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 2 

Summary 23 

 24 

Single-cell analysis has refined our understanding of cellular heterogeneity in glioma, 25 

yet RNA alternative splicing (AS)—a critical layer of transcriptome regulation—remains 26 

underexplored at single-cell resolution. Here, we present a pan-glioma single-cell AS 27 

analysis in both tumor and immune cells through integrating seven SMART-seq2 28 

datasets of human gliomas. Our analysis reveals lineage-specific AS across glioma 29 

cellular states, with the most divergent AS landscapes between mesenchymal- and 30 

neuronal-like glioma cells, exemplified by AS in TCF12 and PTBP2. Comparison 31 

between core and peripheral glioma cells highlights AS-redox co-regulation of 32 

cytoskeleton organization. Further analysis of glioma-infiltrating immune cells reveals 33 

potential isoform-level regulation of protein glycosylation in regulatory T cells and a link 34 

between MS4A7 AS in macrophages and clinical response to anti-PD-1 therapy. This 35 

study emphasizes the role of AS in glioma cellular heterogeneity, highlighting the 36 

importance of an isoform-centric approach to better understand the complex biological 37 

processes driving tumorigenesis. 38 

 39 

Keywords 40 

Glioma, alternative splicing, single-cell analysis, transcriptome, tumor heterogeneity  41 
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 3 

Introduction 42 

 43 

Diffuse gliomas are a heterogeneous collection of devastating brain tumors that vary in 44 

cell-of-origin, genetic profile, and clinical behavior1. In adult gliomas, the latest WHO 45 

classification2 is based on IDH1/2 mutations and chromosome (Chr) 1p/19q co-deletion, 46 

defining three major subgroups: IDH-mutant (mut), 1p/19q co-deleted 47 

oligodendroglioma (IDHO); IDH-mut, 1p/19q-intact astrocytoma (IDHA), both of which 48 

are typically lower-grade at diagnosis but inevitably recur as high-grade; and IDH-49 

wildtype (wt) glioblastoma (GBM), a grade IV tumor with an exceptionally poor 50 

prognosis, characterized by additional genetic alterations such as Chr 7 gain and  Chr 51 

10 loss. Pediatric high-grade gliomas (pHGGs), while sharing a similarly dismal 52 

prognosis, have distinct genetic drivers, most notably histone H3 mutations such as H3-53 

K27M and H3-G34R/V. Although less common, some pediatric gliomas also harbor IDH 54 

mutations, suggesting a potential overlap in tumorigenic mechanisms between certain 55 

adult and pediatric gliomas. 56 

 57 

Single-cell RNA-sequencing (scRNA-seq) has revolutionized our understanding of 58 

cellular heterogeneity in glioma. Both adult and pediatric glioma cells hijack early neural 59 

developmental programs under genetic and environmental drivers, leading to 60 

heterogenous and plastic transcriptomic states that resemble neurodevelopmental 61 

lineages, albeit in a partial or distorted form3-8. Additionally, the immune compartment in 62 

glioma tumor microenvironment (TME), particularly myeloid cells and T cells, has also 63 

been extensively investigated through scRNA-seq9-13. These studies have revealed 64 
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 4 

immunosuppressive and tumor-promoting properties of distinct myeloid cell populations, 65 

as well as mechanisms underlying impaired T cell function in gliomas, highlighting novel 66 

therapeutic opportunities by rewiring immune cell states. 67 

 68 

Alternative splicing (AS), a prevalent process that enables a single gene to produce 69 

multiple mRNA isoforms, is an important domain of transcriptomic heterogeneity14. In 70 

gliomas, AS dysregulation has been largely studied through bulk-level analyses15-19, 71 

which are significantly influenced by tumor purity of the bulk tissues. Accumulated 72 

scRNA-seq studies in gliomas have solely focused on overall gene expression levels to 73 

classify cell subpopulations or identify potential therapeutic targets, while the isoform-74 

level alterations have largely been overlooked. It remains unclear whether glioma tumor 75 

cells exploit AS as a gene regulatory mechanism to accommodate transitions among 76 

different cellular states, and whether immune cells express distinct isoforms to adapt 77 

their functions in glioma TME. To address these gaps, we performed a pan-glioma 78 

single-cell AS analysis by integrating seven published SMART-Seq2 datasets from 79 

clinical glioma samples4-6,8,12,20,21, along with scRNA-seq data from non-tumor brains 80 

and peripheral blood mononuclear cell (PBMC) samples22,23. These SMART-Seq2 81 

datasets provide full mRNA coverage, unlike droplet-based scRNA-seq that captures 82 

only the 5' or 3' ends of the mRNA, making them ideal for AS estimation. Our analysis 83 

revealed a distinct AS landscape in mesenchymal-like glioma cells compared with 84 

neuronal-like glioma cells. Further analysis of GBM tumor cells in the core and 85 

peripheral areas highlighted the significant roles of AS in regulating actin organization. 86 

Additionally, analysis of glioma-infiltrating immune cells reveals potential isoform-level 87 
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regulation of protein glycosylation in regulatory T cells and distinct AS landscapes 88 

between microglia and blood-derived monocytes/macrophages.  Overall, our analysis 89 

provides a single-cell AS atlas of both tumor and immune cells in human gliomas, 90 

offering a promising framework for future research and therapeutic development. 91 
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 6 

Results 92 

 93 

The lineage preference of adult and pediatric glioma cells is associated with 94 

genetic background and spatial distribution within the tumor. 95 

We compiled a SMART-Seq2 single-cell transcriptome atlas in 36 adult GBMs, 31 adult 96 

IDH-mut gliomas, ten H3-WT pHGG, six K27M pHGG, nine G34R pHGG, 12 non-tumor 97 

brains and pooled non-tumor PBMC samples from previously published datasets4-98 

6,8,12,20-23(Tables S1-2). Uniform manifold approximation and projection (UMAP)-based 99 

clustering of 32,304 high-quality cells generated a total of 29 clusters (Fig. S1A-B and 100 

Tables S3-4). Non-tumor cell types were assigned based on canonical markers (Fig. 101 

S1B), including T cell (CD2, CD3E), B cell (CD19, CD79A), 102 

macrophage/microglial/monocyte (CD14, CSF1R), neutrophil (CSF3R, FCGR3B), 103 

astrocyte (AQP4, ADGRV1), neuron (RBFOX1, NRXN3), oligodendrocyte (MBP, 104 

MOBP), fibroblast (COL1A1, COL3A1), and choroid plexus (PTPRQ24, CFTR25). 105 

Malignant cells were identified based on inferred copy number alterations using 106 

copyKAT26 (Fig. 1C and S1C-H). This analysis identified large-scale amplifications and 107 

deletions in predicted aneuploid cells, including Chr 7 gain and Chr 10 loss in adult 108 

GBM cells, and 1p/19q co-deletion in IDHO samples. Single-nucleotide variant calling in 109 

IDH1 and H3 genes further validated the aneuploid prediction by copyKAT (Fig. 1D and 110 

S1C-H). 111 

 112 

Within malignant cells, UMAP-based clustering identified six major glioma cellular states 113 

(Fig. 1E-G and S2A-B). A mesenchymal-like (MES) state is significantly enriched in 114 
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adult GBMs, particularly in samples from the tumor core (Fig. 1F). In contrast, peripheral 115 

GBM cells predominantly exist in a cellular state characterized by high expression of 116 

both oligodendrocyte progenitor cell (OPC) markers (OLIG1, OLIG2, PDGFRA) and pre-117 

mature oligodendrocyte (OL) markers (APOD, SOX10), defining the OPC_OL state. 118 

Adult IDH-mut tumor cells exhibit fewer cycling cells (MKI67, TOP2A), with the majority 119 

highly expressing OPC markers while also showing intermediate expression of neuronal 120 

progenitor cell (NPC) markers (CD24, DCX, SOX4), defining a state termed OPC_N. 121 

