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Abstract
Background: Accumulating evidence has supported that long non-coding ribonucleic acids (lncRNAs)
could act as essential regulators in cancer immunity. An immune-related lncRNAs (irlncRNAs) risk
signature without speci�c expression value was established to accurately predict prognosis in patients
with breast cancer (BRCA).

Methods: First, irlncRNAs were identi�ed using co-expression analysis and differential expressed
irlncRNAs (DEirlncRNAs) were recognized by “Limma” package. Then, DEirlncRNA pairs were determined
using an iteration loop and a 0-or-1 screening matrix. Next, single factor test and Lasso algorithm
followed by multivariate Cox regression were employed to establish risk signature. Besides, the Akaike
information criterion (AIC) values were calculated to recognize the optimal cut-off point of low- or high-
risk groups. Additionally, the potential role of risk score was explored in terms of overall survival, clinical
variables, tumor immune microenvironment features, immunotherapeutic targets, and TMB (tumor
mutation board) statues.

Results: A total of 946 irlncRNAs were determined and 188 DEirlncRNAs were identi�ed. 15 DEirlncRNA
pairs were introduced into establishment of prognostic signature, which harbored powerful and
independent predictive prognostic ability. Taking advantage of AIC values, risk model was demonstrated
to accurately distinguish samples from the viewpoint of clinical outcome, clinicopathological features,
in�ltrating immune cells, and immunosuppressive biomarkers. Besides, comprehensive prognostic
nomogram was constructed to quantitatively estimate risk. Finally, synergistic effect of risk score with
TMB value was corroborated.

Conclusions: The DEirlncRNA pairs risk signature without speci�c expression value possessed excellent
prognostic performance and may provide direction for immunotherapy in BRCA.

1. Background
The morbidity of breast cancer (BRCA), one of the most malignant cancer, are reported to be 2.1 million in
over 100 countries. Additionally, The disease was also the leading cause of women tumor-related death in
2018 worldwide(1). Despite considerable improvements in clinical comprehensive treatments, the cruel
reality is that prognosis of breast cancer is still unsatisfactory, mainly caused by metastasis(2, 3).
Additionally, BRCA was well characterized with high intra- and inter-tumor heterogeneity and of which
pathological manifestations and medicinal outcome vary from person to person(4). It was, therefore, of
great urgency to identify the molecular indicators underlying tumor progression to contribute insights into
improving prognosis for advance therapeutic purposes.

The recent clinical success of immune checkpoint therapy in multiple type of malignancies presented its
potential in lifesaving(5). Nevertheless, immunotherapy has yet to realize its full potential in BRCA, the
most formidable challenge against immunotherapy was its immunologically quiescence. Given
immunotherapy harnessed the immune system to battle tumor, recent researches have placed emphasis
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on tumor in�ltrating immune cells (TIICs) as well as their functional programs in progression and
recurrence in BRCA(6). Some studies have shown that patients with early-stage triple-negative breast
cancers harboring greater numbers of T cells have a substantially improved prognosis and longer overall
survival(7, 8). These results suggested the pivotal roles of the tumor immune microenvironment (TIME) in
shaping the progression of tumor and e�cacy immunotherapy.

The long non-coding RNAs (lncRNAs) are characterized with transcripts of the length of 200 nucleotides
or more and do not get translated into proteins(9). The role of lncRNAs playing in the process of cancer
immunity is being explained step‐by‐step. So far, a considerable amount of studies have reached a
consensus that lncRNAs play an extensive regulatory role in cancer immunity, such as antigen release,
immune cell migration and in �ltration, antigen presentation, and immune activation (10, 11). Mineo
Marco et al reported that INCR1 knockdown sensitizes tumor cells to cytotoxic T cell-mediated killing,
improving CAR T cell therapy (12). Another research found that interference lncRNA SNHG1 could inhibit
the differentiation of Treg cells via regulating miR-448/IDO, thereby impeding the immune escape of
breast cancer (BRCA)(13). Moreover, there were accumulating establishment of prognostic signatures
based on multi genes and corresponding gene expression in prognosis prediction, and recurrence
monitoring of cancer (14, 15). Notably, combinations of two-indicator harbored superiority of prognostic
accuracy compared with simple genes(16). However, few risk signatures have revealed the function of
lncRNAs in this setting, especially in BRCA.

