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ABSTRACT 24 
Ion channels, transporters, and other ion-permeating proteins, collectively comprising the 25 
ion permeome (IP), are common drug targets. However, their roles in cancer are 26 
understudied. Our integrative pan-cancer analysis shows that IP genes display highly-27 
elevated expression patterns in subsets of cancer samples significantly more often than 28 
expected transcriptome-wide. To enable target identification, we identified 410 survival-29 
associated IP genes in 29 cancer types using a machine learning approach. Notably, GJB2 30 
and SCN9A show prominent expression in neoplastic cells and associate with poor 31 
prognosis in glioblastoma (GBM), the most common and aggressive brain cancer. GJB2 or 32 
SCN9A knockdown in patient-derived GBM cells induces transcriptome-wide changes 33 
involving neural projection and proliferation pathways, impairs cell viability and tumor 34 
sphere formation, mitigates tunneling nanotube formation, and extends the survival of 35 
GBM-bearing mice. Thus, aberrant activation of IP genes appears as a pan-cancer feature 36 
of tumor heterogeneity that can be exploited for mechanistic insights and therapy 37 
development.  38 
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 2 

INTRODUCTION 39 
 40 
Developing rational cancer therapies is a challenge as broad-spectrum therapies fail to target 41 
tumor heterogeneity and multiple avenues of cancer progression (1). Molecular profiling as 42 
standard of care has advanced precision treatment regimens for many cancer types (2). Despite 43 
these advances, developing new therapies remains a long and uncertain process. Conversely, 44 
repurposing approved drugs is an appealing alternative with many successes (3), such as the use 45 
of the type II diabetes drug metformin as an anti-cancer agent (4). 46 
Ion channels permeate ions across membranes based on ionic electrochemical gradients. 47 
Voltage-gated ion channels are regulated by changes in transmembrane voltage potential and are 48 
involved in a variety of physiological processes such as neuronal signal transmission and 49 
epithelial cell secretion. Ligand-gated ion channels are regulated by chemical messengers such as 50 
neurotransmitters at neural synapses and neuro-muscular junctions. Ion transporters actively 51 
move ions across membranes through energy consumption and conformational change. Gap 52 
junctions create intercellular connections to enable the passage of ions and small molecules 53 
between different cells. Collectively, we refer to these proteins as the ion permeome (IP). The ion 54 
permeome is extensively studied in the context of human disease and are well-recognized drug 55 
targets. For example, a common therapy for renal hypertension and cardiovascular disease 56 
involves Ca2+ ion channel blockers (5,6). IP inhibitors are frequently used as local anaesthetics, 57 
such as lidocaine and carbamazepine (7). We and others have uncovered the multifaceted roles 58 
of ion channels in regulating tumor cell-intrinsic properties and tumor cell-microenvironment 59 
interactions, thereby establishing specific ion channels as therapeutic targets in brain cancer (8-60 
18). Despite the identification of specific ion channels as regulators of malignancy of individual 61 
cancer types, a comprehensive interrogation of the transcriptomic landscape and clinical 62 
significance of the IP in human cancer has not been achieved. 63 
Glioblastoma (GBM) is the most common and deadliest form of primary brain cancer. Despite 64 
multi-modal therapy combining surgery, radiotherapy, and chemotherapy using the DNA 65 
alkylating agent temozolomide, median patient survival is only ~15 months (19). GBM is 66 
characterised by genetic, molecular, and phenotypic heterogeneity at inter- and intra-tumoral 67 
levels. GBM comprises distinct molecular subtypes (mesenchymal, proneural, classical), each 68 
with specific genomic mutations, gene expression signatures, and clinical characteristics (20-22). 69 
Individual GBM tumors harbor diverse tumor and stromal cell populations. This tremendous 70 
degree of tumor heterogeneity drives therapy resistance and tumor recurrence (23,24). As such, 71 
there is an urgent need to identify actionable therapeutic targets and treatment opportunities. 72 
Here we analysed the transcriptomic landscape and clinical associations of IP genes across 73 
10,000 human cancer samples. We discovered that IP genes were excessively upregulated in 74 
subsets of tumors significantly more than expected, revealing a novel aspect of tumor 75 
heterogeneity. Using machine learning, we established a catalogue of IP genes whose elevated 76 
expression is associated with patient survival outcomes. In GBM, we focused on two IP genes, 77 
GJB2 and SCN9A, and demonstrated their roles in promoting GBM aggression using patient-78 
derived tumor cells and xenograft models. Our study highlights alterations in the IP as a cancer 79 
hallmark and provides a useful resource for functional studies of IP genes for therapeutic and 80 
biomarker development. 81 
  82 
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RESULTS 83 
 84 

Transcriptomic landscape of the ion permeome in cancer 85 
To interrogate IP in cancer, we analysed 9352 cancer transcriptomes of 33 cancer types from the 86 
Cancer Genome Atlas (TCGA) PanCanAtlas project (25) (Table S1). We studied 276 high-87 
confidence druggable IP genes from the Guide to Pharmacology database (26) (Figure S1, Table 88 
S2). We first investigated pan-cancer expression of IP genes using dimensionality reduction and 89 
clustering, which revealed tissue- and disease-type specific patterns (Figure 1a). For example, 90 
GBM and low-grade glioma (LGG) clustered together as did subtypes of kidney cancers (renal 91 
cell carcinoma (KIRC), renal papillary cell carcinoma (KIRP) and kidney chromophobe 92 
(KICH)). Organ-specific clustering of other cancer samples by IP genes was also detected. For 93 
example, digestive tract-related cancers clustered together such as colorectal, stomach and 94 
pancreatic cancers (colon adenocarcinoma (COAD), rectum adenocarcinoma (READ), 95 
pancreatic adenocarcinoma (PAAD), stomach adenocarcinoma (STAD)), while several organ 96 
systems showed distinct clusters, such as two subtypes of melanoma (skin cutaneous melanoma 97 
(SKCM), uveal melanoma (UVM)). 98 
Transcriptomic analysis revealed dramatic patterns of IP gene overexpression in individual 99 
cancer samples. First, we considered IP genes that were expressed in most samples of a given 100 
cancer type. A typical IP gene showed 10-fold upregulation in a subset of samples (9%) 101 
compared to other samples of the same cancer type (Figure 1b). This affected 49 (18%) IP genes 102 
per cancer sample on average, based on non-parametric Tukey’s outlier analysis (27) (Figure 103 
1c). Overexpression of IP genes was identified in most cancer types in our dataset, as well as 104 
pooled pan-cancer dataset. Next, we considered the subset of IP genes with switch-like 105 
activation, which showed prominently elevated expression in a minority of cancer samples and 106 
no expression in other samples. Switch-like activation affected an additional 18% of IP genes on 107 
average (Figure 1d-e, Figure S2a). A typical IP gene was expressed in hundreds of copies in 108 
high-outlier group of cancer samples (median 290 FPKM-UQ), while some genes exceeded these 109 
levels by several orders of magnitude (104 – 105 FPKM-UQ) (Figure 1f). 110 
To evaluate the significance of IP overexpression in cancer, we repeated the outlier analysis by 111 
re-sampling protein-coding genes as controls. In all cancer types, overexpression of IP genes was 112 
significantly more pronounced compared to all protein-coding genes, with a median fold-change 113 
of 3.7 and 5% of samples affected on average (P < 10-6, permutation test) (Figure 1b, Figure 114 
S2b). We repeated the outlier analysis using two other major drug target classes: kinases and G 115 
protein-coupled receptors (GPCRs). Aberrant overexpression of IP genes significantly exceeded 116 
the overexpression of genes encoding kinases. Interestingly, genes encoding GPCRs were highly 117 
upregulated in most cancer types, while the extent and frequency of upregulation among IP 118 
genes was often significantly higher (Figure S2b). Collectively, these data demonstrate that IP 119 
genes undergo dramatic upregulation in a fraction of cancer samples, implicating their 120 
contributions to tumor heterogeneity and disease mechanisms. 121 
  122 
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Figure 1. Highly elevated expression of ion permeome genes in cancer. (a) Dimensionality reduction analysis 
of cancer transcriptomes using the expression profiles of ion permeome (IP) genes shows their tissue-specific 
clustering in cancer. A UMAP projection of 276 IP genes in 33 cancer types from TCGA is shown. (b) IP genes 
are highly upregulated in subsets of cancer samples. Two-dimensional density plots show the joint distribution of 
gene expression increase (fold-change (FC), log2) and the fraction of cancer samples affected. IP genes (left) are 
compared to three control analyses (middle to right): (i) all protein-coding genes, and two classes of drug targets: 
(ii) kinases and (iii) GPCRs. Dashed green lines show median values. Control gene sets were down-sampled to IP 
gene counts and the representative iterations with median fold-change are shown. (c) Histogram of IP genes with 
highly-elevated expression in each cancer type. Fraction of IP genes with outlier expression for each cancer 
sample is shown. (d) Switch-like expression patterns of IP genes across all cancer types. The 2D density plot 
shows the fraction of cancer samples with non-zero IP gene expression and the corresponding median non-zero 
expression values for each gene. (e) Pie charts show the fraction of genes with switch-like expression among IPs 
and control gene sets (all genes, kinases, GPCRs). (f) Expression levels of IPs in the highly-elevated groups of 
samples compared to control gene sets. Control gene sets were down-sampled to IP gene counts and 
representative iterations with median raw expression are shown. 

Survival associations of ion permeome genes in multiple cancer types 123 
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To investigate the IP in cancer pathology, we systematically prioritised IP genes that 124 
significantly associated with overall or progression-free patient survival in individual cancer 125 
types, using a machine learning approach from our previous study (28). Briefly, we trained a 126 
collection of Cox proportional-hazards (CoxPH) survival regression models on subsets of cancer 127 
samples with IP genes as features, followed by regularisation that selected the most informative 128 
IP genes in each model. We nominated recurrently selected IP genes from the model feature sets 129 
as our top candidates. Cancer types in TCGA were analysed separately to identify IP genes as 130 
disease-specific candidates. We benchmarked the analysis by randomly shuffling patient survival 131 
data. As expected, this control experiment revealed significantly fewer and attenuated 132 
associations with IP genes, suggesting that our computational framework is appropriately 133 
calibrated (Figure S4). 134 
Our analysis identified 206 IP genes with 410 associations with patient survival in multiple 135 
cancer types (Figure 2a). We found 12 IP genes per cancer type on average, while most 136 
prognostic associations with IP genes were found in only one or two cancer types (74%) (Table 137 
S3), which is consistent with tissue-specific clustering of IP expression in cancer (Figure 1a). 138 
The largest numbers of survival associations were found in prostate cancer and luminal-A 139 
subtype of breast cancer (23 and 24, respectively). Elevated IP gene expression associated with 140 
worse patient prognosis in most IP genes that we identified (240/410 or 59%). Several top-141 
ranking IP genes were found in multiple cancer types, including ACCN2, GRIN2D, and TRPV3 142 
that associated with poor prognosis in six cancer types, and P2RX6 with seven cancer types 143 
(Figure S5a). P2RX6 encodes a P2X receptor that increases renal cancer cell migration and 144 
invasion (29). ACCN2 has been shown to promote tumor growth and metastasis in breast cancer 145 
(30), and GRIN2D is an angiogenic tumor marker in colorectal cancer (31). TRPV3 encodes a 146 
transient receptor potential cation-selective channel involved in temperature regulation pathways 147 
(32). Collectively, the catalogue of prognostic associations of the IP offers a useful resource for 148 
functional studies and biomarker discovery. 149 

  150 
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Figure 2. Patient survival associations of ion permeome (IP) genes in cancer. (a) 206 IP genes with 410 
patient survival associations in 33 cancer types, prioritised by their detection frequency in our elastic net 
framework (Y-axis). The IP genes associated with patient survival in glioblastoma (GBM) are labeled. (b) 
Catalogue of survival-associated IP genes in individual cancer types. Top: Bar plots of median univariate hazard 
ratios (HRs) and 95% confidence intervals. Bottom: Median expression values of IP genes. Z-transformed 
relative expression values of individual IP genes compared to all protein-coding genes are shown. 

