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Purpose: Selective internal radiation therapy (SIRT) has been proven to be
an effective treatment for hepatocellular carcinoma (HCC) patients. In clinical
practice, the treatment planning for SIRT using °°Y microspheres requires es-
timation of the liver-lung shunt fraction (LSF) to avoid radiation pneumonitis.
Currently, the manual segmentation method to draw a region of interest (ROI)
of the liver and lung in 2D planar imaging of *"Tc-MAA and 3D SPECT/CT
images is inconvenient, time-consuming and observer-dependent. This study
proposes and evaluates a nearly automatic method for LSF quantification us-
ing 3D SPECT/CT images, offering improved performance compared with the
current manual segmentation method.

Methods: We retrospectively acquired 3D SPECT with non-contrast-enhanced
CT images (nCECT) of 60 HCC patients from a SPECT/CT scanning ma-
chine, along with the corresponding diagnostic contrast-enhanced CT images
(CECT). Our approach for LSF quantification is to use CNN-based methods
for liver and lung segmentations in the nCECT image. We first apply 3D Re-
sUnet to coarsely segment the liver. If the liver segmentation contains a large
error, we dilate the coarse liver segmentation into the liver mask as a ROI in
the nCECT image. Subsequently, non-rigid registration is applied to deform
the liver in the CECT image to fit that obtained in the nCECT image. The final
liver segmentation is obtained by segmenting the liver in the deformed CECT
image using nnU-Net. In addition, the lung segmentations are obtained using
2D ResUnet. Finally, LSF quantitation is performed based on the number of
counts in the SPECT image inside the segmentations.

Evaluations and Results: To evaluate the liver segmentation accuracy, we used
Dice similarity coefficient (DSC), asymmetric surface distance (ASSD), and
max surface distance (MSD) and compared the proposed method to five well-
known CNN-based methods for liver segmentation. Furthermore, the LSF error
obtained by the proposed method was compared to a state-of-the-art method,
modified Deepmedic, and the LSF quantifications obtained by manual segmen-
tation. The results show that the proposed method achieved a DSC score for the
liver segmentation that is comparable to other state-of-the-art methods, with an



average of 0.93, and the highest consistency in segmentation accuracy, yield-
ing a standard deviation of the DSC score of 0.01. The proposed method also
obtains the lowest ASSD and MSD scores on average (2.6 mm and 31.5 mm, re-
spectively). Moreover, for the proposed method, a median LSF error of 0.14%
is obtained, which is a statically significant improvement to the state-of-the-
art-method (p = 0.004), and is much smaller than the median error in LSF
manual determination by the medical experts using 2D planar image (1.74%
and p < 0.001).
Conclusions: A method for LSF quantification using 3D SPECT/CT images
based on CNNs and non-rigid registration was proposed, evaluated and com-
pared to state-of-the-art techniques. The proposed method can quantitatively
determine the LSF with high accuracy and has the potential to be applied in
clinical practice.

© 2023 Elsevier B. V. All rights reserved.

1. Introduction

Hepatocellular carcinoma (HCC) is a major healthcare challenge, with a global incidence rate that is in-
creasing annually (Balogh et al., 2016). In the Asia-Pacific region, HCC is one of the most common causes
of cancer-related deaths. HCC is most commonly staged using the Barcelona Clinic Liver Cancer (BCLC)
system (EASL et al., 2018). Selective internal radiation therapy (SIRT) using **Y-loaded resin or glass micro-
spheres is an optional treatment for unresectable HCC with promising outcomes (Salem et al., 2010; Sangro
et al., 2011). The principle of SIRT is to deliver an effective radiation dose to the tumor while sparing the
normal liver and lungs. SIRT is safe for patients when the delivery dose to the liver and lungs does not exceed
30 Gy and 50 Gy, respectively (Ho et al., [1997; Gil-Alzugaray et al., 2013). SIRT using *°Y-loaded resin
microspheres is commonly preceded by transarterial perfusion scintigraphy using **™Tc-macro aggregated
albumin (MAA) for estimating the lung shunt fraction (LSF) and dosimetry. *"Tc-MAA is utilized as a
planning tool to evaluate the microsphere distribution in tumors, normal liver tissue, and the lungs (see Figure
1). LSF is an important quantitative parameter that can help to predict damage to the lungs or other organs
and to avoid radiation pneumonitis (Leung et al., |1993).

The LSF is calculated from *"Tc-MAA planar imaging using a simple geometric mean; however, the
procedure for defining the regions of interest in the lungs and liver is often inaccurate. Planar imaging or 2D
imaging (see Figure [2) may fail to differentiate the density and attenuation between the lungs and the dome of
the liver due to the lack of anatomical references (Georgiou et al., 2021). In this scenario, " Tc-MAA single-

photon emission computed tomography (SPECT)/computed tomography (CT) is currently recommended in-
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Fig. 1. An example of SPECT/CT images of the liver with ®™Tc-MAA injection. Image A is the non-contrast CT image of
the liver. Image B presents the SPECT image at the same axial slice. Image C shows the overlaid SPECT image on the CT
image. Image D depicts the corresponding sagittal view of the SPECT image.

stead of relying on planar images (Kao et al., [2012). The advantages of SPECT/CT over planar imaging

are that the images are volumetric imaging, enabling 3D visualization with higher spatial resolution, bet-

ter contrast, and more precise quantitation (Son et al., 2021} Dittmann et al., 2018). Currently, performing

slice-by-slice manual annotations of the lung and liver in the CT image required for such quantifications is a
time-consuming, labor-intensive process, which is a significant practical limitation on SPECT/CT-based LSF
calculation. Therefore, LSF quantification based on SPECT/CT images using an efficient (semi) automatic
segmentation method would be a valuable improvement in the planning of SIRT treatment.

