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Abstract

Glioblastoma is the most aggressive primary brain tumor, characterized by
extensive cellular heterogeneity, immune evasion, and therapeutic resistance. This study
integrates single-cell RNA sequencing and spatial transcriptomics to investigate the
cellular and functional differences between primary and recurrent glioblastoma.

The analysis reveals the highly inter and intra heterogeneous nature of
glioblastoma cells presented by 5 major cellular states: AC-like, NPC-like, MES-like,
OPC-like, and proliferating state. These states remain stable during tumor recurrence,
indicating that recurrent tumors are associated with functional plasticity —primarily
exhibited by the upregulation of DNA repair and proliferation pathways —rather than
complete cellular state transitions.

The tumor microenvironment shows significant shifts, particularly in tumor-
infiltrating lymphocytes. In recurrent glioblastoma, activated CD8* effector memory T
cells (TEM) are enriched, probably due to the leakage of the blood-brain barrier. In
contrast, pre-exhausted CD8* TEM with a tissue-resident phenotype is predominantly
enriched in primary glioblastoma. A subset of terminally exhausted CD8* T cells persists
throughout tumor progression, representing the trajectory endpoint of cytotoxic CD8* T
cells.

Myeloid cells, including tumor-associated macrophages (TAMs), play a pivotal
role in glioblastoma progression by modulating immune responses and shaping the
tumor microenvironment. In this study, TAMs were categorized into microglia-derived

TAMs and monocyte-derived macrophages. One of the most notable findings was the
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enrichment of MDM-hypoxia in recurrent glioblastoma, exhibiting a distinct spatial
localization within tumor regions. MDM-hypoxia is associated with hypoxia adaptation
and angiogenesis, suggesting a role in tumor recurrence and therapy resistance. Their
spatial organization within the tumor niche may facilitate interactions with tumor cells,
reinforcing an immunosuppressive and pro-angiogenic TME. In contrast, MDM-SEPP1,
associated with immune regulation and antigen processing, maintained a stable
presence across tumor stages, suggesting a persistent immunosuppressive function.
These findings highlight the dynamic interactions between glioblastoma cells,
immune populations during disease progression. By integrating single-cell and spatial
transcriptomics, this study provides insights into glioblastoma recurrence and identifies
potential targets to disrupt hypoxia-driven macrophage functions, modulate T cell

exhaustion, and reshape the tumor microenvironment for improved therapy.
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1. Introduction

1.1 Glioblastoma

Glioblastoma is the most common and aggressive form of primary brain cancer
in humans, accounting for approximately 57% of all gliomas and 48% of primary
neurological malignancies (1). Glioblastoma is characterized as isocitrate dehydrogenase
(IDH)-wild-type and is an incurable malignancy. The current standard of care for
glioblastoma involves maximal surgical resection followed by radiotherapy and
concomitant chemotherapy with temozolomide (TMZ) (2). Despite this aggressive
therapeutic approach, the median survival is approximately 15.4 months, with fewer
than 5% of patients surviving beyond five years (3, 4). Limited treatment options result
in a lack of treatment strategy and standard clinical guidelines for recurrent
glioblastoma. Therefore, investigating the differences between primary and recurrent
glioblastoma and developing novel therapeutic approaches is essential.

The primary cause contributing to therapeutic failure is fundamentally attributed
to the heterogeneity of the disease (5, 6). Intratumor heterogeneity in glioblastoma leads
to the survival of cancer cells after treatment and drives the evolution of recurrent (6).
Research into tumor heterogeneity using bulk expression profiles has identified the
existence of at least three distinct subtypes of glioblastoma: proneural (TCGA-PN),
classical (TCGA-CL), and mesenchymal (TCGA-MES) (7, 8). These subtypes, defined by
gene expression patterns, exhibit partial enrichment for specific genetic alterations.
Single-cell RNA sequencing (scRNA-seq) has shown that malignant cells in glioblastoma

are characterized by a limited set of cellular states, which mirror four distinct



phenotypes: neural-progenitor-like (NPC-like), oligodendrocyte-progenitor-like (OPC-
like), astrocyte-like (AC-like), and mesenchymal-like (MES-like) states (9, 10). While
individual glioblastoma samples contain cells representing multiple states, the relative
abundance of each state varies between tumors.

As the treatment of glioblastoma is not curative, the majority of patients who
initially respond to radiotherapy and chemotherapy will inevitably experience disease
recurrence (2). Recurrent glioblastoma presents an even more formidable clinical
challenge, as it is often characterized by increased aggressiveness, heightened
therapeutic resistance, and limited treatment options. Recent longitudinal studies have
revealed an absence of significant selection pressure for specific DNA mutations in
recurrent tumors (11). Findings from single-cell lineage tracing indicate that
glioblastoma cells exhibit remarkable plasticity (9, 12). Collectively, these observations
suggest that phenotypic switching, rather than genetic evolution, may serve as the
primary mechanism of therapeutic escape, potentially explaining the limited efficacy of

precision therapies to date (13).

1.2 Tumor Microenvironment

The brain tumor microenvironment (TME) is highly heterogeneous, both in its
progression from early to late stages of disease and in its structural organization. This
heterogeneity is observed among individuals with the same diagnosis, between non-
neoplastic cell types and cell states, and within individual tumor cell clones (14-17).
Fibroblasts, pericytes, endothelial cells, glial cells, and leukocytes interact extensively

with one another and with tumor cells to sustain brain tumor growth(15). Several



immune cell types, including dendritic cells (15), neutrophils (14), natural killer (NK)
cells (18, 19), and macrophages (14, 20-23) have been implicated in modulating the TME
and impacting T cell responses in brain cancer.

Tumor-associated macrophages (TAMs), comprising monocyte-derived
macrophages (MDMs) and microglia, can constitute up to 50% of the cellular population
within the brain TME (14, 24-26). While TAMs are generally more prevalent in primary
brain tumors than brain metastases (14, 18), various TAM-targeting approaches in
animal models have demonstrated efficacy in reducing both primary and metastatic
brain tumors (20, 27). Microglia and MDMs have distinct origins (28) and partially
overlapping functions (27). However, their detailed investigation has been hindered by
technical challenges, including the lack of reliable markers for differentiation (28),
phenotypic and functional alterations induced by isolation methods (29, 30), and brain
vasculature permeabilization through irradiation, which permits monocyte engraftment
into the brains of healthy adult mice (21, 29, 31).

Tumor-infiltrating lymphocytes, along with TAMs, constitute a significant
portion of the glioblastoma tumor microenvironment (25, 32, 33). However, they present
a hostile environment for an efficient antitumor immune response (34). Recent scRNA-
seq studies have uncovered heterogeneity in the myeloid cell compartment (35), and the
interactions with lymphoid cells contribute substantially to T cell dysfunction, which
may partially explain the lack of effective antitumor immunity in glioblastoma (36, 37).
In other cancers, such as colorectal cancer, liver cancer, and melanoma, various T cell

states have been identified and studied (38-40). Prolonged immune activation and



chronic stimulation, as observed during tumor growth or persistent infections, can lead
to T cell exhaustion. This state is characterized by a loss of cytotoxic function, the
expression of inhibitory receptors (e.g., PD1, CTLA-4, LAG-3, TIM3), and the production
of anti-inflammatory cytokines (e.g., IL-10, TGF-f) in the tumor microenvironment (35,
40, 41). Such T cell exhaustion represents a significant barrier to the success of immune-
based therapies, including vaccines and immune checkpoint inhibitors (ICI) (32, 42, 43).
Glioblastoma, the most common and aggressive primary brain tumor in adults,
exemplifies cancers with highly immunosuppressive microenvironments (34). The
failure of ICI clinical trials in recurrent glioblastoma highlights the complexity and

heterogeneity of the glioblastoma TME, underscoring the importance of this study.

1.3 Single-Cell RNA Sequencing Method

Single-cell RNA sequencing (scRNA-seq) has single-cell expression profiling of a
cohort of tumors that can be used to define both inter-tumor and intra-tumor
heterogeneity and transform the understanding of complex biological systems (44). In
cancer, intrinsic genetic and epigenetic variations, combined with extrinsic and spatial
factors, contribute to significant biological complexity. Meanwhile, interactions between
TME cells, along with nutrient and oxygen availability, influence tumor growth,
differentiation, invasion, metastasis, and therapeutic response. scRNA-seq enables the
identification of integrated molecular programs that reflect these layers of variation,
offering key insights into cancer biology (44).

The initial applications of scRNA-seq to human cancer specimens were

conducted over a decade ago by specialized laboratories (12, 43, 45). These early studies



analyzed individual cells isolated via flow cytometry or separated into discrete
chambers using microfluidic devices. While these efforts offered meaningful insights
into the transcriptional programs of cancer and immune cells, they were constrained by
limited scalability, typically analyzing only a few dozen to a few hundred cells per
sample.

