
Academic Editor: Janez Ravnik

Received: 2 March 2025

Revised: 19 March 2025

Accepted: 27 March 2025

Published: 1 April 2025

Citation: Martínez Barbero, J.P.;

Pérez García, F.J.; Jiménez Gutiérrez,

P.M.; García Cerezo, M.; López

Cornejo, D.; Olivares Granados, G.;

Benítez, J.M.; Láinez Ramos-Bossini,

A.J. The Value of Cerebral Blood

Volume Derived from Dynamic

Susceptibility Contrast Perfusion MRI

in Predicting IDH Mutation Status of

Brain Gliomas—A Systematic Review

and Meta-Analysis. Diagnostics 2025,

15, 896. https://doi.org/10.3390/

diagnostics15070896

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Systematic Review

The Value of Cerebral Blood Volume Derived from Dynamic
Susceptibility Contrast Perfusion MRI in Predicting IDH
Mutation Status of Brain Gliomas—A Systematic Review
and Meta-Analysis
José Pablo Martínez Barbero 1,2 , Francisco Javier Pérez García 1,2, Paula María Jiménez Gutiérrez 1,3,
Marta García Cerezo 1,4, David López Cornejo 1,5, Gonzalo Olivares Granados 6,7, José Manuel Benítez 1,5,†

and Antonio Jesús Láinez Ramos-Bossini 1,2,7,*,†

1 Advanced Medical Imaging Group (TeCe22), Instituto de Investigación Biosanitaria de
Granada (ibs.GRANADA), 18012 Granada, Spain; josep.martinez.sspa@juntadeandalucia.es (J.P.M.B.);
wajaviray@gmail.com (F.J.P.G.); paulajg@correo.ugr.es (P.M.J.G.); martagarcia_99@outlook.com (M.G.C.);
davidlc@correo.ugr.es (D.L.C.); j.m.benitez@decsai.ugr.es (J.M.B.)

2 Department of Radiology, Hospital Universitario Virgen de las Nieves, 18014 Granada, Spain
3 Department of Anesthesiology, Hospital Universitario Virgen de las Nieves, 18014 Granada, Spain
4 Centro de Genómica e Investigación Oncológica (GENYO), 18016 Granada, Spain
5 Department of Computer Science and Artificial Intelligence, University of Granada, 18071 Granada, Spain
6 Department of Neurosurgery, Hospital Universitario Virgen de las Nieves, 18014 Granada, Spain;

gonzalo.olivares@ugr.es
7 Department of Human Anatomy and Embryology, School of Medicine, University of Granada,

18016 Granada, Spain
* Correspondence: ajbossini@ugr.es
† These authors contributed equally to this work.

Abstract: Background: Dynamic susceptibility contrast perfusion MRI (DSC-MRI) is a
promising non-invasive examination to predict histological and molecular characteristics
of brain gliomas. However, the diagnostic accuracy of relative cerebral blood volume
(rCBV) is heterogeneously reported in the literature. This systematic review and meta-
analysis aims to assess the diagnostic accuracy of mean rCBV derived from DSC-MRI
in differentiating Isocitrate Dehydrogenase (IDH)-mutant from IDH-wildtype gliomas.
Methods: A comprehensive literature search was conducted in PubMed, Web of Science,
and EMBASE up to January 2025, following PRISMA guidelines. Eligible studies reported
mean CBV values in treatment-naïve gliomas with histologically confirmed IDH status.
Pooled estimates of standardized mean differences (SMDs), diagnostic odds ratios (DOR),
and area under the receiver-operating characteristic curve (AUC) were computed using
a random-effects model. Heterogeneity was assessed via I2 statistic. Meta-regression
analyses were also performed. Results: An analysis of 18 studies (n = 1733) showed
that mean rCBV is significantly lower in IDH-mutant gliomas (SMD = −0.86; p < 0.0001).
The pooled AUC was 0.80 (95% CI, 0.75–0.90), with moderate sensitivity and specificity.
Meta-regression revealed no significant influence of DSC-MRI acquisition parameters,
although a flip angle showed a trend toward significance (p = 0.055). Conclusions: Mean
rCBV is a reliable imaging biomarker for IDH mutation status in gliomas, demonstrating
good diagnostic performance. However, heterogeneity in acquisition parameters and
post-processing methods limits generalizability of results. Future research should focus on
standardizing DSC-MRI protocols.

Keywords: glioma; brain; magnetic resonance imaging; dynamic susceptibility contrast;
cerebral blood volume; neuroimaging
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1. Introduction
Gliomas are the most common primary malignant brain tumors [1,2], prompting

extensive research to improve their characterization. Traditionally, the most relevant factors
considered in glioma classification, established by the World Health Organization, were
based on histological characteristics. However, a fundamental paradigm shift occurred in
the 2016 WHO classification, which emphasized molecular such as Isocitrate Dehydroge-
nase (IDH) mutation status and 1p/19q codeletion to improve diagnostic accuracy and
prognostic stratification of gliomas [3]. This change was consolidated and further extended
in the most recent WHO classification (2021) [4]. Therefore, differentiating IDH-mutant
from IDH-wild type gliomas is of paramount importance, since these subtypes have distinct
prognostic and therapeutic implications

Considering the need for assessing tumor biomarkers in order to establish the WHO
grade of a glioma, invasive methods to obtain a histological specimen of the tumor are
necessary, with stereotactic biopsy being the most frequent procedure [5]. However, this
technique entails patient risks, including intracranial hemorrhage, infection, or neurolog-
ical deficits [6]. Additionally, small biopsied tissue samples may not fully capture the
heterogeneity of gliomas, potentially leading to misclassification or underestimation of ag-
gressive components within the tumor [7]. These limitations have warranted the search for
non-invasive imaging techniques capable of providing reliable molecular characterization
of brain glioma without the need for tissue sampling.

Magnetic Resonance Imaging (MRI) is an essential examination in glioma assessment,
offering insights into tumor morphology, vascularization, and metabolic activity [8]. Con-
ventional MRI sequences, including T1-weighted, T2-weighted, and FLAIR imaging, are
widely used for glioma detection and anatomical delineation. However, these sequences
provide limited information regarding tumor biology as they only offer structural infor-
mation [9,10]. Advanced MRI techniques, such as Diffusion-Weighted Imaging (DWI),
Magnetic Resonance Spectroscopy (MRS), and Perfusion-Weighted Imaging (PWI), have
gained increasing attention for their ability to assess tumor microstructure, metabolism,
and hemodynamics, respectively [10]. Among these, Dynamic Susceptibility Contrast per-
fusion MRI (DSC-MRI) has demonstrated particular promise in evaluating glioma vascular
properties, distinguishing tumor subtypes [11,12], and differentiating progression from
pseudoprogression [13].

Cerebral Blood Volume (CBV), derived from DSC-MRI, has been extensively studied
as a biomarker of tumor vascularity, particularly as a normalized measure (rCBV) [14].
This perfusion metric is calculated by measuring the area under the curve (AUC) of the
signal-intensity–time curve during the first pass of a bolus of gadolinium-based contrast
agent, which is usually normalized to the mean value of normal-appearing white matter
(NAWM) in the contralateral hemisphere to account for inter-patient variability [15]. In
biological terms, rCBV measures the volume of blood within a given amount of brain tissue,
reflecting tumor vascularity. Thus, high rCBV values indicate increased tumor angiogenesis,
which is a hallmark of high-grade tumors [16].

Accordingly, brain gliomas with higher vascular proliferation, such as IDH-wildtype
glioblastomas, exhibit elevated rCBV values, whereas IDH-mutant gliomas, known for their
lower angiogenic activity, tend to have lower rCBV values [17]. This biological distinction
supports that rCBV may serve as a reliable non-invasive imaging biomarker for predicting
IDH mutation status, offering a potential alternative to invasive biopsy. In fact, several
studies have reported promising results regarding the utility of rCBV in glioma molecular
stratification [18].

However, significant variability exists in reported diagnostic performance, likely due
to differences in imaging acquisition parameters, post-processing techniques, or tumor
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segmentation strategies [19]. Similarly, there is significant variability in the reported
specific rCBV values that offer the best diagnostic performance in terms of probabilistic
distribution. Mean rCBV, max rCBV, and different specific percentiles of rCBV have been
studied, with variable outcomes across studies [20,21]. Overall, this heterogeneity limits the
generalizability and consistency of rCBV as a surrogate biomarker for IDH mutation status.

Understanding the impact of technical and methodological variations on rCBV mea-
surements is crucial for standardizing its use in clinical practice [22]. Currently, the most
widely used rCBV metric in clinical practice is mean rCBV, which is commonly calculated in
an automatic or semi-automatic fashion by most commercial software packages. Although
previous works have analyzed the role of different rCBV parameters in differentiating IDH-
mutant- vs. IDH-wild-type gliomas, to our knowledge, no previous meta-analyses have
been performed specifically aimed at assessing mean rCBV in this diagnostic challenge.

In this study, we performed a comprehensive systematic review and meta-analysis to
determine the between-group differences in CBV and the diagnostic accuracy of mean rCBV
in distinguishing IDH-mutant from IDH-wildtype gliomas. Additionally, we explored the
influence of DSC-MRI acquisition parameters on mean rCBV diagnostic performance. This
synthesis will be helpful not only in terms of increasing supporting evidence but also in
emphasizing the need for standardization of DSC-MRI performance.

2. Materials and Methods
2.1. Eligibility Criteria

The design of the meta-analysis and the selection criteria were based on the PICO
search strategy. The population was formed by patients with histologically confirmed
brain glioma; the intervention was DSC-MRI with derived CBV values; the comparator
was the IDH mutation status (mutant vs. wild-type); the primary outcomes were the
difference in mean CBV values and the predictive value of mean rCBV. The Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) [23] guidelines were
followed in the design and writing of the study (the PRISMA checklist can be consulted
in Supplementary File S1). The protocol of the study was registered in the Open Science
Framework registry [24].

Accordingly, the inclusion criteria were the following: published observational or
experimental studies evaluating DSC-MRI-derived CBV values in treatment-naive gliomas
with known IDH status. The exclusion criteria were studies not providing mean (r)CBV
values or other CBV values permitting a reliable estimation of mean (r)CBV, studies not
reporting IDH mutation status, studies solely reporting outcomes of MRI perfusion modali-
ties other than T2*-DSC, and studies focused on machine learning methods that did not
provide diagnostic yield metrics of CBV following conventional statistical approaches. In
addition, case reports, editorials, and other article formats different from original studies
were excluded.

