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Background: Convolutional neural networks (CNNs) have the potential to automatically delineate primary
nasopharyngeal carcinoma (NPC) on magnetic resonance imaging (MRI), but currently, the literature lacks a
module to introduce valuable pre-computed features into a CNN. In addition, most CNNs for primary NPC
delineation have focused on contrast-enhanced MRI. To enable the use of CNNs in clinical applications
where it would be desirable to avoid contrast agents, such as cancer screening or intra-treatment monitoring,
we aim to develop a CNN algorithm with a positional-textural fully-connected attention (FCA) module that
can automatically delineate primary NPCs on contrast-free MRI.

Methods: This retrospective study was performed in 404 patients with NPC who had undergone staging
MRI. A proposed CNN algorithm incorporated with our positional-textural FCA module (4,,,,,..) was
trained on manually delineated tumours (M,,) to automatically delineate primary NPCs on non-contrast-
enhanced T2-weighted fat-suppressed (NE-T2W-FS) images. The performance of 4,,,,..,» three well-
established CNNs, Unet (4,,..), Attention-Unet (4,,) and Dense-Unet (4,,,), and a second manual
delineation repeated to evaluate human variability (M,,;) were measured by comparing to the reference
standard M, to obtain the Dice similarity coefficient (DSC) and average surface distance (ASD). The
Wilcoxon rank test was used to compare the performance of A,,,,,., against A,,.., A, , Ay and M.
Results: 4,,,,., showed a median DSC of 0.79 (0.10) and ASD of 0.66 (0.84) mm. It performed better than
the well-established networks 4,,,, [DSC =0.75 (0.12) and ASD =1.22 (1.73) mm], 4, [DSC =0.75 (0.10)
and ASD =0.96 (1.16) mm] and 4,,,, [DSC =0.71 (0.14) and ASD =1.67 (1.92) mm] (all P<0.01), but slightly
worse when compared to M,,, [DSC =0.81 (0.07) and ASD =0.56 (0.80) mm] (P<0.001).

Conclusions: The proposed CNN algorithm has potential to accurately delineate primary NPCs on non-
contrast-enhanced MRI.
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Introduction

Convolutional neural networks (CNNs) are machine
learning techniques which exploit serial stacks of trainable
convolutional image filters and non-linear activation
layers for data modelling. Recently, they have been used to
rapidly automate a wide-range of radiological tasks (1,2).
Cancer delineation is one of the imaging applications in
which CNN performs well. The technique shows promises
in automating the laborious and time-consuming task of
manually delineating cancer margins on serial sections, which
is required for cancer management purposes such as tumour
detection, the prediction of outcomes and treatment planning.

Current CNN-based automatic tissue delineation
research focuses on making modifications to well-established
CNN architectures such as the Unet to delineate different
tissues of interest (3). However, CNNs have intrinsic
limitations inherited from the convolutional operations.
CNNs cannot mathematically replicate some textural
features, such as those from the grey-level co-occurrence
matrix, that are known to be useful in image classification
4,5). Furthermore, CNNs performs poorly at retaining or
extracting positional information from intensity maps (6), an
attribute that is especially important in a patch-based setting
where the CNN does not have access to the position of the
cropped patches relative to the original image. However, a
unified module to introduce these features into a CNN is
still lacking in the literature. Therefore, we propose a fully-
connected attention (FCA) module that incorporates both
textural and 3D positional information computed prior to
training, and employed it in a patch-based CNN designed
based on the Attention-Unet (7).

To evaluate the performance, we applied our proposed
CNN algorithm to delineate primary nasopharyngeal
carcinoma (NPC) on magnetic resonance imaging (MRI).
This is one of the most challenging cancers to delineate
on MRI because of the highly-complex anatomy of the
nasopharynx and the surrounding structures at the skull
base. In this study, we compared our CNN algorithm with
well-established networks: Unet (3), Attention-Unet (7)
and 2D Dense-Unet (8). In addition, unlike the previously
reported MRI studies of primary NPC delineation by
CNNs in the literature (9-14), this study evaluated the
delineation performance on the non-contrast-enhanced T2-
weighted fat-suppressed (NE-T2W-FS) sequence rather
than the contrast-enhanced T1-weighted sequence. This
sequence was chosen to support our ongoing research
into early NPC detection by MRI (15-17) in which we are
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developing a low-cost MRI protocol for NPC Epstein-
Barr virus DNA screening programs that does not require
the injection of an MRI contrast agent (18,19). Our
previous study has also shown the NE-T2W-FS sequence
is promising for primary NPC delineation with CNN (20),
but the general-purpose CNN tested in that study would
benefit from customisations. In addition, NE-T2W-FS has
other potential applications in head and neck cancer imaging
where an MRI contrast agent cannot be administered, such
as in patients with renal failure (21). Furthermore, because
gadolinium-based contrast agents have recently been shown
to accumulate in the body, there is greater caution in the
radiology community concerning the use of these agents (22)
and a greater move towards using non-contrast-enhanced
sequences in repeated scans, such as intra-treatment
response monitoring and surveillance imaging.

