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Automated quantitative tumour response assessment of
MRI in neuro-oncology with artificial neural networks:
a multicentre, retrospective study

Philipp Kickingereder*, Fabian Isensee*, Irada Tursunova, Jens Petersen, UIf Neuberger, David Bonekamp, Gianluca Brugnara, Marianne Schell,
Tobias Kessler, Martha Foltyn, Inga Harting, Felix Sahm, Marcel Prager, Martha Nowosielski, Antje Wick, Marco Nolden, Alexander Radbruch,
Jurgen Debus, Heinz-Peter Schlemmer, Sabine Heiland, Michael Platten, Andreas von Deimling, Martin J van den Bent, Thierry Gorlia,
Wolfgang Wick, Martin Bendszust, Klaus H Maier-Heint

Summary

Background The Response Assessment in Neuro-Oncology (RANO) criteria and requirements for a uniform protocol
have been introduced to standardise assessment of MRI scans in both clinical trials and clinical practice. However,
these criteria mainly rely on manual two-dimensional measurements of contrast-enhancing (CE) target lesions and
thus restrict both reliability and accurate assessment of tumour burden and treatment response. We aimed to develop
a framework relying on artificial neural networks (ANNs) for fully automated quantitative analysis of MRI in neuro-
oncology to overcome the inherent limitations of manual assessment of tumour burden.

Methods In this retrospective study, we compiled a single-institution dataset of MRI data from patients with brain
tumours being treated at Heidelberg University Hospital (Heidelberg, Germany; Heidelberg training dataset) to
develop and train an ANN for automated identification and volumetric segmentation of CE tumours and non-
enhancing T2-signal abnormalities (NEs) on MRI. Independent testing and large-scale application of the ANN for
tumour segmentation was done in a single-institution longitudinal testing dataset from the Heidelberg University
Hospital and in a multi-institutional longitudinal testing dataset from the prospective randomised phase 2 and 3
European Organisation for Research and Treatment of Cancer (EORTC)-26101 trial (NCT01290939), acquired at
38 institutions across Europe. In both longitudinal datasets, spatial and temporal tumour volume dynamics were
automatically quantified to calculate time to progression, which was compared with time to progression determined
by RANO, both in terms of reliability and as a surrogate endpoint for predicting overall survival. We integrated this
approach for fully automated quantitative analysis of MRI in neuro-oncology within an application-ready software
infrastructure and applied it in a simulated clinical environment of patients with brain tumours from the Heidelberg
University Hospital (Heidelberg simulation dataset).

Findings For training of the ANN, MRI data were collected from 455 patients with brain tumours (one MRI per patient)
being treated at Heidelberg hospital between July 29, 2009, and March 17, 2017 (Heidelberg training dataset). For
independent testing of the ANN, an independent longitudinal dataset of 40 patients, with data from 239 MRI scans,
was collected at Heidelberg University Hospital in parallel with the training dataset (Heidelberg test dataset), and
2034 MRI scans from 532 patients at 34 institutions collected between Oct 26, 2011, and Dec 3, 2015, in the
EORTC-26101 study were of sufficient quality to be included in the EORTC-26101 test dataset. The ANN yielded
excellent performance for accurate detection and segmentation of CE tumours and NE volumes in both longitudinal
test datasets (median DICE coefficient for CE tumours 0-89 [95% CI 0-86-0-90], and for NEs 0-93 [0-92-0-94] in the
Heidelberg test dataset; CE tumours 0-91[0-90-0-92], NEs 0-93 [0-93-0-94] in the EORTC-26101 test dataset). Time
to progression from quantitative ANN-based assessment of tumour response was a significantly better surrogate
endpoint than central RANO assessment for predicting overall survival in the EORTC-26101 test dataset (hazard
ratios ANN 2-59 [95% CI 1-86-3-60] vs central RANO 2-07 [1-46-2-92]; p<0-0001) and also yielded a 36% margin
over RANO (p<0-0001) when comparing reliability values (ie, agreement in the quantitative volumetrically defined
time to progression [based on radiologist ground truth vs automated assessment with ANN] of 87% [266 of 306 with
sufficient data] compared with 51% [155 of 306] with local vs independent central RANO assessment). In the
Heidelberg simulation dataset, which comprised 466 patients with brain tumours, with 595 MRI scans obtained
between April 27, and Sept 17, 2018, automated on-demand processing of MRI scans and quantitative tumour
response assessment within the simulated clinical environment required 10 min of computation time (average
per scan).

Interpretation Overall, we found that ANN enabled objective and automated assessment of tumour response in
neuro-oncology at high throughput and could ultimately serve as a blueprint for the application of ANN in radiology
to improve clinical decision making. Future research should focus on prospective validation within clinical trials and
application for automated high-throughput imaging biomarker discovery and extension to other diseases.
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Introduction

The development of novel therapies in neuro-oncology
requires reliable and accurate endpoints for the assess-
ment of treatment efficacy since both underestimation
and overestimation of efficacy restricts trial proficiency.
Although overall survival is the most definitive and
objective endpoint to assess the efficacy of an investi-
gational treatment, it is sensitive to other interventions
(including crossover treatments) that might influence its
applicability as an appropriate endpoint.** To overcome
these limitations, objective responses and progression-
free survival are considered endpoints that reliably assess
the efficacy of an investigational treatment, specifically in
small cohorts and diseases with multiple lines of
treatment.’ In neuro-oncology, progression-free survival is
assessed according to the Response Assessment in Neuro-
Oncology (RANO) working group criteria,** which are
widely accepted for use in clinical trials® and increasingly
used in routine clinical practice to determine treatment
response.® These criteria mainly rely on the assessment of
treatment response by use of MRI, which can enable both
qualitative and quantitative assessment of tumour burden
before, during, and after therapy. Underlying the use of
RANO is the assumption that tumours grow in spherical

Research in context

Evidence before this study

MRI is a key method for detection, staging, and evaluation of
response to treatment in neuro-oncology. The Response
Assessment in Neuro-Oncology (RANO) criteria have been
introduced to standardise assessment of patients with
neuro-oncological tumours in both clinical trials and daily
clinical practice. However, these criteria primarily rely on
manual two-dimensional measurements of target lesions,
which restricts both the reliability and accuracy of assessment
of tumour burden and treatment response. Consequently,
longstanding interest has existed in the use of volumetric
assessment of tumour burden. We searched PubMed on

