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Radiogenomic method combining DNA 
methylation profiles and magnetic resonance 
imaging radiomics predicts patient prognosis 
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Abstract 

Background  Chordoma is a rare malignant bone tumor exhibiting poor survival and prognosis. Hence, it is crucial 
to develop a convenient and effective prognostic classification method for the rehabilitation and management 
of patients with chordoma. In this study, we combined DNA methylation profiles and magnetic resonance imaging 
(MRI) images to generate a radiogenomic signature to assess its effectiveness for prognosis classification in patients 
with skull base chordoma.

Results  DNA methylation profiles from chordoma tissue samples of 40 patients were factorized into eight DNA 
methylation signatures. Among them, Signature 4 was identified as the prognosis-specific signature. Based on the Sig-
nature 4 loading values, the patients were categorized into low-signature (LLG) and high-signature (HLG) loading 
groups. HLG patients had higher progression-free survival times than LLG patients. Combined analysis with external 
single-cell RNA-seq data revealed higher tumor cell proportions and lower natural killer cell proportions in the HLG 
than in the LLG. Additionally, 2,553 radiomic features were extracted from T1, T2, and enhanced T1 MRI images 
of the patients, and a radiogenomic signature comprising 14 radiomic features was developed. In a validation cohort 
of 122 patients, the radiogenomic signature successfully distinguished between the two groups (P = 0.027). Further-
more, the existence of Signature 4 was confirmed in an additional dataset of 14 patients.

Conclusion  We developed a prognostic radiogenomic signature using a radiogenomic classification method, which 
leverages MRI images to extract features that reflect the DNA methylation signature associated with prognosis, ena-
bling the stratification of patients based on their prognostic risk. This method offers the advantages of being noninva-
sive and convenient.
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Background
Chordoma is a rare malignant bone tumor arising from 
embryonic notochord. It primarily affects the axial 
skeleton, particularly the skull base, sacrococcygeal 
region, and mobile spine [1, 2], and accounts for 1–4% 
of all bone malignancies, with an incidence of about 
0.08/100,000 [3]. Due to its specific location, the tumor 
often causes local bone destruction and compression 
of surrounding structures during its growth, causing 
symptoms such as local pain and nerve invasion [2, 4, 
5]. Despite its slow growth, chordoma exhibits strong 
local aggressiveness and a propensity for distant metas-
tasis [6]. This delayed detection due to advanced stage 
at diagnosis further hinders treatment efficacy. The high 
mortality rate associated with chordoma is concerning, 
with 5-, 10-, and 20-year survival rates dropping dra-
matically to 67.6%, 39.9%, and 13.1%, respectively [3, 
6]. Additionally, over 50% of patients experience recur-
rence despite undergoing surgery and radiotherapy [7].

The high mortality and recurrence rates of chordoma 
highlight the critical need to elucidate its molecular 
mechanisms. Currently, genomic [8–10] and transcrip-
tomic [11–15] studies have identified various genes and 
pathways associated with chordoma, providing valuable 
insights for clinical research and treatment develop-
ment. DNA methylation profiling, an emerging tool for 
cancer diagnosis and classification [16], has also been 
used to distinguish chordoma subtypes [17–19]. How-
ever, obtaining biopsy samples harms patients’ bodies 
and acquiring DNA methylation profiles of tumor sam-
ples is time-consuming, hindering its use for preopera-
tive prediction in routine clinical diagnosis.

Medical imaging is a noninvasive and low-cost 
method for clinical diagnosis that provides extensive 
information without harming the patient. Radiomic 
features extracted from medical images can deter-
mine genomic changes within tumor cells [20]. This 
has paved the way for radiogenomics, a technique that 
combines genomics and radiomics to analyze disease 
diagnosis, stratification, and prognosis at a molecu-
lar level, all in a noninvasive and convenient manner 
[21–25]. Magnetic resonance imaging (MRI) is a widely 
used medical imaging tool for chordoma diagnosis and 
study. This study aimed to establish a link between MRI 
images and DNA methylation profiles to extract epige-
netic information noninvasively from medical images. 
By first identifying a chordoma prognosis-specific 
DNA methylation signature, we can then combine this 
information with patients’ MRI data through radiomic 
analysis to construct a radiogenomic signature. This 
signature has the potential to predict patient progno-
sis noninvasively, facilitating its application in routine 
clinical diagnosis.