With these issues in mind, in this study, we propose a
CNN algorithm that combines 3D position and 2D texture
information to automatically delineate primary NPCs on
non-contrast-enhanced T2-weighted MRI. We evaluate the
performance of the proposed algorithm for primary NPC
delineation and compare the performance to that of human
experts using manual delineation and well-established 2D
delineation networks.

Methods
Patients characteristics

This study was conducted in accordance with the Declaration
of Helsinki (as revised in 2013), approved by The Joint
Chinese University of Hong Kong — New Territories East
Cluster Clinical Research Ethics Committee (Approval
ID: CIE-2019.709), requirements of written consents
were waived owing to its retrospective nature. This study
reviewed 453 patients with newly diagnosed histologically
proven NPC who underwent head and neck staging MRI
between January 2010 and May 2015 retrospectively.
Patients with the following criteria were excluded: (I)
incomplete or inconsistent MRI protocols (n=26) and (II)
MRI severely degraded by artefact or movement (n=23).
This left 404 patients for analysis. All primary tumours were
staged according to the 8th edition of the American Joint
Committee on Cancer staging manual (23).

Data acquisition

MRI was performed with a Philips Achieva TX 3.0-T
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machine (Philips Healthcare, Best, the Netherlands) using a
body coil for radiofrequency transmission and a 16-channel
Philips neurovascular phased-array coil for reception.
The MRI sequences for CNN segmentation used an
axial NE-T2W-FS sequence [repetition time/echo time,
4,000/80 ms; field of view (FOV), 230x230 mm; section
thickness, 4 mm; echo train length, 15-17; sensitivity
encoding factor, 1; number of signals acquired, 2]. The
FOVs of the scans were centred approximately at the
posterior wall of the nasopharynx. The final dimension
of each axial images was 512x512 pixels, with a pixel size
of 0.45x0.45 mm. The images were normalised using the
Z-score normalisation technique.

Manual delineation for primary tumour

All primary NPCs were manually delineated on the axial
NE-T2W-FS images (M,,) with references to all anatomical
MRI including contrast-enhanced images by an expert with
more than 6 years of experience in NPC using the open-
source software ITK-SNAP v3.2.0 (24). The M,, was used
to train the CNN and as the reference standard with which
to evaluate performance.

To assess human variability, a second set of primary NPC
manual delineations (M,,,) was performed by the same
observer at a time interval of at least 15 days.

Algorithm architecture

The proposed algorithm comprises four crucial
components: the (I) discriminative patch sampling
technique, (II) reflection-padding, (III) textural-positional
FCA module and (IV) the CNN. Discriminative patch
sampling favours high intensities when selecting the patch,
effectively minimising the probability of sampling trivial
empty patches and increases the probability of sampling
hyperintense tumour regions (Appendix 1). Reflection-
padding mitigates local contrast sharpening at the image
edges and compensates for the shrinkage of the receptive
field caused by the convolutional layers (Appendix 1). The
proposed textural-positional FCA module was built on two
textural filters, the local binary pattern (LBP) (25) and local
neighbourhood differences pattern (LNDP) (26), which
were embedded together with the positional information
into the CNN (Appendix 2). The network architecture was
based on the Attention-Unet (7), which was adapted from
the Unet (3) with additional convolutional attention layers
to capture semantic information. In this study, we replaced
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the attention layers with the FCA module to introduce
textural and positional information. The proposed
algorithm automatically computes the pixel-wise probability
of the presence of tumour. The details of the CNN design
architecture are shown in Figure I and the details of these
modules are described in Appendix 1.

Algorithm training and validation

The proposed CNN was implemented and trained
using M, as the reference standard with PyTorch (27)
to obtain a set of automatic CNN delineations defined
as Ay posea
over all training data to improve network generality and
robustness (28). The key training parameters are shown

We performed random data augmentations

in Table 1. Further details on the data augmentations are
shown in Appendix 3.

Four-fold cross-validation was performed to validate the
performance of the algorithm. The dataset was randomly
divided into four even partitions, each with 101 individual
cases. The patient characteristics of the cohorts are plotted
in Table 2. Additional technical details are reported in
Appendix 4.

