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Glioblastoma (GBM), the most aggressive brain malignancy in adults, characterized by heterogeneity, which contributes to poor
prognosis and therapy resistance. The heterogeneity of GBM tumors is evident in unique gene expression profiles. Among
the biological factors contributing to heterogeneity, cellular stemness plays a pivotal role in tumor recurrence and therapy
refractoriness. Consequently, stemness has emerged as a potential therapeutic target. This observational bioinformatics study
aimed to identify genes transcriptionally aligned with telomerase reverse transcriptase (TERT), a key determinant of cellular
immortality, and to assess its associations with stemness pathways in GBM. To evaluate transcriptomic associations and
prognostic relevance, mRNA and protein interaction datasets from publicly available databases were analyzed using Pearson
correlation, protein-protein networks, transcription factor identification, and survival analysis. Results showed TERT was
significantly elevated in glioblastoma compared with normal tissue (log, fold change = 4.37; Wilcoxon rank-sum p-value =
0.0018). Correlation analysis identified 149 genes associated with TERT (r > 0.3), including WNT1 and SHH. Possible network
connectivity was furthered by protein-protein interaction mapping. Additionally, 41 shared transcription factors were identified
among TERT, SHH, and WNT1 using a cutoff of p < 0.001 (Tukey’s HSD), 19 of which were significantly up/down regulated
TFs (FDR < 0.05 and |log, FC| > 1). Survival analysis revealed that high expression of these three genes was associated
with reduced overall survival in classical GBM. These findings suggest a possible correlative link between TERT and devel-
opmental signaling pathways in GBM, supporting further investigation of TERT as a candidate biomarker of tumor heterogeneity.

Keywords: glioblastoma [GBM], bioinformatics, stem cell, telomerase reverse transcriptase [TERT], sonic hedgehog
[SHH], wingless and int-1 [WNT1]

Introduction These subtypes not only differ in their biological drivers but

also in their sensitivity to targeted therapies, highlighting the
Glioblastoma (GBM) is the most aggressive adult brain malig-  inadequacy of uniform treatment plans*°. Recent single-cell
nancy, with a median overall survival (OS) of approximately and whole-tumor profiling further demonstrated that GBM
15 months'. Currently, standard treatment comprises sur-  tumors undergo dynamic evolution across diverse transcrip-
gical resection and subsequent adjuvant chemotherapy, with  tional cell states, reaffirming the concept that tumor plasticity
TMZ (temozolomide) being preferred!. Despite initial tu- underlies resistance and relapse 8.

mor shrinkage with this application, DNA repair, stem cell
renewal, and stemness have been implicated as major con-
tributors to resistance. Such therapeutic resistance and near-
universal tumor recurrence are primary barriers to long-term
disease control 3.

Inter- and intratumoral heterogeneity are defining features
of GBM, contributing to inconsistent therapeutic responses
and poor clinical outcomes®. At the molecular level, GBM
can be classified into three subtypes based on gene expres-
sion profiles: proneural, mesenchymal, and classical®. Each
subtype is characterized by unique genomic alterations, tumor
microenvironment interactions (TME), and signaling depen-

Within this heterogeneous landscape, glioblastoma stem
cells (GSCs) have emerged as key contributors to tumor
maintenance and therapy resistance. These cells possess
self-renewal capacity and multipotency, facilitating adapta-
tion to therapeutic stress and recurrence®'°. Consequently,
stemness-associated pathways have become a growing area of
interest as potential therapeutic vulnerabilities.

Multiple regulatory pathways converge to maintain a stem-
like state, notably telomere-associated mechanisms. Telom-
eres, the repetitive DNA sequences that cap chromosome
ends, typically shorten with each cell division, thereby lim-

denciesS6 iting proliferative potential!!. Telomerase, a ribonucleopro-
) tein, adds telomeric repeats and contributes to malignant trans-
! William Mason High School, Ohio, USA formation'%!3. Telomerase reverse transcriptase (TERT), the

© The National High School Journal of Science 2026 NHSJS 2026 | 1



catalytic subunit of telomerase, is frequently upregulated in
GBM, often through promoter mutations'#. Subsequently,
TERT is best known for its role in telomere maintenance;
however, increasing evidence suggests that TERT contributes
to broader oncogenic processes through non-canonical func-
tions, including proliferation, apoptosis, cell cycle control,
and the formation of tumor-initiating cells 3.