Oct 31, 2018, with no date restrictions for publications in
English using the terms (“neuro-oncology” OR “brain tumor”
OR “brain tumour” OR “glioma” OR “glioblastoma”) AND
(“volumetry” OR “volumetric”). Our search did not identify any
articles that assessed the use of automated quantitative
assessment of tumour response in comparison with RANO
assessment. Previous studies have indicated that volumetric
measurements might be more reliable and accurate than
manual two-dimensional measurements. However,
non-automated volumetric measurements are not practical
in a clinical setting and have previously been cited as a
labour-intensive, time-consuming, and complex task that
prevents clinical translation. We aimed to develop a
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burden and response,® it lacks practicability in a clinical
setting. Whereas 2D measurements of tumour diameter
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Here, we present our development of a comprehensive,
scalable, and validated approach, relying on artificial
neural networks (ANNs), that we implemented in an
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comprehensive and scalable approach, relying on artificial
neural networks (ANNs), that enables fully automated
quantitative assessment of tumour burden by use of MRl in
neuro-oncology.

Added value of this study

We showed that automated volumetric quantification of
tumour burden is highly accurate on independent large-scale
datasets. Application of this method for automated
quantitative identification of disease progression in a
multicentre clinical trial dataset outperformed RANO both in
terms of reliability and as a surrogate endpoint for predicting
overall survival. To facilitate clinical translation, we integrated
this approach for fully automated quantitative analysis of MRI
in neuro-oncology into an application-ready software
infrastructure.

Implications of all the available evidence

Our results show that automated quantitative analysis of MRI
using a comprehensive deep-learning approach with ANN could
allow radiologists and clinicians to overcome the inherent
limitations of manual assessment of tumour burden.

This approach could greatly improve and standardise
assessment of tumour response in routine clinical practice and
clinical trials and might become a valuable asset for decision
making in neuro-oncology.
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See Online for appendix

application-ready software infrastructure that enables
fully automated quantitative analysis of MRI in neuro-
oncology. Specifically, we aimed to investigate the
potential of this approach for automated quantitative
assessment of tumour response to overcome the inherent
limitations of manual assessment of tumour burden.

Methods

Study design and participants

In this multicentre, retrospective study, we analysed MRI
data from patients with brain tumours that were acquired
at the Heidelberg University Hospital (Heidelberg,
Germany) or as part of the European Organisation for
Research and Treatment of Cancer (EORTC)-26101 trial,
which was run at 38 institutions in Europe, to develop,
train, and test an ANN for automated interpretation of
MRI data in clinical settings and prediction of time to
progression in these patients.

First, we created a training dataset for the ANN from a
non-consecutive cohort of adult patients (aged =18 years)
with histologically confirmed glioblastoma or lower-
grade glioma (including diffuse astrocytic and oligo-
dendroglial WHO grade II and III tumours as defined by
the 2016 WHO Classification of Tumors of the Central
Nervous System") being treated at the Heidelberg
University Hospital (Heidelberg training dataset).
Specifically, the Heidelberg training dataset consisted of
MRI data from a single timepoint (one MRI scan per
patient) either preoperatively from initial diagnosis, or
early postoperatively (<72 h after surgery) or at follow-up,
and was specifically ensembled to represent the broad
phenotypic appearance of brain tumours on MRI during
disease evolution. Appropriate MRI scans were manually
identified to enrich the dataset with comparatively
uncommon and difficult cases on the basis of the
judgment of the neuroradiologist (PK, DB)—eg, cases
with complex resection cavities, extensive alterations
after treatment, different CE pattern (faint, dot-like, or
multifocal pattern), or presence of non-tumoral con-
trast enhancement (intratumoral or peritumoral blood
vessels). We had no further inclusion or exclusion
criteria. Second, for independent testing of the ANN
once it has been developed, we selected a non-consecutive
cohort of adult patients (aged =18 years) with histologically
confirmed glioblastoma or lower-grade glioma from the
Heidelberg University Hospital, with individual MRI
scans from multiple timepoints for each patient
(Heidelberg test dataset). We had no further inclusion or
exclusion criteria. This cohort was selected in parallel
with and independent of the training dataset. This
dataset was a longitudinal dataset with preoperative and
consecutive follow-up scans. Finally, another cohort of
adult patients (aged =18 years) with brain tumours
undergoing routine MRI scans at the Heidelberg
University Hospital was selected for testing of the
developed infrastructure for automated tumour
segmentation and quantitative assessment of tumour

response in a simulated clinical environment (Heidelberg
simulation dataset). MRI scans from all three Heidelberg
datasets were acquired according to an established
protocol as described previously,”** and included
Tl-weighted images before (T1-w) and after (cT1l-w)
administration of contrast agent, and fluid-attenuated
inversion recovery (FLAIR) and T2-weighted (T2-w)
images (requiring either 3D or 2D with axial orientation).
Retrospective evaluation of imaging data from Heidelberg
University Hospital was approved by the local ethics
committee of the University of Heidelberg and informed
consent was waived.

For independent testing of the ANN, we collected data
from the EORTC-26101 study, which was a prospective
randomised phase 2/3 trial in patients with first
progression of a glioblastoma after standard chemo-
radiotherapy. In brief, the phase 2 trial® assessed the
optimal treatment sequence of bevacizumab and
lomustine (four treatment groups with single drug vs
sequential vs combination), whereas the subsequent
phase 3 trial’ (two treatment groups) compared patients
treated with lomustine alone with those receiving a
combination of lomustine and bevacizumab. Overall,
the EORTC-26101 study included 596 consecutively
recruited patients (n=159 in phase 2, n=437 in phase 3)
with 2593 individual MRI scans acquired at 38 institutions
in Europe. The MRI scans were acquired with a uniform
imaging protocol at baseline and every 6 weeks until
week 24, and thereafter once every 3 months until last
follow-up. Data we collected were from Tl-w, cTlw,
FLAIR, and T2-w images. The study was conducted in
accordance with the Declaration of Helsinki and the
protocol was approved by local ethics committees and
patients provided written informed consent (EudraCT
number 2010-023218-30, ClinicalTrials.gov number
NCT01290939). Full study design and outcomes have
been published previously.”* Access to the EORTC-26101
trial data for the present study was granted through an
EORTC external research project. Of the data collected,
we excluded MRI scans from the EORTC-26101 test
dataset if data were corrupted; in the case of incomplete
availability of T1-w, cT'1l-w, FLAIR, or T2-w sequences; or
if there were heavy motion artifacts that also precluded
central RANO assessment.