We obtained additional sets of automatic tumour
delineations using three well-established 2D delineation
CNNs: Unet (3) (A,,..), Attention-Unet (A4,,) (7) and Dense-
Unet-167 (4,,,.,) (8) with identical training configurations
on the first fold of the data. All training parameters followed
the values listed in Table 1 except for the mini-batch size,
which was tuned according to the memory requirements of
the network. The training of these networks was performed
with identical patch-based settings to our proposed network
and they were all configured to have identically five
encoder-decoder convolutional levels, like ours.

Performance evaluation

M, was used as the reference standard to evaluate the
performance of the automatic CNN delineations (4,
A sy Ayy and Ay,,,,) and to assess variations in the manual
delineation M,,,;. The performance metrics were the
Dice similarity coefficient (DSC), correspondence ratio
(CR) and percentage match (PM), which measure the
volumetric agreement between the compared delineations,
and dissimilarity metric average surface distance (ASD),
which measures the boundaries differences of the compared
delineations.
The definitions of these indices are listed below:
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Figure 1 Detailed architecture of the designed network. The network consists of five convolutional levels, each of the levels is composed

of an encoder block, a decoder block and an FCA block. Each encoder transition performs maximum pooling to subsample the input by a

factor of 2 while each decoder transition interpolates the input by a factor of 2. The number following the block name indicates how many

channels the block output possesses. All of the convolutional layers have a kernel size of 3x3 and the inputs are padded with reflection

padding before each convolution. The definitions of individual blocks are given in the dotted boxes. The network receives image patch input

together with the textural-positional vector computed from corresponding patches. The output of the network is a tensor with two channels

representing the pixel-wise probability of tumour absence and presence. FCA, fully-connected attention layer; Conv, convolutional layer;

Refl, reflection; ReLU, rectifying linear unit; BN, batch-norm layer.

Table 1 Key training parameters

gt + 2 -el)

Training parameters Values M= L
" . ~ TP+ FN
Initial learning rate 1x10
Training mini-batch size 45 1
ASD =
Learning rate decay 0.005 n,tn,
Total epochs ran 150

DSC 2TP

2TP-FP
2(TP+FN)

T 2TP+ FP+FN
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3]

(4]

where TP, TN, FP and FN are conventional abbreviations of

true positive, true negative, false positive and false negative

pixel counts respectively; 7, and #, denotes total number of

(1]

surface elements g; and # in the ground-truth label and the

tested label respectively. The primed variable 7' denotes the

surface element in the tested label with smallest distance to

2] the i-th element in the ground-truth label g;, and vice versa

for g;'.
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Table 2 Patient characteristics

Entire cohort (n=404) Fold 1 (n=101)

Fold 2 (n=101)  Fold 3 (n=101)  Fold 4 (=101) P values

Age (years) 53.5, 19.0-90.0
Sex

Man 313 75

Woman 91 26
Primary T classification

™ 130 32

T2 59 14

T3 140 28

T4 75 27
Gross tumour volume (cm?®) 21.3+21.5, 24.3+24.8,

1.4-134.5 1.4-134.5

Pathological classification

Undifferentiated carcinoma 391 97

Poorly differentiated carcinoma 13 4

51.8,25.0-79.0 53.4,31.0-90.0 54.3,19.0-83.0 54.5,27.0-81.0 0.314

0.555
76 79 83 -
25 22 18 -
0.512
32 36 30 -
14 17 14 -
37 33 42 -
18 15 15 -
22.0+21.9, 19.1x18.7, 19.7£19.8, 0.330
2.0-117.4 1.6-90.6 2.6-124.2
98 99 97 -
3 2 4 -

Statistical analysis

The patient characteristics of the cohorts forming the four
folds were tested by analysis of variance for any differences
in age, sex, and stage distribution. The performance metrics
of A, Of the four folds were analysed using the Kruskal-
Wallis test for any differences.

To evaluate the performance and robustness of the
proposed CNN for tumour delineation with respect to
the existing CNN techniques, the performance metrics
of A,,,,.. were compared to those of the well-established
CNN delineations (4,,., A,, and A,,,,) obtained from fold
1 using a non-parametric paired-sample ¢-test (Wilcoxon
rank test).

To compare the performance and robustness of the
proposed CNN for tumour delineation with respect to
the human expert, the performance metrics of the CNN
delineations A,,,,,., and M,,, were compared using a non-
parametric paired-sample #-test. The DSC, CR and PM
of A,,ypa and M,,, were plotted jointly together with the
kernel density estimation (KDE), which estimated the joint
probability density function between them. The DSC and
PM were metrics confined by the range 0 to 1, whereas that
of CR was —w to 1, of which 1 indicates perfect agreement
of 4,0 OF M,,, to the referenced standard M.

To investigate the influence of tumour stage (T-stage) on

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

the performance of the proposed CNN delineation A,,,,,..
and manual delineation M,,,, differences across the T-stages
(T'1-T4) were analysed using the Kruskal-Wallis test.

