
ABSTRACT
Background: Deep learning (DL) models for auto-segmentation in radiotherapy have been extensively 
studied in retrospective and pilot settings. However, these studies might not reflect the clinical setting. This 
study compares the use of a clinically implemented in-house trained DL segmentation model for breast 
cancer to a previously performed pilot study to assess possible differences in performance or acceptability.
Material and methods: Sixty patients with whole breast radiotherapy, with or without an indication for 
locoregional radiotherapy were included. Structures were qualitatively scored by radiotherapy technolo-
gists and radiation oncologists. Quantitative evaluation was performed using dice-similarity coefficient 
(DSC), 95th percentile of Hausdorff Distance (95%HD) and surface DSC (sDSC), and time needed for gener-
ating, checking, and correcting structures was measured.
Results: Ninety-three percent of all contours in clinic were scored as clinically acceptable or usable as a 
starting point, comparable to 92% achieved in the pilot study. Compared to the pilot study, no significant 
changes in time reduction were achieved for organs at risks (OARs). For target volumes, significantly more 
time was needed compared to the pilot study for patients including lymph node levels 1–4, although 
time reduction was still 33% compared to manual segmentation. Almost all contours have better DSC and 
95%HD than inter-observer variations. Only CTVn4 scored worse for both metrics, and the thyroid had a 
higher 95%HD value.
Interpretation: The use of the DL model in clinical practice is comparable to the pilot study, showing high 
acceptability rates and time reduction.
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Background

The treatment planning workflow for breast cancer radiotherapy 
contains multiple steps which are mostly performed manually, 
including segmentation of target volumes and surrounding 
organs. This manual nature introduces intra- and interobserver 
variability (IOV), due to for example varying experience and 
guideline interpretation of treatment planners and radiation 
oncologists (ROs) [1, 2]. Besides, it is a time-consuming part of 
the workflow, and therefore multiple methods to automate this 
step were introduced in recent years.

First, atlas-based auto-segmentation was introduced [3, 4]. 
More recently, deep learning (DL) models showed the most 
promising results regarding segmentation quality and time-saving 
[5–10]. However, most studies only report results of these models 
in a retrospective or pilot setting. A study on clinical implementation 
of DL planning for radiotherapy already showed that this might not 
sufficiently reflect the real-world setting [11]. Therefore, one should 
monitor the performance of the DL model in clinical use, regarding 
its usage, results, adjustments, and other relevant factors [12].

Previously, in our clinic, a pilot study was performed for an 
in-house trained DL segmentation model for locoregional breast 
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cancer radiotherapy, after which the model was implemented in 
the clinical workflow [13]. This study aims to assess if differences 
in performance or acceptability arise after clinical imple
mentation, by evaluating the use of the model in the real-world 
clinical setting and comparing it to the previous results of the 
pilot study. By performing this study, an extensive validation of 
the DL model and its implementation is performed. This work 
therefore meets the demand for validation of such models as 
reported by several studies to overcome the barriers to clinical 
implementation [12, 14, 15].

Materials and methods

Data

The in-house trained DL segmentation model is used in our 
clinic, Catharina Hospital Eindhoven, since November 2022 for 
both left- and right-sided breast cancer. The DL model auto-
matically generates contours for 11 regions of interest (ROIs), 
including the clinical target volumes (CTVs) (breast [CTVp], axil-
lary lymph node levels 1–3 [CTVn1, CTVn2, and CTVn3] and 
supraclavicular lymph node [CTVn4]) as well as all involved 
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organs at risk (OARs) (heart, left/right lung, esophagus, thyroid, 
and humeral head). Model training was performed in coopera-
tion with RaySearch (RaySearch laboratories, AB, Sweden), using 
a 3D U-net architecture [16]. More information on the training 
procedure can be found in Ref. [13].

The DL model is used for patients treated with either partial 
or whole breast radiotherapy, with or without an indication for 
inclusion of either lymph node levels 1 and 2, or levels 1 to 4. The 
inclusion of these different patient groups means that either all 
11 ROIs or a subset of them are used for these patients.

The evaluated clinical workflow consists of several steps, 
performed in RayStation 10B-SP1. First, the radiotherapy 
technologist (RTT) loads a protocol-specific structure template, 
after which the involved ROIs are automatically generated. The 
RTT checks the OARs and corrects them when needed. Then, the 
RO checks and corrects the CTVs and performs an extra check on 
the OARs. Finally, the planning target volumes are automatically 
derived from the CTVs. In a daily meeting, all new patient 
segmentations and treatment plans are discussed with multiple 
ROs and a medical physicist. This process is equal to the process 
of manual segmentation, where empty structures are loaded, 
which are then segmented by the corresponding RTT or RO.

