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Abstract
Objective: To construct a novel prognostic model of immune-related lncRNA (irlncRNA) pairs in clear cell
renal cell carcinoma (ccRCC).

Methods: RNA-seq and clinical data were retrieved from The Cancer Genome Atlas (TCGA). Differentially
expressed irlncRNAs (DEirlncRNAs) were obtained by co-expression strategy with immune genes. A 0-1
matrix was constructed according to DEirlncRNAs relevant expression levels. Univariate cox regression
was used to select potential target pairs. Lasso regression with cross validation and multivariate cox
regression were carried out to extract the �nal biomarker pairs for risk score calculation. Through
calculating the optimal cutoff of AUCs, patients were divided into high and low risk group. Model
validation was conducted by independent prognostic analysis, survival analysis, tumor-in�ltrating and
chemosensitivity analysis.

Results: A total of 42 DEirlncRNAs were identi�ed and 12 target pairs were included to construct the �nal
model. The risk score were both signi�cantly different according to univariate (p<0.001, HR=1.391, 95%CI
[1.313–1.475]) and multivariate cox regression (p<0.001, HR=1.3104, 95%CI [1.227-1.399]). The AUC
reached 0.765 at 1-year, 0.724 at 3-year and 0.785 at 5-year. Patients in the high-risk group had
signi�cantly poor survival, higher level of CD8+T in�ltration, lower drug sensitivity of sunitinib and
temsirolimus but higher sensitivity of lapatinib and pazopanib.

Conclusion: The novel prognostic model constructed by paring irlncRNAs showed an effective clinical
prediction in ccRCC patients.

Introduction
Renal cell carcinoma (RCC) is one of the fatal cancers with complicated histological subtypes and
roughly accounts for 80%-90% of all types of kidney tumors [1–3]. The most commonly diagnosed
subtype of RCC is clear cell renal cell carcinoma (ccRCC), maintaining high mortality globally [4, 5].
Patients suffering from ccRCC are usually resistant to radiation or chemotherapy and have poor
prognosis[6]. Meanwhile, molecular targeted therapy has more promising treatment in ccRCC [7].
Therefore, identi�cation of novel effective biomarkers and molecular targets is of vital importance in
tumor diagnosis and prediction.

Long non-coding RNAs (lncRNAs) are de�ned as RNA molecules which are more than 200 nucleotides in
length and do not code for proteins. Recent studies revealed that lncRNAs have distinctive biological and
pathological processes in human cancers [8–10]. A previously research has veri�ed that lncRNAs can
regulate mRNA, microRNA (miRNA) and DNA interactions, as the major class of non-coding RNAs[11].
LncRNAs involved in the immune response and showed their function as regulators in the tumor
microenvironment (TME), epithelial-mesenchymal transition, microbiota, metabolism and immune cell
differentiation [12, 13]. However, there is not much knowledge regarding their roles in cancer immunity
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regulation. More exploration of immune-related lncRNAs (irlncRNAs) in different cancers are still required
[14].

Several contributions have been made to the ccRCC diagnostic model with different biomarkers including
mRNAs, miRNAs, enhancer RNAs (eRNAs), competing endogenous RNAs (ceRNAs) as well as integrated
models with combinations of them[8, 15]. There were also some models with signatures related to
research hotspots such as ferroptosis, N6-methyladenosine (m6A) and tumor microenvironment mainly
based on the data of gene expression from online websites[16–20].

However, the inconsistency of data quality may lead to different diagnostic prediction results depending
on the accurate value of expression level of identi�ed signatures. This study aimed to develop a novel
prognostic model based on differentially expressed irlncRNAs (DEirlncRNAs) between para-carcinoma
and tumor cases by The Cancer Genome Atlas (TCGA) database. An independent prognostic analysis
was then performed to validate the effectiveness of the constructed model. In addition, tumor immune
in�ltration of ccRCC and chemosensitivity were analyzed via statistical tests.

