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Abstract
Soft tissue sarcomas (STS) imposes a substantial healthcare burden on society. The progression of these tumors is signifi-
cantly influenced by diverse modes of programmed cell death (PCD), which can serve as valuable indicators for assess-
ing prognosis and immune therapeutic response in STS. Nonetheless, the precise role of multiple cell death patterns in 
STS is yet to be clarified. We employed 96 machine-learning algorithm combination frameworks to identify novel cell 
death-related signatures (CDSigs) with the highest mean c-index, indicating their excellence. The independence test 
and comparison with previously published models further confirmed the stability and quality of these signatures for 
survival prediction in STS. The nomogram, comprising the cell death score (CDS) and clinical features, exhibited excellent 
predictive performance. Additionally, the CDSigs revealed associations with immune checkpoint genes and the immune 
microenvironment in STS. Furthermore, the results demonstrated that patients with lower CDS had the potential for 
greater benefit from immune therapeutic responses compared to those with higher CDS. Moreover, STS patients with 
low-risk scores exhibited heightened sensitivity to doxorubicin, axitinib, cisplatin, and camptothecin. Finally, the RT-qPCR 
results underscored significant differences in expression levels of several CDSigs genes between STS and normal cells. 
Overall, we comprehensively analyzed the multiple PCD in STS and established a novel CDSig for STS patients. This novel 
CDSig holds great promise in deciphering the prognosis, immune, and immune therapeutic response of STS.
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Abbreviations
STS	� Soft tissue sarcomas
ACD	� Accidental cell death
PCD	� Programmed cell death
TCGA​	� The cancer genome atlas
TARGET	� The therapeutically applicable research to generate effective treatments
GEO	� Gene expression omnibus
GTEx	� Genotype-tissue expression
DEG	� Differentially expressed genes
CNV	� Copy number variation
CDSig	� Cell death-related signatures
RSF	� Random survival forest
Enet	� Elastic net
plsRcox	� Cox partial least squares regression
SuperPC	� Supervised principal component
GBM	� Generalized boosted regression modeling
Survival-SVM	� Survival support vector machine
CDS	� Cell death scores
AUC​	� Area under the curve
ROC	� Receiver operating characteristic
DCA	� Decision curve analysis
SNV	� Single nucleotide variation
ssGSEA	� Single-sample gene set enrichment analysis
TIDE	� Tumor immune dysfunction and exclusion
Submap	� Subnetwork mappings in alignment of pathways
FBS	� Fetal bovine serum
DFS	� Disease-free survival

1  Introduction

Soft tissue sarcomas (STS) encompass a rare and diverse group of malignant tumors that arise primarily from the meso-
derm, with some originating from the neuroectoderm. These tumors differentiate into non-epithelial extraskeletal tis-
sues, including muscle, fat, mucus, mesothelium, blood vessels, and lymphatic vessels [1, 2]. Currently, there are more 
than 50 subtypes of STS, found in 19 different types of tissues, and they can occur in various regions of the body [3, 4]. 
STS constitutes approximately 1% of malignant tumors in adults, with an annual incidence of 3,300 cases in the United 
Kingdom and 10,000 cases in the United States [5]. While STS can manifest at any age, its incidence increases with age, 
and the average mortality rate across all age groups is around 50% [6]. Currently, surgery is the standard treatment for 
localized STS and often requires preoperative radiation therapy and interventional procedures to create conditions 
that facilitate the achievement of a safe surgical margin. Additionally, chemotherapy is administered postoperatively, 
depending on the specific patient’s characteristics [7, 8]. However, STS is prone to recurrence and distant metastasis, 
with 16% of patients already showing distant metastasis at the time of diagnosis. Despite initial treatment, 10–30% of 
patients experience relapse, and 30–40% develop distant metastasis [9]. The recurrence and distant metastasis of STS 
present significant challenges and impose a substantial health burden. Given the current treatment challenges, there is 
an urgent need to explore effective models that can improve prognosis and enable precise treatment of STS.

Cell death occurs through two primary mechanisms: accidental cell death (ACD) and programmed cell death (PCD), 
each triggered by distinct mechanisms. ACD is an uncontrollable biological process, while PCD is a genetically determined 
form of active cell death. PCD encompasses various modes, including apoptosis, necroptosis, ferroptosis, pyroptosis, 
netotic cell death, entotic cell death, lysosome-dependent cell death, parthanatos, autophagy-dependent cell death, 
oxeiptosis, alkaliptosis, all closely linked to homeostasis and disease [10]. Activation of diverse cell death pathways, either 
directly or indirectly, to hinder tumor proliferation, invasion, and metastasis holds promise in cancer therapy. However, 
excessive cell death can create an inflammation-associated immunosuppressive microenvironment, promoting cancer 
progression and recurrence [11]. For decades, PCD has been established as a fundamental player in the development 
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and metastasis of malignant tumors. Overcoming various forms of cell death is essential for hindering the progression 
of malignant tumor cells [12]. With advancements in gene chip and sequencing technology, an increasing number of 
studies focus on constructing cancer prognostic signatures based on the expression of programmed death-related genes, 
yielding encouraging results [13]. For example, Liu et al. demonstrated that the immunogenic cell death-related model 
could predict the prognosis and tumor immunity microenvironment of osteosarcoma [14]. While numerous cell death-
associated features of STS have been identified, most studies have primarily focused on the significance of individual 
cell death pathways in cancer prognosis. Therefore, it is crucial to emphasize a prognosis signature for STS based on a 
comprehensive summary of PCD.