  151 
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High GJB2 or SCN9A expression associates with poor survival of GBM patients 152 
We focused on IP genes in GBM, a fatal form of brain cancer with an unmet need for target 153 
identification. Four high-confidence GBM IP genes were found, all of which were highly 154 
expressed in higher-risk patients: gap junction GJB2 involved in non-syndromic hearing 155 
impairments (33), voltage-gated sodium channel SCN9A involved in pain sensation in the 156 
peripheral nervous system (34), aquaporin AQP9 with roles in kidney cancer (35), and calcium-157 
activated potassium channel KCNN4 with roles in GBM (36,37). Given its the reported functions 158 
in GBM, KCNN4 served as a positive control of our analysis. We confirmed the prognostic 159 
signals of these genes in multivariate analyses that accounted for patient age, sex, and the well-160 
established GBM marker of IDH1/2 mutation status (38) (Figure 3a). Besides GBM, GJB2 and 161 
SCN9A expression profiles were associated with poor prognosis in low-grade glioma, kidney, 162 
and uterine cancer (Figure S5b). We selected GJB2 and SCN9A for further studies in GBM. 163 
We examined the expression of GJB2 and SCN9A in overall survival (OS) risk groups of GBM. 164 
For GJB2, GBM patients with high outlier expression had statistically worst prognosis (Figure 165 
3b, Figure S6a). For SCN9A, the strongest association with poor prognosis was found by high 166 
gene expression by median-dichotomisation. Patient age was highlighted as a consistent 167 
prognostic factor in our ML-driven discovery of IP genes in GBM. To study the age component 168 
in detail, we analysed age-based tertiles of the GBM cohort and found strongest prognostic 169 
signals of GJB2 and SCN9A in the middle age group (56 – 66 years, 51 patients), while the other 170 
tertiles showed attenuated signals (Figure S6a). The middle age group marks the greatest risk 171 
increase of presenting GBM, with twice the incidence rate compared to younger individuals and 172 
representing a third of the TCGA GBM cases within a decade of age (19). 173 
We validated the survival associations of GJB2 and SCN9A expression in two independent GBM 174 
cohorts, including 136 samples from the Glioma Longitudinal Analysis (GLASS) consortium 175 
(39) and 55 samples from a microarray-based dataset by Freije et al. (40) (Figure 3b). High 176 
GJB2 or SCN9A expression based on median dichotomisation associated with poor prognosis in 177 
both datasets (P < 0.1; HR > 1.5), while weaker associations in samples with highly-elevated 178 
expression were also detected (Figure S6b). Associations with patient age and elevated IP 179 
expression should be confirmed in larger, better-powered cohorts. Collectively, the survival 180 
associations of GJB2 and SCN9A, with elevated expression in high-risk GBMs, implicate these 181 
genes as potential targets to be investigated by functional experiments.  182 
  183 
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 8 

 
Figure 3. Survival associations and molecular features of GJB2 and SCN9A in GBM.  (a) Multivariate 
hazard ratios (HR) of IP genes prioritized in GBM. Median univariate HR is shown with 95% confidence 
intervals. (b) Kaplan-Meier plots of overall survival (OS) in GBM patients grouped by GJB2 and SCN9A 
expression in TCGA (left) and two validation datasets (middle, right). Bar plots show gene expression in risk 
groups. Risk groups were determined by Tukey outlier analysis for GJB2 and median dichotomisation for 
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SCN9A. Wald P-values, Univariates HR values, and sample counts are shown. Patient age was included as a 
covariate in TCGA. (c) GJB2 and SCN9A expression associates with GBM subtypes and anatomical regions. (d) 
GJB2 and SCN9A expression in single glioma cells from two single-cell RNA-seq datasets shown as UMAP 
plots. Cells are colored by expression of GJB2 (left) and  SCN9A (middle). Cell type classifications of the original 
studies are shown on the right. (e) Comparison of GJB2 and SCN9A expression in GBMs and normal brain 
samples from GTEx. Quantile-normalised median expression values with confidence intervals are shown (±1 s.d). 
 

GJB2 and SCN9A expression is enriched in neoplastic cells and aggressive GBM subtypes 184 
We sought to characterise GJB2 and SCN9A in the contexts of GBM tumor regions and subtypes. 185 
First, we analysed anatomical datasets from the Ivy GBM Atlas, an anatomic transcriptional atlas 186 
of human GBM (41) (Figure 3c). Regions of microvascular proliferation showed reduced GJB2 187 
and SCN9A expression (log2FC < -2.9, FDR < 1.4 x 10-3). These represent a GBM hallmark 188 
comprising both resident endothelial cells and differentiated malignant cells (42). GJB2 and 189 
SCN9A expression was lower in stromal fractions, which primarily include non-malignant 190 
fibroblasts (43). GJB2 expression was higher near the necrotic centers of GBMs in pseudo-191 
palisading and peri-necrotic zones. Thus, both GJB2 and SCN9A are downregulated in 192 
anatomical regions characterized by less abundant tumor cells, while GJB2 is upregulated in 193 
highly proliferative and motile regions of GBMs. 194 
Next, we studied GJB2 and SCN9A in the contexts of transcriptomic and methylation-based 195 
GBM subtypes and genomic alterations (21,44) (Figure 3c). GJB2 expression was higher in 196 
mesenchymal GBM and related methylation subtype class-1 (log2 FC > 1.2, FDR < 0.05) (21). 197 
Patients with mesenchymal GBM have worse prognosis due to highly infiltrative and aggressive 198 
tumors (22). Lower SCN9A expression was found in classical GBM based on both 199 
classifications. Analysis of genomic alterations showed that SCN9A expression was associated 200 
with chromosome 19 and 20 co-gains which are found in many classical and some mesenchymal 201 
GBMs (21). Lower SCN9A expression associated with MGMT promoter methylation, an 202 
indicator of therapeutic response to temozolomide treatment (45). 203 
We then determined the cell types expressing GJB2 and SCN9A in GBMs using two single-cell 204 
transcriptomics datasets (46,47) (Figure 3d). Expression patterns of both genes were identified 205 
in subsets of neoplastic cells while their expression was undetectable in non-cancer cells, with a 206 
significant enrichment towards cancer cell fraction in both studies (P < 10-6, Fisher’s exact test). 207 
Among neoplastic cells, GJB2 expression was higher in differentiated GBM cells and lower in 208 
proliferative stem-like cells. Higher GJB2 expression in differentiated cells was characteristic of 209 
IDH-wild type GBMs with worse prognosis (46), while reduced GJB2 expression and 210 
enrichment of stem-like cells was apparent in IDH-mutant gliomas with improved prognosis 211 
(38). Compared to GJB2, SCN9A expression was more uniform across neoplastic cell types. 212 
Besides neoplastic cells, GJB2 expression was detected in myeloid cells while SCN9A was 213 
expressed in macrophages. Other non-cancer cells showed little or no expression of the two 214 
genes. 215 
We compared GJB2 and SCN9A expression in normal brain samples relative to their expression 216 
in GBMs using Tukey’s outlier analysis (Figure 3e). Expression profiles of 13 types of normal 217 
brain samples from 339 individuals were retrieved from the Genotype-Tissue Expression (GTEx) 218 
project (48). As expected, the GBMs classified as outliers showed significantly higher expression 219 
of GJB2 and SCN9A than normal brain samples: GJB2 ranked among the 24% most highly 220 
expressed genes in the outlier GBM group, while it ranked much lower (70%) in normal brain 221 
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tissues and non-outlier GBMs (P = 1.5 x 10-13, Mann-Whitney U-test). Similarly, SCN9A 222 
expression was significantly higher in outlier GBMs compared to non-outlier GBMs and normal 223 
tissues (45% vs. 75%, P = 1.1 x 10-9). In contrast, GJB2 and SCN9A expression in non-outlier 224 
GBMs was comparable to normal brain tissues. 225 
Taken together, GJB2 and SCN9A expression shows inter- and intratumoral heterogeneity in 226 
GBM. Their higher expression in malignant cell types and clinically relevant GBM subtypes 227 
implicate functional significance of these two IP genes in GBM. 228 
 229 

GBJ2 or SCN9A knockdown deregulates proliferative and neural projection pathways 230 
Next, we investigated the functional roles of GJB2 and SCN9A using shRNA-mediated 231 
knockdown (KD) in a patient-derived GBM cell line (23,49). Transcriptome-wide profiling 232 
revealed dramatic changes induced by GJB2 and SCN9A KD, with differential expression of 233 
4,647 and 2,088 genes, respectively, including 640 common genes (absolute FC > 1.25, FDR < 234 
0.05) (Figure 4a, Figure S7a). As expected, GJB2 and SCN9A were significantly downregulated 235 
by KD (Figure 4e). To interpret these transcriptomic changes in the context of TCGA GBM 236 
tumors, we median-dichotomised patient samples by GJB2 and SCN9A expression and 237 
uncovered hundreds of genes in differential expression analysis (Figure S7b). 238 
To define the genes and pathways associated with GJB2 and SCN9A KD, we integrated the gene 239 
lists from patient-derived GBM cells and patient GBMs to identify jointly-enriched pathways 240 
using the ActivePathways method (50). We discovered four major functional themes with 241 
differential expression: cell proliferation, neural and brain development, signal transduction 242 
pathways, and cytoskeletal and extra-cellular matrix processes, with 350 significant processes 243 
and pathways in total (FWER < 0.05; ActivePathways) (Figure 4b, Table S4). These pathways 244 
included cancer hallmarks of cell proliferation, cell cycle deregulation, DNA replication, and 245 
neural apoptosis, as well as signal transduction cascades such as the WNT pathway. Cancer 246 
proliferation and invasion genes were downregulated, including proliferation marker gene 247 
MKI67 with prognostic value in glioma (51), nerve growth factor receptor NGFR involved in 248 
GBM invasion (52), and long non-coding RNA MALAT1 with tumor suppressive function in 249 
GBM (53) (Figure 4e). The enriched pathways were supported by multiple transcriptional 250 
signatures, indicating that target pathways of these two IP genes converge across our patient-251 
derived GBM cell line models and patient tumors. 252 
We focused on a group of neural projection processes that associated with both genes in our 253 
integrative pathway analysis. These included broader processes, such as regulation of neuron 254 
projection development (FDR = 1.4 x 10-10) and specific enrichments such as axonogenesis and 255 
dendrite development (Figure 4c). To prioritise individual genes in these pathways, we 256 
performed a network analysis that complemented the pathway analysis by examining interactions 257 
among genes. We reconstructed a protein-protein interaction (PPI) network that captured 102 of 258 
the differentially expressed neural projection genes, using interactomes from the BioGRID 259 
database (54) (Figure 4d, Table S5). The network highlighted AKT1 and PIK3R1 of the 260 
oncogenic PI3K/AKT signalling pathway involved in GBM (55), and the tumor suppressor 261 
patched homolog 1 (PTCH1) (56). PTCH1 was upregulated in both GJB2 and SCN9A KDs, 262 
while AKT1 and PIK3R1 were deregulated in SCN9A KD (Figure 4d). Overall, these results 263 
suggest that proliferation pathways are deregulated by our candidate genes. 264 
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Interestingly, we uncovered genes and pathways regulating tunnelling nanotubes (TNTs). TNTs, 265 
which are filipodia-like extensions between cells that enable cell-to-cell communication, 266 
promote tumor invasion, proliferation, and therapy resistance in GBM (57-60). Our pathway and 267 
network analyses highlighted two Rac family small GTPases (RAC1, RAC3) that were 268 
downregulated in GJB2 KD cells, as well as the signalling adaptor CDC42SE2 involved in TNT 269 
formation (61) (Figure 4e). Furthermore, the PI3K/AKT signalling pathway differentially 270 
expressed in GJB2 KD GBM cells is implicated in TNT (57). Collectively, transcriptome-wide 271 
signatures of GJB2 and SCN9A indicate their roles in proliferative and neural projection 272 
pathways in GBM. In particular, the TNT pathways deregulated in GJB2 KD cells represent an 273 
intriguing avenue for further characterisation. 274 