Among pHGGs, the G34R subtype is devoid of the OPC_OL state and instead shows 122 

an increasing proportion of NPC-like states, characterized by high expression of NPC 123 

markers (Fig. 1G). 124 

 125 

To validate these differential lineage preferences across glioma subtypes, we performed 126 

a deconvolution analysis in several bulk glioma RNA-seq datasets27-34 (Table S5). The 127 

results confirmed the enrichment of MES state around necrotic regions in adult GBMs 128 

(Fig. 1H-I). Additionally, the proportion of MES cells significantly correlated with a worse 129 

prognosis in all adult glioma subtypes (Fig. 1J). In pHGGs, G34R tumors lack the OPC 130 

lineages and instead have the highest proportion of NPCs among pHGG subtypes (Fig. 131 

1I), further validating the scRNA-seq analysis. In conclusion, both scRNA-seq and bulk 132 

RNA-seq deconvolution analyses provide complementary evidence for the lineage 133 

preferences in glioma cells, which are linked to genetic background and spatial 134 

distribution within the tumor. 135 

 136 

Single-cell AS analysis in glioma tumor cells reveals lineage-specific AS 137 
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regulation in PTBP2 and TCF12. 138 

To interrogate the AS heterogeneity within glioma cells, we quantified the Percent 139 

Spliced In (PSI) value for each detected AS event in individual cell using the MARVEL 140 

package35. MARVEL detected seven types of events: SE (skipped exon), MXE (mutually 141 

exclusive exons), A5SS/A3SS (alternative 5'/3’ splice sites), AFE/ALE (alternative 142 

first/last exons), and RI (intron retention). We excluded RI from our analysis, as it 143 

usually requires higher sequencing depth for accurate quantification36. Additionally, 144 

some of the included datasets contain single-nucleus RNA-seq data that captures 145 

unsliced transcripts, further limiting the RI detection. Next, we identified 2,531 variable 146 

AS events, defined as those with a standard deviation (SD) of PSI > 0.2 and detected in 147 

more than 500 cells (Fig. S3A and Table S6). SE is the most prevalent type among 148 

these events. The UMAP projection based on the PSI data of these 2,531 events 149 

revealed a separation of IDH-mut tumor cells from others, indicating distinct AS 150 

landscape associated with IDH mutation (Fig. 2A). Notably, MES states were distant 151 

from OPC-N and a small subset of NPC in the UMAP plot, indicating the greatest AS 152 

divergence among these states. This is further supported by the largest number of 153 

differentially spliced events observed between MES and OPC-N among all state pairs 154 

(Fig. 2B and Table S7). Moreover, most of the differentially spliced events between MES 155 

and OPC-N show less than a two-fold difference in overall gene-level expression (Fig. 156 

S3B), suggesting that AS is a separate mechanism in regulating gene expression 157 

across glioma cellular states, where these differences would be lost in a global gene 158 

expression analysis. 159 

 160 
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AS-based UMAP analysis revealed two distinct clusters within the NPC state, a 161 

separation not observed in gene-based UMAP (Fig. 2C). We designated NPC state cells 162 

with AS-UMAP2 > 4 as the NPC_AS1 state, and those with AS-UMAP2 < 4 as the 163 

NPC_AS2 state. The proportion of these two NPC states varies among glioma subtypes, 164 

with the G34R subtype exhibiting the highest NPC_AS2 proportion (Fig. 2D). NPC_AS1 165 

cells express higher levels of DCX, CD24, and mature neuron markers such as SLIT137 166 

and NSG238. Conversely, NPC_AS2 cells preferentially express interneuron markers, 167 

including DLX1, DLX2, and FOXG1 (Fig. 2E). This finding aligns with previous studies 168 

indicating an interneuronal lineage as the putative origin of G34R tumors6,31. 169 

 170 

To determine whether the differential AS landscapes among glioma states result from 171 

lineage-specific AS, we focused on the top 631 differential events (∆PSI > 0.3) across 172 

glioma states and compared the similarity of their PSI values between glioma cells and 173 

non-malignant cells. Surprisingly, NPC_AS1 cells exhibit AS patterns closely resembling 174 

those of neurons, whereas the MES state shows the least similarity to the three neural 175 

lineages and aligns more closely with non-neural cells, particularly the myeloid lineage, 176 

indicating their mesodermal lineage commitment (Fig. 2F). The AC, OPC_OL, OPC_N, 177 

and NPC_AS2 states display AS landscapes that are slightly closer to their 178 

corresponding normal lineage cells: astrocytes, oligodendrocytes, or neurons. These 179 

findings suggest that AS landscape in glioma tumor cells reflects their lineage states. 180 

 181 

Next, we focused on two SE events among the top differential events between MES and 182 

OPC_N states (Table S7): PTBP2_E10_SE and TCF12_E15_SE, occurring in genes 183 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 30, 2025. ; https://doi.org/10.1101/2025.03.26.645511doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.26.645511
http://creativecommons.org/licenses/by-nc/4.0/


 10

that are important regulators of neuronal or mesenchymal lineage gene expression39-42. 184 

Polypyrimidine tract-binding proteins 1 and 2 (PTBP1 and PTBP2) are well-185 

characterized splicing repressors43. PTBP1, ubiquitously expressed across various 186 

tissues, is a strong repressor of neuron-specific exons. Conversely, PTBP2, 187 

predominantly expressed in neuronal cells, demonstrates a much less repressive 188 

capacity on neuronal exons. The transition from PTBP1 to PTBP2 expression is a 189 

crucial event during neuronal differentiation, facilitating the inclusion of neuronal exons 190 

essential for proper neuronal maturation39. The MES glioma cells predominantly 191 

express E10-excluded PTBP2 isoform (Fig. 2G and S3D). This SE event introduces a 192 

premature stop codon that triggers NMD, leading to reduced protein production44. The 193 

decreased PTBP2 expression may contribute to the reduced neuronal lineage 194 

commitment observed in MES cells (Fig. 2H). As expected, decreased inclusion of 195 

PTBP2-E10 was observed in the bulk RNA-seq data of IDHwt gliomas compared with 196 

IDH-mut gliomas and normal brains (Fig. 2I), and this decreased inclusion was 197 

associated with a worse prognosis (Fig. 2J). 198 

 199 

TCF12 is a member of the basic helix-loop-helix (bHLH) transcription factors, which 200 

function by forming homodimers or heterodimers with other bHLH proteins to regulate 201 

gene transcription during development45. The TCF12-TWIST1 dimers drive the 202 

mesenchymal transition40,41, while the TCF12-NEUROD1 dimer is essential for the 203 

induction of neuronal genes during cortical development42. The E15-excluded TCF12 is 204 

the dominant isoform in MES states, whereas the E15-included isoform is preferentially 205 

expressed in the neuronal lineages, including NPC_AS1 and OPC-N (Fig. 2G). E15 of 206 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 30, 2025. ; https://doi.org/10.1101/2025.03.26.645511doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.26.645511
http://creativecommons.org/licenses/by-nc/4.0/


 11 

TCF12 encodes an in-frame ankyrin-like domain of 24 amino acids (aa) that is inserted 207 

into the activation domain (Fig. S3C), which has been reported to affect the DNA 208 

binding capacity of TCF12 and its dimer formation46. Interestingly, glioma cells in MES 209 

and NPC_AS1 states express TWIST1 or NEUROD1, respectively (Fig. 2K), suggesting 210 

that TCF12 E15- and E15+ isoforms may regulate mesenchymal and neuronal 211 

transcription through forming dimers with TWIST1 and NEUROD1, respectively (Fig. 212 

2H). This hypothesis is supported by the negative correlation between TCF12-E15 PSI 213 

and the expression of mesenchymal genes, as well as the positive correlation between 214 

TCF12-E15 PSI and the expression of neuronal genes in glioma bulk RNA-seq data 215 