Procedures

Figure 1 depicts the analysis workflow. MRI data from the
Heidelberg training dataset, Heidelberg test dataset, and
EORTC-26101 test dataset were preprocessed identically
(full description in appendix p 2). Briefly, preprocessing
included brain extraction (ie, removing the skull and
extracranial tissue from images), followed by image
registration, calculation of Tl-subtraction volumes, and
preparation of volumetric tumour segmentation masks
for each MRI scan. The preparation of volumetric
tumour segmentation masks included volumetric delin-
eation of both contrast-enhancing (CE) tumours and
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(tumour segmentation)
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[
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Predicted segmentation masks by the ANN ensemble model RANO Radiologists annotated ground truth
(test datasets) or during five-fold cross-validation (training dataset) assessment segmentation masks

Input for subsequent statistical analysis

Figure 1: Flowchart of the procedures for training and model development, testing, statistical analysis, and infrastructure development for automated brain

tumour segmentation

ANN=artifical neural network. CE=contrast enhancing. cT1-w=T1-weighted images after contrast agent. EORTC=European Organisation for Research and Treatment
of Cancer. FLAIR=fluid-attenuated inversion recovery. NEs=non-enhancing T2-signal abnormalities. RANO=Response Assessment in Neuro-Oncology.

T1-w=T1-weighted images before contrast agent. T2-w=T2-weighted images.

non-enhancing T2-signal abnormalities (NEs; defined as
T2-FLAIR hyperintense abnormality excluding the
contrast-enhancing and necrotic portion of the tumour,
resection cavity, and obvious leukoaraiosis) by experienced
neuroradiologists (for the Heidelberg training and test
dataset: by PK, a radiology resident with 6 years of
experience, and subsequently checked by DB, a board-
certified radiologist and neuroradiologist with 17 years of
experience in image processing; for the EORTC-26101
test dataset: by IT, a radiology resident with 3 years
of experience and subsequently checked by PK. Any
discrepancies were resolved through a consensus dis-
cussion) using a semi-automated approach as described
previously." All MRI sequences were normalised inde-
pendently by subtracting the mean value from each voxel

www.thelancet.com/oncology Vol 20 May 2019

and dividing by its SD. Voxels outside the brain mask
were set to zero.

The architecture of our developed ANN was inspired
by our work” in the Brain Tumor Segmentation (BraT's)
challenge® and is based on U-Net architecture.” The
U-Net consists of an encoder and a decoder network that
are interconnected with skip connections. Conceptually,
the encoder network is used to aggregate semantic
information at the cost of decreased spatial information.
The decoder is the counterpart to the encoder and
reconstructs the spatial information while accounting
for the semantic information extracted by the encoder.
Skip connections are used to transfer feature maps from
the encoder to the decoder to allow for even more precise
localisation of the tumour. Our adaptation of the U-Net
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(full description of the network architecture, and applied
training and testing procedures are in the appendix
[pp 24, 11]) makes use of residual connections in the
encoder® while keeping the decoder relatively
lightweight. During training of the ANN, it processes
large input patches (128 x128x128 voxels) to effectively
capture as much contextual information as possible. To
encourage the training of the bottleneck layers, we made
use of auxiliary loss layers deep in the network. We used
the Heidelberg training dataset to train and validate the
ANN (with five-fold cross-validation). For this training,
we provided the ANN with the four different MRI
sequences (T1lw, cTlw, FLAIR, and T2-w sequences)
for each MRI scan and the corresponding tumour
segmentation masks generated by the radiologists as
input. These segmentation masks were used as so-called
ground truth measures and allowed the ANN to learn
the phenotypic appearance of brain tumours on MRI,
and consequently enabled automated identification and
volumetric delineation of CE tumours and NEs on
MRI. In the Heidelberg training dataset, the tumour
segmentation masks were predicted during the five-fold
cross-validation procedure. Thereby, the Heidelberg
training dataset was randomly partitioned into
five equal size subsamples (20% of patients). Of the
five subsamples, a single subsample (20% of patients)
was retained as the validation data for testing the model,
and the remaining four subsamples (80% of patients)
were used as training data. The cross-validation process
was then repeated five times (the folds), with each of the
five subsamples used once as the validation data.

We used the longitudinal Heidelberg test dataset and
the longitudinal EORTC-26101 test dataset to indepen-
dently do large-scale testing of the performance of the
ANN. Specifically, to predict the segmentation masks
with the CE tumours and NEs on MRI in both test
datasets, we used the four different MRI sequences
(T1-w, cT1-w, FLAIR, and T2-w sequences) from each
MRI scan as input into an ANN ensemble model
consisting of the five ANN models obtained during cross-
validation of the Heidelberg training dataset. The
predicted tumour segmentation masks generated by the
ANN within the Heidelberg training dataset, Heidelberg
test dataset, and EORTC-26101 test dataset served as a
fundamental input for all subsequent analyses.

For both longitudinal test datasets, we quantitatively
assessed the volumetric tumour response and calculated
the time to progression separately, once on the basis of
the ground truth tumour segmentation masks generated
by the radiologist and once on the basis of the auto-
matically generated ANN-based tumour segmentation
masks. We defined tumour progression as an increase in
tumour volume (compared with baseline or best
response) in either CE tumour or NEs, beyond a minimal
tumour volume of 1 cm3; or occurrence of a new CE
lesion outside of the CE tumour volume from the
previous MRI scan (identified automatically using

dedicated algorithms with the respective segmentation
masks over time as input; extended description is on
appendix p 5). For the increase in volume, we applied a
uniform threshold of 40% to qualify for progression on
the basis of CE tumour, whereas for NE we applied a
threshold of 40% for patients with lower-grade glioma
and 100% for patients with glioblastoma. These
volumetric thresholds are justified by the equivalent 2D
threshold of use in the RANO criteria, except for the
100% increase in volume in NEs for patients with
glioblastoma, for which the RANO working group has
not yet defined a 2D threshold (appendix p 5).*

