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Preface

This book serves as a comprehensive compilation of the latest and most innovative
artificial intelligence practices being employed in the field of medicine today. By
summarizing the cutting-edge theories that are currently being applied and inte-
grated into modern medical practices, this captivating volume offers readers a
unique glimpse into the future of healthcare.

Drawing upon the insights and commentaries of numerous experts from a diverse
range of specialties, the book distills an extensive body of knowledge into individual
chapters, each focusing on a specific area of interest. These include medical imaging,
ophthalmology, dentistry, surgery, pathology, wearable technology, robotics, age-
ing, and longevity, among others. Additionally, the book delves into the more
technical aspects of the subject matter, examining the generalizability of deep
learning in medicine and its potential to revolutionize the field.

While the scope of this book is undeniably broad, it serves to highlight the most
critical areas currently under active research and development. Each chapter is
carefully crafted, drawing upon the expertise of leading investigators in their
respective fields. It is the author’s hope that readers will not only find the content
intriguing and informative but that it will also spark their curiosity, inspiring them to
delve deeper into the subject matter and perhaps even embark on their own
investigative journeys.

Varut Vardhanabhuti
Ka-Wai Kwok

Jason YK Chan

Qi Dou

Xii
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Chapter 1

Machine learning in medicine—focus on
radiology

Jie Lian, Fan Huang, Miaoru Zhang, Kei Shing Ng and Varut Vardhanabhuti

1.1 Artificial intelligence in radiology imaging

Artificial intelligence (Al) is increasingly being used in a variety of health care
applications, including drug development, remote patient monitoring, medical
diagnostics and imaging, wearables, virtual assistants, and hospital administration.
Many areas that rely on large data are also predicted to gain from the deployment of
Al. Medical fields that rely on imaging data, such as radiology, pathology,
dermatology, and ophthalmology, have already reaped the benefits of Al applica-
tions. Radiologists are trained to visually examine medical imaging and report
results to detect, define, and monitor various diseases. Such evaluations are
frequently based on education, training, and experience. Over time, radiologists
are trained to a diagnose complex constellation of findings with medical insights and
reasoning, although as with any human-centric tasks, these may be prone to
subjectivity. Emerging now are various Al radiological applications, although these
have been mainly targeting certain specific diagnostic tasks. In comparison to
human-centric qualitative reasoning, the strength of Al may be to tackle repetitive
but straightforward tasks or deliver an automated quantitative extraction of imaging
features longitudinally. When Al is integrated into the clinical process as a tool to
aid clinicians, more accurate and repeatable radiological assessments may be
performed. This section will review the application of Al technologies in the
radiology imaging field.

1.1.1 Object segmentation

In diagnostic radiology, the visual interpretation by certificated radiologists is
crucial when studying the medical images of patients. However, reading the images
and writing radiology reports take time and are frequently subjective, depending

doi:10.1088/978-0-7503-4637-5ch1 1-1 © IOP Publishing Ltd 2023. All rights,
including for text and data mining (TDM), artificial intelligence (Al) training, and similar technologies, are reserved.
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on the radiologist’s experience. Apart from the diagnostic usage, big data analysis
on medical images also received lots of interest. Computed tomography (CT)
represents an ideal body imaging modality with vast potential. It is used widely in
routine clinical practices and provides robust and objective volumetric data that
over the years have standardised acquisition and protocols, making them relatively
reproducible and consistent across patients. Moreover, the specific body coverage
scanning, such as the abdominal CT scans, contains rich body composition data
that can be quantitatively measured. These CT biomarkers, including organ size
and attenuation coefficients (Hounsfield unit; HU), muscle mass and density,
visceral and subcutaneous fat, and liver fat content, have emerged as additional
tools in the radiology armoury to help with various tasks such as the initial disease
diagnosis and studying the progression in tumour diseases [1], but they also have
paved new quantitative population-based assessments utilising a big data
approach [2-4].

To enable large-scale data extraction based on various body regions, automatic
medical image segmentation is the first and one of the most important steps toward
computer-aided medical image analysis (see figure 1.1). Its objective is to generate a
pixel-to-pixel mapping, from the original images to categorical maps. Commonly in
the categorical maps, the pixels values of 0 represent the background, and the pixels
values of 1, 2, 3, ..., indicate the locations of interests (e.g. liver, kidney, nodule, and
fat compartment, etc).

The recent advancement in deep learning (DL) techniques has brought a break-
through to Al, most notably with the use of convolutional neural networks (CNNs).
The CNN models (see figure 1.2) can extract non-handcrafted features from diverse
medical images if human annotations are provided. By further processing these deep
features, the CNN models can perform a series of tasks, including segmentation,
detection, classification, and disease prediction [5-7].

This subsection introduces some of the essential steps for training a neural
network for medical image segmentation. We focus on the multi-organ segmenta-
tion tasks on abdominal CT scans. We will first introduce some publicly available
datasets for various segmentation tasks. Then we will introduce some pre-processing
steps before the network training. Finally, several commonly used network
architectures will be introduced.

1.1.1.1 Publicly available datasets

The abnormalities in density, shape and textures are commonly assessed on CT
scans. Liver cancer, or hepatocellular carcinoma (HCC), is one of the most common
cancers in the world and is the main cause of death in all cancers [8]. HCC accounts
for about 80% of all primary liver cancers, and most patients with chronic liver
disease may develop HCC eventually. Automatic liver tumour segmentation (LiTS)
is being applied to improve the interpretation components of medical imaging.
Apart from the liver tumour, the liver is also subject to diverse pathologies that
could modify its density, namely, attenuation coefficient (HU) and morphological
shape and size.

1-2



Machine Learning, Medical Al and Robotics
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Figure 1.1. Organ segmentation is essential for medical image analysis. Its objective is to generate a binary
pixel-to-pixel mapping of the original images. Commonly, the pixel values of 1 are the foreground indicating
the location of regions of interest (e.g. organs, tumour, nodule, fat compartment, etc), and the pixel values of 0
are the background. (a) and (c): original non-contrast CT scans; (b) and (d): The segmentations for multiple
organs/tissues including liver (red), spleen (green), left kidney (blue), right kidney (yellow), visceral fat (purple),
and subcutaneous fat (pink).
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Figure 1.2. A CNN model can extract non-handcrafted features from diverse medical images with human
labelled structures.
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e Liver and LiTS

There are multiple publicly available datasets for developing automatic
liver and LiTS on abdominal CT scans. Most of the data are contrast-
enhanced CT scans in the portal venous phase, which is the most common
examination in a standard post-contrast CT abdomen in clinical practice.

The SLIVER07 dataset was used to compare different algorithms to segment
the liver from clinical 3D CT scans on the workshop ‘Segmentation in the
Clinic: A Grand Challenge’ in conjunction with International Conference on
Medical Image Computer Assisted Intervention (MICCAI) 2007 [1]. It con-
tains 20 training scans and 10 test scans. The images were contrast-enhanced
CT scans acquired in the portal venous phase. The image data are isotropic
pixel spacing (approximated 0.8 x 0.8 x 0.8 mm).

The LiTS dataset contains 200 contrast-enhanced CT scans, in which 130
cases were for training and 70 cases were for evaluation [9]. The image data were
from patients with HCC or colorectal cancer; thus, the human annotations
include both the liver contour and the liver tumour locations. The CT scans (axial
slices) have resolutions of 512 x 512 pixels with various pixel sizes ranging from
0.625 to 1.0 mm. The slice thickness was variable, between 0.7 and 5 mm.

The liver data from the Visual Sweden project DROID data consist of 77 CT
abdominal examinations taken with contrast in the portal venous phase [10].
All the scans showed liver malignancies. In total, 317 lesions were annotated
and reviewed by two radiologists. The livers were not delineated.

e Kidney

Kidney cancer incidence is growing in both developed countries and
developing countries, affecting elderly patients between 60 and 70 years
[11]. Automatic kidney and kidney tumour segmentation produce a rich
quantitative representation of the organs for various proposed nephrometry
scoring systems, e.g. the RENAL system (Radius, Exophytic/endophytic
tumor location, Nearness to the renal collecting system, Anterior or posterior
location and Location relative to the renal poles) [12], the PADUA system
(Preoperative Aspects and Dimensions Used for an Anatomical classification)
[13], and the Centrality Index [14].

To develop automatic kidney and kidney tumour segmentation techniques,
the Kidney and Kidney Tumour Segmentation Challenge 2019 and 2021
(KiTS19 and KiTS21) were held in 2019 and 2021 in conjunction with the
MICCALI 2019 and 2021 [15], respectively. The KiTS19 dataset consisted of
300 patients (210 were referred to as training set and 90 as the testing set),
who underwent partial or radical nephrectomy for suspected renal cancer.
Moreover, the KiTS21 dataset consisted of extra 300 patients with the same
inclusion/exclusion criteria as the KiTS19.

e Pancreas

The Pancreas-CT dataset consists of 82 abdominal contrast-enhanced CT
scans retrieved from The Cancer Imaging Archive [16], including 53 men and
27 women. Among all the subjects, 17 were healthy kidney donors scanned
prior to nephrectomy, and the remaining 65 patients were selected by a
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radiologist from patients who had neither major abdominal pathologies nor
pancreatic cancer lesions. The CT scans have resolutions of 512 x 512 pixels
with varying pixel sizes; the slice thickness was between 1.5 and 2.5 mm.
Spine bone

Spine bone or vertebral body segmentation is crucial in the automated
quantification of spinal morphology and pathology. In addition, it is a robust
reference landmark for comparison across subjects. Such as in the work by
Pickhardt et al, multiple CT biomarkers, including the visceral-to-subcutaneous
fat ratio, mean muscle density, and volumetric liver density, were measured on
the spine L1 and L3 and the axial slices between the L1 and L4 level [3].

The Large Scale Vertebraec Segmentation Challenge dataset consisted of
374 scans from 355 patients [17]. This was a multi-centre study, and the image
data were acquired using different CT scanners (GE, Siemens, Phillips, and
Toshiba). It also consists of a variety of fields of view (e.g. cervical, thoraco-
to-lumbar, and cervico-thoraco-lumbar scans) and a mix of sagittal and
isotropic reformations. In terms of the human annotations, the labels of 7
cervical bones (C1-C7), 12 thoracic bones (T1-T12), and 5 lumbar bones
(L1-L5) are provided. For some of the cases, labels of L6 and T13 were
provided due to normal anatomical variations.

Multi-organ segmentation

The above mentioned datasets are limited to a single organ. However, a
few recent works have explored the feasibility of training a multi-organ
segmentation network using multiple datasets with partially labelled data
[18]. It is still a challenging task to simply combine all the data together for
multi-organ segmentation since this requires consistent labelling of all objects
of interest across all the images. Thus, a few datasets provide the human
annotations for multiple organs, allowing researchers to train their models for
multi-organ segmentation tasks.

The CT-ORG consists of 140 whole-body CT scans, each of which has 6
organs labelled in 3D [19]. The image data are initially from the LiTS19
challenge and expanded to other organs, including lungs, bladder, kidney,
bones, and brain. The data are divided into 119 training volumes and 21 testing
volumes, which were annotated to a higher degree of accuracy for certain
organs. The data exhibit a wide variety of imaging conditions collected from
various medical centres to ensure the generalisability of the trained models.

The Combined Healthy Abdominal Organ Segmentation (CHAOS) data-
set consisted of two subsets: (1) 40 abdominal contrast-enhanced CT scans
with liver annotated and (2) 40 magnetic resonance imaging (MRI) scans (T1
and T2 weighted) with liver, spleen, and right/left kidneys annotated. The CT
and MRI scans were from different subjects and were not registered [20].

The Beyond the Cranial Vault dataset comprises 50 abdominal CT scans
from patients with metastatic liver cancer or post-operative ventral hernia.
Human labels include the spleen, left and right kidney, gallbladder, oeso-
phagus, liver, stomach, aorta, inferior vena cava, portal vein and splenic vein,
pancreas, right adrenal gland, and left adrenal gland [21].
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1.1.1.2 Internal datasets

Despite publicly available image datasets, researchers would like to create human
labelling on their datasets to fine-tune pre-trained models and validation. Normally,
the delineations of organs were drawn by students with medical background
knowledge, and tumour lesions were drawn by experienced radiologists.
Commonly used annotation platforms are 3D Slicer [22] and ITK-Snap [23].
Most of the time, the approach to annotation is to perform them on the axial
view slice by slice and further refine on the coronal/sagittal views.

The annotation works can also be done semi-automatically via traditional
machine learning (ML) techniques, including intensity thresholding and region
growing. For instance, in non-contrast CT images, the pixel density represents the
HU scale, which is the linear transformation of the original radiation attenuation
coefficient of various materials in the body. For example, the HU of water and air
are 0 and —1000, respectively. Therefore, the bone, organs (e.g. liver and kidney),
muscle tissues, and fat tissue can be briefly separated by simply threshold the HU
scales. On the other hand, the region-growing method partitions the image into
separate regions that share the same similarity properties (e.g. pixel density).
Thresholding works efficiently for segmenting liver tissue, visceral fat, and muscle
tissue, while it requires the foreground to have a sharp boundary. Otherwise the
segmentation might not be consistent at the edges and will need further
modification.

1.1.1.3 Data pre-processing

Before training the segmentation network, the raw data must be pre-processed.
Common pre-processing steps include resampling all the image data’s spatial
resolution (pixel spacing) to a common resolution. The images were mostly down-
sampled to a lower resolution because up-sampling cannot ensure the accuracy of
the resultant image and could introduce unexpected artefacts. Additionally, the CT
density can be limited to a specific HU range (—1000, +1000) or a preferred window
level (e.g. soft-tissue window (—100, 400) to exclude irrelevant organs and objects
[24]. For network training, a common approach of image augmentations can be
performed. These include scaling (slightly changing the pixel spacing), rotations
(with a reasonable degree range (e.g. (—5°, 5°)) along the x-, y-, and z-axis),
brightness, contrast, a gamma transformation, and the introduction of Gaussian
noise.

1.1.1.4 Deep neural network architecture

In this section, we introduced a few deep neural network architectures that were
commonly used in multiple medical image segmentation challenges. Most of the
segmentation networks used the U-Net architecture proposed by Ronneberger et al
[25]. It is a CNN based on the fully convolutional network (FCN) family [26]. It
replaces the pooling operations (i.e. contracting path) used in the second half of a
regular FCN by up-sampling operators (i.e. expansion path), yielding a symmetric
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U-shape architecture. U-Net increases the resolution of the output and allows the
network to propagate contextual information to higher resolution layers.

Christ et al trained two separated 2D U-Net for liver and LiTS on abdominal
axial slices. Afterwards, the U-Net segmentation results were refined by a 3D
conditional random fields model, which applies the locality information across
adjacent slices [24].

The framework proposed by Tian et al integrated both image interpretation and
patients’ diagnostic reports. It utilised a fully CNN to segment 2D CT slices and a
separate long short-term memory (LSTM) language model to generate captions
from diagnostic reports, which might be regarded as interpretations accompanying
segmentation [27]. This framework won first place in the LiTS task.

The H-Dense U-Net proposed by Li et a/ contains one 2.5D Dense U-Net
followed by a 3D Dense U-Net [28]. The 2.5D Dense-U-Net takes three adjacent
slices as input and predicts the segmentation for the middle slice. This configuration
explored hybrid representative in-plane features and neglected the spatial informa-
tion along the axial axis. Afterwards, the 2D segmentations were concatenated into
3D volume. A 3D Dense U-Net were trained on the concatenated volume and
produced the final liver and LiTS. This model won third place for liver segmentation
and first place for LiTS in the LiTS19 challenge.

The MedicalNet, developed by the Tencent YouTu X-Lab, used a pre-trained 3D
ResNet [29] as the backbone and re-trained on the medical data with diverse
imaging modalities, target organs, and pathologies using the concept of transfer
learning [18]. The ResNet architecture was constructed by a sequence of blocks
containing convolution layers and pooling layers, reducing the image/feature map
resolutions. Afterwards, an up-sampling interpolation is needed to rescale the
ResNet output back to the original resolution to provide the segmentation map.

The nnU-Net, proposed by Isensee et al, who won first place in the LiTS19
challenge, was designed to deal with the dataset diversity found in the domain. It
condenses and automates the critical decisions for designing a successful segmenta-
tion pipeline for any given dataset [30]. The framework implemented extensive pre-
processing steps to generate diverse training data based on the available data with
limited ground truth annotations. The backbone of nnU-Net contains a 2D U-Net,
3D full resolution U-Net, and 3D U-Net cascade (in both low and full resolutions).
Therefore, the training period of nnU-Net is much more extended than training a
regular FCN, but once the network has been trained, the segmentation results
usually outperform the others.

1.1.2 Abnormality detection

Abnormality detection is one of the significant tasks in the diagnostic workflow. It is
one of the earliest areas that Al has attempted to tackle within the medical imaging
domain, especially radiology. The common radiology modalities include radiog-
raphy, CT, mammography images, ultrasound images, MRI, nuclear medicine
imaging, and positron emission tomography, to name a few. On the other hand,
medical images can also be challenging to analyse; in comparison to conventional
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Figure 1.3. Diagnostic imaging procedure volume in the United States.

computer vision tasks, the abnormality can be a small area in a whole imaging stack
or volumes, which requires special consideration when training. However, there is a
potentially significant benefit as a chronic shortage of radiologists remains a
problem despite the ever-increasing workload requiring radiology images interpre-
tation (see figure 1.3).

These problems can be solved by AI. ML is a form of Al which functions without
being precisely programmed. It learns from data and makes predictions or decisions
based on that data. There are three types of learning in ML, including supervised
learning, unsupervised learning, and semi-supervised learning. The selection of
significant features for a specific problem requires domain expertise and ML
techniques. Features can be selected using DL techniques. DL can be considered
as a specific subset of ML, enabling the automatic extraction of essential features
from raw input data. DL algorithms (DLAs) are based on cognitive and information
theories. There are two basic properties of DL: (1) multiple layers of abstraction that
learn distinct features of data and (2) learning whether features are presented
unsupervised or supervised.

Different DLAs have been adapted from computer vision and applied to various
types of medical image analysis. Recurrent neural networks (RNNs) and CNNs are
traditional examples of supervised DLA, although these can also learn in an
unsupervised way. Medical image analysis has also investigated unsupervised
learning algorithms, such as deep belief networks, restricted Boltzmann machines,
autoencoders, and generative adversarial networks (GANSs). The DLA can detect an
abnormality and classify a specific disease. CNN is an artificial visual neural
network structure used for medical image pattern recognition based on convolution
operation (see figure 1.2). Regarding medical images, CNNs are ideal for classi-
fication, segmentation, object detection, registration, and other tasks.
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Researchers have trained various deep neural networks to analyse medical images
and detect abnormalities. Chiu et a/ [31] created a DL Al model, called
COVI9NET, which is designed for the detection of COVID-19 on frontal-view
chest x-ray (CXR), with a model pre-trained on ImageNet. Chamberlin ez a/ [32]
employed a CNN prototype (AI-RAD Companion, Siemens Healthineers) to detect
lung nodules and coronary artery calcium on low-dose chest CT. The Al process
involves a cardiac segmentation model based on U-Net architecture. Training and
validation were based on 660 chest CT scans to identify and crop the region of
interest surrounding the heart. Candidate voxels were placed in the cardiac area by
thresholding. An image patch of 32 x 32 pixels surrounding each candidate voxel
and the corresponding prior likelihood map were employed as image features. The
spatial coordinates of the point in the patient-specific coordinate system were utilised
as additional features. Furthermore, an AI-RAD also performed lung lobe segmen-
tation for nodule localisation. The AI model for lung nodule detection, localisation,
and segmentation was trained on 5000 manually curated chest CT scans and
validated against 129 different CT datasets. Chougrad et al [33] used transfer
learning from raw images to breast cancer images by combining state-of-art
architectures such as VGGI16, ResNet50, and Inception, which were pre-trained
on ImageNet. It aids the radiologist in the classification of mammography mass
lesions. Hajabdollahi ez a/ [34] introduced the Bifurcated CNN to detect more than
one abnormality for common types of gastrointestinal symptoms concurrently with
the minimal use of computational resources.

1.1.3 Abnormality characterisation

In recent research, the DLA can accurately identify nine different abnormalities in
the brain CT scan [35]. Brain CT is one of the most critical imaging diagnostic
methods to evaluate intracranial abnormalities, particularly in acute settings. Brain
CT scans can represent several pathologies, allowing for accurate localisation of
lesions in terms of number, location, size, contour, density, as well as the presence of
intracranial haemorrhage and calcification. The common findings on emergency
brain CT include skull fracture, epidural haematoma, subdural haematoma,
subarachnoid haemorrhage, hypertensive cerebral haemorrhage, and so on.
Various Al systems have been developed, which have shown high areas under the
curve (AUCs) ranging from 0.848 to 0.945 [36, 37], to provide an auxiliary diagnosis
for lung nodules and lung diseases. It can replace and assist human eyes intelligently
to detect and recognise lung nodules and pneumonia on CT images as well as to
detect other suspected lesions. After the lesion is marked, the doctor will perform a
second screening to diagnose lung diseases more accurately and quickly, including
new pneumonia. At the same time, this system can also assist in screening early
images of new pneumonia. The intelligent assisted diagnosis technology in the
system can automatically detect and analyse lesions on CT lung images of patients
and quickly detect various signs of different types of pneumonia. It has a high
detection rate for signs such as patchy shadows, ground-glass opacities, and streaky
scarring changes. Another significant research result is from the Google Health team [38],
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which mainly revealed the difference between DL of normal and abnormal chest
radiographs and the generalisation of two diseases that are not obvious causative
factors of tuberculosis and COVID-19.

Al algorithms can be used to identify cases that are less likely to be abnormal,
helping health care professionals to rule out specific differential diagnoses quickly,
and spend more working time in treating the disease. More importantly, it is
necessary to conduct an Al evaluation of abnormal CXR that has not been
encountered during the development process to verify its robustness to new diseases
or manifestations of new diseases. Google researchers [38] pointed out in the paper
that, in some cases, their DL model has more significant advantages in radiological
detection, which can significantly improve the work efficiency of radiologists.

1.1.4 Outcome prediction

As previously noted, Al-based segmentation, detection, and diagnostic techniques
have progressed significantly over the last decade [39—41]. In many cases, their
ability has matched or even surpassed human specialists, especially in some specific
disease areas. As a result of this success, Al technologies are now being used on more
complex decision-making tasks, such as disease prognosis and treatment response
prediction.

Biomarkers are commonly employed in the medical field to determine the
likelihood of a given disease-related endpoint and the overall risk of patient survival
[42]. In terms of survival-related biomarkers, prognostic biomarkers are developed
by assessing a patient’s risk profile utilising tumour feature information. This helps
with risk stratification and could be used to plan treatment strategies. For example,
if a patient has a biomarker score indicating high risk, these people can then be
directed to clinical trials or receive a more advanced degree of treatment. On the
other hand, if cancer is found early, patients with good prognosis may benefit from
de-escalated therapy and avoid the physical and financial burden associated with
cancer treatment (e.g. omitting chemotherapy after surgery to avoid the risk of
treatment-related toxicity). These decision processes must be tailored to an individ-
ual patient, but having a more accurate biomarker for prognostication will aid this
decision-making process. As a result of rapid advancements in computer vision and
pattern recognition, Al-enabled imaging biomarkers have developed in recent years.
Radiological biomarkers are derived by extracting quantitative representations of
tumour phenotypic features associated with clinical information.

1.1.4.1 Al-enhanced biomarkers

In radiology, Al-enhanced biomarkers are classified into two broad categories:
handcrafted radiomics approach [43, 44] and DL approach [45]. Handcrafted
radiomic features are created to represent a collection of tumour characteristics
shown in medical images captured by radiologists, oncologists, and computer
scientists based on a defined region of interest with the extraction of features based
on the underlying imaging properties. Following the feature extraction phase, some
statistics, ML, or DL models can be used to predict the outcome of an experiment
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using these image-based biomarkers. While the second technique utilises deep neural

network models to produce deep texture features automatically from images and
make predictions for individual patients.
e Handcrafted radiomic biomarkers

With the growing popularity of Python, there have been several well-

designed public radiomics toolkits [46, 47] that include the most often used

feature computation functions. After inputting the tumour segments images,

users may calculate all the relevant characteristics using a single line of Python

code. Additionally, users may be able to include some custom-built radiomic

features into their work without creating the feature pipeline themselves.

Numerous study findings indicate that a variety of radiomic features are generally
effective at predicting outcomes. Those most used radiomic features can be
categorised as follows (table 1.1).

In principle, after computing all the above radiomics features, a common first step
in this approach is algorithmically filtering down many generated features to only a
few that are most appropriate for the study aim. By selecting the most
suitable features, predictive performance [51] or enhanced resilience and stability
[52] can be obtained. Finally, a statistical ML model or a DL model will be used to
predict individuals’ clinical outcomes using these selected features [53]. For instance,
Xie applied the least absolute shrinkage and selection operator method to reduce

Table 1.1. Radiomic features category.

Feature category  Description

First-order Applying commonly used and simple metrics, first-order statistics quantify
features [48] the distribution of voxel intensities inside the target region designated by
the mask, for instance, maximum, minimum, mean, median, 10 percentile,
and 90 percentile intensities values.
Shape-based This category of characteristics includes descriptions describing the region of
features [48] interest (ROI)’s 2D and 3D size and shape, which are not dependent on the
grey level intensity distribution inside the ROI. Shape features include
metrics about tumour volume, surfaces, sphericity, compactness and so on.
Grey level There are several grey level metrics that are used for image texture analysis.
features e Grey level co-occurrence matrix (GLCM) features [49]: The second-order
joint probability function of an image region bounded by the mask is
described by a GLCM.

e Grey level size zone matrix (GLSZM) features [49]: Images’ grey levels can
be measured with a GLSZM. A single GLSZM matrix is computed for all
directions in the ROI, making it rotation independent.

e Grey level dependence matrix (GLDM) features [50]: The GLDM tests the
correlation with an image’s grey levels.
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feature dimension and make predictions [53]. Other feature reduction methods such
as principal component analysis, Least Absolute Shrinkage and Selection Operator
(LASSO), or analysing robustness to resampling; reproducibility between observers;
and redundancy methods are also commonly used, followed by a set of prediction
models for survival analysis [54, 55]. The approaches for feature reduction and
prediction model selection vary, and researchers should carefully assess their options
considering their research questions.

1.1.4.2 Deep learning biomarkers

A deep neural network uses non-linear operations to transform input data into a
representation that may be used to identify patterns in the data. The input data is
further abstracted into a deep representation as successive layers apply modifications
to it. Finally, the network’s last layer can produce desired outputs, such as the
likelihood of a treatment outcome. CNNs are commonly used to derive predictions
from imaging data in DL biomarker applications in radiology. In recent years,
CNNs have gained a lot of interest because of their ability to understand spatial
patterns in the medical vision field and their success in diagnostic tasks. In this case,
it is believed that the convolutional layers of a CNN may be taught to distinguish
new imaging features that are indicative of a patient’s prognosis.

Currently, there are two general methods to apply DL biomarkers for individuals.
In the first scenario, researchers construct deep neural networks that can be trained
with vast amounts of medical images directly to generate new representations that
can be synthesised to make predictions about specific outcomes. In this case, the
input of the network will be individual patients’ medical images while a prognostic
risk score will be generated automatically as output.

DL models require a large quantity of training data, and their performance
typically improves as additional data are provided to learn. This is a challenge,
however, because it is not always possible to get access to large medical images
datasets in the real world. The second technique, inspired by the concept of Transfer
Learning, employs pre-trained deep neural networks to generate deep medical image
features. These pre-trained models have been extensively trained on publicly
available datasets, which include images from both the natural world (e.g.
ImageNet [56]) and the medical area (e.g. MedicalNet [18]), and those features
can be extracted from the middle of the final layer prior to classification layer. It is
assumed that these deep image biomarkers may be applied to perform prognostic
analysis using statistical ML or DL models. After generating the above Al-enhanced
biomarkers, a prognostic model can be built to predict individual patients’ outcomes
such as disease-free survival or overall survival or can also be applied to predict
individual response to therapy [57]. For instance, Hu extracted DL features from
pre-trained ResNet50 and applied SVM to predict treatment response in patients
with oesophageal cancer undergoing neoadjuvant chemoradiotherapy prior to
surgery, reaching an AUC score of 0.771. While DL-generated features often
have a high representation capacity for survival analysis, performance can suffer
dramatically in some circumstances due to a scarcity of training data. Whether to
use DL-generated features or radiomics-generated features remains an ongoing
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research subject, and both the research question and the data size should be
considered.

1.1.5 Challenges and opportunities

Although Al-enhanced biomarkers have already been widely used in research, there
are some challenges, particularly when it comes to the widespread implementation
and adoption of such tools. In this section, we will discuss the challenges and
opportunities in Al prognostic outcome prediction.

e Data imbalance
When making predictions for a binary classification task (or even multi-
class classification), there is an assumption that both the positive and negative
cases are relatively equal in numbers, which is hard to be achieved in clinical
practice. For example, when it comes to early-stage lung cancer survival
prediction, more than 80% of patients survive after 5 years, which means that
conventional models learn extensively from survived cases while overlooking
critical information from death cases. Training on such imbalanced data
often does not yield satisfactory performance, and researchers have attempted
to resolve the issue using various resampling approaches such as ADASYN
or SMOTE [58]. However, due to their inherent limitations, it is unknown if
those resampling strategies can demonstrate dependable performance in
medical practice, and how to cope with unbalanced data distributions
remains a concern for researchers.
e Data acquisition and annotation
Designing an Al-based model from appropriate data is always a challenge,
and it becomes even more challenging when developing predictive and
prognostic radiology Al tools. Due to the difficulty of obtaining big medical
imaging datasets and the need to continually follow strict inclusion/exclusion
criteria, this may result in inefficient learning for Al systems. Additionally,
certain handcrafted radiomics features require precise tumour segment
inputs, which requires the expert radiologist to create masks manually. This
is time-consuming and may involve human error when dealing with large
datasets. While researchers have attempted to apply GAN models to learn
and generate data and labels for dealing with the problems in general, due to
the complexity of medical data, it has not been widely used in the medical
field yet. As a result, obtaining appropriate training data with annotation
masks still presents a challenge for future studies.
e Consistency and replicability
One of the key obstacles for Al imaging approaches before being adopted
in clinical use is reproducibility over a wide range of acquisition processes,
institutions, and patient populations. In some research, from training to
independent validation, the performance metrics of most radiomic
approaches decline precipitously [59, 60]. In this case, developing with
more generalised and robust Al-enhanced features to improve models’
replicability remains an open problem.
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Figure 1.4. An example plot of SHAP values showing the impact of different features in the machine learning
model on the output prediction of the model. A high positive SHAP indicates a feature driving the output score
higher (increasing risk), and vice versa.

o Interpretability

Al-enabled biomarkers have an interpretability problem before they can be
widely deployed. It is possible to gain some insight into how Al algorithms
make their decisions using handcrafted radiomic tools, for example, using
Local Interpretable Model-Agnostic Explanations (LIME) technique or
SHapley Additive exPlanations analysis (see figure 1.4). However, with DL
techniques, it is often not easy to decipher explanation, due to the inherent
‘black-box’ nature. This is an area of active research. Especially in the
medical imaging field, researchers are trying to use visualisation or attribu-
tion-based methods to explain the models’ prediction [61]. In [62], an
approach inspired by DeepDreams [63] was presented for explaining the
segmentation of tumours from liver CT images. It assessed the sensitivity of
the characteristics by maximising the activity of the target neuron by gradient
ascent, that is, finding the function’s steepest slope. While it gave some
intuition for explaining the medical DL model, it is a long way from fully
comprehending its inner workings. Some researchers believe that
interpretable models should be developed from the start [64], and it is widely
believed that explainable Al should be developed further in this field [65].

1.2 Al in learning radiology reports
1.2.1 Automatic data mining on text report

Data mining in the biomedical document is becoming increasingly important in
medical big data analysis. In the medical field, electronic medical records (EMRs)
contain patients’ medical history and examination measurements. The diagnostic
reports written by radiologists after the visual interpretation of patients’ medical
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images, not only summarise their diagnostic findings but also usually include other
relevant measurements (e.g. lesion size, the density of organ parts, etc). However,
there is often little in the way of standardisation, and only a few EMRs are set up in
such a way that data are fully structured. The majority are semi-structured and
unstructured data, which are hard to derive useful information from at scale.
Therefore, ML-based natural language processing (NLP) techniques were developed
to analyse dozens of text documents and extract meaningful information
automatically.

Named entity recognition (NER) is one of the most fundamental biomedical text
mining tasks, which involves recognising numerous domain-specific proper nouns in
a biomedical corpus. The goal for NER is to automatically extract desired
information, such as tumour location, size, appearance, and so on, converting an
unstructured/semi-structured text document to the structured one.

Another data mining application on EMR is the question answering (QA), a task
of answering questions posed in semi-structured/unstructured clinical texts, such as
diagnostic reports. In QA, a piece of text and a set of questions were given to an ML
model. The model would answer these questions based on the given clinical text,
which attempts to discover potential information.

The Bidirectional Encoder Representations from Transformers for Biomedical
Text Mining (Bio-BERT) is a pre-trained NLP transformer developed for medical
domain-specific language representation. The model used a pre-trained BERT
model as the backbone [66], which had been trained beforehand with the general
domain texts extracted from BooksCorpus (0.8 billion words) [67] and English
Wikipedia (2.5 billion words). The authors of Bio-BERT fine-tuned and re-trained
the BERT model using the texts extracted from PubMed abstracts (4.5 billion
words) and PMC full-text articles (13.5 billion words), which contain a wide range of
terms relevant to the medical field. The Bio-BERT model’s performance out-
performed the general BERT model on medical text mining tasks. It has been
fine-tuned and adapted for multiple tasks such as the mentioned NER and QA
problems.

1.2.2 Automatically radiology report generation system

The interpretation of medical images such as CT and MRI is a complex task and
requires extensive training. As it is a visual detection and perception task, human
errors may exist during this process. With the concern of increasing demands for the
accurate interpretation of medical images and increasing time pressure in existing
medical practices, an automatic medical imaging report generation model can be
helpful to alleviate the labour-intensive task. With the advancement of Al technology,
researchers are now attempting to use DL approaches to generate radiology reports
automatically. The majority of existing approaches employ similar network archi-
tectures, such as a CNN encoder and an RNN decoder [68], with the encoder
extracting information from the image and the decoder producing language descrip-
tions (see figure 1.5). Within this structure, to connect the images and semantics
selectively, attention algorithms have been widely used in captioning features.
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Figure 1.5. Automatically radiology report generation process.

The key question in this topic is to select a proper decoder and design reasonable
attention algorithms. Recent studies on the generation of radiological reports have
revealed encouraging outcomes. A hierarchical LSTM decoder has been used to
construct medical imaging reports [69] that incorporate visual and tag attentions for
paragraph-level production. A visual attentions iterative decoder is developed to
enforce the sentence coherence [70]. Recently, the NLP community has begun to
transition away from recurrent models, which have been found to be slower to train
and less able to take advantage of GPU parallelisation than attention-only—based
models known as transformers [66, 71, 72]. The NLP community reached the
transfer learning phase that computer vision experienced after ImageNet with the
widespread usage of transformer-based models. Fine-tuning a pre-trained
Transformer model on a large corpus is now the preferred method for most NLP
research. Because applying a pre-trained transformer has advantages like quicker
training, eliminating the need to define a vocabulary, and already learning word
structure and punctuation, it is believed that investigating the utility of applying
existing pre-trained transformers on radiology report generation tasks will be the
next opportunity for the Al in radiology reports field.

1.3 Al in radiology practice

There has been increasing interest in using Al to improve radiology over the last
decade. Numerous Al applications are currently in development, with potential
benefits involving all stages of the imaging chain, Al has shown great potential on
optimising patient scheduling, improving worklist management, improving image
acquisition, and assisting radiologists in the interpretation of diagnostic studies.
Furthermore, while the current use of Al in radiology has been focused on clinical
applications, some of which are still in the distant future, it is becoming increasingly
clear that AT algorithms could be used soon for a variety of non-interpretive and
quality improvement purposes.

1.3.1 Improving radiographic workflow

1.3.1.1 Pre-examination assessment of patients
As part of the imaging workflow, radiographers need to check patients’ identifica-
tion and indications of the requested examination and inform patients of related
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examination potential risks before the start of the scanning procedure. These
processes all require radiographers to have direct contact and time-consuming
communication with each patient.

Al systems can help with automated approval of patient referral, which could be
done by pre-screening a pre-approved list of clinical indications and matching to the
appropriate imaging techniques to be used and confirming patient identification by
interaction with the hospital’s electronic health record system. Al chatbot systems
could be utilised in patient communication regarding the pre-procedural prepara-
tions and answer any queries regarding potential risks of such procedures. In that
case, the interaction time between radiographers and patients can be shortened and
lower the potential exposure risk of transmittable diseases, and the scanning
procedure and workflow will be more efficient. Thereafter, radiographer oversights
are required to match patient electronic health record data and consistent Al
decisions [73].

1.3.1.2 Imaging production and quality control
Several recent advances in applying Al to image reconstruction for a variety of
image modalities (e.g. CT, PET, and MRI) have been made. Imaging time, radiation
dose, and contrast dose have been reduced because of these techniques, while image
quality has improved.
e Noise reduction
DL techniques have been applied to minimise imaging noise and artefacts,
improve image contrast, and improve pathology visualisation [74]. In the
early stage, DL approaches would have the shortcoming of over-smoothing
effect on images, resulting in loss of features and making critical structures
less visible [75]. Recently, CNNs and GANs have addressed this issue, which
can produce de-noised images without the loss of key information [76, 77].
Al can either act on the processed image or directly turn the raw sensor
scanning data into images to improve image quality, and then a post-
processing strategy is added to reduce artefacts and noise [78-80].
Previously developed Al-based algorithms, such as AUTOMAP, may be
immediately applied to sensor data to improve performance. AUTOMAP
employs DL techniques to generate higher-quality MR images with better
noise immunity and fewer reconstruction artefacts than traditional recon-
struction algorithms, and no extra information is needed [79].
e Optimisation of scanning protocol
In recent years, the radiation exposure of increasing CT and PET scanning
and wide usage of gadolinium-based contrast agents have attracted much
public attention. Nowadays, DL techniques have been used to reduce
radiation dose, contrast agents’ usage, and scanning time. The most common
way to reduce CT radiation exposure is to lower the x-ray tube current, which
means that fewer x-ray photons are produced in every scan and noisier images
would be produced. DL approaches have recently shown the potential to
reduce radiation and contrast dosage while maintaining image quality. Initial
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dosage reduction methods based on ML produced hazy and over-smoothed
images. Currently, algorithms like CNNs and GAN have achieved a good
balance between image smoothing and feature retention [81].

It has been reported that one Al model can make high-resolution images from
low-dose raw sensor data after training with the imaging features of normal
anatomical structures and abnormalities on images with low and standard radiation
doses [82]. Such techniques have been applied to help generate high-quality CT and
PET images. Residual learning is to study the low-dose CT produced artefacts and
remove streak artefacts during the reconstruction of low-dose CT images [83].
Furthermore, DL techniques have been used to create fewer but higher-quality
motion artefacts affecting post-contrast MRI images, with only 10% of the standard
gadolinium dosage used [84].

Many other aspects of imaging quality control and improvement in CT and MRI
have improved with the DL application, including the removal or reduction of CT
metal artefact, MRI banding artefact, MRI motion artefact, and enhancement of
spatial resolution [85-87]. To shorten the scanning time of MRI, some sacrifices like
relative impairment of imaging quality and incomplete k-space sampling in MR
sequences might occur. However, these might result in a longer reconstruction time
after scanning. CNN has been applied to learn a mapping between zero-filled and
fully sampled MR images and used to reconstruct images from undersampled k-
space data [88]. DL has also been used to recreate MRI images from clinical multi-
coil MRI data, which uses parallel imaging for shortening scan duration [§9]. All
methods mentioned above can significantly reduce the time to produce MRI images
with good quality.

After scanning, the assessment of image quality is commonly done by radiogra-
phers immediately after scanning or radiologists on duty, but this is not always the
case. In some cases, some significant problems may be missed by the initial
screening. There might exist some phenomena such as some processed images
may be found to be of poor quality and inadequate for disease diagnosis after the
patient has left, which may require repeat scanning and cause increasing radiation
exposure, increasing usage of contrast agents, and the delay of disease diagnoses. As
a result, the health burden for patients would increase. A recent study has been
reported to train an Al model to instantly evaluate imaging quality concerns on
abdominal T2-weighted images and allow radiographers to correct the image quality
problems before they completed the examination [90].

1.3.2 Improving radiology workflow

e Radiology study protocoling
Radiology study protocoling is one of the important parts of routine
clinical practice because it ensures that patients receive the best and most
appropriate study. However, this procedure is time-consuming and prone to
human error. Automating this procedure is just getting started, but it is
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already showing promise. A rule-based ML algorithm was applied to order
entry information in one large academic centre. This approach showed
promising results, which can help reduce the number of studies manually
protocoled and shorten the emergency department turnaround time [91].

The experimental determination of the best pulse sequence for a specific
clinical indication is another area investigated for protocol optimisation.
Optimal pulse sequences are now chosen after a time-consuming side-by-side
assessment of pulse sequences by one or more radiologists. A well-trained
CNN can provide an appropriate surrogate for human readers while
performing protocol optimisation for the study [91]. On one hand, the
application of CNN can make such research less tiresome. On the other
hand, it can also significantly increase the number of sequence combinations
that could be investigated.

Hanging protocols also play an essential role in radiology workflow. The
time between study selection and the radiologist’s ability to view the images
can be cut in half with a good hanging protocol. The majority of large
commercial picture archives and communication systems (PACS) have an
automated hanging protocol. PACS vendors, on the other hand, are still
striving for more efficient tools, which learn the user’s preferences depending
on what the user expressly teaches the algorithm. Without explicit user input
to the algorithm, Al-based academic work has been conducted to build and
adjust hanging protocols based on the user’s previously manually corrected
hanging protocols [91].

