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Abstract

tory roles.

Background H3K9me3 and DNA methylation co-marked CpG-rich regions (CHMs) are functionally important
in mouse pre-implantation embryos, but their characteristics in other biological processes are still largely unknown.

Results In this study, we performed a comprehensive analysis to characterize CHMs during 6 mouse developmental
processes, identifying over 2,600 CHMs exhibiting stable co-mark of H3K9me3 and DNA methylation patterns at CpG-
rich regions. We revealed the distinctive features of CHMs, including elevated H3K9me3 signals and a significant
presence in euchromatin and the potential role in silencing younger long terminal repeats (LTRs), especially in some
ERVK subfamilies. The results highlight the distinct nature of universal CHMs compared to CpG-rich nonCHMSs in terms
of location, LTR enrichment, and DNA sequence features, enhancing our understanding of CpG-rich regions’regula-

Conclusions This study characterizes the features of CHMs in multiple developmental processes and broadens our
understanding of the regulatory roles of CpG-rich regions.
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Background

H3K9me3 and DNA methylation are two repressive
marks that are associated with heterochromatin and
transposable element (TE) repression [1, 2]. H3K9me3
and DNA methylation are positively correlated in fungi
and plants [3, 4], but the relationship in mammals is
more complicated [5]. The positive relationship between
H3K9me3 and maintenance DNA methylation is par-
ticularly important at mouse developmental stages when
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the genome is broadly hypomethylated, including pre-
implantation embryogenesis and primordial germ cell
(PGC) development [6—8]. On the other hand, H3K9me3
is negatively associated with de novo DNA methyla-
tion during mouse spermatogenesis [9, 10]. Our recent
study in mouse pre-implantation embryos discovered
a highly positive correlation between H3K9me3 and
DNA methylation at CpG-rich regions [6]. However, it is
unclear whether the positive correlation between DNA
methylation and H3K9me3 in CpG-rich regions exists
for different biological processes, such as de novo DNA
methylation processes during spermatogenesis.

In our previous study, we defined CpG-rich genomic
loci with high H3K9me3 signals and DNA methyla-
tion levels as CHMs, which are widespread across the
genome, not only in pericentromere-associated domains
(PADs) but also in promoters and potential enhanc-
ers [6]. CHMs are important in the development of
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pre-implantation embryos, as they are hotspots for DNA
methylation maintenance [6]. In addition, allele-specific
CHMs include the majority of known imprinting control
regions (ICRs) and dozens of ICR-like regions (ICRLRs),
which play important roles in embryonic development
by regulating the allele-specific expression of imprinted
genes and transposable elements [6]. However, whether
CHMs play regulatory roles in other biological processes
during mouse development is still largely unknown. To
address the above questions, we performed a comprehen-
sive analysis to characterize the co-localization between
H3K9me3 and DNA methylation at CpG-rich regions
during multiple mouse developmental processes.

Results

CHM:s are stable during mouse development

To explore the co-localization between H3K9me3 and
DNA methylation, we collected public H3K9me3 chro-
matin immunoprecipitation sequencing (ChIP-seq) and
whole-genome bisulfite sequencing (WGBS) data during
mouse pre-implantation embryogenesis [11], PGC devel-
opment [12], spermatogenesis [13, 14], retina develop-
ment [15], heart and liver development after gastrulation
[16—-18] (Supplementary Table 1). By dividing the genome
into three classes of regions according to the number of
CpGs, we found that H3K9me3 signals and DNA meth-
ylation levels showed the highest positive correlations at
CpG-rich regions in all processes (Supplementary Fig.
S1A), which was consistent with our previous observa-
tion during pre-implantation embryogenesis [6]. This
finding suggests that CHMs may play regulatory roles
during multiple mouse development processes.

To investigate the features and potential roles of CHMs
during mouse development, we identified CHMs in all
developmental processes (Fig. 1A). For each developmen-
tal process, candidates were detected by a pipeline for
CHM calling and scoring allele-specific regulatory poten-
tial, named PCAR [6] at each stage, and those present
in more than two-thirds of the stages were defined as
CHMs for this process. The number of identified CHMs
ranged from 6,032 (liver development) to 14,614 (retina
development) (Fig. 1B), suggesting that CHMs are widely
spread in different developmental processes. In most

(See figure on next page.)
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cases, CHMs harbored significantly higher H3K9me3
signals and DNA methylation levels than non-ubiquitous
candidates (Supplementary Fig. S1B and C), which were
only present in less than two-thirds of stages of a devel-
opmental process.