Additionally, developmental signaling pathways such as
Whnt/f-catenin and Sonic Hedgehog (SHH) are closely linked
to stem cell maintenance and cancer progression'®!7. In
the tumor microenvironment (TME), the WNT signaling net-
work governs vital cancer-related processes, including dor-
mancy, therapeutic resistance, immune evasion, proliferation,

and stemness '8,

Expression of Wntl (a ligand in the canonical Wnt/§3-
catenin cascade) along with -catenin and Cyclin D1 was as-
sociated with malignancies, in which Wntl and Cyclin D1
were significantly correlated'®. Mutations and deregulation
of the SHH pathway are essential for proliferation and dif-
ferentiation, promoting tumorigenesis or accelerating tumor
growth!”. Additionally, SHH signaling has been identified as
a key player in the canonical pathway; crosstalk with other
pathways can contribute to relapse, invasion, metastasis, and
potentially to TMZ resistance 2%-2!.

Despite growing recognition of stemness as a key driver of
GBM heterogeneity, therapeutic resistance, and tumor recur-
rence, the specific genes and signaling pathways responsible
for these processes remain not fully understood. In particular,
the regulatory associations among TERT and developmental
signaling pathways in GBM have not been fully characterized.

The objective of this study was to identify genes and sig-
naling pathways transcriptionally associated with stemness in
GBM and to explore potential convergence between these reg-
ulatory networks and known regulators of plasticity. In doing
so, we utilized publicly available datasets and bioinformatics
tools to investigate potential associations among TERT, SHH,
and WNT1I.

This study focuses on identifying transcriptomic correla-
tions, network interactions, and survival implications, so sev-
eral limitations should be considered when interpreting these
results. Data from TCGA reflect mRNA expression levels,
which cannot establish causation or protein-level activity.

Additionally, tumor and normal samples are unevenly rep-
resented, and survival groupings rely on platform-specific ex-
pression cutoffs. As in many bioinformatics studies, a large,
more balanced cohort will be needed to improve statistical
power and generalizability of the findings. Even with these
limitations, this analysis may provide insight into potential
interactions between telomerase and stemness-associated sig-
naling pathways in GBM.

Materials & Methods

Research Design

This study applied an observational bioinformatics research
design, utilizing publicly available datasets. Gene expression
data from The Cancer Genome Atlas (TCGA) were analyzed
to evaluate associations among TERT and stemness-associated
genes in GBM. Protein-protein mapping and transcription fac-
tor enrichment analyses were integrated to characterize net-
work associations. Survival analyses were then performed to
assess associations between gene expression levels and gen-
eral survival across GBM subtypes. All findings are derived
from computational analysis of existing datasets.

The study workflow consisted of the following steps:
(1) retrieval of transcriptional and clinical data from public
databases, (2) identification of genes positively correlated with
TERT expression, (3) network and transcription factor enrich-
ment analysis to identify regulatory relations, and (4) survival
analysis to evaluate clinical significance.

Data Retrieval

The mRNA expression data for TERT were extracted from
the FireBrowse?> Gene Expression tool (v1.140), which uses
RSEM v1.3.3 to quantify gene and isoform expression derived
from RNA-Seq data. The TCGA_GBM HG-U133A database
from GlioVis?}, comprising 528 GBM samples (199 classi-
cal, 166 mesenchymal, and 163 proneural) and 10 non-tumor
samples, was also used for gene expression and survival anal-
yses. The HG-U133A and Agilent-4502A platforms are of-
ten compared to validate gene expression trends, for exam-
ple, in the GlioVis database. However, the HG-U133A plat-
form was preferred over the smaller sample sizes of Agilent-
4502A (489 GBM and 10 non-tumor samples) and RNA-seq
(156 GBM and 4 non-tumor samples). Expression values were
log,-transformed as provided by the TCGA datasets. Samples
with incomplete expression or survival data were excluded
from analysis.

Dataset/Platform  Source Analysis Performed Corresponding
Figure(s)
FireBrowse (RNA- TCGA TERT mRNA Expres- Figure 1

Seq v2) Portal sion

TCGA-GBM (HG- Microarray TERT-SHH-WNT1 Figure 3A, Figure

U133A) Corr., additional WNT 3B, Figure 3C, and
ligand-TERT Corr., and Figure 3E Figure 5
Survival Modeling

Microarray TERT-SHH-WNT1 Cor-  Figure 3D
relations

TCGA-GBM
(Agilent-4502A)

In the TCGA_GBM HG-U133A database, of the 88 sam-
ples originally classified as neural under the four-subtype
scheme?*, reclassification under the three-subtype scheme
(which is what the GlioVis database utilizes) assigned the ma-
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jority to classical (n = 48, 55%), while the remaining were
distributed across proneural (n = 27, 31%) and mesenchymal
(n =13, 15%). The redistribution is consistent with prior re-
analysis of the neural subtype, which is not representative of
distinct tumor intrinsic expression>. Additionally, the 10 non-
tumor samples in the HG-U133A platform were not assigned a
subtype in either the four- or three-subtype classification sys-
tems (denoted as NA); therefore, these samples do not corre-
spond to the neural category.