The development of high-throughput methods, such as microdroplet-based
approaches Figure 1), revolutionized scRNA-seq by enabling the parallel 3'- or 5-end
sequencing of thousands of cells at reduced costs (46, 47), which was later
commercialized by 10x Genomics. Microdroplet-based platforms have since become the
dominant technology for high-throughput scRNA-seq. Further advancements, such as
combinatorial barcoding (e.g., SPLiT-seq) (48), eliminated the need for physical cell
separation by using cells themselves as compartments, significantly reducing costs.
Nanowell-based systems have also been developed, offering unique advantages such as
portability and the integration of cell imaging capabilities (49). Despite the scalability
limitations of flow cytometry-based sorting, it remains the method of choice for cell
selection, multi-omic profiling (e.g., RNA and DNA), and full-length sequencing.
Furthermore, recent innovations in long-read sequencing have enabled full-length

sequencing directly from cDNA in droplet-based platforms.
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Figure 1: Droplet sequence of single cell method.Schematic representation of the
Drop-Seq single-cell RNA sequencing method. The figure illustrates the microfluidic
process, where individual cells are combined with distinctly barcoded beads in
droplets. Cells (blue spheres) and barcoded beads (black dots) are encapsulated
together in droplets to create single-cell droplets.

1.4 Spatial RNA Sequencing Method

Single-cell data provides innovative ways to evaluate transcriptomics by enabling
the analysis of individual cell gene expression profiles. However, the process of single-
cell isolation often results in the loss of spatial information. To address this limitation,
spatial transcriptomics has emerged as a powerful technique. By utilizing unique
positional barcodes, this method enables the visualization of RNA distributions in tissue
sections during RNA sequencing, with its initial application reported in 2016 (50). Slide-
seq, introduced in 2019, advanced this approach by employing DNA barcode beads with
precise positional information (51). Another notable development, Geo-seq, was
introduced in 2017. This technique combines scRNA-seq with laser capture
microdissection (LCM), allowing for the isolation of individual cells (52). In situ
sequencing is a method for targeted RNA sequencing within morphologically preserved
tissues or cells without the need for RNA extraction. This includes techniques such as in

situ cDNA synthesis using padlock probes or stably cross-linked cDNA amplicons, as



seen in fluorescent in situ RNA sequencing (FISSEQ), and in situ amplification achieved
through rolling-circle amplification (RCA) (53, 54).

Additionally, several specialized technologies based on RNA sequencing have
been developed for specific applications. For instance, CaptureSeq, a targeted RNA
sequencing approach, uses biotinylated oligonucleotide probes to enrich specific

transcripts to identify gene fusions (55, 56).

1.5 Research Question and Objective

This study investigates the heterogeneity of primary and recurrent glioblastoma
by characterizing cellular states, proliferation profiles, and spatial relationships within the
TME.

The primary research objective is to elucidate the tumor heterogeneity of
glioblastoma by profiling distinct cellular states, including astrocyte-like (AC-like),
oligodendrocyte progenitor-like (OPC-like), neural progenitor-like (NPC-like), and
mesenchymal-like (MES-like) phenotypes, along with their proliferation statuses.

Furthermore, this research seeks to uncover differences in the TME between
primary and recurrent glioblastoma, focusing on the proportions and functional states of
myeloid and lymphoid populations, particularly tumor-associated macrophages (TAMs)
and T cells. A key objective is to assess the functional distinctions and states of specific
TAM and T cell subsets, explore their roles in tumor progression and immune modulation.

Finally, the study aims to explore the spatial interactions between tumor cells and
specific immune subsets, shedding light on the intricate cellular relationships that drive

glioblastoma evolution and therapeutic resistance.



2. Research Method
2.1 Study Design

This study combines single-cell RNA sequencing (scRNA-seq) and spatial
transcriptomic data to investigate the transcriptional landscape of glioblastoma (IDH
wild-type). The analysis includes in-house data generated from treatment-naive
glioblastoma patients (N=3) and a publicly available dataset from GEO (GSE182109),
which comprises treatment-naive glioblastoma (N=11) and recurrent glioblastoma (IN=5)
(Figure 2). Single-cell RNA sequencing generates detailed cellular transcriptional
profiles, allowing for the identification of diverse cell types and functional states within
the tumor microenvironment. Simultaneously, spatial transcriptomics provides spatial
RNA sequencing data, capturing the spatial organization of gene expression within
tumor samples. The data undergoes rigorous quality control and integration processes
to ensure reliability. This integration creates a multidimensional dataset that combines
spatial context with single-cell resolution, offering insights into glioblastoma's

heterogeneity (Figure 2).
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Figure 2: Study design diagram.The top panel illustrates the collection of spatial
transcriptional data from treatment-naive GBM samples. The bottom panel shows the
acquisition of publicly available single-cell RNA sequencing data (GSE182109),
including treatment-naive and recurrent GBM samples. Both datasets undergo quality
control and integration to assemble the integrated sc-RNA dataset.

2.2 Human Tumor Data Collection

Tumor tissues were collected from three patients with Grade IV glioblastoma,
under Institutional Review Board (IRB)-approved protocols at Nanjing Brain Hospital,
Nanjing, China. All participants provided informed consent during clinical visits before

surgery and sample collection. The clinical characteristics of patients are described in

Table 1.



Table 1: Clinical characteristics of glioblastoma patients from in-house data

Name Sample Sex Age Grade Diagnosis IDH MGMT
ID (year) Status Status
ndGBM-V06 V6 M 52 IV glioblastoma wt Unmethylated
ndGBM-507 57 M 63 IV glioblastoma  wt Methylated
ndGBM-513 |S13,V13 M 52 IV~ glioblastoma  wt Methylated

The public data of single-cell RNA sequence data was retrieved from Abdelfattah

et al. RNA-seq dataset (GSE182109) contains eleven newly diagnosed primary

glioblastoma and five unpaired recurrent glioblastoma patients (10). Count matrix data

were downloaded from GEO, and Seurat was used for quality control and integration.

The patient characteristics from published data GSE182109 are described in Table 2.

Table 2: Clinical characteristics of samples from published data (GSE182109)

. . IDH MGMT
Name Sex Grade Diagnosis Status Status
ndGBM-01 M v glioblastoma wt -
ndGBM-02 M v glioblastoma wt -
ndGBM-03 F v glioblastoma wt Unmethylated
ndGBM-04 F v glioblastoma wt Methylated
ndGBM-05 M v glioblastoma wt -
ndGBM-06 M v glioblastoma wt Unmethylated
ndGBM-07 F v glioblastoma wt -
ndGBM-08 M v glioblastoma wt -
ndGBM-09 M v glioblastoma wt Methylated
ndGBM-10 F v glioblastoma wt Methylated
ndGBM-11 F v glioblastoma wt -
rGBM-01 F oIV recurrent wt Methylated
glioblastoma
rGBM-02 MV recurrent wt -
glioblastoma
rGBM-03 MV recurrent - -
glioblastoma
rGBM-04 MoV recurrent wt  Unmethylated
glioblastoma
rGBM-05 S\ recurrent wt Methylated
glioblastoma

10



2.3 Single-Cell Transcriptome Library Construction and
Sequencing

2.3.1 Library Preparation

A single-cell suspension was first obtained from patients and evaluated for cell
viability, which should exceed 85%, with low impurity levels and good single-cell
dispersion. The library was then prepared using microfluidic channels to create oil-in-
water droplets, followed by sequencing operations. The cell concentration was
maintained between 700 and 1,200 cells/pL to ensure efficient single-cell capture. During
library preparation, each gel bead and single cell were encapsulated within an
individual oil-in-water droplet, forming GEMs (Gel Bead in Emulsion). Each gel bead
was uniquely barcoded with UMI (unique molecular identifier) sequences and equipped
with Poly-dT primers to initiate reverse transcription reactions. Within the GEM system,
cells underwent lysis, releasing mRNA, which binded to the Poly-dT primers and
undergoes reverse transcription into full-length cDNA catalyzed by reverse
transcriptase. The resulting cDNA was amplified and used to construct libraries. The

workflow for single-cell sorting and reverse transcription is shown in Figure 3.

11
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Figure 3: Library preparation workflow
2.3.2 Sequencing Method

After library construction, initial quantification was performed using Qubit 3.0,
and the library was diluted to 1 ng/uL. The insert size of the library was then verified
using the Agilent 2100 bioanalyzer. If the insert size meets expectations, the library's
effective concentration is accurately quantified using the StepOnePlus Real-Time PCR
System (effective concentration 210 nM is required to ensure library quality). High-
quality libraries were sequenced on the Illumina platform using the PE150 sequencing
strategy.

The raw sequencing reads generated by the Illumina platform were first
processed by extracting Read1 (containing barcode and UMI information) and Read?2
(target sequences) based on the 10x transcriptome library structure. Data analysis was

performed using the official 10x Genomics Cell Ranger software.
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2.3.3 Cell Ranger Data Analysis

The Cell Ranger quantifies gene expression by identifying cell barcodes from
Read1 and transcript-specific UMI tags. It maps the corresponding Read2 to a reference
genome using the STAR algorithm (57) to determine the source gene of each read.

The STAR algorithm (57) first identifies the MMP (Maximal Mappable Prefix),
starting from the first base of a read, the algorithm identifies the MMP (the longest
contiguous sequence that can be aligned). As shown in panel (a) of Figure 4, if a read
contains a splice junction and cannot be directly mapped to the genome, the initial seed
is mapped to a donor splice site. The algorithm then continues to search for MMPs for
the unmapped portion of the read, which is aligned to the acceptor splice site. As
depicted in panel (b), MMP searches can identify multiple mismatches and
insertions/deletions (indels). MMP searches can also detect Poly-A tails, adapter

sequences, or low-quality ends of reads (57).

