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ABSTRACT

Background: This study aimed at investigating the feasibility of developing a deep learning-based
auto-segmentation model for the heart trained on clinical delineations.

Material and methods: This study included two different datasets. The first dataset contained clinical
heart delineations from the DBCG RT Nation study (1,561 patients). The second dataset was smaller
(114 patients), but with corrected heart delineations. Before training the model on the clinical delinea-
tions an outlier-detection was performed, to remove cases with gross deviations from the delineation
guideline. No outlier detection was performed for the dataset with corrected heart delineations. Both
models were trained with a 3D full resolution nnUNet. The models were evaluated with the dice simi-
larity coefficient (DSC), 95% Hausdorff distance (HD95) and Mean Surface Distance (MSD). The differ-
ence between the models were tested with the Mann-Whitney U-test. The balance of dataset quantity
versus quality was investigated, by stepwise reducing the cohort size for the model trained on clinical
delineations.

Results: During the outlier-detection 137 patients were excluded from the clinical cohort due to non-
compliance with delineation guidelines. The model trained on the curated clinical cohort performed
with a median DSC of 0.96 (IQR 0.94-0.96), median HD95 of 4.00 mm (IQR 3.00 mm-6.00 mm) and a
median MSD of 1.49mm (IQR 1.12mm-2.02 mm). The model trained on the dedicated and corrected
cohort performed with a median DSC of 0.95 (IQR 0.93-0.96), median HD95 of 5.65 mm (IQR 3.37 mm-
8.62 mm) and median MSD of 1.63 mm (IQR 1.35 mm-2.11 mm). The difference between the two mod-
els were found non-significant for all metrics (p > 0.05). Reduction of cohort size showed no significant
difference for all metrics (p > 0.05). However, with the smallest cohort size, a few outlier structures
were found.

Conclusions: This study demonstrated a deep learning-based auto-segmentation model trained on
curated clinical delineations which performs on par with a model trained on dedicated delineations,
making it easier to develop multi-institutional auto-segmentation models.
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Background based auto-segmentation model, requires a relatively large
cohort of planning CT scans with structure sets delineated

Delineation of target structures and organs at risk (OARs
9 J ( ) consistently in accordance with well-defined guidelines [5].

plays a crucial role in modern radiation treatment planning.
However, delineation is a manual and time-consuming pro-
cess prone to large uncertainties, which may lead to
unnecessary irradiation of healthy tissue [1]. In recent years,
an increasing number of studies have demonstrated the
promise of deep learning-based automated image segmenta-
tion for OARs [2-4], allowing for standardized and quick
delineation. Training of a robust and valid deep learning-

Creating a high-quality dedicated dataset for training of a
deep learning model can be time consuming, and for feasi-
bility reasons, such a dedicated dataset will often be gener-
ated at a single institution. However, a deep learning model
trained on planning CT scans and structure sets from a single
institution might not perform well on patients from other
institutions due to differences in e.g., scanners, patient posi-
tioning and level of experience. To develop a model for a
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multi-institutional setting, the model should be robust to dif-
ferences among clinics, thereby increasing the number of
required delineations for a representative dataset for training
the model. This makes the task of creating a dedicated
cohort for deep learning development even more extensive
and time consuming. A solution could be to use retrospect-
ive databases of standardized clinical delineations, in cases
where such databases are available. If these clinical delinea-
tions can be used to train a model, no extra time would
need to be spent on delineating a dedicated training-set.
The risk of using clinical delineations is that they may con-
tain a higher degree of uncertainties than a dedicated data-
set created for the purpose of model training. Clinical
delineations are created under the constraints and considera-
tions of daily clinical workflow which may change the way
guidelines are used in practice. Furthermore, guidelines may
be interpreted differently in different clinics and small
changes may appear over time [6].

The Danish Breast Cancer Group (DBCG) has ensured com-
plete reporting of planning CT scans, structure sets and dose
plans for all Danish patients with node-positive breast cancer
initiating their radiation treatment during 2008-2016 - the
DBCG RT Nation Study [7-9]. The DBCG RT Nation Study
includes data from more than 8,000 patients treated at all
seven radiotherapy clinics in Denmark.

In the present study, we investigated the feasibility of
training a deep learning-based auto-segmentation model for
the whole heart on a large, curated dataset of uncorrected
clinical delineations collected from the DBCG RT Nation
Study. The performance of the model was compared to that
of a model trained and tested on a small, dedicated and cor-
rected dataset. The balance of dataset quantity versus quality
was further investigated for the model trained on clinical
delineations by stepwise reduction of the size of the dataset.

