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RÉSUMÉ

Le syndrome de détresse respiratoire aiguë (SDRA) est un problème médical potentiellement

mortel a�ectant des individus de tous âges et posant de graves problèmes aux prestataires

de soins de santé. Le diagnostic précis et rapide du SDRA est essentiel pour fournir une

thérapie rapide et e�cace. Cependant, le diagnostic du SDRA reste soumis à une variabilité

signi�cative entre les observateurs, ce qui peut entraîner des retards de traitement et compro-

mettre les résultats des patients. Cette thèse vise à concevoir un modèle d'apprentissage en

profondeur capable d'aider les professionnels de la santé en o�rant un soutien diagnostique

précis.

L'objectif principal de cette recherche est de développer et de tester un système de sou-

tien décisionnel interprétable pour le diagnostic du SDRA, pouvant être intégré de manière

transparente dans les services hospitaliers. L'accent est mis sur la fourniture d'informations

cliniques essentielles et de références de prise de décision transparentes aux cliniciens. Pour

atteindre cet objectif, une approche à deux volets est appliquée, utilisant les avantages de la

segmentation d'image pour se concentrer sur les zones pulmonaires et fournir des étiquettes

locales pour assurer l'interprétabilité de la décision du système. L'algorithme est conçu pour

fournir des étiquettes localisées pour les images radiographiques thoraciques (CXR), perme-

ttant ainsi un processus de diagnostic plus intuitif et transparent. Par conséquent, le per-

sonnel médical aura accès à des références explicites, o�rant l'interprétabilité des prédictions

de l'algorithme. De plus, un outil basé sur le web est conçu pour assurer son applicabilité

dans les contextes cliniques, accélérant le processus de validation et facilitant l'intégration

dans les infrastructures cliniques actuelles. Étant donné la rareté des données pour ce tra-

vail spéci�que, un nouvel ensemble de données est construit, qui répond aux exigences de la

recherche et contribue aux progrès de la recherche médicale en tant que ressource utile pour

la communauté scienti�que.

L'approche proposée pour la détection du SDRA suit la procédure de diagnostic utilisée

par le personnel médical expérimenté. La première étape consiste en la segmentation des

poumons, qui se concentre uniquement sur les régions pulmonaires et réduit l'impact des

bruits de fond non pertinents dans les images CXR. Pour pallier les limitations des modèles

de segmentation conventionnels, une nouvelle architecture appelée Dense-Unet est présentée,

combinant U-Net et DenseNet pour améliorer la circulation de l'information et éviter les

problèmes de disparition de gradient, en particulier en présence de données rares. A�n

d'éviter les conséquences négatives potentielles de l'utilisation de la segmentation avant la
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classi�cation, en particulier la propagation d'erreurs qui pourraient entraver l'identi�cation

e�cace du SDRA, l'étude présente une architecture uni�ée appelée Dense-YNet, qui fusionne

les modèles de segmentation et de classi�cation. Ce nouveau modèle en profondeur peut

prédire avec précision des étiquettes locales au niveau des quadrants pulmonaires, attribuant

ainsi des scores de gravité à chaque image CXR. Par conséquent, le modèle Dense-YNet

peut accepter di�érentes dé�nitions de la gravité du SDRA, fournissant aux professionnels

de la santé une base solide pour les décisions de traitement. La validation externe des

performances du modèle est essentielle pour déterminer son applicabilité dans le monde réel.

Pour ce faire, un système web convivial pour l'analyse de validation est développé, où des

experts médicaux sont invités à examiner et à fournir des commentaires sur les résultats de

diagnostic du système. Les sorties des six instances des modèles proposés sont combinées à

l'aide d'un processus de vote, permettant ainsi de développer des scores de gravité adaptés

et améliorant l'applicabilité du système dans des situations cliniques.

Les résultats expérimentaux indiquent que le modèle Dense-YNet proposé est précis et

utile pour diagnostiquer et évaluer la gravité du SDRA. La capacité de segmentation de

l'algorithme permet une extraction précise des zones pulmonaires, même dans les images

CXR présentant des régions pulmonaires masquées par des maladies, ce qui témoigne de

performances de segmentation robustes. La plate-forme basée sur le web conçue autour du

modèle Dense-Ynet permet une interaction et une validation en douceur, en en faisant un

outil viable pour une utilisation par les cliniciens.

Cette étude de recherche contribue à la détection et à l'évaluation de la gravité du SDRA

selon trois points de vue principaux : le développement d'un ensemble de données précieux

pour la détection du SDRA, un modèle d'apprentissage en profondeur interprétable compati-

ble avec des données limitées et une plate-forme conviviale pour l'interaction et la validation.

Bien que le modèle Dense-YNet proposé montre un potentiel prometteur, une évaluation

et une validation complètes sont nécessaires pour déterminer sa généralisabilité et son ap-

plicabilité dans le cadre réel. Des recherches supplémentaires devraient se concentrer sur

l'expansion de l'ensemble de données, le développement d'une interface de programmation

d'application pour une intégration en douceur, la priorisation des e�orts de validation, la

réalisation d'études statistiques approfondies et l'introduction d'un mécanisme de détection

de distribution hors norme pour améliorer la fonctionnalité globale et garantir une utilisation

clinique sécurisée.
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ABSTRACT

Acute respiratory distress syndrome (ARDS) is a life-threatening medical problem a�ecting

individuals of all ages and raising severe issues for healthcare providers. The accurate and

prompt diagnosis of ARDS is essential in delivering fast and e�ective therapy. However,

the diagnosis of ARDS remains subjected to signi�cant inter and intraobserver variability,

possibly leading to treatment delays and jeopardizing patient outcomes. This thesis aims to

design a deep-learning model capable of assisting medical professionals by o�ering precise

diagnostic support.

The main objective of this research is to develop and test an interpretable decision support

system for the diagnosis of ARDS that can be seamlessly integrated into hospital wards.

A key focus is on providing essential clinical insights and transparent decision-making refer-

ences to clinicians. To achieve this goal, a two-pronged approach is applied, using the bene�ts

of image segmentation to focus on the lung areas and providing local labels to ensure the

interpretability of the system decision. The algorithm is designed to provide localized label-

ing for chest x-ray (CXR) images, allowing for a more intuitive and transparent diagnosis

process. Consequently, the medical sta� will have access to explicit references, o�ering the

interpretability of the algorithm's predictions. Furthermore, a web-based tool is designed to

ensure its applicability in clinical settings, accelerating the validation process and facilitating

integration into current clinical infrastructures. Given the scarcity of data for this speci�c

work, a new data set is built, which addresses the research requirements and contributes to

the progress of medical research as a helpful resource for the scienti�c community.

The proposed approach for detecting ARDS follows the diagnostic procedure used by ex-

perienced medical personnel. The initial step is lung segmentation, which focuses solely on

the lung regions and reduces the impact of irrelevant background noise in CXR images. To

address the limitations in conventional segmentation models, a novel architecture known as

Dense-Unet is presented, combining U-Net and DenseNet to improve information �ow and

avoid gradient vanishing issues, especially when data scarcity exists. To avoid the potential

negative consequences of using segmentation ahead of classi�cation, particularly error prop-

agation that could impede the e�cient identi�cation of ARDS, the study presents a uni�ed

architecture called Dense-YNet, which fuses segmentation and classi�cation models. This

novel deep model can accurately predict local labels at the lung quadrant levels, thereby

assigning severity scores to each CXR image. Consequently, the Dense-YNet model can ac-

cept various de�nitions of ARDS severity, providing health professionals with a �rm basis for

treatment decisions. External validation of the model's performance is crucial in determining
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its applicability in the real world. To achieve this, a user-friendly web system for validation

analysis is developed, where medical experts are invited to review and provide feedback on

the system's diagnostic results. The outputs of six instances of proposed models are combined

using a voting process, enabling the development of suitable severity scores and enhancing

the system's applicability in clinical situations.

The experimental �ndings indicate that the proposed Dense-YNet model is accurate and

helpful in diagnosing and assessing the severity of ARDS. The segmentation capability of the

algorithm allows for accurate extraction of lung areas even in CXR images with concealed

lung regions caused by illnesses, indicating robust segmentation performance. The web-based

platform designed around the Dense-Ynet allows for smooth interaction and validation, mak-

ing it a viable tool for clinician use.

This research study contributes to ARDS detection and severity assessment in three main

viewpoints: developing a valuable dataset for ARDS detection, an interpretable deep learn-

ing model compatible with limited data, and a user-friendly platform for interaction and

validation. While the proposed Dense-YNet model shows promising potential, comprehen-

sive assessment and validation are required to determine its generalizability and applicability

in the real-world setting. Further research should concentrate on expanding the dataset,

developing an application programming interface for smooth integration, prioritizing valida-

tion e�orts, performing thorough statistical studies, and introducing an Out-of-distribution

detection mechanism to improve overall functionality and assure safe clinical usage.
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CHAPTER 1 INTRODUCTION

Respiratory failure occurs when the lungs cannot perform their primary task of maintaining

normal gas exchange levels. This failure may result in hypoxemia1, hypercapnia2, or both.

Respiratory failure not only a�ects the functionality of di�erent organs but can also damage

them if abnormal levels of carbon are present in the blood. According to a study published

in 2020, the ratio of incidence of Acute Respiratory Distress Syndrome(ARDS) per ICU bed

per four weeks was0:39 in Calgary and Alberta, Canada, which shows that it is a common

condition. The percentage may increase due to the outbreak of Covid-19 in recent years.

The overall mortality rate for the syndrome is as high as43%�notably, a third of patients

with mild ARDS turn to moderate and severe ARDS. The statistics show the importance of

rapid medications for ARDS cases. However, starting treatment has some clinical challenges

since the early diagnosis of ARDS is not always straightforward.

Four major reasons are known as causes of occurring respiratory failure. First, it may result

from dysfunction of the alveoli3 in exchanging oxygen and carbon dioxide. The respiratory

failure resulting from alveolar damage includes viral or bacterial infections, lung trauma, and

exposure to harmful substances. The next cause is airway obstruction, which can manifest

as various respiratory disorders, such as asthma or bronchopulmonary obstructive disease.

The third reason is the lack of appropriate respiratory control commands from the brain to

the associated muscles, which can occur in situations such as neurological disorders and drug

overdose. In addition, mechanical lung muscle disorders expanding enough may be another

main cause of respiratory failure [4].

The human body is complex and dynamic and, depending on age, genetics, lifestyle, and

environmental factors, shows various reactions confronting illnesses. This makes the nature

of medical diagnosis non-deterministic. Physicians must consider multiple possibilities that

can partly explain the symptoms and signs of pathology. To narrow down, the observer

needs to prescribe extra medical examinations to exclude possible diseases. The process is

time-consuming and costly, and there is a risk of missing the golden time for starting delivery

treatment and misdiagnosing. A vast range of conditions causes ARDS, and patients who

develop ARDS exhibit signi�cant heterogeneity. Therefore, there is no gold standard for

ARDS since it is not a disease but a syndrome. High inter-4 and intra- observer5 variability

1Low oxygen levels
2High arterial carbon dioxide
3Small, hollow, balloon-like structures located at the ends of the bronchioles in the lungs
4Di�erences in diagnoses made by di�erent observers examining the same medical test
5Di�erences in the diagnosis of the same patient by a single clinician on other occations
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between healthcare professionals shows the complex nature of diagnosing ARDS. Moreover,

an extra load of diseases on speci�c occasions increases the misdiagnosis rate among health-

care professionals. With the increase in the number of patients in health centers, the risk

of false negative detection increases, threatening the lives of patients in health centers. In

conclusion, being time-sensitive, high inter and intra-observer variability, and probable mis-

takes in the diagnosis of ARDS prove the need for a system to diagnose ARDS accurately.

In addition to being fast and accurate, the system should have two signi�cant speci�cations

to be applicable in hospital wards. First, it should be automatic since it should perform as

a component of the diagnosis pipeline to trigger the attention of clinicians even before their

notice. Functioning as an alert system for doctors can reduce false negative rates, leading to

improved detection of this life-threatening syndrome. Furthermore, the underlying system

must provide clinical insight to perform as an assistant to doctors. Medical decision support

systems' interpretability and explainability are crucial concerns that involve technological,

legal, ethical, and social factors.

There are several reasons why interpretability in the decision-making system is a crucial

clinical demand:

- Clinicians need to understand the rationale behind the decision to get informed about

patient care. Without understanding the result, they may hesitate to rely on the system.

- The interpretability is necessary since it may reveal bias or error in the system. The

feedback from the clinical part may be helpful for further development or modi�cation of

the system.

- Regulatory institutes and ethical standards explicitly state that digital systems should be

transparent to ensure that the underlying system makes fair and ethical decisions.

- In case of an error that leads to harm or injury, there should be a clear explanation of

how the system arrived at that decision.

- Patients may be more likely to engage with the treatment plan if they understand the

system's explanation.

The uncertain nature of the diagnosis of a disease refers to the subjective sensation of inability

to explain the patient's health issue precisely. This can result from several factors, including

complexity or ambiguity of information, variability, or unpredictable signs of an abnormality

of inconsistent data. Thus, the interpretability of a decision-making system is arguably
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the most critical requirement in medical tools as it allows doctors to rely on the system,

which is essential for it to function as a clinical assistant. It is crucial to investigate the

capability of learning-based approaches in developing such systems in terms of their e�cacy

in interpretability.

Wilhelm Conrad Röntgen did not mention the use of X-rays in medicine when he discovered

them in 1895. However, even in those days, the potential of X-rays was recognized by the

media. It was stated: "We can foresee that one day these rays will be so perfect that they will

only penetrate one layer of the body's soft tissue, while deeper layers will be visible. This

could be of immeasurable help in diagnosing countless diseases other than those a�ecting

the bones" [5]. Nowadays, chest radiographs are the most frequently prescribed examination,

but they are known to be the most limiting factor in detecting ARDS. They are easy to take

and available in every health center. Thus, they can be used as reliable and useful data for

diagnosing the syndrome in our research work.

Traditional machine-learning (ML) algorithms have been employed in clinical decision-making

systems for decades. Due to their high accuracy, quick computation, and interpretability,

these models are reasonably straightforward and have gained widespread adoption until deep

learning (DL) emerged.

Deep models have greatly improved the accuracy of computer vision tasks, including chest X-

ray (CXR) image classi�cation. The progress in DL gained momentum after the introduction

of AlexNet, a convolutional neural network (CNN) model, in 2012 [6]. AlexNet's success in

the ImageNet large-scale visual recognition challenge (ILSVRC) marked a signi�cant turning

point, as it demonstrated the potential of deep models in various machine-learning tasks.

The advancements in DL have been facilitated by the availability of powerful computational

resources such as GPUs and TPUs, along with the ever-growing availability of large datasets.

Highly e�cient software tools have also allowed computer scientists to take full advantage

of deep learning. The models' performances in many �elds dramatically increased, and

automatic and e�cient feature representation became available.

The potential of ML approaches, speci�cally DL methods, is acknowledged in medicine, but

their limitations must be understood to make them applicable in hospital wards. The ability

of ML methods is not assessed solely based on their recognition performances. One of the

biggest issues in utilizing DL methods is their "black box" nature. Understanding how the

algorithm makes decisions becomes more di�cult as the models become more complex. This

is because it is challenging for humans to comprehend the intermediate representations within

the multiple layers of a deep model. To be valuable in health centers, a reliable tool must

provide clear clinical insights into the underlying pathology [7].

To take full advantage of the e�ciency of deep learning while enhancing their interpretability,
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researchers have been working on ways to make deep models more transparent, such as

presenting visual explanations or pinpointing crucial features that a�ect a decision. For

example, in CNNs, posthoc methods such as gradient-weighted class activation mapping

(Grad-CAM) and local interpretable model-agnostic explanations (LIME) provide heat maps

to highlight the most e�ective areas associated with the predicted outputs. However, research

studies prove that the provided heatmaps are not precise in medical images and speci�cally

in the analysis of CXRs. In many pulmonary disease classi�cation use cases reported in

the literature, irrelevant areas are activated. It can be due to either the inability of the

explaining algorithm to provide a precise map or the model's fault in discovering the relevant

feature. In summary, while post-hoc explainable approaches are helpful tools, they require

extra processing and should be used cautiously and in conjunction with other techniques

to provide reliable heat maps. Furthermore, they cannot fully resolve the interpretability

problem in CXR image analysis.

1.1 Overal research objective

The high mortality rate and the need for early diagnosis associated with ARDS underscore

the importance of an accurate and reliable diagnostic protocol. Furthermore, early diagnosis

of ARDS is essential for improving patient prognosis. Using CXR images as one of the most

important criteria for diagnosing ARDS is potentially the best option due to its speed and

ease of use. Therefore, we are motivated to develop a rapid and accurate deep-learning-based

model to analyze CXR images for ARDS diagnosis and address critical aspects of an appli-

cable system.

Moreover, one of the most crucial speci�cations of such systems is the ability to be inter-

pretable and transparent. The goal is to propose a system that can generate precise results

and articulate how it arrived at those conclusions. The model should be designed to handle

small datasets since collecting and annotating medical data is costly in terms of time and

human resources. Finally, the framework should be easily deployable in clinical infrastructure

and meet the constraints of health centers. It should be integrated with existing tools in a

hospital or be implemented as a standalone platform. Notably, the framework should allow

validation by various experts and with di�erent data sources. Therefore, it is necessary to

create a web-based platform speci�cally designed to facilitate external validation.

To sum up, the overall objective of the thesis is to design and deploy a web-based inter-

pretable platform to detect in�ltrates in the lung �elds of CXR images to aid in diagnosing

ARDS. The approach should be quick, precise, and available for external validation through

the web.
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1.2 Organization

The organization of this thesis is designed to provide a comprehensive exploration of the re-

search objectives. The thesis is divided into eight chapters, each addressing a speci�c aspect

of the research.

Chapter 2 presents a literature review covering the existing methods and approaches for

ARDS detection, chest X-ray classi�cation, lung segmentation, and web-based platforms.

This chapter establishes a foundation by discussing the current state of the art and identify-

ing the research gaps the thesis aims to address.

Chapters 3, 4, 5, and 6 explore the speci�c research objectives in detail. Chapter 3 clearly

de�nes the problem statements and presents the research objectives related to lung �eld

segmentation, ARDS classi�cation, and the development of a web-based platform. These

objectives are then addressed individually in Chapters 4, 5, and 6 as separate papers within

the thesis. Chapter 4 presents the Dense-UNet model, a novel network proposed for the

segmentation of lung �elds in chest radiographs [8]. Similarly, Chapter 5 focuses on the joint

classi�cation and segmentation for an interpretable diagnosis of ARDS from chest X-rays,

detailing the materials, methods, experimental protocol, and results [9]. Chapter 6 presents

the development of the PARDS-CxR, a web-based platform for the automatic strati�cation

of ARDS severity, discussing its methodology, experimental design, and results [10].

Finally, Chapter 7 provides a general discussion that re�ects on the advantages and limita-

tions of the thesis contributions. It provides insights into the potential future directions for

research. Lastly, Chapter 8 concludes the thesis by summarizing the key �ndings, highlighting

their signi�cance, and discussing the contributions made to the �eld.



6

CHAPTER 2 LITERATURE REVIEW

This chapter presents a literature review focusing on the detection and diagnosis of ARDS

using chest radiographs. The review begins by discussing research studies related to ARDS

detection and its clinical diagnosis. Next, it examines various techniques and approaches

employed in classifying CXR images with a particular emphasis on DL algorithms. Further-

more, the chapter explores the crucial aspect of lung segmentation, which plays a vital role

in accurately identifying lung diseases. The analysis encompasses traditional and DL-based

lung segmentation methods, highlighting the extensive research to address this challenge.

The chapter also examines the current web-based tools developed for the analysis of chest

radiographs.

Through this review, we aim to gain insights into the current state-of-the-art methods and

identify potential directions for further research and improvement in ARDS detection and

diagnosis.

2.1 ARDS detection

Various diseases can lead to respiratory failures, such as asthma, chronic obstructive pul-

monary disease (COPD), ARDS, and acute lung injury (ALI). ARDS can occur when the

lungs undergo severe in�ammation due to an infection or injury. This in�ammation leads

to �uid leakage from nearby blood vessels into the alveoli, making breathing progressively

challenging. The lungs can become in�amed due to a variety of reasons, such as pneumonia

or severe �u, sepsis, a severe chest injury, accidental inhalation of vomit, smoke, or toxic

chemicals, near drowning, acute pancreatitis1, and an adverse reaction to a blood transfu-

sion [11].

The �rst independent description of ARDS was given by Ashbaugh et al. in 1967 [12].

Since then, numerous studies have focused on therapies, pathogenesis (underlying mecha-

nisms and genetic predisposition), and other clinical aspects of the syndrome (risk factors

and epidemiology). ARDS is a life-threatening lung disease that is associated with severe

hypoxemia. Clinical trials face challenges due to the variability in identifying ARDS. The

most widely accepted de�nition of ARDS, developed by the american-european consensus

conference (AECC) in 1994 [13], is based on four key factors:

ˆ Acute onset

1A serious condition where the pancreas becomes in�amed over a short time
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ˆ The class of hypoxemia severity must be in the ARDS range (PaO2=F iO2 � 200

mmHg)

ˆ Bilateral in�ltrates at the chest radiograph

ˆ No clinical evidence of high left atrial pressure (to exclude cardiogenic cause of lung

edema)

The recently introduced Berlin de�nition classi�es ARDS into mild, moderate, or severe

categories [1]. The criteria for each category and their corresponding mortality rates are

presented in Table 2.1. The most frequent cause of mortality in ARDS is multi-organ failure.

The primary source of reference for de�ning ARDS is the Berlin de�nition. This thesis will

use the Berlin de�nition as the principal ARDS reference for adults.

Table 2.1 Categorizing ARDS based on Berlin de�nition and their mortality rates

Severity PaO2=F iO2 Mortality
Mild 200� 300 27%
Moderate 100� 200 32%
Severe � 100 45%

The criteria for pediatric acute respiratory distress syndrome (PARDS) are based on the mod-

i�ed Berlin de�nition, which takes into account the physiological and pathological patterns

that are unique to children [14]. The Pediatric Acute Lung Injury Consensus Conference

(PALICC) Group published recommendations for diagnosing PARDS in 2015 [15] and up-

dated them in 2022 [16]. According to the ARDS in children, only new in�ltrates on chest

imaging meet the diagnostic criteria for PARDS, rather than bilateral in�ltrates in adults.

Patients under the age of 18 are recognized for pediatric care. Progressive in�ltrates should

be observed on chest imaging such as chest radiography, computed tomography (CT), or

ultrasound, which are not fully explained by atelectasis, pleural e�usions, or nodules.

ARDS can manifest in patients with normal lung function post-surgery but subsequently

develop respiratory di�culties. Moreover, it can stem from non-pulmonary infections that

damage the lung tissue, leading to ARDS. Despite extensive research on ARDS-related top-

ics, with over 30,000 articles published on Pubmed since 20102, the disease's mortality rate

remains high, at approximately40%. Even among ARDS survivors, a signi�cant number of

them experience long-term lung damage, particularly older patients.

A study conducted in 2009 indicated that the mortality rate due to ARDS has not signi�-

cantly decreased from 1994 despite the epidemiological common assumption [17]. Another

2https://pubmed.ncbi.nlm.nih.gov/?term=ARDS&filter=years.2010-2023

https://pubmed.ncbi.nlm.nih.gov/?term=ARDS&filter=years.2010-2023
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study highlighted that ARDS is frequently underrecognized and undertreated, which may

contribute to its high mortality rate. There is a need for more e�ective strategies and in-

terventions for the diagnosis, prevention, and management of ARDS in clinical practice [18].

The study found that among ICU admissions in 50 countries, the period prevalence of ARDS

was10:4%. These �ndings suggest a potential for improvement in ARDS patients' diagnosis

and treatment management. Prompt treatment delivery during the initial stages of ARDS

is crucial as therapy often fails in cases of advanced ARDS with acute processing and severe

refractory hypoxemia. Therefore, it is imperative to diagnose ARDS early as it has a high

mortality rate, as shown in Table 2.1.

2.1.1 Clinical diagnosis of Acute Respiratory Distress Syndrome

Currently, there are no targeted drugs or therapies available to treat or prevent ARDS di-

rectly [19], and more importantly, early diagnosis of ARDS remains a signi�cant challenge.

This emphasizes the increased signi�cance of early diagnosis of ARDS. According to the

Berlin de�nition, the diagnosis process is based on three main criteria: timing, oxygenation,

and chest imaging. Moreover, it is crucial to exclude cardiac failure as a potential cause.

Regarding timing, ARDS should be diagnosed within one week of a known clinical insult

or new/worsening respiratory symptoms [1]. Also, the syndrome is de�ned by hypoxemia,

which can be characterized by the ratio of arterial oxygen tension to fractional inspired oxy-

gen (PaO2/FiO2). Identifying the similarities and di�erences between cardiac failure and

ARDS is important for diagnosing ARDS. While these conditions share some features, there

are also notable distinctions that can help di�erentiate between them.

Chest image is the most limiting factor that plays the most distinctive role in ARDS diagno-

sis. Bilateral opacities for adults with ARDS and new in�ltrates for PARDS must be present

on chest imaging (chest x-ray or CT scan) that pleural e�usions, lobar collapse, or nodules

cannot fully explain. Despite the availability of a wide range of imaging modalities, includ-

ing advanced techniques like positron emission tomography (PET) and magnetic resonance

imaging (MRI), X-rays are the preferred imaging treatment due to their low cost, mobility,

speed, and modest radiation exposure. Of 22.5 million imaging requests made by doctors in

the UK in 2015�2016, 8 million were chest radiographs [20]. In addition to the advantages

of X-ray images, CXR images can distinguish ARDS from other causes of acute hypoxemic

respiratory failure, such as atelectasis, pleural e�usions, cardiogenic pulmonary edema, or

pneumonia. Although CXR o�ers several advantages in diagnosing ARDS, it has certain

drawbacks in its ability to identify small or patchy areas of lung injury, detect early changes

in lung pathology, and provide functional information regarding lung function, such as the

degree of hypoxemia or severity of lung injury. Yet, due to its wide availability, relative price,
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and capacity to o�er a quick assessment of lung pathology, CXR remains the recommended

initial imaging modality.