(a) Map Map again
MMP 1 MMP 2
| | RNA-seq read

exons in the genome

(b) (c)

Map Map
MMP 1 Extend MMP 1 Trim
mismatches A-tail, or adapter,

or poor quality tail

Figure 4: Schematic of STAR alignment principles. Maximal Mappable Prefix (MMP).
The STAR algorithm identifies MMPs in (a) splice junctions, (b) mismatches, and (c)
terminal regions.
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The Cell Ranger analysis of samples S7 and S13 resulted in high-quality scRNA-
seq data. Sample S7 identified 9,082 estimated cells, slightly more than the 8,511 detected
in S13. Both datasets exhibit sufficient sequencing depth, with mean reads per cell of
75,360 and 73,202, respectively. The median gene count per cell of S13 is 2,991, compared
to 2,591 of S7, indicating potentially greater transcriptomic complexity. High barcode
validity (97.8%-97.9%) and excellent base quality scores (Q30 > 91%) further ensure data
quality (Table 3). Mapping efficiency is comparable across both samples, with 96.9% of
reads aligned to the genome and over 87% mapped confidently. Gene and UMI
detection metrics reveal a slightly higher number of detected genes in S7 (37,715) than in
S13 (35,348), along with comparable median UMI counts (9,728 vs. 9,188). Quality-
filtered cells based on mitochondrial and red blood cell content indicate 63,083 cells in S7
and 53,278 in S13, supporting high data fidelity post-filtering. Both datasets indicate
good sequencing quality, alignment efficiency, and transcriptomic depth, making them
well-suited for downstream single-cell gene expression analyses (Table 3).

Table 3: Cell Ranger analysis report

Sample S7 513
Estimated Number of Cells 9,082 8,511
Mean Reads per Cell 75,360 73,202
Median Genes per Cell 2,591 2,991
Number of Reads (k) 684,420 623,024
Valid Barcodes 97.8% 97.9%
Sequencing Saturation 56.3% 68.3%
Q30 Bases in Barcode 95.0% 96.4%
Q30 Bases in RNA Read 91.1% 94.4%

14



Q30 Bases in UMI 94.5% 95.6%

Reads Mapped to Genome 96.9% 96.9%
Reads Mapped Confidently to 89.6% 87.6%
Genome
Reads Mapped Antisense to Gene 2.0% 1.6%
Total Genes Detected 37,715 35,348
Median UMI Counts per Cell 9,728 9,188
Raw Cell barcodes 2,600,364 2,529,405
Cells_filterGene_200_10000 80,327 57,066
Cells_mt20_HB5 63,083 53,278

Notes: UMI: unique molecular identifier; Q30 Bases: the percentage of bases with quality score
higher than 30; Cells_filterGene_200_10000: The number of cells with gene counts between 200
and 10,000 in the raw matrix calculated by Cell Ranger. Cells_mt20_HB5: The number of cells in
the raw matrix calculated by Cell Ranger with less than 20% mitochondrial genes and less than
5% hemoglobin genes.

2.3.4 Integrated Single-Cell Data Analysis Workflow

The diagram of Figure 5 outlines the workflow for scRNA-seq analysis. Starting
with raw data, quality control, STAR alignment, barcode recognition, and Cell Ranger
analysis obtained the expression matrix of samples S7 and 513. Then, both public and
private datasets undergo low-quality data filtering. Subsequently, data combination
methods unify datasets, followed by dimensionality reduction, batch integration, and
clustering using Seurat. Cell type annotation is performed to identify cell populations.
Downstream analyses include inferCNV, differential gene expression (DEG) enrichment

of KEGG and GO, pseudotime trajectory inference, and cell-cell communication

(CellChat).
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Figure 5: Diagram of sc-RNA sequencing data analysis workflow
2.4 Spatial Transcriptomic Data Library Construct and Sequence

2.4.1 Sample Preparation and Library Construction

The sample preparation starts with tissue sectioning. Tissue samples are
embedded in a cryogenic medium and sectioned into 10 um slices. These sections are
then placed on a 10X Genomics Visium capture chip, which has multiple capture areas
to capture mRNA from the tissue. This platform enables the direct processing of frozen
tissue, linking transcriptomic data to spatial tissue locations.

Before the main experiment, an optimization pre-experiment is conducted to
determine the best permeabilization conditions. Using a special optimization chip,

various permeabilization times are tested on tissue sections from the same sample. The
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efficiency of reverse transcription is assessed using fluorescence-based imaging of
cDNA, allowing the optimal permeabilization time to be identified.

Once optimized, library construction begins. The Visium chip is divided into
four capture areas, each containing thousands of spots to capture mRNA from
individual cells or small groups of cells. Each spot includes a primer sequence for
sequencing, a spatial barcode to identify mRNA location, a unique molecular identifier
(UMI) to distinguish mRNA molecules, and a PolyT primer for cDNA synthesis. This
ensures spatially resolved gene expression data.

mRNA is captured on the chip, reverse-transcribed into cDNA, and amplified for
sequencing. This process preserves the spatial information of the tissue while generating
enough material for sequencing.

The quality and concentration of the cDNA library are then assessed. First, the
library is quantified using a Qubit 3.0 fluorometer diluted to 1 ng/ul, and its insert size is
analyzed with an Agilent 2100 Bioanalyzer. Quantitative PCR (Q-PCR) is performed to
determine the effective concentration, with libraries above 10 nM considered ready for

sequencing (Figure 6).
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Figure 6: Spatial transcriptomic workflow diagram
2.4.2 Data Sequencing and Space Ranger Analysis

Libraries that meet quality standards are then sequenced on the Illumina
sequencing platform. The sequencing strategy used is paired-end (PE), which generates
high-quality sequence data from both ends of each DNA fragment. The paired-end
sequencing provides more robust data, especially for detecting gene expression in
complex tissue samples, as it increases the chances of identifying mRNA fragments
correctly.

The Space Cell report (Table 4) presents sequencing quality metrics for two
samples, V6 and V13. Both samples exhibit high-quality data with excellent barcode and
UMI validity (over 99%), ensuring accurate capture of cellular information. The genome
mapping rate of both samples exceeds 97% of reads confidently mapped to the genome
and approximately 81-87% mapped to exonic regions, ensuring comprehensive

transcript representation.
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Table 4: Space Ranger analysis report

Sample ID V6 V13
Number of Spots Under Tissue 3,496 4,751
Number of Reads 421,190,421 302,127,072
Mean Reads per Spot 120,477 63,592
Mean Reads Under Tissue per 103,411 61,748
Spot

Fraction of Spots Under Tissue 70.03% 95.17%

Median Genes per Spot 2,609 3,304
Median UMI Counts per Spot 6,954 10,414
Valid Barcodes 97.79% 97.83%
Valid UMIs 99.9% 99.98%
Sequencing Saturation 90.08% 69.59%
Q30 Bases in Barcode 94.9% 94.59%
Q30 Bases in RNA Read 90.37% 92.09%
Q30 Bases in UMI 93.84% 93.64%
Reads Mapped to Genome 97.24% 98.12%
Reads Mapped Confidently to 88.85% 91.16%

Genome

Reads Mapped Confidently to

. . 81.26% 87.29%
Exonic Regions
Reads Mapped ‘Confldently to 779, 83.449%
Transcriptome
Fraction Read.s in Spots Under 88.46% 99 30%
Tissue
Total Genes Detected 29,313 30,147

Figure 7 depicts a spatial transcriptomics workflow. After preparing and
sequencing the samples, it was followed by STAR alignment, barcode recognition, and
Space Ranger processing. Low-quality spots are filtered, and downstream deconvolution
is performed using single-cell RNA data. The final output is spatial visualization for

interpreting gene expression patterns in tumor TME.
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Figure 7: Spatial sequencing data analysis workflow diagram
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3. Integrated Dataset Analysis Results

3.1 Quality Control

After obtaining the expression matrix from these datasets, cells are filtered based
on three criteria: total RNA counts (nCount_RNA), the number of unique genes detected
(nFeature_RNA), and the proportion of mitochondrial transcripts (percent_MT).
Specifically, cells with total RNA counts between 300 and 20,000, genes expressed
between 200 and 8,000, and mitochondrial content below 20% are retained. These
thresholds are set to exclude cells that may represent technical artifacts (e.g., empty
droplets with low RNA counts), doublets or multiplets (with abnormally high RNA
counts), or stressed or dying cells (with elevated mitochondrial gene proportions).
Following QC, the dimensions of the filtered datasets are integrated using the Seurat
pipeline. This QC approach excludes potentially confounding low-quality cells, thereby
improving the reliability and biological interpretability of subsequent analyses, such as
clustering, differential gene expression, and trajectory inference.

