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Abstract

Artificial Intelligence (Al) has emerged as a transformative force in medical imaging, signifi-
cantly enhancing how professionals interpret complex data. Persistent issues mainly include (1)
the inherent complexity and clinical variability of medical images, demanding highly adaptive Al
for precise recognition and interpretation. (2) Developing effective Al solutions requires large,
well-annotated datasets, a process that is time-consuming and resource-intensive for clinicians.
(3) Research has largely concentrated on the preliminary stages such as diagnosis and feature
extraction, neglecting the AIl’s potential for prognosis or long-term disease outcomes. (4) Vari-
ations in imaging devices, patient status, and protocol specifics limit the reproducibility and
generalizability of AI models. This PhD program addresses these obstacles by concentrating
on computational methods for clinical tasks such as recognition, retrieval, and data harmo-
nization across multicenter datasets. Initial projects employed supervised learning to assess
model performance in complex scenarios, including fine-grained recognition in kidney pathol-
ogy and airway segmentation in lung CT scans. Innovations introduced include a fine-grained
recognition model with uncertainty evaluation for differentiating different glomeruli and a fuzzy
attention neural network enhanced by adversarial learning for more accurate airway segmenta-
tion, outperforming standard 3D segmentation approaches. To address the scarcity of annotated
data, the research explored unsupervised learning with a novel deep mixture model that incor-
porates constraints to prevent segmentation errors. The AIIB23 challenge, held in conjunction
with the MICCAI 2023 conference, established benchmarks for Al in airway segmentation and
mortality prediction, helping to identify current research deficiencies. Furthermore, a clinical
study involving patients with lung fibrosis compared the efficacy of image-derived biomarkers
with conventional clinical metrics in mortality prediction, highlighting AI’s potential in clinical
applications. The program also explored computational data harmonization, introducing an
image retrieval system to categorize and align images based on textural similarities, promising

advances for future large-scale clinical studies.
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Chapter 1

Introduction

1.1 Al in digital healthcare

Artificial Intelligence (AI) refers to the simulation of human cognitive functions by machines,
particularly those designed to mimic and replicate human thought processes and learning ca-
pabilities. Central to Al is its proficiency in processing substantial volumes of data swiftly
and with high accuracy, thus enabling it to execute decisions or make predictions based on
this data. Al systems are adept at undertaking tasks traditionally requiring human intellect,
including visual perception, speech recognition, decision-making, and language translation [3].
The development of these intelligent systems entails training algorithms on extensive datasets.
This training allows Al to identify patterns, execute informed decisions, and incrementally en-
hance its performance through continuous learning. The adaptability and efficiency of AI have
established it as a pivotal, transformative technology in various industries, continually evolving

and redefining the capabilities of machines.

In the sphere of biomedical and healthcare research, Al has proven to be an invaluable asset,
revolutionizing the methodologies through which medical professionals diagnose diseases, ad-
minister treatments, and predict patient outcomes |4]. Al algorithms excel in analyzing intricate
biomedical data, which include genetic markers, medical imaging, and comprehensive patient

health records. This analytic capability facilitates more precise diagnoses, tailored treatment
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regimens, and improved patient care outcomes. For instance, in the domain of medical imaging,
AT algorithms have demonstrated a remarkable capacity to identify anomalies, such as tumours
or fractures, with greater speed and accuracy than traditional methods employed by human
practitioners [5]. Additionally, in the field of drug discovery and development, AT significantly
accelerates the process by predicting potential interactions between drugs and various biolog-
ical systems, thereby assisting in the identification of viable new therapeutic options [6]. The
profound ability of Al to analyze and interpret complex datasets is particularly advantageous
in medical image analysis, where it is employed across various imaging modalities including X-
rays, MRI, and CT scans. Trained on extensive clinical data, Al algorithms have proven their
efficacy in detecting subtle anomalies that may be overlooked by clinicians [5,|7]. This thesis
mainly focuses on the challenges in multicentre clinical data analysis, including the recognition
of pathological changes or basic structures in different manners (supervised /unsupervised), and

the harmonisation of multicentre datasets.

1.2 Challenges in digital healthcare

The integration of Al in medical image analysis has offered great precision and efficiency in
diagnostics. Despite these significant advancements, several limitations and challenges still

remain.

Insufficient learning capability. Central to this achievement is supervised learning, where
algorithms are trained on a vast array of labelled medical images [5]. Although efforts have
been made to generalize computational tools, certain clinical tasks require the recognition of
tiny pathological changes [8]. For instance, the algorithms are required to segment all terminal
branches of the vessel and airways within the lung tissue from HRCT scans in the prognosis
of patients with fibrotic lung diseases [9,[10]. Another scene is fine-grained recognition, which
focuses on distinguishing objects within subordinate categories, such as different subtypes of
lesions. It is characterized by relative inter-class variations and small intra-class variations,

making it a challenging yet essential problem. For instance, the intra-class agreement for five
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senior pathologists in recognizing the crescent and segmental glomerular sclerosis of patients
with IgAN is relatively low, with correlation coefficients of 0.66 and 0.46, respectively [11].
Based on this ‘unreliable’ prior knowledge, the common models (developed on natural image
data) cannot achieve the capacity to recognize subtypes of diseases that share similar visual
patterns [12]. These subtle anomalies, often critical for early diagnosis and treatment, present
a significant difficulty due to their small size and the complexity of the neighbouring biological
structures. This complexity necessitates supervised learning techniques that are capable of

discerning these fine-grained details with high precision.

Lack of annotation data. Besides the complexity patterns in medical images, another notable
challenge is the scarcity of large, well-annotated datasets [4]. Unlike other domains where
data might be abundant, medical images often come with constraints such as patient privacy,
variability in disease presentation, and the sheer complexity of medical conditions. Moreover,
the process of accurately labelling these images requires considerable time and expertise from
medical professionals. This requirement not only limits the quantity of data available for
training Al models but also introduces the issue of variability in annotations due to subjective
interpretations by different experts. Additionally, the process of obtaining expert annotations
is time-consuming and resource-intensive, further aggravating the challenges. As a result, there
is an urgent need to develop robust self/semi/unsupervised learning techniques that can achieve

maximum performance from limited data [13].

Lack of clinical studies. Most research only focused on downstream tasks such as disease
diagnosis and pattern recognition, while barely investigating the Al-based clinical studies. This
leads to a huge gap between clinicians and Al developers as both sides often lack a common
understanding of other’s needs and capabilities. Clinicians may not fully grasp the technological
intricacies and limitations of AI models, while Al developers might not be deeply familiar with

the clinical context and the practical challenges of healthcare settings.

Non-biological variances in multicentre data. Lastly, Multicentre datasets often intro-
duce performance challenges for AI models in medical image analysis due to non-biological

variances [14]. These variances include differences in imaging quality due to varied devices
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across centres, divergent protocols and operating procedures, and environmental factors during
data acquisition. For instance, imaging devices at different centres might have varying reso-
lutions and contrast standards, leading to significant discrepancies in how the same medical
condition appears in images from different sources. Additionally, patient positioning, imaging
angles, or lighting conditions can vary between centres, further exacerbating the inconsistency
in data [15]. These discrepancies pose a challenge as Al models struggle to apply patterns
learned from data at one centre to data from another. Consequently, even highly accurate
ATl models can encounter reduced effectiveness when dealing with data affected by such non-
biological variances, underscoring the need for robust models that can accommodate and adapt

to these variations across multi-centre data sets.

1.3 Solutions for the above challenges.

This thesis aims to delve into addressing the aforementioned challenges that currently impede
AT applications in clinical practice. It lies in developing innovative solutions and methodologies
that tackle the challenging issues of AI model capabilities, data annotation scarcity, and non-

biological variances in multi-centre data sets.

In order to develop highly efficient supervised learning algorithms under complex clinical sce-
narios, this thesis mainly involves approaches that employ sophisticated methods including
well-designed architectures, enhanced feature extraction strategies, specific optimization func-
tions, and specialized neural network layers. These techniques enable the algorithms to learn
from complex patterns in medical images, ensuring that even the smallest pathological changes
can be accurately identified. In particular, this thesis first presented a study that employed a
hierarchical structure with an uncertainty-aided mechanism for pattern recognition in IgAN.
This uncertainty factor could be used as a parameter for reorganizing and cleaning training
sets, which improves learning efficiency by reconstituting high-quality data. Additionally, two
carefully-designed techniques including the attention mechanism and fuzzy logic have been

proposed for airway segmentation. The attention mechanism enhances the model’s capability
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to focus on relevant features and complex structures within CT images. It allows the model
to prioritize certain areas over others, making it more efficient in identifying and delineating
smaller airway structures. Fuzzy logic is employed to reduce uncertainty in feature representa-
tions. By incorporating fuzzy logic, the model can better handle the ambiguities and variances
inherent in medical imaging data, leading to more reliable and consistent segmentation results.
This study introduces an efficient airway segmentation method using a unique fuzzy attention
neural network and optimization functions that improve the spatial continuity of predictions.
Unlike existing attention mechanisms, this method employs a Gaussian membership function
with learnable hyperparameters for heterogeneity in different feature channels. Additionally,
the study presents a new evaluation metric specifically designed to assess both the continuity
and completeness of airway predictions. The high precision and efficiency of fine-grained recog-
nition in handling complex medical images represent a significant leap forward in diagnostic

capabilities, contributing to improved patient outcomes and advancing healthcare.

Subsequently, this thesis enhances the ability of AI models to accurately understand complex
clinical imaging data, even in the presence of few or no expert annotations. Among various
clinical tasks, unsupervised segmentation has become the most challenging one as it requires the
model to learn pixel-wise semantic representations without any manual annotations. In partic-
ular, it relies on models that can detect patterns, variations, and structures within the original
images. For instance, methods like clustering approaches, including deep clustering, have been
widely used [16}/17]. This thesis introduces a novel unsupervised learning approach, integrat-
ing an end-to-end deep mixture model with a constrained indicator for precise semantic tissue
segmentation. This constraint is designed to centralize the components of deep mixture models
during the optimization function calculation, thereby significantly reducing the common issues
of redundant or empty classes in current unsupervised learning methods. Validated on both
public and in-house datasets, our proposed deep-constrained Gaussian network demonstrates

significantly better performance compared to current state-of-the-art models.

To better bridge the gap between clinicians and Al researchers, a benchmark study and a clin-
ical translation study were proposed to help researchers better understand Al in lung disease.

By introducing the "Airway-Informed Quantitative CT Imaging Biomarker for Fibrotic Lung
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Disease 2023’ (AIIB23) challenge, we have not only provided the first publicly available dataset
specifically tailored for fibrotic lung disease but also demonstrated the development of compu-
tational approaches for complex airway extraction. The results from this challenge underscore
the potential of airway-derived biomarkers as strong predictors of survival, offering a hazard
ratio greater than 1.5 with a p-value less than 0.0001. This finding represents a tremendous
contribution to the field, as it suggests that automatic airway modelling can significantly en-
hance the prognostication of fibrotic lung diseases compared to existing clinical measurements
and Al-based biomarkers. The robustness and generalization abilities of the proposed models
set a new benchmark for future research and clinical applications, highlighting the critical role

of Al in transforming pulmonary disease diagnosis and management.

In the clinical study, we highlight the significance of traction bronchiectasis’s severity as a strong
mortality predictor, underscoring its usefulness in monitoring disease progression and assist-
ing in patient risk classification. We introduced a novel deep learning model, SABRE (Smart
Airway Biomarker Recognition Engine), for quantifying the severity of traction bronchiectasis
in patients with idiopathic pulmonary fibrosis (IPF). This work represents a significant ad-
vancement in the field as it addresses the critical need for reliable and objective biomarkers for
predicting disease progression and treatment response in fibrotic lung diseases. By leveraging
high-resolution computed tomography (HRCT) data, SABRE provides superior prognostic in-
formation compared to traditional measures of disease severity, offering robust and reproducible
airway-derived biomarkers. These findings underscore the potential of SABRE to transform
clinical practice by enhancing the accuracy of disease prognostication, thereby facilitating ear-
lier and more targeted therapeutic interventions. These findings underscore the importance of
SABRE as a prognostic tool, aiding clinicians in identifying patients at increased risk of rapid

disease advancement and guiding treatment decisions, particularly concerning antifibrotic ther-

apy.

Last but not least, to decrease the non-biological variances in multicentre data, a comprehensive
review was performed to help the researchers better report their research findings and select ap-
propriate harmonisation approaches. Then, a content-based image retrieval model emerges as a

first step to data harmonization. By identifying and grouping similar images across multicentre
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datasets, image retrieval facilitates the harmonization process by ensuring that only cases that
include similar contents are harmonised. By employing the hash codes, similar samples can be

effectively identified through the calculation of the Hamming distance.



Chapter 2

Fine-grained recognition in kidney

pathology

2.1 Abstract

Identifying glomeruli lesions is crucial for the diagnosis and treatment planning in kidney pathol-
ogy. However, the presence of coexisting glomerular structures, such as mesangial regions, com-
plicates this task. This study outlines a strategy for identifying fine-grained glomeruli lesions
in entire slide images. We first introduce a focal instance structural similarity loss, aimed at
guiding the model to accurately identify different glomeruli. Following this, we develop an
Uncertainty Aided Apportionment Network to facilitate detailed visual categorization, elimi-
nating the need for bounding-box annotations. This dual-branch structure efficiently extracts
subclass features from the parent class and generates an uncertainty factor, instrumental in
restructuring the training dataset. The slide-wise evaluation results underscore the efficacy of
our proposed approach, showing an 8-22% enhancement in mean Average Precision compared

to notable existing detection methods.

12
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2.2 Introduction

Immunoglobulin A nephropathy (IgAN), the most common cause of chronic kidney disease
globally, is particularly prevalent in Asian regions. Notably, about 40% of IgAN patients
progress to end-stage renal disease over several decades . IgAN patients exhibit a diverse
range of histological lesions, including crescentic glomerulonephritis, mesangial proliferation,

and both global and segmental sclerosis.

Figure 2.1: Variations in glomeruli within IgAN PAS-stained WSI. Lesions within the sclerosis and
crescent are highlighted by yellow and cyan boxes, respectively.

The five primary structures in IgAN, as depicted in Fig. are: Neg (Negative structures like
tubules and arterioles), GS (Global Sclerosis, where sclerosis encompasses the entire glomeru-
lar tuft), C (Crescent, indicating the presence of at least two cell layers filling or encircling
Bowman’s space), SS (Segmental Sclerosis, where sclerosis affects part of the tuft but not
its entirety), and NoA (None of the Above). Earlier research has shown that the extent of
sclerosis and crescent formation are crucial for managing treatment decisions and predicting
outcomes in [gAN patients . The visual similarities among these pathological changes, due
to the collapse and proliferation of capillary loops, pose a significant challenge. For instance,
the mesangial matrix is prevalent in GS, C, SS, and NoA types, and the intrinsic glomerular
cells closely resemble those in tubules and blood vessels. This resemblance sometimes leads to
discrepancies even among pathologists. A previous study highlighted this issue, revealing low

intra-class correlation coefficients for identifying segmental sclerosis (0.66) and crescent (0.46)
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in IgAN, as assessed by three to five pathologists . This underscores the pressing need for a

more objective and quantifiable approach to the identification of pathological changes in IgAN.

The advancement of digital pathology has enabled the scanning of biopsy tissues into whole
slide images (WSIs) using micro-scanners. Leveraging these achievements, researchers have
been exploring computer-aided diagnosis systems for renal pathology, focusing on glomerulus
localization and lesion classification. Current localization methods primarily rely on patch-
wise predictions. This includes detecting and segmenting numerous glomeruli in
large patches, as well as binary classification (glomerulus or non-glomerulus) from smaller
patches . Meanwhile, most existing studies predominantly classify between sclerosis and
non-sclerosis , with limited focus on more complex lesions like C and SS, indicating a

research gap concerning comprehensive analysis of [gAN.

Images
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Figure 2.2: Histograms showcasing the colour intensity values of natural objects and glomeruli, de-
picted in red, green, and blue colours for the R, G, and B channels. The Rols are illustrated with
yellow curves.

Addressing the complex pathological changes in IgAN involves overcoming several technical
challenges. Initially, localization of each glomerulus becomes an essential task, followed by
accurately classifying glomerular lesions with low intra-class variances. Current fine-grained
classification tasks are typically conducted on natural images with relatively uniform back-
grounds (Fig. , compared with the various patterns in kidney pathology ,. Moreover,
methods relying on detailed annotations, like bounding boxes or masks for specific sub-regions,

are impractical in medical imaging due to the high cost and effort of manual annotations .
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For effective fine-grained recognition, a network should evaluate and express the 'confidence’
level of its predictions. However, existing methods, such as Bayesian deep learning and Monte
Carlo dropout, necessitate repeated inferences, making them inconvenient and time-consuming.
Lastly, in the realm of medical image analysis, it’s vital for the network to mitigate the effects

of ambiguous annotations.

In this study, we introduce fine-grained visual recognition (FGVR) in large-scale WSIs, specif-
ically targeting the location and identification of intricate pathological changes in IgAN. This
approach diverges from previous methods by focusing on locating and differentiating subor-
dinate targets (C, SS, and NoA in our case). To overcome the limitations [34,35] of existing
detection methods like Mask R-CNN [36] and FCOS [37] — such as weak capacity of fine-grained
subcategories, subpar performance in data imbalanced issues, and absence of a confidence co-
efficient — we split the FGVR task into two phases: segmentation and fine-grained classifica-
tion of glomeruli. Initially, we introduce a focal instance structural similarity (FISS) loss to
achieve precise segmentation outcomes, merging with focal loss for accurate glomerulus bound-
ary delineation. Subsequently, we categorize glomerular lesion types into two groups based
on pathological representation and lesion severity: Neg, GS, CSN (a composite of C, SS, and
NoA) as the parent class, and C, SS, NoA as the child class. Utilizing this classification, we
propose an Uncertainty-Aided Apportionment Network (UAAN) designed to classify complex
pathological changes in IgAN. This network generates two sets of predictions corresponding
to the parent and child classes, along with their associated uncertainties. These uncertainties
serve as confidence coefficients for the network’s predictions, facilitating the reconstitution of
training data, by identifying missing annotations, mislabeled and hard samples. To elucidate
the functionality of our Uncertainty-Aided Apportionment Network (UAAN) and to enhance
its interpretability, we employ Gradient Weighted Class Activation Mapping (Grad-CAM) to
visualize heatmaps from various network layers [3§]. Additionally, we use Uniform Manifold
Approximation and Projection (UMAP) to showcase the data distribution both before and
after the reconstitution process [39]. We validate our approach with experimental results from
the Warwick-QU dataset [40] and our internal renal pathology dataset, conducting evaluations

on both a patch-wise and a slide-wise basis.
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2.3 Method
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Figure 2.3: Summary of the proposed method. The fine-grained detection is set up as two sub-tasks,
comprising glomeruli location and fine-grained categorization.

Given H € RW*H*3 4 whole slide image that is cropped into N, large patches, each patch
P € R¥*"*3 and its corresponding binary mask M € R¥*" along with the target bounding
boxes B € R"** (the coordinates (w1, Y1, Ta,y2) of the minimum bounding boxes of n; targets)
are first cropped for training the segmentation module G,, (Fig . Enhanced by the designed
Focal Instance Structural Similarity loss (Frrss, shown in Eq. 2.2), G, is tasked with locating
all types of glomeruli for subsequent fine-grained classification. Following this, the classification
module Dy is trained to identify the categories J of all segmented objects and generate the

associated confidence coefficients C as

j,C’:D(g(P,B;w),]:,ECSN;@) (2.1)

where F represents the fixed samples, {ogn denotes index lists for CSN. During the inference,

the glomeruli are extracted using the segmentation model G, instead of ground truth masks.

2.3.1 Enhanced Glomeruli Segmentation with FISS

In our research, we utilize a u-shaped auto-encoder/decoder, labelled G, for segmenting all
types of glomeruli. To counteract the potential performance decrease associated with small
batch sizes, we implement Group Normalization (GN) [41] rather than the traditional Batch

Normalization (BN). Furthermore, we developed a generalized optimization function that as-
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sessed the overlapped metric through the instance level. This function can be integrated into

various network architectures.

Current segmentation losses heavily rely on overlap measurements such as the Dice coefficient
or IoU score [42]. Training only in this way may lead to certain limitations. For instance, every
pixel in the image is given equal weight during the loss computation. This results in unstable
performance when the sizes of Rols are various [43]. To address this issue, researchers have
explored incorporating additional loss functions with overlapped losses. For instance, the focal
loss [44], which has been shown to enhance performance with imbalanced data [45]. However,
the focal loss might negatively impact the performance of the more prevalent or dominant class
in the dataset. This highlights the need for a balanced approach in loss function design, to

improve segmentation accuracy while maintaining stability across different types of samples.

In this study, we suggest an assisted loss FISS to more accurately evaluate the structural simi-
larity between each object’s ground truth and prediction in order to overcome these problems.
Specifically, the Instance structural similarity (ISS) loss L;gs and focal loss Lr are combined

to create the FISS loss that both focus on the completeness and independence of the prediction

Lprss = aLp(p, 9) + BL1ss(p, g, B) (2.2)

where «, 8 are weighted parameters, g and p indicate the ground truth and prediction, B refers
to the cropped box of each object in g. o and 8 were set to 1 to balance the weight for L and
L;ss, which has been proved in an initial pilot study. The L;gs [46] evaluates each instance’s

structural integrity and is calculated by

Ligs=1-— (]SSP -+ ISSN) x 0.9, (23)

where I.SSp and 1SSy are the instance similarity of the positive and negative samples, respec-
tively. In the case of multi-object photos, .55 first assesses how well each object’s prediction
matches the actual image. Subsequently, a list containing the instances’ similarity indices is

obtained; e.g., when four examples are present in the input picture, list [[1, I3, I3, I] will be
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obtained (shown in Fig. [2.4)).

| W

Conventional SSIM Instance SSIM (Positive) Instance SSIM (Negative)

Figure 2.4: Solution of conventional SSIM and the proposed ISS.

Given an input image x with n; objects, let o; and u; be the variance and mean of i-th object,

the I.SSp is computed as

ISSp = 1 i (2pp, g, + C1,)(20p,04, + C2,) (2.4)
U2 (p2, + p2 +c1,) (02, + 02 + ;)

i=1

where ¢g; and p; indicate the cropped ground truth mask and the prediction of the i-th instance.
In cases where instances were smaller than the sliding window during similarity calculation,
zero padding was applied. This ensures that the kernel can slide across the entire object,
accommodating instances of varying sizes. For images lacking a Region of Interest (ROI), we
divide each image into A\ patches (A = 4). This division into patches is employed to compute
1SSy, an approach that facilitates the evaluation of similarity in a more segmented and detailed

manner, rather than assessing similarity across the entire image directly.

1SSy = min[SSIM(Gy, Py), ..., SSIM(Gy, Py)]. (2.5)

By integrating Lpo.q and L;gsg, we aim to create a balanced approach that concentrates on im-
balanced samples while preserving structural integrity. This combination is anticipated to yield
smoother boundaries in the segmentation results and reduce the occurrence of false negative

samples.

In order to thoroughly investigate the efficacy of segmenting circular objects with various loss
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Figure 2.5: Understanding Different Loss Functions. (a) shows simulated glomerulus segmentation,
with red circles for predicted glomeruli and blue for actual glomeruli. Red dots mark potential pre-
dicted glomerulus locations. Panels (b-d) demonstrate how various loss functions perform with dif-
ferent segmentation qualities and object sizes. ’Ours’ is our unique loss function combining dice loss,
issim loss, and focal loss.

functions, we simulate thousands of scenarios across diverse ground truth ratios, as depicted
in Fig. [2.5] These simulations, reflecting varying sizes of target objects, are designed to assess
the performance of different loss functions under a range of ground truth ratios. An image
containing both small and large objects can be regarded as a series of mini-batch sub-images,
each with a single object. This indicates that if a loss function demonstrates an effective
response to a single object under diverse conditions, it should also be effective for images
containing multiple targets. In this context, each red and blue circle in the simulations (Fig.

should be interpreted as the prediction and the ground truth, respectively, while the red

points represent the centres of the predicted glomeruli. Firstly, we introduce the concept of the



20 Chapter 2. Fine-grained recognition in kidney pathology

‘ground truth ratio,” which serves as a measure of the target sizes in terms of the image size.

GTR = 2% (2.6)

Qimg

Subsequently, images with varying Ground Truth Ratios (GTR) are classified into three sub-
categories based on object size: small-sized objects (GTR not exceeding 20%), middle-sized

objects (GTR above 20% but below 50%), and large-sized objects (GTR at least 50%).

In the case of small objects with a 6% area ratio in Fig. [2.5(b), Lssras demonstrates relative
insensitivity compared to Lp;. and L;gs. This characteristic renders it less effective for seg-
menting small objects. L;gg, on the other hand, is more responsive to small objects, even when
the prediction is near the ground truth (for instance, we consider an object to be well segmented
if its ToU is greater than 0.8). For middle-sized objects, as depicted in Fig. [2.5(c), Lpi. and
Lssrar exhibit similar penalties, whereas L;sgs imposes a much stricter penalty. In the context
of large-sized objects shown in Fig. [2.5(d), Lssry and L;ss have comparable impacts and are

adept at accurately reflecting structural integrity.

2.3.2 Fine-Grained Lesion Classification via UAAN

Hierarchical Structure Design Deep neural networks typically perform well when cate-
gories are independent and identically distributed. However, the intricate pathological changes
in IgAN present a challenge to traditional classification methods. In response, our study in-
troduces a hierarchical architecture specifically for fine-grained classification. This architecture
comprises two branches: the parent branch B, for classifying Neg, GS, and CSN (a collective
term for C, SS, and NoA samples), and the child branch B, for differentiating NoA, SS, and

C, as depicted in Fig. [2.6]

The backbone of the Uncertainty-Aided Apportionment Network (UAAN) is an adaptation
of the Inception-ResNetV2 [47], modified to extract sophisticated high-level features. This
modification includes the integration of Group Normalization (GN) due to the small batch size,

PReLU [48] (to enhance generalization capabilities), and a basic convolution block (consisting
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Figure 2.6: Overview of the UAAN.

of a convolution layer, GN, and PReLU). Then, these feature maps are transfered to the sub-
branches B, and B, via the CSN index lists £cgn. The indices in £ogn denote the CSN samples
within the batch B, € RY*w'*h'x¢" containing N images with m CSN samples, where w’, I/,
¢ represent the width, height, and channel count in the last feature map of the backbone,

respectively. Each batch must include at least one CSN sample under this arrangement.

Following the UAAN’s backbone, the operations in the B, and B. branches are executed to
yield predictions for the parent and child classes, respectively. Additionally, a feature ap-
portionment mechanism is introduced between these two branches, designed to facilitate the
transfer of valuable information about subcategories. Within both B, and B, Global Max
Pooling (GMP) layers are employed to extract the most intense response from each channel in
the last feature map. Furthermore, dropout layers are incorporated, compelling the network to
develop more robust features. These features prove advantageous when combined with various

random subsets of neurons. For a more detailed depiction of the two branches, refer to Fig.

27

Feature Apportionment Mechanism. Feature apportionment is a crucial part of UAAN
and is performed via the Grasper layer, as illustrated in Fig. (b) The Grasper layer

segregates CSN features within the latent feature space based on the {ogy index list. In UAAN,
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Figure 2.7: Architecture of the UAAN, with parent branch (a), child branch (c), and the feature
apportion layer (b).

B

,, is specifically designed to discriminate between Neg, GS, and CSN samples. As such, the

layers in B, are expected to be more adept at identifying and learning features unique to these
categories. The CSN feature isolated by B,, labelled as f._cgn, is presumed to represent
common attributes of C, SS, and NoA that are relatively rare in GS and Neg samples. These
attributes could include specific structures like capillary loops and mesangial regions. On the
other hand, B, is focused on the finer task of distinguishing between the child classes C, SS, and
NoA. The layers in B, are thus fine-tuned to extract nuanced features that are specific to each of
these subcategories. By transferring f._csy from B, to B, through a sigmoid activation layer,
UAAN ensures that B, not only harnesses these discriminative features but also incorporates

the shared characteristics identified by B,. This strategy allows the network to benefit from
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a more comprehensive feature set, enhancing its ability to accurately classify and differentiate

between the various subcategories within the CSN group.

2.3.3 Uncertainty Aided Data Reconstitution

"Hard samples’ are defined as samples that share common features or morphological similarities
among the C, SS, and NoA categories. For instance, a single glomerulus might simultaneously
display mesangial proliferation and crescent changes, leading to subjective judgments by experts
based on the severity of these changes. The inclusion of such hard samples in the training
dataset can impede the network’s ability to effectively discern and extract features of real sub-
categories, even with a substantial amount of data. In natural image analysis, 'unreliable’ or
hard samples are typically identified, relabeled, and augmented to bolster the performance of
computational models. However, this approach is less feasible in biomedical image analysis
due to the high cost and effort involved in expert annotation. Moreover, some samples might
not contribute constructively to the training of a robust model, potentially causing detrimental

fluctuations in classification boundaries.

To mitigate this challenge, we introduce an uncertainty assessment mechanism. This method
outputs a confidence coefficient of the network’s predictions, which helps in excluding 'unreli-
able’ and hard samples from the initial training dataset. The confidence coefficient is calculated
using the logits from the softmax layers s (s(?), and the vectors from the Global Max Pooling
(GMP) layers ¢®(¢(?)) in both B. and B, branches. The dense and GMP layers are tasked
with dimension reduction, while the final prediction is typically made in the last dense layer,
which integrates ’evidence’ from previous layers [49]. The softmax layer’s inputs were regarded
as high-dimensional feature vector representations, which are close to the estimated probabil-
ity density P,. Therefore, the feature vectors s and s© are interpreted as the estimated

probability densities p”’ and pl, respectively.

pgp)7p26) = ¢(D(Igvf7 eC’SN; 0))7 (27)
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where I, represents glomeruli segmented by G, ¢ denotes the softmax activation function.
The outputs ¢® and ¢© from the last convolution layer are regarded as the representations
of I,, whose distributions are close to the original distribution of the category that I, belongs
to. Therefore, we utilize ¢® and ¢ to calculate the raw PDFs to approximate the real
distribution P” and P. Assume the glomeruli feature follows the Gaussian distribution,
the feature vectors ¢® and ¢(© are regarded as a sampling from latent feature space. This
perspective allows for a more nuanced understanding and processing of the feature distributions
within the UAAN, facilitating a more accurate and probabilistically informed approach to fine-
grained classification. Given the mean u and variance o of feature embeddings ¢® (¢(%)), the

raw probability density function P is calculated through
1 —(k=pw)?

e 2% | 2.8
\V2To ( )

P(p,0) =

where K is the number of classes.

Given the estimated probability density function P, and P,, the uncertainty can be assessed

through

K-1/ L D k D
- P — P,
U(PT, Pe —1— k=0 (p )(pe ) 7 (29)
\/Zkopr \/Zkope P.)?
where P, and P, are computed by
= | Kl
P =_ ko p=_ k. 2.1
T K Zpr7 € K pe ( 0)
k=0 k=0

By using this uncertainty factor, data reconstitution is employed to identify and remove 'un-
reliable’ and hard samples from the dataset. After training the model, we inferenced on the
raw training data D, for data reconstitution. The label is considered ’credible’ when there is
a strong correlation between P, and P,. Using an uncertainty threshold of 0.5, we identified
and removed 2.33% of NoA, 35.91% of SS, 15.15% of C, and 6.42% of GS samples from the
training data to form a refined training set D,, consisting only of ‘reliable’ samples. Notably,

the evaluation datasets (valid and test) remained the same during this process.
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2.3.4 Solutions for the Imbalanced Dataset in Classification

The structure of UAAN requires the inclusion of at least one CSN sample in each batch, which
may not align well with the imbalanced datasets. To overcome this challenge, we introduce
a strategy of a "fixed sample” mechanism to ensure each mini-batch contains a CSN sample.
These ”fixed” samples (one each from the C, SS, and NoA categories) are combined with regular
training samples for network input. For example, in a setup where the number of input images
per iteration (N) is 8, we would have 7 regular samples and 1 ”fixed” sample. In a mini-batch
with [fixed sample, NoA, GS, SS, SS, Neg, C, Neg|, N would be 8, m (the number of CSN
samples) would be 5, and the ‘CSN index list” would be [0, 1, 3, 4, 6], as illustrated in Fig. m
Importantly, to avoid overfitting, these ”fixed” samples are not factored into the loss calculation

and backpropagation process.

Additionally, we employ a weighted cross-entropy loss, in which the weight d; of kth class is

given by
Ny /ny,

- Sy (Nr/m)”

where K is the total number of classes, n; is the number of samples in the kth class, and

5 (2.11)

Nr denotes the number of all samples. Accordingly, the loss function for training UAAN is

formulated as

K
L=-) dtilogp, (2.12)
k=1

where s, denotes the softmax probability for the k™ class, and #, is the true label. Additionally,
we implement data augmentation strategies to address the severe class imbalance issue. These
strategies include randomized hue adjustment (modifying the hue of input images within a
range of [—0.15,0.15]), randomized horizontal flips, randomized vertical flips, and randomized
brightness adjustments (with an adjustment range of [0,0.15]). These augmentation techniques

help in creating a more robust and generalized dataset for effective training of the network.
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2.4 Experiments Settings

2.4.1 Datasets

Datasets involved in this study are Warwick-QU and the in-house Renal Pathological WSIs
(RP-WSIs). The Warwick-QU dataset, characterized by its significant variation in glandular
morphology across different histological grades, serves as an excellent testbed for evaluating the
effectiveness of the Focal Instance Structural Similarity (FISS) loss. The RP-WSIs is employed
to assess the performance of the UAAN. This is due to the considerable variations in pathological
changes observed in IgAN cases, which make it a suitable dataset for testing the effectiveness in

handling inter-class variations. The specifics of these two datasets are comprehensively outlined

in Table 2.1

Table 2.1: Composition of The Warwick-QU Dataset

Dataset Warwick-QU RP-WSIs

Type Colorectal cancer IgA nephropathy
Resolution 20X (0.62005 pm/pixel) 40X (0.2468 pm/pixel)
Scanner Zeiss MIRAX MIDI Leica Aperio ScanScope AT Turbo
Number of samples 165 images 400 whole slide images
Staining Hematoxylin and Eosin Periodic acid—Schiff
Number of patients n/a 400

Warwick-QU Dataset: The Warwick-QU dataset, employed in the GlaS challenge at MIC-
CAI 2015, comprises 85 training images and 80 test images (detailed in Table 1), with anno-
tations marking the outer margins of glands [40]. This challenge was divided into two parts:
Part A, with 60 images for off-site testing, and Part B, with 20 images for on-site testing.
However, this division introduces a certain bias in the performance evaluation of segmentation
algorithms, as equal weight is given to performance across both parts. The images in this

dataset are of a resolution of 775x522 pixels.

RP-WSIs: For this dataset, 400 PAS-stained WSIs from patients diagnosed with IgAN were
selected. These samples, sourced from the National Clinical Research Center of Kidney Diseases

at Jinling Hospital, were collected between 2016 and 2019 using various operators and scanners.
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The size of the WSIs ranges from 10,000x30,000 to 30,000x50,000 pixels. Specifically, the
dataset includes 300 WSIs, with 9700 patches (1024 x1024) for training and validation, and 3700
patches for testing. All data were anonymized in accordance with the Declaration of Helsinki.
The initial annotations of the outer margins and subcategories of glomeruli were performed
by experienced junior pathologists using Aperio Image Scope software (version 1.2.3.3), and
subsequently verified by three senior pathologists. The inter-observer agreement for glomeruli
lesion evaluation is high (Kendall’s W = 0.802, Fleiss’ kappa = 0.761, p <0.0001). Based on
these annotations, the RP-WSIs were divided into three sub-datasets, categorized by different
scales, as shown in Table

Table 2.2: Composition of Renal Pathological Dataset

Level Training Samples Test Samples
Slide (RP-WSIs-S) 300 100
Patches (RP-WSIs-P) 9700 3700
Glomeruli (RP-WSIs-G) 23113 8529

* P indicates the large patches used for the segmentation task, G represents the glomeruli patches used for

the classification task, and S is the whole slide images used for the detection task.

The training and test sets for RP-WSIs-P and RP-WSIs-G were extracted from the corre-
sponding slides, respectively. RP-WSIs-P was comprised of nearly 13,000 patches with 1024
1024 pixels, while RP-WSIs-G (details in Table was set up by cropping the minimum

bounding boxes of glomeruli.

Table 2.3: Glomeruli Distribution of RP-WSIs-G

NoA  SS C GS Neg Total

Training D, 10401 1066 818 2223 8605 23113
Training D, 10161 683 694 2080 8409 22027
Test 3764 639 444 1017 2665 8529
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2.4.2 Preprocessing and Training Strategies

For preprocessing each input image z, the standard min-max normalization was utilized

gt = & Tmin (2.13)

Tmax — Tmin

All trainable parameters were initialized by Glorot uniform initializer. For comparative analysis,
networks were trained using the Adam optimizer on an NVIDIA Tesla V100 GPU for 100 epochs,
starting with an initial learning rate of 0.0001 and a decay rate of 0.96 per epoch. To ensure
an unbiased evaluation, all models were trained from scratch without any transfer learning

techniques.

2.4.3 Evaluation Scheme and Metrics

Patch-wise FEvaluation are conducted to validate the effectiveness of the FISS loss and
UAAN. The evaluation of FISS loss is focused on demonstrating its efficacy without the in-
fluence of other factors such as network architecture, data augmentation, or specific training
strategies. To provide persuasive results, ablation studies are carried out without altering the
network architecture. The loss functions included in experiments are the Cross-Entropy loss
(CE), Dice coefficient loss (DL), Tversky loss, Focal loss (FL), Structural Similarity Index
Measure (SSIM) loss, Lovasz loss, Instance Structural Similarity loss (ISS), and our Focal In-
stance Structural Similarity loss (FISS). For the assessment of these loss functions, we used
the Dice coefficient as the evaluation metric, where P denotes the prediction output from the

segmentation network and G represents the ground truth.

(2.14)

This evaluation is applied to both the Warwick-QU and RP-WSIs datasets, providing a com-

prehensive understanding of the performance and impact of each loss function.

The assessment of UAAN includes five aspects. To begin with, ablation experiments were used
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to assess the efficacy of several strategies based on UAAN, involving data reconstitution and
feature apportionment. In particular, all comparison models were optimized by weighted cross-
entropy loss and trained using the same strategy. Next, we explored the performance of all
comparisons on both raw dataset D, and the rebuilt dataset D.. Let K be the total number of
classes and N represents the number of test samples. The micro-accuracy and macro-accuracy

are calculated by

TP+ TN
A micro — 2.15
cc I ( )
1 o TP, + TN,
A macro — .- . - 2.16
“ K;TH+TNi+Fﬂ+FNi (2.16)

where T'P;, FP;, TN;, and F'N; are the numbers of true positive, false positive, true negative,
and false negative samples regarding the i-th sample, respectively. Additionally, we used Grad-
CAM [38] to generate heatmaps for comparisons and certain layers inside the UAAN. Grad-
CAM utilises a back-propagated signal to allocate Rols within images for category prediction.
Fourthly, we examined the impact of uncertainty thresholds by removing 'unreliable’ data from
D, using various thresholds and subsequently have these data reviewed by experts. At last,
we use Uniform Manifold Approximation and Projection (UMAP) [39] to visualize the data
distribution in the latent space, both before and after the uncertainty-aided data reconstitution.

The vectors used for UMAP were derived from the GMP and Dense layers.

Slide- Wise FEwvaluation. The performance of our proposed protocol on WSI was evaluated
through Average Precision (AP) and its mean value. The ground truth bounding boxes (used for
mAP calculation) were generated based on annotations from clinicians. During the assessment,
the segmentation was first performed to locate all glomeruli (stage-I), followed by the fine-
grained classification (stage-II), where the inputs for classification were the cropped glomeruli
obtained from the prediction in stage-I. All segmented entities even for incorrect candidates
(e.g., tubules and arteries), except for very small objects (with an area less than 100 pixels),
were fed into the UAAN. Then, UAAN took over to predict the categories of these cropped
rectangles, and the probability obtained from stage-1I was utilized as the confidence threshold
for calculating the mAP. This approach aligns with the evaluation typically used in detection-

based methods, where objects exceeding a specified Intersection over Union (IoU) threshold are
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classified as true positive samples. In our experiments, we set this threshold at 0.5, a common
standard in object detection tasks. We conduct a comparative analysis of the AP5, (mean
average precision at an IoU threshold of 0.5) for each subcategory, contrasting our scheme with
various other detection methods. These include Mask Scoring R-CNN [50], Mask R-CNN [36],
Cascade R-CNN [51], and FCOS [37]. A critical aspect of this comparison is that all models,

including ours and the others mentioned, are trained from scratch.

2.5 Results

2.5.1 FISS Evaluation

The experimental results on RP-WSIs-P and Warwick-QU are presented in Table [2.4]

Table 2.4: Comparison Experiments for Gland Segmentation

Warwick-QU RP-WSIs-P
Loss Function Dicey Diceg Diceagp Dice
DL 0.8512 0.8819  0.8665 0.742
DL+CE 0.8888 0.8917  0.8902 0.879
DL+FL 0.8949 0.8938  0.8943 0.848
DL+Twversky 0.8891 0.8701  0.8796 0.882
DL+Lovasz 0.8965 0.8683 0.8824 0.884
DL~+SSIM 0.8825 0.8838  0.8831 0.885
DL-+ISS 0.9036 0.8835 0.8935 0.897
DL-+FISS 0.9049 0.8940 0.8995 0.906

Table reveals that the model utilizing a combination of Dice and FISS loss obtains the
highest performance, with the Dice scores of 0.9022 and 0.906 on the Warwick-QU and RP-
WSIs datasets, respectively. This performance is closely followed by the model employing
Dice and ISS loss. A notable observation is the significant variance in the performance of the
model trained with Dice loss and Focal loss, ranking third on the Warwick-QU dataset but
only seventh on the RP-WSIs dataset. This discrepancy can be attributed to the necessity for
manual adjustments of specific parameters in the focal model. Conversely, the network trained

solely with Dice loss exhibited the least favourable results on both datasets (Fig. [2.8). This
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underperformance is likely due to the presence of hard examples in the datasets, such as glands

with various histologic grades and arterioles resembling global sclerosis in glomeruli.

Image 5 . DL+FL DL+Tversky DL+Lovasz DL+SSIM DLA+ISS DLAFISS

Figure 2.8: Visualization results of loss functions trained with the same training protocol.

