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Background

In the last decade, there has been a growing interest in the
use of auto-contouring in radiotherapy treatment planning
[1–6]. Artificial intelligence and in particular U-net convolu-
tional neural network [7] has been shown to be successful in
image segmentation [8] and can be used for the segmenta-
tion of both normal tissue and target volumes of breast can-
cer patients [9–11]. However, due to the symmetry in breast
cases, using a single model, regardless of laterality and type
of surgery, for normal tissue and target structures in all
patients can result in suboptimal target delineation. More
specifically target volumes being contoured on the contralat-
eral side or partial delineation of the target volume [10].

In order to address these shortcomings, it can be useful
to train different models taking into account the laterality of
the disease and the surgical extent (mastectomy/lumpec-
tomy). One potential solution would be to train one model
for the segmentation of normal tissue and four models (left
mastectomy, left lumpectomy, right mastectomy, and right
lumpectomy) for the target volumes [11,12].

When using different models, in order to be able to auto-
mate the whole segmentation process, classifiers (left/right,
mastectomy/lumpectomy) need to be developed and imple-
mented in the auto-contouring process. Even if the model
could be chosen by the user, we believe that implementing
an automatic method, without the need of human interven-
tion, will minimise errors.

We have developed an automated pipeline based on the
planning CT and two classifiers, which allow to classify the
patients into the correct category and, therefore, get the con-
tours automatically delineated by the appropriate model.

Material and methods

The pipeline from the CT to the final contoured volumes
includes several steps using information from the previous
steps (Figure 1):

1. Autocontouring of the normal tissue structures (Heart,
Left Anterior Descending Coronary Artery, Lungs,
Humeral Head, Trachea, Oesophagus and Liver) using
the CT information and a trained nn-Unet [8] model.

2. Classification between left and right using the CT
information.

3. Autocontouring of two sets of target volumes (CTVp,
CTVn_IMN, CTVn_interpectoralis, CTVn_L1, CTVn_L2,
CTVn_L3, and CTVn_L4 [13]) on the side determined in
step 2: one using the lumpectomy model and one using
the mastectomy model. In this step, each model also
delineates contralateral breast as, like the targets, it also
depends on the laterality and, therefore, is better
delineated after laterality determination.

4. Classification between lumpectomy and mastectomy
based on CT information and the volumes contoured in
step 3.

Patient data

To train and validate the method all patients with breast
cancer treated at DCPT (Danish Centre for Particle Therapy)
before March 2023 excluding those with synchronous bilat-
eral breast cancer were included in the study (n¼ 129) (The
cohort characteristics are given in Table 1). All patients’ tar-
gets were delineated according to the ESTRO consensus
guidelines [13] while normal tissue was delineated according
to the DBCG (Danish Breast Cancer Group) guidelines [14].
113 breast cancer patients were stratified according to the
laterality of the tumour or surgical extend (for the laterality
classifier and the mastectomy/lumpectomy classifier respect-
ively). Then they were used to train and validate (10-fold
cross-validation) the two classifiers. A separate set of 16
patients was used to test the whole classification model.
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Classification

For both classifiers simple and intuitive features were
chosen to classify each patient into the correct category:
right mastectomy, left mastectomy, right lumpectomy or left
lumpectomy.

We tested two different types of classifiers for both lat-
erality and mastectomy/lumpectomy classification:

1. Stochastic Gradient Descent (SGD) [15] with different
loss functions. The SGD is an iterative method for opti-
mising an objective function. The algorithm aims to

Figure 1. Pipeline design from the CT-scan to the contour of the final volumes. It includes normal tissue delineation, laterality classification, target delineation by
the lumpectomy and mastectomy networks for the chosen tumour side and finally mastectomy/lumpectomy determination.

Table 1. Characteristics of the patients included in the study.

