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Abstract. - OBJECTIVE: Telomere length-re-
lated genes (TLRGs) play an important role in
multiple tumors; however, there is a lack of sys-
tematic reporting about their relevance in non-
small cell lung cancer (NSCLC). This study
investigated the relation between TLRG gene ex-
pression and the immunotherapeutic response
of patients with NSCLC.

MATERIALS AND METHODS: Differentially
expressed TLRGs in tumor tissues and normal
tissues were screened using Gene Expression
Omnibus (GEO) datasets. A univariate Cox re-
gression analysis was performed to identify the
optimal prognosis-related genes. A prognostic
risk model was constructed by using least abso-
lute shrinkage, selection operator, and multivar-
iate Cox regression analysis results. The model
was then evaluated by a Kaplan-Meier analysis,
functional enrichment annotation, and a receiv-
er operating characteristic curve analysis; after
which, it was validated in the TCGA dataset. The
model was used to predict immunotherapeutic
response and drug sensitivity.

RESULTS: An 18-gene prognostic signature
was developed and used to stratify NSCLC pa-
tients into a low- or high-risk group in GEO co-
horts. Patients in the low-risk group had better
survival possibilities than those in the high-risk
group, and showed significantly higher overall
survival times in the TCGA cohort. The risk score
was identified as an independent prognostic fac-
tor, when compared with other clinical factors.
ssGSEA scores showed that the risk model was
mainly linked to cancer- and immune-related
pathways. Importantly, the candidate risk mod-
el was linked to tumor immunity and predicted
a patient’s response to PDL-1 blockade immune
therapy. Several potential drugs that might tar-
get this model were identified.

CONCLUSIONS: This study provides broad
molecular signatures that can be used in fur-
ther functional and therapeutic studies of the
telomere system, and also represents an inte-
grated approach for characterizing key protein
complexes when creating a prognosis and iden-
tifying new targets for cancer immunotherapy.
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Introduction

Lung cancer is a major cause of cancer-related
death worldwide, and non-small cell lung cancer
(NSCLC) accounts for ~ 85% of all lung cancer
cases'?. Despite the considerable progress and
advances made in understanding lung cancer
biology and multimodality treatments, the prog-
nosis for lung cancer patients remains far from
satisfactory due to the usual late diagnosis of the
disease®. Some factors, such as tumor extension,
performance status, and histological type can be
used to predict a poor prognosis for NSCLC*?,
Up to now, a prediction of prognosis has main-
ly depended on the histopathologic diagnosis and
tumor stage. However, several different disease
outcomes have been observed in patients with
similar clinical and pathological signatures, sug-
gesting that the present clinical prognostic factors
adopted may be insufficient to accurately predict
the outcomes of NSCLC patients®. Consequent-
ly, there remains a need to discover new reliable
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prognostic biomarkers that can improve current
therapeutic strategies.

Telomeres are nucleoprotein complexes lo-
cated at the ends of eukaryotic chromosomes.
These specialized structures serve to protect
the linear chromosome ends from end-to-end
fusion, recombination, and degradation’®. The
association between telomere dysfunction, hu-
man carcinogenesis and disease progression
has become widely recognized”!?. Several ex-
perimental studies have found shorter telomere
lengths (TLs) in tumor tissues when compared
with corresponding adjacent para-carcinoma
tissues’. Furthermore, recent studies have re-
ported that an abnormal alternation (shortening
or lengthening) of TLs in peripheral blood leu-
kocytes is significantly associated with an in-
creased risk for multiple human malignancies,
including lung cancer'®'. Several studies'®!
have reported that NSCLC patients whose tu-
mors had shorter TLs experienced a more rapid
clinical progression of their disease. It is well
documented that TL integrity is maintained
by several TL-related components including
shelterin, telomerase complex, and DNA repair
proteins, which determine the balance between
processes that shorten or lengthen the telo-
mere'®. However, the complicated relationship
between telomer-related gene expression and
tumorigenesis/prognosis requires further de-
tailed analysis.

