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Abstract

Purpose Head and neck squamous cell carcinoma (HNSCC) is one of the most common cancer types globally. Due to the
complex anatomy of the region, diagnosis and treatment is challenging. Early diagnosis and treatment are important, because
advanced and recurrent HNSCC have a poor prognosis. Robust and precise tools are needed to help diagnose HNSCC reli-
ably in its early stages. The aim of this study was to assess the applicability of a convolutional neural network in detecting
and auto-delineating HNSCC from PET-MRI data.

Methods 2D U-net models were trained and tested on PET, MRI, PET-MRI and augmented PET-MRI data from 44 patients
diagnosed with HNSCC. The scans were taken 12 weeks after chemoradiation therapy with a curative intention. A proportion
of the patients had follow-up scans which were included in this study as well, giving a total of 62 PET-MRI scans. The scans
yielded a total of 178 PET-MRI slices with cancer. A corresponding number of negative slices were chosen randomly yielding
a total of 356 slices. The data was divided into training, validation and test sets (n =247, n=43 and n =66 respectively). Dice
score was used to evaluate the segmentation accuracy. In addition, the classification capabilities of the models were assessed.
Results When true positive segmentations were considered, the mean Dice scores for the test set were 0.79, 0.84 and 0.87
for PET, PET-MRI and augmented PET-MRI, respectively. Classification accuracies were 0.62, 0.71 and 0.65 for PET,
PET-MRI and augmented PET-MRI, respectively. The MRI based model did not yield segmentation results. A statistically
significant difference was found between the PET-MRI and PET models (p =0.008).

Conclusion Automatic segmentation of HNSCC from the PET-MRI data with 2D U-nets was shown to give sufficiently
accurate segmentations.

Keywords Head and neck neoplasms - Deep learning - Convolutional neural networks - Positron-emission tomography -
Magnetic resonance imaging
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Abbreviations

CNN Convolutional neural network

HNC Head and neck cancer

HNSCC Head and neck squamous cell carcinomas
HPV Human papilloma virus

IMRT Intensity-modulated radiation therapy
MTV Resulting metabolic tumour volumes
CRT Chemoradiation therapy

FDG BE_fluorodeoxyglucose

SUv Standardized uptake value

1 Introduction

Head and neck squamous cell carcinomas (HNSCC) are
globally the sixth most common type of cancer. HNSCC can
arise from multiple sites within the otorhinolaryngeal space
such as the nasal cavity, sinuses, oral cavity, oropharynx,
larynx and the salivary glands. The incidence of HNSCC
has been steadily increasing. In Finland, the incidence of
HNSCC was approximately 900 in 2018 [1, 2].

The complex nature of the anatomical site gives rise to
several problems when diagnosing and treating HNSCC.
Upon diagnosis the tumour is often already at an advanced
stage and the treatment options are limited. Any recurrences
after treatment are similarly difficult to diagnose due to the
complexity of the anatomy in combination with inflam-
mation and possible scarring from treatment. Recurrence
of the disease has a poor prognosis [3]. Various follow-up
imaging protocols after chemoradiation therapy (CRT) have
been proposed to mitigate this problem. Due to their lim-
ited ability to distinguish scar tissue or inflammation from
malignant tissue, conventional methods of imaging, such as
computed tomography (CT) and magnetic resonance imag-
ing (MRI), are often supplemented by fusion imaging such
as positron emission tomography (PET) combined with CT.
The combination of anatomical data from the conventional
modalities and the metabolic information from PET greatly
enhances the sensitivity of detecting recurrencies in their
earlier stages. PET-CT is a well-established and validated
method for detecting recurrences [4]. Lately PET-MRI has
also been proposed as a superior alternative to PET-CT, due
to the better soft-tissue contrast in MRIs [5]. Fusion imaging
is a valid alternative to elective neck dissection and it plays
an important role in the event of an unknown primary [6, 7].
Fusion imaging has also been shown to give additional value
when planning radiation therapy [8].

