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Abstract. No clear conclusions have yet been reached regarding
the accuracy of magnetic resonance imaging (MRI) radiomics
in distinguishing high-grade glioma (HGG) from low-grade
glioma (LGG). In the present study, a meta-analysis was
conducted to determine the diagnostic value of MRI radiomics
in differentiating between HGG and LGG, in order to guide
their clinical diagnosis. PubMed, Embase and the Cochrane
Library databases were searched up to November 2022. The
search included studies in which true positive, false positive, true
negative and false negative values for the differentiation of HGG
from LGG were reported or could be calculated by retrograde
extrapolation. Duplicate publications, research without full
text, studies with incomplete information or unextractable data,
animal studies, reviews and systematic reviews were excluded.
STATA 15.1 was used to analyze the data. The meta-analysis
included 15 studies, which comprised a total of 1,124 patients,
of which 701 had HGG and 423 had LGG. The pooled sensi-
tivity and specificity of the studies overall were 0.92 (95% CI:
0.89-0.95) and 0.89 (95% CI: 0.85-0.92), respectively. The
positive and negative likelihood ratios of the studies overall
were 7.89 (95% CI: 6.01-10.37) and 0.09 (95% CI: 0.07-0.12),
respectively. The pooled diagnostic odds ratio of the studies
was 85.20 (95% CI: 54.52-133.14). The area under the summary
receiver operating characteristic curve was 0.91. These findings
indicate that radiomics may be an accurate tool for the differen-
tiation of glioma grades. However, further research is needed to
verify the most appropriate of these technologies.

Introduction

Glioma is the most commonly occurring primary malignant
brain tumor, with a frequency of 80% of all malignant brain
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cancers (1). The World Health Organization classifies gliomas
into grades I-IV, of which grades I and II are defined as
low-grade gliomas (LGGs) and grades III and IV as high-grade
gliomas (HGGs) (1). LGGs have a long survival period,
whereas HGGs are highly aggressive and have a poor prog-
nosis (2). Most gliomas are treated with surgery, and HGGs
often require adjuvant radiation therapy or chemotherapy
after surgery to prevent short-term recurrence, whereas
LGGs require close observation (3). Therefore, it is important
to accurately grade tumors prior to surgery. Pathology is
currently the gold standard for glioma grading; however, it is
an invasive method and usually performed postoperatively. A
growing body of research has focused on noninvasive methods
for accurate tumor grading.

Magnetic resonance imaging (MRI) is an important
method for the diagnosis of gliomas, and a variety of MRI tech-
niques, including magnetic resonance spectroscopy (MRS),
diffusion-weighted imaging (DWI) and pulse-weighted
imaging, are used to grade gliomas (4,5). Diagnostic imaging
relies heavily on the subjective experience the radiologist has
with imaging data. By contrast, radiomics involves the trans-
formation of medical images into quantitative, extractable
and high-dimensional data, which include histograms, texture
features and shape features (6). Radiomics has been primarily
used in tumor research and has gradually become a tool for
the extraction of diagnostic and prognostic information from
conventional images. There has been a considerable amount
of research on the association between MRI radiomics and
lesion features, survival and perioperative outcomes in various
malignancies (7). However, no clear conclusions have yet been
reached regarding the accuracy of MRI radiomics in distin-
guishing HGG from LGG. Therefore, MRI radiomics has not
been widely used in clinical practice. To the best of our knowl-
edge, the present study is the first meta-analysis to examine
the diagnostic value of MRI radiomics in the differentiation
of HGG from LGG to guide the clinical diagnosis of glioma.

Materials and methods

Literature inclusion and exclusion criteria. The inclusion criteria
were as follows: i) Retrospective or prospective studies evaluating
the efficacy of radiomics in differentiating between LGG and
HGG; ii) use of histopathology as the gold standard; and iii) the
true-positive (TP), true-negative (TN), false-positive (FP) and
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Figure 1. Flow diagram for the selection of studies.

false-negative (FN) values were either stated directly or could be
indirectly extracted from the retrieved literature.

The exclusion criteria were as follows: i) small sample size
(n<10), animal experiments, reviews, systematic reviews, case
reports and conference papers; ii) studies for which no data
were available; and iii) duplicate reports or studies based on
the same data.

Search strategy. PubMed (https://pubmed.ncbi.nlm.nih.
gov/), Embase (https://www.embase.com/) and the Cochrane
Library (https://www.cochranelibrary.com/) were used
in this meta-analysis. They were searched between their
formation and November 2022. The search terms were:
(‘glioma’ OR ‘gliomas’) AND (‘radiomics’ OR ‘texture
features’ OR ‘texture analysis’ OR ‘histogram’) AND
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(‘magnetic resonance imaging’ OR ‘magnetic resonance
image’ OR ‘MRDI’).

