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Abstract

Expert guidelines standardize the delineation of the clinical target volume by giving neigh-
boring anatomical structures as boundaries. In this research, we have automated the seg-
mentation of seventy-one most mentioned anatomical structures in the expert guidelines.
For most structures there are no segmentation accuracies found in the literature. For oth-
ers, the DICE improves in our research. The sDICE with a 2 mm tolerance shows clinical
acceptance for most structures. Overall, we set benchmarks for several structures of the
head and neck anatomy. With these segmentations the guideline-conformance of clinical
target volumes can be measured.

Keywords: Expert guidelines, automatic segmentation, anatomical structures, multi-label
segmentation, target volume delineation, head and neck cancer.

1. Introduction

In radiation therapy the precise delineation of the target volume is crucial for tumor control.
Especially in the head and neck area, in which anatomical structures are closely neighboring
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each other, there is a fine line between tumor control and the sparing of healthy tissues.
Consensus expert guidelines are accepted to standardize the segmentation of target volumes
(Grégoire et al., 2018; Gregoire et al., 2014). The clinical target volume (CTV) comprises
the tissues infiltrated by microscopic tumor cells and in the expert guidelines its outline is
described by bordering anatomical structures.

Manual delineations are time-consuming and show large inter- and intra-observer vari-
ability (van der Veen et al., 2019). While deep learning methods show good results on
the segmentation of organs at risk (OAR) (Nikolov et al., 2018), despite years of effort the
progress of CTV segmentation is heavily affected by the inconsistent manual delineations
(Cardenas et al., 2018; Strijbis et al., 2022).

Our previous work has shown that the rules and boundaries given by the expert guide-
lines are not learned by a neural network during supervised training. Our new approach
to the automatic delineation of CTVs is the direct automated application of the rules. For
that, all necessary anatomical structures need to be segmented, then the relevant bound-
aries can be extracted and combined based on the rules given by the expert guidelines to
construct a guideline-conform CTV.

Earlier studies on the segmentation of anatomical structures have only published results
on a small subset of necessary structures. We have investigated the precision to which all
necessary anatomical structures can be automatically segmented.

2. Methods

For the study, the most important seventy-one anatomical structures mentioned in the ex-
pert guidelines were manually delineated by six trained observers with a standard operating
procedure. Delineations were made for 104 calibrated planning CT scans aggregated from
four different study cohorts. All patients gave informed consent. The study is approved
from the ethics committee XXX. Three different nnUnet models were trained with default
parameters on disjunct subsets of the structures (Isensee et al., 2021). Structures that were
not present in the manual labels were neglected in the analysis.

3. Results

Table 1 shows the DICE and sDICE (Nikolov et al., 2018) with a 2 mm tolerance for the
ten most mentioned structures in both guidelines. The DICE results are comparable or
better than the ones in the literature for the sternocleidomastoid muscle (0.73 ± 0.02 in
Weber et al. (2021)), the pharyngeal constrictor muscles and the carotid arteries (0.71 ±
0.10 and 0.68 ± 0.11 in Van Dijk et al. (2020)), and the pharynx (69.3 ± 6.3 in Ibragimov
and Xing (2017)). Only for the vertebra C1 there are better results found (approximately
0.96 in Wasserthal et al. (2022)) which are not reproducible when their method is applied
to our own data (0.83 ± 0.03). To our knowledge, for the DICE of all other structures
as well as the sDICE for all structures, there is no segmentation accuracy published. The
DICE and sDICE are comparable to the inter-observer variability calculated for a subset of
representative structures delineated by two of our trained observers.

The DICE and sDICE results for different groups of anatomical structures are given
in Figure 1. Groups of structures with better contrast (i.e. air, bones) show better results
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Table 1: Comparison of predicted and manual labels of ten anatomical structures. Mean ±
standard deviation of the DICE and sDICE with a 2 mm tolerance.

Structure DICE sDICE

pharynx 0.82 ± 0.08 0.89 ± 0.07

sternal manubrium 0.91 ± 0.06 0.93 ± 0.08
hyoid bone 0.82 ± 0.07 0.95 ± 0.06
vertebra C1 0.86 ± 0.04 0.92 ± 0.04

thyroid cartilage 0.84 ± 0.08 0.96 ± 0.04
cricoid cartilage 0.67 ± 0.16 0.80 ± 0.14

sternocleidomastoid muscle 0.81 ± 0.12 0.88 ± 0.12
scalenus muscle 0.72 ± 0.10 0.84 ± 0.10

thyro-hyoid muscle 0.51 ± 0.19 0.84 ± 0.17
pharyngeal constrictor muscles 0.60 ± 0.14 0.81 ± 0.10

common carotid artery 0.79 ± 0.11 0.92 ± 0.08
internal carotid artery 0.57 ± 0.19 0.77 ± 0.19

than the other groups. The largest variation in both coefficients is shown in the largest and
most diverse group, the muscles, as well as in the smallest group summarizing the results
of only two cartilages.

Since the DICE is by design more sensitive to deviations in small structures, the lowest
DICE scores in each group are scored by narrow structures. Except for the right internal
carotid artery, the sDICE of those structures does not show any saliencies. Because of
inconsistent labeling, the tonsils were excluded from the analysis.
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Figure 1: Comparison of predicted and manual labels between groups of anatomical struc-
tures with DICE and sDICE with 2 mm tolerance. Quantities per group were Air
(6), Bones (11), Cartilages (2), Glands (3), Muscles (26), Vessels (11).
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4. Discussion

The question whether the segmentations are accurate enough to evaluate guideline-conformance
of a CTV is answered by the predominantly large values for the sDICE with 2 mm tolerance.
In radiation therapy a deviation of 2 mm or less is considered acceptable for clinical use.
One limitation is the inconsistent delineation of the tonsils and thus, their exclusion from
further use.

Overall, this research establishes the first ever segmentation results for several structures
of the head and neck anatomy, improves the segmentation results of other structures and
collects all the results in one paper. These results will be a benchmark for following research
on automatic segmentation in the head and neck area.

We can now automatically measure the degree of guideline-conformance of each single
CTV delineation by analyzing the overlap between a CTV and the anatomical structures
that should be excluded from the CTV or included in the CTV with respect to the expert
guidelines. Identifying critical cases will support clinicians in delivering more consistent
CTV delineations for radiotherapy planning.
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