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MepiAnyn

Eicaywyn: H amoreAeopamkdtnTa Kal n IKAvoTnTa TwV MOVTEAWV TEXVNTAG
vonuoouvng va TTPORAETTOUV T META-PETAPOOXEUTIKA OTTOTEAEOPATA uyEiag, eival
uttd ap@ioBriTnon. To avTIKEIMEVO AUTAG TG CUCTNPATIKAG avaoKOTTNONG ATavV va
aglohoynBei n amdédoon OIOPOPETIKWY HPOVTEAWV  TEXVNTAS vonuoouvng oTnv

TTPORBAEWN TWV OTTOTEAECUATWYV UYEIQG META TN METAPOOXEUON KAPDIAG ) TIVEUROVWV.

Mé£Bodo1 kai YAIKA: EpsuvnBnkav d1adIKTUAKESG BACEIC BEBOUEVWYV, CUYKEVTPWONKAV
Kal avaAubnkav Oedopéva OXETIKA ME TIC METPAOEIC ammOdOONG TWV MOVTEAWV
TEXVNTG VONUOOUVNG Of€ WETANOOXEUOEIS KAPDIAG 1 TIveupovwy. EmmmmAéoy,

dlevepynOnKe PEAETN agIOAOYNONG TOU KIVOUVOU PEPOANYIAG.

ATtroteAéopara: ATTO TIGC 122 apXIKEG MEAETEG, 15 PEAETEG OUNPTTEPIAAPONKAV OTNV
avaAuorn. Ta povréAa TeXvnTAG vonuoouvng £€3e1Eav uwnArf ammddoaon, JE UETPAHOEIG
yia mn &1dKkpIon, OTTWGS N TTEPIOXN KATW atrd Tnv KautmmuAn ROC 10U KupaiveTal atréd
0,620 ¢éwg 0,921 kal koA BaBuovounon yia POKPOTTPOBeoua atroTeAéopaTa. Ta
povTéAa Random Forest kai Extreme Gradient Boosting ¢erépacav 1a GAAa JovTéAQ
Kal 1I81aiTEPA TA TTAPADBOCIAKA YPAUMIKA POVTEAA. To Kupiapxo €TIUEPOUG dEiyua ATAV
Aeukoi avtpeg ammd TIg HIMA, evw o1 raudiatpikoi TTAnBuouoi e€aipédBnkav amd tnv
avéAuon. O TepioodTEPEG aTTO TIG PEAETEG KATEDEICAV UWnAO OUVOAIKG Kivduvo
MEPOANWIAG, €V N €QAPUOCIYOTNTA OTA EPEUVNTIKA epWTHPATA £0€IEE XAUNAS

KivOuvo pepoAnyiag.

Zupgtrepdopara: Ta POVTEAQ UNXOVIKAG PABNong atrodidouv apKeTd KAAd OTnv
TTPORBAEYN TWV ATTOTEAECUATWY UYEIQG PMETA TN METAPNOOXEUOT), AV KAl Eival onUAVTIKO
va An@Bouv utréywn o1 TTPOKATAAAWEIC Kal Ta NOIKA SIAUPOTA TTOU TTPOKUTITOUV aTTd
TIG EQAPHUOYEG TWV MOVTEAWV TEXVNTAG VONUOOUVNG O€ NETAUOOXEUOEIG, TTPOKEINEVOU

va e€axbouv ao@aAr cupTTEpAcUATA.

AESEIG-KAEIBIA: pETAPOOXEUOT KAPDIAG, HETAPNOOXEUOT TTVEUUOVA, UNXAVIKH Jadnon,

TEXVNTI VONPOOUVN, ATTOTEAEOUATA UYEIQG



Abstract

Background: Artificial Intelligence models’ efficacy and capacity to predict
post-transplant health complications have been disputed over the last few years. The
scope of this systematic review was to assess the performance of different Al
models in the prediction of heart and lung post-transplant health outcomes.

Methods and Materials: Online databases have been researched. Data about
performance metrics of Al applications in heart and lung transplantations have been
gathered and analyzed. Additionally, a risk of bias assessment was conducted.
Results: Of the 122 initial studies, 15 studies were included in the synthesis. The Al
models showed high performance, with metrics for discrimination such as the Area
Under the Receiver Operating Curve ranging from 0.620 to 0.921, and good
calibration for long term outcomes. Random Forest and Extreme Gradient Boosting
models outperformed other models and especially traditional linear models.
North-American, white people were the predominant subsample and pediatric
populations were excluded from the analysis. Most of the studies demonstrated a
high overall risk of bias, while applicability to research questions showed low risk of
bias.

Conclusions: Supervised Machine Learning models perform pretty well in predicting
post-transplant health outcomes, though it is critical to consider the biases and
ethical concerns that arise from the applications of Al models in transplantations, in
order to draw safe conclusions.

Keywords: heart transplantation, lung transplantation, machine learning, artificial

intelligence, health outcomes
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Preface

Writing about transplantations and artificial intelligence wasn’'t an easy job. Due to
the rise of scientific interest in Artificial Intelligence, | thought that it was a good
chance for me to “meddle” with this field; | had no clue or knowledge, and it really
demanded a lot of time studying about algorithms, their use, and their applications in
healthcare. Specifically, solid organ transplantations is a subject that | always wanted
to do research on due to my personal experience with Cystic Fibrosis. My first
thoughts and motivations to address that issue were about questioning whether my
co-patients would have a different life if Al had been applied during their operation or
if it had warned their doctors before their health got worse. In addition, | was
wondering whether an Al approach would have changed the way organs are
allocated or patients are monitored after transplantation and what the benefits or
risks of such a great innovation would be. | had many concerns about either the
morality of applying Al machines to the place of a doctor or if | could trust a machine
that would tell me whether | needed a transplant or not. It’s true that we have already
been using machines for many years, and we have been sharing our personal data
without limitations or legal obstacles, but nowadays, due to the prevalence of
technological methods in our lifestyle, things have changed. Given that health
services like transplanting an organ to a patient require that clinicians obey the
ethical principles of beneficence and non-maleficence, safety, privacy, and autonomy
of patients, Al applications need to be adjusted. So, we need legal frameworks and
guidelines that would protect patients, we need standardized procedures to ensure
patients’ best quality of life and to minimize human errors. To achieve that, we need
to do research beforehand and give answers to unresolved and unmet issues. These
are the reasons why | decided to deal with that subject, in order to give my answers
to the justification of using Al models in transplantations and what the impact would
be on patients' lives.

In this journey, | wouldn’t be able to complete this work without the guidance and
help of my professor, Dr. Kostas Athanasakis, whom | thank a lot for the trust he

showed me and the insightful advice he has been giving me all this time.
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Introduction

Solid organ transplantations are an essential part of public health policies,
considering a great number of heart or lung disease-related patients are waiting on a
pretransplant list or have already had a transplant; thus, they are in constant need of
medical assistance, follow-up, guidance throughout their lives, and treatment of
complications in order to have a good quality of life. The research subject of the
present systematic review is the evaluation of Artificial Intelligence applications in
Heart or Lung Transplantations, especially in the post-transplant phase, assessing
the Al models’ performance and their impact on transplant patients’ lives and health
outcomes. The originality of this study lies in the inclusion and analysis of data from
both types of heart or lung transplant studies that previous scientists like Naruka et
al. 2022, Gholamzadeh et al. 2022, and Palmieri et al. 2023 haven’t done in their
reviews. The scope of the studies was to investigate the use of Al models in the
prediction of health outcomes after heart or lung transplantation.The absence of a
qualitative analysis of studies that present results about Al applications in heart or
lung transplantations was the main reason that led to the development of the present
review.

In the following chapters, there is described in detail a thorough presentation of the
pathological conditions of the heart and lungs that lead to transplantation, the
transplantation procedures, some basic knowledge about artificial intelligence and its
applications in healthcare and transplants, and the findings and conclusions of the
analysis of reviewed studies. Specifically, the first chapter refers to the pathology of
heart and lung diseases, whose last and main treatment is organ transplantation, as
well as epidemiologic data about the prevalence, incidence of diseases, mortality,
and quality of life of patients. In addition, there is an extended section for
transplantations, like the legal framework that encompasses it, organ donation,
preservation, and pair matching, as well as post-transplant information like follow-up
procedures, complications and treatments provided, rehabilitation techniques, and
the quality of life of post-transplant patients. Chapter two is dedicated to an insightful
demonstration of Atrtificial Intelligence and its applications in healthcare. In Chapter

3, the rationale, scope, and objectives of the present systematic review, the

15



methodology, the results of the analysis of the included studies, and the discussion
and commentary of the results and conclusions drawn regarding the performance of
Al models used in transplantation procedures, the significance of certain variables in
the prediction of health outcomes, and the ethical considerations of Al
implementations are presented, as well as the limitations and future considerations

for future research.
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Chapter 1 - Heart and Lung Transplantations

Chapter 1
Heart and Lung

Transplantations

1.1 Pathological Conditions

1.1.1 Heart

Don'’t let heart failure stop you’

Heart has been vastly considered the epicenter of life, the reason animals like
humans live and the reason they die when the heart stops unexpectedly. It was
praised for its beating rhythm, connected with love, eros, and pathos, while being
extensively studied over the years for its functions. Its work is mainly to keep stable
the circulation of blood to and from the periphery and provide cells with nutrients,
hormones, and other substances while mediating for the transfer of oxygen (02) and
carbon dioxide (CO2) from and to the lungs, respectively, and the circulation of
subproducts from cells to metabolic sites in the body for their excretion. The heart
has a complex mechanism of function that comprises an autonomous electric signal
pathway that regulates the movement of the heart, the blood flow, and the force with
which the heart pumps the blood. Unfortunately, it's impossible yet to cease or
reverse the inevitable decline deriving through time from natural causes or

underlying diseases (Chaudhry et al. 2022).

' Global Heart Hub Awareness Campaign Logo, 2021
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Chapter 1 - Heart and Lung Transplantations

Despite the implementation of several therapeutic advances, a great number of
congenital or acquired heart diseases are the reason for end-stage patients, around
the world, to wind up in transplantation (Houyel et al. 2017, Attenhofer Jost et al.
2013).

Image 1.1 Heart and Cardiovascular Anatomy

Cardiovascular system anterior view (left), posterior

view (right)

Pericardium with great vessels Internal conduction system of heart

Feneis, H., et al., Chapter 10 - Heart, Chapter 11- Arteries, in Pocket Atlas of Human anatomy- Based on the International

Nomenclature, pp. 184-193.

Some of these pathological conditions are either congenital, like:

e Hypoplastic left heart syndrome (HLHS): It is a heart condition where the left
side of the heart, including the ventricle and the atrium, is underdeveloped
due to aortic or mitral valve stenosis or atresia. Either the decreased flow into
or the decreased outflow from the left ventricle leads to its hypoplasia and
complete dependence on systemic and pulmonary circulation on the right

ventricle, which gathers de- and oxygenated blood and pumps it through
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Chapter 1 - Heart and Lung Transplantations

pulmonary veins to the pulmonary circulation and through patent ductus
arteriosus into the aorta to the systemic circulation. After birth, when those
two holes, patent ductus arteriosus and patent foramen ovale close, the
systemic circulation lacks oxygenated blood in neonates with HLHS (Kritzmire
et al., 2023, Bahaaldin Alsoufi et al. 2016).

e Transposition of the great arteries (TGA): During the evolution of the embryo,
the aorta and pulmonary arteries pathologically shift positions, resulting in
oxygenated blood flowing from the left ventricle to pulmonary circulation and
deoxygenated blood outflowing from the right ventricle to systemic circulation
(Song et al., 2014,Mufioz-Guijosa, C. et al., 2009, M. Hegarova et al. 2015).

e Tetralogy of Fallot: Four pathologic features characterize this heart deficiency,
which are a) a hole in the septum that divides the two ventricles, b) a slightly
shifted aorta found above the hole of the septum, c) pulmonary artery stenosis
and d) right ventricle hypertrophy (Diaz-Frias J et al. 2022).

e Eisenmenger syndrome: It arises when pulmonary artery pressure rises,
affecting lung vessels and finally destroying them. The rise of pressure occurs
in many heart deficiencies, like when blood flows from the left to right side of
the heart (left-to-right shunt )(Rajan A.G. Patel et al. 2008, Basit H et al.
2023).

e Arrhythmogenic right ventricular dysplasia (ARVD) or cardiomyopathy
(ARVC): it is a hereditary disease caused by gene alterations that contribute
to accumulation of fatty or fibrous tissue in the heart muscle. In this condition,
mostly the right ventricle, in the beginning, appears to have arrhythmogenic
cardiomyopathy and progressively the left ventricle might be affected (McNally
E et al. 2005, Shah SN et al. 2023).

Or acquired, like

e Dilated cardiomyopathy: the enlargement of myocardial tissue of one or both
ventricles, leads to arrhythmias and heart failure (Mahmaljy H et al. 2023)

e Ischemic cardiomyopathy: when coronary vessels’ epithelial get covered with
lipid plaques, then some regions of the heart do not receive the right amount
of nutrients and oxygen, ending up to ischemia and eventually
cardiomyopathy, that is the difficulty of heart to pump blood out of ventricles to
circulation (Bhandari B. et al. 2023)
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e Restrictive cardiomyopathy: it's a rare acquired condition caused by infiltrative
diseases like amyloidosis, sarcoidosis, etc. that provoke myocardial diastolic
dysfunction (Brown KN et al. 2023)

e Congestive heart failure: in this incidence, the heart due to structural or
functional irregularities, is unable to provide the whole body with the blood,
oxygen and nutrients that are required for the continuing of life. The source of
this deficiency might be diabetes mellitus, ischaemic infarctions, or
hypertension (Malik A et al. 2022)

Prevalence and Incidence

Due to poor lifestyle choices, the prevalence of heart diseases such Coronary Heart
Disease has increased since the first decades of the 20th century. People started
monitoring their health status and making dietary and lifestyle changes, mostly in
high-income nations that led to less hospitalizations, acute coronary episodes and
deaths, in the USA (Dalen JE et al. 2014). However, as it seems in Figure 1.1, the
prevalence of cardiovascular diseases has been escalating over the last two
decades, despite the entrance of new and innovative medications that have entered
the market.

A vulnerable social group like pregnant women have a higher risk, almost 50% rise,
of developing a heart disease like Acute Myocardial Infarction or Ischemic Heart
Disease, due to the many alterations that happen in their bodies. During gestation,
increased hormone levels affect the vessels' elasticity, metabolism of glucose and
lipids profoundly change, ending up in either coronary artery dissections,
atherosclerosis, followed by acute myocardial infarctions. Lower-income and black
women appear to have a higher incidence of such heart diseases that remain after
delivery and affect women's lives in a severe way (Gédéon T, et al. 2022, Gibson P,
et al. 2017, Baris L, et al. 2020).

Many patients with congenital heart diseases nowadays have improved quality of life
and a longer lifespan thanks to new protocols, medications, and treatments. This is
the reason why the prevalence of many congenital diseases has risen over the last
decades (Avila P et al. 2014). Prevalence is the rate of people with the disease in a
population at a specific time frame (Tenny S et al. 2023), that means more people

alive with a disease accounts for higher prevalence.
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Acute or chronic heart diseases greatly affect the population and have an enormous
impact on their health and quality of life. Over the last decades, the incidence and
prevalence of coronary heart diseases escalated, despite all the primary and
secondary prevention measures that national and international organizations have

taken and implemented.

Figure 1.1 Prevalence per 100,000 of Cardiovascular diseases,both sexes, all ages, in the
European Union, Greece, China and the U.S.A., 1990-2019
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Mortality rate

The mortality rate of Cardiovascular Diseases varies among people of different
genders, ages, regions, and ethnicities (C.J. McAloon et al. 2016). High systolic
blood pressure, diets deficient in whole grains, fruit, vegetables, and seeds, high
BMI, and tobacco use all contribute significantly to the rise in heart illnesses,
particularly coronary heart disease, in the majority of the world 9P.E. Puddu et al.
2018). Compared to lifetime non-drinkers, heavy alcohol usage and previous usage
(above 36 grams of pure alcohol per day) have been associated with an elevated
risk of IHD (Roerecke M et al.2014).

Inequalities in healthcare access due to lack of infrastructure, medication shortage,
and high-cost treatments, as well as other critical absences, are one of the major

determinants of high mortality rates in vulnerable communities, like Black and
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Hispanic people (Tran R et al.,, 2022). Knowledge and awareness of CVD play a
significant role in dealing with the disease and managing health, by evolving literacy
skills, which results in lower death rates, especially in women (Martin LT et al. 2011).
Globally, death rates by cardiovascular diseases decreased at a slow pace, but they
remain at the top of the leading causes of death. In 2019, Greece’s death rate
increased to 540.97 deaths per 100,000, outgrowing the European Union (389.44
deaths) and China (322.3 deaths), with ischemic heart disease and stroke being the
predominant reasons for death. Regarding heart diseases, ischemic or coronary
heart disease constitutes the major cause of death, with 252.9 deaths per 100,000 in
Greece in 2019 (IHME 2023).

Table 1.1 presents the mortality rate by heart diseases, like ischemic
cardiomyopathies and acute myocardial infarctions, in Greece, Europe, and the USA
during the period 2016 to 2020.

Table 1.1 Deaths by Heart Diseases, ischemic cardiomyopathy, acute myocardial infarction,
2016-2020, in Greece, Europe* & United States of America (U.S.A.) (number of deaths)

Ischemic
Country/Con = Other heart diseases i Acute Myocardial
Year ) Cardiomyopathy i
tinent > Infarction (121-122)
(120-125)
Greece 10,576 13,947 6,693
2020 Europe 398,518 551,121 183,619
U.S.A. 232,176 382,820 109,199
Greece 10,388 13,827 6,633
2019 Europe 408,516 527,627 180,411
U.SA. 228,946 360,900 104,280
Greece 12,575 12,808 6,652
2018 Europe 430,282 539,703 187,020
U.S.A. 226,036 365,744 108,610

2017 Greece 13,103 7,973 6,959
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Europe 427,750 556,652 192,734
U.S.A. 223,441 365,914 110,346
Greece 12,323 11,783 6,225
2016 Europe 426,469 543,938 194,468
U.S.A. 218,766 363,452 111,777

*27 countries

**ICD10 for other heart diseases Greece, Europe (130-151), U.S.A. (126-151)

Data extracted from EUROSTAT for Greece and Europe and from National Vital Statistics Reports,
by National Center for Health Statistics for U.S.A. / Date: 27-28/10/2023

Quality of Life

Quality of Life is the concept of evaluating one's life based on the positive and
negative situations or events they have encountered, the burden of diseases and the
health outcomes. Because of the variety and variability of factors included in its
measurement, such as health, social status, work, freedom, and so on, QoL can be
described as a very complicated assessment indicator (Teoli D et al. 2023). In health,
different metrics have been used to estimate someone’s quality of life, like DALY’s,
QALE, QALY’s, etc. Besides its strong impact on research as an indicator of
someone’s life status, different metrics have been used as predictors of outcomes
like survival, mortality, disability (Haraldstad K et al. 2019).

