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A B S T R A C T   

Background: Immunogenic cell death (ICD) is related to cancer prognosis, which has a synergic 
effect in combination with chemotherapy or immunotherapy. Yet, the relationship between ICD 
and osteosarcoma remained unclear. 
Materials and methods: Three osteosarcoma datasets including therapeutically applicable research 
to generate effective treatments (TARGET), GSE126209 and GSE21257 datasets were included. A 
protein-protein interaction network was constructed based on ICD-related genes. We performed 
unsupervised consensus clustering to classify molecular subtypes (clusters). Survival analysis, 
Estimation of stromal and immune cells in malignant tumour tissues using expression data (ES-
TIMATE), Cell-type identification by estimating relative subsets of RNA transcripts (CIBERSORT), 
and differential analysis were employed to characterize the molecular differences between 
different clusters. Univariate Cox regression analysis was conducted to confirm prognostic genes. 
Quantitative reverse transcription polymerase chain reaction (qRT-PCR) was used to demonstrate 
the aberrant expression of ICD-correlated signature genes in osteosarcoma. A series of cellular 
experiments, including cell counting kit-8 (CCK-8), transwell, and flow cytometry, were used to 
demonstrate the regulatory role of key genes in the ICD model on the malignant phenotype of 
osteosarcoma. 
Results: Three clusters (cluster1, 2, 3) were constructed and they showed distinct overall survival 
and immune infiltration. ICD-related genes were highly expressed in cluster1. Moreover, Cluster1 
had the best prognosis, high immune score and high expression of human leukocyte antigen 
(HLA)-related genes. TLR4, LY96, IFNGR1, CD4, and CASP1 were identified as prognostic genes 
for establishing an ICD-related risk signature. According to the risk signature, two risk groups 
(high and low risks) showing differential prognosis and response to immunotherapy. The low 
risks group had a better prognosis but was not sensitive to immunotherapy. Molecular assays 
verified that prognostic genes were abnormally under-expressed in osteosarcoma. Cellular assays 
demonstrated that LY96, the most significantly down-regulated gene in osteosarcoma, inhibited 
the migration, invasion, and proliferation phenotypes of osteosarcoma cells and prolonged the 
cell cycle. Analysis of oxidative stress related pathway enrichment in tumor microenvironment 
was conducted by single-sample gene set enrichment analysis (ssGSEA). 
Conclusions: This study demonstrated the prognostic significance of ICD-correlated genes in os-
teosarcoma patients. The five-gene risk signature facilitate prognostic evaluation and prediction 
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of osteosarcoma patients’ response to immunotherapy. The risk signature also offered a possibility 
for the exploit of novel ICD-related treatment.   