Furthermore, in both longitudinal test datasets, we did
conventional assessment of tumour response according
to RANO criteria.** In the Heidelberg test dataset, we
retrospectively did RANO assessments (PK and DB),
with discrepancies resolved through consensus discus-
sion. For the EORTC-26101 test dataset both local
assessment and independent central RANO review had
already been done as part of the clinical trial, and so
we extracted these data from the trial database. We
considered the central RANO review to be an unbiased
reference standard because two independent expert
radiologists did the review, with discrepancies resolved
through consensus discussion, and, by contrast with
local RANO assessment, they were masked to the type
of treatment, neurological status, steroid doses, and
the local RANO investigator’s assessment. The RANO
assessment in both test datasets was only based on
imaging criteria and no additional clinical criteria to
allow precise comparison with our quantitative assess-
ment method for tumour response.

We developed an application-ready software infra-
structure (appendix pp 5, 6) using the XNAT open-source
imaging informatics software platform components.
We aimed to enable translation and application of
our ANN for automated tumour segmentation and
quantitative assessment of tumour response in daily
clinical practice and clinical trials, with a specific
focus on optimising the processing pipeline—ie, that
processing is completed in a clinically acceptable
timeframe. In routine clinical practice, automated on-
demand processing of an MRI scan is triggered after the
images have been acquired on the MRI scanner (or
alternatively, for example, within clinical trials uploaded
to the XNAT server). Processing of the MRI scans is
fully automated and does not require any additional
manual intervention. The processed results (super-
imposed tumour segmentation mask on individual MRI
sequences and chart depicting longitudinal tumour
volume dynamics) are automatically pushed back to the
picture archiving and communication system, where
they are available for interpretation. We extensively
tested the developed infrastructure in a simulated
clinical environment (the Heidelberg simulation
dataset) with automated (retrospective) processing of all
MRI scans.
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Outcomes

We had four main objectives. The first objective was to
evaluate the accuracy of automated volumetric tumour
segmentation by use of the ANN in comparison with
radiologist ground truth tumour segmentation. This
outcome was to be assessed in the Heidelberg training
dataset, Heidelberg test dataset, and the EORTC-26101 test
dataset. Our second objective was to assess within both
longitudinal test datasets (the Heidelberg test dataset and
the EORTC-26101 test dataset) the spatial and temporal
tumour volume dynamics in each patient to calculate a
quantitative time to progression that is volumetrically
defined and investigate the extent of agreement (reliability)
of this quantitative volumetrically defined time to
progression (ie, time to progression calculated from ANN-
based automated tumour segmentation masks vs time to
progression calculated from radiologist ground truth
tumour segmentation masks) and to compare this
reliability (in the EORTC-26101 test dataset) with the
extent of agreement (reliability) for the time to progression
from RANO (ie, time to progression calculated from
RANO local assessment vs time to progression calculated
from RANO central review). Time to progression was
calculated from the date of baseline MRI after surgery in
the Heidelberg test dataset and from the date of
randomisation in the EORTC-26101 test dataset (censored
at the date of last MRI if no progression occurred during
follow-up). Our third objective was to compare the
performance of quantitative volumetrically defined time
to progression versus time to progression calculated from
RANO central review (unbiased reference standard) as
surrogate endpoints for predicting overall survival within
the EORTC-26101 test dataset (overall survival and RANO
information taken from the EORTC-26101 trial database;
and overall survival calculated from the date of
randomisation until death or last follow-up).” Our final
objective was to implement the ANN for automated
tumour segmentation and quantitative assessment of
tumour response in an application-ready software
infrastructure and apply it to the Heidelberg simulation
dataset.

Statistical analysis

Cohort size for each of the included datasets were
determined by the availability of MRI data and not derived
from a power calculation. Detailed information on
statistical analyses are in the appendix (pp 4, 5). Briefly,
we assessed the accuracy of the automatically generated
ANN-based tumour segmentation masks for delineating
CE tumours and NEs in comparison with the reference—
ie, the ground truth segmentation masks generated by
a radiologist—in the Heidelberg training dataset,
Heidelberg test dataset, and EORTC-26101 test dataset
using DICE similarity coefficients for segmentation
agreement and Bland-Altman plots and concordance
correlation coefficients for volume agreement. The DICE
similarity coefficient is a standard measure to report the

www.thelancet.com/oncology Vol20 May 2019

performance of a segmentation®and measures the extent
of spatial overlap between two binary segmentation
masks. The DICE similarity coefficient is defined as twice
the size of the intersection between the two masks
(ground truth [GT] and predicted segmentation mask
[PM]), normalised by the sum of their volumes

2|GT N PM|
|GT| + |PM|

DICE =

The DICE coeflicient can range between 0 (no overlap)
and 1 (perfect agreement). The reported 95% Cls for the
median DICE coefficients were calculated using
bootstrapping with 1000 iterations.

We calculated the relative and absolute agreement in
the time to progression between the different methods
(quantitative volumetric assessment [based on the spatial
and temporal changes in the radiologist’s ground truth vs
automatically generated ANN tumour volumes] vs RANO
[based on local assessment vs central review]) using the
Heidelberg test dataset and EORTC-26101 test dataset
(the EORTC-26101 test dataset was limited to a subset of
patients with complete data; see appendix p 19). We used
a one-tailed two-sample test for equality of proportions to
assess whether the agreement in time to progression
within the EORTC-26101 test dataset was higher for
quantitative volumetric assessment (ie, time to progres-
sion from ANN-based automated tumour segmentation
vs time to progression from radiologist ground truth
tumour segmentation) than the RANO assessment
(ie, time to progression from RANO local assessment vs
from central review). We generated Kaplan-Meier plots
and log-rank tests to assess whether disagreement in the
time to progression on a dataset level was higher for
RANO than quantitative volumetric assessment.