2.5.2 Uncertainty-aided apportionment network evaluation

Ablation Studies. The ablation studies of the UAAN are detailed in Table highlighting
the impact of various techniques on the model’s performance. Notably, the implementation of
feature apportionment led to a significant improvement in micro-accuracy, achieving a relative
gain of 3.34%. Similarly, the incorporation of uncertainty-aided data reconstitution effectively
enhanced macro-accuracy, with a gain of 2.58%. The most substantial improvement was ob-
served when implementing both feature apportionment and data reconstitution, with 5.57%

micro-accuracy and 4.69% macro-accuracy gains compared to the baseline.

Table 2.5: Ablation study of UAAN

Feature Apportionment Uncertainty AcCmicro  ACCmacro

X X 0.8960  0.8677
X v 0.9132  0.8935
v X 0.9294  0.8723
v v 0.9517  0.9146

Comparison of Fine-Grained Classification. UAAN demonstrates exceptional profi-

ciency in handling fine-grained classification tasks, surpassing all other competing architectures
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(Table 2.6). The Uncertainty-Aided Apportionment Network (UAAN) presented a remark-
able performance on both the raw dataset D, and the reconstituted dataset D., achieving a
micro-accuracy of 95.07% (a roughly gain of 3-11%) and macro-accuracy of 91.28% (a relative
improvement of 12-26%). This performance notably exceeds that of other advanced architec-
tures, surpassing EfficientNet-B6 by nearly 4%, SE-ResNeXt-101 by 5.2%, and both Inception-
ResNet-V2 and DenseNet-121 by approximately 8%. Furthermore, the results demonstrate
that reconstituting the training set using the uncertainty factor significantly enhances the per-
formance of all comparison models. This improvement is reflected in a micro-accuracy gain of
1% to 4%, underscoring the effectiveness of incorporating uncertainty factors in the training

process to boost overall model performance.

Table 2.6: Performance of models on fine-grained classification in IgAN

Model ACCmicro—DT *Accmicro—Dc ACCmacro—Dc
ResNet-50 [52] 0.8495 0.8717 0.7773
ResNeXt-50 [53] 0.8294 0.8474 0.6568
DenseNet-121 [54] 0.8635 0.8817 0.7757
EfficientNet-B6 [55] 0.9092 0.9235 0.7899
Inception-ResNet-v2 [47] 0.8507 0.8830 0.7396
Mean Teacher (70% annotation) [56] / 0.7605 0.6067
DCL [57] 0.8176 0.8373 0.6770
SE-ResNeXt-101 [58] 0.8943 0.9106 0.7638
DenseNet+LSTM-GCNet [59] 0.9120 0.9295 0.8263
UAAN (ours) 0.9294 0.9517 0.9146

Explainable ability. Fig. shows the heatmaps generated by Gradient-weighted Class
Activation Mapping (Grad-CAM) for both the UAAN and other comparisons. The final pre-
dictions made by UAAN are delineated by black bounding boxes. Pathological changes cate-
gorized as GS, C, and SS are highlighted with yellow curves (in the first column in Fig. [2.9)).
It is crucial to note that the label "None” in Fig. signifies the absence of heat maps for
these two categories in the child branch. A critical observation from the heatmaps is that the
areas marked by green rectangles, which represent f. oy, show a strong correlation to the
common features of CSN, such as capillary loops, intrinsic glomerular cells, and the mesangial
matrix. This illustrates that during the training process, these specific features are effectively

captured by the grasper layer and then transmitted to the child branch. This mechanism serves
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Image fr fram fr—csn  DenseNet-121

ResNet-50 ResNeXt-50  Incep-Res-v2 EfficientNet-B6 SEResNext-101

Figure 2.9: Heatmap visualization of comparison models and different stages in UAAN. The heatmaps
of the final prediction of UAAN are marked by black boxes and heatmaps of f._cgn are marked by
the green rectangle.

to amplify the shared information across these categories, thereby enhancing the model’s ability

to accurately recognize and classify these complex pathological changes.

The highlighted regions in fran provide critical insights into the areas where the network focuses
its attention, significantly influencing the predictions among CSN, GS, and Neg. For instance,
the highlighted areas in fram_ss, fram—_noa, and franv_c are predominantly concentrated on
the capillary loops. Conversely, the fram_gs primarily targets the mesangial region, while
fraM—neg is focused on tubules and arterioles. These specific structures are key distinguishing
features used by pathologists to differentiate Neg, GS, and CSN. As the output of B, (the child
branch) only includes NoA, SS, and C categories, heat maps for GS and Neg are not present
in f,_csy and are denoted as 'None’ in Fig. @ Observing f,._csn, we see a high variance in
the highlighted areas: f,_csn_c focuses on proliferating cells in Bowman’s space, f,_csn_ss
on the increased mesangial matrix and collapsed capillary loops, and f,_csny_noa On global
information. This global focus is crucial in NoA samples, where the network evaluates each

corner of the sample to determine the presence of any pathological changes.

Ablation Studies of Uncertainty Thresholds. The raw mislabelled rate in D, is 6.7%,
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evaluated by three senior clinicians, who randomly examined 100 samples from each class.
Leveraging the uncertainty indicator U, we identified that 1-15% of the training set, corre-
sponding to uncertainty values in the range [0.3,0.9], could be classified as "unreliable” data.
We removed these "unreliable” samples from D, and conducted a second expert review to check

whether these images were real hard samples or mislabelled samples.

Table 2.7: Ablation Experiments of Uncertainty Factor

Utheesn N/A 03 04 05 06 07 08 09

Neeleet 400 3217 1729 1086 718 469 262 140
Ny, 27 453 318 215 145 99 51 26
R.(%) 6.7 141 184 19.8 20.2 21.1 195 19.2

*

Ngelect Tefers to the number of selected data based on differ-
ent uncertainty threshold, Ry, and N,, are the percentage and
number of the selected data points that were identified as mis-
labelled, respectively. 'N/A’ indicates no threshold applied.
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Figure 2.10: Data distribution without (a-c) and with (d-f) data reconstitution. (a) and (d) are the
estimated probability vectors from the last dense layer, (b) and (e) refer to the raw probability vector
from the GMP layer, (c¢) and (f) include both estimated and raw probability vectors.

Effectiveness of Data Reconstitution. The effectiveness of data reconstitution is illus-
trated in Fig. a—c), which shows the data distribution before the reconstitution process.
Initially, the distribution appears disordered, with categories such as SS, NoA, and C being
densely intermingled. However, as observed in Fig. [2.10|e-f), the implementation of data re-
constitution using the uncertainty factor significantly alters this scenario. It segregates the

mislabelled or hard samples within the feature space, particularly for the CSN samples. On
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the other hand, categories with lower variance, such as Neg and GS, are less affected. The
distribution in Fig. [2.10] (f) demonstrates that the combination of probability vectors from the

dense layer and GMP leads to a clear boundary.

2.5.3 Slide-wise evaluation

Table demonstrates the model performance on 100 WSIs, and the visualization results are

shown in Fig. [2.11]

Table 2.8: Performance of Glomeruli Detection

Model APN@A APSS APGS APC mAP
Mask R-CNN [29] 0.705 0.103 0.707 0.240 0.439
FCOS [30] 0.789  0.280 0.751 0.336 0.539
MS R-CNN [44] 0.674 0.110 0.555 0.230 0.392
Cascade R-CNN [45] 0.785 0.165 0.780 0.194 0.481
Our Method (full 2-stage) 0.780 0.394 0.718 0.575 0.613

Experimental results indicate that the common detectors such as FCOS, MS R-CNN, Mask
R-CNN, and Cascade R-CNN demonstrate a weaker performance compared to our proposed
method, which achieved a mAP of 0.613. Specifically, these established detectors exhibited an
8-22% reduction in mAP relative to UAAN. To delve deeper into the results, we employed the
Wilcoxon-Mann-Whitney test, a non-parametric statistical test, for analysis. The statistical
outcomes revealed no significant differences (p >0.05) between our method and the aforemen-
tioned detectors in identifying GS and NoA samples. In particular, the p-values were 0.0727
between FCOS and our method; 0.0619 between Cascade R-CNN and our method for GS;
0.0895 between FCOS and our method; and 0.0978 between Cascade R-CNN and our method
for NoA. Although FCOS and Cascade R-CNN demonstrated comparable performance to our
method in identifying GS and NoA samples, they exhibited limited capabilities in distinguishing
C and SS samples (p<0.05). In contrast, our proposed method showed balanced performance

across all categories, effectively detecting all types of glomerular lesions.
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Figure 2.11: Visualization results of the slide evaluation, the red, green, yellow and blue
boxes represent annotations/predictions of C, NoA, GS and SS, respectively. The mispre-
dictions were highlighted by the black arrows.
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2.6 Discussion

This section discusses the quantitative results of segmentation and fine-grained classification, as
well as the uncertainty assessment and the limitations for detection methods when encountering

FGVR tasks.

Segmentation Loss Functions. Various optimization functions were evaluated against the
FISS loss by measuring their Dice scores in pilot studies and on Warwick-QU and renal pathol-
ogy datasets. The results, illustrated in Fig[2.8] revealed that the proposed compound loss
excels in sensitivity to varying target sizes. As detailed in Table [2.4] models utilizing FISS
outperformed those using standard losses including Dice loss, focal loss, cross-entropy loss, Lo-
vasz loss, Tversky loss, and conventional SSIM loss. Although combining Dice loss with other
auxiliary losses effectively reduces false positives, it increases the rate of false negatives. In
contrast, the DL4FISS loss strikes a balance, yielding more precise boundaries and smoother

predictions (shown in Fig 2.8).

Fine-Grained Classification in Pathological Images. The ablation study presented in
Table [2.5| emphasizes the importance of leveraging common features across different categories,
rather than only concentrating on discriminative regions. It demonstrates that feature appor-
tionment assists in distinguishing NoA from SS and C, while the accurate classification of SS
and C necessitates a more refined data set. By combining uncertainty-aided data reconstitu-
tion with a feature apportionment strategy, there’s a notable enhancement in both micro and
macro accuracy. According to Table the proposed method outperforms the comparisons
significantly, achieving 95.07% micro-accuracy (with 3-11% gain) and 91.28% macro-accuracy
(a relative improvement of 12-26%). This substantial disparity underscores the limited classi-
fication capabilities of current competitive classification models when handling data imbalance
issues. The proposed UAAN distinguishes itself from comparison approaches in several ways:
1) It does not require numerous branches or generative models. 2) It considers both discrimi-
native and common features among subcategories. 3) Its structure might be further enhanced
by introducing complex operations such as attention modules [60]. 4) It could reduce the need

for part annotations or additional subnetworks as our method takes raw images as inputs.
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Interpretability of UAAN. Heat maps for comparison models were generated, focusing on
different types of glomerular lesions. Among these categories, SS proved to be the most chal-
lenging class, with only the UAAN and DenseNet-121 models correctly focusing on the relevant
areas. Figure highlights that even some models with high accuracies, like SE-ResNeXt-101
and EfficientNet-B6, do not concentrate their attention regions entirely on the pathological
changes. In contrast, UAAN offers a higher degree of interpretability in its predictions. This
distinct focus of UAAN on relevant pathological areas, as opposed to more scattered attention
in other models, underscores its effectiveness in accurately identifying and interpreting complex

medical images.

Uncertainty in Deep Convolutional Neural Network. This study introduced a method
for assessing uncertainty by estimating the correlation between two probability densities. While
this approach does not offer rigorous uncertainty calculation as Bayesian inference, it still pro-
vides a useful estimate of the confidence coefficient for the predictions. Additionally, this
uncertainty assessment was employed for selecting unreliable annotation and challenging sam-
ples, without necessitating multiple forward propagations. Ablation experiments, as shown
in Table reveal that increasing the uncertainty threshold results in the selection of fewer
samples, but with a higher proportion of mislabeled ones. An in-depth review by three senior
pathologists found that among the mislabeled images, 36% and 55% were correctly reclassified
as C and SS, respectively, when the threshold was set at 0.5. This indicates that the output
of the GMP correlates more closely with the real distribution, effectively simulating the raw
probability density function. When there is a lack of correlation between P, and P,, it suggests
a misrepresentation of features in the last dense layer. In such cases, the softmax layer’s output
represents an erroneous probability distribution due to inaccurate feature representation. This
misrepresentation may explain why CNN+SVM models have shown superiority over pure CNN
models in previous studies [61]. The implementation of this uncertainty assessment has led to

significant improvements (1-4%) in micro-accuracy for current state-of-the-art models.

Comparisons with junior pathologists. The performance of UAAN was benchmarked
against that of junior pathologists (1-2 years’ experience) on a pilot dataset, consisting of 200

images for each class. The labels for this dataset were assigned by two senior pathologists,
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achieving a high inter-observer agreement with a Cohen’s Kappa score of 0.791 (p <0.0001).
The comparison revealed that junior pathologists obtained an accuracy of 89.4%, which is
slightly lower than the 90.7% accuracy achieved by UAAN. This difference in accuracy demon-
strates the capability of UAAN to perform at a level comparable to human experts in the field.
Furthermore, in terms of efficiency, it took only 7.57ms for UAAN based on the Nvidia Tesla
V100 16GB GPU with a batch size of 32. In contrast, junior pathologists require approximately
2 seconds per glomerulus (average speed), which makes the UAAN nearly 260 times faster than

the junior pathologist.

Why two stages? The effectiveness of current state-of-the-art detection modules in locating
various types of glomeruli, though competitive, falls short in classifying fine-grained lesions.
These modules function optimally at a 4X resolution (2.468 pm/pixel), taking inputs with a size
of 2048x2048 pixels. At this resolution, however, the model faces challenges in extracting the
fine-grained features to differentiate between the subcategories of lesions. Another significant
issue is the complexity and size of the classification heads added to these models, which leads

to the exhaustion of GPU memory.

Limitations. This study acknowledges certain limitations, despite its superior performance
compared to existing methods. One of the primary challenges is the complexity involved in
the feature extraction, and the effectiveness of the second stage is heavily dependent on the
outcomes of the segmentation stage. A specific issue arises when two adjacent glomeruli are
not segmented individually; in such cases, the classification module struggles to perform accu-
rately. Additionally, the stability of data reconstitution is influenced by various factors, such
as the quality of annotations, the subjectivity of experts, and the characteristics of the dataset
itself. These factors can introduce variability and affect the reliability of the results. Another

limitation mentioned is the lack of multicentre validation.
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2.7 Conclusion

In this study, a comprehensive approach for recognizing glomeruli lesions is introduced, in-
corporating focal instance structural similarity loss and an uncertainty-guided apportionment
network. This research marks the first attempt to address the challenge of fine-grained vi-
sual recognition in pathological image analysis, with a particular focus on IgA Nephropathy in
whole slide images. The study’s innovative use of focal instance structural similarity loss and
uncertainty-aided apportionment networks has led to significant advancements, demonstrating
an 8-22% improvement in mAP over existing methods. The ability of the proposed method

represents a substantial step forward in the field of digital pathology in IgAN.
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Airway modelling in High-resolution

CT

3.1 Fuzzy attention neural network for airway segmen-

tation
3.1.1 Introduction

The severity of traction bronchiectasis is a key indicator of outcomes in pulmonary diseases
[9,/10,/62]. However, the reliability of manual grading on HRCT is limited due to considerable
interobserver variability and weak reproducibility. Additionally, such visual assessments often
lack sensitivity to seize minor changes over short follow-up terms [63]. These limitations under-
score the need for the development of objective, computer-based methods for the quantification
of the disease [64-66]. The capabilities of traditional approaches (e.g. region growing [67-69],
fuzzy connectedness [70], intensity thresholding [71]) for airway segmentation were summarized
in a benchmark paper [72]. However, these solutions have shown limitations in robustness and
tend to produce coarse predictions due to the complex nature of bronchus patterns. Beyond
traditional methods, deep neural networks, such as VNet [73] and nnUNet [74], have gained

popularity in medical segmentation owing to their modelling capabilities. Despite significant

41
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Figure 3.1: Challenges in airway segmentation and our solutions. (a) shows the varied intensity
(details in yellow boxes) of airway trees and data imbalance issues. Green, red, and blue colours refer
to TP, FN, and FP predictions. (b) describes our solutions regarding the aforementioned challenges,
including fuzzy attention layer, JCAM loss for optimization, and a new metric to evaluate airway
prediction continuity and completeness.

achievements in airway segmentation [75H79|, existing methods still face challenges (Fig.
in achieving high continuity and completeness in their predictions of airway structures, as

evidenced in our studies.

In airway segmentation, there are five key challenges: (1) Imbalanced distribution of foreground
and background samples and the imbalanced voxel volume quantity between the trachea and
terminal branches. This complicates the training of data-driven models and hampers the de-
tection of terminal branches. Additionally, while most models on 3D medical data were trained
on cropped patches, the methodology for patch extraction, often defaulting to sliding windows,
lacks efficiency. (2) The similarity in voxel values between airway trees and normal lung regions,
which refers to the inter-class homogeneity, necessitates the model learning beyond just voxel
intensities to include more spatial and structural information. (3) Intra-class heterogeneity
within airway trees, arising from incorrect labelling and imaging issues, requires robustness in
the model to handle annotation errors and variations in voxel values. (4) The reliability of
evaluation metrics, like intersection over union (IoU) or Dice coefficient, for model selection
is limited [80]. The disparity in voxel volume between the main trachea and smaller branches
renders these metrics less effective. (5) insufficient robustness and generalization on multicentre

data, with many models requiring additional fine-tuning for different cohorts [30].
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The attention mechanism has proven effective in segmenting complex structures by assigning
varying degrees of 'importance’ to feature representations [81]. However, challenges arise due to
intra-class heterogeneity, often resulting from subjective annotation, and inter-class homogene-
ity introduced by similarities of HU intensities. These issues introduce a significant amount
of 'uncertainty’ into the features being analyzed. Implementing fuzzy logic has been shown
to effectively reduce this uncertainty in feature representations, leading to notable improve-
ments [82-84]. Therefore, it’s hypothesized that combining the deep attention mechanism with
fuzzy theory could effectively address the heterogeneity and homogeneity in data. Addition-
ally, to improve the continuity of segmentation predictions, integrating the centerlines of airway
branches with overlapped metrics in the loss calculation has been proposed. However, these
overlapped centerline metrics tend to focus more on completeness, potentially overlooking con-
tinuity assessment. Thus, it is suggested that the loss function should be modified to better

evaluate continuity and completeness by calculating their accumulation maps.

This section introduces an effective method for precise airway segmentation, comprising four
key components: 1) a novel patch sampling strategy, 2) a unique channel-specific attention layer
incorporated fuzzy theory, 3) a combined completeness and continuity optimization function,
and 4) a new evaluation metric, CCF score. Extensive experimental studies were performed
using both an open-access dataset consisting of 90 cases and our own in-house test-only datasets
with 50 cases. These datasets (collected from 140 patients) include normal scans as well as cases
with mild anomalies, COVID-19, cancer, and fibrosis. The effectiveness of the segmentation
was evaluated according to the completeness and continuity of the airway trees. Additionally,
the method involves estimating the radius of each branch in the airway trees, which is helpful

to better understand lung disease.

3.1.2 Related Works

Airway Segmentation in HRCT.

The EXACT’09 results showed that no existing algorithm could achieve more than an average of

74% of the detected length of airway trees in the reference standard. To enhance performance,
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Charbonnier et al. [75] developed a 2D CNN aimed at detecting airway leakages for post-
processing. Yun et al. [76] introduced a 2.5D CNN, which utilizes three adjacent slices from each
orthogonal direction (axial, sagittal, coronal) to augment spatial information. Beyond these,
3D CNNs have gained popularity for their superior consistency and integrity in predictions, as

evidenced by several studies [77H79].

Several researchers treated airway segmentation as a class imbalance problem and have proposed
methods to minimize interference from background regions. For example, Juarez et al. |77]
applied a weighted cross-entropy loss to create a balance between foreground and background
samples in their analysis. Garcia-Uceda et al. [85] and Qin et al. [86] both employed a technique
where they cropped the full-size volume images to a bounding box that is centred around the
pre-segmented lung region, effectively removing irrelevant background areas. Zheng et al. [87]
adopted a two-stage training approach. Initially, they trained the network on sampled patches
and identified hard-to-segment regions based on false-negative predictions. Subsequently, they
fine-tuned the network in the second stage to enhance its segmentation performance. These
varied approaches illustrate the ongoing efforts to tackle the complex challenge of accurate

airway tree segmentation.

Others advanced models by targeting discontinuity issues and leakages. For instance, Qin et
al., introduced a 3D UNet with an awareness of voxel connectivity specifically for airway seg-
mentation [78]. Reynisson et al., [88] and Meng et al. [89] worked on improving the continuity
of predictions by focusing on the airway centerlines. Zheng et al. delved into the causes of
inaccurate segmentation, particularly highlighting the impact of gradient erosion and dilation
on adjacent voxels [87]. Nadeem et al. [90], proposed a novel 3D UNet with a freeze-and-grow
propagation approach to alleviate leakages and increase the accuracy of branch detection. Addi-
tionally, Wang et al., [91] proposed a radial distance loss technique to enhance the completeness

of tubular structure predictions.

Despite these innovative efforts, challenges remain, particularly with discontinuous predictions
in smaller airway branches. Furthermore, previous methods relied on multi-stage training or

intricate post-processing procedures. This not only intensifies the computational cost but also
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increases the time required for processing, posing practical challenges in real-world applications.

Fuzzy logic in Deep Semantic Segmentation

Beyond the established fuzzy clustering methods for segmentation, there have been several
earlier attempts to blend deep neural networks with fuzzy logic, typically through a sequential
learning protocol [92,193]. An example of this is the use of neural networks to extract low-
dimensional feature representations, which are then processed using fuzzy logic for classification
[94]. However, a significant limitation of these multi-stage approaches is their inability to be
trained in an end-to-end manner. Additionally, they do not integrate fuzzy theory directly into
the training process of the deep neural networks, representing a gap between the potential of

fuzzy logic and its actual application in deep learning models for segmentation tasks.

To tackle the integration of fuzzy logic with deep neural networks, researchers have developed
end-to-end hierarchical schemes [82]. This has led to innovative approaches combining fuzzy
logic with CNNss for segmentation tasks [83,95,96]. For instance, Huang et al. [96] developed a
fuzzy FCN for segmenting breast ultrasound images, involving the transformation of data into
the fuzzy domain for effective processing. Price et al. [95] introduced a flexible and efficient
fuzzy layer that harnesses the robust aggregation capabilities of fuzzy integrals. Ding et al.
[97] demonstrated the application of fuzzy-based learning in simultaneously segmenting brain
tumours from T1 and T2 MRI scans. Guan et al. [83] created a fuzzy neural network aimed
at lip segmentation, where the inclusion of a fuzzy logic module significantly improved the
robustness of the segmentation results. Despite these advancements, a common limitation in
existing approaches is their reliance on integrating a fuzzy integral within a residual block,
primarily for information fusion. This approach falls short of addressing the specific challenges
associated with airway segmentation. Additionally, there’s a noticeable lack of diversity in
the use of aggregation operators within these models, with most studies focusing on the fuzzy

"AND’ operator and not exploring other potentially beneficial operators.
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Evaluation Metrics of Airway Predictions

Given the prediction X and the corresponding mask Y, the common evaluation metrics for
airway segmentation are comprised of overlapped measurements, detected length rate, branch

rate and airway leakage rate, which are given as follows:

1. Overlapped metrics assess the overlap rate between the ground truth masks and pre-

dictions, such as Jaccard index score and dice score, denoted as:

XY
Jaccard(X, Y) = m, (31)
2XY
Dice(X,Y) = 2
ice(X,Y) X1y (32)

where XY are the intersections of X and Y.

2. Detected branch ratio (DBR) evaluates the percentage of detected branches concern-

ing the expert annotations

N,
DBR = —~ x 100%, (3.3)
Ny

where Ny is the amount of correctly detected branches, Ny is the amount of branches in
the corresponding annotation. Specifically, a branch is considered to be correctly detected

when its IoU score is greater than 0.8 with the corresponding branch in the ground truth.

3. Detected length ratio (DLR) assesses the ratio of detected branch length for that of

the expert annotations

L,
DLR = =% x 100%, (3.4)

y
where Ly denotes the total length of correctly recognized airway branches, Ly refers to

the whole length of branches in the ground truth.

4. Airway leakage ratio (ALR) denotes the ratio of total false positive predictions to the

ground truth annotations
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ALR = ; % 100%, (3.5)

y
where Vy denotes the number of FP predictions, and Vy refers to the volume of ground

truth annotation.

It is of note that none of these metrics can be independently adopted for airway evaluation.

3.1.3 Methodology

Overview

Given an input raw 3D volume V € RW*H#xZ

, we first introduce a smart patch sampling strat-
egy to extract patches Vp € R¥*"*¢ for model development. Subsequently, a fuzzy attention
neural network (FANN) is devised for segmenting airway trees, under the supervision of a
comprehensive optimization function. This function encompasses dice loss, accumulation map-
ping loss, and airway continuity loss. During the training phase, the CCF score was employed
to evaluate the model and to save the optimal values of the trainable network parameters.
The proposed Fuzzy Attention Neural Network is an extension of the 3D U-Net, enhanced
by incorporating deep supervision, fuzzy attention layers, and JCAM (Jaccard continuity and
accumulation mapping) loss. The size of patches Vp is determined based on the same ratio
as the median shape of the ground truth annotations in the training set. FANN comprises
several basic 3D layers such as 3D (transpose) convolution layers, instance normalization (IN),
and fuzzy attention layers, as depicted in Fig. [3.2l Notably, the network was designed with
multiple outputs for deep supervision, where the final prediction was obtained from the main

output. The predictions from low-level outputs were used to calculate losses as the main output

but with different weights.
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Figure 3.2: Architecture of the proposed fuzzy attention Neural Network. The fuzzy attention blocks
are arranged with skip connections between encoders and decoders. Deep supervision was implemented
for decoder blocks.

Smart Patch Sampling

Data-driven methods heavily rely on the data quantity, therefore, a balanced class distribution
is essential for training a neural network. It has been mentioned that the significant imbalance
between foreground and background samples can lead to a gradient erosion issue [87]. Due to the
extensive volume size of HRCT, segmentation modules for HRCT often employ patch-based
training strategies. Nevertheless, most studies applied sliding windows for patch extraction,
which do not fully address the issue of class imbalance. Some researchers have attempted
to mitigate class imbalance by capturing hard samples [87,98], while these methods typically
require an additional training phase to gather these hard samples. In our study, we propose
a smart patch sampling (SPS) strategy for data sampling without fine-tuning or additional
training. Considering a dataset containing 3D images and their corresponding annotations, the

SPS workflow can be summarized as follows:

The smart patch sampling strategy starts with calculating the average size S(z x y x x) of
the MBR of the ground truth annotations, which informs the scale for the patch size selection.
Subsequently, the centerline of the manual annotations is extracted using a skeletonization

process [99]. To obtain the image patches, mask patches, and centerline patches, SPS employs
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overlapping sliding windows. Finally, patches are selected based on two criteria: a centerline
ratio, which is the ratio of centerline voxels to the total number of centerline voxels within a
patch, that exceeds 15%; and a voxel volume ratio, which is the ratio of ground truth voxels
within a patch to the total ground truth voxels, that exceeds 10%. Patches meeting these

criteria are preserved for further development.

Fuzzy Attention Layer

One of the key challenges in achieving an effective model for airway segmentation is the un-
certainty inherent in annotations and HU intensities of the airway regions. Efforts have been
made to refine the focus of neural networks on Rols. For example, the Attention U-Net [81]
introduces an attention gate mechanism aimed at enhancing accuracy by lightening features
in irrelevant regions. Nonetheless, we hypothesize that applying sigmoid activations in the

attention layer may not represent the optimal approach.

Besides the ”gradient vanishing”, the sigmoid activation function is criticised by its sharp tran-
sition, where only a narrow input interval results in the output spanning the entire range from
0 to 1. Consequently, it is challenging to define a robust ”"boundary” with the sigmoid func-
tion that can effectively distinguish relevant features. Another limitation is its monotonicity;
akin to the intensity distribution of airway structures, which has both negative and positive
variations, the feature representation for airways should also exhibit bidirectional variations.
However, with sigmoid activation, 1 x 1 convolution layers are often forced to shift the values
of all features of interest to the positive side to obtain a response. Specifically, there must be a
"threshold” in the feature representation reconstitution, usually achieved by 1 x 1 convolution
layers within the attention gate, to decide the importance of a region. Moreover, the current
attention maps are non-channel-specific, applying the same ”attention” coefficient to all fea-
tures along the channel dimension. Given a feature vector F' € REXW*HxD "the conventional
attention map is expressed as o € RV*#>*P implying that all features along the channel C' are
equally "important”. This might be problematic because features in different channels are ex-

tracted by distinct convolutional kernels, which suggests that a more effective approach would
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Figure 3.3: Architecture of (a) fuzzy attention layer, (b) fuzzy attention gate with Gaussian member-
ship functions, and (3) accumulation maps of different panels and skeletonization of airway trees.

be for the attention map to be channel-specific.

Studies have indicated that both fuzzy logic and neural networks are potent for data represen-
tation . Typically, a neural network is utilized to diminish noise and distil useful feature
representations from raw data, while fuzzy logic aims to derive fuzzy representations that mit-
igate the uncertainty inherent in the data. In contrast to the sigmoid activation function,
we hypothesize that the Gaussian function is more appropriate for formulating the attention
gate, owing to its symmetric shape and modifiable parameters (the mean and variance of the
Gaussian function can be adapted during learning). Additionally, its smoothness and non-zero
nature across its entire domain well address the issues related to gradient vanishing and poten-
tial collapse. Consequently, we integrated fuzzy logic into the attention mechanism, employing
trainable Gaussian membership functions to enhance the segmentation network’s ability to con-
centrate on Rols, thereby diminishing the variations and uncertainties through representation
aspects.

The fuzzy attention layer we propose is integrated within the skip connections, utilizing fea-
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tures from both the I-th encoder €' and decoder d', as depicted in Fig. [3.3(a). These input
feature vectors are first proceeded by a 1 x 1 x 1 3D convolution layer, followed by IN and a
LeakyReLU for feature reconstitution. Subsequently, a voxel-wise addition operation is used to
merge the information, which is then followed by another LeakyReLU activation. The resulting
feature representations are then supplied to the Fuzzy Attention Gate to produce a voxel-wise
attention map, as illustrated in Fig. [3.3(b). Let X, with dimensions C'x H x W x D, represent
the input to the fuzzy attention gate, disregarding batch size for the moment. Owing to the
smoothness and streamlined representation of Gaussian membership functions, we utilize learn-
able Gaussian MFs to define the deep fuzzy sets. Each feature map, characterized by height
H, width W, and depth D, is fed into m Gaussian membership functions (with center ; ; and
spread o; ;)
—(Xj—ni5)*

fii(X o) =e 27, @ ROXmXHXWxD. (3.6)
wherei=1,...,m,j5 =1,...,C. In contrast to prior studies that employed the ’AND’ operator
to derive fuzzy feature representations, our approach aims to utilize the membership function
to ascertain the 'importance’ of target features. We hold that the ’OR’ aggregation operator
is more effective in preserving information while suppressing irrelevant ones. Given two fuzzy

sets A and B, the 'OR’ operator is mathematically characterized as follows:

favsW) = faly) Vv fa(y), Yy €U, (3.7)

where y is the element of the universe, and U is the universe of information. For derivation

available, we modified the function to

fausly) = max(f5(v), f5(v)), (3.8)

As a result, the fuzzy degree f;j(X,u,0) € @F*W*D 0 € [0,1] of j — th channel is calculated
by

2 2
m = (Xj—p ) —(Xj—n4,5)

fi(Xopo)y=\/e *u  =max(e *% ) (3.9)

i=1

where \/ refers to the union process.



52 Chapter 3. Airway modelling in High-resolution CT

Ultimately, the output tensor from the FAG remains the same dimensions as the input ten-
sors, yielding a voxel-wise attention map. The pseudocode for the fuzzy attention layer is

demonstrated in Algorithm 1.

Algorithm 1 Pseudo code of fuzzy attention layer

Input: feature representations €', d’ € REXW*HXD from l-th encoder and decoder, , weights
wgl), wgl) and bias bg), bg) connecting to l-th encoder and decoder
Output: fused feature representation y € RE*W>HxD
1: randomly initialise parameters g € R™ ¢ and o € R™*Y of membership functions
f(X,p,0).
2. compute the input X € ROHWxD of FAG, X = LReLU(IN(we! + b)) +
LReLU(IN(w{d! 4 b))
3: for iin C do
Specify the fuzzy sets f;;(X,u,0) through m Gaussian membership functions as Eq.
(6)
5. compute fuzzy degrees f;(X,p, o) of j-th channel by adopting aggregation operator
"OR” to fuzzy sets f;; through Eq. (9).
6: compute output of j-th channel y; = e f;(X, i, o)
7: end for

Jaccard Continuity and Accumulation Mapping Loss

The research community has confidently embraced strategies like cascade modules and cropping
operations to enhance the segmentation of small organs or structures. These solutions effectively
mitigate the challenge of inter-class imbalance. However, there remains a challenge of intra-
class imbalance, attributable to the varying volumes of distinct branches within the airway
tree, such as the trachea and secondary or tertiary bronchi. Predominantly, the trachea and
secondary bronchi compose the bulk of the airway volume, which often results in discontinuous

predictions for smaller bronchial structures.

To address the issue, we introduce a Jaccard continuity and accumulation mapping loss L joans,
which encourages the network to emphasize the continuity of airway predictions. The Ljcanm
evaluates the discrepancies in different projections (through coronal, sagittal, and axial planes)
and centrelines between the prediction and the ground truth. Given the prediction array X and
the corresponding ground truth annotation Y, the centrelines Yy, of the ground truth masks

are delineated through skeletonization [99]. The continuity is effectively assessed by calculating
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the ratio of correctly predicted centrelines to the ground truth centrelines Y¢, irrespective of

the airway branch size.
X Yoo

Le=1-C=1-&=2"%CL
“ > Yor

(3.10)

Alongside continuity, we also introduce two variants of accumulation maps: the Linear Accumu-
lation Maps (LAMs) and Nonlinear Accumulation Maps (nLAMs), as illustrated in Fig[3.3(c).
LAMs are generated by aggregating the volume array along three orthogonal axes, while nLAMs
result from applying a nonlinear transformation to the LAMs. Incorporating LAM into the loss
function enhances the accuracy of the 3D prediction assessment since each mispredicted voxel
contributes to discrepancies in the various projection maps. Moreover, to diminish intra-class
imbalance, a nonlinear transformation using the tanh activation function is applied to LAMs to
obtain nLAMs. Although nLAM, with its range confined between [0, 1], eliminates the spatial
information inherent in LAM, it provides a more refined measure of continuity and veracity

between the predictions and the ground truth masks.

Assume A@ 7 as the operation that sums the array A € RVXCXWXHxXD along 7th channel. The

LAM and nLAM are calculated by

Liav= Y., hXernYer), (3.11)
TE[W,H,D)]
Lupay = Y, Lg(tanh(X @ 7), tanh(Y & 7)), (3.12)
T€[W,H,D]

where L7 is the Jaccard loss which is defined as

XY +¢
X+Y - XY +¢

Ly=1-J=1- (3.13)

and ¢ is the smoothing factor £>0.

Overall, the Ljcaa can be summarised as

Lycan = oLz (X,Y) + BLc(X,Yer) 4+ oLep(X,Y) + vLpan (X, Y) + 6 Lo an (X, Y) (3.14)
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where a, 3,7, p,0 are the weights of Jaccard loss Lz, continuity loss L¢, cross-entropy loss

Lcg, linear and nonlinear accumulation mapping loss Lyans, Lnpan, respectively.

Continuity and Completeness F-score

In addition to exploring novel layers, the selection of modules is pivotal in machine learning.
Specifically for airway segmentation, relying on the highest regional overlapping metrics to
determine the best model is problematic due to (1) the intra-class imbalance of airway structures
and (2) the limitations of manual annotations. Metrics such as the Dice coefficient or loU score
predominantly reflect the overall overlap of prediction voxels but fall short in evaluating the
continuity and completeness of the structures. Consequently, there is a need to formulate a
metric capable of accurately assessing the continuity and completeness of tree-like structures,

such as airways, blood vessels, and neural pathways.

Here we propose a continuity and completeness F-score (CCF score)

JxC

_ 2
CCF, = (1 +u%) x "=

(3.15)

where w € [0, 1] is the parameter that weights the preference between completeness and conti-
nuity, J and C' are the Jaccard index and Continuity in Eq.(2.25) and Eq. (2.28), respectively.
Based on this novel metric, the model can evaluate both continuity and completeness simulta-

neously.

3.1.4 Experiments and Results

Datasets and Training Strategies

In our investigation, the training of airway segmentation and comparison models was conducted
utilizing 90 clinical thoracic CT scans sourced from the publicly available BAS dataset. For

testing purposes, we exclusively used in-house datasets compiled from patients diagnosed with
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fibrotic lung disease and COVID-19. Comprehensive details regarding all utilized datasets are
tabulated in Table [3.1]

Table 3.1: Details of datasets in this study

Dataset Composition Volume size Slice thickness

BAS 90 cases™ sx512x512, s € [157,764]  0.45mm-1.80mm
COVID-19 25 cases (test only) sx512x512, s € [512,1145] 0.40mm-0.65mm
Fibrosis 25 cases (test only) sx512x512; s € [516,945]  0.40mm-0.70mm

* 90 cases are split into 54,18 and 18 for training, validation and testing, respectively. BAS
was collected from healthy volunteers or patients with pulmonary disease.

Binary airway segmentation (BAS) dataset: The BAS dataset comprises a total of 90
cases, with 20 cases sourced from EXACT’09 and 70 cases from the LIDC database. (1)
The EXACT’09 dataset [72] consists of 20 training cases (with annotations) and 20 test cases
(annotations not publicly available), with patient conditions ranging from normal to severe
pulmonary diseases. (2) The LIDC dataset: The Lung Image Database Consortium image
collection (LIDC-IDRI) contains 1018 cases of diagnostic and lung cancer screening thoracic
CT scans [100]. Out of these, 70 cases with a slice thickness of < 0.625mm were randomly

chosen and annotated by experts [86,87].

Our in-house dataset: (1) COVID-19 dataset: This subset comprises 25 HRCT scans
from patients diagnosed with COVID-19, obtained from Wuhan Renmin Hospital. (2) Fibrosis
dataset: This subset consists of 25 cases from patients with fibrotic lung disease, sourced from
the OSIC datasetﬂ. Annotations for these cases were provided by medical experts at the Royal

Brompton Hospital.

Training Strategies: All parameters were initialized using He-normal initialization. Data
augmentation during training includes randomized rotation (with degrees ranging from -10 to
10) and randomized flips (4 directions). Each model was trained over 200 epochs with an initial
learning rate of 1 x 1072 and a learning rate decay of 0.5 applied at the 20th, 50th, 80th, 110th,
and 150th epochs. To ensure equal contributions from L, Lo, Log, the hyper-parameters «;,
B, v in Ljcay were set to 1. Meanwhile, ¢, § were set to 0.3 to constrain the accumulation

mapping loss, as it is computed across three dimensions. The w in the CCF score was fixed at

Thttps://www.osicild.org/
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0.9 to minimize excessive leakages.

Experimental Settings and Evaluation Metrics

The experiments were performed in the following environment:

(1) Ubuntu 20.04.2 LTS with i9-10980XE CPU and 128GB memory, equipped with NVIDIA
RTX 3090 TT.

(2) CUDA 11.1.74 and cuDNN 8.0.5

(3) Python 3.8.5 with numpy=1.19.5, SimpleITK=2.1.1, scikit-image=0.18.2.

We randomly split the 90 cases from the BAS dataset, allocating 72 for training and validation,
and reserving 18 for testing. All modules, including those used in ablation studies and compar-
ative models, were trained from the ground up using an identical set of patches provided by the
Smart Patch Sampling (SPS) method, employing the same optimizer and consistent training

strategies.

To ensure a fair comparison, all models underwent identical post-processing, which involved ex-
tracting the largest connected component to eliminate noise and adhering to the same inference
criteria using a non-overlapping sliding window technique. The significance of the outcomes be-
tween our proposed method and the comparative methods was determined using the Wilcoxon
signed-rank test, with a p-value <0.05 denoting statistically significant improvements (or dete-

riorations).

Ablation studies. To investigate the efficacy of the proposed sub-modules, we conducted
ablation studies for airway segmentation. These included: the basic 3D U-Net (BL); 3D U-Net
augmented with a fuzzy attention layer (BL+Fuzzy); 3D U-Net with both a fuzzy attention
layer and JCAM loss (BL+Fuzzy+JCAM); and 3D U-Net with a fuzzy attention layer, JCAM
loss, and CCF score (BL+Fuzzy+JCAM+CCFy), among other combinations (BL+JCAM,
BL+Fuzzy+CCFy). It is noteworthy that the baseline 3D UNet, serving as the structure for
FAAN minus the fuzzy attention layer (depicted in Fig. [3.2)), was selected to maintain a fair

comparison.
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Comparisons. The effectiveness of our proposed method was benchmarked against conven-
tional methods, previous solutions for airway extraction, and high-performance models adept
at segmenting tree-like structures. The standard approaches included nnUNet [74], VNet 73],
and Attention UNet [81]. Previous solutions for airway segmentation encompassed methods by
Juarez et al. [77], Wang et al. [91], WingsNet [87], NaviAirway [101], and BronchiNet [102].
Moreover, we examined high-performance modules for human tree-like structure segmentation,
including ERNet [103], CENet [104], and ROSE [105]. Specifically, a modified 3D fuzzy network
from [83] was employed to investigate the potential of extant fuzzy theory-driven studies. All
modules were trained using the identical patch dataset derived from SPS criteria. Furthermore,
all comparative analyses were executed on both the open-access BAS and our in-house datasets

to evaluate robustness and performance, respectively.

FEvaluation metrics. Five metrics were utilized to assess the model performance, including

IoU, DLR, DBR, precision and the airway missing ratio

TP

Precision = m, (316)
FN

AMR = —— x 100%. (3.17)
Vy

Experimental Results

All the experimental results were shown as mean + standard deviation.
Ablation studies. Results of the ablation experiments are presented in Table |3.2] illustrating

the mean and standard deviation of the different evaluation metrics.