Statistical Analysis

All statistical analyses were performed using GraphPad
Prism? and/or R (version 4.6.1)20.

Using Prism, Pearson correlation coefficients and linear re-
gression were performed to assess similarities between gene
expression levels and provide visualization. Genes with an
r > 0.3 (a conventional medium effect size threshold) relative
to TERT expression were selected for downstream analysis >’ .

Survival analyses were performed in R using the survival
package version 3.8-928. Survival differences between high
and low expression groups in Kaplan-Meier curves were as-
sessed using survdiff () for the log-rank and Gehan-
Breslow-Wilcoxon tests. Data manipulation and organization
were performed using dplyr version 1.2.1% and tidyr ver-
sion 1.3.23°. For multiple comparisons corrections, p-values
were corrected using p.adjust () to report the Benjamini-
Hochberg false discovery rate (FDR) in base R. HRs were cal-
culated using the Cox proportional hazards model, coxph () .

For transcription factor expression comparisons between
GBM and non-tumor samples leading to the 41 TFs identified,
Tukey’s HSD test was used. Further statistical analysis of TFs
was generated using base R (median FC, log, FC, Wilcoxon
rank-sum p-values, Welch p-values, and FDR-corrected p-
values).

Statistical significance was defined as p < 0.05 unless oth-
erwise specified.

Package used  Functions used What was generated
survival Surv( ), survdiff( ), Log-rank test, Gehan-
survfit( ), coxph() Breslow-Wilcoxon p-
values, numbers-at-risk
tables
dplyr filter(), mutate(), Data cleaning
select(), arrange(), in-
ner_join(), bind_rows(),
group_by(), ungroup()
tidyr pivot_longer() Reformatting data for
multiple-testing correction
base R p-adjust(method = FDR (Benjamini-
“BH”), pchisq(), me- Hochberg) correction;

dian(), sprintf() p-value calculations, and

general formatting

Clustering of Genes Positively Correlated with mRNA Ex-
pression of TERT

GlioVis was used to identify genes with a median r-value
cutoff of 0.3 or higher. The results were then fed into
STRING v12.03' to generate a protein-protein interaction
map and assign confidence scores to interactions. STRING
utilizes “genomic context predictions, high-throughput lab ex-
periments, (conserved) co-expression, automated text min-
ing, and previous knowledge in databases” to produce an
output of gene interactions. The breakdown of confidence
scores is between “neighborhood in the genome, gene fu-
sions, co-occurrence across genomes, co-expression, experi-
mental/biochemical data, associated in curated databases, and
co-mentioned in PubMed abstracts”. The total score is cal-
culated by probabilistically combining evidence based on the
likelihood that a protein association exists according to the
type of evidence; also, the prior probability that protein as-
sociation is occurring by chance is removed from the final
score. STRING has currently determined this value to be
0.041. Scores range from 0.150-0.999 and are quantified ac-
cordingly:

Highest confidence level: score > 0.900;

High confidence level: score > 0.700;

Medium confidence level: score > 0.400.

Expression Analysis

The FireBrowse expression profile tool was used to identify
the cancer type with the highest TERT expression, quantified
as RNA-Seq by Expectation Maximization (RSEM) values.

Then, pairwise gene expression relationships among TERT,
SHH, and WNT1, as well as TERT correlation with additional
WNT ligands (WNT3, WNT6, WNT5A, WNT7B), were ana-
lyzed using expression data obtained from the TCGA_GBM
HG-U133A dataset; however, correlation analyses were re-
stricted to tumor samples (n = 528) to avoid confounding
by the imbalanced representation of the non-tumor tissue
(n = 10). Expression values were then imported into Graph-
Pad Prism for correlation analysis and graphical visualization.
Pearson correlation coefficients () were calculated to assess
the strength and direction of the association between gene
pairs. Statistical significance was determined using a two-
tailed Pearson correlation with a 95% CI and was reported
in a GP style as follows: 0.1234 (ns), 0.0332 (*), 0.0021 (*%*),
0.0002 (**%*), 0.0001 (F**%*).

Transcription Factor Identification

Common transcription factors (TFs) shared among TERT,
SHH, and WNT! in Homo sapiens were determined using
TFLink *? databases: GTRD 33 v20.06 and ReMap3* v1.2. Ini-
tially, individual transcription factor lists for each gene were
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compiled and compared to identify overlapping transcription
factors. Shared transcription factors were then analyzed for
differential expression between GBM and tumor samples us-
ing GlioVis and Tukey’s HSD test. Transcription factors were
filtered twice. The first filtering used a significance cutoff of
p < 0.05, which resulted in 99 TFs, so a more stringent cutoff
of p < 0.001 was applied and resulted in 41 TFs.

