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To evaluate the association of multiparametric and multiregional
magnetic resonance (MR) imaging features with key molecular char-
acteristics in patients with newly diagnosed glioblastoma.

Retrospective data evaluation was approved by the local ethics com-
mittee, and the requirement to obtain informed consent was waived.
Preoperative MR imaging features were correlated with key molecular
characteristics within a single-institution cohort of 152 patients with
newly diagnosed glioblastoma. Preoperative MR imaging features (n =
31) included multiparametric (anatomic and diffusion-, perfusion-, and
susceptibility-weighted images) and multiregional (contrast-enhancing
regions and hyperintense regions at nonenhanced fluid-attenuated in-
version recovery imaging) information with histogram quantification
of tumor volumes, volume ratios, apparent diffusion coefficients, cere-
bral blood flow, cerebral blood volume, and intratumoral suscepti-
bility signals. Molecular characteristics determined included global
DNA methylation subgroups (eg, mesenchymal, RTK I “PGFRA,” RTK
II “classic”), MGMT promoter methylation status, and hallmark copy
number variations (EGFR, PDGFRA, MDM4, and CDK4 amplification;
PTEN, CDKNZ2A, NF1, and RBI1 loss). Univariate analyses (voxel-lesion
symptom mapping for tumor location, Wilcoxon test for all other MR
imaging features) and machine learning models were applied to
study the strength of association and discriminative value of MR
imaging features for predicting underlying molecular characteristics.

There was no tumor location predilection for any of the assessed
molecular parameters (permutation-adjusted P > .05). Univariate
imaging parameter associations were noted for EGFR amplification
and CDKNZ2A loss, with both demonstrating increased Gaussian-
normalized relative cerebral blood volume and Gaussian-normalized
relative cerebral blood flow values (area under the receiver operat-
ing characteristics curve: 63%-69%, false discovery rate—-adjusted
P < .05). Subjecting all MR imaging features to machine learn-
ing-based classification enabled prediction of EGFR amplification
status and the RTK II glioblastoma subgroup with a moderate, yet
significantly greater, accuracy (63% for EGFR [P < .01], 61% for
RTK II [P = .01]) than prediction by chance; prediction accuracy for
all other molecular parameters was not significant.

The authors found associations between established MR imaging
features and molecular characteristics, although not of sufficient
strength to enable generation of machine learning classification
models for reliable and clinically meaningful prediction of molecular
characteristics in patients with glioblastoma.

©RSNA, 2016

Online supplemental material is available for this article.
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agnetic resonance (MR) imag-
ing is routinely used in the diag-
nosis, prognostic assessment,

Advances in Knowledge

® Univariate associations between
certain MR imaging features and
key molecular parameters in
patients with glioblastoma exist
(specifically for tumors with epi-
dermal growth factor receptor
[EGFR] amplification or
CDKNZ2A loss, with both demon-
strating increased Gaussian-nor-
malized relative cerebral blood
volume and Gaussian-normalized
relative cerebral blood flow
values; false discovery rate—ad-
justed P < .05); however, the
predictive performance is mod-
erate (area under the receiver
operating characteristic curve,
63%-69%), thus questioning the
ability of single imaging parame-
ters to help predict key molec-
ular parameters.

B There was no significant tumor
location predilection (assessed
on a voxel-by-voxel basis) for any
of the evaluated molecular pa-
rameters (global DNA methyla-
tion subgroups [eg, mesen-
chymal, RTK I “PGFRA,” RTK II
“classic”]; MGMT promoter
methylation; EGFR, PDGFRA,
MDM4 and CDK4 amplification;
PTEN, CDKNZ2A, NF1, and RB1
loss; permutation-adjusted P >
.05 for all).

® Machine learning-based
classification integrating the in-
formation from all evaluated MR
imaging features (n = 31) showed
that EGFR amplification status
and RTK II subgroup prediction
were the only molecular parame-
ters that could be predicted with
a moderate, yet significantly
greater, accuracy (63% for EGFR
[P < .01] and 61% for RTK II [P
= .01]) than prediction by
chance, whereas prediction accu-
racy for all other molecular pa-
rameters was not significant (P >
.05 for all).

and clinical management of patients
with glioblastoma (1,2). Noninvasive
MR imaging enables the assessment
of the tumor in its entirety and helps
define its interaction with the local en-
vironment (3). In its ability to enable
the extraction of structural, physio-
logic, and functional information, MR
imaging allows for multidimensional in
vivo characterization of glioblastoma
(3,4). However, most of these nonin-
vasive descriptors remain unspecific
at a molecular level. To overcome this
limitation, a relatively new discipline
called “radiogenomics” has recently
been established to study the rela-
tionship between noninvasive imaging
features and corresponding molecular
characteristics (5-8). To date, several
explorative studies have demonstrated
associations between molecular char-
acteristics and imaging features, in-
cluding tumor location (9), tumor
volume (10,11), enhancement (3,12),
invasiveness (13), edema (7,14), and
diffusion restriction (5,15). Recently,
distinct imaging clusters were shown
to map to a unique set of molecular
signaling pathways associated with dif-
ferent patient survival (16). Although
tissue for histologic analysis is available
for nearly all glioblastoma at diagnosis,
repeat surgery and tissue sampling is
rarely performed at recurrence (17).
Moreover, divergent recurrences that
share only a few genetic alterations
with the primary tumor and originate
from cells that branched off early dur-
ing tumorigenesis (18) may compro-
mise the value of molecular informa-
tion obtained from initial surgery in the
setting of tumor recurrence. Conse-
quently, establishing molecular feature
predictions by using a radiogenomics
approach may enable follow up of pa-
tients under a sufficient or insufficient
therapy longitudinally and adaptation
of treatment and thereby circumvent
the intrinsic challenge of multiple bi-
opsies in a tumor location in the brain.