In this paper, we aim to collect a comprehensive set of PCD-related genes from existing literature and relevant data-
bases. By employing bioinformatics methods and machine learning, we developed a novel index specific to STS. Within 
this framework, we investigated the impact of this index on the progression and prognosis of STS. We examined its 
intricate relationships with tumor immune at multiple levels and its potential integration into immune therapeutic 
strategies, further enhancing its clinical relevance for predicting the prognosis of STS patients. Additionally, we identi-
fied potential drugs associated with this index, laying the groundwork for further exploration of molecular mechanisms 
and medical interventions.

2 � Materials and methods

2.1 � Data collection

In this study, we acquired a comprehensive set of 1078 PCD-related genes from prior research, encompassing key regu-
latory genes across the identified 12 PCD patterns [15]. The sarcoma dataset, comprising transcriptome data and cor-
responding clinical information, was sourced from multiple databases, namely, The Cancer Genome Atlas (TCGA, https://​
portal.​gdc.​cancer.​gov), The Therapeutically Applicable Research to Generate Effective Treatments (TARGET, https://​ocg.​
cancer.​gov/​progr​ams/​target), and Gene Expression Omnibus (GEO, http://​www.​ncbi.​nlm.​nih.​gov/​geo). Correspondingly, 
the detailed clinical information of the patients in the cohort mentioned above is listed in Table S1-S4. Four datasets, 
totaling 969 patient samples, were downloaded, comprising the TCGA dataset (259 samples), the TARGET dataset (88 
samples), the GSE21050 dataset (310 samples), and the GSE71118 dataset (312 samples), providing a comprehensive 
representation of sarcoma data. Furthermore, normal tissue sequencing samples from the Genotype-Tissue Expression 
(GTEx, https://​www.​gtexp​ortal.​org/​home/) database served as controls for subsequent differential gene analysis, involv-
ing a total of 912 connective tissue, skeletal muscle, and subcutaneous fat tissue samples. Subsequently, probe names 
were converted to gene symbols, and the raw transcriptome data underwent normalization and log2 transformation. 
The probes were mapped using “AnnoProbe” R package.

2.2 � Screening differential expressed PCD‑related prognostic genes.

Utilizing transcriptome data previously acquired from sarcoma and normal control tissues, we conducted a differential 
expression analysis using the"edgeR"package to identify differentially expressed genes (DEGs) between the two cohorts. 
The screening criteria we applied were P < 0.05 and |log2 FC|> 1. To confirm the discriminative capacity of the DEGs 
between tumor and normal control tissues, we employed principal component analysis (PCA) and uniform manifold 
approximation and projection (UMAP) analyses. Furthermore, we used univariate Cox regression analysis to identify 
prognostic-related genes. We then explored somatic mutation information for the differentially expressed prognostic 
genes related to PCD in STS using the"maftools"package, which presented the top 20 mutation rates in a waterfall dia-
gram. Additionally, we depicted the copy number variation (CNV) values of the differentially expressed prognostic genes 
related to PCD in histograms, categorizing them into three situations: CNV gain, CNV loss, and no CNV.

2.3 � Construction of cell death‑related signatures (CDSig)

Based on previous reference literature, we constructed a novel CDSig by combining multiple algorithms, including 
Random Survival Forest (RSF), Elastic Net (Enet), Lasso, Ridge, Stepwise Cox, Cox Boost, Cox Partial Least Squares Regres-
sion (plsRcox), Supervised Principal Component (SuperPC), Generalized Boosted Regression Modeling (GBM), and Sur-
vival Support Vector Machine (survival-SVM) [16]. We initially applied the first machine learning algorithm for feature 

https://portal.gdc.cancer.gov
https://portal.gdc.cancer.gov
https://ocg.cancer.gov/programs/target
https://ocg.cancer.gov/programs/target
http://www.ncbi.nlm.nih.gov/geo
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selection to identify gene variables used for model development. Subsequently, the second machine learning algorithm 
was employed to construct the predictive model based on the selected gene variables, which was then validated in an 
independent validation cohort. The TCGA-STS dataset served as the training set, while the remaining three independent 
cohorts were designated as the testing set. The predictive feature’s C-index value in each cohort was then calculated 
based on the combination of the aforementioned machine learning algorithms, resulting in an average C-index. Con-
sequently, the prognostic feature with the highest average C-index was identified as the optimal CDSig. Subsequently, 
individual Cell Death Scores (CDS) were calculated for each subject based on the optimal CDSig. The sarcoma patient 
cohort was then divided into low-CDS and high-CDS groups according to the median CDS. Kaplan–Meier analysis, utiliz-
ing the “survival” and “survminer” packages, was conducted to explore the relationship between overall survival status 
and CDS in sarcoma patients.