The immune escape of cancer cells is an im-
portant mechanism of tumorigenesis. Interest-
ingly, TL alterations were found to regulate can-
cer immune functions and re-program the tumor
microenvironment (TME)"”!. More specifical-
ly, TL shortening in leukocytes was reported to
reduce the immune response’. An investigation
of colon cancer patients with short relative telo-
mere lengths (RTLs) showed that those patients
had higher percentages of CD4+ T cells and the
lower percentages of B cells among their pe-
ripheral blood mononuclear cells. Additionally,
those patients had lower concentrations of plas-
ma transforming growth factor-pl, suggesting
that their immune functions had changed along
with their RTLs*. A similar observation was re-
ported in gastric cancer patients, where a short
RTL enhanced a patient’s immunosuppressive
status?'. These studies provided a glimpse into
the roles played by RTL in cancer immunity.
However, it has not been studied whether RTL
acts to regulate the TME in NSCLC patients.
When considering the great importance of the

TME in immunotherapy, a comprehensive study
is needed to determine the association between
TLRGs and the local immune status of NSCLC
patients. To gain a deeper understanding of how
TLRGs participate in NSCLC progression, we
obtained the expression profiles of 118 genes
from The Gene Expression Omnibus (GEO)
database. Our novel model is based on the op-
timal prognostic components of TLRGs, which
were identified by univariate Cox regression
analyses. A comprehensive analysis of multiple
levels of data was subsequently performed on
the risk model, with the variables being mRNA
expression, patient survival, immune signature,
and chemical compounds. Our integrated analy-
sis of TLRGs provides an important theoretical
resource for understanding TLRG biology, and
might assist in developing an accurate prognosis
for NSCLS patients and identifying therapeutic
targets.

Materials and Methods

Datasets Acquisition and Preprocessing

The expression profile data and detailed surviv-
al data of NSCLC patients were downloaded from
the GEO database (https:/www.ncbi.nlm.nih.gov/
geo/, Accession Number: GSE30219, GSE31210,
GSE37745, GSE50081) for further analysis.

Supplementary Figure 1 shows the workflow
for establishing the risk score model.

RNA-seq data and corresponding clinico-
pathological information for the external vali-
dation cohort were obtained from The Cancer
Genome Atlas (TCGA, https:/portal.gdc.cancer.
gov/) (Supplementary Table I). The “ComBat”
algorithm of the sva Package* was adopted to
eliminate batch effects. The expression data in
the TCGA dataset were log2 FPKM transformed
prior to analysis. All analyses in this study were
performed using the R (version 3.6.2) and R Bio-
conductor packages. In addition, patients with
advanced urinary tract transitional cell carcino-
ma or metastatic urothelial cancer treated with
immunotherapy were derived from two cancer
studies®?* (http://research-pub.gene.com/IMvig-
or210CoreBiologies; https:/github.com/hammer-
lab/multi-omic-urothelial-antipdll). The relation-
ship between TLRG_scores and immunotherapy
prognosis was analyzed using the Survival R
packages. The statistical significance of survival
differences between the low and high groups was
determined using the log-rank test.
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ldentification of Differentially Expressed
Telomere Length-Related Genes
(DE-TLRGS)

A total of 118 TLRGs were selected from the
published literature®, detailed information is pro-
vided in Supplementary Table II. Genes that
were differentially expressed in NSCLC and nor-
mal samples in the GEO cohort were identified
using the “limma” package (https://bioconductor.
org/packages/release/bioc/). A p-value < 0.05 was
considered to indicate a significant difference.