In this study, we explored the as-
sociation of established preoperative
MR imaging parameters with key mo-
lecular features from the initial sur-
gery within a homogeneous single-
institution cohort of 152 consecutive

patients with newly diagnosed glio-
blastoma. MR imaging parameters
were extracted in a semi-automated
and quantitative fashion and included
multiparametric and multiregional in-
formation from the three-dimensional
tumor volumes. Molecular features
determined with a DNA methylation
microarray (Infinium HumanMeth-
ylation450 BeadChip kit; Illumina,
San Diego, Calif) included previously
established global DNA methylation
subgroups as well as OG6-methylgua-
nin-DNA-methyltransferase (MGMT)
promoter methylation status (19)
and hallmark copy number variation
(CNV) of glioblastoma (20,21). The
overarching objective of this study
was to identify imaging signatures
that help predict single prognostic or
predictive molecular biomarkers or
epigenomic clusters by means of mul-
tidimensional MR imaging features.
The specific aims of this study were
to (a) evaluate univariate associations
in an explorative analysis and (b) sub-
sequently create predictive machine
learning-based classification models
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Abbreviations:

ADC = apparent diffusion coefficient

CNV = copy number variation

FLAIR = fluid-attenuated inversion recovery

nADC = Gaussian-normalized ADC

nrCBF = Gaussian-normalized relative cerebral blood flow

nrCBV = Gaussian-normalized relative cerebral blood
volume
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that enable evaluation of the perfor-
mance of the multivariate and multi-
dimensional imaging appearance for
predicting underlying key molecular
characteristics.

Materials and Methods

Retrospective evaluation of imaging
data was approved by the local ethics
committee of the University of Hei-
delberg (ethics approval number:
S-320/2012), and the requirement to
obtain informed consent was waived.
DNA methylation analysis was per-
formed as part of the National Center
for Tumor Diseases Precision Oncol-
ogy Program of the Heidelberg Center
for Personalized Oncology. All patients
with newly diagnosed brain tumor at
the University of Heidelberg Medi-
cal Center (Heidelberg, Germany)
between August 2009 and May 2016
and for whom DNA methylation mi-
croarray data from tissue specimens
obtained at the initial surgery were
available  (Infinium  HumanMethyl-
ation450 array) were screened. The
DNA methylation microarray data
were obtained from patients undergo-
ing surgical resection or biopsy at the
Department of Neurosurgery, Univer-
sity of Heidelberg Medical Center, and
gathered according to the research
procedures approved by the institu-
tional review board at the Medical
Faculty Heidelberg; written consent
was obtained from each patient. We
selected those patients with histolog-
ically confirmed glioblastoma and in
whom corresponding pretreatment
MR images were obtained before sur-
gery with an identical sequence pro-
tocol, including T1-weighted three-
dimensional magnetization-prepared
rapid acquisition gradient-echo imag-
ing performed before and after con-
trast material administration, fluid-
attenuated inversion recovery (FLAIR)
imaging, diffusion-weighted imaging,
dynamic susceptibility-weighted con-
trast-enhanced imaging, and precon-
trast susceptibility-weighted imaging.
Patients were excluded if the MR im-
aging data were of insufficient qual-
ity due to motion artifacts or poor

contrast material injection (n = 7). A
total of 152 patients met the outlined
inclusion and exclusion criteria and
served as the final cohort for the pre-
sent study.

