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Abstract— Software-based manual segmentation is critical to
the supervision of diffuse low-grade glioma patients and to
the optimal treatment’s choice. However, manual segmentation
being time-consuming, it is difficult to include it in the clinical
routine. An alternative to circumvent the time cost of manual
segmentation could be to share the task among different prac-
titioners, providing it can be reproduced. The goal of our work
is to assess diffuse low-grade gliomas’ manual segmentation’s
reproducibility on MRI scans, with regard to practitioners, their
experience and field of expertise. A panel of 13 experts manually
segmented 12 diffuse low-grade glioma clinical MRI datasets
using the OSIRIX software. A statistical analysis gave promising
results, as the practitioner factor, the medical specialty and the
years of experience seem to have no significant impact on the
average values of the tumor volume variable.

I. INTRODUCTION

Diffuse Low-Grade Gliomas (DLGG) are rare primitive
cerebral tumours of adults. These tumours progress
continually over time and then turn to a higher grade
of malignancy associated with neurological disability
and consequentially become fatal. Tumour size is one of
the most important static prognostic factors [1]. Linear
Regression analysis using mixed models have reported an
average increase rate of 4.1 mm per year in tumor diameter
[2]. The therapeutic strategy is based on a personalized and
long-term multistage approach with online adaptation over
the years related to volumetric and clinical changes. Early
functional surgery is usually the first therapy when possible.
Chemotherapy can be used as an adjuvant treatment but
sometimes, also, in a neoadjuvant position before surgical
resection. Radiotherapy is usually reserved for cases of
progression after chemotherapy for unresectable tumours or
at the time of anaplastic transformation [3].
For patient monitoring, it is essential to apprehend the
volumetric evolution under usual clinical conditions (during
consultations) in order to optimally adapt the treatment in
real time [4]. The simple qualitative comparison of two
separate MRI examinations at 4 to 6 months intervals
does not usually objectify the growth. It was originally
proposed to measure the largest diameters in the 3 spatial

planes, D1, D2, D3, and then to extrapolate the volume
with the following formula: D1∗D2∗D3/2 [5]. A software-
based manual segmentation was developed in [6] and has,
since, become the standard technique for the majority of
experts. This method is time-consuming, thus a massive
segmentation by many different clinicians would improve
the therapeutic treatment of patients. However, to our
knowledge, DLGG manual segmentation’s reproducibility
on MRI images has not yet been assessed [7]. Indeed,
the main up-to-date studies include several brain tumor
types in the same study and focus rather on a comparison
between automatic and manual segmentation performance.
If automatic segmentation can be of great interest, we claim
that in the case of DLGG, manual segmentation remains not
only the ground truth but the current best way to determine
the volume of such tumors for the majority of specialized
teams. Indeed, automatic segmentation does not yet seem
to be reliable for distinguishing tumor signal abnormalities
and other causes of signal abnormalities (post-surgical or
post-radiotherapy modifications, leucoencephalopathy from
various aetiologies, etc.). But as manual segmentation is
time-consuming, the less accurate 3 diameters method is
mostly prefered for assessing the volume in daily hospital
practice.
The work we propose here addresses the question of manual
segmentation’s reproducibility by studying the impact of
the practitioner on the DLGG’s volume estimation. Indeed,
the latter can strongly influence the choice of a therapy and
the time to start or to stop it. Such repercussions motivate
the conduct of a subjective study of manual segmentation
consistency among a group of DLGG experts. Such a
consistency is key to the reliability and reproducibility of
clinical diagnosis and, consequently, to the selection of the
appropriate therapy.

The rest of the paper is organized as follows. In section
2, the methodology and the tools applied in this study are
described. In section 3, the statistical techniques of evaluation
are detailed. Section 4 presents the results of the statistical



study. Section 5 summarizes these results and discusses their
consequences for medical practice.

Fig. 1: Example of the manual segmentation of an MRI’s
slice with OSIRIX. Each colored curve corresponds to the
segmentation performed by one participant.

II. MATERIALS AND METHODS

Subjective tests are often conducted to evaluate the qual-
ity of images and videos, as for example in the context
of data compression studies[8], [9]. These tests take into
consideration the most current medical practices and are
performed in a strictly controlled environment. The results
of subjective tests are quantified by objective metrics and
rely on a pre-defined ground truth for their interpretation.
In this study, the average of the volumes was selected as a
ground truth due to the absence of an absolute ground truth.
A neuroradiology expert, who was excluded from the experts
panel, selected 12 longitudinal MRI scans of 9 patients
diagnosed with DLGG without any previous treatment. All
patients were informed and provided proof of their written
agreement to participate to the present study. Moreover,
the patient information was anonymized and de-identified
prior to analysis. The datasets were all FLAIR-weighted
axial scans except for one T2-weighted axial scan. There
were 3 Cube MRI scans and 9 regular MRI scans. The
reproducibility of manual segmentation study was carried
out within the Living Lab PROMETEE.1 This platform is an
innovation platform allowing the study and management of
videos and images’ technical quality with respect to medical
usage. It is well-equipped and arranged, provides a highly
efficient environment to comply with the general visualiza-
tion conditions for these kind of tests, as fixed by the ITU-
BT.500-13 recommendation [10]. The room lighting was
controlled so as not to produce reflections on the screen. The
surrounding environment was all in white in order to avoid
visual distractions. A panel of 14 experts performed manual
segmentation on the dataset with OSIRIX as illustrated in the
example of fig.1. OSIRIX is an open source Dicom Viewer
software for Apple Macintosh [11] [12].The 32-bit OSIRIX