Furthermore, the prognostic assessment value of CDSig for sarcoma patients was systematically evaluated. The accu-
racy of prognostic assessment by CDSig was determined through the Area Under the Curve (AUC) of the Receiver Oper-
ating Characteristic (ROC) curve drewed by the"timeROC"R package. The c-index was employed for a comprehensive 
evaluation of all clinical features in predicting prognosis for sarcoma, further validating the predictive performance of 
CDSig. Simultaneously, a calibration curve was used to assess the agreement between the predicted survival rate by 
CDSig and the actual survival rate of the sarcoma cohort. Additionally, a systematic search of prognostic signatures for 
STS was conducted on PubMed to compare their predictive performance with the novel CDSig.

2.4 � Cox regression analysis and nomogram development

To assess the independence of the newly developed CDSig, we conducted both univariate and multivariate Cox regres-
sion analyses based on patients’overall survival time, considering CDSig along with other clinical factors. Simultaneously, 
gender, age, and metastatic status (Primary metastasis or metastasis at follow-up) were combined with CDSig to construct 
a prognostic nomogram using the"regplot"and"rms"packages. Subsequently, we used the"caret"and"rmda"R packages 
to create a calibration plot and perform Decision Curve Analysis (DCA) to evaluate the effectiveness of the nomogram. 
ROC analysis was carried out using the"timeROC"R package.

2.5 � Functional enrichment analysis

To explore the unique biological functions associated with the low- and high-CDSig groups, we conducted functional 
enrichment analysis using the R package"clusterProfiler"to identify biological pathways. We employed a network analysis 
to illustrate the regulatory connections and prognostic significance of CDSig genes. Additionally, we evaluated differ-
ences in intratumor heterogeneity, proliferation, and TGF-beta response scores between STS cohorts characterized by 
varying CDS. Briefly, we obtained the intratumor heterogeneity, proliferation, and TGF-β response scores for each TCGA 
STS patient from prior studies [17]. The STS cohort was then stratified into distinct groups based on their CDS scores. 
Finally, we compared the differences in intratumor heterogeneity, proliferation, and TGF-β response scores across the 
CDS groups and visualized these differences using violin plots, which illustrate the distribution and variability of each 
score within the CDS-defined groups.

2.6 � Immune infiltration analysis

The tumor immune microenvironment plays a crucial role in tumor progression and significantly influences patient prog-
nosis. Therefore, we conducted a comprehensive analysis to explore the association between the newly developed CDSig 
and immune infiltration. We used the ESTIMATE algorithm to infer and score the proportions of stromal and immune 
cells [18]. Additionally, we employed the CIBERSORT algorithm to assess the relative infiltration levels of 22 immune 
cell types in STS cohorts [19]. We also investigated variations in expression levels of important immune checkpoints 
among patients with different CDS groups and explored the correlation between CDS and immune scores, the extent of 
immune cell infiltration, and expression levels of key immune checkpoints. To assess differences between distinct CDSig 
groups, we performed comparative analyses of Leukocyte Fraction, Lymphocyte Infiltration Signature score, and single 
nucleotide variation (SNV) neoantigens [20]. Furthermore, we examined disparities in immune-related genes between 
the two groups, considering expression, mutation, amplification, deletion, and methylation levels. Finally, we used the 
Single-Sample Gene Set Enrichment Analysis (ssGSEA) algorithm to quantify changes in immune cell-related functions 
in STS [21].
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2.7 � Immune therapeutic response prediction

To predict immune therapeutic response, we employed the Tumor Immune Dysfunction and Exclusion (TIDE) algo-
rithm to assess the TIDE score for each patient, where"true"indicated a more favorable immunotherapy response, 
and"false"denoted a poorer response. Simultaneously, the Subnetwork Mappings in Alignment of Pathways (Sub-
map) approach was utilized to assess immunotherapy responses (anti-PD-1 and anti-CTLA-4), considering a p-value 
less than 0.05 indicative of sensitivity to immunotherapy. Furthermore, we validated the predictive performance for 
immunotherapy using the IMvigor210 and Liu David datasets. Additionally, we delved into the relationship between 
survival time, immunotherapy effects, and CDS.

2.8 � Cell culture

For the experimental validation, we selected the human skin fibroblast cell line (HSF) and sarcoma cell lines, namely 
SW872, SYO-1, and 005R. The origins of these cells align with the information provided in previous research reports 
[22–24]. Following the described methodology, the cells were cultured in DMEM supplemented with 10% fetal 
bovine serum (FBS) and 1% penicillin–streptomycin solution. Additionally, all cell cultures were maintained in a 37 
°C incubator with 5% CO2.

2.9 � RNA extraction and real‑time quantitative PCR(RT‑qPCR).

Following the procedures described in our previous publication, we performed RNA extraction and RT-qPCR [25]. 
GAPDH was used as the internal control for the target gene, and the expression level of the target gene was calculated 
using the 2−ΔΔCt method. The primer sequences utilized in this study are available in Table S5.

