establishment of three-dimensional
(3D) genome architecture’. Drosophila melanogaster provides an espe-
cially powerful modelfor this transition, combining arich genetic toolkit
with a deeply characterized developmental trajectory™*.

In early Drosophila development, the embryo undergoes a series
of rapid nuclear divisions known as nuclear cycles (NCs) lacking gap
phases, generating >6,000 nuclei at -2.5 h post-fertilization®. Although
initially controlled by maternal factors, the embryo begins activating

its genome as early as nuclear cycle 8 (NC8), termed the minor wave
ofzygotic genome activation (minZGA), which progressively increases
until the major wave (majZGA) at NC14, where mitosis slows and cel-
lularization begins® . This transition is mediated by the early action of
Zelda (ZId), followed by the GAGA factor (GAF) and chromatin-linked
adapter for MSL proteins (Clamp)° . Concomitantly, the chromatin
landscape is shaped through a marked increase in histone modifica-
tions and the establishment of heterochromatin via the recruitment
of heterochromatin protein1(HP1)"*7.

Itis interesting that, despite the crucial roles of early pioneer
factorsin orchestrating proper development, their removal does not
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lead to genome-wide conformational changes. Depletion of ZId or
GAF results in only locus-specific changes without global effects on
boundaries or loops'®*°. Abrogation of transcriptional elongation or
initiation through treatment with a-amanitin or triptolide causes a
dropininsulation but does not restructure the genome'*. Removal of
HP1, while affecting Bcompartmentalization globally, does notimpact
A compartments’®. Similarly, the removal of insulator proteins shows
only local, boundary-specific changes®*?. These findings point to a
3D genome shaped by a convergence of multiple regulatory inputs.

To disentangle how this setup occurs in the early embryo, we
developed Pico-C, alow-input Micro-C method, allowing us to gener-
ate high-resolution maps of interphase-staged embryos from NC9 to
NC14. These maps capture dynamic chromatin interactions as early
as NC9, well before majZGA. Leveraging the granularity of our data,
we extracted architectural features with high fidelity and uncovered
adiverse chromatin landscape underpinning genome architecture.
Spatial autocorrelation analysis further shows that chromatin structure
and state are coupled in a context-dependent manner, suggesting that
chromatin conformationis shaped by layered regulatory influences.

To probe thebasis of this architecture, we inhibited transcriptional
elongation with a-amanitin in early embryos, which preserved some
early loops but selectively disrupted active promoter-associated fea-
tures. Next, machine learning models predicted that regulatory parti-
tioning of architectureisunderpinned by rich sequence diversity and
shaped by orthogonal motif contributions. To evaluate whether such
motif-level independence translates experimentally, we co-depleted
ZId and GAF in embryos. These embryos showed loss of structure
at their respective target loci, supporting our a-amanitin experi-
ments and model predictions and reinforcing separable modes of
genome establishment.

Collectively, our results highlight early genome establishment
as amodular and dynamic process, sculpted by multiple, converging
regulatory cues.

Results
Pico-Cunveils fine-scale architecture at genome activation
To gaininsights into chromatin conformation in NCs preceding ZGA,
we developed Pico-C—an improved Micro-C method that requires
substantially less input material—allowing precise embryo staging
without compromising resolution (Fig. 1a,b). Our method utilizes
binding nuclei to concanavalin A beads to circumvent the need for
centrifugationandincludes a prolonged biotinylation step to maximize
biotinylated fragment pulldown (Fig. 1a). Using this approach, we can
generate high-quality libraries fromas few as-60,000 nuclei—equiva-
lent to 10 embryos at NC14. We then carefully hand staged embryos
from NC9 to NC14, sorting exclusively interphase embryos using a
PCNA-GFP marker'®?*, and produced 45 high-quality maps (Fig. 1b).
Principal component analysis shows that these maps clusterinaclear
developmental trajectory, despite the stages occurring within very
short temporal periods (Extended Data Fig. 1a). These maps capture
chromatin conformation at high resolution, with NC9 and NC10 at
900-bp and400-bpresolution, respectively, and NC11-NC14 achieving
>200-bp resolution (Extended Data Fig. 1b). In addition, the temporal
resolution allows us to detect genome-wide trends in contact probabil-
ity, revealing shorter-range enrichment at NC9-NC10 and increased
interaction frequencies at longer distances (-1 Mb) at stages NC12-NC14
(Extended Data Fig. 1c). Overall, our Pico-C maps achieve the same
high-quality metrics as other publicly available Micro-C datasets™,
showing ahigh fraction of cisinteractions and uniform coverage across
the genome (Supplementary Table 1and Extended Data Fig. 1d-f).
Unexpectedly, our Pico-C maps reveal a highly dynamic genome
before the major wave of ZGA (Fig. 1c). They capture early looping
events, such as at the zen and zen2 genes visible as early as NC9, and
the formation of complex conformations like the bowtie structure
around ftz and tethering elements within the Antennapedia gene

complex (ANT-C) (Fig. 1c(i)-(iii), respectively). Consistent with previ-
ousfindings®, our dataalso recapitulate long-range, pre-majZGA loops
previously validated by imaging” (Extended Data Fig. 1e). In parallel,
these maps allow us to capture domain boundaries from NC9 to NC14
(Fig.1d,e), showing that boundaries are generally gained throughout
early development with few stage-specific dynamics, inagreement with
previous findings'®. Aggregate analysis further confirms a progressive
strengthening of insulation at these boundaries, as reported previ-
ously' (Fig. 1d). Despite the general gain of insulation, the resolution
of our maps enables the capture of fine-detail chromatin dynamics,
including early specific boundaries. For instance, we observe insula-
tion at the promoters of Elba3 and Bsg25A, forming a 3-kb miniature
compartment at a CG11929 exon at NC13, which is reduced by NC14
(Extended Data Fig. 2a). Loop calling using Mustache” identified
interactions at different resolutions, capturing looping dynamics
across multiple distances in early development (Fig. 1f,g). Aggregate
analysis shows focal dots at distances ranging from 5 kb to >2 Mb
(Fig. 1f). Itis interesting that loops display more stage specificity than
boundaries despite being predominantly gained at NC14 (Fig. 1g and
Extended DataFig.2b). Aggregate analysis of NC12-specific loops, for
example, reveals a pronounced central enrichment at NC12 compared
to NC10 and NC14 (Extended Data Fig. 2b). Our maps also capture a
subset of the previously characterized metaloops®® as well as addi-
tional metaloop-like features, with some detectable as early as NC13
(Extended DataFig. 2c).

Overall, our Pico-Cmaps show an extensive rewiring of the genome
through coordinated conformational changes preceding ZGA at
unprecedented temporal and structural resolution.

Multifaceted chromatin landscape underpins 3D genome

To better understand the regulatory basis of the conformational
dynamics that we observed, we re-analyzed hundreds of publicly
available datasets including assay for transposase-accessible chro-
matin using sequencing (ATAC-seq), chromatin immunoprecipi-
tation sequencing (ChIP-seq) and RNA sequencing (RNA-seq) and
conducted cluster and ChromHMM analysis®’ (Supplementary Data
3 and 4). Cluster analysis of characterized architectural features at
NCl14 revealed a heterogeneous set of chromatin-associated profiles
(Fig.2a-d and Extended Data Fig. 3a-f). For boundaries, nine distinct
clusters were enriched for different regulatory features, including
active promoter marks such as H3K4me3, pioneer factorslike Zld and
GAF and classic insulator proteins such as CTCF, CP190 and BEAF-32
(Fig. 2a,b and Extended Data Fig. 3a,b). Among these, polymerase
I (Pol I1) and TATA-binding protein were more evenly distributed
across clusters, suggesting a broader association with architecture
(Extended Data Fig. 3b). Moreover, clusters enriched for insulators
(clusters 5and 7) displayed the highest boundary strength, highlighting
distinct contributions of individual insulators to chromatin architec-
ture (Extended Data Fig. 3¢). Loop anchors similarly separated into
sevendistinct clusters, each marked by unique regulatory profiles and
positional heterogeneity (Fig. 2c,d and Extended Data Fig. 3d-f). These
clusters varied in loop span, with certain regulatory contexts—such
as Su(Hw)-enriched anchors (cluster 5)—more frequently associated
with long-range interactions compared to clusters characterized by
pioneer factors or BEAF-32 (Extended Data Fig. 3e,f). Together, these
analysesreveal that both boundaries and loops are defined by diverse
regulatory environments, with distinct factor enrichments shaping the
architecture of the early genome.

To contextualize the broader chromatin state across early devel-
opment, we applied ChromHMM to integrate diverse epigenomic
datainto 20 chromatin states, aiming to map broad chromatin fea-
turesacross early development despite some dataset gaps. Each state
represents a combinatorial likelihood of specific chromatin marks
co-occurring, providing a comprehensive view of the chromatin’s
functional landscape across different stages and conditions. These
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Fig. 1| Pico-C enables sub-kilobase chromatin maps across six developmental
stages during the establishment of genome architecture in Drosophila.

a, Schematic of the low-input Micro-C method, Pico-C, developed to capture
interphase-staged dynamicsin early NCs. Extracted formaldehyde- and EGS
(ethylene glycol bis(succinimidyl succinate))-fixed nuclei were immobilized

on concanavalin A beads, eliminating most spin-down steps and considerably
reducing sample loss. Moreover, the biotinylation step was extended from

45 minto4 htoimprove pulldown efficiency. All subsequent steps, including
library preparation and size selection, were done as previously described®’.

b, Microscopy images of Drosophila embryos at NC9-NC14 used for Micro-C.
Embryos were hand sorted by utilizing nuclear density for staging. Nuclear
PCNA-GFP was used to delineate interphase embryos as done previously'®***%. c,
Stepwise establishment of 3D genome organization of the ANT-C. Our matrices
capture early looping between the zen and zen2 genes (i) taking place as early

Loop count

as NC9, the formation of the bowtie structure around the ftzgene (ii) and the
establishment of tether elements at the Antp gene (iii). d, Aggregate analysis

of boundaries identified using low-input Micro-C data from embryos at NC9-
NC14. Boundaries were called at 500-bp resolution (res.) and aggregate plots of
observed/expected contacts (Obs/exp scale) were plotted at 250-bp resolution
with20-kb flanking regions. The scores in the upper left corners indicate average
insulation score at each developmental stage. e, UpSet plot of boundaries gained
through development across NCs. Most boundaries are gained progressively
through development. f, Aggregate analysis of chromatin loops called at 250-bp,
1-kb, 2-kb, 4-kb and 16-kb resolution, plotted across different anchor-to-anchor
distances at 1-kb resolution with 50-kb flanking regions. g, UpSet plot of loops
calledin NC9-NC14 (grouping >80). NC9 is omitted due to alow loop count
(n=11). Most loops are gained over time, but many are stage specific. Imagesina
and b created with BioRender.com.

states were defined across four broader developmental timepoints:
pre-minZGA (NC1-NC8), pre-majZGA(a) (NC9-NC11), pre-majZGA(b)
(NC12-NC13) and ZGA (NC14) and Zelda” encompassing Zld knockdown
datasets from NC12-NC14 (Fig. 2e). States were ordered by temporal

enrichment and annotated based on their emission probabilities,
genome-wide distributions and gene-body positioning, resulting
in distinct categories including pioneer-associated states, open or
nucleosomal states, H4K16ac-enriched genic states, transcriptional
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states biased toward transcription start site (TSS) or transcription
terminationsite (TTS), HP1-associated states and promoter-like states
(Fig. 2e and Extended Data Fig. 4a,b).