DNA Methylation Profiling

The Infinium HumanMethylation450 ar-
ray was used to obtain genome-wide as-
sessment of DNA methylation accord-
ing to the manufacturer’s instructions
at the Genomics and Proteomics Core
Facility of the German Cancer Research
Center and as described previously
(21). Data were filtered according to
the following criteria: removal of probes
targeting the X and Y chromosomes (n
= 11531), removal of probes contain-
ing a single nucleotide polymorphism
(dbSNP132 Common) within five base
pairs of and including the targeted CpG
site (n = 24536), and removal of probes
not mapping uniquely to the human ref-
erence genome (hgl9), allowing for one
mismatch (n = 9993). In total, 438370
probes were kept for analysis. Each pa-
tient was assigned to one of the pre-
viously defined glioblastoma subgroups
(mesenchymal [MES], RTK I [platelet-
derived growth factor receptor alpha,
“PDGFRA”], RTK 1II [“classic”], isoci-
trate dehydrogenase [IDH|, K27, G34)
on the basis of the global DNA methyl-
ation pattern (21). Briefly, as described
previously, a random forest algorithm
compared each included case with a
brain tumor DNA methylation pro-
file reference bank consisting of more
than 2000 brain tumor cases to obtain
the glioblastoma subgroup predictions
(22,23). MGMT promoter methyla-
tion status (methylated vs unmethyl-
ated) was predicted from the Infinium
HumanMethylation450 array data as
described previously (by using the
mgmtstp27 package) (24). For a sub-
set of samples where the mgmtstp27
package failed to predict the MGMT
promotor methylation status (13 of
20 samples) additional MGMT pyrose-
quencing was performed as described
previously (25). CNV analysis based
on the Infintum HumanMethylation450
array data included assessment of epi-
dermal growth factor receptor (EGFR,
amplified vs nonamplified), PDGFRA

(amplified vs nonamplified), cyclin-de-
pendent kinase 4 (CDK4, amplified vs
nonamplified), and MDM4 (amplified
vs nonamplified) and loss of phospha-
tase and tensin homolog (PTEN, loss
vs balanced), cyclin-dependent kinase
inhibitor 2A (CDKNZ2A, loss vs bal-
anced), neurofibromin 1 (NFI, loss vs
balanced), and retinoblastoma 1 (RB1,
loss vs balanced). The array data of
the present study have been deposited
in National Center for Biotechnology
Information’s Gene Expression Om-
nibus  (http://www.ncbi.nlm.nih.gov/
geo) and are accessible through Gene
Expression Omnibus Series accession
number GSE85539.

MR Imaging and Image Postprocessing

Images were acquired during routine
clinical work-up by using a 3.0-T MR
imaging system (Magnetom Verio/
Trio TIM; Siemens Healthcare, Erlan-
gen, Germany) and included pre- and
postcontrast magnetization-prepared
rapid acquisition gradient-echo
ages, FLAIR images, diffusion-weight-
ed images (with apparent diffusion
coefficient [ADC|] maps and b values
of 1200 sec/mm?), dynamic suscepti-
bility-weighted contrast-enhanced MR
images, and precontrast susceptibil-
ity-weighted images. Details on MR
imaging acquisition parameters and
the complete postprocessing work-
flow (performed by P.K., a radiology
resident with 4 years of experience,
and D.B., a board-certified radiologist
and neuroradiologist with 15 years of
experience in image processing) are
outlined in the Appendix E1, section
S1 (online). Briefly, for each patient a
total of 31 imaging parameters were
calculated from contrast-enhancing tu-
mor volumes, necrotic tumor volumes,
hyperintense tumor volumes on FLAIR
images (“nonenhancing and edema”
regions, excluding voxels within the
contrast-enhancing and necrotic seg-
mentation), and complete tumor vol-
umes (contrast enhancing + nonen-
hancing and edema + necrotic tumor
volumes, subsequently referred to as
“total” volumes) and included quanti-
fication of tumor volumes, volume ra-
tios, and histogram quantification of

im-
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Table 2

Table 1

Description of the Extracted Imaging Parameters

Baseline Epidemiologic, Histologic,

and Molecular Characteristics in

Imaging Parameter Description

Volume (TOTAL)

