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Abstract. Anoikis is highly associated with tumor cell 
apoptosis and tumor prognosis; however, the specific role of 
anoikis‑related genes (ARGs) in soft tissue sarcoma (STS) 
remains to be fully elucidated. The present study aimed to use 
a variety of bioinformatics methods to determine differentially 
expressed anoikis‑related genes in STS and healthy tissues. 
Subsequently, three machine learning algorithms, Least 
Absolute Shrinkage and Selection Operator, Support Vector 
Machine and Random Forest, were used to screen genes with 
the highest importance score. The results of the bioinformatics 
analyses demonstrated that CASP8 and FADD‑like apop‑
tosis regulator (CFLAR) exhibited the highest importance 
score. Subsequently, the diagnostic and prognostic value of 
CFLAR in STS development was determined using multiple 

public and in‑house cohorts. The results of the present study 
demonstrated that CFLAR may be considered a diagnostic 
and prognostic marker of STS, which acts as an independent 
prognostic factor of STS development. The present study also 
aimed to explore the potential role of CFLAR in the STS 
tumor microenvironment, and the results demonstrated that 
CFLAR significantly enhanced the immune response of STS, 
and exerted a positive effect on the infiltration of CD8+ T cells 
and M1 macrophages in the STS immune microenvironment. 
Notably, the aforementioned results were verified using multi‑
plex immunofluorescence analysis. Collectively, the results of 
the present study demonstrated that CFLAR may act as a novel 
diagnostic and prognostic marker for STS, and may positively 
regulate the immune response of STS. Thus, the present study 
provided a novel theoretical basis for the use of CFLAR in 
STS diagnosis, in predicting clinical outcomes and in tailoring 
individualized treatment options.

Introduction

Soft tissue sarcoma (STS) constitutes a rare group of heterog‑
enous tumors, accounting for ~1% of all adult malignancies 
globally (1). STS often originates from mesenchymal tissues 
and displays multifarious clinical behaviors (2). In a previous 
study, elderly patients with STS exhibited a 5‑year relative 
survival rate of <50%, indicating a high risk of death (3). At 
present, surgery remains the first option for STS treatment (4); 
however, STS is often diagnosed following pathological 
assessment of tissues in resection surgery, and late diagnosis 
may impact STS treatment. In addition, STS exhibits a high 
susceptibility to distant metastasis and recurrence. The results 
of a previous study demonstrated that ~50% of patients with 
localized STS experienced distant metastasis, predominantly 
affecting the lungs, which resulted in a poor prognosis (5). 
Thus, the identification of novel therapeutic targets, as well 
as dependable diagnostic and prognostic factors, is crucial to 
achieve effective and personalized treatment.

The extracellular matrix (ECM) serves as a crucial anchor 
for healthy epithelial cells, while also providing essential 
signals for maintaining cell integrity, including the promo‑
tion of proliferation, differentiation and apoptosis. Following 
detachment from the ECM, cells undergo anoikis, a type of 
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caspase‑mediated apoptosis. Cells may exhibit a broad range 
of responses to a loss of adhesion, and these include diverse 
signaling and apoptotic pathways, such as the MAPK/ERK, 
PI3K/Akt and JNK signaling pathways, the death receptor 
pathways and the mitochondrial pathways (6,7). Following 
detachment from the cancer primary lesion, malignant cells 
undergo anoikis and are eliminated; however, a small subset 
of cells may evade anoikis through reprogramming intrinsic 
signals, enabling them to survive the invasion, recycling and 
extravasation stages, which are collectively referred to as 
anchorage‑independent growth. This process ultimately leads 
to the formation of distant metastases (8). The development of 
anoikis resistance in aggressive tumor cells is recognized as a 
key factor contributing to tumor progression (9‑11). The results 
of a previous study on osteosarcoma demonstrated an associa‑
tion between anoikis‑related genes (ARGs) and prognosis and 
the immune landscape. However, to the best of our knowledge, 
the specific association between anoikis and STS has yet to be 
fully understood.

In mammalian cells, CASP8 and FADD‑like apoptosis 
regulator (CFLAR), also known as c‑Flip, is an important 
regulatory protein in the extrinsic apoptotic pathway (12). 
Several transcript variants encoding different isoforms have 
previously been reported. The short form, CFLAR, contains 
two N‑terminal death effector domains, whereas the long form, 
CFLARL, contains an additional pseudo‑caspase domain, 
in which the active center cysteine residue that confers the 
proteolytic activity of caspases is substituted by a tyrosine 
residue (13). CFLAR serves a critical role in fundamental 
intracellular processes, such as inflammation and apop‑
tosis (14,15). CFLAR has also been regarded as a potential 
therapeutic target in various types of cancer (16). The results 
of a previous study detected elevated protein expression levels 
of CFLAR in lung metastatic osteosarcoma compared with 
those in primary tumors (17). However, the protein expression 
profile and mechanism of action of CFLAR in STS are poorly 
understood, and further investigations are required. 

The present study employed three machine learning 
algorithms, namely, Least Absolute Shrinkage and Selection 
Operator (LASSO), Support Vector Machine (SVM) and 
Random Forest (RF), to identify CFLAR from genes associ‑
ated with STS (ARGs). The aim of the study was to explore 
the diagnostic and prognostic value of CFLAR in STS and to 
investigate the effects of CFLAR on the STS tumor microenvi‑
ronment (TME). Through these approaches, we seek to deepen 
our understanding of the role of CFLAR in the progression 
of STS and to provide new insights into the diagnosis and 
treatment of STS.