Differential Expression Analysis

To verify TERT fold change and evaluate TFs, normalized
RSEM gene expression values of the TCGA GBM cohort were
obtained from FireBrowse (153 GBM tumor and 5 normal tis-
sue samples). Samples were classified as tumor or normal
tissue based on TCGA barcode sample type codes. FC was
calculated as the ratio of the median normalized expression in
tumor vs. normal samples (the median was used instead of
the arithmetic mean to reduce sensitivity to outliers, given the
small normal tissue cohort).

Statistical significance was assessed using the Wilcoxon
sum-rank test (appropriate given the small normal tissue co-
hort and therefore inability to meet the normality assump-
tion); however, p-values from the Wilcoxon test were bounded
given the small sample size, resulting in many genes reaching
an identical minimum achievable FDR = 9.1 x 10~*. Con-
versely, Welch’s z-test on log,-transformed expression values
isn’t bounded and is therefore used for visualization, while
Wilcoxon rank-sum values are the ones reported and used
for interpretation. Given the small sample size, a Benjamini-
Hochberg FDR was applied to all p-values, which were then
—log; transformed for visualization.

Survival Analysis

The Kaplan-Meier curves between high and low gene expres-
sion in classical GBM, based on TCGA_GBM HG-U133A,
were generated in Prism. R was used to generate the numbers-
at-risk table and all p-values. High and low expression strat-
ification was determined by median log, expression cutoffs
(TERT =4.13,SHH =3.79, WNT1 = 3.42). Using Kaplan-
Meier analysis and the log-rank test, the differences between
groups with different expression levels were assessed for sta-
tistical significance (the Gehan-Breslow-Wilcoxon test was
used as a secondary method, as the log-rank test weighs all
points evenly).

Additionally, an FDR correction was applied to all p-values.
Asymmetrical 95% confidence intervals were plotted as well.
Hazard ratios (HR) were obtained from GlioVis, which uti-
lized the Cox proportional hazards model in the R survival
package. Tumor vs. non-tumor and GBM subtypes’ his-
tologies were directly derived from GlioVis’ expression tool.
Overall survival was used as the clinical endpoint.

Results

Pancancer mRNA Expression Analysis Shows TERT is
Significantly Upregulated in GBM

TERT mRNA expression was analyzed across 37 individual
cancer types (24 upregulated, O downregulated, 1 no change,
and 12 with no data). GBM exhibited the highest upregula-
tion; the median RSEM log, value in tumor samples (n =
147) is 3.14, compared to -1.23 in normal samples (n = 3).
This corresponds to a log, fold change of 4.37, or a 20.7-
fold increase (Fig. 1). This finding was independently con-
firmed by direct analysis of the underlying RSEM-normalized
expression matrix (median FC = 20.4; Wilcoxon rank-sum
p-value = 0.0018; Wilcoxon FDR-adjusted= 0.0030).

TERT mRNA Expression is Positively Correlated with
Stem-Related Genes

A total of 149 genes that were moderately correlated with
TERT (r > 0.3) were then entered into STRING to construct
a protein interaction map (Fig. 2). The protein-protein map
contains a subnetwork of TERT, SHH, and three WNT family
members (WNT1, WNT3, and WNT6). SHH and WNT1 had
the highest confidence score, 0.805. WNT3 and WNT6 were
identified as members of a subnetwork in the protein-protein
map; however, the score decomposition reveals that the associ-
ation between any protein isn’t supported by direct experimen-
tal evidence in humans. Several SHH-containing protein pairs
yielded experimental scores, but these were derived from ho-
mologous interactions observed in other organisms (interolog-
based evidence transfer). Also, all the evidence breakdowns in
Fig. 2B show that around 80-99% of the combined score is
attributed to text-mining; glioma-relevant literature is 28% for
the TERT-SHH interaction, 3% in SHH-WNT1, 0% in SHH-
WNTS3, and 5% in SHH-WNT6. While WNT3-WNT6-WNT1
associations aren’t particularly relevant, if reviewed, a fixed-
database score of 0.500 corresponds to shared canonical Wnt-
signaling pathway resources.

Correlation analysis yielded significant positive correla-
tions (p < 0.0001) among TERT, SHH, and WNTI (Fig.
3). SHH and WNTI showed the strongest correlation (r =
0.4591), followed by TERT and WNTI (r = 0.3089), and
TERT and SHH (r = 0.3083).

