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Integration of multi-omics data revealed
the orphan CpG islands and enhancer-dominated
cis-regulatory network in glioma

Jiawei Yao,'¢ Penglei Yao,"* Yang Li," Ke He," Xingi Ma," Qingsong Yang,' Junming Jia," Zeren Chen," Shan Yu,?
Shuging Gu,? Kunliang Chen,* Yan Zhao," Weihua Li,>* Guangzhi Wang,"* and Mian Guo'/+*

SUMMARY

The complex transcriptional regulatory network leads to the poor prognosis of glioma. The role of orphan
CpG islands (oCGls) in the transcriptional regulatory network has been overlooked. We conducted a
comprehensive exploration of the cis-regulatory roles of oCGls and enhancers by integrating multi-omics
data. Direct regulation of target genes by oCGls or enhancers is of great importance in the cis-regulatory
network. Furthermore, based on single-cell multi-omics data, we found that the highly activated cis-reg-
ulatory network in cluster 2 (C2) sustains the high proliferative potential of glioma cells. The upregulation
of oCGls and enhancers related genes in C2 results in glioma patients exhibiting resistance to radio-
therapy and chemotherapy. These findings were further validated through glioma cell line related exper-
iments. Our study offers insight into the pathogenesis of glioma and provides a strategy to treat this chal-
lenging disease.

INTRODUCTION

Glioma is the most prevalent primary tumor of the brain and spinal cord, with glioblastoma multiforme (GBM) being the most frequent primary
malignant tumor of the brain and central nervous system. It accounts for 14.2% of all tumors and 50.9% of malignant tumors. Despite signif-
icant efforts from both basic and clinical researchers, the five-year relative survival rate of glioma patients remains only 35.7%." The underlying
cause of this poor prognosis is the intricate regulatory network of glioma, endowing it with the capacity to adapt to various hostile environ-
ments. Elucidating the role of a single target is considerably constrained in this scenario.” With the advancement of sequencing technolo-
gies, high-resolution insights have gradually emerged into the development of glioma, paving the way for understanding transcriptional regu-
lation in glioma.*®

Epigenetic modifications, as a regulatory layer, play a key role in both the upstream and downstream components of the transcriptional
network.”” Methylation is one of the most prevalent mechanisms regulating transcription.® CpG islands (CGls) are found in various DNA el-
ements involved in the transcriptional regulatory network, with more than half of promoter regions hosting clustered CGls.”'® Furthermore,
the presence of CGls significantly enhances the transcription-activating capacity of enhancers.'' Enhancers, as distal cis-regulatory elements,
are different from proximal regulatory elements such as promoters. They rely on the 3D structure of chromosomes to achieve long-range
regulation, thereby playing a pivotal role in the intricate regulatory network of glioma.'”'® Compared to the high density of CGls in the pro-
moter regions, CGls are relatively sparse within enhancers. Nevertheless, the function of both is markedly regulated by the methylation levels
within their respective CGls. Increased methylation reduces chromatin accessibility, consequently affecting the binding of enhancers to tran-
scription factors (TFs).'*'® Aberrant epigenetic modifications of CGls result in transcriptional dysregulation. Abnormal CGls methylation is
closely associated with various diseases, including glioma.'®"” Excluding CGls located in the classical regulatory regions, the genome still
harbors nearly half of orphan CpG islands (0CGls).'® These isolated oCGls have long been overlooked, and few studies indicated that
some oCGls play an indispensable role in the positive regulatory effect of enhancers located within the same topologically associating do-
mains (TADs).'? Not all oCGls necessarily serve as bridges for enhancer function, and the independent regulatory potential of oCGls remains
uncertain. These aspects remain unknown in the intricate regulatory network of glioma.

In this study, we found that oCGls act as atypical enhancers, exerting cis-regulatory effects and collaboratively regulating target genes in
coordination with enhancers, establishing a complex cis-transcriptional regulatory network in glioma. Furthermore, single-cell multi-omics
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data revealed that the cis-regulatory role of oCGls, in conjunction with enhancers, is crucial for maintaining the stemness of glioma cells and is
closely associated with various biological processes, such as necrosis and invasion. Additionally, it plays a crucial role in treatment resistance,
leading to an adverse prognosis for patients. The cis-regulatory role of oCGls was validated in glioma cell lines. We comprehensively explored
potential mechanisms underlying the interaction between oCGls and enhancers, providing a perspective for unraveling the intricate regula-
tory network in glioma.

RESULTS
Methylation characteristics of 0CGls and enhancers in glioma

We initially identified CGls in different DNA elements. Consistent with previous findings, the majority of CGls (78.99%) overlapped with genes
or promoter regions, but approximately 20% of oCGls were dispersed throughout the genome (Figure STA). These dispersed oCGls have
long been ignored. We performed consensus clustering based on the methylation of oCGls and enhancers to illuminate the methylation char-
acteristics of oCGls and classical enhancers. We found that glioma can be broadly classified into two subtypes under various clustering sce-
narios (Figures S2 and S3). Furthermore, the clustering results based on oCGls or enhancers divided the glioma samples into two major sub-
types, and the two major subtypes obtained from clustering based on oCGls correspond to the two major subtypes from clustering based on
enhancers (Figure S1B). Cluster 1 (C1) was predominantly composed of low-grade glioma (LGG), whereas cluster 2 (C2) primarily included
GBM (Figure S1C). Additionally, the isocitrate dehydrogenase (IDH) mutant samples are almost entirely distributed in C1 (Figure S1C;
Table S1). We utilized the clustering results based on oCGls to further explore the role of oCGls.

Identifying the cis-regulatory network in which oCGls or enhancers play a dominant role

To elucidate the regulatory patterns among oCGls, enhancers, and genes, we initially screened combinations with potential regulatory effects
based on interactions between oCGl-gene/enhancer-gene pairs in the same TAD. Furthermore, we proposed 9 regulatory models of oCGI-
enhancer-gene triplets (Figure 1A). These 9 models elucidated all potential regulatory possibilities, including 4 models where oCGl or
enhancer individually played a predominant role (direct, cased, co-responsive, and composite), and 1 model where they were co-dominated
(co-dominated). For instance, in the oCGl-dominated direct model, the methylation level of oCGl affected its binding capacity to TFs, thereby
affecting the binding of TFs to target gene promoter regions and regulating transcription.”*'® Subsequently, based on Bayesian networks, we
determined the most suitable model for each oCGl-enhancer-gene triplet. In addition, models were selected based on the methylation levels
of oCGls and enhancers in conjunction with gene expression. In the end, only 7 models were validated in our dataset (0cCGI_Direct,
Enhancer_Direct, oCGI_responsive, Enhancer_responsive, oCGI_Cased, Enhancer_Cased, and Coordinate). In both glioma subtypes, the
oCGl direct and enhancer direct model predominated, indicating that despite the presence of more complex indirect regulation, oCGls
and enhancers played a dominant role in the direct regulation of target genes. Moreover, among all triplets, the number of triplets with up-
regulated target genes in C2 is among the highest (Figures 1B and 1C). Furthermore, 1,114 upregulated genes were associated with positive
regulation of the tumor (positive regulation of cytokine production and cell migration) (Figure S1D).

oCGls exhibited similar regulatory characteristics to classical enhancers. Both oCGls and enhancers can regulate more than one target
gene, but the predominant mode of regulation is one-to-one. Secondly, the regulatory effect of oCGls or enhancers on target genes within
the same TAD is not often limited to adjacent loci. On the contrary, non-adjacent regulation models accounted for the majority of the model
count. In a significant number of models, oCGls or enhancers were separated from their target genes by more than 10 genes. Thirdly, the
long-range regulatory characteristics of enhancers were also evident in oCGls. Similar to enhancers, the regulatory distance of oCGls typically
exceeded 500 kb and even surpassed 1,000 kb in some cases. These characteristics were observed in both glioma subtypes (Figures 2A
and 2B).

States of oCGls and enhancers in the cis-regulatory models
Different modes of histone modifications by enhancers serve as markers of their activity. H3K27ac is a marker of active enhancers with positive
transcriptional regulatory activity, whereas H3K27me3 is a marker of silenced enhancers. Co-expression of H3K4me1 and H3K27ac indicates
enhancers with moderate activity. Promoters also have similar activation and silencing markers. H3K4me3 is significantly enriched in promoter
regions as an additional marker.”" Due to the lack of chromatin modification data corresponding to The Cancer Genome Atlas (TCGA) sam-
ples, we used external samples to determine the mode of chromatin modification of the two glioma subtypes. We first determined to which
subtype the external samples belonged. We initially identified the subtypes of 24 glioma samples (GSE121720, GSE121721, GSE189859, and
GSE189860) based on distance metrics (Figure STE). Next, we constructed classifiers for TCGA glioma samples based on oCGI methylation
features and gene RNA expression features using 11 machine-learning algorithms. Except for featureless, log_reg, and debug algorithms,
other algorithms exhibited excellent discriminatory capabilities for glioma samples in TCGA (Figure S4A). We trained 10 models for each
of the eight algorithms based on different resampling results. These models were then applied to the test set samples. Model performance
was evaluated using classification error rate and receiver operating characteristic curve (ROC), with cv_glmnet showing excellent performance
across all 10 models on both oCGI methylation and RNA expression data. It correctly distinguished the subtypes of all samples when utilizing
both types of data (Figures S4A, S4B, and S5).