 275 
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Figure 4. Transcriptomic profiling of GBM cells with GJB2 and SCN9A knockdown (KD) indicates their 
roles in proliferative and neural projection pathways. (a) Genes differentially expressed genes in patient-
derived GBM cells (G729) with GJB2 and SCN9A KD (EdgeR, FC > 1.25, FDR < 0.05). (b) Pathway enrichment 
analysis of genes associated with GJB2 and SCN9A expression (ActivePathways, FWER < 0.05). Differentially 
expressed genes from our KD experiments in GBM cells were jointly analysed with the genes identified in patient 
GBMs in TCGA. The enrichment map shows enriched pathways as nodes that are connected by edges into 
subnetworks if the pathways share many genes. Each pathway is colored by the transcriptomics dataset in which 
it was identified. (c) Subnetwork of neural projection pathways from panel (b). (d) Protein-protein interactions 
(PPIs) of genes from tunnelling nanotube pathways. Nodes show differentially expressed genes in GBM KDs of 
GJB2 and SCN9A (panel (a)), that are connected by edges of high-confidence PPIs from the BioGRID database. 
(e) Differential expression of selected genes involved in tunneling nanotube pathways, mitosis, and signal 
transduction. Normalised gene expression values in counts per million (CPM) for GJB2 or SCN9A KDs and non-
targeting (NT) controls are shown. Q-values (FDR) from EdgeR are shown. 
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GJB2 regulates the formation of tunneling nanotubes in GBM cells 276 
To define the role of GJB2 in TNTs, we investigated the cellular phenotypes of GJB2 KD using 277 
two patient-derived GBM cell lines G797 and G729 (Figure 5). First, we determined the impact 278 
of GJB2 KD on Rho GTPase pathway genes. GJB2 KD significantly decreased the expression of 279 
RAC Rho GTPase genes RAC1, RAC2, and RAC3, in support of our findings from 280 
transcriptomics and pathway analyses (Figure 5a). Similarly, TNT-associated signaling adaptor 281 
gene CDC42SE2 was downregulated in GJB2 KD cells, while tumor suppressor PTCH1 was 282 
significantly upregulated. Furthermore, GJB2 KD reduced RAC1 protein expression (Figure 283 
5b). Next, we monitored TNT dynamics using three patient-derived GBM cell lines (G411, 284 
G729, G797) (Figure 5c). While GBM cells formed robust TNT networks that connected 285 
different cells. we found a striking reduction in TNT lengths in all GBM cell lines upon GJB2 286 
KD (FC > 1.13, P < 0.05). Since TNTs can be formed from physical interaction of two filopodia 287 
in double filopodia bridges (62) and RAC1 is a critical regulator of filopodia formation (63,64), 288 
we investigated the role of GJB2 on the dynamics of cell filopodia. Time-lapse imaging of 289 
membrane GFP-expressing G411 cells revealed that GJB2 KD reduced the maximum extension 290 
length and lifetime of filopodia, while the extension rate and total number of filopodia remained 291 
unchanged (Figure 5d). Taken together, these results demonstrate that GJB2 regulates filopodia 292 
dynamics and TNT formation in GBM cells. 293 

 294 
GJB2 and SCN9A promote GBM growth in vitro and in vivo 295 
Finally, we investigated the role of GJB2 or SCN9A in regulating in vitro growth and in vivo 296 
tumorigenic potential of GBM cells. We studied three patient-derived mesenchymal GBM cell 297 
lines with high native expression of GJB2 and SCN9A (23,24,49). First, we found that GJB2 and 298 
SCN9A KD drastically reduced GBM cell viability (Figure 6a). Second, we evaluated the self-299 
renewal capacity of GBM cells by determining their sphere forming ability using limited dilution 300 
assay (LDA). GJB2 or SCN9A KD effectively abolished sphere formation (Figure 6b). Third, we 301 
investigated the roles of GJB2 and SCN9A in regulating GBM growth in vivo (Figure 6c-d). We 302 
orthotopically injected luciferase-expressing G411 cells into immunodeficient NOD-SCID 303 
gamma mice. We monitored the survival of GBM-bearing mice and examined tumor growth 304 
using non-invasive bioluminescence imaging. GJB2 and SCN9A KD markedly reduced tumor 305 
growth. Mice bearing GJB2 or SCN9A KD GBM displayed significantly prolonged survival (P < 306 
0.05, Wald test). Collectively, these results demonstrate that GJB2 and SCN9A promote GBM 307 
growth in vitro and in vivo, are consistent with the findings that GBM-relevant genes and 308 
pathways are altered by their deficiency (Figure 4), and establish GJB2 and SCN9A as 309 
functional regulators of GBM aggression. 310 
 311 
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Figure 5. GBJ2 knockdown in 
patient GBM cells perturbs 
tunnelling nanotube (TNT) 
formation. (a) TNT genes were 
dysregulated in GJB2 KD cell 
lines. Comparison of mRNA 
expression of TNT pathway genes 
in GJB2 KD GBM cells and non-
targeted (NT) control cells 
measured using RT-qPCR. 
Relative gene expression values 
were normalised to control genes. 
P-values from FDR-adjusted t-
tests are shown. (b) Protein 
quantitation of RAC1 in GJB2 KD 
cells. Top: western blot of RAC1 
and GAPDH (control) in three 
patient-derived cell lines targeted 
with two different GJB2 shRNAs 
or NT controls. Bottom: relative 
expression of RAC1 in GJB2 KD 
cells compared to NT controls 
from the western blot. Horizontal 
lines display the mean relative 
protein expression in each group, 
normalised in each cell line. (c) 
TNT projection lengths are 
reduced in GJB2 KD cells. (Left) 
TNT lengths quantified from 
confocal microscopy images 
(right) of GJB2 KD GBM cells 
tagged with membrane-targeted 
GFP and DAPI. (d) Timelapse 
images of membrane-GFP tagged 
GBM cells. Filopodia extension 
length and filipodia lifetime in 
GJB2 KD GBM cells and NT 
control cells were measured for 
each cell at 30 second intervals 
over 180 intervals. All 
experimental results represent at 
least three independent replicates. 
P-values of t tests are shown (*P < 
0.05, **P < 0.01). 

  312 
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 313 

 
Figure 6. GJB2 or SCN9A knockdown (KD) impairs GBM cell growth in vitro and in vivo. (a) GJB2 or 
SCN9A KD reduces GBM cell viability in vitro. Cell viability was evaluated using an MTS assay in patient-
derived GBM cell lines (G729, G797, G411). Horizontal bars show mean cell viability in each group, normalised 
to the mean of the controls (NT shRNA). FDR-adjusted P-values from t-tests are shown (all FDR < 0.01). (b) 
GJB2 or SCN9A KD reduces sphere formation of GBM cells. Brightfield images and limited dilution assays 
(LDA) were performed on GJB2, SCN9A KD GBM cells and NT cells as controls. Sphere forming frequency was 
measured at the 14-day timepoint. Points show mean sphere formation frequency for each group of six replicates  
and the vertical lines show the full range of measurements. FDR-adjusted P-values from Mann-Whitney U-tests 
are shown (all FDR < 0.001). (c) GJB2 or SCN9A KD impairs tumor growth in patient-derived GBM xenografts 
in mice. Bioluminescence imaging was performed on mice following patient-derived implantation of KD and NT 
cells of GBM cells (G411). Radiance was measured 10 minutes after injection with 100 mg/kg luciferin on the 
IVIS Spectrum system. (d) GJB2 or SCN9A KD improves mouse survival in patient-derived GBM xenografts. 
Mice with KD and NT GBM cell xenografts (G411) were monitored for survival for 50 days and visualised as 
Kaplan-Meier plots. Survival analysis was performed independently for each shRNA. Wald P-values and Cox 
proportional-hazard (CoxPH) hazard ratios (HR) are shown.  
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DISCUSSION 314 
 315 
Ion channels comprise a large class of drug targets. More than 15% of U.S. FDA-approved drugs 316 
target ion channels to treat a variety of human diseases, such as diabetes, hypertension, and 317 
neurological disorders (5-7). However, the expression patterns or functional roles of ion-318 
permeating proteins are understudied in cancer. In this study, we delineated the transcriptomic 319 
landscape of IP genes in human cancer. We discovered that IP genes (including ion channels, ion 320 
transporters, and gap junctions) are highly upregulated in subsets of cancer samples at a 321 
frequency and magnitude that significantly exceed most protein-coding genes. This phenomenon 322 
is shared among dozens of major cancer types, thereby revealing a fundamental characteristic of 323 
cancer. On average, each cancer sample displays dozens of IP genes upregulated at levels 324 
significantly exceeding their physiological range. Integrative analysis of tissue-specific 325 
expression patterns and associations with patient survival outcomes provides a comprehensive 326 
catalogue of candidate genes with potential roles in mediating bioelectrical signalling in cancer. 327 
This catalogue serves as a useful resource for interrogating candidates for identifying 328 
biomarkers, validating therapeutic targets, and repurposing approved drugs that act on IP 329 
proteins. 330 
GJB2 and SCN9A are implicated in monogenic diseases with emerging implication in cancer. 331 
SCN9A functions in signal transduction in neurons, such as nociceptor pain signaling (65). GJB2 332 
encodes a gap-junction protein (connexin) whose autosomal recessive allele causes deafness in 333 
Asian populations (66). High GJB2 expression is associated with worse prognosis in GBM and 334 
LGG, suggesting common mechanisms in high- and low-grade gliomas. GJB2 and SCN9A have 335 
been linked to invasion and proliferation in prostate (67), lung (68), gastric (69), and breast 336 
cancer (70), as well as metastasis (71,72) and worse prognosis in several cancer types (70,73-75). 337 
In GBM, however, the phenotypic and prognostic aspects of GJB2 and SCN9A have not been 338 
characterised to date. We selected GJB2 and SCN9A as high-priority target genes in GBM due to 339 
their significant associations with patient survival identified in our machine learning analyses. 340 
GJB2 or SCN9A KD led to profound transcriptional dysregulation that disrupted proliferative and 341 
neural projection pathways in patient-derived GBM cell lines. Notably, GJB2 KD affected TNT 342 
pathways that control intercellular communications within GBM. The lengths of TNTs and 343 
filipodia were disrupted by GJB2 depletion in GBM cells, possibly via reduced RAC1 344 
expression. We demonstrated that reduced expression of either GJB2 or SCN9A strongly 345 
impaired GBM cell viability in vitro and in vivo. Further, both genes show intratumoral variation 346 
in GBM and are predominantly expressed in malignant cell types. Collectively, these data 347 
establish our top-listed genes as functional regulators of GBM aggression. 348 
GBM networks are comprised of multicellular connections between tumor cells and neurons, 349 
astrocytes, and other cells of the tumor microenvironment that are indispensable for proliferation, 350 
invasion, metabolic rewiring, and therapy resistance (76-80). Different connections have been 351 
characterised: tumor microtubes (TMTs) are over 500 µm in length, last for days, and consist of 352 
gap junction connections, whereas TNTs are shorter than 100 µm, last for hours, and are mostly 353 
open-ended with few connections (80). GJB2 KD GBM cells showed reduced expression of 354 
RAC small GTPases (RAC1-3) and the CDC42 effector CDC42SE2 that are involved in TNTs 355 
(81,82), while no expression changes were found for previously identified TMT-regulating genes 356 
(76,83), suggesting that GJB2 function may be specific to TNTs. Gap junction proteins, such as 357 
connexin 43 (GJA1), mediate intercellular electrical signaling through TNTs (84,85). Electrical 358 
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coupling of GBM cells through gap junctions is required for tumor growth (77). Determining the 359 
subcellular localisation of GJB2 and its role in electrical conductance is needed to establish 360 
GJB2 as a direct regulator of TNTs. We found that RAC Rho GTPases and actin regulators were 361 
downregulated in GBM cells upon GJB2 KD. RAC1 is a major regulator of actin dynamics 362 
(62,63), and TNTs form from actin-rich membrane protrusions (58,61,79). Thus, our results 363 
suggest that GJB2 may also affect TNTs indirectly through RAC1 and other actin regulators. 364 
This is consistent with previous observations in HeLa cells, where GJB2 overexpression 365 
increased RAC1 activation (86). Further studies are required to determine how GJB2 regulates 366 
RAC1. 367 
In sum, our study not only reveals that prominent activation of IP genes is associated with tumor 368 
heterogeneity and patient outcomes but also establishes specific IP genes with oncogenic roles in 369 
GBM. The global IP gene alterations indicate that ionic flux-mediated bioelectrical signalling via 370 
aberrant ion permeome activity is a potential pan-cancer hallmark. 371 
  372 
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Methods 373 

