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Abstract
Background: Soft tissue sarcoma is a malignant tumor with high degree of malignancy and poor
prognosis, originating from mesenchymal tissue. Long non-coding RNAs (lncRNAs) are involved in
various biological and pathological processes in the body. They target mRNA through transcription or
post-transcription, resulting in the occurrence, invasion, and metastasis of tumors. Therefore, they are
highly relevant with regard to early diagnoses and as prognostic indicators.

Objective: The objective of the present study was to identify immune-related lncRNAs associated with the
tumor microenvironment that can be used to predict soft tissue sarcomas.

Methods: Clinical data and follow-up data were obtained from the cBioPortal database, and RNA
sequencing data used for the model structure can be accessed from. The Cancer Genome Atlas (TCGA)
database. LncRNAs were screened by differential expression analysis and co-expression analysis. The
Cox regression model and Kaplan–Meier analysis were used to study the association between lncRNAs
and soft tissue sarcoma prognosis in the immune microenvironment. Unsupervised cluster analysis was
then completed to discover the impact of screening lncRNAs on disease. Lastly, we constructed an
mRNA-lncRNA network by Cytoscape software.

Results: Unsupervised cluster analysis revealed that the 210 lncRNAs screened showed strong correlation
with the tumor immune microenvironment. Two signatures containing seven and �ve lncRNAs related to
the tumor microenvironment were constructed and used to predict overall survival (OS) and disease-free
survival (DFS). The Kaplan–Meier K-M  survival curve showed that the prognoses of patients in the high-
risk and low-risk groups differed signi�cantly, and the prognosis associated with the low-risk group was
better than that associated with the high-risk group. Two nomograms with predictive capabilities were
established.

Conclusion: The results indicate that seven OS- and �ve DFS-related lncRNAs are correlated with the
prognosis of soft tissue sarcoma.

1. Introduction
Soft tissue sarcoma is a heterogeneous malignant mesenchymal tumor[1]. It accounts for more than 20%
of solid malignant tumors in children and less than 1% of solid malignant tumors in adults[2]. The
incidence of the disease is relatively low, but it is highly malignant in most patients and is associated
with a poor prognosis [3]. Therefore, prognostic indicators of the disease and early diagnosis are vitally
important.

Previous studies have revealed that the tumor immune microenvironment plays an important part in the
occurrence and development of tumors [4-6]. The tumor microenvironment(TME) can affect the biological
characteristics of tumor cells by regulating the expression of long non-coding RNAs (lncRNAs)[7]. And
lncRNAs can also regulate TME[8-10]. Studies have shown that the stimulation of interleukin 6 (IL-6) can
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cause the spread of liver cancer cells, which are mainly caused by the promotion of IncTCF7 expression
through the transcription (STAT) signaling pathway [11]. However, the abnormal regulation of a variety of
oncogenes and tumor suppressor genes can lead to tumorigenesis [12], and lncRNAs can participate in
malignant changes in cells and tumorigenesis by regulating important oncogenes or suppressor
genes [13].For example, lncRNA RUSC1-AS1 plays an important role in the occurrence of liver cancer,
mainly by regulating the PI3K/AKT signaling pathway[14]. lncRNA KCNQ1OT1 can promote the growth of
osteosarcoma through enhanced aerobic glycolysis [15]. Therefore, lncRNA related to the tumor immune
microenvironment has the possibility of being a prognostic indicator. Moreover, research into such
markers can provide the theoretical basis for the development of new therapeutic targets and strategies,
and can guide �rst-line treatment [16].

In the present study, RNA sequencing data and clinical data were collected and sorted out, and the
osteosarcoma immune score is quanti�ed based on the ESTIMATE algorithm. Differential expression
analysis and immune-related mRNA co-expression analysis were used to identify immune-related
lncRNAs associated with the TME. Finally, a series of bioinformatics methods were used to determine the
prognostic value of the identi�ed lncRNAs.

2. Materials And Methods
2.1. Data collection and pretreatment

Clinical data and follow-up data were downloaded from the cBioPortal database
(http://www.cbioportal.org/). RNA sequencing data were obtained from TCGA data portal
(https://cancergenome.nih.gov/). The collected samples only retained the specimens of the tumor at the
primary site (259 cases). All data from this study are available to the public.