Next, we analyzed the distribution of different histone modifications across the genome. Both subtypes exhibited similar distribution pat-
terns, with peaks of different histone modifications significantly enriched in gene-related regions (Figure S4C). Furthermore, we characterized
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Figure 1. Epigenetic regulatory models in glioma

(A) Pattern diagrams for 9 oCGl- and enhancer-dominated cis-regulatory models.

(B) Composition of epigenetic regulatory models for the two glioma subtypes.

(C) Methylation and gene expression levels of components of the epigenetic regulatory model in the two glioma subtypes. In the bar charts in the up and right
corner, red represents cluster 1, and blue represents cluster 2. (C1_UP indicates genes upregulated in cluster 1 compared to cluster 2, and C2_UP indicates the
opposite).

the histone modification features in the 3,000 kb regions around all transcription start site (TSS), oCGls, and enhancers in the two subtypes. C2
exhibited lower methylation levels, higher chromatin accessibility, and higher levels of active promoter and enhancer feature markers, such as
H3K27ac peaks, across all regions. All oCGls displayed histone modification features similar to enhancers (Figure S6A). These findings support
their role as "atypical enhancers” with similar functions. Consistent with the dominance of triplets with upregulated target genes in C2, C2
exhibited higher overall transcriptional regulatory activity. Therefore, we focused on genes activated in C2 and repressed in C1 in the
follow-up analyses. These genes displayed similar histone modification features between C1 and C2 (Figures S6B and S6C), confirming
our previous findings. Finally, combining the regulatory modes obtained from the triplet analysis, the predominant model characteristics
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Figure 2. Regulatory characteristics of oCGls and enhancers
(A and B) The number, locations, and distances of target genes were regulated by oCGls and enhancers in the two glioma subtypes.

in C1 were oCGls and enhancers with lower activity and higher methylation levels, suppressing gene transcription. In contrast, the dominant
regulatory mode in C2 was characterized by active oCGls and enhancers with lower methylation levels, enabling positive transcriptional requ-
lation (Figures S4D and S4E).

The cis-network in which oCGls or enhancers play a dominant role in glioma cells

Although we have constructed a cis-regulatory network based on glioma subtypes, the specific manner in which these regulatory modes
function and whether they directly impact tumor cell life cycle remain elusive. Thus, we investigated the regulatory models in which
oCGls or enhancers play a dominant role in tumor cells utilizing single-cell RNA sequencing (scRNA-seq). Our initial approach involved
ensuring quality control and cell annotation for scRNA-seq data from 8 samples and filtering cells based on copy number variations,
yielding 21,370 tumor cells (Figures 3B and S7A-S7G). Subsequently, we identified subtypes for these 8 samples using a previously
developed RNA classifier (Figure 3A) and only retained the tumor cells for subsequent analysis. It should be noted that significant het-
erogeneity existed among tumor cells from different subtypes (Figures 3E and S7G). Although limited coverage of methylation sites in
single-cell reduced representation bisulfite sequencing (scRRBS-seq) prevented identification of regulatory patterns for some triplets,
consistent with previous results, oCGI_direct and enhancer_direct modes still primarily regulated both subtypes (Figure 3C). To
further characterize the heterogeneity between tumor cells from the two subtypes, we assessed the proliferative potential of tumor
cells. Tumor cells in C2 exhibited a significantly higher cytotrace score and a lower degree of differentiation (Figure 3D) (mean cytotrace
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Figure 3. The cis-regulatory networks in which oCGls or enhancers play a dominant role in glioma cells

(A) Identification of glioma subtypes using the oCGI RNA classifier with 10 models on 8 glioma samples.

(B) Uniform Manifold Approximation and Projection (UMAP) plot depicting the cell types of 8 glioma samples form Verhaak cohort.

(C) Composition of the cis-regulatory models in which oCGls or enhancers play a dominant role in glioma cells (top: cluster 1; bottom: cluster 2).

(D) Cytotrace scores in glioma cells, where 0 indicates higher differentiation, and 1 indicates lower differentiation.

(E) (Left) Differentiation trajectory of tumor cells, with 1 representing the starting point of differentiation. (Right) The connection between cluster 1 and cluster 2
glioma cells with the differentiation trajectory.

(F) Changes in the expression of target genes of cis-regulatory models in two glioma subtypes along the differentiation trajectory (top: cluster 1; bottom:
cluster 2).

(G) Cell communication in the tumor microenvironment of the two glioma subtypes. Top: quantity of ligand-receptor pairs between cell types in cluster 1
compared with cluster 2. Bottom: strength of the ligand-receptor pairs between cell types in cluster 1 compared with cluster 2.

score: C1: 0.146; C2: 0.637). In line with the results of pseudotime analysis, the tumor cells from C2 primarily aggregated at the initiation
of the differentiation trajectory. As cells progressed along the differentiation trajectory, the composition of tumor cells transitioned from
C2 cells to C1. Additionally, the upregulated genes in C2 exhibited a significant negative correlation with differentiation time
(Figures 3E, 3F, S8A, and S8B; Table S2).
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The mechanism by which the cis-regulatory network acts in glioma cells

We initially focused on the communication between various components in the glioma microenvironment to elucidate the precise mecha-
nisms by which the cis-regulatory network is involved in glioma cells. Therefore, we needed a more detailed identification of tumor cells.
All non-tumor cells were classified into oligodendrocytes, microglia, macrophages, T cells, endothelial cells, and pericytes cells
(Figures S8C and S8D). The results of cell communication in the tumor microenvironment showed that interactions between tumor
cells and other cells in the tumor microenvironment were stronger in C2 than in C1 (Figure 3G). Many signals favoring tumor cells were signif-
icantly activated in C2, such as integrin-related signals (COL9A3 — (ITGA2+ITGB1), JAM3 — (ITGAM+ITGB2), COL6AT — (ITGAT+ITGB1)),
immune suppression signals (CD99 — PILRA), etc. (Figure S8E; Table S3). Furthermore, we explored TFs binding to oCGls or enhancers.
Initially, we scanned the DNA sequences of oCGls or enhancers, preliminarily selecting TF motifs with binding potential. Subsequently,
we identified the upregulated TFs in the two subtypes of tumor cells (Figure S8F; Table S4). By combining the two strategies mentioned pre-
viously, we identified TFs potentially regulating different triplets in different subtypes of glioma cells. Based on univariate cox regression and
co-expression analysis between oCGls/enhancers-related TFs and their target genes, we identified key TFs related to the survival of glioma
patients (Figure S9A and S9B).

The effects of the cis-network regulatory in different niches of gliomas

Using spatial transcriptomics sequencing (stRNA-seq), we explored the regulatory roles of oCGls and enhancers in different niches. We first
identified the subtypes of glioma (Figure S10A). The necrotic and infiltrating niches of the two subtypes of glioma were analyzed and
confirmed by pathologists. The necrotic niche surrounding both subtypes exhibited evident hypoxia and differentiation features. Addition-
ally, genes regulated by oCGls and enhancers in both clusters were significantly downregulated in this region. Differences in the necrotic
niche between the two subtypes were reflected in the copy number variation (CNV) of spots in C2, gradually increasing from the necrotic
center toward the outer layer. C1 showed the opposite trend (Figures 4A-4D, S11A, and S11B). To elucidate the reasons leading to this dif-
ference, we integrated the 8 scRNA-seq datasets from the aforementioned studies with the respective stRNA-seq dataset for each subtype.
Glioma cells mainly co-localized with microglia and endothelial cells, showing stronger colocalization with microglia in regions closer to the
necrotic center (Figure S10B and S10C). The necrotic niche in C2 contained a higher proportion of tumor cells, increasing its CNV (Fig-
ure S10D). Gene Ontology (GO) analysis showed that MHC-related functions were significantly activated near the necrotic center (layer 1),
while membrane protein activity and extracellular matrix activation were more prominent in the outer layer (layer 2), with both subtypes ex-
hibiting similar results (Figure ST0E). Cell communication in the necrotic niche revealed a significant overactivity of various chemokines and
other immune-related receptor-ligand pairs in C1 (CCL3L3-ACKR2, JAM2-JAM2, CCL2-CCR10, etc.). Similarly, various signals promoting tu-
mor cell activation were more pronounced in C2 (ST00A4-EGFR, SPP1-ITGB1, SPP1-ITGAV, etc.) (Figures 4E and S10F; Table S5).

