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Gliomas typically have unfavorable prognosis, due to late detection and interventions. However, effective bio-
markers for early glioma diagnosis based on 5-hydroxymethylcytosines (5 hm C) in circulating cell-free DNA
(cfDNA) are not currently available. 5 hm C profiles in GSE132118 set were subjected for establishment of
diagnostic model using the LASSO (least absolute shrinkage and selection operator) algorithm. The 5 hm C-based
models demonstrated great potency in differentiating healthy subjects from gliomas, with area under the curves

(AUGCs) > 0.91 in the training and validation sets. Moreover, the indicator performed well in combination with
clinicopathological characteristics to differentiate glioblastomas (GBMs) from lower grade glioma (LGGs).
Enrichment analysis on 5 hm C profiles displayed great correlation with glioma pathophysiology. The 5 hm C-
derived biomarker might act as an effective and non-invasive measure in glioma screening.

1. Introduction

Gliomas, a common primary intracranial tumor, which are diagnosed
over 260,000 patients worldwide annually, have a poor prognosis and
lack effective treatments [1]. Despite extensive research over the past
several decades, the 5-year overall survival (OS) rates for glioblastoma
(GBM) patients only remain about 5%, and about 25% for World Health
Organization (WHO) III glioma [2], because of the remarkable glioma
heterogeneity, immunosuppression microenvironment and high levels of
anaplasia and aggressiveness [3, 4]. It is evident that the clinical benefit of
screening program for early detection of glioma. Better methods for early
detection and identification of tumor recurrence are in urgent need to
develop of novel treatment strategies and thus improve clinical outcomes.

Traditionally, the imaging examinations make it possible to detect
and diagnose a great variety of brain disorders, as well as to predict
response to chemotherapy and the patient survival [5]. Meanwhile,
recent research demonstrates targeted calculation of microvascular
characteristics and oxygen tension of tissues based on physiological
magnetic resonance imaging (MRI) as an early biomarker of angiogenesis
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activity, providing valuable guidance for diagnosis of recurrent WHO III
glioma [6]. However, there is a phenomenon, called pseudoprogression,
occurs in 10-30% of patients with GBM of brain MRI scans within the
first 3 months after clinical treatments. As a contrast-enhancing lesions,
pseudoprogression may be induced by tumor progression, but may also
be produced by post-radiotherapy changes, that may spontaneously
regent, which may put sand to the wheels of its clinical application for the
misleading potentiality [7].

Liquid biopsy, which is less invasive, safer, and quicker to obtain than
tissue biopsy, has been applied to figure out isocitrate dehydrogenase
(IDH) mutation status and other circulating signatures, for example,
microRNAs in blood, cerebrospinal fluid (CSF) of gliomas [8, 9, 10]. In
spite of the promising results, there are still severe limitations for the
clinical application of the established biomarkers to detect and diagnose
glioma owing to the insufficient sensitivity and specificity [7, 11, 12]. Due
to these challenges, there is a great need to develop technologies to
augment standard of diagnostic and monitoring approaches to optimally
manage glioma patients. Circulating cell-free DNA (cfDNA) is defined as a
short fragments DNA (150-200 bp), which could be derived through
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apoptosis, necrosis, and active secretion of normal and cancer cells and
released into the peripheral plasma, or CSF [13]. Physiologically, the
plasma concentration of cfDNA usually keep in a low level (10 ng/ml) [14].
Under the pathological circumstances, the significantly upregulated levels
of cfDNA could be detected, including cancer, trauma, stroke, and etc. [15].
Notably, the cfDNA concentration in patients with malignancies is about 50
times that of normal individuals, laying a solid foundation for research on
cfDNA-associated biomarker. 5-hydroxymethylcytosine (5 hm C) signature
is defined as the oxidation product of 5-methylcytosine (5 mC) by the
ten-eleven translocation enzymes, which has been recognized as a signif-
icant marker of several malignancies and occurs as early changes during
tumorigenesis [16]. And with the advances and development of sequencing
technologies, the application of cell-free methylated DNA immunoprecip-
itation and high-throughput bisulfite-free sequencing (cfMeDIP-seq) make
it possible to carry out the analysis of more tissue-specific and
cancer-specific epigenetic alterations of 5 hm C profiles in cfDNA [17].