TCGA transcriptomics data and patient clinical information. Bulk tumor RNA-seq data and 374 
patient clinical information of the TCGA PanCanAtlas project (25) were collected from the 375 
Genomic Data Commons. RNA-seq data in FPKM-UQ (fragments per kilobase million, upper 376 
quartile) were used unless specified otherwise. In cases with multiple tumor samples per patient, 377 
we selected the sample with the first barcode. Control samples and tumor samples lacking 378 
survival or RNA-seq data were removed. We analysed cancer types with at least 50 samples, 379 
with 9352 samples of 29 cancer types in total, including 150 GBMs. Breast cancer (BRCA) 380 
subtypes were analysed separately (luminal A, luminal B, HER2 positive, basal-like, normal-381 
like), using annotations from the R package TCGABiolinks (44), resulting in distinct 33 cancer 382 
types. In gliomas (GBM, LGG), IDH1/2 mutation status from TCGABiolinks was included as a 383 
clinical covariate. All GBM samples from TCGA we analysed were IDH1/2 wildtype or 384 
unclassified. Data analysis was performed in Python (3.9.11) using custom scripts. Unless stated 385 
otherwise, statistical tests were performed using the stats package from the Scipy software 386 
library. The ggplot2 R package was used for visualisations (R 4.1.3, ggplot 3.4.0). 387 
Ion permeome genes. Drug targetable ion permeome (IP) genes were retrieved from the Guide to 388 
Pharmacology (GtP) database (downloaded June 6, 2022) (26). IP genes included the 389 
classifications of voltage-gated ion channels (ICs), ligand-gated ICs, and other ICs. As controls, 390 
we studied two drug target families: kinases and G-protein coupled receptors (GPCRs). GPCRs 391 
were obtained from GtP. Kinases were retrieved from the UniProt database (pKinFam.txt, 392 
downloaded Sept. 15, 2022) (87) and intersected with the list of enzymes in GtP. Genes lacking 393 
RNA-seq data in TCGA were excluded. In total, 276 IP genes, 391 GPCRs, and 505 kinases 394 
were included.  395 
Clustering cancer samples by IP gene expression. An unsupervised analysis of cancer samples 396 
using IP gene expression as features was performed using standardised, log1p-transformed 397 
FPKM-UQ expression values. The Uniform Manifold Approximation and Projection (UMAP) 398 
python package (88) with default parameters was used for dimensionality reduction. Cancer 399 
samples were visualised in the first two UMAP dimensions and colored by cancer type. 400 
Highly elevated expression of IP genes. We identified IP genes with highly elevated expression 401 
using Tukey’s outlier analysis (27). Each cancer type and IP gene was analysed separately. A 402 
cancer sample was considered to have highly-elevated (outlier) expression of a given IP gene if 403 
its expression exceeded the 75th percentile of its expression across all samples of the given 404 
cancer type by 1.5-fold the interquartile range (25-75%). Otherwise, the sample was classified as 405 
having an expected expression range. We computed expression fold-change (FC) values, 406 
comparing the cancer samples having highly elevated and expected expression of IP genes, as 407 
the ratio of median expression values of the two groups. Switch-like IP genes were annotated 408 
separately. Switch-like IP genes had zero expression in most samples (i.e., median zero) and 409 
fewer cancer samples with non-zero expression.  410 
Statistical analysis of elevated expression of IP genes. To evaluate the significance of elevated IP 411 
expression in cancer, we performed control analyses using (i) all protein-coding genes, and 412 
major classes of drug targets including (ii) GPCR genes, and (iii) kinase genes, as. The control 413 
gene sets were downsampled with replacement to match the count of IP genes (276) over 10,000 414 
iterations. Each cancer type was analysed separately. Fractions of outlier cancer samples and 415 
median FC values from these iterations were used as controls to evaluate the cohort frequency 416 
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and magnitude (fold-change) of IP gene upregulation in cancer. Cohort frequency and FC were 417 
visualised as 2D density plots for individual cancer types and the pan-cancer cohort. For control 418 
gene sets, representative iterations corresponding to median fold-change values were shown. 419 
Identifying survival-associated IP genes. To find IP genes significantly associated with patient 420 
survival, we used a machine learning framework based on Cox proportional hazards (CoxPH) 421 
elastic net models and bootstrap analysis adapted from our previous work (28). Log1p-422 
transformed expression profiles of 276 IP genes were used as model features. Cancer types were 423 
analysed separately, with a model response of either overall survival (OS) or progression-free 424 
survival (PFS), as recommended previously (89) (Table S1). In each cancer type, IP genes with 425 
detectable expression were included (mean FPKM-UQ > 1 across all samples). IP genes were 426 
prioritised over 1,000 iterations of elastic net survival regression models fit on random subsets of 427 
80% of samples. At each iteration, feature pre-selection selected a subset of IP genes that 428 
associated with survival in univariate CoxPH regression (Wald test; P < 0.1). These were fitted 429 
using the Python package CoxPHFitter from the lifelines library. A multivariate CoxPH model 430 
was then fitted with pre-selected genes as features and patient survival as response. Clinical 431 
variables were also included as features to evaluate the complementarity of IP genes (patient age 432 
and sex, tumor grade and stage; and IDH1/2 mutations for GBM and LGG (38)). We selected the 433 
best-performing penalty (α) using a grid-search with 5-fold cross validations using the 434 
GridSearchCV package from sklearn. Following elastic net regularisation, model features (i.e., 435 
IP genes and clinical variables) with non-zero coefficients were recorded. After all iterations, we 436 
selected the final IP candidate genes and clinical variables that were identified as features in the 437 
regularised CoxPH models (>50% iterations). To derive hazard ratios (HR) and 95% confidence 438 
intervals for the selected IPs, univariate CoxPH models using all samples were used. Elastic net 439 
training, regularisation and parameter evaluation was conducted using the 440 
CoxnetSurvivalAnalysis package from the sksurv library, with a fixed L1-ratio hyperparameter (λ 441 
= 0.5). Finally, to confirm that our approach was calibrated, we repeated the IP prioritisation 442 
workflow using 1,000 simulated datasets generated by randomly shuffling patient survival 443 
outcomes while maintaining true IP gene expression profiles. We compared the results of these 444 
simulated datasets to the true datasets. As expected, simulated data revealed significantly fewer 445 
and lower-confidence IP genes compared to true datasets (Figure S3a). 446 
Additional survival analyses of IP genes in GBM. In GBM, we focused on the five prioritised IP 447 
genes. Further vetting included extended multivariate CoxPH models with patient age, sex, and 448 
IDH1/2 mutations as features. Based on HRs and Wald P-values, we selected four IP genes 449 
(GJB2, SCN9A, KCNN4, AQP9) and excluded GJD3 due to sub-significant survival association 450 
and HR in multivariate models. To evaluate survival associations, GBM samples were split into 451 
two groups using median-dichotomisation and outlier-based (Tukey) dichotomisation of IP 452 
expression. Survival associations were evaluated using CoxPH regression separately for the 453 
discovery data (TCGA) and two external validation datasets (see below). Survival associations of 454 
GJB2 and SCN9A were the strongest in the middle age group of TCGA GBMs (55 – 66 years), 455 
potentially explained by the age variable that was the strongest feature identified in our analysis.  456 
External validation of survival associations. We used additional GBM transcriptomics datasets 457 
to validate the survival associations of GJB2 and SCN9A. First, we studied 136 primary GBMs 458 
profiled in the Glioma Longitudinal Analysis (GLASS) Consortium (39), after excluding 459 
recurrent GBMs, duplicate samples per patient, and samples used in TCGA. All GLASS samples 460 
were IDH1/2 wildtype. GLASS RNA-seq data were available as transcripts per million (TPM) 461 
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units. Second, we used the microarray dataset by Freije et al. (40) (GEO accession: GSE4412) 462 
with 55 grade-IV gliomas for which IDH1/2 mutation status was unavailable. Relative 463 
fluorescent units (RFI) of gene expression were exponentially transformed to approximate 464 
normal distributions. In case of multiple cancer samples per patient, the alphabetically first 465 
sample was selected. We also performed survival analyses with covariates as described above. 466 
No significant associations with patient age were found, potentially due to smaller sample sizes 467 
or cohort composition.  468 
Candidate gene expression correlations with clinical, immune, and micro-environment features. 469 
To explore the potential roles of GJB2 and SCN9A in GBM, we asked how their expression 470 
associated with molecular and pathological features of GBMs, including longitudinal expression 471 
profiles from the GLASS project (39) and anatomical expression data of the Ivy Glioblastoma 472 
Atlas (41). The GBM subtypes based on DNA methylation and gene expression patterns were 473 
acquired from TCGA (21). Immune cell infiltration and immune-based cancer subtypes of 474 
TCGA samples were obtained from Thorsson et al. (90). Molecular features of TCGA tumors, 475 
including recurrent somatic mutations, copy number alterations, and clinical subtypes were 476 
obtained from TCGABiolinks (44). To associate features with the candidate genes, gene 477 
expression in samples with and without features were compared using two-tailed Mann-Whitney 478 
U-tests. For tumor subtypes and other multi-class features, we compared samples of a given 479 
subtype with samples of all other subtypes combined. Immune cell infiltration (ICI) profiles from 480 
CIBERSORT were first median dichotomised into two equal subsets of GBMs (high vs. low 481 
ICI). IP gene expression was compared between the resulting groups. Multiple testing correction 482 
was applied within each analysis and significant findings were reported (FDR < 0.05). 483 
IP gene expression in tumors and normal brain tissues. To compare GJB2 and SCN9A 484 
expression in tumors and normal tissues, we analysed GBMs from TCGA and normal brain 485 
tissues from the Genotype-Tissue Expression (GTEx) dataset (version phs000424.v9, 486 
downloaded Oct. 5, 2022) (48). Expression data (TPM) for 3326 samples from 399 patients were 487 
obtained from the GTEx data portal. For improved comparison, RNA-seq data in TCGA and 488 
GTEx were then rank-normalised across all protein-coding genes. Expression ranks of GJB2 and 489 
SCN9A were compared between 13 types of GTEx brain tissues and two subsets of GBMs (i.e., 490 
GBMs with highly-elevated outlier IP gene expression, and GBMs with expected expression). 491 
The mean expression ranks were shown with +/- one standard deviation (s.d.) for each tissue 492 
type. Ranks of tissue types were compared using two-tailed Mann-Whitney U-tests and multiple 493 
testing correction (FDR) was applied.  494 
Expression of candidate IPs in GBM at the single-cell level. We studied GJB2 and SCN9A 495 
expression in single-cell RNA-seq data of GBM samples from two studies: Neftel et al. (47) 496 
(7,930 cells, IDH1/2 wildtype GBMs) and Johnson et al. (46) (55,284 cells, IDH1/2 wildtype 497 
and mutant GBMs). The UMAP method was applied to log1p-transformed TPM values. Cells 498 
were coloured by expression of GJB2 or SCN9A (log10 TPM). Cell type annotations were 499 
retrieved from the original studies.  500 
Patient-derived GBM samples and cell culture. GBM cells for functional experiments were 501 
obtained following informed consent from patients. Experiments were in accordance with the 502 
Research Ethics Board at The Hospital for Sick Children (Toronto, Canada). Access to 503 
pathological data was obtained from the institutional review boards. GBM stem cell lines (G797, 504 
G729, G411), which were established from mesenchymal GBMs, were cultured using previously 505 
established protocols (91) including serum-free NS cell self-renewal media (NS media) 506 
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consisting of Neurocult NS-A Basal media, supplemented with 2 mmol/L L-glutamine, hormone 507 
mix (in house equivalent to N2), B27 supplements, 75 mg/mL BSA, 2 mg/mL Heparin, 10 508 
ng/mL basic FGF and 10 ng/mL human EGF. GBM cell lines were grown adherently on culture 509 
plates coated with poly-L-ornithine and laminin and maintained in 37°C tissue culture incubator 510 
with 5% CO2. All cell lines were regularly checked for mycoplasma infections by DAPI 511 
staining. 512 
Knockdown of GJB2 and SCN9A in GBM cells. Knockdown experiments in GBM cell lines 513 
(G411, G729, G797) were performed using lentivirus-mediated shRNAs. KDs were repeated for 514 
three replicates per cell lines. KD efficacy of GJB2 and SCN9A was validated using RT-qPCR. 515 
Human pLKO.1 lentiviral shRNA target against GJB2 or SCN9A and pLKO.1-TRC-control 516 
vector were obtained from Dharmacon. Viral transduction was performed in antibiotics-free 517 
culture medium for 24 hours. The following shRNA mature antisense sequences were used: 518 
GJB2 #1: GTCTTCACAGTGTTCATGATT; #2: GAACGTGTGCTACGATCACTA. SCN9A 519 
#1: GCCCTCATTGAACAACGCATT; #2: GCTGATTTGATTGAAACGTAT. 520 
RNA-seq profiling of GJB2 and SCN9A knockdowns. RNA-seq data was generated in the patient-521 
derived GBM cell line G729 with shRNA targeting GJB2, SCN9A, or non-targeting (NT) shRNA 522 
controls, as described above. Total RNA was collected 4 days post lentiviral shRNA transduction 523 
using RNeasy Plus Mini Kit (Qiagen #74134). Lentiviral transduction and RNA extraction were 524 
performed in triplicates. RNA integrity number (RIN) was determined using Agilent 525 
Bioanalyzer. All samples had RIN > 9.8. Library preparation was performed using NEBNext 526 
Ultra II Directional polyA mRNA Library Prep Kit. Sequencing was performed on Illumina 527 
NovaSeq 6000 with 30 million paired end reads per sample at 100 bp read length.  528 
Processing and data analysis of RNA-seq data of KD cell lines. We aligned RNA-seq reads to 529 
the reference human genome HG19 (GRCh37.p13) from the GENCODE, for better consistency 530 
with the TCGA dataset. Reads were mapped to the transcriptome using Rsubread (92) with 531 
default settings. Differential gene expression analysis of GJB2 and SCN9A KD cells was 532 
conducted on raw read counts. Three replicates treated with IC-targeting shRNAs for each IP 533 
gene were compared to three control replicates treated with NT shRNAs, using the EdgeR 534 
package in R (93). First, lowly expressed genes were removed (mean count < 1). Second, we 535 
selected significantly differentially expressed genes with an absolute fold change of at least 1.25 536 
(abs log2 fold change flc > 0.32) using the glmTreat method of EdgeR. P-values from EdgeR 537 
were corrected for multiple testing and significant genes were selected (FDR < 0.05). Individual 538 
gene expression values were visualised using counts per million (CPM).  539 
Transcriptomics analysis of TCGA data for GJB2 and SCN9A. To integrate the transcriptomics 540 
data from our KD experiments with patient tumor data, we detected the genes associating with 541 
GJB2 and SCN9A expression in the GBMs in TCGA. Raw RNA-seq counts were obtained from 542 
TCGABiolinks (44) and lowly expressed genes were filtered (mean count < 1). TCGA GBMs 543 
were split into two groups based on the median gene expression separately for GJB2 or SCN9A. 544 
Differential gene expression analysis was used to compare the groups using glmTreat from the 545 
EdgeR package (93) and significant genes were selected (abs FC ≥ 1.25, FDR < 0.05).  546 
Integrative pathway enrichment analysis. We performed an integrative pathway enrichment 547 
analysis to identify pathways and processes jointly associated with GJB2 and SCN9A expression 548 
in our cell line KD experiments and GBMs in TCGA. We used the ActivePathways method (94) 549 
with a matrix of P-values representing differential expression estimates of all protein-coding 550 
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genes in the four contrasts (GJB2 and SCN9A; both in cell lines and TCGA). Gene sets of 551 
biological processes from Gene Ontology and molecular pathways from Reactome were 552 
downloaded from the gProfiler web server (Jan. 13 2023) (95). Gene sets with 50 – 500 genes 553 
were used. All protein-coding genes measured in RNA-seq datasets were used as the background 554 
set. Genes with low expression (mean count < 1) were deprioritised prior to the analysis by 555 
setting their P-values to 1.0. The resulting pathways were corrected for multiple-testing and 556 
significant results were selected using default settings (Holm family-wise error rate (FWER) < 557 
0.05). The enrichment map of pathways and processes was created using the EnrichmentMap 558 
app in Cytoscape standard protocols (96). The major functional themes were organised manually.  559 
Protein-protein interactions of neuron projection pathways. We constructed a PPI network of the 560 
differentially expressed genes in GJB2 and SCN9A KD experiments that were annotated in 561 
neural projection pathways. First, we selected a subset of GO processes related to neuron 562 
projection from our pathway enrichment analysis (Table S5). Of those pathways, we selected the 563 
genes that were differentially expressed in at least one KD experiment. All human PPIs were 564 
downloaded from the BioGRID database (54) (version 4.4.217, July 22, 2022) and filtered to 565 
include only high-confidence PPIs found in at least two studies (PubMed IDs). Self-interaction 566 
PPIs were excluded. The PPI network was then limited to the neural projection genes defined 567 
above and visualised using Cytoscape (96). Proteins in the network were prioritised by node 568 
degree (node size) and differential expression in KD experiments (node color; merged FDR 569 
values using Brown’s method). We highlighted known cancer genes of the COSMIC Cancer 570 
Census database (97).  571 
Mouse xenograft experiments. We performed orthotopic mice xenografts of patient-derived 572 
GBM cell lines using female NOD SCID gamma /J#5557 immunodeficient mice aged eight 573 
weeks. Mice were housed under aseptic conditions with filtered air and sterilised food, water, 574 
bedding, and cages. Animal procedures followed the Animals for Research Act of Ontario and 575 
the Guidelines of the Canadian Council on Animal Care, as approved by the Centre for 576 
Phenogenomics (TCP) Animal Care Committee (protocol 23-0288H). GBM cells (G411) were 577 
transduced with lentiviral vector pBMN (CMV-copGFP-Luc2-Puro, Addgene plasmid #80389, a 578 
gift from Magnus Essand) expressing GFP and firefly luciferase under the control of 579 
cytomegalovirus (CMV) promoter. GFP+ cells were sorted by fluorescence-activated cell sorting 580 
(FACS). G411 GFP-Luc2 cells were transduced with NT, GJB2 or SCN9A lentiviral shRNAs for 581 
24 hours. Two days post transduction, cells were injected into mice. Mice were anesthetised 582 
using gaseous isoflurane and immobilised in a stereotaxic head frame. The skull of the mouse 583 
was exposed, and a small opening was made using sterile dental drill (Precision Guide) at 1 mm 584 
lateral and 2 mm posterior to bregma. At this location, 2000 cells were injected with a Hamilton 585 
syringe 2.5 mm deep at a rate of 1 µL/min using a programmable syringe pump (Harvard 586 
Apparatus). GJB2 KD and SCN9A KD xenografts were performed in separate batches. For GJB2 587 
KD, 10 mice were used for each of NT, shRNA #1, and shRNA #2 groups. For SCN9A KD, 12 588 
mice were used for NT, 14 mice for shRNA #1, and 15 mice for shRNA #2. All procedures were 589 
carried out under sterile conditions. Kaplan-Meier curves were generated to compare the survival 590 
of mice in the groups.  591 
In vivo bioluminescence imaging. In vivo bioluminescence imaging was performed using the 592 
Xenogen IVIS Lumina System coupled with LivingImage software for data acquisition. Mice 593 
were anesthetised using gaseous isoflurane and imaged 10 minutes after intraperitoneal injection 594 
of 100 mg/kg luciferin.  595 
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Cell viability, limited dilution assay, tunneling nanotube and filopodia imaging. Cell viability 596 
was determined using CellTiter 96 AQueous One Solution Cell Proliferation Assay (Promega), 597 
utilising MTS reagent, which produces a colored formazan dye when metabolised by NAD(P)H-598 
dependent dehydrogenase enzymes (98). GBM cells were plated at 1000 cells per well in poly-L-599 
ornithine and laminin coated 96 well plates and transduced with a 50-fold dilution series of 600 
lentiviral shRNA for 24 hours. 7 days post transduction, CellTiter 96 AQueous One Solution 601 
Cell Proliferation Assay was performed according to manufacturer protocol. Formazan dye 602 
absorbance was read using a microplate reader (Molecular Devices). Differences in cell viability 603 
were tested using a two-tailed independent-sample t-tests. Limited dilution assay was performed 604 
by plating GBM cells in a serial dilution ranging from 2000 to 3 cells per well on round-bottom 605 
96-well plates in six biological replicates. The numbers of wells with spheres were quantified 606 
seven days after plating and data were analysed by Extreme Limiting Dilution Analysis (ELDA) 607 
software (59), which calculates the frequency of sphere forming cells and the differences 608 
between groups using Chi-square tests. GBM cells were transduced with lentiviral membrane-609 
GFP (exact construct, Addgene #22479). GFP+ cells were sorted by FACS. Membrane-GFP 610 
expressing GBM cells were transduced with lentiviral shRNA (MOI > 1). For imaging of 611 
tunneling nanotubes at 4 days post transduction, cells were fixed with 4% paraformaldehyde at 612 
room temperature for 20 minutes, then stained with DAPI. Images were acquired on Quorum 613 
Spinning Disk confocal microscope with 63x/1.4NA objective. For live imaging at 4 days post 614 
transduction, cells were imaged every 30 seconds for 90 minutes. Tunneling nanotube and 615 
filopodia length was quantified using the ImageJ software. The File Name Encryptor plugin was 616 
used to blind image file names, and the Line Measure tool was used to measure nanotube 617 
lengths. Significant differences in nanotube measurements were tested for using two-tailed 618 
Mann-Whitney U-tests. 619 
RNA extraction, reverse transcription, and RT-qPCR. Total RNA was collected 4 days post 620 
lentiviral shRNA transduction using GENEzol TriRNA Pure Kit (Geneaid #GZX200). RNA 621 
concentration was measured using NanoDrop 1000 Spectrophotometer, and 1 µg of RNA was 622 
reverse transcribed to cDNA using SensiFAST cDNA Synthesis Kit (Bioline #65054). qPCR 623 
reactions were set up using PowerUp SYBR Green Master Mix (Applied Biosystems #A25742) 624 
and real-time detection and quantification of cDNAs was performed on the Viia7 Cycler 625 
(Applied Biosystems) with 40 cycles of amplification. Viia7 System Software (Applied 626 
Biosystems) was used to determine Ct values with automatically set thresholds. Gene expression 627 
was normalised to GAPDH and analysed using the ΔΔCt method. The following RT-qPCR 628 
primers were used (h, human): hGAPDH, 5’-CTCCTGCACCACCAACTGCT-3’ (forward), 5′-629 
GGGCCATCCACAGTCTTCTG-3′ (reverse); hRAC1, 5’-CGGTGAATCTGGGCTTATGGGA-630 
3’ (forward), 5’-GGAGGTTATATCCTTACCGTACG-3' (reverse); hRAC2, 5’-631 
CAGCCAATGTGATGGTGGACAG-3’ (forward), 5’-GGAGAAGCAGATGAGGAAGACG-3’ 632 
(reverse); hRAC3, 5’-ACAAGGACACCATTGAGCGGCT-3’ (forward), 5’-633 
CCTCGTCAAACACTGTCTTCAGG-3’ (reverse); hCDC42SE2, 5’-634 
GGATCAGGAGACCTGTTCAGTG-3’ (forward), 5’-CCTTCGTATCCACGAGCTGCAT-3’ 635 
(reverse); hPTCH1, 5’-GCTGCACTACTTCAGAGACTGG-3’ (forward), 5’-636 
CACCAGGAGTTTGTAGGCAAGG-3’ (reverse).  637 
Protein extraction and western blots. We quantified the protein levels of RAC1 in GJB2 KD 638 
GBM cells. Total protein was extracted from multiple cell cultures (G411, G729, G797) using 639 
the RAC1 Activation Assay Biochem Kit per manufacturer’s instructions (Cytoskeleton Inc, 640 
#BK035-S) five days post transduction with lentiviral non-targeting or GJB2 shRNA. All protein 641 
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lysates were homogenised for 20 minutes at 4 degrees Celsius, then centrifuged at 4 degrees 642 
Celsius and 14,000 rpm for 10 minutes. 10 mg of protein samples were resolved on a 10% Bis-643 
Tris gel (Invitrogen, #NW00102BOX) at 200 V in MES running buffer (Invitrogen, #B0002). 644 
The proteins were transferred onto a PVDF membrane (Millipore, #IPVH0001) and blocked with 645 
5% BSA in 0.1% Tween-20 in TBS. Membranes were incubated overnight at 4 degrees Celsius 646 
in primary antibodies diluted in the blocking solution. Immunoreactive bands were visualised 647 
using HRP-conjugated secondary antibodies (Cell Signaling Technology), followed by 648 
chemiluminescence with ECL-plus Western Blotting Detection System (Amersham, #RPN2232). 649 
Chemiluminescence was imaged and analysed using Molecular Imager VersaDoc MP4000 650 
system (Bio-Rad). The primary antibodies used were mouse anti-Rac1 (1:500, Cytoskeleton Inc, 651 
#ARC03) and rabbit anti-GAPDH (1:3000, Cell Signaling #2118S). Experiments were 652 
performed in three biological replicates. Significant differences in protein expression were 653 
analysed using two-tailed independent-sample t-tests.  654 
Statistical analyses of patient-derived cell lines and mice. No statistical methods were used to 655 
predetermine sample sizes in validation experiments. Statistical analyses were completed after 656 
the experiments without interim data analysis. No data points were excluded. All data were 657 
collected and processed randomly. Each experiment was successfully reproduced at least three 658 
times and the experiments were performed on different days. 659 