Results

Patients and clinicopathologic parameters
537 cases of ccRCC patients were obtained by TCGA as showed in Table 1. 346 of them were male and
191 were female, with the average age of 61 years (range 26–90 years)
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Table 1
Patient characteristics (N = 537)

Characteristic Sub-characteristic Value (%)

Age (years)   61 (range = 26–90)

Gender Male 346 (64.4)

  Female 191 (35.6)

Survival status Dead 177 (33.0)

  Alive 360 (67.0)

Overall survival (OS)   1334 (range 0-3615) days

Grade G1 14 (2.6)

  G2 230 (42.8)

  G3 207 (38.5)

  G4 78 (14.5)

  Gx 5 (0.9)

  unknown 3 (0.6)

Stage Stage I 269 (50.1)

  Stage II 57 (10.6)

  Stage III 125 (23.3)

  Stage IV 83 (15.5)

  unknown 3 (0.6)

Depth of invasion (T) T1 275 (51.2)

  T2 69 (12.8)

  T3 182 (33.9)

  T4 11 (2.0)

Distant metastasis (M) M0 426 (79.3)

  M1 79 (14.7)

  Mx 30 (5.6)

  unknown 2 (0.4)

Lymph node metastasis (N) N0 240 (44.7)

  N1 17 (3.2)
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Characteristic Sub-characteristic Value (%)

  unknown 280 (52.1)

Expression processing and extraction of DEirlncRNAs
The �ow chart of the study was shown as Fig. 1Figure 1. In terms of RNA-seq expression data from
TCGA, 72 normal samples and 539 tumor samples were identi�ed. 101 kinds of 208 irlncRNAs were
selected totally (Table S1). There were 42 DEirlncRNAs (Fig. 2A) including 5 downregulated and 37
upregulated targets (Fig. 2B). The size of 0–1 matrix was 487×611, 487 was the amount of DEirlncRNA
pairs and 611 referred to the whole samples (Table S2). After combination of the 537 clinical data and
539 RNA transcriptional samples, 509 cases were �nally included in the further studies.

Identi�cation of prognostic pairs and risk estimation
After intersecting the 0–1 matrix and survival data, the id of patients was set as the key and 509 samples
were obtained for the univariate cox proportional hazard regression. A total of 167 DEirlncRNAs and their
expression level were shown in Table S3 and Table S4. Lasso regression was perform using 167 pairs
mentioned above to detect target pairs. In total, 26-DEirlncRNA pairs were identi�ed based on the optimal
value of parameter λ based on the Lasso regression (Fig. 3A). Univariate cox regression was performed
again for those 26 target pairs and 12 DEirlncRNAs were determined to calculate the risk scores (Fig. 3B).
The optimal cutoff to distinguish the high- and low- risk patients was 1.511 and the AUC was 0.765 with
5-year survival analysis (Fig. 3C). The AUC reached 0.765 at 1 year, 0.724 at 3 years and 0.785 at 5 years
respectively (Fig. 3D).

Validation of model with clinicopathologic characteristics
ccRCC patients were divided into 155 high-risk cases and 354 low-risk cases by the optimal cutoff.
Kaplan-Meier analysis showed that survival of high-risk ccRCC patients was signi�cantly shorter
compared to the low-risk groups (Fig. 4A, p < 0.001).

The accuracy and sensitivity of the prediction model as well as other clinicopathologic characteristics
was estimated by ROC. The AUC reached 0.813 of stage, 0.765 of risk score, 0.638 of age, 0.504 of
gender, 0.715 of tumor grade, 0.731 of T stage and 0.734 of M stage (Fig. 4B).