Materials and methods

Raw data. The Cancer Genome Atlas (TCGA)‑SARC RNA 
sequencing (RNA‑seq) data from 265 cases of STS (healthy 
samples, 2 cases; tumor samples, 263 cases), corresponding 
data on the clinical characteristics of 256 cases (those with 
complete data) from TCGA, and RNA‑seq data from 911 
healthy cases (healthy muscle and adipose tissue) from the 
Genotype‑Tissue Expression (GTEx) database were down‑
loaded from UCSC Xena database (https://xenabrowser.
net/datapages/). Notably, the two aforementioned datasets 

were merged into one dataset for subsequent experiments, 
referred to as GTEx~TCGA‑SARC. RNA‑seq and clinical data 
from 24 liposarcoma cases and 16 malignant peripheral nerve 
sheath tumor cases in GSE17118 (18), RNA‑seq data from 
149 liposarcoma cases and 9 healthy cases in GSE21124 (19) 
and single cell RNA‑Seq data of 16,872 cells from 12 human 
synovial sarcoma cases in GSE131309 (20) were obtained from 
the Gene Expression Omnibus (GEO) database (https://www.
ncbi.nlm.nih.gov/geo/).

Differential expression analysis and acquisition of ARGs. 
GTEx~TCGA‑SARC was used for the differential analysis 
of STS and healthy tissue samples. The analysis was 
conducted using the ‘limma’ R Package (https://bioconductor.
org/packages/release/bioc/html/limma.html) (21) following 
normalization, and a filter was applied to obtain significantly 
differentially expressed genes (|log fold change|>1 and adjusted 
P<0.05). In addition, a list of ARGs was obtained from 
GeneCards (https://www.genecards.org/) and Harmonizome 
(https://maayanlab.cloud/Harmonizome/). 

Identification and validation of diagnostic markers that 
distinguish between healthy tissue and STS. To identify novel 
biomarkers for STS in the GTEx~TCGA‑SARC dataset, 
three different machine learning algorithms, LASSO, RF 
and SVM, were utilized  (22‑24). LASSO logistic regres‑
sion with low lambda was conducted using the ‘glmnet’ 
package in R statistical software (https://CRAN.R‑project.
org/package=glmnet) (25), and the RF analysis was performed 
using the ‘randomForest’ package (https://CRAN.R‑project.
org/package=randomForest)  (26). The SVM classifier was 
created using the ‘e1071’ package (https://CRAN.R‑project.
org/package=e1071) (27). The overlapping genes of the three 
models were subsequently identified. The Gini coefficient 
method in RF was used to determine the significance index of 
genetic variables. To evaluate the effectiveness of the signifi‑
cant biomarkers, the validation set GSE21124 was utilized, 
and receiver operating characteristic (ROC) curve analyses 
were conducted. The predictive ability of the algorithm was 
assessed through measuring the area under the curve (AUC). 
P<0.05 was considered to indicate a statistically significant 
difference. 

Cox regression analysis. In the analysis of the TCGA‑SARC 
dataset, a total of 132 patients with complete clinical infor‑
mation were selected. The ‘survival’ package in R statistical 
software was employed to perform both univariate and multi‑
variate Cox regression analyses (https://CRAN.R‑project.
org/package=survival)  (28). Univariate Cox regression 
analysis was used to identify the potential association between 
ARGs and STS prognosis, and the multivariate Cox regres‑
sion analysis was used to determine the potential independent 
prognostic significance of CFLAR in STS. In addition, all 
variables included in the multivariate Cox regression analysis 
met the assumption of proportional hazards.

Survival analysis and time‑ROC. Survival analysis was 
conducted using the ‘Survminer’ package in R statistical soft‑
ware (https://CRAN.R‑project.org/package=survminer) (29). 
The data sets used were TCGA‑SARC and GSE17118. 
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The Kaplan‑Meier (KM) method was used to generate a 
survival curve and the log‑rank test was applied to assess the 
statistical significance. P<0.05 was considered to indicate a 
statistically significant difference. Time‑ROC was conducted 
using the ‘timeROC’ package in R statistical software 
(https://CRAN.R‑project.org/package=timeROC)  (30). 
Notably, 1‑, 3‑ and 5‑year ROC curves were plotted, and the 
corresponding AUCs were calculated. Curves of AUC over 
time were also plotted.

Immune inf iltration and function analysis. Using 
CIBERSORTx analysis (https://cibersortx.stanford.edu/index.
php) with a ‘PERM’ parameter set to 1,000 and a P‑value cut‑off 
of <0.05, the level of immune cell infiltration was measured 
in STS samples of TCGA‑SARC. The samples were stratified 
into high and low CFLAR expression groups based on the 
median CFLAR expression value in the TCGA‑SARC cohort. 
The relative proportions of individual immune cell types were 
calculated within the samples. Subsequently, a boxplot of 22 
immune cell abundances was generated using the ‘ggpubr’ 
package (https://CRAN.R‑project.org/package=ggpubr) (31). 
Spearman's rank correlation coefficient was performed to 
determine the potential association between immune cell 
infiltration and CFLAR expression, and dot‑line and lollipop 
charts were generated accordingly. Single sample gene set 
enrichment analysis implemented in the R statistical software 
package ‘GSVA’ was used to calculate the immune func‑
tion score in the TCGA‑SARC cohort (https://bioconductor.
org/packages/release/bioc/html/GSVA.html)  (32), and the 
results are displayed in a boxplot. The independent sample 
t‑test was used to compare differences between two groups.