2.2. Information Sources and Search Strategy

Two authors (FJPG and DLC) searched the PubMed, Web of Science, and EMBASE
databases. Different search equations were carried out, and a final consistent equation was
constructed, including combinations derived from a main equation as follows: “(perfusion
OR dynamic) AND (magnetic resonance imaging OR MRI) AND (brain OR cerebr* OR
“central nervous system”) AND (glioma) AND (gene* OR IDH OR 1p/19q deletion OR
MGMT) (the full search strategies in PubMed, Web of Science, and EMBASE can be con-
sulted in Supplementary Files S2, S3 and S4, respectively)”. To increase the sensitivity of
the search, a cluster search was performed examining the references of all fully read articles.
No language restrictions were established. The search was updated to 1 January 2025.



Diagnostics 2025, 15, 896 4 of 23

All titles and abstracts of interest were screened, and those which did not meet the
eligibility criteria were excluded. Next, the screened studies were read in full to assess
whether they met all eligibility criteria. Discrepancies during the article selection process
were solved by a third author (JPMB).

2.3. Measured Variables

For each study, the main characteristics were collected, including first author, year,
country, study design, sample size (total and in each IDH group), and number of MRI
machines involved in the study. In addition, we gathered available information on MRI
acquisition parameters (TE, TR, Flip Angle, Slice Thickness, Slice Gap, Matrix, Field of View,
contrast agent dose) and post-processing information (commercial software used, arterial
input function modality, tumor segmentation modality). The primary outcomes were the
mean CBV values for mutated and wild-type IDH and the diagnostic test performance
(AUC) of mean rCBV to differentiate between them.

2.4. Data Extraction

Two authors (PMJG and FJPG) independently extracted the data from the selected
articles, and a third author (AJLRB) reviewed the data and solved any discrepancies. If
a study reported data for a subgroup of patients from the main cohort, only data related
to patients with known IDH mutation status were collected. All data were annotated in a
spreadsheet for ulterior analysis.

2.5. Meta-Regression Analyses

To explore the potential moderating influence of DSC-MRI acquisition parameters as
a source of heterogeneity in the main primary outcomes, we performed meta-regression
analyses, including echo time (TE), repetition time (TR), flip angle (FA), slice thickness (ST)
and gap (ST), acquisition time, and number of images per DSC sequence (dynamic images).

2.6. Quality and Publication Bias Assessment

The QUADAS-2 tool [25] was used to systematically assess the existence of potential
risks of bias and applicability concerns. For each study, two authors (PMJG and FJPG)
classified the risk of bias as low, unclear, or high in each of the four risk of bias items and in
the three applicability concern items. An overall risk of bias estimation was provided by
a consensus. In case of discrepancy, a third author (AJLRB) was consulted. On the other
hand, the publication bias was analyzed using funnel plots and Egger’s tests.

2.7. Statistical Analysis

To ensure a robust estimation of the overall effect size, we applied a random-effects
model using the restricted maximum likelihood (REML) method to estimate standard mean
differences (SMD) of mean (r)CBV between IDH-mutant- and IDH-wild-type gliomas. To
assess the diagnostic accuracy of rCBV, we performed a hierarchical-summary receiver-
operating characteristic (HSROC) analysis complemented with calculation of the pooled
Youden J Index (Sensitivity + Specificity − 1), as well as bivariate random-effects meta-
analysis for sensitivity and specificity. Additionally, we computed the pooled AUC, diag-
nostic odds ratio (DOR), and Youden index for each study when available. Importantly, the
analyses were performed separately for studies reporting AUC values for continue (r)CBV
values or for specific cutoffs.

When a study reported data for a given glioma WHO grade, it was sub-divided into
different subsets as if they were individual studies for data analysis. When data were
not explicitly provided, but were presented in graphs, extraction of visual data using
the free version of PlotDigitizer tool [26] was performed. Moreover, to avoid excluding
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relevant studies from analysis, when mean (r)CBV values or other essential metrics, such
as AUC, were not explicitly reported, they were estimated to obtain reliable data in accor-
dance with the recommendations of the Cochrane Handbook for Systematic Reviews of
Interventions [27,28], as follows:

• Estimation of mean and standard deviation

If a study did not provide the mean and standard deviation of (r)CBV, we estimated
these values based on the median and IQR using the method proposed by Wan et al. (2014)
for asymmetric distributions [29], as follows:

µ = Q2 + 0.2·(Q3 − Q1)

where µ is the mean; Q1, Q2, and Q3 are the first, second (i.e., median), and third quartile
values of the distribution. Similarly, for the SD (σ), the following formula was applied:

σ =
Q3 − Q1

1.35

Finally, in some studies, mean/SD (r)CBV values were provided for subgroup compar-
isons involving a third group (e.g., IDH-mutated with and without 1p19q codeletion). In
these cases, combined values were also estimated for the IDH-mutated group (merging both
subgroups), weighting the means and standard deviations according to their respective
sample sizes.

• Estimation of missing AUC values from different sources

In some studies, AUC values were not directly reported but were instead provided for
different percentiles or could be inferred from other performance metrics. Since excluding
these studies could have entailed an underestimation of the pooled AUC, we applied
well-established statistical methods (e.g., Monte Carlo simulations) to estimate AUC values
in those studies where they were not explicitly reported. Such estimations allowed us to
retain valuable data and minimize the risk of selection bias, improving the robustness of
the analyses. Specifically, based on the available information in each study, we applied the
following approaches to estimate AUC values:

If a study reported AUC values for different (r)CBV percentiles rather than a single
metric of AUC value for mean (r)CBV, we calculated an overall AUC estimate by computing
a weighted average of the reported percentiles. The initial weight was assigned assuming
that the percentiles represented equal strata of the (r)CBV distribution. This was further
refined using a weighting proportional to the total sample size. The standard error of
the estimated AUC was derived following the approach of Hanley & McNeil (1982) [30],
according to the following formula:

SEAUC =

√√√√ AUC ·(1 − AUC) + (N 1 − 1) ·
(

Q1 − AUC2
)
+(N 2 − 1) ·

(
Q2 − AUC2

)
N1· N2

Similarly, a study reported mean (r)CBV values for different percentiles in each IDH
subgroup but did not provide the AUC corresponding to the mean, limiting itself to
indicating that this metric did not differentiate (p > 0.05) between the mutated- and wild-
type IDH groups. To estimate the AUC of the mean rCBV, a simulation method based
on Monte Carlo was used, which is widely used in diagnostic accuracy studies when
individual data are not available and only summary statistics are available [31,32].

First, normal distributions were modeled for each group using the reported mean and
SD values, under the assumption that rCBV follows an approximately normal distribution
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within each group. Based on these distributions, simulated values of rCBV were generated
for each group according to their respective sample sizes, ensuring that the variability
within each group was consistent with the reported SD. Subsequently, this simulated sample
was used to calculate the receiver-operating characteristics (ROCs) curve and obtain the
estimated AUC. To evaluate the uncertainty associated with this estimate, a bootstrap
resampling analysis was performed (1000 iterations), obtaining a 95% confidence interval
(95% CI). In addition, the optimum cut-off point for the mean rCBV was determined using
the Youden index.

Finally, when only the odds ratio or β coefficient values were reported, an estimation of
the AUC was made based on the coefficient β obtained in the univariate logistic regression.
To do this, the relationship between the coefficient β and the OR was used, following the
method described by Zhou et al. (2002) [33], where the AUC can be calculated from the OR
using the formula:

AUC =
OR0.5

1 + OR0.5

When AUC 95% CIs were not explicitly provided in a given study, they were esti-
mated based on the standard error (SE) according to the Hanley & McNeil formulae [30],
as follows:

SE =

√
AUC ·(1 − AUC)√

N
95%CI = AUC ± 1.96 ·SE

• Estimation of other diagnostic performance metrics

Other relevant values assessed in this meta-analysis that were not directly reported
in the original study were estimated. For OR, the weighted overall OR was calculated
using an adjusted mean of the values provided at each percentile, applying a logarithmic
adjustment for the 95% confidence interval. Similarly, when the sensitivity and specificity
values were not directly reported, they were calculated from the predictive values collected
in the study.

Finally, we applied the I2 and tau2 statistics to assess heterogeneity among studies with
non-relevant, moderate, and considerable cut-off values set at I2 < 40%, 40% < I2 < 75%,
and I2 > 75%, respectively [34–37]. Sensitivity analyses were performed to evaluate the
robustness of the results. First, a sensitivity analysis was carried out based on the exclusion
of studies with imputed data, comparing the SMD and AUC estimates with and without
these studies, evaluating changes in effect size and heterogeneity. In addition, an overall
sensitivity analysis was performed using the leave-one-out technique, in which each study
was sequentially excluded to determine its individual impact on the pooled estimates.
Changes in point estimates and heterogeneity were analyzed to identify potentially influ-
ential studies and to assess the stability of the results. To visually display the results, forest
plots were generated, showing the effect sizes and 95% CIs for individual studies as well as
the overall pooled estimates.

3. Results
3.1. Search Results and Main Characteristics of the Included Studies

The initial search in the three databases identified a total of 3184 articles. After
duplicate removal (879 articles) and title/abstract screening, 113 articles were fully read.
Following the inclusion and exclusion criteria, a total of 18 studies were finally included
in the quantitative synthesis. The PRISMA flow chart of the study can be consulted in
Figure 1.
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The main characteristics of each study are described in Table 1. Further information
regarding DSC-MRI post-processing data and MRI acquisition parameters in each study
can be consulted in Supplementary Tables S1 and S2, respectively.

Table 1. Main characteristics of the included studies. * No data provided for each subgroup, but
all gliomas were “high-grade gliomas”. ˆ Number of women with respect to the total sample of the
study, which was larger than the analyzed patients (i.e., those with known IDH status).

