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Background: The elongation of telomeres endows cancer cells with the ability of replicative immortality. Nevertheless, the
connection between it and breast cancer (BC) has not been clearly defined yet.

Methods: In this study, expression data from multiple BC datasets were analyzed to discover differentially expressed telomere
maintenance-related genes (DE-TMRGs). Cox regression analyses were executed to determine prognostic genes, and a risk model was
constructed using these genes to predict survival outcomes. Independent prognostic analysis was executed to assess independent
prognostic factors. Enrichment analyses were conducted to determine pathways linked to the different risk groups. Immune infiltration
levels and immune checkpoint expression were analyzed across risk categories using various algorithms. A regulatory network
involving miRNAs and IncRNAs was constructed, and drug sensitivity was assessed. Mendelian randomization (MR) analysis was
executed to investigate causal relationships between prognostic genes and BC. Finally, the expression of prognostic genes was further
analysed at the single-cell level.

Results: A sum of 81 DE-TMRGs. Through univariate and LASSO regression analyses, five prognostic genes (WT1, TPRXL,
RADS54B, JUN, and SEPHS2) were identified to construct a risk model. This model successfully distinguished between high- and low-
risk categories with significant differences in survival rates. Immune profiling revealed the high-risk category had increased levels of
activated T cells. Eosinophil demonstrated a high correlation with prognostic genes. Furthermore, JUN (OR = 1.1333, P = 0.0085) and
RADS54B (OR = 1.0790, P = 0.0015) were identified as causal risk factors for BC. Single-cell RNA sequencing highlighted JUN’s
widespread distribution across multiple cell types, suggesting its crucial role in tumor progression.

Conclusion: TM-associated risk model based on WT1, TPRXL, RAD54B, JUN, and SEPHS2 could be used to predict prognosis and
treatment of BC.
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Introduction
Breast cancer (BC) is among the most prevalent cancers globally, especially affecting women at high rates." As of 2023, it
is estimated that BC has caused 43,170 deaths among women.” Currently, standardized multidisciplinary treatment
strategies have been established for BC,® encompassing endocrine therapy, chemotherapy, radiotherapy and targeted
therapy. For most early-stage BC patients, these therapeutic approaches significantly improve prognosis. Nonetheless,
numerous patients continue to be diagnosed when the disease is in its advanced stages, and sometimes tumors can recur or
spread, leading to less than ideal treatment results.* Therefore, the development of effective prognostic models to guide the
selection of appropriate therapeutic strategies and drugs is crucial for improving clinical management and outcomes in BC.
Telomeres are unique formations found at chromosome ends, mainly made up of repetitive DNA sequences and
related protein complexes. Their main functions include protecting chromosomes from degradation, rearrangement, and

fusion, as well as ensuring the stability of genetic information during cell division.” Telomerase is a ribonucleoprotein
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polymerase that maintains telomere length by adding telomere DNA repeat sequences to the 3 ‘-OH terminal of
telomeres.® Cancer cells exhibit telomerase activation, thus the elongation of telomeres provides cancer cells with the
ability to achieve “replicative immortality”.”* More and more evidence indicates a connection between BC and telomere
length.” Previous studies have shown that high telomerase activity is associated with poor prognosis of BC,'® and
telomere length may be a valuable prognostic biomarker for BC.!' Cancer cells establish “replication immortality” by
activating the telomere maintenance mechanism (TMM).'* Two major TMMs have been identified, including telomerase-
dependent (TEL) and alternative lengthening of telomeres (ALT) mechanisms.'> ALT-TMM is commonly observed in
tumors originating from mesenchymal tissues, such as osteosarcoma and liposarcoma, as well as in tumors of the central
and peripheral nervous systems or neuroendocrine systems.'’ Both telomere maintenance mechanisms have been
detected in BC and may be associated with specific histological subtypes or disease stages.'*'> Studies have shown
that elevated expression levels of core telomerase components, including HTERT and HTMLR, are closely correlated
with reduced overall survival in BC patients.'® Furthermore, other research has highlighted significant associations
between changes in telomere length and clinical characteristics of BC, such as tumor stage, recurrence, and metastasis.'"
Therefore, telomere maintenance plays a critical role not only in cancer cell growth and survival but also as a potential
prognostic biomarker for BC. Treating the great majority of cancer types by targeting telomere maintenance is an
exciting prospect.'> More and more evidence indicates that telomere maintenance-related genes (TMRGs) play
a significant role in the treatment of cancer.'” For instance, the small molecule inhibitor MST-312 can treat various
cancers, including BC, by inducing down-regulation of human telomerase reverse transcriptase (hTERT) expression,
reduction of telomerase activity and telomere shortening, thereby causing cell cycle arrest and apoptosis.'? In HER2
+ BC, the combination of telomerase antagonist Imetelstat and trastuzumab can inhibit the growth of human BC cells.'®
These examples prove that TMRGs are not only prognostic biomarkers but also intervenable targets. Therefore,
investigating the biological roles and molecular mechanisms of telomere maintenance in BC holds significant clinical
value for improving early diagnosis, optimizing therapeutic strategies, and enhancing prognostic evaluation.