To investigate whether H3K9me3 and DNA meth-
ylation always co-exist at CpG-rich regions, we further
identified CH-nonMs (i.e., CpG-rich regions marked by
H3K9me3 but not DNA methylation) and CM-nonHs
(i.e., CpG-rich regions marked by DNA methylation but
not H3K9me3) (see Methods for details). The total num-
ber of identified CM-nonHs (134,267) was larger than
that of CHMs (20,313) and CH-non-Ms (14,707), indi-
cating that both modifications do not always co-exist at
CpG-rich regions. Nevertheless, 2,677 (13.18%) CHMs
were present in all 6 developmental processes (termed
universal CHMs), while only 41 (0.28%) and 1,206 (0.90%)
CH-nonMs and CM-nonHs were found in all processes
(Fig. 1C, D, Supplementary Fig. S1D and E). This finding
indicates that CHM is one of the most stable modifica-
tion patterns at CpG-rich regions during mouse develop-
ment and that the identified universal CHMs are worth
investigating for additional characterization of features
and functions.

Features of CHMs in distinct chromatin compartments

CpG-rich regions play a crucial role in various aspects
of gene regulation and genome functionality. One well-
studied subset of these regions is the CpG islands (CGIs),
which are generally unmethylated in healthy cells. In our
study, we examined diverse types of CpG-rich regions,
categorized based on CHM features. For clarity, we
organized CpG-rich regions into two main groups:
CHMs and non-CHM CpG-rich regions (see Methods
for details). Additionally, we further segmented CHMs
into universal CHMs and non-universal CHMs, defin-
ing the latter as a complementary set to universal CHMs
across all six processes examined (Fig. 2A). To iden-
tify process-specific markers, we further categorized
the non-universal CHMs into 1,298 pre-implantation-
specific CHMs, 167 PGC development CHMs, 2,006
spermatogenesis-specific CHMs, 3,121 retina develop-
ment-specific CHMs, 314 heart development-specific

Fig. 1 CHMs are stable during mouse development. A Definition of CHM candidates and CHMs. Candidates present in more than 2/3 stages

of each developmental process were defined as CHMs. PCAR, a computational pipeline for CHM calling and scoring allele-specific regulatory
potential. B Summary of candidates and CHMs in each developmental process. C Venn diagram showing the overlap of CHMs in 6 developmental
processes. D The UCSC Genome Browser view of DNA methylation amount (DNAme amount), H3K9me3 signals, and CpG site number

around a representative universal CHM. The scales of the CpG number track and DNAme amount tracks were 0-50, and those of the H3K9me3
tracks were 0-1.The genomic location of the universal CHM is indicated by a black rectangle. The DNA methylation amount represents the product
of DNA methylation level and CpG number for each 1-kb window, and the H3K9me3 signal represents the ChIP-seq RPM
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Fig. 2 Environments of CHMs in compartment A and B. A Schematic representation of the relationship between universal CHMs, non-universal
CHMs and CpG-rich nonCHMs. B Pie plot showing universal CHMs overlapping with compartment A and B. C-D Line plots showing H3K9me3
signals (C) and DNA methylation levels (D) surrounding universal CHMs (+ 50 kb, solid), non-universal CHMs (£ 50 kb, dashed) and CpG-rich
nonCHMs (+50 kb, dotted) in compartment A (pink) and B (blue) in pre-implantation embryogenesis. E-F Box plots showing the expression levels
of potential target genes (E) and potential target TEs (F) of universal CHMs (dark), non-universal CHMs (mid-tone) and CpG-rich nonCHMs (light)

in compartment A (pink) and B (blue). The expression level was calculated as the log,(TPM+1). TPM, transcripts per kilobase million
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CHMs and 74 liver development-CHMs (see Methods
for details). Given that H3K9me3 and DNA methylation
are both repressive modification marks, we next investi-
gated whether universal CHMs are exclusively located at
heterochromatin. As compartment A and B derived from
Hi-C datasets are regarded as euchromatin and hetero-
chromatin respectively [19, 20], we calculated the per-
centages of universal CHMs in Hi-C compartments from
5 cell types (ESCs, NPCs, ncxNPCs, CNs, ncxCNs) [21]
(see Methods for details). 946 (35.34%) universal CHMs
were located in compartment B in all cell types, and 553
(20.66%) were located in compartment A in all cell types
(Fig. 2B). In addition, 917 (34.25%) universal CHMs were
located in different compartments in different cell types.
The distributions of non-universal CHMs in compart-
ment A and B were similar to those of universal CHMs
(Supplementary Fig. S2A). Conversely, CpG-rich non-
CHMs behaved differently, with 55.97% (12,351) located
in compartment A, while only a mere 2.90% (639) were
located in compartment B (Supplementary Fig. S2B). Our
results demonstrated that universal CHMs and non-uni-
versal CHMs were not exclusively located in heterochro-
matin, while CpG-rich nonCHMs prefer euchromatin.
Upon further analysis, we found that retina develop-
ment-specific CHMs tend to be more prevalent in the
inconsistent compartment A in neural cells, especially
in NPCs and CNs, comparing to other types of CHMs
(Supplementary Fig. S2C). This observation subtly hints
at the potential functional significance of process-specific
CHMs.

