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1

Introduction

1.1 Head and neck MRI

With recent advances in imaging technology, Magnetic Resonance Imaging (MRI)
has proven to be sensitive and reliable in head and neck radiology [1, 2]. Unlike
computed tomography (CT) and positron emission tomography (PET), MRI is a
non-invasive medical imaging technology that does not involve the use of ionizing
radiation [3]. The MRI scanning starts from a strong external magnetic field that
aligns the directions of the spin angular momentum of protons (hydrogen nucleus)
in the tissue. The protons then absorb energy from external Radio Frequency (RF)

pulses, temporarily perturbing this alignment. After a short period, the protons

release the absorbed energy, which is called relaxation, and in so doing emit RF energy.

The images are obtained by applying the Fourier transformation to convert the signals
from the frequency domain into the spatial domain. By manipulating the sequence of
RF pulses applied and collected, different MRI contrasts are acquired, providing a
comprehensive evaluation of anatomical structures, facilitating the identification of a

wide range of traumatic, inflammatory, and neoplastic lesions [4].

One distinguishing characteristic of MRI is its wide variety of imaging sequences.

By varying the pulse sequence parameters, specific tissue characteristics can be
highlighted. For instance, T1- and T2-weighted imaging are standard techniques for
structural assessment. Diffusion-weighted imaging and dynamic contrast-enhanced
imaging are promising tools that provide biomarkers to guide treatment in head and
neck cancer [5, 6]. Besides the structural MRI sequences, functional MRI detects and
studies brain activities by measuring changes in local oxygenation of blood [7]. Among
all sequences, contrast-enhanced T1-weighted magnetic resonance imaging with a
gadolinium-based contrast agent (GBCA) is exceptionally valuable in the non-invasive
detection and characterization of brain tumors. By accumulating in tissues with rich
vascularity or interstitial space, GBCAs offer enhanced visibility of tumor lesions on

MR imaging.

With appropriate selection and interpretation of imaging protocols, head and neck
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MRI serves as an indispensable tool, particularly valuable for tumor assessment. Its
superior contrast resolution enables precise delineation of the lesion margins and
adjacent anatomical structures. The absence of ionizing radiation also makes MRI

suitable for serial imaging during long-term surveillance or treatment monitoring.

1.2 Vestibular schwannoma

Vestibular schwannomas (VS) are benign tumors that arise from vestibulocochlear
nerves, and are the most common neoplasm of the cerebellopontine angle (CPA) in
adults [8]. Recent epidemiological data estimate the prevalence of VS at approximately
1 in 2,000 adults, and this increases to about 1 in 500 among individuals aged 70 years
and older [9].

Disease presentation

Vestibular schwannomas are generally slow-growing tumors, with approximately 60%
showing no or minimal progression over time [8]. The most common symptoms of
VS include hearing loss (90%) [10], balance disorders (61%) [10, 11], and asymmetric
tinnitus (55%) [12]. Hearing loss is the most common symptom that is mainly caused by
dysfunction of the cochlear nerve [13]. Affected patients usually experience progressive,
unilateral hearing impairment in the ear ipsilateral to the tumor [14, 13], and, in some
cases, sudden hearing loss may occur in the contralateral ear, leading to loss of binaural
hearing [15, 16]. Patients with hearing loss are more likely to develop tinnitus. Tinnitus
can occur before and after intervention, and the severity varies across patients [17,
18]. Of all the symptoms, balance disorders, including vertigo and dizziness, have the
most profound effect on quality of life [19, 20, 21]. Patients with large tumors exerting
pressure on the brain stem and cerebellum may experience trigeminal hypoesthesia,
secondary trigeminal neuralgia, cerebellar dysmetria and ataxia, or slowly progressive
hydrocephalus without altered consciousness [22]. Notably, there is only a weak
correlation between tumor size and the severity of the symptoms [23]. Similarly,
symptom progression does not reliably correlate with tumor growth [23]. Figure 1.1a
shows the microanatomy affected by vestibular schwannoma.

Treatment strategy

Treatment options for vestibular schwannoma include wait-and-scan surveillance,
radiosurgery, microsurgery, or a combination of these approaches. The treatment plan
is chiefly guided by the tumor size and changes in size over time, but also by the

symptoms and other patient-specific factors [24].
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Figure 1.1: Disease presentation of vestibular schwannoma (a) Microanatomy and
structures affected by vestibular schwannomas [8]. Large vestibular schwannomas
may compress cranial nerves (CN), the brain stem, and cerebellum. (b) Vestibular
schwannoma on post-contrast T1. The lesion is indicated by the white arrow. (c)
Vestibular schwannoma on pre-contrast T1. (d) Vestibular schwannoma on high-
resolution T2. (e) The segmentation mask of vestibular schwannoma overlaid on
post-contrast T1. The green mask shows the extrameatal portion, and the red mask
shows the intrameatal portion.

Wait-and-scan policy The wait-and-scan approach (Observation) is a preferred
strategy, particularly for the incidental, asymptomatic VS [25]. After diagnosis, MRI
exams and audiologic evaluation are commonly performed every 6 months or annually.
Panels b — e of Figure 1.1 shows vestibular schwannoma in different MRI sequences
and corresponding tumor mask. The wait-and-scan approach aims to identify a
fast-growing tumor or a more aggressive process mimicking a vestibular schwannoma.
Tumor progression on two consecutive MRIs is commonly defined as an increase in
diameter of more than 2 mm. In case of tumor progression, more active treatment is

advised.

Microsurgery Microsurgical resection can be performed on tumors of all sizes and
is the primary approach for large tumors associated with symptomatic brain-stem
compression, hydrocephalus, trigeminal neuralgia or neuropathy, or a combination
of these complications [26]. The middle fossa, translabyrinthine, and retrosigmoid
approaches are the three primary microsurgical approaches. Postoperatively, patients

are at risk of hearing loss and facial nerve dysfunction, and the risk is directly



proportional to tumor size [27, 28]. To reduce the risk of permanent facial nerve
paralysis, a small remnant of the tumor may be intentionally left adherent to the
facial nerve or brainstem. However, approximately 30% of tumors continue to grow
after incomplete tumor resection [29, 30].

Radiosurgery During stereotactic radiosurgery, highly conformal radiation is deliv-
ered to the lesion of interest targeted by non-contrast-enhanced computed tomography
or contrast-enhanced MRI. By selectively treating the tumor and maximally sparing
the surrounding tissue, radiosurgery helps to prevent tumor growth [8]. Popular
techniques include gamma-knife radiosurgery [31] and Linear accelerator (LINAC)-
based systems [32]. Patients with tumors that have a diameter of less than 2.5 cm in
the cerebellopontine angle are usually considered to be candidates for radiosurgery.
However, for individuals with contraindications to microsurgery, radiosurgery offers a

viable alternative [33].

Unfortunately, none of the treatments can eradicate the tumor without the risk of
damage to the auditory-vestibular organs or nerves. Therefore, active treatment is
generally not aimed at alleviating the audiovestibular symptoms most patients present
with, but maintaining the quality of life is an important aim of vestibular schwannoma

management, in addition to tumor control [34, 35, 36, 37].

Data-driven vestibular schwannoma care

The variability in vestibular schwannoma presentation encourages personalized patient
management, and the use of data science and information technology in vestibular
schwannoma care is rapidly increasing. However, utilizing large-scale healthcare data
remains challenging. First, although large-scale datasets have the potential to provide
unbiased insights and evidence-based recommendations, it is difficult to merge and
summarize heterogeneous information from multiple sources due to the various imaging
protocols and guidelines. Second, data inconsistency, including low-quality scans,
missing data, and limited longitudinal data, restricts the robustness of developed
models. Last but not least, traditional data-driven approaches heavily rely on hand-
crafted features, while there is no reliable imaging biomarker for vestibular schwannoma
care. Approaches that can more efficiently and intelligently utilize large-scale medical

data are urgently needed.

Recent advances in artificial intelligence (AI), particularly deep learning, have
demonstrated strong potential in radiology. Al supports radiologists in providing
more precise and patient-centered care through applications such as automated
tumor segmentation, image reconstruction, image registration, and survival analysis.

These developments highlight the promise of Al-driven approaches in facilitating



more consistent, objective, and personalized management strategies for patients with

vestibular schwannoma.

1.3 Artificial intelligence in medical image computing

AT has demonstrated remarkable progress in healthcare research, particularly in MRI
analysis [38]. While radiologists require years of training before they can reliably
interpret and assess medical images, an Al model can typically be trained within
hours to days for a specific task. Besides assisting image interpretation, Al also holds
great potential to support the training of junior physicians by providing annotation
guidance [39, 40].

Medical image computing

Medical image computing aims to use computational and mathematical methods
for solving problems pertaining to medical imaging data to support a wide range
of healthcare activities, including diagnosis assistance, therapy planning, follow-up
management, and biomedical research. Classical methods have been successfully
applied to tasks such as image reconstruction, image registration, organ segmentation,
and lesion classification. For instance, level-set methods have been widely explored for
medical image segmentation [41, 42]. Mutual information has become one of the most
popular similarity measures for multi-modal image registration [43, 44]. In the field
of image reconstruction, filtered back-projection and compressed sensing have been
developed to address the inverse problem, offering efficient and accurate solutions for
CT reconstruction [45, 46].

Deep learning in computer vision

As mentioned above, traditional machine learning algorithms heavily rely on hand-
crafted features and strong mathematical assumptions, which limit their adaptability
to complex and diverse imaging tasks. Thanks to the advancement of computing
capabilities and the availability of large-scale annotated datasets, deep learning has
rapidly emerged as an alternative approach in medical image computing [38, 47].
Unlike conventional methods, deep learning models consist of stacked computational
kernels that extract feature representations directly from raw data. These models
are typically trained using gradient-based optimization methods and their extensions,
such as stochastic gradient descent (SGD) and Adam [48]. Numerous studies have
demonstrated that deep learning can effectively extract and leverage information from
vast amounts of data, thereby enabling robust and reliable predictions. Among various

deep learning architectures, convolutional neural networks (CNNs) are particularly
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well-suited for medical image analysis due to their ability to capture hierarchical image
features. For instance, nnUnet [49] has established a strong benchmark of medical
image segmentation by providing a self-adapting framework across diverse datasets.
Moreover, CNNs have also been applied to either the raw data domain or image data to
accelerate image reconstruction with low noise and potentially low radiation dose [50].
In the area of image registration, CNN-based models also have demonstrated strong
performance in predicting displacement vector fields [51]. Although CNNs dominate
the field of computer vision and image processing, limitations such as high memory
consumption and inherent difficulties in handling data with variable resolution, which

is common for MRI, impede their application in radiology.

Implicit neural representations

To address the limitations of CNN, neural fields, also known as implicit neural
representations (INRs) or coordinate-based networks, are increasingly popular in
medical image analysis [52, 53]. Different from CNNs, the core idea of INRs is to
represent a complex signal on a continuous spatial or spatiotemporal domain. A typical
INR algorithm usually contains latent variables for conditioning and a Multilayer
Perceptron (MLP) that takes 3D/2D coordinates as input and outputs a quantity such
as an RGB intensity or a signed distance function. INRs have been used to solve a wide
range of problems, including 3D reconstruction [54, 55], image super-resolution [56,
57], and deformable image registration [58]. Due to their resolution-agnostic nature
and computational efficiency, INRs offer significant advantages in medical image
computing [53]. Leveraging the MLP decoder, the implementation of INRs is usually
not constrained by a fixed resolution [56], which makes them well-suited to medical
datasets acquired using various image protocols. This architecture also eliminates the
need for costly discretization and significantly reduces the memory requirements and
computation consumption [59], which is particularly beneficial for real-time image

reconstruction in image-guided interventions.

1.4 Challenges

Deep learning-based model outperforms traditional methods in a wide range of tasks,
including lesion classification, tumor segmentation, and multi-model registration.
However, the application of deep learning to head and neck MRI, particularly in the
context of vestibular schwannoma management, still faces several significant challenges.
First, although tumor measurements chiefly drive the management strategy of VS,
there is, to my knowledge, no automated vestibular schwannoma segmentation tool
that has been validated using a multicenter, multivendor dataset yet. Due to the

rarity of vestibular schwannoma, it is difficult to collect a large-scale dataset. The



variability of imaging protocols across different medical centers also poses a particular
challenge for model deployment. In addition, although contrast-enhanced images
using GBCA remain the gold standard for the diagnosis of VS, increasing concerns,
including long-term toxicity [60] and negative environmental impact [61], raise
growing interest in reducing the use of GBCA. Moreover, while tumor progression is
the key to vestibular schwannoma care, data-driven tumor growth prediction remains
poorly studied. Previous studies on tumor growth predictions typically rely on strong
mathematical assumptions, such as the reaction-diffusion model [62, 63, 64], or on
advanced imaging techniques [65], which are usually not available during normal
clinical routine. Existing models have been evaluated on small-scale datasets and have
not been assessed in the context of longitudinal VS care. Consequently, the clinical

impact of deep learning in VS management still remains unclear.

1.5 Thesis outline

This thesis aims to develop and evaluate the applicability of AI approaches to
intracranial tumor diagnosis and management, particularly vestibular schwannomas, in
head and neck MRI. The thesis covers three major challenges in vestibular schwannoma
care: precise tumor measurement, incomplete multi-sequence MRI, and tumor growth
prediction. The research topics of each chapter are summarized in Figure 1.2.

Chapter 2 presents a deep learning model to automatically segment vestibular
schwannoma from gadolinium-enhanced T1-weighted and T2-weighted MRI. A ret-
rospective study is conducted using the data acquired from multiple centers, which
employ different MRI scanners and scan protocols. The applicability of the deep
learning model in automatic vestibular schwannoma measurement was demonstrated

by quantitative analysis and a clinical reader study.

Chapter 3 and 4 present a novel image translation model that synthesizes missing
MRI sequences from the existing ones. We introduced implicit neural representations
to this task, and the experiments have demonstrated the superiority of the proposed
method over traditional image translation models. The model was evaluated qualita-
tively and quantitatively in downstream tumor segmentation tasks with missing MRI
sequences (Chapter 3). By applying the proposed model to restore contrast-enhanced
images from the low-dose images, we have shown that deep-learning image translation

can also help reduce the need for contrast dose (Chapter 4).

Although predicting the potential growth of vestibular schwannoma is the key
factor for clinical decision-making and treatment planning, it has not been well-
studied. Chapter 5 and 6 present a data-driven vestibular schwannoma growth

prediction approach and its extension that predicts the volumetric tumor growth
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Chapter 3
Missing image completion

(Paired image translation)

patient

MRI examinations

Chapter 4
Low-dose T1ce
(Image restoration)

Chapter 2
Automatic VS measurement
(Semantic segmentation)

prior imaging data

Chapter 5 & Chapter 6
Data-driven VS growth prediction

Figure 1.2: The overview of the research topics of this thesis. Patients either presenting
with previously diagnosed vestibular schwannoma (follow-up scans) or exhibiting
hearing loss symptoms (baseline scans) underwent multi-sequence MRI. To deal with
the data acquired with various imaging protocol, we proposed an image translation
model for missing image completion (Chapter 3). This approach also enables dose
reduction in contrast-enhanced MRI by restoring low-dose Tlce (Chapter 4). We
then developed a semantic segmentation model that automatically delineates and
measures vestibular schwannoma from MRI examinations (Chapter 2). With the
volumetric measurements obtained from the current and prior MRI examinations,
we developed a deep learning model for data-driven tumor growth prediction and
performed evaluation in clinical setting (Chapter 5 & Chapter 6).

solely based on prior MR images. The model was developed based on implicit neural
representations and recurrent neural networks. A retrospective study was conducted
using a multi-center longitudinal dataset to verify the clinical impact of the proposed
model.

In Chapter 7, we summarize the work and implications of the previous chapters,

and discuss the future of AT approaches for intracranial imaging.
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Abstract

Purpose
To develop automated vestibular schwannoma measurements on contrast-enhanced
T1- and T2-weighted MRI.

Material and methods

MRI data from 214 patients in 37 different centers were retrospectively analyzed
between 2020 and 2021. Patients with hearing loss (134 positive for vestibular
schwannoma [mean age + SD, 54 12 years; 64 men| and 80 negative for vestibular
schwannoma) were randomly assigned to a training and validation set and to an
independent test set. A convolutional neural network (CNN) was trained using five-
fold cross-validation for two models (T1 and T2). Quantitative analysis, including
Dice index, Hausdorff distance, surface-to-surface distance (S2S), and relative volume
error, was used to compare the computer and the human delineations. An observer

study was performed in which two experienced physicians evaluated both delineations.

Results

The T1-weighted model showed state-of-the-art performance with a mean S2S distance
of less than 0.6 mm for the whole tumor and the intrameatal and extrameatal tumor
parts. The whole tumor Dice index and Hausdorff distance were 0.92 and 2.1 mm in the
independent test set. T2-weighted images had a mean S2S distance less than 0.6 mm
for the whole tumor and the intrameatal and extrameatal tumor parts. THe whole
tumor Dice index and Hausdorff distance were 0.87 and 1.5mm in the independent
test set. The observer study indicated that the tool was similar to human delineations
in 85-92% of cases.

Conclusion
The CNN model detected and delineated vestibular schwannomas accurately on
contrast-enhanced T1 and T2-weighted MRI and distinguished the clinically relevant

difference between intrameatal and extrameatal tumor parts.



2.1 Introduction

Vestibular schwannomas are rare, benign intracranial tumors arising from the
neurilemma of the vestibular nerve. Initial symptoms usually comprise hearing
loss, tinnitus, and balance disturbance. Approximately 60% of tumors show no
or minimal progression over time, and 40% either are very large at presentation
or show progression during follow-up [1]. Small- to medium-sized tumors are not
life-threatening and are generally conservatively managed, at least initially, using
surveillance with repeated MRI examinations. Conversely, patients with large tumors
at presentation or with tumors that progress during follow-up may need intervention
through radiation therapy or surgery. There are no reliable predictors for tumor

progression.

Tumor progression is determined according to the extrameatal manual diameter
measurements at subsequent MRI examinations [2]. However, these two-dimensional
(2D) measurements have considerable error, resulting in inter- and intraannotator
differences of 10-40 % [3, 4, 5]. The more accurate three-dimensional (3D) volume mea-
surements have not been widely applied in clinical practice since these measurements

are time-consuming [3, 4, 5, 6].

To address this problem, several automated segmentation tools have been
developed in recent years [7, 8, 9]. The reported tools were trained for volume
measurement of vestibular schwannoma on gadolinium-enhanced T1-weighted MRI
and sometimes additional T2-weighted MRI. These tools are increasingly based on
deep learning methods, which yield state-of-the-art performance in many vision tasks,
including medical image segmentation. Deep convolutional neural networks (CNNs),
particularly the U-Net architecture, can reach expert-level performance in various
organ segmentation tasks from clinical MRI [8]. Although many variants of the UNet
have been proposed and demonstrated task-specific improvements, recent insights
suggest that rather than the architecture, careful selection of the hyperparameters and
training strategy can have an important effect on performance [9]. The no-new-UNet
framework, abbreviated nnU-Net, indeed demonstrated this for several organs and
imaging modalities [10, 11]. As such, we propose the application of nnU-Net to address

vestibular schwannoma segmentation in our clinical setting.

This study aimed to develop a deep learning CNN model to automatically detect
and segment vestibular schwannoma in 3D from T2-weighted and gadolinium-enhanced
T1-weighted MRI, acquired from multiple centers using different MRI scanners and
scan protocols. We additionally carried out a carefully designed observer study, based
on the concept that the radiologists’ visual observation of the segmentation results can

be a direct, important evaluation of segmentation quality. In addition to conventional
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Table 2.1: Characteristics of Patients with Vestibular Schwannoma

Characteristic value
No. of Patients 134
Mean age(y) 54+12
Men 64 (48%)
Cystic component 63 (47%)
Tumor size
Intrameatal only 28 (21%)
Small (0-10 mm) 19 (14%)
Medium (11-20 mm) 26 (19%)
Moderately large (21-30mm) | 24 (18%)
Large (31-40 mm) 24 (18%)
Giant (>40 mm) 13 (10%)

Note: Data presented with a plus/minus sign are the means + SDs. Other data are presented as
numbers of patients, with percentages in parentheses.

metrics, the observer study highlights the applicability of our model in a clinical

setting.

2.2 Materials and methods

This retrospective study was performed at the Leiden University Medical Center, a
tertiary referral center for vestibular schwannoma, in 2020-2021. The institutional
review board approved the study protocol (G19.115) and waived the obligation to
obtain informed consent.

Patients and Data

In total, 214 patients who underwent MRI because of hearing loss were included in
the study, with 134 patients who were vestibular schwannoma positive (mean age,
54412 years; 64 men) and 80 who were vestibular schwannoma negative. The selection
of patients with vestibular schwannoma included a wide spectrum of patient and
tumor characteristics, such as patient age, sex, tumor size, and tumor consistency.
All positive patients were adults with a unilateral vestibular schwannoma and at
least one gadolinium-enhanced T1-weighted MRI examination. High-resolution T2-
weighted images were available in 112 patients. MRI scans obtained after surgery or
irradiation were excluded. Available MRI examinations were originally performed in
37 different hospitals with 12 different MRI scanners from three major MRI vendors.
The MRI scans of negative cases, included to optimize detection performance, were

solely acquired at the Leiden University Medical Center in adult patients with hearing
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Table 2.2: Technical Information of Patients with Vestibular Schwannoma

Contrast-enhanced

Technical MRI features Tl-weighted MRI T2-weighted MRI
No. of patients 134 112
In-plane resolution (mm) 0.35>0.35 0.29x0.29
(0.27x0.27-1.0x 1.0) | (0.23 x0.23—0.70 x 0.70)
In-plane matrix 400400 512512
(256 x 208 — 560 x 560) (256 x 192 — 768 x 652)
TE (ms) 9 (2.38-20) 200 (1.53—297)
TR (ms) 602.10 (8.76—2200) 2400 (4.47 - 5000)
Section thickness (mm) 1.0 (0.9-5.0) 0.6 (0.5-1.8)

Note: Unless otherwise noted, data are presented as medians, with ranges in parentheses. TE = echo
time, TR = repetition time.

loss before cochlear implantation, and provided no demographic data because of
previous anonymization. Patients’ characteristics and technical information are shown
in Table 2.1 and Table 2.2, respectively.

In positive cases, the intra- and extrameatal components [2] and the whole tumor
were manually delineated by two annotators independently (O.M.N., a physician with
3 years of experience, and S.R.R., a technical physician with 2 years of experience) with
gadolinium-enhanced T1-weighted MRI, supervised and, when necessary, corrected
by a senior head-and-neck radiologist (B.M.V.). Two senior radiologists (M.C.K. and
B.M.V., with 18 and 21 years of experience) trained both annotators. Delineation
was performed using Vitrea software, v7.14.2.227 (Vital Images Inc., Minnetonka,
MN, USA). The delineation was automatically propagated to T2-weighted MRI after
rigid image registration using Elastix [12, 13]. The complete data set was split into
a training and validation set (80% from 26 centers), and an independent test set
(20% from 11 different centers) on which the model was not trained, see Figure 2.1
for details. This was done to mimic clinical deployment, in which new cases may
be slightly different from the data seen in the training phase and possibly bear an
unknown distribution shift [14].