The �uid accumulation inside the lungs causes in�ltration in the lung �elds, increasing chest

X-rays' opacity. According to the Berlin de�nition, ARDS usually presents with left-to-right

lung involvement, resulting in bilateral in�ltration on CXRss. Figure 2.1 compares CXR

images for normal and ARDS cases.

(a) (b)

Figure 2.1 (a) is the normal CXR and bilateral in�ltration in CXR of ARDS patient is as (b)

CXR images are frequently utilized in the detection of ARDS, but the moderate inter-observer

variability among clinicians (kappa = 0.55) [21] poses a challenge in achieving a consensus

on disease identi�cation. The delivery of treatment, which is crucial in cases of severe and

pediatric ARDS, may be delayed due to this variability in agreement. Any strategy that

reduces this uncertainty could result in a more reliable detection procedure. One of the main

di�culties in diagnosing ARDS is ruling out other illnesses that show comparable symptoms

in lung imaging, such as concurrent bacterial pneumonia or congestive heart failure. Two

CXR images, one for congestive heart failure and the other for ARDS, are shown in Figure

2.2.

From the clinical point of view, the typical diagnosis procedure is a combination of medical

history, physical examination, imaging studies, and laboratory tests. In diagnosing ARDS,

doctors will �rst obtain a thorough medical history to fully comprehend the patient's symp-

toms, previous illnesses, and any recent surgeries or traumatic events that might have trig-

gered ARDS. Then, they will apply the Berlin criteria, which provide clinical guidelines for
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(a) (b)

Figure 2.2 (a) is the CXR image for an ARDS case, and (b) is the CXR of a patient with
congestive heart failure

de�ning the severity and cause of ARDS based on the patient's clinical features and imaging

tests. As noted previously, the radiographic �ndings, onset timing, and hypoxemia level are

among the criteria. It is normal that during the procedure, clinicians rule out any other

medical diseases that might be causing similar symptoms, such as pneumonia, pulmonary

embolism, or heart failure.

The timing criterion plays an important role that must not be dismissed. ARDS must occur

within one week of a recognized clinical insult or new/worsening respiratory symptoms like

hypoxemia or lung in�ltrates in CXRs. The �rst stage in clinical review for detecting ARDS

is to investigate chest images. CXR images are the preferred diagnostic tool for clinicians,

particularly when time is limited, as mentioned in Section 2.1.1. The radiologist analyses the

chest X-ray image and looks for any indications of ARDS, such as �uid buildup, consolida-

tion, and ground-glass opacities, in the lungs. Consolidation is the term used to describe the

solidi�cation of lung tissue brought on by in�ammation or infection. In contrast, ground-glass

opacities are hazy lung spots that indicate �uid buildup. Within the time, there must be

bilateral opacities that e�usions, lobar, or lung collapse cannot adequately explain or nodules

on chest radiographs or CT scans. There should be no indication of heart failure or �uid

overload that could explain the respiratory symptoms during the week of timing criterion of

Berlin de�nition.

The Berlin hypoxemia criterion speci�es aPaO2=F iO2 ratio of less than300 mmHg in a

patient with respiratory distress. Hypoxemia in ARDS is mainly measured by assessing
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the partial pressure of arterial oxygen (PaO2) via arterial blood gas analysis. The inspired

oxygen (F iO2) divided by the partial pressure of arterial oxygen (PaO2) determines the

intended hypoxemia measure,PaO2=F iO2 ratio. ARDS is indicated by aPaO2=F iO2 ratio

of less than300 mmHg. According to the table, the more severe the syndrome, the lower

the rate. Hypoxemia management in ARDS focuses on maintaining su�cient oxygenation

while limiting the risk of lung damage from mechanical ventilation. PEEP, or positive end-

expiratory pressure, is a mechanical ventilation technique that can assist ARDS patients to

breathe more easily.

2.1.2 Machine learning in ARDS detection

Various ML methods are proposed to detect ARDS in its early stages regarding various ARDS

criteria presented in ARDS de�nitions [22�24].

Due to data acquisition challenges, there are not many studies in the literature on detecting

ARDS in CXR images. Zaglam et al. removed the rib cages in the lung areas based on [25]

and then extracted patches in the intercostal regions [26]. They extracted texture features

from the patches based on their statistical and spectral speci�cations and transformed them

into a new space using linear discriminant analysis (LDA). Support vector machine (SVM)

was used to classify the samples into ARDS and non-ARDS classes. The study achieved

promising results and improved the kappa rate between intensivists. However, removing ribs

requires human intervention and is not fully automatic. Few approaches are presented in

the literature that use DL models for detecting ARDS in CXRs. Both had to create their

dataset as the shortage of ARDS data is previously stated. Sjoding et al. used DenseNet-

121 [27] pre-trained on 595,506 chest radiographs. They �ne-tuned the model using 8,072

CXRs annotated for ARDS labels. They considered bilateral in�ltrates for ARDS as de�ned

in the Berlin de�nition [1]. The dataset is created at the University of Michigan, and the

algorithm is validated by external data [28]. Pai et al. proposed a method based on both ML

and DL models in two distinct branches. After pre-processing, they combined conventional

ML models, including Random Forest, XGboost, and Logistic regression, to create a label for

each CXR image [29]. In the parallel pathway, the pre-trained DenseNet-121 model provides

new ARDS labels. In this branch, the images are �rst segmented to highlight the lung areas

using region-based CNN (R-CNN) and U-Net models. By the combination of the probability

scores, the ensemble model predicts the ARDS labels.

There are common points in DL-based approaches. Both methods applied pre-trained DenseNet-

121 as the backbone of their classi�cation pipelines. Their results con�rm the e�ectiveness of

this model in the classi�cation of ARDS. The models perform well in the analysis of ARDS

in terms of other pathologies. Moreover, new private datasets are also created to provide
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�ne-tuning feeds for their models. The need for a new dataset is feasible because �rst, the

labels in public datasets are reported to have errors in labeling, e.g., a10% error in Chest

X-Ray14. This may put our task in trouble because some in�ltration-marked samples are

not approved by the clinicians from Centre Hospitalier Universitaire Sainte-Justine (CHUSJ),

Montreal, Canada. Our clinical investigation acknowledged even more mislabeling in the pub-

lic dataset. Figure 2.3 shows some wrong labeling of CXRs for in�ltrates and non-in�ltrates

in ChestX-ray14 dataset [2]. Therefore, the data needs to be extended, and newly approved

ARDS-labeled cases should be available for training during the study. Second, as stated, no

ARDS label is provided in the public datasets.

From another point of view, the proposed models can give ideas about interpreting CXRs,

but for the detection of ARDS, a local in�ltration pattern for sub-regions of the lungs needs

to be discovered. No model is speci�cally presented to consider local features of images.

The point is crucial since there are various de�nitions for ARDS, and not considering local

information may put the dynamicity of the approaches in trouble. Thus, the architecture of

the applied models or their dataset may need a change to be compatible with the speci�c

task, e.g., ARDS or PARDS.

In summary, the interpretability of the model is a critical clinical demand. This is addressed

in Zaglam's work, but the two deep models lack this critical feature. However, Zaglam's

approach lacks automaticity since it needs interaction with doctors.

While there is limited research on ARDS, there is a signi�cant body of work focused on

the classi�cation of other pathologies, and investigating these classi�cations could provide

valuable insights into CXR analysis.

2.2 Chest X-Ray Classi�cation

The debate in the literature about using computer-aided diagnosis (CAD) systems in the

analysis of CXR images dates back to the mid-1950s. However, limited computer resources,

the low quality of digitized images, and the lack of leading knowledge made it di�cult to

succeed in the �eld [30]. ML-based approaches have revolutionized the analysis of radiography

images by using techniques. The potential of CAD systems was restricted by the human

engineering of feature sets used in traditional machine-learning methods. A lack of data and

resource limitations also hampered progress. Deep learning has been adopted, especially in

the classi�cation of CXRs, thanks to the development of strong graphical processor units

(GPU) and the accessibility of big medical datasets. CXR analysis is only one of the many

medical image applications where deep learning has shown to be quite successful. This

section reviews the literature on pulmonary disease classi�cation, including conventional and
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(d) (e) (f)

Figure 2.3 Probable errors in labels of some samples of ChestX-ray14 dataset [2]. The top
row shows some samples labeled as in�ltration, and the bottom row contains images marked
as non-in�ltration CXRs [3]

DL approaches.

2.2.1 Conventional approaches

As mentioned, traditional machine learning approaches rely on hand-engineered features and

a classi�er that distinguishes between classes. The main process for streamlining traditional

ML approaches comprises four main steps. After some preprocessing steps, features are

extracted and selected to feed the classi�er. Figure 2.4 shows these steps and the most

common algorithms used in each step.

In a broad overview, preprocessing, feature extraction and selection, and classi�cation are the

main steps in machine learning approaches. The region of interest (ROI) is often discovered

as a preprocessing phase, after which further processing techniques are applied to it [31�33].

The preprocessed images should undergo feature extraction steps to capture their critical

features. Discrete wavelet transform (DWT) and local binary patterns (LBP) are widely

utilized in traditional machine learning approaches for feature extraction [32�35].
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Figure 2.4 Flowchart of a machine learning pipeline for classi�cation. The most commonly
used approaches for classifying CXR images are separately mentioned in each block.



15

In many cases, reducing the dimensionality of features or selecting the most crucial ones is

necessary for improving computational e�ciency and mitigating the risk of over�tting in ma-

chine learning algorithms. One important option for feature selection is principal component

analysis (PCA) [36], a statistical method that projects the features into a smaller dimensional

space.

The prepared features should be fed into a classi�er to detect the desired category within

the given data. Among the traditional approaches for CXR classi�cation, SVM has found its

place in the classi�cation tasks of CXR images [31�35] since it can handle a relatively high

space of feature space and its robustness against outliers, which is a common occurrence in

medical images.

In the rest of this section, some CXR analysis approaches in Machine Learning are elaborated

to provide further details.

Kumar et al. utilized several pre-processing steps, including resampling, �ltering, contrast

enhancement, and segmentation, before extracting relevant features for classifying normal

and pulmonary edema CXRs [31]. The segmentation map was manually created with the

assistance of a computer program. Gabor �lters were used to extract local features by

capturing visual properties such as spatial localization, orientation selectivity, and spatial

frequency of images. Eighteen images were obtained by �ltering CXR images using Gabor

�lter instances. By capturing statistical features from the lung sides of the Gabor output,

216 features were extracted to feed the SVM classi�er. The C-SV classi�er algorithm was

used in SVM training to tune the margin determined by hyper-parameters. This study uses

twenty images of each class to train the SVM. Çamlica et al. used LBPs and SVM classi�ers

to classify various ranges of medical images, including chest radiography [32]. To focus on

the ROI, they consider the average of saliency maps detected by the context-aware saliency

algorithm. Then, the algorithm by image folding algorithm splits each image into patches

and concatenates them into a single feature vector. The folded data is then used to extract

LBP features, which are then used to train an SVM. They used image retrieval in medical

applications (IRMA) 2009 dataset containing 14,410 x-ray images of di�erent organs. In a

similar study, Chan et al. used LBP and SVM to detect pneumothorax [33]. However, lung

segmentation is used instead of a saliency map to concentrate on lung areas. The lung areas

were distinguished by setting threshold values from the Otsu method. The method includes

image multiscale intensity texture analysis and segmentation to overcome challenges caused

by varied image quality among equipment. Singh et al. detected pneumonia in CXR im-

ages using a combination of DWT and gray level co-occurrence matrix (GLCM) with two

classi�ers: SVM and k-nearest neighbor (KNN) [34]. GLCM captures texture information of

CXR images, such as contrast, energy, correlation, and homogeneity. The extracted feature
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vectors were then used to train the SVM/KNN classi�er. Their results showed the superior

performance of SVM over KNN. Interestingly, Eren et al. employed conventional ML tools

such as SVM and random forest(RF) to detect Covid-19, a highly contagious disease that

emerged recently [35]. They compared seven combinations of tridiagonal matrix enhanced

multivariance product representation (TMEMPR), Discrete Cosine Transform, and DWT,

and two classi�ers, RF and SVM. They indicated that using TMEMPR and SVM results in

the best performance over all the 14 obtained combinations. The TMEMPR creates a struc-

ture including a triangular matrix that contains parameters representing image information.

Rohmah et al. proposed an approach for capturing texture feature information using GLCM,

LBP, and histogram of the oriented pattern (HOG) as feature extractors and PCA to reduce

the dimension of the feature vectors [36]. They detected COVID-19 cases using the created

feature space and SVM classi�er. They showed that CXR images have better performance

compared to CT images. Khobragade et al. detected critical pulmonary diseases such as

lung cancer, pneumonia, and tuberculosis (TB) [37]. After some preprocessing steps, such

as lung segmentation and contrast enhancement, they employed geometrical features such

as area, lung �eld perimeter, equivalent diameter (assuming the lung is a circle, diameter is

calculated from its area), and irregularity index, de�ned as:

I =
4 � � � Area
(perimeter)2

: (2.1)

They also used statistical features such as mean, standard deviation, and entropy as texture

representatives. A feed-forward arti�cial neural network (ANN) classi�ed the extracted fea-

tures from the previous step. Reza et al. proposed an approach to extract a feature space

comprising the image projection pro�le, histogram of oriented gradients, and a novel feature

set called CXF30 [38]. CXF30 represents the signal properties of the vertical image pro�le

using thirty speci�c signal characterizations, such as the positional value of the �rst peak

and the positional di�erence between the �rst and second peaks. A feature selection method

based on a genetic algorithm was utilized to obtain the best subset of features. The selected

features were used to train a random forest machine learning model for image view classi�-

cation.

The conventional approaches are fast and do not require much data for training. One of

the most important advantages of these algorithms is their ability to explain the decisions

made by the model. Since the models are mostly simple and separate, it is possible to trace

the input within the pipeline. Additionally, the selected features are initially designed by

experts, making it possible to interpret the feature spaces of the given input.

On the other hand, one of the most crucial steps in all the mentioned works is to leverage
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the most optimal features of CXRs. In other words, it is necessary to identify the most

distinguishing features to realize the potential of the algorithms fully. This often requires

expert knowledge to engineer and recognize speci�c speci�cations. Moreover, there is always

a trade-o� between the size of the feature space and the capacity of the classi�er. Increasing

the size of the feature vectors (which may be necessary for complex tasks) is controversial

since shallow classi�ers cannot be well-trained and normally under�t. A small feature size is

probably insu�cient for a distinguishable representation of the input image.

Another challenge in most manual feature extraction is extracting the RoI prior to feature

extraction. For instance, texture features are crucial for CXR classi�cation, so extracting

such features from the lung areas is vital, ignoring the background or other organs. Such

a strategy requires an additional step to direct the model's attention to the desired object,

which can increase the risk of propagating errors throughout the pipeline.

2.2.2 Deep learning approaches

The advance of deep learning has been made possible due to powerful computational resources

and the availability of massive datasets. Extensive computations to train large models that

require large datasets are indeed possible these days. Consequently, there is a wide availabil-

ity of large datasets in various �elds, including the analysis of CXRs.

In the analysis of CXR images, massive datasets containing hundreds of thousands of images

labeled as various pathologies are now being used in the studies. In the CXR-analysis liter-

ature, Chest X-Ray14 [2], cheXpert [39], Mimic-CXR [40], and PadChest [41] are the most

applied datasets for the classi�cation of thoracic pathologies.

One of the main data sources widely used in studies is the Chest X-Ray14 dataset released

in 2017 [2]. The dataset consists of 112,120 frontal-view CXR images taken from 30,805

unique subjects. The images have been labeled as associated with fourteen diseases, noted

from clinical reports via natural language processing (NLP) techniques. The dataset is an

expansion of Chest X-Ray8, including six extra pathologies. The labels annotated in this

dataset are Emphysema, In�ltration, Mass, Pleural Thickening, Pneumonia, Pneumothorax,

Atelectasis, Edema, E�usion, Hernia, Cardiomegaly, Pulmonary Fibrosis, Nodule, and Con-

solidation. The CheXpert (Chest eXpert) dataset comprises 224,316 chest radiographs from

65,240 individuals, annotated for fourteen pulmonary diseases as positive, negative, or uncer-

tain [39]. The uncertain labels were assigned by an NLP labeler who extracted observations

from radiology reports. MIMIC-CXR is a publicly available dataset that comprises 377,110

images from 227,835 radiographic studies of over 65,000 patients [40]. The CXRs in the

dataset were obtained using di�erent radiographic devices, resulting in variations in quality
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and resolution. Moreover, each image is accompanied by a description of detected abnormal-

ities provided by radiologists at the Beth Israel Deaconess Medical Center. The Padchest

dataset comprises 116,868 images obtained from 69,882 patients and gathered at San Juan

Hospital in Spain between 2009 and 2017 [41]. This dataset contains multiple projection

views and supplementary metadata that can be utilized in research endeavors. Notably,27%

of the images have been manually annotated by trained physicians.

In the literature on CXR classi�cation, two training strategies are applied. Firstly, deep

models can be designed and trained using the dataset speci�c to the domain from scratch.

These models start with randomly initialized weights and no prior domain knowledge. They

learn everything from the task-speci�c dataset and are updated until they meet the stopping

criteria, enriched by knowledge in the �eld. Secondly, models can be trained in another

domain and customized for the speci�ed problem, known as transfer learning. By leveraging

prior knowledge from a large pre-training dataset, these models can achieve better general-

ization, particularly when training data is limited.

Many studies have focused on training newly designed models or other popular state-of-

the-art architectures from scratch. Kieu et al. trained three instances of CNN models for

detecting abnormalities in CXRs [42]. They investigated the left and right lung sides, as well

as both together, each in a separate model. The model synthesized the results to obtain a

comprehensive result. In another work, Islam et al. employed an ensemble of several models,

including Alexnet [6], Resnet [43], and visual geometry group (VGG) [44]. The combined

model outperformed the single classi�ers for detecting Cardiomegaly and Tuberculosis [45].

Yao et al. used a two-stage model that took advantage of a DenseNet [27] encoder and a

recurrent neural network decoder (RNN) for the diagnosis of fourteen diseases in the ChestX-

Ray14 dataset [46]. The RNN exploits the dependencies between labels, which improves the

performance of the model. The classi�cation problem in these methods is de�ned for multi-

pathology detection, and di�erent steps focus on various features to aid in detecting di�erent

symptoms.

A relatively novel concept in deep learning, known as attention, is introduced to focus on

the most relevant and essential parts of the input for the underlying ML task. It is inspired

by humans who pay attention to speci�c details of an object and ignore non-relevant compo-

nents. In the study by Quan et al., they presented a category-wise residual attention learning

(CRAL) framework, in which an attention block is arranged to strengthen feature learning

and get correlations among pathologies [47]. Their model consists of a high-level feature

extraction module and an attention module, which provides the category-speci�c view for

the model. Their attention model can be separately attached to other deep models. They

classify fourteen diseases of the Chest X-Ray 14 dataset and achieve outstanding results. The
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authors proposed an alternative approach for disease classi�cation in CXR images using a

deep model called attention-guided convolution neural network (AG-CNN) [48]. AG-CNN

takes into account both global and local investigations of images. The model consists of two

main branches: global and local. In the global branch, a sub-region of the CXR image is

highlighted and used as the input for the local branch. The ROI is generated by thresholding

the feature maps in the global branch, which drives the attention mechanism used in local

investigations. The classi�cation results of the AG-CNN outperformed the model with only

the global branch, as evaluated on the ChestX-ray14 dataset. Peng et al. utilized two dis-

tinct pathways to consider both local and global information in their approach [49]. Their

model comprises a mask branch and an image branch, which are fused. The mask branch

extracts the relative location information of diseases occurring in a bottom-up and top-down

structure. To segment the lung mask, they employed a U-net model, which led to generating

location maps based on Euclidean distances from the lung and heart masks. These maps

were combined with the original images to feed a Densenet-121 as the image branch.

Transformers, powerful models in NLP, have also found their role in image-based ML tasks

by leveraging their attention mechanism and adaptability for capturing spatial relationships.

Duong et al. merged E�cientNet [50] with the Vision Transformer [51], which is based on

the self-attention to classify tuberculosis in CXR images and achieved an AUC of100%[52].

They launched several experiments and found this combination the most appropriate for the

task. A vision transformer partitions an image into patches fed into a set of transformer

encoder layers. Each encoder layer consists of a feedforward neural network that implements

non-linear transformations, as well as a self-attention mechanism that directs the model to

focus on various parts of the image. Finally, a classi�cation head predicts the class label

using the output of the last transformer encoder layer. Vision transformers are used in many

medical tasks, including detecting Covid-19 in CXR images [53]. Due to data scarcity on

COVID-19 CXRs, Park et al. �rst used a public dataset to extract the low-level resolution

CXR images. Then, the transformer used the feature corpus to detect COVID-19 abnormal-

ities in chest radiographs.

During the COVID-19 pandemic, the demand for e�cient medical diagnosis was substan-

tial. However, privacy regulations imposed restrictions on the sharing of patient data for

training purposes. To address this challenge, a collaborative federated learning approach was

employed, enabling multiple medical institutions to collectively develop accurate COVID-19

screening models without the necessity of sharing patient data [54, 55]. Notably, this ap-

proach yielded competitive results compared to traditional centralized data-sharing models.

Furthermore, it is worth highlighting that partitioning the identical dataset among separate

federated learning clients, as observed by Slazyk et al., has the potential to enhance the
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classi�cation accuracy of chest X-ray (CXR) images for the models under investigation [56].

A strategy for learning, especially when the data is scarce, is transfer learning. Transfer

learning is a technique in which a model trained on one task or domain is used as a starting

point for training a model on a di�erent task or domain. It involves pretraining a model on

a large dataset, learning general patterns, and then �ne-tuning it on a smaller, task-speci�c

dataset. Several studies have shown that retraining models on CXR images can result in

high performance for classifying thoracic diseases. For example, Crosby et al. combined

two VGG-19 [44] models pre-trained on the Imagenet dataset to identify pneumothorax in

CXRs [57]. Since the Pnemothorax needs a higher resolution than usual image sizes in DL

(224� 224or 256� 256), they extract patches of size256� 256from the top third of each lung

side. They �ne-tuned the last two convolution layers and the fully connected classi�er using

patches and apex images extracted from coronal CXRs. Rasheed et al. exploited horizontal

and vertical components of the wavelet transform to enhance images and facilitate feature

extraction [58]. Then, a pretrained Resnet-50 [43] classi�es the derived maps while almost

half of the convolution layers and classi�ers are retrained. Baltruschat et al. make a compre-

hensive comparison of approaches using Resnet [59]. They tried �ne-tuning (retraining only

the dense classi�er), o�-the-shelf (retraining all layers), and training from scratch. No unique

approach is detected as the best strategy for classifying all fourteen considered diseases. Fur-

thermore, the available meta-data (age, sex, and angle position) in ChestX-ray14 are also

concatenated in an approach and aid the classi�cation task. Rajpurkar et al. proposed the

ChexNet [3] in which the pre-trained Densenet-121 [27] is retrained on the ChestX-Ray14 as

one of the biggest publicly available annotated datasets. The initial network weights were

obtained from the Densenet-121 trained on the common Imagenet. The CheXnet achieves

state-of-the-art results with an AUC of0:73 in classifying In�ltration.

Moreover, it is important to note that while classi�cation models may perform well, using ex-

plainable arti�cial intelligence (AI) methods like Grad-CAM reveals that many do not derive

conclusions from the accurate regions of the input CXR [60,61]. An e�ective way to address

this issue is to limit the computation area by employing segmentation methods to extract

the RoI, which in our case is the lung. Teixeira et al. and Freire et al. have demonstrated

that incorporating segmentation prior to classi�cation improves performance and enhances

generalization, especially when data is limited [61�63]. Hence, it is imperative to assess the

available segmentation methods to incorporate them into our work e�ectively.

The table at 2.2 categorizes studies related to the classi�cation of CXRs and includes speci�c

instances from these studies.
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Table 2.2 A summary of model structures for classi�cation of CXR images

Model Structures Key Features References

CNN models ˆ Training from scratch and
Transfer learning

ˆ Various models available

ˆ Separate analyses of lung sides -
Training from scratch [42]

ˆ DenseNet encoder and RNN decoder
- Finding dependencies between la-
bels [27]

Attention-based ˆ Local investigations of CXR
images

ˆ strengthens feature learning

ˆ Category-wise residual attention
learning (CRAL) framework -
Correlations among pathologies [47]

ˆ Global and local investigations - Im-
proved detection of abnormalities
[48]

Vision Transformer ˆ Self-attention mechanism

ˆ Handle various resolution

ˆ Merges E�cientNet with Vision
Transformer - AUC of 100% for tu-
berculosis [50]

Federated Learning ˆ Collaborating multiple insti-
tutes

ˆ Enable privacy-preserving

ˆ Collaborative model development -
Competitive results compared to
centralized models [54]

Segmentation-
Classi�cation

ˆ Limit computation area

ˆ Improve generalization

ˆ Incorporates segmentation before
classi�cation - Enhances generaliza-
tion and performance [62]

2.3 Lung Segmentation in Chest X-Ray images

Segmentation methods, like other image analysis techniques, have undergone signi�cant

transformations. Conventional methods heavily rely on domain-speci�c knowledge and hu-

man feature engineering, while deep learning models have emerged as highly accurate and

powerful alternatives. Deep learning-based segmentation models have demonstrated superior

performance compared to their previous-generation counterparts in various �elds, including

the segmentation of lung �elds.
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2.3.1 Conventional approaches

When deep learning is not taken into consideration, three primary approaches can be utilized

to segment lung �elds in CXR images: rule-based, model-based, and ML-based techniques.