De novo motif enrichment using HOMER* supported these classi-
fications, identifying enrichment of ZId and GAF motifsin their respec-
tive pioneer states and motifs for M1BP and Dref—transcription factors
known to bind promoters—in promoter-like states, along with core
Drosophila promoter elements (Fig. 2f and Extended Data Fig. 4c).
We also observed increased enrichment of two HP1-associated states
(states 12 and 13) at ZGA, found predominantly at centromeric and
telomeric regions, consistent with previous studies'' (Fig. 2e and
Extended Data Fig. 4a). State 13 (HP1[2]) showed elevated GAF emis-
sion, supporting emerging evidence that GAF contributes to hetero-
chromatin regulation®. Notably, HP1[1] was also enriched for E2F1
motifs—a pro-mitotic factor that regulates position effect variegation
in flies and is modulated by HP1a in mammals®**—suggesting that a
similar mechanism may operate as the embryo transitions out of rapid
mitotic divisions (Fig. 2f and Extended Data Fig. 4a). Gene ontology
analysis revealed that Genic[2] (state 5), enriched for H4K16ac, was
associated with morphogenesis, consistent with previous findings**,
whereas Promoter-like[1] (state 7) was linked to embryonic processes
including regionalization, cell-fate specification and messenger RNA
metabolism (Extended Data Fig. 4d). Importantly, these states do not
appear to be confounded by coverage bias (Extended Data Fig. 4e).
Together, ChromHMM serves as a useful guide for interpreting the
chromatin landscape underlying our Pico-C maps.

To investigate how the chromatin state correlates with genome
organization, we applied CALDER2* to the NC14 Pico-C matrix, which
delineated subcompartments A.1, A.2, B.1and B.2 at 3-kb resolution.
We thentracked how these subcompartments interacted across earlier
stages and found that A.1-A.1and B.2-B.2 compartments formed the
most prominentinteractions overall (Extended Data Fig. 5a). Notably,
A.1-A.1 contacts already displayed interactions by NC12 (Fig. 2g and
Extended DataFig. 5a). ChromHMM analysis showed that A.1subcom-
partments were enriched for H4K16ac-marked genic states during
pre-majZGA(a), a trend also supported by H4K16ac ChIP-seq signal
(Extended Data Fig. 5b). This observation is consistent with previous
work showing that Acompartments are preferentially associated with
intergenerationally maintained H4K16ac*. These findings suggest that
A.land B.2 compartments follow distinct temporal and regulatory
paths during genome establishment. Thisinterpretationis consistent
with findings that HP1a depletion primarily affects B compartments
while leaving A compartments largely intact. Consistent with earlier
observations, HP1a did not show clear compartment-specific enrich-
ment, inagreement with prior observations that HP1a is found in both
A and B compartments'® (Extended Data Fig. 5c).

Integrating our clustering analysis, chromatin state annota-
tions and compartment calls with our Pico-C data, we can capture a
multilayered view of the genome. For example, the even-skipped (eve)

locus, flanked by the well-characterized insulator sequences Nhomie
(upstream) and Homie (downstream)—both bound by Su(Hw)**~*—
are consistently classified as cluster 8 boundaries in our analysis
(Fig. 2i). Thisregion also displays active transcriptional ChromHMM
states and falls within an A.1 subcompartment, highlighting conver-
gence across orthogonal datasets (Fig. 2i). This layered perspec-
tive demonstrates a coherent regulatory landscape underpinning
chromatin architecture.

Context-dependent coupling of chromatin structure and state

Having created precise Pico-C maps and defined the underlying chro-
matin states, we wanted to investigate therelationship between them.
To do this, we first utilized Metaloci*® which uses spatial autocorrela-
tion (Moran’s /) to examine how strongly a genomic signal correlates
withitself across neighboring regionsin nuclear space. Higher global
Moran’s/valuesindicate that spatially proximal regions exhibit similar
signal intensities, whereas values near zero reflect spatial randomness.
Negative values suggest anti-correlation, where nearby regions display
opposing signal levels. This metric enables us to assess how specific
chromatin features are spatially organized and how these relationships
evolve across developmental timepoints. Through a sliding-window
approach we found that, genome wide, there is a general trend of
increased Pol I, RNA-seq, H3K36me3, H4K16ac, H3K27me3, GAF and
Clamp spatial clustering, whereas early acting Zld showed no significant
change (Extended Data Fig. 6a).

Despite the genome-wide increase in Pol Il clustering during
ZGA, we observed local variability in spatial correlations. Most nota-
bly, at the HDACI locus, the global Moran’s / for Pol Il decreased from
0.68 at NC12 to 0.38 at NC14, coinciding with loop loss (Fig. 3a,b and
Extended Data Fig. 6b). Overlaying our ChromHMM states showed
that these loop anchors were initially enriched for promoter-like and
pioneer-associated chromatin states, but, by NC14, these regions
transitioned to transcriptional states as loops resolved (Fig. 3c,d and
Extended Data Fig. 6c). Rather than reflecting inactivity, this shift
suggests that changes in transcriptional activity may disrupt early
loops. This pattern contrasts with boundaries gained at NC14, where
transcriptional states also increase but emerge from promoter-like
state peaks (Extended Data Fig. 6d).

Toinvestigate the causal role of transcriptionin genome architec-
ture, we inhibited transcriptional elongation by injecting a-amanitin
before NC8 and minZGA, as previously described®, and performed
Pico-C profiling to capture architectural changes at higher granu-
larity (Fig. 3e). This treatment resulted in a global loss of zygotic
transcripts accompanied by a weaker upregulation of maternal
RNAs, likely reflecting impaired maternal RNA clearance (Fig. 3f and
Extended Data Fig. 7a,b). Distinctly, we observed substantial down-
regulation of zygotically transcribed IncRNA:CR44504, a predicted
precursor of the miR-309 cluster required for the degradation of many
transcripts undergoing decay at ZGA* (Extended Data Fig. 7c).

Fig. 2| Diverse chromatinsignatures anchor architectural features in the early
embryo. a, NC14 boundary Uniform Manifold Approximation and Projection
(UMAP) grouped into nine clusters based on factor occupancy. Example

profiles for clusters 5-7 show distinct enrichments for CTCF, CP190, pioneer
factors and H3K4me3 (shown tracks™****). Information on all datasets used is
provided in Supplementary Data 3. b, NC14 Pico-C contact map with boundary
cluster annotations. ¢, NC14 loop-anchor UMAP grouped into seven clusters
based on factor occupancy. Representative profiles for clusters 1,2 and 4 show
similar distinct enrichment for factors such as CTCF, CP190, GAF, Zelda and
H3K4me3”*** Information on all datasets used is provided in Supplementary
Data 3.d, NC14 Pico-C contact map with loop-anchor cluster annotations.

e, Twenty-two genomic signals were compiled across four developmental stages
and Zeldaknockdown (Zelda®) background to define 20 ChromHMM states.
Eachrow corresponds to a state and its assigned annotation. Annotation colors
denote major categories: light cyan (quiescent), blue (ATAC associated), purple

(pioneer factor enriched), orange (genic), yellow (transcribing near TTS), green
(transcribing near TSS), red (promoter like) and gray (HP1associated). The left
heatmap shows emission probabilities for each signal and the right one shows
normalized state enrichment across stages and genetic backgrounds. f, Example
of highly enriched de novo motifs (HOMER) from selected states. g, Aggregate
analysis for A.1and B.2 subcompartments at stages NC12 and NC14. A.1regions
display interactions as early as NC12. Aggregates were generated with one
compartment-length flanks (1x comp.) and visualized as observed/expected
(Obs/exp). h, ChromHMM state enrichment profiles across compartments at
three developmental stages: pre-majZGA(a) (left), pre-majZGA(b) (middle)

and ZGA (right). A.1compartments are enriched for genic and active chromatin
states, whereas B.2 compartments show general enrichment for quiescent
states. i, NC14 Pico-C contact map at the eve (even-skipped) locus with annotated
boundary clusters, ChromHMM chromatin states and compartment calls.
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It is interesting that, on abrogation of transcriptional elonga-
tion, we found that a subset of early chromatin loops persisted and
closer inspection revealed that the anchors of these retained loops
overlapped with early activated genes, previously characterized
by low levels of paused Pol 11** (Fig. 3g and Extended Data Fig. 7d).

Consistently, Pol IIChIP from our previous work™ on a-amanitin-treated
embryos showed that these regions lose Pol Il at the gene body but
retain Pol Il near the promoter (Extended Data Fig. 7d). Moreover,
these changes are in agreement with those observed previously by
Hi-C*® in both a-amanitin-injected and triptolide-injected embryos
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Fig. 3 | Fine-tuned Pol Il regulation alters chromatin architectureina
cluster-specific manner. a,b, Pico-C maps of the HDACI locus at NC12 (a) and
NC14 (500-bp resolution) (b), with corresponding 2D bead-on-a-string models
(the startis demarcated in blue and the end in red) and Gaudi plots overlaid
with stage-matched Pol Il ChIP signal*’. Loop anchors (black) and the HDAC1
promoter boundary (pink) are highlighted. Global Moran’s /is displayed for

the region, indicating spatial autocorrelation across the locus. A higher score
means higher clustering of Pol Il signal relative to chromatin structure. ¢, Gaudi
plots from a and b overlaid with simplified ChromHMM states. d, Genome-wide
simplified ChromHMM profiles of loop anchors present at NC12 but lost by
NC14. Quiescent, genic and HP1states (which showed no marked changes) were
removed from the plot for clarity. e, Schematic of transcriptional inhibition by
«-amanitin. Embryos at or older than NC8 were discarded immediately after
injection. The remaining embryos were allowed to develop to the NC14 stage,
then either fixed for Pico-C or collected for RNA extraction. f, RNA-seq showing
strong depletion of zygotic transcripts and modest retention or upregulation

of maternal RNAs—likely due to impaired zygotic-driven clearance of maternal
RNAs. g, Pico-C maps of water-injected (controls) or a-amanitin-injected
embryos showing, on transcriptional inhibition, retention of some early

loops. The genes marked in red are characterized as early expressed genes*
thatanchor retained loops, whereas the gene highlighted in orange (CG13716)
represents an early gene where the associated loop is lost despite a-amanitin
treatment. h, Chromosight analysis showing cluster-specific decreased strength
of architectural features at boundaries (left) and loops (right). The scores

are grouped by cluster identity. The annotated values show the mean score
difference between a-amanitin-injected and water-injected embryos. Statistical
comparisons performed using unpaired Wilcoxon’s rank-sum tests were
performed per cluster and P values were adjusted using Benjamini-Hochberg
false discovery rate methods. The significanceis indicated as follows for adjusted
Pvalues: “P,;;< 0.001, "P,4; < 0.01and P, < 0.05. a-Aman., a-Amanitin; NS, not
significant.
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(Extended Data Fig. 7e). In addition, even within individual loci, not
allearly loops were retained after transcriptional abrogation (Fig. 3g),
making it difficult to pinpoint whether loop persistence reflects Pol Il
pausing®, delayed eviction or a downstream effect. The heterogene-
ousresponse suggests that early loop stability is similarly governed by
multiple, distinct regulatory mechanisms.

