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ARTICLE INFO ABSTRACT

Keywords: Purpose: To evaluate the interreader variability in prostate and seminal vesicle (SV) segmentation on T2w MRI.
Segmentation Methods: Six readers segmented the peripheral zone (PZ), transitional zone (TZ) and SV slice-wise on axial T2w
Prostate

prostate MRI examinations of n = 80 patients.

Twenty different similarity scores, including dice score (DS), Hausdorff distance (HD) and volumetric simi-
larity coefficient (VS), were computed with the VISCERAL EvaluateSegmentation software for all structures
combined and separately for the whole gland (WG = PZ + TZ), TZ and SV. Differences between base, midgland
and apex were evaluated with DS slice-wise.

Descriptive statistics for similarity scores were computed. Wilcoxon testing to evaluate differences of DS, HD
and VS was performed.

Results: Overall segmentation variability was good with a mean DS of 0.859 ( = SD = 0.0542), HD of 36.6
( = 34.9 voxels) and VS of 0.926 ( = 0.065). The WG showed a DS, HD and VS of 0.738 ( = 0.144), 36.2
( %+ 35.6 vx) and 0.853 ( = 0.143), respectively. The TZ showed generally lower variability with a DS of 0.738
( £ 0.144), HD of 24.8 ( = 16 vx) and VS of 0.908 ( = 0.126). The lowest variability was found for the SV with
DS of 0.884 ( = 0.0407), HD of 17 ( + 10.9 vx) and VS of 0.936 ( + 0.0509). We found a markedly lower DS of
the segmentations in the apex (0.85 = 0.12) compared to the base (0.87 + 0.10, p < 0.01) and the midgland
(0.89 = 0.10, p < 0.001).

Conclusions: We report baseline values for interreader variability of prostate and SV segmentation on T2w MRI.
Variability was highest in the apex, lower in the base, and lowest in the midgland.

Zonal anatomy
Interreader agreement
Variability

1. Introduction

Accurate prostate segmentation is crucial in the planning of biopsies
(i.e. MR-ultrasound image fusion), focal ablative treatments of localized
prostate cancer [1] or irradiation of inoperable tumors [2]. Moreover,
the definition of prostate boundaries on MR images are a crucial step
for the radiologist to detect extracapsular extension or invasion of ad-
jacent structures, such as the neurovascular bundle, rectum or seminal
vesicles [3].

The segmentation of the T2-weighted (T2w) MRI images is usually
performed in a manual, slice-by-slice fashion. Because this is a tedious
and time-consuming process, recent research efforts have focused on
automating prostate segmentation [4], e.g. using deep learning

algorithms [5]. Since the inception of the PROMISE challenge in 2012
[5], there has been a perpetual chase for higher similarity scores to the
“ground truth segmentation”. However, while novel deep-learning ar-
chitectures promise to deliver incremental improvements [6], it is not
clear whether these simply reflect the algorithm learning the particular
reference segmentation of a single reader at a single point in time [7],
or whether they reflect a truly meaningful improvement towards the
human baseline. In fact, this very baseline is not yet known: Only very
few studies have systematically investigated the underlying human
interreader variability in prostate segmentation [8,9], and no study has
been undertaken to evaluate the delineation of the different anatomical
zones of the prostate and the seminal vesicles. Both are crucial steps on
the path to automated prostate cancer detection and local staging
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algorithms [10]. Furthermore, it is unclear how different levels of ex-
pertise/experience influence segmentation accuracy or interreader
variability.

Hence, the purpose of this study was to determine the interreader
variability of radiologists with different levels of experience and non-
radiologists in the segmentation of the prostate in T2w MR images, and
to provide a publicly accessible dataset of MRI images and six candidate
segmentations.