Materials and methods

This study included two different datasets as described
below. The first dataset contained clinical OAR delineations
from the DBCG RT Nation study performed according to the
guideline from Nielsen et al. [10]. Before training of the deep
learning model, a curation procedure was performed to iden-
tify outliers exhibiting gross deviations from the delineation
guideline. No corrections of the remaining delineations were
performed.

The second and smaller dataset contained delineations
previously generated specifically in relation to development
of an auto-segmentation model (for details see supplemen-
tary S1) following published guidelines [11,12] (slightly differ-
ent from the guideline used for the clinical delineations). No
outlier detection was performed for this dataset before train-
ing of the deep learning model.

Data

A cohort of 1,561 high-risk breast cancer patients from the
DBCG RT Nation Study who started their treatment with
loco-regional adjuvant radiotherapy during 2015-2016 was

identified. Delineations were made according to the ESTRO
(targets) and DBCG (OAR) guidelines [10,13].

The patients were treated at seven radiotherapy clinics in
Denmark, and the dataset included CT scans, delineations,
and dose plans for all patients. The cohort consisted of bilat-
eral (4), left (825)- and right (732)-sided breast cancer
patients, who either received a lumpectomy (907) or mastec-
tomy (654). All patients had routinely undergone a planning
CT scan without contrast. As the patients were treated at dif-
ferent radiotherapy (RT) clinics and over a 2-year period, the
CT scans were acquired from different scanners and with dif-
ferent scanning protocols. The CT slice thickness varied from
20mm to 3.0mm and the longitudinal scan-length varied
from 275mm to 524 mm. All patients were treated in the
supine position with either both arms or the ipsilateral arm
elevated. We chose to exclude all patients who had been a
part of the DBCG Skagen Trial 1 [14] (as these patients and
the deep learning model are intended for use in a different
study). The DBCG RT Nation study was approved by the
Danish Patient Safety Authority who waived the need for
patient consent due to the nature of the study.

The second dataset included CT scans and heart delinea-
tions from 114 breast cancer patients treated from 2005-
2016 and 2019-2020 in four different RT clinics in Denmark
(dosimetric data was not available for this cohort). The
cohort contained both left (52 patients) and right (62) sided
breast cancer patients, who either received a lumpectomy
(83 patients) or a mastectomy (31 patients). The heart delin-
eations were made according to Feng et al. [11], placing the
cranial border higher than in the clinical dataset. The heart
delineations for this dataset were created by Milo et al.
[15,16] while developing an atlas based auto-segmentation
for the heart and cardiac substructures (for further details
regarding this dataset, see supplementary), and were eval-
uated and corrected by an experienced oncologist. The CT
slice thickness varied from 2.0mm to 5.0 mm and the longi-
tudinal scan-length varied from 255mm to 477 mm. All
patients were treated in supine position with either both
arms or the ipsilateral arm elevated. This cohort was used to
train a second model on this smaller, dedicated, and cor-
rected dataset. The use of these data was approved by the
Danish Data Protective Agency (No0.441757). The scientific
ethical committee of the Central Denmark Region waived the
need for approval due to the nature of the study.

Deep learning model training and evaluation

All CT scans and RT structure files were converted into NIfTI-
files with the Python package dcmrtstruct2nii [17]. The clin-
ical cohort was randomly split into two groups with 90% for
training and 10% for testing, with no stratification for treat-
ment centre. The dedicated and corrected cohort was split
into 85% for training and 15% for testing due to its smaller
size (for further explanation, see supplementary). All models
were trained with a 3D full resolution nnUNet with five-fold
cross validation (in which the dataset was divided in five
subsets, and for each fold four of the datasets were used to
train the model and the fifth was used to validate) and
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default parameters [18]. The number of epochs was different
for the models, depending on the cohort size to avoid over-
fitting, varying from 1,000 epochs to 300 epochs. No early
stopping was used.

The models were tested on the respective test sets and
geometric evaluation was performed using the Dice similarity
coefficient (DSC), 95% Hausdorff distance (HD95) and Mean
Surface Distance (MSD) between model prediction and
ground truth. The results were quantified using the median
and interquartile range (IQR), as the results were not
expected to be normally distributed. For the model trained
on the clinical delineations, the model performance was fur-
thermore evaluated in terms of dose differences between
model predictions and clinical delineations. The original dose
distributions were used to evaluate the mean heart dose
(MHD) in both clinical delineations and model segmenta-
tions, with the dicompylercore Python package [19].