The tumor immune microenvironment (TIME), composed of the interaction between the tissue environment
surrounding tumor cells and immune cells, has a significant impact on the prognosis of cancer.'”'® Studies have
shown that there are differences in immune cell infiltration among the molecular subtypes derived from TMRGs,
suggesting that TMRGs may play a role in mediating different TIME.!” TMRGs play a role in tumor microenvironment,
migration and invasion, angiogenesis and fibroblast activation in malignant tumors, which may promote the formation of
immunosuppressive environmental homeostasis in the tumor microenvironment.”® Studies have reported that the
telomerase catalytic subunit telomerase reverse transcriptase (TERT) promotes the formation of a tumor immunosup-
pressive microenvironment by activating endogenous retroviruses.”?! Research has found that different subtypes of
telomere maintenance mechanisms are associated with different patterns of immune cell infiltration in gastric cancer,
which indicates a complex interaction between telomere maintenance and the immune microenvironment.?® In conclu-
sion, telomere maintenance and the tumor microenvironment form a complex feedback regulatory network, and this
mechanism highlights the significant role of telomere maintenance in shaping the tumor microenvironment.”’ Malignant
breast cells interact with various cells of the immune system, influencing the proliferation, development, progression of
tumors and the efficacy of therapeutic interventions.?” Therefore, systematically clarifying the differences in the immune
microenvironment among BC patients classified by different TMRGs subtypes is of great significance for understanding
the immune regulatory functions of TMRGs and exploring new immunotherapy targets.

Telomere maintenance is a complex biological process involving the synergistic effects of multiple genes and
signaling pathways. We obtained the TMRGs from the TelNet authoritative database.?* > This collection itself contains
genes that are directly involved (such as telomerase components) and indirectly involved (such as enhancers, repressors,
transcription factor), as they collectively constitute the molecular basis underpinning the macroscopic phenotype of
telomere maintenance. This study utilized clinical information and transcriptomic data of BC from public databases to
explore the potential of TMRGs as prognostic biomarkers for BC and to uncover their underlying molecular regulatory
mechanisms using bioinformatics approaches. By analyzing BC transcriptomic data, we identified prognostic genes
associated with TM and conducted an in-depth analysis of their expression patterns, evaluating their roles in BC
prognosis. Clinical samples were employed to further verify the expression levels of prognostic genes. Subsequently,
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MR analysis was executed to explore the causal relationships between these prognostic genes and BC, shedding light on
the potential mechanisms by which TMRGs contribute to BC development and progression. We analyzed the immune
microenvironment and the expression levels of immune checkpoints in patients with different subtypes of TMRGs.
Additionally, this study examined the expression of these prognostic genes at the single-cell level, providing new
perspectives and data support for future clinical research.

Materials and Methods

Data Source

Expression matrix and survival data for BC patients were obtained from UCSC Xena database. The GDC TCGA Breast
Cancer (training set) comprised 1118 tumor samples and 113 control samples from BC tissues, with the goal of
identifying genes and constructing a risk model for disease prediction. The GSE20685 (validation set) and single-cell
dataset (GSE161529) of BC were obtained from the GEO database. The GSE20685 contained 327 BC tissue samples
was utilized to validate the risk model. The GSE161529 dataset contained single-cell RNA expression profiles of human
breast in normal, pre-cancerous, and tumorigenic states.

The GWAS dataset of BC (ebi-a-GCST90018799) and the eQTL GWAS data were obtained from the IEU
OpenGWAS database. Regarding the dataset ebi-a-GCST90018799, it included 257,730 samples, specifically
17,389 BC samples and 240,341 control samples, with a total of 24,133,589 SNP, and the ethnicity was European.
Furthermore, 411 TMRGs were obtained from TelNet database.”*

Recognition and Enrichment Analysis of Differentially Expressed TMRGs (DE-TMRGs)
In the analysis of the training set, differential expression analysis between tumor versus normal samples was conducted
utilizing the “DESeq2” package (v 1.34.0),%° pinpointing DEGs [|log,FC| > 1 and P < 0.05]. The DE-TMRGs were
identified through the intersection of DEGs with TMRGs. Subsequently, to explore the potential biological activities and
pathways associated with the DE-TMRGs, GO and KEGG pathway analyses were executed utilizing the
“ClusterProfiler” package (v 4.2.2)*" (P < 0.05).

Development and Validation of a Risk Model

The identified DE-TMRGs underwent univariate Cox regression analysis to determine genes linked to survival outcomes
(P < 0.01). To further streamline the selection of features, a LASSO regression model was implemented utilizing the
“glmnet” package (v 4.1-4),%® centered on survival-associated genes. Based on the expression levels of five prognostic
genes, the risk score for each BC patient was computed utilizing the following formula: risk score = Y (coefi = Xi).
We determined the optimal cutoff threshold employing the surv_cutpoint function, which classified BC patients into high
and low-risk categories across all cohorts. Risk curves were created to demonstrate the distribution of risk scores and the
survival status of BC patients. The expression levels of prognostic genes in all cohorts were visualized, and ROC curves
for 3, 5, and 7-year survival periods were constructed using the timeROC package (v 0.4),%° computing area under curve
(AUC) values to indicate predictive accuracy. Additionally, K-M survival curves were generated to compare survival
rates between two-risk categories across all cohorts. Finally, expression heatmaps were produced to display the levels of
prognostic genes in the two risk categories.