Study (Year)
[Reference] Country N Age Women WHO-II WHO-

III
WHO-
IV

IDH-
M

IHD-
wt

Ahn et al. (2023) [38] Republic of
Korea 132 46 ± 13 66 54 78 0 87 45

Brendle et al. (2020) [39] Germany 56 48 ± 16 23 29 20 7 32 24

Choi et al. (2019) [40] Republic of
Korea 463 52.2 ± 14.8 191 32 142 289 125 338

Cindil et al. (2022) [41] Turkey 58 49 ± 17 (IDHm);
58 ± 14 (IDHwt) 27 0 29 * 29 * 23 35

Guo et al. (2022) [42] China 102 43.5 (18–74) 46 37 22 43 54 48

Hempel et al.
(2018) [43] Germany 100 51.4 ± 15.2 45 40 30 30 54 46

Hong et al. (2021) [44] Republic of
Korea 76 47.69 (19–68) 29 0 76 0 47 29

Kickingereder et al.
(2015) [45] Germany 73 43 ± 14 31 34 49 0 60 13

Lee et al. (2015) [46] Republic of
Korea 52 49.8 ± 14.5 20 0 36 16 16 36

Lee et al. (2019) [47] Republic of
Korea 110 47.44 ± 13.40 54 45 65 0 19 45

Lee_MH et al.
(2019) [48]

Republic of
Korea 88 52 (20–80) 41 0 0 88 12 76

Lu et al. (2021) [49] China 71 53 (18.0–74.0) 36 0 0 71 45 26

Ozturk et al. (2021) [50] USA 47 54 (20–90) 24 0 0 47 7 40
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Table 1. Cont.

Study (Year)
[Reference] Country N Age Women WHO-II WHO-

III
WHO-
IV

IDH-
M

IHD-
wt

Pruis et al. (2022) [51] The
Netherlands 99 53.4 ± 15.3 36 78 17 4 81 18

Prysiazhniuk et al.
(2024) [52] Norway 66 47.07 ± 14.84 36 ˆ 19 13 34 33 33

Song et al. (2020) [53] China 52 51.23 ± 15.59 21 16 6 30 22 30

Tan et al. (2016)
(WHO II) [54] China 31

38.94 ± 10.31
(IDHm);
51.57 ± 17.71
(IDHwt)

14 31 0 0 17 14

Tan et al. (2016)
(WHO III) [54] China 24

44.56 ± 43.33
(IDHm);
43.33 ± 13.85
(IDHwt)

10 0 24 0 9 15

Tan et al. (2016)
(WHO IV) [54] China 36

39.50 ± 10.10
(IDHm);
51.77 ± 13.57
(IDHwt)

12 0 0 36 6 30

Zhang et al. (2020) [55] China 43 47 ± 13 23 14 14 15 20 23

3.2. Quality Assessment

The 18 studies included in the meta-analysis showed a low overall risk of bias, except
for three [49,53,55] that were categorized as having an unclear risk due to some concerns in
patient selection (Figure 2). Further details on the assessment of risk of bias and applicability
concerns domains can be found in Supplementary Table S3.
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Figure 2. Traffic light plot of the QUADAS-2 assessment for the studies included in the meta-analysis.
Ahn et al. (2023) [38], Brendle et al. (2020) [39], Choi et al. (2019) [40], Cindil et al. (2022) [41], Guo
et al. (2022) [42], Hempel et al. (2018) [43], Hong et al. (2021) [44], Kickingereder et al. (2015) [45], Lee
et al. (2015) [46], Lee et al. (2019) [47], Lee MH et al. (2019) [48], Lu et al. (2021) [49], Ozturk et al.
(2021) [50], Pruis et al. (2022) [51], Prysiazhniuk et al. (2024) [52], Song et al. (2020) [53], Tan et al.
(2016) [54], Zhang et al. (2020) [55].
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3.3. Differences in Mean Cerebral Blood Volume Based on the IDH Status

Statistically significant differences were found in the SMD, being lower in the IDH-
mutant group, both overall (SMD = −0.86; p < 0.0001) and in each individual study. The
greatest between-group difference was found in Kickingereder et al. [45]: (SMD = −1.90),
whereas the smallest difference was observed in Lee et al. (2015) [46]: (SMD = −0.30).
In five studies [44,46–48,50], the 95%CI for SMD included positive SMD values. The
overall heterogeneity was moderate (I2 = 62.8%; tau2 = 0.11), indicating that there are
methodological or population differences between the included studies. Figure 3 shows
the forest plot of the studies included in the analysis.
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Figure 3. Forest plot for the standard mean difference (SMD) in mean relative cerebral blood
volume between IDH-mutated- (left columns) vs. IDH-wild-type brain gliomas (right columns). The
horizontal lines indicate the 95% confidence intervals (95% CI). The pooled SMD was −0.86, indicating
significantly lower rCBV in IDH-mutant gliomas. WHO II–IV, 2007 World Health Organization
central nervous system tumor grades II–IV. Ahn et al. (2023) [38], Brendle et al. (2020) [39], Choi
et al. (2019) [40], Cindil et al. (2022) [41], Guo et al. (2022) [42], Hempel et al. (2018) [43], Hong et al.
(2021) [44], Kickingereder et al. (2015) [45], Lee et al. (2015) [46], Lee et al. (2019) [47], Lee_MH et al.
(2019) [48], Lu et al. (2021) [49], Ozturk et al. (2021) [50], Prysiazhniuk et al. (2024) [52], Pruis et al.
(2022) [51], Song et al. (2020) [53], Tan et al. (2016) (WHO II) [54], Tan et al. (2016) (WHO III) [54], Tan
et al. (2016) (WHO IV) [54], Zhang et al. (2020) [55].

3.4. Diagnostic Performance of Mean rCBV
3.4.1. Pooled AUC Based on Reported Mean rCBV Cutoff Values

The analysis of the studies that reported an AUC for a specific cut-off value showed a
pooled AUC estimate of 0.83 (95% CI: 0.75–0.90), indicating that the mean rCBV value has
a good discriminatory capacity for differentiating gliomas with mutated vs. wild-type IDH.
However, the heterogeneity between studies was moderate (I2 = 68.0%, p = 0.0009), suggest-
ing that there are methodological or population differences between the included studies.

The individual studies reported AUCs ranging from 0.50 to 0.94, reflecting variability
in the selected rCBV thresholds and in the populations studied. Figure 4 shows the forest
plot of this analysis.
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Figure 4. Forest plot of the area under the curve (AUC) in studies reporting a cut-off value for
the mean rCBV in the differentiation of gliomas with mutated- vs. wild-type IDH. Each study is
represented by a square, the size of which is proportional to the weight of the study in the meta-
analysis. The horizontal lines indicate the 95% confidence intervals (95% CIs). The pooled AUC
estimate under a random-effects model is represented by the diamond at the bottom of the figure.
SE, standard error. Cindil et al. (2022) [41], Guo et al. (2022) [42], Hempel et al. (2018) [43], Lee et al.
(2015) [46], Prysiazhniuk et al. (2024) [52], Song et al. (2020) [53], Tan et al. (2016) (WHO II) [54], Tan
et al. (2016) (WHO III) [54], Tan et al. (2016) (WHO IV) [54], Zhang et al. (2020) [55].

3.4.2. Pooled AUC in Studies Reporting rCBV as Continuous Values

The meta-analysis of the studies that reported an AUC for rCBV as a continuous vari-
able showed a pooled AUC estimate of 0.78 (95% CI: 0.39–1.16). However, the heterogeneity
between studies was considerable (I2 = 91.8%, p < 0.0001). Individual studies reported
AUCs ranging from 0.60 to 0.89, indicating significant dispersion in the discriminatory
capacity of rCBV when analyzed as a continuous variable. Figure 5 shows the forest plot of
this analysis.
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Figure 5. Forest plot of the area under the curve (AUC) in studies reporting the mean rCBV value
as a continuous variable to differentiate gliomas with IDH-mutant- vs. IDH-wild-type. Each study
is represented by a square, the size of which is proportional to the weight of the study in the meta-
analysis. The horizontal lines indicate the 95% confidence intervals (95% CIs). The pooled AUC
estimate under a random-effects model is represented by the diamond at the bottom of the figure. SE,
standard error. Kickingereder et al. (2015) [45], Lee et al. (2019) [47], Ozturk et al. (2021) [50].

3.4.3. Bivariate Meta-Analysis of Sensitivity and Specificity: HSROC Analysis

The forest plots in Figure 6 illustrate the pooled sensitivity and specificity of mean
rCBV for distinguishing IDH-mutant- from IDH-wild-type gliomas across multiple studies.
Individual sensitivity values were variable, with a pooled sensitivity estimate of 0.80 (95%
CI: 0.56–0.96). Similarly, the pooled specificity was 0.80 (95% CI: 0.53–0.99). For individual
studies, the ones reporting highest sensitivity and specificity values were those by Guo
et al. (2021) [42] and Tan et al. (2016, WHO IV) [54] (0.98 and 1, respectively). Conversely,
the studies reporting lowest sensitivity and specificity values were Hempel et al. (2019) [43]
and Lee et al. (2015) [46] (0.52 and 0.50, respectively).
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Figure 6. Pooled estimates of sensitivity and specificity for rCBV in predicting IDH mutation status.
Left panel: Forest plot of sensitivity estimates from individual studies, together with the pooled
sensitivity derived from the meta-analysis using a random-effects model. Right panel: Forest plot of
specificity estimates from individual studies, together with the pooled specificity derived from the
meta-analysis using a random-effects model. Each square represents the point estimate of a single
study, with horizontal lines indicating the 95% confidence intervals (CI). The combined estimates are
shown as diamonds at the bottom of each panel, and their width represents the 95% CI. Cindil et al.
(2022) [41], Guo et al. (2022) [42], Hempel et al. (2018) [43], Kickingereder et al. (2015) [45], Lee et al.
(2015) [46], Prysiazhniuk et al. (2024) [52], Song et al. (2020) [53], Tan et al. (2016) (WHO II) [54], Tan
et al. (2016) (WHO III) [54], Tan et al. (2016) (WHO IV) [54], Zhang et al. (2020) [55].

The results of the HSROC analysis were similar to those of the bivariate meta-analysis,
with pooled sensitivity and specificity values of 0.784 (95%CI, 0.674–0.865) and 0.787 (95%CI,
0.678–0.867), respectively, and a pooled AUC of 0.789 (95%CI, 0.779–0.794). Figure 7 shows
the HSROC curve of diagnostic performance.
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Figure 7. Hierarchical-summary receiver-operating characteristics (HSROC) curve of the diagnostic
performance of mean rCBV to classify brain gliomas into IDH-mutant- vs. IDH-wild-type for the
studies reporting mean rCBV cutoff values that were included in the meta-analysis.