In clinical practice, the physician analyses and com-
bines the anatomical information of the conventional imag-
ing (CT/MRI) with the metabolic information of the PET
images using a specific software. The PET data is analysed
visually and semi-quantitatively assessing the standardised
uptake value (SUV) of specific regions or lesions. The SUV
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indicates the tissues propensity to intake the radiotracer
used for the imaging, most commonly '®F-fluorodeoxyglu-
cose (FDG). An elevated SUV is typically seen in malig-
nant processes, but it is not specific to them. FDG-uptake is
also regularly seen in the case of inflammation. There is no
clear cut-off point to differentiate malignant processes from
benign processes. The analysis of the imaging data is mainly
done manually by the physician. The process is cumbersome
and time consuming. In addition, manual analysis of the data
might cause inter-observer variation and low reproducibil-
ity; both of which would have negative implications at the
individual level and when striving for standardised treatment
protocols [9].

With the rapid increase in computing power over the last
decade, especially in the case of graphic processing units,
enormous developments have been made in the field of
machine learning. Machine learning is a subset of artificial
intelligence which finds connections and makes predictions
given a specific set of data. The machine learning algorithm
is fed a set of data (training data) which has been labelled
appropriately beforehand in order for the algorithm to be
able to produce predictions. The algorithm is then tested
with a similar set of data that it has not seen before (test
data) and asked to supply predictions. As opposed to tradi-
tional algorithms, machine learning needs little or no human
oversight and no specific instructions on how to produce the
predictions.

A specific type of machine learning architecture called
neural networks have been shown to work exceptionally
well in the field of pattern recognition and with machine
vision in general. Neural networks are designed to mimic
the human brain as regards how the processing units are
connected and act as if they were actual neurons. For the last
decade a subset of machine learning called deep learning has
been perhaps the most prevalent due to its ability to tackle
vast amounts of data and thus more complex problems.
This has been the case especially for machine vision [10].
Deep learning typically utilises very large neural networks
accompanied by various pooling and convolution layers;
these are designed to preserve the data quality whilst it is
being analysed as well as keeping the data size manageable.
These networks are often referred to as convolutional neural
networks (CNNs). Deep learning methods have been applied
successfully to medical imaging in recent years [11]. The
deep learning algorithms have matched or even surpassed
experienced clinicians in medical image recognition tasks
[12—14]. This approach has been successfully adopted in the
segmentation of head and neck cancer (HNC) from PET-CT
images [15-18] and PET-MRI images [15] as well.

The aim of our study is to accurately segment HNSCC
from PET-MRI data using deep learning. Furthermore, the
use of MRI data should provide interesting insights regard-
ing the choice of the source of the anatomical information



Automatic Segmentation of Head and Neck Cancer from PET-MRI Data Using Deep Learning

when conducting segmentation via deep learning. This is
especially relevant as the majority of studies regarding auto-
matic segmentation of fusion imaging have been conducted
with PET-CT data.

2 Materials and Methods
2.1 Imaging and Annotation

HNSCC patients referred to Turku University Hospital
after curative chemoradiotherapy for restaging PET-MRI
from February of 2014 to May of 2017 were retrospectively
included in this study. We obtained permission from the hos-
pital district board. Written patient consent was waived due
to the retrospective nature of the study. Patients were treated
with intensity-modulated radiation therapy (IMRT) with
concurrent chemotherapy including cisplatin or cetuximab.
The inclusion criteria were histologically confirmed squa-
mous cell carcinoma of the head and neck area and treatment
with chemoradiotherapy. Patients meeting these criteria that
underwent an FDG PET-MRI 12 weeks after their treatment
were consecutively chosen for the study, yielding a total of
52 patients. A workflow of the study is depicted in Fig. 1.