Nevertheless, these maps and their corresponding controls
enabled us to evaluate the architectural consequences of abrogated
transcription elongation inhibition. For this, we employed Chromo-
sight, a computer vision-based tool that quantitatively scores loop
and boundary strength**. This analysis revealed a modest, but often
cluster-specific, reduction in both loop and boundary signals after
transcriptional inhibition (Extended Data Fig. 7f-i). For boundaries,
the most prominent reductions were observed in clusters enriched
for the active promoter mark H3K4me3—specifically, cluster 2 and
the BEAF-32-associated cluster 6, whereas cluster 5 enriched for insu-
lators CTCF and CP190 showed no decrease in insulation (Fig. 3h and
Extended DataFig. 7f). Moreover, these changes appeared largely locus
specificrather than representing a uniform trend across regions within
agiven cluster (Extended Data Fig. 7g). For loops, no loop-anchor
cluster passed the significance threshold (P> 0.05, unpaired Wilcoxon’s
rank-sumtest, Benjamini-Hochberg adjusted; Extended DataFig. 7h).
Likeboundaries, there was no clear trend across loop-anchor regions.
However, cluster 1—enriched for ZId, GAF and CLAMP and exhibiting
the highest average RNA output—showed the greatest, albeit still weak,
decreaseinloop strength, whereas loop-anchor cluster 5, associated
with Su(Hw), remained unaffected (Fig. 3h and Extended Data Fig. 7h,i).
Itisinteresting that CBP depletion, which similarly disrupts transcrip-
tional elongation, also leads to modest chromatin changes, support-
ing that much of the chromatin landscape in Drosophila is shaped by
additional regulatory mechanisms*.

Together, these results suggest that early genome organizationis
coordinated by distinct regulatory inputs.

Sequence-based models predict motif diversity in 3D genome
To systematically identify the underlying sequence features associated
with the dynamic changes and their potential regulators in the early
embryo, we employed machine learning to performinsilico pertur-
bations of the system. Using the Orca algorithm*®, which integrates
sequenceinformationto predict chromatininteractions, we trained two
models for NC12 and NC14 at a1-kb resolution. The NC14 model had a
high correlation with experimental data (Pearson’s correlation, r = 0.68)
compared to the NC12 model (r= 0.42), likely reflecting the more
defined chromatinstructure presentat NC14 (Supplementary Table 2).
Highlighting the specificity of the approach, both models predict archi-
tecture accurately (Fig.4a and Extended Data Fig. 8a). Moreover, when
wemutated ZId motifsinsilico at the bitesize (btsz)locus, a site known to
be affected by ZId depletion'®, the models predicted alocal weakening
of boundary insulation at the correct position in both NC12 and NC14
(Extended Data Fig. 8a,b). Although the effect is smaller than in the
experimental data, it is notable that the model captures the expected
direction and location of the change based solely on DNA sequence.
We then utilized a multiplexed in silico mutagenesis approach*®
to screen for sequence disruptions that could induce local structural
remodeling withina 0.25-Mb distance in both models. We calculated a
structuralimpactscore for eachregion of the genome by introducing
three random mutations every 10 bp across the genome. This score
indicates the predicted impact of a sequence mutation on local archi-
tecture, with higher values reflecting greater structural disruption.
Regions with high structural impact scores were typically associated
with transcriptionally active, promoter-like states (Fig. 4a). To system-
atically examine the association of these scores with the chromatin
landscape, we plotted the structural impact score distribution across
all 20 states (Fig. 4b). We observed that regions with promoter-like
states (states 7 and 19) had significantly higher impact scores (Fig. 4b

and Extended Data Fig. 8c; P < 2 x 107, analysis of variance (ANOVA)).
To test whether promoter-like regions outside TSSs also carry high
structural impact, we split states 7 and 19 into TSS-overlapping and
TSS-nonoverlapping subsets, finding that, although non-TSS regions
had lower scores, in state 19 they still ranked significantly higher than
other states (Extended Data Fig. 8d). This suggests that promoter-like
chromatin states, particularly state 19, may have the capacity at the
sequence level to act similarly to promoters, even in regions distant
fromannotated TSSs, potentially marking putative enhancers.

Motif enrichment analysis at regions with high structural impact
scores revealed several known factors, including M1BP, Dref, BEAF-32,
Clamp, GAF and ZId, as well as factors such as Spps, sqz, Hr3, L(3)neo38,
Lmd and Pnr, which were previously uncharacterized as chromatin
structuralregulators (Fig. 4c and Extended Data Fig. 8e,f). De novo motif
analysisrevealed similar enriched motifs asbefore, along with additional
elements such as C-repeats and canonical promoter sequences (Fig. 4d).
To determine whether these factors are present at this developmental
stage, we used RNA-seq data for NC7-NC14 that utilized 5-ethynyl uri-
dine to distinguish between maternal and zygotic transcripts’. This
showed thatanumber of these candidate factors are zygotically present
(Extended DataFig. 8e). Moreover, these factors shared similar motifs,
including ATCGA-like motifs (BEAF-32, Dref and Pnr), GGTCAC-like
motifs (MIBP and Hr3) and C-rich motifs (Spps, L(3)neo38, Lmd and Sug)
(Extended Data Fig. 8e).Inaddition, Sqz, which has an A-richmotifandis
predicted to have RNA Pol lI-specific activity (FlyBase ID FBgn0010768),
was present both maternally and zygotically (Extended Data Fig. 8e).

To test the contribution that each factor has to genome archi-
tecture, we performed in silico-directed mutagenesis for each fac-
tor’s motifs. M1BP showed the strongest individual effect, whereas
Sqz, a putative regulator, had a greater impact than GAF or ZId
(Extended Data Fig. 8g). Although single-factor depletion did not
disrupt chromatinarchitecture substantially, consistent with previous
findings for specific factors®?°, simultaneous in silico mutagenesis
of multiple factor motifs led to a pronounced reduction in insulation
(Fig. 4e). To assess whether these effects were built on each other, we
compared insulation changes from combined versus individual muta-
tions and found a strong correlation (Fig. 4f). In addition, pairwise
comparisons of insulation changes from single-factor mutagenesis
showed largely uncorrelated effects (Extended Data Fig. 8h). These
results suggest that genome architecture in Drosophila is additively
encoded by multiple factors, with each factor contributing uniquely
to chromatinarchitecture.

Genome establishment is coordinated by distinct orthogonal
inputs
Toinvestigate how the chromatin state relates to architectural features
during genome establishment, we first examined the distribution of
chromatin states at loop anchors and boundaries across develop-
mental time and in Zld-depleted embryos. This analysis revealed that
promoter-like states remain enriched at loop anchors and boundaries
relative to their local genomic context, eveninZld knockdown (Zelda-)
ChromHMM states (Extended Data Fig. 9a). To explore this further, we
plotted chromatin state dynamics across regulatory clusters and found
that many clusters—despite differing in their factor composition—con-
vergeonasimilar active chromatinlandscape (Extended Data Fig. 9b,c).
This suggests that distinct regulatory configurations can produce
similar chromatin outputs, potentially explaining the limited impact on
promoter-like state enrichment despite perturbations. Suchresilience
may reflect orthogonal pathways contributing to genome architecture.
To directly test whether genome establishment involves orthogo-
nal inputs, we used the Jabba-Trap system to simultaneously deplete
Zld and GAF and performed both ATAC-seq and Pico-C on embryos
at NC14 (Fig. 5a and Extended Data Fig. 10a). Jabba-Trap inactivates
GFP-tagged proteins by sequestering them to lipid droplets®, effec-
tively removing the tagged proteins from their nuclear targets (Fig. 5a
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Fig. 4| Modeling of chromatin architecture using Orca on Pico-C maps
highlights promoter-linked state regions and reveals a diverse set of
sequences associated with predicted architecture. a, Example region from

the validation set (not used in training) showing high concordance between the
model’s prediction and observed data. Left: ChromHMM states and the structural
impactscore, calculated by mutating random sequences genome wide. Higher
structuralimpact scores indicate regions where mutations are predicted to affect
chromatin structure more strongly. b, Comparison of structural impact score
distributions across matched ChromHMM state regions between NC12 and NC14
models. For each chromatin state, the median is shown as the central line within
the box, whereas the red points indicate the mean. ¢, Motif enrichment analysis
of regions with high structuralimpact scores (>0.02 for NC14, >0.01 for NC12),

identifying motifs associated with sequences predicted to be highly sensitive
toin silico mutagenesis. d, HOMER de novo motif enrichment in regions with
high structuralimpact scores (>0.01 for NC12,>0.02 for NC14). NC12-enriched
motifsinclude poly(C) repeats, ZId and promoter-linked sequences, whereas
NC14 is dominated by M1BP, DREF and other promoter-associated elements.
e, Aggregate boundary analysis on the validation chromosome comparing the
control model with in silico-directed mutagenesis of the factors identified in
b. The ‘all’ condition represents simultaneous mutation of all listed factors.
Boundary strength is quantified using the insulation score (top right of each
aggregate), calculated from the log(observed/expected) signal within a 20-kb
window. f, Comparison of insulation changes from combined mutations versus
the sum of individual mutations showing a strong correlation (r = 0.95).

and Extended Data Fig. 10a). To assess the regulatory consequences of
combined depletion, we performed de novo motifenrichment at regions
with reduced ATAC-seq accessibility in double-knockdown (DKD)
embryos. This analysis revealed ZId and GAF motifs as the most signifi-
cantly enriched (Fig. 5b), supporting depletion of both factors. Notably,
highly resolved Pico-C maps on these mutants revealed thatarchitectural
disruptions at both Zld-associated®*® and GAF-associated features®

co-occurinthe DKD (Fig. 5c and Extended DataFig.10b). To further query
whether these disruptions are visible in a cluster-specific manner, we
conducted Chromosight analysis comparing these matrices with their
controls (Fig. 5d and Extended Data Fig. 10c-f). We found that bound-
ary clusters 2 (ZId-low), 3 (ZId-medium) and 4 (Zld-high and GAF-high)
exhibited the most pronounced weakening on removal of both factors
(Fig. 5d and Extended Data Fig.10c,d). A similar pattern was observed for
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Fig. 5| Zelda and GAF regulate genome organization through orthogonal
mechanisms. a, Jabba-Trap system simultaneously depleting Zelda and GAF in
embryos. GFP, which marks both GAF and Zelda, is excluded from the nuclei.
Scale bar: 5 um. b, HOMER de novo motif enrichment analysis at lost open
chromatin regions in DKDs showing enrichment of the predicted ZId motif and
GAF motif. ¢, Examples of NC14 loci with altered chromatin architecture in DKD
embryos. The loops are shown as arcs, with anchors colored and numbered by
loop-clusteridentity (Loop clust.). The red arcs denote loops that are disrupted.
The boundaries altered in DKD embryos are marked by red boxes next to the
heatmaps and are similarly labeled by boundary cluster identity (Bound.
clust.). Most disrupted features correspond to Zld-enriched or GAF-enriched

clusters. Matched ATAC-seq tracks show locus-specific loss of open chromatin
at these sites. Previously defined GAF-dependent loops® are indicated with
black arrowheads. d, Chromosight analysis showing cluster-specific reductions
inarchitectural strength at boundaries and loops after ZId or GAF depletion.
Boundary cluster 4 (ZId or GAF enriched) displays a strong loss of insulation,
whereas cluster 5 (CTCF or CP190 enriched) is largely unaffected. A similar pattern
isobserved atloop anchors: cluster 1 (Zld or GAF associated) shows pronounced
weakening, whereas cluster 2 (CLAMP and H3K4me3 enriched) is only modestly
impacted. Statistical comparisons were performed using an unpaired Wilcoxon’s
rank-sum test with Benjamini-Hochberg correction. The P, thresholds are:
"P,4j<0.001, "P,4;< 0.01, P,; < 0.05. Ctrl, control; DKD, double knockdown.

loops, where the greatest effect was seenin the Zld-GAF cluster 1 (Fig. 5d
and Extended DataFig.10e,f).In contrast, other clusters associated with
different factors showed weak to no reductions, many of which were not
statistically significant (P> 0.05, unpaired Wilcoxon’s rank-sum test,
Benjamini-Hochberg adjusted; Fig. 5d and Extended Data Fig. 10e,f).
These results support a model in which early genome architecture is
shaped by distinct regulatory pathways. Importantly, this does not

excludethe presence of regions that are co-regulated by both factors. In
ourboundary clustering analysis, for example, clusters 2and 3 were pre-
dominantly enriched for ZId, whereas cluster 4—marked by both Zld and
GAF—showed the most pronounced loss of insulation in Chromosight
analysis (Extended Data Figs. 3b and 10e,f). Similarly, subclustering of
loop anchorsidentified asubgroup (subcluster1.3) with high occupancy
of ZId, GAF and Clamp (Extended Data Fig. 3f).
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Together, these findings suggest that, although genome architec-
ture is shaped by orthogonal inputs, these pathways are not mutually
exclusive and may act cooperatively at specific loci.