In the infiltrating niche, the CNV, hypoxia, cytotrace score, and cis score exhibited similar distributions (cis score: the mean expression
levels of oCGl/enhancer-related genes upregulated in C1/C2) (Figures 4F, 4G, S11C, and S11D). In the tumor component of the infiltrating
niche, tumor cells were predominantly co-localized with oligodendrocytes and endothelial cells, and this distribution pattern was consistent
between the two subtypes (Figures S12A and S12B). The tumor region comprised more tumor cells and fewer immune cells compared with
the infiltrating region (Figure S12C). The tumor region in C1 activated additional immune-related molecular functions compared with C2
(Figures S12D and S12E). The communication between glioma cells and components of the tumor microenvironment revealed abundant tu-
mor-promoting signals in the infiltrating niches of both subtypes. Immune-related signals were more abundant in C1 compared with C2
(JAM2 — JAM2, CCL3L3 — CCR1, CCL2 — CCR10) (Figures 4H and S12F; Table Sé). The gene POLR2L, regulated by oCGI Chr11:728884-
729383 in our study, played a significant role in cell communication in C2 glioma cells, although it was not the most significantly acti-
vated gene.

The upregulation of oCGl/enhancer-related genes in C2 is associated with treatment resistance in gliomas

To elucidate the impact of the cis-regulatory role of oCGl/enhancers on the clinical treatment of glioma patients, we stratified glioma patients
from TCGA into high and low groups based on the mean expression levels of 1,055 oCGl/enhancer-related genes upregulated in C2 (C2 cis
score). The prognosis of patients with higher C2 cis scores was significantly worse under different treatment conditions (untreated, chemo-
therapy, radiotherapy, and chemotherapy + radiotherapy) (Figure 5A). This pattern of treatment resistance was further validated in the Chi-
nese Glioma Genome Atlas (CGGA) cohorts, including the 325 cohort and 693 cohort (Figure 5B). Clustering results based on drug sensitivity
of tumor cells from two subtypes, as shown by beyondcell, revealed significant heterogeneity between the two subtypes (Figure 5C). C2 tumor
cells showed higher sensitivity to ingenol mebutate, while C1 tumor cells were more sensitive to marinopyrrole A (Figures 5D-5F).

Validation of the cis-regulatory role of oCGls

As the POLR2L gene plays a crucial role in cell communication between tumor cells and other components of the tumor microenvironment, we
selected oCGlI (Chr11:728884-729383) and its target, POLR2L gene, for validation. Additionally, we identified TF E2F7 as a potential regulatory
target based on prognosis analysis and co-expression analysis from the aforementioned studies. First, we identified the subtypes of 49 glioma
cell lines based on the DNA methylation data (Figure 6A). Two cell lines from each subtype were chosen for subsequent validation (C1: A172 and
SF126; C2: LN229 and U251). The results of chromatin immunoprecipitation (ChIP) combined with gPCR indicated that E2F7 was significantly
enriched in the region of oCGI Chr11:728884-729383 in LN229 and U251 cell lines. Additionally, this enrichment disappeared upon the knockout
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Figure 4. Spatial transcriptomic features of glioma oCGls-based subtypes

(A and C) CNV levels in the necrotic niche of UKF313_T (cluster 2) and DMGS5 (cluster 1).

(B and D) Expression of hypoxia, CNV, cytotrace score, and cis score in the necrotic niche of UKF313_T (cluster 2) and DMGS5 (cluster 1) based on the distance from
the necrotic center.

(E) Cell communication in the necrotic niche of cluster 1 and cluster 2.

(F and G) The CNV levels in the infiltrating niche of UKF269_T (cluster 2) and DMG4 (cluster 1).

(H) Cell communication in the infiltrating niche of cluster 1 and cluster 2.

of oCGI Chr11:728884-729383 (the control group is without the knockout of Chr1:728884-729383) (Figure 6B). oCGl Chr11:728884-729383
knockout in LN229 and U251 cell lines markedly decreased the expression of POLR2L gene and glioma stem cell-related genes, CD133 and
SOX2. However, such a regulatory relationship was not observed in A172 and SF126 cell lines (Figures 6C and éD). The effect of oCGl
Chr11:728884-729383 on cell proliferation was validated in different glioma subtypes through MTT assay and immunofluorescence assay. After
oCGI Chr11:728884-729383 knockout, LN229 and U251 cell viability significantly decreased, and the Kié7 fluorescence signal became noticeably
weaker compared with the control group (Figures 6E, 6G, and 6H). The effect of oCGI Chr11:728884-729383 knockout on the viability of A172 and
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Figure 5. oCGls/Enhancer-related genes contribute to treatment resistance in glioma patients
(A and B) Higher C2 cis scores result in shorter overall survival in patients, based on TCGA and CGGA datasets.
(C) UMAP plot illustrating the bescore of glioma cells for two subtypes.

(D) Sensitivity of the two subtypes to specific drugs. Data are presented as means or medians of cluster 2 cells.
(E and F) UMAP plots of bescores for ingenol mebutate and marinopyrrole A in the two subtypes (top) and the distribution of bescores in tumor cells (bottom).

bcscore

SF126 cells was not significant (Figure 6F). To provide better guidance for clinical treatment, we filtered drugs effective for each subtype of gli-
oma. Combining drug sensitivity data from 49 glioma cell lines, we compared the area under the curve (AUC) values for the two glioma subtypes.
Apart from JNK inhibitor VIIl and XAV939, most anti-tumor drugs were more effective on cell lines from C1 (Figure 6l).

DISCUSSION

Recent studies have increasingly investigated the regulatory effect of classic enhancers on critical targets in cancer. It is now widely acknowl-

edged that enhancers accelerate oncogenesis.””

As such, many researchers paid attention to the pairing of classic enhancers with critical no-

des in cancer. However, for highly heterogeneous tumors like glioma, the complexity of the transcriptional regulatory network provides the
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Figure 6. Validation of the cis-regulatory effects in which oCGls play a dominant role

(A) Application of the oCGI DNA methylation classifier to 49 glioma cell lines.

(B) ChIP gPCR showing significant enrichment of E2F7 in the oCGI Chr11:728884-729383 region in cluster 2 cell lines (LN229 and U251). This enrichment
disappeared after oCGl knockout. No such enrichment was observed in cluster 1 cell lines (A172 and SF126). Data are presented as means + SEM of three
independent experiments.

(C) In LN229 and U251 cell lines, knockout of oCGI Chr11:728884-729383 decreased the expression of POLR2L, CD133, and SOX2 compared with the control
group. Data are presented as means + SEM of three independent experiments.

(D) In A172 and SF126 cell lines, knockout of oCGI Chr11:728884-729383 did not significantly affect the expression of POLR2L, CD133, and SOX2 compared with
the control group. Data are presented as means + SEM of three independent experiments.

(E) In LN229 and U251 cell lines, knockout of oCGl Chr11:728884-729383 decreased cell viability compared with the control group. Data are presented as
means + SEM of three independent experiments.

(F) In A172 and SF126 cell lines, knockout of oCGI Chr11:728884-729383 did not significantly change cell viability compared with the control group. Data are
presented as means + SEM of three independent experiments.

(G and H) In LN229 and U251 cell lines, knockout of oCGI Chr11:728884-729383 resulted in a noticeable attenuation of KI67 (green) compared to the control
group. (Blue: nucleus.) Data are presented as means + SEM of three independent experiments. Scale bar: 100 um.

() Drug sensitivity screening of two glioma subtypes cell lines (*p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001, p was calculated by unpaired t test).

iScience 27, 110946, October 18, 2024 9




¢? CellPress iScience
OPEN ACCESS

potential for a broader definition of enhancers. The coordinated transcription-enhancing function of oCGls establishes a foundation for their
non-classical enhancer function.'” We constructed the oCGl-enhancer-gene regulatory models to illuminate the importance of oCGls, which
have long been overlooked. We revealed the role of oCGls as non-classical enhancers in the intricate regulatory network of glioma.

First, the comparative genomic analysis highlighted that oCGls exhibit DNA methylation characteristics similar to classical enhancers, sug-
gesting that oCGls can exert transcriptional enhancer functions, either through a mechanism akin to that of classical enhancers or by collabo-
rating with classical enhancers. Furthermore, to elucidate the precise regulatory functions of oCGls across different glioma samples, we applied
the 9 possible models of regulation, encompassing oCGls-enhancer-gene triplets, based on the DNA methylation features of oCGls in glioma
subtypes. Through mutual information analysis and Bayesian networks, we delineated the regulatory patterns of each triplet. As expected, oCGls
directly orindirectly regulated the target genes. Notably, they exhibited regulatory characteristics similar to classical enhancers, enabling them to
regulate several target genes and exert long-range regulation within the same TAD. Although oCGls and enhancers were primarily engaged in
the direct regulation of target genes within the cis-regulatory network of glioma, many more complex regulatory models were validated, sug-
gesting that enhancers are potential targets of oCGls. It enhances our understanding of the cis-regulatory network.