2.10 � Statistical analysis

All statistical analyses were performed using R software (version 4.1.0) and GraphPad Prism (version 9.0.0). Differential 
analysis was conducted using the R package “limma.” Kaplan–Meier plots were used to illustrate survival curves and 
differences in survival times were evaluated using the log-rank test. Student’s t-test was used to compare continuous 
variables between two groups, while the Wilcoxon test was used for non-normally distributed variables. For com-
parisons involving multiple groups, One-way ANOVA analysis was employed. Pearson’s correlation test was utilized 
to determine interactions between variables. When P < 0.05, the difference was considered statistically significant.

3 � Results

3.1 � Identification of differentially expressed PCD‑related genes in STS

The study’s flowchart is presented in Fig. 1. Through a comparison of STS tissues with normal control tissues, a total 
of 439 DEGs associated with PCD were identified. The corresponding expression levels of these DEGs are depicted 
in the heat map shown in Fig. 2A. Additionally, the use of PCA and Umap analysis demonstrated the effectiveness of 
these DEGs in differentiating between STS and normal control tissues (Fig. 2B, C). Furthermore, a functional enrich-
ment analysis based on these DEGs revealed their significant involvement in various biological pathways. Notably, 
both upregulated and downregulated DEGs were found to be enriched in programmed death regulatory pathways, 
including apoptotic signaling, regulation of apoptotic signaling, and regulation of autophagy (Fig. 2D, E). Utilizing 
Cox regression analysis, a subset of 84 DEGs associated with prognosis was identified from the pool of DEGs related 
to PCD (Fig. 2F). Moreover, an evaluation of mutation frequencies was conducted for these prognostic DEGs within 
the STS patient cohort, consisting of 57 individuals. The results indicated that 26 patients (45.61%) exhibited muta-
tions, with the top 20 frequently mutated genes illustrated. Among these genes, PLCG1 had the highest mutation 
frequency (7%), while the others ranged from 2 to 5% (Fig. 2G, H). Lastly, an analysis of CNV status unveiled frequent 
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alterations in DEGs linked to prognosis. Notably, FOXO1 displayed the most extensive CNV loss, while DAP, GSS, NFS1, 
PLCG1, and others exhibited substantial copy number amplifications (Fig. 2I).

3.2 � Construction of the novel CDSig

To develop a CDSig with optimal effectiveness, we integrated 84 prognosis DEGs into 96 program frameworks generated 
by 10 machine learning algorithms. Model development involved tenfold cross-validation. Among these models, the one 
based on the RSF and SuperPC algorithm demonstrated the highest average C-index value, indicating the most optimal 
CDSig (Fig. 3A). The error bar plot in Fig. 3B depicts the RSF analysis process. This CDSig consists of 25 genes with the 
greatest significance, and their respective importance is illustrated in Fig. 3C. Furthermore, the impact of these genes on 
the prognosis of STS patients is visualized in Figure S1 and Figure S2. Since the GSE21050 and GSE71118 datasets do not 

Fig. 1   Flowchart for comprehensive analysis of diverse cell death patterns in STS
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contain complete clinical information, we subsequently conducted a further prognostic analysis based on the TCGA and 
TARGET cohorts. We observed that STS patients with high CDS had considerably poorer survival times in both the TCGA 
and TARGET cohorts (Fig. 3D). Consistently, survival analysis was performed in the chemotherapy-treated TCGA cohort 
to evaluate the predictive potential of CDS, and the results showed that patients with low CDS had a better prognosis 
among STS patients who had received chemotherapy (Figure S3). However, consistent results were not obtained in 
GSE21050 and GSE71118, potentially due to differences in sequencing platforms or the survival data in these two data-
sets representing Disease-Free Survival (DFS). Moreover, the Area Under the Curve (AUC) values of the 1-year, 3-year, and 

Fig. 2   Exploring programmed cell death (PCD)-related genes in STS based on the TCGA database. A  Heatmap of the PCD-related DEGs 
between STS and normal tissues. B, C PCA and Umap analysis of the PCD-related DEGs in STS and normal tissues. D, E. GO enrichment analy-
ses based on the upregulated and downregulated DEGs. F Venn diagram of PCD-related DEGs and the PCD-related genes associated with 
the prognosis of STS. G, H. An oncoplot and waterfall plot of these 84 prognostic DEGs in the STS cohort. I CNV values of these 84 prognos-
tic DEGs in the STS cohort. DEGs differentially expressed genes; CNV copy number variation
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Fig. 3   Construction of a prognostic CDSig for STS patients. A The C-index of 96 machine learning algorithms in TCGA, TARGET, GSE21250, 
and GSE71118 cohorts. Training set: TCGA-STS dataset; Testing set: TARGET, GSE71118, and GSE21050 dataset. B The error bar of the RSF 
analysis process (TCGA cohort). C The exhibition of the 25 most valuable signature genes in STS (TCGA cohort). D Kaplan–Meier survival 
analysis between the high- and low-CDSig risk groups in TCGA, TARGET, GSE21250, and GSE71118 cohorts. E The Time-dependent ROC 
curves of 1-year, 3-year, and 5-year OS in TCGA, TARGET, GSE21250, and GSE71118 cohorts. CDSig: cell death-related signatures
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5-year ROC curves in TCGA were 0.787, 0.737, and 0.751, respectively. Nevertheless, the AUC values in the ROC curves for 
the other three datasets were relatively unsatisfactory (Fig. 3E). Therefore, a comprehensive evaluation of the prognostic 
performance of the novel CDSig is warranted.