Materials and methods
Patient cohort
This study enrolled 176  patients with skull base chor-
doma, who were categorized into three independent 
cohorts (Supplementary Fig. 1). The first cohort (the dis-
covery cohort) comprised 40  patients with preoperative 
MRI images and tumor samples to obtain DNA methyla-
tion profiles. The second cohort (the methylation valida-
tion cohort) comprised 14 patients with MRI images and 
formalin-fixed paraffin-embedded (FFPE) tumor tissues. 
The third cohort (the radiomic validation cohort) com-
prised 122 patients with a full series of MRI images. The 
Ethics Committee of Beijing Tiantan Hospital approved 
this study, and all patients signed written informed con-
sent forms for the study. All patients received telephone 
or clinical follow-up before December 2024.

Methylation profiling of chordoma tissues
We extracted DNA from both fresh-frozen (40  samples 
in discovery cohort) and FFPE tissues (14  samples in 
methylation validation cohort) using the Qiagen DNA 
Mini Kit (Qiagen, Hilden, Germany), following the man-
ufacturer’s protocol. FFPE-derived DNA underwent an 
additional repair process using Infinium FFPE QC and 
DNA Restoration Kits (Illumina, San Diego, CA). For 
bisulfite conversion, 400  ng of DNA from each sam-
ple was processed using the EZ DNA Methylation Kit 
(Zymo research, Irvine, CA). Subsequently, methylation 
levels were detected using either the Infinium Methyla-
tion 450 K (fresh-frozen tissues) or the Methylation EPIC 
BeadChip array (Illumina, San Diego, CA) (FFPE tissues), 
depending on the sample cohort.

The quality of array data was assessed using the 
ChAMP package [26, 27]; CpG sites located on the X or 
Y chromosomes, those overlapping or flanked by single-
nucleotide polymorphisms, and those with detection 
p > 0.0001 were removed. The idat files underwent pro-
cessing via ChAMP, followed by data normalization using 
the champ.norm function. Finally, we calculated the vari-
ance of each CpG site across all samples within the DNA 
methylation profiles of 40 patients. CpG sites exhibiting a 
variance exceeding 0.05 were identified as the most vari-
ably methylated CpG sites for subsequent studies.

DNA methylation signature associated with prognosis
We employed nonnegative matrix factorization (NMF) 
on the most variably methylated CpG sites from our 
40  patient samples using the NMF package [28]. The 
optimal number of factors (methylation signatures) was 
determined based on a cophenetic diagram analysis. This 
process decomposed the CpG sites into distinct meth-
ylation signatures, highlighting the critical CpG sites 
(meta CpG sites) contributing most significantly to each 
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signature. Next, we analyzed each methylation signature 
in relation to patient progression-free survival (PFS) data. 
The surv_cutpoint function within the R package sur-
vminer [29] was used to stratify the 40 samples into the 
high-signature [HLG] and low-signature [LLG] loading 
groups. This approach, which combines PFS data and the 
identified methylation signature loading values, avoids 
the bias associated with manual stratification. Kaplan–
Meier curves were then generated to visualize differences 
in PFS between the HLG and LLG. We defined signa-
tures with a statistically significant association with PFS 
(false discovery rate [FDR] < 0.01) as prognosis-specific. 
Subsequently, the identified prognosis-specific signature 
along with its corresponding two groups were analyzed 
for their functional relevance.

We selected 700 differentially methylated probes 
(DMPs), encompassing the top and bottom 350  sites 
with the highest absolute delta β and p < 0.05, respec-
tively. These DMPs represented the most pronounced 
methylation differences between the HLG and LLG. We 
then identified the genes associated with these DMPs 
and performed a functional enrichment analysis for Gene 
Ontology (GO) terms using the ClusterProfiler R package 
[30] to understand the biological processes potentially 
impacted by differential methylation within each group.

Radiomic feature extraction and radiomic signature 
building
The regions of interest were manually outlined on the T1, 
T2, and contrast-enhanced T1 sequence MRI images in 
the Digital Imaging and Communications in Medicine 
(DICOM) format using ITK-SNAP (version 4.0.0). For 
each patient in the discovery cohort, a total of 2,553 radi-
omic features were extracted from these images using 
the ‘PyRadiomics’ package [31] in Python. There were 
851 features extracted from each sequence, which were 
broadly categorized into 1) first-order statistics features 
(n = 18); 2) shape-based (2D and 3D) features (n = 14); 3) 
textural features derived from texture matrices, includ-
ing gray level co-occurrence matrix, gray level run length 
matrix, gray level size zone matrix, gray level depend-
ence matrix, and neighboring gray tone difference matrix 
(n = 75); and 4) filter-derived features: wavelet (n = 744).