Rule-based techniques employ domain-speci�c expertise and prior knowledge to extract lung

�elds from images. These techniques usually involve a trial-and-error process that accounts

for image characteristics such as opacity, texture, shape, and structure. Armato et al. ana-

lyzed gray-level histograms to extract the contours of the lung areas, and an iterative global

and local thresholding approach is used [64]. The generated lung boundaries are subsequently

smoothed using techniques such as rolling-ball techniques. Radiologists graded the contours'

accuracy and completeness on a scale of one to �ve. The �ve-star evaluation of radiologists

on 600 CXR images proves the e�ectiveness of this technique. Setting thresholds for the

general purpose of segmentation is very common in image processing applications. Kasu et

al. used Otsu to �nd the optimal threshold for highlighting lung regions in CXR images [65].

Li et al. simpli�ed the previously proposed techniques for identifying edges based on deriva-

tives using only the �rst derivative of the horizontal/vertical image pro�les [66]. They de-

termined the region of interest and lung boundaries using pattern classi�cation and image

feature analysis. Also, to create a smooth lung border, they performed an iterative contour-

smoothing technique. In traditional approaches, it was crucial to use bone suppression tech-

niques due to the strong edges of the rib cage and clavicle bones that cause the creation of

local minima in hand-crafted feature extraction. Fredric et al. describe a semi-automatic

approach for extracting scoliotic rib boundaries from CXR images [25]. Edge-following pro-

cedures are begun from user starting points along upper and lower rib edges, and the most

parallel pair among detected edges is found to get the �nal rib boundary. Chattopadhyay

et al. proposed a marker-based watershedding (MBW) segmentation to identify lung areas

in CXR of COVID-19 patients [67]. The approach utilized a simple median �lter (SMF) to

denoise the raw images before applying MBW. Their results were validated by radiologists

tested on 10 CXRs.

Although rule-based techniques can be successful, they require considerable human interven-

tion and may not generalize well to new datasets. They are mostly task-speci�c and need

human e�ort to tune the algorithm.

The second category in conventional methods is model-based techniques. Model-based ap-

proaches extract lung �elds from CXR images and provide information on organ deformities

using deformable models of the organs. These techniques can handle lung form and size

variations and may be more accurate than rule-based techniques. Active appearance model

(AAM) and active shape model (ASM) are model-based methods using the deformable mod-

els of organs of the CXR images and give suitable information about the organs' deformities.
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The fundamental principle of ASM is to construct a statistical shape model from training

images. This model represents the general variations in the shape and appearance of seg-

menting objects in the images. It can segment images by �tting the statistical model to the

image and adjusting the model's shape accordingly. Similarly, AAM is a statistical method

that extracts a model to �t the segmentation image. In AAM, a set of texture or color

templates represents an object's appearance, while a set of reference points describes the

object's shape. Wu et al. used ASM to segment lung �elds in CXRs [68]. The approach

uses an average active shape model, gray-scale projection, and a�ne registration to create

the initial lung contours. The vertices of the active shape model have then pulled away from

the stomach gas areas. A new objective function that contains edge and distance restrictions

is developed to ensure a more evenly distributed distance distribution of vertices.

Wu et al. employ a multi-resolution representation and optimization technique to solve the

objective function e�ciently. Ginneken et al. proposed an advanced version of the ASM

method based on optimal local features [69]. A nonlinear neural network classi�er is used

to �nd ideal landmark displacements and to establish a speci�c set of optimal features for

each landmark at each resolution level. The computational complexity of the improved ASM

method is approximately 20 times higher than the original one. Using AAM, Shao et al.

employed shape and appearance models to separate the lung �eld area and build a reliable

prior shape for the lung [70]. They constructed local shape and appearance composition

models to address the high variance and lung ambiguity. Lastly, the hierarchical deformable

segmentation produced reliable lung masks.

Candemir et al. presented a method for automatically segmenting the lungs in CXRs utiliz-

ing anatomical atlases and nonrigid registration techniques [71]. The authors proposed an

approach that combines atlases to provide a priori information on the shape and location of

the lungs, with deformable registration, which provides �exible deformation to better match

the patient's particular anatomy.

Li et al. divided the image into small sub-regions using graph-based segmentation and then

identi�ed the salient value of each sub-region using a global contrast function. The lung area

is calculated using this information, and cubic spline interpolation re�nes the lung bound-

aries [72].

Generally, model-based techniques require prior knowledge of the underlying anatomy, and

they may not perform well if patients exhibit signi�cant anatomical variation.

ML-based approaches for CXR image segmentation are gaining popularity rapidly. These

approaches leverage traditional and modern deep neural networks to directly learn repre-

sentations from data, eliminating the need for prior knowledge or explicit models. In the

following section, we will review conventional ML approaches in this domain. Several studies



24

have been established using ML techniques to interpret the CXR images from segmentation

tasks to the diagnosis of the diseases. The robustness of these methods highly depends on

the hand-crafted features extracted from the data. McNitt-Gray used stepwise discriminant

analysis to select features for CXR segmentation issues, which resulted in a smaller feature

set [73]. Compared to the complete feature set, they observed similar accuracy in the per-

formance of classi�ers such as linear discriminators and neural networks while using this

reduced feature set. This method resulted in increased enhanced computing cost e�ciency.

By unsupervised learning, clustering is a common method for highlighting regions of interest

in CXR images. Ghosh et al. compare two common clustering algorithms, C-means and

Fuzzy C-means (FCM), to solve the segmentation problem of chest radiology images [74].

The study was based on the quantity of data points and clusters, and the �ndings demon-

strate that FCM gives equal results to C-Means clustering but takes longer to compute. Shi

et al. proposed a novel approach for segmenting lung regions in chest X-rays [75]. It used

Gaussian kernel-based fuzzy clustering with spatial restrictions, which enhances the tradi-

tional fuzzy c-means algorithm. This includes combining a distance metric produced by a

Gaussian kernel with a penalty term considering the nearby pixels. Vittitoea et al. proposed

a method for identifying lung areas in DCRs using Markov random �eld (MRF) modeling for

computer-aided diagnosis (CAD) systems [76]. Textural and spatial properties were used to

de�ne lung and non-lung areas, and probability distributions were used to incorporate them

into the MRF model.

These ML approaches have demonstrated considerable success compared to conventional

tasks and can be easily generalized to new datasets. However, like other tasks, deep learning

exhibits a new level of performance that surpasses previous machine learning methods.

2.3.2 Deep learning approaches

With deep learning, lung segmentation of CXR images has shown impressive progress. Con-

volutional neural networks (CNNs), a type of deep learning model, have been widely used as

they can learn hierarchical representations of input images. U-Net, a popular CNN architec-

ture proposed in 2015, has been adopted as a baseline model for lung segmentation [77]. The

model as it is [60,78] and its variations [79�81] are used in lung �eld segmentation in many

studies. The network comprises two pathways: one for contraction and, symmetric to this,

one for expansion, which are linked together by multiple connections. The contraction path

contains convolutional and max pooling layers, which lower the image's spatial resolution

and increase the depth of channels. On the other hand, the expansion path includes upsam-

pling and convolutional layers that gradually increase the spatial resolution and decrease the

number of channels to reach a map the same size as the image. The connections between
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the paths allow the network to transform abstract information from the earlier layers and

integrate it with high-level features in the later layers. The network structure is illustrated

in Figure 2.5.

SegNet is an encoder-decoder network that contains �ve encoders with convolutional layers,

batch normalization, and the recti�ed linear unit (ReLU) operation activation function [82].

The decoder network incrementally raises the resolution of feature maps to the input size

dimensions using pooling indices instead of direct connections between the corresponding

layers. LF-SegNet is proposed for the segmentation of lungs in CXR images. Its design is

LF-SegNet, similar to SegNet's, but it incorporates a skip architecture, which assists in fea-

ture reuse and alleviates vanishing gradient [79]. LF-decoder SegNet's network contains �ve

decoders and employs a basic upsampler variation that replicates feature maps to upsam-

ple them. The skip architecture and simple upsampler variation obtain better results and

faster convergence. Mizuho et al. improved the robustness of the U-Net architecture for lung

segmentation in CXRs of pulmonary illnesses [80]. They increased lung �eld segmentation

performance by using the Bayesian optimizer. This optimizer was used to identify the optimal

con�guration of hyperparameters for the task. Several hyper-parameters from the original

U-Net were changed, including batch size, learning rate, number of max-pooling layers, fea-

ture maps, drop-out probability, and the arrangement of batch normalization. Novikov et

al. explored the challenge of balancing the size of neural networks and the available train-

ing data to avoid over�tting [81]. They describe an experiment in which they deactivated

convolution kernels in a modi�ed U-Net trained on CXR images. The authors discovered no

signi�cant di�erence in output, showing the potential for customization and tweaking to the

domain's demands. They proposed three structures called All-drop-out, All-convolutional,

and Inverted-Net. A drop-out layer is added after each convolutional layer in the All-drop-out

network. In the All-convolutional network, strided convolutional layers are applied instead of

pooling layers. Inverted-Net, derived from these architectures, is designed to be compatible

with the nature of CXR data and has the best segmentation performance in segmenting mul-

tiple organs. Kholiavchenko used three deep architectures for organ segmentation in CXR

images [83]. The utilized networks are UNet [77] augmented with the ResNeXt encoder,

LinkNet [84] augmented with the ResNeXt encoder, and the Tiramisu [85] architecture aug-

mented with the DenseNet [27]. LinkNet is a model identical to the original U-Net in that

the transferred feature maps are summed rather than concatenated, reducing the number

of training parameters. The Tiramisu architecture also employed dense blocks in the U-Net

backbone network. Lastly, morphological procedures are used to smooth down the edges of

the output masks of the deep networks.
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Figure 2.5 Original U-net model architecture.

R-CNN family of models has made major contributions to the �eld of object detection. Gir-

shick et al. introduced the �rst model, R-CNN, in 2014 [86]. It generates region proposals

by employing a selective search algorithm to identify potential object positions in the image.

These suggestions are then fed into CNN, which extracts features and classi�es the item in

each one. A combination of classi�cation and regression loss functions is used to train the

model. Despite the model's strong performance, the computational costs of the mode are

considerable, limiting the model's utility. One year later, the authors proposed Fast R-CNN

to address the shortcomings of RCNN. Fast R-CNN distributes computation throughout the

entire image instead of performing individual computations for each region proposal, thereby

improving upon R-CNN [87]. Shaoqing et al. replaced the selective search algorithm with

a Region Proposal Network (RPN), which creates region proposals directly from CNN fea-

tures. This resulted in a more accurate and faster model, known as Faster R-CNN [88]. He

et al. developed Mask R-CNN in 2017 by adding a parallel branch to predict a mask that

generates a binary mask for each object instance, in addition to its bounding box, enabling

classi�cation at the pixel level [89] (Lung VS Non-Lung). Peng et al. suggested A-LugSeg

framework for automatically segmenting the lungs in CXRs of multi-site CXR datasets [90].

Two subnetworks are included in the framework: Mask-RCNN for coarse segmentation and

a hybrid re�nement phase that includes enhanced ML techniques. The framework o�ers a

coarse-to-�ne cascade segmentation approach that precisely segments the lung contour while

reducing the in�uence of surrounding organs. In another work with the same strategy, they

�ne-tune the coarse maps obtained by Mask R-CNN by re�ning the obtained boundaries

using optimization algorithms [91]. Wang et al. utilized Mask R-CNN for the segmentation

of lung, heart, and clavicles in CXR images [92]. The results demonstrate that the model is

e�cient and helps to reduce the false positive predicted regions.
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Like classi�cation, the concept of attention is also utilized in lung segmentation. Ullah pro-

posed an image segmentation framework constructed with two encoders and two decoders [93].

The pre-trained VGG19 encoder is used for feature extraction, and the squeeze and excita-

tion (SE) block is employed to provide the most important information to the �rst decoder,

which generates an initial binary segmentation mask. The second encoder improves the orig-

inal mask using the attention gate mechanism (AGM) to strengthen the feature map quality.

AGMs focus on areas of interest while retaining spatial resolution. The second decoder gen-

erates the �nal enhanced segmentation output by using the output of both encoders. He et

al. proposed a lung segmentor model, XLor, designed to capture long-range contextual in-

formation for more accurate lung segmentation in CXR images [94]. The input feature maps

are divided into four directions: top-to-bottom, bottom-to-top, left-to-right, and right-to-

left. Then, the module calculates attention maps for each direction, which weighs each pixel

according to its similarity to pixels in the same direction. The �nal attention map is created

by combining the attention maps in all directions. XLor uses the ResNet model [43] to ex-

tract features from input CXRs at the beginning of the process. Hwang et al. used Atrous

convolutional layers to broaden the kernels' �eld of view [95]. Moreover, they used network-

wise training as a multi-stage technique, which improved lung segmentation performance.

In this technique, a pre-stage model is repeatedly trained and improved using both input

images and the output of a prior stage in a coarse-to-�ne strategy. This recurrent cascading

technique helps the network to focus on details and learn precise lung �eld boundaries. Gaál

presented a model that generates pixel-wise segmentation of the heart, left lung, and right

lung [96]. The proposed network architecture included an Attention U-Net with Attention

Gates (AGs) to focus on critical local features and minimize false positive rates. By using

AGs, the Attention U-Net was trained to concentrate on the most important features. The

segmentation procedure was designed to increase the precision and e�ectiveness of medical

image analysis.

Gaggion introduced HybridGNet, a neural network architecture developed for anatomical seg-

mentation in medical images, speci�cally CXR images [97]. HybridGNet represents anatom-

ical structures as graphs, allowing it to consider anatomical restrictions while addressing

topological defects and inconsistencies. HybridGNet is built on an encoder-decoder architec-

ture, with the encoder using regular convolutions and the decoder decoding the features with

graph convolutional neural networks (GCNNs). The image-to-graph skip connection layer

lets convolutional block features �ow into GCNN blocks, boosting segmentation accuracy.

Liu et al. utilized a lung region generator before classi�cation to eliminate irrelevant infor-

mation in CXRs [60]. The generator comprises a lung segmentation and a post-processing

step. A U-Net segmentation model highlights the lung areas in CXR images. The post-
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processing step deals with issues such as diseases and poor image quality that can result in

false-positive and false-negative regions. By utilizing lung anatomies, such as symmetry and

size, false-positive errors are identi�ed and corrected. The di�erences between the left and

right lung sides reveal the false-negative regions misrecognized by U-Net.

In some speci�c applications, it is necessary to analyze the original-sized image, which can be

problematic with regular deep models. Huynh presented a network and a training approach

for processing large-sized CXR images [98]. The architecture consists of a CNN and a fully

connected network. In a patch-based approach, the CNN extracts feature information from

small input image patches and creates feature maps. These feature maps are then fed into

the fully connected network, classifying each area as lung or non-lung. Finally, the created

map is post-processed using morphological operations to achieve more accurate and smoother

boundaries.

Mansoor et al. combined the model-based technique with deep learning. They used two

deep learning architectures that learn space and shape parameters to partition deformable

objects, speci�cally the lung �eld from CXR [99]. Unlike statistical shape models' traditional

iterative convergence process, this approach separates the parameter space into linearly sepa-

rable subspaces, and deep learning classi�ers independently learn the shape parameters. This

method is computationally viable and substantially more accurate than current statistical

shape model methods. Chen et al. employed three deep learning models, namely FCN [98],

U-Net [77], and SegNet [82], to accurately segment lung �elds from CXR images [100]. The

models were trained on pre-processed images that underwent histogram enhancement, thresh-

old selection, and binarization, which signi�cantly improved the segmentation performance,

as demonstrated by the experimental results presented in the paper. Souza et al. proposed

a two-phase approach for segmenting lung �elds in CXR images [101]. The lung �elds are

initially segmented using AlexNet in a patch-based methodology. In an independent step,

the lung �elds are reconstructed in the second stage using a CNN model built on the ResNet

architecture [43]. The �nal lung map is then produced by combining these two maps. The

resulting map is then post-processed to highlight the locations of interest.

Generative adversarial networks (GANs) are also used as recent trending models for CXR

organ segmentation. Figure 2.6 presents a schematic of how GAN models work. In [102], a

novel dual-path adversarial learning (DAL) approach was proposed for learning features with

various degrees of complexity using the GAN concept. The approach is evaluated on various

medical images and illustrates high performances. Munawar et al. proposed a GAN-based

approach for lung segmentation in CXRs [103]. A U-net architecture is used to build the

lung map, and four discriminators are examined. Notably, even training on a tiny dataset,

their model maintained a high level of accuracy. The authors concluded that their GAN-
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Figure 2.6 A GAN model to segment lung in CXR image

based method is e�ective for lung segmentation in CXR images. Eslami et al. proposed

a deep learning-based approach for suppressing bone structures and segmenting organs in

chest X-ray images using an image-to-image translation model. The method entails training

a conditional generative adversarial network (cGAN) to convert an input x-ray image into a

segmented output image that highlights the organs while suppressing bone structures [104].

The proposed method can potentially increase the precision and e�ectiveness of organ seg-

mentation in CXR images and exhibit encouraging results.

Many studies have also focused on segmentation network modules. Liang et al. introduced

an unpooling module, a small inception module that integrates distinct up-sampled feature

maps [105]. Unlike upsampling, the unpooling module merges numerous up-sampled fea-

tures, preventing error growth and propagation. On the other hand, Segnet [106] employs a

max-unpooling technique, but due to the large number of zeros in the feature maps, it incurs

more costs and takes longer to converge. LF-Segnet [79] replicates the elements during the

upsampling process.

Cross entropy is the most commonly used loss function in medical image segmentation ap-

plications, including lung segmentation. Other measures, such as the dice metric and the

Soft-max cross-entropy [106], are also employed. The most popular activation function is

ReLU [107], but recent studies have found that the exponential linear unit (ELU) activation

function [108] achieves a higher overlap score [43] and speeds up networks.
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2.4 Web-based platform

The availability of various hardware and internet connections has revolutionized obtaining

medical information. There is access to an enormous number of medical apps over the in-

ternet that can be used to check people's health, monitor their symptoms, and even detect

diseases. These medical apps' accessibility has made it simpler for both patients and doctors

to take control of their health and deliver individualized, e�ective care to their patients.

Accessing medical apps from any place with an internet connection is the main advantage of

such applications. Patients can use these apps to monitor their health while on the go, and

clinicians can access patient information from anywhere. Doctors may now o�er remote care

because of this accessibility, which is crucial in regions with a shortage of medical sta�.

The web applications available to the public aim to suit a wide range of users and provide

health-related information. The health tracking app is one of the most often used categories

of medical apps. Patients can use these apps to track their health information over time,

including their weight, blood pressure, and heart rate. The applications can be installed on

the smartphone and can notify prede�ned contacts in case some artifacts occur. Samsung

Health [109] and Apple smart fall prediction [110] are pre-installed apps that are the most

common apps for healthcare tracking. Some apps also analyze the patient's voice to detect

potential illnesses [111]. By integrating smartwatches into mobile devices, applications can

leverage the sensor to record blood pressure, heart rate, respiration rate, etc. On the other

hand, some medical tools are speci�cally designed and utilized for particular diseases. We

have come across two online web applications available to the public for analyzing CXR im-

ages. The �rst one called Chester [112], was designed by Cohen et al. They employed the

state-of-the-art Densenet-121 model, pre-trained on ImageNet, and �ne-tuned on the Chest

X-Ray 14 dataset. The application is accessible through the web3. They used Grad-Cam

technology to highlight the most involved areas in the image. However, it is recommended

not to use this tool in healthcare centers. The Mobile Chest X-ray Analysis also used the

same training set and model to detect 14 pathologies in chest radiographs [113]. The pro-

gram, designed for smartphones, uses saliency maps acquired with GradCam to support the

diseases that have been diagnosed. Therefore, although these systems o�er activation maps

highlighting the references for the decisions, they are not trustworthy enough to be used in

clinics, as discussed previously.

3https://mlmed.org/tools/xray/
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CHAPTER 3 RESEARCH OBJECTIVES

Although few studies on identifying ARDS CXR images have been conducted, a reliable and

interpretable method for detecting ARDS that can be deployed in a hospital setting is still

unavailable. The problem of developing a generalizable and understandable ARDS detection

algorithm remains unsolved despite the massive studies in CXR analysis. In order to address

the critical clinical need, we identify the limitations of the previous studies. To meet these

constraints and completely realize our goals, we describe our objectives in this section.

3.1 Problem statements

We discussed the criticality of ARDS and emphasized the value of an early diagnosis in the

previous sections. Moving forward, it is essential to consider the speci�cations needed for a

medical device to be used in hospital wards and e�ectively deployed in clinical infrastructure

settings.

Our primary focus is to detect ARDS in CXR images, as this imaging modality is easily

accessible and cost-e�ective compared to other imaging techniques. While other diagnostic

criteria are necessary for identifying ARDS, chest radiographs are crucial in detecting the

syndrome. In addition to con�rming the diagnosis of ARDS, chest radiographs can also play

a role in determining complications associated with the condition. So, the main speci�cation

of the platform would be the capability of the tool to analyze chest X-rays in terms of ARDS

manifestations.

The approach must accurately interpret CXR images for doctors, a crucial requirement for

a tool to be accepted and deployed in clinics. The ability to interpret images equips the tool

to assign a severity score, an essential aspect of clinical decision-making. Providing solely a

binary label is inadequate for serving as an e�ective assistant to clinicians.

A model must function automatically without the need for doctors to intervene. Autonomy

is essential because the model's performance must be independent and not reliant on human

actions. Secondly, in case of deployment, the approach should operate independently and

provide an appropriate alert message even before clinicians become aware of it. Anything

that is not fully automatic may present challenges in implementation and real-time actions

in critical cases. As discussed in 2.1.2, currently, there are no approaches in the literature

that e�ectively address both challenges of automaticity and interoperability.

Additionally, data-driven approaches, particularly those based on deep learning, often require

a large amount of data. For most medical applications, which often have problems with data
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scarcity, this presents an extensive challenge. In the case of ARDS, there are no publicly

available datasets that have been annotated with ARDS labels, which makes it necessary

to create an internal dataset. However, the process of annotating data is costly and time-

consuming. Therefore, the approach ought to perform well on the limited internal dataset

that can be collected for this project.

The method should also have good generalizability for image analysis from di�erent health-

care institutions. This is crucial because the imaging equipment and techniques utilized can

impact the quality and features of medical images. As a result, the method should be robust

enough to manage these variances and work e�ectively with images from various sources.

Additionally, it is essential to create a �exible platform that can work both independently

and in cooperation with other medical devices to detect instances of ARDS. The platform

should be able to be integrated into other AI systems that examine hypoxemia and cardiac

failure, which, as was mentioned in earlier parts, are additional crucial factors for diagnosing

ARDS. Additionally, the proposed platform should be available for external validation and

go through further investigation by healthcare authorities in order to guarantee its reliability

and performance. As a result, at this point, deploying the application as a web-based plat-

form would be preferred since it is easy to access and utilize.

To sum up, our goal is to address the problem of ARDS identi�cation in chest radiographs

by proposing an approach with the following requirements:

ˆ accurate and robust for CXR classi�cation,

ˆ interprets the syndrome complexity,

ˆ operate independently and autonomously,

ˆ robust in facing data scarcity,

ˆ o�ers speci�cations to be used in prospective research and external validation to guar-

antee validity and reliability,

ˆ deployed in a user-friendly web application.

By meeting these requirements, we aim to o�er clinicians a helpful tool for the diagnosis and

treatment of ARDS, thereby improving patient outcomes.

3.2 Reasearch Objectives

The primary aim of this thesis is to develop an algorithm for detecting ARDS that can be

utilized in hospital wards. In order to meet the clinical requirements, the algorithm needs
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to o�er clinical insights regarding the conclusions it provides. To achieve this objective,

we intend to leverage the bene�ts of segmentation in our work, ensuring that the model

focuses on accurate regions. Since diagnosing ARDS involves identifying in�ltration di�usion

throughout the lung sides, the model should be capable of providing localized labels. This

will result in the interpretability of CXR images, as the reference for its output decision

will be evident. The algorithm should be designed as a web-based tool that can be easily

validated and seamlessly integrated into existing clinical infrastructure.

3.2.1 Objective 1: Lung Field Segmentation in CXR images

As discussed in the previous section, it is common and helpful to highlight lung areas in CXR

images for detecting pulmonary diseases [31, 33, 37, 49]. The rationale behind segmentation

is to focus on regions of interest and avoid processing non-relevant areas that can mislead

classi�cation methods.

Among the various strategies used for lung segmentation in the literature, deep learning

outperforms rule-based, model-based, and traditional ML-based algorithms. U-Net [77]-based

approaches have drawn attention due to their stability and high performance. These models

are used in a variety of applications, and several structures can be combined to customize

them for speci�c tasks [79, 81], as explained in section 2.3.2. The main limitation of these

models and similar ones is that they usually contain a large number of training parameters.

This factor increases the risk of over�tting, especially when there are few training data

available. Therefore, in terms of generalizability, it is crucial to have a model that is as

lightweight as possible. Notably, since we need to deploy the model in clinics, heavy models

can pose challenges in deployment.

