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Abstract
Background  Skull base chordoma is a rare and aggressive bone tumor with a poor prognosis. The basement 
membrane (BM) plays an pivotal role in tumor progression. However, the involvement of BM-related genes in 
assessing the prognosis and influencing the biological behavior of skull base chordomas remains unclear.

Methods  Patients with skull base chordoma undergoing endoscopic endonasal surgery were included in the study 
(77 patients for bulk transcriptome sequencing and 6 patients for single-cell RNA sequencing). A BM-related genes 
signature was established and validated using bulk transcriptome data. Additionally, we investigated the oncogenic 
potential of a key BM-related gene in chordoma cells in vitro.

Results  A prognostic signature consisting of five BM-related genes was identified through LASSO Cox regression 
analysis. The accuracy and reliability of this signature were validated by the validation cohort. Multivariate Cox 
analysis and a nomogram demonstrated that the risk score serves as an independent and reliable prognostic factor 
for skull base chordoma. Moreover, the BM-related gene signature was significantly associated with the immune 
microenvironment, immune checkpoint expression, and drug sensitivity. Single-cell RNA sequencing analysis revealed 
both the chordoma tumor cell and the fibroblast contributed to the overall BM signature. Finally, in vitro experiments 
demonstrated that the knockdown of ITGB3, the hub gene in the signature, inhibited the proliferation and migration 
of chordoma cells via the PI3K-Akt pathway.

Conclusion  This study explored the critical role of BM-related genes in skull base chordoma, which affected 
postoperative recurrence and maligant behavior of chordoma via the PI3K-Akt signaling pathway.
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Background
Chordoma is a rare and aggressive malignant tumor that 
arises from remnants of the notochord, primarily affect-
ing the central axial bones, such as the clivus, spine, 
and sacrum [1, 2]. Currently, the mainstay of treatment 
for chordoma typically involves maximal surgical resec-
tion combined with localized proton radiation therapy 
[3]. However, the challenging anatomical location skull 
base chordomas complicates the feasibility of complete 
surgical excision. Although chordomas tend to exhibit 
slow growth, their biological behavior is highly destruc-
tive with a high recurrence rate [4]. Currently, the patho-
genesis and clinical prognostic stratification system of 
chordoma is not well defined, and novel prognostic bio-
markers and therapeutic targets are urgently needed.

The basement membrane (BM) is a thin, dense sheet 
of extracellular matrices widely distributed in metazoan 
tissues playing an important role in normal tissue devel-
opment and function [5]. Core structural components 
of BM include laminins, collagen IV, nidogens, and the 
heparan sulfate proteoglycans perlecan and agrin, which 
participate in resisting mechanical stress, dictating tis-
sue shape, and creating diffusion barriers [6, 7]. They 
also provide cues that direct cell polarity, differentiation, 
migration, and survival [8]. The variants of the above 
molecules underlie the development of various human 
diseases [9]. Particularly, the aberrant expression of BM-
related genes is associated with tumor progression in 
multiple cancers [10–13]. Histologically, chordomas have 
extensive extracellular matrices between tumor cells, 
which may portend an unfavorable prognosis [14]. In the 
presence of cancer-associated fibroblasts (CAF), cancer 
cells could invade the BM in a metalloprotease-indepen-
dent manner [15]. Recently, studies revealed the presence 
and oncogenic role of CAF in skull base chordoma [16], 
suggesting BM-related genes may participate in the pro-
gression of skull base chordoma. However, there are few 
studies on BM in chordoma.

This study aimed to investigate the role of BM-related 
genes in skull base chordoma. By analyzing the bulk 
transcriptomic data and the clinical information, we 
constructed a prognostic signature composed of five BM-
related genes to predict recurrence-free survival (RFS) 
in chordoma patients. We also explored the association 
between the risk score and tumor immune and drug sen-
sitivity in chordoma. Furthermore, one hub gene, ITGB3, 
was knocked down in two chordoma cell lines to inves-
tigate its biological function. In summary, this study 
assesses the prognostic value of BM-related genes in skull 
base chordoma, examines their biological roles, identi-
fies potential therapeutic agents, and aims to improve the 
clinical outcomes for chordoma patients.