To characterize the features of universal CHMs, non-
universal CHMs and CpG-rich nonCHMs in compart-
ment A and B, we displayed the H3K9me3 signals and
DNA methylation levels around universal CHMs in two
compartments separately. As expected, we observed
much higher H3K9me3 signals at CHMs than adjacent
regions in both compartments during all developmental
processes, while the H3K9me3 signals at adjacent regions
in compartment B were relatively higher than those in
compartment A (Fig. 2C and Supplementary Fig. S2D).
Furthermore, in most instances, the H3K9me3 signals
of universal CHMs were slightly elevated compared to
those of non-universal CHMs. However, the patterns of
DNA methylation levels around CHMs were complicated
(Fig. 2D and Supplementary Fig. S2E). CHMs displayed
much higher DNA methylation levels than adjacent
regions during pre-implantation embryogenesis and PGC
development, while the DNA methylation level differ-
ences between CHMs and adjacent regions were weak for
other developmental processes, mainly due to the high
background DNA methylation level across the mamma-
lian genome in most tissues [1]. Strikingly, DNA meth-
ylation levels at adjacent regions of universal CHMs and
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non-unversal CHMs were even lower in compartment B
than in compartment A at some stages of spermatogen-
esis, retina, heart, and liver development. Furthermore,
as expected, the H3K9me3 signals and DNA methylation
levels in CpG-rich nonCHM regions were much lower
compared to those in the other two types of CpG-rich
regions. Taken together, the findings indicate that the key
feature of CHMs as genomic islands is that H3K9me3
signals are much higher than those in adjacent regions,
regardless of compartment A or B.

To investigate whether these CpG-rich regions play
regulatory roles, we first examined their distances to
genes and TEs in compartment A and B respectively.
Compared with CpG-rich nonCHMs, CHMs displayed
much larger distances to their nearest gene transcription
start sites (TSSs), especially for those in compartment B
(Supplementary Fig. S3A). For the distances to the near-
est TEs, there were no clear differences between CHMs
and CpG-rich nonCHMs in both compartment A and
B (Supplementary Fig. S3A; see Methods for details).
Then we examined the expression levels of potential tar-
get genes and TEs of CHMs and CpG-rich nonCHMs
(see Methods for details). No matter in compartment
A or B, the expression levels of CHMs’ potential tar-
get genes and TEs were significantly lower than those
of CpG-rich nonCHMs’ potential targets (Fig. 2E, F),
indicating that CHMs play a repressive regulatory role,
consistent with the known properties of H3K9me3. The
functional enrichment analysis showed that the poten-
tial target genes of universal CHM in compartment A
were enriched in the regulation of developmental pro-
cess, while non-universal CHMs in compartment A
were enriched in metabolic processes, whereas universal
CHMs and non-universal CHMs in compartment B were
enriched in sensory perception of stimuli (Supplemen-
tary Fig. S3B, Supplementary Table 2). The target genes
of CpG-rich nonCHM regions were enriched in cellular
metabolic processes in compartment A and associated
with nervous system development in compartment B.
We also observed that pre-implantation-specific CHMs
in compartment A have target genes enriched in cellu-
lar metabolic processes, while spermatogenesis-specific
CHMs in the same compartment are enriched in female
gamete generation (Supplementary Fig. S3C, Supplemen-
tary Table 3). This points to a potential inhibitory role of
process-specific CHMs in compartment A.