Statistical significance was tested with the Mann-Whitney
U-test, when comparing unpaired data and with the
Wilcoxon signed-rank test, for paired data, assuming statis-
tical significance level at p < 0.05.

Model trained on clinical delineations

Outlier detection

The dataset was first curated to eliminate gross deviations
from delineation guidelines (from both training and test set).
Detection of gross outliers was performed by training an ini-
tial deep learning model and inspecting all cases exhibiting
low performance. The initial deep learning model was
trained with all patients treated from 2015-2016, with a
90%/10% split into train/test set. Inference was performed
on both the test and training set and the results were com-
pared to the clinical delineations. Potential gross outliers (in
both test and training set) were identified by manual inspec-
tion of all segmentations with a DSC score lower than 0.90
and/or a HD95 above 10 mm. If the clinical delineation exhib-
ited obvious deviation from the guideline from Nielsen et al.
[10], the patient was excluded from the cohort.

Training of the model

Following the outlier detection, a new 90%/10% split into
train/test set was performed. A final model was trained on
the remaining uncorrected clinical delineations in the train-
ing cohort.

Cohort size reduction

The effect of cohort size was investigated by training 3 add-
itional models with a progressively reduced cohort size until
reaching the same size as the dedicated cohort. The cohorts
were randomly selected from the clinical model training
cohort. Model performance was geometrically evaluated in
the same test set used to evaluate the original clinical model.
The model performances were compared to the model
trained on the dedicated and smaller cohort.
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A sanity check of the robustness of the smallest model
towards cohort composition was performed by training two
extra models with patients randomly selected from the clin-
ical model training cohort.

Model trained on a dedicated cohort

For the dedicated and corrected cohort, no outlier-detection
was performed, as it had already been reviewed by an expe-
rienced oncologist. The dedicated model was evaluated
within its own test set due to the difference in delineation
guidelines for the heart. The model performance was com-
pared with the model trained on the clinical delineations.

Results

In total, 162 patients out of the 1,561 in the clinical cohort
had no heart delineation and their CT scans and structure
sets were excluded from the cohort. Furthermore, 308
patients were identified as being part of the DBCG Skagen
trial 1 [14]. A flow diagram of the exclusion and training pro-
cess can be seen in Figure 1.

Outlier detection

The model for outlier detection was trained on 982 patients
and tested on 109 patients. The model performed with a
median DSC of 0.95 (IQR 0.93-0.96) on the test set. When
inference was run on both training and test set a total of
164 delineations had a DSC score below 0.9 and/or a HD95
larger than 10 mm. During the manual checks, 137 of these
were excluded from the cohort, due to non-compliance with
the delineation guideline [10], leaving a total of 954 patients
to train and test the model. The main causes of exclusion
were deviation from the cranial border and omission of parts
of the heart (see example in Figure 2).

Model trained on clinical delineations

The model for the final curated clinical delineation dataset was
trained on 859 patients and tested on 95 patients. The deep
learning model performed with a median DSC of 0.96 (IQR 0.94-
0.96) in the test set, a median HD95 of 4.00 mm (IQR 3.00 mm-
6.00 mm) and a median MSD of 1.49mm (IQR 1.12 mm-2.02 mm).
Figure 3 shows three examples of the model output. Two of the
predicted heart-delineations in the test set had a DSC lower than
0.90, see Figure S1 for further details.

The centre-specific median DSC for centres 1-6 were: 0.96
(IQR 0.94-0.96), 0.96 (IQR 0.96-0.97), 0.96 (IQR 0.96-0.97),
0.95 (IQR 0.94-0.96), 0.96 (IQR 0.93-0.96) and 0.95 (IQR 0.93-
0.96), respectively. Centre 7 was only represented with two
patients in the test set, scoring 0.88 and 0.90. See the HD95
and MSD in Table S1.