Disease prioritisation or triage

Worklist prioritisation is another burgeoning area of Al application in
radiologist workflow. DL techniques can help to modify radiologists’ work-
lists with individualised designs on exam type and subspecialty interests. They
can also help radiologists by prioritising cases on the worklist that may have
anomalies deemed urgent. The application of such prioritisation in the
context of screening systems to detect anomalies on chest radiography,
abdominal CT, or head CT has been proposed [92-94]. There is an image
interpretation component to the AI’s activities in these paradigms; however,
the AI’s function is to alert radiologists to the potential crucial findings and
reduce the turnaround time for reporting imaging abnormalities.

According to a recent study [95], the utilisation rate of CT in emergency
rooms in the United States has been rising in recent years. However, in sharp
contrast, the number of cases in which emergency room patients are correctly
diagnosed and classified through head CT scans and the number of successful
rescues are not congruent. Therefore, one of the problems faced by emergency
room doctors is how to distinguish the type of head trauma quickly and
accurately according to the severity of the disease through a head CT scan. It
is worth noting that the Al system prioritises handling abnormal cases in the
simulation workflow, and the turnaround time of abnormal cases can be
shortened by 7%-28%. Then, the possible causes of abnormalities are
grouped for priority review, thereby shortening the turnaround time for
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testing. In addition, during large-scale disease outbreaks, when clinical
demand exceeds the availability of radiologists, this Al system may be used
as a front-line point-of-care tool for non-radiologists.

1.3.3 Improving radiology education

In the current radiology residency training system, radiology residents usually draft
preliminary radiology reports from the worklist, which are subsequently reviewed by
the attending radiologists. The spectrum of disease differs based on hospitals and
centres. However, ideally, trainees need to have seen enough of the spectrum of
diseases to be deemed competent prior to completing their residency training. An
NLP programme has been proposed to use EMRs to follow residents’ progress and
distribute different cases on more balanced methods for individual residents [96].
This type of application has the potential to assist radiologic residents in identifying
knowledge gaps, potentially increasing efficiency in their training time, and help to
assist in placing more emphasis where more clinical experience is required.

Assigning cases and preparing teaching materials to radiology residents is also
challenging, and we need to consider personalised design according to targeted
radiology residents’ abilities. NLP tools can be used to address interesting and
complicated cases and build a tractable database, correlating the radiology reports
with relevant clinical history, lab results, and pathology results, aiming at building a
continuous, targeted learning and teaching system. The dynamic difficulty, an Al
technique-based video game, can be used by the teachers to prepare individualised
teaching materials in real time [97]. Al can also be applied in tracking radiologic
residents’ performance and help to evaluate competency.

However, there exist some drawbacks of the Al-assisted radiology educational
system. Furthermore, Al tools must not take the position of radiologic residents in
the interpretive workflow for instructional purposes. Take the widely used lung
nodules detecting Al programme, for example. The Al programme can help shorten
the time of finding lung nodules and make advice on diagnosis since it is time-
consuming and effort-intensive to mark every small lung nodule. Nevertheless, the
residents may be over-reliant on the suggested reports produced by the Al system
and fail to develop their perspectives. In the future, radiology residency programmes
will need to pay close attention to the potential unintended consequences of Al tools.

1.3.4 Challenges, risks, and future of Al in radiology

e Al challenges and risks in radiology

Although the potential for Al in radiology appears to be nearly limitless,
the field is still in its early stages, with many applications still theoretical, in
development, or limited to a single institution. Enough data are crucial for the
development of Al in radiology, which requires massive patient information
and the involvement of clinical care. However, several ethical and legal
concerns may exist relating to clinical practices. Al systems should be applied
following strict guidelines under the control of medical regulators and in
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charge of protecting patients. Time-tested, extremely reliable safety measures
and perfection of corresponding laws are also required.

The imaging datasets for training an Al system are related to patients’
information on electronic health records. Any security breach of relevant
clinical information will result in privacy infringement. Before enabling the
Al approach, precautionary methods such as data communication protocols
and protecting laws should be implemented to protect patients’ privacy [98].

e Al future in radiology

Every year millions of patients have their medical imaging examinations.
These imaging data are stored in different health systems worldwide, and
their imaging quality varies greatly. Data curation and dataset building
remain critical for the development of Al in radiology. It has been proposed
that the next generation of Al is data-centric Al rather than model-centric Al,
reducing the dependency on big data and making good use of data, even in a
small dataset. Data-centric Al focuses on the availability of high-quality data,
the so-called good data, through all ML project lifecycle processing stages,
with an efficient and systemic approach. It has been shown that significant
improvement could be achieved with less than 10 000 examples if the project
is tackled with a data-centric approach [99]. Medical facilities worldwide need
to upgrade their infrastructure and boost deep collaboration with different
research institutes and open the datasets to the public without jeopardising
patient privacy so that Al models can be better trained with quality curated
data.

The Al-based automated radiology relevant progress will start from the
most prevalent clinical problems with enough data, such as the highly
demanding reading of lung screening CT and mammograms. On the other
spectrum, the more complicated problems such as improving the inability to
address or handle multiparametric MRI may take more time. Thanks to the
rapid processing of imaging data and the availability of reports, radiologists
and radiographers in the future will be able to make better and more timely
medical decisions. This might aid in treating patients in real time, potentially
saving lives. Overall, the application of Al in radiology has a promising
future in improving human health.
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Chapter 2

Machine learning: applications in
ophthalmology

Charlene Yat Che Chau and Kendrick Co Shih

2.1 Introduction

Deep learning (DL) technology has revolutionised the screening, diagnosis, and
management of eye diseases. Pattern recognition, through direct and indirect
visualisation of the eye and adjacent structures via clinical examination and
technological adjuncts, forms the cornerstone of ophthalmology [1]. The image-
centric nature of ophthalmology makes it the perfect candidate to benefit from DL
algorithms and as a test bed for clinical incorporation and advancement of
intelligent algorithms within clinical medicine.

Machine learning (ML) refers to pattern-recognition algorithms trained on datasets
that are labelled (as in supervised learning), unlabelled (unsupervised learning), or
contain a mixture of both (reinforcement learning). DL is a subset of ML; it mimics the
hierarchical neural networks of the human cortex to learn the input with multiple
levels of abstraction and generate predictions automatically [2]. Compared to tradi-
tional techniques, DL has demonstrated superiority in image recognition, classifica-
tion, and segmentation [3]. Traditional techniques necessitate manual extraction of a
set of features that are unique to each image within the training set in a step known as
‘feature extraction’ (figure 2.1) [3]. This requires expert analysis and lengthy fine-
tuning. In addition, the accuracy and applicability of the model would be undermined
by variability in human anatomy and clinical presentation, as well as technological
complications such as motion or reflection artefacts, and discrepancies in lighting
conditions. On the other hand, DL utilises a stack of nonlinear hidden layers to
complete an end-to-end learning process with an annotated dataset and the classi-
fication as the input and output, respectively (figure 2.1). The automatic feature
extraction, transformation, and decoding mitigate the problem of overfitting data
points and unconscious biases granted that the DL models are well trained with
various diverse datasets of adequate size [4].

doi:10.1088/978-0-7503-4637-5ch2 2-1 © IOP Publishing Ltd 2023. All rights,
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Figure 2.1. Workflows of (a) machine learning (b) deep learning algorithms. Retina image reprinted with
permission from Retina Image Bank, American Society of Retina Specialists Neural network architecture
schematics created via NN-SVG [5].

2.2 Convolutional neural networks—basic architecture

Amongst the various DL architectures, convolutional neural networks (CNNs) are
most commonly used for applications requiring image analysis and interpretation.
To understand its usability and limitations in ophthalmology, an understanding of
the basic architecture of a CNN is pivotal. The generic architecture of CNNs
consists of an input layer, hidden layers, and an output layer. These hidden layers
are composed of permutations of a stack of convolution layers and a pooling layer,
followed by one or more fully connected layers.

2.2.1 Convolution layers

A convolution layer is key to feature extraction. It involves passing the outputs of a
linear convolution operation through a nonlinear activation function. Briefly, a
convolution involves sliding a filter kernel (a small matrix of numbers with weights
of zeros and ones) across an input image (a larger matrix of pixels) (figure 2.2).
Within the image sub-region (or receptive field) in which the filter kernel convolves,
the product of the kernel weights and pixel values in the respective overlapped
position are summed together to form the output value in the corresponding position
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Figure 2.2. An example of a convolution operation with an input image A4sys, convolved with a filter k3 x 3
and no padding, mapping onto a feature map. The receptive field of the input image and the corresponding
position on the feature map are highlighted in blue. 4;; and k;; represent the number located in line I and
column j in the respective location of the matrix.

of the output image (or the feature map). The application of multiple kernels on the
input will generate feature maps that extract discriminative features of the image.
Whether there is reduced dimensionality of the convolution layer compared to the
input will depend on user-defined parameters such as padding or stride. Padding
adds rows and columns of zeros to the borders of the image in order to retain the
dimensions of the output image and to ensure equal representation of the outermost
elements of an image. The stride controls the number of pixels the filter window
shifts over the input image per step. This determines the degree of overlap between
receptive fields and the spatial dimensions of the feature map.

Prior to submission to the next layer of the network, a nonlinear transformation
of the output from the convolution layer is achieved via activation functions. The
choice of activation layer depends on the type of layer. For instance, rectified linear
unit functions [6] are commonly used for convolutional layers, whilst Softmax
activation functions [7] are reserved for the final layer in order to convert the output
into categorial probabilities.

2.2.2 Pooling layers

A pooling layer functions to down-sample the feature maps from the convolution
layers. Through merging semantically similar characteristics into one, pooling
reduces the number of parameters for processing in subsequent layers of the network
whilst retaining key information [2]. Amongst all pooling operations, max pooling is
widely used. Similar to the convolution layer, a filter size, stride, and padding are key
hyperparameters. Max pooling outputs the maximum value within each filter and
discards the other values. Average pooling (outputs the average value within each
filter) and global average pooling can also be used (figure 2.3).
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Figure 2.3. An example of a max pooling operation on feature map Csw3 that has passed through the
activation function from a convolution layer. This operation uses a filter size of 2 x 2, with no padding and a
stride of 1. Cj; represents the number located in line 7 and column j in the respective location of the matrix.

2.2.3 Fully connected layers

Prior to the fully connected layers, the output feature maps are flattened into a one-
dimensional array of numbers via global average pooling. The fully connected layers
are then mapped to the final output nodes of the network. In image classification
tasks, these output nodes would correspond to the probabilities for each class.

2.2.4 Network training

The performance of an artificial intelligence (Al) system can be improved by training
iteratively on larger and more varied datasets. The backpropagation algorithm is a
commonly used method for training neural networks. The initially random
parameters of the neural network will be modified throughout the training process.
The loss function measures the extent of inconsistency between the output
predictions of the network and the true value of the model. The kernels in
convolution layers and weights in fully connected layers are then updated according
to the loss value through backpropagation with gradient descent optimisation
algorithm [8]. A validation set monitors the performance of the model during the
training process, performing a crucial role in fine-tuning hyperparameters and the
selection of models. The final model performance will be evaluated by a test set.

2.3 Current applications of DL in ophthalmology
2.3.1 Retinal disorders/fundus images
2.3.1.1 Inherited retinal disorders

Retinopathy of prematurity
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The incidence of childhood blindness secondary to retinopathy of prematurity
(ROP) is rising rapidly due to improvements in neonatal care. Whilst avoidable with
appropriate primary, secondary, and tertiary preventions, major challenges pertain-
ing to the clinical diagnosis remain. The short supply of adequately trained
ophthalmologists and interobserver variability in ROP grading undermines timely
treatment [9, 10]. In an attempt to achieve a reliable and cost-effective adjunct,
various automated ROP detection systems have been built with a focus on the
detection and grading of ROP [11-14]. Without the need to explicitly extract
features from retinal fundus images, deep neural networks are particularly useful in
ROP due to the incomplete understanding of ROP symptomatology [12]. Of note,
two DL screening programmes, DeepROP and Imaging and Informatics in ROP (i-
ROP), have demonstrated high performance and model to the expert agreement.
Wang et al’s DeepROP approach utilises two CNN classifiers trained on 20 795
images: an identification network identifies the presence or absence of ROP features,
whilst a grading network indicates the severity of ROP cases as either ‘minor’ or
‘severe’ using clinical features of plus disease, stages, and zones [12]. The i-ROP
Research consortium also developed a two-CNN system trained on 5511 retinal
images with the main aim of classifying plus disease of ROP. The first CNN utilises a
U-Net architecture for vessel segmentation, the second for diagnosis of plus disease,
which serves as indicators for both treatment and prognosis [14]. A quantitative
severity score based on the i-ROP DL classifier has demonstrated good performance
for the detection of type 1 ROP (area under the receiver operating curve [AUROC]
0.96), clinically significant ROP (AUROC 0.91), and plus disease (AUROC 0.99)
[15]. Retrospective studies have demonstrated the clinical utility of the severity score
in predicting disease progression, the need for treatment, and treatment failure [16,
17]. High external validity is also demonstrated in a retrospective study that used the
I-ROP DL classifier in an Indian population of premature infants for treatment-
requiring ROP [10]. Nonetheless, it is important to note that whilst plus disease is a
critical feature of severe ROP and an indicator of treatment, it alone does not define
ROP [12]. More clinical features should be considered when developing deep neural
network models. Going forward, the potential for Al in ROP may not only be
limited to objective disease classification systems but can also be used as a decision
support tool for initiation of treatment. Standardised treatment thresholds, modelled
with other risk factors such as demographics and comorbidities, could be incorpo-
rated into evidence-based guidelines [9]. This will also facilitate resource allocation
of high-quality neonatal care units with strict oxygen monitoring in low- and middle-
income countries [10].

Inherited retinal diseases

Inherited retinal diseases (IRDs) are a clinically and genetically diverse set of
conditions that constitute a major cause of blindness in developed countries amongst
working-age adults [18]. Whilst they are rare Mendelian disorders individually, the
aggregate clinical, administrative, and patient burden is substantial. They are typically
classified by disease progression—stationary or progressive—or by the cell types of the
retina and pigment epithelium primarily involved in the pathogenesis [19]. However,
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IRDs pose a diagnostic challenge given the genotypic and phenotypic heterogeneity.
Mutations in the same gene can exhibit a range of phenotypes, as demonstrated in
ABCA4 and PRPH2 mutations [20, 21]. Conversely, IRDs can share substantially
overlapping clinical features, thus precluding diagnoses made solely on clinical
grounds, as exemplified by the similarities shared by retinitis pigmentosa, Leber
congenital amaurosis, cone-rod dystrophy, and congenital stationary night blindness
[22].

The advent of molecular diagnostics has refined the assessment of IRDs. It allows
accurate confirmation of diagnosis and the development of novel genetics-based
therapeutics and guides genetic counselling and prognosis. However, significant
knowledge gaps remain, specifically pertaining to (1) the integration of molecular
genetics diagnostic testing into routine clinical care and (2) improving access,
affordability, and accuracy of genetic testing methodologies [23]. DL-guided
prediction has been used to facilitate clinical and genetic diagnoses given that
IRD exhibits strong gene-characteristic retinal features [24]. Miere et a/ demon-
strated the feasibility of using a CNN to automate the diagnostic classification of
three IRDs (retinitis pigmentosa, Best disease, Stargardt disease) using fundus
autofluorescence (FAF) images with an overall diagnostic accuracy of 0.95 [25]. In
another study, Fujinami-Yokokawa et al utilised fundus photography and FAF
imaging to predict causative IRD genes. Using clinical and genetic data from 1302
subjects, the algorithm was able to identify retinopathies caused by three predefined
IRD genes (ABCA4, EYS, RP1L1) with a mean overall sensitivity and specificity of
85.0% and 95.3% [24]. Whilst the application can facilitate early genetic testing and
reduce the cost of referrals, the applicability in clinical practice may be limited. With
more than 3000 causative IRD genes, other novel gene diagnoses and other retinal
disease-associated gene diagnoses would be missed. Owing to the low prevalence of
individual disorders amongst IRDs, both studies had a small dataset and selected
more common IRDs for algorithm training. This limits the external validity and
accuracy of outcome predictions. This is complicated by interindividual and intra-
individual variations in genetic expression, fundus abnormality, and media opac-
ities, thus making assessing the classifier within the clinical setting challenging [25].

2.3.1.2 Acquired retinal disorders/systemic causes of retinopathy

Diabetic retinopathy
With the increasing prevalence of diabetes mellitus worldwide, diabetic retinopathy
(DR) remains a leading cause of vision loss. The nuanced nexus of genetic,
socioeconomic, and environmental factors have more than tripled the number of
adults with diabetes, with the 2019 estimate being 463 million and a projected
increase to 700 million by 2045 [26]. DR is the commonest microvascular
complication [27]. Nearly 100% of patients with type 1 diabetes and >60% of
patients with type 2 diabetes will develop DR within the first two decades of the
disease [28].

The insidious nature and asymptomatic progression until vision-threatening
stages make routine screening of DR essential. Current DR screening protocols
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employ manual assessment and retinal fundus photography. Such screening
programmes are often complicated by the availability of healthcare professionals,
logistical barriers, and financial issues. Teleretinal screening programmes have
been proposed to increase accessibility for remote and resource-poor communities
and improve cost-effectiveness. However, the latter is influenced by a multitude of
patient factors (e.g. adherence to post-screening recommendations) and screening
logistics (e.g. time lag between imaging and ophthalmologic evaluation and cost
considerations) [29]. These drawbacks may be solved with the introduction of an
automated grading system which would aid risk stratification and referral
decisions.

Automated image analysis of DR has evolved from simple fundus image pre-
processing to advanced algorithms which classify DR lesions and stages [30]. A
meta-analysis including 24 studies that evaluated the performance of neural net-
works in the detection of referable DR or diabetic macular oedema (DME) using
retinal fundus images revealed a pooled sensitivity of 91.9% (95% CI: 89.6%-94.3%)
and specificity of 91.3% (95% CI: 89.0%-93.5%) [31]. The results were superior to
pooled sensitivity and specificity derived from meta-analyses on computer-aided
diagnoses of melanoma and breast cancer [31]. It is worth noting that Diabetes UK
recommends a minimum of 95% specificity for any screening programme [32]. Low
specificity causing false-positive referrals may translate to significant consumption of
secondary care resources and erode patient trust in the long term. Current Al
screening programmes may not have sufficient specificity as a standalone screening
tool; notwithstanding, the point-of-care access may allow enhanced patient engage-
ment [33]. Showcasing DR features marked by Al to patients may create an
opportunity to discuss the risk of vision impairment and the importance of
glycaemic control. A subgroup analysis by Wang et al also revealed a non-significant
difference between the performance of four CNN models (Inception, EyeArt,
VGGNet, and netB) and IDx-DR, an Al algorithm that was first to be approved
by the US Food and Drug Administration for DR identification, highlighting their
potential in future clinical application [31, 34]. Of note, Wang et a/ 2020 found no
significant association between image resolution and the diagnostic accuracy of
neural networks. This lends support to the observation that there may be an optimal
threshold for image resolution, beyond which does not lead to better diagnostic
accuracy. This may minimise the trade-off required to balance amongst image
resolution, signal-to-noise ratio, acquisition time, and cost [35]. However, the
overlapped samples in the included studies due to duplicated data sources, as well
as the high or unclear risk of bias in most studies, preclude a definitive conclusion.
More research is required to evaluate the influence of image resolution and the
optimum threshold to achieve maximum diagnostic accuracy.

2.3.2 Optical coherence tomography images

Optical coherence tomography (OCT) has transformed the clinical management of
many retinal diseases, notably age-related macular degeneration (AMD), glaucoma,
DME, and retinal vein occlusions (RVO). Using near infra-red light, the ability to
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image retinal structures in vivo in three dimensions without ionising radiation makes
OCT a popular diagnostic procedure [36].

2.3.2.1 AI algorithms in AMD

AMD is a chronic progressive macular disease that affects the geriatric population
and is a leading cause of irreversible blindness worldwide. Its bilateral involvement
of the macula, 4% of the retinal area that is responsible for central vision and the
majority of photopic vision, reflects the profound physical and psychosocial impact
[37]. The clinical course and severity of visual impairment depend on the type of
advanced AMD, ‘dry’ or ‘wet” AMD based on the absence or presence of
neovascularisation. Dry AMD is characterised by drusen (subretinal deposits) and
retinal pigment epithelium (RPE) changes in the early or intermediate stages and
geographic atrophy (GA) in the advanced stages [38]. Wet AMD is typified by
choroidal neovascularisation (CNV) and related features such as serous or haemor-
rhagic detachment of RPE and/or neurosensory retina and disciform scarring [38].

OCT has largely superseded colour fundus photography for the clinical diagnosis
and management of AMD due to the three-dimensional (3D) cross-sectional
anatomical information that it provides. The substantial time cost of manual
OCT analysis owing to the extensive image data volume has accentuated the clinical
need for automated solutions. To date, DL algorithms have demonstrated high
accuracy in the detection, prognostication, and assessment of treatment response in
AMD.

Convolution neural networks have allowed the automated classification of AMD,
which allows monitoring of disease progression and guides the use of anti-vascular
endothelial growth factor (VEGF) therapy. Lee et al/ used U-Net to segment, detect,
and quantify features of wet AMD on OCT, including intraretinal fluid, subretinal
fluid (SRF), pigment epithelial detachment, and subretinal hyperreflective material
[39]. The automatic segmentation of lesions may allow better monitoring and
prediction of treatment outcome using quantitative data [39]. Nonetheless, the
approach to automatic segmentation can affect the precision (reflected by the Dice
coefficients), particularly given the unclear boundaries of the basement membrane of
RPE. Apart from segmentation algorithms, other methods can be used to classify
non-exudative versus exudative AMD. The CNN model developed by Motozawa
et al utilised a transfer learning model [40]. Transfer learning refers to the use of a
pre-trained neural network on a larger unrelated dataset, allowing retention of
already optimised lower level convolution layers and allowing higher levels to be
fully retrained via back propagation [41]. Such use of transfer learning to train a
CNN achieved a stable and more rapid performance (98.4% sensitivity, 88.3%
specificity, and 93.9% accuracy) with a smaller dataset (721 exudative AMD + 661
non-exudative AMD). In addition, they used class activation mapping as a heat map
to identify the discriminative region on OCT images. This differs from prior models
that automatically detects neovascular AMD based on the detection of presence or
absence of fluid, as the heat maps allow visualisation of distribution and extent
[42, 43]. These heat maps may also prevent overlooking of features and streamline
future follow-up. Alternatively, Schlegl et al/ developed a model that allowed
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localisation and quantification of macular fluid using DL-based pixel-wise and
volume-wise segmentation [43]. The automated and manual localisation and
quantification of fluid had a high level of concordance: the mean Pearson’s
correlation coefficient of 0.90 for intraretinal cystoid fluid and 0.96 for SRF. The
ability to detect different types of macular fluid also showed high accuracy (mean
area under the curve [AUC] 0.94) in detecting other prevalent exudative macular
diseases, namely, DME and RVO.

For dry AMD, there has been no proven treatment to halt the progression and
development of irreversible GA. Identification of patients with a high risk of
progression at the early and intermediate stages will allow optimal clinical
monitoring and intervention. Several studies have proposed the use of DL to
identify OCT biomarkers that signal the risk of AMD progression. Examples of
promising biomarkers include higher drusen volume, the presence of reticular
pseudodrusen, and the presence, quantity, and internal reflectivity of intraretinal
hyperreflective foci [44-47]. A 2017 systematic review on the algorithms for
automated analysis of AMD biomarkers on OCT revealed 27 and 8 algorithms
for quantitative and qualitative analysis, respectively [48]. Of note, the samples used
to assess the quality of quantitative algorithms were small in size and were
preselected for a particular biomarker. This hinders comparison amongst identified
algorithms and assessment of external validity since typical AMD patients will most
likely present with multiple AMD biomarkers simultaneously [48]. Schmidt-Erfurth
et al proposed an ML-based predictive model that combines different AMD
biomarkers, coupled with demographic and genetic parameters. The model had
AUC of 0.68 and 0.8 of individual risk of progression from intermediate AMD to
CNYV and GA, respectively [49]. Saha et al also developed an algorithm that
combined multiple early AMD biomarkers (reticular pseudodrusen, intraretinal
hyperreflective and hyporeflective foci) with an overall accuracy of 87% [50].
Looking forward, high-quality and standardised validation procedures would
have a significant translational value [48].

As for wet AMD, ML has the potential for evaluating treatment outcomes and
guiding individualised treatment regimens. Intravitreal injections of anti-VEGF
agents are recommended as first-line treatment, but it is clinically difficult to
determine an individualised dosing regimen a priori. Historically landmark trials
established the gold standard of a continuous regimen whereby anti-VEGF was
administered at regularly spaced intervals [51, 52]. A discontinuous regimen was
proposed to mitigate treatment burdens; the two most commonly used approaches
are pro re nata (PRN) and treat-and-extend regimens, both requiring continuous
OCT monitoring to inform regimen choice. Bogunovié et a/ described an ML model
that utilised the spatiotemporal features on a longitudinal series of OCT images
acquired during the treatment initiation phase to predict low or high anti-VEGF
requirements in a PRN treatment [53]. This study demonstrated the promising
prospect of ML for precision medicine, which would not only improve disease
outcomes but also reduce the socioeconomic burden of pharmacological therapies.
Future work would require more research into sensitive and robust imaging
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biomarkers, and other non-imaging data such as genetic markers, that would guide
retreatment [53, 54].

2.3.2.2 Al algorithms in glaucoma

ML strategies have revolutionised solutions for glaucoma diagnosis and prognosis.
Early diagnosis is key to preserving visual function and related quality of life at a
sustainable cost, especially given the asymptomatic presentation in the early stage
and irreversible visual loss at late stages, and confers better prognosis [55]. Coupled
with the expanding disease burden due to the ageing population, with a projected
prevalence of 111.8 million in 2040, novel models of glaucoma care delivery are
required to address the demand-capacity burden [56]. Structural measures obtained
via fundus photography and OCT, and functional measures by automated peri-
metry, form the basis of glaucoma diagnosis and monitoring in current clinical
practice. Fundus photographs are widely used as input datasets for glaucoma
detection either through optic disc segmentation and structured learning of retinal
clinical indicators (e.g. cup disc ratio, neuroretinal rim) [57-60], or using image
texture analyses via DL strategies for pattern identification [61-63]. Despite the high
accuracies of these DL algorithms, the subjective interpretation of two-dimensional
fundus photographs has been reported to have poor interobserver agreement or risk
of under-/over-estimation, which undermines the reliability of ground truth labelling
as input [4]. In addition, the two-dimensionality only offers a surface view of the
retina and optic nerve head (ONH). On the other hand, OCT images allow a 3D and
micro-resolution visualisation, quantification, and topographical measurement of
structural changes in anterior (e.g. anterior chamber angle/depth/width) and
posterior (e.g. ONH) ocular segments in OCT images [4, 64]. The retinal nerve
fibre layer remains the parameter of focus in ML algorithms using OCT images.
However, major limitations to date remain to be the generalisability of these
algorithms to real-world patient populations. The algorithms that are trained and
validated on highly curated cohorts and disc photographs may differ from input
data with variable patient characteristics and image quality.

Besides the potential of Al algorithms in screening and diagnosis, personalised
predictions of visual field (VF) progression may also be possible for real-world
implementation. VF measurements via static automated perimetry remain the
clinical standard; ML models have utilised longitudinal VF data to detect glaucoma
progression [65-68]. Notwithstanding, predicting progression remains challenging.
This is attributable to anatomical factors such as the structure-function discordance
in glaucoma and technical factors such as variations in the physiological sensitivity
of VF measurements, which increases with a deteriorating VF [69, 70]. As such,
more research has identified the predictive role of structural parameters via DL
models using SD-OCT images. DL models used retinal nerve fibre layer thickness
maps and en face images [71], as well as thickness of the ganglion cell complex, outer
segment, and RPE [72]. A combination of both structural and functional measure-
ments via joint modelling strategies (e.g. Bayesian hierarchical models) can also be
considered in future models [73].
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2.3.2.3 Al algorithms in DME

Several modalities to diagnose DME include indirect ophthalmoscopy, colour
retinal photography, fluorescein angiography (FA), and OCT. Whilst the former
two are predominantly used, they may miss early or mild DME particularly if the
central retinal thickness is <300 pm [74]. OCT has largely supplanted FA in the
detection of macular oedema due to its non-invasive nature and its superiority in
identifying and quantifying certain diabetic structural changes in the fovea [75].
Whether incorporation of macular OCT as part of DR screening is beneficial from a
cost-effectiveness and medical standpoint has been addressed by several studies.
Prescott et al 2014 demonstrated that the use of OCT in scenarios where fundus
photographs suggestive of the presence of macular oedema resulted in cost savings
of 16%-17% without reduction of health benefits. For universal OCT screening in
conjunction with fundus photographs, a cost-effectiveness study in Hong Kong
revealed a potential eight-fold reduction of false-positive results whilst improving
sensitivity and long term cost-effectiveness [76]. Contrastingly, O’Halloran and
Turner compared the referral rates in DR screening with the use of a standard colour
fundus photography versus a combined fundus camera and OCT instrument in an
Aboriginal population and concluded no added benefit of OCT [77]. However, this
may be dependent on the specific instrument chosen for the study and the higher rate
of inadequate fundus photographs obtained by the combined fundus/OCT instru-
ment. Studies investigating smartphone ophthalmoscopy have emerged over recent
years, with an increasing interest in smartphone retinal imaging technology in the
screening of DR and DME [78]. The low memory and energy footprint requires a
different solution to computer-based Al models that require computer systems
containing advanced graphic processing units [79]. Hwang et al developed an offline
smartphone-based CNN architecture (MobileNet), with a diagnostic accuracy of
90.02% in detecting DME, comparable to that of established AI models such as
VGG16 and Inception V3 [79]. MobileNet contains three main layers (convolution,
pooling, and fully connected layers) but separated the convolution layer into two
separate layers, depth-wise and point-wise, to reduce model burden and calculation
resource [79]. Al-based smartphone screening holds great clinical potential, partic-
ularly for patients in remote areas or underdeveloped countries. Further studies
should aim to verify the reliability and feasibility in real-world clinical settings and
evaluate potential integration with e-cloud technology.

2.3.2.4 Al algorithms in retinal vein occlusions

RVO is the second most common sight-threatening retinal vascular disease after DR
[80]. Classified according to the site of obstruction, RVO is divided into branch RVO
(BRVO) and central retinal vascular occlusion, with BRVO being more common.
Untreated eyes with RVO have poor visual prognosis, with significant ocular
complications being macular oedema, retinal bleeding, and retinal ischaemia [81].
Recent years have seen an increase in DL algorithms for automated detection of
nonperfusion areas (NPAs) caused by RVO using optical coherence tomography
angiography (OCTA) images. OCTA has been shown to have higher acquisition
speed and safety due to its non-invasive nature, as well as better resolution and
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contrast than the FA, which is the gold standard for evaluation of retinal vasculature
[82]. Nagasato et al compared the ability to detect NPA in RVO of a VGG-16
DNN, which automatically learns local features of OCTA images with RVO and
generates a classification model, with support vector machine and ophthalmologist
assessment [8§1]. The DNN showed significantly better performance than SVM in all
parameters (mean AUC, sensitivity, specificity, and the average time required to
distinguish RVO + NPA from normal OCTA images) and in AUC and specificity
(» < 0.01) when compared with ophthalmologist assessment. The heat maps created
also illustrated the pixels responsible for the predictions in DNN, which was focused
on foveal avascular zone and NPA, thus allowing better interpretability. Automatic
quantification of NPA in OCTA images have also been utilised for DR since NPA of
the superficial capillary complex of the retina is a crucial indicator of DR stage and
progression [83]. Nonetheless, the cost and limited field of view in currently available
commercial devices may limit the potential OCTA technologies and related Al
algorithms have in diagnosing vascular disorders. Potential solutions may include
translating structural images taken by the more widely available OCT into func-
tional flow images as suggested by Lee et al/ [84]. They proposed an Al model that
was trained with OCTA images to generate en-face projection flow maps on OCT
images, showing similar fidelity to OCTA and significantly better performance than
expert clinicians (p < 0.00001).

2.3.2.5 Challenges in clinical translation of automated OCT image analysis
Despite the robust Al-based detection systems with high performance, methodo-
logical challenges persist thus limiting the translation from bench to bedside.

(1) Training dataset: limitations in quantity, availability, and quality

A major barrier to the clinical application of OCT image analysis is the
limited number, quality, and availability of large-image datasets from
multiple OCT devices. Deep CNN are reliant on big datasets to avoid
overfitting, a phenomenon whereby a network learns a function with high
variance and low bias to model the training dataset but fails to generalise
for subsequent training sets [85]. Current datasets are lacking in either the
quantity of normal and pathological scans or the availability for public use
[86]. The option of data sharing between different hospitals is limited by
patient consent, institutional review board concerns, and geographical data
regulations. Fortunately, several techniques of data augmentation may
combat OCT data scarcity. The first would be conventional modifications
of the images, such as scaling, translation, and rotation. Devalla et al
compared the performance of the CNN on OCT images of glaucoma
subjects with and without data augmentation (rotation, horizontal flipping,
nonlinear intensity shift, additive white noise, multiplicative speckle noise,
elastic deformations, and occluding patches) [87]. The CNN trained with
data augmentation had better performance (both validation accuracy and
training loss) owing to less overfitting and better convergence. Similarly,
Kuwayama et al trained a CNN for automated detection of chorioretinal

2-12



Machine Learning, Medical Al and Robotics

diseases with a dataset augmented from 1100 to 59 400 B-scan images
through horizontal flipping, rotation, and shifting [88]. The CNN demon-
strated high prediction and recall for wet AMD, DR, and epiretinal
membranes, as well as rare diseases such as Vogt-Koyanagi-Harada
disease. Such data augmentation techniques are applicable for OCT images,
because they, unlike fundus photographs, have small individual variations,
stable magnification, and image quality [88]. Moreover, image modifica-
tions may parallel true variations that occurred during OCT image capture.
Nonetheless, OCT images with minimal pathological findings may still be
misidentified. A second technique would be enhanced methods such as
transfer learning. It is worth noting that the performance of algorithms
would be highly dependent on the weights of pre-trained models. In other
words, pre-trained models trained with large datasets would be more
effective in enhancing the performance of algorithms. Thirdly, an anatom-
ical data augmentation that was originally exploited for computed tomog-
raphy liver slices may be applied for OCT images [89]. Unlabelled B-scans
adjacent to the training image within the same volume may be utilised as
additional examples due to anatomical similarities [86]. Lastly, a novel
technique—generative adversarial network (GAN)—has been advocated.
This unsupervised ML relies on the synthesis of new OCT images from a
training dataset using a generator and a discriminator subnetwork. Zheng
et al demonstrated GAN was able to synthesise realistic OCT images for use
in DL training algorithms; the CNN trained on all-synthetic OCT images
achieved a similar AUC as the model trained on all real OCT images (AUC
0.98 vs 0.99) [90]. In addition to data augmentation, GAN may be used as a
preprocessing step to remove artefacts, prediction tool for post-therapeutic
OCT images, and establishment of shared feature space between two image
modalities [91-93].

In addition, certain datasets only contain images from a limited number
of manufacturers. OCT manufacturers have proprietary software packages
for visualisation and calculation of image-related parameters such as signal
quality, retinal thickness, and volume [94]. The difficulty of generalisation
as a result of a lack of standardisation of acquisition and processing
protocols is further exacerbated by the intradevice variability in image
quality due to noise and motion artefacts [86]. Several studies have
attempted to propose one single model that can be generalisable to new
devices without substantial loss of performance. De Fauw e al devised a
two-step framework of a device-dependent segmentation network followed
by a device-independent classification network [95]. The segmentation
network would be separately retrained on different OCT imaging devices,
whilst keeping the classification network unmodified. Apart from the easy
adaptability to different devices and thus the ease of clinical workflow
integration, the readily viewable derivative after the first step of OCT
segmentation allows a visual representation of the scan for clinicians and
mitigates the ‘black box’ problem common in DL [95]. It may also act as a
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proxy for quality control. Other techniques include standardisation of
image size and intensities, or the creation of separate CNNs [86]. Further
research is required for standardisation protocols which would allow
generalisable multivendor OCT image analyses.

Retinal segmentation

OCT images remain subjected to segmentation artefacts, more fre-
quently particularly in eyes with pathologies. Current research has focused
on developing automatic segmentation algorithms. However, designing a
system that works well in the clinical setting may be challenging. First, the
differences of various intraretinal layers in normal and pathological states
often render algorithms unreliable. Pathological changes may alter the
structures required as reference value for automatic segmentation [96].
The second relates to the intrinsic noisy structure of OCT images. Since
OCTs are generated by detecting interference signals between the reflected
signals from the reference mirror and the backscattering signals from
biological tissues, OCT images are susceptible to speckle noise [97].
Speckle noise, a phenomenon common in scattering media such as
biological tissue, limits image quality and thus the accuracy of segmenta-
tion of retinal layers. Denoising Al algorithms and algorithms using 3D
contextual information are at their infancy [98, 99]. There remains an
urgent need for a device- and pathology-independent DL segmentation
algorithm [99].

Apart from methodological challenges, key practical challenges must be
addressed. Existing DL algorithms follow the ethos of ‘one DL system,
one eye disease’. This stems from the nature of DL systems, which
typically follows an end-to-end training to generate an output directly
from an input image [100]. Within a DL system for a particular eye
disease, patient selection criteria and choice of device vary. This highlights
the challenges for alternating between the different DL systems, not to
mention potential technical and software hurdles. More research has
focused on developing and validating DL systems in the classification of
multiple eye diseases [100, 101]. In addition, standardised systems to
manage misclassified patients (e.g. false positives and false negatives) are
yet to be addressed [102].

2.4 Conclusions

There is robust evidence supporting the efficacy of DL systems in ophthalmology,
particularly in the screening, diagnosis, and management of macula diseases,
glaucomatous optic neuropathy, and retinal manifestations of systemic disease.
The key advantage of a DL system for disease recognition and prognostication lies
in its high accuracy and consistency of results, comparing favourably to well-trained
clinicians. Despite significant advances in ML technology, current limitations
remain in the quality and resolution of ophthalmic images obtained, as well as the
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number of training datasets available. With availability and expertise in Al
technologies becoming more commonplace in healthcare industries worldwide, it
is only a matter of time before these limitations are overcome.
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Chapter 3

Artificial intelligence clinical applications of
wearable technologies

Shichao Ma, Chun-Yat Yee, Jiayi Xin and Joshua W K Ho

3.1 Wearable devices: healthcare sensors blended into everyday life

Wearable devices are electronic gadgets which are lightweight and portable enough
to be worn on the body or embedded into clothing. Many sensors are integrated into
wearable devices which allows signals from the human body to be constantly logged
and analyzed. Because wearable devices blend automatic monitoring of health and
activity into people’s everyday life, their popularity has continued to grow in the
past 5 years. One representative example of wearable devices is a smartwatch. CCS
Insight reported a strong upward trajectory of shipments of smartwatches and fitness
trackers worldwide in the past 5 years (2016-2020) and forecasted that the shipments
will continue to rise in the next 4 years (figure 3.1). Analysts believe that the recent
global pandemic has further enhanced people’s awareness of their health, and it will
cause the continuous boom of the adoption of wearables [1].

Wrist-worn devices including smartwatches and fitness trackers have gained
widespread popularity because these products have been able to maturely combine
usability and functionality to target a wide user base. Apart from wrist-worn devices,
there are many other commercial wearables that aim to accomplish specialized
monitoring tasks. Seneviratne et al surveyed current wearable products and
classified them into three categories: (1) accessories including wrist-worn devices
like smartwatches and head-mounted devices like smart eyewear and headsets, (2)
e-textiles including smart garments and foot or hand-worn devices, and (3) e-patches
including sensor patches, e-tattoo and e-skin [2].

The invention and integration of portable sensors give rise to an opportunity to
acquire useful data from the human body constantly, which makes data collected
from wearable devices different from medical data produced in hospitals and
medical centers. Wearable devices trade off the multitude of health information
they obtained for the accessibility of it.
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Figure 3.1. Real (2016-2020) and projected (2021-2025) number of shipments of smartwatches and fitness
trackers worldwide, reproduced with permission from [1].

Wearable devices usually consist of standard electronic components including
random-access memory unit and central processing unit to store and process data.
However, wearables naturally need to compromise the capability of computing for
portability, which implies that wearable devices vastly rely on connectivity with
other digital computing systems such as smartphones, personal computers, or cloud-
based computing systems. The concept of Wearable Internet of Things was proposed
by Hiremath et a/ to illustrate the connectivity-demanding characteristic of wearable
devices [3], which can be characterized by having (1) wearable body area sensors,
(2) Internet-connected gateways, and (3) cloud and big data support.

Sensors equipped in wearable devices play the role of making the device unique
and being capable of handle specific tasks. Hiremath et al/ categorized sensors into
on-body contact sensors and peripheral non-contact sensors; different types of
sensors are listed in table 3.1.

As one of the common tests used to evaluate the heart, a conventional 12-lead
electrocardiogram (ECG) is usually conducted by placing 10 electrodes at certain
spots on the patient’s limbs and the chest. These electrodes are wired with an ECG
machine to form closed circuits so that the electrical activity of the heart can be
measured and recorded. An ECG generated by a smartwatch, on the other hand,
typically involves fewer electrodes. For example, an Apple Watch is snug onto the
wrist of one upper limb, and users are required to hold one finger of another upper
limb on the crown of the watch to form a closed circuit. Two electrodes positioned
on the case back of the watch and the digital crown receive electrical signal to
form a single-lead ECG. A 12-lead ECG often contains more details than a single-
lead ECG. Nonetheless, performing a single-lead ECG in wrist-worn devices
predominates the wearable device market because of its practicality. This enables
ECG measurement from wrist-worn devices to gain widespread popularity, which
in turn may become useful in widespread disease screening, such as atrial
fibrillation [5].
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Table 3.1. Different types of wearable body area sensors [3].

