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a multi-institutional meningioma 
MRI dataset for automated multi-
sequence image segmentation
Dominic LaBella et al.#

Meningiomas are the most common primary intracranial tumors and can be associated with 
significant morbidity and mortality. Radiologists, neurosurgeons, neuro-oncologists, and 
radiation oncologists rely on brain MRI for diagnosis, treatment planning, and longitudinal 
treatment monitoring. However, automated, objective, and quantitative tools for non-
invasive assessment of meningiomas on multi-sequence MR images are not available. Here 
we present the BraTS Pre-operative Meningioma Dataset, as the largest multi-institutional 
expert annotated multilabel meningioma multi-sequence MR image dataset to date. 
This dataset includes 1,141 multi-sequence MR images from six sites, each with four 
structural MRI sequences (T2-, T2/FLAIR-, pre-contrast T1-, and post-contrast T1-weighted) 
accompanied by expert manually refined segmentations of three distinct meningioma sub-
compartments: enhancing tumor, non-enhancing tumor, and surrounding non-enhancing 
T2/FLAIR hyperintensity. Basic demographic data are provided including age at time of 
initial imaging, sex, and CNS WHO grade. The goal of releasing this dataset is to facilitate 
the development of automated computational methods for meningioma segmentation and 
expedite their incorporation into clinical practice, ultimately targeting improvement in the 
care of meningioma patients.

Background & Summary
Meningiomas are the most common primary intracranial tumor in adults and can result in significant mor-
bidity and mortality for affected patients1,2. Most meningiomas (∼80%) are fifth edition CNS World Health 
Organization (WHO) grade 1 benign tumors and are typically well controlled with observation, surgical resec-
tion, and/or radiation therapy3,4. However, higher grade meningiomas (CNS WHO grades 2 and 3) are asso-
ciated with significantly higher morbidity and mortality rates and often recur despite optimal management3,5. 
Currently there is no reliable noninvasive method for identifying meningioma CNS WHO grade, assessing 
aggressiveness, or predicting recurrence and survival. Traditional MRI features used by clinicians to guide treat-
ment strategy, such as meningioma size, or degree of surrounding edema, may not represent CNS WHO grade 
or expected clinical course2. As such, there is a need for improved radiographic assessment of meningiomas, 
which can help guide patient-specific treatment strategies.

Automated tumor segmentation on brain magnetic resonance imaging (MRI) has matured into a clinically 
viable tool that can provide objective assessments of tumor volume and can assist in surgical planning, radio-
therapy planning, and treatment response assessment. However, to date, most brain tumor segmentation studies 
have focused exclusively on gliomas, despite the fact that meningiomas are more common, accounting for over 
a third of all intracranial tumors6–8. Meningiomas, while typically more circumscribed than gliomas, provide 
additional technical challenges for segmentation given their extra-axial location and propensity for skull-base 
involvement2. In addition, unlike other intracranial tumors, meningiomas are commonly diagnosed by imaging 
alone, which increases the importance of MRI for treatment planning.

The BraTS organization has conducted large scale international automated segmentation challenges focused 
on gliomas since 20127,8. The initial 2012 BraTS glioma dataset consisted of 35 training and 15 testing cases. 
Each case consisted of co-registered multi-sequence pre- and postcontrast MR images with associated manually 
annotated tumor sub-compartment labels7. Recently, the 2021 BraTS glioma challenge described a multi-society 
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effort across RSNA, ASNR, and MICCAI, that resulted in a dataset of >2,000 cases split across 1251 training 
cases, 219 validation cases, and 570 testing cases9. Due to the successful historic efforts focused on automated 
segmentation of glioma7,8, in 2023, the BraTS organization decided to compliment the adult glioma segmen-
tation with a cluster of challenges. This cluster includes a dedicated meningioma segmentation challenge, the 
“Brain Tumor Segmentation Challenge 2023: Intracranial Meningioma”10.