Correlation Analysis of Clinical Characteristics and Construction of Nomogram

In the training set, the correlation between risk scores and clinical features was further evaluated by analyzing differences
in risk scores across groups with varying clinicopathological characteristics. Furthermore, to assess the efficacy of the
risk model and clinical variables as independent prognostic factors, the risk score along with BC patients’ clinical
characteristics were progressively included in both univariate (P < 0.01) and multivariate Cox regression analyses. After
adjusting for the independent prognostic model, independent prognostic factors for BC patients were recognized.
Following this, a nomogram was developed to forecast the survival rates of BC patients using the rms package (v
6.5-1), and calibration curves were drawn to assess the predictive accuracy of the nomogram.
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Functional and Annotation Analyses

To conduct a more in-depth and detailed exploration of the signaling pathways associated with the two risk categories in
the training cohort, a series of rigorous analysis steps were taken. Firstly, the Spearman correlation analysis between the
risk score and all genes was performed utilizing the “psych” package. Subsequently, based on the c¢2.cp.kegg.v2023.1.Hs.
symbols gene set, the GSEA pathway enrichment analysis was executed with the help of the “clusterProfiler” package (v
4.2.2). The threshold conditions for the enrichment analysis were set as follows: [NES| > 1, P < 0.05. Subsequently, using
the GSVA package and the limma package, and taking the enriched gene set file (h.all.v2023.1.Hs.symbols.gmt) as the
data support, the GSVA enrichment analysis was conducted between the two-risk categories. In this analysis process, the
thresholds were set as |t| > 2 and P < 0.05 to draw the GSVA enrichment pathways, thereby presenting the differences in
gene enrichment between the two risk categories more intuitively.

Immune Analysis

The tumor microenvironment of the two risk categories were analyzed using the ssGSEA package. This method enabled
the identification of 28 distinct immune cell types across all samples in the training cohort, facilitating a thorough
comparison of immune infiltration levels between the various risk categories. The association between different immune
cell abundance and risk scores per patient was investigated with the support of Spearman correlation analysis. To further
enrich our understanding of the tumour microenvironment, we employed the ESTIMATE algorithm (v 1.0.13).*° This
yielded quantitative immune, stromal and ESTIMATE scores for each patient sample. The analysis aimed to reveal
fundamental differences in the tumour microenvironment between the two risk categories, revealing the intricate interplay
between tumour structure and patient prognosis. Ultimately, the research expanded its scope by examining the variations in

the expression of 38 immune checkpoints between the two risk categories (P < 0.05).

Constructing Regulatory Networks and Drug Sensitivity Analysis

To further dissect the intricate molecular regulatory mechanisms behind the identified prognostic genes, miRNA
(clipExpNum > 5) and IncRNAs (clipExpNum > 30) that might regulate these prognostic genes were retrieved from
the starBase database. Using these data, a comprehensive Cytoscape software was used to construct an IncRNA-miRNA-
mRNA network, highlighting the complex interactions between these molecular entities. Besides, the study queried 198
chemotherapy agents listed in the GDSC database (http://cancerrxgene.org). The sensitivity of the both risk groups to

these chemotherapy drugs was assessed by calculating and comparing the ICs, values using the oncoPredict package (v
0.2)*' (P < 0.0001 and ICs, < 0.01). Moreover, the CTD database (http:/ctdbase.org/) was utilized to identify potential
chemical compounds associated with these prognostic genes, aiming to gain insights into how these chemicals influence

gene expression and functionality.

Single-Cell Data Analysis

Using the expression matrix from the single-cell dataset GSE161529 sample as a basis, the data was first filtered using
the Seurat package (v 4.3.0).>? Cells containing fewer than 200 genes and genes covered by fewer than 3 cells were
filtered out. Also exclude cells with over 20% mitochondrial genes, remove cells with <200 and >6000 genes in the cell,
and remove genes with counts <200 and >40000. After log-normalisation of the retained data, 2000 highly variable genes
with high intercellular coefficients of variation were extracted for subsequent analysis using the vst method. PCA was
then performed on the high-variance genes. Based on the PCA displacement test and inflection plots, the PC values were
selected to cluster cells when they levelled off. Following the PCA dimensionality reduction, we conducted an
unsupervised clustering analysis of the cells using the FindNeighbors and FindClusters functions from the Seurat
package. The resulting cell clusters were then annotated based on marker genes for each cell type found in the
CellMarker database, with the identified cell types presented in a UMAP clustering visualization. Finally, we further
analysed the distribution of prognostic genes across cell types.
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Pseudo-Temporal Analyses and Cellular Communication Analysis

Pseudo-temporal analyses of key cells were performed using the Monocle software package (v 2.26.0)** and pseudo-
temporal trajectory maps of the cells were constructed, which were sorted according to the temporal ordering of each key
cell. These sequencing results show the dynamics of the cells in time, allowing further insights into the function and
developmental processes of each cell type or state. In addition, the expression of prognostic genes in the key cells was
visualised and analysed at different times. In this study, the CellChat package (v 1.6.1)** was used for intercellular
communication and interaction analysis to infer communication probabilities at the signalling pathway level by
calculating the communication correlations of all ligand-receptor interactions associated with each signalling pathway
and constructing ligand-receptor networks. To accurately determine the node sizes and edge weights of the networks
across various subgroups, we computed the maximum number of interactions and the interaction weights for each cell in
the Control and BC groups.