2.2. Differences in tumor microenvironmental immune score and prognosis

The ESTIMATE algorithm is used in the R language software to perform matrix scoring and immune
scoring on the samples by executing ssGSEA[17]. The scores were sorted, and X-tile software[18] was
used to divide the samples into high-score and low-score groups based on the median score. The
prognostic differences between the two groups were then compared using K-M survival curves (including
OS and DFS).

2.3. Identi�cation of immune-related lncRNAs in soft tissue sarcomas

After obtaining the lncRNA expression data, the “limma” software package—written in the R programming
language—was used to compare lncRNA expression in the high-score and low-score groups, and to
perform differential expression analysis [19]. When | logFC | > 1 and FDR < 0.05, lncRNA expression
between the high-score and low-score groups is considered signi�cantly different. Immune-related mRNA
data were downloaded from the Immport database (https://www.immport.org/), and We identify immune-
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related lncRNAs by Pearson correlation analysis (correlation coe�cient | r | ≥ 0.4 and p < 0.05). Finally,
the results obtained using the two methods described above were combined to identify the immune-
related lncRNAs associated with the microenvironment of soft tissue sarcomas.

2.4. Unsupervised cluster analysis

To determine the correlation between the screened lncRNAs and immunity, the "Consensus Cluster Plus"
software package was used to perform unsupervised cluster analysis. The K-M survival curve was used
after the subgroups were divided, and the log-rank test was used to determine the differences in OS and
DFS between the groups. The differences in the microenvironment scores between the groups were then
compared.

2.5. Independent prognostic analysis and clinical correlation analysis

First, we performed a single-factor Cox analysis (p-value < 0.05) to identify the lncRNAs related to
prognosis. LASSO regression analysis was performed to avoid over�tting [20]. Multi-factor Cox analysis
was then carried out. The most appropriate differentially expressed lncRNAs related to OS or DFS and
associated with the immune microenvironment were selected. The corresponding risk score for each
patient with soft tissue sarcoma was simultaneously calculated using the following formula:  (whereβ is
the regression coe�cient).

The patients were then divided into high-risk and low-risk groups. K-M survival analysis was used to
compare the prognostic differences between the high-risk and low-risk groups. The receiver operating
characteristic (ROC) curves for 3, 5, and 7 years were used simultaneously to verify the prediction
e�ciency of the signatures [21].

Finally, combined with the clinical data, single- and multi-factor Cox analyses were performed to
determine the independent predictors of lncRNA prognosis in the TME.

2.6. Construction of the nomogram

We developed a nomogram to predict the OS and DFS of lncRNAs in the tumor immune
microenvironment. The time-dependent ROC curves were used to create the nomogram prognostic
prediction chart [21]. Simultaneously, the 3-, 5-, and 7-year survival rate calibration curves were used to
correct the nomogram prognostic prediction chart.

2.7. Construction of the mRNA-lncRNA network

A regulatory mRNA-lncRNA network was constructed using Cytoscape (version 3.7.2), and the interaction
between mRNA and lncRNA was analyzed using the Pearson test (| r |> 0.4, p < 0.05)[22].

2.8. Statistical analyses
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All analyses were performed using R version 4.0.5. Unless otherwise noted, statistical signi�cance was
set at p < 0.05.

3. Results
3.1. Relationship between TME immune score and patient prognosis

Excluding non-primary tumor specimens, we included 259 cases in the analysis. Of these, there were 129
cases in the high immune score group and 130 cases in the low immune score group. K-M survival
analysis revealed that OS differed signi�cantly whereas DFS did not (Fig. 1). 

3.2. Overview of lncRNAs related to the tumor immune microenvironment

To identify the lncRNAs that were differentially expressed in the high and low immune score groups, we
�rst screened and obtained 1153 differentially expressed lncRNAs according to the conditions and
methods described above (Fig. 2A). The volcano map reveals that the number of up-regulated (red)
lncRNAs is the majority, re�ecting that most of the immune-related lncRNAs promote the occurrence and
development of tumors (Fig. 2B). The obtained immune-related mRNAs and all the lncRNAs were then co-
expressed, and 1326 immune-related lncRNAs were identi�ed. Finally, the intersection of lncRNAs
obtained by two methods was used to identify the 210 immune-related lncRNAs (Fig. 2C).