After the integration, the patient-level characteristics of scRNA-seq data are
summarized in Table 5: Characteristics of patient-level data after QC. The total number
of cells of each patient ranges from 3364 to 29,105 in primary glioblastoma samples and
from 9185 to 27,297 in recurrent glioblastoma samples. Correspondingly, the total
number of detected features varies, reflecting transcriptional heterogeneity across
patients. Median RNA counts per cell peak at 10,343 and are lowest at 1623, with a
similar trend observed in the number of detected features (Table 5). Violin plots show

the distribution and variability of data characteristics across patients (Figure 8).
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Table 5: Characteristics of patient-level data after QC

; Total cell Total nCount/cell nFeature/cell MT
Patient (N) feature (Median) (Median) genes/cell
(N, k) (Median, %)

ndGBM_01 29,105 58,376 4286 1810 4.17
ndGBM_02 28,805 47,198 3541 1403 3.7
ndGBM_03 8493 23,178 7637 2724 4.14
ndGBM_04 7018 21,183 9808 3056 6.24
ndGBM_05 6811 18,950 8083 2849 6.35
ndGBM_06 3364 6,810 5346 2065 3.65
ndGBM_07 9023 19,994 5880 2184 4.85
ndGBM_08 5097 15,069 10343 3054 4.55
ndGBM_09 5160 12,542 7640 2542 4.83
ndGBM_10 11,188 10,594 1623 770 741
ndGBM_11 5398 5,226 2271 1019 4.49
ndGBM_S7 3953 6,894 2668 1206 6.23
ndGBM_S13 6361 16,632 7969 2761 7.08
rGBM_01 27,297 52,794 5422 1810 2.77
rGBM_02 22,816 46,223 5189 1783 7.17
rGBM_03 9185 25,864 7667 2950 5.43
rGBM_04 23,986 77,030 9248 3406 34
rGBM_05 8630 24,708 8048 2942 3.96

Notes: MT genes: mitochondria-related genes
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Figure 8: Patient level sc-RNA sequence data after QC

The scatter plot of Figure 9 reveals a strong positive correlation (R = 0.94)
between RNA counts per cell and feature counts, indicating consistent transcriptional

activity across cells. The grouping of cells by patient shows the inter-sample variability

while illustrating shared trends in RNA features.
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nCount vs nFeature Correlation: 0.94
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Figure 9: Scatter plot of nCount and nFeature at patient level
3.2 Data Normalization and Reduction

After performing data quality control, we proceeded with data normalization,
dimensionality reduction, and clustering analyses using the R package Seurat (58-60).
The normalization method employed in Seurat, termed "LogNormalize," involves
standardizing the expression level of each gene by dividing it by the total expression per
cell, multiplying the result by a scale factor (default: 10,000), and then applying a
logarithmic transformation. This process minimizes variability across cells, enhancing
the comparability of the data. Notably, only non-zero expression values were considered
during this step and subsequent analyses.

In single-cell sequencing, genes exhibiting significant variability across cells often
reflect distinct cellular characteristics. After normalization, we identified highly variable

genes by calculating the dispersion (variance-to-mean ratio) of all genes using the
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FindVariableGenes function. These highly variable top 3,000 genes were selected for
downstream clustering analyses. The number of highly variable genes can be adjusted
based on specific analytical requirements by modifying thresholds for mean expression
and dispersion values.

Before proceeding to dimensionality reduction and clustering, a linear scaling
process was applied. For each gene, the expression values across all cells were
centralized by subtracting the mean expression value, followed by standardization
through division by the standard deviation. This scaling ensures that highly expressed
genes do not disproportionately influence downstream analyses.

Following these preprocessing steps, dimensionality reduction and clustering
analyses were conducted. In single-cell sequencing, the expression of each gene represents
a dimension, and the high dimensionality of the data necessitates dimensionality
reduction for effective visualization and analysis. Principal Component Analysis (PCA)
was employed for linear dimensionality reduction. PCA reduces the number of features,
where the new features are linear combinations of the original features that maximize
sample variance while remaining uncorrelated. This process reduces high-dimensional
data into a lower-dimensional space, eliminates noise, and highlights underlying patterns
in the data.

The principal components (PCs) were ranked based on the proportion of variance
they explained, as visualized in a scree plot. The top 40 PCs that explained the majority of

the variance were selected for subsequent clustering analyses.
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3.3 Data Harmonization, Clustering, and Annotation

Data was integrated by using Harmony (61), a robust and scalable algorithm
designed for integrating scRNA-seq datasets across diverse experimental conditions. It
addresses batch effects by iteratively learning a cell-specific linear correction function.
Starting with a low-dimensional embedding (e.g., PCA), Harmony performs soft
clustering to group cells into multi-dataset clusters, which serve as surrogate variables.
Clusters are penalized if dominated by a single dataset, ensuring a balanced
representation. Cluster-specific centroids are then used to compute correction factors,
capturing cell-type and cell-state variations. Each cell’s expression is adjusted based on a
cluster-weighted average of these factors, enabling seamless integration and shared cell-
type identification (61).

Seurat utilizes a graph-based clustering approach, constructing a k-nearest
neighbor (KNN) graph in the PCA space based on Euclidean distances, grouping cells
with similar gene expression profiles. By default, Seurat employs the Louvain algorithm
to iteratively group cells into highly interconnected "communities." This process can be
executed using the FindClusters function. Subsequently, non-linear dimensionality
reduction is performed using Uniform Manifold Approximation and Projection
(UMAP), which is particularly effective for visualizing high-dimensional data in lower
dimensions. UMAP constructs a high-dimensional graph of the data based on a distance
metric and optimizes a low-dimensional graph to preserve the local and global data
structure. This method ensures that cells that are close in the high-dimensional space

remain close in the low-dimensional representation, while cells that are distant in the
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original space remain separated. UMAP is computationally efficient and has become a
widely used method.

The UMAP visualization of Figure 10 represents the integrated data following
batch correction. Cells are colored based on their patient origins, including both ndGBM
(newly diagnosed glioblastoma) and rGBM (recurrent glioblastoma) groups. Harmony
successfully aligns cells with similar transcriptomic profiles across datasets, regardless of

batch or patient origin, as evidenced by the overlap of points from different samples

(Figure 10).
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Figure 10: UMAP of patient sample after Harmony

The hierarchical structure of clusters was visualized using a Louvain clustering
tree (Figure 11). This representation captures the multi-resolution organization of the
dataset, where each node corresponds to a distinct cluster, and node size reflects the
number of cells within the cluster. The edges between nodes represent transitions or

overlaps between clusters at different resolutions, with edge thickness and transparency
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indicating the proportional relationship between clusters across resolutions. Clusters are
colored according to RNA-based Louvain resolution parameters (0.3, 0.5, and 0.8). This
hierarchical visualization underscores the modularity and interconnectivity of clusters
across scales and resolves into a total of 30 clusters at a resolution of 0.8 (Figure 11).

To further characterize the dataset, UMAP was employed to visualize the 30
clusters (Figure 12 A). Each cluster is assigned a unique numeric identifier (0-29) and
color, capturing the heterogeneity in gene expression profiles. Clusters occupy discrete

regions of the UMAP, reflecting the transcriptional differences that drive their

separation.
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Figure 11: Louvain Clustering Tree
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Figure 12: UMAP of Integrated sc-RNA sequencing dataset. (A) UMAP of clusters at
Resolution 0.8. (B) UMAP of main cell type.

Seven primary cell types were identified: tumor cells, oligodendrocytes, myeloid
cells, T/NK cells, B cells, fibroblasts, and endothelial cells. These cell types were
distinctly visualized on the UMAP (Figure 12 B), with each assigned a unique color to
represent their transcriptional profiles. The Glioma group formed a dominant cluster,
while other cell types, such as myeloid cells and lymphoid cells, were distinctly localized
to separate regions on UMAP (Figure 12).

Figure 13 presents the expression profiles of marker genes across major cell
types. Glioma-associated markers, including PDGFRA, EGFR, NES, and SOX2 (7, 9, 62),
are highly expressed in the glioma cluster, while glial markers such as MOG, PLP1, and
MBP are prominent in the oligodendrocyte group (63, 64). The myeloid cell cluster is
characterized by ITGAM (CD11b), CD14, CD68, and ITGAX, markers indicative of
macrophage, monocyte, and microglia populations (65-67). T/NK cells are defined by
CD3D, CD3G (T cell markers) (68, 69), and KLRF1 (NK cell marker) (70, 71). B cells are
identified by CD19 and CD79 (72), which are specific to B cell lineage. Fibroblasts are

marked by COL1A2, THY1, and FBLNT1 (73, 74), highlighting their role in extracellular
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matrix synthesis, while endothelial cells express PECAM1 (CD31), VWF, and CLDN5

(75, 76).
Glioma (@ @ © @ @
Oligodendrocyte .

Myeloid| = ¢ « @
TNK[« « = = @
Ble « « o @

Fibroblast .

Endothelial | =

Q

e @ - s 8 + 8 @ v s s e e e e e a e
. . . . . ¢ e s e oo e e e avg.exp.scaled
.z
Y X X T X ) R e .
0
- e « o . (Y X . e e e e e ]
pct.exp
L] ] . . . .... s -+ s . P O
) s0
G« i 8 e e s e e ‘9000 - | O
coe o (I XX X

34

e \3\;0‘?36‘)‘\‘?‘ ,,)(}Q"?'Q

2
+ v\&%\%\\:\o‘b&@v»o\’d’o

AR S @\\A“\f’
N(:: SIS QS O\,\/ PR
Q'K &G o(,o*_ LQ(’\‘\ %\:2‘0(,

Marker Genes

Figure 13: Marker genes expression of main cell type

PDGFRA

MOG CD68

«~ &

!