Table 3.2: Ablation studies of the proposed method on BAS dataset

Model IoU Precision DLR(%) DBR(%) AMR (%) CCF;

BL 0.8749+0.0385 (.9190+0.0302 87.81+8.74  81.74£11.15 5.11+4.10  0.8763+0.0514
BL+Fuzzy 0.8731£0.0493 0.9205+0.0326 89.20+10.73  83.924+12.48 5.45+5.41  0.8814+£0.0650
BL+JCAM 0.8584+0.0448 0.9027+0.0388 88.71£7.83  82.93£10.90 5.33+£4.09  0.8710+£0.0554
BL+Fuzzy+JCAM 0.8625+0.0414 0.9039+0.0366 93.954+7.96 90.641+10.42 4.9244.22 0.89131+0.0527
BL+Fuzzy+CCFy 0.8701+£0.0522 0.9112+0.0315 89.63+3.27  85.24£12.53 5.71£5.82  0.8816+0.0412
BL+Fuzzy+JCAM+CCFy  0.8738+0.0445 0.9187+0.0320 92.71£7.93  89.01£10.3 5.2244.50  0.896940.0554

% indicates the ratio metrics, Model abbreviations BL: baseline 3D UNet with deep supervision.

It is notable that the baseline 3D U-Net attained competitive performance in airway segmenta-
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tion, achieving an IoU score of 0.8749, a DLR of 87.81%, and a DBR of 81.74%. The incorpo-
ration of the fuzzy attention layer into the 3D-UNet framework led to a marked enhancement
in DBR, with an average increase of approximately 2.2%. The addition of the JCAM loss
further advanced the DBR to 82.93%, and the inclusion of the CCF score also contributed to
the model’s improvement, with a 1.3% rise in DBR. The most substantial enhancement was
observed when combining the fuzzy attention layer with JCAM loss, culminating in a DBR of
90.64%, a DLR of 92.95%, and a minimal AMR of 4.92%. By integrating all these innovative
approaches (BL+Fuzzy+JCAM+CCFy), the proposed FANN secured the highest CCF score of
0.8969, alongside competitive metrics for DBR (89.01%), DLR (92.17%), and AMR (5.22%),

albeit with a slight decrease in IoU and the dice score.

Comparison experiments on BAS data. On the BAS dataset, the proposed FANN model
demonstrates state-of-the-art performance in airway segmentation, as evidenced in Table [3.3
The model achieved a CCF score of 0.8969, a DLR of 92.71%, and a DBR of 89.01%. Both
ERNet |103], Rose [105], LFSCNN [83], and V-Net 73] exhibit high voxel-wise precision (0.9587,
0.9499, 0.9837, and 0.9781, respectively). However, V-Net shows a severe discontinuity in airway
predictions, indicated by a high AMR of 27.15%, along with low DBR and DLR (22.04% and
33.96%, respectively). Attention UNet [81] presents competitive results with 0.8762 IoU, 88.61%
DLR, and 82.43% DBR, followed closely by nnUNet [74] (with the DLR of 86.84%, IoU of 0.8805,
and DBR of 79.21%) and WingsNet [87] (with a DLR of 88.00%, DBR of 83.11%, and IoU of
0.8445). Rose [105] registers the highest ToU score at 0.8825, accompanied by comparable DLR
and DBR scores of 84.84% and 77.31%, respectively. The approach by Juarez et al. [77] also
garners strong loU (0.8371) and precision (0.9344) scores, albeit with a lower DLR (73.46%)
and DBR (64.25%). NaviAirway achieves the lowest airway missing ratio at 4.13% but suffers
from comparatively low precision at 0.8672. Contrary to expectations, BronchiNet exhibits

limited effectiveness with a high airway missing ratio of 43.21%.

Comparison experiments on COVID-19 data. On the COVID-19 dataset, the proposed
FANN model outperformed all competitors, achieving the highest CCF score of 0.9270, accom-
panied by a DLR of 93.30%, a DBR of 90.18%, and an AMR of 2.37% (refer to Table [3.4).
The nnUNet [74] recorded the second-best CCF score at 0.9148, with a DLR of 91.36% and
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Table 3.3: Comparison experiments on the open dataset BAS dataset

Model IoU Precision DLR(%) DBR(%) AMR(%) CCF,

ERNet [103]* 0.8639+0.0395¢  0.9587+0.0205¢  83.72+8.40f  75.86+£10.59% 9.5843.70F  0.851740.0518%
Rose [105]F 0.8825+0.0457F 0.949940.0208%  84.84+7.88%  77.31+£9.59}  7.41+4.83%  0.8669-0.0562}
CENet [104}* 0.86010.0410%  0.9498+0.0240¢  81.33+11.43%  73.37£14.50* 8.8243.79*  0.8385+0.0575}
LFSCNN [83]* 0.819340.0676*  0.953740.0224*  69.09+15.08"  58.26+16.92F 12.584+5.03F  0.7564+0.0898*

BronchiNet [102]*

0.498440.1596%

0.858840.0621%

64.28+16.28*

57.524+18.01%

43.21+18.65¢

0.554140.1610¢

NaviAirway [101]* 0.8348+0.0335¢  0.867240.0406"  87.344+7.15¢  80.99+9.50'  4.13£3.04'  0.851640.0439}
Juarez et al. [77]7 0.837140.0752f  0.934440.0314 73.46414.19"  64.25415.55F 11.1747.621  0.787940.0952¢
Wang et al. [91]T 0.733040.0786!  0.763640.0737%  85.054+12.27F  78.58+14.20" 5.07+6.19 0.7813+0.0937*
WingsNet [87[F 0.8445+0.0596!  0.937340.0303"F  88.00+11.951% 83.11+13.46! 10.324+6.89%  0.860040.0768!
Attention UNet [81]T 0.876240.0414 0.9207+0.0309 88.61+8.32F  82.43+10.65¢ 5.16+4.18 0.8806+0.0534*
nnUNet [74]* 0.8805+0.0313 0.9436+0.0234F  86.84+7.00"  79.2149.43F  6.96+4.02"  0.8750+0.0416¢
V-Net |73]* 0.7140+0.1716*  0.978140.0150F 33.96+17.96}  22.04+14.22% 27.15+£17.99% 0.477940.1751%
Proposed 0.8738+0.0445 0.9187+0.0320 92.714£7.93  89.01410.3 5.22+4.50 0.8969+0.0554

* refers to results obtained by an open-source module (with trained weights) or modules trained from
open-source codes. t indicates the reproduced results. 1 represents statistical significance (with Wilcoxon
signed-rank test p-value <0.05) compared with the proposed method.

a DBR of 87.33%. Attention UNet [81] also showcased commendable performance with the
highest ToU score of 0.923, a DLR, of 88.53%, and a DBR of 82.97%. WingsNet [87] reached a
performance similar to the proposed FAAN in terms of DLR (92.50%) and DBR (90.67%), with
a significantly lower IoU of 0.8282. Surprisingly, V-Net [73] continued to exhibit subpar results,
achieving only a DLR of 34.96% and a DBR of 24.07%. Intriguingly, ERNet [103], Rose [105],
and NaviAirway [101] attained similar CCF scores (0.8801, 0.8801, and 0.8882, respectively),
with NaviAirway presenting superior branch metrics compared to ERNet, achieving a DLR of

87.29% and a DBR of 80.60%, as opposed to ERNet’s 84.97% DLR and 78.55% DBR.

Comparison experiments on fibrosis data. The models’ performance experienced a no-
table decline in datasets derived from patients with fibrotic lung disease, as detailed in Table
3.4l The proposed FANN demonstrated exceptional performance and generalization capability,
evidenced by a CCF score of 0.8099, a DLR of 78.98%, a DBR of 73.44%, and a precision
of 0.8904. Attention UNet [81] secured impressive results with a DLR of 72.83%, a DBR of
66.88%, and precision of 0.8844, while WingsNet [87] attained a DLR of 69.46%, a DBR of
63.01%, a precision of 0.9401, and an AMR of 21.98%. nnUNet [74] did not mirror its success
from the BAS and COVID datasets, reflected by lower DLR, (58.15%) and DBR (50.18%) scores.
Similarly, ERNet |103], Rose [105], LFSCNN [83], and NaviAirway [101] reported competitive
IoU scores (0.7840, 0.7898, 0.7998, and 0.8074, respectively), yet their branch continuity met-

rics were relatively modest. Despite achieving comparable DBR and DLR to WingsNet, the
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Table 3.4: Comparison experiments on our in-house dataset
Model IoU Precision DLR(%) DBR(%) AMR(%) CCF,
ERNet [103]* 0.9064=+0.0458"  0.965540.0253F  84.9748.42  78.55410.89F 5.54+2.21% 0.8801=0.0575
Rose [105]F 0.913240.0338F  0.9552+0.0157F  85.91+£8.12F  78.89+9.83F  4.09+3.57F  0.8882+0.0457¢
CENet [104]* 0.888340.0559t  0.9611+0.0157F  77.30+£14.19" 68.86+15.24! 5.61+3.98"  0.8328+0.0767*
LFSCNN [83]* 0.888340.0559t  0.9611+0.0157F  77.30+£14.19" 68.86+15.24¢ 5.61+3.98"  0.8328+0.0767*
BronchiNet [102]* 0.420040.1762F  0.7253+£0.0532F  64.07+£23.74%  62.20+23.91%  49.29+23.32F  0.4965+0.1992
NaviAirway [101]* 0.8861+£0.0298%  0.910040.0245F  87.2947.92%  80.60410.34F 2.86+2.39} 0.8801=0.0413*
COVID-19  Juarez et al. |77]" 0.8637+£0.1016*  0.9566+0.0134 71.73£15.07F  63.02415.07F  10.08410.79%  0.7914-£0.1189*
Wang et al. [91]F 0.7433+£0.1010%  0.774940.0736'  84.87+13.20% 79.93%14.09% 5.41410.35%  0.787040.1129*
WingsNet [87]* 0.828240.0672F  0.9537+£0.0215F  92.50+£6.89  90.67+8.95 13.68+7.15'  0.8689+0.0680
Attention UNet [81]1  0.92304£0.0279  0.946440.0175 88.53+6.661  82.974+8.34F  2.624+2.21 0.905740.0377*
nnUNet [74]* 0.915840.0381F  0.9685+0.0407F  91.36+£6.72}  87.33+8.89F  2.61+1.73F  0.9148+0.0473*
V-Net [73]* 0.789840.0871f  0.9893+0.0040% 34.96+£9.66!  24.07+8.80F  20.33+£8.86'  0.5052+0.0911%
Proposed 0.922240.0261 0.943140.0166 93.30+5.29 90.18+7.59  2.374+1.64  0.9270-+0.0338
ERNet [103]* 0.784040.0948t  0.9359+0.0404F  55.87+£14.92F 49.09+15.35¢ 12.46+3.38'  0.6641+0.1133*
Rose [105]F 0.789840.0705¢  0.8979-+0.0687 65.17+£14.41%  58.47416.331 12.79+7.21%  0.7213+0.0913*
CENet [104]* 0.760240.1020f  0.9459+0.0252F  50.42+16.40% 43.68+16.85¢ 14.67+4.89'  0.6194+0.1228*
LFSCNN [83]* 0.799840.0527¢  0.9308+0.0169*  57.95+13.05% 50.43+14.12¢ 11.85+3.65'  0.6835+0.0719*
BronchiNet |102]* 0.570940.11461  0.8929+0.0432F  76.38+15.51% 69.49+15.09' 34.22+7.71  0.6436+£0.1298"
NaviAirway [101]* 0.8074+0.0533%  0.924740.0165¢  59.94414.40% 51.48414.90% 13.45+6.45%  0.698940.0742%
Fibrosis Juarez et al. |77]T 0.7911+0.0532F  0.929640.0294  56.16410.76% 48.294+12.18F 15.68+6.37F  0.66884-0.0688*
Wang et al. [91]7 0.697940.0647F  0.7468+0.0773F  69.614£9.24F  62.61+11.17F 8.22+3.88 0.697140.0747*
WingsNet [87]* 0.743640.0805¢  0.9401+0.0156F  69.46+£9.71%  63.01+11.39¢ 21.98+8.48"  0.7208+0.0872*
Attention UNet [81]1  0.8202+0.0553 0.884440.0640 72.83+9.41%  66.88+£10.84F 7.98+2.97 0.776440.0678t
nnUNet [74]* 0.831240.0495% 0.9381+0.0314F  58.15+6.801  50.18+7.93%  11.74+2.93'  0.6972+0.0564
V-Net [73[F 0.5002+0.0967F  0.9768+0.0006' 8.54+£3.76*  3.40+£2.99"F  49.364+9.88¢  0.1576-£0.0568*
Proposed 0.82694:0.0402 0.890440.0373 78.98+8.00 73.44+9.54 7.954+2.37  0.809940.0517

* refers to results obtained by an open-source module (with trained weights) or module trained from
open-source codes. f indicates the reproduced results. I represents statistical significance (with

Wilcoxon signed-rank test p-value <0.05) compared with the proposed method.

method by Wang et al. [91] was more prone to airway leakages (evidenced by a lower precision of
0.7468) and missing tracheal structures (indicated by low IoU scores). Remarkably, BronchiNet
achieved improved performance on the fibrosis dataset compared to its results on the BAS and
COVID-19 datasets, with a DLR of 76.38%, a DBR of 69.49%, and a CCF score of 0.6436.

Visualization results. The visualization of correct predictions, airway leakages, and missing
airways are depicted in Fig. Generally, airways in scans from COVID-19 patients were
more extractable compared to those with the other two conditions. The intricate patterns
characteristic of fibrotic lung disease, such as honeycombing, led to diminished performance in
most modules due to increased predictions of missing airways. Notably, a majority of airway
leakages were attributed to absent annotations. Specifically, nnUNet demonstrated proficiency
with COVID-19 data yet struggled with missing airways in both BAS and fibrosis datasets.
WingsNet showed promising results in detecting small-sized branches while overlooking the
main trachea. While Rose was comparable on COVID-19 and BAS datasets, it exhibited sub-

stantial missing airways in fibrosis data, evidenced by a significant area of false negatives in its

fibrosis predictions. The proposed method is observed to have superior robustness and perfor-
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Figure 3.4: Visualization results of the competitive module, including nnUNet, Attention UNet,
WingsNet, Rose and the proposed FANN on fibrosis data (first row), COVID-19 data (second row),
and BAS data (third row), with the green, red, blue representing the correct airways (TP), missing

airways (FN), and airway leakages (FP), respectively.
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mance, achieving the fewest missing airways and the highest accuracy in airway extraction.

3.1.5 Discussion

This section delves into the comprehensive performance analysis, underscores the significance of
data sampling, elucidates on the issues of airway leakage and omission in predictions, emphasizes
the importance of evaluation metrics, and discusses the detection rate across branches of various

sizes.

Overall performance analysis. The empirical results from both public and our in-house
datasets underscore the outstanding capacity of the proposed technique for airway segmenta-
tion. V-Net and BronchiNet, in particular, manifested the least favorable outcomes due to
discontinuities in airway predictions, despite all models suffering post-processing to retain only
the largest 3D component. Notably, BronchiNet registered the most inadequate performance
among the preceding models for airway extraction, with diminished IoU scores and branch
metrics. The methods introduced by Juarez et al. and Wang et al. displayed similar effi-
cacy. WingsNet outperformed NaviAirway, showcasing nearly a 10% enhancement in branch
metrics. Among methods adapted from different imaging modalities, Rose asserted superior
robustness against counterparts such as ERNet and CENet. Herein, we principally compare
four models against our proposed framework, comprising attention UNet, nnUNet, Rose, and
WingsNet. Across all sub-datasets, nnUNet, Rose, and WingsNet depicted comparable preci-
sion against attention-based models. Nonetheless, WingsNet’s AMR was approximately double
that of nnUNet and Rose, whereas its DBR and DLR were substantially superior, signifying less
accurate predictions on the principal trachea but enhanced detection of small to medium-sized
branches. Among the models, attention UNet demonstrated superior performance across all

datasets, showing the efficacy of the attention mechanism.

FANN exhibited significantly enhanced performance in terms of DLR, DBR, and CCF scores
on the public BAS dataset when compared to Rose, nnUnet, attention UNet, and WingsNet.
Although the IoU for FANN (0.8738) did not show a significant difference from that of nnUNet
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(0.8805) and attention UNet (0.8762), it was superior to that of WingsNet (0.8445). In the case
of COVID-19 data, FANN surpassed Rose, nnUnet, and attention UNet in both DLR and DBR
metrics. Despite a relatively lower IoU score (0.8282), WingsNet managed to attain a DLR and
DBR comparable to FANN, as per the Wilcoxon signed-rank test with a p-value greater than
0.05. On datasets from patients with fibrotic lung disease, nnUNet outperformed FANN in IoU
and precision but exhibited significant discontinuities, as evidenced by its lower DLR (58.15%)
and DBR (50.18%). WingsNet, although achieving the highest precision (0.9401), also had
the largest AMR (21.98%), indicative of substantial false-negative predictions. FANN consis-
tently achieved the best CCF score, DLR, DBR, and AMR across all comparisons, maintaining

competitive IoU and precision scores.

Fuzzy theory-based method. While some studies have combined fuzzy theory with deep
neural networks, only a handful are applicable to image segmentation. The modification of
2D fuzzy layers in LESCNN [83] to 3D ones yielded comparable results to other approaches.
Specifically, the fuzzy module within LESCNN was positioned at the residual skip connection,
bridging the encoder and decoder blocks for feature fusion. However, on BAS, COVID-19, and
Fibrosis datasets, LFSCNN’s performance was a bit weak, with a branch metrics gap of nearly
20% compared to FANN. In further exploration of fuzzy integration in [83], ablation studies
showed an enhancement in LESCNN without the fuzzy fusion module, achieving an IoU of
0.8462, a DLR of 76.14%, and a DBR of 66.36% for BAS data, and an IoU of 0.8507, a DLR
of 69.63%, and a DBR of 59.60% for COVID-19 data. Conversely, a decrease in performance
was observed on fibrosis data, with an IoU of 0.7808, a DLR of 51.43%, and a DBR of 42.46%.
This suggests that the fuzzy feature integration module did not confer advantages on datasets
with mild lung pathology but did show improvement with more complex pathological changes,

such as honeycombing.

Data sampling strategy. Data sampling strategy is crucial for patch-based approaches,
especially in imbalanced datasets. This study introduced a smart data sampling strategy for
patch extraction. Experiments on the open BAS dataset with varying data sampling strategies
highlighted the importance of this aspect. We defined three extraction criteria: (1) Sequential:

patches are extracted sequentially by sliding windows within the ground truth’s minimum
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bounding box. (2) Drop: similar to Sequential, but either the main trachea (Drop-A) or pure
negative patches (Drop-B) are discarded to balance the data. (3) Smart patch sampling. We
also examined three patch sizes: (1) a uniform 128 x 128 x 128, (2) proportions close to the
median ground truth volume (160 x 96 x 160), and (3) proportions close to the mean ground

truth volume (128 x 96 x 144).

Table 3.5: Comparison experiments of data sampling strategy

Extraction Patch size IoU Precision DLR(%) DBR(%) AMR(%)

Cut-1 Sequential uniform 0.8782+0.0641 0.9341£0.0409 85.17£14.28  76.41£15.27 7.641+7.22
Cut-2 Sequential median 0.8854+0.0470 0.9408+0.0300 85.79£8.12  78.77+£10.06 6.03+4.63

Cut-3 Sequential mean 0.8862+0.0422 0.9394+0.0275 86.66+8.88  79.394+10.80 6.06+4.61
Cut-4 Drop-A mean 0.8069+0.0826 0.9437+0.0316 84.64+£10.00 77.57£12.70 14.87+8.13
Cut-5 Drop-B mean 0.888340.0407 0.9451+0.0286 87.73+8.01  80.92+10.51 5.95+4.25
Cut-6 Smart mean 0.874940.0385 0.919040.0302 87.814+8.74 81.74+11.15 5.11+4.10

The ‘uniform’ patch size refers to 128 x128x 128, while the ‘median’ and ‘mean’ are 160x96x160 and
128x96 x 144, respectively.

Although little increase in IoU was observed across Cut-1, Cut-2, and Cut-3, a marked enhance-
ment in DLR and DBR was recorded. Moreover, the results of Cut-3 and Cut-4 (as shown in
Table reveal that segmentation performance can be amplified by omitting pure negative
patches, as evidenced by a 1.6% increase in DBR and a 1% rise in DLR. However, excluding the
main trachea proved counterproductive, as the model failed to predict it after training predom-
inantly on smaller branch features (as demonstrated in Cut-4). The model trained with Cut-5
exhibited a competitive DBR, improving by approximately 4.5% relative to Cut-1. Ultimately,

the SPS strategy we proposed attained the highest DLR, DBR, and the lowest AMR.

Airway leakages and Airway neglect. Airway leakages, or false-positive predictions, are
reflected in the precision score, while airway neglect, or false-negative predictions, are measured
by the AMR. Fig3.4]illustrates that some leakages may be attributed to incorrectly unannotated
airway branches. nnUNet, while achieving a high precision score indicating limited airway
leakages, suffers from relative AMR with notable airway neglects, particularly in fibrosis cases.
WingsNet shows significant airway neglect of the main trachea, leading to a lower IoU score
despite comparable DBR and DLR. Rose, WingsNet, attention UNet, and FANN all exhibit
some leakage at terminal branches, pointing to incomplete airway annotations. Among all
models studied, FANN records the smallest AMR, with most of its leakages linked to incomplete

annotations. Hence, we advocate for a limited number of airway leakages to improve model
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prediction of terminal bronchioles.

Evaluation metric. Conventional metrics like the IoU or dice score are insufficient in iden-
tifying the optimal model during training. As depicted in Tables [3.3] the model with the
highest IoU score does not necessarily possess superior segmentation capabilities. For instance,
nnUNet scored highest in IoU on the BAS dataset but performed poorly in fibrosis evaluations.
Focusing solely on branch performance while neglecting overlap metrics can also result in air-
way leakages. For example, the BL+fuzzy+JCAM model showed better DLR and DBR but
a lower CCF score than the final FAAN combination in ablation studies (Table I). Evaluating
BL+fuzzy+JCAM on fibrosis and COVID-19 datasets revealed IoU scores of 0.7961 (0.9099),
DLR of 74.66% (93.81%), DBR of 68.85% (91.87%), AMR of 10.29% (2.36%), and CCF scores
of 0.7687 (0.9215) on fibrosis (COVID-19) data, respectively, indicating a notable disparity
compared to FAAN. This underscores the effectiveness of the proposed CCF score in aiding

module selection.

Table 3.6: Detection rate of different-sized branches

B SB MB LB

BAS 81.55% 95.76% 98.59% 99.38%
COVID-19 82.96% 97.05% 99.67% 100%
Fibrosis 47.15% 87.60% 98.32% 98.50%

The detection rate of different-sized branches. To assess the segmentation efficacy across
airway branches of varying sizes, we calculated the detection rates based on their radii. A branch
is considered correctly detected if its IoU surpasses 0.8. We categorized airway branches into
four size groups: TB (terminal branches with diameters from 0 to 2mm), SB (small branches
from 2mm to 4mm), MB (middle branches from 4mm to 8mm), and LB (large branches exceed-
ing 8mm in diameter). The performance of the proposed FAAN model on BAS, COVID-19,
and fibrosis datasets is detailed in Table [3.6] It reveals that FAAN outperforms in segment-
ing airways in both BAS and COVID-19 datasets. However, the detection rate of terminal
branches in fibrotic lung disease is comparatively lower. This reduction is attributed to the
complex honeycombing patterns in fibrotic lungs, which present similar structure characteristics

to airways.
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Table 3.7: Computational complexity of different methods

# Parameter (M) FLOPs (G) Avg speed (s)

WingsNet 1.47 259.49 20.39%
ERNet 5.11 341.26 26.621
LFSCNN 29.36 649.25 31.93¢
FANN 14.12 308.86 35.17
3D U-Net 13.85 298.70 35.77
Attention U-Net 14.03 305.47 36.82%
CENet 74.68 1530 50.08%
Bronchinet 5.88 122.10 92.71%
nnUNet* 31.19 532.96 169.8*
Rose 20.13 10940 177.08*

*The employed nnUNet was built followed by a “3d full resolution” configuration,

where the details can be found at https://github.com/MIC-DKFZ/nnUNet. ¥ indi-

cates significant differences (p-value <0.05). ”# parameters” refers to the number of

parameters.
Computational complexity. We report and rank the computational complexities of all meth-
ods in Table based on the average inference time. The number of network parameters (#
Parameter), floating point operations (FLOPs), and Average inference speed (Avg speed) are
presented to illustrate each model’s comprehensive computational efficiency. The parameter
count influences GPU memory consumption during inference, while FLOPs are indicative of
model complexity and are crucial for inference speed. As shown in Table 3.7, WingsNet is
the most lightweight model with 1.47M parameters and an inference speed of 20.39s, followed
by ERNet, which has 5.11M parameters and a time cost of 26.62s. FANN and 3D U-Net
exhibit similar average inference speeds, with no significant differences (p-value >0.05) be-
tween them. nnUNet, with its large number of parameters and FLOPs, demonstrates a high
computational complexity, especially in image pre/post-processing. Despite its relatively few
parameters (5.88M), BronchiNet’s extensive pre/post-processing results in longer processing
times (nearly 3 minutes). Additionally, CENet and Rose, originally designed for 2D images,
become more complex when adapted to 3D architectures. Rose, despite having only 20.12M

trainable parameters, results in a substantial computational cost with 10.94T FLOPs, leading

to an average inference speed of 177.08s.

Potential studies. This research underscores the potential of integrating fuzzy logic into deep

attention neural networks. There are several promising avenues for future investigation, such as
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incorporating alternative membership functions (MF's) like a generalized bell or sigmoid MF's.

3.1.6 Conclusion

Airway segmentation plays a pivotal role in aiding clinicians with disease assessment and prog-
nosis analysis. However, existing approaches struggle with discontinuous predictions, partic-
ularly for small-sized airway branches. This study highlights the criticality of data sampling
strategies and evaluation metrics. The efficacy of fuzzy attention neural networks, Jaccard
continuity and accumulation mapping loss, and the CCF score in 3D airway segmentation have
been substantiated. Our proposed method has exhibited outstanding performance across both
open-access datasets and our in-house datasets, including scans from patients with cancer,

COVID-19, fibrotic lung disease, and mild lung disorders.

The observed suboptimal detection rate for terminal branches in fibrosis data signals is exposed
for future research. Future studies might explore innovative fuzzy membership functions, ad-
versarial learning techniques, and diffusion modules to bolster terminal branch extraction in

cases of fibrotic lung disease.
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3.2 Adversarial Transformer for Airway Purification

3.2.1 Introduction

Airway segmentation plays a vital role in diagnosing and prognosticating pulmonary diseases
through chest computed tomography (CT) scans. The manual segmentation process, under-
taken by radiologists, is notably labor-intensive and prone to errors, due to the extensive
volume of CT data and the complex pattern of the airway trees. To alleviate the burden of
manual labelling for radiology experts, a range of automated and semi-automated algorithms
are being developed. The efficacy of conventional segmentation techniques, such as thresh-
olding and region-growing [67], was evaluated in the EXACT’09 challenge [72], where no
algorithm succeeded in extracting more than an average of 74% of the total tree length. In

recent years, convolutional neural networks (CNNs) have demonstrated promising outcomes in

airway segmentation. Notably, models such as U-Net [106], 3-D U-Net , V-Net , and
their variants [107] [108] have been applied to this task.
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Figure 3.5: Challenges and solutions in airway modelling. (left) demonstrates issues like unclear
boundaries, disease-related changes, and low image quality (marked in yellow boxes) causing seg-
mentation breaks and overlooked branches (shown in yellow). (right) introduces our solution: an
adversarial-based refinement network aimed at thorough and reliable segmentation. We use patch-
scale discriminators to address local structural inaccuracies.

Despite notable advances in the Dice score attained by CNN-based models for airway segmen-
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tation, local discontinuity persists as a significant challenge, as depicted in Figure [3.5. This
issue is especially pronounced in the lung’s peripheral region, characterized by an imbalance
between the distal small airways (the target) and the background. Additionally, due to high
computational demands, these deep neural networks are trained on image patches, making it
difficult to detect minor errors until the patches are combined to form the full image. Recent
studies by [91], [86], and [87] have endeavored to mitigate discontinuity through the develop-
ment of complex architectures and loss functions. Nonetheless, these approaches do not fully
accommodate the variability in airway structure attributed to pathological conditions like hon-
eycombing, bronchial wall thickening, and bronchiectasis. Such variability can diminish model
robustness, leading to omissions of bronchi or bronchioles in the segmentation results. Fur-
thermore, the heterogeneity of data from various medical centres and the diversity in airway

branching patterns among individuals exacerbate these challenges.

To address these challenges, this study introduces a straightforward yet effective adversarial-
based patch-scale refinement network. This network aims to enhance the connectivity of prelim-
inary segmentation in both normal and pathological cases. We hold that refining existing seg-
mentation is a feasible approach, given the difficulty of devising a single model that adequately
addresses the task. Distinguishing our work from other GAN-based medical segmentation
models, we implement several novel enhancements. Specifically, the tanh activation function
is utilized in the generator’s final layer to adjust pixels in preliminary labels, steered by two
centreline objective functions. The refined labels first undergo dilation with a fixed-size kernel,
followed by multiplying with the CT image before the discriminator. This dilation is designed
to broaden the discriminator’s visual field, potentially improving its ability to discern real from
fake pairs. The discriminator evaluates image patches rather than the entire image, enabling
localized penalization of inaccurate segmentations and enhanced capture of high-frequency de-
tails, such as terminal brunches. Our model was evaluated on three datasets: the BAS dataset
(n=90) and two in-house datasets (n=50), each consisting of 25 cases of pulmonary fibrosis and
COVID-19. We utilized the detected length ratio, detected branch ratio, and false negative rate
as evaluation metrics. The model demonstrated significant improvements, exceeding 15% in all

three metrics. Additionally, our refinement pipeline also effectively enhanced the preliminary
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segmentation from other models, evidenced by metric increases of over 10%. An ablation study

was conducted to dissect the contribution of each element within our refinement framework.

3.2.2 Related works

Transformer-based medical segmentation. Transformers were first suggested for NLP
tasks because of their capacity to encapsulate long-range relationships. However, recent re-
search [109] has shown that this design may also be effective for processing images. Con-
sequently, there has been a significant increase in applying transformers in medical imaging
studies. For 3D segmentation, Wang et al. |[110] introduced TransBTS, which incorporates
a transformer module between the encoder and decoder as the bottleneck. Hatamizadeh et
al. [111] developed the U-Net Transformer (UNETR), utilizing a transformer as the U-Net’s
encoder. Li et al. [112] proposed the Squeeze-and-Expansion Transformer, featuring a squeezed
attention block for regulating the self-attention module and an expansion block for learning di-
versified representations. Liu et al. |[113] suggested a hierarchical transformer that integrates a
shifted window scheme into the multi-head attention (MSA) module. Unlike these approaches,
our method uniquely employs the transformer module as a discriminator rather than a gener-
ator.

Adversarial-based medical segmentation. Adversarial-aided segmentation has rapidly
gained traction in medical imaging. Zhang et al. [114] utilized a modified 2-D dense U-Net
for initial airway prediction, followed by morphological operations for small airway extraction
and adversarial training with a cGAN using a 3-D dense U-Net. Zhao et al. [115] introduced
a generative adversarial learning model with dilated residual blocks as the generator and a
multi-layer CNN with residual blocks as the discriminator. Similarly, Guo et al. [116] employed
a dense U-Net with an inception module as the generator, and Park et al. |[117] designed an
M-GAN with a multi-layer CNN with residual blocks as the discriminator. Different from these

studies, the proposed method uniquely adopts a patch-scale discriminator.
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3.2.3 Method

This section demonstrates our innovative refinement approach, encompassing a generator G
and a discriminator D as illustrated in Figure [3.6, The generator G receives the preliminary
segmentation x; alongside its corresponding CT image y;, subsequently generating a refined
label z, = G(y;, ;). The discriminator D endeavors to differentiate between y; - (z, ® k) and

y; - (x; @ k), where k represents a kernel sized 5 x 5 x 5, and x; denotes the ground truth.
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Figure 3.6: The refined airway segmentation model employs a U-Net generator with multi-scale su-
pervision and a patch-scale discriminator. The discriminator is either (a) a PatchGAN with five
convolution layers for feature extraction or (b) a Vision Transformer (ViT) that divides the image
into patches and transforms them into fixed-size vectors with positional embeddings.

Fake 0

Generator

The generator is a 3-D U-Net with multi-scale deep supervision [118], tailored for airway
structure segmentation. It takes the fusion of CT images and preliminary labels as input, and
outputs patch masks with the size of 128 x 96 x 144. These preliminary labels are generated

using a compact version of U-Net . The initial segmentation’s efficacy was assessed using
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various metrics, delineated in Table 3.8 In refining the segmentation, we replaced the sigmoid
activation with tanh, which outputs in the range of [—1, 1]. We set the threshold at 0, classifying
outputs below this as -1 (to remove false positives) and above as 1 (to eliminate false negatives).
Additionally, specific loss functions were employed to maintain segmentation connectivity, to

be elaborated in a later section.

Discriminator

In order to explore novel discriminators in medical segmentation, we tested PatchGAN [119]
and vision transformer [109]. PatchGAN aims to classify if each image patch (NxN) is real or
fake. Conversely, a vision transformer considers an image as a sequence of patches, focusing
on long-range dependencies. These patches are encoded into vectors while retaining positional
information via embedded positions. Our hypothesis posits that a well-trained discriminator
could enhance the generator’s focus on finer structures, reducing discontinuities in peripheral
bronchioles. The refined and ground truth masks are dilated using a 5 x 5 x 5 kernel and then
concatenated with their corresponding images. These concatenations are then fed into a 5-layer
Markovian discriminator, classifying each 70 x 70 x 70 patch as either real or fake. Additionally,
we adapted a ViT-Base (number of layers = 12, Hidden Size = 768, MLP size = 3072, heads
= 12) as our discriminator, replacing tanh in the MLP head with LeakyReLU (negative slope

= 0.2) and setting the patch size to 32 x 38 x 36.

Loss Functions

To effectively train our refinement model, we utilize a composite loss function integrating various
loss components. The adversarial loss is combined with the Dice loss [73], the cl-Dice loss [120],
and the Continuity and Completeness F-score (CCF) [121]. The mathematical formulations of

these loss functions are as follows:

23N pigi
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Dice =

(3.18)

where p; € P represents the predicted binary segmentation and g; € G the ground truth binary

volume, with the summation over NV voxels. For preserving the topological integrity of predicted
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airway labels, we adopt clDice defined by:

2 X Tprec X Tsens
Tprec + Tsens

clDice = (3.19)
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and Topology sensitivity Tyens = |S|LSmL ‘I/P L Here, V;, and

where Topology precision Tpec =
Vp denote the ground truth and predicted masks, respectively, and S represents the skeletonized

version of V. The combined Dice and clDice loss is:
Lp = (1 — «a)(1 — Dice) + a(1 — clDice) (3.20)

with weight parameter o € [0,0.5]. This aims to force the model to focus on the completeness
(assessing all voxels) and continuity (assessing the centrelines) of the predictions.
To further boost centreline detection, we incorporate a loss focused on continuity and com-

pleteness:
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(3.21)
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where X is the predicted airway label and Y, the ground truth centreline. In addition, L1 loss
is employed to maintain overall segmentation accuracy. These loss functions are aggregated for

each supervised layer j:

Lj =1L+ Y2Locr + ¥sLp + YaLlegan (3.22)

where v to 14 are weight parameters within the range [0, 1.0], and L.gan represents the GAN
adversarial loss:

L.gan(G, D) =E, ,[log D(x,y)] + E, .[log G(z, 2)] (3.23)

The overall loss is calculated across all layers by:

L= ¢1Llayer1 + ¢2Llayer2 + ¢3Llayer3 + ¢4Lﬁnal (324)
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with ¢, to ¢4 being the weight parameters for each layer.

3.2.4 Experiments and Results

Dataset

We trained and evaluated our model on the Binary Airway Segmentation (BAS) dataset,
comprising 90 CT scans, with 20 from the EXACT'0%] training set [72] and 70 from LIDC-
IDRI [100]. The original LIDC-IDRI dataset includes 1018 cases but lacks airway annota-
tions. [86] and [87] selected 70 cases with a slice thickness of < 0.625 mm and meticulously
annotated themﬂ. We divided the 90 scans into 72 for training and 18 for testing. Additionally,

our model was tested on in-house fibrosis datasets (25 cases) and COVID-19 datasets (25 cases).

3.2.5 Implementation Details

The model was implemented using PyTorch and trained for 150 epochs on an NVIDIA GeForce
RTX 3090. An Adam optimizer with a learning rate of 0.001 was used, with the rate decaying
by half at the 50th, 80th, 100th, and 120th epochs for the generator. The discriminator also
utilized an Adam solver with a learning rate of 0.001. Backpropagation was performed first on
the discriminator, followed by the generator. Data augmentation included random horizontal
and vertical flips with a 0.5 probability during training. The hyperparameter o was set to 0.5,
as recommended by [120]. The values of 9; to 14 were set at 0.1, 0.6, 0.3, and 0.01, respectively,
and ¢; to ¢4 were empirically set at 0.1, 0.1, 0.3, and 0.5, respectively.

In the inference stage on the test dataset, input patches were extracted using a sliding window
approach (window size = 128 x 96 x 144) with 50% overlap in the x, y, and z directions. Post-
processing involved stitching binary prediction patches back into a full image and retaining the

largest connected component to minimize noise.

http:/ /image.diku.dk/exact/
3https://geronsushi.github.io/lung.html
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Evaluation Metrics

In this study, we use the same evaluation metrics as we demonstrated in work 2.2.

Segmentation Results

For a thorough evaluation of our model’s performance, we employed seven metrics: intersection
over union (IoU), dice coeflicient, detected length ratio (DLR), detected branch ratio (DBR),
precision, leakage, and false negative rates (AMR). Additionally, we conducted a Wilcoxon

signed-rank test with a significance level of a = 0.01 to perform statistical analysis.

Table 3.8: Preliminary segmentation generated for training

Model IoU Dice DLR DBR Precision Leakages AMR
Valid small U-Net  0.83724+0.0752 0.9093+0.0505 0.7346+£0.1419 0.64254+0.1555 0.934440.0314 0.0621£0.0269 0.1117+0.0762
Fibrosis small U-Net 0.79114+0.0532 0.8823+0.0349 0.5616+£0.1076 0.4829+0.1218 0.9296+0.0294 0.0657+0.0362 0.1568+0.0637
COVID  small U-Net 0.8637+0.1017 0.9228+0.0756 0.71734+0.1507 0.6302+0.1507 0.9566+0.0134 0.04074+0.0137 0.1008+0.1079

Table 3.9: Comparison experiments on different datasets

Model TIoUJ} Dicel DLRt DBRt Precision] Leakaget AMRJ
Valid Wang et al. [91]f 0.733040.0786"  0.8434+0.0554F  0.8505+0.1227F  0.7858+0.1420"  0.7636+0.0737F  0.3070+0.1412F  0.0507+0.0619
WingsNet [87]" 0.854440.0673" 0.912040.0422% 0.8698+0.1175"  0.8166+0.1305"  0.9458+0.0271F 0.0529+0.0300% 0.1002+0.0769

NaviAirway |101]" 0.8348+0.0335 0.9096+0.0200 0.8734+0.0715 0.8099-£0.0950f  0.8672£0.0406 0.1500+0.0536 0.0413+0.0304
U-Net+PatchGAN  0.8150+0.0519 0.8971+£0.0330 0.8828+0.1012 0.8337+0.1263 0.8556+0.0393 0.1620+0.0522 0.0544+0.0525

U-Net+ViT 0.8132+40.0518  0.8961+0.0334  0.8902+0.0967 0.843940.1261 0.86004+0.0401  0.15494+0.0539  0.0623+0.0504
Fibrosis Wang et al. [91] 0.6979+0.0647"  0.8203+£0.0462!  0.696140.0924}  0.626140.1117"  0.746840.0773"  0.32724+0.1445"  0.0823+0.0388
WingsNet |87 0.80524+0.0539F  0.891040.0440f  0.695140.0977f  0.619840.1175¢  0.95054-0.0116! 0.043840.0112¢ 0.1595+0.0576¢

NaviAirway |101]" 0.807440.0533" 0.892440.0440° 0.5994-£0.1440F  0.5148+0.1490"  0.9247+0.0165"  0.0714+0.0188F  0.1345+0.0645
U-Net+PatchGAN  0.748140.0678  0.8541+0.0464  0.7157+0.1067  0.6437+0.1195  0.8035+0.0775  0.2374+0.1286  0.082340.0332

U-Net+ViT 0.72724+0.0631  0.8405+0.0436  0.724240.1096 0.655040.1266 0.7879+0.0816  0.2606+0.1401  0.091640.0325
COVID  Wang et al. |91 0.743340.1010F  0.848140.0798F  0.8487-+0.1320F  0.7993+£0.1409"  0.7749+0.0736"  0.2843+0.1500f  0.054140.1035¢
WingsNet [87]" 0.917640.0363" 0.9566+0.0209¢ 0.9073+0.0647  0.868240.0831  0.968340.0204! 0.031140.0203" 0.0544+0.0283F

NaviAirway [101]" 0.886140.0298"  0.939440.0171F  0.8729+0.0792F  0.8060+0.1034*  0.9100+0.0245%  0.0970+0.0316f  0.0286+0.0239
U-Net+PatchGAN  0.829240.0335  0.906340.0203  0.891140.0827  0.8443+0.1044  0.8506+0.0413  0.174140.0575  0.0281+0.0258
U-Net+ViT 0.8090+0.0483  0.8936+0.0307  0.910440.0751 0.877240.0987 0.8354+0.0458  0.1933%0.0705  0.037840.0231

" refers to results obtained from open-source implementations with model weights provided.
T refers to reproduced results.
¥ represents statistical significance (with Wilcoxon signed-rank test p<0.01) compared with the proposed method.

Comparison on BAS dataset: Our proposed method demonstrated superior performance
on the BAS dataset (refer to Table and Figures , , achieving a DLR of 0.8902, a
DBR of 0.8439, and an AMR of 0.05441. Among the competing models, WingsNet recorded
the highest IoU at 0.8544 and voxel-wise precision at 0.9458. NaviAirway exhibited the lowest
average surface distance (ASD) of 0.0413, while the model by Wang et al. encountered a high
leakage rate of 0.3070. Both NaviAirway and Wang et al.’s models demonstrated significant
results in terms of DLR and DBR.
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Figure 3.7: Visualization of the preliminary segmentation, refined segmentation and the ground truth
on the BAS dataset (CASE 02) as well as our in-house dataset (CASE 162_01 in fibrosis and CASE
RM451 in COVID-19). While the overall structure appears similar, differences are mainly observed
at a fine scale. Therefore, zoomed-in views are provided in figures to

Comparison on in-house fibrosis dataset: Performance notably declined across all models
in the fibrosis cases (as shown in Table and Figures , . Nonetheless, our model still
outperformed others, with the highest DLR of 0.7242, DBR of 0.6550, and the lowest AMR. of
0.0823. WingsNet and the model by Wang et al. achieved comparable results in DLR and DBR,
whereas WingsNet secured a better IoU score. Surprisingly, NaviAirway, despite attaining the
highest IoU, underperformed in maintaining continuity, as reflected in its DLR of 0.5994 and
DBR of 0.5148.