Enrichment of CHMs in IAP subfamilies

To further depict the genomic distribution of univer-
sal CHMs, we investigated their regional enrichment.
As expected, universal CHMs, non-universal CHMs,
and CpG-rich nonCHMs were enriched in CpG islands
(CGIs) (Fig. 3A). Universal CHMs and non-universal
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CHMs were enriched in long terminal repeats (LTRs),
non-universal CHMs were enriched in Long Interspersed
Nuclear Element (LINE), while CpG-rich nonCHMs
were enriched in promoters and exons (Fig. 3A). In addi-
tion, on most occasions, the regional enrichments of uni-
versal CHMs and non-universal CHMs in compartment
A displayed similarities, as did non-universal CHMs and
CpG-rich nonCHMs in compartment B (Supplementary
Fig. S4A). The process-specific CHMs exhibited diverse
patterns of enrichment in certain genomic regions,
including the enrichment in promoters and exons of
retina-specific and liver-specific CHMs, while the enrich-
ment in LINE of pre-implantation-specific and spermat-
ogenesis-specific CHMs (Supplementary Fig. S4B). We
then investigated the enrichment of CHMs in families
and subfamilies of repetitive elements and found that
universal CHMs and non-universal CHMs were highly
enriched in subfamilies of two LTR families, ERVK and
ERV1, compared to CpG-rich nonCHMs (Fig. 3B, C). In
contrast, universal CHMs were not enriched in two other
types of retrotransposons, LINEs and SINEs (Fig. 3A,
Supplementary Fig. S4C and D). Non-universal CHMs
exhibited a slight enrichment in LINEs compared to the
other two types of CpG-rich regions (Supplementary Fig.
S4C). Interestingly, compared with LTR subfamilies not
enriched in universal CHMs and non-universal CHMs,
element parts of LTR subfamilies they enriched in were
less well conserved in evolution (Fig. 3D; see Methods
for details), indicating that CHMs may be involved in the
silencing of evolutionarily younger LTRs.

We next investigated the detailed relationship between
CHMs and enriched LTR subfamilies. By displaying the
overlapping ratios and enrichment scores, we found a
significant overlap between universal CHMs and a spe-
cific subgroup of IAP ERVs (Intracisternal A Particle
Endogenous Retroviruses), namely the IAPEz-int (and
its cognate LTRs IAPLTRla-Mm and IAPLTR1_Mm),
with an enrichment score above 1 and an overlap ratio

(See figure on next page.)
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exceeding 10% (Fig. 3E, F and Supplementary Fig. S4E).
However, for non-universal CHMs, no subfamilies of
either LTR or LINE exhibited significant enrichment
overlap (Supplementary Fig. S4F, SG). For the IAPEz-
int, as most of the members overlapped with universal
CHMs (Fig. 3E), we suspected that the remaining mem-
bers of IAPEz-int overlapped with CHM candidates
identified in at least one stage. The percentages of the
IAPEz-int overlapping with or having at least one CHM
candidate nearby (+2 kb) were indeed 98.93% when con-
sidering all CHM candidates, demonstrating the role of
CHMs in silencing specific ERVK subfamilies globally. It
was previously reported that a significant overlap existed
between DMR and the IAPEz-int sub-family, which was
associated with Dnmt1’s de novo activity during the early
stages of development [22]. Our findings suggested that
while there were CHMs exhibiting inconsistency, such as
H3K9me3 or 5mC gain or loss particularly during pre-
implantation and PGC development, the predominant
overlap of IAPEz-int and CpG-rich regions was observed
at CHM consistent regions (Supplementary Fig. S4H-J).
This implied that IAPEz-int required both H3K9me3 and
5mC for their repression during development.

DNA sequence features of CHMs

To explore whether universal CHMs have distinct DNA
sequence features, we compared the nucleotide composi-
tion between universal CHMs, non-universal CHMs and
CpG-rich nonCHMs. We found that universal CHMs had
the lowest CpG frequencies (Fig. 4A), demonstrating that
universal CHMs are a subset of CpG-rich regions with
lower CpG frequency. Given that ZFP57 is an ICR-related
regulator whose DNA binding motif is TGCmCGC [23,
24], we examined its abundance in all types of CpG-rich
regions, and found a significantly higher count of ZFP57
motif hits in universal CHMs than in other two CpG-
rich regions (Fig. 4A). Our results indicate that universal