The predictive models based on 11 machine-learning algorithms allowed us to accurately identify the glioma subtypes based on their DNA
methylation or RNA expression levels. These findings can help integrate data from various sources and comprehensively identify the charac-
teristics of the cis-regulatory network. Chromatin modifications serve as markers for identifying the functional states of enhancers or pro-
moters.’%?! The results of chromatin modifications in the two glioma subtypes indicated that tumor cells were more active in C2. In C2,
the regulatory models in which oCGls or enhancers play a dominant role exerted stronger positive transcriptional control through lower
methylation levels and higher chromatin accessibility. Therefore, we focused on the major regulators of transcription in C2. Some key factors
that were previously overlooked have been revealed in our study, such as MLX, whose role in gliomas has never been addressed before
(Figures S9A and S9B). In our research, MLX, activated as a target gene of C2, emerged as significantly correlated with prognosis and ex-
hibited co-expression with various TFs. The oncogenic role of MLX has been reported in osteosarcoma, where enhancer-driven MLX expres-
sion is upregulated, contributing to metabolic reprogramming.? The cis-activation effect in C2 renders patients unresponsive to various clin-
ical treatments, including chemotherapy, radiotherapy, or their combination.

We employed a high-resolution single-cell atlas to further characterize the details of the cis-regulatory network in tumor cells. Our findings
revealed that tumor cells from C2 typically exhibited higher rates of proliferation. Additionally, the regulatory effects of the regulatory triplets
in which oCGls or enhancers play a dominant role on target genes gradually weakened after differentiation in C2, suggesting that the active
cis-regulatory network in C2 is a crucial factor for maintaining the heightened activity of tumor cells. Additionally, the communication between
tumor cells and the glioma microenvironment was more active in C2 compared with C1, exerting a more pronounced pro-tumor effect.

To elucidate the precise mechanisms by which the cis-regulatory network and oCGls were involved in this complex glioma microenviron-
ment, we characterized different niches by analyzing stRNA-seq. Tumor cells in the center of the tumor exhibited stronger proliferation and
invasive capabilities compared with the infiltrating region.”" Additionally, due to the vigorous metabolic demands of tumor cells, the tumor
center was more susceptible to necrosis. Therefore, we selected the necrotic niche as the tumor center and the infiltrating niche as the tumor
periphery. In the necrotic niche of both subtypes, tumor cells were primarily co-localized with microglia and endothelial cells. However, in C2,
this co-localization was associated with significantly weaker immune cell infiltration and tumor-activating signals. An increase in co-localization
with oligodendrocytes was observed in the infiltrating niche, similar to the signal network in the necrotic niche. C2 showed more pronounced
activation of pro-tumor signals. The cis activation in C2is a crucial factor leading to patients’ resistance to various treatment modalities. The cis
activation in C2 renders patients unable to benefit from various clinical treatments and decreased sensitivity to various drugs.

To explore the regulatory role of oCGls in the tumor center and periphery, we focused on the common downstream target in cell commu-
nication between the two niches, namely the POLR2L gene, for subsequent validation. The results indicated that oCGI Chr11:728884-729383
may regulates glioma proliferation by modulating the regulatory effect of TFs E2F7 on the target gene POLR2L. Clinical drugs were selected
based on distinct oCGls-based glioma subtypes. Furthermore, our study provided a theoretical foundation for the subsequent development
of drugs targeting oCGls-related targets.

Our study comprehensively explored the role of oCGls as non-classical enhancers in the transcriptional regulatory network of glioma.
Generally, oCGls directly regulate target genes similar to classical enhancers. In addition, we validated numerous, more intricate models,
underscoring the complexity of the regulatory mechanisms of oCGls in cancer, enabling them to act in a coordinated or regulated manner
and significantly affecting glioma progression and treatment resistance. We provided in-depth insights into all potential scenarios within the
glioma cis-regulatory network, laying a foundation for unraveling the mechanisms behind glioma development.

Limitations of the study

Although we comprehensively analyzed the cis-regulatory network in which oCGls or enhancers play a dominant role, limitations inherent to
single-cell technologies necessitate the validation of only a fraction of the identified models. With the continued advancement of sequencing
technologies, we anticipate a more comprehensive understanding of the cis-regulatory network based on oCGils. In addition, our study has
the following limitations: First, we used TCGA 450K methylation data, which only covers about 1.5% of CpGs in the human genome. With the
popularization of sequencing technologies with higher coverage, such as the Infinium MethylationEPIC BeadChip, it will be beneficial to
explore the regulatory roles of oCGls more comprehensively. Second, we referenced previous studies and used all the enhancers from
FANTOMS, which include enhancer information from 432 primary cell samples, 135 tissue samples, and 241 cell line samples from humans.
Undoubtedly, more robust conclusions could be drawn based on a comprehensive glioma enhancer atlas. However, currently, most
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enhancers in gliomas are identified through histone modification peaks rather than CAGE-seq. We believe that CAGE-seq, which identifies
eRNA produced by enhancer transcription, is a more accurate method for enhancer localization. Third, we used TADs identified from embry-
onic brain Hi-C data as the background instead of glioma Hi-C data. Due to different developmental stages, cell types, and even cell states,
the 3D chromosomal conformations may vary. Therefore, we conducted a preliminary exploration based on previous studies. In the future, the
popularization of high-precision data, such as single-cell Hi-C data, will facilitate further exploration of the regulatory relationships of oCGls.
Finally, the hypermethylation phenomenon caused by the high mutation rate of IDH in LGG may also be a potential key reason for the dis-
tribution of oCGls methylation in different glioma samples. As we discussed in our supplementary results, almost all samples with IDH mu-
tations cluster into one glioma subtype.

RESOURCE AVAILABILITY
Lead contact

Further information and requests for resources should be directed to Mian Guo (guomian@hrbmu.edu.cn).

Materials availability

The study did not generate new unique reagents.

Data and code availability

e The datasets used during the current study are available from public datasets. The detailed data links are listed in the key resources table.
® This paper does not include original code. We have thoroughly explained the details of all analytical processes in the STAR methods section.
e Any additional information required to reanalyze the data reported in this paper will be shared by the lead upon request.

ACKNOWLEDGMENTS

This work was supported by National Natural Science Foundation of China, China (82173384 and 81773161), Shenzhen Science and Technology Innovation Com-
mission, China (JCYJ20200109120205924), and Heilongjiang Province Key Research and Development Program, China (2023ZX06C11).

AUTHOR CONTRIBUTIONS

J.Y.: conceptualization, data curation, formal analysis, methodology, software, visualization, writing — original draft, writing — review & editing; P.Y.: data curation,
formal analysis, methodology, software, validation; Y.L.: methodology, resources; K.H.: investigation, software, methodology, validation; X.M.: software, valida-
tion; Q.Y.: methodology, visualization; J.J.: writing — original draft; Z.C.: investigation, methodology; S.Y.: Writing — review & editing; S.G.: investigation; K.C.:
writing — review & editing; Y.Z.: writing — review & editing; W.L.: funding acquisition, supervision; G.W.: resources, supervision; M.G.: conceptualization, funding
acquisition, supervision, project administration, writing — review & editing.

DECLARATION OF INTERESTS

The authors declare no competing interests.

STARXxMETHODS

Detailed methods are provided in the online version of this paper and include the following:

o KEY RESOURCES TABLE
o EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
o Cell lines
e METHOD DETAILS
o Data collection and quality control
o Identifying glioma subtypes based on DNA methylation levels
o Construction of the cis-regulatory network in which oCGls or enhancer play a dominant role
o Construction of glioma classifiers based on multi-omics data of oCGls
o scRNA-seq and scRRBS-seq data
o Spatial transcriptomics data
o Quantitative PCR with reverse transcription
o Chromatin immunoprecipitation (ChlP)
O MTT assay
o Immunofluorescence
o QUANTIFICATION AND STATISTICAL ANALYSIS

SUPPLEMENTAL INFORMATION
Supplemental information can be found online at https://doi.org/10.1016/].isci.2024.110946.

Received: March 18, 2024
Revised: July 12, 2024
Accepted: September 10, 2024
Published: September 13, 2024

iScience 27, 110946, October 18, 2024 11


mailto:guomian@hrbmu.edu.cn
https://doi.org/10.1016/j.isci.2024.110946

¢? CellPress

OPEN ACCESS

REFERENCES

1.

~

12

Ostrom, Q.T., Price, M., Neff, C., Cioffi, G,
Waite, K.A., Kruchko, C., and Barnholtz-
Sloan, J.S. (2023). CBTRUS Statistical Report:
Primary Brain and Other Central Nervous
System Tumors Diagnosed in the United
States in 2016-2020. Neuro Oncol. 25, iv1-
iv99. https://doi.org/10.1093/neuonc/
noad149.

. Sonabend, A.M,, Bansal, M., Guarnieri, P.,

Lei, L., Amendolara, B., Soderquist, C.,
Leung, R., Yun, J., Kennedy, B., Sisti, J., et al.
(2014). The transcriptional regulatory network
of proneural glioma determines the genetic
alterations selected during tumor
progression. Cancer Res. 74, 1440-1451.
https://doi.org/10.1158/0008-5472.Can-
13-2150.

. Xiong, A., Zhang, J., Chen, Y., Zhang, Y., and

Yang, F. (2022). Integrated single-cell
transcriptomic analyses reveal that GPNMB-
high macrophages promote PN-MES
transition and impede T cell activation in
GBM. EBioMedicine 83, 104239. https://doi.
0rg/10.1016/j.ebiom.2022.104239.