Development and Evaluation of the
DE-TLRG Prognostic Model

A univariate Cox regression analysis was per-
formed on the DE-TLRGs in the GEO cohort
to determine the prognostic value of those can-
didate genes in NSCLC. To prevent gene omis-
sions, a p-value<0.05 was set as the threshold,
and 49 survival-related genes were screened for
further study. The R package “glmnet” was used
to perform a least absolute shrinkage and selec-
tion operator (LASSO) Cox regression analysis to
narrow down the candidate genes. A total of 20
DE-TLRGs were included in a multifactor Cox re-
gression analysis, and a risk model comprising 18
DE-TLRGs was finally established. The prognos-
tic risk score model was established as follows:
Risk Score =, where coef () indicates the coeffi-
cients counted by the multivariate Cox regression
model, and represents a gene expression level®.
A score was then calculated for each patient with
NSCLC. Each patient was stratified into a high-
risk (high risk score) or low-risk (low risk score)
group based on the median value of their risk
score, and OS differences between the two sub-
groups were assessed in a Kaplan—Meier analysis
and by the two-sided log-rank test. The prognos-
tic performance of the model was measured by a
time dependent receiver operating characteristic
(ROC) curve analysis. A 1-, 3-, and 5-year ROC
curve analysis was performed using the “surviv-
al” and “survival ROC” R packages. Next, the
performance of the TLRG-based risk score model
was validated in the TCGA cohort using the same
method.

Independence of the Candidate
Risk Model

To determine whether the candidate prognos-
tic model could be used independently, and was
even superior to other predictors (e.g., age, sex,
and stage) in predicating the prognosis of patients
with NSCLC, multivariate Cox proportional haz-
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ards regression analyses were performed with the
training sets and validation sets.

Establishment and Validation
of a Predictive Nomogram

The predictive probabilities of the nomogram
and other parameters (age, sex, risk score, and
stage) for OS were generated. Correction curves
based on the Hosmer-Lemeshow test were used
to determine the uniformity between the clinical
outcome and model prediction outcome of each
patient.

Biological Pathway Analysis

To distinguish the difference in biological path-
ways between the two clusters, a Gene Set Vari-
ation Analysis (GSVA) was performed using the
R package, “gsva.” The gene sets “c2.cp.kegg.
v7.1.symbols.gmt” and ‘“h.all.v7.2” downloaded
from the Molecular Signature Database (http:/
software.broadinstitute.org/gsea/msigdb/index.
jsp) were selected as the reference gene sets.

Evaluation of the Immunological
Characteristics of the TME

A list of immunomodulators and immune cell
numbers was obtained from a recent publication
by TCGA immune response working group®”?.
The immunomodulators consisted of a group of
immunoregulatory genes involving antigen pre-
sentation factor, ligand, and receptor, which are
all critical for cancer immunotherapy. Spearman
correlation coefficients between expression lev-
els listed in the TLRG’s publication and levels
of immunomodulator mRNA expression were
calculated. To determine the immune cell land-
scape of NSCLC, the R package “gsva” was used
to perform a ssGSEA for the purpose of evaluat-
ing the level of immune infiltration (recorded as
the ssGSEA score) in a single sample based on
the expression of an immune cell-specific marker.
We also analyzed the Spearman correlation co-
efficients between TLRG’s expression levels and
levels of immune infiltration. Finally, differences
between the levels of immune cell infiltration in
the high- and low-risk groups were demonstrated.
Marker genes related to immune cell type were
obtained from an article published by Charoen-
tong et al*®.

Exploration of the Model
in Immunotherapeutic Treatment

The tumor mutation burden (TMB) score of
each patient in TCGA lung cancer cohort was cal-


https://www.europeanreview.org/wp/wp-content/uploads/Supplementary-Table-II-11277.pdf

TLRGs signature as a novel biomarker of prognosis and immune response in NSCLC

culated using the maftools R package®”. The TIDE
algorithm was employed to predict the likelihood
of an immunotherapeutic response in LUAD and
LUSC patients in the TCGA cohort®. Gene ex-
pression data prior to a PDL-1 immune check-
point blockade and overall survival data were
gathered from two cancer studies (patients with
advanced urinary tract transitional cell carcinoma
or metastatic urothelial cancer treated with PDL-1
immune checkpoint blockade therapy)?-*.

Results

Identification of DE-TRLGs in the Normal
and Tumor Tissues of Patients with
fNSCLC

The expression levels of 118 pyroptosis-related
genes from 34 normal and 896 tumor tissues were
compared in the GEO dataset. Those compari-
sons showed that 80 genes were differentially ex-
pressed; among which, 18 genes were downregu-
lated and 62 were upregulated (Supplementary
Table III). The differential expression of those
genes is shown in a volcano map (Figure 1A).