Types of sensors and

Category  Main purpose example application Target wearable device
On-body Monitoring Physiological Wrist-worn devices for
contact (electrocardiogram, electrocardiogram, e-textiles/e-
sensors electromyogram, patch for electromyography and
electroencephalogram) head-mounted devices for

electroencephalography
Chemical (sweat, glucose,  E-patch

saliva)

Optical (oximetry, tissue Wrist-worn devices and other
properties, accessories
photoplethysmogram)

Therapeutic® Medication (drug delivery ~ E-patch
patches)

Stimulation (chronic pain
relief)

Emergency (defibrillator) E-textiles

Peripheral  Fitness and Motion (physical activity,  Accessories
non- wellness calorie count)
contact Location (GPS, indoor
sensors’ localization)
Behavioral® Activity (fall, sleep, exercise)

Emotion (anxiety, stress,
depression)

Diet (calorie intake, eating
habits)

Rehabilitation ~ Speech (language
development)

Camera (technology for
blinds)

Notes® Electronic component with therapeutic potential is more about delivering something instead of sensing
something, but they can still be integrated into wearable devices for therapeutic purposes.

Notably, the above-mentioned peripheral non-contact sensors in wearable devices are still usually in contact
with skins, but the contact may not be compulsory to receive corresponding data.

“Behavioral data like the emotion of the user may be analyzed from other forms of health data collected by
common sensors, e.g. Shu et al conducted a study about recognizing emotion through heart rate data from a
smart bracelet [4].

Apart from making medical impact from its widespread availability, data from
wearable devices are also effective because of wearable devices’ ability to collect
continuous, medium- to long-term longitudinal data. Implementing wearable devices
into the study of estimating sleep parameters is an example. Polysomnography is usually
adopted in a hospital or a sleep center to diagnose sleep disorders by recoding multiple
physiological signals, and numerical sensor data including electroencephalography
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(EEG:; which is a recording of brain waves), electrooculography (which can measure eye
movements), electromyography (EMG; which can measure muscle movements and
contractions), oxygen level of blood, heart rate, etc [6]. Comparatively, actigraphy
monitors people’s rest and activity cycles during sleep and only very limited electronic
units, mainly an accelerometer, are required. Polysomnography is comprehensive and
reliable, and it has been regarded as a gold standard for sleep assessment; however, more
sleeping-relevant studies [7, 8] are carried out nowadays by analyzing actigraphy data
collected from wearable devices, and more consumer-grade wearable monitors that
implement actigraphy to assess sleep are being created because actigraphy is a less
expensive, demanding, and cumbersome way to monitor people’s sleep. A large amount
of actigraphy data can be gathered through wearables 24/7, which can be used to
understand sleeping patterns through processing and algorithms, even though the
method is completely different from polysomnography.

3.2 Deep learning enables artificial intelligence applications of
wearable devices

The acquisition of data is just the end of the beginning. For most people, these data
are not easy to understand even though the data are reflections of their own health
status. Even for physicians, having to interpret a large amount of data during a
clinical consultation is not feasible. Besides asking for interpretation from profes-
sionals, artificial intelligence (AI) algorithms, especially machine learning techni-
ques, provide insights into health data.

Before developing the algorithm, it is necessary to clearly formulate the specific
machine learning tasks in which data generated by wearable devices can be used.
Many healthcare tasks can be formulated as supervised machine learning tasks, such
as classification and regression. Classification tasks involve prediction of discrete
class labels and can be further split into binary classification, such as distinguishing
between normal activities of daily living and fall activities [9], and multi-classes
classification, such as discriminating the ECG data of myocardial infarction from
healthy samples, samples with other chronic heart conditions, and noisy samples
[10]. A regression task aims to predict a continuous outcome, for instance,
estimating the energy expenditure from physiological signals collected from wear-
able devices and other information [11]. Generally, classification problems are more
common in the domain of wearable Al. (As of December 2021, there are around 145
thousand results on Google Scholar with keywords classification and wearable
devices and there are only around 50 thousand results with keywords regression and
wearable devices.)

Developing a supervised machine learning system using data collected from
wearable devices is not easy. Most raw sensor data collected are continuous and
large, which requires careful extraction and discovery of useful features for machine
learning development. It is challenging for researchers and developers to identify the
best feature representation of the data, which may be a high-dimensional feature
space. These signals contain both useful information and noise; feature extraction is
one of the significant methods to extract useful parts and ignore unwanted parts. For
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example, time-domain features such as mean absolute value, root mean square, and
wavelength and frequency domain features like mean frequency and median
frequency are widely regarded as important features for EMG signal classification
[12]. Apart from turning raw signals into features through calculation, there are
other common techniques including low variance filter, high correlation filter,
principal component analysis, independent component analysis, and so on, to do
dimensionality reduction.

Once discriminative features are extracted from raw data, some traditional
machine learning classifiers which rely on handcrafted feature learning including
logistic regression (LR), k-nearest neighbors, decision tree and random forest,
support vector machine, and so on, may be implemented to learn patterns from
features (i.e. update parameters in model based on feedback) and make a prediction
(i.e. output result based on the input and tuned parameters) in a relatively short time.

Nevertheless, extraction of important features is often not easy for sensor data
collected from wearable devices, as they are often noisy and large. In recent years,
neural networks, especially deep neural networks, have become increasingly popular
methods to skip the burdensome stage of feature extraction and turn raw health data
into comprehensions accurately through training.

Deep neural networks are artificial neural networks that consist of multiple
hidden layers of inter-connected neurons. It is the backbone of the field of deep
learning. Deep learning methods like convolutional neural networks (CNNs) and
recurrent neural networks (RNNss) differ from other machine learning classifiers and
regular neural networks not only in the number of parameters and the depth of
structure but also in the fact that CNNs and RNNs implement special layers and
architectures to process specific kinds of data. Deep learning method is believed to
be a highly effective way to process sensor data [13], and there have already been
many implementations in wearable devices.

CNN is a deep neural network utilizing a mathematical operation called
convolution to learn the features from input. This kind of neural network uses
convolution in place of general matrix multiplication in at least one of its layers,
and these special layers are called convolutional layers [14]. Pooling layers are
usually included in CNN as well to reduce the dimensionality of data (figure 3.2).
Then, fully connected layers are attached to compute the flattened matrix out-
putted from previous layers to produce outputs. The CNN is very popular in
computer vision and widely used to classify image data, and it is also a great choice
to recognize patterns from physiological signals like ECG through one-dimen-
sional (1D) convolution [15] because image data and ECG data are both
continuous, sparse in information, and involving much noise, even though their
dimensionalities are different. Moreover, heat map-like spectrograms are gener-
ated after applying time—frequency analysis such as short-time Fourier transform
(STFT) into signals, and these 2D spectrograms are even more like images in
normal computer vision tasks. Amoh et al/ presented a system called DeepCough
which used a CNN to detect coughs through a wearable acoustic sensor. They
preprocessed the sensor data by performing STFT on it to create 2D spectral
segments from 1D signals [16].
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Figure 3.2. Simple illustrations of 2D convolution and 2 X 2 average pooling. The kernel as a parameter in a
CNN is updated during the backpropagation to better extract important features from the input matrix. Apart
from the average pooling method, the max pooling method is also widely used to reduce dimensionality. All
convolutional layers and pooling layers are important parts of a CNN.

Unlike CNNs, which are most suitable for images and 2D spectral data, RNNs
including long short-term memory and gated recurrent unit are particularly
suitable for processing temporal and sequential data. This kind of neural network
can extract information from a sequence by recurrently feeding the results of a
segment back into the network and relating segments in the sequence. RNNs have
been widely applied to natural language processing (NLP) and proved to be
effective, and there is an increasing number of studies about implementing RNNs
on the classification of data collected from wearables because many sensor data
contain segments that are related temporally. RNNs have been implemented to
recognize hand gesture [17] and human activity [18] through data collected from
wearable sensors.

Transformer is a recent groundbreaking advance in deep learning and intro-
duced from the highly cited paper Attention is All You Need [19]. A transformer
model was initially introduced as a sequence-to-sequence model which consists of a
group of encoders and a group of decoders, and both encoder and decoder contain
multi-head attention layers. Multi-headed attention mechanism implemented in
these layers is an imitation of cognitive attention. Another important part of the
model is the positional encoding, which introduces positional information into the
input sequence so that the model does not have to process the data in order like an
RNN does. All these components and mechanisms of transformer make the model
capable of sequential processing; in fact, transformers have outperformed RNNs
in many NLP tasks [20]. The model is now being modified and implemented to
process image data on a large scale [21-23], but many works are very recent and
still in the stage of open review as of December 2021. Although the number of
studies is small, some researchers have already implemented the model into tasks
of classifying data from wearable sensors; for example, Behinaein et al applied
transformer architecture to detect stress from ECG data collected by wearable
devices [24]. They designed an architecture that consisted of convolutional layers
to extract features, a transformer encoder, and fully connected layers to do
classification. The proposed model achieved strong results in their experiments.
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It is foreseeable that there will be an upcoming trend in implementing transformers
in research on health data and data from wearable sensors because of a trans-
former’s capability of processing various kinds of data and its outstanding general
performances in various tasks.

Deep learning methods are saving a lot of trouble from manually extracting and
selecting features, but they are data hungry. Lin et a/ showed that their handcrafted
features outperformed CNN features in the classification of hepatobiliary phase
magnetic resonance images when the size of the training dataset was small, while
CNN features achieve better classification results as the size of training data is
expanded [25].

3.3 Federated and transfer learning boost performance of health
Al applications

Healthcare-related data collected from wearable devices can potentially contain
sensitive and confidential information like other medical data. It is often not easy to
gather huge amount of medical data to train a deep neural network. There are
several innovative paradigms of training deep neural networks, and these methods
could be the solution to tackle the dilemma about medical data.

Federated learning is a distributed machine learning method which trains a
machine learning algorithm including a deep neural network across multiple edge
nodes that hold data without gathering data together. Edge nodes in the federated
learning network are usually edge devices such as smartphones and wearable devices
or side servers. All data will be kept locally and will not be exposed to either the
central server or other edge nodes. During the training process, each edge node
trains the downloaded machine learning model locally based on its exclusive dataset,
then the update of the model resulting from training is uploaded to the central server
for the later aggregation (figure 3.3). The model in the central server is updated with
consensus after aggregation. The process is repeated until the model is well trained.
In medical Al edge nodes can be wearable devices that constantly collect data from
people or hospitals, medical centers, and institutions that own medical data. This
paradigm is able to train a machine learning model without breaching the
confidentiality of data no matter what kinds of participants are involved as nodes.
Can and Ersoy implemented a federated learning strategy in the task of detecting
mental stress levels with the heart activity data collected from wrist-worn devices
through a multilayer perceptron [26]. Surprisingly, the result of privacy-preserved
federated learning even slightly exceeded the accuracy achieved by combining all
data in a traditional way.

Transfer learning is also a potential option to address the shortage issue of
medical data for machine learning training. The idea of transfer learning is about
immigrating the knowledge learned from task A into a relevant task B so that the
learning procedure does not need to start from scratch. More specifically, when the
pre-trained parameters including weights and biases from the EMG classification
neural network are used for the initialization of the network rather than a random
parameters initialization for EEG classification, and vice versa, the accuracy of
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Figure 3.3. This figure shows the idea of federated learning. The machine learning models, or the updates of
models, instead of the data are transmitted over the network, which avoids the exposure of data.

classification is improved because of the similar physical natures between EMG and
EEG [27]. Transfer learning provides the possibility of reducing both the need for
large amount of training data and the need for long training time for training a
complicated machine learning classifier if it can be pre-trained from a related task
(figure 3.4).

Both above-mentioned approaches aim to solve problems in wearable healthcare
so that wearable devices and state-of-the-art machine learning algorithms can help
people to monitor their health status and prevent disease without sacrificing any
privacy or security, and the efficiency of the learning process can be enhanced. There
have already been some interesting attempts of implementing these methods into
real healthcare applications. For instance, FedHealth is a framework that proposes
a learning procedure as presented in Algorithm 3.1 to start with training a CNN
with a limited public dataset and achieve more accurate as well personalized
classification at edge nodes based on federated learning and transfer learning [28].
They firstly implemented the framework in a Parkinson’s disease auxiliary diagnosis
task in which the data was activity signal collected from acceleration and gyroscope
sensors in smartphones.

Algorithm 3.1. The learning procedure of FedHealth.

Input: Data from different users {2, Z», @3, ...Dn}, 1
Output: Personalized user model f,
1: Construct an initial cloud model f; with public datasets
2: Distribute f; to all users
3: Train user models locally
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Figure 3.4. An illustrative learning curve of successful transfer learning. As shown in this example, less training
time is required for transfer learning to reach the threshold performance.

4: Update all user models to the server using homomorphic encryption. Make
models aggregation by averaging all models. Then the server takes this
aggregation model as the updated cloud model g

5: Distribute f”g to all users, then perform transfer learning on each user to get
their personalized model f,

6: Repeat the above procedures with the continuously emerging user data

3.4 Current healthcare applications of AI and wearable technology

The combination of wearable devices and Al has been implemented in many fields,
including telemedicine, health monitoring, and disease prediction. Most wearables
take advantage of the wireless data transmission technology to transfer data from
the devices to users’ smartphones or other platforms. One major advantage of these
devices is that sensor data can be collected constantly. As long as the wearable
device is being worn, data can be collected around the clock. This contrasts with
most clinical measurements in the current healthcare setting, where they are only
performed during each visit. In addition, these devices enable scalability in their
deployment in a healthcare system. Most wearable devices are smart devices that
can collect physiologically relevant data with little human input, as well as advanced
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data processing and digital storage functions. In most cases, the cost of data
generation, processing, storage, and retrieval can be significantly reduced at the
population scale. Furthermore, data can be collected unobtrusively. Patients may
have psychobiological reaction during clinical measurements. The most
notable example is white coat hypertension, in which 15%-30% of patients have
elevated blood pressure when visiting a doctor in a clinic. Such a phenomenon can
result in non-representative blood pressure measurements [29]. On the contrary,
wearable devices enable data collection from patients without them noticing and
without restriction to location, thus avoiding such response.

Telemedicine has become more popular since the COVID-19 pandemic in early
2020. Many physicians and patients around the world have been experimenting with
this new model of healthcare delivery. In the United States, a six-fold increase in
telemedical consultations was observed following the pandemic [30]. Compared to
traditional face-to-face consultations, the major limitation of telemedicine consul-
tations is the inability to make routine clinical measurements across the monitors.
Wearable devices can fill this gap by a remote collection of real-time physiological
data from patients like heart rate, ECG readings, blood oxygen saturation, and
blood glucose and send them to physicians to provide additional real-time
information to facilitate the consultation [31].

Wearable technology is not only helping people cope with the pandemic through
remote medical consultation but also providing the detection of COVID-19 and the
assessment of physical conditions during the infection with the help of Al
technology. Quer et al used wearable sensor data such as resting heart rate, sleep
data, activity data, demographic data such as gender and age, and a multivariate LR
model to detect COVID-19 [32]. An area under the curve of 0.80 was achieved when
both sensor data and self-reported symptom data were involved. Similar research
was published by Mishra et al even earlier to use wearable sensor data like heart
rate, number of steps, and sleep time to detect pre-symptomatic cases of COVID-19
[33]. However, it is also stated that one limitation of the aforementioned research is
that they are not capable of differentiating COVID-19 specifically from other viral
infections [34]. On the other hand, the authors of the same article believed that these
problems could be solved by involving more wearable devices and more kinds of
sensor data to make more comprehensive predictions. Apart from detecting the
infection, Natarajan et a/ made an assessment of physical conditions including
physiological signs and self-reported symptoms of actively infective subjects through
machine learning to predict the need for hospitalization and the illness of on a
specific day [35]. Moreover, COVID-19 is making an impact on people not just
pathologically, but behaviorally as well. Sun et a/ analyzed data from smartphones
and wearable devices to monitor people’s behavioral changes under non-pharma-
ceutical interventions like social distancing and lockdown during the pandemic [36].
Besides application to screening of infectious diseases such as COVID-19, the
combination of wearable technology and Al technology can help people to prevent
and monitor disease extensively.

Earlier detection and treatment of a disease is often preferred. One of the
strengths of wearables is the ability to establish individualized baseline levels.
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Deviations from baseline can be utilized as potential signals of early disease
detection, instead of using population-based reference intervals. Individualized
baseline allows disease screening algorithms to account for normal biological
variations within the population. For instance, a large-scale study in the United
States using Fitbit wearable identified that elevation of resting heart rate and longer
sleep time by 0.5 to 1 standard deviations of baseline are significant predictors of
influenza-like illnesses, indicating that the potential of using wearable-based
physiological data to predict disease state individually and even influenza outbreak
within a population [37].

Patients with chronic conditions like hypertension and diabetes need regular
checking of their health status. Conventionally, many patients need to use logbooks
to record their daily health status, like blood pressure and blood glucose in the case
of patients with hypertension and diabetes, respectively. The major drawback of this
practice is the assumption that patients are compliant enough to keep a daily habit
to record their health regularly at a specific time. Through leveraging the unique
characteristics of wearables to collect continuous and unobstructed data, hundreds
or even thousands of data samples can be collected without the patients noticing, be
they awake or asleep. Also, wearables enable the detection of real-time dynamic
changes of physiological parameters, such as changes in blood glucose level after a
meal for diabetic control [38]. Altogether, studies found out that continuous glucose
monitoring (CGM) promotes better glycemic and weight controls and induces
behavioral changes in diabetic patients [39]. In recent literature, the use of CGM has
also demonstrated the early and more sensitive detection of impaired glucose
homeostasis [40]. For example, severe glucose variability was present in 25% of
normoglycemic individuals, and within this subgroup, glucose reached prediabetic
or diabetic glucose levels 15% and 2% of the time, respectively. Different ‘gluco-
types’ could be uncovered revealing more understanding about the disease.

3.5 Practical considerations, challenges, and future of wearable
technologies in healthcare

There are many factors that determine the successful application of wearable devices
in practical healthcare settings. An important consideration of incorporating
wearable devices into an existing healthcare system is to ensure the devices are
used by patients in a sustained manner. Studies have shown that the more patients
understand their own conditions, the more likely they will be to change their
behavior in a positive way [41]. Wearable devices offer an opportunity for patients to
visualize and monitor their real-time health data, instead of physicians recording
them in patients’ medical records. As a result, patients can have a better under-
standing of their current health status, which translates to more incentives to
improve their health by actively changing their health behaviors [41].

Switching to physicians, how to streamline the use of wearable devices into their
existing clinical practice is the focus. Continuous and scalable data from wearables
implies a high volume of data, which may lead to information overload. Without a
way to reliably identify clinically meaningful signals, the sheer volume of data can be
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a source of burden to physicians in their clinical decision-making process. Hence, a
smart system is invaluable here to highlight parts of the data that are of potential
yield to reduce the time spent by physicians to analyze the entire dataset [42].
Another direction is to consider whether to accept wearable device findings as a part
of the electronic health records (EHR) of patients. An integrated EHR is increas-
ingly implemented to facilitate better communication and retrieval of a patient’s
medical record among healthcare providers. If local health authorities grant
permission to include wearable device records as part of the routine entries, it
enables viewing and use of wearable device data by multiple health centers when
patients go from one clinic or hospital to another, thus facilitating long-term
continuous care [43].

In designing any system that involves sharing of wearable device data, privacy
issues must be considered carefully. The concept of decentralized blockchain was
initially proposed by Nakamoto together with the digital currency Bitcoin [44]. A
blockchain can be simplified as a growing chain of records which is designed to be
immutable and timestamped, and identical copies of the chain are owned by each
node in the network. This decentralized and distributed structure and the crypto-
graphic way of appending content to the chain can achieve an equivalence among all
participants as well as the preservation of privacy. Azaria et al applied blockchain
technology into their decentralized EHR management system MedRec to manage
sensitive medical information under cryptographic protocols [45]. They explored a
blockchain-based structure to attain confidentiality, immutability, and transparency
of the communication in the system. Apart from data management, implementing
cryptographic technologies in the decentralized machine learning has also been
brought to the fore as the recent introduction of Swarm Learning [46]. Similar to
federated learning, parameters of machine learning models are transmitted in the
system to alleviate the need of explicit data sharing. Moreover, Swarm Learning
introduces blockchain into the system to equalize all nodes in the network and secure
the communication, accordingly excluding the need for a central custodian.

Currently, many health-related wearable devices or related applications are listed
under the umbrella group of ‘wellness’ or “fitness’, rather than ‘medical’. One of the
main driving forces of such phenomenon is ‘wellness’ or ‘fitness’ applications face
lower regulatory barriers compared to ‘medical’ applications, which leads to an
easier path to the market. Loose regulations in the long run may cause misuse of
such products, which may result in unintended harmful consequences to the user.
For example, some individuals may overinterpret the so-called abnormal findings
generated by these applications, leading to unnecessary anxiety and medical check-
up. The World Health Organization and the UK National Institute for Health and
Care Excellence have seen this threat and established guidelines on digital health
interventions [47].

On the other hand, physicians may not be prepared for consultations based on
‘abnormal’ findings from a wearable device, because wearable technology is not a
standard part of the medical school curriculum. Whether to consider these findings
as clinically relevant and how to interpret these results can be a great challenge to
physicians without prior knowledge and experience. Technology companies may
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have to provide more clinically relevant guides for physicians to understand the
piece of technology and incorporate it in clinical practice. Performing rigorous
analytical, test-retest repeatability, robustness and clinical validation from regu-
latory authorities like the Food and Drug Administration can enhance the
confidence of both patients and physicians.

The high volume of data presents a challenge to storage, security, and privacy.
Traditionally, patients’ sensitive information is safely stored and managed within by
the healthcare sector. However, in the case of wearable technology, a third party,
usually a health technology company, may be involved in data transfer and
management. It is possible that sensitive information can be leaked along any
part of the data transfer pipeline, should there be any loopholes in data security or if
the relevant technology companies lack creditability and transparency. A small-scale
survey done in the United States showed that half of the respondents did not
acknowledge the associated privacy risks when using wearable devices [48]. More
public education in this aspect would be necessary.

It is of concern that wearables may be a source of health inequality. A
commercial-grade smartwatch can cost a few hundred US dollars, and around
half of the mobile health apps do not come free of charge [49]. Also, since the use of
wearable technology requires stable access to the Internet and a moderate level of
technological literacy, users of these smart devices tend to be younger, having higher
educational levels and socioeconomic status. This implies that disadvantaged groups
like the elderly and those of lower socioeconomic status are less likely to benefit from
wearables, and the inverse care law may set in to exacerbate health inequality, that
1s, individuals who are more in need of healthcare resources tend to receive fewer.

Optimal incorporation of wearables in the clinical setting requires multidiscipli-
nary collaboration between healthcare and technology experts to foster more
standardized guidelines and regulations to improve the acceptance, usability, and
interpretability of wearable technology in clinical practice. As a rule of thumb,
healthcare practitioners shall always observe the ‘do no harm’ principle to decide
how best to incorporate Al-enabled wearable technology into any healthcare setting.
Regardless, there are enormous opportunities ahead.
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Chapter 4

Artificial intelligence in dentistry and oral health

Mahdis Khodadadi, Ying Ye, Ghazal Aarabi, Edmond Ho Nang Pow, Walter Yu Hang
Lam, James Kit Hon Tsoi and Mohamad Koohi-Moghadam

Recent years have seen an increase in interest in the advancement of artificial
intelligence (AI) across all fields of science. Al is a general term that refers to the
ability of a machine to learn and react in the same way that a human does. Al-based
systems are trained to perform a variety of tasks rationally without the need for
specific programming. These intelligent platforms are widely used in real-world
applications like image processing, text mining, and voice recognition [1]. Moreover,
by incorporating Al into healthcare, we can improve the performance of disease
diagnosis, treatment planning, and development of new drugs or protocols [2].
Disease diagnosis and treatment planning using AI may become less expensive and
more widely available in the near future. Through Al, machines can learn from big
patient data samples to determine the fundamental characteristics of each patient,
allowing clinicians to diagnose disease in early stages. Some eye-catching examples
of Al in healthcare include brain tumor detection via MRI, retinopathy detection via
eye images, and cardiac health assessment via electrocardiograms [3].

Dentistry and oral health, like other healthcare fields, have benefited from Al Al
has made strides in improving the efficiency of diagnosis and treatment of oral
diseases. With the emergence of advanced dental equipment like intraoral and
extraoral x-ray, cone beam computed tomography (CBCT), three-dimensional (3D)
facial scanning, and intraoral scanner, each patient now has such a large amount of
medical data that manually processing these data is a difficult task. Dentists may
consider a wide range of patient factors when formulating a treatment plan,
including previous medical records, current oral health, and post-treatment con-
ditions. In some cases, their knowledge and experience might be limited in
processing all of these data to make the best decision. Here, Al can assist dentists
in making more precise clinical decisions. When applied to dentistry, Al has the
potential to significantly improve patient care and transform the oral healthcare
industry. In recent years, Al models have been proposed to better understand the
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interaction between humans and digital technology in the clinical setting, emphasiz-
ing their adaptive and supplementary roles for dental professionals. These automatic
approaches are expected to improve the accuracy of diagnosis and treatment,
leading to an efficient workflow for dentists to deal with big digital data. Therefore,
it is critical to maintain a proactive approach to Al to ensure its positive role in
efficient clinical trials.

Machine learning (ML) and deep learning (DL), two major subsets of Al, help in
providing automatic solutions for these applications. ML is a subset of Al that
focuses on the development of intelligent systems via the application of statistical
learning techniques. Without being explicitly coded, ML systems can self-learn and
improve. The term ‘DL’ refers to a subset of ML methods inspired by the human
brain. DL iteratively learns from data by applying successive layers of neural
networks (NNs). DL is particularly advantageous when attempting to learn patterns
from unstructured data like medical images. The primary distinction between ML
and DL is that ML requires some hand-crafted features to operate, whereas DL
extracts all required features from the input data automatically. With the help of
ML and DL, dentists will be able to improve their decision-making in diagnosis and
provide a better treatment plan. These methods contribute to the advancement of
dental and oral health quality in a variety of ways, including image classification,
image segmentation, disease diagnosis and prognosis, operation assessment through
speech recognition, and automatic treatment planning [4]. However, to date, very
few applications of Al has been used in real clinical practice, but its role will grow in
the near future.

4.1 Automatic tooth segmentation

A crucial step in any dental diagnosis and treatment is tooth segmentation to
identify tooth type and location. For example, tooth segmentation is a key step in
computer-aided design (CAD) and computer-aided manufacturing systems for
virtual treatment planning. Manual tooth segmentation is a time-consuming task
that completely relies on specialist expertise, and it is also prone to human error.
Several automated techniques for segmenting and classifying teeth have been
introduced to improve efficiency and accuracy by minimizing manual interven-
tion. Al appears to be useful in automatic segmentation and numbering of teeth
from dental medical images. The use of Al, particularly ML and DL, has sparked
a significant interest in this field. Optical intraoral scans (I0S), 3D CBCT, and 2D
panoramic images are the input clinical data that can be used to train such Al
models (figure 4.1). For example, Zanjani et al introduced a 3D semantic
segmentation of individual teeth and gingiva based on the PointCNN DL [5].
They used 120 IOS from 60 patients to train the model. The model will help to
segment 3D intraoral scan images automatically with a precision of 0.93, a recall
of 0.90, and an intersection over union (IoU) score of 94%. Also, they employed a
Monte Carlo convolutional network with some modifications to segment tooth
instances in the 3D point cloud on the same dataset [6]. Similarly, Tian et a/ used
600 3D scans from dentition plaster models to train a DL model using sparse
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Figure 4.1. Tooth segmentation using deep learning model. The input of the models can be 10S, CBCT, or 2D
panoramic images (DCRF: dynamic conditional random field model, CNN: Convolutional Neural Network,
FPN: Feature Pyramid Networks).

voxel octree and 3D convolution neural networks (CNNs) [7]. A two-level CNN
was utilized for classification, and a three-level CNN was used for segmentation.
The average classification accuracy at levels one and two was 95.96% and 88.06%;
the average tooth segmentation accuracy is stated to be 89.81%. Also, a graph
convolutional neural network (GCNN) has been used to perform segmentation on
the IOS images. Zhang et al acquired 80 3D dental models by intraoral scanners
to perform the segmentation [8]. They implemented a two-stream graph CNN to
be able to learn more discriminative features from the models. These two streams,
namely, C-stream and N-stream, are used parallelly to obtain the features
from coordinates and normal vectors of the dental shape, respectively. Their
model achieved a mean IoU of 88.99%, which outperforms the state-of-the-art
methods.

Besides, CBCT is a powerful voxel-based computer tomography (CT) that is very
commonly used and is being taught at undergraduate-level dentistry at some schools
[9]. Xu et al developed an automatic approach to perform segmentation on the 3D
CBCT scans [10]. They used 1200 3D CBCT images to train a hierarchical DL
model. Following deep CNN segmentation, graph-based label optimization and
edge refinement with an improved version of fuzzy clustering were performed.
Similarly, Cui et al used deep convolutional neural networks (DCNNs) to perform
two-stage tooth identification and segmentation on 3D CBCT [11]. The first stage
involves the extraction of an edge map from 20 CBCT images. The second stage
involves delivering the edge maps to the 3D region proposal network for
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identification and segmentation. Also, a UNet-based model [12] has been used to
perform segmentation on the 3D CBCT images. Lee et al [13] used 102 CBCT
images and trained the model in three phases: first with the teeth sub-volume, then
with teeth-containing slices, and finally with the entire CBCT image. They obtained
a dice value of 0.93 on their test dataset. Furthermore, Lahoud et a/ developed a
feature pyramid network (FPN) DL approach to segment 3D CBCT images [14].
They used 433 CBCT images, including single- and double-rooted teeth, to train
their model. Manual annotation of the training set was performed in MeVisLab [15].

Also, DL models have been used to perform dental segmentation on 2D
panoramic images. Koch ef al used 1500 panoramic images from Lahoud et al
[16] and Silva et al [17] to train a UNet model. Jader et a/ employed mask Region-
based convolutional neural network (R-CNN) to perform the semantic segmenta-
tion on 2D panoramic images [18]. They trained the model using 1500 panoramic
radiographs including ten different categories of buccal images. They used a
transfer-learning approach using a ResNet101 model to build an FPN, and regions
of interest (ROIs) are extracted. Finally, they used a fully connected network to
segment the images pixel-wise. They achieved a 98% accuracy, 88% Fl-score, 94%
precision, 84% recall, and 99% specificity. Similarly, R-CNN with DenseNet and
ResNeSt have been used in multiple research to perform instance segmentation and
detection of teeth on panoramic radiographs [19-23].

There are still some challenges to performing tooth segmentation using ML/DL
models. One of the biggest difficulties with these models is that a tooth viewed from
different angles may look like a completely different shape. Also, sometimes a tooth
can be obstructed by other teeth, which makes it difficult to identify and label using
DL models. Therefore, a sufficient number of training samples is necessary to cover
different viewpoints. To use IOS images as input of the models, it should be noted
that the common file type of I1OS is Standard Tessellation Language (stl), which is a
file format that has used multiple triangles to generate a 3D surface geometry of an
object under a 3D Cartesian coordinate system with arbitrary unit without scale and
contrast. Thus, applying a conversion of stl to voxel (and vice versa) commonly
generates error and deformation, whereas a correction is deemed necessary [24]. The
error between the file format translation should not be neglected, and apparently
many studies have focused on the ML/DL algorithm development but ignored the
error terms, which can be detrimental for any digital translation into clinical practice
[25, 26]. Anyhow, DL approaches showed promise in performing tooth segmenta-
tion in both 3D and 2D images. However, it is still possible to develop more accurate
models by aggregating data from two different sources to build an ensemble
segmentation model [27].

4.2 Al in designing dental crown and dental inlay surface

ML can be used to predict the best structure for the dental crown figure 4.2 [28-30)].
Hwang et al used a generative ML approach to predict the crown structure [31].
They used a 3D IOS of the missing and opposite side teeth to train their model to
predict the customized crown-filled depth. Their dataset contains 1500 training, 1570
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Figure 4.2. Using deep generative models to design crown.

validation, and 243 testing images. Each training sample included a scanned
prepared jaw, a scanned opposing jaw, a gap distance map between the two jaws,
and a crown that was manually designed. They used pix2pix algorithm, which is a
type of generative adversarial network (GAN) model, to predict the 3D structure of
crown. They achieved an IoU of 0.915 on their validation set with mean.

Similarly, Yuan et al benefited from GAN models to reconstruct the tooth
occlusal surface [32]. The dataset was created by generating depth maps of 3D tooth
models scanned with the optical intraoral scanner. The dataset contains 500 samples
for training and 100 additional test samples. Each sample includes depth maps of the
occlusal grooves and their corresponding original teeth. They trained their condi-
tional GAN network in three stages: first, they trained the occlusal groove filter
network and then froze the model. The generator model was then used to determine
the occlusal groove filter loss, and finally, the generator model was used to determine
the tooth crown. The peak signal-to-noise ratio (PSNR) with the highest value was
reported to be 23.3044, while the root mean square error with the lowest value was
0.0697.

Tian et al developed a Wasserstein generative adversarial network (WGAN) with
a specially designed loss measurement to generate a dental inlay surface with
realistic crown details [33]. They acquired a database consisting of 830 dental
samples. Each sample is a 3D dental IOS image obtained by a 3Shape dental
scanner. These data were used later for the training and testing stages of the WGAN.
They showed their approach outperformed the pix2pix method in generating the
dental inlay surface. In another paper, Tian et a/ facilitated a dataset including 780
dental digital dental model samples, each containing an occlusal groove, an occlusal
fingerprint, a preparation tooth, an opposing tooth, a target crown without the
occlusal fingerprint, and a target crown with the occlusal fingerprint [34]. In their
paper, they proposed a dental crown prosthesis restoration generative adversarial
network (DCPR-GAN) which benefits from dental crown prosthesis restoration
framework. Their framework consists of two stages which automatically generate
the crown surface for a defective tooth. They achieved a root mean square between
the generated occlusal surface and the target crown of less than 0.161 mm.

Based on the results of the above studies, it is possible to use a GAN model to
predict the 3D structure of the crown and dental inlay surface with reasonable
accuracy. However, generating a crown with eight to nine cusps is still a challenging
problem that may not be solved by these generative approaches. The far more
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important part of crown design would be the mechanical load together with the
prosthetic materials that can biomechanically relieve the stress from various forms
and directions of forces [35, 36]. Thus, to give a usable Al design with crown or any
other prostheses, a proper in silico evaluation such as a finite element method
[37, 38] might be usable to testify the combination of the design and materials fit for
the patient individually. Moreover, generative approaches typically require more
data to train than regular CNN approaches that have been used in segmentation and
object detection problems. As a result, having enough training samples will be a key
point to use generative models.

4.3 Al in dental implant planning

Efficient planning for dental implant necessitates extensive experience in the field
as well as expert knowledge. As a result, it is becoming more popular to consider
the application of Al in this area. Herein, a study by Bayrakdar et a/ compared the
performance of an Al-assisted system to that of manual dental implant planning
[39]. They first performed all of the standard estimations in implant planning
manually, then compared the results of manual assessment with Al prediction. A
total of 75 CBCT images from patients were examined by oromaxillofacial
radiologists. The jaws were separated and grouped based on different regions,
then canals, sinuses, and fossae were detected, as well as missing teeth.
InvivoDental 6.0 was used to measure bone height and thickness in missing
regions. They used deep CNN trained in the Diagnocat platform to predict the
canal detection and bone length or width computation in missing tooth regions.
They found bone height measurements using a DL approach can be accurate as
human experts, while they found a statistically significant difference between Al
and manual measurements in bone thickness measurements. They had a 72.2%
correct detection rate for canals, a 66.4% correct detection rate for sinuses/fossae,
and a 95.3% correct detection rate for missing tooth regions. The findings indicated
that Al can be useful in the planning of dental implants. Additionally, Gorler and
Akkoyun used a feed-forward artificial neural network (ANN) using the
NeuroSolutions v6.02 software [40]. The ANN was trained using 120 panoramic
CT images to predict the appropriate implant size.

Besides, resolving patients’ implant problems is complicated if the dental implant
device is unknown or if the patient visits a new dentist. As a result, a framework is
needed to classify dental implant systems (DISs) based on minimal or small amounts
of data without relying on the individual’s expertise and knowledge. To boost the
accuracy and speed of recognizing patient implants, Al is attracting the attention of
researchers. Sukegawa et al assessed the effectiveness of five DL models for
classifying DIS [41]. They collected 8859 panoramic x-ray images, between 2005
and 2019, which contained 11 implant systems. A basic CNN with three convolu-
tional layers, VGG16 and VGGI19 transfer-learning models, and finely tuned
VGGI16 and VGG19 were employed for the classification. The researchers evaluated
the performance of models by recall, precision, accuracy, and f-measure. The highest
performance results were from VGGI16 fine-tuning, with a recall, precision,

4-6



Machine Learning, Medical Al and Robotics

VGGI16
GoogLeNet 9
SqueezeNet : !
YOLOV3

OIS

2D Panoramic

Figure 4.3. Deep learning approach for dental implant planning (top), classification of dental implant system
(bottom).

accuracy, and f-measure of 0.907, 0.928, 0.935, and 0.916, respectively. Furthermore,
DL models like SqueezeNet, GoogLeNet, ResNet-18, MobileNet-v2, YOLOvV3, and
ResNet-50 were used by different research groups for DIS classification [42-45]
(figure 4.3).

Based on these studies, the Al system’s results are found to be consistent with
manual measurements in the maxilla molar/premolar and mandible premolar
region. These findings provide hope for the AI platform usability in implant
planning. By incorporating Al into implant planning, dentists will be able to
provide better decision-making and will have a support mechanism in their
implantology practice. The success of Al models in detecting sinus/mandibular
canal and missing teeth, as well as the measurements they provide for implant
planning, boosts this possibility. While the mandibular canal was successfully
determined, it has been reported that the bone height could not be accurately
determined in these regions using Al. To solve these issues, the implant diameter and
thickness should be taken into account during the model’s training phase. Also,
models like GooglLeNet, SqueezeNet, and ResNet-18 can be used to perform DIS
classification. However, one limitation of the aforementioned approaches is that the
majority of them used predefined CNN structure models such as VGG16 and
VGG19. That would be beneficial if more DL algorithms with different structures
were required in the future to solve these problems. Furthermore, image quality and
resolution provided by different equipment will vary; therefore, the performance of
these models on images from different types of equipment will be a key issue.
Developing a model that can detect implants without the need for manual image
cropping, or one that can apply techniques to detect multiple implants at the same
time, would be a more valuable direction for future research.
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4.4 Predicting the lifespan of dental implants

In the early stages of implant design, analyzing aspects that affect dental implant
lifetime and predicting failure is essential. A variety of factors influence the longevity
of implants and reconstruction. Taking all these factors into account to predict the
future state of implants will be a daunting task. Different methods are proposed like
statistical and computational approaches for implant survival prediction. Based on
the papers we reviewed, two general approaches have been used for dental implant
lifespan prediction. A group of papers investigated the predictability of dental
implant failure, while another group prioritized the factors affecting dental implant
survival (figure 4.4).

Hashem et al investigated the longevity of dental restorations using Hebbian
adversarial networks clustering with gradient boosting recurrent neural network
(GBRNN) [46]. The data they used were collected from patients between 1993 and
2003 by reviewing patients’ personal and dental information in a clinical setting,
including both restored and normal patient records. The data were then used to
conduct tests on restorative materials between 2003 and 2011, with 1714 cases
identified having a problem from the dental material filling process. Finally, the
GBRNN method predicted the longevity of dental restorations with an accuracy of
99.27%. Aliaga et al likewise used the same data to examine the longevity of dental
restorations and the most appropriate restoration (amalgam and composite), as well
as to monitor the progress of the dental restoration [47]. To perform the classi-
fication, the model was built using a combination of a Bayesian network (BN) and a
multilayer perceptron NN.

Liu et al conducted a semi-comparison analysis with a few ML classifiers in order
to develop a prediction model for early warning of dental implant failure [48].
Medical data from 681 patients with 1034 fixture implants were collected from
electronic medical records, dental implant surgery records, prosthodontic treatment
records, and automated x-ray interpretation. WEKA [49] was used to perform
classification using decision trees (DT), support vector machines (SVMs), logistic
regressions (LR ), and classifier ensembles (i.e. Bagging and AdaBoost). The AUC of
0.741 was obtained by DT using bagging and AdaBoost techniques. Yamaguchi
et al obtained 8640 2D images from stereolithography models scanned by an oral
scanner [50]. Moreover, Ha et al studied different factors influencing the prognosis
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- Type of implant

Input features

Figure 4.4. Lifespan prediction of the dental implant.
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of dental implants [51]. They obtained the data through a 1-year systematic search of
chart files at Seoul National University Bundang Hospital. In this period, 667
implants were placed in 198 patients following consultation with a prosthodontist,
and a year later, the researchers evaluated the implant’s position, characteristics,
and biomechanical aspects related to the outcome. The data were analyzed using a
DT model and an SVM, and the mesio-distal location was discovered to be the most
important factor for the prognosis with an accuracy of 93%. These studies show that
ML/DL approaches can be used to predict the failure of dental implants. However,
in order to have robust models, it is necessary to use patient behavioral variables
such as alcohol consumption and smoking in addition to clinical and oral situation
variables to train the model [53]. Also, using features from different time points
would be beneficial to train a more robust model.