(Fig. 2L). Furthermore, decreased inclusion of TCF12-E15 was observed in adult GBMs 216 

compared to IDH-mut gliomas, and lower PSI was associated with a worse prognosis 217 

(Fig. 2I-J). 218 

 219 

AS is tightly regulated by splicing factors (SFs), which determine the precise inclusion or 220 

exclusion of exons in mRNA. Differential expression analysis across glioma states 221 

identified a group of SFs that are upregulated in cycling cells, including PTBP1, SRSF1, 222 

and SNRPB (Fig. 2M), which were previously shown to be upregulated in glioma and 223 

promote glioma progression15,47,48. In contrast, the SFs upregulated in NPC_AS1 are 224 

mostly neuronal-specific SFs49. It was reported that PTBP1 represses the inclusion of 225 

PTBP2-E1044, and this was confirmed in our RNA-seq data from patient-derived glioma 226 

stem-like cells (GSC1478) treated with shRNA-PTBP1 or shRNA-control (Fig S3D). 227 

Surprisingly, we also observed increased inclusion of TCF12-E15 following PTBP1 228 

knockdown, suggesting that PTBP1 plays a role in suppressing neuronal-specific exons 229 
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in glioma cells. 230 

 231 

Comparison between core and peripheral GBM cells highlights AS regulation of 232 

cytoskeleton organization.  233 

Glioma cells diffusively invade normal brain tissue, contributing to the inevitable 234 

recurrence50. Therefore, we decided to investigate the transcriptomic regulation in 235 

peripheral GBM cells to identify potential therapeutic targets specifically for these cells. 236 

Gene-level expression analysis identified differentially expressed genes, including 237 

splicing factors, and their enriched pathways in peripheral and core tumor cells (Fig. 3A-238 

B). The following AS analysis identified 173 differentially spliced events between 239 

peripheral and core GBM cells (Fig. 3C and Table S8). Interestingly, these affected 240 

genes are enriched in pathways related to actin cytoskeleton organization (Fig. 3D). 241 

Among the 18 genes involved, three belong to the tropomyosin family (TPM1-3), which 242 

encode α-helical coiled-coil proteins that stabilize actin filaments by wrapping around 243 

them51, and one belongs to the α-actinin family (ACTN4), which binds and crosslinks 244 

actin filaments52 (Fig. 3E and S4A).  245 

 246 

TPM1 has two mutually exclusive E6, both encoding 189-212 aa, with core GBM cells 247 

primarily using the upstream E6a and peripheral cells favoring E6b, yet overall gene 248 

expression remains unchanged (Fig. 3F and S4B). TPM1 proteins form homo-dimers 249 

that lie along the α-helical groove of actin filaments. AlphaFold 353 predicts that Arg191, 250 

encoded by E6a, forms a close bond with Gly23 of ACTB (2.1Å), while E6b encodes a 251 

polypeptide with a Cys190 site, which is reported to form a disulfide bridge within the 252 
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TPM1 dimer, thereby impairing the actin-tropomyosin interaction54 (Fig. 3G). Additionally, 253 

predicted bonds between two pairs of Lys189 and Glu194 in the TPM1 E6b dimer may 254 

further strengthen the disulfide bridge. These findings suggest that peripheral GBM cells 255 

express TPM1 E6b isoform with reduced actin binding affinity, particularly under 256 

oxidative stress. This may alleviate tropomyosin’s stabilizing and stiffening effects on 257 

actin filaments, promoting a more dynamic actin organization that facilitates cell 258 

invasion. 259 

 260 

Core and peripheral GBM cells also differentially express ACTN4 isoforms with two 261 

mutually exclusive E8, leading to three mismatches in the second calponin homology 262 

(CH) actin-binding domain (Fig. 3F and 3H). Core GBM cells express the E8a isoform 263 

with Asn248, Ala250, and Ser263, while the peripheral isoform with E8b encodes 264 

Gly248, Leu250, and Cys263. Notably, the nearby Tyr265 is frequently phosphorylated, 265 

according to the PhosphoSite database (Fig. S4C), and its phosphorylation significantly 266 

enhances the acting-binding activity55,56. Moreover, this tyrosine site is conserved 267 

among four α-actinin family members, with phosphorylation also commonly detected in 268 

ACTN1, which has a serine at the second upstream position, same as the ACTN4-E8a 269 

isoform (Fig. 3H and S4D). In contrast, phosphorylation is rarely observed in the same 270 

tyrosine sites of ACTN2/3, which have cysteines at the second upstream positions, 271 

same as the ACTN4-E8b isoform. These cysteines in ACTN2/3 have been reported to 272 

undergo oxidation or nitrosylation57,58, according to the CysModDB database. These 273 

findings suggest that the Cys263 substitution in the ACTN4 E8b isoform, expressed in 274 

peripheral GBM cells, may modulate Tyr265 phosphorylation as a redox switch, 275 
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potentially unfreezing the cross-linked actin filaments in peripheral tumor cells. 276 

 277 

Glioma-infiltrating T cells have an increased proportion of Treg subsets and a 278 

decreased proportion of NKT subsets. 279 

To investigate the transcriptomic heterogeneity of T cells in gliomas, we extracted 7,064 280 

cells from clusters 1, 3, 11, 13, and 29 (Fig. S1A) and performed de novo clustering with 281 

gene expression data (Fig. 4A-B). Based on canonical immune markers, differentially 282 

expressed genes, and curated gene signatures59 (Fig. 4C-D and Table S9), we defined 283 

seven T cell subsets: CD4_naive (CCR7, LEF1), CD4_act (activated, CD40LG), 284 

CD4_ISG (type I interferon-stimulated genes, ITIFs), CD4_Treg (FOXP3, IL2RA), 285 

CD8_GZMK (granzyme K), CD8_NKT (co-expressing CD3E and NK marker, KLRD1), 286 

T_stress (expressing stress-related heat shock genes), and T_oxphos (enriched for 287 

oxidative phosphorylation genes). Additionally, we identified an NK cell cluster, 288 

characterized by low CD3E expression and high level of NK markers (KLRF1, FGFBP2). 289 

For the subsequent analysis, we focused on the seven T cell subsets. 290 

 291 

T cell exhaustion, a hallmark of chronic antigen exposure, leads to a progressive T cell 292 

dysfunction, including impaired cytolytic activity60. Analysis of T cell exhaustion markers 293 

revealed their highest expression in CD4_Treg (Fig. 4E). Additionally, two CD8+ T cell 294 

subsets exhibited differential expression of cytolytic granzyme molecules. Both PRF1 295 

(perforin) and GZMB, which possess strongest cytolytic potential61, were expressed at 296 

higher levels in the CD8_NKT subset compared to the CD8_GZMK subset. Notably, 297 

GBM-infiltrating T cells exhibited a higher proportion of CD4_Treg subsets and a 298 
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reduced proportion of CD8_NKT cells compared to IDH-mut tumors and normal PBMC 299 

controls (Fig. 4B), indicating more pronounced T cell dysfunction in GBM. 300 

 301 

AS regulation in glioma-infiltrating T cells affects genes involved in nucleotide 302 

sugar metabolism and calcium entry. 303 

The differential AS analysis among T cell subsets revealed much less heterogeneity 304 

compared to tumor populations, with a total of 37 events differentially spliced between 305 

at least one pair of T cell subsets (Fig. S5A and Table S10). SE remained the most 306 

prevalent type among the differential events, followed by AFE (Fig. S5B). Additionally, 307 

greater AS heterogeneity was observed in CD4+ T cell subsets compared to CD8+ T cell 308 

subsets (Fig. S5A). One of the events that was differentially spliced in the CD4_Treg 309 

population, compared with other CD4+ T subsets, is the AFE of UDP-glucose 310 

pyrophosphorylase 2 (UGP2, Fig. 5A). CD4_Treg preferentially use the downstream 311 