. Ravi, V.M., Will, P., Kueckelhaus, J., Sun, N.,

Joseph, K., Salié, H., Vollmer, L., Kuliesiute,
U., von Ehr, J., Benotmane, J.K,, et al. (2022).
Spatially resolved multi-omics deciphers
bidirectional tumor-host interdependence in
glioblastoma. Cancer Cell 40, 639-655.e13.
https://doi.org/10.1016/j.ccell.2022.05.009.

. Zheng, Y., Carrillo-Perez, F., Pizurica, M.,

Heiland, D.H., and Gevaert, O. (2023). Spatial
cellular architecture predicts prognosis in
glioblastoma. Nat. Commun. 14, 4122.
https://doi.org/10.1038/s41467-023-39933-0.

. Zhao, LY., Song, J., Liu, Y., Song, C.X., and Yi,

C. (2020). Mapping the epigenetic
modifications of DNA and RNA. Protein Cell
11, 792-808. https://doi.org/10.1007/s13238-
020-00733-7.

. Hogg, S.J., Beavis, P.A., Dawson, M.A,, and

Johnstone, R.W. (2020). Targeting the
epigenetic regulation of antitumour
immunity. Nat. Rev. Drug Discov. 19,
776-800. https://doi.org/10.1038/s41573-
020-0077-5.

. Hu, C., Peng, K., Wu, Q., Wang, Y., Fan, X,,

Zhang, D.M,, Passerini, A.G., and Sun, C.
(2021). HDAC1 and 2 regulate endothelial
VCAM-1 expression and atherogenesis by
suppressing methylation of the GATA6
promoter. Theranostics 11, 5605-5619.
https://doi.org/10.7150/thno.55878.

. Ferreira, H.J., and Esteller, M. (2018). CpG

Islands in Cancer: Heads, Tails, and Sides.
Methods Mol. Biol. 1766, 49-80. https://doi.
org/10.1007/978-1-4939-7768-0_4.

. Patsouras, M.D., Karagianni, P., Kogionou, P.,

and Vlachoyiannopoulos, P.G. (2019).
Differential CpG methylation of the promoter
of interleukin 8 and the first intron of tissue
factor in Antiphospholipid syndrome.

J. Autoimmun. 102, 159-166. https://doi.org/
10.1016/j.jaut.2019.05.001.

. Steinhaus, R., Gonzalez, T., Seelow, D., and

Robinson, P.N. (2020). Pervasive and CpG-
dependent promoter-like characteristics of
transcribed enhancers. Nucleic Acids Res. 48,
5306-5317. https://doi.org/10.1093/nar/
gkaa223.

. Xiao, J., Jin, X., Zhang, C., Zou, H., Chang, Z.,

Han, N., Li, X., Zhang, Y., and Li, Y. (2021).
Systematic analysis of enhancer regulatory
circuit perturbation driven by copy number
variations in malignant glioma. Theranostics

iScience 27, 110946, October 18, 2024

20.

21.

22.

24.

25.

11, 3060-3073. https://doi.org/10.7150/thno.
54150.

. Andersson, R., and Sandelin, A. (2020).

Determinants of enhancer and promoter
activities of regulatory elements. Nat. Rev.
Genet. 21, 71-87. https://doi.org/10.1038/
s41576-019-0173-8.

. Angeloni, A., and Bogdanovic, O. (2019).

Enhancer DNA methylation: implications for
gene regulation. Essays Biochem. 63,
707-715. https://doi.org/10.1042/
ebc20190030.

. Thurman, R.E., Rynes, E., Humbert, R.,

Vierstra, J., Maurano, M.T., Haugen, E.,
Sheffield, N.C., Stergachis, A.B., Wang, H.,
Vernot, B., et al. (2012). The accessible
chromatin landscape of the human genome.
Nature 489, 75-82. https://doi.org/10.1038/
nature11232.

. Malta, T.M., de Souza, C.F., Sabedot, T.S.,

Silva, T.C., Mosella, M.S., Kalkanis, S.N.,
Snyder, J., Castro, A.V.B., and Noushmehr, H.
(2018). Glioma CpG island methylator
phenotype (G-CIMP): biological and clinical
implications. Neuro Oncol. 20, 608-620.
https://doi.org/10.1093/neuonc/nox183.

. Nishiyama, A., and Nakanishi, M. (2021).

Navigating the DNA methylation landscape
of cancer. Trends Genet. 37, 1012-1027.
https://doi.org/10.1016/j.tig.2021.05.002.

. Deaton, A.M., and Bird, A. (2011). CpG

islands and the regulation of transcription.
Genes Dev. 25, 1010-1022. https://doi.org/
10.1101/gad.2037511.

. Pachano, T., Sénchez-Gaya, V., Ealo, T.,

Mariner-Fauli, M., Bleckwehl, T., Asenjo, H.G.,
Respuela, P., Cruz-Molina, S., Mufioz-San
Martin, M., Haro, E., et al. (2021). Orphan CpG
islands amplify poised enhancer regulatory
activity and determine target gene
responsiveness. Nat. Genet. 53, 1036-1049.
https://doi.org/10.1038/s41588-021-00888-x.
Cruz-Molina, S., Respuela, P., Tebartz, C.,
Kolovos, P., Nikolic, M., Fueyo, R., van ljcken,
W.F.J., Grosveld, F., Frommolt, P., Bazzi, H.,
and Rada-Iglesias, A. (2017). PRC2 Facilitates
the Regulatory Topology Required for Poised
Enhancer Function during Pluripotent Stem
Cell Differentiation. Cell Stem Cell 20, 689-
705.€9. https://doi.org/10.1016/j.stem.2017.
02.004.

Preissl, S., Gaulton, K.J., and Ren, B. (2023).
Characterizing cis-regulatory elements using
single-cell epigenomics. Nat. Rev. Genet. 24,
21-43. https://doi.org/10.1038/s41576-022-
00509-1.

Zhao, J., and Faryabi, R.B. (2023). Spatial
promoter-enhancer hubs in cancer:
organization, regulation, and function.
Trends Cancer 9, 1069-1084. https://doi.org/
10.1016/j.trecan.2023.07.017.

. Guo, W., Wang, X., Lu, B., Yu, J., Xu, M.,

Huang, R., Cheng, M., Yang, M., Zhao, W.,
and Zou, C. (2023). Super-enhancer-driven
MLX mediates redox balance maintenance
via SLC7A11 in osteosarcoma. Cell Death Dis.
14, 439. https://doi.org/10.1038/s41419-023-
05966-y.

Zhao, Y., Fu, X., Lopez, J.I., Rowan, A,, Au, L.,
Fendler, A., Hazell, S., Xu, H., Horswell, S.,
Shepherd, S.T.C., et al. (2021). Selection of
metastasis competent subclones in the
tumour interior. Nat. Ecol. Evol. 5, 1033-1045.
https://doi.org/10.1038/s41559-021-01456-6.
Won, H., de la Torre-Ubieta, L., Stein, J.L.,
Parikshak, N.N., Huang, J., Opland, C.K,,
Gandal, M.J., Sutton, G.J., Hormozdiari, F.,

26.

27.

28.

29.

30.

31

32.

33.

35.

36.

iScience

Lu, D., et al. (2016). Chromosome
conformation elucidates regulatory
relationships in developing human brain.
Nature 538, 523-527. https://doi.org/10.
1038/nature19847.

Johnson, K.C., Anderson, K.J., Courtois, E.T.,
Gujar, A.D., Barthel, F.P., Varn, F.S., Luo, D.,
Seignon, M., Yi, E., Kim, H., et al. (2021).
Single-cell multimodal glioma analyses
identify epigenetic regulators of cellular
plasticity and environmental stress response.
Nat. Genet. 53, 1456-1468. https://doi.org/
10.1038/541588-021-00926-8.

Sudmant, P.H., Rausch, T., Gardner, E.J.,
Handsaker, R.E., Abyzov, A., Huddleston, J.,
Zhang, Y., Ye, K., Jun, G., Fritz, M.H.Y,, et al.
(2015). An integrated map of structural
variation in 2,504 human genomes. Nature
526, 75-81. https://doi.org/10.1038/
nature15394.

Lizio, M., Harshbarger, J., Shimoji, H., Severin,
J., Kasukawa, T., Sahin, S., Abugessaisa, .,
Fukuda, S., Hori, F., Ishikawa-Kato, S., et al.
(2015). Gateways to the FANTOMS promoter
level mammalian expression atlas. Genome
Biol. 16, 22. https://doi.org/10.1186/s13059-
014-0560-6.

Wilkerson, M.D., and Hayes, D.N. (2010).
ConsensusClusterPlus: a class discovery tool
with confidence assessments and item
tracking. Bioinformatics 26, 1572-1573.
https://doi.org/10.1093/bioinformatics/
btg170.

Wilkinson, L. (2011). ggplot2: Elegant
Graphics for Data Analysis by WICKHAM, H.
Biometrics 67, 678-679. https://doi.org/10.
1111/j.1541-0420.2011.01616.x %J
Biometrics.