1. Introduction 

Osteosarcoma is a rare bone tumor derived from malignant mesenchymal cells, which occurs mostly in adolescent patients between 
5 and 15 years old [1,2]. Another incidence peak is in the older patients aging more than 65 [3]. Paget disease and radiation are two 
major causes of osteosarcoma [4,5]. Osteosarcoma as the most frequent primary tumor type in bone tumor, which largely affects in the 
sites of distal femur and proximal tibia [6,7]. In the twentieth century, the five-year overall survival of osteosarcoma was about 20% 
[8]. While in the late 20th century, the overall survival rate reached 50% under the adjuvant chemotherapy [9–11]. At the same time, 
the treatment of osteosarcoma changed to chemotherapy and limb salvage. The current therapy of osteosarcoma involves neoadjuvant 
or adjuvant chemotherapy, surgical resection, and the emphasis on continuous treatment after resection [12]. However, metastatic 
patients contribute to the most of death and have a dramatically lower survival rate (less than 20%) compared to non-metastatic 
patients [13]. Although chemotherapy increases the survival rate of osteosarcoma patients, the efficiency is extremely low and it is 
destructive to the whole body with a series of side effects, Semiconductor polymer nanoparticles derived from emerging photothermal 
therapy and photodynamic therapy exhibited significant anti-tumor activity and low toxicity [14]. In particular, immunotherapies 
including immunomodulators represented by interleukin-2 and cytidylic tripeptides, dendritic cells, immune checkpoint inhibitors, 
and engineered T cells show promising prospects in antitumor therapy [15]. Despite the current lack of some reliable immunother-
apeutic markers, Zhang et al. identified a subpopulation of cells that can that enhance T-cell toxicity in anti-PD-L1 therapy in oste-
osarcoma patients by single-cell technology, offering hope for improved patient prognosis [16]. Usually, the innate and adaptive 
immune system response to tumor cells through the signals such as cytokines and tumor-specific antigens, and then kill tumor cells. 
However, the immune surveillance not always works due to some tumor cells escaping from immune system [15]. For example, 
myeloid-derived suppressor cells (MDSC) are present in the immunosuppressive tumor microenvironment, and therapies targeting 
MDSC have shown positive results [17]. Novel nanomaterial-based antitumor drugs have shown extremely high targeting properties 
unlike highly toxic chemotherapeutic drugs [18]. Immunotherapies based on neoantigen-reactive T-cell function also show promising 
prospects in solid tumors [19]. To rescuing the immune response to tumor cells, various strategies including dendritic cell vaccine [20], 
chimeric antigen receptor (CAR)-T cell therapy [21], and immune checkpoint inhibitors [22,23] have been developed and some have 
been under clinical trials in osteosarcoma patients [24]. Among these immunotherapies, immune checkpoint blockade reaches a 
breakthrough in treating various cancer types, which is promising to treat metastatic cancer. Nevertheless, the positive responsive rate 
of immune checkpoint inhibitors remains an obstacle and thus effective indicators should be developed for guiding personalized 
immunotherapy. 

The role of immunogenic cell death (ICD) in cancer involves a process in which dead tumor cells release or are exposed to damage- 
associated molecular patterns (DAMPs) [25]. During ICD, tumor cells released or express a series of molecules DAMPs, such as cal-
reticulin, heat shock proteins, ATP, and HMGB1, upon death. These molecules attract and activate immune cells, such as dendritic 
cells, which in turn activate T cells that trigger a specific immune response against the tumor. Activation of the cGAS-STING signaling 
pathway also plays a key role in this process, further promoting an immune response against the tumor. This mechanism is important in 
tumor therapy, especially in the application of radiotherapy and certain chemotherapeutic agents [26,27]. Excitingly, the nano-
materials address the difficulty of phototherapy-triggered ICDs in eliciting a robust anti-tumor immune response, killing tumor cells by 
generating large amounts of reactive oxygen species (ROS) [28]. The effects of cancer therapy have been discovered to be associated 
with the induction of ICD. ICD offers a hope of improving the efficiency of cancer therapy implemented together with immune 
checkpoint inhibitors [29–31]. 

With a focus on ICD-related genes (also called DAMP-related genes), this study aimed to reveal the relationship of ICD and immune 
microenvironment in osteosarcoma. ICD-associated risk profiles predictive of overall survival in osteosarcoma were developed, and the 
regulatory role of the characteristic genes in osteosarcoma progression was validated by cellular experiments. 

2. Materials and Methods 

2.1. Acquisition and preprocessing of data 

We accessed the expression profiles and clinical data of osteosarcoma samples from UCSC Xena (https://xenabrowser.net/) and 
Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/). TARGET dataset was downloaded from UCSC Xena in June 27, 
2022. GSE126209 and GSE21257 datasets were obtained from GEO database in June 27, 2022. For TARGET dataset, we transferred 
Ensembl ID to gene symbol through “gencode.v22.annotation.gene.probeMap”. Fragments per kilobase million (FPKM) was trans-
ferred to transcripts per million (TPM), and log2(TPM) expression was used for the analysis. For GSE126209 and GSE21257 datasets, 
we converted the probes to gene symbols and selected the averaged value of expression of a gene with multiple probes. 