It is discussed in 3.3 that the U-Net remains a promising model for tuning and adapting to

CXR lung segmentation.

Therefore, our �rst objective is to:

Develop a light deep model for segmentation of lung regions in CXR images

3.2.2 Objective 2: ARDS Classi�cation of CXR images

Extensive studies have been conducted in the community to analyze chest X-ray (CXR)

images, leveraging large datasets. Deep learning models have proven to be highly e�ective

at classifying pathologies in CXRs. However, since these datasets often lack ARDS labels,

classi�cation tasks for ARDS are limited. Moreover, deep models require signi�cant amounts

of data to be trained e�ectively, a major challenge in ARDS analysis of CXR images.



34

Although a few studies have focused on ARDS classi�cation, they have primarily used trans-

fer learning or trained on internal datasets annotated with ARDS labels. These studies

have limitations in interpreting the results, a common issue with deep learning in various

applications. The explainability tools like Grad-Cam have shown poor performance in CXR

analysis, making it di�cult to provide references for the model's decisions. One published

study has provided insights into the ML pipeline results by leveraging traditional ML ap-

proaches. However, this model is not fully automatic and requires clinician actions to make

a decision, which is against the intention of alerting doctors to suspicious cases.

We intend to utilize the previous objective, lung segmentation, in the current step of ARDS

classi�cation of CXRs. It has been noted in the literature that numerous studies have at-

tempted to isolate the lung areas prior to classi�cation.

The second objective is to:

Develop an interpretable system for automatically detecting ARDS in chest X-ray images.

3.2.3 Objective 3: Web-based platform

The current apps available for CXR analysis, such as Chester and Mobile Chest X-ray Anal-

ysis, cannot diagnose ARDS, nor are they designed for validation purposes. Furthermore,

these apps are not easily integrable with other tools, which is essential for our goals. While

these applications o�er useful insights into user interface and design, they are insu�cient for

our objectives since they only detect pre-de�ned pathologies. (limited to 14 diseases labeled

in the Chest X-Ray 14 dataset).

We aim to develop e�ective software that can be used at CHUSJ and customized for use in

clinical settings. To do this, we must develop an approach that can work in conjunction with

the pediatric intensive care unit (PICU) sector of the hospital's infrastructure and other rele-

vant technologies. The approach must pass external validation before being put into practice.

We recommend deploying the algorithm on a web server, allowing easy visualization of the

model's output. Additionally, to add context, it should be possible to interpret images in

terms of ARDS sign manifestation. The model will provide each image's severity score, and

the web app's user interface (UI) should make the value readily visible. Furthermore, since

di�erent ARDS de�nitions are used for adults and children, the application must be capable

of providing both modes to users.

Therefore, our third objective is to:

Develop a web-based platform for the severity analysis of ARDS in CXR images. This

platform will be adaptable to the hospital's clinical settings, integrable into higher-level



35

medical tools, and capable of providing severity scores for adult and pediatric ARDS.

The pediatric de�nition of ARDS is discussed in more detail in section 6.

3.3 General methodology

The ARDS diagnosis procedure can be divided into two steps: the �rst includes identifying

the RoI, and the second comprises leveraging the extracted regions by looking for illness

signs. The lungs host ARDS manifestation; hence, segmenting the CXR images is the start-

ing point. The extracted masks can then detect ARDS in�ltrates in CXR images.

The procedure discussed in this section is a commonly used approach that is also compatible

with the way radiologists diagnose pathologies. It is important to exclude areas irrelevant to

the speci�c abnormality being diagnosed. As most diseases manifested in CXR images are

pulmonary illnesses, lung segmentation is a popular technique in the literature. U-Net [77],

introduced in 2015, is a popular model used for biomedical image segmentation. This model

has inspired several segmentation approaches, and various modi�ed versions of the model are

customized for di�erent segmentation tasks. For lung segmentation, the e�ciency of U-Net

is investigated in this study.

In the context of lung segmentation, the U-Net's high number of feature maps in its high-level

feature extraction layers adds signi�cant complexity. However, our experiments demonstrate

that many feature maps contain redundant information (see Figure 3.1). In several experi-

ments, randomly occluding20%to 35%of feature maps at various levels resulted in limited

changes to the output mask in most executions. This observation suggests that the depth of

feature maps can be reduced signi�cantly for CXR lung �eld segmentation.

If we �nd a way to reduce the depth of feature maps, it can allow having a smaller model

Figure 3.1 60 consequence feature maps extracted from an original U-net applied on CXR
images for lung segmentation.
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which can be bene�cial from various viewpoints. Smaller models are less memory- and

computationally-intensive, which makes them appropriate for real-time applications. This

is an important factor since smaller models can be trained on lower-end hardware and re-

quire less time for execution, making them more practical for deploying algorithms in clinical

settings. Although larger models may perform better in general, analysis of feature maps

and numerical results indicate that segmentation models for lung �elds do not require such

complexity. A model over�ts when it becomes too complex, which can result in poor gener-

alization to unseen data. Simpler models are better at generalizing to new data because they

have a lower capacity and are less likely to over�t. When a model becomes too complex, it

may start to memorize the training data rather than learn the structure of the data. This is

particularly important for lung segmentation tasks, as the model needs to perform e�ectively

on new images from various machine settings and imaging conditions, which can result in

signi�cant variations.

Furthermore, another widespread challenge in training deep models is gradient vanishing.

Gradient vanishing occurs when the gradients calculated during backpropagation become

very small as they are propagated backward through the network, making it too small to

update the weights of the earlier layers. This can also be problematic for U-Net models due

to their deep encoder and decoder layers. However, skip connections can help mitigate this

problem by allowing the gradients to �ow directly from the encoder to the decoder layers,

bypassing the intermediate layers and preserving the gradient information. Since we intend

to reduce the number of feature maps in each layer, the gradient vanishing problem has inten-

si�ed. The proposed model must consider information �ow throughout the layers to address

the gradient vanishing problem and enable the capturing of complex features in images.

DenseNet is a neural network design that connects each layer to the next in a feedforward

path, resulting in a dense block. This architecture allows for the direct �ow of information

throughout the layers, which improves network information �ow. Furthermore, layers have

access to features extracted in earlier layers. This enables accessing multi-level features in

the further layers, which provides a higher level of processing.

The way DenseNet tackles this challenge motivates us to use the same concept to increase

information �ow, allowing us to reduce the depth of feature maps in layers. The dense con-

nectivity between the layers leads the gradient to �ow directly through the model from the

output layer to the earlier ones. By merging the design with the U-Net model, we customize

the model to be appropriate for lung �eld segmentation. Chapter 4 provides a detailed ex-

ploration of the proposed model, Dense-Unet, including its design details and the results

obtained.

For the next step, we aim to leverage lung segmentation before the classi�cation algorithm,
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as ARDS, a pulmonary abnormality, manifests in lung areas. Previous studies and our initial

experiments have shown that incorporating lung segmentation improves the classi�cation

model's performance. In CXR images, lung in�ltrates can be observed in areas a�ected

by ARDS. The distribution of ARDS across lung regions varies depending on whether the

patient is a child or an adult. Our initial plan for using segmentation involves creating a

masked image instead of the original one. A segmentation model is used to acquire a lung

mask, which is then used to occlude non-lung areas in the image. The masked image is then

fed to a deep-learning model for classi�cation.

However, lung �eld segmentation is not always the optimal solution since it can introduce

errors into the system. One major issue is that lung boundary segmentation is typically per-

formed on normal images, and the presence of certain diseases can cause dramatic changes in

lung boundaries. ARDS, for instance, is a disease that can result in faded lung edges due to

in�ltrates in the lungs, which can make it challenging for segmentation models to isolate the

lungs accurately. Moreover, there are no public datasets for lung segmentation that contain

pathological images, so previously trained models on normal CXR images may exhibit sig-

ni�cant errors in isolating lung �elds in CXR images. Using segmentation and classi�cation

models sequentially can lead to error propagation throughout the model, especially if the

segmentation mask is noisy or includes artifacts. In other words, the classi�cation model as-

sumes that the input images contain only pure lungs. If the lung is not accurately detected,

the image may mislead the classi�cation model by processing based on the �awed ROI. To

address this, we aim to mitigate the e�ect of artifacts in segmentation while leveraging its

advantages.

By integrating segmentation and classi�cation models into a single unit model instead of us-

ing them serially, the e�ect of the error propagation phenomenon is reduced. In the strategy

for designing the Y-Net, a head is taken from the bottleneck of a U-Net model. This enables

the extracted features through the U-Net encoder to be used for classi�cation. This strategy

seems helpful for addressing the challenges of ARDS detection. In the previous section, we

discussed the challenge of data shortage by designing a structure with a small number of

parameters. However, data scarcity is still a problem in this step, as discussed previously.

Therefore, we used the proposed segmentation model as the backbone of our model since

it has already shown good performance. The Dense-Unet model is inspired by U-Net and

DenseNet, hence its name. For this step, we are combining the model with the Y-Net con-

cept, resulting in Dense-YNet as the name of the proposed detection model.

There are two commonly used de�nitions for ARDS. In one de�nition, the criterion is bilat-

eral in�ltrates, while in the other de�nition, the condition is progressive in�ltration through

time in CXR images. To design a model that can handle both de�nitions, we can detect



38

the locality information across the lung. Using this strategy, we can determine whether the

in�ltration is di�use across both lung sides to analyze the criteria of the �rst de�nition. For

the second de�nition, if the model can predict the local labels by analyzing two taken im-

ages that meet the timing criterion of ARDS, the model can determine if there are any new

in�ltrates in lung regions. This strategy also allows the assignment of severity scores to each

image based on the local label predictions. We split each lung side vertically into two halves,

called lung quadrants. The model is expected to classify the labels of each lung quadrant

and then analyze the combination of a�ected quadrant locations. In addition, the model can

do lung segmentation since the output of the U-shaped model is the lung mask. The model

can segment pathological images, a unique advantage over most works in this �eld.

To train such a model, we need a dataset that contains both lung boundary ground truth

and four labels corresponding to the lung quadrants. To create this dataset, we take a set of

images from various data sources and annotate the CXR images with the help of clinicians

at CHUSJ. Since the model is lightweight, it can be trained on a relatively small dataset.

The algorithm requires a few additional steps before being e�ectively implemented in clin-

ical settings. First, while the model has been trained and validated on a diverse dataset,

it is crucial to perform an external validation to assess its reliability and generalizability.

To achieve this, we have developed a web application that enables people from around the

world to contribute to the external validation of the model. This is an important step for the

clinical tool since data can vary signi�cantly based on the device and imaging protocol used

in healthcare centers. The web application should be designed with a user-friendly UI and

backend to facilitate ease of use, and observers' opinions about the decision support system

should be recorded for validation analysis.

To report appropriate severity scores, six instances of the proposed models are used to pre-

dict labels, and a voting strategy determines the �nal result. A single model would provide

a severity score for the entire CXR image, while quadrant labels are assigned a binary label

(a�ected/una�ected). However, using ensemble models o�ers the opportunity to give greater

precision to the severity assignment, as well as to generate more precise lung area masks. The

third objective of the thesis is crucial since the platform must meet two critical expectations

of doctors. The �rst is the ability to visualize the system's decision clearly, and the second

is to provide external clinical validation to researchers and clinicians worldwide.



39

CHAPTER 4 ARTICLE 1: DENSE-UNET: A LIGHT MODEL FOR LUNG

FIELDS SEGMENTATION IN CHEST X-RAY IMAGES

Conference Name: 42nd Annual International Conference of the IEEE Engineering in

Medicine and Biology Society (EMBC2020)

Publication Date: July 24, 2020

Authors:

Mohammad Yahyatabar; Philippe Jouvet; Farida Cheriet

Abstract

Automatic and accurate lung segmentation in chest X-ray (CXR) images is fundamental for

computer-aided diagnosis systems since the lung is the region of interest in many diseases and

also it can reveal useful information by its contours. While deep learning models have reached

high performances in the segmentation of anatomical structures, the large number of training

parameters is a concern since it increases memory usage and reduces the generalization of the

model. To address this, a deep CNN model called Dense-Unet is proposed in which, by dense

connectivity between various layers, information �ow increases throughout the network. This

lets us design a network with signi�cantly fewer parameters while keeping the segmentation

robust. To the best of our knowledge, Dense-Unet is the lightest deep model proposed for

the segmentation of lung �elds in CXR images. The model is evaluated on the JSRT and

Montgomery datasets and experiments show that the performance of the proposed model is

comparable with state-of-the-art methods.

4.1 INTRODUCTION

Segmentation of thoracic organs in chest X-ray (CXR) images is the most important step in

several tasks of computer-aided diagnosis (CAD). In CXRs, the lung is the region of interest

(RoI) where several serious diseases commonly manifest. Therefore, the segmentation of the

lungs in CXR can give vital indications regarding diseases such as acute respiratory distress

syndrome (ARDS) and lung cancer [81]. The expensive and time-consuming nature of man-

ual labelling by medical experts, with its large inter-observer and intra-observer variations,

highlights the need for an automatic segmentation method [68].

Segmentation methods for the lung �elds in CXR are categorized as rule-based [114], model-
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based [115] and machine learning-based. As in most image analysis tasks, deep learning has

outperformed the previous state of the art in CXR segmentation applications. U-Net, a well-

known Convolution Neural Network (CNN) model [77], has served as a baseline architecture

for most CXR segmentation models. It includes a contraction path and a symmetric expan-

sion path that are linked by several connections in between. Since 2015, many studies have

tried to modify the U-Net structure to extract RoIs in CXR images [79,81,116,117]. In [79],

the proposed network, called LF-Segnet, transfers only the pooling indices instead of using

direct connections between the contraction and expansion paths. The work in [81] utilizes far

fewer parameters in comparison with U-Net and as a result, the running time for training the

network is quite short. They proposed three models called All-drop-out, All-convolutional

and Inverted-Net. In the All-drop-out network, a drop-out layer is added after each convo-

lutional layer, and in the All-convolutional network, strided convolutional layers are applied

instead of using pooling layers. Inverted-Net, which is derived from these architectures, is

designed to be compatible with the nature of CXR data and has state of the art performance

in the segmentation of multiple organs. Inspired by Inverted-Net and U-Net, [118] proposed

variations of these models by employing di�erent techniques. In spite of the high accuracy

rates of these models, they are quite costly in terms of computation and memory usage.

Deep feature maps throughout these models induce a huge parameter space, while a high

percentage of these contain redundant information without adding new distinguishing fea-

tures. Moreover, a dual-path adversarial learning (DAL) approach was proposed in [102], in

which features can be learned at di�erent levels of complexity using the generative adversarial

network (GAN) concept. Using generative models in segmentation has some advantages but

because of their challenging training process, their generalization confronting some variation

caused by probable diseases are relatively low. In a scenario presented in [119], after an initial

segmentation, a procedure to reconstruct the missed lung regions is proposed to deal with

abnormalities caused by disease. Although the method results in high performance in the

segmentation of lung �elds, the extra processing may increase the complexity of the model.

Providing annotated data in medical applications is always costly. Another important concern

is the risk of over-�tting when increasing the complexity of the model while using a limited

number of training samples. Based on the nature of CXRs, capturing the �nest details in

the RoI boundaries is not required and a simpler model leads to better generalization [81].

As the main contribution of our study, a novel U-Net based architecture is proposed for the

semantic segmentation of lung �elds in Chest X-ray images. This innovation leads to fast

model convergence while signi�cantly reducing the number of parameters and keeping the

segmentation performance high.
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4.2 Methodology

The central idea for our proposed Dense-Unet is that by increasing the information �ow

throughout the model, it can be designed with a smaller number of parameters.

Convolution layers produce many similarities between intermediate feature maps for CXR

images. Therefore, a connectivity pattern is applied to utilize the whole capacity of the

feature maps and to reduce the redundancies, leading to signi�cantly decreased computation

cost. DenseNet uses the concatenation of outputs from various intermediate layers as the

input of the later layers [27]. The connections maintain all extracted features in the di�erent

layers and also increase information �ow inside the model.

4.2.1 Dense-Unet Architecture

In the proposed version of the U-Net, using dense connectivity, generated feature maps in

earlier layers are employed in all later layers in an end-to-end segmentation process (Fig. 4.1).

In the feedforward passes, the layers have access to all previous maps directly. This brings

Figure 4.1 Overview of proposed Dense-Unet model

multi-level features to the layer and thus, a combination of di�erent level maps are exploited.

Moreover, in the backward gradient �ow, learning is easier due to deep supervision; gradients

can propagate through all the layers, even in primary ones.

Such a deep e�ect of the loss function on various layers in the model facilitates convergence

and as a result of information �ow, the model's design is lighter, with signi�cantly fewer

parameters while achieving good performance.
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The connections shown in Fig. 4.1 equalize the size of transferred maps and extract features

as well. There are9� (9� 1)
2 = 36 inter-layer connections between the 9 layers of the network.

Strided convolutions, max-pooling and upsampling operations are used to address the prob-

lem of unequal sizes within di�erent layers. The size of the output feature maps is derived

from equation (4.1):

nout = b
nin + 2p � k

s
c + 1 (4.1)

where nin and nout are the sizes of the input and output tensors respectively,p shows the

padding number around the map,k is the kernel size ands is the stride step.

The details of the architecture in Fig. 4.1 are as follows:

ˆ The convolution block and max-pooling (down-sampling by 2) operations that are used

in the main body of the Dense-UNet are shown as dark blue lines. A convolution block

comprises two convolution layers followed by a batch normalization and a recti�ed

linear activation function.

ˆ The expansion path contains convolution blocks and up-sampling (instead of max-

pooling in the contraction path), which are shown as orange lines. These generate

feature maps2n times bigger than the input map (n is the distance separating connected

layers).

ˆ The 1 � 1Conv connection (in black) does not change the map sizes; it only adjusts

the depth of feature maps while extracting features. It is used to transfer feature maps

in corresponding layers and also in the output layer to produce the �nal segmentation

mask.

ˆ The light blue lines are strided convolution layers that generate feature maps of smaller

sizes. As observed in 4.1, these connections transfer maps from the encoder to the

decoder and the map sizes are adjusted by tunings.

ˆ The last connection type is the red lines, which contain a convolution layer and upsam-

pling operations with scaling factors equal to 2, 4, and 8.

4.3 Experiments and Results

4.3.1 Data

Two public datasets were employed to evaluate the proposed method. The �rst one, provided

by the Japanese Society of Radiology Technology (JSRT), contains 247 chest X-rays images
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with and without lung nodules. The size of the images is2048� 2048 pixels, with 4096

intensity levels (12 bits) [120]. In [121], reference standard masks of the thoracic organs in

the JSRT images downsized to1024� 1024are provided.

The Montgomery dataset was designed for tuberculosis CAD and created by the National

Library of Medicine in collaboration with the Department of Health and Human Services,

Maryland, USA. The dataset contains 138 CXRs as well as their reference standard masks

at an image size of4020� 4892pixels and 12-bit depth.

4.3.2 Training strategy

The network was trained using two-third of the images, in which20% of the data were

reserved for validating the training process and tuning the models. The performance of the

models was evaluated using the remaining third of the images. To compare our work with

the state-of-the-art methods, images were resized to256� 256.

A data augmentation technique was employed to generate new images to compensate for the

limited size of the dataset. Cropping, rotation and brightness changes were the transforma-

tions applied to produce new images.

To apply non-linearity to the model, the Recti�ed Linear Unit (ReLU) activation function

was utilized in intermediate layers and the Softmax function assigned the labels for every pixel

in the output layer. The Adam optimizer was employed to minimize the loss function. Three

common loss functions (Binary cross-entropy (BCE) and the Dice and Jaccard segmentation

overlap scores) were considered as candidates for the optimization target. In addition, the

Glorot method was used for weights initialization.

4.3.3 Performance evaluation and discussion

Table 4.1 shows the comparison of lung �eld segmentation performances between a human

observer, state-of-the-art methods and our proposed method on the JSRT and Montgomery

datasets. In this work, two complementary Dense-Unet con�gurations were employed to

show the potential of our network design. The model architectures are the same in both

con�gurations, but the "compact" version of the model is obtained by altering the depth of

the intermediate feature maps. By using shallower feature maps, the compact model takes

signi�cantly fewer parameters while maintaining high segmentation performance. On the

other hand, by increasing the number of channels in the intermediate feature maps, the

"normal" model outperforms the human observer and reaches the state-of-the-art. Although

the normal version is heavier than the compact one, it still needs far fewer parameters than
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other reported methods.

Table 4.1 Comparison of Dense-Unet results (in percentages) with state-of-the-art methods
and human observer.

JSRT Montgomery
Architecture Dice Jaccard Dice Jaccard
Human observer [121] 94:6 � 1:8
LF-SegNet [79] 95.1
ResNet-DAL [102] 97.5 95.1
All-Dropout [81] 97.3 94.8
Inverted-Net [81] 97.4 95.0
SIFT-Flow [71] 96:7 � 0:8 95:4 � 1:5 96:0 � 1:8 94:1 � 3:4
Region Growing [114] 98:3 � 0:7 96:3 � 1:2 97:8 � 0:5 96:6 � 1:8
FASFCM [122] 97:6 � 1:2 95:6 � 1:5 95:8 � 1:5 93:5 � 2:1
Proposed (compact) 97:4 � 0:1 94:9 � 0:2 97:3 � 0:4 94:7 � 0:7
Proposed (normal) 97:6 � 0:3 95:3 � 0:5 97:9 � 0:3 95:9 � 0:5

Lighter models (those with fewer parameters) are a priority in many areas, especially for

CNNs that are a part of a bigger system or that must implemented in hardware. Thus, a

compact model that is robust for the segmentation of lungs in CXRs is desirable. In Table

4.2, the number of parameters and memory sizes for the original U-Net, two state-of-the-art

models and the two Dense-Unet versions are listed. Clearly, the high �ow of information

through the network allows us to drastically reduce the number of parameters, yielding only

5; 300 for the compact model, while more than 34 million parameters are needed in the

original U-Net.

Table 4.2 Comparison of Dense-Unet size with other CNN models.

Architecture # of parameters Size
Original U-Net [77] 34 512 388 131 MB
All-Dropout [81] 31 377 988 119 MB
Inverted-Net [81] 3 140 771 12 MB
Normal Dense-Unet 352 107 1.47 MB
Compact Dense-Unet 5 304 145 KB

Squeeze and Excitation (SE) blocks [123] can be added to CNN networks, and these are

also taken into account in the proposed model. These additive blocks promote independence

between the channels by adaptively recalibrating the extracted features. A variation of SE

using spatial and channel-wise recalibration was introduced in [124]. These modules add a

little complexity but attenuate the weaker feature maps and boost the more informative ones.
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To evaluate the e�ect of SE blocks, Table 4.3 compares the experimented models in terms of

segmentation mask Jaccard scores and number of parameters.

Table 4.3 E�ect of SE blocks on Dense-Unet performance.

Jaccard
Architecture JSRT Montgomery #parameters
Normal model with SE 0.953 0.959 352 107
Normal model without SE 0.953 0.959 336 713
Compact model with SE 0.949 0.947 5 304
Compact model without SE 0.934 0.931 5 051

The SE blocks increase the segmentation performances of the compact model while adding a

small number of parameters. However, for the normal Dense-Unet, the Jaccard score remains

unchanged while the number of parameters rises when using SE blocks.

We also studies the e�ect of di�erent loss functions on our models. Networks were trained by

optimizing three losses, BCE, Dice score and Jaccard score (Table 4.4). Utilizing the Jaccard

score as the loss function results in the best overlap rates in both datasets.

Table 4.4 E�ect of loss function on performances in both datasets. (Jc: Jaccard, Se: Sensi-
tivity, Sp: Speci�city)

Dataset Model Loss Fcn. Jc(%) Se(%) Sp(%)

JSRT

Normal
BCE 94.4 97.4 98.6
Dice 94.5 97.3 98.7

Jaccard 95.3 97.9 98.8

Compact
BCE 93.6 97.8 98.7
Dice 94.6 97.8 98.0

Jaccard 94.9 97.8 98.7

Montgomery

Normal
BCE 93.8 97.4 98.6
Dice 94.6 97.0 99.1

Jaccard 95.9 98.1 99.2

Compact
BCE 94.2 96.8 99.1
Dice 94.5 97.2 99.0

Jaccard 94.7 97.3 99.1

The experiments were performed using the PyTorch platform in Python 3.7 on a desktop PC

with an Intel i7-4790 CPU and NVIDIA Geforce RTX 2070 GPU with 8GB RAM.

If the speci�ed CAD application requires maximal precision for the organ boundaries, ac-

cording to the observed results, the normal Dense-Unet would be the best choice. If however

reducing memory usage is the priority, the compact model may be used while still achiev-
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ing satisfactory accuracy. Fig. 4.2 shows two segmentation examples from the JSRT and

Montgomery datasets by the compact and normal models.

As mentioned above, data augmentation provides synthetic images to generate new networks

feeds. Generally, by increasing the augmentation probability, the performance of our model

increases (Fig. 4.3). However, the overlap index rises for the Montgomery dataset more

than for JSRT when applying data augmentation. In fact, in spite of the JSRT, the CXR

images are more complex and heterogeneous in Montgomery. This can explain why adding

more training variations has a greater impact on the generalization of the method for the

Montgomery dataset.

4.4 Conclusion

In this paper, a novel CNN model inspired by DenseNet and U-Net is proposed for the

segmentation of lung �elds in CXRs. Taking advantage of high information �ow, all layers

in the proposed Dense-Unet are connected. This allows us to design a model with far fewer

parameters and thus, a greatly reduced memory footprint. Two con�gurations of this novel

architecture are introduced for di�erent applications, depending on whether segmentation

accuracy or small model size is the priority. Moreover, adding Squeeze and Excitation blocks

brings the performance of the compact Dense-Unet close to that of the normal version.

