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Introduction and thesis outline

Gliomas

Primary central nervous system (CNS) tumors rank as the eighth most common 
cancer in adults, with diffuse gliomas being the most frequent type of intra-axial 
malignant tumors1. Gliomas are thought to arise from neural stem or progenitor 
cells, though their exact etiology and contributing factors remain unknown2. 
Symptoms of gliomas are often nonspecific; headaches are more common in 
high-grade gliomas, while seizures are typical for low-grade gliomas1. Despite 
improvements in patient management aimed at early diagnosis, effective treat-
ment, and continuous monitoring, outcomes remain poor. The median survival 
for glioblastoma, the most common and malignant subtype of adult-type diffuse 
gliomas, is approximately 12 months, while for low- and intermediate-grade 
gliomas, survival can range from 1 to 15 years1,3.

Recent advancements in neuro-oncology have shed light on the complex mo-
lecular mechanisms driving glioma oncogenesis, significantly influencing pa-
tient outcomes, including disease progression and treatment responses. The 
World Health Organization (WHO) classification for CNS tumors incorporated 
these molecular alterations to more accurately identify glioma subtypes, start-
ing from its fourth edition in 20164. The final fifth edition of this classification, 
published in 2021, divides gliomas into three main categories: adult-type diffuse 
gliomas, pediatric-type diffuse low- and high-grade gliomas, and circumscribed 
astrocytic gliomas. Each group requires testing for specific molecular changes, 
with isocitrate dehydrogenase (IDH) mutations being critical for adult-type 
diffuse gliomas5.

Adult-type diffuse gliomas are further classified into glioblastoma, IDH-wild-
type, astrocytoma, IDH-mutant, and oligodendroglioma, IDH-mutant and 
1p/19q-codeleted5. This subtyping corresponds to patient outcomes and guides 
treatment strategies. Histological features are still used for further grading 
within these subtypes. For example, necrosis and vascular proliferation define 
grade 3 in oligodendrogliomas and grade 4 in astrocytomas. However, molec-
ular alterations now take precedence over histological features. For instance, 
a microscopically low-grade IDH-wildtype diffuse glioma, which lacks necrosis 
or vascular proliferation but shows molecular markers such as gain of chromo-
some 7 and loss of chromosome 10, telomerase reverse transcriptase promoter 
mutation, or epidermal growth factor receptor amplification, is reclassified as 

1
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grade 4 glioblastoma, IDH-wildtype. Additionally, the homozygous deletion of 
cyclin-dependent kinase inhibitor 2A/2B in astrocytomas automatically clas-
sifies the tumor as grade 4, regardless of histological features1,5.

 Magnetic resonance imaging (MRI) in glioma management

MRI is fundamental to managing glioma, serving as the primary non-invasive 
modality for detecting and characterizing these infiltrative brain tumors by 
providing structural and physiological insights from initial diagnosis to treat-
ment planning and post-treatment monitoring6,7. MRI methods can be cate-
gorized into two complementary approaches: conventional and advanced8,9. 
Conventional MRI includes pre-contrast T1-weighted, T2-weighted, T2-FLAIR, 
and post-contrast-T1 weighted sequences, which offer detailed information on 
tumor morphology, such as location, necrosis, or enhancement pattern6. Ad-
vanced MRI techniques offer additional physiological insights into gliomas10,11. 
For instance, diffusion-weighted imaging (DWI) provides insight into cellular 
density12, magnetic resonance spectroscopy (MRS) reveals the tumor’s chemi-
cal composition13, and dynamic susceptibility contrast perfusion imaging (DSC-
MRI) assesses the vascular structure of the tumor14.

Glioma MRI follows a structured, standardized brain tumor imaging protocol 
(BTIP) to ensure consistency and generalizability. Conventional MRI, includ-
ing post-contrast T1-weighted images, and DWI are the core components of 
the BTIP. The interpretation and reporting of glioma MRI are further standard-
ized through the Visually Accessible Rembrandt Images (VASARI) set, which 
provides a common language for describing glioma characteristics, such as 
enhancement features or diffusion properties15. Importantly, the response 
assessment in neuro-oncology criteria (RANO)7 reinforce the necessity of 
MRI evaluation, alongside clinical findings and steroid treatment dose, in the 
post-treatment decision-making process.

 Gadolinium-based contrast agents (GBCAs) as MRI contrast media

GBCAs have been the most widely used MRI contrast media since their intro-
duction nearly four decades ago. These agents contain gadolinium, a rare earth 
element with seven unpaired electrons, which makes them highly effective 
in accelerating proton relaxation and increasing T1-weighted signal intensity 
in regions with a disrupted blood-brain barrier16. Of the seven FDA-approved 
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GBCAs, gadobutrol and gadoterate meglumine are the most commonly used 
in neuro-oncological imaging. Post-contrast T1-weighted sequence utilizing 
GBCA is integral to MRI protocols for glioma imaging, with the RANO 2.0 criteria 
identifying them as the most sensitive and reliable MRI sequence for assess-
ing the treatment response, particularly in high-grade gliomas6,7. Furthermore, 
DSC-MRI, a widely used perfusion imaging technique, also uses GBCAs for 
glioma evaluation10.

 Implications of GBCAs

GBCAs are associated with various safety, environmental, and economic im-
plications, necessitating careful consideration. Their safety concerns include 
allergic-like reactions, nephrogenic systemic fibrosis, and gadolinium deposi-
tion16,17. Acute allergic-like reactions are the most common, typically mild, but 
severe cases can occur infrequently. Nephrogenic systemic fibrosis, a rare yet 
potentially fatal condition, primarily affects patients with chronic kidney dis-
ease or acute kidney injury. Gadolinium deposition in the body, including the 
brain, has been observed even in patients with normal renal function, although 
its clinical impact remains unclear16,18. In response to these risks, the European 
Medicines Agency has restricted certain GBCAs, and clinical guidelines empha-
size the need for scrutinized clinical justification for their use16,18–20. Additionally, 
special precautions are required when using GBCAs in vulnerable populations, 
such as pregnant or breastfeeding women and children, due to uncertain risk 
profiles21–24.

Environmental implications are also significant, as gadolinium contamination 
of water bodies, called anthropogenic gadolinium, has been documented due 
to the disposal and excretion of GBCAs. This contamination negatively affects 
aquatic organisms, including plants and marine life25–27. Anthropogenic gado-
linium has been detected in drinking water in countries such as Germany and 
Poland within Europe and in the surface waters of different canals and rivers 
in the Netherlands, raising concerns about potential adverse health effects 
on the human population28–31. Economically, using GBCAs contributes to the 
financial burden on healthcare systems. A cost-effectiveness analysis by Crow-
son et al.32 found that incorporating GBCAs into MRI protocols for vestibular 
schwannoma resulted in a significant cost escalation from $2872 to $4089. The 

1
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economic considerations surrounding GBCAs also influence their usage in 
low- and middle-income countries, where MRI consumables are often limited33.

 The GLIOCARE project

GLIOCARE project (medical ethics review committee number: VUmc_2021-
0437), which stands for “Glioma Imaging Omitting Contrast through Artificial 
Intelligence and Risk Evaluation,” focuses on replacing GBCA-enhanced MRI 
with non-contrast MRI techniques, such as pre-contrast conventional MRI, 
DWI, arterial spin labeling (ASL) and amide-proton transfer chemical exchange 
saturation transfer (APT-CEST), for glioma imaging. This project has retrospec-
tive and prospective arms relying on human-rater performance and artificial 
intelligence (AI) analysis. The retrospective arm using human rater performance 
via conventional pre-contrast MRI sequences and DWI is a central focus of 
this thesis.

 The research hypothesis for this thesis

Despite known risks to patient safety, economic concerns, and the need for 
careful risk-benefit assessment in vulnerable populations, GBCA-enhanced MRI 
remains the standard for glioma imaging supported by protocols like BTIP6 and 
RANO criteria7. Yet, the evidence justifying this practice is surprisingly limited. 
Traditionally, contrast enhancement was associated with high-grade gliomas. 
However, research shows that enhancement is not exclusive to high-grade 
tumors as low-grade tumors may also enhance, and high-grade gliomas may 
lack enhancement34,35. This variability raises questions about the necessity 
and superiority of contrast-enhanced imaging, as hardly any literature demon-
strates its clear advantage over GBCA-free imaging.

The RANO 2.0 criteria7 underscore the importance of T2-weighted and FLAIR 
images in post-treatment evaluations. However, these are limited to non-en-
hancing gliomas, and post-contrast T1-weighted images remain the benchmark 
for enhancing tumors. Advances in AI have shown potential in generating syn-
thetic post-contrast images from GBCA-free scans36, but these innovations 
have yet to translate into clinical practice. Moreover, human raters’ potential for 
predicting enhancement features or diagnostic information using pre-contrast 
images has not been investigated.
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Given these issues, there is a growing interest in exploring the diagnostic po-
tential of GBCA-free imaging in neuro-oncology. This thesis hypothesizes that 
human raters can make accurate diagnostic assessments based solely on 
GBCA-free images and that all imaging features typically seen in contrast-en-
hanced images can be inferred through a structured analysis of pre-contrast 
images.

 Thesis aims and outline

The overall aim of this thesis is to assess the role of GBCAs in the management 
of adult-type diffuse glioma patients by evaluating the predictive accuracy of 
human raters using GBCA-free MRI techniques and exploring whether non-con-
trast MRI can safely replace contrast-enhanced MRI without compromising 
diagnostic precision. In Chapter 2, based on a comprehensive literature review, 
I provide state-of-the-art information on the current and future opportunities 
and challenges related to omitting or reducing GBCAs in primary brain tumors. 
In Chapter 3, I evaluate the performance of the VASARI set, a standardized 
glioma imaging vocabulary, through a systematic review and meta-analysis, 
as it has been utilized to develop human prediction algorithms in this thesis. 
In Chapter 4, I aim to determine whether the contrast enhancement patterns 
of gliomas, indicative of blood-brain barrier disruption, can be accurately pre-
dicted by human raters using GBCA-free MRI. In Chapter 5, I assess the pre-
operative diagnostic accuracy of human raters for adult-type diffuse glioma 
subtypes by directly comparing GBCA-free MRI with GBCA-enhanced MRI. In 
Chapter 6, I evaluate the application of DWI, a GBCA-free imaging technique, 
in preoperative glioma management by comparing visual and region-of-inter-
est-based assessments to analyze their correlation, reproducibility, and impact 
on diagnostic decision-making. Finally, in Chapter 7, I summarize and discuss all 
the studies this thesis presents in the context of current literature, presenting 
alternative approaches and emphasizing future implications.

1
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Chapter 2

ABSTRACT

Gadolinium-based contrast agents (GBCAs) form the cornerstone of current 
primary brain tumor MRI protocols at all stages of the patient journey. Though 
an imperfect measure of tumor grade, GBCAs are repeatedly used for diagnosis 
and monitoring. In practice, however, radiologists will encounter situations 
where GBCA injection is not needed or of doubtful benefit. Reducing GBCA 
administration could improve the patient burden of (repeated) imaging (espe-
cially in vulnerable patient groups such as children), minimize risks of putative 
side effects, and benefit costs, logistics, and the environmental footprint. On 
the basis of the current literature, imaging strategies to reduce GBCA exposure 
for pediatric and adult patients with primary brain tumors will be reviewed. 
Early postoperative MRI and fixed-interval imaging of gliomas are examples 
of GBCA exposure with uncertain survival benefits. Half-dose GBCAs for gli-
omas and T2-weighted imaging alone for meningiomas are among options to 
reduce GBCA use. While most imaging guidelines recommend using GBCAs at 
all stages of diagnosis and treatment, non–contrast-enhanced sequences, such 
as the arterial spin labeling, have shown a great potential. Artificial intelligence 
methods to generate synthetic postcontrast images from decreased-dose or 
non-GBCA scans have shown promise to replace GBCA-dependent approach-
es. This review is focused on pediatric and adult gliomas and meningiomas. 
Special attention is paid to the quality and real-life applicability of the reviewed 
literature.
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Brain Tumor Imaging without Gadolinium-based Contrast Agents: Feasible or Fantasy?

 Summary

Dose reduction and clinically driven imaging are measures to reduce gadolin-
ium-based contrast agent exposure in primary brain tumor imaging without a 
negative impact on patient care; advanced MRI and artificial intelligence tech-
niques will expand options for contrast agent-free imaging even more.

Essentials

● Some glioma imaging guidelines include suggestions on how to limit imag-
ing frequency and gadolinium-based contrast agent (GBCA) use for select 
cases.

● Several studies have shown that GBCA dose reduction to 50-75% of the 
standard dose does not compromise diagnostic quality in gliomas and me-
ningiomas.

● Contrast-enhanced (CE) MRI may provide hardly any additional information 
in pediatric lesions, according to retrospective studies.

● Advanced MR techniques, including diffusion-weighted imaging, amide-pro-
ton transfer chemical exchange saturation transfer, MR spectroscopy, and 
arterial spin labeling, seem to be promising alternatives to CE sequences.

● Synthetic postcontrast images generated using artificial intelligence from 
decreased-dose or non-GBCA sequences are promising alternatives to stan-
dard GBCA-enhanced scans.

2
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Chapter 2

 INTRODUCTION

An MRI protocol for primary brain tumor imaging without contrast-enhanced 
(CE) sequences is generally considered insufficient for diagnostic purposes 
(1). By administering gadolinium-based contrast agents (GBCA), T1-weighted 
CE images help delineate lesion borders, differentiate entities, and evaluate 
therapies. The most frequently used brain perfusion technique, dynamic-sus-
ceptibility contrast (DSC) MRI, relies on GBCA injection (Fig. 1).

Figure 1: T2 fluid-attenuated inversion-recovery (FLAIR) images, contrast-enhanced T1-weighted 

(CE-T1w) images, and dynamic susceptibility contrast perfusion relative cerebral blood volume 

(rCBV) maps are pillars of primary brain tumor assessment. The example illustrates the inde-

pendent value and behavior of all three sequences in a patient with isocitrate dehydrogenase 

wildtype glioblastoma after first-line therapy who presented for follow-up 3 months after the 

end of therapy (week 1). The right basal ganglia showed new hyperintensity (white arrow, week 

1), and thus, 39 weeks before subtle contrast enhancement was observed (orange arrow, week 

39) and 52 weeks before cerebral blood flow rose in the area (green arrow). Note that the brain 

areas affected differ between sequences.
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Health concerns caused by GBCA injection (objectifiable or subjective), patient 
comfort, and cost stimulate the search for GBCA-reduced and often shorter 
MRI protocols in neuro-oncological patients (2). Against the backdrop of pro-
longed survival and longer follow-up periods, particularly in children and adults 
with slow-growing lower-grade brain tumors, the introduction of reduced-GBCA 
imaging is clinically desired.

This review covers alternative image acquisition and evaluation methods for 
primary brain tumor subtyping, therapy planning, and follow-up to reduce GBCA 
exposure in neuro-oncology (Fig. 2). 

Figure 2: Diagram shows that radiologic evaluation practices (also expressed in guidelines), gado-

linium-based contrast agent (GBCA)-free advanced MRI sequences, and artificial intelligence are 

the three pillars to help reduce GBCA use at all stages of neuro-oncologic MRI-based diagnostics.

2
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The accuracy of radiologists and surgeons relying only on GBCA-free (or re-
duced) images is examined, as well as guideline recommendations on GBCA 
usage and imaging intervals. We also consider advanced MR imaging tech-
niques probing tumor physiology and metabolism and artificial intelligence 
applications, allowing diagnostic predictions from GBCA-free images and the 
creation of synthetic CE images. Outside the scope of this review are other im-
aging modalities, such as PET, and initial differential diagnostic considerations 
requiring GBCA administration, such as infectious or inflammatory conditions 
or brain metastasis. Gliomas and meningiomas are the primary focus of this 
review.

We aim to provide state-of-the-art information for clinicians regarding present 
and future opportunities and challenges of GBCA reduction in primary brain 
tumor imaging. For a general overview of GBCA reduction in neuroradiology, 
we refer to the article by Falk Delgado et al. (3).

 ME THODS

Re search articles

This nonsystematic literature review includes studies published between 
January 2008 and March 2023 selected by teams of experts responsible for 
subtopics and who searched for original articles and related meta-analyses 
and systematic reviews. Selected articles had to explicitly or implicitly present 
solutions to avoid or reduce GBCA use in primary brain tumor diagnostic MRI 
at various disease stages except for the differential diagnosis of the first MRI 
examination. Due to their publication date, most studies cannot adhere to the 
2021 World Health Organization (WHO) classification of brain tumors (4).

All authors were free in their search techniques, but PubMed was the recom-
mended search tool. Potentially relevant articles were collected in a cloud 
online, read in full text, and evaluated for scope and inclusion criteria. Full-text 
reading also provided further search terms and potentially relevant articles. 
The most relevant articles were selected in consensus using the Standard for 
Reporting Diagnostic Accuracy 2015 and Checklist for Artificial Intelligence in 
Medical Imaging, where appropriate.
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Appendix S1 elaborates on the method, with results depicted in Table S1 and 
Figure 3.

Guidelines

National and society guidelines on glioma and meningioma imaging were se-
lected to allow global representation where possible, which involved inquiries 
for guideline use by contacting colleagues at several international organiza-
tions, such as the European Society for Magnetic Resonance in Medicine and 
Biology Consortium for Advancement of MRI Education and Research in Africa 
(5), or ESMRMB CAMERA working group, and the use of DeepL software (6) for 
automated translation where necessary.

Figure 3: Flowchart visualizes the literature search conducted to shape the content of this review. 

Studies that did not contain a head-to-head comparison of a gadolinium-based contrast agent 

(GBCA)–dependent technique and a GBCA-free (or reduced) technique were considered less 

relevant. AI = artificial intelligence.

2

Aynur Azizova_BNWv1.indd   25Aynur Azizova_BNWv1.indd   25 30-04-2025   18:0430-04-2025   18:04



26

Chapter 2

RESULTS

Guidelines and Standard Radiological Evaluation

Review of guidelines

We analyzed 14 national and eight international society guidelines regarding 
imaging practice in pediatric and adult patients with glioma and meningio-
ma, aiming for representation of all global regions (Table 1). For several world 
regions and nations, imaging guidelines were, however, not traceable. In the 
analyzed guidelines, we found limited evidence supporting GBCA-free follow-up 
or less-frequent scanning.
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Most guidelines recommend MRI with GBCA enhancement at all stages of diag-
nosis and treatment. Several glioma guidelines mention the lack of high-quality 
evidence for the optimal follow-up frequency (eg, National Institutes of Health 
and Care Excellence, or NICE, from the United Kingdom; guidelines of Spain; 
and European Association of Neuro-Oncology, or EANO). EANO guidelines sug-
gest that longer follow-up intervals are appropriate for patients with stable 
low-grade glioma (LGG) (WHO grade I or II), with additional MRI examinations 
only for new symptoms (1). NICE guidelines discuss possible disadvantages 
of frequent scanning follow-up, such as increased patient anxiety and costs. 
Danish guidelines suggest skipping early postoperative imaging (<48 hours) 
for nonenhancing gliomas due to the difficulty in evaluating nonenhancing 
residual tumors and instead suggest assessing the resection completeness 
only after 12 weeks (7). Response Assessment in Pediatric Neuro-Oncology 
guidelines propose that GBCA-free follow-up imaging could be considered in 
nonenhancing pediatric LGG (8).

Regarding meningiomas, EANO and Danish guidelines suggest a GBCA-free 
follow-up of small asymptomatic meningiomas relying on the measurements on 
T2-weighted images only (9,10). MRI intervals could also be extended to biennial 
in WHO grade I meningiomas after stable annual follow-up for 5 years (9,10).

Tumor subtype differentiation in adults

A GBCA dose reduction down to 50% and 75% of the suggested 0.1 mmol/ kg 
standard dose was shown to not affect the diagnostic visibility of both gliomas 
and meningiomas in two prospective trials using several GBCA types (n = 141 
and n = 352) (11,12).

There need to be more studies focusing on glioma subtype differentiation with-
out GBCAs. A 2010 study compared the diagnostic accuracy of GBCA-free imag-
ing with standard imaging to differentiate LGG (n = 16) from high-grade glioma 
(HGG) (WHO grade III or IV; n = 32) (13). Areas under the receiver operating char-
acteristic curve (AUCs) were 0.95 and 0.94, respectively. This study stressed 
the relevance of susceptibility-weighted imaging-based identification of mi-
crobleeds to discriminate LGG from HGG. The ratio of mean apparent diffusion 
coefficient of tumor to normal-appearing white matter at diffusion-weighted 
imaging was found to be the strongest single predictor for glioma isocitrate 
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dehydrogenase status in another study (AUC, 0.83 compared with AUC of 0.65 
for enhancement pattern; n = 290) (14). However, the enhancement pattern was 
valuable in a combined feature prediction model (14). A small retrospective 
study (n = 29) on WHO 2016-graded mixed adult brainstem gliomas showed 
that apparent diffusion coefficient at first presentation was the only significant 
imaging marker in the prediction of survival (15). Apparent diffusion coefficient 
had good sensitivity and specificity for glioma grade differentiation (81% [95% 
CI: 75, 86] and 87% [95% CI: 81, 91], respectively; n = 1172) (16). Results may, 
however, not be generalizable due to small sample sizes and class imbalance.

Meningioma WHO grading (n = 232) without GBCAs was noninferior com-
pared with CE imaging (P = .10) in one retrospective study (17). A meta-analysis 
(n = 1552) showed that apparent diffusion coefficient correlated inversely with 
the meningioma grade (18).

Resection and radiotherapy planning in adults

The standard of care for resection and radiation therapy planning in HGG is 
typically the outer CE margin, with a variably broad rim of surrounding tissue 
with T2 fluid-attenuated inversion-recovery (FLAIR) hyperintensity as a safety 
margin. While not the standard of care, there is a tendency to include non-en-
hancing tumor and/or edema areas at T2 FLAIR imaging, a so-called supra-
marginal resection. Several studies showed that FLAIR-based supramarginal 
resection improves survival without negatively impacting neurologic outcomes. 
For example, one single-center study (n = 1229) identified improved survival 
(20.7 vs 15.5 months; P < .001) in both treatment-naive and recurrent cases if 
resection involved the greater part of the surrounding FLAIR abnormalities in 
addition to the outer CE margins (19). However, the retrospective design of 
most studies and the lack of differentiation between nonenhancing tumor and 
edema remain problematic.

FLAIR-guided radiation therapy planning in 174 patients with glioblastoma was 
shown to be feasible and safe and to lead to relatively long survival (median 
overall survival was 23 months in this single-arm study [20]) when compared 
with a previous study, which showed a median overall survival of 15 months.

2
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Follow-up in adults

We did not find studies comparing GBCA-free with standard CE imaging in 
glioma follow-up, nor studies regarding the effect of GBCA-free imaging on 
survival. A meta-analysis of 17 glioma studies showed that diffusion-weighted 
imaging could be used to distinguish recurrent tumors from therapy-related 
changes with a sensitivity of 82% (95% CI: 76, 87), specificity of 83% (95% CI: 
76, 89), and AUC of 0.90 (95% CI: 0.87, 0.92), showing the potential of GBCA-free 
techniques for follow-up (21).

There is a lack of high-quality studies investigating the patient benefits of 
fixed-interval imaging in glioma (22). A retrospective study (n = 125) conclud-
ed that an early postoperative MRI examination did not impact survival (23).

For meningioma follow-up, the noninferiority of using T2-weighted images 
alone was investigated in several studies. The most extensive study (n = 122) 
concluded that treated and untreated WHO grade I and II meningiomas can be 
followed up with T2-weighted imaging alone to identify tumor growth except for 
cavernous sinus lesions, with a preference for three- dimensional T2-weighted 
images to reduce measurement errors (24).

Diagnosis and response assessment in pediatric tumors

Despite ongoing discussions on GBCAs in the diagnosis and follow-up of pe-
diatric brain tumors, there is a paucity of high-quality studies. There are few 
alternative methods to improve the contrast conspicuity of lesions at diag-
nosis and during surveillance. Criteria for response assessment in children 
are not validated, and trials rely primarily on adult-based systems, such as the 
Response Assessment in Neuro-Oncology criteria (25,26).

It is the inherent nature of pediatric LGG to demonstrate waxing and waning 
contrast enhancement over time, with response assessment criteria including 
T2-weighted and FLAIR-weighted sequences (8). In a cohort study of 88 patients 
with low-grade astrocytoma outside the context of neurofibromatosis type 1, 
Campion et al (27) showed that a change in CE characteristics was observed on 
only 2% of the scans. None of these resulted in a shift in management without 
other clinical symptoms. Dünger et al (28) studied a pediatric population of 7248 
patients who had undergone a CE study for any indication (30% with suspected 
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or known tumor). They showed that GBCAs provided additional information 
in 0.3% of individuals, questioning the benefit from standard GBCA use in the 
pediatric population.

GBCAs do, however, have a role in detecting leptomeningeal metastatic dis-
ease. CE MRI has a higher yield than cytologic evaluation of lumbar puncture in 
these cases (n = 17 and n = 18) (29,30). To our knowledge, no dedicated pediatric 
studies regarding resection or radiation planning using GBCA-free images exist.

Follow-up in pediatric tumors

The highest potential for GBCA reduction is in the realm of surveillance im-
aging. Maloney et al (31) showed that response assessment of isolated optic 
pathway gliomas did not necessitate CE studies (n = 42). In a further study of 
17 children with neurofibromatosis type 1 and 21 without who were followed 
for about 8 years (32), the authors concluded that eight children had a change 
in management based on CE MRI findings, but the change in tumor size was 
also apparent on the other sequences. Malbari et al (33) studied 28 patients 
with chiasmatic-hypothalamic LGG with 683 surveillance scans. They found 
67 progressions needing a management change, detectable on all GBCA-free 
sequences. Marsault et al (29) surveyed 17 similar patients, reporting a sensi-
tivity of up to 88% and specificity of up to 100% regarding detection of tumor 
progression on unenhanced sequences. One may take these studies as indica-
tors for the possibility of GBCA-free surveillance in indolent pediatric LGG, but 
small sample sizes urge caution. A 2016 study of 67 patients with pilocytic as-
trocytoma suggests stopping nonclinically motivated follow-up of WHO grade I 
pilocytic astrocytoma after gross total resection and 5 years of progression-free 
survival (34).

Advanced imaging techniques

The last decade has brought major developments in MRI for characterizing 
tumor physiologic characteristics and molecular signature without GBCAs. 
While such techniques are often available on clinical MRI scanners, most meth-
ods await large-scale methodologic and clinical validation (35).

2
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Arterial Spin Labeling

Arterial spin labeling (ASL) noninvasively depicts tumor vascularization by 
measuring cerebral blood flow (CBF) (Fig 4) and is a potential replacement for 
DSC imaging. Equally high differentiation performance for HGG versus LGG 
(AUC, 0.9) was shown for ASL and DSC imaging (ASL relative CBF cutoff, 1.36; 
n = 44) (36). As in DSC imaging, more reliable results with ASL are achieved 
when normalizing tumor CBF to contralateral normal gray matter to reduce 
measurement and physiologic variability of CBF. 

Figure 4: Contrast-enhanced T1-weighted (CE-T1w), amide-proton transfer chemical exchange 

saturation transfer (APT-CEST), dynamic susceptibility contrast (DSC), and arterial spin label-

ing (ASL) images in a nonenhancing left frontoinsular glioblastoma (isocitrate dehydrogenase 

wildtype). At the location of the tumor, there is an increase in amide content (red on the APT-

CEST scan) even beyond the area of T1 hypointensity. There is good concordance between the 

DSC relative cerebral blood flow (rCBF) map and the ASL cerebral blood flow (CBF) map, both 

showing hyperperfusion (green and red at the location of the lesion) of the lesion as a marker 

of malignancy.
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However, optimal cutoff values differ across scanners and ASL implementa-
tions, and multicenter validation studies are needed. An alternative noninvasive 
tumor vascularization assessment is capillary microcirculation measurement 
through intravoxel incoherent motion modeling of diffusion-weighted imaging. 
It was a better predictor (AUC, 0.81) of isocitrate dehydrogenase status than 
the dynamic CE imaging-derived parameter volume transfer constant, or Ktrans 
(n = 30; AUC, 0.773) (37).

Direct comparisons of GBCA-based and GBCA-free methods in pediatric popu-
lations are scarce. However, ASL reached a similar performance (100% sensitiv-
ity, 95.5% specificity for a cutoff of 0.82) in differentiating high- from low-grade 
astrocytomas (n = 37) at DSC imaging (38).

ASL is also a potential noninvasive alternative to DSC imaging for therapy 
monitoring. It is comparable in performance to DSC in differentiating glioma 
recurrence from radiation effects by lower CBF (n = 69; ASL: cutoff, 1.86 and 
accuracy, 79.7%; DSC accuracy, 82.6%) (39), separating recurrence and pseu-
doprogression (n = 116; ASL AUC, 0.72; DSC AUC, 0.87) (40). ASL may also help 
identify pseudoprogression at a lower field strength (ie, 1.5 T) (n = 26; ASL ac-
curacy, 69%; MR spectroscopy accuracy, 74%; dynamic CE MRI accuracy, 69%; 
and DSC accuracy, 79%) (41).

Molecular imaging: amide-proton transfer chemical exchange saturation 
transfer and MR spectroscopy

Among the best-studied methods to image tumor molecular properties is am-
ide-proton transfer chemical exchange saturation transfer (APT-CEST) (Fig 4), 
a novel sequence that is sensitive to proteins and peptides with exchangeable 
protons. There are far fewer studies using APT-CEST than ASL. Initial results 
suggest that APT-CEST (AUC, 0.911) can outperform ASL (AUC, 0.852) in iden-
tifying pseudoprogression (n = 48) (42). APT-CEST (cutoff, 1.53; AUC, 0.877) 
and DSC (AUC, 0.927) did not only perform comparably well in classifying HGG 
versus LGG in patients with glioma (n = 46) (43), but APT-CEST was able (cutoff, 
2.56; AUC, 0.886) to help grade tumors among gliomas without intense contrast 
enhancement (n = 34) (44).

2
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MR spectroscopy, which can be used to evaluate choline, N-acetylaspartate, 
and 2-hydroxyglutarate levels in tissue, is the most commonly studied advanced 
metabolic imaging modality in brain tumors. A meta-analysis of proton (1H) MR 
spectroscopy in 1228 patients showed that HGG can be differentiated from LGG 
with use of the choline-to-N-acetylaspartate ratio (AUC, 0.87) (45). While its 
performance is relatively stable, studies use different thresholds, metabolites, 
or metabolite ratios, complicating 1H MR spectroscopy harmonization for tumor 
imaging (45). A meta-analysis of 460 patients with 2-hydroxyglutarate MR spec-
troscopy acquisition demonstrated excellent pooled sensitivity and specificity 
in tumor grading (95% and 91%, respectively) and in isocitrate dehydrogenase 
status identification (75% and 94%) (46).

Pilot studies have identified other promising GBCA-free techniques, such as 
vessel architecture imaging, diffusion kurtosis imaging, relaxometry and finger-
printing, and MR elastography, for preoperative and follow-up glioma imaging 
(35,47).

Artificial Intelligence approaches

Quantitative image information (features) can be extracted to develop bio-
markers invisible to the naked eye. Artificial intelligence, specifically machine 
learning, has advanced analysis capability by leveraging predesigned image 
features (radiomics) or by automating feature creation (deep learning). The 
latter allows advanced image segmentation and generation used in studies 
with GBCA reduction.

S ynthetic CE imaging

S ynthetic GBCA-based images can be generated using deep learning with 
GBCA-free or GBCA-reduced image inputs. Currently, to our knowledge, no 
studies use advanced MRI sequences as inputs. Of the dozen proof-of-concept 
publications in this nascent area of neuro-oncology, we observe that gener-
ative adversarial networks (especially cycle generative adversarial networks 
with double the architectures) appear to have superior performance accuracy 
compared with U-Nets. Synthetic CE T1-weighted images are often the output, 
with a notable exception in one study where precontrast FLAIR yielded CE 
FLAIR images, which may be more sensitive to small lesions than T1-weighted 
images (48). A large multicenter GBCA replacement study has demonstrated 
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generalizability by location and scanner type, showing only a 7% CE volume 
mismatch between image pairs. Thus, at the group level, treatment response 
assessment was feasible without a GBCA (49). Some researchers used images 
with only 10%–25% of the standard GBCA dose as input for the deep learning 
models and were also successful in recovering full-quality CE images, as dis-
cussed in detail elsewhere (50,51). The different relaxivities of GBCAs are an 
unaddressed research topic in this context.

R adiological biomarkers

I maging biomarker studies performed head-to-head comparisons of machine 
learning accuracy by using features derived from GBCA-free imaging compared 
with features derived from CE imaging. However, reducing GBCA use was rarely 
the primary objective. Instead, an iterative discovery process is typically used 
to develop an optimal biomarker by means of training available data that may 
consist of a single sequence or a combination of sequences, with or without 
clinical information. The focus then shifts to validating the model on suitable 
testing data. In the pediatric setting, one study examined the added value of 
CE T1-weighted images in the differentiation of pediatric posterior fossa tumor 
types, including astrocytoma, by manually segmenting tumors, applying a range 
of radiomic features, and classifying the different groups with a support vector 
machine (n = 136) (52). The authors showed that CE T1-weighted images have 
no added value, as astrocytoma is optimally differentiated in combined models 
of GBCA-free sequences (AUC, 0.955 [95% CI: 0.810, 0.997]).

S ome proof-of-concept studies evaluated the nonenhancing peritumoral and 
CE tumoral regions for a head-to-head analysis of features derived from CE 
and GBCA-free images. For example, one study applied PyRadiomics (open-
source standardized radiomic features) to the segmented regions on images 
in 285 patients with glioma. It was noninferior (sensitivity and specificity>85% 
GBCA-free) in distinguishing LGG from HGG (53). Another comparative study 
(n = 46) found a high correlation between ASL and DSC PyRadiomics features 
(Spearman rho or Pearson r > 0.7 for more than half of the 75 tested features). 
Both methods performed well in distinguishing LGG and HGG (AUC >0.89, 
P = .133 between methods) (54). A study using Qmazda features (another 
open-source radiomic repository) for the same glioma grading task found that 
performance accuracy using FLAIR images was noninferior to CE T1-weighted 
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images (n = 181; AUCs >0.86) (55). In this and other similar diagnostic biomark-
er machine learning studies, combinations of features derived from different 
sequences performed better than those derived from single input sequences 
without GBCAs. Further analytical and clinical validation, especially in pro-
spective multi-center studies, is needed before machine learning models can 
be considered clinic-ready tools (56,57).

W hile, to our knowledge, there are no therapy planning studies to reduce GBCA 
use with artificial intelligence, some studies allow a head-to-head subgroup 
comparative analysis. For example, a large study in patients with meningioma 
(n = 1728) to determine brain invasion, which influences operative treatment, 
showed similar discriminative performance (AUC>0.7) when T2-weighted and 
CE T1-weighted images were used separately for PyRadiomics feature extraction 
and support vector machine classification (56). In a multicenter study (n = 496), 
deep learning (specifically residual convolutional neural networks) classified 
gliomas by isocitrate dehydrogenase status, with similar accuracy whether 
contrast material had been used or not in T1-weighted images (AUCs, 0.92 and 
0.86, respectively; no significance level reported) (58). Both examples show that 
features derived from combinations of sequences allow higher classification 
performance accuracy than when derived from a single GBCA-free sequence.

One machine learning study performed a head-to-head comparison of 
T1-weighted sequences with and without GBCAs to differentiate progression 
and pseudoprogression in HGG (59). There was a significant performance loss 
without GBCAs, using PyRadiomics features and a generalized boosted regres-
sion model (n = 124; AUC, 0.82 vs 0.65). The authors concluded that GBCAs 
could not be omitted (59). However, no comparison was drawn with other GB-
CA-free sequences, and it is known that T2-weighted sequences, diffusion-ten-
sor imaging, ASL, and MR spectroscopy may be discriminative in this scenario 
(60). Another study using deep learning to distinguish progression and pseu-
doprogression found that FLAIR and diffusion-weighted imaging combined 
outperformed the CE T1 model (n = 55; AUCs, 0.82 and 0.57, respectively) (61).

Aynur Azizova_BNWv1.indd   38Aynur Azizova_BNWv1.indd   38 30-04-2025   18:0430-04-2025   18:04



39

Brain Tumor Imaging without Gadolinium-based Contrast Agents: Feasible or Fantasy?

CONCLUSION

Despite the paucity of prospective high-quality studies, advocating for de-
creased gadolinium-based contrast agent (GBCA) use based on the current 
evidence could potentially be considered for (a) GBCA dose reduction per brain 
scan, (b) abandonment of early postoperative MRI in patients with nonenhanc-
ing tumor, (c) clinically driven instead of fixed-interval follow-up imaging, and 
(d) complete GBCA omission in convexity meningioma follow-up. Monitoring, 
but not initial diagnostics, of low-grade pediatric gliomas without GBCA-en-
hanced sequences can be considered in selected cases. For adult glioma, 
evidence is lacking that monitoring without GBCA is sufficient. High-quality 
and, in particular, prospective multicenter studies can address this need. Ad-
vanced imaging techniques and emerging artificial intelligence solutions will 
likely challenge the GBCA dependence of neuro-oncologic imaging in the near 
future. GBCA-free arterial spin labeling-based perfusion imaging is an accept-
able alternative already today. In the end, contrast-enhanced sequences are 
an imperfect surrogate for tumor grading that can and should be challenged to 
benefit patients, reduce costs, enhance safety, and protect the environment.
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APPENDIX S1

Literature Scope

Importantly, this study was not set out as a systematic review.

This review comprises:

Original articles and related meta-analyses/systematic reviews that explicitly 
or implicitly (“de facto”) aim to investigate solutions to avoid or reduce GBCA 
use in primary brain tumor diagnostic MRI at all disease stages except for the 
differential diagnosis of the first MRI.

Scope dimensions:

Imaging interval extension

Intermitting GBCA-free MRI

Reduced dose of GBCA per scan

AI approaches to avoid GBCA injection or reduce the dose

Alternative techniques (like CEST or ASL) to replace GBCA-dependent techniques

Further, guidelines on brain tumor imaging are examined.