Furthermore, the publicly available data set by Shapey et al. [15] was used as an
additional external test of the contrast-enhanced T1-weighted model (n=242). This

dataset contained 47 post-surgery scans, which were omitted from the analysis.
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Data
214 subjects
134 vestibular schwannoma
80 negative cases

37 hospitals
Training & validation set Independent test set
167 subjects 47 subjects
111 vestibular schwannoma 23 vestibular schwannoma
56 negative cases 24 negative cases
26 hospitals 11 hospitals
Y Y

T1-weighted contrast

enhanced model T2-weighted model

Training model
Five-fold
cross-validation

Training model
Five-fold
cross-validation

Y Y
Validation set Validation set
Ensemble model Ensemble model

Figure 2.1: Flowchart of data. Patients were randomly assigned to the training and
validation set (80%) and the independent test set (20%). Positive cases were randomly
assigned on the basis of the hospital where the scan was acquired, so the independent
test set contained data from 11 hospitals that were not used to train the algorithm.
For training and validation, five-fold cross-validation was used. The mean of the five
models is the ensemble model. This ensemble model was evaluated in the independent
test set.

CNN Architecture and Training

NnUNet is a deep learning-based segmentation method that automatically selects one
of three network architectures, includes preprocessing and postprocessing methods,

and performs automatic tuning of hyperparameters [10]. In this study, a 3D U-Net
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with five encoder and decoder layers was selected, using randomly cropped 3D image
patches of size 320 x 320 x 20 voxels as network input during training. The network
was trained as a multi-class segmentation task to automatically segment both the
intra- and extrameatal components of the tumor. Two 3D nnU-Nets were trained
(one for contrast-enhanced T1 and one for T2-weighted MRI) from scratch with He
initialization. Five-fold cross-validation was used, generating five models that were
merged by averaging the softmax scores. To deal with multi-center settings, z-scoring
normalization was performed on each image independently. All the training images
were then resampled to the median spacing of the training dataset using third-order
spline interpolation. Training was performed on an NVIDIA Tesla V100 graphics
processing unit with 16 GB memory using the PyTorch (v1.7.1) library.

Observer Study

An observer study was performed to test whether the CNN could perform as well
as human delineation on contrast-enhanced T1-weighted images. The T1-weighted
annotations were propagated to T2-weighted MRI; therefore, the observer study was
conducted only for the T1-weighted images. A user interface was created (Figure. 2.2),
showing a gadolinium-enhanced T1-weighted image and the registered T2-weighted
image in the top row and the human and automatic delineation in random order on the
bottom row, projected on the gadolinium-enhanced T1-weighted scan. Observers could
scroll through the MRI, manually adjust its brightness and contrast, and toggle the
segmentations on and off for optimal assessment. The observers were a head-and-neck
radiologist (B.M.V.) and a skull-base otorhinolaryngologist (E.F.H., with 18 years of
experience), blinded to case information and delineation type (human or automated).
The observers were asked to rate and compare the two delineations by answering two
separate questions about the intra- and extrameatal part and the whole tumor: (a)
Which delineation is better (annotation 1, annotation 2, or comparable), and (b) Is
the annotation quality satisfactory (yes or no). In a consensus meeting, cases in which
observers did not agree were discussed. The consensus results are presented in the

section on outcomes of the observer study.

Testing and Statistical Analysis

All test images were resampled in the same way as the training data, and a sliding
window approach was used to predict images with a window size of 320 x 320 x 10 voxels,
which is the same as the network’s input size. The step size is half of the window
size, and a Gaussian weighted function was applied in aggregating the predictions. To
eliminate false detection, connected component-based postprocessing was performed.

Only the largest connected component in the predictions was kept. Tumor detection
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T1 with contrast

Comparable
Not applicable

Figure 2.2: Observer study interface. The top row shows the clean, gadolinium-
enhanced T1-weighted MRI and T2-weighted MRI. The bottom row shows the
convolutional neural network and human annotations, randomized to the left and the
right pane, respectively. The multiple-choice questions for each observer are shown
on the right side of the interface. The observers could additionally add free-text
comments.

by the CNN was defined as at least one voxel being detected. The performance was
evaluated using the Dice index (measuring overlap of the delineations), 95th percentile
Hausdorff distance (indicating the maximum distance between delineations), surface-
to-surface (S2S) distance (indicating the mean distance between delineations), and
the relative volume error (RVE) (indicating the difference in volume in percentage).
One of the annotator’ s (O.M.N., annotator 1) delineations were used for training
and quantitative evaluation. The results were plotted in box-and-whisker plots.
Furthermore, interannotator variability was investigated. Differences between the
prediction performance of each annotator and the interannotator variability were tested
using the Wilcoxon signed-rank test. In addition, a post hoc analysis of T1-model
performance was conducted with respect to tumor size, according to the classification
by Kanzaki et al. [2]. To avoid group sizes that were too small per category, the
validation and test sets were pooled, and a Kruskal-Wallis test was performed. P values
less than .05 were considered to indicate statistically significant differences. Observer

agreement before the consensus meeting on the satisfactory degree for segmentation
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Figure 2.3: Quantitative boxplots of convolutional neural network tumor segmentation
performance. The Dice, 95 % Hausdorff (Hausdorff95) distance, and surface-to-surface
distance (S2S) measures are shown from left to right. (A) Boxplots of the contrast-
enhanced T1 model. (B) Results of the T2-weighted model. Validation set results are
shown in sky blue and independent test set results in dark blue.

and human delineation was expressed as percentage agreement. All analyses were
performed in Python (v3.8.2) with NumPy (v1.20.2), SciPy (v1.3.3), and the sklearn
(v0.23.2) library.

2.3 Results

The CNN detected tumors with 100% sensitivity and 99.1% specificity for the
validation set and 100 % sensitivity and 100 % specificity for the test set. The algorithm
calculated the segmentation with a median runtime of 78 seconds per patient.

Performance with Contrast-enhanced T1-weighted MRI

The results of the CNN on contrast-enhanced T1-weighted MRI are shown in Table 2.3
and Figure 2.3A. S28S distance of the whole tumor was 0.31+0.36 mm in the validation
set and 0.47 +0.67 mm in the independent test set. These S2S distances are around
the in-plane voxel size and lower than the slice thickness. The whole tumor Hausdorff
distance in the independent test set was 2.10 +3.34 mm; it was 1.34 +0.84 mm and
2.18+3.43mm in the intra- and extrameatal parts, respectively. All the median
Hausdorff distances were below the 2 mm threshold, which is often used in clinical

practice to define 2D growth [1]. T1 model performance on the independent test set
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Table 2.3: Quantitative Results of Contrast-enhanced T1-weighted Model

Variable Dice | 95% Hausdorff (mm) S2S (mm) RVE (%)
Mean + SD  Median | Mean + SD  Median | Mean + SD  Median | Mean + SD  Median

Validation set

Whole tumor 0.91+£0.10 0.93 1.13+1.45 1.00 0.31+0.36 0.24 7.59+8.10 4.88

Intrameatal 0.78+0.21 0.85 1.26+0.78 1.00 0.31+0.20 0.26 19.7+43.5 11.5

Extrameatal 0.83+0.26 0.93 1.43+1.67 1.00 0.41+0.43 0.31 12.0+21.6 4.94

Independent test set

Whole tumor 0.92+0.05 0.93 2.10+3.34 1.00 0.47+0.67 0.36 10.2+9.1 7.1

Intrameatal 0.81 £0.08 0.81 1.34+0.84 1.12 0.37+0.23 0.32 14.7+14.8 6.8

Extrameatal 0.89+0.12 0.93 2.18+3.43 1.00 0.52 +0.68 0.37 12.1+16.9 6.5

Publicly available dataset by Shapey et al. [15]

Whole tumor 0.88+0.04 0.88 7 1.31+0.22 1.30 7 0.39+0.12 0.37 27.6+11.9 26.1

Note: Dice index, Hausdorff distance, surface-to-surface distance (S2S), and relative volume error (RVE) of the model compared with annotator 1 in the
validation set, independent test set, and publicly available dataset by Shapey et al. [15]. The publicly available dataset seems to have structurally smaller

ground truths, as can be seen in Figure 2.11 (Appendix).
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Figure 2.4: Examples of cystic, large, small vestibular schwannoma whole tumor
annotations, including the separation between the intra- and extrameatal tumor parts,
of contrast-enhanced T1-weighted MRIs. The top row shows the convolutional neural
network (CNN) predictions in red, and the bottom row shows the delineation of
annotator 1 in green. The first, fourth, and fifth tumors are potentially hard to
delineate for the CNN due to the large peripheral cystic tumor parts. The Dice
scores of these patients were 0.96, 0.96, 0.91, 0.93, and 0.72, respectively, and the
surface-to-surface distances (mm) were 0.39, 0.21, 0.24, 0.35, and 3.44, respectively.

was similar to the results in the validation set, indicating robust external validity.
Remarkably, the independent test set had higher mean Hausdorff properties compared
to the median due to two outliers (cystic tumor) in the test set that influenced the
Hausdorff distance and its standard deviation. Dice indices for the whole tumor were
above 0.91+0.10 and 0.92+0.05 in both sets, and RVE was 7.6 +£4.9% and 10.2+9.1 %,
with lower values for the intra- and extrameatal parts of the tumor due to the sensitivity
of Dice and RVE to small volumes. Figure 2.4 shows some examples of the T1 model

compared with annotator 1.

The CNN model, when applied to the publicly available dataset of Shapey et
al. [15], performed at the same level as with the independent test set, with a mean
Dice index of 0.88 +0.04, a mean Hausdorff distance of 1.31+0.22 mm, a mean S2S
distance of 0.39+0.12mm, and an RVE of 26.0+11.9 %.

Performance with T2-weighted MRI

The results of the whole tumor and the intra- and extrameatal parts are summarized
in Table 2.4 and Figure 2.3B. S2S distances ranged between 0.46 +£0.28 and 1.00+3.75
for all tumor parts in both data sets. Hausdorff distance of the whole tumor in
the validation set was 3.12+9.28 mm, with a smaller value in the independent test
set (1.52+0.76 mm). Whole tumor Dice indexes were 0.82+0.19 and 0.87 +0.06, and
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Table 2.4: Quantitative Results of T2-weighted Model

Variable

Dice | 95% Hausdorff (mm)

S2S (mm) 7 RVE (%)

Mean + SD  Median | Mean + SD  Median

Mean + SD  Median | Mean + SD  Median

Validation set

Whole tumor
Intrameatal
Extrameatal

0.82+0.19 0.87 3.12+9.28 1.27
0.69£0.23 0.78 1.60+0.95 1.20
0.77+£0.28 0.88 2.70+£3.19 1.67

1.00+3.75 0.42 24.5+98.9 7.60
0.46+0.28 0.40 14.5+18.7 8.39
0.82+1.01 0.54 30.9+73.3 18.5

Independent test set

Whole tumor
Intrameatal
Extrameatal

0.87+0.06 0.89 1.52+0.76 1.21
0.74+0.08 0.74 1.64+0.59 1.50
0.85+0.17 0.89 1.60+£0.92 1.14

0.54+0.31 0.47 12.1+10.8 9.01
0.52+0.20 0.50 12.6 +21.2 5.27
0.56+0.33 0.42 22.3+14.9 20.0

Note: Dice index, Hausdorff distance, surface-to-surface distance (S2S), and relative volume error (RVE) of the model compared with annotator 1 in the
validation set and independent test set.
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Figure 2.5: Quantitative measures of whole tumor convolutional neural network
performance compared with the two annotators on contrast-enhanced T1-weighted
MRI scans. Interannotator variability is also shown (obs 1- obs 2). The Dice indices,
95% Hausdorfl distance (Hausdorfl95), and surface-to-surface (S2S) distance boxplots
are shown. The validation set results are shown in sky blue, and the independent test
set in dark blue. The box extends from the first to the third quartile, with a line at
the median. Whiskers extend from the box 1.5 times the interquartile range. Data
points outside the whiskers were plotted individually. pred = CNN prediction, obs =
observer.

RVE values ranged from 12.1+10.8 % and 24.5+98.8 % in both data sets. Intrameatal
tumors had worse Dice indexes (0.69+0.23 and 0.74+0.08), and RVE (14.5+18.7%
and 12.6 +21.2%), likely due to the low contrast between the tumor and adjacent
petrous bone in T2-weighted images. Overall T2 performance was slightly degraded
compared to postcontrast T1. However, S2S distances below 1 mm indicate acceptable

performance.

Inter-annotator Variability

Comparisons between the T1-weighted model and the two annotators and between
the two annotators are shown in Table 2.5 and Figure 2.5. The comparison between
both annotators shows the whole tumor interannotator variability, resulting in a
Dice index around 0.91 and RVE of 7-9%. When the model was compared to each
annotator in both datasets, S2S distances were similar and below 0.5 mm. The model
was trained on annotator 1, but the results compared with annotator 2 are similar for

all quantitative measures.

Performance by Tumor Size

In the supplemental material (Figure 2.10), the results of the performance per size
category are shown. Whole tumor results show a pattern of higher Dice indexes for
larger tumors, which was expected because the Dice index is sensitive to size. S2S

was very similar in all size groups (<0.5mm), although S2S was slightly greater in
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Table 2.5: Comparison of the Model with Annotators and Interannotator Variability

Variable Dice | 95% Hausdorff (mm) S2S (mm) [ RVE (%)

Mean + SD P Median | Mean + SD P Median | Mean + SD P Median | Mean + SD P Median
Validation set
CNN - ann 1 0.91+0.10 <.001 0.93 1.13+1.45 <.001 1.00 0.31+0.36 <.001 0.24 7.59+8.10 21 4.88
CNN - ann 2 0.90+£0.11 .40 0.92 1.33+1.52 .18 1.00 0.36+0.36 .58 0.31 10.1+9.8 .35 7.1
ann 1 — ann 2 0.91+£0.05 N/A 0.92 1.27+0.82 N/A 1.00 0.34£0.20 N/A 0.31 9.01+9.14 N/A 6.40
Independent test set
CNN - ann 1 0.92 +£0.05 .56 0.93 2.10+3.34 .83 1.00 0.48+0.67 .67 0.35 10.2+9.1 .28 7.1
CNN - ann 2 0.91 +£0.05 .69 0.93 2.08+3.41 .94 1.07 0.50+0.68 .96 0.35 9.69+9.19 .57 7.72
ann 1 — ann 2 0.92+0.04 N/A 0.93 1.20+0.65 N/A 1.00 0.34+£0.19 N/A 0.36 6.93 £5.32 N/A 4.53

Note: Dice index, Hausdorff distance, surface-to-surface distance (S2S), and relative volume error (RVE) of the model compared with annotator (ann) 1,
annotator 2, and both annotators of the contrast-enhanced T1-weighted model. Results of the validation set and the independent test set are shown.
CNN = convolutional neural network. P values denote the Wilcoxon signed rank test between this quantitative score and the corresponding score of
annotator l-annotator 2 (the third row).
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larger tumors (P <0.001). Results of intra- and extrameatal tumor parts show stable

performance, except for four outliers in the small tumors (inaccurate extrameatal

segmentation) and three outliers in giant tumors (false intrameatal tumor detection).

In these tumors, there were some differences between model and human delineation
for a completely intrameatal tumor with or without a tiny extrameatal part (small)

or an extrameatal tumor with or without an intrameatal part (giant).

Outcomes of Observer Study

Agreement between the two observers before the consensus meeting on whole tumor
segmentation quality was 131 of 134 (98%) for the human annotators and 127 of 134
(95%) for the CNN.

CNN segmentations of the whole tumor were considered comparable to the human
segmentations in 103 of 111 (93%) of cases in the validation set and 20 of 23 (87%) in
the test set. The CNN segmentations were rated better than the human segmentations
in 2 of 111 (2%) and 2 of 23 (9%) of cases in the two datasets, respectively. Intrameatal
segmentations were rated as similar to or better than human segmentations in 100
of 106 (94%) and 22 of 23 (96%) in the validation and test sets, respectively. For

extrameatal segmentations, these percentages were 83 of 97 (86%) and 18 of 22 (82%).

In addition, the observers considered 104 of 111 (94%, validation set) and 20 of 23
(87%, test set) of whole tumor CNN segmentations satisfactory. Intrameatal tumor
parts were considered satisfactory in 100 of 104 (94%, validation set) and 22 of 23
(96%, test set) of segmentations. Extrameatal tumor parts were considered satisfactory
in 90 of 97 (93%, validation set) and 18 of 22 (82%) (test set) of segmentations. For
human segmentations of the intrameatal tumor, 98 of 104 (94%) in the validation and
23 of 23 (100%) in the test set were rated satisfactory. Other satisfaction levels of the
human segmentations were 110 of 111 (99%, validation set) and 22 of 23 (96%) (test
set) for the whole tumor and 89 of 97 (92%, validation set) and 21 of 22 (95%, test

set) for the extrameatal tumor part.

2.4 Discussion

To our knowledge, this is the first study of a multicenter, multivendor automated
segmentation tool for vestibular schwannoma. The developed 3D CNN tool measured
tumor volume with high accuracy on contrast-enhanced T1-weighted MRI scans and
T2-weighted MRI scans. The S2S distances were between 0.4 mm and 0.9 mm, which
was lower than the median section thickness of 1.0 mm. The observer study suggests

that the tool performs similarly to human delineation in 87-93% of the cases.
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The contrast-enhanced T1-weighted MRI model provided excellent S2S distances
and Dice indexes. However, the standard deviations of the Hausdorff distances were
remarkably large in the test set because of two outliers, which contained peripheral cysts
in the extrameatal part. The model did have difficulties with tumors containing large
peripheral cysts (see supplemental material Figure 2.6 and Figure 2.7 for examples),

which were sometimes partially included by the model.

Evaluation of the model on the publicly available dataset of Shapey et al. [15]
showed robust performance on contrast-enhanced T1-weighted images. The ground-
truth delineations of Shapey et al. are smaller than those used in the current study, as
shown in supplemental Figure 2.11, reducing Dice index from 0.93 to 0.88 [7]. When
erosion (3 x 3 kernel) was performed on model delineation, the Dice index improved
again to 0.93 +0.03, supporting this observation. The delineations by Shapey et al.
were used for radiotherapy purposes, where preventing damage to the surrounding
tissue is important, warranting conservative delineation. We did not compare the
T2-weighted images of the publicly available dataset to those in our dataset, given
differences in the imaging characteristics (echo time and repetition time) and region

of interest (whole brain vs. cerebellopontine angle region).

In our study, CNN performance on T2-weighted MRI was slightly less accurate,
with more uncertainty, compared with the contrast-enhanced T1-weighted images.
This was particularly the case in polycystic tumors, where the tumor border was hard
to distinguish from the cerebrospinal fluid solely on T2 (Figure 2.8 and Figure 2.9). In
one case, the model could not distinguish a small tumor obliterating the internal meatus.
In another single case, the model detected the contralateral eye as a false-positive

volume outside the region of interest.

The RVE values of the whole tumor were 8-12 %, compared with 9-10% inter-
annotator volume differences. Only the T2 model in the validation set had a larger
RVE of 25 %. The performance of our CNN compared with human volume measurement
is below previously reported interannotator variabilities ranging from 15-20 % [3, 4,
5], and also below the generally accepted threshold of 20 % before volume increase is
considered growth. Use of 2D measurements is advised in the consensus guidelines,
but these measurements have high intra-observer variabilities ranging from 10-40 % [2,
3, 4, 5]. Volume measurement is more accurate; in addition, the proposed tool can
reduce the workload, which has been a barrier for clinical adoption, enabling the
shift from 2D measurement. Since documented detection and evaluation of tumor
growth are main factors that indicate the need for treatment, be it surgical removal

or irradiation, this is of notable clinical relevance.

A distinct attribute in vestibular schwannoma research is the integration of an
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observer study. Determining a ground truth is necessary in artificial intelligence
imaging studies. The reliability of the ground truth is uncertain when human observer
performance is suboptimal, as described above. Our observer study allowed evaluation
of the comparability between CNN segmentation and human segmentation, the
reference standard. Our results showed that the CNN tool performs similarly to
human observers in most cases, supporting the quantitative results that the tool is
feasible and robust for use in clinical practice. Whole tumor delineations performed
slightly better than the extrameatal delineations, which should be considered when the
tool is used in clinical practice because extrameatal tumor progression is of particular
interest for treatment decisions.

Previously proposed artificial intelligence tools for vestibular schwannoma seg-
mentation were performed on data from a single center [5, 6, 7]. In clinical practice,
however, diagnostic and follow-up scans are often obtained in different centers using a
variety of scanners and MRI protocols. In addition to its documented performance in
a multicenter, multivendor setting, our method contains three features that make the
tool more suitable for clinical practice compared with previous automated vestibular
schwannoma delineation methods. First, the tool can distinguish between the intra-
and extrameatal parts of the tumor. This distinction is important for clinical decision-
making, as extension and progression of the extrameatal part usually determine the
need for intervention. For this reason, current tumor staging systems are based
mainly on the extrameatal dimensions of the tumor, while the intrameatal part is not
measured [2, 16]. Second, the proposed tool can also delineate on solely T2-weighted
MRI. Given the ongoing debate on the use of gadolinium-based contrast material, this
is a valuable feature [17]. Third, unlike previous models, our network is a fully 3D

network that enables complete use of intersection information.

This study had some inherent limitations. First, the study was performed using
retrospective MRI data. Although this is an accepted method for the development
of a new tool, some bias may be introduced by using older MRI examinations with
suboptimal image quality and resolution. Therefore, accuracy and efficacy should also
be investigated in prospective studies before clinical implementation and use. Second,
for training of the T2 model, the registered human T1 delineations were used. This
might have resulted in a suboptimal ground truth for the T2 model, although the
reported tumor size correlations between T1 and high-resolution T2 were high [18,
19]. Third, the model is only trained on data before treatment and cannot be used for

follow-up after surgery or radiation therapy without retraining.

Implementation of the CNN tool in clinical practice could lead to more accurate
volume measurements of vestibular schwannoma at diagnosis and during follow-up,

while reducing the workload of radiologists. Tumor volume change over time is a
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decisive factor in clinical decision-making, and future research should focus on the
performance of the tool in a prospective study and its effect on clinical practice. The
tool might be improved using postprocessing to reduce the false-positive volumes
outside the region of interest. In addition, the algorithm used for the development of
the tool could be adapted to analyze other slow-growing skull-base pathologies, such

as meningiomas, that are typically approached by a wait-and-scan policy [20].