Computer-aided medical image analysis could be realized by either traditional image processing tech-
niques or modern deep learning approaches. In the past, many traditional image processing algorithms for

liver and lung segmentation, including region-growing, graph-cut, and active contour, have been developed

(Heimann et al.| 2009). In addition, machine learning methods have been applied to improve the accuracy of

the segmentation task, from the traditional support vector machine (SVM) to active shape models or neural

networks (Luo et al.,2014). However, relying on hand-crafted features made those traditional image process-

ing techniques unreliable and inefficient in learning important features of the image (Hoang et al., 2019).

In recent years, thanks to the significant advancement in computer hardware and algorithms, state-of-the-

art deep learning models - specifically convolutional neural networks (CNNs) - were introduced and made

crucial contributions to the field of medical image analysis. Ronneberger et al.| (2015)) introduced the U-Net

architecture with its highly effective encoder-decoder hierarchical feature learning structure, being one of the
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Fig. 2. Manual annotations of the liver and the lungs on the planar image drawn by a nuclear medicine doctor to estimate
the LSF and ™Tc-MAA dosimetry.

first works to apply CNNs to the problem of medical image segmentation. Since then, CNNs are increas-
ingly becoming the optimal solution in a wide range of medical applications. Lee et al.| (2022a) introduced
voxel-level Siamese representation learning to improve representation space and subsequently proposed an
adversarial learning-based semi-supervised segmentation method for improving multi-organs segmentation
in CT image (Lee et al., [2022b)). Wang et al.| (2023)) proposed a cross-convolutional transformer to seg-
ment multi-organs in a variety of medical images. |Li et al.| (2022)) presented multi-dimensional cascaded net
(MDCNet) to segment multi-organs in abdominal CT images. |Conze et al. (2021) successfully segmented
abdominal multi-organs in both CT and MRI images using cascaded convolutional and adversarial deep net-
works. A comprehensive review of deep learning-based methods for multi-organ segmentation can be found
at (Fu et al., [2021)).

For liver segmentation applications, Christ et al. (2016) extended the U-Net architecture to create a cas-
caded network for segmenting the liver from CT and MRI images, reporting a Dice score of 94%. L1 et al.
(2018)) proposed the H-DenseUNet structure by combining 2D and 3D Dense U-Net architectures; the mod-
ification improved the liver segmentation Dice score to 96.5%. Xu et al.| (2019) introduced a framework for
liver segmentation in CT image using ResUNet with 3D probabilistic and geometric post process. Recently,
Isensee et al. (2021)) leveraged the U-Net by releasing a generalized automatic training pipeline and segmen-
tation platform, which demonstrated excellent performance metrics in various medical image segmentation
tasks, including the liver. Despite the impressive Dice scores, there are few studies that specifically focused

on the problem of liver segmentation in SPECT/CT images or non-contrast CT images.
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Fig. 3. Example of liver segmentation on nCECT image using 3D ResUnet. The arrow points out the incorrect segmentation
due to low contrast between the liver and the other organs.

Recently, some studies on LSF quantification based on computer-aided methods have been introduced.

\Chaichana et al.| (2021)) demonstrated the superiority of (semi)automatic segmentation methods compared

to traditional manual approaches in SIRT treatment planning by introducing LiverNet, achieving a median

Dice score of 91% for liver segmentation. Tang et al. (2020) developed a modified Deepmedic model to

automatically segment the lungs and liver in *"Tc-MAA SPECT/CT images, obtaining Dice scores of 98%
and 91%, respectively. In addition, they were able to reduce the segmentation time to an average of about one
minute per patient. Hence, it can be seen that computer-aided methods for LSF quantification have presented
a great potential for application in clinical practice.

. Although the methods achieved high accuracy in lung segmentation, both of the studies by
et al| (2021) and [Tang et al.|(2020) indicated that direct CNNss still may suffer from a failure when performing

liver segmentation on non-contrast CT images (nCECT) with high low-dose noise, blurred boundary, or non-
uniform intensity distribution (see Figure 3)). In addition, none of the previous studies reports the accuracy of
LSF quantification obtained by the automatic methods (only segmentation accuracy). Therefore, the aim of
this study is to develop and assess an automatic method for liver segmentation in nCECT image. Subsequently,
the accuracy of LSF quantification using the method will be assessed.

The remainder of this paper is organized as follows. Section[2]presents the materials and methods that we
used to segment the liver and lung for LSF quantification. The experiments and results of the methods for
liver segmentation and LSF quantification are described in detail in Section[3] We discuss the obtained results

in Section[d} Finally, a summary of the findings and the conclusions of the study is presented in Section [5
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2. Material and methods
2.1. Data and ground truth annotation

We retrospectively collected data from 60 HCC patients who underwent SIRT treatment planning at Hos-
pital 108 in Hanoi, Vietnam, from 2017 to 2021 H This dataset (subsequently referred to as H108 dataset)
includes diagnostic CECT, *"Tc-MAA SPECT, nCECT and planar image data. Of those patients, 36 subjects
were eligible for SIRT treatment. The imaging data was anonymized before used in this study.