In the EORTC-26101 test dataset, we assessed the
performance of time to progression from RANO (using
central RANO review as an unbiased reference standard)
and the time to progression from automated ANN-based
assessment as surrogate endpoints for predicting overall
survival. Specifically, we generated Cox proportional
hazards regression models for overall survival, with the
time to progression (either from central RANO review or
from automated ANN assessment) included as a time-
dependent covariate. Hazard ratios (HRs) indicated risk
of death at any time during the study period,”? and
Z values correspond to the ratio of each regression
coefficient to its SE. To control for confounding
treatment-specific effects in the EORTC-26101 trial, we
included the treatment group as a binary covariate (initial
treatment containing bevacizumab vs no bevacizumab).
We assessed the performance of each Cox proportional
hazards regression model with Harrell's concordance
index (c-index, with 95% ClIs calculated using boot-
strapping with 1000 iterations), which is a standard
performance measure for model assessment in
survival analysis.® High c-index values indicate better
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performance (ie, better discriminative ability) of the
model for predicting overall survival.” We did an analysis
of deviance that allowed us to compare the reduction in
the log-likelihood between different Cox proportional
hazards regression models using 2 test statistics.
Specifically, we compared Cox proportional hazards
regression models with and without inclusion of time to
progression from ANN as additional time-dependent
covariate (to a Cox proportional hazards regression
model with time to progression from central RANO
review as time-dependent covariate and treatment group
as a binary covariate).

Finally, we assessed the prognostic relevance of
baseline CE tumour and NE volumes and their early
changes between baseline and first follow-up in the
EORTC-26101 test dataset for predicting overall survival
in a multivariable context including both clinical and
molecular parameters. Importance of individual
covariates in the Cox proportional hazards regression
model was assessed by computing the Wald x2 statistic
and the proportion of the overall model y2 that is due to
each covariate (full description of analysis is in the
appendix p 5).

p values of less than 0-05 were considered significant.
We did all statistical analyses using R version 3.5.1.

Role of the funding source

The funders of the study had no role in study design,
data collection, data analysis, data interpretation, or
writing of the report. PK, FI, MB, and KHM-H had full
access to all the data in the study and had final
responsibility for the decision to submit for publication.

Results

The Heidelberg training dataset comprised 455 non-
consecutive patients with brain tumours being treated in
the Heidelberg University Hospital between July 29, 2009,
and March 17, 2017 Of 455 patients, 364 (80%) had
histologically confirmed glioblastoma and 91 (20%)
lower-grade glioma. Baseline characteristics of these
patients are shown in the appendix (p 18). We collected
data for one MRI per patient, of which 319 (70%) were
preoperative from initial diagnosis and 136 (30%) were
early postoperative (<72 h after surgery) or from follow-
up scans. These MRI scans, in conjunction with
individual radiologist ground truth tumour segmentation
masks, were used to train the ANN. Within the
Heidelberg training dataset, the ANN acquired the
relevant knowledge to accurately delineate the clinically
relevant CE tumour and NE compartments (obtained
metrics are shown in the appendix [p 9]).

For independent testing and large-scale application of
the ANN, two longitudinal testing datasets were compiled:
the single-institution Heidelberg test dataset and
the multi-institutional EORTC-26101 test dataset. The
Heidelberg test dataset comprised 40 non-consecutive
patients who were being treated in the Heidelberg

University Hospital between July 29, 2009, and
March 17, 2017, with histologically confirmed glioblastoma
(n=25 [63%]), or lower grade glioma (n=15 [38%)]). These
40 patients had MRI data from 239 scans, with data from
multiple timepoints (median of five scans per patient
[IQR four to six]). The EORTC-26101 study included
596 patients (n=159 in phase 2, n=437 in phase 3) with
2593 individual MRI scans acquired at 38 institutions in
Europe. We excluded 559 MRI scans because the data
were corrupted after conversion of file formats from
DICOM to NIfTI (due to non-standardised centre-specific
anonymisation of DICOM files or corrupt or incomplete
DICOM files; n=178); incomplete availability of T1-w,
cT1-w, FLAIR, and T2-w sequences (requiring either 3D
acquisitions or 2D with axial orientation; n=374);
or heavy motion artifacts (also precluding central
RANO assessment; n=7). Therefore, the multicentre
EORTC-26101 trial dataset comprised 532 patients, all
with histologically confirmed glioblastomas, from
34 institutions with 2034 MRI scans (median of four
scans per patient [IQR three to five]) done on 16 different
MRI scanners from four manufacturers (information not
avaialble for 102 MRI scans) between Oct 26, 2011, and
Dec 3, 2015 (extended description and full list of MRI
scanners in appendix [p 18]).

Independent testing in the Heidelberg test dataset
yielded median DICE coefficients of 0-89 (95% CI
0-86-0-90) for CE tumours and 0-93 (0-92-0-94) for
NEs and in the EORTC-26101 test dataset of 0-91
(0-90-0-92) for CE tumours and 0-93 (0-93-0-94) for
NEs (figure 2A, table 1). The performance of the
ANN remained stable after application to the broad
multicentre setting of the EORTC-26101 test dataset,
which was coupled with high agreement between the
radiologist ground truth tumour volumes and those
automatically predicted by the ANN across both test
datasets (concordance correlation coefficients for CE
and NE each =0-98; figure 2B and 2C, table 1). The
performance of the ANN for the segmentation of CE
tumours in the EORTC-26101 test dataset was significantly
improved when using 3D T1and cT1sequences compared
with corresponding 2D sequences (p<0-0001; appendix
p 9). These results with an integrative discussion of the
individual performance metrics obtained within each
dataset are in the appendix (pp 9, 10, 13-16).

By applying the outlined criteria for quantitative
identification of disease progression, patients most
frequently qualified for progression because of an
increase in the CE tumour volume: 19 (48%) of 40 patients
in the Heidelberg test dataset and 189 (62%) of
306 patients with complete data in the EORTC-26101
test dataset (appendix p 20). However, beyond disease
progression determined via pure volumetric thresholds,
a notable number of patients (four [10%] of 40 patients in
the Heidelberg test dataset and 26 [8%] of 306 in the
EORTC-26101 test dataset) only developed new anato-
mically distinct CE tumour lesions during follow-up that
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Figure 2: Agreement between
the automated volumetric
segmentation with the ANN
and the radiologist-
generated ground truth for
tumour segmentation (A)
and tumour volume (B, C)
(A) Data are median DICE
coefficients for tumour
segmentation. Blocks show
IQR of datapoints, with the
horizontal central line
showing the median. The sides
of blocks are indented and
indicate the 95% Cl of the
median. Whiskers adjacent to
the boxes represent 1.5 times
the IQR. Dots are outliers.
Outliers with DICE coefficients
of 0 primarily reflect the
uncertainty of accurate
tumour segmentation in the
post-treatment setting

(ie, differentiating true
contrast-enhancing tumour
from reactive gliosis; more
details in appendix pp 9, 10).
(B) Data are concordance
correlation coefficients (CCCs).
(C) Bland-Altman plot.
EORTC=European
Organisation for Research and
Treatment of Cancer.
GT=ground truth.
ANN=artificial neural network.
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would not have qualified for disease progression with
volumetric thresholds alone, thereby depicting the
relevance of additionally integrating automated screening
for newly appearing tumour lesions as a distinct criterion
(appendix p 12).