4.5 Al to identify marginal bone loss prediction

Peri-implant bone tissue and marginal bone absorption around the implant influence
the early stability and longevity of dental implants. In the first year of implementa-
tion, marginal bone loss (MBL) of less than 1.5-2.0 mm is considered an
acceptable norm for implant performance. The MBL assessment using radiographs
is a reliable method for examining implant success. However, there is still no reliable
tool for predicting the incidence of MBL and the survival rate of implants.
Accordingly, Kim et al developed a DCNN to detect periodontal bone loss (PBL)
in panoramic dental radiographs [52]. They collected 12 179 panoramic dental
radiographs from the Korea University Anam Hospital. They used DentNet, which
is based on DCNN and transfer learning for PBL detection. The proposed method
detects PBL in all tooth styles and outperforms human experts with an F1-score of
0.75. Chang et al further proposed a hybrid system for the classification of PBL of
each individual tooth from panoramic radiographs that combines DL and tradi-
tional CAD processing [53]. A total of 340 panoramic dental radiographs were
acquired in 2018 at Seoul National University Dental Hospital. The researchers also
performed data augmentation to increase the number of images for the DL
architecture. They created a DL architecture based on R-CNN that includes two
stages: identifying ROI and extracting features from the ROIs for classification.
They achieved the Jaccard index, pixel accuracy, and dice coefficient values of 0.92,
0.93, and 0.88, respectively, for the detection of periodontal bone level (figure 4.5).

2D Panoramic

Figure 4.5. Using deep learning to predict MBL.
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Similarly, Krois et al trained a CNN model with 1456 panoramic images and
validated it with 353 images [54]. The mean classification accuracy, sensitivity, and
specificity were 0.81 (0.02), 0.81 (0.04), and 0.81 (0.05), respectively, demonstrating
outstanding efficiency compared to experts’ identification of PBL in panoramic
radiographs. Thanathornwong and Suebnukarn also used DL to identify perio-
dontally affected teeth on panoramic radiographs [55]. Based on the ResNet
architecture, they built a faster regional CNN. They gathered 100 panoramic
radiographs and obtained the ground truth for the images by annotating the images
with periodontal experts. They achieved relatively significant results with an average
precision rate of 0.81, an average recall rate of 0.80, a sensitivity of 0.84, a specificity
of 0.88, and an f~measure of 0.81. Lee et a/ developed a computer-assisted system to
diagnose and predict periodontally compromised teeth (PCT) [56]. Three perio-
dontists examined the images and categorized them to determine the PCT severity.
The images were also resized and cropped. They adopted the VGG19 to preprocess
the data to perform image augmentation. Deep CNN architecture was achieved the
diagnostic accuracy for PCT of 81.0% for premolars and 76.7% for molars. Zhang
et al investigated the use of ML for predicting the frequency of extreme MBL [57].
They included CBCT photos of 81 subjects, 41 of whom had significant MBL. To
predict the MBL, SVM, ANN, LR, and random forest (RF) models were used. The
SVM model achieved the best results, with an AUC of 0.967, a sensitivity of 91.67%,
and an accuracy of 1.

Based on our review, radiograph images can be used to train DL models to
predict MBL and PBL. Some studies used panoramic dental radiographs to train
their models. Panoramic dental radiographs have a large field of view, resulting in
low resolution for individual teeth. This makes it more difficult to detect local
morphological changes of bone loss, and consequently, the model’s overall
sensitivity performance will be lower than expected. Additionally, the trained model
for MBL and PBL prediction may not be accurate enough for all tooth types due to
the lack of training data for a specific tooth. Thus, clinical validation is required
to determine whether using panoramic images is possible to train a DL model to
predict MBL and PBL.

4.6 Al for early diagnosis of oral cancer

Oral cancer is a subset of head and neck cancers, which are frequently regarded as a
difficult disease with a complicated etiology [58]. This type of cancer is usually
diagnosed in the late stages, which makes the treatment planning complicated when
detected. Therefore, an automated approach for early diagnosis would be great [59].
Fu et al have investigated the use of DL in the early detection of oral cancer [60].
They employed DL CNN model to identify patients with oral cavity squamous cell
carcinoma by processing their photographic images. They collected their data from
11 hospitals from 2006 to 2019. This dataset was used for training and external
validation of the approach. They also collected an external dataset from six dentistry
and oral surgery journals. An automated, cascading DL algorithm was used to
execute the detection. Their validation showed significantly better results in
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Figure 4.6. Using deep learning model to identify oral cancer lesions automatically.

comparison with seven other oral cancer specialists. They achieved an AUC of 0.980
and 0.935 for the clinical and validation datasets, respectively. This algorithm can
serve as a trained assistant in the early detection of oral cancer, which is crucial in
oral cancer treatment planning (figure 4.6).

Uthoft et al developed a deep CNN to detect cancerous and precancerous lesions
using 170 autofluorescence images and white light images [61]. They developed a
smartphone application to use their AI model, which makes their model more
accessible to use. They compared their results with expertise’s diagnosis, which
showed the high capability of CNN in this field. They achieved an 85% sensitivity
and 88.75% specificity. Also, hyperspectral imaging has been used to build CNN
models for early diagnosis of oral cancer [62]. The model, after training, could
classify the images as benign or malignant. The authors proposed a regression-based
partitioned CNN learning algorithm for such complex images, which showed high
classification quality in comparison with the traditional medical image classification
algorithms. They reported an accuracy of 91.4%, a sensitivity of 94%, and a
specificity of 91%.

Al will significantly alter studies on the early diagnosis of oral cancer, hence
improving clinical practice in general. Al has been discovered to be promising in
terms of improving the diagnostic procedure. Incorporation of Al with smartphone
applications will help to provide a teledentistry-based platform for early diagnosis of
oral cancers, which will be helpful in remote areas or poor countries.

4.7 Al in cariology and endodontics

In endodontics, Al can be applied in clinical applications like diagnosis, treatment,
and disease prediction [63, 64]. Al models are intended to guide and support dentists
to provide better clinical practice. Setzer et al developed a U-Net based CNN model
to detect periapical lesions from CBCT images [65]. A lesion detection accuracy of
0.93 and a specificity of 0.88 were achieved using this model. Moreover, Hiraiwa
et al adopted a pretrained CNN structure (AlexNet) to identify root morphologies
using panoramic CBCT images [66]. The system evaluates the images to identify
whether there is a single or multiple roots. They compared the system’s performance
with the identification of two radiologists and reported an accuracy of 86.9%.
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Hung et al developed a DL system which identifies root caries using 15 factors
related to personal, nutrition, lifestyle, and clinical factors [67]. Different ML models
were employed to classify the data into absence and presence of root caries. Among
these models, SVM showed the best performance, with an accuracy of 97.1%.
Also, Al models have been used for the prediction of the difficulty of endodontic
cases. Mallishery et al [68] collected the data of 500 patients using the standard
American Association of Endodontists endodontic case difficulty assessment form.
Two endodontists have assessed the filled forms and extracted training features from
them. SVM and the deep NN were trained using the extracted features. They reported an
accuracy of 94.96%, which makes the importance of Al in this field clear. Al in
endodontics could help with clinical applications, such as detecting periapical pathosis,
detecting root fractures, determining the difficulty of endodontic cases, and predicting
dental caries. It seems that Al could replace the conventional prediction methods and
increase the speed of the procedure. It is still important for high-quality research to look
at how Al works in terms of reliability, applicability, legal and ethical issues, and costs.

4.8 Al in orthodontics

Orthodontic treatments are typically lengthy, lasting an average of roughly
29 months. Also, choosing the best treatment plan in the field of orthodontics is
often dependent on the practitioner’s experience. The introduction of ML techni-
ques can assist in saving time and energy and provide a better treatment plan in
orthodontic treatment. Thanathornwong collected 15 orthodontic treatment varia-
bles from existing commonly used indexes (Index of Orthodontic Treatment Need
(IOTN), Dental Aesthetic Index (DAI), and Index of Complexity, Outcome and
Need (ICON)), which included missing teeth, overjet, overbite, anterior openbite,
posterior openbite, diastema, anterior crossbite, posterior crossbite, anterior dis-
placement, posterior displacement, supernumerary tooth, ectopic eruption, anterior-
posterior molar relationship, upper lip to E-line, and lower lip to E-line [69]. They
collected these features for around 1000 patients who were between 14 and 19 years
old. Then, the BN learning algorithm was used on the training dataset to develop a
model that assists the experts in orthodontic treatments. They evaluated their system
by the evaluation set and compared the results with two human experts. The model
showed a high degree of agreement with the two orthodontists.

Murata et al have developed a DL model for automated diagnostic imaging for
orthodontic treatment [70]. The system includes a CNN and an RNN, which enables
the system to classify the facial images of patients in a multi-label approach. The
model helps to take all the facial features into account without increasing the
operation requirements. They used the 352 frontal facial images of patients labeled
by dentists and their students. However, regarding the low number of images and the
training complexity of the system, it still needs improvement by acquiring more
training images. So, it does not satisfy the practical applications yet, but it shows the
possibility of using DL models to pace up the orthodontics planning process.

Al can also assist orthodontics in treatment timing. Kok et al employed Al
techniques on cephalometric radiographs to detect cervical vertebrae stages (CVS) as
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a factor of growth and development of individuals [71]. They obtained radiographs
from 300 individuals ranging in age from 8 to 17. They implemented seven different
frequently used Al algorithms and eventually compared their performances. In this
study, k-nearest neighbors (k-NN), naive Bayes, DT (Tree), ANNs, SVM, RF, and
LR algorithms are used. They reported that the ANN had the highest accuracy in
determining CVS, so it could be considered a suitable method for the initiation time
of orthodontic treatment. Moreover, Al has shown advantages in evaluating the
aesthetic outcome of orthodontics. Patcas et al collected 2164 pre- and post-
treatment photographs from 146 patients [72]. They developed a model based on
CNNs that consists of two major steps: face detection and then predicting the
apparent age and facial attraction. They also took advantage of transfer learning to
achieve higher accuracy in predictions. Their results showed the model helped
improve facial attraction after orthodontic treatment.

4.9 Prosthesis color matching

The implant-based restoration treatment will only be satisfying if the dental implants
and prostheses have a pleasing aesthetic appearance. As a result, color selection is
critical in the construction of dental implants and maxillofacial prostheses. In most
cases, shade matching is based on a set of decisions made by the dentist, the patient,
and a technician. As the color selection is based solely on visual assessments made
with the naked eye, it is indefinite and unappealing. Using Al and digital dentistry
will not only speed up the process but will also result in more accurate shade
matching.

Kim et al have developed a SVM digital shade matching device for dental color
assessment [73]. They used an optical intraoral scanner to collect 3D color images of
teeth. The 3D shade information was extracted and given a total of 35 color
information sets. SVM was used to analyze the data to classify the color groups
within each shade tab for the purpose of performing the color matching process.
Using this approach, they achieved a match rate of more than 90%. Other
classification algorithms, such as LR, RF, and k-NN, were also used to validate
the results of the SVM. Additionally, as a manual shade matching algorithm, the
Euclidean distance between representative colors of shade tabs in the database and
the measured color was evaluated. The Euclidean distance was also used to compare
representative colors between the Al-suggested and manual coloring (figure 4.7).
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Figure 4.7. Automatic prosthesis color matching using machine learning models.
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Besides, Chen et al suggested a shade matching method that included a fuzzy
decision algorithm as the final stage [74]. They photographed each Vita 3D-Master
shade tab using a digital camera. They provided several datasets, each of which
contained 26 tagged images. They quantified each image’s PSNR, structural
similarity index, composite PSNR, and special international commission on
illumination (S-CIELAB). Then, they used the fuzzy decision model to determine
the optimal dental color for the teeth. They achieved a 99.78 percent accuracy rate.
Justiawan et al performed a further comparative analysis between the color
matching systems [75]. They set the VitaPan dental shade guide, which consists of
16 colors with standard real data parameters as the shade benchmark. Furthermore,
they used a digital camera to capture various general dental photographs of patients
and extracted the RGB and HSV. Following that, moment invariant was used to
achieve the color function of the teeth. Finally, the .-NN, NN, and DT algorithms
were used to define and classify these features into 16 different forms of dental shade.
In the RGB characteristic, the best result obtained by the A-NN algorithm was
97.5%.

Color matching is also important in the case of maxillofacial prostheses because it
has a direct impact on the patient’s esthetical appearance. Mine et al suggested a
coloration support system for maxillofacial prostheses construction to improve color
matching [76]. They made 52 silicone elastomer samples of various colors by hand
and used a spectrophotometer to calculate their CIE color space detail. They then
used an ANN-based DL algorithm and an RF algorithm to predict the compound-
ing quantities of four pigments. For the validation step, they compared the
parameters of five participants’ real skin colors with the silicone elastomer samples
provided by the CIEDE2000 color comparison system. The color differences were
3.45 + 0.87 (ANN) and 5.54 + 1.41 (RF), indicating that the deep ANN approach
performed better. According to these studies, ML/DL approaches can be used as an
alternative to commercially available color matching systems for selecting the color
of maxillofacial prostheses. However, the models we reviewed were designed
primarily for use with a personal computer. These models can be extended to be
used on mobile applications to make them more cost-effective and accessible to
everyone in daily practices.

4.10 Predicting facial changes

Changes in facial appearance and soft tissues occur after maxillofacial surgery,
maxillofacial prostheses, and full denture implementation. The post-facial appear-
ance is critical to the patient’s facial aesthetic and satisfaction. To obtain a
satisfactory outcome, dentists and clinicians must predict the likely facial deforma-
tion, which is currently based on the dentist’s experience and subjective opinion
rather than an accurate prediction method.

Patcas et al aimed to improve facial appearance prediction in cleft patients after
treatment [77]. They used a pretrained VGG16 to predict the facial attractiveness of
cleft patients. They took frontal and left-sided photographs of each patient and
divided them into two groups: those taken 0.5-2 years after treatment for cleft
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Figure 4.8. Facial change prediction using machine learning models.

patients and those taken 3-5 years after treatment for control patients. The VGG16
model identified the patients’ faces in photographs first and then predicted their
attractiveness. They also compared the model’s results with three different scoring:
layperson, orthodontists, and oral surgeons. Patcas et al used Al to study the effect
of orthognathic treatment on facial attractiveness and age estimation [72]. They
collected 2164 pre- and post-treatment photographs of 146 consecutive orthognathic
surgery patients. All images contained the data about sex, age, malocclusion, and
performed surgery. VGG16 architecture was employed to predict the attractiveness
of the face and was trained on more than 0.5 million images from the public
databases. For age estimation, the network was trained on APPA-REAL face
images with age labels. Finally, the pretrained network was adjusted on the Chicago
Face Dataset. The results indicated that most of the faces were more attractive after
treatment and age estimations (figure 4.8).

Moreover, Yuan et al used a back-propagation NN to predict aesthetic facial
deformation after complete denture insertion [78]. They collected facial scans from
ten patients at the Peking University School of Stomatology’s Department of
Prosthodontics in Beijing, China. All patients underwent complete denture insertion.
They extracted the external borderlines of the deformation areas and also measured
the corresponding key features of the face. Their approach included developing a
virtual prediction software module using a back-propagation NN and Laplacian
deformation algorithm.

Also, Cheng et al proposed a method for predicting facial deformation following
total denture implantation [79]. The data were obtained from the School of
Stomatology, Peking University, containing 48 sets of facial models. All of the
sets include both pre-treatment edentulous state and post-treatment dentigerous
state. Face Scan 3D facial scanner, produced by 3D Shape, was used to collecting
the facial models. Researchers applied principal component analysis (PCA) on the
3D point cloud data to reduce the feature dimension. The final model is an elastic
deformation prediction model for complex skin tissue that is built using PCA
output. Using this approach, the maximum deviation range between the prediction
data and the facial model after treatment was 2.365 mm.

Attractiveness is often characterized as the ability to stimulate the observer’s
attention and desire, and as such, subjectivity is an intrinsic aspect of the definition.
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Each person has his own reflection of its observation, whether experts or laypeople,
and it would be hard to verify a person’s judgment based on the conclusions of
another. Similarly, Al-based metrics are a representation of a specific perspective
that cannot be confirmed by comparison. As a result, DL-based findings cannot
completely replace human judgment about attractiveness. However, using the DL
approach will help to provide some rating for social attractiveness, which will be
helpful to provide an independent assistant for attractiveness measurement.

4.11 Discussion and limitation

According to our findings, Al technology has had a significant impact on dentistry
and oral health, and its role will grow in the near future. Dentists will be able to
improve their decision-making and provide a better treatment plan with the help of
ML and DL models. However, the potential errors in AI models should be
considered when using them in clinical settings. Indeed, to date, no study has shown
that Al has been put into real clinical practice. According to our review, Al models
performed well in tooth and canal segmentation, teeth numbering, DIS classifica-
tion, prosthesis color matching, and predicting dental implant lifespan. Some
applications, such as crown design and facial deformation prediction, still require
more robust models. Close collaboration among dentists, researchers, and engineers
will aid in the development of more robust models for these applications. It will be
beneficial to establish clinical trials in order to evaluate models and reduce the risk of
Al errors for these applications.

DL models are usually data hungry, and having enough training data is necessary
to build a robust model. Lack of enough training data may lead to the underfitting
or overfitting the models. In some articles we reviewed, the author used a narrow
number samples to train the models. They reported a good performance from their
model, but it is important to consider that the reported accuracy is on the within-
sample validation dataset, or they used an unseen independent validation dataset.
Using within-sample validation on the small training dataset may not be enough to
evaluate a model, as the model may overfit with the training dataset.

Furthermore, the quality of the input training data will have a significant impact
on the model’s performance. Even the most robust model will be unable to handle
noisy and artifact-ridden images. As a result, the quality of the original images, as
well as the quality of the image annotation, will have a significant impact on the
model’s final accuracy. As a result, clinicians must understand the data annotation
procedure in order to provide high-quality training datasets. The majority of the
articles we reviewed did not specify exactly how they performed data annotation.
Providing data annotation details will aid in reproducing the results and better
understanding about the preparing the data to feed into the model.

Furthermore, when developing Al models, generalizability is a critical factor. A
generalized Al model can perform well on samples not included in the training/
validation dataset. This can be used to train a model on samples from one clinic,
which could then be used to predict data from other clinics. However, developing a
fully generalized AI model for medical applications is a difficult task that remains
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unsolved in the research community. For generative models like GAN, general-
izability will be a more important issue because these models are typically biased to
generate new samples based only on the features they see in their training dataset.
Despite some limitations in the AI models developed for these applications, we
believe Al will assist dentists in providing better patient care in the fields of
prosthodontics and implantology.
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Chapter 5

Artificial intelligence applications in pathology

Ronald C K Chan, Curtis C K To, Nike Kwai Cheung Lau, Yeow Kuan Chong,
Alfred L H Lee and Christopher K C Lai

Pathology is the study of diseases, and in the era of laboratory base medicine,
pathologists have an important role in clinical care to identify and stage diseases,
guide treatment, and manage laboratories of different disciplines. Pathology is a
heavily data-driven speciality and at the same time deals with a wide disease
spectrum. Different disciplines of pathology deal with vastly varying data types,
incorporating the clinical information, to render a diagnosis. Tremendous work has
been done to harness the power of artificial intelligence (Al) into different disciplines
of clinical pathology in practice.

Similar to laboratory arrangements in clinical practice, this chapter is separated
into three sections. Section 5.1 focuses on histopathology and cytology and the
impact brought by advances in image analysis. Section 5.2 focuses on chemical
pathology and the use of a gigantic volume of digitalized structured patient data.
Section 5.3 focuses on clinical microbiology and its application in the management
of infectious diseases.

5.1 Histopathology and cytopathology—new era in image analysis
5.1.1 What are histopathology and cytology?

Histopathology and cytology are branches of pathology that investigate human
tissue and cells. The specimens are removed by clinicians through biopsies or
surgeries. The removed tissue and cells are made into glass slides and then observed
microscopically by pathologists and cytologists. Diagnoses can be made in the
majority of specimens at this stage. Some specimens require histochemical stains and
immunohistochemical stains to demonstrate the presence of certain biochemical
molecules (such as elastic fiber, mucin, melanin, etc) and antigens. They can offer
clues to tissue differentiation and target therapy responses. A tiny subset of cases
would require molecular tests to look for mutations and translocations.
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5.1.2 Whole slide imaging as a new form of medical image

For the last century, histopathology and cytopathology have been built on the
interpretation of tissue and cells mount on glass slides under microscopes. The
unique format, high magnification, and huge tissue area have limited development
of image analysis. In early 2000, advances in image acquisition techniques enabled
Leica to make whole slide imaging (WSI) possible in 2004 [1]. To produce a WSI, a
glass slide is scanned by a microscope with a motorized stage, patch by patch or line
by line (see figure 5.1). The microscope must precisely scan through all slide areas at
the correct focal length. Cytology specimens pose a greater challenge for auto-focus
systems, as cytology specimens were whole mounted and cell clusters can be up to
10 pm in thickness, compared with formalin-fixed paraffin-embedded sections used
in histology that are microtomed (thinly sliced) at 0.4 pm in thickness. The scanned
images are scanned at 0.1-0.5 pm per pixel, and the entire slide area can be up to
200 000 x 100 000 pixels, a size far exceeding usual photography and even radiology
images. If multiple layers have been scanned at different focal lengths to accom-
modate thick cytology specimens, a technique known as z-stack, the scanned files
will be even larger.

5.1.2.1 Files and file types

All the acquired images are then compiled into a computer file that contains all
images at various magnifications with headers containing information of the scan
run. Unfortunately, scanner manufacturers, around a dozen at the time of writing,
have not agreed on the file format and use various proprietary files formats. Most
vendors provide software and sometimes cloud-based solutions, but large deploy-
ment sites with different machines usually will have difficulties in interoperability
between different machines. Multiple projects (such as open microscopy environ-
ment (OME) and bio formats) have developed libraries and plugins to facilitate file
input and output operation into non-vendor-specific pipelines. An array of software,
both in proprietary and in open domains, have been developed for different uses.

Aperio ImageScope, Zeiss ZEN,

Various vendor provided software hamamatsu NDP.view2...

Image analysis QuPath [2])/ImageJ (with bio formats
plugin)

Image annotation QuPath/ASAP (Automated Slide Analysis
Platform) [3]

Image viewing and hosting Pathomation PMA .studio

Libraries to extract data in OpenSlide [4]/bioformats [5]

programming environment
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Figure 5.1. Tile scanning vs line scanning.

5.1.3 Common image processing techniques used in WSI analysis

Recent advancements in Al have been made possible with the prevalence of large-
scale datasets and processing power, in particular parallel processing power enabled
by graphics processing units (GPUs). The recent advancement in performance of Al
in the field of medicine is an amazing feat and a testament of its flexibility. This
section illustrates important considerations when planning to develop Al-based
image analysis system on WSI images.
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Figure 5.2. Visual representation of the different types of image analysis. (P(Stroma): Predicted probability of
the image being the class Stroma). [126] John Wiley & Sons. © 2022 John Wiley & Sons Ltd.

5.1.3.1 Objective of image analysis in the context of pathology

There are several approaches for image analysis in pathology. The classical
approach is to predict the label of an image, expressed in probability values of
that image belonging to pre-defined classes. Another approach is to detect an object,
roughly localizing meaningful objects within an image. For amorphous shapes, such
as cancer area, segmentation, which outlines detection area at a pixel level, is a more
precise approach than object detection. Finally, instance segmentation combines the
best of the two and produces a high precision mask as well as instance count
(figure 5.2).

5.1.3.2 Handcrafted features

Prior to the availability of powerful GPUs and modern deep learning architectures,
machine learning algorithms could be trained to predict based on handcrafted
cellular features known to be of importance. A classical dataset known as Breast
Cancer Wisconsin (Diagnostic) Data Set [6] contained cell nuclear features such as
radius, texture, concavity, etc, in a table of floating-point numbers. It contains 357
cases of benign and 212 cases of cancer cells. The original paper in 1992 reported a
ten-fold cross-validation accuracy of 97% by multi-surface method-tree (MSMT)
using just three nuclear features out of thirty. Hand-selecting and extracting useful
features requires domain-specific knowledge. It is also a good deal of work to define,
measure, and record the roundness or cavity of each cell under a microscope.

5.1.3.3 Alternatives to hand crafted features

It is difficult to design features for computer vision problems. For example, to teach
a computer to identify whether a dog is in image, one might handcraft features such
as number of legs, number of tails, etc. This approach works if the task is to
distinguish pictures of humans versus pictures of dogs. However, these features are
not useful once cat pictures are thrown into the mix. Deep learning models take an
image as input and find the best filter/kernels to perform classification or segmenta-
tion tasks. The feature maps are generated automatically, so it is more flexible in
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Figure 5.3. Simplified schematic diagram of a deep learning model.
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Figure 5.4. Accuracy in image classification using ImageNet data of different common architectures. Data
from https://keras.io/api/applications/.

tackling different tasks. Various models architectures have been developed for
different purposes using different input formats. A typical deep learning model
consists of an input layer, multiple hidden layers, and an output layer (figure 5.3).

In general, model performance on training data can be improved by increasing
the number of hidden layers, known as depth. However, the yield of further
increasing depth is limited while increasing the risk of overfitting and requirements
in computing resources. Modern model architectures contain dozens to more than a
hundred layers (see figure 5.4). Readers are recommended to refer to ‘Hands-On
Machine Learning with Scikit-Learn and TensorFlow: Concepts, Tools, and
Techniques to Build Intelligent Systems’ [7] by Aurélien Géron for detailed
discussion on how each architecture works.
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Figure 5.5. The filters extracted from hidden layers of the deep neural network are often difficult to
understand.

Convolutional neural networks (CNNs) are a family of deep learning architec-
tures for computer vision. CNNs makes use of convolution layers to extract low-
level visual elements such as corners, straight lines, and edges. By stacking these
convolutional layers, low-level visual elements are combined into high level
elements. Based on the idea of CNN, a great of research efforts has been made
on how best to stack different layers to achieve the best results. For typical
classification tasks, VGG [8] and ResNet [9] are two examples of popular
architectures. U-Net [10] could segment image and give a prediction to every pixel
in an image. Faster region-based convolutional neural networks [11], mask region-
based convolutional neural networks [12], and you only look once [13] are designed
for object detection. Different models have their own specifications for training data.

Deep learning models are often referred to as ‘black box’, (almost) magically
providing the prediction with no explainability. Examinations of the weights within
the deep layers are seldom self-explanatory, particularly when the models are deep
and complex. The lack of reasoning behind prediction significantly hinders its
application in the medical field, as it is impossible to guard against obvious errors at
a later stage. Doctors also have a hard time convincing patients to entrust their lives
to a black box. Shapley value, gradient-weighted class activation mapping, and
attention mapping are some of the more well known methodologies in explainable
Al (figure 5.5).

5.1.3.4 Data preparation

Most CNN networks are not designed for pathology images. WSI is generally
prohibitively large in size such that it is not feasible to directly feed the whole image
into regular image analysis pipelines or into the memory of graphics cards. For
example, the input size of Inception-ResNet v2 is 299 x 299 pixels. A common
strategy is to divide and conquer, cutting or tessellating the whole slide images into
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tiles that are closer to model input sizes but are still visually distinguishable from a
pathologist’s point of view. In our experience, tile sizes of 125-250 pm [14] perform
best when approaching a cancer detection problem. These can be good settings to
start, adjusting and validating the settings by empirical data as needed.

The cut tiles are often paired with a label. The method of data labeling can be as
simple as putting the tiles of class A into a folder named A, or it could be done with
annotation software (e.g. QuPath and ASAP). Simple binary thresholding is often
performed using a pre-determined value or Otsu’s method [15] to remove the tiles
from brightfield background. Image augmentations are often carried out by
randomly flipping the images and altering the color, etc, such that dataset size is
increased or as a means to balance a minority class.

5.1.3.5 Model training

Typically, a dataset is split into a training set and testing set, commonly at a 7:3
ratio. The training set is fed into the training loop to update the parameter of the
model. The testing set is reserved for evaluating the true performance of the trained
model. It is advised that the train—test split is performed at the case level since the
training and testing images coming from the same WSI may have similar character-
istics or even hidden bias. It is also crucial to make the best effort to encompass a
wide, if not the entire, spectrum of morphology. Deep learning models have high
degrees of freedom and can easily cause overfitting, in which case the model would
have a high accuracy on training data but poor accuracy on unseen test data.
Depending on the experiment design, one could elect to also conduct ‘leave one out
cross-validation’” and ‘K-fold cross-validation’.

5.1.3.6 Model evaluation

In addition to the usual metrics such as accuracy, precision, recall, and Fl-score,
qualitative assessment is particularly important in this domain. Converting per tile
prediction result into a heatmap is our institution’s standard practice. Not only does
it allow an overview on model performance, it also enables model evaluation on
unannotated areas. It is a helpful method to identify model failure and bias. This
information could indicate how the model would behave and, more importantly,
what new data to collect for further model training (figure 5.6).

5.1.3.7 Up and coming

Data labeling is labor intensive and costly, particularly so when you need a
pathologist to do it. A clean, high-quality dataset has become the bottleneck of
the development of supervised learning models. While unsupervised models typically
perform worse than their supervised counterparts, weakly supervised or semi-
supervised models are emerging as an alternative with promising results [16].
Multimodal or sensor-fusion models, which could ingest images and textual and
tabular data during inference, means clinical data can be combined with WSI data
during inference. Generative adversarial networks, popularized by deep fakes, can
generate super-resolution images. Transformer, a novel natural language processing
architecture, has also demonstrated remarkable performance in computer vision
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Figure 5.6. Cancer detection in lung WSI. Left: original WSI. Middle: with pathologist labels. Right: Model
Prediction on both labeled and unlabeled regions. Red: tumor, green: necrosis, yellow: non-cancer lung tissue.
Adapted from [14], Copyright (2022), with permission from Elsevier.

tasks . Connectivity and location of a tumor area can be represented in a computer
graph and trained by graph neural networks. The Al industry is constantly getting
more powerful GPUs, better cloud services, deep learning frameworks, and more
experienced data scientists. The ever-growing ecosystem will be ever more capable in
supporting advancements in the medical field.

5.1.4 Application in clinical pathology

There are countless attempts to develop image analysis systems for cancer (and pre-
cancer) detection in both cytological and histology specimens. Specimens that
benefited most are those with (1) high-volume specimens, such as common diseases
that are nationally screened; (2) cancers that are not apparent to clinicians at the
time of specimen collection; and (3) specimens that require tedious microscopic
examination. Cancer detection tools are generally designed to be an assistive tool to
look for suspicious areas, so high-risk cases can be triaged for earlier assessment by
pathologists. Pathologists can also first look at areas flagged by the system to speed
up the diagnosis.

5.1.4.1 Cytology

Cytology is the first area of pathology that has embraced Al with commercial
success. Cytology specimens are inherently tedious to read, requiring microscopic
examination at high power for a large slide area. Cytology specimens are also
frequently first read by cytotechnologists to look for suspicious areas, then have
diagnoses reviewed and endorsed by a pathologist.

Earliest attempts to detect abnormal cells in cervical smear took place in the early
1990s, so early that the US Food and Drug Administration (FDA) granted the pre-
market approval [17] in a memorandum (typed by a typewriter!) in 1995. The
product was named PAPNET and was developed by Neuromedical Systems Inc. It
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was approved for re-screening negative cases already reported by manual micro-
scopic examinations. The system involved scanning the slides at a central facility and
images analysis by a proprietary neural network, described as a ‘non-algorithmic,
connectionist system’ in the FDA approval documents. The system chose 128
potentially abnormal areas, and they were subject to cytotechnologist review. The
case would be completed if all 128 areas were negative. If any of these were positive,
the entire case would be re-screened manually. Not surprisingly, PAPNET was able
to increase the sensitivity of cervical smears by up to 30%. Despite being an excellent
proof of concept, the high cost, limitation to re-screening, and trouble in mailing the
slides prevented more widespread adoption and commercial success.

In the next 20 years, development in hardware and Al had evolved to allow on-
site image capture and analysis. Vendors also realized the importance of Al use in
initial screening instead of re-screening. ThinPrep Imaging System, approved by the
FDA in 2003 [18], and various generations of AutoPap®Primary Screening System
(later marketed as FocalPoint GS Imaging System), approved between 1998 and
2008 [19], gained reasonable market success. Multiple studies based on national
screening programs have demonstrated an increase in productivity with these
systems with comparable accuracy, particularly among routine cases [20-22].

Multiple recent studies have made use of deep learning (mostly some kind of
CNN) to tackle the same problem and showed promising results. New generations
of deep learning models must also have found their way into newer generations of
commercial products. Large-scale studies with participation of multiple laboratories
are lacking at the time of writing. However, it is safe to assume they will outperform
earlier generations of products.

There are so many attempts to identify abnormal cells that practically all types of
cytology specimens have been covered. However, none of them really took off. A
detailed review covering different specimens has been covered by Landau and
Pantanowitz [23] and is not further covered here.

5.1.4.2 Histology

Cancer detection in histological specimens was made possible only after the
invention of the WSI system. Unlike with cytology specimens, cancer detection
relies not only on a small area of a few cells but an overview of the entire tissue area.
The first FDA-cleared cancer detection product, FullFocus by Paige.Al, Inc., only
debuted in 2021 [24]. It was designed to detect cancer in prostate needle biopsy
whole slide images and served as an assistive tool to pathologists. The system only
accepted scans from the Philips IntelliSite Pathology Solution ultra-fast scanner.
This system improved the average sensitivity from 74% to 90% with no change in
specificity [25].

In the literature, researchers have attempted essentially every aspect of histo-
logical assessments, including cancer (and pre-cancer) detection [26, 27], subtyping
[28], grading [29, 30], lymph node metastasis detection [31], mitotic counting [32, 33],
and immune cell counting [34]. For non-neoplastic specimens, there were also
attempts to segment glomeruli and classify nephropathies [35] [36], score liver
injuries in biopsies [37], identify celiac disease in duodenal biopsies [38], and classify
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skin biopsies into diagnostic classes [39]. Most of the more recent studies have used
some variations of deep learning architecture previously mentioned in section 5.1.3.

5.1.4.3 Molecular subtype predictions of cancers

For all examples mentioned, the computer model is essentially detecting features
that the pathologist has been identifying under microscope. In the precision and
molecular medicine era, pathologists often offer predictive and prognostic informa-
tion by different molecular tests, something not apparent under the microscope.
With the help of The Cancer Genome Atlas dataset comprising both histological
images and genetic data, Kather ez a/ [40] and Fu e a/ [41] reported the potential in
Al to predict genomic events using only histological images. They have recognized
morphological genetic associations both commonly known and unknown to
pathologists. Actionable mutations and genetic events, such as EGFR mutation in
non-small cell lung cancer, KRAS/NRAS mutation in colorectal cancers, and
microsatellite instability status, are valuable targets for predictions. Multiple studies
demonstrated the potential of Al in molecular subtyping and the ability to identify
microsatellite instability. Using gastrointestinal cancer histological images, the
reported classification performance (measured as area under receiver operating
characteristic curve) was around 0.8. [42, 43] The prediction accuracy for EGFR
mutation in non-small cell lung cancer [44] and KRAS/NRAS mutation in color-
ectal cancers have also been attempted with variable success [45]. All these attempts
have yet to be validated in large-scale studies or receive any regulatory approval.

5.1.5 Limitations and concerns

There is no doubt that histopathology and cytology will soon be revolutionized by
Al technologies. However, most of the pipelines described in the literature have not
been validated for clinical uses, not to mention their robustness when the system is
fed with WSI generated by different scanners and staining protocols. Although there
is potential time-saving in slide interpretation, using this system would inevitably
incur time and cost in slide digitization and file storage, particularly for laboratories
not using WSI in routine diagnostics or not using the designated scanner. In the
authors’ opinion, the potential of going beyond academic interest will only take
place when glass slide digitization becomes routine; then Al can serve as an efficient
screening tool to assist pathologists. In the prediction of molecular classifications
and eligibility of target therapy, it will be difficult for Al-based predictions to
compete with molecular tests that offer almost perfect accuracy at a relatively low
cost when compared with the steep target therapy cost.

5.2 Chemical pathology—treasures within high dimension structured
data
5.2.1 What is chemical pathology?

Chemical pathology is the branch of pathology that provides biochemical and
molecular investigations of blood and other body fluids for the screening, diagnosis,
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prognostication, treatment, and monitoring of diseases. The role of chemical
pathology in clinical practice can be considered using the framework of total testing
process [46], which starts from the pre-pre-analytical phase at the clinician, through
the pre-analytical, analytical, and post-analytical phases in the laboratory, and then
back to the clinician for the post-post-analytical phase in the clinical management of
the patient [47] (table 5.1). In this process, a large volume of digitalized and
structured patient result data (and their metadata) is produced at a high rate on a
wide breadth and depth of biochemical parameters in many patients, longitudinally
over time. These features of chemical pathology make it particularly well-suited to
embrace the Al revolution.

5.2.2 Application of Al in general chemistry

At the core of chemical pathology service are the high-volume tests in general
chemistry. The timely and accurate provision of these tests is maintained by the
quality system in the laboratory. Given that pre-pre-analytical errors outside of the
laboratory account for up to 68.2% of total identified errors in the total testing
process [46], there is a need for the laboratory to detect such errors to prevent
reporting of potentially misleading results, which may lead to inappropriate
investigations and/or treatments and, hence, patient harm. Al has been applied to
detect these pre-analytical errors which may be difficult to detect by humans or rule-
based systems, with examples including spurious glucose results due to ‘drip-arm’
error during phlebotomy with a decision tree algorithm [48], misidentified specimens
as ‘wrong blood in tube’ errors with a support vector machine [49] or a gradient-
boosting-decision-tree model [50], and spurious hyperkalemia due to hemolysis in
point-of-care testing using a multivariate logistic regression model [51]. After
instrumental analysis, an efficient auto-verification system would be required for
reporting of the analytical results. Instead of the commonly used rule-based
verification, such as sign-out range, delta check, etc, auto-verification of laboratory
results with AI could potentially improve quality of reporting and manpower
efficiency [52, 53].

Al systems were developed for the interpretation of analytical data to reduce
manual workload and improve turnaround time. Examples include support vector
machine algorithms for automated review of gas chromatography—mass spectrom-
etry data for urine toxicology [54] and neural network algorithms for classification of
serum protein electrophoresis [55-58]. Al is also suitable for the interpretation of
profile tests containing several related analyses to be interpreted as a pattern.
Examples include plasma amino acid profiles [59] and tandem mass spectrometry—
based newborn screening [60] for inherited metabolic diseases, urine steroid profile
to differentiate adrenocortical carcinoma from adenoma [61], and plasma steroid
profiling for diagnosis of primary aldosteronism [62].

Given the power of Al to learn from patient demographic and laboratory data to
predict disease and outcome, this is a popular area of study for the application of Al.
Many studies have been published on the prediction of acute kidney injury before
overt clinical or biochemical abnormalities [63—65]. Other similar examples include
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the prediction of diabetes mellitus [66], neonatal hyperbilirubinemia [67], cardiac
amyloidosis [68], and adverse outcomes in febrile patients in the emergency room
[69]. These studies showed that the additional clinical value of a lead-time window
for early intervention can be extracted with Al on demographics and well-
established biochemical tests.

5.2.3 Al in the diagnosis of metabolic diseases

Providing diagnostics for inherited metabolic diseases is a fundamental part of
chemical pathology practice. While individually rare, these metabolic diseases are
not uncommon, with an incidence of about 1 in 4122 in Hong Kong [70].
Availability of treatments for metabolic diseases has improved significantly over
the past two decades, with enzyme or cofactor replacement, hematopoietic stem cell
transplantation, gene therapy, stop codon readthrough, and so on [71]. Therefore,
Al may have a role in making an early diagnosis and treatment before irreversible
damage. The modern model for the diagnosis of metabolic diseases is supported by
deep phenotyping, biochemical analysis, and genetic testing [72].

The application of Al in phenotyping and biochemical analyses, in contrast to its
widespread application in the field of genetics, remain limited. An example of its use in
phenotyping is the use of a deep CNN in identifying facial features for the diagnosis of
more than 200 syndromes, based on 17 106 images of 10 953 subjects [73].
Generalizability, however, remains a key challenge. It is not difficult to appreciate
the difficulty when the accuracy decreased from 80% to just 36.8% when testing
patients with a different ethnic background [74].

The challenges in applying Al in the diagnosis of metabolic diseases stems from
the individual rarity. It is not unusual for a metabolic disease to affect less than one
person per million. Therefore, even a human specialist may have to start learning
about a particular disorder based on initial observation of just one patient and to
diagnose the second case. In the context of Al, this is called ‘one-shot learning’ and
has been tried in other branches of medicine [75, 76], with variable degrees of
success.

There is a strong case for supervised models when highly informative markers are
available. For example, a method for automated interpretation of the human acidic
metabolome was developed more than 20 years ago [77]. The approach by
Collaborative Laboratory Integrated Reports (CLIR; previously Region 4 Stork/
R4S) is much more sophisticated, providing pattern recognition of newborn
screening data based on adjustment by multiple covariates, while reducing hetero-
geneity of data through normalization and removal of outliers [78]. An Al-based
model has been developed from this dataset. The success of the CLIR project lies in
the curation of a large dataset with a high degree of analytical homogeneity, namely,
newborn screening by tandem mass spectrometry.

The diagnostic test panels for metabolic diseases (e.g. urine and plasma
metabolomes), with a smaller test volume and much wider range of metabolites
tested, is more difficult to standardize. In the past decade, improvements in the
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diagnostic capability of metabolic laboratories were enabled by the circulation of
patient samples in quality assurance schemes such as the ERNDIM qualitative urine
organic acid scheme [79], which overcome the differences in technical procedures
and analytical results. It is suggested that a fully quantitative approach of metabolic
tests would makes results more comparable across laboratories and therefore allow
for the development of models that translate well across institutions.

5.2.4 Al in the field of genetics

The clinical application of next-generation sequencing (NGS) has revolutionized the
landscape of all specialties in pathology, and with it comes the vast amount of
generated data. With a median of almost 20 000 variants per exome sequenced [80],
manual review and classification of every individual variant in a patient is
impossible. The application of Al has impacted most significantly the classification
of variants. Early developments of variant classification were based on conservation
of sequence between species or structural modeling of protein following amino acid
changes. AI models based on machine learning algorithms such as support vector
machine, neural networks, and naive Bayes classifiers such as PolyPhen-2 have since
been developed to integrate variant features such as allele frequencies, functional
characterizations, and clinical-pathological effects [81]. The inclusion of features has
cumulated into the development of meta-predictions which integrate multiple
prediction scores such as MetaLR, MetaSVM [82], and CADD [83]. In the past
few years, efforts have focused on the avoidance of overfitting and accuracy of
performance metrics for non-synonymous variants [84].