Fig. 3 Universal CHMs tend to be enriched in IAP subfamilies. A Bar plot showing the enrichment of universal CHMs (red), non-universal CHMs
(green) and CpG-rich nonCHMs (blue) in CGI, promoter, gene body, exon, intron, LTR, LINE and SINE regions. The enrichment score represents

the log,-transformed observed overlapping length/the expected overlapping length ratio. B Sina plots showing the enrichment scores of universal
CHMs, non-universal CHMs and CpG-rich nonCHMs in LTR subfamilies. Element parts of each LTR subfamily, for example, IAPEz-int, IAPLTRT_Mm
and IAPLTRTa_Mm, were represented by a dot respectively. Element parts from different LTR subfamilies were differentiated using distinct

colors. C Pie plot showing the components of enriched element parts of LTR subfamilies in universal CHMs (left), non-universal CHMs (middle)

and CpG-rich nonCHMs (right). Element parts of the LTR subfamily with an enrichment score > 1 was considered to be enriched, which were

dots above the dashed line in Fig. 3B. D Boxplot showing the conservation score of element parts of LTR subfamilies enriched or non-enriched

in universal CHMs and non-universal CHMs. E Venn diagram showing the overlap between universal CHMs (red) and IAPEz-int (yellow). F The UCSC
Genome Browser view of DNAme amount, H3K9me3 signals and CpG site number around representative universal CHMs and IAPEz-int. The scales
of the CpG number track and DNA methylation amount tracks were 0-50, and those of the H3K9me3 tracks were 0-1. The genomic locations

of the universal CHMs and IAPEz-int are indicated by black and blue rectangles, respectively. The DNA methylation amount represents the product
of DNA methylation level and CpG number for each 1-kb window, and the H3K9me3 signal represents the ChiP-seq RPM
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Fig. 4 Potential formation mechanisms of universal CHMs. A Box plots showing the frequency of CpGs (left) and methylated ZFP57 maotifs (right)
in universal CHM CpG-rich 1-kb bins and CpG-rich nonCHMs. CpG sites in ZFP57 motifs were considered to be methylated if the DNA methylation
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with the best performance in distinguishing universal CHMs from CpG-rich nonCHMs (C), and universal CHMs from non-universal CHMs (D).

E-F Strip plot showing the top 10 transcription factors most similar to the CpG-rich 1 kb-bins of universal CHMs (E) and non-universal CHMs (F).
CpG-rich 1 kb-bins were defined as genomic 1 kb-bins with more than 30 CpGs inside
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CHMs indeed differ from other two CpG-rich regions in
sequence features.

To detect whether universal CHMs, non-universal
CHMs and CpG-rich nonCHMs have distinct features of
DNA sequences, we fine-tuned Nucleotide Transformer
[25] with a multi-layer perceptron (MLP) (see Meth-
ods for details). Optimal accuracy on the test data was
achieved with the following parameters: 100 epochs, a
batch size of 50, a learning rate of 0.001, and the usage
of the 20th embed layer of the Nucleotide Transformer.
Upon evaluating the performance of the fine-tuned
model, we conducted a receiver operating characteris-
tic (ROC) analysis for each of the three CpG-rich region
types, comparing each against the other two. Intriguingly,
the area under the curve (AUC) amounted to 0.9869 for
universal CHMs, 0.8746 for non-universal CHMs, and
0.9883 for CpG-rich nonCHMs (Fig. 4B). In terms of
precision-recall analysis, the area under the precision-
recall curve (AUPRC) yielded values of 0.9085 for univer-
sal CHMs, 0.6061 for non-universal CHMs, and 0.9954
for CpG-rich nonCHMs. These results suggested that
each type of CpG-rich region has specific DNA sequence
features.

To investigate the exact DNA features of univer-
sal CHMs, we next generated all possible DNA k-mers
(1<k<6) and examined their occurrences between uni-
versal CHMs and CpG-rich nonCHMs. We conducted
a receiver operating characteristic (ROC) analysis to
pinpoint k-mers whose frequency of occurrence could
differentiate between universal CHMs and CpG-rich
nonCHMs, universal CHMs and non-universal CHMs,
as well as non-universal CHMs and CpG-rich nonCHMs
(see Methods for details). The top 10 k-mers adeptly dis-
tinguished universal CHMs from the other two types of
CpG-rich regions well, as evidenced by AUC values rang-
ing between 0.85 and 0.90 (Fig. 4C, 4D). When attepting
to distinguish between non-universal CHMs and CpG-
rich nonCHMs, AUC scores were slightly lower, ranging
from 0.70 to 0.80 (Supplementary Fig. S5A). Among the
top 10 k-mers that best differentiated universal CHMs
from CpG-rich nonCHMs best, 7 were more frequently
found in the universal CHMs, while the remaining 3
were more common in CpG-rich nonCHMs (Supple-
mentary Fig. S5B). There was also a significant difference
in the frequency of the top 10 k-mers that distinguished
universal CHMs from non-universal CHMs, as well as
non-universal CHMs from CpG-rich nonCHMs, across
these CpG-rich regions (Supplementary Fig. S5C, D).
This revealed a distinct difference in DNA sequence fea-
tures among the three types of CpG-rich regions. Such a
sequence preference in universal CHMs was also discern-
able in IAPEz, which extensively overlapped with univer-
sal CHMs (Supplementary Fig. S5E), suggesting that the
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sequence preference might be derived from this ERVK
subfamily. These results indicating the roles of DNA
sequence preferences in CHM determination.