2. Methods
2.1. Datasets

We compiled a cohort of 80 patients from two different cohorts/
datasets. Dataset I (in-house) consisted of 68 treatment-naive patients
from a previously published retrospective cohort study [11]. Institu-
tional review board approval for the use of these data had been ob-
tained under a waiver for additional informed consent. Dataset II con-
sisted of 12 patients from the publicly available “Prostate-3T” dataset
from the cancer imaging archive (TCIA, direct link: http://bit.ly/
prostate3t). The following 12 IDs were randomly selected: 09, 13, 15,
19, 22, 31, 33, 37, 38, 40, 49, 53. The corresponding segmentations can
be downloaded at https://github.com/ASBecker/prostate_reference_
segmentations. Image quality of both cohorts was comparable.

2.2. Segmentation

For segmentation we used the freely available ITK-Snap software (v.
3.6.0; itksnap.org) in polygon mode with the standard settings (segment
length 8 px). Six readers performed the segmentations: two experienced
readers, Expl (OFD) and Exp2 (AMH) (board-certified radiologists with
6 and 5 years of experience, respectively), two radiology residents in
training: Res1 (UJM) and Res2 (KS) (5™ and 3™ year of the 5-year re-
sidency), two computer vision scientists, Scil (EK) and Sci2 (KC) (non-
radiologists; associate professor and PhD student) with over 14 and 2
years of experience in medical image segmentation. The basic prostatic
anatomy is reviewed in Fig. la/b. Readers were instructed to first
segment the whole peripheral zone (PZ) with the edges well over-
lapping with the transitional zone and seminal vesicles in order to avoid
pixels with the background label on the edges of the segmentation. The
readers then segmented the transitional zone (TZ) and seminal vesicles
(SV), drawing over the PZ label where needed. This process is depicted
in Fig. 2. Since many patients at risk for PCa are older and suffer
concurrent benign prostatic hyperplasia, their anatomy is usually to a
greater or lesser degree distorted as shown in Fig. 1c—f. This led us to
not segment the central zone (CZ) separately, since it is usually com-
pressed, displaced and not well delineated. Furthermore, only around
10% of cancers arise from this area. Henceforth, we implicitly include
the CZ whenever we refer to the TZ unless otherwise stated. Further-
more, the anterior fibromuscular stroma was not segmented separately.
It is usually compressed and deformed to a sliver, and its borders are ill-
defined. Also, cancer does usually not arise from this structure due to its
lack of glandular elements.

2.3. Similarity metrics and statistical analysis

The open-source VISCERAL EvaluateSegmentation software (Apache
License v2), available for download at https://github.com/Visceral-
Project/EvaluateSegmentation was used for computation of the simi-
larity of the segmentations. The software implements many different
similarity metrics as published in detail in [12]. Since each metric is
sensitive to a different quality aspect of 3D segmentation, we report 16
different metrics, calculated pairwise and summarized as mean and
standard deviation. However, since many of those parameters exhibit
strong co-correlations, statistical testing is only performed on the three
most commonly reported metrics in the literature (Dice-score (DS),
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Hausdorff distance (HD) and the volumetric similarity coefficient (VS))
in order to avoid Type I errors. To evaluate the differences between
base, midgland and apex of the prostate (i.e. divided by thirds in cra-
niocaudal axis), the dice score was calculated for every slice and sub-
sequently summarized for each third in every prostate/reader. A paired
wilcoxon-test was used for comparisons and the p-values were cor-
rected with the Bonferroni-Holm procedure for the number of reader
pairs/combinations. A p-value < 0.05 was considered indicative of a
statistically significant difference.

3. Results

Overall segmentation variability was good with a mean DS of 0.859
(£ SD =0.0542), HD of 36.6 (*34.9 px) and VSC of 0.859
( £ 0.0542). When evaluating only the gland itself (TZ + PZ) without
the SV, we found that the DS 0.738 ( + 0.144) and VS 0.853 ( = 0.143)
markedly decreased, while the HD remained virtually the same 36.2
( + 35.6 px). The TZ showed generally lower variability when sepa-
rated from the PZ with a DS of 0.738 ( = 0.144), HD of 24.8 ( = 16 px)
and VS of 0.908 ( = 0.126). The lowest variability was found for seg-
mentation of the SV with high DS 0.884 ( + 0.0407), low HD 17
( £ 10.9 px) and high VS 0.936 ( = 0.0509). These results as well as the
remaining metrics are summarized in Table 1. There were several sig-
nificant differences between radiologists and non-radiologists as sum-
marized in Table 2: Only the radiology residents (representing inter-
mediate experience) exhibited one non-significant difference with each
of the other category (representing low and high experience, respec-
tively). The full pair-wise data can be found online in the Supplemen-
tary Tables.