Figure 14: Density plot of marker gene expression of main cell type

In terms of cellular composition, glioma and myeloid cells predominate across all

patients, although their proportions vary among individuals (Figure 15). At the patient

level, glioma constitutes approximately 40% of the cellular composition, while Myeloid

cells represent the most abundant population, accounting for 46.1% of the total, which is
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consistent with previously published literature (14, 18, 77-79). By comparison, lymphoid
cells comprise a smaller fraction, with an average proportion of approximately 9%.
Oligodendrocytes, B cells, Fibroblasts, and Endothelial cells each contribute less than 5%
on average. By comparing the primary and recurrent tumors, there are no significant

differences were observed in the proportions of all cell types between the ndGBM and
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Figure 15: Proportion of main cell type. (A) Percentage of cell type at patient level. (B)
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3.4 Glioblastoma Cellular State Evaluation

A total of 80238 cells with 69545 expression features were identified in the glioma
group, further divided into 11 clusters by using the unsupervised PCA reduction with
Louvain resolution at 0.3 (Figure 16). InferCNV pipeline was utilized to evaluate the
large-number copy number aberration among the tumor cell group and confirm the
instability of tumor cell nature (12). Figure 17 shows the heatmap of copy number

variation (CNV). The genomic instability characteristic of glioblastoma is evident;
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amplifications are observed in chromosome 7, while deletions are common in

chromosome 10. These CNAs are hallmark features of glioblastoma, reflecting tumor-
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driven genomic alterations (12).

Figure 16: UMAP of glioma clusters
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Figure 17: CNV signal heatmap of glioma group.Heatmap of CNV changes by
chromosome (columns) for individual cells (rows).
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Neftel et al. (9) previously demonstrated that glioblastoma cells can be
categorized into 4 cellular states: AC-like (astrocyte-like), NPC-like (neural progenitor-
like), MES-like (mesenchymal-like), and OPC-like (oligodendrocyte progenitor-like). By
applying their established algorithm, glioma clusters were projected onto a two-
dimensional "Meta-module plot" (Figure 18). Notably, there was no distinct association
between the glioma clusters and the molecular subtypes, other than GC_9 showing a
group of mesenchymal-like cells. However, within each tumor, glioma cells exhibited a
heterogeneous composition, encompassing multiple cell states (Appendix A,
Supplementary Figure), which aligns with previously reported findings regarding

intratumoral heterogeneity in glioblastoma (9, 12).

All Glioma Clusters

Mes-Like NPC-Like

Relative meta-module score

AC-Like OPC-Like

Relative meta-module score

Figure 18: Relative meta-module score plot. Two-dimensional representation of
cellular states. Each quadrant corresponds to one cellular state, the exact position of
malignant cells (dots) reflects their relative scores for the meta-modules, and their
colors reflect the density of cycling cells.

Tumor cells were categorized into each cellular subtype according to their
corresponding scores. Figure 19 A presents the UMAP projection glioblastoma group with

five transcriptional states: AC-like, NPC-like, MES-like, OPC-like, and proliferating cells.
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These states were reflected by distinct marker genes, such as GFAP and CST3 for AC-like,
SOX4 and DLL3 for NPC-like, CD44 and CHI3L1 for MES-like, OLIG1 and PLLP for OPC-
like, and TOP2A for Proliferating cells (12, 36, 45). The marker genes further validate these
classifications (Figure 21 B).

The NPC-like, AC-like, and MES-like cell states each account for an average of
approximately 25% of the total cell population. These results show the intrinsic
heterogeneity of glioblastoma at the patient level, as no single cellular state dominates the
tumor composition. Instead, these three cell states collectively represent a substantial
portion of the tumor landscape, reflecting the diverse cellular phenotypes that
characterize glioblastoma (9, 10, 36).

The cellular state heterogeneity is further illustrated by the proportional
distribution of these states across individual tumor samples. However, when comparing
primary and recurrent glioblastoma, analyses reveal no statistically significant
differences in the proportions of any cellular state (Figure 20). This lack of significant
variation suggests that the observed heterogeneity between ndGBM and rGBM is not
associated with recurrence status but may instead reflect intrinsic tumor biology or

patient-specific factors.
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Figure 20: Proportion of cellular state between primary and recurrent tumor. (A)
Proportion of cellular state at patient level. (B) Proportion comparison between
primary and recurrent group by using Mann-Whitney U test.

The Gene Ontology (GO) of biological process enrichment analysis by using the
clusterProfiler pipeline reveals distinct functional differences between primary and

recurrent glioblastoma tumors (80). In the primary tumor group, enriched biological

processes are predominantly associated with neurodevelopmental pathways and

homeostatic regulation, including “embryonic organ development”, “regulation of

neuron projection development”, and “regulation of nervous system development”

(Figure 21 A). These findings suggest that primary tumors exhibit features reminiscent
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of developmental programs, possibly reflecting the influence of the tumor’s tissue of
origin or early tumorigenic events.

In contrast, the DEG (differentiated express gene) of the recurrent tumor was
significantly enriched in DNA repair and cell proliferation processes such as “DNA
replication”, “double-strand break repair”, and “mitotic cell cycle phase transition"
(Figure 21 B). These biological adaptations likely arise as a consequence of selective
pressures imposed by prior treatments, including chemotherapy and radiation therapy,
which induce substantial DNA damage. Enriching DNA repair and cell cycle regulatory
pathways indicate the aggressive and treatment-resistant phenotype commonly
observed in recurrent glioblastoma.

Primary glioblastoma tumors exhibit neurodevelopmental and homeostatic
signatures, whereas recurrent tumors display a marked shift toward proliferative and
DNA repair processes, reflecting therapeutic selection pressures. These findings
emphasize the importance of tailoring therapeutic strategies to address the distinct

biology of recurrent glioblastoma.
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Figure 21: DEG enrichment of GO BP of primary and recurrent tumor. (A) Primary
tumor enrichment plot. (B) Recurrent tumor enrichment plot

3.5 Lymphoid Cell Group Annotation and Function Evaluation

The lymphoid cell group, comprising diverse T cell and natural killer (NK) cell
subtypes, consists of a total of 22,109 cells. Using unsupervised clustering at Louvain
resolution 1.0, distinct cellular populations were identified and visualized through a
UMAP projection (Figure 22 A). The right panel plot provides annotations for these
clusters (Figure 22 B), including two groups of CD8* TEM (effector memory T cells), CD8*
TISG (interferon-stimulated gene associated T cell), exhausted CD8" cells, CD4* TEM, Treg
(CD4* Regulatory T Cells), Th17 (CD4* T Helper 17 Cells), naive T cells, ILC (Innate
Lymphoid Cells), and NK cell subtypes, such as resting and active NK cells.

Figure 23 illustrates the expression of marker genes that define these lymphoid
cell types, highlighting their distinct functional roles in immunity. CD8* T cell subsets
include effector memory cells (TEM-1, TEM-2) expressing CD8A, GZMB, and PRF1 (81,

82), while exhausted CD8* T cells are characterized by PDCD1, HAVCR2, and LAGS3,
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indicative of impaired cytotoxic activity (32, 83, 84). Interferon-stimulated T cells (TISG)
express IFI44L and IFI6 (85). Naive T cells are defined by CCR7 and SELL (CD62L) (86,
87). CD4* subsets include effector memory cells defined by IL7R, GZMA (88), Treg
characterized by FOXP3, IL2RA (89), and Th17 cells by RORC, IL17A (90). NK cells are
divided into active (NKG7, GZMB) and resting states (KLRB1) (91, 92). ILCs are

identified by the expression of KIT and IL7R (93).
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Figure 22: UMAP of the lymphoid group. (A) UMAP of lymphoid clusters. (B) UMAP
of cell types of lymphoid cells.
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Figure 23: Marker gene expression of lymphoid group

The distribution of T and NK cell subtypes at the patient level demonstrates
significant variability between primary and recurrent groups. As illustrated in Figure 24
A, the mean proportions of lymphoid cell subtypes reveal CD8* TEM-1 and Naive T cells
as the predominant populations, whereas CD8* TISG, CD8* Exhausted, and ILC subtypes
are comparatively less abundant. This heterogeneity within subtypes underscores the
complex and dynamic immunological interactions associated with glioblastoma
progression.
Of particular importance are CD8* TEM-1 and TEM-2 cells, which exhibit distinct
patterns of variation between primary and recurrent tumors. TEM-1 is significantly
elevated in the recurrent tumor group compared to the primary group, as determined
using the Mann-Whitney U test (p = 0.042). Conversely, CD8* TEM-2 cells are significantly

more abundant in primary tumors (p = 0.042) (Figure 24 B), indicating a reduction of these
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effector memory T cells during recurrence. The proportions of CD8* Exhausted cells
remain consistent between primary and recurrent groups (p = 0.445) (Figure 24 B),

suggesting a stable level of exhaustion-associated phenotypes regardless of tumor
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Figure 24: Proportions of cell type at patient level. (A) Proportion of lymphoid cell
group at patient level (B) Proportion comparison between primary and recurrent
group by using Mann-Whitney U test, patients with total lymphoid cell count less
than 100 were excluded.

The comparative analysis of CD8* TEM groups highlights distinct biological roles
and functional states within the TME. The KEGG enrichment and DEG violin plot
collectively reveal functional heterogeneity (Figure 25), suggesting their differential
contributions to tumor immunity. KEGG enrichment results show that CD8* TEM-1 is
highly enriched in pathways such as “Ribosome”, indicating an elevated level of protein
synthesis. This suggests that TEM-1 cells may stay in active cytotoxic activity.
Conversely, TEM-2 is associated with immune-related and stress-adaptive pathways,
including the “NF-kappa B signaling pathway” and “FoxO signaling pathway”,

reflecting its involvement in inflammatory responses, survival, and metabolic
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adaptation under TME pressures. On the other hand, CD8* Exhausted cells are
predominantly enriched in “Efferocytosis” which aligns with the immune suppression
phenotype (Figure 25 A).