TME score. The ‘estimate’ package in R was used to calculate 
the ‘StromalScore’, ‘ImmuneScore’ and ‘ESTIMATEScore’ 
between STS samples with high and low CFLAR expres‑
sion in TCGA‑SARC dataset (https://bioconductor.
org/packages/release/bioc/html/estimate.html)  (33). The 
results are displayed in a boxplot. The independent sample 
t‑test was used to compare differences between two groups.

Efficacy analysis of immune checkpoint inhibitors (ICIs) 
in STS. The correlation (Spearman's analysis) between 
established ICI targets and CFLAR expression was analyzed. 
Subsequently, a correlation heatmap was generated to deter‑
mine the potential role of CFLAR in ICI efficacy in STS. The 
aforementioned analysis applied the TCGA‑SARC data set.

Pathway and functional enrichment analysis, and 
protein‑protein interaction (PPI) network generation. The 
Gene Ontology (GO) analysis utilized the enrichGO function 
in the R package ‘clusterProfiler’ (https://bioconductor.
org/packages/release/bioc/html/clusterProfiler.html)  (34) 
and incorporated genome‑wide annotations provided by the 
Bioconductor project (https://www.bioconductor.org/) (35). 
Based on the GO analysis, the specific functions of CFLAR 
co‑upregulated genes were explored. A PPI network was 
generated using the STRING database (https://cn.string‑db.
org/), based on the protein interactions between CFLAR 
co‑upregulated genes. The aforementioned analysis applied 
the TCGA‑SARC data set.

Single‑cell quality control, dimension reduction and cell 
type annotation. The complete single‑cell sequencing data 
analysis utilized the ‘Seurat’ package in R statistical software, 
applied to the dataset GSE131309 (https://CRAN.R‑project.
org/package=Seurat)  (36). Cells expressing between 50 
and 9,000 genes were identified, with a mitochondrial gene 
cut‑off of 5% for further filtration. Following the identifica‑
tion of 1,500 hypervariable genes, 20 principal components 
were adjusted to generate cell clusters. Subsequently, uniform 
manifold approximation and projection (UMAP) dimension‑
ality reduction was performed using the data, and 20 clusters 
were generated. CellMarker 2.0 (http://bio‑bigdata.hrbmu.edu.
cn/CellMarker/) was used to manually annotate the single‑cell 
sequencing data and eight cell types were annotated (37,38). 
The expression distribution of CFLAR was explored in 
single‑cell sequencing data.

Human tissue specimens and reverse transcription‑
quantitative (RT‑q)PCR. In this study, 45 STS tumor tissues 
and 18 frozen surgically resected para‑carcinoma tissues, 
all obtained from the Sample Bank of the National Cancer 
Center/National Clinical Research Center for Cancer/Cancer 
Hospital, Chinese Academy of Medical Sciences and Peking 
Union Medical College (Beijing, China), were analyzed. These 
samples represented a cohort of 45 patients, with a mean age of 
42.3 years (ranging from 32 to 52 years), and a nearly balanced 
sex ratio of 23 males to 22 females. Total RNA was extracted 
from tissues using TRIzol® reagent (Invitrogen; Thermo 
Fisher Scientific, Inc.). Primers for CFLAR and GAPDH were 
diluted in ddH2O with SYBR Green PCR Master Mix (Wuhan 
Servicebio Technology Co., Ltd.). The primer sequences were 
as follows: CFLAR forward, 5'‑AGA​GTG​AGG​CGA​TTT​
GAC​CTG‑3' and reverse, 5'‑GTC​CGA​AAC​AAG​GTG​AGG​
GTT‑3'; and GAPDH forward, 5'‑GGA​AGC​TTG​TCA​TCA​
ATG​GAA​ATC‑3' and reverse, 5'‑TGA​TGA​CCC​TTT​TGG​
CTC​CC‑3'. The reverse transcription was performed using the 
SweScript All‑in‑One First‑Strand cDNA Synthesis SuperMix 
for qPCR (One‑Step gDNA Remover) from Wuhan Servicebio 
Technology Co., Ltd. The reverse transcription process 
involved the following temperature steps: 25˚C for 5 min, 
42˚C for 30 min and 85˚C for 5 sec. qPCR Thermocycling 
Conditions were as follows: Initial denaturation at 95˚C for 
30 sec, denaturation at 95˚C for 15 sec and annealing/extension 
at 60˚C for 30 sec. For the melting curve stage, the temperature 
was raised from 65˚C to 95˚C, with fluorescence collection at 
every 0.5˚C increase. Each sample was assessed in triplicate. 
CFLAR mRNA expression levels were quantified using the 
2‑ΔΔCq method and were normalized to the internal reference 
gene GAPDH (39). 