As a noninvasive screening approach, recent research demonstrated
an epigenetics-based test on 5 hm C profiles, which could significantly
overcome tumor heterogeneity, could in all possibility provide an accu-
rate and reliable approach for the cancer early detection and even eval-
uation of clinical treatment response and prognosis. Hu etal. reported a
diagnostic model including 37 5 hm C features, which demonstrate high
potentiality to differentiate lung cancer subjects from normal individuals,
with area under curves (AUCs) of 0.90 and 0.84 in the two included sets
[18]. Zhou etal. established a 5 hm C-LncRNA diagnostic score able to
accurately separate human pan-cancers from healthy controls with AUCs
of 0.96 and 0.91 in the training and internal validation cohorts, respec-
tively [19]. In glioma, recent research has demonstrated that the 5 hm C
signatures of gliomas have higher clinical sensitivity than the traditional
molecular marker such as IDH, in precisive diagnosis of gliomas (AUC =
0.84), GBM patients (AUC = 0.84), WHO II-III glioma patients (AUC =
0.86), pioneering in detecting glioma using 5 hm C profiles [20]. How-
ever, given the inherent heterogeneity of glioma, the 5 hm C signatures
with great sensitivity and accuracy remains to be explored.

In this study, a comprehensive diagnostic model was developed based
on the 5 hm C profiles in ¢fDNA to distinguish gliomas from the normal
subjects. Moreover, we explored the diagnostic correlation of the 5 hm C
biomarkers with IDH mutation status. Our findings may act as the solid
foundation for further research on a strong and potent liquid biopsy-
based approach to detect and screen gliomas.

2. Materials and methods
2.1. Study participants

222 samples, including age-, sex-matched 111 primary gliomas and
111 non-tumor tissues, were obtained from GEO database (GSE132118).
No sample received radiotherapy before biopsy. Lower-grade gliomas
(LGGs) were referred to as WHO II and III gliomas. Among the gliomas,
there were 47 subjects diagnosed as LGGs, and 64 samples were diagnosed
as glioblastomas (GBMs). Then, we randomly divided the glioma patients
and normal controls into independent training, testing cohorts, with a
proportion of 7:3, into a training set (LGGs, n = 33; GBMs, n = 51; non-
tumors (NTs), n = 71), and a testing one (LGGs, n = 14; GBMs, n = 13;
NTs, n = 36). Meanwhile, for validation of the results, we used all the 222
individuals in the GSE132118 cohort (LGGs, n = 47; GBMs, n = 64; NTs, n
= 111) as a set to examine the reproductivity of the diagnostic model.
Notably, no remarkable differences were obtained in the light of sex, age,
and IDH status among the three included sets (Table S1). Three RNA-seq 5
hm C datasets of solid tumors were also acquired from the GEO database
and designed to test the predictive performance in other malignant dis-
eases and the specificity of diagnostic model constructed in the present
research. In detail, GSE112679 set, included 1402 non-tumor subjects and
1023 hepatocellular carcinoma (HCC) [21]; GSE89570 set contained 604
samples, including 166 colon cancer, 25 liver cancer, 34 pancreatic can-
cer, 165 gastric carcinoma, 46 thyroid cancer and 167 normal controls
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[22]. And for GSE152137 set, there were 338 samples, consisting of 243
healthy individuals and 95 patients with pancreatic cancer [23]. Recent
research proposed that genes with differential 5 hm C are more likely to be
brain-specific, between gliomas and the normal and have relatively higher
5 hm C modification relative to other tissues. Then, the 5 hm C data from
19 types normal tissues were retrieved for the GSE144530 set for testing
the tissue specificity of the 5 hm C-Seal data from cfDNA. The workflow of
the present research was displayed in Figure S1.