Here we present the BraTS Pre-operative Meningioma Dataset, which is the largest known publicly availa-
ble multi-institutional dataset of meningioma multi-sequence MR images to date11,12. The BraTS Pre-operative 
Meningioma Dataset includes 1,141 publicly available, pre-processed, multi-sequence MR images from six differ-
ent academic medical centers with manually annotated sub-compartment tumor labels, basic demographic data, 
and CNS WHO grade when available. The purpose of this dataset is to facilitate the development of automated 
multi-compartment brain MRI segmentation algorithms for intracranial meningiomas. Segmentation algorithms 
developed using these data will allow objective assessment of tumor volume for surgical and radiotherapy planning 
and will serve as a starting point for future studies focused on identifying meningioma CNS WHO grade, assess-
ing aggressiveness, and predicting risk of recurrence based on MRI findings alone. This manuscript describes the 
data collection, curation, and segmentation process for the BraTS Pre-operative Meningioma Dataset.

Methods
Study population. The study population consisted of adult patients diagnosed with intracranial menin-
gioma of any CNS WHO grade or subtype either by imaging or histopathology following resection or biopsy4. 
Participants were retrospectively identified from six different academic medical centers: Duke University, Yale 
University, Thomas Jefferson University, University of California San Francisco, University of Missouri, and 
University of Pennsylvania. The specific case inclusion methods (pathologic, clinical/radiologic, or both) and 
case collection methods (i.e., random, consecutive) were chosen by each participating site independently, often 
on the basis of pre-existing curated datasets. Strict requirements on participant inclusion were not imposed to 
reduce barriers to data sharing. All participating sites had institutional review board (IRB) approval. A waiver for 
informed consent was provided by each institution’s respective IRB. All image data were anonymized, and faces 
were digitally removed to prevent facial reconstruction.

Imaging data. Imaging data included pre-operative and pre-treatment multi-sequence MR images of the 
brain with corresponding expert annotated tumor sub-compartments. Multi-sequence MR images included 
pre-contrast T1-weighted, post-contrast T1-weighted, T2-weighted, and T2/FLAIR-weighted imaging. Exclusion 
criteria included lack of visible tumor on the skull-stripped MRI or the presence of any intracranial tumor that 
was not radiographically or pathologically consistent with meningioma (including cases of neurofibromatosis 
type 2 with intracranial schwannomas). Imaging parameters including field strength, echo/repetition time, slice 
resolution, and slice thickness varied considerably between and within sites and documentation of these varia-
bles were not required for data contribution, with the intention of reducing barriers to data sharing. The naming 
convention used for the anonymized case IDs was “BraTS-MEN-00XXX-00N”. In this format, “XXX” represents 
a unique identifier for each patient, and “00 N” indicates the interval case number of the respective pre-operative 
study for that particular patient. For example, if a patient underwent three pre-operative MRI studies that were 
included in the dataset, these would be labeled as “−001” for the first chronological case, “−002” for the second 
case, and “−003” for the third case, respectively, following the unique patient identifier “00XXX”. This system 
ensures that each case is distinctly identified, not just by the patient to whom it belongs but also by the order in 
which the studies were performed.

Data splits. A total of 1,424 individual MRI exams from 1,344 different patients were included in the final 
BraTS Pre-operative Meningioma Dataset. These were divided into a training set (1,000/1,424, 70%), a validation 
set (141/1,424, 10%), and a private hold-out testing set (283/1,424, 20%). Splits were random but stratified by site 
and by patient such that interval multi-sequence MR images from each individual patient, as denoted by “00 N”, 
were assigned to a single data split. Training and validation data are being made publicly available, as part of this 
manuscript, while the testing data is private to allow unbiased ongoing evaluation of new segmentation methods 
through the synapse.org platform13.

Clinical data. Clinical-pathologic information including patient age at the time of imaging, sex, and CNS 
WHO grade if available, were obtained from the respective electronic medical records at each institution. The 
age range was 14–96 years (including private testing set data) and 14–96 years in the publicly available data. The 
male to female ratio was 398:1,007 (including private testing set data) and 313:816 in the publicly available data. 
CNS WHO grade was available in 1,010 of the 1,424 total cases (including private testing set data) and in 800 of 
the 1,141 publicly available cases. Aggregate clinical-pathologic case-level data are provided in Table 1 (including 
private testing set data). Individual case-level data for the publicly available training and validation cases are freely 
provided on the Synapse data repository14.