Herein, a novel and robust modeling algorithm, paring, and iteration were employed to establish an
immune-related lncRNAs signature without requirement of any speci�c expression levels. The prognostic
performance of risk signature was validated using comprehensive analyses. Additionally, prognostic risk-
clinical nomogram was developed to facilitate clinical practice. Furthermore, the potential role of risk
signature in TIME characterization and immunotherapy was investigated. Finally, the synergistic effect of
risk score with TMB was demonstrated. In summary, immune-related lncRNAs risk score was explored to
serve as robust predictive indicator and prognostic biomarker, contributing insight into
immunotherapeutic treatment for BRCA.

2. Materials And Methods

2.1 Collection of RNaseq Data and Somatic Mutation Data
mRNA expression pro�ling for BRCA samples compared with normal tissues were obtained from The
Cancer Genome Atlas (TCGA) database (https://tcga-data.nci.nih.gov/tcga/). Their corresponding clinical
information were also downloaded from the TCGA-BRCA project. The mutation �les which were obtained
through the “varscan variant aggregation and masking” platform for subsequent analysis. We prepared
the Mutation Annotation Format (MAF) of somatic variants and implemented the “maftools”(17) R
package. There was no necessity to obtain Ethics Committee approval since all information were publicly
available and open-access.

2.2 Identi�cation of Immune-Related lncRNAs(irlncRNAs)
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Annotation �les were downloaded from Ensembl (http://asia.ensembl.org) to identify the protein-coding
genes and non-coding genes for subsequent analysis. Brie�y, genes were distinguished as mRNAs or
lncRNAs based on their Refseq IDs or Ensembl IDs, and only the long non-coding genes in NetAffx
Annotation �les were retained. The immune-related genes (ir-genes) was obtained through the ImmPort
data portal (http://www.immport.org). And a list of 2,483 immune-related genes were employed to
determine irlncRNAs by using correlation analysis between all lncRNAs and ir-genes. The lncRNAs with
square of correlation coe�cient |R| > 0.4 and P < 0.001 was recognized as irlncRNAs.

2.3 Distinguish of DEirlncRNAs (Differential Expressed
Immune-Related lncRNAs)
Taking advantage of the “Limma” package with |log2FC| >1 and False Discovery Rate (FDR) < 0.05, the
DEirlncRNAs between tumor tissues and normal samples were screened. With the help of package
“pheatmap”, heatmap was plotted to present the expression difference.

2.4 Establishment of DEirlncRNAs Pairs
The DEirlncRNAs were cyclically singly paired, and a 0-or-1 matrix was constructed assuming C is equal
to lncRNA A plus lncRNA B; C is de�ned as 1 if the expression level of lncRNA A is higher than lncRNA B,
otherwise C is de�ned as 0. Then, the constructed 0-or-1 matrix was further screened. No relationship was
considered between pairs and prognosis if the expression quantity of lncRNA pairs was 0 or 1 because
pairs without a certain rank could not properly predict patient survival outcome. When the amounts of
lncRNA-pairs of which expression quantity was 0 or 1 accounted for more than 20% of total pairs, it was
considered a valid match.

2.5 Construction of Risk Signature
Firstly, univariate Cox regression analysis was implemented, followed by least absolute shrinkage and
selection operator (LASSO) regression using the R “glmnet” package. Next, the frequency of each
DEirlncRNAs pair in the 1,000-times-repeated Lasso regression was recorded and pairs with frequency
more than 100 times were introduced into Cox proportional hazard regression analysis then
establishment of risk signature. The AUC value of each risk signature was also computed and presented
in ROC curve. The calculation procedure was terminated until ROC curve obtained the maximum AUC
value which suggesting risk signature the best candidate. The prognostic ability of risk score for 1/2/3-
year overall survival was evaluated by plotting ROC curves and calculating the AUC values. The riskScore
based on constructed risk signature was calculated as the following formula: RiskScore=∑ki = 1βiSi. The
AIC values of every points of the 1-year OS ROC curve were counted to determine the maximum in�ection
point, which was employed as the cut-off point to strati�ed samples into high- or low-risk groups.