Methods
Patients and data collection
In total, 83 patients diagnosed with skull base chordoma 
and received endoscopic endonasal surgery at our hos-
pital, were included in this study. We acquired the raw 
bulk transcriptome counts data of 77 skull base chor-
doma samples in batches and the normalized and log2 
converted RNA-sequencing (RNA-seq) profiles TPM. 
The first batch of RNA-seq data, consisting of 48 cases, 
was used as the training cohort in this study, which was 
reported in our previous article [17]. RNA-seq data from 
the remaining 29 patients served as a validation cohort. 
Clinical information including the patient’s age, gender, 
gross resection rate, primary or recurrent tumor, and the 
patient’s follow-up information, was also collected. Six 
skull base chordoma samples were collected for single-
cell RNA sequencing (scRNA-seq). Fresh skull base chor-
doma specimens were dissected into small pieces and 
digested into single-cell suspensions. The cell suspension 
was loaded into Chromium microfluidic chips with 3’ v2 
chemistry and barcoded with a 10× Chromium Control-
ler (10X Genomics). The cDNA library was constructed 
with reagents from a Chromium Single Cell 3’ v2 reagent 
kit (10X Genomics) and subsequently sequenced with 
Illumina NovaSeq 6000 by Novogene Bio Technology 
Inc (Tianjin, China). Reads for raw sequencing data were 
processed with Cell Ranger software (version 4.0.0). 224 
BM-related genes were retrieved as sugguested by previ-
ous research suggested [6], and the specific BM-related 
genes are shown in Supplementary Table.

Construction and validation of a prognostic signature 
based on BM-related genes
We first analyzed the prognostic value of BM-related 
genes by univariate Cox regression analysis and obtained 
16 survival genes (p < 0.05). The STRING database 
(http://www.string-db.org/) was used to analyze the ​p​r​o​
t​e​i​n​-​p​r​o​t​e​i​n interactions (PPI) of 16 survival BM-related 
genes. Then using the “glmnet” R package, five genes 
were eventually obtained by least absolute shrinkage and 
selection operator (LASSO) regression analysis to con-
struct a prognostic risk signature [18]. The risk score was 
calculated by the following equation:

Risk score = ∑ (expression of gene * coef ).
Where coef was the LASSO Cox regression signa-

ture coefficient for the corresponding gene. Based on 
the median risk score, skull base chordoma patients 
of training and validation cohorts were divided into 
high-risk and low-risk groups respectively. We used 
the “FactoMineR” and “factoextra” R packages to per-
form principal component analysis (PCA) and used the 
“survival” and “survminer” R packages to evaluate the 
survival rates of patients in the two groups with Kaplan 
- Meier (KM) curves. The diverse characteristics of the 
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above five genes were visually represented in a circus plot 
using the “circlize” R package.

Differentially expressed genes (DEGs) analysis and 
functional enrichment analysis
Raw transcriptome counts data of skull base chordoma 
patients in the training cohort were prepared. The 
“limma” R package was used to perform DEGs analysis 
between high-risk and low-risk groups (p < 0.05,|log fold 
change(FC)|>1) [19]. Then, we used the “clusterProfiler” 
R package to perform Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathway 
analyses of DEGs [20–22]. In addition, GSEA software 
was used to analyze the KEGG pathways between differ-
ent groups (|NES|>1, NOM p.value < 0.05, FDR < 0.25) 
[23].

Unsupervised clustering of Chordomas using BM-related 
genes
According to the crucial 5 BM-related genes, we used the 
“ConsensusClusterPlus” package to complete consensus 
clustering (CC) to identify the unidentified subtypes of 
skull base chordoma [24].

Construction of a nomogram
Clinical information and risk score were analyzed by uni-
variate and multivariable Cox regression analysis. Then 
a nomogram including the risk score was developed to 
estimate the probability of 2-, 3-, and 4-year RFS. The 
nomogram plot was shown by the “regplot” R package. 
Calibration plots and decision curve analysis (DCA) were 
used to evaluate the efficacy with the “caret” and “rmda” 
R package. The “timeROC” R package was employed to 
generate receiver operating characteristic (ROC) curves.

Estimation of tumor immune microenvironment and drug 
sensitivity
The TIMER2.0 database (http://timer.cistrome.org/) was 
used to estimate immune cell infiltration. Estimation 
of Stromal and Immune Cells in Malignant Tumor Tis-
sues using Expression Data (ESTIMATE) algorithm was 
used to assess tumor purity, immune infiltration, and 
stromal infiltration in skull base chordomas [25]. More-
over, to predict the effect of immune checkpoint therapy, 
the expression levels of several immune checkpoints 
were compared between different groups. Based on the 
Genomics of Drug Sensitivity in Cancer (GDSC, ​h​t​t​p​​s​
:​/​​/​w​w​w​​.​c​​a​n​c​e​r​r​x​g​e​n​e​.​o​r​g​/), we obtained half-maximal 
inhibitory concentration (IC50) estimates for specific 
drug using the “oncoPredict” R package to analyze drug 
sensitivity in different risk groups [26].

scRNA-seq analysis
The analysis of single-cell RNA sequencing data was 
undertaken with the “Seurat” and “SingleR” packages, 
following a series of standard quality procedures that 
included the “PercentageFeatureSet”, “SCTransform”, 
“RunPCA”, “FindNeighbors”, “FindClusters”, “RunUMAP”, 
and “FindMarkers” functions [27]. Cell types were 
assigned using known markers from the literature [16].