MR Analysis

This study adhered to the Mendelian reporting guidelines for randomized studies (STROBE-MR).*’ To further elucidate
the causal association between prognostic genes and BC, we performed MR analysis, considering the prognostic genes as
the exposure variable and BC as the outcome. MR studies are based on three essential assumptions: (1) there is a strong
and significant correlation between the instrumental variables (IVs) and the exposure; (2) the I'Vs are not associated with
any confounding factors; and (3) the IVs affect the outcomes exclusively through their effect on the exposure, without
any other paths. At the outset, we utilized extract_instruments function from “TwoSampleMR” package (v 0.5.8)*° to
extract exposure factors and filter out IVs exhibiting a significant correlation with exposure factors (P < 5*107°).
Subsequently, to remove IVs with LD from our analysis, we specified r* = 0.01 and kb = 100. We also calculated the
F-statistic and deemed IVs to be suitably robust when F > 10.

After the screening of IVs, we conducted MR analysis to investigate causal link between prognostic genes and BC.
Primarily, harmonise data function was utilized to harmonize effect equivalents with effect sizes, ensuring consistency
across datasets. Subsequently, MR analysis was performed utilizing the mr function alongside five algorithms: MR-
Egger, Weighted median, Inverse variance weighted (IVW), Simple mode, and Weighted mode. To assess the robustness
of the results, a sensitivity analysis was conducted.

RT-qPCR

This study collected 5 pairs of BC patients’ tumor and adjacent normal tissue samples from General Hospital of Taiyuan
Iron and Steel (Group) Co., Ltd. All participants executed informed consent forms. The study was approved by the
Medical Ethics Committee of General Hospital of Taiyuan Iron and Steel (Group) Co., Ltd. (Ethics ID: k202502). The
FastPure Complex Tissue/Cell Total RNA Isolation Kit (RC113-01, Vazyme, China) was used to extract total RNA from
tissue samples, and the Nano-500 micro-spectrophotometer was employed to evaluate RNA purity. Following the
manufacturer’s guidelines, RNA was reverse-transcribed into cDNA utilizing the ABScript III RT Master Mix
(RK20429, ABclonal, China). RT-qPCR was then conducted utilizing the Genious 2X SYBR Green Fast RT-qPCR
Mix (RK21205, ABclonal, China) to ascertain the expression levels of biomarkers. Relative gene expression normalized
to GAPDH was calculated utilizing the 2 **Ct approach. Primer sequences are enumerated in Table 1.

Western Blotting (VVB)

Proteins were extracted from 3 BC and 3 control tissue samples using RIPA buffer (P0013B, Beyotime Biotechnology,
China) and 100xPSMF protease inhibitor (CR2404006, Servicebio, China). Protein samples in equal quantities were
applied to SDS-PAGE and then transferred onto a PVDF membrane (0000279048, Millipore, USA). The membrane was
treated with 5% skim milk for blocking, followed by incubation with the primary antibody at 4°C overnight. Following
this, the secondary antibody was utilized, and protein bands were detected utilizing a chemiluminescence reagent. Protein
bands were quantified using ImagelJ software.
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Table | Sequences of Primers for Prognostic Genes

primer Sequences5’-3’

H-GAPDH F:5-GGAGTCCACTGGCGTCTTCA -3’
R:5’-GTCATGAGTCCTTCCACGATACC -3
RADS54B F:5’-GCCAAACACTGATGATTTGTGG-3’
R:5-CCTGAGAAGAATGCGAGATAGC-3’

SEPHS2 F:5’-TGAGGAGGAACGCGAAAAGG-3’
R:5’-CCAAGGGTTGACCACCGTTT-3
TPRXL F:5’-CAGGACCGCACAATCTACAAC-3
R:5’-GCGATTCTTGAACCACACCT-3
JUN F:5’-TCCAAGTGCCGAAAAAGGAAG-3’
R:5’-CGAGTTCTGAGCTTTCAAGGT-3’
WTI F:5’-CGACTCTTGTACGGTCGGC-3’

R:5’-TCACAGTCCTTGAAGTCACACT-3’

Statistical Analysis

All analyses were conducted utilizing R software (v 4.2.2). The R packages for visualizing DEGs include the “ggplot2”
package (v 3.4.1)*7 and “pheatmap” package (v 0.7.7).>® Group differences were assessed utilizing the Wilcoxon test. P <
0.05 was deemed statistically significant.

Results
Identification and Analysis of DE-TMRGs

An analysis of gene expression levels in tumor samples versus control samples from the GDC TCGA Breast Cancer
dataset revealed a total of 6289 DEGs. Of these, 3640 genes exhibited increased expression, while 2649 genes showed
decreased expression (Figures 1A and Figure S1). Subsequently, the intersection of the above-mentioned DEGs and 411
TMRGs was taken, resulting in 81 overlapping genes, which were named DE-TMRGs (Figure 1B). Then, GO and KEGG
enrichment analyses were executed to further analyze the molecular functions and action mechanisms of these DE-
TMRGs. In the GO analysis, it was found that from the perspective of BP, 623 entries were significantly enriched, such
as DNA recombination, DNA-templated DNA replication, and recombinational repair; from the aspect of CC, 38 entries
were significantly enriched, covering chromosomal region, chromosome, telomeric region, and transcription regulator
complex; from the perspective of MF, 69 entries were significantly enriched, including catalytic activity and DNA
helicase activity (Figure 1C). After that, 25 KEGG pathways were found to be significantly enriched, specifically
including the Fanconi anemia pathway, DNA replication, and Cell cycle, etc (Figure 1D).