2.6 Validation of Risk Signature
First, K–M survival analyses were performed to recognize the overall survival distinction between low- or
high-risk samples. Furthermore, univariate and multivariate Cox regression were employed for prognostic
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validity of risk score as an independent indicator. The R packages “survival”, “survminer”, and
“pHeatmap” were employed in above analysis.

2.7 Risk Score with Clinical Characteristics
To elucidate the clinical signi�cance of risk score, chi-square test was performed to reveal correlation of
risk score with such main clinicopathological variables as gender, age, pathological staging, and TNM
categories was performed. Wilcoxon signed-rank test was used to compare the riskScore among distinct
subgroups based on clinicopathological features. To further validate whether constructed signature
remained great prognostic validity when BRCA samples assigned into distinct subgroups according to
clinical characteristics, strati�cation survival analysis was conducted. The R packages
“ComplexHeatmap”, “limma”, “ggpubr”, “survival”, and “survminer” were employed in above analysis.

2.8 Development of Prognostic Nomogram
To construct a quantitative risk model to predicting overall survival rate, a nomogram including risk score
and other clinical variables to predict 1/2/3-OS probability. Subsequently, the calibration curve which
shown the prognostic value of as-constructed nomogram was developed.

2.9 Risk Score with TIME characterization
To uncover the correlation between the risk score and tumor in�ltrating immune cells, we implemented
the seven methods including XCELL, TIMER, QUANTISEQ, MCPcounter, EPIC, CIBERSORT, and
CIBERSORT-ABS to evaluate the immune in�ltrating situation. Wilcoxon signed-rank test was employed to
compare the distinction of immune in�ltrating cell content between low- and high-risk groups. Spearman
correlation was analyzed to explore the relevance between risk score and the immune in�ltration statues.
The R packages “scales”, “limma”, “ggtext”, “ggplot2”, and “ggpubr” were employed in above analysis.

2.10 Role of Risk Score in Immune Checkpoint Blockade
Treatment
According to previous research, expression patterns of immune checkpoint blockade-related hub targets
might contribute into e�cacy of immunotherapy administration[24].

In this study, six hub genes of immunotherapy were fetched: programmed death ligand 1 (PD-L1, also
known as CD274), programmed death 1 (PD‐1, also known as PDCD1), programmed death ligand 2 (PD‐
L2, also known as PDCD1LG2), cytotoxic T‐lymphocyte antigen 4 (CTLA‐4), T‐cell immunoglobulin
domain and mucin domain‐containing molecule‐3 (TIM‐3, also known as HAVCR2), and indoleamine 2,3‐
dioxygenase 1 (IDO1) in PDAC[25–27]. To further explore the potential role of risk signature in
immunotherapy, correlation of prognostic signature with expression value of six ICB hub genes was
analyzed. The R packages “corrplot”, “ggplot2”, “ggpubr”, and “ggExtra” were employed in above analysis.

2.11 Statistical analysis
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Wilcoxon rank-sum test was a non-parametric statistical hypothesis test mainly used for comparisons
between two groups and Kruskal-Wallis test was suitable for two or more categories. Overall survival (OS)
refers to the interval from the date of diagnosis to the date of death. Survival curves were plotted via the
Kaplan-Meier log rank test. CIBERSORT algorithm results with p > = 0.05 were rejected for further analysis.
Univariate and multivariate analyses were performed via Cox regression models to validate the
independent prognosis predictive performance of risk signature. The prognostic value for 1-, 2- and 3-year
OS was assessed with the ROC curves. p < 0.05 deemed statistical signi�cance. R software (version 4.0.2)
was utilized for all statistical analyses.

3. Results

3.1 Identi�cation of DEirlncRNAs
As descripted previously, a total of 13,162 lncRNAs were identi�ed and annotated in TCGA-BRCA project.
Furthermore, 2,483 immune-related genes were obtained from the ImmPort data portal. A co-expression
network between lncRNAs and ir-gene was constructed to distinguish irlncRNAs. Finally, 946 irlncRNAs
were determined (|R| > 0.4 and P < 0.001) after correlation analysis (Table S1). Taking advantage of
differentially expressed analysis, 188 DEirlncRNAs (48 down-regulated and 140 up-regulated) were
determined as described previously (Fig. 1A, Table S2). The distribution of top 50 DEirlncRNAs were
visualized and presented in the heatmap (Fig. 1B).