3.4.4. Diagnostic Odds Ratio of Mean rCBV

The individual results of the studies show considerable variability, with DOR values
ranging from 2.00 [0.62–6.43] to 93.00 [7.23–1196.69]. The combined DOR estimate using a
random-effects model was 14.21 [7.67–26.35]. The pooled Youden J Index was 0.58, with
considerable variability ranging from 0.54 to 0.62. Figure 8 shows the forest plot of the
DOR analysis, and Figure 9 shows the forest plot of the Youden J Index of individual and
pooled data.
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Figure 8. Forest plot showing the diagnostic odds ratio (DOR) and its 95% confidence interval (95%
CI) for each individual study included in the meta-analysis. The squares represent the point estimates
of the DOR for each study, and the horizontal lines indicate the 95% CIs. The size of the squares is
proportional to the weight of each study in the analysis. The blue diamond represents the combined
estimate of the pooled DOR using a random-effects model, with its corresponding confidence interval.
Cindil et al. (2022) [41], Guo et al. (2022) [42], Hempel et al. (2018) [43], Kickingereder et al. (2015) [45],
Lee et al. (2015) [46], Prysiazhniuk et al. (2024) [52], Song et al. (2020) [53], Tan et al. (2016) (WHO
II) [54], Tan et al. (2016) (WHO III) [54], Tan et al. (2016) (WHO IV) [54], Zhang et al. (2020) [55].
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Figure 9. Forest plot of the Youden J index and its 95% confidence interval (95% CI) for each individual
study included in the meta-analysis. The squares represent the point estimates of the DOR for each
study, and the horizontal lines indicate the 95% CIs. The size of the squares is proportional to the
weight of each study in the analysis. The blue diamond represents the combined estimate of the
pooled DOR using a random-effects model, with its corresponding confidence interval. Cindil et al.
(2022) [41], Guo et al. (2022) [42], Hempel et al. (2018) [43], Lee et al. (2015) [46], Kickingereder et al.
(2015) [45], Prysiazhniuk et al. (2024) [52], Song et al. (2020) [53], Tan et al. (2016) (WHO II) [54], Tan
et al. (2016) (WHO III) [54], Tan et al. (2016) (WHO IV) [54], Zhang et al. (2020) [55].

3.5. Meta-Regression Analyses

None of the DSC-MRI acquisition parameters showed significant influence in the
primary outcomes, but the flip angle showed a trend toward significance (p = 0.055) in the
SMD meta-regression, with decreasing units being associated with reduced SMD values
(β) = −0.009). Heterogeneity was moderate in all cases, ranging from 66.7% to 78.27%
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in SMD, and from 44.4% to 84.2% in AUC. Tables 2 and 3 show the results of the meta-
regression analyses for SMD and AUC estimates, respectively.

Table 2. Meta-regression analysis results for standard mean difference. TRH, test for residual
heterogeneity.

Variable β Coefficient (95%CI) p-Value I2 Tau2 p-Value (TRH)

TE −0.0011 (−0.0311, 0.0289) 0.9441 68.61% 0.1440 <0.0001

TR −0.0004 (−0.0012, 0.0004) 0.345 67.71% 0.1349 <0.0001

FA (º) −0.0091 (−0.0183, 0.0002) 0.0551 66.68% 0.1355 0.0002

Slice thickness 0.0301 (−0.3125, 0.3727) 0.8634 71.12% 0.1533 <0.0001

Slice gap 0.4497 (−0.1306, 1.0301) 0.1288 68.48% 0.1358 0.0007

N. images −0.0352 (−0.1188, 0.0484) 0.4089 76.30% 0.2355 <0.0001

Scan time 0.0031 (−0.0124, 0.0187) 0.6922 78.27% 0.1880 <0.0001

Table 3. Meta-regression analysis results for area under the curve. TRH, test for residual heterogeneity.

Variable β Coefficient (95%CI) p-Value I2 Tau2 p-Value (TRH)

TE 0.0009 (−0.0075, 0.0092) 0.8424 72.60% 0.0069 0.0007

TR 0.0001 (0.0002, 0.0004) 0.6953 72.37% 0.0069 0.0009

FA (º) 0 (−0.0048, 0.0047) 0.9856 44.42% 0.0021 0.1047

Slice thickness 0.0102 (−0.0796, 0.0999) 0.8241 70.49% 0.0071 0.0008

Slice gap −0.0152 (−0.1863, 0.1559) 0.8620 74.03% 0.0092 0.0025

N. images −0.0032 (−0.0307, 0.0244) 0.8213 84.19% 0.0164 0.0016

Scan time 0.0021 (−0.0059, 0.0101) 0.6099 50.46% 0.0036 0.1329

3.6. Publication Bias and Sensitivity Analyses

Regarding publication bias, the shape of the funnel plot for the 20 studies included in
the SMD analysis indicated no significant biases, which was supported by the results of
the Egger’s test (t = −1.45; p = 0.166). The variance of residual heterogeneity (tau2 = 2.541)
indicated high variability between studies, in agreement with the dispersion observed in
the funnel plot. Similar results were observed in the funnel plot of the 10 studies reporting
mean rCBV cutoff values that were used to estimate pooled AUC (Egger’s test, t = −2.81;
p = 0.0227; tau2 = 1.765). Figure 10 shows the corresponding funnel plots.
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Figure 10. Funnel plots for studies included in the standardize mean difference (top) and area under
the curve (bottom) analyses. The line centered at the vertex of the triangle indicates the estimation
according to the random-effects model, and the parallel vertical line on the left refers to the estimation
according to a common-effects model.

Finally, leave-one-out sensitivity analyses showed that the exclusion of individual
studies did not substantially alter the global estimates for SMD (range: −0.897 to −0.789) or
for AUC (range: 0.812 to 0.851), indicating stability in the results. However, heterogeneity
(I2) decreased slightly when certain studies were excluded, particularly Guo et al. (2021) [42]
for SMD and Lee et al. (2015) [46] for AUC, suggesting that they contributed more to the
observed variability. In addition, the exclusion of studies with imputed data did not
significantly alter the association between rCBV and IDH mutational status (SMD = −0.874
vs. −0.865; pooled AUC for studies with reported rCBV cutoff = 0.857 vs. 0.828) and led to
a very slight decrease in heterogeneity in SMD (I2 = 59.2% vs. 62.8%) and a mild decrease
in pooled AUC (I2 = 68.0% vs. 50.6%), suggesting that these studies did not significantly
contribute to the observed variability. Figure 11 shows the results of the leave-one-out
sensitivity analyses for SMD and AUC.
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Figure 11. This figure illustrates the results of the leave-one-out sensitivity analysis for the stan-
dardized mean difference (SMD) (top) and the area under the curve (AUC) (bottom). Each point
represents the pooled-effect estimate after excluding a single study, with horizontal lines indicating
the corresponding 95% confidence intervals (95% CIs). Ahn et al. (2023) [38], Brendle et al. (2020) [39],
Choi et al. (2019) [40], Cindil et al. (2022) [41], Guo et al. (2022) [42], Hempel et al. (2018) [43], Hong
et al. (2021) [44], Kickingereder et al. (2015) [45], Lee et al. (2015) [46], Lee et al. (2019) [47], Lee_MH
et al. (2019) [48], Lu et al. (2021) [49], Ozturk et al. (2021) [50], Prysiazhniuk et al. (2024) [52], Pruis
et al. (2022) [51], Song et al. (2020) [53], Tan et al. (2016) (WHO II) [54], Tan et al. (2016) (WHO III) [54],
Tan et al. (2016) (WHO IV) [54], Zhang et al. (2020) [55].

4. Discussion
This study focused on evaluating the diagnostic performance of mean rCBV obtained

in DSC-MRI to differentiating between IDH-mutant- and IDH-wild-type brain gliomas.
We included a total of 18 studies encompassing 1733 patients. We found that, despite
moderate heterogeneity, the overall diagnostic accuracy of mean rCBV is high, with pooled
sensitivity, specificity and AUC values of approximately 0.80. These results were consistent
between different statistical approaches (pooled AUC, sensitivity and specificity, HSROC,
and bivariate random-effects meta-analysis). Moreover, our analysis was further supported
by a pooled DOR of 14.2, indicating a moderate-to-high discriminative power. In addition,
meta-regression analyses did not reveal any significant influence of DSC-MRI acquisition
parameters, although a trend toward significance was found for the flip angle. However, the
relatively low number of included studies limit the reliability of meta-regression analyses.
In sum, this meta-analysis not only supports the utility of mean rCBV to differentiate
between IDH-mutant- vs. -wild-type gliomas but also quantifies its diagnostic performance
through consistent and complimentary analyses.

Two previous meta-analyses explored the role of DSC-MRI perfusion metrics in pre-
dicting IDH mutation status. Van Santwijk et al. [56] conducted a meta-analysis including
studies exploring T1-DCE and DSC MRI perfusion parameters in the differentiation of low-
and high-grade glioma, as well as IDH mutation status. They included 12 studies with
1384 patients and found that CBV, ktrans, Ve, and Vp values were, in general, significantly
higher in IDH-wild-type compared to IDH. The reported AUC for CBV values was 0.85
(95%-CI 0.75–0.93), but only three studies with DSC-MRI were included in their analysis. In
addition, they included studies that reported CBV-related values not conventionally used
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in radiological practice, such as leakage (i.e., CBV-uncorrected—CBV corrected) [57], which
represents a notable limitation.

Siakallis et al. [58] reviewed 16 studies including 1819 patients and analyzed a number
of CBV-related metrics (e.g., mean rCBV, max rCBV, 75th percentile rCBV) and reported
that the highest pooled specificity to differentiate between IDHm and IDHwt was observed
for mean rCBV (82%), whereas rCBV 10th percentile showed maximum pooled-sensitivity,
AUC, and DOR values (92%, 0.91, and 0 20.96, respectively). However, only two studies
reported the latter measure, limiting its generalizability. In clinical practice, most software
packages for image post-processing offer mean rCBV values, which seem more intuitive
and stable compared to low and high percentiles, which may be affected by errors (e.g.,
inadequate tumor segmentation).

Our results align with those of the above-mentioned meta-analyses but focused on
mean rCBV. Of note, all but one [49] of the included studies in our meta-analysis permitted
a reliable estimation of mean rCBV. The study that only reported mean CBV values was only
included in the SMD meta-analysis, since the statistical assumptions of this specific analysis
allow for using mean CBV—not rCBV—to pool between-group differences. The pooled-
sensitivity, specificity, and AUC values for the mean rCBV (80%) reinforce the validity of
using mean rCBV as a biomarker for decision-making in clinical and radiological practice.