Disability-adjusted life Years (DALYs) is an assessment indicator for general
populations of the years spent with a disability (YLD) or in a non-healthy state, plus
the years of life lost (YLL) due to premature death caused by this disease (L.
Ferrucci et al. 2007). DALY’s are used more frequently in the evaluation of the
burden of a disease or in cost-effectiveness analysis of an intervention and as a
measure includes disability and age-weighting factors which vary across the lifespan
of a person. On the other hand, QALY’s or QALE are used in the assessment of
enhancement of quality adjusted life years or life expectancy of a person during or

after the implementation of an intervention. Due to changes in the age-weighting

23



Chapter 1 - Heart and Lung Transplantations

variable, research indicates that the age at which the disease initially presents can
be a significant determinant for assessing quality of life (Sassi, F 2010).

On a global level, male individuals appear to have more DALY’s than females,
relating to increased ischemic heart disease incidence in this gender (C.J. McAloon
et al., 2016). It is commonly known that ischemic heart disease, which has an
average incidence appearance age of 67.4 years for both sexes, has been the
leading cause of death worldwide (Jacqueline Mduller-Nordhorn et al. 2017) (Miller
Dylan V et al. 2018). Considering the disparities in the provision of healthcare,
income, lifestyle, and dietary choices, among countries of the world, life expectancy
and the evolution of a disease are directly impacted. Besides Ischemic Heart
Disease (IHD), almost every cardiovascular disease has a great impact on people’s
lives, resulting in a high percentage of life years lost due to disability and premature
death (C.J. McAloon et al, 2016).

In Table 1.2 and Figures 1.2, 1.3, it is shown the Disability-Adjusted Life Years lost, in
Europe and the USA for the period 2016-2019. Notably, DALY’s for patients with
ischemic heart disease have increased the most in Eastern Europe over the years.
In Eastern Europe and mainly in its Northern part, higher rates of unhealthy habits
like smoking or acquired diseases like diabetes are some of the causes of the higher
incidence of IHD (Edina Cenko et al. 2023) .

Table 1.2 Disability-Adjusted Life Years (DALY’s)

Cardiomyopat Atrial
Ischemic heart
Year Region ) hy and fibrillation and Endocarditis
disease
myocarditis flutter
WE 8,699,768.42 703,266.03 1,313,421.32 192,086.88
CE 5,344,188.02 514,944.26 289,619.76 23,770.70
2016
EE 17,603,689.95  2,458,882.91 462,306.39 84,018.80
USA 8,409,870.12 762,366.89 862,192.28 145,374.02
WE 8,806,654.59 715,631.52 1,328,851.17 191,456.62
2017

CE 5,386,276.79 522,305.83 295,371.61 23,564.61
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EE 16,897,847.26  2,364,659.30 465,666.84 80,312.02
USA 8,483,075.76 774,149.37 885,515.12 145,240.66
WE 8,978,868.09 727,834.79 1,344,293.46 192,207.33
CE 5,452,900.15 526,347.06 300,364.60 23,439.18
2018
EE 16,992,266.25  2,359,551.80 473,842.63 79,886.45
USA 8,749,762.09 788,280.46 920,175.78 147,050.38
WE 9,125,379.54 739,475.81 1,347,219.73 193,128.10
CE 5,471,195.31 529,593.71 302,864.50 23,256.89
2019
EE 17,082,364.87  2,360,896.35 481,405.89 79,479.53
USA 8,948,088.72 797,275.52 955,312.32 148,628.26

WE: Western Europe, CE: Central Europe, EE: Eastern Europe, USA: United States of America

*Data extracted from EUROSTAT and IHME (Institute for Health Metrics and Evaluation)/Date:
28/10/2023

Figure 1.2 DALY’s per 100,000 for Cardiovascular Diseases, both sexes, all ages, 1990-2019
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Figure 1.3 DALY’s per 100,000 for Ischemic Heart Disease, both sexes, all ages, 1990-2019

25



Chapter 1 - Heart and Lung Transplantations

Ischemic heart disease
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1.1.2 Lungs

Each Breath a Step Closer to Our Dreams?

Lungs are an essential part of the body, providing oxygen that is utterly necessary for
many internal functions, like cellular respiration, substance degradation, etc. and
contributing to excretion of carbon dioxide (CO,), which is a side product of different
cellular processes. As an organ, it consists of two parts, the right and left lobes. The
right lobe is divided into three parts and the left into two by crevices. In the
inspiration and expiration process, a few muscles play a significant role, like the
diaphragm (Chaudhry R et al. 2023).

Image 1.2 Lungs Anatomy (lateral and medial view of the right and the left lobe)

2 Hellenic Cystic Fibrosis Association Awareness Campaign Logo, 2012-2016
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Left lung, lateral view & Left lung, medial view
n Right lung, lateral view E Right lung, medial view

Feneis, H., et al., ‘Chapter 6- Digestive and respiratory system’, in Pocket Atlas of Human anatomy- Based on the
International Nomenclature, pp. 134-153.

In many critical conditions or end-stage lung diseases, transplantation is the last
decision to keep the patient alive. Some of the pathological lung conditions, whose

last resort is transplantation, are:

e Chronic Obstructive Pulmonary Disease (COPD) /emphysema: COPD is a
chronic disease of lungs caused by constant exposure to harmful substances,
like the ingredients of cigarettes, which provoke chronic inflammation,
excretion of sputum, and airflow limitation. Acute episodes are characterized
by dyspnea, wheezing, and increased cough. COPD can lead progressively to
lung failure. Emphysema is a form of COPD that is caused by chronic
inflammation and the rupture of alveoli sacks, resulting in the creation of a
larger air pocket (Agarwal AK et al. 2023, Schrijver J et al. 2022).

e Idiopathic Pulmonary Fibrosis (IPF): Of unknown reasons (viral or bacterial
infections, exposure to chemical substances, tobacco, metals), IPF
constitutes a progressive inflammatory disease which scars the pneumonic
parenchyma and replaces it with fibrous tissue. Dyspnoea and cough are
some of the major symptoms. Some of the complications are
thromboembolism, pulmonary hypertension, acute coronary syndrome
(Krishna R et al. 2023).

e Cystic Fibrosis: It is a rare congenital disease affecting multiple organs, like

the lungs, pancreas, stomach, intestine, upper air tract, exocrine glands, and
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reproductive system. Its cause is the deficient expression of CFTR protein, an
ion channel that controls the circulation of Chlorine and Bicarbonate ions in
and out of the cell, due to mutations to the CFTR gene. As a result, a thick
mucus is produced, filling the lumens and provoking progressive obstruction,
fibrosis, and organ failure (Savant A et al. 2001).

e Alpha - 1 Antitrypsin Deficiency (AAT): it's a hereditary condition that affects
the production of the Alpha-1 antitrypsin protein, which opposes the neutrophil
elastase enzyme. Deficiency of AAT causes lung elastin to be degraded by
the released elastase enzyme, ending up in fibrosis and alveoli destruction.
Whereas AAT protein is abundantly accumulated in the hepatocytes, which
are deeply disintegrated (Meseeha M et al. 2023, Stoller JK et al. 2006).

e Idiopathic Pulmonary Arterial Hypertension (IPAH): the hypertension of
pulmonary arteries due to elevated vasoconstriction leads to gradual
obstruction and destruction of vessels. The reason for IPAH is a combination
of genetic susceptibility and environmental factors (Krowl L et al. 2023).

e Sarcoidosis: The disease is primarily asymptomatic and is brought on by an
idiopathic build-up of immune cells, such as leukocytes, macrophages, and
histiocytes, mostly found in the skin and lungs lymph nodes, where they form
granulomas. In the end stage of the disease, transplantation may be required
(Bokhari SRA et al. 2023).

e Bronchiectasis: It is a chronic disease that is a result of continuous airway
inflammations, or an evolving stage of other acquired or congenital diseases.
Its features are increased sputum production, accompanied by hemoptysis,
dilation of bronchi, and lack of lumina tapering (that is a gradual lumen
diameter decrease from larger bronchi to smaller alveoli), bronchial wall
thickening, that lead to the obstruction of small airways (Bird K et al. 2023,
Grenier PA et al. 2019).

Prevalence and Incidence

Over the last decades, lower respiratory infections have been on the top of the rank
of communicable diseases (Figure 1.4). During COVID-19 pandemic, it was noticed
that the non-pharmacological treatments like hand washing, environmental
measures, social distancing and movement restrictions had a major effect on the

reduction of viruses’ circulation in the population and presumably contributed on the
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increase of the incidence when the measures were no longer in action (Principi N et
al. 2023). In the rank of non-communicable diseases, the only chronic respiratory
condition that holds a high position is Chronic Obstructive Pulmonary Disease (Data
from GBD, IHME, 2023).

The extreme climate events that hit our planet have established new and unpleasant
alterations in the biosphere and the ecosystem of different regions of the world. As a
result, plants and their pollen have invaded virgin places, air-borne vectors have
traveled to the northern hemisphere transferring infectious diseases, which were
unknown to the natives, and high proliferation of microorganisms like viruses and
bacteria due to change of environmental survival conditions, have imposed a serious
public threat to the stability and safety of many societies (Cuvillier Padilla, C. et al.
2022). Global warming, increasing level of air pollutants and wildfires are some of
the risk factors that contribute to lung health worsening globally (Rom W.N. et al.
2021). Especially, traffic air pollution that produces perfectly subdivided atmospheric
pollutants like dust, or gases (ozone, nitrogen oxides etc.), which are able to reach
the most restricted regions of air tracks, the alveoli and initiate an inflammation

signal cascade (Solanki, N.2022).

Figure 1.4 Incidence of Lower Respiratory Infections per 100,000 people, both sexes, 1990-2019,
for Greece, European Region, the United States of America and China
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Though people might have changed some of their lifestyle habits, the smoking of
tobacco or non-tobacco products still forms a great concern for the health research
community, despite the decrease of prevalence of total users (both sexes) in Greece,
European Union, the United States of America and China (Figure 1.5). Vape
products or electronic cigarettes may not pose the same danger to consumers’ lung
health like classic cigarettes but they seem to have a potential negative effect on
people’s addiction to nicotine and consequently the use of tobacco products (Schivo
M. et al. 2014, Seiler-Ramadas R. et al. 2021).
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Figure 1.5 Prevalence of current tobacco use (% of adults), 2000-2020, for Greece, U.S.A,,
European Union and China
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Among the chronic respiratory diseases in 2019, that have a great impact in people’s
health, COPD was the first, and only chronic pulmonary condition, in prevalence rate
per 100,000, in Greece (6,360.71 cases) and China (3,175.37 cases), and second in
United States of America (6,143.06 cases) and European Region (4,434.12 cases).
Though chronic respiratory diseases remain low in the list of non-communicable
diseases, it seems that there is an elevated tension over the last decades (Figure
1.6, 1.7).

The incidence and prevalence of chronic lower respiratory tract diseases vary among
different regions, populations, ages and sexes. In idiopathic Pulmonary Fibrosis,
studies show ambivalent results, where the incidence and prevalence were either
greater or lower in Asian countries than in Europe (ranging from 0.09 to 1.30 and
0.30-4.50 per 10,000, respectively) and safe conclusions for the etiology of data
differentiation, cannot be drawn (Maher TM et al. 2021, Hutchinson J et al. 2015).
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Apart from regional differences, it seems that age, sex and income characteristics
play a significant role in the onset of a chronic pulmonary disease. In high-income
countries, women populations and younger-aged people the prevalence of Chronic
Obstructive Pulmonary Disease is far more decreased than in low-income countries,
men populations and the elderly (Adeloye D et al. 2022). In 2019, in Southern Asian
countries (Nepal, Bangladesh, India etc.), where the income of families is much
lower than most of the Western countries, the prevalence of COPD was around
8.0-11.1% (Jarhyan P et al. 2022).

Figure 1.6 Incidence of Chronic obstructive pulmonary diseases, in Greece, U.S.A., China and
European Region, for all ages, both sexes, 1990-2019
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Figure 1.7 Prevalence of Chronic obstructive pulmonary diseases, in Greece, U.S.A., China and
European Region, for all ages, both sexes, 1990-2019
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Mortality rate

The evolution of chronic pulmonary diseases is directly affected by various factors
like socioeconomic status, air pollution, or healthcare access. Research that was
conducted in large urban centers of North America, Latin America, Europe, and
China shows that even subtle elevations of air pollutants’ levels in the atmosphere,
like carbon monoxide (CO), ozone (O,), particulate matter (large PM,,, and small

PM,5), nitrogen oxides (NO,, NOy), and other particles, have a negative impact on

33



Chapter 1 - Heart and Lung Transplantations

the respiratory health of citizens and may contribute to a higher risk of mortality (Xu
H. et al. 2022) from chronic lower respiratory tract diseases like COPD (Guo X. et al
2022, Bazyar J. et al 2019, Romieu | et al. 2012, Cortes TR et al. 2023).

Living with a chronic lung disease is very hard for patients due to the load of daily
therapies in and out of hospital, as well as the burden of dealing with acute
exacerbations. People who take in-hospital care for some time, they need to have a
phase of rehabilitation in order to get back in their lives smoothly and restore their
health to the former state. Rehabilitation might include 2 or 3 weekly sessions for a
duration of some weeks or some months of breathing techniques like lip breathing,
education about illness and medication management, psychological counseling,
exercise training and nutritional counseling®. Rehabilitation practices that are
implemented to people with chronic lung diseases have a great impact in the
progress of the disease and mortality rate of patients. It seems that there is a
doubtful decrease (pooled risk ratio 0.45 - 0.55) in relative risk for mortality for
patients with COPD, who had been delivered rehabilitation (walking or cycling
sessions, strength training, education) than those who had the standard care
(follow-up by pulmonologist) (Puhan MA et al. 2005, Puhan MA et al. 2016, Ryrsg
CK et al. 2018). On the contrary, patients with COPD who developed the frailty
syndrome (age-related dysfunctions, dysregulations and deficiencies in several body
systems like hormonal changes, insulin resistance, decrease of resting metabolic
rate, strength and physical activity), had a raised mortality risk ratio of 4.21 than
those who hadn’t developed frailty syndrome (Verduri A et al. 2023, Xu J et al. 2023).
Chronic Obstructive Pulmonary Disease, Cystic Fibrosis, Sarcoidosis and other
chronic lung diseases affect the organs of a patient in numerous ways. As a result of
the different clinical manifestations, patients receive multiple symptom-relieving or
curative medications and treatments that impede the progression of the disease. In
research there is heterogeneity about the effect some drugs have on
COPD-morbidity or all-cause mortality in COPD patients. There are ambiguous
evidence that beta-blockers, which are given to heart conditions like atrial fibrillation,
heart failure or angina, seem to have a protective effect on COPD mortality risk
(0.69) (Etminan M et al. 2012, Gulea C et al. 2021). COPD exacerbations are

characterized by intensive systemic inflammations that are related to short or

3 National Heart, Lung and Blood Institute, Health Topic: Pulmonary Rehabilitation
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long-term increased activation of platelets (Harrison MT et al. 2014). Antiplatelet
therapy, especially aspirin, has seemingly decreased the mortality risk of patients
with Ischemic Heart Disease comorbidity in COPD (Odds ratio OR 0.81; 95%ClI
0.75-0.88) (Pavasini R et al. 2016).

Comorbidities, as mentioned before, play a significant role in the progression of
chronic lung diseases. Cardiovascular diseases tend to coexist in patients with
respiratory diseases. Anemia is a notable comorbidity in COPD, assumingly caused
by the inhibition of erythropoiesis factors by inflammatory agents. Research
demonstrated a significant correlation between the comorbidity of anemia and the
in-hospital mortality of patients with COPD, compared to those without anemia
(Rahimi-Rad MH et al. 2015, Xu Y et al. 2020).

Bronchiectasis is a disease that’s usually manifested with similar or same clinical
symptoms compared to patients with other chronic lung diseases like COPD or
Cystic Fibrosis and that might lead clinicians to misdiagnosis. That’s the reason why
there is limited or unreliable evidence on the bronchiectasis-caused mortality rate in
the population. Research shows an increased mortality hazard ratio in patients with
bronchiectasis versus the patients without (adjusted Hazard ratio 1.20-3.40) (Henkle,
E 2022), and it shows significant evidence that mortality risk is slightly increased in
patients with Cystic Fibrosis-associated bronchiectasis compared to Non-CF
associated bronchiectasis patients, when univariate (HR 0.565, 95%CI 0.424, 0.754,
p < 0.001) and multivariate (HR 0.684, 95%CI 0.475, 0.985, p = 0.041) analysis were
applied (Hayes D. et al, 2015). In Cystic Fibrosis, over the last decades the
age-adjusted mortality risk has decreased to 1.10 per 1,000,000 from 1.9, and the
median age shifted from 24 to 37 years old (Singh H. et al. 2023). Some of the major
determinants of mortality are the decline rate of FEV1 (especially the predicted
survival time for patients with FEV1<30 is 37 months), BMI under 19 kg/m2 and
number of exacerbations (Silva, G.F. et al. 2020). The need for invasive ventilation
and the yearly loss of FEV1 were directly and independently related to higher
mortality in ICU-admitted CF patients, while ICU-mortality risk seems to be reduced
(Texereau J. et al., 2006).

In the COVID-19 era, respiratory tract infections by sars-cov-2 have occupied the
scientific community more than any other disease due to the severity of the disease,
the widespread distribution of the virus (prevalence was 10,700 cases per million

population by January 2021), the rise of ICU admissions, the elevated risk patients
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with comorbidities had (like cardiovascular diseases or cancer) (Saghazadeh A. et
al, 2021), the mortality rate reached 4.4% by January 2021, and morbidity was
around 2.1% of confirmed cases globally (Hanaei S. et al. 2021). Referring to chronic
lung diseases, research shows that there is a heightened odds ratio for patients with
COPD (Halpin DMG et al. 2022, Pardhan S et al. 2021) to ICU admission and
mortality (age-adjusted OR 1.45-1.51) due to the Coronavirus Disease. Cystic
Fibrosis patients are not severely affected by sars-cov-2 due to the genetic
alterations and defective expression of some proteins (overproduction of ACE2 -
Angiotensin-converting enzyme 2, reduced production of TMPRSS2 -
Transmembrane protease, serine 2) of CF disease (Stanton BA et al. 2020, Mathew
HR et al. 2021). However, transplant patients and patients with FEV1 less than 40%
seem to be greatly affected by COVID (Terlizzi V et al. 2022) and have a greater
admission or hospitalization or mortality rate than other lung transplant patients or
Cystic Fibrosis patients (Carr SB et al. 2022).