3.2 Establishment of DEirlncRNA Pairs
With the help of an iteration loop and a 0-or-1 screening matrix, 11,933 DEirlncRNA pairs were determined.
After univariate COX regression combined with Lasso algorithm analysis, 29 pairs of DEirlncRNAs were
identi�ed (Fig. 2A and 2B, Table S3). Next, a stepwise multivariate Cox regression analysis was
performed, and 15 lncRNAs pairs �nally identi�ed as the predictors of OS in BRCA samples (Fig. 2C).

3.3 Development of Risk Model
Then, the value of AUC for each ROC curve was calculated and the result showed that the maximum AUC
value was 0.817 to construct the most ideal risk model (Fig. 3A). Additionally, the 1-, 2-, and 3-year ROC
curves were drawn and all AUC values were over 0.8 (Fig. 3B), suggesting validity of risk model. To
demonstrate risk score was the best prognostic predictor, age, gender, clinical stage and TNM status were
listed as the candidate indicators. These clinical variables were introduced into the AUC analysis for
1/2/3- OS and risk signature were observed to obtain the most AUC value (Figs. 3C, 3D and 3E). The
maximum in�ection point was recognized as the cut-off point according to the Akaike information
criterion (AIC) values (Fig. 3F). BRCA samples were classi�ed as low- or high-risk groups based on cut-off
point.

3.4 Clinical Evaluation of Risk Model
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In total, 203 samples were recognized as the high-risk group and 866 as the low-risk group. Figures 4A, 4B
respectively displayed the distributions of risk score and survival time of each patient, suggesting that
samples with low-risk group exhibited prognosis advantage compared with high-risk patients. Kaplan-
Meier survival curve showed that clinical outcome of low-risk samples was superior to that of high-risk
group (P < 0.001; Fig. 4C). Besides, the hazard ratio (HR) for risk score in univariate Cox proportional
hazards regression was 1.341 (p < 0.001, 95% CI [1.280–1.406]; Fig. 4D). Consistent results were
observed on multivariate Cox proportional hazards regression (p < 0.001, HR = 1.321, 95% CI: 1.252 − 
1.393; Fig. 4E), indicating risk score could serve as independent prognostic indicator.

3.5 Clinical signi�cance of risk score
Firstly, the distribution of clinicopathological features subtypes in different risk groups was explored and
visualized (Fig. 5A). According to the result of a series of chi-square tests, with increased age (P = 0.037,
Fig. 5B), advanced clinical stage (4 out of 6 P < 0.05, Fig. 5C), higher T status (3 out of 6 P < 0.05, Fig. 5D),
higher N status (4 out of 6 P < 0.05, Fig. 5E), and higher M status (P = 0.0064, Fig. 5F), risk score
signi�cantly escalated.

Furthermore, to con�rm whether prognostic signature remained robust prognosis prediction validity in
patients subdivided into different subtypes according to clinicopathological variables, strati�cation
analysis was performed. Compared with low-risk samples, BRCA patients with high-risk had lower overall
survival rate in both the young ( < = 65) and old (> 65) groups (Figures S1A and S1B). Likewise, risk score
suggested prognostic difference well for samples in female gender or male gender (Figures S1C and
S1D), samples with early- or late-stage (Figures S1E and S1F), samples in T1-2 or T3-4 category (Figures
S1G and S1H), samples in N0 or N1 status (Figures S1I and S1J) and samples in M0 or M1 category
(Figures S1K and S1L). These results demonstrated that risk score was an outstanding prognostic
predictor which independent of clinical variables.

3.6 Development of Prognostic Nomogram
To develop quantitative risk manner for clinical practice, prognostic nomogram integrating risk score, age
and clinical stage was delineated to predict overall survival rate (Fig. 6A). Gender was excluded out of the
nomogram given its AUC value was less than 0.6. Calibrate curves were approximately diagonal,
supporting great prognostic predictive validity of overall survival rate in risk-clinical nomogram (Figs. 6B-
D).