Parameter Train/validation set Test set

Number of patients 113 16
Age Median: 56 yr.Range: 26–82 yr. Median: 63 yr.Range: 24–76 yr.
Dose prescription:
50 Gy / 25 fx. 33 (29.20%) 1 (6.25%)
50 Gy / 25 fx. þ SIB: 57 Gy / 25 fx. (EQD2: 50 Gy þ 10 Gy) 3 (2.66%) 0 (0%)
51.52 Gy / 28 fx. þ SIB: 63 Gy / 28 fx. (EQD2: 50 Gy þ 16 Gy) 1 (0.89%) 0 (0%)
40 Gy / 15 fx. (EQD2: 45 Gy) 63 (55.75%) 13 (81.25%)
40 Gy / 15 fx. þ SIB: 45.75 Gy / 15 fx. (EQD2: 45 Gy þ 10 Gy) 5 (4.42%) 0 (0%)
42.3 Gy / 18 fxþ SIB: 52.2 Gy / 18 fx. (EQD2: 45 Gy þ 16 Gy) 8 (7.08%) 2 (12.5%)

Unilateral 113 (100%) 16 (100%)
Previous surgery or RT in the side being treated 0 (0%) 0 (0%)
Category
Right mastectomy 16 (14.16%) 2 (12.50%)
Left mastectomy 42 (37.17%) 5 (31.25%)
Right lumpectomy 16 (14.16%) 5 (31.25%)
Left lumpectomy 39 (34.51%) 4 (25.00%)
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minimise the chosen loss function by calculating the
gradient and changing the model parameters in the
negative gradient direction.

2. Random Forest Classifier [16] which combines several
tree predictors and for which the output is the class pre-
dicted by more trees.

We performed a grid search to determine the best loss
function for Gradient Descent and to fine-tune parameters for
both Gradient Descent and Random Forest (Supplementary
Materials Table 1, 2, 3 and 4).

Using the results from the grid search we obtained accu-
racies values for the training set. For the test set a ROC
(receiver operating characteristic) analysis [17] was per-
formed, which represents the probability of the model being
able to distinguish between the two classes. The AUC (Area
Under the Curve) was also obtained, which is a single score
representing how well the model performs (1 being the per-
fect classifier and 0.5 being a random classifier).

Laterality classifier

Institutional position guidelines state that patients with
breast cancer should be positioned with both arms up and
looking to the contralateral side to expose the lymph nodes
on the treated side. The classifier uses a bone HU window
on the 10 last slices of the CT on a bounding box including
the head. This allows for detection of relevant bone struc-
tures, i.e. mandible and vertebrae which are then used to
determine the head angle through simple linear regression
(Figure 2a). The head angle feature is used to run a grid
search with 10 fold cross validation and train a Stochastic
Gradient Descent and a Random Forest Classifier with the
optimal parameters using Python and scikit-learn [18]
(Parameters used are specified in Supplementary Materials
Table 1 and 2)

Mastectomy/lumpectomy classifier

From the CT information and the two CTVp model predic-
tions (CTVp_breast for the lumpectomy model and CTVp_
chestwall for the mastectomy model) three features are
determined:

1. Number of surgical clips inside the CTVp (using the
CTVp which includes more clips). To detect the clips,
clusters of high HU are searched inside both CTVp’s

2. Maximum relation between CTVp volume and contralat-
eral breast volume (Figure 2b: CTVp_breast and 2c:
CTVp_chestwall):

CTVp Volume=Contralateral breast volume

(Using the CTVp for which this is relation is larger)
3. Relation between the two CTVp’s:

CTVp breast=CTVp chestwall

These three features are used to run a grid search with 10 fold
cross validation and train a Stochastic Gradient Descent and a

Random Forest Classifier with the optimal parameters using
Python (Parameters used are specified in Supplementary
Materials Tables 3 and 4).

Results

Laterality classifier

The value of the angle allowed to distinguish between the
two intended groups: patients with breast cancer in the left
side and patients with breast cancer on the right side
(Supplementary Materials Figure 1)

After running a grid search with 10 fold cross validation
on the first set of 113 patients to determine the best param-
eters for each algorithm, the beast accuracies regarding

Figure 2. a: Head angle determination: performing a linear regression of the
voxels (with bone HU window) of the last CT slices inside a bounding box that
includes the head, b: Volumes segmented by the lumpectomy model and c:
Volumes segmented by the mastectomy model.
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laterality obtained were 100% (0% Standard Deviation (STD))
for both Stochastic Gradient Descent (for some specific loss
functions) and Random Forest. The parameters used in the
grid search and resulting accuracies and STD are specified
in Supplementary Materials Table 1 and 2, the final parame-
ters chosen in the grid search are underlined. For the
Stochastic Gradient Descent, the optimal loss function
chosen was ‘hinge’, which gives a linear SVM (Support Vector
Machine).