Complete tumor volume (contrast-enhancing volume + hyperintense volume

152 Patients

. ) Parameter Value
on FLAIR images + necrotic volume)
Volume (NEC) Necrotic tumor volume Sex
Volume (NE_EDEMA) Hyperintense volume on FLAIR images (excluding voxels within the contrast- M 84
enhancing and necrotic tumor volume) F 68
Volume (CENEC) Contrast-enhancing -+ necrotic tumor volume Med!an age (e 63 (55-71)
Volume (CE) Contrast-enhancing tumor volume Meq|an |.nterva| between MR 3(1-6)
Ratio NE_EDEMA-to-TOTAL  Ratio of hyperintense tumor volume on FLAIR images to complete tumor imaging and surgery (d)*
volume Molecular diagnosis
Ratio NEC-to-TOTAL Ratio of necrotic tumor volume to complete tumor volume GB: MES . 50 (33)
Ratio CE-to-TOTAL Ratio of contrast-enhancing tumor volume to complete tumor volume GB: ATK P DGF H p 22(14)
Ratio NE_EDEMA-to-CE Ratio of hyperintense volume on FLAIR images to contrast-enhancing tumor GB: RTK Il “classic 74 (49)
GB: IDH 2(1)
volume
) GB: G34 2(1)
nrCBV prc95 (TOTAL) 95th percentile of the nrCBV from the complete tumor volume NA 2
nrCBV prc95 (NE_EDEMA) 95th percentile of the nrCBV from the hyperintense volume on FLAIR images MEMT t thylati M
nrCBV prc95 (CE) 95th percentile of the nrCBV from the contrast-enhancing tumor volume \ tpromo er methyiation
nrCBV mean (TOTAL) Mean nrCBV from the complete tumor volume I\jljtt:Jslated 68 (45)
nrCBV mean (NE_EDEMA) Mean nrCBV from the hyperintense volume on FLAIR images y
. Unmethylated 77 (51)
nrCBV mean (CE) Mean nrCBV from the contrast-enhancing tumor volume NA 76)
nrCBF prc95 (TOTAL) 95th percentile of the nrCBF from the complete tumor volume EGFR status
nrCBF prc95 (NE_EDEMA) 95th percentile of the nrCBF from the hyperintense volume on FLAIR images Amplified 77 51)
nrCBF prc95 (CE) 95th percentile of the nrCBF from the contrast-enhancing tumor flow Nonamplified 75 (49)
nrCBF mean (TOTAL) Mean nrCBF from the complete tumor volume PDGFRA status
nrCBF mean (NE_EDEMA) Mean nrCBF from the hyperintense volume on FLAIR images Amplified 128)
nrCBF mean (CE) Mean nrCBF from the contrast-enhancing tumor volume Nonamplified 140 (92)
nADC prc5 (TOTAL) 5th percentile of the nADC from the complete tumor volume MDM4 status
nADC prc5 (NE_EDEMA) 5th percentile of the nADC from the hyperintense volume on FLAIR images Amplified 15(10)
nADC prc5 (CE) 5th percentile of the nADC from the contrast-enhancing tumor volume Nonamplified 136 (89)
nADC mean (TOTAL) Mean nADC from the complete tumor volume NA 1(1)
nADC mean (NE_EDEMA) Mean nADC from the hyperintense volume on FLAIR images CDK4 status
nADC mean (CE) Mean nADC from the contrast-enhancing tumor volume Amplified 17 (11)
SWI-h (TOTAL) Fraction of SWI hypointensities within the complete tumor volume Nonamplified 135 (89)
SWI-h (NE_EDEMA) Fraction of SWI hypointensities within the hyperintense volume on FLAIR PTEN status
images Loss 132 (87)
SWI-h (CENEC) Fraction of SWI hypointensities within the contrast-enhancing + necrotic Balanced 18 (12)
tumor volume NA 2(1)
SWI-h (CE) Fraction of SWI hypointensities within the contrast-enhancing tumor volume CDKNZ2A status
Loss 118 (78)
Note.—SWI =susceptibility-weighted imaging. Balanced 33 (22)
NA 1(1)
NF1 status
Gaussian-normalized ADC (nADC), lesion symptom mapping approach Loss 26(17)
Gaussian-normalized relative cerebral implemented in Matlab (MathWorks, Eilanced 12; (30)
blood flow and volume (nrCBF and Natick, Mass) (detailed information is ®
. . . . . . RB1 status
nrCBYVY, respectively), and intratumoral  provided in Appendix El, section S2 Loss 46 (30)
susceptibility signals (see Table 1 for a  [online]). Balanced 101 (66)
detailed listing). Subsequent analysis was performed NA 5(3)

Statistical Analysis

We examined all molecular parameters
for statistically significant differences
regarding tumor location on a voxel-by-
voxel basis by employing a voxel-based

(P.K. and M.S., a biostatistican with 8
years of experience in computational
biology) by using software (R, version
3.3.1; R Foundation for Statistical Com-
puting, Vienna, Austria). Univariate as-
sociation of each imaging parameter

Note.—Except where indicated, data are numbers of
patients, with percentages in parentheses. GB =
glioblastoma, NA = not applicable, status cannot be
classified.

* Numbers in parentheses are the interquartile range.
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100%
®MES mRTKI“PDGFRA”
75%
50%
25%
% MGMT EGFR
methylation = amplification

= MES 41% 24%

ERTK | “PDGFRA" 52% 23%

®RTK Il “classic” 46% 80%

Figure 1:

(n = 31) with molecular parameters
(glioblastoma subgroups [MES vs non-
MES, RTK I vs non-RTK I, RTK 1I vs
non-RTK II], MGMT [methylated vs
unmethylated], EGFR [amplified vs
nonamplified], PDGFRA [amplified vs
nonamplified], MDM4 [amplified vs
nonamplified], CDK4 [amplified vs non-
amplified], PTEN [loss vs balanced],
CDKNZ2A |loss vs balanced], NFI [loss
vs balanced], RB1 [loss vs balanced])
was determined with the Wilcoxon
rank-sum test (wilcox.test function of
the statistical package). P values gen-
erated for each molecular parameter
with the Wilcoxon rank-sum test were
corrected for multiple comparisons by
means of false discovery rate adjust-
ment by using the Benjamini-Hochberg
procedure (p.adjust function of the sta-
tistical package). The predictive per-
formance of each imaging parameter
was quantified by calculating the area
under the receiver operating character-
istic curve (roc function of the pROC
package).