Creation of a Risk Model Based on Five Prognostic Genes

After the identification of 81 DE-TMRGs, these genes were incorporated into a univariate Cox regression analysis.
Through this analysis, six genes that showed significant correlations with survival were screened out (Figure 2A). Among
them, five genes, namely WT1, TPRXL, RAD54B, JUN, and SEPHS2, passed the PH assumption test, and were
therefore further incorporated into the LASSO analysis. Ultimately, five prognostic genes were determined, namely,
WTI, TPRXL, RAD54B, JUN, and SEPHS2 (Figure 2B). The risk scores for each BC patient were determined using the
expression levels of these five prognostic genes. The optimal cut-off threshold (median) of the training set was 2.303, and
that of the validation set was 7.626. Therefore, we classified patients above the critical value as the high-risk group and
those below the critical value as the low-risk group (Figure S1). The K-M survival analysis indicated a significant
difference in survival rates between two risk categories. (Figure 2C). Specifically, the mortality rate of patients in the
high-risk category was higher. The AUC values of the ROC curve at 3 years, 5 years, and 7 years were 0.60, 0.62, and
0.65, respectively (Figure 2D). These results displayed that the prognostic risk model constructed with these five
prognostic genes can effectively predict the mortality status of BC patients, and the performance of the prognostic risk
model is relatively good. This result was further verified in the validation set (Figure 2E and F).
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Figure | Identification and functional enrichment analysis of DE-TMRG. (A) Volcano plots of differently expressed genes (DEGs) in BC and control. (B) Venn diagram
showing the intersection of DEGs with telomere maintenance related genes (TMRGs) to identify DE-TMRG. (C and D) Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway analyses highlight the biological functions and signaling pathways enriched among these DE-TMRG.

Association Between Clinical Characteristics and Risk Scores

The following analysis focused on examining the correlation between clinical characteristics and risk scores. In BC patients,
significant differences in risk scores were observed across various T stages. (Figure 3A). To assess whether the risk model
and clinical characteristics of BC patients could independently predict prognosis, we conducted a series of analyses.
Initially, we performed univariate Cox regression analysis incorporating various clinical factors and risk groups. The results
indicated that all included factors were significantly correlated with prognosis (P < 0.01) (Figure 3B). We then employed
the stepwise selection method to develop a multivariate Cox regression model. This analysis revealed that stage, age, and
risk score were significant independent prognostic factors (Figure 3C). Based on these results, we created a nomogram to
predict the 3-year, 5-year, and 7-year survival rates of BC patients (Figure 3D). To assess the accuracy of this nomogram,
we utilized a calibration curve, which showed a slope close to 1, indicating strong predictive capability (Figure 3E).

Functional Relevance of Distinct Risk Groups in BC

Subsequently, the enrichment analysis was conducted to further explore the pathways involved in the two risk groups.
The GSEA showed that the cell cycle, oocyte meiosis, DNA replication, and proteasome pathways were activated in the
high-risk category, while the dilated cardiomyopathy pathway was inhibited in the high-risk category (Figure 4A). The
GSVA further emphasized the pathways with differences between the two risk categories, including MTORCI signaling,
E2F targets, myogenesis, etc (Figure 4B).
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Multifaceted Analysis of the Immune Microenvironment Variations Among Patients
with Differing Risk Levels

We then analyzed the differences in the immune microenvironment across patients with varying risk levels. The bar chart
illustrated the abundance of 28 types of immune cells in the two risk categories (Figure SA). The box plot further
presented the significant differences in 14 types of immune cells between the two groups (P < 0.05) (Figure 5B). In terms
of immune cell infiltration levels, the high-risk category exhibited significantly higher levels of Central memory CDS8
T cells, Activated CD4 T cells, and Gamma delta T cells. Conversely, the low-risk category showed heightened
infiltration of Central memory CD4 T cells, Activated B cells, and Effector memory CD4 T cells. Additionally,
correlation study indicated that JUN had the highest positive correlation with Eosinophils (cor = 0.41, P < 0.05),
while RAD54B displayed the highest negative correlation with Eosinophils (cor = -0.39, P < 0.05) (Figure 5C).

The ESTIMATE analysis revealed that the Stroma Score and Estimate Score of patients in the low-risk category were
higher (P < 0.05) (Figure 5D). This implied that in the low-risk category, the stromal environment around the tumor
tissue might be relatively more conducive to the body’s immune defense against the tumor. Furthermore, it was found
that the expression levels of 19 immune checkpoint molecules differed significantly between the two risk categories (P <
0.05), and most of these molecules had higher expression levels in the high-risk category (Figure SE). This might be
because the immune system of high-risk patients was relatively weak in attacking tumors, so more immune checkpoint
molecules were needed to regulate the immune reaction to maintain the relative stability of the immune system.

Regulatory Network Construction and Drug Sensitivity Analysis

After conducting the prediction analysis, it was found that JUN could predict 51 miRNAs, comprising hsa-miR-200b-3p,
hsa-miR-200c-3p, and hsa-miR-137. SEPHS2 was able to predict 30 miRNAs, such as hsa-miR-19a-3p, hsa-miR-186-5p,
and hsa-miR-19b-3p. Additionally, RAD54B predicted one miRNA, specifically hsa-miR-186-5p, but no IncRNAs were
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identified. In contrast, TPRXL and WT1 did not predict any miRNAs during this analysis, which precluded their
inclusion in the subsequent network construction. Based on the above prediction situations, we successfully constructed
an IncRNA-miRNA-mRNA network, which contained 87 nodes and 98 edges, presenting complex interaction relation-
ships among the nodes and edges (Figure S3A). To understand how chemical substances affect the expression and
function of genes, we conducted predictions in the CTD database. The results displayed that the JUN was predicted to be
associated with 18 compounds; the RAD54B was predicted to be associated with 7 compounds; the SEPHS2 was
predicted to be associated with 6 compounds; the TPRXL was predicted to be associated with 2 compounds; and the
WT1 was predicted to be associated with 14 compounds. Among these predicted compounds, Benzo(a)pyrene, Arsenic
Trioxide, bisphenol A, titanium dioxide, Valproic Acid, CGP 52608, etc. were found to have a targeting relationship with
the prognostic genes (Figure S3B).