E1b as the first exon, generating an isoform with an additional 11 aa at the N-terminal 312 

compared with E1a isoform (Fig. 5B-C). Although the functional impact of these 11 aa 313 

remains unclear, several post-translational modifications (PTMs) have been identified in 314 

this region, including the methylation of Arg3, which has been detected in primary T 315 

cells62. UGP2 is the only known enzyme in mammalian cells that catalyzes the reaction 316 

of UTP + glucose 1-phosphate → UDP-glucose + PPi63. UDP-glucose, the product of 317 

this reaction, is the major glucosyl donor for glycogenesis in animals, as well as for the 318 

synthesis of various glycoconjugates, such as glycosphingolipid, glycosaminoglycan, 319 

and proteoglycans64. Interestingly, we observed that CD4+ Tregs not only preferentially 320 

express the longer UGP2 isoform but also upregulate the overall expression of UGP2 321 
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and several downstream enzymes in the UDP-glucose pathway, particularly those 322 

involved in N- and O-glycosylation (Fig. 5D, 5E, and S5C), suggesting a role for protein 323 

glycosylation in glioma-associated Treg population. 324 

 325 

Since T cell subsets exhibit limited AS heterogeneity, we combined tumor-infiltrating T 326 

cells to compare their AS landscape with that of T cells from PBMCs of non-tumor 327 

patients. We identified 47 AS events that were differentially spliced among GBM-328 

infiltrating T cells, IDH-mut glioma-infiltrating T cells, and normal PBMC T cells (Fig. 5F 329 

and Table S11). Interestingly, these events are enriched for genes involved in RNA 330 

splicing regulation (Fig. S5D). For example, glioma-infiltrating T cells exhibit increased 331 

inclusion of E4 in SRSF7 (Fig. 5G), a critical splicing factor recently reported to promote 332 

the type I IFN response in macrophages65. SRSF7-E4 inclusion results in an NMD 333 

transcript, thereby reducing protein production66 (Fig. S5E). 334 

 335 

In addition, several events distinguish GBM-infiltrating T cells from those in IDH-mut 336 

gliomas (Fig. 5F-G). One notable example involves SARAF, which regulates store-337 

operated calcium entry and prevents calcium overload (Fig. S5F)67. Maintaining calcium 338 

homeostasis is essential for proper T cell receptor (TCR) activation68. In GBM-infiltrating 339 

T cells, SARAF-E2 is more frequently included, producing the full-length protein. In 340 

contrast, E2-excluded isoform, enriched in non-tumor PBMC T cells, lacks the entire ER 341 

luminal terminal, potentially disrupting calcium balance in T cells (Fig. 5G and S5G). 342 

Another alternative exon that is more included in GBM T cells is the E7 of FYN (Fig. 5G), 343 

a key kinase that associates with TCR complex and facilitates downstream signaling 344 
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pathways essential for T cell activation69. FYN-E7 encodes a portion of the SH2 and 345 

SH1 domains, including the ATP-binding site, which is essential for its kinase activity70. 346 

 347 

To determine whether this AS regulation in T cells is glioma-specific or a pan-cancer 348 

phenomenon, we analyzed published bulk RNA-seq data in tumor-infiltrating T cells 349 

across various tumor types and normal PBMC-derived T cells71,72 (Table S5). 350 

Consistently, UGP2-E1b was specifically upregulated in all Treg populations isolated 351 

from different cancers, as well as in Tregs from normal PBMCs compared to other T cell 352 

subsets (Fig. 5H and S5H). Additionally, AS events in SRSF7, SARAF, and FYN 353 

exhibited significantly increased PSI in tumor-infiltrating T cells compared to normal 354 

controls. In summary, these four events reflect a pan-cancer T cell regulation observed 355 

beyond gliomas. 356 

 357 

Glioma-associated myeloid cells include a hypoxic subset that may drive immune 358 

suppression and a remodeling subset that may support tumor growth. 359 

Lastly, we focused on the myeloid cells, the dominant immune population in the glioma 360 

TME, including both brain-resident microglia (Mg) and monocyte-derived macrophages 361 

(Mφ)13. Unsupervised clustering analysis identified eight clusters, with c7 highly 362 

expressing glioma-associated genes (PTPRZ1, EGFR) and c5 expressing the dendritic 363 

cell marker ITGAX (Fig. S6A-B). Therefore, we removed c5 and c7 and performed a de 364 

novo clustering analysis, which identified seven refined clusters (Fig. 6A). Based on 365 

canonical Mg/Mφ markers (Mg: TMEM119, P2RY12; Mφ: CD163, TGFBI), differentially 366 

expressed genes, and curated gene signatures59,73 (Fig. 6B-C and Table S12), these 367 
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clusters were defined as follows: monocyte (S100A12, FCN1), Mφ with a hypoxia 368 

signature (Mφ_hypoxia), Mg with M1 (pro-inflammatory) or M2 (anti-inflammatory) 369 

signature (Mg_M1 or Mg_M2), mixed Mφ/Mg with an antigen-presentation signature 370 

(M_APC), mixed Mφ/Mg with an extracellular matrix remodeling signature (M_remodel), 371 

and mixed Mφ/Mg expressing stress-related heat-shock proteins (M_stress). Mg 372 

clusters dominate in IDH-mut glioma and the peripheral region of GBM, while 373 

Mφ_hypoxia and M_APC are enriched in GBM core (Fig. 6D). Deconvolution of bulk 374 

glioma data confirmed the enrichment of Mφ_hypoxia in adult IDH-wt gliomas, 375 

particularly in the necrotic regions, which correlates with a worse prognosis (Fig. 6E-F).  376 

 377 

We further investigated potential cell-cell communication among glioma, myeloid, and T 378 

cell subpopulations using CellChat74. Notably, we identified NECTIN-TIGIT signaling 379 

crosstalk between Mφ_hypoxia and CD4_Treg (Fig. 6G). T cell Immunoreceptor with Ig 380 

and ITIM domains (TIGIT), an immune checkpoint receptor, suppresses T cell activation 381 

and proliferation upon binding to its ligands including nectin cell adhesion molecule 382 

(NECTIN) and poliovirus receptor (PVR/CD155)75. Additionally, we observed that 383 

M_remodel serves as a key source of ligands that activate insulin-like growth factor 384 

(IGF) and Wnt signaling pathways in glioma cells—both crucial for tumor growth and 385 

stem cell maintenance76,77. Furthermore, M_remodel also activates TNFRSF12A 386 

signaling in MES tumor cells, which was reported to trigger NF-κB activation and 387 

enhance glioma cell invasion78. In turn, MES glioma cells potentially modulate myeloid 388 

and T cell function through macrophage colony-stimulating factor (CSF) and PVR-TIGIT 389 

signaling, respectively (Fig. S6C), further shaping the immunosuppressive TME. In 390 
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summary, this analysis highlights the distinct yet cooperative roles of the hypoxic and 391 

remodeling myeloid populations in glioma, collectively fostering a tumor-promoting and 392 

immune-suppressive microenvironment. 393 

 394 

Single-cell AS analysis in glioma-infiltrated myeloid cells reveals distinct AS 395 

patterns between microglia and monocyte-derived macrophages. 396 

A total of 580 AS events were identified as variable events in glioma-infiltrating myeloid 397 

cels (PSI-SD > 0.2, Table S13) and used for AS-based clustering analysis (Fig. 7A). 398 

Notably, the Monocyte and Mφ_hypoxia populations were distant from two Mg subsets 399 

in the UMAP plot, suggesting the AS divergence between brain-resident microglia and 400 

blood-borne macrophages. This is further supported by the largest number of 401 

differentially spliced events observed between Mφ_hypoxia and Mg_M2 (Fig. 7B-C and 402 