The proposed CNN model delineated vestibular schwannoma from MRI with
excellent accuracy, similar to human performance in most cases. The CNN tool
made the clinically relevant distinction between intra- and extrameatal tumor parts.
The study shows the feasibility of automatically detecting and evaluating vestibular
schwannoma with or without contrast material administration in large datasets

acquired from multiple medical centers and MRI vendors.
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Appendix

To better understand how our method performs in different modalities and different
kinds of tumors, we demonstrate ten selected test samples for each model and
their corresponding prediction and human annotations, including outliers and well-
performing cases. In each sample, we selected five slices for demonstration. Predictions

are shown in red, and corresponding human annotations are shown in green.
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Figure 2.6: Examples of tumor segmentation of contrast T1-weighted images. Odd
rows show the CNN prediction of several sections from each patient in red, and even
rows show the corresponding delineation of annotator 1 in green. The Dice scores of
these patients are 0.95,0.96, 0.94, 0.93, and 0.92 respectively, and the surface-to-surface
distances (mm) are 0.11, 0.09, 0.10, 0.10, and 0.11 respectively.
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Figure 2.7: Examples of tumor segmentation of contrast T1-weighted images. Odd
rows show the CNN prediction of several sections from each patient in red, and even
rows show the corresponding delineation of annotator 1 in green. The dice scores of
these patients are 0.86, 0.56, 0.93, 0.95, and 0.96 respectively, and the surface-to-surface
distances (mm) are 0.34, 3.54, 0.11, 0.10, and 0.10 respectively.
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Figure 2.8: Examples of excellent tumor segmentation of T2-weighted images. Odd
rows show the CNN prediction of several sections from each patient in red, and even
rows show the corresponding delineation of annotator 1 in green. The human T2
annotations were transposed from the contrast-enhanced T1 delineation. The dice
scores of these patients are 0.89, 0.92, 0.89, 0.86, 0.44 respectively, and the surface-to-
surface distances (mm) are 0.17, 0.11, 1.00, 0.15, 4.75 respectively.
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Figure 2.9: Examples of suboptimal tumor segmentation of T2-weighted images. Odd
rows show the CNN prediction of several sections from each patient in red, and
even rows show the corresponding delineation of annotator 1 in green. The human
T2 annotations were transposed from the contrast-enhanced T1 delineation. The
dice scores of these patients are 0.86, 0.57, 0.85, 0.72, and 0.85 respectively, and the
surface-to-surface distances (mm) are 1.40, 3.86, 1.03, 2.36, and 0.81 respectively.
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Figure 2.10: Performance on contrast-enhanced T1 by size. Performance of the CNN
model by size on the complete dataset. Tumor size is classified using the consensus
guideline criteria as proposed by Kanzaki et al. Differences in the determination of
the intra- and extrameatal tumor parts in small and giant tumors cause the very wide
range of Dice Index and Hausdorff distance, since sometimes a tumor is classified as
fully intra or extrameatal by the model, but the human delineation also contains a
small intra/extrameatal part or vice versa.
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Figure 2.11: Example results on the VS-SEG dataset from Shapey et al. [15]. Odd
rows show the CNN prediction of several slices from each patient in red, and even
rows show the corresponding manual annotation in green. Predictions are usually
larger than the manual annotations.
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Conditional neural fields with shift modulation

for multi-sequence MRI translation
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Chen, Y., Staring, M., Neve, O.M., Romeijn, S.R., Hensen, E.F., Verbist, B.M.,
Wolterink, J.M., Tao, Q., 2024. CoNeS: Conditional neural fields with shift modulation
for multi-sequence MRI translation. The journal Machine Learning for Biomedical
Imaging 2, 657 — 685

43

NOILLVISNVYL [YN EONIADAS-IIININ

@)
i
o=
)
H
=
>3]




Abstract

Multi-sequence magnetic resonance imaging (MRI) has found wide applications in
both modern clinical studies and deep learning research. However, in clinical practice,
it frequently occurs that one or more of the MRI sequences are missing due to different
image acquisition protocols or contrast agent contraindications of patients, limiting
the utilization of deep learning models trained on multi-sequence data. One promising
approach is to leverage generative models to synthesize the missing sequences, which
can serve as a surrogate acquisition. State-of-the-art methods tackling this problem
are based on convolutional neural networks (CNNs), which usually suffer from spectral
biases, resulting in poor reconstruction of high-frequency fine details. In this paper,
we propose Conditional Neural Fields with Shift Modulation (CoNeS), a model that
takes voxel coordinates as input and learns a representation of the target images for
multi-sequence MRI translation. The proposed model uses a multi-layer perceptron
(MLP) instead of a CNN as the decoder for pixel-to-pixel mapping. Hence, each
target image is represented as a neural field that is conditioned on the source image
via shift modulation with a learned latent code. Experiments on BraT$S 2018 and an
in-house clinical dataset of vestibular schwannoma patients showed that the proposed
method outperformed state-of-the-art methods for multi-sequence MRI translation
both visually and quantitatively. Moreover, we conducted spectral analysis, showing
that CoNeS was able to overcome the spectral bias issue common in conventional CNN
models. To further evaluate the usage of synthesized images in clinical downstream
tasks, we tested a segmentation network using the synthesized images at inference.
The results showed that CoNeS improved the segmentation performance when some
MRI sequences were missing and outperformed other synthesis models. We concluded
that neural fields are a promising technique for multi-sequence MRI translation. Our

code is available at https://github.com/cyjdswx/CoNeS.git.


https://github.com/cyjdswx/CoNeS.git

3.1 Introduction

Multi-sequence magnetic resonance imaging (MRI) plays a key role in radiology and
medical image computing. One advantage of MRI is the availability of various pulse
sequences, such as T1-weighted MRI (T1), T2-weighted MRI (T2), T1-weighted with
contrast (Tlce), and T2-fluid-attenuated inversion recovery MRI (FLAIR), which
can provide complementary information to clinicians [1]. The importance of the
availability of multi-sequence MRI was also indicated by recent deep learning research
[2], which shows that the more sequences were used for segmentation, the better
results could be obtained. However, due to clinical restrictions on the use of contrast
agents and the diversity in imaging protocols in different medical centers, it is difficult
and time-consuming to always obtain exactly the same MRI sequences for training
and inference, which may damage the generalization and performance of deep learning

segmentation models.

One way to tackle this problem is to generate missing sequences from existing
images based on the information learned from a set of paired images, known as image-to-
image translation. Like in other computer vision tasks, convolutional neural networks
(CNNs) with an encoder and decoder architecture are normally used for this specific
task [3, 4, 5]. Despite the significant improvement over traditional non-deep-learning
methods, these methods still suffer from the limitation of a pixel-wise loss function,
such as the ¢; or MSE loss, which tends to result in blurry results with undesirable loss
of details in image structures [6, 7]. To overcome this limitation, generative adversarial
networks (GANSs) were introduced for image-to-image translation and rapidly became
a training protocol benchmark for medical image translation [8, 9, 10]. GANs improve
translation results both visually and quantitatively, owing to the adversarial learning

loss, which penalizes the images that are correctly classified by the discriminator.

However, research showed that generative models that use a CNN as a backbone
network consisting of ReLLU activation functions and transposed or up-convolutional
layers usually suffer from spectral biases [11, 12]. Therefore, these generative models
fit low-frequency signals first and may again fail to capture details in image structures
during training. Transformers, which instead use multi-head self-attention blocks and
multi-layer perceptrons (MLPs), have gained tremendous attention in computer vision
research [13, 14]. Due to the absence of convolutional layers, transformers show great
potential for preserving fine details and long-range dependencies and have recently
been applied to medical image translation [15, 7]. However, despite the numerous
efforts made by these studies, such as hybrid architectures and image patch-based
processing, the training of transformers is still considered heavy and data-demanding

[16, 17]. The inherently high computational complexity of the transformer block and
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expensive memory cost of low-level tasks, such as denoising and super-resolution,

further complicate the application of transformers in medical image translation [18].

To address these limitations, we propose image-to-image translation using neural
fields [19]. In contrast to CNN or transformer-based methods, a neural field represents
the target images on a continuous domain using a coordinate-based network, which can
be conditioned on the information extracted from the source images. We previously
proposed an image-to-image translation approach based on neural fields [20]. Here,
we substantially extend this model by proposing Conditional Neural fields with
Shift modulation (CoNeS). In contrast to traditional deep learning computer vision
techniques, CoNeS parameterizes the target images as neural fields that can be queried
on a grid to provide pixel-wise predictions. Specifically, we use an MLP as the
decoder to map the voxel coordinates to the intensities on the target images. To
capture instance-specific information, we condition the neural fields on the latent
codes extracted from the source images. By applying shift modulation, the neural
fields can be further varied across the coordinates to enhance their ability to preserve

high-frequency signals.

Although plenty of work has shown great progress in medical image translation,
most previous works have been evaluated based on image similarity metrics, and only
a few papers have evaluated the benefits of using synthesized images for downstream
analysis. [21] fine-tuned a segmentation model with synthesized cardiac images to
improve the performance of different modalities; [22] introduced a variational auto-
encoder (VAE) based network for image translation-based data augmentation to
improve the generalization capabilities of a segmentation model. In practice, however,
it would be more straightforward and beneficial to use the synthesized images directly
without fine-tuning or training a new network. In this study, we perform downstream
experiments using a pre-trained segmentation model to further evaluate different

image translation models.

The main contributions of our work are:

e We developed a novel generative adversarial network for medical image transla-
tion based on conditional neural fields. In the proposed model, we build neural
fields on the coordinates across the image to fit the target image. To improve
the performance and the stability of the model, we introduce shift modulation,

which conditions the neural fields on the output of a hypernetwork.

o We evaluated the proposed model by synthesizing various MRI sequences on two
paired multi-sequence brain MRI datasets. The results show that the proposed

model outperforms state-of-the-art methods both visually and quantitatively.
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We additionally performed spectral analysis, which indicates that our method is
not affected by spectral biases in the way that traditional CNN-based generative
models are.

e We compare different medical image translation models in downstream tasks
by testing a segmentation model with the synthesized images. Our experiments
indicate that by applying image translation, we can improve segmentation
performance for incomplete MRI acquisition, and our synthesized images

outperform the state-of-the-art methods.

3.2 Related work

Missing MRI sequences Several studies have dealt with the missing MRI sequences
problem in medical image analysis [23]. One early idea was to translate all available
sequences into a shared latent space for downstream analysis. Following this idea, [24]
developed the Hetero-Modal Image Segmentation (HeMIS) method, where sequence-
specific convolutional layers are applied to each image sequence for establishing
a common representation which enables robust segmentation when some images
are missing. Later, [25] and [26] introduced knowledge distillation to improve the
segmentation performance in the same situation. In such a model, a network using all
modalities as input (teacher network) and another network using a subset of them
(student network) are optimized synchronously. During training, information from
all modalities is distilled from the teacher to the student network to improve the
performance of the student network. Recently, [13] developed a transformer-based
model for Alzheimer’s classification that can handle missing data scenarios. All
these models managed to build a robust model for the situation that only a part
of the modalities are available. However, since the missing MRIs are not explicitly
constructed, it is still difficult for medical doctors to interpret and make decisions

with these methods in clinical practice.

Image-to-image translation Image-to-image translation, on the contrary, focuses on
synthesizing missing images from existing ones based on prior knowledge learned from
the dataset. By predicting the missing images, clinicians can offer comprehensive
diagnoses and also find an explanation of the results in downstream analysis. Recent
progress in generative modeling, such as generative adversarial networks (GANs),
variational auto-encoders (VAE), and diffusion models, has shown extraordinary
capabilities in image generation [6, 27]. In the domain of medical image translation,
[28] proposed pGAN based on a conditional GAN combined with a pixel-wise loss and a
perceptual loss. [29] proposed a multi-modal GAN (MM-GAN) that extends the idea by

using multi-modality imputation for arbitrary input and output modalities. Recently,
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[30] proposed mustGAN that enhanced the synthesis performance by aggregating
multiple translation streams. Inspired by the recent progress of the transformer model,
[7] proposed ResViT based on a hybrid architecture that consists of convolutional
operators and transformer blocks. Although promising, most studies focus on the
image quality of the output images, and only a few have extended their work to the

use of synthesized images in downstream tasks [31, 32, 21].

Neural fields Neural fields, also known as implicit neural representations (INRs) or
coordinate-based networks, are increasingly popular in computer vision and medical
image analysis [19, 33]. The core idea behind neural fields is that neural networks
are not used to learn an operator between signals, as in CNNs or vision transformers,
but to represent a complex signal on a continuous spatial or spatiotemporal domain.
Neural fields can be used to solve a wide range of problems, including 3D scene
reconstruction and generative shape modeling. [34] proposed DeepSDF which learns
a continuous signed distance function to represent 3D surfaces. One distinguished
benefit of using neural fields is the capability to handle data with variable resolution
because of the absence of up-sampling architectures. Inspired by this, [35] proposed a
Local Implicit Image Function (LIIF) for image super-resolution, which also shows
the potential of handling image generation. Similarly in the field of medical imaging,
[36] performed multi-contrast MRI super-resolution via neural fields without any
high-resolution training data. [37] proposed to use INRs to represent a transformation
function for deformable image registration. [38] proposed to reconstruct anatomical
shapes from sparse measurements via neural fields. Recently, [39] developed Spatially-
Adaptive Pixelwise Networks (ASAP-Net), which is most relevant to our work, to
speed up image-to-image translation by locally conditioned MLPs. Different from prior
work, the neural fields in CoNeS are conditioned on a latent code varying across the
coordinates through shift modulation, inspired by [40]. Specifically, CoNeS consists of
a global MLP shared by the whole image and a varying latent code, which determines

pixel-wise affine transformations to modulate the neural fields.
3.3 Methods

Model overview

To formulate the problem, let I, = {I;}?i’o be the set of missing MRI sequences and
I, = {Ig}?ixo be the set of available MRI sequences, where N; is the number of target
sequences and N the number of source sequences. We assume that all images from an
instance are co-registered so that there is no extra deformation between the images.

As a result, our problem is identical to learning a mapping function ®: Iy — I, using
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Source images I,

Targetimages I,
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= image forward
Output I, = = ¥ pixel forward
Coordinate-based network with shift modulation = |0ss calculation

Figure 3.1: The overall architecture of CoNeS. The generator in the proposed
models consists of a hypernetwork and a coordinate-based network. We condition
the coordinate-based network on a varying latent code, which is generated by the
hypernetwork, across coordinates via shift modulation. The conditional discriminator,
which takes both the source images and real/fake images as input, further improves the
performance of the generator. The proposed model is optimized using a reconstruction
loss Lyec, an adversarial loss L,qy, a feature matching loss L, and latent code
regularization Lyeg.

the training dataset, which can be applied to all patients in the test dataset and
generate the corresponding missing image I;. Similar to traditional GAN models, the
proposed model consists of a generator that performs the mapping and a discriminator
that aims to tell the real target image and the synthesized one apart. As introduced
in pix2pix [6], we apply a conditional discriminator that takes both the source and
predicted image as its input. The overall architecture of our approach is shown in
Figure 3.1. In the following section, we introduce how to use a coordinate-based

network to model conditional neural fields for image-to-image translation.

Coordinate-based network

In a typical neural field algorithm, a quantity defined over spacetime, such as an RGB
intensity or a signed distance function, is represented as a neural network that maps
coordinates to the quantity. Specifically, in our problem, we train an MLP that takes
coordinates as input and outputs intensities of the target MRI sequences. Given a
normalized d-dimensional coordinate x € R?, where each component lies in [—1,1], we
use t; = {ti} and s, = {s.} to denote the intensities at position x, where t. refers to the
intensity value in I ; and st refers to the intensity value in I §, respectively. Hence, the

function @ can be formulated as a pixel-wise mapping that generates intensities over
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a d-dimensional space:
ty = O(x;2), (3.1)

where z is a latent code that contains instance-specific information. During inference,
the target images I; = {I ;} are obtained by intensity prediction via sampling from the

entire grid via ®.

A network directly operating on the Cartesian coordinates tends to fit the low-
frequency signals first and, as a result, fails to reconstruct the high-frequency image
details [41, 11]. One popular approach to overcome this problem is to map the Cartesian
coordinates to a higher dimensional space via positional encoding y:R? — R™. In the
proposed model, we use sinusoidal functions to perform positional encoding as follows
[42]:

y(x) = [y1(x),72(%),...,ym()], (3.2)
¥2i (%) = sin2" ' 7x), (3.3)
Y2i+1(X) = cos(2 ' nx), (3.4)

where m is a frequency parameter. Positional encoding can also be seen as Fourier
feature mapping of the Cartesian coordinates. By using positional encoding as the
input of the MLP, we enable the network to fit the neural field containing high-

frequency variation.
Conditional neural fields

To let the neural field adapt to different input images, we condition it on a set of
latent codes z, which contain instance-specific information. In the proposed model,
we introduce a hypernetwork H that generates the latent code from the source images:
z=H(). By extracting z, we can then vary and adapt the neural fields to different
instances. Below, we explain how we obtain the latent code z and how the proposed

method parameterizes the neural fields with the conditioning via z.

A hypernetwork refers to an extra neural network that generates parameters for
the main network [43]. The main network behaves like a typical neural network, while
the hypernetwork encodes information from the inputs and transfers the information
to the main network via the generated parameters. For clarity, we use z; = [e;, B;] to
denote the latent code used by the i-th layer of the MLP, where a; are the weights
and B; are the biases, both generated by H. Hence, for each layer of the MLP, we
have:

liqi=¢la;l;+B), (3.5)
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where I; is the input feature of the i-th layer, and ¢ is the activation function. Both
PBi and I; are column vectors of size n;41 x1 and @; is a matrix of size n;4; x n;, where
n; is the number of neurons of the i-th layer. Inspired by ASAP-Net [39], we vary the
neural field of each pixel by varying the latent code across the coordinates, which can
be denoted as z;(x) = [@;(x), B;(x)], to improve the representation capability. We use
Hy to represent the latent code mapping for each pixel, and thus, ® can be denoted

as:
Ix = P(y(x); 2(x)) = Dy (x); Hx(Iy)), (3.6)

and each layer of the MLP can be denoted as:
liv1(x) = ¢la; () ;(x) + B; (), (3.7)

where I;(x) refers to the i-th input feature at position x. Different from ASAP-Net, we
adapt the bottom-up pathway from a feature pyramid network [44] as the hypernetwork
H, which outputs the latent code z(x) for each pixel with a feasible memory cost
(detailed in Section 3.4).

By conditioning neural fields on varying latent codes across the coordinates, we can
improve the representation capability of the network and better model the structure
details [19, 45]. However, the number of parameters also increases with the spatial
expansion of the neural fields, which may induce high computational costs and damage
the performance due to over-fitting. This problem may become worse with larger
input images. To compact the model while maintaining spatially varying neural fields,
we propose to condition the neural network through feature-wise linear modulation
(FiLM) [46]. Instead of generating all parameters of the MLP per pixel, an affine
transformation (scale and shift) is applied to every neuron of a single, global MLP.
Thus, each layer of the one MLP can be denoted as:

lis1(®) = a;(x)p(w;l; + b;) + Bi (%), (3.8)

where the weights and biases of the MLP are now replaced by trainable parameters
w; and b; that are shared by all coordinates, and @;(x) is an n;4, x n;4; matrix that
performs scaling to the neurons of the i-th layer by left matrix multiplication. Thus,
we can obtain a modified neural field for each coordinate with fewer parameters.
Furthermore, research shows that by using shifts only, which is so-called shift
modulation, we can achieve comparable results with half of the parameters [40].
In this case, a; is an identity matrix and all latent codes are used as shift parameters:
z;(x) = B;(x). In practice, we split the biases of the MLP into two parts: trainable
biases b; and biases B;(x) generated by H:

lis1(x) = p(w;l; + bi + Bi(x)). (3.9)
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The hypernetwork H is optimized together with the MLP during training. In the
experimental section, we will show that by using shift modulation, our model can

achieve better performance at reduced complexity.

In addition to shift modulation, we also condition the neural fields on the source
images directly. Different from the latent codes, the pixel intensities provide first-hand,
uncoded local information. We concatenate the image intensities from all the source
images as an additional input of the MLP. The mapping function of the neural fields,

therefore, becomes:

tx = Oy (%), 8x; Hx (I5)). (3.10)

Loss function

Like the standard GAN model, the discriminator and the generator in the proposed
model are optimized alternately. In each iteration, we train the discriminator using
the hinge loss [47]:

Lp =Ey, 1,[max(0, 1 - D(I}, I))] + Ey, [max(0, 1 + D(I;, I))], (3.11)

where D is the discriminator and [E is the expectation over the whole dataset.

The generator is trained by a loss function L that contains a reconstruction loss,

an adversarial loss, a feature matching loss, and latent code regularization.

Reconstruction loss To ensure the synthesized images are as close to the real images
as possible, we apply a reconstruction loss that maximizes the similarity between
ground truth I; and output images I;, which are obtained by intensity prediction via

sampling from the entire grid. We use the ¢; loss function as suggested in [6]:

Lyee =Ep, 1[I, = I;1111. (3.12)

Adversarial loss Adversarial loss is applied to enforce that the generated images are
good enough to fool the discriminator. Like the discriminator loss, we use the hinge
function, which is defined as:

Lagy = —Er llog D}, I)]. (3.13)

Feature matching loss To stabilize the training, we apply a feature matching loss
introduced by [48]. Specifically, we feed both the real and generated images to the
discriminator and extract the intermediate features from each forward pass. The two

groups of intermediate features are matched using the ¢; loss function. Hence, the
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feature matching loss is defined as:

T
1 .
Lim = Er,1, Y.~ UDiUe, 1) = Dithr, I ). (3.14)
i=14Vi
where D; denotes the i-th feature layer of the discriminator and N; denotes the number

of elements in each layer. T is the total number of layers of the discriminator.

Latent code regularization Last, we apply the ¢, norm to z as a latent code

regularization to stabilize the training:

Lreg =[EIS | Hy (I) 2. (315)

Overall loss The overall loss function then becomes
L= ArecheC + /ladeadv + Amefm + AregLreg; (316)

where Arec, dadv, Afm, and Areg are the weights of the loss functions.
3.4 [Experiments and results

Dataset

To evaluate the proposed translation model, we conducted experiments on two datasets:
(1) BraTS 2018 [49] and (2) an in-house Vestibular Schwannoma MRI (VS) dataset
[50].

BraTS 2018 BraTS 2018 is a multi-sequence brain MRI dataset for tumor seg-
mentation. The dataset consists of 285 patients for training and 66 patients for
validation. Each patient has four co-registered MRI sequences: T1 (1-6 mm slice
thickness), Tlce 1-6 mm slice thickness), T2 (2-6 mm slice thickness) and FLAIR
(2-6 mm slice thickness). The tumor mask that includes the non-enhanced tumor, the
enhanced tumor, and the edema was delineated by experts from multiple centers as
a segmentation ground truth. All the scans in BraTS 2018 are resampled to 1 mm

isotropic resolution.

Vestibular schwannoma MRI dataset The VS dataset is MRI scans of patients with
vestibular schwannoma, which is a benign tumor arising from the neurilemma of the
vestibular nerve. 191 patients were collected from 37 different hospitals using 12
different MRI scanners. In our study, 147 patients were selected for training, and the
remaining 44 patients were the validation set. All patients have a gadolinium-enhanced
T1-weighted MRI (shortened to Tlce) and a high-resolution T2 (shortened to T2).
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The spatial resolution of the T1lce ranges from 0.27 x 0.27 x 0.9 to 1.0 x 1.0 x 5.0 mm,
and the spatial resolution of T2 scans ranges from 0.23 x 0.23 x 0.5 to 0.7 x 0.7 x 1.8
mm. The intra- and extrameatal tumor was manually delineated by four radiologists.
Different from BraTS 2018, there are only two sequences available in the VS dataset,
and the high resolution of the T2 offers better visibility of the lesion, but may also
degrade the image quality, which makes the image translation more challenging on
this dataset.

Experimental setup

Network architecture The hypernetwork H of the proposed model is adapted from
feature pyramid network [44]. H consists of four convolutional modules containing [2,
4, 23, 3] residual blocks in sequence. Each convolutional module is followed by a 3 x 3
convolutional smoothing layer and up-sampling layer, computing a feature map that
is downscaled by a factor of 2. We take the output of the last module, which has the
same size as the input resolution, as the latent code z. Adapted from [39], the MLP in
the proposed model contains five 64-channel layers. The Leaky ReLU function with a
negative slope of 0.2 is applied as the activation function after all intermediate layers.
The output layer is followed by a Tanh function which can constrain the range of the
intensities to [—1,1]. The discriminator is a 2D convolutional neural network that
takes both the source image and prediction as input, both as a whole. The network
contains five 4 x 4 convolutional blocks followed by a Leaky ReLU function except
for the last layer. The strides and number of filters of the blocks are [2,2,2,1,1] and
[64,128,256,512,1] respectively. Like pix2pix [6], the discriminator down-samples the

inputs by 8 and penalizes structures at the scale of patches.