All of the statistical analyses were performed with SPSS
v24 (IBM, Netherland). Statistical significance was accepted
at P<0.05.

Results
Patient characteristics

The characteristics of the 404 patients are shown in Tible 2.
There were no statistically significant differences in patient
characteristics across the four folds (all P>0.05) (7able 2).

Performance of the proposed compared to well-established
CNNs

The median performance of 4,5 Aty Aue and Ay, are
shown in Table 3. For A,
significant differences in the performance of the metrics
across the four folds (P=0.657, 0.525, 0.177 and 0.571 for
DSC, CR, PM and ASD respectively).

When compared with the three other CNNs tested on
fold 1, A4,,,,., showed better performance in all metrics (all
P<0.001) (Table 3).

there were no statistically
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Table 3 Median of performance metrics in 4-fold cross-validation using first set of manual delineation M,,, as referenced standard

Methods/comparison N DSC CR PM ASD (mm)
Aproposed
All folds 404 0.79 (0.10) 0.69 (0.15) 0.83(0.17) 0.66 (0.84)
Fold 1 101 0.79 (0.13) 0.69 (0.20) 0.80 (0.17) 0.83 (1.22)
Fold 2 101 0.79 (0.08) 0.70 (0.13) 0.84 (0.15) 0.60 (0.78)
Fold 3 101 0.80 (0.08) 0.71 (0.14) 0.84 (0.17) 0.63 (0.87)
Fold 4 101 0.79 (0.11) 0.68 (0.16) 0.84 (0.17) 0.65 (0.78)
Anet (3) 101 0.75 (0.12)* 0.61 (0.18) 0.74 (0.19)* 1.22 (1.73)*
A (7) 101 0.75 (0.10)* 0.65 (0.15) 0.85 (0.19) 0.96 (1.16)*
Adense (8) 101 0.71 (0.14) 0.59 (0.25) 0.92 (0.12) 1.67 (1.92)*
Ma,g 404 0.81 (0.07) 0.71 (0.10)* 0.81 (0.12) 0.56 (0.80)"

Data displayed are median (IQR). *, marks significant difference of from paired t-test with the proposed method (P<0.05). DSC, Dice
similarity coefficient; CR, correspondence ratio; PM, percentage match; ASD, average surface distance; M.y, manually drawn delineations
set used as reference standard; M,,,, 2" manually drawn delineations set for intra-observer variability measurements; A roposeds
proposed CNN delineation; A, delineations generated with Unet; A,,, delineations generated with Attention-Unet; A, delineations

generated with Dense-Unet-167.

Performance of A,,,,,... compared to variability in buman
Man

When the performance metrics of A4,,,,,., (Table 3)
were compared to those obtained from the second
manual delineation by the same observer M,,, (Table 3),
the metrics for CNN were slightly worse (all P<0.001).
However, the KDE of performance metrics (Figure 2)
suggested that the performance distributions of A4, and
M,,, were similar with the KDE peak close to the line with a
slope of 1. Figure 34,B show two primary NPCs delineated
by our proposed CNN algorithm with close agreement to
with the manual delineation by the expert. Figure 44,8 show
two cases with disagreement between CNN and manual
delineation by the expert.

Influence of T-stage on performance

The performance metrics of A4,,,,., showed no differences
across T-stages for DSC and CR but showed significant
differences for PM and ASD, with worse performance
for PM and ASD with increasing T-stage (7able 4). The
performance of M,,, showed no differences in DSC and CR,
but showed significant differences for PM and ASD, with
worse performance for ASD with increasing T-stage (Table 4).

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

Discussion

Performance of the proposed CNN compared to the human
expert

We proposed and tested a CNN algorithm that incorporates
a textural-positional FCA module to delineate primary
NPCs on a T2-weighted sequence. The T2-weighted
sequence is unable to replace a contrast-enhanced MRI in
clinical scenarios, such as radiotherapy planning, but it is
an important sequence in MRI protocols that should not be
overlooked in circumstances where it is desirable to avoid
contrast, including NPC screening programs. Delineations
of our proposed automatic CNN algorithm A,,,,,,, achieved
a median DSC of 0.79 which was slightly lower than that of
the second manual delineation M,,, (median DSC of 0.81,
P<0.001). However, substantial agreement was observed
on the KDE plots where the datapoints were densely
situated in the proximity of the line with a slope equal
to 1. This plot suggests that our proposed CNN and the
second manual delineation (i.e., reflecting variations that
are observed when the expert repeats the delineation) have
a high probability of obtaining similar DSC scores. This
result is very encouraging for NPC screening given that
our expert had the advantage of using information from all
MRI sequences including the contrast-enhanced sequences
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DSC Al
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DSC Expert
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0 A EENSn—"
0.0 0.2 04 06 0.8 1.0
CR Expert