In this study, 15 RTTs and 7 ROs with varying experience 
participated, in contrast to 5 RTTs and 5 ROs in the pilot study. 
Sixty patients were included, treated between November 2022 
and March 2023. Contouring of either OARs or CTVs, or both, 
was timed and structures were scored as described further in 
the text. Contours which were not scored or timed were still 
included in the quantitative analysis. The total number of 
patients included for all ROIs is listed in Table 1.

Evaluation

The clinical use of the DL model was evaluated qualitatively and 
quantitatively. The RTTs and the ROs were asked to time the pro-
cess in which they load, check, and correct the contours. In addi-
tion, they scored the contours using a 3-point Likert scale: (1) 
clinically acceptable, no correction is needed; (2) not clinically 
acceptable, but can be used as a starting point while still saving 
time; (3) not clinically acceptable, and cannot be used as a start-
ing point. Statistical significance of the time and scoring between 

the pilot study and clinical phase was assessed using the Wilcoxon 
Rank Sum Test and Mann–Whitney U Rank Test, respectively.

Besides, three quantitative metrics were used to compare the 
DL generated contours with the corrected contours. These 
metrics are the Dice Similarity Coefficient (DSC), 95th percentile 
of the Hausdorff Distance (95%HD), and the surface DSC (sDSC) 
[17]. The first two quantitative metrics were also compared to 
IOV from two other studies [9, 10].

Results

Time needed for checking and correcting ROIs is listed in Table 
2. Since the pilot study only included patients with an indication 
for locoregional radiotherapy, no reference time is available for 
the segmentation of only CTVp. For both target volume sub-
groups, more time was needed to check and correct when com-
pared to the pilot study, although time reduction is still 
statistically significant, with 41% and 33% for the CTVn1–2 and 
CTVn1–4 subgroups respectively, when compared to manual 
segmentation. Furthermore, it was only found to be statistically 
significantly slower compared to the pilot study for the CTVn1–4 
subgroup. For the OARs, the time reduction increased from 58% 
and 39% to 64% and 47%, for the subgroup without and with 
thyroid, respectively.

Figure 1 shows the distribution of the qualitative scores 
assigned by the RTTs and ROs. In total, 93% of all contours were 
scored as clinically acceptable or usable as a starting point after 
implementation, comparable to 92% found in the pilot study. In 
almost all cases after implementation, the segmentation of the 
OARs received a score 1 or 2, except for nine cases for the thyroid 
and esophagus. In one case, it was found that the thyroid was 
not automatically segmented by the DL model due to a metal 
artifact, requiring complete manual segmentation. Eighty-three 
per cent of the CTVs were scored as clinically acceptable or 
corrections needed, which is again comparable to 82% in the 
pilot study. While CTVn3 and CTVn4 were scored as not usable 
in respectively 30% and 40% of the cases, they were also found 
to be clinically acceptable without corrections in respectively 
20% and 30% cases. When comparing the scores of the CTVs, a 
tendency towards lower scores can be observed for node levels 
2 to 4, and towards higher scores for CTVp and CTVn1, although 
no statistically significant differences were found.

Quantitative outcomes are shown as boxplots in Figure 2. 
Almost all ROIs have a higher mean and median DSC score and 
a lower 95%HD value than IOV values, indicating good 
performance. CTVn4 scored worse when compared to Almberg 
et al. for both metrics, and both thyroid and esophagus have a 
higher mean 95%HD than both IOV values. For the esophagus, 
a mean 95%HD of 2.35 ± 2.05 mm was found when only 
considering the overlapping part of the DL and corrected 
esophagus, and thus excluding differences in length.

Discussion

This study evaluated the clinical use of a DL segmentation 
model for locoregional breast cancer radiotherapy, compared to 

Table 1.  The number of patients included in the evaluation for each region 
of interest.

ROI Number of cases segmented Number of cases timed

CTVp 46 26
CTVn1 30 15
CTVn2 32 17
CTVn3 19 10
CTVn4 19 10
Heart 60 54
Left/right Lung 60 54
Esophagus 29 24
Thyroid 20 18
Humeral head 32 29

ROI: region of interest.
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a previously performed pilot study. A total of 93% of all contours 
in clinic were scored as clinically acceptable or usable as a start-
ing point, comparable to 92% in the pilot study. Moreover, time 
saving was shown for both target volumes and OARs, when 
compared to manual segmentation times in the previously per-
formed studies. Quantitative evaluation showed that almost all 
corrections made were within the range of the IOV found in sim-
ilar studies.

Time saving is one of the endpoints of using the DL 
segmentation model in clinical practice, and therefore it is 
important to monitor. In clinical practice, more time was needed 
to check and correct target volumes when compared to the 
pilot study. This was found to be for some part caused by the 
fact that in clinical practice, the RO might use additional patient 
information, such as extra imaging or the surgical and 
pathological report, to determine the exact locations of the 
involved lymph nodes. However, in the pilot studies, such 
patient-specific information was not provided and thus no time 

was spent on this. Moreover, more ROs with different experience 
were included in this study, which could also explain the 
difference in time found. This difference in time stresses the 
importance of monitoring and evaluating a DL model in clinical 
practice.