Patients with only distant metastases outside of the head
and neck area were excluded, leaving a total of 44 patients.
A portion of the patients had had follow-up scans, alto-
gether these yielded 62 PET-MRIs, which were included
in the analysis. Locoregional recurrences were found in 18
instances and 44 PET-MRI scans were considered negative.
Recurrence was confirmed with follow-up imaging or with
histopathological sampling. Histological confirmation was
collected from 8 patients considered to have a recurrent
disease.

PET-MRI scans were performed with a sequential Inge-
nuity 3 T TF PET-MRI system (Philips Healthcare) using
a SENSE neurovascular coil. The transaxial sequences
used for the MRI scans were: T2 TSE, T1 TSE, T1 SPIR.
T1 sequences focused on the area of the primary tumour.
T1SPIR sequences were scanned with a contrast agent. In
addition, the T2 sequences provided exact anatomical infor-
mation from both the tumour and lymph node areas. For this
study, T1 SPIR sequences were utilised in the 56 cases avail-
able. T1 TSE was used in the 5 instances where T1 SPIR was
not available. Similarly, T2 TSE was used in 1 case where
the forementioned sequences were not available.

Attenuation correction sequences based on a Dixon MRI
were acquired from the forehead level to the groin level.
The attenuation correction procedure was performed using
a 3-segment model with a differentiation between air, lung
and soft tissue.

PET imaging was performed immediately after the MRI.
The transaxial field of view was 576 mm. Reconstruction of

the PET images was done using the default reconstruction
algorithm “Blob-OS-TF”, a 3D ordered subset iterative TOF
reconstruction technique with 3 iterations and 33 subsets.
Using 144 X 144 matrices, the final voxel size was 4 x4 x4
mm3. All reconstructions included the necessary corrections
for image quantification: attenuation, randoms, scatter, dead-
time, decay and detector normalisation.

The images were then co-registered and resliced into
common dimensions, and the PET images were cropped to
the dimensions of the corresponding MRI sequence. The
recurrent tumour was manually delineated under the supervi-
sion of an experienced nuclear medicine specialist. Delinea-
tion was done utilising both the metabolic information from
the PET image and the anatomical information from the
MRI image to avoid false positives associated with annotat-
ing solely on PET images. In addition, any malignant lymph
nodes or local metastases, if present, were similarly anno-
tated. PET-MRI reports written by nuclear medicine spe-
cialists and radiologists were also utilised in the annotation
process along with clinical information from the patients’
records. Based on this information image masks were cre-
ated. The resulting metabolic tumour volumes (MTV) were
considered as the ground truth for training and evaluating
our CNN model. The re-slicing and annotation was con-
ducted using Carimas software [19].

The 18 imaging instances considered to have recurrences
resulted in 178 individual transaxial PET-MRI image slices
that presented PET-positive malignant tissue based on the
manual delineation. These image slices were included in the
study. Reciprocally 178 image slices of the head and neck
area were randomly chosen from the patients with negative
PET-MRI.

2.2 Data Pre-processing

The images were randomly divided into training and test
sub-sets patient wise. The training set consisted of 290
images (81%) and the test set consisted of 66 images (19%).
The cohorts were stratified using the mask value as class
labels to ensure a similar distribution of cancer positive
and negative images in both sets. The training sub-set was
further divided into a validation set consisting of 43 (15%)
images.

All image slices and the corresponding masks were resized
from 512x 512 pixels to 128 X 128 pixels. Resizing was car-
ried out to accommodate larger batch sizes and reduce the
computing power needed for training. PET and MRI pixel
values were normalised by linearly scaling between 0 and 1.
Normalisation was carried out due to the differing pixel value
ranges between the two modalities. Normalisation was done
utilising the global minima and maxima for PET and MRI
images, which were acquired from the training sub-set. If the
test set had higher pixel values than those of the training set,
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the normalisation values were set to 1 and O for those pixel val-
ues that exceeded or fell below the given interval respectively.