Inclusion and Exclusion Criteria

To keep the focus on more frequent primary brain tumors, and provide a lit-
erature selection with a higher level of evidence for the clinical reader, we re-
stricted the number of entities portrayed in this review. This includes all articles 
differentiating lesion types except for molecular subtyping and WHO grading of 
single entities. Since metastases have a higher tendency to develop leptomen-
ingeal metastases and very small lesions, we excluded secondary brain tumors 
as being GBCA-dependent entities.

Inclusion criteria

• original research articles (defined as 11 cases or more)
• meta-analyses
• systematic reviews
• peer-reviewed and pubmed-listed
• English-language
• prospective and retrospective research
• brain MRI

2
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• adults and children
• both sexes
• intra-axial primary brain tumor types:
  glioma
  meningioma (adults)
• article has a clinical research question covering at least 1 of these:
  brain tumor subtype differentiation
  therapy planning
  survival prediction
  therapy response evaluation/follow-up
• experimental set-up directly compares standard diagnostic imaging with 

GBCA with a technique resulting in less OR no GBCA (either by dose-re-
duction/omission OR imaging interval extension)

OR
• experimental setup evaluates a technique resulting in less OR no GBCA 

(either by dose-reduction/omission OR imaging interval extension)

Exclusion criteria

• research without a clearly described purpose of OR de facto result in the 
reduction/omission of GBCA use

• research presenting mainly or exclusively data from lesions other than the 
above-mentioned entities

• research using another invasive technique as the alternative (PET, USPIO, 
etc.) to GBCA injection

• non-MRI studies
• studies published before 2008 (15 years)
• animal or phantom research, including the use of synthetic source images
• case series, case reports, commentaries, editorials, position statements, 

pictorial essays

Search Technique and Final Selection

All authors were free in their search techniques for appropriate literature sourc-
es. It was, however, advised to use pubmed.gov as a primary search tool. All 
topics were distributed among the authors to avoid redundant searches, and 
a cloud-based file with already applied search terms was maintained.
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Potentially relevant articles (according to title and abstract) were collected in 
a cloud, read in full text, and evaluated for scope and inclusion criteria. Full-
text reading also provided further search terms and further potentially suitable 
articles.

Since the number of references for this review is limited, the most relevant ar-
ticles were selected in consensus using STARD 2015 checklist (PMID: 26511519; 
https://www.equator- network.org/reporting-guidelines/stard/). For AI articles, 
quality criteria as presented by the Radiology Editorial Board article “Assessing 
Radiology Research on Artificial Intelligence: A Brief Guide for Authors, Re-
viewers, and Readers” were chosen to find potentially relevant articles (PMID: 
31891322). Subsequently, we used the CLAIM checklist to select the most rel-
evant articles from this subset (PMID: 33937821).

2

Aynur Azizova_BNWv1.indd   47Aynur Azizova_BNWv1.indd   47 30-04-2025   18:0430-04-2025   18:04



48

Chapter 2

TA
B

LE
 S

1

Ta
bl

e 
S1

. O
ve

rv
ie

w
 o

f t
he

 R
ef

er
en

ce
s

G
ui

de
lin

es

R
ef

er
en

ce
 (P

M
ID

)
Ye

ar
Tu

m
or

 t
yp

e(
s)

P
ur

po
se

N
at

io
na

l/
So

ci
et

y
R

ef
er

en
ce

D
N

O
G

20
21

/2
02

2
m

en
in

gi
om

a/
gl

io
m

a
fo

llo
w

-u
p

N
at

io
na

l
7,

 1
0

EA
N

O
 (3

32
93

62
9,

34
18

17
33

)
20

21
/2

02
0

m
en

in
gi

om
a/

gl
io

m
a

fo
llo

w
-u

p
So

ci
et

y
1,

 9

R
A

P
N

O
 (3

25
02

45
7)

20
20

gl
io

m
a

fo
llo

w
-u

p
So

ci
et

y
8

A
du

lt
s

R
ef

er
en

ce
 (P

M
ID

)
Ye

ar
Tu

m
or

 t
yp

e(
s)

P
ur

po
se

Se
qu

en
ce

s
R

ef
er

en
ce

Li
u 

et
 a

l (
34

13
32

05
)*

20
21

G
lio

m
a,

 m
en

in
gi

om
a,

 ly
m

ph
om

a,
 

m
et

as
ta

si
s,

 c
er

eb
el

lo
po

nt
in

e 
an

gl
e 

tu
m

or
s,

ch
or

oi
d 

pl
ex

us
 t

um
or

s

vi
su

al
iz

at
io

n
T2

w
, T

1w
, F

LA
IR

, a
nd

 C
E-

T1
w

11

D
eL

an
o 

et
 a

l (
34

01
82

90
)

20
21

In
tr

a-
ax

ia
l (

su
ch

 a
s 

m
en

in
gi

om
a)

 a
nd

 
ex

tr
a-

ax
ia

l
tu

m
or

s 
(s

uc
h 

as
 m

et
as

ta
si

s)

vi
su

al
iz

at
io

n
T2

w
, T

1w
, F

LA
IR

, a
nd

 C
E-

T1
w

12

P
ar

k 
et

 a
l (

19
69

00
76

)*
20

10
gl

io
m

a,
 n

eu
ro

cy
to

m
a,

 ly
m

ph
om

a,
 

m
et

as
ta

si
s

di
ff

er
en

ti
at

io
n

T2
w

, T
1w

, T
2*

W
, D

W
I, 

H
R

-S
W

I, 
D

SC
 

M
R

I, 
an

d 
C

E-
T1

w
13

Ya
o 

et
 a

l (
36

53
09

73
)

20
22

m
en

in
gi

om
a

di
ff

er
en

ti
at

io
n

T2
w

, T
1w

, F
LA

IR
, D

W
I, 

an
d 

C
E-

T1
w

17

Li
 e

t a
l

(2
64

95
94

1)
20

16
gl

io
bl

as
to

m
a

th
er

ap
y

pl
an

ni
ng

FL
A

IR
 a

nd
 C

E-
T1

w
19

Aynur Azizova_BNWv1.indd   48Aynur Azizova_BNWv1.indd   48 30-04-2025   18:0430-04-2025   18:04



49

Brain Tumor Imaging without Gadolinium-based Contrast Agents: Feasible or Fantasy?

Ta
bl

e 
S1

. O
ve

rv
ie

w
 o

f t
he

 R
ef

er
en

ce
s 

(C
on

ti
nu

ed
)

D
um

a 
et

 a
l (

27
90

31
97

)
20

16
gl

io
bl

as
to

m
a

th
er

ap
y 

pl
an

ni
ng

FL
A

IR
 a

nd
 M

R
I-

SP
EC

T 
(in

 s
om

e 
ca

se
s)

20

M
ro

w
cz

yn
sk

i e
t a

l 
(3

02
18

79
9)

20
18

gl
io

bl
as

to
m

a
fo

llo
w

-u
p

no
t i

nd
ic

at
ed

23

B
ot

o 
et

 a
l (

34
11

70
17

)
20

21
m

en
in

gi
om

a
fo

llo
w

-u
p

T2
w

 a
nd

 C
E-

T1
w

24

P
ed

ia
tr

ic
s

R
ef

er
en

ce
 (P

M
ID

)
Ye

ar
Tu

m
or

 t
yp

e(
s)

P
ur

po
se

Se
qu

en
ce

s
R

ef
er

en
ce

C
am

pi
on

 e
t a

l (
33

24
14

51
)

20
21

G
ra

de
 1

 a
st

ro
cy

to
m

a
fo

llo
w

-u
p

T2
w

, T
1w

, F
LA

IR
, D

W
I, 

SW
I, 

an
d 

C
E-

T1
w

27

D
ün

ge
r e

t a
l

(2
96

23
35

2)
20

18
no

t s
pe

ci
fie

d
di

ag
no

si
s

T2
w

, T
1w

, F
LA

IR
, D

W
I, 

an
d 

C
E-

T1
w

28

M
ar

sa
ul

t e
t a

l
(3

09
04

94
9)

20
19

O
pt

ic
 p

at
hw

ay
 g

lio
m

a
fo

llo
w

-u
p

T2
w

, T
1w

, F
LA

IR
, a

nd
 C

E-
T1

w
29

M
al

on
ey

 e
t a

l (
34

75
18

13
)

20
22

O
pt

ic
 p

at
hw

ay
 g

lio
m

a
fo

llo
w

-u
p

at
 le

as
t T

1w
 a

nd
 C

E-
T1

w
31

M
al

on
ey

 e
t a

l (
29

78
98

90
)

20
18

O
pt

ic
 p

at
hw

ay
 g

lio
m

a
fo

llo
w

-u
p

T2
w

, F
LA

IR
, a

nd
 C

E-
T1

w
32

M
al

ba
ri

 e
t a

l
(3

41
33

06
4)

20
21

C
hi

as
m

at
ic

-h
yp

ot
ha

la
m

ic
 lo

w
-

gr
ad

e 
gl

io
m

a
fo

llo
w

-u
p

T2
w

, T
1w

, F
LA

IR
, a

nd
 C

E-
T1

w
33

A
dv

an
ce

d 
M

R
I

R
ef

er
en

ce
 (P

M
ID

)
Ye

ar
Tu

m
or

 t
yp

e(
s)

P
ur

po
se

Se
qu

en
ce

s
R

ef
er

en
ce

Q
u 

et
 a

l
(3

50
66

63
4)

20
22

G
lio

m
a

D
iff

er
en

ti
at

io
n

P
C

A
SL

, V
SA

SL
, a

nd
 D

SC
-P

W
I

36

2

Aynur Azizova_BNWv1.indd   49Aynur Azizova_BNWv1.indd   49 30-04-2025   18:0430-04-2025   18:04



50

Chapter 2

Ta
bl

e 
S1

. O
ve

rv
ie

w
 o

f t
he

 R
ef

er
en

ce
s 

(C
on

ti
nu

ed
)

W
an

g 
et

 a
l (

32
55

91
77

)*
20

20
G

lio
m

a
ID

H
 s

ta
tu

s 
pr

ed
ic

ti
on

IV
IM

-P
SF

 (D
W

I)
, a

nd
 D

C
E

37

C
ho

i e
t a

l (
28

11
65

17
)*

20
17

G
lio

m
a

D
iff

er
en

ti
at

io
n

A
P

T-
C

ES
T,

 D
W

I, 
an

d 
D

SC
43

To
ga

o 
et

 a
l (

27
00

31
39

)
20

16
G

lio
m

a
D

iff
er

en
ti

at
io

n
A

P
T-

C
ES

T,
 D

W
I, 

an
d 

D
SC

44

M
or

an
a 

et
 a

l
(2

94
53

75
3)

20
18

P
ed

ia
tr

ic
 a

st
ro

cy
ti

c 
tu

m
or

D
iff

er
en

ti
at

io
n

A
SL

 a
nd

 D
SC

38

W
an

g 
et

 a
l (

29
39

81
51

)
20

18
G

lio
m

a
Fo

llo
w

-u
p

P
C

A
SL

 a
nd

 D
SC

39

La
vr

ov
a 

et
 a

l (
35

66
94

26
)

20
22

G
lio

m
a,

 m
et

as
ta

se
s,

 ly
m

ph
om

a
Fo

llo
w

-u
p

P
C

A
SL

 a
nd

 D
SC

40

Se
eg

er
 e

t a
l (

24
20

04
83

)
20

13
G

lio
m

a
Fo

llo
w

-u
p

D
SC

, D
C

E,
 M

R
S

, a
nd

 A
SL

41

A
rt

ifi
ci

al
 In

te
lli

ge
nc

e

R
ef

er
en

ce
 (P

M
ID

)
Ye

ar
Tu

m
or

 t
yp

e(
s)

P
ur

po
se

Se
qu

en
ce

s
R

ef
er

en
ce

W
an

g 
et

 a
l

(3
53

96
71

2)
20

22
N

ot
 s

pe
ci

fie
d

S
yn

th
et

ic
im

ag
in

g
FL

A
IR

 a
nd

 C
E-

FL
A

IR
48

P
re

et
ha

 e
t a

l
(3

46
88

60
2)

20
21

G
lio

bl
as

to
m

a
S

yn
th

et
ic

im
ag

in
g

T1
w

, F
LA

IR
, T

2,
 a

nd
 C

E-
T1

w
49

D
on

g 
et

 a
l (

34
76

74
76

)
20

22
P

ed
ia

tr
ic

 p
os

te
ri

or
 fo

ss
a 

tu
m

or
s 

in
cl

ud
in

g 
as

tr
oc

yt
om

a
D

iff
er

en
ti

at
io

n
T1

w
, F

LA
IR

, T
2,

 D
W

I, 
an

d 
C

E-
T1

w
52

C
he

ng
 e

t a
l (

33
10

45
03

)
20

22
G

lio
m

a
D

iff
er

en
ti

at
io

n
T1

w
, F

LA
IR

, T
2,

 a
nd

 C
E-

T1
w

53

H
as

hi
do

 e
t a

l
(3

22
73

52
3)

20
20

G
lio

m
a

D
iff

er
en

ti
at

io
n

A
SL

 a
nd

 D
SC

54

Aynur Azizova_BNWv1.indd   50Aynur Azizova_BNWv1.indd   50 30-04-2025   18:0430-04-2025   18:04



51

Brain Tumor Imaging without Gadolinium-based Contrast Agents: Feasible or Fantasy?

Ta
bl

e 
S1

. O
ve

rv
ie

w
 o

f t
he

 R
ef

er
en

ce
s 

(C
on

ti
nu

ed
)

A
lis

 e
t a

l
(3

19
73

94
1)

20
20

G
lio

m
a

D
iff

er
en

ti
at

io
n

FL
A

IR
 a

nd
 C

E-
T1

w
55

Zh
an

g 
et

 a
l (

32
73

98
63

)
20

20
M

en
in

gi
om

a
Th

er
ap

y 
pl

an
ni

ng
T2

w
 a

nd
 C

E-
T1

w
56

C
ha

ng
 e

t a
l (

29
16

72
75

)
20

17
G

lio
m

a
ID

H
 s

ta
tu

s 
pr

ed
ic

ti
on

T1
w

, F
LA

IR
, T

2,
 a

nd
 C

E-
T1

w
58

M
am

m
ad

ov
 e

t a
l

(3
59

65
97

5)
20

22
G

lio
m

a
Fo

llo
w

-u
p

T1
w

 a
nd

 C
E-

T1
w

59

B
ac

ch
i e

t a
l

(3
16

48
96

7)
20

19
G

lio
m

a
Fo

llo
w

-u
p

D
W

I, 
A

D
C

, F
LA

IR
, a

nd
 C

E-
T1

w
61

N
ot

e:
 D

W
I =

 d
iff

us
io

n-
w

ei
gh

te
d 

im
ag

in
g,

 A
D

C
 =

 a
pp

ar
en

t d
iff

us
io

n 
co

effi
ci

en
t,

 F
LA

IR
 =

 fl
ui

d-
att

en
ua

te
d 

in
ve

rs
io

n 
re

co
ve

ry
, C

E-
T1

w
 =

 c
on

tr
as

t-
en

ha
nc

ed
 T

1-
w

ei
gh

t-
ed

, D
SC

 =
 d

yn
am

ic
 s

us
ce

pt
ib

ili
ty

 c
on

tr
as

t,
 D

C
E 

= 
dy

na
m

ic
 c

on
tr

as
t e

nh
an

ce
d,

 M
R

S 
= 

M
R

 s
pe

ct
ro

sc
op

y,
 A

SL
 =

 a
rt

er
ia

l s
pi

n 
la

be
lin

g,
 P

C
A

SL
 =

 p
se

ud
o 

co
nt

in
uo

us
 

ar
te

ri
al

 s
pi

n 
la

be
lin

g,
 A

P
T-

C
ES

T 
= 

am
id

e-
pr

ot
on

 t
ra

ns
fe

r c
he

m
ic

al
 e

xc
ha

ng
e 

sa
tu

ra
ti

on
 t

ra
ns

fe
r, 

V
SA

SL
 =

 v
el

oc
it

y 
se

le
ct

iv
e 

ar
te

ri
al

 s
pi

n 
la

be
lin

g,
 IV

IM
-S

P
F 

= 
in

-
tr

av
ox

el
 in

co
he

re
nt

 m
ot

io
n

-d
er

iv
ed

 p
er

fu
si

on
 f

ra
ct

io
n,

 T
2w

 =
 T

2-
 w

ei
gh

te
d,

 T
1w

 =
 T

1-
w

ei
gh

te
d,

 T
2*

w
 =

 T
2 

st
ar

 w
ei

gh
te

d,
 H

R
-S

W
I =

 h
ig

h
-r

es
ol

ut
io

n 
su

sc
ep

ti
bi

li-
ty

-w
ei

gh
te

d 
im

ag
in

g,
 P

M
ID

 =
 P

ub
M

ed
 id

en
ti

fie
r

* 
P

ro
sp

ec
ti

ve
 s

tu
dy

 d
es

ig
n.

2

Aynur Azizova_BNWv1.indd   51Aynur Azizova_BNWv1.indd   51 30-04-2025   18:0430-04-2025   18:04



Chapter 3

Aynur Azizova_BNWv1.indd   52Aynur Azizova_BNWv1.indd   52 30-04-2025   18:0430-04-2025   18:04



 Ten Years of VASARI Glioma 
Features: Systematic Review and 
Meta-Analysis of Their Impact and 
Performance

Azizova, A., Prysiazhniuk, Y., Wamelink, I.J.H.G., Petr, J., Barkhof, F., Keil, V.C.

Published: American Journal of Neuroradiology

2024; vol. 45,8:1053-1062; doi:10.3174/ajnr.A8274

Aynur Azizova_BNWv1.indd   53Aynur Azizova_BNWv1.indd   53 30-04-2025   18:0430-04-2025   18:04



54

Chapter 3

ABSTRACT

Background: Visually Accessible Rembrandt (Repository for Molecular Brain 
Neoplasia Data) Images (VASARI) features, a vocabulary to establish repro-
ducible terminology for glioma reporting, have been applied for a decade, but 
a systematic performance evaluation is lacking.

Purpose: Our aim was to conduct a systematic review and meta-analysis of the 
performance of the VASARI features set for glioma assessment.

Data Sources: MEDLINE, Web of Science, EMBASE, and Cochrane Library were 
systematically searched until September 26, 2023.

Study Selection: Original articles predicting diagnosis, progression, and sur-
vival in patients with glioma were included.

Data Analysis: The modified Quality Assessment of Diagnostic Accuracy Stud-
ies-2 (QUADAS-2) tool was applied to evaluate the risk-of-bias. The meta-analy-
sis used a random effects model and forest-plot visualizations, if ≥5 comparable 
studies with a low or medium risk of bias were provided.

Data Synthesis: Thirty-five studies (3,304 patients) were included. Risk-of-bias 
scores were medium (n=33) and low (n=2). Recurring objectives were overall 
survival (n=18) and isocitrate dehydrogenase mutation (IDH; n=12) prediction. 
Progression-free survival was examined in seven studies. In 4 studies (glioblas-
toma n=2, grade 2/3 glioma n=1, grade 3 glioma n=1), a significant association 
was found between progression-free survival and single VASARI features. The 
single features predicting overall survival with the highest pooled hazard ratios 
were multifocality (hazard ratio 1.80; 95%-CI 1.21-2.67; I² = 53% ), ependymal inva-
sion (hazard ratio 1.73; 95%-CI: 1.45-2.05; I²=0%), and enhancing tumor crossing 
midline (hazard ratio 2.08; 95%-CI: 1.35-3.18; I²=52%). IDH mutation-predicting 
models combining VASARI features rendered a pooled area under the receiv-
er operating characteristic curve of 0.82 (95%-CI: 0.76-0.88) at considerable 
heterogeneity (I²=100%). Combined input models using VASARI plus clinical, 
and/or radiomics features outperformed single data type models in all relevant 
studies (n=17).
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Limitations: Studies were heterogeneously designed and often of a small 
sample size. Several studies used The Cancer Imaging Archive database, with 
likely overlapping cohorts. The meta-analysis for IDH was limited due to a high 
study heterogeneity.

Conclusions: Some VASARI features perform well in predicting overall survival 
and IDH mutation status, but combined models outperform single features. 
More studies with less heterogeneity are needed to increase the evidence level.

SUMMARY

Previous Literature: The VASARI feature set for standardized glioma reporting 
has been applied by numerous studies to address different research questions. 
Applications range from human radiological evaluations using single features 
to multivariable machine-learning approaches. Clinical research questions en-
compass glioma subtype discrimination and non-invasive image-based sur-
vival prediction. Prediction of overall survival and IDH mutation status was 
among the most explored research questions. Several studies have identified 
multifocality, ependymal invasion, and enhancing tumor crossing the midline 
as unfavorable overall survival predictors. Enhancement quality, proportion 
of enhancing tumor, proportion of necrosis, and proportion of edema were 
identified as the main indicators of IDH mutation status.

Key Findings: This meta-analysis identified three robust VASARI features (mul-
tifocality, ependymal invasion, enhancing tumor crossing midline) to predict 
overall survival. Meta-analysis for IDH-predicting models showed a pooled AUC 
of 0.82 with considerable heterogeneity between studies. Combined models, 
including VASARI features next to clinical, genomics, and radiomics features, 
usually outperformed VASARI-only models.

Knowledge Advancement: Future studies should adhere to the original 
VASARI scoring definitions to minimize between-study heterogeneity. Given 
the time-consuming nature of manual extraction, it is crucial to develop auto-
matic extraction technology. Reducing the feature set to the most promising 
ones can decrease the workload when radiologist input is required.

3
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INTRODUCTION

MRI is the essential pillar of preoperative glioma diagnosis and later therapy 
assessment. While there is consensus regarding a standardized neuro-onco-
logical imaging protocol1, reporting of image aspects of glioma (radiopheno-
type) is less standardized. Criteria, as defined by response assessment in neu-
ro-oncology (RANO 2.0)2, comprise only limited criteria relying on quantitative 
measurements dedicated to the follow-up setting. In a study setting, however, 
a controlled reporting vocabulary is needed to identify reproducible imaging 
glioma biomarkers or to generate data input suitable for artificial intelligence 
approaches.

Approximately a decade ago, The Cancer Genome Atlas project of the National 
Cancer Institute addressed this problem by suggesting a controlled vocabu-
lary for glioma imaging called Visually Accessible Rembrandt (Repository for 
Molecular Brain Neoplasia Data) Images (VASARI)3. The VASARI set combines 
different MRI features (Online Supplemental Data), such as enhancement pat-
tern and tumor location. A consensus group defined the features based on 
expert opinion and literature. The VASARI project incorporated standard MRI 
sequences, including DWI, but excluded advanced imaging techniques, like 
PWI. The current set comprises 30 semantic features, three of which apply to 
postoperative situations. All features are rated on the basis of scoring systems 
(Online Supplemental Data).

Since its proposal, numerous studies have applied the VASARI set4–38. Appli-
cations range from human radiological evaluations using single features5–8 to 
multivariable machine-learning approaches21,27–29. Clinical research questions 
cover glioma subtype discrimination13,14,16,17 and non-invasive image-based sur-
vival prediction7,10,13,22. Various VASARI features were identified as prognostic 
factors, including tumor location, involvement of eloquent brain areas, ependy-
mal or pial invasion, as well as diagnostic indicators, such as the definition of 
enhancing margin and proportion of necrotic or enhancing tumor, in these 
studies. However, these applications have never been systematically evaluated, 
perhaps explaining why using the VASARI features set is not recommended by 
any clinical or scientific guideline. As complete feature rating is time-consum-
ing, a critical analysis identifying the most powerful features and models is 
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pivotal for future study designs and potential clinical use. Recent, however not 
VASARI-centered, publications indicated, e.g., pial and subependymal invasion 
(features 18 and 19) as negative for survival39. A meta-analysis may confirm the 
hypothesis of features 18 and 19 as particularly promising predictive VASARI 
features.

Th is systematic review and meta-analysis aims to gauge the performance of 
the VASARI set for glioma evaluation to identify a subset of the most diagnostic 
and prognostic predictive features to warrant usage in trials or even clinically.

MATERIALS AND METHODS

Th is study was registered in PROSPERO (ID for the published protocol: 
CRD42023392548) and was conducted according to Preferred Reporting Items 
for Systematic Review and Meta-Analysis (PRISMA)40. The research question 
was “What is the VASARI features’ performance in predicting diagnosis, pro-
gression, and survival in patients with glial tumors?” using the participants, 
index tests, and target conditions (PIT) criteria41.

Data sources and screening step

The search string had two components: VASARI and tumor types - including 
high-grade and low-grade oligodendroglioma, astrocytoma, and glioblastoma. 
Inclusion criteria were the following: 1) participants: adult or pediatric patients 
with glial tumors; 2) intervention/index test: human or automated methods 
using multiparametric conventional MRI as a source for VASARI; 3) comparison: 
standard interpretation of images with or without VASARI; 4) outcomes: predic-
tion of the diagnosis, including histologic tumor grades and certain well-known 
mutations (isocitrate dehydrogenase (IDH), 1p/19q codeletion, telomerase re-
verse transcriptase promoter, and O(6)-methylguanine-DNA methyltransfer-
ase methylation status), progression, or survival; and 5) study design: original 
articles with a retrospective or prospective design.

Exclusion criteria were the following: 1) studies not performed on living humans; 
2) studies with <10 participants (considered case series); 3) studies exclusively 
predicting other genetic/molecular alterations than indicated in the inclusion 

3
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criteria; 4) non-peer-review journals, conference abstracts, review papers, pre-
prints; and 5) publications not in English.

A database search was performed on September 26, 2023, using MEDLINE 
(PubMed), Web of Science, EMBASE, and Cochrane Library. The search protocol 
is presented as Online Supplemental Data. One author screened the titles and 
abstracts (A.A., 7 years of radiology experience) for inclusion criteria after ex-
cluding duplicates using Rayyan software (https://rayyan.ai/reviews). Addition-
ally, the reference lists of included articles were screened by title and abstract 
(hand search). Uncertain cases were evaluated in consultation with another 
author (V.C.K., 11 years of neuroradiology experience).

Da ta extraction

To guarantee identical rating standards, we used 5 studies to pilot the ex-
traction process by 2 authors (A.A., V.C.K). Two authors then performed data 
extraction for the remaining studies (A.A., for radiological content, and Y.P., a 
second-year Ph.D. student in neuroscience with expertise in statistics). The 
Online Supplemental Data list the data extraction components.

Systematic review quality assessment

The quality of each study was evaluated by two authors (A.A., V.C.K) using the 
modified “Quality Assessment of Diagnostic Accuracy Studies-2” (QUADAS-2) 
tool42 encompassing 5 domains for assessing the risk-of-bias and 3 domains for 
evaluating applicability concerns (Online Supplemental Data). Discrepancies 
were resolved by consensus. Five studies, also used to pilot data extraction, 
were piloted for quality control assessment to identify systematic discrepan-
cies in QUADAS-2 tool use.

Meta-analysis and statistics

St udies examining patient cohorts with a similar tumor type, statistical models 
with comparable inputs, and reported identical endpoints of interest were 
grouped. The availability of ≥5 studies with a majority of QUADAS-2 categories 
scoring low or medium risk of bias was the liberal minimum for a meta-analysis. 
Otherwise, a narrative synthesis summarized the findings. If studies with over-
lapping cohorts were available, the total sample size was determined by includ-
ing the largest cohort from overlapping studies (Online Supplemental Data). In 
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case of missing data, other reported metrics (standard errors, sample sizes)43 
served to derive parameters where feasible. Alternatively, corresponding au-
thors were contacted and requested to provide supplementary information. 
Meta-analyses were conducted in R (Version 4.3.0.; http://www.r-project.org/) 
using generic inverse-variance and random-effect models to account for meth-
odological between-study heterogeneity. To mitigate interpretability concerns 
arising from potential collinearity within VASARI datasets, the meta-analysis of 
hazard ratios (HRs) utilized metrics derived solely from univariable Cox propor-
tional models. Heterogeneity was assessed with Higgins I2 statistics, consid-
ering values above 50% as significant heterogeneity. All tests were two-sided. 
Because this is a meta-analysis, no correction was done for multiple testing. 
Forest plots were used to visualize results, complemented by pooled statistics 
with corresponding confidence and prediction intervals. The best-performing 
VASARI model was chosen if more than one model had been tested. The crite-
ria for performance of meta-regression, sensitivity analysis, and non-reporting 
bias analysis was the availability of at least 10 studies to ensure the reliability of 
conclusions drawn from these analyses according to the Cochrane Handbook 
for Systematic Reviews of Interventions44.

RESULTS

Over view

Figu re 1 visualizes the literature selection. Thirty-five studies (29-335 patients) 
fulfilled the inclusion criteria (Online Supplemental Data). Eleven studies used 
The Cancer Imaging Archive cohort, possibly covering overlapping cohorts. 
The overlap-corrected number of recruited patients was 3,304 (Online Supple-
mental Data). The overall risk-of-bias scores were medium (n=33) and low (n=2; 
Online Supplemental Data). Only two studies applied the 2021 World Health Or-
ganization Classification of Central Nervous System Tumors (WHO CNS 5)38 or 
reported IDH-wildtype glioblastoma only16. The remaining 33 studies explicitly 
used the 2016 or 2007 WHO CNS classifications (n=519,22,26,27,30) or did not mention 
it (n=284–15,17,18,20,21,23–25,28,29,31–37), resulting in applicability uncertainties regarding 
patient selection. One study38 was vague in the use of the reference standard.

3
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Fig ure 1: PRISMA flowchart describing the literature selection process.

Survi val prediction

Fifteen4,5,7–11,15,18,21,24,27,29,34,35 out of 18 overall survival (OS)-predicting studies ex-
clusively involved glioblastoma. Results for univariable analyses indicating 
the per-feature performance of the VASARI set are shown in Figure 2a. Eleven 
glioblastoma studies found a significant association between OS and differ-
ent VASARI features5,7–10,15,18,24,29,34,35. Comparing single data type models with 
only one input data type (e.g., clinical, pathological, FET-PET/CT, or genomics 
data), VASARI-based models outperformed others in two studies21,27. However, 
a clinical model (age and Karnofsky performance status) slightly outperformed 
a VASARI-only model in the study by Peeken et al. (C-indices 0.64; 95%-CI: 0.55-
0.72 vs. 0.66; 95%-CI: 0.58-0.73)18. Compared to VASARI-only models, several 
studies9,15,18,21,27 stressed the superiority of predictive models trained on com-
bined features, including VASARI plus clinical, genomics, treatment, and/or 
radiomics features. Peeken et al.18 concluded that a combined model (VASARI, 
clinical (age and Karnofsky performance status), and pathological features 
(O(6)-methylguanine-DNA methyltransferase methylation)) performed better 
than the VASARI-only model (C-indices 0.72; 95%-CI: 0.61-0.80 vs. 0.64; 95%-
CI: 0.55-0.72). Mazurowski et al.4 showed the added value of VASARI features 
(VASARI+clinical: area under the receiver operating characteristic curve [AUC] 
0.81; 95%-CI: 0.71-0.90; C-index 0.69; 95%-CI: 0.63-0.75) compared to clinical only 
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including age, gender and Karnofsky performance status (AUC 0.62; 95%-CI: 
0.49-0.74; C-index 0.58; 95%-CI: 0.50-0.66; both p< 0.01).

Three OS-predicting studies recruited grade 2/3 gliomas (Fig. 2a). Zhou et al.13 
found a significant association between OS and ten VASARI features in a uni-
variable analysis of which only one feature, definition of the non-enhancing 
margin, was significant in multivariable analyses. They demonstrated that a 
well-defined non-enhancing margin correlated with longer overall survival than 
an ill-defined non-enhancing margin. Lee et al.22 showed that the performance 
of clinical features (age, Karnofsky performance status and extent of resection) 
plus molecular subtype (IDH mutation and 1p/19q co-deletion status) model 
increased when extending it with VASARI features (C-indices 0.84; 95%-CI: 0.75-
0.90 vs. 0.91; 95%-CI: 0.86-0.96). Similar results were found by Park et al.26, im-
proving the integral-AUC (initially 0.74; 95%-CI: 0.69-0.81) of the clinical model 
(age, Karnofsky performance status, extent of resection and histological grade) 
by adding VASARI features (LASSO model 0.77; 95%-CI: 0.74-0.85, elastic net 
model 0.78; 95%-CI: 0.74-0.85).

Glioblastoma was included in five of seven progression-free survival predict-
ing studies, with two studies10,18 showing a significant association with single 
VASARI features (Fig. 2b). Peeken et al.21 evaluated the performance of a com-
bined model (VASARI plus clinical (age, gender and Karnofsky performance 
status) plus pathological (O(6)-methylguanine-DNA methyltransferase methyla-
tion, IDH mutation status and Ki 67% proliferation index) showing superior per-
formance compared with single data type models including their VASARI-only 
model (C-indices validation set 0.68; 95%-CI: 0.57-0.78 vs. 0.61; 95%-CI: 0.50-
0.72, p=0.014 respectively). In that study, VASARI features showed the highest 
performance in the validation set among single data type models (C-index 0.61; 
95%-CI: 0.50-0.72). They were also the dominant variable in the combined model 
(VASARI plus clinical plus pathological features).

Two of seven progression-free survival-predicting studies involved grade 2/313 
or grade 3 gliomas22 (Fig. 2b). Lee et al.22 showed that adding VASARI features 
increased the performance of the combined model (clinical plus molecular) 
with C-indices of 0.79; 95%-CI: 0.71-0.85 vs. 0.84; 95%-CI: 0.79-0.91.

3
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IDH mutation status prediction

Reported tumor entities were glioblastoma5,14,29,30 and grade 2 to 4 glio-
mas13,17,20,25,28,32,36,37 (Online Supplemental Data). Individually evaluated VASARI 
features are shown in Figure 2c. Five studies5,13,28,29,32 found no association be-
tween IDH mutation and individual VASARI features. Among other studies, the 
main features that more consistently identified as significant predictors of IDH 
mutation status were enhancement quality (feature 4)17,20,30,36,37, proportion of 
enhancing tumor (feature 5)17,20,30,37, proportion of necrosis (feature 7)17,30,36,37, 
and proportion of edema (feature 14)14,17,20,36. There was a negative correlation 
between these features and the presence of IDH mutation.

Higher performance of combined models was shown in several studies13,20,28,32. 
Su et al.20 showed that a VASARI model (using feature 6: proportion of non-en-
hancing tumor) outperformed the diffusion texture analysis model with an AUC 
of 0.92; 95%-CI: 0.80-0.98 vs. 0.72; 95%-CI: 0.57-0.85. The proportion of non-en-
hancing tumor was significantly higher in IDH-mutant high-grade gliomas com-
pared to IDH wild-type high-grade gliomas. However, the combined model (pro-
portion of non-enhancing tumor plus ADC entropy) was the best-performing 
model (AUC 0.95; 95%-CI: 0.85-0.99). Sun et al.32 determined an imaging model 
(VASARI features plus T2-FLAIR mismatch sign) as the best single data type 
model (AUC 0.75; 95%-CI: 0.60-0.89) in the test set.

Other  studies

Six studies predicted histological tumor grade12,13,19,33,37,38 or further mutations 
[1p/19q co-deletion, n=313,17,32; O(6)-methylguanine-DNA methyltransferase 
methylation, n=216,29; telomerase reverse transcriptase promoter, n=316,23,30], 
or presence of true progression (n=3)6,13,31, respectively. The characteristics of 
these studies are summarized in the Online Supplemental Data.

Meta-analysis

Surviv al prediction

The meta-analysis of individual VASARI features to predict OS in glioblastoma 
studies identified eight features with an HR above 1.25 (Fig. 3; HR range 1.32-
2.08) and seven equal to or below it (Fig. 4; HR range 0.89-1.25). The HR cut-off of 
1.25 was arbitrarily defined for visual representation. Enhancing tumor crossing 

3
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midline (feature 23, pooled HR 2.08; 95%-CI: 1.35-3.18), multifocality (feature 9, 
pooled HR 1.80; 95%-CI: 1.21-2.67), and ependymal invasion (feature 19, pooled 
HR 1.73; 95%-CI: 1.45-2.05) were the strongest predictors.

Figure 5 gives a detailed overview of HRs for individual VASARI features, includ-
ing those features that were not selected for the meta-analysis, lacking the 
mandatory minimum number of 5 articles. Meta-regressions were not possible 
due to a lack of homogeneous articles.

Meta-analysis of progression-free survival-predicting studies could not be 
conducted, because only 2 studies10,18 met the necessary prerequisites for this 
analysis. An overview of HRs for individual VASARI features used in these 2 
studies is provided in the Online Supplemental Data.
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Figure 5: Color table describing HRs of single VASARI features in OS-predicting studies using 

univariable Cox proportional models. Thresholds of single HR were defined arbitrarily, and each 

color represents a different range: blue, HR <0.75; green, HR 0.75 to <0.85; light red, HR 0.85 - 1.25; 

orange, HR >1.25 - 2.5; dark red, HR >2.5. Values highlighted in bold indicate HRs with statistical 

significance (P value < .05). The list of VASARI features and their detailed descriptions, along with 

respective scoring systems for each feature are provided in Online Supplemental Data.
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IDH status prediction

IDH status studies displayed a very heterogeneous design regarding prediction 
models and VASARI features (Fig. 6). None of these studies used the same fea-
ture combination, allowing only a general approach (“Are multivariable VASARI 
feature models powerful in predicting IDH status?”). These studies13,17,20,25,28,32,37 
included grade 1-4 gliomas. The AUC of these models was good, ranging from 
0.73 to 0.92 (Fig. 6). Meta-regressions were not possible due to a lack of homo-
geneous articles.

Figure 6:  Meta-analysis of glioma IDH mutation status-predicting studies. The list of VASARI 

features and their detailed descriptions, along with respective scoring systems for each feature 

are provided in Online Supplemental Data. IDHwt indicates IDH wild-type; IDHmut, IDH-mutant.

DISCUSSION

This study shows that VASARI features have primarily been used to predict OS 
and IDH mutation status. A meta-analysis of OS-predicting studies revealed 
that the three most robust single features in determining OS were multifocal-
ity (pooled HR = 1.80), ependymal invasion (pooled HR = 1.73), and enhancing 
tumor crossing midline (pooled HR = 2.08) confirming our hypothesis that some 
features are stronger predictors than others. In a meta-analysis of IDH muta-
tion-predicting VASARI models that incorporated different combinations of 
single VASARI features, the pooled AUC was 0.82, with considerable variability 
between single studies. Combined models incorporating different non-imag-
ing data types outperformed single data type models, including VASARI-only 
models, in determining survival, mutation status, or grades of glial tumors.