3.3 � Prognostic value of the CDSig

Subsequently, we assessed the C-index value of the CDSig in both the TCGA and TARGET cohorts in comparison to 
other clinical features. The findings revealed that CDSig exhibited the most robust prognostic performance in the TCGA 
cohort, ranking second only to metastatic status in the TARGET cohort (Fig. 4A). Furthermore, the calibration curve pro-
vided additional insight into the predictive accuracy of the novel CDSig (Fig. 4B). Simultaneously, univariate Cox regres-
sion analysis demonstrated the association between CDSig and prognosis in both TCGA and TARGET cohorts (Fig. 4C). 
Similarly, multivariate Cox regression analysis confirmed CDSig as an independent predictor for STS (Fig. 4D). With the 
advancements in next-generation sequencing technology and big data mining, predictive signatures based on gene 
expression have been extensively explored. To comprehensively compare the performance of CDSig with other signa-
tures, we systematically gathered previously published signatures. In total, 33 signatures were included in this study, the 
corresponding coefficients and the corresponding references are provided in the supplementary table (Table S6). These 
signatures were closely associated with various biological features, encompassing immunotherapy response, autophagy, 
ferroptosis, apoptosis, necroptosis, cuproptosis, etc. Remarkably, the C-index of CDSig signatures in the TCGA, TARGET, 
GSE21050, and GSE71118 datasets surpassed the majority of previous signatures (Fig. 4E).

3.4 � Development and evaluation of the nomogram

In the realm of clinical decision-making, the consideration of clinical characteristics is crucial as it greatly influences 
patient prognosis. To enhance the accuracy of survival predictions, we developed a nomogram that integrates the CDSig 
with other essential clinical characteristics based on the TCGA cohort. Displayed in Fig. 5A, this nomogram incorporates 
Gender, Age, Metastasis status, and CDSig to assess the 1-, 3-, and 5-year survival probabilities for STS patients. Based 
on this nomogram, clinicians can estimate the 1-, 3-, and 5-year survival probabilities of STS patients according to their 
clinical characteristics. To further validate the reliability of this nomogram for prognostic assessment, we generated the 
calibration curve, AUC, and DCA curve. The calibration curve vividly illustrates the alignment between predicted and 
actual survival rates (Fig. 5B). Moreover, the AUC value of this nomogram surpasses that of other factors, highlighting 
its superior predictive performance (Fig. 5C). Additionally, the DCA reveals that the nomogram can provide enhanced 
clinical benefits in guiding the decision-making process for STS patients (Fig. 5D). In summary, the nomogram emerges 
as a valuable tool, providing each patient with a precise survival probability and thereby assisting clinicians in informed 
decision-making and the realization of personalized medicine.

3.5 � Potential biological process related to the CDSig

Functional enrichment analysis was further applied to explore differences in biological processes between subgroups 
classified by CDS. In Fig. 6A and B, the top 20 biological processes enriched in the high CDS group and low CDS group are 
presented, respectively. Remarkably, the high CDS group is notably associated with processes related to development 
and cell adhesion, including growth, embryonic morphogenesis, and cell–cell differentiation. Conversely, individuals with 
low CDS are correlated with immune-related pathways such as the chemokine-mediated signaling pathway, immune 
effector processes, and negative regulation of the immune system process, indicating a potential connection between 
low CDS and enhanced immune-related functions. Additionally, Fig. 6C illustrates the correlation and prognostic rela-
tionships among CDSig genes, underscoring their close interrelation. Interestingly, the high-risk group exhibits higher 
intratumor heterogeneity, proliferation, and TGF-beta response scores compared to the low-risk group (Fig. 6D–F), sug-
gesting a potential association between elevated CDS and malignant biological behaviors.

3.6 � The novel CDSig exhibits substantial immune‑related characteristics.

Furthermore, we conducted an analysis to discern variations in immune features between the two CDSig groups. As 
illustrated in Fig. 7A, the outcomes reveal enhancements in Stromal score, ESTIMATE score, immune score, the infiltration 
abundance of Macrophages M1, T cell CD8, Dendritic cells resting, and Mast cell resting, alongside increased expression of 
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Fig. 4   The prognostic value of the novel CDSig in STS patients. A The prognosis prediction performance of CDSig compared to common clinical 
features and molecular variables in TCGA and TARGET cohorts. B The calibration curve of CDSig in TCGA, TARGET, GSE21250, and GSE71118 cohorts. 
C Univariate analysis for the clinicopathologic characteristics and CDS in TCGA and TARGET cohort. D Multivariate analysis for the clinicopathologic 
characteristics and CDS in TCGA and TARGET cohort. E The C-indexes of CDSig and other published signatures in TCGA, TARGET, GSE21250, and 
GSE71118 cohorts. CDSig: cell death-related signatures; OS: Overall survival
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CTLA-4 and PD-1 in the low CDSig group. Conversely, the tumor purity score, infiltrated Macrophages M0, NK cell resting, 
Mast cells, and the expression of PD-L1 and PD-L2 were reduced in the low CDSig group. Concurrently, a substantial cor-
relation was observed between CDSig and Stromal score, ESTIMATE score, immune score, tumor purity score, infiltrated 
Macrophages M0, NK cell resting, plasma cells, Macrophages M1, T cell CD8, Dendritic cells resting, Mast cell resting, and 
the expression of TIM3, LAG3, and PD-1 (Fig. 7B). Remarkably, ssGSEA indicated an activated immune function in the low 
CDSig group (Figure S4A). Additionally, patients with lower CDS exhibited an upregulated level of leukocyte fraction, 
Lymphocyte Infiltration Signature score, and SNV Neoantigens (Fig. 7C–E). Furthermore, we observed significant differ-
ences in the expression, mutation, amplification, deletion, and methylation levels of most immune-related molecules 
between distinct CDSig groups (Figure S4B-E).