Nevertheless, the substantial variability found between the included studies calls
for caution, since the range of reported AUCs for mean rCBV ranged from almost null
(0.50 in Lee et al. (2015) [46]) to almost perfect (0.94 for Tan et al. (2016) [54] in WHO IV
patients), and significant heterogeneity (I2 ranging from 62.8% to 91.8%) was observed. Such
variability led us to explore possible modulating factors, particularly DSC-MRI acquisition
parameters, which have been previously reported to influence mean rCBV measures. In
fact, it is known that different MRI acquisition parameters may influence signal intensity
of DSC-MRI perfusion, with subsequent variations in rCBV. For instance, Leu et al. (2017)
showed that varying these parameters can impact the estimation of relative cerebral blood
volume (rCBV) in gliomas, with different acquisition strategies yielding varying degrees of
fidelity in CBV estimation [59]. Siakallis et al. [58] found that shorter TEs and smaller slice
gaps were associated with higher sensitivities of mean rCBV.

Meta-regression analyses did not identify a dominant factor explaining this hetero-
geneity, precluding us from supporting Siakallis et al.’s findings in the specific context of
mean rCBV, probably due to the low number of studies. However, we found statistical
cues (p = 0.055) that lower flip-angle values are associated with smaller SMDs, suggesting
that technical variability may contribute to differences in reported diagnostic performance.
In fact, previous studies have found that a lower flip angle can reduce T1-weighting ef-
fects from contrast agent leakage, potentially yielding more accurate rCBV estimations
in tumors with significant blood–brain barrier disruption [60,61]. Conversely, a higher
flip angle may enhance signal-to-noise ratio (SNR), which, based on our results, seems to
improve the discriminatory ability of mean rCBV—despite potential bias due to residual T1
effects. Notably, a balance between leakage contamination and SNR can be reached with
different acquisition parameter configurations [62]. In sum, the observed trend toward
significance in our meta-regression suggests that flip angle is a relevant parameter when
standardizing DSC-MRI acquisition protocols for glioma assessment and, future studies
should further investigate the impact of flip angle variations on rCBV reproducibility and
diagnostic accuracy.

Be that as it may, the lack of standardization in parameter acquisition is evident in
the included studies, and this underlying problem is further complicated considering the
variability depending upon magnetic field [19], contrast agent doses [63], or imaging post-
processing software [64]. In fact, another potential source of bias lies in the post-processing
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method used in each study, a problem that widely affects a number of neuroimaging-related
clinical challenges, both in CT [65] and MRI. Up to seven different software packages were
used in the included studies, the most frequent of which was NordicIce. Each of these
packages include a specific pipeline and internal algorithms for parameter estimation.
Moreover, each software tool may include a variety of post-processing algorithms. For
instance, the NeuroPerfusion module of IntelliSpace Portal v. 11.0 (Phillips®) includes
four different reconstruction algorithms, namely gamma-variate, model-free, manual AIF,
and leakage correction [66]. Each of these reconstruction methods include mathematical
nuances that result in different rCBV quantifications. The variability in rCBV based on
different post-processing algorithms has also been demonstrated in the literature. For
instance, Kudo et al. found that rCBV values of tumor and cutoff values for discriminating
low- and high-grade gliomas differed between software packages, suggesting that optimal
software-specific cutoff values should be used for diagnosis of high-grade gliomas [67].

Although limited by the relatively low number of included studies, the significant
heterogeneity observed, along with existing knowledge on the influence of acquisition
parameters (TE, TR, FA, etc.) and post-processing strategies, calls for the need of standardiz-
ing DSC-MRI parameter acquisition and harmonization of post-processing methodologies
across different software platforms to improve the generalizability of rCBV as a biomarker
for IDH mutation status. Multi-center prospective studies using uniform imaging and anal-
ysis pipelines will be essential to validate rCBV as a reproducible and clinically actionable
biomarker. In sum, there is an emerging need for standardization not only in acquisition
parameters but also in post-processing methods.

In the context of brain gliomas, significant efforts have been made to further extend
the interpretability of rCBV in biological terms. An outstanding example is represented
by studies exploring the so-called tumor vascular habitats, which are linked to different
biological tumor features, as demonstrated by transcriptomic correlations [68–70]. For
instance, Álvarez-Torres et al. applied complex clustering algorithms to delineate four
vascular habitats within brain gliomas and peritumoral edema based on a mixture of
rCBV and rCBF data. These vascular habitats are heuristically dichotomized into high and
low angiogenic tumor habitats and have been found to significantly differentiate between
IDH-wild-type glioblastoma and IDH-mutant astrocytoma [71].

In the current AI paradigm, a number of studies are increasingly exploiting the
advantages of machine learning methods to extract information of perfusion MRI metrics
that escapes conventional approaches [72]. We excluded these studies, as they are currently
circumscribed to the research field, and the variability in methodological approaches
precludes withdrawing generalizable conclusions. Notably, the studies by Kickingereder
et al. (2015) [45] and Lee et al. (2019) [48] included in our meta-analysis applied machine
learning algorithms to improve the diagnostic yield of perfusion MRI in diagnosing IDH
mutation status as well as the 1-year overall survival in patients with brain glioma. They
found that their developed ML model significantly outperformed the diagnostic yield of
rCBV applied as per conventionally performed in clinical practice.

Similarly, radiomics has emerged as a novel methodology to extract meaningful
quantitative features from imaging studies [73]. The application of radiomics to predict
genomic data (i.e., radiogenomics) has shown promising results in the clinical problem
approached in this study [74–76]. For instance, Bhandari et al. [77] found pooled-sensitivity
and specificity values close to 90% in predicting IDH and 1p19q codeletion status of brain
gliomas. In this context, interesting insights can be drawn from the combination between
radiomics and perfusion MRI, since the latter provides temporal information that is absent
in conventional MRI sequences [78–80]. Therefore, future meta-analysis should also explore
the role of these recently developed approaches.
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This study has several limitations: First of all, this meta-analysis aimed to focus
on mean rCBV obtained in T2*-DSC perfusion MRI. This specific nature precludes us
from withdrawing any conclusion regarding other MRI sequences (e.g., dynamic contrast
enhancement, arterial spin labeling) or other rCBV metrics. Second, some studies did
not report direct mean rCBV values, which implied the need to estimate them indirectly.
Although the formulae applied for such conversion are widely accepted and used in
the literature, estimation errors cannot be excluded. Third, although we did not detect
significant publication bias, the presence of unpublished studies or studies reporting
negative results could still influence the overall conclusions. Finally, some potentially
relevant variables, such as the WHO glioma grade, were not considered in our analyses due
to the heterogeneity in the edition of the WHO classification among the included studies,
which varied from the 2007 edition [54] to the current 2021 edition [52]. These limitations
should be overcome in future studies.

5. Conclusions
Mean rCBV is a reliable DSC-MRI parameter for differentiating between IDH-mutated-

and IDH-wild-type brain gliomas, with significantly lower values in the former. Pooled
sensitivity, specificity and AUC values of 80%, and DOR of 14.21 were observed. However,
considerable heterogeneity in acquisition parameters, post-processing methods, and tumor
segmentation limit optimal comparability between studies. Our results highlight the need
for standardizing DSC-MRI perfusion to establish generalizable cutoff values of mean rCBV.

Supplementary Materials: The supporting information can be downloaded at: https://www.mdpi.
com/article/10.3390/diagnostics15070896/s1. Supplementary File S1 (Prisma Checklist); Supple-
mentary Files S2–S4 (Search equations in PubMed, Web of Science and EMBASE, respectively);
Supplementary Table S1 (Number of MRI scanners and post-processing information of the included
studies); Supplementary Table S2 (Acquisition parameters according to the MRI scanners in each
study); Supplementary Table S3 (QUADAS-2 Assessment by items).

Author Contributions: Conceptualization, A.J.L.R.-B. and F.J.P.G.; methodology, A.J.L.R.-B. and
J.P.M.B.; software, A.J.L.R.-B. and J.M.B.; validation, J.P.M.B., P.M.J.G. and D.L.C.; formal analysis,
A.J.L.R.-B.; investigation, F.J.P.G., A.J.L.R.-B. and D.L.C.; resources, J.M.B.; data curation, P.M.J.G.
and M.G.C.; writing—original draft preparation, F.J.P.G.; writing—review and editing, A.J.L.R.-B.,
J.P.M.B. and G.O.G.; visualization, P.M.J.G. and G.O.G.; supervision, J.P.M.B. and J.M.B.; project
administration, A.J.L.R.-B.; funding acquisition, J.M.B. All authors have read and agreed to the
published version of the manuscript.

Funding: This research was funded by grant number PID2020-118224RB-I00 and grant number
PID2023-151336OB-I00, both funded by MICIU/AIE/10.13039/501100011033 and by FEDER, EU.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: All data are available as Supplementary Materials. For specific extracted
information of the review process, data are available upon reasonable request to the correspond-
ing author.

Acknowledgments: The authors wish to thank Ángela Rivera Izquierdo for revising the English
writing of the manuscript.

