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DATA RESOURCES

MRI-based artificial intelligence (AI) research in patients 
with brain gliomas has been rapidly increasing in pop-

ularity, in part due to a growing number of publicly avail-
able MRI datasets. Notable examples include The Cancer 
Genome Atlas’ glioblastoma dataset (TCGA-GBM) avail-
able at The Cancer Imaging Archive, consisting of 262 
patients, and the Multimodal Brain Tumor Segmentation 
(BraTS) challenge dataset consisting of 542 patients (in-
cluding 243 preoperative cases from TCGA-GBM) (1–4). 
The public availability of these glioma MRI datasets has 
fostered the growth of numerous emerging AI techniques, 
including automated tumor segmentation, radiogenomics, 
and survival prediction. Despite these advances, existing 
publicly available glioma MRI datasets have been largely 
limited to only four MRI sequences (T2-weighted, T2-
weighted fluid-attenuated inversion recovery [FLAIR], and 
pre- and postcontrast T1-weighted), and imaging proto-
cols vary substantially in terms of field strength and acqui-
sition parameters.

Here, we present the University of California San Fran-
cisco Preoperative Diffuse Glioma MRI (UCSF-PDGM) 
dataset, which includes 501 patients with histopatho-
logically proven diffuse gliomas who were imaged with a 
standardized 3-T preoperative brain tumor MRI protocol 
featuring predominantly three-dimensional (3D) imag-
ing, including diffusion and perfusion imaging. The da-
taset also includes isocitrate dehydrogenase (IDH) muta-
tion status for all patients and O6-methylguanine DNA 
methyltransferase (MGMT) promotor methylation status 
for World Health Organization (WHO) grade 3 and 4 
gliomas. Finally, we have also included treatment details, 
including extent of resection and overall survival. The 
UCSF-PDGM dataset has been made publicly available in 
hopes that researchers around the world will use these data 
to continue to push the boundaries of AI applications for 
diffuse gliomas.

Materials and Methods

Patient Population
Data collection was performed in accordance with rel-
evant guidelines and regulations and was approved by 

the UCSF institutional review board with a waiver for 
consent. The dataset population consisted of 501 adult 
patients with histopathologically confirmed WHO grade 
2–4 diffuse gliomas (following the 2021 WHO Classifi-
cation of Central Nervous System Tumors) (5) who un-
derwent preoperative MRI, initial tumor resection, and 
tumor genetic testing at a single medical center between 
2015 and 2021. Patients with any prior history of brain 
tumor treatment were excluded; however, prior tumor 
biopsy was allowed (n = 69 of 501 or 14%). Some pa-
tients included in this dataset were included in previously 
published studies, including 199 in reference 6, 400 in 
reference 7, 387 in reference 8, and 400 in reference 9.

Surgical Treatment and Survival Data
Extent of resection and overall survival were determined 
by review of patient electronic medical records. When 
available, the determination of extent of resection was 
based on the operative report and/or immediate postop-
erative MRI report. Overall survival was recorded in days 
from initial diagnosis to the date of death or last clinical 
follow-up.

Genetic Biomarker Testing
All patients’ tumors were tested for IDH mutations by 
either conventional (Sanger) or next-generation genetic 
sequencing (10). A majority (410 of 501 or 82%) were 
tested for 1p/19q codeletion by fluorescence in situ hy-
bridization. All grade 3 and 4 tumors were tested for 
MGMT methylation status using an in-house–developed 
sensitive, quantitative methylation polymerase chain 
reaction assay based on prior work (11), which yields a 
number of methylated promoter sites (0–17), with values 
of two or greater being considered positive. All molecular 
data were determined using tissue acquired at open gross 
total or subtotal resection (ie, not from burr hole biopsy).

Image Acquisition
All preoperative MRI was performed with a 3-T scan-
ner (Discovery 750; GE Healthcare) with a dedicated 
eight-channel head coil (Invivo). The imaging protocol 
included 3D T2-weighted, T2-weighted FLAIR, suscep-
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image artifacts (patient motion or hardware related), and 33 
cases were excluded due to one or more missing series. Seventy-
seven percent (387 of 501) of cases were also independently 
manually reviewed for quality as part of the 2021 BraTS chal-
lenge (8).