3.3. Analysis of differences in prognosis and the TME based on lncRNA clustering

The 258 samples were divided into three clusters. There were 72, 89, and 97 in the �rst, second, and third
clusters, respectively (Fig.3A-C). K-M survival analysis subsequently revealed that OS differed
signi�cantly but DFS did not  (Fig. 3D-E). Finally, the differences in immune scores between the three
clusters were compared, and it was found that the third cluster was signi�cantly higher than the �rst two
clusters in both the matrix and immune scores (Fig. 3F-G).

3.4. Construction of lncRNA prognostic model related to the TME

First, single-factor Cox regression analysis identi�ed 32 and 12 lncRNAs correlated with OS (Fig. 4A) and
DFS (Fig. 6A), respectively. LASSO regression analysis was used to reduce over-�tting (Fig. 4B-C and Fig.
6B-C), and multi-factor Cox regression analysis was used to screen 12 and 8 lncRNAs related with
independent prognoses of OS (Table 1) and DFS (Table 2) , respectively. K-M survival analysis revealed
signi�cant differences between the low-risk and high-risk groups (Fig. 4D and Fig. 6D). Simultaneously,
the ROC curve AUC value of the model was greater than 0.7, indicating that the model was more
accurate(Fig. 4E and Fig. 6E). Then, combined with clinical indicators for analysis, the results indicated
that risk indicators could be used as an independent prognostic factor for OS and DFS models (Table 3-
6). Finally, two nomograms were established based on independent prognostic predictors. The calibration
curves of the 3-, 5-, and 7-year survival rates revealed good agreement between the predicted results and
the actual results (Fig. 5 and Fig. 7).
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3.5. Regulatory network of mRNA and lncRNA

The construction of mRNA-lncRNA co-expression network helps us to further understand the regulatory
relationship between mRNA and lncRNA. We obtained 7 lncRNAs and 97 mRNAs that were incorporated
into the �nal OS signature, 102 of which were related to network generation (Fig. 8A). At the same time, 5
lncRNAs and 65 mRNAs were selected for incorporation into the �nal DFS signature, and 65 associations
were used to generate another network (Fig. 8B). Two lncRNAs—AC108134.3 and AL031717.1—were
concurrently combined into OS and DFS signatures. Each had �ve RNAs as targets.

4. Discussion
In recent years, the application of computer bioinformatics technology has become more and more
extensive, and many studies have targeted the relationship between lncRNA and tumors[23-25]. However,
research on lncRNAs in soft tissue sarcomas remains insu�cient. In this study, lncRNAs related to the
immune microenvironment were jointly screened from the differences between the sample groups and
the co-expression of immune-related mRNAs in the database. The prediction model based on the
screened lncRNAs and clinicopathological data performed well.

In the present study, the samples were divided into high-score and low-score groups according to their
immune microenvironment scores to compare different lncRNAs. The results are presented as a volcano
map. There are numerous positive correlations, indicating that most immune-related lncRNAs in the
immune microenvironment promote the formation and development of tumors. We then downloaded
immune-related mRNA data and all the lncRNA data from the Immport database for co-expression
analysis. The two results described above were then combined and screened to obtain 210 immune-
related lncRNAs. This method differs from the previous one, which comprised screening lncRNAs from
samples or genes alone. The intersection between the mRNA and lncRNA data makes the result more
credible. Subsequently, an unsupervised cluster analysis was performed, in which the lncRNAs were
divided into three groups. The results showed that OS differed signi�cantly among the three groups. The
survival rates of the �rst and third clusters were higher than that of the second cluster. Furthermore, the
matrix and immune scores of the third cluster were both the highest, indicating that these lncRNAs are
closely related to immunity. There were also differences in the levels of immune cells between the third
cluster and the other two clusters, indicating that lncRNAs related to the immune microenvironment may
in�uence the prognosis of patients 

In-depth studies shows that lncRNAs have roles in epigenetic modi�cation, and transcriptional and post-
transcriptional regulation. Different lncRNAs are related to the occurrence and development of tumors,
and they are usually expressed abnormally in cancers. This lncRNA not only participates in tumor
formation, but also inhibits the occurrence and development of tumors. Studies have shown that the
expression of lncRNAs can be used as a biomarker for cancer diagnosis [26], may be related to the
prognosis of tumors, and can be used as a potential biomarker to guide prognosis [27]. In the regulatory
network constructed in the present study, lncRNA SFTA1P has been reported to downregulate miR-4766-
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5p through the PI3K/AKT/mTOR signaling pathway to promote liver cancer growth [28]. Our research has
identi�ed lncRNAs contained in two unreported signatures—i.e., AC108134.3 and AL031717.1. This study
provides a theoretical basis for these two lncRNAs in further research in the future. In addition to the
lncRNAs, the corresponding targeted mRNAs are also involved in immune regulation. For example,
previous studies have shown that SHC3 is functionally relevant to TRIP13-mediated tumor growth and
metastasis [29, 30]. Therefore, it can be speculated that the lncRNAs and mRNAs identi�ed in the present
study have certain immune functions.