Using data augmentation, we compensate for the limited size of available training sets and

enhance the models' generalization capacity on more heterogeneous image sets. In terms of

loss functions, we observed the Jaccard overlap score to be a more appropriate optimization

target than cross-entropy or Dice.
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(a) (b)

(c) (d)

Figure 4.2 Visual results of lung �eld segmentations for JSRT (top row) and Montgomery
(bottom row) images. Figures a) and c) (resp. b) and d)) are the masks produced by
the compact (resp. normal) model. The areas overlapping with the reference masks (true
positive) are shown in yellow, while the green areas are from the ground truth (false negative)
and the red areas are from the predicted mask (false positive).
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Figure 4.3 Jaccard scores vs. data augmentation probability.
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Abstract

Purpose: Acute respiratory distress syndrome (ARDS) is a life-threatening condition that

can cause a dramatic drop in blood oxygen levels due to widespread lung in�ammation. Chest

radiography is widely used as a primary modality to detect ARDS due to its crucial role in

diagnosing the syndrome, and the X-ray images can be obtained promptly. However, despite

the extensive literature on chest X-Ray (CXR) image analysis, there is limited research on

ARDS diagnosis due to the scarcity of ARDS-labeled datasets. Additionally, many machine

learning-based approaches result in high performance in pulmonary disease diagnosis, but

their decisions are often not easily interpretable, which can hinder their clinical acceptance.

This paper aims to develop a method for detecting signs of ARDS in CXR images that can

be clinically interpretable.

Approach: To achieve this goal, an ARDS-labeled dataset of chest radiography images is

gathered and annotated for training and evaluation of the proposed approach. The proposed

deep classi�cation-segmentation model, Dense-Ynet, provides an interpretable framework

for automatically diagnosing ARDS in CXR images. The model takes advantage of lung

segmentation in diagnosing ARDS. By de�nition, ARDS causes bilateral di�use in�ltrates

throughout the lungs. To consider the local involvement of lung areas, each lung is divided

into upper and lower halves, and our model classi�es the resulting lung quadrants.

Results: The quadrant-based classi�cation strategy yields the area under the receiver op-

erating characteristic curve of%95:1(95%CI 93:5 � 96:1), allowing for providing a reference

for the model's predictions. In terms of segmentation, the model accurately identi�es lung

regions in CXR images even when lung boundaries are unclear in abnormal images.

Conclusions: This study provides an interpretable decision system for diagnosing ARDS,
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by following the de�nition used by clinicians for the diagnosis of ARDS from CXR images.

5.1 Introduction

Acute respiratory distress syndrome (ARDS) is a widespread in�ammatory lung condition

having various causes (mainly infections including COVID-19, aspiration, or trauma) and a

high mortality rate. It can occur at any age and appears because of alveolar in�ammation

preventing the alveoli sacs from exchanging air with the bloodstream. The mortality rates

corresponding to mild, moderate, and severe ARDSs are 27%, 32%, and 45% respectively,

hence the need for quick and accurate management [1]. Late diagnosis and treatment delivery

to such patients may complicate the treatment process and worsen the disease. Furthermore,

accurate, fast and automated triaging can help to balance resource assignments, especially

in high-demand clinical centers.

Based upon the most accepted de�nition of the syndrome [13], one of the most limiting

and frequent factors in diagnosing ARDS is the presence of bi-lateral in�ltrates in the chest

X-ray (CXR) image. Considering the central role of CXR images in clinical management,

an important issue emerges due to the high variability between physicians when reviewing

such images ( [26, 125]). Our group previously demonstrated that using a computer-aided

diagnosis system to detect ARDS from CXRs can increase the accuracy of diagnosis [26].

Few works are found in the literature that address automated ARDS diagnosis from chest

X-rays. Zaglam et al. [26] suppress the ribs visible in the lung areas based on the method

in [25] and extract the patches in the inter-costal regions. Exploiting the statistical and

spectral characteristics of the patches, texture features are extracted and transformed into a

new space by linear discriminant analysis (LDA). A Support Vector Machine then classi�es

the samples as ARDS or non-ARDS. The authors achieve promising results and improved

the agreement rate between intensivists. However, the patch-based nature of the system

raises some challenges. A patch annotation process is required to provide the training data.

Moreover, predicting the diagnosis from rows of patches raises challenges such as selecting

their sizes and setting a threshold on the number of a�ected patches. Also, hand-engineered

features are extracted from the intercostal spaces and the method involves an extra step for

rib removal. Sjoding et al. exploit the capability of deep learning (DL) to achieve expert

physician-level performance in ARDS detection [28]. First, the state-of-the-art DenseNet-

121 model [27] is pretrained on two well-known public datasets, Mimic [126] and Chexpert

[39]. Then, using the transfer learning strategy, their model is retrained on a University

of Michigan (UM) ARDS dataset containing 8072 CXR images. The evaluation results

con�rm an accurate and robust diagnosis system. However, the system does not provide
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any information to justify the decision, thus limiting its acceptability by clinicians.

Considerable research has been devoted to the interpretability of DL models' decisions. Two

main paradigms have emerged in this area: learning an interpretable model (e.g. [127]), and

post-hoc explainability of a model (e.g. [128]). In image classi�cation, saliency maps are

a common tool for highlighting the image areas contributing to the classi�cation results.

However, such maps are not reliable enough to be trusted in medical applications [129,

130]. Pixel-level segmentation prior to the classi�cation stage limits the processing areas

and assists the classi�cation task [62], especially when training data is scarce. Besides, by

limiting the region of interest, the e�ect of non-relevant background regions and image noise

is compensated, thereby boosting the performance of the model.

In the present study, instead of simply taking the result of the segmentation process, we

propose a joint segmentation and classi�cation model that shares the weights and allows

end-to-end training. Severe ARDS cases usually have high opacity in the lung areas, and

such CXR images can mislead typical segmentation models. By sharing segmentation and

classi�cation weights in the integrated model, segmentation yields an improvement in clas-

si�cation. However, running segmentation and classi�cation in series risks propagating any

segmentation errors to the entire framework. Thus, the main rationale behind joining the

segmentation and classi�cation tasks is to take full advantage of both feature spaces to im-

prove the performances interactively. In addition to the classi�cation loss, the segmentation

loss is also used which leads the model to focus on lung �elds as the region of interest.

This work addresses the crucial clinical requirement of providing an interpretable framework

for diagnosing ARDS. Indeed, clinical decision support systems must clearly show how deci-

sions are taken, otherwise they won't be approved by government health authorities. To deal

with this, we follow standard clinical practice in diagnosing pulmonary disorders from CXRs.

Radiologists �rst exclude non-lung areas for their analysis, then explore signs of diseases

in both lung sides. Visible in�ltration e�ects di�used in both lung sides are an important

sign of ARDS [13]. Thus, predicting local labels in each lung side not only facilitates the

classi�cation process, but also provides information for the local areas throughout the lung.

Lung quadrants are extracted by splitting each lung side into upper and lower lobes, and the

�nal decision is based on the quadrants' predicted labels. Thus, a quadrant-based diagnosis

system is proposed to deliver explainable decisions in line with clinical practice. The main

contribution of this paper is to propose an interpretable decision support system for the

diagnosis of ARDS. A joint segmentation and classi�cation model provides a high-accuracy

system that can identify each lung quadrant as containing ARDS in�ltration or not. In

parallel, the lung areas are accurately segmented by the model. Furthermore, a dataset is
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provided that contains CXR images with labels of ARDS for each lung quadrant.

In the following section, we present related works on detecting pulmonary pathologies. In

Section 5.2, data challenge and the provided ARDS dataset are justi�ed; the proposed method

for joint lung segmentation and disease classi�cation is then explained. In Section 5.3, we

describe the experimental setup and protocols. Section 5.4 discusses our experimental results

in detail. Section 5.5 provides a conclusion to this work.

5.1.1 Related works

Deep learning has achieved remarkable outcomes across a range of applications, spanning

from communication [131] and industry [132, 133] to healthcare systems [134]. In medical

image processing, decision support systems assist doctors in various states, such as diag-

nosis. Analysis of chest radiographs is mainly linked to the classi�cation of pathological

images. Many studies focus on training new models or existing state-of-the-art architectures

from scratch. Kieu et al. train three CNN models to detect abnormalities in CXRs [42].

They investigate the left lung, right lung, and both together, each in a separate model, and

synthesize the results into �nal predictions. Islam et al. employed an ensemble of several

models, including Alexnet, Resnet, and VGG [45]. The �nal result outperformed the merely

use of classi�ers for detecting Cardiomegaly and Tuberculosis. Li et al., in a two-stage model,

take advantage of a DenseNet [27] encoder and recurrent neural network (RNN) decoder for

diagnosis of fourteen diseases in the ChestX-Ray14 dataset [46]. The RNN exploits the de-

pendencies between labels to improve model performance.

On the other hand, the presence of massive datasets, such as Chest X-Ray 14, MIMIC,

and CheXpert, has encouraged researchers to take advantage of transfer learning. In this

paradigm, the model discovers the underlying data structure and employs the acquired knowl-

edge for speci�c downstream tasks. Transfer learning �nds extensive use in the analysis of

CXR images [3,28,49]. However, it often requires the sharing of data, leading to privacy con-

cerns, especially when dealing with sensitive medical information. Here, federated learning

steps as a solution, employing a central server and individual clients to facilitate private model

training without exposing sensitive data [132]. During the COVID-19 pandemic, there was

signi�cant demand for e�cient medical diagnosis. However, sharing patient data for training

purposes was restricted by privacy regulations. A collaborative federated learning approach

enabled multiple medical institutions to collaboratively develop accurate COVID-19 screen-

ing models without the need to share patient data [54, 55]. This resulted in competitive

outcomes when compared to centralized data-sharing models. Slazyk et al. also noted that

partitioning the identical dataset among separate federated learning clients could potentially
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result in enhancements in the classi�cation accuracy of CXR images for the models under

examination [56].

Transformers, renowned for their achievements in NLP, are currently extending their capabil-

ities to image-based ML problems. By combining E�cientNet with the Vision Transformer

model, researchers achieved a remarkable100%AUC in classifying tuberculosis from CXR im-

ages, demonstrating the adaptability of Transformers beyond their original NLP domain [52].

Vision Transformers partition images into patches for processing through encoder layers with

self-attention, allowing them to e�ectively capture spatial relationships. This novel strategy

has found success in medical applications, such as detecting Covid-19 in CXR images, where

data scarcity was overcome by utilizing a public dataset for feature extraction and subsequent

abnormality detection [53]. This expansion of Transformers into image-based tasks points

out their potential to rise up various �elds of machine learning and image analysis.

Some methods also search for features locally instead of in the full image. In a work pub-

lished by Qingji et al. [59], a category-wise residual attention learning (CRAL) framework

is presented in which attention blocks are arranged to strengthen the feature learning and

�nd correlations among pathologies. In another study, global and local image features are

exploited at the same time [48]. An ROI is generated by thresholding the feature maps de-

tected in a global branch of the model; this drives the attention mechanism used in a local

branch. Their classi�cation results on ChestX-ray14 outperform the model with only a global

branch. Xiao et al. also employed two separate pathways to consider both local and general

information [49]. A U-net model is used to segment the lung masks. Then, location maps

are derived based on the Euclidean distances from the masks and combined with the original

images to feed a Densenet-121 for classi�cation.

Madani et al. employ a Generative adversarial network (GAN) in a semi-supervised learning

architecture to address the classi�cation and data scarcity problems [135]. The model shows

good generalization in facing unseen datasets. Yu-Xing et al. also propose a GAN to identify

abnormal CXR samples [136]. Their model is trained to reconstruct normal CXR samples

and, if the input is abnormal, the model poorly reconstructs the input which is considered

as the measure for distinguishing CXRs.

Jennie et al. [57] believe that the normal sizes of CXR images used in deep models are not

su�cient to classify pneumothorax. They separated two top third of each lung as apex

images and extracted patches from them. The patch-based and apex-based �ne-tunings of

VGG-19 are proposed to address the size issue. Ensembling models based on soft voting

improved the performance of pneumothorax detection. Resnet-50 and Densenet-121 are also

popular models in the interpretation of CXRs. Ahmed et al. apply horizontal and vertical
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components of the wavelet transform to enhance images and facilitate feature extraction [58].

Then, a pretrained Resnet-50 classi�es the derived maps while almost half of the convolution

layers and classi�ers are retrained. Baltruschat et al. give a comprehensive comparison of

approaches using Resnet [59]. The authors investigated the e�ect of non-image features(age,

sex, and angle position) as well as various training strategies evaluated on ChestX-ray14

dataset [2].

There is, to date, no universal approach that is e�ective at classifying all the pathologies iden-

ti�ed in public CXR datasets. ChestX-ray14 is one of the most extensive publicly available

annotated datasets and includes fourteen common chest pathologies. As such, it has been

employed in many studies. Rajpurkar et al. propose the ChexNet model, in which a pre-

trained Densenet-121 is retrained on ChestX-ray14 [3]. As noted above, several popular DL

models have been employed to classify di�erent pathologies in common datasets. However,

in�ltration, as a general symptom of several diseases, is targeted by several works. ChexNet

reaches a state-of-the-art area under the ROC curve (AUC) of 0.73 on the classi�cation of

in�ltration when tested on ChestX-ray14. Nevertheless, to diagnose ARDS, the di�usion of

in�ltrates throughout the lungs is challenging to detect, yet needs to be addressed in ARDS

prediction.

In response to the COVID-19 pandemic, caused by severe acute respiratory syndrome coro-

navirus 2 (SARS-CoV-2), the research community employed several AI techniques to auto-

mate diagnosis of the pathology from chest radiograph images. Unsurprisingly, DL methods

play a critical role in the domain. Linda et al. propose a deep convolutional model called

COVID-Net in which a machine-driven design exploration strategy is exploited to enhance

the representational capacity of the model using a lightweight design pattern and selective

long-range connectivity [137]. The model uses a sequence of lightweight residual projection-

expansion-projection-extension (PEPX) blocks connected by residual connections throughout

the model. The model obtains92%accuracy in classifying normal, non-COVID pneumonia,

and COVID-19 cases on their proposed COVIDx dataset. Ferhat et al. [138] �ne-tune a

SqueezeNet pre-trained network with Bayesian optimization to classify COVID-19 images,

showing promising results on a small dataset. Muhammad et al. [139] evaluate COVID-

ResNet on the COVIDx dataset and achieved better results than COVID-Net. They present

a three-step training to tune a pre-trained ResNet-50 by progressively resizing the image to

128� 128, 224� 224 and 229� 229 and �ne-tune the model in each stage. Ezz El-Din et

al. [140] propose COVIDX-Net, composed of seven di�erent models. They reported that the

VGG19 and DenseNet models yield the best performances for automated COVID-19 clas-

si�cation. Yujin et al. propose a framework containing segmentation and multiple patch

classi�ers [141]. After extracting the lung �elds using the (FC)-DenseNet103, the masked
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image is fed to a classi�cation model using patch-by-patch training and inference. The �nal

decision is based on majority voting with several ResNet models. Since their algorithm is

patch-based, the quality of the segmentation is critical in their framework. Any segmen-

tation error propagates through the classi�cation models; this is especially problematic for

COVID-19 cases where the lung boundaries can be di�cult to identify.

In our approach, we aim to take advantage of the segmentation process while avoiding the

limitations of serial usage of segmentation and classi�cation models.

5.2 Materials and Methods

5.2.1 ARDS dataset

Most studies in the �eld of CXR image analysis employ existing publicly available datasets.

MIMIC [126], Chexpert [39], and Chest X-Ray 14 [2] are of the most frequently used sources,

and include between fourteen and eighteen pathologies. These datasets provide a total of one

million CXR images covering several diseases [142]. However, none of them contain ARDS

labels, an obvious limitation to analyzing this particular illness. Nevertheless, the datasets

provide appropriate sources to pretrain deep networks to extract relevant CXR features.

In the present study, the speci�c dataset for ARDS classi�cation is generated from four

sources. In all cases, the lung is divided into upper and lower regions, thus four quadrants

are labeled for this study. Our �rst dataset comes from a survey by Zaglam et al. [26] and

contains 90 CXR samples annotated with labels for each lung quadrant by intensivists at

Sainte-Justine University Hospital Center (SJUHC) in Montreal, Canada. Secondly, we use

100 CXR images from the Chest X-Ray 14 dataset [2] labeled as in�ltrated/non-in�ltrated at

the quadrant level. Moreover, 183 CXR samples are derived from the PARDIE study [143].

In those two CXR sets, the quadrants are labeled by two intensivists at SJUHC; each image

is included in the dataset only if both observers reach a consensus about its quadrants that

results in 218 CXR images, of which 134 samples are labeled as ARDS. Additionally, we

use 138 images from the Montgomery dataset [144] labeled as non-ARDS (no in�ltration

for all quadrants) with con�rmation by SJUHC clinicians. Thus, the created ARDS dataset

includes 356 CXRs of which 134 images meet the bilateral in�ltrate criterion in the de�nition

of ARDS [13].

In terms of segmentation data, the dataset also includes lung contours references. Lungs

masks of 134 ARDS images are provided by two SJUCH intensivists. The images coming

from Montgomery also consists of lung segmentation maps. For the other samples in our

collected dataset, a Dense-Unet segmentation model [8] is used to segment the lungs, and
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the resulting masks are included in the dataset after clinical validation and post-processing

when necessary.

5.2.2 Joint segmentation-classi�cation

Using two models in series, segmentation and classi�cation, introduces limitations for diag-

nosis of ARDS. Indeed, any segmentation error in identifying the lung areas will propagate

to the downstream network and cause classi�cation errors as well. To address this, we want

to design a model that is aware of the task of pathology localization. Moreover, limiting

the computational area by segmentation ground-truth can also promote the classi�cation

function.

The proposed method in this paper is inspired by the Dense-Net [27], U-Net [77] and Y-

Net [145] architectures. The dense connectivity pattern in DenseNet has reached remarkable

results in analyzing CXR images in public datasets. Here, we use our previously proposed

Dense-Unet [8], a light and robust segmentation model based on both U-Net and Dense-Net,

as the backbone of a novel joint segmentation-classi�cation model. As in Y-net [145], a head

is branched from the bottleneck of the U-shaped model; we add to this design a second

head from the decoder output to provide another classi�cation feed. The features extracted

from the two heads are concatenated, and by a sequence of convolution blocks, the output

is created. Fig. 5.1 shows the new Dense-Ynet model architecture, indicating the layers and

connections and the sizes of the feature maps.

In essence, the Dense-Ynet architecture is composed of a segmentation model in the form

of a Dense-Unet backbone [8] (highlighted in gray and blue in Fig. 5.1), and convolutional

layers sequences (highlighted in pink in Fig. 5.1) as the classi�cation model. These two parts

are interconnected with shortcut connection layers at multiple levels. The feature maps in

each feature extraction level are accessible in the layers of the decoder path of the Unet.

Feature maps are concatenated in every layer in the encoder-decoder pathways. Strided

convolution and up-sampling+convolution operations are used to create maps of the same

size. By con�guring the s value in strided convolutions, the feature maps become accessible

across various layers. While the input image maintains a size of224� 224, the intermediate

feature maps take on square dimensions�112, 56, 28, and 14. For instance, connecting a layer

of size 112 to another layer sized 28 involves utilizing strided convolution with ans value of

s = 112
28 = 4. Similarly, applying the same principle, upsampling, tuned by ther value, enables

the connection of a smaller-size layer to a larger one. This connectivity pattern increases

the information �ow and supports the design of a model with a lower number of training

parameters and higher generalization capacity [8]. Such interconnections shorten the back-
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Figure 5.1 Architecture of our proposed Dense-Ynet, a joint segmentation-classi�cation
model. The colored arrows (legend at right) show the di�erent operations done in the net-
work layers and in the connections. Numbers indicate feature map sizes. SE: Squeeze &
Excitation blocks.

propagation path and intensify supervision of loss values on trainable weights throughout the

model. The input image is masked with the predicted segmentation maps at the end of the

decoder and then, passes through a series of convolution blocks (right pathway of the model

in Fig. 5.1). Label prediction relies on two sets of feature maps extracted from the original

image and the masked one. A �rst branch connects to the end of the encoder path containing

14 � 14 feature maps. The other convolutional branch connects to the end of the decoder

path, after creating a segmentation map. This branch is fed with the original CXR image

masked with the lung �elds extracted by the segmentation. To guide both the segmentation

and classi�cation processes, the entire model's loss function includes two weighted loss terms

corresponding to both tasks:

L total = wclsL cls + wsegL seg (5.1)

where L cls and L seg refer to loss functions for classi�cation and segmentation respectively.

LT otal is the loss for the entire model. The weight valueswseg and wcls are subject to:

wcls + wseg = 1 (5.2)

The loss weights are considered as hyper-parameters and tuned using validation data. For
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segmentation, the Jaccard index loss function is used as follows:

L seg = Jaccard(s; m) = 1 �
P

i 2 pixels (si :mi )
P

i 2 pixels (s2
i + m2

i � si :mi ) + �
(5.3)

where the predicted segmentation and ground-truth maps are s and m respectively, and the

summations are over all pixelsi . In the denominator, � is the stabilizer to avoid the term

being unde�ned. Moreover, binary cross-entropy (BCE) for classi�cation, as follows:

L cls = BCE (y; p(y)) = �
1
N

nX

i =0

yi : log(p(yi )) + (1 � yi ): log(1 � p(yi )) (5.4)

wherey and p(y) are the groundtruth and predicted label values of the image.

Unlike in the U-Net, the number of feature maps does not increase in deeper layers of the

encoder pathway in Dense-Ynet. The main pathway of Dense-Ynet employs feature maps

with a depth of 100, which is di�erent from the conventional depths of 64, 128, 256, 512,

and 1024 in U-Net. By making this architectural choice during hyper-parameter tuning,

Dense-Ynet achieves a lightweight pro�le featuring 3 million trainable parameters�markedly

di�erent from U-Net's 34 million. As illustrated in Fig. 5.1, 3 � 3 convoluion kernels are

used for feature extracting during throughout the model except for the last layer that a1� 1

kernels are used. Squeeze and excitation (SE) blocks [124] are a type of attention-based

block employed to recalibrate the feature maps in the depth and spatial dimensions. The

idea is to boost the meaningful features and weaken the redundant or irrelevant ones. The

channel-wise squeeze operation speci�es a single value along with the depth of the map, and

those values act as weights for the channel in the excitation step. The same process is done

along with spatial units of the feature maps. The SE block used in our model is a combined

version of channel- and spatial-wise blocks.

5.2.3 Quadrant-based classi�cation

In the quadrant-based classi�cation, each output passes through asigmoid function and

independently points to a quadrant. Quadrant labels are assigned after thresholding the four

values, and the �nal label is based on the following logical operation:

PARDS = ( PRL _ PRU ) ^ (PLL _ PLU ) (5.5)

in which PRL , PRU , PLL , and PLU are the predicted labels for right lower, right upper, left

lower and left upper quadrants respectively. PARDS represents the �nal decision for the
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presence of ARDS as manifested by bi-lateral in�ltration in the CXR, where the_ and ^

symbols mean logicalOR and AND operations. In other words, the image is an ARDS case

if at least one quadrant in each lung is labeled as "in�ltration". Our experimental ARDS

dataset contains four labels associated with each lung quadrant.

5.3 Experimental Protocol

First, the proposed joint segmentation-classi�cation method is evaluated in terms of the

detection of ARDS. To this end, Dense-Ynet is evaluated with a �ve-fold cross-validation

approach, and the experiments are repeated ten times to have reliable results. New images

are also created from existing CXR images using basic data augmentation techniques such as

random rotation, cropping and shifting. The recti�ed linear unit (ReLu) function provides

non-linearity inside each convolution block, and at both outputs (classi�cation and segmen-

tation), the sigmoid function gives the output segmentation mask and labels values. The

ADAM optimizer is used to train the model, and the model weights are initialized with the

Glorot algorithm. The architecture was tested with various combinations of hyperparameters

to determine the optimal con�guration. In addition, observing the learning trend for a few

epochs helped specify other factors, such as the probability rate for data augmentation and

activation functions.

The training was con�gured with a segment weight parameter (wseg) set to 0.6. This pa-

rameter is used to combine classi�cation and segmentation loss values. The depth of feature

maps within both main pathways (highlighted sections in Fig. 5.1) was set to 100, which

directly in�uences the model's capacity. Among a variety of loss functions, Jaccard and BCE

demonstrated the optimal con�guration for training. The maximum number of epochs used

during training was set to 300. Training was halted when no change in the total loss value

on the validation set was observed for ten consecutive epochs. A learning rate of3e-3 was

employed to balance the convergence speed and �ne-grained weight updates. For e�cient

data processing, a batch size of 12 was utilized, striking a balance between memory e�ciency

and computational throughput. The augmentation probability was also set to 0.95, enriching

the training dataset and enhancing the model's robustness.

For the training and validation stages,80% of the dataset is utilized, while the remaining

20% serves as the test set. To align with the model's speci�cations, the data is resized to

dimensions of224� 224.

In addition, experiments are performed to justify the architecture of the backbone models

used for segmentation and classi�cation. The performance of existing state-of-the-art models
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in CXR analysis is thus evaluated on ARDS detection. Then, the segmentation performance

of the proposed model is assessed, and the results are compared to existing segmentation

models. Finally, the impact of lung segmentation on the ARDS classi�cation task is assessed.