Subsequently, we investigated the prognostic value of clinicopathologic characteristics and risk score.
Here, age was strati�ed into two groups: patients ≤ 65 years and those > 65 years. The univariate cox
regression demonstrated that age (p < 0.001, HR = 1.029, 95% CI[1.016–1.043]), tumor grade (p < 0.001,
HR = 2.229, 95%CI[1.810–2.745]), stage(p < 0.001, HR = 1.874[1.810–2.745]), T stage (p < 0.001, HR = 
1.889, 95%CI[1.597–2.236]), M stage (p < 0.001, HR = 4.375, 95%CI[3.187–6.005]) and risk score (p < 
0.001, HR = 1.391, 95% CI[1.313–1.475]) had prognostic value of ccRCC patients. Meanwhile, gender
showed no signi�cant difference in predicting the survival. (p = 0.766, HR = 0.953, 95%CI[0.692–1.311])
(Fig. 4C).
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A multivariate cox regression indicated that age (p < 0.001, HR = 1.030, 95% CI[1.016–1.044]), tumor
grade (p = 0.042, HR = 1.284, 95%CI[1.009–1.635]) and risk score (p < 0.001, HR = 1.309, 95% CI [1.225–
1.398]) are independent predictor for prognosis (Fig. 4D).

The distributions of each cases’ risk score and their survival status were shown in Fig. 4E and Fig. 4F.

Investigation to clinicopathologic features and gene
expression with risk score
The heatmap showed correlations between clinicopathologic characteristics and risk score, which
indicated that tumor grade, tumor stage, T stage and M stage were signi�cantly related to risk score (Fig.
5A). The consequent scatter diagrams obtained by the Wilcoxon signed-rank test (Fig. 5B-G)
demonstrated that tumor grade, tumor stage, T stage and M stage were signi�cantly associated with risk
score.

Moreover, all the 9 hub genes of ccRCC patients identi�ed in a previous study (CD2, CD3D, CD8A, CXCL13,
CXCR3, FASLG, GZMA, IFNG, PMCH) showed statistical differences between high- and low- risk group
(Fig. 6A-I).

Analysis of ccRCC and in�ltrating immune cells
Tumor in�ltrating immune cells such as natural killer (NK) cell, follicular helper T cells, macrophage M1,
regulatory cells (Tregs) and CD8+ T cells while they had more negative associations with naive B cells,
CD4+ T cells and hematopoietic stem cells were included in the analysis of risk groups and tested by
Spearman correlation and Wilcoxon rank-sum test using XCell, TIMER, quanTIseq, MCP-counter, EPIC,
CIBERSORT and CIBERSORT-ABS algorithms.

As shown by Spearman correlation scatter plot (Fig. 7A), ccRCC patients in the high-risk group had
signi�cantly positive relation to immune cells such as follicular helper T cells, macrophage M1 and NK T
cells, whereas were signi�cantly negative related to neutrophil and hematopoietic cell.

The detailed results of correlation coe�cients and p-values of immune in�ltrating immune cells between
high and low risk groups were showed in Table S5. The CD4+ level was signi�cantly down-regulated in
the high-risk group by EPIC (p = 9.1e-08) and CD8+ level was signi�cantly down-regulated in the high-risk
group by CIBERSORT(p = 0.00032), CIBERSORT-ABS(p = 0.00051), QUANTISEQ (p = 6e-05) and XCELL(p = 
0.00045) (Fig. 7B-F). The results of other immune cells were shown in Figure S1.

Signi�cance of the Model in the antitumor drugs prediction
To evaluate the signi�cance of the risk model in ccRCC treatment, the IC50 of common antitumor drugs
was calculated. Patients in the high-risk group had lower IC50 for ccRCC-related target therapeutics such
as sunitinib (p = 6.3e-09) and temsirolimus (p = 5.4e-06) while had higher IC50 for lapatinib (p = 3.3e-11)
and pazopanib (p = 0.02) as Fig. 8 showed. It indicated that the constructed prognostic model provided
possible capability for chemosensitivity prediction.
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Discussion
Multiple prognostic models with molecular biomarkers and risk score calculation have been developed to
predict survival time and probability of ccRCC patients [21]. However, many of them focused on the
quali�ed expression value to stratify the risk level in ccRCC patients, which counts a lot on the accuracy
of genetic testing consistence in different platforms and techniques. In this study, an improved
prognostic model integrated with DElncRNA pairs rather than the speci�c lncRNA expression level.