The results obtained from the drug sensitivity analysis showed that among the drugs ranked in the top ten in terms of
significance, the ICsy for each drug was reduced in the high-risk category. This situation might imply that patient-
sclassified as high-risk category possess a relatively high intrinsic sensitivity to chemotherapy drugs, which was related
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to the biological characteristics of the tumor, and might also predict a relatively good short-term prognosis for the
patients (Figure S3C).

JUN and RAD54B Associated with Elevated Risk of BC

After a rigorous screening process, it was found that no corresponding eQTL GWAS data could be retrieved for WT1 and
TPRXL. In view of this situation, we focused on exploring the possible causal relationships between RADS54B, JUN, and
SEPHS2 and BC. The exploration results showed that JUN and RADS54B had significant causal relationships with BC,
and both genes were identified as risk factors for BC (Table 2).

To enhance the credibility of the aforementioned findings, a sensitivity analysis was conducted. Among them, the
Cochran’s Q test showed that there was no heterogeneity in the results (P > 0.05) (Table S1); and horizontal pleiotropy
analysis revealed no confounding factors that could affect the outcomes (P > 0.05) (Table S2). Ultimately, the analysis
revealed that gradually removing each SNP did not significantly alter the effect of the remaining SNPs on the outcome
variable (Figure S4). This result showed that the results obtained from this MR analysis were reliable and had good
stability.

Single-Cell Analysis Revealed Expression of Prognostic Genes

Through a rigorous quality control process, the data was standardized (Figure S5A). Based on this, the top 2000 highly
variable genes were carefully chosen from all the genes (Figure S5B). These genes exhibited relatively significant
changes in their expression levels and could provide rich and valuable information for subsequent in-depth analysis.
Subsequently, in order to effectively reduce the data dimension without losing key information, the principal component
analysis method was adopted. Through comprehensive consideration and complex calculations of the data characteristics,
the top 30 principal components were finally selected from numerous principal components for further in-depth analysis
(Figure S5C). Next, we used the unsupervised clustering analysis method to process the data, and finally obtained 25 cell
clusters successfully (Figure 6A). Based on the characteristics of a series of marker genes, these 25 cell clusters were
further annotated as 8 cell types, namely T/NK cells, B cells, Endothelial, Epithelial, Fibroblasts, Mononuclear phagocyt,
Monocytes, and Pericytes (Figure 6B). Among them, the percentage distribution of Pericytes varied greatly between BC
and control groups (Figure 6C). Based on this, we further explored the distribution of prognostic genes in each of the
above cell types. After detailed analysis and statistics, we found that the distribution of the JUN on various cells showed

Table 2 The Result of MR Analysis for Prognostic Genes and BC

Outcome Exposure Method nsnp b pval or or_lci95 | or_uci95
BRCA eqtl- MR Egger 16 0.0841 | 0.3556 | 1.0877 | 0.9153 1.2926
a-ENSG00000177606 Weighted median 16 0.1248 | 0.0495 | 1.1329 1.0003 1.2831
Inverse variance weighted (fixed 16 0.1251 | 0.0085 | 1.1333 1.0324 1.2441
effects)
Simple mode 16 0.2049 | 0.0645 | 1.2274 1.0037 1.5009
Weighted mode 16 0.1519 | 0.0344 | 1.1640 1.0243 1.3229
BRCA eqtl- MR Egger 4 —0.3386 | 0.3006 | 0.7127 | 0.4412 1.1514
a-ENSG00000179918 Weighted median 4 —0.0205 | 0.8717 | 0.9797 | 0.7635 1.2570
Inverse variance weighted (fixed 4 —0.0550 | 0.5849 | 0.9465 0.7770 1.1530
effects)
Simple mode 4 0.1925 | 0.5666 | 1.2122 | 0.6736 2.1816
Weighted mode 4 —0.2533 | 0.1652 | 0.7762 | 0.5915 1.0186
BRCA eqtl- MR Egger 7 0.0348 | 0.6128 | 1.0350 | 0.9120 1.1750
a-ENSG00000197275 Weighted median 7 0.0845 | 0.0029 | 1.0880 1.0290 1.1500
Inverse variance weighted (fixed 7 0.0756 | 0.0015 | 1.0790 1.0290 1.1300
effects)
Simple mode 7 0.0920 | 0.0745 | 1.0960 1.0080 1.1920
Weighted mode 7 0.0745 | 0.0199 | 1.0770 1.0290 1.1280
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a relatively obvious bias, with a relatively large number of distributions on the cells. However no expression of TPRXL
was found in the annotated cells (Figure 6D). This finding might imply that the JUN may play a relatively important role
in cell-related physiological processes and the mechanism of disease occurrence and development.