5.3.1 Performance evaluation metrics

The model utilizes a sigmoid activation function for the output layer, yielding continuous

outputs between zero and one. Choosing threshold values is context-sensitive and crucial for

the task. Precision and Recall are key metrics used for threshold selection. In an ARDS

detection system, detecting cases outweighs false positives. Thus, minimizing false negatives

takes priority over decreasing false positives. This emphasizes Recall over Precision in our

use case. Balancing these metrics involves a trade-o�, as adjusting the threshold leads to

di�erent combinations. Another objective in threshold selection is to maximize theF1 score,

the harmonic mean of precisio n and recall.

Our system incorporates clinical considerations when selecting the threshold, accounting for

both criteria. Speci�cally, we aim for a highF1 score while maintaining a high recall, which

inherently ensures a high precision as well. This equilibrium is achieved by choosing the peak

F1 score. If multiple F1 peaks exist, the one aligned with a higher recall value is preferred.

Additionally, if changing the threshold results in a higher recall while keeping at least95%

of the maximum F1 score, the new threshold value is picked as the optimal one. Fig. 5.2

shows the evolution of the precision, recall, and F1 score by varying the decision threshold.

The threshold selection procedure is applied to the model's predictions on the validation set,

and the optimal threshold is then applied to the testing set for performance evaluation.

AUPR (Area Under the Precision-Recall Curve) serves as a fundamental metric for evaluating

the performance of machine learning models. The Precision-Recall curve illustrates the trade-

o� between precision and recall as the classi�cation threshold is adjusted. AUPR calculates

the integral under this curve, o�ering a comprehensive assessment of the model's pro�ciency

in accurately categorizing inputs. This metric proves particularly valuable in scenarios with

imbalanced classes, especially when positive class samples are limited.

AUROC (Area Under the Receiver Operating Characteristic Curve) is another widely used

evaluation metric, particularly in binary classi�cation tasks, which is utilized to report the

capability of the model. The ROC curve plots the true-positive rate against the false-positive

rate as the threshold for classi�cation changes. AUROC calculates the area under this curve,

o�ering insight into a model's ability to distinguish between classes across various threshold

settings.



61

Figure 5.2 Decision threshold assignment for model prediction. (a) The dashed red line
shows the F1 score; the selected threshold must keep it within95%of its highest value (pink
highlighted zone). The selected threshold is shown by a blue vertical line. (b) Precision-
Recall curves for the validation and test sets, with selected threshold from (a) marked with
symbols.

5.4 Results and Discussion

The model is trained for 300 epochs; however, the training process stops based on a speci�c

stopping criterion: if the validation loss remains stagnant or deteriorates for ten consecutive

epochs. The training process is depicted in Fig 5.3 illustrating classi�cation loss, segmentation

loss, and the total loss�a composite loss weighted bywseg. As noted, a rationale for combin-

ing segmentation and classi�cation is to leverage the impact of segmentation on classi�cation.

Upon comparing Fig. 5.3 (a) and Fig. 5.3(b), it becomes evident that the segmentation loss

converges at a faster rate than the classi�cation loss. As a result, the segmented lung infor-

mation is seamlessly incorporated into the classi�cation process, preserving the advantages of

lung segmentation without the need for a consecutive segmentation-classi�cation sequence.

The proposed model for joint segmentation-classi�cation, Dense-Ynet, is assessed based on

two strategies: image-level and quadrant-based classi�cation. The same architecture is used

in both cases, but with di�erent fully-connected layers producing model output (four nodes

for quadrant-based versus one node for image-level classi�cation). However, selecting hyper-

parameters is independently set by the validation data. Not only does the model discover

ARDS in the CXR images, but a lung segmentation map is also produced, the latter being

useful in many medical computer-based decision systems. Table 5.1 shows a summary of the

results obtained on our ARDS-labeled dataset.
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Figure 5.3 Training process within epochs. a) depicts the Jaccard values representing the
segmentation loss over epochs. In b), the BCE loss indicative of the classi�cation loss is
presented. c) illustrates the comprehensive weighted loss, wherewseg is assigned a value of
0:6 as determined during hyperparameter tuning.

In the quadrant-based Dense-Ynet, the model is trained using four labels per CXR associated

with each lung quadrant. This problem corresponds to multi-label classi�cation, and the �-

nal decision is based on the quadrant labels as mentioned in Equation 5.5. The precision

and recall measures are computed using the threshold selection strategy in Section 5.3.1.

Quadrant-based classi�cation demonstrates superiority across most of the metrics investi-

gated in this study. Thus, not only does quadrant-based classi�cation o�er interpretability

bene�ts, but it also leads to improved performance. Additionally, a DeLong statistical test

was employed to compare the AUROC of our Dense-Ynet model with the popular Densenet,

which has shown outstanding results in CXR analysis. The DeLong test helps in determin-

ing whether the observed di�erences in the AUCs of these models are statistically signi�cant

when comparing their ROC curves [146]. Dense-Ynet signi�cantly enhances the performance

of the Densenet model (AUC of 0.951 compared to 0.803; DeLong's test p-value = 0.01).

The ROC curves corresponding to the lung quadrants are illustrated in Fig. 5.4, where the

shadowed areas represent the ROC curves for ten executions and the black solid line is the

average curve over the executions.

Due to the threshold selection strategy, recall values are mostly higher than the precision

measures. The classi�cation of the left lower lung quadrant is more challenging for the model

than the other quadrants. This might be due to the heart overlapping the lung �elds mainly

in the LL quadrant. Since the heart is normally denser than the air-�lled lung, it causes

brighter intensity, rendering decision-making di�cult. It is similarly challenging to segment

the lung in the LL quadrant in CXR images based on visual examination.

As observed in Table 5.1, The ARDS quadrant-based classi�cation results in95:1%area under
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Figure 5.4 ROC curves for the four lung quadrants. The shadowed areas indicate the curves
obtained for several executions and the black line shows the average value of the executions.
RU: right upper quadrant, LU: left upper quadrant, RL: right lower quadrant, LL: left lower
quadrant.
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the ROC curve (AUROC) on previously unseen testing samples. The precision and recall

scores are respectively82:18%and 89:67%, based on the selected threshold value. Compared

to the direct image-level classi�cation, the quadrant-based approach improves classi�cation

by about 1% in terms of AUROC measure. The confusion matrix in Fig. 5.5 shows details

of the classi�cation predictions on the unseen data. In the matrix, precision and recall are

shown in the �rst element of the last column and last row, respectively.

Figure 5.5 Confusion matrix of the quadrant-based classi�cation using Dense-Ynet

Fig. 5.6 shows the ROC curves of execution for ARDS classi�cation using the two classi�ca-

tion strategies, namely quadrant-based and direct image-level. The curve for the image-level

classi�cation is obtained based on the one-node output of the model. In contrast, the curve

for the quadrant-based one is reached by applying the threshold values determined for each

quadrant and inferring the ARDS prediction using Equation 5.5.

Fig. 5.7 shows qualitative results for a few CXR images of pediatric and adult cases using our

quadrant-based Dense-Ynet structure. In illustrated images, the lung segmentation results

are acceptable even in images with highly di�used in�ltrations. The segmentation works

well in cases without in�ltration or with moderate in�ltration, thus accurately identifying

the region of interest. Regarding classi�cation, the ARDS labels are assigned based on the

combination of quadrants, and correct classi�cation of some quadrants does not guarantee

accurate ARDS prediction. On the other hand, it is likely that the �nal decision will be

correct despite misclassi�cation of one or two quadrants. This is because correct classi�cation

of three lung quadrants guarantees that the global classi�cation is also exact. Likewise,

accurate classi�cation of two quadrants on either side of the lungs could also result in a

correct ARDS classi�cation. This fact shows the importance of proposing aninterpretable

algorithm to use in clinics. By analyzing the lung quadrant predictions, clinicians can better

understand the framework's decision-making references.

The idea behind the Dense-Ynet structure is to take advantage of (lung-) masked images in
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Figure 5.6 ROC curves for quadrant-based and image-level classi�cation of ARDS

the weight sharing and interaction between the segmentation and classi�cation tasks. Our

experiments reveal that by limiting the exploration areas in the CXR image, the classi�cation

performance improves, either by adding a segmentation step before the classi�cation or by

using a uni�ed model (Dense-Ynet). The whole idea behind focusing on the lung �elds is that

CXR images contain noise and misinformation from the background or can be biased towards

device or pathology. The information from non-lung regions may fool the classi�cation.

Although the quadrant-based diagnosis of ARDS provides an interpretable reference for the

decision made by the framework, visualizing the activations that contribute most to the pre-

dictions can provide more insight into the capability of the uni�ed segmentation-classi�cation

model. Fig. 5.8 gives two examples of the activation heatmaps obtained using the well-known

GradCam method [128] for every quadrant using the quadrant-based classi�cation.

5.4.1 ARDS classi�cation by state-of-the-art models

As previously noted, multiple public datasets [2, 39, 126] are available in which hundreds of

thousands of chest radiograph images are labeled in terms of multiple pathologies. These

data provide the chance to use transfer learning for tasks with smaller datasets. Transfer

learning enables DL approaches even for new pathologies with limited amounts of data [59].

The Chest-XRay14 dataset contains fourteen pathologies (not including ARDS) as stated

previously.

Meanwhile, Densenet-121 is known as the most popular model for CXR analysis and has
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Figure 5.7 Four examples of lung �eld segmentation and classi�cation results. Below each
CXR image, quadrant labels and the network predictions are given. The RHS image in each
row illustrates the lung segmentation ability of the algorithm. The green areas show the
overlapping regions between the ground-truth and the model prediction. False-negative and
false-positive areas are shown in yellow and red respectively.

Table 5.2 ARDS classi�cation of CXR images using SOTA models with results presented at
a 95% con�dence interval.

Model Average AUC
DenseNet-121 80.3% (77.1-81.9)
ResNet-50 73.3% (69.7-77.2)
E�cientNet-B1 78.4% (75.2-81.2)
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Figure 5.8 Activation heatmaps created using GradCam for the quadrant-based classi�cation
by the proposed Dense-Ynet. Red areas are the most activated ones.

achieved outstanding results [28]. To investigate the potential of di�erent DL models in clas-

si�cation of ARDS, we experiment with Densenet-121 and two more state-of-the-art (SOTA)

networks, ResNet-50 and E�cientNet-B1, pretrained on the large Chest-XRay14 [2] dataset.

Then, the classi�er part of each model is replaced with a raw fully connected layer and gets

tuned by retraining on the ARDS dataset. 267 CXR images out of 356 total samples in the

ARDS dataset are used to train the model. Besides, 35 images are used as a validation set to

monitor the training process. The models are evaluated on the 54 remaining samples (test

set). These sets are selected randomly, and the results are reported after ten times runs.

Table 5.2 shows the average AUROC of ARDS classi�cation using the three models.

Table 5.2 shows that DenseNet-121 results in the highest AUROC among the most common

deep networks in CXR analysis. The potential of the Densenet model in the ARDS dataset is

demonstrated in Table 5.2. There are several reasons supporting its e�ectiveness, including

enhanced feature propagation, improved information �ow, and mitigation of gradient vanish-

ing. These factors contribute to a smaller number of required training parameters, aligning

well with the constraints posed by our limited dataset. Furthermore, numerous studies in

the literature have highlighted the e�cacy of Densenet in analyzing CXR images compared

to other commonly used models [28, 138, 147, 148]. This justi�es the rationale behind using

the Dense-Net architecture [28] as the backbone of our own model.
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The pretrained Dense-Net performs very well for most of the pathologies in the literature.

However, the model cannot replicate that level of results on the ARDS dataset. As seen

in Table 5.2, it reaches80:3% AUROC on an image-level classi�cation, which may not be

reliable enough in clinics. This is not surprising since the most similar label to ARDS

in Chest-XRay14 is "in�ltration", whose recognition rate is the lowest among all existing

pathologies. Thus, DenseNet-121 does not guarantee a conclusive decision system for clinical

usage.

We again use GradCam [128] to visualize the activation maps according to the classes pre-

dicted by DenseNet-121. Fig. 5.9 illustrates the heatmaps created by GradCam to localize

the a�ected lung areas. We can see that the most active areas (in red) do not necessarily

lie in the lung areas. Hence, even if the model predicts an accurate label, the result is not

completely reliable since it can be based on irrelevant areas of the input image.

5.4.2 Lung segmentation performance

In terms of segmentation, Dense-Ynet performs well compared to segmentation backbone

model used in this work. To assess the e�ectiveness of the proposed Dense-Ynet in lung

segmentation, the model is evaluated on two common segmentation datasets, namely JSRT

[120] and Montgomery [144]. Table 5.3 shows the segmentation results of the proposed

Dense-Ynet and its baseline segmentation model, (Dense-Unet [8]) for three datasets. Both

models perform well in lung segmentation for JSRT and Montgomery. These datasets contain

images that are not pathological in terms of ARDS. Normally, images with in�ltration are

more challenging to segment since the lung boundaries can be partially blurred due to the

disorder. This is where the proposed Dense-Ynet distinguishes itself by segmenting lung areas

well in the ARDS dataset, while Dense-Unet cannot maintain its previous results.

Table 5.3 Comparative analysis of lung segmentation outcomes across public datasets and
our ARDS dataset, reported at a 95% con�dence interval. DS:Dataset.

Model JSRT DS Montgomery DS ARDS DS
Dense-Unet 97.4% (96.5-98.1) 97.9% (97.2-98.4) 88.9% (85.4-90.6)
Dense-Ynet 96.2% (95.2-97.0) 96.7% (95.7-97.4) 94.1% (92.3-95.3)
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Figure 5.9 Generated heatmaps for ARDS identi�cation by DenseNet-121 using the GradCam
method. The left column contains original images and the right column shows the heatmaps.
Both images are accurately classi�ed as ARDS but the activation areas are not precise. Most
activated areas are shown in red color.

5.4.3 Impact of lung segmentation on ARDS classi�cation

In Section 5.4.2, we observed that although the DenseNet-121 model shows the best perfor-

mance among the popular models, it does not provide su�cient reliability. Here, we evaluate

the e�ect of a serial segmentation-classi�cation procedure. As previously noted, radiologists

focus on the lung �elds as the region of interest and search for relevant signs in those areas.

To emulate that work�ow, a lung segmentation model can be used to identify the lung areas

in CXR images prior to classi�cation. For that purpose, we use the Dense-Unet [8] model to

extract lung �elds since that model performs well in lung segmentation in CXR images. Fig.

5.10 shows the overview of applying the segmentation and classi�cation tasks in series. The

segmentation models are pre-trained on the Montgomery dataset [144].

The input of the classi�cation model is masked with the segmented binary image derived

from the segmentation model. In this way, we limit the e�ective areas and facilitate the

classi�cation task. Table 5.4 con�rms that using a segmentation model to mask CXR images

before feeding the classi�cation facilitates ARDS diagnosis. Therefore, if one can extract

the lung �elds in CXR images and remove background information, the pulmonary disease

classi�cation is likely to be more reliable.
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Figure 5.10 Lung masking before classi�cation using pre-trained segmentation model.

Teixeira et al. [62] pointed out that establishing segmentation ahead of the classi�cation

increases the reliability of the diagnosis system even though the performance stays unchanged.

However, boosting the classi�cation performance is obviously another aim in our context.

Table 5.4 Impact of lung segmentation on the performance of the DenseNet-121 model in
ARDS diagnosis, as assessed by the AUROC, with results presented at a 95% con�dence
interval.

Model Without Segmentation With Segmentation
DenseNet-121 80.3% (77.4-83.6) 82.5% (79.7-84.5)

Based on these observations, we conclude that the state-of-the-art Dense-Net121 might not

perform con�dently for the ARDS classi�cation task. Besides, lung �eld segmentation prior to

the classi�cation (even if not the best segmentation performance) improves the reliability and

boosts the detection performance. Indeed, by not considering the background, the algorithm

omits the biases imposed on the task by non-specifying conditions like device-related noise

and patient position. Qualitatively, GradCam maps show that a serial use of segmentation

and classi�cation improves the reliability of the predictions (see Fig. 5.11).

5.4.4 Discussion

We focus on ARDS within the context of pulmonary abnormalities, utilizing lung segmenta-

tion and subsequent classi�cation on extracted RoI from CXR images. Lung segmentation is

crucial for CXR diseases and is often performed using models like U-Net. However, U-Net's
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Figure 5.11 Activation maps for ARDS identi�cation by DenseNet-121 with prior lung seg-
mentation. Left column shows original images; right column shows heatmaps superimposed
on masked images. Lung segmentation restricts the feature extraction areas; thus, GradCam
points out more accurate areas in comparison with Fig. 5.9. We consider red zones as acti-
vated areas as signs of ARDS.
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high-level feature maps can become excessively redundant, leading to over-processing and,

in worse scenarios, challenges such as over�tting. To address this issue, we have reduced

the depth of the feature maps for lung segmentation. This approach creates smaller, more

e�cient models suitable for clinical applications. Additionally, the sequential application of

segmentation and classi�cation introduces error propagation and can hinder classi�cation,

particularly in ARDS cases where lung boundaries are indistinct in CXR images. Taking

inspiration from the Y-Net architecture, we have combined the segmentation and classi�ca-

tion tasks into a Y-shaped model. The challenge of gradient vanishing, often encountered in

deep models like U-Net, is mitigated in our design by utilizing DenseNet's direct informa-

tion �ow between layers. Our proposed Dense-Ynet model incorporates this connectivity to

enhance information transfer while simultaneously reducing feature map depth. This model

further divides the lung into quadrants for focused classi�cation, aiding in ARDS detection

and severity assessment. Given the limited availability of labeled ARDS datasets, we have

developed a lightweight model to prevent over�tting. The increased information �ow facil-

itated by dense connectivity in the Dense-Ynet architecture allows for a model design with

fewer training parameters. Furthermore, our approach of performing ARDS classi�cation

at the quadrant level not only outperforms direct image-level classi�cation but also supplies

references for the �nal reported labels. In medical applications, these references are essential

for validating decisions, o�ering transparency and a rationale for the conclusions drawn. This

transparency also extends to the derivation of the Berlin criteria for de�ning ARDS, which

is based on the local labels provided by our model.

5.5 Conclusions

A novel joint segmentation-classi�cation network was proposed to identify accurate lung �elds

and discover ARDS cases in CXR images. Our DenseYnet outperforms the state-of-the-art

method for classifying ARDS. ARDS causes bi-lateral di�use in�ltrations in the lungs, and its

severity is directly associated with the extent of in�ltration throughout the lungs. By classi-

fying the lung quadrants instead of the entire image, we deal with a multi-label classi�cation

problem. Comparing quadrant-based and image-level classi�cation, the quadrant-based clas-

si�cation results in better performances. Presenting labels for the four lung quadrants means

the clinician can review the reference for the algorithm's decision. Interpretability is a cru-

cial aspect of such clinical assistance systems since it makes the framework more trustable,

in this case by providing local information to support the decision. Although clinical trials

will be necessary to validate the model, the present study demonstrates the e�ectiveness of

Dense-Ynet. By warning intensivists to ARDS cases, the model can play an important role in
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the patients' survival since current explainable algorithms do not work well on CXR images.
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Abstract

Acute respiratory distress syndrome (ARDS), including severe pulmonary COVID infection,

is associated with a high mortality rate. It is crucial to detect ARDS early, as a late diagnosis

may lead to serious complications in treatment. One of the challenges in ARDS diagnosis is

chest X-Ray (CXR) interpretation. ARDS causes di�use in�ltrates through the lungs that

must be identi�ed using chest radiography. In this paper, we present a web-based platform

leveraging arti�cial intelligence (AI) to automatically assess pediatric ARDS (PARDS) using

CXR images. Our system computes a severity score to identify and grade ARDS in CXR

images. Moreover, the platform provides an image highlighting the lung �elds, which can

be utilized for prospective AI-based systems. A deep learning (DL) approach is employed

to analyze the input data. A novel DL model, named Dense-Ynet, is trained using a CXR

dataset in which clinical specialists previously labeled the two halves (upper and lower) of

each lung. The assessment results show that our platform achieves a recall rate of95:25%

and a precision of88:02%. The web platform, named PARDS-CxR, assigns severity scores to

input CXR images that are compatible with current de�nitions of ARDS and PARDS. Once

it has undergone external validation, PARDS-CxR will serve as an essential component in a

clinical AI framework for diagnosing ARDS.

6.1 Introduction

Acute respiratory distress syndrome (ARDS) is a severe, even life-threatening condition,

associated with respiratory failure, i.e., the inability of the lungs to ful�ll their basic function

of exchanging gases in the body. ARDS occurs in children and adults; its main causes include
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respiratory infection, aspiration, or trauma. The �rst description of ARDS as a separate

disease was provided in 1967. Variability in the ability to identify ARDS causes di�culty

in clinical trials. The Berlin de�nition introduced diagnostic criteria, such as acute onset,

severe hypoxemia (lack of oxygen in the blood), bilateral di�use in�ltrates visible in chest

radiography, and absence of any evidence of cardiac failure or �uid overload [1]. Despite

intensive studies investigating ARDS (60,000+ articles found in PubMed), its mortality rate

is still as high as43%[149]. Among the survivors of ARDS, a signi�cant portion experienced

lasting damage to the lungs, especially in older patients. The Berlin de�nition grades the

severity of ARDS as being mild, moderate, or severe. Table 6.1 illustrates the oxygenation

criteria and mortality rates associated with these severity levels.

Table 6.1 ARDS severities in the Berlin de�nition and associated oxygenation levels and
mortality rates [1].

Severity PaO 2/FiO 2 Mortality
Mild 200� 300 27%

Moderate 100� 200 32%
Severe � 100 45%

As seen in Table 6.1, considering the high mortality rate of ARDS and its rapid progres-

sion, early diagnosis of ARDS is vital. Furthermore, the mortality rate is directly associated

with the severity of the syndrome. The risk bene�t pro�le of therapies depends on ARDS

severity, making early strati�cation of ARDS severity crucial for management. The Pediatric

Acute Lung Injury Consensus Conferences (PALICC) [14�16] were organized to address pe-

diatric ARDS (PARDS) speci�cations and give treatment and diagnosis recommendations.

According to the most recent de�nition of PARDS, PALICC-2 [16], the criteria allow for

new in�ltrates in chest radiography, even if only a region within a single lung is a�ected.

One of the main reasons for this change in diagnostic criteria was the lack of agreement in

the interpretation of chest images between radiologists or between radiologists and intensive

care practitioners on the presence of bilateral in�ltrates, which are required in the Berlin

standard. López-Fernández et al. showed that interobserver agreement for bilateral in�l-

trates and quadrants of consolidation in PARDS was �slight� (kappa 0.31 and 0.33) [143].

Sjoding et al. reported similar results, with interobserver reliability of ARDS diagnosis being

�moderate� (kappa = 0.50; 95CI, 0.40�0.59). Hence, there is an urgent need to improve

the reliability of Chest X-Ray (CXR) intepretation in ARDS and PARDS to allow earlier

diagnosis of the syndrome [150].

Several studies have applied machine learning (ML) and arti�cial intelligence (AI) approaches

to analyze CXR images. One of the most common tasks reported in the literature is diag-
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nosing pulmonary pathologies using chest radiography. Thanks to massive publicly available

datasets, deep learning (DL) approaches have been broadly applied in medical pathology de-

tection. However, there is as yet no dataset annotated with ARDS labels. Thus, few studies

are found in the literature addressing the diagnosis of the syndrome.

To our knowledge, two papers present ML-based systems to identify ARDS in CXR images.

The �rst one [26] proposed a method for detecting ARDS using a traditional ML approach

based on hand-crafted features. The texture of intercostal image regions is considered as a

discriminative feature for classifying samples. To highlight intercostal areas, a semi-automatic

approach proposed by Plourde is utilized [25]. They succeed in reducing the inter-observer

variability between clinicians in diagnosing PARDS. However, their approach is not auto-

matic, and the rib segmentation step requires operator intervention. In the second work,

an automatic ARDS detection and grading approach was proposed using a state-of-the-art

DL model (Densenet) [28]. The authors �rst pretrained the model on public datasets (not

containing ARDS samples) and then re�ned the model with a custom dataset consisting of

ARDS-labeled images. Their approach performs well in diagnosing ARDS, but the model

provides no evidence for the support system's decisions. Thus, although it works well in

analyzing ARDS cases, the model lacks interpretability, which is essential for an ML system

to be used in clinical settings.

Recently, due to the COVID-19 outbreak, the research community has gotten more involved

in computer-based analysis of chest X-ray images as one of the easiest and fastest ways to

check for signs of the disease. Mobile Chest X-Ray Analysis [113] and Chester [112] are

prototype systems for CXR assessment developed using the aforementioned Densenet model,

trained on the public Chest-XRay14 dataset [2]. Both systems provide evidence for the

detected pathologies by means of saliency maps obtained using GradCam [128]. However,

this can reveal areas that are irrelevant to the pathology being detected [129, 130]. Thus,

although these systems provide activation maps pointing out the references for the decisions,

they are not su�ciently reliable to be used in clinics.

The main contributions of this paper are to create a tool for stratifying the severity of ARDS

in CXR images and to build a web-based platform for external validation. The platform uses

local information to classify X-rays based on the distribution of in�ltrates in the di�erent

lung quadrants, and it provides a global severity score for the image that is applicable in both

children and adults. The web-based platform, PARDS-CxR, can be used as a standalone tool,

or it can be integrated with other ARDS analysis tools to o�er a comprehensive approach

for clinical use.

The following section �rst explains the details of the data collection used to train our DL
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model. Then, we describe the proposed DL model and its evaluation process, and we present

the development of the Web platform. Section 6.3 presents the results of testing the ARDS as-

sessment tool, and in Section 6.4, the strengths and drawbacks of our platform are discussed.