PM Expert

Figure 2 KDE of the joint probability density function of the proposed CNN and human expert performance. This figure provides an
overview and comparison of how the CNN and human will perform on the same set of cases. Three sets of contours were involved: (I)
ground-truth delineated by an expert used for both training and evaluation of performance M,,, (II) delineation by the proposed CNN
Apyppea and (I1I) delineation by the same expert at least 15 days apart from the first set to measure intra-observer variability M,,,. Three
quantitative indices namely (A) DSC, (B) CR and (C) PM, were evaluated for A4,,,,,., and M,,, against the referenced ground-truth M. All
DSC and PM are confined by the range 0 to 1, while CR has no negative value bound (- to 1). Individual cases are marked with scatter
plots of blue dots. It is shown that the joint probability between CNN and human expert performance appreciably peaks at the proximity of
the line with a slope of 1 for DSC and CR, suggesting a high probability of comparable performance in terms of these metrics. The KDE
shows the CNN exhibits better PM as seen from the peak being situated above the blue line, this also matches the quantitative analysis.
KDE, kernel density estimation; CNN, convolutional neural network; DSC, Dice similarity coefficient; CR, corresponding ratio; PM,

percentage match.

that the CNN algorithm still predicted the margins with a

median error of only <1 mm.

and other scanning planes for the manual delineation,
whereas our CNN algorithm had access only to the non-
contrast-enhanced axial T2-weighted images. Furthermore,
primary NPC is a very challenging target to delineate and
it is recognised that a perfect DSC score may not reflect
robustness and consistency. Mattiucci ez 4l. (29) concluded

Influence of I-stage on delineation performance

We further investigated the delineation performance of the
proposed CNN algorithm A,,,,,., and M,,, across T-stages.

that a mean DSC of 0.80, close to our results, can be

considered as a good agreement for automatic contour
generation in head and neck tumours.

Whereas DSC, CR and PM, evaluate the agreement
in tumour volume overlap, ASD evaluates the accuracy of
the tumour boundaries. In this study, the ASD of 0.66 mm
in the CNN delineation A,,,,,, was worse than that of the
second manual delineation M,,,, which had an ASD of
0.56 mm (P<0.001). However, this ASD value suggested

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

Our results showed that in both cases the T-stage influenced
PM and ASD but not DSC or CR. The decrease in ASD
performance with higher T-stage could be explained by the
irregularly-shaped infiltrating margins that are associated
with more locally advanced tumours, leading to greater
variation in both human and machine delineation. The

decrease in A4,,,,,,; PM for advanced tumours is likely a

propose
result of an increased proportion of voxels that are tumour
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Figure 3 Primary NPC delineation overlaying the T2W-FS images of (A) a stage T1 tumour and (B) a stage T4 tumour. The automatic

CNN delineation A,,,,,,, (yellow) closely overlaps the first manual delineation M, (purple), which was used as a reference standard for CNN

training. In both early stage T'1 and advanced stage T4 NPC cases, A,,,,..; performed well even though it only had access to the T2W-

FS images whereas expert delineation M, were delineated with referenced to all available MRI. Using M, as the reference standard, the
DSC of A, in (A) was 0.87 and in (B) was 0.87. T2W-FS, T2-weighted fat-suppressed; CNN, convolutional neural network; NPC,

nasopharyngeal carcinomas; DSC, Dice similarity coefficient.

positive and a reduction in the proportion that are negative,
resulting in lower likelihoods of a false positive and higher
likelihoods of a false negative.

Performance of A, compared to three well-established
CNNs

We compared the performance of our proposed CNN
which incorporated the textural-positional FCA module
with Unet, Attention-Unet and 2D Dense-Unet-167, using
fold 1 of our dataset.

Our delineation from the proposed CNN 4,,,,,.,
performed better than that from all of three well-
established CNNs in delineating the primary NPCs
(all P<0.05). Although the Unet is the most basic CNN
amongst the three well-established CNNSs tested, A4,
(DSC =0.75) performed similarly to A4, (DSC =0.75) and

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

better than A4,,, (DSC =0.71). The addition of attention
modules to the Unet to form the Attention-Unet improved
pancreatic tumour delineation (7), but did not improve
primary NPC delineation in this study. The 2D Dense-
Unet-167 introduced the dense-connection block to the
Unet but resulted in worse delineation performance,
potentially because it was not adapted to the patch-based
setting used in this study. In our algorithm, we replaced the
attention modules in Attention-Unet with our FCA module
showing that incorporating both the texture features and
3D positions of the extracted patches in a patch-based
delineation CNN setting allowed our 4, to attain a
significantly better performance and meet the challenge of
delineating this complex-shaped cancer.