An augmentation pipeline was constructed to evaluate the
model with additional data. This approach has been shown to
be a viable method of increasing the size of PET-MRI data sets
[15]. Augmentation operations included flipping the images
from left to right and upside down. In addition, the images
were randomly translated from -10 to 10% and rotated between
-15 and 15 degrees. Augmentation was conducted over the
training sub-set and the corresponding masks to yield 5 aug-
mented images from a single original image. This resulted in
1450 training images and masks.

2.3 Model Architectures and Training

A U-net model as described in [11] was constructed using
Tensorflows Keras version 2.5.0 framework [20] in the Python
version 3.7.10 [21]. The model was trained to segment the
primary tumour and possible metastasis in the PET-MRI
slices. In addition, models trained with PET slices alone and
augmented PET-MRI slices were constructed. Binary cross-
entropy was used as the loss function. Jaccard similarity coef-
ficient [22] was used as the accuracy metric in training and
the Adam optimizer with a learning rate of 0.001 was used
to optimise the gradient descent. Early stopping was utilised,
and epochs were set to 200 with a patience value of 50 epochs.
The networks Jaccard similarity coefficient for the validation
data was compared after each epoch and the highest value
was maintained in the memory. After training, the best model
configuration was restored based on this value and was chosen
for further performance evaluation with the test set.

2.4 Model Performance Evaluation

The overall segmentation accuracy was evaluated by calculat-
ing the Jaccard similarity coefficient and Dice score for the
test set.

For performance evaluation the model was constructed
50 times independently and the median model of this group
was chosen based on the Dice scores. The median model was
chosen so that its generalisation properties for a larger cohort
would be optimal. After choosing the median model, an opti-
mal threshold for yielding binary masks was chosen with a
brute force method.

Let A be the predicted binary mask and B the ground truth
binary mask. The Jaccard similarity coefficient is calculated
as follows:

_1ans|
AUB|

J(A,B)

where |A(Bl depicts the intersection of A and B. Similarly,
IAUBI represents the union.

The Dice score is calculated as follows:

2% |A() B

D(A,B) =
AB) = A+ 8]

where IAﬂBI depicts the intersection of the A and B, and
IAl and IBI are the number of pixels with value 1 in A and B
respectively.

The classification capabilities of the model were also
evaluated. For this purpose, true positive (TP), true negative
(TN), false positive (FP) and false negative (FN) segmenta-
tions were determined. Since the images were cropped to
a common size of 128 X 128 from 512 x 512, one pixel in
these images represents a corresponding height and width of
1.7 mm. The real-world fidelity of PET-MRI interpretation
by radiologists and nuclear medicine specialists is around
5 mm. A cut off value of 9 segmented pixels per image was
chosen to reflect this.

Sensitivity for the classification was calculated as follows:

TP

Sensitivity = TP-}——M

Specificity for the classification was calculated as follows:

TN

Specificity =
pecificity = 9 Fp
Accuracy for the classification was calculated as follows:

TP + TN
TP +TN + FP+ FN

Accuracy =

3 Results
3.1 Segmentation Performance

After training, our models were able to segment malignant
tissue from the test images accurately. Dice scores and Jac-
card similarity coefficients for the median model trained
with PET-MRI images without augmentation were 0.81
and 0.68 respectively [Table 1]. The model trained solely
on PET data achieved a median Dice score of 0.68 and a Jac-
card similarity coefficient of 0.52. The model trained with

Table 1 Segmentation performances of the median models for the
whole test-set

Model Median dice Median jaccard
score similarity coef-
ficient
PET 0.68 0.52
PET-MRI 0.81 0.68
Augmented PET-MRI 0.71 0.56
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augmented PET-MRI data achieved a Dice score of 0.71 and
a Jaccard similarity coefficient of 0.56 for the entire test-set.

Segmentation performance was then evaluated as a mean
of each individual pair of predictions and ground truth
masks. For this evaluation, we included only the images
where actual segmentation was performed [Table 2]. Simi-
lar evaluations where true negatives, false positives and
false negatives were considered can be seen in the sup-
plementary tables [Supplementary Table 2]. The perfor-
mance of the models was also evaluated on the training set

[Supplementary Table 3]. An example of an accurate pre-
diction of a cancer of the nasopharynx is shown in Fig. 2.
Similarly, an example of an insufficient segmentation result
can be seen in Fig. 3.