Lang, M., Binder, M., Richter, J., Schratz, P.,
Pfisterer, F., Coors, S., Au, Q., Casalicchio, G.,
Kotthoff, L., and Bischl, B. (2019). mIr3: A
modern object-oriented machine learning
framework in R. J. Open Source Softw.
4,1903.

Hao, Y., Stuart, T., Kowalski, M.H.,
Choudhary, S., Hoffman, P., Hartman, A.,
Srivastava, A., Molla, G., Madad, S.,
Fernandez-Granda, C., and Satija, R. (2024).
Dictionary learning for integrative,
multimodal and scalable single-cell analysis.
Nat. Biotechnol. 42, 293-304. https://doi.org/
10.1038/541587-023-01767-y.

Gulati, G.S., Sikandar, S.S., Wesche, D.J.,
Manjunath, A., Bharadwaj, A., Berger, M.J.,
llagan, F., Kuo, A.H., Hsieh, RW., Cai, S., et al.
(2020). Single-cell transcriptional diversity is a
hallmark of developmental potential. Science
367,405-411. https://doi.org/10.1126/
science.aax0249.

. Fustero-Torre, C., Jiménez-Santos, M.J.,

Garcia-Martin, S., Carretero-Puche, C.,
Garcia-Jimeno, L., lvanchuk, V., Di Domenico,
T., Gomez-Lépez, G., and Al-Shahrour, F.
(2021). Beyondcell: targeting cancer
therapeutic heterogeneity in single-cell RNA-
seq data. Genome Med. 13, 187. https://doi.
0rg/10.1186/513073-021-01001-x.

Aibar, S., Gonzélez-Blas, C.B., Moerman, T.,
Huynh-Thu, V.A., Imrichova, H., Hulselmans,
G., Rambow, F., Marine, J.C., Geurts, P.,
Aerts, J., et al. (2017). SCENIC: single-cell
regulatory network inference and clustering.
Nat. Methods 14, 1083-1086. https://doi.org/
10.1038/nmeth.4463.

Wei, R, He, S., Bai, S., Sei, E., Hu, M,
Thompson, A., Chen, K., Krishnamurthy, S.,
and Navin, N.E. (2022). Spatial charting of


https://doi.org/10.1093/neuonc/noad149
https://doi.org/10.1093/neuonc/noad149
https://doi.org/10.1158/0008-5472.Can-13-2150
https://doi.org/10.1158/0008-5472.Can-13-2150
https://doi.org/10.1016/j.ebiom.2022.104239
https://doi.org/10.1016/j.ebiom.2022.104239
https://doi.org/10.1016/j.ccell.2022.05.009
https://doi.org/10.1038/s41467-023-39933-0
https://doi.org/10.1007/s13238-020-00733-7
https://doi.org/10.1007/s13238-020-00733-7
https://doi.org/10.1038/s41573-020-0077-5
https://doi.org/10.1038/s41573-020-0077-5
https://doi.org/10.7150/thno.55878
https://doi.org/10.1007/978-1-4939-7768-0_4
https://doi.org/10.1007/978-1-4939-7768-0_4
https://doi.org/10.1016/j.jaut.2019.05.001
https://doi.org/10.1016/j.jaut.2019.05.001
https://doi.org/10.1093/nar/gkaa223
https://doi.org/10.1093/nar/gkaa223
https://doi.org/10.7150/thno.54150
https://doi.org/10.7150/thno.54150
https://doi.org/10.1038/s41576-019-0173-8
https://doi.org/10.1038/s41576-019-0173-8
https://doi.org/10.1042/ebc20190030
https://doi.org/10.1042/ebc20190030
https://doi.org/10.1038/nature11232
https://doi.org/10.1038/nature11232
https://doi.org/10.1093/neuonc/nox183
https://doi.org/10.1016/j.tig.2021.05.002
https://doi.org/10.1101/gad.2037511
https://doi.org/10.1101/gad.2037511
https://doi.org/10.1038/s41588-021-00888-x
https://doi.org/10.1016/j.stem.2017.02.004
https://doi.org/10.1016/j.stem.2017.02.004
https://doi.org/10.1038/s41576-022-00509-1
https://doi.org/10.1038/s41576-022-00509-1
https://doi.org/10.1016/j.trecan.2023.07.017
https://doi.org/10.1016/j.trecan.2023.07.017
https://doi.org/10.1038/s41419-023-05966-y
https://doi.org/10.1038/s41419-023-05966-y
https://doi.org/10.1038/s41559-021-01456-6
https://doi.org/10.1038/nature19847
https://doi.org/10.1038/nature19847
https://doi.org/10.1038/s41588-021-00926-8
https://doi.org/10.1038/s41588-021-00926-8
https://doi.org/10.1038/nature15394
https://doi.org/10.1038/nature15394
https://doi.org/10.1186/s13059-014-0560-6
https://doi.org/10.1186/s13059-014-0560-6
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1111/j.1541-0420.2011.01616.x &percnt;J Biometrics
https://doi.org/10.1111/j.1541-0420.2011.01616.x &percnt;J Biometrics
https://doi.org/10.1111/j.1541-0420.2011.01616.x &percnt;J Biometrics
http://refhub.elsevier.com/S2589-0042(24)02171-0/sref31
http://refhub.elsevier.com/S2589-0042(24)02171-0/sref31
http://refhub.elsevier.com/S2589-0042(24)02171-0/sref31
http://refhub.elsevier.com/S2589-0042(24)02171-0/sref31
http://refhub.elsevier.com/S2589-0042(24)02171-0/sref31
http://refhub.elsevier.com/S2589-0042(24)02171-0/sref31
https://doi.org/10.1038/s41587-023-01767-y
https://doi.org/10.1038/s41587-023-01767-y
https://doi.org/10.1126/science.aax0249
https://doi.org/10.1126/science.aax0249
https://doi.org/10.1186/s13073-021-01001-x
https://doi.org/10.1186/s13073-021-01001-x
https://doi.org/10.1038/nmeth.4463
https://doi.org/10.1038/nmeth.4463

iScience

37.

38.

39.

single-cell transcriptomes in tissues. Nat.
Biotechnol. 40, 1190-1199. https://doi.org/
10.1038/s41587-022-01233-1.

Browaeys, R., Saelens, W., and Saeys, Y.
(2020). NicheNet: modeling intercellular
communication by linking ligands to target
genes. Nat. Methods 17, 159-162. https://
doi.org/10.1038/s41592-019-0667-5.

Gong, L., Luo, J., Zhang, Y., Yang, Y., Li, S.,
Fang, X., Zhang, B., Huang, J., Chow, LK.Y.,
Chung, D., et al. (2023). Nasopharyngeal
carcinoma cells promote regulatory T cell
development and suppressive activity via
CD70-CD27 interaction. Nat. Commun. 14,
1912. https://doi.org/10.1038/s41467-023-
37614-6.

Wu, Y., Fletcher, M., Gu, Z., Wang, Q., Costa,
B., Bertoni, A., Man, K.H., Schlotter, M.,
Felsberg, J., Mangei, J., et al. (2020).
Glioblastoma epigenome profiling identifies
SOX10 as a master regulator of molecular
tumour subtype. Nat. Commun. 11, 6434,
https://doi.org/10.1038/s41467-020-
20225-w.

40.

41.

42.

43.

Lee, S.D., Song, J., LeBlanc, V.G., and Marra,
M.A. (2022). Integrative multi-omic analysis
reveals neurodevelopmental gene
dysregulation in CIC-knockout and IDH1-
mutant cells. J. Pathol. 256, 297-309. https://
doi.org/10.1002/path.5835.

Grabowicz, I.E., Wilczyniski, B., Kamiriska, B.,
Roura, A.J., Wojtas, B., and Dabrowski, M.J.
(2021). The role of epigenetic modifications,
long-range contacts, enhancers and
topologically associating domains in the
regulation of glioma grade-specific genes.
Sci. Rep. 11, 15668. https://doi.org/10.1038/
s41598-021-95009-3.

Ren, Y., Huang, Z., Zhou, L., Xiao, P., Song, J.,
He, P., Xie, C., Zhou, R., Li, M., Dong, X., et al.
(2023). Spatial transcriptomics reveals niche-
specific enrichment and vulnerabilities of
radial glial stem-like cells in malignant
gliomas. Nat. Commun. 14, 1028. https://doi.
org/10.1038/s41467-023-36707-6.

Tong, Y., Sun, J., Wong, C.F.,Kang, Q., Ry, B.,
Wong, C.N., Chan, AS., Leung, S.Y., and
Zhang, J. (2018). MICMIC: identification of

44.

45.

46.

¢? CellPress

OPEN ACCESS

DNA methylation of distal regulatory regions
with causal effects on tumorigenesis.
Genome Biol. 19, 73. https://doi.org/10.
1186/513059-018-1442-0.

Zhou, Y., Zhou, B., Pache, L., Chang, M.,
Khodabakhshi, A.H., Tanaseichuk, O.,
Benner, C., and Chanda, S.K. (2019).
Metascape provides a biologist-oriented
resource for the analysis of systems-level
datasets. Nat. Commun. 10, 1523. https://doi.
org/10.1038/s41467-019-09234-6.