The same analysis was performed using the TCGA_GBM
LGG dataset; however, SHH and WNT family members were
not among the genes that met the r > 0.3 cutoff in low-
grade glioma. To evaluate whether WNT! was representa-
tive of the WNT pathway and TERT correlations, we com-
pared it with WNT3, WNT5A, and WNT7B, which have been
more commonly reported as overexpressed in GBM litera-
ture 3¢, WNTSA showed no positive correlation with TERT
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Figure. 1[A] RSEM RNA-Seq quantities of TERT expression (log,
transformed) across 37 cancerous tissue samples from TCGA, in-
cluding tumor (red), normal (blue), and unavailable data (grey). [B]
Fold change of the 25 cancers calculated from the difference between
median tumor and normal log, RSEM values and converted back to
a linear fold change.

Abbreviations: ACC, Adrenocortical Carcinoma; BLCA, Bladder
Urothelial Carcinoma; BRCA, Breast Invasive Carcinoma; CESC,
Cervical Squamous Cell Carcinoma and Endocervical Adenocarci-
noma; CHOL, Cholangiocarcinoma; COADREAD, Colorectal ade-
nocarcinoma; DLBC, Lymphoid Neoplasm Diffuse Large B-Cell
Lymphoma; ESCA, Esophageal Carcinoma; GBM, Glioblastoma
Multiforme; GBMLGG, Glioblastoma Multiforme and Lower-Grade
Gliom; HNSC, Head and Neck Squamous Cell Carcinoma; KICH,
Kidney Chromophobe; KIPAN, Kidney Pan-Cancer Cohort; KIRC,
Kidney Renal Clear Carcinoma; KIRP, Kidney Renal Papillary Cell
Carcinoma; LAML, Acute Myeloid Leukemia; LGG, Brain Lower
Grade Glioma; LIHC, Liver Hepatocellular Carcinoma; LUAD,
Lung Adenocarcinoma; LUSC, Lung Squamous Cell Carcinoma;
MESO, Mesothelioma; OV, Ovarian Serous Cystadenocarcinoma;
PAAD, Pancreatic Adenocarcinoma; PCPG, Pheochromocytoma and
Paraganglioma; PRAD, Prostate Adenocarcinoma; READ, Rec-
tum Adenocarcinoma; SARC, Sarcoma; SKCM, Skin Cutaneous
Melanoma; STAD, Stomach Adenocarcinoma; STES, Esophagogas-
tric Cancer; TERT, telomerase reverse transcriptase; TGCT, Testic-
ular Germ Cell Tumors; THCA, Thyroid Carcinoma; THYM, Thy-
moma; UCEC, Uterine Corpus Endometrial Carcinoma; USC, Uter-
ine Carcinosarcoma; UVM, Uveal Melanoma.

(r=—-0.11), and WNT7B (r = 0.18) didn’t meet the r > 0.3
cutoff (Fig. 3E).

A N TERT-SHH: 0.400

\v & |
o

Evidence

SHHWNT3: 0.573

Figure. 2 STRING protein interaction network of TERT-
correlated genes.

[A] Proteins positively correlated with TERT (r > 0.3) were con-
structed into a network using STRING, with a minimum interaction
confidence score of 0.4. Also, disconnected nodes were removed
for clarity. The enlarged inset highlights the subnetwork interac-
tions of TERT, SHH, WNT1, WNT3, and WNT6. The connect-
ing cords categorize different sources of interaction evidence, as de-
fined by STRING. [B] The confidence score in the titles is the com-
bined evidence suggesting a correlative link, which is further decom-
posed by the bar graph into: text-mining, database, experimental,
co-expression, and co-occurrence-based evidence.

Abbreviations: SHH, sonic hedgehog; WNT1, WNT family mem-
ber 1; WNT3, WNT family member 3; WNT6, WNT family 6.

Convergent Transcriptional Regulators Suggest Potential
Regulatory Associations Relevant to Tumor Plasticity

A total of 133 transcription factors were identified as shared
among TERT, SHH, and WNT1. Of these, 55 were not sig-
nificantly expressed, and 14 were unavailable in the dataset.
The remaining 64 transcription factors showed significant dif-
ferential expression (p < 0.05), and 41 are highly significant
(p < 0.001) in the preliminary screen.

The differential expression of the 41 candidate transcription
factors was assessed between GBM tumor and normal tissue
using the Wilcoxon rank-sum test with Benjamini-Hochberg
FDR correction (Fig. 4). Thirty-one transcription factors were
significantly upregulated, and 3 were significantly downregu-
lated in GBM (FDR < 0.05). Transcription factors ZBTB7A,
SREBF2, MYC, TCF12, TP53, AR, EZH2, and E2F8 were
significantly up/down regulated and yielded a |log, FC| > 1.

Expression and Survival Qutcomes of TERT, SHH, and
WNT1

The Kaplan-Meier survival analysis assessed the correlation
between gene expression and survival rates across the classi-
cal subtype. When evaluating TERT across all subtypes, the
log-rank and Gehan-Breslow-Wilcoxon tests showed no sig-
nificant difference (p = 0.104 and p = 0.396, respectively).
However, within the classical subtype, high expression of all
three genes was associated with significantly reduced survival
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Figure. 3 Correlation analysis of TERT, SHH, and WNT1 expres-
sion across all GBM subtypes.