The survival rates of glioma patients remain low despite an aggressive treat-
ment strategy. This is likely the main reason why prognosis prediction was 
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found to be the primary objective of the included studies. Multifocal tumor 
distribution (feature 9) and ependymal invasion (feature 19) were among the 
most unfavorable OS predictors10,15,18,29, which could be prioritized in studies 
when evaluating all 30 features is impractical. Thomas et al.45 also demon-
strated a significant correlation between multiple lesions and other negative 
prognostic indicators, such as low Karnofsky performance score and resection 
volume. Lim et al.46 found that newly diagnosed glioblastoma with ependymal 
invasion and cortical involvement were more likely to have multifocal distribu-
tion and noncontiguous tumor recurrence with the initial lesion. The midline 
crossing enhancing tumor (feature 23) had the highest pooled HR of 2.08 and 
was the strongest OS limiting predictor. Wangaryattawanich et al.10 observed a 
9.2-month OS difference (4.8 months vs. 14 months, p=0.001) and a 4.2-month 
progression-free survival difference (2.4 months vs. 6.6 months, p<0.0001) of 
cases separated by whether the enhancing tumor was crossing midline (feature 
23); similar results were shown by Colen et al.8, with mean OS of 5.9 months vs. 
14.3 months (p<0.0003).

According to the 2021 WHO CNS classification, the IDH mutation status is 
crucial to classifying adult-type diffuse gliomas47. The term “IDH-mutant glio-
blastoma” has been changed to “IDH-mutant astrocytoma” requiring IDH-wild-
type status for glioblastoma. Our study identified four VASARI features (en-
hancement quality17,20,30,36,37, proportion of enhancing tumor17,20,30,37, proportion 
of necrosis17,30,36,37, and proportion of edema14,17,20,36) as the main indicators of IDH 
mutation status. However, it was not possible to quantitatively evaluate the 
impact of these features on IDH status prediction due to the limited number 
of studies and their methodological differences.

Combined feature models, including various variables such as clinical, imaging/
VASARI, radiomics, genomics, or pathological features, predicting OS or other 
objectives, outperformed single data type models showing the importance of 
a multidisciplinary approach in decision-making. The inputs used for these 
models varied among studies. However, certain factors were frequently chosen, 
such as age and Karnofsky performance score for clinical models4,18,22,26, IDH 
mutation, 1p/19q codeletion, O(6) -methylguanine-DNA methyltransferase or 
histological grade18,21,22 for pathological/genomics models, and shape or texture 
features for radiomics models24,31,32,34. Nevertheless, the methodological het-
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erogeneity between those studies, such as different sample sizes and VASARI 
features or differently structured multivariable models, lowers evidence and 
precludes translation from the research field to clinical application.

On the basis of the results of our study, several recommendations can be made 
to improve the generalizability of glioma research using VASARI features. The 
number and choice of applied VASARI features differed between studies, and 
some VASARI features were independently modified from their original defini-
tion in different studies. The postoperative features 26-28 and feature 15 (edema 
crossing midline) were rarely used, making their significance challenging to 
estimate. Some studies modified VASARI features (using features 4-7, 14, and 
17) from the original scoring system, hindering generalizability. Future studies 
should adhere to the original VASARI scoring system and - if feasible - evaluate 
all VASARI features to find relevant features for a particular objective. Since the 
manual extraction of VASARI features is time-consuming. Therefore, automatic 
extraction technology should be developed, which may also help to minimize 
the heterogeneity described. Where a radiologist’s input is needed, reducing 
the entire feature set to only the most promising features- such as multifocality, 
ependymal invasion, and enhancing tumor crossing the midline for overall sur-
vival prediction, as identified in this meta-analysis- may alleviate the workload. 
It lies in the nature of the exhaustive VASARI feature set to include collinearity 
between several features and features which leave a higher chance for inter-rat-
er disagreement. A reduction of features for research purposes according to 
reproducibility and predictive value appears to be the proximate consequence.

Our study has several limitations. Studies were heterogeneous in design, and 
some had a small sample size, with a mean of 124 cases. Some studies used the 
TCIA database, leading to partially overlapping cohorts, for which we attempted 
to correct. The meta-analysis was limited due to a high study heterogeneity. 
Meta-regression, sensitivity analysis, and non-reporting bias analysis could 
not be performed due to the limited number of studies and the diversity in 
reported predictive models and used feature sets. Studies reporting the perfor-
mance of VASARI-based OS-predicting models had substantial methodological 
heterogeneity, as each study used a different set of VASARI features. Model 
endpoints were also heterogeneous. Most of the studies reported a regres-
sion model predicting a continuous OS parameter (in days or months); some 
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used classification with different thresholds to predict a more or less favorable 
OS outcome. Other reasons for heterogeneity were using different statistical 
models (random survival forest, Cox proportional regression, or clustering 
analysis) and inconsistent utilization of VASARI feature selection methods for 
single data type models. Statistical data - needed for a meta-analysis, such 
as confidence intervals or standard errors - were inconsistently reported. Al-
though we attempted a meta-analysis for IDH-predictive VASARI models, these 
models used different combinations of VASARI features, making it difficult to 
establish an added value of the VASARI model. Additionally, most studies did 
not provide molecular diagnostics for glioma grading. Although expected for 
studies published before 2021, this was one of the main reasons most studies 
were assigned the “medium” QUADAS-2 category for risk of bias assessment 
with applicability concerns in patient selection.

CONCLUSIONS

This meta-analysis reveals that certain features in the VASARI set have promise 
in predicting overall survival and IDH mutation status. However, the added value 
of VASARI for predicting tumor grade, true progression, and the status of other 
mutations remains uncertain, mainly due to insufficiently comparable studies. 
The discriminatory power of individual VASARI features differs considerably. A 
core set of promising, as emerged from this meta-analysis, may be worth pri-
oritizing for scientific evaluation and considered in clinical use, to avoid using 
the exhaustive list of VASARI features, which is too time-consuming for daily 
practice.

3
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ONLINE SUPPLEMENTAL DATA

Supplement A: Systematic search protocol

Search sources:

● Database search: PubMed, Web of Science, EMBASE, and Cochrane Library
● Hand-searching: Performed using a review of references from the publica-

tions identified in databases

The two components of the search string: VASARI and tumor type

● First component: Visually Accessible Rembrandt Images and VASARI
● Second component: Brain neoplasm, glial tumor, glioma, oligodendroglioma, 

astrocytoma, glioblastoma, GBM, high-grade glioma, HGG, low-grade glioma, 
LGG

Search term combinations for database search:

1. PubMed (title and abstract with MeSH terms)

((Visually Accessible Rembrandt Images[Title/Abstract]) OR (VASARI[Title/Ab-
stract])) AND ((glioma[MeSH Terms]) OR (brain neoplasm[MeSH Terms]) OR 
(glial tumor[Title/Abstract]) OR (glioma[Title/Abstract]) OR (LGG[Title/Abstract]) 
OR (low-grade glioma[Title/Abstract]) OR (HGG[Title/Abstract]) OR (high-grade 
glioma[Title/Abstract]) OR (GBM[Title/Abstract]) OR (glioblastoma[Title/Ab-
stract]) OR (oligodendroglioma[Title/Abstract]) OR (astrocytoma[Title/Ab-
stract]))

2. Web of Science (only title and abstract)

(TI=”Visually Accessible Rembrandt Images” OR TI=VASARI OR AB=”Visually 
Accessible Rembrandt Images” OR AB=VASARI)

AND

((TI=”brain neoplasm*” OR AB=”brain neoplasm*”) OR (TI=glioma* OR AB=gli-
oma*) OR

3
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(TI=”glial tumor*” OR AB=”glial tumor*”) OR (TI=glioblastoma* OR AB=glioblas-
toma*) OR

(TI=oligodendroglioma* OR AB=oligodendroglioma*) OR (TI=astrocytoma* OR 
AB=astrocytoma*) OR (TI=GBM* OR AB=GBM*) OR (TI=”high-grade glioma*” 
OR AB=”high-grade glioma*”) OR (TI=HGG* OR AB=HGG*) OR (TI=”low-grade 
glioma*” OR AB=”low-grade glioma*”) OR (TI=LGG* OR AB=LGG*))

3. EMBASE (major focus)

(‘Visually Accessible Rembrandt Images’/mj OR ‘VASARI’/mj)

AND

(‘brain neoplasm’/mj OR ‘glioma’/mj OR ‘glial tumor’/mj OR ‘glioblastoma’/mj 
OR ‘oligodendroglioma’/mj OR ‘astrocytoma’/mj OR ‘GBM’/mj OR ‘high-grade 
glioma’/mj OR ‘HGG’/mj OR ‘low-grade glioma’/mj OR ‘LGG’/mj)

4. Cochrane Library (title, abstract, and keywords)

VASARI OR Visually Accessible Rembrandt Images in Title Abstract Keyword 
AND brain neoplasm OR glioma OR glial tumor OR glioblastoma OR oligoden-
droglioma OR astrocytoma OR GBM OR high-grade glioma OR HGG OR low-
grade glioma OR LGG in Title Abstract Keyword - (Word variations have been 
searched)

Supplement B: Calculation of publicly available The Cancer Imaging Archive 
(TCIA) overlapping cohorts

The list of the studies with sample sizes using the TCIA cohort

1. Mazurowski et al. n=82
2. Gutman et al. n=75
3. Jain et al. n=45
4. Colen et al. n=104
5. Nicolasjilwan et al. n=102
6. Wangaryattawanich et al. n=94
7. Rao et al. n=92
8. Zhou et al. n=165
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9. Chen et al. n=127
10. Park et al. 2020 n=158
11. Ruan et al. n=200 (the largest cohort)

To consider possibly overlapping cohorts, the corrected number of recruited pa-

tients was calculated using only the study with the largest cohort (Ruan et al.), and 

the other ten studies were excluded from the calculation.

Calculation: 4,348 - 82 - 75 - 45 - 104 - 102 - 94 - 92 - 165 - 127 - 15 = 3,304

4,348= not corrected recruited patient numbers from all 35 included studies

3,304=corrected recruited patient numbers from 25 included studies

3
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Table S2. Recorded study data

●  PubMed ID, title, and year of publication
●  Study design and purpose (prediction of 

diagnosis, progression, overall survival, or 
progression-free survival)

●  Timepoint related to surgery (pre/
postoperative)

●  Demographics (sex ratio, age)
●  WHO classification edition and diagnosis
●  Genetic feature selection (isocitrate 

dehydrogenase, 1p/19q co-deletion, 
telomerase reverse transcriptase, O(6) 
-methylguanine-DNA methyltransferase)

●  Examined Visually Accessible Rembrandt 
[Repository for Molecular Brain Neoplasia 
Data] Images (VASARI) features

●  Sample size
●  Index test (VASARI feature set evaluation via 

human or machine learning approach)
●  Statistical methods and metrics (area under 

the receiver operating characteristic curve, 
accuracy, sensitivity, specificity, negative 
predictive value, positive predictive value, 
hazard ratio, and their relevant confidence 
intervals, standard errors, and p-values)

Table S3. Details of the modified QUADAS-2 tool

Risk of bias assessment

Domains Signalling questions with 
descriptions

Scoring with descriptions

Patient selection Is the study design clearly 
described?

Low risk: prospective (registered 
protocol, prospective data 
collection, primary/secondary goal) 
or retrospective
High risk: Not mentioned

Is the patient selection process 
clearly described?

Low risk: Consecutive sampling 
- all eligible patients from a well-
defined period are included. Random 
sampling - randomly selected 
patients are included
High risk: No consecutive or random 
sampling, or the description is 
unclear or missing important details

Are the selection criteria clearly 
described?

Low risk: all relevant criteria are 
mentioned clearly
Medium risk: key criteria are 
mentioned with some doubts about 
the details (inclusion criteria are 
mentioned, exclusion criteria are 
missing)
High risk: key criteria are very vague 
or missing

Is the information on participants 
complete?: demographics (age - 
mean+SD or range, male/female 
ratio, primary disease).

Low risk: information is complete for 
all patients
High risk: important information is 
missing, unclear, or incomplete.

3
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Table S3. Details of the modified QUADAS-2 tool (Continued)

Risk of bias assessment

Domains Signalling questions with 
descriptions

Scoring with descriptions

Index test Are the index test results 
interpreted without knowledge 
of the results of the reference 
standard?

Low risk: The index test results are 
interpreted with blindness to the 
reference standard
Medium risk: Relevant information is 
unclear or missing without suspicion 
of blindness
High risk: Strong suspicion for 
reviewers not being blinded to the 
reference standard

How many and which VASARI 
features are used as a part of the 
index test?

Low risk: All details about the 
VASARI features are given
Medium risk: Information regarding 
the usage of VASARI features is 
incomplete: usage of which VASARI 
features are not given
High risk: Information regarding the 
usage of VASARI features is unclear 
or missing

Reference standard Is the tumor classification done 
according to the World Health 
Organization (WHO) classification 
2021 of brain tumors?

Low risk: WHO CNS tumor 
classification, tumor type, and grade 
are reported, including IDH mutation 
and 1p/19q co-deletion status
High risk: The tumor type is 
incorrectly named or not indicated, 
and/or tumor grade and mutation 
status are missing

Is the response assessment done 
according to the state-of-the-
art? (Response assessment: low/
medium/high risk of bias/not 
available)
The decision of progression (true 
progression vs. pseudoprogression) 
after brain tumor therapy should 
be done according to Response 
Assessment in Neuro-Oncology 
(RANO) criteria for gliomas and, 
ideally, with longer follow-up or 
performed histology to confirm the 
findings. Progression-free survival 
assessment does not involve 
response assessment.

Low risk: Longer follow-up and/or 
histology is performed to confirm the 
RANO findings on the follow-up at 
the question
Medium risk: Only RANO or modified 
RANO criteria are used for treatment 
response evaluation
High risk: No RANO criteria are used 
or reported
N/A: Progression not evaluated
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Table S3. Details of the modified QUADAS-2 tool (Continued)

Risk of bias assessment

Domains Signalling questions with 
descriptions

Scoring with descriptions

Flow and timing Is the timing of the index test clearly 
described?

The authors need to describe 
properly when the imaging data 
is acquired relative to the surgery 
(preoperative or postoperative).

Low risk: Relevant information with 
time intervals is stated clearly
Medium risk: Relation to therapy 
stated, but the exact time interval is 
not specified
High risk: Relevant information is 
missing or unclear

Data analysis Are withdrawals from the study 
explained and uninterpretable 
results reported?

Do the authors give reasons why 
subjects and scans are excluded 
from the study and properly list 
the numbers and reasons for 
exclusions? This question addresses 
both subject-level exclusions 
and also exclusions due to low 
data quality. Is the quality control 
procedure described?

Low risk: A mechanism for exclusion 
and quality control is clearly 
explained, and the number of 
excluded subjects/scans is given
High risk: Data on non-participating 
subjects and excluded scans are 
incomplete or missing, and an 
unexplained mismatch between 
the number of recruited subjects 
examined scans and reported results.

Which VASARI features are found 
statistically significant for the 
purpose of the study?

Low risk: Information regarding 
which VASARI features made the 
statistically significant difference is 
given
High risk: Related information is 
unclear or missing

Statistical tests: Are the statistical 
tests sufficient, reported, and 
correct? Are significant AND 
non-significant results stated with 
p-values? Are confidence intervals 
and/or effect sizes stated? Are all 
statistical tests used mentioned? 
In the case of voxel-wise statistics 
and multiple parameter comparison, 
is multiple testing correction used? 
Do the authors state the error rate 
if prediction model performance is 
reported?

Low risk: All of the above is 
mentioned and considered
Medium risk: minor issues
High risk: The statistics part has 
clear gaps of information hampering 
the reproduction of results OR 
used tests not fitting the research 
question OR missing key values like 
p-values or effect sizes

3
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Table S3. Details of the modified QUADAS-2 tool (Continued)

Risk of bias assessment

Domains Signalling questions with 
descriptions

Scoring with descriptions

Calculation of Final Overall Risk of Bias Score

Equation: [(count of category A x category point A) + (count of category B x category point B) + 
(count of category C x category point C)]/ total count of categories = Risk of bias score Z

Category points: A (low risk of bias) = 0; B (medium risk of bias) = 1; C (high risk of bias) = 2

Calculation of final score: Z=0-0.4 >>> Low; Z=0.5-1.4 >>> Medium; Z=1.5-2 >>>> High

Applicability concerns assessment

Domains Signalling questions Scoring

Patient selection Are there concerns that the 
included patients do not match the 
review question?

Yes/no

Index test Are there concerns that the 
index test, its conduct, or its 
interpretation differ from the review 
question?

Yes/no

Reference standard Are there concerns that the 
target condition, as defined by the 
reference standard, does not match 
the review question?

Yes/no

Abbreviations: RANO = response assessment in neuro-oncology criteria, VASARI = Visually Accessi-
ble Rembrandt [Repository for Molecular Brain Neoplasia Data] Images, WHO-CNS tumor classifica-
tion = The World Health Organization Classification of tumors of the Central Nervous System
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Chapter 3
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SUPPLEMENTAL FIGURES

Figure S1: Color table describing HRs of single VASARI features in progression-free survival pre-

dicting studies using univariable Cox proportional models. Thresholds of single HR were defined 

arbitrarily, and each color represents a different range: blue, HR <0.75; green, HR 0.75 - <0.85; light 

red, HR 0.85 - 1.25; orange, HR >1.25 - 2.5; dark red, HR >2.5. Values highlighted in bold indicate 

HRs with statistical significance (P value < .05). The list of VASARI features and their detailed 

descriptions, along with respective scoring systems for each feature are provided in Online Sup-

plemental Data.
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ABSTRACT:

Background and Purpose: To develop and test a decision tree for predicting 
contrast enhancement quality and shape using pre-contrast MRI sequences 
in a large adult-type diffuse glioma cohort.

Methods: Preoperative MRI scans (development/optimization/test sets: 
n=31/38/303, male=17/22/189, mean age=52/59/56.7 years, high-grade 
glioma=22/33/249) were retrospectively evaluated, including pre-and post-con-
trast T1-weighted, T2-weighted, fluid-attenuated inversion recovery, and dif-
fusion-weighted imaging sequences. Enhancement prediction decision tree 
(EPDT) was developed using development and optimization sets, incorporating 
four imaging features: necrosis, diffusion restriction, T2 inhomogeneity, and 
nonenhancing tumor margins. EPDT accuracy was assessed on a test set by 
three raters of variable experience. True enhancement features (gold standard) 
were evaluated using pre- and post-contrast T1-weighted images. Statistical 
analysis used confusion matrices, Cohen’s/Fleiss’ kappa, and Kendall’s W. Sig-
nificance threshold was P < 0.05.

Results: Raters 1, 2, and 3 achieved overall accuracies of 0.86 [95%-confidence 
interval (CI): 0.81-0.90], 0.89 (95%-CI: 0.85-0.92), and 0.92 (95%-CI: 0.89-0.95), 
respectively, in predicting enhancement quality (marked, mild, or no enhance-
ment). Regarding shape, defined as the thickness of enhancing margin (solid, 
rim, or no enhancement), accuracies were 0.84 (95%-CI: 0.79-0.88), 0.88 (95%-
CI: 0.84-0.92), and 0.89 (95%-CI: 0.85-0.92). Intra-rater inter-group agreement 
comparing predicted and true enhancement features consistently reached 
substantial levels [≥0.68 (95%-CI: 0.61-0.75)]. Inter-rater comparison showed 
at least moderate agreement [group: ≥0.42 (95%-CI: 0.36-0.48), pairwise: ≥0.61 
(95%-CI: 0.50-0.72)]. Among the imaging features in the EPDT, necrosis assess-
ment displayed the highest intra- and inter-rater consistency [≥0.80 (95%-CI: 
0.73-0.88)].

Conclusion: The proposed enhancement prediction decision tree has high 
accuracy in predicting enhancement patterns of gliomas irrespective of rater 
experience.
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INTRODUCTION

Neuro-oncological imaging is fundamentally linked to the use of gadolini-
um-based contrast agent (GBCA)-enhanced images, which are part of the rec-
ommended minimum standard MRI protocol for the imaging of brain tumors.1 
The utilization of GBCA is state-of-the-art for the diagnosis, preoperative evalu-
ation, and response assessment.2 The recently updated Response Assessment 
in Neuro-oncology criteria recognize GBCA-enhanced MRI as the most sensi-
tive and reproducible way for assessing brain tumors while also highlighting the 
importance of GBCA-free sequences.3 The presence of contrast enhancement 
serves as an indicator of an unfavorable prognosis4,5 and is used to accurate-
ly define the resection margins of adult-type diffuse gliomas.6 While supram-
arginal resection beyond GBCA-enhanced tumor margins using GBCA-free 
sequences, such as FLAIRectomy,7,8 is potentially associated with better out-
comes, GBCA-enhanced sequence-based evaluation remains the standard 
and is preferred by most neurosurgeons. Hence, the identification of contrast 
enhancement is essential for the effective management of these patients.

There are multiple reasons why patients with brain tumors in practice may 
not receive GBCA during their MRI examination. GBCAs are associated with 
several putative health and environmental hazardous effects.9 While nephro-
genic systemic fibrosis is one of the well-recognized rare side effects and is 
mostly limited to linear GBCA types, the deposition of any GBCA in different 
body parts, including the brain, with currently unknown medical consequenc-
es10 raises concerns in some patients. Special precautions always need to be 
taken when using GBCA in vulnerable patient groups, including children, as 
well as pregnant and breastfeeding women.11,12 On a global scale, GBCA con-
tributes to the already high healthcare costs in neuro-oncology, which can 
burden non-insured individuals and the healthcare sector, particularly in low- 
and middle-income countries.13–15 GBCA availability can be problematic, too, 
in some areas.16 For these reasons, radiologists face the burden of evaluating 
scans of neuro-oncological patients who did not undergo contrast-enhanced 
MRI without any knowledge of how far this affects their professional judgment. 
A consistent and valid methodology to predict contrast enhancement in brain 
tumors from nonenhanced sequences could improve decision-making. While 
artificial intelligence (AI)-derived synthetic post-contrast imaging may be a 

4

Aynur Azizova_BNWv1.indd   115Aynur Azizova_BNWv1.indd   115 30-04-2025   18:0430-04-2025   18:04



116

Chapter 4

possible future alternative,17 it does not serve the needs of clinical radiologists 
today, and its approaches lack a comparison with human performance.

This study’s purpose is, therefore, to develop a decision tree tool for radiologists 
to predict contrast enhancement intensity and shape using GBCA-free MRI 
sequences and to test its accuracy in comparison with contrast-enhanced 
T1-weighted images in a large adult-type diffuse glioma cohort. The results of 
this study will deliver valuable insights for science dedicated to the advance-
ment of synthetic contrast enhancement, as no head-to-head comparative 
studies exist with human raters.

METHODS

Study Design

This is a retrospective study approved by the institutional medical ethics review 
committee (VUmc_2021-0437). Informed consent was waived.

Study sample

All eligible patients with preoperative MRI scans extracted from our in-house 
glioma database (IMAGO) between January 1, 2010, and January 1, 2021, were 
included. The inclusion criteria were: i) adult patients with grade 2-4 adult-type 
diffuse gliomas according to the 2021 World Health Organization CNS tumor 
classification system, ii) last preoperative brain MRI within one month before 
surgery, iii) MRI scan including pre-contrast T1-weighted, T2-weighted, fluid-at-
tenuated inversion recovery, diffusion-weighted imaging, and post-contrast 
T1-weighted sequences. Exclusion criteria were: i) pediatric patients, ii) patients 
who had explicitly refused consent for their data to be used for scientific re-
search, iii) absence of mandatory MRI sequences, iv) MRI scans with inade-
quate quality such as motion artifacts, v) lack of a confirmed histopathological 
diagnosis, and vi) tumors localized in suprasellar, midline and cerebellar areas. 
Fifty-six patients were excluded (for details, refer to Figure 1).
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Figure 1: Flow chart describes the details of the patient enrollment. n = number.

MRI details

Pretherapy MRI scans had been acquired on seven MRI scanners according to 
standardized brain tumor imaging protocol,1 including three 1.5-Tesla (T) MRI 
and four 3-T MRI machines (see Table 1).

Table 1. Overview of MRI parameters

Sequence type Parameters

TE; ms TR; ms TI; ms FA; ms

GE 1.5T Signa HDxt

2D T1w 9-12 520-600 - 90

T2w 98-104 4,376-4,840 - 90

2D FLAIR 118-120 9,002-9,502 2250 90

3D FLAIR 96-122 6,000-6,500 1,925-1,987 90

DWI (b-1000) 81-105 8,000-8,500 - 90

2D CE-T1w 9-12 520-600 - 90

3D CE-T1w 3-5 8-13 0-450 12

GE 3T Discovery MR750

2D T1w 7.9-9.7 600-731 - 90-125

3D T1w 2 4.7 650 15

4
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Table 1. Overview of MRI parameters (Continued)

Sequence type Parameters

TE; ms TR; ms TI; ms FA; ms

T2w 82-88 4,889-6,872 - 90-111

3D FLAIR 126-135 8,000-8,002 2,331-2,347 90

DWI (b-1000) 62-87 4,000-7,200 - 90

2D CE-T1w 7.9-8.4 600-650 - 90-125

3D CE-T1w 2-3.2 4.6-8.3 450-650 15

Philips 1.5T Achieva

3D T1w 3.3-4.6 6.5-8.7 - 8-10

T2w 100-110 3,404-5,251 - 90

2D FLAIR 140 9,000-11,000 2,800 90

3D FLAIR 286-306 4,800 1,660 90

DWI (b-1000) 72-119 2,674-6,448 - 90

3D CE-T1w 3.3-4.6 6.7-8.7 - 8-10

Philips 3T Ingenuity

2D T1w 10 599 - 70

3D T1w 3 7 - 12

T2w 85 2,767-3,182 - 90

3D FLAIR 279 4,800 1,650 90

DWI (b-1000) 74-97 3,496-6,354 - 90

2D CE-T1w 10 599 - 70

3D CE-T1w 3 7 - 12

Siemens 1.5T Avanto

2D T1w 7.8-17 500-718 - 90

3D T1w 4.5-11 700-2,700 0-950 8-120

T2w 93-104 2,830-5,562 - 150-180

2D FLAIR 88-109 8,870-9,000 2,500 150

3D FLAIR 334 6,500 2,200 120

DWI (b-1000) 90-122 3,400-10,500 - 90

2D CE-T1w 8.7-17 550-718 - 90

3D CE-T1w 2.9-4.5 1,900-2,700 950-1,100 8
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Table 1. Overview of MRI parameters (Continued)

Sequence type Parameters

TE; ms TR; ms TI; ms FA; ms

Siemens 3T MAGNETOM Vida

3D T1w 2.3 2,300 900 8

T2w 74 4,100-6,280 - 150

3D FLAIR 388-430 5,000-7,700 1,650-2,400 120

DWI (b-1000) 68 3,200 - 90

3D CE-T1w 2.3 2,300 900 8

Toshiba 3T Titan3T

2D T1w 8 550 - 80

T2w 90 5,500-5,526 - 90

3D FLAIR 451 5,600 1,900 90

DWI (b-1000) 82 7,500 - 90

2D CE-T1w 8 550 - 80

3D CE-T1w 2.4 5.7 900 9

Table 1 describes MRI parameters for each of the seven scanners used in this study.
Note: All values are obtained from the Digital Imaging and Communications in Medicine headers. Eval-
uations were made in axial plane.
Abbreviations: 1.5T/3T = 1.5 tesla/3 tesla, 2D/3D = 2-/3-dimensional, CE-T1w = contrast-enhanced 
T1-weighted, DWI = diffusion weighted imaging, FA = flip angle, FLAIR = fluid-attenuated inversion re-
covery, ms = millisecond, TE = time of echo, TI = time of inversion, TR = time of repetition, w = weighted

Datasets

Datasets were prepared and pseudonymized by I.W., a fourth-year Ph.D. student 
in neuro-oncology. The included patients (n=372) were randomly distributed 
among three sets. Development (n=31) and optimization (n=38) sets were used 
to develop and improve the Enhancement Prediction Decision Tree (EPDT), 
respectively. A test set (n=303) was used to assess the accuracy of the EPDT 
in a larger cohort. RADIANT software (version:3.4.1.13367, Medixant, Poznan, 
Poland, https://www.radiantviewer.com/) was used to access the pseud-
onymized scans.

4
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Enhancement prediction decision tree

The ratings were carried out independently by two raters (V.K., eleven years 
of neuroradiology experience; A.A., five years of neuroradiology experience).

In the initial stage, the raters assessed the GBCA-free sequences of the devel-
opment set (n=31) consisting of pre-contrast sequences, blinded to diagnosis 
and contrast-enhanced T1-weighted scans. Based on previous clinical experi-
ence, the raters were tasked to predict the enhancement quality (pEQ), which 
is typically qualitatively assessed from pre- and post-contrast T1-weighted 
images. According to the standard definition of the Visually AcceSAble Rem-
brandt Images (VASARI) feature 4,18 pEQ was categorized into three groups: 
marked-avid enhancement, mild-barely discernible enhancement, and no 
evident enhancement. The raters were also tasked to provide a justification 
and annotation of arguments for their decision for every case and answer the 
following questions: 1) Why does the rater anticipate marked/mild/no enhance-
ment? and 2) Which imaging feature(s) were instrumental in the decision-mak-
ing process? The raters needed to refer to the VASARI features set,18 a stan-
dardized vocabulary for glioma imaging, to guide them in their decision-making 
process. The following VASARI features were rated for each case based on 
experience and the possibility of evaluation without post-contrast images: 
eloquent brain (feature 3), presence of necrosis (modified feature 7), multifo-
cality (feature 9), T1/fluid-attenuated inversion recovery (FLAIR) ratio (feature 
10), nonenhancing tumor margins (feature 13), substantial edema (modified 
feature 14), hemorrhage (feature 16), diffusion (feature 17), ependymal invasion 
(feature 19), cortical involvement (feature 20), and deep white matter invasion 
(feature 21). Furthermore, raters had the liberty to include any other non-VASARI 
features based on their clinical expertise that they deemed instrumental in 
their decision-making. One week later, the true enhancement quality (tEQ) was 
rated independently by the same two raters using pre-contrast and additional 
post-contrast T1-weighted images side-by-side. Subtraction images were not 
used as movement between the scans might reduce the quality of subtractions. 
The tEQ determined by each rater was considered the individual ground truth.

Upon completing the rating independently, both raters noted five VASARI fea-
tures, including the presence of necrosis, multifocality, nonenhancing tumor 
margins, substantial edema, and diffusion as instrumental ones in their deci-
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sion-making process. Among non-VASARI imaging features, the T2-FLAIR mis-
match sign and T2 inhomogeneity were consistently preferred by each of the 
raters as helpful in their decision-making process. Subsequently, they reached 
a consensus on the primarily selected VASARI and non-VASARI imaging fea-
tures by jointly reevaluating all cases to identify the most predictive features, 
assessing both the pre- and post-contrast images. Ultimately, they identified 
necrosis, nonenhancing tumor margins, diffusion, and T2 inhomogeneity as the 
most influential features in predicting enhancement quality, which correlated 
well with post-contrast images. Following this, raters proposed the preliminary 
version of EPDT (Figure 2) by determining the order of these identified four 
imaging features based on their subjective joint evaluation.

Figure 2: Flow chart describes the preliminary version of the enhancement prediction decision 

tree.

In a second step, an optimization set (n=38) was assessed to determine the 
precision of the EPDT and its potential utility in a larger test set. The same 
raters (V.K., A.A.) evaluated the pEQ by exclusively considering the imaging 
features included in the EPDT using GBCA-free sequences. Additionally, raters 
were tasked to predict the thickness of the enhancing margin (pTEM), given 
its apparent correlation with the presence of necrosis, based on their obser-
vation of the development set results. pTEM was classified into the categories 
“rim enhancement” and “solid enhancement.” Tumors with predicted necrotic 
components using pre-contrast MRI sequences were classified into the “rim 

4
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pTEM” group, while others were placed in the “solid pTEM” group. One week 
later, raters assessed the tEQ and true thickness of enhancing margin (tTEM), 
the individual ground truth, using pre- and post-contrast T1-weighted sequenc-
es. Considering tTEM, if an enhancing area covered a central necrotic region, 
the enhancing margin was categorized as a “rim.” Conversely, if there was only 
solid enhancement without a rim surrounding the necrotic area, the margin 
was classified as “solid.” According to the optimization set outcomes, minor 
adaptations of the EPDT were allowed before starting the evaluation of the 
test set using the final version of EPDT (Figure 3). The only modification made 
was the incorporation of the pTEM into the decision tree.

Figures 4 and 5 show representative images depicting EPDT imaging features.

Figure 3: Flow chart describes the final version of the enhancement prediction decision tree.
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Figure 4: Demonstrative cases for the evaluation of necrosis, T2 inhomogeneity and nonen-

hancing tumor margins. Necrosis (a,b,c; glioblastoma, IDH-wildtype): right parietal lesion 

(white arrows) with central necrosis characterized by irregular and thick margins, and internal 

characteristics of T2 hyperintensity (a) and T1 hypointensity (b). Contrast-enhanced image (c) 

shows marked rim enhancement. T2 homogeneity and well-defined margins (d,e,f; glioblasto-

ma, IDH-wildtype): right frontal lesion (white arrows) with homogeneous T2 hyperintense signal 

and well-defined margins (d). There is no signal difference on the contrast-enhanced image (f) 

compared to the pre-contrast T1-weighted image (e) compatible with nonenhancing glioma. T2 

inhomogeneity and ill-defined margins (g,h,i; glioblastoma, IDH-wildtype): left temporal lesion 

(white arrows) with T2 heterogeneous signal and ill-defined margins (g). Contrast-enhanced 

image shows a significant signal increase in the posterior part of the lesion (i) compared to the 

pre-contrast T1-weighted image (h), compatible with marked solid enhancement.

4
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Figure 5: Demonstrative cases for the evaluation of diffusion. Facilitated diffusion (a,b,c; low-

grade oligodendroglioma, IDH-mutant and 1p/19q-codeleted): Left frontal lesion (white arrows) 

with hyperintense signal on b-1000 map of diffusion-weighted imaging (DWI) (a) and higher ap-

parent diffusion coefficient (ADC) signal (b) than the normal cortex. There is no enhancement 

on the contrast-enhanced image (c). Dubious diffusion (d,e,f; glioblastoma, IDH-wildtype): Left 

frontal lesion (white arrows) with hyperintense signal on DWI (d) and intermediate ADC signal (e) 

comparable to the normal cortex. Contrast-enhanced image shows marked solid enhancement 

(f). Restricted diffusion (g,h,i; glioblastoma, IDH-wildtype): Right temporal lesion (white arrows) 

with hyperintense signal on DWI (g) and lower ADC signal (h) than the normal cortex. Contrast-en-

hanced image shows marked solid enhancement in the corresponding area (i).
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Test set

The performance of human raters predicting enhancement quality (EQ) and thick-

ness of enhancing margin (TEM) was evaluated in a large cohort (n=303). The evalu-

ation was carried out independently by three raters: the same raters who developed 

EPDT (V.K., AA.) plus a third rater M.C., a fourth-year medical student with no prior 

radiology experience. The third rater, M.C., underwent iterative EPDT training using 

the development and optimization set cohort until their rating was deemed ade-

quate. All raters were provided with guide material for the rating, which included 

detailed definitions of the involved imaging features (Table 2) and the final EPDT 

flow chart (Figure 3).

Table 2. Definition of imaging features involved in enhancement prediction decision tree including 

enhancement quality and thickness of enhancing margin

Imaging features Definitions

Necrosis, modified VASARI 
feature 7* (yes, no)

 Region displaying irregular and/or thick margins, accompanied 
by imaging features of T1 hypointensity, T2 hyperintensity, and 
elevated ADC values resembling fluid

 Areas of a cyst, a cluster of microcysts, or a dilated perivascular 
space should be excluded

Diffusion, VASARI feature 17* 
(no/facilitated, dubious, yes/
restricted)

 No/facilitated- high or low signal intensity on b-1000 map of DWI 
with relevant high ADC values compared to the normal brain 
parenchyma
 Dubious- high signal intensity on b-1000 map of DWI with relevant 
normal brain parenchyma-like ADC values
 Yes/restricted- high signal intensity on b-1000 map of DWI with 
relevant low ADC values compared to the normal brain parenchyma
 Areas with low ADC signal intensity related to necrotic/
hemorrhagic components should be excluded

T2 signal inhomogeneity 
(no/homogeneous, yes/
heterogeneous)

 Homogeneous- almost the same signal intensity throughout the 
tumor except for the lesion rim, vessels (dark dots or lines), cysts, 
perivascular spaces, and probably infiltrated but normal-appearing 
cortex compared to the other tumor parts
 Heterogeneous- mainly different signal intensity, including 
hypointense, isointense, and/or hyperintense signal compared to 
normal brain cortex, throughout the tumor

Nonenhancing tumor 
margins, VASARI feature 13* 
(well-defined, ill-defined)

 Well defined- tumor margins should be considered well-defined if 
they can easily be traced throughout almost the entire tumor (>90% 
of the tumor volume)
 Ill-defined- fuzzy, blurred margins or margins following white 
matter tracts and difficult to differentiate from surrounding edema 
should be considered ill-defined

4
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Table 2. Definition of imaging features involved in enhancement prediction decision tree including 

enhancement quality and thickness of enhancing margin (Continued)

Imaging features Definitions

Enhancement quality, 
VASARI feature 4* (marked, 
mild, no)

 Qualitative degree of contrast enhancement is defined as having 
all or portions of the tumor that demonstrate a higher signal on 
the postcontrast T1-weighted images compared to precontrast 
T1-weighted images
 Marked enhancement- obvious tissue enhancement characterized 
by the significantly higher signal on the postcontrast T1-weighted 
images compared to precontrast T1-weighted images
 Mild enhancement- when a barely discernible but unequivocal 
degree of enhancement is present relative to pre-contrast images
 No enhancement- no difference between pre-contrast and post-
contrast images

Thickness of enhancing 
margin, modified VASARI 
feature 11* (rim, solid)

 Rim- if there is an enhancing rim around central necrosis, the grade 
should be rim
 Solid- if there is only solid enhancement and no rim, the grade 
should be solid

Table 2 describes the definition of imaging features involved in enhancement prediction decision tree 
including enhancement quality and thickness of enhancing margin.
Abbreviations: ADC = apparent diffusion coefficient, DWI = diffusion-weighted imaging, VASARI = Vi-
sually AcceSAble Rembrandt Images
*https://wiki.cancerimagingarchive.net/display/Public/VASARI+Research+Project18

Raters used final EPDT, relying on GBCA-free sequences, to assess pEQ and 
pTEM, while tEQ and tTEM, representing the individual gold standard, were 
evaluated using pre- and post-contrast T1-weighted images. EPDT predictions 
and ground truth assessment of contrast-enhanced T1-weighted scans were 
performed in two runs. In each run, the subject order was randomized, and 
either GBCA-free or GBCA-enhanced scans were randomly presented for evalu-
ation. The second run contained the same patients in a differently randomized 
order and their unseen respective GBCA-free or GBCA-enhanced datasets. This 
approach was chosen to reduce case recognition and mitigate confirmation 
bias, which would be caused by rating all GBCA-free scans consecutively.

