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Non-invasive, imaging-based examination of glioma biology has received increasing attention in the
past couple of years. To this end, the development and refinement of novel MRI techniques, reflecting
underlying oncogenic processes such as hypoxia or angiogenesis, has greatly benefitted this research
area. We have recently established a novel BOLD (blood oxygenation level dependent) based MRI
method for the measurement of relative oxygen extraction fraction (rOEF) in glioma patients. In a
set of 37 patients with newly diagnosed glioma, we assessed the performance of a machine learning
model based on multiple MRI modalities including rOEF and perfusion imaging to predict WHO grade.

© An oblique random forest machine learning classifier using the entire feature vector as input yielded a

. five-fold cross-validated area under the curve of 0.944, with 34/37 patients correctly classified (accuracy
91.8%). The most important features in this classifier as per bootstrapped feature importance scores
consisted of standard deviation of T1-weighted contrast enhanced signal, maximum rOEF value and
cerebral blood volume (CBV) standard deviation. This study suggests that multimodal MRI information
reflects underlying tumor biology, which is non-invasively detectable through integrative data analysis,
and thus highlights the potential of such integrative approaches in the field of radiogenomics.

How glioma histology and genotype is reflected in imaging has been subject of an increasing number of recent
: studies'. Such information may on the one hand support initial clinical decision making and on the other hand
. potentially allow non-invasive follow-up of changes of tumor biology over time, for example during therapy. With
. the advent of novel therapeutic strategies specifically targeting defined genomic lesions?, the interest in this field
. has grown even further.

Traditionally, anatomic imaging sequences such as T1 and T2 weighted (T 1w, T2w) images have been used to
differentiate high-grade from low-grade gliomas? or to identify defined genomic aberrations such as combined
1p/19qloss in oligodendroglial tumors*. However, significant overlap for imaging characteristics between WHO
grades and genotypes (such as the presence of contrast enhancement in low-grade gliomas) limits the univari-
ate use of T1w and T2w sequences as a definite predictor of grade in clinical practice®”’. Pivotal to the field of
radiogenomics has, therefore, been the development and refinement of physiological MRI techniques visualizing

. key oncogenic processes such as invasion, angiogenesis or hypoxia. Of these, MRI based measures of tumor

¢ perfusion, including both dynamic susceptibility contrast (DSC) and dynamic contrast enhancement (DCE) per-
fusion, have probably been studied most extensively. Quite consistently, increased perfusion metrics have been
associated with shortened progression-free® and overall>!? survival in newly-diagnosed glioma. Furthermore,
several authors have suggested association of perfusion metrics and molecular biomarkers in glioma, such as
epidermal growth factor receptor (EGFR) status® or WHO grade (IIT vs. IV)°.
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Figure 1. Examples of a WHO grade II/III glioma (top row) and WHO grade IV glioblastoma (bottom
row) and VOI definition. Sequences shown are contrast-enhanced T1w, FLAIR, T2, rOEF and CBV.

We have recently established a novel BOLD (blood oxygenation level dependent) based MRI method for the
measurement of vascular deoxygenation, i.e. relative oxygen extraction fraction (rOEF), in glioma patients. In a
subgroup of patients, this non-invasive measure of hypoxia also correlated reasonably well with hypoxia-inducible
factor 1ow (HIF1 o) immunohistochemistry stainings''. Hypoxia has long been known to play a central role in gli-
omagenesis and is related to a more malignant tumor phenotype and therapy resistance'?. Accordingly, several
studies have shown that HIF1« protein expression increases with WHO grade!®.

In order to evaluate the large feature vectors resulting from integrative analysis of image features and their
association with underlying biology, machine-learning algorithms such as random forests and support vector
machines clearly outperform traditional approaches such as correlation analysis and are increasingly being used
in fields such as genomics' and imaging analysis'®.

We hypothesized that integrative analysis of multimodal MRI data, considering anatomic sequences (T1 and
T2 weighted) as well as physiological imaging (DSC perfusion and hypoxia imaging), reflects the underlying
glioma biology and hence allows for its non-invasive detection.