To examine the value of combin-
ing multiple parameters to arrive at

i,

= RTK Il “classic”

stronger prediction models, we sub-
sequently used advanced statistical
methods to study multiparametric im-
age performance by training a range of
machine learning-based classification
models that aim to construct predic-
tion models for each of the analyzed
molecular parameters by integrating
the information from all evaluated MR
imaging features. These machine learn-
ing algorithms aim to produce strong
prediction models in the form of an
ensemble of (univariate) prediction
models, where some of the included pa-
rameters may be weak in the univariate
setting but contribute advantageously
to the overall performance of the com-
bined model. All imaging features were
z-score normalized (ie, transformed
to a mean of 0 and a standard devia-
tion equal to 1) and then subjected to
machine learning algorithms (by using
the caret package [26]), which aim to
construct prediction models for each
of the analyzed molecular parameters
by integrating the information from
all imaging features. Model training
was performed with three popular

PTEN

PDGFRA MDM4 NF1 RB1 CDKN2A
amplification = amplification amphﬁcatlon loss loss loss
4% 6% 8% 84% 29% 36% 76%
14% 14% 23% 86% 10% 48% 64%
5% 12% 1% 96% 13% 24% 86%

Bar chart shows distribution of molecular parameters among DNA methylation subgroups RTK /, RTK I, and MES (other subgroups not shown).

machine learning methods for binary
classification problems and included (a)
stochastic gradient boosting machine,
(b) random forest, and (c¢) penalized
logistic regression classifiers (a detailed
explanation is given in Appendix EI,
section S3 [online]).

The performance of each machine
learning classifier was assessed on the
basis of a 10-fold cross-validation re-
sampling procedure. We also used sub-
sampling during resampling to resolve
disparity in the frequencies of the ob-
served classes for each molecular pa-
rameter (eg, CDKN2A demonstrated a
3.5:1 imbalance with CDKN2A loss in
78% of patients and balanced CDKN2A
in 22% of patients [Table 2]), which
can have a negative effect on model fit-
ting. Specifically, each machine learning
model was trained (a) without subsam-
pling, (b) with random oversampling ex-
amples, and (c¢) with synthetic minority
oversampling technique, which downs-
amples the majority class and synthe-
sizes new data points in the minority
class. Finally, the held-out predictions
of each molecular parameter in each of
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the 10 resampling iterations were used
to calculate the accuracy, area under
the receiver operating characteristic
curve, sensitivity, specificity, no-infor-
mation rate (largest class percentage
for each molecular parameter; ie, the
prediction or accuracy by chance), and
a hypothesis test (with the binom.test
function) was used to evaluate whether
the accuracy rate is greater than the
no-information rate. P < .05 was con-
sidered indicative of a statistically sig-
nificant difference.

Baseline epidemiologic and molecular
characteristics are shown in Table 2.
In brief, the median interval from MR
imaging to surgery was 3 days (inter-
quartile range, 1-6 days). The most
frequent molecular glioblastoma sub-
type was the RTK II (classic) subtype
(49%), followed by the mesenchymal
subtype (33%) and the RTK I (PDG-
FRA) subtype (14%). MGMT promoter
methylation was present in 45% of
patients, and EGFR amplification was
present in 51%. A detailed listing of
all assessed CNVs (EGFR, PTEN, CD-
KN2A, NF1, PDGFRA, MDM4, CDK4,
RB1) is shown in Table 2. Figure 1
shows the distribution of the assessed
CNVs and MGMT grouped according
to the different molecular glioblastoma
subtypes.

Voxel-based lesion symptom map-
ping analysis demonstrated no signif-
icant tumor location predilection for
any of the assessed molecular parame-
ters (permutation-adjusted P > .05 for
each; detailed results are provided in
Appendix E1, section S2 [online]).

Univariate association of each im-
aging parameter with the correspond-
ing molecular parameter (Appendix
E1l, section S4 [online]) demonstrated
a significant relationship between (a)
EGFR amplification with increased
nrCBV and nrCBF within the contrast-
enhanced and total tumor volumes
and (b) CDKNZ2A loss with increased
nrCBV and nrCBF within the contrast-
enhanced tumor volume (the predic-
tive performance of these parame-
ters, as assessed with the area under

Performance Metrics from Machine Learning—based Classification of Molecular

Parameters
Molecular Parameter, AuC Accuracy 95% Cl No-Information P Sensitivity - Specificity
Method, and Subsampling (%) (%) (%) Rate (%)* Valuet (%) (%)
Methylation subgroup
(MES vs non-MES)
PLR
None 52 55 47,63 67 .99 16 75
SMOTE 53 55 46, 63 67 99 38 63
ROSE 53 47 39, 55 67 99 38 51
RF
None 46 65 57,73 67 .73 12 91
SMOTE 46 59 50, 67 67 99 46 65
ROSE 46 46 38, 54 67 99 68 35
sGBM
None 53 59 50, 67 67 99 22 77
SMOTE 57 59 50, 67 67 99 46 65
ROSE 51 48 40, 56 67 99 62 41
Methylation subgroup
(RTK Ivs non-RTK I)
PLR
None 54 85 78,90 86 .64 18 96
SMOTE 61 66 58,74 86 99 50 69
ROSE 51 53 44,61 86 99 50 53
RF
None 46 86 80,91 86 A7 9 99
SMOTE 46 75 67, 82 86 9 4 81
ROSE 46 26 20,34 86 99 91 15
SGBM
None 52 85 78,90 86 .64 0 99
SMOTE 60 73 65, 80 86 99 32 80
ROSE 56 24 17,31 86 99 9% 12
Methylation subgroup
(RTK Ilvs non-RTK Il
PLR
None 58 58 50, 66 51 .06 50 65
SMOTE 59 56 48,64 51 15 39 72
ROSE 52 53 45, 61 51 34 55 51
RF
None* 53 61 53,69 51 .01 53 69
SMOTE 53 53 45,61 51 34 62 45
ROSE 53 53 44, 61 51 40 41 64
SGBM
None 58 54 46, 62 51 29 49 59
SMOTE* 62 61 53,69 51 .01 62 60
ROSE 52 53 44, 61 51 40 41 64
MGMT promoter (meth-
ylated vs unmethylated)
PLR
None 60 59 51,67 53 .08 57 61
SMOTE 59 58 50, 66 53 14 56 60
ROSE 54 52 44,61 53 .60 40 64