Comparison on in-house COVID-19 dataset: All models perform better on the COVID-
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19 dataset compared to the BAS dataset ( Table and Figures , . The proposed
method achieved the best DLR (0.9104), DBR (0.8772), and AMR (0.0281) in COVID-19
cases. WingsNet followed closely with the second-highest DLR (0.9073) and DBR (0.8682),
and NaviAirway exhibited a DLR of 0.9394 and a DBR of 0.8729. Additionally, WingsNet
attained the highest IoU (0.9176), Dice (0.9566), and precision (0.9683).

Preliminary Refined Ground Truth

P PP

- RRA

Figure 3.8: Visualization of a zoomed-in region in the preliminary segmentation, refined segmentation,
and ground truth on the BAS dataset (CASE 02) and our in-house datasets (CASE 162_01 in fibrosis
and CASE RM451 in COVID-19).

Refined segmentation on other three models: To validate the refinement model, we
applied it to previous studies including WingsNet, NaviAirway, and the model developed by
Wang et al. Across all datasets (BAS, fibrosis, and COVID-19), we observed significant en-
hancements in performance post-refinement, with DLR and DBR witnessing an average increase
of over 10% (refer to Table . A slight trade-off was noted in IoU and Dice scores, although
some reductions were not statistically significant. Furthermore, the false negative ratio showed
a notable decrease in all scenarios. It is important to highlight that while these improvements
were substantial, they were not as pronounced as those achieved with the refinement of our own
preliminary results. Figures to offer a detailed visual representation of the refinement’s

impact.
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Table 3.10: Refined segmentation results

Model ToUJ Dicel DLRt DBR?t Precision| Leakages? AMRY

Valid Wang et al. T 0.7330+0.0786F 0.8434840.0554 0.8505+0.1227F 0.7858+0.1420% 0.763640.0737F 0.3070+0.1412F  0.050740.0619*
Refined Wang et al.  0.713640.1000 0.8284+0.0763  0.9093+0.1263 0.8700£0.1380 0.7341£0.0793 0.35524+0.1281  0.04234:0.0960

WingsNet * 0.8544+0.0673  0.9200+£0.0422  0.8698+0.1175F 0.8166-£0.1305¢ 0.945840.0271% 0.0529+0.0300F 0.100240.0769
Refined WingsNet  0.8504£0.0651  0.917740.0409  0.9050+0.1032 0.8621+0.1230 0.9331+0.0303  0.0668+0.0347  0.0927+0.0752

NaviAirway m* 0.834840.0335¢ 0.909640.0200  0.8734+0.0715% 0.8099+0.0950% 0.8672+0.0406* 0.150040.0536%  0.0413-0.0304*
Refined NaviAirway 0.8246+0.0354 0.903440.0213  0.906440.0595 0.859040.0857 0.8516+0.0432 0.1716+0.0584  0.0357+0.0261

Fibrosis Wang et al. 7 0.6979+0.0647F 0.8203+0.0462¢  0.6961+0.0924F 0.6261+0.1117¢ 0.7468+0.0773" 0.3272740.1445¢ 0.0822+0.0388
Refined Wang et al.  0.65284+0.0925 0.7859+0.0722  0.8007+0.0847 0.7399+0.1042 0.6736+0.0951 0.49534+0.2456  0.045640.0277

WingsNet * 0.8052+0.0539F 0.8910-+0.0340%  0.6951+0.0977F 0.6198+£0.1175¢ 0.950540.0116% 0.0438+0.0113F  0.159540.0576
Refined WingsNet ~ 0.8035+0.0515 0.890140.0326  0.7318+0.1012¢ 0.6638+0.1221% 0.9341+0.0159 0.060440.0163  0.1480+0.0565

NaviAirway m* 0.807440.0533% 0.892440.0340%  0.5994+0.1440% 0.5148+0.1490% 0.9247+0.0165% 0.07144+0.0188%  0.1345+0.0645*
Refined NaviAirway 0.8061+0.0514 0.891740.0329  0.653440.1513 0.572540.1617 0.9090+0.0189 0.0891+£0.0226  0.1215+0.0657

COVID Wang et al. ’[ 0.7433+0.1010  0.8481+0.0798  0.8487+0.1320F 0.7993+0.1409¢ 0.774940.0736" 0.2843+0.1500F  0.054140.1035*
Refined Wang et al.  0.74084+0.0566 0.8498+0.0392  0.9538+0.0435 0.9316+0.0603 0.7462+0.0562 0.34534+0.1152  0.009840.0106

WingsNet * 0.9176+0.0363" 0.9566--0.0209%  0.9073+0.0647F 0.8682-+0.0831% 0.968340.0204% 0.0311+0.0203% 0.0544+0.0283}
Refined WingsNet  0.8971£0.0345 0.945440.0200  0.957140.0575 0.9409+0.0778 0.9424+0.0266 0.0588+0.0297  0.0510+0.0259

NaviAirway * 0.886140.0298¢ 0.939440.0171%  0.8729+0.0792F 0.8060+0.1034% 0.9100+0.0245¢ 0.0970+0.0316%  0.0286-0.0239*
Refined NaviAirway 0.8725+0.0315 0.931640.0186  0.915340.0724 0.873240.0997 0.8904+0.0295 0.1218+0.0407  0.0223+0.0214

* refers to results obtained from open-source implementations with model weights provided.
t refers to reproduced results.
¥ represents statistical significance (with Wilcoxon signed-rank test p<0.01) compared with the refined results.

Preliminary Refined Ground Truth

WingsNet

NaviAirway

Wang et al.

Figure 3.9: Close-up of bronchioles in CASE(02 from the EXACT’09 test set. Top to bottom rows
show results from WingsNet, NaviAirway, and Wang et al. respectively.
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Preliminary Refined Ground Truth

WingsNet

NaviAirway

Wang et al.

Figure 3.10: Zoomed-in images of bronchioles in CASE 162_01 from the fibrosis test set. The images
are organized with results from WingsNet, NaviAirway, and Wang et al., in top-to-bottom order.

Preliminary Refined Ground Truth

WingsNet

NaviAirway %
Wang et al. %

Figure 3.11: A zoomed-in view of bronchioles in CASE RM451 from the COVID test set, with results
from WingsNet, NaviAirway, and Wang et al. presented from top to bottom, respectively.
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3.2.6 Ablation Study

Table 3.11: Ablation study of the proposed model.

Model ToU Dice DLR DBR Precision Leakages AMR
U-Net+PatchGAN-+dilation(BL) 0.8274+0.0563 0.9044+0.0355 0.7936+0.1303 0.7088+0.1557 0.8866-0.0405 0.1215+0.0504 0.0730+0.0622
BL+-clDice 0.8325+0.0465 0.9079+0.0294 0.8059+0.1285 0.7324+0.1525 0.8895+0.0313 0.1178+0.0400 0.0693+0.0608
BL+ccf 0.7133+0.0854 0.8295+0.0631 0.8526+£0.1148 0.7947£0.1474 0.7441+0.0880 0.3519+0.2151 0.051640.0541
BL+ccf+multi-scale 0.7701£0.0522 0.8691+0.0343 0.8420+0.1277 0.7788+0.1542 0.8101£0.0484 0.2266+0.0761 0.057340.0600
BL+clDice+multi-scale 0.834240.0670 0.908040.0427 0.8352+0.1156 0.7671£0.1421 0.8969+0.0478 0.108240.0578 0.0781+0.0565
BL+ccf+ clDice 4+ multi-scale 0.8150£0.0519 0.8971+0.0330 0.8828+0.1012 0.8337£0.1263 0.85560.0393 0.1620+0.0522 0.054440.0525

BL(ViT) + ccf + cldice + multi-scale 0.813340.0518 0.8961+0.0334 0.890240.0967 0.8439+0.1261 0.8600+0.0401 0.1549+0.0539 0.0623%0.0505

An ablation study was carried out to evaluate the individual contributions of each component
in our refinement model. The outcomes are presented in Table [3.11] where the baseline model,
a 3-D U-Net combined with PatchGAN and dilation (BL), is compared against six variants: BL
+ clDIce, BL + CCF, BL + CCF with multi-scale supervision, BL. + clDice with multi-scale
supervision, BL + clDice + CCF with multi-scale supervision, and BL (where PatchGAN is
replaced with ViT) + clDice + CCF with multi-scale supervision. The integration of cl-Dice
resulted in a modest enhancement of approximately 1.0% across all seven metrics. Substituting
cl-Dice for CCF, however, led to a decrease in IoU, Dice, and leakage scores, while the other
four metrics improved markedly by an average of over 5.0%. Adding multi-scale supervision to
models utilizing CCF and cl-Dice bolstered their performance across all metrics. The optimal
results in DLR (0.8902) and DBR (0.8439) were attained by integrating CCF, cl-Dice, and

multi-scale supervision with ViT in our model.

3.2.7 Discussion and Conclusion

In this study, we introduced an innovative adversarial-based refinement model employing tanh
as the final activation function. The network was trained with objective functions clDice and
CCF, emphasizing airway continuity. This model adeptly corrects segmentation breakages and

integrates missing branches in preliminary outputs from networks like U-Net.

Evaluated on three distinct datasets—the BAS dataset and two in-house datasets each con-
sisting of 25 cases of pulmonary fibrosis and COVID-19—our refined method showed superior
performance compared to the preliminary approach, as indicated in Tables and No-

tably, it significantly minimized false negatives and enhanced the length and number of detected
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branches across all test datasets. We highlight instances in Figures [3.7] through using blue
circles, where our refinement successfully identifies breakages and bronchioles missed in the
preliminary segmentation. The completeness of airway segmentation is essential for clinical
application, offering biomarkers for assessing lung disease severity such as traction bronchiec-
tasis [9] and airway tapering [122]. Our model’s proficiency in preserving local connectivity
positions it as a valuable clinical tool, particularly since disconnected branches are typically

removed in airway evaluation processes.

However, our method has limitations. It relies on preliminary segmentation produced by a
specific small U-Net, leading to greater enhancements when refining segmentation from the same
network compared to those from other models like Wang et al., WingsNet, and NaviAirway.
The quality of initial results also influences the refinement’s efficacy, as better preliminary
results generally lead to more effective refinement (Table [3.10). To address this, future work
will involve training the model on preliminary segmentations generated by randomly masking
ground truth. Additionally, while our approach ensures airway continuity, it may occasionally
over-segment peripheral bronchioles, resulting in higher leakage rates, particularly noticeable
in the fibrosis dataset. In some cases, our predictions identified airway branches not present in
the ground truth, partially explaining the marginal decreases in IoU and Dice scores alongside

increased leakage post-refinement.

In summary, this research demonstrates that patch-scale discriminators can significantly en-
hance airway segmentation by improving connectivity and reducing false negatives. Further-
more, this refinement pipeline holds potential for adaptation to other models and segmentation

tasks in medical imaging.



Chapter 4

Unsupervised Learning in Medical Al

Tissue segmentation plays a pivotal role in pathological examinations, whereas manual delin-
eation proves to be excessively burdensome. To facilitate this time-consuming and subjective
task, researchers have developed automated methods for segmenting structures in pathological
images. Recent trends in tissue segmentation research have been dominated by automated ma-
chine learning and deep learning approaches. However, most of these methods are supervised
and require extensive training samples, where pixel-wise annotations are expensive and some-
times unattainable. This study introduces a novel unsupervised learning approach, integrating
an end-to-end deep mixture model with a constrained indicator for precise semantic tissue seg-
mentation. This constraint is designed to centralize the components of deep mixture models
during the optimization function calculation, thereby significantly reducing the common issues
of redundant or empty classes in current unsupervised learning methods. Validated on both
public and in-house datasets, our proposed deep-constrained Gaussian network demonstrates
significantly better performance (confirmed by the Wilcoxon signed-rank test) with average

Dice scores of 0.737 and 0.735, respectively.

82
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4.1 Introduction

Given an image, a segmentation algorithm’s objective is to assign labels to pixels based on
their feature representations. Tissue segmentation plays a crucial role in automated pathologi-
cal examination, diagnosis, and prognosis, yet manual delineation is time-consuming, laborious,
and lacks reproducibility. To mitigate these challenges, researchers have delved into traditional
methods for automatic organ or structure segmentation, including watershed [123], contour
detection [124], clustering [125,]126], and random field [127], among others. These approaches,
however, are often unreliable and heavily dependent on thresholds or preset parameters. Re-
cent advancements in machine learning and deep learning have led to significant progress in
computational pathology [128-131]. For instance, Mahbod et al. [131] introduced a progres-
sive sequential causal GAN for synthesizing late gadolinium enhancement imaging to enhance
the segmentation of diagnosis-related structures. Liu et al. [132] combined CycleGAN with an
adaptive Mask RCNN for unsupervised nuclei segmentation in histopathology images, leverag-
ing knowledge from fluorescence microscopy images. Nonetheless, most learning-based methods
are either fully supervised, necessitating manual labelling, or unsupervised, requiring intricate
training procedures. Particularly, complex pathological structures significantly increase the
difficulty of pixel-level annotation, underscoring the need for developing segmentation methods

that demand minimal or no manual annotation.

One approach to address limited annotations is (deep) semi-supervised learning, which con-
structs models using minimal annotations or existing knowledge about the targets. Self-
training, a prevalent technique, involves training the model with a limited number of anno-
tated labels and subsequently refining it using pseudo labels generated by the model itself.
For example, Liang et al. |[133] developed an iterative learning scheme for segmenting gastric
tumours using a partially labelled dataset. In addition to self-training, incorporating prior
knowledge from conventional methods or empirical constraints, such as target labels, is another
strategy for training networks. This can involve the use of coarse masks from image processing
algorithms, pre-trained weights from related datasets, or image-level annotations from domain

experts. Hu et al. [134] employed activation maps for detecting COVID-19 infections without
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requiring pixel-level annotation. Atlason et al. [135] utilized coarse masks from an automated

labelling system as attention maps to guide the network’s focus on specific regions.

Challenges and Limitations (a) Our Solution (b)

Image Ground truth Prediction Deep Mixture Network

Pseudo
Posterior

Decoder -

Empty class

Redundant class

Dominant by Certain Class

Collapse

Poor Reproducibility

g .
T i

! - :
W

Figure 4.1: Challenges in Unsupervised Tissue Segmentation (a) and Our Solutions (b). (a) Displays
common issues: empty classes (first row), redundant classes (second row), collapse (third row), and
instability (fourth row). Red boxes mark three sections of the raw image, ground truth, and predictions
using current methods. P1 and P2 are first and second predictions from experiments (last row).
(b) Introduces our centralized constraint deep mixture network for unsupervised segmentation. Our
model’s effectiveness is shown in green boxes (last row), demonstrating improvements in handling
empty classes, redundancies, collapse, and instability. Dice scores for all examples range between [0,
1].

3

Instability

Another viable approach is (deep) unsupervised learning, which generates general semantic pre-
dictions like ‘background’ and ‘foreground’ without relying on manual annotations. Kanezaki
et al. utilized Simple Linear Iterative Clustering to achieve super-pixel level segmen-
tation in combination with convolutional neural networks for segmenting natural images. Shen
et al. introduced a coupled “deep-image-prior” module for background and foreground
segmentation. However, the efficacy of these methods for pathological images remains uncer-
tain, as they primarily focus on natural images. Moreover, variations in image quality, such
as differences in brightness, contrast, noise, and shading levels in pathological images, may

challenge the generalizability of models originally developed for natural images. The random
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initializations inherent in some unsupervised learning methods might lead to inconsistent per-
formance and limited reproducibility. Specifically, several degenerative issues exist, including
empty class, redundant class, collapse, and instability (see Fig. 4.1). The empty class prob-
lem arises when a model incorrectly merges one class with another, leading to fewer predicted
classes than predefined (e.g., predicting only two classes despite defining three, as shown in the
first row of [4.1j(a)). Redundant class refers to the need for an extra class to handle challenging
samples, characterized by pixel intensities that diverge significantly from the mean intensity of
their true/false class (e.g., the white regions in the second row of Fig. [4.1{(a)). Collapse issues
occur when one class dominates the majority of an image’s predictions, with other classes ap-
pearing sporadically (as depicted in the third row of Fig. 1(a)). Instability denotes fluctuating

performance across repeated training iterations (illustrated in the fourth row of (a)).

To overcome the aforementioned limitations, this study introduces a novel unsupervised ap-
proach, the Deep Constrained Gaussian Network (DCGN), which combines a deep neural net-
work with log-likelihood maximisation and a centralised constraint (illustrated in [4.I|(b)).
DCGN differs from previous methods by processing raw images directly to generate pixel-wise
predictions for tissue structures. A key feature of DCGN is its centralised constraint, designed
to enhance the model’s robustness and performance by narrowing the gap between the es-
timated mean values of the components and the actual data centroids. Our comprehensive
experimental studies were conducted on the multicentre open-access MoNuSeg dataset from
the TCGA archive and our own in-house dataset. Repeated experiments were performed to
assess the stability of various approaches. The proposed DCGN method sets a new benchmark
in unsupervised segmentation for pathological images, achieving Dice scores of 0.743 and 0.737
on MoNuSeg and our in-house dataset, respectively. This performance significantly surpasses
all comparison models (Wilcoxon signed-rank test p-value <0.001). The rest of this work is
organized as follows: Section 4.3 summarizes related studies on unsupervised segmentation,
Section 4.4 details the proposed method, Section 4.5 describes the experimental settings in-
cluding dataset and training parameters, and Sections 4.6 and 4.7 present the discussion and

conclusion of the study.
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4.2 Related Works

4.2.1 Conventional Unsupervised Segmentation

Unsupervised segmentation is commonly conceptualized as a clustering task. To process a
three-channel RGB image, clustering algorithms initially flatten the 3D array into a 2D vector.
Subsequently, each pixel group, encompassing the R, G, and B channels, is treated as a multi-
dimensional sample for clustering. Various methods, such as graph/normalised cuts [139,{140],
Markov random field [140], minibatch K-means [141], Gaussian mixture model (GMM) [142],
and mean shift [143], have been extensively employed in medical image analysis tasks including
registration [144], lesion detection |145], and segmentation [142]. Beyond clustering, differenti-
ating between feature representations also facilitates the segmentation of regions of interest in
images. For instance, Fan et al. |[146] utilized hierarchical image matting for vessel segmenta-
tion in fundus images, while Tosun et al. [147] introduced an object-oriented approach with a
homogeneity measurement for segmenting biopsy images. However, these methods have weak

generalization abilities and low accuracy.

4.2.2 Deep Clustering and Mutual Information

Recent studies of unsupervised learning aim to combine conventional clustering methods with
deep neural networks [148-150]. Specifically, these methods use clustering-based objective func-
tions to train a neural network. For instance, DeepCluster [148] jointly updated the parameters
of the neural networks and clustering during the training, and used pseudo labels to calculate
objective functions. Kim et al. [151] proposed a spatial constraint to the softmax cross-entropy
loss (given by pseudo labels and predictions) to keep the spatial continuity of semantic pre-
dictions. Wellmann et al. [148] integrated domain knowledge as probabilistic relations and
proposed a deep conditional GMM. However, using pseudo labels for training is prone to weak

solutions, such as empty clusters, and trivial parametrisation [14§].

Maximizing the mutual information of paired predictions is effective [152]. To further alle-
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viate degenerative issues, Invariant Information Clustering (IIC) [153] modified co-clustering
approaches and proposed mutual information-based objective functions between paired samples
to train a segmentation model. Given a pair of variables X,Y and their marginal distribution
p(z) and p(y), the mutual information between X and Y, jointly distributed according to
p(z,y), is defined as

(7, y)

I(X;Y) =) pla,y) logm (4.1)

I1C generated paired images by randomised rotation to assist the network in learning the invari-
ant information and textual representations. More generally, IIC aimed to find common parts
of paired samples while ignoring the redundant ones. However, it still suffers from degenerative

issues and unstable performance.

4.2.3 Deep Generative Models and Log Likelihood

Deep generative models are designed to learn image representations by reconstructing input
images through various generative models, such as generative adversarial networks (GAN),
variational auto-encoders (VAE), and encoder-decoders. These representations are then uti-
lized to generate semantic predictions or to compute objective functions [154]. Chen et al. [155]
leveraged redrawing concepts to segment foreground and background samples, while Gandels-
man et al. [156] introduced a double Deep Image Prior (DIP) method for compositing images
into background and foreground samples. However, these techniques are typically restricted
to segmenting a limited number of classes, potentially leading to computational inefficiency in

multi-class predictions.

An innovative approach is the integration of deep neural networks with Gaussian Mixture
Models (GMM). Zong et al. [157] developed a Deep Auto-encoder Gaussian Mixture Model
(DAGMM), incorporating GMM into the low-dimensional feature representations of an auto-
encoder for unsupervised anomaly detection. Oord et al. [158] employed GMM in the upper lay-
ers of hierarchical structures for unsupervised classification. Building on these concepts, Zanjani

et al. [159] adapted DGMM for segmentation by classifying each pixel for stain normalization,
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proposing three new schemes: GAN-based, VAE-based, and Deep Convolutional Gaussian Mix-
ture Model (DCGMM) approaches. The VAE-based method and DCGMM showed promising
applicability in segmentation. Specifically, the VAE-based approach utilized log-likelihood loss
and Kullback-Leibler (KL) divergence loss to evaluate raw data reconstruction performance and
the relationship between latent variables and the prior distribution, respectively. DCGMM op-
timized the network by maximizing the log-likelihood objective function. Nevertheless, most of
these methods primarily merge expectation maximization with deep neural networks, without

specifically tackling the prevalent challenges in unsupervised tissue segmentation.
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4.3 Methodology

4.3.1 Overview

To address the limitations inherent in current unsupervised segmentation approaches, we outline

essential characteristics for an effective model:

1. The model should exhibit robust reproducibility during the training and validation phases.
2. The model should be lightweight without complex pre-processing or post-processing steps.

3. The model must be capable of mitigating degenerative issues, such as the empty clusters

issue.

In light of these criteria, we introduce the Deep Constrained Gaussian Network (DCGN) for

unsupervised segmentation of pathological tissue images.

4.3.2 Deep Constrained Gaussian Network

In the domain of biomedical image segmentation, particularly with pathological images, seman-
tic labels are closely linked to colour representations, unlike in natural images. This suggests
the potential for effectively integrating a mixture model with a deep neural network for unsu-

pervised segmentation.

Let w represents the learnable parameters of a deep neural network, and J denotes the objective
function. In fully supervised learning, w is optimized by minimizing J, calculated based on
the discrepancies between ground truth labels and model predictions. Therefore, the crux
of unsupervised segmentation lies in identifying an optimal objective function that can train
deep neural networks without reliance on annotated data (ground truth labels). Alongside
maximizing mutual information between paired samples in Eq. (3.1), the maximization of
log-likelihood can be integrated into a gradient descent training framework by minimizing the

negative log-likelihood.
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The proposed Deep Constrained Gaussian Network (DCGN) is composed of a feature extractor,
a decoder, and a log-likelihood estimation module. Unlike the precise objective functions in
supervised learning that compute the discrepancy between ground truths and predictions, log-
likelihood maximization serves as a biased estimator, providing only an approximate ‘direction’
towards the global optimum [160,|161]. Consequently, we believe that complex architectures
are more likely to suffer from overfitting and local optima in the absence of a robust supervised
optimization function. To design a light architecture, MobileNet-V2 [162] is employed as the
feature extractor, followed by a decoder consisting of Upsampling layers, Convolution layers,
Batch normalization layers, and ReLLU activations. To align the network’s predictions with the
pseudo posterior of the latent variable Z in the mixture model, a differentiable softmax layer
is applied to the output, yielding a [W, H, K|-shaped prediction ¢ (where W and H represent
width and height, and K denotes the number of classes). Given input images I with K classes,
the network ® aims to generate semantic probability maps ¢, which are treated as the pseudo

posterior y in traditional GMM, such that
v =d(I,w) e RVAHK (4.2)

Under this framework, the E-step can be performed via forward propagation through the neural

network, while the M-step involves optimizing the likelihood function through gradient descent.

Given the pseudo posterior 7, the likelihood £(0|0®) of the multivariate Gaussian Mixture

Model (GMM) can be estimated as follows:

)y — by D 1 1 Ty—1

L(e|eV) = ;;%k [bg ap — Elog(27r) — log i — §1Og |13k| — §(Xz‘ — 1) X (X — )
(4.3)

where % log(27) is a constant and thus can be omitted, D represents the dimension of each

sample (which is 3 for a flattened image ), N is the total number of samples (pixel groups) in the

image, and ay, is the weight of the k-th Gaussian mixture, satisfying ), ay = 1. Consequently,

by combining Eqgs. (3.2) and (3.3), the network ® can be optimized by minimizing the negative
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log-likelihood:
w* = argmin[—L(P(X;w))]. (4.4)

w

where w is the parameters of ®, L is the loglikelihood. A significant challenge in existing
deep Gaussian models is the redundant class issue, caused by small inter-class and substantial
intra-class variations. This results in the model inaccurately assigning identical (or different)
labels to samples from different (or the same) classes. Outliers or hard samples can also
skew the optimization function’s estimation, leading to trapping in local optima or unstable
training. Moreover, instability is a prevalent issue in existing unsupervised learning algorithms,
where randomized initializations necessitate multiple training iterations to achieve optimal

performance.

In this work, we introduce a centralised constraint for the log-likelihood objective function to
mitigate the degenerative problems inherent in deep Gaussian networks. The objective function
of such networks is computed using the estimated parameters © and the pseudo posterior y.
However, the variance in batch data often complicates the accurate determination of the real
parameters fi..q- Lo elucidate our proposed centralised constraint, we present two simplified
examples in Fig. [4.2] Initially, we consider a single-class sample group conforming to a Gaussian
distribution, as illustrated in Fig. M(a). Given a batch of data X, let u.s be the estimated
mean of the mixture model, ps the observed mean of minibatch data X, and pi,., the actual
(ideal) mean of the mixture model. The centralised constraint aims to subtly nudge p.s closer

t0 ftops, though ips is not identical to pie; as it represents the mean of minibatch samples.

For multi-class samples, this centralised constraint can also mitigate the impact of minor inter-
class differences, as depicted in Fig. K.2(b). Assume two classes a and b, with o' and ¥’
representing the estimated classes. The model may erroneously classify the majority of samples
from both classes a and b as class a’, while outliers from class b are assigned to class b'. Such
misclassification is particularly problematic when dealing with samples exhibiting slight inter-

class variances.

Consequently, we devise a centralised constraint A to guide the estimated mean s towards
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Figure 4.2: Variation in Estimated Parameters: (a) Shows a normal distribution for single-class sam-
ples. (b) Depicts a mixture model for multi-class samples with two classes (k=2). Note that pies
represents the estimated mean of the mixture model, pps is the observed mean of the minibatch data
X, and fiyeq; is the ideal mean value of the mixture model.

Lobs, taking into account the diversity of X:

|,Uest - X|
o%

A= (4.5)

In scenarios involving challenging samples with minimal inter-class variances, the observed
variance is relatively low, yielding a substantial constraint value. This constraint compels
the model to realign the estimated mean closer to the observed mean, thereby diminishing
degenerative issues. Conversely, for “straightforward” samples (characterized by significant
inter-class variances), the observed variance is higher, resulting in a minimal constraint on the

objective function that scarcely influences parameter estimation.

Based on the centralised constraint A, the objective function Lo for our DCGN is defined as

‘Nk Xc

Lo = L(6]6Y) )\ZZ : (4.6)

k=1 c=1

where C' denotes the dimension of the input samples (e.g., C' = 3 for RGB images), o2 is the

C

variance of minibatch samples in channel ¢, and X, represents the mean value of minibatch

samples in channel ¢. The objective function L¢ incurs a penalty when the estimated py
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deviates significantly from the observed mean s, thereby reducing the influence of outliers
or hard samples on the function and enhancing the stability and effectiveness of the training

process.

Letting the constraint weight be A, the centralised mixture parameters can be derived by

computing the partial derivatives of u, 3, and oy in Eq. (3.8):

A — (X, w®) (4.7)

N (1) c =P
Yt Yk XimADoy o2

:uk:ZXc

t-+1 N 4D ’
,Ué ) — tzlz—l Vik E(t) (48)
i1 ,yi(k+ ) XiFA PRy ULQ >
S T <X
N (t+1)
al) = ZZlT” (4.9)

N i+1 t+1 t+1

o0 _ i v = TG — )
kK N t+1
Zi:l%‘(k )

Note that in Eq. (3.8), the calculation of ugfﬂ) relies on E,(f); thus, an initialisation of X

(4.10)

is required prior to the training. In this study, we employed a random initialisation from a
uniform distribution. The pseudo-code of the entire training procedure for DCGN is shown in

Algorithm 2.

Algorithm 2 Pseudo-code for training DCGN
RWXHX3

Input: images X €
Output: trained network parameters w, semantic prediction Y
1: randomly initialize E,(CO), network parameters w(®)
2: for t in iterations do
3 Y =g(X,wl) e RW*HXK
4:  update u,(fﬂ), a,(f) with Yk(t), Zg)
5 update Z,(fﬂ) with Yk,(t), ,u,gtﬂ)
6:  Compute L. through ,uSH), Z,(fﬂ), a,(fﬂ)
7. update w by arg min,[—L.(w®)]
8: end for
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4.3.3 Preprocessing

Each input X was pre-processed by the max-min normalisation for RGB channels,

X, — max(X,)
max(X,) — min(X,)

X! = (4.11)

where X, is the channel ¢ of the input image X.

4.4 Experiments

This section delineates the experimental setup, including datasets, evaluation metrics, imple-
mentation specifics, and results. The effectiveness of the proposed Deep Constrained Gaussian
Network (DCGN) is evaluated using a public dataset from The Cancer Genome Atlas (TCGA)

repository (MoNuSeg) and our in-house Renal Biopsy Image (RBI) dataset.

4.4.1 Datasets and Training Strategies

MoNuSeg: The MoNuSeg datasetE] comprises 44 pathological tissue images containing 28,846
manually annotated nuclear boundaries. Extracted from distinct whole slide images (WSIs)
scanned at 40x magnification from the TCGA repository, these 1000 x 1000 pixel images
represent nine different organs sourced from 44 individuals. Both stromal and epithelial nuclei
were manually labeled using Aperio ImageScope, ensuring accuracy in annotation. The diversity
in tissue sections enriches the dataset, providing a comprehensive platform for evaluation. The

details of the MoNuSeg dataset are presented in Table [.1]

RBI: The Renal Biopsy Image (RBI) dataset comprises over 10,000 image patches extracted
from 400 whole slide images with biopsy-proven results, collated from the National Clinical
Research Centre of Kidney Diseases at Jinling Hospital. In adherence to the principles of

the Declaration of Helsinki [163], all data were de-identified. Each image in the dataset was

thttps://monuseg.grand-challenge.org/
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Table 4.1: Composition of the MoNuSeg dataset.

Subset Nuclei Images Anatomical Details

Training 21623 30 6 breast, 6 liver, 6 kidney, 6 prostate,
2 bladder, 2 colon, 2 stomach
Testing 7223 14 2 breast, 3 kidney, 2 prostate, 2 bladder,
1 colon, 2 lung, 2 brain

resized to a uniform dimension of 512 x 512 pixels. For training and validation, we randomly
selected 577 and 20 images, respectively. Notably, the glomerular structures in these images
were annotated by experienced pathologists with over 20 years of expertise. It is important to

mention that the training and validation sets were sourced from distinct whole slide images.

Training Strategies: The parameters of the encoder were initialized using pre-trained weights
from ImageNet to enhance feature extraction capabilities. The parameters of the decoder were
initialized following the He-normal initialization method. To augment the dataset, we applied
randomized transformations including hue adjustment (delta = 0.12), saturation modification
(saturation factor ranging from 0.5 to 1.5), and randomized flips (up/down and left/right).
The training was performed on an NVIDIA RTX 3090 GPU over 200 epochs, starting with a

learning rate of 5¢=® and implementing a decay rate of 0.98 per epoch.

4.4.2 Experimental Details

Comparisons. To assess the efficacy of the DCGN, we compared it with a range of both
deep learning-based and traditional unsupervised segmentation methods. These include mini-
batch K-Means (referred to as mKMeans), Gaussian Mixture Model (GMM), Invariant Infor-
mation Clustering (IIC) [153], Double Deep Image Prior (Double DIP) [138], Deep Clustering
via Adaptive GMM Modelling (DCAGMM) [164], Deep Image Clustering (DIC) [165], Kim’s
approach [151], Kanezaki’s method [136], and Deep Convolutional Gaussian Mixture Model
(DCGMM) [159]. Notably, DCAGMM was adapted for this study by incorporating its distance-
based constraints into the original DCGMM framework, which was initially intended for image

classification. The open-source implementations of these comparison methods are available on
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Github. For an equitable assessment, we modified the network architecture of the DCGMM to
align with our DCGN. Besides these unsupervised approaches, we also benchmarked against a
fully supervised U-Net adapted for the cell segmentation task. This modified version of U-Net
includes additional batch normalization and dropout layers, diverging from the original U-Net

model [106].

Cell Segmentation on MoNuSeg. A common challenge in many existing unsupervised
learning methods is the variability in performance due to random initializations. To address
this, our study involved repeated experiments to evaluate the stability and reproducibility of
all the comparison algorithms. Each method was trained for 150 epochs, and this process was
replicated 10 times without altering any parameters or training samples. The 'upper bound’
performance is characterized as the best outcome from these 10 iterations. Although cell
segmentation inherently is a binary classification task, we assessed all compared methods with
varying numbers of classes (k=2 or 3) to demonstrate their maximum potential performance.
Additionally, as a benchmark in supervised learning, a fully supervised U-Net model was trained

and included in the comparative analysis.

Glomeruli Decomposition on RBI. Beyond binary segmentation effectiveness, we also con-
ducted a glomeruli decomposition task using the RBI dataset. In this analysis, the glomerular
structures were segregated into three distinct parts (k=3), including (1) the mesangial ma-
trix and basement membrane; (2) intra-glomerular cells such as mesangial, endothelial, and
podocytes, along with macula densa; and (3) other regions encompassing glomerular capillar-
ies, Bowman’s space, and exudates. It is important to note that the Double Deep Image Prior
(Double DIP) method was excluded from this task, as it was originally designed solely for

binary segmentation.

Degeneration Assessment. To explore degenerative issues, we conducted an analysis using
the following methodology: (1) Analysis was based on 140 predictions on the MoNuSeg datasets
and 100 predictions on the RBI datasets. (2) Predictions were obtained from repeated experi-
ments, conducted 10 times for MoNuSeg and 5 times for RBI. (3) We assessed collapse on both

MoNuSeg and RBI datasets. Collapse is defined as a scenario where a certain class dominates
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the major region of an image, with a set threshold of 97%. (4) The presence of a redundant
class was evaluated on the MoNuSeg dataset. This occurs when segmentation performance
improves by adding an extra class without semantic meaning. (5) Empty class assessment was
conducted on the RBI dataset, referring to instances where a certain class is missing or has
an extremely low ratio (below 1%) in the prediction. (6) Instability was evaluated on both
MoNuSeg and RBI datasets. It is considered significant when the standard deviation of the

average performance among repeated experiments exceeds 8%.

Evaluation Metrics. In addition to the commonly utilized Dice coefficient score, we also re-
ported pixel-wise precision and recall. For statistical evaluation of performance, we adopted the
Wilcoxon signed-rank test to compare the evaluation results derived using DCGN with other
comparative methods. A P-value of less than 0.05 (or 0.001) was considered indicative of sig-
nificant (or highly significant) differences between the two compared methods. The Aggregated
Jaccard Index (AJI) was applied to the MoNuSeg dataset to verify instance-level segmentation

performance, as given by:
N
Z¢:1 Gi N Pz

AJT = =% ,
ZizlGiUIDi+5

(4.12)

where 7 represents the number of cells, € is a smoothing parameter, and GG; and P; are the ground
truth and prediction for the i-th cell, respectively. In the case of glomeruli segmentation, we
applied normalised mutual information (NMI) to evaluate the mutual dependence between two

samples, defined as:
21(Y;C)
HY)+ H(C)’

NMI(Y,C) = (4.13)

where Y and C denote the ground truth labels and predictions, respectively, I is the mutual
information between Y and C, and H(-) represents the entropy. It is important to note that all
ground truth labels were only used during the evaluation phase and were not revealed during

the training process.

4.4.3 Experimental Results

Unsupervised Cell Segmentation on MoNuSeg. The performance of repeated exper-

iments is presented in Table 4.2] indicating mean + standard deviation, with upper-bound
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results of each method in brackets. The results demonstrate that some unsupervised methods,
originally developed for natural images, underperform on pathological images, showing a sig-
nificantly lower average Dice score (3-39% lower) compared to our proposed DCGN, as seen in
Figure and Table For instance, double DIP [138] recorded a mere 0.344 average Dice
score in cell segmentation. In contrast, the conventional GMM (k=3) achieved a commendable

0.695 average Dice score, comparable to DCGMM’s 0.707.

Table 4.2: Performance of the cell segmentation (MoNuSeg dataset).

Methods Precision Recall Dice AJl
mKMeans* 0.657+£0.175 (0.679)* 0.79240.174 (0.773)% 0.678+0.094 (0.682)1 0.305+0.140 (0.338)%
GMM* 0.631+0.150 (0.664) 0.822+0.109 (0.819) 0.695+0.085 (0.717)% 0.290+0.151 (0.319)%
TC* 0.46740.092 (0.516)F  0.725+0.121 (0.796)f  0.560-:0.087 (0.618)f  0.056-0.030 (0.072)%
Kim et al.* 0.575+0.249 (0.698)1 0.824+0.189 (0.772) 0.606+0.171 (0.694)1 0.220+0.176 (0.323)%
Double DIP 0.221£0.051 (0.221)f 0.820+0.109 (0.851) 0.344+0.067 (0.350)1 0.013+0.006 (0.013)%
Kanezaki et al.*  0.629+0.195 (0.725)% 0.822+0.162 (0.783) 0.669+0.119 (0.727)f 0.260+0.166 (0.351)F
DCGMM* 0.693+0.135 (0.698)* 0.786+0.171 (0.801)% 0.707+0.064 (0.719)% 0.314+0.124 (0.345)%
DIC* 0.511+0.249 (0.595)f  0.848+0.170 (0.832)*  0.571+0.165 (0.644)% 0.147+0.169 (0.193)1
DCAGMM 0.61940.137 (0.691)F  0.767+0.131 (0.763)f  0.664-:0.079 (0.706)f  0.30040.126 (0.365)%
DCGN 0.685-0.113 (0.716) 0.834-0.115 (0.808) 0.73740.043 (0.743) 0.3520.113 (0.379)
U-Nett 0.695-:0.095 (0.740) 0.849+0.083 (0.848) 0.75520.045 (0.782) 0.370-:0.093 (0.436)*

* indicates models with a redundant class (k=3). T represents a fully supervised learning baseline using a modified
U-Net. Bold values signify the top average performance among unsupervised methods, excluding the supervised
U-Net. ** show significant or highly significant differences compared to DCGN, as per the Wilcoxon signed-rank test
(P<0.05 or P<0.01). Results are presented as 'mean + standard deviation (upper-bound results)’.

Statistical assessments using the Wilcoxon signed-rank test were performed on the results of
10 repeated experiments. Reviewing the upper bound of segmentation performance in Table
4.2 our proposed DCGN achieved the highest Dice score of 0.743 among unsupervised learning
methods, followed by Kanezaki’s method at 0.727 and DCGMM at 0.719. Additionally, DCGN
recorded the best AJI score (0.379) among all unsupervised approaches. Moreover, DCGN
significantly outperformed other unsupervised segmentation approaches in terms of both Dice
coefficient and AJI scores (P<0.001). Notably, while DCGMM showed superior Precision to
DCGN (P=0.036), it lagged in Recall, Dice, and AJI scores (P<0.001). DIC achieved the high-
est Recall but had relatively low Precision, indicating a prevalence of false-positive predictions.
Double DIP, although achieving high Recall, recorded the lowest Precision and consequently a
very low Dice score. For a clearer demonstration of the performance of competitive approaches
(Dice>0.65), three images were randomly selected from the test set to visualize the upper-

bound segmentation performance. It is important to note that in Fig 4.4] predictions of the
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Figure 4.3: Dice Score Box Plot from Repeated Experiments. The asterisk (*) marks models with a
redundant class (pre-defined classes k=3 for cell segmentation). The dagger (1) denotes results with
highly significant differences (Wilcoxon signed-rank test, Pj0.001) compared to DCGN. Black dots
represent outliers, white triangles show mean values and small orange dots are individual samples.

redundant class have been removed, as some methods achieved upper-bound performance by

adding a redundant class (i.e., k=3).

Table 4.3: Performance of the glomerulus segmentation (RBI dataset).

Methods NMI Dice
mKMeans 0.200-£0.040(0.200)% 0.555+0.037(0.559) 1
GMM 0.328+0.051(0.328)% 0.640+0.061(0.640)1
DCGMM 0.207+0.042(0.229)% 0.567+0.047(0.579)%
Kanezaki 0.18640.095(0.207)% 0.50240.109(0.537)%
1IC 0.09040.068(0.124)1 0.501+0.054(0.534) 1
Kim 0.187+0.089(0.195) 0.500+0.106(0.511)%
DIC 0.192+0.117(0.234)% 0.516+£0.127(0.558) 1
DCAGMM 0.207+0.041(0.212)% 0.578+0.048(0.582)1
DCGN 0.377+0.053(0.384) 0.73540.050(0.746)

I indicates highly significant differences results (Pj0.001 in Wilcoxon signed-rank
test) compared with the proposed DCGN. Bold values demonstrate the best per-
formance among comparison methods. The results are shown as “mean+standard
deviation (upper-bound results)”.

Unsupervised Glomeruli Decomposition on RBI. The average performance of our com-

parative study on the RBI dataset is summarized in Table and Figure assessed using
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Figure 4.4: Unsupervised cell segmentation comparisons. * marks models with a redundant class
(k=3). Green, yellow, and red colours show true positive, false positive, and false negative predictions,
respectively. Red and cyan boxes emphasize regions of interest before and after zooming in.

the Normalized Mutual Information (NMI) and Dice coefficient score. All comparative studies
used k = 3 for segmenting three semantic labels, as detailed in 4.5.2. As shown in Table[4.3] the
proposed DCGN significantly outperformed state-of-the-art methods in glomeruli composition
(P<0.001), achieving an average Dice score of 0.735 and an NMI of 0.377. This was followed by
GMM, with an average Dice score of 0.640 and NMI of 0.328, and DCAGMM, with an average
of 0.578 Dice and 0.207 NMI.