 660 
Acknowledgements. This work was supported by the New Investigator Award of the Terry Fox 661 
Research Institute (TFRI) to J.R., the Canadian Cancer Society (CCS) Innovation Grant to J.R. 662 
and X.H., the Canadian Institutes of Health Research (CIHR) Project Grant to J.R., and the 663 
Investigator Award to J.R. from the Ontario Institute for Cancer Research (OICR). Funding to 664 
OICR is provided by the Government of Ontario. A.T.B. was supported by the Ontario Graduate 665 
Scholarship (OGS). H.-K.M. was supported by OGS and the SickKids RestraComp Scholarship. 666 
The results shown here are in whole or part based upon data generated by the TCGA Research 667 
Network: https://www.cancer.gov/tcga.  668 
 669 
Author contributions. A.B. performed the data analysis. H.M. performed the experiments.  670 
A.B., H.M., X.H., and J.R. interpreted the data and wrote the manuscript. J.R. supervised the 671 
data analysis. X.H. supervised the experiments. K.G., A.F., I.D., and M.B. contributed to data 672 
analysis. W.D., H.Z., J.C. and X.C. contributed to experiments. P.B.D. acquired clinical GBM 673 
samples and cell lines. J.R. and X.H. conceived and supervised the project. All authors reviewed 674 
the manuscript and approved the final version. 675 
 676 
Supplementary tables 677 
Table S1. Cancer types and number of samples analyzed. 678 
Table S2. Druggable IP genes used in this study. 679 
Table S3. Prioritized IP genes associated with survival outcomes. 680 
Table S4. Complete list of pathways enriched from cell lines and TCGA differential genes 681 
expression. 682 
Table S5. Neural projection pathways enriched from cell lines and TCGA differential genes 683 
expression. 684 