1PeRceptiOn utilisateur pour les usages du MultimÉdia dans les applica-
tions mÉdicalEs: User perception for multimedia usages in medical appli-
cations. PROMETEE is located in TELECOM Nancy engineering School,
Nancy France. http://telecomnancy.univ-lorraine.fr/fr/recherche/living-lab.

TABLE I: The distribution of participants by medical spe-
cialty.

Medical specialty Neurology Radiology Radiotherapy
Number of participants 6 4 3

TABLE II: The distribution of participants by years of
experience.

Years of experience ]0;10] ]10;+∞[

Number of participants 8 5

version was adopted in this study. The participants started
by performing a visual test on a tablet with the purpose of
detecting the participants with vision problems. Then, they
proceeded with a learning dataset, which was not included
in the study results, so as to get familiar with the OSIRIX
segmentation tool. The instruction was to manually delineate
tumor contours on slices containing contrast enhancement
related to a DLGG. In order to be consistent with medical
practice, the radiological windowing and the number of
slices to be segmented were not specified. The participants
started the test by segmenting half the dataset, taking a 5-
minutes break, and then completing the segmentation of the
other half. At the end, they completed a questionnaire about
their medical specialty and their years of experience since
residency.

Following the first tests of consistency, it turned out that
one of the 14 participants had inconsistent results. Thus,
all the results described hereafter are based on the ratings
made by 13 consistent participants. For the study of the
variability introduced by the medical specialty on the tumor,
three categories were defined : neurologists, radiotherapists
and radiologists. As for the years of experience, two groups
were set: ]0;10] and ]10;+∞[.The distribution of medical
specialties and years of experience is listed, respectively, in
Tables I and II.

After the test was complete, the manual tracings were
saved and the tumor volume, for each dataset, was com-
puted under OSIRIX based on the Delaunay triangulation
reconstruction method.

T2 Cube Flair Cube Flair Cube Flair

0

25

50

75

100

125

Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Dataset 6 Dataset 7 Dataset 8 Dataset 9 Dataset 10Dataset 11Dataset 12

Datasets

V
o
lu

m
e
s
 (

c
m

3
)

Participants

average

participant1

participant 2

participant 3

participant 4

participant 5

participant 6

participant 7

participant 8

participant 9

participant 10

participant 11

participant 12

participant 13

Fig. 2: Change in tumor volume based on MRI datasets and
compared to the average volumes for all participants.
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Fig. 3: Boxplot of the tumor volumes for all datasets.

III. STATISTICAL ANALYSIS

The final study dataset consists of 12 tumor volumes for
each of the 13 participants: (xi, j)i=1...13, j=1...12. The purpose
of the statistical analysis is to investigate the variability
introduced by the practitioner factor on the tumor volume
variable in order to examine the influence of the practitioner
on the acquired tumor volumes. Other purposes of this
study include the analysis of the relationship between the
participant’s medical specialty as well as their years of
experience and the tumor volumes. For the study of the
variability introduced by the practitioner, a one-way analysis
of variance (ANOVA) [13] was applied to tumor volumes.

In order to statistically quantify the variability introduced
by the years of experience and the medical specialty on the
tumor volumes, a standard volume, yi, j, was first calculated
as follows:

yi, j =

(
xi, j− x j

σ j

)
(1)

where x j is the mean volume, and σ j is the standard
deviation by volume. Centering xi, j around the mean values
of volumes for a given dataset and dividing by its standard
deviation accounts for the difficulty of segmentation. The
standard deviation, σyi , of yi, j was then calculated and an
exact Fisher test [14] [15] was applied on σyi for both studies.
In order to assess the inter-observer variability, the coefficient
of variation (COV) [16] [17] by volume was used. This
coefficient measures the change in volume of the segmented
objects, and is defined by:

COVj =
σ j

x j
(2)

Another metric that is used to assess the inter-participant
variability is the agreement index (AI) [18]. This metric gives
the inter-participants agreement , in pairs of participants, for
each volume j = 1, ...,12:

AI(i,i′), j = 1−
2
∣∣xi, j− xi′, j

∣∣
xi, j + xi′, j

(3)

for all pair of participants (i, i′); i 6= i′; i, i′ ∈ {1, ...,13}.
AI values vary from 0 (no agreement between participants)

to 1 (perfect agreement between participants).
Finally, to estimate the inter-participant variability on a pixel

TABLE III: COV, AI and IV by medical specialty.