Degeneration Assessment. The results of the degeneration assessment are presented in
Table 4.4l Notably, Double DIP was excluded from this assessment due to its relatively weak
performance. As indicated in Table [£.4] the methods proposed by Kanezaki and Kim exhibited
significant susceptibility to all identified degenerative issues. Similarly, the empty class issue was
prevalent in DIC. DCGMM and DCAGMM occasionally encountered the empty class issue, and

GMM showed instability during repeated experiments. Both mKMeans and IIC demonstrated
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Figure 4.5: Comparison of unsupervised glomeruli segmentation. Red bounding boxes indicate empty
class problems. In the ground truth, red, blue, and almond colors represent (1) mesangial matrix and
basement membrane, (2) intra-glomerular and macula densa cells, and (3) other areas like glomerular
capillaries, respectively.

Table 4.4: Degeneration assessment (MoNuSeG and RBI dataset)

Methods Collapse Empty Class Stability
GMM 0/240 0/100 X
Kanezaki 7/240 23/100 X
Kim 17/240 28/100 X
mKMeans 0/240 0/100 X
IIC 0/240 0/100 X
DIC 0/240 25/100 X
DCAGMM 0/240 1/100 v
DCGMM 0/240 2/100 v
DCGN 0/240 0/100 v

The red blocks indicate the occurrence of degenerative issues.

instability in the MoNuSeg dataset.
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4.5 Discussion

In this study, we have developed a novel unsupervised segmentation method that integrates
deep neural networks with a constrained Gaussian Mixture Model (GMM). This method was
extensively evaluated on pathological images using the public MoNuSeg dataset and an in-house
RBI dataset. Our approach demonstrated significant improvements over existing unsupervised
segmentation methods, effectively addressing degenerative issues that pose challenges in the
delineation of pathological tissue images. Additionally, our method yielded results comparable

to some widely adopted semi-supervised and fully supervised learning methods.

Performance Analysis. The comprehensive comparison results, as detailed in Tables and
4.3 and illustrated in Figures [4.4] and underscore the superior segmentation capabilities
of the proposed DCGN. DCGN exhibited robustness against small inter-class variations, a
common challenge in unsupervised segmentation. For example, as shown in Figure [£.5] all
unsupervised methods, except for DCGN, misclassified white regions as a single class, neglecting

the exudation/stroma regions (light pink in the raw images).

Conventional methods like mKMeans and GMM have proven effective in tissue segmentation.
GMM, in particular, outperformed mKMeans in kidney tissue segmentation, achieving a higher
average Dice score of (.08 and a higher NMI score by 0.12. However, methods proposed by
Kanezaki et al. and Kim et al., while producing reasonable results in cell segmentation, en-
countered significant issues with collapse and empty classes, as evidenced by large variances
in Fig 4.3 and numerous failures summarized in Table 4.4 Both methods exhibited poor
performance in kidney tissue segmentation, as seen in Table and Fig [4.5. DIC showed a
high recall but low precision in cell segmentation, and performed poorly in glomeruli segmen-
tation. Double DIP yielded coarse predictions similar to DIC, indicating its unsuitability for
tissue segmentation, despite potential applicability in natural image segmentation. IIC’s coarse
predictions highlighted its inapplicability to pathological images. While DCGMM showed per-
formance comparable to DCGN in cell segmentation, it significantly underperformed in kidney
tissue segmentation and frequently generated empty classes. Moreover, DCGMM struggled

with samples having small inter-class variations, as indicated by poor cell segmentation results
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from dark background areas (Fig . DCAGMM, similar in performance to DCGMM, faced
difficulties in segmenting classes with high intra-class variations due to its normalized distance

constraint, designed to increase the distance between Gaussian centers.

Comparison with Fully Supervised Segmentation Methods. A critical aspect of eval-
uating unsupervised segmentation methods is their performance relative to fully supervised
segmentation algorithms. Alongside the U-Net baseline presented in Table we compared
our proposed DCGN with various previously published supervised studies, as summarized in
Table [£.5] It is important to note that all these comparisons were conducted using the same
test data from the MoNuSeg dataset. As indicated in Table [£.5] the proposed DCGN achieved
a Dice coefficient score comparable to that of the fully supervised U-Net-based method, with
no significant differences observed in Precision, Recall, and Dice scores. While DCGN outper-
formed other unsupervised segmentation methods significantly, it exhibited a lower AJI score
compared to both fully supervised and semi-supervised segmentation methods (Table . This
discrepancy is primarily attributed to the adhesion of adjacent cells, a challenge that tends to

be more effectively addressed by supervised or semi-supervised methods.

Table 4.5: Performance of supervised methods (MoNuSeG Dataset)

Methods Avg F1 (Dice) Avg AJI
Our DCGN 0.7432 0.3790
U-Net [106] 0.7582 0.4357
Mask RCNN (36)* 0.7991 0.5128
Dual U-Net [166]* 0.7913 0.5899
Tian et al. {167]1,* 0.7638 0.4927
Qu et al. [L63]f,* 0.7566 0.5160
CNN [2]* 0.7623 0.5083

* refers to patch-based training, t indicates semi-supervised learning.

Analysis of Semi-Supervised Approaches and Patch-Based Methods. Semi-supervised
approaches, such as those proposed by Tian et al. [167]] and Qu et al. |[168|, have incorporated
prior knowledge of cell central points, resulting in competitive AJI scores of 0.4927 and 0.5160,
respectively. Moreover, a notable improvement in average AJI was observed with patch-based
methods (denoted with * in Table compared to raw image-based learning strategies. This

underscores the significance of the patch learning strategy in tissue segmentation tasks, where



104 Chapter 4. Unsupervised Learning in Medical Al

patches are extracted from original raw images during both training and testing processes.
However, unsupervised segmentation approaches often struggle to produce precise pixel-level

predictions, especially for densely packed and small objects.

Distinguishing Samples with Small Inter-Class Variations. The ability to distinguish
samples with small inter-class variations is crucial for accurate tissue segmentation. We ex-
plored this capability by analyzing the class intensity maps of the top four methods in cell
and kidney tissue segmentation. As illustrated in Figure (a), most unsupervised methods
failed to segment background samples clearly and required a redundant class for more challeng-
ing samples. In contrast, DCGN effectively differentiated between background and foreground
samples without necessitating an additional redundant class. Figure [4.6[b) shows that the
mKMeans method produced hard boundaries due to its reliance on Euclidean distance mea-
surement, whereas other methods yielded smoother boundaries. Notably, DCGN generated
class intensity maps most similar to those from ground truth, highlighting its effective central-

ized function.

" e cells
% @ Backgrounds
!
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Kanezaki GMM DCGMM (a)

GMM

Figure 4.6: Unsupervised glomeruli segmentation comparison. Red bounding boxes highlight areas
with empty class issues. In the ground truth images, red, blue, and almond colors signify (1) mesangial
matrix and basement membrane, (2) intra-glomerular and macula densa cells, and (3) other regions
such as glomerular capillaries.

Issues with Redundant Class and Stability. Experimental results indicated that many un-
supervised segmentation methods grappled with the redundant class issue. As shown in Figure
3, most methods demonstrated significant improvements in binary segmentation performance

when increasing the number of classes from 2 to 3. This suggests difficulties in distinguish-
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ing samples with small inter-class variations. Fluctuations in performance were observed, as
hard samples were variably labeled across different experiments. However, unlike other meth-
ods that required a redundant class to address these challenges, DCGN effectively segmented
tissues without an additional redundant class, showcasing both efficiency and effectiveness. Re-
garding stability, IIC, mKMeans, DCGMM, and DCGN exhibited good stability in repeated
experiments, as seen in Figure [4.3] and Table [1.5. Conventional methods like GMM, as well
as Kanezaki’s and Kim’s methods, showed considerable variance in performance. Although
the stability of previous methods improved with the introduction of a redundant class, their

segmentation performance still lagged significantly behind DCGN.

Reproducibility and Empty Class Issues. Methods not suited for large-scale studies
often face challenges with reproducibility. For instance, the conventional Gaussian Mixture
Model (GMM) without minibatch learning is limited to a small dataset, which restricts the
development of generalized segmentation models. Additionally, certain methods, such as those
proposed by Kim and Kanezaki, can only process a single image during training, leading to
low reproducibility in repeated experiments and inconsistent semantic label assignment. The
empty class issue poses another significant challenge in unsupervised segmentation. Methods
like Kim’s, Kanezaki’s, and DCGMM frequently encounter this problem during evaluation,
mainly due to their inability to differentiate hard samples (i.e., pixels with similar intensities
but belonging to different categories). In contrast, the proposed DCGN effectively avoids the

empty class issue and demonstrates higher reproducibility in large-scale training scenarios.

Ablation Studies of Penalty Weights. The impact of the centralised constraint was exam-
ined by varying the penalty weights A in Equation (3.5). The outcomes of 10 repeated experi-
ments for each A setting are summarized in Table V. It was observed that while the upper-bound
performance of models with different A values remained relatively consistent (0.740, 0.743, and
0.745 for A = 0.05, A = 0.005, and A = 0.0005, respectively), the standard deviation of the Dice
score exhibited significant differences. As Table indicates, a larger weight for the centralised
constraint promotes faster convergence but can also lead to an unstable training process, po-
tentially due to local optimum trapping. Conversely, a smaller weight, while necessitating more

training epochs for convergence, ensures a more stable training process.
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Table 4.6: Ablation studies of constrained weights

A Dice Avg Epochs
0.05 0.637 £ 0.076 (0.740) 37
0.005 0.737 4+ 0.043 (0.743) 62
0.0005 0.734 4 0.005 (0.745) 89

“Avg Epochs” indicates the average number of epochs for convergence.

Capacity on Whole Slide Images. The performance of DCGN on whole slide images,
particularly when predictions are made across patches (tiles), was evaluated using a renal whole
slide image. Our method demonstrated promising results in cell segmentation (two classes) on
renal images with homogenous features. However, instances of false positives were noted in
some vessel regions, suggesting potential avenues for future research, such as enhancing the

utilization of textural features to improve module capacity.

Image GT Prediction
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Figure 4.7: Failed predictions of glomerular structures and cells.

Limitations. A fundamental limitation of unsupervised learning is its reliance on allocating
identical labels to samples of the same class, often without precise segmentation predictions due
to the lack of prior knowledge or annotation. In comparison with existing pathological image

segmentation studies [169,[170], our method may fall short in producing satisfactory instance
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segmentation results, particularly in cases where cells tend to adhere, potentially limiting its

clinical applicability for single-cell analysis.

Most unsupervised learning methods focus on pixel intensities, neglecting textual features.
While integrating deep neural networks with clustering or mixture models can enhance textural
feature utilization, the reliance on pixel intensity-based objective functions is still evident.
Weak predictions are observable in cell segmentation (as shown in the first row of Fig. and
glomerular structure segmentation (second row of Fig. |4.7). This issue mainly stems from the
discrepancy between hypothesized Gaussian distributions and real data distributions. Although
DCGN may struggle with complex images having numerous categories or many outliers, it excels
in general tasks like foreground /background segmentation. The centralised constraint of DCGN
helps establish better classification boundaries for classes with small inter-class variations, a
significant technical contribution of our method. However, while it can reduce false predictions,

it cannot entirely eliminate them.

Alleviating Degenerative Issues with DCGN. To provide a clearer understanding of how
DCGN addresses degenerative issues, we created schematic illustrations using simplified 2D
examples (since real 3D clusters are complex to demonstrate and comprehend). For instance,
the missing class issue often arises when modules fail to correctly handle outliers, such as
classifying outliers as a unique class while merging different categories (e.g., blue and red dots)
into a single class, as depicted in Fig(a). This problem is more common in iterative methods
that depend on pseudo labels and is also occasionally seen in existing deep Gaussian networks.
The centralised constraint in DCGN encourages the mixture module to align closer to the data

sample centroids, thereby mitigating the occurrence of the missing class issue.

Additionally, the redundant class issue, often an artificial construct to enhance performance in
unsupervised methods, arises from the discrete distribution of certain classes. Some methods
necessitate an additional class to accommodate specific samples (e.g., blue samples within green
dotted circles in Figure (b)) While avoiding redundant classes by setting an appropriate
number of classes is feasible, modules without centralised constraints struggle to perform well,

as evidenced in Fig[4.3|
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Figure 4.8: Illustration of How Our Centralized Constraint Solves Issues: (a) shows handling of missing
class and single class domination (collapse), (b) demonstrates addressing redundant class, and (c) deals
with instability. Predictions by methods lacking this constraint are marked with dotted circles (left
column). Class centroids are represented by yellow diamonds (from methods without the constraint)
and yellow stars (from our proposed method).

Moreover, instability or low reproducibility stems from random initialization. The centralised
constraint in DCGN mitigates the randomness caused by initialization, guiding the module to
learn parameters that approximate the data centroid. This approach has resulted in the lowest

variance of evaluation metrics, as detailed in Table [4.2
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Suggested Criteria and Future Directions. Our study reminds us to use specific evalua-
tion criteria for unsupervised segmentation methods: 1) Conduct repeated experiments to assess
stability and reproducibility, and 2) Discuss degenerative issues in detail to evaluate method
robustness. Potential future research directions in unsupervised segmentation include examin-
ing the performance of DCGN on various image modalities, such as segmenting tumours from
brain magnetic resonance scans or organs from computerized tomography images. Additionally,
exploring uncertainty estimation in semantic predictions for unsupervised segmentation could
be valuable. Integrating a self-supervised paradigm with unsupervised learning, particularly
using ’confident’ predictions, may lead to enhanced performance. Furthermore, developing
methods that can handle images with multiple classes remains a challenge, as most unsuper-
vised segmentation approaches currently excel only in relatively simple semantic predictions.
Lastly, creating a robust model capable of better-addressing outliers is a crucial goal for future

advancements.

4.6 Conclusion

Tissue segmentation is a critical component in computational pathology. Traditionally, most
existing methods require extensive manual annotations, posing significant time and resource
challenges. This study introduces an effective approach for unsupervised tissue segmentation
using the innovative DCGN method. The proposed DCGN method stands out in its ability
to accurately segment tissue structures without relying on any manual annotations or prior
knowledge. This characteristic of DCGN holds the potential to significantly reduce annotation

costs in computational pathology, thereby streamlining the process and enhancing efficiency.



Chapter 5

Algorithms Benchmarking in Medical

Imaging

5.1 introduction

Pulmonary fibrosis, characterized by symptoms like dyspnoea, ultimately leads to mortality.
Despite the severity of the condition, there is no cure for pulmonary fibrosis, and available
treatments primarily aim to manage symptoms and slow progression. Idiopathic Pulmonary
Fibrosis (IPF) is notably the most serious chronic form of lung fibrosis, causing progressive
scarring of the lungs and increasingly difficult breathing, with no known cause [171]. The gold
standard for IPF diagnosis is invasive lung biopsy, but this is often rejected by patients due to
its high risk (2% mortality rate within 100 days post-biopsy) and cost |[172,[173]. Consequently,
there is a pressing need for non-invasive clinical methods to diagnose IPF in its early stages. The
first sign of fibrotic lung disease is typically the distension of airway structures, traditionally as-
sessed by human experts. Manual airway modelling is, however, laborious and time-consuming,
taking nearly 5 hours per case, and suffers from subjectivity and potential oversight of subtle
changes, especially in early-stage disease. In contrast, automatic quantification of airways offers

an objective, stable, and cost-effective alternative to manual assessments.

Despite several challenges and publicly available datasets focusing on airway modelling, lung

110
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Figure 5.1: High-Resolution CT (HRCT) Images: (a) shows patients with nodules from the LIDC
dataset, (b) features patients with traction bronchiectasis (indicated by yellow arrows), and (c) high-
lights patients with honeycombing (marked by red arrows). Honeycombing complicates the extraction
of airway trees, resulting in suboptimal airway modelling.

fibrosis has received limited attention. Current open challenges, such as EXACT 09 and
ATM22 , mainly involve cases from healthy individuals or patients with common lung
diseases, with ATM22 including some COVID-19 cases for additional assessment. However,
no datasets specifically cater to complex fibrotic lung disease. Fibrotic lung disease patients
experience distinct pathologies, such as volume loss, bronchiectasis, distortion of the secondary
lobule, and loss of smooth air-to-interstitium interfaces, differing notably from other pulmonary
diseases. For instance, unlike patients with other lung conditions shown in Fig. [5.1)(a), those
with fibrosis often exhibit bronchiectasis with significant distension of terminal /small branches,
as depicted in Fig. [5.1(b). Furthermore, the presence of honeycombing, a UIP-like (Usual
Interstitial Pneumonia) pattern in fibrosis cases, as shown in Fig. |5.1[c), complicates auto-
matic airway modelling. Honeycombing, characterized by small cystic airspaces in the lung
periphery resembling bronchial patterns, leads to significant challenges in airway leakages and

mis-predictions in computational models.

Developing reliable Al systems for fibrotic lung disease involves overcoming challenges asso-
ciated with abnormal morphological changes in lung tissues and airway trees. The primary
challenges include: 1) Airway Leakages: Initially mentioned in [72], airway leakages refer to
false-positive predictions (voxel-wise). This issue arises from the resemblance between airway
trees (particularly terminal branches) and lung periphery tissues. In fibrotic patients, honey-
combing patterns intensely confuse Al models, often misclassifying these honeycombs as airway

branches, leading to extensive airway leakages. While the EXACT’ 09 organizers reported leak-
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age counts and volumes, they were not fully effective in assessing leakage conditions due to
varying lung tissue scales in individuals. 2) Missing and Discontinuity Airways: Various
imaging conditions can render airway intensity values similar to those of lung tissues, leading
Al models to falsely classify airway voxels as background, resulting in missing or discontinuous
airways. 3) Weak Robustness in Fibrosis Cases: Al models developed for normal lung
diseases often lack robustness in fibrosis cases due to complex abnormal changes. An existing
study [121] highlights a significant performance gap in fibrosis cases compared to COVID-19
cases, although the models performed adequately in the latter. 4) Limited Research on
AT Prognostication: Despite manual-derived biomarkers showing associations with mortal-
ity, the potential of automatically derived airway imaging biomarkers for prognostication in

fibrotic lung disease remains unexplored.
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Figure 5.2: High-Resolution CT (HRCT) Images: (a) shows patients with nodules from the LIDC
dataset, (b) features patients with traction bronchiectasis (indicated by yellow arrows), and (c) high-
lights patients with honeycombing (marked by red arrows). Honeycombing complicates the extraction
of airway trees, resulting in suboptimal airway modelling.

The 2023 Airway-Informed Quantitative CT Imaging Biomarker for Fibrotic Lung Disease Chal-
lenge (AIIB23), held in conjunction with MICCAI-2023 (Fig. [5.2)), aimed to accelerate progress
in computational approaches for complex airway extraction, investigate imaging biomarkers for
prognostication, and highlight ongoing challenges and research directions in this field. Hosted
on the CodaLab platform [175], AIIB23 comprised two subtasks: airway segmentation (Task
I) and mortality prediction (Task II). The challenge attracted 148 team registrations from over
300 participants. Teams were evaluated based on overlapped metrics and branch scores across

52 cases, with the top 10 teams ranked by both accuracy and efficiency in 140 offline test cases.
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This study’s contributions are threefold:

e AIIB23 establishes a new benchmark for Al-based airway modelling in fibrotic lung dis-
ease, releasing 120 HRCT scans with rare expert annotations, marking the first airway

reference for this condition.

e The challenge incorporates a prognostication task, promoting participants to develop
models that predict the progression of fibrosis, fostering a comprehensive approach to

patient care.

e [t showcases state-of-the-art airway modelling approaches and underscores remaining chal-
lenges for Al models in airway segmentation, investigating independent airway-derived

biomarkers for mortality predictions in fibrotic lung disease.

This study is organized as follows: Section 4.2 introduces related works in airway segmentation,
Al-based prognostication in fibrotic lung disease, and publicly available datasets for airway
segmentation. Section 4.3 delves into the AIIB23 challenges, detailing the criteria for airway
segmentation and mortality prediction tasks. Section 4.4 reports the results of the AIIB23

challenges, with additional offline evaluations further analyzing the collected results.

5.2 Related work

5.2.1 Airway segmentation

Airway segmentation, crucial for deriving imaging biomarkers, involves modelling 3D binary
masks of airway trees from High-Resolution Computed Tomography (HRCT) scans. Given an
HRCT scan X, the airway segmentation model ¢ aims to extract airway tree masks M, =
®(X). This technique has been applied to various pulmonary diseases, including lung cancers

[78,87) and common pulmonary conditions [69,70472}75].

The first significant contribution to airway segmentation dates back to 1994, with Sonka et al.’s

knowledge-based method for segmenting intrathoracic airway trees [176]. Subsequent develop-
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ments included image processing techniques like morphology operations, region growing [67],
intensity thresholds [71], and fuzzy connectedness [70]. For example, Xu et al. enhanced
fuzzy connectedness segmentation with a fuzzy affinity relationship and utilized a spatially
constrained Markov random walk for airway wall thickness estimation [70]. Mori et al. im-
plemented region growing to extract bronchial regions from 3D CT images and employed the
centreline for anatomical labelling [177]. However, these traditional methods often suffered

from weak robustness and reproducibility due to variations in airway voxel intensities [80].

Since 2015, deep learning has revolutionized airway segmentation. Charbonnier et al. used
a 2D CNN to classify airway patches (identified by conventional methods) into true or false
positives, reducing airway leakages [75]. Yun et al. developed a 2.5D CNN, incorporating spa-
tial information from orthogonal slices [76]. Additionally, 3D CNNs have shown superiority by
integrating more spatial context. To overcome GPU memory limitations with 3D data, patch-
based strategies and lung region cropping from HRCT scans have been adopted [77,/78]. The
3D U-Net, particularly its variant nnUNet [74], has become a common baseline for 3D airway
segmentation due to its robustness and reproducibility [174]. Other notable advancements in-
clude graph refinement [108], connectivity awareness 78|, centreline-aided learning |88], hard
samples mining [87], fuzzy attention mechanisms [121], and transformer-based 3D U-Nets [17§].
For instance, Nadeem et al. [90] and Qin et al. [86] modified the standard 3D U-Net by in-
corporating voxel-connectivity awareness and freeze-and-grow propagation, addressing airway

leakage issues.

Despite these advancements, existing models struggle with fibrotic lung cases characterized by
complex abnormalities like bronchus deformation, ground glass/consolidation, and honeycomb-
ing, even when trained on numerous other pulmonary disease cases |[121]. Performance gaps
in fibrosis cases, when compared to COVID-19 cases, are evident, with significant declines in
Intersection over Union (IoU) score, Detected Length Ratio (DLR), and Detected Branch Ratio
(DBR) [121]. The effectiveness of these models when trained specifically on fibrotic lung cases,
and their performance on COVID-19 and other pulmonary diseases, remains an area for further

exploration.



5.2. Related work 115

5.2.2 Al-driven prognostication of lung fibrosis

Radiology plays a crucial role in diagnosing and managing pulmonary diseases, particularly lung
fibrosis. Chest CT scans showing characteristic features, such as those indicative of Idiopathic
Pulmonary Fibrosis (IPF), can be used for diagnosis without the need for pathologic confir-
mation [179]. The guidelines from the American Thoracic Society /European Respiratory Soci-
ety/Japanese Respiratory Society/Latin American Thoracic Association (ATS/ERS/JRS/ALAT)
include specific imaging patterns in CT scans, like honeycombing, as key prognostic factors [180]
However, the accurate quantification of pulmonary fibrosis from CT scans is still a challenging
task, limiting their current prognostic utility. As a result, physiologic indicators like Forced
Vital Capacity (FVC) and the Composite Physiologic Index (CPI) continue to be primary

prognostic biomarkers despite certain limitations.

To overcome these challenges, researchers have explored the prognostic values of imaging-
derived biomarkers. The initial step towards High-Resolution CT (HRCT)-derived biomarkers
was proposed by Best et al. [181], who found a correlation between the kurtosis of lung HRCT
histograms and mortality. Another significant advancement was CALIPER (computer-aided
lung informatics for pathology evaluation and ratings), an Al-driven method for lung fibrosis
prognosis. CALIPER uses histogram characteristics to classify and quantify the disease, pre-
dicting outcomes in various interstitial lung diseases (ILDs) [182]. Nam et al. developed a
cascaded Al model, comprising two U-Nets, to segment various lung abnormalities [183]. Their
findings demonstrated that the proportions of normal and fibrotic lung volumes were indepen-
dent prognostic factors for overall survival in IPF patients. Humphries et al. [184] proposed
an HRCT-derived metric for IPF diagnosis and prognosis, examining the relationship between
image-derived biomarkers (quantitative measurement of fibrosis regions) and physiological mea-
surements like FVC and Diffusing Capacity of the Lung for Carbon Monoxide (DLCO). They
reported that the minimal clinically important difference for HRCT-derived biomarkers was
3.4%. Despite these efforts, the potential of airway-derived biomarkers for the prognosis of

lung fibrosis diseases remains an area of ongoing research.
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5.2.3 Publicly available datasets and open challenges.

This section reviews existing publicly available datasets and open challenges in airway seg-
mentation and lung fibrosis prognostication, highlighting their differences from the AIIB23

challenge.

EXACT’09

EXACT’09, the inaugural open challenge for airway segmentation, featured 40 cases to eval-
uate 15 different airway segmentation algorithms. The cases, sourced from eight institutions,
exhibited a variety of pathological abnormalities, collected under different acquisition protocols
and devices, either at peak inspiration or full expiration. The dataset was divided into train-
ing and test sets, with 20 cases each. Notably, only the training cases were publicly released.
The slice thickness in BAS ranged from 0.6 mm to 1.25 mm, and the reconstruction kernels
included B50f, FC12, FC10, B30f, and B70f. The anomalies covered healthy volunteers, pa-
tients with small lung nodules, ground glass, and diffuse emphysema. Techniques applied to
EXACT’09 primarily involved image processing methods, such as morphology approaches [185],

and variations of region-growing [186|187].

ISICDM21
ISICDM21 consisted of 12 cases with expert annotations, each slice being 512x512 pixels with
slice thicknesses varying from 0.625 mm to 1.5 mm [178]. However, this dataset is currently

not accessible.

Binary Airway Segmentation (BAS)

BAS, a publicly available dataset, includes 90 HRCT cases. Twenty of these cases were from
EXACT’09, and the remaining 70 were sourced from the Lung Image Database Consortium
image collection (LIDC) [100]. The slice thickness for these 70 cases ranged from 0.45 mm
to 0.625 mm, primarily featuring lung nodules. The number of slices in BAS data varied

significantly, from 157 to 764, indicative of diverse scanning protocols.

ATM22

ATM22, a multicentre airway segmentation dataset, comprises 500 cases (300 for training, 50
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for validation, and 150 for testing), releasing 300 cases with semantic annotations to the public.
Of these 300 cases, 90 were from the BAS dataset, while the remaining 210 were collected from
LIDC-IDRI data and Shanghai Chest Hospital. The number of slices per case ranged from 157

to 1125, with slice thicknesses varying from 0.45 mm to 1.00 mm.

5.3 Method

5.3.1 The AIIB23 Dataset

The AIIB23 challenge incorporated lung CT scans from patients with fibrosis and COVID-19,
collected from OSIC, AIPFR, and UHP (demographics shown in Table . Data from the
OSIC repository were randomly split into training and validation sets for public release, while
AIPFR and RBH data formed the offline test set (Fig. |5.2]).

Table 5.1: Demographics of data used in AIIB23 challenge.

Attribute OSIC (n=172) AUS (n=90) RBH-COVID (n=50)
Age (years) 68 (57, 75) 70 (67, 76) 65 (45, 82)
BMI (kg/m?) - 28.39 (26.27, 30.92) -
Gender
Male 101 (58.7%) 54 (61.1%) 24 (48%)
Female 71 (41.3%) 36 (38.9%) 26 (52%) :
Diagnosis
ILD 99 (57.6%) 0 0
IPF 62 (36.0%) 71 (78.9%) 0
COVID-19 0 0 44 (88%)
Other abnormalities 11 (6.4%) 19 (21.1%) 6 (12%)

Continuous variables are shown as Median (Q1, Q3).

e OSIC: The Open Source Imaging Consortium (OSIC) is an open-access global dataset
comprising multidimensional medical images (e.g., 3D HRCT, 3D MRI) from patients
with IPF, fibrotic ILD, and other respiratory diseases. It includes clinical metadata
like physiologic indicators (FVC percentage, DLCO), body measurements (height, age,
gender), mortality status, and clinical diagnoses. The dataset adheres to GDPR/HIPAA

privacy standards to ensure diversity and maximal dataset size.
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e ATPFR: The Australian IPF Repository (AIPFR) [188|, ethically approved by the Syd-
ney Local Health District (protocol no. X14-0264), contains diagnoses including IPF,
probable IPF, alternative diagnoses, and other fibrotic patterns following the 2018 ATS/-
ERS/JRS/ALAT IPF guideline statement [179].

e UHP: The University Hospital of Parma (UHP) dataset follows the local Ethics Commit-
tee’s approval (code 934/2021/0OSS/AOUPR - 11.01.2022). It includes patients admitted

with COVID-19 symptoms/signs and confirmed by PCR tests.

All HRCT scans, initially in DICOM format, were converted to Nifti format using the Sim-
pleITK 2.1.0 package in Python 3.10.0. Preliminary annotations were provided by an Al model
trained on the BAS dataset , followed by detailed revisions by three junior radiologists
and then refined by senior radiologists. Annotations were made using a HUION Kamvas 16
Tablet via ITK-SNAP 4.0.1 [189]. The challenge dataset was carefully curated from the three
databases, focusing on high-quality cases. For Task I (Task II), 120 (95) cases formed the
training data, 52 cases were used for validation, and 140 cases (90 fibrosis and 50 COVID-19)

constituted the test set (Fig. |5.2]).
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Figure 5.3: Differences in Slice Count in AIIB Datasets. A) Violin plot showing the distribution of
slice counts per case in training, validation, and two test sets. B) Comparative visualization of two
CT scans with varying slice counts and their respective annotations. Top row: CT scan comprising
1145 slices. Bottom row: CT scan with 140 slices (B1-B6).

AIIB23 showcased diverse imaging qualities, primarily differentiated by slice counts. An anal-
ysis of the slice number distribution in training, validation, and test sets (Fig. |5.3)A) revealed

that training and validation data (OSIC) generally had higher quality than test fibrosis data
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(AIPFR), as indicated by a greater number of slices (p<0.05). This difference in slice count
affected image quality, especially in coronal and sagittal planes of low-slice CT scans (Fig.
(.3B5 and B6) compared to high-slice scans (Fig. [5.3B2 and B3), with the former showing
more visual blurriness and jaggedness. This discrepancy also impacted expert annotations due

to the loss of detailed information between slices.

5.3.2 Challenge setup
Subtasks The AIIB23 challenge consisted of two main subtasks:

1. Task I - Airway Segmentation: Participants were tasked with segmenting airway

trees from HRCT scans, with a specific focus on extracting small airway branches.

2. Task II - Mortality Prediction: This task involved predicting the mortality status

(survival or not) of patients at 63 weeks after the initial HRCT scan and diagnosis.

Schedules The data annotation process spanned from January to April 2023, following the
challenge’s proposal submission to MICCAI 2023. The official challenge page was launched
on 15th May 2023, with TASK I and TASK II, marking the opening of challenge registration
and the release of training data. The validation cases were released on 30th May, with online
validation submissions starting on the same day. The test phase commenced on 30th July, with

a deadline for docker file submissions set for 25th August.

Reproducibility: For the test phase, teams were required to submit a docker image and
a short paper detailing their methods. Validation phase scores were re-evaluated using the
submitted docker image. Participants were also encouraged to publicly share their original

code.

Fairness: The use of external data for model training was prohibited, although pretrained
weights (not related to airway datasets) were permissible. Pre-training and domain-adaptation
approaches were allowed. All competitors were provided with an identical test environment,

featuring 1 GTX3090 TI (24GB) and 64 GB RAM.


https://codalab.lisn.upsaclay.fr/competitions/13238
https://codalab.lisn.upsaclay.fr/competitions/13256
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Submission Restrictions: Participants had to register using official email addresses to pre-
vent multiple submissions by the same team under different accounts. Each team was limited to
50 submissions during the validation phase and only one successful submission in the test phase.
A successful submission was defined as a docker image that could be executed successfully and

generate predictions.

Evaluation metrics

(1) Task I-Airway segmentation. The evaluation metrics mainly included IoU score, DLR,
DBR, precision, ALR, and inference time, which have been demonstrated in section 2.2.3. The
final results were ranked based on both the overall accuracy (OvAcc) of airway modelling and

the efficiency of the algorithms (inference time), with

OvAcc = (IoU + Precision + DBR + DLR) x 0.25, (5.1)

R = R[OvAcc] x 0.7+ R(t) x 0.3, (5.2)

where R is the ranking R(z) € {0,1,2,..., N} and t refers to the inference time (seconds).
(2) Task II-mortality prediction. This task is a binary classification problem focused
on predicting the mortality status of patients at 63 weeks after their initial HRCT scan. A
prediction of 0 indicates mortality and vice versa. The evaluation metric is comprehensive,
encompassing Accuracy, AUC (Area Under the Curve), Sensitivity, Specificity, and F1 Score.
These metrics collectively assess the model’s ability to accurately predict patient mortality at
63 weeks, evaluating both its effectiveness in correctly classifying deceased and alive patients
and balancing the trade-off between sensitivity and specificity. Models with high specificity are
especially valuable for precisely identifying patients at high risk of mortality within the 63-week

period.

5.3.3 Participants

As an official challenge of MICCAT 2023, AIIB23 attracted a considerable number of applicants

for both of its tasks. Specifically, there were 214 applications for registration, with 112 appli-
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Table 5.2: Details of teams that participated in the validation phase and test phase (bolded).

Team ID (A to Z) Affiliation Location
DJ 92 LITIS laboratory, INSA Rouen Normandy France
Dolphins National Heart and Lung Institute, Imperial College London UK
EarthlIsFlat Department of Psychiatry, University of Cambridge UK
Gexing Tianjin University China
Icuneo Istituto Italiano di Tecnologia, Genova Italy
IMR Institute of Medical Robotics, Shanghai JiaoTong University China
Insimaging2023 Shanghai JiaoTong University China
Jungiangmler Shanghai MediWorks Precision Instruments Co.,Ltd China
Likehood Zhejiang University China
MedibotTeam Shanghai Microport MedBot(Group) Co., Ltd China
Medxmu Xiamen University China
Neu204 College of Medicine and Biological Information Engineering, Northeastern University China
Newtab School of Biomedical Engineering, University of Science and Technology of China China
Optima European Institute for Systems Biology and Medicine France
Polaris School of Biomedical Engineering, Shanghai JiaoTong University China
Riipl Atrium Health Wake Forest Baptist USA
Sanmed Al Sanmed Biotech Inc. China
Tastefish Fudan University China
Telecomparis Institut Polytechnique de Paris-Telecom Paris France
Twen Infervision Medical Technology Co., Ltd China
uAlI-Team Shanghai United Imaging Intelligence Co., Ltd. China

cations for Task I (airway segmentation) and 102 for Task II (mortality prediction). Out of
these applications, 53 were rejected based on the challenge’s terms and conditions. For Task I,
validation results were received from 20 teams, whereas for Task II, results came from 8 teams
(detailed information can be found in . The top-performing approaches for both tasks are
highlighted in this study: the top 10 methods for Task I and the top 5 for Task II. These include

only the participants who consented to the publication of their solutions and results.

5.4 Results

5.4.1 Performance of airway modelling

The methodologies proposed by different teams in airway modelling demonstrated some com-

monalities, as detailed in Table[5.3] Notably, all submitted models were based on deep learning.

Each method employed a patch-learning strategy due to GPU memory limitations. This in-
volved training models on sampled patches and then aggregating predictions from all patches

during the inference phase. More than half of the teams (6 out of 10) performed lung extraction
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Table 5.3: Summary of solutions proposed by top-10 teams in Task I.

Teams WindowT  RolEx SpacingT  Norm  Data sampling DA ME Loss
MedibotTeam X v Median z-score  Random crop v v Lg, Lpice, Lo
IMR X v Median max-min Targeting crop v/ v Lg, Lcg, Loa
Twen [-1000,500] v X max-min  Hard-mining v X Le, Lpice
Sanmed Al [-1400, 200] v X z-score Crop v X Lpice, Lrp
Gexing X X Median z-score  Random crop v v Lpice, LoE
DJ 92 X X Median z-score Crop v X Lpice, LeE
Riipl [-1400, 600] X Median  z-score ~ Random crop v v Lpice, Ler
earthlsFlat X X X z-score  Random Crop v X Lpice
Dolphins X v Median z-score  Random Crop v X Lpice, Leg
Jungiangmler  [-1000,-300] v Mean z-score  Random Crop v X Lpice, Leg

Notes: WindowT refers to window transform (within certain HU values), SpacingT is spacing

transform, RolEx indicates Rol extraction, Norm refers to normalization, ME represents
model ensembling, and DA is data augmentation, Lg: general union loss, Lq: airway
continuity loss, Lpj..: dice coefficient loss, Lca: connectivity-aware loss, Lrr: focal loss, Log:
cross entropy loss.

prior to data sampling to minimize artefacts outside the lung region. Techniques included using
open-source lung extraction algorithms [190] and employing a support vector machine (SVM)
for classifying different connected components. Most participants applied a spacing transform
to mitigate the anisotropy of raw CT data, achieved by resampling voxel spacing to the median
of the entire training set. Interestingly, only four teams implemented window transforms on the
raw CT data; others opted for HU value normalization strategies, such as max-min or z-score
normalization. The top-3 methods utilized weighted general union loss L¢ [87] and connectivity
loss (e.g., L and Lo A) [121), alongside multi-stage training protocols. For data sampling, in
addition to random cropping, all competitive methods (top-3 approaches) employed specific
strategies like hard mining (sampling patches based on mispredicted airway skeletons) and tar-
geted cropping (sampling patches around airway skeletons). These strategies allowed for more
focused sampling around regions of interest (Rols), addressing the issue of data imbalance.
Interestingly, model ensembling also improved airway modelling performance, though it could

reduce time efficiency without multi-thread techniques.

Table shows the overall performance of the top-10 teams, ranked by model accuracy and
inference time cost. MedibotTeam achieved the best results in the test phase, considering both
inference speed (43.79 seconds per scan) and model accuracy (0.9185), which was 30.4% faster

than the IMR team (62.98 seconds per scan). The IMR team achieved the best branch metrics
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Table 5.4: Top-10 winners in AIIB23 Task I (n=140).

Teams IoU DLR DBR Precision ALR AMR OvAcc Time
MedibotTeam  0.9049 0.9365 0.9051 0.9276 0.0786 0.0259 0.9185 43.79
IMR 0.8770 0.9510 0.9312 0.9014 0.1089  0.0299  0.9152 62.98

Twen 0.9016  0.9201  0.8825 0.9399 0.0639  0.0425 0.9110 87.93

Sanmed Al 0.8903 0.8838 0.8354 0.9203 0.0854  0.0404 0.8825 92.78

Gexing 0.9087 0.8603 0.7765 0.9518 0.0499 0.0466 0.8743  356.04
DJ.92 0.8967 0.8466  0.7504 0.9619 0.0397 0.0686  0.8639  223.66
Riipl 0.9003 0.8560 0.7672 0.9584 0.0423  0.0620 0.8705  531.52
earthlisflatten 0.8221 0.6986  0.6043 0.9325 0.0906  0.1538 0.7644  155.36
dolphins 0.8838 0.8556  0.7627 0.9365 0.0682  0.0580 0.8597 1500.12

Jungiangmler  0.7488  0.7853  0.6853 0.8200 0.2188 0.1313  0.7599  316.89

among all competitors, with a Detected Length Ratio (DLR) of 0.9510 and a Detected Branch
Ratio (DBR) of 0.9312. However, their model exhibited some weaknesses, including a high Air-
way Leakage Ratio (ALR) of 0.1089 and a precision score of 0.9014. Team Gexing attained the
highest overlapped metric with an Intersection over Union (IoU) score of 0.9087. Despite this,
their method overemphasized the IoU score, resulting in relatively lower branch scores (0.8603
DLR and 0.7765 DBR) compared to the top teams. Team DJ_92’s model achieved the highest
precision (0.9619) and the lowest ALR (0.0397), suggesting potential under-segmentation of
terminal branches, which minimally affect overlapped metrics. Team dolphins, while achieving
a comparable overall accuracy of 0.8597, required significantly longer processing time, approxi-
mately 1500 seconds per CT scan. Notably, all models demonstrated improved performance on
out-of-distribution (OOD) data (COVID-19 cases), with a nearly 1-2% increase in IoU scores.
Specifically, there was a notable increase in branch metric scores for models from DJ_92 (11.7%
DLR and 16.1% DBR), earthislflatten (16.8% DLR and 18.4% DBR), and Riipl (12.3% DLR
and 17.3% DBR). This indicates that models trained on fibrosis cases can be effectively adapted

to COVID-19 cases.

5.4.2 Performance of mortality prediction

In mortality prediction studies, two predominant strategies were observed (Table :
Radiomics with Machine Learning: This approach involved using Pyradiomics for ex-

tracting radiomic features. Teams like uAl expanded on this by incorporating hand-crafted
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Table 5.5: Summary of solutions proposed by top-5 teams in Task II.

Teams CT Windowing Method Type Semantic input ME Classifier Overall score
uAl-Team [-1350, 150] ROI-based radiomics V'lung lobes v' LGBM, LR, SVM 0.7059

v/ pneumonia , and XGBoost
Tastefish [-1000,400] End-to-end CNN X X 3D CNN 0.7049
jungiangmler [-1000, 800] End-to-end CNN v'lung region X 3D VNet 0.6222
Earthlisflatt1l X Image-based radiomics X X XGBoost 0.6186
DJ.92 X ROI-based radiomics v'trachea X SVM 0.5787

LGBM: light gradient-boosting machine, LR: logistic regression, SVM: support vector
machine, XGBoost: extreme gradient boosting, ME: model ensembling.

features, such as lesion volume and surface details. These extracted features were then utilized
in machine learning models, such as XGBoost and SVM, for binary classification. This method
circumvents the extensive training typically required for convolutional neural networks (CNNs).
CNN-Based Strategy: In contrast to the first approach, this strategy eschewed manually
engineered features in favour of the inherent capabilities of CNNs. These solutions employed
3D neural networks, trained directly on the entire volumetric High-Resolution Computed To-
mography (HRCT) scans, to perform binary classification tasks. This approach was noted for

its speed in delivering predictions without relying on pre-defined feature sets.