Variant classification of non-coding variants has followed a similar trend, with
early methods focusing on small regions surrounding the splice site, with GeneSplicer
covering 80 bases on either sides [85] and MaxEntScan covering 3 exonic bases and 6
or 20 intronic bases for splice acceptor and donor sites, respectively [86]. The scoring
of splicing variants has benefited from the widespread availability of deep learning Al
frameworks like TensorFlow, with models such as MMSplice and SpliceAl being
developed since 2016. Whereas MMSplice took a relatively biologically oriented
approach, with deep learning neural network models scoring 3’-intronic, splice
acceptor, 5-exonic, 3’-exonic, splice donor, and 5'-intronic sites, and predicting
splicing efficiency and pathogenicity by combining these scores [87], SpliceAl took
a different approach by feeding a very long pre-messenger ribonucleic acid (mRNA)
transcript sequence (up to 10 kb) into a 32-layer deep learning neural network model,
which provides the prediction of whether a splice acceptor or donor site exists on that
base [88]. The clinical application of these predictors have been facilitated by variant
annotation software such as ANNOVAR [89] and Variant Effect Predictor from
Ensemble [90], with the former utilizing pre-calculated score tables and the latter using
a combination of pre-calculated caches and real-time calculation in the forms of
plugins.

Another area of genetics in which Al has worked its way into clinical laboratories
is through its involvement in third-generation sequencing (TGS) platforms, in terms
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of both base calling and variant calling. The permeation of the technology can be
seen with Guppy, the default basecalling tool for the Oxford Nanopore platform,
being based on deep learning neural networks [91]. On the side of variant calling,
DeepVariant is one of the first variant callers that utilized the power of deep learning
[92], which has been expanded to process single-molecule real-time technology and
nanopore sequencing data. In the Truth Challenge V2 hosted by the FDA, top
performers on TGS platforms, including DeepVariant, were all based on deep
learning neural networks [93].

5.2.5 Ending remarks

The above are only some brief mentions of examples in this rapidly developing field,
as well as the greater context of clinical medicine and healthcare, and the reader is
recommended to refer to more in-depth reviews [94-99]. The potential of Al
applications to improve our current practice of chemical pathology to provide
better care for our patients is enormous. However, there are still practical obstacles
in the generalized application of Al in laboratory medicine, including the need for
quality data, issues with underrepresented or novel conditions, interpretability of
models, lack of standardization of assays, regulatory and data privacy requirements,
and ethical issues.

One interesting development in Al applications is the recent advocacy of ‘data-
centric’ Al proposed by one of the leading figures in Al, Dr Andrew Ng, compared
to the traditional ‘model-centric’ approach [100]. This is based on the observation
that improvement of the data quality is a more efficient approach than improvement
of the model in terms of the overall performance of the machine learning. In our
laboratory practice, for example, we may improve the signal-to-noise ratio of the
data with meticulous sample preparation in our liquid chromatography-mass
spectrometry analysis. However, in the routine clinical laboratory, it may be
technically challenging or prohibitively costly to improve the quality of raw data.
As a result, improvement of the model may still be a major direction of development
for laboratory applications. For example, the improvement in basecalling accuracy
in Oxford Nanopore long-read sequencing has a significant component due to the
improvement in the neural network algorithm [91], in addition to the sequencing
chemistry [101]. This highlights the importance of the communication and exchange
between the domain experts in laboratory medicine (who improve the data), and the
experts in computer science and Al (who improve the algorithms) to introduce Al to
routine practice of clinical laboratories.

With the technical maturity of Al algorithms and advancement in computational
power, we now should ponder how to incorporate Al in our practice, implement and
manage such Al systems, and integrate them into the bigger hospital and healthcare
systems. The above pilot projects have demonstrated the feasibility of Al trans-
formation in chemical pathology and the need to equip ourselves with the
appropriate level of Al knowledge to better manage the changes brought by Al to
our practice.
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5.3 Clinical microbiology—application in the management of
infectious diseases
5.3.1 What is clinical microbiology?

Clinical microbiology is the scientific study of microorganisms in relation to human
health and disease. Human pathogens are divided into bacteria, viruses, fungi, and
parasites, with corresponding laboratory methods to detect them and elucidate their
relevant characteristics. Prompt and accurate identification of pathogens plays a
crucial role in infectious diseases management.

5.3.1.1 Traditional microbiology laboratory practice

Most techniques adopted by clinical microbiology laboratories until the 1990s relied
heavily on the cultivation or direct visualization of microorganisms, or the antibody
reactions to their antigens. Culture-independent technologies, particularly nucleic
acid amplification tests (NAATSs), transformed clinical microbiology practice
starting at the turn of the millennium and became an essential tool in all clinical
microbiology laboratories. Nonetheless, bacterial culture remained the main bulk of
work in most clinical microbiology laboratories. To understand the impact of Al in
microbiology, it is essential to understand the usual workflow for bacterial culture.
This sample processing workflow of a bacterial culture is illustrated in figure 5.7.

This workflow in figure 5.7 can be applied to most clinical samples encountered in
daily clinical practice, for instance, sputum culture, blood culture, urine culture, and
stool culture. The time from specimen reception to reporting is commonly 2-5
working days. This timeframe is extended for slow-growing organisms, the prime
example being Mycobacterium tuberculosis, the causative agent of tuberculosis, for
which a minimum incubation of 6-8 weeks is required before a negative result is
reported.

Diagnosis of fungal infections also heavily relies on cultivation methods. Growth
of fungal organisms is slower than growth of bacteria. Yeasts typically take 2-3 days
to form visible growth, and most medically important molds may take 1-2 weeks to
sporulate sufficiently for identification. Non-culture-based diagnostics including
fungal markers such as (1-3)-p-pD glucan and galactomannan, and NAATs do not
offer the same breadth and depth of clinical information compared with culture.

Microscopy

Culture isolate
identification

Culture inoculation &
incubation

Susceptibility testing

* MALDI-TOF
* Phenotypic &
biochemical tests
* Sanger sequencing
*(2-24 hours)

* Disc diffusion

* Etest™

* Broth micro-
dilution

*(24-48 hours)

* Bacterial stain * Culture media
 Cell count (as * Incubation in
indicated) aerobic and

(0.5-1 hour) anaerobic
conditions
*(24-48 hours)

Figure 5.7. Typical sample processing workflow for bacterial culture. MALDI-TOF: matrix-assisted laser
desorption/ionization-time of flight.
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Viral infections can be diagnosed through direct detection of antigen, detection of
antibody production through detection of serum serology, viral culture, direct
visualization with electronic microscopy, or NAATs. The COVID-19 pandemic
has seen the accelerated evolution of virology service away from traditional methods
such as viral culture to NAATS, the latter being more sensitive, more specific, faster,
and higher in throughput.

Diagnosis of parasitic infections in most microbiology laboratories is mainly
through microscopy. Rapid antigen detection kits for detection of infection, for
instance, falciparum malaria and visceral leishmaniasis, are exceptions rather than
the rule in parasitology diagnostics. While NAAT and serological methods exist,
they are not widely available in most laboratories. Owing to the paucity of parasitic
infections in developed countries, these assays are also difficult to validate clinically.

5.3.1.2 Non-culture technologies in microbiology—matrix-assisted laser
desorptionlionization-time of flight, Sanger sequencing, and NGS

Traditional methods of bacterial identification rely on phenotypic and biochemical
tests on cultivated bacterial colonies. Classical phenotypic tests of catalase,
coagulase, and oxidase tests performed directly on pure growth colonies are
supplemented with an array of biochemical tests performed with in-house prepared
bijou bottles or commercially available systems such as VITEK® 2 (bioMériaux),
BD Phoenix™ (BD), or API® ID strips (bioMériaux). This approach is now largely
superseded by matrix-assisted laser desorption/ionization-time of flight (MALDI-
TOF), which analyzes the composition of ribosomal protein through mass spec-
trometry of prepared bacterial samples. MALDI-TOF is rapid, accurate, safe, and
not operator-dependent, and its availability has made same-day species-level
identification of most bacterial isolates possible.

Sanger sequencing is available in regional clinical microbiology laboratories and
is usually used restricted for use for identification of difficult organisms (i.e. those
organisms not readily identified by phenotypic and biochemical tests) or culture-
negative samples from sterile sites such as heart valves. The targets of sequencing are
typically 16S ribosomal RNA (rRNA) of bacterial organisms, and D2 region of
rRNA gene, or the internal transcribed space region of fungal organisms.

NGS is another welcoming addition to the toolbox of clinical microbiologists.
While a detailed discussion on technical aspects of NGS is beyond the scope of this
section, it is worth noting that NGS has seen vast applications in epidemiological
typing of organisms through whole-genome sequencing (WGS), polymicrobial
pathogen detection, antimicrobial resistance determination, and microbiome stud-
ies. The availability of such a vast amount of genomic data also lends itself easily
into the realms of Al

5.3.2 Integration of Al in clinical microbiology

Al has seen multiple applications in various aspects of laboratory practice. Al is
most useful for analyzing data-rich sources. The ‘black box’ diagnostics concept of
MALDI-TOF makes it a natural next step for integration to Al [104]. Traditional
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phenotypic identification of microorganisms can easily be digitalized into data-rich
images, a perfect match for Al In fact, one application of Al in the clinical
laboratory is in image interpretation, commonly known as ‘computer vision’ [105].
The vast amount of genomic data generated from sequencing, particularly NGS, is
another area that symphonizes perfectly into machine learning processes. Finally,
the existing total laboratory automation systems are already highly compatible with
the integration of machine learning processes [106, 107]. In the following para-
graphs, we will briefly discuss the applications of Al in microscopy, microorganism
identification, and susceptibility testing.

5.3.3 Applications of Al in microscopy

Urine microscopy is an essential step before urine culture for the diagnosis of urinary
tract infection (UTI). A positive urine culture only warrants treatment when the
urine microscopy finding is suggestive of UTI in most clinical scenarios. Given the
large number of urine specimens received every day, urine microscopy is a labor-
intensive and operator-dependent process. Various machine learning methods have
hence been proposed to automate the process of urine microscopy, with most of the
recent models developed through neural networks [108-110]. Neural network
models are accurate in classifying cells, casts, and crystals in urine microscopy,
achieving a mean average precision of 86.9% in one study [108, 109]. Commercial
platforms incorporating automated urine microscopy through Al are also available
[110].

Al is also applied in parasite detection by microscopy. Diagnosis and speciation
of Plasmodium spp., the causative agent of malaria, are classically done by light
microscopy of thin and thick blood smears. Different Al algorithms applied to
malaria diagnosis include K-means clustering, support vector machines, decision
trees, and neural networks [111]. In field evaluations in resource-limited settings, the
accuracy of digital image recognition was found to vary significantly across the site
(sensitivity 52%—72%, specificity 75%—85%), with the main reason cited being the
variability in volume of blood used for preparing smears. Higher accuracy was
obtained with a higher volume of blood per smear [112]. Some models can be
deployed on a cell phone, eliminating the need for a digital microscope for further
analysis. This would further increase the affordability and flexibility of these
algorithms in resource-limited settings [113].

5.3.4 Applications of Al in culture plate reading and microbial identification

Culture plate reading involves identifying significant bacterial or fungal colonies for
further identification and processing from positive culture and discarding non-
significant or negative culture. Colonial appearances vary by bacterial species, for
example, the large beta-hemolytic zones of Streptococcus pyogenes, or chalky
colonies of Nocardia asteroides. Computer vision has been employed in the
interpretation of culture plates, either by screening out plates with no significant
growth or by performing direct identification based on colonial morphology.
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An approach of Al in culture plate classification is to sort culture plates into
whether follow-up action is required for a particular specimen. In a multicenter
evaluation study of the APAS™ image analysis system, a pre-defined algorithm
classified blood agar and MacConkey agar culture plates into positive (follow-up
action required), review (further review by microbiologist required), or negative (no
further action required) based on camera images of plates, with a sensitivity of
99.0% and a specificity of 84.5%, respectively [114]. Variable performance was
obtained in determining the morphotypes of bacterial colonies in the study. By
eliminating the negative culture plates with Al, staff manpower could be diverted to
other tasks.

Another approach was to classify bacterial colonies into bacterial species based on
imaging. A commercially available example was the application of BD Kiestra™
Optis™ imaging software within a suite of total laboratory automation equipment [115].
In this study, urine specimens were inoculated on chromogenic agar and identified with
automated imaging software. Images of culture plates obtained at a different time of
incubation with different lighting were evaluated using a random forest model. The
accuracy of identification in the study was high (98.3%-99.5%). However, it must be
cautioned that the accuracy of such identification schemes is likely significantly lower
with most other clinical specimens. Reasons for the potentially lower accuracy in other
specimen sites include the wider variety of microbes with similar colony morphology in
most other clinical specimens, the relative paucity of well-established chromogenic agar
for other specimen sites, and the presence of slow-growing or fastidious organisms in
some infections.

Machine learning methods are widely applied in microbiome studies using NGS.
An example is the detection of gut microbiota alteration in patients with COVID-19.
Using multivariate linear regression on metagenomic sequencing data, specific
alterations in constituents of gut microbiota were identified [116].

5.3.5 Applications of Al in susceptibility testing

The time from visible bacterial growth to the availability of antimicrobial suscept-
ibility test (AST) results can be shortened with the application of Al. By using
computer vision to observe inhibition of bacterial growth in the pre-defined
concentration of different antibiotics, Choi et al reduced the incubation time for
susceptibility testing required from 24 to 6 h [117]. Categorical agreement was
91.11%, and the very major error rate was 1.45%. An alternative design with flow
cytometry coupled with machine learning algorithms allowed same-day availability
of susceptibility results for Escherichia coli and Staphylococcus aureus isolates, with
a categorical agreement of 91% in these two species [118].

Stepping away from culture-based susceptibility testing, application of machine
learning algorithms in MALDI-TOF has also been used to predict AST results with
varying degrees of success [119]. Examples of antimicrobial resistance mechanisms
that were identified through machine learning algorithms of MALDI-TOF include
methicillin resistance in S. aureus [120], carbapenemase gene of Bacteroides fragilis
[121], and carbapenem resistance in Klebsiella pneumoniae [122].
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NGS has made possible WGS of bacterial isolates. The application of different
machine learning algorithms has improved the prediction of AST based on WGS
results. The application of XGBoost algorithm on WGS data of non-typhoidal
Salmonella spp. allowed prediction of antimicrobial susceptibility with good
accuracy (95%) [123]. In another study, logistic regression of WGS data also
accurately predicted AST profile of clinical strains of Enterobacteriaceac with a
90.3% accuracy [124]. Taken together, these AST prediction models are superior to
current molecular methods that detect the presence or absence of a limited set of
resistance genes. These machine learning prediction—-based WGS data would
complement culture-based susceptibility methods, allowing for the precise prescrip-
tion of appropriate antimicrobial therapy, leading to improved patient care [104].

5.3.6 Insights in future deployment

We are witnessing a period of rapid digitalization and transformation in the practice
of clinical microbiology. Egli suggested several hurdles remained before the
implementation of Al in daily practices: the standardization of data and code
formats, interoperable information technology environment, infrastructure with
sufficient storage and computational capacity, validated algorithms, and inputs
from microbiologists and infectious diseases experts [125]. Finally, we believe Al is
best in augmenting human effort; human intelligence will remain an integral and
essential part of clinical microbiology laboratories.
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Artificial intelligence—powered imaging-based
diagnostic tools for ageing and longevity

Yan Yu and Varut Vardhanabhuti

6.1 Introduction—healthspan, lifespan, and longevity concept

Longevity is an emerging field related to ageing research that has blossomed over the
past decade. Increasingly, it is being accepted that ageing can be characterised as a
disease. A recent commentary in contemporaneous literature purports that ageing is
a disease and has been recently added to the World Health Organization (WHO)
classification [1]. Whilst debate may continue as to whether ageing should be
classified as a disease or not, it is undisputed that ageing or the amalgamation of
chronic illnesses, morbidity, and frailty remains a critical challenge in the pursuit of
optimising human health. There is a notion that ageing is the precursor, and the
instigator of various chronic illnesses from metabolic syndrome, to atherosclerotic
heart disease, to cancers and neurodegenerative diseases. The field of longevity has
emerged and has gained traction over recent years largely due to the premise that if
we tackle ageing at the source and develop interventions targeting ageing mecha-
nisms aiming at systemic rejuvenation rather than a single organ or system at a time,
one can potentially prevent these chronic illnesses (see figure 6.1). This gives rise to
the very real possibility that we can increase our healthspan, which is defined as the
number of years that we can live healthily, relatively free of chronic illnesses.
First, for contextual framing, we need to examine the current states in which we
live and our lifespan. Modern medicine has increased life expectancy significantly
over the past 100 years, and the global life expectancy has more than doubled. A
region like Hong Kong, for example, has one of the highest life expectancies in the
World. Women live up to the age of 87.6 years on average, while men live up to
the age of 81.9 years—about 6 years longer than their US counterparts. However,
the increase in life expectancy has not necessarily been accompanied by an
equivalent increase in healthy life expectancy. People are living longer, but many
of those years are burdened with chronic diseases such as heart disease, diabetes, and
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Figure 6.1. Conceptual framework for ageing as a disease and the source of various chronic illnesses including
ischaemic heart disease, cancers, neurodegenerative disease, and metabolic syndrome.

even cancers. This is where it is important to understand the difference between
lifespan and healthspan.

Lifespan is the total number of years we live, whereas healthspan is how many of
those years we remain healthy and free from disease.

As we look into the future, researchers are also looking at the possibility of
increasing lifespan, with particular emphasis on therapeutics to extend life, reverse
the ageing process, or both, by tackling the building blocks or hallmarks of ageing
that were recently defined [2]. Since the different steps of ageing is a combination of
various molecular processes happening inside our bodies relating to our genes or
physiological states as well as the interaction with exogenous agents and environ-
mental factors, understanding the drivers of ageing processes is understandably
complex. This is also the reason why recently researchers have leveraged the use of
artificial intelligence to help to tackle such problems. When we talk about the broad
research covering the ageing and longevity field, it can be initially split into two
parts.

First is therapeutics, which is the development of drugs or the repackaging of
existing drugs for the purpose of tackling the ageing disease process. Recent examples
of this include the use of metformin in the Targeting Aging with Metformin trial, in
which investigators are looking to see if the drug has an impact on lifespan extension.
The trial plans to include 3000 non-diabetic subjects, aged 70-80 years and burdened
with at least one chronic disease, in at least 14 health centres across the United States
to evaluate the effects of metformin on its primary endpoint, which are composites of
the incidence of age-related conditions such as myocardial infarction, congestive heart
failure, stroke, cancer, dementia, and death.

The second focus is on the field of diagnostics. For the remaining part of this
chapter, we will focus on the diagnostics aspects of ageing and longevity with
particular emphasis on the use of machine learning and artificial intelligence.

6.2 Diagnostics aspects of ageing

The drug discovery and development fields are burgeoning with research on the
possibilities of drugs that can be used to impact the process of ageing such as

6-2



Machine Learning, Medical Al and Robotics

delaying the onset or even reversing the molecular processes that underlie ageing as
a disease. To be able to intervene, we need a biomarker that can accurately
establish and measure the process of ageing. This is a fundamental requirement
because not only do we need to establish where an individual is in terms of their
ageing process, but we also need to be able to monitor longitudinally whether an
intervention is effective at delaying or reversing the process in question. To do this,
we need to have an accurate and reproducible tool to be able to help us establish
these processes.

In order to tell if we are living healthy lives, we need to be able to measure how we
age accurately. One of the emerging concepts is something called ‘biological age’.
Various methods have been used to try and measure our biological age, notably
including the assessment of telomere length, gene expression levels, and protein
expression levels, with the most recent example that has gained prominence in the
recent decade, is the assessment of epigenetics ageing by the use of DNA
methylation. This was first developed by Steven Horvath and his team in 2013 [3].
This is a test based on DNA methylation data that was first applied to mice but has
since been replicated in many organisms including humans to be able to predict the
‘biological age’ of the subject in question. The clocks were shown to have a high
correlation with chronological age and intuitively are somewhat easy to understand
for both patients and clinicians. For example,

‘a chronologically 70-year-old individual with a biological age of 65 years
has a similar risk of mortality and expected longevity as the average
65-year-old.’

In addition, it is hoped that substituting a more accurate ‘biological age’ for

chronological age could improve the performance of existing risk prediction models.
The so-called first-generation clocks have focused on predicting biological age,

based on chronological age (e.g. Horvath, Hannum et al, Weidner et al) [4, 5].

These clocks are based on DNA methylation, which is derived from a rich body
of literature demonstrating that chronological age has a profound effect on
genome-wide DNA methylation levels. It was discovered that several millions of
so-called CpG dinucleotides in the human genome were seen to alter with age. The
development of these was coupled with the advent of DNA methylation array
technology that enabled the identification of specific CpG locations in the genome,
which, in recent years, has also improved in terms of detection numbers as well as
costs.

These so-called epigenetic clocks are typically built by regressing a transformed
version of the chronological age on a set of CpGs using supervised machine learning
methods. An example of this is the use of a penalised regression model such as Lasso
or elastic net, which have been the basis of the Horvath clock. Subsequently, several
age estimators have utilised similar methods, using different sets of CpGs and
incorporating different sets of tissues and age spectra, with varying levels of
accuracy. The advantage of the Horvath clock is that its correlation with chrono-
logical age has been demonstrated across multiple tissue types, with high accuracy
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seen even in children, and its strong correlation with gestational age, as well as
homogeneity of its age estimates across the different tissue types [6]. It would also be
notable to mention the Hannum’s clock which was derived from the basis of
71 CpGs from DNA of blood, and subsequently also several distinct age estimators
from other tissues [4].

The second-generation clocks that followed were developed to predict time to
adverse events such as death. These are understandably broad and not specific to a
particular disease process. They usually require a two-step model. An example is the
PhenoAge [7], which was constructed by first generating a weighted average of
clinical and blood-based parameters, of which values were then regressed on DNA
methylations levels in the blood using a penalised regression model, resulting in the
automatic selection of 513 CpG sites, effectively estimating the so-called phenotypic
age, which outperformed the first-generation DNA epigenetics clocks in estimating
or predicting mortality and many other diseases such as cardiovascular diseases and
other measures of multimorbidity. Subsequently, another epigenetic ageing clock
known as GrimAge [8] was also developed which combined physiological risk
factors and stress factors such as plasma proteins and growth differentiation factors
as well as smoking status into a composite biomarker of life span. It outperformed
various other existing epigenetic clocks in terms of the prediction of time to death,
time to coronary artery disease, and time to cancer as well as other related co-
morbidities.

Some criticisms of the ageing clocks have been the lack of real-world repeat-
ability and reproducibility. Specifically, studies have shown that test-retest
reliability was not adequate, which may be due to the presence of technical noise
in the methods [9]. It was shown that even in samples that were replicates (i.e.
taken at the same time), technical noise produced deviations of up to 9 years for
the prominent epigenetic clocks. This hugely limits the real-world utility.
Investigators have come up with a solution using a computational approach to
improve reliability using a machine learning method known as principal compo-
nent analysis. The traditional epigenetic clock uses an elastic net regression to
select a limited number of CpGs to represent a set of collinear CpGs while
avoiding overfitting, but by doing so these models may retain technical noise from
individual CpGs. Selecting numerous related CpGs could in theory improve
reliability. It is hypothesised that PCA may be able to extract the covariance
between multicollinear CpGs, including age-related covariance to gain a more
accurate age estimation by using many CpGs for each principal component, could
minimise the effect of noise from any single CpG.

To see this in a disease-specific cohort, researchers have utilised the combination
of principal components analysis and regularised regression and applied it specif-
ically at brain age to characterise epigenetic age in the context of Alzheimer’s disease
(AD), dubbed the ‘PCBrainAge’ [10]. It was demonstrated that acceleration of the
PCBrainAge showed stronger associations with clinical AD dementia, pathologic
AD, and APOE &4 carrier status compared to prior epigenetic age predictors as well
as maintaining reliability that has plagued prior ageing clocks.
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6.3 The need for more specificity—organ or region-based ageing
clocks

Biological age gives a person an idea of whether they are ageing appropriately.
However, if a person is shown to have accelerated ageing, then unless we have a drug
or an intervention that can tackle the ageing process as a whole (i.e. systemic
rejuvenation), in order to increase lifespan, we do not yet know where to focus in
order to improve or delay this process from the rapid deterioration. In this context,
there is a need for more specificity. One emerging concept is to have organ-specific
information such as organ-age whereby we can tackle these areas specifically for
improvement. An approach to this was discussed in the prior section with
application to ‘brain age’ using DNA methylation and principal component analysis
and regularised regression. With the advancement in medical imaging, we do have
existing data that shows that we can potentially derive useful organ-based ageing
information. For this section, we will focus on medical imaging as tool for deriving
age-related information.

6.3.1 Organ-based information

6.3.1.1 Chest x-ray biological age

Investigators utilised chest radiographs using a deep learning model based on
convolution neural network (CNN) to train for ‘chest x-ray biological age’ (CXR-
Age) using large datasets from the screening population with a long-term follow-up
[11]. CNN-based CXR-Age was developed using more than 115 000 subjects using a
chest x-ray image as input. The model then outputs an estimate of biological
age. The datasets came from the large-scale population screening studies from
the Prostate, Lung, Colorectal and Ovarian Cancer Screening Trial (PLCO) and the
National Lung Screening Trial (NLST) in the United States. They then validated the
performance of the so-called CXR-Age in two held-out testing sets. They demon-
strated that CXR-Age outperformed standard chronological age, and a higher
CXR-Age was associated with a higher risk of all-cause and cardiovascular-related
mortalities compared with chronological age. This was assessed based on hazard
ratios (HRs), and for the PLCO dataset, it was demonstrated that CXR-Age had
HR: 2.26 (95% confidence interval [CI]: 2.24-2.29) versus chronological age HR:
1.77 (95% CI: 1.75-1.78) and was statistically significant (p < 0.001) for all-cause
mortality. The cardiovascular mortality for the PLCO testing set was CXR-Age
cause-specific HR: 2.45 per 5 years (95% CI: 2.34-2.56) versus chronological age
HR: 1.82 per 5 years (95% CI: 1.74-1.90). In addition, they also demonstrated that
adding CXR-Age to a multivariable model with risk factors, clinical findings, and
chronological age resulted in modest but statistically significant improvements for
both all-cause and cardiovascular mortality in PLCO and NLST datasets (p < 0.001
for all comparisons). Findings confirmed that information embedded in medical
imaging may contain important age-related information that could potentially be
used as a surrogate for biological ageing.
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One additional interesting step that this study took was to derive activation areas
based on gradient-weighted class activation mapping to highlight areas in the CXR
that had the greatest contribution to the CXR-Age estimation. It was interesting to
note that common activation areas were the mediastinum, aortic knob, and cardiac
silhouette. These areas are known to become tortuous and dilate with age and
conceivably could be important in terms of cardiovascular-related mortality.

6.3.1.2 Brain age

Several studies have examined using brain-specific imaging, more commonly
magnetic resonance imaging (MRI) imaging data, to estimate brain-specific bio-
logical age, also termed ‘brain age’ [12-19]. We know that there are several imaging-
specific findings that could be related to ageing, such as cerebral atrophy (generalised
reduction in the brain volume), and signal alteration, such as white matter hyper-
intensities on MRI. MRI contains rich information in terms of structural informa-
tion, functional information, and related vascular information, all of which could be
important in approximating age. To this end, several investigators have examined
using multi-modal information MRI data to try to improve brain age estimation.
One investigator [12] combined structural MRI and angiography datasets from a
large database of 2074 adults aged between 21 and 81 years. For this work, the
investigators use a CNN-based approach, using three models, deriving the first
model using structural MRI data based on TIW sequence (CNNT1) and the second
model using the angiography (time of flight MRI sequence CNNTOF). The outputs
from the CNNt; and CNNrtor models were combined and trained using a multiple
linear regression model, using the two previously trained models as predictor
variables and the chronological age as the target variable. Once trained, the linear
regression model was concatenated with the previously trained CNNp; and
CNNror models to form the CNNcompinea model, which was used to predict the
brain age of the test dataset. This resulted in the mean absolute error of 3.85 years
comparing the predicted and chronological age. They also performed saliency maps
to reveal areas that were important from the model. The predictive brain regions
included the lateral sulcus, the fourth ventricle, and the amygdala, while the brain
arteries contributing the most to the prediction included the basilar artery, the
middle cerebral artery M2 segments, and the left posterior cerebral artery.

6.3.2 Region-based assessment for ageing

With the recent innovations in medical imaging segmentation, particularly with the
success of 3D networks such as U-Net and nn-UNet, there has been interest in
organ-specific segmentation. The organ or regions that are of particular interest in
the field of ageing are fat, muscles, and bones.

6.3.2.1 Fat

Increasingly, researchers are realising that fat deposition needs to be assessed in
terms of location. The usual area of fat is in the subcutaneous tissue, which is the fat
that sits just under your skin. This is actually where most of your fat is stored. Some
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Table 6.1. Percentage of body fat based on age, gender, and ethnicity [21].

Women Men

Age and BMI

African American  Asian ~ White  African American  Asian  White
20-39 years
BMI < 18.5 20 25 21 8 13 8
BMI > 25 32 35 33 20 23 21
BMI > 30 38 40 39 26 28 26
40-59 years
BMI < 18.5 21 25 23 9 13 11
BMI > 25 34 36 35 22 24 23
BMI > 30 39 41 41 27 29 29
60-79 years
BMI < 18.5 23 26 25 11 14 13
BMI > 25 35 36 38 23 24 25
BMI > 30 41 41 43 29 29 31

researchers have found this area of fat to be beneficial. Another location for fat is the
so-called visceral fat that is located in the body cavity beneath the abdominal
muscles, which is now emerging as a very important biomarker for metabolic
syndromes. These are conditions like insulin resistance, type 2 diabetes, and fatty
liver disease, for example. In general, visceral fat accounts for up to 20% of total fat
in men and 5%-8% in women. There are some important changes with ageing that
are noted with respect to visceral fat, which must be taken into account when
assessing this in the context of how much an individual has with respect to gender
and age. Both gonadal steroid and growth hormones secretion decline with age,
which may explain the increase in visceral fat in males with ageing. Similarly, in
postmenopausal women, the decline in oestrogen and age-associated decrease in
growth hormones may account for the rapid increase in visceral fat.

Traditionally, we measure weight or body mass index (BMI) as a proxy for how
much fat a body has, but this has now been shown to not be an accurate reflection of
actual body fat. Slightly more sophisticated measures such as waist to height ratio
have been shown to be more useful than weight or BMI but cannot differentiate
subcutaneous fat from visceral fat, for example.

There are also certain scenarios where there will be discordant between BMI and
total fat mass. Examples include bodybuilders, in whom BMI may be high but the
amount of fat may be low, and in older adults or frail patients with sarcopenic
obesity, in whom muscle mass is reduced but the amount of fat is high [20]. In some
instances, it may also be important to assess fat percentage as the percentage of body
fat varies with age, gender, and ethnicity (see table 6.1). For example, people of
Asian ethnicity tend to have a higher percentage of body fat compared to their Black
or White counterparts. In addition, at any given BMI, women have approximately
12% more body fat than men, and the percentage of body fat increases with age,
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even if total weight stays the same. The variation between different age, gender, and
ethnicity has given rise to the need to monitor these parameters at an individual
level, as we move from population-based diagnosis of obesity to more individualised
therapy.

Researchers over the past decades have utilised various medical imaging
techniques such as dual-energy x-ray absorptiometry (DEXA), CT, and MRI scans
to assess the amount of fat we have in our body. DEXA being a relatively fast and
cheap test has been demonstrated to be a good test for assessing fat in our body and
can give an approximation of how much visceral fat we have in our body. The most
accurate tests we have are computed tomography (CT) and MRI scans, which we
can visualise and quantify precisely according to the precise location of this fat as
seen on imaging. However, to delineate the whole fat volumes over several hundreds
of CT or MRI slices in our body is labour intensive, and conventionally researchers
have only utilised a ‘single slice’ assessment. Previous research has utilised a single
slice with some success. For example, a study used a single cross-sectional image at
the interspace between the L2/L3 and L4/L5 vertebrae and demonstrated that
although CT-derived visceral fat estimations were predictive of diabetes, CT
provided no important advantage over the simple metrics of waist circumference
and waist/hip ratio [22]. These prior studies were limited by single slice assessment,
mainly because to perform multi-slice, or full 3D volume, would be too labour
intensive, but this has changed recently with the advent of automated segmentation
using deep learning. In the future, it is anticipated that volumetric fat assessment
could be made automatically on any CT or MRI scans and could accompany a
radiology report and can be used as a biomarker or input into risk prediction
models.

There are also fat depositions in other parts of our body or in our organs such as
in the liver and around the heart. These are called ‘ectopic fat’ and can be measured
by medical imaging techniques. With respect to the liver, this can be measured using
various imaging modalities such as ultrasound elastography, CT, and MRI scan,
with MRI scan using proton density fat fraction (PDFF) sequence being regarded as
the gold standard. MRI that measures the PDFF has been proven to correlate well
with magnetic resonance spectroscopy and histology-proven steatosis grade from
contemporaneous liver biopsies [23, 24]. With the advent of deep learning auto-
mated quantification, these processes are expected to become more streamlined.
Similarly, we have long known the importance of pericardial fat as one of the other
sites for storage of so-called ectopic fat. Having more pericardial fat is associated
with increased incidence of coronary heart disease and development of heart failure
as well as systemic conditions including metabolic syndrome and non-alcoholic fatty
liver disease [25-29]. More recently, investigators have also focused on a specific
area known as the perivascular adipose tissue [30-32]. This is a very small area
around the coronary vessels supplying the heart. Investigators [31] have adopted
machine learning techniques, for example, using random forest classification
technique with features derived from radiomic profile of the perivascular adipose
tissue. They were able to demonstrate that there were able to discriminate cases from
controls C-statistic 0.77 (95% CI: 0.62-0.93) in the external validation set.
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Subsequently, they also tested the signature in 1575 consecutive eligible participants
in the SCOTHEART trial, in which it significantly improved major adverse cardiac
events prediction beyond traditional risk stratification. These included features that
are already being used in traditional clinics such as clinical risk factors, coronary
calcium score, coronary stenosis, and high-risk plaque features on coronary CT
angiogram.

Traditionally, quantification of these various structures is time-consuming and
labour intensive, but again, future utilisation of deep learning should help for more
rapid adoption.

6.3.2.2 Muscle

There is increasing interest in muscle quantification, particularly with the acknowl-
edgement that sarcopenia is an ageing-related entity. ‘Sarcopenia’ is defined by the
decrease in muscle mass and loss of function of muscles which can be tested using
several metrics. For example, muscle mass can be measured by an imaging modality
such as DEXA and by using Appendicular Skeletal Muscle Index. Muscle function
can be measured by loss of muscle strength, which can be estimated, for example, by
handgrip strength, and/or bedside or clinic physical performance testing such as five-
time chair stand, 6-m walk, or short physical performance battery with various
cutoff thresholds for diagnosis. Recently, there has also been the use of imaging such
as CT and MRI to be able to quantify the muscle volume as well as quantify the
extent of fatty infiltration as a proxy for abnormal muscle composition thought to
lead to the loss in muscle function [33, 34].

From the medical imaging perspective, the two most studied areas are the (1)
paravertebral muscles (i.e. the psoas muscle), and (2) thigh muscles. The fat
infiltration in the muscles can be detected on imaging, with the gold standard for
assessment and quantification being MRI, with a specialised sequence of Dixon
technique that allows for accurate separation of fat and water signal. Recently,
several investigators, including our team at HKUMed, have developed a CNN-
based segmentation model that can accurately segment various muscles in the thigh
muscles as a whole volume, allowing for an accurate and reliable assessment of the
fat infiltration [35]. These have advantages over traditional ‘single slice’ assessment
because fatty infiltration can be sporadic and differentially involved in the early
stage, and thus, a whole muscle volume assessment is highly desired. The innovation
in deep learning is expected to make this process more automated and potentially
will aid clinical adoption and utilisation. Not only will this aid diagnosis, but there is
great hope that longitudinal tracking and monitoring at a patient level will help
greatly in monitoring the impact of interventions.

6.3.2.3 Bones

The assessment of bone health on imaging is traditionally done based on quanti-
fication of bone mineral content, using DEXA scans. The amount of bone mineral
density (BMD) a person has can be estimated and is based on measurements
typically in specific areas, namely, the femur and the spine bones in the body. For
example, the United States Preventive Services Task Force recommends that all
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women aged 65 years and older should have a BMD assessment [36]. DEXA is a
robust clinical tool used for diagnosis, and indeed, the WHO criteria for the
diagnosis of osteoporosis are based on reference data obtained by DEXA [37]. As
a tool, DEXA has been extensively investigated for accuracy and robustness and is
utilised routinely in clinics. For example, biomechanical studies have shown a strong
correlation between mechanical strength and BMD measured by DEXA [38]. It
offers excellent accuracy [39] and low radiation dose [40] and, in addition, has been
validated in several randomised clinical trials that have shown a reduction in
fracture risk with drug therapy based on BMD measured by DEXA [41]. Owing to
the relatively robust and ease of use in bone density measurements, there have been
few machine learning or deep learning approach performed with DEXA relating to
BMD analyses. One study investigated the use of textural features on DEXA images
and trained machine learning models to classify patients into whether they were
normal or had osteoporosis or osteopenia, albeit with relatively modest performance
(area under the curve values ranged from 0.50 to 0.78) and with a relatively small
sample size (n = 147) [42]. Another study uses a deep learning approach comparing
different deep learning—based CNN models and achieved an accuracy of up to
92.05% in classifying normal versus osteoporosis [43]. This was achieved by first
running images through several image pre-processing steps (using denoising, image
enhancement, and thresholding), data augmentation, and boosting of the minority
class (using the SMOTE technique) before inputting them into the different CNN
and hybrid models.

6.3.3 Physical activity and wearables devices

With increasing information being gathered including everyday activities such as
physical activities, there is a huge potential for using this information based on
commercially available wearable devices to enable machine learning and Al-based
assessment. From a longevity perspective, exercise or being physically active is a
very potent intervention that mitigates chronic diseases but also has a real impact on
mortality reduction. For example, a previous study looking at older women has
shown that there are incremental benefits of walking up to 7500 steps per day in
terms of all-cause mortality [44]. In previous meta-epidemiological study [45],
exercise has been shown to be as effective as drug interventions in the secondary
prevention of coronary heart disease, rehabilitation after stroke, treatment of heart
failure, and prevention of diabetes [46]. Exercise has been shown to outperform
standard metformin treatment in preventing type 2 diabetes. In another study [47],
just over 3000 persons at high risk of diabetes were randomised to three groups
consisting of no intervention, metformin, or a lifestyle-modification programme with
at least 150 min of physical activity per week. It was shown that lifestyle changes and
treatment with metformin both reduced the incidence of diabetes in persons at high
risk, with lifestyle intervention shown to be more effective than metformin.

With the advent of emerging technologies available to the everyday consumer
such as smart watches and wearables used to track body metrics, there now lies
enormous opportunities to utilise these data and gain more insights. For example,
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several investigators have utilised the UK Biobank study, which has a large amount
of data from participants. Some investigators have used machine learning techniques
to help categorise the type of activity. For example, Willets et al used balanced
random forests with Markov confusion matrices to identify which one of four
activity states (sleep, sedentary, walking, moderate intensity) an individual was in at
any given time [48]. Given a large amount of data in >100 000 participants, an
automated technique for sorting and categorising these data is highly desired.
Investigators, therefore, have used Al-based methods to help with the automated
process of categorising different activities.

6.4 Concluding remarks

Longevity and ageing have emerged from addressing those with chronic illness to the
realms of preventative medicine in driving primary prevention to a new level, and
with the advent of new technological tools as well as the emerging usage of machine
learning and AlI, there is now potential to solve one of life’s most important
questions. How exactly do we age, and what can we do to slow down or mitigate
such effects? Before we have an actual real-world therapeutics strategy, we need to
focus on measurable metrics that are available now, and this is the focus of the
diagnostics area of ageing where we are just at the dawn of its utilisation. In the
future, we hope that we can measure our health and optimise it in such ways that
democratise individuals to be able to maintain their functional level to overall
maintain their role as a productive member of society at large. Such technology
comes with a deflationary force, such that the tools we develop in the future should
become more affordable, and as a result, real health equity is in sight.
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7.1 Introduction

Surgical robots are designed with the intention of allowing remote operation and
improvements in precision and steadiness [1]. Beginning around three decades ago
with the earliest attempts in applications for orthopedic surgery [1] and neurosurgery
[2], robotic systems have been developed to offer benefits to both patients and
surgeons. For example, in laparoscopic prostatectomy, the assistance of medical
robots has been proven to contribute to fewer intra-operative risks (e.g. blood loss),
faster recovery (including shorter hospital stay), and lower reoperation rate [3].
Surgeons also benefit from the ergonomic design to shorten the learning curve,
reduce physiological requirements (e.g. steadiness) [1], and relieve fatigue (e.g.
reduce hand and wrist numbness) [4]. Minimally invasive surgery (MIS) has been
performed on many parts of the human body, including but not limited to brain,
heart, digestive tract, and spine. This chapter will introduce advanced medical
imaging techniques from the view of assisting interventional surgeries (section 7.2),
as well as representative robotic systems for various treatments (section 7.3), aiming
to investigate some key techniques that are involved in their development (section
7.4) and discussing the current status, limitations, and future trends of intra-
operative image-guided robotic platforms (section 7.5).

7.2 Medical imaging advances

Since their emergence in the 19th century, medical imaging modalities have played
an important role in many clinical procedures, including pre-operative (pre-op)
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diagnosis and planning, intra-operative (intra-op) navigation, and post-operative
(post-op) validation. The earliest application of medical imaging was radiography
used in orthopedics pre-op diagnoses, where the surgeon could rely on x-ray images
to pinpoint the affected anatomy [5]. However, the morphology of bones may
change between the time of image acquisition and the actual operation, inducing
inadvertent inaccuracies in operation. The problem prompted the development of
real-time navigation systems using sequential fluoroscopic images. However, these
images are usually distorted, and one-dimensional information would become lost
due to the image projection. Different-perspective x-ray images were thus employed,
which would be co-registered to a common coordinate established on the target
structures, aiming to provide navigation for intra-op use [6].