To further investigate the high variability in the whole gland/PZ, we
computed the DS for every slice of the segmentation. To account for the
different number of slices in the exams, we summarized the DS for
every third of the prostate (in the z-axis): Apex, midgland and base We
found a markedly lower similarity of the segmentations in the apex
(0.85 = 0.12) compared to the base (0.87 = 0.10,p < 0.01) and the
midgland (0.89 + 0.10, p < 0.001) as can be appreciated in Fig. 3.
Note that the 3D-DS and 2D-DS are not directly comparable.

4. Discussion

We systematically analyzed the interreader variability of human
readers in zonal segmentation of the prostate gland and seminal vesicles
based on T2w MRI. We found low variability for the SV, slightly higher
variability for the TZ and significant higher variability in the apical and
basal portions of the prostate gland/PZ. The latter results are partly in
line with a previously published, smaller study by Shahedi et al. [9]
who reported a lower Dice-score in the base and apex (0.67/0.66). In
line with our results, they also reported a lower variability in the
midgland (0.88), however, they did not find a difference between apex
and base, which may be an artifact of the relatively small number of
subjects (n = 10). On the other hand, Wang et al. [8] studied the seg-
mentation of the whole prostate in 3 readers and n = 40 subjects and
found a comparable DS (0.84) to our 2D values, however, they did not
further analyse in which regions/height the variability was higher.
Furthermore, an earlier study by Martin et al. [4] found a nearly
identical variability, which was improved by helping the reader with a
semi-automatic algorithm. Lastly, we found significant differences be-
tween radiologists and non-radiologists, which suggests that, in contrast
to the findings of [13], an interreader-baseline of non-radiologists may
not suffice for meaningful comparison to new segmentation algorithms.

With increasing performance of various machine learning algo-
rithms (in particular deep neural networks), there is great hope for
algorithms which help the radiologist detect prostate cancer in MRI
[14]. This is of interest not only for large centers, where such algo-
rithms may enable higher examination throughput, but also for smaller
facilities where the number of prostate MRI examinations is low and
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Fig. 1. Zonal anatomy of the prostate as established by McNeal [21] in an axial slice through the base (a) and a midsagittal section (b). More often than not, this
anatomy is heavily distorted by benign prostatic hyperplasia (of the TZ), which compresses and displaces CZ and AFMS to small, ill-defined slivers of tissue (c&d).
Hence, only PZ, TZ and SV were labelled in the segmentation process (e&f). Abbr.: TZ = transition zone, PZ = peripheral zone, CZ = central zone, AFMS = anterior
fibromuscular stroma, SV = seminal vesicles.

thus a broader range of pathologies needs to be covered overall. different amongst the anatomical zones, with the PZ harboring the
However, it is important that such algorithms, implicitly or explicitly, majority (~70-80%) of cancers. In Bayesian terms, this results in a
have an understanding of the zonal anatomy of the prostate. This is different prior probability for candidate lesions in the different zones.
important for at least two reasons: First, the cancer prevalence is very Moreover, TZ and PZ cancers exhibit different imaging characteristics
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Fig. 2. To avoid background labels within the prostate (yellow arrow in (a)),
the readers were instructed to follow the sequence depicted in (b)-(d) i.e. to
first segment the PZ labelling a large part of the TZ as well, and subsequently re-
label these falsely assigned voxels with the true TZ label (e) for a gapless seg-
mentation.
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and should thus be differently evaluated by the reading radiologist
[15]. A recent study by Antonelli et al. suggests that the same holds true
for machine learning algorithms, which exhibit different performance
characteristics depending on the zonal origin of the cancer [16].
Second, local staging is an important part of reading a prostate MRL. In
order to evaluate extracapsular extension or invasion of neighboring
structures, e.g. the SV, the boundaries of these structures need to be
precisely defined. While it is often said that in theory, with unlimited,
well-labelled data, an optimal algorithm should be able to auto-
matically develop internal representations of these concepts. However,
in the real world good data is sparse and it makes sense to incorporate
prior knowledge: For example, shape priors have been shown to assist
the deep learning based segmentation algorithms in other body regions
such as the kidney or the heart [17,18].