Pre-processing Registration was applied to the VS dataset before training. We
considered the T1lce as the fixed image and performed rigid registration with the
T2, for which we used Elastix software [51]. All images from both datasets were
then normalized to the range of [—1,1], and the background was cropped based on
the bounding box of the foreground before training to reduce the image size. Both
sequences in the VS dataset were resampled to 0.29 x 0.29 mm in-plane resolution,
which is the median value of the Tlce domain. During training, random cropping
was conducted on the images, with a cropping size of 160 x 128 for BraTS 2018 and a
cropping size of 320 x 320 for the VS dataset, respectively.

Implementation details All experiments were conducted using Python 3.10 and
PyTorch 1.12.1 on a mixed computation server equipped with Nvidia Quadro RTX
6000 and Nvidia Tesla V100 GPUs. The models were trained by the Adam optimizer
using the Two Time-scale Update Rule (TTUR) training scheme, in which the generator
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Table 3.1: Quantitative comparison of different image translation models on BraTS
2018. The mean value and standard deviation of PSNR and SSIM are reported.
The highest values per column are indicated in boldface; The t after each metric of
the benchmarks indicates a significant difference (p <.05) compared to the proposed
method.

model T1ce translation T1 translation T2 translation FLAIR translation
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
. . 30.1 0.941 27.0 0.945 28.0 0.926 27.6 0.910
pix2pix t t 1 T T t +
+2.65 +0.014 +3.69 +0.013 +2.63 +0.062 +3.03 +0.097
30.7 0.943 27.5 0.945 29.2 0.943 28.5 0.916
PGAN t t T t t t t
+3.18 +0.015 +3.72 +0.015 +2.80 +0.020 +3.26 +0.095
. 29.2 0.935 25.0 0.918 26.6 0.923 24.7 0.876
ResViT + t t t t t t t
+2.37 +0.014 +2.60 +0.014 +2.30 +0.020 +2.08 +0.092
ASAP-Net 30.8]L ().948]L 27.3 0.948Jr 28.(SJr 0.940)( 28.4]L 0.916Jr
+2.97 +0.017 +3.79 +0.015 +2.74 +0.019 +3.10 +0.098
CoNeS 31.2 0.951 27.3 0.953 29.6 0.950 29.1 0.926

(proposed) +3.11 +0.017 +4.03 +0.014 +3.03 +0.021 +2.99 +0.097

and discriminator have a different initial learning rate [52]. We found that an initial
learning rate of 1 x 107* for the generator and an initial learning rate of 4 x 107%
for the discriminator worked best for our experiments. The learning rates were
further decayed using a linear learning rate scheduler. Adapted from the choices of
hyperparameters in [39], we set the frequency parameter m =6 for positional encoding.
We set Aaqv = 1.0 and A = 100.0, which gives us the best balance between sharp
results and fewer artifacts as suggested in [6]. Both Lg,, and Lyeg help to stabilize the
training, while large Aree and Agy, may lead to poor reconstruction performance. We
set Agm = Areg = 10.0, which ensures a stable training while maintaining reconstruction
performance [48, 39]. Lastly, we focus on 2D image translation in this paper and

hence use 2D coordinates (d =2).

Benchmark overview We compared our model with the following state-of-the-art
methods: (1) pix2pix: pix2pix is a GAN-based image translation model, which consists
of a UNet-based generator and a patch-based discriminator [6]; (2) pGAN: pGAN
is a GAN-based image translation model using ResNet which follows an encoder-
bottleneck-decoder architecture as backbone [28]. Perceptual loss is introduced to
improve the results; (3) ResViT: ResViT is an image translation model that combines
PGAN with a transformer-based information bottleneck; (4) ASAP-Net: ASAP-Net is
a neural field-based image translation model [39]. Different from the proposed model,
ASAP-Net parameterizes patch-wise neural fields, which are conditioned through a
UNet-shape hypernetwork without a shared MLP. For all implementations, we used
the official GitHub repositories provided by the authors. We used the ¢; loss as a
reconstruction loss for all the benchmark methods. We used the least square loss
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Table 3.2: Quantitative comparison of different image translation models after cropping
on BraTS 2018. The mean value and standard deviation of PSNR and SSIM are
reported. The highest values per column are indicated in boldface; The t after each
metric of the benchmarks indicates a significant difference (p <.05) compared to the
proposed method.

model T1ce translation T1 translation T2 translation FLAIR translation
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
. . 199 0.610 15.7 0.636 19.9 0.658 18.1 0.585
pix2pix t t t T T t ¥
+3.30 +0.092 +4.41 +0.089 +2.85 +0.082 +3.31 +0.081
20.6 0.646 16.1 0.663 20.8 0.721 18.9 0.636
PGAN t t t t t t
+3.73 +0.096 +4.61 +0.099 +3.23 +0.093 +3.70 +0.086
. 20.2 0.612 15.1 0.599 19.5 0.672 17.0 0.545
ResViT t t t T t t t t
+3.56 +0.098 +4.32 +0.090 +3.50 +0.093 +3.26 +0.111
ASAP-Net 20.4]L ().634]L 15.7 0.626Jr 20.3Jr 0.669){ 18.5]L 0.593Jr
+3.67 +0.115 +4.48 +0.103 +3.05 +0.089 +3.60 +0.086
CoNeS 20.9 0.667 15.8 0.666 21.5 0.739 19.6 0.663

(proposed) +3.66 +0.099 +4.44 +0.094 +3.35 +0.095 +3.49 +0.084

function [53] as an adversarial loss for pix2pix, pGAN, and ResViT. Like the proposed
method, we used the hinge loss function [47] as an adversarial loss for ASAP-net. All
the benchmark methods were trained using hyperparameters that were optimized
by the original authors on the same dataset (BraTS). We trained ResViT with the
pre-trained network as suggested in [7], while all other models were trained from
scratch.

Multi-sequence MRI translation

We first examined the quality of the images generated from the proposed model.
Theoretically, CoNeS can be applied to any number of missing or present sequences
by adapting input and output channels to Ny and N;. For simplicity, we assumed
one sequence was missing for all the patients during inference (N; =1), and thus,
we trained models that generate one MRI sequence from the other sequences in the
dataset for evaluation. Specifically, four image translation experiments were performed
on BraTS 2018: (1) T1, T2, FLAIR — Tlce (shortened to Tlce translation); (2)
Tlce, T2, FLAIR — T1 (shortened to T1 translation); (3) Tlce, T1, FLAIR —
T2 (shortened to T2 translation); and (4) Tlce, T1, T2 — FLAIR (shortened to
FLAIR translation). We used two different metrics for quantitative analysis in our
study: peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM). Both
the synthesized images and real images were normalized to [0,1] before evaluation.
Wilcoxon signed-rank test between each benchmark and the proposed model was

performed on all image translation experiments.

The quantitative results are listed in Table 3.1. As shown in the table, the proposed
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(a) T1, T2, FLAIR — Tlce (b) Tlce, T2, FLAIR — T1

gD piapix  PGAN  ReswiT  AsAPNet (CONSS

g piapix pGAN  ReiT  AsAPNet ([SONSS,

0@
Aan
& 3

ls’ £

(c) Tlce, T1, FLAIR — T2 (d) Tlce, T1, T2 — FLAIR
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Figure 3.2: Comparison results of different image translation models on BraTS 2018:
(a) T1, T2, FLAIR — Tlce; (b) Tlce, T2, FLAIR — T1; (c) Tlce, T1, FLAIR —
T2; (d) Tlce, T1, T2 — FLAIR. For each translation experiment, three examples are
selected for display. Each column shows the ground truth and translation results of
the different models. Zoomed-in results indicated in red rectangles are shown below
the whole images.

model performs significantly better (p <.05) than other state-of-the-art methods in
most metrics, except that pGAN obtains higher PSNR on T1 translation. Using T1ce
translation on BraT§S 2018 as an example, the PSNR and SSIM of the proposed model
on BraTS 2018 are 31.2dB and 0.951, which outperforms pix2pix by 1.1dB PSNR and
1.0% SSIM, pGAN by 0.5dB PSNR and 0.8% SSIM, ResViT by 2.0dB PSNR and
1.6 % SSIM, and ASAP-Net by 0.4dB PSNR and 0.3 % SSIM. Translation examples
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Table 3.3: Quantitative comparison of different image translation models on VS
dataset. The mean value and standard deviation of PSNR and SSIM are reported.
The highest values per column are indicated in boldface; All metrics of the benchmarks
in this table show significant differences (p <.05) compared to the proposed method.

model T1ce translation T2 translation

PSNR SSIM PSNR SSIM
pix2pix 21.1+1.39 0.602+0.068 21.4+1.78 0.506+0.121
pGAN 21.6+1.55 0.635+0.077 22.2+2.04 0.575+0.131
ResViT 21.0+1.58 0.575+0.090 21.5+1.80 0.489+0.110
ASAP-Net 20.4+1.24 0.552+0.061 20.9+1.97 0.500+0.117
CoNeS

21.9+1.69 0.638+0.077 22.6+2.03 0.560+0.126
(proposed)

Table 3.4: Quantitative comparison of different image translation models after cropping
on VS dataset. The mean value and standard deviation of PSNR and SSIM are reported.
The highest values per column are indicated in boldface; The 1 after each metric of
the benchmarks indicates a significant difference (p <.05) compared to the proposed
method.

model T1ce translation T2 translation
PSNR SSIM PSNR SSIM

pix2pix 14.8+3.28 0.415+0.1227 16.6+1.727  0.321+£0.084"
pGAN 142+3.317  0.417+0.1337 16.8+1.987  0.372+0.134
ResViT 145+2.75 0.400+0.1067 16.7+1.66' 0.342+0.099"
ASAP-Net 13.0+2.93" 0.340+0.1327 15.3+1.647 0.300+0.1017
CoNeS 15.0+3.17 0.451+0.118 17.3+1.58 0.379+0.101
(proposed)

are shown in Figure 3.2 in which we can see that the proposed model can recover more
detailed structures, such as the contrast-enhanced tumor in T1ce, which is clinically
highly relevant.

Both the PSNR and SSIM show global similarity, while the quality of the region
around the tumor is more clinically interesting. To further evaluate the proposed
model, we cropped the images using the bounding box of the tumor region and then
evaluated the similarity of these sub-images using the aforementioned metrics. The
bounding box was generated from the segmentation results of nnUNet [54] for the
reason that the segmentation ground truths of BraT§S 2018 validation set are not
available. The results are listed in Table 3.2. As we can see, the proposed model also
performs significantly better (p <.05) in most tasks within this sub-region, which is
consistent with our observation from zoomed-in results in Figure 3.2. We observed
that the performance of the proposed model decreased after cropping due to the lack

58



(a) T2 — Tlce (b) Tlce — T2
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Figure 3.3: Comparison results of different image translation models on the VS dataset:
(a) T2 — Tlce; (b) Tlee — T2. For each translation experiment, three examples are
selected for display. Each column shows the ground truth and translation results of
the different models. Zoomed-in results indicated in red rectangles are shown below
the images.

of background. Again using T1lce translation as an example, the PSNR and SSIM of
the proposed model are 20.9 dB and 0.667, which outperforms pix2pix by 1.0 dB PSNR
and 5.7 % SSIM, pGAN by 0.3dB and 2.1 % SSIM, ResViT by 0.7dB and 5.5% SSIM,
and ASAP-Net by 0.5dB and 3.3 % SSIM.

Next, we performed two image translation experiments on the VS dataset: (1)
T2 — Tlce (shortened to Tlce translation) and (2) Tlce — T2 (shortened to T2
translation). We again evaluated the entire image as well as the cropped region around
the tumor, similar to BraTS 2018. Both quantitative results are listed in Table 3.3 and
Table 3.4. All models struggle with the VS dataset and show decreased performance
compared to BraTS 2018, and CoNeS still performs significantly better (p <.05) in
most of the metrics. Taking T1lce translation as an example, CoNeS obtains a PSNR
of 21.9dB and a SSIM score of 0.638, which outperforms pix2pix by 0.8dB PSNR and
3.6 % SSIM, pGAN by 0.3dB PSNR and 0.3% SSIM, ResViT by 0.9dB PSNR and
6.3% SSIM, and ASAP-Net by 1.5dB PSNR and 8.6 % SSIM. Qualitatively, we can
observe improved synthesized images using the proposed model as shown in Figure 3.3.
It is worth pointing out that although pGAN obtained better SSIM scores (0.575) in
T2 translation, the visualization suggests that our results contain more informative

details, while pGAN’s results are blurry.
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(a) Spectral analysis on BraTS 2018
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(b) Spectral analysis on the VS dataset
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Figure 3.4: Spectral analysis of different image translation models. (a) and (b) show
the analysis results on BraTS 2018 and the VS dataset, respectively. For each analysis,
the Fourier transform of different synthesized images and the real image are shown
in the top row. The bottom row shows the spectral distribution, in which the high-
frequency range is zoomed in by the red rectangle.

Spectral analysis

Research has shown that CNN-based generative models with up-sampling layers usually
struggle with reproducing the spectral distribution correctly [12, 55]. On the contrary,
coordinate-based networks like CoNeS build a direct pixel-to-pixel mapping without

any up-sampling layer. In this section, we further evaluated the synthesized images in
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the frequency domain to demonstrate the improvement we obtained by performing
spectral analysis on the Tlce translation model of both datasets. Specifically, we
applied a 2D Fourier transform to all synthesized results as well as the real images, and
then calculated a 1D representation of the 2D spectrum using Azimuthal integration

[12]. Azimuthal integration is defined as an integration over the radial frequencies:
2n
Al(wy) =f |F (Wi cosO,wisin@)wi |l do, (3.17)
0

for k=0,...,M/2-1, and where & (m, n) is the Fourier Transform of a 2D image, 0 is

the radian, wy is the spatial frequency and M is the length of a square image.

A log transformation was performed to the 2D spectrum for better visualization,
and we calculated the average 1D representation over the dataset to avoid biased
sampling. As shown in Figure 3.4, both ASAP-Net and CoNeS, which are coordinate-
based networks, can reproduce the spectrum over the entire frequency range on BraTS
2018. Specifically, all the spectral curves are very close in the low-frequency range
(spatial frequency < 50), which enables the generative models to reconstruct the
general structure of the images. However, the spectral curves of GAN-based models
dramatically drop in the high-frequency range (spatial frequency > 75), while the curves
of ASAP-Net and CoNeS remain close to the real distribution. This shows that neural
fields are able to overcome the spectral biases issue of convolutional neural networks.
On the VS dataset, all the models yield higher spectrum magnitudes in the high-
frequency range compared to the real images, which suggests that these translation
models might add high-frequency noise to the synthesized images. Consistent with
the similarity measurement results, ASAP-Net is not robust enough to reproduce
the spectrum on the VS dataset and may induce more artifacts. On the contrary,
CoNesS still outputs images whose spectrum is closest to the real images among all the
translation models. The results indicate that by using neural fields conditioned via
shift modulation, CoNeS is able to keep the representation capability and reproduce

the spectrum distribution.

Synthesized images for tumor segmentation

To further examine the impact of synthesized images in downstream analysis, we
performed tumor segmentation using the synthesized images at inference. To do this,
we first adopted the architecture from nnUnet [54] and trained a segmentation network
that uses all the sequences in the dataset as input. Note that all the images were
normalized to a range of [—1,1] during training to make the input channels consistent
with the synthesized images. During inference, we tested the segmentation model
with synthesized images and compared the results with the performance of the model

when filling the missing channel with zeros, called zero imputation, in our experiments.
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Table 3.5: Results of using different images for segmentation inference on BraTS
2018. The real sequences used are indicated by v, the missing ones by X, and the
ones replaced by synthesized images by ©. The mean of Dice scores and 95% HD
(mm) of the enhanced tumor (ET), the whole tumor (WT), and the tumor core (TC)
are reported. The highest values per column are indicated in boldface; The t after
each metric of the benchmarks indicates a significant difference (p <.05) compared to
inference using synthesized images from CoNeS.

input sequences method Dice 95% HD (mm)
Tice | T1 | T2 | FLAIR ET WT TC ET | WI | TC
v 7/ v/ v/ N/A 0770 | 0.888 | 0.822 | 449 6.27 8.92
X v v/ v/ zero imputation | 0.0687 | 0.8457 | 03627 | 27.9T | 880" | 181F
o v v/ v/ pix2pix 01917 | o.8s0f | 05377 | 150F | 810" | 150t
o v v/ v/ pGAN 03177 | oss8t | o598t | 1497 | 801" | 140t
o v v/ v/ ResViT 0.223" | oss8t | 0555f | 1507 | 7.877 | 140t
o v v/ v/ ASAP-Net 0.332" | osest | o597t | 1337 | 695 | 132t
o v/ v/ v/ CoNeS 0.386 | 0.870 | 0.662 | 13.1 7.23 13.0
v/ X v/ v/ zero imputation | 07177 | 0.8657 | 07537 | 6537 | 7.86T | 1137
v/ o v/ v/ pix2pix 0.747 | o869t | o780t | 5.07T | 7.70T | 9.8at
v/ o v/ v/ pGAN 0.747" | o.sest | 07797 | 560" | 7617 | 102f
v o v v/ ResViT 07517 | o0.869" | 07847 | 462 | 7.39T | 9.75t
v/ o v v ASAP-Net 0.753" | 0.881 0.806 | 543" | 673 | 9.39
v/ o v/ v/ CoNeS 0.764 | 0.885 | 0.808 | 530 | 7.05 | 8.94
v v X v/ zero imputation | 0.7487 | 0.8357 | 0.7527 | 5647 | 8677 | 1167
v v o v pix2pix 0.761 | o862t | 0784 | 3907 | 7537 | 9.2t
v v o v pGAN 0767 | 0.872" | o797t | 383" | 7347 | 927
v v o v/ ResViT 0.759 | 0.855" | o788t | 419" | 818" | 974
v/ v o v/ ASAP-Net 0.764 | ossot | 0817 | 3847 | 650" | 9.05
v v/ o v/ CoNeS 0.778 | 0.886 | 0.829 | 3.15 | 6.01 | 834
v/ v/ v/ X zero imputation | 0.6797 | 0.4037 | o0.6907 | 27.8T | 3037 | 23.2f
v/ v v/ o pix2pix 0760 | 0.805" | o771t | 374 | 9757 | 11af
v/ v v/ o pGAN 0766 | 08337 | 07777 | 460 | 8597 | 103"
v v v o ResViT 0.783 | o768t | o0.752t | 5167 | 1177 | 115t
v/ v v/ o ASAP-Net 0.785 | 08237 | 0.808" | 380" | 936" | 9.36"
v/ v/ v/ o CoNeS 0768 | 0.853 | 0.809 | 430 | 7.56 | 9.38

For simplicity, we again assumed one specific sequence was missing and replaced
this sequence while keeping the rest unchanged. Similar to the image translation
experiments, we compared the segmentation performance using synthesized images
generated from the proposed model to the other images via the Wilcoxon signed-rank
test.

The tests were performed for each MRI sequence (T1ce, T1, T2, and FLAIR)
on BraT$S 2018. The performance was evaluated using three specific categories: 1)
enhanced tumor (ET); 2) tumor core (TC, non-enhanced tumor, and edema); and
3) the whole tumor (WT, enhanced tumor, non-enhanced tumor, and edema). Dice
score and 95 % Hausdorff distance (95% HD) of all the three categories are reported
for quantitative evaluation in Table 3.5. We can see that the presence of sequences
dramatically influences the performance of the segmentation model. For instance,
when the Tlce is missing, the Dice score of the enhanced tumor is 0.068 because the
enhanced information is only visible in the T'lce. As expected, most of the metrics
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(a) Segmentation example on BraTS 2018

full zero
modalities  imputation PGAN ResViT ASAP-Net

. . CoNeS
Pix2pix (proposed)

T
Tlce
T2
FLAIR a
o
>
)
=
(b) Segmentation example on the VS dataset S
Ground zero oy CoNe$S
truth imputation pix2pix pGAN ResViT ASAP-Net (proposed)
f P A AW 2\
\
Tlce
T2

Figure 3.5: The results of segmentation experiments: (a) A segmentation example on
BraT$S 2018 and (b) an example on the VS dataset. The rows show the segmentation
results with different MRI sequences replaced. The columns show ground truth (for
BraTS 2018, segmentation results with full sequences) and segmentation results using
different synthesized images.
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show that inference with synthesized images performs worse than inference with full
sequences. However, we also noticed that when the real T2 or FLAIR were replaced
with synthesized ones, we obtained a lower mean 95 % HD. This occurs due to the
influence of certain outliers. For example, sometimes the model can identify the
enhanced tumor at the wrong position using real images, leading to a large 95 %
HD, while the other inferences using synthesized images completely miss the tumor.
When we removed three outliers, the mean of 95 % HD of the enhanced tumor became
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2.99 mm, which is better than the others.

The best results among all the inferences using synthesized images (including zero
imputation) for each sequence were highlighted in Table 3.5. The results indicate
that using synthesized images for inference can significantly improve the segmentation
performance and that the synthesized images of our model yield the best segmentation
performance with a significant difference (p <.05) among all the translation models.
Using the inferences without Tlce as examples, the Dice scores of the proposed
model are 0.386, 0.870, and 0.662 in the enhanced tumor, the whole tumor, and
the tumor core respectively. In comparison, the proposed model outperforms zero
imputation by 31.8 %, 2.5 %, and 30.0 %, pix2pix by 19.5%, 2.0 %, and 12.5%, pGAN
by 6.9%, 1.2%, and 6.4 %, ResViT by 16.3%, 1.2%, and 10.7 %, and ASAP-Net by
5.4 %, 0.4%, and 6.5%. The 95% HDs of the proposed model are 13.1 mm, 7.23 mm,
and 13.0 mm in the enhanced tumor, the whole tumor, and the tumor core respectively.
In comparison, the proposed model outperforms zero imputation by 14.8 mm, 1.57 mm,
and 5.1 mm, pix2pix by 1.9 mm, 0.87 mm, and 2.0 mm, pGAN by 1.8 mm, 0.78 mm,
1.0mm, ResViT by 1.9 mm, 0.64 mm, 1.1 mm. Although ASAP-Net obtained a higher
95% HD (6.95mm) in the whole tumor, we did not observe significant differences
between it and the proposed model. Some example segmentation results are presented
in Figure 3.5. It is worth noting that the synthesized T1 of CoNeS performs better in
segmentation than the ones from pGAN, although we got higher PSNR for pGAN in

the former experiment.