In addition, the findings from the cell communication analysis indicated that, in comparison to the control group, the
intercellular communication in BC samples showed a significant increase (Figure 7A and B). This enhancement of
intercellular communication might have an important impact on many biological behaviors of tumor cells. Finally,
through the pseudotemporal analysis, we also discovered an interesting phenomenon. In BC samples, most of the samples
were mainly distributed in the late stage of pericytes differentiation (Figure 7C). Moreover, the JUN was expressed both

in the early and late stages of pericytes differentiation (Figure 7D). This phenomenon suggested that the JUN gene may
be involved in the whole process of pericytes differentiation.

Validation of the Expression of Prognostic Genes

To further corroborate the findings of the bioinformatics study, we successfully collected BC patient tissue samples and
their adjacent normal tissues. RT-qPCR results demonstrated significant expression differences of five prognostic genes
between the BC and control groups (Figure 8A). RAD54B, SEPHS2, and WT1 were highly expressed in the BC group,
while TPRXL and JUN exhibited the opposite expression pattern. WB results further confirmed this finding, showing
high expression of RAD54B and SEPHS?2 in the BC group, while JUN expression was low, with statistically significant
differences (Figure 8B). The experimental results aligned with the outcomes of the bioinformatics analysis.
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Discussion

The development of BC is intricately linked to telomere maintenance mechanisms. Research has indicated that in
most BC, telomerase activity is reactivated, enabling cancer cells to acquire unlimited proliferative capacity.’
Furthermore, irregularities in telomere maintenance can act as early markers for forecasting how BC patients will
respond to adjuvant therapy and as possible therapeutic targets.*” Research on telomere maintenance mechanisms has
provided new directions for BC treatment. For instance, targeting telomerase or alternative lengthening of telomeres
(ALT) pathways offers opportunities to develop specific therapeutic strategies for BC.*! These results highlight the
essential role of telomere maintenance in the onset and development of BC. However, the specific target genes related to
telomere maintenance in BC therapy remain unclear. In this study, we utilized the UCSC Xena database to establish
a prognostic model based on TMRGs, providing new insights for further exploration of BC mechanisms and precision
treatment strategies.

We conducted the first systematic study of TMRGs associated with BC prognosis. Using data from public databases,
we identified five prognostic genes (WT1, TPRXL, RAD54B, JUN, and SEPHS2) to construct a risk model. WT1 is
a classical tumor suppressor gene closely associated with Wilms tumor, a pediatric kidney cancer. It encodes a zinc finger
transcription factor involved in regulating various biological processes.*? Jablonowski et al found that the rate-limiting
step of telomerase activation is the transcription of TERT, and the knockdown and knockout of WT1 expression are
associated with the reduction of TERT transcription.** In recent years, the function of WT1 and its potential mechanisms
in BC have garnered significant attention. Research has indicated that WT1 expression is closely associated with
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Figure 8 The expression of prognostic genes in clinic samples. (A) The result of RT-qPCR. (B) The result of Western blotting. ***P < 0.001.

increased invasiveness and poor prognosis in BC.* A histopathological analysis further verified that WT1 protein levels
are notably elevated in breast tumor tissues than in normal tissues,* which is consistent with our results. Additionally,
overexpression of WT1 in BC cells significantly promotes cell proliferation and invasion, suggesting that WT1 may drive
cancer cell growth via modulating cell cycle-associated genes such as Cyclin D1.*® Notably, WT1 expression is also
closely associated with molecular subtypes of BC. Research has demonstrated that WT1 overexpression occurs across all
molecular subtypes of BC and is significantly linked to poorer survival outcomes.*” Moreover, the methylation state of
the WT1 promoter region could be crucial in the onset and development of BC. Studies have indicated that this
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methylation event is common during the early stages of BC.** In summary, the multifaceted roles of WT1 in BC suggest
that it could be an important therapeutic target with significant potential.

As a significant member of the AP-1 family, JUN is a transcription factor essential for cell proliferation, differentiation, and
apoptosis.*’ In cancer research, abnormal expression of JUN has been closely linked to the initiation and advancement of
multiple cancers. Studies have shown that JUN may indirectly affect telomere stability by influencing DNA repair and
signaling pathways, such as JNK signaling.”® In BC, the mechanisms involving JUN have become a key focus of research.
Studies have shown that aberrant expression of JUN is strongly correlated with BC development.®' Zhang et al reported that
overexpression of JUN may contribute to BC metastasis.”” It is worth noting that, as shown in this study, the expression level
of JUN in BC tissues was lower than that in adjacent tissues. This might be because the expression of the JUN gene is regulated
by multiple factors, including post-transcriptional regulation, post-translational modification, and the influence of the cellular
microenvironment. Recent studies have indicated that miR-10b can up-regulate the expression of c-Jun by regulating the
RhoC/NF1 pathway. If the expression level of miR-10b in the patient sample decreases, it will lead to a decrease in the level of
c-Jun.> Furthermore, although most literature reports that c-Jun is highly expressed in BC, some studies have observed that
the expression of INK (C-Jun N-terminal kinase) in BC tissues is lower than that in adjacent normal tissues.>® Therefore, in the
future, it is necessary to further verify the expression pattern of JUN and its exact biological function in larger sample cohorts
by combining different subtypes of BC. RAD54B is a key gene in the homologous recombination repair pathway, and its
mutations can lead to defects in DNA repair functions, thereby promoting tumorigenesis. DNA damage repair mechanisms
have attracted significant attention in studies on radiosensitization of BC. As a core protein in homologous recombination
repair, dysfunction of RAD54B may significantly affect the sensitivity of BC cells to radiotherapy. Earlier research has shown
that reducing RAD54B expression can increase the radiosensitivity of BC cells, leading to better treatment results.’
Furthermore, RAD54B shows unusual expression levels in different types of cancer. Studies indicate that RADS54B is
overexpressed in hepatocellular carcinoma cell lines and is linked to unfavorable outcomes. Suppression of RAD54B
expression not only significantly inhibits the proliferation and colony formation of hepatocellular carcinoma cells but also
impacts tumor progression by modulating the Wnt/B-catenin signaling pathway.’®>’ The telomeres of Rad54-deficient mice
are significantly shorter than those of wild-type controls, indicating that Rad54 activity plays a crucial role in maintaining
telomere length in mammals.”® In our study, experimental validation revealed high expression levels of RAD54B in BC
tissues, suggesting that it may participate in BC development through similar mechanisms. SEPHS?2 is a selenoprotein
involved in a critical step of tRNA aminoacylation.” Studies have indicated that this gene is highly expressed in triple-
negative BC (TNBC),® which aligns with our findings. However, its specific role and mechanisms in BC remain to be further
elucidated. On the other hand, research on TPRXL in BC remains limited. Qian et al found that this gene is closely associated
with the prognosis of BC patients,®’ corroborating our findings. Additionally, we observed low expression levels of TPRXL
in BC. However, its specific function and underlying mechanisms require further investigation. At present, there are relatively
few studies on SEPHS2 and TPRXL in the field of telomere maintenance, which also provides a direction for our future
exploration. In summary, these prognostic genes may play significant roles in the initiation and progression of BC and merit
further exploration for their potential clinical applications as therapeutic targets.