Image Preprocessing
HARDI data were eddy current corrected and processed us-
ing the eddy and DTIFIT modules from FSL version 6.0.2 
(FMRIB, https://fsl.fmrib.ox.ac.uk/fsl/fslwiki), yielding isotropic 
diffusion-weighted images and quantitative maps: mean dif-
fusivity, axial diffusivity, radial diffusivity, and fractional an-
isotropy (12,13). Eddy correction was performed with outlier 
replacement. DTIFIT was performed with simple least squares 
regression. Each sequence was registered and resampled to the 
1-mm isotropic resolution 3D space defined by the T2-FLAIR 
image using automated nonlinear registration (Advanced Nor-
malization Tools) with previously published parameters (6,7). 
Resampled coregistered data were then skull stripped using a 

publicly available method 
(6,7), which can be found 
at https://www.github.com/
ecalabr/brain_mask/.

Tumor Segmentation
Multicompartment tu-
mor segmentation of 
study data was undertaken 
as part of the 2021 BraTS 
challenge as previously 
described (1). Briefly, im-
age data first underwent 
automated segmentation 
using an ensemble model 
consisting of prior BraTS 
challenge algorithms. Im-
ages were then manually 
corrected by a group of 
annotators with varying 
experience and approved 

by one of two neuroradiologists with more than 15 years 
of attending experience each. Segmentation included three 
major tumor compartments: enhancing tumor, central non-
enhancing and/or necrotic tumor, and surrounding FLAIR 
abnormality (consisting of nonenhancing tumor and associ-
ated edema).

Results

Patient Demographic Data
Basic demographic data for all study patients are presented in 
Table 1. The 501 cases included in the UCSF-PDGM dataset in-
clude 56 of 501 (11%) grade 2, 43 of 501 (9%) grade 3, and 402 
of 501 (80%) grade 4 tumors. All tumor grade groups consisted 
of predominantly men: 31 of 56 (55%), 26 of 43 (60%), and 241 
of 402 (60%), respectively, for grades 2–4. IDH mutations were 

tibility-weighted, diffusion-weighted, and pre- and postcon-
trast T1-weighted images, 3D arterial spin labeling perfusion 
images, and two-dimensional 55-direction high-angular-res-
olution diffusion imaging (HARDI). Acquisition parameters 
for each sequence are included as supplementary material and 
are further described in prior publications (7). Over the study 
period, two gadolinium-based contrast agents were used: gado-
butrol (Gadovist; Bayer), at a dose of 0.1 mL per kilogram of 
body weight, and gadoterate (Dotarem; Guerbet), at a dose of 
0.2 mL per kilogram of body weight.

Image Quality Assessment and Exclusion
All image data were manually reviewed for completeness and 
quality by a panel of reviewers with varying years of experience. 
In total, 544 cases were reviewed, 44 were excluded, and 501 
were included. Eleven cases were excluded because of severe 

Abbreviations
AI = artificial intelligence, BraTS = The Multimodal Brain Tumor 
Segmentation, FLAIR = fluid-attenuated inversion recovery, 
HARDI = high-angular-resolution diffusion imaging, PDGM = 
preoperative diffuse glioma MRI, TCGA = The Cancer Genome At-
las, UCSF = University of California San Francisco, WHO = World 
Health Organization, 3D = three-dimensional

Summary
The newly publicly available University of California San Francisco 
Preoperative Diffuse Glioma MRI dataset, consisting of 501 patients 
with grade 2–4 diffuse gliomas, includes standardized 3-T three-di-
mensional preoperative MRI protocol, diffusion MRI, and perfusion 
MRI, multicompartment tumor segmentations, tumor genetic data, 
and treatment and survival data. Data are available at https://doi.
org/10.7937/tcia.bdgf-8v37.