Cell lines, cell culture, and transfection
The human chordoma cell line UM-Chor1 was pur-
chased from the American Type Culture Collection 
(ATCC), and MUG-Chor1 cells were kindly provided by 
the Chordoma Foundation. Cells were cultured in a mix-
ture of IMDM (ATCC) and RPMI-1640 (ATCC) culture 
media (4:1) supplemented with 10% fetal bovine serum, 
while the culture medium of MUG-Chor1 cell line was 
additionally supplemented with 1% L-glutamine. All 
cells were cultured in an incubator 5% CO2 incubator at 
37  °C. Small interfering RNA (siRNA) targeting ITGB3 
(siITGB3) and negative control (siNC) was obtained from 
RiboBio (Guangzhou, China). Cells were transfected 
using Lipofectamine 3000 (Invitrogen) 24 h after seeding.

Cell counting Kit-8 (CCK-8) and colony formation assays
Cell viability was evaluated using CCK-8 (Dojindo, 
Japan). Briefly, 2 × 103 UM-Chor1 cells per well and 
6 × 103 MUG-Chor1 cells per well were seeded in a 
96-well plate. CCK-8 was added at 1, 2, and 3 days, and 
absorbance at 450  nm was then measured. For colony 
formation assays, 2 × 103 transfected chordoma cells 
were seeded in a six-well plate and incubated for 14 days. 
Colonies were then fixed with 4% paraformaldehyde, and 
stained with crystal violet.

Transwell migration assay
Briefly, 4 × 104 UM-Chor1 cells or 1 × 105 MUG-Chor1 
cells were incubated in an 8.0-µm Transwell chamber 
(Corning) after transfected. After 24  h, the migrated 
chordoma cells at the lower surface were fixed with 4% 
paraformaldehyde and stained with crystal violet.

Western blot
Transfected UM-Chor1 cells and MUG-Chor1 cells were 
lysed in RIPA lysis buffer containing protease and phos-
phatase inhibitors. For Western blot, protein samples 
(20  µg) were separated by SDS-PAGE and then trans-
ferred to polyvinylidene difluoride membranes. After 
being blocked with 5% TBST skimmed milk for 2 h, the 
polyvinylidene difluoride membranes were incubated 
with the primary antibodies targeting ITGB3 (13166, 
Cell Signaling Technology, 1:1000), Akt (75692, Cell Sig-
naling Technology, 1:1000), phospho-Akt (Ser473, 9018, 
Cell Signaling Technology, 1:1000), and GAPDH (TA-08, 
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ZSGB-BIO, 1:8000). After incubation with primary anti-
body overnight, the membrane was washed with TBST 
and incubated with secondary antibody tagged with 
horseradish peroxidase (Santa Cruz Biotechnology). 
Protein bands were visualized by enhanced chemilumi-
nescence assay using an imaging apparatus (Amersham 
Imager 600, GE).

RNA extraction and qRT-PCR
Total RNA was isolated from chordoma cells using 
RNeasy Mini Kit (Qiagen, GE), and the Evo M-MLV RT 
Premix for qPCR (Accurate Biology, CHINA) was used to 
synthesize cDNA. qRT-PCR was conducted on a Quant-
Studio 5 (Applied Biosystems) in triplicate and GAPDH 
was selected as the experimental reference. All primers 
were synthesized by Sangon Biotech (Shanghai, China). 
Primer sequences were as follows: ITGB3 forward, 5’-​A​G​
T​A​A​C​C​T​G​C​G​G​A​T​T​G​G​C​T​T​C-3’ and reverse, 5’-​G​T​C​A​
C​C​T​G​G​T​C​A​G​T​T​A​G​C​G​T-3’; GAPDH forward, 5’-​A​C​A​
A​C​T​T​T​G​G​T​A​T​C​G​T​G​G​A​A​G​G-3’ and reverse, 5’-​G​C​C​A​
T​C​A​C​G​C​C​A​C​A​G​T​T​T​C-3’.

Statistical analysis
All statistical analyses were performed with R soft-
ware (version 4.3.2). Kaplan-Meier (KM) analysis and 
Cox analysis were implemented with the “survival” and 
“survminer” R package. Wilcox test was used to compare 
the difference in risk scores between different clinical 
characteristics. Spearman’s rank correlation coefficient 
was used for correlation analysis. The correlation figures 
are plotted with the “ggplot2” R packages. P < 0.05 was 
considered significant. This research is reported in line 
with the REMARK criteria [28].