We also performed the same segmentation experiments on the VS dataset. We
evaluated the performance using three specific categories: 1) intrameatal tumor; 2)
extrameatal tumor); and 3) the whole tumor (including intra- and extrameatal tumor).
Dice score and 95 % HD of all three categories are reported in Table 3.6. Similarly to
BraTS 2018, all the synthesized images compensate for the performance loss due to
the drop of sequences, and the proposed model performs significantly better (p <.05)
than the other models. For instance, the synthesized T1ce generated by the proposed
model obtained Dice scores of 0.567, 0.714, and 0.749 in the intrameatal tumor, the
extrameatal tumor, and the whole tumor respectively. In comparison, the proposed
model outperforms zero imputation by 56.6 %, 68.4 %, and 72.1 %, pix2pix by 9.6 %,
2.8%, and 3.6 %, pGAN by 12.6%, 3.8%, and 8.8%, ResViT by 2.7%, 0.1 %, and
3.0%, and ASAP-Net by 25.9%, 22.2%, and 24.1 %. The 95 % HDs of the proposed
model are 2.33 mm, 3.54 mm, and 4.05 mm in the intrameatal tumor, the extrameatal
tumor, and the whole tumor respectively. These results outperform zero imputation by
5.71 mm, 25.37 mm, and 30.05 MM, pix2pix by 0.21 mm, 2.13 mm, and 2.45 mm, pGAN
by 0.15mm, 3.03 mm, and 3.82mm, ASAP-Net by 0.77mm, 3.72 mm, and 8.35 mm.
We observed that ResViT obtained lower 95% HD (3.32mm) in the extrameatal
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Table 3.6: Results of using different images for segmentation inference on the VS
dataset. The real sequences used are indicated by v, the missing ones by X, and the
ones replaced by synthesized images by ©. The mean of Dice scores and 95% HD
(mm) of the intrameatal tumor (IT), the extrameatal tumor (ET), and the whole
tumor (WT) are reported. The highest values per column are indicated in boldface;
The 1 after each metric of the benchmarks indicates significant differences (p <.05)
compared to inference using synthesized images from CoNeS.

input sequences Dice 95% HD (mm)

Tlce T2 method IT ET | WT | IT ET | WT
v v/ N/A 0.761 | 0.853 | 0.896 | 134 | 171 | 1.45
X v zero imputation | 0.0017 | 0.030T | 0.0287 | 8.04T7 | 28.917 | 34.1F
o v pix2pix 04717 | 0.686" | 0.713" | 2554 | 5677 | 6.50
o v pGAN 0.4417 | 0.676" | 0.6617 | 2487 | 6577 | 7.87"
o v/ ResViT 0540t | 0.713Y | 0.719 | 236 | 3.32Y | 5.73
o v/ ASAP-Net 0.308" | 0.492" | o508 | 3.107 | 7.267 | 12.4F
o v CoNeS 0.567 | 0.714 | 0.749 | 233 | 354 | 4.05
v/ X zero imputation | 0.1847 | 0.3977 | 0.400" | 4.067 | 18.07 | 22.2F
v o pix2pix 0.713" | 0.856" | 0.8747 | 154 | 2197 | 2.09
v o pGAN 0.701% | 0.839" | 0.844" | 1.82" | 2607 | 2.58F
v o ResViT 0.716" | 0.831" | 0862 | 1.61 | 248" | 232
v o ASAP-Net 0.677" | 0.8347 | 0.854" | 1.957 | 263" | 2.45F
v o CoNeS 0.746 | 0.858 | 0.878 | 1.40 | 2.09 | 1.96

tumor, however, the proposed model still performs better than ResViT in most of the

experiments. Example segmentation results are displayed in Figure 3.5.

Ablation study

Ablation studies were performed to verify the benefits of individual components in the
proposed method. For simplicity, we trained a baseline CoNeS model that translates
T1ce from T2 on BraT$S 2018. We first examined the added value of the source image
as input to the MLP by removing the intensity value from the input channel. In this
case, the neural fields are conditioned on the latent code only. Next, we compared
shift modulation against a full hypernetwork where all the parameters of the MLP
are generated. Last, we trained the proposed method without the adversarial loss to
show the contribution of the discriminator in our model. Wilcoxon signed-rank tests
were performed between the baseline model and ablated models. Quantitative and
qualitative results are shown in Table 3.7 and Figure 3.6. We noticed that although the
model without adversarial loss achieves marginally better SSIM and PSNR, the results,
especially the tumor region, are visually blurry, which shows that the adversarial loss
helps the model to reconstruct more details and outputs more realistic images. Apart
from this, the proposed model obtained the best results among the ablated models that
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Figure 3.6: Example results of the ablated models. Zoomed-in results indicated with
red rectangles are shown below the full images.

Table 3.7: Quantitative comparison of ablated models on BraTS 2018. The mean
value and standard deviation of PSNR and SSIM are reported. The highest values
per column are indicated in boldface; The t after each metric indicates a significant
difference (p <.01) compared to the proposed model (the bottom row).

shift . intensity adversarial ~ #param PSNR SSTM
modulation loss generated
no no yes 145k  29.6+2.137  0.933+0.013"
no yes yes 14.5k 29.9+2.32  0.938+0.013"
ves 1o yes 0.26k 30.0+2.13 0.938+0.013
ves ves 10 0.26k  30.2+2.33 0.943+0.0137
yes yes yes 0.26k 30.0+2.22 0.941+0.014

include the adversarial loss and showed significant differences (p <.01) in SSIM. These
results also show that shift modulation helps to reduce the parameters from 14.5k
to 0.26k, which is the number of neurons in the MLP, without loss of representation
capability. Moreover, although the instance-specific information is already encoded
in the latent code, conditioning the network on intensity directly can still add extra

information and improve performance.

We next demonstrated the stability of the models by comparing the loss curves of

the ablated models. Both the adversarial loss L,4, and the total loss L are shown in
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(a) Adversarial loss curves
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Figure 3.7: Training loss curves of the ablated models. (a) adversarial loss (b) total
generator loss including reconstruction loss, adversarial loss, feature matching loss,
and latent code regularization. The models using shift modulation show more stable
training loss against the models using a full hypernetwork.

Figure 3.7. We observe that both losses of the models using the full hypernetwork
fluctuated substantially and L,qy increased midway through training. On the contrary,
both loss curves of the models using shift modulation remained stable throughout
the learning. The experiments suggested that by reducing the number of parameters
generated, shift modulation is able to improve the stability of the image translation

model.

3.5 Discussion and conclusion

In this work, we proposed CoNeS, a novel conditional neural fields-based model for

MRI translation. We modeled the image translation problem using neural fields,
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which are conditioned on the source images, and learned latent codes through a
coordinate-based network. The proposed model adapts the predicted neural fields
by varying the latent codes across coordinates to ensure better local representations.
We then introduced a shift modulation strategy for the conditioning to reduce the
model complexity and stabilize the training. We compared the proposed model with
state-of-the-art image translation models and our experiments showed that CoNeS
performs better in the entire image scope as well as the tumor region, which is clinically
relevant. Through visualization results, we also showed that the proposed method
can reproduce more structural details, while the other methods’ results are visually
more blurry. The transformer-based model (ResViT) performed on par with the other
methods in our experiments, where on natural images they have been reported to
outperform those [56, 57]. Our datasets, however, are considerably smaller than
what is used in the domain of natural images, while transformer-based models are

considered data-demanding.

We performed a spectral analysis to demonstrate improvements in image translation
when using neural fields. As expected, all the CNN-based models and ResViT, which is
a hybrid transformer model containing transposed layers during decoding, were unable
to reproduce high-frequency signals due to their spectral bias [11, 12]. In contrast, the
proposed model was able to preserve the high-frequency information and reconstruct
the spectrum in the entire frequency range on both datasets. We also observed that
ASAP-Net, a neural field-based benchmark, did not show consistent performance
across the two datasets and could not reproduce the spectral distribution on the VS
dataset either. These results are consistent with prior studies demonstrating that the
full hypernetwork, in which all the parameters of the main network are generated, is
sensitive to its initialization and difficult to optimize [58]. The ablation studies further
indicated that compared to a full hypernetwork, the conditioning via shift modulation
can make the training of neural fields more stable and maintain the representation
capability. Furthermore, the results also showed that by introducing the adversarial
loss, the predicted images are more realistic and contain more textural detail, although
the quantitative metrics (SSIM and PSNR) are slightly lower than the model without
the adversarial loss. The reason may be that SSIM and PSNR are not able to measure
the benefits of the adversarial loss, which is in line with the conclusion in previous
research [15, 7].

To evaluate the value of synthesized MRI in downstream analysis, we performed
tumor segmentation experiments. We first demonstrated that dropping sequences
during inference of a segmentation model can significantly damage the performance,
which shows the complementary importance of multiple MRI sequences in segmentation.

We next tested the segmentation model using different synthesized images and
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compared the results with the inference using incomplete input images. The

experiments demonstrated that image translation models can significantly improve

segmentation accuracy by replacing the missing input channel with synthesized images.

Furthermore, the images generated by our proposed CoNeS model performed best
among the state-of-the-art methods in most of the experiments, which is consistent
with the visual improvement observed in the translation experiments. Nevertheless,
we found that synthesized images cannot fully replace real images, and a baseline
model trained on all real images performed best.

One limitation of our work is that in the clinic, the availability of MRI sequences
may vary from patient to patient [59]. The proposed model, however, cannot handle
arbitrarily missing sequences, unless separate models are trained for each case. Further
work would be adapting the proposed model to random incomplete MRI scans by
incorporating techniques like learning disentangled representations [60] or latent
representation fusion [61]. Moreover, the choice of the positional encoding frequency
m may bias the network to fit the signal of a certain bandwidth [62]. To ease
the optimization and improve the generalization, it may be worthwhile to integrate
periodic activation functions [63] in our design instead of positional encoding for better
representation capability.

In summary, we presented a neural fields-based model that synthesizes missing MRI
from other sequences with excellent performance, which can be further integrated into
the downstream analysis. All experiments showed improved performance compared to
state-of-the-art translation models, while the spectrum analysis and ablation studies
demonstrated the strengths of the proposed model over traditional CNN and neural
fields models. Neural fields hold great promise in MRI translation to solve the missing

MRI sequence problem in the clinic.
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Abstract

Objectives
To evaluate a deep learning (DL) model for reducing the agent dose of contrast-
enhanced T1-weighted MRI (T1ce) of the cerebellopontine angle (CPA) cistern.

Material and methods

In this multi-center retrospective study, MRIs of vestibular schwannoma (VS) patients
were used to simulate low-dose T'1ce with varying reductions of contrast agent dose. DL
models were trained to restore standard-dose T1lce from the low-dose simulation. The
image quality and segmentation performance of the DL-restored T1lce were evaluated.
A head and neck radiologist was asked to rate DL-restored images in multiple aspects,

including image quality and diagnostic characterization.

Results

203 MRI studies from 72 VS patients (mean age, 58.51 +14.73, 39 men) were evaluated.
As the input dose increased, the structural similarity index measure of the restored
T1ce ranged from 0.639+0.113 to 0.993 +0.009, and the peak signal-to-noise ratio
ranged from 21.60+3.73dB to 41.40+4.84dB. At 10 % input dose, using DL-restored
Tlce for segmentation improved the Dice from 0.673 to 0.734, the 95% Hausdorff
distance from 2.38 mm to 2.07 mm, and the average surface distance from 1.00 mm to
0.59 mm. Both DL-restored T1lce from 10% and 30 % input doses showed excellent
image quality (3, interquartile range(IQR) [Q3-Q1] = 3-3 and 3, IQR [Q3-Q1] = 4-3),
with the latter being considered more informative (4, IQR [Q3-Q1] = 4 — 3).

Conclusion
The DL model improved the image quality of low-dose MRI of the CPA cistern, which
makes lesion detection and diagnostic characterization possible with 10-30 % of the

standard dose.



4.1 Introduction

Vestibular schwannomas (VSs) are benign tumors arising from the vestibulocochlear
nerve. They account for 80% of cerebellopontine angle (CPA) tumors [1]. Magnetic
Resonance Imaging (MRI), especially contrast-enhanced T1-weighted (T1lce) MRI
with a gadolinium-based contrast agent (GBCA), plays a key role in the noninvasive
detection and characterization of CPA lesions [1, 2, 3]. By accumulating in tissues with
rich vascularity or interstitial space, GBCAs offer enhanced visibility of tumor lesions
on MR imaging [4]. While T1ce is still considered the gold standard for VS diagnosis
and postoperative assessment [5, 6, 7, 8|, the necessity of a contrast agent in both the
diagnostic setting as well as during longitudinal VS management is being questioned [6,
8, 9]. After initial diagnosis, the surveillance of VS is sometimes carried out with T1
without contrast and/or T2-weighted MRI [3]. Given the growing concerns about
short- and long-term toxicity [10, 11], the negative environmental impact of GBCA
[12], and cost-effectiveness [9, 13], there is an increased interest in reducing the use of

GBCA.

The possibilities of GBCA dose reduction have been explored mainly in the field
of oncology [14, 15, 16, 17]. To acquire and evaluate low-dose images, the patients
typically underwent two separate examinations with an interval of more than 24
hours [14] or a two-step agent injection within 10 minutes [15, 16]. Preliminary
research suggested that MRIs with 50-75 % of the standard dose are non-inferior to
the standard-dose MRI [14, 17], and the scans with an even lower dose (15 % of the

standard dose) may still be equally effective in lesion detection and conspicuity [15, 16] .

However, the low signal-noise-ratio of low-dose MRI may potentially add difficulties for
accurate lesion delineation and require more experienced clinical experts to interpret
the images [18].

Recently, deep learning (DL) models have been increasingly introduced to restore
standard-dose Tlce from low-dose MRI scans [18, 19, 20, 21, 22, 23]. Although
promising results have been demonstrated, most validations were carried out using
a small-scale dataset, and only a limited number of vestibular schwannoma patients
were included [19]. In addition, the values of dose reduction in previous studies were
usually determined empirically, and the impact of different dose reductions on deep
learning models has not been well-examined. In this study, we aimed to develop a deep
learning model to restore the image quality to standard-dose MRI of the CPA for VS
diagnosis and longitudinal management. We conducted a comprehensive quantitative
and qualitative validation using a low-dose T1lce dataset simulated from multi-center

data with various dose reductions.
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Figure 4.1: The overall pipeline of the study. Nine different low-dose T1ce, ranging
from 10 % to 90 % with 10 % increments, were simulated from T1 and calibrated T1ce.
The deep learning model was applied to restore Tlce from them. The DL-restored T1lce
was evaluated using image similarity metrics, downstream segmentation performance,
and a clinical reader study.

4.2 Materials and methods

This retrospective study was performed at Leiden University Medical Center, a tertiary
referral center for skull base pathology in the Netherlands. The institutional review
board approved the study protocol (G19.115), which granted an exemption for informed
consent. The overall pipeline of this study is shown in Figure 4.1.

Patient Population and Data Preparation

MRI studies of Patients who underwent MRI of the CPA, showing a unilateral
vestibular schwannoma, were collected from 33 different hospitals. Patients with
other CPA pathologies, as well as multiple CPA tumors, were excluded. Every MRI
study has both T1 and T1lce examinations in the transverse plane. According to the
tumor classification by Kanzaki et al [24], the proportion of intrameatal (only), small,
medium, moderately large, large, and giant tumor are 43.8 %, 17.2 %, 26.1 %, 8.4 %,
4.4 %, and 0.0 %, respectively. The detailed characteristics and technical information
of the dataset are shown in Table 4.1 and Table 4.2. The intra- and extra-meatal
portions of VS were manually delineated by O.M.N., a physician with 3 years of
clinical experience, who was trained in performing segmentation and, when necessary,

corrected by a senior head-and-neck radiologist (B.M.V.).
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Table 4.1: Patient characteristics

Characteristics

Num of patients 72

Age (year) 58+14.73

Gender (male/female) 39/33

Num of scan 203
Intrameatal only 89 (43.8%)
Small (0-10 mm) 35 (17.2%)
Medium (11-20 mm) 53 (26.1%)
Moderately large (21-30mm) | 17 (8.4%)
Large (31-40 mm) 9 (4.4%)
Giant (>40 mm) 0 (0.0%)

Note: The average age of the first scan of each patient was presented as mean =+
standard deviation

Before simulating low-dose Tlce, a rigid registration was performed using
Elastix [25] to ensure the spatial alignment between T1 and standard-dose Tlce.
Inspired by Miiller-Franzes et al. [18], we approximated the signal intensity of the
low-dose images via a linear transformation. For contrast-enhanced T1, the relaxation

time can be expressed as:

— ——=rxc (4.1)
1

where T{® and T; are the post- and pre-contrast T1 relaxation times, respectively,
and r and c¢ are the relaxivity and concentration of the contrast agent, respectively.
When TR is short, the signal intensity can be approximated as proportional to the
inverse of the T1 relaxation time [26], and thus to the concentration of the contrast

agent c. Therefore, the low-dose images can be simulated as follows:

Liow-dose = (1 _ﬁ%) x Ity + ,B% x IT1ce, (4~2)

where I, and IT)cp refer to the intensity on T1 and Tlce, respectively, and
Illow—dose) refers to the intensities on contrast-enhanced T1 with % of the standard-
dose. Intensity calibration was performed on T1ce before simulation to eliminate the
influence of different intensity windows used by T1 and T1lce. Specifically, we assumed
the intensity histogram of T1 and T1lce had a similar distribution, differing only in

translation and scaling. We then applied translation and scaling that was determined
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Table 4.2: MRI acquisition parameters

. Pulse Magnetic . . . .
Modality sequence | field (T) TE(ms) TR(ms) in-plane resolution (mm) | Slice thickness (mm)
1.0 20.0 546.9 0.45 x 0.45 3.0

10.0 550.0 0.37x0.37

SE 15 (6.0-24.0) | (370.8-698.9) | (0.32x0.32—0.86 x 0.86) 30 (1.0-6.0)
9.0 750.0 0.35x0.35

1 3.0 (7.0-16.0) | (400.0-958.4) | (0.27 x0.27—0.66 x 0.66) 1.0 (1.0-30)
6.9 26.0 0.47 x0.47

1.0 (6.7-6.9) | (23.0-30.0) | (0.35x0.35—0.90 x 0.90) 1.4 (1.2-30)
GR 4.6 25.0 0.59 x 0.59

L5 (24-5.6) | (8.6—1690.0) | (0.39x0.39—1.00 x 1.00) 1.4 (1.0-60)
3.7 20.0 0.63 x 0.63

3.0 (2.2-4.7) (8.1-25.0) (0.33x0.33-0.94 x 0.94) 20 (06-30)

1.0 20.0 546.9 0.45x 0.45 3.0

11.0 550.0 0.37x0.37

SE L5 (6.0-24.0) | (370.8-698.9) | (0.32x0.32—0.86 x 0.86) 20 (1.0-5.0)
9.0 786.0 0.35x0.35

Tlee 3.0 (7.0-15.0) | (500.1-958.4) | (0.27 x0.27—0.66 x 0.66) 1.0 (1.0-30)

1.0 6.9 26.0 0.47 x 0.47 14 (12-3.0)

: (6.7-6.9) | (23.0-30.0) | (0.35x0.35—0.90 x 0.90) AAneT

GR 4.6 25.0 0.59 x 0.59

L5 (24-6.3) | (8.6—2200.0) | (0.39x0.39—1.00 x 1.00) 1.4 (09-30)
3.7 20.0 0.63 x 0.63

3.0 (2.2-4.7) (8.1-25.0) (0.33x0.33-0.94 x 0.94) 20 (06-30)

Note: The technical features are presented as the median value with the range in parentheses. Note that there is only one SE scan
was acquired using a magnetic field of 1.0 T. T1lce contrast-enhanced T1-weighted MRI, TE echo time, TR repetition time, SE

Spin echo, GR Gradient echo
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Figure 4.2: An example of low-dose T1ce simulation (20 % of the standard-dose). The
histograms of T1, Tlce, and calibrated T1lce are shown on the left, where we can
observe an intensity shift between Tlce and T1. T1, Tlce, calibrated T1CE, and a
simulated low-dose image are visualized on the right.

by the second peak of each histogram (the first peak is the zero background) to the
Tlce. One simulation example is shown in Figure 4.2 with the histograms before
and after calibration. All images were normalized between —1 to 1 after simulation.
Instead of using one specific proportion of dose reduction, we constructed scans of
different simulated doses by varying the parameter § in Eq. (1). As a result, nine
different low-dose T'1 scans ranging from 10% to 90 % of the standard dose with a

10 % increment were simulated.

Deep learning model for MRI restoration

We used the deep learning model previously developed by our group [27], which employs
implicit neural representations, to restore standard-dose T1ce from simulated low-dose
T1ce. Different from traditional convolutional neural network models, implicit neural
representations use fully connected layers as the decoder and output 2D images as
continuous fields. We trained separate models for each group of low-dose T1lce with
different dose reductions, resulting in ten different models (nine models for low-dose
T1ce and one model for T1 as input). All images were cropped based on the bounding
box of the skull to reduce the workload of the model. Data augmentation, including
random flipping, shifting, and cropping, was performed during training. The models
were trained by a combination of ¢; reconstruction loss, adversarial loss, and ¢,
regularization. We used the Adam optimizer with an initial learning rate of 1e™#, and
followed the Two Time-scale Update Rule [28] to train the model. We refer interested
readers to more details of the model architecture and training in reference [27].
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The model inference was performed with a sliding window strategy. Specifically,
image patches with a size of 128 x 160 and a step size of half that (64 in height and 80 in
width) were used as the input of the model. The results were aggregated using Gaussian
filter smoothing. Since the enhanced regions account for only a small proportion of
T1lce, we cropped the images based on the bounding box of the tumor and evaluated
the image quality of these sub-images. We subsequently tested the DL-restored T1ce
in a downstream delineation task using a deep learning segmentation model previously
developed by Neve et al. [29] based on nnUNet [30]. That tumor segmentation model
was trained on standard-dose Tlce scans to delineate the intra- and extrameatal
portions of VS. Both the training and inference were performed on a mixed computation
server equipped with NVIDIA Quadro RTX6000 and NVIDIA Quadro RTXA6000
GPUs using Python v3.6.8 and Pytorch v1.10.2. The full codes and experimental
settings are available at https://github.com/RianneAr/CPAMRIrestoration.

Clinical reader study

A senior head and neck neuroradiologist with 24 years of experience rated synthetic
images based on multiple criteria, as shown in Table 4.3. To prevent bias towards
patients with more scans, we randomly select one or two scans per patient from the
test set for the assessment. For each study, two DL-restored T1lce images restored
from 10 % and 30 % input dose were displayed together with T1 and standard-dose
T1lce. The reader study is not blinded, as we aim to evaluate the clinical quality of
the restored images, rather than making a visual comparison between the restored
images and the ground truth. The radiologist was asked to compare DL-restored
MRIs with standard-dose T1ce in terms of image quality of the entire field of view
(FOV) and detectability of the lesion. The results were rated on a Likert scale from 1
(DL-restored image is better than the standard-dose T1lce) to 5 (DL-restored image is
worse than the standard-dose T1ce). Moreover, the radiologist was asked to identify
differences in enhancement patterns, including texture, brightness, and enhancement
boundary, between the real and DL-restored T1ce, and to judge if the DL-restored
MRI would still be sufficient for diagnostic characterization given observed differences.
Lastly, a visual comparison rating between the two DL-restored images on a Likert
scale from 1 (image restored from 10 % dose input is much better) to 5 (image restored

from 30 % input dose is much better) was performed.

Evaluation and statistical analysis

We evaluated the DL-restored Tlce based on the image quality within the region
of interest, defined by the bounding box of VS, as well as the performance on the

VS delineation task. A comparison was made between the low-dose T1lce and DL-
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restored T'lce. The image quality was quantified by measuring the image similarity
between the region of interest and the corresponding region in standard-dose Tlce via
structural similarity index measure (SSIM) and peak signal-to-noise ratio (PSNR).
The performance on the VS delineation task was quantified by the Dice coefficient,
the 95 % Hausdorff distance (95HD), and the average surface distance (ASD). The
Wilcoxon signed rank test was performed between the image quality of low-dose images
and corresponding DL-restored images. P values less than 0.001 were considered to
indicate statistically significant differences. All analyses were performed in Python
v3.6.8 with Numpy v1.21.5, SciPy v1.7.3, and scikit-learn v1.0.2.

4.3 Results

A total of 203 MRI studies from 72 patients (mean age, 58.51 + 14.73, median age,
61 (29-83), 39 men) were involved in this study. The data were divided into three
groups at the patient level, resulting in a training set of 130 studies, a validation set
of 25 studies, and a test set of 48 studies.