2.2. Development and specificity assessment of GDScore

The 5 hm C raw count data in the above four sets: GSE112679,
GSE89570, GSE152137 and GSE132118 were handled based on R package
GDCRNATools, for performance of TMM normalization and Voom trans-
formation [24]. For establishment of diagnostic score for glioma, we first
detected the differentially 5 hm C modified regions (DhMPs) with the
cutoffs of false discovery rate (FDR) < 0.01 and |log2FC| > 0.5, using the
Wilcoxon rank-sum test in GSE132118 set. Then, a separate 5 hm C-based
diagnostic model to distinguish glioma from non-glioma subjects was
constructed on based on two-step procedures-least absolute shrinkage and
selection operator (LASSO) and logistic regression analysis. LASSO
regression was carried out to achieve the selection of differentially
modified 5 hm C signatures using R package glmnet. Then, 5 hm C markers
cross-validated in all iterations was selected for multivariable logistic
regression analysis. And the 5 hm C signatures with statistical significance
(P < 0.05) were retained for diagnostic model. The calculation of the
diagnostic score was performed based on the following formula: glioma
diagnostic score (GDScore) = Y] (Genei) x (fi), where fi is the coefficient
from the final multivariable logistic regression for the specific marker, and
Genei is the 5 hm C values of the signatures. The predicting accuracy for
GDScore was calculated by AUC with 95% CIL Spearman test and Wilcoxon
rank-sum test was conducted to evaluate the correlation of the diagnostic
score and the demographic characteristics, such as age, sex, IDH mutation
status of gliomas.

2.3. Functional relevance of differentiating 5 hm C genes

To gain in-depth understanding into the possible mechanisms under-
lying the 5 hm C modification patterns in the glioma-associated genomic
features, we conducted the enrichment analysis of the differentially
modified 5 hm C candidates between glioma and non-tumor samples
using the DAVID website (version 6.8) for analysis of the Kyoto Ency-
clopedia of Genes and Genomes (KEGG) pathways and Gene Ontology
(GO). GO biological processes and KEGG pathways with adjusted p values
< 0.05 were retained and subjected to further interpretation.

2.4. Statistical analysis

Continuous variables are presented as mean + SD and the categorical
variables were analyzed on the root of x? test. When comparing variables
between two groups, statistical significance was calculated by Wilcoxon
rank-sum test, and when over two subgroups, the statistical differences
were tested based on Kruskal-Wallis test. R package ROCR was utilized to
draw receiver operating characteristic (ROC) curve and calculate the area
under the curve (AUC) with 95% CI to examine the diagnostic perfor-
mance of the established model. All heatmaps were achieved by the R
package pheatmap. All statistical analyses were carried out on R project
(v4.0.1). All tests were two-sided and P < 0.05 was considered significant.

3. Results
3.1. Demographics and clinical characteristics of the participants

The mean age of the 111 healthy controls was 47.26 + 12.90 year and
in the diagnosed 111 gliomas, the mean age of was 47.17 + 12.60 year.
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Meanwhile, in the both groups, the ratio of male and female patients was
0.67:0.33. For the all gliomas, there were 64 GBM samples included in
our research, among which, 58 GBMs were IDH wildtype and 6 GBMs
IDH mutated. In the LGG group, there were 47 samples included, among
which, 12 LGGs were IDH wildtype, and 35 ones were IDH mutant
(Table S2).

3.2. Differential expression of 5 hm C features in glioma

In Comparison with the non-tumor subjects, glioma samples
demonstrated higher 5 hm C levels (P < 0.001; Figure S2A). Differential
analyses identified 100 expression-dysregulated genes with the cutoffs of
FDR < 0.01 and |log2 (fold change [FC])| > 0.5. And all the 100 potential
markers were upregulated in the glioma samples, compared with non-
tumor samples (Table S3). Meanwhile, the heatmap further demon-
strated that the differential 5 hm C genes were more possibly to be brain-
derived in 5 hm C levels across different normal samples, providing ev-
idence for their glioma correlation (Figure S2B). Figure 1A demonstrated
the differentially 5 hm C-modified features alone could separate gliomas
into 2 major clusters using hierarchical clustering analysis. Enrichment
analysis of 100 differential 5 hm C modified gene bodies revealed the
dysregulated genes were implicated in tumorigenesis and progression of
glioma such as the collagen catabolic process, metalloendopeptidase
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activity and cell adhesion, all of which had been identified to be asso-
ciated with glioma pathogenesis or malignancy (Figure 1B, Table S4).