Table S14). Similar to T cells, a large proportion of the differential events in myeloid cells 403 

are AFE (Fig. 7B), suggesting a regulatory role of alternative transcription initiation in 404 

immune cells. 405 

 406 

A recent study from Dr. Bradley Bernstein’s lab systematically investigated the 407 

immunomodulatory phenotypes in glioma-infiltrating myeloid cells by decomposing 408 

single-cell transcriptomes into discrete expression programs79. They disentangled cell 409 

identity programs, such as monocyte, macrophage and microglia, from cell activity 410 

programs, which include four immunomodulatory programs as well as cellular programs 411 

related to responses to hypoxia, interferon, and unfolded proteins. We performed a 412 

correlation analysis between event PSI and program usage percentage to identify 413 
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AS/AFE/ALE events associated with each myeloid program (Fig. 7D and Table S15). 414 

Several events recurrently appeared across multiple programs and were strongly 415 

associated with the monocyte/microglia lineage (Fig. 7E and S7A-B). These include SE 416 

events in the ribosomal protein RPS24, where the E5+ Mg isoform, lacking the 417 

acetylation site at the C-terminus, shows increased protein stability and promotes cell 418 

survival under hypoxic conditions80; CD74, a chaperone protein essential for MHC-II 419 

antigen presentation, where E7 encodes a thyroglobulin type I protease inhibitor 420 

domain81 and is more included in Mg subsets compared with monocytes; and an AFE 421 

event in RGS10, which encodes a GTPase-activating protein that negatively regulates 422 

the NF-κB pathway in microglia82, whereas the Mg isoform of RGS10 lacks 16 amino 423 

acids at the N-terminus, containing two serine phosphorylation sites. The differential 424 

isoform usage of these three events between microglia lineage and other myeloid 425 

lineages was also observed in non-tumor myeloid cells based on our analysis of 426 

published bulk RNA-seq data83-86 (Fig. 7F and S7C). Analysis of pan-cancer tumor-427 

associated macrophages (TAMs)71,87 showed that the Mg isoforms of these three genes 428 

are expressed in diffuse intrinsic pontine glioma (DIPG, a subtype of pHGG), adult GBM, 429 

and, surprisingly, some of the colorectal cancers (Fig. 7F). 430 

 431 

A SE event of MS4A7-E3 correlates with the hypoxia program (Fig. 7D), showing the 432 

lowest PSI in monocyte and Mφ_hypoxia subsets and the highest in M_remodel subset 433 

(Fig. 7E). MS4A7 belongs to the membrane-spanning 4A subfamily, characterized by 434 

four transmembrane domains, and its E3 encodes the first two transmembrane domains 435 

(Fig. S7B). In non-tumor myeloid cells, the PSI of MS4A7-E3 is highest in φM stimulated 436 
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with GM-CSF plus LPS (Fig. 7F and S7C). We further examined the PSI of 437 

MS4A7_E3_SE event in bulk glioma RNA-seq data, as its gene expression is specific to 438 

the myeloid population (Fig. S7D). Interestingly, its PSI was associated with anti-PD1 439 

therapy responsiveness in GBM patients, with the responder group showing a lower PSI 440 

value than the non-responder group (Fig. 7G). A similar correlation was observed in 441 

melanoma patients with anti-PD1 therapy88,89. Taken together, these findings highlight 442 

the potential role of AS in shaping myeloid cell identity and function within the glioma 443 

microenvironment.  444 
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Discussion 445 

 446 

Tumors, including gliomas, comprise a heterogeneous mix of cells in different states, 447 

with transcriptional programs shaped by their cell-of-origin lineage, genetic alterations, 448 

and microenvironmental cues. This cellular diversity underpins the complexity of tumor 449 

biology and the challenge of developing effective therapeutic strategies. Since most 450 

mammalian genes undergo AS, often generating protein isoforms with distinct functional 451 

properties, understanding the full scope of tumor heterogeneity necessitates analyzing 452 

not only gene expression but also isoform-level changes. Here, we enhance current 453 

single-cell transcriptome analysis in gliomas by incorporating the overlooked layer of AS 454 

regulation and identified multiple AS events that are differentially spliced among tumor 455 

cells, tumor-infiltrating T cells, and myeloid cells. Isoform sequence analysis and 456 

structural predictions suggest that some of these events may confer isoform-specific 457 

functions, potentially regulating tumor phenotype or immune response. Further 458 

investigation is needed to validate the functional relevance of these AS event, thereby 459 

facilitating the identification of AS-associated therapeutic targets or clinical biomarkers. 460 

 461 

Our analysis in tumor population confirms previous findings that the MES state, 462 

enriched around the hypoxic necrotic areas of GBM, is more frequent in recurrent 463 

tumors than in primary ones and is associated with a worse prognosis90 (Fig. 1F, 1G, 464 

and 1J). Previous studies have identified C/EBPβ and STAT3 are key transcription 465 

factors that prevent neural differentiation and trigger reprogramming towards a 466 

mesenchymal lineage in glioma91. Our data highlight the potential role of another 467 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 30, 2025. ; https://doi.org/10.1101/2025.03.26.645511doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.26.645511
http://creativecommons.org/licenses/by-nc/4.0/


 23

transcription factor, TCF12, in this process. TCF12 is highly expressed in 468 

undifferentiated mesenchymal stem cells, and its downregulation promotes osteoblast 469 

differentiation92. In gliomas, TCF12 has been reported to exert opposing functions by 470 

forming different dimers: the TCF12-TWIST dimer promotes glioma cell invasion by 471 

upregulating periostin (POSTN) expression93, whereas the TCF12-TCF4 dimer has the 472 

opposite effect, suppressing POSTN expression and tumorigenesis94. The E15-473 

encoding region lies within an activation domain that mediates protein-protein 474 

interactions. We hypothesize that AS of TCF12-E15 alters its heterodimerization, 475 

thereby influencing the transcription of lineage-associated genes. 476 

 477 

Cytoskeleton genes are preferentially regulated by AS during neurogenesis95. Our 478 

analysis comparing core and peripheral GBM cells revealed AS alterations in multiple 479 

genes involved in actin filament-organization. Notably, the TPM1 and ACTN4 isoforms 480 

expressed in peripheral GBM cells both contain unique amino acid sequences that 481 

introduce cysteine oxidation sites, potentially enabling a redox-sensitive mechanism for 482 

actin disassembly and turnover. Considering the brain's high oxygen consumption and 483 

lipid-rich content96, this AS-redox co-regulation of actin dynamics may play important 484 

roles in peripheral GBM cells, particularly in their invasion and cell-cell interactions with 485 

other cells in the brain. Another shared feature of the peripheral isoforms of these genes 486 

is their ability to promote stress fiber formation in cancer cell lines97,98. Further 487 

investigation is needed to determine the isoform-specific function of these events in 488 

infiltrating GBM cells. 489 

 490 
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AS plays a crucial role in regulating immune cell differentiation and function99-101. One 491 

prominent example is the AS of CD45 in T cells, producing up to eight isoforms that 492 

characterize the transition from naive to memory states and modulate the TCR 493 

activation threshold102. Our analysis also detected this splicing change in glioma-494 

infiltrating T cells (Fig. 5B). Similarly, the AS of FYN-E7 represents another isoform-495 

mediated mechanism of TCR regulation103, which we found to be enriched in GBM-496 

infiltrating T cells. Moreover, widespread AS alterations in splicing factor genes between 497 

glioma-infiltrating T cells and normal PBMC T cells suggest a global shift in splicing 498 

machinery. Specifically, we identified increased inclusion of a “poison exon” (PE) in 499 

SRSF7 in glioma-infiltrating T cells. This PE inclusion, promoted by SRSF7 itself, leads 500 

to NMD, a common autoregulatory mechanism observed in many splicing factors to 501 

maintain homeostatic expression levels through a negative feedback loop66. It would be 502 

interesting to investigate whether disrupting this negative feedback loop with splicing-503 

switch oligonucleotides could enhance splicing machinery function and further amplify 504 

the anti-tumor activity of glioma associated T cells. 505 

 506 

Lastly, the AS analysis in myeloid cells further supports the lineage-specific nature of AS, 507 

as the most significant differences were observed between Mg and Mono/Mφ. It is also 508 

notable that the exclusion of MS4A7-E3 correlates with increased responsiveness to 509 

anti-PD-1 therapy in both GBM and melanoma patients. This E3-skipped isoform of 510 