A pair-wise dose comparison between the clinical heart
delineations and the model segmentations can be seen in
Figure 4. The median MHD in the clinically delineated hearts
were 1.35Gy and in the model segmentations 1.34Gy. The
difference was not found statistically significant.
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Patients in the DBCG RT Nation
Study from 2015-2016
(n=1561)

Patients excluded (total) n =470
Due to being a part of Skagen 1 trial n =308
Patients without heart delineation n=162
Patients used to train and test the
outlier detection model
(n=1091)
Train n =982
Test n=109
Patients excluded (total) n=137
Due to non-compliance with guidelines n=137

Patients used to train and test the
final model
(n=954)
Train n =859
Test n=95

Figure 1. Overview of the dataflow process, from the total number of patients treated in 2015-2016, to the number of patients excluded before the outlier detec-
tion model, to the number of patients excluded after the outlier detection before training the model.

Figure 2. Examples of clinical heart delineations of patients excluded after inference with the outlier model. (a) Showing an example of a delineation omitting
parts of the heart and (b) an example on the heart delineation deviating from the cranial border.

Model trained on a dedicated cohort

The dedicated model was trained on 96 patients and tested
on 18 patients. The dedicated model performed with a
median DSC of 0.95 (IQR 0.93-0.96) in the test set, a median
HD95 of 5.65mm (IQR 3.37 mm-8.62 mm) and median MSD
of 1.63mm (IQR 1.35 mm-2.11 mm).

The differences between the model trained on the clinical
cohort and the model trained on the dedicated and cor-
rected cohort were found to be non-significant for all three
metrics (p>> 0.05). See Table 1 for details.

Cohort size reduction

The reduced cohorts had 667, 381 and 95 respectively in
their training cohort. The results of the models can be seen
in Table 1. When comparing the model outputs with the
dedicated cohort output, the differences were not found

statistically significant. For the models trained on 381 and 95
patients, one and three large outliers were found in HD95,
respectively, primarily due to extra volumes predicted in the
arm or bowel regions of the patient. Although not statistic-
ally significant, a qualitative difference was seen in the range
of all metrics for the model trained on 95 patients. Examples
of this can be seen in Figure S2.

The two extra small size models, trained on 96 patients,
performed with ranges of DSC 0.87-0.98/0.84-0.97, HD95
249 mm-24.0 mm/2.33mm-63.0mm and MSD 0.69 mm-
4.92 mm/0.85 mm-15.2 mm. The medians were similar to the
original small model for DSC, HD95 and MSD, see Table S2.

Discussion

In this study, we trained a deep learning-based model on
clinical uncorrected delineations to auto-segment the heart
in breast cancer patients. Our findings suggest that it is
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Figure 3. Examples of the lowest scored patient with the model trained on clinical delineations (a), with DSC = 0.88, HD95 =12.0mm and MSD = 4.21mm, a
median scored patient (b), with DSC = 0.95, HD95 = 5.46 mm and MSD = 1.50 mm and the highest scored patient (c), with DSC = 0.98, HD95 = 2.52 mm and MSD
= 0.68 mm. The yellow line is showing the clinical delineation and the blue line is showing the model segmentation.

possible to collect data from multiple clinics following the
same consistent guidelines and train a model performing on
par with a model trained on a corrected and dedicated data-
set. This eliminates the time-consuming task of generating
delineations for a dedicated training dataset. We speculate
that the good model performance is due to the majority of
the delineations following consistent guidelines (and with
curation to remove gross deviations from the guidelines),
which dominates the model.

As deep learning-based auto-segmentation models are usu-
ally trained on dedicated training sets, we additionally trained
a separate model on a smaller, but dedicated cohort for com-
parison. The dedicated model was trained on CTs of 96
patients and tested on CTs of 18 patients. It performed with a
median DSC of 0.95, which is comparable to the performance
of the model trained on clinical data, with a median DSC of
0.96. The same was valid for both HD95 and MSD. However, it
is worth noticing, that the model performances have only
been validated using quantitative geometrical performance
metrics, thus no qualitative expert-assessment of the contours
has been performed. In the case of implementation in clinical
practice, an investigation of the clinical acceptance is war-
ranted [20,21].

Both of the models performed on par with published
auto-segmentation models for the heart [2,16,22]. Eldesoky
et al. reported a mean DSC score of 0.92 with an atlas-based
auto-segmentation model and Chung et al. achieved a DSC
and HD95 of 0.95 and 4.56 mm respectively with a model
trained on a corrected dataset with 92 cases in the training
data. Additionally, the models performed on par with the
inter-observer variation in manually delineated heart volumes
achieved after the introduction of guidelines [10].