These two strategies highlight the diverse methodologies employed in mortality prediction, each

with its unique strengths and focus areas.

Table 5.6: Top-5 winners in AIIB23 Task II (n=90).

Teams Overall score ACC Sensitivity Specificity F1 score
uAl-Team 0.7059 0.7528 0.7848 0.5000 0.8493
Tastefish 0.7049 0.6404 0.6203 0.8000 0.7538
jungiangmler 0.6222 0.5955 0.5949 0.6000 0.7231
earthlislflatten 0.6186 0.6629 0.6962 0.4000 0.7857
DJ_92 0.5787 0.4045 0.3291 1.0000 0.4952

Table demonstrates the performance of AIIB23 Task II of the top five participating teams.
The uAl Team leads the ranking with the highest overall score of 0.7059, alongside an impressive
F1 score of 0.8493. Following closely is Tastefish, distinguished by its high specificity at 0.8000.
Jungiangmler and earthlisflatten occupy the third and fourth positions, with the latter notable
for its F1 score of 0.7857, the second-highest in the ranking. DJ_ 92, while placing fifth, is
unique in achieving a perfect specificity of 1.0000, but it contrasts with lower accuracy (0.4045)

and sensitivity (0.3291) scores. This tableau underscores the varying strengths and capabilities
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of each model across different evaluative metrics.

5.5 Discussion

This section delves into the research findings and provides a detailed analysis of the AIIB23
challenges. Initially, we summarize the common strategies deployed in airway modelling and
mortality prediction, setting the stage for further exploration. This is followed by an in-depth
analysis of the prediction errors made by different participating teams. A significant aspect of
our discussion also involves examining the effectiveness of various models in handling unhar-
monized data, a critical consideration for clinical application. Furthermore, we investigate the
reliability of radiomic features by conducting a comprehensive survival analysis. This includes
not only the biomarkers proposed by the challenge participants but also extends to those iden-
tified in existing studies and our own proposed solutions. Such an analysis is instrumental in

understanding the real-world implications and potential of these biomarkers in clinical settings.

Overall Performance of Airway Modelling in Task I

Task I demonstrated varied performances with intriguing findings (Table . The Overall
Accuracy (OvAcc) among the top-2 teams was similar, at 0.9185 and 0.9152, with no signif-
icant differences (p >0.05). This suggests comparable overall effectiveness, despite differing
strengths and weaknesses. The top-3 methods, however, showed significantly higher OvAcc
(0.03-0.16 improvement) compared to others (Wilcoxon signed-rank test, p <0.05). Notably,
these leading methods all implemented weighted general union loss, highlighting the value of
specific optimization functions. Additionally, the first and second teams significantly outper-
formed the third in detection rates (Wilcoxon signed-rank test, p <0.05), underscoring the
benefit of optimizations emphasizing airway branch connectivity. This resulted in Al models
better capturing the anatomical structure of airway trees, potentially leading to more clinically

relevant outcomes.

Regarding airway modelling capacity, all models performed better on COVID-19 than fibrosis

cases (Wilcoxon signed-rank test, p <0.05). A significant difference in Detected Length Ra-
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tio (DLR) and Detected Branch Ratio (DBR) between COVID-19 and fibrosis datasets was
observed (Wilcoxon signed-rank test, p <0.05), likely due to the distinct pathological features
of each disease. The higher DBR and DLR in COVID-19 datasets may result from a greater

prevalence of airway leakages and missing segments, making models more error-prone.

Overall Performance of Mortality Prediction in Task II

Task II, a binary classification task, aimed to predict patient mortality status after 63 weeks.
The validation set was balanced, with 26 samples each for alive (label 0) and deceased (label 1)
categories. However, the test dataset was imbalanced, with 87% survivors beyond the 63-week
threshold. This imbalance was notably highlighted by team DJ_92, who ranked first in the

validation stage but fourth in the test set.

Table |5.6{shows a consistent preference for radiomics features in quantitative imaging biomarker
extraction, primarily due to their interpretability and lower GPU memory requirements. How-
ever, performance inconsistencies were evident, attributable to the reliance on ROI-based ra-
diomics by most participants. This reliance can introduce variability due to differing region
selection approaches. CNN-based methods also faced limitations, particularly in handling large
volumetric CT scans. Teams Tastefish and jungiangmler addressed this with down-sampling

and cropping, respectively, to reduce GPU memory demand.

ROC curves of the top-5 submissions (Fig. [5.4]) illustrated the diagnostic capabilities of the
binary classifiers at varying thresholds. The uAl-Team’s model demonstrated the best perfor-
mance (0.8 AUC score) in discriminating patient mortality status after 63 weeks. However, it

should be noted that the uAl-Team’s model required information on lesion characteristics.

Delving into Mispredictions in Airway Segmentation

Fig offers a visual comparison of the airway modelling performance by the top eight teams
on the fibrosis test set (N=90). Heatmaps are used to illustrate discrepancies between the
actual ground truth and predicted outputs, with H = (Y — X). The accumulation maps of
predictions and ground truth were generated by summing slices along the z-axis, followed by
calculating the residual map between these accumulations. The heatmaps utilize colour coding:

warm colours indicate areas of false negatives (i.e., missed airway predictions), and cold colours
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Figure 5.4: ROC of the top-5 teams in Task II.

represent false positives (i.e., incorrectly predicted airways).

This visual analysis reveals certain trends in the predictive abilities of different teams. For
instance, MedibotTeam and IMR predominantly had false positive mispredictions in smaller-
sized branches, contributing to their higher airway leakage rates of 0.08 and 0.11, respectively.
The heatmaps elucidate IMR’s scoring patterns, shedding light on their high DBR and DLR
scores but lower IoU scores. White bounding boxes in IMR’s heatmap indicate their proficiency
in identifying terminal and small branches, but a reduced accuracy in medium-sized branches
and the trachea. Twen’s heatmap, with fewer cold regions within lung lobes, signals fewer false
negatives, aligning with their notably low airway leakage rate (0.601). Sanmed Al’s heatmap
displays a mix of warm and cold colours, with deep colouration around the lobar bronchus
(black bounding box) indicating comparable airway leakages, while the trachea area (white
bounding box) shows significant neglect. An interesting observation is the false positive region
(black arrow in the lower left corner) denoting misprediction of scanning artefacts, suggesting
an absence of a post-processing algorithm to retain the largest connective component. Con-
versely, Gexing’s model reflects false positives in the trachea and medium-sized branches, while

overlooking some small and terminal branches. DJ_92 and Riipl exhibit similar patterns with
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Figure 5.5: Heatmap Showing the Difference Between Ground Truth and Predicted Outcomes on the
Accumulated Axis Plane. Warm colors highlight false negative predictions (missed segments), while
cold colors point out false positive predictions (extraneous segments).

fewer false positives, correlating with their high precision and low branch scores. Towards the
lower end of performance, Earthlislflatten’s heatmaps are dominated by false negatives, with

some blocked false positives.

These heatmaps provide a visual narrative that complements the numeric data in Table 4.5,
offering a deeper understanding of the strengths and weaknesses of the various models in pre-

dicting airway structures.

Rethinking Airway Modelling: Performance on Different-Sized Branches

Airway trees can be categorized into different groups based on their anatomical sizes, such
as terminal (TB), small (SB), medium (MB), and large branches (LB). To examine model
performances in detail, airway trees were first classified into these groups. The detection rate
of each category was assessed according to the methodology outlined in (Table .
Specifically, terminal branches are characterized by a radius of 0-2mm, small branches by 2-

4mm, medium branches by 4-8mm, and large branches by a radius greater than 8mm.

Table reveals that most models performed better (detection rate >0.95) in identifying

medium and large branches compared to small and terminal ones (Wilcoxon signed-rank test,
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Table 5.7: Detection rate of different sized branches

Teams Terminal Small Medium Large
MedibotTeam 0.8351 0.9820 0.9981 1.0

IMR 0.8678 0.9809 0.9925  0.9952
Twen 0.7897 0.9717 0.9936  0.9990
Sanmed Al 0.7078 0.9424 0.9773  0.9829
Gexing 0.5941 0.9585 0.9916 1.0

DJ_92 0.5371 0.9397 0.9903  0.9990
Riipl 0.5705 0.9507 0.9909  0.9963
earthlislflatten 0.3822 0.8649 0.9429  0.9238
Dolphins 0.5626 0.9523 0.9890  0.9990
Jungiangmler 0.5105 0.9022 0.9688  0.9768

p <0.05). The detection rate for small branches was relatively consistent, ranging from 0.86

to 0.98, while the rate for terminal branches varied significantly, as depicted in Fig. [5.6 For

example, IMR attained the highest detection rate for terminal branches at 0.8678, whereas the

lowest rate among the top-10 teams was merely 0.3822. These findings suggest that while most

deep learning-based methods effectively segment the majority of airway trees in lung fibrosis

patients, the identification of terminal branches requires further enhancement. Additionally,

despite IMR’s high detection rate for the trachea, the model also missed parts of the main

bronchus, leading to high false negative predictions in the trachea region, as shown in Fig[5.5
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Figure 5.6: Boxplot of the detected branch rate for terminal and small branches.

Model Performance on Unharmonized Data

In clinical practice, High-Resolution Computed Tomography (HRCT) scans are collected across

various hospitals, each employing different acquisition protocols, devices, and reconstruction



130 Chapter 5. Algorithms Benchmarking in Medical Imaging

kernels |14]. To explore model performance on unharmonized data, we tested the top-5 AIIB23
approaches on manually flipped HRCT scans from the fibrosis test set (n=90), flipped along
the z, y, and x axes (Table [5.§).

Table 5.8: Model performance on unharmonised data. Colour Indicators for Significant Changes
(Wilcoxon signed-rank test, p<0.05) in Performance Compared to Original Test Cases. Green
represents positive trends, while red signifies negative trends.

Teams Data Process IoU DLR DBR ALR AMR
MedibotTeam X-Flip 0.8971 0.9109 0.8700 0.0779 0.0339
Y-Flip 0.8965 0.9066 0.8635 0.0743 0.0378
Z-Flip 0.8970 0.8964 0.8509 0.0713 0.0398
IMR X-Flip 0.8698 0.9255 0.8952 0.1063 0.0389
Y-Flip 0.8665 0.9283 0.9003 0.1074 0.0418
Z-Flip 0.8717 0.9079 0.8717 0.0965 0.0454
Twen X-Flip 0.8944 0.8855 0.8352 0.0605 0.0522
Y-Flip 0.8906 0.8830 0.8322 0.0571 0.0591
Z-Flip 0.8919 0.8793 0.8289 0.0562 0.0584
Sanmed_AI X-Flip 0.8828 0.8418 0.7833 0.0742 0.0526
Y-Flip 0.3529 0.4931 0.4632 0.2260 0.6275
Z-Flip 0.5196 0.5893 0.5366 0.0532 0.4571
Gexing X-Flip 0.8994 0.7897 0.6871 0.0426 0.0625
Y-Flip 0.8871 0.7918 0.6923 0.0383 0.0791
Z-Flip 0.8887 0.7851 0.6853 0.0383 0.7750

Among these approaches, team Twen’s model demonstrated remarkable robustness, with no
significant performance difference between unharmonized and original test data. The Inter-
section over Union (IoU) scores of the top three teams remained stable, while those of teams
Sanmed_Al and Gexing showed fluctuations. Contrary to expectations, the Detected Length
Ratio (DLR) and Detected Branch Ratio (DBR) scores for MedibotTeam declined notably,
whereas team IMR’s scores only decreased significantly in Z-Flipped data. Most models, in-
cluding MedibotTeam, IMR, Sanmed Al, and Gexing, exhibited a notable reduction in airway
leakages on unharmonized data. This suggests potential benefits of test-time augmentation.
Sanmed AI, however, experienced a substantial decline in performance on Y-Flip and Z-Flip
datasets, with steep drops in IoU (30-50%), DBR, and DLR (around 40%). Team Twen’s con-
sistent performance across unharmonized data indicates that appropriate data augmentation

techniques could effectively counteract biases arising from data orientation.

Model Performance on Low-Quality Data
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Low-quality data, often laden with noise, inconsistencies, missing values, or bias, poses a sig-
nificant challenge to predictive model accuracy and reliability. Such datasets can lead models
to overfit noise, capturing irrelevant patterns that fail to generalize to real-world scenarios. To
examine how the top-5 AIIB23 models handle low-quality data, we introduced manual noises
and downsampled data, as detailed in Table [5.9 Gaussian noise was randomly added to the
original HRCT scans to create noise images, and data was randomly downsampled along the

z-axis (slice number reduction ratio € [0.5, 1]) to generate inconsistent data.

Table 5.9: Model performance on low-quality data. Color Indicators for Significant Changes
(Wilcoxon signed-rank test, p<0.05) in Performance Compared to Original Test Cases. Green
represents positive trends, while red signifies negative trends.

Teams Data Transfer IoU DLR DBR ALR AMR
MedibotTeam Down sample 0.8889 0.8805 0.8421 0.0824 0.0391
Noise 0.8952 0.8552 0.7885 0.0636 0.0484
IMR Down sample 0.8657 0.8955 0.8657 0.1057 0.0440
Noise 0.8710 0.8787 0.8252 0.0848 0.0558
Twen Down sample 0.8856 0.8407 0.7943 0.0583 0.0633
Noise 0.8941 0.8457 0.7746 0.0476 0.0637
Sanmed_Al Down sample 0.8709 0.8008 0.7482 0.0825 0.0687
Noise 0.8815 0.7578 0.6662 0.0536 0.0719
Gexing Down sample 0.8945 0.7548 0.6662 0.0413 0.0687
Noise 0.8821 0.6949 0.5791 0.0373 0.0851

The results showed a general reduction in branch metrics and increased airway missing rates
across all five approaches (p <0.05). Notably, the airway leakage ratio significantly decreased
in the noisy dataset for all models, likely due to increased false negative predictions (more
terminal branches missed). This prevalent reduction in performance underscores the urgent

need for developing robust models capable of effectively handling low-quality data.

Beyond Segmentation: Clinical Value of Airway-Derived Biomarkers

To delve into the clinical relevance of airway-derived biomarkers, a survival analysis was con-
ducted for patients with fibrotic lung diseases. Utilizing data from the Australian IPF Repos-
itory (AIPFR), which comprises 203 HRCT scans, we focused primarily on the Total Airway
Volume (TAV), a biomarker representing the entire airway tree volume relative to total lung
lobe volume. Additionally, probabilities from Task-II teams (top three: uAl, Tastefish, and

Jungiangmler) were included in the analysis (denoted as Prob_II1, Prob_I12, Prob_II3).
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The main steps of the survival analysis involved:

e Assessing the association of computational biomarkers (TAV, Prob_I11, Prob_I12, Prob_I13)

with mortality.

e Analyzing these biomarkers alongside existing imaging biomarkers (SOFIA [41], average
fibrosis score, FVC%), using the Cox Proportional-Hazards model in StataMP V17.0, to

determine their independent predictive value.

Univariate analysis results (Table indicate significant associations of all computational
biomarkers with mortality (p <0.05). Bivariate analysis with CPI, total fibrosis extent, FVC%,
and SOFIA revealed TAV and Prob_II1 as independent predictors of mortality (p <0.05). Multi-
variate analysis explored relationships between TAV, Prob_II1, Prob_I12, Prob_II3, and SOFIA.
Among these, TAV, Prob_II1, and SOFIA emerged as independent predictors of mortality (p

<0.05), while Prob_I12 and Prob_I13 did not demonstrate independent predictive value.

Further multivariate analyses among TAV, ProbIIl, SOFIA, AvgFib, and FVC% showed that
TAV had a highly significant association with mortality (p <0.0001, HR = 1.83). Prob_II1 indi-
cated some risk with HR = 1.70 but lacked statistical significance (p = 0.089). SOFIA showed
marginal effects on mortality, while the total fibrosis extent lacked significant independent pre-
dictive power. FVC%, however, was statistically significant (p = 0.025, HR = 0.35, 95% CI:

0.14-0.88), suggesting a considerable reduction in mortality risk with each unit increase.

Reproducibility of Radiomic Features

Radiomic features play a crucial role in facilitating explainable clinical diagnosis and prognosis
tasks, offering a method for the quantitative description of medical images. These features are
believed to capture previously unnoticed patterns and characteristics, which may go unnoticed
by clinicians. However, existing studies have raised concerns regarding the low reproducibility of
radiomic features, and their reliability in the context of lung fibrosis disease remains uncertain.
While the overall accuracy (OvAcc) of the top-2 teams in Task I statistically demonstrates

similarity (p >0.05), it is unclear whether the radiomic features extracted by these teams are
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Table 5.10: Survival analysis for image-derived biomarkers

Methods Variables P Value HR (95% CI)  Variables P Value HR (95% CI)

Univariate (N=203) TAV <0.0001 2.58 (2.05-3.24) Prob_II2  0.003 1.80 (1.22-2.66)
Prob_II1  <0.0001 3.06 (1.86-5.05) Prob.II13  0.008 2.04 (1.21-3.43)
Prob II1  0.037 1.83 (1.04-3.24) Prob_II3  0.025 1.84 (1.08-3.15)
AvgFib <0.0001 1.04 (1.02-1.05) AvgFib <0.0001 1.04 (1.03-1.06)

Bivariate with AvgFib (N=200)

Prob 112  0.156 1.34 (0.89-2.00) TAV <0.0001 2.10 (1.57-2.82)
AvgFib <0.0001 1.04 (1.03-1.06) AvgFib 0.001 1.03 (1.01-1.04)
Prob II1  <0.0001 2.52 (1.50-4.24) Prob 113  0.195 1.43 (0.83-2.47)
FVC% <0.0001 0.19 (0.08-0.45) FVC% <0.0001 0.17 (0.07-0.43)
Bivariate with FVC% (N=203)
Prob 112 0.029 1.55 (1.05-2.31) TAV <0.0001 2.35 (1.80-3.07)
FVC% <0.0001 0.18 (0.08-0.42) FVC% 0.004 0.27 (0.11-0.66)
Prob II1  <0.0001 2.59 (1.52-4.41) Prob_II3  0.057 1.67 (0.98-2.85)
SOFIA  <0.0001 1.36 (1.20-1.55) SOFIA  <0.0001 1.38 (1.22-1.57)
Bivariate with SOFIA(N=203)
Prob 112 0.104 1.40 (0.93-2.10) TAV <0.0001 2.19 (1.67-2.89)
SOFIA <0.0001 1.37 (1.20-1.56) SOFIA 0.001 1.26 (1.10-1.44)
Methods Variables P Value HR (95% CI)
TAV <0.0001 2.10 (1.57-2.81)
Prob 111 0.007 2.22 (1.24-3.99)
Multivariate (n=203) Prob_I12 0.735 0.924 (0.59-1.46)
Prob_I13 0.471 1.24 (0.69-2.26)
SOFIA 0.005 1.23 (1.07-1.42)
TAV <0.0001 1.83 (1.35-2.49)
Prob_II1 0.089 1.70 (0.92-3.13)
Multivariate (n=200) SOFIA 0.052 1.17 (1.00-1.38)
AvgFib 0.163 1.01 (0.99-1.03)
FVC% 0.025 0.35 (0.14-0.88)

consistent. This section begins by analyzing the variance of radiomic features across different Al

models and subsequently reports on the relevant radiomic features for clinical prognostication.

We initiated our analysis by examining the significance of radiomic features extracted from
MedibotTeam, IMR, and Sanmed AT (the 1st, 2nd, and 4th teams in Task I, respectively). Fol-
lowing this, we conducted a Cox Hazard analysis to identify variables associated with mortality.
A total of 107 radiomic features were extracted for each case, encompassing 14 shape features,
18 first-order features, 24 Grey Level Co-occurrence Matrix features (GLCM), 14 Grey Level
Dependence Matrix (GLDM), 16 Grey Level Run Length Matrix (GLRLM), 16 Grey Level Size
Zone Matrix (GLSZM), and 5 Neighbouring Grey Tone Difference Matrix Features (NGTDM).
Intriguingly, most of these features (>86) exhibited significant differences (Wilcoxon signed-
rank test, p <0.05) among different models, despite the absence of statistical differences (p
<0.05) in overall accuracy between MedibotTeam and IMR. Out of the 107 features, 19, 22,

and 17 were found to be associated with mortality (p <0.05 in the univariate Cox proportional
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hazards Model), with 13 features common to all three models (Fig. |5.7)).

Reliant radiomic features
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Figure 5.7: Reliant radiomic features in survival status prediction.

Limitations and Future Research Directions

There are several key areas where this research can be extended and improved. Firstly, the cen-
tral line extraction algorithm used in airway modelling has limitations, particularly in dealing
with the intricate structures of airway trees. These algorithms often result in errors, such as the
overestimation of branch counts. Future research should focus on refining central line extraction
methods to enhance accuracy. Secondly, the robustness of existing models needs attention. As
demonstrated in Tables 6 and 7, many current approaches struggle when confronted with noisy
and low-resolution CT scans. Developing models with improved generalization capabilities, ca-
pable of handling unharmonized and low-quality data effectively, is a pressing need. Lastly, the
integration of clinical analysis into airway modelling remains underexplored. Bridging the gap
between Al-based airway modelling and practical clinical applications can significantly enhance

the utility of this technology in healthcare settings.

5.6 Conclusion

In conclusion, this research has highlighted the dominance of CNN-based methods in medi-

cal image segmentation, particularly in the context of airway modelling. These methods have
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proven highly effective in accurately segmenting complex airway structures. Additionally, the
study emphasized the importance of incorporating explainable image-derived features for mor-
tality prediction, shedding light on valuable indicators for patient outcomes. High-performing
teams achieved remarkable results in both airway modelling and mortality prediction tasks,
showcasing the potential of Al in medical applications. Furthermore, there is a clear need to
enhance model capacity, address robustness challenges, and explore the clinical implications of

airway modelling for future research in this field.



Chapter 6

A Clinical Translation Study:
Prognostication of patients with

fibrotic lung disease

6.1 Abstract

Research indicates that the extent of traction bronchiectasis effectively forecasts the progression
and outcomes of diseases. This study introduces a novel automated deep learning tool, SABRE
(Smart Airway Biomarker Recognition Engine), designed to evaluate the severity of traction
bronchiectasis in patients with idiopathic pulmonary fibrosis (IPF), using data from a national
IPF registry. SABRE demonstrates its prowess in precisely measuring this severity, establishing
itself as a reliable independent marker for mortality, surpassing traditional methods. The study
highlights the significance of traction bronchiectasis’s severity as a strong mortality predictor,
underscoring its usefulness in monitoring disease progression and assisting in patient risk clas-
sification. These findings underscore the importance of SABRE as a prognostic tool, aiding
clinicians in identifying patients at increased risk of rapid disease advancement and guiding

treatment decisions, particularly concerning antifibrotic therapy.
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6.2 Introduction

The approval of antifibrotic therapies for idiopathic pulmonary fibrosis (IPF) and their subse-
quent application in other progressive fibrotic lung diseases has highlighted the urgent need for
reliable biomarkers. These biomarkers are crucial for accurately forecasting the course of the
disease and the patient’s response to treatment. The variable nature of fibrotic lung diseases,
where some patients remain stable while others deteriorate rapidly, complicates treatment de-
cisions, including the necessity for invasive procedures like surgical lung biopsies. The ability to
predict disease trajectory using initial clinical data would enable healthcare providers to more
effectively target antifibrotic therapy to those who would benefit most, and avoid unnecessary

treatment in patients with naturally stable conditions.
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Figure 6.1: Data distribution of cohorts in this study.

In the last decade, there has been a growing interest in computer-based techniques for objec-
tively measuring fibrotic lung disease severity through high-resolution chest CT (HRCT) scans.
This interest stems from the limitations of traditional visual HRCT assessments, including their
low reproducibility, high observer variability, and limited sensitivity. Visual quantification of
traction bronchiectasis, characterized by the abnormal widening of airways in fibrotic areas,
has been consistently recognized as a strong mortality indicator in fibrotic lung diseases. How-
ever, developing computer-based methods for accurately quantifying traction bronchiectasis

severity has proven challenging, particularly in differentiating airways from honeycombing or
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emphysema. This study assesses the prognostic value of a new automated deep-learning model
designed to quantify the severity of traction bronchiectasis (the cohorts used in this study are
shown in Fig. We apply this model to data from a national IPF registry, aiming to improve

the precision of prognosis and treatment decision-making in fibrotic lung diseases.

6.3 Methods

6.3.1 Australian IPF Registry Data.

This study evaluates the effectiveness of SABRE as a tool for predicting outcomes in fibrotic
lung diseases using data from the Australian IPF Registry (AIPFR), detailed in Table .
The Sydney Local Health District has granted ethical approval for the AIPFR under proto-
col number X14-0264. Since its inception in 2012, the AIPFR’s processes and goals have been
previously documented [188]. In summary, patients diagnosed with IPF by their treating physi-
cians are registered. For each participant in the initial recruitment phase, a panel comprising
three expert radiologists, three histopathologists, and three specialist ILD physicians reviews
the clinical, radiological, and, when available, histological data. They then assign a diagnosis
(IPF, probable IPF, possible IPF, or an alternative diagnosis) following the criteria of the 2011
ATS/ERS/JRS/ALAT IPF guideline statement [180]. Any diagnostic disagreements are settled

through panel discussions.

The registry collects both baseline and ongoing data for as long as participants are enrolled.
In this specific study, the main focus was on transplant-free survival, starting from the date
of the patient’s high-resolution chest CT (HRCT). Disease progression within 12 months was
identified based on one or more of the following criteria occurring within a year of the HRCT:
(A) a sustained decline of 10% or more in the predicted percentage of Forced Vital Capacity
(FVC) or 15% or more in the predicted percentage of Diffusing Capacity of the Lungs for
Carbon Monoxide (DLCO) at 18 months, (B) death, or (C) lung transplantation.
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Table 6.1: Baseline Demographics and Centralised MDM Review Characteristics. * indicates
multidisciplinary diagnoses.

Variable

Age (Median (IQR)) 69.7 (64.9 — 76.1)

Gender (Female/Male) 168 (32.6%) / 347(67.4%)
Lung function

FVC% (Median (IQR)) 79.6 (66.1 - 93.5)
DLCO% (Median (IQR)) 46.9 (37.9 - 58.7)

CPI (Median (IQR)) 46.1 (36.8 — 54.8)
Anti-Fibrotic Therapy (No/Yes) 337 (65.4%) / 178 (34.6%)
Smoking History (Ever/Never) 333 (64.7%) / 182 (35.3%)
IPF Diagnosis Category (ATS 2011)*

Definite IPF 249 (48.3%)

Probable IPF 26 (5.0%)

Possible IPF 110 (21.4%)

Inconsistent IPF 126 (24.5%)

No consensus reached 4 (0.8%)

UIP Diagnosis Category (ATS 2018)**
(Radiologist consensus, n=515)

Definite UIP 136 (26.4%)
Probable UIP 167 (32.4%)
Indeterminate UTP 84 (16.3%)

Alternative diagnosis 128 (24.9%)

Histology (n=86)

Definite UIP 53 (61.6%)
Probable UTP 16 (18.6%)
Possible UIP 11 (12.8%)
Alternative to UIP 6 (7.0%)

6.3.2 ATM22 Data

SABRE, the Smart Airway Biomarker Recognition Engine, is an innovative Al-based system de-
veloped using data from the Airway Tree Modelling 2022 (ATM22) project [174]. The ATM22
dataset, first released on the Grand Challenge platform in conjunction with MICCAI 2022
(https://atm22.grand-challenge.org/), comprises 300 cases from various sources including the
EXACT’09 public dataset, the LIDC-IDRI data repository, and Shanghai Chest Hospital. This
collection includes CT scans from both healthy individuals and patients with diverse pulmonary

conditions, such as pulmonary nodules, ground glass opacities, and lung cancer. These scans
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were obtained from multiple centres using different scanning equipment, patient positions (ei-

ther at full inspiration or expiration), and acquisition protocols.

The initial annotation of airway structures in these scans was performed by three junior radi-
ologists using ITK-SNAP software [189], followed by a review and consensus resolution of any

discrepancies by two senior radiologists.

6.3.3 SABRE- Smart Airway Biomarker Recognition Engine

SABRE integrates a fully connected fuzzy attention neural network and a smart branch de-
composition module for its operation. For its development, 300 CT scans from ATM22 were
utilized: 256 for training and 64 for validation. Additionally, to assess the model’s effectiveness
on external data, 25 HRCT scans from the Australian IPF Registry (patients with fibrotic lung
disease) and 25 HRCT scans from Royal Brompton Hospital (patients with COVID-19) were

used as a test set.

This system employs a ’split-merge’ approach for training and inference with 3D HRCT scans,
breaking down the scans into smaller patches and then reassembling the predictions into full
volumetric masks. An optimization function incorporating the airway centerline was included
to improve prediction accuracy, especially for terminal branches. SABRE was developed using
Pytorch 1.9, CUDA 11.1.74, and cuDNN 8.0.5, operating on an NVIDIA RTX 3090 on an
Ubuntu 20.04.2 LTS platform.

SABRE’s methodology involves identifying the trachea and central point in 3D data, followed
by projecting the 3D airway prediction onto two-dimensional images. The system first estimates
the height of the airway trees, and then calculates normalized Euclidean distances for airway
segmentation. Preliminary segments are identified using distance percentiles, which are then
refined and computed in 3D, resulting in various segmented airway volumes normalized against
the total lung volume. Further technical details, including image processing, training strategies,

and evaluation metrics, are provided in the [121].

SABRE initially identifies airway segments by pinpointing the trachea and a central spatial
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Figure 6.2: Approach used for obtaining airway segments.

point (marked as a yellow star in Figure within 3D volumetric data. This is followed by a
projection of the 3D airway model onto two-dimensional images along the y-axis (Py, as shown
in[6.2(a)) and z-axis (P, as shown in (b)). The process begins by estimating the height
of the airway trees, excluding the trachea. It then calculates normalized Euclidean distances,
which vary from 0 to 1, between each pixel representing the airway in the z-axis projection and
its associated central points (indicated by cyan dots for the right bronchus trees and blue dots

for the left bronchus trees).

Using a distance map, initial segments are established based on thresholds determined by
distance percentiles; specifically, the terminal, small, and medium branches are identified at
0.25 and 0.55 percentiles, respectively. These initial segments are re-projected into the 3D
volumetric model and further refined based on the bronchus trees’ distance constraints in the
Py projection. Finally, specific airway segments are calculated and normalized against the total
lung volume, resulting in four distinct measurements: SABRE-based terminal airway volume
(STermAV), SABRE-based small airway volume (SSmallAV), SABRE-based medium airway
volume (SMedAV), and the total airway volume (STotalAV).
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Semiquantitative HRCT evaluation.

The semiquantitative assessment of High-Resolution Computed Tomography (HRCT) involves
specific pattern definitions and scoring methods detailed in an online repository. In summary,
two experienced thoracic radiologists, with 10 and 12 years of experience respectively, evaluate
HRCTs for each patient. They assess the overall extent of Interstitial Lung Disease (ILD) and
measure the extent and severity of four specific interstitial patterns: ground glass opacification,
reticulation, honeycombing, and consolidation. They also evaluate the presence and severity of

emphysema and traction bronchiectasis.

For each HRCT, a diagnostic probability is assigned to each of the radiologic diagnosis categories
outlined by the 2018 Clinical Practice Guideline for Idiopathic Pulmonary Fibrosis (IPF). These
probabilities, which total to 100% and are censored at a 5% minimum, include categories such
as " Usual Interstitial Pneumonia (UIP): 75%”, ”Probable UIP: 25%”, ”Indeterminate for UIP:
0%”, and ”Alternative diagnosis: 0%”. This structured approach ensures a thorough and

standardized evaluation of HRCTs in the context of interstitial lung diseases.

Statistical Analysis.

Data presentation in this study adheres to standard statistical practices, using median or mean
along with standard deviations to represent central tendencies and variability, depending on the
distribution of data. Additionally, counts and percentages are used to describe categorical data.
The Chi-squared test is employed for analyzing differences between categorical variables, while
a two-sample t-test is used for parametric continuous variables. The threshold for statistical
significance is established at a p-value of less than 0.05. The performance of the SABRE
airway modelling technique is compared with other existing methods such as nnUNet [74],
WingsNet [87], ERNet |103], Rose [105], FANN [121], etc., utilizing the Wilcoxon signed-rank
test for analysis. Further, the interobserver agreement among radiologists on AIPFR airway
tree annotations is measured using the Kendall correlation coefficient (KCC). This involves

converting 3D binary annotation masks into 1D arrays and calculating KCC between pairs of
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annotators.

In exploring the relationship between disease severity and airway volume indices, linear regres-
sion is applied. Cox proportional hazard modeling is then used to ascertain both crude and
adjusted hazard ratios, focusing on transplant-free survival as the outcome. The survival period
is calculated from the registry HRCT date to a specific endpoint. To ensure the assumptions of
proportional hazards are met, various methods such as log-log plot inspection, comparison of
Kaplan-Meier and Cox predicted curves, and Schoenfeld residuals analysis (not detailed here)
are utilized. Finally, all results, including hazard ratios, 95% confidence intervals, and p-values,
are meticulously reported. The statistical analysis is rigorously performed using Stata 17.0 MP

Edition and Python SciPy 1.6.2, ensuring accuracy and reliability in the findings.

Table 6.2: Patient characteristics for those with an HRCT amenable to SABRE versus those
whose HRCT was not.

Variable SABRE

possible (n=217) not possible (n=298) p-value
Age 70.9 69.6 0.9663
Gender M:F (347:168) 140:77 207:91 0.1189
FVC (204:285) 80.5 80.3 0.5428
FEV1 (204:285) 83.1 84.2 0.2664
DLco (173:248) 48.9 49.2 0.4220
CPT (171:240) 45.1 45.4 0.4319
Radiologist-based TBX score (214:296) 1.75 1.73 0.5737
Fibrosis extent (214:296) 23.9 22.6 0.8663

Statistical Modelling strategy.

In the study’s multivariable analyses, patient age and gender were consistently accounted for
as controlling variables. For survival analyses, three distinct indices were employed to ad-
just for the varying severity of the disease: the semiquantitative total fibrosis extent score,
which provides a detailed measure of fibrosis coverage; the DeepDTA fibrosis scores, a more nu-
anced metric derived from advanced imaging techniques; and the Composite Physiological Index
(CPI), which amalgamates various lung function variables to gauge physiological impairment
attributable to Interstitial Lung Disease (ILD). The CPI is particularly noted for its ability to

reflect the impact of ILD while excluding the confounding effects of emphysema. Given that em-
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physema can influence the apparent severity of traction bronchiectasis, the study also includes
separate multivariate survival analyses specifically adjusted for the extent of emphysema. This
ensures a more refined and accurate understanding of the disease’s impact on patient survival,

taking into account the complex interplay between ILD, fibrosis, and emphysema.

6.4 Results

6.4.1 SABRE analysis on the AIPFR.

Out of 868 patients, 515 patients had High-Resolution Computed Tomography (HRCT) scans
suitable for analysis. The study observed high interobserver agreement among radiologists in
annotating airway trees, as evidenced by a near-perfect Cohen’s Kappa value of 0.937. Specif-
ically, the agreement for terminal branches was substantial (Cohen’s Kappa K= 0.742), while
for small branches, it was nearly perfect (Cohen’s Kappa K= 0.852). Of the initial patient
group, 298 were excluded due to insufficient image slices for SABRE analysis, leaving 217
patients with HRCT scans suitable for such analysis. Comparative analysis showed no signif-
icant differences between the volumetric HRCT group and those excluded due to inadequate
HRCTs. SABRE demonstrated enhanced performance relative to other state-of-the-art mod-
els, evidenced by an average detected branch ratio of 0.9434+0.056 and an average detected
length ratio of 0.959+0.037 in the AIPFR test set (n=90). These results in Table [6.3| highlight
the tool’s proficiency in closely matching Al predictions with clinicians’ annotations and its

Table 6.3: Segmentation performance of SABRE, t indicates significant differences (p<0.05)
evaluated by Wilcoxon signed-rank test.

Models IoU DLR DBR ALR AMR

nnUNet 0.924+0.0497 0.748+0.1797 0.688+0.2041 0.005£0.0067 0.072£0.0527
WingsNet 0.786+0.0851 0.810+£0.1431 0.7684+0.1721 0.046+0.0181 0.17840.089¢
ERNet 0.845£0.096  0.704%£0.189F 0.638+0.1997 0.046£0.0367 0.117+£0.0937F
ROSE 0.852+0.0837 0.755£0.1561 0.687£0.1691 0.077£0.0771 0.087£0.071f
CENet 0.824+£0.1047 0.639£0.2041 0.563£0.2041 0.043£0.0231 0.140£0.1137
FANN 0.87540.0587 0.861+0.0991 0.818+0.1201 0.087%0.0457 0.052+0.0357
SABRE 0.8484+0.041  0.959+£0.037  0.943£0.056  0.12440.048  0.048+0.027
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effective extraction of primary airway branches.

6.4.2 Univariate analysis of airway indicators.

Table 6.4: Univariable analysis Cox proportionate hazards models for airway segments

Variable HR P Value CI 95%
STotalAV (n=217)  3.46 <0.0001  2.47-4.85
SMedAV (n=217) 51.59 <0.0001 14.09-188.89
SSmallAV (n=217) 32.96 <0.0001 10.94-99.30
STermAV (n=217) 9.74  <0.0001 5.16-18.37

In the study’s univariate analysis (Table [6.4), different airway volumes measured by SABRE,
namely total airway volume (STotalAV), medium airway volume (SMedAV), small airway vol-
ume (SSmallAV), and terminal airway volume (STermAV), were all predictors of mortality.
These volumes continued to predict mortality even after adjusting for age and gender (Table

6.5). The relationships between medium, small, and terminal airway volumes were further

Table 6.5: Multivariate survival analysis of SABRE-based variables controlled for age and
gender.

Variable HR p-value 95% CI
STotalAV (n=217)  3.24 <0.0001  2.29-4.59
SMedAV (n=217) 39.05 <0.0001 10.10-150.92
SSmallAV (n=217) 28.00 <0.0001  9.15-85.68
STermAV (n=217) 9.04 <0.0001 4.66-17.55

explored. It was found that STermAV had a significant correlation with SSmallAV (R?=0.69,
p<0.0001), and similarly, SSmallAV correlated with SMedAV (R?*=0.44, p<0.0001). However,
when these variables were examined together in a multivariate analysis, only STermAV showed

a trend towards statistical significance (shown in Table . To refine the analysis, SSmallAV

Table 6.6: Multivariate analysis including all airway segment volumes.

Variable HR p-value 95% CI

SMedAV (n=217) 3.821 0.172 0.558-26.174
SSmallAV (n=217) 3.418 0.221 0.477-24.480
STermAV (n=217) 3.337 0.051 0.993-11.216

and STermAV were combined into a single variable, referred to as the SABRE-based primary
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airway volume (SPAV). This combined variable was then used in subsequent analyses to further

investigate its predictive power on patient outcomes.

6.4.3 Multivariate analysis against disease severity.

The correlation analysis (in Table explored the relationships between visual assessments of
total fibrosis extent, the automated DeepDTA fibrosis score, and the Composite Physiological
Index (CPI), revealing significant correlations. The CPI was found to correlate with the total
fibrosis extent (R?=0.21, p<0.0001) and had a stronger correlation with the DeepDTA fibrosis
score (R?*=0.36, p<0.0001). Additionally, there was a robust correlation between the total

fibrosis extent and the DeepDTA fibrosis score (R?=0.49, p<0.0001). Further analysis examined

Table 6.7: Relationship between disease severity (using total fibrosis extent scores, DeepDTA
score and the CPI) and SABRE-based airway segment volumes.

Variable Total fibrosis extent (n=214) DeepDTA score (n=164) CPI (n=171)

STotalAV RZ=0.26,p < 0.0001 R?=0.32,p < 0.0001 R?=0.14, p < 0.0001
SMedAV R? =0.17,p < 0.0001 R? =0.21,p < 0.0001 R? =0.16,p < 0.0001
SSmallAV R? =0.21,p < 0.0001 R? =0.22,p < 0.0001 R? =0.09, p = 0.0001
STermAV R? =0.25,p < 0.0001 R? =0.32,p < 0.0001 R? =0.11,p < 0.0001
SPAV R? =0.25,p < 0.0001 R? =0.31,p < 0.0001 R? =0.11,p < 0.0001

correlations between the SABRE-based primary airway volume (SPAV) and the total fibrosis
extent, DeepDTA fibrosis score, and CPI. The SPAV showed a correlation with total fibrosis
extent (R?=0.25, p<0.0001), DeepDTA fibrosis score (R*=0.31, p<0.0001), and CPI (R?=0.10,
p<0.0001). An increasing SPAV score was found to be associated with a higher risk of mortality,
and this association remained significant independent of disease severity. Similar multivariate
analyses of individual airway segments also indicated an association with increasing mortality
risk (in Table [6.8). Moreover, when controlling for the effect of emphysema, both the SPAV
and individual airway segment metrics demonstrated enhanced associations with mortality,

underscoring the importance of considering emphysema’s impact in these analyses.
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Table 6.8: Multivariate survival analysis of each of SABRE-based airway segment volumes with

disease severity

Without Emphysema

With Emphysema

Variable HR  P-Value CI 9% HR  P-Value CI 95%
STermAV (n=164) 4.18 0.001 1.86-9.36  5.77 <0.0001 2.51-13.27
CPI 1.05 <0.0001 1.04-1.07 1.05 <0.0001 1.03-1.07
STermAV (n=162) 2.51 0.051 1.00-6.33  3.41 0.01 1.35-8.62
DeepDTA fibrosis score  1.03 <0.0001 1.02-1.04 1.03 <0.0001  1.01-1.04
STermAV (n=214) 4.24 <0.0001 2.00-8.95 5.22 <0.0001 2.49-10.97
Total fibrosis extent 1.04 <0.0001 1.02-1.05 1.04 <0.0001  1.02-1.06
SSmallAV (n=164) 10.3  <0.0001 2.83-37.48 22.08 <0.0001 5.65-86.25
CPI 1.06 <0.0001 1.04-1.08 1.06 <0.0001  1.04-1.07
SSmallAV (n=162) 7.98 0.007  1.75-36.48 17.67 <0.0001 3.71-84.25
DeepDTA fibrosis score 1.03 <0.0001 1.02-1.04 1.03 <0.0001  1.02-1.04
SSmallAV (n=214) 10.47 <0.0001 3.00-36.57 19.10 <0.0001 5.32-68.57
Total fibrosis extent 1.4  <0.0001 1.02-1.06 1.04 <0.0001 1.02-1.06
SMedAV (n=164) 4.45 0.058  0.95-20.88 8.63 0.008 1.73-42.94
CPI 1.06 <0.0001 1.04-1.08 1.56 <0.0001  1.04-1.08
SMedAV (n=162) 2.11 0.382  0.40-11.26 4.22 0.106 0.74-24.11
DeepDTA fibrosis score  1.03 <0.0001 1.02-1.05 1.03 <0.0001  1.02-1.04
SMedAV (n=214) 12.07  0.001  2.94-49.46 23.79 <0.0001 5.59-101.24
Total fibrosis extent 1.04 <0.0001 1.03-1.06 1.04 <0.0001  1.03-1.06
SPAV (n=164) 2.70  <0.0001 1.59-4.58 3.56 <0.0001  2.05-6.20
CPI 1.05 <0.0001 1.04-1.07 1.05 <0.0001 1.03-1.07
SPAV (n=162) 2.06 0.019 1.13-3.77  2.66 0.002 1.44-4.91
DeepDTA fibrosis score  1.03  <0.0001 1.02-1.04 1.03 <0.0001  1.01-1.04
SPAV (n=164) 2.72 <0.0001 1.66-4.49 3.29 <0.0001 2.00-5.41
Total fibrosis extent 1.04 <0.0001 1.02-1.05 1.04 <0.0001  1.02-1.05

6.5 Discussion and Conclusion.

This study validates the prognostic value of a deep learning model, SABRE, in quantifying air-

way volume and, by extension, the severity of traction bronchiectasis in patients with suspected

IPF. Its predictions were found to be significantly independent of traditional disease severity



148Chapter 6. A Clinical Translation Study: Prognostication of patients with fibrotic lung disease

measures, offering additional insights into patient prognosis.