It should be noted that the 2D Dense-Unet-167 was
extracted from the H-Dense-Unet (8). For liver lesions, the
H-Dense-Unet has been shown to perform slightly better

Quant Imaging Med Surg 2021;11(9):3932-3944 | http://dx.doi.org/10.21037/qims-21-196
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Figure 4 Primary tumour delineation overlaying the T2W-FS images of two cases which showed disagreement between CNN delineation
Ay (yellow) and first manual delineation M, (purple). (A) For early-stage primary tumours, the CNN tends to over-contour the primary
NPCs where the tumours become thinner on the slices most distal to the centre of the tumour. (B) For advance stage primary NPCs, the
ballooning of the sphenoid sinuses back to the clivus caused susceptibility artefacts in the air-bone interfaces that were mistakenly labelled as

tumour by the CNN. T2W-FS, T2-weighted fat-suppressed; CNN, convolutional neural network; NPC, nasopharyngeal carcinomas.
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Table 4 Median of performance metrics grouped by T-stage using the first set of manual delineation M,,, as the referenced ground-truth

Metrics T1 (n=130) T2 (n=59) T3 (n=140) T4 (n=75) P value
Avroposed
DSC 0.79 (0.10) 0.79 (0.11) 0.80 (0.09) 0.80 (0.06) 0.679
CR 0.71(0.18) 0.69 (0.16) 0.69 (0.15) 0.69 (0.10) 0.668
PM 0.91 (0.15) 0.86 (0.15) 0.81 (0.15) 0.76 (0.13) <0.001*
ASD (mm) 0.48 (0.75) 0.58 (0.79) 0.70 (0.74) 0.97 (1.28) <0.001*
Mzng
DSC 0.82 (0.07) 0.81(0.07) 0.81 (0.06) 0.82 (0.05) 0.386
CR 0.72 (0.11) 0.71 (0.11) 0.71 (0.10) 0.72 (0.09) 0.763
PM 0.80 (0.11) 0.79 (0.13) 0.83 (0.11) 0.80 (0.10) 0.028*
ASD (mm) 0.31 (0.42) 0.59 (0.83) 0.73 (0.74) 0.73 (0.97) <0.001*

Data displayed are median (IQR). *, marks significant difference with the proposed method (P<0.05). DSC, Dice similarity coefficient; CR,

correspondence Ratio; PM, percentage match; ASD, average surface distance; M,g, manually drawn delineations set used as reference

standard; M,,,, 2nd manually drawn delineations set for intra-observer variability measurements; A, ,..s.s» delineations generated by the

proposed automatic CNN algorithm.

than 2D Dense-Unet (DSC =0.80 and 0.82 respectively),
but we were unable to test H-Dense-Unet because it
requires 3D isometric input while we only have anisometric
2D patches input. Interestingly all the CNNs as well as
the human expert, encountered greater problems with
specificity than with sensitivity, as reflected in the lower
values for CR than PM. This suggests that the CNN, in
common with human performance, was able to detect
lesions with high sensitivity but had greater difficulty
discriminating the aetiology of a detected lesion (i.e., benign
or malignant), resulting in lower specificity.

Comparison of the proposed CNN with other CNN studies
in the literature

We applied our proposed CNN to T2-weighted non-
contrast-enhanced images with screening in mind. Only
two previous studies have evaluated CNN primary NPC
delineation using non-contrast-enhanced MRI (11,12).
One study, using their CNN designed based on the dense-
block technique, reported a DSC of 0.72 (12) and another,
using the Unet, reported a maximum DSC of 0.65 (11),
both of which showed lower performance than our A,,,,.,
(DSC =0.79). All other CNN studies for primary
NPC delineation have reported the results in contrast-
enhanced MRI using CNNs customised from Unet or
Dense-Unet for delineating primary NPC (9-14). When

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

compared to using contrast-enhanced images, our non-
contrast-enhanced method archived better or comparable
performance to that reported in four studies (mean/median
DSC of 0.72-0.79) (9-12), but was worse than that reported
in two small studies of 30 patients (DSC of 0.85) (13) and
29 patients (DSC of 0.89) (14).