Development of a Prognostic Gene
Model for the GEO Cohort

A total of 896 NSCLC samples from corre-
sponding patients who had complete survival
information were screened. A univariate Cox re-
gression analysis was performed for the prima-
ry screening of DE-TRLG-associated prognostic
genes in the GEO training set (Supplementary
Table IV). A total of 49 DE-TRLGs were found
to have independent prognostic characteristics for
NSCLC (p <0.05) (Figure 1B). After conducting a
LASSO Cox regression analysis, a 20-gene signa-
ture was established based on the optimal A value
(Figure 1C, D). Subsequently, a multivariate Cox
ratio hazard regression analysis was performed to
identify independent prognostic factors. A total
of 18 DE-TRLGs showed a significant correla-
tion with OS in the training queue and were used
to develop a model for evaluating the prognostic
risk for NSCLC patients. To further investigate
the interactions of these pyroptosis-related genes,
a linear regression analysis was performed. Those
results demonstrated the co-occurrence (mutu-
ally exclusive) of 18 parameters; among which,
NEK2 and AURKB, NEK2 and NLK, NEK2
and HNRNPC, NEK2 and RAP1A, NEK2 and
HSP90AAI1, RAPIA and POLA2, and RAPIA
and AURKB exhibited significant correlations

(Figure 1E). Subsequently, a protein-protein in-
teraction network was established using the
STRING database and Cytoscape software®.
The minimum required interaction score for the
protein-protein interaction network analysis was
set at 0.9 (the highest confidence); the top 10 hub
genes identified are shown in Figure 1F.

Based on the median value of the risk scores,
all the candidate samples were assigned low- and
high-risk groups (Supplementary Table V). Pa-
tients in the low-risk group (n = 448) had a better
prognosis than those in the high-risk group (n =
448) (Figure 2A). A significant difference in OS
time between the low- and high-risk groups was
detected (p < 0.0001, Figure 2C). To further de-
termine the sensitivity and specificity of the prog-
nostic model, a time dependent ROC analysis was
performed. The result demonstrated a good pre-
dictive ability for the 1-, 3- and 5-year OS rates,
with area under the ROC curve (AUC) values of
0.691, 0.69, and 0.673, respectively (Figure 2E).

Evaluation of the Prognostic Signature
in the TCGA Cohorts

In order to prove that the prognostic model
had a similar predictive capability in different
populations, the TCGA cohort was utilized as an
independent external validation set. All eligible
NSCLC patients in the TCGA cohort were divid-
ed into a low-risk group (n = 495) and high-risk
group (n = 495), respectively (Supplementary
Table VI). Patients with a high-risk score had
shorter survival times and higher death rates than
those with a low-risk score (Figure 2B). Further-
more, a Kaplan—Meier analysis also showed a
significant difference in the survival rate between
the low and high-risk subgroups (p < 0.0001, Fig-
ure 2D). An ROC curve analysis of the validation
cohort indicated that the risk model generated by
the TCGA validation set also had a strong predic-
tive capacity (AUC = 0.612 for 1-year, 0.636 for
3-year, and 0.611 for 5-year survival) (Figure 2F).