Table 3 (continues)
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Performance Metrics from Machine Learning-based Classification of Molecular

Parameters
Molecular Parameter, AuC Accuracy 95% Cl No-Information P Sensitivity - Specificity
Method, and Subsampling (%) (%) (%) Rate (%)* Valuet (%) (%)
RF
None 58 52 44,61 53 60 49 56
SMOTE 58 57 49, 65 53 18 63 52
ROSE 58 55 47,63 53 34 49 61
SGBM
None 61 56 47,64 53 28 49 62
SMOTE 57 56 47,64 53 28 44 66
ROSE 57 52 44, 61 53 60 38 65
EGFR (amplified vs
nonamplified)
PLR
None* 64 59 50, 67 51 .03 62 55
SMOTE* 67 63 54,70 51 00 N 53
ROSE# 63 61 52,68 51 .01 66 55
RF
None* 51 59 51,67 51 .02 64 55
SMOTE# 51 62 54,70 51 00 55 69
ROSE 51 56 48,64 51 A1 70 4
sGBM
None* 67 60 52,68 51 .01 62 57
SMOTE# 7 62 54,70 51 00 69 55
ROSE 61 57 48,65 51 .08 9 19
CDK4 (amplified vs
nonamplified)
PLR
None 56 88 81,92 89 .75 0 99
SMOTE 48 67 59,75 89 99 35 71
ROSE 55 62 54,70 89 .99 24 67
RF
None 54 88 81,92 89 .75 0 99
SMOTE 54 62 54,70 89 .99 6 69
ROSE 54 52 44,60 89 99 47 53
sGBM
None 45 87 80,92 89 .82 0 98
SMOTE 51 64 56, 71 89 .99 24 69
ROSE 53 57 48,65 89 .99 29 60
PDGFRA (amplified vs
nonamplified)
PLR
None 59 85 78,90 92 .99 8 91
SMOTE 61 72 64,79 92 .99 33 75
ROSE 74 55 47,63 92 .99 8 59
RF
None 54 92 87,96 92 .58 8 99
SMOTE 54 75 67,82 92 .99 17 80
ROSE 54 43 35, 51 92 .99 58 41
sGBM
None 56 91 86, 95 92 .69 0 99
SMOTE 63 77 70,83 92 .99 8 83
ROSE 47 47 39, 56 92 .99 58 46

Table 3 (continues)

the receiver operating characteris-
tic curve, ranged from 63% to 69%;
false discovery rate-adjusted P <
.05). Further potential associations
were noted (PTEN loss: higher nrCBV
and nrCBF in the contrast-enhanced
and total tumor volumes; CDKNZA
loss: higher nrCBV and nrCBF in the
total tumor volume; CDK4 amplifi-
cation: higher nADC in the contrast-
enhanced and total tumor volumes;
MGMT methylation: higher ratio of
contrast-enhancing tumor volume to
complete tumor volume, higher nrCBV
and nrCBV in the contrast-enhanced
and total tumor volumes; MES sub-
group: lower nrCBV and nrCBV in the
nonenhanced edema tumor volume;
RTK I subgroup: lower nrCBF in the
contrast-enhanced tumor  volume;
RTK II subgroup: higher nrCBV in the
contrast-enhanced and total tumor vol-
umes); however, none of these asso-
ciations were of sufficient strength to
retain significance after false discovery
rate adjustment.