Quantitative performance on image similarity

The image quality of low-dose Tlce (before restoration) and DL-restored images
is shown in Table 4.4. The DL-restoration demonstrated the most pronounced
enhancement at the lowest input dose (0%) and gradually diminished as the input
dose increased. Specifically, the SSIM for low-dose T1lce ranged from 0.562 +0.128 to
0.997+0.001, and for DL-restored T1ce ranged from 0.639+0.113 to 0.993+0.009. The
PSNR for low-dose T1ce ranged from 19.9 +4.08 to 39.9+4.08dB, and for DL-restored
T1ce ranged from 21.6+3.73 to 41.4+4.84 dB. The enhancement obtained from Al
restoration was statistically significant (P < .001) at lower dose levels (<70%) but
became marginal for small dose reductions (input dose = 80%). Figure 4.3 shows

examples of DL-restoration based on different input doses.

Downstream task analysis

Figure 4.4 shows the quantitative results of deep learning segmentation using low-dose
MRI and DL-restored MRI. Like the image quality, the enhancement from DL-restored
images decreased with the increasing dose. At 10% input dose, the average Dice
across the whole tumor, the intra- and extrameatal portion was 0.734 for DL-restored
MRI and 0.674 for low-dose MRI. The average 95HD was 2.07 mm for DL-restored
MRI and 2.38 mm for low-dose MRI. The average ASD was 0.59 mm for DL-restored
MRI and 1.00 mm for low-dose MRI. At 30% input dose, the DL-restoration still
improved the Dice of both the whole tumor and intrameatal portion by 0.02, but
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T1 low-dose T1ce

A Tlce Al-restored T1ce

T low-dose T1ce

B Tlce Al-restored T1ce

Figure 4.3: Two examples (A and B) of MRI restored from different simulated low-dose
Tlce. For each example, the leftmost column shows T1 (upper) and standard-dose
Tlce (lower). The second to sixth columns show low-dose T1lce (upper) and their
corresponding DL-restored MRI (lower). The input doses in percentage are indicated
in yellow on each image. The DL-restored T1ce demonstrates a lesion enhancement,
most pronounced at low input dose. However, as illustrated in B (10 %), enhancement
and texture restoration may be incomplete at very low input doses.

no significant differences were observed in HD95 and ASD between low-dose MRI
and DL-restored MRI. From 30 % upwards, the segmentation performance difference
between DL-restored images and low-dose images is less pronounced. Two examples
comparing segmentation using DL-restored MRI and low-dose MRI directly are shown

in Figure 4.5.

Clinical reader study

Twenty-two scans were randomly selected from the test set for the clinical reader
study. The results are shown in Table 4.5. Evaluation of the entire FOV revealed
no significant differences in image quality (3, interquartile range(IQR) [Q3-Q1] =
3 — 3vs. 3, IQR [Q3-Q1] = 4 — 3) and lesion detectability (3, IQR [Q3-Q1] =
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Figure 4.4: Quantitative segmentation results using different dose inputs, with 95 %
confidence intervals shown as error bars. In each plot, the segmentation results using
DL-restored MRI are indicated as a red solid line, and results using low-dose MRI are
indicated as a blue dashed line. The left, middle, and right columns show plots of the
intrameatal portion, extrameatal portion, and the whole tumor, respectively.

4 — 3 vs. 3, IQR [Q3-Q1] = 3 — 3) between the DL-restored images of 10% and
30 % low-dose input compared to standard-dose Tlce. However, the images restored
from a 30 % input dose were judged to be more informative than those from a 10 %
input dose, with a median rating of 4, IQR [Q3-Q1] = 4 — 3, due to better texture
restoration. Specifically, 32% (7 out of 22) of the images restored from 10 % input
dose demonstrated similar enhancement patterns to the standard-dose T1lce, while
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Table 4.5: The results of the clinical reader study

Restored from 10 % dose Restored from 30 % dose
Overall image quality 3(IQR [Q3-Q1] =3 - 3) | 3 (IQR [Q3-Q1] =4 - 3)
Detectability of lesion 3(IQR [Q3-Q1] =4 - 3) | 3 (IQR [Q3-Q1] =3 - 3)
Enhancement pattern 7/15 (32%) 16/8 (73%)
Sufficiency for diagnostic | 10/12 (45%) 19/3 (86%)
comparison 4 (IQR [Q3-Q1] =4 - 3)

Note: The median with IQR [Q3-Q1] in parentheses of the Likert scale were reported.
Results of enhancement pattern and sufficiency of diagnostic characterization were
presented as the number of patients with percentage in parentheses. T1lce contrast-
enhanced T1-weighted MRI, IQR interquartile range

this was the case for 73% (16 out of 22) of the images restored from 30% input
dose. The differences in enhancement pattern on scans restored from 10% input
dose included enhancement outside the tumor (8), (partial) lack of enhancement (6),
decreased brightness (5), and cystic components being imperceptible (1). Among the
six dissimilar scans that were restored from 30 % input dose, four scans showed a slight
overestimation of the intrameatal portion, and two scans showed different brightness
in the lesion. Given that under- or overestimation of the intrameatal portion has
no major impact on clinical decision-making [3], 45% of the images restored from
10 % dose input were deemed sufficient for diagnosis, compared to 86% of the images

restored with a 30 % dose input.

4.4 Discussion

In this study, we retrospectively evaluated a deep learning model to restore standard-
dose contrast-enhanced MRI of the cerebellopontine angle from simulated low-dose
MRI. We evaluated the restored images using multiple metrics to determine the clinical
applicability of the model. Using simulated data enabled us to evaluate the proposed
model with retrospective data at a large scale and explore the impact of different
dose reductions on the deep learning model’s performance. Our experiments showed
that deep learning models can significantly improve image quality, especially when
the input dose is substantially reduced. With DL-restored images, it is possible for
lesion detection and further diagnostic characterization with reduced contrast doses.

In previous GBCA dose reduction studies of brain MRI, only a limited number of
MRISs of the CPA were included [19, 21, 22]. For instance, of the 83 patients described
by Luo et al. [19], who underwent zero-dose, 10% dose, and standard-dose brain
MRI, only five had a VS. Our study, by contrast, included both the diagnostic and
follow-up MRI scans of 72 vestibular schwannoma patients from 33 different medical
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10% input dose 30% input dose 50% input dose 70% input dose 90% input dose
Tlce Segmentation using low-dose T1ce

Ground truth Segmentation using DL-restored T1ce

Segmentation using low-dose T1ce

Ground truth Segmentation using DL-restored T1ce

Figure 4.5: Two examples of downstream segmentation experiments. The standard-
dose Tlce and corresponding tumor masks are displayed in the leftmost column.
Columns 2 to 6 compare segmentation results between low-dose T1ce and DL-restored
T1ce. For each patient, the top row shows segmentation using low-dose MRI, and the
bottom row shows segmentation using DL-restored MRI. In patient A, segmentation
at low input doses underestimates the intrameatal portion (10 %, 30 %, and 50 % input
dose) and extrameatal portion (10 % input dose). In contrast, the lesion was correctly
segmented on restored Tlce.

centers, which enabled more detailed and robust enhancement evaluations related to
CPA tumors. Moreover, due to the restrictions of low-dose imaging protocols, the
values of dose reduction were usually determined empirically, and the scope of datasets
of previous studies was generally limited. In this retrospective study, we simulated
low-dose T1ce with various dose reductions and trained separate models for each
group of low-dose Tlce. A comprehensive evaluation on the impact of different dose

reductions on deep learning models was conducted.

Different from previous studies, we evaluated the image quality of the DL-restored

T1lce based on local image similarity to the standard-dose Tlce via SSIM and
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PSNR. In the experiment, DL-restoration demonstrated significant improvement
both qualitatively and quantitatively compared to the original low-dose T1lce. We
observed that DL-restoration was most useful when the input dose was substantially
reduced, and the quantitative improvements decreased with increasing input dose.
This is in line with the previous study [23], in which MRI with doses ranging from
5-25% of the standard dose were used. As a further step, our study validated the
effectiveness of the deep learning model in restoring the enhanced regions across a

broader range of dose reductions.

In order to show the clinical applicability of the DL-restored images, we investigated
the performance of the restored images in a downstream segmentation task. A previous
study by Pasumarthi et al. [21] conducted a segmentation evaluation with a test set
of limited size (N =17), and the results lack a quantitative statistical comparison. In
our study, we used the state-of-the-art nnUNet model for evaluation and conducted
a comprehensive study. The results suggest that the Al restoration enhanced the
segmentation performance, especially when the GBCA input dose was substantially

reduced.

In addition to deep learning segmentation, a clinical reader study was performed
to evaluate the clinical impact of DL-restored MRI. According to the radiologist, both
images restored from 10 % input dose and 30 % input dose showed equally excellent
performance in terms of overall image quality and lesion detectability. However, more
different enhancement patterns were observed in images restored from a 10 % input
dose. This indicated that images restored from a 30 % input dose demonstrated better
texture restoration of the tumor, offering more information on cystic changes, which
are associated with a faster growth rate, and post-therapeutic changes. It is also worth
noting that there was no pronounced overestimation in the extrameatal portions of all
scans, which is important for precise diameter measurements of the follow-up scans.
We noticed that the radiologist sometimes rated DL-restored images higher than the
real T'lce because of the high signal-to-noise ratio. This is partly due to the natural
smoothing effect of the pixel-wise loss, which encourages models to produce pixel-wise
averages [31], used in the DL-restoration method.

While using simulation data has the advantage of scalable dose reduction, the
inherent disadvantage is that we did not account for the noise from dose reduction and
different TR during the simulation, and did not evaluate the model on real low-dose
images either. Future studies using real low-dose T1lce scans should be performed
to confirm the performance of DL-restoration with the actual reduction of contrast
agent. Moreover, the assumption of a linear relationship between contrast dose and
enhancement does not account for other factors that may influence lesion conspicuity,
such as the type of GBCA [32] and wait time after injection [33]. Although the low-
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dose T1ce was simulated based on standard-dose T1ce, from which we know exactly
what intensity difference the contrast agent provides, follow-up studies that involve
relaxivity information for model development would be promising. Additionally, in
this study, the T2 scan, which is commonly also part of VS care, was not used by
the DL-restoration model. We expect that the involvement of additional modalities
can further improve the performance of DL-based restoration. Lastly, the proposed
model has demonstrated a limited contribution to images with high input doses. We
attribute this to the fact that images with higher input doses are already sufficient for
tumor delineation, meaning there are no significant improvements for the model to be
made. Lastly, this study was limited to a retrospective dataset. A prospective study

for feasibility evaluation would be valuable before the model deployment.

In conclusion, our study has shown that a deep learning restoration model may
improve the image quality of MR imaging of the CPA with reduced contrast agent
doses. By using Al restoration, VS lesion detection can be done with only 10% of
the standard dose, and further diagnostic characterization is possible with 30 % of
the standard dose. In addition, this deep learning technique could also be applied to
other pathologies that are visualized with contrast-enhanced MR imaging, in order to

reduce the need for contrast agents on a broader scale.
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5

Vestibular schwannoma growth prediction from
longitudinal MRI by time-conditioned neural
fields

This chapter was adapted from:

Chen, Y., Wolterink, J.M., Neve, O.M., Romeijn, S.R., Verbist, B.M., Hensen, E.F.,
Tao, Q. and Staring, M., 2024. Vestibular schwannoma growth prediction from
longitudinal MRI by time-conditioned neural fields. In International Conference on

Medical Image Computing and Computer-Assisted Intervention (pp. 508-518)
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Abstract

Vestibular schwannomas (VS) are benign tumors that are generally managed by active
surveillance with MRI examination. To further assist clinical decision-making and
avoid overtreatment, an accurate prediction of tumor growth based on longitudinal
imaging is highly desirable. In this paper, we introduce DeepGrowth, a deep learning
method that incorporates neural fields and recurrent neural networks for prospective
tumor growth prediction. In the proposed model, each tumor is represented as a signed
distance function (SDF) conditioned on a low-dimensional latent code. Unlike previous
studies, we predict the latent codes of the future tumor and generate the tumor shapes
from it using a multilayer perceptron (MLP). To deal with irregular time intervals, we
introduce a time-conditioned recurrent module based on a ConvLSTM and a novel
temporal encoding strategy, which enables the proposed model to output varying
tumor shapes over time. The experiments on an in-house longitudinal VS dataset
showed that the proposed model significantly improved the performance (=1.6% Dice
score and =0.20 mm 95 % Hausdorfl distance), in particular for top 20% tumors that
grow or shrink the most (=4.6% Dice score and =0.73 mm 95 % Hausdorff distance).

Our code is available at https://github.com/cyjdswx/DeepGrowth.


https://github.com/cyjdswx/DeepGrowth

5.1 Introduction

Vestibular schwannomas (VS) are intracranial tumors arising from the balance and
hearing nerves, of which approximately 40% are progressive and ultimately become
life-threatening [1]. In current clinical practice, VS are generally managed by active
surveillance with MRI examination and manual tumor diameter measurements [2, 3].
Once significant growth (> 2mm difference between two consecutive MRI scans) is
detected, the tumors are treated with either radiotherapy or surgery [2, 4]. However,
research shows that although 80% of VS show certain growth during observation,
only half of them are truly progressive, indicating that many patients suffer from
overtreatment [4]. On the other hand, late treatment of a larger tumor can also
damage the prognosis after treatment, which requires a timely clinical decision [5].
Hence, to avoid overtreatment and sequelae associated with the treatment of large
tumors, early and precise prediction of tumor growth based on longitudinal imaging is
highly desirable.

Early studies on image-driven tumor growth prediction typically utilized biomechan-
ical models, such as reaction-diffusion equations, to derive physiological parameters
related to tumor progression [6, 7]. However, most of the models require specific
imaging modalities that are unfortunately not available in clinical routine for VS.
Recently, deep learning models have shown promising performance for longitudinal
tumor shape modeling. Inspired by the neural process framework, Petersen et al.
proposed to learn a distribution of possible future shapes of glioma using a self-
attention mechanism [8]. Instead of generative models, Zhang et al. [9] applied a
spatio-temporal ConvLSTM for pancreatic tumor growth modeling. Elazab et al. [10]
proposed a 3D GP-GAN that utilizes multiple stacked generative adversarial networks
to predict glioma growth. Subsequently, Wang et al. [11] applied a Transformer model
to longitudinal CT for 4D lung cancer tumor modeling. Although promising results
were demonstrated, most models assume unified time intervals between consecutive
scans, which is unfortunately uncommon in the clinic. Moreover, future prediction
in high-dimensional image space has large memory requirements, which could limit
application [9], and may also introduce spatial redundancy that potentially damage

performance [12].

One way to tackle this problem is compressing the input into a low-dimensional
latent code utilizing an autoencoder and performing predictions in the latent space [13,
14]. In line with this, we propose to perform future tumor prediction with neural
field representations [15, 16]. The key idea of neural fields is to represent a function
describing an image or object in the spatial or spatio-temporal domain as a neural

network with trainable weights [17]. The neural network can be conditioned on latent
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Figure 5.1: The overall architecture of DeepGrowth (N =3). Prior scans are encoded
into latent codes, which are concatenated with temporal encoding. The MLP
reconstructs the future tumor as an SDF conditioned on the output of the ConvLSTM.
Lyec is calculated between the predictions and SDF sampled from all three tumor
masks.

codes to represent a distribution of objects. Recently, Agro et al. [18] successfully
predicted future occupancy maps using spatio-temporal neural fields. However, the
method requires sufficient frames over time, while longitudinal medical imaging usually
contains only few measurements.

To address these limitations, we propose DeepGrowth, a model that incorporates
neural fields and recurrent neural networks for tumor growth prediction. Specifically,
DeepGrowth encodes prior images and tumor masks into latent codes and parameterizes
the tumor as a signed distance function (SDF). To deal with irregular time intervals
between scans, we apply a time-conditioned recurrent module to predict the latent
code, on which the reconstruction of the future tumor shape is conditioned. The main
contributions of this work are: (1) In contrast to previous studies that perform tumor
prediction directly in image space, for the first time, we represent tumor shapes as
neural fields and predict the future based on learned latent codes. (2) We introduce
a time-conditioned recurrent module with a novel temporal encoding strategy that
enables us to query tumor shapes at specific time intervals. (3) The proposed model
was evaluated on an in-house longitudinal VS dataset, showing a significantly better
performance than other models, in particular for relatively fast growing tumors.
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5.2 Methods

Given a patient with N longitudinal images with corresponding segmentations, denoted
as Xy ={I;, M;, D}, t=1,2,...,, N, where I; is the image at time ¢, M, is the corresponding
tumor mask and D; the normalized scan date ranging from 0 to 1, our goal is to find

a function ®:
®:{X1,Xz,..., Xn_1, DN} — M. (5.1)

Instead of performing prediction directly in image space, we encode X; into a low-
dimensional latent code and predict future by a time-conditioned recurrent module.

See Figure 5.1 for an overview of the model architecture when N =3.

3D tumor shape as signed distance function

In the proposed model, each tumor is encoded into a low-dimensional latent code,
which can be used to condition a neural field for tumor shape reconstruction. More
specifically, we concatenate I; € RP*H*W and M, e RP*H*W and encode them via a
convolution-based encoder with a downsampling factor s. The latent code is denoted
as zx, € ROV W where d = D/s, h=HIs, w=W/s, and C is the feature dimension.
Unlike studies that use a single vector to represent the entire object [15, 16], our latent
code contains d x h x w vectors, encoding the local information in a more expressive

representation [19].

To reconstruct tumor shapes from the latent code, we represent each tumor shape
using an SDF [15]. For clarity, we use ¢; to denote the tumor contour of M;, which
is a closed 2D manifold embedded in 3D space. Hence, for each M, the SDF of the

tumor can be defined as:

mingec, Ix—ullz,  if xinside ¢;
SDFy, (x) =4 0, if x belonging to ¢, (5.2)

—mingec, lx—ullz, if xoutside ¢;

where x = (x, y,z) € R®. Different from voxelized or meshed representations, the SDF
and therefore x is defined over the entire space. In the proposed model, we approximate
the SDF by a multilayer perceptron (MLP) f. Similar to [19, 20], we apply a local

conditioning strategy, in which SDFyy, (x) is conditioned on the local latent code zx, (x).

zx,(x) is a vector of size C queried from the entire latent code zx, using trilinear
interpolation [19]. For each point x, we concatenate the coordinates x with zx, (x) as
the input of the MLP, which can then be denoted as:

SDFp, (x) = fp(x, zx, (%)), (5.3)
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where 0 are the parameters of the MLP. Hence, each tumor contour is described
by the zero-level set of the SDF estimated by the MLP.

Time-conditioned recurrent module

Earlier studies on tumor prediction usually assume unified time intervals between
consecutive scans [11] and predict a more distant future with additional recurrent
steps [10]. However, patients frequently receive follow-up scans with irregular time
intervals. We therefore introduce a time-conditioned recurrent module, which consists
of temporal encoding and a small 3D ConvLLSTM, to predict future tumor shapes.
The 3D ConvLSTM takes the input of zx,, t=1,2,..., N—1 with the study dates Dy,
t=1,2,..,N and predicts zx,. To better encode the temporal information, we apply
sinusoidal functions to the time intervals similar to positional encoding [21], which we
call temporal encoding. Given the time interval t; = D;4; — D;, where i =1,2,..,N-1,

the temporal encoding is expressed as follows:

YT = [sin(2°77;),cos2%nt;),...,sin@ " 7w1;), cos@ )], (5.4)

where [ is the order of the temporal encoding. To avoid overfitting, a dropout
layer is added to the temporal encoding. We then concatenate y(t;) to all vectors of
zx; as the input of the ConvLSTM. Given the output zx, of the ConvLSTM, we can
obtain SDFy;, of the future tumor via Eq. (5.3).

End-to-end network training

All components are optimized together end-to-end. For training, we randomly sample
n points from each tumor volume with 80 % of the points sampled near the contour
and the rest sampled from the entire space. We apply an ¢, reconstruction loss that
maximizes the similarity between the real SDF and the estimations, as suggested
n [15], for all N tumors:

M=

Lyec =

I fo (i, 2x, (%)) = SDFa, ()1, (5.5)
1

1
nN 3=

where x; are the sampled points. To stabilize the training, we apply the ¢, norm
to the latent codes as the regularization: Lyeg = %th\;l”ZX, ll2. As a result, the overall
loss function of the proposed model is L= ArecLrec + AregLreg, Where Arec and Areg are

the weights of each loss function.
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Table 5.1: Quantitative comparison results on a vestibular schwannoma dataset using
5-fold cross-validation. The mean and standard deviation of Dice, 95 % HD, and RVD
are reported. The highest values per column are indicated in bold; t indicates a
significant difference (p <.05) compared to the proposed method.

Method F#params Dice t 95% HD (mm) | RVD |

Stable tumor N/A 0.766 +0.143" 1.95+2.55" 0.490 + 2.99
ST-ConvLSTM [9] 0.6M | 0.758+0.1417 2.07+2.65 0.611+3.62
3D ConvLSTM [22] 44M | 0.784+0.139" 1.91+2.507 0.564 +3.477
DeepGrowth (proposed) 49M 0.800+0.115 1.71+2.23 0.521+3.48

Table 5.2: Quantitative comparison results of the top 20% fastest growing or shrinking
VS using 5-fold cross-validation. The mean and standard deviation of Dice, 95 %
HD, and RVD are reported. The highest values per column are indicated in bold; t
indicates a significant difference (p <.05) compared to the proposed method.

Method #params Dice 1 95% HD (mm) | RVD |

Stable tumor N/A 0.697 +0.182" 4.18+3.30 0.413+0.323"
ST-ConvLSTM [9] 0.6M 0.707+0.1887 4.28 +3.427 0.398 +0.470
3D ConvLSTM [22] 4.4M 0.736+0.176" 3.87+3.227 0.366 + 0.332
DeepGrowth (proposed) 49M 0.782+0.120 3.14+2.22 0.321 £0.315

5.3 Experiments

Dataset

To evaluate the proposed method, 131 vestibular schwannoma patients were se-
lected from our previous study [23, 2]. Each patient in the dataset has three
consecutive contrast-enhanced T1 (Tlce) scans, separated by 87 to 2157 days.
The spatial resolution of the Tlce ranges from 0.254 mm x 0.254 mm x 0.81 mm to
1.17mm x 1.17mm x 1.20 mm, and the in-plane resolution ranges from 256 x 192 to
640 x 520. Of all scans, the tumor masks were generated using a segmentation model
developed in our previous study based on nnUNet [24, 23]. We aligned all scans of
each patient by rigid registration using elastix [25]. All images were then resampled
to an isotropic resolution of 0.58 mm x 0.58 mm x 0.58 mm. To avoid the influence of
background, 64 x 64 x 64 cropping was performed around the centroid of the tumor.
The intensities of T1lce were normalized to [-1,1] and D; was normalized to [0,1]

within the original range of 0 to 10 years.
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1st scan 2nd scan 3rd scan Stable tumor ST-ConvLSTM 3D ConvLSTM DeepGrowth
(Ground truth) (proposed)

Day 370
.

Day 1283

Figure 5.2: Example results of the different models. The first two columns are the
input of the models, followed by the ground truth in the third column, and model
predictions in subsequent ones. Predicted tumors are depicted in red and the ground
truths in green. The dates are the study dates. The last row depicts a tumor that
suddenly shrank after the second scan, which was difficult to predict for all models.