[A-C] Scatterplots showing pairwise expression correlations among
TERT, SHH, and WNT1 from the TCGA_GBM HG-U133A dataset.
Each point represents an individual sample. The solid lines repre-
sent linear regression, and the shaded regions around them indicate
the 95% confidence interval. Below each graph are the correspond-
ing statistics. [D] Correlation coefficients, confidence intervals, and
p-values of pairwise expression correlations among TERT, SHH, and
WNT1I from the Agilent-4502A dataset are shown in the table for-
mat. [E] Correlation coefficients, confidence intervals, and p-values
of WNT3, WNT6, WNT5A, and WNT7B correlated with TERT in ta-
ble format.

Graphs and tables use data derived from the TCGA_GBM HG-
U133A dataset unless specified otherwise. Across both datasets, cor-
relation coefficients (r) range from -1 to 1, and p < 0.05 is consid-
ered statistically significant. Significance was reported as follows:
0.1234 (ns), 0.0332 (*), 0.0021 (**), 0.0002 (*¥**), 0.0001 (****),

compared with the low-expression groups (Fig. 5).

Across all three genes, high-expression groups showed
longer median overall survival (OS) compared to low-
expression groups; the confidence intervals for high and low
groups’ median OS showed narrow overlap.

Only SHH was significantly associated with OS across the
full cohort (log-rank p = 0.004, FDR p = 0.038; Wilcoxon
p=0.011, FDR p = 0.038; HR = 1.32, 95% CI: 1.09-1.59),
while TERT and WNTI were not. Specifically within the
classical subtype, TERT and SHH yielded significant associ-
ations (log-rank p = 0.008 and 0.013; both FDR p = 0.038;
HR = 1.52 and 1.48, respectively). WNTI showed nominal
significance as it failed to survive the FDR correction (FDR
log-rank p = 0.071).

Cox proportional hazards analysis indicated poorer survival
among patients with high expression levels for all three genes:
TERT (HR = 1.52, 95% CI: [1.11-2.08]), SHH (HR = 1.48,

Differential Expression of Transcription Factors in GBM

10
Downregulated
T Non-Signficant
E 8_ Upregulated 2
[a] 4
T
5 67
g . ZBTB7A E2F8
4_ %
2 P53
[=d 7 SREBF2 AR
7 2- 4 e
oO+—r—7TFT+T1TTT1T"TTT T TT]
8 6 4 -2 0 2 4 6 8
log,FC
Figure. 4 Volcano plot of transcription factor expression in
GBM.

Volcano plot displaying median log, fold change (x-axis) and —log;
transformed Welch’s z-test FDR (y-axis) for 41 transcription factors.
Welch’s ¢-test is shown for improved visual resolution; the Wilcoxon
rank-sum test was used as the primary significance test given the
small cohort of normal tissue. Dotted lines at y = 1.3, x = —1, and
x =1 indicate the thresholds for statistical significance (FDR < 0.05
corresponding to —log;(0.05) = 1.3) and removal of noisy expres-
sion changes (|log, FC| > 1, corresponding to a > 2-fold change).
The six transcription factors with the greatest fold-change magnitude,
along with the two downregulated TFs, were labelled.
Abbreviations: SREBF2, sterol regulatory element binding tran-
scription Factor 2; ZBTB7A, zinc finger and BTB domain contain-
ing 7A; MYC, MYC proto-oncogene, bHLH transcription factor;
TCF12, transcription factor 12; TP53, tumor protein p53; AR, An-
drogen receptor; E2F8, early region 2 transcription factor 8.

95% CI: [1.08-2.01]), and WNT! (HR = 1.36, 95% CI: [1.00-
1.85]).

The log-rank and Gehan-Breslow-Wilcoxon tests yielded
non-significant p-values for genes WNT3 and WNT6 (WNT3
log-rank p = 0.468, Wilcoxon p = 0.366; and WNT6 p =
0.819, Wilcoxon p = 0.594), for which there are only mi-
nor differences in the survival curve distributions between the
highly and lowly expressed groups. This suggests that these
WNT family members may be inconsequential for survival
among classical GBM patients.

Discussion

Bioinformatics studies aim to identify broader patterns by
merging numerous biological datasets, yielding results that
lay the foundation for experimental validation, improve repro-
ducibility, and distinguish potential clinical applications. In
this bioinformatics study, we aimed to analyze gene expres-
sion to identify potential transcriptomic correlations associ-
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Figure. 5 Kaplan-Meier survival estimator stratified by gene ex-
pression in the classical subtype with corresponding mRNA ex-
pression distributions.