Keywords
Informatics, MR Diffusion Tensor Imaging, MR Perfusion, MR 
Imaging, Neuro-Oncology, CNS, Brain/Brain Stem, Oncology, 
Radiogenomics, Radiology-Pathology Integration

Table 1: Study Population Demographics and Tumor Genetic Characteristics by World 
Health Organization Tumor Grade

Parameter All Grades Grade 2 Grade 3 Grade 4

Total no. of patients 501 56 43 402
No. of men 298/501 (59) 31/56 (55) 26/43 (60) 241/402 (60)
No. of women 203/501 (41) 25/56 (45) 17/43 (40) 161/402 (40)
Mean age (y)* 57 6 15 42 6 14 47 6 14 60 6 13
IDH mutant 104/501 (21) 46/55 (83) 29/43 (67) 29/402 (7)
MGMT methylated† 255/412 (62) 5/8 (63) 14/22 (64) 236/382 (62)
1p/19q codeletion† 15/410 (4) 11/56 (20) 2/43 (5) 2/311 (,1)

Note.—Unless otherwise noted, data are presented as numbers of patients, with percentages in parenthe-
ses. Race and ethnicity data were not available for the study population. IDH = isocitrate dehydrogenase, 
MGMT = O6-methylguanine-DNA methyltransferase.
* Data are presented as means 6 SDs. 
† Not all patients were tested for MGMT methylation and 1p/19q codeletion. Denominators reflect num-
bers of patients who were tested for each biomarker.
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Surgical Treatment and Survival Data
Surgical treatment and survival data are included for the entire 
study cohort. Figure 1 shows overall survival for patients with 
IDH-wildtype glioblastoma in the cohort, stratified by the ex-
tent of resection.

MRI Data
A representative set of images from a single UCSF-PDGM pa-
tient is presented in Figure 2. Each patient has skull-stripped 
coregistered 3D images in 11 different MRI sequences, as well 
as multicompartment tumor segmentations.

Comparison to Related Datasets
Comparison of the UCSF-PDGM with similar existing re-
sources is presented in Table 2. Comparison datasets include 
BraTS and TCGA-GBM, as well as the Clinical Proteomic 
Tumor Analysis Consortium Glioblastoma Multiforme Dis-
covery Study (ie, CPTAC-GBM), the Quantitative Imaging 
Network Glioblastoma (ie, QIN-GBM) dataset, the Ameri-
can College of Radiology Imaging Network Assessment of 
Tumor Hypoxia in Glioblastoma using FMISO with PET 
and MRI (ie, ACRIN-FMISO-Brain) study, and Ivy Glio-
blastoma Atlas Project (ie, Ivy GAP) datasets (2,8,14–18). 
Notable differences include a higher number of cases, con-
sistent 3-T MRI protocol, and/or increased number of 
sequences.

identified in a majority of grade 2 (46 of 56 [82%]) and grade 3 
(29 of 43 [67%]) tumors and a small minority of grade 4 tumors 
(29 of 402 [7%]), corresponding to a diagnosis of astrocytoma, 
IDH-mutant, WHO grade 4. MGMT promoter hypermethyl-
ation was detected in 236 of 382 (62%) grade 4 gliomas. 1p/19q 
codeletion was detected in 11 of 56 (20%) grade 2 tumors and a 
small minority of grade 3 tumors (two of 43 [5%]), both corre-
sponding to a diagnosis of oligodendroglioma, 1p/19q-codeleted.

Figure 1: Overall survival of University of California San Francisco Preopera-
tive Diffuse Glioma MRI dataset patients with isocitrate dehydrogenase–wildtype 
glioblastoma, as a function of time (S[t]), stratified by extent of resection: gross total 
resection (GTR, blue) versus subtotal resection (STR, red).

Figure 2: Representative multimodal MRI studies in a 37-year-old man with glioblastoma in the University of California San Francisco Preoperative Diffuse Glioma MRI 
dataset. ASL = arterial spin labeling perfusion, DWI = isotropic (trace) diffusion-weighted imaging, HARDI (FA) = fractional anisotropy derived from high-angular-resolution 
diffusion imaging data, Segmentation = multicompartment tumor segmentation (blue = brain, green = fluid-attenuated inversion recovery [FLAIR] abnormality, yellow = en-
hancing tumor, red = necrotic core), SWI = susceptibility-weighted imaging, T1 = T1-weighted precontrast, T1 Gad = T1-weighted postgadolinium, T1 Gad Seg. = tumor 
segmentation semitransparent overlay on T1-weighted postgadolinium image, T2 = T2-weighted, T2/FLAIR = T2-weighted FLAIR.

http://radiology-ai.rsna.org
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only be realized if the radiology AI research community takes 
advantage of this new data resource for the development of new 
techniques and discoveries.
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Data Availability
As of July 2, 2021, a portion of the UCSF-PDGM dataset is 
available through the 2021 BraTS challenge dataset (http://
braintumorsegmentation.org/). The entire UCSF-PDGM da-
taset is publicly available via The Cancer Imaging Archive 
(https://doi.org/10.7937/tcia.bdgf-8v37).