Discussion

This work introduces a versatile framework for exploring the regula-
tory logic of genome architecture during early embryogenesis. First,
we generated a high-resolution dataset that captured the dynamic
establishment of 3D chromatin structure in Drosophila embryos. This
resource offered a sharp view of genome folding as it emerges, enabling
preciseidentification of architectural features across developmental
time, extending recent Micro-C observations that such structures
can arise before genome activation®. Building on this, we integrated
publicly available datasets to characterize distinctinputs underpinning
conformation, revealing that these can be stratified by differential
enrichment of transcription factors and insulator proteins. Further-
more, by modeling chromatin architectureinrelation to sequence, we
identified a diverse set of motifs associated with structural elements.
Notably, many of these motifs corresponded to transcription factors
withlittle to no prior characterization in the context of early genome
activation, providing a rich set of candidates for future functional
interrogation. Although these results offer a layered view of genome
organization, this work will continue to benefit from new datasets. For
example, we still observe regions that lack clear factor enrichment,
suggesting that additional regulators or regulatory modes remain to
be discovered.

Overall, our results showed that Drosophila genome establish-
ment relies on multiple distinct regulatory pathways. This differs from
vertebrate systems, where pioneer factors often function redundantly.
In Drosophila, both ZId and GAF are essential for embryonic viability.
By comparison, in zebrafish, Nanog, Pou5f3 and Sox19b (NPS) act
cooperatively to activate the zygotic genome’*”’. In the mouse, Dux
contributes to ZGA butis dispensable for development®**>, The recent
identification of Obox4 as a co-regulator of Dux** supports the idea
that pioneer factor activity in vertebrates is often shared among par-
tially redundant proteins. In contrast, our work suggests that genome
regulators in Drosophila function additively.

These findings raise other broader questions about how early
chromatinarchitectureis programmed. Our results suggest that proper
genome establishmentinvolves both factor-specific mechanisms and
broader context-dependent constraints. For example, loop anchorsin
our analysis can belong to multiple regulatory clusters despite loop-
ing together, implying that this is not governed solely by the presence
of specific factors, but also potentially by the regulatory history and
neighborhood context of alocus. In this light, it is notable that deple-
tionof Zld and GAF produces stronger architectural effects than block-
ing transcription with a-amanitin. One possible explanation is that
pioneer factorsact upstreamin establishing chromatin conformation,
whereas transcription represents amore downstream process™. It will
be interesting in the future to target the pre-initiation complex with
more refined genetictools to continue examining the interplay of chro-
matin conformation and landscape’®****", These genetic perturbations
combined with temporal data will be particularly powerful in dissecting
the role of hysteresis in genome architecture, further elucidating the
interplay of factor specificity, order and timing of regulatory events and
conformation. Together, our work lays the foundation for dissecting
how diverseregulatoryinputs, both orthogonal and cooperative, drive
robust chromatin architecture in early development.
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Methods

Drosophila stock maintenance

PCNA::EGFP flies used for interphase-staged Pico-C were generously
provided by S. A. Blythe and E. Wieschaus (Princeton University).
The sfGFP-Zelda and GAF-sfGFP flies were generated as described
previously™“°. Jabba-Trap was expressed from the maternal a-tubulin
67 promoter, kindly provided by S. A. Blythe®. Flies were maintained
onstandard cornmeal-agar food and raised at 25 °C.

Embryo fixation and collection

Afullstep-by-step protocol covering embryo fixation canbe accessed
atprotocols.io (https://doi.org/10.17504/protocols.io.rm7vz9ro5gx1/
v1). Briefly, PCNA::EGFP flies were allowed to lay eggs on 0.4% ace-
tic acid agar plates at 25 °C for 1 h pre-collection (NC12-NC14) or 2 h
pre-collection (NC9-NCI11). After egg laying, plates were incubated for
30 min (NC9-NCI11) or 1-1.5 h (NC12-NC14) before fixation. Embryo
fixation was performed following the published Micro-C protocol®’,
with the exception that EGS was used as the sole secondary crosslinker.
Embryos were first crosslinked in 1% formaldehyde, quenched with
Tris-HCI (final 0.75 M), washed in phosphate-buffered saline with Triton
X-100 (0.5% final concentration) and then crosslinked in 3 mM EGS for
45 min at room temperature. After a second quench, embryos were
washed, staged and sorted. Interphase embryos showed clear nuclear
PCNA signals and NC was assigned based on nuclear density. Sorted
embryos were snap-frozenin liquid nitrogen and stored at —80 °C.

Pico-C

The complete step-by-step protocol, including the micrococcal nucle-
asedigestion test, isavailable at protocols.io (https://doi.org/10.17504/
protocols.io.kqdg31nm1I25/v1). Pico-Clibraries were generated follow-
ing the published Micro-C protocol***with several key modifications.
Nucleiwereimmobilized on concanavalin A-coated magneticbeads to
increase DNA recovery and eliminate centrifugation steps before DNA
extraction. Approximately 10 embryos (-60,000 nuclei) were used for
the NC14 libraries, withinput doubled at each earlier stage (up to ~300
embryos for NC9). After nuclear extraction, samples were resuspended
in900 plof MB1and 100 pl of 10x binding buffer (200 mM Hepes-KOH,
pH 8,100 mM KCl, 10 mM CacCl,, 10 mM MnCl, and 5 mM spermidine)
along with 10 pl of pre-washed concanavalin A-coated beads. The
mixture was rotated for 10 min at room temperature to allow nuclei
tobind the beads.

Bound nuclei were digested with micrococcal nuclease at 37 °C for
10 min with shaking (950 rpm). The reaction was stopped by adding
EGTA ((ethylenebis(oxonitrilo))tetra-acetate, final 20 mM concen-
tration) and samples were washed 3x with cold MB2 buffer (50 mM
NacCl, 10 mM Tris-HCI, pH 7.5, and 10 mM MgCl,) while kept on the
magnet. End-repair and phosphorylation were performed as previously
described®® using T4 PNK and Klenow fragment.

Biotinylation was extended to 4 h to improve ligation efficiency
and reduce downstream PCR requirements. At the 2-h mark, 1.5 pl of
100 mMATP and 50 U of Klenow fragment were added and incubation
continued for the remaining 2 hat 25 °C. The reaction was stopped with
0.5M EDTA and samples were washed twice with 500 pl of cold MB3
buffer (50 mM Tris-HCI, pH 7.5, and 10 mM MgCl,).

Proximity ligation was carried out using T4 DNA ligase (10,000 U
total, added in two steps) for 5 h at room temperature. Unligated
ends were treated with exonuclease Il to remove free biotin-dNTPs.
Crosslinks were reversed by overnightincubation at 65 °Cin the pres-
ence of proteinase K and sodium dodecylsulfate (SDS). DNA was puri-
fied by extraction with phenol and chloroform. To maximize yield from
low-input samples, total DNA was carried forward into the final library
construction phase and size selected for dinucleosomal fragments
(350-500 bp) after PCR amplification using Ampure XP beads. Final
libraries were eluted in10 mM Tris-HCI, pH 8, and quantified by Qubit
before sequencing.

Embryo injections

Injections were performed as previously described'. Briefly,
a-amanitin (0.5 mg ml”in water) or water alone was injected evenly into
a PCNA::EGFP embryo. Embryos older than NC8 after injection were
discarded. The remaining embryos were monitored until NC14, then
either fixed and staged for Pico-C or pooled (10 embryos per batch) in
30 pl of TRIzol and flash-frozen for RNA extraction. All embryos were
handsorted to ensure correct staging. A subset of embryos was allowed
todevelop, revealing consistent arrest in amanitin-injected embryos,
whereas controls developed normally as shown before',

RNA-seqin embryos

For eachreplicate, 40 embryos were pooled and homogenized with a
metal pestle. RNA was extracted by chloroform phase separation and
purified from the aqueous layer using the NEB Monarch RNA Cleanup
Kit (NEB, cat. no. T2030). All samples showed RNA integrity no. >7 on
a Bioanalyzer. Libraries were prepared with the Watchmaker mRNA
Enrichment and Library Prep Kits according to the manufacturer’s
protocol, dualindexed, pooled and sequenced on an Illumina NextSeq
2000 to adepth of 280 million paired-end, 60-bp reads per sample.

Single-embryo ATAC-seq on embryos depleted for Zelda

and GAF

Single stage 5 (NC14) embryos of the genotype sfGFP-Zld;Jabba-Trap/
CyO;GAF-sfGFP and sfGFP-Zld; Sp/CyO; GAF-sfGFP controls, identified
based onmorphology, were harvested and processed for ATAC-seq as
described previously". Libraries were prepared from four replicates of
both experimental and control embryos and paired-end sequencing
was performed on aNovaSeq X Plus.

Immunohistochemistry of embryos depleted for Zelda

and GAF

The sfGFP-Zelda;Jabba-Trap/CyO;sfGFP-GAF and sfGFP-Zelda;Sp/
CyO;sfGFP-GAF control flies were put in cages, allowed to lay for 1.5 h
and the embryos were aged for an additional hour at 25 °C. Dros-
ophila embryo collection, fixation and staining were performed as
previously described". The following antibodies were used: rabbit
anti-GFP (Abcam, cat.no.ab290, 1:500); DyLight 488-conjugated goat
anti-rabbit (Thermo Fisher Scientific, cat.no.35552,1:1,000); and DAPI
(Thermo Fisher Scientific, cat.no. D1306,1:1,000). Images were taken
using a Nikon Ti-2e Epifluorescent microscope or Nikon AIR+ confo-
cal and processed by Fiji or Image)®® and Adobe Photoshop software.

Pico-C data processing

Pico-C reads were mapped to the dmé6 genome using BWA-MEM
v0.7.17 (ref. 64). Aligned reads were then processed with Pairtools
v1.0.3 (ref. 65) using the parse2 function to rescue complex walks
and any reads below a mapping quality of 3 were removed. The result-
ing pairs files were sorted and converted to FAN-C v0.9.18 (ref. 66)
pairs format. Duplicates were removed and quality control metrics
were extracted.