Section 6.5 provides concluding remarks for this paper.

6.2 Materials and Methods

6.2.1 Methodology

This study contains four main phases, as illustrated in Figure 6.1. The end product is

PARDS-CxR, the web-based application to detect ARDS. First, a substantial set of data is

required to train the model. Existing public datasets do not include ARDS-labeled CXR

images, so we created a new one. This data collection process is summarized in Section 6.2.2.

Then, the proposed model must be trained on the CXR images. The model has two outputs

associated with lung segmentation and ARDS classi�cation, as explained in Section 6.2.3.

The trained model is then tested on unseen data to be evaluated. Sections 6.2.4�6.2.6 detail

the validation process. Finally, the model is uploaded to a server, and an interface is designed

so the user can easily access it. The web application is addressed in Section 6.2.7.

6.2.2 ARDS Dataset

Collectively, the main publicly available CXR datasets provide around a million images with

pathology labels [142]. This data motivated many researchers to employ AI techniques in

this domain. However, no such datasets assign ARDS-speci�c labels to images. As our �rst

step, we collected and annotated a dataset at Sainte-Justine Hospital, Montreal, Canada

(CHUSJ), to address the lack of appropriate data. Our dataset comprises three data sources

containing 373 CXR images. Ninety images and their corresponding labels came from a

previous study by our team [26]. A further 100 images were taken from the Chest X-Ray14

dataset [2] and relabeled by clinical experts (JR, ML) in the hospital. Another 183 images

were provided by the PARDIE study, a multi-national study that prospectively gathered chest

X-ray images of children with ARDS [143]. For each image, labels were associated with the

four lung quadrants obtained by splitting each lung into upper and lower portions. We refer

to each quadrant by its position: left upper (LR), left lower (LL), right upper (RU), and right

lower (RL). According to the Berlin de�nition [1], visible bilateral in�ltrates are a mandatory

criterion for a case to be categorized as ARDS. Two intensivists from CHUSJ assessed the

presence of in�ltrates in each quadrant. A sample was included in the dataset only if the

clinical observers reached a consensus on the labels. In addition, 138 CXR images were taken
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from the Montgomery dataset to represent the normal class [144]. These samples were labeled

as non-ARDS if agreed by the clinical experts. By dropping images with disagreements in

their labeling, our �nal ARDS dataset consisted of 356 images, of which 134 meet the bilateral

in�ltrates criteria in the Berlin de�nition [1].

6.2.3 Joint Segmentation and Classi�cation Model

In computer-based diagnosis approaches, it is common to use segmentation ahead of classi�-

cation to determine the region of interest. Lung segmentation separates the lung areas from

the thoracic tissues surrounding them and is the primary image analysis step in many clinical

decision support systems. Generalization to new datasets is a di�cult challenge in the anal-

ysis of chest radiography. In that respect, segmentation is considered a strategy to limit the

impact of speci�c imaging devices and settings, since it restricts the feature extraction to the

lung �elds and removes the e�ect of the image background [62,63]. However, serial usage of

segmentation and classi�cation propagates the segmentation error into the classi�cation net-

work. Dense-Ynet is a convolutional network that takes advantage of Densenet, Y-net, and

U-net models to do both tasks simultaneously in a joint segmentation�classi�cation model.

The backbone of the network used in this study is our previously developed Dense-Unet [8].

Dense-Unet is a segmentation model in which dense connections between the feature maps in

various layers facilitate the information �ow throughout the model, letting designers choose

a con�guration with a small number of training parameters. Our proposed Dense-Ynet takes

advantage of automatic feature extraction from both the original and segmented images

(Figure 6.2). The model has two outputs and is trained using two loss functions: the lung

segmentation loss and quadrant classi�cation loss. The model works based on the convo-

lution operation. A convolution is a mathematical operation that �lters the information of

its input and creates feature maps. An inevitable e�ect of the convolution operation is to

change the dimensions of the feature maps. To tackle this issue, upsampling and strided

convolution operations are used to ensure that feature maps coming from di�erent layers can

be concatenated. Squeeze and excitation (SE) blocks [123] are also used after each convolu-

tion layer to improve the representational power of the blocks by recalibrating the features.

The key strengths of Dense-Ynet are use of lung segmentation in its architecture, specialized

connectivity, which enable better generalization, and prediction of local labels for each image.

To reach the �nal decision based on the Berlin de�nition, we must test for existing bilateral

in�ltrates. To that end, a simple logical operation in Equation (6.1) combines the predictions

of each quadrant to check this condition:
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Figure 6.1 Organization of our study into four main phases. The data are collected from
several data sources and annotated at Saint-Justine Hospital, Montreal, Canada. The DL
model is trained using quadrant-level labels and lung segmentation maps. It is then evaluated
on a set of previously unseen images; both the classi�cation and segmentation performances
are assessed. Finally, a web-based platform is designed and made available through the
internet.
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PARDS = ( PRL _ PRU ) ^ (PLL _ PLU ) (6.1)

PRL , PRU , PLL , and PLU are the prediction labels for the right lower, right upper, left lower,

and left upper quadrants, respectively.PARDS is the inferred ARDS label, and_ and ^ are

logical or and and operations. The equation states that, if at least one quadrant is involved

on each side, the case is recognized as (P)ARDS.

Figure 6.2 The Dense-Ynet model takes advantage of the interaction between the segmen-
tation and classi�cation tasks by performing them simultaneously. The features from the
original and lung-segmented images are concatenated and utilized to classify ARDS cases.

6.2.4 Experimental Design

In this work, 267 images of the ARDS dataset are used to train the Dense-Ynet model. In

addition, 35 images are used to validate the training process. For the testing stage, 54 im-

ages previously unseen by the network are used. The algorithm is evaluated with the �ve-fold

cross-validation strategy. Cross-validation is a method that tries various training and testing

data combinations to con�rm the reported results' reliability. Data augmentation is a tech-

nique to enrich the training data by generating new images from the current training set. For

this purpose, we use basic image processing techniques, such as random rotation, cropping,

shifting, horizontal �ipping, and intensity changing. The recti�ed linear unit ( ReLu) acti-

vation function introduces non-linearity to network blocks. TheSigmoid function provides

valid labels between zero and one in both the segmentation and classi�cation output layers.

Adam is the optimizer used for updating the model weights during training. To reach the

optimal con�guration, a set of hyperparameters must be explored to �nd the best model
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structure and training policy. The Web platform (see Section 6.2.7) employs six Dense-Ynet

instances, corresponding to the best hyper-parameters sets. Using an ensemble approach, the

�nal result presented to the user combines the values received from the individual models.

The PARDS-CxR application detects lung quadrants consolidation, and the �nal ARDS label

is derived from the quadrant predictions using Equation (6.1).

6.2.5 Scoring Scheme

To analyze the severity of ARDS in CXR images, a scoring scheme is proposed based on the

number and the position of a�ected lung quadrants (see Table 6.2). The scheme is compatible

with the Berlin de�nition, in which existing bilateral in�ltrates are an essential criterion for

ARDS diagnosis in chest radiography.

Table 6.2 Severity scoring scheme based on a�ected lung quadrants.

A�ected Quadrants Score Severity
4 quadrants 5

Severe3 quadrants 4
2 quadrants (Di�erent

sides)
3 Mild

2 quadrants (Same side) 2

Non-ARDS1 quadrant 1
No a�ected quadrant 0

Giving scores is important from two points of view. First, the score represents the severity

of the di�used in�ltrates throughout the lungs. Second, reporting disease severity helps

clinicians follow appropriate treatment protocols or triaging. This type of system has been

proposed for the Murray Lung Injury Score, as well as as part of the recently proposed RALE

score in adult patients with ARDS.

6.2.6 Evaluation Metrics

Evaluation metrics are measured from the algorithm's performance on unseen test data to

assess the approach. There is no metric representing the total capacity of the PARDS-CxR

platform. However, we use a set of performance metrics to provide a complete overview of

the model's operation. A confusion matrix quanti�es the ability of the classi�er to detect

each class separately. It gives detailed measures comparing the actual and predicted labels,

as shown in Figure 6.3.
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Figure 6.3 Confusion matrix for a binary classi�cation problem. The matrix contains four
elements that, together, evaluate the system's predictions versus the real labels.

The elements of the confusion matrix, namely, the true positive (TP ), true negative (TN ),

false positive (FP), and false negative (FN ) values, serve to calculate several assessment

metrics as follows:

Accuracy =
TP + TN

FP + FN + TP + TN
(6.2)

P recision =
TP

FP + TP
(6.3)

Recall =
TP

FN + TP
(6.4)

F 1 =
2 � P recision � Recall

P recision + Recall
: (6.5)

The Accuracy metric represents the overall correctness of a classi�cation algorithm. It cannot

fully express the model performance, however, especially in the case of unbalanced testing

data. P recision and Recall reveal the model's performance in discriminating between the

di�erent classes. P recision represents how precise the model is in identifying the target

(positive) class. Speci�cally, it points out what portion of cases predicted as positive are

really ARDS cases. On the other hand, theRecall value shows what proportion of predicted

ARDS cases are actually labeled as ARDS. These two metrics have a complementary role in

describing the model's behavior. TheF 1 score, derived fromPrecision and Recall values,

is a single metric to quantify the algorithm's performance.
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The receiver operating characteristic (ROC) curve illustrates the diagnostic capacity of a

system by comparing true positive and false positive rates as the discrimination threshold

(applied at the network's output layer to decide between the two classes) varies. The area

under the ROC curve (AUROC) represents the discriminatory power of the classi�er.

6.2.7 Web-Based Platform

We designed a web-based platform to facilitate the diagnosis of ARDS in CXR images by

medical professionals. The platform is intended as a tool to provide a second opinion to

clinicians, but no direct medical use is recommended until medical professionals validate

the tool using external data. The PARDS-CxR platform takes advantage of six Dense-Ynet

instances to provide scores for each input image. The scores are given based on the number

and combination of a�ected lung quadrants as explained in Section 6.2.5. A global score is

assigned by combining the outputs from the model instances. In addition, the application

provides accurate lung segmentation maps, which are helpful in AI-based analysis of CXR

images.

The web application utilizes theReact library to create a user-friendly and interactive user

interface (UI) for delivering the speci�ed services. The library enables e�cient code writing

and makes it easier to manage, re�ne, and integrate the application with other tools. The

platform supports both English and French languages and has two main modes for ARDS

de�nitions for adults (Berlin) and children (PALICC-2). The di�erence between the modes is

that, when using PALICC-2 mode, the platform requires two input images. The application

response includes segmentation maps, severity scores (local and global), and an interpretation

based on the de�nition.

Although the deep models are trained using graphical processing units (GPUs), the evaluation

model does not require a GPU and can process the results in 2-3 s. Thus, the running

bottleneck could be the network connection speed. The application is capable of storing data

and providing log �les, but this feature is currently disabled and will be activated when the

validation protocol is approved. The PARDS-CxR platform is detailed further in Section

6.3.3.
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6.3 Results

6.3.1 Quadrant-Based Classi�cation

The PARDS-CxR web-based platform uses Dense-Ynet as the joint segmentation and clas-

si�cation model. In classi�cation, the model predicts four labels associated with lung quad-

rants, as explained in Section 6.2.3. The platform uses an ensemble of six Dense-Ynet model

instances with di�erent training and model structure con�gurations. Regarding model struc-

tures, we experimented with di�erent channel depths in convolution blocks, loss functions,

weights for merging loss functions, activation functions, and initial network weights. For

the training con�gurations, we varied several hyperparameters, namely, the learning rate,

training batch size, augmentation probability, and stopping criterion.

Figure 6.4 shows the confusion matrix of the ensemble of models. To merge the results

from the model instances, a hard voting strategy is employed based on the labels predicted

independently by the models. To be precise, each model is trained separately with its speci�c

con�guration. The testing is also done independently, and if at least three models decide

that an image is an ARDS case, the combined result is positive. By combining models with

various con�gurations, the intrinsic biases of each one to accept or reject an image as ARDS

are balanced in the ensemble output. Thus, the �nal performance improves compared to any

individual model.

Table 6.3 compares the classi�cation performances of the Dense-Ynet instances in terms

of the four assessment metrics seen previously. Some of the listed models achieve higher

precision, while others reach better recall values. By combining the predicted labels provided

by these models, the ensemble algorithm achieves the highestF 1 score, representing the best

compromise between precision and recall. Indeed, ensembling the models does not outperform

every one in terms ofP recision and Recall, but the �nal F 1 and accuracy values improve.

In this paper, the problem of ARDS diagnosis is based on the classi�cation of lung quadrants.

Thus, the task can also be considered as a multi-label classi�cation problem. Figure 6.5

shows the ROC curves of all quadrants' predictions for the Dense-Ynet instances, i.e., the

ROC curves associated with the binary classi�cation of the lung quadrants, regardless of their

positions. The AUROC metric is not directly related to the system's performance in ARDS

diagnosis, but the misclassi�cation of one lung quadrant may cause an error in classifying

the image as a whole.
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Figure 6.4 Final confusion matrix obtained from the combination of network instances using
hard voting. The numbers (percentages) are obtained by taking the average of several tests
(�ve-fold cross-validation).

Table 6.3 Evaluation of the six models and the result of their combination (ensemble model)
for classi�cation.

Model Accuracy Recall Precision F 1
Network 1 92:95% 88:45% 91:99% 90:19%
Network 2 93:54% 96:41% 84:37% 89:99%
Network 3 92:04% 94:42% 87:89% 91:03%
Network 4 92:96% 100:0% 83:33% 90:91%
Network 5 87:32% 100:0% 74:29% 85:25%
Network 6 88:74% 80:01% 80:01% 80:02%
Ensemble

model
94:35% 95:25% 88:02% 91:49%
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Figure 6.5 ROC curves for classi�cation of lung quadrants regardless of their position in the
lungs.

6.3.2 ARDS Severity Prediction

As seen in Table 6.2, the application determines the severity of ARDS in CXR images based

on the number and combination of a�ected lung quadrants. The platform provides a global

score for each input image by taking the average of the scores from each model. CXR images

are then categorized into one of three severity grades based on the predicted scores: non-

ARDS, mild ARDS, and severe ARDS. The platform's e�ectiveness in determining ARDS

severity is illustrated in Figure 6.6. The three-class confusion matrix shows that the approach

can detect ARDS and discriminate between mild and severe states of the syndrome.

6.3.3 PARDS-CxR, the Web-Based Platform

Our web application is currently loaded on a web server at CHUSJ and is accessible at

the address (https://chestxray-reader.chusj-sip-ia.ca , accessed on 15 January 2023).

The process of training and testing the deep model was programmed in Python using the

PyTorch library [151]. The training process and hyperparameter search were executed on

GPU, as they required intensive parallel computing. The trained model was then transferred

to CPU to evaluate new images; thus, no graphical processor is necessary on the server to
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Figure 6.6 Confusion matrix for classi�cation of ARDS severity with three levels (none, mild,
severe).

run the application. The graphical user interface was written in JavaScript and is compatible

with various internet browsers on the client side. No data are kept on the server side, and the

application output image is available to store in the user's local storage. The user interface

works in English and French, and CXR images can be uploaded using the menu option or

drag-and-drop (see Figure 6.7).

The application bases itself on the most accepted de�nitions for ARDS and PARDS. Based

on the Berlin de�nition, the presence of bilateral in�ltrates in chest radiography is a criterion

manifesting the existence of ARDS [1]. The platform processes the image and displays its

decision by providing a percentage associated with the level of in�ltration in each quadrant

(Figure 6.7). A global percentage is also given based on in�ltrate levels of in�ltrates in

quadrants and their combination as in Table 6.2. This value represents the severity of ARDS

in the input image. An image with a global percentage above60%is interpreted as an ARDS

case, since, based on the proposed severity scoring system, in�ltrates should be di�used

through both lungs. Reporting each quadrant's involvement is necessary, since it gives the

rationale behind the global severity measure. As seen in Figure 6.7, a segmentation map

highlighting the lung segments is also provided.

Identifying progression of ARDS is also possible, as two images taken at di�erent times can

be compared by the system. Additionally, an example of CXR image comparison is displayed



89

in Figure 6.8.

Figure 6.7 Main interface of the PARDS-CxR web application. In the standard mode, a
single CXR image is analyzed according to the Berlin de�nition.

6.4 Discussion

The proposed DenseY-net is a joint segmentation�classi�cation model that diagnoses

(P)ARDS based on lung quadrant-level classi�cation. The results show that the model

can accurately classify quadrants and, consequently, the entire input image. This labeling

strategy o�ers a reasoning framework for decision-making and incorporates an interpretabil-

ity feature into the platform. Ensemble modeling is used to combine the outcomes from

six model instances. PARDS-CxR can also do lung �eld segmentation, which is a necessary

element in many decision support systems. Our approach performs well in detecting the

severity of ARDS by giving a score to each input determined by the number and position
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Figure 6.8 PARDS-CxR interface in image comparison mode. The platform can analyze two
CXR images to detect ARDS progression based on the PALICC-2 de�nition.
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of a�ected lung quadrants. This makes the model compatible with both ARDS and PARDS

de�nitions.

A few large chest radiography datasets are publicly available for the research community

[2, 3, 126]. A key bene�t of deep learning is its capacity to analyze and learn features from

a substantial amount of data. Therefore, it is unsurprising that several ML researchers

have investigated CXR image analysis in various contexts. However, important limitations

of these datasets make them unsuitable for developing dependable systems for the hospital

setting. Indeed, most of the data are annotated using clinicians' notes processed by natural

language processing (NLP) techniques [152]. This leads to erroneous labeling of a portion of

the images. For example, a10% error is reported for Chest X-Ray 14 [2], even though it is

one of the most frequently used CXR datasets. The clinical review in [153] reveals an even

higher rate of data labeling errors in that dataset.

Although adding some level of noise to the training inputs can improve a deep model's per-

formance, biases and extensive labeling errors will decrease the model's accuracy. This could

be a reason for the relatively poor generalization ability of deep models when confronting

new samples from other data sources. Furthermore, available samples are annotated for a

limited number of pathologies. Public CXR datasets cover between 14 and 18 chest patholo-

gies, but these do not include ARDS or PARDS. To address this constraint, we collected our

own CXR dataset from three di�erent sources and annotated it for PARDS at CHUSJ. This

dataset was labeled at the lung quadrant level, and the lung �elds were manually identi�ed

in each image to establish a segmentation ground truth. The resulting dataset contains 356

CXR images, including 134 that meet the bilateral criteria for ARDS. Annotating data is

costly in the clinical �eld, even more so considering that the DenseY-net model needs lung

maps and quadrant-level ground-truth labels. Consequently, our ARDS dataset is relatively

small. Nonetheless, our model is designed in such a way as to train adequately on small

datasets. The specialized connectivity within the model allows for the creation of a lighter

model with shallower intermediate feature maps, resulting in a smaller number of training

parameters. A model with fewer parameters is more appropriate for training with small

datasets. The algorithm was assessed on our own dataset, as explained in Section 6.2.4. A

bigger dataset could increase the generalization capacity of the model ensemble. Moreover,

external validation of the platform using data from various health centers will make it more

reliable as a tool for prospective clinical research. Thus, as next steps in the web application's

development, external validation and improving interpretability are two major points, since

both are necessary to turn the platform into a practical tool in clinics.

Moreover, according to the (P)ARDS de�nition, co-occurrence of detectable in�ltrates in
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CXR and hypoxemia is necessary when no evidence of cardiogenic pulmonary edema is ob-

served. Thus, although the presence of in�ltrates in chest radiography is known as the

most limiting factor for diagnosing ARDS, meeting other criteria is a requisite. The Clin-

ical Decision Support System (CDSS) lab at CHUSJ has the capacity to investigate other

ARDS diagnosis criteria, including cardiac failure and hypoxemia. Le et al. have employed

NLP techniques and ML algorithms to detect cardiac failure in children [24]. Sauthier et

al. have developed a method to accurately estimate Pao2 levels using noninvasive data [23].

Integrating the tool proposed in this study with other works will lead to a system giving

comprehensive ARDS diagnoses. Su�cient electronic medical infrastructure is available in

the PICU of CHUSJ to facilitate the �ow of data from various sources [154]. By accessing

data from clinical narrative analysis, measuring oxygenation indices, and detecting in�ltrates

in CXR images, it will be possible to make clinical decisions in real time. Therefore, an im-

portant objective for our team will be to implement an ARDS diagnosis package at CHUSJ,

integrating all these criteria and data sources.

The strength of this study lies in the development of an algorithm that, in comparison to ex-

isting approaches, is more interpretable and automated and is compatible with existing ARDS

de�nitions. Unlike an earlier ARDS diagnosis method proposed by our research team [26],

the DL-based approach used in this application does not need any interaction from clinicians

or operators to guide the algorithm. The novel model provides an end-to-end process that is

simple for the user and provides the diagnotic outputs instantaneously. Recently, Sjoding et

al. [28] proposed another automatic algorithm for detecting ARDS in CXR images. However,

their approach lacks explainability, i.e., the system's decisions are not supported by further

information. By contrast, since PARDS-CxR detects in�ltrates in each lung quadrant, the

basis for the decision is integral to our method. This strengthens the platform's reliability,

since the user can reject or accept the decision by observing the delivered explanation. In ad-

dition, the proposed approach is compatible with both PARDS and ARDS de�nitions [1,14],

as the scoring scheme used translates to a disease severity level. At present, the main lim-

itation of our algorithm is its lack of external validation. Indeed, its development relied on

a limited number of CXR images with a single team annotating them. For this reason, we

have implemented the algorithm on a web platform to allow researchers to conduct validation

studies.

6.5 Conclusions

This work has described a deep learning method and web-based platform for diagnosing

acute respiratory distress syndrome (ARDS) from chest X-ray (CXR) images. The platform
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uses an ensemble of novel Dense-Ynet networks that can accurately detect lung in�ltrates

in di�erent quadrants and combine this information to detect ARDS and grade its severity.

This approach ensures that our tool is compatible with various ARDS de�nitions in both

adults and children. Following feedback from clinical researchers during a validation phase,

the platform will be integrated into a complete clinical decision system for ARDS. The tool

presented here will serve as the CXR analysis component within an AI-based framework that

will monitor other factors, such as hypoxemia and occurence of cardiac arrest.
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CHAPTER 7 GENERAL DISCUSSION

This chapter presents an overview of the main contributions of this study, emphasizing their

advantages and limitations. It begins by exploring the signi�cance of providing the annotated

ARDS dataset in section 7.1. This dataset �lls a crucial gap in the research community, as

there is currently no available dataset with ARDS labels. In section 7.2, the contribution

of the proposed algorithm for joint segmentation-classi�cation is discussed in detail. The

algorithm's performance is examined, highlighting key aspects and considerations. Finally,

section 7.3 focuses on the platform and its interpretability. This section provides insights

into the platform's capabilities and discusses its ability to provide meaningful explanations.

7.1 Annoated ARDS Dataset

Numerous CXRs have been utilized in pulmonary analysis through large datasets for research

purposes. However, a signi�cant gap exists in the analysis of ARDS, hindering both research

and clinical applications, as there is a lack of properly labeled datasets speci�cally created

for ARDS studies. Although a private organization has recently developed an ARDS-labeled

dataset, unfortunately, it is not accessible to academics [29].

In this project, we aimed to alleviate this restriction by collecting and labeling a compre-

hensive dataset accessible for research purposes. The created dataset includes global labels

for the entire image and localized labels for each quadrant of the CXR image. Furthermore,

we have enriched the dataset with lung segmentation maps. To our knowledge, this dataset

represents the �rst endeavor to make ARDS labels available for research purposes. Addi-

tionally, it is the �rst segmentation dataset to provide ground-truth lung �elds for abnormal

images a�ected by in�ltrates. As a result, this study provides valuable data for the research

community, which can enhance ARDS analysis and facilitate the development of associated

models.

The data acquisition process for this thesis project adheres to the protocol submitted to

IVADO, considering ethical and legal restrictions. As previously mentioned, the dataset was

constructed using multiple data sources. The previous work by Nesrine et al. serves as the

primary source of the dataset [21]. Although the dataset includes quadrant-level labels, it

does not contain explicitly lung area segmentation maps. The Montgomery dataset, originally

generated for segmentation purposes, served as the second data source for this study [144].

After obtaining con�rmation from medical professionals at CHUSJ, the lung quadrants in

this dataset were presumed to be free of ARDS. The third data source was the Chest X-Ray
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14 dataset, which did not include ARDS labels or segmentation ground-truth [2]. To align

the images from this dataset with ours, four medical professionals from CHUSJ provided

labels and maps for each image. The labeling process involved each doctor assigning labels

to the lung quadrants while two other clinicians extracted the lung areas using a provided

segmentation tool.

Since diagnosing ARDS is naturally challenging and often results in moderate agreement

among clinicians, several images were excluded from the dataset at this stage due to disagree-

ments among expert observers. For the segmentation process, a research fellow extracted the

lung �elds from the chest X-rays, which another clinician reviewed and con�rmed. Finally,

the last data source consisted of data provided by the PARDIE group. Before proceeding

with further processing, this data had to be anonymized. Subsequently, the procedures used

for the third data source were followed.

In the data preparation phase, the anonymized data went through a strict security protocol.

It was securely stored at the Laboratoire d'Imagerie et de Vision 4D (LIV4D) card-access

lab on encrypted hard disks. To ensure con�dentiality, the data transformation process was

carried out using a password-based cloud platform that only granted access to individuals

involved in the data collection process.

The �nal version of the dataset is currently stored solely on a cloud platform and is acces-

sible only by Dr. Jouvet. He can provide it to interested parties for research purposes, but

access to the dataset is subject to speci�c data usage instructions. Researchers can utilize

this dataset for various tasks, such as segmentation and classi�cation.