Implementation details

We adapted a 3D U-Net from [19] as the encoder with two extra convolutional blocks
for downsampling. The ConvLSTM in the time-conditioned recurrent module consists
of three 32-channel layers, and the MLP contains five 64-channel layers with sine as
the activation function [26]. Due to the limited dataset size and diversity in tumor
growth trends, we perform five-fold cross-validation and report the average results
of the five folds to avoid bias. We set the downsampling factor s =4 and temporal
encoding order I =6 for best performance (see Section 5.3). Little difference was
observed between different loss weights, which were set to Arec =1.0 and Ay =0.1.
The model was optimized using Adam with an initial learning rate of 1e—4. During
inference, the tumor masks were generated from the zero level-set of the predicted
SDF and evaluated using the Dice, 95 % Hausdorff distance (95 % HD), and relative
volume difference (RVD). All experiments were conducted using Python 3.10 and
PyTorch 1.12.1 on a machine equipped with Nvidia Quadro RTX 6000 and Nvidia
Tesla V100 GPUs.

Future tumor shape prediction

We first evaluate the proposed model by predicting the third future tumor shape from
the first two scans and time intervals. We compare our model against three baselines.
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Table 5.3: Quantitative results of top 20% growers when varying temporal encoding.

methods order Dice 1 95% HD (mm) | RVD |
w/o time N/A 0.765+0.143 3.37+2.49 0.341+£0.314
with time N/A 0.774+£0.126 3.23+2.50 0.316+0.278
=4 0.773+£0.144 3.33+2.53 0.316 £0.306
time + temporal encoding | /=6 | 0.782+0.119 3.14+2.22 0.321+0.315
=8 0.773+£0.142 3.23+2.39 0.315+0.363

The first baseline assumes the tumor remains stable after the second scan, which is
reasonable due to the slow growth of VS, so we simply take the tumor mask from the
second time point as a prediction, which we call ”stable tumor” in the experiments.
The second and third baselines are two ConvLSTM-based models: ST-ConvLSTM [9]
and 3D ConvLSTM [22]. ST-ConVLSTM is a smaller 2D model where we use the
same architecture as described in the original paper. 3D ConvLSTM, which contains
a comparable number of parameters to the proposed model, consists of three layers
with (64, 128, 64) channels respectively. Unlike the original papers that use the ¢,
loss to train the model to generate binary maps, we used a weighted sum of Dice
loss and binary cross-entropy loss, which performed better on our data, to train the
baselines. Wilcoxon signed rank tests were performed between the proposed model

and each baseline.

The quantitative results are listed in Table 5.1 with visualizations in Figure 5.2.
The proposed model performed significantly better than all baselines in terms of
Dice and 95% HD. The proposed model obtained a higher RVD due to an extreme
outlier (see last row in Figure 5.2). When removing this outlier, the proposed method
obtained an RVD of 0.218 +0.248, which outperformed all baselines (0.229 + 0.230,
0.296 +0.304, and 0.261 + 0.266, respectively).

We noticed that the stable tumor method obtained comparable quantitative scores,
which is on par with the fact that many VS grow slowly or even remain stable.
Focusing on the top 20% of tumors that grow (or shrink) the most, see Table 5.2, we
observe a larger gap between the proposed model and the baselines, indicating the

improved capability of modeling tumor growth.

Ablation study

To examine the impact of temporal encoding, we trained two additional models: one

without time factors at all, and one using time intervals 7; directly as suggested in [9].

We also compare the models using different orders [ for temporal encoding. The
results of the top 20% growers are shown in Table 5.3. Direct use of 7; barely improved

results, while temporal encoding improved the results for all metrics. Best results

103

NOILDIAHYd HLMOYD VINONNVMHDS YVINdILLSH A

HHLAVH))



model with temporal encoding
Day 965

vol=1.71 cm? vol=1.88 cm? vol=1.81 cm?
model w/o temporal encoding

Day 965

vol=0.15cm? vol=1.43 cm?

Day 425

vol=0.69 cm?

vol=1.53 cm? vol=1.54 cm? vol=1.55 cm? vol=1.57 cm?
Figure 5.3: Querying the proposed model at different time points (increments of 180
days). We overlaid predictions on I, for visualization in columns 3-6. The proposed
model can output varied tumor shapes given different time intervals, while the model
without temporal encoding outputs almost the same results regardless of the time

intervals.

Table 5.4: Quantitative results of DeepGrowth using different downsampling factors.

downsampling factor s Dice 1 95% HD (mm) | RVD |
§= 0.788 +£0.127 1.87+2.39 0.544 + 3.68
s§s=2 0.796 £0.122 1.78 £2.40 0.577+4.18
s=4 0.800+0.115 1.71 £2.23 0.52+3.48
s=8 0.784+£0.125 1.85+2.35 0.598 +4.10

were obtained for I =6, with higher [ leading to overfitting.

As our model allows us to query arbitrary future time points, we show predictions
given different 7, (with a step of 180 days) in Figure 5.3. We can see that the model
using 1; without temporal encoding outputs almost the same results regardless of the
time intervals. On the contrary, by using temporal encoding, the proposed model can
output varied tumor shapes given different time intervals, from which we can view

how tumors grow over time.

Models using high-resolution feature maps were more difficult to train, while lower-
resolution feature maps potentially degraded performance due to lowered expressive
capability [13, 14]. We, therefore, varied the downsampling factors s, see Table 5.4,
and concluded that s =4 resulted in the best performance.
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5.4 Discussion and Conclusion

In this paper, we proposed DeepGrowth, a deep learning model that incorporates
neural fields and recurrent neural networks for tumor growth prediction. Unlike
conventional models that predict image or segmentation masks directly in the image
space [9, 10], we encode tumors into a latent space and predict future latent codes. The
future tumor shape is reconstructed as the zero-level set of an SDF conditioned on the
predicted latent code via an MLP. A comparison on a longitudinal VS dataset showed
improved performance of the proposed model, in particular for more challenging
growing or shrinking tumors. We applied temporal encoding to the study intervals,
which helped the model to encode time information and output varied tumor shapes
given different time intervals. However, it remains to be investigated if tumor growth
derived from our predictions can be used to aid clinical decision making. In conclusion,
we showed that neural fields hold great promise for information compression, which

can facilitate longitudinal tumor modeling.
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Abstract

Purpose
To develop and evaluate a deep learning model for data-driven vestibular schwannoma
(VS) growth prediction using longitudinal MRI.

Materials and methods

In this retrospective study, a deep learning model using a recurrent neural network
and an implicit neural representations-based decoder was developed to predict tumor
growth by generating future tumor masks. Qualitative and quantitative evaluation,
including Dice, 95 % Hausdorff distance (95HD), and relative volume error (RVE),
was performed. Moreover, tumor diameters were measured and compared to reference
values using Bland-Altman plots. Tumor progression was determined by dichotomizing
diameter or volume changes, and values were evaluated using the Receiver Operating
Characteristic curve and Cohen’s kappa.

Results

A total of 316 VS patients with 1488 longitudinal contrast-enhanced T1-weighted
MRIs were retrospectively collected from multiple centers. In the volumetric tumor
growth prediction, the proposed model outperformed benchmark methods, resulting
in a Dice of 0.788 £0.090, a 95HD of 1.86 +0.92mm, and an RVE of 26.7 +27.2 %,
respectively. For the samples with a surveillance interval shorter than two years, the
Bland-Altman plots showed strong agreement on the diameter measurement, with 95 %
limits of agreement of —0.134+2.620 mm. Using the diameter measurement, the model
determined tumor progression with an accuracy of 92.6 %, a specificity of 96.2 %, and
a sensitivity of 62.5 %, showing moderate agreement with the ground truth (Cohen’s
kappa =0.604).

Conclusion
The deep learning model accurately predicted the future shape of VS within two years

using longitudinal MRI, highlighting its potential to forecast tumor progression.



6.1 Introduction

Vestibular schwannomas (VS) are rare, benign tumors arising from vestibulocochlear
nerves [1, 2]. Large and progressive VS that are left untreated may compress the
brainstem and cerebellum, potentially causing life-threatening complications [1, 3].
Because many VS grow slowly or remain stable, patients with small- to medium-sized
tumors are often (initially) managed by active surveillance through repeated MRI,
with microsurgery or radiosurgery considered once tumor progression is detected [4, 5,
6]. However, this wait-and-scan approach may lead to intervention on larger tumors,
which carries higher surgical or radiation risks [1, 7, 8]. Therefore, prediction of tumor
growth is highly desirable, as it can assist in selecting patients who need intervention,
help optimize follow-up MRI intervals, and possibly avoid interventions on large

tumors.

As symptom progression correlates poorly with tumor growth [9], treatment
recommendations are primarily determined by follow-up MRI assessment [1, 6, 10].
In practice, tumor diameters are manually measured, and clinical decisions are made
based on either current diameters [6] or the diameter changes over time [11]. However,
this assessment is prone to significant error and exhibits high intra- and inter-observer
variability [12, 13]. Alternatively, volume measured from tumor segmentation provides
more reliable growth assessment but is labor- and time-intensive, limiting its feasibility
in routine practice. Moreover, these methods can only detect tumor growth in
retrospect, at a point in time where the tumor has already increased, whereas clinical
decisions ideally are made before progression has occurred. These limitations highlight
the need for a more accurate and reliable yet time-efficient approach for VS growth

prediction.

To address this challenge, biophysics-informed models were introduced to model
the spatio-temporal evolution of tumor cells [14, 15, 16, 17, 18]. However, these models
typically require specific imaging modalities such as dynamic contrast-enhanced MRI
(DCE-MRI) and dual-phase CT, which are not available in the clinical routine of VS
care. Recently, deep learning models have been developed as data-driven approaches
for tumor growth prediction [19, 20, 21]. A previously developed DeepGrowth [22]
model predicts VS growth using implicit neural representations combined with a
recurrent neural network. While the model has demonstrated promising performance,

it remains unclear how well the model helps enhance VS management.

This study aimed to develop and evaluate a deep learning model for data-
driven VS growth prediction using longitudinal MRI. We proposed an extension
of the DeepGrowth model by incorporating feature-wise linear modulation for time

conditioning. The model’ s performance and applicability in determining tumor
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Figure 6.1: The overall pipeline of this study. In the preprocessing step, longitudinal
MRI scans and corresponding tumor masks, obtained by an nnU-Net segmentation
model, were aligned via rigid registration and cropped for model training and evaluation.
The proposed model predicts the future tumor shape from encoded prior scans and
time conditioning via positional encoding (PE), feature-wise linear modulation (FiLM),
and a Multilayer Perceptron (MLP) decoder. The performance on volumetric tumor
growth prediction and determining tumor progression was subsequently evaluated.

progression were evaluated using a retrospective, longitudinal, multi-center dataset.

6.2 Materials and methods

The study protocol (G19.115) was approved by the institutional review board, which
granted a waiver of informed consent, as obtaining written informed consent was not
reasonably feasible in this retrospective study. The overall pipeline of the study is

shown in Figure 6.1.

Data collection and preprocessing

A total of 708 patients with 2380 longitudinal contrast-enhanced T1-weighted (T1ce)
MRI were retrospectively collected from over 30 different hospitals between 1994 and
2022, including 134 patients who had been reported previously [10, 11, 22]. Patients
with unilateral VS were included, while those with multiple cerebellopontine angle

(CPA) tumors or other CPA pathologies were excluded. Cohort and scanner details
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Table 6.1: Scanners involved in data collection

Scanner MF(T) 11\\1/[0' ([)f;can Scanner MF(T) fi\j{o' o{:scan
Philips Siemens
Achieva 1.5 134 | 170 Aera 1.5 54 | 92
Achieva 3.0 152 | 145 Avanto 1.5 98 | 97
Achieva dStream 1.5 15 23 Avanto fit 1.5 22 | 27
Gyroscan NT 0.5 1 2 Espree 1.5 71 | 101
Gyroscan NT 1.0 20 18 Harmony 1.0 6 22
Gyroscan NT Intera | 1.5 0 1 Magnetom Altea 1.5 0 1
Ingenia 1.5 82 87 Magnetom Expert 1.0 5 11
Ingenia 3.0 31 30 Magnetom Harmony | 1.0 1 0
Ingenia Ambition S 1.5 2 1 Magnetom Sola 1.5 6 5
Ingenia Elition S 3.0 3 3 Magnetom Sola fit 1.5 0 1
Ingenia Elition X 3.0 32 31 Magnetom Vida 3.0 10 | 6
Intera 0.5 1 1 Magnetom Vida fit 3.0 1 0
Intera 1.0 15 6 Magnetom Essenza 1.5 15 | 18
Intera 1.5 185 | 149 Skyra 3.0 12 | 16
Intera 3.0 1 0 Sonata 1.5 2 0
NT Intera 1.0 10 19 SonataVision 1.5 0 2
NT Intera 1.5 1 2 Symphony 1.5 28 | 41
Panorama 1.0 4 3 Symphony Tim 1.5 0 1
Panorama HFO 1.0 8 17 Verio 3.0 9 17
GE Hitachi
Discovery MR450 1.5 5 1 OASIS [ 1.2 [ 4 [ 0
Discovery MR750 3.0 11 3 Toshiba
Genesis Signa 1.5 2 5 MRT200PP3 1.5 2 1
Optima MR450w 1.5 1 8 Titan3T 3.0 1 2
Signa Artist 1.5 2 0
Signa Excite 1.5 9 3
Signa HDxt 1.5 76 48
Signa HDxt 3.0 3 0 o

Note: MF=Magnetic field, M=male, F=female
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are shown in Table 6.1. Scans with imaging issues (n=64) and those obtained after
interventions such as microsurgery or radiotherapy (n = 323) were excluded. 392
patients with fewer than three follow-up scans were also excluded, as the model
requires at least two prior scans and one future scan for validation. The eligible data
was then split at the patient level into training (70 %), validation (10 %), and test
(20%) sets. The flowchart is shown in Figure 6.1a. Tumor masks were segmented
using a previously validated segmentation model based on nnU-Net [11, 23]. For each
patient, longitudinal scans were aligned via rigid registration using Elastix [24] and
resampled to the median spacing of the entire dataset. Tumor subregions were then

cropped to 64 x 64 x 64 voxels to alleviate the influence of the background.
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Figure 6.2: Flowchart and the statistics of the dataset. (a) Flowchart of the dataset.
(b) The distribution of time intervals between two follow-up MRI studies. (¢) Tumor
volume trajectories for 30 randomly chosen patients.

Deep learning model for volumetric tumor growth prediction

DeepGrowth [22] consists of a convolutional neural network (CNN), a Convolutional
LSTM (ConvLSTM), and a Multilayer Perceptron (MLP). The model concatenates
T1lce and corresponding tumor masks of prior scans as the input, and outputs the
future tumor mask as a 3D signed distance field (SDF):
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mingecllx— ullo, if xinside C
SDF(x) =% 0, if x belonging to C (6.1)

—minyecllx—ullp, if xoutsideC

where x = (x,y,2) € R3 represents 3D coordinates and C denotes the tumor contour,

represented by the zero-level set of SDF(x).

To better model the tumor progression over time, we extended the DeepGrowth
model by introducing the feature-wise linear modulation (FiLM) mechanism for time
conditioning [25]. Specifically, sinusoid function is applied to the time intervals between
scans (At) for positional encoding (PE). These encodings are then used to condition
the model by modulating the feature maps via a learnable transformation. More

details can be found in the Appendix.

The model was trained to predict the future tumor mask from two prior MRIs. Each
sample comprised three MRIs randomly selected from a patient. Data augmentation,
including random translation, flipping, and rotation, was performed. The model
achieving the best performance on the validation set was selected for evaluation
on the test set. Both training and inference were performed on NVIDIA Quadro
RTX6000/RTXA6000 using Python v3.6.8 and PyTorch v1.10.2. The source code is
available at https://github.com/cyjdswx/DeepGrowth.

Determining tumor progression

The clinical assessment of VS progression typically relies on the changes in tumor
diameter or volume measured from follow-up MRI. To resemble clinical procedure, we
measured the volume and diameters of the predicted and most recent input tumor
masks. Following the method described by Neve et al. [10], on each slice, 2D diameters
were measured in planes parallel to the petrous bone, which was automatically
estimated by the border between the intra- and extrameatal mask. The largest 2D
diameter across all slices was recorded as the tumor diameter. Tumor progression was

dichotomized based on changes in volume or diameter between scans.

Model evaluation and statistical analysis

All evaluations were performed on the test set. The model’ s performance on volumetric
tumor growth prediction was quantified using Dice, 95th Hausdorff distance (95HD),
and relative volume error (RVE). Comparisons were made with two non-data-driven
approaches: (a) Patient-wise linear extrapolation of tumor volume, and (b) Constant
tumor, using the most recent prior mask as prediction, and three deep learning models:
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https://github.com/cyjdswx/DeepGrowth

Table 6.2: Patient and technical characteristics

Clinical characteristic

Number of patients 316

Age at diagnosis (years) 57+11

Gender (male/female) 160/156

Number of MRI studies 1488

Intrameatal only 380 (25.5%)
Small (0-10 mm) 316 (21.2%)
Medium (11-20 mm) 617 (41.5%)
Moderately large (21-30 mm) | 145 (9.7 %)

Large (31-40 mm) 27 (1.8 %)

Giant (>40mm) 3 (0.2%)
Technical MRI features

In-plane resolution (mm) 0.47 x 0.47 (0.20 x 0.20 —1.09 x 1.09)
TE (ms) 7 (1.82-34.0)

TR (ms) 450 (6.04 — 2250.0)
Section thickness (mm) 1.4 (0.6—-6.0)

Note: The age of the patients was presented as mean £ std. The number of MRI studies was
presented as a number with percentages in parentheses. The technical MRI features were presented
as a median with a range in parentheses. TE = echo time, TR = repetition time.

3D ConvLSTM [26], ST-ConvLSTM [19], and DeepGrowth [22]. Differences between
the models were tested by the Wilcoxon Signed Rank Test. A post-hoc analysis of
model performance with respect to surveillance interval (future scan time minus last
input scan time) was presented as scatter plots. In addition, for patients with four
scans, we quantitatively compared the predicted mask at the fourth time point using
the first and second scans versus using the second and third scans.

Agreement between predicted and actual diameter measurements was evaluated
using the interclass correlation coefficient (ICC) and Bland-Altman plots. To evaluate
the model’ s performance in determining tumor progression, progressive tumors
were defined as those with a growth rate =2mm per year [1]. Receiver operating
characteristic (ROC) curves were plotted for diameter change-based and relative
volume change-based progression determination. Accuracy, sensitivity, specificity, and
Cohen’s kappa were calculated for both results, using thresholds of 2mm per year
and 20 % per year, respectively. All analyses were performed in Python v3.6.8, with
Numpy v1.21.5, SciPy v1.7.3, and Scikit-learn v1.0.2.
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Figure 6.3: Four examples of tumor growth predictions. The first three columns
show consecutive scans overlaid with the real tumor masks (green contour), with the
acquisition date displayed on each image. Columns four to eight show the real tumor
masks (green contour) and the masks predicted by each model (red contour). The
first two rows show patients (male, age 73 at first scan; male, age 57 at first scan)
with apparent growth in size during surveillance, illustrating the superior performance
of the proposed model. The third row shows a patient (female, age 74 at first scan)
with a large cystic component. The tumor shrank rapidly, and none of the approaches
could predict it. The fourth row shows a patient (female, age 55 at first scan) with a
stable tumor, and all approaches performed equally well. The Dice of these patients
achieved by the proposed model were 0.858, 0.830, 0.309, and 0.846, respectively, and
the 95th Hausdorff distances (95HD) were 1.49 mm, 3.50 mm, 9.42 mm, and 1.18 mm,
respectively.

6.3 Results

Longitudinal MRI data

A total of 316 patients (160 male, mean age 57 +11; 156 female, mean age 57 +11)
with 1488 Tlce scans were involved in this study. Table 6.2 shows clinical and
technical characteristics of included patients and corresponding scans. According to
the tumor classification by Kanzaki et al. [27], the proportion of intrameatal (only),
small, medium, moderately large, large, and giant tumors is 25.5% (380/1488), 21.2%
(316/1488), 41.5% (617/1488), 9.7% (145/1488), 1.8% (27/1488), and 0.2% (3/1488),
respectively. Figure 6.2b shows the distribution of the time intervals between follow-up
studies, which range from 0.5 to 124.3 months (mean, 18.9 + 14.4 months). Across all
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Figure 6.4: Quantitative metrics with respect to surveillance intervals. Green dots
represent the data points, and the moving average is plotted as a blue curve with
95 % confidence intervals. The moving average and 95 % confidence intervals were
calculated based on a window size of 50 samples. (a), (b) and (c) are the plots of
surveillance interval dependent Dice, surveillance intervals dependent 95th Hausdorff
distance (95HD), and surveillance interval dependent relative volume error (RVE),
respectively.

patients, approximately 58% (184/316) of tumors remained stable (diameter changes
<2mm per year) throughout the entire surveillance. Figure 6.2c shows tumor volume
trajectories for randomly selected patients. After data partitioning, the training,
validation, and test sets consist of 222 patients with 1049 scans, 32 patients with
142 scans, and 62 patients with 297 scans, respectively. Through exhaustive sample
selection, these sets include 3399, 335, and 1221 distinct samples (three MRI studies),

respectively.

Volumetric tumor growth prediction

Table 6.3 lists the qualitative results of volumetric tumor growth prediction. Among
non-data-driven methods, the Constant tumor approach achieved a Dice of 0.746+0.129,
HD95 of 2.25+1.69 mm, and RVE of 32.8+34.2 %, which was better than the patient-
wise linear extrapolation (an RVE of 62.2+112.5%). All deep learning-based models
outperformed the non-data-driven approaches, and the proposed model performed
best among all benchmarks, yielding 0.788+0.090 in Dice, 1.86+0.92 mm in HD95, and
26.7+£27.2% in RVE, respectively. Note that on average, only DeepGrowth and the
proposed model achieved a mean HD95 below 2 mm, which is the threshold commonly
used in clinical practice for tumor progression assessment. Representative examples
are shown in Figure 6.3. Despite overall strong performance, some outliers were
observed, especially among patients with large cystic components (the third row of

Figure 6.3), which sometimes exhibit substantial volume change between consecutive
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Figure 6.5: Diameter measurements-Deep learning vs. ground truth. (a) Predicted
diameter — real diameter plots. The red line shows the results of linear regression.
(b) The Bland-Altman Plot of all samples. The blue dots are the data samples with a
surveillance interval of less than two years, and the red dots are the remaining samples.
(c) Bland-Altman Plot of samples with a surveillance interval of less than two years.

scans.

Figure 6.4 shows how quantitative metrics vary with the surveillance interval. The
moving average and 95% confidence intervals (CIs) were calculated using a window
size of 50 samples. As the surveillance interval increased from 4.4 to 99.7 months,
the moving average of the Dice decreased from 0.874 [95% CI: 0.859, 0.889] to 0.693
[95% CTI: 0.653, 0.735], the HD95 increased from 1.22 [95% CI: 1.06, 1.39] mm to 2.80
[95% CI: 2.35, 3.22] mm, and the RVE increased from 11.6 % [95% CI: 8.8 %, 14.4 %]
to 33.4% [95% CI: 27.4 %, 39.4 %), respectively. The model demonstrated particularly
strong performance for the patients with surveillance intervals shorter than two years,
for whom the moving averages of Dice mostly fall in 0.80—0.89, HD95 mostly fall
in 1.1-1.7mm, and RVE mostly fall in 10-26 %. Table 6.4 shows the performance
comparison using different combinations of input scans. The prediction using early
scans (first and second scans, with an average surveillance interval of 33.7 +£19.9
months) as input yields a mean Dice of 0.750, a mean 95HD of 2.22 mm, and a mean
RVD of 32.5%. These metrics improved to 0.796, 1.80 mm, and 25.3 % respectively,
when the later scans (second and third scans, with an average surveillance interval of
17.7 +12.5 months) were used for prediction.