The DEG expression plot (Figure 25 B) supports these findings by demonstrating
that all three subgroups exhibit robust expression of activation markers GZMH and
GZMLK, indicating their cytotoxic potential (82, 88). However, TEM-2 shows higher
levels of pre-exhaustion markers (NR4A2, ZNF331, and PPP1R15A) and stress markers
(GADD45B, BTG2) compared to TEM-1, highlighting their susceptibility to TME-
induced immune suppression (94-96). These results suggest functional distinctions
among the TEM subgroups; while TEM-1 represents active cytotoxic responders, TEM-2
may be transitioning toward an exhaustion state. CD8* Exhausted cells display elevated
expression of terminal exhaustion markers, such as PDCD1 (PD-1), TIGIT, and HAVCR2

(TIM-3) (32, 83, 84), confirming their terminal exhausting state (Figure 25).
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Figure 25: DEG and enrichment of CD8 TEM groups. (A) KEGG pathway enrichment
of DEG between TEM groups. (B) Violin plot of DEGs between TEM groups.

The relative exhaustion score, calculated using a curated set of canonical T cell
exhaustion markers, reveals distinct exhaustion states across various T and NK cell
subpopulations. Notably, this score demonstrates enriched expression among specific
subsets, such as CD8+ exhausted, CD4* Th17, and CD4" Treg cell groups, indicating higher
exhaustion levels within these populations (Figure 26 B). In contrast, subsets such as naive
T cells and CD8* TEM-1 exhibit lower exhaustion scores, distinguishing them as less
affected by exhaustion processes.

A violin plot (Figure 26 C) quantitatively compares exhaustion scores among CD8*
TEM-1, TEM-2, and CD8* exhausted cell groups to further investigate this. The results
reveal statistically significant differences between these subsets (p < 0.0001), highlighting
a progressive gradation of exhaustion. CD8* exhausted cells exhibit the highest exhaustion

scores, followed by TEM-2, with TEM-1 presenting the lowest scores within the cohort.

42



This pattern aligns with the functional decline associated with T cell exhaustion, wherein
exhausted cells occupy the most compromised functional state. The intermediate scores
observed in CD8* TEM-2 suggest a transitional phase wherein cells exhibit partial

dysfunction but have not yet reached full exhaustion.
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Figure 26: T cell exhaustion status. (A) UMAP of lymphoid cell type. (B)
UMAP of exhaustion score calculated by T cell exhaustion marker genes. (C)
Exhaustion score comparison between CD8 TEM groups.

The trajectory analysis performed using Monocle 2 (97-99) reveals distinct
cellular progression patterns among CD8* TEM cell subsets. Figure 27A highlights the
trajectory with a pseudotime gradient, also capturing the cellular progression toward
exhaustion. The pseudotime values indicate a continuous transition, with cells at the
extremities exhibiting advanced differentiation, aligning with the terminally exhausted
phenotype. The positioning of the pre-exhausted and terminal exhausted subsets at the
far end of the trajectory suggests a gradual loss of effector function. Figure 27 C shows
the density of these cell types along the pseudotime axis, with TEM-1 cells evenly
distributed, while Exhausted cells and TEM-2 are more enriched in later stages. This
suggests that as cells progress along pseudotime, they undergo differentiation and

exhaustion, with terminal exhausted cells representing a later stage of T cell dysfunction.
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Figure 27: Pseudotime analysis. (A) Pseudotime cell trajectory. (B) Pseudotime
analysis by TEM subtype. (C) Density plot of Pseudotime by TEM subtype.

To further investigate the functional and origin-related differences between TEM
subgroups, a set of canonical markers associated with TRM (tissue-resident memory T
cells) was utilized to calculate the residual score. As illustrated in Figure 28, TEM-2 cells
exhibit significantly higher residual scores compared to both the TEM-1 and exhausted
cell groups. This finding suggests that TEM-2 cells retain a more pronounced tissue-
resident memory phenotype. The higher residual scores in TEM-2 cells likely reflect their
more remarkable ability to persist within tissue. Their enrichment in primary tumors and
state of stress-response and pre-exhaustion suggests a role in the initial immune response
to tumorigenesis and their potential involvement in shaping the early tumor
microenvironment. This pre-exhausted state may indicate an attempt to mount an
antitumor response before succumbing to the immunosuppressive pressures of the tumor
milieu. Their stress-response signatures further imply that while they retain some effector
capabilities, they are already exhibiting signs of dysfunction, potentially limiting their

long-term efficacy in controlling tumor growth.
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In contrast, the active cytotoxic TEM cells (TEM-1), characterized by a lower
TRM score, are enriched in recurrent glioblastoma tumors, suggesting that these cells are
actively migrating into the tumor microenvironment from the bloodstream. This
migration could be facilitated by the disruption of the brain-blood barrier, a feature that
is commonly observed in recurrent glioblastoma due to the tumor's progression and
vascular changes (100). The influx of additional T cells, particularly cytotoxic TEM cells,
may represent an immune response to the tumor's persistent growth and the associated

inflammatory signals.
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Figure 28: T cell residual status. (A) UMAP of lymphoid cell type. (B) UMAP of
residual score calculated based on canonical Markers of TRM. (C) Residual score
comparison between CD8 TEM groups.

3.6 Myeloid Cell Group Annotation and Function Evaluation

A total of 89,193 myeloid cells were identified and subdivided into 17 distinct
clusters following unsupervised dimensionality reduction and clustering process. These
clusters were subsequently annotated based on the unique marker genes expressed by
each cell type. The annotations revealed diverse myeloid populations, including two

microglia-derived tumor-associated macrophage (MG-TAM) groups, three monocyte-
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derived tumor-associated macrophages (MDMs), one interferon-related TAM, a
dendritic cell (DC) population, and a proliferating myeloid cell group (Figure 29).
Monocyte-derived TAMs exhibited high expression levels of canonical
macrophage marker genes, such as CD163 and CD68 (101, 102). One subset of MDMs,
characterized by elevated expression of pro-inflammatory markers such as SI00A8 and
S100A9, was annotated as MDM-i (103). Another subset, distinguished by high
expression of hypoxia-associated markers, including SLC2A1 (GLUT1), HMOX1 (Heme
Oxygenase 1), and BNIP3 (BCL2 Interacting Protein 3), was annotated as MDM-hypoxia
(104-106). The remaining monocyte-derived TAMs, which expressed elevated levels of

SEPP1 (Selenop, Selenoprotein P), were classified as MDM-SEPP1 (Figure 30).
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Figure 29: UMAP of myeloid group. (A)UMAP of myeloid clusters. (B) UMAP of
myeloid group, MDM-i: inflammatory monocyte-derived macrophage; MDM-
hypoxia: hypoxic monocyte-derived macrophage; MDM-SEPP1: SEPP1"is" (Selenop)
monocyte-derived macrophage; TAM-IEN: interferon-related tumor-associated
macrophage; MG-TAM-h: homeostatic microglia-derived tumor-associated
macrophage, MG-TAM-i: inflammatory microglia-derived macrophage; DC: dendritic
cell.
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MG-TAMs were found to express residual microglial markers, including P2RY12
and TMEM119 (101). A specific subset of these TAMs, characterized by high expression
levels of pro-inflammatory chemokines CCL3 and CCL4, was annotated as MG-TAM-i
(107-109). Another group, representing homeostatic microglia-derived TAMs, exhibited
elevated expression of CST3 (10), Additionally, the TAM-IFN subset was identified
based on the expression of interferon-stimulated genes (ISGs), including IFI44L
(Interferon-induced protein 44-like), IF16 (IFN-a-inducible protein 6), and ISG15 (110-

112). Further details regarding these TAM and marker gene expressions can be found in

Figure 30.
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Figure 30: Marker Gen Expression of Myeloid Cell Group

MG-TAMs and MDMs are the most common cell types, accounting for more than
40% each in this group, highlighting their dominant roles in the tumor
microenvironment. Among MG-TAMs, MG-TAM-i and MG-TAM-h exhibit the highest

mean proportions, with MG-TAM-i comprising 29.2% and MG-TAM-h 20.8% of the
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myeloid population. In contrast, MDM subtypes show variability, with MDM-Hypoxia
accounting for 17.5%, MDM-SEPP1 at 13.9%, and MDM-i at 9.8%, indicating functional
diversity within this group. TAM-IFN contributes 3.1% to the total myeloid cell.

In Figure 31 B, the proportions of MDM-Hypoxia cells are significantly elevated
in recurrent tumors compared to primary tumors (p = 0.009), suggesting their potential
role in tumor recurrence or progression. While other subtypes do not demonstrate
statistically significant differences between the groups, there is a noticeable tendency for
a decrease in MG-TAM within recurrent tumors (Figure 31 B).
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Figure 31: Proportions of cell type at patient level. (A) % Myeloid cell type at patient
level (B) Cell type proportion comparison between primary and recurrent group by
using Mann-Whitney U test, patients with total myeloid cell count less than 100 were
excluded.