For each patient, a triple-phase abdominal CT was performed for staging and tumor vessel mapping. We
obtained thirty-two available CECT images E], acquired with either GE Healthcare or Siemens CT scanners,
with in-plane resolution ranging from 0.67 mm to 0.98 mm, slice dimensions of 512x512 pixels, and the
spacing between slices ranging from 0.5 mm to 3 mm. We used CT images in the portal venous phase as
the CECT image to register to nCECT image. *™"Tc-MAA with activity of 185 MBq was injected into the
tumor-feeding artery for the patients. SPECT/CT and planar scans were obtained using an Optima NM/CT
640 scanner (GE Healthcare, Milwaukee, WI, USA) 1 hour after "Tc-MAA injection. The planar imaging
was acquired in anterior/posterior view and the range of scan is adjusted to ensure that it includes both the
lung apex and the whole liver. Low-dose CT integrated with SPECT was acquired at 120 kVp and 30 mA and
reconstructed with a slice thickness of 5 mm. SPECT was acquired with 60 projection images (6° rotation
angle with step-and-shoot mode for 12 seconds per frame). nCECT and SPECT images were resampled to
dimensions of 256x256x181 pixels, with an isotropic spatial resolution of 2.2 mm using Xeleris software.
Before the registration, CECT images were down-sampled to 256x256 pixels to be the same as the slice
dimensions of nCECT images.

For the ground truth of the lung segmentations of H108 dataset, a technician applied region growing to
segment the lungs mask and then manually corrected the segmentation as in clinical routine. The manual seg-
mentations were then manually corrected/verified by a senior expert using Mevislab 3.4.1. The segmentation
label has a value of O for the background and 1 for the liver region. The lung segmentation ground truth will
be used to evaluate performance of the lung segmentation method.

For the ground truth of the liver segmentations of H108 dataset, a technician first manually segmented
the liver, followed by manual correction/verification by two medical experts. In this study, we also used
the publicly availble CECT dataset in the liver and tumor segmentation task from the medical segmentation
Decathlon (MSD dataset) (Antonelli et al., [2022). The MSD dataset consists of 131 abdomen CECT images
in which experts have labeled the liver; it has been used in various studies on liver segmentation (Christ et al.,

20165 Isensee et al., 2021} Tang et al., 2020). The CECT images were collected from numerous medical

'The local ethics committee approved the use of this dataset for our research purposes.
2Thirty-two CECT images were stored in the PACS and available for this study
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facilities worldwide with image in-plane resolution ranging from 0.56 mm to 1 mm and the spacing between
slices ranging from 0.45 mm to 6 mm. Of these images, nCECT images from thirty-five patients in H108
dataset and all CECT images from both MSD and H108 datasets were used for training the CNN models.
Five and twenty nCECT images from the rest of H108 dataset were used as validating and testing images,

respectively.

2.2. Liver lung shunt quantification pipeline

Coarse liver Non-rigid Fine

Input images . - ; .
segmentation registration segmentation

LSF quantification

fixed image Deformed
CECT image

3
I 'Ar ;
Aot | —

Diagnostic CECT moving image

SPECT/CT

Fig. 4. Multi-stage framework for LSF quantification using SPECT/CT images.

In this study, we use a multi-stage framework for LSF quantification using SPEC/CT images, as depicted in
Figure[d] In the nCECT image, the blurred liver boundary and uniform pixel intensity result in the liver being
indistinguishable from other neighboring abdominal organs such as spleen, kidney or stomach. This poses
challenges for segmentation, and may lead to substantial errors in a liver segmentation when segmentation
methods are directly applied to nCECT images. Thanks to the contrast enhancement, CECT images (obtained
from the diagnostic procedure) have clear contrast in the liver region, which enables better discrimination from
other neighboring organs (see Figure[)). Therefore, our key idea is to use the intra-patent contrast information
of the liver from CECT in combination with nCECT to improve liver segmentation accuracy. We propose a
strategy that combines registration and deep learning techniques (CNNs) for segmenting the liver using the
nCECT image. Firstly, coarse segmentation of the liver in nCECT image is obtained using a fast CNN. If the
liver segmentation in the nCECT image is not sufficiently accurate (visually assessed by medical expert), we

then segment the liver in CECT images utilizing the same CNN, and use the segmentations to generate the
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regions of interest (ROIs) of the liver. Secondly, non-rigid image registration is applied to deform the liver
in the CECT image to align with the liver in the nCECT image of the same patient. Subsequently, a CNN is
applied to the deformed CECT image to achieve fine liver segmentation. In addition, lung segmentation in
the nCECT image is also obtained by using a CNN. Finally, the LSF can be computed using the segmented

liver and lung images. Details of each stage are described in the following section.

2.3. Proposed approach for liver segmentation

2.3.1. Coarse liver segmentation

Firstly, our aim is to coarsely segment the liver with fast processing time using a state-of-the-art CNN-
based method. 3D ResUNet model (Xu et al., 2019) is applied to segment the liver from the SPECT/CT
image. Compared to other state-of-the-art CNNs in the field, 3D ResUNet is a lightweight, fast, reliable and
sufficiently accurate model with the classical encoder-decoder architecture. Inspired by the original ResNet,
the residual component has been added to the U-Net structure to eliminate the vanishing/exploding gradient
issue. Moreover, the model leverages the efficiency of feature extraction and representation. The performance
of 3D ResUnet on liver segmentation will be evaluated in the experimental section[3] If the obtained segmen-
tation contains a large error, it is then expanded by 10 mm in-plane using dilation morphology to guarantee
the integrity of the liver boundary and used as the liver mask in the following stages. We also use 3D Re-
sUNet to segment the liver in the CECT image, with a dilation of 10 mm applied to obtain the liver mask. The
obtained liver masks are then used to locate the region of interest (ROI) in the images, which do not requires
highly accurate liver segmentations. This ROI becomes auxiliary information for guiding the deformable liver
registration process in the next stage. The training of 3D ResUNet model is described in details in Section

3.1.2

2.3.2. Non-rigid registration of the liver

Here, we use non-rigid image registration to align the contrast enhanced liver in the CECT image to match
to that in the nCECT image, thus enabling the liver boundary to be clear demarcated and separated from the
surrounding organs (see Figure [3).