MS4A7 has recently been shown to promote M2 macrophage polarization in the GBM 511 

microenvironment104, potentially contributing to immune evasion. MS4A7 has also been 512 

reported to drive NLRP3 inflammasome activation via direct physical interaction105. 513 
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Further investigation is needed to explore the underlying mechanisms and assess the 514 

potential biomarker value of this splicing event in larger datasets. 515 

 516 

In summary, this study revealed AS-level transcriptomic heterogeneity of both tumor and 517 

immune cells in gliomas, underscoring the importance of isoform-level regulation in 518 

future transcriptomic analyses. While transitioning from a gene-centric to an isoform-519 

centric approach may require additional effort, it holds the potential to provide a deeper 520 

understanding of the complex biological processes driving tumorigenesis. 521 
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Limitations of the study 522 

 523 

The accuracy of PSI estimation in scRNA-seq data from the SMART seq2 platform is 524 

limited by the low sequencing depth in individual cells, which may not provide sufficient 525 

reads to reliably quantify events in low-expressing genes. As a result, the differential AS 526 

events identified in this study are primarily from moderate to high-abundance genes. 527 

Additionally, complex AS events, such as co-occurring alterations across multiple exons, 528 

are challenging to interpret using short-read RNA sequencing. In the future, applying 529 

long-read scRNA-seq, which allows an entire transcript to be captured by a single read, 530 

could enable more precise isoform-level quantification rather than event-level analysis. 531 

Lastly, while we expect our main conclusions to be robust, analyzing single-cell AS in 532 

larger cohorts with more patient samples will provide further insights. Examining 533 

different regions within the same tumor to address spatial AS heterogeneity in glioma is 534 

also an important next step.  535 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 30, 2025. ; https://doi.org/10.1101/2025.03.26.645511doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.26.645511
http://creativecommons.org/licenses/by-nc/4.0/


 27

Resource availability 536 

 537 

Lead contact 538 

Requests for further information and resources should be directed to and will be fulfilled 539 

by the lead contact, Shi-Yuan Cheng (shiyuan.cheng@northwestern.edu). 540 

 541 

Materials availability 542 

This study did not generate new unique reagents. 543 
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Data and code availability 545 

All the code and related data have been deposited at Zenodo 546 

(10.5281/zenodo.15048579) and is publicly available as of the date of publication. Any 547 

additional information required to reanalyze the data reported in this paper is available 548 

from the lead contact upon request. 549 
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FIGURE LEGEND 575 

 576 

Figure 1. The lineage preference of adult and pediatric glioma cells is associated 577 

with genetic background and spatial distribution within the tumor. 578 

A-D. UMAP projections of all high-quality cells colored by cell type assignment (A), 579 

sample type (B), diploid/aneuploid status determined by CopyKAT (C), and detection of 580 

IDH1/H3 mutant reads (D). E. UMAP projections of malignant cells colored by assigned 581 

cellular state. F. Bar graph summarizing the compositions of glioma cellular states from 582 

each glioma subtype. G. Dot plot showing marker gene expression. H. Deconvolution in 583 

glioma bulk RNA-seq data showing the predicted compositions of malignant and non-584 

malignant cell types. NAB, normal adult brain. NFB, normal fetal brain. P, primary. R, 585 

recurrent. Res, responder. NR, non-responder. I. Raincloud plot showing the proportions 586 

of MES, OPC_OL, and NPC glioma cellular states across glioma subtypes, as predicted 587 

by deconvolution analysis. J. Kaplan-Meier analyses of overall survival across adult 588 

glioma subtypes, stratified by the predicted proportion of the MES cells in all tumor cells. 589 

The cutoff of MES proportion is 0.4 (IDHwt), 0.35 (IDHA), or 0.2 (IDHO). **, p < 0.01. ***, 590 

p < 0.001. 591 

 592 

Figure 2. Single-cell AS analysis in glioma tumor cells reveals lineage-specific AS 593 

regulation in PTBP2 and TCF12. 594 

A. UMAP projections of glioma cells based on PSI data of variable events. Cells are 595 

colored by tumor type (left) or gene-based cellular state (right).  B. Heatmap showing 596 

the number of differential events for each pairwise comparison of glioma subtypes (left) 597 

or cellular states (right). C. UMAP projections of glioma cells based on the gene 598 
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expression landscapes. Cells are colored by gene-based cellular state while the cells of 599 

NPC subset are divided into NPC_AS1 and NPC_AS2 based on the AS-based UMAP 600 

projection in (A). D. Bar graph summarizing the compositions of NPC_AS1 and 601 

NPC_AS2 from each glioma subtype. E. Dot plot showing marker gene expression for 602 

NPC_AS1 and NPC_AS2, with MES as a control. F. Heatmap showing the AS similarity 603 

between each pairwise comparison of non-malignant cell types and glioma cellular 604 

states. G. Diagrams (left) illustrating the exon structures of the indicated AS events, and 605 

raincloud plots (right) showing the PSI distribution of these AS events across glioma 606 

cellular state. H. Schematic illustrating the hypothesis that AS in PTBP2 and TCF12 607 

contribute to cell state transitions between neuronal and mesenchymal lineages. I. 608 

Raincloud plots showing the PSI distribution of the indicated events across glioma 609 

subtypes and normal controls from bulk RNA-seq data. J. Kaplan-Meier analyses of 610 

overall survival across adult glioma subtypes, stratified by the PSI values of indicated 611 

events. K. Dot plots showing the expression of TWIST and NEUROD1 across glioma 612 

states. L. Dot plot showing the correlation between TCF12_E15 PSI and the expression 613 

of genes associated with mesenchymal and neuronal lineages. M. Heatmap showing 614 

the gene expression of splicing factors across glioma cellular states. *, p < 0.05. **, p < 615 

0.01. ***, p < 0.001. 616 

 617 

Figure 3. Comparison between core and peripheral GBM cells highlights AS 618 

regulation of cytoskeleton organization.  619 

A. Scatter plot showing the log2 fold change of expression (y-axis) and the difference in 620 

the percentage of cells with detectable expression of specific gene (x-axis) for 621 
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differentially expressed genes (left) or splicing factors (right) between peripheral and 622 

core GBM tumor cells. B. Pathway enrichment analysis of genes with higher expression 623 

in peripheral or core GBM cells. C. Volcano plot showing differentially spliced events 624 

between peripheral and core GBM cells. D. Enriched GO biological processes of genes 625 

that are differentially spliced between peripheral and core GBM cells. E. Heatmap 626 

showing the mean PSI of differential evens in peripheral and core GBM cells. F. 627 

Diagrams (left) illustrating the exon structures of the indicated AS events, and raincloud 628 

plots (right) showing the PSI distribution of these AS events in peripheral and core GBM 629 

cells. G. AlphaFold 3 prediction of the interaction between TPM1 dimer and actin 630 

filament, focusing on the region encoded by the mutually exclusive E6. H. Sequence 631 

comparison of ACTN4 isoforms and reported PTMs. CH, calponin homology actin-632 

binding domain. SR, spectrin repeats, EF, EF-hand motif. ***, p < 0.001. 633 

 634 

Figure 4. Glioma-infiltrating T cells have an increased proportion of Treg subsets 635 

and a decreased proportion of NKT subsets. 636 

A. UMAP projections of glioma-associated T and NK cells colored by assigned cellular 637 

state. B. Bar graph summarizing the compositions of T cell subsets from indicated 638 

groups. C. Dot plot showing marker gene expression. D. Heatmap showing scaled gene 639 

signature scores of curated gene signatures across T cell subsets. E. Dot plot showing 640 

gene expression across T cell subsets.  641 

 642 

Figure 5. AS regulation in glioma-infiltrating T cells affects genes involved in 643 

nucleotide sugar metabolism and calcium entry. 644 

A. Heatmap showing the mean PSI of differential events among CD4+ T subsets. B. 645 
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Diagrams illustrating the exon structures of UGP2_AFE. C. Raincloud plots showing the 646 