Wethen generated FAN-C .hicfiles. Principal component analysis
(PCA)was performed on these .hicfiles using FAN-C, with asample size
0f 100,000 interactions, focusing on distances between 100 kb and
1Mbto assess variation and clustering across the samples. As biologi-
cal replicates clustered well across all stages (Extended Data Fig. 1a),
the .hicfiles of replicates were merged. The merged files were binned
at different resolutions and normalized using iterative correction.
We then used a customized Python script to determine the bin size,
where 80% of bins had >1,000 reads, as done previously®, to estimate
the optimal resolution of each stage. Finally, the merged FAN-C .hic
fileswere converted to balanced Cooler .mcoolfiles usingthe cooler
zoomi fy utility from Cooler v0.9.3 (ref. 68), with the options --balance
--balance-args ‘--mad-max O --max-iters 1000’ to perform iterative
matrix balancing.
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Pico-C, Micro-C and Hi-C coverage tracks

Genome-wide coverage tracks from Pico-C datawere generated using
cooltools v0.5.3 (ref. 69). Full or downsampled matrices (- - count
100000000 using random sample) were used to compute coverage
at multiple resolutions with cooltools coverage, producing raw TSV
and BigWig outputs. Raw BigWigs were normalized to counts per
million (CPM) using wiggletools and converted to the BigWig format
viabedGraphToBigWig.

For quantifying signal across chromatin states, per-binread counts
were extracted from 1-kb cooler matrices, intersected with state anno-
tations and scaled by overlap size to obtain total counts per state.
Countswere thennormalized by region length and total mapped reads
to derive bins per million coverage, analogous to transcript per million
normalization in RNA-seq.

Loop and boundary identification

Boundaries were detected from equally downsampled .hic files using
FAN-C (500-bp bins, 16-kb window). Boundaries with insulation
>0.45 and outside centromeric or low-mappability regions were
retained. Stage-specific comparisons were performed in R using
GenomicRanges v1.56 (ref. 70) and ComplexUpset v1.3.3 (ref. 71)
with a 5-kb tolerance. All boundary calls are provided in Supple-
mentary Data 1.

Loops were identified using Mustache v1.3.2 (ref. 27) at 250-bp,
1-kb, 2-kb, 4-kb and 16-kb resolutions to capture looping dynam-
ics across distances. Loops with P> 0.01 or in low-mappability or
low-centromeric regions were removed. Resolution-specific calls
were merged iteratively with Bedtools v2.29.2 (ref. 72) (pairToPair
-slop 1000)to createaunified loop set. Stage-specific loop overlap
(NC9-NC14) was assessed with hicVennDiagram v1.2 (ref. 73) applying
the same overlap thresholds used for boundaries. All loop calls are
provided in Supplementary Data 2.

Compartment analysis
To identify chromatin compartments from Pico-C data, we used CAL-
DER2v0.7 (ref. 35).

NC14 intrachromosomal contact matrices were generated
with fanc dump at multiple resolutions (1-50 kb) and converted
to tab-delimited format for CALDER2. A log,(input-normalized
H3K36me3)*>”* BigWig track was used to define the correct A or B ori-
entation. A 3-kbresolution was chosen becauseit yielded the strongest
correlation (>0.4) with H3K36me3. Subcompartments were simplified
toA.1,A.2,B.1and B.2 for downstream analyses, excluding previously
characterized centromeric regions'. Compartment calls are provided
inSupplementary Data 6.

Aggregate analysis

Aggregate analysis for loops calls, boundaries and compartments was
done by first calculating the expected interaction frequencies using
our Pico-C matrices with cooltools expected-cis. Pileup analysis
was then carried out using coolpup.py v1.1.0 (ref. 75).

For boundary local pileups, the score in the right corner reflects
the average insulation—calculated by dividing the signalsin opposing
corners of the aggregate as described in the documentation. Com-
partment pileups were rescaled using the parameters - -rescale
--rescale flank 1 --rescale size 99tonormalizefeaturesize
and flanking regions.

Clustering of boundaries and loop anchors

Thesignal of various epigenetic marks and transcription was extracted
fora5-kbwindow around the center of individual boundaries and loop
anchors (anchors within1kb of each other were merged and treated as
asingle anchor). An enrichment score for each region was calculated
by dividing the average signal of the center (-500 bp to +500 bp) by the
average signal from the flanking region (+1 kb to +2.25 kb). Hierarchical

clustering of boundaries and loop anchors was performed on the
enrichment scores using Euclidean distance and Ward’s method. The
number of clusters was selected empirically as the largest number
that produced epigenetically distinct groups. For visualization pur-
poses, UMAP dimensionality reduction was applied to the region by
enrichment score matrix. Loops >500 kb were excluded from this
analysis, because they tend to show higher noise and weaker signal due
todistance-dependent decay (16.1% of total loops). Cluster results are
provided in Supplementary Data 3.

ChromHMM input data processing
Public datasets were processed using standardized pipelines specific
toeach datatype.

For ChIP-seq data, adapter trimming and deduplication
were performed with fastp v0.23.1, followed by alignment to dmé
using Bowtie2 v2.5.4 (ref. 76) (- -no-unal, --no-mixed and
--no-discordant). SAM files were converted and sorted with
Sambamba v1.0.1 (ref. 77) and reads with mapping quality <20 or
overlapping black-listed regions were removed. ATAC-seq data
were processed identically, with additional use of deepTools v3.5.6”
alignmentSieve(--ATACshift).Openchromatinreads (<100 bp)
and nucleosomal fragments (180-250 bp) were separated. RNA-seq
datawere aligned using STAR v2.7.10a”°. The resulting BAM files were
indexed using Sambamba.

Quality control checks for all datasets were performed using Sam-
tools v1.18 (ref. 80) and FastQC v0.12.1 (ref. 81).

ChromHMM

ChromHMM v1.24 (ref. 29) was used for chromatin state analysis.
Datasets were grouped into five categories: pre-minZGA (NC1-
NC8), pre-majZGA(a) (NC9-NCI11), pre-majZGA(b) (NC12-NC13),
ZGA (NC14) and Zelda", which included Zld knockdown data from
NC12-NC14. For pre-majZGA stages, where data were available across
both NC9-NC11 and NC12-NC13, shared datasets were used; oth-
erwise, stage-specific data were included where available. Input
controls were specified in the cell-marks file and, for RNA signal,
flowthrough maternal RNA-seq data’ were used to minimize maternal
transcriptinfluence.

Deduplicated BAM files were used for binarization and model
training (with LearnModel options-b100-r400). Models with varying
state numbers were tested and a 20-state model was selected based on
log(likelihood). States were annotated with ChlPseeker v1.40 (ref. 82)
using enrichment across gene bodies, chromosomal distributionand
ChromHMM emission probabilities, and ordered by developmental
enrichment. Gene ontology enrichment was performed with clus-
terProfiler v4.12 (ref. 83) using enrichGO (BP ontology, P, < 0.05),
with terms simplified and visualized as dot plots highlighting key
biological processes. De novo motif enrichment was assessed using
HOMER v4.11 (ref. 30) (findMotifsGenome.pl) on regions showing
peak enrichment for each state. ChromHMM tracks are provided in
Supplementary Data 5.

Metaloci analysis

ChIP-seqand RNA-seq data were processed per replicate using deep-
Tools bamCompare to generate log,(ratio BigWigs) when inputs are
available. For RNA-seq, flowthrough was used as input to control for
maternal effects. Replicates were merged using bigwigAverage. The
dmé6 genome was divided into 200-kb windows (100-kb step), exclud-
ing bins with >5% unmappability and/or centromeric overlap.

Pico-C and genomic signals were integrated using an adapted
METAloci framework*’. Spatial autocorrelation was applied to assess
correlations between chromatin interactions and genomic features.
Stage comparisons (NCI12 versus NC14) used two-sided Wilcoxon’s tests
(P<0.05,"P<0.01, "P<0.001) and violin plots show global Moran’s
distributions with mean values highlighted.
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RNA-seq analysis (a-amanitin-treated versus water-treated
embryos)

Adapters and low-quality bases were trimmed using fastp v0.24.0
(ref.84)with - -detect _adapter for peandreadswerealignedtothe
dmé6 genome using STARv2.7.11b (- -out FilterMismatchNoverLmax
0.04,--outFilterMultimapNmax 1and --outSAMtype BAM Sort-
edByCoordinate). Only uniquely mapping reads were retained.
Gene-level quantification was performed with featureCounts v2.0.8
(ref. 85) in paired-end mode (-p).

Differential expressionanalysis between a-amanitin-treated and
water-treated embryos was performed using DESeq2 v1.44.0 (ref. 86).
Genes with >10 countsin atleast 2 samples were retained.

A set of stable maternal transcripts based on prior annota-
tions® was used for normalization (21,000 counts in =2 samples,
llog,(fold-change)| <1, log(counts per min) >1). Variance-stabilized counts
were used for visualization and significance was defined as P,; < 0.05.

Scale-factor-normalized BigWig tracks were generated with
deepTools (bamCoverage, binsize =1) and averaged acrossreplicates
using bigwigAverage.

Chromosight analysis
Chromosight v1.6.3 (ref. 44) was used to quantify boundary and loop
strengths using - - subsample to have equally sampled contact maps
from a-amanitin-injected, water-injected and Zelda or GAF DKD
embryos and matched controls. For boundary analysis, scores were
computed at 500-bp resolution using - -pattern borders.Loop
strengths were quantified using NC14 loop BEDPE coordinates across
multipleresolutions (1-8 kb) to capture interactions at varying genomic
distances. The highest-resolution score was retained per loop. Loop
scores were analyzed at the anchor level by assigning each loop anchor
independently to predefined merged loop-anchor cluster regions.
Scores were compared between samples and controls in R using
unpaired Wilcoxon’s rank-sum tests (P <0.001, "P< 0.01, P < 0.05).
Scoreswere grouped by boundary orloop-anchor cluster, withanchors
participating in multiple loops linked to more than one score. To track
feature score trends, normalized score differences (-1to1) were calcu-
lated per locus-positive values indicating stronger signals in controls
and negative in experimental samples. Outliers were removed using
theinterquartile range method and mean and median differences were
summarized per cluster.

Model training and evaluation

We adapted the second-stage Orcamodel*’, composed of a hierarchical
sequence encoder and a multilevel cascading decoder, to predict the
chromatin structures at 125-bp, 250-bp, 500-bp and 1-kb levels from
250-kb DNA sequences. NC12 and NC14 Pico-C data were used and
genomic sequences were retrieved from the dmé reference genome.
All chromosomes except chr2L:0-19 Mb were used for training, with
this region reserved for validation.

We adopted the same training strategy as Orca*®. The training
process with stochastic gradient descent took about 1,500,000 steps
(250-kb sequence with batch size 8 and learning rate 0.01 with momen-
tum 0.98) on a server with 4 NVIDIA Tesla v100 (32 GB) graphics pro-
cessing units. Model performance on the holdout region was assessed
by concatenating and flattening 1-kb prediction matrices and calcu-
lating Pearson’s correlation between predicted and observed Pico-C
contact maps.

Multiplexed in silico mutagenesis

We employed the same in silico mutagenesis screening approach uti-
lizedin Orca*® at1-kb resolution to identify individual motifs critical for
genome interaction. The disruptionimpact on local genome interac-
tionsis measured by 250-kb structuralimpact score, whichis the aver-
age absolute log(fold-change) of interactions between the disruption
position and all other positionsin the 250-kb window.

For motif enrichment analysis, Drosophila nonredundant motifs
were downloaded from the JASPAR 2024 database®. Motif matches
foreach10-bp site were scanned for after extending by 10-bp flanking
sequence oneachside,and amaximum log(odds score) over the 30-bp
window for each motif was calculated. To quantify the enrichment of
motifs, two-sided Student’s t-test (without assuming equal variance)
was performed to compare the motiflog(odds scores) of the sites with
impactscore>0.02for NC14 and >0.01for NC12 against the background
0f100,000 sites randomly drawn among all 10-bp sites screened. Fold
enrichment was also computed on the same sites with amotiflog(odds
threshold) of 10.