Discussion
The UCSF-PDGM adds to an existing body of publicly avail-
able diffuse glioma MRI datasets that can be used in AI re-
search. As MRI-based AI research applications continue to 
grow, new data are needed to foster the development of new 
techniques and increase the generalizability of existing algo-
rithms. The UCSF-PDGM not only substantially increases 
the total number of publicly available diffuse glioma MRI 
cases, but also provides a unique contribution in terms of MRI 
technique. The inclusion of 3D sequences and advanced MRI 
techniques like arterial spin labeling and HARDI provides a 
new opportunity for researchers to explore the potential use of 
cutting-edge imaging for AI applications.

In summary, the UCSF-PDGM dataset, particularly when 
combined with existing publicly available datasets, has the po-
tential to fuel the next phase of radiologic AI research on diffuse 
gliomas. However, the UCSF-PDGM dataset’s potential will 

Table 2: Comparison of Selected Publicly Available Preoperative Diffuse Glioma MRI Datasets

Dataset
No. of 
Cases

Tumor 
Grade MRI Sequences

Field 
Strength

Acquisition 
Dimension

Segmentation 
Data Genetic Data

UCSF-PDGM 501 2–4 T1, T1c, T2, FLAIR, 
DWI, SWI, HARDI, 
ASL

3 T 3D* Included Included†

BraTS 2021 1470‡§ 4 T1, T1c, T2, FLAIR 1.5 T, 3 T 2D and 3D Included Included†

BraTS 2020 494‡ 2–4 T1, T1c, T2, FLAIR 1.5 T, 3 T 2D and 3D Included Not included
TCGA-GBM 262 4 T1, T1c, T2, FLAIR 1.5 T, 3 T 2D and 3D Not included Included†

TCGA-LGG 199 2–3 T1, T1c, T2, FLAIR 1.5 T, 3 T 2D and 3D Not included Included†

CPTAC-GBM 66 4 Variable 1.5 T, 3 T 2D and 3D Not included Included†

QIN GBM 54 4 T1, T2, FLAIR, MEM-
PRAGE, DWI, DCE

3 T 2D and 3D Not included Not included

ACRIN-FMISO-Brain 45 4 T1, T1c, T2, FLAIR, 
DWI, DCE, DSC

1.5 T, 3 T 2D and 3D Not included Included†

Ivy GAP 39 4 Variable 1.5 T, 3 T 2D and 3D Not included Included†

Note.—Genetic data not available for all patients. ACRIN-FMISO-Brain = American College of Radiology Imaging Network Assessment 
of Tumor Hypoxia in Glioblastoma using FMISO with PET and MRI study, ASL = arterial spin labeling, BraTS = Multimodal Brain 
Tumor Segmentation challenge, CPTAC-GMB = Clinical Proteomic Tumor Analysis Consortium Glioblastoma Multiforme Discovery 
study, DCE = dynamic contrast-enhanced perfusion imaging, DSC = dynamic susceptibility contrast perfusion imaging, DWI = diffusion-
weighted imaging, FLAIR = T2-weighted fluid-attenuated inversion recovery, HARDI = high-angular-resolution diffusion imaging, Ivy 
GAP = Ivy Glioblastoma Atlas Project, MEMPRAGE = multiecho magnetization-prepared rapid gradient echo, QIN GBM = Quantita-
tive Imaging Network Glioblastoma dataset, SWI = susceptibility-weighted imaging, T1 = T1-weighted (no contrast), T1c = T1-weighted 
postcontrast, TCGA-GBM = The Cancer Genome Atlas’ glioblastoma dataset, TCGA-LGG = The Cancer Genome Atlas’ Lower Grade 
Glioma dataset, UCSF-PDGM = University of California San Francisco Preoperative Diffuse Glioma MRI, 3D = three-dimensional, 2D = 
two-dimensional.
* Excludes DWI and HARDI sequences, which are two-dimensional.
† At least one genetic biomarker is provided.
‡ Training and validation cases only. Includes cases from TCGA.
§ Includes cases from UCSF-PDGM.
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