Although possessing advantages of low cost and high speed, x-ray imaging still
suffers from difficulties in standardizing the positioning and radiation dosage of the
x-ray generator, which would affect imaging performance. Other advanced imaging
modalities such as computed tomography (CT), magnetic resonance imaging (MRI),
and ultrasound (US) imaging can offer three-dimensional (3D) views of anatomy,
thus replacing the role of x-ray in intra-op guidance gradually. Not limited to pure
use of the medical imaging, we can foresee the wider applications of robotic
interventions will be considered in the future with these imaging modalities. The
interventions will target not only bony structures but also soft tissues.

7.2.1 CT

CT is a non-invasive medical imaging technique using a series of x- or y-rays to
generate cross-sectional images of anatomy. The x-ray CT is the most common and
is discussed in this section. CT can provide detailed images of bones, internal organs,
soft tissues, and blood vessels. Additionally, a 360° view of the body’s structure can
be computerized through a series of cross-sectional slices. CT enables high spatial
resolution, especially in high-density structures. It could provide angiograms and
images of the skeleton/extremities, which is fast and even capable of intra-op
guidance, thus having popularity in areas such as the diagnosis and therapy of head
and neck cancers and lung intervention. However, the technique of CT involves
exposure to ionizing radiation, which would put both the patient and physician at
risk. Therefore, robotic systems designed for teleoperation under CT guidance have
been developed more recently, which can mitigate the radiation exposure for
physicians [7].

There have been developments in the technique of x-ray CT since its advent in
1979. The dynamic spatial reconstructor (DSR), a scanner capable of acquiring
240 slices with spacing of 1 mm in a time window of 0.01 s, was developed in 1979
at the Mayo Clinic [8]. DSR could show the heart, lungs, and blood flow precisely.
The dual-source CT scanner was then developed to improve temporal resolution,
and the multi-source CT made it accessible to rotate the focal spot freely [9]. Since
the ionizing radiation of CT has a significant impact on cancer risk, researchers
also focus on decreasing radiation dose [10]. There are several general strategies for
reducing radiation dose while maintaining image quality. Lowering the x-ray tube
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current and voltage, both of which would affect the strength of the beam, is the
most direct approach to reduce radiation dose and is appropriate for targets with
small size or high contrast. Higher helical pitch, which is the ratio of table feed and
collimated slice or beam width [11], could aid in reducing the exposure time. The
individualization of scanning parameters further allows the optimization of dose,
which is appropriate for patients of various body habitus. However, the reduction
of radiation dose would bring image noise, which is inversely proportional to
the square root of the radiation dose. Advanced image reconstruction algorithms
such as iterative reconstruction could lower the requirement for high radiation
dose [12].

One popular application of CT-guided robots is for positioning needles (or
cannulas) to perform biopsies and therapies. In addition, robot-assisted spine
surgery and orthopedics under CT have been developed recently. In a clinical report
of pedicle screw insertion [13], it was proven that the robot-assisted approach
improved the screw placement accuracy with decreased intra-op blood loss com-
pared with freehand fluoroscopy-assisted insertion. Additionally, the research on the
design of bedside- or patient-mounted robots (section 7.3.2) could boost the
flexibility and reachable workspace of treatment tools. CT-guided robots are
expected to simplify the surgical workflow and reduce radiation exposure for
clinicians while improving patient outcomes.

7.2.2 MRI

MRI is a non-invasive and non-ionizing medical imaging modality that maps the
internal body structure by employing a powerful magnetic field and radiofrequency
(RF) waves to activate the atomic nuclei inside the body and analyzing electro-
magnetic (EM) signals emitted [14]. In addition to the absence of ionizing radiation,
magnetic resonance (MR) has grown in popularity since its inception, thanks to its
unique ability to capture 3D volumetric images with strong tissue contrast and
arbitrary slice position in near-real-time [7]. Furthermore, MRI can offer precise
monitoring of tissue temperature (i.e. MR thermometry), as well as morphological
and functional information such as blood flow and tissue oxygenation [15, 16].
Despite its enormous potential, MRI-guided interventions are still in the early
stages, facing significant challenges. The vast majority of commercially available
MRI scanners rely on high-strength magnetic fields (1.5-3 T) for imaging, meaning
that any EM interference induced by electric current would disrupt the magnetic
field homogeneity in the MRI scanner and thus deteriorate image quality.
Moreover, ferromagnetic materials cannot be used under MRI. Further challenges
include the highly restricted workspace within scanners, where commonly used
closed-bore scanners are small (600-700 mm). The workspace is further reduced by
RF coils, such as a head/body coil, which are necessary for optimal image quality
and RF heating risk reduction [17]. As a result, the space for operation and the
dexterity of instruments are greatly limited. Another type of scanner architecture,
open MRI scanners, avoid the closed ‘doughnut’ bore structure by using magnetic
bottom and top coils and being open on all sides. Although it can expand the
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workspace to some extent, this comes at the cost of a magnetic field strength hardly
higher than 0.5 T [18], thus inducing a low signal-to-noise ratio (SNR) and increased
complexity in high-quality image reconstruction. Therefore, a closed MRI scanner is
still the norm at present. The adoption of a robotics system is also problematic due
to the confined available space [19]. Besides the restricted operating volume, more
notably, the high-intensity magnetic fields preclude the use of metal materials (e.g.
stainless steel) in a robotic system. Piezoelectric actuators are commonly employed
as drives for MRI-adapted interventional robots, while fluid-driven actuators are
also investigated. MR positional markers (section 7.4.1) are developed to achieve
reliable real-time tracking and image registration without quality-degrading artifacts
[20]. Due to limited available material choices and constrained space, designing
versatile MRI-compatible systems is particularly complicated [7]. Developed robots
are highly specialized in specific surgical procedures, integrated with customized
actuation modules (section 7.4.2).

Most commercially available MRI scanners require complex and bulky electro-
magnets to generate high magnetic fields. Such scanners involve a high cost of
installation, maintenance, and operation, resulting in scarce availability in low- and
middle-income countries. The Swoop™ system from Hyperfine Inc. (USA) is a first-
of-its-kind portable low-field MRI device which was cleared by the US Food and
Drug Administration (FDA) in 2020 [21]. It is distinguished by its portable feature
with a lightweight (630 kg) and compact size (140 cm high and 86 cm wide). This
system uses a field strength of 0.064 T and consumes low AC power (<1200 W).
Recent research conducted by Liu et a/ [22] also focuses on the cost-effective MRI
scanner (figure 7.1). They utilize an ultra-low-field (0.055 T) scanner specially
designed for brain disease diagnosis, which is powered by a standard AC power
outlet. To eliminate the need for magnetic or RF shielding cages, a deep learning
approach was applied for image reconstruction against EM interference. The four
most universally adopted scan protocols for brain MRI, namely, TIW, T2W,

!
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Figure 7.1. Example of the advanced MRI scanner prototype, 0.055 T ultra-low-field brain MRI system
(reprinted by permission from Springer Nature Customer Servie Centre GmbH: Nature, Nature
Communications [22], Copyright (2021)).
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FLAIR, and DWI, have been implemented and validated on this device, and its
feasibility of diagnosing brain tumors and strokes was successfully demonstrated.

7.2.3 Ultrasound

US, which utilizes high-frequency acoustic waves to reveal tissues, organs, blood, etc
inside the body [23], has become a necessary medical imaging method for
interventions and diagnoses. Unlike CT, x-ray, and MR imaging, US originates
from mechanical energy rather than EM energy and does not cause ionizing
radiation [24]. Although US images are relatively challenging to interpret, the
lightness, portability, and affordability of US devices promote US as a flexible and
cost-effective imaging solution [25]. As a result, US is widely used to show muscles,
breasts, heart, vessels, eyes, thyroid, and the brain, with one of its most common
usages being to monitor the growth of fetuses. Precise delineation of organs such as
fetuses can be further offered by advanced 3D/4D US constructed from conven-
tional 2D images [26]. Continued technical advances have boosted new imaging
modes by leveraging the US contrast agents and harmonic signals produced by
nonlinear wave propagation in tissues. These agents allow the visualization of
micro-circulation vessels and even show the potential to improve US’s sensitivity in
liver lesion diagnosis to rival that of CT and MRI. The harmonic imaging approach
particularly holds for obese patients and pelvic pathology owing to its improved
SNR [27].

The advantages of US prompt its combined utilization with computer-controlled
robots, which improves the execution efficiency, stability, and accuracy in interven-
tional procedures and even enables autonomous operation. In urology, US is
proposed to guide needles toward the direction of located lesions in prostate biopsy
[28, 29] and brachytherapy [30, 31]. Meanwhile, some US-guided robots have been
applied to needle-based breast biopsies, since real-time imaging can compensate for
repositioning errors caused by physiological motion (e.g. breathing) and patient
movement [32]. They have been proven to reduce targeting errors compared to
manual positioning of biopsy needles [33, 34]. In addition to imaging, high-intensity
focused ultrasound (HIFU) produced by customized transducer(s) can perform
ablation therapy. Harmonic motion imaging for focused US has emerged as a new
technique for concurrently conducting the HIFU ablation and imaging [35]. The
detected oscillatory motion in the HIFU focal point was explored to image through
a co-axially aligned transducer. It realized the continuous monitoring of ablation
without mode switching between ablation and imaging, consequently decreasing the
overheating risk during ablation.

7.3 State-of-the-art in surgical treatments

It was common to utilize modified industrial robots in surgeries before the
emergence of special-purpose surgical robots. For instance, the industrial
Programmable Universal Machine for Assembly (PUMA) robot was applied in
neurosurgery [2]. In 1991, the world’s first special-purpose surgical robot,
PROBOT was developed for prostate resection [36], where the robot end-effector’s
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movement was restricted in a pre-defined working envelope. In 1999, the first
orthopedics robot, Acrobot, was invented for knee replacement surgeries, making
orthopedics one of the first areas where robot applications were attempted. The
motion of Acrobot’s end-effector was limited to 3 degrees of freedom (DoFs),
namely yaw, pitch, and translation, with small reach and angle range to decrease
potential damage [37].

However, these first-generation surgical robots usually require frequent input of
surgeons’ control commands. Intra-op imaging guidance was not a routine in these
initial surgical robots; in situ interventional navigation could not be carried out,
either. Compared with surgeries for bones, those in soft tissue have higher require-
ments on imaging techniques due to the complex tissue deformations during
operations. In terms of imaging on soft tissue and organs, CT is a quick choice
for the chest and calcium deposit detection. MRI and US could provide ionizing
radiation-free images, and the former excels in the spinal cord and brain due to its
detailed visualization of structural abnormalities and tumors; the latter is commonly
used in abdominopelvic diagnosis and cardiography (e.g. chamber-wall motion), as
it can monitor the structure and movement of internal organs as well as blood flow.
As for the cost, another factor that needs to be taken into account, it was reported
that the mean charges of CT, US, and MRI were 1565, 410, and 2048 US dollars,
respectively, for hospital diagnostic imaging procedures in Florida in 2002 [38]. Over
the past two decades, surgical robots have been advanced gradually to combine with
computer-controlled systems and imaging techniques, while intra-op image guidance
has become the trend.

7.3.1 Stereotactic neurosurgery

Neurosurgery is regarded as one of the most challenging invasive operations because
of the high precision requirement necessary to navigate delicate tissues and complex
anatomical locations with individual variability [2, 39]. The risk of fatal complica-
tions (e.g. blood clots and seizures) is high in the brain with complicated blood vessel
distribution and functional areas. There have been stereotactic platforms designed
and validated for neurosurgery under MRI, such as the ClearPoint system
(ClearPoint Neuro, USA), which could perform electrode placements and focal
ablation with acceptable accuracy [40]. However, the workflow including frequent
patient movement for imaging updates and manual operation on the instrument is
still tedious. The application of robotics in neurosurgery is promising to provide
stable and refined motion of instruments inside the cranial cavity, superior to
humans particularly for intensive tasks that demand high precision [40, 41]. Robots
can also contribute to reduce operating time and costs. The introduction of robot-
assisted MIS also demonstrates considerable benefits for the patient’s post-op
recovery [42]. The rapid advancement of intra-op imaging has paved the way for
the adoption of robotic platforms in neurosurgery [2].

The first application of robots in neurosurgery was in 1985 [2] when Kwoh and his
colleagues successfully performed CT-guided biopsy cannulation by manipulating
the PUMA 200 [2, 39]. Following this pioneering effort, other robots have
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Figure 7.2. Commercial products and research prototypes of neurosurgery robotic platforms. (a) NeuroMate®
stereotactic robot (Reprinted with permission of Renishaw. [43] ® Renishaw plc. All rights reserved.);
(b) Minerva © system (reprinted by permission from Springer Nature Customer Service Centre GmbH:
Nature, Neurosurgical Review, [44] , Copyright © 2014, Springer-Verlag Berlin Heidelberg.); (c) Mazor X
Stealth Edition Spine Robot, image printed with permission of Medtronic and Mazor robotics.); (d) MRI-
guided bilateral stereotactic neurosurgery platform (© 2018 IEEE. Reprinted, with permission, from [46]).

subsequently been proposed, e.g. the NeuroMate robot (Integrated Surgical
Systems, USA) (figure 7.2(a)), which was approved by the FDA in 1999 as the first
commercial robotic platform enabling stereotactic procedures such as deep brain
stimulation (DBS) [44]. In these early robot-assisted neurosurgeries, surgeons pre-
defined the path and motion of the robots relying on pre-op images. Even though
this operation protocol simplified the positioning process, dynamic monitoring for
instrument location or brain shifting was not available under this routine. The
Minerva system was then devised as a dynamic CT-guiding system by which the
surgeon could adjust the instrument trajectory in real-time (figure 7.2(b)).
Incorporating a similar working process, SpineAssist, Mazor X Stealth Edition
Spine Robot (Medtronic, USA) (figure 7.2(c)), and Cirq (Brainlab, Germany) have
been widely used in spinal instrumentation. SpineAssist is the first share-control
robot for spine surgery [47], which means that both the surgeon and the robot
directly manipulate the surgical tool [48]. These systems are primarily dependent on
the precise movements of the robot end-effector. Another kind of shared-control
interface allows the surgeon to take the lead while the robot guarantees smooth
motion. This retains surgeons’ manipulation skills and manual dexterity. One of
such dexterity-enhancing systems, the Steady Hand System (Johns Hopkins
University, USA) [49], was designed to improve micro-surgery performance by
filtering out tremors. Although the concept has shown potential for applications in
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neurosurgery, its current utilization is focused on retinal surgery [50]. One example
of brain surgery robots employing shared control is the ROSA stereotactic robotic
system (Zimmer Biomet, USA) [45], a system mainly used for depth electrode
placement and intracranial biopsies.

Several teleoperated robotic systems have been developed for CT-guided stereo-
tactic neurosurgeries, aiming at reducing harmful ionizing radiation exposed to
clinicians. For example, NeuRobot (Shinshu University, Japan) incorporated a
leader—follower operation mode to perform neurosurgical procedures such as tumor
removal [51]. The teleoperation paradigm also provides a solution to interventional
robots guided by MRI, where the surgeon’s control command to the robot is given
outside the scanning suite. NeuroArm (University of Calgary, Canada) is a
commercial MR-conditional robot platform that allows teleoperation. Equipped
with 3D force sensors, it can provide haptic feedback to the surgeon. Despite its
success in neurosurgery in over 1000 cases [44], the pioneering surgical robot has
drawbacks, most notably, its bulky size, high cost, and limited compatibility with
only a specific MRI scanner. Researchers are constantly exploring solutions,
attempting to optimize or even create new avenues in MRI-guided robotic neuro-
surgeries. Li et al (Worcester Polytechnic Institute, USA) [52] designed an MRI-
guided table-mounted robot prototype for needle-based neural interventions (e.g.
DBS), the mechanism of which referred to the kinematics of conventional manual
stereotactic frames (e.g. Leksell frame). The robot enables 7-DoF operation driven
by nonharmonic piezoelectric motors. Although its needle tip positioning accuracy
achieved 1.37 = 0.06 mm in a lab-based test, the imaging SNR reduction with robot
running in the MRI bore reached 10.3% [53]. Guo et a/ (The University of Hong
Kong, China) [46] proposed the first hydraulic-driven MRI-guided prototype of a
bilateral intra-op robot for stereotactic neurosurgery. Mounted on the patient skull
directly, the compact robot (110.6 x 206.8 x 33.2 mm) allows 8-DoF manipulation
of the needle guide for DBS procedures (figure 7.2(d)) with a targeting accuracy of
1.73 mm, while the SNR loss with the robot in full motion was only within 3%.

7.3.2 Biopsy in prostate and breast

Biopsy is the main approach for cancer diagnosis, which involves the removal of
tissue samples from the suspicious lesion for further pathological investigation [54].
Imaging modalities such as MRI, US, and CT are used to localize and pinpoint
lesions prior to intervention and provide guidance through real-time imaging during
operation. Traditional biopsies rely on manual needle insertion, posing a great
challenge to the physician’s perception and manipulation dexterity. Under these
circumstances, robots hold great potential for more accurate biopsies, since it offers
enhanced repeatability, rigidity, and precision by the use of stable mechanical
manipulators.

Breast biopsy is routinely performed for pathological analysis if abnormal tissues
are identified in breast mammography, US, or MRI. With breast cancer being one of
the most commonly diagnosed cancers in women, breast biopsies are highly
prevalent [56]. The breast is a deformable organ, making real-time imaging critical
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Figure 7.3. Robotic platforms for biopsy procedures. (a) MURAB project for US-guided breast biopsy with
the pre-op MRI image (© 2020 IEEE. Reprinted, with permission, from [43], and the MURAB project.);
(b) Stormram 4 MR-safe breast biopsy robotic system (Reprinted by permission from Springer Nature
Customer Servie Centre GmbH: Medical Robotics, Annals of Biomedical Engineering [55], Copyight (2018));
(c) Soteria Medical MR-guided prostate biopsy platform (Image courtesy of Martijn Hoogenboom and Soteria
Medical.); (d) MR-safe MIRIAM system for transperineal prostate biopsy (Image courtesy of Dr. Pedro Lopes
Da Frota Moreira).

for its biopsy guidance. Biopsies for breast cancer are usually conducted under US
guidance due to the ability to access all areas of the breast and axilla, alongside its
adaptiveness to the deformable breast surface [57]. Such guidance also has the
advantages of low-cost multi-directional sampling and patient comfort. However,
the portable US manipulation also induces difficulties in robotization, including the
alignment/coordination with the needle insertion instrument, particularly in guid-
ance for such a soft organ. Both the US field of view and the needle will need to be
tracked; thus, the US image can provide visualization of the needle. Compared to
US, MRI has a higher sensitivity to abnormal tissues and can visualize tumors/
lesions that are invisible under US. Combining pre-scanned MR images with real-
time US guidance can provide more tissue details to guide the intervention.

In the MURAB system (figure 7.3(a)) [58], patient localization is performed
with a stereo camera identifying projections or skin markers on the patient’s
body. With the position information, the robot combines the real-time volumetric
US with pre-acquired MRI images to obtain the precise lesion location in robotic
coordinate frame. Avoiding complex combination of several types of images,
such as the deformable registration between different imaging modalities with
diverse imaging sensitivity, MR-conditional robots can directly employ MRI as
real-time feedback for the guidance of intervention. Navarro-Alarcon et al [59]
developed an MR-safe biopsy robot which features a compact Cartesian
mechanism with 3 DoFs of translation. It could perform needle insertion tasks
from either the front or the side within an open bore scanner. Driven by a
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combination of piezoelectric and pneumatic actuators, it could achieve an
accuracy of 1.5 mm in the insertion direction (z-axis) and 0.4 mm in the x—y stage.
Stormram 4 [55] is a pneumatic-driven biopsy robot (figure 7.3(b)). Apart from
the commercial needle, the robot itself is MR-safe. It is driven by four pneumatic
stepper motors and its feasibility is demonstrated via a phantom study under
MRI with an error of 1.29 + 0.59 mm.

Prostate biopsy and needle therapy are among the most promising applications of
robotic percutaneous methods. The gold standard for manual biopsy is fusion
biopsy [60], which involves identifying suspicious lesions based on pre-op multi-
parametric MRI and targeting the lesion under intra-op US navigation. The biopsy
outcome is heavily reliant on the surgeon’s expertise, and the learning curve is long.
Robotic assistance is introduced for procedure standardization and precision
improvement. There are two main trends in robot-actuated prostate biopsies:
(1) MR-fused biopsy, which fuses diagnostic MR images with in situ US navigation
for needle targeting, and (2) in-bore solutions, i.e. MR-compatible robots.

Similar to breast biopsy, the in-bore solution avoids the cumbersome image
registration process; however, the robot design needs to take into account issues such
as the size of the MR bore and the material limitation. The remote-controlled
manipulator system developed by Soteria Medical (The Netherlands) (figure 7.3(c))
[61] is a robotic device for needle guide positioning. It is constructed solely of plastic
parts and tubing, aiming to perform fast and accurate in-bore MR-guided prostate
biopsies. The system is driven by five pneumatic motors. In combination with
dedicated intervention software for planning and remote control, the manipulator
could move the needle to the target area under real-time MR imaging. The system is
clinically used in over 25 different countries around Europe, USA, and Asia.
Moreira et al [62] presented a parallel robot prototype capable of needle tracking
and steering (figure 7.3(d)). This platform is driven by piezoelectric actuators and its
dexterity was demonstrated by reaching targets hidden behind an obstacle.

Besides biopsy, needles or cannulas can assist various types of treatments, such as
ablation, and even gene therapy, which developed rapidly in recent years. Gene
therapy can be conducted to treat neurological disorders (e.g. central nervous system
disorder) under intra-op MRI guidance. For example, the ClearPoint system
(ClearPoint Neuro, USA) provides real-time visualization and trajectory planning
for an MR-compatible infusion cannula named SmartFlow, which is steered by a
skull-mounted rigid frame [63]. With visible cannula placement and infusate cover-
age, the intra-op adjustment can accomplish high targeting accuracy (<2 mm). Such
a kind of drug delivery enables minimal incision and increased safety for the patient,
as well as optimizes dose volume and infusion rates.

7.3.3 Abdominopelvic treatment

Common cancer types in abdominal or pelvic organs can usually be classified as (1)
upper gastrointestinal (GI) cancers (e.g. liver, gall bladder/biliary tract, and
pancreatic cancers), which are usually diagnosed by abdominal US and gastros-
copies; (2) lower GI cancers usually by colonoscopies; (3) gynecologic cancers (e.g.
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cervical and endometrial cancers) usually by transvaginal ultrasound and MRI; and
(4) urological cancers by cystoscopies, abdominal CT, and MRI [64]. Their treat-
ment approaches vary depending on the cancer position and grade. With the trend of
MIS, several diagnostic imaging modalities have evolved as important alternatives
to surgical/radiologic treatments. Endoscopic US guidance is a representative
technique, which has been proven to have advantages over conventional surgical
routines and percutaneous interventions in pseudocyst drainage and celiac plexus
neurolysis [65]. Endoscopic US-guided liver biopsy has also been accepted as an
effective choice to obtain liver tissue for both focal and parenchymal diseases [66].
Its improvement over fluoroscopy-guided transjugular routes is on the imaging
quality for both the left and right hepatic lobes, thus facilitating more accurate
access to focal liver lesions [67]. Currently such procedures are conducted manually,
and the route toward the target is highly decided on the patient’s risk profile, biopsy
indications, and the endoscopist’s experience [68].

Percutaneous approaches for both diagnosis and therapy of abdominopelvic
disease (e.g. through biopsy, drainage, and tumor ablation) are usually performed by
inserting a thin needle or probe through the skin to the target lesion. RF ablation for
liver cancers is a typical application utilizing percutaneous approaches, particularly
in treating remaining hepatocellular carcinoma after liver transplantation and
resection [69]. Different from endoscopic US devices with inherent imaging
guidance, additional imaging modalities are needed for visualization.
Conventional workflows separate the guidance for needle insertion (e.g. using US
or CT) and ablation assessment (e.g. using post-op CT or sonography), resulting in
inaccurate monitoring for ablation margins (<1 cm) that may cause high recurrence
or inadvertent organ damage [69]. Intra-op MRI-guided percutaneous systems thus
have garnered attention, accredited to MRI’s high soft-tissue imaging contrast and
temperature monitoring resolution (<1 °C). Passive needle holders were developed
and several of them have been commercialized, such as SeeStar (AprioMed, Sweden)
and Simplify (NeoRad AS, Norway). For more autonomous manipulation, robot-
assisted research prototypes have been investigated, with either table-, floor-, or
patient-mounted mechanical designs. He et al [69] proposed a compact patient-
mounted system allowing semi-autonomous needle orientation adjustment, i.e.
coarse manual placement followed by fine automatic adjustment. The ablation
management can also be enhanced by using intra-op MR thermometry.

Focused ultrasound (FUS), or specifically HIFU, provides an even less invasive
option for therapies in the abdominal or pelvic cavity. The focused acoustic energy
(from independently adjusted transducers) can result in micro-mechanical effects
inside the patient body without requiring invasive access [70]. Although abdominal
FUS/HIFU is still in the early stage, it has significant potential to ablate tumors in
the prostate, uterus (e.g. uterine fibroids), and liver. As introduced, MRI has
advantages in guiding and monitoring operations for soft tissues, including
abdominal treatments. There have been commercial MRI-guided FUS platforms
such as the Sonalleve MR-HIFU system (Philips, The Netherlands) and the
ExAblate 2000 (Insightec, Israel). The focuses of the FUS system’s advancement
are related to the region-of-interest (Rol) expansion and acoustic-beam adjusting
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efficiency. The focal point is expected to have a workspace covering the Rol and be
redundantly formed to circumvent skin burn induced by single ablation modes. Only
by tuning the phases of the transducer array, the electronic adjustment range
(<3.5 cm) of the focal spot may be insufficient to cover the target area. Therefore,
platforms that enable additional mechanical focal spot adjustment have been
gradually proposed. Dai et al [71] proposed a robotic platform that can provide
5-DoF mechanical adjustment for phase-array transducing. The compact robot can
be placed in the water tank of an MRI operating table, which is built in the scanner
specialized for US treatments. The robot workspace reaches about 100 mm X
100 mm x 35 mm without involving electronic focal-spot steering. It has the
potential to conduct MR-guided FUS treatments for major abdominal or pelvic
organs and to compensate for respiration-induced motion.

7.3.4 Cardiovascular catheterization

Endovascular intervention is an MIS option for cardiovascular diseases [72]. Using
specially designed instruments such as catheters and guidewires, surgeons puncture
the patient’s skin surface to access blood vessels and, with intra-op imaging
guidance, navigate through tortuous vascular branches to the lesion site [73].
Endovascular surgery shares all of MIS’s advantages over open surgeries in terms
of small incisions, shorter recovery time, minimal pain, and the possibility of local
anesthesia rather than general anesthesia [74].

Because of its low cost and high temporal resolution, x-ray with iodine-based
contrast agents has become the ‘gold standard’ technique for the diagnosis and
treatment of coronary artery disease [79]. However, x-ray—guided interventions still
suffer from significant drawbacks, including the use of ionizing radiation and the harm
of iodine-based contrast agents to kidneys [80]. In an evaluation of a robotic-assisted
coronary angioplasty system [81], it is reported that teleoperation can reduce radiation
exposure to the operator by 97% compared to the operation conducted in the standard
table position. Magellan™ (Johnson & Johnson, USA) is a commercial robotic
platform designed for remote manipulation of a tendon-driven steerable catheter.
However, its necessity for customized catheters leads to a high usage cost. CorPath
GRX platform (Siemens, Germany) (figure 7.4(a)) was compatible with standard
instruments, cleared by the FDA and certified with CE markingin 2011. In addition to
tendon-driven approaches, which is the most-used steering method for off-the-shelf
catheters, magnet driving is a newer actuation mode that tends to form sharper turning
angles and thus gains access to more complex areas. One commercially available
robotic platform that uses magnetic steering is the Niobe™ system (Stereotaxis, USA)
(figure 7.4(b)) [76]. It consists of two large permanent magnets, located on either side of
the operation bed. Magnetic field changes will cause the movement of the catheter
distal end where small magnets are embedded. Aeon Phocu (Aeon Scientific,
Switzerland) (figure 7.4(c)) [77] is a CE-certified robotic platform for cardiac electro-
physiological (EP) procedures, which also utilizes magnetic steering. Even though the
radiation-related danger introduced by fluoroscopy to the surgeons is greatly reduced
by teleoperation, it still poses a threat to patients.
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Figure 7.4. Robotic platforms for endovascular interventions. (a) CorPath GRX vascular robotic system ([75]
John Wiley & Sons. © 2017 Wiley Periodicals, Inc.); (b) Niobe& magnetic navigation system ([76] John Wiley
& Sons. Copyright © 2006, John Wiley and Sons.); (c) Aeon Phocus electromagnetic catheter steering system
(© 2017 IEEE. Reprinted, with permissions, from [77]); (d) MR-safe intracardiac catheter manipulator;
(e) MR-safe endovascular robotic platform (© 2020 IEEE. Reprinted, with permission, from [78]).

MRI is gaining increasing popularity as a non-ionizing alternative imaging
modality for endovascular interventions, which can contribute to both navigation
of the interventional procedure and temperature change monitoring of the ablation
process [82]. Despite these strengths, MRI-guided endovascular interventions are
still in the laboratory stage due to the intrinsic limitations of MRI scanning. The first
robotic manipulator for MRI-guided cardiac EP intervention (figure 7.4(d)) was
developed in 2018, with a compact size (780 x 105 x 210 mm) and a leader—follower
hydraulic transmission actuator enabling teleoperation outside the MRI scanning
room [83]. By plugging in a standard EP catheter, this platform was capable of
catheter steering (—45° to 45°, 0.063°), rotation (—360° to 360°, 0.504°), coarse
translation (0-200 mm, 0.115 mm), and fine translation (0-30 mm, 0.016 mm). Su
et al [84] and Kundrat et al (figure 7.4(e)) [78] also employed the leader—follower
fashion in their designs but used piezoelectric and pneumatic motors, respectively,
for adaptation to the MR environment. Details of actuation mechanisms will be
introduced in section 7.4.2. It is worth emphasizing that in MRI-guided cardiovas-
cular intervention, real-time tracking of the surgical instruments, i.e. catheter,
without sacrificing image quality is also a key concern. To address this issue,
devices for localization and catheter shape sensing have been developed, which will
be introduced in section 7.4.1.

7.4 Key advanced technologies

The localization of surgical tools and implants, particularly their intra-op positional
tracking, is essential for precise and efficient treatments. Taking a commercial
orthopedics platform, ROSA spine robot (Zimmer Biomet, USA) [85] as an
example, light reflective spherical markers are used as the positional reference.
Being attached on a fully automated robotic arm and the patient, the markers enable
fast localization of the instrument and patient anatomy in the same coordinate
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frame. Alternatives can be found such as small wirelessly powered LED markers in
the ExcelsiusGPS system (Globus Medical, USA) [86]. However, these optical
markers are only available when implemented on rigid instruments outside the
patient body, since the tracking relies on a direct and clear line of sight between
cameras and markers [6]. Special localization approaches are required for interven-
tional joint-linked or flexible instruments (e.g. catheters), as the instrument end-
effector position cannot be calculated simply based on rigid transformation.
Operations assisted by intra-op MRI also introduced requirements for sensor
compatibility with high magnetic fields and limited space inside the scanner bore.
Similar challenges in terms of compatibility also appeared in the actuator and
mechanical design of robots, which should be sufficiently compact while maintaining
a certain level of manipulation accuracy and workspace.

7.4.1 Localization and tracking of robots

Spatial positional tracking is crucial in robot navigation and automation. Stand-
alone tracking devices can measure the location and orientation of objects (e.g.
robot end-effector) in the 3D global coordinate space or provide the 3D rigid
transformation in real-time. Various tracking approaches based on optics, EM,
acoustics, and other principles have been applied in clinical surgical navigation.
Optical tracking using an infrared camera has been widely applied in rigid instru-
ment tracking scenarios such as in orthopedics. At least two optical cameras are
fixed in the surgical environment. Both capture the active infrared LED or passive
retroreflective markers that are rigidly attached on the instruments. At least three
markers are required for deriving the 6D pose of each instrument. The pose
estimation accuracy can be enhanced more at the core of measurement working
volume than the edges, and an increased or redundant number of markers can result
in improved accuracy, as reported in [87]. Representative commercial products like
Polaris and Optotrak series (NDI, Canada) have been employed in neurosurgery,
orthopedics, and others [88]. EM tracking markers/coils are not limited by the line-
of-sight problem; however, they are commonly used in the tethering setting. The size
of sensing marker unit can also be reduced significantly. However, they still need to
be put in the measurement volume associated with the magnetic field generator. The
tracking precision is susceptible to ferromagnetic sources, or EM motors nearby
[89]. Although EM tracking enables technologies for both passive (wireless) and
active (wired) markers, most interventional procedures utilized commercial active
devices in view of the marker size. NDI (Canada), Ascension Technology Corp.
(USA), and Polhemus Inc. (USA) have developed popular EM tracking platforms.
Taking the NDI Aurora system as an example, it has been applied in interventional
procedures such as cardiovascular surgery, abdominal interventions, as well as ear,
nose, and throat surgery [88]. When applied in image-guided robotic interventions,
all these optical- or EM-based tracking systems require alignment with the
coordinates of robot kinematics and medical imaging. Such alignment may induce
positional registration errors. Further challenges appeared in intra-op MRI-guided
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operations, where only specific position-tracking coils can be compatible and
effective.

Shape/configuration sensing is increasingly in demand for interventional proce-
dures. The use of continuum robots has been generalized in interventional devices,
mainly because of their structural similarity with conventional manually operated
instruments such as catheters [90]. There have been continuum robotic manipulators
proposed for application in neurosurgery, otolaryngology, abdominal surgery, and
particularly cardiovascular interventions, in the form of concentric tubes, fluid-
driven (including hydraulic and pneumatic) and tendon-driven mechanisms [91, 92].
The configuration of continuum robots is in infinite DoFs theoretically, and there
are no angle-encodable joints or rigid links available for kinematics calculation.
Therefore, shape sensing for the continuum body inserted into the patient body will
facilitate accurate and efficient end-effector control [93]. The EM tracking technique
can be used in shape reconstruction if multiple markers are orderly attached to the
manipulator. However, such approaches could only be applicable to cases that need
simplified shape localization.

Fiber Bragg gratings (FBGs) have been accepted for uses of strain and curvature
sensing in continuum surgical robotics. With sparse or continuous gratings inscribed
inside a thin fiber, the sensor can reflect the axial strain changes along the fiber by the
optical signal difference of the reflected spectrum. Besides biocompatibility and
nontoxicity, their major advantages are the ability of long-distance transmission via
fibers without inducing EM interference. These features make them compatible with
the MRI environment without deteriorating the imaging quality and suitable for
MRI-guided robots. Park et al [94] proposed to place three FBG fibers along
grooves on a biopsy needle to measure the curvature, although each fiber was
inscribed with only two FBG nodes. Such a triangular/triplet fiber configuration
(120° interval) was then accepted as a common placement when using the
combination of single-core fibers for 3D curvature estimation. The increased
number of FBGs on each fiber can facilitate the improvement of accuracy
[95, 96], since more locations can be considered in the reconstruction. FBGs have
also been gradually extended for shape estimation of flexible manipulators, such as
tendon-driven continuum robots [97] and endoscopes [98]. However, the use of
multiple fibers met challenges in integration, particularly on the thin body like
cardiovascular catheters. One solution is to use the multi-core fiber as a substitute.
Each fiber (@ 0.2mm) is inscribed by multiple (e.g. seven) chains of continuous
gratings and is interrogated quickly by the optical frequency domain reflectometry
technique. A single multi-core FBG fiber enables the 3D curvature sensing of itself,
appropriate to be integrated inside flexible manipulators with strict diameter
limitations [99]. Dong et a/ [99] validated a method for tracking the cardiac catheter
shape by combining a multi-core FBG fiber and positional tracking coils. Feasibility
experiments were performed on a customized robot prototype with a commercial
cardiac catheter [83], achieving a positional precision of 1.53 mm at the catheter tip
and a path-following control accuracy of 0.62 mm. Current reconstruction models
generally assume that strains on the continuum body can be totally reflected by
FBGs integrated inside the manipulator [100], and FBGs only feedback
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deformation-induced strain changes without noises. This is because external-force—
induced strain changes are difficult to identify and model. Although learning-based
shape-sensing algorithms have been proposed employing FBG signals [101-103],
improving the estimation accuracy under unstructured external forces is still a
challenge.

Positional tracking in MRI coordinates is usually accomplished by MR-based
tracking coil units, avoiding the registration between imaging and tracking coor-
dinates [46]. These micro coils are often attached to devices (figure 7.5(a)), instru-
ment end-effectors, or registration fiducial marks to either transmit RF signals or
serve as receiver coils. They are typically made of conductive wire loops and
peripheral electronic components such as capacitors [104]. The MR-based tracking
coils are broadly subdivided into three types, i.e. passive [105-107], active [108-110],
and semi-active tracking coils [111, 112]. The active types are connected to separate
MR receiving channels by electrical cables. The MR system activates the small coils
by RF pulse and then selectively acquires resonating signals around these coils [113].
It achieves higher temporal and spatial resolutions than the other two types [106,
110]. However, the heat issue involved by the long RF antenna could harm the

Needle Guide
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-

Figure 7.5. Integration and performance of passive tracking coils in MRI-guided needle insertion. (a) Needle
guide with two tracking coils attached to the surface. One coil is visible on the front sidewall, and the other is
on the back sidewall. (b) MR image of the brain phantom (in the coronal view) revealing the two tracking
markers by the corresponding bright spots. The signal density at these bright spots (at the top-left) is much
higher than that of the background and agar-gel phantom (© 2018 IEEE. Reprinted, with permission, from
[46]). (c) Prototype and structure diagram of the four-layer coil [113] (© 2020 IEEE. Reprinted, with
permission, from [78]).
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Figure 7.6. Real-time tracking demonstration using passive tracking coils. (a) Manipulation of a non-
ferromagnetic rod attached with two tracking coils in the MR scanner. (b) Posture reconstruction and
position tracking in the MRI coordinate.

patient, which remains a main concern of active tracking coils [114]. Unlike active
coils, the passive type neither need to transmit RF nor require wired connections
with the MR platform. It only amplifies the received MR signal to enhance the
imaging contrast between itself and its immediate vicinity [115]. For example, in a
phantom test [46] (figure 7.5(b)), two miniature coils attached to the needle guide
amplify signal intensity around the marker locations by four times compared to the
signal of background and agar-gel phantom. Its tiny and thin structure (figure 7.5(c))
simplifies the integration on both rigid and soft robots/instruments. Additionally, the
wireless connection eliminates heating concerns. Such coils can also be used for real-
time tracking applications. As in figure 7.6, the real-time 3D positions of two coils
were obtained through the RTHawk (Heartvista, USA) interface, thus enabling pose
tracking of a non-ferromagnetic rod in the MRI scanner. Semi-active coils enable
passive visualization because they are not connected with the MR receiving
channels, while being electrically activated by the MR sequences [116]. Herein, we
categorize this hybrid tracking approach as semi-active. The semi-active coils
possess the unique feature of being able to tune electrical characteristics, inducing
coil resonance at or far from the Larmor frequency [117]. Although with the
potential to achieve higher sensing robustness than the active and passive tracking
coils, relevant studies are rarely reported due to the demand for complex hardware
[118].

7.4.2 Surgical robot mounting and actuation mechanisms

Surgical robot mounting refers to the mechanical support of its actuation mecha-
nisms, varied by the choice of imaging scanner, the required workspace of surgical
manipulation, and the available footprint of operation theater. These factors directly
determine how and where the robot should be based, either on the floor, bedside,
ceiling, or patient. The SpineAssist (Mazor Robotics, Israel), mounted on the spine
through a radiolucent frame, was the first robot system approved for spine surgery
by the FDA. Stainless steel pins named Kirschner-wires, which were widely used in
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Figure 7.7. Mounting types of surgical robot systems and examples. (a) Mazor X Stealth Edition [47], bedside-
mounted (reproduced from [120]); (b) da Vinci Surgical System, floor-mounted (Reprinted by permission from
Springer Nature Customer Service Center GmbH: Springer Nature, Springer eBook [121], Copyright (2019));
(c) EndoPAR system, ceiling-mounted (© 2010 IEEE. Reprinted, with permission, from [122], cropped);
(d) MR-compatible robot system [69], patient-mounted.

orthopedics surgeries, attached the frame to the patient. Ringel et a/[119] conducted
a controlled experiment of lumbar/sacral pedicle screw implantation, showing that
the screw placement accuracy of this system was 85% and lower than the 93% in
conventional freehand operation. This could be attributed to the dislocations of the
Kirschner-wire. After the company was acquired by Medtronic, the latest version
(released in 2019), Mazor X Stealth Edition (Medtronic, USA) (figure 7.7(a)), is
integrated with Medtronic Stealth Navigation software and changed to bedside-
mounting. A bone mount bridge, which is a rigid link extending from the bottom of
the robotic arm, attaches the robot to the pins placed on posterior superior iliac
spine (PSIS) or spinous process, enabling motion compensation for the patient’s
respiration and surgical manipulation.

Other commercial robotic systems targeting multi-arm manipulation for complex
surgical operations are usually designed to be floor-mounted or mounted on mobile
chassis due to their large setup, such as the da Vinci Surgical System (Intuitive

7-18



Machine Learning, Medical Al and Robotics

Surgical, USA) (figure 7.7(b)) [123]. Ceiling-mounted arrangements are designed to
avoid the robotic system taking up large operation space, like the EndoPAR system
[122], which consists of four robot arms mounted through an aluminum gantry
(figure 7.7(c)). This mounting method saves floor space while retaining a large
workspace and is mainly used in laparoscopic surgeries. However, there presents a
requirement on the ceiling’s loadbearing ability.