Figure 6 describes the study pipeline.
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Figure 6: Flowchart demonstrates all steps of the study design. GBCA = gadolinium-based con-

trast agent, n = number, VASARI = Visually AcceSAble Rembrandt Images.

Histomolecular diagnosis

The histomolecular diagnosis followed the 2021 World Health Organization CNS 
tumor classification. Isocitrate dehydrogenase (IDH) status was determined 
through immunohistochemistry, next-generation sequencing, and/or methyl-
ation profiling, and 1p/19q-codeletion status was evaluated using loss of het-
erozygosity (LOH) analysis or methylation profiling. Gliomas are classified into 
low-grade if they are grade 2 and high-grade if they are grade 3 or 4. IDH-wild-
type diffuse gliomas are considered high-grade regardless of histological grade 
due to their typically aggressive clinical behavior.

Statistical Analysis

The prediction performance of human raters was assessed using confusion 
matrices. Accuracy, sensitivity, specificity, and positive and negative predictive 
values were calculated accordingly. A subgroup analysis was conducted to in-
vestigate the potential relationship between histomolecular glioma diagnosis 
and failed enhancement predictions.

Inter-rater agreement was analyzed by comparing all three raters (group) and 
pairwise. Binary pEQ analysis was also done for the assessment of EQ by com-
bining the categories “marked enhancement” and “mild enhancement” in the 
category “presence of enhancement,” as often the clinical consequence is 
linked to the presence, not the extent of enhancement.

4
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Pairwise inter-rater agreement in unordered features was assessed with un-
weighted Cohen’s kappa, complemented with prevalence-adjusted and bias-ad-
justed kappa (PABAK),19,20 to show the potential impact of imbalance in the 
dataset. Agreement in the ordered features (diffusion restriction, enhancement 
quality) was assessed with linearly weighted Cohen’s kappa. This methodology 
was also used for the intra-rater inter-group agreement analysis, which com-
pares the predicted and true enhancement features per rater using GBCA-free 
and GBCA-enhanced datasets, respectively.

Group inter-rater agreement in unordered and ordered features was assessed 
with Fleiss’ kappa and Kendall’s W (coefficient of concordance), respectively.

Agreement values were interpreted as follows: 0.01-0.20 slight, 0.21-0.40 fair, 
0.41-0.60 moderate, 0.61-0.80 substantial, 0.81-0.99 almost perfect.21 Hotelling’s 
T2 test was used according to the study by Vanbelle22 to compare the agree-
ments between GBCA-free and GBCA-enhanced assessments. No statistical 
correction was applied to prevent artificial improvement of the results as this 
could obscure the significance of the difference between GBCA-free and GB-
CA-enhanced datasets. The threshold for significance was P < 0.05.

R package 4.3.0 was employed for the analyses. Additionally, the “multiagree” 
R22 package was used for bootstrapping (1000 iterations) of metrics to estimate 
confidence intervals and for Hotelling’s T2 test. The epiR package 2.0.68 (R 
Foundation for Statistical Computing, Vienna, Austria, https://CRAN.R-project.
org/package=epiR) was used for PABAK.

RESULTS

Development and optimization sets

The application of the preliminary version of EPDT improved pEQ overall ac-
curacy in the optimization set (n=38, male=22, mean age=59±15.9 years, high-
grade (grade 3/4)=33, IDH-wildtype=32, 1p/19-codeleted=1) round compared 
with the development set (n=31, male=17, mean age=52±14.9 years, high-grade 
(grade 3/4)=22, IDH-wildtype=15, 1p/19-codeleted=7) round, from 0.68/0.64 
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to 0.95/0.97, respectively, for raters 1 and 2. The results for binary pEQ were 
0.84/0.74 and 0.97/0.97, respectively.

Test set: Prediction performance of human raters

Table 3 describes the cohort characteristics of the test set.

Table 3. The main characteristics of the test set

Age, years±SD 56.7±14.2

Female / Male 114 (38%) /189 (62%)

Tumor location frontal n=114, parietal n=62, temporal n=87, occipital n=16, 
insula n=14, thalamus n=8, corpus callosum n=2

Tumor side right n=153, middle n=7, left n=143

Histological grade LGG
n=54

HGG
n=249

IDH mutation status IDHm
n=82

IDHwt
n=221

1p/19q co-deletion status 1p/19q-codeleted
n=34

1p/19q-non-codeleted
n=269
(IDHm n=48, IDHwt n=221)

Table 3 describes the primary characteristics of the test set (n=303), encompassing patient demo-
graphics, descriptive imaging features, and histopathological results of the included adult-type diffuse 
gliomas.
Abbreviations: HGG = high-grade (grade 3/4) glioma, IDHm/wt = isocitrate dehydrogenase mutant/
wildtype, LGG = low-grade (grade 2) glioma, n = number, SD = standard deviation

The overall accuracy of the pEQ (marked, mild, or no enhancement) was 0.86 
(95%-CI: 0.81-0.90), 0.89 (95%-CI: 0.85-0.92), and 0.92 (95%-CI: 0.89-0.95) for 
raters 1, 2, and 3, respectively. In particular, mild enhancement was often falsely 
classified (Table 4). The results improved when binary pEQ (“presence and ab-
sence of enhancement”) were assessed: 0.89 (95%-CI: 0.85-0.92), 0.92 (95%-CI: 
0.89-0.95), and 0.93 (95%-CI: 0.89-0.95). The overall accuracy of pTEM (solid, 
rim, or no enhancement) was 0.84 (95%-CI: 0.79-0.88), 0.88 (95%-CI: 0.84-0.92), 
and 0.89 (95%-CI: 0.85-0.92) for raters 1, 2, and 3, respectively. Table 4 lists rat-
er-based confusion matrices and sensitivity, specificity, and positive and neg-
ative predictive values.

4
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Subgroup analysis exploring failed predictions

Subgroup analysis revealed that failed predictions of EQ and TEM were much 
more frequent in low-grade (grade 2) and IDH-mutant gliomas than in high-
grade (grade 3/4) and IDH-wildtype counterparts. Table 5 provides the details 
for rater 1 as an example. Therefore, we reassessed the performance of the 
prediction accuracy of EPDT after excluding oligodendrogliomas, as these were 
most frequently falsely classified. The overall accuracy of pEQ improved to 
0.89 (95%-CI: 0.85-0.93), 0.91 (95%-CI: 0.87-0.95), and 0.94 (95%-CI: 0.91-0.97) for 
raters 1, 2, and 3, respectively. Similarly, the results for binary pEQ [0.92 (95%-CI: 
0.88-0.95), 0.95 (95%-CI: 0.91-0.97), and 0.94 (95%-CI: 0.91-0.97)] and pTEM [0.87 
(95%-CI: 0.82-0.91), 0.91 (95%-CI: 0.87-0.94), and 0.91 (95%-CI: 0.87-0.94)] also 
increased (for details see Table 6). 4
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Human performance in predicting enhancement quality of gliomas using gadolinium-free MRI sequences

Inter- and intra-rater agreement for EQ and TEM

Group inter-rater agreement analysis (Figure 7) revealed moderate agreement 
for both pEQ and tEQ [Kendall`s W 0.42 (95%-CI: 0.36-0.48) and 0.55 (95%-CI: 
0.48-0.62)], substantial and almost perfect agreement for the pTEM and tTEM, 
respectively [Fleiss’ kappa 0.66 (95%-CI: 0.60-0.71) and 0.83 (95%-CI: 0.79-0.88)]. 
The results were further improved for both pEQ and tEQ [Fleiss’ kappa 0.65 
(95%-CI: 0.57-0.73) and 0.87 (95%-CI: 0.82-0.93)] when binary analysis for en-
hancement quality (enhancing/nonenhancing) was applied. Pairwise inter-rat-
er agreements were substantial [≥0.61 (95%-CI 0.50-0.72)] and almost perfect 
[≥0.82 (95%-CI: 0.75-0.89)] for the predicted and true features, respectively (see 
Table 7). 

Figure 7: Group inter-rater agreement analysis in true (red color bars) and predicted (green color 

bars) enhancement quality and thickness of enhancing margin among all three raters. Red stars 

show significant differences between evaluation agreements of true and predicted datasets. 

Note: Predicted enhancement features, representing the index test, are based on assessing en-

hancement prediction decision tree using gadolinium-based contrast agent (GBCA)-free dataset 

(pre-contrast T1-weighted, T2-weighted, fluid-attenuated inversion recovery, diffusion-weight-

ed imaging). True enhancement features, representing the individual reference standard, are 

based on assessing the GBCA-enhanced dataset (GBCA-free and post-contrast T1-weighted 

sequences).

4
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Comparison analysis of agreements showed significant differences between 
the evaluation agreements of predicted and true features (compare Figure 7 
and Table 7 for details). Intra-rater inter-group agreement analysis comparing 
predicted and true enhancement features per rater demonstrated substantial 
to almost perfect agreements [≥0.68 (95%-CI: 0.61-0.75)] for each rater without 
significant differences in agreement among all raters (P-values: EQ 0.10, binary 
EQ 0.22, TEM 0.07) (see Figure 8 and Table 8).

Table 7. Pairwise inter-rater agreement results for the assessment of the true/predicted en-

hancement

EQ/TEM Raters 1 & 2 Raters 1 & 3 Raters 2 & 3

tEQ* 0.90; 95%CI 0.86-0.95 0.89; 95%CI 0.85-0.94 0.92; 95%CI 0.87-0.96

pEQ* 0.66; 95%CI 0.57-0.78 0.70; 95%CI 0.61-0.79 0.61; 95%CI 0.51-0.71

P-value^ <0.001 <0.001 <0.001

tEQ (binary) ** 0.87; 95%CI 0.79-0.94 0.87; 95%CI 0.80-0.94 0.88; 95%CI 0.82-0.95

# 0.91 0.91 0.92

pEQ (binary) ** 0.68; 95%CI 0.58-0.78 0.68; 95%CI 0.58-0.77 0.61; 95%CI 0.50-0.72

# 0.78 0.76 0.74

P-value^ <0.001 <0.001 <0.001

tTEM ** 0.84; 95%CI 0.78-0.91 0.82; 95%CI 0.75-0.89 0.84; 95%CI 0.78-0.89

# 0.84 0.82 0.83

pTEM ** 0.69; 95%CI 0.62-0.76 0.64; 95%CI 0.57-0.71 0.64; 95%CI 0.57-0.72

# 0.68 0.64 0.64

P-value^ <0.001 <0.001 <0.001

Table 7 describes the pairwise inter-rater agreement results for enhancement features based on as-
sessments of gadolinium-based contrast agent (GBCA)-enhanced and GBCA-free datasets.
Note: Predicted enhancement features, representing the index test, are based on assessing enhance-
ment prediction decision tree using GBCA-free dataset (pre-contrast T1-weighted, T2-weighted, fluid-at-
tenuated inversion recovery, diffusion-weighted imaging). True enhancement features, representing 
the individual reference standard, are based on assessing the GBCA-enhanced dataset (GBCA-free 
and post-contrast T1-weighted sequences).
Abbreviations: CI = confidence interval, pEQ/tEQ = predicted/true enhancement quality, pTEM/
tTEM = predicted/true thickness of enhancing margin,
*weighted Cohen’s kappa
^comparison of the agreements in true- and predicted EQ/TEM
**unweighted Coheǹ s kappa
# prevalence-adjusted and bias-adjusted kappa
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Human performance in predicting enhancement quality of gliomas using gadolinium-free MRI sequences

Figure 8: Intra-rater inter-group agreement analysis shows the comparison between true and pre-

dicted enhancement features per rater. Prevalence-adjusted and bias-adjusted kappa (PABAK) 

values (red triangles) are comparable with unweighted Cohen’s kappa for thickness of enhancing 

margin, indicating a negligible impact of imbalance on the agreement metrics. However, there 

are increased PABAK values (red triangles) compared to Cohen’s kappa for enhancement quality 

(binary), indicating the imbalance in the dataset. Note: Predicted enhancement features, rep-

resenting the index test, are based on assessing enhancement prediction decision tree using 

gadolinium-based contrast agent (GBCA)-free dataset (pre-contrast T1-weighted, T2-weighted, 

fluid-attenuated inversion recovery, diffusion-weighted imaging). True enhancement features, 

representing the individual reference standard, are based on assessing the GBCA-enhanced 

dataset (GBCA-free and post-contrast T1-weighted sequences).

4
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Table 8. Intra-rater inter-group agreement results for assessment of the true/predicted enhancement

tEQ/tTEM vs. pEQ/pTEM Rater 1 Rater 2 Rater 3

EQ* 0.70; 95%CI 0.61-0.79 0.72; 95%CI 0.63-0.81 0.81; 95%CI 0.74-0.88

P-value^ 0.10

EQ (binary) ** 0.69; 95%CI 0.60-0.79 0.75; 95%CI 0.66-0.85 0.80; 95%CI 0.71-0.88

# 0.78 0.85 0.85

P-value^ 0.22

TEM ** 0.68; 95%CI 0.61-0.75 0.77; 95%CI 0.70-0.83 0.78; 95%CI 0.71-0.85

# 0.68 0.76 0.78

P-value^ 0.07

Table 8 describes the intra-rater inter-group agreement results comparing predicted and true 
enhancement features per rater.
Note: Predicted enhancement features, representing the index test, are based on assessing 
enhancement prediction decision tree using gadolinium-based contrast agent (GBCA)-free dataset 
(pre-contrast T1-weighted, T2-weighted, fluid-attenuated inversion recovery, diffusion-weighted 
imaging). True enhancement features, representing the individual reference standard, are based on 
assessing the GBCA-enhanced dataset (GBCA-free and post-contrast T1-weighted sequences)
Abbreviations: CI = confidence interval, pEQ/tEQ- predicted/true enhancement quality, pTEM/tTEM- 
predicted/true thickness of enhancing margin
*weighted Cohen’s kappa
^comparison of the agreements among all raters
**unweighted Coheǹ s kappa
#prevalence-adjusted and bias-adjusted kappa

Agreement analysis for single imaging features involved in EPDT

Group inter-rater agreement analysis revealed almost perfect agreement for 
necrosis identification in both GBCA-enhanced and GBCA-free datasets [Fleiss’ 
kappa 0.85 (95%-CI: 0.80-0.90) and 0.83 (95%-CI: 0.78-0.88)]. The agreement 
for other imaging features was moderate [≥0.43 (95%-CI: 0.28-0.57)]. Notably, 
the availability of post-contrast images did not significantly influence imaging 
feature agreement (P-values: necrosis 0.49, diffusion restriction 0.81, T2 inho-
mogeneity 0.63, nonenhancing tumor margins 0.65) (see Figure 9 and Table 9). A 
pairwise inter-rater agreement was almost perfect for necrosis [≥0.80 (95%-CI: 
0.73-0.88)] and fair to moderate for other features [≥0.33 (95%-CI: 0.25-0.41)] in 
both GBCA-enhanced and GBCA-free datasets. However, applying PABAK anal-
ysis showed that the results for T2 inhomogeneity and nonenhancing tumor 
margins were substantial to almost perfect (≥0.71) level (Table 10). Intra-rater 
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agreement in the assessment of necrosis was almost perfect [≥0.82 (95%-CI: 
0.75-0.89)] for all three raters. This analysis in the evaluation of other features 
showed substantial- almost perfect agreements [≥0.66 (95%-CI: 0.55-0.77)] for 
raters 2 and 3 while being fair to moderate [≥0.35 (95%-CI: 0.18-0.53)] for rater 
1. Applying PABAK analysis revealed better agreement for T2 inhomogeneity 
and nonenhancing tumor margins (≥0.78; Figure 10 and Table 11).

Figure 11 shows case examples of successful and failed enhancement predic-
tions based on necrosis assessment.

Figure 9: Group inter-rater agreement analysis in imaging features involved in enhancement 

prediction decision tree based on gadolinium-based contrast agent (GBCA)-enhanced and 

GBCA-free datasets among all three raters. There are no significant differences between eval-

uation agreements of GBCA-free and GBCA-enhanced datasets. Note: GBCA-free dataset 

includes pre-contrast T1-weighted, T2-weighted, fluid-attenuated inversion recovery, and dif-

fusion-weighted imaging sequences. GBCA-enhanced dataset includes GBCA-free and post-con-

trast T1-weighted sequences.

4
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Table 9. Group inter-rater agreement results for assessment of single imaging features

Features involved in EPDT GBCA-enhanced dataset GBCA-free dataset

Necrosis* 0.85; 95%CI 0.80-0.90 0.83; 95%CI 0.78-0.88

P-value^ 0.49

Diffusion restriction** 0.52; 95%CI 0.46-0.56 0.52; 95%CI 0.47-0.56

P-value^ 0.81

T2 inhomogeneity* 0.46; 95%CI 0.31-0.60 0.43; 95%CI 0.28-0.57

P-value^ 0.63

Nonenhancing tumor margins* 0.47; 95%CI 0.36-0.58 0.44; 95%CI 0.34-0.56

P-value^ 0.65

Table 9 describes the inter-rater agreement results for single imaging features based on assessments 
of gadolinium-based contrast agent (GBCA)-enhanced and GBCA-free datasets among all raters.
Note: GBCA-free dataset includes pre-contrast T1-weighted, T2-weighted, fluid-attenuated inversion 
recovery, and diffusion-weighted imaging sequences. GBCA-enhanced dataset includes GBCA-free 
and post-contrast T1-weighted sequences.
Abbreviations: CI = confidence interval, EPDT = enhancement prediction decision tree, GBCA = gad-
olinium-based contrast agent
*Fleiss̀  kappa,
^comparison of the agreements between the assessments of GBCA-enhanced and GBCA-free datasets
**Kendall`s W
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Table 10. Pairwise inter-rater agreement results for assessment of single imaging features

EPDT imaging features Raters 1 & 2 Raters 1 & 3 Raters 2 & 3

Necrosis_GBCA-
enhanced

** 0.85; 95%CI 0.78-0.91 0.84; 95%CI 0.77-0.90 0.86; 95%CI 0.80-0.92

# 0.87 0.86 0.87

Necrosis_GBCA-
Free

** 0.87; 95%CI 0.81-0.93 0.80; 95%CI 0.73-
0.88

0.82; 95%CI 0.75-0.88

# 0.88 0.82 0.83

P-value^ 0.63 0.42 0.26

Diffusion restriction_ 
GBCA-enhanced*

0.42; 95%CI 0.34-0.50 0.33; 95%CI 0.25-0.41 0.42; 95%CI 0.33-0.52

Diffusion restriction_ 
GBCA-Free*

0.42; 95%CI 0.34-0.49 0.39; 95%CI 0.31-0.47 0.37; 95%CI 0.28-0.47

P-value^ 0.94 0.17 0.21

T2 inhomogeneity_ 
GBCA-enhanced

** 0.41; 95%CI 0.24-0.59 0.39; 95%CI 0.22-0.57 0.58; 95%CI 0.40-0.76

# 0.82 0.81 0.88

T2 inhomogeneity_ 
GBCA-free

** 0.43; 95%CI 0.27-0.60 0.38; 95%CI 0.22-0.55 0.49; 95%CI 0.30-0.67

# 0.80 0.77 0.87

P-value^ 0.84 0.90 0.36

Nonenhancing 
tumor margins_
GBCA-enhanced

** 0.43; 95%CI 0.28-0.57 0.47; 95%CI 0.34-0.61 0.49; 95%CI 0.37-0.62

# 0.74 0.73 0.71

Nonenhancing 
tumor margins_
GBCA-free

** 0.36; 95%CI 0.20-0.52 0.36; 95%CI 0.21-0.51 0.58; 95%CI 0.45-0.70

# 0.74 0.71 0.78

P-value^ 0.46 0.15 0.24

Table 10 describes the pairwise inter-rater agreement results for single imaging features based on 
assessments of gadolinium-based contrast agent (GBCA)-enhanced and GBCA-free datasets.
Note: GBCA-free dataset includes pre-contrast T1-weighted, T2-weighted, fluid-attenuated inversion 
recovery, and diffusion-weighted imaging sequences. GBCA-enhanced dataset includes GBCA-free 
and post-contrast T1-weighted sequences.
Abbreviations: CI = confidence interval, EPDT = enhancement prediction decision tree, GBCA = gad-
olinium-based contrast agent
*weighted Coheǹ s kappa
^comparison of the agreements between GBCA-enhanced and GBCA-free assessments
**unweighted Coheǹ s kappa
# prevalence-adjusted and bias-adjusted kappa

4
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Figure 10: Intra-rater agreement analysis in the assessment of imaging features involved in en-

hancement prediction decision tree based on the evaluations of gadolinium-enhanced contrast 

agent (GBCA)-enhanced and GBCA-free datasets for each rater. Prevalence-adjusted and bi-

as-adjusted kappa (PABAK) values (red triangles) are comparable with Cohen’s kappa for the 

necrosis, indicating a negligible impact of imbalance on the agreement metrics. However, there 

are increased PABAK values (red triangles) compared to Cohen’s kappa for the T2 inhomoge-

neity and nonenhancing tumor margins, indicating the imbalance in the dataset. None of the 

features show significant differences in agreement among the raters. Note: GBCA-free dataset 

includes pre-contrast T1-weighted, T2-weighted, fluid-attenuated inversion recovery, and diffu-

sion-weighted imaging sequences. GBCA-enhanced dataset includes GBCA-free and post-con-

trast T1-weighted sequences.
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Table 11. Intra-rater agreement results for assessment of single imaging features

EPDT imaging features Rater 1 Rater 2 Rater 3

Necrosis ** 0.82; 95%CI 0.75-0.89 0.91; 95%CI 0.87-0.96 0.83; 95%CI 0.77-0.90

# 0.84 0.92 0.85

P-value^ 0.10

Diffusion restriction* 0.56; 95%CI 0.49-0.64 0.75; 95%CI 0.67-0.82 0.76; 95%CI 0.70-0.82

P-value^ 0.10

T2 inhomogeneity ** 0.45; 95%CI 0.30-0.60 0.90; 95%CI 0.79-0.99 0.67; 95%CI 0.51-0.82

# 0.78 0.97 0.91

P-value^ 0.22

Nonenhancing tumor 
margin

** 0.35; 95%CI 0.18-0.53 0.86; 95%CI 0.77-0.93 0.66; 95%CI 0.55-0.77

# 0.78 0.93 0.80

P-value^ 0.07

Table 11 describes the intra-rater agreement results for single imaging features between assessments 
of gadolinium-based contrast agent (GBCA)-enhanced and GBCA-free datasets per rater.
Note: GBCA-free dataset includes pre-contrast T1-weighted, T2-weighted, fluid-attenuated inversion 
recovery, and diffusion-weighted imaging sequences. GBCA-enhanced dataset includes GBCA-free 
and post-contrast T1-weighted sequences.
Abbreviations: CI = confidence interval, EPDT = enhancement prediction decision tree
*weighted Coheǹ s kappa
^comparison of the agreements among all raters
**unweighted Coheǹ s kappa
# prevalence-adjusted and bias-adjusted kappa

4
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Figure 11: Demonstrative cases illustrating successful (green) versus failed (red) prediction 

of glioma enhancement based on the evaluation of necrosis using the gadolinium-based con-

trast-free dataset. Successful prediction of both enhancement quality (pEQ) and thickness of 

enhancing margin (pTEM; a,b,c; glioblastoma, IDH-wildtype): T2-weighted (a) and pre-contrast 

T1-weighted images (b) show signal characteristics of central necrosis (white arrows) within the 

left frontal lesion. The pEQ and pTEM are marked and rim, respectively, based on the enhance-

ment prediction decision tree (EPDT). The contrast-enhanced T1-weighted image (c, white arrow) 

confirms the prediction results showing marked rim enhancement surrounding the necrotic 

part of the tumor. Failed prediction of enhancement patterns (d,e,f; high-grade oligodendrogli-

oma, IDH-mutant and 1p/19q-codeleted): Right temporal lesion (white arrows) with T2 (d) and 

T1 (e) signal characteristics of small tumor necrosis. The pEQ and pTEM are “marked” and “rim” 

enhancement, respectively, based on EPDT. However, contrast-enhanced T1-weighted image (f) 

showed no increase in the T1 signal intensity compared to pre-contrast T1-weighted image (e) 
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compatible with nonenhancing glioma. Failed prediction of enhancement patterns (g,h,i; low-

grade astrocytoma, IDH-mutant): Left thalamic lesion (white arrows) with T2 (g) and T1 (h) signal 

characteristics of small multiple necrotic areas in the tumor. The pEQ and pTEM are marked and 

rim, respectively, based on EPDT. However, the lesion shows a mild solid enhancement pattern 

on the contrast-enhanced T1-weighted image (i, white arrow).

DISCUSSION

MRI contrast enhancement presence and pattern are commonly used diagnos-
tic and prognostic pillars in oncological neuroradiology. The EPDT algorithm 
presented here demonstrated that predicting EQ and TEM with GBCA-free MRI 
sequences is feasible with high accuracy regardless of the rater’s experience 
level. This underscores its independent applicability in clinical settings, even 
for less-trained readers. Intra-rater inter-group agreement comparing predict-
ed and true enhancement features was consistently substantial for all raters 
without improvement when using GBCA-enhanced images. It suggests that 
assessments do not significantly rely on GBCA-enhanced images to evaluate 
glioma enhancement.

There is hardly any literature studying enhancement prediction using human 
evaluation methods. Especially for unsupervised AI approaches, it is, howev-
er, relevant to know the comparative performance of humans in predicting 
contrast enhancement and to gain insight into the potential image features 
triggering decisions. One machine-learning radiomics model predicted glioma 
enhancement quality using T2-FLAIR images,23 which demonstrated high ac-
curacy levels [AUC of 0.81 (95%-CI: 0.71-0.90)] in an external validation cohort. 
Despite its high performance, this method might not outperform human raters 
using the EPDT algorithm presented here.

The method presented in this study demonstrates the predictive capabilities 
of human rating of GBCA-free data in a systematic way using a proposed EPDT 
algorithm and documents its performance for both enhancement features of 
pEQ and pTEM in a general adult-type diffuse glioma population and differ-
ent subgroups. The outcomes showed that EPDT works better for high-grade 
and IDH-wildtype gliomas compared to low-grade and IDH mutant gliomas. 
Calabrese et al.,24 who reported an AI-based approach for synthetic contrast 

4
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enhancement in low-grade and high-grade gliomas, also noted a histology-de-
pendent factor in enhancement prediction, with lower Dice scores in low-grade 
gliomas [0.58 (95%-CI: 0.49-0.68) vs. 0.65 (95%-CI: 0.63-0.67)]. Generally, stud-
ies on synthetic GBCA-enhanced image generation have shown promising 
results.24–26 Kleesiek et al.25 demonstrated a sensitivity and specificity of over 
90% in qualitative and quantitative evaluations of their model, comparing the 
generated enhancement maps with standard contrast-enhanced T1-weight-
ed images. Interestingly, despite a totally different approach than ours, they 
also observed a failure of their model with wrongly predicted mildly enhancing 
tumors as well as the misshaping of the predicted enhancing margin, which 
we defined as pTEM.

In our proposed human-based EPDT algorithm, the predictive performance did 
not decrease as the experience level of the raters decreased, with the trained 
student rater (rater 3) showing at least non-inferior accuracy and consistency. 
This may reflect the structured approach facilitated by EPDT, which mainly 
utilizes VASARI features, a standardized glioma vocabulary.18 Furthermore, 
raters received comprehensive guidance on all VASARI and non-VASARI fea-
tures involved in the decision tree. The experience of the trained radiologists 
may have caused a less pertinent adherence to the decision tree definitions. 
The pertinent application of the standardized definitions likely reduced the 
impact of experience levels on decision-making. These results align with the 
literature,27–29 highlighting the benefits of standardization in radiological image 
assessment, diminishing the reliance on experience level across diverse clinical 
settings. Furthermore, both group and pairwise inter-rater reliability for predict-
ed enhancement were moderate or better, indicating the potential applicabil-
ity and generalizability of the EPDT algorithm. The reproducible application of 
EPDT also by less specialized personnel is promising for its use in situations 
where GBCA administration is not available, e.g., in radiology units of low- and 
middle-income countries.

When introducing a new diagnostic tool, such as the EPDT, achieving high in-
ter-rater agreement is crucial to guarantee consistency and ensure that deci-
sion criteria are easily reproducible. Various studies30–33 found high inter-rater 
agreements when assessing the EPDT’s most consistent feature, necrosis, with 
kappa values ranging from 0.71 to 0.96, thus supporting our findings. The re-

Aynur Azizova_BNWv1.indd   150Aynur Azizova_BNWv1.indd   150 30-04-2025   18:0430-04-2025   18:04



151

Human performance in predicting enhancement quality of gliomas using gadolinium-free MRI sequences

maining three features of the EPDT (diffusion restriction, T2 inhomogeneity, and 
nonenhancing tumor margin) yielded fair to moderate inter-rater agreement 
outcomes in regular tests. The PABAK analysis, which compensates for unbal-
anced group comparisons, showed that the results were, in fact, even better, 
with a level ranging from substantial to almost perfect, correcting the potential 
influence of dataset imbalance. Prior studies reported agreement values for 
these imaging features, ranging from 0.36 to 0.85 for diffusion31–34 and 0.77 to 
0.96 for nonenhancing tumor margin.32,33,35

The suggested EPDT algorithm could serve as a valuable tool in clinical settings 
for directing the pretreatment care of gliomas, particularly for patients at higher 
risk who cannot receive GBCAs due to various factors or who decline intrave-
nous contrast administration. However, in its current version, it should not be 
used as a substitute for GBCA-enhanced imaging for all patients undergoing 
MRI examination. The next step is to study its applicability in an external vali-
dation cohort as well as its performance in more complex diagnostic scenar-
ios, e.g., when applied to other types of brain lesions than adult-type diffuse 
gliomas, or when predicting enhancement characteristics in post-treatment 
scenarios, such as distinguishing treatment-related changes from tumor pro-
gression. The post-treatment situation can lead to confounders, especially e.g., 
from therapy-induced diffusion restriction, an imaging feature of the EPDT in 
its current version.

This study has several limitations. The retrospective study design involved a 
single center as the main inherent constraint, potentially impacting the study’s 
overall generalizability and external validity, even though multiple scanners with 
variable imaging protocols were employed. The datasets were unbalanced be-
tween enhancing and nonenhancing tumors. However, their proportions reflect 
those encountered in real-life conditions within the epidemiological context. 
Additionally, the inclusion of only treatment-naïve adult-type diffuse gliomas 
in this study leaves unanswered questions regarding the performance of the 
proposed decision tree in post-treatment settings or for other tumor types, 
such as grade 1 and pediatric gliomas or infratentorial/suprasellar tumors. Per-
fusion weighted imaging, essential for glioma evaluation, was not assessed 
in this study due to inconsistent availability of arterial spin labeling (ASL), a 
GBCA-free alternative to the routinely applied GBCA-based perfusion tech-

4
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nique of dynamic susceptibility contrast (DSC)-MRI. Considering the potential 
relation between increased perfusion and enhancement, perfusion imaging 
data, particularly ASL, should be evaluated for its contribution to the accuracy 
of the EPDT. Although EPDT aims to provide a reasonably easy-to-use clinical 
tool, it might not fully cover all variations in real-world imaging, leading to some 
differences between the raters or in repeated evaluations. Further validation 
studies encompassing more raters, different tumors, various therapy stages, 
and advanced imaging techniques, both GBCA-free and GBCA-enhanced, such 
as ASL, MR spectroscopy, DSC-MRI, or dynamic contrast-enhanced perfusion 
MR, are crucial to translating the findings of this study. Moreover, identifying 
the exact location of predicted enhancing regions, multifocality or satellites 
and the impact of T1 hyperintense or gradient-echo susceptibility regions on 
the evaluation was not the focus of this study, paving the way for potential new 
research directions.

In conclusion, this study proposes an enhancement intensity and shape pre-
diction decision tree utilizing visual imaging features assessed through GB-
CA-free MRI sequences. The outcomes demonstrate robust and highly accu-
rate predictive performance of enhancement features even in inexperienced 
raters. Furthermore, this study provides relevant insights for AI study designs 
about predicted post-GBCA imaging and opportunities for direct applications 
by radiologists.
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ABSTRACT

Objectives: To develop a gadolinium-free MRI-based diagnosis prediction de-
cision tree (DPDT) for adult-type diffuse gliomas and to assess the added value 
of a gadolinium-based contrast agent (GBCA) enhanced images.

Materials and Methods: This study included preoperative grade 2-4 adult-type 
diffuse gliomas (World Health Organization 2021) scanned from January 2010 to 
2021. The DPDT, incorporating eleven GBCA-free MRI features, was developed 
using 18% of the dataset based on consensus readings. Diagnosis predictions 
involved grade (grade 2 vs. grade 3/4) and molecular status (IDH and 1p/19q). 
GBCA-free diagnosis was predicted using DPDT, while GBCA-enhanced diag-
nosis included post-contrast images. The accuracy of these predictions was 
assessed by three raters with varying experience levels in neuroradiology using 
the test dataset. Agreement analyses were applied to evaluate the prediction 
performance/reproducibility.

Results: The test dataset included 303 patients (age (SD): 56.7 (14.2) years, 
female/male: 114/189, low-grade/high-grade: 54/249, IDH-mutant/wildtype: 
82/221, 1p/19q-codeleted/intact: 34/269). Per-rater GBCA-free predictions 
achieved ≥0.85 (95%-CI: 0.80-0.88) accuracy for grade and ≥0.75 (95%-CI: 0.70-
0.80) for molecular status, while GBCA-enhanced predictions reached ≥0.87 
(95%-CI: 0.82-0.90) and ≥0.77 (95%-CI: 0.71-0.81), respectively. No accuracy dif-
ference was observed between GBCA-free and GBCA-enhanced predictions. 
Group inter-rater agreement was moderate for GBCA-free (0.56 (95%-CI: 0.46-
0.66)) and substantial for GBCA-enhanced grade prediction (0.68 (95%-CI: 
0.58-0.78), p = 0.008), while substantial for both GBCA-free (0.75 (95%-CI: 0.69-
0.80) and GBCA-enhanced (0.77 (95%-CI: 0.71-0.82), p = 0.51) molecular status 
prediction.

Conclusion: The proposed GBCA-free diagnosis prediction decision tree per-
formed well, with GBCA-enhanced images adding little value to the preopera-
tive diagnostic accuracy of adult-type diffuse gliomas.
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KEY POINTS

Question Given health and environmental concerns, is there a gadolinium-free 
imaging protocol to preoperatively evaluate gliomas comparable to the gado-
linium-enhanced standard practice?

Findings The proposed gadolinium-free diagnosis prediction decision tree 
for adult-type diffuse gliomas performed well, and gadolinium-enhanced MRI 
demonstrated only limited improvement in diagnostic accuracy.

Clinical relevance Even inexperienced raters effectively classified adult-type 
diffuse gliomas using the gadolinium-free diagnosis prediction decision tree, 
which, until further validation, can be used alongside gadolinium-enhanced 
images to respect standard practice, despite this study showing that gadolin-
ium-enhanced images hardly improved diagnostic accuracy. 5
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INTRODUCTION

Gadolinium-based contrast agent (GBCA)-enhanced MRI is the current stan-
dard imaging modality for managing brain tumors, including adult-type diffuse 
gliomas, aiding diagnosis and treatment decisions [1]. Nonetheless, enhance-
ment is an imperfect measure for both tumor malignancy and resectability of 
tumor borders [2]. Tumors displaying enhancement may not always be high-
grade gliomas [3]; conversely, high-grade gliomas may lack enhancement [4]. 
This conflict is acknowledged in the latest Response Assessment in Neuro-on-
cology criteria (RANO 2.0), which also stresses the diagnostic relevance of 
GBCA-free sequences [5].

While being a standard imaging practice [1], GBCA increasingly raises concerns 
about associated side effects, with safety recommendations relying solely on 
expert opinion rather than prospective experimental evidence [6]. Although cer-
tain linear GBCAs were restricted due to their link with nephrogenic systemic 
fibrosis, renal impairment remains the primary catalyst for this condition, with 
uncertainty about whether normal renal function excludes the risk [6]. With un-
certain clinical implications, GBCA, mainly in linear forms, was also identified to 
accumulate in the body [7]. Furthermore, studies indicate anthropogenic medi-
cal gadolinium accumulation in ecosystems, raising concerns about aquatic life 
and urban water safety [8]. Beyond these challenges, longer examination times, 
increased financial costs [9], and limited availability in low-middle-income coun-
tries [10] are stimuli to the shift from GBCA-enhanced MRI to GBCA-free MRI. 
Additionally, vulnerable populations, such as pregnant or breastfeeding women 
[11] and children [12], necessitate careful consideration due to putative GBCA 
exposure risks.