Image data pre-processing. All MRI data underwent standardized image pre-processing steps includ-
ing conversion from Digital Imaging and Communications in Medicine (DICOM) format to Neuroimaging 
Informatics Technology Initiative (NIfTI) format, co-registration of individual image series to a canonical 
anatomical brain (i.e., the SRI24 atlas15 space), including uniform 1 mm3 isotropic resampling, and automated 
skull-stripping using a deep convolutional neural network approach16. These image pre-processing steps were 
implemented in the open-source and publicly available Federated Tumor Segmentation (FeTS) tool17, which is 
the same tool that facilitated the largest brain glioblastoma study to date18. It should be noted that meningioma 
can extend through the skull and/or skull-base foramina and that any extra-cranial portions of tumors were 
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implicitly excluded by the skull-stripping process2. Despite this limitation, skull-stripping was included in the 
pre-processing to preserve patient anonymity (by preventing potential face reconstruction) and to ensure con-
sistency with the other BraTS 2023 challenges.

Defining meningioma sub-compartments on MRI. A key aspect of the BraTS Meningioma 
Pre-operative Dataset is the subdivision of the different tumor compartments that are visible on MRI sequences. 
The specific target volume delineation for intracranial meningioma MRI appearances and sub-compartments 
have been previously described19–21. In 2022, the Association des Neuro-oncologues d’Expression Francaise 
(ANOCEF) outlined consensus guidelines for meningioma gross tumor volume after 20 experts from 17 radio-
therapy centers participated in a three round modified Delphi consensus21,22. The ANOCEF committee defined 
the enhancing gross tumor to include MRI T1 contrast-enhancing lesions, thickened meninges, and directly 
invaded bone21. This includes en-plaque meningioma and “dural tail” involvement, defined as thickening and 
enhancement of the dura infiltrating away from the lesion (Fig. 1)23,24. Non-enhancing tumor components include 
areas of mineralization or ossification typically with low signal intensity on T2-weighted imaging24 and cystic 
components with uniform low-signal intensity on T1-weighted imaging and high signal intensity on T2-weighted 
imaging24. Peritumoral edema, which appears as non-enhancing parenchymal T2/FLAIR signal hyperintensity 
surrounding the tumor, is present in 60% of meningioma cases and may be localized or extensive25.

Based on this prior work and others, we defined three distinct and non-overlapping tumor sub-compartments 
(Fig. 2)19–21. These include “enhancing tumor”, “non-enhancing tumor core”, and surrounding non-enhancing 
T2/FLAIR hyperintensity (SNFH). The enhancing tumor label included all contrast enhancing meningioma, 
focally thickened meninges (including dural tail), as well as en-plaque meningiomas. This label approximated 
the compartment of active, viable tumor, which would typically be targeted by radiotherapy. The non-enhancing 
tumor core label included all calcification, hyperostosis, necrosis, degeneration, cystic areas, and any other 
atypical non-enhancing tumor findings. This label along with the enhancing tumor label (together compris-
ing the “tumor core”) corresponded to the portion of tumor related imaging abnormality that would typically 
be removed in a gross total resection. The SNFH label included the entire extent of tumor-related T2/FLAIR 
hyperintensity surrounding the tumor core. This label was distinct from the other labels in that it was composed 
entirely of brain parenchyma and was not expected to contain any tumor cells, but rather represented irritated, 
inflamed, and/or edematous brain tissue resulting from the adjacent tumor. Importantly, non-tumor-related 
brain parenchymal T2/FLAIR signal abnormality, commonly related to chronic microvascular ischemic white 
matter changes (e.g. leukoaraiosis) or other vascular pathology, was not included in the SNFH label.