The DEG enrichment analysis reveals distinct functional enrichments of GO
pathways across the various TAMs. The DEGs of MDM-Hypoxia enriched in processes
associated with lipid transport and responses to hypoxia, indicating that these cells may
be adapting to the tumor microenvironment in hypoxia regions. MDM-SEPP1 is
associated with immune-related processes such as lymphocyte activation and antigen
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processing, pointing to their involvement in modulating adaptive immune responses
within the tumor. MDM-i, on the other hand, shows significant enrichment in pathways
related to cytokine production and cell adhesion, highlighting their likely role in
inflammatory responses and the regulation of immune cell interactions (Figure 32 A).
The microglial subtypes, MG-TAM-i and MG-TAM-h, demonstrate differing
functional profiles, with MG-TAM-i enriched in immune response pathways,
particularly those regulating T cell development and leukocyte differentiation,
suggesting a role in immune surveillance and response. MG-TAM-h is more involved in
metabolic processes. TAM-IFN is enriched in interferon-related pathways. Overall, these
findings provide insights into the specialized functions of myeloid cells in the tumor
microenvironment and their potential roles in tumor progression, immune modulation,

and response to stressors (Figure 32 B).
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Figure 32: DEG enrichment of TAM groups. (A) GO BP enrichment of MDM-hypoxia,
MDM-SEPP1, MDM-i. (B) GO BP enrichment of MG-TAM-i, MG-TAM-h, TAM-IFN.

The TAMs usually display diverse functional states, with distinct roles in
regulating the tumor microenvironment. In the context of proinflammatory activity,
TAM subtypes exhibit substantial variation in their proinflammatory score, which was
calculated by using a group of chemokine, cytokine, and transcription factors (CCL2,
CCL3, CCL4, CXCLS, IL1B, IL6, S100A8, S100A9, NFKB1, REL). MDM-i and MG-TAM-i
demonstrate elevated proinflammatory activity, as reflected by their higher scores,
indicative of their active participation in promoting inflammatory responses within the
tumor microenvironment. In contrast, other subtypes such as MDM-hypoxia and MDM-
SEPP1 populations display reduced proinflammatory potential (Figure 33).

The immune regulatory function of TAMs also shows significant variability

among subtypes. MDM-SEPP1 demonstrates an elevated immune regulatory score
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calculated based on group of immune suppression and MHC relevant marker genes
(CCL2, CD274, CHIT1, PDCD1LG2, LGALS9, TGFB1, TGFB2, IL10, ARG1, MRC1, IL4R,
CX3CR1, HLA-A, HLA-C, HLA-DQA1, HLA-DQB1, HLA-DRA, HLA-DRB1, HLA-
DRB)), reflecting its active involvement in suppressing immune responses, likely to
favor tumor immune evasion. Conversely, the MDM-hypoxia and MDM-i subtypes
display a lower immune regulatory score, suggesting a reduced role in immune
suppression and regulation. Microglia-derived populations, while exhibiting overall
higher immune regulatory scores, present unique niche-specific roles in immune
modulation within the tumor microenvironment (Figure 34).

The angiogenic activity of TAMs further underscores their functional
heterogeneity. MDM-i and MDM-hypoxia emerge as key players with a significantly
higher angiogenesis score, emphasizing its critical role in promoting vascular
remodeling and supporting tumor growth under hypoxic conditions. MDM-SEPP1
shows relatively lower angiogenic involvement, indicating the distinct specialization of
this subtype. Similarly, microglia-derived subpopulations exhibit low angiogenic
potential, indicating their limited contribution to vascular remodeling within the tumor
environment (Figure 35).

The increased angiogenic activity exhibited by MDM-hypoxia may result from
the selective pressures imposed by chemotherapy and radiotherapy, as this cell type is
more prevalent in recurrent tumors. The hypoxic microenvironment induced by these
treatments likely promotes an adaptive shift in TAMs, enabling these cells to enhance

their angiogenic potential. This adaptation contributes to vascular remodeling,
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facilitating nutrient supply and tumor survival. Furthermore, it plays a critical role in
driving tumor invasiveness, progression, and resistance, thereby exacerbating the

challenges associated with recurrent tumors.
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Figure 33: Inflammation score distribution of TAMs. (A) Ridge plot of inflammation
score of TAMs. (B) Inflammation score comparison between MDM groups.
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Figure 35: Angiogenesis score distribution of TAMs. (A) Ridge plot of angiogenesis
score of TAMs. (B) Angiogenesis score comparison between MDM groups.

3.7 Spatial Data Analysis

Spatial sequencing data were analyzed using the SpaCAT pipeline, a
comprehensive tool designed to process and interpret spatially resolved transcriptomic
data (113). The analysis followed a quality control process, which ensured the reliability
and accuracy of the data before further analysis. The pipeline performed a
deconvolution step to differentiate between tumor and stromal regions. Then, the
deconvolution approach utilized annotated scRNA-seq data, which provided high-
resolution cellular annotations to help accurately assign gene expression patterns to
specific cell types within the spatially distinct regions. The primary focus of the analysis
was to examine the cell fraction distribution within tumor and stromal regions.

The cell fraction visualization for V6 and V13 samples from the treatment-naive
group revealed distinct patterns of cellular enrichment. In particular, MDM-hypoxia was
notably enriched in the tumor and margin regions, suggesting active hypoxic response

within the tumor regions (Figure 36). Figure 36 illustrates MDM-hypoxia’s spatial
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distribution and cell fraction across tumor, interface, and stroma regions in the two
representative samples. H&E-stained tissue sections are segmented into the three
regions of interest, with spatial transcriptomic data overlaid to visualize the MDM-
hypoxia cell fraction at each spatial spot. The heatmap for each sample highlights the
relative abundance of MDM-hypoxia cells (Figure 36). Tumor and Interface regions
consistently display higher fractions of MDM-hypoxia cells, while stroma regions
exhibit relatively low fractions.

Boxplots on the right side of Figure 36 quantify and compare MDM-hypoxia
fractions across the three regions for both samples. In both V6 and V13, statistical
analysis reveals significantly higher MDM-hypoxia fractions in tumor and interface
regions compared to the stromal spots. In sample V6, the interface region also
demonstrates a significantly higher fraction than the tumor region, while in sample V13,
this difference is not significant, indicating potential variability in the dynamics between
the tumor and adjacent brain tissue regions across samples.

These findings illustrate that MDM-hypoxia cells are enriched within the tumor
and interface regions, with lower abundance in the stroma regions. The results suggest
that MDM-hypoxia cells are closely associated with hypoxic responses in the tumor

microenvironment and may indicate tumor activity or adaptations in hypoxic niches.
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Figure 36: Spatial visualization of tumor interface and fraction of MDM-hypoxia. (A)
Spatial visualization of V6 sample and MDM-hypoxia cell fraction comparison across
regions (B) Spatial visualization of V13 sample and MDM-hypoxia cell fraction

comparison across regions

3.8 Cell Chat Analysis

The CellChat pipeline is a computational tool used to analyze and visualize
intercellular communication networks in single-cell transcriptomic data (114). Utilizing
this pipeline, a comparison of cell communication networks between recurrent and
primary tumors was conducted. As illustrated in Figure 37, the number and strength of
cell-cell interactions are higher in the recurrent tumor group relative to the primary
tumor group. Figure 37 B and C provide visual representations of these interactions as
network graphs. In these graphs, nodes represent various cell types involved in

intercellular communication, while the edges (lines) denote the interactions between
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them. These results indicate that recurrent tumors are characterized by enhanced
intercellular communication, particularly among tumor-associated macrophages
(TAMs), suggesting that TAMs may play a pivotal role in promoting tumor progression

and immune suppression in the recurrent tumor microenvironment.
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Figure 37: CellChat comparison between primary and recurrent tumor. (A) Barplot of
interaction comparison. (B) Cell chat plot of the number of interactions between
primary and recurrent groups. (C) Cell chat plot of strength of interactions between
primary and recurrent groups.
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4. Discussion

4.1 Glioblastoma Cellular State

Glioblastoma exhibits a highly heterogeneous cellular landscape characterized by
various transcriptional states contributing to its aggressiveness and treatment resistance
(115). Recent advances have emphasized the cellular plasticity of tumor cells, which
display a spectrum of transcriptomic states and can switch between glioma stem cells
and differentiated states in response to their environment and therapy, suggesting a
more flexible and reversible tumor system (9, 116).

A critical finding in this study is the stability of these cellular states between
primary and recurrent glioblastomas, suggesting that tumor recurrence is not
necessarily accompanied by a shift in cell state composition but rather an adaptation in
functional pathways. The DEG enrichment analysis highlighted that primary tumors are
enriched in neurodevelopmental processes (117), whereas recurrent tumors display
upregulated pathways related to DNA repair and cell cycle regulation. This shift aligns
with prior findings indicating that recurrent tumors undergo therapy-induced selection,

favoring more proliferative and treatment-resistant cell populations (118).

4.2 Lymphocyte Effector Memory T Cell

The glioblastoma tumor microenvironment is characterized by significant
immune suppression (119), limiting the immunotherapeutic regimen’s efficacy (120,
121). Tumor-infiltrating lymphocytes, particularly CD8* T cells, are key players in anti-

tumor immunity, yet their functionality is often compromised within the
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immunosuppressive TME. This study identified several distinct CD8* effector memory T
cell subsets, including active TEM, pre-exhausted TEM, and terminal exhausted TEM.