[A-C] Kaplan-Meier survival curves comparing patients with high
(red) and low (blue) expression of TERT, SHH, and WNT! using
TCGA_GBM HG-U133A data. Statistical significance was evaluated
using log-rank tests (p < 0.05 was considered significant).

For TERT: r =0.3083, 95% CI: [0.2290, 0.3836], p < 0.0001 (***%*),
parameter=528. Log rank p-value= 0.008 (**), FDR corrected=
0.038 (*).

For SHH: Log rank p-value= 0.013 (*¥), FDR corrected= 0.038 (*).
For WNTI: Log rank p-value= 0.047 (*), FDR corrected= 0.071
(ns).

Boxplots show mRNA expression levels across histology (non-tumor
vs. GBM), further broken down by GBM subtype (classical, mes-
enchymal, and proneural).

ated with stemness in cancer.

We showed that TERT, a known GBM regulator, was sig-
nificantly upregulated in tumor tissue relative to normal con-
trols (20.4-fold change in expression, Wilcoxon FDR-adjusted
p = 0.0030; Fig. 1). This is consistent with TERT having a
role in GBM tumorigenesis and cellular immortality3’. More
specifically, reports of TERTp mutations in a large proportion
of GBM cases reinforce the relevance of TERT expression in
GBM 38,39.

To explore potential connectivity with other cancer-relevant
pathways, a protein-protein interaction network (Fig. 2) re-
vealed a subnetwork involving TERT, SHH, and multiple
WNT family members (WNT1, WNT3, WNT6); however, it
should be interpreted as evidence of literature co-occurrence

rather than validated functional interaction in glioma. There-
fore, this network should be interpreted as a hypothesis-
generating framework that highlights candidate genes for fur-
ther investigation rather than confirmatory evidence.

Correlation analysis, used to quantify the degree of co-
expression (Fig. 3), demonstrated a moderate positive rela-
tionship between TERT, SHH, and WNTI. The consistent cor-
relation seen across datasets is compatible with, but doesn’t
establish, shared regulatory influences. In particular, the ob-
served correlation between SHH and TERT should not be
treated as a proxy for Hedgehog pathway signaling; grow-
ing evidence indicates that in cancer, ligand-independent ac-
tivation of HH-GLI signaling occurs through non-canonical
mechanisms such as transcriptional activation of GLI*?. Ac-
cordingly, the SHH-TERT correlation can be explained by
convergent transcriptional regulation through shared upstream
drivers. While WNT5A and WNT7B are more frequently re-
ported as upregulated across GBM cohorts, neither showed
a correlation with TERT comparable to that of WNTI in
the TCGA-GBM HG-U133A dataset (Fig. 3E). Therefore,
the TERT-WNT1 association identified in this study is likely
dataset-specific, and hypothesis generation from correlation
should be validated independently before mechanistic inter-
pretation.

As low-grade gliomas are precursors to GBM, an addi-
tional correlation analysis was performed on TERT, SHH, and
WNTI4!. However, the low-grade gliomas didn’t show the
same correlation patterns observed in GBM, which may indi-
cate that the correlation among TERT, SHH, and WNT1 sig-
naling becomes more prominent in higher-grade tumors or
throughout tumor progression.

The volcano plot shows asymmetry in up- or down-
regulation among the transcription factors, where a majority of
significant TFs were upregulated with a log, FC > 1 (17/19).
This pattern suggests that if an overlapping transcriptional net-
work between TERT, SHH, and WNT] is validated, it may
be characterized by TF activation. The transcription factors
with the largest fold change magnitudes include AR, TP53,
TCF12, MYC, E2F8, and EZH2. The dysregulation of MYC
and TP53 shown here is consistent with their well-documented
roles in the proliferation and genomic stability of gliomas*>*3,
TCF12 also has a proliferative role in glioma by participating
in cell cycle regulation and maintaining stemness in GSCs**.
EZH2-mediated phosphorylation was shown to contribute to
GSC self-renewal ¥#¢. E2F8, which exhibited the largest fold
change (log, FC = 7.25), has also been identified as partici-
pating in the proliferation of GBM tumor cells and was pre-
viously linked to the WNT pathway*’. While AR has been
extensively researched in prostate cancer as a central driving
force, its role in malignant gliomas remains a growing focus,
with overexpression having been consistently identified *®.

While survival analysis was primarily intended to assess
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clinical outcomes based on expression, it also provided ad-
ditional insight into TERT, SHH, and WNT associations. No-
tably, the Kaplan-Meier survival analysis (Fig. 5) showed con-
sistent differences between high- and low-expression groups
across all genes analyzed, approximately 1.6-2.2 months.
This consistency may suggest overlapping biology. Addition-
ally, the analysis indicated that patients with high TERT ex-
pression were associated with increased risk of death, partic-
ularly in the classical subtype, suggesting that TERT may be
prognostically relevant.