Results

Patient characteristics. In total, this study included 37 patients (24 male, 13 female; mean age 58 years), 27
of which had a glioblastoma (73%; WHO grade IV), five an anaplastic glioma (13.5%; WHO grade III) and five a
diffuse glioma (13.5%; WHO grade II). Of the grade I and III glioma, seven were diagnosed with an astrocytoma,
two with a mixed oligoastrocytoma and one patient with a pure oligodendroglioma. Isocitrate dehydrogenase
(IDH) mutation status was available for 35/37 patients: 31 patients were IDH wild type, while four patients (two
WHO grade II glioma, two WHO grade III glioma) carried a mutant IDH allele.

Multimodal image feature analysis. We performed multimodal MRI on all 37 patients, including rOEF
as a marker for hypoxia and perfusion imaging (Fig. 1). For image analysis, volumes of interest (VOI) were man-
ually defined by CP and summary and volume statistics were extracted for these VOIs in all sequences, resulting
in a total of 116 features (see methods for details).

Based on recent work on the (epi)genetic basis of gliomas'®-!® which indicate that WHO grade II and III
gliomas can be rather subdivided by molecular status than WHO grade, we grouped these tumors as opposed to
WHO grade IV glioblastoma.

We trained an oblique random forest with 300 trees, using logistic regression as the node model. To account
for the bias in prediction accuracy, we performed a five-fold cross-validation to estimate classifier performance.
The resulting model had an area under the curve of 0.944, with 34 of 37 patients correctly classified (Fig. 2A;
sensitivity 0.8889, specificity 1, positive predictive value 1, negative predictive value 0.7692). In this analysis,
three patients with a glioblastoma got misclassified as grade II/III glioma. Of these, all three were IDH wild type
and also otherwise showed no peculiarities. To investigate the features most important for this classification, we
calculated the mean importance score from 1000 bootstrap iterations, using the same model parameters as above.
Figure 2B displays the z-transformed mean importance scores for all 116 features. Of these, three features had a
z-transformed importance score >1.96: Standard deviation of the contrast-enhanced (ce) T1w signal and rCBV
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Figure 2. (A) Five-fold cross-validated receiver operating characteristic (ROC) curve for the random forest
classifier predicting WHO grade. (B) Plot of the z-transformed bootstrapped mean feature importance scores.
Here, each dot represents a feature, with the feature importance plotted on the y axis.

in FLAIR-hyperintense tumor as well as maximum rOEF signal in the high rOEF VOI, which generally broadly
overlapped with edema (Fig. 3). For all these features, values were higher in glioblastoma compared to WHO
grade II/ITI glioma. Table 1 summarizes these features.

In our cohort, only four of 37 patients carried a mutant IDH allele. This low frequency prohibited training a
prediction model for IDH mutational status in our cohort.

Discussion

Novel MR imaging sequences reflecting underlying oncogenic processes have greatly advanced the field of
radiogenomics. Here, we explored the ability of a machine-learning classifier based on an extensive multimodal
MR imaging data set to distinguish between WHO grade II/III glioma and WHO grade IV glioblastoma.

For this study, we grouped WHO grade IT and III gliomas as opposed to WHO grade IV glioblastomas. In the
current fourth edition of the WHO classification'?, signs of anaplasia and mitotic activity distinguish WHO grade
IT and III glioma. However, both criteria are rather subjective and prone to relevant inter-observer variability®**,
while the diagnosis of WHO grade IV glioblastoma, requiring the presence of necrosis and neoangiogenesis, is
more reliable. Furthermore, recent advances in our understanding of the complex (epi)genetic basis of gliomas
have led to the identification of several molecular subtypes associated with biology and prognosis'®'8, and have
shown that outcome differences between WHO grade II and III glioma more rely on the distribution of these
molecular subgroups than on biological differences between WHO grade I and III glioma per se??, suggesting
that grade II and III glioma may in fact be a single entity subdivided by molecular parameters. Glioblastoma, on
the other hand, still have a worse prognosis than WHO grade I and III glioma, even when accounting for molec-
ular parameters'”. Based on these considerations and in accordance with large cohorts such as the cancer genome
archive (TCGA), which also group WHO grade I and III glioma as “lower grade glioma” as opposed to grade IV
glioblastoma, we also grouped our samples accordingly.