To investigate the differences in transcription factor
(TF) binding preferences between different types of CpG-
rich regions, we applied the Cistrome toolkit [26, 27] to
identify potential binding TFs or chromatin regulator
(CR). We found that universal CHMs had a higher poten-
tial to be bound by TRIM28, MECP2, INO80, MBD1, etc.
(Fig. 4E, Supplementary Table 4), which included known
methyltransferases of H3K9me3, DNA methylation bind-
ing factors, suggesting their roles in maintaining the co-
localization of two epigenetic modifications. However,
non-universal CHMs exhibited a heightened potential
for interaction with transcriptionally active factors such
as POLR2A (Fig. 4F). CpG-rich nonCHMs, on the other
hand, had a higher potential to be bound by general tran-
scription factors, such as MED1 and GTF2B (Supple-
mentary Fig. S5F). Process-specific CHMs tended to be
associated with corresponding transcription factors. For
instance, GATA4, which is related to myocardial differ-
entiation and function, was likely to bind to heart devel-
opment-specific CHMs. Similarly, FOXA, instrumental
in liver differentiation, was found to associate with liver
development-specific CHMs (Supplementary Fig. S5H,
Supplementary Table 4). Our results indicate that there
are distinct transcription factor binding potentials
between different types of CpG-rich regions, especially
universal CHMs and nonCHM CpG-rich regions.

Discussion

H3K9me3 and DNA methylation frequently co-localize
to silence genes and transposable elements in hetero-
chromatin, which is usually GC-poor [28]. However,
our previous study in mouse embryos revealed their co-
localization at CpG-rich regions, termed CHMs, and
suggested that those regions can escape DNA demethyla-
tion during pre-implantation embryogenesis [6]. Certain
types of CpG-rich regions, such as CpG islands (CGIs),
which are typically conserved and associated with gene
promoters, have been extensively studied. These regions
are often free from DNA methylation. In this study, we
confirmed the co-localization of H3K9me3 and DNA
methylation in CpG-rich regions in multiple mouse
developmental processes and termed the consistently co-
localized regions as universal CHMs. Universal CHMs
were distinct from other CpG-rich regions, i.e., CpG-rich
nonCHMs, in three aspects. First, many more universal
CHMs in proportion were located consistently in com-
partment B than CpG-rich nonCHMs (35.34% vs. 2.90%).
Second, universal CHMs were specifically enriched
in LTRs, while CpG-rich nonCHMs were specifically
enriched in gene promoters and exons. Third, the DNA
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sequence features of those two types of CpG-rich regions
differed significantly. This study broadens our under-
standing of the regulatory roles of CpG-rich regions.

Some types of repetitive elements are known to be
suppressed through the co-occupancy of H3K9me3 and
DNA methylation [29]. Our study highlighted the co-
localization of H3K9me3 and DNA methylation in the
ERVK and ERV1 families, particularly in the ERVK sub-
family IAPEz-int. Those evolutionarily younger repeat
subfamilies are thought to be regulated by KRAB-con-
taining zinc finger proteins (KZFPs) and their cofactor
TRIM28 [30, 31], whose binding sites preferentially over-
lap with universal CHMs, suggesting a similar regulatory
mechanism for universal CHMs.

Conclusions

Our research provides a comprehensive analysis of
H3K9me3 and DNA methylation co-marked CpG-rich
regions (CHMs) across six distinct mouse developmen-
tal processes. We have discovered that the co-occurrence
of H3K9me3 and DNA methylation represents one of the
most consistent modification patterns within CpG-rich
regions, with more than 2,600 CHMs observed through-
out all examined developmental stages. Notably, CHMs
are characterized by significantly higher H3K9me3 sig-
nals when compared to surrounding regions, with a large
portion located in euchromatin. Our findings also suggest
a potential role of sequence preferences in determining
CHM characteristics and hint at the possible involve-
ment of CHMs in silencing evolutionarily younger LTRs,
particularly within certain ERVK subfamilies. This study
elucidates the distinct features of CHMs during multiple
developmental processes and enriches our understand-
ing of the regulatory roles of CpG-rich regions in mam-
malian development. Further research may lead to new
insights into the intricate epigenetic regulation of devel-
opmental processes and contribute to our knowledge of
the biological significance of these modifications.