Patients with chronic lung diseases are consistently affected by air particles,
bacterial or viral or fungal infections, provoking serious inflammatory reactions that
cause acute exacerbations and deterioration of their disease. Patients are frequently
admitted to hospital care and are gradually, as they grow up, in need of more
intensive and invasive treatments in order to get back to normal conditions, after
rehabilitation. However, the aggregate result of exacerbations, readmissions and
further exposure to unhealthy environments and habits, is an increased mortality risk

and many lost years of life.

Table 1.3 Mortality Rate (per 1,000 citizens) for Chronic Lower Respiratory Diseases (J40-J47)* -
standardized death rate by region, 2011-2020, both sexes and all ages

TIME 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

European 319 325 319 299 33 309 323 311 299 276

Union - 27 1 2 5 3 3 2 6 5 9

countries (from

2020)

Germany 354 357 382 348 393 36.8 395 395 375 345
3 3 3 5 7 6 4 2

Greece 20.8 19.8 18.2 238 283 234 251 228 240 223

9 1 2 4 7 2 3 8 5 3
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France 151 158 16.0 146 168 159 159 159 153 132
4 5 1 2 3 8 7 5 2

Netherlands 48.1 50.7 475 403 475 439 447 441 423 343
5 8 9 6 6 5 9 3 6

Eurostat Data Browser (Accessed 15/11/2023)
*J40-J47: bronchitis, emphysema, COPD, asthma, bronchiectasis, chronic lung allograft dysfunction

Figure 1.8 Mortality Rate of Chronic Respiratory Diseases, (A) COPD, and (B) Interstitial lung
disease and pulmonary sarcoidosis, 1990-2019, both sexes, all ages, data for China, European
Region, U.S.A. and Greece
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Quality of Life

From 1990 until 2017, globally, there was an increase in DALY’s (85,701,654 -
103,533,107 DALY’s) due to chronic lung diseases, which relies mostly on the rise of
years of life lost (65,388,505 - 71,145,744 YLLs) by premature mortality. In contrast
with the rate of global DALY’s due to chronic respiratory diseases that was reduced
to a small degree (1,601.95 - 1,338.08 DALY’s per 100,000) (Figure 1.9). Especially

in South Asia, it was noticed that the rate of years of life lost due to COPD were
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1567 per 100,000 people compared to the years lived with a disability that were 640
per 100,000 (GBD Chronic Respiratory Disease Collaborators, 2020).

Figure 1.9 DALY’s per 100,000 for Chronic Respiratory Diseases, both sexes, all ages, data for
European Region, U.S.A. Greece, China and Global, 1990-2019
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Data from Global Burden of Disease, IHME (Accessed 23/11/2023)

Evaluating the health-related quality of life in patients through metrics that measure
the years lived with a particular disease or disability, or the years lost due to
premature mortality resulting from a fatal disease, proves to be an approach whose
representational accuracy is limited. Consequently, such assessments are often
regarded as lacking in generalizability, as they may not comprehensively

encapsulate the elaborate and multifaceted aspects in the overall well-being of
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individuals dealing with complex health conditions. There are many questionnaires or
scores that are used by researchers, scientists and on-field clinicians to evaluate the
quality of life of patients. Some of them, are:

- St. George's Respiratory Questionnaire (SGRQ), it's a 50-item tool for
evaluation of obstructive airway diseases’ symptoms, impact on patients’ daily
life and activity (Jones PW et al. 1992, Barr JT et al. 2000)

- COPD Assessment Test (CAT), it's a short 8-item questionnaire, that is
specifically designed for the evaluation of HRQL of COPD patients and its use
is opted out in hospital settings (Ayora AF et al. 2019)

- Chronic Respiratory Disease Questionnaire (CRQ), similarly this
questionnaire was created for the assessment of HRQL in chronic respiratory
diseases (Chauvin A et al. 2008)

- King's Brief Interstitial Lung Disease (KBILD) questionnaire, is intended to
assess the HRQL of patients with Interstitial Disease and those with Idiopathic
Pulmonary Fibrosis (Nolan CM et al. 2019)

- Leicester Cough Questionnaire (LCQ), is a tool used to assess the impact that
chronic cough has on patients’ social life, physical and mental health (Nguyen
AM et al. 2022)

- Quality of Life-Bronchiectasis (QOL-B), is a self-reported assessment 37-item
tool to evaluate the HRQL of patients with non-cystic fibrosis Bronchiectasis,
that is suitable for clinical trials and daily medical practice (Quittner AL et al.
2015)

- Cystic Fibrosis Questionnaire-Revised (CFQ-R), it is a Cystic Fibrosis
patients-specific evaluation tool for the measurement of HRQL (Quittner AL et
al. 2009)

Health-Related Quality of Life (HRQoL) questionnaires and scoring systems have
been employed by researchers and patients for diverse objectives. Scientists utilize
them as predictive tools and indicators to measure the progression of diseases,
contributing in the strategic allocation of resources. On the other hand, patients
utilize these instruments as a means of expressing and explaining their preferences
regarding the impact that various treatments, medications, and clinical interventions
have on their lives, well-being, and engagement in social and economic activities.
The utilization of self-administered questionnaires introduces a level of complexity,

raising critical considerations about the subjectivity in responses and the perplexed
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interpretation of answers. Due to the diverse origins and profiles of the patient
population, this complexity necessitates a more defined strategy in order to account
for these individual differences in perception and experience (Mooney A. 2006). The
optimal scope of these questionnaires is apparently to ldentify the high and low-
quality of life cases, in order to intervene medically, psychologically and socially,
prevent the progression of the disease by detecting changes, or prioritize the
distribution of resources and funds by classifying the needs of the population (Oga T
et al. 2018).

As it was previously mentioned, many patients living with chronic respiratory
diseases do not suffer only from one but more than one disease (either of the same
organ or another, like the heart). Research shows that people from low-income
communities and countries (low socio-economic status), who have poor health status
or are elderly, are more likely to develop more than one disease (Laires P.A. et al.
2019). Over the last decades, the strategies and public health policies that the
governments have implemented, were focused on overcoming an epidemic or a
specific disease rather than dealing with comorbidities or multimorbidities.
Multimorbid patients afflicted with chronic lung diseases often contend with an array
of additional conditions, including ischemic heart disease, diabetes mellitus, dilated
cardiomyopathy, as well as coexisting pulmonary conditions such as bronchiectasis,
asthma, and interstitial lung disease. The intricate interplay of these concurrent
health states not only amplifies the complexity of their medical condition but also
stresses the perplexities inherent in diagnosing and implementing effective treatment
strategies (Ekezie W et al. 2021). Multimorbidities have common risk factors like
unhealthy eating habits, smoking tobacco, the use of alcohol, and physical inactivity
and appear to have similar clinical manifestations, in contrast with comorbidities that
are strictly distinguished (Afshar S. et al. 2017). The aggregate result of dealing with
many severe health conditions, comorbidities, or multimorbidities, as well as many
unhealthy environmental and personal habits, may lead to lower physical capacity
like lung functioning (low levels of FEV1 or FVC) or mental disorders. As the
disease(s) worsen over time, that will directly affect the quality of life of patients with
chronic lung diseases, like COPD, and it will deteriorate the expression of symptoms
and increase the effort patients need to put into their activities and rehabilitation
(Adhikari TB et al. 2021).
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Patients with Chronic Lung Diseases might continuously have a feeling of unease,
anxiety and sadness due to the heavy load of dealing with a progressive disease,
that is not getting better despite all the pressure, hard work and activities they might
do. Everyday’s daily routine of physical exercise, time-consuming treatments, side
effects of medications (like hypertension or tachycardia caused by beta
agonists-bronchodilators or hypotension and bronchoconstriction due to beta
blockers that are given to multimorbid patients with heart conditions for tachycardia
and hypertension (Farzam K et al. 2023, Sears MR 2002)), limitations in social
activities and socializing due to fear of contracting viruses or bacteria that might
cause acute respiratory infections, symptoms of disease like cough, dyspnoea, or
sleep disorders, demand great amounts of energy for commitment and full
engagement to therapy (Koslow, M. et al. 2021). Dyspnoea is one of the most
annoying symptoms in COPD patients, causing them to refrain themselves from their
activities (Farag T.S. et al. 2018). Exerting a significant amount of energy on routine
tasks such as preparing for work or going to school or just for a walk, may prove
excessively fatiguing for patients with chronic lung diseases, thereby inevitably
compromising their overall quality of life.

Living with a chronic lung disease might be a heavy burden that permanently and
deeply affects patients in a multifaceted way, since their young age. The persistent
symptoms, long-term treatments and rehabilitation therapies impede them from
having a “normal” and “easy” life. It might be difficult for patients to endeavor to
manage their health condition, but it is not a generalizable conclusion. Research
shows that patients dealing with severe diseases like Cystic Fibrosis demonstrate an
unexpected capacity to confront their stressful and painful events that might have
traumatized them (Niehammer U. et al 2023). Given the progressive deterioration of
chronic lung diseases, the stigmatization of patients by society, and the constant and
appalling contemplation of mortality might not be the only reasons affecting the

health-related quality of life of patients, but have a substantial effect on their lives.

1.2 Transplantation

It's more than a gift, it’s life that you give to people who lost it
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Originating from the Latin word “transplantare”, a conjugation of two words, trans-,
that means across and -plantare, to plant somewhere. To plant somewhere else, to
relocate something, first used for plants and since the 2nd millennium BC, through
tradition and folklore stories and evidence, it has been used for humans too,
especially and mainly for skin grafting. In the 1950s, after the industrial revolution
and innovative use and exploitation of electric power and energy, the first solid organ
transplants occurred, first transplanting kidneys for patients with renal failure, in
1954. Since 1960, other great successful (or not) transplant surgeries have taken
place around the globe, like lung in Mississippi (Venuta F et al 2017), liver in
Colorado (Starzl TE et al. 1982) and heart in Cape Town (Brink JG et al. 2009,
Nordham KD et al 2021).

Over the last few decades, due to the radical transformation in the field of data and
information mining, storing, editing, analyzing and transferring, there has been a
significant increase in organ transplantations. In 2021, there were 144,302 solid
organ transplants, yet this number represents just a fraction (around 10%) of the
global demand. The United States of America and Spain emerged as the leading
countries in organ donation by deceased brain donors or deceased donors by
circulatory criteria (approximately 40 people per million population). Despite facing a
significant decrease in contributions (~13%) during the year 2020, as a consequence
of the widespread impact of COVID-19 pandemic (Nimmo A et al.2022), there was
an 11% rebound in 2021. The age range exhibiting the highest amount of organ
donations was 18-59, with an astonishing gradual rise during the past years in
donations by the age group of over 59. In 2021, in the USA and Spain, kidney graft
was the most transplanted organ (around 60% of total donations), followed by the
liver (around 22%), the heart (around 7-10%) and the lung (around 5%)".

Figure 1.10 Heart and Lung Transplantations in Europe and Greece, 2000 - 2023 Data from
Transplant Observatory

4 Data from International Reports 2016-2021 on Organ Donation and Transplantation Activities, by Global Observatory on
Organ Donation and Transplantation (GODT), produced by the WHO-ONT collaboration
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Total Lung from deceased persons (Greece.2000-2023)
Source: GODT (http://www.transplant-observatory.org)
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1.2.1 Legal Acts and Guidelines in Greece, Europe and Internationally

Transplantation is a complicated procedure, requiring multidisciplinary knowledge
and expertise, well-informed staff, including doctors, nurses, social workers,
psychologists, and local transplant coordinators, advanced medical and
technological equipment, infrastructure with sufficient properties, and obviously
effectively promoting social awareness about organ donation and transplantation
among the population. Since transplantation is a dual process involving both the
donor and the recipient, many steps are required. It starts with the vital task of local,
national and international boards to educate the public about organ donation,
continues with the careful performance of operative procedures, and ends up with a
comprehensive post-transplant patient follow-up care. To guarantee that everything
goes well and produces successful outcomes, each of these stages must be done
with caution, inside a strong legal framework, and subject to stringent safety audits.

Since 1980, there have been many efforts, globally, to harmonize the methods for
the brain death determination. It's certain that the guidelines created by the
American Academy of Neurology were a major influence for international scientific
society (Citerio G et al. 2014). In Greece, by decision No. 9/20.03.1985 of the
Hellenic Central Board of Health, the diagnosis of brain death or death by
neurological criteria focuses on clinical examinations of brain stem functionality
(brain stem reflexes testing) and apnea testing, in patients being in coma and having

a severe brain damage, while laboratory testing like intracranial blood flow or
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electroencephalogram (EEG) is not considered a prerequisite or of any importance in
the certification of brain death. Ancillary tests (such as electroencephalograms,
angiography, etc.) are required in several nations, such as the Netherlands and ltaly,
to officially declare a person neurologically dead. The lack of technical skills and
expertise by the operators and the increased frequency of false-positive and
false-negative results are the main points of contention among scientists about the
use of complementary testing for brain death certification (Robbins NM et al. 2018).
In Europe, there is a certain unevenness in regulations and guidelines concerning
transplantation, donation of organs or determination of brain death. The Oviedo
Convention on Human Rights and Biomedicine (ETS No 164) is the only
internationally and legally recognized tool that protects and secures the rights and
dignity of human beings in the biomedical field. Specifically, the Additional Protocol
to the Convention on Human Rights and Biomedicine concerning Transplantation of
Organs and Tissues of Human Origin (ETS No. 186), that took effect in 2006, whose
goal was the unification of laws regulating transplantation procedures, deceased or
living donation, transport of organs, prohibition of financial gain, etc. across the
members of European union (Lopp, L. 2013).

The establishment of the first National Transplantation Organization in Greece in
1999 (Law No 2737/1999), which was formed and recognized by the state, marked a
significant change in the country's legal system's alignment with worldwide
standards. Since 2011, Greece’s legal framework on organ and tissue
transplantation was harmonized with the Directive 2010/53/EE of the European
Parliament, which regulates the donation, preservation, transfer and transplantation
of organs (neither auto transplantations, blood transfusions nor transfer of
reproductive cells) (Law No 3984/2011). With the law 3984, two national registries in
Greece were formed under the "opting in" system of organ donation: one for willing
donors who consent to have their organs donated post mortem, and another for
those who would like to be opted out of organ donation. In Law No 4512/2018 Article
260 it referred to the use of a “donor card”, that is an official proof of the person’s
agreement with the NTO to donate their organs after death. The Regulation No.
5034/2023 is the most recent regulation that aims to harmonize the Greek legal
framework with European laws concerning transplantations and organ donations.

In the USA, there are 56 Organ Procurement Organizations (OPQ’s) that are fully

responsible for the allocation, registration, information of people and organ donation
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of U.S. citizens. The federal Agency that audits the functions of OPQO’s are the
Centers for Medicare & Medicaid Services (CMS). The United Network for Organ
Sharing (UNOS) is another non-profit, “umbrella” organization, which aims to provide
with the proper help, inquiries and expertise to facilitate the work of OPQO’s. Its main
success was the establishment of a common network, the Organ Procurement and
Transplantation Network (OPTN), a platform where OPQO’s connect with each other
and share valuable information. In 1968, the first Uniform Anatomical Gift Act
(UAGA) was enacted- the last update in 2006-, for the official banning on the sale of
organs across States. In 1984, the Congress put into effect the National Organ
Transplant Act (NOTA), which regulated the equal distribution of organs and in 1987
the Scientific Registry of Transplant Recipients (SRTR) was found, to keep in track
with the organ recipients, the statistics concerning transplantations and follow-up
metrics. A more broadly effective law about the protection of human beings in
scientific experiments that has a definite impact on transplantations, is the Common
Rule, that passed in 1991 and was updated in 2018 as the final rule (Federal policy
for the protection of human subjects. Federal Register. 12. Vol. 82. 2017, pp.
7149-7274)° (Paganafanador, B 2017, Block, W.E. et al. 2019).

1.2.2 Organ Donation

Societies across the world deal with many serious problems like famine, water
drainage, climate change, natural disasters, poverty, infectious and
non-communicable diseases, criminality, and last but not least, a shortage of organ
donors. Sometimes, transplantation constitutes the sole resolution to various critical
health situations (as mentioned in subchapter 1.1), but clinicians and health
authorities face an enormous hurdle: the limited number of organ donors (living or
deceased) in contrast with the great demand.

When a person is taken to the ICU, after a severe crush or a heart attack, there are
plenty of deterioration stages before being considered as a possible organ donor. It’s
not of any concern or ambiguity that healthcare professionals will do their best to
keep the patient alive and ameliorate his/her health condition, through several
evaluations and interventions in order to stabilize the vitals. When the signs indicate

possible irreversible cardiac or brain death, then several tests and exams will be

5 National Academies of Sciences, Engineering, and Medicine, Legal, Regulatory, and Policy Frameworks for Organ Donation
and Research Participation, 2017
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followed, to assess the patient’s brain stem functions. If the clinicians certify the
patient’s brain or cardiac death (in the case of cardiac death, brain death will be
expected in the next 72 hours, according to various national legal frameworks), then
the patient's clinical history and physical integrity are examined in order to identify if
the patient is a potential organ donor (Dominguez-Gil B 2021). Organ donation
occurs when certain health criteria and legal prerequisites are met. Donors are
classified as living or deceased donors. There are major differences among them
that distinct the way health care professionals, transplant coordinators or even
relatives behave. Deceased donation is further divided into donation after brain
death (or death by neurological criteria) (DBD) and donation after determination of
death by circulatory criteria (DCD). DCD is subdivided into four categories, according

to Maastricht classification (Dominguez-Gil B 2021):

- Category |: found dead, uncontrolled, unexpected cardiac arrest, in or out of

hospital
- Category II: witnessed, uncontrolled cardiac arrest, in or out of hospital
- Category llI: controlled Withdrawal of Life-Sustaining Therapy (WLST)
- Category IV: controlled or uncontrolled cardiac arrest after brain death

Being a living or deceased organ donor constitutes a multifaceted and difficult
decision that has to be made, whether by the living person or by the dead person’s
relatives and loved ones. Various cultural backgrounds, personal religious beliefs,
political ideologies, or restrictions imposed by powerful, leading figures with societal
influence and pressure are some of the numerous factors that play a significant role
in the decision-making process of becoming an organ donor. Additionally, organ
donation is highly related with the qualification and expertise of medical staff or
transplantation coordinators, the presence of sufficient medical equipment or
supplied infrastructures and the legal framework that regulates the donation of a
local/national region. Health care professionals’ attitude towards transplantation
procedures has a great impact on people’s belief on organ donation, because health
care professionals participate in several intermediate processes like the pair
matching, the approach of family to obtain consent, the recognition of a possible

donor and the information of the public (Jawoniyi O et al. 2018). It's assumed that
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such a complicated system needs some measures in order to alleviate the shortage
of donors and facilitate the procedures. These measures that might take the form of
incentives, should be either addressed to the political and health system of a nation
or to the society and every individual. There are three incentive models that prevail in
the world (Fan, R. 2023):

- The Liberal model, a fully altruistic-centered model with no monetary or other

beneficial motives, is run by most western countries.