The patient’s physiological motion during the operation may cause deviation in
imaging registration. To tackle this problem, reference markers are usually used
for motion tracking, hence, real-time motion compensation. For example, in the
ROSA spine robotic system [85], markers were mounted on the spine and optically
tracked to update the positional registration with the imaging. The ExcelsiusGPS
system applied additional optical markers placed on the contralateral PSIS, and
any location offsets greater than 1.0 mm would trigger the alert automatically [86].
Patient-mounting mechanism could be a promising solution for maintaining a
relatively fixed position of the robot to the patient. It is also compatible with the
narrow space in the CT/MRI scanner bore due to the compact system design. But
the workspace could be limited at the same time; thus patient-mounted systems are
usually used in percutaneous interventions like needle-based thermal therapy [124].
Small-sized robot design can even enable the cooperation of multiple robots. He
et al [69] developed a compact MR-compatible needle robot (figure 7.7(d)) for
treating large or multiple tumors, which allows percutancous ablation to be
performed at multiple locations simultaneously using several robots. However,
the physiological motion of internal organs is usually independent to the skin and
the robot. Inserting the needle during apnea phases or conducting motion
compensation based on real-time MRI images [125] could further reduce the
targeting deviation.

Actuation mechanisms are generally considered based on the performed tasks and
required precision. EM motors are the most common actuators used in surgical
robots [126]. The robot end-effectors usually rely on cables, gears, and pulleys to
transfer the mechanical power of EM motors [127]. The cable tension, velocity,
material, number of gears, and angles of cable wrapping around pulleys are the key
parameters of EM actuation. With such actuations, a series of articulated robotic
arms, such as KUKA LBR Med (KUKA Inc., Germany), have already been
employed to assist surgical operations, allowing clinicians to carry out complex
procedures with more flexibility and precision. However, the masses of mechanical
links always generate much greater gravitational torques than dynamic torques
[128]. Hence, control precision and safety become noteworthy concerns when motor
power cannot withstand the arm weight and motion load [129]. To date, various
solutions have been proposed to enable the robotic arm to serve in a ‘gravity
compensation’ mode [129-132]. For instance, Montalvo et al/ [129] proposed a
control method based on proportional derivative control with gravity compensation
for low-cost robotic-arm systems. This method reduced the gravitational torques of
manipulators by estimating the largest gravity torque. Hou e al [131] designed a
parameter identification (PI) algorithm utilizing the least-squares theory and
orthogonal triangle factorization to perform the PI. The torque generated by the
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PI algorithm was transferred to the KUKA torque controller for gravity compen-
sation. Lin et al [132] proposed a high-order polynomial model to measure the
nonlinear disturbance forces applied to the master tool manipulator of da Vinci
surgical robots. This method could sequentially identify both the disturbance and
gravitational forces for each manipulator link, eliminating the uneven mass
distribution on the manipulator. Furthermore, due to the incompatibility of EM
actuation with high magnetic field, several other actuation approaches have been
investigated to assist robotic surgeries under MRI, including Shinsei ultrasonic
motors, Nanomotion ultrasonic motors [133], piezoelectric motors, and pneumatic
and hydraulic actuators.

MR-conditional actuation is highly desired in MRI-guided robots, as a strong
magnetic field is generated by the MRI scanner and the use of ferromagnetic
materials is strictly prohibited in the scanning room. Pneumatic actuators fabricated
with non-ferromagnetic materials, such as 3D printing materials like acrylonitrile
butadiene styrene or other resin, can be inherently MR-safe. The first MR-
compatible pneumatic stepper motor (figure 7.8(a)) was developed by Stoianovici
et al [134]. The discrete rotary motion was generated from the sequential motion of
three diaphragm cylinders. Chen et al [135] introduced a simplified pneumatic
stepper motor similar to a two-stroke engine (figure 7.8(b)), which had a step angle
of 3.6° and a maximum torque of 0.8 N-m. An MR-safe pneumatic stepper motor
with high stepping frequency (320 Hz) and large torque (3.7 N-m) was developed by
Groenhuis et al [136], and its stepping motion was generated using pistons and a
rack/gear to produce either linear or rotary motion (figure 7.8(c)). However,

Figure 7.8. MR-conditional pneumatic actuators. (a) First MR-compatible pneumatic stepper motor (© 2007
IEEE. Reprinted, with permission, from [134]); (b) simplified pneumatic stepper motor (Adapted by
permission from Springer Nature Customer Service Centre GmbH: Springer Nature, Annals Of Biomedical
Engineering [135], Copyright (2014)); (c) linear and rotary MR-safe pneumatic stepper motors (© 2018 IEEE.
Reprinted, with permission, from [136]).
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achieving precise control and maintaining high positional stability are still the major
challenges of pneumatic actuation due to the nonlinear friction force and the high
compressibility of air [137].

Hydraulic actuators can provide faster dynamic response and higher power density
than pneumatic counterparts as incompressible liquid (e.g. water and oil) is used as the
transmission medium. Lee et a/ [83] developed a leader—follower hydraulic system for
MRI-guided intracardiac catheterization, in which the follower part located in the
scanning room transferring hydraulic linear motion to rotation (figure 7.9(a)). The
rolling diaphragms [138] that are used in pistons allowed efficient sliding with negligible
friction. The torque under 0.1 MPa pressure was 1.47 N-m, and the dynamic response
lag at 15 Hz frequency was 66 ms. The rolling diaphragm design was further
implemented in a three-cylinder hydraulic motor (figure 7.9(b)) [139] for providing
unlimited range of continuous bidirectional rotation, with the maximum output torque
achieving 0.49 N-m. He et a/[69] designed a hydraulic actuator (figure 7.9(c)) consisting
of three horizontal-mounted soft chambers [140], to provide fine adjustment (accuracy
within 0.9 mm) of the needle guide position for percutaneous ablation.

Nonmagnetic piezoelectric actuators could be more compact than fluid-driven
actuators and could provide fast dynamic response without the issue of overshooting.
The application can be found in the MR I-guided lumbar injection robot [141], with the
linear guides and lead screws made of MR-conditional aluminum. The robot tip
positioning accuracy reached 0.51 + 0.27 mm in free space and 1.70 £ 0.21 mm in MRI-
guided phantom study. When using piezoelectric actuation, the actuator and the cables
must be covered with RF shielding to avoid artifacts caused in the imaging process,
while the image SNR could still be reduced significantly during the robot motion due to
the high-frequency EM signals [133, 142]. Su et a/ [143] developed a piezoelectric motor
driver using linear amplifiers that could generate clean signals with precise waveform.
However, high-performance drivers and control methods for piezoelectric actuators are
still not commercially available yet.
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7.5 Discussion and conclusion

Image-guided robotic interventions are a multidisciplinary research topic that
requires combined efforts from surgeons, engineers, and radiologists to drive
development. Increasing temporal and spatial resolution of images will be the
research and commercialization focus for rapid and in situ guidance. We can foresee
MRI, a radiation-free modality that provides high contrast soft-tissue imaging, will
be widely adopted in intra-op image-guided interventions. MRI still meets chal-
lenges in popularization due to its high-cost construction/maintenance and bulky
size. Under this condition, compact and portable MRI scanners become a direction
for research and development. Regarding intra-op CT or positron emission
tomography guidance, reduction of the radiation dose will be the priority, for which
advances of artificial intelligences (AlI) (e.g. generative adversarial network) enable
low-dose image reconstruction and denoising. One reported [144] that 80% dose
reduction can be accomplished with the use of Al-based algorithm or model, relative
to the conventional filtered back projection used in the image reconstruction. Besides
individual imaging modalities, multimodal fusion is also accepted as a promising
direction to enhance surgical navigation, also through the augmented reality
techniques for visual or even haptic guidance [145].

The design of MR-conditional mechanisms usually meets challenges of making
robot structures or actuators compact and compatible with the strong magnetic
field. Fluid-driven actuation becomes a popular option, but the trade-offs are
usually imposed among the efficiency of mechanical transmission, the resolution of
fluid-driven motion, and the overall size of actuators. Currently, the performances
of fluid-driven actuators, in terms of output motion resolution and torque, are still
not comparable to EM motors, while piezoelectric motors need further technical
improvement to reduce the MR SNR degradation during actuating. Besides
actuator size, robot structure should be sufficiently compact to operate in the
space of scanning bore shared with the head/body coils. Patient-mounted designs
are proposed with minimized robot size, and as a result, the DoFs and workspace
may be sacrificed. Due to these limitations and high development costs, the
existing robots for MRI-guided interventions are still procedure-specific, without a
universal platform available. To empower the robot manipulation autonomy,
further cooperation is required among fast imaging, positional tracking, and real-
time control interfaces of MRI, which may have to be developed by a third-party
company (e.g. RTHawk Heartvista, USA). This will lead to the trend for future
software advances.

In addition to conventional surgical robots, nanorobots have emerged as a proof-
of-concept technique in medical diagnosis and treatment. Nanorobots are generally
smaller than a millimeter and made of biocompatible chemicals (e.g. iron mole-
cules). After being injected into the human body, they are excreted or degraded by
microbiological micro-ambiance [146]. Nanorobots have the potential to be applied
in various treatments, such as blood clot defusing, drug delivery, gene delivery, or
even pathogen isolation [147, 148]. Accurate delivery of the nanorobots requires
precise actuation methods for control as well as detailed visual monitoring for
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navigation. Current actuation methods under investigation (e.g. magnetic, electric,
and acoustic actuation) have been validated to drive nanorobot clusters but rarely
refined to individuals. Although MRI [149], US [150], and x-ray [151] have been
explored for the visual monitoring of nanorobot clusters, the tracking of ultra-small
outliers is still challenging. When accessing highly eloquent areas of the patient
brain, nanorobots have the potential to interfere with the patient’s personality and
character, which are collected and stored in the brain [152]. This raises significant
ethical issues, complicating the regulatory approval (e.g. FDA, European Medicines
Agency). Furthermore, nanorobots suffer from technical limitations related to
biocompatibility and safety, which could elicit unwanted immunological responses
and intrinsic inflammatory reactions. In the future, significant efforts will be
concentrated on improving the fabrication, control intelligence, and the precision
of real-time monitoring [147].
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Chapter 8

Surgical applications in medical artificial
intelligence

Jamie B J Chen and Jason Y K Chan

8.1 Introduction
8.1.1 What is artificial intelligence?

In 1955, John McCarthy defined artificial intelligence (AI) as ‘the science and
engineering of making intelligent machines’ [1], which referred to the study of
algorithms that empowered machines with the ability to realize self-learning, reason,
and perform cognitive functions, solving problems that require human input [2, 3].
There are four characteristics that Al possesses according to the Defense Advanced
Research Projects Agency, which include perceiving, reasoning, learning, and
abstracting [4].

In the early stage of AI’s development, these technologies have been universally
implemented to solve advanced mathematical problems [1]. Nowadays, Al has
gradually penetrated every corner of our daily life, such as autonomous driving and
robot-guided systems, targeted advertising based on our shopping history, and
intelligent housing systems. AlphaZero, an algorithmic program designed by Google
subsidiary Deep Mind, mastered moves and strategies for playing chess just after 4 h
of learning, and unbelievably defeated the world champion, which put Al and its
potential into the limelight.

8.1.2 The short but splendid history of Al in medicine

According to searching results of PubMed (a web-based search engine by the
National Library of Medicine), the first published article or report with the idea of
computer-assisted systems applied in medicine can be traced back to the 1950s.
PubMed was also the main information source for those digital analyzers and
established a solid foundation for future exploration and development of Al
applications [5]. Then came the ‘Al winter’, due to reduced funding and interests.
It was not until the innovation of collaborating systems, such as the Stanford
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2016 the Smart Tissue Autonomous Robot (STAR) was put into use.
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1989 The foundation of Artificial Intelligence in Medicine journal.
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Figure 8.1. Great progresses and milestones of artificial intelligence in medicine during 1952-2022.

University Medical Experimental-Artificial Intelligence in Medicine (SUMEX-AIM)
in 1973 that demonstrated the feasibility of applying Al to medicine. It built a time-
shared intelligent communicating platform for clinicians and researchers in different
areas and from various institutions to fulfill the collaboration, which brought the
topic back to the spotlight. After that, the invention of neural network designs and
the fifth generation of the computer in the 1980s greatly promoted the combination
of medicine and computer science to a deeper level. The first European Conference
on AI’s clinical applications in 1985 and the foundation of Artificial Intelligence in
Medicine journal in 1989 symbolized the step into a new era [6]. With the rapid
development of medical knowledge and the increasing demands for the healthcare
industry, the notion of the clinical transformation of Al in medicine was con-
sequently jumpstarted [6] (figure 8.1).

8.2 Al subfields and their applications in clinical medicine

Since the objective of Al is to solve the problems with intelligent machines or
computers, a constantly growing number of subfields were explored and enlarged to
augment what Al could do to assist clinical work and medical research.

8.2.1 Machine learning

Machine learning (ML), as a principle subset of Al is the computational algorithm
that learns from experience and then improves its performance automatically [7].
One of the most common utilizations of ML in medicine is to predict outcomes from
personal or exogenetic data produced in clinical processes, such as individual-patient
profiles and epidemiological information [7]. The datasets would be separated into
‘training sets’ from which the machine can learn and analyze and ‘testing sets’ in
which it can repeatedly adjust the weight of all data to improve its accuracy and
deduce an ideal predictive model. If the algorithm is taught by direct programming,
it can be called ‘explicit learning’, and the other that learns by observing and
analyzing by itself can be termed ‘implicit learning’ [8]. The merit of ML is that it
can frequently and instantly upgrade the information, integrate it, and provide a
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personalized treatment strategy, which surpasses the human’s capability of speed
and volume of data processing.

8.2.2 Deep learning and artificial neural network

Deep learning (DL), a more sophisticated algorithm in the field of ML, characterizes
vast amounts of data without human guidance, driving the recent rise of Al to a
large extent [9]. Refinement of the algorithm is attributed to automatically repeated
training in an artificial neural network (ANN), a structure inspired by biological
nervous systems and composed of an input layer, output layer, and numerous
hidden layers between them, plentiful computational units similar to neurons. With
well-developed mathematical operations and computational power, more autoen-
coders were created to realize different functions, such as elaborating complex
relations between the input and output. Meanwhile, many algorithms were designed
to simplify the calculation and skip some unnecessary procedures so that the Al
could be more accessible to more devices [10, 11].

8.2.3 Natural language processing

By extracting useful information from massive free text and integrating it into
structured documents, natural language processing (NLP) provides great help when
doctors are working with electronic medical records (EMR) [10]. For instance, NLP
could first connect with EMR systems, recognize the exact words by comparing
them with medical dictionaries and associated acronyms, underline useful informa-
tion, and provide doctors with appropriate diagnostic coding [10, 11]. The develop-
ment of NLP and voice recognition technology gives a glimpse into its future
purpose to distinguish the patient’s complaints, decompose the record, and then
integrate them into a unified structure, which is more time-saving and beneficial to
standardize the medical record writing, ensure its quality, and make it more
convenient to carry out more clinical studies. Additionally, the continuously
updated EMR system can provide real-time predictions and statistic recommenda-
tions attributed to the huge amount of data collected.

8.2.4 Computer vision

Computer vision (CV) is the capability of a machine to recognize items in images,
videos, or real scenes and then ‘understand’ or translate it into processible data [12].
It has been widely applied to complete image acquisition and interpretation in many
departments’ work, with the assistance of DL and the other latest algorithms. But
there are also some bottlenecks to fulfill image recognition with videos, one of which
was the failure in understanding and annotation of every time point during surgery.
Current technologies enable the robotic systems to cope with more visual dis-
turbances and keep track of operative instruments, providing better identification of
the surgical step and real-time information of higher surgical value [12] (figure 8.2).
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8.3 Al in endoscopy

Endoscopy is thought to be amenable to Al applications because of its dependence
on image-based diagnosis. Gastrointestinal endoscopy plays a major role in the
diagnosis of many digestive diseases, in which Al is expected to potentially improve
the quality and overcome current hurdles in diagnosis and management.
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8.3.1 Alleviate the experience inequity of the endoscopists

In clinical work, repeated colonoscopies are necessary for diagnostic purposes, prior
to surgical intervention and the follow-up of patients. The interpretation of the
endoscopic findings varies with each observer, which reduces its reliability and
objectivity. Work has been done on colonoscopy to realize standardization.
Narrow band imaging (NBI) is one of the preferred ways to detect early esophageal
squamous cell carcinoma [13]. However, significant decreases in both sensitivity and
specificity of using NBI were found in inexperienced endoscopists [14]. Therefore, it
leaves a problem that the differing experience of endoscopists may lead to bias in
disease incidence and patient outcomes, which with the introduction of Al techniques,
computer-aided detection (CADe), and computer-aided diagnosis (CADx) are
believed to have the potential for overcoming the lack of endoscopist experience.

8.3.2 Improve the detection and differentiation ability

Partly, the purposes of computer-aided systems are designed to elevate detection
rates and differentiate early malignancies from the limited images collected during
endoscopy. Different from humans, machines will not judge by the general
appearance or overall pattern but elaborately measure parameters to reach a
diagnosis, such as the color, shapes, texture, and the comparison with surrounding
mucosa [15]. DL can extract lesion features from numerous pictures and integrate
low-level findings into an abstract representation, which helps categorize and classify
the images so that the machine can discover more and learn from the characteristic
distribution of data collected for CADx accurately and within a short time. CADe
aims to extend the scope that the polyps can be displayed and checked, and CADx is
set to provide the precise diagnosis via an optical ‘biopsy’. Compared to endo-
scopists, studies verified that the systems with CADe and CADx have a higher
sensitivity and specificity, supported by randomized controlled trial (RCT) and real-
time studies since 2019 [16].

In colonoscopies, adenoma detection rate (ADR), defined as the percentage of
endoscopies performed by an operator in which more than one adenoma is detected.
It is widely adopted as a quality metric and taken as an independent factor that
predicts the risk of interval colorectal cancer and cancer mortality [17]. Several high-
quality RCTs have demonstrated the CADe system augmented ADR, especially in
diminutive adenoma detection [16].

8.3.3 How to further modify computer-assisted systems?

Many obstacles remain in endoscopic diagnosis. Gastric endoscopy, for instance, is
always disturbed by ‘noise’, such as reflections, blurring, and foam, which makes it
difficult for the endoscopist to distinguish, for example, erosive gastritis and ulcers
from early gastric cancer (EGC) [18]. Since the endoscopic finding of EGC can be a
subtle depression or elevation with faint redness compared to the surrounding
mucosa, it is considerably hard to recognize the lesion, especially in low-quality
images. According to previous studies, computer-assisted systems with DL and
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convolutional neural network models had an advantage on sensitivity over endo-
scopists when they were trained to filter out ‘noise’ by localization and segmentation,
which significantly improved the detection rate [19].

Although the computer-assisted system seems promising for clinical application
in the future, the improvement and modifications still depend on the endoscopist to
some extent. Experienced endoscopists and standardized operations are beneficial to
capture more high-quality images and a precise diagnosis. Therefore, the emphasis
should be placed on how to assist the operator to perform better but not full
automation. The reward and punishment mechanism was also introduced into DL
models; once the output is correct or the captured photos are satisfying, it will
receive positive feedback [19]. With ‘experience’ accumulation, it could remarkably
reduce blind spots and detect more undistinguishable polyps. This kind of auton-
omous design was superior to the supervised model because it did not require any
labeling by humans, which avoided the corresponding bias at the same time.

Another restriction of the system is the variation of the distance of the camera
from the lesion. The computer first locates the lesion, completes the measurement of
setting parameters, compares these findings with existing results in its database and
finally gives its diagnosis. Therefore, attempts can be made to estimate the camera
position, including: sensor-based localization and CV-based motion estimation [20].
The former means that the position of the camera is refined to the end and start of
the colon, providing limited but accurate image information. The latter is considered
to be more feasible and more likely to be put into the clinic because it doesn’t require
any additional equipment but at the expense of accuracy and image quality. In
addition, another improvement can be made by expanding its database with more
high-quality example images, especially of diseases in the early stage.

EndoBrain (Olympus, Tokyo, Japan) software is known as the first commercially
available Al system carried in endoscopy in vivo, facilitating characterization of the
colorectal tissue [21]. Currently, it is widely used to assist the differentiation between
malignancies and benign diseases, which is expected to offer more information. The
future of Al applications in the endoscopy is promising, and there are multiple
potentials for its development.

8.4 Al in surgery for optimization

The earliest attempt of a surgeon turning to a machine for help to realize a better
surgical performance can be traced back to the 1980s, when the Programmable
Universal Manipulation Arm (PUMA) 200 was created to perform the trajectory of
a brain needle biopsy and double the degrees of freedom (DOF) in the procedure
when compared to a human’s wrist [22].

Leonardo da Vinci’s study of human anatomy and design of humanoid robots
greatly enlightened future generations and gave rise to a surgical system named da
Vinci (Intuitive Surgical Inc., CA). The system still functions as a ‘master-slave’
mode, in which the doctor sits behind a sophisticated console, remotely controlling
the telemetry of the robot. Therefore, it is still faced with many hurdles that
traditional open surgery possesses, mainly operator dependence without any
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autonomous robotic functions. In recent years, minimally invasive surgery has
strengthened the concept of ‘precision surgery’ and personalized medical care [23],
which calls for a new generation of robot-assisted surgery with a real sense of
automation and intelligence.

Based on the problem in traditional endoscopic surgery, the visual and haptic
sensors were implemented to receive the input and feedback from the body and
tissue. Humans have never stopped exploring the feasibility of improving computer-
assisted surgeries, and the well-known masterpieces include the da Vinci, the
TSolution-One orthopedic robot providing guided acetabular reaming and assisted
cup implantation in orthopedic operation [24], and the Mazor X platform integrat-
ing a three-dimensional (3D) camera with spatial tracking and a robotic arm to
assist the spine surgery, which are considered to be partially autonomous with
reduced human instructions.

8.4.1 Preoperative: comprehensive evaluation leads to the optimized strategies

A detailed preoperative evaluation based on clinical information from various
aspects can effectively alleviate the risk of intraoperative accidents and postoperative
complications. Firstly, Al algorithms can assist to decide whether the patients meet
surgical indications, for example, a software created to triage abdominal pain and
comprehensively evaluate some laboratory markers and ultrasonography, such as C-
reactive protein, thrombocytes, leukocytes, and neutrophils, to elevate diagnostic
accuracy of appendicitis and avoid unnecessary operations and surgical risks [25].
Moreover, the decision of surgery depends on many factors, especially when the
patient has many treatment options. For instance, obese patients are advised to go
on a diet at the beginning of weight loss therapy, and then their weight, blood
glucose, food intake, physical activity, and many other indicators recorded on
mobile facilities and their complaints, symptoms, family histories, and other
information in their EMR can be integrated with the aid of Al, after which the
surgeon can comprehensively evaluate whether they require surgical intervention
[26].

As for detailed preoperative preparation, taking cataract surgery as an example, it
is quite important to choose the correct intraocular lens (IOL) power that influences
the refractive outcome of the patient. An Al-participating system modifies and
improves the existing formula for selecting IOL from generation to generation by
continuously updating the clinical data, especially postoperative outcomes, which
takes full advantage of ANN. This Al-hybrid approach also provides the surgeons
with the suggestion on the optimal time for surgery according to the progression of
an epiretinal membrane [27].

8.4.2 Intraoperative: leaps and bounds in surgery

8.4.2.1 The navigation to the destination

One Al application in preoperative planning is to reconstruct the vital organs with
the assistance of 3D printing. Currently, 3D printing is commonly used to remodel
some vital organs, such as the liver and the kidney, since they present with a
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relatively constant shape and position with adjacent units. Its 3D visualization
makes it superior to radiological images by providing the surgeons with more
information about the anatomic structures so that they could determine the surgery
extent, better avoid damage to the abdominal vessels, and reduce the risk of
intraoperative complications [28]. An Al-assisted system overlaps the preoperative
images on corresponding surgical findings and keeps real-time tracking. Moreover,
advanced augmented reality devices are beneficial to visualize deeper structures by
subtracting the images or rendering them transparent, which enables the surgeon to
better perform the operation.

The introduction of robotic-assisted system also updates surgical navigation. As
for pedicle screw instrumentation in spine surgery, the longer and wider screw
should be inserted to pursue stronger fixation strength, but it also raises the stake of
iatrogenic pedicle fracture and injury to surrounding neurovascular structures.
Robotic navigation operative technique and the platform obtain the intraoperative
scan and then provide navigation and real-time instrumentation planning to the
robotic arm in a ‘shared-control’ mode with the surgeon, which allows for placement
of screws with greater diameter and length, as well as high accuracy, comparing with
a skin-based locating system [29]. This kind of intelligent device is under the joint
control of the computer and the operator, taking advantage of great experience and
high stability.

8.4.2.2 Pursuit for better performance
Physical improvement. On the basis of laparoscopy surgery, robotic surgeries are
more flexible than laparoscopic surgeries since the instrument was equipped with
more DOF, and they are not bothered by fatigue, ensuring steadiness. In previous
studies, autonomous robotic surgery was put in limited applications, such as
orthopedic surgery, because bones and other rigid anatomy are more predictable.
In 2016, the Smart Tissue Autonomous Robot (STAR) was put into use, which
surpassed humans in a series of in vivo operations [30]. STAR was mainly composed
of a robot arm extended with an articulated laparoscopic suturing tool and 8 DOF.
At the early stage of its application in surgical procedures, it was only utilized in
simple planar suturing tasks. With the maturation of smart imaging technologies,
STAR was equipped with near-infrared fluorescent imaging, 3D plenoptic vision,
force sensing, and submillimeter positioning, which empowered it with a recon-
struction accuracy of 1.14 mm and 3D visual tracking system. Integrating them with
surgical tools, STAR presented a better performance in both in vivo and ex vivo
suturing of the intestine, such as intestinal anastomosis, from the aspects of suture
spacing, bite-size, completion time, lumen patency, leak pressure, and many other
parameters. The researchers had full confidence in its outstanding performance in
the in vivo experiments, while it has only been performed on the phantom tissues due
to ethical reasons [31].

Intelligent assistance. One of the benefits that the global databases and ‘big data’
bring is creating an international surgical community, which enables the surgeons
with poor experience to better complete the operation under the instruction of a
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continuously updating computer system and with the assistance of robots.
Additionally, the intraoperative cooperation of CV and DL cultivates the dedicated
man-machine combination. In surgeon-dominant operations, the assistance of Al
could benefit patients. For example, when the microscope detects the hemorrhage
during ophthalmic surgery, it will reflexively augment fluid-air exchange and
consequently elevate intraocular pressure to alleviate the bleeding, and once it
stops, the system will spontaneously cancel the intervention and leave the gas to be
gradually absorbed.

Better outcome. Robotic surgery inherits the advantages of laparoscopic oper-
ations, including reduced intraoperative hemorrhage, alleviated postoperative pain,
shorter hospital stay, and lower complication risks, which proved to improve the
short-term prognosis. According to a cohort study recruiting patients with both
benign and malignant liver tumors, the curative effectiveness of open, laparoscopic
and robotic hepatectomy were compared, which found that the robot group had a
shorter postoperative intensive care unit (ICU) stay and less frequent non-elective
readmissions [32].

8.4.2.3 More objective decision-making

In the future, what the robotic platform can do is not just tremor filtration; it is
expected to provide a globally connected data-harvesting surgical interface, which
offers an intellectual suggestion based on biological, technical, and procedural data
from its enormous database. On the basis of previous linear relationships or other
simple mathematical models built on various surgical topics, with the help of ANN
(overlapping and interweaving numerous layers with various nodes), Al algorithms
demonstrate more sophisticated predictions and evaluations of the current status,
which is also considered a driving force leading surgical workflow toward stand-
ardization and objectiveness. A complete preoperative assessment is definitely a
great contributor to a successful operation, which not only includes laboratory tests
and radiological examinations but also thoughtful provisions against the vicissitudes
of all possible complications. Restricted by time, limited surgical experience,
decision fatigue, omitted data, and other constraints, the intraoperative decisions
by the surgical team are prone to errors, especially when physical stamina decreases
and sleep deprivation happens. Moreover, the decision-making can also be influ-
enced by the surgeon’s heuristics or cognitive shortcuts, which probably induces bias
and cognitive errors [33, 34]. For example, when the surgeon cannot determine
whether to give up the abdominal exploration or stick to complete the cytoreductive
surgery during the operation because the disease progresses too swiftly and violently
after detailed preoperative evaluation. With an Al system, an alternative would be
the comprehensive integration of all available information about the patient,
connecting to vast databases to integrate other reported cases, assessing the
capability and experience of this operator, and offering a suggestion for intervention
within a short time. Although the final decision-maker is still the surgeon, the
reference value and reliability of Al are believed to be well equipped to be applied in
future clinical work.
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8.4.3 Postoperative: prescient care and surgical education in the future

8.4.3.1 Prevent the complication and adverse events in advance

A comprehensive evaluation of preoperative information, such as EMR data, and
intraoperative findings, including vital signs and procedures, greatly contributes to
avoidance and real-time prediction of postoperative adverse events.

Camera manipulation, an indicator of robotic surgical expertise and a predictor
of surgical performance, including the position and adjustment frequency, influences
operative time. A DL model revealed the potential relationship between view
exposure and surgical performance of radical prostatectomy, anticipating Foley
catheter duration, and consequently proposed the removal time, which simply
demonstrated the predictive values of Al algorithm on the postoperative complica-
tions from person to person [35].

The prediction by an Al algorithm is not a linear regression but a tree design
with multiple levels, which displays strong predictive values in several common
postoperative complications. The preoperative prediction aims to help to make a
decision, identifying which patients could benefit from an intervention and which
patients may take infructuous risks. The postoperative anticipation doesn’t have
to bother with whether or not the negative outcome will outweigh the positive
benefits but more to remind the medical staff to anticipate complications with
high probability and reassess the indication for transferring the patient out of ICU
[36, 37].

8.4.3.2 Empower surgical education through accessibility

For medical students and young surgeons, the chance to be an assistant in surgery
is quite precious; what they can learn from traditional open surgery is limited by
the exposure, which can to a degree be overcome by the laparoscopic and robotic
surgical views. The development of novel technologies and devices also pushes
surgical education into a new era in which the onus of appropriate instruction is
by seasoned tutors and Al as well. Cutting-edge technologies have their own
niches, in providing surgical education. For instance, CV provides images for
collection, ANN dynamically recognizes the phase of surgery from these images,
and virutal reality systems reconstruct these data back into 3D images, for the
trainee surgeons to have a preview before they enter the operating room,
harvesting immersive experience from the processes that then allow the virtual
practice of surgery.

Furthermore, an Al-assisted system can provide a more objective evaluation of
the operator’s performance rather than previous means of assessment, which depend
on subjective surgeon evaluations: instrument movement, blood loss, camera
manipulation, and other surgical skill performances that are captured by recorded
surgical videos. An Al algorithm will then automatically analyze and classify them
into the expert and novice groups by recognizing different but representative
features of their operations. Beyond grading surgical skills, personalized training
schemes can be drawn up to improve the specific skills, such as suturing and
knotting, according to every trainee’s capability respectively [38]. Meanwhile, the Al
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model can also refine itself and give more exact feedback with the accumulation of
repeated practices of skills and evaluations.

8.5 Future of Al in surgery: Integration of images, surgeons, and
robots for autonomous robotic surgery
8.5.1 Start with the operation room

Tele-surgery was proposed several decades ago, with researchers continually
exploring conducting tele-surgery under extreme conditions, such as in the space
station. Since 2019, the pandemic of COVID-19 has had an immense impact to the
medical staff who are forced to face an unprecedentedly high risk of infection, which
brought back the implementation of distant robotic surgery to the fore [39].

A smart operating room is one critical component when conducting tele-surgery
and robotic surgery. In the same way as its learning model in surgical performance,
it gets the utmost out of CV, DL, and other intelligent algorithms to learn and then
imitate the daily workflow of a surgical team as well as the setting of the operation
room; eventually, it is expected to allow autonomous procedures. As for the
construction of a smart operating room, it composes medical equipment and
facilities, including HD technology (the latest imaging quality with 8K ultra-high
definition [40]), mechanical arms, control center, video/image hubs, and especially
intelligent elements, including digital communication and navigation functions
integrated with the electronic system [41]. Several medical equipment and systems
are set on the mechanical arm suspended from the ceiling, eliminating the
connections and floor installations, minimizing their footprint.

We are on the verge of a technical revolution. One day, the patient will be
transported by automatic vehicles into the operation room, and then medical history
and patient information will be collected by computer-assisted systems. Under
anesthesia, the vital signs of patients are shown on an integrated screen so that the
anesthetist can be reminded by Al algorithms and give a quick response before
adverse events happen. The indoor conditions are steadily maintained by the system,
under which the optimized surgical environments are perfected with the assistance of
the algorithm. According to intraoperative procedures and patient features, com-
plications are anticipated after the patient is transferred to ICU.

8.5.2 The valley of death between the trials and clinical work

8.5.2.1 Information bias

In terms of the disparity, Al application also seems to be a ‘double-edged sword’. On
the one hand, the algorithm learns from the data. Therefore, when it is trained by
data with bias, the results it produces are biased, especially when the patient cannot
be represented by training data. On the other hand, with vast databases and the
algorithm’s ability to upgrade the latest worldwide achievements, it can sponta-
neously improve itself and offer real-time suggestions referring to multi-center
experience. Currently, Al application in clinical work is still limited, since the
information disparity has not been overcome so far.
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Another obstacle is that patients in the area or countries with low income have no
access to robotic-assisted surgeries. Poor basic infrastructures, different education
levels, drug stockpiles, and many other factors lead to different clinical decisions
varying between these regions and other places, which further creates the hetero-
geneity of these cases and causes the loss of reference value.

To produce models that can be integrated with the electronic medical record in
any setting, data is required to be standardized, which also creates difficulties during
the permeation of Al algorithms globally in different hospital systems. Some
frameworks are designed to capture key information from the history described
by patients, assemble them into EMR, and then input them into the cloud flow,
which ensures standardization and communication but still needs refinement.

Many factors hinder progress in the development of Al in surgery, such as
nonstandard information collection, different features of population, and other
pivotal socioeconomic elements influencing the outcome. However, with the enlarge-
ment of datasets and self-improvement by ML, this should be an addressable
problem.

8.5.2.2 ‘Black box’ conundrum

The establishment of a DL model begins with tremendous input, weighs different
kinds of data with various portions, consequently and continually adjusts itself, and
finally offers a result and an existing model. The basis of Al depends on a large
sample size, but the pattern in which Al-assisted systems detect and deduce the
conclusion is hard to ascertain. The phenomenon where Al cannot exactly interpret
how it values the components but still presents an excellent result is called the ‘black
box’ conundrum [42].

Diligent clinicians and informed patients wonder why the algorithm makes a
certain recommendation. To earn their trust, some versions of Al models can display
their interpretation mechanisms illustrating how and why predictions were made.
For instance, attention mechanisms can reveal and even visualize the specific period
in which the data has been processing, from the inputs to their distribution to data
points and finally to the output, which enables each model to be visualized with
disproportionate contributions and various phenotypic clusters [33]. Another
method to understand the model is to conduct prospective studies or randomized
clinical trials. Although external validation doesn’t explain the underlying mecha-
nism as well, the enhanced efficiency of a synthesized model brings confidence to the
users [43].

8.5.2.3 The system of accountability

What follows the flourishment of Al application in health care is the issue of
responsibility. Regulatory authorities, such as the US Food and Drug
Administration (FDA), previously covered the duty for regulating and approving
the use of certain medical devices. However, the FDA declared that certain types of
software were no longer under its jurisdiction, which made the accountability much
more difficult [44]. It also enforces these authorities to solve the accountability
problems due to the maturation of Al technology. Although the joint custodianship
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of both surgeon and robot breaks the traditional ‘master-slave’ mode, there is still a
long way to go to achieve autonomous robotic surgery to enter clinical practice. The
first barrier is the evaluation of whether the algorithm is qualified to be put into real
use. The robot learns from ‘big data’, but it may randomly choose a solution to the
situation that it has never been trained in, which is not safe in clinical practice.
Therefore, performance standards are necessary to ensure patient safety when it
meets with unprecedented events.

When the robot surgery starts, a new question arises on when to cease. Some
studies purported that costly miscalculations can be made if Al learns the pattern in
the wrong way [45]. As a result, some researchers insist that, before we place great
hopes on Al and make every effort to promote its clinical implementation, we
should formulate legal and ethical rules in case Al does not evolve the way we would
like it to. Then how do we enable a robot to realize its sense of responsibility? For
example, the researchers designed a ‘reward and punishment’ mechanism in the
ANN module, just like positive and negative feedback regulation in the neural
system, to impose on Al a kind of ‘memory’ to increase the frequency of doing
things right and reduce the probability of making mistakes [46].

The previous literature seems to exaggerate the efficiency of Al due to publication
bias, which means the studies with significant findings are more likely to be
submitted or published. In other words, numerous failures behind a successful
model will not be reported to the public. Besides the setting of more strict standards,
‘stress tests’ can also play a role in the qualification, in which not only real data but
also man-made wrong data can be input into the model to observe the accuracy of
output and the capability of intelligent systems to detect these errors. Therefore, to
guarantee the patients’ rights, before clinical use, the AI algorithm with self-
correction should be challenged by repeated testing from multiple vantage points,
such as trial-and-error methods in the single-center and external validation, and
the practice should start with a small-scale prospective study, which maximizes the
objectivity and reference values of that model, to proactively reduce the risk that the
patients will face.

8.5.2.4 More than thinking and moving

In this way, Al is just like an intern, who is facing the transition from theory to
practice, receiving an explosive amount of information, learning to work in an
ethical and logical way in different majors and fields, often making mistakes but
sometimes giving surprisingly satisfactory answers. Surgeons and scientists work as
guardians, teaching the Al how to solve problems, assign tasks, and correct its
mistakes. So can interns eventually become guardians?

Logistic robots have been used to carry surgical instruments and other items in
the operating room. Similarly, they are also widely used in restaurants, where they
embody their advantages, as they require less time to refresh, have more maximum
load, and considerably reduce errors caused by memory biases, such as sending or
ordering the wrong food. However, when you go for a meal alone, robot waiters will
not intend to make a doll bear to accompany you to ease your loneliness without an
artificial setting. Robots are equipped with many abilities, including figuring out the
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real demand from conversations—NLP, drawing conclusions or raising suggestions
based on big data—DL and ANN, and having image recognition and refined
physical movement—CYV and elaborate structure. However, in these human-related
industries, one of the merits in which humans outperform robots is the emotional
output. Trust is a critical element in the relationship between doctors and patients,
which may be influenced by the reputation of the hospital, the title of the surgeon,
the preferences of patients and their families, and most importantly, face-to-face
interaction. A study found that the sense of trust would increase when people were
committed, which also existed between humans and robots, but only in humanoid
ones. Nevertheless, when computers were used instead, trust significantly decreased,
which could be fatal to the doctor-patient relationship [47]. Although we are still in
the stage of semi-automation, and many patients seem to prefer the intervention
with advanced technology, such as Al and da Vinci surgery, they may turn to be
deeply skeptical when they are informed that Al takes charge of decision-making.
This is also the valley of death between theory and practice.

8.6 Conclusion

In the past decades, the incorporation of Al has led to the transformation of
traditional medicine into a new stage. To meet the requirements in scientific research
and clinical work, the subfields of Al were ameliorated separately and integrated
comprehensively. In terms of technical levels, it makes up for limited knowledge
reserve and augments the sensitivity and angles of joints. However, it still obeys to
‘master-slave’ mode due to some existing flaws, such as a lack of tactile feedback.
More studies should be encouraged to explore its vast potential, but strict
regulations on Al application should also be enacted to ensure patients’ safety
and wellbeing. With the improvement with each passing day, it is believed that the
final realization of autonomous operation in the near future will bring hugely
beneficial changes to clinical workflow.

In the past 70 years, increasing studies about Al applications in medicine have
been published in the PubMed database. The x-axis indicates the publishing year of
studies, and the y-axis presents the total number of the literature on the topic of
medical Al algorithms in that year. Milestones in the development of computer-
assisted systems are described in time sequence. An obvious increase in related
studies can be seen since 2000; in that year the use of a representative surgical device
was approved to be utilized in clinical work.

Different models with or without Al assistance are illustrated. (a) In conventional
practice, the judgment and EMR are mainly completed by clinicians. (b) With the
partial intervention of intelligent systems, doctors and computers shoulder the work
together. Under the supervision of clinicians and with their modification, the Al
systems continuously improve their performance; at the same time, the doctors
benefit from it by saving time and making decisions based on ‘big data’. (c) In the
future, the fully autonomous computer system will probably be put into use. NLP
and CV will collect various information from the patients and translate it into
computer language. These data will consequently be processed by the algorithms to
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fulfill DL and go through numerous layers and nodes in an ANN and finally output
precise prediction, valuable decisions, standardized EMRs, etc.
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Chapter 9

Technical innovations to improve artificial
intelligence generalizability of automated
medical image diagnosis for clinical practice

Meirui Jiang, Cheng Chen, Quande Liu, Pheng-Ann Heng and Qi Dou

Model generalizability has increasingly been an important topic to tackle the data
heterogeneity when deploying artificial intelligence (AI) models in the wild for
intelligent medical image diagnosis. Data heterogeneity is ubiquitous in medical
images, severely hindering large-scale adoption of Al models in real-world clinical
practice. This chapter briefly reviews the current clinical applications and technical
solutions on model generalizability and shows two example methods under the
recent federated learning paradigm to handle data heterogeneity. The first is an
effective and efficient learning strategy, called FedBN, to improve the convergence
behaviors of training medical clients under feature shift. The second focuses on
model generalizability when deploying federated models to external unseen medical
clients, under the identified new problem setting, called FedDG. Despite significant
progress in model generalizability that has been made by the medical image
computing community, continuous advancement is in high demand to promote
the wide application of intelligent models in clinical scenarios.