After z-score scaling the radiomic features, Pearson 
correlation coefficients were first calculated to iden-
tify features significantly correlated (p < 0.05) with the 
selected methylation signature in the discovery cohort, 
aiming to select the most relevant features. Then, 
the least absolute shrinkage and selection operator 
(LASSO) regression was applied to further refine the 
selected features and address the issue of multicollin-
earity [32]. To optimize data utilization and determine 
the hyperparameters for LASSO regression, fivefold 

cross-validation was employed [33]. The coefficients of 
LASSO regression for selected features were applied 
to calculate a radiogenomic signature for each patient. 
This signature served as a novel categorical biomarker 
for predicting the DNA methylation signature groups 
and chordoma prognosis. The scikit-learn library facili-
tated our analysis in this section [34].

Validation of DNA methylation signature prevalence 
across diverse datasets and its prognostic correlation
The effectiveness of the radiogenomic signature 
obtained from the discovery cohort was validated using 
two external validation cohorts. Our validation focused 
on two key aspects: (1) assessing the generalizability of 
the selected signature across different datasets and (2) 
confirming that the selected signature was specific to 
prognosis.

For the methylation validation cohort, we evaluated the 
radiogenomic signature’s ability to predict DNA meth-
ylation signatures, confirming its consistency across dif-
ferent datasets. Radiomic features were first extracted 
from patient scans in this cohort and then normalized 
using the mean and standard deviation values of features 
from the discovery cohort. Next, the coefficients derived 
from the discovery cohort were applied to compute the 
radiogenomic signature for each patient in the validation 
cohort. Patients were subsequently stratified into meth-
ylation validation high and low signature loading groups 
(mv-HLG and mv-LLG groups) based on their signa-
ture values. Due to differences between 450 K and EPIC 
methylation microarrays, as well as differences between 
fresh-frozen and FFPE tissues, we employed differ-
ent approaches for CpG site analysis in the cohorts: For 
the discovery cohort, the 350 most variably methylated 
CpG sites from the two groups were selected for analy-
sis, whereas for the validation cohort, all CpG sites were 
included. Gene set enrichment analysis (GSEA) was per-
formed using GSEA software to compare the enrichment 
patterns of all CpG sites between the two groups in the 
validation cohort across the two 350 CpG site lists [35, 
36].

In the radiomic validation cohort, we investigated the 
broader applicability and prognostic value of the sig-
nature. Radiomic features were extracted, normalized, 
and used to calculate radiogenomic signature values for 
122 patients in this cohort. Patients were then stratified 
into two groups based on their signature values. Kaplan–
Meier curves and log-rank tests were employed to com-
pare survival outcomes between the two groups. The aim 
was to determine if the observed trends mirrored those 
seen in the discovery cohort, supporting the prognostic 
relevance of the radiogenomic signature.
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Deconvolution of DNA methylation profiles using external 
scRNA‑seq data
To gain further insights into functional differences 
between the prognosis groups in the discovery cohort 
(i.e., 40  patients) at the single-cell level, we analyzed 
an independent single-cell RNA-sequencing (scRNA-
seq) dataset from six patients with chordoma [37]. We 
employed the Seurat package [38] (version 4.0.6) to per-
form quality control, dimensionality reduction, and clus-
ter analysis on the single-cell transcriptome data. Cell 
types were manually annotated based on specific cell-
type markers and SingleR [39] annotation results. Subse-
quently, we generated a gene list based on the top 1500 
differential methylated CpG sites (p < 0.05) within each 
group. The average expression levels of these genes were 
then computed across various cell types in the scRNA-
seq data using the AddModuleScore function in Seurat. 
Cell–cell communication patterns between various cell 
types were analyzed using the CellChat package [40]. 
Finally, we leveraged scRNA-seq data using the EpiS-
CORE [41] package, which enabled us to deconvolute 
the DNA methylation profiles to estimate their cell-type 
compositions. This analysis enabled us to compare the 
cell-type proportions between the prognosis-specific sig-
nature groups.

Multiplex immunofluorescence histochemistry (mIHC) 
staining and cell proportion calculation
Samples from 12 patients were selected from the discov-
ery cohort, and mIHC staining was performed. These 
samples were previously preserved in paraffin wax. Fol-
lowing the manufacturer’s instructions for the Absin Kit 
(abs50013), we processed the paraffin-embedded sec-
tions through mIHC staining. In brief, the sections were 
first dewaxed with xylene and rehydrated with ethanol, 
followed by antigen retrieval. The designated areas of 
the tissue sections were marked, followed by washing in 
PBST and blocking with H2O2 and serum. The remain-
ing liquid on the slide was removed, the primary anti-
body was added, and sections were incubated at room 
temperature, followed by addition of the HRP second-
ary antibody solution. The slide was washed with TBST 
and the dye working solution was added and incubated. 
After staining all target proteins, the nuclei were stained 
using DAPI. Anti-fluorescence quenching sealing agent 
was applied, and the slide was sealed with a cover glass. 
Finally, the sections were examined under PhenoImager 
(Akoya Biosciences) and processed using Phenochart 
software. DAPI staining identified all cell nuclei, whereas 
FITC, TEXAS-RED, and CY5 identified cells expressing 
CD16, CD56, and CD3 proteins, respectively. The stained 
images were processed using Fiji [42].