Motif-specific mutagenesis

To assess how specific motifs influence global genome architecture, we
analyzed boundary regions following genome-wide mutagenesis. The
validation region wastiled into 250-kb windows (125-kb step) and acces-
sible motifinstances were defined by intersecting ATAC-seq peaks with
motif matches. Eachsite was extended to 14 bp and randomly mutated
to ensure consistent sequence length.

Boundaries identified in the original Pico-C data were used for
pileup analysis (log(fold-change) over background within 20 kb).
Boundary strength was quantified by the insulation score, defined as
the difference between the sums of the diagonal versus off-diagonal
quadrants of the interaction matrix centered on each boundary. The
insulation change was computed as the difference in the score before
and after mutation.

Five motifs—Zelda, GAF, M1BP, Dref and sqz—were tested individu-
ally and in combination. Pairwise effects were assessed by comparing
insulation changes at shared boundaries and combined effects were
evaluated by mutating all accessible instances of the five motifs within
each window and comparing total insulation changes to the sum of
individual perturbations.

Structural impact score distribution

Meanstructuralimpact scores were calculated across ChromHMM state
regions by averaging scores within annotated regions. Promoter-like
states (7 and 19) were further subdivided based on overlap with TSSs.
Differences across states were tested using ANOVA (P <2 x1071¢) and
confirmed with a nonparametric Kruskal-Wallis test (P <2.2 x10716).
Pairwise comparisons were performed using Tukey’s honest signifi-
cant difference (HSD) test and the results were visualized with mean
scores = 95% confidence intervals and acompact letter display indicat-
ing statistically distinct groups.

Effect size distribution

To quantify the effect size of factors identified as significant in our
machine learning analysis, we first gathered the predicted effect data
fromin silico mutagenesis for each factor and a corresponding set of
random regions as controls. The effect size for each factor was deter-
mined by calculating the mean difference between the factor-specific
predictions and the control values.

State local enrichment analysis at loop anchors and
boundaries

Chromatin state enrichment within loop anchors and boundaries was
assessed across developmental stages. Loop and boundary coordi-
nates were intersected with stage-specific ChromHMM annotations
and local background regions were defined by extending each fea-
ture +150 kb. Enrichment was calculated as the observed/expected
ratio of each state within loops or boundaries relative to their local
background, log,(transformed).

ATAC-seq analysis
Paired-end ATAC-seq reads were processed as above. BAM files were
filtered (MAPQ >10), deduplicated and merged with sambamba.
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Tn5 insertion bias was corrected using deepTools alignmentSieve
--ATACshift. Coverage tracks were generated with bamCoverage (RPGC
normalization, 5-bp bins, blacklist excluded).

Accessible regions were identified with HMMRATAC v1.2.10
(ref. 88). We note that, in DKD embryos, HMMRATAC detected an
increased number of peaks, predominantly corresponding to acces-
sible regions in controls. HOMER de novo motif enrichment was per-
formed onregions thatlost accessibility in DKD embryos. Called peaks
are provided in Supplementary Data 7.

Data visualization

Chromatin contact data were visualized using HiGlass v0.4.7 (ref. 89).
pyGenomeTracks v3.8 (ref. 90) was used to display chromatin contact
datainFigs.1and 3 and Extended DataFigs.1and 6, using anaturallog
withscale factor set to 100. All other panels displaying chromatin con-
tact datawere plotted with CoolBox v0.3.8 (ref. 91) using alog,, scale.

Statistics and reproducibility

Statistical analyses were performed in R (v4.4.0) and data visualiza-
tionwas carried out using the ggplot2 package (v3.5.1). Box plots were
defined with boxes spanning from the first quartile (25th percentile)
tothethird quartile (75th percentile), with the median represented by
ahorizontallline within the box. Whiskers extend to the most extreme
data points within 1.5x the interquartile range from the box. No col-
lected data were excluded and data collection and analysis blinding
were not applicable to this study. All statistical tests were two sided.

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

Data availability

Pico-C, ATAC-seq and RNA-seqdatagenerated in this study have been
depositedin ArrayExpress under accession no. E-MTAB-14477.In addi-
tion, we analyzed data from the following publicly available datasets,
including for our cluster analysis (listed in Supplementary Data 3) and
ChromHMM analysis (cell-mark file information available in Supple-
mentary Data4): Gene Expression Omnibus accession nos. GSE83851,
GSE152771, GSE86966, GSE152770, GSE161588, GSE30757, GSE125575,
GSE41700, GSE130334, GSE218019, GSE58935, GSE140539, GSE86966,
GSE62925, GSE141538, GSE65837 and GSE152598 and ArrayExpress
accessionno. E-MTAB-9156.Source data are provided with this paper.

Code availability

Code and scripts used in this study are available via GitHub at https://
github.com/vaquerizaslab/Maziak_et_al_Drosophila_Pico-C and via
Zenodo at https://doi.org/10.5281/zenodo.17584456 (ref. 92).In addi-
tion, Orcamodels trained on our data are available through Orca-Fly:
https://github.com/jzhoulab/OrcaFly.
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Extended Data Fig. 1| See next page for caption.
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Extended Data Fig. 1| Pico-C enables high-resolution, stage-specific profiling
of early chromatin architecture. a, Principal component analysis (PCA)
conducted on 45 Pico-Clibraries from stages NC9-14. b, Percent bins with at least
1k reads across different bin sizes. 80% cutoff to determine resolution marked
ingrey dotted line. ¢, Left: Average contact probability by distance for stages
NC9-14. Right: the derivative of contact probability by distance, highlighting a
transition in short- and long-range interactions between early (NC9-10) and
later stages (NC11-14). Grey shaded area highlights the regionin panel e.

d, CPM-normalized coverage tracks from Pico-C (this study), Hi-C'**, and
Micro-C data* down-sampled to equalize read depth. e, Comparison of Hi-C

and Pico-C matrices with CPM-normalized coverage across a representative
genomic region. While Pico-C captures similar chromatin loops as Hi-C, its higher
granularity reveals their stepwise establishment more clearly. RPGC-normalized
ATAC track reprocessed from public datasets****** show no bias toward open
chromatin in Pico-C versus Hi-C.f, A300 kb close-up of the region highlighted

in panel e. The uniform coverage achieved with Pico-C allows higher-resolution
visualization of chromatin architecture. This reveals the stepwise formation of
boundary-spanning loops (center Pico-C panel, arrowhead) as well as short-range
loops at the vri gene (right-most panel, showing the shaded region from the
middle panel; arrowhead).
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Extended Data Fig. 2| Pico-C resolved fine-scale chromatin dynamicsin early overlays. Right: Aggregate analysis shows NC12 specific loops have stronger
development. a, Example of a developmentally dynamic boundary at the Elba3 focal dotat NC12 than NC10 and NC14. Aggregates plotted at 1 kb resolution
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Extended Data Fig. 3 | Distinct chromatin features define boundary and
loop-anchor clusters. a-c, Boundary cluster analysis. a, UMAP embedding of
boundary regions based on chromatin features, colored by cluster assignment
(n=9 clusters). b, Normalized signal profiles for transcription factors, histone
modifications, and chromatin accessibility (ATAC open <100 bp fragments;
ATAC mono 180-250 bp fragments) centered at boundaries across each cluster.
Allsignals are derived from publicly available datasets (a list of datasets used
canbe found in Supplementary Data 3). ¢, (Top) Bar plot showing the number
of boundaries per cluster. (Bottom) Violin plots showing boundary strength
(quantified by insulation score) per cluster. d-f, Loop-anchor cluster analysis.

Dist. to anchor center

Dist. to anchor center

d, UMAP embedding of loop anchors, colored by loop-anchor cluster (n=7
clusters). e, (Top) Number of anchors per cluster. (Bottom) Violin plots showing
loop size distribution per cluster. f, Chromatin and transcription factor signal
centered atloop anchors by cluster. Cluster 1shows strong enrichment for
pioneer factors (GAF, Zelda, CLAMP) and active chromatin features. This cluster
can be further subdivided into three subclusters based on differential pioneer
factor occupancy: GAF-high (Cluster 1.1), Zelda-high (Cluster 1.2), and anchors
co-bound by both (Cluster 1.3). All signals are derived from publicly available
datasets (alist of datasets used can be found in Supplementary Data 3).

Nature Genetics


http://www.nature.com/naturegenetics

Article https://doi.org/10.1038/s41588-026-02503-3

a Gene-body State Enrichment c EEEEEECECEE
L Zelda{@ @
+ o EECHBNUSSIRZGAN ,,,, _Transcribing (TTS) 2] ZGA
T M1BP
su(Hw) .
0.015+ I I 0.010 I I ZNF711{@
| 0104 | | BEAF-32 .
0.010- | | | DREF eee
% | | 0,005 | | Zfp161 [
& 0.005- 8 E2F1 L4 —logqo p-val
] | | CTCF .
g 20%TSS 25% 50% 75% TTS +20% 20%TSS 25% 50% 75% TTS +20% ZBTB32 [ ] 300
[ n Foxk1 ° 250
= = OPI . 200
3 ° caudal|® ® 150
o i Drosophila-Promoters (X X X
§ o, BTG 5 i B
3 0.0100- | | 0.03 | o At2g41835 °
o > SeqBias:CA-repeat{® @ @
ooors- | | 00 [ | e AFT2 « | Regions
| g | | ° E-box eecoe with motif
0.0050 - | 0.01 | | S Gmeb1 ° ® 10%
- RAMOSA1{ @ o
000257 | | | | | o | T T S % SegBias: CG-repeat . b
20%TSS 25% 50% 75% TTS +20% 20%TSS 25% 50% 75% TTS +20% S Clamp{ e ® 0%
) . s , Foxj3 [ @ 40%
Genomic Region (5’ to 3') o FRS9 . ® 5o
Genomic Distribution I PCBP1{ e
DCE [}
HP1[1]-Z6A L weipEezea c3H10{ e
TFAP4 .
(SN IR TRARITTY || [2at] ORI IRURNY TR T | ] DAZAP1] «
I | LU | BAS1 o
(R AN [} T FER LRI D 1 — 496250 .
| I [ [] | IR0 OD 0 I MYB52 e o
LM R B A 0N 1 TV AT DAV Mybl1 °
) ENEEEETETEE
Chromosome Size (bp) 293 7191711101213 4
States
b Zelda [1] - state 2 GAF - state 3 d
pre-majZGA(a) pre-majZGA(a) Genic [2] -state 5
%) mitotic cell cycle . logP.adjust
actin cytoskeleton organization [ ] . 40
/- morphogenesis of an epithelium| @ 30
=8 )] 20
“- e | @ O O @ @ .
regionalization )
neuron projection developmenty ) o GeneRatio
(26) post-embryonic animal morphogenesi (] @ oo
imaginal disc morphogenesis: [ ) @ oos
Promoter-like [1] - state 7 Promoter-like [2] - state 19 actin filament-based process o @ oo
pre-majZGA(b) ZGA supramolecular fiber organizationt

metamorphosis .