2.2. Protein-protein interaction (PPI) analysis 

The evaluation of the gene-gene interaction often applies the methodology of PPI analysis based on the gene interaction data stored 
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in the public database. We used STRING tool (https://cn.string-db.org/) to conduct PPI analysis of 34 ICD-correlated genes obtained 
from a previous research [32]. 

2.3. Molecular subtyping using ICD-correlated genes 

We applied unsupervised consensus clustering [33] using expression profiles of ICD-correlated genes for molecular subtyping of 
osteosarcoma. Distance = “euclidean” and clusterAlg = “pam” parameters were determined to conduct 1000 repeats. The optimal 
cluster number k was determined from the range of 2–6 on the basis of cumulative distribution function (CDF) and consensus matrix. 

2.4. Characterization of immune microenvironment 

We used two methodologies (ESTIMATE and CIBERSORT) to estimate the immune infiltration. ESTIMATE [34] was utilized to 
evaluate the total immune infiltration, stromal infiltration and tumor purity of three clusters by using ESTIMATE R package. 
CIBERSORT [35] (http://cibersort.stanford.edu/) was applied to quantifying 22 types of immune cells. 

2.5. Tumor immune dysfunction and exclusion (TIDE) 

TIDE tool [36] (http://tide.dfci.harvard.edu/) was used to predict the clinical responsiveness to immune checkpoint blockade 
based on the gene expression profiles. TIDE score was calculated based on the T cell exclusion and T cell dysfunction score. TIDE score 
is positively related to a greater chance of immune escape from immunotherapy. The Tumor Immune Insufficiency and Exclusion 
(TIDE) score is a computational method designed to predict response to immunotherapy in cancer patients by modeling two major 
mechanisms of tumor immune evasion: T cell dysfunction and T cell exclusion. Studies have shown that higher TIDE scores are 
associated with higher immune escape potential and lower immunotherapy response rates, making TIDE scores an important indicator 
for predicting immunotherapy outcomes. The TIDE score is closely associated with immune evasion and resistance to immunotherapy 
in the tumor microenvironment, suggesting that it can serve as a surrogate biomarker for assessing response to immunotherapy, 
including treatments such as anti-PD1 and anti-CTLA4. Indeed, lower TIDE scores were associated with higher immunotherapy 
response rates in the patient population, suggesting that patients with lower TIDE scores may benefit more from this type of treatment. 

2.6. Differential expression analysis and functional analysis 

Limma in the R was here to perform differential expression analysis [37]. Differentially expressed genes (DEGs) were identified 
between different clusters. ClusterProfiler R package [38] was adopted to conduct functional analysis for identifying significantly 
enriched GO terms and KEGG pathways. P < 0.05 was determined to screen enriched pathways, followed by visualizing the top 10 
enriched pathways. 

2.7. Establishing and validating an ICD risk signature 

Firstly, on the basis of the ICD-correlated genes showing prognosis significance screened by univariate Cox regression analysis, 
LASSO was performed using glmnet R package [39] to calculate the coefficients of the prognostic genes and establish a risk signature 
defined as: risk score = Σβi ∗ Expi. β indicates the LASSO coefficients and Exp indicates the expressions of the prognostic genes. 
High-risk and low-risk groups of osteosarcoma samples were stratified by the cut-off of median value of risk score. The performance of 
the risk signature was evaluated by plotting Kaplan-Meier (KM) curves and performing univariate Cox regression. 

2.8. Cell culture and transient transfection 

DEME F-12 medium was used to culture MG-63 (BNCC338584), Saos-2 (BNCC338485) and hFOB1.19 (BNCC255176) cells 
(purchased from Beijing Bena Biotechnology Co. Beijing, China). Cells were transfected with negative control (NC) and Plasmids 
overexpressing LY96 (Sagon, China) utilizing Lipofectamine 2000 (Invitrogen, Thermo Fisher, USA). 

Table 1 
The sequences of primers for target genes.  