Limitations of this study

This study has some limitations. Firstly, the proposed CNN
algorithm requires images centred on the nasopharynx,
so the technique may not be applicable if the area of
coverage is expanded to include nodal disease in the neck.
Nevertheless, the proposed CNN algorithm would offer
improvements as long as the FOV coverage remains
consistent. This aligns with clinical practice because each
type of cancers usually has its routine MRI protocol which
includes standard positioning of the FOV. Secondly, CNNs
tend to smooth the boundaries of very irregularly shaped
tumours, which can reduce the accurate contouring of
the tumour boundary. Thirdly, as we performed the test
on uniform images from one centre only, the effect of
alternative scan settings especially on textural analysis is
currently unknown. Fourthly, as CNN training is very time
consuming, we only evaluated the previously published
CNNs on data from patients in fold 1. However, as there
were no significant differences between the four folds of
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our proposed CNN, we believe that it is likely that the
superiority of our CNN in fold 1 is representative of the
expected results from the other folds. Fifthly, this study
did not assess the variations of the proposed algorithm in
primary NPC delineation by CNN on contrast-enhanced
MRI. Nonetheless, our previous work showed that the well-
established Unet displayed similar primary NPC delineation
performance on NE-T2W-FS when compared to contrast-
enhanced T1-weighted images, and only slightly worse
performance when compared to contrast-enhanced T1-
weighted fat-suppressed images (20). Lastly, in this study
we were unable to address the clinical importance of the
differences between the manual and automatic delineations
because of the complex invasion patterns of NPC and
substantial differences in radiosensitivity of the different
surroundings normal tissues.

Conclusions

We have developed and presented a fully automatic CNN
algorithm that achieved a median DSC of 0.79 and ASD
of 0.66 mm for delineating primary NPCs on a non-
contrast-enhanced MRI sequence. The results suggest
that our proposed CNN algorithm can automatically
delineate primary NPCs with a DSC close to the previously
established standard on a non-contrast-enhanced MRI
sequence. The performance of our CNN on a T2-weighted
sequence has great potential for MRI screening programs
and intra-treatment assessment.
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Appendix 1

Algorithm details
Discriminative patch sampling

To increase the probability that the sampled patches contain tumour and reduce the probability that the sampled patches
contain air or out-of-view space, we used an intensity-based patch sampling strategy for both inference and training of the
network. This strategy was based on the mean intensity of tumour on T2W-FS images being higher than the mean of whole
image and it used weighted sampling based on prior knowledge as shown in the following equation.

Without differentiating whether the slice contained tumour or not, for each 2D slice S.€R”™ at the axial position z, N
square patches {L,ER””;n€[0,N)NZ} were sampled by selecting N points {w,h}, within the box R.CS. bounded by {we[D/2, W~
D/2),h€[D/2,H-D/2)}. The probability of the point being selected is proportional to its pixel intensity:

R, (w,h)—min[R.]
> (R (wn)-min[r]) !

We used the empirical tests to determine the optimal patch size (W=128 and H=128) and the maximum number of patches

P(w,h;z)=

(N=75) for each of the slices during inference to ensure all the tissue-representing pixels were covered during network
inference. Figure S1 is an example to illustrate the effect of the intensity-based sampling.

Reflection padding

Stacking multiple convolutional blocks causes shrinkage of the receptive field (3). This can be partially compensated by
boundary padding prior to each convolutional operation. There are four mainstream padding techniques, namely zero-padding,
boundary-padding, reflection-padding and warped-padding. The zero-padding is the one which is most broadly applied
because its implementation is simple and effective. However, zero-padding is less compatible with patch-based algorithms as it
leads to sharpening of the local contrast at the edges of a patch which induces incoherence in the stitched output. We therefore
adopted reflection-padding in all convolutional layers, a simple and elegant method to mitigate the receptive field shrinkage
and the local contrast sharpening (Figure S2).

Figure S1 An example showing random sampling (A) and intensity-based sampling (B) on T2W-FS images. By using the intensity-based
sampling method, sampled patches were more likely to focus on the nasopharynx and adjacent areas, whereas by using the random sampling

method, sampled patches were scattered and included out-of-view space. T2W-FS, T2-weighted fat-suppressed.
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Figure S2 Compared to using convolution layers (A) with zero padding which shows severe distortion at the edge (white arrows), the use of (B)

reflection-padding produced a smoother probability map without distortion at the edges (white arrows).

\‘ p I' \ I’
\ 7 N 7
\O\ ’6, b\ AI
\“—O-”’ ~~_0_,’
LBP LNDP

Figure S3 A pictorial explanation of the complementary relation between the LBP and the LNDP texture features. The LBP describes the
local radial differences whereas the LNDP describes the local tangential differences. The frequencies of these differences were encoded
into the centre pixels of each texture kernel in the output of these textural filters. R is the kernel radius, [; is the 7-th intensity in the
intensity vector I(K)={l, I,...I\}. The red double-headed arrows indicate the compared pair of points in each texture filter. LNDP, local
neighbourhood differences pattern; LBP, local binary pattern.