Multiplex immunofluorescence (mIF). For the multiplex 
immunofluorescence (mIF) staining, tissue samples from 
leiomyosarcoma and fibrosarcoma tumors were used. These 
samples were obtained from two individual patients. This 
was done to ensure a diverse representation of STS subtypes 
in the analysis. The CFLAR mouse antibody was obtained 
from Santa Cruz Biotechnology, Inc. (cat.  no.  sc‑5276). 
Briefly, 4‑µm paraffin‑embedded sections were dewaxed, 
and then underwent antigen retrieval, endogenous peroxi‑
dase blocking and serum blocking. The fixation information 
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for paraffin‑embedded sections is as follows: The fixative 
used was absolute ethanol. Tissue sections were fixed at 
room temperature for 24 h. Antigen retrieval was carried 
out using citrate antigen retrieval solution (pH 6.0; Wuhan 
Saiwei Biotechnology Co., Ltd.), with medium heat for 8 min 
in citric acid, no heat for 8 min and medium‑low heat for 
7 min. Anjie Hi‑tech 3% hydrogen peroxide was used to 
block endogenous peroxidase, and samples were incubated 
at room temperature in the dark for 25 min. Bovine serum 
albumin (BSA; Wuhan Saier Biotechnology Co., Ltd.) was 
used for serum blocking (cat. no. GC305010) at room temper‑
ature for 30 min. Subsequently, the sections were incubated 
with the primary antibody overnight at 4˚C. This incuba‑
tion was performed three times with different antibodies: 
CFLAR Mouse Antibody (1:1,000; cat. no. sc‑5276; Santa 
Cruz Biotechnology, Inc.), CD8 Rabbit Antibody (1:200; 
cat. no. GB12068; Wuhan Servicebio Technology Co., Ltd.) 
and INOS Mouse Antibody (1:200; cat. no. GB11119; Wuhan 
Servicebio Technology Co., Ltd.). A horseradish perox‑
idase‑conjugated secondary antibody (HRP‑conjugated 
Goat Anti‑Mouse IgG, cat. no. GB23301; CY3‑conjugated 
Goat Anti‑Mouse IgG, cat. no. GB21301 and Alexa Fluor 
488‑conjugated Goat Anti‑Rabbit IgG, cat. no. GB25303; all 
Wuhan Servicebio Technology Co., Ltd.) was applied at room 
temperature for 50 min, before fluorescent dye detection and 
microwave treatment to remove the bound antibodies. Finally, 
the slides were counterstained with DAPI and mounted in 
anti‑fade solution. Imaging was performed using a Nikon 
Eclipse C1 upright fluorescence microscope.

Statistical analysis. All statistical analyses were performed 
using R statistical software (version 4.2.3). Independent 
samples t‑test was used for comparisons between gene expres‑
sion levels, and Spearman's rank correlation coefficient was 
carried out to assess the potential association between CFLAR 
expression and the infiltration of various immune‑related 
cells. In addition, ROC curve analysis was conducted to deter‑
mine the discriminatory value of marker genes. P<0.05 was 
considered to indicate a statistically significant difference.

Results

Differentially expressed ARGs (DEARGs) obtained from 
GTEx~TCGA‑SARC. The design of the present study is shown 
in Fig. 1. In total, 640 ARGs were obtained from GeneCards 
and Harmonizome. The aforementioned genes were included 
in the differential expression analysis between STS and 
healthy tissues in GTEx~TCGA‑SARC, and 86 DEARGs were 
obtained. The results of the differential expression analysis are 
displayed in heat and volcano maps (Fig. 2A and B).

Identification of diagnostic markers in STS. In total, 21 STS 
feature genes (those with potential to serve as diagnostic 
markers for STS) were obtained from DEARGs using LASSO 
logistic regression, 83 STS feature genes were obtained from 
DEARGs using SVM‑REF, and 14 STS feature genes were 
obtained from DEARGs using RF (Fig. 2C‑E). In addition, 
the importance of the 14 Feature genes obtained using RF 
was ranked (Fig. 2F). Subsequently, an intersection diagram 

Figure 1. Flow chart of the study design. ARGs, anoikis‑related genes; AUC, area under the curve; CFLAR, CASP8 and FADD‑like apoptosis regulator; 
DEARGs, differentially expressed ARGs; GO, Gene Ontology; GTEx, Genotype‑Tissue Expression; KM, Kaplan‑Meier; LASSO, Least Absolute Shrinkage 
and Selection Operator; PPI, protein‑protein interaction; ROC, receiver operating characteristic; scRNA, single cell RNA; STS, soft tissue sarcoma; SVM, 
Support Vector Machine; TCGA, The Cancer Genome Atlas; TME, tissue microenvironment. The human figure outline in this figure was sourced from Smart 
Servier Medical Art (https://smart.servier.com/). Smart Servier Medical Art provides images that are free to use and do not require permission for their usage.
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between the Feature genes obtained using the three algorithms 
was generated, and six marker genes were obtained (Fig. 2G). 
Notably, CFLAR was the gene with the highest ranking of 
importance in RF, and this was selected for use in subsequent 
studies. The expression levels of CFLAR were compared 
between STS and healthy tissues obtained from two public 
datasets, GTEx~TCGA‑SARC and GSE21124. The results of 
the present study demonstrated that the expression levels of 
CFLAR were significantly lower in STS tissues compared with 
those in healthy tissues, and the AUCs were 0.999 and 0.945, 
respectively (Fig. 3A‑D). Subsequently, RT‑qPCR was carried 
out to determine the relative expression levels of CFLAR in 45 
tumor and 18 adjacent healthy tissues. Notably, these results 
were consistent with the results obtained using the public 
databases. The expression levels of CFLAR were significantly 
lower in tumor tissues compared with those in adjacent healthy 
tissues, and the AUC was 0.789 (Fig. 3E and F). Thus, CFLAR 
exhibits potential as a diagnostic marker in STS.