3.7 Role of Risk Score in context of TIME
Given risk score was derived from irlncRNAs, the potential contribution of as-constructed signature in
diversity and complexity of TIME were further explored. The results showed that high risk score was
signi�cantly and negatively correlated with abundance of memory B cell, M1 Macrophages, resting
Myeloid dendritic cells, activated NK cell, CD8 + T cells, follicular helper T cells, gamma delta T cells and
regulatory T cells, whereas positively related with in�ltration of Cancer associated �broblast, Endothelial
cell, M2 Macrophages, resting Mast cells, resting NK cell, and Neutrophil (Figures S2-S4). Furthermore,
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Spearman correlation analysis was further performed (Fig. 7A, Table S4) and the detailed results were
provided in Table S5. These �ndings suggested that low-risk group characteristic with immune response
activated condition, which may contribute to anti-tumor effect.

Besides, we attempted to elucidate the potential function of risk score in immunotherapy. First, the
correlation of immunotherapy key targets (PDCD1, CD274, PDCD1LG2, CTLA-4, HAVCR2, and IDO1) [25–
27] with risk score was performed (Fig. 7B). And we observed that risk score was positively and
signi�cantly correlated with CTLA4 (r= -0.085; P = 0.0054; Figs. 7C) and PDCD1 (r= -0.14; P = 5.1e-06; Figs.
7D), indicating risk score might serve as a pivotal player in the prediction of clinical outcome of
immunotherapy.

3.8 Correlation of Risk Signature with TMB
Existing studies have contributed strong evidence to demonstrate that high tumor mutation burden (TMB)
was correlated with increasement of in�ltrating CD8 + T cells, which recognized tumor neoantigens then
resulted in intense tumor-killing effects to annihilate tumor cells (18–20).Thus, we speculated that TMB
might act as a nonnegligible prognostic factor of responsiveness to antitumor immunotherapy and
aimed to investigate the potential interaction between risk score and TMB to uncover the hereditary
variations of risk score subtype. Firstly, the patients were assigned into distinct subtypes based on the
TMB immune set point. Survival curve demonstrated that high TMB value signi�cantly suggested shorter
overall survival time (p = 0.001, Fig. 8A). Subsequent correlation analysis further validated that the TMB
was positively and signi�cantly related with the risk score (R = 0.15, p = 2.5e-06; Fig. 8B). To further
explore the validity of consistent prognostic signi�cance of risk score and TMB, we validated the
cooperative effect of two indicators in prognostic prediction As demonstrated in strati�ed survival curve,
there was no interference of TMB status with risk score prognostic predictive performance. Risk score
subgroups exhibited evident prognosis distinctions in both low and high TMB status subtypes (p < 0.001;
Fig. 8C). In summary, these results suggested that risk score might act as independent prognostic
predictor and hold the potential to evaluate the clinical outcome of antitumor immunological treatment.

Besides, we explored and visualized the distribution of gene mutation in both the high-and low-risk score
subtypes. The comprehensive landscape of somatic variants visualized the mutation patterns and
clinical features of the top 20 driver genes with the most frequent alteration (Figs. 8D and 8E). These
�ndings might contribute novel insight into the intrinsic connection of irlncRNAs and somatic variants in
immunotherapy.

4. Discussion
Globally, breast cancer is a primary cause of death due to cancer in women and is the most frequently
diagnosed form of cancer in a large number of countries(1). Despite striking progress have been made in
the early diagnosis, therapeutic process monitoring, and prognostic evaluation, clinical outcome of BRCA
still remains poor. The high heterogeneity of breast cancer exists not only in the genotypes and
phenotypes of tumor cells but also in the tumor immune microenvironment, resulting in patients with the
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same clinical stage presented distinct responses to treatments and clinical outcomes. Traditionally
clinical and pathological classi�cation methods, such as tumor size, regional lymph node metastasis
status, and distant metastasis, are too general to accurately determinate the prognosis of an individual
patient(21). Thus, the novel prognostic biomarkers based on risk strati�cation may be the most effective
strategy for precise prognostic prediction, contributing into optimal tailored treatment. In the past
decades, accumulating studies suggested that lncRNAs participate in tumorigenesis, progression,
metastasis and the prognosis of breast cancer via variety of ways(22, 23). Also, lncRNAs were reported
as key regulators in regulating cancer immunity(11). Emerging evidence has supported that immune-
related lncRNAs may serve as new therapeutic targets and disease molecular biomarkers for cancer clinic
management and possess predictive value for survival prognosis(24–26).