We identified three imaging features most important for the differentiation between WHO grades: One
feature from a conventional anatomic sequence (ce T1w) and two features from physiological imaging (rCBYV,
rOEF). Using only image features derived from anatomic sequences to distinguish gliomas of different WHO
grades is known to be limited by significant overlap between WHO grades>®”. Therefore, the use of several phys-
iological imaging sequences, better capturing underlying tumor biology, has been explored. Of these, perfusion
imaging has maybe been studied most extensively for its use in MRI-based glioma grading?-?°. Most authors
found maximum CBYV values to be a significant discriminator between tumor grades (with higher values in
higher WHO grades), while in our cohort, the standard deviation of the CBV was more important. This may be
related to a finding of an earlier study, where we found maximum CBV to be reflective of IDH status®, and in our
cohort, only four patients carried an IDH mutation. We hypothesize that standard deviation of the CBV in the
FLAIR-hyperintense tumor reflects intratumoral heterogeneity, which is known to be a prominent feature of glio-
blastoma, both histopathologically and molecularly?”’. Maximum relative oxygen extraction fraction (rOEF) was
higher in glioblastoma compared to WHO grade II/III glioma (Fig. 3, Table 1). Considering the preliminary cor-
relation between HIF1ax expression (as per immunohistochemistry) and areas of high rOEF"!, this feature might
well reflect hypoxic areas, again highly characteristic of glioblastoma and thus aid in the differentiation between
WHO grade II/III glioma and WHO grade IV glioblastoma. Interestingly, high rOEF values were most prevalent
in peritumoral edema, which also fits with recent observations of Jensen et al. who demonstrated expression of
hypoxia markers (HIF1a and VEGF) in peritumoral edema?.

Only four of the ten WHO grade II and III patients in our cohort carried a mutant IDH allele, while large-scale
population-bases studies suggest that between 60-80% of these tumors should be IDH mutant®’. Unfortunately,
this low number of IDH mutations also precluded training a classifier for the detection of IDH mutation status. A
possible explanation for the lower number of IDH mutant patients in our cohort might lie in the selection criteria
for this study. In this cohort, we aimed to include mostly patients with a suspected high grade glioma, because we
wanted to correlate hypoxia as detected by rOEF with a PET-based measure of hypoxia, ['8F]-FMISO.

Unraveling such meaningful correlations in complex multivariate features sets requires elaborate com-
putational algorithms that go beyond standard univariate statistical tests. The random forest algorithm excels
in feature extraction and classification tasks for data sets with few observations but high-dimensional feature
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Figure 3. Box plots of the three most important features for the differentiation between grade II/III glioma
and grade IV glioblastoma.

Standard deviation of T1ce values

in FLAIR-hyperintense tumor 2.877775 2.798253 <0.0001
Maximum rOEF value in areas of

high rOEF signal 2.022619 0.839689 0.003764
Standard deviation of CBV in

FLAIR-hyperintense tumor 2.100360 0.9144929 0.001831

Table 1. Overview of the most important features. ce, contrast-enhanced.

vectors — a property of most data sets used in radiogenomics studies, as well as ours. Here, we used a random
forest implementation with “oblique” node models® that overcomes deficiencies of the regular random forest
when dealing with correlated features, which also is a typical property of an imaging data set in general and ours
in particular. Importantly, such algorithms allow to input a high-dimensional data set without prior selection of
“candidate sequences’, by automatically weighing each feature, and hence leverage the full information contained
in the data set.

Five-fold cross-validation yielded an 91.8% accuracy (34 of 37 patients correctly classified), suggesting that
advanced MR imaging indeed is able to predict underlying biology. However, the lack of an independent vali-
dation cohort as well as the relatively small sample size are limitations of our work and caution against strong
conclusions, though we tried to account for this by bootstrapping and cross-validating all steps in training and
evaluating our classifier. Furthermore, this study is retrospective in nature and hence suffers from limitations
associated with retrospective data sets.

In summary, multimodal MR imaging analysis using machine-learning techniques holds great promise for
advancing the field of radiogenomics, enabling non-invasive insight into tumor biology, and possibly in the future
informing clinical decision making. Our results warrant future studies.

Methods

Subjects. 47 patients with suspected glioma were examined using an extended MRI protocol. Data of ten
patients had to be excluded because of other or lacking diagnosis (n =4), severe motion artifacts in R2’ measure-
ment (n=2) and technical problems or motion in the DSC-based CBV measurement (n =4). All patients pro-
vided informed written consent. The study was approved by the ethics committee of the TU Munich and carried
out in accordance with the approved guidelines.