Various artificial intelligence (AI) methods hold the potential for substituting 
GBCA with synthetic GBCA-enhanced images [13] or reducing their dosage 
through augmented GBCA-enhanced images [14]. Yet, their integration into 
clinical practice is lagging. While advanced imaging techniques like arterial 
spin labeling (ASL) [15] or amide proton transfer chemical exchange saturation 
transfer (APT-CEST) [16] introduce alternative GBCA-free parameters, their uti-
lization is constrained by availability and variability in acquisition parameters. 
Conversely, conventional MRI sequences are a component of daily practice and 
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provide essential glioma imaging biomarkers, such as T2-FLAIR mismatch sign 
or cysts, many of which can be assessed without GBCA-enhanced images [17]. 
However, previous studies predominantly assessed these biomarkers, such as 
necrosis [18–20], with GBCA-enhanced MRI, as it has been the standard of care, 
leaving open questions about the predictive added value of GBCA-enhanced 
images. Further maturation of AI-based and advanced MRI methods and their 
clinical translation into glioma management will be a long process. Therefore, 
qualitative parameter evaluation of conventional GBCA-free MRI, combined 
with a simple decision tree, might be the near-future solution for phasing out 
GBCA use in glioma, as it is more time-efficient than quantitative approaches.

As a first step to develop and establish a general GBCA-free MRI-based diag-
nosis prediction decision tree for brain tumors, this study aims to assess the 
additive value of GBCA-enhanced imaging in predicting histomolecular diag-
nosis in adult-type diffuse gliomas.

MATERIALS AND METHODS

Study Sample

This retrospective single-center study received approval from the institutional 
medical ethics review board (Vumc_2021-0437). Informed consent was waived. 
Eligible patient cases from the hospital glioma database (IMAGO) registered 
from January 2010 to January 2021 were consecutively added to the trial data-
base. The eligibility criteria are listed in Table 1.

Table 1. Eligibility criteria

Inclusion criteria Exclusion criteria

(a) patients with grade 2-4 adult-type diffuse 
gliomas based on the 5th WHO-CNS tumor 
classification

(a) pediatric patients

(b) presence of IDH mutation and 1p/19q-
codeletion status

(b) missing/incomplete histopathological 
diagnosis

(c) no more than one month gap between 
preoperative MRI and surgery

(c) suprasellar, midline, and cerebellar tumors as 
adult-type diffuse gliomas are rare and may have 
distinct radiological features in these locations

5
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Table 1. Eligibility criteria (Continued)

Inclusion criteria Exclusion criteria

(d) availability of the following mandatory MRI 
sequences: pre-contrast T1-weighted, T2-
weighted, FLAIR, DWI/ADC, and post-contrast 
T1-weighted

(d) missing MRI sequences

(e) MRI scans with suboptimal quality, including 
movement-related artifacts

(f) patients who declined permission for their 
data to be used in research during their original 
stay at the institution (scientific use opt-out)

(g) data preparation errors during the 
randomization of gadolinium-free and 
gadolinium-enhanced images of the same 
patients into separate evaluation sessions

Table 1 describes the inclusion and exclusion criteria for this study.
DWI/ADC = diffusion-weighted imaging/apparent diffusion coefficient, FLAIR = fluid-attenuated inver-
sion recovery, IDH = isocitrate dehydrogenase, WHO-CNS = world health organization-central nervous 
system

 MRI and datasets

Seven MRI scanners provided the images used in this study (Table S1). I.W., a 
fourth-year Ph.D. candidate in neuro-oncology, conducted data preparation, in-
cluding pseudonymization. Eligible patients were randomly assigned into three 
subsets: development (n=38), optimization (n=31), and test (n=303). RADIANT 
software facilitated access to pseudonymized datasets (3.4.1.13367; https://
www.radiantviewer.com/). Two raters (V.K., 11 years of neuroradiology experi-
ence; A.A., 5 years of neuroradiology experience) explored development and 
optimization datasets. The test dataset was independently assessed, blinded 
to the reference standard, by three raters (V.K., A.A., and M.C.). Rater 3 (M.C.) 
was a fourth-year medical student without prior radiology experience who un-
derwent training using the optimization dataset.

Reference standard

Histomolecular diagnosis, based on the 2021 World Health Organization classifi-
cation, served as the reference standard. Isocitrate dehydrogenase (IDH) status 
was determined via immunohistochemistry, next-generation sequencing, and/
or methylation profiling, and 1p/19q-codeletion status was assessed using loss 
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of heterozygosity (LOH) analysis or methylation profiling. The final histomolec-
ular diagnosis of glioblastoma in IDH-wildtype cases was determined based 
on additional molecular markers (e.g., TERT promoter mutation, EGFR amplifi-
cation, and combination of chromosome 7 gain and chromosome 10 loss) and 
supporting histological features (e.g., necrosis, microvascular proliferation, and 
high mitotic index). A small subset of IDH-wildtype diffuse gliomas (n=16) that 
lacked molecular analysis (not otherwise specified) or had negative molecular 
markers (not elsewhere classified) were included in the study as glioblastoma, 
IDH-wildtype based on their final multidisciplinary team diagnosis indicating 
aggressive clinical behavior. Grade 2 gliomas were categorized as low-grade 
(LGG), while grade 3/4 as high-grade (HGG). IDH-wildtype diffuse gliomas were 
accepted as HGG regardless of their histological grade because of their gener-
ally aggressive clinical behavior.

Diagnosis Prediction Decision Tree (DPDT)

Two raters assessed a development dataset initially comprising only GBCA-free 
MRI scans (pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/ADC, and SWI (if 
present)) to predict histomolecular diagnoses: (1) glioma grade (LGG vs. HGG) 
and (2) molecular status (astrocytoma, IDH-mutant vs. oligodendroglioma, 
IDH-mutant and 1p/19q-codeleted vs. glioblastoma, IDH-wildtype). One week 
later, raters reexamined all cases, integrating the post-contrast T1-weighted 
sequence to evaluate the added value of the GBCA-enhanced scans using 
common clinical radiology practice. For instance, tumors with avid enhance-
ment or rim enhancement were assigned to HGG and glioblastoma, IDH-wild-
type groups, respectively. In both rating rounds, they justified their decisions 
on a case-by-case basis by identifying key imaging features, drawing from in-
dividual clinical experience, and utilizing literature-based biomarkers [18–25], 
as well as the Visually AcceSAble Rembrandt Images (VASARI), glioma imaging 
features set [26]. Subsequently, the raters collaboratively analyzed the results to 
identify helpful biomarkers for GBCA-free diagnosis prediction correlated with 
the reference standard. Following this consensus, a DPDT comprising seven 
VASARI (necrosis, diffusion, hemorrhage, non-enhancing tumor margin, cal-
varial remodeling, cysts, proportion of edema) and four non-VASARI (T2-FLAIR 
mismatch sign, T2 signal homogeneity, calcification, midline shift) imaging fea-
tures, each previously linked to the respective histomolecular diagnosis [18–25], 

5
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was proposed; see Fig. 1, Table S2 and Supplementary material. Fig. S1-S5 depict 
case examples for DPDT imaging features.

Figure 1: Diagnosis prediction decision tree (DPDT) based on GBCA-free MRI sequences. Flow 

chart describes DPDT for adult-type diffuse gliomas encompassing seven VASARI (necrosis, 

diffusion, hemorrhage, non-enhancing tumor margin, calvarial remodeling, cysts, proportion 

of edema) and four non-VASARI (T2-FLAIR mismatch sign, T2 signal homogeneity, calcification, 

midline shift) imaging features guiding the histomolecular diagnosis decision. GBCA = Gadolini-

um-based contrast agent, VASARI = Visually AcceSAble Rembrandt Images.

The optimization dataset was assessed, both with and without GBCA-enhanced 
images, at a one-week interval to gauge the effectiveness of DPDT using only 
the exclusive imaging features included in this tree, its impact on interrater 
agreement, and its potential applicability in a larger cohort. The GBCA-free 
diagnosis was evaluated using DPDT based on GBCA-free MRI sequences, while 
the GBCA-enhanced diagnosis included the post-contrast T1-weighted images 
alongside the DPDT.

Test dataset

Three raters (V.K., A.A., M.C.) assessed the diagnoses using the GBCA-free and 
GBCA-enhanced DPDT in a larger cohort to compare the predictive diagnostic 
accuracy using GBCA-free versus GBCA-enhanced scans. A DPDT guide in-
cluding definitions of imaging features, was provided to raters (Supplementary 
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material). MRI scans were randomly distributed across two rating sessions. The 
first session assessed GBCA-free and GBCA-enhanced scans from different 
patients. In the second session, scans from the same patients, which had not 
yet been rated as GBCA-enhanced or GBCA-free, were evaluated in a differently 
randomized order. This approach aimed to mitigate confirmation bias by ensur-
ing that GBCA-free or GBCA-enhanced scans were not exclusively assessed 
in the same session.

Statistical Analysis

Rater prediction performance was evaluated using overall accuracy for mul-
tiple classes (astrocytoma, IDH-mutant vs. oligodendroglioma, IDH-mutant 
and 1p/19q-codeleted vs. glioblastoma, IDH-wildtype), along with accuracy, 
sensitivity, specificity, and negative and positive predictive values for binary 
classes (e.g., HGG vs. LGG or astrocytoma, IDH-mutant vs. others). The per-
formance between GBCA-free and GBCA-enhanced datasets was compared 
using McNemar’s test with Yates continuity correction [27].

The prediction performance was also assessed across different subgroups, 
including age, sex, tumor location, and tumor laterality (right/left/midline), to 
identify factors that might influence diagnostic accuracy. Logistic regression 
and Pearson’s Chi-squared test were used for continuous and categorical vari-
ables, respectively. This subgroup analysis was conducted on a combined data-
set of all raters, with separate evaluations for GBCA-free and GBCA-enhanced 
scans.

Inter-rater agreement was analyzed both collectively and pairwise among the 
raters. Kendall’s W and Fleiss’ kappa were used for group inter-rater agreement, 
and weighted and unweighted Cohen’s kappa were used for pairwise inter-rat-
er/intra-rater inter-group agreements in ordered and unordered features, 
respectively. Intra-rater inter-group agreements examined the consistency 
within raters by comparing the GBCA-free and GBCA-enhanced predictions. 
Unweighted Cohen’s kappa was supplemented with prevalence-adjusted and 
bias-adjusted kappa (PABAK) for binary features and between two groups to 
compensate for a possible influence of dataset diagnosis imbalances due to 
naturally different tumor incidence rates [28].

5
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The interpretation of agreement values was as follows: 0.01–0.20, slight; 0.21–
0.40, fair; 0.41–0.60, moderate; 0.61–0.80, substantial; and 0.81–0.99, almost 
perfect [29]. The comparison of agreements was conducted using the Z-test 
or Hotelling’s T2 test [30] with the “multiagree” R package.

Data analysis was conducted by Y.P., a third-year Ph.D. student in neuroscience, 
using R package 4.3.0. Bootstrapping and PABAK calculations were performed 
using “multiagree” R and epiR (2.0.68 https://CRAN.R-project.org/package=epiR) 
packages, respectively. The significance threshold was p < 0.05.

RESULTS

Figure 2 illustrates the patient cohort. Table 2 lists the demographics of the 
study cohort.

Figure 2: Patient enrollment diagram. The flow chart depicts the patients included and excluded 

in this study. IDH = isocitrate dehydrogenase.
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Table 2. Patient demographics

Demographics Datasets

Development Optimization Test

Sample size n=38 n=31 n=303

Age (SD) (years) 59 (15.9) 52 (14.9) 56.7 (14.2)

Sex (female/male) 16/22 14/17 114/189

Histological grade (LGG/HGG) 5/33 9/22 54/249

IDH mutation status (IDH-mutant/IDH-wildtype) 6/32 16/15 82/221

1p/19q-codeletion status (codeleted/intact) 1/37 7/24 34/269

Table 2 describes the main demographics for the development, optimization, and test datasets.
IDH = isocitrate dehydrogenase, HGG = high-grade glioma (grade 3/4), LGG = low-grade glioma (grade 
2), SD = standard deviation

Development and optimization datasets

The raters’ GBCA-free prediction performance improved in the optimization 
dataset compared to the development dataset. For instance, the overall accu-
racy of GBCA-free molecular diagnosis prediction for raters 1 and 2 increased 
from 0.76 and 0.74 in the development dataset to 0.81 and 0.84 in the optimi-
zation dataset, respectively (Tables S3/S4 and Fig. S6/7). The comparison of 
GBCA-free and GBCA-enhanced histomolecular predictions per rater revealed 
no significant differences in both development and optimization datasets (all 
p > 0.05).

Following the implementation of DPDT, there was an improvement in inter-rater 
agreement in GBCA-free molecular diagnosis prediction in the development 
(0.45 (95%-CI: 0.18-0.71)) and optimization (0.78 (95%-CI: 0.57-0.98)) datasets, 
showing a trend towards significance (p = 0.06). Slight improvements were ob-
served in the GBCA-free grade prediction (0.80 (95%-CI: 0.54-1.06) vs. 0.85 (95%-
CI: 0.64-1.05), p = 0.81), as well as GBCA-enhanced molecular diagnosis (0.51 
(95%-CI: 0.23-0.79) vs. 0.64 (95%-CI: 0.42-0.87), p = 0.50) and GBCA-enhanced 
grade (0.61 (95%-CI: 0.28-0.94) vs. 0.74 (95%-CI: 0.46-1.01), p = 0.59) prediction.

5
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Test dataset

Predictive performance of the raters using GBCA-free vs. GBCA-enhanced 
scans

The accuracy in predicting tumor grade (LGG vs. HGG) using GBCA-free scans 
was 0.85 (95%-CI: 0.80-0.88), 0.88 (95%-CI: 0.84-0.92), and 0.86 (95%-CI: 0.82-
0.90) for raters 1, 2, and 3, respectively. The corresponding accuracies for GB-
CA-enhanced scans were 0.88 (95%-CI: 0.84-0.91), 0.87 (95%-CI: 0.82-0.90), and 
0.87 (95%-CI: 0.83-0.90). Regarding using GBCA-free scans for predicting the 
molecular status, the overall accuracies were 0.77 (95%-CI: 0.72-0.82), 0.76 (95%-
CI: 0.71-0.81), and 0.75 (95%-CI: 0.70-0.80) for raters 1, 2, and 3, respectively. The 
corresponding overall accuracies for GBCA-enhanced scans were 0.77 (95%-CI: 
0.71-0.81), 0.77 (95%-CI: 0.72-0.82), and 0.78 (95%-CI: 0.72-0.82). Comparing the 
GBCA-free and GBCA-enhanced outcomes revealed insignificant differences 
(all p > 0.05) except for rater 1’s sensitivity in grade prediction (GBCA-free/GB-
CA-enhanced 0.90/0.95, p = 0.006); see Table 3, Fig. 3, and Fig. S8.

Table 3. Prediction performance of the raters in the test dataset

Results Rater 1 Rater 2 Rater 3

Histopathological grade with GBCA-free MRI

Accuracy 0.85 0.88 0.86

Sensitivity 0.90 0.95 0.95

Specificity 0.59 0.56 0.46

Positive predictive value 0.91 0.91 0.89

Negative predictive value 0.56 0.71 0.66

Histopathological grade with GBCA-enhanced MRI

Accuracy 0.88 0.87 0.87

Sensitivity 0.95 0.94 0.96

Specificity 0.56 0.54 0.46

Positive predictive value 0.91 0.90 0.89

Negative predictive value 0.70 0.66 0.69
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Table 3. Prediction performance of the raters in the test dataset (Continued)

Results Rater 1 Rater 2 Rater 3

Molecular diagnosis with GBCA-free MRI

Overall accuracy (astrocytoma, IDH-mutant vs. oligodendroglioma, IDH-
mutant and 1p/19q-codeleted vs. glioblastoma, IDH-wildtype)

0.77 0.76 0.75

Accuracy Astrocytoma, IDH-mutant 0.81 0.80 0.78

Oligodendroglioma, IDH-mutant and 1p/19q-
codeleted

0.89 0.88 0.89

Glioblastoma, IDH-wildtype 0.85 0.85 0.83

Sensitivity Astrocytoma, IDH-mutant 0.54 0.58 0.63

Oligodendroglioma, IDH-mutant and 1p/19q-
codeleted

0.42 0.35 0.29

Glioblastoma, IDH-wildtype 0.88 0.86 0.85

Specificity Astrocytoma, IDH-mutant 0.85 0.84 0.80

Oligodendroglioma, IDH-mutant and 1p/19q-
codeleted

0.95 0.94 0.97

Glioblastoma, IDH-wildtype 0.78 0.80 0.80

Positive predictive value Astrocytoma, IDH-mutant 0.41 0.40 0.37

Oligodendroglioma, IDH-mutant and 1p/19q-
codeleted

0.50 0.44 0.53

Glioblastoma, IDH-wildtype 0.92 0.92 0.92

Negative predictive value Astrocytoma, IDH-mutant 0.91 0.91 0.92

Oligodendroglioma, IDH-mutant and 1p/19q-
codeleted

0.93 0.92 0.92

Glioblastoma, IDH-wildtype 0.70 0.68 0.61

Molecular diagnosis with GBCA-enhanced MRI

Overall accuracy (astrocytoma, IDH-mutant vs. oligodendroglioma, IDH-
mutant and 1p/19q-codeleted vs. glioblastoma, IDH-wildtype)

0.77 0.77 0.78

Accuracy Astrocytoma, IDH-mutant 0.80 0.80 0.79

Oligodendroglioma, IDH-mutant and 1p/19q-
codeleted

0.89 0.88 0.89

Glioblastoma, IDH-wildtype 0.84 0.85 0.86

5
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Table 3. Prediction performance of the raters in the test dataset (Continued)

Results Rater 1 Rater 2 Rater 3

Sensitivity Astrocytoma, IDH-mutant 0.50 0.63 0.67

Oligodendroglioma, IDH-mutant and 1p/19q-
codeleted

0.35 0.38 0.26

Glioblastoma, IDH-wildtype 0.89 0.86 0.88

Specificity Astrocytoma, IDH-mutant 0.86 0.84 0.82

Oligodendroglioma, IDH-mutant and 1p/19q-
codeleted

0.96 0.95 0.97

Glioblastoma, IDH-wildtype 0.72 0.83 0.83

Positive predictive value Astrocytoma, IDH-mutant 0.40 0.42 0.41

Oligodendroglioma, IDH-mutant and 1p/19q-
codeleted

0.50 0.48 0.56

Glioblastoma, IDH-wildtype 0.90 0.93 0.93

Negative predictive value Astrocytoma, IDH-mutant 0.90 0.92 0.93

Oligodendroglioma, IDH-mutant and 1p/19q-
codeleted

0.92 0.92 0.91

Glioblastoma, IDH-wildtype 0.70 0.69 0.72

Table 3 describes the diagnostic prediction performance, with and without GBCA-enhanced scans, 
per rater in the test dataset (n=303).
Evaluations with GBCA-free MRI were based on pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/
ADC, and SWI (if present) sequences using the Diagnosis Prediction Decision Tree (DPDT). Evaluations 
with GBCA-enhanced MRI included post-contrast T1-weighted images in addition to the assessment 
conducted with GBCA-free MRI.
IDH = isocitrate dehydrogenase, GBCA = gadolinium-based contrast agent
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Figure 3: Per-rater prediction performance of histomolecular diagnosis of adult-type diffuse 

gliomas using GBCA-free vs. GBCA-enhanced scans. Color bar charts show the prediction 

performance, including accuracy, sensitivity, and specificity levels in predicting tumor grade, 

IDH mutation, and 1p/19q-codeletion status using GBCA-free and GBCA-enhanced scans per 

rater (rater 1 = green bar, rater 2 = orange bar, rater 3 = blue bar). Comparison of GBCA-free and 

GBCA-enhanced predictions revealed no significant differences (p > 0.05) except for rater 1’s 

sensitivity in histopathological grade prediction (red star, p = 0.006). GBCA = Gadolinium-based 

contrast agent.

Predictive performance in different subgroups using GBCA-free and GBCA-
enhanced scans

Subgroup analysis showed a significant correlation between the prediction 
of tumor grade or molecular status and patient age. The diagnostic accuracy 
improved with increasing patient age, regardless of whether GBCA-free or GB-
CA-enhanced scans were used (all p < 0.001). Similarly, a significant correlation 
was observed between GBCA-free or GBCA-enhanced diagnosis predictions 
and tumor location (all p < 0.001). Tumors in the thalamus were more frequently 
misclassified than those in other locations, particularly the parietal and tempo-
ral lobes; see Table S5. Predictions did not vary between patient sex or tumor 
laterality subgroups (all p > 0.05).

5
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Agreement analysis for histomolecular diagnosis

Group inter-rater agreement for tumor grade prediction was higher using GB-
CA-enhanced scans (0.68 (95%-CI: 0.58-0.78)) than using GBCA-free scans (0.56 
(95%-CI: 0.46-0.66,) p = 0.008). Outcomes for molecular status prediction were 
substantial for both GBCA-free (0.75 (95%-CI: 0.69-0.80)) and GBCA-enhanced 
scans (0.77 (95%-CI: 0.71-0.82), p = 0.51); see Fig. 4.

Figure 4: Group inter-rater agreement in histomolecular diagnosis prediction of adult-type dif-

fuse gliomas using GBCA-free vs. GBCA-enhanced scans. The color box plot shows inter-rater 

agreement in predicting tumor grade (low-grade: grade 2 vs. high-grade: grade 3/4) and molecular 

status (astrocytoma, IDH-mutant vs. oligodendroglioma, IDH-mutant and 1p/19q-codeleted vs. 

glioblastoma, IDH-wildtype) among all raters. Green bars depict the results based on the evalu-

ation of GBCA-free scans (only pre-contrast sequences: pre-contrast T1-weighted, T2-weighted, 

FLAIR, DWI/ADC, and SWI (if present)) and red bars show the results of the evaluation using 

GBCA-enhanced scans (pre- and post-contrast sequences: pre-contrast T1-weighted, T2-weight-

ed, FLAIR, DWI/ADC, SWI (if present) + post-contrast T1-weighted). Comparison of agreements 

between GBCA-free and GBCA-enhanced predictions was significant for tumor grade (red star, 

p = 0.008) while it was insignificant for molecular marker (p > 0.05). Note: The interpretation of 

agreement values was as follows: 0.01–0.20, slight; 0.21–0.40, fair; 0.41–0.60, moderate; 0.61–0.80, 

substantial; and 0.81–0.99, almost perfect. GBCA = Gadolinium-based contrast agent, IDH = isoc-

itrate dehydrogenase.
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Figure 5: Intra-rater inter-group agreement in histomolecular diagnosis prediction of adult-type 

diffuse gliomas. The color box plot describes intra-rater inter-group agreement comparing GB-

CA-free and GBCA-enhanced histomolecular diagnosis predictions of each rater (rater 1 = green 

bar, rater 2 = orange bar, rater 3 = blue bar). Diagnosis predictions include tumor grade (low-grade: 

grade 2 vs. high-grade: grade 3/4) and molecular status (astrocytoma, IDH-mutant vs. oligoden-

droglioma, IDH-mutant and 1p/19q-codeleted vs. glioblastoma, IDH-wildtype) evaluations. Red 

triangles indicate prevalence-adjusted and bias-adjusted kappa (PABAK) values that compensate 

for the possible influence of dataset diagnosis imbalances. Comparison of agreements among 

all raters revealed significant differences for both tumor grade and molecular marker (p < 0.001). 

Note: The interpretation of agreement values was as follows: 0.01–0.20, slight; 0.21–0.40, fair; 

0.41–0.60, moderate; 0.61–0.80, substantial; and 0.81–0.99, almost perfect. GBCA = Gadolini-

um-based contrast agent, IDH = isocitrate dehydrogenase.

Pairwise inter-rater agreements for tumor grade prediction were moderate 
or better for both GBCA-free (≥0.52 (95%-CI 0.38-0.65)) and GBCA-enhanced 
(≥0.59 (95%-CI 0.50-0.73)) scans. The results increased to substantial or almost 
perfect levels (≥0.74) after applying PABAK analysis, accounting for dataset 
imbalance. Outcomes for the molecular status prediction were substantial for 
both GBCA-free (≥0.73 (95%-CI 0.65-0.80)) and GBCA-enhanced (≥0.74 (95%-
CI 0.66-0.81)) scans. Comparison analysis between GBCA-free and GBCA-en-
hanced agreements showed no significant differences (all p > 0.05) except for 
agreements in grade prediction for raters 1&2 (GBCA-free/GBCA-enhanced 
0.53 (95%-CI: 0.40-0.66)/0.74 (95%-CI: 0.63-0.86), p = 0.003) and raters 1&3 

5
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(GBCA-free/GBCA-enhanced 0.52 (95%-CI: 0.38-0.65)/0.69 (95%-CI: 0.57-0.81), 
p = 0.02); see Table S6 and Fig. S9.

Intra-rater inter-group agreements (Fig. 5) for grade prediction were moderate 
0.59 (95%-CI: 0.47-0.71) for rater 1 and almost perfect for rater 2 (0.92 (95%-CI: 
0.85-0.98)) and rater 3 (0.91 (95%-CI: 0.83-0.98)). Applying PABAK to account 
for diagnosis incidence imbalance further improved the results (raters 1/2/3: 
0.78/0.96/0.96). The corresponding results for molecular status prediction were 
substantial for rater 1 (0.73 (95%-CI: 0.66-0.81)) and almost perfect for rater 2 
(0.92 (95%-CI: 0.88-0.97)) and rater 3 (0.82 (95%-CI: 0.76-0.89)). The comparison 
of intra-rater agreements among all raters showed significant differences for 
both tumor grade (p < 0.001) and molecular status prediction (p < 0.001).

Agreement analysis for DPDT imaging features

Group inter-rater agreements were consistent (all p > 0.05) between the eval-
uation of GBCA-free and GBCA-enhanced scans except for hemorrhage and 
midline shift, showing significant differences (p = 0.02 and p = 0.04, respec-
tively). The robust feature with almost perfect agreement was necrosis (≥0.83 
(95%-CI: 0.78-0.88)). Calcification and midline shift showed substantial agree-
ments (≥0.61 (95%-CI: 0.31-0.90)) while other features reached fair to moderate 
levels (0.35 (95%-CI: 0.19-0.51) - 0.58 (95%-CI: 0.40-0.76)); see Table 4 and Fig. 6.

Table 4. Group inter-rater agreement in the evaluation of imaging features included in DPDT

Imaging features GBCA-free scans GBCA-enhanced scans

Necrosis* 0.83 (95%-CI: 0.78-0.88) 0.85 (95%-CI: 0.80-0.90)

Diffusion restriction** 0.52 (95%-CI: 0.47-0.56) 0.51 (95%-CI: 0.46-0.56)

Hemorrhage*^ 0.48 (95%-CI: 0.39-0.57) 0.40 (95%-CI: 0.31-0.49)

T2-FLAIR mismatch sign* 0.57 (95%-CI: 0.37-0.77) 0.58 (95%-CI: 0.40-0.76)

Nonenhancing tumor margin* 0.44 (95%-CI: 0.33-0.54) 0.47 (95%-CI: 0.36-0.58)

T2 homogeneity* 0.43 (95%-CI: 0.28-0.57) 0.46 (95%-CI: 0.31-0.61)

Calvarial remodeling* 0.49 (95%-CI: 0.33-0.65) 0.56 (95%-CI: 0.39-0.73)

Cyst* 0.40 (95%-CI: 0.24-0.57) 0.35 (95%-CI: 0.19-0.51)

Calcification* 0.61 (95%-CI: 0.31-0.90) 0.63 (95%-CI: 0.31-0.95)

Midline shift*^ 0.68 (95%-CI: 0.61-0.75) 0.73 (95%-CI: 0.67-0.80)
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Table 4. Group inter-rater agreement in the evaluation of imaging features included in DPDT 

(Continued)

Imaging features GBCA-free scans GBCA-enhanced scans

Substantial edema* 0.39 (95%-CI: 0.30-0.47) 0.38 (95%-CI: 0.30-0.46)

Table 4 shows the group inter-rater agreement results for imaging features involved in DPDT using both 
GBCA-free and GBCA-enhanced scans.
* Fleiss̀  kappa, ** Kendall`s W, ^ Features with significant difference (P < .05) between GBCA-free and 
GBCA-enhanced agreement values
DPDT = diagnosis prediction decision tree, GBCA= gadolinium-based contrast agent, GBCA-free 
scans = pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/ADC, SWI (if present) sequences, GB-
CA-enhanced scans = pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/ADC, SWI (if present) + 
post-contrast T1-weighted sequences
Interpretation of agreement values was as follows: 0.01–0.20, slight; 0.21–0.40, fair; 0.41–0.60, moderate; 
0.61–0.80, substantial; and 0.81–0.99, almost perfect

Figure 6: Group inter-rater agreement in evaluating imaging features included in the Diagnosis 

Prediction Decision tree (DPDT) for adult-type diffuse gliomas. The color box plot shows inter-rat-

er agreement in evaluating single DPDT imaging features using GBCA-free or GBCA-enhanced 

scans among all raters. Green bars depict the results based on the assessment of GBCA-free 

scans (only pre-contrast sequences: pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/ADC 

and SWI (if present)) and red bars show the results of the evaluation using GBCA-enhanced scans 

(pre- and post-contrast sequences: pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/ADC, SWI 

(if present) + post-contrast T1-weighted). Comparison of agreements between GBCA-free and 

GBCA-enhanced assessments was insignificant (p > 0.05) except for hemorrhage and midline 

shift (red stars, p = 0.02 and p = 0.04, respectively). Note: The interpretation of agreement values 

was as follows: 0.01–0.20, slight; 0.21–0.40, fair; 0.41–0.60, moderate; 0.61–0.80, substantial; and 

0.81–0.99, almost perfect. GBCA = Gadolinium-based contrast agent.
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Pairwise inter-rater agreements were at least substantial for necrosis (≥0.80 
(95%-CI: 0.73-0.87)) with further improvement after applying PABAK analysis ( 
≥0.82). The outcomes for other features varied between 0.13 (95%-CI: -0.04-0.31) 
and 0.80 (95%-CI: 0.52-1.07). However, the results increased with PABAK anal-
ysis (range: 0.50-94), showing the impact of dataset imbalance. There were no 
significant differences (all p > 0.05) between GBCA-free and GBCA-enhanced 
agreements with a few exceptions (rater 1&3: cyst p = 0.04, midline shift p = 0.03, 
rater 1&2: midline shift p = 0.02); see Table S7 and Fig. S10.

Intra-rater agreements were almost perfect for necrosis (≥0.82 (95%-CI: 0.75-
0.89)) and midline shift (≥0.81 (95%-CI 0.73-0.89)), substantial or better for 
hemorrhage, T2-FLAIR mismatch sign, calvarial remodeling, calcification and 
substantial edema (≥0.64 (95%-CI: 0.44-0.84)), fair or better for other features 
(≥0.35 (95%-CI: 0.18-0.52)). The comparison of intra-rater agreements among 
all raters showed significant differences (all p < 0.05) except for the T2-FLAIR 
mismatch sign (p = 0.93) and calcification (p = 0.96); see Table 5 and Fig. S11.

DISCUSSION

In this study, we developed a DPDT, incorporating eleven imaging features from 
conventional GBCA-free MRI for adult-type diffuse gliomas. DPDT, assessed 
by three raters with variable levels of experience, demonstrated high predic-
tive performance for the classification of both tumor grade (accuracy ≥0.85 
(95%-CI: 0.80-0.88)) and molecular status (overall accuracy ≥0.75 (95%-CI: 0.70-
0.80). Adding GBCA-enhanced images to the evaluation showed comparable 
results (accuracy ≥ 0.87 (95%-CI: 0.82-0.90) and overall accuracy ≥0.77 (95%-
CI: 0.71-0.81), respectively). Comparison of GBCA-free and GBCA-enhanced 
outcomes (accuracy, sensitivity, and specificity) revealed insignificant differ-
ences except for rater 1’s sensitivity in grade prediction (GBCA-free/GBCA-en-
hanced = 0.90/0.95, p = 0.006).

Our study suggests that the proposed DPDT using GBCA-free MRI could be as 
reliable as standard GBCA-enhanced MRI in preoperative diagnostic glioma 
assessment. Previous studies often evaluated the diagnostic efficacy of con-
ventional MRI, including GBCA-enhanced images, making it challenging to 
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determine the complementary role of GBCA. For instance, Du et al. [31] and 
Setyawan et al. [20] proposed preoperative glioma grading (AUC: 0.93 and 1.00, 
respectively) and IDH genotyping (AUC: 0.86 and 0.93, respectively) models 
incorporating enhancement features alongside other GBCA-free imaging fea-
tures such as hemorrhage or cysts. Although a recent study [32] proposed an 
MRI scoring system utilizing GBCA-free features, it specifically assessed non-
enhancing gliomas. However, focusing exclusively on GBCA-free imaging fea-
tures without excluding enhancing gliomas could help to better comprehend 
the additional benefit of GBCA in decision-making. Our study addresses this 
gap by assessing a large glioma cohort through a head-to-head comparison 
of GBCA-free and GBCA-enhanced MRI, ultimately refuting the additive value 
of GBCA. The evaluation across different patient subgroups, such as age or 
tumor location, was similar for GBCA-free and GBCA-enhanced evaluations, 
stressing the limited added value of GBCA-enhanced images. The subgroup 
analysis revealed that DPDT performs better in older age groups, likely due to 
the high prevalence of glioblastoma in this demographic, which often exhibits 
typical imaging features such as necrosis, facilitating identification. The per-
formance was less accurate for tumors in the thalamus, possibly because tha-
lamic lesions display more distinct imaging features than hemispheric tumors. 
Importantly, inter-rater agreement regarding histomolecular diagnosis was not 
improved by GBCA use, highlighting the potential value of GBCA-free DPDT in 
real-world clinical settings, while the IDH prediction accuracy of only 77% even 
with GBCA indicates limitations for radiology in general.

Our DPDT algorithm comprises eleven imaging features, each correlated with 
the respective histomolecular glioma diagnosis in previous studies [18–25]. 
Among these, necrosis, a glioblastoma biomarker in DPDT, was the robust 
feature, demonstrating at least substantial inter-/intra-rater agreement (≥0.80 
(95%-CI: 0.73-0.87)). A recent study [33] investigating the reliability of imag-
ing-based necrosis found a strong agreement between this and pathological 
necrosis (0.77 (95%-CI: 0.64-0.90)). That study observed a significant correlation 
between imaging-based necrosis and tumor grade as well as IDH status (p < 
0.001), alongside substantial inter-rater agreement ((0.67 (95%-CI: 0.49-0.85)), 
comparable to our study. However, their necrosis assessment relied on GB-
CA-enhanced MRI, similar to most previous studies [18–20]. Conversely, our 
evaluation of necrosis utilized both GBCA-free and GBCA-enhanced MRI, re-

5

Aynur Azizova_BNWv1.indd   179Aynur Azizova_BNWv1.indd   179 30-04-2025   18:0430-04-2025   18:04



180

Chapter 5

vealing almost perfect intra-rater agreements (≥0.82 (95%-CI: 0.75-0.89)), thus 
underscoring the efficacy of GBCA-free MRI in this context. Among other DPDT 
features, varying levels of inter- and intra-rater agreement (range: 0.13 (95%-CI: 
-0.04-0.31)- 1.00 (95%-CI: 1.00-1.00)) were observed. T2-FLAIR mismatch sign 
(≥0.51 (95%-CI: 0.23-0.80)) and calcification (≥0.49 (95%-CI: 0.08-0.89)) emerged 
as the most consistent imaging features associated with astrocytoma and 
oligodendroglioma, respectively, in DPDT. Group inter-rater agreements for 
hemorrhage and midline shift differed significantly between GBCA-free and 
GBCA-enhanced evaluations. The discrepancy in hemorrhage assessment may 
stem from inconsistent SWI availability and varying degrees of pre-contrast T1 
hyperintensity, rather than from the availability of GBCA-enhanced images. Sim-
ilarly, for the midline shift, the disagreement could result from the prevalence of 
cases with a minimal shift around the 5 mm threshold, leading to measurement 
variations between evaluations and raters. Utilizing the decision tree enables a 
systematic approach to imaging assessment, potentially improving diagnostic 
thoroughness, as less experienced raters demonstrated comparable or better 
performance to experienced radiologists. Beyond assessment by radiologists, 
the present study may deliver insights for researchers focusing on AI-based 
algorithms, as DPDT provides imaging characteristics relevant to algorithm 
decision-making.

This study has several limitations demanding future research. The study fo-
cuses on a specific scenario, and a relatively small sample size rated by only 
two observers was used to develop DPDT. Besides the scientific outcomes, the 
study’s clinical value is potentially limited to situations where tissue diagnosis 
is not feasible, e.g., due to poor clinical condition or tumor location or when 
GBCA administration is contraindicated or not desired. Moreover, the omission 
of clinical factors such as age and the lack of a longitudinal evaluation in DPDT 
will have impacted diagnostic predictions. Additionally, despite IDH-wildtype 
diffuse gliomas being classified as HGG in this study regardless of histological 
grade, recent studies suggest that histologically grade 2 IDH-wildtype diffuse 
gliomas with isolated telomerase reverse transcriptase (TERT) promoter mu-
tation may exhibit a more favorable outcome than glioblastoma, IDH-wildtype 
[34]. Further work is needed to incorporate clinical factors and other imaging 
biomarkers, including temporal imaging evaluation, and extend DPDT to other 
brain tumor differentials, such as metastasis or lymphoma, and non-tumor le-
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sions, such as demyelination or infection. Another significant limitation is the 
exclusion of perfusion data due to the inconsistent availability of ASL data 
for comparison with the standard method of dynamic susceptibility contrast 
(DSC)-MRI. Provided a head-to-head comparison can be guaranteed, perfusion 
should be examined in a future DPDT study. Moreover, an extended consecu-
tive study should incorporate time-tracking of the DPDT usage to evaluate its 
clinical utility compared to standard evaluation.

In conclusion, the proposed decision tree enables non-invasive preoperative 
diagnosis of adult-type diffuse gliomas using only GBCA-free MRI, regardless 
of the rater’s experience level. Future research should develop a generalized 
decision tree with diverse brain mass lesions and advanced imaging techniques 
and test it with additional raters and new data.

5
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ELECTRONIC SUPPLEMENTARY MATERIAL

Rationale for the selection of DPDT imaging features

The selection of specific imaging features for DPDT was primarily guided by 
the clinical experience of the raters, who also referenced established imaging 
biomarkers [1-8] commonly used in clinical practice.

Glioblastoma, IDH-wildtype:

Necrosis and hemorrhage are well-recognized imaging biomarkers of glioblas-
toma, IDH-wildtype. However, their diffusion properties can still identify tumors 
without these characteristic features. Glioblastomas, particularly those imaged 
before necrosis occurs, often show diffusion restriction. As a result, these three 
features were considered independent imaging biomarkers of glioblastoma, 
IDH-wildtype, in DPDT.