Automated meningioma pre-segmentation. Prior to manual correction, a deep convolutional neural 
network-based automated segmentation model was used for automated multi-compartment pre-segmentation. 
This model, implemented in nnU-Net (version 1) (https://github.com/MIC-DKFZ/nnUNet/tree/nnunetv1) was 
initially trained on a sample of 73 manually labeled studies from a single participating institution (UCSF). Of 
note, this initial sample consisted entirely of meningiomas that subsequently underwent surgical resection, which 
may bias the model to poorer performance for non-surgical meningiomas. During the manual correction phase 
of the challenge preparation, the automated segmentation algorithm was periodically retrained using additional 
manually corrected cases from other participating sites, including sites that contributed non-surgical meningi-
oma cases. The purpose of iteratively retraining the model with new data was to improve its generalizability to dif-
ferent MRI appearances of meningioma and reduce pre-segmentation bias. Model weights for each of the different 
meningioma pre-segmentation models are publicly available at (https://github.com/ecalabr/nnUNet_models).

Common errors of automated meningioma pre-segmentation. Based on a subjective review of 
pre-segmented meningioma cases by dataset organizers, a set of commonly encountered automated segmentation 
errors were identified. The following list of commonly encountered errors was provided to dataset annotators in 
an effort to reduced inter-rater variability:

 1. A thin rim of erroneously assigned SNFH label immediately surrounding smaller meningiomas without 
any true associated SNFH (Fig. 3a).

Total Training Set Validation Set Testing Set
Age (Median; 
Min-Max)

Male: 
Female

CNS WHO 
Grade 1

CNS WHO 
Grade 2

CNS WHO 
Grade 3

All Sites 1,424 1000 (70%) 141 (10%) 283 (20%) 61 (14–96) 398: 1,007 754 227 29

DUKE 452 315 (70%) 46 (10%) 91 (20%) 65 (19–96) 115: 337 115 24 2

JEFF 338 236 (70%) 34 (10%) 68 (20%) 60 (19–90) 114: 224 292 37 9

YALE 230 160 (70%) 23 (10%) 47 (20%) 57 (20–92) 69: 161 157 71 2

MISS 181 132 (73%) 16 (9%) 33 (18%) 64 (14–89) 38: 143 171 10 0

UCSF 180 126 (70%) 18 (10%) 35 (19%) 58 (15–88) 41: 119 19 41 16

PENN 44 31 (70%) 4 (9%) 9 (20%) 59 (21–87) 21: 23 0 44 0

Table 1. Basic clinical and demographic data for the BraTS Pre-operative Meningioma Dataset cohort 
including the private test set data for cases with available patient demographic data. Site abbreviations are as 
follows: DUKE (Duke University); JEFF (Thomas Jefferson University); YALE (Yale University); MISS (Missouri 
University); UCSF (University of California San Francisco); PENN (University of Pennsylvania).
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 2. Incomplete or absent segmentation of small convexity meningiomas composed entirely of enhancing 
tumor, particularly when more than 1 meningioma was included in the field of view (Fig. 3b)

 3. Improper assignment or incomplete segmentation of non-enhancing tumor compartments, including 
exophytic hyperostosis, cystic spaces, and areas of intrinsic T1 hyperintensity, which were sometimes erro-
neously labeled as enhancing tumor or SNFH rather than non-enhancing tumor core (Fig. 3c)

 4. Inclusion of non-tumor-related brain parenchymal T2/FLAIR signal abnormality, most commonly chronic 
microvascular ischemic white matter changes (e.g. leukoaraiosis) within the SNFH label (Fig. 3d).

Examples of each of these errors of automated meningioma segmentation are provided in Fig. 3.

Manual meningioma segmentation refinement process. For each meningioma case, manual review 
and refinement of pre-segmented labels was performed by individual volunteer “annotators” recruited from 
the ASNR society with widely varying experience levels spanning from medical students to fellowship-trained 

Fig. 1 Example of an intracranial meningioma with a dural tail (red arrow) as shown on T1-weighted post-
contrast MRI.