We denote the nCECT image of the liver as the fixed image Ir(x) : Qr C R? — R, and diagnostic CECT
image as the moving image I,,(x) : Q) C R? — R. Accordingly, the transformation for mapping points from
the fixed to the moving image domain can be defined as T,,(x) : Qr — Qy, where u € R” is the parameter
which represents the P-dimensional vector of the parameters of a B-spline transformation model (Rueckert
et al., [1999).

The registration can be formulated as the following optimization problem:

i = argmin (M1 (TN(X), F(x)) + AR (T,(x))). (1)
u
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where MI(T'; I, I};) 1s the term for similarity measurement of the fixed and moving images; R(T) is a regu-
larization term (Fischer and Modersitzki, 2004) and A is a weight which balances the terms.

We use mutual information (M1) (Viola and Wells 111, [{1997; Mattes et al., [2003; [IThévenaz and Unser,
2000) as the similarity metric for the registration because CECT image contains the liver with enhanced
contrast, while the liver in the nCECT image has lower contrast. In addition, due to the similar patient
orientation with swallow respiratory during the diagnostic CECT and SPECT/CT scannings, only a small
non-rigid deformation of the liver between the images is expected to be occurred. Therefore, we use bending

energy (Rueckert et al., [ 1999) as the regulation term to constrain the non-rigid deformation.

Fig. 5. Example illustrating the liver registration, which deforms a diagnostic CECT image (A) to align to an nCECT image
(B) to obtain the deformed CECT image (C).

2.3.3. Fine liver segmentation
In the fine liver segmentation stage, the same nnU-Net in Section [2.3.1] is applied to segment the liver
from the deformed CECT image. We choose nnU-Net because it has previously been proved effective at

segmenting the liver in CECT images (Isensee et al.,[2021)), and achieved high performance scores in the liver
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segmentation task in Decathlon segmentation challenge |/Antonelli et al.|(2022). Moreover, one of the practical
features of nnU-Net is that it is an end-to-end framework which allows automatically configuring the whole
pipeline including preprocessing, network architecture, training parameters and post-processing. Despite the
favorable characteristics of the CECT image, liver segmentation by CNNs may suffer from the problems of
non-connected components and indistinguishability among neighboring organs. Since the liver is the largest
organ in the abdominal cavity, we select the largest connected component for the final liver segmentation
selection in a post-processing step. The evaluation of performance of nnU-Net on the deformed CECT image

and compared to other state-of-the-arts liver segmentation CNNs will be shown in Section [3.4.2]

Fig. 6. Liver segmentation performed on the deformed CECT image by nnU-Net (left) and overlaid on the nCECT image
(right).

2.4. Lung segmentation

In the nCECT image, the anatomical information of the lungs with separated pixel intensity range often
makes it distinguishable from surrounding organs. Hence, the application of deep learning models in lung
segmentation eliminates the problem of manual threshold-level searching, therefore reducing the segmenta-
tion time to seconds while maintaining a high level of lung segmentation accuracy (Hofmanninger et al., 2020;
Chaichana et al., [2021). In this study, we reused the 2D ResUNet for segmenting the lungs with its trained
model provided by Hofmanninger et al.| (2020) using the data from Lung CT Segmentation Challenge (Yang
et al., 2018]). We choose the 2D ResUNet model because it has been proved effective in lung segmentation. In
addition, the evaluation of the performance of the trained model on the dataset in this study will be described

in Section

3. Experiments and results

3.1. Implementation
3.1.1. Registration software and parameter settings

In this study, we utilized Elastix, which is an open source, itk-based registration tool created by Klein et al.

(2009)) for aligning CECT image to nCECT images. To reduce the registration time, both the nCECT and
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CECT images were cropped such that the volumes-of-interest contain the liver in each image. To obtain the
volumes-of-interest of the liver, we used the liver segmentations using the CNNs to detect the liver ranges and
then expanded in both superior and inferior direction of 10 mm. Subsequently, multi-scale B-splines (Lester
and Arridgel |1999) at four resolutions of [80, 40, 20, 10] mm were used for the transformation model, with
the center of mass of the liver mask as the initial translation before starting the registration. We used adaptive
stochastic gradient descent as the optimizer for finding the parameters i of the B-spline transformation at each
resolution. For each iteration, 2000 samples are randomly chosen inside the liver mask of nCECT to compute
the similarity metric M1 of the nCECT and CECT images. For each resolution, the number of iterations is set
to 500 to guarantee convergence (Klein et al., 2009). The weights for M1 and bending energy are set to 1 and
200, correspondingly. The other parameters were set to the default values from Elastix. The registration time

on the test dataset is approximately 93 seconds for a case on average.