<
cell maturation
preZGA preMBTa preMBTb ~ MBT Zldminus
ii (2786) ' (5866)  (5244)  (1491)  (367)
Promoter-like [1] -state 7
ED;

|

)

.{ regionalization . [ ] logP.adjust
neuron projection guidance . :z
cell migration . 20
Drosophila genome gown{ @ ) Y ° 10
Feature embryonic morphogenesis

. Promoter GeneRatio
cell fate specification
M 5utR ® 0050
4 negative regulation of Notch signaling pathway 0.075
3'UTR
B 1stExon mitotic cell cycle ° ) : 0100
Other Exon 0.125
14%
. 15t Intron mRNA metabolic process . .
. 0.150
. Other Intron post-embryonic animal morphogenesis .
<=
Downstream (<=300) cell projection morphogenesis .
. Distal Intergenic

preZGA preMBTa preMBTb  MBT  Zldminus
(396) (85) (3834) (937) (2665)

ot S C
U e e
3 :Z NC9 + |
A z% Sl i i e I %++++%+%%+%gg e

Extended Data Fig. 4 | See next page for caption.
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Extended Data Fig. 4 | General enrichment and functional analysis of
chromatin states reveal diverse state trends. a, Top: example gene body
enrichment of transcribing, genic, and promoter-like states. Bottom: genome-
wide distribution of HP1 state regions shows centromeric and telomeric
enrichment. b, Pie-graphs of genome wide distribution for pioneer states 2 and
3,and promoter-like states 7 and 19. Bottom shows the proportion across the
Drosophila genome for comparison. ¢, HOMER de-novo motif enrichment results
passing cutoff p-value 1e-50. State colors displayed top and bottom, and state

numbers on the bottom. Left to right, purples are pioneer factor states Zelda[1],
Zelda[2], and GAF; reds are Promoter-like states [1] and [2]; green is Transcribing
(TSS) [1]; blues are open and nucleosomal states, greys are HP1states [1] and

[2]; orange is Genic state [1]. d, Gene ontology (GO) results of genes with state 5
(top; Genic [2]) or state 7 (bottom, Promoter-like [1]). e, Comparison of average
coverage across chromatin states in Hi-C'® and Pico-C data. The primary states
showing differential coverage are the HP1-associated states, likely reflecting
reduced mappability at centromeric regions.
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Extended Data Fig. 5| Pico-C captures temporal dynamics of
compartmentalization preceding ZGA. a, Aggregate contact maps (observed/
expected) centered on compartment and sub-compartment pairs across
developmental stages NC9-NC14, plotted at 2 kb resolution. A.1-A.1and B.2-B.2
interactions emerge as the strongest and most structured contacts by NC12-
NC14, while A.2 and B.1compartments show weaker interactions overall.

b A1 compartments
: ' ' ' Samata et al. 2020
024 P 024 o == H4K16ac
0.0 d ! 0.0 M MBT (NC14)
= ! ' ' ' H4K16ac
g -02 P —0:21 P preMBT (NC9-13)
£ _0.44 ' ' -0.4] ' '
g . . . .
2 5 kb +5kb  -5kb +5 kb
o
o°
%’ B2 compartments
S : : : :
% 0.2 —— 0.2 o
% l l ' '
< 00; W 0.04 i i
-0.24 A A —0.24 i H
| h
-0.44 ! ! -0.44 ) ¢
—5kb +5kb  -5kb +5 kb
Compartment (start-end)
C A1 compartments
I I I I Zenk et al. 2021
029 e ] 020 k10| mm HPY
o2 T o2 1 = HP1
preMBT (NC9-13)
-0.4 ! ! 0.4 ! !
1 1 1 1
-5 kb +5 kb -5 kb +5 kb

B2 compartments

0.2 M 0.2 1 1
0.0 JU\F ool T
-02 | -02 ‘/\1‘\—]\’

-0.4. 1 1 -0.4 1 1

Mean Signal (log2 over input)

-5 kb ! +5kb  —5kb ! +5 kb
Compartment (start-end)
b, H4K16ac ChIP-seq enrichment (log, signal over input) reprocessed from
publicly available data*, centered on each sub-compartment type. A.1
compartments are enriched for H4K16ac prior to ZGA (NC9-13), suggesting
aninherited epigenetic signature. ¢, HP1 ChIP-seq enrichment (log, signal
over input) reprocessed from publicly available data’®, centered on each
sub-compartment type.

Nature Genetics


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-026-02503-3

a Global Moran's | by Stage and Mark C NC12 loop anchors lost
Polll RNA atNC14
1.00 o 1.00 sk Stage NCT2
07 0.59 07 0.49 1.5 Data Type
050 050 D NC12 Il =
025 025 NC14 10
000 000 | |
ZId GAF CLAMP 0.5
7 1.00 1.00 okt 1.00 . = Il
g 075 0.75 0.75 500 W.——«l-l\.N
S 050 0.35. 050 0.50 »
= - 0.28 -
3025 0.25 025 & 015 B 10K Nc1a  *I0KD
8 000 0.00 000 § 15
o N I
H4K16ac H3K36me3 H3K27me3 1.0
1.00 orrx 1.00 sk 1.00 waxk ]
075 0.75 osp 078 05
050 L 0.50
025 : 025 025 045
002 0.0
0,00 0,00 & 0.00 $ - .
-10 10K
NC12  NCl4 NC12  NCl4 NC12  NC14 Loop-anchor *
b Stage
ChromHMM ChromHMM
pre-minZGA pre-majZGA(a)
L TR N~ e R -
Il [T/ L[] [N ] (AT | ]
P [ . P ron . .
ChromHMM ChromHMM
NC12 pre-majZGA(b) NC13 pre-majZGA(b)
» 3
"
| \II\ H II\ LKLY B ] I \II\ I\ II (RN 117 | Il
[ T . roe e .
Cerc%g CG32236 o ‘CGI3712  +£G12493 CS 645 'CGagéaazgg .CG13712 CR-ACGQ1323493 -
B Whi e, bl Wt e,
NTTEVETH axo RhoGEF64C *CRA: Be1 WG EY Al RhoGEF64C. R 881
TTILR, crasgE15876 CG13711 STTILB  crasgi@15876 CG13711
Simplified states
[l Promoter-like [l Nucleosomal [l Transcribing (TSS) [ HP1
[T zelda [CJopen [[]Transcribing (TTS)
W cAF [[JQuiescent [ Genic
States - NC12
NC12 ChromHMM
pre-majZGA(b) | |
40 {1
20 | \J\'
:\; . R en s -—\~\ >
'E -10 kb +10 kb
LK ! goundaries 8 Boundary
(NC12) =
ChromHMM e States - NC14
ZGA
chr2L:10.38 Mb -10.43 Mb I I
2
[125 bp res] 1
40 I\
20 | l\
’ ‘3'/'\,/*—/\,
0 ST -r;_4\r-~\'
[ | -- [ | I Boundaries B
. Lo s . 16 kb +10 kb
=asRNA:CR45789 mm CG5355 ...wdfy (NC14) Boundary
MEGE(?% =—Mdhl ' ===CG17768 wiRCE = CG5188
Cnot4 ~mmms KID3 T
Srhes? e, e
=ingss, 2MBselr

Extended DataFig. 6 | See next page for caption.

NC14 gained loop anchors

2 NC12 states

0.5

+10 kb

Percent (%)

0.5

0.0

“10kb  goundary *10kb ~10kb | oop-anchor *+10 kb
ChromHMM
NC11 pre-majZGA(a)
IO [LARRIAT VRN | ]
Lo e .
ChromHMM
ZGA
chr3L:4.6 Mb to 4.8 Mb 2
[500 bp res] 1
n HI\I H ] I II ] |
' ' . .
B R R
Hike Wi T,
"CRA3881
COL30 18 \CG15876 «CG13711
18R A crasesT
NC12 data
5
! Lo Data Type
== Polll
1.0 [ = RNA
05 I I
o |
< 00
2 |
9D 10kb +10 kb
© Boundary
Q
=
8 NC14 data
N‘.” 15
1)1
10 NAR
05
0.0
L1
10 kb +10kb
Boundary

Nature Genetics


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-026-02503-3

Extended Data Fig. 6 | Genome-wide correlation trends reveal distinct
patterns between NC12 and NC14, accompanied by chromatin state changes.
a, Comparison of Global Moran’s1at 200 kb sliding windows of the genome at
NC12 and NC14 for different mark inputs. The plots represent the distribution
and density of Global Moran’s I scores across bins (n = 666), The means are
highlighted by the diamond shape and their values are written in grey. Statistical
comparisons between stages were made using the unpaired Wilcoxon rank-sum
test, and significant differences (p-values) are annotated on the plots with the
following significance levels: * for p < 0.05, **for p < 0.01, *** for p < 0.001, and
****for p <0.0001. b, Pico-C contact maps at the HDACI locus from NC9-14 shows
dynamic looping events, some visible as early as NC9. Simplified ChromHMM

states below show thatloop anchors are marked with promoter-like (red) and
pioneer (purple) states even in pre-minZGA ChromHMM. ¢, Scaled Pol Iland
RNA-seq signals at loop anchors. Left: Average log, signal over input at NC12
loop anchors, scaled across NC12 and NC14 jointly to allow direct comparison.
Center: Scaled signal at NC14-gained loop anchors, also scaled together between
stages. Right: ChromHMM states at NC14-gained loop anchors. d, Left: Pico-C
contact maps (125 bp resolution) of a gene-dense region at NC12 and NC14,

with simplified ChromHMM states and boundary calls. Center: ChromHMM
states at the same regions. Right: Scaled Pol Iland RNA-seq signal at boundaries
with >3-fold increased insulation at NC14, scaled jointly across stages.
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Extended DataFig. 7 | See next page for caption.
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Extended DataFig. 7| Transcriptional repression and chromatin architecture
changesin a-amanitin-treated embryos. a, Principal component analysis (PCA)
of RNA-seq replicates from water-injected and a-amanitin-injected embryos

at NC14. b, Global MA plot showing a widespread reduction in expression of
zygotically transcribed genes (as defined previously®) following a-amanitin
treatment. ¢, Expression levels of zygotic long non-coding RNA CR44504,
whichis predicted to be involved in miRNA-mediated post-transcriptional gene
silencing, and mir-309, a zygotic miRNA involved in maternal RNA clearance, is
significantly reduced in a-amanitin-treated embryos (p = 3.3e-06).d, Example
genomic locus showing retention of loops in a-amanitin-treated embryos.
Retained loops overlap pre-MBT genes (highlighted in red) and are supported

by matched Pol Il ChIP-seq™ and RNA-seq data (this paper). Retained transcripts
often correspond to maternally deposited genes and are shown in purple.

e, Comparison of contact maps at the same locus using Pico-C (this study)

and Hi-C". Contact patterns in a-amanitin-treated embryos closely resemble
both a-amanitin and triptolide Hi-C maps. f, Boxplots of Chromosight scores

for boundary clusters comparing water-injected and a-amanitin-injected

embryos. Scores are grouped by cluster identity. Statistical comparisons were
performed using an unpaired Wilcoxon rank-sum test with Benjamini-Hochberg
correction for multiple testing. Annotated values reflect the mean differencein
scores between a-amanitin and water-injected embryos. Statistical significance
isindicated as follows: ***for adj. p < 0.001, **for adj. p < 0.01, and * for adj.

p <0.05.g, Normalized changes in Chromosight boundary scores at individual
loci between water-injected and a-amanitin-injected embryos, grouped by
cluster identity. The normalized change was calculated as (H,0—-amanitin)/
(|H,O[+|amanitin|) with positive values indicating stronger scores in water-and
negative values indicating stronger scores in a-amanitin-injected embryos. Violin
plots show the distribution of values per cluster; diamonds denote cluster means
and circles denote cluster medians. h, Boxplots of Chromosight loop anchor
cluster scores comparing water- and a-amanitin-injected embryos. Statistics and
annotations asin f.i, Normalized changes in Chromosight loop-anchor scores
between water-injected and a-amanitin-injected embryos, grouped by cluster
identity. Methods and annotations asing.
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Extended Data Fig. 8 | See next page for caption.
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Extended Data Fig. 8| Orca-based predictions highlight the structural
consequences of Zelda mutation and uncover key motifs affecting genome
architecture. a, Experimentally observed loss of insulation at the bitesize