Agreement in quantitative volumetrically defined time
to progression (based on radiologist ground truth vs
automated assessment with ANN) was 90% (36 of
40 patients) in the Heidelberg test dataset and 87%
(266 of 306 patients) in the EORTC-26101 test dataset
(table 2). With agreement in only 51% (155 of 306) of
patients in the EORTC-26101 test dataset, the reference
benchmark (ie, agreement in time to progression
between local and central RANO assessment) was
significantly lower than the agreement in the quantitative
volumetric data between the ANN and radiologist ground
truth (p<0-0001; table 2). The higher reliability of the
quantitative volumetrically defined time to progression
than the reference benchmark was also reflected by the

EORTC-26101
test dataset

Heidelberg test
dataset

Tumour segmentation agreement
0-89 (0-86-0-90)
0-93(0-92-0-94)

Contrast-enhancing tumour 0-91(0-90-0-92)

Non-enhancing T2-signal 0-93 (0-93-0-94)

abnormality
Tumour volume agreement
Contrast enhancing tumour ~ 0-99 (0-99-1-00)

0-99 (0-99-0-99)

099 (0-99-0-99)
Non-enhancing T2 signal 0-98 (0-98-0-99)

abnormality

Data are median DICE coefficient for tumour segmentation agreement, and
concordance correlation coefficient for tumour volume agreement, with 95% Cls
in parentheses. EORTC=European Organisation for Research and Treatment of
Cancer. ANN=artificial neural network.

Table 1: Agreement between tumour segmentation masks and tumour
volumes predicted by the ANN and those generated by the radiologist
(ground truth)

corresponding Kaplan-Meier plots for time to pro-
gression, which showed no significant difference for the
quantitative volumetrically defined time to progression
based on ground truth versus ANN on a dataset level
(p=0-94 for the Heidelberg test dataset, p=0-77 for the
EORTC-26101 test dataset); however, a significant
difference in the time to progression based on local
versus independent central RANO assessment was seen
in the EORTC-26101 test dataset (p<0-0001; figure 3).
We compared the performance of calculation of time
to progression determined via quantitative volumetric
assessment (using ANN) with those determined via
RANO (using central assessment as an unbiased reference
standard) as surrogate endpoints for predicting overall
survival in the EORTC-26101 test dataset. The Cox
regression model for overall survival with the time to
progression from central RANO as a time-dependent
covariate yielded an HR of 2-07 (95% CI 1-46-2-92) with a
Z value of 4-12 and a c-index of 0-57 (95% CI 0-54-0-61;
p<0-0001; table 3). By contrast, the Cox regression model
for overall survival with time to progression from ANN as
a time-dependent covariate yielded an HR of 2-59 (95% CI
1-86-3-60) with a Z value of 5-64 and a c-index of 0-62
(95% CI 0-59-0-66; p<0-0001; table 3). The treatment
regimen in the EORTC-26101 trial had no confounding
effect in either model (p=0-34 for both). The inclusion of
the time to progression from ANN as an additional
time-dependent covariate yielded a significantly improved
model fit over a Cox proportional hazards regression
model that only included time to progression from central
RANO review as time-dependent covariate and the treat-
ment group as a binary covariate (x2=21-95; p<0-0001).
The quantitative volumetrically defined criteria for
disease progression (40% volume increase in CE tumour
for glioblastoma, 40% volume increase in NE for
lower-grade glioma, or appearance of a new anatomically
distinct lesion) reflect the equivalent (2D) thresholds

Absolute agreement (both Details on disagreement

time and event)

Yes No Earlier Later No progressive  Progressive
progressive progressive disease with disease with
disease with disease with alternative alternative
alternative alternative (but with (but not with

reference) reference)
Heidelberg test dataset (n=40); reference method vs alternative method
Quantitative (radiologist) vs quantitative (ANN) 36 (90%) 4 (10%) 2 (5%) 2 (5%) 0
Quantitative (radiologist) vs RANO* 29 (73%) 11 (28%) 3(8%) 6 (15%) 2 (5%) 0
EORTC-26101 test dataset (n=306); reference method vs alternative method
Quantitative (radiologist) vs quantitative (ANN) 266 (87%) 40 (13%) 23 (8%) 13 (4%) 4 (1%) 0
Quantitative (radiologist) vs RANO (central) 156 (51%) 150 (49%) 110 (36%) 17 (6%) 23 (8%) 0
Quantitative (radiologist) vs RANO (local) 181 (59%) 125 (41%) 36 (12%) 51(17%) 28 (9%) 10 (3%)
RANO (central) vs RANO (local) 155 (51%) 151 (49%) 15 (5%) 108 (35%) 24 (8%) 4 (1%)
ANN=artificial neural network. RANO=Response Assessment in Neuro-Oncology. EORTC=European Organisation for Research and Treatment of Cancer. *Disagreement
between the two RANO readers in five (13%) of 40 patients, resolved through consensus discussion.
Table 2: Agreement in the time to progression on a patient level between the different methods