Positional and textural feature vector

The routine NPC MRI scanning protocol was centred over the posterior wall of the nasopharynx. In order to locate the
tumour, we recorded the 3D coordinates of each patch sampled and calculated the distance of each patch to the centre of
the image. In addition, we introduced to the model two textural analysis techniques, namely the LBP (25) and LNDP (26),
to improve the detection of tumour spread into adjacent soft tissues and bone, including those into areas less frequently
affected where the 3D coordinates alone would have greater difficulty capturing the information. The frequencies of intensity
differences were measured in a radial direction using the LBP and complementarily in the tangential direction using LNDP as
shown in Figure S3.
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A kernel radius of 3 px (~1.5 mm) was used for both textural analysis techniques. Two-hundred features were computed
from the histograms of the LBP and LNDP texture of the extracted patches, and concatenated with the aforesaid 4-elements
coordinate vector, forming a 204-clements feature vector that was the input of the fully-connected (FC) linear attention
modules for each patch. Computation of LBP and LNDP from 2D images are recapped in Appendix 2.

Network architecture

"The backbone of our network was based on the Attention-Unet (7), which adapted the Unet (3) with additional attention layers
to capture semantic local information. We further replaced the convolutional attention layers with the FC linear attention
layers which computes channel weights for each convolutional feature extractor layer. Specifically, it suppresses irrelevant
feature extractor channels while reinforcing relevant ones according to the textural-positional vector of the extracted patch.
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Appendix 2

Computation of LNDP and LBP

Details

WxH

, each point p={w,h} was iterated by considering M neighboring points K,={w+R sin(2mzu/M),h+R
cos(2mn/M);m€[0,M)NZ} with fixed distance R from the considered point. It is common to select M to be an integer that is a
power of two due to the bit-based data structure of digital images storage. A vector of intensities at points in the set K, were
obtained, denoted by I(K,)ER", where intensities at non-integer coordinates can be calculated with interpolation and those
beyond the image boundaries can either be estimated with extrapolation or padding with little influence to the results.

For LBP, each element of the intensity vector I(K,) was compared against that at the iterated point /(p) with the following
equations:

For an input image, /ER

0 if x>y

f(x,y) - { 1 if otherwise

where I(K,),, denotes the (m+1)-th element of the intensities vector.

For LNDP, difference between three consecutive elements in I(K,) were compared.

0 if x<0

g(x,y)={1

if otherwise

M-1

LNDF, (p)= zm:og [I(Kp )(m—l)mcd(Mfl) a I(KP )m ’ I(Kp )(m+])mod(M7]) B I(Kp )m :l x2" ]

We computed the LBP and LNDP images of the extracted patches with M=8 and R=1.5 mm (approximately 2 pixels from
the centre or 3 pixels including the centre).

Selection of LBP and LNDP as additional features

In this study, LBP and LNDP were selected over other textural features, such as GLCM, because they are invariant to
monotonic shifts of intensity values, which are common across clinical MRI scans. Furthermore, LBP and LNDP are a
complementary textural filter pair which address local radial and local tangential intensity differences, respectively. Therefore,
they provide both structural and statistical information when combined with histogram analysis.
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Appendix 3

Pre-training data augmentation

Data augmentation referred to the perturbation of training data by applying transformations and/or signal filters to mimic the
data variability encountered in real-life and improve the generality of the dataset. In this study, data augmentation was done
prior to the patch extractions. Each 2D axial slice was augmented into two additional images using a pipeline described as
follow:

() Random rotations between —10 to 10 degrees;

(II) Random scaling of the image to between 0.9 to 1.1 of its original size;

(IIT) Adding gaussian noise;

(IV) Linearly shifting the contrast of the images.

The upper augmenter pipeline was randomized after each epoch to maximize the robustness of the trained network. From
each augmented image, 15 patches of dimension 128x128 px were sampled, the sampled locations were also randomized after
each epoch.

© Quantitative Imaging in Medicine and Surgery. All rights reserved. http://dx.doi.org/10.21037/qims-21-196



Appendix 4

Network training

The open source python package PyTorch was used to implement and train the proposed network. The network was optimized
using the Adaptive Moment Estimation (Adam) optimizer with the cross-entropy loss function on a machine with two graphic
processing units (GPUs) model Nvidia 2080 Ti. The learning rate decayed exponentially after each epoch.

To account for smaller tumour compared to non-tumour volumes, we adopted class weightings in evaluating the loss
function. The weights of tumour and non-tumour classes were calculated by the reciprocal of their total pixels counts and the
non-tumour class weight was gradually increased using the sigmoid function across the epochs.

One epoch corresponded to a cycle in which the entire training cohort, including the augmented images, was passed forward
through the network once. For a training cohort that included N axial slices, 45N patches would be sampled from 3N slices (2
augmented images and the source image) and processed by the network in each epoch.
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