3.7 � The immunotherapy response and drug sensitivity predicting the efficiency of CDSig

Building upon the previous findings, we hypothesized that a low CDS may correlate with a more favorable response 
to immunotherapy. Therefore, we investigated the association between CDSig and the response to immunotherapy. 
As anticipated, individuals with low CDSig scores in both the TCGA and TARGET cohorts exhibited a greater inclination 
toward responding to immunotherapy (Fig. 8A: TCGA cohort; Fig. 8C: TARGET cohort). Similarly, patients in the low 
CDSig group were more likely to respond to anti-CTLA-4 and anti-PD1 immunotherapy (Fig. 8B: TCGA cohort; Fig. 8D: 
TARGET cohort). These findings collectively indicate that patients with low CDS may derive increased benefits from 

Fig. 5   Establishment and assessment of the nomogram survival model based on the TCGA database. A A nomogram was established to pre-
dict the prognostic of STS patients. B Calibration plots showing the probability of 1-, 3-, and 5-year overall survival in the TCGA cohort. C The 
AUC of the Nomogram and other characteristics in STS. D Decision curve analysis (DCA) of a nomogram predicting 1-, 3-, and 5-year overall 
survival. CDSig: cell death-related signatures
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immunotherapy compared to those with high CDS. To further explore the link between CDSig and drug sensitivity, we 
computed and compared the half-maximal inhibitory concentration (IC50) values for commonly used drugs, including 
Doxorubicin, Axitinib, Cisplatin, and Camptothecin, in the TCGA and TARGET cohorts. The results of the drug sensitivity 
comparison are depicted in Fig. 8E, F. We observed that the IC50 values of Doxorubicin, Axitinib, Cisplatin, and Campto-
thecin were higher in the high CDSig group compared to the low CDSig group in both datasets. These findings suggest 

Fig. 6   Functional annotation of the CDSig in STS based on the TCGA database. A The enrichment analysis of upregulated genes in the high-
CDS group. B The enrichment analysis of upregulated genes in the low-CDS group. C The prognostic value and correlations of 25 signature 
genes in STS. D–F The difference in Intratumor heterogeneity, proliferation, and TGF-beta response scores between two low and high CDSig 
risk groups. HRisk High risk; LRisk Low risk
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Fig. 7   Dissection of tumor immunity microenvironment of CDSig in STS based on the TCGA database. A The heatmap revealed the differ-
ence in the immune score, immune infiltrating cells, and immune checkpoint between distinct CDSig groups. B Correlations between the 
CDSig and immune score, immune infiltrating cells, and immune checkpoint using Spearman’s analysis. C Box plot displaying the leukocyte 
fraction level between two CDSig groups. D  Box plot displaying the lymphocyte infiltration signature score between two CDSig groups. 
E Box plot displaying the SNV Neoantigens score between two CDSig groups. CDSig cell death-related signatures; HRisk High risk; LRisk Low 
risk; SNV single nucleotide variation
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that individuals with high CDS in STS may exhibit resistance to these drugs. Additionally, we utilized the Cmap database 
to identify 40 small-molecule drugs with potential therapeutic effects on STS based on the top 150 DEGs between the 
high and low CDSig groups in STS patients. The names and mechanisms of these small-molecule agents are presented 
in Fig. 8G.

3.8 � Verification of the CDSig genes in STS

To further validate the robustness of our study, we selected the top 8 genes from the CDSig and assessed their expression 
in STS cells using RT-qPCR. The PCR results revealed substantial differential expression of these genes across various STS 
cell lines. Specifically, PLCG, BAG6, and SQLE exhibited elevated expression, while ACSF2, GSS, MYBBP1 A, PPP2R1B, and 
YWHAE displayed the opposite trend in distinct STS cell lines (Fig. 9). Thus, these CDSig genes demonstrated significant 
differences in STS cell lines, indirectly affirming the reliability and accuracy of previous analysis.