Conflicts of Interest: The authors declare no conflicts of interest.

https://www.mdpi.com/article/10.3390/diagnostics15070896/s1
https://www.mdpi.com/article/10.3390/diagnostics15070896/s1


Diagnostics 2025, 15, 896 19 of 23

References
1. Price, M.; Ballard, C.; Benedetti, J.; Neff, C.; Cioffi, G.; Waite, K.A.; Kruchko, C.; Barnholtz-Sloan, J.S.; Ostrom, Q.T. CBTRUS

Statistical Report: Primary Brain and Other Central Nervous System Tumors Diagnosed in the United States in 2017–2021. Neuro
Oncol. 2024, 26, vi1–vi85. [CrossRef] [PubMed]

2. Ostrom, Q.T.; Bauchet, L.; Davis, F.G.; Deltour, I.; Fisher, J.L.; Langer, C.E.; Pekmezci, M.; Schwartzbaum, J.A.; Turner, M.C.;
Walsh, K.M.; et al. The Epidemiology of Glioma in Adults: A “State of the Science” Review. Neuro Oncol. 2014, 16, 896–913.
[CrossRef] [PubMed]

3. Louis, D.N.; Perry, A.; Reifenberger, G.; von Deimling, A.; Figarella-Branger, D.; Cavenee, W.K.; Ohgaki, H.; Wiestler, O.D.;
Kleihues, P.; Ellison, D.W. The 2016 World Health Organization Classification of Tumors of the Central Nervous System: A
Summary. Acta Neuropathol. 2016, 131, 803–820. [CrossRef]

4. Gritsch, S.; Batchelor, T.T.; Gonzalez Castro, L.N. Diagnostic, Therapeutic, and Prognostic Implications of the 2021 World Health
Organization Classification of Tumors of the Central Nervous System. Cancer 2022, 128, 47–58. [CrossRef]

5. Nabors, L.B.; Portnow, J.; Ahluwalia, M.; Baehring, J.; Brem, H.; Brem, S.; Butowski, N.; Campian, J.L.; Clark, S.W.; Fabiano, A.J.;
et al. Central Nervous System Cancers, Version 3.2020, NCCN Clinical Practice Guidelines in Oncology. J. Natl. Compr. Cancer
Netw. 2020, 18, 1537–1570. [CrossRef]

6. Riche, M.; Marijon, P.; Amelot, A.; Bielle, F.; Mokhtari, K.; Chambrun, M.P.d.; Le Joncour, A.; Idbaih, A.; Touat, M.; Do, C.-H.; et al.
Severity, Timeline, and Management of Complications after Stereotactic Brain Biopsy. J. Neurosurg. 2022, 136, 867–876. [CrossRef]

7. Mikkelsen, V.E.; Solheim, O.; Salvesen, Ø.; Torp, S.H. The Histological Representativeness of Glioblastoma Tissue Samples. Acta
Neurochir. 2021, 163, 1911–1920. [CrossRef]

8. Kang, K.M.; Song, J.; Choi, Y.; Park, C.; Park, J.E.; Kim, H.S.; Park, S.-H.; Park, C.-K.; Choi, S.H. MRI Scoring Systems for
Predicting Isocitrate Dehydrogenase Mutation and Chromosome 1p/19q Codeletion in Adult-Type Diffuse Glioma Lacking
Contrast Enhancement. Radiology 2024, 311, e233120. [CrossRef]

9. Bonm, A.V.; Ritterbusch, R.; Throckmorton, P.; Graber, J.J. Clinical Imaging for Diagnostic Challenges in the Management of
Gliomas: A Review. J. Neuroimaging 2020, 30, 139–145. [CrossRef]

10. Hirschler, L.; Sollmann, N.; Schmitz-Abecassis, B.; Pinto, J.; Arzanforoosh, F.; Barkhof, F.; Booth, T.; Calvo-Imirizaldu, M.; Cassia,
G.; Chmelik, M.; et al. Advanced MR Techniques for Preoperative Glioma Characterization: Part 1. J. Magn. Reson. Imaging 2023,
57, 1655–1675. [CrossRef]

11. Wu, H.; Tong, H.; Du, X.; Guo, H.; Ma, Q.; Zhang, Y.; Zhou, X.; Liu, H.; Wang, S.; Fang, J.; et al. Vascular Habitat Analysis Based
on Dynamic Susceptibility Contrast Perfusion MRI Predicts IDH Mutation Status and Prognosis in High-Grade Gliomas. Eur.
Radiol. 2020, 30, 3254–3265. [CrossRef] [PubMed]

12. Venugopal, K.; Arzanforoosh, F.; van Dorth, D.; Smits, M.; van Osch, M.J.P.; Hernandez-Tamames, J.A.A.; Warnert, E.A.H.; Poot,
D.H.J. MR Vascular Fingerprinting with Hybrid Gradient-Spin Echo Dynamic Susceptibility Contrast MRI for Characterization of
Microvasculature in Gliomas. Cancers 2023, 15, 2180. [CrossRef] [PubMed]

13. Fu, R.; Szidonya, L.; Barajas, R.F.J.; Ambady, P.; Varallyay, C.; Neuwelt, E.A. Diagnostic Performance of DSC Perfusion MRI to
Distinguish Tumor Progression and Treatment-Related Changes: A Systematic Review and Meta-Analysis. Neurooncol. Adv. 2022,
4, vdac027. [CrossRef] [PubMed]

14. Arzanforoosh, F.; Croal, P.L.; van Garderen, K.A.; Smits, M.; Chappell, M.A.; Warnert, E.A.H. Effect of Applying Leakage
Correction on RCBV Measurement Derived From DSC-MRI in Enhancing and Nonenhancing Glioma. Front. Oncol. 2021, 11,
648528. [CrossRef]

15. Cha, S.; Lu, S.; Johnson, G.; Knopp, E.A. Dynamic Susceptibility Contrast MR Imaging: Correlation of Signal Intensity Changes
with Cerebral Blood Volume Measurements. J. Magn. Reson. Imaging 2000, 11, 114–119. [CrossRef]

16. Price, S.J.; Green, H.A.L.; Dean, A.F.; Joseph, J.; Hutchinson, P.J.; Gillard, J.H. Correlation of MR Relative Cerebral Blood
Volume Measurements with Cellular Density and Proliferation in High-Grade Gliomas: An Image-Guided Biopsy Study. Am. J.
Neuroradiol. 2011, 32, 501–506. [CrossRef]

17. Shiroishi, M.S.; Erickson, B.J.; Hu, L.S.; Barboriak, D.P.; Becerra, L.; Bell, L.C.; Boss, M.A.; Boxerman, J.L.; Cen, S.; Cimino, L.; et al.
The QIBA Profile for Dynamic Susceptibility Contrast MRI Quantitative Imaging Biomarkers for Assessing Gliomas. Radiology
2024, 313, e232555. [CrossRef]

18. Tyurina, A.N.; Vikhrova, N.B.; Batalov, A.I.; Kalaeva, D.B.; Shults, E.I.; Postnov, A.A.; Pronin, I.N. Radiological Biomarkers of
Brain Gliomas. Zh. Vopr. Neirokhir. Im. N. N. Burdenko 2022, 86, 121–126. [CrossRef]

19. Shiroishi, M.S.; Weinert, D.; Cen, S.Y.; Varghese, B.; Dondlinger, T.; Prah, M.; Mendoza, J.; Nazemi, S.; Ameli, N.; Amini, N.;
et al. A Cross-Sectional Study to Test Equivalence of Low- versus Intermediate-Flip Angle Dynamic Susceptibility Contrast MRI
Measures of Relative Cerebral Blood Volume in Patients with High-Grade Gliomas at 1.5 Tesla Field Strength. Front. Oncol. 2023,
13, 1156843. [CrossRef]

https://doi.org/10.1093/neuonc/noae145
https://www.ncbi.nlm.nih.gov/pubmed/39371035
https://doi.org/10.1093/neuonc/nou087
https://www.ncbi.nlm.nih.gov/pubmed/24842956
https://doi.org/10.1007/s00401-016-1545-1
https://doi.org/10.1002/cncr.33918
https://doi.org/10.6004/jnccn.2020.0052
https://doi.org/10.3171/2021.3.JNS21134
https://doi.org/10.1007/s00701-020-04608-y
https://doi.org/10.1148/radiol.233120
https://doi.org/10.1111/jon.12687
https://doi.org/10.1002/jmri.28662
https://doi.org/10.1007/s00330-020-06702-2
https://www.ncbi.nlm.nih.gov/pubmed/32078014
https://doi.org/10.3390/cancers15072180
https://www.ncbi.nlm.nih.gov/pubmed/37046841
https://doi.org/10.1093/noajnl/vdac027
https://www.ncbi.nlm.nih.gov/pubmed/35386567
https://doi.org/10.3389/fonc.2021.648528
https://doi.org/10.1002/(SICI)1522-2586(200002)11:2%3C114::AID-JMRI6%3E3.0.CO;2-S
https://doi.org/10.3174/ajnr.A2312
https://doi.org/10.1148/radiol.232555
https://doi.org/10.17116/neiro202286061121
https://doi.org/10.3389/fonc.2023.1156843


Diagnostics 2025, 15, 896 20 of 23

20. Jain, R.; Poisson, L.; Narang, J.; Gutman, D.; Scarpace, L.; Hwang, S.N.; Holder, C.; Wintermark, M.; Colen, R.R.; Kirby, J.; et al.
Genomic Mapping and Survival Prediction in Glioblastoma: Molecular Subclassification Strengthened by Hemodynamic Imaging
Biomarkers. Radiology 2013, 267, 212–220. [CrossRef]

21. Pons-Escoda, A.; Garcia-Ruiz, A.; Naval-Baudin, P.; Martinez-Zalacain, I.; Castell, J.; Camins, A.; Vidal, N.; Bruna, J.; Cos, M.;
Perez-Lopez, R.; et al. Differentiating IDH-Mutant Astrocytomas and 1p19q-Codeleted Oligodendrogliomas Using DSC-PWI:
High Performance through Cerebral Blood Volume and Percentage of Signal Recovery Percentiles. Eur. Radiol. 2024, 34, 5320–5330.
[CrossRef] [PubMed]

22. Welker, K.; Boxerman, J.; Kalnin, A.; Kaufmann, T.; Shiroishi, M.; Wintermark, M. ASFNR Recommendations for Clinical
Performance of MR Dynamic Susceptibility Contrast Perfusion Imaging of the Brain. Am. J. Neuroradiol. 2015, 36, E41–E51.
[CrossRef] [PubMed]

23. Page, M.J.; McKenzie, J.E.; Bossuyt, P.M.; Boutron, I.; Hoffmann, T.C.; Mulrow, C.D.; Shamseer, L.; Tetzlaff, J.M.; Akl, E.A.;
Brennan, S.E.; et al. The PRISMA 2020 Statement: An Updated Guideline for Reporting Systematic Reviews. BMJ 2021, 372, n71.
[CrossRef] [PubMed]

24. Láinez Ramos-Bossini, A. Relative Cerebral Blood Volume Derived from Dynamic Contrast Enhancement Perfusion MRI in
Predicting IDH Mutation Status of Brain Gliomas. Protocol for a Systematic Review and Meta-Analysis. Syst. Rev. 2022, 16, 143.