Statistical analyses
Statistical analyses and data visualizations were per-
formed using R software (version 4.2.2). Kaplan–Meier 
curves were compared using log-rank tests. Categorical 
variables were analyzed using Fisher’s exact tests, while 
continuous variables were assessed with t tests. The over-
all workflow is illustrated in Supplementary Fig. 1.

Results
Chordoma patient cohort
The discovery cohort comprised 40 patients, of whom 12 
(30%) experienced disease progression during follow-up. 
The median PFS time for patients who progressed was 
48.5  months, whereas that for censored patients (those 
who did not experience progression during the follow-up 
period) was 112.5 months. In the methylation validation 
cohort, five (35.7%) patients experienced progression 
during follow-up, whereas in the radiomic validation 
cohort, 11 (13.1%) patients experienced progression. 
Details on PFS times for all cohorts are presented in 
Table 1. We reviewed patient records and collected vari-
ous clinical factors potentially associated with chordoma, 
including age, gender, extent of tumor resection, type of 
bone and dural invasion, tumor blood supply, and past 
tumor history. The analysis revealed no statistically sig-
nificant differences in these factors between patients who 
experienced progression and those who did not.

Identification of DNA methylation signatures
To understand the DNA methylation signatures in chor-
doma tissues, we analyzed 407,014 CpG sites from 40 
patients using the Illumina Methylation 450 K chip. We 
identified 1,334 CpG sites exhibiting the highest variabil-
ity (variance of β value > 0.05). Next, we employed NMF 
to extract DNA methylation signatures from these vari-
able CpG sites (Fig.  1A). Then, the most variable meth-
ylated sets were factorized into eight DNA methylation 
signatures in the discovery cohort. Notably, the same 
methylation sites were present in varying proportions 
across these different signatures. Each patient sample 
exhibited a unique loading value for all eight signatures 
(Fig. 1B). We then divided the 40 samples into two groups 
for each signature based on their corresponding loading 
value (Supplementary Fig. 2). Samples with higher load-
ing values were assigned to the HLG, whereas those with 
lower loading values were designated as the LLG. Subse-
quently, survival analysis was performed on these groups 
(Fig. 1C–J). Kaplan–Meier plots revealed significant dif-
ferences (p < 0.05) in PFS for groups defined by Signature 
2, 4, 5, and 6. However, after applying FDR correction for 
multiple comparisons, only Signature 4 retained a sta-
tistically significant adjusted p value (Table  2). Patients 
in the HLG for Signature 4 had a better prognosis than 
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those in the LLG. Therefore, Signature 4 was selected as 
the signature of interest for further investigation due to 
its prognostic significance.

To explore functional differences between the two 
prognosis-specific signature groups defined by Signature 
4, we performed an overrepresentation analysis on the 

Fig. 1  Selection of the prognosis-specific signature. A Cophenetic correlation coefficients plot of NMF across the factorization ranks ranging from 2 
to 15. B Loading values of each DNA methylation signature. C–J Progression-free survival stratified by methylation groups in the discovery cohort. 
Kaplan–Meier curves showing progression-free survival in patients. The two curves are compared using the log-rank test
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700 CpG sites (p < 0.05, delta β > 0.18 in HLG and < − 0.24 
in LLG) exhibiting the greatest methylation variation 
within this signature (Fig. 2A, B). Genes associated with 
activation of adaptive immune cells were found to be 
hypermethylated in the HLG (p < 0.012), suggesting a 
potential link between adaptive immunity and prognosis. 
Conversely, genes related to cell growth, development, 
and negative regulation of the TGF-β pathway were 
hypermethylated in the LLG (p < 0.036), implying a pos-
sible role for the TGF-β pathway in chordoma prognosis.

Radiogenomic signature construction
We next investigated the potential of radiomic features to 
predict the values corresponding to Signature 4. Within 
the discovery cohort, we identified 14 radiomic features 
exhibiting the strongest correlation with Signature 4 
from a pool of 2,553 features (details in Supplementary 
Table  1). These features were then used to construct a 
radiogenomic signature score. A score threshold of 0.24 
was established to differentiate between the HLG and 
LLG within the discovery cohort. Patients with scores 
below this threshold were classified into the LLG, while 
those with scores above the threshold were classified into 
the HLG. The radiogenomic signature score emerged as 
a significant predictor of prognosis, with patients in the 
two groups exhibiting statistically different survival out-
comes (P = 0.0014), as shown in Fig. 2C.