CFLAR is a prognostic factor in STS. The present study aimed 
to explore whether CFLAR plays a role in the prognosis of 

STS. The results of the univariate Cox regression analysis 
demonstrated that CFLAR was a prognostic factor for STS 
(Fig. 4A). Subsequently, survival analysis was conducted using 
the TCGA‑SARC and GSE17118 datasets. Using the median 
CFLAR expression value in TCGA‑SARC, the samples were 
stratified into high and low CFLAR expression groups, with 
the high expression group consisting of 128 samples and 
the low expression group also comprising 128 samples in 
TCGA‑SARC. In the GSE17118 dataset, the high expression 
group included 12 samples, while the low expression group 
contained 25 samples. Kaplan‑Meier survival curves were 
then generated for these groups (Fig. 4B and C). The results of 
the present study demonstrated that the overall survival (OS) 
rate of the CFLAR high expression group was significantly 
higher than that of the CFLAR low expression group, and the 
time‑dependent AUC of OS was calculated (Fig. 4D and E). In 
TCGA‑SARC, the AUC values at 1, 3 and 5 years were 0.653, 
0.654 and 0.622, respectively. In the GSE17118 dataset, the 
AUC values at 1, 3 and 5 years were 0.824, 0.710 and 0.737, 
respectively. The AUC over time was plotted, and the results 
demonstrated that over 5 years, the AUC remained stable. 

Figure 2. Differential expression analysis and three machine learning algorithms were used to screen STS biomarkers. (A) DEARG expression heatmap. 
(B) DEARG expression volcano map. (C) LASSO regression model was used to identify potential markers for STS. The coefficient value is displayed on 
the y‑axis, the logarithmic value of l is displayed on the lower end of the x‑axis, and the number of non‑zero coefficients present in the model are displayed 
on the upper end of the x‑axis. (D) A chart was used to demonstrate the process of selecting biomarkers through the SVM‑recursive feature elimination 
technique. (E) A chart was used to illustrate how the number of decision trees affects the error rate. The x‑axis displays the number of decision trees and the 
y‑axis demonstrates the error rate. As the number of decision trees increases, the error rate initially decreases. When ~100 decision trees are used, the error 
rate remains stable. (F) The Gini coefficient method was used to determine the significance index of genetic variables. The y‑axis of the chart represents the 
genetic variables and the x‑axis demonstrates the corresponding significance index. (G) Venn diagram of the intersection of three machine learning algorithms. 
DEARGs, differentially expressed anoikis‑related genes; LASSO, Least Absolute Shrinkage and Selection Operator; l, lamda; RF, Random Forest; STS, soft 
tissue sarcoma; SVM, Support Vector Machine.
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Figure 3. Identification of diagnostic markers in STS. (A) Box plot of the comparison of CFLAR expression between healthy tissues and tumor tissues in the 
GTEx~TCGA‑SARC dataset. (B) ROC curve construction in the GTEx~TCGA‑SARC dataset to evaluate the diagnostic accuracy of CFLAR in STS. (C) Box 
plot of the comparison of CFLAR expression between healthy tissues and tumor tissues in the GSE21124 dataset. (D) ROC curve construction in the GSE21124 
dataset to evaluate the diagnostic accuracy of CFLAR in STS. (E) Box plot of the comparison of CFLAR expression between healthy tissues and tumor tissues 
in the in‑house cohort. (F) ROC curve construction in the in‑house cohort to evaluate the diagnostic accuracy of CFLAR in STS. ***P<0.001. AUC, area 
under the curve; CFLAR, CASP8 and FADD‑like apoptosis regulator; CI, confidence interval; GTEx, Genotype‑Tissue Expression; ROC, receiver operating 
characteristic; STS, soft tissue sarcoma; TCGA, The Cancer Genome Atlas.
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Figure 4. Impact of CFLAR on the prognosis of STS. (A) Forest plot of univariate Cox regression analysis of DEARGs. OS curves of CFLAR high and low 
expression groups in (B) TCGA‑SARC dataset and (C) GSE17118 dataset. ROC curve construction in (D) TCGA‑SARC dataset and (E) GSE17118 dataset to 
evaluate the accuracy of predicting 1‑, 3‑ and 5‑year survival rates. AUC over time in (F) TCGA‑SARC cohort and (G) GSE17118 cohort. (H) Forest plot of 
multivariate Cox regression analysis of CFLAR with other clinical characteristics in TCGA‑SARC cohort. (I) OS curves of CFLAR high and low expression 
groups in the in‑house cohort. (J) ROC curve construction in the in‑house cohort to evaluate the accuracy of predicting 6‑, 12‑ and 18‑month survival rates. 
(K) AUC over time in the in‑house cohort. (L) Forest plot of multivariate Cox regression analysis of CFLAR with other clinical characteristics in in‑house 
cohort. AUC, area under the curve; CFLAR, CASP8 and FADD‑like apoptosis regulator; DEARGs, differentially expressed anoikis‑related genes; OS, overall 
survival; ROC, receiver operating characteristic curve; STS, soft tissue sarcoma; TCGA, The Cancer Genome Atlas.
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Notably, the AUC was >0.6 in TCGA‑SARC cohort and 
>0.7 in the GSE17118 cohort (Fig. 4F and G). Subsequently, 
132 patients with complete clinical information were selected 
from the TCGA‑SARC dataset. This selection was based on 
the availability of comprehensive clinical data necessary for a 
robust multivariate Cox regression analysis. CFLAR expres‑
sion was then included as a clinical feature in this analysis. 
The results of the present study demonstrated that CFLAR 
was an independent factor for the prognosis of STS (P<0.001; 
HR, 0.29; 95% CI, 0.15‑0.59; Fig.  4H). Subsequently, the 
median CFLAR expression was used as a cut‑off value in 
the in‑house cohort, samples were divided into CFLAR high 
and low expression groups, and KM survival curves were 
plotted (Fig. 4I). Notably, the results were consistent with 
those obtained using public databases, and the time‑dependent 
AUC of OS was calculated (Fig. 4J). The AUC values at 6, 
12 and 18 months were 0.705, 0.932 and 0.912, respectively. 
The AUC over time demonstrated that over 1.5 years, the 
AUC remained stable, and was >0.7 in the in‑house cohort 
(Fig. 4K). Subsequently, a multivariate Cox regression analysis 
was performed, and the clinical characteristics of the in‑house 
cohort were incorporated. The results of the present study 
demonstrated that CFLAR was an independent prognostic 
factor for STS (P=0.003; HR, 0.23; 95% CI, 0.08‑0.60; Fig. 4L). 
Collectively, the results of the present study demonstrated that 
CFLAR may exhibit potential as an independent prognostic 
factor for STS.