4 � Discussion

STS is an infrequent tumor, characterized by a remarkable diversity in its pathological and histological types, which 
contributes to its significant heterogeneity. There are 19 histological types and more than 50 different subtypes, so there 
are large differences in individual curative effects in clinical treatment [26]. Recent efforts have focused on exploring 
the genomic and transcriptomic characteristics of STS in order to uncover its molecular profile and identify potential 
therapeutic targets. These endeavors have spurred the adoption of individualized treatment approaches for STS patients 
[23, 24]. Despite these insightful findings, the development of a comprehensive predictive model tailored for individu-
alized diagnosis and treatment in STS patients remains challenging. PCD is recognized as a multifaceted form of cell 
death involving multiple mechanisms that resist characterization under a single form of demise [27]. A growing body 
of evidence emphasizes the fundamental role of PCD in various biological processes, linking it to the development and 
metastasis of malignancies for several decades [12]. Although STS has been associated with several PCD-related signa-
tures, many studies predominantly focus on the significance of individual PCD patterns in STS prognosis. Therefore, our 
objective is to conduct a comprehensive analysis of 12 distinct PCD patterns in STS, utilizing machine learning algorithms 
to construct and validate the CDSig. Additionally, we aim to investigate the potential associations of CDSig with the 
tumor microenvironment, immunotherapy response, and drug sensitivity.

We constructed a novel CDSig by utilizing PCD-related genes gathered from prior studies and implementing a com-
prehensive framework entailing 10 machine learning algorithms. This CDSig comprises 25 genes that are associated with 
PCD. Remarkably, our signature exhibited superior predictive efficacy across diverse cohorts and outperformed existing 
prognostic models for STS. Furthermore, univariate and multivariate regression analyses provided further validation of 
the novel CDSig as an independent risk factor for STS. Additionally, we formulated a nomogram that integrates CDS and 
clinical characteristics, revealing its robust predictive capabilities for prognosis.

To validate our analytical findings, we performed RT-qPCR to assess the expression of PCD-related genes (PLCG1, BAG6, 
SQLE, ACSF2, GSS, MYBBP1 A, PPP2R1B, and YWHAE) in STS. The results unequivocally demonstrated aberrant expres-
sion of these genes in STS. Importantly, the dysregulation of these genes has been linked to tumor development. PLCG1 
recognized as a multifunctional protein, has been associated with the growth and poor prognosis of IDH wild-type LGG, 
serving as a potential therapeutic target for patients with this condition [28]. BAG6, also known as Bat-3/Scythe, partici-
pates in various cellular processes, including apoptosis, gene regulation, and protein synthesis [29]. In colorectal cancer, 
GET4-induced cytoplasmic translocation of BAG6 regulates p53 acetylation to reduce p21 expression, thereby influencing 
cancer progression [30]. SQLE, a crucial molecule in cholesterol synthesis, is overexpressed in various malignancies such 

Fig. 8   Efficacy of CDSig in predicting immunotherapy response and drug sensitivity based on the TCGA and TARGET database. A Contin-
gency table between immunotherapy responses and CDSig groups based on the TIDE algorithm in the TCGA cohort. B Submap of immu-
notherapy responses (anti-PD-1 and anti-CTLA-4) and CDSig groups based on submap analysis in the TCGA cohort. C Contingency table 
between immunotherapy responses and CDSig groups based on the TIDE algorithm in the TARGET cohort. D Submap of immunotherapy 
responses (anti-PD-1 and anti-CTLA-4) and CDSig groups based on submap analysis in the TARGET cohort. E The boxplots of the comparison 
of IC50 of chemotherapy drugs between high- and low-CDS groups in the TCGA cohort. F The boxplots of the comparison of IC50 of chemo-
therapy drugs between high- and low-CDS groups in the TARGET cohort. G The description of the mode of action of compounds targeting 
corresponding molecular pathways based on the TCGA database. HCDSig High cell death-related signature group; LCDSig Low cell death-
related signature group

▸
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as breast cancer, colorectal cancer, lung squamous cell carcinoma, esophageal squamous cell carcinoma, and hepato-
cellular carcinoma [31–34]. Our study also revealed its overexpression in STS. ACSF2, identified as an essential molecule 
in cholesterol synthesis, demonstrated elevated expression in hepatocellular carcinoma tissues, indicating its potential 
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involvement in disease progression [35]. Glutathione synthase (GSS), pivotal in catalyzing glutathione (GSH) synthesis, 
plays a role in protecting cancer cells from potential ferroptosis [36]. Previous research indicates that RRM2 can maintain 
intracellular GSH by safeguarding GSS from degradation [37]. MYB-binding protein 1a (MYBBP1 A) is a nucleolar tran-
scriptional regulator whose role in solid tumors remains controversial. On the one hand, Akaogi K et al. demonstrated 
that MYBBP1 A functions as a tumor suppressor protein in breast cancer by enhancing anoikis [38]. On the other hand, 
MYBBP1 A promoted tumor cell proliferation in the early stage of head and neck squamous cell carcinoma (HNSCC), while 
its inactivation accelerated the migration and invasion of tumor cells in advanced tumors [39]. PPP2R1B, identified as a 
tumor suppressor, has mutations and alterations observed in various human cancers, including colon, lung, and cancer, 
and is associated with chemosensitivity [40–42]. Recent studies highlight the significant role of YWHAE in various tumors. 
For instance, it is overexpressed in renal cancer tissues and has been shown to promote abnormal proliferation of tumor 
cells in vitro [43]. Although we have confirmed that these genes do have differential expression in STS, their roles in STS 
and their relationship with CDSig still deserve further exploration in the future.