In the realm of fibrotic lung diseases, the challenge of predicting and monitoring disease pro-
gression is paramount, particularly for conditions like progressive pulmonary fibrosis. Although
anti-fibrotic therapies have shown benefits, the dilemma remains in the timely initiation of
treatment. Traditional markers like FVC are helpful but have limitations, prompting a shift
towards utilizing HRCT for more precise digital biomarkers. Despite the demonstrated prog-
nostic value of semiquantitative HRCT assessments in various fibrotic lung diseases over two
decades, their integration into clinical and trial practices remains limited due to subjectivity,
variability among observers, and relative insensitivity to minor disease progressions. SABRE
aims to overcome these limitations by offering an objective quantification of disease on HRCT.
It outperformed existing models and provided enhanced prognostic utility compared to tradi-

tional radiologist-based scores.

The study further established the significance of traction bronchiectasis severity as a robust
predictor of mortality, independent of overall disease severity. This severity potentially reflects
the progressive nature of fibrosis, thereby presenting traction bronchiectasis as more than just
a marker of disease extent. This insight could be crucial for early intervention strategies,

particularly in identifying patients for antifibrotic treatments before significant deterioration.

The model’s robustness is underscored by its effectiveness across diverse HRCT scans and
protocols, as evidenced by its application in a national IPF registry. However, the study ac-
knowledges limitations, including reliance on volumetric HRCTs and the need for standardized
HRCT protocols for consistent and widespread application of advanced HRCT analysis like
SABRE. Future directions might include automated evaluation of airway volume changes over
time for even more precise patient stratification and monitoring in clinical trials and treatment

regimens.

In conclusion, the study presents SABRE as a valuable tool for quantifying traction bronchiec-
tasis severity, offering significant prognostic insights into IPF patient management and high-

lighting its potential for broader application in clinical and research settings.



Chapter 7

Data Harmonisation, Retrieval and

Future Perspectives

7.1 Data harmonisation in digital healthcare

7.1.1 Introduction

Computational biomedical research plays a pivotal role in advancing digital healthcare and
biomedical studies. Its primary objective is to develop computational models that enhance
the accuracy of disease diagnosis, analyze gene expressions, and handle time series data like
electroencephalograms and electrocardiograms. These models are instrumental in uncovering
new risk biomarkers, predicting disease progression, optimizing treatment strategies, and iden-
tifying potential drug targets. They find applications across various domains, including cancer
research, pulmonary disease management, and neurological disorder studies. While effective
computational models should exhibit high performance, robustness, explainability, and repro-
ducibility, they often encounter challenges arising from data distribution biases in large-scale
studies. Data harmonization is a crucial aspect of working with medical data, with automated
methods commonly employed for medical images and gene expression analysis. However, other

modalities are often overlooked or harmonized manually. Machine learning approaches, partic-
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ularly deep neural networks, have been found to be highly sensitive to training data distribu-
tion. Therefore, there is a pressing need to develop techniques that can effectively integrate

device/site-invariant information from multiple datasets.

To address this issue, researchers have taken steps to establish standard acquisition protocols
[191}1193] and definitions [194},195] to facilitate the collection of standardized data. For example,
recommendations for acquisition protocols have been made for various imaging techniques like
F-FDG Positron emission tomography /computerized tomography (PET/CT) and MR imaging
in the context of multiple sclerosis [192,|193|. Additionally, efforts have focused on integrating
data from routine health information systems, involving manual harmonization and rule-based
alignment of electronic data [194,|195]. While these acquisition protocols have been successful
in reducing cohort bias in cross-scanner/site data, they are primarily suited for retrospective

studies and may not accommodate prospective research or personalized digital healthcare needs.

Therefore, it is imperative to explore computational methods for harmonizing multicenter
datasets, providing flexibility and effectiveness in handling diverse data sources and enabling

the advancement of digital healthcare and biomedical research.

Table 7.1: Existing data harmonisation reviews.

Survey [15] 1196 (197 [198: Ours

Period ~2020 ~2019 ~2020 ~2021 ~2021

# of reviewed studies N/A 23 49 42 96

Domain Radiomics Radiomics Radiomics Radiomics Radiomics, Gene, Pathology
Metric X X X b v

Checklist X X X X v

Guidance X v X X v
Meta-analysis X v X X v

The field of computational data harmonization in digital healthcare has seen some surveys
[15,/196},[199] addressing specific aspects, such as MRI [200] or CT harmonization. However,
these surveys have often been limited in scope, focusing on single modality or application areas,
lacking comprehensive evaluation metrics, and offering limited guidance for researchers (Table
7.1)). Furthermore, a standardized checklist for reporting and guiding methodology selection
in computational data harmonization studies has been notably absent. This survey aims to

fill these gaps by providing a comprehensive exploration of computational data harmonization



7.1. Data harmonisation in digital healthcare 151

strategies in the context of multimodal data in digital healthcare.

This survey covers three primary areas: gene expression, radiomics, and pathology, encompass-
ing over 96 qualified papers published within two decades. To facilitate better scientific practice
in the data harmonization community, a comprehensive checklist is proposed. This checklist
guides researchers in reporting their studies effectively, enhancing the clarity of explorations
(the strategy) and advances (performance metrics) in their research. The main contributions of
this survey include a three-fold taxonomy categorizing methodology, evaluation, and applica-
tions of computational data harmonization strategies, the introduction of a checklist for future
data harmonization studies, and a critical examination of existing strategies and potential areas

for improvement.

The remainder of the manuscript is organized as follows: Section 6.1.2 discusses the definition,
motivation, utilization, and proposed solutions for computational data harmonization issues;
Section 6.1.3 outlines the methodology used in conducting this survey; Sections 6.1.4, 6.1.5,
and 6.1.6 present the three-fold taxonomy of harmonization strategies; Section 6.1.7 presents
the results of the meta-analysis and introduces the checklist for data harmonization studies;
Section 6.1.8 provides an in-depth examination of the checklist and summarizes critiques and
limitations of current strategies; and finally, Section 6.1.9 concludes this survey, summarizing

the key findings and contributions.

7.1.2 Computational data harmonisation: definition, origin, what

for and how?

In this section, we delve into the intricacies of data harmonization, offering insights into its
definition, origin, purpose, and potential solutions within the realm of computational data
harmonization tasks. To facilitate a clearer understanding of these attributes, we provide a

comprehensive terminology guide for computational data harmonization in Table [7.2]
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Table 7.2: Terminology of computational data harmonisation.

Terminology Definitions

Cohort A group of data acquired by the same acquisition protocol and
devices

Subjects Patients (objects) involved in the study

Category The classes that were involved in the study, e.g., cancer vs. normal

Cases Samples (a subject can produce multiple samples with different
acquisition protocols) involved in the study

Cohort bias The non-biological related variances caused by acquisition proto-
cols (also named as “batch effect” in gene expression studies)

Source cohorts The cohort that needs to be harmonised from

Reference cohort The cohort that needs to be harmonised to

What?

Computational data harmonization in digital healthcare aims to mitigate cohort bias, primar-
ily originating from non-biological variations introduced by distinct data acquisition schemes.
It employs computational strategies, such as machine learning and image/signal processing,
to integrate multicenter datasets and reduce their non-biological heterogeneity. Unlike data
cleansing, data normalization, and standardization, data harmonization possesses a broader
scope and encompasses strategies for mitigating cohort biases caused by diverse acquisition
protocols and devices. It encompasses actions like removing outliers (data cleansing), align-
ing the location-and-scale parameters of cohorts (data normalization), and converting multiple
datasets into a common data format (data standardization/transformation, akin to manual
harmonization). Importantly, data harmonization should not be confused with style trans-
formation, which involves tasks like generating T1 images from T2 in MRI or generating CT

images from X-ray images. Data harmonization exclusively focuses on intra-modality datasets.

Why?

Computational methods entail the automated analysis of digital healthcare data through the
utilization of machine learning or mathematical modelling algorithms. Typically, these methods
involve the extraction and fusion of data-derived features from raw data. For example, the

grey level co-occurrence matrix (GLCM), a commonly used textual feature in radiomics, can
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serve as an independent prognostic factor, representing metabolic intra-tumoral heterogeneity
in surgically treated rectal cancer patients using F-FDG PET/CT images . However,
datasets obtained from different sites exhibit substantial variations , which can impede the
efficacy of extracted features and result in unstable performance in both computational and

manual diagnosis.

T(b)

Figure 7.1: Visual Representation of Differences in (a) Radiomics and (b) Pathology Images. (a)
Tustrates a lung tumour imaged using the same CT scanner but under six different acquisition
protocols (Source: [1]). (b) Displays H&E stained tissue images collected from various sites (Source:

[2])-

In particular, Zhao et al. identified significant segmentation-based inconsistencies in lung
tumours when multiple radiologists conducted repeated manual labelling. These inconsistencies
could lead to a substantial reduction (from 0.76 to 0.28) in concordance correlation coefficients
for certain radiomics features. Consequently, computational data harmonization is proposed to
eliminate or mitigate these non-biological variances in multicenter datasets, with the aims of
(1) enhancing the robustness and reproducibility of computational modules; (2) facilitating the
fusion of knowledge acquired from prior tasks with knowledge obtained from new tasks; and

(3) promoting comprehensive performance of computational modules.

The non-biological data variances primarily stem from hardware factors (e.g., scanners and
platforms), acquisition protocols (e.g., signal /imaging acquisition parameters), and laboratory
preparations (e.g., staining and slicing). These variances can undermine the reproducibility
of quantitative biomarkers and constrain time-series studies based on multi-source datasets.

Thus, there is an urgent demand for data harmonization strategies to generate reproducible
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features [201},202].

Heterogeneity of acquisition devices (inter-device variability)

The heterogeneity of acquisition devices, often referred to as inter-device variability, introduces
variance in multicentre data and is particularly prominent in signals, CT, MRI, and patho-
logical images. This heterogeneity arises from various factors, including differences in detector
systems from different vendors, variations in the sensitivity of coils, positional and physiolog-
ical differences during data acquisition, and magnetic field variations in MRI, among others
(references [203-206]). Even when using a fixed acquisition protocol across different brands of

scanners, studies have demonstrated that some radiomics features remain non-reproducible.

Table 7.3: Summary of the reproducibility /repeatability studies.

Reference Intra-repro Inter-repro Repeatability Condition Variables Object Modality
Jha et al. [207], 2021 77% (332/1080) 1.4% (154/1080)  82.2% (888/1080) 1CC=>0.90 STice Sickness Phantoms CT
Emanimanijad et al. [208], 2021 8.0% (18/226) / / CCC>0.90 Reconstruction Patients  CT
Kim et al. [209], 2021 7.5% (112/1020) / / CCC>0.90 Radiation Dose Patients CT
Yamashita et al. [210], 2020 / 5.6% (15/266) / CCC>0.90 Different Scanners Patients ~ CECT
Fiset et al. [211], 2019 / 22.6% (398/1761) / 1CC>0.90 Different Scanners Patients =~ MRI
Saeedi et al. [212], 2019 20.5% (8/39) / / CoV<s% Tube Voltage Phantoms CT
30% (13/39) / / CoV<5% Tube Current Phantoms CT
Meyer et al. [213], 2019 20.8% (22/106) / / R"2>0.95 Radiation Dose Patients CT
52.8% (56/106)  / / R"2>0.95 Reconstruction Patients ~ CT
39.6% (42/106)  / / R"2>0.95 Reconstruction Patients ~ CT
12.3% (13/106) / / R"2>0.95 Slice Sickness Patients  CT
Perrin et al. [214], 2018 24.8% (63/254)  / / CCC>0.90 Injection Rates Patients ~ CECT
13.4% (34/254) / / CCC>0.90 Resolution Patients ~ CECT
Midya et al. [215], 2018 11.7% (29/248)  / / CCC>0.90 Tube Current Phantoms CT
19.8% (49/248)  / / CCC>0.90 Noise Phantoms CT
63 3% (157/248) / / CCC>0.90 Reconstruction Patients ~ CT
Altazi et al. [216], 2017 % (17/79) / / Mean difference <25% Reconstruction Patients PET
Zhao et al. |1}, 2016 11 2% (10/89) / CCC>0.90 Reconstruction Patients CT
/ / 69.7% (62/89) CCC>0.90 / Patients CT
Hu et al. [217], 2016 / 64.0% (496/775)  ICC>0.80 / Patients ~ CT
Choe et al. |218], 2019 15.2% (107/702) / CCC>0.85 Reconstruction Patients CT

Heterogeneity of acquisition protocols (intra-device variability)

The primary sources of cross-cohort variability in multicentre data are different acquisition
protocols, which encompass scanning parameters (e.g., voltage, tube current, field of view,
slice thickness, microns per pixel) and reconstruction approaches (e.g., various reconstruction
kernels) [219]. To assess the reproducibility and repeatability of radiomics features, several
studies have conducted test-reset experiments. In Table good reproducibility /repeatability
is defined as a high correlation coefficient (e.g., ICC, CCC, R?) or low difference (e.g., mean
difference, CoV) between two features. For example, a radiomics feature is considered repro-
ducible/repeatable when the CCC between features extracted from two repeated scans is greater

than 0.90. However, scanning parameters significantly impact radiomics features, leading to
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challenges in statistical analysis. For instance, only 15.2% of radiomics features are repro-
ducible when soft and sharp reconstruction kernels are used [218]. This limited reproducibility
poses a significant obstacle to large-scale digital healthcare studies and the application of com-
putational models. While implementing strict standard protocols can reduce non-biomedical
variances, physicians often require non-standard acquisition protocols to address personalized
image quality considerations. For instance, adjustments to thickness and pixel size are regularly
made on a case-by-case basis to enhance data quality [220]. Consequently, the heterogeneity of

acquisition protocols is inevitable, necessitating a general solution.

Heterogeneity of laboratory preparations (Preparation variability)

Laboratory variances, including sample preparation, assay, slicing, and staining, introduce het-
erogeneity in gene expression, radiomics, and pathological data. In single-cell RNA sequencing
(scRNA-seq) and microarray data, various analysis platforms exhibit different biases, mak-
ing it challenging to integrate and compare results from multi-centre or batch data [221}222].
Radiomics data may also be affected by variances such as injection rate and radiation dose,
which can impact data quality. In the case of pathology data, variances primarily arise from
manual operations [223][224], including biopsy sectioning, sample fixation, dehydration, and
stain concentration. These factors collectively contribute to variations in pixel values and stain

consistencies in pathological data.

What for?

The challenges of integrating and utilizing multicentre datasets highlight the importance of data
harmonization in conducting large-scale and longitudinal studies [225]. Without harmonization,
information fusion cannot yield reproducible results in such studies [226], and caution must be
exercised when drawing conclusions, as some features may vary significantly due to minor non-
biomedical changes [227]. Data harmonization is particularly crucial for patients monitored
longitudinally and imaged on different scanners. For example, longitudinal PET data collected
from multiple scanners may not provide useful information if not harmonized, as the relationship

between standard uptake value (SUV) and outcomes may become obscured [202].
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Another challenge is the transferability of computational models, as their performance tends
to be unstable when applied to multicentre datasets [228|. To address this issue, transfer
learning has been proposed to enhance the robustness of computational models by incorporating
prior knowledge about potential data variability. Transfer learning requires additional training
samples to reduce uncertainty regarding the data variability that models may encounter during
inference, which can be impractical for prospective studies in the digital healthcare field. In
contrast, computational data harmonization strategies can process data without requiring extra
training or fine-tuning, providing a practical solution for multicentre studies. Moreover, there is
growing evidence that combining data harmonization with machine learning algorithms enables

robust and accurate predictions on multicentre datasets [229].

How?

The deployment of computational methods in data analysis involves several stages: prepara-
tion, pre-processing, modeling, and analysis. Preparation includes acquiring datasets through
techniques like staining and scanning. The next stage, pre-processing, involves refining the
data for further analysis. Data harmonization is a crucial step in this process, and it can be

approached in two ways: sample-wise and feature-wise (shown in Fig. .

[ Datasets ]—’[ Preprocessing ]——b[ Modelling ]—'[ Feature Extraction ]—*[ Feature fusion ]—

Dataset 1 Dataset 1 Model 1 GLCM1(g11, 912, Y13, --) GLCMY'(g11, 912", 913, )
Dataset2 ____  Dataset2 Model2 ___,  GLCM2(g21,922, 923, --) _ - _p GLCM2(g21", 922" G23's )
Dataset n Dataset n Model n GLCMN(Gn1, Gnz» Inz» ) GLCMN(Gn1", Gnz'» Gz’ ) Analysis

- { Data fusion ]—’[ Modelling ]—’[ Feature Extraction -

) GLCM1(911, 912, Y13, )
—=» Model --+ 11,912, 913 L.
Mixed Dataset ode GLCM2(Gn, G, Gor ) —— Sample-wise fusion

— Feature-wise fusion

GLCMN(Gn1, Gnz, Gn3s )

Figure 7.2: Scheme of computational data harmonisation.

Sample-wise harmonization, typically done before modelling, aims to minimize variance across
training samples from different sources, effectively treating them as a single dataset. This
process often involves image processing, synthesis, and learning invariant features, which helps

in developing a single, robust model for clinical tasks. Feature-wise harmonization, on the other
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hand, focuses on reducing bias in extracted features, such as the Gray Level Co-occurrence
Matrix (GLCM) or the convex hull area in regions of interest. This approach is usually applied
to extracted feature matrices, where variances are eliminated by integrating the features from
different cohorts, as illustrated in the referenced figure with red and blue dots representing

different cohorts.

Both methods are effective in reducing variances and enhancing analysis performance. However,
feature-wise harmonization is more complex as it requires multiple models to extract relevant
features. This complexity increases when dealing with small sample sizes in each cohort, making

it challenging to develop appropriate models.

7.1.3 Methods

Literature search and review

[ Initial searching ] Using terms:
» Batch effect removal

, * Deep learning & harmonisation
* Data harmonisation
» Normalisation & harmonisation
*  Colour normalisation
* Reproducibility & radiomics
* Image standardisation

Papers for title &
abstract screening
1118 papers

j Irrelevant & Duplicates
1 880 papers

Y

Papers for full-text screening
238 papers

Application 7 papers
Conference 74 papers
Unqualified -
>( q Manual Harmonisation 13 papers
L 139 papers
Review 8 papers
h 4 \
Papers for quality review “. Reproducibility Studies 40 papers
96 papers

Figure 7.3: Procedure of literature selection.
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The literature search for our systematic review was a meticulously structured process, carried
out by two researchers with backgrounds in computer science and biomedical research. To en-
sure objectivity and thoroughness, disagreements were resolved by consulting a third reviewer
specializing in biomedical data analysis. This comprehensive search was conducted using the
Scopus Preview (Elsevier) database, encompassing publications up to July 10, 2021. Our inves-
tigation focused on harmonization strategies in information fusion, guided by a set of keywords:
'batch effect removal’, deep learning’, ’harmonisation’, ’data harmonisation’, 'normalisation’
and "harmonisation’, 'colour normalisation’, 'reproducibility” and 'radiomics’, 'image standard-
isation’. These terms were searched both individually and in combination to maximize the
breadth of literature covered. It’s important to note that 'normalisation’ and ’standardisation’

are both considered methods of harmonisation.

The initial stage of screening involved reviewing titles and abstracts to exclude irrelevant arti-
cles. This was followed by a more detailed evaluation against our specified criteria, to determine
the eligibility of articles for full-text review. A flowchart in Fig. visualizes this literature
selection process. After discarding irrelevant and duplicate articles based on title and abstract
screening, 238 articles were identified for full-text evaluation. Applying our eligibility criteria,

139 of these were deemed unqualified, leaving 96 papers to be included in the systematic review.

7.1.4 Data harmonisation strategies for information fusion

In our systematic review, we categorized data harmonization approaches into four distinct
groups: distribution-based methods, image-processing techniques, synthesis strategies, and in-
variant feature learning. To clarify the underlying concepts and interrelationships among these
computational approaches, we created a taxonomy. This taxonomy is visually represented in
Fig 4, providing an intuitive guide to understanding the different techniques. This illustration
is followed by an in-depth description of each harmonization method, further elucidating the

nuances and applications of these techniques in the field of data harmonization.
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Figure 7.4: Taxonomy of computational data harmonisation strategies.

Distribution based methods

Distribution-based methods in data harmonization are designed to estimate or calculate biases
between cohorts from latent spaces and then align or map source data to target data using bias
correction vectors or alignment functions.

Location-Scale Methods (LS). Location-scale methods involve adjusting the mean and vari-
ance of each dataset to a common scale. A notable example is the ComBat algorithm ,
which uses empirical Bayes methods to robustly estimate these parameters and then stan-
dardizes the data to reduce biases. Variations of ComBat, such as ComBat-seq and
QN-ComBat [232], offer flexibility by accommodating different data distributions and incorpo-
rating quantile normalization for improved performance in specific contexts like gene expression
data.

Iterative clustering methods (IC). These methods employ iterative clustering to refine the

harmonization process through repeated bias corrections. Techniques like Cross-platform nor-
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malization (XPN [233]) and Harmony [234] utilize clustering to identify and harmonize groups
of similar data points or genes, thus aligning the overall data distribution. These approaches
are especially effective in contexts where data needs to be segmented into distinct clusters be-
fore harmonization.

Nearest neighbours methods (NNM). NNM focuses on identifying and aligning the near-
est neighbour pairs across different datasets. Methods like Mutual Nearest Neighbours [235]
and Scanorama [236] calculate bias correction vectors based on these pairs and apply adjust-
ments to achieve harmonization. These techniques [223,237,[238] are crucial for datasets where
relationships between data points can be represented as geometric distances.

Remove unwanted variations (RUV). RUV methods [239-241] operate on the premise that
cohort bias is distinct from biological variance, treating the latter as ”unwanted variations.”
For instance, biases observed in negative control genes (genes known to be unaffected by the
biological changes of interest) are considered indicative of cohort bias [242243]. Under this
assumption, raw data is harmonized by subtracting these unwanted variations.

Spherical harmonics (SH). Spherical harmonics approaches are specialized techniques used
to harmonize MRI data. Their primary objective is to align data from different cohorts into
the same spherical harmonic domain by adjusting spherical variables. Two notable methods in
this category are Rotation Invariant Spherical Harmonics (RISH) [203]244}246] and Spherical
Moment Harmonics (SMM) [247,248].

Distribution alignment (DA). DA methods, such as Cumulative Distribution Functions
Alignment [249] and Probability Density Function Matching [250], transform the data distribu-
tions of the source cohort to match those of the reference cohort. These techniques are adept
at handling complex data transformations and are essential when datasets require alignment

to a highly specific reference distribution.

Image processing

Image processing techniques are utilized in data harmonization across multiple cohorts, incor-
porating a range of digital image processing algorithms. These include image filtering (also

known as image convolution), registration, resampling, and normalization. Image Filtering
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and Resampling. Image filtering techniques [251}252], such as convolution with arrays like
the 2D second-order Butterworth low-pass filter, help eliminate cohort biases by adjusting the
data’s frequency components. This is particularly effective for CT images where voxel size
discrepancies can skew data interpretation. Additionally, physical size resampling, such as bi-
linear resampling [251], standardizes pixel or voxel sizes across images, which is critical for

maintaining the integrity of radiomic and pathological features.

Standardization/Normalization (SIN). Standardization and Normalization: These meth-
ods are employed to reduce variability and inter-cohort differences by applying linear transfor-
mations across image datasets. Techniques like global colour normalization (GCN) [253]254]
and histogram matching [255}256] adjust the colour statistics and contrast of images, respec-
tively, aligning them with a reference standard. Local colour normalization [257] further refines
this by focusing adjustments on specific image regions, preserving essential information while

aligning background luminance.

Stain separation methods (SS). Stain separation approaches [258-261] decompose input
images into distinct channels, such as the haematoxylin, eosin, and background channels in
H&E-stained images, to analyze and align stain feature matrices from source to target cohort
data. The foundational principle of stain separation is based on Lambert Beer’s law [262], which

in RGB space suggests that stain concentrations are nonlinearly dependent on light intensity:
I = Iye™ 9P (7.1)

where I is the incident light value, and OD, represents the optical density (OD) of images.

The objective of most stain separation methods is to factorize OD values into two matrices:

OD, = log (;—0> =8x%xD (7.2)
c

Here, S denotes the stain depth matrix, and D represents the stain colour appearance (SCA)

matrix.
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Synthesis

Synthesis aims to accurately recreate a sample from a missing modality or domain, facilitating
the harmonization of multi-cohort datasets. It views harmonization as a style transfer task,
treating each cohort as a unique ’style’ and converting all samples to a uniform ’style’. Synthesis
methods are categorized based on training sample characteristics into paired synthesis and

unpaired synthesis.

Paired Sample-to-Sample Synthesis (P-s2s). P-s2s methods utilize paired samples from
the same subject acquired through different protocols to train the system. They focus on
learning data transfer between source and reference cohorts, necessitating repeated subject
acquisition under varying protocols. This method is mostly applicable to radiomic data due to
the impracticality of repeated acquisition for gene expression and pathology data. Techniques
such as the Spherical Harmonic Network [263], Deep Rotation Invariant Spherical Harmonics
[264] and DeepHarmony [218,265,266] utilize deep learning frameworks to adjust the data to a
consistent style across different cohorts. For example, DeepHarmony uses a U-Net architecture

to ensure consistent contrast across various data samples.

Unpaired sample-to-sample synthesis (Up-s2s). Unpaired Sample-to-Sample Synthesis
(Up-s2s) methods create harmonized data using cycle-consistent generative adversarial networks
[267,1268] or conditional variational autoencoder-decoders [269-271|, requiring ample samples

and cohort labels from different cohorts for effective network training.

Invariant feature learning

Invariant feature learning techniques aim to identify cohort-invariant features from diverse co-
horts, subsequently utilizing these features for primary tasks such as segmentation, classifica-
tion, or regression. The essence of representation learning for harmonization lies in constructing
a sparse dictionary or mapping from multi-cohort data, ensuring learned representations ex-

clude inter /intra-cohort variability.

Dictionary Learning (DictL). Sparse dictionary learning [272,273] reduces data complexity
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by identifying key invariant features that can be used to reconstruct data accurately. This
method is pivotal in scenarios where the essential data features need to be distilled from large

datasets with substantial variability.

Autoencoder-Based Methods. Techniques like DESC [274] and BERMUDA [275] use au-
toencoders to learn a representation of data that minimizes within-cohort variability while
maximizing the distinction between different cohorts. These learned features are then used for
tasks such as classification or regression, ensuring that the models perform well across all data

sources.

Adversarial Learning Methods (AdvL). Adversarial learning methods develop systems
that concentrate on scanner/protocol invariant features while maintaining performance on the
main task, thus mitigating cohort bias in predictions. These methods [276-279] typically consist
of an adversarial module for cohort identification, a backbone for feature extraction, and a main

task module for classification, regression, and/or segmentation.

_— L
Main Task > T
Raw Data ——  Encoder Latent vector z
Cohort L
Classifier ~~~ % "“aadv
(a)
Raw Data — Encoder Latent vector = Decoder — Recogzt;:cted
v
Lpc
Logy 4--- Cohort SR
Classifier . - Ly
(b)

Figure 7.5: Description of adversarial learning methods.

Adversarial learning methods applied in data harmonization predominantly adopt two struc-



164 Chapter 7. Data Harmonisation, Retrieval and Future Perspectives

tural frameworks, as depicted in Fig. (a) and (b). Techniques such as AD2AH (Attention-
guided Deep Domain Adaptation Harmonics) [276], DUH (Deep Unlearning Harmonics) [277],
and scDGN (Single-Cell Domain Generalisation Network) [278] utilize an adversarial module
(domain classifier). This module aids the encoder in learning cohort-invariant features by max-
imizing the adversarial loss L.q, while minimizing the main task loss Ly, as shown in Fig.
7.5|(a). For precise feature representation z, methods like NormAE [279] incorporate a decoder
to reconstruct the input raw data, aiming to minimize the reconstruction loss Lgc, illustrated
in Fig. [7.5(b). Through these optimization functions, the main task is enabled to maintain

stable performance across multi-cohort data.

7.1.5 Evaluation approaches of the data harmonisation strategies

This section delves into evaluation methodologies for harmonization performance, categorizing
them as distribution-based, correlation-based, value-based, and task-based metrics. Distribution-
based metrics assess harmonization through cluster analysis or location-scale parameters across
cohorts. Correlation and value-based metrics examine the variability of data-derived features
from different cohorts to evaluate reproducibility. Cohort classification is also employed as
an evaluation method, showcasing the effects of harmonization through classification results.
Visualization is a commonly utilized approach for direct comparison of datasets pre and post-

harmonization.

Distribution-Based Evaluation. Distribution-based metrics evaluate harmonization by an-
alyzing clustering or local-scale parameters. Clustering-related metrics include the Adjusted
Rand Index (ARI) [274], k-Nearest Neighbour Batch-Effect Test (kBET) [280], and Local In-
verse Simpson’s Index (LISI) [234281]. Location-scale metrics encompass Structural Simi-
larity Families [46}282], Normalised Median Intensity [223.261}283-287], Coefficient of Varia-

tion [52,203,212,[243/288-292], and KL Divergence [274,293].

Correlation-Based Evaluation. Correlation-based evaluation measures reproducibility through
statistical analysis, calculating correlations between features before and after harmonization.

This includes the Pearson correlation coefficient [222]/223/261],294-297], concordance correlation
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coefficient [218}251252,266,298,299)], intra-class correlation coefficient [249,2504252,288l[300],

and others.

Value-based evaluation. Value-based evaluation primarily focuses on assessing intensity
differences between data or data-derived features before and after harmonization. A low value
of intensity differences indicates effective harmonization, often relying on a ”ground truth”

as a benchmark for results. These evaluation metrics include Mean Absolute Error (MAE)

244,265, 277,296,301 307, Root-Mean Square Error (RMSE) [239]248, 249, 263|264, 266,290,
2041/303/307-3104310], Peak Signal to Noise Ratio (PSNR) [309//311].

Main Task-Based Performance Evaluation. The effectiveness of harmonization methods is

often demonstrated by comparing the performance of primary tasks (e.g., regression, segmenta-

tion, classification) before and after harmonization [242,249303,312]. While this result-oriented

approach may be influenced by the random initialization of models, it provides substantial ev-

idence of harmonization effectiveness. Regression tasks are evaluated using metrics like the

Dice coefficient or Intersection over Union (IoU) [256}259,261,267,277.305,313]. Classification

tasks employ various metrics, including Area Under the Receiver Operating Characteristics

Curve (AUC) [243|259, 263,276,279, 284] 286|314 318], accuracy [222,237,[247.[255| 259,269

2711[274,276/278,289]305/[3061[314,[318321], True Positive Rate [231}[281], sensitivity [276/319],
specificity [319], and Matthews Correlation Coefficient (MCC) [289].

Cohort Classification. Some studies assess harmonization strategies using cohort classifica-
tion ,. This metric is based on the premise that effective harmonization makes
cohort identification more challenging. For example, Wachinger et al. evaluated cohort
identification accuracy across various datasets, finding that ComBat yielded the least accurate

results, indicating superior harmonization.

Visualization. Visualization techniques depict data distributions in low-dimensional feature
spaces or sample intensities. Approaches like Principal Component Analysis (PCA) ,,
2411279],295//303}312}/320], Uniform Manifold Approximation and Projection (UMAP) [222/[237|
2711[275][281,3141[322], and t-Distributed Stochastic Neighbour Embedding (t-SNE) [235]238,

241}|270,2711/276.[278,315.1323,[324] are employed to visualize data distribution in latent spaces.
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Effective harmonization is indicated by mixed data distributions rather than distinct clusters.

Researchers also plot intensities or location-scale parameters (mean and variance) of samples pre

and post-harmonization to evaluate performance [230],241},243},254},256|257,259|260%[290.[309].

7.1.6 Meta-analysis

This review categorizes methodologies and metrics based on diverse theories and conducts
meta-analyses in three key areas: gene expression, radiomics, and pathology. The differentia-
tion in modalities is essential due to distinct data properties: gene analysis primarily involves
expression matrices, radiomics encompasses high-dimensional volume arrays (grayscale images

per slice), and pathology relies on large-sized colour images.
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Figure 7.6: Trend in Publications Over Years Based on Data Properties and Modalities. "Public data’
refers to open-source data accessible online, while ’in-house data’ denotes datasets not available on
the internet. The percentage shown in the top left subfigure represents the proportion of studies
conducted using public datasets.

Data Properties and Study Trends. Fig. [7.6[top left) illustrates the evolution of har-
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monization studies from 2000 to 2021, emphasizing the proportion of studies using public
datasets, which are accessible via open-source platforms, unlike in-house data. A notable surge
in harmonization research since 2019 highlights the growing need for large-scale studies and
sophisticated harmonization strategies. We also explore harmonization research trends across
various sub-modalities, including Microarray and sRNA-seq in gene expression, CT and MRI in
radiomics, and digital pathology. In gene expression, microarray harmonization peaked before
2015, whereas sRNA-seq has gained prominence recently. Radiomics studies, particularly in
MRI, are increasingly focusing on enhancing feature reproducibility. Pathology data harmo-

nization has been a longstanding focus, receiving heightened attention in recent years.
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Figure 7.7: Harmonization Strategies Across Different Modalities. ’IFL’ denotes Invariant Feature
Learning approaches, and 'Img Pro’ stands for Image Processing approaches. Each pie chart is anno-
tated with the percentage of various sub-methods, identified by their abbreviations.

Strategies and Modalities. The intersection of diverse biomedical data modalities with
harmonization strategies is presented in Fig. [7.7] Distribution-based methods are prevalent in
gene expression and radiomics (79% and 59%, respectively), but less so in digital pathology
(5%). Empirical Bayes methods are favored for their generalizability and robustness, while RUV
and SH are more modality-specific. Image processing approaches are predominantly utilized in
digital pathology, focusing on standardization/normalization and stain separation. Recently,
invariant feature learning and synthesis, driven by deep learning algorithms, have been applied

across all three modalities.

Evaluation Metric. Evaluation metrics, essential in harmonization method development,
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assess performance by analyzing distributions, correlations, and values between source and
target cohorts. Visualization is the most widely used evaluation method, followed by main
task performance analysis (Fig. . Some studies use cohort classification for evaluation,
but this approach has limitations as the inability to distinguish cohorts doesn’t necessarily
imply effective harmonization. Despite various evaluation options, challenges persist in clinical
implementation, including the need for paired datasets (often impractical in clinical settings),
machine learning-based modules for performance comparison, clinician involvement for sub-
jective assessment, and predefined ROIs. Moreover, harmonization’s role is pivotal for model
federation, raising questions about the extent to which local datasets should be harmonized
without compromising locally specific data nuances beneficial for local model generalization.

Along with the utilization of various metrics, Fig. details the evaluation metrics specific
to different modalities. Visualization is notably preferred in gene expression and digital pathol-
ogy, encompassing data distribution visualization (e.g., using UMAP, t-SNE) and comparison
of samples pre and post-harmonization. Many pathology studies leverage distribution-based
metrics, such as structural similarity and normalized median intensity. Task-based evalua-
tion is also deemed reliable, comprising 19%, 28%, and 13% of all evaluation methods across
modalities.

Table 7.4: Data scale (image size) in previous studies. The small, middle, large image sizes are
defined as € € [0,256), € € [256,512), € > 512, respectively, N/A indicates there is no report of
image size.

Small Middle Large N/A

Radiomics 9.1% (6) 18.2% (12)  3.0% (2)  69.7% (46)
Pathology  5.0% (1)  15.0% (3) 60.0% (12)  20% (4)

Data Scale - Images. The scale of samples in radiomics and pathology is intricately linked
to image resolution and quality. We analyzed the variable € = v/w x h for studies involving
images of width w and height A. In radiomics, most studies utilized 256-pixel images, while
some used 512 and 128 pixels, often constrained by GPU or RAM limitations, especially for
3D or multi-slice datasets. Notably, 69.7% of radiomics studies did not report image size,
compared to 20% in pathology. Pathological images are predominantly large-scale (¢>500), as

image processing algorithms yield better results with broader fields of view.
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Figure 7.8: Evaluation metrics regarding different modalities.

7.1.7 Research directions

This section addresses research directions for various data harmonization approaches, highlight-

ing their limitations and common restrictions in prior studies.

Directions for Distribution-Based Methods.

Distribution-based methods map source

data to targets by estimating cohort variances, but face several challenges:

1. They often rely on refined feature vectors requiring prior knowledge of the region of
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interest, conflicting with their initial purpose for robust multicentre dataset processing.

2. Although effective in phantom studies (e.g., ComBat), they struggle with images or high-

dimensional signals due to computational complexity.
3. Harmonization must be reapplied to entire datasets when new data are added.

4. Pairwise approaches (e.g., XPN, DWD, CCA, MNN;, Seurat) complicate training for mul-

ticentre datasets [274].

To address these, future research should focus on harmonizing raw datasets, developing efficient
and robust strategies, and avoiding pairwise algorithm development.

Directions for Image Processing-Based Methods. Image processing-based methods offer
simpler harmonization but have their limitations, such as field-specific applications (e.g., stain
separation) and reliance on empirical settings (e.g., filtering kernels). Future work should
develop general approaches that minimize reliance on empirical settings.

Directions for Synthesis. Deep learning-based synthesis has advanced rapidly but faces

issues with reproducibility and generalizability:

1. Many methods lack evaluations on new datasets.
2. GAN-based models risk instability and unrealistic changes.

3. Training GANs requires extensive data, often impractical in clinical studies.

Researchers should focus on reporting performance on new datasets, enhancing stability, and
building strategies requiring less training data.

Directions for Invariant Feature Learning. Invariant feature learning focuses on extract-
ing cohort-invariant features, while it cannot produce harmonized data. Future studies should
explore generating harmonized data using extracted features.

Explainable AI for Further Harmonisation Studies. Explainable AT (XAI) methods [325]
remain unexplored in harmonization literature. XAl can identify data representation inconsis-

tencies, aiding in detecting biases and out-of-distribution examples. Improved harmonization
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can benefit XAl by standardizing data and reducing biases [326}327]. The intersection of har-
monization and XAI presents exciting research opportunities.

Limitations in Methodology Design. Many harmonization studies lack a stepwise design
methodology, impeding reproducibility. For instance, over half of radiomic studies do not re-
port image scale. Diverse definitions of 'reproducible’ and varied evaluation metrics also hinder

method comparison for future research.

7.1.8 Guidance of data harmonisation strategies and metrics

Research indicates that improper data harmonization strategies can introduce significant bias,
leading to less accurate predictions [328]. To aid in method selection, a flowchart detail-
ing potential harmonization approaches is depicted in Fig. [7.9 (left). According to the
flowchart, distribution-based methods are effective for refined features or gene matrices. For
high-dimensional images, image processing methods are preferable in the absence of high-
performance GPUs. Deep learning-based methods, including invariant feature learning and
synthesis, are suitable for various modalities but require ample training samples. Invariant
feature learning is particularly recommended when the main task aligns with the training pro-

cess, as synthesis might introduce unrealistic artefacts into the data. Regarding evaluation, the
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Figure 7.9: Flowchart of how to choose harmonisation approaches (left) and evaluation metrics (right).

choice of metrics crucially determines the reliability of results. Fig. [7.9] (right) summarizes and
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recommends data harmonization metrics for different scenarios. Visualization offers an intu-
itive method for analyzing harmonization outcomes, achievable through techniques like t-SNE,
UMAP, or PCA on both raw and harmonized data. Main task-based evaluation can effectively
demonstrate the impact of harmonization strategies by comparing task performance on data
pre- and post-harmonization. In the absence of harmonized ground truth, distribution-based
metrics can be employed to gauge sample mixing, though cohort labels might be necessary.
When harmonized ground truth is available, value-based or correlation-based metrics can pre-

cisely indicate the effectiveness of data harmonization.

7.1.9 Conclusion

Computational data harmonization has played a crucial role in digital healthcare research for
years. However, integrating basic science research models and data fusion into multicentre,
multimodal, and multi-scanner medical practice and clinical trials remains challenging without
effective harmonization. Transfer learning, federated learning, multitask learning, and other
knowledge-exchange methodologies require minimal distribution shifts to maintain coherence
across models and centres. In cases of significant distribution variation, data harmonization
becomes essential. However, the appropriate approaches and metrics for handling multimodal
datasets are not well-established, and the absence of standardized methodologies hinders re-

producibility.

To address these challenges, this section provides a comprehensive summary and categorization
of existing data harmonization strategies and metrics, informed by diverse theoretical under-
pinnings. The introduction of the CHECDHA criteria aims to standardize the harmonization
process, enhancing academic reproducibility and development. Furthermore, we summarize
data harmonization approaches and evaluation metrics specific to three modalities (Fig.
and Fig. [7.8]), offering guidance on selecting suitable strategies and metrics (Fig. based on
various conditions. Additionally, limitations and future directions for different harmonization

methods were discussed.

Data harmonization is increasingly recognized as a pivotal process in large multicentre studies
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within computational biomedical research. It is particularly adaptable to federated learning
systems, significantly contributing to the advancement of computational modules in areas like
radiomics, genetics, and pathology. Given the critical need for standardization in reporting
harmonization research, we advocate for researchers to adhere to and build upon the checklist

presented in this survey.