Immune cell infiltration, immune function, TME score and 
ICI analysis. To further explore the role of high CFLAR 
expression in improving prognosis, immune cell infiltration 
analysis was performed using CIBERSORTx. The results of 
the present study demonstrated that the infiltration of CD8+ 
T cells, monocytes and M1 macrophages was significantly 
higher in the CFLAR high expression group than that in the 
low expression group, whereas M0 macrophage infiltration 
was significantly lower in the CFLAR high expression group 
than that in the low expression group. In addition, the γδT cells 
in the CFLAR high expression group were higher than those 
in the low expression group (Fig. 5A).

Correlation analysis of immune cell infiltration demon‑
strated that CFLAR expression was most notably and 
positively correlated with CD8+ T cells, M1 macrophages and 
monocytes, and negatively correlated with M0 macrophages. 
While a positive correlation was also observed with γδT cells 
and Tregs, these associations were characterized by a lower 
r‑value (<0.3), indicating a weaker relationship (Fig. 5B). The 
correlation, correlation coefficient and P‑value of CFLAR 
expression and immune cell infiltration are summarized 
in a lollipop chart (Fig. 5C). Thus, it was hypothesized that 
CFLAR may promote the infiltration of CD8+ T cells and the 
polarization of M1 macrophages in the STS TME.

The results of the immune function analysis demonstrated 
that the majority of immune function scores were significantly 
higher in the CFLAR high expression group than those in 
the CFLAR low expression group (Fig.  5D). The results 
of the TME analysis demonstrated that the StromalScore, 
ImmuneScore and ESTIMATEScore in the CFLAR high 
expression group were significantly higher than those in the 
CFLAR low expression group (Fig. 5E). Moreover, to explore 

the role of CFLAR in predicting the therapeutic efficacy of 
ICIs, the correlation of CFLAR expression with 29 ICI targets 
was determined. The results are displayed in a heatmap 
(Fig. 5F). The results showed that CFLAR was positively 
correlated with most ICIs and negatively correlated with 
CD274. Notably, CFLAR expression may exhibit potential in 
guiding the immunotherapy of STS.

Functional analysis of CFLAR co‑upregulated genes. To 
further explore how CFLAR induces the TME activation of 
STS, differential expression analysis was performed using 
both high and low CFLAR expression groups. The results of 
the present study demonstrated that the majority of CFLAR 
co‑upregulated genes were highly associated with immune 
response, and were positive regulators of immune cell acti‑
vation, immune receptor activation and immune pathway 
activation (Fig. 6A). Subsequently, the PPI network of CFLAR 
co‑upregulated genes was generated (Fig. 6B). The results of 
the present study demonstrated that all hub genes in the PPI 
network were immune‑related genes, and these were associated 
with immune cell activation and antigen presentation.

Single‑cell sequencing analysis and CFLAR expression 
distribution. Following quality control of the GSE131309 
single‑cell sequencing dataset, data dimensionality reduc‑
tion was performed using the UMAP method, and all cells 
were divided into 20 clusters (Fig. 6C). In addition, results 
of the cell annotation demonstrated that annotated cell types 
were monocytes/macrophages, CD8+ T cells, CD4+ T cells, 
B cells, fibroblasts, sarcoma cells, vascular endothelial cells 
and mastocytes (Fig. 6D). The results of the present study 
also demonstrated that CFLAR expression was higher in 
non‑tumor tissues than in tumor tissues, and CFLAR was 
mainly expressed in T cells and monocytes/macrophages 
(Fig. 6E). Thus, the results obtained using RNA‑seq data were 
further verified at the single‑cell level. 

CFLAR promotes infiltration of CD8+ T cells and M1 macro‑
phages. To further verify the results of the immune cell 
infiltration analysis, mIF staining was performed using tumor 
tissues of patients with STS. The results of the present study 
demonstrated that the infiltration of CD8+ T cells and M1 
macrophages was markedly increased in tumor tissues when 
CFLAR expression was high (Fig. 7A and B). Collectively, the 
results of the present study highlighted that CFLAR was asso‑
ciated with the infiltration of CD8+ T cells and the polarization 
of M1 macrophages. 