The model trained on the curated clinical cohort was
trained using uncorrected clinical structures; thus, they repre-
sent the standard practice at the time and were created by a
wide range of clinicians at different treatment centres on
images from a range of scanners used in daily clinical prac-
tice. This may be considered as a strength but also a limita-
tion. The multiple delineators introduce inter-observer
variability [23] that may lead to inconsistencies in predic-
tions. The test set is only a sample and there may be
patients where the performance would be lower than in the
test set. To minimize the number of delineations not follow-
ing the guidelines in the training and test set, curation was
performed in which potential deviations were checked by
using an initial outlier detection model. When testing the
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final model trained on the clinical cohort, only two patients
in the test set had a DSC < 0.9. In one of these cases, the
clinical delineation did not meet the cranial border as stated
by the guideline and in the other, the model output did
not meet the cranial border according to the delineation
guideline [10].

When evaluating the MHD achieved by the model seg-
mentation and the clinical heart delineations within the ori-
ginal dose plan, the difference in median MHD was found
not to be statistically significant. However, for one patient,
the difference in dose was 0.46 Gy, with 4.1 Gy in the clinical
heart delineation and 3.64 Gy in the model segmentation.

Pair-wise dose comparison in clinical and model hearts
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Figure 4. Pair-wise dose estimation based on the original dose distributions, in
the clinical heart delineations (to the left) and in the model segmentations (to
the right). The corresponding hearts are connected with a solid line, to illustrate
the impact of the model segmentations.

The cohort containing clinical delineations followed the
guideline created by Nielsen et al. in 2013, placing the cra-
nial border of the heart at ‘the lower part of the pulmonic
trunc’ [10]. The cohort with the corrected heart delineations
followed the guideline created by Feng et al. with the cranial
border of the heart ‘just inferior to the left pulmonary artery’
[11], thus the cranial border was more cranial than in the
clinical cohort. The cohorts and models were therefore not
mutually compatible, and each of the models was only
tested within its own dataset. Comparison between the per-
formance of the models nevertheless gave an idea of the dif-
ferences in what can be achieved with a model trained on
clinical delineations versus a model trained on corrected
delineations.

The benefit of a model trained on a dedicated and cor-
rected dataset is homogeneity in the data, including the low
risk of delineations not following the guidelines in the train-
ing dataset. However, this may be counterbalanced by the
robustness of the clinical model, where the variation in the
training cohort was large in terms of patient positioning,
scanner qualities and treatment centre. If the dedicated
model was tested on data from another clinic, not present in
the training cohort, the results might not be transferable.

When testing the cohort size impact on model perform-
ance, no statistically significant differences were found in the
geometrical performance metrics. However, for both cohort
size 381 and 95 a small number of outlier delineations were
found, suggesting that the larger dataset produces a more
robust model. When the smallest cohort size was tested with
different cohort compositions, fluctuations were seen in
terms of outliers, however not in the median performance.

This study demonstrated that it may be possible to train a
deep learning-based auto-segmentation model on curated but
uncorrected clinical delineations, which performs on par with a
model trained on dedicated delineations, making it more feas-
ible to create multi-institutional auto-segmentation models.
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Table 1. Table of the geometrical performance metrics in the respective test-sets for the model trained on dedicated and corrected delineations and the model
trained on curated and uncorrected clinical delineations with different cohort sizes.

Median\cohort

Dedicated cohort (size 96) Clinical cohort (size 859) Clinical cohort (size 667) Clinical cohort (size 381) Clinical cohort (size 95)

Dice similarity coefficient 0.95 0.96
IQR 0.93-0.96 IQR 0.94-0.96
Range 0.88-0.96 Range 0.88-0.98

95% Hausdorff distance [mm] 5.65 4,00
IQR 3.37-8.62 IQR 3.00-6.00
Range 3.00-24.5 Range 2.56-18.0

Mean surface distance [mm] 1.63 1.49
IQR 1.35-2.11 IQR 1.12-2.02

Range 0.95-3.06 Range 0.68-4.95

0.96 0.95 0.95
IQR 0.94-0.96 IQR 0.94-0.96 IQR 0.94-0.96
Range 0.88-0.97 Range 0.87-0.97 Range 0.76-0.97
4.55 423 4.46
IQR 3.08-6.00 IQR 3.00-6.00 IQR 3.52-6.00
Range 2.26-18.0 Range 2.22-56.4 Range 2.43-211
1.48 1.49 1.55
IQR 1.18-2.02 IQR 1.08-2.10 IQR 1.27-2.22

Range 0.78-4.96

Range 0.69-14.8

Range 0.82-29.9

The stated cohort size is the training size.
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