- The Compensationalist model for living kidney donors, that is run by the
Islamic Republic of Iran and the donor is reimbursed by the state and the

recipient

- The Familist model, which was first introduced by Israel and then by China. It
assigns a priority to the waiting list of potential recipients based on their
relatives' registration in the organ donor registry, their own registration, or the

past organ donation events of their relatives.

When a person makes the decision to be a willing donor, while still being alive, it's
fairly questioned if they truly recognise and acknowledge the meaning of
transplantation and organ donation, before signing a “contract” or a consent form. In
some countries and regions of the world, as it was mentioned in section 1.2.1, there
are opt-out models, where the consent of the patient is presumed to be positive,
while the opinion and consent of family and relatives is inquired. Over the last
decades, there have been either far authoritarian theoretical models (routine
salvaging (MacDonald H. 2015)) or far liberal models (encouraged voluntarism
(Caplan A. 2014) in the USA since 1968) regarding organ donation (Fox, M.D et al.
2013).

Organ donation shouldn’t be characterized as a merely altruistic act due to its lack of
self-gain or self-benefit. Altruism relies on the notions of caring about somebody
else’s well-being and being completely indifferent about self-benefit or even
self-sacrifice for others. In deceased organ donation, there is no benefit after all or
self-gain after death, in contrast with living organ donation, where the person is
clearly overwhelmed by a relentless feeling of giving life to others and benefiting
them through sharing vital organs and self-sacrificing health stability. Therefore, it's

probably a feeling of solidarity rather than altruism that perfectly matches the act of

49



Chapter 1 - Heart and Lung Transplantations

donation and should be treated and reinforced accordingly. Measures that should
protect one’s body autonomy and at the same time would help improve the organ
shortage crisis, would definitely have a great impact on society (Aurenque D. 2016).
In literature and transplantation conferences, there is an issue promptly arising and
broadly communicated, provoking the interest of the scientific, health, political, and
societal worlds, and that is xenotransplantation. It can be briefly described as a
process where animals are nurtured with the purpose of receiving their cells, tissues,
or organs and allocating them to people in need, patients with organ failure, etc.
Obviously, there are plenty of ethical considerations rising concerning the safety of
xenografts, the spread of zoonotic diseases (additionally, transplant patients are in
immunosuppression therapy), the exploitation of animals for the sole use of an
organ, while livestock farming will increase, and the uncertainty of health outcomes
and efficiency of a xenotransplantation compared to a human allograft
transplantation that is based on many years of successful cases (Assadi G., et al.
2016, Reichardt JO. 2016).

1.2.3 Transplant Procedure

According to Euro transplant Statistics Yearly overview of 2022, the most
transplanted organ by deceased donors was kidney ( n=2991) , followed by liver (
n=1507), lungs ( n=1176), heart ( n=644) and pancreas ( n=114). Transplanting an
organ is not an easy procedure, given the variety of stages, the options to be
chosen, the decision to be made, the cooperation of multidisciplinary healthcare
professionals and administrative agents, and the interaction of different transplant
centers, authorities, and people. Starting from the receiving of organs from
moribund, deceased, or living patients, the allocation, and finally the post-transplant
follow-up of the recipient, as indicated in the figure 1.11, there are several tasks to be
completed. When a patient in a coma state is admitted to the ICU with a severe brain
injury or un/controlled cardiac arrest (Glasgow Coma Scale score 3), he or she may
be considered a possible donor after the clinical and neurological evaluation. When
the main neurological brain reflexes are examined thoroughly and/or followed by
ancillary tests and exams, the nurse or entatician in command of transplants will

inform the local transplant coordinator to enact the transplantation process, including
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inquiring the family or searching the national donor registries to find the patient’s

agreement for donating his or her organs post-mortem (Moura LC et al. 2015).

Organ preservation

The preservation of organs, a crucial stage of transplantation process that is strictly
adhered to, augments the survival of grafts, renders an effective transplantation, and
so far various techniques have been followed according to the diversity of cases and
causes of death. Though two kinds of preservation techniques are indicated, the
static cold storage (SCS) and the machine perfusion (MP) in different temperatures.
Normothermic machine perfusion, a mechanical flux of the perfusate solution,
enriched with nutrients and oxygen (necessary in normothermic MP, in contrast with
sub-normothermic MP) is a suitable technique for the preservation of organs for
hours before and after their recovery from the donor (de Vries RJ et al. 2019). Warm
Ischemic injuries and metabolic-energy deposits exhaustion in organs originated by
circulatory associated deceased donors (DCD), are of paramount importance to
monitor and eliminate, due to the great negative impact they have on survival of

grafts.

Figure 1.11 Flowchart of Transplantation procedures
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It seems that the implementation of machine perfusion and static cold storage (the
leading technique in organ preservation and reconditioning (Bellini Ml et al. 2023))
can essentially eliminate the detriment of transplants, while measuring biomarkers
that can predict the viability of organs in advance. Such biomarkers are lactate
concentrations in the heart graft perfusate and inflammatory mediators interleukins 1
or 8 in the lung perfusate or bronchoalveolar lavage (Resch T et al. 2020).
Preserving organs seems that it ameliorates the outcome of transplantation long
term, by reversing some of the injuries that the organs have suffered, decreasing the

level of immunocytes and inflammatory agents in organs allocated from Extended
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Criteria Donors (ECD), illustrating the significant impact of these techniques on

transplants shortage crisis (Kvietkauskas M et al. 2020).

Selection of Recipient - Pair Matching

Waiting for a transplant might be a time-consuming and long-lasting procedure that
tires patients, and consequently, their health deteriorates, resulting in a high rate of
death (around 38-54% for lung-related diseases) (De Meester J et al. 2001). A
patient with heart failure, may be disqualified from transplantation due to a number of
health comorbidities, such as diabetes, liver or renal impairment, infectious
infections, or anemia, because of the low post-transplant survival rate (Mantha A et
al. 2022). Conversely, organ donors with less than ideal clinical histories—such as
history of drug use, positive serology for hepatitis C, or left ventricular
hypertrophy—may be selected for organ donation, as an alternative to the global
organ shortage issue; these donors would then be paired with recipients who,
despite the graft’s state, are in dire need of a transplant because of a high prognosis
of mortality due to the deterioration of their underlying disease (Resch T et al. 2020,
table 4). Due to a small variance existing in the referral protocols and guidelines that
are applied in the process of pre-selection and placement of patients on the waiting
list, in each country, the prioritization of patients might be slightly different. However,

there are some common criteria and key points:
For heart transplant referral,

e VO, max < 14 mL/min per kg

e the weak ejection fraction (<20%)

e NYHA class lll to IV

e increasing requirement for diuretics due to enduring fluid overload

e low blood pressure
For lung transplant referral,

e the increased frequency of exacerbations
e the increased hospital visits
e the low forced expiratory volume (FEV1 < 30%)

e the high partial pressure of carbon dioxide (PaCO2 > 50 mmHg)
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e the low partial pressure of oxygen (PaO2 < 55 mmHg)

which are strongly associated with the prognosis of mortality in patients with lung or
heart diseases and who are therefore referred for transplantation (Verleden GM et al.
2017, de Jonge N et al. 2021).

Pair Matching

Relocating an organ requires a thorough investigation of the available recipient pool
to find the appropriate and suitable matching profile. A perfect match suggests that
the recipient will have a high survival rate in the years following the transplantation.
However, sometimes, due to the urgency of a case, neither the list priority nor the
criteria and guidelines are complied with. In heart and lung transplantations, the
survival of recipients is contingent on certain donor-recipient features and variables,
which are the sex, the age, the predicted total lung capacity, the predicted total heart
mass, the cytomegalovirus serology, and the blood type. In lung transplantation, a
gender or age mismatch seems to have a great impact on the recipient’s survival
due to the variance of predicted TLC values and the graft’s condition. Lungs
originating from women, thus the values of pTLC are lower than the median, and
transplanted into men result in low late survival (5 or 10 years). Likewise, predicted
total Heart Mass (pHM) is a strong prognosis factor, predicting the survival of a
transplant patient depending on the size of the heart graft received by the donor.
Conversely, a blood type identity mismatch but compatibility and CMV serology
positivity seem to have not such a grave outcome.

Studies show that donor-recipient organ size matching is an essential factor for
long-term patient post-transplant survival. In heart and lung transplantations,
undersized grafts result in a raised probability of early (1-year) mortality. On the other
hand, normal to oversized grafts, to a certain extent, lead to prolonged survival,
fewer complications, and a decreased chance of graft dysfunction or graft failure.
The differentiation of graft size between biologically different sexes relies on
distinctive height and mass variances, as well as different levels of hormones, HLA
increased sensitization, and therefore the matching between donor and recipient has
to be performed very cautiously (Mangiameli G et al. 2022, Demir A et al. 2015,
Eberlein M et al. 2016, Ayesta A et al. 2019).
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The immune system of a human has the ability to recognize the body’s cells and not
attack them. On a cell's surface, there are certain proteins called Human Leukocyte
Antigens (HLAs), which belong to the Major Histocompatibility Complex (MHC), and
they bond with T-cells in order to help in the differentiation of human cells by foreign
objects, cancer cells, bacteria, etc. During the transplantation procedure, it's crucial
to maintain low HLA sensitization. Ideally, a perfect match results in fewer HLA
mismatches, ensuring that the recipient's body does not react adversely to the
donor’s graft. Among the most known HLA locuses, HLA-DR locus mismatch plays a
significant role in the progression of graft rejection and the prognosis of patients at 1
and 3 years (Ansari D et al. 2014).

1.2.4 Post-transplantation

Due to the severity of organ transplantation, patients need to be closely and
consistently monitored during their stay in the hospital and out of the clinic
afterwards. The first few days following surgery, an overload of feelings and sensory
experiences, including pain and suffering in contrast to the excitement and
enthusiasm that comes with the success of the process. Patients may feel as though
their mentality has been revived, but it will take some time for their bodies to heal
and regain a balanced state. During this stage, comprehensive support is essential
and it requires direction from a multidisciplinary team, including psychologists, social
workers, pharmacists, and other experts. Their combined knowledge and expertise is
essential for creating an exact plan and schedule that consists of a disciplined
training, a customized exercise program, self-care routine, and rigorous medication
compliance. By working together, healthcare professionals, patients, and their
relatives and friends, can ensure a thorough and all-encompassing rehabilitation
process for the patients while also improving their quality of life and general

well-being.

Follow-up

Post-transplant complications and deterioration of the patient's health is a very
common phenomenon, imposing a necessary audit of the health condition on a

regular basis. A short and a long-management program is implemented in order to
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eradicate the risk of graft rejection , that is the main and most serious complication

(Al Mostafa, M. et al. 2022). There are plenty of examinations to evaluate the

progress of a post-transplant heart or lung patient. Some of the indicated follow-up

tests are (Laporta Hernandez R et al. 2014):

Forced expiratory volume (FEV1)/ Forced vital capacity (FVC), patients
demonstrating  decline (>10%) between two consecutive
measurements, it's a sign of infection, rejection or dysfunction

Exhaled Nitric Oxide (eNO), that is overproduced in bronchiolitis
obliterans syndrome, after lung transplantation

Bronchoscopy and Bronchoalveolar Lavage (BAL), which is used to
detect immunocytes (CD4,8 T cells, neutrophilia) or cytokines (like
interleukins) that suggest early symptoms of acute graft rejection.
Imaging exams like chest x-ray or computed tomography

Coronary flow reserve (CFR), coronary angiography (CA), dobutamine
stress echocardiography (DSE) for the detection of cardiac allograft
vasculopathy (CAV), an immune-induced or not damage of the
endothelium of coronary vessels causing blocking and even rejection
(Sade LE et al. 2014)

Cardiopulmonary exercise testing (CPET), which includes a
high-intensity interval training (HIIT) of 4 to 6 -minute high pace walk or
run on a treadmill. During this test, the heart rate, oxygen consumption
and muscle strength are measured (Choi HE et al. 2020).
Endomyocardial biopsy from the right ventricular myocardium, several
times in the first months and subsequently once every three months
until the end on first year, which enables the early detection of cardiac
rejection, before the occurrence of symptoms (Beckman EN et al.
2001)

Gene expression profiling, used in heart transplant surveillance, a
non-inferior, equally effective technique like biopsies, relying on the
analysis of peripherally circulating mRNA, using the Polymerase Chain
Reaction method (Pham MX et al. 2010)
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Treatment and Complications Management

After a transplant, maintaining the patient's health is a complex procedure that can
lead to many complications. Over the last decades, dealing with allograft rejection
has been the epicenter of research, and there have been numerous efforts and
studies to determine the pathophysiology of allograft dysfunction and rejection and to
modify and adapt treatment regimens and protocols to transplant patients’ needs. A
previous donor-related disease, an injury during the procurement and allocation of
the graft, an extended ischemic time period, as well as a not-perfect HLA mismatch,
can cause the dysfunction or rejection of the allograft and many organ failure-like
symptoms in the patient, augmenting the severity of the condition and hindering the
therapy and management post-transplant (Ludhwani D et al. 2023).

The first few hours and days post transplant are a crucially important time that
requires careful monitoring and immediate action in order to maintain the stability of
the patient's health and to effectively address any unanticipated issues. The reason
for this concern is that allografts have high susceptibility and there is a higher chance
of adverse events involving hyperacute rejection and primary graft dysfunction (Sun
H et al. 2022). Loss of graft function or a gradual decrease in lung capacity or blood
volume pumped by the heart are signs of a profound complication.

Its a common phenomenon that complications are caused by infections of
nosocomial or community-acquired bacteria (like Nocardia sp.), fungi (like
Aspergillus sp.), or viruses (like Influenza) due to transplant patients' vulnerable
immune systems (Joean O et al. 2022). There is a strong association between lung
transplant infections and graft dysfunction, or bronchiolitis obliterans syndrome, a
chronic condition of allograft rejection that happens to half of the long-lasting
survivors (Valentine VG et al. 2009), emphasizing the contribution of exosomes, that
means extracellular vesicles circulating in the body, which are mainly induced by
pathogens like viruses, containing lung or heart cellular antigens and various
substances like vimentin, highlighting it as a major cause of chronic allograft
rejection (Gunasekaran M et al. 2020, Mohanakumar T et al. 2019, Sharma M et al.
2018). Infection-related  outcomes  have  multiple causes, including
multi-drug-resistant bacteria, BMI values above or below the median, and
non-standard antibiotic prophylactic schemes, all of which have been linked to an

increased risk of primary graft dysfunction (Paglicci L et al. 2021).
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Besides constant testing of vital signs and symptoms, long-term follow-up and
assessment strategies include several treatments that are administered to transplant
patients to eliminate the possibility of graft rejection. The most significant class of
drugs and standard therapy is immunosuppressive, which includes corticosteroids
like prednisolone, calcineurin inhibitors like tacrolimus or cyclosporine, nucleotide
synthesis inhibitors like azathioprine or mycophenolate mofetil, and monoclonal
antibodies like rituximab (Hussain Y et al. 2022). These drugs induce
immunosuppression to such a level that patients are at great risk of infection by any
potentially virulent microorganism, and certain preventive measures like vaccination
have not had the same effect on transplant patients as on pre transplant patients or
healthy individuals (van Kessel DA et al. 2017). Immunosuppression can cause a
variety of issues for transplant patients, with infections being a common outcome,
despite the widespread availability and distribution of modern antibiotics and
antivirals.

In addition to immunosuppressive drugs, there are other drugs administered
according to the organ allocated, the health condition and the patient. Some of these
classes of drugs are the following:

- Antibiotics, that are usually given in a preventive way, like beta-lactams
(cefazolin, ceftazidime, piperacillin/tazobactam, carbapenem, all affecting
gram-negative  bacteria like  Staphylococcus aureus, Enterococci,
Pseudomonas aeruginosa or Burkholderia cepacia, or vancomycin for resistant
strains (Anesi JA et al. 2018, Coiffard, B. et al. 2020, Piéro A et al. 2022)

- Antifungals (systemic voriconazole and inhaled amphotericin B for several
weeks after lung transplantation for the prevention of infection by the invasive
Aspergillus sp., or oral itraconazole for 4-6 months for Aspergillus sp. positive
specimen, trimethoprim-sulfamethoxazole for  Pneumocystis jirovecii,
echinocandins like caspofungin for invasive aspergillosis too (Uribe LG et al.
2014, Nina Singh 2000, De Mol W et al. 2021)

- Antivirals (antivirals are administered either prophylactically or at the onset of
an infection in order to minimize the clinical impact of the virus. For instance,
acyclovir, valaciclovir, famciclovir are given for Varicella zoster virus (VZV) or
chickenpox infection, remdesivir for sars-cov-2, oseltamivir or baloxavir for
influenza A or B, maribavir for cytomegalovirus (CMV) (Munting A et al. 2021).

There are certain modifications in vaccine regimens, that might be an earlier
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dose administration before the transplantation or non recommendation of live,
attenuated vaccines like measles (Duchini A et al. 2003)

- Painkillers

- Gastroprotective drugs

- Inotropes

- Antihypertensive drugs

- Diuretics

- Coagulation modifiers

Rehabilitation

The extended time of inclination and motionlessness during the hospital stay, which
may last several days, weeks, or even months depending on the patient's
pre-transplant health condition, can lead to a noticeable loss in physical strength and
muscle flexibility. Recognizing the significance of this, patients are strongly
encouraged, according to International and European guidelines, to actively engage
in an extensive rehabilitation program.

A range of interventions should be included in the program, aimed at meeting the
patients' specific and individual needs, that would either minimize the emotional and
sentimental overload or improve the physical capabilities. First and foremost,
engaging in physical activity, involving 6-min walk sessions on treadmill, specialized
breath-diaphragm exercises, aerobics (Abidi Y et al. 2023), is essential for
whole-body recovery and a smooth reintegration into life after transplantation. It
seems that exercise regardless of intensity (high or medium pace 60-90% of VO, in
peak exercise) has a great and positive impact on transplant patient’'s body and
mentality, as it increases muscle stamina, and ameliorates the health-related quality
of life by reducing the anxiety, the depression and the probability of experiencing any
complications (Yardley M et al. 2018).However, in order to maintain their high volume
of oxygen consumption (VO2 peak), muscle capacity, and reduced anxiety levels,
heart transplant patients need to continue the high-intensity interval training (HIIT)
during their long-term daily routine (Yardley M et al. 2017) in an optimized way,
balancing and aligning hard workouts to both self-care and self-engagement.
Receiving the proper amount of nutrients (proteins, lipids, carbohydrates),
micronutrients (calcium, zinc, vitamins, etc.), and supplying the body with sufficient

amounts of calories and energy that are required to rebuild and regenerate the
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fully-damaged and injured organs before (due to inflammation, dysfunction, and
underregulation of the body provoked by an underlying disease) and after a
transplantation (because of the overproduction of oxidative radicals, the ischemia
that affected the allograft, and the high demand for energy storage needed for the
operation) is a crucial part of rehabilitation. Transplant patients need to adapt to a
strict dietary regimen, including low-sodium meals to avoid oedema, low-sugar or
low-lipid foods to avoid the development of diabetes or dyslipidemia, calcium and
vitamin D to avoid osteoporosis due to immunosuppressive drugs adverse effects on
bones, and many other nutritional daily interventions, following dieticians
consultation and being closely monitored in order to prevent complications related to
nutrient deficiencies or overconsumption (Zeltzer SM et al. 2015, Jomphe V et al.
2018).