PSI distribution of UGP2_AFE. D. Metabolic pathways and associated enzymes 647 

centered on UDP-glucose. E. Heatmap showing gene expression across CD4+ T cell 648 

subsets. F. Heatmap showing the mean PSI of differential events among normal and 649 

glioma-infiltrating T cells. G. Diagrams illustrating the exon structures (left) and raincloud 650 

plots showing the PSI distribution (right). H. Heatmap showing the mean PSI of 651 

indicated events in bulk RNA-seq of T cell subsets from normal PBMCs and tumor-652 

infiltrating T cells (TILs). *, p < 0.05. **, p < 0.01. ***, p < 0.001. 653 

 654 

Figure 6. Glioma-associated myeloid cells include a hypoxic subset that may 655 

drive immune suppression and a remodeling subset that may support tumor 656 

growth. 657 

A. UMAP projections of glioma-associated myeloid cells colored by assigned cellular 658 

state. B. Dot plot showing marker gene expression. C. Heatmap showing scaled gene 659 

signature scores of curated gene signatures across myeloid subsets. D. Bar graph 660 

summarizing the compositions of myeloid cell subsets from indicated groups. E. 661 

Raincloud plot showing the proportion of Mφ_hypoxia subset in indicated groups, as 662 

predicted by deconvolution analysis. CT, Cellular Tumor. CTpan, pseudopalisading cells 663 

around necrosis. CTmvp, microvascular proliferation. IT, infiltrating tumor. LE, leading 664 

edge. F. Kaplan-Meier analyses of overall survival across adult glioma subtypes, 665 

stratified by the predicted proportion of Mφ_hypoxia. The cutoff of Mφ_hypoxia 666 

proportion is 0.1 (IDHwt) or 0.02 (IDHm). G. CellChat circle plot showing specific ligand-667 

receptor interactions. The boldness of edges indicates the strength of cell-cell 668 
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communication pathways. *, p < 0.05. ***, p < 0.001. 669 

 670 

Figure 7. Single-cell AS analysis in glioma-infiltrated myeloid cells reveals distinct 671 

AS patterns between microglia and monocyte-derived macrophages. 672 

A. UMAP projections of glioma-associated myeloid cells based on the AS landscapes. 673 

Cells are colored by gene-based cellular state.  B. Left, heatmap showing the number of 674 

differentially splicing events for each pairwise comparison of myeloid subsets. Right, 675 

number of events in each AS category. C. Volcano plot showing differential events 676 

between Mφ_hypoxia and Mg_M2. D. Scatter plot showing the log10 p-value (y-axis) 677 

and absolute value of spearman’s r (x-axis) for events associated with each myeloid cell 678 

program. E. Diagrams illustrating the exon structures of the indicated AS events. 679 

Raincloud plots showing the PSI distribution. F. Heatmap showing the mean PSI of 680 

indicated events in bulk RNA-seq of myeloid cells from normal PBMCs and tumor-681 

infiltrating macrophages (TAMs). DIPG, diffuse intrinsic pontine glioma. G. Raincloud 682 

plot showing the PSI of MS4A7_E3_SE in bulk RNA-seq data of GBM or melanomas 683 

treated with anti-PD-1 therapy. Pri, primary. Rec, recurrent. Pre-tr, pre-treatment. On-tr, 684 

on-treatment. PD, progressed disease. PR, partial response. CR, complete response. 685 

The lines connect samples from the same patient. *, p < 0.05. **, p < 0.01. ns, not 686 

significant. 687 

  688 
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STAR Methods 689 

 690 

Method details 691 

 692 

Single-cell RNA-seq data processing 693 

The raw scRNA-seq data from human glioma samples, normal brains, and PBMCs were 694 

downloaded from the Data Use Oversight System (DUOS), the European Genome-695 

Phenome Archive (EGA), or NCBI GEO, with detailed source information provided in 696 

Table S1. Clinical information of glioma patients was provided in Table S2. Reads were 697 

mapped to the GRCh38 reference genome (GENCODE release 44) using HISAT2 698 

(v2.2.1)106, and gene-level counts were quantified with HTSeq-count (v2.0.2)107. The 699 

gene-level count data were then imported into the Seurat package (v5.2.1)108 in R 700 

(v4.4.0) for downstream gene-level analysis. Splice junction counts were quantified 701 

using the STAR aligner (v2.7.9a)109 in 1-pass mode and then imported into the MARVEL 702 

package (v2.0.5)35 for downstream AS-level analysis. The scripts for running HISAT2, 703 

HTSeq-count, and STAR are available on Zenodo (10.5281/zenodo.15048579) under 704 

the path “pipeline/single_cell_data_processing.sh”. 705 

 706 

Copy number variation (CNV) and single-nucleotide variation (SNV) analysis in 707 

single-cell RNA-seq data 708 

CopyKAT (v1.1.0)26 was used to infer CNV in single cells. Cells from the same dataset 709 

were analyzed together, except for the G34R dataset, where cells were separated by 710 

patient. Clusters assigned as non-malignant based on marker gene expression—711 
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including clusters 1, 3, 5, 6, 10, 11, 13, 15, 18, 21, 22, 23, 24, 25, 27, 28, and 29 (Fig. 712 

S1A)—were used as the normal cell reference when running CopyKAT. The detailed 713 

code for running CopyKAT was deposited on Zenodo (10.5281/zenodo.15048579) 714 

under the path “pipeline/Rscript_copyKAT.R”. SNV detection in genes IDH1, H3-3A 715 

(H3.3), H3C2(H3.1), and H3C3 (H3.1) were perform with MonoVar python package110. 716 

The code for running MonoVar has been deposited on Zenodo 717 

(10.5281/zenodo.15048579) under the path “pipeline/MonoVar.sh”. 718 

 719 

Gene expression-based clustering, sub-clustering, and differentially expressed 720 

gene analysis in scRNA-seq data 721 

Gene-level analysis in scRNA-seq data were performed using Seurat (v5.2.1)108. Low-722 

quality cells were filtered based on the number of detected genes (1,000-15,000), total 723 

RNA counts (<4,000,000), and mitochondrial gene percentage (<20%). After quality 724 

control filtering, clustering was performed on all high-quality cells using PCA for 725 

dimensionality reduction, followed by Louvain clustering based on a K-nearest neighbor 726 

(KNN) graph. Clusters were visualized using UMAP. Tumor cells were identified based 727 

on clustering, CNV inferred by copyKAT, and SNV detected in IDH1 and H3 genes. 728 

Macrophage and T cell populations were identified based on clustering and expression 729 

of canonical marker genes, including CD2 and CD3E for T cells and CD14 and CSF1R 730 

for macrophage. Sub-clustering analysis was then performed separately on tumor cells, 731 

macrophages, and T cells by re-running dimensionality reduction, clustering, and 732 

differential gene expression analysis to reveal finer-grained cellular heterogeneity. Batch 733 

effects across datasets were corrected using the Harmony package (v1.2.3)111 in sub-734 
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clustering analysis. Differential gene expression analysis was performed using Seurat’s 735 

FindAllMarkers function, with the Wilcoxon rank-sum test as the statistical method. The 736 

full analysis pipeline and the processed Seurat objects have been deposited on Zenodo 737 

(10.5281/zenodo.15048579) under the folder “seurat”. 738 

 739 

AS-based clustering and differential splicing analysis in scRNA-seq data 740 

AS-level analysis in scRNA-seq data were performed using MARVEL (v2.0.5)35. Percent 741 