.CC-BY-NC 4.0 International licenseavailable under a
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 preprint (whichthis version posted April 8, 2023. ; https://doi.org/10.1101/2023.04.07.536030doi: bioRxiv preprint 

https://doi.org/10.1101/2023.04.07.536030
http://creativecommons.org/licenses/by-nc/4.0/


 25 

References 685 
1. Dagogo-Jack, I. and Shaw, A.T. (2018) Tumour heterogeneity and resistance to cancer 686 

therapies. Nat Rev Clin Oncol, 15, 81-94. 687 
2. Malone, E.R., Oliva, M., Sabatini, P.J.B., Stockley, T.L. and Siu, L.L. (2020) Molecular 688 

profiling for precision cancer therapies. Genome Med, 12, 8. 689 
3. Zhang, Z., Zhou, L., Xie, N., Nice, E.C., Zhang, T., Cui, Y. and Huang, C. (2020) 690 

Overcoming cancer therapeutic bottleneck by drug repurposing. Signal Transduct Target 691 
Ther, 5, 113. 692 

4. Saraei, P., Asadi, I., Kakar, M.A. and Moradi-Kor, N. (2019) The beneficial effects of 693 
metformin on cancer prevention and therapy: a comprehensive review of recent advances. 694 
Cancer Manag Res, 11, 3295-3313. 695 

5. Hayashi, K., Wakino, S., Sugano, N., Ozawa, Y., Homma, K. and Saruta, T. (2007) Ca2+ 696 
channel subtypes and pharmacology in the kidney. Circ Res, 100, 342-353. 697 

6. Triggle, D.J. (2006) L-type calcium channels. Curr Pharm Des, 12, 443-457. 698 
7. Skerratt, S.E. and West, C.W. (2015) Ion channel therapeutics for pain. Channels 699 

(Austin), 9, 344-351. 700 
8. Huang, X., He, Y., Dubuc, A.M., Hashizume, R., Zhang, W., Reimand, J., Yang, H., 701 

Wang, T.A., Stehbens, S.J., Younger, S. et al. (2015) EAG2 potassium channel with 702 
evolutionarily conserved function as a brain tumor target. Nat Neurosci, 18, 1236-1246. 703 

9. Huang, X., Dubuc, A.M., Hashizume, R., Berg, J., He, Y., Wang, J., Chiang, C., Cooper, 704 
M.K., Northcott, P.A., Taylor, M.D. et al. (2012) Voltage-gated potassium channel 705 
EAG2 controls mitotic entry and tumor growth in medulloblastoma via regulating cell 706 
volume dynamics. Genes & development, 26, 1780-1796. 707 

10. Francisco, M.A., Wanggou, S., Fan, J.J., Dong, W., Chen, X., Momin, A., Abeysundara, 708 
N., Min, H.K., Chan, J., McAdam, R. et al. (2020) Chloride intracellular channel 1 709 
cooperates with potassium channel EAG2 to promote medulloblastoma growth. J Exp 710 
Med, 217. 711 

11. Chen, X., Wanggou, S., Bodalia, A., Zhu, M., Dong, W., Fan, J.J., Yin, W.C., Min, H.K., 712 
Hu, M., Draghici, D. et al. (2018) A Feedforward Mechanism Mediated by 713 
Mechanosensitive Ion Channel PIEZO1 and Tissue Mechanics Promotes Glioma 714 
Aggression. Neuron, 100, 799-815 e797. 715 

12. Chen, X., Momin, A., Wanggou, S., Wang, X., Min, H.K., Dou, W., Gong, Z., Chan, J., 716 
Dong, W., Fan, J.J. et al. (2023) Mechanosensitive brain tumor cells construct blood-717 
tumor barrier to mask chemosensitivity. Neuron, 111, 30-48 e14. 718 

13. Hausmann, D., Hoffmann, D.C., Venkataramani, V., Jung, E., Horschitz, S., Tetzlaff, 719 
S.K., Jabali, A., Hai, L., Kessler, T., Azoŕin, D.D. et al. (2023) Autonomous rhythmic 720 
activity in glioma networks drives brain tumour growth. Nature, 613, 179-186. 721 

14. Huang, X. and Jan, L.Y. (2014) Targeting potassium channels in cancer. Journal of Cell 722 
Biology, 206, 151-162. 723 

.CC-BY-NC 4.0 International licenseavailable under a
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 preprint (whichthis version posted April 8, 2023. ; https://doi.org/10.1101/2023.04.07.536030doi: bioRxiv preprint 

https://doi.org/10.1101/2023.04.07.536030
http://creativecommons.org/licenses/by-nc/4.0/


 26 

15. Hitomi, M., Deleyrolle, L.P., Mulkearns-Hubert, E.E., Jarrar, A., Li, M., Sinyuk, M., 724 
Otvos, B., Brunet, S., Flavahan, W.A., Hubert, C.G. et al. (2015) Differential connexin 725 
function enhances self-renewal in glioblastoma. Cell Rep, 11, 1031-1042. 726 

16. Mulkearns-Hubert, E.E., Torre-Healy, L.A., Silver, D.J., Eurich, J.T., Bayik, D., 727 
Serbinowski, E., Hitomi, M., Zhou, J., Przychodzen, B., Zhang, R. et al. (2019) 728 
Development of a Cx46 Targeting Strategy for Cancer Stem Cells. Cell Rep, 27, 1062-729 
1072 e1065. 730 

17. Ransom, C.B. and Sontheimer, H. (2001) BK channels in human glioma cells. J 731 
Neurophysiol, 85, 790-803. 732 

18. Turner, K.L. and Sontheimer, H. (2014) Cl- and K+ channels and their role in primary 733 
brain tumour biology. Philos Trans R Soc Lond B Biol Sci, 369, 20130095. 734 

19. Ostrom, Q.T., Price, M., Neff, C., Cioffi, G., Waite, K.A., Kruchko, C. and Barnholtz-735 
Sloan, J.S. (2022) CBTRUS Statistical Report: Primary Brain and Other Central Nervous 736 
System Tumors Diagnosed in the United States in 2015-2019. Neuro Oncol, 24, v1-v95. 737 

20. Verhaak, R.G., Hoadley, K.A., Purdom, E., Wang, V., Qi, Y., Wilkerson, M.D., Miller, 738 
C.R., Ding, L., Golub, T., Mesirov, J.P. et al. (2010) Integrated genomic analysis 739 
identifies clinically relevant subtypes of glioblastoma characterized by abnormalities in 740 
PDGFRA, IDH1, EGFR, and NF1. Cancer cell, 17, 98-110. 741 

21. Brennan, C.W., Verhaak, R.G., McKenna, A., Campos, B., Noushmehr, H., Salama, S.R., 742 
Zheng, S., Chakravarty, D., Sanborn, J.Z., Berman, S.H. et al. (2013) The somatic 743 
genomic landscape of glioblastoma. Cell, 155, 462-477. 744 

22. Verhaak, R.G., Hoadley, K.A., Purdom, E., Wang, V., Qi, Y., Wilkerson, M.D., Miller, 745 
C.R., Ding, L., Golub, T., Mesirov, J.P. et al. (2010) Integrated genomic analysis 746 
identifies clinically relevant subtypes of glioblastoma characterized by abnormalities in 747 
PDGFRA, IDH1, EGFR, and NF1. Cancer Cell, 17, 98-110. 748 

23. Meyer, M., Reimand, J., Lan, X., Head, R., Zhu, X., Kushida, M., Bayani, J., Pressey, 749 
J.C., Lionel, A.C., Clarke, I.D. et al. (2015) Single cell-derived clonal analysis of human 750 
glioblastoma links functional and genomic heterogeneity. Proc Natl Acad Sci U S A, 112, 751 
851-856. 752 

24. Lan, X., Jorg, D.J., Cavalli, F.M.G., Richards, L.M., Nguyen, L.V., Vanner, R.J., 753 
Guilhamon, P., Lee, L., Kushida, M.M., Pellacani, D. et al. (2017) Fate mapping of 754 
human glioblastoma reveals an invariant stem cell hierarchy. Nature, 549, 227-232. 755 

25. Cancer Genome Atlas Research, N., Weinstein, J.N., Collisson, E.A., Mills, G.B., Shaw, 756 
K.R., Ozenberger, B.A., Ellrott, K., Shmulevich, I., Sander, C. and Stuart, J.M. (2013) 757 
The Cancer Genome Atlas Pan-Cancer analysis project. Nat Genet, 45, 1113-1120. 758 

26. Harding, S.D., Armstrong, J.F., Faccenda, E., Southan, C., Alexander, S.P.H., Davenport, 759 
A.P., Pawson, A.J., Spedding, M., Davies, J.A. and Nc, I. (2022) The IUPHAR/BPS 760 
guide to PHARMACOLOGY in 2022: curating pharmacology for COVID-19, malaria 761 
and antibacterials. Nucleic Acids Res, 50, D1282-D1294. 762 

27. Tukey, J.W. (1977) Exploratory data analysis. Addison-Wesley Reading, MA., 688. 763 

.CC-BY-NC 4.0 International licenseavailable under a
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 preprint (whichthis version posted April 8, 2023. ; https://doi.org/10.1101/2023.04.07.536030doi: bioRxiv preprint 

https://doi.org/10.1101/2023.04.07.536030
http://creativecommons.org/licenses/by-nc/4.0/