7.2 Deep Vectorised Hashing for Image Retrieval

Image retrieval in large-scale clinical databases is effectively addressed by leveraging CNN and
hashing techniques, surpassing traditional retrieval methods. However, some current methods
simplistically treat retrieval as classification, resulting in over-centralization by assigning iden-
tical hash codes to similar class samples. Other approaches attempt to control the Hamming
distance between similar and dissimilar samples using probability functions, but their sharp-
ness often leads to training instabilities like vanishing gradients. Additionally, most methods
overlook the out-of-distribution (OOD) challenge, particularly under adversarial attacks. To
overcome these limitations, we introduce a novel hybrid model combining deep hashing with

OOD detection for medical image retrieval.

7.2.1 Introduction

The rising importance of medical imaging for enhancing diagnoses and patient outcomes has
led to an accumulation of substantial imaging data, necessitating effective management and
retrieval mechanisms. Image retrieval, pivotal for case analysis and clinical education, enables
swift access to pertinent images, thereby aiding efficient diagnosis and prognostication. How-
ever, the sheer volume of data in large-scale repositories poses a challenge, which automated
image retrieval can address. Among various techniques, hashing, notable for transforming
high-dimensional data into binary codes (hash codes), facilitates the identification of similar
samples via Hamming distance computation. Nonetheless, traditional hashing methods often

yield approximate results, limited by their feature extraction capabilities.
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Figure 7.10: Challenges in Retrieval Tasks for Medical Images: This includes issues like over-
centralization and poor performance on Out-of-Distribution (OOD) data. Over-centralization refers to
assigning identical hash codes to samples within the same category without accounting for variations
within the class. Weak OOD performance implies the model’s inability to identify OOD samples,
forcing it to incorrectly associate them with known classes.

In the realm of AI systems, accuracy, reliability, and safety are paramount, indicating the ne-
cessity for robust retrieval systems capable of recognizing out-of-distribution (OOD) samples.
Recent advancements in deep hashing have shown promise. Deep hashing is typically
divided into two categories: paired (e.g., doublet, triplet) and pointwise approaches. Paired
hashing, initially integrated with deep neural networks , employs optimization func-
tions to cluster similar pairs and disperse dissimilar ones. Pointwise hash learning, exemplified

by CSQ [334], simplifies retrieval tasks to classification challenges by training networks to learn
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predefined target hash codes.

Despite progress, image retrieval faces several persistent challenges:

1. Training instability and inefficiency, often caused by probability functions that transform

Hamming distance into probabilities [335},336].

2. Over-centralization, where pointwise hashing leads to minimal intra-class variation [334,

337.

3. Limited representation learning, with some methods underperforming using compact hash

codes and inadequate utilization of intermediate feature representations.

4. Poor performance with OOD data, reflecting weak generalization and robustness capa-

bilities (Fig. [7.10)).

To address these issues, this section introduces an innovative approach for medical image re-
trieval, integrating deep hashing with OOD detection. This approach utilizes the Pearson corre-
lation coefficient for hash code distance evaluation, replacing traditional probability functions.
It also incorporates multi-head self-attention layers into standard CNN architectures to en-
hance feature representation [338]. Moreover, it leverages intermediate feature representations
for hash code generation, providing a more nuanced feature perspective. An OOD detection
module is included to identify anomalous samples. The efficacy of this method is demonstrated
through rigorous testing on diverse datasets, including CIFAR-10, BCSS, and RadIN-CTL,
showing significant improvements in retrieval performance. The study’s contributions are as

follows:
1. A novel architecture blending convolutional and multi-head self-attention layers for hash
encoding.

2. The use of the Pearson coefficient for distance measurement, addressing over-centralization

and gradient issues.

3. An OOD detection module based on image reconstruction disparity.
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4. Establishing a comprehensive benchmark for evaluating medical image retrieval across

various databases.

7.2.2 Related works

In the context of a given query image, the objective of a deep hashing model, denoted as
#(©), is to identify related images. This is achieved by transforming a set of raw images
X = {1, x9,..., 2N} into K-bit binary hash vectors H = {hq, ho, ..., hy}, where the mapping
function ¢ is defined as ¢ : X — H and each hy is within the range [—1, 1]%. Subsequently,

the vectors H are converted into binary hash codes B € {0, 1}"*¥ through a sign function:

B = sgn(f(6(X;0))), (7.3)

Here, O represents the network’s trainable parameters, f is an activation function which could
be either linear or nonlinear, and sgn is the signum function that outputs the sign of its input

elements.

To facilitate the training of the model, the optimization functions in deep hashing generally
comprise a distance loss Lp and a quantization loss Ly which is scaled by a weighting parameter
o

L= Lp+ aLg, (7.4)

Distance Loss Lp. In the scenario of pointwise hashing as described in references [334}337],
the network endeavours to learn specific hash codes ¢. In this setup, Lp is defined using the

binary cross-entropy loss between the generated hash vectors h and the target ¢:

C
1
Lp = ; [t 10g(Pig) + (1 — tix) log(1 — hiy)] (7.5)

where C' is the number of classes and K is the bit-length of the hash codes. Nonetheless, it
is argued that pointwise hashing may lead to an excessive concentration of samples, assigning

identical hash codes to samples from the same class, which diminishes the granularity needed
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for effective similarity assessment. In contrast, paired hashing evaluates the 'distance’ between
paired samples primarily through the conventional Hamming distance dy or a softened version
of it dgH, as discussed in reference [339]. The conventional Hamming distance dy = ||h; — hy]|3
calculates the count of differing elements between the hash vectors h; and h;. For example, Liu

et al. [329] proposed a marginal distance loss:

Lp = (1—-y)dg +ymax(m —dgy,0), (7.6)

where m is a predefined margin value, and y signifies the similarity between paired images,
with 0 for similar pairs. The relaxed Hamming distances dgH = P(dy) predominantly apply

probability functions P to scale the Hamming distance into the interval [0, 1]:

Lp=(1—y)log(drH) + ylog (P(max(m — dg,0))), (7.7)

The commonly used probability functions include the sigmoid o [335,340,341] (adjusted as
P(dy) = o(dy — %)), Cauchy [336], Gaussian [342], and tanh [343]. However, these functions
tend to exhibit steep or flat shapes for small hamming distances, leading to potential training
instabilities such as gradient vanishing or exploding.

Quantization Loss Lp. For quantization loss Lg, the goal is to quantize hash vectors into

binary hash codes. This is typically represented as

Lo = [(T=1AD)]1, (7.8)

where 1 is a vector of ones with length K [331]. Additionally, some researchers have utilized

sigmoid or tanh activation functions to limit the network output to the range [—1,1].
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7.2.3 Methods

Problem Definition and Deep Vectorised Hashing

Consider a set of images X with their corresponding labels L = {ly,ls,...,Ix}. The similarity

s;; between two image pairs x; and z; is determined based on their class labels as follows:

1, ifl, =1
Sz’,j = (79)
0, ifl; #1;
Given the similarity matrix S = {so 0,501, ...,y n} for N paired samples, the model ¢(0) is
trained by optimizing the a posteriori estimation of hash vectors H = {hy, hy,..., hx} as:

Onap =arg max P(H | S)
0
=arg min — log P(H | S) (7.10)
o

= —arg min (log P(S | H) + log P(H)),
0

where log P(H) represents the prior probability of H, and log P(S | H) is the log-likelihood
estimation. The conditional probability of the similarity s;; given two hash vectors h;, h; is

calculated by:

P(sij | hish;) = ! ’ (7.11)

1-— P(D(hz, hj)), if Si,j =0
where D denotes the distance measurement assessing the proximity between h; and h;, and
P is the probability function that converts distances, such as the hamming distance, into

probabilities.

Numerous investigations have quantified D by computing the relaxed hamming distance dry =
P(dy), employing a variety of probability functions P such as sigmoid, tanh, Gaussian, or
Cauchy functions. However, these functions (see Fig. [7.11j(a)) typically exhibit a steep (or

flat) profile for small (or large) hamming distances. Furthermore, when considering a hamming
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sphere with centre hg and radius r, these relaxed hamming distances predominantly evaluate
the magnitude between samples. For instance, samples a and ¢ in Fig. [7.11{b) are considered
equivalent as their hamming distances to the centre hg are identical. Consequently, cosine
similarity has been utilized to determine the orientation of hamming vectors [344], which only
accounts for the directionality and disregards magnitude; for example, samples a and b exhibit

identical cosine similarity (direction) in relation to the query image. In this work, we assert
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Figure 7.11: Limitations of Measurement Techniques: (a) Relaxed Hamming Distance shows nearly
constant patterns for small Hamming distances and sharp patterns for large distances. (b) Cosine
Similarity evaluates only the directional aspect of hash vectors, overlooking other characteristics.

that the hash space is multidimensional and the distinction between various hash vectors should
incorporate both magnitude and direction. The normalized cosine similarity is introduced to

quantify the directional discrepancies between two vectorized hash codes as:

SPCC(m y> _ Z(‘prq — jfl)(@/p,q _ g(I) (712)
’ pr,q _qu2Hyp,q_qu2’

where z,y € RV*E are K-bit hash vectors. This coefficient, ranging from [—1, 1], aligns well
with Bayesian learning and can be effectively scaled to [0,1]. Utilizing this similarity metric,

the conditional probability in Eq. (6.27) is expressed as:

P(sij | hi,hj) = Spcc(hi, hy)*9 (1 = Spec(hi, hy))' =%, (7.13)
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and the log P(S | H) is computed by:

lOg P(S ‘ H) = SZ'J' log Spcc(hi, h]) + (1 — Si,j) log(l — Spcc(hi, hj)), (714)

The prior probability for quantization is formulated as:

log P(H) = log(1 — S(|hs|, 1)), (7.15)

where 1 is a vector of ones of the same length as the hash code h;. To harmonize the quantization
loss with distance loss within the same domain, we revise the equation by introducing a constant

1 to ensure the outcome surpasses 0:

log P(H) = log(2 — S(|h4l, 1)). (7.16)

Besides the innate limitations of these probability functions, the challenge of class imbalance
also persists. This common issue tends to skew the retrieval towards more populous classes.
While current methodologies to mitigate data imbalance are discussed in [335,336], they are pri-
marily concentrated on balancing similar and dissimilar pairs, neglecting the variations within
classes. In response, we propose a method to fine-tune the log-likelihood estimate, thus provid-
ing a counterbalance to the bias induced by class imbalance in retrieval tasks. Particularly, for
dissimilar pairs, this method accounts for the prevalent data imbalance across various classes.
With N samples distributed among C' categories, the global class weights w = {wq, ws, ..., wc}

can be determined by:
N
- N;-C

wy

(7.17)

where N; represents the number of samples in class i. To integrate these global class weights

into pairwise hashing, the class weight map for each batch is derived from:

Wy =w' - w (7.18)

Consequently, the MAP estimation synergizes with gradient descent through the vectorised
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correlation loss (VCL), defined as:

VCOL = —arg min (W) - (s;;1og S(hi, hj) + (1 — s;.5) log(1 — S(hs, hy))) + Slog (2 — S(|hil, 1)),
0

(7.19)
where [ denotes the weight assigned to the quantization loss.
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Figure 7.12: DVH integrates three key components: (1) A feature extraction stem with multi-head
self-attention (MSA) and hierarchical feature fusion; (2) Vectorised correlation loss (VCL) applied
to vectorised hash codes, enhanced by the IntralnterVariationMaximizer (IIVM) mechanism; (3) An
Out-of-distribution (OOD) data detection module. Notably, during training, DVH’s output h ranges
from [-1, 1], with OOD samples incorporated only in the testing phase.

The DVH framework integrates multi-head self-attention layers, multi-level fusion layers, and
an out-of-distribution (OOD) detector, as depicted in Fig. [7.12| Given a query image Xg,
DVH produces the corresponding hash vector hg, the reconstructed image R¢, and hierarchical

feature embeddings E¢ through the function ¢ parameterized by ©:

hq, Rq, Eq = 6(Xq; ©) (7.20)
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DVH is architectured on the principles that:

Enhanced feature representations are pivotal for retrieval efficiency. Contrasting with
classification-centric tasks, image retrieval resembles clustering, where the goal is to project im-
ages into compressed hash vectors while promoting category-based aggregation. It has been
proved that retrieval can be significantly improved with superior feature representation learning
capabilities. To achieve such representations, multi-head self-attentions (MSAs) are amalga-
mated into the baseline ResNet 50 [52]. Research indicates MSAs can centralize feature em-
beddings, in contrast to convolutions that tend to distribute features [338]. MSAs are utilized
for spatial smoothing of the feature map, hence, they are inserted into a customized ResNet50
architecture at the culmination of each stage in Fig. 3. The term “Res block” signifies residual
blocks [52] comprising convolution layers, batch normalizations, leaky ReLU activations, and

skip connections.

Hash codes are binary representations encompassing comprehensive image features.
For current stuides, images were first encoded into 512-dimensional vectors by the backbone
network, then reduced the dimension to hash code length. Nevertheless, it is contended that
a single 512-dimensional vector inadequately represents the intricate details of images, thus
constraining retrieval capabilities.

To remedy this, a feature pyramid is constructed using 'Mapping’ layers atop the ResNet50.
Positioned at each stage’s end, these "Mapping’ blocks consist of adaptive average pooling and
a linear layer to transform diverse stage feature maps into 512-dimensional vectors. These
vectors are then concatenated and processed through a 1-d batch normalization, a LeakyReLU,
and a final linear layer to generate the hash vectors. The 1-d batch normalization ensures the

embeddings stay within a normalized range, aiding in the stabilization of the training.

Self-supervised learning can be implemented for OOD detection. In real applications,
the reconstruction model exhibits higher reconstruction errors for OOD samples due to their
divergence from in-distribution data. Based on this, we modified the decoder, which aims
to rebuild the original input from condensed latent space representations, by excluding skip

connections to prioritize the last encoder layer’s feature representations. This enhances the
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quality of the learned features. The decoder’s structure includes convolution blocks with layers,
instance normalization, leaky ReLLU activations, and upsampling, optimized using an 11 loss
function. To optimize computation, the upsampling scales for D1, D2, and D3 are strategically

set to 2, 4, and 4, respectively.

To enhance the assessment of reconstruction errors in grayscale images, the multi-scale struc-
tural similarity index (MSSSIM) [345] is utilized. Incorporating exponential weights ays, £;,

and v;, MSSSIM computes the resemblance between two images « and y by the formula:

MSSSIM(z,y) = [lar (2, )] ] [[e; (2, )] [s; (2, )], (7.21)

i=1

where M denotes the number of scales, and [y, ¢j, and s; are the luminance, contrast, and
structure comparison metrics, respectively. Hence, OOD instances are identifiable by their
MSSSIM scores, contrasting the source images with their reconstructed counterparts. For RGB
images, OOD samples typically manifest a ’domain shift’; evident through changes in mean
values. Consequently, the OOD threshold is determined based on the mean disparity between

the original and reconstructed images.

Specifically, for the i-th original image X; and its reconstructed counterpart R;, the OOD

detection threshold is established as:
| N
= Z (Xi, R)) £1.5-6(D(X, R)), (7.22)

where 7 enumerates the images in the dataset, D signifies the distance measure such as MSSSIM,
[1 error, and ¢ is the standard deviation of these distances. For the distance function D, we

apply MSSSIM (as in Eq. (6.37))) for RGB images and the L1 norm for grayscale images.

Intra-Inter Variation Maximiser

The performance of DVH is also augmented by the Intra-Inter Variation Maximiser (IITVM),

an effective strategy that aids the model in finding an improved optimum. Traditional deep-
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learning techniques often modulate the learning rate dynamically by observing a selected metric
and its progression. The metric’s behavior significantly impacts the training steps in terms of
size and direction. While most hashing methods have relied on mean average precision (mAP)
or validation loss for learning rate adjustment and model evaluation, these may not sufficiently
reflect true performance. Particularly, mAP assessments within hamming balls do not account
for intra-class variability, expecting hash values of query samples to strictly match those at the

class centre.

To overcome this, we introduce a soft mean average precision (smAP) to approximate mAP at
varying hamming ball radii. The monitored metric during training is thus the maximal mAP
calculated within hamming balls with a radius of K/4+ 1. For example, for an 8-bit hash code,
the smAP is defined as:

smAP = max(mAPy, mAP;, mAP,), (7.23)

where mAP; denotes the mAP at a hamming ball of radius 7. The optimal radius determined

during training dictates the hamming ball radius for inference.

Ranked Retrieval

Given a query image Xg, DVH filters potential candidates Xg from the database Xp by
calculating the hamming distance within hamming balls of radius r = K/4 + 1. The msssim
score is computed between X and its reconstructed counterpart Rg. If the msssim score is
below the OOD threshold 7, Xg is classified as OOD. The average S_PCC between multi-level
feature embeddings F1, Es, F5, E4 is then calculated to evaluate content similarity. Finally, this

composite similarity score is used to order the retrieved samples.

7.2.4 Experiments and Results

Datasets and training details

To validate the efficacy and stability of DVH, we conducted trials on three publicly accessible

datasets: a natural image dataset and two medical image datasets, with details regarding the
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medical datasets provided in Table [7.5]

Table 7.5: Details of the BPS and RadIN-CTL Datasets.

BPS Dataset

Subset Image size Magnification Tumour Stroma Inflammatory Necrosis Fat Gland Total
Train & Valid ~ 256x256 20x,40x 6459 3852 2598 1676 1474 1419 17478
Query set 256x256 20x,40x 200 200 200 200 200 200 1200
RadIN-CTL Dataset
Subset Image size Planes Normal Nodule Bronchiectasis ~ PD* ILD* AO* Total
Train & Valid = 224x224  Axial, Coronal = 4273 2963 1519 1153 2921 3664 16493
Query set 224x224  Axial, Coronal 1425 988 506 385 974 1221 5499
* PD indicates parenchyma destruction, ILD refers to interstitial lung disease, and AO indicates airspace
opacification.

CIFAR-10. The CIFAR-10 dataset comprises 60,000 32x32 colour images distributed across
10 classes. The designated training set containing 50,000 images was utilized for model training
and validation, while the official test set of 10,000 images served as the query set.

Basic Pathological Structures (BPS) Dataset: The BPS dataset includes images derived
from references [346] and [347]. Following semantic annotations, 256 x256 image patches were
extracted and categorized into six classes. The selection was contingent upon the mask ratio
for a given class exceeding 0.9.

RadIN-CTL: The RadIN-CTL dataset, constructed from RadiolmageNet [348], with 1.35
million annotated images from 131,872 patients. It covers six clinical patterns: normal, nodule,
bronchiectasis, parenchyma destruction, interstitial lung disease, and airspace opacification.
Predominantly, the images are axial slices, with a minor subset (~1%) comprising coronal
slices.

Training Strategy: We employed He-normal initialisation for all trainable parameters. Data
augmentation during training on BPS and RadIN-CTL datasets included randomized flips (up,
down, left, right) and randomized resized cropping (scale € [0.8,1.0]). Specifically for BPS,
adjustments to brightness, contrast, saturation, and hue were randomly applied. CIFAR-10
was exempt from augmentation. All models underwent training on an NVIDIA RTX 3090 Ti

4 and a decay factor of 0.9 after a

GPU over 200 epochs, with an initial learning rate of le™
tolerance of five epochs. The coefficient 8 in Eq. (6.35) was maintained at 0.5 throughout

training.
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Table 7.6: Ablation studies

Model 8 bits (mAP) 16 bits (mAP) 32 bits (mAP)
Baseline 0.5333 0.5528 0.5486
Baseline + VCL 0.6835 0.6884 0.6866
Baseline + VCL + MSAs 0.7001 0.7047 0.7041
Baseline + VCL + MSAs + HFF 0.7122 0.7149 0.7167
Baseline + VCL + MSAs + HFF + OOD 0.7308 0.7345 0.7359
Baseline + VCL + MSAs + HFF + OOD + IIVM 0.7457 0.7571 0.7532

VCL: Vectorised correlation loss, MSAs: multi-head self-attention, HFF: hierarchical feature fusion, OOD:
out-of-distribution detection module, ITVM: inter-intra variation maximiser protocol.

Experimental Settings and Evaluation Metrics

Comparison Studies. We conducted comprehensive comparison studies on three datasets,
assessing various models: central similarity quantisation (CSQ) [334], deep polarised network
(DPN) [337], deep Cauchy hashing (DCH) [336], deep supervised discrete hashing (DSDH) [349],
deep balanced discrete hashing (DBDH) [340], deep fisher hashing (DFH) [350], pairwise
correlation-based deep hashing (PCDH) [351], quadratic spherical mutual information hash-
ing (QSMIH) [352], HashFormer [353], TransHash [354], and Attention-based Triplet Hashing
(ATH) [355]. All models were trained from scratch, following their specific training strategies.
Ablation Studies. To elucidate the impact of different modules - VCL, MSAs, HFF, OOD,
and ITVM - ablation studies were performed using the RadIN-CTL dataset.
Out-of-Distribution (OOD) Assessment. An additional class, 7OOD”, was integrated
into the RadIN-CTL dataset to test model robustness. This included 200 query images ran-
domly chosen from retina [356], brain MRI [357], BPS, and VOC2012 [358| datasets. Samples
unrelated to lung C'T modality were classified as OOD. Hash centres were determined by aver-
aging their hash codes, and samples were identified as OOD if their hash codes fell outside the
Hamming balls (r=K/4+1) relative to their hash centre. The resilience of the top-6 methods
against OOD data was then evaluated.

Ranked Retrieval. For the RadIN-CTL dataset, the top-4 similar and dissimilar samples
were selected from the retrieval results, which were sorted by Hamming distance. The perfor-
mance of three methods - DVH, CSQ, and HashFormer - was evaluated to explore different
hashing approaches, including point-based, pairwise, and Transformer-based methods.

Evaluation Metrics. Performance was assessed using mean Average Precision (mAP). True
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positive predictions were counted when the retrieved samples matched the query image’s class

and hash code, and when samples were within the specified Hamming ball radius.

Experimental Results

Table 7.7: Comparison studies on CIFAR-10, BPS, and RadIN-CTL

Model CIFAR-10 BPS RadIN-CTL

8 bits 16 bits 32 bits 8 bits 16 bits 32 bits 8 bits 16 bits 32 bits
CcSQ 0.7188 0.7251  0.7361* 0.9706  0.9726 0.9678 0.6897  0.6950* 0.6829
DPN 0.7344  0.7449* 0.7414 0.9701* 0.9690 0.9657 0.6631  0.6748* 0.6640
DCH 0.7284  0.7411  0.7357  0.9692*  0.9650 0.9647 0.5925 0.5982*  0.5794
DSDH 0.7593  0.8244  0.8240* 0.9668* 0.9538 0.9048 0.5339 0.4759
DBDH 0.7057 0.8386 0.8548  0.8797* 0.8225 0.4881*  0.4823 0.4448
DFH 0.3873 0.4871 0.5516* 0.8111 0.9690 0.9718  0.4903 0.4917  0.5025%*
PCDH 0.1000 0.3062  0.7123*  0.6062 0.9121 0.8013 0.4931 0.5024*  0.4559
QSMIH 0.6456  0.6704*  0.6407  0.9690*  0.9557 0.9083 0.6144* 0.6018  0.4663
HashFormer 0.7857  0.7892*  0.7704  0.9684*  0.9661 0.9580 0.6866  0.6895* 0.5268
TransHash 0.7443 0.7601  0.7596* 0.9618 0.9621* 0.9588 0.6592  0.6684* 0.4508
ATH 0.3345*  0.2641  0.2327 0.5337 0.5475 0.5982*  0.5770  0.5216
DVH (our proposed)  0.8512 0.8543 0.9831 0.9833  0.7457 0.7532

* indicates significant differences (with Wilcoxon signed-rank test p-valuej0.05) compared with the best

baseline (among 8, 16, and 32 bits) for each comparison method was bolded, the best and the least good

results were green and red bolded, respectively. It is of note that all the retrieved samples were included
assessment instead of top-k results.

This section presents the experimental results all comparisons. Ablation Studies. Table[7.6
shows the ablation study results. The baseline DVH model achieved mAPs of 0.5333 and 0.5528
for 8 and 16 bits, respectively. Significant improvements (0.11 mAP for both 8-bit and 16-bit)
were observed when integrating vectorised correlation losses. Incorporating MSAs blocks led to
a 1.7% mAP increase. Hierarchical feature fusion provided a further 1.2% increase in mAP. The
implementation of a multi-task learning scheme (image reconstruction) resulted in nearly a 2%
mAP improvement, and the introduction of IITVM further stabilized the model, contributing to
nearly a 2% mAP promotion.

Comparison Experiments on CIFAR-10. In the CIFAR-10 dataset (Table [7.7), DVH
achieved the best performance, surpassing 0.85 mAP, followed closely by DSDH (0.8244 mAP)
and DBDH (0.8446 mAP). HashFormer and TransHash showed comparable results, with 0.7892
and 0.7601 mAP, respectively. DFH had a weaker performance at 0.5516 mAP, possibly due
to inappropriate hyperparameters. PCDH failed in 8 and 16 hash-bit models (0.1 and 0.3062

mAP, respectively) but performed well in the 32 bits model (0.7123 mAP).
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Comparison Experiments on the BPS Dataset. On the BPS dataset (Table , DVH
outperformed others with 0.9831, 0.9849, and 0.9833 mAPs for 8-bit, 16-bit, and 32-bit models,
respectively. DFH was comparable in the 32-bit model but underperformed in smaller hash
sizes (e.g., 0.8111 mAP for 8 bits). CSQ-16bit also showed similar results to DVH-16bit with a
mAP of 0.9726. Transformer-based methods, HashFormer-8bits and TransHash-16bits, demon-

strated impressive performance with 0.9684 and 0.9621 mAP, respectively.

C8Q-16bits Acc=0.7736 HashFormer-16bits Acc=0.7586 DPN-16bits Acc=0.6843
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Figure 7.13: Confusion Matrix for HashFormer, CSQ, DPN, and DVH on the RadioIN-CTL Test
Set (n=1200) with an Additional 200 OOD Samples from Various Datasets. The classification was
determined by calculating the Hamming distance to the hash center of each class from the training
set, considering samples with hp<§ + 1 as true positives. Labels: '"PD’ for Parenchyma Destruction,
"NOR’ for Normal, 'NODE’ for Nodule, "ILD’ for Interstitial Lung Disease, 'BRON’ for Bronchiectasis,
and ’AQO’ for Airspace Opacification.

Comparison Experiments on RadIN-CTL. For the RadIN-CTL dataset (Table {7.7)),
DVH achieved the highest mAP (0.7571), significantly outperforming other methods. CSQ
and HashFormer-16bits followed with mAPs of 0.6950 and 0.6895, respectively. Surprisingly,
DBDH, DFH, PCDH, and DSDH showed lower-than-expected mAPs (0.4881, 0.4903, 0.4931,
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and 0.5339, respectively). The attention-based triplet hashing (ATH) method underperformed,
achieving a mAP of 0.5982.

Out-of-Distribution Assessment. The OOD evaluation results (Fig. [7.13] 7 = 0.8) in-
dicated strong performance in predicting normal patients and those with airspace opacifica-
tion. Some models struggled to distinguish bronchiectasis (DPN, TransHash, QSMIH), nod-
ules (TransHash, QSMIH), and interstitial lung disease (QSMIH). CSQ, HashFormer, DPN,
and TransHash failed to predict OOD samples accurately (TP-OOD=0), except for DPN
(TP_OOD=3). QSMIH recognized 31 OOD samples but had a low overall accuracy (0.5921).
DVH excelled in OOD detection (accuracy=0.9179), correctly identifying all OOD samples but

misclassifying 12 in-distribution ILD samples as OOD.

7.2.5 Discussion

In this study, we introduce a novel methodology that integrates Vectorised Correlation Losses,
Multi-Head Self-Attention, Hierarchical Feature Fusion, and Out-Of-Distribution (OOD) detec-
tion for medical image retrieval. This method has been rigorously evaluated on a spectrum of
images, encompassing both pathological and radiological types, as well as natural images. Our
approach has demonstrated superior performance in overcoming existing challenges in various

image databases when compared to prior work.
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Figure 7.14: mAP on CIFAR-10, BPS, and RadIN-CTL datasets.

Overall Performance. The experimental analysis on the BPS and CIFAR-10 datasets, which
display substantial inter-class variability relative to the RadIN-CTL dataset, shed light on the

general retrieval efficiency. Meanwhile, the studies on RadIN-CTL, targeting lung lesions, focus
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on the precision of similar lesion retrieval within a particular category, thus highlighting the
models’ granular retrieval prowess. Notably, DVH exhibited robust and consistent performance
across natural, pathological, and radiological modalities (refer to Fig. , outperforming
other existing methodologies. Point-wise hashing approaches like CSQ and DPN displayed ca-
pabilities in both general and detailed retrieval. However, these methods centralized samples
excessively towards the hash centre, failing to present organized ranked retrieval outcomes (see
Fig. . Some methods demonstrated unstable results across diverse datasets. For instance,
DBDH had a lower performance on RadIN-CTL dataset (mAP of 0.4881) but fared compara-
tively on the CIFAR-10 dataset (mAP of 0.8405 with 16 bits). This variance indicates differing
retrieval competencies for general versus fine-grained samples. The inconsistent performance
of DFH across datasets (ranking 11th, 3rd, and 12th on CIFAR-10, BPS, and RadIN-CTL,
respectively) points to its limited generalization capacity and robustness. Moreover, the re-
quirement of manual tuning of five main hyperparameters for DFH suggests a dependency on
hyperparameter optimization. Interestingly, methods based on Transformers exhibited greater
robustness than CNN-based methods, securing top-5 positions on all datasets. Overall, DVH

outclassed existing retrieval systems, setting a new benchmark in performance.

Ablation Studies. As depicted in Table the Vectorised Correlation Loss contributes sig-
nificantly to the retrieval accuracy, with nearly a 15% improvement in mAP over the baseline.
This underscores the efficacy of integrating correlation-based distance metrics as opposed to
traditional relaxed hamming distances. By factoring in both the magnitude and direction of
hash vectors, the model attains an all-encompassing grasp of the inherent similarities between
features, enabling it to discern subtle associations and variances, thereby enhancing retrieval
precision. The marked enhancement with the combination of ”Baseline+VCL+MSAs+HFE”
implies that augmenting feature representation learning can further elevate retrieval perfor-
mance. The addition of self-supervised learning also bolsters retrieval efficacy, as the network
is driven to learn more generalizable features through the task of reconstructing the raw data
from reduced-dimension features. This extraction of meaningful features fortifies the model’s
ability to discern underlying similarities and patterns, leading to more accurate image retrieval.

The gains accrued via the IIVM approach underscore the importance of monitoring metrics
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during training. By utilizing soft mAP scores, the model adeptly negotiates the inter-class
and intra-class variations within the hamming space, allowing for a more refined learning rate

adjustment and training optimization.

Figure 7.15: OOD samples that misrecognized by first (a-e) and second (f, e) steps.

Out-of-Distribution Assessment of DVH. DVH proves competent in identifying OOD
samples, while it may occasionally misclassify known samples as OOD. There are two condi-
tions under which DVH determines a sample as OOD. Firstly, if the hamming distance from
the known hash centres exceeds the pre-set radius r = K/4 + 1, and secondly, if the recon-
struction metrics, such as MSSSIM for grayscale or L1 distance for RGB images, are below
the threshold 7 (as per Eq. (6.38)). Further analysis into false positives revealed that most
incorrectly identified OOD samples were ’hard’ samples with minimal class-related features
(Fig. . Misclassifications in the second stage were typically noisy images, explaining their
OOD classification. These insights suggest that the OOD detection module has the potential

to curate training samples for downstream tasks like classification and segmentation.

Ranked Retrieval. The outcomes of ranked retrieval are showcased in Fig. [7.16 The top-4
related and unrelated samples to the query images are depicted with green and orange back-
drops, respectively. It is observed that DVH’s retrieval results are orderly sorted by similarity,
unlike CSQ and HashFormer. For instance, DVH deftly identifies images with corresponding
patterns of airspace opacity as closely related samples (indicated by small green squares in Fig.
7.16]), whereas CSQ and HashFormer struggled to order the retrieved items based on hamming

distance, with their top-ranked samples showing significant visual disparities from the query.
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Retrieval Criteria

L. The retrieval results were sorted by calculating the hamming distance between the
hash code of the query image and that of the database images.

2. Samples within the hamming balls (r = %+ 1) are regarded as true positive cases.
It is of note that the hamming centre is defined by the hash code of query image.

Query Image

DVH

HashFormer

Figure 7.16: Ranked Retrieval Outcomes by Our method, CSQ, and HashFormer. Displays the top-4
similar (in green background) and dissimilar (in orange background) samples for query images. Small
green boxes signify that DVH arranges retrieved samples according to patterns observed in the query
images.

7.2.6 Conclusion

This manuscript delineates a robust retrieval system, DVH, adept at generating ordered re-
trieval outcomes through content similarity assessments. DVH surpasses traditional approaches
that utilize relaxed Hamming distance-based probability functions by employing the Pearson
correlation coefficient to ascertain sample similarity. The integration of a deep hierarchical

feature fusion module along with an OOD detection mechanism substantially augments the
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model’s retrieval efficacy, particularly for out-of-distribution data sets. Rigorous experimen-
tal evaluations have established DVH as the frontrunner in context-based retrieval and OOD
detection proficiency, surpassing other extant methodologies across both natural and biomed-
ical image data sets. The empirical evidence advocates for DVH’s potential as a versatile and

scalable solution for image retrieval tasks in a myriad of imaging environments.



Chapter 8

Summary and future work

8.1 Summary of Thesis Achievements

In this thesis, we presented how deep learning-based approaches have addressed complex multi-
centre clinical issues by introducing supervised /unsupervised learning and data harmonisation
approaches. Additionally, further studies including a benchmark and a clinical translation

study were performed to contribute to the medical AI community.

In the realm of supervised learning (Chapters 2 and 3), this research has elucidated the im-
portance of introducing novel techniques to common deep learning models, such as uncertainty
estimation, fuzzy logic, adversarial learning, etc. The investigation into Fine-grained recogni-
tion in patients with IgAN revealed that the uncertainty of predictions can be used in improving
the capacity of classification models, as well as purifying the training datasets for better rep-
resentation learning. The study also highlighted the positive effects when adopting instance-
based structure similarity as the segmentation optimization function to densely distributed
targets. The development of the fuzzy attention neural network provided insights into inte-
grating fuzzy logic into deep learning models. The comprehensive experiments demonstrated
that by combining fuzzy logic with a well-designed data sampling strategy and optimization
functions, the deep learning model can achieve accurate predictions of tiny objects, e.g., small

and terminal branches for airways. This research also highlights the importance of addressing

194
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data-imbalanced issues for medical Al applications. Additionally, the Adversarial Transformer
for Airway Purification emphasized the achievements when introducing adversarial learning into
segmentation models. This study has shown that patch-scale discriminators can significantly
enhance airway modelling results in an adversarial learning format, especially for improving

the connectivity of terminal airway branches.

In Chapter 4, this thesis presented a novelty work (the DCGN) in the unsupervised learning
domain. DCGN incorporated the Gaussian mixture model with a deep neural network and
a centralized constraint for fully unsupervised segmentation. The study first investigated the
degenerative issues, including missing class, redundant class, dominant class and poor repro-
ducibility. The missing class issue often arises when modules fail to correctly handle outliers,
such as classifying outliers as a unique class while merging different categories into a single
class. The redundant class issue, known as an additional trick to enhance performance in
unsupervised segmentation, arises from the discrete variation within a single class. The in-
stability or low reproducibility stems from random initialization. By evaluating the model
on two pathological datasets, the results demonstrated that DCGN outperformed existing un-
supervised segmentation methods, addressing or alleviating degenerative issues effectively by
centralising the components of deep mixture models during the optimization function calcu-
lation. In addition, DCGN achieved comparable results with some semi-supervised and fully

supervised vanilla U-Net.

Chapter 5 presented a benchmark study for the challenging task, the airway segmentation.
It mainly focused on the data collected from patients with fibrotic pulmonary disease, corre-
sponding to more complex clinical patterns such as honeycombing. To investigate how current
approaches perform on this severe disease, the ”Airway-Informed Quantitative CT Imaging
Biomarker for Fibrotic Lung Disease 2023” (AIIB23) challenge was held in conjunction with
the 2023 International Conference on Medical Image Computing and Computer Assisted In-
tervention (MICCAI2023), which provided comprehensive assessments of Al models on airway
segmentation and mortality prediction. Based on the obtained results, this study showed that
the segmentation performance can be effectively improved by introducing a weighted general

union optimization function and continuity losses. Meanwhile, existing approaches were found
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to be unstable and weak robust when implemented on low-quality as well as unharmonised
data. The radiomic features were also explored, with only certain known radiomic features (13)
discovered to be associated with the mortality status. In addition, the normalized total airway

volume was found to be a strong imaging biomarker for the prognosis of FLD patients.

Based on the previous study in fibrotic lung disease, Chapter 6 demonstrated the clinical value of
imaging-derived biomarkers in mortality prediction. The proposed method SABRE, which has
been proven as a valuable tool for quantifying traction bronchiectasis severity, can independently
predict survival status against clinical measurements such as FVC, CPI, clinicians’ estimations
(e.g., average fibrosis score), and existing Al biomarkers. This offered significant prognostic
insights into IPF patient management and highlighted its potential for broader application in

clinical and research settings.

Chapter 7 first demonstrated the importance of data harmonisation through a comprehensive
review, followed by presenting a novel image retrieval model as the first step of data harmonisa-
tion. This section delved into different harmonisation approaches in computational healthcare
applications. The results showed that the distribution-based harmonisation approaches were
popular in structured tabular data while the synthesis and invariant feature learning were com-
monly used in the image domain. Additionally, it provided many insights into methodology and
evaluation metric selection, and a checklist for enhancing the reproducibility of harmonisation
studies. Interestingly, this study also highlights the adaptability of computational data harmon-
isation when combined with federated learning systems. The anomaly-aware deep vectorised
hashing was then presented as the preliminary study of data harmonisation. It presented a
novel image retrieval system for locating context-based similar targets given a certain reference
sample, with a vectorised correlation loss, multi-head self-attention layers, a hierarchical feature
fusion and an OOD detection module. The integration of a deep hierarchical feature fusion
module along with an OOD detection mechanism substantially augments the model’s retrieval
efficacy, particularly for out-of-distribution data sets. In addition, DVH deftly identifies images
with corresponding patterns as closely related samples, which ranks the retrieved samples by

content similarity as the given reference samples.
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8.2 Future Work

Although efforts have been made in this thesis to show the feasibility of models in multicentre

clinical data analysis, potential research topics remain to be addressed.

High-performance Large foundation models. Both studies in Chapters 2 and 3 revealed
the research gaps for accurate segmentation models. For instance, models were struggling to
segment adjacent objects (connected airway and lung tissues, glomeruli, cells, etc.) and tiny
objects. This indicates the need for high-performance segmentation models in digital health-
care. The foundation models such as the Segment Anything Model (SAM) have dominated the
supervised segmentation task recently [359]. These models have shown better performance and
generalization ability on common segmentation tasks. However, for complex tasks in biomedical
research, large foundation models are still facing some challenges, e.g., the lack of large amounts
of panoramic annotated datasets, and unsatisfied segmentation capabilities. As a result, inte-
grating SAM with novel techniques or tricks for complex segmentation tasks becomes an urgent
and imperative need. Based on my existing studies, I intend to 1) develop a large foundation
model for pulmonary disease in the future; 2) increase the capacity of large foundation models
to achieve better performance. The research will be focused on fibrotic lung diseases as they
lack prognostication biomarkers to assist clinicians with treatment plans and prognoses. This
model would be able to segment different patterns (e.g., nodes, veins, arteries, fibrosis, and

airways) with high robustness and precision, providing more insights into disease prognosis.

Vision-language models.Image retrieval is pivotal in data harmonization, and in clinical
contexts, the ability to search cases through textual descriptions is highly valued. Chapter 7
has shown the capacity of image retrieval while ignoring the multi-modality retrieval approaches.
Leveraging advancements in vision-language models such as CLIP [360], text-image retrieval
systems could be substantially enhanced by developing robust correlations between image and
text pairs. Future work could focus on establishing bidirectional and multimodal correlations
that are fine-tuned for clinical specificity and accuracy. This could extend to various clinical
applications, including generating detailed clinical reports from medical imagery, enhancing

diagnostic accuracy by retrieving similar cases or anomalies based on descriptive clinical inputs,
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and even creating educational tools for medical training. Further, integrating clinical metadata
with visual signs could provide a more holistic view of patient cases, aiding in personalized

treatment strategies.

Content-based Data harmonisation. Effective data harmonization is crucial in realizing
the full potential of AI models, particularly in multicentre studies where data inconsistency
can significantly hinder model performance. Building on computational data harmonization,
future efforts should aim to develop innovative strategies specifically tailored for cell images in
biomedical research, mitigating batch effects and other forms of data variance that can obscure
true biological signals [221]. Techniques could be involved using machine learning algorithms
to identify and adjust for these variances, ensuring that cell counting, detection, and other
downstream tasks are more accurate and reliable. Moreover, there is a potential to extend
these harmonization techniques beyond cell imaging to other types of medical and biological
data, enhancing the robustness and applicability of computational models across the board.
By improving how models handle diverse datasets, we can facilitate broader collaboration in
the medical community and accelerate the pace of discovery and innovation. Continued focus
on federated learning and privacy-preserving methods will also be essential, ensuring that data
harmonization contributes to the development of Al solutions that are both powerful and

ethically responsible.

Few-Shot Learning in Medical Imaging. While the development of high-performance mod-
els and vision-language approaches is critical, the reliance on large annotated datasets remains
a significant bottleneck in medical imaging research. In addition to unsupervised learning which
can only handle preliminary tasks, few-shot learning presents a promising avenue to address this
limitation by enabling models to generalize from a limited number of examples. Future work will
focus on leveraging few-shot learning techniques to enhance the performance of segmentation
and classification tasks in medical imaging, particularly for rare diseases and conditions where
data scarcity is prevalent. Key areas of exploration will include developing few-shot segmenta-
tion models to improve accuracy for rare anatomical structures and disease markers, integrating
few-shot learning with large foundation models like SAM to boost their adaptability and pre-

cision in complex biomedical tasks, and applying few-shot learning to vision-language models
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to improve the generation of clinical reports from medical images. Additionally, extending few-
shot learning to multimodal data integration can provide a comprehensive approach to clinical
decision-making, correlating sparse clinical data with imaging findings to enhance diagnostic
accuracy and personalized treatment planning. By advancing few-shot learning techniques,
we aim to reduce the dependency on extensively annotated datasets, thereby accelerating the

development and deployment of Al-driven solutions in medical imaging and healthcare.
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