Furthermore, another critical component of the transplant procedure that needs to be
carefully considered concerns the psychiatric evaluation of the recipient before and
after the allograft allocation, equally with the donor’s. Transplantation impacts a
patient's life in a peculiar and perplexing way, economically, vocationally, and
psychosocially. Acknowledging the health situation, the benefits and consequences
that it brings about, the restrictions and lifestyle modifications that need to be made,
as well as the risk that invokes such an interventional and invasive operation on the
body, have to be communicated in a specialized and individualized way by an expert
psychiatrist. The health professional, included in the multidisciplinary team, has to be
aware of the current health, physical, and mental health of the patient, any past
psychiatric disorders, the treatments that are or were administered, and the patient’s
close relationships, occupational, or social features. In addition, psychosocial
evaluation does not have only the form of an interview, questioning solely about the
medical history of a patient, but represents an utterly utile medium for valuable and
elaborate consultation of the post-transplant patient on matters of medication
adherence, adverse events or side effects of treatments, rehabilitation, self-control,
and self-exclusion from harmful substance consumption like alcohol or tobacco, as
well as long-term guidance on the psychological effects that transplantation
stimulates in patients and the need for casual expert assessment (Sarkar S et al.
2022, Kalra G et al. 2011, Schulz K et al. 2015).
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Quality of Life

Evaluating a patient’s life and progression of health comprises more than one
significant part, like physical integrity, mental state, social interactions or
relationships, occupation, education, etc. Achieving the goal of surviving through the
organ(s) of another person and having a “second chance to life" seems to bring
about various, ambivalent overall results for transplant patients over time beyond the
operation. Even though an operation of such severity and substantial influence on
the body may bring pain, discomfort, and many alterations to the lifestyle of the
patient, studies show that there is an increment brought about in well-being and a
great amelioration of the patient’s pre-transplant disease-related symptoms like
dyspnea, coughing, fatigue, or multiple infections, in the first three to five years after
the transplantation (Bleisch B et al. 2019, Tropea, | et al. 2022).

It's usual that patients self-monitor their conditions and subsequently refer them to
their clinicians for further examination. For that reason there have been created
plenty of patient self-reporting questionnaires for out-of-hospital use, during
rehabilitation or for long-term self-assessment, or in-hospital instruments utilized in
cooperation with a health professional, some of which are the Medical Outcomes
Health Survey Short-Form 36-item (SF-36), utilized the most in Health Related
Quality of Life (HRQoL) investigating studies, EuroQol-5 Dimension (EQ5D), Beck
Depression Inventory (BDI) or the Hospital Anxiety and Depression Scale (HADS),
and other disease-specific forms (concerning the diseases that led to the
transplantation) like Cystic Fibrosis Quality of Life Questionnaire (CFQoL), the
Kansas City Cardiomyopathy Questionnaire-12, the Somatic Disease Severity Score
(SDSS), and the Saint George Respiratory Questionnaire (SGRQ), or more general
health care questionnaires like the General Health Questionnaire (GHQ) and the
World Health Organization Quality of Life Test-BREF (WHOQOL-BREF). In the
previously-mentioned questionnaires, it's getting clear that besides the
pathophysiological determinants (decreased forced expiratory volume, shortness of
breath, hypertension, or development of cardiac allograft vasculopathy) in a patient's
well-being, there is a strong correlation between emotions and feelings (like anger,
distress, anxiety, fear, overwhelm etc.), as well as psychiatric disorders or personality
traits (like depression or impatience and irresponsibility, etc.) with the health-related

quality of life of a transplant patient (Seiler A et al. 2016).
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Based on the available data, there are several variables influencing the overall
health-related quality of life of patients since the completion of the allocation process.
The older age, the female sex, the infections or other complications, the employment
insecurity and the social isolation are associated with attenuated quality of life. On
the other hand higher values of FEV,%, fewer daily limitations due to disease’s
symptoms like fatigue or cough, increased energy, and better prognosis are some of
the profound factors that elevate the quality of life of transplant patients in
comparison with patients having the disease that leads to transplantation
(Raguragavan A et al. 2023, Stacel T et al. 2020, Carvalho WDN et al. 2021 Oct,
Carvalho WDN et al. 2021 Jan). Constant hospital readmissions, ranging from 1 to 5
admissions per year, and prolonged hospital length of stay, with a median of 16
days, proving infections and septic episodes as the leading causes of
re-hospitalizations, contribute to the overall physical, psychological, and social
quality of life deterioration of the recipients (Jalowiec A et al. 2008, Pothuru S et al.
2022). Moreover, pre-transplant mechanical circulatory support seems to have a
negative effect on the quality of life of post-transplant patients soon after the
operation, with a great risk for a stroke event (the odds ratios vary significantly
depending on the mechanical support system) (Bickel TJ et al. 2021), while patients
not eligible for transplantation, receiving mechanically support, have a better quality
than those who don’t receive (Grady KL et al. 2022).

After the operation, the patient may not be able to achieve every goal, fulfill every
desire, or accomplish any assigned task due to the limitations experienced from the
transplantation. There is certainly some sort of impairment, the medical approach, or
disability, the social and psychological approach, and profoundly, the stigma around
abilities and discriminations hampers the acceptance and inclusion of the person in
society. Complications, including diabetes, chronic rejections or allograft dysfunction,
infections caused by antimicrobial-resistant pathogens, and progressive
inflammatory reactions, worsen the health condition of a patient since an early stage
post-transplant, thereby rising in an exponential manner the years lived with a
disability (YLD) and consequently the health-related quality of life being minimized.
In lung transplants, after 60 months of constant follow-up, disability incidence has
risen almost 15%, resulting majorly from the onset of chronic allograft dysfunction,
different infections or inflammatory syndromes (ex. Bronchiolitis obliterans) (Diel R et

al. 2023, Todd JL et al. 2019). Significant decline in daily tasks management or
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self-care is notified soon after the first 5 years in heart transplant patients with
comorbidities like skeletal-muscle-related illnesses or of female sex, making
prominent the need for rehabilitation, further modifications in lifestyle, nutrition, social
interactions etc., and specialized interventions in order to stabilize or ameliorate the
quality of life of patients (Grady KL et al. 2005).

So far, studies show that the survival of patients decreases rapidly after 5-10 years
from transplantation, despite the up-to-date results that demonstrated a better
outcome compared to the past, derived from the extensive engagement of scientists
and health organizations on the subject of transplantation as well as the efforts of
clinicians to improve the lives of their patients. It is undoubtedly a measure that
certifies the necessity of further researching novel therapies, treatments, and
strategies that will contribute to the elaborate coping and resolution of challenging
complications patients face after transplantation and to the enhancement of the
long-term survival and increase of the health-related quality of life of lung or heart
recipients in the modern world (Suarez-Pierre A et al. 2021, Wilhelm MJ 2015).
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Chapter 2
Artificial Intelligence in Heart
and Lung Transplantations

2.1 Introduction to Artificial Intelligence

With artificial intelligence, people have had the ability to understand and imitate
human genius, natural intelligence, and the remarkable concept of logical thinking. Al
emerged in the 1950s, during a period of unprecedented and catastrophic war. It was
first introduced by John McCarthy, a computer scientist at MIT who established the
term Al in science, signaling the onset of a new era for computers and technology
(Kaul V et al. 2020). Humans have always had the insatiable need to discover the
mechanisms of action of natural processes, like the movement of flocks of birds in
the air, the cooperation of thousands of ants when searching for food, or the
pathfinding of Physarum polycephalum, a single-cell slime mold, in the environment.
Behind those processes, there are different mathematical explanations, biological
reasonings, and numerous data points composing a matrix of individuals, forces, and
interactions that bring about the results that we, the humans, can comprehend and

receive through our senses.

Parallelly, decision-making in human nature is a well-structured form of classified
options that are interconnected in an undisclosed manner, relying on the reception
and editing of a large set of external data while mixing them with personal beliefs
and ideological values. In an effort to copy this process, humans have crafted Al

algorithms and machines, starting with robots that could play chess and win a
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championship (IBM’s Deep Blue versus Garry Kasparov®) to machines that can
detect subtle alterations and cancer cells in tissue biopsies (Pantanowitz L et al.
2020).

2.1.1 But what is Artificial Intelligence?

Artificial Intelligence is computational algorithmic models that were created to be
able to think, behave or act like people in a rational way. Partly or fully independent
Al algorithms also have the ability to recognize patterns in complex and
multidimensional data sets, sequences that people do not understand their structure
and utility, thus they invented the term “black box” to cover and describe the lack of
comprehension- while being supervised or not by humans, Al models learn from the
output-feedback they produced in each loop and evolve in time, certain priorities that
not all the Al algorithms have (Monte-Serrat et al. 2021, Stine et al. 2023, Sweta
Modak et al. 2022).

Image 2.1 Stages in Data processing by Al

Artificial
Intelligence
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Data Collection (_7 ‘\

Patterns
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Al wouldn’t be capable of working without the use of its “raw material”’, which is data,
characterized by a great diversity in quality features and properties. They are
observations of the environment or measurements that may have a structure or not
(images, voice recordings, videos, etc.) that “Al agents” (Zinchenko, O. 2023) have

collected, and information originated from electronic databases or registries. The

6 Kasparov Proves No Match for Computer, By Rajiv Chandrasekaran, 1997
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preprocessing of data is required in order to be suitably and efficiently analyzed,
including transforming information from the raw resource to an easily manageable
dataset, conforming to the prerequisites of the Al algorithm design, rearranging or
labeling them (ex. classifying images into different groups), and fixing the errors or
dealing with the missing values by using techniques like data imputation (Diogo
Telmo Neves et al. 2022). When the Al algorithm is provided with the necessary data
pool, as a first step, it is designed to be trained accordingly to labeled data and either
function on the rules and guidance of people or find patterns that associate data with
labels and produce on its own the demanded output, which is further reused as
feedback for modifications to the model. Moreover, the Al model is utilized in
non-familiar data from the same dataset that it was trained on for internal validation
before being used in a totally unknown dataset for external validation (Chinesta F, et
al 2022). For example, in the Churpek et al. 2020 study about acute kidney injury, a
machine learning AKI predictive score model was trained and internally validated on
a dataset of patients (60% of the data for training and 40% for validation) admitted to
the University of Chicago hospital between 2008 to 2016 (Koyner JL et al. 2018),
and it was externally validated or tested on patient datasets from Loyola University
Medical Center (LUMC) and Northshore University Health System (NUS) from 2007
to 2017 and 2006 to 2016, respectively.

Image 2.2 Al & Data Processing, Segmentation of data in training group, internal validation group and

external validation group
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Examining the function of the model in populations with distinguished properties like
different underlying diseases or socioeconomic characteristics supports the
generalizability of the Al model, which means the capacity to detect and predict a
situation in populations that vary from the training population (external validity). At
the same time, it's of the same importance to elaborately assess the Al model
internally in populations with the same properties as the training sample in order to
attest to the accuracy and reproducibility of the artificial intelligence (internal
validation) (Ramspek CL et al 2020).

Artificial Intelligence may be called an “umbrella” collective term involving all the
types of intelligent machines which have been manufactured for several and specific
reasons, each one forming a subset of Al algorithms. There might exist countless
types of Al because of their continuously evolvement, but there are certain subsets,

some of which are (Qureshi Amad et al. 2021):

- Machine Learning (ML) algorithms have the ability to analyze the input data
and recognize patterns connecting the parameters that are undisclosed to
humans. Therefore, the ML models do not need specific rules or guidance to
function, besides classification of data in groups (supervised/ unsupervised
learning), thus labeling is certainly a vital part of the process that cannot be
missed(Marcele O.K. et al. 2024, Peter Wittek 2014).

- Deep Learning (DL) is a subset of Machine Learning models that are based
on artificial neural network (ANN) computation technology. ANN are

multi-layer domains, composed of many smaller parts, the layers that are
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called neurons, which reproduce natural neurons performance, thus each part
collecting and processing data in a sequence. DL algorithms outweigh ML in
applications with complex and vast feature datasets due to their ability to
analyze and correlate properties in a great amount of data (Sarker, I.H. 2021).

- Natural Language Processing (NLP) is a subset of Al models that comprise all
the human speech or text imitating machines that are equipped to recognize
and detect phrases, words, semantic content, the emotions of the human, and
patterns in vocal or written texts. They are capable of processing those data
and analyzing the content in order to respond to commands and give suitable
and immediate resolutions (PaaR, G. et al. 2023, Chowdhary, K.R. 2020).

- Swarm intelligence is a computing technology that mimics the intelligence, the
interactions, and the communication in natural swarms of birds or insects that
contain independent and self-determined components, each of which is
influenced by its surroundings and the neighboring parts in the process of
decision-making (what’s the next move or destination that they follow, etc.),
according to environmental parameters or conditions prevailing (Abhishek
Kumar et al. 2022, Andrés Iglesias et al. 2020, Abhishek Banerjee et al.
2022).

2.1.2 Can Al be associated with Health?

Since the beginning of the 4th Industrial Revolution, humanity has witnessed a
tremendous development in novel technologies and their many applications in daily
activities like the food product chain, the transport sector, or the management of
businesses, as well as their major influence in political or economic decisions. Over
the last decades, people have been in great need of quick and efficient storage and
analysis of vast amounts of health data that have been collected constantly at
hospital infrastructure, out-of-hospital clinics, or even patients' houses. Moreover,
there was an augmented workload for clinicians and medical care staff, and patients’
needs increased at an exponential rate, leading to medical burnout and the
incapacity of healthcare facilities to provide better health services to meet the
patients’ needs. Additionally, a major hamper to healthcare professionals is
bureaucracy, a factor that becomes more complex by the years. Filling out forms or

waiting patiently for papers to be assessed and approved in order for a treatment to
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begin has a great impact on time spent with patients and effectively dealing with the
cure (Penberthy, J.K et al. 2020). It's true that in many cases, the delayed approval
of a treatment or the delayed admission to a specified unit of a clinic is not due to the
lack of expert systems like artificial intelligence voice agents; but the issue is found in
the constraints that public or private insurance companies impose upon their clients,
as Dr. Chavi Karkowsky indicates in an article in the New York Times (Karkowsky, C.
2023).

However, facing prominent and equally significant issues or limitations to better
well-being, like poor adherence of patients to treatment or using precision medicine
by individualizing medical interventions according to a patient’s special needs,
requires analyzing a lot of data and devoting huge amounts of resources (money,
equipment, etc.), time, and workforce than in the past (Davenport T et al. 2019).
Therefore, through thorough investigation, it was firmly concluded that an alternative
to the resolution of these issues, apart from implementing different health policies
and strategies, was to apply new technological, virtual, and artificially intelligent
machines in the healthcare system, a step towards the effective improvement of the

complicated situation (Sargiotis, G.-C. 2023).

2.2. Applications of Al in Heart and Lung Transplantations

Artificial Intelligence applications in healthcare system have integrated new
capacities in imaging, disease differentiation, medication adherence, patient
monitoring or medical history recording, through the improved and more effective
analysis of health data derived by registries or clinical settings in real time or
retrospectively (Vivek Kaul et al. 2020). Additionally, to address the elevated need for
management and proper allocation of resources in the healthcare system, along with
the mitigation of disproportionate expenditure, Al machines have been introduced to
improve the cost-effectiveness of health systems (Ramezani, M et al. 2023).
Nowadays, healthcare providers have shifted attention to patient-centered health
policies, due to the advancement of patients progressive participation in
decision-making. Moreover, patients need to have a more complete audit of their
health status at a daily pace, like controlling their medication scheduling or assessing

any severe alterations in their health, for example extreme variations in glucose
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levels, and instantly intervening to reduce the deterioration of any acute medical
condition (Adam Bohr et al. 2020)

Lung and heart transplantations like any other clinical procedure or medical
intervention are associated with critical medical errors that have severely impacted
the effectiveness of the transplantation procedure like the unnecessary delays of
patients in waiting lists, extended warm ischemia time or serious organ injuries in the
organ preservation stage, or poor donor-recipient pair matches compatibility, as well
as many other omissions or mistakes that have leaded to unsuccessful organ
donations, early allograft dysfunction or failure events or short post-transplant
survival (Ison MG et al. 2012). Safety issues in the transplantation process remain a
crucial factor in a patient’s survival and well-being. Relevant studies demonstrate the
inability of healthcare stakeholders to communicate promptly and sufficiently about
health issues arising after the analysis of data like exams or the inability to make
essential decisions over the detection or prediction of potentially catastrophic
situations for patients (Stewart DE et al. 2015). In addition, it's important to refer to
another vital parameter to the minimized transplantation effectiveness that is the
shortage of organs available for allocation, a subtle issue raising awareness over the
scientific community. The current state in organ supply across the planet has alerted
nations and there was a widespread demand for carrying out immediate measures to
determine the scale of the problem and address it competently (Spanish Ministry of
Health, N.T.O. 2023).