 27 

28. Isaev, K., Jiang, L., Wu, S., Lee, C.A., Watters, V., Fort, V., Tsai, R., Coutinho, F.J., 764 
Hussein, S.M.I., Zhang, J. et al. (2021) Pan-cancer analysis of non-coding transcripts 765 
reveals the prognostic onco-lncRNA HOXA10-AS in gliomas. Cell Rep, 37, 109873. 766 

29. Gong, D., Zhang, J., Chen, Y., Xu, Y., Ma, J., Hu, G., Huang, Y., Zheng, J., Zhai, W. and 767 
Xue, W. (2019) The m(6)A-suppressed P2RX6 activation promotes renal cancer cells 768 
migration and invasion through ATP-induced Ca(2+) influx modulating ERK1/2 769 
phosphorylation and MMP9 signaling pathway. J Exp Clin Cancer Res, 38, 233. 770 

30. Gupta, S.C., Singh, R., Asters, M., Liu, J., Zhang, X., Pabbidi, M.R., Watabe, K. and Mo, 771 
Y.Y. (2016) Regulation of breast tumorigenesis through acid sensors. Oncogene, 35, 772 
4102-4111. 773 

31. Ferguson, H.J., Wragg, J.W., Ward, S., Heath, V.L., Ismail, T. and Bicknell, R. (2016) 774 
Glutamate dependent NMDA receptor 2D is a novel angiogenic tumour endothelial 775 
marker in colorectal cancer. Oncotarget, 7, 20440-20454. 776 

32. Xu, H., Ramsey, I.S., Kotecha, S.A., Moran, M.M., Chong, J.A., Lawson, D., Ge, P., 777 
Lilly, J., Silos-Santiago, I., Xie, Y. et al. (2002) TRPV3 is a calcium-permeable 778 
temperature-sensitive cation channel. Nature, 418, 181-186. 779 

33. Snoeckx, R.L., Huygen, P.L., Feldmann, D., Marlin, S., Denoyelle, F., Waligora, J., 780 
Mueller-Malesinska, M., Pollak, A., Ploski, R., Murgia, A. et al. (2005) GJB2 mutations 781 
and degree of hearing loss: a multicenter study. Am J Hum Genet, 77, 945-957. 782 

34. Cox, J.J., Reimann, F., Nicholas, A.K., Thornton, G., Roberts, E., Springell, K., Karbani, 783 
G., Jafri, H., Mannan, J., Raashid, Y. et al. (2006) An SCN9A channelopathy causes 784 
congenital inability to experience pain. Nature, 444, 894-898. 785 

35. Xu, W.H., Shi, S.N., Xu, Y., Wang, J., Wang, H.K., Cao, D.L., Shi, G.H., Qu, Y.Y., 786 
Zhang, H.L. and Ye, D.W. (2019) Prognostic implications of Aquaporin 9 expression in 787 
clear cell renal cell carcinoma. J Transl Med, 17, 363. 788 

36. D'Alessandro, G., Catalano, M., Sciaccaluga, M., Chece, G., Cipriani, R., Rosito, M., 789 
Grimaldi, A., Lauro, C., Cantore, G., Santoro, A. et al. (2013) KCa3.1 channels are 790 
involved in the infiltrative behavior of glioblastoma in vivo. Cell Death Dis, 4, e773. 791 

37. Grimaldi, A., D'Alessandro, G., Golia, M.T., Grossinger, E.M., Di Angelantonio, S., 792 
Ragozzino, D., Santoro, A., Esposito, V., Wulff, H., Catalano, M. et al. (2016) KCa3.1 793 
inhibition switches the phenotype of glioma-infiltrating microglia/macrophages. Cell 794 
Death Dis, 7, e2174. 795 

38. Cohen, A.L., Holmen, S.L. and Colman, H. (2013) IDH1 and IDH2 mutations in gliomas. 796 
Curr Neurol Neurosci Rep, 13, 345. 797 

39. Consortium, G. (2018) Glioma through the looking GLASS: molecular evolution of 798 
diffuse gliomas and the Glioma Longitudinal Analysis Consortium. Neuro Oncol, 20, 799 
873-884. 800 

40. Freije, W.A., Castro-Vargas, F.E., Fang, Z., Horvath, S., Cloughesy, T., Liau, L.M., 801 
Mischel, P.S. and Nelson, S.F. (2004) Gene expression profiling of gliomas strongly 802 
predicts survival. Cancer Res, 64, 6503-6510. 803 

.CC-BY-NC 4.0 International licenseavailable under a
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 preprint (whichthis version posted April 8, 2023. ; https://doi.org/10.1101/2023.04.07.536030doi: bioRxiv preprint 

https://doi.org/10.1101/2023.04.07.536030
http://creativecommons.org/licenses/by-nc/4.0/


 28 

41. Puchalski, R.B., Shah, N., Miller, J., Dalley, R., Nomura, S.R., Yoon, J.G., Smith, K.A., 804 
Lankerovich, M., Bertagnolli, D., Bickley, K. et al. (2018) An anatomic transcriptional 805 
atlas of human glioblastoma. Science, 360, 660-663. 806 

42. Wang, R., Chadalavada, K., Wilshire, J., Kowalik, U., Hovinga, K.E., Geber, A., 807 
Fligelman, B., Leversha, M., Brennan, C. and Tabar, V. (2010) Glioblastoma stem-like 808 
cells give rise to tumour endothelium. Nature, 468, 829-833. 809 

43. Clavreul, A., Guette, C., Faguer, R., Tetaud, C., Boissard, A., Lemaire, L., Rousseau, A., 810 
Avril, T., Henry, C., Coqueret, O. et al. (2014) Glioblastoma-associated stromal cells 811 
(GASCs) from histologically normal surgical margins have a myofibroblast phenotype 812 
and angiogenic properties. J Pathol, 233, 74-88. 813 

44. Colaprico, A., Silva, T.C., Olsen, C., Garofano, L., Cava, C., Garolini, D., Sabedot, T.S., 814 
Malta, T.M., Pagnotta, S.M., Castiglioni, I. et al. (2016) TCGAbiolinks: an 815 
R/Bioconductor package for integrative analysis of TCGA data. Nucleic Acids Res, 44, 816 
e71. 817 

45. Rivera, A.L., Pelloski, C.E., Gilbert, M.R., Colman, H., De La Cruz, C., Sulman, E.P., 818 
Bekele, B.N. and Aldape, K.D. (2010) MGMT promoter methylation is predictive of 819 
response to radiotherapy and prognostic in the absence of adjuvant alkylating 820 
chemotherapy for glioblastoma. Neuro Oncol, 12, 116-121. 821 

46. Johnson, K.C., Anderson, K.J., Courtois, E.T., Gujar, A.D., Barthel, F.P., Varn, F.S., 822 
Luo, D., Seignon, M., Yi, E., Kim, H. et al. (2021) Single-cell multimodal glioma 823 
analyses identify epigenetic regulators of cellular plasticity and environmental stress 824 
response. Nat Genet, 53, 1456-1468. 825 

47. Neftel, C., Laffy, J., Filbin, M.G., Hara, T., Shore, M.E., Rahme, G.J., Richman, A.R., 826 
Silverbush, D., Shaw, M.L., Hebert, C.M. et al. (2019) An Integrative Model of Cellular 827 
States, Plasticity, and Genetics for Glioblastoma. Cell, 178, 835-849 e821. 828 

48. Consortium, G.T. (2013) The Genotype-Tissue Expression (GTEx) project. Nat Genet, 829 
45, 580-585. 830 

49. Park, N.I., Guilhamon, P., Desai, K., McAdam, R.F., Langille, E., O'Connor, M., Lan, X., 831 
Whetstone, H., Coutinho, F.J., Vanner, R.J. et al. (2017) ASCL1 Reorganizes Chromatin 832 
to Direct Neuronal Fate and Suppress Tumorigenicity of Glioblastoma Stem Cells. Cell 833 
Stem Cell, 21, 209-224 e207. 834 

50. Paczkowska, M., Barenboim, J., Sintupisut, N., Fox, N.S., Zhu, H., Abd-Rabbo, D., Mee, 835 
M.W., Boutros, P.C., PCAWG Drivers and Functional Interpretation Working Group, 836 
Reimand, J. et al. (2020) Integrative pathway enrichment analysis of multivariate omics 837 
data. Nature Communications, 11, 735. 838 

51. Torp, S.H. (2002) Diagnostic and prognostic role of Ki67 immunostaining in human 839 
astrocytomas using four different antibodies. Clin Neuropathol, 21, 252-257. 840 

52. Ahn, B.Y., Saldanha-Gama, R.F., Rahn, J.J., Hao, X., Zhang, J., Dang, N.H., Alshehri, 841 
M., Robbins, S.M. and Senger, D.L. (2016) Glioma invasion mediated by the p75 842 
neurotrophin receptor (p75(NTR)/CD271) requires regulated interaction with PDLIM1. 843 
Oncogene, 35, 1411-1422. 844 

.CC-BY-NC 4.0 International licenseavailable under a
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 preprint (whichthis version posted April 8, 2023. ; https://doi.org/10.1101/2023.04.07.536030doi: bioRxiv preprint 

https://doi.org/10.1101/2023.04.07.536030
http://creativecommons.org/licenses/by-nc/4.0/


 29 

53. Han, Y., Wu, Z., Wu, T., Huang, Y., Cheng, Z., Li, X., Sun, T., Xie, X., Zhou, Y. and 845 
Du, Z. (2016) Tumor-suppressive function of long noncoding RNA MALAT1 in glioma 846 
cells by downregulation of MMP2 and inactivation of ERK/MAPK signaling. Cell Death 847 
Dis, 7, e2123. 848 

54. Oughtred, R., Rust, J., Chang, C., Breitkreutz, B.J., Stark, C., Willems, A., Boucher, L., 849 
Leung, G., Kolas, N., Zhang, F. et al. (2021) The BioGRID database: A comprehensive 850 
biomedical resource of curated protein, genetic, and chemical interactions. Protein Sci, 851 
30, 187-200. 852 

55. Li, X., Wu, C., Chen, N., Gu, H., Yen, A., Cao, L., Wang, E. and Wang, L. (2016) 853 
PI3K/Akt/mTOR signaling pathway and targeted therapy for glioblastoma. Oncotarget, 854 
7, 33440-33450. 855 

56. Stone, D.M., Hynes, M., Armanini, M., Swanson, T.A., Gu, Q., Johnson, R.L., Scott, 856 
M.P., Pennica, D., Goddard, A., Phillips, H. et al. (1996) The tumour-suppressor gene 857 
patched encodes a candidate receptor for Sonic hedgehog. Nature, 384, 129-134. 858 

57. Wang, Y., Cui, J., Sun, X. and Zhang, Y. (2011) Tunneling-nanotube development in 859 
astrocytes depends on p53 activation. Cell Death Differ, 18, 732-742. 860 

58. Gimple, R.C., Yang, K., Halbert, M.E., Agnihotri, S. and Rich, J.N. (2022) Brain cancer 861 
stem cells: resilience through adaptive plasticity and hierarchical heterogeneity. Nat Rev 862 
Cancer, 22, 497-514. 863 

59. Rustom, A., Saffrich, R., Markovic, I., Walther, P. and Gerdes, H.H. (2004) Nanotubular 864 
highways for intercellular organelle transport. Science, 303, 1007-1010. 865 

60. Valdebenito, S., Malik, S., Luu, R., Loudig, O., Mitchell, M., Okafo, G., Bhat, K., 866 
Prideaux, B. and Eugenin, E.A. (2021) Tunneling nanotubes, TNT, communicate 867 
glioblastoma with surrounding non-tumor astrocytes to adapt them to hypoxic and 868 
metabolic tumor conditions. Sci Rep, 11, 14556. 869 

61. Bid, H.K., Roberts, R.D., Manchanda, P.K. and Houghton, P.J. (2013) RAC1: an 870 
emerging therapeutic option for targeting cancer angiogenesis and metastasis. Mol 871 
Cancer Ther, 12, 1925-1934. 872 

62. Chang, M., Lee, O.C., Bu, G., Oh, J., Yunn, N.O., Ryu, S.H., Kwon, H.B., Kolomeisky, 873 
A.B., Shim, S.H., Doh, J. et al. (2022) Formation of cellular close-ended tunneling 874 
nanotubes through mechanical deformation. Sci Adv, 8, eabj3995. 875 