3.3. Integrative diagnostic models for gliomas

Principal components analysis (PCA) indicated obvious distribution
differences between gliomas and non-tumor samples could be obtained
based on the 100 differentially 5 hm C-modified genes (Figure 1C). For
dimensionality reduction, we conducted least absolute shrinkage and
selection operator (LASSO) regression analysis. First, total 222 samples
were randomly divided into two sets: a training set of 155 samples (gli-
omas, n = 84; controls, n = 71) and a testing set of 67 samples (gliomas, n
= 27; controls, n = 40), with balanced distributions of age and sex be-
tween the two sets, and all the 222 samples were applied as a validation
set to confirm the performance of our findings. Then, following feature
selection in the training set, six signature genes, including ADGRL4
(Adhesion G Protein-Coupled Receptor L4), CASC10 (Cancer Suscepti-
bility Candidate 10), SGCD (Sarcoglycan Delta), SPAM1 (Sperm Adhe-
sion Molecule 1), SULF1 (Sulfatase 1), ZNF729 (Zinc Finger Protein 729)
were selected from the training set (Figure 1D and Table 1). Figure 1E
revealed all the six 5 hm C signatures revealed evaluated modifications
between gliomas and normal controls. The GDScore was obtained on the
basis of the 6 genes. As shown in Figure 2A, 2D and 2G, there were
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Figure 1. Enrichment analysis and feature selection. Heatmap of differentially modified 5-hydroxymethylcytosine (5 hm C) gene bodies between gliomas and non-
tumor samples (A). Scatterplot of enrichment analysis using DAVID database, the count in x-axis represented the genes involved in correspond terms (B). Principal
component analysis (PCA) on differentially modified 5-hydroxymethylcytosine (5 hm C) gene bodies and demonstrated the first two principal components (PCA1 and

PCA2) (C). LASSO regression analysis for dimensionality reduction (D). The six gene bodies were all upregulated in glioma in 5 hm C-Seal data (E). *p < 0.05; **p <
p < 0.0001. Abbreviations: LGG, lower grade glioma; GBM, glioblastoma; LASSO, least absolute shrinkage and selection operator.
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Table 1. Candidate features selected by LASSO-logistic regression.

Symbol log2foldchange FDR Chr Start End

ADGRL4 0.71 1.33E-26 1 79355449 79472403
SGCD 0.52 8.41E-13 5 1.55E+08 1.56E+08
CASC10 0.51 3.01E-11 10 21781587 21786191
SPAM1 0.50 5.4E-12 7 1.24E+08 1.24E+08
SULF1 0.55 3.47E-25 8 70378859 70573150
ZNF729 0.82 9.48E-17 19 22469210 22499978

Abbreviations: FDR, false discovery rate; Chr, chromosome.

obvious differences of the candidates between glioma and non-tumors.
And an increase of GDScore was observed among normal, LGG and
GBM samples (Figure 2B, 2E and 2H). Meanwhile, the GDScore demon-
strated the great potentiality to tell apart normal people and gliomas
(training cohort: AUC = 0.938, 95% CI: 0.904-0.972; testing cohort: AUC
=0.930, 95% CI: 0.869-0.990, validation cohort: AUC = 0.931, 95% CI:
0.898-0.964), GBMs (training cohort: AUC = 0.930, 95% CI:
0.885-0.974; testing cohort: AUC = 0.915, 95% CI: 0.828-1.000, vali-
dation cohort: AUC = 0.924, 95% CI: 0.882-0.966; LGGs (training
cohort: AUC = 0.950; 95% CI: 0.910-0.991; testing cohort: AUC = 0.943,
95% CIL: 0.865-1.000; validation cohort: AUC 0.940, 95% CIL
0.897-0.984) (Figure 2C, 2F, and 2I). Figure 3A-C demonstrated the
PCA, which takes six markers into consideration, also revealed obvious
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differences between the non-tumors and gliomas in the three cohorts.
Meanwhile, the GDScore performed well in differentiating the healthy
from IDH wildtype gliomas (training cohort: AUC = 0.929, 95% CI:
0.885-0.972; testing cohort: AUC = 0.930, 95% CI: 0.857-1.000 and
validation cohort: AUC = 0.925, 95% CI: 0.885-0.965), and IDH mutant
gliomas (training cohort: AUC = 0.955, 95% CIL: 0.915-0.996; testing
cohort: AUC = 0.930, 95% CI: 0.833-1.000 and validation cohort: AUC =
0.942, 95% CI: 0.896-0.989, Figure S3A-F). However, the diagnostic
score achieved the AUC of 0.523 with 95% CI of 0.396-0.649 in training
set, AUC = 0.549 with 95% CI of 0.314-0.785 in testing set and AUC =
0.521 95% CI of 0.412-0.630 in validation set in differentiating GBMs
from LGGs (Figure S4A-C). In the context of combination with clinico-
pathological features such as age, sex, and IDH status and GDScore, the
integrated model achieved the AUC of 0.881 (0.807-0.955), 0.890
(0.761-1.000) and 0.867 (0.794-0.940) in the separated three sets,
outperforming clinicopathological characteristics or GDScore alone in
differentiating GBMs from LGGs (Figure 3D-F). Meanwhile, the calibra-
tion curves in the three sets demonstrated the small deviations between
predicted value and the actual value (Figure 3G-1).