3.1.2. Implementation and training of CNNs

We utilized three CNN models in the proposed automatic LSF quantification pipeline, including 2D Re-
sUNet for lung segmentation (Hofmanninger et al., 2020), 3D ResUNet for liver mask generation (Xu et al.,
2019), and nnU-Net (Isensee et al., 2021) for fine liver segmentation. For 2D ResUNet, we reimplemented
the network architecture and reused the trained model provided in the author’s GitHub repository ﬂ For 3D
ResUNet, the implementation was obtained from 3D ResUNet’s Github repository ﬂ The implementation of
nnU-Net was obtained from nnU-Net’s GitHub repository ﬂ

We trained the 3D ResUNet model using the training data described in Section 2.1 and using Dice loss
with an initial learning rate of 1 x 107>, decreasing to 80% of its previous value after every 25 epochs. The
model was trained for 100 epochs, and the network parameters were learned using the Adam optimizer with
the default parameters. Since processing the entire 3D CT input image is resource-consuming and possibly
leads to an overflow in GPU VRAM, we split the original 181x256x256 pixel input into smaller patches
of 48x256x256. For pre-processing of liver segmentation in the nCECT image, the pixel intensities were
clipped to the liver intensity range of [-200, 200]. For nnU-Net, we followed the default preprocessing,
postprocessing and training methods suggested by the authors. The source code and trained models of 3D
ResUnet and nnU-Net are make publicly available atﬁ

As a benchmark method, we reimplemented the modified Deepmedic network introduced by Tang et al.
(2020), which also applied CNNs for segmentation of SIRT data. The modified Deepmedic contains three

pathways instead of two pathways, enabling the network to capture a wider range of image resolution. In the

*https://github.com/JoHof/lungmask
“https://github.com/assassint2017/MICCAI-LITS2017
Shttps://github.com/MIC-DKFZ/nnUNet
®https://github.com/kennyha85/Liver-Lung-Shunt-project.


https://github.com/JoHof/lungmask
https://github.com/assassint2017/MICCAI-LITS2017
https://github.com/MIC-DKFZ/nnUNet
https://github.com/kennyha85/Liver-Lung-Shunt-project
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Fig. 7. The training curves of 3D ResUNet and nnU-Net using the dataset in this study. Dice score was used for validating
the trained models.

training process, we train the modified Deepmedic with the same configuration as suggested by the authors. In
addition, we also experimented two Transformer-based models, including TransUNet and Swin-Unet, which
recently demonstrated their effectiveness in medical image segmentation (Cao et al.,|2021; Chen et al., 2021)).
We used the source code published by the authors, with the implementation obtained from authors’ GitHub
repositories Eﬂ TransUNet and Swin-Unet models were trained using the Dice and CrossEntropy loss function
with the training parameters set according to their respective authors’ recommendations. We trained the two
models with the same number of training/validation and testing datasets as for the proposed method. Since
two Transformer-based models are 2D segmentation models and require pre-trained weights, we split the 3D
image into multiple 2D images with the input size set of 256x256 for TransUNet and 224x224 for Swin-Unet.

The registration and all CNN models in this study were trained on a workstation with an NVIDIA
RTX8000 48GB VRAM GPU, an Intel Core 19-9900K 32GB RAM CPU running the Ubuntu Linux 20.04.3

LTS environment.

3.2. Evaluation metrics for CNN-based segmentation

Dice similarity coefficient (DSC): the DSC score evaluates the overlap between the predicted segmenta-
tion and the ground truth (label), which is generally used for segmentation evaluation. The DSC is defined as

follows:

21X NY|
X1+ Y1

where X and Y represent the ground truth segmentation and the predicted segmentation, respectively.

DSC(X,Y) = (2)

"https://github.com/Beckschen/TransUNet
®https://github.com/HuCaoFighting/Swin-Unet


https://github.com/Beckschen/TransUNet
https://github.com/HuCaoFighting/Swin-Unet
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False negative rate (FNR): FNR is used to measure the rate of negatively-predicted voxels that should
be positive (i.e the under liver segmentation). A high FNR means the predicted segmentation missed a large
portion of voxels as compared with the ground truth.

X-XnY

False positive rate (FPR): In contrast to FNR, FPR indicates the rate of positively-predicted voxels that
should be negative (i.e over segmentation). A high FPR means the predicted segmentation includes a large
area that does not belong to the ground truth.

Y-XnvYy

Average symmetric surface distance (ASSD): ASSD calculates the average of all distances from points
on the surface of liver segmentation ground truth in one image to the predicted segmentation surface in the

other image and vice versa.

ZXEX d(X, Y) + Zer d(y’ X)

ASSD(X, Y) = 7

; (&)

where x and y refer to an arbitrary voxel in X and Y respectively; d(X, Y) represents the shortest path from
point x on the surface of X to the surface of Y and the same definition applied for d(y, X).

Maximum surface distance (MSD): MSD is the maximum distance between a point x on the surface of
segmentation ground truth X to the surface of predicted segmentation Y and vice versa. Subsequently, the

greater of the two distances is the value of the MSD.

MSD(X,Y) = max [max d(x, Y), max d(y, X)|, (6)
xeX yeY

3.3. LSF evaluation

Clinically, the liver lung shunt fraction is calculated by the following formula (Georgiou et al., [ 2021):

CLungs

LSF= ——mMMM
CLungs + CLiver

x 100%, (7

where Cpe and Cp;y, refer to the the total percentage injected dose in the lung and liver regions, respectively.
The accuracy of LSF quantification for each method can be determined by taking the difference between

the ground truth LSF quantification (with the label segmentations in nCECT image) and the obtained LSF.
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Table 1. Median evaluation scores of performance of the five state-of-the-art methods on the deformed CECT images. The
numbers in brackets are the lowest and the highest scores. The numbers in bold are the best scores for automatic liver

segmentation methods.