Discussion

Anoikis was initially used to describe a particular phenomenon 
that occurs when a cell undergoes apoptotic cell death as a result 
of inadequate interactions with the ECM (40,41). Subsequently, 
it was discovered that this distinct form of cell death serves a 
crucial role in tumor angiogenesis and metastasis, and exerts 
a significant impact on tumor prognosis  (40‑42). Healthy 
epithelial and endothelial cells detach and undergo anoikis 
to prevent the growth of cells that have been oncogenically 
transformed. However, tumor cells may acquire resistance to 
this process, which allows them to migrate to other sites in the 
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body and form metastatic tumors. This ability to evade anoikis 
is a key factor in the progression of cancer (42). Therefore, 
clarifying the molecular mechanisms of anoikis and exploring 
novel targets for tumor treatment are required.

At present, research is focused on the molecular 
mechanisms of anoikis in various types of cancer, including 
osteosarcoma; however, studies focused on the role of anoikis 
in STS are rare (11,43,44). Therefore, the present study aimed 

to explore the diagnostic and prognostic value of ARGs in 
STS, and to explore their regulatory effect on the TME of STS. 

Using three machine learning algorithms, LASSO, RF 
and SVM, STS Feature genes with the highest importance 
were screened from DEARGs. CFLAR, which is also referred 
to as c‑FLIP, Casper, iFLICE, FLAME‑1, CASJ, CLARP, 
MRIT or usurpin, has a significant role as a negative regu‑
lator of the apoptotic pathway (45). The results of a previous 

Figure 5. Immune cell infiltration, immune function, TME score and ICI correlation analysis. (A) A boxplot illustrating the proportion of 22 types of immune 
cells in CFLAR high and low expression groups. (B) Correlation analysis between CFLAR expression and infiltration of CD8+ T cells, γδT cells, M1 macro‑
phages, M0 macrophages, monocytes and Treg. (C) A lollipop chart showing the correlation coefficient and significance of CFLAR expression and immune 
cell infiltration. (D) A boxplot illustrating the immune function scores in the CFLAR high and low expression groups. (E) A boxplot illustrating the TME 
scores in CFLAR high and low expression groups. (F) Correlation heatmap between CFLAR and 29 ICIs. *P<0.05, **P<0.01, ***P<0.001. CFLAR, CASP8 and 
FADD‑like apoptosis regulator; ICI, immune checkpoint inhibitor; NK, natural killer; TME, tumor microenvironment.
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study demonstrated that recruitment of CFLAR to either the 
death‑inducing signaling complex or complex II prevents 
procaspase‑8 dimerization and activation. As a result, the acti‑
vation of the apoptotic cascade is blocked, which may protect 
the cell from ligand‑mediated death (16).

The results of cell line studies demonstrated that levels 
of CFLAR are higher in various types of cancer, including 
colorectal carcinoma, gastric adenocarcinoma, pancreatic 
carcinoma, melanoma, ovarian carcinoma and prostate 
carcinoma (46‑51). However, the results of the present study 
demonstrated that the expression levels of CFLAR in STS 
were significantly lower than those in healthy tissues. 

Moreover, the results of a previous study demonstrated 
that high CFLAR expression may induce anti‑apoptotic 
effects in tumor cells, thereby leading to their avoidance of 
apoptosis and tumor development (52). Therefore, the associa‑
tion between CFLAR and STS prognosis was examined; the 
present study demonstrated that low CFLAR expression in 

STS was associated with a poor prognosis, which differs from 
the results obtained in different cancer types (53‑57). 

The present study aimed to explore the role of CFLAR 
expression in STS tissues, and the association between high 
CFLAR expression and prognosis. The results of the present 
study demonstrated that high CFLAR expression could 
promote immune cell infiltration and immune response in 
the STS TME. The majority of the genes co‑upregulated 
with CFLAR were enriched in immune‑related functions, 
and hub genes, such as TNFRSF13B, CXCR5, CD40LG, 
CR2, MS4A1, TNFRSF17, POU2AF1, CD1E, CD1B, CCL17 
and FLT3, were associated with immune cell activation and 
antigen presentation. The results of the single‑cell sequencing 
analysis demonstrated that CFLAR was highly expressed in 
immune cells. Therefore, it was hypothesized that CFLAR 
may be associated with immune response.

The results of previous studies have demonstrated that 
CFLAR plays an important role in the regulation of T cells. 