MRI study protocol. MRI examinations were performed on a clinical 3 T mMR Biograph scanner (Siemens
Medical Solutions, Germany). The advanced clinical MRI protocol comprised R2’ mapping (voxel size
2 X 2 x 3mm?, matrix 128 x 128, 30 slices) by separate acquisition of a multi-gradient echo (12 echoes,
TE1=5ms, ATE=5ms, TR=1950ms, o= 30°, exponential excitation pulse, rapid flyback, acq. time 4:08 min)
and a multi-echo TSE sequence (8 echoes, TE1 =16 ms, ATE = 16 ms, TR = 4040 ms, acq. time 5:04 min).
Relative cerebral blood volume (rCBV) was obtained by dynamic susceptibility contrast (DSC) imaging
(single-shot GE EPI: TR = 1500 ms, TE =30ms, o =90°, 60-80 dynamics) during a bolus injection of 15ml
Gd-DTPA (prebolus of 7.5 ml)*!. Calculation of MRI parameter maps was performed using custom programs in
Matlab (MathWorks, Natick, Massachusetts, USA) as described previously!**2. In short, SPM8 (www.fil.ion.ucl.
ac.uk/spm, using default parameters) was employed for spatial coregistration (rigid, 6 degrees of freedom) of the
different image modalities (prior to rOEF calculation and VOI definition) and realignment (motion correction of
DSC-MRI time courses if necessary). rCBV parameter maps were obtained by numerical integration of AR2*(#)*!
and normalized by assuming a value of 1.5% for healthy white matter®?. T2* evaluation included correction for
motion*® and magnetic background gradients* and T2 fitting was restricted to even echoes!*2. rOEF=R2'/(c- rCBV)
was calculated from R2=(1/T2*) — (1/T2) and rCBV using ¢ = 4/3-m-y-Ax-B,=317 Hz at 3T'*? (with suscepti-
bility difference between oxygenated and deoxygenated blood Ay and gyromagnetic ratio ). T1, T2, FLAIR and
T2* images were normalized by computing a standard score *—# for tumor VOIs, using mean and standard
deviation from healthy, non-tumorous brain. Using thresholding, manual editing, and logical VOI operations
(difference and intersection), volumes of interest (VOI) were defined with Vinci (http://www.nf.mpg.de/vinci3)
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as described previously!!. Briefly, a comprehensive FLAIR-hyperintense tumor VOI (FLAIR) was defined first,
comprising tissue with any tumor related changes. Next, VOIs of solid appearing T2 visible tumor (T2T) and
areas of contrast enhancement (in the T1w sequence (contrast enhancing tumor, CET) were defined to be mutu-
ally exclusive inside this FLAIR VOI. Furthermore, areas with high rOEF values (rOEF greater than mean + one
standard deviation of healthy tissue) were defined (see Fig. 1 for illustration). Special care was taken to exclude
artifacts (areas with necrosis, bleeding, iron deposition, macroscopic susceptibility perturbation). Within Vinci
the VOI statistics functionality was then used to apply these VOIs to the spatially coregistered MR images and
parameter maps, and extract the respective mean, standard deviation, minimum and maximum values together
with the VOI volume for each sequence (contrast-enhanced T1w, FLAIR, T2, T2*, R2/, rOEF and CBV) and VOI,
resulting in a total of 116 features.

Statistical analysis. For supervised analysis of this high-dimensional data set, we trained an oblique random
forest classifier® with 300 trees (https://cran.r-project.org/package=obliqueRF). To validate this model, we per-
formed a five-fold cross-validation; only cross-validated performance measures are reported, using the pROC and
caret packages (https://cran.r-project.org/package=pROC & https://cran.r-project.org/package=caret)*. Using
a bootstrapping approach (with 1,000 iterations), we calculated feature importance scores to identify the features
most important for classification from the oblique random forest. Briefly, importance counts how often a varia-
ble was deemed relevant (at 0.05 level) when chosen for a split at a node (increasing the importance value by 1)
and how often it was irrelevant for the split (decreasing by 1). For the most important features (bootstrapped
standardized z score >1.96), effect size (Cohen’s d) was calculated and Welch’s t test performed. All tests were
two-sided and carried out using R version 3.2%.