Validation of the generalizability of DNA methylation 
signature 4 across different datasets
To assess the generalizability of Signature 4 across dif-
ferent datasets, we employed a methylation validation 
cohort consisting of 14 patients with FFPE tissue ana-
lyzed using the Illumina EPIC methylation array. Using 
the radiogenomic signature scores, we classified 11 
patients into the mv-HLG and three into the mv-LLG. 
Two out of three patients from the mv-LLG group and 
three out of 11 patients from mv-HLG group showed 

progression during follow-up. GSEA results (Fig.  2D, 
E) revealed that CpG sites in the mv-LLG were 
enriched within the list of top 350 hypermethylated 
CpG sites identified in the LLG of the discovery cohort 
(p < 0.01). This finding suggests consistent methylation 
signatures across these different datasets. Although 
the mv-HLG did not show significant enrichment in 
in the top 350 hypermethylated CpG sites of the HLG 
from the discovery cohort, the normalized enrichment 
score (NES) of the mv-LLG set (− 1.88) was lower than 
that of the mv-HLG set (− 1.42), indicating a stronger 
concordance between the mv-LLG set and LLG. The 
overall enrichment of CpG sites suggests that the 
radiogenomic signature derived from the discovery 
cohort can effectively capture underlying methylation 
signatures in other cohorts.

Validation of the correlation between DNA methylation 
signature and prognosis and prediction performance 
of radiogenomic signature
In the radiomic validation cohort of 122  patients, we 
examined the correlation between the selected DNA 
methylation signature (Signature 4) and patient progno-
sis. We assessed the performance of the radiogenomic 
signature as a categorical variable for predicting prog-
nosis. Patients were stratified into two groups based on 
their radiogenomic signature scores, with 91 in HLG and 
31 in LLG, respectively. The Kaplan–Meier plot (Fig. 2F) 
revealed a significant difference in survival between 
the groups (P = 0.027), supporting the potential of the 
radiogenomic signature as a tool for predicting patient 
prognosis.

Functional relevance of radiogenomic features 
at the single‑cell level
To gain a deeper understanding of Signature 4 and its 
potential biological underpinnings, we integrated a pre-
viously published scRNA-seq dataset of chordoma with 
our DNA methylation data. This integration allowed 
us to investigate the functional relevance of the identi-
fied radiogenomic features at the single-cell level. The 
scRNA-seq dataset, obtained from another study [31], 
comprised a total of 32,962 cells, which were first cate-
gorized into distinct clusters using established clustering 
methods (not described here, as it is a separate techni-
cal detail) and then the tumor cells were distinguished 
from non-tumor cell types by employing a chordoma-
specific marker gene, TBXT [43], (Fig.  3A). The non-
tumor cell population was further subclustered into 
specific cell types, including T cells (identified by mark-
ers CD3D, CD8A, and CD4), B cells (identified by CD79A 
and MS4A1), NK cells (identified by GNLY and NKG7), 

Table 2  P values and adjusted p values of log-rank tests for 
survival curves of the two groups

DNA methylation 
signature

p value adjusted p value

Signature 1 0.15 0.2

Signature 2 0.025 0.072

Signature 3 0.31 0.31

Signature 4 0.0036 0.0288

Signature 5 0.036 0.072

Signature 6 0.034 0.072

Signature 7 0.07 0.112

Signature 8 0.2 0.2286
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Fig. 2  Characterization of the DNA methylation Signature 4 and prognosis prediction results using the radiogenomic signature. A, B Biological 
process functions of genes corresponding to the first 350 most variably methylated sites in both the high- and low-Signature 4 loading groups. C 
Progression-free survival stratified by methylation groups according to the radiogenomic signatures. D, E Results of GSEA revealing consistency 
in the CpG sites of the hypomethylated groups between the discovery and validation cohorts. F Kaplan–Meier plot illustrating the predictive 
capacity of the radiomic signature for prognostic risk in 122 patients in the validation cohort
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myeloid cells (identified by CD163 and AIF1), fibroblasts 
(identified by COL3A1), endothelial cells (identified by 
PECAM1), and astrocytes (Fig. 3B).