The advancement of BC is affected by multiple factors. In this research, we created a strong risk model that
accurately assesses the survival risk and prognosis for BC patients. Similarly, Tian et al constructed a prognostic risk
model based on extracellular matrix-related genes in BC using a comparable approach.®” Regarding the association
between clinical characteristics and risk scores, our research identified notable variations in risk scores among BC
patients at different T stages, suggesting a possible connection between risk scores and both tumor size and local
invasion. T stage reflects the extent of tumor progression; higher T stages are associated with increased invasiveness and
metastatic potential.®> These findings suggest that the risk model may capture tumor biological behavior and aggres-
siveness. In summary, the risk model developed in this study provides new perspectives and tools for BC prognosis
assessment. However, further optimization of the model, validation with larger cohorts, and exploration of interaction
mechanisms among various factors are needed to better guide clinical practice in the future.

Additionally, we conducted a comprehensive analysis of the immune microenvironment in BC patients across
various risk levels. The results revealed that the infiltration levels of activated CD4 T cells, central memory CD8
T cells, and yd T cells were significantly elevated in the high-risk group. This may reflect tumor-induced metabolic
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reprogramming or secretion of pro-inflammatory factors, leading to T cell exhaustion or a shift toward pro-tumor
functions.®**> Furthermore, ESTIMATE analysis showed that Stromal Score and Estimate Score were significantly
higher in the low-risk group. This indicates that the tumor stromal environment in low-risk patients may be more
conducive to immune defense against tumors. These results imply that the tumor microenvironment in the low-risk
group might prevent tumor growth by encouraging immune cell infiltration or preserving antigen presentation
functions.®® On the other hand, the expression levels of 19 immune checkpoint molecules were significantly elevated
in the high-risk group. This likely reflects an immunosuppressive characteristic of the tumor microenvironment in
high-risk patients. Overexpression of immune checkpoint molecules is often considered a key mechanism by which
tumors evade immune surveillance.

Single-cell analysis revealed the expression patterns of prognostic genes within the BC microenvironment and their
distribution across specific cell types. We annotated eight major cell types, among which pericytes showed significant
differences in proportional distribution between BC and normal control groups, suggesting their critical role in the tumor
microenvironment. Pericytes are essential contributors to angiogenesis, and their dysfunction is closely associated with
disrupted vascular homeostasis, invasion, and metastasis.®” Further analysis revealed that JUN, a prognostic gene
identified in our study, was expressed across multiple cell types and throughout all stages of pericyte differentiation
from early to late phases. This indicates that JUN may regulate pericyte differentiation or function to facilitate tumor
angiogenesis and thereby promote BC progression. Pseudotime analysis demonstrated that pericytes in BC samples were
predominantly at late differentiation stages, potentially linked to abnormal angiogenesis and enhanced tumor-supporting
invasive capabilities. Moreover, significantly enhanced intercellular communication observed in BC samples highlighted
the complexity of the tumor microenvironment and its critical impact on disease progression. These enhanced commu-
nications likely involve key signaling pathways such as TGF-f, VEGF, and Notch pathways, which have been shown to
play pivotal roles in angiogenesis, immune evasion, and drug resistance in BC.®*7° This study underscores the central
role of pericytes within the BC microenvironment and provides potential directions for targeted interventions. However,
we acknowledge certain limitations in our research. A robust multi-gene signature model requires external validation
across independent cohorts; thus, our proposed model needs further verification through multicenter clinical trials and
prospective studies. Additionally, experimental validation at the biological level is necessary for genes included in our
model to establish a foundation for clinical application.

Conclusion

In conclusion, we systematically analyzed telomere maintenance-related prognostic genes in BC and developed a robust
risk model. This model not only demonstrated a significant association with immune infiltration but also provided an
effective screening tool for the diagnosis and prognosis of BC. Furthermore, this study offers a novel approach to
exploring the relationship between BC and telomere maintenance mechanisms, laying a foundation for future research
and precision therapy.
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