www.thelancet.com/oncology Vol 20 May 2019



Articles

mandated by the RANO criteria.** We chose the applied
threshold of 100% volume increase in NE for
glioblastoma independently, because the RANO criteria
do not provide an equivalent 2D threshold and only
suggest that a significant increase in NE qualifies for
disease progression. The basis for our conservative
threshold of 100% is the theory that dynamics in NE
volume are less specific than for CE tumour volumes to
determine tumour burden in patients with glioblastoma.
This assumption is supported by our findings in the
EORTC-26101 test dataset that both baseline CE tumour
volume, and early changes in this volume, were the
covariates in the multivariable Cox model for overall
survival that showed the greatest contribution to the
overall model y2 compared with other clinical and
molecular parameters (table 4). Specifically, baseline CE
tumour volume (HR of 1-02 per 1 cm3, 95% CI
1-01-1-03; p<0-0001) and early change in CE tumour
volume (HR of 1-04 per 100% increase, 95% CI
1-02-1-06; p<0-0001), showed the highest x2 values
(18-87 and 19-88) and contributed 25% and 26% to the
overall model 2 value of 76-97 The next highest x2
values were O6-methylguanine-DNA methyltransferase
(MGMT) promoter methylation status, with an x2 value
value of 11-42 (HR 0-61, 95% CI 0-46-0-81; p=0-00073)
and glucocorticoid intake, with an x2 value of 6-64 (HR
1-52, 95% CI 1-11-2-09; p=0-0099); thus contributing
15% and 9% to the overall model 2 value (table 4).
Moreover, the baseline NE volume, and early changes in
this volume, did not show independent significance
within this multivariable model (table 4), thereby
supporting our chosen conservative threshold of
100% increase in NE tumour volume in patients with
glioblastoma.

To facilitate adoption of our approach for automated
tumour segmentation and quantitative volumetric
assessment of tumour response in clinical trials and
routine clinical practice, we developed a fully automated
application-ready processing pipeline for MRI scans
(schematic illustration of the workflow is in appendix p 17).
This approach enables seamless manufacturer neutral
integration into existing clinical infrastructures. We
applied the approach within a simulated clinical environ-
ment and did fully automated processing (including
quantitative tumour response assessment) of a simulation
dataset drawn from the Heidelberg University Hospital.
This simulation dataset comprised 466 patients with
primary intra-axial brain tumours undergoing routine
MRI (n=241[52%] glioblastoma, n=177 [38%] lower-grade
glioma [diffuse astrocytic and oligodendroglial WHO
grade II and III tumours], and n=48 [10%] other
histological entities [pilocytic astrocytoma, pleomorphic
xanthoastrocytoma, hemangiopericytoma, dysembryo-
plastic neuroepithelial tumor, ganglioglioma, medullo-
blastoma, central neurocytoma, and primary central
nervous system lymphoma]), with MRI data from
595 scans collected between April 27, and Sept 17, 2018
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Figure 3: Quantitative volumetrically defined time to progression in the Heidelberg test dataset (A) and
EORTC-26101 test dataset (B), and RANO-defined time to progression in the EORTC-26101 test dataset (C)
ANN=artifical neural network. EORTC=European Organisation for Research and Treatment of Cancer.

RANO=Response Assessment in Neuro-Oncology.

(Heidelberg simulation dataset). We yielded an average
computational processing time of 10 min 14 s per MRI
exam, thus staying well within a clinically acceptable
range (individual data are not shown). The processing
pipeline can already accommodate three routines running
simultaneously and can be scaled up linearly by adding
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Point estimate Zvalue pvalue
Quantitative ANN assessment
Time to progression* HR2:59 (1-86-3-60) 564 <0-0001
Treatment regiment HR1-14 (0-87-1-47)  0:95 034
c-index of the model 0-62 (0-59-0-66)
Central RANO assessment
Time to progression* HR2:07 (1-46-2-92) 412 <0-0001
Treatment regiment HR 114 (0-87-1-47)  0-95 034

c-index of the model 0-57 (0-54-0-61)

ANN-=artificial neural network. HR=hazard ratio. RANO=Response Assessment in
Neuro-Oncology. Z value is the ratio of each regression coefficient to its SE.

95% Cls are shown in parentheses where appropriate. *Time to progression is
included as a time-dependent covariate. fIncluded as binary covariate (initial
treatment containing bevacizumab vs no bevacizumab).

Table 3: Cox proportional hazards regression models for overall survival
with time to progression in the EORTC-26101 test dataset by
assessment method

Hazard ratio Wald y* p value
Baseline CE tumour volume, cm** 1-02 (1-01-1-03) 18.87 <0-0001
Early change in CE tumour volume, %* 1-04 (1-02-1-06) 19-88 <0-0001
Baseline NE volume, cm*t 1-00 (1-00-1-00) 0-03 0-87
Early change in NE volume, % 114 (0-92-1-41) 147 0-22
Age, yearst 1-01 (0-99-1-02) 134 025
Sex (female vs male) 0-92 (0-69-1-23) 0-30 0-59
WHO performance status (>0 vs 0) 117 (0-85-1-63) 0-92 0-34
MGMT promotor methylation status 0-61(0-46-0-81) 11-42 0-00073
(methylated vs unmethylated)
Glucocorticoids intake (yes vs no) 152 (1-11-2:09) 664 0-0099

The Cox model included tumour volumes automatically predicted by the artificial neural network (from baseline MRI
and the early change in those volumes between baseline and first follow up MRI as covariates). CE=contrast enhancing.
NE=non-enhancing T2 signal abnormality. MGMT=0°-methylguanine-DNA methyltransferase. *Included as continuous
variable (hazard ratios correspond to an increase of 1 cm”®). tIncluded as continuous variable (hazard ratios correspond

to an increase of 100%). fIncluded

as continuous variable (hazard ratios correspond to an increase of 1 year).

Table 4: Multivariable Cox proportional hazards regression model for overall survival in the EORTC-26101

test dataset
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additional processing nodes to the cluster without any
need to interrupt the existing workflow (appendix p 6).