Spliced In (PSI) values were quantified for AS events with following parameters: 742 

CoverageThreshold = 5 and UnevenCoverageMultiplier = 10. The resulting PSI data is 743 

deposited on Zenodo (10.5281/zenodo.15048579) under the path 744 

“MARVEL/PSI_merge.RData”. For clustering analysis, top variable events were 745 

selected based on a standard deviation (SD) of PSI greater than 0.2, with the additional 746 

criterion that events must be expressed in a sufficient number of cells (500 cells for 747 

tumor cells and 200 cells for macrophages). UMAP-based dimensionality reduction was 748 

performed based on the PSI data of variable events after Bayesian imputation of 749 

missing PSI values, with the RunPCA function in MARVEL. Differential splicing analysis 750 

between two groups of cells were performed using MARVEL’s CompareValues function, 751 

with the Wilcoxon rank-sum test as the statistical method. The cutoff for identifying 752 

differential events was a PSI difference greater than 0.2 and an FDR-adjusted p-value < 753 

0.1. The full analysis pipeline and processed files, including the list of all variable and 754 

differential events, have been deposited on Zenodo (10.5281/zenodo.15048579) under 755 

the folder “MARVEL”. 756 

 757 
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Calculation of gene signature scores and myeloid program usages in single cells 758 

Gene signature scores for curated gene sets related to T cell or macrophage functional 759 

states59,73 (Supplementary Tables 9 and 12) were calculated for each cell cluster of T 760 

cells or macrophages using Seurat's AddModuleScore function. The calculation of 761 

myeloid program usage was performed using the published method and code79. The 762 

following parameters were used: n_components=14, init=‘random’, update_H=False, 763 

solver=‘cd’, beta_loss=‘frobenius’,  tol=0.0001, max_iter=1000, alpha=0.0, alpha_W=0.0, 764 

alpha_H=‘same’,  l1_ratio=0.0, regularization=None, random_state=None, verbose=0,  765 

shuffle=False. The program usage scores were normalized to 100% for each cell. The 766 

results of program usage calculation have been deposited on Zenodo 767 

(10.5281/zenodo.15048579) under the path “other/ myeloid_program_usage.RData”. 768 

 769 

Cell-cell communication analysis in scRNA-seq data 770 

Normalized expression data of tumor cells, macrophage, and T cells from Seurat were 771 

used for cell-cell communication analysis with the CellChat package (v2.1.2)74. The 772 

CellChatDB.human database was used to assess signaling interactions between cell 773 

types.  The full code has been deposited on Zenodo (10.5281/zenodo.15048579) under 774 

the path “pipeline/Rscript_cellchat.R”. 775 

 776 

Bulk RNA-seq data processing 777 

The raw RNA-seq data from human glioma samples, normal T cells and myeloid cells, 778 

pan-cancer tumor-infiltrating T cells and myeloid cells, and melanoma samples with anti-779 

PD1 therapy were obtained from TCGA, CGGA, CPTAC, IVY GBM atlas project, 780 
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GLASS, St. Jude cloud, EGA, NCBI Bioproject, or GEO, with detailed source 781 

information provided in Table S5. Reads were mapped to the GRCh38 reference 782 

genome (GENCODE release 44) using HISAT2 (v2.2.1)106. Gene-level counts were 783 

quantified with HTSeq-count (v2.0.2)107 and normalized using DESeq2 (v1.46.0)112. 784 

Splice junction counts were quantified using the STAR aligner (v2.7.9a)109 in 1-pass 785 

mode and then imported into the MARVEL package (v2.0.5)35 for calculating PSI for 786 

AFE and ALE events. rMATS (v4.3.0)113 was used to calculate the PSI value for SE, 787 

MXE, A5SS, A3SS, and RI events. The rMATS analysis was performed in JC mode, 788 

with a modified code to compute PSI only when more than 10 reads covered the 789 

junctions of a given event. This code has been deposited on Zenodo 790 

(10.5281/zenodo.15048579) under the path “other/ rmats_adjust_psi_JC.sh”. The 791 

scripts for running HISAT2, HTSeq-count, DESeq2, rMATS, STAR, and MARVEL are 792 

available on Zenodo (10.5281/zenodo.15048579) under the path “pipeline/bulk 793 

_data_processing.sh”.  794 

 795 

Deconvolution analysis of cellular composition in bulk glioma RNA-seq data 796 

Cell type deconvolution for bulk RNA-seq data using scRNA-seq data as reference was 797 

performed using MuSiC (v1.0.0)114. For the deconvolution analysis in Fig. 1H, scRNA-798 

seq data from cells representing all tumor cellular states and other non-tumor cell types 799 

was used as a reference. For the analysis in Fig. 6E, scRNA-seq data from myeloid 800 

subsets (excluding M_stress), tumor cells (grouped as one type), and all other non-801 

tumor cell types was used as a reference. The code for running MuSiC and the 802 

processed result files have been deposited on Zenodo (10.5281/zenodo.15048579) 803 
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under the folder “MuSiC”. 804 

 805 

Post-translational modification (PTM) analysis 806 

Post-translational modification (PTM) information, including phosphorylation, 807 

methylation, ubiquitylation, acetylation, and cysteine oxidation, in specific isoforms was 808 

obtained from the PhosphoSitePlus database (www.phosphosite.org) and the 809 

CysModDB database (cysmoddb.bioinfogo.org). 810 

 811 

Nanopore RNA-seq of GSC1478 cells treated with PTBP1-knockdown or control 812 

GBM patient-derived glioma stem-like cells, GSC1478, was treated with PTBP1-813 

knockdown (KD) or control as previously reported15. Total RNA was isolated using a 814 

Qiagen RNeasy Mini Kit. Poly(A)-selected RNA was used for direct cDNA synthesis and 815 

sequencing library preparation with SQK-NBD114.24 kit following the Oxford Nanopore 816 

Technologies (ONT) protocol. Libraries were sequenced on PromethION P2 solo using 817 

R10.4.1 flow cells. ONT library prep and sequencing was performed at the 818 

Northwestern University NUSeq core facility. Raw sequencing data were basecalled 819 

using guppy_basecaller (v6.2.1) and aligned to the human reference genome GRCh38 820 

using Minimap2 (v2.17-r941)115. Aligned reads were visualized using IGV (v2.19.1)116 to 821 

inspect splicing patterns. The raw sequencing data is available from the lead contact 822 

upon request. The code has been deposited on Zenodo (10.5281/zenodo.15048579) 823 

under the path “pipeline/ Nanopore_pipeline.sh”. 824 

 825 

Data visualization 826 
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Figures were generated in R (v4.4.0) using the following R packages: ggplot2 (v3.5.1)117, 827 

ggbreak (v0.1.4)118, ggdist (v3.3.2)119, gghalves (v0.1.4), ggpubr (v0.6.0), ggtranscript 828 

(v1.0.0)120, scRNAtoolVis (v0.1.0), EnhancedVolcano (v1.24.0), pheatmap (v1.0.12), 829 

ComplexHeatmap (v2.22.0)121,  survival (v3.8-3), survminer (v0.5.6). The pathway 830 

enrichment plot in Fig.3B was generated using Cytoscape (v3.10.3)122. The graphic 831 

abstract was created in https://BioRender.com. The codes for generating all figures 832 

have been deposited on Zenodo (10.5281/zenodo.15048579) under the folder “Figures”. 833 

 834 

Quantification and Statistical Analysis 835 

Differential gene expression analysis and differential PSI analysis between two groups 836 

were performed using the Wilcoxon rank-sum test. For survival analysis, Kaplan-Meier 837 

curves were generated, and group comparisons were conducted using the log-rank test. 838 

Correlations between two factors were assessed using Spearman’s correlation analysis. 839 

The significance thresholds defined as p < 0.05 unless stated otherwise. 840 
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