In contrast to the target volumes, time reduction was slightly 
higher for the OARs in clinical practice, when compared to the 
pilot study, although it was not statistically significant. This 
result suggests that the RTTs perform less corrections on the 
OARs, indicating an increased trust in the outcome of the DL 
model. However, this result is not necessarily reflected in the 
qualitative scores, as the percentage of structures assigned 
score 1 or 2 is similar between the pilot study and clinical phase, 
emphasizing the subjectivity of these qualitative scores.

The number of RTTs and ROs using the DL model increased 
from 5 for both in the pilot phase, to respectively 14 and 7 in 
clinical use. The comparable results between these phases 
therefore indicate a good adoption of the DL model in the 

Table 2.  Time needed (mean ± standard deviation, mm:ss) by RTTs and ROs to check and correct (a subset of ) ROIs using the DL model (column 1). Column 
2 and column 4 display results of a previously performed pilot for comparison [13]. P-values indicate statistical significance between clinical phase and pilot 
study.

ROIs DL segmentation 
(clinical phase)

Manual segmentation 
(pilot study)

p DL segmentation 
(pilot study)

p

CTVp 09:43 ± 05:42 - - - -
CTVp and CTVn1–2 21:00 ± 06:29 35:53 ± 13:54 0.03 13:50 ± 05:42 0.08
CTVp and CTVn1–4 30:32 ± 13:14 45:49 ± 10:59 0.04 17:15 ± 04:47 0.02
Heart, lungs, esophagus, humeral head 06:51 ± 02:26 18:57 ± 06:04 <0.01 07:54 ± 01:56 0.22
Heart, lungs, esophagus, humeral head, thyroid 08:13 ± 03:27 15:33 ± 03:55 <0.01 09:31 ± 02:12 0.16

DL: Deep learning.

Figure 1.  Qualitative scoring by the RTTs and ROs 
for all regions of interests, before and after imple-
mentation of the deep learning model.
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clinical workflow. These results are in contrast to the results 
found by McIntosh et al., finding a distinctive difference in 
perception towards the use of AI in clinical practice compared to 
the study setting [11]. This difference in results might be because 
several RTTs and ROs were involved from the start of the project, 
to increase support from the eventual end-users for its 
development and implementation.

For the quantitative evaluation, the original DL contour was 
compared to the corrected contour and resulting metrics were 
compared to IOV values of two similar studies. It could be stated 
that small corrections, resulting in a high DSC score or low 
95%HD score, could be clinically irrelevant when these values 
are better than the reported IOV values, which is the case for 
most structures in this study. However, clinical relevance cannot 

be fully captured in these metrics, since a small deviation in 
contouring could have a significant clinical impact. Besides, the 
IOV values were taken from other studies, and therefore might 
not reflect the actual variability within our institute. To get more 
insight in the clinical relevance of these corrections, the 
dosimetric impact on the treatment plan needs to be studied, 
which is the next step within our implementation team.

The difference in the 95%HD for the full esophagus and 
cropped esophagus indicates that most corrections are made to 
adjust the length. However, it was found that the esophagus 
was not systematically made shorter or longer. Furthermore, 
corrections were both caudal and cranial. These results, 
supported by visual inspection, indicate a low consensus among 
the RTTs on segmentation of the esophagus.

Figure 2.  Boxplots of dice-similarity coefficient 
(DSC) scores (top), 95%HD (middle), and sDSC (bot-
tom) scores of the comparison between deep learn-
ing contours and corrected contours. Horizontal 
lines in boxes are median values, crosses are mean 
values, dots are outliers. Interobserver variability val-
ues of Almberg et al. (red) and Chung et al. (blue) are 
indicated by horizontal lines.
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A review session with RTTs and ROs was organized and was 
shown to be helpful to improve institutional interpretation and 
consensus on segmentation guidelines. 3D meshes of the 
corrected contour with a color map indicating the 95%HD to the 
non-corrected contour were visualized to get a better 
understanding of the relevance of corrections. Examples of the 
3D meshes used can be found in the Supplementary material. A 
similar approach was recently described by Mikalsen et al., who 
held a plenary session to ensure internal consensus on the 
guidelines before evaluating a DL segmentation model [18]. 
Moreover, a multi-institutional comparison of manual 
segmentations versus DL segmentations was performed 
(unpublished data). This comparison showed that the ESTRO 
guidelines for CTVn4 were interpreted differently in our institute 
than others, leading to a better inter-institutional awareness of 
perceived differences. Thus, incorporating data from other 
institutes is useful to reduce inter-observer variability and 
increase quality of the segmentations.

In conclusion, a DL model was successfully implemented in 
clinical practice. Although corrections are still made, time reduction 
is achieved when compared to manual segmentation. Moreover, 
the results are similar to the pilot study, suggesting good adoption.
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