Determining tumor progression

To avoid bias toward patients with more scans, only samples comprising three successive
scans were involved in the evaluation of tumor progression determination, resulting
in 149 samples. As shown in Figure 6.5a, the predicted tumor diameters exhibited

strong agreement with the diameters measured from real future scans, with an ICC of
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Table 6.3: Quantitative results of volumetric tumor growth prediction

Model Dice HD95(mm) RVE(%)
Mean + Std | median | p Mean + Std | median | p Mean + Std | median | p

Patient-wise linear extrapolatio | N/A N/A N/A | N/A N/A N/A | 62241125 35.6 <.001
Constant tumor 0.746+£0.129 | 0.771 <.001 | 2.25+1.69 1.83 .009 32.8+34.2 29.2 .010
ST-ConvLSTM [19] 0.753+£0.117 | 0.770 <.001 | 2.31+1.50 1.87 <.001 | 38.1+39.8 28.2 <.001
3D ConvLSTM [26] 0.765+£0.118 | 0.794 .006 2.19+1.56 1.82 <.001 | 35.2+35.7 26.4 <.001
DeepGrowth _wwg 0.783 £0.091 0.811 .052 1.95+1.05 1.75 .005 29.5+29.4 23.4 .009
Proposed model 0.788+0.090 | 0.821 N/A 1.86+0.92 1.67 N/A 26.7+27.2 20.4 N/A

Note: The mean, standard deviation, median, and p-value (Wilcoxon Signed Rank Test conducted between each benchmark method and the proposed

model) are reported. Std. = standard deviation, HD95 = 95th Hausdorff distance, RVE = relative volume error
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0.98 [95% CI: 0.97, 0.99] and an R? = 0.997 based on linear regression. According to
the Bland — Altman plot in Figure 6.5b, the predicted diameters were, on average,
slightly smaller than the real diameters, resulting in a mean difference of 0.124 mm.
The 95 % limits of agreement were —0.124 +3.360 mm, which can be further narrowed
to —0.134 +2.620 mm when we excluded samples with a surveillance interval greater

than two years, as shown in Figure 6.5c.

Figure 6.6a and Figure 6.6c present the ROC curves of the performance in
determining tumor progression across varying diameter and volume thresholds,
respectively. Both ROC curves demonstrate good discriminative performance with
an area under the curve (AUC) of 0.82. When using a threshold of diameter increase
=2mm per year, the deep learning model detected tumor progression with 62.5%
(10/16) sensitivity, 96.2% (128/133) specificity, and 92.6% (138/149) overall accuracy.
The agreement on VS progression between deep learning prediction and assessment
using real MRI studies resulted in a Cohen’s kappa of 0.604. When using a threshold
of relative volume increase =20 % per year, the sensitivity, specificity, accuracy, and
Cohen’s kappa were 62.5% (10/16), 91.7% (122/133), 88.6% (132/149), and 0.477,
respectively. Both confusion matrices are shown in Figure 6.6b and Figure 6.6d,

respectively.

6.4 Discussion

In this study, we extended DeepGrowth by incorporating a time conditioning
module based on the FiLM mechanism for VS growth prediction. The proposed
model was retrospectively evaluated on a multicenter, longitudinal dataset to assess
its performance in predicting volumetric tumor growth and determining tumor

progression.

Early attempts at tumor growth prediction focus on biophysics-informed models
and image biomarkers. For instance, Roque et al. [15] and Wong et al. [16, 18]
initialized reaction-diffusion equations using tumor cellularity estimated from DCE-
MRI and dual-phase CT, respectively. Schouten et al. [28] applied logistic regression to
imaging biomarkers extracted from DCE-MRI and diffusion-weighted imaging (DWI)
for VS growth prediction. However, in the normal clinical VS workflow, advanced
MRI sequences like DCE-MRI or DWI are usually not available. To utilize more image
modalities, deep learning-based methods were introduced. Zhang et al. [19] proposed a
2D ConvLSTM for pancreas tumor growth prediction, and Elazab et al. [29] proposed
a stacked generative adversarial network for glioma growth prediction. Both studies
have demonstrated the applicability of deep learning approaches in longitudinal tumor
modeling, but only a limited number of patients were included. Recently, Ma et al. [21]
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Figure 6.6: Determining tumor progression based on volume or diameter changes. (a)
Receiver operating characteristic (ROC) curve showing the classification performance
based on tumor diameter change. The red dot represents the results using a threshold
of diameter increase =2mm per year to define tumor growth. (b) The confusion
matrix of the classification results represented by the red dot in (a). (¢) ROC curve
showing the classification performance based on tumor volume change. The red dot
represents the results using a threshold of relative volume increase =20 % per year to
define tumor growth. (d) The confusion matrix of the classification results represented
by the red dot in (c).

and Wang et al. [20] applied Transformer architectures to a large longitudinal lung
CT dataset for lung cancer growth prediction. These models, however, were evaluated
solely using volumetric overlap and surface distance metrics. In contrast, our study
involved comprehensive clinical validation on a longitudinal dataset, providing a more
thorough assessment of model performance.
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In our experiments, all deep learning methods have outperformed non-data-driven
methods, and the model proposed in the current study performed best. Although
some tumors show linear volume growth over time, the linear extrapolation approach
performs poorly in RVE on average. The Constant tumor yielded acceptable results
due to the slow-growing nature of VS. ST-ConvLSTM [19] performs the worst among
all deep learning models, probably because VS can grow in any direction, while a 2D
network cannot model growth in the z-axis well. Compared to the DeepGrowth model,
the introduction of the FiLM mechanism, which merges image features and learnable
features extracted from surveillance intervals, improved performance significantly
in all the metrics. This conditioning module also has the potential to be used for

incorporating relevant clinical factors, including the patients’ age or symptoms.

To show the application scope of the deep learning model for VS growth prediction,
we further examined its performance with respect to the surveillance interval. Our
analysis revealed that as the surveillance interval increases, the prediction performance
in all quantitative metrics declines. Notably, in patients with surveillance intervals
shorter than two years, the average HD95 (1.1-1.7 mm) was mostly smaller than the
previously reported inter-observer measurement error (1.7 mm) [10]. Not surprisingly,
this suggests that our deep learning model offers more reliable predictions over shorter

surveillance intervals.

Previous studies have barely evaluated models in terms of tumor measurement,
which chiefly drives treatment recommendations in VS management [1]. In our
experiment, the proposed model has demonstrated excellent agreement in diameter
measurements with the corresponding future scans. With regard to determining tumor
progression, the proposed model yields excellent specificity but moderate sensitivity.
The agreement between the prediction and the ground truth (a Cohen’s kappa of
0.604) is lower than the previously reported inter-observer agreement (a Cohen’s kappa
of 0.74) using the same data source [10], but comparable to other research (a Cohen’s
kappa of 0.56) using a different dataset [30]. It is worth noting that these inter-observer
agreements were assessed on real clinical scans across the entire follow-up study, while
we determined tumor progression solely based on prior MRI studies. Another possible
reason for the disagreement is that data-driven models are usually biased towards the

majority of samples, which are slow-growing tumors.

Although we retrospectively collected the dataset from multiple centers, the overall
dataset size remained limited, which is the common constraint in studies of rare or
malignant tumors [31, 32]. This poses a particular challenge for deep learning models,
which typically exhibit reduced generalization performance when trained on small
datasets. The lack of biomechanical inspiration potentially lowers reliability and makes

it difficult to interpret prediction errors. Another limitation comes from the ground
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truth of diameter measurements. Although tumor diameters are commonly used in the
clinic due to their applicability, human measurement suffers from high inter-observer
variability and may also be affected by the restriction of image resolution. This could

result in a suboptimal ground truth for the evaluation of progression determination.

In conclusion, we have presented a deep learning model for data-driven VS
growth prediction. The proposed model was developed and evaluated using a dataset
retrospectively acquired from multiple centers. Our results show that the proposed
model achieves strong performance, particularly in predicting tumor growth within
two years, highlighting the potential and feasibility of applying deep learning for
data-driven VS growth prediction.
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Appendix. Details of the proposed model

The proposed model contains a CNN-based encoder shared by all input scans, a
ConvLSTM, feature-wise Linear modulation (FiLM), and an MLP-based decoder.

Time conditioning based on feature-wise linear modulation

To better encode the temporal information, we first perform positional encoding that
maps the temporal information into a high-dimensional space [33]. Given the time

intervals At, the positional encoding is expressed as follows:

Y(Ar) = [sin2°7At, cos2°AL, ..., sin2 A L, cos 2 A 1)) , (6.2)

where [ is the order that should be optimized based on the specific task. These
encodings are then used to condition the model by the FILM mechanism [25]. More
formally, FiLM learns a function of time interval encodings (y(At)) which outputs a

linear transformation:

Ve = ac(y(AD)xe + Be(y(AD), (6.3)

where x, refers to the cth channel of latent features and y, refers to the cth
channel of the modulated features. a, and B are the learnable scale and bias for
linear transformation and can be arbitrary neural networks using encoded time interval
At as input. In practice, FiLM is applied within a residual block, in which the input of
FiLM is added to the output. Thus, each layer of the feature map is conditioned on the
temporal information independently, which enhances the model in a computationally

efficient way.
Network architecture

The encoder of the proposed model is adapted from [34] with two extra convolutional
blocks for downsampling, and the ConvLSTM consists of three 32-channel layers. The
MLP contains five 64-channel layers and uses the Leaky ReLU function with a negative
slope of 0.2 as the activation function after all intermediate layers. Adapted from [35],
the last layer of the MLP is followed by a sine function, which can constrain the range
of the output to [-1,1]. A dropout layer is added to the positional encoding to avoid
overfitting. The FiLM residual block contains a fully connected layer that outputs

linear modulation parameters from temporal information and two convolutional layers
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before the linear modulation. A ReLU activation function is applied to the FiLM

features after linear modulation.

Implementation details

Signed distance field (SDF) points were sampled from the tumor segmentation to train
the proposed model. 80 % of the points were sampled near the tumor contour, and
the rest were sampled from the entire space. We set the order of positional encoding
I =6, which works best for the experiments. The mode was trained by a weighted sum
of I;-based reconstruction loss and l» regularization as L= ArecLrec + AregLreg. Little
differences were observed between different loss weights, and we set A, =1.0 and
Areg =0.1 for the experiments. The model was initialized by the Xavier method and
optimized by the Adam with an initial learning rate of 1 x107*. The training was
performed for a total of 450 epochs, and the learning rate was decayed using a step

learning rate scheduler with a step size of 50 epochs.
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7

Summary, discussion and future work

The diagnosis and management of vestibular schwannoma (VS) rely on longitudinal
imaging surveillance and precise tumor measurement. Conventional approaches imply
manually measuring every patient, adding a huge workload to the entire healthcare
system. This thesis investigates the application of artificial intelligence (AI) in head and
neck MRI analysis for data-driven VS care. Based on several deep learning techniques,
we developed quantitative approaches for VS segmentation, completion and restoration
of missing MRI sequences, and prediction of tumor growth. Comprehensive validations

were conducted in both technical and clinical settings.

7.1 Summary

In Chapter 1, we provided a general introduction about the role of MRI in head and
neck disease management, data-driven vestibular schwannoma care, and deep learning

techniques applied in medical image computing.

In Chapter 2, we developed an automated VS segmentation tool based on the 3D
nnUNet. The tool demonstrated highly accurate tumor volume measurements on both
contrast-enhanced T1-weighted and T2-weighted MRIs. The segmentation results were
quantitatively and qualitatively evaluated using a multicenter, multivendor setting.
The results showed that integrating deep learning models into clinical practice has
the potential to improve the accuracy of volume measurements of VS at diagnosis
and during follow-up, while reducing the workload of radiologists. In line with the
fact that Tlce is the preferred image modality for VS diagnosis and management,
CNN performance on Tlce MRI was slightly more accurate compared with T2 MRI,
particularly when the tumor border was hard to distinguish from the cerebrospinal
fluid solely on T2. We have also designed an observer study that allows a blind,
qualitative comparison between the model and human delineation, showing that the

CNN tool performs comparably to human observers in clinical practice.

Due to clinical restrictions on the use of contrast agents and diverse imaging
protocols across different medical centers, acquiring the most desirable MRI sequences
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is often challenging. This may damage the generalization and performance of deep
learning models. In Chapter 3, we introduced CoNeS, a novel MRI translation model
based on conditional neural fields. In the proposed model, the MRI translation
problem was formulated as neural fields conditioned on the source images. Benchmark
comparison showed that the proposed model achieves superior performance across the
entire image scope as well as in the tumor region, which is more clinically relevant.
To better understand the gain, we conducted Fourier-domain spectral analysis and a
comprehensive ablation study, which together clarify the underlying factors that drive

performance improvements.

Contrast-enhanced T1-weighted MRI (T1lce) with a gadolinium-based contrast
agent (GBCA) is the gold standard for VS diagnosis and postoperative assessment.
However, given the growing concerns about the negative impact of GBCA, there is
an increasing interest in reducing the use of GBCA. In Chapter 4, we applied the
image translation model presented in Chapter 3 to restore standard-dose T1lce from
low-dose MRI scans. We simulated low-dose T'lce with various dose reductions and
evaluated the impact of different dose reductions on the deep learning model. The
experiments showed that the proposed model can substantially restore the missing
contrast and improve image quality, with the most pronounced benefits observed when
the input dose is substantially reduced (to 10-30 % of the standard dose). According
to the reader study from radiologists, Al-restored images are equally good at tumor
detection and diagnosis as the full-dose images. Consistent with visual improvement,
the downstream analysis experiments in Chapter 3 and Chapter 4 demonstrated that

Al-synthetic/restored images can significantly improve segmentation performance.

Vestibular schwannomas are commonly managed through active surveillance with
MRI examinations. To avoid overtreatment and sequelae associated with the treatment
of large tumors, a precise prediction of tumor growth based on longitudinal imaging is
highly desirable. In Chapter 5, we proposed DeepGrowth, a model that incorporates
neural fields and recurrent neural networks for tumor growth prediction. We evaluated
the proposed model on an in-house longitudinal VS dataset, demonstrating superior
performance over benchmark models, with particularly significant improvement in

predicting fast-growing tumors.

In Chapter 6, we extended the model presented in Chapter 5 by incorporating a
novel time-conditioning mechanism based on feature-wise linear modulation. From
the predicted tumor masks, we measured the morphological tumor characteristics
(diameters and volumes), which can be used to determine tumor progression. The
model demonstrates particularly good performance when the surveillance interval
is less than two years and shows excellent agreement on the tumor measurements

with those measured from real future MRI scans. Despite the moderate sensitivity,
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the model demonstrates high specificity with few false positives. The Cohen’s kappa
between the prediction and ground truth is comparable to the previously reported

inter-observer agreement on tumor progression assessment [1].

7.2 Discussion

By helping clinicians interpret population-level data and trends, Al techniques have
the potential to improve diagnostic procedures and reduce workload. In this thesis,
we have demonstrated the promising performance of AI models across multiple tasks

while also revealing certain limitations.

Since the development of deep learning and the successful application of U-Net in
the area of medical image segmentation [2], thousands of models, including the most
recent Transformer- and Mamba-based models [3, 4], have been proposed. While all new
segmentation models claimed state-of-the-art performance, recent research questioned
the validation procedure of these studies and argues that none of the advanced
architectures truly improve the performance [5]. This implies that a comprehensive,
rigorous validation is more important than technical novelty for the safe deployment
of AT tools in the clinic. In this thesis, rather than using the latest models that have
demonstrated decent results with less rigorous validation, we adopted nnUNet [6], a
segmentation framework that has been extensively validated in large-scale clinical
tasks and datasets, and focused on the validation that mirrors the clinical setting for
VS care. With minimal technical modifications, the proposed model was effectively
adapted to the VS segmentation task. In addition to the quantitative evaluation
using potentially suboptimal ground truth (due to the inter-annotator variability, as
discussed in (Chapter 2), the results were assessed by experienced clinicians, who

represent the gold standard for clinical diagnosis.

Beyond segmentation, convolutional neural networks (CNNs) have also long
been the predominant choice for other medical image computing tasks. In this
thesis, we explored the use of implicit neural representations (INRs), where a
multilayer perceptron is trained to model complex signals over continuous spatial or
spatiotemporal domains, in multiple tasks. Compared to CNN, INR offers several
benefits: (1) resolution-agnostic nature [7], (2) memory efficiency [8], and (3) better
high frequency preservation (Chapter 3). On the other hand, INR solely relies on
positional encoding to capture spatial information, showing inferior performance to
CNNs in capturing contextual relationships. Inspired by this, we proposed hybrid
architectures that combine a CNN encoder with an INR decoder in Chapter 3 and
Chapter 5. The results highlighted the potential of INR-based models as practical
and effective alternatives for a wide range of medical image computing tasks.
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Generative models have gained substantial attention in medical image computing
in recent years, owing to their ability to learn data distribution and generate new
images [9]. This thesis contributes to this area by developing a generative model
based on INRs to synthesize MRI for missing image completion and low-dose MRI
enhancement. Unlike models that produce unlimited plausible outputs, our model
focuses on paired image translation for deterministic synthesis. This is particularly
beneficial when (1) patient data is partially available, and (2) reproducible results
are preferred. Our experiments also raised a challenge in the quantitative evaluation
of synthetic images. In fact, we observed that common quantitative metrics do not
always align with the image quality of synthetic images. For instance, the introduction
of adversarial learning enhanced fine details in the generated images but can also
degrade similarity scores (Chapter 3). This contradiction urges more appropriate

metrics to evaluate synthetic medical images.

The ultimate goal of this thesis is to support clinical decision-making and enhance
the VS management. In this thesis, we developed a deep learning model that predicts
the future shape of the tumor and measured changes in tumor size, which chiefly
drive the clinical recommendation. Compared to early attempts, including biophysics-
informed models and image biomarkers extracted from advanced imaging, which are
not directly applicable in VS management, the proposed model predicts future tumor
shape purely based on prior MRIs. As shown in Chapter 5 and Chapter 6, the model
showed promising potential in VS growth prediction with only two previous contrast-
enhanced T1-weighted MRI scans available. However, similar to the challenges in the
image generation problem, quantitatively assessing tumor growth remains difficult.
To align with clinical guidelines, tumors exhibiting a diameter increase of more than
2mm per year were labeled as progressive. Although widely accepted in practice,
progression assessment based on diameter changes is subject to a high inter-observer
variability. Moreover, the median image resolution of the dataset is approximately
0.50 mm x 0.50 mm, which is close to the 2mm clinical threshold. This resolution
limitation introduces uncertainty in the ground truth labels and further impedes

reliable evaluation.

Finally, some of the underperformance can be attributed to limitations of the
dataset. Although we retrospectively collected VS patients from multiple centers
across the Netherlands, the size of the datasets used in this thesis remains limited
due to the rarity of VS, and the data distribution is inherently biased. Fast-growing
tumors and tumors with cysts are particularly underrepresented, even though the
former are of greater clinical concern. In addition, patients who have large tumors
typically undergo early interventions (radiotherapy or microsurgery) to prevent further

growth, which leads to fewer follow-up scans being available. Last but not least, as all
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involved data are retrospective MRI scans before intervention, the proposed model

cannot be used for follow-up scans after surgery or radiotherapy without retraining.

7.3 Future perspective

This thesis opens up several promising directions for future investigation. As
aforementioned, the scarcity and imbalance of the dataset pose a significant challenge
for AT models, whose results are typically biased according to the data distribution.
To improve the diversity of the dataset, future studies could consider including
more complex cases, including patients with bilateral lesions, VS with large cystic
components, and scans acquired after intervention. Additionally, we encourage public
data sharing and international collaboration, which is especially valuable for research
on rare diseases like VS. The involvement of more complex conditions requires more
powerful AT tools. Emerging conditioning approaches, such as prompt learning [10],
show strong potential in this direction. Currently, MRI of the cerebellopontine
angle CPA is typically performed at magnetic field strengths between 1.0-3.0 T. The
introduced 7T MRI, which provides exceptionally high spatial resolution (up to
0.1mm [11]), holds great potential for more precise volumetric measurements of
vestibular schwannoma. Finally, prospective studies will also be essential to validate

generalizability and clinical utility before practical deployment.

We have demonstrated that Al technologies can support precise VS measurement
with minimal or no human correction. However, we found that longitudinal tumor
growth prediction remains difficult, with significant challenges persisting in both
purely data-driven and biomechanical-inspired approaches. Recent studies suggest
that combining these two methodologies may offer complementary advantages and
improve performance [12]. Before applying these techniques to VS management, it
is important to move beyond general partial differential equation models that try
to describe any tumor and focus on a VS-specific model due to the diverse tumor
pathology. What is equally crucial is the clear formulation of the tumor progression
question, including a precise definition of the gold standard. Besides the research
topics involved in this thesis, the quality of life (QoL) is another crucial outcome of VS
management. While it plays an important role in the treatment recommendation, the
QoL of VS patients still lacks quantitative studies due to the significant methodological
weaknesses [13]. Al-based techniques have the potential to assist in obtaining optimal

QoL by associating it with patient symptoms and treatment strategies.

One main drawback of Al approaches, particularly deep learning, is the lack of
interpretability and reliability [14, 15]. These limitations can hinder troubleshooting
and impede deployment in high-risk clinical settings. Early attempts addressing this
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challenge include model visual explanation [16, 17], the integration of biomarkers [18],
and additional supervision with extra clinical information [19]. The newly emerging
physics-informed neural networks (PINNs) are also another promising direction for
developing more reliable and trustworthy AT tools [20, 21]. This technique holds great
potential to solve the reaction-diffusion equation for tumor growth modeling [22].
In addition, while most results in this thesis are presented as deterministic, the
problems under consideration, including multi-modality image translation and tumor
growth prediction, are inherently uncertain. Compared to traditional deterministic
models that tend to produce overconfident predictions, the introduction of uncertainty
estimation can improve the reliability of AI models and fill the gap between algorithm

research and clinical deployment [23].

Lastly, another key challenge in applying Al techniques to healthcare is how
the models are incorporated into clinical workflows. Major vendors like Philips and
Siemens have already embedded AI models into commercial scanners for fast MRI
reconstruction [24, 25]. For more customized AT applications, it is, however, important
to interface the developed tools with the clinical data archive system, such as picture
archiving and communication systems (PACS), for a smoother integration. At LUMC,
the VS segmentation model developed in Chapter 2 is currently being implemented
following the Medical Device Regulation (MDR) procedure. Despite the promising
results the AI tools have demonstrated, we believe human validation or correction
is still necessary. This encourages the development of a user-friendly graphical user

interface (GUI) to support potential manual annotation.

7.4 Conclusions

In this thesis, we proposed a series of quantitative AI methods for vestibular
schwannoma care using head and neck MRI. Our experiments have demonstrated
the potential utility of AI models in clinical vestibular schwannoma care, including
automatic tumor measurement, missing image completion, low-dose contrast-enhanced
image restoration, and data-driven tumor growth prediction. These methods can
assist radiologists in interpreting longitudinal MRI, enhance image acquisition, and

eventually improve the vestibuar schwannoma care.

While our goal is not to replace clinical expertise, the tools developed in this
thesis can meaningfully reduce manual workload and support clinicians in decision-
making. The automatic segmentation model, currently being deployed at LUMC,
enables precise volumetric assessment of vestibular schwannoma. When certain
MRI sequences are not consistently available, the proposed image translation model
enhances the robustness and generalizability of the deep learning-based segmentation.
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In addition, we demonstrated a potential solution for data-driven VS growth prediction,

representing an important step toward reliable automated VS management.

In conclusion, our findings highlight the promise of Al tools in enabling personalized
and efficient vestibular schwannoma management. Further research toward developing

robust and reliable AI approaches is warranted to facilitate clinical translation.
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