However, most of previous researches aimed at prognostic signatures based on noncoding RNAs,
focusing on prognostic prediction of cancer patients, are constructed by adopting the exact expression
levels(27–29). This research was inspired by gene pairing and designed to develop a novel and reliable
risk signature based on combinations of two-lncRNAs, without requirement of speci�c expression levels.

In our study, raw data of lncRNAs from TCGA-BRCA project was introduced into differential co-expression
analysis to determine differential expressed immune-related lncRNAs (DEirlncRNAs), and lncRNA-pairs
were validated by improved algorithm of cyclically single pairing along with a 0-or-1 matrix. Then,
univariate and multivariate regression analysis followed by Lasso penalized regression to identify
DEirlncRNAs pairs. Next, each AUC value of ROC curve was counted to obtain the ideal risk signature and
the AIC value of each point on the AUC curve was calculated to determine the best cut-off point to stratify
BRCA patients into the low- or high-risk-group. Additionally, prognostic value of risk model was validated
using survival analysis, ROC curve, and univariable and multivariable regression analysis. Additionally,
prognostic nomogram was constructed and con�rmed to facilitate clinical extension. Furthermore, the
potential role of risk score in TIME characterization and immunotherapy was investigated. Finally, the
synergistic effect of risk score with TMB in term of prognostic prediction was demonstrated.

It was well established that lncRNAs with high abundance functioned as pivotal players in tumorigenesis,
progression, and prognosis of cancer(30). This algorithm was designed to determination of DEirlncRNAs
followed by establishment the most signi�cant pairing of irlncRNA. As such, irlncRNA pairs with lower or
higher expression value rather than each lncRNA expression level had to be examined. It was worthwhile
to mentioned that as-constructed risk model harbored signi�cant superiority of analysis cost relative to
prognostic signature dependent on speci�c expression value of genes.

To enhance the e�cacy and accuracy of prognostic prediction, the AIC values were employed to obtain
the best cut-off point for risk strati�cation instead of simple median value. Additionally, AUC value of
1-/2-/3-year OS ROC curve was calculated then compared with various clinical variables to exhibit
prognostic advantage of risk model. The excellent prognostic performance of risk model was validated
by K-M analysis. Furthermore, risk signature was demonstrated to perform well as an independent
prognostic predictor in both univariable and multivariable regression analysis. Besides, risk signature
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remained powerful prognostic ability in clinical variables strati�ed survival curves. Finally, risk-clinical
nomogram that integrated risk score, age and clinical stage was established for clinical transformation.

Since risk model was established on irlncRNAs, this risk model was potentially mediated in modeling of
TIME or suppression of immune-relevant cells. The results of TIME context indicated that risk score was
negatively related with activated immune cell (i.e., M1 Macrophages, activated NK cell, CD8 + T cells,
etc.,), whereas positively correlated with immunosuppressive cells (i.e., M2 Macrophages, etc.,), implying
subjects with high risk was well characterized as immune suppressive phenotype, which was coincident
with lower risk score suggested longer overall survival time.

Immunotherapy was treatment employing immune system �ght against cancer cells, thus, in�ltrating
immune cells could affect clinical outcome of immune checkpoint blockades administration. The results
showed that risk score was signi�cantly and negatively correlated with the immunotherapy hub targets
(i.e., PDCD1, etc.,), suggesting samples with low-risk score might be more affected by immune checkpoint
blockade pathways, then inhibited anti-tumor immune activation and deteriorate prognosis accordingly.
Since no immunotherapy data in BRCA cohort, it was unable to further explore the correlation of risk
score with response of immunotherapy.

Currently, several clinical data pointed out a correlation between genetic alternations with responsiveness
to immunological treatment (31, 32). We calculated and determined the TMB, which is a predictive
indicator of sensitivity to immunological treatment, increased signi�cantly with risk score elevated.
Subsequent strati�ed survival curve demonstrated that risks score held prognostic predictive capability
which was independent of TMB, suggesting that TMB and risk score represent different aspects of
immunobiology. Besides, risk score together with mutation data revealed the signi�cant distinction of
genes variant frequency between high and low risk score group from the level of transcriptome.