The mRNA expression distributions further support these
findings. Across the histology histogram, TERT expression
was elevated in tumor samples compared to non-tumor con-
trols. When further stratified by GBM subtype, expression
patterns varied; however, the classical subtype showed consis-
tently elevated levels. This subtype-specific expression pattern
may help explain the stronger association of elevated TERT
expression and reduced survival in classical GBM.

The trends of SHH and WNTI were similar yet less pro-
nounced, suggesting that while these genes may contribute to
tumor-associated pathways, their impact on survival may de-
pend on interactions with TERT. However, SHH showed the
most robust survival association after FDR correction across
both test types in all cohorts tested (all and classical), whereas
TERT, while surviving the log-rank correction, failed in the
Wilcoxon correction. Since the Gehan-Breslow-Wilcoxon test
weighs earlier event times more heavily, these effects may be
driven by later separation. WNT] failed to survive both correc-
tions, suggesting it doesn’t directly impact patient prognosis;
thus, overall these findings are hypothesis-generating.

While similar in Pearson correlation coefficients with TERT
compared to WNTI, insignificant p-values of WNT3 and
WNT6 in both the log-rank and Gehan-Breslow-Wilcoxon
tests suggest that these WNT family members may be inconse-
quential regarding survival times. It may be worth noting that
group sizes were relatively balanced in Kaplan-Meier curves
across all three genes (TERT: 99/99; SHH: 109/98; WNTI:
103/95), reducing the likelihood that differences in confidence
interval widths across genes are due to sample size imbalance.

These results suggest that, in GBM, TERT plays a role be-
yond its function as a telomerase catalytic subunit, through the
intersection of developmental and oncogenic signaling path-
ways, correlating to transcriptional and prognostic implica-
tions.

However, we acknowledge several limitations in interpret-
ing these results. This study relies on the TCGA database,
which reports mRNA expression but does not reflect protein
abundance or activity, potentially skewing observed trends.
Moreover, the sample size distribution in Fig. 1 shows an
uneven distribution of GBM tissue relative to normal tissue,
which can reduce statistical power and bias the median ex-
pression. Causation cannot be drawn from correlation in Fig.

3, so an experimental approach would be necessary to estab-
lish functional connections.

This study also relies on p-values across a large number of
comparisons, especially the analysis identifying 149 TERT-
associated genes and 41 shared transcription factors; conse-
quently, simultaneous testing elevates the risk of false pos-
itive associations. Multiple testing correction (Benjamini-
Hochberg FDR) was used to try to mitigate false positives.

Fig. 4 is also based on TFLink, which integrates ChIP-seq
data across diverse cell and tissue types; therefore, predicted
TF overlap may not reflect brain- or GBM-specific relation-
ships. In Fig. 5, survival analysis groups were categorized as
high or low expression based on dataset-specific cutoffs that
may vary across platforms. TERT exhibited a wider confi-
dence interval for median OS in the high-expression group,
which may reflect fewer patients remaining at risk in the up-
per survival tail rather than a sample size issue, as comparable
group sizes were noted in the previous paragraph.

The main findings of this study identified TERT as upregu-
lated in glioblastoma relative to normal tissue and found tran-
scriptionally correlated genes with TERT, including WNT1
and SHH. Protein-protein interaction mapping also identi-
fied 19 significantly up/down regulated TFs (FDR < 0.05 and
|log, FC| > 1), and near-uniform median OS across TERT,
SHH, and WNT1, pointing towards potential regulatory con-
nectivity.

With the previously discussed caveats in mind, these results
tentatively support the idea that TERT may not be limited to its
canonical role in telomere maintenance but also participates in
broader regulatory networks, including pathways responsible
for GBM stemness and heterogeneity. If supported by further
experimental validation, this would provide a potential molec-
ular link between telomerase activity and the phenotypes that
drive GBM recurrence and therapy resistance. Also, given
that telomerase dysregulation is observed in multiple malig-
nancies, understanding how TERT converges on developmen-
tal and oncogenic signaling pathways may have relevance be-
yond GBM, though this extension is speculative until further
evidence.

Several steps are needed to move towards a functional un-
derstanding of these associations. Because mRNA levels
don’t necessarily predict protein levels, causality, or enzy-
matic activity, direct experimental validation, such as knock-
down/overexpression of TERT with downstream monitoring
of the WNT1 and SHH pathways or protein-protein interaction
(PPI) assays, is necessary. Single-cell epigenomics may also
help determine whether TERT associations reflect a specific
tumor subpopulation such as stem cells. Expanding cohort
sizes would help address statistical and sampling limitations,
improving power and generalizability of these findings.
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