We then examined the expression levels of genes asso-
ciated with differentially methylated CpG sites within 
the Signature 4 HLG and LLG across these various cell 

Fig. 3  Integrated analysis of the DNA methylation profile and single-cell transcription profile. A UMAP visualization reveals the distribution of tumor 
cells and adjacent tissues. B UMAP visualization of the eight cell types. C, D Expression of genes corresponding to 1500 methylation sites in the LLG 
and HLG in single-cell data. E Proportions of different cell types in 40 samples obtained using single-cell transcriptional profiles deconvolution 
DNA methylation profiles. F Intercellular signaling pathways across various cell types. G Ligand–receptor interaction between NK and other cells. H 
Typical mIHC staining of NK cells. I NK cell proportion derived from DNA methylation profiles and mIHC images of 12 samples
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types. Figure 3C and D depicts the expression patterns of 
genes derived from the top 1500 differentially methylated 
CpG sites within each group across different cell types in 
the scRNA-seq dataset. Interestingly, genes with higher 
expression in the HLG (likely due to hypomethylation 
in the HLG) demonstrated elevated expression levels in 
tumor cells, whereas those with higher expression in the 
LLG (likely due to hypomethylation in the LLG) showed 
increased expression in endothelial and myeloid cells.

Difference in cell proportions between the HLG and LLG
To gain further insight into the biological processes 
underlying Signature 4, we employed a computational 
technique called deconvolution, which integrates scRNA-
seq data with our DNA methylation data to estimate the 
proportions of different cell types within a tissue sample. 
Using deconvoluted analysis, we compared the cellular 
composition of patients categorized by Signature 4 high 
and low loading values (Fig. 3E). The most significant dif-
ferences were observed in the proportions of NK cells 
and fibroblasts. Patients in the HLG exhibited a lower 
inferred proportion of NK cells, but a significantly higher 
inferred proportion of fibroblasts, than those in the LLG. 
These findings suggest a potential link between the pro-
portion of NK cells and fibroblasts and patient prognosis. 
Further analysis of intercellular communication path-
ways revealed interactions between NK cells and other 
cell types. NK cells were predicted to interact with tumor 
cells through the LIGHT (TNFSF14) pathway and with 
fibroblasts through the TGF-β pathway (Fig.  3F). Spe-
cifically, NK cells appeared to engage in communication 
via the LIGHT signaling pathway, a member of the TNF-
related pathways (Fig. 3G).

To validate the deconvolution results, we employed 
mIHC to quantify the actual proportion of NK cells 
in tissue samples from a subset of patients (Fig.  3H). 
Regions with the highest fluorescence intensity were used 
to quantify NK cell density. We used the median inferred 
proportion of NK cells from the DNA methylation pro-
files as a threshold to categorize samples into high and 
low NK cell proportion groups. Among the 12  samples 
analyzed by mIHC, those categorized as having a high 
NK cell proportion displayed a higher density of NK 
cells compared with the low NK cell proportion group 
(Fig. 3I). These findings support the consistency between 
the inferred NK cell proportion obtained through DNA 
methylation profiling and the actual cellular composition 
in tissue samples.

In summary, by integrating DNA methylation data with 
scRNA-seq data, our study suggests a potential associa-
tion between NK cells and tumor development in chor-
doma. We observed significant differences in the inferred 
proportions of NK cells and fibroblasts between patients 

categorized by distinct methylation signatures. Further-
more, NK cells were predicted to interact with tumor 
cells through a pathway potentially linked to tumor sup-
pression. These findings warrant further investigation 
into the role of NK cells and their interactions with other 
cell types in the context of chordoma.

Discussion
MRI radiomics has been widely used in clinical diagnos-
tics and proven to be an effective approach for predict-
ing the prognosis of various cancers [44–46]. However, 
the lack of a clear connection between radiomic features 
and molecular alterations limits the actionable poten-
tial of such predictions. By integrating radiomic features 
with genomic features, the radiogenomic approach offers 
a promising solution, combining noninvasive predic-
tive power of radiomics with the interventional potential 
offered by genomics. In this study, utilizing a radiog-
enomic strategy, we identified prognosis-specific DNA 
methylation-associated MRI radiomic features (i.e., 
radiogenomic signature) in skull base chordoma. The 
identified radiogenomic signature was not only indica-
tive of differences in PFS among patients but also closely 
tied to underlying molecular alterations, potentially 
linked to the activation of TGFB signaling and NK cell 
proportions.