25. Whiting, P.F.; Rutjes, A.W.S.; Westwood, M.E.; Mallett, S.; Deeks, J.J.; Reitsma, J.B.; Leeflang, M.M.G.; Sterne, J.A.C.; Bossuyt,
P.M.M. QUADAS-2: A Revised Tool for the Quality Assessment of Diagnostic Accuracy Studies. Ann. Intern. Med. 2011, 155,
529–536. [CrossRef]

26. Plot Digitizer. Free Online Tool. Available online: https://plotdigitizer.com/app (accessed on 2 February 2025).
27. Deeks, J.J.; Higgins, J.P.T.; Altman, D.G. (Eds.) Chapter 10: Analysing Data and Undertaking Meta-Analyses; Cochrane: London,

UK, 2023.
28. Higgins, J.P.T.; Li, T.; Deeks, J.J. (Eds.) Chapter 6: Choosing Effect Measures and Computing Estimates of Effect; Cochrane: London,

UK, 2021.
29. Wan, X.; Wang, W.; Liu, J.; Tong, T. Estimating the Sample Mean and Standard Deviation from the Sample Size, Median, Range

and/or Interquartile Range. BMC Med. Res. Methodol. 2014, 14, 135. [CrossRef]
30. Hanley, J.A.; McNeil, B.J. The Meaning and Use of the Area under a Receiver Operating Characteristic (ROC) Curve. Radiology

1982, 143, 29–36. [CrossRef]
31. Kawabata, E.; Major-Smith, D.; Clayton, G.L.; Shapland, C.Y.; Morris, T.P.; Carter, A.R.; Fernández-Sanlés, A.; Borges, M.C.;

Tilling, K.; Griffith, G.J.; et al. Accounting for Bias Due to Outcome Data Missing Not at Random: Comparison and Illustration of
Two Approaches to Probabilistic Bias Analysis: A Simulation Study. BMC Med. Res. Methodol. 2024, 24, 278. [CrossRef]

32. Hai, Y.; Qin, G. Direct Estimation of the Area under the Receiver Operating Characteristic Curve with Verification Biased Data.
Stat. Med. 2020, 39, 4789–4820. [CrossRef]

33. Zhou, X.; Obuchowski, N.; McClish, D. Statistical Methods in Diagnostic Medicine; John Wiley & Sons, Inc.: Hoboken, NJ, USA,
2002; ISBN 9780471347729.

34. Lainez Ramos-Bossini, A.J.; Lopez Zuniga, D.; Ruiz Santiago, F.; Láinez Ramos-Bossini, A.J.; López Zúñiga, D.; Ruiz Santiago, F.
Percutaneous Vertebroplasty versus Conservative Treatment and Placebo in Osteoporotic Vertebral Fractures: Meta-Analysis and
Critical Review of the Literature. Eur. Radiol. 2021, 31, 8542–8553. [CrossRef]

35. Láinez Ramos-Bossini, A.J.; Gámez Martínez, A.; Luengo Gómez, D.; Valverde-López, F.; Melguizo, C.; Prados, J. Prevalence
of Sarcopenia Determined by Computed Tomography in Pancreatic Cancer: A Systematic Review and Meta-Analysis of
Observational Studies. Cancers 2024, 16, 3356. [CrossRef] [PubMed]

36. Láinez Ramos-Bossini, A.J.; Gámez Martínez, A.; Luengo Gómez, D.; Valverde-López, F.; Morillo Gil, A.J.; González Flores, E.;
Salmerón Ruiz, Á.; Jiménez Gutiérrez, P.M.; Melguizo, C.; Prados, J. Computed Tomography-Based Sarcopenia and Pancreatic
Cancer Survival-A Comprehensive Meta-Analysis Exploring the Influence of Definition Criteria, Prevalence, and Treatment
Intention. Cancers 2025, 17, 607. [CrossRef] [PubMed]

37. Láinez Ramos-Bossini, A.; Jiménez Gutiérerz, P.; Moraleda Cabrera, B.; Bueno Caravacal, L.; González Díez, M.; Ruiz Santiago, F.
Risk of New Vertebral Compression Fractures and Serious Adverse Effects after Vertebroplasty. A Systematic, Critical Review
and Meta-Analysis of Randomized Controlled Trials. Quant. Imaging Med. Surg. 2024, 14, 7848–7861. [CrossRef]

38. Ahn, S.H.; Ahn, S.S.; Park, Y.W.; Park, C.J.; Lee, S.-K. Association of Dynamic Susceptibility Contrast- and Dynamic Contrast-
Enhanced Magnetic Resonance Imaging Parameters with Molecular Marker Status in Lower-Grade Gliomas: A Retrospective
Study. Neuroradiol. J. 2023, 36, 49–58. [CrossRef]

39. Brendle, C.; Klose, U.; Hempel, J.-M.; Schittenhelm, J.; Skardelly, M.; Tabatabai, G.; Ernemann, U.; Bender, B. Association of
Dynamic Susceptibility Magnetic Resonance Imaging at Initial Tumor Diagnosis with the Prognosis of Different Molecular Glioma
Subtypes. Neurol. Sci. 2020, 41, 3625–3632. [CrossRef]

https://doi.org/10.1148/radiol.12120846
https://doi.org/10.1007/s00330-024-10611-z
https://www.ncbi.nlm.nih.gov/pubmed/38282078
https://doi.org/10.3174/ajnr.A4341
https://www.ncbi.nlm.nih.gov/pubmed/25907520
https://doi.org/10.1136/bmj.n71
https://www.ncbi.nlm.nih.gov/pubmed/33782057
https://doi.org/10.7326/0003-4819-155-8-201110180-00009
https://plotdigitizer.com/app
https://doi.org/10.1186/1471-2288-14-135
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.1186/s12874-024-02382-4
https://doi.org/10.1002/sim.8753
https://doi.org/10.1007/s00330-021-08018-1
https://doi.org/10.3390/cancers16193356
https://www.ncbi.nlm.nih.gov/pubmed/39409977
https://doi.org/10.3390/cancers17040607
https://www.ncbi.nlm.nih.gov/pubmed/40002202
https://doi.org/10.21037/qims-24-396
https://doi.org/10.1177/19714009221098369
https://doi.org/10.1007/s10072-020-04474-7


Diagnostics 2025, 15, 896 21 of 23

40. Choi, K.S.; Choi, S.H.; Jeong, B. Prediction of IDH Genotype in Gliomas with Dynamic Susceptibility Contrast Perfusion MR
Imaging Using an Explainable Recurrent Neural Network. Neuro Oncol. 2019, 21, 1197–1209. [CrossRef]

41. Cindil, E.; Sendur, H.N.; Cerit, M.N.; Erdogan, N.; Celebi, F.; Dag, N.; Celtikci, E.; Inan, A.; Oner, Y.; Tali, T. Prediction of IDH
Mutation Status in High-Grade Gliomas Using DWI and High T1-Weight DSC-MRI. Acad. Radiol. 2022, 29, S52–S62. [CrossRef]

42. Guo, L.; Li, X.; Cao, H.; Hua, J.; Mei, Y.; Pillai, J.J.; Wu, Y. Inflow-Based Vascular-Space-Occupancy (IVASO) Might Potentially
Predict IDH Mutation Status and Tumor Grade in Diffuse Cerebral Gliomas. J. Neuroradiol. 2022, 49, 267–274. [CrossRef]

43. Brendle, C.; Hempel, J.-M.; Schittenhelm, J.; Skardelly, M.; Tabatabai, G.; Bender, B.; Ernemann, U.; Klose, U. Glioma Grading
and Determination of IDH Mutation Status and ATRX Loss by DCE and ASL Perfusion. Clin. Neuroradiol. 2018, 28, 421–428.
[CrossRef]

44. Hong, E.K.; Choi, S.H.; Shin, D.J.; Jo, S.W.; Yoo, R.-E.; Kang, K.M.; Yun, T.J.; Kim, J.; Sohn, C.-H.; Park, S.-H.; et al. Comparison of
Genetic Profiles and Prognosis of High-Grade Gliomas Using Quantitative and Qualitative MRI Features: A Focus on G3 Gliomas.
Korean J. Radiol. 2021, 22, 233–242. [CrossRef]

45. Kickingereder, P.; Bonekamp, D.; Nowosielski, M.; Kratz, A.; Sill, M.; Burth, S.; Wick, A.; Eidel, O.; Schlemmer, H.-P.; Radbruch,
A.; et al. Radiogenomics of Glioblastoma: Machine Learning-Based Classification of Molecular Characteristics by Using
Multiparametric and Multiregional MR Imaging Features. Radiology 2016, 281, 907–918. [CrossRef] [PubMed]

46. Lee, S.; Choi, S.H.; Ryoo, I.; Yoon, T.J.; Kim, T.M.; Lee, S.-H.; Park, C.-K.; Kim, J.-H.; Sohn, C.-H.; Park, S.-H.; et al. Evaluation
of the Microenvironmental Heterogeneity in High-Grade Gliomas with IDH1/2 Gene Mutation Using Histogram Analysis
of Diffusion-Weighted Imaging and Dynamic-Susceptibility Contrast Perfusion Imaging. J. Neurooncol. 2015, 121, 141–150.
[CrossRef] [PubMed]

47. Lee, M.K.; Park, J.E.; Jo, Y.; Park, S.Y.; Kim, S.J.; Kim, H.S. Advanced Imaging Parameters Improve the Prediction of Diffuse
Lower-Grade Gliomas Subtype, IDH Mutant with No 1p19q Codeletion: Added Value to the T2/FLAIR Mismatch Sign. Eur.
Radiol. 2020, 30, 844–854. [CrossRef] [PubMed]

48. Lee, M.H.; Kim, J.; Kim, S.-T.; Shin, H.-M.; You, H.-J.; Choi, J.W.; Seol, H.J.; Nam, D.-H.; Lee, J.-I.; Kong, D.-S. Prediction of IDH1
Mutation Status in Glioblastoma Using Machine Learning Technique Based on Quantitative Radiomic Data. World Neurosurg.
2019, 125, e688–e696. [CrossRef]

49. Lu, J.; Li, X.; Li, H. Perfusion Parameters Derived from MRI for Preoperative Prediction of IDH Mutation and MGMT Promoter
Methylation Status in Glioblastomas. Magn. Reson. Imaging 2021, 83, 189–195. [CrossRef]

50. Ozturk, K.; Soylu, E.; Tolunay, S.; Narter, S.; Hakyemez, B. Dynamic Contrast-Enhanced T1-Weighted Perfusion Magnetic
Resonance Imaging Identifies Glioblastoma Immunohistochemical Biomarkers via Tumoral and Peritumoral Approach: A Pilot
Study. World Neurosurg. 2019, 128, e195–e208. [CrossRef]

51. Pruis, I.J.; Koene, S.R.; van der Voort, S.R.; Incekara, F.; Vincent, A.J.P.E.; van den Bent, M.J.; Lycklama À Nijeholt, G.J.;
Nandoe Tewarie, R.D.S.; Veldhuijzen van Zanten, S.E.M.; Smits, M. Noninvasive Differentiation of Molecular Subtypes of Adult
Nonenhancing Glioma Using MRI Perfusion and Diffusion Parameters. Neurooncol. Adv. 2022, 4, vdac023. [CrossRef]