3.4. Association of GDScore with clinical characteristics

The correlation analysis was conducted of the GDScore with WHO
classification, IDH mutation status, age and sex. As shown in
Figure 4A-CA, the diagnostic scores increased with WHO grade of
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glioma, in comparison with the non-tumor controls (P < 0.001). Notably,
gliomas also exhibited significantly higher diagnostic score than normal
subjects, when taking IDH mutation and sex into account. However, no
remarkable differences of diagnostic score were acquired between LGGs
and GBMs, or IDH wildtype and IDH mutation, or female and male.
Meanwhile, there were significant correlation of GDScore and the diag-
nostic age of glioma patients (Figure S4D-F).

3.5. Diagnostic specificity of GDScore in glioma

We evaluated whether the GDScore based on 5 hm C modifications in
cfDNA between glioma patients and healthy individuals could be glioma-
specific. The GDScore were also computed in the three human solid
tumor datasets including available in the GEO database. The predicting
ability was assessed by ROC analysis. The results demonstrated in
GSE89570, a set containing 5 types of malignant tumors in stomach,
colon, pancreas, thyroid and liver, the AUC value with 95% CI was 0.831
(0.800-0.862). In GSE112679 HCC set, the AUC value with 95% CI was
0.688 (0.668-0.709) and in GSE152137 pancreatic cancer set, the AUC
value with 95% CI was 0.572 (0.507-0.636).

Of note, comparing with AUC value of GDScore in glioma, GDScore
demonstrated poor performance in differentiating other human tumors
from healthy individuals, displaying high specificity of GDScore in
diagnosing gliomas (Figure 4D-F).

3.6. Methylation analysis of the six hub genes

DiseaseMeth 3.0 database was used to analyze the methylation levels
between tissues of glioma and normal samples of the six genes [25].
Differential methylation analysis demonstrated that two markers
selected in diagnostic score construction-rADGRL4 and SPAM1 were
methylation-upregulated in glioma tissues (Figure S5A and S5B, P <
0.05, respectively), however, CASC10, SGCD, SULF1, ZNF729 revealed
no remarkable DNA methylation alterations in tissue levels
(Figure S5C-F, P > 0.05, respectively).

4. Discussion

A great number of tumors, including glioma, demonstrate remarkable
heterogeneity, which might restrict the capability of a single, tissue bi-
opsy to acquire a full molecular information of the cancer. Liquid bi-
opsies, by contrast, can detect tumor DNA at multiple sites within the
tumor, providing a more comprehensive landscape of the cancer genome
[26]. Recent research reports that aberrant 5 hm C levels in cfDNA ob-
tained by plasma biopsies are involved in dysregulation of gene expres-
sion, tumorigenesis and tumor progression [27, 28, 29]. Meanwhile,
growing evidence of abnormal 5 hm C data demonstrates tissue-specific
and tumor-specific distribution characteristics, indicating the great
probability of application of 5 hm C in cancer diagnostics [26, 30, 311].
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Figure 4. Association of GDScore with clinicopathological features and AUC calculation. Boxplots of correlation analysis between diagnostic score and clinical and
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GSE112679 (F) datasets. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001. Abbreviations: wt, wildtype; mut, mutant.