Determination of the DE-TRLG Signature
as an Independent Prognostic Factor

To further examine whether the risk score
could serve as an independent prognostic factor,
a multivariable Cox regression analyses was per-
formed. The result showed that the risk score was
an independent prognostic factor (HR = 0.57, 95%
CI: 0.47-0.7 and HR: 0.58, 95% CI: 0.47-0.71) for
patients with NSCLC in the GEO cohort (Figure
3A) and TCGA cohort, respectively (Figure 3B).
The concordance index of the risk score and AUC
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Figure 1. Construction of a prognostic model based on telomere-related genes. A, Volcano map of differentially expressed
telomere-related genes in the normal samples and tumor samples. B, Univariate Cox regression analysis for differentially
expressed telomere-related genes. The horizontal box plot represents the 95% confidence interval of the HR value. The green
dashed line perpendicular to coordinate 1 is used to distinguish whether a gene is a protective factor or risk factor. The HR,
95% CI, and specific p-value are also displayed. C-D, Least absolute shrinkage and selection operator analysis; Log (1) is the
tuning parameter related to survival time. E, Analysis of gene expression correlation of the model-building genes. F, Analysis
of the protein interaction network of model-building genes.
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Figure 2. Prognosis analysis of patients in the high and low risk groups in two cohorts. A-B, The top part is the GEO or TCGA
patient’s risk score distribution predicted by the telomere-related gene model. The middle part is the GEO or TCGA patient’s
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were evaluated to better illustrate the uniqueness
and susceptibility of risk scores. The concordance
index and AUC of the risk score were always
greater than those of other clinicopathological
characteristics along with prolonged time, indi-
cating that the prognostic risk model of 18 DE-
TRLGs for NSCLC was comparatively depend-
able (Figure 3C-F).

Construction and Evaluation of the
Prognostic Nomogram

In order to develop a clinically applicable
method for predicting the prognosis of NSCLC
patients, a prognostic nomogram was established
to predict the survival probability at 1, 3, and 5
years based on the GEO training set. Four in-
dependent parameters (age, gender, risk score,

and stage) were incorporated into the prediction
model (Figure 4A). The Correlation diagram also
demonstrated excellent agreement between pre-
diction and observation for the 1-, 3- and 5-year
OS probabilities of the patients (Figure 4B-D).

Function Analysis of the Low and High
Risk Groups

In addition to telomere maintenance, TRLGs
have also been reported to regulate multiple bio-
logical processes*. To investigate the biological
pathways associated with the TRLG-based mod-
el, a GSVA analysis was performed to confirm the
signaling pathways characteristic of the high- and
low- subgroups (Supplementary Tables VII and
VIII). That analysis revealed both positive and
negative correlation pathways in a context-depen-
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Figure 3. Identification of independent prognostic factors and a comparison of prognostic ability with clinical factors. A-B, A
multivariate Cox regression model analysis, which included gender, age, pathological stage, and risk score in the GEO cohort
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dent setting. Cell proliferation-related pathways
such as E2F targets, G2M checkpoint, and MYC
targets were found to be enriched in the high-risk
group, confirming the fact that TRLGs are essen-
tial regulators of cell growth and the cell cycle
(Figure 5A, B). Some metabolic-related pathways,
for example fatty acid metabolism and histidine
metabolism, were mostly grouped in the low-risk
score subgroup, which was consistent with previ-
ous observations that RAP1 inhibits fat accumu-
lation® (Figure 5A, B). Because accumulating ev-
idence indicated that the TRLG-based model was
also associated with tumor immunity'”234, we
next focused on immune pathways. Intriguingly,
we found a substantial number of immune-related
pathways that were enriched in the two clusters;

these pathways included inflammatory response,
allograft rejection, interferon gamma response,
and IL6-JAK-STAT3 signaling (Figure 5A, B).

Estimation of the Tumor Immune
Microenvironment and Cancer
Immunotherapy Response via the TRLG
Risk Model

To better understand the molecular link be-
tween our TRLG-based model and tumor immu-
nity, we calculated the correlations of the TRLGs
with a panel of immunomodulators that play cru-
cial roles in immunotherapy?”*8. We observed that
the expression of most immunomodulators was
highly correlated with the expression of TRLGs
(Figure 6C). By examining the correlations be-
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tween the RLGs-based model and numbers of rithm was adopted (Supplementary Table IX).
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Figure 6. The tumor microenvironment status of GEO non-small cell lung cancer. A, Correlation analysis of expression
of telomere-related genes and immunomodulator-related genes. B, Comparison of immune cell infiltration in different risk
groups. C, Correlation between a patient’s telomere-related gene expression and amount of mmune cell infiltration.

correlated with the level of immune cell infiltra- effector memory CD8 T cells, and activated B
tion (Figure 6A). We also found that immune acti- cells, were clustered in the low-risk group (Figure
vated cells, such as central memory CD4 T cells, 6B, Supplementary Table X), while the layout
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of the high-risk group showed an immunosup-
pression pattern. When taken together, these data
indicated that TRLGs were notably associated
with cancer immunity, including the regulation
of immunomodulators and the numbers of tumor
infiltrating immune cells in NSCLC.