To improve the previous statistical methods, we constructed a 0–1 matrix and patients were classi�ed
into high- and low- risk groups by evaluating the optimal cutoff with each AUC other than the median
value. The categorical (0–1) features avoided conducting statistical tests to check the linear relations
between survival outcomes and lncRNAs expression levels for cox proportional hazard regression. Model
validation and reevaluation were performed through survival difference analysis, independent prognostic
analysis, tumor immune in�ltrating analyses and immune checkpoint inhibitors (ICIs) to manifest the
effectiveness of this model. It was shown that our risk score was an independent prognostic factor had
signi�cant differences in pathological characteristics to help clinicians made an originally rough
evaluation on the risk of ccRCC patients.

Among the 12 prognostic DEirlncRNA pairs, LINC00342 and LINC01094 have been researched in previous
study. Some studies demonstrated that the serum level of LINC00342 was signi�cantly elevated in
patients suffered chronic kidney disease (CKD) and expression level of LINC00342 can re�ect the severity
of CKD [22]. Studies in vitro also illustrated that high expression LINC00342 could promote colorectal
tumor growth and target miR-19a-3p/NPEPL1 axis and miR-545-5p/MDM2 axis, respectively [23, 24].
Furthermore, LINC00342 also contributed to the tumorigenesis in hepatocellular carcinoma patients and
acted as a poor prognosis biomarker in non-small cell lung cancer[25–27].

LINC01094 can promote the development of ccRCC by upregulating SLC2A3 via miR-184 or via miR-224-
5p/CHSY1 and triggers radio-resistance in ccRCC via miR-577/CHEK2/FOXM1 axis [28–30]. Acting as a
ceRNA as well, LINC01094 promotes progression of ovarian cancer and glioma[31–34].

Our �ndings is consistent with previous studies.The constructed model demonstrated that the level of
CD4+ T in patients with high risk measured by EPIC was lower than those in the low risk group. On the
contrary, the CD8+ T cells was all higher in patients with high risk measured by CIBERORT, CIBERORT-ABS,
QUANTISEQ and XCELL than those in the low risk group. The responses of CD4+ and CD8+ T cells are
included in the immune cycle with tumor issues and they both have signi�cant in�uences on the clinical
prognosis [35]. In�ammatory process plays a role in RCC etiology and immunosuppressive cytokines
including interleukin-10 (IL-10) have the potential to induce activation and proliferation of tumor-
in�ltrating CD8 + T cells and inhibits in�ammatory CD4 + T cells [36].

Tyrosine kinase inhibitors (TKIs) is a family of target drugs that repress oncogenic tyrosine kinase
proteins such as receptors of PDGF, EGF, FGF and VEGF, RAF proteins, cKIT, KDR, RET, FLT4, ALK and the
others [37]. Sunitinib which targets at VEGFR and PDGFR has been approved for the advanced ccRCC
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treatment [38]. Previous randomized trials have shown that VEGFR inhibitor pazopanib can be also used
for clinical therapies [39]. A Phase  research veri�ed that the mTOR inhibitor, temsirolimus, is another
option of �rst-line therapy [40]. In addition, EGFR and HER2 inhibitor lapatinib has been taken into ccRCC
treatment in recent years [41]. This risk model illustrated that high risk patients were more signi�cantly
included in the advanced stage and grade, and they had lower IC50 level of sunitinib and temsirolimus.

However, this study has some limitations. The raw dataset was simply downloaded from TGCA database
and did not contain su�cient data sample including the expression of lncRNAs, pathological
characteristics and survival information for patients with ccRCC. For instance, the N stage data was
unknown in 280 patients and the data related to Axitinib was missing. Meanwhile, only 79 of 537 cases
were identi�ed as M1 patients and it has in�uence on the analysis of chemosensitivity prediction since
the TKIs are approved for advanced ccRCC treatment. Limited to sample size, it was hard to con�rm the
effectiveness of extracted prognostic DEirlncRNAs. To develop a more advanced and improved model
with DEirlncRNA pairs, additional studies will be needed using machine learning methods to select target
gene pairs within high-dimension structured data.