Our findings indicate the viability of employing radiog-
enomic analysis outcomes as clinical markers for guiding 
chordoma treatment. Our radiogenomic signature effec-
tively predicted the specific methylation signatures based 
solely on MRI image information. Importantly, patients 
categorized by the radiogenomic signature exhibited 
significant differences in PFS, highlighting its potential 
clinical utility. Our analysis of DNA methylation profiles 
using NMF revealed eight distinct methylation signa-
tures, each representing a unique methylation pattern. 
Notably, Signature 4 demonstrated a strong association 
with patient prognosis, suggesting that specific differen-
tially methylated sites within this signature may influence 
disease course. These findings provide valuable insights 
for the development of novel treatment strategies. Fur-
thermore, Signature 4 served as a reliable predictor of 
PFS, which demonstrates the ability of radiogenomics to 
capture both molecular (DNA methylation) and clinical 
prognostic features using MRI images. By establishing a 
link between MRI features and DNA methylation signa-
tures, our study offers a noninvasive approach to assess 
prognosis in patients with chordoma. This has signifi-
cant implications for patient management and treatment 
decisions. However, since obtaining tissue biopsies for 
DNA methylation analysis is an invasive procedure, we 
integrated Signature 4 with MRI data to facilitate ear-
lier diagnosis and improve clinical utility. This approach 
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offers a noninvasive method for detecting and potentially 
guiding treatment decisions in patients with chordoma.

Radiomic analysis has emerged as a promising tool 
for improving the effectiveness of image-guided diag-
nosis and treatment across various cancers. In chor-
doma research, radiomics has been successfully applied 
in several areas, including differentiating chordoma 
from other tumor types [47–49], identifying prognostic 
markers [50], and assessing prognostic factors for radio-
therapy [51]. Our study builds on these advancements 
by constructing a predictive radiogenomic signature for 
DNA methylation Signature 4 using radiomic features. 
This signature allowed us to classify patients based on 
predicted DNA methylation signature loading values, 
thereby enabling prognostic risk stratification. In the dis-
covery cohort, the prognostic outcomes of patients clas-
sified by the radiogenomic signature were consistent with 
the original Signature 4 values, indicating that patients in 
the predicted HLG exhibited better PFS than those in the 
predicted LLG.

To comprehensively evaluate the generalizability and 
clinical value of the radiogenomic signature, we recruited 
an additional 136  patients. Among them, 122  patients 
had only preoperative MRI images, and their corre-
sponding tissues were unavailable, while the remaining 
14  patients had both preoperative MRI images and tis-
sues, but their tissue samples were preserved in FFPE, 
which may cause changes to DNA methylation. There-
fore, these samples were categorized into two validation 
cohorts to test the performance of the radiogenomic sig-
nature. We first hypothesized that DNA methylation sig-
natures are prevalent across patients with chordoma and 
can be reflected through radiomic features. For the DNA 
methylation validation cohort, to overcome potential 
noise from FFPE samples, we employed GSEA to investi-
gate if CpG sites categorized by the radiogenomic signa-
ture showed significant enrichment within the HLG and 
LLG groups of the discovery cohort. The limited sample 
size of the methylation validation cohort, coupled with 
potential patient heterogeneity, could significantly impact 
survival analysis. In our study, the mv-HLG, character-
ized by radiogenomics signature, comprised 11 patients, 
whereas the mv-LLG included only three patients. The 
limited sample size in this cohort would significantly 
influence the outcome of survival analysis, magnifying 
the impact of patient distribution disparity. Therefore, in 
these samples, we did not assess the prognosis of patients 
after classification using the radiogenomic signature. In 
the radiogenomic validation cohort comprising 122 sam-
ples, we only examined whether the predicted radiog-
enomic features could effectively differentiate patients 
with distinct outcomes, due to the unavailability of the 
corresponding DNA methylation profiles.

We compared differentially methylated sites between 
the HLG and LLG, which revealed distinct gene func-
tions associated with hypermethylation in each group. 
In the LLG, negative regulatory genes within the TGF-β 
pathway were hypermethylated, suggesting a potential 
inhibition of the pathway’s negative regulatory mecha-
nisms, potentially linked to poorer patient prognosis. The 
TGF-β signaling pathway plays a paradoxical role in can-
cer progression, functioning as a tumor suppressor in the 
early stages while transitioning to a tumor promoter in 
advanced stages. Moreover, the expression level of TGF-
β1, a member of the TGF-β family, serves as a prognostic 
factor for skull base chordoma progression. Patients with 
high TGF-β1 expression are more prone to tumor recur-
rence [52]. Similarly, overexpression of BMP4 and Smad, 
both members of the TGF-β family, has been linked to 
chordoma development [53]. Therefore, the lack of a neg-
atively regulated TGF-β pathway in the LLG could poten-
tially contribute to a poorer tumor prognosis.