The reason for the relative sparsity of high-quality labelled training
data is the same as why automatic segmentation algorithms for the
prostate are important: Manual segmentation is extremely time-con-
suming. On the other hand, segmentation of the prostate is also an
extremely important task and has to be performed frequently in the
clinical routine, i.e. for MRI-ultrasound image fusion in order to obtain
targeted biopsy samples. It is not uncommon for patients to undergo
multiple biopsies before the diagnosis of a clinically significant cancer
can be established [19]. Each time, the prostate needs to be newly
segmented. Furthermore, when receiving external beam radiation
therapy (EBRT), the treatment is usually delivered in daily fractions
over a period of multiple weeks, requiring daily new segmentations
[20]. In the case of EBRT reliable and accurate segmentation is of ut-
most importance in order to avoid radiation toxicity to surrounding
structures. Hence, reliable automatic prostate segmentation algorithms
may not only save time but may also help improve patient oucomes.

Our study has several limitations that need to be mentioned.
Although we provided a comprehensive evaluation of the segmentation
of the prostate with all established similarity metrics, we did not
evaluate the accuracy in segmenting other clinically important struc-
tures, such as the urethra or the neurovascular bundles. Hence, we
cannot conclusively assess whether this would have been accurately
assessed e.g. by the non-radiologists. However, some of these structures
are often very hard to delineate even for an experienced radiologist,
and may only be identifiable on a given slice with the information from
the slice above and/or below. It stands to reason that unless better MRI
sequences become available which allow more confident delineation,
automatic algorithms will not be able to reliably segment these struc-
tures. Another limitation is that we are not able to share our full dataset
due to patient confidentiality/data protection. However, we attempted
to overcome this limitation by including a second cohort from a pub-
licly available dataset, the segmentations of which are publicly avail-
able for further research. Furthermore, the difference in agreement
between base and apex was, although statistically significant, fairly
small. Further studies are necessary to determine whether this differ-
ence is clinically relevant. Lastly, although some of our patients ex-
hibited MR visible cancer lesions, we did not further evaluate the in-
fluence on the segmentation. The rationale was that computer
algorithms will also be evaluated on a mixed, real-world cohort; hence
our sample is more representative of the clinical routine. As for the
segmentation of cancer lesions, we believe this is a separate matter that
deserves a dedicated study.

In summary, we report baseline values for interreader variability of
prostate segmentation in MRI. Variability was highest in the apex,
lower in the base, and lowest in the midgland.
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Table 2

European Journal of Radiology 121 (2019) 108716

Adjusted p-values of the similarity metrics between different reader parings, showing significant differences for most combinations. Radiology residents (representing
intermediate experience) exhibited one non-significant difference with each of the other category (representing low and high experience, respectively).

Comparison Dice Coefficient (F1-Measure)

Volumetric Similarity Coefficient Hausdorff Distance (in voxel)

< 0.001
0.37

< 0.001
0.002

Non vs. Expert Radiologists

Non vs. Resident Radiologists

Resident vs. Expert Radiologists
Non-Rad.-Radiologists vs. Radiologists only

< 0.001
< 0.001
0.25

< 0.001

0.040
< 0.001
< 0.001
0.028

1.0- *%

*kkk

0.9 1

Dice Score
oo

o
o]
1
o

0.7 1 °

Apex Midglandular Base

Fig. 3. Slice-wise Dice score shows siginficantly higher variability in the apical
third (0.85 = 0.12) compared to the base (0.87 + 0.10, **p < 0.01). Both

base and apex exhibited higher variability compared to the midgland
(0.89 + 0.10, ***p < 0.001 and ****p < 0.0001).
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