Grant, C.E., Bailey, T.L., and Noble, W.S.
(2011). FIMO: scanning for occurrences of a
given motif. Bioinformatics 27, 1017-1018.
https://doi.org/10.1093/bioinformatics/
btr064.

Korsunsky, I., Millard, N., Fan, J., Slowikowski,
K., Zhang, F., Wei, K., Baglaenko, Y., Brenner,
M., Loh, P.R., and Raychaudhuri, S. (2019).
Fast, sensitive and accurate integration of
single-cell data with Harmony. Nat. Methods
16, 1289-1296. https://doi.org/10.1038/
s41592-019-0619-0.

iScience 27, 110946, October 18, 2024 13



https://doi.org/10.1038/s41587-022-01233-1
https://doi.org/10.1038/s41587-022-01233-1
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41467-023-37614-6
https://doi.org/10.1038/s41467-023-37614-6
https://doi.org/10.1038/s41467-020-20225-w
https://doi.org/10.1038/s41467-020-20225-w
https://doi.org/10.1002/path.5835
https://doi.org/10.1002/path.5835
https://doi.org/10.1038/s41598-021-95009-3
https://doi.org/10.1038/s41598-021-95009-3
https://doi.org/10.1038/s41467-023-36707-6
https://doi.org/10.1038/s41467-023-36707-6
https://doi.org/10.1186/s13059-018-1442-0
https://doi.org/10.1186/s13059-018-1442-0
https://doi.org/10.1038/s41467-019-09234-6
https://doi.org/10.1038/s41467-019-09234-6
https://doi.org/10.1093/bioinformatics/btr064
https://doi.org/10.1093/bioinformatics/btr064
https://doi.org/10.1038/s41592-019-0619-0
https://doi.org/10.1038/s41592-019-0619-0

¢? CellPress

OPEN ACCESS

STARXMETHODS

KEY RESOURCES TABLE

iScience

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Anti-E2F7 antibody Abcam Cat# ab245655; RRID: AB_3224407

Chemicals, peptides, and recombinant proteins

ChIP Assay Kit Beyotime Cat# P2078

MTT cell proliferation and cytotoxicity assay kit Beyotime Cat# C0009S

Ki67 Cell Proliferation Assay Kit Beyotime Cat# C2305S

Deposited data

RNA-seq and DNA methylation data from TCGA UCSC Xena https://xena.ucsc.edu/

ATAC-seq data from TCGA TCGA https://portal.gdc.cancer.gov/

325 RNA-seq cohort and 693 RNA-seq cohort CGGA http://www.cgga.org.cn/

RNA-seq, DNA methylation-seq, GEO GEO accession: GSE121719,

and ChiP-seq from 24 samples GSE121720, GSE121721,
GSE189859, GSE189860,
GSE189857

Hi-C data from human embryonic brain Won et al.”® GEO accession: GSE77565

scRNA-seq Verhaak et al.”® https://synapse.org/singlecellglioma
stRNA-seq GEO GEO accession: GSE194329
SNP data the 1000 Genomes https://www.internationalgenome.org/
Project Phase 3/ phase-3-structural-variant-dataset/
all enhancer information FANTOM5%® https://fantom.gsc.riken.jp/5/datafiles/
latest/extra/Enhancers/
DNA methylation data for 49 glioma cell lines GEO GEO accession: GSE68379
Drug sensitivity data GDSC https://www.cancerrxgene.org/celllines
Experimental models: Cell lines
U251 the Second Affiliated Hospital N/A
of Harbin Medical University
LN229 the Second Affiliated Hospital N/A
of Harbin Medical University
A172 the Second Affiliated Hospital N/A
of Harbin Medical University
SF126 Pricella Cat# CL-0435
Software and algorithms
R (4.2.3) R core team https://www.R-project.org/

R package ConsensusClusterPlus (1.62.0) Wilkerson et al.?”

R package ggplot2 (3.5.0) Wickham et al.*

R package mlr3 (0.17.0) Lang et al.’’'
R package Seurat (5.1.0) Satija et al.*”
R package CytoTRACE (0.3.3) Gulati et al.*®
R package infercnv (0.3.3) N/A

R package Monocle3 (1.3.1) N/A

R package beyondcell (2.2.0) Maria et al.**
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https://bioconductor.org/packages/

release/bioc/html/ConsensusClusterPlus.html

https://ggplot2.tidyverse.org/
https://mlr3.mlr-org.com/
https://satijalab.org/seurat/
https://cytotrace.stanford.edu/

https://github.com/broadinstitute/infercnv

https://github.com/cole-trapnell-lab/monocle3

https://github.com/cnio-bu/beyondcell
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R package SCENIC (1.3.1) Sara et al.”>® http://scenic.aertslab.org

R package SPATA2 (2.0.4) Ravi et al.* https://github.com/theMILOlab/SPATA2
R package CellTrek (0.0.94) Wei et al.*¢ https://github.com/navinlabcode/CellTrek
R package nichenetr (2.0.4) Browaeys et al.”’ https://github.com/saeyslab/nichenetr

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
Cell lines

The glioma cell lines used in this study were obtained from different sources. U251 (originating from a 75-year-old male), LN229 (originating
from a 60-year-old female), and A172 (originating from a 53-year-old male) were all provided by the Department of Neurosurgery, the Second
Affiliated Hospital of Harbin Medical University. In contrast, the SF126 cell line (originating from a 50-year-old female) was acquired from Pri-
cella (Wuhan, China). Cell lines with oCGl (chr11:728884-729383) knockout were established using the CRISPR/Cas? system. sgRNAs were
designed using Benchling’s CRISPR toolkit (sgRNAT: AGCCCCTTGGAAGAAACGGG; sgRNA2: GGAAGCCCCTTGGAAGAAAQ). The
knockout process was based on the study by Gong et al.*® All cell lines were authenticated by short tandem repeat PCR profiling. Mycoplasma
tests were conducted using the Mycoplasma PCR Detection Kit (Beyotime, China), and the results were negative.

METHOD DETAILS

Data collection and quality control

We obtained RNA-seq (703 samples), DNA methylation data (686 samples) and paired clinical information for LGG and GBM from TCGA
through the UCSC Xena platform and directly downloaded ATAC-seq data (42 samples) for LGG and GBM from the TCGA. The methylation
data we used is from TCGA 450K array, which includes 1.5-1.6% of CpGs in the human genome. The TCGA dataset, used as the primary bulk
dataset in this study, provides the basis for all conclusions derived from bulk data unless otherwise specified. The 325 RNA-seq cohort and 693
RNA-seq cohort from the Chinese Glioma Genome Atlas were utilized for the validation of treatment response. Additionally, for validation
purposes, we acquired data from 24 samples, including RNA-seq, DNA methylation-seq, and ChIP-seq, from the Gene Expression Omnibus
(GEO) database (https://www.ncbi.nlm.nih.gov/geo/, GEO accession: GSE121719, GSE121720, GSE121721, GSE189859, GSE189840, and
GSE189857).371° For the identification of TADs, we referred to the study by Grabowicz et al., which used Hi-C data from human embryonic
brain.”>*' To validate our findings at the single-cell level, we utilized scRNA-seq and scRRBS-seq data from 8 glioma samples provided by
Verhaak et al.”* Additionally, stRNA-seq data from 29 glioma samples were obtained from the study of Schnell and GSE194329 dataset.**”
Genomic single nucleotide polymorphism data were obtained from the 1000 Genomes Project Phase 3.?” Our study included all enhancer
information identified in phase 1 and 2 of FANTOMS5.?° DNA methylation data for 49 glioma cell lines were obtained from GSE68379.
Drug sensitivity data for the cell lines were obtained from the Genomics of Drug Sensitivity in Cancer project (GDSC, https://www.
cancerrxgene.org/celllines). All data were analyzed based on the hg19.

Identifying glioma subtypes based on DNA methylation levels

We applied the following criteria to quality control TCGA DNA methylation data: (1) Exclusion of probes containing SNPs (99,788 probes were
excluded); (2) Exclusion of probes expressed in less than 20% of samples (no probes were excluded); and (3) Exclusion of samples with less
than 20% probe expression (44 samples were excluded). We utilized the k-nearest neighbors (KNN) method for imputing missing values in
TCGA DNA methylation data. Finally, approximately 0.027% of missing values in the methylation data were imputed. The imputation of
missing values using KNN was performed with the impute.knn function from the impute package. We used the default parameters of the
function, including K= 10, rowmax = 0.5, and colmax = 0.8. All CGls are expanded into 500 bp regions (+ 250 bp), with the CGls at the center
of these regions. If different CGls have overlapping regions, the overlapping regions are merged into a single region. The region extending
1500 bp upstream and 500 bp downstream of the TSS was defined as the promoter region. CGls overlapping with promoters and enhancers
were removed, and the remaining CGls were defined as oCGls.

We conducted consensus clustering of the sample’s oCGls and enhancer methylation data (average methylation values of the correspond-
ing regions for oCGls and enhancers). We used the ConsensusClusterPlus package for clustering, defining the number of clusters as 2-20,
using the hierarchical algorithm. Select the smallest K value that can effectively distinguish all samples. When clustering enhancer methylation
data, K =7 effectively divided the samples into two main clusters. For oCGls methylation data, K= 11 effectively divided the samples into two
main clusters. Clusters with fewer than 10 samples were discarded to explore the main changes present in gliomas.””