A major effort has been made to identify bio-
markers (e.g., TMB and PD-L1 protein levels) that
can be used to predict a patient’s response to im-
munotherapy**~®. Considering that the TRLGs-
based model in this study appeared to be associ-
ated with the immune microenvironment of the
tumor, we examined the ability of the TRLGs-
based model to predict the response of patients to
ICB therapy. To achieve this goal, the TIDE algo-
rithm was used to predict the response of NSCLC
patients in the TCGA cohort to immunotherapy.
The results showed that the TMB value of the
high-risk group was higher than that of the low-
risk group, and the prediction of immunotherapy
effect in the high-risk group was also better than
that in the low-risk group (Figure 7A, B). We also
verified our model in another type of cancer. Two
immunotherapy cohorts (the IMvigor210 cohort*
and the bladder cancer cohort®*) were retrieved
from the public resource. We found that patients
in the low-risk group exhibited significant clini-
cal benefits and had a markedly prolonged overall
survival time in both anti-PD-L1 cohorts (Figure
8A, B). The 348 patients in the IMvigor210 cohort
showed different degrees of response to a PD-L1

blocker, including complete response, partial re-
sponse, stable disease, and progressive disease.
As expected, the complete response patients had
much lower risk scores than patients with oth-
er types of responses (Figure 8C). A Fisher test
performed on the two subgroups also revealed a
distinctly better therapeutic response in the low-
risk group (Figure 8D). In addition, the TMBs and
neoantigen burdens in the low-risk group greatly
exceeded those in the high-risk group (Figure SE,
F), which may partially explain the survival ad-
vantage and greater benefit of ICB treatment in
the low-risk group. In summary, the collective
data suggested that the established risk model
could serve as indicator for predicting a patient’s
response to anti-PD-L1 immunotherapy.

ldentification of Potential Compounds
Targeting the TRLG Risk Model

To search for candidate compounds targeting
the candidate model, we used the pRRophetic al-
gorithm to predict the IC, values of compounds
obtained from the Genomics of Drug Sensitivity
in Cancer (GDSC) website in the GEO NSCLC
cohort. Based on the GDSC database, we iden-
tified 110 highly relevant chemicals between the
high-risk and low-risk groups. The high-risk
group was more sensitive to 53 of the compounds,
while the low-risk group was more sensitive to
the other compounds (Supplementary Table
XI). Figure 9 shows the top 10 compounds that

A
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Figure 7. Prediction of risk score for immunotherapy response in the TCGA cohort. A, Comparison of TMB scores between
high and low risk groups of patients in the TCGA cohort. B, Comparison of TIDE prediction scores between high and low risk

groups of patients in TCGA.
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might be further studied in NSCLC patients in
the high-risk group. These results suggest that
the candidate risk model is associated with drug
sensitivity, and therefore the risk score might be a
promising biomarker for establishing appropriate
treatment strategies.

Discussion

Increasing evidence shows that an altered TL
in cancer cells might enable the cells to metas-
tasize and cause recurrent disease, and as a con-
sequence, could be a predictor of clinical out-
come**, Thus, a comprehensive analysis of TL
regulators is essential for understanding tumori-
genesis and designing a telomere-based therapy.
Although some evidence suggests that a single
TL regulator is related to a patient’s prognosis***
and cancer immunity'??'24%_ the relationship be-
tween 118 TL regulators and OS and TME has
not been thoroughly analyzed in a case of cancer.
By mining the TCGA and GEO profiling data, we
constructed and validated a robust 18-gene prog-
nostic model on the basis of TRLG signatures via
a set of bioinformatics. The result revealed that
the model could not only predict the prognosis of
patients with NSCLC, but also serve as an indica-
tor of immunotherapeutic response.