Conclusion
This study �rstly used 0–1 matrix method to constructed a novel prognostic model with DEirlncRNA pairs
for ccRCC patients via TCGA database. Different analyses were performed to evaluate the effectiveness
of the model and indicated that our risk model has the potential in predicting the survival and
chemosensitivity in ccRCC patients. However, further studies are still required to explore the speci�c
molecular mechanisms of DEirlncRNAs for ccRCC initiation and progression.

Methods

Retrieval of data and target lncRNAs extraction
The RNA-seq expression (including mRNA & lncRNA) �le in fragments per kilobase of exon model per
million mapped fragments (FPKM) form and clinical data of 537 ccRCC patients were downloaded from
TCGA (https://tcga-data.nci.nih.gov/tcga/). Two types of RNA were split according to the annotation �le
from Ensembl (http://asia.ensembl.org). A total of 2483 immune-related genes were retrieved from the
ImmPort database (http://www.immport.org) which provides shared data for immunological analysis.
The irlncRNAs were identi�ed via co-expression with immune-related genes (ir-genes) of which the
Pearson correlation coe�cients more than 0.8 and p-value less than 0.001 were set as the thresholds.
DEirlncRNAs were identi�ed with a false discovery rate (FDR) less than 0.05 and the absolute value of log
Fold Change (|logFC|) more than 1.5 through limma package of R. Strawberry Perl was used to create
structured data downloaded from websites. R (version of 3.6.3), a free programming language for
statistics, was used to conduct the model construction, data analyses and plots.    
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Construction of DEirlncRNA pairs
A 0-1 matrix was applied to build DEirlncRNA pairs cyclically as follow:

which means the expression level of the ith DEirlncRNA was more than the jth one (i<j). The form “i | j”
was considers as the DEirlncRNA pair. The detailed form could be formulated as:

where xij=0 or 1; m represented the sample size and n represented the number of DEirlncRNA pairs. 

The following numerator represented the amounts of expression quantity was 0 or 1 of each DEirlncRNA
pair among all samples:

When the ratio of DEirlncRNA pair was more than 20% of total pairs, it was de�ned as a valid match. 

Selection of target pairs and establishment of prognostic
model 
After excluding the samples with overall survival (OS) less than 30 days, the constructed DEirlncRNA-pair
matrix was combined with the survival information of ccRCC patients. A univariate proportional hazard
regression was performed to detect the prognostic signature pairs. The threshold was set as p-value less
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than 0.01. Then a 10-fold Lasso regression was run with 5000 cycles to construct the �nal prognostic
model. 

The risk score of each patient could be calculated as 

where αi was the value abstracted from the 0-1 matrix, and the Pi was the coe�cients of Lasso
regression. Receiver operating characteristic (ROC) curve was carried out and the area under curve (AUC)
was calculated. The maximum AUC value was de�ned as the optimal cutoff of the risk score and patients
were divided into high and low risk groups. Kaplan-Meier (KM) was analyzed to predict the OS of ccRCC
patients in the high- or low-risk group through survival ROC package.  

Validation of the Constructed Risk Model 
To analyze the signi�cant difference of survival situation of high- or low- risk groups, the log-rank test
was performed through survival package. Samples with Mx and Gx which represented
unclear clinicopathologic results were excluded from univariate and multivariate cox analysis. N staging
was also omitted because of the data de�ciency. The independent prognostic analysis was performed
with the calculated risk score and �ve clinical factors: age, gender, tumor stage, T and M stage. Then
AUCs were compared to validate the superiority of constructed model and the distribution of patients in
different groups was visualized by showing the risk curve and scatter plot. The correlation of
clinicopathologic features and interested gene expression was analyzed between the high- and low- risk
groups by Wilcox two-side test.

To validate the prognostic value of this model, the hub genes of ccRCC identi�ed in a previous study
(CD2, CD3D, CD8A, CXCL13, CXCR3, FASLG, GZMA, IFNG, PMCH) were carried out using our risk score
model [42]. 