52. Prysiazhniuk, Y.; Server, A.; Leske, H.; Bech-Aase, Ø.; Helseth, E.; Eijgelaar, R.S.; Fuster-García, E.; Brandal, P.; Bjørnerud, A.;
Otáhal, J.; et al. Diffuse Glioma Molecular Profiling with Arterial Spin Labeling and Dynamic Susceptibility Contrast Perfusion
MRI: A Comparative Study. Neurooncol. Adv. 2024, 6, vdae113. [CrossRef]

53. Song, S.; Wang, L.; Yang, H.; Shan, Y.; Cheng, Y.; Xu, L.; Dong, C.; Zhao, G.; Lu, J. Static (18)F-FET PET and DSC-PWI Based on
Hybrid PET/MR for the Prediction of Gliomas Defined by IDH and 1p/19q Status. Eur. Radiol. 2021, 31, 4087–4096. [CrossRef]

54. Tan, W.; Xiong, J.; Huang, W.; Wu, J.; Zhan, S.; Geng, D. Noninvasively Detecting Isocitrate Dehydrogenase 1 Gene Status in
Astrocytoma by Dynamic Susceptibility Contrast MRI. J. Magn. Reson. Imaging 2017, 45, 492–499. [CrossRef]

55. Zhang, H.-W.; Lyu, G.-W.; He, W.-J.; Lei, Y.; Lin, F.; Wang, M.-Z.; Zhang, H.; Liang, L.-H.; Feng, Y.-N.; Yang, J.-H. DSC and DCE
Histogram Analyses of Glioma Biomarkers, Including IDH, MGMT, and TERT, on Differentiation and Survival. Acad. Radiol.
2020, 27, e263–e271. [CrossRef] [PubMed]

56. van Santwijk, L.; Kouwenberg, V.; Meijer, F.; Smits, M.; Henssen, D. A Systematic Review and Meta-Analysis on the Differentiation
of Glioma Grade and Mutational Status by Use of Perfusion-Based Magnetic Resonance Imaging. Insights Imaging 2022, 13, 102.
[CrossRef] [PubMed]

57. Hilario, A.; Hernandez-Lain, A.; Sepulveda, J.M.; Lagares, A.; Perez-Nuñez, A.; Ramos, A. Perfusion MRI Grading Diffuse
Gliomas: Impact of Permeability Parameters on Molecular Biomarkers and Survival. Neurocirugia (Engl. Ed.) 2019, 30, 11–18.
[CrossRef]

58. Siakallis, L.; Topriceanu, C.-C.; Panovska-Griffiths, J.; Bisdas, S. The Role of DSC MR Perfusion in Predicting IDH Mutation and
1p19q Codeletion Status in Gliomas: Meta-Analysis and Technical Considerations. Neuroradiology 2023, 65, 1111–1126. [CrossRef]

https://doi.org/10.1093/neuonc/noz095
https://doi.org/10.1016/j.acra.2021.02.002
https://doi.org/10.1016/j.neurad.2021.01.002
https://doi.org/10.1007/s00062-017-0590-z
https://doi.org/10.3348/kjr.2020.0011
https://doi.org/10.1148/radiol.2016161382
https://www.ncbi.nlm.nih.gov/pubmed/27636026
https://doi.org/10.1007/s11060-014-1614-z
https://www.ncbi.nlm.nih.gov/pubmed/25205290
https://doi.org/10.1007/s00330-019-06395-2
https://www.ncbi.nlm.nih.gov/pubmed/31446467
https://doi.org/10.1016/j.wneu.2019.01.157
https://doi.org/10.1016/j.mri.2021.09.005
https://doi.org/10.1016/j.wneu.2019.04.089
https://doi.org/10.1093/noajnl/vdac023
https://doi.org/10.1093/noajnl/vdae113
https://doi.org/10.1007/s00330-020-07470-9
https://doi.org/10.1002/jmri.25358
https://doi.org/10.1016/j.acra.2019.12.010
https://www.ncbi.nlm.nih.gov/pubmed/31983532
https://doi.org/10.1186/s13244-022-01230-7
https://www.ncbi.nlm.nih.gov/pubmed/35670981
https://doi.org/10.1016/j.neucie.2018.06.001
https://doi.org/10.1007/s00234-023-03154-5


Diagnostics 2025, 15, 896 22 of 23

59. Leu, K.; Boxerman, J.L.; Ellingson, B.M. Effects of MRI Protocol Parameters, Preload Injection Dose, Fractionation Strategies, and
Leakage Correction Algorithms on the Fidelity of Dynamic-Susceptibility Contrast MRI Estimates of Relative Cerebral Blood
Volume in Gliomas. Am. J. Neuroradiol. 2017, 38, 478–484. [CrossRef]

60. Cha, S.; Knopp, E.A.; Johnson, G.; Wetzel, S.G.; Litt, A.W.; Zagzag, D. Intracranial Mass Lesions: Dynamic Contrast-Enhanced
Susceptibility-Weighted Echo-Planar Perfusion MR Imaging. Radiology 2002, 223, 11–29. [CrossRef]

61. Boxerman, J.L.; Schmainda, K.M.; Weisskoff, R.M. Relative Cerebral Blood Volume Maps Corrected for Contrast Agent Extrava-
sation Significantly Correlate with Glioma Tumor Grade, Whereas Uncorrected Maps Do Not. Am. J. Neuroradiol. 2006, 27,
859–867.

62. Boxerman, J.L.; Quarles, C.C.; Hu, L.S.; Erickson, B.J.; Gerstner, E.R.; Smits, M.; Kaufmann, T.J.; Barboriak, D.P.; Huang, R.H.;
Wick, W.; et al. Consensus Recommendations for a Dynamic Susceptibility Contrast MRI Protocol for Use in High-Grade Gliomas.
Neuro Oncol. 2020, 22, 1262–1275. [CrossRef]

63. Alger, J.R.; Schaewe, T.J.; Lai, T.C.; Frew, A.J.; Vespa, P.M.; Etchepare, M.; Liebeskind, D.S.; Saver, J.L.; Kidwell, S.C. Contrast
Agent Dose Effects in Cerebral Dynamic Susceptibility Contrast Magnetic Resonance Perfusion Imaging. J. Magn. Reson. Imaging
2009, 29, 52–64. [CrossRef]

64. Wang, C.; Liu, F.; Zhang, L.; Song, Y.; Pan, Z.; Li, G.; Bian, H.; Yuan, X. Comparison of Normalized Cerebral Blood Flow between
Different Post-Processing Methods of Dynamic Susceptibility Contrast Perfusion-Weighted Imaging and Arterial Spin Labeling
in Gliomas with Different Grading. Quant. Imaging Med. Surg. 2024, 14, 8720–8733. [CrossRef]

65. Yao, Y.; Gu, S.; Liu, J.; Li, J.; Wu, J.; Luo, T.; Li, Y.; Ge, B.; Wang, J. Comparison of Three Algorithms for Predicting Infarct Volume in
Patients with Acute Ischemic Stroke by CT Perfusion Software: Bayesian, CSVD, and OSVD. Diagnostics 2023, 13, 1810. [CrossRef]
[PubMed]

66. Vankayalapati, S.; Kulanthaivelu, K.; Lanka, V.; Chakrabarti, D.; Saini, J.; Bhat, M.; Prasad, C.; Pendharkar, H.; Kotwal, A.; Mangla,
R.; et al. Quantitative Characterization of Tumoural Leakage Phenomena Using Dynamic Susceptibility Contrast Perfusion
Imaging. Res. Sq. 2021. [CrossRef]

67. Kudo, K.; Uwano, I.; Hirai, T.; Murakami, R.; Nakamura, H.; Fujima, N.; Yamashita, F.; Goodwin, J.; Higuchi, S.; Sasaki, M.
Comparison of Different Post-Processing Algorithms for Dynamic Susceptibility Contrast Perfusion Imaging of Cerebral Gliomas.
Magn. Reson. Med. Sci. 2017, 16, 129–136. [CrossRef]

68. Chelebian, E.; Fuster-Garcia, E.; Álvarez-Torres, M.D.M.; Juan-Albarracín, J.; García-Gómez, J.M. Higher Vascularity at Infiltrated
Peripheral Edema Differentiates Proneural Glioblastoma Subtype. PLoS ONE 2020, 15, e0232500. [CrossRef]

69. Del Mar Álvarez-Torres, M.; Fuster-García, E.; Juan-Albarracín, J.; Puig, J.; Balaña, C.; Capellades, J.; Emblem, K.E.; García-Gómez,
J.M. Differential Effect of MGMT Methylation between Moderate or High Vascular Profile in IDH Wildtype Glioblastoma. Cancer
Res. 2021, 81, 2654. [CrossRef]

70. Del Mar Álvarez-Torres, M.; Juan-Albarracín, J.; Fuster-Garcia, E.; Bellvís-Bataller, F.; Lorente, D.; Reynés, G.; Font de Mora, J.;
Aparici-Robles, F.; Botella, C.; Muñoz-Langa, J.; et al. Robust Association between Vascular Habitats and Patient Prognosis in
Glioblastoma: An International Multicenter Study. J. Magn. Reson. Imaging 2020, 51, 1478–1486. [CrossRef]

71. Álvarez-Torres, M.D.M.; López-Cerdán, A.; Andreu, Z.; de la Iglesia Vayá, M.; Fuster-Garcia, E.; García-García, F.; García-
Gómez, J.M. Vascular Differences between IDH-Wildtype Glioblastoma and Astrocytoma IDH-Mutant Grade 4 at Imaging and
Transcriptomic Levels. NMR Biomed. 2023, 36, e5004. [CrossRef]

72. Emblem, K.E.; Due-Tonnessen, P.; Hald, J.K.; Bjornerud, A.; Pinho, M.C.; Scheie, D.; Schad, L.R.; Meling, T.R.; Zoellner, F.G.
Machine Learning in Preoperative Glioma MRI: Survival Associations by Perfusion-Based Support Vector Machine Outperforms
Traditional MRI. J. Magn. Reson. Imaging 2014, 40, 47–54. [CrossRef]

73. Mayerhoefer, M.E.; Materka, A.; Langs, G.; Häggström, I.; Szczypiński, P.; Gibbs, P.; Cook, G. Introduction to Radiomics. J. Nucl.
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