(btsz) locus following Zelda depletion (sh zId)**. Normalized contact maps (log,
observed/expected) at NC14 reveal loss of boundary in sh zld compared to
control embryos. b, Observed data, model predictions, and predictions after
mutating Zld motifs at the btsz region. The models predict a disruption at the
boundary when ZId motifs are mutated in silico, highlighted with brackets, with
apronounced effect observed at NC12. ¢, Statistical analysis used to compare
Structural Impact Scores across different ChromHMM state regions. An ANOVA
was first conducted to assess overall differences among the states, and the
subsequent Tukey HSD test was used for pairwise comparisons. Red points
represent the mean values, and blue bars indicate the 95% confidence intervals
for each mean. The letters in the compact letter display denote grouping based
onthe Tukey’s test, where states sharing the same letter are not significantly
different. d, Same analysis carried out in previous panel with promoter-like states
7 and 19 further divided based on whether the regions coincide with promoters
inNC14 model predictions. State 19, the predominant promoter state at NC14,

shows that regions not found at promoters still rank higher than other state
regions and are assigned a unique letter. e, Expression of motif screen hits,
grouped by motif similarity, using RNA-seq data spanning NC7-NC14’, splitinto
maternal and zygotic transcripts. The plot shows RPGC-normalized reads.

f, Thelog2 fold change in the frequency of motifs in regions with animpact score
>0.01for NC12 and > 0.02 for NC14, compared to their frequency in randomly
chosen background regions. The motifs listed all exhibit a high fold change and a
significant p-value. g, The effect size between various factors and control regions
tested with NC14 model, with factors ordered by the magnitude of their mean
difference. Each factor’s effect was calculated by subtracting the mean value of
its control group from the mean value of the factor group. The results highlight
the relative impact of each factor, with positive values indicating a greater effect
than the control. h, Pairwise comparison of insulation changes from individual
motif mutagenesis across five transcription factors. Each scatterplot compares
the predicted insulation change at boundary regions for two different motif
perturbations. Strong diagonal trends are absent, indicating largely distinct
contributions to insulation from each factor.

Nature Genetics


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-026-02503-3

a )
Boundaries
NC14 ZId(-)
NC14 -l
NC13 - HEN N
NC12
NC11 -l
NC10-HEENE
NCo -l
Loop Anchors
NC14 ZId(-) [ ]
[ | |
[ ] |
q/Q,{o 0D D,0,00NU0 DUN XD
Local
enrichment States: >
(log;obs/exp) a4 » 9 A A AP 6L DD X 6D DX WY
s = EED BE BEO 1 BO EED EO
3 -2 Pioneer Iii’ligrnoter- Transcriptional HP1 Genic ATAC
C Loop-anchor Clusters

Cluster 1 (n =392)

Cluster 2 (n = 495)

Cluster 3 (n=127)

60% o n

40% 4

20% 1 /8\: oA

Quiescent

60%

40% 4

20%

W_)Lw

Cluster 5 (n = 170)

Cluster 6 (n = 439)

60%
£ 40% A

(2]
* 20% 4

AT W e .
e arOntbACHE 0 A
A '#‘\ ‘E ':d

Cluster 7 (n = 1257)

60%

40% A

20%

STy Tl

S\

-10kb

Anchor. center  +10kb

n
;_wmmw.-‘v
e CO T At

n
&
-10kb  Anchorcenter ~ +10kb -10kb  Anchor center ~ +10kb
Simplified states
[l Promoter-like  [[llNucleosomal [l Transcribing (TSS)  [E]HP1
[Hzelda [Jopen [ Transcribing (TTS)
W GAF [CJQuiescent [ Genic

Extended Data Fig. 9| Chromatin state enrichment across boundary and
loop-anchor clusters. a, Local enrichment analysis of states at loop anchors
and boundaries across developmental stages and in Zelda-depleted embryos
(ZId(-)). Local enrichment was calculated using regions 150 kb upstream and
downstream of boundaries and loop anchors. Promoter-like states remain

Cluster 1 (n =512)

Boundary Clusters

Cluster 2 (n = 687)

Cluster 3 (n =312)

AN

e q"%‘ .

Cluster 9 (n = 941)

-10kb

b

Sy "‘k‘r"!pg r'-'l\(n

YRR TR

WOV

et
Boundary center +10kb -10kb Boundary center +10kb -10kb Boundary center

+10kb

enriched atloop anchors evenin the absence of Zelda. b, Chromatin state
composition surrounding boundary centers (+ 10 kb) across nine boundary
clusters. ¢, Chromatin state composition surrounding loop-anchor centers
(+10 kb) across seven loop-anchor clusters.

Nature

Genetics


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-026-02503-3

c Boundary clusters e Loop-anchor clusters

double knockdown (DKD) control (CT) Cluser 1{(n=512)  Clusts 2 (1 =687)  Closser 3{n =312} Clusier 1 {n = 616) Cluster 2 (n = 805) Cluster 3 (n = 156]
sfGFPZId; Jabba/CyO; sfGFPZId; SP/Cy0; iz n - - __m_!:_
sfGFP-GAF(C) sfGFP-GAF(C) 8=0.03 8=-005 eda 8T 4=-0.01 o
NC14 ns " - g § & d d a=0)
04 ! o
x y b
% [iT] L ] - i k o0 . b -
Clrmard n= 448 ClSEers(n=295)  Cluster 6(n = 785) Cluster 4 {n = 187) Cluster & [0 = 208) Clusser & [n = 638]
12
£ 82017 . A=.0.01 A =-0.03 0.8 A=-p.02
S 0e e
S R
N
" ! E ! l i
i " . I' e b 1 0o
F; T
Clustar 7 {n = 288} Cluster 8 (1 = 245) Clustar @ {n =941} Clster 7 {n = 1706) o o o D
12 fizd
=001 pg @=-0.03
08 B =-0.0; | M
£ na
a4 b
00 a o0
cT oKD cT DKD cT oKD cT DKD
d f Loop-anchor score change
= 5 10 -, e
52 2 82 2
£a 3 €9 . 3
S s B S : 98
e 5 g o 5 A g 0 ] g
o = g = AN M .
35 - 850.0—— 77$7$77' _
o o " y £ »
gH =3 g ¥y 232
£0O S'a £0 5 ; S's
2 : El 2 o 5
> 10 - - FE >-10 . - - ——— e
1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7
b chr3L chr3rR
8,980 9,060 Kb 8980 9,060 Kb 14,760 14900 Kb 14,760 14,900 Kb
control GAF(-) control GAF(-)

~ sfGFP-GAF(N)

Zelda-associated features
Li et al. 2023

 GAFdeCmdrP

sfGFP-GAF(N) GAFdeorarp

[200 bp res]

35

0.5 35 B E 05 05 35
@—+Doc2 we Docl @mCG4911 1 c-asm% @—nDoc2 ws Docl @mCG4911 1|n::§g§:CRA6024 4IncRNA:CR46024
»CG5021 mmCG5087 oCG5144 nCG4942 wCG5021 G5087 oCG5144 8CG4942 wCG14855 610 w CG3631 wCG14855 8CG3610 w CG3631
G5! mDoc3 @——a+HArgk wwCG5026 mDoc3 1Argk »CG14856 -Rrgﬁ 14856 | RrE&
am pispe! aCG5194 - aCG5194 - wCG14857 #CG33331 mCG14857 8CG33331
- btsz +CG33332 btsz +»CG33332
chr3L chr2L
18,000 18,250 Kb 18,000 18,250 Kb 6,050 6,250 Kb 6,050 6,250 Kb

GAF-associated features
Hug et al. 2017

-4.0 -1.5
Cyp312a1 RA459)
«IncRNA:CR45021 A \cras23q 2939 «IncRN;
1SNORNA:Me28S-A30 wCG7330 1CR45937 s
4IncRNA:CR45922 e+—ihid MCR45936
10632192 mCG32195 »CG7320 =

Extended Data Fig. 10 | See next page for caption.

-4.0
1CR4935
1CR45234
«CR45937
¥CR45936
20 -

acyp31zan

smus304

wCG7330
po

IA:CR45921

nORNA:Me28S-A30
4IncRNA:CR45922
10632192 ®CG32195

8CG73:

0 H—pstai smal e
®CGI135 8CG31642 pUJ.;137B1 GY’ .F 81
wCG13995 1Aped INCRNA:CR44823 HCG139 Wiped INcRNA:CR44823
1CG34180 «WDR; 1AANATL2 ¥CG34180 aWDR79 PAA
aND-51 aB9d2 «CG13983 D-: aB9d2 1CG13983

Nature Genetics


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-026-02503-3

Extended Data Fig. 10 | Simultaneous depletion of Zelda and GAF leads to an
additive loss of chromatin architecture. a, Imaging of embryos at different
nuclear cycles (NC11-14) shows exclusion of GFP-tagged Zelda and GAF from
nucleiin double knockdown (DKD) embryos (sfGFPZId;Jabba/CyO; sfGFPGAF/C).
In contrast, control (CT) embryos (sfGFPZId;Sp/CyO; sfGFPGAF/+) display
strong nuclear GFP signal at NC14. Insets show zoomed-in views highlighting the
absence (DKD) or presence (CT) of GFP signal in nuclei (dashed circles), with DAPI
used as a nuclear stain. b, Micro-C and Hi-C maps demonstrate factor-specific
chromatin organization. Top: Zelda-associated boundaries and loops'®** remain
largely intact in GAF-depleted data (GAF*¢4")2° although a mild reductionis
observed. Bottom: GAF-dependent loops?, marked with arrowheads, persistin
Zelda-depleted embryos (sh zld)™®. Resolution for each panel is indicated.

¢, Boxplots of Chromosight scores for boundary clusters comparing controls
(CT) with double-knockdown (DKD). Scores are grouped by cluster identity.
Clusters associated with GAF and Zelda are labeled in red. Statistical comparisons
were performed using an unpaired Wilcoxon rank-sum test with Benjamini-
Hochberg correction for multiple testing. Annotated A values reflect the mean

difference in scores between DKD and CT embryos. Statistical significance is
indicated as follows: ***for adj. p < 0.001, **for adj. p < 0.01, and * for adj. p < 0.05.
d, Normalized changes in Chromosight boundary scores at individual loci
between CT and DKD embryos, grouped by cluster identity. Normalized changes
with positive values indicate stronger scores in CT and negative values indicate
stronger scores in DKD. Clusters associated with GAF and Zelda are labeled

inred. Violin plots show the distribution of values per cluster; diamonds

denote cluster means and circles denote cluster medians. e, Boxplots of
Chromosight scores for loop-anchor clusters (right) comparing controls with
double-knockdown (DKD). Scores are grouped by cluster identity. Clusters
associated with GAF and Zelda are labeled in red. Stats and annotations asin ¢
(BH-corrected Wilcoxon; *, **, *** for adj. p < 0.05, 0.01, 0.001). f, Normalized
changes in Chromosight loop-anchor scores atindividual locibetween CT and
DKD embryos, grouped by cluster identity. Normalized changes with positive
values indicate stronger scores in CT and negative values indicate stronger scores
in DKD. Methods and annotations asind.
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