Figure 6. GO, PPI and single‑cell sequencing analysis. (A) GO enrichment analysis for CFLAR co‑upregulated genes. (B) PPI network of CFLAR co‑upregu‑
lated genes. (C) Dimensionality reduction map of cells in the GSE131309 dataset was divided into 20 clusters using UMAP. (D) Cells in the GSE131309 dataset 
were annotated as follows: Monocytes/macrophages, CD8+ T cells, CD4+ T cells, B cells, fibroblasts, sarcoma cells, vascular endothelial cells and mastocytes. 
(E) CFLAR was mainly expressed in T cells and monocytes/macrophages in the STS TME. CFLAR, CASP8 and FADD‑like apoptosis regulator; GO, Gene 
Ontology; PPI, protein‑protein interaction; STS, soft tissue sarcoma; TME, tumor microenvironment; UMAP, uniform manifold approximation and projection.
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Notably, CFLAR is required for the survival and proliferation 
of T cells, and the expansion of T cells in response to T‑cell 
receptor (TCR) stimulation (58,59). The presence of CFLAR 
not only ensures the survival of T cells with or without TCR 
activation, but also promotes the regular circulation of T cells 
upon stimulation (58). The results of a previous study also 
demonstrated that CFLAR exerts a significant effect on the acti‑
vation of T cells. Notably, Jurkat T cells overexpressing CFLAR 
have been shown to produce higher levels of IL‑2 following 
TCR stimulation than wild‑type Jurkat T cells. Examination 
of the pathways that regulate IL‑2 expression revealed that 
TCR‑mediated activation of NF‑κB and mitogen‑activated 
protein kinase (MAPK)/extracellular‑regulated protein kinase 
(ERK) was augmented in the presence of increased CFLAR 
expression (60). Further investigations into these pathways 
demonstrated that CFLAR is associated with tumor necrosis 
factor receptor‑associated factor (TRAF)1, TRAF2 and 
receptor‑interacting protein 1 (RIP1), which together promote 
NF‑κB activation. These proteins are also associated with 
RAF1, which activates ERK through MAPK/ERK kinase 
(MEK)1 and MEK2 (59). In conclusion, CFLAR may promote 
the activation of T cells, which in turn increases the immune 
response in the STS TME. 

The results of a previous study demonstrated that monocytes 
undergo transformation into macrophages in the peripheral 
blood. During this process, monocytes contain low levels of 
CFLAR and are highly sensitive to CD95‑induced cell death. 
By contrast, macrophages express high levels of CFLAR and 
are resistant to CD95‑induced cell death, despite high levels 
of CD95 expression on the cell surface (59). In addition, it has 
been demonstrated that the activation of caspase‑8 is required 
for blood monocytes to become macrophages. When primary 
monocytes are exposed to macrophage colony‑stimulating 
factor or when U937 cells are exposed to tissue polypeptide 

antigen, caspase‑8 interacts with FADD, FLIP and RIP1. This 
multi‑molecular platform activates caspase‑8, which results in 
the cleavage of RIP1. The cleavage fragments of RIP1 may 
reduce the activity of NF‑κB, which leads to the differen‑
tiation of monocytes into macrophages (61). Moreover, the 
results of a previous study demonstrated that CFLAR protects 
macrophages from lipopolysaccharide‑induced pyroptosis via 
inhibition of complex II formation (62). The aforementioned 
studies revealed that CFLAR inhibits the apoptosis of macro‑
phages through specific mechanisms, which may explain the 
positive correlation between the expression of CFLAR in 
the STS TME, and the infiltration of M1 macrophages and 
monocytes observed in the present study. 

Notably, CFLAR is closely associated with the activation 
of T cells and the maintenance of macrophage activity, which 
increases the immune response in the STS TME. The role of 
CFLAR in different cancer types remains unclear. On the one 
hand, CFLAR may inhibit the apoptosis of tumor cells, and on 
the other hand, CFLAR may promote the immune response in the 
STS TME. Therefore, it was hypothesized that the main role of 
CFLAR may differ between cancer types. For example, in other 
cancer types, CFLAR mainly inhibits the apoptosis of tumor 
cells; however, it does not significantly promote the immune 
response. By contrast, the results of the present study demon‑
strated that CFLAR mainly promoted the immune response in 
the STS TME, whereas the inhibition of STS cell apoptosis was 
not observed. As a result, CFLAR expression is often increased 
in other types of cancer tissues, and the corresponding overex‑
pression indicates a poor prognosis. Notably, the opposite results 
were observed in STS, and further investigations are required. 

Collectively, the results of the present study revealed 
the diagnostic and prognostic value of CFLAR in STS, and 
explored the regulatory effects on the STS TME. However, the 
present study has several limitations. As STS is rare, the sample 

Figure 7. CFLAR promotes infiltration of CD8+ T cells and M1 macrophages. Multiple immunofluorescence staining of CFLAR, CD8 and INOS in (A) leio‑
myosarcoma tumor tissue and (B) fibrosarcoma tumor tissue, with images captured at x20 magnification. CFLAR, CASP8 and FADD‑like apoptosis regulator; 
INOS, inducible nitric oxide synthase.



LIU et al:  SIGNIFICANCE OF CFLAR IN SOFT TISSUE SARCOMA AND REGULATION OF THE TME 12

size included in the present study was limited. In addition, 
patient survival was only followed up for 2 years, meaning that 
the effects of CFLAR on the 5‑year survival rate of patients 
were not verified. In addition, immunohistochemical data for 
STS were limited. Experiments involving cell lines, organoids 
and animals were not conducted; thus, further in vivo and 
in vitro investigations are required to determine the specific 
mechanisms of action of CFLAR in STS. 

In conclusion, CFLAR exhibits potential as a biomarker 
for the prediction of STS progression and disease outcomes. 
In addition, the results of the present study highlighted that 
CFLAR may serve a crucial role in determining the immune 
response to STS, as it enhances the infiltration of CD8+ T cells 
and M1 macrophages, which are key immune cells that aid in 
the elimination of cancer cells. Collectively, the results of the 
present study suggested that CFLAR may exhibit potential as 
a therapeutic target in the treatment of STS.
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