Literature screening and data extraction. Two researchers
conducted the literature search, screened the literature and
extracted relevant materials. When questions or conflicts
arose, a third individual was consulted prior to a decision being
made. The data extraction content included the author, year of
publication, sample size, sex, age and the values of TP, FP, TN
and FN used in the differentiation of HGG from LGG and the
definition of HGG as positive and LGG as negative. If no TP,
FP, TN or FN results were reported, data such as sensitivity,
specificity and positive and negative predictive values were
subjected to retrograde extrapolation to calculate these results.

Literature quality assessment. The QUADAS-2 tool for evalu-
ating the quality of published literature (8) was used separately
by two academics, and RevMan 5.3 (Cochrane) was used to
construct a quality evaluation map.

Data synthesis and statistical analysis. The Cochran Q
test and I? value were used to investigate heterogeneity
among studies, and meta-analyses were performed using
a random-effects model when significant heterogeneity
was identified (I>>50%, P<0.05) and a fixed-effects model
when no significant heterogeneity was detected. Sensitivity
analysis was performed by eliminating each included study
one by one, and performing a summary analysis of the
remaining studies. The ROC curve is plotted with sensitivity
as the vertical coordinate and (1-specificity) as the horizontal
coordinate. The larger the area under the curve (AUC), the
higher the diagnostic accuracy. AUC values were calculated
and were considered to indicate the following: 0.5<AUC=0.6,
ineffective; 0.6<AUC=<0.7, poor; 0.7<AUC=<0.8, average;
0.8<AUC=0.9, good; and 0.9<AUCx<1.0, excellent. A Deeks'
funnel plot was generated using Stata 15.1 software (StataCorp
LP) to assess publication bias.

Results

Literature search. The database yielded 1,349 studies on this
topic which were reduced to 695 following the exclusion of
duplicates. Of these, 442 studies were selected after the exami-
nation of titles and abstracts indicated studies that included
animal experiments (n=45), or were meta-analyses, reviews,
systemic reviews (n=116), case reports (n=53) or conference
reports (n=39). After reading the full text, 359 studies that did
not report the outcomes of interest and 68 studies for which it
was not possible to construct 2x2 tables were excluded. Finally,
15 papers that were read in their entirety were subjected to
meta-analysis (Fig. 1).

Baseline characteristics and quality assessment of the
included studies

Baseline characteristics. The 15 publications evaluated in the
present meta-analysis included a total of 1,124 patients, of which
701 had HGG and 423 had LGG. The age of the patients in the
HGG group ranged from 43.0 to 66.0 years, while the age of
the patients in the LGG group ranged from 34.6 to 63.2 years,
which was considered comparable. Seven studies included
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Figure 3. Methodological quality of individual studies.

patients from Asia, whereas the remaining studies included
patients from Europe and the USA (Table I) (9-23).

Quality assessment. In the assessment of patient selection,
only one study was found to have a high risk of bias and the
remainder had an unclear or low risk of bias. In the remaining
three QUADAS-2 domains, namely index test, reference stan-
dard, flow and timing, most studies were found to be of low
risk. Patient selection, index test and reference standard were
also evaluated for applicability concerns. With regard to the
reference standard domain, one study was high-risk and the
rest were unclear or low risk. As for applicability concern, only
one study showed high risk in ‘patient selection’ and no high
risk in ‘index test’. Overall, the quality of the studies included
in this review was indicated to be acceptable (Figs. 2 and 3).

Sensitivity and specificity. A meta-analysis was performed
using a fixed-effects model due to the low heterogeneity
in sensitivity (I’=42.08%) and specificity (I?=0.00%). The
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Figure 4. Forest plot of the sensitivity and specificity of magnetic resonance imaging radiomics for the diagnosis of glioma. Q, Cochran's Q; df, degrees of
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Figure 5. Forest plot of the LR+ of magnetic resonance imaging radiomics in the diagnosis of glioma. LR+, positive likelihood ratio.
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pooled sensitivity and specificity of the studies overall were
0.92 (95% CI: 0.89-0.95) and 0.89 (95% CI: 0.85-0.92),
respectively (Fig. 4).

Positive and negative likelihood ratios (LRs). Owing to
the low heterogeneity in positive LR (I*’=0.0%) and nega-
tive LR (I’=40.1%), meta-analyses were performed using a
fixed-effects model. The pooled positive and negative LRs
of the studies overall were 7.89 (95% CI: 6.01-10.37) and
0.09 (95% CI: 0.07-0.12), respectively (Figs. 5 and 6).