Medical specialty Neurology Radiology Radiotherapy
COV (mean±S.D.) 17.99 ±12.44 16.56 ±10.11 14.48 ±12.32
AI (mean±S.D.) 0.74 ±0.28 0.73 ±0.27 0.74 ±0.27
IV (mean±S.D.) 0.27 ±0.07 0.3 ±0.08 0.29 ±0.09

level, the interoperator variance (IV) [18] was applied. This
metric, computed for each commonly segmented slice of
each MRI exam, quantifies the overlap of two segmented
regions by each pair of participants. It is defined by:

IV = 1− AM1∩AM2

AM1∪AM2
(4)

AM1 is the segmented area by participant 1 and AM2 is
the segmented area by participant 2. IV values vary from 0
(perfect matching of pixel values) to 1 (no matching of pixel
values).

IV. RESULTS
The statistical analysis was implemented with R software

and Matlab. First of all, the volumes of the different par-
ticipants for all datasets were plotted against the average
of the volumes, the selected ground truth. As displayed
in fig.2, the practicians have the same volume variations,
even for Cube FLAIR datasets, which are supposed to be
harder to segment than regular FLAIR datasets. The set of
curves merges well with the curve of the ground truth. This
first result is confirmed by the boxplot in fig.3, where the
dispersion of tumor volumes per dataset around the mean
and the median is low. This would suggest that practitioners
tend to segment DLGG tumors similarly. In order to confirm
this visual result, an ANOVA was performed on the dataset.
With a significance level of 5%, it can be concluded that the
practitioner factor has no significant influence on the average
values of the volume variable.

Regarding the variability introduced by the medical spe-
cialization on the tumor volume variable, Fisher’s exact test
was performed with significance levels of 5%. With p-value
equal to 0.604, we could not prove that the medical speciality
has a significant impact on the assessed tumor volume.
Table III confirms this assertion for medical specialty. More-
over, Kolmogorov-Smirnov tests on the COV between pairs
of groups (with level of significance 5%) have confirmed this
assertion. Note that the tumor volumes vary from 1.67 cm3 to
117.35 cm3 through the different exams. So we have a huge
variety of volume size. COV is obviously more sensitive to
small volumes.
As for the variability generated by the years of experience
on the tumor volume variable, Fisher’s exact test released
a p-value of 0.8961, indicating, clearly, that the years of
experience could not be proved to have a significant influence
on the segmented volume. This result is confirmed as well
by Table IV.

V. DISCUSSION AND CONCLUSIONS
In this work, the reproducibility of manual MRI volume

segmentation with regard to practitioners, their experience



TABLE IV: COV, AI and IV by years of experience.

Years of experience ]0;10] ]10;+∞[

COV (mean±S.D.) 16.58 ±11.09 14.86 ±11.88
AI (mean±S.D.) 0.75 ±0.28 0.73 ±0.27
IV (mean±S.D.) 0.25 ±0.05 0.3 ±0.09

and their field of expertise, was assessed. This study shows
that, on average, neither the practitioner nor the medical
speciality or experience seem to have a significant impact
on the tumor volume. The latter result is rather surprising as
one would expect that experience would be a discriminatory
factor.
Another surprising observation was that the largest differ-
ences in volumes were noticed on the 3 first datasets, which
are supposed to be easy to delineate. Their boxplot’s (see
Fig. 3) spread around the median is large compared to, say,
datasets 4 and 11, Cube Flair datasets, that are supposed to
be more complicated to segment. This might be explained by
the novelty of the used delineation tool, OSIRIX, to some
participants. So, on the first datasets, the participants still
hadn’t mastered this tool. Across Cube Flair datasets, dataset
14 seemed to be harder to delineate than datasets 4 and 11.
This might be explained by the effect of tiredness by the end
of the test. But it doesn’t seem to affect the overall study
result.
On the basis of several commonly used criteria of the liter-
ature dedicated to inter-variability assessment, the statistical
analysis achieved on this study did not prove that the medical
specialty or the years of experience had any impact on the
segmented tumor volumes, regardless of the dataset difficulty
(Cube vs classical MRI scan). This is an encouraging result
that promotes cross-disciplinary collaboration among clini-
cians, especially for very frequent alternating consultations
between neurosurgeons and medical neuro-oncologists. And
even if this result should be confirmed by additional larger
studies, it opens the door to interesting perspectives in the
difficult context of DLGG, where automatic segmentation
does not yet seem to be able to offer a fully reliable solution.
As a consequence of this finding, the manual segmentation
process could be speeded up, as many clinicians would be
able to delineate DLGG of different patients, even the ones
they don’t follow. The monitoring of tumor evolution would
be improved as less time would be devoted by practitioners
to manual segmentation and more time could be spent
on clinical decisions regarding the appropriate treatment to
prescribe at different stages of the disease.
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