2.2.1 Al applications in Solid Organ Transplantations

Artificial intelligence algorithms have gradually been inserted in healthcare systems
around the world, in an attempt to positively affect and restrain the progression of
health crises that afflict patients, medical staff and organizations, with enormous
consequences. In the field of solid organ transplantations, there have been plenty of
Al applications during the past years that have facilitated the procedures and have
helped improve the waitlist mortality, pair-matching between donors-recipients or
post-transplant outcomes. In an article published in “Financial Times” magazine,
Sarah, a chronic patient with cystic fibrosis and alpha-1 antitrypsin deficiency shared
her story of waiting in a transplant list for almost 26 months until an Al model opted

her in for receiving her new liver (Madhumita, M. 2023).
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Several studies referring to Atrtificial intelligence and its applications on solid organ
transplantations have strongly supported its contribution to different parts of the
process like the prognosis of survival of patients with a chronic disease which leads
to transplantation, an amendment that can help clinicians in the recipient selection
process, according to the severity of cases (Xu C et al. 2023, Weiss J et al. 2023).
Moreover, it's the estimation of waiting time and patient-survival in a pretransplant
list, indicating particular features that are associated with better or worse outcomes
(Sapiertein Silva JF et al. 2021). Al models have been used for the determination of
effectiveness of therapies and medications administered for the life support of
end-stage patients until their pre-selection for transplantation (Lee H et al. 2023,
Shou BL et al. 2022), or they have served for the assessment of organ quality pre-
and post-transplant through the analysis of biopsies obtained from allografts to assist
to the better allocation of organs (Yoo, D. et al. 2024) or the assessment of
preservation techniques (estimation of the long-term effect of cold or warm ischemia
time) and protocols followed in each country and medical centers that play a
significant role in prognosis, organ function or failure (Jadlowiec CC et al. 2024).
There have been also studies that the performance of Al models was examined for
the prediction of cancer development in allografts (Amir Zadeh et al. 2024), or the
constant short-term or long-term management and evaluation of post-transplant
complications (Fodor M et al. 2024), like graft failure or graft dysfunction (Yi Z et al.
2024, Michelson AP et al. 2023), and patient-survival or mortality after a definite
number of days (30-day survival) (Linse B et al. 2023), months (1-month, 3-month
survival) or years (1-, 3-, 5-, 10-year survival) (Tian D et al. 2023). Finally, in
post-transplant monitoring of patients, Al machines have demonstrated validated
efficiency for working as follow-up agents by collecting data, analyzing them,
detecting risk factors (like onset of diabetes (Al-lmam A et al. 2022, Bhat V et al.
2018), inflammation, infection (Kherabi Y et al. 2022), sepsis (Kamaleswaran R et al.
2021), etc.), or monitoring the patients’ engagement in treatments (Rosenberger EM
et al. 2017). Furthermore, Al models have the capacity to trace individualized
patterns and sequences in each patient's data profile, thus recommending
personalized resolutions and alternatives to complications after transplantation or a
priori, considering their strength in performing and counting the probabilities of

several outcomes and events (Basuli D et al. 2023).
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Due to the capability of Al, especially machine learning or deep learning models, to
compile and evaluate immense quantities of data in contrast with traditional
statistical models, they’re highly accurate, precise and sensitive to predict and
distinguish certain risk factors among a great variety of demographic, clinical, or
therapeutic variables that have a (linear or nonlinear) correlation with health
outcomes like mortality, morbidity, sepsis, graft dysfunction or failure, etc., according
to univariate or multivariate analysis of information originated from questionnaires,
registries, or cohort retrospective studies. The prediction of these factors will improve
and facilitate decision-making for clinicians and transplant coordinators by providing
essential insights and expanding their knowledge of the procedures (Gholamzadeh,
M et al. 2022).

According to data, Artificial intelligence models have been used widely in
transplantations in order to eliminate several disproportionate hurdles that would
face patients either pre- or post-transplant. Their novel technology opened up new
horizons in medicine, exposing humanity to different points of view and establishing
new approaches for comprehensive actions on the issues and problems besetting
the patients and healthcare systems. Their applications have brought about many
benefits but a great amount of risks too. For instance, Sarah Meredith described in
her story that the waiting time for patients of her age (25-40) has considerably
increased compared to past years and to other age classes of patients (over 60
years old), after the implementation of Al models, which ultimately changed the
waitlist prioritization (Madhumita, M. 2023).

Despite the advances in technology and the promising applications of Al in medicine,
it's unfair to presume that machines operate in a just and indiscriminate manner,
without technical or moral limitations. It's far from utopian to believe in an unbiased
and free-from-error world of Al, which unstoppably serves the human kind as if
everything were in control. Due to the fact that medicine and, even worse,
transplantation are inextricably connected with the continuum of life, a
misinterpretation of results or input data from the models could jeopardize the
well-being and lives of patients, making the legal and moral implications extremely
serious (Boris Babic et al. 2020)
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Chapter 3
Systematic review analysis

3.1 Introduction

3.1.1 Rationale

Since medical centers around the world have been using Al for some years now, it
seems logical to query the overall Al models' utility and benefits or risks in healthcare
systems and patients’ lives. Especially in heart and lung transplantations, there
hasn’t been much research, but recently, due to the lack of knowledge of clinical staff
and the uncertainty raised by the perplexed and opaque functions of machines,
which were contrary to the principles of medicine and the legal restraints being
implemented by past regulations on experimentation on critically ill patients. Thanks
to the progress in artificial intelligence computing and analytical systems, a legitimate
interest was demonstrated by health-related corporations and scientists, which
significantly accelerated the introduction of Al health models in routine clinical
medicine and, furthermore, in transplantation over the old fashioned but tediously
and stably well- performed traditional interventional methods. However, it is of

paramount importance to acknowledge the fact that in health, every machine’s or
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therapeutic approach’s outcomes or performance need to be evaluated for their

effectiveness, accuracy, discrimination, sensitivity, and generalizability.

3.1.2 Research Aim

After thorough research on Al applications in heart or lung transplantations in
literature and databases, it was noticed that there are quite a few studies that focus
on Al and heart or lung transplantations, but almost none that systematically collects,
analyzes and reviews the existing data on patients’ outcomes and Al models’
performance. That's why, the purpose of the present research was the presentation
of data concerning the performance of Al models that were applied in heart or lung

transplantations and their association with the patients’ health outcomes.

3.1.3 Objectives
The objectives of this systematic research are the following:

- To examine the performance of Atrtificial Intelligence models that were applied
in heart or lung transplantations

- To analyze the impact that Al models have had on patients’ health outcomes
(like mortality, graft rejections, sepsis, etc.)

- To explore the factors that make Al a potentially effective method for solid
organ transplantation

- To present the problems and obstacles that arise (technical difficulties, legal
restrictions, risks) from the application of Al in heart and lung transplantation

- To highlight the ethical dilemmas that arise from the use of Al in heart and
lung transplantation

- To examine the prerequisites for the proper implementation of Al in solid

organ transplantation

3.2 Methods

3.2.1 Scientific Protocol
A scientific protocol was prepared prior to the main research in order to pose the

relative hypothesis.
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3.2.2 Eligibility Criteria

For the selection of the scientific studies used in the present qualitative systematic
research, certain eligibility criteria were implemented, the PICOTS (Moons KG et al.
2014, Debray TP et al. 2017) and Study design:

Table 3.1: P1.C.O.T.S.S. (representing the eligibility criteria of studies selected from literature for

analysis)

Population The research was focused on post- transplant patients who had had or
were going to have a lung or heart transplantation, and were above 18

years old, with a sample size of more than 100 subjects

Index Index encompasses every artificial intelligence model that was applied in
research (machine learning, deep learning, artificial neural networks,

convolutional networks, logistic regression, etc.)

Comparators there were no comparators due to the diverse nature of artificial

intelligence performance metrics

Outcome post- transplant (30-day, 1-month, 1-, 3-, 5- year) mortality, survival, graft
dysfunction, graft failure

and

main Al model performance outcome: AUC or AUROC (area under the

curve)

Timing the time point at which the prediction model under review is used is

during or post- transplant phase

Setting The intended clinical setting is the transplantation setting, the clinics and
ICU departments, the clinicians involved and the out-of-hospital
follow-up. The intended uses of Al models are prediction of health

outcomes in patients who have had or are going to have a transplantation

Study design cohort retrospective studies, from 2000 until 2023

3.2.3 Information sources
The online libraries that were used for the thorough investigation and selection of

studies were 3, which are:
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- Scopus (http://www.scopus.com/home.url)(10 October 2023 - 24 October

2023)

- PubMed (https://pubmed.ncbi.nim.nih.gov/)(10 October 2023 - 24 October

2023)

- ScienceDirect (https://www.sciencedirect.com/)(10 October 2023 - 24 October

2023)

3.2.4 Search

For an elaborate search in the scientific databases, certain keywords and terms were

used in a sequence

related studies

Table 3.2 Literature research algorithms consist of key terms that are used for the identification of

Scopus TITLE((("artificial intelligence") OR ("machine learning") OR ("deep
learning") OR ("neural networks")) AND (("transplantation") OR
("transplant™)) AND (("heart") OR ("lung") OR ("lungs")))

Pubmed (((artificial intelligence[Title]) OR (machine learning[Title]) OR (deep

learning[Title]) OR (neural networks[Title])) AND ((transplantation[Title])
OR (transplant[Title])) AND ((heart[Title]) OR (lung[Title]) OR
(lungs[Title])))

Science Direct

((("artificial intelligence") OR ("machine learning") OR ("deep learning")
OR ("neural networks")) AND (("transplantation") OR ("transplant")) AND
(("heart") OR ("lung") OR ("lungs")))

The filters and limitations that were applied in the database research were,

- the language or articles to be solely the English
- the publication date was from 2000 to 2023

- access to the full text of the studies was open for academic use.

- the document type to be “research articles”, excluding reviews, systematic

reviews, case reports, conference papers or abstracts, books or chapters,
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news, or other (specifically for the databases ScienceDirect and Scopus

researches were limited to “Research Articles”)

3.2.5 Study selection

In the initial part of research sampling, after the implementation of keywords, the
results were extracted, and the titles and abstracts of studies were estimated if they
met the eligibility criteria. In the second phase, every piece of research and the
detailed analysis of every important point were examined exhaustively and opted for

systematic analysis. The research analysis was conducted by only one researcher.

3.2.6 Data collection process

If the study met the eligibility criteria, then the data selection process followed,
starting with the creation of a table, which contained all the desired information that
originated from the enrolled studies. The process ran in an independent manner,
following a general-to-specific pattern where the more general data were selected
first and the more specific data were selected in the end. For instance, the title of the
study and the publication data were recorded in the beginning, and then the
performance metrics of Al models and conclusions for main health outcomes were
recorded in the end. The data selected were documented in a table and validated

multiple times.

3.2.7 Data items
The variables that were collected from the individual studies are the following:

e Publication date of the study

e Type of study

e Databases/registries

e Sample size (recipients and donors group)

e Sample age (recipients and donors group)

e Sample ethnicity groups (recipients and donors group)
e Sample sexes (recipients and donors group)

e Location

e Transplant Organ (heart or lung(s))

e Al Algorithm type
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e Main Performance Metric

e Secondary Performance Metrics

e Study aim

e Mainly examined health outcome(s)

e Results about performance metrics (internal validation)
e Results about performance metrics (external validation)
e Results about examined health outcome(s)

e Limitations of studies

3.2.8 Risk of bias in individual studies

In the analysis of the included studies from the literature, an additional process that
had to be done was the risk of bias assessment. Biases are such an important
component of research that they need to be thoroughly investigated in order to avoid
false conclusions. Specifically, in this study, the evaluation of biases focused on
systematic biases, which are due to sampling, selection of candidate variables,
handling of missing values, presentation of outcomes, or analysis of data. For this
reason, the tool that was used for the risk of bias assessment in the included
individual studies, was the PROBAST tool (Prediction model Risk Of Bias
Assessment Tool), which has application on studies referring to prognostic models
(and diagnostic that they’re not included in the present study) (Wolff RF et al. 2019).
A more specialized version of PROBAST for Artificial Intelligence is meant to be
released in 2024 (Collins GS et al. 2021).

The domains of the PROBAST tool that were analyzed in this present study were the

following:
1. Participants

¢ 1.1 Were appropriate data sources used, e.g. cohort, RCT or nested
case-control study data?
€ 1.2 Were all inclusions and exclusions of participants appropriate?

€ Applicability concerning participants, settings and dates

2. Predictors
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€ 2.1 Were predictors defined and assessed in a similar way for all
participants?

€ 2.2 Were predictor assessments made without knowledge of outcome
data?

€ 2.3 Are all predictors available at the time the model is intended to be
used?

€@ Applicability concerning the definition, assessment or timing of

predictors in the model

3. Outcome

€ 3.1 Was the outcome determined appropriately?

@ 3.2 Was a pre-specified or standard outcome definition used?

€ 3.3 Were predictors excluded from the outcome definition?

€ 3.4 Was the outcome defined and determined in a similar way for all
participants?

€ 3.5 Was the outcome determined without knowledge of predictor
information?

€ 3.6 Was the time interval between predictor assessment and outcome
determination appropriate?

€ Applicability concerning the outcome, its definition, timing or

determination

4. Analysis

€ 4.1 Were there a reasonable number of participants with the outcome?

€ 4.2 Were continuous and categorical predictors handled appropriately?

€ 4.3 Were all enrolled participants included in the analysis?

€ 4.4 Were participants with missing data handled appropriately?

¢ 4.5 Was selection of predictors based on univariable analysis avoided?

€ 4.6 Were complexities in the data (e.g. censoring, competing risks,
sampling of controls) accounted for appropriately?

® 47 Were relevant model performance measures evaluated
appropriately?
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€ 4.8 Were model overfitting and optimism in model performance
accounted for?
€ 49 Do predictors and their assigned weights in the final model

correspond to the results from the reported multivariable analysis?

An overall assessment of the risk of bias and the general applicability of studies was
made in order to summarize the effect of biases on each study’s impact on research.
The aim was to judge in total the systematic errors that scientists have made in their
research in order to make certain assumptions and suggestions on the conduct of
studies relating to Al and transplantations in the future. The assessment was
conducted by one researcher, which is certainly a grave limitation and systematic

error of the present study.
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3.3 Results

3.3.1 Rationale of Systematic Research

Screening

@clude@ (
)

Stuides included in review (n= 15))

Figure 3.1: PRISMA flow chart of systematic Research
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In the identification of studies phase, there were certain steps that had to be
followed, in order to conclude with a representative number of eligible studies for
analysis. The PRISMA 2020 flow chart (Figure 3.1), presents the steps in the
research process and the reasons/ some of the inclusion and exclusion eligibility

criteria that were implemented in the literature.

In the first step, after the literature research in scientific databases (Scopus, Pubmed
and ScienceDirect) with terms and filters, the number of resulting studies were 122.
By removing the duplicates, systematic reviews, conference papers, book chapters,
and those not related to criteria studies, and by screening the title and abstract, the
remaining number was 17. After fully reviewing the studies, 2 were removed for not
meeting the criteria (not having access to assess them, (1) Michelson AP et al.,
Developing machine learning models to predict primary graft dysfunction after lung
transplantation. Am J Transplant. 2023, (2) Medved D et al., Predicting the outcome
for patients in a heart transplantation queue using deep learning.2017) and the

concluded number of studies for analysis was eventually 15.

3.3.2 Presentation of results
The studies selected for further analysis are the following:

Table 3.3 Studies selected for systematic review and analysis after literature research

Transplan )
# Study Authors Publish date
t organ

Temporal shift and predictive performance of

1 machine learning for heart transplant Rgbert JH heart July 2022
Miller et al.
outcomes
2 | explainabl anifcir moligence mneart | P04 | pp | November
P 9 Lisboa et al. 2022
transplantation
3 Using machine learning to improve survival Ayers et al. heart July 2021

prediction after heart transplantation

Pre-operative Machine Learning for Heart
4 Transplant Patients Bridged with Temporary Shou et al. heart
Mechanical Circulatory Support

September
2022

Machine learning helps predict long-term
5 [mortality and graft failure in patients undergoing | Agasthi et al. heart May 2020
heart transplant
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State-of-the-art machine learning algorithms for
the prediction of outcomes after contemporary | Kampaktsis et
6 heart transplantation: Results from the UNOS al. heart June 2021
database
Prediction of 1-year mortality after heart
7 transplantation using machine learning Zhou et al. heart July 2021
approaches: A single-center study from China
Machine learning-based prediction of mortality
after heart transplantation in adults with Kampaktsis et
8 congenital heart disease: A UNOS database al. heart October 2022
analysis
A machine learning model for prediction of
9 30-day primary graft failure after heart Linse et al. heart March 2023
transplantation
10 Improving prgd|ct|on of hear.t transplgntahon Medved et al. heart February 2018
outcome using deep learning techniques
1 Predicting heart transplantatlgn outcomes Dag et al. heart 2017
through data analytics
A two-stage machine learning framework to .
redict heart transplantation survival Hamidreza
12 precic: ” splan’ . Ahady Heart | October 2020
probabilities over time with a monotonic
. : Dolatsara et al.
probability constraint
Machine Learning—Based Prognostic Model for )
13 Patients After Lung Transplantation Tian etal. lungs May 2023
The Lung Allocation Score and Other Available Jay M.
14 | Models Lack Predictive Accuracy for Post-Lung | Brahmbhatt et lungs May 2022
Transplant Survival al.
An explanatory analytics model for identifying .
15 factors indicative of long- versus short-term MOSt:{ZIA mini lungs June 2022
survival after lung transplantation '

All the investigated studies had a retrospective collection of data that derived from
either large or small cohort studies, patient registries, or transplant databases like
UNOS (United Organisation for Organ Sharing) in different time periods within the
timeframe (1987-2021). In our systematic review, there were 12 studies referring to
heart transplantations (385,060 total number of heart transplant patients) and 3
referring to lung transplantations (57,984 total number of lung transplant patients).
The demographic characteristics of the samples are demonstrated in Table 3.4. The
patient sample size ranges from 381 to 103750 observations, while in the majority of
studies, a patient registry or database was used in order to train and validate the Al
models. Only one study was found to include data from the external validation

procedure of the training model (Lisboa et al. 2022), while the rest 14 studies didn’t
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include in their methodology an external validation method. The United Network for
Organ Sharing was the main data resource except for studies (Agasthi et al. 2020,
Zhou et al. 2021, Linse et al. 2023, Tian et al. 2023), including data from donors and
recipients since 1987. As a result, the United States of America was the major region
(12 studies referring to data originated from USA multicenters) among the selected
studies where transplantations have taken place. For most of the studies, it was
possible to extract information about transplant recipients’ and donors’
demographics, like age, ethnicity, or sex. Few are the studies that provided no
information about the target population (Miller et al. 2022, Ayers et al. 2021, Agasthi
et al. 2020, Linse et al. 2023, Dag et al. 2017, Dolatsara et al. 2020, Tian et al. 2023,
Amini et al. 2022). Among the studies that provided data about the transplantations,
the mean age of recipients was 50.72 and the mean age of donors was 32.83
(excluding studies that reported age by range or median, with no information about
the mean (Miller et al. 2022, Shou et al. 2022, Linse et al. 2023, Dag et al. 2017,
Dolatsara et al. 2020, Amini et al. 2022). The most transplanted races of people in
the investigated studies were white (64—83.2%), followed by black/African American
(8.5-23.4%), Hispanic (5.9-8%), and Asian (1.5-3.4%). Details about the ethnicity of
donors are given only in one research study (Kampaktsis et al. 2021), indicating that
in the period 2010-2018, in the USA, almost 64% of 18,625 transplantations that
were carried out were related to white donors, followed by black people (16.3%),
Hispanic people (16%), and Asian people (1.8%). The most frequently recorded
feature in the analyzed studies was the recipients’ and donors’ sex. There are a few
studies that indicate only one sex of the sample, which might have been either male
or female, and there are no references about intersex people or other genders.
Among the recipients, 71.4% were males and 28.6% were females, while 79.8% of

overall donors were males and 30% were females.