63. Hall, A. (1998) Rho GTPases and the actin cytoskeleton. Science, 279, 509-514. 876 
64. Mehidi, A., Rossier, O., Schaks, M., Chazeau, A., Biname, F., Remorino, A., Coppey, 877 

M., Karatas, Z., Sibarita, J.B., Rottner, K. et al. (2019) Transient Activations of Rac1 at 878 
the Lamellipodium Tip Trigger Membrane Protrusion. Curr Biol, 29, 2852-2866 e2855. 879 

65. Estacion, M., Harty, T.P., Choi, J.S., Tyrrell, L., Dib-Hajj, S.D. and Waxman, S.G. 880 
(2009) A sodium channel gene SCN9A polymorphism that increases nociceptor 881 
excitability. Ann Neurol, 66, 862-866. 882 

66. Barashkov, N.A., Dzhemileva, L.U., Fedorova, S.A., Teryutin, F.M., Posukh, O.L., 883 
Fedotova, E.E., Lobov, S.L. and Khusnutdinova, E.K. (2011) Autosomal recessive 884 
deafness 1A (DFNB1A) in Yakut population isolate in Eastern Siberia: extensive 885 

.CC-BY-NC 4.0 International licenseavailable under a
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 preprint (whichthis version posted April 8, 2023. ; https://doi.org/10.1101/2023.04.07.536030doi: bioRxiv preprint 

https://doi.org/10.1101/2023.04.07.536030
http://creativecommons.org/licenses/by-nc/4.0/


 30 

accumulation of the splice site mutation IVS1+1G>A in GJB2 gene as a result of founder 886 
effect. J Hum Genet, 56, 631-639. 887 

67. Chen, B., Zhang, C., Wang, Z., Chen, Y., Xie, H., Li, S., Liu, X., Liu, Z. and Chen, P. 888 
(2019) Mechanistic insights into Nav1.7-dependent regulation of rat prostate cancer cell 889 
invasiveness revealed by toxin probes and proteomic analysis. FEBS J, 286, 2549-2561. 890 

68. Campbell, T.M., Main, M.J. and Fitzgerald, E.M. (2013) Functional expression of the 891 
voltage-gated Na(+)-channel Nav1.7 is necessary for EGF-mediated invasion in human 892 
non-small cell lung cancer cells. J Cell Sci, 126, 4939-4949. 893 

69. Xia, J., Huang, N., Huang, H., Sun, L., Dong, S., Su, J., Zhang, J., Wang, L., Lin, L., Shi, 894 
M. et al. (2016) Voltage-gated sodium channel Nav 1.7 promotes gastric cancer 895 
progression through MACC1-mediated upregulation of NHE1. Int J Cancer, 139, 2553-896 
2569. 897 

70. Liu, Y., Pandey, P.R., Sharma, S., Xing, F., Wu, K., Chittiboyina, A., Wu, S.Y., Tyagi, 898 
A. and Watabe, K. (2019) ID2 and GJB2 promote early-stage breast cancer progression 899 
by regulating cancer stemness. Breast Cancer Res Treat, 175, 77-90. 900 

71. Naoi, Y., Miyoshi, Y., Taguchi, T., Kim, S.J., Arai, T., Tamaki, Y. and Noguchi, S. 901 
(2007) Connexin26 expression is associated with lymphatic vessel invasion and poor 902 
prognosis in human breast cancer. Breast Cancer Res Treat, 106, 11-17. 903 

72. Ezumi, K., Yamamoto, H., Murata, K., Higashiyama, M., Damdinsuren, B., Nakamura, 904 
Y., Kyo, N., Okami, J., Ngan, C.Y., Takemasa, I. et al. (2008) Aberrant expression of 905 
connexin 26 is associated with lung metastasis of colorectal cancer. Clin Cancer Res, 14, 906 
677-684. 907 

73. Zhu, T., Gao, Y.F., Chen, Y.X., Wang, Z.B., Yin, J.Y., Mao, X.Y., Li, X., Zhang, W., 908 
Zhou, H.H. and Liu, Z.Q. (2017) Genome-scale analysis identifies GJB2 and ERO1LB as 909 
prognosis markers in patients with pancreatic cancer. Oncotarget, 8, 21281-21289. 910 

74. Meng, S., Liu, Y., Wang, X., Wu, X., Xie, W., Kang, X., Liu, X., Guo, L. and Wang, C. 911 
(2022) The prognostic value and biological significance of gap junction beta protein 2 912 
(GJB2 or Cx26) in cervical cancer. Front Oncol, 12, 907960. 913 

75. Inose, T., Kato, H., Kimura, H., Faried, A., Tanaka, N., Sakai, M., Sano, A., Sohda, M., 914 
Nakajima, M., Fukai, Y. et al. (2009) Correlation between connexin 26 expression and 915 
poor prognosis of esophageal squamous cell carcinoma. Ann Surg Oncol, 16, 1704-1710. 916 

76. Osswald, M., Jung, E., Sahm, F., Solecki, G., Venkataramani, V., Blaes, J., Weil, S., 917 
Horstmann, H., Wiestler, B., Syed, M. et al. (2015) Brain tumour cells interconnect to a 918 
functional and resistant network. Nature, 528, 93-98. 919 

77. Venkatesh, H.S., Morishita, W., Geraghty, A.C., Silverbush, D., Gillespie, S.M., Arzt, 920 
M., Tam, L.T., Espenel, C., Ponnuswami, A., Ni, L. et al. (2019) Electrical and synaptic 921 
integration of glioma into neural circuits. Nature, 573, 539-545. 922 

78. Zhang, W., Couldwell, W.T., Simard, M.F., Song, H., Lin, J.H. and Nedergaard, M. 923 
(1999) Direct gap junction communication between malignant glioma cells and 924 
astrocytes. Cancer Res, 59, 1994-2003. 925 

.CC-BY-NC 4.0 International licenseavailable under a
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 preprint (whichthis version posted April 8, 2023. ; https://doi.org/10.1101/2023.04.07.536030doi: bioRxiv preprint 

https://doi.org/10.1101/2023.04.07.536030
http://creativecommons.org/licenses/by-nc/4.0/


 31 

79. Pinto, G., Brou, C. and Zurzolo, C. (2020) Tunneling Nanotubes: The Fuel of Tumor 926 
Progression? Trends Cancer, 6, 874-888. 927 

80. Venkataramani, V., Schneider, M., Giordano, F.A., Kuner, T., Wick, W., Herrlinger, U. 928 
and Winkler, F. (2022) Disconnecting multicellular networks in brain tumours. Nat Rev 929 
Cancer, 22, 481-491. 930 

81. Hanna, S.J., McCoy-Simandle, K., Miskolci, V., Guo, P., Cammer, M., Hodgson, L. and 931 
Cox, D. (2017) The Role of Rho-GTPases and actin polymerization during Macrophage 932 
Tunneling Nanotube Biogenesis. Sci Rep, 7, 8547. 933 

82. Zhang, S., Kazanietz, M.G. and Cooke, M. (2020) Rho GTPases and the emerging role of 934 
tunneling nanotubes in physiology and disease. Am J Physiol Cell Physiol, 319, C877-935 
C884. 936 

83. Jung, E., Osswald, M., Blaes, J., Wiestler, B., Sahm, F., Schmenger, T., Solecki, G., 937 
Deumelandt, K., Kurz, F.T., Xie, R. et al. (2017) Tweety-Homolog 1 Drives Brain 938 
Colonization of Gliomas. J Neurosci, 37, 6837-6850. 939 

84. Wang, X., Veruki, M.L., Bukoreshtliev, N.V., Hartveit, E. and Gerdes, H.H. (2010) 940 
Animal cells connected by nanotubes can be electrically coupled through interposed gap-941 
junction channels. Proc Natl Acad Sci U S A, 107, 17194-17199. 942 

85. Wang, X. and Gerdes, H.H. (2012) Long-distance electrical coupling via tunneling 943 
nanotubes. Biochim Biophys Acta, 1818, 2082-2086. 944 

86. Polusani, S.R., Kalmykov, E.A., Chandrasekhar, A., Zucker, S.N. and Nicholson, B.J. 945 
(2016) Cell coupling mediated by connexin 26 selectively contributes to reduced 946 
adhesivity and increased migration. J Cell Sci, 129, 4399-4410. 947 

87. UniProt, C. (2021) UniProt: the universal protein knowledgebase in 2021. Nucleic Acids 948 
Res, 49, D480-D489. 949 

88. McInnes, L., Healy, J. and Melville, J. (2020) UMAP: Uniform Manifold Approximation 950 
and Projection for Dimension Reduction. 951 

89. Liu, J., Lichtenberg, T., Hoadley, K.A., Poisson, L.M., Lazar, A.J., Cherniack, A.D., 952 
Kovatich, A.J., Benz, C.C., Levine, D.A., Lee, A.V. et al. (2018) An Integrated TCGA 953 
Pan-Cancer Clinical Data Resource to Drive High-Quality Survival Outcome Analytics. 954 
Cell, 173, 400-416 e411. 955 

90. Thorsson, V., Gibbs, D.L., Brown, S.D., Wolf, D., Bortone, D.S., Ou Yang, T.H., Porta-956 
Pardo, E., Gao, G.F., Plaisier, C.L., Eddy, J.A. et al. (2018) The Immune Landscape of 957 
Cancer. Immunity, 48, 812-830 e814. 958 

91. Pollard, S.M., Yoshikawa, K., Clarke, I.D., Danovi, D., Stricker, S., Russell, R., Bayani, 959 
J., Head, R., Lee, M., Bernstein, M. et al. (2009) Glioma stem cell lines expanded in 960 
adherent culture have tumor-specific phenotypes and are suitable for chemical and 961 
genetic screens. Cell Stem Cell, 4, 568-580. 962 

92. Liao, Y., Smyth, G.K. and Shi, W. (2019) The R package Rsubread is easier, faster, 963 
cheaper and better for alignment and quantification of RNA sequencing reads. Nucleic 964 
Acids Res, 47, e47. 965 

.CC-BY-NC 4.0 International licenseavailable under a
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 preprint (whichthis version posted April 8, 2023. ; https://doi.org/10.1101/2023.04.07.536030doi: bioRxiv preprint 

https://doi.org/10.1101/2023.04.07.536030
http://creativecommons.org/licenses/by-nc/4.0/


 32 

93. Robinson, M.D., McCarthy, D.J. and Smyth, G.K. (2010) edgeR: a Bioconductor 966 
package for differential expression analysis of digital gene expression data. 967 
Bioinformatics, 26, 139-140. 968 

94. Paczkowska, M., Barenboim, J., Sintupisut, N., Fox, N.S., Zhu, H., Abd-Rabbo, D., Mee, 969 
M.W., Boutros, P.C., Drivers, P., Functional Interpretation Working, G. et al. (2020) 970 
Integrative pathway enrichment analysis of multivariate omics data. Nat Commun, 11, 971 
735. 972 

95. Reimand, J., Kull, M., Peterson, H., Hansen, J. and Vilo, J. (2007) g:Profiler--a web-973 
based toolset for functional profiling of gene lists from large-scale experiments. Nucleic 974 
acids research, 35, W193-200. 975 

96. Shannon, P., Markiel, A., Ozier, O., Baliga, N.S., Wang, J.T., Ramage, D., Amin, N., 976 
Schwikowski, B. and Ideker, T. (2003) Cytoscape: a software environment for integrated 977 
models of biomolecular interaction networks. Genome Res, 13, 2498-2504. 978 

97. Tate, J.G., Bamford, S., Jubb, H.C., Sondka, Z., Beare, D.M., Bindal, N., Boutselakis, H., 979 
Cole, C.G., Creatore, C., Dawson, E. et al. (2019) COSMIC: the Catalogue Of Somatic 980 
Mutations In Cancer. Nucleic Acids Res, 47, D941-D947. 981 

98. Cory, A.H., Owen, T.C., Barltrop, J.A. and Cory, J.G. (1991) Use of an aqueous soluble 982 
tetrazolium/formazan assay for cell growth assays in culture. Cancer Commun, 3, 207-983 
212. 984 

 985 

.CC-BY-NC 4.0 International licenseavailable under a
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 preprint (whichthis version posted April 8, 2023. ; https://doi.org/10.1101/2023.04.07.536030doi: bioRxiv preprint 

https://doi.org/10.1101/2023.04.07.536030
http://creativecommons.org/licenses/by-nc/4.0/