With the development of cfMeDIP-seq technology of 5 hm C profiles in
plasma, the comprehensive analysis of diagnostic value of 5 hm C are
brought to light [32, 33, 34]. For example, recent research indicates the
high potentiality of liquid biopsy of cfDNA in bodily fluids as a
non-invasive, sensitive and accurate approach in screening and diagnosis
of non-small cell lung cancer (NSCLC), and cancers of breast, and ovarian
[35, 36, 37]. However, biomarkers based on 5 hm C in c¢fDNA in dis-
tinguishing gliomas from healthy people with great sensitivity and
specificity have not been fully explored. In the present research, a
cfDNA-based and non-invasive approach was established, which would
offer a candidate method in the clinical detection of patients with glioma.

In this study, our research recruited age- and sex-matched 222 sam-
ples, including 111 gliomas and 111 healthy objects from the GEO
database. Then, all the samples involved in our research were randomly
separated with a proportion of 7:3 for accurate performance of the
diagnostic model. The upregulated DhMPs between gliomas and normal
samples were subjected to enrichment analysis, which demonstrated
DhMPs were significantly enriched in cell adhesion, proteolysis, metal-
loendopeptidase (MMP) activity and extracellular matrix remodeling.
Cell adhesion is an essential process for cell migration, abnormal change
of which has been recognized as a common and essential process in
tumor invasion and metastasis [38]. The MMP, a family of
zinc-dependent endopeptidases, plays a major and important role in cell
differentiation, proliferation, collagen remodeling, and angiogenesis, and
contributes to the malignant behaviors such as tumorigenesis, and cancer
invasion and progression [39, 40]. The consequences of enrichment
analysis demonstrated that the aberrant 5 hm C profiles might reflect the
pathological and physiological changes in carcinogenesis of brain cancer.

PCA on all the abnormal 5 hm C modified genes demonstrated there
was a significantly different distributive characteristics between gliomas
and normal samples. And the groups could be remarkably separated,
which demonstrated the great probability of application of the differ-
entially 5 hm C modified features into filtering patients with glioma out
of healthy individuals. Then, to quantify the predictive ability of 5 hm C
profiles, a model was constructed by introduction of machine-learning
algorithms, including LASSO and logistic regression analyses. And a

cfDNA-based, noninvasive epigenetic approach was developed here, in
which there were six genes included: ADGRL4, CASC10, SGCD, SPAM1,
SULF1, ZNF729. For the six signatures, findings related to SGCD dysre-
gulation in glioma are not reported and deficiency of SGCD could
contribute to the development of muscular dystrophy [41]. Dysregulated
ADGRL4, an effective anti-angiogenic target for gliomas, has been
recognized to be a crucial factor in glioma progression by abnormally
activating JAK/STAT3/HIF-1alpha signaling pathway [42, 43]. CASC10
has been found to be relatively upregulated in ciliated glioma stem cells
(GSCs) (log2FC = 1166, p < 0.05), however, the in-depth mechanism
remains to be explored [44]. One report displayed genomic variations of
SPAM]1 are implicated in glioma development in Chinese patients [45].
SULF, one of heparan sulfate biosynthesis-related genes, has been illus-
trated to be significantly overexpressed in glioma, and the level of which
positively correlated with glioma pathological grade and revealed a
subtype-specific expression characteristics-elevated in proneural GBM,
and relatively reduced in classical GBM [46]. Recent research demon-
strated ZNF729 aberration in genomic level has a critical impact on di-
etary fat perception, while no literature has been reported related to
glioma pathology. Increasing evidence reveals that dysfunction of lipid
metabolism could result in oncogenesis of brain cancer [47]. And we
hypothesized that ZNF729 dysregulation might be involved in lipid
metabolic reprogramming, leading to the enhancement of malignant
behaviors of glioma, which need further study for validation.