Astrocytoma, IDH-mutant:

Astrocytomas exhibit a range of imaging features. T2-FLAIR mismatch sign 
is considered the most reliable biomarker, with studies showing up to 100% 
specificity. Tumors displaying this sign typically have a homogeneous T2 signal 
and well-defined tumor margins. However, not all astrocytomas with homoge-
neous T2 signal or well-defined margins exhibit the T2-FLAIR mismatch sign. 
Thus, these three features were treated as independent biomarkers for astro-
cytomas. Although astrocytomas with these features are often low-grade, the 
presence of a midline shift or substantial edema may suggest an aggressive, 
high-grade tumor. High-grade astrocytomas may also display heterogeneous 
T2 signal and ill-defined margins. In such cases, after excluding the imaging 
features of oligodendrogliomas, as discussed below, a diagnosis of high-grade 
astrocytoma should be considered.

Oligodendroglioma, IDH-mutant, and 1p/19q-codeleted:

Oligodendrogliomas typically have a better prognosis but present with a het-
erogeneous appearance on MRI. Tumors with T2 heterogeneity or ill-defined 
borders should be evaluated for the possibility of 1p/19q codeletion. Support-
ing imaging features such as calvarial remodeling, cyst, or calcification are 
well-documented in the literature and commonly used in clinical practice. 
Thus, these three imaging features were considered as a oligodendroglioma 
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biomarkers in tumors with T2 heterogeneity and ill-defined borders in DPDT. 
While determining the grade of oligodendrogliomas can be challenging, the 
presence of a midline shift or substantial edema may suggest a higher grade.
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subtype of adult grade 2-3 intracranial diffuse gliomas. Neuroradiology 64:2295–2305
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ta-analysis. Eur Radiol 32:5339–5352
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Indistinct Tumor Borders at MRI. AJNR Am J Neuroradiol 38:678–684

Explanation of the Diagnosis Prediction Decision Tree (DPDT)

DPDT incorporates seven VASARI (necrosis, diffusion restriction, hemorrhage, 
non-enhancing tumor margins, calvarial remodeling, cysts, and proportion of 
edema) and four non-VASARI imaging features (T2-FLAIR mismatch sign, T2 
signal homogeneity, calcification, and midline shift). Initially, necrosis, diffusion 
restriction (visually assessed on both b-1000 and ADC maps), or hemorrhage 
serve as independent imaging biomarkers for glioblastoma, IDH-wildtype. In 
cases where these biomarkers are absent, the subsequent evaluation focuses 
on the T2/FLAIR mismatch sign, well-defined non-enhancing tumor margin, or 
T2 signal homogeneity. The presence of any of these features independently 
marks astrocytoma, IDH-mutant, while the absence prompts assessment of 
calvarial remodeling, cysts, or calcification. The presence of these latter fea-
tures suggests oligodendroglioma, IDH-mutant and 1p/19q-codeleted, where-
as their absence indicates high-grade astrocytoma, IDH-mutant. The midline 
shift or substantial edema is the chosen imaging feature for determining the 
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histological grade of astrocytomas or oligodendrogliomas, as these features 
correlate with high-grade gliomas. Refer to Figure 1 for an illustration of DPDT.

Guide material for the raters

Definition of single imaging features used in Diagnosis Prediction Decision 
Tree (DPDT)

• Necrosis, modified VASARI feature 7* (yes, no); see Figure S1 (a-c)
 ○  area with irregular and/or thick margins and the following internal char-

acteristics: T1 hypointensity, T2 hyperintensity, and high ADC values like 
fluid

 ○  should not be cysts, clusters of microcysts, or enlarged perivascular 
space

• Diffusion restriction, VASARI feature 17* (yes: restricted or no: dubious/
facilitated); see Figure S1 (d-i)

 ○  restricted- characterized by high signal intensity on TRACE/DWI and 
notably low ADC values compared to the normal brain parenchyma

 ○  dubious/facilitated- characterized by high signal intensity on TRACE/DWI 
with corresponding ADC values similar to the normal brain parenchyma 
(dubious) or high/low signal intensity on TRACE/DWI with ADC values 
notably higher than the typical brain parenchyma (facilitated)

 ○  the areas featuring reduced ADC signal intensity due to necrotic or hem-
orrhagic tumor components should be disregarded
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• Hemorrhage, VASARI feature 16* (yes, no); see Figure S2
 ○  yes- (a) the presence of drop-out or blooming on post-processed SWI 

images exhibiting identical signal intensity to internal cerebral veins/
superior sagittal sinus on filtered phase images or (b) any intrinsic hy-
perintense foci in proximity to or within the necrotic region of the tumor 
on pre-contrast T1-weighted images should also be recognized as hem-
orrhage

 ○  no- (a) the absence of drop-out or blooming on post-processed SWI 
images or the presence of drop-out or blooming with a signal intensi-
ty opposite to internal cerebral veins/superior sagittal sinus, indicative 
of calcification on filtered phase images, or (b) when observations are 
unclear on pre-contrast T1-weighted images or may potentially signify 
mineral presence rather than hemorrhage

• T2-Flair mismatch sign (yes, no); see Figure S3 (a,b)
 ○  yes- the presence of complete/near complete homogeneous hyperin-

tense signal on T2-weighted images with relatively homogeneous or 
heterogeneous hypointense signal in most of these regions (> 90%) on 
T2-FLAIR, except for a hyperintense complete or incomplete peripheral 
rim

 ○  no- the presence of heterogeneous signal intensity on T2-weighted 
images and/or the lack of suppressed T2 signal on FLAIR, including the 
absence of a hyperintense peripheral rim

• Non-enhancing tumor margin, VASARI feature 13* (well-defined, ill-de-
fined); see Figure S3 (c,d)

 ○  well-defined- tumor margins should be deemed well-defined when they 
can be easily followed consistently across nearly the entire tumor, en-
compassing more than 90% of its volume.

 ○  ill-defined- indistinct or blurred margins, or margins that align with white 
matter tracts and are challenging to distinguish from surrounding edema 
across most of the tumor volume.

• T2 signal homogeneity (yes/homogeneous, no/heterogeneous); see Figure 
S3 (c,d)

 ○  homogeneous- almost the same signal intensity throughout the tumor 
except for the lesion rim, vessels (dark dots or lines), cysts, perivascular 
spaces, and probably infiltrated but normal-appearing cortex compared 
to the other tumor parts.

5
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 ○   heterogeneous- mainly different signal intensity, including hypointense, 
isointense, and/or hyperintense signal compared to normal brain cortex, 
throughout the tumor

• Cyst, VASARI feature 8* (yes, no); see Figure S4 (a-c)
 ○  well-defined, rounded, often eccentric regions of high T2-weighted signal 

and low T1-weighted signal essentially resembling the signal intensity of 
cerebrospinal fluid, with very thin, uniform, smooth, non-enhancing or 
regularly enhancing walls, possibly with thin, regular, internal septations

• Calcification (yes, no); see Figure S4 (d-h)
 ○  yes- the presence of drop-out or blooming on post-processed SWI images 

with a signal intensity opposite to that of internal cerebral veins/superior 
sagittal sinus on filtered phase images. When present, the calcified cho-
roid plexus or pineal gland serves as an internal reference for calcifica-
tion; a similar signal intensity to these structures suggests calcification 
rather than hemorrhage.

 ○  no- the absence of drop-out or blooming on post-processed SWI images 
or the presence of drop-out or blooming with the same signal intensity 
as internal cerebral veins/superior sagittal sinus, indicative of hemor-
rhage on filtered phase images.

• Calvarial remodeling, VASARI feature 25* (yes, no); see Figure S5 (a,b)
 ○  yes- the presence of the evident erosion or remodeling of the inner table 

of the skull, possibly indicative of the gradual growth of the tumor.
 ○  no – the lack of observable bone erosion or remodeling near the tumor 

or the tumor is far from the calvarial bones.
• Midline shift (yes, no); see Figure S5 (c)
 ○  yes- the presence of more than 5 mm shift of the midline structures to 

the left or right according to the line drawn coplanar with falx connecting 
the anterior and posterior superior sagittal sinus attachments

 ○  no- the absence of a midline shift or the presence of a midline shift mea-
suring 5 mm or less, based on the line drawn coplanar with the falx con-
necting the anterior and posterior superior sagittal sinus attachments.

• Substantial edema, modified VASARI feature 14 (yes, no); see Figure S5 (d)
 ○  yes- significant edema is defined as equal to or exceeding half of the 

tumor volume (≥ 50%). The signal intensity of edema surrounding the 
tumor should surpass that of the non-enhancing tumor and be lower 
than that of cerebrospinal fluid. Pseudopods are indicative of edema.
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○  no- the absence of edema surrounding the tumor or the presence of edema 
constituting < 50% of the tumor volume.

* VASARI features according to VASARI Research Project https://wiki.cancer-
imagingarchive.net/display/Public/VASARI+Research+Project.

5
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Table S2. Imaging features involved in the Diagnosis Prediction Decision Tree

Seven VASARI features (Vf) Four non-VASARI features

Presence of necrosis modified Vf 7 T2-FLAIR mismatch sign

Diffusion restriction Vf 17 T2 signal homogeneity

Hemorrhage Vf 16 Calcification

Non-enhancing tumor margin Vf 13 Midline shift

Calvarial remodeling Vf 25

Cyst Vf 8

Substantial edema modified Vf 14

Table S2 describes seven VASARI and four non-VASARI imaging features involved in the Diagnosis 
Prediction Decision Tree (DPDT) for grade 2-4 adult-type diffuse gliomas

Table S3. Prediction performance of the raters in the development dataset

Results Rater 1 Rater 2

Histopathological grade with GBCA-free MRI

Accuracy 0.95 0.89

Sensitivity 0.97 0.91

Specificity 0.80 0.80

Positive predictive value 0.97 0.97

Negative predictive value 0.80 0.57

Histopathological grade with GBCA-enhanced MRI

Accuracy 0.97 0.87

Sensitivity 1.00 0.88

Specificity 0.80 0.80

Positive predictive value 0.97 0.97

Negative predictive value 1.00 0.50

Molecular diagnosis with GBCA-free MRI

Overall accuracy (astrocytoma, IDH-mutant vs. oligodendroglioma, IDH-mutant and 
1p/19q-codeleted vs. glioblastoma, IDH-wildtype)

0.76 0.74

Accuracy Astrocytoma, IDH-mutant 0.76 0.82

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.95 0.89

Glioblastoma, IDH-wildtype 0.82 0.76
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Table S3. Prediction performance of the raters in the development dataset (Continued)

Results Rater 1 Rater 2

Sensitivity Astrocytoma, IDH-mutant 0.60 0.80

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 1.00 1.00

Glioblastoma, IDH-wildtype 0.78 0.72

Specificity Astrocytoma, IDH-mutant 0.79 0.82

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.95 0.89

Glioblastoma, IDH-wildtype 1.00 1.00

Positive predictive value Astrocytoma, IDH-mutant 0.30 0.40

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.33 0.20

Glioblastoma, IDH-wildtype 1.00 1.00

Negative predictive value Astrocytoma, IDH-mutant 0.93 0.97

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 1.00 1.00

Glioblastoma, IDH-wildtype 0.46 0.40

Molecular diagnosis with GBCA-enhanced MRI

Overall accuracy (astrocytoma, IDH-mutant vs. oligodendroglioma, IDH-mutant and 
1p/19q-codeleted vs. glioblastoma, IDH-wildtype)

0.82 0.84

Accuracy Astrocytoma, IDH-mutant 0.82 0.87

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.97 0.95

Glioblastoma, IDH-wildtype 0.84 0.87

Sensitivity Astrocytoma, IDH-mutant 0.60 0.80

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 1.00 1.00

Glioblastoma, IDH-wildtype 0.84 0.84

Specificity Astrocytoma, IDH-mutant 0.85 0.88

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.97 0.95

Glioblastoma, IDH-wildtype 0.83 1.00

Positive predictive value Astrocytoma, IDH-mutant 0.38 0.50

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.50 0.33

Glioblastoma, IDH-wildtype 0.96 1.00

5
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Table S3. Prediction performance of the raters in the development dataset (Continued)

Results Rater 1 Rater 2

Negative predictive value Astrocytoma, IDH-mutant 0.93 0.97

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 1.00 1.00

Glioblastoma, IDH-wildtype 0.50 0.55

Table S3 shows the diagnostic prediction performance, with and without GBCA-enhanced scans, per 
rater in the development dataset (n=38).
Evaluations with GBCA-free MRI were based on pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/
ADC, and SWI (if present) sequences. Evaluations with GBCA-enhanced MRI included post-contrast 
T1-weighted images in addition to GBCA-free MRI sequences.

IDH = isocitrate dehydrogenase, GBCA = gadolinium-based contrast agent

Table S4. Prediction performance of the raters in the optimization dataset

Results Rater 1 Rater 2

Histopathological grade with GBCA-free MRI

Accuracy 0.97 0.90

Sensitivity 1.00 0.91

Specificity 0.89 0.89

Positive predictive value 0.96 0.95

Negative predictive value 1.00 0.80

Histopathological grade with GBCA-enhanced MRI

Accuracy 0.87 0.97

Sensitivity 0.67 1.00

Specificity 0.95 0.89

Positive predictive value 0.86 0.96

Negative predictive value 0.88 1.00

Molecular diagnosis with GBCA-free MRI

Overall accuracy (astrocytoma, IDH-mutant vs. oligodendroglioma, IDH-mutant and 
1p/19q-codeleted vs. glioblastoma, IDH-wildtype)

0.81 0.84

Accuracy Astrocytoma, IDH-mutant 0.84 0.94

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.94 0.90

Glioblastoma, IDH-wildtype 0.84 0.84

Sensitivity Astrocytoma, IDH-mutant 0.84 0.78

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.94 0.71

Glioblastoma, IDH-wildtype 0.84 0.93
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Table S4. Prediction performance of the raters in the optimization dataset (Continued)

Results Rater 1 Rater 2

Specificity Astrocytoma, IDH-mutant 0.67 1.00

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.71 0.96

Glioblastoma, IDH-wildtype 0.93 0.75

Positive predictive value Astrocytoma, IDH-mutant 0.75 1.00

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 1.00 0.83

Glioblastoma, IDH-wildtype 0.78 0.78

Negative predictive value Astrocytoma, IDH-mutant 0.87 0.92

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.92 0.92

Glioblastoma, IDH-wildtype 0.92 0.92

Molecular diagnosis with GBCA-enhanced MRI

Overall accuracy (astrocytoma, IDH-mutant vs. oligodendroglioma, IDH-mutant and 
1p/19q-codeleted vs. glioblastoma, IDH-wildtype)

0.90 0.87

Accuracy Astrocytoma, IDH-mutant 0.90 0.94

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.94 0.90

Glioblastoma, IDH-wildtype 0.97 0.90

Sensitivity Astrocytoma, IDH-mutant 0.90 0.88

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.94 0.71

Glioblastoma, IDH-wildtype 0.97 0.93

Specificity Astrocytoma, IDH-mutant 0.89 0.95

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.86 0.96

Glioblastoma, IDH-wildtype 0.93 0.88

Positive predictive value Astrocytoma, IDH-mutant 0.80 0.89

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.86 0.83

Glioblastoma, IDH-wildtype 1.00 0.88

Negative predictive value Astrocytoma, IDH-mutant 0.95 0.95

Oligodendroglioma, IDH-mutant and 1p/19q-codeleted 0.96 0.92

Glioblastoma, IDH-wildtype 0.94 0.93

Table S4 shows the diagnostic prediction performance, with and without GBCA-enhanced scans, per 
rater in the optimization dataset (n=31).
Evaluations with GBCA-free MRI were based on pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/
ADC, and SWI (if present) sequences using the Diagnosis Prediction Decision Tree (DPDT). Evaluations 
with GBCA-enhanced MRI included post-contrast T1-weighted images in addition to the assessment 
conducted with GBCA-free MRI.
IDH = isocitrate dehydrogenase, GBCA = gadolinium-based contrast agent

5
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 Table S5. Failed GBCA-free and GBCE-enhanced diagnosis predictions across various tumor 

locations

Tumor locations Failed GBCA-free predictions (%) Failed GBCA-enhanced predictions 
(%)

Tumor grade Molecular diagnosis Tumor grade Molecular diagnosis

Frontal 21% 32% 20% 31%

Parietal 4% 15% 3% 15%

Insula 19% 17% 19% 17%

Temporal 8% 21% 9% 19%

Thalamus 25% 46% 25% 42%

Occipital 15% 19% 10% 17%

Corpus callosum 0% 17% 0% 17%

Table S5 shows failed diagnosis predictions, including tumor grade and molecular diagnosis, across 
different tumor locations using GBCA-free and GBCA-enhanced scans based on a combined dataset 
of all raters.
GBCA= gadolinium-based contrast agent, GBCA-free scans = pre-contrast T1-weighted, T2-weight-
ed, FLAIR, DWI/ADC, SWI (if present) sequences, GBCA-enhanced scans = pre-contrast T1-weighted, 
T2-weighted, FLAIR, DWI/ADC, SWI (if present) + post-contrast T1-weighted sequences
Tumor grade prediction includes low-grade (grade 2) vs. high-grade (grade 3/4) gliomas. Molecular 
diagnosis prediction includes astrocytoma, IDH-mutant vs. oligodendroglioma, IDH-mutant, and 
1p/19q-codeleted vs. glioblastoma, IDH-wildtype
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Chapter 5

SUPPLEMENTARY FIGURES AND FIGURE CAPTIONS

Figure S1: Case examples for the evaluation of necrosis and diffusion.

Necrosis (a,b,c; glioblastoma, IDH-wildtype): Axial MR images show a right parietal lesion with typical 
features of central necrosis characterized by T1 hypointense (a), T2 hyperintense (b) and high fluid-
like ADC signal (c) covered by irregular and thick margins (white arrows). Restricted diffusion (d,e,f; 
glioblastoma, IDH-wildtype): Axial MR images show left and right mesial temporal/hippocampal 
infiltrative T2 hyperintense lesions (d, white stars) with restricted diffusion on the left side characterized 
by high TRACE/DWI signal (e; white arrow) and corresponding low ADC signal (f, white arrow). Dubious 
and facilitated diffusion (g,h,i; high-grade oligodendroglioma, IDH-mutant and 1p/19q-codeleted): Axial 
MR images demonstrate right frontal T2 hyperintense lesion (g, white star) with dubious diffusion 
characterized by high TRACE/DWI signal (h, white arrow) plus corresponding intermediate healthy 
cortex-like ADC signal (i, white arrow), and facilitated diffusion characterized by low TRACE/DWI signal 
(h, black star) plus corresponding high ADC signal (i, black star).
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Figure S2: Case examples for the evaluation of hemorrhage.

Hemorrhage on SWI (a,b,c; glioblastoma, IDH-wildtype): Axial MR images show a right temporal T2 
hyperintense lesion (a, white star) with hemorrhage characterized by the blooming on post-processed 
SWI image (b, white arrow) with the same signal intensity as internal cerebral veins on filtered phase 
images (c, white arrow pointing out hemorrhage and white circle highlighting internal cerebral vein). 
Hemorrhage on pre-contrast T1-weighted image (d,e,f; glioblastoma, IDH-wildtype): Axial MR images 
demonstrate right temporoparietal lesion with hemorrhagic necrosis characterized by a hyperintense 
signal within the necrotic part of the tumor on pre-contrast T1-weighted image (e, white arrow). There 
are also T2 hypointensity (d, white arrow) and low ADC signal (f, white arrow) related to hemorrhage. 
SWI images were not acquired for this case.

5
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Figure S3: Case examples for the evaluation of T2-FLAIR mismatch sign, non-enhancing tumor 

margin, and T2 signal homogeneity.

T2-FLAIR mismatch sign (a,b; low-grade astrocytoma, IDH-mutant): Axial T2 weighted image shows left 
fronto-insular hyperintense nearly-homogeneous hyperintense lesion (a, black star) and FLAIR image 
demonstrates near-complete signal drop-out in the lesion (b, black star) except for a hyperintense 
peripheral rim (b, white arrow). Well-defined margin and T2 homogeneity (c; low-grade astrocytoma, 
IDH-mutant): Axial T2 weighted image shows left frontal lesion with homogeneous hyperintense 
signal and well-defined margins (white arrow). Ill-defined margin and T2 inhomogeneity (d; high-grade 
astrocytoma, IDH-mutant): Axial T2 weighted image shows left temporal lesion with inhomogeneous 
hyperintense signal and ill-defined margins (white arrow).
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Figure S4: Case examples for the evaluation of cyst and calcification.

Cyst (a,b,c; high-grade oligodendroglioma, IDH-mutant and 1p/19q-codeleted): Axial MR images show 
a left frontal lesion consisting of eccentrically located small cyst with regular and smooth margins 
characterized by a well-defined rounded area of low T1-weighted (a, white arrow), bright T2-weighted 
(b, white arrow) and high ADC signal (c, white arrow) matching cerebrospinal fluid signal intensity. 
Calcification (d,e,f,g,h; low-grade oligodendroglioma, IDH-mutant and 1p/19q-codeleted): Axial MR 
images show right frontal T2 hyperintense heterogeneous lesion with internal calcification (d, white 
arrow) characterized by the blooming on post-processed SWI image (e, white arrow). This area displays 
a mainly hypointense signal on filtered phase image (f (the same level as in image e) and g (the choroid 
plexus level, white arrows), similar to calcified choroid plexus (g, dark circles) and pineal gland (h, dark 
circle), and opposite to the internal cerebral veins (f and g, white circles). These signal features suggest 
calcification rather than hemorrhage, using the internal cerebral veins as a reference for hemorrhage 
and the calcified choroid plexus/pineal gland as a reference for calcification.

5
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Chapter 5

Figure S5: Case examples for the evaluation of calvarial remodeling, midline shift, and substantial 

edema.

Calvarial remodeling (a,b; low-grade oligodendroglioma, IDH-mutant and 1p/19q-codeleted): Axial T2-
weighted (a) and pre-contrast T1-weighted (b) images show left parietal heterogeneous lesion causing 
discernible thinning/ remodeling of the inner table of parietal bone (white circles). Midline shift (c; 
glioblastoma, IDH-wildtype): Axial T2 weighted image shows left temporo-insular heterogeneous lesion 
causing more than 5 mm shift of the midline structures (horizontal line and text box indicating the 
midline shift degree of 13 mm) to the right according to the line drawn coplanar with falx connecting 
the anterior and posterior superior sagittal sinus attachments (white vertical line). Substantial edema 
(d; glioblastoma, IDH-wildtype): Axial T2-weighted image shows a right frontal heterogeneous lesion 
with hemorrhagic central necrosis lesion causing edema ≥50% of the tumor volume (white star).
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Figure S9: Pairwise inter-rater agreement in histomolecular diagnosis prediction of adult-type 

diffuse gliomas using GBCA-free vs. GBCA-enhanced scans.

Color box plots show inter-rater agreement in predicting tumor grade (low-grade: grade 2 vs. high-grade: 
grade 3/4) and molecular status (astrocytoma, IDH-mutant vs. oligodendroglioma, IDH-mutant and 
1p/19q-codeleted vs. glioblastoma, IDH-wildtype) among various two raters (rater 1&2, rater 1&3, rater 
2&3). Green bars depict the results based on the evaluation of GBCA-free scans (only pre-contrast 
sequences: pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/ADC, and SWI (if present)) and red bars 
show the results of the evaluation using GBCA-enhanced scans (pre- and post-contrast sequences: pre-
contrast T1-weighted, T2-weighted, FLAIR, DWI/ADC, SWI (if present) + post-contrast T1-weighted). Red 
triangles indicate prevalence-adjusted and bias-adjusted kappa (PABAK) values that compensate for 
the possible influence of dataset diagnosis imbalances. Comparison of agreements between GBCA-free 
and GBCA-enhanced predictions was insignificant (p > 0.05) except for agreements in grade prediction 
for raters 1&2 and raters 1&3 (red stars, p = 0.003 and p = 0.02, respectively). Note: The interpretation 
of agreement values was as follows: 0.01–0.20, slight; 0.21–0.40, fair; 0.41–0.60, moderate; 0.61–0.80, 
substantial; and 0.81–0.99, almost perfect. GBCA = Gadolinium-based contrast agent, IDH = isocitrate 
dehydrogenase.
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Figure S10 : Pairwise inter-rater agreement in the evaluation of imaging features included in the 

Diagnosis Prediction Decision tree (DPDT) for adult-type diffuse gliomas using GBCA-free vs. 

GBCA-enhanced scans.

Color box  plots show inter-rater agreement in the evaluation of single DPDT imaging features using 
either GBCA-free or GBCA-enhanced scans among various two raters (rater 1&2, rater 1&3, rater 
2&3). Green bars depict the results based on the evaluation of GBCA-free scans (only pre-contrast 
sequences: pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/ADC and SWI (if present)) and red bars 
show the results of the evaluation using GBCA-enhanced scans (pre- and post-contrast sequences: 
pre-contrast T1-weighted, T2-weighted, FLAIR, DWI/ADC, SWI (if present) + post-contrast T1-weighted). 
Red triangles indicate prevalence-adjusted and bias-adjusted kappa (PABAK) values that compensate 
for the possible influence of dataset diagnosis imbalances. Comparison of agreements between GBCA-
free and GBCA-enhanced assessments was insignificant (p > 0.05) except for rater 1&2 midline shift 
(red star, p = 0.02) and rater 1&3 cyst (red star, p = 0.04) and midline shift (red star, p = 0.03). Note: The 
interpretation of agreement values was as follows: 0.01–0.20, slight; 0.21–0.40, fair; 0.41–0.60, moderate; 
0.61–0.80, substantial; and 0.81–0.99, almost perfect. GBCA = Gadolinium-based contrast agent.
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Figure S11: Intra-rater inter-group agreement in the evaluation of imaging features included in 

the Diagnosis Prediction Decision tree (DPDT) for adult-type diffuse gliomas.

Color box p lot describes intra-rater inter-group agreement comparing GBCA-free and GBCA-enhanced 
evaluations of single DPDT imaging features by each rater (rater 1 = green bar, rater 2 = orange bar, 
rater 3 = blue bar). Red triangles indicate prevalence-adjusted and bias-adjusted kappa (PABAK) 
values that compensate for the possible influence of dataset diagnosis imbalances. Comparison of 
agreements among all raters revealed significant differences (p < 0.05) except for T2-FLAIR mismatch 
sign and calcification (p > 0.05). Note: The interpretation of agreement values was as follows: 0.01–
0.20, slight; 0.21–0.40, fair; 0.41–0.60, moderate; 0.61–0.80, substantial; and 0.81–0.99, almost perfect. 
GBCA = Gadolinium-based contrast agent.
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ABSTRACT

Purpose: To evaluate the comparability and reproducibility of standardized 
visual versus region-of-interest (ROI)-based diffusion assessment and their 
prediction capacity for isocitrate dehydrogenase (IDH) mutation status in adult 
gliomas.

Methods: Preoperative MRI scans, including diffusion-weighted imaging (DWI), 
of grade 2-4 adult-type diffuse gliomas (n=303) were evaluated by three raters 
and repeated after one month. Visual assessment used the categorization of 
the Visually AcceSAble Rembrandt Images-feature 17 classes (facilitated, dubi-
ous, restricted). ROI-based assessment placed circular ROI on the visually per-
ceived lowest apparent diffusion coefficient (ADC) areas (absolute/aADC) and 
contralateral normal-appearing white matter (normalized/nADC). Agreement 
and correlation analysis between visual and ROI-based assessments were per-
formed. Logistic regression was conducted for IDH prediction in non-necrotic 
and non-hemorrhagic cases.

Results: ROI-based assessment demonstrated superior inter- and intra-rater 
agreement (≥0.56 (95%-CI: 0.48-0.63)) than visual assessment (≥0.34 (95%-CI: 
0.26-0.42)). Thresholds of 1,090 and 623 x 10-6 mm2/s for aADC, and 1.38 and 0.80 
for nADC, distinguishing facilitated, dubious, and restricted diffusion, signifi-
cantly correlated with visual assessments (P < .001). IDH classification accuracy 
of visual assessment was comparable to that of the ROI-based method using 
thresholds of aADC 1,048 x 10-6 mm2/sn and nADC 1.38 (visual vs. aADC/nADC: 
69% vs. 73%/70%). However, neither method achieved a balanced performance 
between specificity (99% vs. 81%/75%) and sensitivity (14% vs. 57%/61%).

Conclusion: ROI-based diffusion assessment guided by visual input showed 
superior reproducibility than visual assessment alone. However, visual assess-
ment strongly correlated with ADC thresholds and demonstrated comparable 
IDH prediction accuracy, suggesting potentially equivalent clinical utility to 
ROI-based assessment.
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INTRODUCTION

MRI is the primary modality for monitoring adult-type diffuse gliomas, the most 
prevalent malignant brain tumors in adults, providing essential diagnostic and 
prognostic information [1–3]. Conventionally, radiologists interpret MRI data 
visually, and several visually assessed MRI biomarkers are now part of routine 
clinical practice [4]. Quantitative MRI sequences and their standardized or 
quantitative evaluation are gaining attention, with growing evidence demon-
strating their efficacy in distinguishing tumor characteristics [5–7].

Diffusion-weighted imaging (DWI) is the most established quantitative MRI 
technique and the only one recommended as a standard component of brain 
tumor imaging protocol [1]. It measures the Brownian motion of water mole-
cules in tissues, providing insights into cellular density [8]. Commonly, DWI 
is analyzed by visually comparing the b-1000 isotropic map juxtaposed to an 
apparent diffusion coefficient (ADC) map. A European glioma imaging survey 
reported that 78% of surveyed neuroradiologists prefer visual assessment 
of potential diffusion restriction [9]. While visual analysis is quick and widely 
adopted, it is inherently subjective. To address this, the Visually AcceSAble 
Rembrandt Images (VASARI) glioma imaging features set [10] introduced a 
standardized approach, categorizing diffusion assessment (feature 17) into 
three classes: restricted, dubious, and facilitated. In clinical practice, radiolo-
gists can opt against this plain visual analysis and choose a region-of-interest 
(ROI)-based assessment of diffusivity that produces absolute but normalizable 
values. Absolute ADC values directly reflect the diffusion properties within the 
ROI but are affected by technical factors. Normalized ADC values, the ratio of 
the absolute ADC to that of normal-appearing white matter, reduce variability 
across sequences and scanners but depend on accurate reference region se-
lection and may obscure direct comparability of absolute values.

Diffusion assessment is critical in radiological decision-making, often alongside 
other MRI sequences [11, 12]. However, its independent diagnostic relevance 
has also been evaluated to better understand its clinical impact [13, 14]. One 
important application is isocitrate dehydrogenase (IDH) status prediction, a 
key biomarker for classifying adult-type diffuse gliomas. While visual assess-
ment has been explored for its IDH genotyping, a recent meta-analysis [15] 

6
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found limited evidence of its significance compared to other visual imaging 
features. In contrast, ROI-based assessments show strong potential for dis-
tinguishing IDH-wildtype tumors from IDH-mutant tumors [16–18], although 
the lack of consensus on ADC thresholds remains a significant limitation [19]. 
Almost all of these studies included tumors with necrosis and hemorrhage, 
defining features of IDH-wildtype tumors [4, 12, 20–23], which degrade ADC 
map quality and limit the reliability of diffusion assessments. Excluding such 
tumors could enhance the predictive accuracy and clinical applicability of DWI. 
Moreover, there is scant evidence in the literature regarding the correlation 
between visual and ROI-based approaches and the comparative diagnostic 
accuracy of these methods.

This study aims to evaluate if the visual assessment of diffusion - represent-
ed by VASARI feature 17 - is comparable with an ROI-based assessment and 
similarly reproducible. To explore a possible diagnostic impact of the diffusion 
evaluation method in daily practice, we assess the methods’ capacity to predict 
IDH status in adult-type diffuse gliomas, excluding tumors with necrosis and 
hemorrhage.

METHODS

Study cohort

The medical ethics review committee (VUmc_2021-0437) approved this retro-
spective single-center study and waived informed consent. Eligible patients 
between January 2010 and January 2021 were taken from a cohort presented 
in previous publications [12, 24]. The study cohort was sourced from the pseud-
onymized hospital glioma database (IMAGO) by I.W., a fourth-year neuro-oncol-
ogy Ph.D. student. Inclusion criteria were treatment-naïve patients with grades 
2-4 adult-type diffuse gliomas according to the 5th World Health Organization 
Central Nervous System Classification. Patients with preoperative MRI data 
consisting of pre-contrast T1-weighted, T2-weighted, T2-FLAIR, post-contrast 
T1-weighted images, and DWI b-0 and b-1000 images with ADC maps generated 
automatically on the scanner were analyzed. Exclusion criteria were incom-
plete histomolecular diagnosis (e.g., missing IDH status), incomplete or subop-
timal preoperative MRI (e.g., motion artifacts), a more than one-month interval 
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between preoperative MRI and surgery, suprasellar, midbrain, and cerebellar 
tumors due to their distinct radiophenotype, and pediatric age group.

MRI data and analysis

MR images of all patients (n=303) were acquired on three 1.5T (n=120) and four 
3T scanners (n=183); see Supplementary Table 1 for details. Three raters with 
different levels of radiology experience (V.C.K., eleven years of neuroradiology 
experience; A.A., five years of neuroradiology experience; M.C., a fourth-year 
medical student with one month of specialized radiology training for this study 
using a different small cohort (n=69) from the hospital glioma database) inde-
pendently conducted imaging evaluations using RADIANT software (version 
3.4.1.13367; https://www.radiantviewer.com/). The raters evaluated the visual 
and ROI-based methods, focusing on the solid tumor parts. Hemorrhage, ne-
crosis, cysts, and peritumoral edema identified from the evaluation of pre- and 
post-contrast T1-weighted, T2-weighted, and T2-FLAIR images were excluded 
from the assessments. In multifocal/multicentric glioma cases, the most ag-
gressive-looking lesion defined by the visually lowest ADC signal was consid-
ered. Visual and ROI-based evaluations were performed twice (measurements 
1 and 2) by the same raters at a one-month interval for all enrolled patients. 
Raters were blinded to the histomolecular diagnosis during evaluation.

Visual and ROI-based DWI assessments

Visual evaluations were conducted using the VASARI feature 17: facilitated, 
dubious, and restricted diffusion (Supplementary Fig.1). Facilitated diffusion is 
marked by a high or low b-1000 signal with a corresponding ADC signal higher 
than normal brain tissue. Dubious diffusion is identified by a high signal on 
b-1000 images with a corresponding ADC signal resembling normal brain tissue. 
Restricted diffusion is characterized by a high DWI signal intensity on b-1000 
images with a corresponding lower signal on ADC maps than normal brain 
tissue. If the lesion showed a heterogeneous diffusion pattern, the lowest dif-
fusion score was recorded, irrespective of the relative size of the area.

ROI-based assessments included placing circular ROI on areas on the ADC map 
that visually appeared to have the lowest ADC (absolute ADC; aADC, mm2/s); 
see Supplementary Fig.1. The slice with the largest area of this visually lowest 
ADC region was exclusively considered. The mean value of the measured area 

6
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was recorded. The circular ROI size was 20-40 mm2 to standardize the mea-
surements across the raters. The raters were instructed to cover the region 
with the lowest ADC as completely as possible without extending into areas 
with a visually different ADC. A same-size circular ROI was also positioned on 
the contralateral normal-appearing white matter (ADCNAWM) for normalization 
(aADC/ADCNAWM = normalized ADC; nADC).

Statistical analysis

Analysis was conducted using R package 4.3.0 by Y.P., a third-year Ph.D. student 
in neuroscience. The significance threshold was P < .05.

Descriptive analysis

Visual assessment was expressed as percentages per category. ROI-based mea-
surements were summarized with the mean and standard deviation.

Rater agreement

Consistency among raters was evaluated separately for the two assessment 
rounds through group and pairwise inter-rater agreements. In contrast, per-rat-
er consistency between the first and second assessments was measured using 
intra-rater agreement analysis. Bootstrapping with 1000 iterations was used 
for all agreement analyses to calculate the confidence intervals. ROI-based 
measurements were analyzed using an intraclass correlation coefficient with 
two-way random-effects and mixed-effects models for inter-rater and intra-rater 
agreements. In visual assessment, Kendall’s W and Cohen’s weighted kappa 
were used for group inter-rater and pairwise inter-rater/intra-rater agreements. 
Agreement values were interpreted as follows: 0.01–0.20, slight; 0.21–0.40, fair; 
0.41–0.60, moderate; 0.61–0.80, substantial; and 0.81–0.99, almost perfect [25].

Correlation between visual and ROI-based DWI assessments

The overall distribution of ROI-based measurements (mean, standard devia-
tion) within visual assessment classes was calculated using all six measure-
ments. Logistic regression analysis was then used to determine aADC and 
nADC thresholds for distinguishing different visual assessment classes (facil-
itated vs. dubious, dubious vs. restricted). Spearman rank correlation analysis 
was conducted to identify the relationship between visual assessment and 
thresholded ROI-based measurements. The interpretation of the correlation 
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coefficient (ρ) was as follows: 0.00–0.09, negligible; 0.10–0.39, weak; 0.40–0.69, 
moderate; 0.70–0.89, strong; and 0.90–1.00, very strong [26].

Inter-method IDH classification prediction performance

Considering the IDH status of cases, descriptive analyses were repeated for 
both visual and ROI-based measurements. Confusion matrices were used to 
assess the classification performance, treating IDH-wildtype gliomas as the 
positive class. The radiological IDH prediction was conducted only on cases 
without visual hemorrhage or necrosis, as these imaging features are primar-
ily associated with IDH-wildtype tumors [4, 12, 20–23] and provide evident de-
scriptive characteristics, making diffusion status assessment less relevant. 
Hemorrhage and necrosis were evaluated using contrast-enhanced MRI as 
part of a previously published study [12], and cases with these imaging features 
identified by at least two raters were excluded from the analysis.

For visual assessments, cases rated as restricted diffusion were classified as 
IDH-wildtype, while a rating of dubious plus facilitated diffusion was classified 
as IDH-mutant. The rationale is the results of a previous study showing respec-
tive assumptions to be predictive [12].