The models were then compared and tested for statistical
differences using the Wilcoxon signed-rank test [Table 2].
A statistically significant difference between the PET based
and PET-MRI based model was observed. Similar differ-
ences were not detected between PET-MRI and augmented
PET-MRI or PET and augmented PET-MRI.

Table2 Segmentation

. Model Mean dice score +SD P-value Mean jaccard similarity ~ P-value
performance of the median coefficient + SD
models for each individual _
image slice PET 0.79+0.16 0.008* 0.68+0.20 0.008*
PET-MRI 0.84+0.14 0.247§ 0.75+0.18 0.273*
Augmented PET-MRI 0.87+0.09 0.156F 0.78+0.13 0.145°

Only true positive segmentations were considered in these calculations. *Compared to PET-MRI

4Compared to augmented PET-MRI

®Compared to PET

Fig.2 Trans axial FDG PET-
MRI images with example of a
good segmentation result. The
Dice score for this image pair
was 0.95. Figure A represents
the ground truth and Figure B
represents the segmentation
made by the model

Fig.3 Trans axial FDG PET-
MRI images with example of
an insufficient segmentation
result. The Dice score for this
image pair was 0.43. Figure A
represents the ground truth and
Figure B represents the segmen-
tation made by the model
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Linear regression was done to evaluate the correlation
between the number of segmented pixels in the ground
truth labels and the respective predicted labels produced
by the model [Fig. 4]. The coefficient of determination
(R?) for the PET-MRI model trained with the original data
set was 0.90.

3.2 Classification performance

With the classification fidelity set to the cut- off value of
9 pixels the PET-MRI based model yielded an accuracy
of 0.71; with the specificity and sensitivity being 0.68 and
0.77, respectively. The solely PET based model was more
prone to predicting false positives, however, its sensitiv-
ity was on par with the PET-MRI model [Table 3]. The
model trained with augmented PET-MRI data achieved a
sensitivity, specificity and accuracy of 0.53, 0.77 and 0.65,
respectively. Similar results for the training set can be seen
in Supplementary Table 5.
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Fig.4 Y-axis depicts the number of pixels masked by the model
given the test-set. X-axis depicts the number of pixels annotated
manually. The labels represent predictions for individual image slices
in the test-set and the colour coding refers to the classification of the
image given a threshold of 9 pixels as seen in Table 3. This graph
demonstrates how the number of annotated pixels positively corre-
lates with the segmentation accuracy. This graph was produced based
on the segmentation made by the median model trained with fused
images without augmentation

Table 3 Classification performance of the models in the test-set

4 Discussion

Our proposed method demonstrates that it is possible to
build an accurate segmentation model despite having a lim-
ited amount of training data. In addition, this study suggests
that the use of MRI provides additional value to segmen-
tation tasks when fused with PET. Furthermore, we have
shown that accurate segmentation at the level of individual
image slices is feasible.

To the best of our knowledge only one study has been con-
ducted on automatic HNC segmentation from PET-MRI data
using deep learning [15]. In their study, the authors achieved
a mean Dice score of (.72 using a residual 3D-Unet. The key
difference, compared to our approach, was a larger sample
size that consisted of PET-MRI images with only cancer
whereas our study included images with and without cancer.
In addition, the authors used a residual 3D-Unet with a dual
loss function combining Dice loss with focal loss. However,
the code to reproduce this study was not available, therefore
direct comparisons with our proposed model were not pos-
sible. In addition, a small number of studies utilising deep
learning to auto delineate HNC from PET-CT data have been
done [15-18]. The 2D CNN utilising PET-CT data described
by Huang et al. [16] achieved a mean Dice score of 0.74 for
the delineation of the primary tumour. The 3D-DenseNet as
described by Guo et al. [18] achieved a median Dice score
of 0.73 in automatic segmentation of the PET-CT images.
The 2D-Unet described by Moe et al. [17] obtained a mean
Dice score of 0.71 for automatic tumour delineation. These
studies are summarised in Table 4.