The performance of machine learn-
ing prediction models for molecular
parameters is summarized in Table 3.
EGFR amplification status and RTK
II subgroup prediction were the only
molecular parameters that could be
predicted with an accuracy (59%-63%
for EGFR and 61% for RTK II) that
was significantly greater than the pre-
diction by chance (51% for both EGFR
and RTK II) (P = .00-.03 for EGFR
and P = .01 for RTK I). The high-
est accuracy for predicting EGFR am-
plification status (63%) was obtained
with a penalized logistic regression
model with synthetic minority overs-
ampling technique subsampling; the
highest accuracy for RTK II subgroup
prediction (61%) was obtained with
a stochastic gradient boosting model
with synthetic minority oversampling
technique subsampling and a random
forest model without subsampling
(Appendix E1, section S35 [online|
shows the variable importance plots
with the relative importance of each
imaging parameter in these models).
Apart from that, none of the machine
learning-based classification models
(regardless of whether stochastic
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gradient-boosting machines, random
forest, or penalized logistic regression
models with or without subsampling)
enabled prediction of any of the re-
maining molecular parameters (mo-
lecular glioblastoma subgroups [MES
vs non-MES, RTK I vs non-RTK 1],
MGMT promoter methylation and the
assessed CNVs [PTEN loss, CDKN2A
loss, NF1 loss, PDGFRA amplification,
MDM4 amplification, CDK4 amplifica-
tion, RBI loss]) on the basis of the
combination of the extracted imaging
parameters with an accuracy greater
than the prediction by chance (P >
.05 for all models). Of note is that the
chosen machine learning models yield
robust classification results despite
multicollinearity, that is, the presence
of correlated imaging features (Pear-
son correlation coefficient >0.75 for
19 of the 31 imaging features; Figure 2
shows a detailed correlation matrix).
This was confirmed by subjecting only
those imaging features with a Pear-
son correlation coefficient of 0.75 or
less (ie, 12 of the 31 features) to the
machine learning algorithms, thereby
demonstrating identical results with
EGFR and RTK II as the only molec-
ular parameters that could be pre-
dicted with an accuracy greater than
the prediction by chance (maximum
accuracy of 62% for EGFR and 59%
for RTK II; P < .05 for each; data not
shown).

In our well-characterized study cohort,
we found that associations between
certain imaging and molecular param-
eters exist, although only to a limited
extent. We found moderate univariate
associations of increased nrCBV and
nrCBF values in patients with EGFR
amplification and CDKNZ2A loss, with a
performance that, however, questions
the ability of a single imaging param-
eter to help predict key molecular pa-
rameters. The integrative performance
of all imaging parameters assessed
with machine learning-based models
showed that EGFR amplification status
and RTK II subtype classification
could be predicted with moderate,

Table 3 (continued)

Performance Metrics from Machine Learning-based Classification of Molecular

Parameters
Molecular Parameter, AuC Accuracy 95% Cl No-Information P Sensitivity - Specificity
Method, and Subsampling (%) (%) (%) Rate (%)* Valuet (%) (%)
MDM4 (amplified vs
nonamplified)
PLR
None 50 89 83,94 90 .67 0 99
SMOTE 59 66 58,74 90 99 53 68
ROSE 55 49 41,57 90 99 47 49
RF
None 59 89 83,93 90 .76 0 99
SMOTE 59 76 68, 82 90 99 27 81
ROSE 59 43 35, 51 90 99 60 41
sGBM
None 56 89 83,94 90 .67 0 99
SMOTE 64 77 69, 83 90 99 33 82
ROSE 54 47 39, 55 90 99 53 46
CDKN2A (balanced vs loss)
PLR
None 65 76 69, 83 78 .76 0 98
SMOTE 59 64 56, 72 78 99 42 70
ROSE 56 54 46, 62 78 99 49 56
RF
None 52 78 70, 84 78 62 3 98
SMOTE 52 70 62,77 78 99 39 79
ROSE 52 67 59,74 78 99 42 74
SGBM
None 61 74 66, 81 78 .90 6 93
SMOTE 59 61 53,69 78 99 39 67
ROSE 59 62 54,70 78 99 39 69
PTEN (balanced vs loss)
PLR
None 80 87 80, 92 88 74 39 93
SMOTE 82 81 73,87 88 99 56 84
ROSE 75 76 68, 83 88 99 56 79
RF
None 56 88 82,93 88 .56 0 100
SMOTE 56 80 73,86 88 99 39 86
ROSE 56 48 40, 56 88 99 89 42
SGBM
None 69 87 80, 92 88 .74 6 98
SMOTE 78 79 71,85 88 99 56 82
ROSE 70 33 26, 42 88 99 83 27
RB1 (balanced vs loss)
PLR
None 49 65 57,73 69 84 94 2
SMOTE 51 57 49, 65 69 99 69 30
ROSE 49 50 41,58 69 99 54 41
RF
None 58 59 51,67 69 .99 84 4
SMOTE 58 52 43,60 69 .99 63 26
ROSE 58 42 34, 51 69 .99 23 85

Table 3 (continues)
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Performance Metrics from Machine Learning-based Classification of Molecular

Parameters
Molecular Parameter, AuC Accuracy 95% Cl No-Information P Sensitivity - Specificity
Method, and Subsampling (%) (%) (%) Rate (%)* Value™ (%) (%)
SGBM
None 52 62 54,70 69 97 84 13
SMOTE 54 50 42,59 69 .99 59 30
ROSE 53 50 41,58 69 99 42 67
NF1 (balanced vs loss)
PLR
None 59 74 66, 80 82 .99 84 23
SMOTE 61 69 61,76 82 .99 74 46
ROSE 52 51 43,59 82 .99 53 42
RF
None 60 82 75,88 82 .55 100 0
SMOTE 60 74 66, 81 82 .99 83 35
ROSE 60 38 30,47 82 .99 31 73
sGBM
None 53 82 74,88 82 .64 98 8
SMOTE 62 4l 63,79 82 .99 79 35
ROSE 50 40 32,48 82 .99 & 62