Gene Forward primer sequence (5′-3′) Reverse primer sequence (5′-3′) 

TLR4 CCCTGAGGCATTTAGGCAGCTA AGGTAGAGAGGTGGCTTAGGCT 
LY96 CCCTGTATAGAATTGAAAGGATCC TGCGCTTTGGAAGATTCATGGTG 
IFNGR1 AGTGCTTAGCCTGGTATTCATCTG GGCTGGTATGACGTGATGAGTG 
CD4 CCTCCTGCTTTTCATTGGGCTAG TGAGGACACTGGCAGGTCTTCT 
CASP1 GCTGAGGTTGACATCACAGGCA TGCTGTCAGAGGTCTTGTGCTC 
GAPDH AATGGGCAGCCGTTAGGAAA GCCCAATACGACCAAATCAGAG  
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2.9. qRT-PCR 

Extraction of total RNA from hFOB1.19, MG-63 and Saos-2 cell lines (Thermo Fisher, USA) was conducted using TRIzol reagent. 
HiScript II SuperMix (Vazyme, China) was employed to separate cDNA from 500 ng of RNA. QRT-PCR was carried out in ABI 7500 
System (Thermo Fisher, USA) with the use of SYBR Green Master Mix and PCR was amplified for 45 cycles at 94 ◦C for 10 min (min), at 
94 ◦C for 10 s (s), and at 60 ◦C for 45 s. GAPDH was an internal reference. Primer sequneces for the genes were listed as Table 1. 

2.10. Transwell assay 

Migration and invasion of MG-63 and Saos-2 cells were detected by carrying out Transwell assay. Chambers coated (for invasion) or 
uncoated with Matrigel (BD Biosciences, USA) (for migration) were inoculated with cells (5 × 104). Serum-free medium and complete 
DMEM medium was respectively added to the upper and lower layer. Following 24-h incubation, 4% paraformaldehyde and stained 
with 0.1% crystalline violet were applied to fix and dye the cells, respectively. 

2.11. Cell viability 

Cell Counting Kit-8 assay (Beyotime, China) was conducted for assessing cell viability. All the cells (1 × 103 cells/well) were 
cultured in 96-well plates and added with CCK-8 solution at specific time points. After 2-h incubation at 37 ◦C, we used a microplate 
reader (BioTeK, USA) to measure the O.D 450 value of each well. 

2.12. Cell cycle 

Pre-cooled ethanol (75%) was gently added to MG-63 and Saos-2 cell lines contained in the centrifuge tube overnight at 4 ◦C. After 
washing the fixed cells, PI (2 mg/mL) in PBS with RNase A (0.1 mg/mL) was used for cell staining in the dark for 30 min at room 
temperature. Cell distribution with different DNA content was analyzed applying FACSCalibur flow cytometry (BD Biosciences) and 
Flowjo software at the excitation wavelength of 530 nm. 

2.13. Statistical analysis 

Current data analysis was conducted with the help of Sangerbox platform (http://vip.sangerbox.com/) [40]. Difference among 
three cluster was exmained using Kruskal-Wallis test or ANOVA. KM survival analysis and Cox regression analysis were conducted with 
log-rank test. Wilcoxon test was performed between two groups. We considered P < 0.05 as significant. The statistical methods were 
also indicated in the figure legends. 

3. Results 

3.1. Molecular subtyping for osteosarcoma using ICD-related genes 

A total of 34 ICD-related genes were collected from a past research [32], and the PPI analysis showed that these ICD-related genes 
had tight interactions with each other (Fig. 1A). In GSE126209 dataset, we evaluated the expressions of 34 ICD-correlated genes in six 
osteosarcoma samples and six normal samples. A heatmap presented the expression patterns of the total 34 in all samples. Among 34 
genes, nine of them had a significant difference of expression between osteosarcoma and normal samples, including IL1B, NLRP3, 
EIF2AK3, CASP8, NT5E, MYD88, CALR, CD4 and IL1R1 (P < 0.05, Fig. 1B). Next, a consensus matrix was developed on the basis of the 
expression of these genes by consensus clustering in TARGET dataset. According to the consensus CDF, cluster number k = 3 was 
determined to divide samples into three clusters (Fig. 1C–E). Three clusters (cluster1, 2, and 3) showed different expression patterns of 
34 genes (Fig. 1F). In addition to the expression pattern, three clusters also exhibited differential overall survival, where cluster1 had 
the longest overall survival and cluster3 had the shortest (P = 0.0069, Fig. 1G). 