Data availability. Phenotype data and anonymized & skull-stripped MR images are available upon request
at figshare (https://figshare.com/articles/MRI_data_for_SciRep/3980175).

References

1. Ellingson, B. M. Radiogenomics and imaging phenotypes in glioblastoma: novel observations and correlation with molecular
characteristics. Curr. Neurol. Neurosci. Rep. 15, 506 (2015).

2. Hamza, M. A. & Gilbert, M. Targeted therapy in gliomas. Curr. Oncol. Rep. 16, 379 (2014).

3. Asari, S., Makabe, T., Katayama, S., Itoh, T., Tsuchida, S. & Ohmoto, T. Assessment of the pathological grade of astrocytic gliomas
using an MRI score. Neuroradiology. 36, 308-310 (1994).

4. Brown, R,, Zlatescu, M., Sijben, A., Roldan, G., Easaw, J. et al. The Use of Magnetic Resonance Imaging to Noninvasively Detect

Genetic Signatures in Oligodendroglioma. Clin. Cancer Res. 14, 2357-2362 (2008).

. Upadhyay, N. & Waldman, A. D. Conventional MRI evaluation of gliomas. Br. J. Radiol. 84, Spec No: $107-S111 (2011).

6. Moller-Hartmann, W.,, Herminghaus, S., Krings, T., Marquardt, G., Lanfermann, H. et al. Clinical application of proton magnetic
resonance spectroscopy in the diagnosis of intracranial mass lesions. Neuroradiology. 44, 371-381 (2002).

7. Knopp, E. A,, Cha, S., Johnson, G., Mazumdar, A., Golfinos, J. G. et al. Glial neoplasms: dynamic contrast-enhanced T2*-weighted
MR imaging. Radiology. 211, 791-798 (1999).

8. Qiao, X. J,, Ellingson, B. M., Kim, H. J., Wang, D. J. ]., Salamon, N. et al. Arterial spin-labeling perfusion MRI stratifies progression-
free survival and correlates with epidermal growth factor receptor status in glioblastoma. Am. J. Neuroradiol. 36, 672-677 (2015).

9. Hirai, T., Murakami, R., Nakamura, H., Kitajima, M., Fukuoka, H. et al. Prognostic value of perfusion MR imaging of high-grade
astrocytomas: long-term follow-up study. Am. J. Neuroradiol. 29, 1505-1510 (2008).

10. Bonekamp, D., Deike, K., Wiestler, B., Wick, W., Bendszus, M. et al. Association of overall survival in patients with newly diagnosed
glioblastoma with contrast-enhanced perfusion MRI: Comparison of intraindividually matched T1 - and T2 (*) -based bolus
techniques. . Magn. Reson. Imaging. 42, 87-96 (2015).

11. Téoth, V., Férschler, A., Hirsch, N. M., den Hollander, J., Kooijman, H. et al. MR-based hypoxia measures in human glioma.
J. Neurooncol. 115, 197-207 (2013).

12. Yang, L., Lin, C., Wang, L., Guo, H. & Wang, X. Hypoxia and hypoxia-inducible factors in glioblastoma multiforme progression and
therapeutic implications. Exp. Cell Res. 318, 2417-2426 (2012).

13. Liu, Y, Li, Y, Tian, R, Liu, W., Fei, Z. et al. The expression and significance of HIF-1alpha and GLUT-3 in glioma. Brain Res. 1304,
149-154 (2009).

14. Libbrecht, M. W. & Noble, W. S. Machine learning applications in genetics and genomics. Nat. Rev. Genet. 16, 321-332 (2015).

15. Orru, G., Pettersson-Yeo, W., Marquand, A. E, Sartori, G. & Mechelli, A. Using Support Vector Machine to identify imaging
biomarkers of neurological and psychiatric disease: a critical review. Neurosci. Biobehav. Rev. 36, 1140-1152 (2012).

16. Brat, D. J., Verhaak, R. G. W,, Aldape, K. D., Yung, W. K. A, Salama, S. R. et al. Comprehensive, Integrative Genomic Analysis of
Diffuse Lower-Grade Gliomas. N. Engl. J. Med. 372, 2481-2498 (2015).

17. Wiestler, B., Capper, D,, Sill, M., Jones, D. T. W., Hovestadt, V. et al. Integrated DNA methylation and copy-number profiling identify
three clinically and biologically relevant groups of anaplastic glioma. Acta Neuropathol. 128, 561-571 (2014).