Method DSC FNR FPR | ASSD (mm) | MSD (mm) Pr";:ﬁ:‘“g
TransUNet | 0-94£0.04 | 0.0820.02 | 0.03x0.05 2434 262+316 | L
[0.81-0.95] | [0.05-0.11] | [0.01-0.22] | [1.3-14.1] | [17-122.6]
Swin-Unet | 0-89%0.04 | 0.12:0.08 | 0.042004 | 4.1x14 3002270 | o
[0.82-0.94] | [0.06-0.29] | [0.01-0.12] | [1.7-6.1] | [17.9-111.5]
0.92+0.04 | 0.0720.08 | 0.0720.03 | 2.7+2.1 49.9+26.8
3D ResUNet | ¢4 0.96] | [0.01-023] | [0.03-0.1] | [1.1-7.1] | [11.3-91.9] | 2°5¢€
modified | 0.920.18 | 0.1120.22 | 0.02x0.01 | 28104 | 386x313 | .
Deepmedic | [0.3-0.96] | [0.03-0.82] | [0-0.05] | [0.9-39.8] | [11.9-134.7] '
CUNet | 0962001 | 0.03£0.02 | 0.04£0.02 |  LI0.3 15.9+5.9 62 e
[0.94-0.97] | [0.01-0.07] | [0.02-0.07] | [0.7-1.6] | [10.8-30.8] ‘

3.4. Evaluation results

3.4.1. Lung segmentation

We evaluate performance of 2D ResUNet with the pretrained model for lung segmentation using 60
nCECT images in H108 dataset. The results show that the CNN obtains DS C of 0.972 on average with a
standard deviation of 0.007, and a min of 0.953. The inference time is of 4.5 seconds on average. Moreover,
the obtained means of FNR, FPR, ASSD and MSD are 0.015, 0.038, 0.160, 0.3 mm and 14.4 mm, respec-
tively. To this end, two nuclear medicine doctors verify that the lungs segmentation has been performed with

sufficient accuracy for the application.

3.4.2. Liver segmentation

In this experiment, for the proposed approach, we first apply 3D ResUNet on the test dataset. A nuclear
medicine doctor visually assessed the results and determined that thirteen out of twenty test images contained
large errors. We subsequently apply the proposed method to improve liver segmentation in nCECT image to
those cases. In one out of the thirteen cases, the registration failed due to a large motion artifact during in the
SPECT/CT images.

Firstly, we evaluate five state-of-the-art CNNs (TransUNet, Swin-Unet, 3D ResUNet, modified Deepmedic
and nnU-Net) with their models trained with the same training dataset in this study and then test on the twelve
deformed CECT images. The result is summarized in Table[I] It can be seen that nnU-Net performed the best
in most of the evaluation scores, achieving the median DSC, FNR, FPR,ASSD and MSD scores of 0.96, 0.03,
0.04, 1.1 mm and 15.9 mm, respectively, with the inference time in order of second. Thus, we chose nnU-Net
for fine liver segmentation stage in the proposed pipeline (see Figure [)).

Secondly, we also evaluate the performance of the five state-of-the-art CNNs directly on the test dataset

(nCECT image). The resulting liver segmentations are also compared to manual liver correction performed by
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a technician on 3D ResUNet’s liver segmentation prediction. The liver segmentation accuracy of the methods
is summarized Table 2| It can be seen that the liver segmentation from the manual interaction yields the
highest accuracy, with an average DSC of 0.95 and a standard deviation of 0.01. Meanwhile, among the state-
of-the-art CNN models, TransUNet shows the highest DSC score of 0.94 on average with a standard deviation
of 0.03, approaching the manual method. The proposed method has a small lower margin with an average
DSC of 0.93, with no statistically significant difference (p = 0.58, #-test). However, with a standard deviation
of 0.01, the proposed method has shown the same consistent level as the manual interaction approach, and its
performance is superior to all other CNN models. For FNR and FPR values, 3D ResUnet surprisingly shows
the best FNR results with an average value as low as 0.02 and fluctuation of 0.01, while the proposed method
achieves the worst FPR value of 0.06.

For boundary-distance-based evaluation metrics, segmentations with human intervention consistently pro-
duce the most reliable results compared to fully automatic predictions, with an average value of 1.5 mm and
27.4 mm obtained for the ASSD and MSD metrics, respectively. As compared to the five state-of-the-art CNN
models, the proposed method has values that are statistically significantly smaller than those of the other
methods, with mean values of 2.5 mm and 31.5 mm for ASSD and MSD, respectively.

Regarding execution time, 3D ResUNet is faster to the others with an average runtime of 2.3 seconds for
each segmentation. With an average runtime of approximately 122 seconds, the proposed method requires a
longer processing time than the other automatic segmentation models due to a composition of multiple steps
in the pipeline; however, this remains a practical execution time in a clinical scenario. Lastly, as a trade-off
for providing the highest accuracy, the manual correction method is the slowest, taking between 5 and 20

minutes. Note that all methods are experimented using the same hardware configurations as stated in Section

B.1

3.4.3. LSF quantification

In this experiment, we first investigate the accuracy of LSF quantification using 2D planar images analyzed
by the human-expert manual drawing technique (the conventional method). Two nuclear medicine doctors
with 5 years’ and 3 years’ experience (denoted as doctor 1 and doctor 2, respectively) manually draw the lung
and the liver regions on the planar images in the test dataset. Subsequently, the LSF values can be obtained
using Formula[7] The result shows that the LSF quantification by doctor 1 has the median error of 1.7% while
the number for doctor 2 is 1.8%, compared to the LSF quantification using manual liver segmentation in the
nCECT image (see Section [3.3])). We apply the paired z-test on the LSF by the two doctors, yielding a p-value
of 0.023, which shows a statistically significant difference between the two doctor’s performances. The results
are illustrated in Figure 9]

We also evaluate the accuracy of LSF quantification using the proposed method, the modified Deepmedic
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Table 2. Quantitative evaluation scores of the proposed liver segmentation method and state-of-the-art methods on nCECT
images. The numbers in brackets are the lowest and the highest scores. The numbers in bold are the best scores for
automatic liver segmentation methods.