3.2. Differential immune infiltration and responses to immunotherapy of three clusters 

ICD induces immune-mediated elimination in the tumor microenvironment (TME) and reshape the TME [41]. Therefore, we 
assessed whether a difference of immune infiltration was shown among three clusters. We compared the immune infiltration, stromal 
infiltration, and tumor purity in three clusters, and we found that cluster1 had the highest score of immune infiltration, but the lowest 
purity of tumor (Fig. 2A–C). Moreover, CIBERSORT analysis revealed that M0 macrophages, activated memory CD4 T cells, naïve CD4 

Fig. 1. Molecular subtyping based on ICD-correlated genes. (A) A PPI network of 34 ICD-correlated genes in GSE126209 dataset. (B) A heatmap 
of expression of ICD-correlated genes in osteosarcoma and normal samples in GSE126209 dataset. Student t-test was conducted. (C) Consensus 
clustering when cluster number k = 3 in TARGET dataset. (D–E) Consensus CDF curve when k = 2–6. (F) The expression heamap of 34 ICD-related 
genes in three clusters in TARGET dataset. (G) Kaplan-Meier survival curve of three clusters in TARGET dataset. Log-rank test was conducted. *P <
0.05, **P < 0.01. 
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Fig. 2. The immune analysis of three clusters in TARGET dataset. (A–C) The tumor purity, immune score, stromal score of three clusters. (D) 
The distribution of 22 immune cells. (E) Comparison of the enrichment score of 22 immune cells in three clusters. Kruskal-Wallis test was conducted. 
*P < 0.05. 
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T cells were differentially enriched in three clusters, where cluster1 had the lowest proportion of M0 macrophages and the highest 
proportion of activated memory CD4 T cells (Figs. 2D and 1E). Additionally, the expression of human leukocyte antigen (HLA)-as-
sociated genes and immune checkpoint genes were evaluated. Two immune checkpoints (HAVCR2 and LAG3) had significantly higher 
expression levels in cluster1 with P = 1.9e-06 and P = 0.0099 respectively (Fig. 3A and B). Notably, HLA-associated genes differ-
entially expressed in three clusters (Fig. 3C), indicating that three clusters may have different immune response to immune checkpoint 
blockade therapy. 

3.3. Functional analysis of DEGs among three clusters 

In the previous sections, we illustrated that three clusters had different expression patterns of ICD-correlated genes, different 
overall survival, and different TME. Furthermore, we identified DEGs between clusters by using differential analysis. We plotted Venn 
plot using the ggvenn package. Venn plot demonstrated a total of 68 DEGs and a heatmap presented the expression patterns of the 68 
DEGs in three clusters (Fig. 4A and B). Specially, most of DEGs were relatively upregulated in cluster1. Functional analysis on the 68 
DEGs revealed that antigen processing and presentation, extracellular exosome, and MHC class II protein complex were mostly 
enriched (Fig. 4C and D). In combination with the above findings, we suspected that ICD-related genes were involved in the regulation 
of immune microenvironment and thus affected the progression of osteosarcoma. 

Fig. 3. The immune response of three clusters in TARGET dataset. (A–B) The expression of two immune checkpoints, HAVCR2 and LAG3 in 
three clusters. (C) The expression of HLA-related genes in three clusters. ANOVA test was conducted. *P < 0.05, **P < 0.01, ***P < 0.001, ****P 
< 0.0001. 
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3.4. Establishing an ICD risk signature 