Construction of the cis-regulatory network in which oCGls or enhancer play a dominant role

We measured the strength of the interaction between oCGls or enhancers and target genes within the same TADs using mutual information
(MI).** The following criteria were employed to construct oCGls-enhancer-gene triplets targeting the same gene: the Ml calculated for oCGls-
gene or enhancer-gene pairs had an adjusted p-value of less than 0.05, and any pair with an adjusted p-value of greater than 0.05 in either

iScience 27, 110946, October 18, 2024 15



https://www.ncbi.nlm.nih.gov/geo/
https://www.cancerrxgene.org/celllines
https://www.cancerrxgene.org/celllines
http://scenic.aertslab.org
https://github.com/theMILOlab/SPATA2
https://github.com/navinlabcode/CellTrek
https://github.com/saeyslab/nichenetr

¢? CellPress iScience
OPEN ACCESS

oCGls-gene or enhancer-gene relationship was filtered out. The preliminary selection of oCGls-enhancer-gene triplets was analyzed to iden-
tify their regulatory patterns using Bayesian networks (https://www.bnlearn.com/). For each triplet, we computed joint probabilities for po-
tential regulatory patterns. For example, the oCGl direct model represented the direct oCGl regulation of target gene expression, while
the oCGl cascade model indicated that oCGl regulates the target gene by modulating enhancers. The joint probabilities were calculated
as follows:

oCGl-dominated.

oCGl direct: P (O, E, G) = P (O) *P (G |O) *P (E)

oCGl cascade: P (O, E, G) = P (O) *P (E|O) *P (G |E)

oCGl co-responsive: P (O, E, G) = P (O) *P (E |O) *P (G |O)
oCGl composite: P (O, E, G) = P(O) *P (E |O) *P (G |O: E)

Enhancer-dominated.

Enhancer direct: P (O, E, G) = P (O) *P (G |E) *P(E)

Enhancer cascade: P (O, E, G) = P (E) *P (O |E) *P (G |O)

Enhancer co-responsive: P (O, E, G) = P (E) *P (O |E) *P (G |E)

Enhancer composite: P (O, E, G) = P (E) *P (O |E) *P (G |O: E)

Co-dominated: P (O, E, G) = P (O) *P (E) *P (G |O: E)

Where P(O) and P(E) represent the probability distributions of DNA methylation in oCGls and enhancers, respectively. P (G|O) indicates the
conditional probability of gene expression regulated by oCGls, and P (G|O: E) represents the conditional probability of gene expression regu-
lated simultaneously by both oCGls and enhancers. The definitions of the other terms are similar to those mentioned above.

We selected the model with the smallest Akaike Information Criterion (AIC) as the regulatory pattern for each triplet. Additionally, we con-
ducted independence testing for each triplet. For example, the p-value of independence testing between oCGl-enhancer and enhancer-
gene was less than 0.05 for the oCGl direct model of the triplet to be considered valid.

Consistent with conventional understanding, the agreement between DNA methylation level and RNA expression is crucial for model vali-
dation. Initially, we defined hypomethylation as B < 0.32 and hypermethylation as > 0.79 using the B distribution of glioma methylation probe
values. Hemimethylation was defined as B values falling within the range of 0.32-0.79 (https://github.com/koyelucd/betaclust). Triplets iden-
tified as the CGl direct model in C2, had an oCGl methylation level lower than that in C1 and a gene expression level higher than that in C1.
Enrichment analysis was conducted for all upregulated genes in C2.** We employed FIMO to identify potential TF-binding motifs in oCGls
and enhancers (p < 0.0001).°

Construction of glioma classifiers based on multi-omics data of oCGls

We constructed the classifier using three different methods, which were cross-validated to enhance the credibility of the model. First, we em-
ployed the Partitioning Around Medoids (PAM) algorithm to discern the sample allocations based on distance. Next, we incorporated 11 ma-
chine learning algorithms, including cv_glmnet, featureless, kknn, Ida, log_reg, naive_bayes, ranger, rpart, svm, xgboost, and debug, to
construct the models based on RNA and DNA methylation levels. The machine learning algorithms were implemented using the mlr3 pack-
age.”’ RNA-seq and DNA methylation data from 545 TCGA samples were used as the training set, while 24 samples from GEO were em-
ployed as the validation dataset. We aligned ChIP-seq data from the validation dataset (H3K27ac, H3K4me3, H3K4me1, and H3K27me3)
and ATAC-seq data (42 samples) for LGG and GBM to the corresponding regions of oCGls, enhancers, and promoters.

scRNA-seq and scRRBS-seq data

We applied the previously constructed RNA-seq-based classifier to the bulk data matching the scRNA-seq to identify the sample subtypes.
Then, we conducted quality control on 55,284 cells from the 11 glioma samples in the Verhaak cohort. Genes expressed in fewer than 3 cells,
cells expressing fewer than 200 genes, cells with a mitochondrial gene percentage exceeding 20% and doublets were filtered out. A total of
47,537 cells were used for the subsequent analysis. The samples were integrated using Harmony.“® Tumor cells were annotated using marker
genes in conjunction with copy number variations (https://github.com/broadinstitute/infercnv) (Glioma cells: SOX2, OLG1, GFAP; Oligoden-
drocytes: S100B, MBP; Immune cells: PTPRC, ITGAM, CDé68, CD4; Other cells: VWF, PDGFRB). Cytotrace was employed to assess the differ-
entiation level of tumor cells.”® Monocle3 was used to identify the differentiation trajectories of glioma cells (https://github.com/cole-trapnell-
lab/monocle3). SCENIC was utilized to identify significantly upregulated TFs in glioma subtypes.®® We applied the same criteria to perform
quality control on the scRRBS data. Triplets were identified in tumor cells based on scRNA and scRRBS data. The difference in drug sensitivity
between two subtypes of glioma cells was analyzed using the beyondcell package.*

Spatial transcriptomics data

The stRNA-seq data from 29 glioma samples were initially used to identify glioma subtypes using pseudobulk analysis and then applied the
previously trained RNA-seq classifier to the pseudobulk data to identify the stRNA-seq sample subtypes. Subsequently, two pathologists
jointly divided the images of stRNA-seq into four regions: vascular, necrotic, cellular, and infiltrating. All stRNA-seq analyses were conducted
using SPATA2 package.’ Copy number variation was assessed using the runCnvAnalysis function. Images representing different features were
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visualized using the plotSurfaceComparison function. The CellTrek package was employed to integrate scRNA-seq and stRNA-seq data.”
The communication between tumor cells and other components of the tumor microenvironment in different niches was identified using
the nichenetr package.”” The average expression values of target genes regulated by oCGls in C1 and C2 are referred to as C1 score and
C2 score, respectively.

Quantitative PCR with reverse transcription
Total RNA was extracted from glioma cell lines using Trizol (Beyotime, China), and reverse transcription was performed using reverse tran-

scription reagents (RNase H-, RNase inhibitor, and dNTP Mix) (Beyotime, China) following the manufacturer’s instructions. All primers are
listed in Table S7 gPCR was performed in 3 times for each of the cell lines U251, LN229, A172, and SF126.

Chromatin immunoprecipitation (ChIP)

The ChIP assay was conducted following the protocol outlined in the ChlIP assay kit (Beyotime, China). The ChIP assay begins with crosslinking
cells with formaldehyde, followed by cell lysis and sonication to shear DNA. The chromatin is then incubated with E2F7 antibody (Abcam, USA)
and Protein A + G agarose (ChIP assay kit) for immunoprecipitation. After washing the precipitates with a series of buffers, the crosslinks are
reversed and the DNA is purified for analysis. Subsequently, gPCR was employed to assess the immunoprecipitated DNA level. The primers
are listed in Table S7. This process was repeated 3 times.

MTT assay

In the control group and two oCGl knockout groups (chr11:728884-729383 KO1 and chr11:728884-729383 KO2), 10 pL of MTT (5 mg/mL) (Be-
yotime, China) was added to each well of a 96-well plate. After 4 h of incubation, 100 pL of formazan (Beyotime, China) was added, and the
absorbance was read at 490 nm. This process was repeated 3 times.

Immunofluorescence

In brief, coverslips with confluent cells were fixed with 4% paraformaldehyde. Then, immunostaining was performed using Klé7 polyclonal
antibody (Beyotime, China) and incubated for 2 h. Subsequently, goat anti-rabbit fluorescent secondary antibody (Beyotime, China) was
added and incubated for another 2 h. Finally, counterstaining was conducted with DAPI, and the cells were observed under a fluorescence
microscope. This process was repeated 3 times.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistics were computed with R software v4.2.2. If not otherwise specified, all referenced packages use default parameters. All molecular
experiments were analyzed using unpaired t-tests, with a significance level set at p < 0.05. The significance levels were denoted as follows:
*p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001, P was calculated by unpaired t-test.
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