Method DSC FNR FPR ASSD MSD Processing
(mm) (mm) time
TransUNep | 0942003 | 0.05£0.02 | 0.06£0.06 | 44249 | 91.7240.0 0 e
[0.84-0.97] | [0.02-0.1] | [0.02-0.25] | [0.8-15.4] | [30.0 - 159.3]
Swin-Unct | 0-88£0.03 | 0.07:0.04 | 0.14x0.07 | 6432 | 1179486 |
[0.81-0.93] | [0.03-0.15] | [0.05-0.27] | [2.5-13.9] | [33.2-187.7]
0.92+0.03 | 0.02+£0.01 | 0.12+0.04 | 10.4+5.8 | 211.4+23.6
3D ResUNet | ¢4 0.06] | [0-0.05] | [0.06-0.25] | [2.5-26.4] | [180.5-266.5] | 2> S€€
modified | 0.910.03 | 0.0320.01 | 0.14005 | 79%58 | 1432%617 | .
Deepmedic | [0.86-0.96] | [0.01-0.04] | [0.06-0.23] | [2.1-29.4] | [53.3-243.2] '
UNet | 0-93%0.05 | 003001 | 0.1z008 | 49+47 | 70.6x446 1.6 so
[0.81-0.98] | [0.02-0.05] | [0.02-0.29] | [0.7-13.4] | [13.4-142.0]
Proposed | 0.93£0.01 | 0.07£0.02 | 0.06x0.03 | 2.5+17 | 315260 | .
method | [0.9-0.96] | [0.03-0.1] | [0.03-0.13] | [1.7-7.9] | [15.9-116.3]
Manual | 0.95:0.01 | 0.03z001 | 0.07+0.01 | 15+05 | 274x123 | __
correction | [0.93-0.96] | [0.02-0.04] | [0.06-0.09] | [1.0-2.4] | [16.2-52.9]

model (Tang et al., |2020), which is one of state-of-the-art CNN-based methods, and finally, the manual liver
segmentation correction using the same test dataset (Figure [9). The modified Deepmedic model achieves a
median error of 0.42%, which is less than one quarter of the error obtained using the conventional method. The
proposed method achieves the best fully-automatic LSF quantification accuracy, with a median error of 0.14%,
while the LSF value obtained by the manual correction approach achieves the best median error of 0.03%.
A paired #-test between the LSF errors obtained using the proposed method and modified Deepmedic shows
the statistical significance of the improvement obtained by the proposed method (p = 0.004). Additionally,
a paired #-test demonstrates that the manual correction approach outperformed the proposed fully automatic
method (p = 0.03).

Regarding consistency, errors with the conventional LSF measurement method are widely distributed,
with a standard deviation of around 6% for the two doctors — and one outlier reaching approximately 11%.
Consistency is improved by using the modified Deepmedic model, for which the errors have a standard devia-
tion of approximately 1% and a maximum error of 1.44%. The proposed method reduces the error range even
further, with a maximum error of 0.38% and minimum error as low as 0.02%, and with a standard deviation
of approximately 0.12%. Lastly, the manual correction method shows the least fluctuation with a standard

deviation of approximately 0.11% and one outlier case of 0.31%.
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Ground Proposed modified
truth method nnU-Net | DeepMedic | 3D ResUNet | TransUNet | Swin-Unet

VevNea
A4 A4 43
fF e aeo e
seeer e

Fig. 8. Example of liver segmentations by the proposed method and other state-of-the-art method of an nCECT image. The
outer lines are the border of the segmentation of each method, and the solid brown segmentations are the corresponding
ground truths.

4. Discussion

In this study, we have proposed and evaluated a LSF quantification method using SPECT/CT image based
on automatic liver segmentation by CNN-based methods and non-rigid registration. The liver segmentation
accuracy for nCECT images and the processing time of the proposed method were compared to five state-of-
the-art methods and a manual correction approach. Moreover, the LSF quantification error for the proposed
method was also investigated and compared to state-of-the-art method as well as the manual methods.

The evaluation of 2D ResUnet for the lung segmentation on H108 dataset shows that the model achieved

the mean DSC score of 0.972, which is equivalent to the numbers reported by [Hofmanninger et al.| (2020);
(Chaichana et al.| (2021)) and [Tang et al.|(2020). The inference time of 4.5 seconds on average is also sufficient

fast for the application in this study. This result also suggests that the whole lung segmentation seems to be

not a challenging problem with our dataset.
The evaluation of the five state-of-the-art CNNs on the deformed CECT images (see Tabld[I) indicates that
nnU-Net has the best performance with the median DSC score of 0.96, which is similar to the result reported

in Isensee et al.| (2021)) (evaluation on MSD dataset). TransUNnet and modified Deepmedic also obtained

reasonable results with the median DSC scores of 0.94 and 0.92, respectively, which are also similar to those
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Fig. 9. Boxplots of LSF quantification errors by two medical experts using 2D planar images (left) and by CNN-based
methods on SPECT/CT image (right). The green numbers are median values, and the red numbers are p values.

reported by (Chen et al.| (2021) and [Tang et al.| (2020). The other models seem to do not perform as high
as reported in the original studies. The differences may come from the reason that we did not optimize the
training parameters for our dataset rather than using the defaults values.