Methods

Data processing and normalization for ChIP-seq, RNA-seq,
and WGBS

ChIP-seq reads were aligned to the mouse genome
mml0 using Bowtie2 (v2.4.2) [32] with default param-
eters. Signal tracks for each sample were generated using
the MACS2 (v2.1.1.20160309) [33] pileup function and
were saved as reads per million (RPM). ChIP-seq biologi-
cal replicates were pooled. RNA-seq reads were aligned
to the mouse genome mm10 using HISAT?2 (v2.1.0) [34]
with default parameters. The expression levels for all Ref-
Seq genes were quantified as TPM values using String-
Tie (v2.1.4) [35], and the TPM values of replicates were
averaged. All of the WGBS reads were first processed
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using Trim galore (v0.6.6) to trim low-quality reads. The
trimmed WGBS reads were then mapped to the mouse
genome mml0 using bsmap, and the methylation level
of each CpG site was estimated using mcall. Both bsmap
and mcall were from MOABS (v1.3.2) [36].

Calculation of DNA methylation amount (DNAme amount)
We generated genome-wide sliding windows with 1 kb as
the size and 10 bp as the step and calculated the DNA
methylation level (methylated CpG/total CpG) and CpG
number for each 1-kb window separately. Then we mul-
tiplied the DNA methylation level and CpG number
for each 1-kb window as the DNA methylation amount
(DNAme amount) for the center position of the given
window.

CHM-related terminology

PCAR (v0.1.0) [6] was used to call candidates with
default parameters. For each developmental process,
candidates existing in more than 2/3 stages were defined
as CHMs, while others were defined as non-ubiqui-
tous candidates. Neighboring CHMs within 2 kb were
merged. CHMs existing in all 6 processes were defined
as universal CHMs. Non-universal CHMs were defined
as the complementary set to universal CHMs across all
six processes. CH-nonMs and CM-nonHs were called
using PCAR with the parameters “-D CHnonM” or
“-D CMnonH” respectively. 1-kb bins with more than
30 CpGs were selected as CpG-rich regions. CpG-rich
regions without CHM candidates within 2 kb were
defined as CpG-rich nonCHMs. CHMs existing in only
one certain process were defined as process-specific
CHMs. For example, CHMs only exited during heart
development were defined as heart development-specific
CHMs.

Compartment calling

The annotations of compartment A and B in mouse ESCs,
in vitro differentiated neural progenitor cells (NPCs),
in vitro differentiated cortical neurons (CNs), NPCs puri-
fied in vivo from the E14.5 neocortex (ncxNPCs), and
CNis purified in vivo from the E14.5 neocortex (ncxCNis)
were downloaded from Bonev et al. (2017) [21]. The A or
B compartments from 5 tissues were intersected, respec-
tively. Regions that were not either A or B in the 5 cell
types were intersected and classified into the “other”
group. Regions that were inconsistent in the 5 cell types
were classified into the “inconsistent” group. Inconsistent
compartment A and B regions were defined as genome
regions which were not consistent to be compartment A
or compartment B across the 5 cell types (ESCs, NPCs,
CNss, ncxNPCs and ncxCNs).
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Assembly of TE transcripts

Transposable element (TE) transcripts during mouse
development were constructed as in ref. [37]. The RNA-
seq reads in each developmental stage were mapped to
the mm10 genome using STAR (v2.7.4a) [38] with the
following parameters: “—outSAMtype BAM SortedBy-
Coordinate —outFilterMultimapNmax 500 —outSAMat-
tributes NH HI NM MD XS AS -readFilesCommand
zcat” Transcript assembly of each RNA-seq sample was
performed using StringTie (v2.1.4) [35] with the follow-
ing parameters: “-j 2 -s 5 -f 0.05 -c 2”. Assembled tran-
scripts from multiple RNA-seq samples were merged
using TACO (v0.7.3) [39] with default parameters.
Transcripts whose exons overlapped with transposable
elements but not the exons of RefSeq protein-coding
genes were regarded as TE transcripts.

Calculation conservation score for TEs

The conservation scores for Transposable Elements
(TEs) were obtained from the UCSC Table Browser
(https://genome.ucsc.edu/cgi-bin/hgTables) [40]. The
scores were derived from the mml0 assembly, spe-
cifically from the “Comparative Genomics” group,
the “Conservation” track, and the “60 Vert. Cons
(phastCons60way)” table. These scores encompassed
three subsets: Glires, Euarchontoglires, and placental
mammal.