Undeniably, this study still has several limitations that need to be improved. First, this was a retrospective
study with a certain degree of bias, and the clinical data were not comprehensive. Second, our data were
based on theoretical analysis, and further basic experiments are needed to verify them.

Conclusion
The results of the present study indicate that seven OS- and �ve DFS-related lncRNAs associated with the
TME are correlated with the prognosis of soft tissue sarcoma.

Abbreviations
TME, Tumor Microenvironment; TCGA, The Cancer Genome Atlas; lncRNAs, long non-coding RNAs; ROC,
Receiver Operating Characteristic; OS, Overall Survival; DFS, Disease-Free Survival; K-M, Kaplan–Meier.
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Figure 1

Correlation between the tumor microenvironmental immune score and the prognosis of soft tissue
sarcoma. (A) K-M analysis of overall survival (OS) in the high and low immune score groups; (B) K-M
analysis of disease-free survival (DFS) in the high and low immune score groups.
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Figure 2

Screening of lncRNAs related to the tumor immune microenvironment. (A) lncRNA heat map obtained by
differential analysis of the immune scores; (B) lncRNA volcano map obtained by differential analysis of
the immune scores; (C) Venn diagram of the lncRNA data obtained by differential analysis and the
lncRNA data obtained by co-expression analysis.



Page 13/18

Figure 3

Analysis of differences in prognosis and the TME based on lncRNA clustering. (A–C) Unsupervised
clustering based on screening all samples of immune-related lncRNA; K-Msurvival curve of overall
survival (OS) (D) and disease-free survival (DFS) (E); comparison of stromal (F) and immune score
among three clusters (G).
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Figure 4

Establishment of the Cox regression model of overall survival (OS). (A) Univariate Cox analysis of OS-
related variables; (B–C) least absolute shrinkage and selection operator (LASSO) regression was used to
construct a predictive model to select the optimal lncRNA related to OS; (D) Survival analysis of
prognostic model. The upper part shows the K-M curve of the high-risk and low-risk groups; the bottom
part shows the change in the number of surviving patients in the high-risk and low-risk groups over time.
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Yellow represents high-risk groups, and blue represents low-risk groups. (E) Receiver operating
characteristic (ROC) curve of the forecast model at 3, 5, and 7 years. Red represents 3 years, green
represents 5 years, and blue represents 7 years

Figure 5

Overall survival (OS) nomogram based on lncRNAs related to the TME of patients with osteosarcoma. (A)
Nomogram predicts the OS of patients with osteosarcoma; calibration chart of RNA nomogram: observe
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the consistency between the nomogram forecasts and the observed OS values for 3 (B), 5 (C), and 7 (D)
years.

Figure 6

Establishment of the Cox regression model of disease-free survival (DFS). (A) Univariate Cox analysis of
overall survival (OS)-related variables; (B–C) least absolute shrinkage and selection operator (LASSO)
regression was used to construct a predictive model to select the optimal lncRNA related to DFS; (D)
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survival analysis of the prognostic model. The upper part shows the K-M curve of the high- and low-risk
groups; the bottom part shows the change in the number of surviving patients in the high- and low-risk
groups over time. Yellow represents high-risk groups, and blue represents low-risk groups. (E) The receiver
operating characteristic (ROC) curve of the forecast model at 3, 5, and 7 years. Red represents 3 years,
green represents 5 years, and blue represents 7 years.

Figure 7

Disease-free survival (DFS) nomogram based on lncRNAs related to the TME of patients with
osteosarcoma. (A) The nomogram predicts the overall survival (OS) of patients with osteosarcoma;
calibration chart of RNA nomogram: observe the consistency between the nomogram forecasts and
observed values of DFS after 3 (B), 5 (C), and 7 (D) years.
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Figure 8

mRNA-lncRNA regulatory network. (A) The �nal overall survival (OS) signature; (B) the �nal disease-free
survival (DFS) signature.
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