Our median model obtained a Dice score of 0.81 over
the entire test-set. A mean Dice score of 0.84 was achieved
for individual image segmentations, when considering
the image pairs classified as true positives. Our proposed
method was able to achieve slightly higher segmentation
results compared to those described previously. The use of
MRI data along with PET data could be a contributing fac-
tor to this observed difference. It should be noted that the
methods with which the reported segmentation scores are
calculated vary and therefore are not strictly comparable.
Similarly, the results obtained by the model trained with
PET data only resemble those previously described in the
literature. The information from the PET images seems

Data True positives True negatives False positives False nega- Sensitivity Specificity Accuracy
tives

PET 18 23 19 6 0.75 0.55 0.62

PET-MRI 20 27 13 6 0.77 0.68 0.71

Augmented PET-MRI 17 26 8 15 0.53 0.77 0.65
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Table 4 Comparison of segmentation models as described in the literature and our proposed method

Study Modality used in ~ Training group (Num-  Validation group (Num-  Test group (Number =~ Mean dice score
training ber of patients) ber of patients) of patients)

Ren et al PET-MRI 92 31 30 0.72

Huang et al PET-CT 21 1 0 0.74

Guo et al PET-CT 140 35 75 0.73

Moe et al PET-CT 142 15 40 0.71

Our proposed method PET-MRI 42 7 13 0.84

essential for the performance as the mean Dice score for
this PET based model was 0.79.

A purely MRI based model was also trained but did not
yield segmentation results. This was most likely due to the
limited dataset causing discrepancies among the anatomi-
cal locations of the malignant tissue between the training-
set and the test-set. Similarly, the model trained with aug-
mented PET-MRI data yielded slightly lower segmentation
and classification results [Tables 1 and 3] compared to the
PET-MRI model trained without augmentation. We suspect
this causes the model to overfit to the augmented data thus
accentuating the discrepancy between the training and test-
sets. This might also explain why no significant difference
was observed between the PET-based and the augmented
PET-MRI based models.

Some limitations to our study should be taken into con-
sideration. Firstly, the number of patients available for the
training was limited and augmentation was used to increase
the sample size; this might have caused the training popula-
tion to be too homogenous for the model to generalise to
wider patient populations. A homogenous training and test-
ing material might also cause overestimation of the model’s
true accuracy in a real-world setting. Secondly, the negative
images were chosen randomly to yield an even distribution
of positives and negatives in the training and test sets to
increase learning performance. In a real world setting the
ratio between negative and positive image slices is often
skewed towards the negatives. Furthermore, our proposed
model is prone to segmenting false positives on PET images
with high benign metabolic activity, which is evident when
observing the classification capabilities [Table 3]. In a clini-
cal setting the tendency to favour false positives rather than
false negatives is preferable, yet efforts should be made
to reduce the number of false positives since this directly
affects the clinician’s workload when deep learning systems
are implemented in practice.

To produce a production ready deep learning model suit-
able for clinical practice, further investigation is needed
to achieve better segmentation results and classification
accuracy. Further refinement of the pre-processing proto-
cols is required to ensure high quality training data while
also increasing the sample size. For this study, a 2D-Unet

@ Springer

was chosen due to computational efficiency, however, more
robust models capable of 3D-segmentation should be con-
sidered in the future. This is because it is our belief that
these types of models will ultimately bring the most value in
clinical practice. Furthermore, tactics to artificially produce
quality training data, such as transfer learning and generative
adversarial networks should be utilised [23, 24].

5 Conclusion

Our study demonstrates that deep learning with 2D U-nets
can produce relatively accurate cancer segmentation
results from HNSCC PET-MRI data, even with a limited
sample size. Therefore, it is highly suitable for further
development as a diagnostic tool.
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