9.1 Introduction

?Model generalizability combating data heterogeneity is an important topic for
intelligent medical image diagnosis, which aims to use smart machines to
automatically detect abnormalities, characterize cancers, quantify tumors, suggest
treatments, and predict prognosis in the wild [1-3]. Model generalization is a long-
standing key problem in machine learning [4]. Typically, improving general-
izability means alleviating overfitting, such that the model can learn general
patterns (discard noisy specifics) in training data and yield a high performance on
data it has not seen before (a.k.a. held-out testing data). Nowadays, popular Al
techniques are based on deep neural networks, which essentially belong to a type of
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data-driven approach. This makes existing AI models unprecedentedly sensitive to
data changes in terms of statistical distributions. The consequence is that a model
may suffer from severe performance drop when being trained on one data source
but applied to another [3].

Such a problem is very challenging, or even a bottleneck, for current Al-powered
medical image diagnosis applications in the real world. The cross-dataset distribu-
tion discrepancy (i.e. data heterogeneity) is ubiquitous in medical imaging clinical
practice. Pooling medical images from different sites and previous studies is very
common in this field for building sufficiently large cohorts. Data from each hospital,
or even data from each single scanner in the same hospital, present heterogeneity due
to differences in vendors, acquisition protocols, population demographics, and other
factors. For example, the choice of scanner manufacturer (e.g. Siemens, GE
HealthCare, Philips, UI), the setting of imaging protocols (e.g. MRI pulse sequences
of T1-weighted, T2-weighter), parameters within the same protocol (e.g. echo time,
repetition time, flip angle), signal-to-noise ratio over time for the scanner, and
regional disease characteristics can respectively or jointly cause data heterogeneity
[6, 7]. Although scanner effects seem subtle, sometimes not even appreciable by
human eyes, they can still significantly affect the properties of AI models. Recent
studies [8—10] also revealed that such heterogeneity is somewhat inherent to the data
itself and cannot be removed by classical image pre-processing techniques such as
bias field correction, intensity normalization, percentile matching, and histogram
standardization. Therefore, it is crucial to explore novel techniques for improving
model generalizability, in order to apply intelligent medical image diagnosis systems
at scale for clinical practice.

To date, tackling the heterogeneous data for generalizable medical image analysis
has been extensively investigated. A wide set of applications such as brain, eye,
chest, heart, abdomen, and histopathological scenarios were studied in the literature.
Different image computing tasks including segmentation, classification, detection,
registration, image quality assessment, and depth estimation were addressed for
heterogeneous data. From a technical perspective, existing approaches can be
broadly divided into two groups, i.e. domain adaptation and domain generalization,
depending on whether the targeted testing data are used for training or not. By
default, these techniques are developed on multi-center data, i.e. teaching the Al
models by aggregating images from different medical institutions. This works in
principle; however, concerns are increasingly being raised regarding privacy issues
upon data sharing. Decentralized Al paradigms, e.g. federated learning (FL),
emerge as a preferred solution in which a global model can be obtained while
individual centers’ data are held locally. But the flip side of the coin is it becomes
harder to tackle the data heterogeneity and model generalization challenges. New
ideas should be further explored to keep up with this trend.

In this chapter, we first briefly review the clinical application areas and medical
image analysis tasks that encounter data heterogeneity and require model general-
izability. Next, we explain the current technical solutions on domain adaptation and
domain generalization. Then, we show two example methods under the recent FL
scenario to handle data heterogeneity and improve generalizability on unseen data.
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Finally, we discuss the current and future techniques on this topic prior to
concluding remarks.

9.2 Clinical application areas of model generalizability in current
literature

In the following, we briefly overview the existing application areas, which are
categorized by different clinical scenarios, and list popular public datasets of model
generalizability in current literature.

Brain image analysis is an active application area of model generalization due to
the widely existing data heterogeneity caused by the various sequences and
acquisition parameters of MRI. Usually, brain MRI images acquired from different
cohorts have no standardized intensity values and present diverse histograms. Deep
model generalization approaches have been studied in mainly three scenarios in
brain image analysis: tumor/lesion segmentation [11-13], anatomical substructure
segmentation [14], and brain states classification with functional MRI[15]. There are
some public datasets that can be leveraged for cross-domain brain image analysis,
such as the WMH Challenge dataset [16] for white matter hyperintensities
segmentation consisting of images from five scanners in three different institutes,
the Cam-CAN [17] and MRBrainS18' for brain structure segmentation, and iSeg-
2019 [18] providing 6-month infant subjects from multiple sites with different
protocols, scanners, etc.

Cardiac imaging is another hot application scenario for model generalization.
Cross-modality domain adaptation has been intensively explored based on cardiac
images, because of the well-organized, publicly available MRI and CT datasets for
the heart, such as Multi-Modality Whole Heart Segmentation Challenge data [19].
In cross-modality adaptation, substructure segmentation networks were trained on
MRI and adapted to CT, or vice versa. Although there is not very strong clinical
relevance in such a setting, it could represent the most severe distribution shift of
heterogeneous medical images, as MRI and CT images look distinct. This scenario
can reflect methodological utmost efficacy in such extreme settings [20-24].
Recently, the cross-modality domain adaptation problem setting is adopted by
Medical Image Computing and Computer Assisted Intervention Societygrand
challenges such as MS-CMRSeg Challenge [25, 26] and crossMoDA2021 [27] to
further explore and encourage technical novelties.

Eye disease diagnosis with retinal fundus images or optical coherence tomog-
raphy (OCT) images are often influenced by the data heterogeneity resulting from
different imaging devices and vendors. Current works mainly focus on tackling
distribution shifts in segmentation tasks across different retinal fundus image
datasets [28-31] or OCT datasets [32]. Some popular benchmark datasets include
REFUGE [33], Drishti-GS [34] and RIM-ONE-r3 [35] retinal fundus datasets for
optic disc and cup segmentation, two OCT datasets released from [32, 36] for retinal
layer segmentation, etc.

!http://mrbrains]8.isi.uu.nl/
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Chest disease diagnosis has been studied under data heterogeneity with cross-
domain x-ray datasets and CT datasets for a variety of tasks including thoracic
organ/lung tumor segmentation [37-40], pneumonia diagnosis [41], multi-class chest
disease recognition [42], COVID-19 assessment [43-45], etc. Available public
datasets used in previous works include the Montgomery [46] dataset and
Japanese Society of Radiological Technology [47] dataset for lung and heart
segmentation, the Radiological Society of North America Pneumonia Detection
Challenge dataset” and a pediatric chest x-ray dataset® for pneumonia diagnosis, and
the National Institutes of HealthChest x-ray 14 dataset [48] and MIMIC Chest
X-Ray dataset [49] for lung disease classification.

Abdomen multi-organ segmentation for liver, kidney, and spleen regions is also a
popular application for model generalization under the severe distribution shift
between MRI and CT data [50, 51]. The CHAOS [52] Challenge dataset with MRI
images and the multi-atlas labeling beyond the CranialVault [53] dataset with CT
images are commonly used for cross-modality abdominal multi-organ segmentation.
Because of the availability of multiple public prostate MRI datasets collected from
different sources, prostate segmentation across MRI datasets is a favorable
application in previous domain generalization works [29, 54, 55]. The NIC-ISBI13
dataset [56], I2CVB dataset [57], and PROMISEI12 [58] dataset are popular bench-
marks for multi-site prostate segmentation.

Histopathology images usually present large appearance changes due to different
staining processes. Cross-dataset adaptation with histopathology slides acquired
from different stains is common in cancer classification [59, 60]. There are also works
on cross-modality adaptation between histopathological images and microscopy
images for nuclei segmentation [61] and cancer classification [62]. For histopathol-
ogy image classification, popular datasets include Netherlands Cancer Institute and
Vancouver General Hospital datasets [63] independently collected from two clinical
sites and the Camelyon17 [64, 65] dataset with images acquired from five hospitals.
For segmentation tasks, the MoNuSeg [66], TNBC [67], and BBBC039V1 [6§]
datasets are often used for cross-domain nucleus segmentation.

9.3 Technical tasks in medical image analysis prone to data
heterogeneity

In the following, we describe different image computing tasks, including segmenta-
tion, classification, detection, registration, and depth estimation, that encounter
generalization issues in clinical practice.

Segmentation of medical image data is a pixel/voxel-wise prediction task to assign
a semantic label to every location for the region of interest in an image. This is a
conventional, well-defined task in medical imaging and is widely used for lesion
quantification assessment in radiology and tumor radiotherapy treatment planning
in oncology. Due to data heterogeneity, the performance of deep neural networks

2 https://lwww.kaggle.com/c/rsna-pneumonia-detection-challenge/data
3 https://doi.org/10.17632/rscbjbr9sj.
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degrades severely for cross-domain medical image segmentation. However, obtain-
ing pixel-wise annotation for each new domain to train a segmentation model with
supervised learning is infeasible in practice. Extensive domain adaptation and
domain generalization methods have been proposed for segmentation tasks. These
methods greatly contribute to reduce the expensive cost and time-consuming effort
of per-pixel annotation. To achieve fine-grained pixel-level adaptation for the
segmentation task, the per-pixel image appearance translation with the generative
adversarial networks (GAN) is an effective solution and has been widely adopted in
previous works [21, 38-40, 69—71]. To preserve the semantic structure during image
translation, which is crucial for segmentation tasks, many image-to-image-trans-
lation—based model generalization methods introduce additional semantic-aware
regularization into the GAN framework [38-40, 71]. For segmentation tasks, it is
observed that the cross-domain distribution shift often leads to difficulty in
predicting the complete shape of anatomies. In this regard, some methods achieve
good model generalization by applying adversarial learning in the output space to
regularize the shape of predictions on target images to be similar to the source
predictions [28, 37, 50]. Again, due to considerable annotation cost, model
adaptation, and generalization for segmentation, these tasks are mostly conducted
in semi-supervised or unsupervised ways.

Classification is a common task for computer-aided medical image diagnosis and
achieves great progress by adopting deep neural networks. Given an image, the
classification model predicts the one-hot output for which category it belongs to, e.g.
the characterization of lesion, sub-type of disease, stage of cancer, etc. However, the
learned decision boundary of deep classifier lacks generalization capability when
there exists a distribution shift between the training and test data, especially when
the training datasets are limited. Model adaptation and generalization for classi-
fication task seem easier, because the model yields only a single overall prediction for
the image as a whole. The key is to extract general, discriminative, robust, and
sometimes compact representations in the latent space from a higher level. In the
current field, available public datasets for cross-domain image classifications are
relatively fewer, compared with the segmentation task. Early efforts focus on model
generalization in histopathological image classification [59, 60, 72, 73], motivated by
the common data heterogeneity caused by the staining process. There are also works
on tackling distribution shifts in skin lesion classification [74, 75], brain activity
classification [15], fundus image quality assessment [76], and vertebra ultrasound
classification [77]. To generalize classification models across domains, the main-
stream methods use feature-level alignment via either adversarial learning or
discrepancy minimization in the latent space, so as to improve model performance
on predicting new images.

Data heterogeneity has also been tackled in other medical image analysis tasks,
but those are less often studied in the field. Here, we list some related works for brief
examples. Cell detection from microscopy images aims to predict the location of
each cell in an image. Domain adaptation method is developed to generalize cell
detection models across different microscopy image datasets [78]. Image registration
is the process of transforming a pair of images into a common coordinate system.

9-5



Machine Learning, Medical Al and Robotics

Generalizing image registration models across datasets of different image types is
investigated in [79]. Depth estimation is a task of estimating a dense depth map for an
image. There is prior effort in adapting depth estimation models between synthetic
and real endoscopy images [80].

9.4 Technical approaches for AI model adaptation and
generalization

In the following, we describe the current methods of domain adaptation and domain
generalization that combat data heterogeneity in medical imaging.

As for terminology, the source domain means the original dataset with annota-
tions being used to train the model. There can be one single source domain, as well
as multiple source domains, depending on the number of available sites in practice.
The target domain is the dataset for which the AI model is to be adapted or
generalized to. Achieving a good performance on the target domain is the final goal.
For domain adaptation methods, both source domain and target domain data are
available. For domain generalization, only source domains are available; the target
domain is unseen. It aims to train a model using multi-domain source data, such that
the model can directly generalize to unseen data without the need of retraining on
arbitrary target domains.

Domain adaptation has been an active research field to transfer knowledge learned
from the source domain to the target data by aligning distributions across domains
or adjusting decision boundaries. Early works employ pre-trained based transfer
learning to reduce the required amounts of annotations in the target domain for
segmentation tasks [12, 81, 82]. But these methods require additional labeled target
data. Instead, unsupervised domain adaptation (UDA) without using target domain
labels is more desirable, and many approaches have been proposed with different
strategies. Adversarial learning is the most popular technique for UDA, by
narrowing the domain shift between the target and source either in input space,
feature space, or output space. With the use of GAN [83], especially CycleGAN [84],
input-space domain alignment methods have been developed to transform the
source images to appear like the target ones, or vice versa [38—40, 69-71, 85].
Another stream of methods focuses on feature-space alignment, aiming to extract
domain-invariant features of deep neural networks through adversarial learning [11,
20, 60, 86, 87]. For domain adaptation in segmentation task, there are also works
adopting adversarial learning in the output space, motivated by the observation that
the semantic structure of segmentation target in medical images is usually consistent
across domains [28, 37, 88, 89]. Image-, feature-, and output-space alignments have
no conflict with each other and thus can be leveraged simultaneously to achieve
strong domain adaptation [21, 50, 90, 91]. Besides adversarial learning, domain-
invariant features can also be learned by directly minimizing the maximum mean
discrepancy [14]. Pseudo-labeling is yet another effective technique to achieve
domain adaptation with model self-training [78]. Moreover, there are other works
leveraging semi-supervised learning approaches such as self-ensembling [92] and
co-training [93] for UDA.
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Domain generalization aims to generalize models to unseen domains without
knowledge about the target distribution during training. Different methods have
been proposed for learning generalizable and transferable representations. Several
studies add data augmentation techniques to improve the model generalizability
[94, 95], assuming that the domain shift could be simulated by conducting extensive
transformations to data of source domains. Another promising direction is to
develop domain generalization methods based on meta-learning [54, 73, 96-9§],
which is agnostic to the network and fully makes use of the gradient process. In [96],
the meta-learning is guided by two complementary losses to explicitly regularize the
semantic structure of the feature space. In [54], the shape compactness and shape
smoothness are particularly enhanced to enhance the metaoptimization for segmen-
tation tasks. A set of approaches [74, 99, 100] try to learn domain-invariant
representations with feature-space regularization with linear-dependency modeling
[74] or adversarial neural networks [99]. Instead of extracting domain-invariant
features, there is also work aiming to find a feature space from the multiple source
domains that are most similar to the current target test image [31]. To handle
domain discrepancy, [101] develops an unsupervised Bayesian model to interpret the
tissue information prior to the generalization in brain tissue segmentation. Most
domain generalization methods require to access multiple-source domain data
simultaneously. Instead, the latest single domain generalization (SDG) methods
try to learn a model under the worst-case scenario with only one source domain to
directly generalize to different unseen target domains. Early attempts try to achieve
SDG by extracting domain-invariant semantic shape [29] or conducting data or
feature augmentation [51, 102].

9.5 Distributed privacy-preserving techniques with data
heterogeneity

The above techniques witness great success; however, as mentioned earlier, the need
of gathering multi-center data risks patient privacy. FL presents a new trend to
allow multi-center learning without aggregating data in one place. A standard FL
paradigm is FedAvg [103], in which each local client (e.g. hospital) trains on their
own data and uploads their model parameters only at a certain frequency to a global
server. This central server aggregates all client models and produces a new global
model, which is distributed back to each local client for a new round of FL training.
This process is iteratively performed until model convergence, and all data are kept
at each local client throughout training. Although FL has demonstrated some pilot
progress on medical image analysis [45, 104-107], the heterogeneous data distribu-
tions propose a new challenge under the distributed scenario.

At least two issues are immediately noticeable. First, in distributed training, data
heterogeneity can slow down the model convergence, making training clients suffer
from the performance degradation, or even diverge the model. Second, for testing
the model on a client from an unseen target domain, how to improve the domain
generalization by utilizing distributed data is more challenging than the previous
centralized paradigm. In other words, these two aspects raise questions on
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overcoming the internal data heterogeneity and external data heterogeneity regard-
ing multi-center FL.

9.5.1 Federated model training under internal data heterogeneity

9.5.1.1 Federated averaging with local batch normalization

We show an effective and efficient learning strategy, called FedBN* [108]. Similar to
FedAvg, FedBN performs local updates and averages local models. Moreover,
FedBN assumes local models have batch normalization (BN) layers and excludes
their parameters from the global averaging step. This simple modification achieves
significant empirical improvements on heterogeneous data in experiments. We also
present a theoretical analysis of FedBN improving the convergence behaviors under
feature shift.

Problem setup. We assume N € N clients to jointly train for 7€ N epochs and to
communicate after £ € N local iterations. Thus, the system has 7/E communication
rounds over the 7' epochs. For simplicity, we assume all clients to have M € N
training examples (a difference in training examples can be accounted for by weighted
averaging [103]) for a regression task, i.e. each clienti € [N] (N] = {1, ..., N}) has

training examples {(x/’, y,’) €ERYXR:je[M ]}. Furthermore, we assume a two-

layer neural network with rectified linear unit (ReLU) activations trained by gradient
descent. Let v, € R? denote the parameters of the first layer, where k € [m] and m is

the width of the hidden layer. Let Hvl ‘ s £ Jov"Sv denote the induced vector norm for
a positive definite matrix S. We make the assumption of data heterogeneity in a more
precise way in the following.

Assumption 9.1. (Data distribution). For each client i € [N] the inputs x ]’ are
centered (Ex' = 0) with covariance matrix S; = Exx'T, where S; is independent from
the label y and may differ for eachi € [N, e.g. S; are not all identity matrices, and for
each index pair p # q, x, # k - x, for all x € R~{0}.

Tl

With assumption 9.1, the normalization of the first layer for client i is Hv"—]
Uk S[

FedBN with client-specified BN parameters trains a model f*:R¢Y — R parame-
terized by (V, 7, ¢) € R™¢ x R™N x R™, i.e.

vpx

—k= 1. 1{x e clienti}, 9.1)
llvxlls,

1 m N
SExV,y, ) = _chzo'(}’k,i )
M k=1 i=1

where y is the scaling parameter of BN, o(s) = max{s, 0} is the ReLU activation
function, and c is the top layer parameters of the network. FedAvg instead trains a
function f:R¢ — R, which is a special case of equation (9.1) with y_, =y, for
V i € [N]. We take a random initialization of the parameters [109] in our analysis:

4 https://github.com/med-air/Fed BN
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o0) ~ N(0, @®I), ¢~ U{=1,1},and y, =y, ; = [0/,  (9.2)

where a? controls the magnitude of v, at initialization. The initialization of the BN
parameters y, and y , are independent of a. The parameters of the network
f*(x,V, v, ¢) are obtained by minimizing the empirical risk with respect to the
squared loss using gradient descent:

1 i 4 \2
L) = - 2 () - ) 93)

i=1 j=1

9.5.1.2 Convergence analysis

Here we study the trajectory of networks FedAvg (/) and FedBN (f*)’s prediction
through the neural tangent kernel (NTK) introduced by [110]. Recent machine
learning theory studies [111-115] have shown that for finite-width, over-para-
meterized networks, the convergence rate is controlled by the least eigenvalue of
the induced kernel in the training evolution.

To simplify tracing the optimization dynamics, we consider the case that the
number of local updates £ is 1. We can decompose the NTK into a magnitude
component G(¢) and direction component V' (¢)/a? following [115]:

G _AOF@) - p). where A@) = LD 4+ G,

de ao?
Let Apmin(A4) denote the minimal eigenvalue of matrix 4. The matrices V'(¢) and G(¢)
are positive semi-definite, since they can be viewed as covariance matrices. This gives
Amin(A(2)) = max {Amin(V (1))@, Amin(G(2))}. According to NTK, the convergence
rate is controlled by A.,;,(A(z)). Then, for a > 1, convergence is dominated by G ().
Let A(z) and A*(¢z) denote the evolution dynamics of FedAvg and FedBN, and let
G(t) and G*(t) denote the magnitude component in the evolution dynamics of
FedAvg and FedBN. For the convergence analysis, we use the auxiliary version of
the Gram matrices, which is defined as follows:

.y . . NM . .
Definition 9.2. Given sample points {x,,} , we define the auxiliary Gram matrices
G* € RVMXNM gnd G+ € pNMXNM ;g " P=!

Gr& = E ooy, o210(0X,)0(07x,), (FedAvg) (9.4)
Gpo& =y, ar0(vT )0 (vTx,)1{i, = i,} . (FedBN) (9.5)

Given assumption 9.1, we use the key results in [115] to show that G* is positive
definite. Further, we show that G** is positive definite. We use the fact that the
distance between G(¢) and its auxiliary version is small in over-parameterized neural
networks, such that G((¢) remains positive definite.
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Lemma 9.3. Fix points {xp};,vﬂ satisfying assumption 9.1. Then Gram matrices G*®

and G** defined as in equations (9.4) and (9.5) are strictly positive definite. Let the
least eigenvalues be Anin(G®) = 1piy and Amin(G*®) = u;, where pg, py > 0.

Based on our formulation, the convergence rate of FedAvg (theorem 9.4) can be
derived from [115] by considering non-identical covariance matrices. We derive the
convergence rate of FedBN in corollary 9.5. Our key result of comparing the
convergence rates between FedAvg and FedBN is culminated in corollary 9.6.

Theorem 9.4 (G-dominated convergence for FedAvg [115]). Suppose network (4) is
initialized as in (2) witha > 1 and trained using gradient descent and assumption 9.1 holds.
Given the loss function of training the neural network is the square loss with targets y satisfying

Iyl = O1). Ifm = g(max{N4M4 log (NM/8)la*u, N2M? log (NM/6)/,uO2}), then
with probability 1 — §,
1. For iterations t = 0, 1, ..., the evolution matrix A(t) satisfies Amin(A(2)) = ”2—0.

2. Training with gradient descent of step-size n = 0( ) converges linearly as

_
A I

(@) - I < ( - %)’W(O) s

Following the key ideas in [115], here we further characterize the convergence for
FedBN.

Corollary 9.5 (G-dominated convergence for FedBN ). Suppose network (5) and all other
conditions in theorem 9.4. With probabilityl — §, for iterationst = 0, 1, ..., the evolution

*
matrix A*(t) satisfies Amin(A*(2)) = ”70 and training with gradient descent of step-size

< \!
n= O(HA*I—U)H) converges linearly as||f*(t) — y|3 < (1 - WTO) | £+0) — y 5.
The exponential factor of convergence for FedAvg (1 — nuy/2) and FedBN

(1 - W(;‘/Z) are controlled by the smallest eigenvalue of G(z), respectively G*(¢).
Then we can analyze the convergence performance of FedAvg and FedBN by
comparing A.,;,(G®) and A,;,(G*®).

Corollary 9.6 (Convergence rate comparison between FedAvg and FedBN). For the
G-dominated convergence, the convergence rate of FedBN is faster than that of
FedAvg.

More details of the proof please refer to the original FedBN paper [108].
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9.5.1.3 Experimental results

To better understand how our proposed algorithm can be beneficial in real-world
data heterogeneity, we have extensively validated the effectiveness of FedBN in
comparison with other methods on two different tasks: breast cancer histology
image classification and prostate MRI segmentation. We run three trials and report
the average results with standard deviation.

Datasets and setup. For the breast cancer histology image classification task, we
use the public tumor dataset Camelyon17, which contains 450 000 histology images
with different stains from five different hospitals [65]. As shown in figure 9.1, we take
each hospital as a single client, and images from different clients have heterogeneous
appearances but share the same label distribution (i.e. normal and tumor tissues).
We use a deep network of DenseNet121 [120] and train the model for 100 epochs at
the client-side with different communication frequencies. We use cross-entropy loss
and SDG optimizer with a learning rate of 1e—3. For the prostate MRI segmentation
task, we use a multi-site prostate segmentation dataset [8], which contains six
different data sources from three public datasets [56-58]. We regard each data
source as a client and train the U-Net using Adam optimizer with a learning rate of
le—4, momentum of 0.9 and 0.99.

We report the performance of global models, i.e. the final results of our overall
framework. The model was selected using the separate validation set and evaluated
on the testing set. If not specified, our default setting for the local update epoch is 1.
We use the momentum of 0.9 and weight decay of 1le—4 for all optimizers.

Results and analysis. We compare our approach with recent state-of-the-art
(SOTA) FL methods towards solving the data heterogeneity problem. Both FedProx
[116] and a recent method MOON [119] tackle the data heterogeneity problem by
constraining the dissimilarity between local and global models to reduce global
aggregation shifts. FedAdam [118] and FedNova [117] are proposed as general
methods to tackle global drifts. For the breast cancer histology image classification
shown in table 9.1, we report the testing accuracy on five different clients and the

Normal

Tumor

Figure 9.1. Examples of breast histology images of normal and tumor tissues from five clients, showing large
heterogeneity. Reproduced from [107], Copyright © Association for the Advancement of Artificial
Intelligence. All rights reserved.
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Groundtruth FedAvg FedProx FedNova FedAdam MOON FedBN (Ours)

Figure 9.2. Qualitative comparison on segmentation results with our method and other state-of-the-art
methods. The top two rows are for the task of prostate MRI segmentation, and the bottom two rows are for
the task of histology nuclei segmentation.

average results. It can be observed that alternative methods only achieve minor
improvements than FedAvg on certain clients. Our method FedBN exceeds by a
non-negligible margin on four clients significantly, reaching an accuracy of 8§7.33%
on average. Interestingly, we found the standard deviation on client E is large. The
reason may come from that images in client E appear differently as shown in
figure 9.1, making the training procedure not as stable as other clients.

For segmentation tasks, the experimental results of Dice are shown in table 9.1 in
the form of a single client and average performance. As MRI images show fewer
domain shifts than histology images, the performance gap of each client is not as
large as histology image classification. Our method still achieves the highest Dice of
92.75% regarding the average performance. Besides, we visualize the segmentation
results to demonstrate a qualitative comparison, as shown in figure 9.2. Compared
with the first ground-truth column, due to the heterogeneous features, other FL
methods either cover more or fewer areas. As can be observed from the second
column, the heterogeneity in features also makes FedAvg fail to obtain an accurate
boundary, while our approach shows more accurate boundaries. The results are
inspiring and bring the hope of deploying FedBN to the healthcare field, where data
are often limited, isolated, and heterogeneous on features.

9.5.2 Federated domain generalization for testing under external data heterogeneity

9.5.2.1 Method

To further tackle the data heterogeneity issues when deploying the federated models
to external unseen medical centers, we identify the problem setting of Federated
Domain Generalization (FedDG)’ [121], which aims to learn a federated model from
multiple decentralized source domains such that it can directly generalize to

3 https://github.com/liuquande/Fed DG-ELCFS

9-13


https://github.com/liuquande/FedDG-ELCFS

Machine Learning, Medical Al and Robotics

completely unseen domains. In FedDG, we denote (2, %) as the joint image and
label space of a task and ¥ = {1, 2, ..., &Ky as the set of K distributed source
domains involved in FL. Each domain contains data and label pairs of

Nk
Sk = {(xl»k, yl.k)}. ; which are sampled from a domain-specific distribution

(2%, ). The goal of FedDG is to learn a model f;: 2 — % using the K distributed
source domains, such that it can directly generalize to a completely unseen testing
domain 7~ with a high performance. An overview of our proposed method is shown
in figure 9.3.

Continuous frequency space interpolation. To address the restriction of decentral-
ized datasets, the foundation of our solution is to exchange the distribution
information across clients, such that each local client can get access to multi-source
data distributions for learning generalizable parameters. Considering that sharing
raw images is forbidden, we propose to exploit the information inherent in the
frequency space, which enables the separation of the distribution (i.e. style)
information from the original images to be shared between clients without privacy
leakage.

Specifically, given a sample x* € R¥*"*C (C = 3 for RGB image and C = 1 for
gray-scale image) from the kth client, we can obtain its frequency space signal
through fast Fourier transform [122] as

H-1W-1

ﬁ(xik)(u, v, ¢) = Z Zx (h, w, c)e ]2”( iy ) (9.6)

h=0 w=0

This frequency space signal # (xik) can be further decomposed to an amplitude
spectrum .o7¥ € R7*W*C and a phase spectrum 25 € R7*X"xC_ which respectively
reflect the low-level distributions (e.g. style) and high-level semantics (e.g. object) of
the image. To exchange the distribution information across clients, we first construct
a distribution bank .o/ = [«/!, ..., /K], where each /% = {&/k}l , contains all

r'"_E-iﬁe;r_ea_d_ls_tr_iﬁdtl_o_r\_b_e;n_k """ B e u o J——— -
i A% -7 Sl S Model  Region-level

| feature extraction

° | '
- . : :
JL '
o ' '
,,,,,,,,,,,,,,,,,,,,,, On e ‘ 1 T
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Figure 9.3. Overview of our proposed episodic learning in continuous frequency space. The distribution
information is exchanged across clients from frequency space with a continuous interpolation mechanism,
enabling each local client to access the multi-source distributions. An episodic training paradigm is then
established to expose the local optimization to domain shift, with explicit regularization to promote domain-
independent feature cohesion and separation at the ambiguous boundary region for improving generalizability.
© 2021 IEEE. Reprinted, with permission, from [121].
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amplitude spectrum of images from the kth client, representing the distribution of
Z°%. This bank is then made accessible to all clients as shared distribution knowledge.

Next, we design a continuous interpolation mechanism within the frequency
space, aiming to transmit multi-source distribution information to a local client
leveraging the distribution bank. As shown in the left part of figure 9.3, given a local
image x/ at client k, we can replace some low-frequency components of its
amplitude spectrum with the ones in distribution bank .«Z, while its phase spectrum
is unaffected to preserve the semantic content. As an outcome, we can generate
images with transformed appearances exhibiting distribution characteristics of other
clients. More importantly, we continuously interpolate between the amplitude
spectrum of local data and the transferred amplitude spectrum of other domains.
In this way, we can enrich the established multi-domain distributions for each local
client, benefiting from a dedicated dense space with smooth distribution changes.
Formally, this is achieved by randomly sampling an amplitude spectrum item
/"(n # k) from the distribution bank and then synthesizing a new amplitude

spectrum by interpolating between .7 and .« T Let M = 14, wyel-ati:at, —aw-aw] DE A
binary mask which controls the scale of low-frequency component within amplitude
spectrum to be exchanged and whose value is 1 at the central region and 0 elsewhere.
Denote ) as the interpolation ratio adjusting the amount of distribution information
contributed by /¥ and .z ", the generated new amplitude spectrum interacting
distributions for local client £ and external client n is represented as

AT = (1= Dt + Mt ) X+ AT X (1 = 4. 9.7)
After obtaining the interpolated amplitude spectrum .o/ ff]’”, we then combine it with
the original phase spectrum to generate the transformed image via inverse Fourier

k—n k—n

transform 7 ! as x,;" = f"( = J?f”), where the generated image x; ;" preserves

the original semantics of x;* while carrying a new distribution interacted between 2%
and Z2”. In our implementation, the interpolation ratio A will be dynamically
sampled from [0.0, 1.0] to generate images via a continuous distribution space.
Note that the method described above does not require heavy computations and
thus can be performed online as the local learning goes on. Practically, for each
input x, we will sample an amplitude spectrum A / from the distribution bank for
each external client n # k and transform its image appearance as equation (9.7).
Through this, we obtain K — 1 transformed images {xl{‘f"}#k of different distribu-

tions, which share the same semantic label as x. For ease of denotation, we

represent these transformed images as 1/ hereafter, i.e. 1} = {xik;”} e
’ n

Boundary-oriented episodic learning. In the following, we carefully design a
boundary-oriented episodic learning scheme for local training, by particularly
meeting challenges of model generalization in medical image segmentation scenar-
10s. We establish the local training as an episodic meta-learning scheme, which
learns generalizable model parameters by simulating train/test domain shift explic-
itly. Note that in our case, the domain shift at a local client comes from the data
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generated from frequency space with different distributions. Specifically, in each
iteration, we consider the raw input x/ as meta-train and its counterparts 7/
generated from frequency space as meta-test presenting distribution shift (cf
figure 9.3). The meta-learning scheme can then be decoupled to two steps. First,
the model parameters % are updated on meta-train with segmentation Dice loss

0" = 0% — PV Ly x/10%), 9.8)

where f denotes the learning rate for the inner-loop update. Second, a meta-update

is performed to virtually evaluate the updated parameters 6" on the held-out meta-
test data 7* with a meta-objective %,.,. Crucially, this objective is computed with

the updated parameters 6" but optimized w.r.t. the original parameters 6. Such
optimization paradigm aims make the learning on source domains able to further
fulfill certain properties desired in unseen domains, which are quantified by % ..

In our case, we define the %,.., with considering specific challenges in medical
image segmentation. Particularly, we design a new boundary-oriented objective to
enhance the domain-invariant boundary delineation, by carefully learning from the
local data x/ and the corresponding ¢ generated from frequency space with multi-
source distributions. The boundary-oriented objective helps the model avoid suffer-
ing from ambiguous decision boundaries and be robust to the distribution shift when
deployed to unseen domains outside federation.

Specifically, we first extract the boundary-related and background-related fea-
tures for the input samples. Given image x* with segmentation label yl.k, we can

extract its binary boundary mask yl.’: s and background mask yi’jbg with morpho-

logical operations on yik . Here, the mask yl.kbg only contains background pixels
around the anatomy boundary instead of from the whole image, as we expect to
enhance the discriminability for features around the boundary region. Let Z* denote
the activation map extracted from layer /, which is interpolated with bilinear
interpolation to keep consistent dimensions as yi". Then the boundary-related and

background-related features of x/ can be extracted from Z/ with masked average
pooling over y*, and yl.kbg as

k* k k* k
nk zh, WZi*Y i bd ok Zh, Wi Vi bg
i bd = k st _bg = k 5
Z/1, wy i_bd Z/1, wy i_bg

where * denotes element-wise product. The produced h,»’i,,d and h,—’ibg are single-
dimensional vectors, representing the averaged region-level features of the boundary
and background pixels. By further performing the same operation for K — 1
transformed images ¢ with different distributions transferred from the frequency
space, we accordingly obtain together K boundary-related and K background-
related features.

9.9)
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Next, we enhance the domain-invariance and discriminability of these features by
regularizing their intra-class cohesion and inter-class separation regardless of
distributions. Here, we employ the well-established InfoNCE [123] objective to
impose such regularization. Denote (/,,, /1,) as a pair of features, which is a positive
pair if h,, and h, are of the same class (both boundary-related or background-
related) and otherwise negative pair. In our case, the InfoNCE loss is defined over
each positive pair (h,,, h,) within the 2 x K region-level features as

exp (hm © hp/r)

(o Iy) = —log =5 : (9.10)
qul, q#m[F(hm’ h‘i) - €Xp (hm o hq/T)
where ® denotes the cosine similarity: a @ b = TP aff;lfl ”2; the value of [F(hm, hq) is0

and 1 for positive and negative pair, respectively; and = denotes the temperature
parameter. The final loss %,gundary 15 the average of 7 over all positive pairs:

2K 2K (1 — [F(hm, hp)) . /(hm, hp)
gboundary = Z Z B(K,2)x?2

m=1 p=m+1

9.11)

>

where B(K, 2) is the number of combinations.
Overall local learning objective. The overall meta-objective is composed of the
segmentation Dice loss %, and the boundary-oriented objective %,oyndary @S

L = Lea(1150°) + 1 Lhounauns (1 150", 9.12)

where 6" is the updated parameter from equation (9.8) and y is a balancing hyper-
parameter. Finally, both the inner-loop and meta-objective will be optimized together

with respect to the original parameter 6% as argmin &z, g(x/‘; 0% )+ ,,S,”meta(x[k , t,»k; ék).
In a federated round, once the local learning is finished, the local parameters 9% from all
clients will be aggregated at the server to update the global model.

9.5.2.2 Experimental results

We evaluate our method on two medical image segmentation tasks, i.e. the optic disc
and cup segmentation on retinal fundus images [33] and the prostate segmentation
on T2-weighted MRI [58], by conducting comparison with DG methods that can be
incorporated in the federated paradigm.

Datasets and evaluation metrics. We employ retinal fundus images from four
different clinical centers of public datasets [33—35] for optic disc and cup segmenta-
tion. For pre-processing, we center-crop a 800 x 800 disc region for these data
uniformly and then resize the cropped region to 384 x 384 as network input. We
further collect prostate T2-weighted MRI images from six different data sources
partitioned from the public datasets [8, 56-58] for the prostate MRI segmentation
task. All the data are pre-processed to have a similar field of view for the prostate
region and resized to 384 x 384 in axial plane. We then normalize the data
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Site A Site B Site C Site D
101 slices 159 slices 400 slices 400 slices

Site A Site B Site C ~ Site Site E Site F
381 slices 354 slices 449 slices 162 slices 249 slices 145 slices

Figure 9.4. Example cases and slice number of each data source in fundus image segmentation and prostate
MRI segmentation tasks. © 2021 IEEE. Reprinted, with permission, from [121].

individually to zero mean and unit variance in intensity values. The example cases
and sample numbers of each data source are presented in figure 9.4. For evaluation,
we adopt two commonly used metrics of Dice coefficient (Dice) and Hausdorff
distance (HD), to quantitatively evaluate the segmentation results.

Results and analysis. In our experiments, we follow the practice in domain
generalization literature to adopt the leave-one-domain-out strategy, i.e. training on
K — 1 distributed source domains and testing on the one left-out unseen target
domain.

We compare with recent SOTA DG methods that are free from data central-
ization and can be incorporated into the local learning process in federated
paradigm, including: JiGen [124], an effective self-supervised learning approach to
learn general representations by solving jigsaw puzzles; BigAug [94], a method that
performs extensive data transformations to regularize general representation learn-
ing; Epi-FCR [125], a scheme to periodically exchange partial model (classifier or
feature extractor) across domains to expose model learning to domain shift; and
RSC [126], a method that randomly discards the dominating features to promote
robust model optimization. For the implementation, we follow their public code or
paper and establish them in the federated setting.

Table 9.2 presents the quantitative results for retinal fundus segmentation. We see
that different DG methods can improve the overall generalization performance more
or less over FedAvg. This attributes to their regularization effect on the local learning
to extract general representations. Compared with these methods, our episodic
learning in continuous frequency space (ELCFS) achieves higher overall performance
and obtains improvements on most unseen sites in terms of Dice and HD for both
optic disc and cup segmentation. This benefits from our frequency space interpolation
mechanism, which presents multi-domain distributions to the local client. For prostate
MRI segmentation in table 9.3, the comparison DG methods generally perform better
than FedAvg, but the improvements are relatively marginal. Our ELCFS obtains the
highest Dice across all the six unseen sites and HD on most sites. Overall, our method
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Groundtruth JiGen BigAug EPI-FCR RSC FedAvg ELCFS (Ours)

Figure 9.5. Qualitative comparison on the generalization results of different methods in fundus image
segmentation (top two rows) and prostate MRI segmentation (bottom two tows). © 2021 IEEE. Reprinted,
with permission, from [121].

improves over FedAvg for Dice from 85.57% to 87.39% and HD from 12.42 to 10.88,
outperforming other DG methods. Figure 9.5 shows the segmentation results with two
cases from unseen domains for each task. It is observed that our method accurately
segments the structure and delineates the boundary in images of unknown distribu-
tions, whereas other methods sometimes fail to do so.

9.6 Discussion and summary

Existing adaptation- and generalization-based methods have been active research
fields already with solutions to overcome such domain distribution shifts under the
centralized data. Domain adaptation methods aim to align distributions across
domains, and domain generalization mainly focuses on learning generalizable and
transferable representations. However, these well-formulated algorithms are mainly
designed under the assumption of gathering data together. Collecting a sufficiently
large amount of data itself is a challenging issue given the concern on patients’
privacy and data collection protocols. FL methods are more appealing and practical
in the long-run for real-world clinical applications. It is therefore urgent to develop
techniques for combating data heterogeneity in such a new distributed paradigm.
Extending some existing domain adaptation/generalization methods to FL frame-
works is a short-term solution. Designing and developing novel techniques that
better suit the characteristics of FL paradigm is more important. Besides our
illustrated two example methods in section 9.5, some other self-training [78],
self-ensembling [92] and augmentation-based methods [51, 102] have also been
investigated on federated data heterogeneity.
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Recently, the test-time adaptation has been an emerging topic to efficiently tackle
the cross-domain distribution shift at test time for medical images from different
institutions. Unlike methods mentioned above, test-time adaptation methods are
able to continuously update a model with the distributional information provided by
a single test sample. For example, the method Denoising Test-Time Adaptation
(DTTA) [127] employs denoising auto-encoders to learn shape priors in the source
domain, which are leveraged for adaptation at test time. Similarly, Valvano et al
[128] keep mask discriminators to provide prior knowledge of shape and fine-tune
the segmentor on each individual test instance to optimize the learned prior
knowledge. Zhu et al [129] try to fine-tune the learned model with test-time training
on each test image pair to improve the generalization accuracy of learning-based
registration. The method Autoencoder Test-Time Adaptation (ATTA) [32] trains a
set of auto-encoders on the source dataset and updates a set of adaptors at test time
to minimize the distribution shift indicated by the auto-encoders’ reconstruction
loss. Since the test-time adaptation methods [32, 127-129] have no restriction on the
training process, combining the test-time techniques with FL models can further
boost the model generalizability. To date, limited investigations with test-time
adaptation methods have been conducted on medical images; however, we foresee a
surge in this topic owing to its accuracy, efficiency, scalability, and privacy
protection.

In summary, this chapter focuses on the problem of data heterogeneity to
improve model generalizability towards clinical practice. This is an essential and
immediate topic for Al-enabled automated medical image diagnosis. Significant
progress has been achieved by the medical image computing community in recent
years. Resolving the issue will facilitate to promote deep learning applications on
large-scale real-world clinical datasets from different medical institutions.
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