Then, for assessment of the predicting accuracy, the AUC was intro-
duced here to calculate the performance in differentiating gliomas (or
GBMs, LGGs) from the normal. As a result, the model revealed high
diagnostic accuracy in discerning normal population from gliomas: (AUC
= 0.938, 95 CL 0.904-0.972), GBMs (AUC = 0.930, 95% CIL
0.885-0.974), LGGs (AUC = 0.950; 95% CI: 0.910-0.991) in the training
set; and gliomas (AUC = 0.930, 95% CI: 0.869-0.990), GBM patients
(AUC = 0.915, 95% CI: 0.828-1.000), LGGs (AUC = 0.943, 95% CI:
0.865-1.000) in the testing set; and gliomas (AUC = 0.931, 95% ClI,
0.898-0.964), GBMs (AUC = 0.924, 95% CI: 0.882-0.966), LGGs (AUC =
0.940, 95% CI: 0.897-0.984) in the validation set of 222 samples.
Meanwhile, the lower calculated AUC values GDScore in other human
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cancers confirmed the high specificity of GDScore in diagnosing glioma. In
comparation with previous research on construction of diagnostic models
for glioma, the diagnostic score here we calculated had an outstanding
performance in early glioma detect. For example, a diagnostic indicator
for gliomas, by scholar Cai, was developed based on 5 hm C profiles and
demonstrated less accurate performance than our diagnostic model in
distinguishing healthy individuals from gliomas (AUC = 0.84, 95% CIL:
0.74-0.93); GBMs (AUC = 0.84; 95% CI: 0.74-0.94); and LGGs (AUC =
0.86; 95% CI: 0.76-0.96) [20]. Meanwhile, A recent study on glioma
based on the spectroscopic blood biopsy also reaches a lower performance
than our model (AUC = 0.80) [48]. Despite IDH mutation frequencies
vary remarkably according to WHO grade of brain cancer, laying a sci-
entific diagnostic foundation for distinguishing LGGs from GBMs, it is
usually difficult to obtain due to the unbearable and unacceptable trauma
of tumor biopsies [49]. Therefore, when taking the IDH mutation status
into consideration, the model established here remained a potent diag-
nostic indicator for glioma, with IDH wildtype gliomas (training set: AUC
= 0.929, 95% CI: 0.885-0.972; testing set: AUC = 0.930, 95% CL
0.857-1.000 and validation set: AUC = 0.925, 95% CI: 0.885-0.965), and
IDH mutant gliomas (training set: AUC = 0.955, 95% CI: 0.915-0.996;
testing set: AUC = 0.930, 95% CI: 0.833-1.000 and validation set: AUC =
0.942, 95% CI: 0.896-0.989). The findings revealed the predicting per-
formance of diagnostic score was independent of IDH mutation status,
providing insights into distinguishing GBMs from LGGs by combining
with IDH mutation. Therefore, our findings displayed the diagnostic
model constructed here based on 5 hm C signatures, which could not only
discriminate gliomas from healthy individuals but also perform well in
distinct IDH mutation status, providing an alternative approach for
screening and diagnosing gliomas. Conventional and traditional methods
such as MRI and/or computed tomography (CT) contribute a lot to the
clinical practice in glioma diagnosis. It is often difficult for radiologists to
detect reliably, even if they have extensive experience in the field, owing
to the different imaging examinations, and the sophisticated characteris-
tics of glioma morphology [50]. Combination of techniques (eg, GDScore
in combination with imaging methods) might allow for improved sensi-
tivity and specificity. We also conducted the comparison of epigenetic
patterns of the six biomarkers involved in construction of the diagnostic
model in glioma tissues. Our data suggested that the two of the six
genes-ADGRL4 and SPAM1 used in diagnostic biomarker establishment
were methylation-changed in glioma tissue samples, while CASC10,
SGCD, SULF1, ZNF729 demonstrated no significant changes in DNA
methylation levels. The above findings might be interpreted with reasons
that distinct sequencing platforms were introduced into the analysis and
the methylation array could not tell 5 hm C and 5 mC apart, as well as
differences because of sample categories (tissue and plasma).

Our findings in gliomas explored the potentiality of the new approach
to be developed into a future screening approach, using only plasma
examinations. However, some shortages should be focused and resolved
in the further research. Firstly, comparison analysis between 5 hm C
profiles in cfDNA and paired glioma subjects might contribute to illus-
trate the tissue or tumor correlation of plasma-extracted 5 hm C signa-
tures. Secondly, external large-scale validation set including gliomas and
normal subjects and more comprehensive pathological information
would make our findings more scientific. Finally, our research was con-
ducted based on the Chinese cohort, and calculation of the generaliz-
ability of the diagnostic score in other populations are essential.
Therefore, our findings here remained further investigations for valida-
tion into glioma diagnostics.

5. Conclusions

In summary, a noninvasive diagnostic model was developed for pa-
tients with glioma by comprehensively analyzing of 5 hm C profiles. The
5 hm C-based diagnostic biomarker act in all probability as a sensitive
and accurate approach for early detection and diagnosis of gliomas.
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