The robustness of tumor cells, marked by their ability to evade immune responses and resist drug interference, is sig-
nificantly influenced by the tumor microenvironment [44]. Theoretically, higher programmed cell death (PCD) scores in 
a tumor may lead to reduced expression of immune checkpoints and diminished infiltration of anti-tumor immune cells, 
indicative of an impaired overall immune function [45, 46]. In line with this theoretical framework, our observations reveal 
that the low CDS group exhibits elevated immune scores, stromal scores, and increased infiltration of various immune 
cell types compared to the high CDS group. Specifically, there is a negative correlation between M1 macrophages and 
CDS, while M0 macrophages show a positive correlation. Notably, M0 macrophages are considered quiescent and possess 
the ability to differentiate into M1 and M2 phenotypes. M1 macrophages predominantly exert pro-inflammatory and 
anti-tumor functions, while M2 macrophages are primarily involved in anti-inflammatory and pro-tumor responses [47]. 
This observed correlation may contribute to the improved prognosis observed in STS patients within the low CDS group. 
Generally, PCD activity appears to align with an anti-inflammatory profile, consistent with our findings. Previous studies 
have highlighted that an increased abundance of M1 macrophages in the STS microenvironment is associated with a 
more favorable prognosis, whereas the enrichment of M2 macrophages is linked to a poorer prognosis [48]. Therefore, 
strategies aimed at promoting the activation of M0 macrophages into M1 macrophages may represent a viable approach 
to mitigating inflammation and enhancing the prognosis of STS.

Fig. 9   The expression of several CDSig genes was confirmed by RT‒qPCR in HSF and STS cell lines
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Currently, cancer treatment is showing great promise in the field of immunological therapy. This approach aims to 
enhance the immune system’s response and stimulate cancer cell death. Techniques in this area include immune check-
point inhibitors, tumor antigen vaccines, CAR-T cell therapy, and immunotherapy involving immune cells [49]. However, 
the effectiveness of immunotherapy varies among patients, with only a subset experiencing substantial benefits, while 
others show limited or no response. Therefore, it is crucial to determine the responsiveness of STS patients to immuno-
therapy, as this information greatly influences their clinical management [50]. In this study, we evaluated the predictive 
capability of CDSig for immunological therapeutic response. Using the TIDE algorithm, we observed that STS patients 
with lower CDSig levels demonstrated a more promising response to immune checkpoint blockade (ICB). Consistent 
with these findings, the submap results in both TCGA and TARGET cohorts indicated that patients with low CDSig were 
more sensitive to treatments involving anti-CTLA4 and anti-PD-1 agents. Thus, our findings have significant implications 
for the prospective identification of patients likely to respond favorably to immunotherapy.

In addition, the utilization of chemotherapy and targeted gene therapy provides several advantages in improving and 
prolonging the survival of individuals with STS. Therefore, predicting the therapeutic response of STS to chemotherapeu-
tic agents and molecularly targeted antineoplastic agents is of great importance. Our investigation revealed that patients 
in the low CDSig group exhibited lower IC50 values for doxorubicin, axitinib, cisplatin, and camptothecin compared to 
those in the high CDSig group. This finding may explain the poorer prognosis of patients with high CDSig levels, as they 
demonstrated increased resistance to these chemotherapeutic agents. Furthermore, our exploration of public datasets 
enabled us to identify representative potential drugs and elucidate their associated mechanisms, providing insights that 
could effectively mitigate drug resistance in high-risk STS patients. Hence, this CDSig demonstrates a close association 
with chemotherapy, facilitating the implementation of personalized drug therapy strategies for the STS cohort.

While the CDSig signature demonstrates substantial clinical significance in STS, some limitations in this study need to 
be issued. Firstly, all datasets utilized are derived from single-center, retrospective studies. Therefore, the prognostic value 
of the novel CDSig needs to be further validated in prospective, multi-center cohorts. Moreover, the limited availability of 
certain clinical and molecular data in public repositories restricted the inclusion of key clinical factors. For instance, the 
GEO dataset is deficient in-patient clinical information, including age, gender, and the presence of metastasis, precluding 
the creation of a nomogram based on this dataset. Furthermore, the scarcity of chemotherapy-related clinical data in 
the TCGA and TARGET databases hinders our ability to explore the effects of chemotherapy on cellular patterns and to 
refine the stratification of STS into more specific subtypes. The precise mechanisms underlying the interaction between 
the identified CDSig and the tumor immune microenvironment remain unclear and merit further investigation, which 
may facilitate the development of novel therapeutic targets and translational applications. Lastly, although we have 
conducted a preliminary exploration of the differences in immunotherapy responses among patients in different CDSig 
groups, there is a pressing need for larger immunotherapy cohorts of STS patients to thoroughly validate the predictive 
utility of CDSig in assessing responses to immunotherapy.

5 � Conclusion

In conclusion, the novel CDSig proposed in this study is a practical prognostic indicator for STS, crucial for the clinical 
prognosis assessment and individualized immune therapy and chemotherapy of STS.
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