Diagnostic odds ratio (DOR). As there was no significant
heterogeneity in DOR (I?=0.0%), a meta-analysis of DOR was
conducted using a fixed-effects model. The overall pooled
DOR of the studies was 85.20 (95% CI: 54.52-133.14; Fig. 7).

Summary receiver operating characteristic (SROC) curve
analysis. An SROC curve analysis was performed, and the AUC
of the SROC curve was calculated to be 0.91. This indicates the
high diagnostic value of MRI radiomics for gliomas (Fig. 8).

Publication bias. The Deeks' funnel plot for the studies
of MRI radiomics in the diagnosis of glioma had a P-value
of 0.36, indicating no significant publication bias in the studies
included in the present meta-analysis (Fig. 9).

Sensitivity analysis. The 15 studies were subjected to a pooled
analysis to determine whether any of the included studies had
a disproportionate influence on the meta-analysis results. This
was accomplished using sensitivity analyses that eliminated
each study individually. According to the meta-analysis, no
specific study substantially influenced the results, suggesting
that the findings were consistent and credible (Fig. 10).

Discussion

Histopathology is the gold standard for the diagnosis of
gliomas; however, it is an invasive method in which tissue
collection is necessary and can be harmful. However, MRI
is also able to provide accurate information while avoiding
unnecessary surgery. With the development of technology,
an increasing number of metabolic and physiological MRI
techniques, including diffusion tensor imaging, MRS, DWI
and MRI are being used for glioma grading. These tests assess
the malignancy of a tumor by identifying differences in the
grayscale brightness and contrast of the pixels in an image (6).
Radiomics uses tools such as MaZda, MATLAB, TexRAD,
MISSTA, CAD and FireVoxel to identify new quantitative
imaging markers without the need for additional acquisition
equipment or tracers, thereby providing greater diagnostic
capabilities than commonly used examination methods (24).
In the present study, a meta-analysis was performed to system-
atically review the accuracy of radiomics in differentiating
between LGG and HGG.

The pooled sensitivity and specificity of the studies overall
were 0.92 (95% CI: 0.89-0.95) and 0.89 (95% CI: 0.85-0.92),
respectively. Although the result of this study suggested that
specificity was lower than sensitivity, a specificity of 0.89
indicated a low probability of missed diagnosis. In addition,
positive and negative LRs of the studies were 7.89 (95% CI:
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diagnosis of glioma.

6.01-10.37) and 0.09 (95% CI: 0.07-0.12), respectively. The
pooled DOR of the studies was 85.20 (95% CI: 54.52-133.14)
and the area under the ROC curve was 0.91. AUC values
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were calculated an AUC of 0.9-1.0 was considered an ‘excel-
lent” diagnostic accuracy. Thus, an AUC of 0.91 suggests
that MRI radiomics has high accuracy in distinguishing
high-grade glioma from low-grade glioma. These results
demonstrate that radiomics has high diagnostic value for
glioma grading. A previous meta-analysis by Sohn and
Bisdas (25) explored the diagnostic accuracy of machine
learning-based radiomics in grading gliomas, and the pooled
results also showed that sensitivity when diagnosing HGG
was higher (96%; 95% CI: 0.93-0.98) than the specificity
when diagnosing LGG (90%; 95% CI: 0.85-.93) (25). By
contrast, the present study focuses on MRI-based imaging
radiomics in grading gliomas. The results of this study
further complement those of previous studies and highlight
the diagnostic value of MRI-based imaging radiomics.
A number of studies have shown the good prospects of
radiomics for the resolution of clinical issues that cannot
be addressed using conventional radiological diagnosis, and
indicate that radiomics has stronger diagnostic capabilities
than ordinary examination methods, suggesting that further
consideration should be given to the standardization of its
use in clinical practice (21,26,27). However, current studies
rarely provide open access to the coding used for imaging
data, feature extraction and model building, which makes it
difficult to obtain open MRI radiomics data for secondary
analysis and validation. In addition, if the sample size of the
study is limited, it has been recommended that the number
of feature parameters should be reduced to reduce the risk
of overfitting (28).

The present review has certain limitations. First, most of
the included studies were retrospective. Second, the majority
of the studies were single-center studies involving patients
who had undergone surgery, and there may have been admis-
sion and selection biases.

In conclusion, the present meta-analysis indicates that
radiomics may be an accurate tool for the differentiation of
glioma grades; however, further research is required to verify
the most appropriate of these technologies.
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