Results
Construction of the prognostic signature for BM-related 
genes
The methodology of the study is illustrated in Fig. 1. In 
the training cohort, we performed univariate Cox regres-
sion analysis for 224 BM-related genes and found 16 sur-
vival genes related to RFS (Fig.  2A). Among them, only 
SMOC1 was protective factors (hazard ratio, HR < 1), 
while COL12A1, COL13A1, COL4A1, COL4A2, ITGB3, 
ROBO4, SERPINF1, ADAMTS5, ADAMTS8, COL14A1, 
LOXL2, POSTN, SLIT2, THBS2 and UNC5B (HR > 1) 
were risk factors. The STRING database was used to 
construct a PPI network that showed the complex rela-
tionship between these prognostic indicators in skull 
base chordoma (Fig. 2B) and the correlation between the 
expression of each gene was investigated (Supplementary 
Fig. 1).

Using LASSO regression analysis, we identified five 
genes with non-zero penalty coefficients and established 
a signature that predicted the prognosis of skull base 

chordoma patients (Fig. 2C-D), which included UNC5B, 
COL14A1, COL13A1, SMOC1, and ITGB3. The chromo-
somal location of each gene is depicted (Fig. 2E). Kaplan-
Meier analysis was used to determine their respective 
influence on the RFS time (Supplementary Fig. 2A). The 
risk coefficients were calculated from the correlation 
coefficients of the 5 BM-related genes with the following 
formula:

Risk score = (0.04107 * UNC5B expression) + (0.02979 
* COL14A1 expression) + (0.06416 * COL13A1 expres-
sion) + (-0.11697 * SMOC1 expression) + (0.02623 * 
ITGB3 expression).

The training cohort was divided into the high-risk 
group (n = 24) and the low-risk group (n = 24) based 
on the median risk score. The heatmap showed differ-
ent expression levels of 5 BM-related genes and clinic 
features in the two subgroups of 48 chordoma patients 
(Fig. 2F). We also analyzed the association between risk 
score and clinical features including age, gender, and pri-
mary or recurrent tumor. Patients older than 50 had a 
higher risk score than those younger than 50 while gen-
der and primary or recurrent tumor were not associated 
with the risk score (Supplementary Fig. 3B).

Differential gene analysis and function analysis between 
high-risk and low-risk groups
The “Limma” R package was used to analyze the DEGs 
between two groups, resulting in the identification of 
2157 DEGs (p < 0.05,|log FC| > 1), of which 1721 up-
regulated genes and 436 down-regulated genes in high-
risk group (Fig. 2G). GO analysis and KEGG analysis of 
up-regulated genes in the high-risk group were then per-
formed (Fig. 2H-I). GO analysis indicated that genes were 
mainly enriched in terms associated with the extracellu-
lar matrix. The KEGG analysis results indicated several 
pathways involving tumor malignancy progression, such 
as the PI3K-Akt signaling pathway, Rap1 signaling path-
way and Wnt signaling pathway.

GSEA analysis was used to further unravel the molecu-
lar mechanisms underlying the signature of BM-related 
genes (Supplementary Fig.  3A-B). The results showed 
that antigen processing and presentation, IL-17 signal-
ing pathway, NF-kappa B signaling pathway, p53 signal-
ing pathway and viral protein interaction with cytokine 
and cytokine receptor were mainly enriched in the high-
risk group. The results of GSEA analysis suggested that 
BM-related gene signature are likely to be associated with 
oncogenic pathways, cell-cell interactions and the tumor 
immune microenvironment.

Unsupervised clustering of BM-related signature genes
To explore unidentified subtypes of skull base chordoma, 
5 BM-related model genes were used to perform the CC 
analysis. We found that when k = 2, the differences among 
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subgroups were most obvious, which indicated that the 
48 skull base chordoma patients in the training cohort 
could be well classified into two clusters (Fig. 3A-B). The 
alluvial diagrams showed that the majority of cluster 2 
was associated with high risk score, whereas the major-
ity of cluster 1 was related to low risk score (Fig. 3C). An 
obvious difference was found between RFS times of the 
two clusters (p = 0.044, Fig.  3D). Specifically, cluster 1 
was related to favorable prognosis, whereas cluster 2 was 
associated with adverse prognosis.

Internal training and external validation of the gene 
signature prediction model
Utilizing the calculated risk score, we stratified 48 skull 
base chordoma patients in the training cohort into 
high-risk and low-risk groups. Our results revealed that 
patients with high risk scores had a lower RFS rate than 

those with low risk scores (Fig.  3E). PCA showed that 
the classification was satisfactory based on risk score 
(Fig.  3F). A marked difference was detected in the RFS 
time between these two groups. The low-risk group was 
related to a favorable prognosis, whereas the high-risk 
group was associated with a poor prognosis (p = 0.0038, 
Fig.  4G). Subsequently, we used another 29 skull base 
chordoma patients as the validation cohort. Simliarly, 
patients in the validation cohort were divided into two 
groups (Fig. 3E). Furthermore, the two groups were sat-
isfactorily separated using PCA (Fig.  3F). KM analysis 
also showed that the patients in the high-risk group were 
more likely to have a shorter RFS and higher recurrence 
rates (p = 0.021, Fig. 3G).