Logistic regression analysis determined the IDH classification thresholds for 
the ROI-based values of both aADC and nADC. To ensure robustness and pre-
vent data leakage, measurements across all raters were included and divided 
into training (70%) and test (30%) sets at the patient level. This approach en-
sured that all measurements from the same patient were assigned exclusively 
to either the training or test set, preserving the independence of the datasets. 
The Random OverSampling Examples method [27] addressed a class imbalance 
regarding IDH status in the training set. Subsequently, the diagnostic perfor-
mance of these thresholded ROI-based measurements was calculated.

6
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RESULTS

Descriptive analysis

Table 1 shows the study cohort demographics.

Table 1. Study cohort demographics

Sample size: number 303

Age: years (standard deviation) 56.7 (14.2)

Sex: female/male 114/189

Isocitrate dehydrogenase status: mutant (codeleted/intact)/wildtype 82 (34/48)/221

Histological World Health Organization grade: grade 2/grade 3 or 4 54/249

Caption: Table 1 describes the main characteristics of the study cohort

Figure 1: Alluvial plots show the distribution of visual assessment classes per rater between 

measurements and per measurement between raters. Green and red colors represent isocitrate 

dehydrogenase-mutant (IDHmut) and -wildtype (IDHwt) gliomas, respectively.
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The distribution of visual assessment classes per rater and measurement is 
shown in Fig.1 and Supplementary Table 2. There was variability among evalua-
tions by different raters, particularly in the restricted diffusion class. Overall, re-
stricted diffusion class was the least chosen category (restricted vs. facilitated 
and dubious: 7-26% vs. 74-93%), with rater 2 assigning only 7% and 9% of cases 
to this category in assessments 1 and 2, respectively. These percentages were 
higher for rater 1 (25-26%) and rater 3 (16-20%). The most frequently chosen 
class was the dubious diffusion class for rater 2 (assessment 1/2: 64%/65%) 
and 3 (assessment 1/2: 61%/57%), while rater 1 primarily assigned cases to the 
facilitated diffusion class (assessment 1/2: 40%/43%).

The mean and standard deviation of aADC ranged between 864±323 and 
1,000±391 x 10-6 mm2/s across all measurements. The mean and standard devi-
ation of nADC ranged between 1.13±0.42 and 1.30±0.53; see Fig.2 and Supple-
mentary Table 3.

Figure 2: Stacked histograms show the distribution of absolute and normalized ADC values per 

rater and measurement. Green bars represent the overlap between the first (yellow bars) and 

second (blue bars) measurements.

6
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Rater agreement

Group inter-rater agreements in measurements 1 and 2 were moderate for visual 
assessment (0.51 (95%-CI: 0.46-0.56) and 0.52 (95%-CI: 0.47-0.56)) and substan-
tial for both aADC (0.66 (95%-CI: 0.60-0.72) and 0.64 (95%-CI: 0.56-0.70)) and 
nADC (0.62 (95%-CI: 0.56-0.68) and 0.62 (95%-CI: 0.55-0.68)). Pairwise inter-rater 
agreements were fair-moderate (≥0.34 (95%-CI: 0.26-0.42) and moderate-sub-
stantial (≥0.56 (95%-CI: 0.48-0.63) for visual and ROI-based assessments, re-
spectively; see Table 2 and Supplementary Fig.2. Intra-rater inter-measurement 
agreements were moderate-substantial (≥0.56 (95%-CI: 0.49-0.64)) for visual 
assessment and substantial-almost perfect for ROI-based assessments (≥0.73 
(95%-CI: 0.67-0.77)); see Table 3 and Supplementary Fig.3.

Table 2. Pairwise inter-rater agreement in visual and ROI-based diffusion assessments

Rater pairs Measurement 1 Measurement 2

Visual assessment*

Rater 1 & 2 0.42 (95%-CI: 0.34-0.50) 0.42 (95%-CI: 0.34-0.49)

Rater 2 & 3 0.43 (95%-CI: 0.33-0.51) 0.37 (95%-CI: 0.28-0.46)

Rater 1 & 3 0.34 (95%-CI: 0.26-0.42) 0.39 (95%-CI: 0.31-0.47)

Absolute ADC mm2/s**

Rater 1 & 2 0.74 (95%-CI: 0.69-0.79) 0.69 (95%-CI: 0.63-0.74)

Rater 2 & 3 0.58 (95%-CI: 0.48-0.67) 0.58 (95%-CI: 0.47-0.67)

Rater 1 & 3 0.65 (95%-CI: 0.54-0.73) 0.63 (95%-CI: 0.47-0.74)

Normalized ADC**

Rater 1 & 2 0.69 (95%-CI: 0.63-0.75) 0.66 (95%-CI: 0.58-0.72)

Rater 2 & 3 0.56 (95%-CI: 0.48-0.63) 0.58 (95%-CI: 0.50-0.65)

Rater 1 & 3 0.60 (95%-CI: 0.51-0.68) 0.62 (95%-CI: 0.48-0.72)

Caption: Table 2 demonstrates the pairwise inter-rater agreement results in visual and ROI-based 
assessments of diffusion.
*Cohen’s weighted kappa
**Intraclass correlation coefficient
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Table 3. Intra-rater inter-measurement agreement in visual and ROI-based diffusion assessments

Visual assessment*

Rater 1 0.56 (95%-CI: 0.49-0.64)

Rater 2 0.75 (95%-CI: 0.68-0.82)

Rater 3 0.76 (95%-CI: 0.70-0.83)

Absolute ADC mm2/s**

Rater 1 0.76 (95%-CI: 0.70-0.80)

Rater 2 0.86 (95%-CI: 0.83-0.89)

Rater 3 0.79 (95%-CI: 0.75-0.83)

Normalized ADC**

Rater 1 0.73 (95%-CI: 0.67-0.77)

Rater 2 0.85 (95%-CI: 0.81-0.87)

Rater 3 0.77 (95%-CI: 0.72-0.82)

Caption: Table 3 demonstrates intra-rater inter-measurement agreement results in visual and ROI-
based assessments of diffusion.
*Cohen’s weighted kappa
**Intraclass correlation coefficient

Correlation between visual and ROI-based DWI assessments

The mean and standard deviation of aADC within visual assessment classes 
was as follows: facilitated 1,298±314 x 10-6 mm2/s, dubious 853±185 x 10-6 mm2/s, 
restricted 583±172 x 10-6 mm2/s. Logistic regression analysis yielded optimal 
aADC thresholds of 1,090 x 10-6 mm2/s for facilitated vs. dubious diffusion and 
623 x 10-6 mm2/s for dubious vs. restricted diffusion. The means and standard 
deviations of nADC within facilitated, dubious, and restricted visual assess-
ment classes were 1.69±0.42, 1.08±0.21, and 0.73±0.18, respectively. The nADC 
thresholds for facilitated vs. dubious and dubious vs. restricted diffusion were 
1.38 and 0.80, respectively.

Subsequent analysis using the calculated thresholds revealed a strong correla-
tion between visual and ROI-based assessments, with an overall correlation 
coefficient of ρ=0.79 (P < .001) for visual vs. aADC and ρ=0.81 (P < .001) for 
visual vs. nADC (Fig.3). The results per rater and measurement also revealed 
a consistently strong correlation (all P < .001); for details, see Table 4 and Sup-
plementary Fig.4.

6
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Figure 3: Violin plots show the overall correlation between visual and ROI-based assessments 

of diffusion, including absolute and normalized ADC, across all measurements. Red dashed lines 

represent the absolute/normalized ADC distribution thresholds within visual assessment classes 

(facilitated, dubious, and restricted) derived from logistic regression analysis (absolute ADC: 

1,090 mm2/s for facilitated vs. dubious diffusion and 623 mm2/s for dubious vs restricted diffu-

sion; normalized ADC: 1.38 for facilitated vs. dubious diffusion and 0.80 for dubious vs. restricted 

diffusion).

Table 4. The results of correlation analysis between visual and ROI-based diffusion assessments

Per rater visual vs. ROI-based assessments
ρ* (P-value)

Measurement 1 Measurement 2

ρ* (P-value)

Rater 1 Visual vs. absolute ADC mm2/s 0.78 (< .001) 0.77 (< .001)

Visual vs. normalized ADC 0.78 (< .001) 0.82 (< .001)

Rater 2 Visual vs. absolute ADC mm2/s 0.79 (< .001) 0.80 (< .001)

Visual vs. normalized ADC 0.81 (< .001) 0.81 (< .001)

Rater 3 Visual vs. absolute ADC mm2/s 0.80 (< .001) 0.83 (< .001)

Visual vs. normalized ADC 0.82 (< .001) 0.86 (< .001)

Caption: Table 4 shows Spearman’s rank correlation analysis results for each rater and measurement.
*Spearman’s rank correlation coefficient

Inter-method IDH classification prediction performance

Visual assessments

In IDH-mutant gliomas, facilitated diffusion was the primary assessment class 
(52-80%) across all six measurements. For IDH-wildtype gliomas, facilitated (38-
58%) and dubious (20-51%) classes were selected at similar rates. Restricted 
diffusion, the least common class overall, was more prevalent in IDH-wildtype 
gliomas (7-22%) compared to IDH-mutant gliomas (0-3%); see Fig.4 and Table 5.
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When cases with visually restricted diffusion were accepted as IDH-wildtype 
and the remaining as IDH-mutant, the visual assessment achieved 69% accu-
racy, 14% sensitivity, 99% specificity, 89% positive predictive value, and 68% 
negative predictive value.

ROI-based assessments

The mean and standard deviation of aADC ranged from 979±264 to 1082±367 
x 10-6 mm2/s for IDH-wildtype and from 1,161±280 to 1,406±447 x 10-6 mm2/s for 
IDH-mutant gliomas across all six measurements. For nADC, The mean and 
standard deviation ranged from 1.25±0.35 to 1.40±0.54 for IDH-wildtype and 
from 1.54±0.42 to 1.91±0.55 for IDH-mutant gliomas; see Fig.5 and Table 5.

Optimal IDH classification thresholds were 1,048 x 10-6 mm2/s and 1.38 for aADC 
and nADC, respectively; see Fig.5. The subsequent classification accuracy, sen-
sitivity, specificity, and positive and negative predictive values for aADC were 
73%, 57%, 81%, 58%, and 80%, respectively. The corresponding results for nADC 
were 70% accuracy, 61% sensitivity, 75% specificity, 53% positive predictive 
value, and 80% negative predictive value.

Figure 4: Stacked bar plots show the distribution of visual diffusion assessment classes per rater 

and measurement in isocitrate dehydrogenase (IDH)-mutant and -wildtype gliomas using non-ne-

crotic and non-hemorrhagic adult-type glioma cases. IDHmut = IDH-mutant, IDHwt = IDH-wildtype.

6
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Figure 5: Stacked histograms show the absolute and normalized ADC distribution per rater and 

measurement in isocitrate dehydrogenase (IDH)-mutant and -wildtype gliomas using non-necrot-

ic and non-hemorrhagic adult-type glioma cases. Red horizontal lines represent the optimal IDH 

classification thresholds of absolute/normalized ADC, derived from logistic regression analysis 

(absolute ADC threshold: 1,048 mm2/s; normalized ADC threshold: 1.38).
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DISCUSSION

This study evaluated the reproducibility, correlation, and IDH categorization 
performance of visual vs. ROI-based diffusion assessment in adult-type diffuse 
gliomas. ROI-based assessment demonstrated superior rater reproducibility, 
with moderate-almost perfect inter-/intra-rater agreements (≥0.56 (95%-CI: 
0.48-0.63)) compared to fair-substantial agreements for visual assessment 
(≥0.34 (95%-CI: 0.26-0.42)). ADC thresholds of 1,090 and 623 x 10-6 mm2/s for 
aADC and 1.38 and 0.80 for nADC, distinguishing facilitated, dubious, and 
restricted diffusion, however, significantly correlated well with visual assess-
ments. For the clinical use case of IDH classification, visual assessment, when 
compared to the ROI-based method at a threshold of 1,048 x 10-6 mm2/s for 
aADC and 1.38 for nADC, achieved the highest specificity (visual vs. aADC/
nADC: 99% vs. 81%/75%), but had very low sensitivity (visual vs. aADC/nADC: 
14% vs. 57%/61%). Regarding accuracy, the visual assessment showed compara-
ble performance to the ROI-based method (69% vs. 73%/70%). This combination 
of results bears challenging implications for clinical practice.

Reproducibility is crucial when evaluating the consistency and reliability of 
imaging methods. Studies using VASARI criteria for visual assessment reported 
agreements ranging from fair to almost perfect (kappa 0.36-0.85), the spread 
highlighting the subjective nature of visual assessments [28–31]. ROI-based 
methods, being possibly more impartial, demonstrated superior reproducibility 
with intraclass correlation coefficient agreements ranging from 0.84 to 0.99 [16, 
32, 33]. Our study further showed that an ROI-based evaluation offers a superior 
consistency (intraclass correlation coefficient 0.56-0.86) than the visual assess-
ment (kappa 0.34-0.76). The lower agreement values for the ROI-based method 
in our study compared to previous studies may be attributed to methodological 
differences. For instance, two studies [16, 32] measured three visually defined 
lowest ADC areas and used the mean value of these measurements, while 
another study [33] included all solid tumor components with low ADC signal, 
potentially leading to more reliable evaluations. In contrast, our study focused 
on measuring only one area representing the visually lowest ADC signal to 
reflect the day-to-day practice and accurately correlate these two methods.
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The literature lacked direct comparisons between visual and ROI-based diffu-
sion assessments until now. A related study [34] compared both approaches 
but focused on glioma grading using a five-scale visual system, making direct 
comparison with our study challenging. Aligning with our results, they found a 
higher specificity (aADC 89% vs. visual 100%) and lower sensitivity (aADC 90% 
vs. visual 50%) for a visual evaluation. Our study established ADC thresholds for 
visual assessment classes in gliomas to facilitate method correlation, especial-
ly for hard-to-classify diffusion cases (aADC range: 623-1,090 x 10-6 mm2/s and 
nADC range: 0.80-1.30), which are very common in gliomas and challenging for 
radiologists. These thresholds are presented to the community to streamline 
decision-making in clinical and research settings by integrating the reproduc-
ibility of ROI-based methods with the time efficiency of the visual method. 
Moreover, the results of this study could potentially be utilized to guide the 
application of diffusion data in advanced predictive models that incorporate 
artificial intelligence, which is currently hardly established.

On the other hand, the clinical use case we applied for this study may sug-
gest that despite lower reproducibility, the visual assessment of diffusivity in 
glioma and possibly other brain tumors is sufficient and diagnostically compa-
rable to the ROI-based method, thus clinically equally powerful. Obviously, IDH 
status is not exclusively based on DWI in clinical practice. The IDH analysis of 
this study is a means to demonstrate the relevance of the choice of diffusion 
analysis practice. Visual diffusion assessment for IDH classification was ex-
plored in several studies using the VASARI glioma imaging set [22, 23, 28–30, 
35, 36]. Except for one study [28], none reported a significant predictive value 
for feature 17, visual assessment of diffusion, excluding it from multivariable 
models. Our study assessed the performance of different diffusion assessment 
approaches and found that the accuracy of visual assessment was compara-
ble to that of aADC or nADC (69% vs. 73/70%). Nonetheless, both approaches 
revealed limitations, with the visual approach achieving high specificity but at 
the cost of low sensitivity, while the ROI-based method improved sensitivity 
but had a lower specificity. This imbalance highlights the challenge of reliably 
distinguishing glioma IDH characteristics using either method in isolation.

Studies using ROI-based diffusion assessment for IDH subtyping reported 
aADC thresholds between 900 and 1,200 x 10-6 mm2/s [11, 13, 16, 37–39] and 

6
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nADC thresholds between 1.28-1.60 [13, 16, 39]. Similarly, our study identified 
thresholds within this range, with an aADC threshold of 1,048 x 10-6 mm2/s and 
an nADC threshold of 1.38. The variation in reported thresholds likely reflects 
methodological heterogeneity across different studies; for example, Ma et al. 
[16] used the average of three visually identified lowest ADC areas for the tumor 
and a single ROI for normal-appearing white matter, reporting 65/92% sensitivi-
ty/specificity for aADC at 930 x 10-6 mm2/s and 69/93% for nADC at 1.28. Another 
study [39] averaged four non-overlapping ROIs for the tumor and two for nor-
mal-appearing white matter, showing 84/68% sensitivity/specificity at 1,200 x 
10-6 mm2/s for aADC and 82/80% for nADC at 1.60. Thust et al. [13] used regional 
and volumetric ADC assessments with ADCmin measurements based on visually 
identified lowest ADC areas. They gathered three ROIs and took into account 
the mean value of the numerically lowest ADC measurement. Although cases 
with hemorrhage and necrosis were not excluded, the study focused on grade 
2 and 3 gliomas, the majority of which were IDH-mutant (204 IDH-mutant vs. 79 
IDH-wildtype), thereby reducing the likelihood of encountering these imaging 
features, thus closely matching our cohort. Their classification thresholds were 
aADCmin at 1,070 x 10-6 mm2/s, and nADCmin at 1.40 with sensitivity/specificity 
values of 82/61% for aADCmin and 86/62% for nADCmin.

This study has several limitations. First, this is a single-center study; however, it 
includes MRI data from multiple scanners and field strengths, reflecting normal 
clinical variability. Second, automated or volumetric ADC measurements were 
not included; instead, ROI placement was guided by visual evaluations, poten-
tially introducing a collinearity bias. This method choice intentionally reflects 
real-world workflow but may limit the detection of visually subtle lowest ADC 
areas. However, full automation of ADC readings is unlikely to be implemented 
soon, particularly when excluding biasing hemorrhagic or necrotic areas is nec-
essary. Additionally, the interrater variability in ADC measurements may have 
hindered the determination of a single optimal threshold for IDH classification. 
Future studies should aim to harmonize distributions across raters to mitigate 
interrater effects, incorporate external datasets with varied ADC quantification 
methods, and include other pathologies to increase the clinical impact of this 
study by validating and refining its findings.
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CONCLUSIONS

ROI-based diffusion assessment with visual guidance in adult-type diffuse glio-
mas provided more reproducible results than visual assessment alone, but both 
techniques rendered results with a high degree of correlation and comparable 
accuracies to predict IDH status. Clinicians can, therefore, rely on their visual 
assessment of DWI only, but should consider confirming their visual assess-
ment through ROI measurements when repetitive measurements are planned.
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Supplementary Figures and Legends

Supplementary Figure 1: Demonstrative cases depicting visual and ROI-based evaluation of 

diffusion in adult-type diffuse gliomas. Facilitated diffusion (a-d, isocitrate dehydrogenase 

(IDH)-wildtype glioblastoma): Right frontal T2-hyperintense lesion (a, yellow arrow) shows a 

peripheral hyperintense signal on b-1000 map of DWI (b, yellow arrow), which correlates with 

hyperintense ADC signal (c, yellow arrow) compared to normal-appearing brain tissue. Image d 

shows the ROI-based measurement of this visually defined area of the tumor (red text box, abso-

lute ADCtumor mm2/s) and contralateral normal-appearing white matter (green text box, absolute 

ADCNAWM mm2/s) together with normalized ADCtumor/NAWM (blue text box). Dubious diffusion (e-h, 

IDH-wildtype, glioblastoma): Left parietal T2-hyperintense necrotic lesion (e, yellow arrow) shows 

a peripheral hyperintense signal on b-1000 map of DWI (f, yellow arrow), which correlates with 

isointense ADC signal (g, yellow arrow) resembling normal-appearing brain tissue. Red circles 

(e-g) show the area with restricted diffusion within the necrotic-hemorrhagic part of the tumor, 

which is excluded from the evaluation. Image h shows ROI-based measurements (text boxes). 

Restricted diffusion (i-l, IDH-wildtype, glioblastoma): Right temporal T2-hyperintense lesion (i, 
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mas

yellow arrow) shows a posterolateral hyperintense signal on b-1000 map of DWI (j, yellow arrow), 

which correlates with hypointense ADC signal (k, yellow arrow) compared to normal-appearing 

brain tissue. Image l shows ROI-based measurements (text boxes).

Supplementary Figure 2: Error bars show pairwise inter-rater agreements among different rater 

pairs across both measurements in evaluating visual and region-of-interest-based assessments 

of diffusion, including absolute and normalized ADC.

6
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Supplementary Figure 3: Error bars show per-rater intra-rater inter-measurement agreements 

in evaluating visual and region-of-interest-based assessments of diffusion, including absolute 

and normalized ADC.

Supplementary Figure 4: Violin plots show per-rater and measurement correlation between visual 

and region-of-interest-based assessments of diffusion, including absolute and normalized ADC.
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SUMM ARY

Contrast-enhanced MRI using GBCAs is the standard practice for imaging brain 
tumors, including gliomas, due to its effectiveness in improving lesion visibility, 
aiding tumor characterization, and guiding therapeutic decisions. GBCAs ac-
cumulate in vital organs with unclear health consequences and contaminate 
water, as was shown for rivers and drinking water in the Netherlands, Germany 
and Poland, with a negative impact on aquatic life. Furthermore, GBCAs are 
substantial drivers of healthcare costs. Despite these concerns, no definitive 
evidence has demonstrated that GBCA-enhanced imaging is superior to GB-
CA-free approaches. Alternatively formulated, it is also unknown to what extent 
GBCA-free imaging protocols can be used to evaluate gliomas. Therefore, this 
thesis explores whether GBCA-free MRI protocols can reliably answer clinical 
questions for adult-type diffuse gliomas while maintaining diagnostic quality.

In Chapter 2, I assessed the current state and feasibility of GBCA-free or re-
duced-dose GBCA-enhanced imaging for gliomas and meningiomas through an 
extensive non-systematic literature review. This review showed that while most 
current guidelines recommend GBCAs at all stages of brain tumor manage-
ment, some support GBCA-free monitoring, including Response Assessment 
in Pediatric Neuro-Oncology guidelines for nonenhancing pediatric low-grade 
gliomas and European Association of Neuro-Oncology and Danish guidelines 
for small, asymptomatic meningiomas. Evidence from two prospective trials 
suggests that reducing GBCA doses to 50-75% does not compromise diagnostic 
accuracy for gliomas and meningiomas. Over the last decade, interest in ad-
vanced GBCA-free techniques, including ASL, APT-CEST, and MRS, has grown, 
with increasing evidence supporting their comparable diagnostic performance 
to GBCA-enhanced methods for tumor grading and recurrence monitoring. For 
therapy planning, T2-FLAIR-guided approaches for glioblastoma resection and 
radiation therapy offer survival benefits without increasing neurologic risks. 
Artificial intelligence technologies, including deep learning models to gener-
ate synthetic contrast-enhanced images and radiomics from GBCA-free se-
quences, show great potential for replacing GBCAs, demonstrating equivalent 
performance in tumor grading and treatment response assessment. Overall, 
GBCA-free imaging is increasingly feasible for specific cases, particularly in 
pediatric low-grade tumors and small meningiomas. However, further studies 
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are essential to support its broader clinical adoption, especially for diffuse gli-
omas, the most common and malignant brain tumors in adults.

In Chapter 3, I conducted a systematic review and meta-analysis of Visually 
Accessible Rembrandt (Repository for Molecular Brain Neoplasia Data) Images 
(VASARI) features set, which consists of 30 glioma imaging descriptors. My 
motivation for this review was to evaluate the general potential of this stan-
dardized glioma imaging vocabulary, as the VASARI set primarily includes GB-
CA-free MRI features, which formed the foundation for the GBCA-free predic-
tion algorithms described in Chapters 4 and 5. Analyzing data from 35 studies 
and 3,304 patients, I found that VASARI features were mainly used to predict 
overall survival and IDH mutation status. Multifocality, ependymal invasion, and 
enhancing tumor crossing midline were strong predictors of overall survival, 
with pooled hazard ratios of 1.80, 1.73, and 2.08, respectively. For IDH muta-
tion prediction, models combining VASARI features achieved a pooled AUC of 
0.82, although substantial heterogeneity across studies (I²=100%) was noted. 
Enhancement quality and the proportion of enhancing tumor, necrosis, and 
edema emerged as key indicators of IDH status. Combined models integrating 
VASARI features with clinical, genomics, or radiomics data outperformed those 
relying solely on the VASARI set. However, variability in VASARI feature selec-
tion and modifications to scoring systems across studies limited the general-
izability of the findings. These findings showed the need to develop automatic 
extraction methods to maximize the clinical utility of VASARI.

In Chapter 4, given the reliance on GBCA-enhanced MRI in neuroimaging, I 
aimed to determine whether key features associated with blood-brain barrier 
disruption, typically detected in contrast-enhanced imaging, could be identified 
from pre-contrast MRI using human visual analysis. To achieve this, I developed 
and tested an enhancement prediction decision tree (EPDT) to predict contrast 
enhancement quality and shape in adult-type diffuse gliomas using GBCA-free 
MRI sequences, including pre-contrast T1-weighted, T2-weighted, FLAIR, and 
DWI. The EPDT incorporated three VASARI (necrosis, diffusion restriction, 
non-enhancing tumor margins) and one non-VASARI (T2 inhomogeneity) glioma 
imaging features. Tested on 303 cases by three raters with varying experience 
levels, the EPDT achieved high accuracy for enhancement quality (marked, 
mild, no enhancement) with per-rater accuracies of 86%, 89%, and 92%, and for 
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enhancement shape (solid, rim, or no enhancement) with per-rater accuracies 
of 84%, 88%, and 89%. Substantial agreement was observed between predicted 
and true enhancement features within raters (≥0.68), while inter-rater reliability 
was moderate or better (group ≥0.42, pairwise ≥0.61). Necrosis was the most 
reproducible EPDT feature, achieving the highest intra- and inter-rater agree-
ment (≥0.80). Agreement for other features was fair-to-moderate (≥0.33) and 
improved notably (≥0.71) after correcting for dataset imbalance. These findings 
demonstrate the EPDT’s potential to accurately predict glioma enhancement 
features without relying on GBCAs or advanced expertise, which could support 
the advancement of AI-driven enhancement prediction techniques.

In Chapter 5, I designed a GBCA-free MRI-based diagnosis prediction decision 
tree (DPDT) to evaluate its effectiveness in preoperative glioma diagnosis and 
to compare it with GBCA-enhanced imaging. The DPDT incorporated seven 
VASARI (necrosis, diffusion, hemorrhage, non-enhancing tumor margin, cal-
varial remodeling, cysts, proportion of edema) and four non-VASARI (T2-FLAIR 
mismatch sign, T2 signal homogeneity, calcification, midline shift) imaging 
features. Three raters used a test dataset of 303 cases to predict tumor grade 
(grade 2 vs. grade 3/4) and molecular status (IDH and 1p/19q) from GBCA-free 
and GBCA-enhanced MRI. Per-rater GBCA-free predictions achieved ≥85% 
accuracy for tumor grade and ≥75% for molecular status, with no significant 
difference from GBCA-enhanced predictions, which achieved ≥87% and ≥77%, 
respectively. Group inter-rater agreements were moderate (0.56) and substan-
tial (0.68) for GBCA-free and GBCA-enhanced predictions, respectively. These 
findings highlight the potential of GBCA-free imaging as a reliable alternative 
for glioma diagnosis, demonstrating that the added value of GBCA-enhanced 
MRI is limited and supporting the feasibility of a GBCA-free imaging approach 
in neuro-oncology.

In Chapter 6, I focused on two different assessment approaches of DWI (visual 
assessment versus region-of-interest (ROI)-based method), the most widely 
used advanced GBCA-free imaging technique and a crucial element in neu-
ro-oncological MRI protocols. I evaluated the correlation between these ap-
proaches, their reproducibility, and their predictive diagnostic performance. For 
visual assessment, diffusion patterns were categorized using the VASARI-fea-
ture 17 classes (facilitated, dubious, restricted). ROI-based assessment placed 
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circular ROIs on the visually perceived areas with the lowest ADC, measuring 
absolute and normalized ADC (aADC/nADC). Using pre-operative MRI scans 
from 303 patients with grades 2-4 adult-type diffuse gliomas, ROI-based assess-
ment demonstrated superior reproducibility, with higher inter- and intra-rater 
agreement (ROI-based ≥0.56 vs. visual ≥0.34). Despite this, a strong correlation 
was observed between ROI-based ADC thresholds (1,090 and 623 x 10-6 mm2/s 
for aADC and 1.38 and 0.80 for nADC distinguishing facilitated, dubious and re-
stricted visual diffusion categories) and visual assessment categories (P < .001). 
For IDH mutation prediction, cases without necrosis or hemorrhage were ana-
lyzed. Restricted diffusion in visual assessment was classified as IDH-wildtype, 
while dubious and facilitated diffusion indicated IDH-mutant. For the ROI-based 
method, optimal IDH classification thresholds were 1,048 x 10-6 mm2/s and 1.38 
for aADC and nADC, respectively. Visual assessment achieved comparable 
accuracy to the ROI-based method (visual vs. aADC/nADC: 69% vs. 73%/70%), 
and both methods showed an imbalance between specificity (99% vs. 81%/75%) 
and sensitivity (14% vs. 57%/61%). These findings show the equivalent clinical 
utility and strong correlation between visual and ROI-based assessments of 
DWI. Additionally, the results may guide the use of diffusion data in advanced 
AI-based predictive models, a field still underdeveloped.

DISCUSSI ON

This thesis is driven by growing concerns surrounding GBCAs, essential for con-
trast-enhanced MRI, as endorsed by current neuro-oncology guidelines1,2. While 
these contrast agents improve tumor visibility and guide clinical decisions, their 
health, environmental, and economic impacts cannot be overlooked. Gadolin-
ium deposition in tissues, including the brain’s deep grey matter, highlights the 
trade-offs of their widespread use, with unknown long-term consequences3. A 
shift from isolated cases to a pressing global issue, GBCA residues contami-
nate aquatic ecosystems, jeopardizing biodiversity and disrupting ecological 
balance4–6. Prolonged patient survival due to advancement in cancer care7 fur-
ther increases lifetime GBCA exposure, adding financial strain from the high 
costs of GBCAs, particularly in resource-limited settings8. Despite decades of 
use, a clear safety profile for vulnerable groups, such as pregnant women and 
children, remains lacking9–12. Moreover, GBCA injections cause discomfort for 
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patients, with a recent study by our research group showing that patients prefer 
avoiding GBCA injections if diagnostic accuracy is maintained13.

While the use of GBCAs is well-established and critical in specific clinical sce-
narios, such as the detection of leptomeningeal disease or small metastasis, 
their universal necessity remains debatable. Evidence supporting their absolute 
requirement in all contexts is limited, and there is little to indicate that GB-
CA-free imaging compromises clinical decisions or that GBCA-enhanced image 
provides a significant advantage over alternatives in many routine neuroimag-
ing applications. This thesis addresses this gap as part of the GLIOCARE project 
by evaluating a GBCA-free MRI approach for pre-operative glioma diagnosis. It 
explores whether conventional pre-contrast MRI, including DWI, can reliably 
answer key clinical questions, aiming to reshape neuro-oncology practice and 
promote sustainable, equitable care.

Standard izing glioma imaging features: the role of VASARI

Radiological evaluations to date rely on a visual analysis, referred to as “eye-ball-
ing” in clinical jargon. While standard practice, this approach is inherently sub-
jective and requires standardized definitions and assessment criteria to ensure 
reproducibility and generalizability. Frameworks like BI-RADS for breast imag-
ing14 or PI-RADS for prostate imaging15 exemplify the value of such standard-
ization in improving diagnostic accuracy, guiding clinical management, and 
ultimately improving patient outcomes. Similarly, The Cancer Genome Atlas 
introduced the VASARI features set16 nearly a decade ago to bring consistency 
and comparability to glioma imaging assessments.

The VASARI features set16 comprises 30 imaging features, 25 of which are de-
rived from GBCA-free MRI sequences, highlighting the wealth of information 
available from pre-contrast imaging. Initially designed for glial tumors, it has 
been used for other tumor types, including pediatric brain tumors17 and ependy-
momas18. The VASARI set has demonstrated strong reproducibility, with high 
inter-rater agreement levels reported across studies. For example, Setyawan 
et al.19 used the VASARI framework to predict glioma grade, IDH mutation, and 
MGMT methylation status, finding substantial agreement for all features and 
significant correlations with histomolecular characteristics. Their prediction 
models incorporated a range of VASARI features, with many of these being 

7

Aynur Azizova_BNWv1.indd   253Aynur Azizova_BNWv1.indd   253 30-04-2025   18:0430-04-2025   18:04



254

Chapter 7

GBCA-free imaging features, such as tumor location, eloquent brain, non-en-
hancing tumor margins, cyst, hemorrhage, T1/FLAIR ratio or diffusion charac-
teristics. These qualities make the VASARI set an invaluable foundation for the 
GBCA-free MRI-based analysis described in Chapters 4, 5, and 6 of this thesis.

In Chapter 3, I conducted a meta-analysis of the VASARI features to identify 
their performance and clinical impact on glioma patients since their introduc-
tion a decade ago. The systematic search revealed its primary applications as 
pre-operative prognostication and IDH genotyping. Key prognostic features 
with the highest hazard ratios included multifocality (1.80), ependymal invasion 
(1.73), and enhancing tumor crossing midline (2.08). Features such as enhance-
ment quality and the proportion of enhancing tumor, necrosis, and edema were 
commonly associated with IDH mutation status. However, methodological dif-
ferences between studies prevented quantitative single-feature-based analysis 
for IDH genotyping. While a pooled analysis of multiple feature-based prediction 
models showed promise with an AUC of 0.82, it also showed considerable vari-
ability between studies, compromising comparability (I²=100%).

Heterogeneity across studies, primarily due to some not evaluating all features 
and others modifying the scoring system, hindered reliable meta-analysis of 
the VASARI set. This limitation was likely caused by the time-consuming nature 
of extracting the complete VASARI set. Addressing this challenge, recent ad-
vances in AI offer promising solutions. A notable example is VASARI-auto, a 
machine learning-based tool developed in a recent study by Ruffle et al. 20. This 
tool automatically extracted 15 VASARI features in 100 glioblastoma test cases, 
reducing analysis time from 317 seconds per case (manual extraction) to just 
3 seconds, with inter-rater agreement comparable to that of human raters. 
A simulated economic analysis further stressed its impact, projecting that 
manual VASARI evaluations over three years would require 29,777 hours and 
cost over £1.5 million, whereas VASARI-auto could reduce these figures to 332 
hours and £146. These findings establish VASARI-auto as a transformative tool 
for glioma imaging standardization, offering efficiency and cost-effectiveness. 
Future research should focus on extending the tool to cover the entire VASARI 
features set, enabling broader adoption in both clinical and research contexts.
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In summary, the VASARI set appears to be a promising framework for standard-
izing glioma imaging, with growing research adoption and applications in clini-
cal decision-making. However, in the context of this thesis’s focus on GBCA-free 
imaging, the studies identified in this meta-analysis consistently combined 
GBCA-free and GBCA-enhanced imaging features, making it difficult to isolate 
the specific contributions of GBCA-enhanced imaging or to determine whether 
GBCA-free sequences alone are sufficient. I addressed this gap by evaluating 
the diagnostic accuracy and predictive power of GBCA-free imaging compared 
to GBCA-enhanced imaging in the following chapters.

Artifici al intelligence or human intelligence for predicting glioma 
enhancement?

The shift from conventional practices in medical imaging necessitates demon-
strating that alternative methods offer equivalent or superior diagnostic value 
while minimizing associated risks. As awareness grows around the side effects 
of GBCAs, the imaging field is actively pursuing viable alternatives. While ex-
isting research predominantly explores AI-based approaches to address this 
challenge, this thesis shifts the focus to human visual analysis- referred to 
here as “human intelligence”- the traditional method of evaluating radiological 
images, which remains underexplored in the context of glioma enhancement 
prediction. Such insights could not only validate the potential of human intel-
ligence in predicting previously unseen tumor features but also contribute to 
the refinement of AI-based models by identifying specific GBCA-free imaging 
features that guide the decision-making process, eventually improving the per-
formance of these models.

Deep learning-powered synthetic post-contrast imaging is among the most 
promising advancements in the AI field, as discussed in Chapter 2, which uti-
lizes GBCA-free or low-dose GBCA-enhanced images as input21. For instance, 
Kleesiek et al.22 reported excellent quantitative performance of synthetic con-
trast-enhanced maps generated from GBCA-free inputs, achieving sensitivity, 
specificity, and structural similarity index of 92%, 91%, and 87%, respectively, 
compared to standard post-contrast T1-weighted images. Another study23 used 
25%-dose contrast-enhanced images as input and demonstrated 96% sensitivi-
ty, 95% specificity, and 87% structural similarity index. Despite their high-quality 
outputs, implementing AI-generated synthetic contrast-enhanced imaging in 
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clinical settings presents significant challenges. These include limited access 
to annotated medical datasets, risks of algorithmic bias, ethical concerns about 
data privacy, and substantial infrastructural, legal, and financial investments 
required for broader adoption.24 One potential solution to these challenges is 
the collaborative creation of larger, more diverse, and open-access annotated 
medical datasets. As part of the GLIOCARE project, we are preparing the in-
house IMAGO glioma dataset for public release this year, with a cohort from 
this dataset used in my thesis.