Even though the two models have very similar and high-
level performance, the Random Forest was chosen as the
best classifier as it provides an easier-to-understand feed-
back. In the separate test set 16/16 patients were classified
correctly using the Random Forest classifier. A ROC analysis
was performed for the Random Forest classifier with a result-
ing AUC of 1.0 (Supplementary Material Figure 3)

Mastectomy/lumpectomy classifier

The features chosen allowed to distinguish between the
two intended groups: patients who had a mastectomy and
patients who had a lumpectomy (Supplementary Materials
Figure 2).

After running a grid search on the first set of 113 patients
to determine the best parameters for each algorithm, the
beast accuracies regarding surgical method of obtained were
93.8% (STD 5.8%)% and 98.3% (STD: 3.5%) for Stochastic
Gradient Descent and Random Forest respectively. The
parameters used in the grid search are specified in
Supplementary Materials Table 3 and 4, the final parameters
chosen in the grid search are underlined.

In this case, the Random Forest was also chosen as the best
classifier. From the separate test set 15/16 patients were classi-
fied correctly for the Random Forest. The AUC resulting from
the ROC analysis of this classifier is of 0.93 (Supplementary
Material Figure 3).

Discussion and conclusion

For both classifiers, the Random Forest Classifier performed
better than or as well as the Stochastic Gradient Descent
classifiers trained with different loss functions. Furthermore,
even though both the laterality and the mastectomy/lumpec-
tomy classifiers are very simple (one and three features
respectively) both have excellent accuracy regarding laterality
and surgical extent respectively.

The high accuracy in classifying the patients into the cor-
rect category will allow the correct network to contour the
volumes instead of being segmented by one more general
model. This approach of classification instead of relying in
the neural network to choose the side where the targets
should be delineated will result in fewer cases with regions
delineated on the opposite side [10]

The laterality classifier is potentially dependent on the
institutional positioning guidelines of the patients with
breast cancer and in the current single centre implementa-
tion, the patients are positioned looking to the healthy side
with both arms up, with the aim to expose the lymph nodes

on the treatment side. It is still to be investigated how well
this generalises to other centres with different patient posi-
tioning, i.e. looking straight with one arm up. For differences
in patient positioning more features may have to be taken
into account which is easily incorporated in the more general
approach of using Random Forest classifier instead of trad-
itional rule-based programming. Moreover, the Random
Forest allows easily understandable feedback related to the
importance of each feature used for the classification.

Furthermore, the laterality classifier also relies on the
detection of the bone structures on the head area. When
the CT-scan length allows for the detection of both mandible
and vertebrae, the head angle feature is easily and reliably
determined. On the other hand, if in some centres shorter
scans are used, the angle obtained based only on the
vertebrae information may not be as accurate. In these
cases, more features may also need to be added to the
model.

Regarding the mastectomy/lumpectomy classifier, further
testing should be performed to include more patients with
unusual anatomy such as patients with implants, with sero-
mas or with previous contralateral breast surgery. For these
outlier cases the classifier may not performed as well as
expected. Moreover, it should be taken into consideration
that for this study CT-scans without metal marking of the
scar or contralateral breast (mastectomy patients only) were
used, as in the local centre these markings were included in
a separate low dose CT-scan. If metal markings are present
in the CT-scan used for classification special care should be
taken in the clip detection method.

The information about laterality and surgical extension
can also be given as manually input before performing auto-
segmentation. We opted for the classifier approach due to
workflow considerations. In the clinical setting, once the CT
scan has been performed it is automatically and immediately
exported to the segmentation pipeline with no obvious man-
ual interaction possibilities. Both manual interaction and
imperfect classifiers are error-prone, and may be improved in
the case of automatic classification by expanding the training
set to include more extreme cases.

As already commented, potential drawbacks of the auto-
matic classification may arise when changes to departmental
patient positioning guidelines or post-surgery clip insertion
are introduced. This would require retraining of the algo-
rithm unless a more general set of features are identified
covering a wider set of patient scenarios. Finally, the classifi-
cation of the lumpectomy/mastectomy classification currently
uses the prediction from two nn-Unet models which one is
not used after this classification step. An implementation
that combines this two prediction may reduce the time used
for the entire pipeline.

In conclusion, we have shown a stable scheme for the
classification of breast cancer patients based on laterality
and whether they are lumpectomised or mastectomized.
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