Fig. 1  Methodology of the study
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Development and assessment of the nomogram survival 
model
The univariate Cox regression analysis showed that 
risk score was regarded as a risk factor (HR = 13.685, 
95% CI: 3.929–47.663, and p < 0.001, Fig.  4A). Besides 

risk score, recurrence tumor was regarded as a risk fac-
tor (HR = 2.848, 95% CI: 1.42–5.713, and p = 0.003) 
while total resection was regarded as a protective factor 
(HR = 0.277, 95% CI: 0.096–0.797, and p = 0.017, Fig. 4A). 
In the multivariate Cox analysis, risk score retained its 

Fig. 2  Establishment of the BM-related genes signature in skull base chordoma. (A) Univariate Cox regression analysis showing the prognostic values of 
BM-related genes. (B) A PPI network of prognostic BM-related genes. (C) Gene coefficient spectrum of the 21 prognostic BM-related genes in the LASSO 
regression analysis. (D) Selection of the optimal penalty parameter in the LASSO Cox regression model. (E) Circos plot depicting the locations of five 
model genes. (F) A heatmap showed the relationship between risk score, the model genes, and clinicopathological features. (G) Volcano map showed 
differentially expressed genes (DEGs) between high-risk and low-risk groups. (H) GO analysis of up-regulated genes in high-risk group. (I) KEGG analysis 
of up-regulated genes in high-risk group
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independent prognostic value in skull base chordoma 
patients after adjusting for other confounding factors 
(HR = 12.995, 95% CI: 3.312–50.99, p < 0.001, Fig. 4B).

Multivariable Cox and stepwise regression analyses 
were used to establish a nomogram model in the train-
ing cohort to estimate the 2-, 3-, and 4-year RFS. The risk 
score, degree of resection, and primary or recurrence 

were included in the model (Fig.  4C). The calibration 
curves demonstrated the accurate predictive ability of 
this nomogram model for the 2-, 3-, and 4-year RFS rates 
(Fig. 4D). Significant RFS difference was found between 
the high-point and low-point groups based on the nomo-
gram (p < 0.0001, Fig. 4E). Additionally, we evaluated the 
area under curve (AUC) values of ROC curves in the 

Fig. 3  Internal training and external validation of the gene signature prediction model. (A) Training cohort patients were grouped into two molecular 
clusters when k = 2 based on the BM-related model gene profile. (B) Empirical cumulative distribution function plot displaying consensus distributions for 
each k value (from 2 to 8). (C) Alluvial diagram shows the interrelationship between molecular clusters, survival status, and risk groups. (D) Kaplan-Meier 
curves show the recurrence-free survival between two different molecular clusters. (E) Distribution of risk score according to the survival status and time 
in training and validation cohorts. (F) Principal component analysis plot based on the training and validation cohorts. (G) Kaplan-Meier curves show 
recurrence-free survival between two risk groups of training and validation cohorts
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Fig. 4 (See legend on next page.)
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training cohort, and the results showed that the nomo-
gram had high accuracy in predicting 2-, 3-, and 4-year 
survival of skull base chordoma patients (Fig. 4F). More-
over, DCA confirmed that the nomogram model outper-
formed other predictors utilized in the study (Fig. 4G).

To evaluate the performance of the nomogram model, 
we accessed its predictive ability in the validation cohort. 
KM analysis demonstrated that the patients in the high-
point group were more likely to have a shorter RFS and 
higher recurrence rates (Fig. 4H). Although the follow-up 
time in the validation cohort was short, the AUC showed 
that the nomogram had high accuracy in predicting 
1-year recurrence-free survival of skull base chordoma 
patients (Fig. 4I).

The association between BM-related signature and tumor 
immune
A variety of algorithms including TIMER, CIBERSORT, 
CIBERSORT-ABS, QUANTISIEQ, XCELL, EPIC, MCP-
COUNTER, and ESTIMATE were used to compre-
hensively measure the enrichment scores of cells in the 
microenvironment of the skull base chordoma (Supple-
mentary Fig. 4). We analyzed the correlation of the risk 
score with various enrichment scores of immune cells. 
Cells that significantly correlate with risk scores (p < 0.05) 
are shown Fig.  5A. Strikingly, enrichment scores for 
CAF of 3 different algorithms (XCELL, EPIC, and MCP-
COUNTER) were positively correlated with the risk 
score, indicating a close relationship between CAF and 
BM-related genes. In addition, immunosuppressive cells 
such as M2-like macrophages and Treg cells showed a 
significant positive correlation with the risk score, sug-
gesting the presence of immunosuppressive microen-
vironment in the skull base chordoma with a high risk 
score. Using the ESTIMATE algorithm, we found that the 
ESTIMATE score, immune score, and stromal score were 
higher in the high-risk group and positively correlated 
with the risk score (Fig. 5B-D).