In this project, we first identified 80 DE-TRLGs
based on the GEO database, and then confirmed
the prognostic ability of 49 genes. A number of
tools has been introduced to narrow down the

candidate genes**. In this study, LASSO with high
specificity and widely application was applied to
identify the candidates. Consequently, 18 cgenes
were used to develop a TRLGs-related risk model
to predict the OS of patients with NSCLC. Sub-
sequently, all the patients were assigned to high-
and low-risk groups based on their intermediate
risk score, and the high-risk subgroup was closely
associated with a worse prognosis (Figure 2A-D,
Supplementary Table V). To further assess the
prognostic value of the candidate model, a mul-
tivariate Cox regression analysis was performed.
Those results indicated that the 18-gene signature
was an autocephalous risk factor for OS (Figure
3A-B). An ROC analysis demonstrated that the
risk score of this model was superior to conven-
tional clinical features in predicting the prognosis
of NSCLC. Importantly, the information derived
from an established a nomogram showed excel-
lent agreement between the observed and predict-
ed rates of 1-year, 3-year, and 5-year OS (Figure
4A-D). Last but not least, the prognostic power of
the 18-gene signature was externally validated in
the TCGA lung cohorts. All the outcomes showed
that the candidate risk model independently as-
sociated with OS was fairly accurate and could
serve as a novel biomarker in further investiga-
tions.

In our functional analysis, 18 DE-TRLGs were
enriched in cell cycle- and proliferation-related
pathways (Figure 5A-B). Genes associated with
E2F targets, G2M checkpoint, and Myc targets
were positively correlated with the DE-TRLGs.
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Figure 9. Identification of novel candidate compounds targeting the risk model.
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We found that 18 DE-TRLGs worked synergis-
tically with these proliferation-related genes to
ensure proper cell growth, suggesting that 18
DE-TRLGs were needed for the rapid division of
cancer cells. Besides cell-cycle-related pathways,
negative correlations were found between the 18
DE-TRLGs and immunological signatures, sug-
gesting that 18 DE-TRLGs played crucial roles in
tumor immunity. Lastly, we also found that sever-
al metabolic-related pathways including fatty acid
metabolism and histidine metabolism were most-
ly concentrated in the low-risk subgroup, which
was in agreement with previous research showing
that RAPI could function as a metabolic regula-
tor by suppressing fat accumulation™®.

A recent study reported that the level of telo-
mere-binding protein RAP1 was predictive of the
success of chemotherapy in breast and colon can-
cer®. Our study showed that the risk model based
on 18 DE-TRLGs was highly correlated with the
TME in terms of immunomodulators and immune
cells (Figure 6A-C). Therefore, we speculated that
the 18-DE-TRLG signature could be regarded as
an adequate marker for predicting a patient’s re-
sponse to cancer therapy, including chemotherapy,
targeted therapies, and immunotherapy. To verify
this hypothesis, a comprehensive analysis of poten-
tial therapeutic effects on patients in the high- and
low-risk groups was performed. We found that the
18-DE-TRLG signature was associated with sensi-
tivity to drugs. Additionally, we also found that the
risk model could predict the response of patients to
anti-PD-L1 immunotherapy (Figure 8C). By iden-
tifying different degrees of response to a PD-LI
blocker, we concluded that the patients in the low-
risk subgroup would display a favorable response
in the IMvigor210 cohort. These data indicated
that the model based on an 18-DE-TRLG signature
could be utilized to predict a patient’s response to
treatment with a PD-L1 blocker.

Conclusions

We systematically analyzed an 18-DE-TRLG
signature which could affect the TME and predict
the prognosis of patients with NSCLC. In addi-
tion, the newly developed risk model also pre-
dicted the therapeutic utility of telomere-targeted
therapy and immunotherapy. This project verified
the clinical significance of the telomere system
and may facilitate the development of personal-
ized immune-based therapeutic strategies for NS-
CLC patients.
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