Note.—Performance metrics are from hold-out samples (based on 10-fold cross-validation) and are based on all 31 imaging
parameters. AUC = area under the receiver operating characteristic curve, Cl = confidence interval, PLR = lasso and elastic net
regularized generalized linear model, RF = random forest, ROSE = random oversampling examples, SGBM = stochastic gradient
boosting machines, SMOTE = synthetic minority oversampling technique.

* Largest class percentage of each molecular parameter (ie, the prediction by chance).

* Obtained with the one-sided binomial test evaluating whether the model accuracy is greater than the no-information rate.

* Statistically significant predictions.

yet significant, accuracy. None of the
other molecular parameters showed
a univariate association with any of
the assessed imaging features, nor
could they be predicted on the basis of
multiparametric image feature-based
machine learning models with an accu-
racy greater than that of prediction by
chance. In addition, voxel-based lesion
symptom mapping analysis showed no
significant tumor location predilection
for any of the assessed molecular pa-
rameters in our study cohort.

Our finding of elevated nrCBV
and nrCBF—which reflects increased
intratumoral angiogenesis (27)—in
tumors with EGFR amplification may
correspond to the promotion of an-
giogenesis in a subset of patients with
EGFR amplification (28). EGFR ampli-
fications are present in approximately
50% of glioblastoma, and about half
of them also harbor a constitutively
activated mutated EGFRVIII isoform

(a mutation that is usually confined
to EGFR-amplified tumors and only
rarely present in tumors without
EGFR amplification) (29,30), which
promotes angiogenesis via distinct
signaling pathways (28). Our results
may therefore be in line with those
from a recent study by Arevalo-Perez
et al (31), who reported elevated rel-
ative plasma volume (from dynamic
contrast-enhanced MR imaging) in
patients with EGFRvIIl-mutated glio-
blastoma. Increased angiogenesis as
found here in the subset of patients
with loss of CDKN2A may reflect the
effects of the CDKN2A genetic locus
that encodes two tumor suppressors
that, among other functions, medi-
ate antiangiogenic effects (32). Our
voxel-based lesion symptom mapping
analysis did not reproduce left tem-
poral tumor location predilection for
MGMT-methylated tumors as report-
ed by Ellingson and colleagues (5,9)

(in a cohort of 433 glioblastoma), and
we could also not confirm significantly
higher contrast-enhancing or nonen-
hancing tumor volumes and higher
ADCs (as previously reported in co-
horts of 433 and 185 glioblastomas,
respectively) for tumors with unmeth-
ylated MGMT. Thus, the suggestion
of subtle yet significant associations
between imaging characteristics and
MGMT at previous studies requires
further validation given the lack of
such findings in our study to assert
that these associations are of sufficient
strength to enable clinically meaning-
ful prediction of MGMT status outside
of single-institution experiences.

Our data are derived from a ho-
mogeneous, single-institution cohort
of patients with newly diagnosed glio-
blastoma and included comprehensive
molecular and imaging characteriza-
tion with robust quantitative analysis
of high-quality imaging data, which
overcomes methodic shortcomings
of alternative user-dependent semi-
quantitative or qualitative analysis.
However, our study has limitations.
First, class imbalances can potentially
cause a negative effect on fitting of
machine learning classification models
and were present for several molec-
ular parameters. Class imbalances
were mitigated by using subsampling
techniques that downsample the ma-
jority class and synthesize new data
points in the minority class, which is
recognized as a suitable approach in
machine learning. Second, glioblas-
toma is a multiscale heterogeneous
tumor varying both across patients
as well as spatially within each sin-
gle tumor. Thus, potentially different
results may have been obtained in a
cohort of patients subjected to image-
guided stereotactic tissue sampling;
we note, however, that even minimally
invasive burr hole-based stereotactic
procedures are associated with in-
traoperative brain shifts in the range
of 0-10 mm (33) and are affected by
sampling errors and the inability to
sample the tumor comprehensively.
Moreover, despite the presence of
intratumoral heterogeneity (34), sev-
eral studies found that the MGMT
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segmentation, prc = percentile, SWih = fraction of hypointense signals (percentage) on susceptibility-weighted images.

methylation level is relatively consis-
tent throughout individual gliomas
(35-38). Whether this homogeneity is
a unique feature of MGMT or whether
it is also applicable to the assessed
CNVs and/or global DNA methylation
subgroups remains to be investigated
in future studies.

In summary, we found associations
between established MR imaging pa-
rameters and molecular characteris-
tics; however, they were not of suffi-
cient strength to allow the generation of

machine learning classification models
for reliable and clinically meaningful
prediction of the assessed molecular
characteristics in patients with newly
diagnosed glioblastoma.
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