We investigated the relationship between immune 
checkpoint molecules, risk score, and the model gene 
expression levels. The results showed that the expres-
sion of TNFSF4, TNFSF18, TNFRSF4, PDCD1LG2, 
HAVCR2, and CTLA4 were all significantly positively 
correlated with risk score (p < 0.05), indicating the pres-
ence of immunosuppressive microenvironment in the 
high-risk group (Fig. 5E). In summary, these findings pro-
vide valuable insights into the intricate interplay between 

BM-related signature, immune cell infiltration, and 
immune checkpoint regulation in skull base chordoma.

Analysis of BM-associated signature with scRNA-seq
To probe the distribution of BM-related signature at a 
single-cell resolution, we scrutinized the scRNA sequenc-
ing data of 6 skull base chordoma patients. After employ-
ing various standard quality control procedures, a total 
of 81,973 cells were included for downstream analysis. 
The major cell types were annotated (Fig. 6A-B) and the 
expression of representative genes for the six cellular sub-
populations was shown (Fig.  6D). Next, we investigated 
contributions of various cell types to bulk BM signature. 
We calculated the BM-associated risk score for each cell 
and found that fibroblasts and partial tumor cells were 
major contributors to the overall risk score (Fig. 6C). To 
investigate the heterogeneity among tumor cells, we fur-
ther conducted a dimensionality reduction analysis of all 
tumor cells. We identified nine tumor cell subclusters 
and only C3 had a significantly lower risk score than the 
other subclusters (Fig.  6E-F). Further analysis revealed 
that down-regulated genes of C3 were enriched in the 
classical oncogenic pathway including the PI3K-Akt sig-
naling pathway, TGF-beta signaling pathway, MAPK sig-
naling pathway, and p53 signaling pathway (Fig. 6G).

The association between BM-related signature and drug 
sensitivity
To explore the potential relationship between the risk 
score and drug sensitivity, we analyzed IC50 values for 
several drugs using the GDSC database. The correlation 
and significance between the IC50 of various drugs and 
the risk score are presented (Fig.  7A). Interestingly, we 
found that the IC50 values of palbociclib, lapatinib, nilo-
tinib, oxaliplatin, sorafenib, and vinblastine were lower 
in the high-risk group (Fig. 7B). These findings suggest a 
potential association between our model genes and drug 
sensitivity, providing valuable insights for personalized 
treatment strategies in skull base chordoma.

ITGB3 promotes the proliferation, migration, and colony 
formation of chordoma cells
Among the five BM-related genes mentioned above, 
ITGB3 was selected for further analysis given that ITGB3 
was the only gene associated with overall survival (OS) of 
chordoma patients (p < 0.05, Supplementary Fig. 5A). Dif-
ferential gene analysis and functional enrichment analysis 

(See figure on previous page.)
Fig. 4  Establishment and assessment of the nomogram survival model. (A) Univariate analysis for the clinicopathologic characteristics and risk score. (B) 
Multivariate analysis for the clinicopathologic characteristics and risk score. (C) A nomogram was established to predict the prognostic of skull base chor-
doma patients. (D) Calibration plots showing the probability of 2-, 3-, and 4-year recurrence-free survival in the training cohort. (E) Kaplan-Meier analyses 
for the two groups based on the nomogram point in the training cohort. (F) Receiver operator characteristic (ROC) analysis of nomogram in the training 
cohort. (G) Decision curve analysis (DCA) of the nomogram predicting recurrence-free survival. (H) Kaplan-Meier analyses for the two groups based on 
the nomogram score in the validation cohort. (I) ROC analysis of nomogram in the training cohort
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Fig. 5  Dissection of tumor microenvironment based on BM-related signature. (A) Bar plot of the relationship between immune cells and risk score based 
on the different algorithms. (B) Boxplots and correlation plots of the relationship between the ESTIMATEScore and risk score. (C) Boxplots and correla-
tion plots of the relationship between the ImmuneScore and risk score. (D) Boxplots and correlation plots of the relationship between the StromalScore 
and risk score. (E) Bubble plot of the relationship between immune checkpoints, risk score, and model genes. *, p-value < 0.05; **,p-value < 0.01; ***, 
p-value < 0.001
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suggested the classical oncogenic PI3K-Akt signaling 
pathways were found to be enriched in the ITGB3 high-
expression group (Fig. 8A-B, Supplementary Fig. 5B-C).