Exploration of tumor in�ltrating immune cells
Immune in�ltration information of ccRCC patients based on TCGA identities which provides expression
pro�les of immune cells was downloaded from TIMER 2.0 (http://timer.comp-genomics.org)[43-46].
Spearman correlation coe�cients were calculated to investigate the association between the risk level
and immune cells containing XCell, TIMER, quanTIseq, MCP-counter, EPIC, CIBERSORT and CIBERSORT-
ABS algorithms. The difference of each immune cell between high- and low- risk groups was estimated
by Wilcoxon rank-sum test, of which the p-value was set as 0.001 as the threshold. 
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Analysis of the model in chemosensitivity
The RNA-seq expression of ccRCC tumor samples from TCGA cohort was used to analyze the
chemosensitivity through pRRophetic package[47]. Recommendations for RCC treatment like lapatinib,
pazopanib, sunitinib and vinblastine were included in the comparison analysis. Wilcoxon test was
performed to evaluate the difference between the high- and low- risk groups according to the value of
50% maximal inhibitory concentration (IC50).
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Figures

Figure 1

The �ow chart of the study.
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Figure 2

Screen of identi�ed DEirlncRNAs. (A) Heatmap of all results; (B) Volcano plot of all results. (Green:
downregulated, Red: upregulated).
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Figure 3

Results of prognostic model establishment. (A) 26-DEirlncRNA pairs were identi�ed based on the optimal
value of parameter λ; (B) A forest map showed 12 DEirlncRNA pairs determined by Cox proportional
hazard regression; (C) A 5-year ROC curves with other common clinical characteristics showed the
optimal cutoff value of 1.511 ; (D) The 1-, 3-, and 5-year ROC curves and AUC values of the optimal
model.

Figure 4

Validation of model with risk scores. (A) Kaplan-Meier curves showed the ccRCC patients of low risk
group had a better survival compared to that of high-risk groups (p<0.001); (B) ROC curves showed the
accuracy of the model with risk score and other common clinicopathological characteristics; (C) The
univariate cox regression demonstrated that age, tumor grade, stage, T stage, M stage and risk score had
prognostic value of ccRCC patients; (D) The multivariate cox regression indicated that age, tumor grade
and risk score are independent predictor for prognosis; (E) The continuously increasing curve showed the
border of risk score and the number of patients; (F) A scatter plot showed the distribution of the relation
of each case’ survival status and risk score.
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Figure 5

Correlation between clinical characteristics and risk score. (A) Heatmap of the relations (B-G) Box plot of
relations between age, gender, tumor grade, tumor stage, T stage as well as M stage and risk score,
respectively.
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Figure 6

Hub gene (A) CD2, (B) CD3D, (C) CD8A, (D) CXCL13, (E) CXCR3, (F) FASLG, (G) GZMA, (H) IFNG, (I) PMCH
expression are signi�cantly associated with risk score, respectively.
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Figure 7

Results of ccRCC immune in�ltrating. (A) ccRCC patients in the high-risk group had signi�cantly positive
relation to immune cells such as follicular helper T cells, macrophage M1 and NK T cells, whereas were
signi�cantly negative related to neutrophil and hematopoietic cell. (B) The level of CD4+ T cells estimated
by EPIC was signi�cantly down-regulated in the high-risk group (p=9.1e-08). (C) The level of CD8+ T cells
estimated by CIBERSORT was signi�cantly up-regulated in the high-risk group (p=0.00032). (D) The level
of CD8+ T cells estimated by CIBERSORT-ABS was signi�cantly up-regulated in the high-risk group
(p=0.00051). (E) The level of CD8+ T cells estimated by QUANTISEQ was signi�cantly up-regulated in the
high-risk group (p=6e-05). (F) The level of CD8+ T cells estimated by XCELL was signi�cantly up-
regulated in the high-risk group (p=0.00045).

Figure 8

The model acted as a potential predictor for chemosensitivity as high-risk scores were related to lower
IC50 for sunitinib (p=6.3e-09) and temsirolimus (p=5.4e-06), whereas they were associated with higher
IC50 for lapatinib (p=3.3e-11) and pazopanib (p=0.02).
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