5. Conclusions
In summary, the landscape of irlncRNAs was systematically delineated by employing co-expression
network and differential expressed analysis. Notably, novel and robust prognostic signature without
speci�c lncRNAs expression values was constructed and validated to contribute into clinical outcome
strati�cation and TIME heterogeneity, presenting valuable clinical applications and prognostic target in
BRCA antitumor immunotherapy. Furthermore, the synergistic effect of risk score and TMB value in terms
of prognostic prediction was proposed. Even though, further experimental and clinical validation were
required for these �ndings at different centers and larger cohort.
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CTLA‐4: cytotoxic T‐lymphocyte antigen 4
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PD‐L1: Programmed Cell Death-Ligand 1

PD‐L2: Programmed Cell Death-Ligand 2
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ROC: receiver operating characteristic

TCGA: The Cancer Genome Atlas



Page 12/22

TIICs: tumor‐in�ltrating immune cells

TIME: tumor immune microenvironment

TIMER: tumor immune estimation resource

TIM‐3: T‐cell immunoglobulin domain and mucin domain‐containing molecule‐3

TMB: tumor mutation board

TNM: Tumor Node Metastasis
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Figures

Figure 1

Differential analysis of irlncRNAs expression data in tumor samples and normal tissues. (A) Volcano plot
was delineated to visualize the DEirlncRNAs. Purple represented upregulated and orange represented
downregulated. (B) Heatmap of top 50 DEirlncRNAs was plotted to reveal different distribution of
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expression state, where the colors of yellow to blue represented alterations from high expression to low
expression.

Figure 2

Establishment of the Prognostic Risk Signature. (A) LASSO coe�cient pro�les of 41 candidate
DEirlncRNAs pairs. A vertical line is drawn at the value chosen by 10‐fold cross‐validation. (B) Ten‐time
cross‐validation for tuning parameter selection in the lasso regression. The vertical lines are plotted
based on the optimal data according to the minimum criteria and 1-standard error criterion. The left
vertical line represents the 29 DEirlncRNAs pairs �nally identi�ed. (C) A forest map showed 15
DEirlncRNAs pairs identi�ed by Cox proportional hazard regression in the stepwise method.
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Figure 3

Identi�cation of Cut-off Point for Risk Signature (A) The ROC of the optimal DEirlncRNA pair models was
related to the maximum AUC. (B) The 1/2/3-year ROC of the optimal model. A comparison of 1-year (C),
2-year (D), 3-year (E) ROC curves with other common clinical characteristics. (F) RiskScore for BRCA
patients; the maximum in�ection point is the cut-off point obtained by the AIC.
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Figure 4

Validation of the Prognostic Risk Signature (A) Distribution of multi-genes model risk score. (B) The
survival status and duration of HCC patients. (C) Kaplan–Meier curve analysis presenting difference of
overall survival between the high-risk and low-risk groups. (D) Univariate Cox regression results of overall
survival. (E) Multivariate Cox regression results of overall survival.
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Figure 5

Clinical signi�cance of the prognostic risk signature. (A) Heatmap presents the distribution of clinical
feature and corresponding risk score in each sample. Comparison of risk score among samples from
clinical variables subgroups. (B) Age, (C) Clinical stage, (D) T status, (E) N status and (F) M status.
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Figure 6

Establishment of Prognostic Risk-Clinical Nomogram. (A) Nomogram was assembled by age, clinical
stage and risk score for predicting overall survival of BRCA patients. (B) One‐year nomogram calibration
curves. (C) Two‐year nomogram calibration curves. (D) Three‐year nomogram calibration curves.
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Figure 7

Estimation of Tumor-In�ltrating Cells and Immunotherapy signi�cance. (A) Subjects in the high-risk group
were more positively associated with tumor-in�ltrating immune cells, as shown by Spearman correlation
analysis. Correlation between prognostic risk signature with immune checkpoint hub genes. (B)
Correlation analysis between immune checkpoint inhibitors (CD274, PDCD1, PDCD1LG2, CTLA4, HAVCR2,
and IDO1) with prognostic risk signature. (C) Correlation between prognostic risk signature and CTLA4.
(D) Correlation between prognostic risk signature and PDCD1.
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Figure 8

The Correlation between the risk Score and TMB (A) Kaplan-Meier curves for high and low TMB groups.
(B) Scatterplots depicting the positive correlation between risk scores and TMB. (C) Kaplan-Meier curves
for patients strati�ed by both TMB and risk score. The oncoPrint was constructed using high risk score
(D) and low risk score (E).
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