Three siRNAs (siITGB3-1, siITGB3-2, and siITGB3-3) 
were then used to knockdown ITGB3 in two chordoma 
cell lines UM-Chor1 and MUG-Chor1. The qRT-PCR 
and Western blot showed that ITGB3 expression was sig-
nificantly reduced in UM-Chor1 and MUG-Chor1 cells 
after transfection with siITGB3-1 or siITGB3-2, while 
siITGB3-3 has a poor silencing efficiency (Fig.  8C-E). 
Consequently, siITGB3-1 and siITGB3-2 were chosen 
for the subsequent experiments to explore the effect of 
ITGB3 on chordoma cells. CCK-8 and colony forma-
tion assays suggested that knockdown ITGB3 inhibited 
the proliferation and colony forming abilities of UM-
Chor1 and MUG-Chor1 cells (Fig. 8F-I). In addition, the 
silencing of ITGB3 significantly inhibited the migration 
of chordoma cells (Fig. 8J-K). Western blot showed that 

the phospho-Akt level of chordoma cells was reduced 
after the knockdown of ITGB3, suggesting that ITGB3 
may promote chordoma progression through the PI3K-
Akt pathway, which is consistent with the results of the 
functional enrichment analysis above (Fig.  8E). Collec-
tively, our results demonstrate that ITGB3 could promote 
chordoma cell growth and migration via the PI3K-Akt 
pathway.

Discussion
In this study, we utilized LASSO Cox regression analysis 
to identify five BM-related genes and construct a prog-
nostic model for skull base chordoma. The accuracy of 
the model was validated in an independent cohort. Based 
on the median risk score, patients were classified into 
the high-risk group with a poor prognosis and the low-
risk group with a favorable prognosis. Differential gene 
analysis between these groups, followed by functional 

Fig. 6  Analysis of BM-associated signature with scRNA-seq. (A) UMAP plot visualization of all cell types from six skull base chordoma samples. (B) Propor-
tion of cell subtypes in six samples. (C) UMAP plot visualization of the distribution of normalized risk score. (D) Violin plot of representative markers in 
different cell types. (E) UMAP plot visualization of tumor cell subtypes. (F) Violin plot of risk score in different tumor cell subclusters. (G) KEGG analysis of 
down-regulated genes in C3 cluster
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enrichment analysis were conducted to investigate the 
role of BM-related genes in chordoma. A nomogram 
incorporating clinical features and risk score was devel-
oped, and its clinical utility of this model was validated. 
Additionally, the risk score was strongly correlated with 
immune cell infiltration and drug sensitivity. We further 
selected ITGB3 for in vitro validation and found that 

its knockdown significantly inhibited the proliferation, 
migration, and colony formation of chordoma cells.

BM-related genes are widely present in the organ-
ism, and their expression products are involved in the 
composition of the extracellular matrix, which is closely 
related to the occurrence of malignant tumors and recur-
rent metastasis [9]. Currently, no study focused on BM-
related genes in chordoma, this study is a preliminary 

Fig. 7  Drug sensitivity analysis based on BM-related signature. (A) Bubble plot of the relationship between IC50, risk score, and model genes. (B) Boxplots 
of the comparison of IC50 of drugs between high- and low-risk groups, and correlation between the IC50 and risk score. *, p-value < 0.05; **, p-value < 0.01; 
***, p-value < 0.001
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Fig. 8 (See legend on next page.)

 