Subsequently, a prognostic model using ICD-related genes was created. Univariate Cox regression analysis determined 5 prognostic 
genes from the 34 ICD-correlated genes. TLR4, LY96, IFNGR1, CD4, and CASP1 expression levels were negatively correlated with the 
overall survival (HR < 1, Fig. 5A), indicating that they could serve as protective factors of osteosarcoma. To establish the risk signature, 
we performed LASSO to obtain the coefficients of each prognostic gene (Fig. 5B and C). Each sample was calculated with a risk score 
according to the ICD risk signature. According to the median cut-off value of − 1.378, two risk groups (low and high) of osteosarcoma 
samples were categorized. High-risk group had obviously more dead samples and lower expression of the five prognostic genes than 
low-risk group (Fig. 5D). In TARGET and GSE21257 datasets, two risk groups all showed different overall survival with P = 0.0031 and 
P = 0.045 respectively (Fig. 5E and F). 

3.5. Validation of ICD risk signature predicting the progress of osteosarcoma 

To validate the reliability of ICD risk signature in predicting the prognosis of osteosarcoma and to unearth key ICD-related genes 
significantly associated with the malignant phenotype of osteosarcoma, we used PCR to detect the expression of TLR4, LY96, IFNGR1, 
CD4, and CASP1 in normal osteoblasts hFOB1.19 as well as in MG-63 and Saos-2 cell lines. The results showed that compared to normal 
osteoblast hFOB1.19, five genes (TLR4, LY96, IFNGR1, CD4, and CASP1) were all decreased in expression in MG-63 and Saos-2 cell 
lines (Fig. 6A-E). Next, we selected the molecule LY96 for subsequent experiments. After overexpression of LY96 in the two cell lines, 
the migratory and invasive abilities of the two cell lines were significantly reduced (Fig. 6F and G). The results of CCK8 also showed a 

Fig. 4. Differential expression analysis among three clusters in TARGET dataset. (A) Venn plot of DEGs among three clusters. (B) A heatmap 
showing the expression of 68 DEGs. (C–D) The top 10 enriched GO terms and KEGG pathways of DEGs. 
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decrease in cell viability in the two cell lines after overexpression of LY96 in the two cell lines (Fig. 7A and B). The cell cycle results 
showed an increase in the ratio of S Phase and a prolongation of S Phase in the two cell lines after overexpression of LY96 (Fig. 7C and 
D). 

3.6. The potential of the ICD risk signature for guiding immunotherapy 

The ICD risk score and immune cell infiltration was examined to evaluate the clinical value of ICD risk signature in immunotherapy. 
The risk score was negatively correlated with CD8 T cells (R = − 0.23), neutrophils (R = − 0.28), M1 macrophages (R = − 0.24), and M2 
macrophages (R = − 0.39), and was positively correlated with naïve CD4 T cells (R = 0.30) and M0 macrophages (R = 0.42), as 
revealed by Pearson correlation analysis (P < 0.05, Fig. 8A–F). Then we used to TIDE in response prediction of immune checkpoint 

Fig. 5. Establishment and validation of the ICD-related risk signature. (A) Univariate Cox regression analysis of 34 ICD-related genes in 
TARGET dataset. The result of five prognostic genes was shown. The horizontal axis indicates the hazard ratio (HR). (B–C) LASSO Cox regression 
analysis of five prognostic genes in TARGET dataset. (D) The distribution of samples ranked by the risk score, and the expression of five prognostic 
genes in TARGET dataset. (E–F) KM survival curves of high-risk and low-risk groups in TARGET and GSE21257 datasets. Log-rank test 
was conducted. 

Fig. 6. Validation of bioinformatics results. (A–E) PCR was performed to detect the expression of TLR4, LY96, IFNGR1, CD4, and CASP1 in MG- 
63, Saos-2 and hFOB1.19 cell lines, and relative quantification was performed. (n = 3). (F–G) Alterations in cell migration and invasive capacity 
following overexpression of LY96 expression in MG-63 and Saos-2 cell lines and quantification of cell numbers. (n = 3). *≤0.05, **≤0.01， 
***≤0.001，****≤0.0001. N = 3, The results are presented as mean ± SD. 
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blockade. The result showed a significantly higher TIDE score of low-risk group, implying a high possibility of immune escape 
(Fig. 8G). Furthermore, the risk score showed an obviously higher HR than other clinical features (compared with gender, age, race) 
(HR = 3.811, 95%CI = 1.633–8.895). The above results showed that the ICD risk signature was reliable to be a prognostic indicator for 
osteosarcoma and may also serve as an indicator for evaluating patients’ immunotherapy response. 