18. Suzuki, H., Aoki, K., Chiba, K., Sato, Y., Shiozawa, Y. et al. Mutational landscape and clonal architecture in grade II and III gliomas.
Nat. Genet. 47, 458-468 (2015).

19. Louis, D. N., Ohgaki, H., Wiestler, O. D., Cavenee, W. K., Burger, P. C. et al. The 2007 WHO classification of tumours of the central
nervous system. Acta Neuropathol. 114, 97-109 (2007).

20. Kros, J. M. Grading of gliomas: the road from eminence to evidence. J. Neuropathol. Exp. Neurol. 70, 101-109 (2011).

21. van den Bent, M. J. Interobserver variation of the histopathological diagnosis in clinical trials on glioma: a clinician’s perspective.
Acta Neuropathol. 120, 297-304 (2010).

22. Reuss, D. E., Mamatjan, Y., Schrimpf, D., Capper, D., Hovestadt, V. et al. IDH mutant diffuse and anaplastic astrocytomas have
similar age at presentation and little difference in survival: a grading problem for WHO. Acta Neuropathol. 129, 867-873 (2015).

23. Aronen, H.J,, Gazit, . E., Louis, D. N., Buchbinder, B. R,, Pardo, E S. et al. Cerebral blood volume maps of gliomas: comparison with
tumor grade and histologic findings. Radiology. 191, 41-51 (1994).

24. Law, M., Yang, S., Wang, H., Babb, J. S., Johnson, G. et al. Glioma grading: sensitivity, specificity, and predictive values of perfusion
MR imaging and proton MR spectroscopic imaging compared with conventional MR imaging. Am. J. Neuroradiol. 24, 1989-1998
(2003).

25. Lev, M. H. & Rosen, B. R.. Clinical applications of intracranial perfusion MR imaging. Neuroimaging Clin. N. Am. 9, 309-331 (1999).

26. Kickingereder, P., Sahm, F, Radbruch, A., Wick, W., Heiland, S. et al. IDH mutation status is associated with a distinct hypoxia/
angiogenesis transcriptome signature which is non-invasively predictable with rCBV imaging in human glioma. Sci. Rep. 5, 16238
(2015).

wu

SCIENTIFIC REPORTS | 6:35142 | DOI: 10.1038/srep35142 5


https://cran.r-project.org/package=obliqueRF
https://cran.r-project.org/package=pROC
https://cran.r-project.org/package=caret
https://figshare.com/articles/MRI_data_for_SciRep/3980175

www.nature.com/scientificreports/

27. Sottoriva, A., Spiteri, I, Piccirillo, S. G. M., Touloumis, A., Collins, V. P. et al. Intratumor heterogeneity in human glioblastoma
reflects cancer evolutionary dynamics. Proc. Natl. Acad. Sci. USA 110, 4009-4014 (2013).

28. Jensen, R. L., Mumert, M. L., Gillespie, D. L., Kinney, A. Y., Schabel, M. C. & Salzman, K. L. Preoperative dynamic contrast-enhanced
MRI correlates with molecular markers of hypoxia and vascularity in specific areas of intratumoral microenvironment and is
predictive of patient outcome. Neuro. Oncol. 16, 280-291 (2014).

29. Yan, H., Parsons, D. W, Jin, G., McLendon, R., Rasheed, B. A. et al. IDH1 and IDH2 mutations in gliomas. N. Engl. J. Med. 360,
765-773 (2009).

30. Menze, B. H., Kelm, B. M., Splitthoff, D., Koethe, U. & Hamprecht, F. On oblique random forests. Proc. Eur. Conf. Mach. Learn.
453-469 (2011).

31. Kluge, A., Lukas, M., Toth, V., Pyka, T., Zimmer, C. & Preibisch, C. Analysis of three leakage-correction methods for DSC-based
measurement of relative cerebral blood volume with respect to heterogeneity in human gliomas. Magn. Reson. Imaging. 34, 410-421
(2016).

32. Hirsch, N. M., Toth, V., Férschler, A., Kooijman, H., Zimmer, C. & Preibisch, C. Technical considerations on the validity of blood
oxygenation level-dependent-based MR assessment of vascular deoxygenation. NMR Biomed. 27, 853-862 (2014).