Having an ARDS-labeled dataset is crucial for researchers as it provides important anno-

tated data for training and evaluating algorithms related to ARDS. However, it is critical to

understand that the dataset's size might be a limitation, especially for speci�c deep-learning

models trained from scratch. Compared to publicly available datasets with many CXRs,

the ARDS dataset is relatively small despite its high quality and accurate labeling. The

small size of the ARDS-labeled dataset can a�ect the performance of complex deep-learning

algorithms that require large-scale datasets to learn intricate patterns and generalizations

e�ectively. When utilizing a small dataset, there is an increased risk of over�tting, indicating

that the training set may not fully represent the broader real-world data.

7.2 Joint Segmentation-Classi�cation

The complete system must demonstrate satisfactory classi�cation accuracy to be accepted

for use in clinics. According to the context of this project, the analysis of CXRs and ARDS

is characterized by the di�usion of lung in�ltrates. However, accurately classifying in�ltrates
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remains the most challenging task among the various anomalies commonly mentioned in sci-

enti�c literature.

Recent research publications have attempted to address this problem using advanced tech-

nologies. One notable approach is utilizing a version of vision transformers speci�cally de-

signed for classi�cation tasks [155]. However, despite their promising performance in thorax

abnormalities, achieving a high AUROC score has proven challenging. The best AUROC

score obtained in these experiments was only72%, despite the average performance of81%.

The state-of-the-art deep model known as Densenet-121, renowned for its ability to clas-

sify thoracic diseases, yielded similar performance. This suggests that e�ectively classifying

ARDS in�ltrates remains a challenging task to overcome, even with the use of the most

cutting-edge technology. Furthermore, the e�cacy of these models may not align with the

clinical requirements to be used in hospital wards.

On the other hand, the proposed approach has a signi�cant AUROC of94%, indicating

promising outcomes. While it is still necessary to validate the model on external data and

evaluate its performance in near-realistic scenarios, it is evident that the model has been

thoroughly designed and �ne-tuned, surpassing other existing models.

It is important to note that many of the models in this literature were evaluated using a

multi-label task, which involves the classi�cation of in�ltrates along with several other ab-

normalities. Sometimes, this may lead to lower classi�cation results, as label dependencies

can potentially mislead the model and adversely a�ect the network's performance during the

validation phase. Therefore, the pre-trained Densenet is initially used in this project to eval-

uate the ARDS dataset. The Densenet-121 model, pre-trained on CXR-14, is also evaluated

on our ARDS dataset to assess its capabilities, and the results were as low as80%, as shown

in Table 5.4.

To maximize the potential of the model within the provided platform, a strategy involving

an ensemble model consisting of six trained model instances has been implemented. The

results, as presented in Table 6.3, demonstrate an improvement in accuracy, with the average

value increasing from91%to 94%. We maintain an optimistic outlook regarding the overall

value that can be achieved while acknowledging the potential for a drop in performance when

applied to external datasets.

Connection between segmentation and classi�cation: In the proposed Dense-Ynet,

the two tasks are interconnected in a way that shares a signi�cant portion of their weights.

Consequently, any de�ciencies in lung segmentation may indicate potential classi�cation er-

rors.

If the resulting segmentation map is of low quality, it is an indicator for the end-user to eval-

uate the provided classi�cation labels prudently. While there is no guarantee that correct
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segmentation will lead to accurate classi�cation, it emphasizes the importance of proper lung

segmentation in achieving trustworthy diagnostic results.

Although lung segmentation is not the primary focus of this work, the obtained segmentation

result is remarkably promising. Accurate lung segmentation is essential for various medical

imaging applications because it enables precise analysis and detection of lung disorders. By

using normal and abnormal images as inputs for the models, the model becomes capable of

accurate segmentation, even for pathological CXRs. Most of the previous research on lung

�eld segmentation has primarily focused on normal images, including the Montgomery [144]

and JSRT datasets [120]. Comparing methods becomes complicated due to the lack of pub-

licly available datasets that provide segmentation maps of diseased images, particularly those

a�ected by anomalies like in�ltrations. However, visual results show the model's success when

facing abnormal X-ray images. In our work, obtaining precise segmentation maps of lungs

signi�cantly improves ARDS segmentation accuracy.

In the PARDS-CxR platform, the proposed model can segment critical images by provid-

ing segmentation maps alongside classi�cation results. This simultaneous training of the

algorithm with both ground-truths enhances performance for both tasks by leveraging the

complementary information o�ered by classi�cation labels and detailed segmentation maps.

Yu et al. also con�rmed the advantages of concurrently training a segmentation network and

a classi�cation network for lung nodule classi�cation in CT images [156]. Therefore, not only

do we provide a reliable reference for lung segmentation, which can be helpful for pathological

CXRs, but utilizing segmentation reference maps also improves the overall diagnostic model.

On the negative side, it is necessary to acknowledge that segmentation maps are a key

component of the proposed ARDS classi�cation process. While requiring two sets of ground-

truths (Segmentation pixel-level and classi�cation quadrant-level) is reasonable when both

segmentation and classi�cation tasks are targeted, it becomes a constraint when we are ex-

clusively aimed at ARDS classi�cation. So, for the further development and enhancement of

our models, any attempt to �ne-tune or retrain the proposed Dense-Ynet necessitates both

datasets. In other words, unlike many classi�cation models, relying solely on image-level

labels is insu�cient in developing the proposed model. Fortunately, the current network

shows the potential to provide near-ground-truth maps for segmenting faded lungs in CXR

images. This capability allows it to enrich existing datasets with lung segmentation maps.

As a result, in creating suitable datasets, re�ning these maps becomes a viable option instead

of creating them from scratch, making it a time and resource-saving approach that aligns

well with models like ours.

Generalization When it comes to ML problems, one always encounters a signi�cant con-

cern regarding the performance of the model when applied to unseen external data. This
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concern is particularly heightened in the �eld of CXR analysis due to the various situations

of image taking and many devices that capture CXR images. When considering the general-

ization ability of an ML-based decision-making system, it is crucial to investigate three key

concepts: data, model, and the nature of the present problem.

Accessing the right data was one of the primary challenges our project encountered. The

quantity, quality, and representativeness of the data strongly in�uence the system's capacity

for accurate generalization. Since there were no accessible datasets with ARDS labels, we

created our dataset that includes the necessary labels to ensure appropriateness. However,

the prevalence of chest X-rays in medical practice raises a more signi�cant concern. Chest

X-rays are commonly recommended for patients who visit their doctor or the emergency de-

partment with symptoms such as chest pain, injury, or shortness of breath. This requires a

wide market for various X-ray image-capturing devices, leading to the utilization of numerous

types of image-taking tools and settings. Consequently, a wide range of CXR image types

exist, each exhibiting distinct characteristics and detailed speci�cations.

The amount of training data alone cannot determine the e�ectiveness of ML models in

achieving generalization. This is because it is not feasible to encompass data from all ex-

isting devices. ML models may encounter di�culties in generalizing successfully when they

encounter data from new sources. Therefore, although considering the size of our dataset as

a limitation in this work is reasonable, models should prioritize understanding the underlying

structure rather than relying solely on training data. As explained, the ARDS-labeled dataset

includes four various data sources, but achieving maximum generalization is not guaranteed.

Thus, the data challenge in generalizing CXR analysis models cannot be resolved by simply

increasing the size of the datasets. Instead, a high-quality model is necessary.

Occam's Razor1 is a fundamental notion with scienti�c and philosophical roots that aid in

achieving better generalization [157]. According to Occam's Razor, the one with the fewest

assumptions should be preferred when faced with two competing hypotheses. This principle

suggests that simpler models make fewer assumptions about the training data and are thus

more likely to capture genuine patterns, thereby improving generalization. Simpler models

o�er several advantages in terms of mitigating over�tting. These models are less prone to

over�tting because they have a limited capacity to �ne-tune and adapt to noise in the train-

ing data. Instead, they focus on identifying crucial connections and patterns to enhance

generalization to new, unseen data. Moreover, the simplicity of models facilitates a more

comprehensive exploration of hyperparameters, such as the learning rate or regularization

terms. As the complexity of the model decreases, tuning these hyperparameters becomes

1Occam's (or Ockham's) razor is a principle attributed to the 14th-century logician and Franciscan friar
William of Ockham.
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more straightforward, thereby enhancing generalization performance. Additionally, simpler

models are generally easier to interpret, making it easier to understand and articulate argu-

ments in favor of such decisions.

The Dense-Ynet model has been speci�cally developed to reduce the need for many training

parameters. This is achieved by incorporating dense connections in the model, facilitating a

high information �ow. By utilizing the structures of U-net, Densenet, and Y-net, the model

can maintain its lightweight nature while still extracting relevant features. In addition to its

ability to capture informative features, the compact architecture of the Dense-Ynet model

makes it well-suited for achieving good generalization. Due to its fewer parameters and e�ec-

tive information �ow, the model can focus on identifying essential patterns and relationships

in the data, thereby enhancing generalization performance. Thanks to this advantage, the

Dense-Ynet model is appropriate for various decision-making tasks while retaining its capac-

ity to generalize to unseen data.

Another rationale for developing a lightweight model is to prevent over�tting, which, given

our dataset, may occur fast with a larger model. The structure of the model and hyperpa-

rameters have been carefully adjusted to strike a balance between the dataset size and the

number of training parameters in the model. This helps the model learn speci�c patterns

in CXR images and identify ARDS signs without becoming excessively specialized to the

training data, thereby promoting better generalization and enhancing decision-making capa-

bilities.

Another crucial aspect considered in designing the Dense-Ynet model was using segmentation

advantages for the classi�cation task. Numerous studies in the literature have demonstrated

the bene�ts of segmentation in addressing generalization issues. When analyzing CXR im-

ages, lung segmentation plays a vital role in ignoring the background, which can introduce

bias and variability in the images. By incorporating segmentation techniques, the model

aimed to enhance its generalizability. Dense-Ynet leveraged the bene�ts of segmentation

to improve its overall performance and generalization capabilities. Therefore, the model is

designed to achieve better generalization by considering both the size of the model and in-

corporating segmentation in its structure.

The inherent complexity of the problem impacts the generalization of underlying ML-based

decision-making systems. Some tasks are more challenging to generalize than others, partic-

ularly those with high dimensionality, noisy data, or ambiguous patterns. Generalization can

be greatly enhanced by understanding the features of the problem and adjusting the data

preparation, feature engineering, and model selection accordingly.

In the study by Maguolo et al., the researchers utilized AlexNet to classify images based on

the datasets they belong to [61]. Surprisingly, the model achieved great success in accurately
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identifying the data source, thereby highlighting the inherent data challenges associated with

this task. However, this success also brought to light the complexity of CXR analysis, as the

model's performance may vary between di�erent datasets. Additionally, their study revealed

that biased results might be reported even in highly cited publications. The researchers suc-

cessfully trained a model using CXR images with occluded lungs, challenging the notion that

speci�c features are necessary for achieving high-performance classi�cation.

The nature of the issue gets even more challenging when considering CXR images collected

under various circumstances, such as the patient's posture, breathing condition, age, etc.

For instance, individuals with severe COVID-19 might be unable to stand during image ac-

quisition. Suppose a decision-making system is designed to identify a speci�c disease using

CXRs. In that case, there is a risk that the diagnosis model tends to prioritize recognizing

the positions of patients rather than focusing on the pulmonary signs of the disease. In

less severe cases, the model could exhibit bias towards the illness based on the unintended

external circumstances of the patient. Similarly, suppose a patient is not upright or fails

to take a deep breath for various reasons. In that case, it can result in distortions in the

image, making it more challenging to identify abnormalities accurately. Additionally, there

might be correlations between diseases and patients' sex, age, or even the imaging center.

Suppose an image is taken in an urgent care or COVID-speci�c center. In that case, the

CXR might exhibit biases towards lung trauma or COVID-19, respectively, and the model

can recognize the anomaly from the dataset. These aspects highlight the inherent complexity

of the model, which often leads to poor generalization across various research e�orts in the

literature. However, there is hope that the proposed model will perform well during external

validation because it was created expressly to capture the structural elements of input images.

Validation There are several ways to validate decision-making systems. Empirical ap-

proaches involve comparing the outcomes reached by the model to expert views or assessing

the results against real-world data through experiments. Analytical approaches rely on math-

ematical or logical reasoning to prove the correctness and soundness of the model. Hybrid

methods combine empirical and analytical approaches to enhance validity and reliability.

This project employs a hybrid validation approach, commencing with analytical validation.

The algorithm and application underwent veri�cation using internal data and established

evaluation metrics to ensure accurate results. However, empirical validation is necessary to

con�rm its suitability for hospital wards. The web-based platform, PARDS-CxR, features a

robust review system designed to gather detailed feedback from researchers. This valuable

input will greatly facilitate the comprehensive evaluation of the platform and contribute to

creating an in-depth report. The ultimate goal is to obtain the necessary approvals for de-
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ploying the application in hospitals.

Validation of the CXR analysis model with actual data is crucial to ensure its reliability.

In this project, the model's settings are designed for validation by clinicians and researchers

globally. The algorithm cannot be utilized until it successfully passes the rigorous external

validation process, guaranteeing its accuracy and performance in real-world scenarios.

7.3 Interpretable platform

As discussed earlier, for online medical applications, the interpretability of AI models is es-

sential. It enhances con�dence and trust, provides information about underlying processes,

and ensures accuracy and dependability. Additionally, it contributes to avoiding legal and

ethical issues related to the application of AI.

According to a study by Richens et al., existing ML techniques for diagnoses mostly look

for links between patients' symptoms and their medical history [158]. These techniques only

reveal disorders directly connected to the symptoms rather than searching for the underlying

reasons for the symptoms. When there are multiple possible explanations for a patient's

symptoms, this might result in a less precise or even dangerous diagnosis. The initial impact

of these �ndings shows that lacking a strong justi�cation, doctors are unlikely to rely entirely

on the outputs of machine learning computations for diagnosis.

Methods like GradCam are methods of local explainability that highlight the attention to the

pixel locations that match a certain prediction. The model's last convolution layer generates

gradients used to construct the heatmaps. However, they do not provide interpretability of

the underlying models.

To enhance the interpretability of AI models, two main strategies are employed:

ˆ Ante-hoc methods: These involve using inherently interpretable models like decision

trees or logistic regression. Techniques such as fuzzy logic or decision rules construct

models with built-in interpretability features.

ˆ Post-hoc approaches: These techniques utilize external methods to explain the behav-

ior or output of a black-box model. They include sensitivity analysis, visualizing model

behavior, analyzing feature importance, or employing activation maximization.

In our task, the model's interpretability arises from its adaptability to established crite-

ria for ARDS in at least two de�nitions: ARDS [1] and PARDS [14]. By the very nature
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of deep learning models, they make it challenging to achieve straightforward, �ne-detailed

interpretability. However, adding a higher level of interpretability enhances the model's ca-

pability.

While it may not provide complete interpretability through a direct connection between in-

put and output in the complex deep model, the interpretability strategy employed in this

method o�ers clinicians transparency in ARDS detection. Doctors can determine whether the

model's conclusions are supported by sound reasoning. Due to the capacity of the PARDS-

CxR platform to align with diverse de�nitions of ARDS, there is no need to retrain the model

or acquire new datasets to provide accurate diagnoses under di�erent de�nitions.

The �nal results of the model can be equipped with activation map techniques such as Grad-

Cam or LIME. However, it is controversial to use them to resolve interpretability issues2.

Doctors can analyze the model from two viewpoints due to the platform's resources for pro-

viding local information.

Firstly, they observe that the ultimate conclusion is supported by clinical rationale. The

Berlin de�nition, for instance, o�ers a logical basis where at least one quadrant on each

side of the lung must be engaged. This criterion ensures the validity of the procedure. If

physicians disagree with the quadrant labels assigned to the lung side, they can contest the

decision. While the level of detail regarding lung locality may not be granular, determining

the degree of engagement, such as identifying in�ltrations, provides a reference point at the

quadrant level.

However, the platform does not o�er pixel-level details or small patches of lung areas in the

CXR image, limiting the model's granularity. As a result, the �nest level of detail provided

is represented by lung quadrant scales. While the highly detailed level has its bene�ts, it

also has drawbacks. On the positive side, having access to more detailed information about

the patient's CXR imaging can aid in the validation process and instill con�dence in doctors.

This additional information can assist in obtaining more accurate readings and a better un-

derstanding of the image.

In the second viewpoint, it is important to consider the drawbacks of providing an excessively

detailed reference. One negative aspect is that excessive information may complicate the val-

idation process, potentially leading to confusion and consuming more time. When there is

an overwhelming amount of information accessible, it becomes challenging to validate and

interpret the results. Striking the right balance between detail and interpretability is crucial

to ensure e�cient and accurate validation.

We believe that o�ering interpretability at quadrant levels, as the platform presents, is suf-

2It is crucial to note that these techniques have certain drawbacks, particularly in clinical settings.
Therefore, the deployable version of the platform does not include them.
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�cient for clinical purposes. It can still be a useful tool for diagnosis in medical settings

without overwhelming details.

From the technical perspective, if an Ante-hoc mode is desired for such a problem, a patch-

based design would be the appropriate solution. However, there are certain challenges with

its implementation and design. First, obtaining patched data might be costly and challenging

to acquire. Second, establishing a patch-based approach on web servers or other computa-

tional infrastructure may be complicated due to the increased processing resources required.

Therefore, �ner details and patch-based models may o�er particular advantages. However,

carefully weigh their implementation's trade-o�s and practical implications.

System Integration When deploying the platform on the web, it is crucial to prioritize the

integration of PARDS-CxR with existing work�ows and tools used in clinical settings. In

this regard, there are primarily two viewpoints to consider. Firstly, the app can be deployed

easily within hospital wards, o�ering simple accessibility and e�cient data transfer between

the image-capturing equipment and the application. This integration is crucial for e�cient

work�ow and e�ective utilization of the app in real-time medical scenarios.

Secondly, the integration aspect is important due to the nature of ARDS diagnosis, which

requires a multi-factor analysis. While analyzing CXR is vital, accurately investigating other

criteria outlined in ARDS de�nitions is similarly essential. The app enables healthcare pro-

fessionals to evaluate all pertinent factors for a thorough and precise diagnosis by smoothly

integrating with other clinical tools. PARDS-CxR provides a simple severity score for ARDS

in patients, making it easy to consider the app's assessment within an integrated system of

ARDS detection that incorporates the full criteria of ARDS.

A key feature of a web application is input compatibility, which guarantees a seamless con-

nection with established protocols like DICOM. This compatibility provides quick data trans-

formation through the program to access data from the imaging device or clinic archives. In

addition, the output of the app can be presented in CSV or standard JSON formats, both of

which are readable and integrable. This adaptability makes it easier to integrate the app with

other tools because it allows it to conveniently share information about the severity of ARDS

in the given radiograph, including data for each quadrant, overall scores, �nal labels, and

the segmentation map. So, the application can seamlessly collaborate with various clinical

systems and software by adhering to widely accepted standards such as DICOM and o�ering

output formats like CSV and JSON. The app's usability and usefulness in real-world medical

settings are a�ected by its simplicity of integration inside a healthcare environment.

In the validation version of the app, the output of the app can be available in a portable

document format (PDF). This format ensures clarity for end-users and allows them to access

and evaluate the web application consistently.
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The web app can generate a log �le that reports the app's usage received by any other tool.

This log �le serves multiple purposes, including ensuring data transformations' validity and

enhancing inter-applicational connectivity. The log �le provides the overall e�ciency of the

web app within a widespread network of healthcare apps by giving insights into usage pat-

terns and interactions with other tools. While the app can be a valuable tool for collecting

data, it functions as a "black box," guaranteeing simple and smooth data translation with-

out leaving any unnecessary or undesirable traces. While preserving the app's usability and

e�ectiveness, this strategy emphasizes user privacy and con�dentiality. The web app can be

a reliable component in the network by functioning as a black box with streamlined data

transformation and minimal footprint. It o�ers a smooth integration experience without

adding extra data storage or tracking to the entire system. This speci�cation enhances the

e�ciency and usability of the app, allowing healthcare professionals to focus on utilizing its

core functionalities without concerns about data leakage or unwanted data accumulation.

APIs (Application Programming Interfaces) are essential in easily integrating online appli-

cations into networks, providing a straightforward and authorized approach to accessing the

application and facilitating integration within the healthcare work�ow. Although an applica-

tion programming interface (API)�based application may not be necessary for the validation

version, it is vital to recognize that the PARDS-CxR web app's lack of an API may a�ect

its ability to integrate with the rest of the healthcare infrastructure. Therefore, to support

the web application's future development, it becomes vital to consider creating API-based

access.

When implementing an API, including thorough support documentation to enable e�cient

use is crucial. Although a video illustrating how to use the application has already been cre-

ated, it is crucial to include an entire manual to provide a complete grasp of the capabilities

of the API.

Out of Distribution Detection A safe medical diagnosis system must be able to recognize

instances that go outside of its predetermined knowledge limits. This makes it possible to

assess the system's performance using comparable samples. Di�erentiating between samples

that are inside the training distribution (known as "In data") and those that are outside of

it (known as "Out data") is the goal of out-of-distribution detection (OoDD).
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CHAPTER 8 CONCLUSION

The high-level contribution of this project includes three main domains. Firstly, the release

of data for ARDS detection is of great signi�cance. Secondly, developing a deep model com-

patible with the limited data and yielding interpretable results is crucial. Thirdly, creating

a platform that organizes the interaction between users and the model, as well as serves the

purpose of validation.

The research addresses a critical research gap by providing a dataset for analyzing CXRs for

ARDS diagnosis. To �ll this gap, an ARDS-labeled dataset was created using data from four

sources and various image-capturing equipment. However, annotating medical data, particu-

larly CXR images, poses several challenges. As a result, the dataset size is insu�cient to train

data-hungry DL models adequately. This project presents a unique opportunity to collect

data from multiple image-capturing sources. Researchers and physicians can contribute by

providing input and making initial annotations for the data through the online application.

This distributed annotation strategy has the potential to gather a signi�cant dataset. Before

including an image in the current dataset, it should undergo a review procedure conducted

by medical experts within the application's host environment to ensure quality control. No-

tably, the data collection strictly adheres to approved data collection protocols and privacy

policies. Data is not saved on the server unless authorized explicitly by the user. Therefore,

it is highly recommended to utilize PARDS-CxR to its maximum capacity to acquire a suf-

�ciently large dataset. This dataset will not only improve the functionality of the current

model but will also bene�t other researchers in the scienti�c community. Another key bene-

�t of acquiring a distributed dataset is the opportunity to conduct comprehensive numerical

statistical analysis. The abundance of data collected from multiple sources allows for an

extensive examination of various patients and CXRs on a large scale. This analysis enables

valuable insights to be obtained regarding the characteristics, trends, and variations present

within the dataset. In summary, by leveraging the capabilities of distributed annotation and

ensuring compliance with privacy protocols, the PARDS-CxR application has the potential

to enhance the existing dataset greatly. This enables further statistical analysis of the large-

scale dataset acquired through user utilization.

The proposed Dense-Ynet model demonstrates promising performance in ARDS detection

using CXR images. However, it is essential to note that the model has only been tested on

a subset of our internal dataset. Therefore, it is crucial to assess the generalizability of the

model for practical applications. To overcome this limitation, we have taken measures to

reduce biases and ensure a thorough evaluation of the model's generalizability. We have en-
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listed the expertise of specialists from various healthcare facilities to assess the e�ectiveness

of the model. Section 6.5 contains a list of the PARDIE group researchers who are welcome

to participate in evaluating this study. We recognize the need to conduct a rigorous eval-

uation process to con�rm the model's generalizability. Consequently, we recommend using

a thorough methodology that covers the entire procedure, ensuring the dependability and

credibility of the decision-making system for subsequent phases of this project. By doing so,

we can maximize the ability of the Dense-Ynet model to detect ARDS using CXR images

and establish a strong foundation for its application in real-world scenarios.

The platform includes a user-friendly UI that facilitates user interactions, especially during

validation. It generates a PDF report for each session and creates a log �le that can be

utilized in other applications. However, two restrictions have been identi�ed in the previous

sections. Firstly, supporting API-based queries is essential for an app like PARDS-CxR. It

can function as a standalone tool or be easily integrated into any system, even without direct

access to the program's source code. Secondly, in the current platform, OoDD yields some

limitations. While uploading irrelevant images may not pose a signi�cant challenge, prob-

lems arise when users mistakenly select the wrong analysis platform for processing a di�erent

modality. Receiving a notice stating that the image is not included in the distribution of

CXR images is crucial. The issue can be e�ectively resolved by adding an OoDD functional-

ity to the platform.

Based on the general discussion in this section, there are several recommendations for future

work that can enhance the functionality and e�ectiveness of the platform. Firstly, it is crucial

to focus on providing more data through the platform. Expanding the dataset will improve

the accuracy and reliability of the system and o�er a helpful training set for other research

in this domain. Additionally, creating an API for system integration would enable smooth

interaction with other programs and services, promoting interoperability and boosting the

platform's usefulness. Furthermore, validation of the platform should be prioritized to ensure

its e�ectiveness and address any potential issues or limitations for real applications. Conduct-

ing statistical analysis of the uploaded data will provide valuable insights, helping to identify

patterns, trends, and areas for improvement. Lastly, implementing an OoDD mechanism will

enhance the platform's robustness by identifying instances where the input data falls outside

CXR image distributions, thereby enabling appropriate actions. If incorporated into future

work, these suggestions will signi�cantly contribute to the platform's overall functionality

and performance.
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