Fig. 7. LY96 inhibits the development of osteosarcoma. (A–B) Changes in cell viability from 0 to 36h after overexpression of LY96 expression in 
MG-63 and Saos-2 cell lines and quantification of O.D Value. (n = 3). (C–D) Changes in cell cycle after overexpression of LY96 expression in MG-63 
and Saos-2 cell lines and quantification of O.D Value. (n = 3). *≤0.05, **≤0.01，***≤0.001，****≤0.0001. N = 3, The results are presented as 
mean ± SD. 
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4. Discussion 

Lines of evidences have corroborated that ICD can elicit anti-cancer activity in combination with chemotherapeutic drugs and 
immune checkpoint inhibitors [42,43]. For example, in a combined therapy of dendritic cells and doxorubicin, enhanced anti-cancer 
effects induced by ICD was shown in osteosarcoma [44]. DAMPs releasing from dying cancer cells can be recognized by Toll-like 
receptors and NOD-like receptors (NLRs) that stimulate the innate and adaptive immune response and ultimately initiate 
tumor-specific CD8+ T cells to kill cancer cells [42,45,46]. There are also preclinical and clinical evidence suggest that DAMPs and 
DAMP-associated process including CALR and HSP signaling have a potential to serve as prognostic indicators for cancer patients 
[47–50]. Enlightened by the previous research, we believe that there is a potential value of ICD-correlated genes in cancer prognosis 
prediction. However, the association between these genes and osteosarcoma prognosis has not been comprehensively studied. 

The present work evaluated the expression profiles of 34 ICD-correlated genes in osteosarcoma samples and discovered that nine 

Fig. 8. The relation between the risk score and immune microenvironment. (A–F) Pearson correlation analysis between the risk score and the 
enrichment of immune cells. (G) TIDE analysis of two risk groups. Wilcoxon test was conducted. (H) The risk score and clinical features analyzed by 
Univariate Cox regression analysis. Log-rank test was conducted. 
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DEGs between normal and tumor samples. The differential genes are IL1B, NLRP3, EIF2AK3, CASP8, NT5E, MYD88, CALR, CD4 and 
IL1R. We identified three clusters (or molecular subtypes) based on the expression of 34 ICD-correlated genes. Notably, cluster1 had 
the longest overall survival and obviously high expression of ICD-related genes, compared with other two clusters. The ICD activation 
process induces a strong immune response against tumor cells by promoting antigen presentation and enhancing T cell activation. This 
immune response induced by ICD is often associated with a better cancer prognosis, as it helps to clear tumor cells and reduces the 
likelihood of recurrence [51]. ICD induces the recruitment and activation of antigen-presenting cells, and thus activates the anti-cancer 
response [52]. The above results clarified the association between ICD and osteosarcoma, and supported the reliability of molecular 
subtyping based on ICD-related genes. The above observation suggested that the active ICD process was associated with favorable 
prognosis. 