We integrated published scRNA-seq to analyze cell 
composition within our methylation profiles. Our analy-
sis identified seven cell types, with a significant difference 
in the proportion of NK cells between the HLG and LLG. 
Their frequency, infiltration, and functionality influence 
patient survival [54]. Higher levels of tumor-infiltrating 
NK cells are associated with a favorable prognosis. How-
ever, as tumors progress, they can induce an immuno-
suppressive microenvironment that hinders NK cell 
proliferation and function [55]. Interestingly, the HLG 
had fewer NK cells than the LLG, despite the better prog-
nosis associated with the HLG. This discrepancy may be 
attributed to the higher tumor cell content in the HLG. As 
shown in Fig. 3E, the HLG had more tumor cells than the 
LLG. This higher tumor burden may have led to NK cell 
depletion during our study. The presence of tumor cells 
could also impact the metabolism and activation of NK 
cells, ultimately reducing their numbers. Furthermore, 
genes associated with the negative regulatory pathway of 
TGF-β were suppressed in the LLG, potentially leading to 
elevated TGF-β levels. TGF-β within the tumor microen-
vironment can impair NK cell function [50] and may cor-
relate with a poorer prognosis in the LLG. Our analysis 
of cell-to-cell communication using scRNA-seq revealed 
an interaction between NK and tumor cells through the 
LIGHT (TNFSF14) signaling pathway. LIGHT/TNFSF14 
proteins, belonging to the TNF family, can activate the 
NF-κB signaling pathway [56], which drives inflamma-
tory responses in cancers and exhibits a pro-tumorigenic 
function [57]. We observed ligand–receptor interac-
tions involving the LIGHT protein and its two receptors, 
TNFRSF14 and LTβR, both of which are associated with 
anti-tumor responses. LIGHT-TNFRSF14 signaling is 
responsible for the immune-stimulating properties of 
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LIGHT. LIGHT produced by tumor-sensing NK cells 
is a critical component in the NK-DC crosstalk, which 
plays a role in priming anti-tumor responses [58]. LTβR 
serves dual roles, both inhibiting and promoting tumor 
growth. Tumor cells expressing LTβR can be eliminated 
by LIGHT-expressing cells or induce the production of 
chemokines to recruit immune cells expressing LIGHT 
[59]. Thus, our findings indicate that in patients with 
chordoma, the proportion of NK cells influences patient 
prognosis. In the tumor microenvironment, NK cells 
interact with tumor cells through the LIGHT signaling 
pathway. However, the underlying mechanisms behind 
these interactions require further investigation.

We assessed the presence of differences in the propor-
tion of NK cells in patient tissue samples using mIHC. 
The samples were divided into two groups based on the 
inferred proportion of NK cells from their DNA meth-
ylation profiles. One group had an inferred NK cell pro-
portion greater than the median of 40 samples, and the 
other had a proportion less than the median. Samples 
with a higher inferred proportion of NK cells also exhib-
ited a larger proportion of NK cells in the actual mIHC 
images, demonstrating a positive correlation between the 
inferred and actual measured proportions of NK cells. 
However, the ranking of samples based on the predicted 
NK cell proportions did not consistently align with that 
based on the actual NK cell proportions. This discrep-
ancy may be due to variations in cell distribution within 
different sections of the same sample. Additionally, the 
small sample size of the study indicates that individual 
variations have a more pronounced impact. Overall, dif-
ferences in the inferred proportions of NK cells from the 
patients’ DNA methylation profiles are reflected in the 
actual conditions.

In summary, we presented a noninvasive radiogenomic 
approach to predict DNA methylation signatures and 
prognostic traits of patients with chordoma. Using this 
approach, we developed a radiogenomic signature. This 
approach has the potential to uncover novel biomark-
ers that could improve routine patient management. 
However, some limitations require further investigation. 
First, the sample size was limited by the low incidence 
of chordoma, potentially hindering the generalizability 
of our findings. Second, the lack of tissue samples from 
early-stage patients prevented the analysis of DNA meth-
ylation in this crucial stage, thus impeding the validation 
of our results. Third, the limited sample size currently 
restricts our ability to accurately predict PFS directly. 
Furthermore, the functional role of NK cells in chordoma 
remains unexplored due to the absence of experimental 
investigations. Future studies will address these limita-
tions by expanding the sample size and strengthening 
the verification of analysis results. Additionally, we aim 

to develop methods for directly predicting patient PFS 
based on the outcomes of radiogenomic analysis.

Conclusion
This study identified a prognostic DNA methylation 
signature in skull base chordoma patients. We further 
established an MRI-based radiogenomic signature for 
noninvasive assessment of this methylation signature and 
prognostic classification. The proportion of NK cells cor-
related with the DNA methylation signature, potentially 
influencing patient outcomes. Additionally, the detec-
tion of interactions within the LIGHT signaling pathway 
between NK cells and tumor cells suggests a promising 
therapeutic target. This method effectively predicted the 
DNA methylation signature and prognostic risk associ-
ated with chordoma. By enhancing our understanding of 
the molecular landscape of chordoma, this study offers a 
valuable tool for clinicians to guide treatment decisions 
and evaluate prognoses for patients with this disease.
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