Discussion

We showed that automated quantitative analysis of
MRI using a comprehensive deep-learning approach
with ANN could be a valuable tool for clinical decision
making in neuro-oncology. Specifically, the standard-
isation of our approach has great promise to decrease
inter-observer variability of assessment of tumour
response that often occurs with RANO criteria. We
showed robust performance and generalisability of our
ANN in the EORTC-26101 trial dataset, which was across
34 institutions including all major MRI manufacturers,
with a broad variety of scanner types and field strengths.
Moreover, our results suggest superiority of quantitative
volumetric assessment of tumour response, both in
terms of reliability and performance as a surrogate

endpoint for predicting overall survival. These findings
point out the inherent limitations of the 2D RANO
criteria, which only serve as an imperfect surrogate
parameter for the assessment of brain tumours that
frequently display complicated shapes and anisotropic
growth. Additionally, our implementation into a fully
automated application-ready processing pipeline for MRI
scans in the open-source XNAT framework holds great
promise for standardisation of tumour response
assessment in neuro-oncology across institutions and
clinical trials. Specifically, this processing pipeline not
only allows seamless integration that is manufacturer
neutral into routine clinical practice independent of pre-
existing infrastructures, but also enables investigators to
make use of existing XNAT capabilities to manage and
coordinate the analysis of MRI data in large multisite
clinical trials.

Although quantitative volumetric assessment of
tumour response might arguably be one of the most
quintessential parameters for accurate assessment of
tumour burden and response,®* it has previously been
cited as a labour-intensive, time-consuming, and complex
task—even in the case of semi-automated techniques*®—
which ultimately prevents clinical adoption.*** Our
integration of the robust ANN-based tumour segmen-
tation algorithm into a fully automated application-ready
processing pipeline for MRI scans allows investigators to
overcome this bottleneck that has previously restricted
automated and quantitative analysis of MRIs in neuro-
oncology. Although objective and automated assessment
of tumour response such as we have presented here is
the most evident application of this technology, this
technology could also be extended to a broad variety of
other applications, including automated high-throughput
imaging biomarker discovery (eg, volumetric quantifi-
cation of advanced MRI parameters, such as apparent
diffusion coefficients or relative cerebral blood volumes,
and radiomics analysis”) or automated contouring of
target volumes for radiotherapy treatment planning, all
of which require tumour segmentation masks as a
fundamental input. For example, in terms of imaging
biomarker discovery, we not only confirm the progno-
stic importance of baseline CE tumour volume,” but
also show that this parameter outperforms well known
molecular (eg, MGMT promoter methylation status)
or established clinical characteristics within the
EORTC-26101 dataset, and consequently provide further
rationale to include imaging parameters into clinical trial
design.”

Extensive investigation into the comparison of 2D
measurements (including RANO) with volumetric
measurements of tumour burden has been done,®"**
and a consensus exists that volumetric measurements are
more reliable and accurate than 2D measurements,*°"*
which is also supported by our findings in the
EORTC-26101 test dataset (with an increase in reliability
from 51% for local vs central RANO assessment to 87% for
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quantitative volumetric assessment based on ANN vs
radiologist ground truth). However, we acknowledge
that the added value of quantitative volumetric assess-
ment might be less pronounced when comparing
two neuroradiologists with extensive RANO experience
than when comparing the readings of less experienced
RANO readers with those of highly experienced RANO
readers, such as in the EORTC-26101 test dataset (with
potentially less experienced local RANO readers vs highly
experienced central RANO readers). Moreover, whether
the higher reliability and accuracy of quantitative
volumetric measurements than 2D measurements would
translate into clinical relevance has been uncertain until
now. Indeed, the few studies®* that have compared non-
automated volumetric assessment of tumour response
with RANO had divergent results, with some studies
suggesting added value of volumetric assessment of
tumours,” whereas others did not find evidence to favour
volumetric assessment over RANO as a surrogate
endpoint for predicting overall survival.® However, all
these previous comparisons did not consider that patients
might only develop new, anatomically distinct lesions,
which would immediately qualify for progression with
RANO but might not qualify for progression on the basis
of volumetric thresholds because the overall tumour
volume could remain below the prespecified threshold.
We overcame this limitation and introduced an algorithm
to automatically identify the occurrence of new tumour
lesions during follow-up. By integrating this algorithm
into our automated processing pipeline, we identified that
up to 10% of patients fell into this category and would
otherwise not have qualified for tumour progression at
this timepoint. This finding was of substantial importance
for unbiased comparison of the performance of quanti-
tative volumetric assessment of tumour response versus
RANO in our study. Consequently, by use of time-
dependent Cox regression modelling, our results suggest
superiority of time to progression calculated by the
automated quantitative ANN-based assessment of tumour
response over central RANO assessment as a surrogate
endpoint for predicting overall survival.

Our study had some limitations. First, we acknowledge
the retrospective nature of the study and the relatively
small, single-centre dataset used for training of the ANN.
Although we specifically enriched the Heidelberg training
dataset with comparatively uncommon and difficult
cases, a larger dataset might allow further improvement
of the accuracy of the ANN. Second, given the short
follow-up period in the Heidelberg simulation dataset, we
were unable to investigate the accuracy of automated
quantitative volumetric assessment of tumour response
in comparison with RANO in this dataset. Third,
the suggested added value of automated quantitative
volumetric assessment of tumour response compared
with RANO, both in terms of reliability and performance,
as a surrogate endpoint for predicting overall survival
in the EORTC-26101 test dataset requires further
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validation in a prospective setting. This investigation is
currently ongoing via application of the fully automated
MRI-processing pipeline within the XNAT infrastructure
as part of central neuroradiological assessment for the
N2M2 umbrella multicentre trial (NCT03158389) in newly
diagnosed patients with non-MGMT hypermethylated
glioblastoma.” Moreover, refinement from a methodical
perspective will focus on further improving the segmen-
tation performance of the ANN. Specifically, although the
ANN and its accompanying training scheme were heavily
inspired by our contribution” to the BraTS 2017 challenge,
we acknowledge that a complete understanding of all
design choices and their relative contribution to segmen-
tation performance could point us towards potential
further improvements and thus constitutes a valuable
topic of research for further projects. From a clinical
perspective, we will focus on also including advanced
MRI parameters (eg, apparent diffusion coefficients or
relative cerebral blood volumes) into the automated
analysis workflow, which is of specific importance in the
era of immunotherapy—eg, for early separation of
pseudoprogression from true progression.”* Finally, the
scalability and flexibility of our approach will enable
further extension to other disease entities (eg, quanti-
fication of lesion load in multiple sclerosis).*

Overall, our results suggest that ANN can enable
objective and automated assessment of tumour response
and imaging biomarker discovery in neuro-oncology at
high throughput, and could ultimately serve as a
blueprint for the application of ANN in radiology to
improve clinical decision making.
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