Furthermore, we established an ICD-related risk signature using ICD-correlated genes, and TLR4, LY96, IFNGR1, CD4, and CASP1 
were identified as prognostic genes. According to accumulated evidence, TLR4, IFNGR1, CD4, and CASP1 were related to the pro-
gression of Osteosarcoma. TLR4 was identified as a regulatory factor in the invasion and migration processes of osteosarcoma. Studies 
had found that LPS could activate the expression of TLR4, which then acted on HOTAIR to promote the invasion and migration of 
osteosarcoma [53]. The upregulation of IFNGR expression was able to synergistically enhance the chemokine response to exogenous 
IFN, triggering the activity of NK cells in pediatric bone cancer [54]. CD4 was identified as a key target in osteosarcoma research, with 
its expression in osteosarcoma cells being lower compared to osteoblasts, indicating its potential role in the immune regulation of 
osteosarcoma development. Additionally, the binding potential of CD4 with specific drugs suggested that it could serve as a potential 
target for osteosarcoma treatment [55]. CASP1 was identified as an osteosarcoma-specific interaction pair, and as a significant factor in 
the development of osteosarcoma, it could influence the pathological process of osteosarcoma through its specific interactions and 
involvement in regulating the FGFR, MAPK, and Notch signaling pathways [56]. Although there were no reports of IFNGR1 in os-
teosarcoma, IFNGR1 was a poor prognostic marker for the metastasis of prostate cancer [57]. From these studies, it was evident that 
the prognostic genes with ICD characteristics in osteosarcoma were closely related to its development, and using these genes as 
prognostic features was justified. Secondly, these genes are associated with osteosarcoma metastasis and invasion, and they may be 
potential novel targets. Focusing on these prognostic genes in the future is expected to provide new insights into the development of 
new targeted treatment technologies for osteosarcoma. 

In addition, according to our results, ICD risk profile showed a significant positive trend with CD8 T cells. High-risk group is more 
sensitive to immunotherapy.CD8+ T cells play a central role in cancer immunotherapy. They are the most powerful effectors of the 
adaptive immune system in the immune response against cancer and form the basis of current successful cancer immunotherapies. 
CD8+ T cells, which exert their effects by recognizing and killing cancer cells presenting specific antigens, are the immune cells of 
choice against cancer. However, during cancer progression, CD8+ T cells experience dysfunction and depletion due to immune- 
associated tolerance and immunosuppression within the tumor microenvironment, thus compromising their ability to clear tumors. 
Immune checkpoint inhibitors are designed to target immunosuppressive receptors that modulate immune responses, whereas 
adoptive cell transfer therapies use CD8+ T cells with genetically modified receptors, such as chimeric antigen receptors, to specify and 
enhance CD8+ T cell function. By activating CD8+ T cells, the immune checkpoint blockade (ICB) strategy improves the ratio of co- 
stimulatory to co-inhibitory mediators, PD-1/PD-L1 and CTLA-4 being the checkpoint receptors that can be targeted to alleviate 
the depletion of CD8+ T cells and renew their activation, thereby eliminating the antigen-expressing cancer cells [58,59]. This is 
consistent with our trend that CD8+ T cells are more abundant in High-risk group. Moreover, in our study, the TIDE score was lower in 
the High-risk group, suggesting that immune escape was less pronounced. 

Osteosarcoma samples were classified into two risk groups, and low-risk group exhibited significantly higher levels of expression of 
these genes, which was consistent with the previous observation in cluster1. We validated the risk signature in two dependent datasets 
and the consistent results were shown, suggesting that the five-gene signature was robust and effective in predicting the prognosis for 
osteosarcoma patients. Notably, in the response to immune checkpoint inhibitors, low-risk group may benefit much from the 
immunotherapy. Besides the prognosis prediction, the risk signature also had a potential to indicate the anti-cancer response to im-
mune checkpoint inhibitors. 

However, this study only used the pure bioinformatics analysis coupled with a series of basic cell experiments and the results need 
further verifications in the in-depth experiments. Besides, due to the relatively low incidence of osteosarcoma, the samples were not 
abundant and this may affect the accuracy of the results. Furthermore, we did not consider the age or other factors that may have an 
effect on the osteosarcoma development and ICD process. 

5. Conclusions 

In conclusion, this study found an association between ICD and osteosarcoma prognosis. High activity of ICD was shown in os-
teosarcoma patients with good prognosis. ICD-related characteristic genes are led to malignant phenotypes of osteosarcoma cell lines 
including migration, invasion, viability and cell cycle. Cluster1 had higher immune infiltration and higher expression of HLA- 
correlated genes. Moreover, we constructed an ICD-correlated risk signature that was effective to evaluate the prognosis of osteo-
sarcoma patients and the risk signature was potential to guide personalized immunotherapy or ICD-related therapy. 
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