Potential target genes/TEs

We defined genes whose TSSs were located within 10 kb
of universal CHMs, non-universal CHMs, CpG-rich non-
CHMs or process-specific CHMs as their potential target
genes and TEs overlapping with universal CHMs, non-
universal CHMs and CpG-rich nonCHMs as their poten-
tial target TEs.

Genomic enrichment analysis

The enrichment of universal CHMs, non-universal
CHMs, CpG-rich nonCHMs and process-specific CHMs
in genomic features such as CGI, promoter, gene body,
exon, intron, LTR, LINE and SINE was calculated. We
used the log,-transformed “observed overlapping length
ratio” divided by the “expected overlapping length ratio”
as the enrichment score. The observed overlapping ratio
was the proportion of the length of universal CHMs,
non-universal CHMs, CpG-rich nonCHMs or process-
specific CHMs overlapping with features to the total
length of universal CHMs, non-universal CHMs, CpG-
rich nonCHMs or process-specific CHMs. The expected
overlapping length ratio was the proportion of each
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feature’s total length, for example, total length of promot-
ers, to the whole mm10 genome.

Functional annotation

Functional annotation clustering analysis was performed
using the Database for Annotation, Visualization and
Integrated Discovery (DAVID) Bioinformatics Resource
6.8 [41]. For each functional cluster from “GOTERM._
BP_ALL’ one representative Gene Ontology (GO) term
was selected, and its -logl0(p-value) was plotted to indi-
cate the significance. Regarding the CpG-rich nonCHMs,
the number of their target genes in compartment A
exceeded the upper limit of 3,000 as set by DAVID. We
therefore randomly selected 3,000 genes from the target
genes of CpG-rich nonCHM regions five times. These
selections were individually processed through DAVID
each time and the resulting GO terms were combined.
Due to the limited number of CHMs of each process-
specific CHM classes, we could only obtain significant
GO terms enriched in pre-implantation-specific CHMs
and PGC development CHMs.

Fine-tuning the nucleotide transformer

We utilized the pre-trained "2B5_multi_species’ Nucleo-
tide Transformer model [25], setting the ‘'max_positions’
parameter to 171. This was calculated based on the 1-kb
sequence length we used and the 6-mer maximum k-mer
length utilized by the Nucleotide Transformer. For our
predictions, we used 3,402 CpG-rich 1 kb-bins of uni-
versal CHMs, 2,392 CpG-rich 1 kb-bins of non-universal
CHMs, and 22,069 CpG-rich nonCHMs, excluding 7
CpG-rich nonCHMs containing N sites. We stored the
embedding results from layers 10 to 20 during the predic-
tion process for separate fine-tuning. 20% of the labeled
embedding scores were randomly selected as a test
dataset, with the remaining data split into a 4:1 ratio for
training and validation datasets. A Multi-Layer Percep-
tron (MLP) model was utilized to fine-tune the embed-
ding scores across all combinations of hyperparameters:
embedding layers of 10, 15, 20; batch sizes of 50, 100, 500;
epoch numbers of 10, 50, 100; and learning rates of 0.001,
0.0001, 0.00001. The MLP model was constructed with
a flatten layer, a linear layer (with 2,560 inputs and 512
outputs), a ReLU layer, and a final linear layer (with 512
inputs and 3 outputs for class probability determination).
After extensive fine-tuning, the optimal parameters for
the highest test dataset accuracy (0.9616) were found to
be a learning rate of 0.001, 100 epochs, a batch size of 50,
and using the 20" embedding layer.

ROC analysis of k-mers
The frequencies of each possible k-mer (1<k<6)
were calculated for universal CHM, non-universal
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CHMs and CpG-rich nonCHM sequences. For each
possible k-mer, we labeled universal CHM sequences
as “1” and CpG-rich non-CHM sequences as “0” and
used the sequence labels and k-mer frequency to
calculate the AUC score with Scikit-learn (sklearn,
v1.1.3) [42]. The frequency and AUC score of each
k-mer were equivalent to those of its reverse com-
plementary k-mer. This process was similarly carried
out for universal CHMs versus non-universal CHMs,
as well as non-universal CHMs versus CpG-rich
nonCHMs.

Statistical analysis

Statistical analysis was performed using R or SciPy
(v1.5.4) [43], and the statistical details are shown in
the figure legends. Asterisks represent statistical sig-
nificance (****: p-value <0.0001; ***: p-value <0.001; **:
p-value<0.01; *: p-value <0.05; n.s.: not significant).
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