Active cytotoxic TEM cells, characterized by a lower residual score, are enriched
in recurrent glioblastoma tumors. This enrichment suggests that these cells are actively
migrating into the tumor microenvironment from the peripheral blood. This migration
may be facilitated by the disruption of the blood-brain barrier after the resection of the
primary tumor. The influx of additional T cells, particularly cytotoxic TEM cells, could
reflect an immune response to the tumor’s persistent growth and the accompanying
inflammatory signals.

The enrichment of pre-exhausted TEM cells in primary tumors, along with their
stress-response state, suggests that these cells play a critical role in the initial immune
response to tumorigenesis. These cells may contribute to shaping the early tumor
microenvironment by attempting to mount an antitumor response before ultimately
succumbing to the immunosuppressive pressures of the tumor milieu. Their pre-
exhausted state and stress-response signatures indicate early signs of dysfunction, which
may limit their long-term efficacy in controlling tumor progression.

This finding underscores the potential role of neo-adjuvant immunotherapy in
primary glioblastoma, which could achieve superior therapeutic efficacy. Since pre-
exhausted TEM cells may still possess some effector function, targeting them in the early
stages of tumor development could enhance immune response before their full
exhaustion. This contrasts with previous reports, which showed the failure of neo-

adjuvant PD-1 therapy in recurrent glioblastoma (122), where immune exhaustion and
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the more advanced suppression TME may diminish the therapeutic impact. Thus,
intervening at an earlier stage of tumorigenesis, when pre-exhausted TEM cells are
abundant, might offer a more favorable outcome for immunotherapy.

These findings highlight the challenges associated with reinvigorating anti-
tumor immunity in glioblastoma. While recurrent tumors may exhibit an increase in
cytotoxic TEM cells derived from the leakage of the blood-brain barrier, this does not
necessarily lead to effective tumor control. This limitation is primarily attributed to the
overall low abundance of T cells within the tumor microenvironment and the prevailing
immunosuppressive milieu (85, 123). Consequently, these observations highlight the
necessity of combinatorial therapeutic strategies that not only enhance effector T-cell

responses but also mitigate immune suppression to improve anti-tumor efficacy.

4.3 Myeloid Tumor-Associated Macrophage

Myeloid cells, including tumor-associated macrophages (TAMs), play a crucial
role in glioblastoma progression by modulating immune responses and supporting
tumor growth (79, 124). In this study, TAMSs were categorized into microglia-derived
TAMs (MG-TAMs) and monocyte-derived TAMs (MDMs), with further subdivisions
based on their functional states.

One of the most notable findings was the enrichment of MDM-hypoxia in
recurrent glioblastoma with a distinct spatial localization within tumor regions. These
TAMs exhibit gene expression signatures associated with adaptation to hypoxic
conditions and angiogenic process, suggesting a critical role in promoting tumor

recurrence and resistance to therapy. Both hypoxia and vascular microenvironment are
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hallmarks of the glioblastoma (125). Previous research has elucidated the dynamic and
intricate interactions within the TME, with particular emphasis on the contributions of
myeloid and other immune cells (22, 36, 37). The increased presence of MDM-hypoxia
and the intensified cell-to-cell communication among TAMs in recurrent glioblastoma
suggest functional adaptation and complex intercellular interactions that reinforce
tumor progression and therapeutic resistance.

The close spatial localization of the MDM-hypoxia population within tumor
regions further underscores their involvement in shaping a hypoxic niche that sustains
an immunosuppressive and pro-angiogenic TME. This spatial organization may
facilitate macrophage-mediated crosstalk with endothelial cells and tumor cells,
fostering a microenvironment conducive to tumor survival and recurrence.

In contrast, MDM-SEPP1, which is associated with immune regulation and
antigen processing, exhibited a stable proportion between primary and recurrent
tumors. This suggests that some regulatory myeloid populations remain unchanged
despite tumor progression, possibly contributing to persistent immune suppression in
glioblastoma.

Additionally, inflammatory macrophages (MDM-i and MG-TAM-i) displayed
elevated pro-inflammatory scores, indicating their role in orchestrating immune
responses within the TME. While inflammation is typically associated with anti-tumor
immunity, in the context of glioblastoma, it can also contribute to tumor progression by

promoting immune evasion and tissue remodeling. Regulatory macrophages, which
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suppress immune activation, showed higher immune suppression signatures, further
reinforcing the immunosuppressive nature of the glioblastoma microenvironment.
These findings underscore the dynamic nature of the myeloid compartment in
glioblastoma, particularly in response to treatment. The enrichment of MDM-hypoxia in
recurrent tumors suggests that targeting hypoxia-induced pathways could be a viable
strategy for disrupting tumor-associated macrophage functions. Furthermore,
understanding the balance between pro-inflammatory and immunosuppressive myeloid
populations may provide insights into developing therapies that reshape the TME to

enhance anti-tumor immunity.

4.4 Limitations

One of the primary limitations of this study is the sample size, the reliance on
unpaired tumor samples, and the potential for selection bias, all of which may affect the
generalizability and robustness of the findings. The analysis was conducted on a
relatively small cohort of glioblastoma samples, which may fail to adequately capture
the full extent of inter- and intra-tumoral heterogeneity characteristic of the disease.
Furthermore, the use of unpaired tumor samples, where primary and recurrent tumor
specimens are not derived from the same patient, limits the ability to track patient-
specific tumor evolution over time. This approach relies on population-level trends to
infer differences between primary and recurrent tumors, which risks obscuring inter-
patient variability and fails to account for the unique therapeutic pressures shaping
tumor progression in individual patients. Additionally, selection bias during sample

collection—such as preferential inclusion of tumors that are surgically accessible or that
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yield sufficient viable cells for analysis—may further limit the representation of certain
cellular states or microenvironmental features.

The second limitation lies in the study’s reliance on transcriptomic data without
the integration of additional data layers such as genomic, proteomic, and functional
validation. While transcriptomic profiling provides crucial insights into gene expression
and cellular states, important information at the DNA and protein levels, which are
critical for understanding mutational landscapes and protein function, remains
unexplored. This limitation reduces the depth of mechanistic insight and hinders the
ability to identify causative factors driving tumor progression and treatment resistance.
Additionally, the lack of wet lab experimentation —such as functional assays,
immunohistochemistry, or protein validation —leaves the computational predictions
untested. Combining transcriptomics with multi-omic approaches and experimental
validation in future studies will provide a more comprehensive framework for
understanding glioblastoma biology and improving therapeutic development.

Lastly, the observational and correlative nature of this study, combined with the
lack of experimental validation, limits the ability to establish causal relationships
between the identified cellular states, pathways, and their roles in tumor progression or
treatment resistance. Experimental approaches, such as genetic perturbations,
pharmacological interventions, or preclinical tumor models, are essential to validate
these findings and confirm their relevance. Incorporating such methods in future
research would strengthen the conclusions and enhance the translational potential of the

study.
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5. Conclusion

Glioblastoma remains a formidable clinical challenge due to its intrinsic cellular
heterogeneity, complex immune evasion mechanisms, and remarkable resistance to
various therapeutic interventions. Through the application of integrative single-cell
analyses based on the large-scale datasets, this study offers validated insights into the
differences between primary and recurrent glioblastoma at both cellular and functional
levels, revealing important molecular mechanisms behind tumor progression.

A crucial finding of this study is the persistence of core glioblastoma cellular
states across tumor stages. While recurrent tumor exhibits functional plasticity rather
than a transition in cellular state, it is characterized by an upregulation of pathways
related to DNA repair and cell proliferation. This shift suggests that glioblastoma
recurrence is associated with functional adaptation —cells activate pathways that help
them resist treatment and continue proliferating —instead of alterations in their
transcriptional cellular states. This functional adaptability provides a mechanistic
understanding of how glioblastoma tumors can overcome therapeutic pressures and
persist even after initial treatment.

The immune landscape of glioblastoma also shows notable changes, particularly
within T cell and macrophage compartments. CD8* T cells exhibit dynamics of
cytotoxicity and exhaustion. Activated cytotoxic TEM is more abundant in recurrent
tumors, suggesting its role in promoting immune responses in these advanced stages. In
contrast, pre-exhausted TEM cells, which are in a stress-response state, are more

prominent in primary tumors, reflecting a tissue-resident memory phenotype that limits
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immune efficiency and can be a target of immunotherapy. Exhausted CD8* T cells,
present in both primary and recurrent tumors, represent the terminal exhausted phase.

TAM groups show differential enrichment patterns, with MDM-hypoxia being
particularly abundant in recurrent tumors. This population is associated with
angiogenesis and is spatially enriched in tumor regions. Future therapeutic strategies
should aim to disrupt the functional plasticity of glioblastoma cells while
simultaneously reprogramming the immune microenvironment to enhance immune
surveillance and antitumor activity. Specifically, approaches that rejuvenate pre-
exhausted T cells or reprogram macrophages may offer new approaches for improving
treatment outcomes.

The integration of single-cell and spatial transcriptomic technologies provides
invaluable insights into the tumor’s complexity and lays the foundation for precision
medicine strategies that can optimize glioblastoma treatment and offer hope for better

clinical outcomes.
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Appendix A Meta-Module Score Plot at Patient Level
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