From Table [2] (Section [3]), we can see that for liver segmentation accuracy, the proposed method achieved
the mean DSC score of 0.93 which is comparable to the best state-of-the-art method, TransUNet (mean DSC
of 0.94). The obtained DSC score for the proposed method is also equivalent to those reported by Tang
et al. (2020) and |Chaichana et al. (2021) (median DSC scores of 0.94 and 0.91, respectively) on their private
dataset with similar experiment. Moreover, the manual segmentation obtained the mean DSC core of 0.95,
which demonstrates that liver segmentation in nCECT image dataset is challenging even for human annotator.
We suppose this is also the reason for the lower performance of the five state-of-the-art CNNSs than those on
the deformed CECT images. The proposed method achieves a consistently high DSC score compared to other
methods, ranging from 0.90 to 0.96. However, the error in registration may contribute to a small part of the
final segmentation error. It can be seen from both Figure [6|and Figure[§] the plain CNNs for liver segmentation
on the nCECT image may have large errors at local liver boundaries with unclear contrast among the organs,
while the use of CT images from same patient with similar acquisition condition enables sufficiently accurate
registration at the boundaries.

Table 2| also shows that the proposed method obtained the best mean ASSD and MSD scores compared
to other state-of-the-art methods, yielding the scores of 2.5 mm and 31.5 mm, respectively. Thanks to the

registration, the liver segmentation on the deformed CECT image obtained better liver surface accuracy on
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average (see Figure . In addition, observation on our dataset shows that high " Tc—-MAA concentration
occurs at regions deeper inside the liver compared to the liver boundary. Hence, the segmentation errors
at swallow liver boundary regions may not affect the accuracy of the LSF quantification. Yet, compared to
the manual correction method, which the obtained mean ASSD and MSD scores of 1.5 mm and 27.4 mm,
respectively, the proposed method is less accurate. Therefore, we can infer from these results that the (nearly)
automatic methods have not yet reached human-equivalent performance levels.

Liver segmentation performance does not explicitly demonstrate the accuracy of LSF quantification. The
experiments in Section [3.4.3| demonstrated the accuracy of each of the different methods, compared to con-
ventional human tracing methods. The LSF quantification error by the experts using the convectional method
with 2D planar image has the median error of 1.74% and may be as high as 10% (see Figure[9)). On average,
the error is not significant compared to the threshold of 20% for the criteria of SIRT intervention (Son et al.,
2021} Dittmann et al., 2018)); however with the high LSF cases, a large error can pose a risk to the patient.
Moreover, the t-test performed on the two experts yielded a p-value of 0.023, indicating that the difference
between the two experts is statistically significant. The evaluation on the test dataset shows that the proposed
method obtained the LSF error of 0.14% and the largest error is less than 0.5%, which is statistically sig-
nificantly better than modified Deepmedic method (p = 0.004) as well as the conventional method, and is
sufficiently small for use in clinical practice.

Processing time is also an important factor that we need to consider in clinical practice. It has been
reported that manual segmentation of the liver and lung in nCECT image may requires up to one hour to com-
plete (Chaichana et al., 2021)). The proposed method requires an average of approximately two minutes for
computing LSF for a case. Therefore, the method has the potential to save time for nuclear medicine physi-
cians performing LSF quantification. Compared to the current protocol, two minutes for a case on average
is a substantial improvement in clinical practice. From Table [2] it can be seen that the most time-consuming
stage of the proposed method is the registration process (93 seconds on average). Recently, newly-introduced
CNN-based registration techniques are capable of reducing the registration time to the order of a few seconds
with similar accuracy (Balakrishnan et al., [2019; |[Fu et al., 2020). Future studies may consider CNN-based
registration approaches to speed up registration while maintaining accuracy when sufficient training data
available.

Our study still has several limitations. Firstly, this study was carried out on data from 60 patients from a
single medical center. CNN-based approaches may obtain better results if more training data can be included.
However, collecting large amount of data with manual labelling is challenging in nuclear medicine (Visvikis
et al., 2022). We suppose the segmentations performed using the proposed method can be a candidate for the
data preparation for a larger study. Secondly, we only assessed Elastix for registration of the liver in this study,

and did not experiment with other registration software. However, the accuracy of the liver segmentation is
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comparable to the current state-of-the-art, suggesting that the registration framework is sufficiently reliable.
Finally, in this study, the SPECT/CT scanning requires patient maintain shallow breathing during the scan to
minimize motion artefacts. It should be noted that deep breathing motion may cause issues not only for the
registration but also for the segmentation methods. We did not manage to deal with this exception situation
using automatic approach. We suggest for those cases, nuclear medicine doctor may consider conventional

method based on 2D planar images as a reference.

5. Conclusion

This study has proposed an automatic CNN-based LSF quantification method for liver cancer SIRT treat-
ment planning with high accuracy and consistency using an auxiliary non-rigid registration component. Re-
garding segmentation quality, the proposed method is compatible or superior to the state-of-the-art CNN
models in almost all metrics, while achieving the median LSF quantification error of 0.14%. The obtained
LSF quantification accuracy is also better than that of conventional manual approaches used by medical ex-
perts using 2D planar image and modified Deepmedic CNN model on SPECT/CT images, and is sufficient
small to be used in clinical practice. In conclusion, this study proves the potential of the nearly automatic

methods in supporting nuclear medicine doctor in treatment planning prior to the use of SIRT for liver cancer.
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