33. Magerkurth, ], Volz, S., Wagner, M., Jurcoane, A., Anti, S. et al. Quantitative T*2-mapping based on multi-slice multiple gradient
echo flash imaging: retrospective correction for subject motion effects. Magn. Reson. Med. 66, 989-997 (2011).

34. Hirsch, N. M. & Preibisch, C. T2* mapping with background gradient correction using different excitation pulse shapes. Am. J.
Neuroradiol. 34, E65-E68 (2013).

35. Robin, X., Turck, N., Hainard, A., Tiberti, N., Lisacek, E. et al. pROC: an open-source package for R and S+ to analyze and compare
ROC curves. BMC Bioinformatics. 12, 77 (2011).

36. R Core Team. R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna, Austria.
http://www.R-project.org/ (2013).

Acknowledgements

This study was supported by funding from the German Research Foundation DFG (grant to CP, SF and TP: FO
886/1-1; PR 1039/4-1) and from the Faculty of Medicine of the Technical University of Munich (grant to TP:
KKF B11-14; grant to BW: KKF). This work was supported by the German Research Foundation (DFG) and the
Technische Universitit Miinchen within the funding programme Open Access Publishing.

Author Contributions

Study concept and design: B.W,, S.E, C.Z., M.L., T.P. and C.P.; MRI data analysis: B.W., A.K., M.L,, T.P. and
C.P; Neurosurgery: J.G., ER. and B.M.; Neuropathological assessment: J.S.; Statistical analysis: B.W.; Data
interpretation: all authors; Manuscript writing: B.W. and C.P;; Manuscript approval: all authors.

Additional Information
Competing financial interests: The authors declare no competing financial interests.

How to cite this article: Wiestler, B. et al. Multiparametric MRI-based differentiation of WHO grade II/III
glioma and WHO grade IV glioblastoma. Sci. Rep. 6, 35142; doi: 10.1038/srep35142 (2016).

This work is licensed under a Creative Commons Attribution 4.0 International License. The images

BN o1 other third party material in this article are included in the article’s Creative Commons license,
unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license,
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this
license, visit http://creativecommons.org/licenses/by/4.0/

© The Author(s) 2016

SCIENTIFIC REPORTS | 6:35142 | DOI: 10.1038/srep35142 6


http://www.R-project.org/
http://creativecommons.org/licenses/by/4.0/

	Multiparametric MRI-based differentiation of WHO grade II/III glioma and WHO grade IV glioblastoma

	Results

	Patient characteristics. 
	Multimodal image feature analysis. 

	Discussion

	Methods

	Subjects. 
	MRI study protocol. 
	Statistical analysis. 
	Data availability. 

	Acknowledgements
	Author Contributions
	﻿Figure 1﻿﻿.﻿﻿ ﻿ Examples of a WHO grade II/III glioma (top row) and WHO grade IV glioblastoma (bottom row) and VOI definition.
	﻿Figure 2﻿﻿.﻿﻿ ﻿ (A) Five-fold cross-validated receiver operating characteristic (ROC) curve for the random forest classifier predicting WHO grade.
	﻿Figure 3﻿﻿.﻿﻿ ﻿ Box plots of the three most important features for the differentiation between grade II/III glioma and grade IV glioblastoma.
	﻿Table 1﻿﻿. ﻿  Overview of the most important features.



 
    
       
          application/pdf
          
             
                Multiparametric MRI-based differentiation of WHO grade II/III glioma and WHO grade IV glioblastoma
            
         
          
             
                srep ,  (2016). doi:10.1038/srep35142
            
         
          
             
                Benedikt Wiestler
                Anne Kluge
                Mathias Lukas
                Jens Gempt
                Florian Ringel
                Jürgen Schlegel
                Bernhard Meyer
                Claus Zimmer
                Stefan Förster
                Thomas Pyka
                Christine Preibisch
            
         
          doi:10.1038/srep35142
          
             
                Nature Publishing Group
            
         
          
             
                © 2016 Nature Publishing Group
            
         
      
       
          
      
       
          © 2016 The Author(s)
          10.1038/srep35142
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep35142
            
         
      
       
          
          
          
             
                doi:10.1038/srep35142
            
         
          
             
                srep ,  (2016). doi:10.1038/srep35142
            
         
          
          
      
       
       
          True
      
   