In contrast, the potential of human raters to predict contrast enhancement 
using widely available non-contrast MRI sequences has received little atten-
tion. This straightforward and accessible approach could serve as a human 
benchmark for AI models, which remains essential to validate and improve 
these innovations. On the other hand, AI models are unlikely to receive regu-
latory approval to be used widely in clinical practice in the foreseeable future, 
making alternative methods using currently available resources necessary. In 
Chapter 4, I introduced an enhancement prediction decision tree for adult-
type diffuse gliomas, offering a simple, easily implantable GBCA-free imaging 
alternative. This decision tree relies on four glioma imaging features, includ-
ing necrosis, diffusion restriction, T2 inhomogeneity, and nonenhancing tumor 
margins (well-defined or ill-defined), to predict enhancement quality (marked, 
mild, or nonenhancing) and shape (rim, solid, and unenhanced). Developed 
using 69 glioma cases, the decision tree was tested on 303 cases to assess its 
robustness and generalizability, with predictions made by three raters of varying 
expertise. The raters achieved at least 86% accuracy for enhancement quality 
and 84% for enhancement shape, demonstrating the model’s clinical applicabil-
ity, even for less-trained readers. Furthermore, intra-rater agreements between 
predicted and true enhancement features were substantial, suggesting that 
glioma enhancement assessments mainly reflecting blood-brain barrier disrup-
tion do not rely heavily on post-contrast images. A comparative study25 using a 
machine learning radiomic model based on T2-FLAIR images reported 98% sen-
sitivity and 61% specificity for predicting binarized glioma enhancement quality 
(enhancing vs. nonenhancing). In comparison, when I applied the decision tree 
to binarized enhancement quality cases, sensitivity ranged from 68% to 90%, 
while specificity varied between 93% and 96% across raters, demonstrating 
comparable results despite the use of entirely different approaches.
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The decision tree demonstrated varying performance across tumor subtypes, 
performing better for high-grade and IDH-wildtype gliomas compared to low-
grade and IDH-mutant tumors. Similar findings were reported by Calabrese et 
al.,26 who noted histology-dependent variations in synthetic contrast enhance-
ment predictions with lower Dice scores for low-grade gliomas. Additionally, 
the decision tree often falsely classified the mild enhancement patterns, a 
challenge reported by another study22 using deep learning-generated virtual 
contrast enhancement images. These limitations highlight the imperfections 
of enhancement prediction models, whether human or AI-driven, and show the 
need for further refinement. Despite these challenges, the decision tree pro-
posed in this thesis offers an easily implementable solution for clinical use, es-
pecially when post-contrast image acquisition is impossible for various reasons. 
It may also accelerate advancements in virtual post-contrast image generation 
by defining the most informative imaging features for model input, laying the 
groundwork for future improvements in glioma enhancement predictions.

Predicti ng pre-operative glioma diagnosis using GBCA-free MRI

The diagnosis and management of brain tumors begin with MRI, which plays 
a pivotal role in distinguishing tumor types, including glioma subtypes, and 
guiding subsequent therapeutic decisions. Imaging findings help determine 
whether immediate intervention, such as biopsy and aggressive treatment, is 
required or if a less invasive, even watch-and-waiting strategy is more appro-
priate27. Contrast enhancement after GBCA administration is often associated 
with high-grade gliomas and poor prognosis. However, growing evidence sug-
gests that reliance on enhancement features may lead to misclassification of 
gliomas, as enhancing tumors are not always high-grade28, and non-enhanc-
ing tumors are not always low-grade29. This raises the critical question: how 
essential are GBCAs for accurate diagnosis? To address this, in Chapter 5, I 
evaluated the diagnostic power of GBCA-free MRI by directly comparing it to 
GBCA-enhanced MRI.

Using the same cohort described as in Chapter 4, I developed a diagnosis pre-
diction decision tree based solely on pre-contrast MRI sequences (pre-con-
trast T1-weighted, T2-weighted, FLAIR, DWI). The decision tree incorporated 
seven VASARI (necrosis, diffusion, hemorrhage, non-enhancing tumor margin, 
calvarial remodeling, cysts, proportion of edema) and four non-VASARI (T2-

7
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FLAIR mismatch sign, T2 signal homogeneity, calcification, midline shift) im-
aging features, all linked to histomolecular glioma diagnosis (IDH mutation, 
1p/19q-codeletion status, and tumor grade). Three raters, with varying levels 
of experience, evaluated the cases twice in a randomized order: once using 
DPDT without post-contrast T1-weighted images and once with them. Across 
all raters, results showed no significant difference between GBCA-free and 
GBCA-enhanced predictions: GBCA-free predictions achieved ≥85% accuracy 
for the grade and ≥75% for molecular status, while GBCA-enhanced predic-
tions reached ≥87% and ≥77%, respectively. These findings suggest that the 
added value of GBCAs may be less critical for accurate diagnosis than previ-
ously assumed. Furthermore, the implementation of the decision tree enables 
a systematic and standardized approach to imaging assessment, potentially 
improving diagnostic consistency, as less experienced raters achieved com-
parable performance to that of experienced radiologists.

A recent study by Yuan et al.30 further supports these findings by demonstrating 
the potential of GBCA-free MRI in preoperative glioma characterization. Using a 
deep radiomics approach that combines deep learning with machine learning, 
they analyzed 206 treatment-naive cases of grade 2-4 adult gliomas to predict 
IDH mutation status without post-contrast images. Their model incorporated 
DTI, instead of DWI, alongside FLAIR, T2-weighted, and pre-contrast T1-weight-
ed images, achieving an AUC of 0.85, with a sensitivity of 93% and a specificity 
of 57%. When DTI metrics were excluded, performance dropped to an AUC of 
0.73, highlighting the importance of diffusion-related information. Although 
direct comparisons with GBCA-enhanced MRI were not provided, these find-
ings, consistent with our results, reinforce the viability of GBCA-free MRI for 
glioma diagnosis. Moreover, the imaging features defined in our diagnosis pre-
diction decision tree could provide valuable insights for researchers developing 
AI-based algorithms, with the potential to improve both their interpretability 
and diagnostic accuracy.

While this thesis focuses on conventional GBCA-free MRI for preoperative 
glioma assessments, advanced GBCA-free alternatives are being actively ex-
plored, showing promising diagnostic potential. Studies have demonstrated 
that these techniques can offer similar effectiveness to their GBCA-enhanced 
counterparts in preoperative glioma diagnosis. For example, a study31 com-
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paring GBCA-free ASL and GBCA-enhanced DSC perfusion MRI for molecular 
glioma diagnosis found comparable performance for detecting IDH (AUC 0.82 
and 0.83) and TERT (AUC 0.70 and 0.81) mutations, though neither could differ-
entiate 1p/19q-codeletion or MGMT promoter methylation. ASL also performed 
similarly to DSC-MRI in differentiating grade 2 gliomas from grade 3 and 4 glio-
mas (AUC 0.90)32. Another study33 applying machine learning to ASL perfusion 
data achieved high performance in differentiating glioma subtypes, correctly 
identifying 80% of glioblastomas and 83% of astrocytomas.

APT-CEST, a relatively new advanced MRI technique providing insight into the 
tumor microenvironment, is another promising GBCA-free imaging alterna-
tive34,35. Studies have demonstrated its potential in glioma grading36–39 and ge-
notyping40–42. For example, Jiang et al.43 found that IDH-wildtype grade 2 gliomas 
exhibited significantly higher APT-weighted signal intensity than IDH-mutant 
gliomas (AUC 0.89). Wu et al.44 showed that APT-CEST effectively predicts IDH 
mutation status and glioma grade, with AUCs of 0.87 for IDH status and 0.86 
for grade. A meta-analysis of 23 studies45 found that APT-CEST reliably distin-
guishes low-grade from high-grade gliomas (pooled AUC 0.84). Furthermore, 
Hou et al.39 found that combining APT-CEST with ASL improved diagnostic ac-
curacy for glioma grading (AUC from 0.90 to 0.96) and IDH genotyping (AUC 
from 0.92 to 0.96).

Proton MR spectroscopy (MRS) also holds promise for pre-operative glioma as-
sessment, particularly in identifying IDH-mutant gliomas by detecting 2-hydrox-
yglutarate (2HG) oncometabolite34,46. A meta-analysis by Suh et al.47 reported 
that 2HG MRS could identify IDH-mutant gliomas with 95% pooled sensitivity 
and 91% pooled specificity. Despite its high accuracy, 2HG MRS has limited 
clinical application due to its technical requirements and the need for special-
ized expertise. As an alternative, detecting the choline/creatine ratio is a more 
practical option, being easier to implement in standard setups. For example, 
Zhao et al.48 found that the choline/creatine ratio was significantly higher in 
IDH-wildtype gliomas. However, its sensitivity (67%) and specificity (58%) were 
lower than those of 2HG MRS, as reported in previous studies49,50.

Despite these advances, challenges such as the need for standardized diag-
nostic criteria, cross-vendor reproducibility, and specialized training and ex-
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pertise hinder widespread clinical adoption of the abovementioned advanced 
GBCA-free MRI alternatives34,51. However, the decision tree proposed in this 
thesis offers a simple GBCA-free alternative that relies on standardized MRI and 
does not demand advanced expertise. While further validation is necessary to 
establish its reliability as a clinical assessment tool, it holds potential for use 
in scenarios where patients cannot receive GBCA, providing radiologists with 
a practical diagnostic option in such cases and offering a human benchmark 
for AI-based models.

Diffusio n-weighted imaging: visual versus ROI-based assessment

Among advanced GBCA-free imaging techniques, DWI stands out for its wider 
availability and integration into standardized brain tumor imaging protocols. 
DWI assesses the motion of water molecules within tissues, providing infor-
mation about cellular density and structural organization. Two approaches are 
commonly used to analyze DWI ADC maps: the ROI-based method, which in-
cludes absolute and normalized ADC measurements, and visual assessment. 
Absolute ADC values reflect the diffusion properties within an ROI but are in-
fluenced by technical factors such as inter-scanner variability. Normalized ADC 
values, which ratio a tumor’s absolute ADC to normal-appearing white matter, 
reduce variability across sequences and scanners. However, they depend on 
the accurate selection of the reference region and may limit direct compari-
son of absolute values. In contrast, visual assessment involves the subjective 
evaluation of ADC maps without performing any measurements. While subjec-
tive, visual assessment remains a standard clinical practice, as reflected in the 
VASARI framework, which categorizes diffusion into three classes: facilitated, 
dubious, and restricted. Despite being applied to various clinical questions, the 
relative merits of visual versus ROI-based methods remain unclear, as there is 
limited evidence comparing these approaches or demonstrating a clear cor-
relation between them.

In Chapter 6, I compared visual and ROI-based DWI assessment methods to 
examine their correlation, reproducibility, and diagnostic prediction capacity 
in adult-type diffuse gliomas. Using a cohort of 303 cases described in Chap-
ters 4 and 5, three raters evaluated DWI at two time points. Visual assessment 
was based on the VASARI-feature 17 criteria, and absolute and normalized 
ADC values were measured in the visually defined areas. The results provided 

Aynur Azizova_BNWv1.indd   260Aynur Azizova_BNWv1.indd   260 30-04-2025   18:0430-04-2025   18:04



261

Summary and Discussion

a nuanced perspective on both methods’ reproducibility and clinical utility. 
The ROI-based method demonstrated superior reproducibility with moder-
ate-to-almost-perfect inter- and intra-rater agreement (≥0.56 for absolute and 
normalized ADC vs. ≥0.34 for visual assessment), aligning with prior studies 
highlighting ROI-based methods’ consistency52–54 over visual assessments55–58. 
However, there was a strong correlation between visual assessment and ROI-
based methods using ADC thresholds of 1,090 and 623 x 10-6 mm2/s for absolute 
ADC and 1.38 and 0.80 for normalized ADC distinguishing visual classes of 
facilitated, dubious, and restricted diffusion. These thresholds offer guidance 
for clinical and research users, particularly in cases where visual assessment 
alone may be uncertain. Combining the reproducibility of ROI-based methods 
with the visual approach’s time efficiency can help streamline decision-making. 
Moreover, these thresholds could play a role in automating VASARI feature 17 
in future algorithms, advancing efforts to automate VASARI set extraction fully.

For IDH classification, I excluded cases with hemorrhage and necrosis, as 
these features are typically associated with IDH-wildtype tumors, reducing 
the clinical relevance and practicality of DWI assessment in such instances. 
In visual assessment, restricted diffusion was classified as IDH-wildtype, while 
dubious and facilitated diffusion as IDH-mutant, aligning with findings from 
Chapter 5. For the ROI-based method, optimal thresholds for IDH classifica-
tion were determined as 1,048 x 10-6 mm2/s and 1.38 for absolute ADC and nor-
malized ADC. The visual assessment showed comparable (69%) accuracy to 
absolute ADC (73%) and normalized ADC (70%). Given the widespread use of 
visual assessment in daily clinical practice, our findings demonstrate its non-in-
ferior accuracy for preoperative glioma evaluation. However, neither approach 
achieved a balance between specificity (visual vs. absolute ADC/normalized 
ADC: 99% vs. 81%/75%) and sensitivity (14% vs. 57%/61%). These findings are 
consistent with a related study 59, which also reported higher specificity for 
visual assessment (100 vs. 89%) but lower sensitivity (50% vs. 90%) compared 
to absolute ADC. While that study59 focused on glioma grading rather than IDH 
classification and used a different method for visual and ADC assessments, 
the overall trend aligns. Additionally, the thresholds identified in our study 
align with previously reported ranges in the literature (900-1,200 x 10-6 mm2/s 
for absolute ADC52,60–64 and 1.28-1.60 for normalized ADC52,63,64) despite meth-
odological differences across studies. This alignment reinforces the practical 
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value of these thresholds, particularly as a reference point for future clinical 
and research applications.

In addition to standard DWI and ADC mapping, there are alternative advanced 
diffusion techniques such as diffusion tensor imaging (DTI), diffusion kurtosis 
imaging (DKI), and intravoxel coherent motion (IVIM), providing deeper insights 
into tumor microstructure and physiology. DTI assesses the directionality of 
water diffusion, aiding preoperative planning by mapping white matter tracts 
to evaluate tumor infiltration65. It also provides quantitative measures, like 
fractional anisotropy, reflecting diffusion directionality and mean diffusivity, 
quantifying the overall diffusion, both associated with glioma grade and IDH 
mutation status 30,51,66,67. For example, White et al.66 found that fractional anisot-
ropy metrics were significantly lower in low-grade gliomas compared to high-
grade gliomas. DKI captures non-Gaussian diffusion behavior, offering insight 
into tissue complexity and heterogeneity, which can help differentiate tumor 
grades or molecular suptypes68–72. For instance, Bisdas et al.70 used machine 
learning analyses of DKI, achieving 84% accuracy in predicting IDH status and 
78% in glioma grading. IVIM separates diffusion and perfusion components, 
enabling simultaneous assessment of cellularity and microvascular density. 
A recent study by Yu et al. 73 explored the use of IVIM to predict IDH status, 
finding significant differences in IVIM parameters between IDH-wildtype and 
IDH-mutant tumors. Although these techniques hold promise for preoperative 
glioma characterization, their clinical adoption is hindered by longer acquisition 
times, motion sensitivity, and the need for standardized protocols.

In summary, this thesis highlights the importance of DWI, a GBCA-free ad-
vanced MRI technique, in glioma preoperative evaluation and demonstrates 
the need to explore and standardize the various assessment approaches. Visual 
assessment, a routine aspect of daily clinical practice, has been integral to both 
enhancement and diagnosis prediction decision trees described in Chapters 4 
and 5. Chapter 6 showed that both visual and ROI-based assessment methods 
provide comparable diagnostic accuracy when considered in isolation, with a 
strong correlation between the two. However, the ROI-based method, which 
was found to be more reproducible, needs standardized thresholds for ADC 
values to be effectively integrated into clinical practice. Furthermore, future 
studies should investigate how these methods perform in conjunction with 
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other imaging features to better assess their overall comparability and diag-
nostic capability in clinical settings.

GBCA-free br ain tumor imaging: feasible or fantasy?

My focus thus far has been on the preoperative applications of GBCA-free MRI, 
as detailed in Chapters 4, 5, and 6, which demonstrated promising findings. To 
fully understand its clinical impact, however, it is important to consider the 
potential of GBCA-free imaging across all stages of brain tumor management. 
In Chapter 2, I conducted a nonsystematic review of the current state-of-the-art 
in GBCA-free imaging, demonstrating that it is not only feasible for preopera-
tive diagnosis but also holds promise for therapy planning and post-treatment 
follow-up.

GBCA-enhanced T1-weighted imaging remains the standard for preoperative 
therapy planning in enhancing gliomas, with resections often guided by the 
outer contrast-enhanced margin and a safety margin extending to T2-FLAIR 
hyperintense regions. T2-FLAIR imaging is typically used for nonenhancing 
gliomas. However, there is a tendency to include nonenhancing tumor and/or 
edema areas identified by T2-FLAIR imaging in enhancing gliomas, a strategy 
known as supramarginal resection, which has been associated with improved 
survival without compromising neurological outcomes. For instance, a study 
of 1229 patients found that including more FLAIR abnormalities in resection 
increased median survival from 15.5 months to 20.7 months74. FLAIR-guided 
radiation therapy has also shown promise, with one study reporting a median 
overall survival of 23 months using this method75 versus 15 months in previous 
methods. Verburg et al.76 studied glioma infiltration using multi-region biop-
sies from areas with and without imaging abnormalities to guide surgery and 
radiotherapy. Their findings revealed that, for enhancing gliomas, [18F]FET 
PET (AUC 0.76) or a combination of ADC and [18F]FET PET (AUC 0.89) outper-
formed GBCA-enhanced T1-weighted imaging (AUC 0.56). For non-enhancing 
gliomas, no imaging combination was superior to T2-FLAIR imaging (AUC 0.81 
T2-FLAIR vs. 0.69 [18F]FET PET). These results, derived from limited sources, 
show the potential of GBCA-free therapy planning in gliomas, highlighting the 
need for further research to confirm its effectiveness and broaden its clinical 
application. Our ongoing research project, NEURAL-MRI, aims to identify the 
contrast-enhanced resectable tumor margins using GBCA-free MRI, comparing 
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the results to those of standard GBCA-enhanced T1-weighted imaging in 116 
glioblastoma patients, with the hypothesis that GBCA-free MRI can accurately 
predict the surgical resection margin.

Regarding glioma follow-up, my literature review found no studies directly 
comparing conventional GBCA-free imaging with standard GBCA-enhanced 
imaging. However, a meta-analysis of 17 glioma studies indicated that DWI 
could accurately distinguish recurrent tumors from therapy-related changes 
(AUC 0.90), achieving a sensitivity of 82% and a specificity of 83%77. Other ad-
vanced GBCA-free alternatives, such as ASL78–80 and APT-CEST81,82, have also 
shown potential. For instance, Wang et al.78 found that ASL performed compa-
rably to GBCA-enhanced DSC perfusion MRI (accuracy: ASL 80%, DSC 83%) 
in distinguishing tumor recurrence from radiation-induced injury. Hou et al.81 
demonstrated that ASL (AUC 0.85) and APT-CEST (AUC 0.91) significantly dif-
ferentiated tumor progression from treatment-related changes. Additionally, 
we recently conducted a meta-analysis of APT-CEST imaging to differentiate 
therapy-related changes from tumor progression or recurrence in brain tumors, 
including gliomas and brain metastasis83. This meta-analysis of 12 studies with 
500 patients showed that APT-CEST performs well in gliomas, with a pooled 
sensitivity of 88% and specificity of 84%. However, we found significant in-
ter-study heterogeneity in reported metrics, demonstrating the need for further 
validation. Building on these findings, our other ongoing research project aims 
to evaluate the role of conventional GBCA-free MRI in post-treatment follow-up, 
specifically comparing T2-FLAIR imaging to the standard post-GBCA T1-weight-
ed imaging in identifying tumor progression and therapy-related changes.

Artificial intelligence (AI), including machine learning and deep learning, has 
been increasingly applied to glioma imaging to extract quantitative features 
beyond the scope of visual interpretation. However, limited evidence exists 
regarding the use of AI-powered algorithms for postoperative glioma assess-
ments. Mammadov et al.84 applied radiomics analysis to predict pseudoprogres-
sion in high-grade gliomas, with post-contrast T1-weighted images performing 
better (AUC 0.82) than pre-contrast T1-weighted images (AUC 0.65). However, 
another AI study using deep learning to differentiate tumor progression from 
pseudoprogression found that a GBCA-free model combining T2-FLAIR and 
DWI outperformed the post-contrast T1-weighted imaging-only model (AUC 
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0.57 vs. 0.80)85. Additionally, Jiang et al.86 evaluated radiomic features from var-
ious pre- and post-contrast MRI sequences to differentiate treatment effects 
from tumor recurrence. They found that APT-CEST performed the best (accu-
racy 0.86), while among conventional MRI sequences, T2-FLAIR outperformed 
post-contrast T1-weighted images (accuracy 0.77 vs. 0.84), and T2-weighted 
images performed similarly to post-contrast T1-weighted images.

Finally, the effectiveness of fixed-interval imaging in glioma follow-up remains 
a topic of debate. As discussed in Chapter 2, several national and international 
guidelines, including the National Institutes of Health and Care Excellence 
(NICE), European Association of Neuro-Oncology (EANO), and Spanish guide-
lines, acknowledge insufficient evidence to determine optimal follow-up inter-
vals. The NICE guidelines also highlight the potential drawbacks of frequent 
imaging, such as patient anxiety and costs. EANO recommends less frequent 
follow-up for stable low-grade gliomas, with additional MRI examinations trig-
gered by new symptoms. Danish guidelines propose skipping early postoper-
ative imaging (<48 hours) for nonenhancing gliomas due to the challenges of 
evaluating nonenhancing residual tumors and instead recommend assessing 
resection completeness only after 12 weeks. A meta-analysis by Thompson et 
al.87 evaluated various imaging strategies for adult gliomas, including pre-spec-
ified interval imaging and symptomatic/triggered imaging. Still, the authors 
noted a need for more high-quality studies. They included only one study by 
Mrowczynski et al.88, which assessed the impact of early postoperative MRI on 
overall survival in 125 glioblastoma patients and found that early postoperative 
MRI did not significantly influence survival outcomes.

The findings of this chapter highlight the potential of GBCA-free MRI as a fea-
sible alternative for glioma management, with applications extending beyond 
preoperative diagnosis to therapy planning and post-treatment follow-up. 
GBCA-free techniques, such as T2-FLAIR imaging, ASL, and APT-CEST, show 
promise in identifying tumor margins, guiding resection strategies, and dis-
tinguishing tumor progression from treatment-related changes. AI-powered 
approaches are also being explored in this context, with promising results that 
could further improve diagnostic accuracy. However, significant gaps remain, 
primarily due to the limited and heterogeneous resources available, showing 
the need for further research. As discussed earlier, my ongoing projects focus 
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on evaluating the role of GBCA-free MRI in identifying resectable tumor margins 
and detecting tumor recurrence, with the goal of advancing the field.

Future persp ectives

My thesis demonstrates that GBCA-free MRI techniques provide comparable 
performance to GBCA-enhanced methods for glioma imaging, presenting a 
viable alternative. However, to build on these findings, future research should 
address several key limitations and refine the proposed prediction models. The 
presented studies were retrospectively designed using a single-center dataset 
from Amsterdam UMC, limiting the findings’ generalizability. Therefore, external 
validation across multiple centers with diverse patient populations and a range 
of raters is essential to improve the robustness and clinical applicability. To 
facilitate this, we are engaged in collaborative efforts with Nigerian researchers 
of the CAMERA network to explore the potential utilization of the Sub-Saharan 
glioma database. Moreover, patients enrolled prospectively in the GLIOCARE 
project will be assessed by both internal and external raters as a part of this 
comprehensive validation framework.

The decision tree models developed in this thesis were based on standardized 
brain MRI protocol that did not incorporate advanced imaging techniques such 
as perfusion-weighted imaging. Given the promising potential of ASL as a GB-
CA-free alternative to DSC-MRI, future studies should integrate ASL to refine 
predictive capabilities. Further incorporation of advanced imaging modalities, 
such as APT-CEST, MRS, and ROI-based assessments of DWI, will also improve 
model accuracy. The prospective phase of the GLIOCARE project, which in-
cludes ASL and APT-CEST imaging, will be a viable next step in addressing 
this limitation. Moreover, clinical factors such as patient age and Karnofsky 
performance score should also be integrated into the decision tree models for 
better diagnostic predictions.

In Chapter 6, the ROI-based assessment of DWI was guided by visual evalua-
tion to reflect clinical practice, where radiologists often rely on visual cues to 
identify abnormal areas and complement them with quantitative measures. 
However, this introduces a potential collinearity bias regarding comparative 
assessments of these approaches. Future studies should incorporate automat-
ed or volumetric ADC map assessments and investigate their correlation with 
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visual evaluations to address this concern and better understand the value of 
different assessment approaches of glioma diffusion characteristics.

While the proposed models demonstrated potential in preoperative settings, 
their performance in more complex postoperative settings requires further 
investigation. Implementing these decision tree models in post-treatment 
situations is crucial for assessing their utility in managing glioma. However, 
post-treatment scenarios often introduce confounding factors, such as ther-
apy-induced diffusion restriction or hemorrhage, imaging features of the pre-
diction models in their current version. Such factors will necessitate algorithm 
modifications for accurate assessment.

Finally, refining the diagnostic workflow to distinguish gliomas from other 
tumors, such as lymphoma and metastasis, and tumor-like conditions, such 
as tumefactive demyelinating lesions, is critical for future research to optimize 
layered diagnostic decision-making. GBCA-free imaging techniques, such as 
DWI89–92 and ASL79,93,94, have shown promise in addressing these challenges. 
Integrating such techniques into a structured diagnostic framework can po-
tentially improve GBCA-free diagnostic workflows.

Conclusions

 This thesis provides evidence that a transition to GBCA-free MRI can be a viable 
alternative for managing patients with glial tumors. The proposed models based 
on GBCA-free imaging performed comparably to the current standard practice 
of GBCA-enhanced MRI in predicting glioma enhancement characteristics and 
histomolecular diagnosis. These results highlight the potential of GBCA-free 
approaches to improve patient safety and reduce costs while maintaining 
diagnostic integrity. Furthermore, the insights gained from this thesis could 
contribute to the future integration of AI-driven solutions into clinical prac-
tice by improving prediction accuracy through the systematic and structured 
introduction of key imaging features.
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 NEDERLANDSE  SAMENVATTING

Voor MRI beeldvorming van gliomen (een type hersentumoren) worden gad-
olinium houdende contrastmiddelen (GHCs) standaard in de praktijk gebruikt. 
GHCs verbeteren de zichtbaarheid van laesies, helpen bij het karakteriseren van 
tumoren en bepalen therapeutische beslissingen. Echter, stapelen GHCs zich 
in vitale organen op met onduidelijke gevolgen voor de gezondheid. Daarnaast 
vervuilen ze water, zoals is aangetoond in rivieren en drinkwater in Nederland. 
Het waterleven wordt hierdoor negatief beïnvloed. Bovendien zijn GHC’s een 
aanzienlijke kostenveroorzaker in de gezondheidszorg. Ondanks deze zorgen 
is er geen absoluut bewijs dat beeldvorming met GHC betere resultaten heeft 
dan GHC-vrije alternatieven. Anders geformuleerd, is het ook onbekend in 
hoeverre GHC-vrije beeldvormingsprotocollen kunnen worden gebruikt om 
gliomen te evalueren. Daarom wordt in dit proefschrift onderzocht of GHC-vrije 
MRI-protocollen op betrouwbare wijze klinische vragen kunnen beantwoorden 
bij adult-type diffuse gliomen met behoud van diagnostische kwaliteit.

Door middel van een uitgebreid niet-systematisch literatuuronderzoek heb ik in 
hoofdstuk 2 de huidige stand van zaken en de haalbaarheid van GHC-vrije of ge-
reduceerde GHC beeldvorming onderzocht voor gliomen en meningiomen. Uit 
dit overzicht bleek dat hoewel de meeste richtlijnen GHCs aanbevelen in alle 
stadia van de behandeling van hersentumoren, sommige richtlijnen GHC-vrije 
monitoring ondersteunen. Onder andere de Response Assessment in Pediatric 
Neuro-Oncology-richtlijnen voor niet-aankleurende pediatrische laaggradige 
gliomen, de richtlijnen van de European Association of Neuro-Oncology en ‘de 
Danish richtlijnen voor kleine, asymptomatische meningiomen, ondersteunen 
GHC-vrije monitoring. Bewijs uit twee prospectieve onderzoeken suggereert dat 
het verlagen van de GHC-doses tot 50-75% de diagnostische nauwkeurigheid 
voor gliomen en meningiomen niet verandert. In de afgelopen tien jaar is de 
belangstelling voor geavanceerde GHC-vrije technieken, zoals ASL, APT-CEST 
en MRS gegroeid. Steeds meer bewijs laat zien dat de diagnostische prestaties 
van deze geavanceerde MRI technieken (op het gebied van tumor stadiëring 
en recidief monitoring) vergelijkbaar zijn met die van GHC-verrijkte methoden. 
T2-FLAIR-geleide benaderingen bieden overlevingsvoordelen bij het plannen 
van het chirurgisch verwijderen van glioblastomen en bij bestralingstherapie. 
Hierbij is er geen grotere kans op oncologische risico’s dan wanneer planning 

Aynur Azizova_BNWv1.indd   277Aynur Azizova_BNWv1.indd   277 30-04-2025   18:0430-04-2025   18:04



278

Samenvatting

gedaan wordt met GHC beeldvorming. Kunstmatige intelligentie, zoals deep 
learning modellen die synthetische contrast verrijkte beelden kunnen genere-
ren en radiomic features die uit GHC-vrije sequenties gehaald kunnen worden, 
hebben veel potentie om GHC’s te vervangen. Deze technieken laten gelijkwaar-
dige prestaties zien in tumorgradering en beoordeling van de behandelrespons. 
Over het geheel genomen is GHC-vrije beeldvorming steeds beter haalbaar 
voor specifieke gevallen, met name bij pediatrische laaggradige tumoren en 
kleine meningiomen. Verder onderzoek is echter essentieel om een bredere 
klinische toepasbaarheid te ondersteunen, met name voor diffuse gliomen, 
de meest voorkomende en kwaadaardigste hersentumoren bij volwassenen.

In hoofdstuk 3 heb ik een systematische review en meta-analyse uitgevoerd van 
de Visually Accessible Rembrandt (Repository for Molecular Brain Neoplasia 
Data) Images (VASARI) feature set, welke bestaat uit 30 glioom beeld-eigen-
schappen (image features). Mijn motivatie voor deze review was om de potentie 
van deze gestandaardiseerde glioom-beeldvormingsvocabulaire te evalueren. 
De VASARI-set bevat namelijk voornamelijk GHC-vrije MRI-kenmerken, die 
ook de basis zullen vormen voor de GHC-vrije voorspellingsalgoritmen die in 
hoofdstuk 4 en 5 worden beschreven. Bij het analyseren van gegevens van 35 
onderzoeken en 3.304 patiënten vond ik dat VASARI-kenmerken voornamelijk 
werden gebruikt om de algehele overleving en IDH-mutatiestatus te voorspel-
len. Multifocaliteit, ependymale invasie en of een aankleurende tumor de de 
middellijn overschrijdt waren sterke voorspellers van algehele overleving, met 
gepoolde hazard ratio’s van respectievelijk 1,80, 1,73 en 2,08. Voor de voorspel-
ling van IDH-mutatie bereikten modellen die VASARI-kenmerken combineer-
den een gepoolde AUC van 0,82, hoewel er aanzienlijke heterogeniteit tussen 
onderzoeken (I²=100%) werd waargenomen. De kwaliteit van aankleuring 
en de verhouding tussen aankleurende tumor, necrose en oedeem kwamen 
naar voren als de belangrijkste indicatoren van IDH-status. Gecombineerde 
modellen die VASARI kenmerken integreerden met klinische, genetische of 
radiomics eigenschappen presteerden beter dan modellen die alleen op de 
VASARI set vertrouwden. De generaliseerbaarheid van de bevindingen werd 
echter beperkt door de variabiliteit in VASARI feature selectie en wijzigingen 
in scoringsystemen tussen de verschillende onderzoeken. Deze bevindingen 
toonden de noodzaak om automatische extractiemethoden te ontwikkelen om 
de klinische bruikbaarheid van VASARI te maximaliseren.
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In hoofdstuk 4 wilde ik, gezien de klinische afhankelijkheid van GHC-verrijkte 
MRI in de neurobeeldvorming, bepalen of visuele kenmerken die geassocieerd 
worden met een verstoring van de bloed-hersenbarrière geïdentificeerd kunnen 
worden uit pre-contrast MRI. Om dit te bereiken heb ik een enhancement pre-
diction decision tree (EPDT) ontwikkeld en getest. Deze beslisboom kan door 
middel van GHC-vrije MRI sequenties contrast aankleuring en vorm voorspellen 
in adult-type diffuse gliomen. De MRI sequenties die de beslisboom gebruikt 
zijn pre-contrast T1, T2, FLAIR en DWI. De EPDT bevatte drie VASARI (necrose, 
diffusiebeperking, niet-aankleurende tumorranden) en één niet-VASARI (T2 in-
homogeniteit) glioom MRI eigenschappen. Het EPDT, dat door 3 beoordelaars 
met verschillende ervaringsniveaus was getest op 303 patiënten, behaalde een 
hoge nauwkeurigheid voor kwaliteit van aankleuring (duidelijk aanwezig, gemid-
deld, geen aankleuring) met een nauwkeurigheid per beoordelaar van 86%, 89% 
en 92%, en voor de vorm van aankleuring (vast, rand, of geen aankleuring) met 
een nauwkeurigheid per beoordelaar van 84%, 88% en 89%. Er werd aanzienlijke 
overeenstemming gevonden tussen voorspelde en werkelijke aankleuringsei-
genschappen binnen beoordelaars (≥0,68), terwijl de betrouwbaarheid tussen 
beoordelaars matig of beter was (groep ≥0,42, paarsgewijs ≥0,61). Necrose was 
de meest reproduceerbare EPDT eigenschap, met de hoogste overeenkomst 
binnen en tussen beoordelaars. (≥0,80). Overeenstemming voor andere beeld 
eigenschappen was redelijk tot matig (≥0,33) en verbeterde aanzienlijk (≥0,71) 
na correctie voor een onevenredig verdeelde dataset. Deze bevindingen tonen 
aan dat de EPDT in staat is om nauwkeurig glioma aankleuring te voorspellen 
zonder afhankelijk te zijn van GHCs of geavanceerde expertise, wat de AI-ge-
dreven aankleuringsvoorspel modellen mogelijk zou kunnen ondersteunen.

In hoofdstuk 5 heb ik een beslisboom voor diagnosevoorspelling (DPDT) ont-
worpen dat preoperatieve gliomen kan diagnosticeren op basis van GHC-vrije 
MRI. Deze beslisboom is vervolgens ook vergeleken met diagnosticeren op 
basis van GHC-verrijkte beeldvorming. De DPDT bevatte zeven VASARI-beeld-
vormingskenmerken (necrose, diffusie, bloeding, niet-aankleurende tumor-
marge, calvariale remodeling, cysten, verhouding oedeem) en vier niet-VASA-
RI-beeldvormingskenmerken (T2-FLAIR mismatch sign, T2-signaalhomogeniteit, 
calcificatie, midline shift). Drie beoordelaars gebruikten een testdataset van 
303 patiënten om tumorgraad (graad 2 vs. graad 3/4) en moleculaire status 
(IDH en 1p/19q) te voorspellen op basis van GHC-vrije en GHC-verrijkte MRI. 
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Onafhankelijk behaalden de beoordelaars  een nauwkeurigheid van ≥85% voor 
het voorspellen van tumorgraad en ≥75% voor het voorspellen van moleculaire 
status zonder gebruik te maken van contrastmiddel houdende MRI. Er waren 
geen significante verschillen met GHC-verrijkte voorspellingen, die respectie-
velijk een nauwkeurigheid van ≥87% en ≥77% bereikten. De groepsovereen-
stemming tussen beoordelaars was matig (0,56) en substantieel (0,68) voor 
respectievelijk GHC-vrije en GHC-verrijkte voorspellingen. Deze bevindingen 
benadrukken het potentieel van GHC-vrije beeldvorming als een betrouwbaar 
alternatief voor glioomdiagnose, tonen aan dat de toegevoegde waarde van 
GHC-verrijkte MRI beperkt is en ondersteunen de haalbaarheid van een GHC-
vrije beeldvormingsaanpak in de neuro-oncologie.

In hoofdstuk 6 richtte ik me op twee verschillende beoordelingsbenaderingen 
van DWI (een visuele beoordeling versus een op region-of-interest (ROI)-geba-
seerde methode). DWI is de meest gebruikte geavanceerde GHC-vrije beeldvor-
mingstechniek en een cruciaal element in neuro-oncologische MRI-protocollen. 
Ik evalueerde de correlatie tussen deze methodes, hun reproduceerbaarheid en 
hun voorspellende diagnostische prestaties. Voor visuele beoordeling werden 
diffusiepatronen gecategoriseerd op basis van VASARI-feature 17 (gefaciliteerd, 
twijfelachtig, beperkt). Bij ROI-gebaseerde beoordeling werden cirkelvormige 
ROI’s geplaatst op de visueel waargenomen gebieden met de laagste ADC, 
waarbij absolute en genormaliseerde ADC (aADC/nADC) werden gemeten. Bij 
gebruik van preoperatieve MRI-scans van 303 patiënten met graad 2-4 adult-ty-
pe diffuse gliomen, liet de op ROI-gebaseerde beoordeling een superieure repro-
duceerbaarheid zien, met een hogere overeenkomst tussen en binnen beoor-
delaars. (ROI-gebaseerd 0,56 vs. visueel 0,34). Desondanks werd er een sterke 
correlatie gezien tussen ROI-gebaseerde ADC-drempelwaarden (1.090 en 623 
x 10-6 mm2/s voor aADC en 1,38 en 0,80 voor nADC, waarbij onderscheid wordt 
gemaakt tussen gefaciliteerde, twijfelachtige en beperkte visuele diffusieca-
tegorieën) en visuele beoordelingscategorieën (P < .001). Voor de voorspelling 
van IDH-mutatie werden alleen patiënten geanalyseerd waarbij geen necrose 
of bloedingen waren waargenomen. Beperkte diffusie bij visuele beoordeling 
werd geclassificeerd als IDH-wildtype, terwijl twijfelachtige en gefaciliteerde 
diffusie werden aangeduid als IDH-mutant. Voor de ROI-gebaseerde methode 
waren de optimale IDH-classificatiedrempels 1,048 x 10-6 mm2/s en 1,38 voor 
respectievelijk aADC en nADC. Visuele beoordeling behaalde een vergelijkbare 
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nauwkeurigheid (visueel vs. aADC/nADC: 69% vs. 73%/70%) en beide methoden 
vertoonden een onbalans tussen specificiteit (99% vs. 81%/75%) en gevoelig-
heid (14% vs. 57%/61%). Deze bevindingen tonen de gelijkwaardige klinische 
bruikbaarheid en sterke correlatie aan tussen visuele en ROI-gebaseerde be-
oordelingen van DWI. Daarnaast kunnen de resultaten een leidraad zijn voor 
het gebruik van diffusiegegevens in geavanceerde AI-gebaseerde modellen, 
een gebied dat nog steeds onderontwikkeld is.
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