Fig. 2 Meningioma sub-compartments considered in the BraTS Pre-operative Meningioma Dataset. Image 
panels A-C denote the different tumor sub-compartments included in manual annotations; (A) enhancing 
tumor (blue) visible on a T1-weighted post-contrast image; (B) the non-enhancing tumor core (red) visible on 
a T1-weighted post-contrast image; (C) the surrounding FLAIR hyperintensity (green) visible on a T2/FLAIR-
weighted image; (D) combined segmentations generating the final tumor sub-compartment labels provided in 
the BraTS Pre-operative Meningioma Dataset.
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neuroradiologists. Subsequently, manually corrected annotations were reviewed by a single board-certified neu-
roradiologist “approver” (author EC). Manual corrections were performed using ITK-SNAP, a free, open-source, 
multi-platform software application used to segment structures in 3D biomedical images26. Annotators were 
provided with each of the following: 1) basic instruction on using ITK-SNAP for meningioma segmentation, 
2) written descriptions of the composition of each tumor sub-compartment, and 3) a list (with examples) of 
common pre-segmentation errors to identify and address (similar to Fig. 3). In cases where manually corrected 
segmentations were deemed inaccurate, they were returned to the annotator pool for further corrections and 
re-review. This process was repeated until the segmentations were deemed accurate.

Data Records
The BraTS Meningioma Pre-operative Dataset training (1,000/1,424, 70%) and validation (141/1,424, 10%) data 
are publicly available on Synapse14. The testing dataset (283/1,424, 20%) will be kept private for the foreseea-
ble future to allow for the unbiased assessment of future segmentation algorithms. The “Meningioma supple-
mentary clinical data and imaging parameters for training and validation sets.xlsx” file on the Synapse data 
repository describes the case level clinical patient data and the image parameters for the training and validation 
cases14. The supplementary file “Meningioma Dataset Access Steps” provides step by step instructions on how 
to access the data.

technical Validation
Patient clinical and demographic data. All clinical characteristics of the subjects included in the BraTS 
meningioma collection were obtained from clinical records from each respective academic institution without 
specific disclosure of the data collection method from each institution. This approach was taken to encourage 
data contribution. Clinical data included patient sex and age at time of the diagnosis, as well as CNS WHO grade. 
Specific information regarding patient pre-operative treatment was not included as part of data collection. No 
additional validation of the raw clinical data was conducted in the BraTS meningioma collection.

Fig. 3 Examples of common errors of automated meningioma segmentation. (A) Erroneously marked a thin 
rim of edema that does not exist; (B) Missed small convexity meningioma; (C) Improper classification of non-
enhancing tumor; (D) Tumor-related edema adjacent to presumed microvascular ischemic periventricular 
white matter FLAIR abnormalities. T1c: T1-weighted post-contrast imaging; FLAIR: T2-weighted fluid 
attenuated inversion recovery imaging.
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Image pre-processing and skull stripping. All pre-processing steps were manually reviewed by a 
fellowship-trained neuroradiologist (author EC) to ensure proper co-registration to the SRI24 atlas space, image 
quality, adequate skull stripping, presence of an intracranial meningioma, and absence of a non-meningioma 
intracranial tumor. Any pre-processing errors were manually corrected before inclusion in the dataset. For a 
majority of exams, original, unprocessed x and y image resolution and slice thickness were available and are 
included on the Synapse data repository14. Additional original image metadata was either not available, not 
approved for public release by governing data use agreements, or intentionally witheld to prevent BraTS challenge 
participants from fingerprinting exams from specific sites. However, data regarding site of origin for each exam is 
available and can be shared by request to the corresponding author on a case-by-case basis.

Meningioma segmentations. All manually corrected meningioma segmentations were manually reviewed 
by a board-certified neuroradiologist “approver” (author EC) following the established annotator/approval model 
used in prior BraTS challenges7. In cases where the approver identified an inaccurate or incomplete segmentation, 
the case was returned to a different annotator for further refinement with notes indicating remaining issues. This 
process was repeated, if necessary, until the segmentations were deemed accurate.

Code availability
In line with the scientific data principles of findability, accessibility, Interoperability, and reusability27, the tools 
used throughout the generation of these data are publicly available. Specifically, we used the FeTS toolkit [FeTS] 
to perform all pre-processing steps, including co-registration, and skull stripping, which is publicly available at 
(https://fets-ai.github.io/Front-End/)17. The nnU-Net model as used for initial pre-automated segmentation is 
publicly available at (https://github.com/ecalabr/nnUNet_models).
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