Page 14 of 16Zhang et al. BMC Cancer          (2025) 25:608 

exploration of BM-related genes in chordoma. We cre-
ated a signature featuring five BM-related genes (ITGB3, 
SMOC1, UNC5B, COL14A1, and COL13A1) and found 
that it could predict RFS of skull base chordoma patients. 
Among five prognostic genes, all have been reported to 
be related to the malignant progression of cancers. Inte-
gral proteins, ubiquitously found on the surface of ver-
tebrate cells, mediate mutual recognition and adhesion 
between cells and cells and between cells and the extra-
cellular matrix [29]. ITGB3, a member of the integrin 
family, has been reported in various tumors including 
hepatocellular carcinoma, nasopharynx cancer, and colon 
cancer, and plays a critical role in tumor cell proliferation, 
migration, invasion, metastasis, and angiogenesis [30–
33]. In this study, we focused on the relationship between 
ITGB3 and the PI3K-Akt signaling pathway. However, 
ITGB3 may also exert oncogenic effects through other 
mechanisms, such as ferroptsis and intercellular commu-
nication [31, 33]. Future studies should investigate these 
additional signaling networks to further elucidate their 
potential contributions to tumor biology and prognosis 
in chordoma. SMOC1 encodes a secreted modular gly-
coprotein and is involved in embryogenesis, endothelial 
cell proliferation, angiogenesis, integrin–matrix inter-
actions, and cell adhesion [34–36]. In the current study, 
SMOC1 was the only one of the five crucial genes whose 
high expression was positively associated with favorable 
prognosis, which is consistent with one previous research 
in gliomas [37]. UNC5B, as a member of UNC5 axon 
guidance gene family, was involved in neuronal growth 
as an NTN-binding receptor and performed a dual role 
in apoptosis [38–40]. Due to its effects on apoptosis and 
cell survival, UNC5B is implicated to be closely related 
to tumorigenesis. UNC5B is aberrantly expressed in a 
variety of cancers, including colorectal, bladder, and 
breast cancer [41–43]. Collagen is widely distributed in 
organisms, and collagen type IV is the most important 
structural component of the basement membrane [44]. 
COL14A1 has been reported to have a high mutation 
prevalence and an unexpectedly high incidence of non-
synonymous mutations in gastric cancer, leading to a 
poor prognosis [45]. In addition, COL14A1 was one of 
the effective biomarkers for predicting peritoneal metas-
tasis of gastric cancer [46]. Moreover, it was reported that 
overexpressed COL13A1 contributes to the proliferation 
and migration of bladder cancer cells [47].

To further investigate the biological mechanisms 
potentially relevant to the prognostic risk assessment of 

BM-related genes, we performed functional enrichment 
analysis of DEGs between these groups. It was found that 
cell adhesion molecules, ECM-receptor interaction, and 
some classical carcinogenic pathways such as the PI3K-
Akt signaling pathway, the Rap1 signaling pathway, and 
the Wnt signaling pathway were significantly enriched 
in the high-risk group, which were associated with 
tumor proliferation, metastasis, and treatment resistance 
[48–51].

Tumor cells can promote their survival and develop-
ment by mediating immune escape and resisting drug 
treatments. The tumor microenvironment is the impor-
tant constituent of the tumor stroma and critically takes 
part in tumor survival and progression [52]. Understand-
ing the cross-talk between cancer cells and tumor micro-
environment will allow for improving therapeutics and 
increasing the likelihood of favorable patient outcomes. 
We evaluated the tumor immune cell infiltration enrich-
ment score by multiple algorithms. The results showed 
that CAFs were significantly and positively associated 
with the risk score. CAFs have been shown to play several 
roles in tumer development. They secrete growth factors, 
inflammatory ligands, and extracellular matrix proteins 
that promote cancer cell proliferation, therapy resistance, 
and immune exclusion [53]. Furthermore, the expression 
of several immune checkpoints was higher in the high-
risk group than in the low-risk group suggesting chor-
doma patients in the high-risk group may benefit more 
from immune checkpoint inhibitor therapy. Moreover, 
we explored the sensitivity of different risk groups to spe-
cific chemotherapeutic agents, and the results revealed 
a lower IC50 values of these chemotherapeutic agents 
in the higher-risk groups. In conjunction with the above 
analysis of immune checkpoints, our data suggested 
chemotherapy combined with immunotherapy may be 
potentially valuable for chordoma patients with high BM 
risk score.

However, our study has several limitations. First, due 
to the rarity of chordoma, the sample size was relatively 
small which may impact the generalizability. To miti-
gate this limitation, we supplemented our findings with 
in vitro cellular experiments. We also discussed poten-
tial strategies for future studies, including the expansion 
of the sample size to validate our results. Specifically, a 
larger cohort and more extensive multi-omics data could 
be involved in future. In addition, due to the limitations 
of the sample size in this study, the clinical application 

(See figure on previous page.)
Fig. 8  ITGB3 knockdown inhibited the proliferation and migration of chordoma cells in vitro. (A) Volcano map showed DEGs between ITGB3 high and low 
expression groups. (B) KEGG analysis of up-regulated genes in ITGB3 high expression group. (C-D) qRT-PCR validation in chordoma cells with or without 
ITGB3 knockdown. (E) The protein expression of ITGB3 and AKT in chordoma cells with or without ITGB3 knockdown. (F-G) CCK8 results of chordoma cells 
with or without ITGB3. (H-I) The migration cells were significantly reduced in chordoma cells with ITGB3 knockdown. (J-K) The number of cell colonies 
significantly decreased in chordoma cells with ITGB3 knockdown. *, p-value < 0.05; **, p-value < 0.01
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of this prognostic model requires a great deal of further 
work before it can be fully realized.

Conclusions
The BM-related genes signature conducted in this study 
is a practical prognostic predictor for postoperative skull 
base chordoma patients. And the hub BM-related gene 
ITGB3 may influence the malignant progression of chor-
doma via the PI3K-AKT signaling pathway.
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