Table 3.4 Demographic Characteristic of the eligible for analysis studies (including data resource,
sample size, age, ethnicity and sex of recipients, donors and subgroups, and region(s) of data

# Data resource Sample Age Ethnicity Sex Region
size
recipients: 55 recipients:
UNOS database, (median) (IQR male
1 (1994-2016) 59590 46-61), donors: NR (44692), USA

29 (median) female
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(IQR 21-40) (14898),
donors: male
(41731),
female
(17859)
Cohort1: recipients:
recipients: 52 recipients- female
(mean) (£ 12 Asianp( 1100y, | (10229)
UNOS and SRTR SD), donors Black (7624)’ male
database 42185 32+12, and Hispanic I (31956), USA
(1997-2016) Co.h<.>rt 2:- (3067), white donors:
recipients: (29949) female
54 +13, and (12485),
donors: 33 + 11 male (29700)
recipients:
- ) female
r(erfl'é’;r)'tf 1522‘58 (8389) , male
UNOS database - (25268),
(2000-2019) 33657 (SD) Years, NR donors: USA
donors: 31.8 =
119 female
) (9816), male
(23841)
recipients: | recipients:
- ) white (1014), | male (1169),
UNOS database 1584 Zf:;p':)”tzgfof; black (371), |female (415),| .\
(2009 - 2017) 923'_45 ' hispanic | donors: male
(125), other (1066),
(74) female (518)
Recipients:
Female
Recipients: (3375) .
50.955 (22.2%), :nBCICU‘:;iJ:t”;Sé
(mean),+12.389 Male (11861) Unitegd
ISHLT registry (SD), 18-77 (77.8%),
(2005-2009) 15236 (range), Donors: NR Donors: State§ of
America,
36.554 (mean), Female Australia
+12.550 (SD), (4673) France et,c
18-77 (range) (30.7%), R
Male (10563)
(69.3%)
recipients :
white recipients:
(12330), female
- . black (3934), | (4981), male
UNOS database | o (E:f)'egt;gf’s_ hispanic (13644), USA
(2010 - 2018) 33 (r,nean) " 1(1497), Asian|  donors:
(638), female
donors: white | (4656), male
(11976), (13969)

black (3036),
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(2017-2019)

(SD) years

female (170)

hispanic
(2983), Asian
(336)
recipients: recipients:
U':‘i‘vaezrr;ﬁ;%f 43.783 (mean), male (249),

7 Science and 381 16.453 (SD), Chinese female (132), China
Technolo donors: 32.527 donor: male
(2015_20193’) (mean), 12.7 (281), female

(SD) (100)
recipients:
White VAL:
0,
recipients: VAL: (608) (84%), recipients:
TR: (240)
35.9 (mean) (77%), Black Female
. o)

g | UNOS database 1033 (1132"2 ‘(Q‘;Z)JR' VAL: (52) (40(?3; 1”;3'6 USA

(2000-2020) i o (7%), TR: ’
donors: VAL: (32) (10%) donors:
28.3 (11.3), TR: " |female (380),
279(10.9) | O VAL | ale (653)
' ' (62) (9%),
TR: (38)
(13%)
Recipients: Recipients:
Control: 51.4 + Control:
11.9, (median Female
54, range 18-79 (13,607)
. years), (21.5%),
9 'S(’TQLJ ngg)y ’ 65759 | PGFwithin30day NR male (51357)|  world
s:52.1+11.6, PGFwithin30
Donors: Control days: female
34.1+12.7, (536)
PGFwithin30day (21.7%),
$38.3+12.8 male (1929)
recipients:
recipients: 51 male
" (21151),
(mean) + 13 Recipients: female
UNOS database (SD) years, African
10 (1997-2011) 27860 range 18 -78 American (6709), USA
donors:
years, donors: (4427)
32 + 12 years female
(8191), male
(19669)
UNOS database
11 (1987-2012) 15580 NR NR NR USA
UNOS database
12 (1987-2016) 103570 NR NR NR USA
Wuxi People’s recipients: 55.56 ;f:llsl(e:gz:)
13 Hospital 504 (mean), 12.27 NR (66.3%), China

86




Chapter 3 - Systematic Review Analysis

Alive without | "SCIPIents:

re-transplant white

after 1 Sear (16555),

(n=16964): 55.1 |12k (1736),
asian (302), - .
(mean), 13.1 pacific recipients:
UNOS (SD) . female

41 (20052017 19900 Deathor | S@N9er 71 6400) mate | YSA

re-transplant american (11791)

- indian (62),
within 1 year hispanic
(n=2936): 56.5 P
(1174),
(mean), 13.1 : :
mulit-racial
(SD) (63)
UNOS (1987 -

15 2021) 37580 NR NR NR USA
NR: No reference, SD: standard deviation, IQR: Interquartile range, VAL: validation set, TR: training
set, PGF: primary graft failure, USA: United States of America

In most of the studies, the research aim was the estimation of accuracy, specificity
and sensitivity of Artificial Intelligence Algorithmic Models in the prediction of health
outcome(s). In Table 3.5, there are presented data about the research aim of the
studies, the algorithms used in each study, and their types, as well as the purpose of
utilization of these algorithms (e.g. classification, regression, survival analysis,
feature selection). As it was previously mentioned there was only one study that
included an external validation method of the interpretable model(s) (Lisboa et al.
2022). Moreover, the majority of studies had as target outcomes, the 1-year
post-transplant survival (Miller et al. 2022, Ayers et al. 2021, Kampaktsis et al. 2022,
Dolatsara et al. 2020, Brahmbhatt et al. 2022, Amini et al. 2022), mortality (Lisboa et
al. 2022, Shou et al. 2022, Kampaktsis et al. 2021, Zhou et al. 2021, Medved et al.
2018), graft survival (Dag et al. 2017), 3-year post-transplant survival (Kampaktsis et
al. 2022, Dolatsara et al. 2020), mortality (Kampaktsis et al. 2021), 5-year
post-transplant survival (Dolatsara et al. 2020), mortality (Agasthi et al. 2020,
Kampaktsis et al. 2021), graft survival (11) and failure (5), 1-month or 30-day survival
(15,13), graft failure (9), 9-year graft survival (11), 90-day survival (1,15) and multiple
time periods post-transplant survival (15,12). The most used Al algorithm was the
Logistic Regression (1, 3, 6, 7, 9, 10, 11, 12, 15), followed by Random Forest (1, 3,
7, 12, 14, 15), Support Vector Machines (6, 7, 11, 12, 15), Extreme Gradient
Boosting (1, 4, 7, 12), Decision Trees (6, 11, 12, 15), AdaBoost (3, 6, 7), Gradient
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Boosting Machine (5, 7, 15), Artificial Neural Network (7, 12, 15), LASSO (2, 12, 14),
Cox Regression (1, 13), Deep Neural Network (3, 10), K-nearest Neighbor (6, 15),
Multi-Layer Perceptron (9, 11), Random Survival Analysis (1), Survival Gradient
Boosting (1), Partial Response Network (2), IHTSA (2), IMPACT (2), EBM (2) ,
Gradient Boosted Trees (15), SVM-FuzCoC (6), CatBoost (8), Linear discriminant
analysis (12), Random Survival Forest (13), Houston Methodist model by Chan et al.
2019 (14), “Clinician” model (14) and SHAP (15) (Table 3.5).

Table 3.5 Data about the aim and objectives of the studies included in the review

# Research Aim Health Artificial Intelligence Method Exter
Outcome(s) nal
Valid
ation
1 | To evaluate the performance Random Forest (ens. learn,, class.,, regr.),| No
of machine learning and Logistic Regression (Stat.model /ML,
- . 1-year
statistical algorithms to class.), XGBoost (ens. learn, class. and
. post-transpla . .
predict post-transplant regr.), Random Survival Analysis (ens.
) nt all-cause . .
mortality after heart . learn, surv. an.), Survival Gradient
. . mortality .
transplantation, using data Boosting (ens. learn., surv. an.), Cox
from the UNOS database regression (surv. an.)
2 |To gvaluate two Al models t?y Partial Response Network-Lasso (LM, Yes
using two external cohorts: . . .
transplant data from a 1-year feature selection and signal processing),
.p . post-transpla| IHTSA (stat. model/ML), IMPACT (stat.
regional database in nt mortalit model/ML), EBM (ens.learn., regr. and
Scandinavia, and UNOS y ’ ' » fegr
class.)
database
3 To qpply modernlmachlne Deep Neural Network (DL), Logistic No
learning methods in order to | 1-year post .
) L Regression (stat. model/ML), AdaBoost
enhance survival prediction | transplant
. ) ) (ens.learn., class.), Random Forest (ens.
following orthotopic heart survival
. learn., class.)
transplantation
4 To research for specific No
elements in pre-operative risk 1-year
assessment for populations |post-transpla| XGBoost (ens. learn., class. and regr.)
where the risk scores are nt mortality
poorly validated
5 '!'o create a rnachmg . 5-year No
learning-based risk prediction ost-transpla
model to predict survival and P P Gradient Boosted Machine Algorithm
. ) nt all cause
graft failure (GF) five years ) (ens. learn., class. and regr.)
. . mortality and
following orthotopic heart .
. graft failure
transplantation
6 To create and validate 1-year, SVM-FuzCoC (ML, class.), Adaboost No
machine learning models in | 3-yearand | (ens. learn., class.), SVM (ML, regr. and
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selection)

order to improve the 5-year class.), Decision Tree (ML, regr. and
predictive accuracy of post-transpla class.), KNN (instance-based learn.,
mortality after heart nt survival | class. and regr.), and Logistic Regression
transplantation (stat. model/ML)
7 Logistic Regression (stat. model/ML), No
To evaluate the performance SVM (ML, regr. and class.), RF (ens.
of machine learning 1-year learn., class. and regr.), XGBoost (ens.
techniques to predict overall |post-transpla| learn., class. and regr.), AdaBoost (ens.
1-year mortality in post heart | nt mortality | learn., class.), GBM (ens. learn., class.
transplant patients in China and regr.), ANN (DL class., regr., feature
selection)
g8 | Todevelop and evaluate a No
machine learning model 1-year and
using data from ACHD 3-year CatBoost (gradient boosting algorithm,
patients that had a HT in the |post-transpla ens. learn, class. and regr.)
USA, in order to predict nt survival
survival.
9 30-day No
To develop a neural network |post-transpla .
. . Multi-layer Perceptron (ANN/DL, class.,
model for prediction of the nt primary . L
ey . . regr. and pattern recognition), Logistic
within 30-day PGF risk of graft failure Regression (Stat.model /ML, class.)
heart transplant patients defined as 9 ) ’ '
death
10 | To compare the predictive No
accuracy and performance of
two risk models, Interngtlonal 1-year Deep Neural Networks (DL, class., regr.,
Heart Transplantation ost-transpla| pattern recognition), Logistic Regression
Survival Algorithm (IHTSA) pnt mortaIiE[) P (Sta% model7 /MIQ_] class )g
and Index for Mortality y ’ ’ '
Prediction After Cardiac
Transplantation (IMPACT)
1 To create a data-driven No
method for predicting post-
heart transplant patients' 1-5-9-vear SVM (ML, regr., class.), Multi Layer
outcomes after one, five, and 959y Perceptron (ANN/DL,class., regr. and
. post-transpla " .
nine years and to nt araft pattern recognition) , Decision Trees (ML,
comprehend how the sur?/ival class., regr.) and Logistic Regression
significance of the predictors (Stat.model /ML, class.)
varies over these three time
periods
12 Logistic Regression (Stat.model /ML, No
. 1-year . . .
To create and explain a ost-tfransola class.), Linear discriminant analysis (SL,
modeling framework that may P . P class.), ANN (DL, class., regr., pattern
. nt survival, ” .
be applied to generate multiole time recognition), Decision Trees (ML/SL,
data-driven, individualized, p. class., regr.), SVM (ML/SL, regr. and
. periods
and monotonically ost-transpla class.), XGBoost (ens. learn., class. and
constrained probability P ) P regr.), LASSO (ML/LM, feature selection),
nt survival
curves. and RF (ens. learn., class. and feature
(1-10 year)
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13 To create and validate a 1-month, No
prognostic model employing 1-year, RSF (ens. learn., class. regr., survival
random survival forests to |post-transpla| analysis), Cox regression (surv. an. and
predict patients' overall nt overall regr.)
survival following LTx survival
14 | To determine the predictive No
performance of all the models
by3fa|;|:rg Igtsct)_fr(;izug:e Houston Methodist model by Chan et al.
y p. . P 1-,3-year 2019 (ML, surv. an.), LASSO (ML/LM,
outcomes, including donor .
. post-transpla | feature selection), RF (ens. learn., class.
variables, and to assess the . . o
nt mortality | and feature selection), Clinician model
accuracy of the LAS and (expert rule-based model)
other models for predicting P
1-year post-transplant
mortality.
15 Decision Tree (ML, class. and regr.), No
short Gradient Boosted trees (ML, ens. learn.,
To identify the critical (1-year) and class. and regr.), RF(ML, ens. learn.,
elements that contribute to a y class. and regr.) , KNN (instance based
. long term )
lung post-transplant patient's learning, class. and regr.), ANN (DL,
. . (10-year) o
survival, using Al methods class., regr. and pattern recognition), SVM
. post-transpla . .
and prediction models nt survival (SL, class. and regr.), Logistic Regression
(Stat.model /ML, class.), SHAP algorithm
(variable selection and interpretation)
Ens. Learn. = ensemble learning, class. = classification, regr. = regression, surv. an. = survival

analysis, XGBoost = extreme gradient boosting algorithm, Lasso= Least Absolute Shrinkage and
Selection Operator, PRN = partial response network, IHTSA = International Heart Transplant
Survival Algorithm, IMPACT = index for mortality prediction after cardiac transplantation, EBM=
explainable boosting machines, LM = linear model, DL= deep learning, Stat. model = statistical
model, ML = machine learning, KNN = k-nearest neighbor, RF= random forest, AdaBoost =
Adaptive Boosting, GBM = gradient boosting machine, ANN = artirficial neural network, SVM
support vector machines, SL = supervised learning, RSF = random survival forests, SHAP =
SHapley Additive exPlanations, SVM-FuzCoC= Support Vector Machine with Fuzzy-Complement
Output Coding

Following, in order to evaluate the predictive performance of the Al models, the
results of performance metrics from internal validation processes have been
presented, indicating the model's accuracy in predicting health outcome(s) (like
mortality or graft failure) based on patients’ data (Table 3.6). The metrics that have
been used to evaluate the predictive performance of Al models, for discrimination
were AUROC (Area Under the Receiver Operating Characteristic curve), Precision
Recall (4,11,9) (7,8,14,15,13,6,12) (n=7),
(7,8,14,15,13,11,6,12) (n=8), Positive Predictive Value (PPV) (8,14,6) (n=3), Negative
Predictive Value (NPV) (8,14,6),

curve Sensitivity Specificity

Harrell's C-index or Concordance Index or
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C-statistic (10), G-mean (12), integrated AUC (iIAUC)/time-dependent AUC (tAUC)
(13), Net Reclassification Index (NRI) (3), Decision Curve Analysis (DCA) (3).

Regarding calibration, the used metrics were calibration plots (1,14,3,12,2), Hosmer

Lemeshow test (2, 10), integrated Brier score (iBS)/predictive error (PE) (13). Model

accuracy was used for either the discrimination or calibration evaluation of the

model(s) (7,8,14,21). Model accuracy was used for either the discrimination or

calibration evaluation of the model(s). The most commonly used metric was the

AUROC or AUC.

Table 3.6 Results of Performance Metrics for Internal Validation of Al models

Performance Results
# Metrics
Discrimination Calibration
AUROC, Brier | For 1-year survival For 1-year survival
Score, Shuffled 10-fold cross validation (CV): | Shuffled 10-fold cross
calibration plots | Random Forest  (0.893, 95% ClI: | validation
0.889-0.897), XGBoost (0.820, 95% CI: | Brier Score: RF 0.060,
0.814-0.826), LR (0.661, 95%, 0.654-0.668), | XGBoost 0.072, L2 Logistic
Cox Regression (0.638, 95%, 0.632-0.645), | Regression 0.225, Cox

Rolling CV: XGBoost (AUC 0.657, 95% CI:
0.647- 0.667), LR (0.641, 95% 0.631-0.651),
RF  (0.634, 95%, 0.624-0.644), Cox
Regression (0.615, 95%, 0.606-0.625), For
time-to-event information, SGB (0.621;
95%CI: 0.611-0.630), RSF (0.619, 95%,
0.610-0.629)

For 90-day survival

Rolling CV LR (0.674; 95%, 0.662-0.686),
XGBoost (0.669, 95%, 0.657-0.681), RSF
(0.647, 95% 0.636-0.659), RF (0.645, 95%,
0.633-0.657), SGB (0.631; 95%,
0.620-0.643), Cox regression (0.625; 95%,
0.613-0.637)

Regression 0.106

Rolling cross-validation
XGBoost 0.202, L2 LR 0.202,
RF 0.129, Cox Regression
0.096

Calibration Plots:

RF (intercept -0.061, slope
0.586), XGBoost (-0.090,
0.462), L2 LR (-0.039, 0.352),
Cox Regression (0.003,
0.902), RSF (0.008, 0.752),
SGB (-0.080, 1.500)

For 90-day survival
Rolling cross validation
Brier Score: L2 LR 0.177, XGB

Hosmer—-Lemes
how chi-square
2 | (HL)

in Development Phase and 0.605 (95% ClI
0.582-0.628) in Training Phase

For discrimination: PRN-LASSO 0.628 (ClI
95%: 0.602-0.654), IHTSA 0.635 (Cl 95%:
0.609-0.662) p = 0.488, IHTSA recalibrated
0.643 (Cl 95%: 0.617-0.669), p= 0.197,

0.179, RF 0.082, Cox
Regression 0.059
AUROC, PRN - LASSO 0.653 (95% CI 0.643-0.662) | Hosmer—Lemeshow (HL)

chi-square was 15.01 for the
PRN model (p = 0.135)
calibration for IHTSA and
IMPACT models was poor (p <
0.001)
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IMPACT 0.602 (0.575-0.628), p=
EBM 0.634 (0.607-0.660), p= 0.173.
External Validation:

PRN-LASSO full data set imputed 0.626 (ClI
95%: 0.588-0.665)

0.094,

External validation:

Calibration plot for
PRN-LASSO for full data set
imputed

intercept = 0.976

slope: 1.141

AUROC, Net
Reclassification
Index (NRI),
Decision Curve
Analysis (DCA),
calibration plots

Full Ensemble ML method 0.764 (95% ClI,
0.745-0.782) (p < 0.0001), Neural Network
Ensemble 0.691 (95% CI 0.671- 0.712), p
<0.0001, LR ensemble 0.691 (0.671-0.712),
p <0.0001, Adaboost Ensemble 0.653
(0.632-0.674), p < 0.0001, Random Forest
Ensemble 0.691 (0.671-0.711), p<0.0001,
Logistic  Regression  (singular) 0.649
(0.628-0.670), p<0.0001

Ensemble method NRI 72.9% + 3.8% (p <
.001) improvement compared to LR,
p<0.001. DCA: the full ensemble method
improved risk prediction compared to all
other models

Calibration Plots

Full Ensemble Method, well
calibrated, intercept -> 0, slope
> 1

AUROC, AUROC XG Boost 0.71 (95% CI: |NR
Precision Recall | 0.62-0.78), Precision Recall Curve: AUCPR
curve = 0.357 for the XGBoost model
AUROC Prediction of mortality and graft failure at 5 [ NR
years of GBMachine 0.717 (95% ClI
0.696-0.737) and 0.716 (95% CI
0.696—0.736) respectively
AUROC, 1-year mortality NR
Sensitivity, Adaboost 0.689 (95% Cl 0.665-0.715),
specificity IMPACT 0.57, SVM 0.637, KNN 0.526, DT
0.650, LR 0.642,
Sensitivity: Adaboost 63%, SVM 63.4%, KNN
42.6%, DT 57.5%, LR 61.1%,
Specificity: Adaboost 68.5%, SVM 55.6%,
KNN 62.4%, DT 67.9%, LR 59.2%, PPV
Adaboost 21.6%, SVM 16.5%, KNN 13.5%,
DT 19.9%, LR 17.1%, NPV Adaboost 93.6%,
SVM 91.7%, KNN 88.7%, DT 92.1%, LR
91.7%
3- and 5- year mortality AUC Adaboost 0.605
and 0.628, respectively.
3-year  mortality  Sensitivity = 62.07%,
specificity 54.73%
5-year survival
Sensitivity 61.44%, Specificity 59.56%
AUROC, For discrimination: RF 0.801(95% CI: | NR

Accuracy,

0.697-0.891), Adaboost 0.641 (0.479-0.788),
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Sensitivity,
Specificity

LR 0.688 (0.549-0.816), SVM 0.714
(0.574-0.834), XGBoost 0.769 (0.662- 0.869),
GBM 0.786 (0.661-0.896), ANN 0.755
(0.639- 0.851), Naive 0.500 (0.500-0.500)

Accuracy, Sensitivity, Specificity : RF 0.828
(0.747-0.899), 0.268 (0.059-0.529), 0.927
(0.866-0.976), Adaboost 0.798
(0.717-0.869), 0.260 (0.059-0.500), 0.894
(0.821-0.954), LR 0.807 (0.727-0.879),
0.201 (0.000-0.429), 0.917 (0.851-0.966),
SVM 0.849 (0.778-0.919), 0.000
(0.000-0.000), 1.000 (1.000-1.000),
XGBoost 0.828 (0.747-0.899), 0.138
(0.000-0.353), 0.953 (0.902-0.989), GBM
0.819 (0.737-0.889), 0.271 (0.077-0.533),
0.916 (0.845-0.966), ANN 0.849
(0.778-0.919), 0.066 (0.000-0.214), 0.988
(0.962-1.000), Naive 0.848 (0.778-0.909),
0.000 (0.000-0.000), 1.000 (1.000-1.000),
respectively

AUROC,
Predictive
accuracy,
sensitivity,
specificity,
and NPV

PPV

1-year survival: CatBoost 0.800 (95%Cl:
0.687, 0.811), predictive accuracy of 75.2%,
a sensitivity of 75%, a specificity of 75%, a
PPV of 42%, and a NPV of 93%, 3-year
survival: CatBoost 0.690, predictive accuracy
of 74.2%, a sensitivity of 51%, a specificity of
85%, a PPV of 63%, and a NPV of 78%

NR

AUROC,
precision
curve

recall

For random imputation, one hidden layer
network AUROC 0.690 (95% CI 0.67 - 0.69),
precision recall curve 0.082. LR AUROC 0.67
(Cl 0.66, 0.68), p-value = 0.002, area under
precision-recall curve 0.076

NR

10

AUROC,
Harrell’'s C-
index, Hosmer-
Lemeshow test

For 1-year mortality, discrimination: AUROC
(95% ClI)

time era: 1997-2008: IMPACT 0.61
(0.59-0.62), IHTSA  calibrated 0.69
(0.68-0.70), p= 0.001, time era: 2009-2011:
IMPACT 0.61 (0.58-0.63), IHTSA calibrated
0.65 (0.63-0.68), p= 0.001 // Harrell's C-
index (95% CIl) time era: 1997-2008:
IMPACT 0.56 (0.56-0.56), IHTSA calibrated
0.62 (0.61-0.62), p = 0.001, time era:
2009-2011: IMPACT 0.58 (0.56- 0.61),
IHTSA calibrated 0.63 (0.61-0.65), p = 0.001

The Hosmer-Lemeshow (HL)
for one-year, using ten groups,
was of 40 in the IHTSA model
and 101 for the IMPACT
model, both with a P-value
less than 0.05

IHTSA better calibration

11

AUC, Accuracy,
specificity,

1-year graft survival: LR.NO AUC (standard
deviation) 0.630 (0.027), Accuracy 0.881

NR
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precision recall | (0.012), Recall 0.128 (0.083), Specificity
curve 0.988 (0.016)
5-year graft survival : LR.NO AUC 0.677
(0.024), Accuracy 0.679 (0.010), Recall 0.354
(0.018), Specificity 0.861 (0.019)
9-year graft survival: LR.NO AUC 0.840
(0.027), Accuracy 0.748 (0.027), Recall 0.820
(0.024), Specificity 0.593 (0.052)
G-mean, (Algorithm,  G-Mean, AUC, Specificity, | Calibration Plots:
AUROC, Sensitivity, Accuracy): UP-LASSO-logistic regression
Specificity, LR: 0.610 (0.599, 0.621), 0.655 (0.645, | survival probabilities
Sensitivity, 0.664), 0.593 (0.575, 0.611), 0.629 (0.618, | underestimate the observed
Accuracy, 0.639), 0.624 (0.614, 0.633) | averages for the first 5 years.
12 calibration plots | UP-LASSO-logistic regression For the Ilater vyears, the
(Month 1, Year 1, Year 2, Year 3, Year 4, Year | predicted probabilities are
5, Year 6, relatively close to the observed
Year 7, Year 8, Year 9, Year 10): ones.
AUC 0.608, 0.581,0.571,0.594 ,0.619,0.631
,0.654 ,
0.671,0.698 ,0.703 ,0.702
iAUC, tAUC Model, time of prediction, iIAUC/tAUC (95% | iBS (95% CI) (p value) 1 to 48
Integrated Brier | Cl) (p value), 1 to 48 mo: RSF 0.879 | mo: RSF 0.130 (0.106-0.154),
Score (iBS) and | (0.832-0.921), Cox 0.658 (0.572-0.747) | Cox 0.205 (0.176-0.233)
predictive error | <.001, 1 mo RSF 0.858 (0.792-0.917), Cox | (<0.001), 1 mo: RSF 0.123
(PE), sensitivity, | 0.624 (0.523-0.728) <.001, 1 y RSF 0.921 | (0.096-0.153), Cox model:
13 | specificity, (0.877-0.957), Cox 0.717 (0.633-0.800) | 0.181 (0.100-0.219), (<0.001),
accuracy (<0.001) 1 y: RSF 0.115 (0.095-0.139),
1-month survival prediction: RSF sensitivity | Cox model: 0.195
86.1%,specificity 68.7%, accuracy 72.9%. (0.098-0.225) (<0.001)
1-year survival prediction RSF sensitivity
88.7%, specificity 79.6%, accuracy 82.8%
AUC, 1-year survival: Model, Specificity, Sensitivity, | Calibration slope
Specificity, PPV, NPV, AUC LASSO model (1.45, 95% CI
Sensitivity, PPV, | Clinician 0.67 (0.65-0.68), 0.52 (0.48-0.57), | [1.10, 1.80]), clinician (0.85,
NPV, calibration | 0.22 (0.19-0.24), 0.89 (0.87-0.90), 0.61 | 95% CI [0.67, 1.10]) Random
plots (0.58-0.64), LASSO, 0.75 (0.73-0.77), 0.41 | Forest models (0.96, 95% ClI
(0.37-0.46), .22 (0.20-0.26), 0.90 (0.88-0.91), | [0.76, 1.16])
0.61 (0.58-0.64), Random Forest, 0.76
14 (0.74-0.77), 0.44 (0.39-0.48), 0.24
(0.21-0.27), 0.89 (0.87-0.90), 0.62
(0.59-0.65), Chan et al. 2019, 0.68
(0.66-0.70), 0.48 (0.43-0.52), 0.21
(0.18-0.23), 0.88 (0.86-0.89), 0.59
(0.56-0.61), LAS, 0.66 (0.64-0.67), 0.44
(0.39-0.49), 0.18 (0.16-0.21), 0.87
(0.85-0.88), 0.55 (0.52-0.68)
15 AUC, For both short-term and long-term survival | NR

Accuracy,

prediction, Model, Accuracy, Sensitivity,
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Sensitivity, Specificity, AUC:

Specificity DT, 60.78%, 61.60%, 59.97%, 61%
GBT, 71.75%, 67.14%, 76.25%, 74%
RF, 77.92%, 76.26%, 79.58%, 79%
KNN, 61.01%, 51.73%, 70.07%, 65%
ANN, 66.67%, 57.89%, 75.25%, 70%
SVM, 65.20%, 51.73%, 78.35%, 65%
LR, 69.47%, 64.45%, 74.38%, 75%

According to the results, the Al models showed very good discriminatory
performance in predicting post-transplant health outcomes, and the predicted values
were well aligned with the observed values for long term outcomes (12). The Al
models with the best performance, based on AUROC metrics, for the prediction of
1-year post-transplant mortality, were the XGBoost 0.71 (4), and the Random Forest
0.801 (7). For the 1-year post transplant survival outcome, the models that showed
the highest performance, based to AUROC metrics, were the shuffled 10-fold cross
validation Random Forest 0.893 (1), Random Forest 0.790 (15), Random Survival
Forest 0.921 (13), CatBoost 0.800 (8), and an Ensemble ML method 0.764 (3). For
the 3-year survival, the highest discriminatory performance was shown by the
CatBoost 0.690 (8), with an accuracy of 74.2%. For the prediction of graft failure and
survival, the most effective model is Logistic Regression 0.840 for 9-year survival
(11) ,a MultiLayer Perceptron with only one hidden layer 0.690 for 30-day survival
(9), and Gradient Boosting Machine 0.716 for 5-year graft failure (5). For predicting
1-year survival, higher sensitivity and specificity were demonstrated by RSF (88.7%
(13) and 79.6% (13)). In addition RSF showed the best accuracy 82.8% (13), the
CatBoost model showed the best PPV 42% (8) and NPV 93% (8). For 1-year
mortality, SVM and Naive models showed the highest accuracy (84.9%) (7), and
GBM showed the highest specificity 91.6% (7), while Catboost showed the highest
sensitivity 75% (8). Regarding calibration of Al models, RF, XGBoost and Cox
Regression showed good calibration based on their Brier Scores (0.060, 0.072,
0.096, respectively) (1), for 1-year survival. Likewise, based on the calibration plots,
for 1-year survival, Cox Regression (intercept: 0.003, slope: 0.902) (1), and RSF
(intercept: 0.008, slope: 0.752) (1), showed the best alignment of predicted
probabilities to the observed ones. Based on Hosmer-Lemeshow test, the Partial
Response Network-LASSO showed the best calibration (15.01, p = 0.135) (2), in
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comparison with IHTSA (40, p<0.05) and IMPACT (101, p< 0.05) (10), for the

prediction of 1-year mortality.

In each study, there were limitations that affected the accuracy of the models and
caused biased assumptions about results and outcomes. The most common
limitation that scientists confronted in their research was the retrospective analysis of
data from cohort or registry data, which encompasses the inability to review
time-to-event data firsthand, handle properly missing data, or collect further
information about different variables and features. Missing values is the next most
significant limitation in the development of Al models, impacting the generalizability
of models, their accuracy, and their discriminative strength. Other factors that
contribute to restriction of the Al models’ functionality are data quality and variability,
that are often in dispute, absence in some databases of donor variables, variables
concerning pre-transplant or waiting list phase, the lack of standardization
associated with multi-center studies (non standardized classification of cases, lack of
uniform terms), the changes that have been implemented in allocation systems
throughout the vyears, clinical management of substantially ill patients, or the
management of post-transplant patients, the absence of external validation in most
of the studies except of study number (2), class imbalance between groups
presenting or not the health outcome(s), small and insufficient population sample
and under-representativeness of minority classes, causing poor sensitivity, lack of
transparency and explainability of Machine Learning models as well as lack of
comparisons between other artificially intelligent models, that could help to the

assessment of non-inferiority.

3.3.3 Risk of Bias Assessment

To draw safe conclusions about the results that have been collected, it is crucial to
make a risk of bias assessment, a procedure that will determine the effect of different
biases (e.g. selection, performance, etc.) in the validity and accuracy of the findings
of this systematic review. In the following table 3.7, there are demonstrated the
results of the assessment process. The analyzed studies were divided into two
categories, one about heart transplantations and the other  about lung
transplantations. In the PROBAST tool, biases concerning participants, predictors

(variables), outcome(s) and their analysis, are evaluated, as well as the applicability
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of studies’ methodology to the review question(s). From the assessment, it was
concluded that most of the studies appeared to be profoundly biased either due to
the exclusion of certain groups of patients during the selection of a representative
sample for the research (1,4,7,8,14,15,13,3,11,9,5,6,12,2), or due to the inclusion of
variables in the development dataset that may not be available during the application
of the predictive machine (4,8,13,3,5,6,2), or due to the use of small, unstandardized
patient registries or cohorts (7,13), or due to the low number of patients with the
relative outcome (4,7,15,13,12), or due to the absence of calibration metric methods
(4,7,8,15,11,9,5,6). The examined studies seem to be overall applicable to the
review question and objectives, compared to the overall risk of bias, which is
explained by the determination of more general inclusion criteria to this present

review.

Table 3.7 Assessment of risk of bias with the use of PROBAST (Prediction model Risk Of Bias
ASsessment Tool)

HEART
Risk of Bias (ROB) Applicability Overall

# Participants Predictors Outcome = Analysis  Participants Predictors = Outcome ROB = Applicability

1o+ X X |+ o+ X @ X + X
2+ | 4+ | X  +  + X @ X + X
30+ | X | X o+ X X @ X + X
s+ o+ X |+ X X @ X + X
s 4+ |+ |+ o+ o+ + X + +
s +  + | X  + X X @ X + X
7o+ X |+ o+ X X @ X + X
s +  + | X  + X X @ X + X
o + X | X  + X X @ X + X
0 X | X | X  + |+ X X + +
o+ X X o+ o+ X |+ + +
2 4+ | X | X o+ |+ X |+ + +
LUNG
Risk of Bias (ROB) Applicability Overall

Participants ' Predictors Outcome Analysis Participants Predictors = Outcome ROB = Applicability
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Chapter 4
Discussion

4.1 Comments on Results

Transplantation of heart or lung organs seems to be a complex medical procedure
demanding high-quality health services offered by expert staff, the prognostic and
diagnostic infallibility of technical equipment, as well as specially developed
infrastructure that meets the unique requirements of this very sensitive and accurate
procedure. In the present research, the scope was to assess the overall efficacy and
implications of Al models in health, especially in the context of heart and lung
transplantations, given the extensive use of Al in medical settings across the globe.
Although Al applications in heart or lung transplantations have been studied in the
past, a thorough examination of the relationship between Al models and patient
health outcomes is lacking. The objectives of this study were to evaluate artificial
intelligence's impact on lung or heart transplant procedures by presenting
performance metrics, to examine the Al models’ effect on patient health outcomes,

and to address the biases and bioethical concerns that arise from their use.

From the 15 studies that were included in the analysis of this present research, some

conclusions were drawn regarding the performance of Al models and their impact on
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patients’ health outcomes. Machine learning, deep learning algorithms depend on
the input dataset’s size in order to develop accurate and efficient models and benefit
from large datasets (Lina Zhou et al. 2017, Alexandre Bailly et al. 2022). Most of the
included studies used large datasets, ranging from 381 to 103,570 participants, with
a mean value of approximately 29,536 participants and a median of 19,900. Large
population datasets can provide more data points for investigation, capture more
patterns that could be interpreted by Al and lead to more reliable conclusions. In
systematic reviews of Gholamzadeh et al. 2022 and Naruka et al. 2022 dataset sizes
ranged from 30 to 310,773 records, while the most used database for data extraction
was the UNOS database, as in the present research. Over the last few years, there
has been a strong interest in the use of small scale samples to develop and train Al
models because of their capacity to generate high quality output relying on more
specific groups, in order to reduce overconsumption of resources and energy. In
addition, novel Al technologies have the capacity to generate high quality artificial
samples using different techniques, like transfer learning, which involves training
existing models on smaller and more specific groups, or hyperparameter tuning
(Douzas G et al. 2022, Bose S et al. 2021, Dahmen J et al. 2019). In the studies
included in the present review, there were no artificially sampled augmentation
techniques implemented, but another technique called “‘hyperparameter
optimization” was applied in order to attain better performance of the model by
optimizing the parameters of the algorithm prior to the development of the Al model
(Lisboa et al. 2022, Shou et al. 2022, Agasthi et al. 2020, Kampaktsis et al. 2021,
Linse et al. 2023, Tian et al. 2023).

Diversity and inclusion of minority groups in research have become very important
issues over the last few years. Discriminations in research, especially research
relating to health, wouldn’t be missing, as most of the studies that were analyzed
present a remarkable disparity between men and women who had already had a
transplant and between white people and black, Asian, or Hispanic people. This
great inequality in transplant procedures isn’'t solely a consequence of Al
applications; it originates from structural discrimination. It may affect the
development of biased and non-inclusive Al models and, subsequently, the
decision-making for organ allocation, donor-recipient pair-matching, or

post-transplant prognosis. In the present review, results about the demographic
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characteristics of the study populations suggest that there’s structural discrimination
against female and non-white organ recipients, as their numbers do not approximate
the number of male and white recipients. The same suggestion applies to the
diversity of donors. In both groups, male and white subjects outweigh non-white and
female subjects. In contrast with the present systematic review, other researchers
like Naruka et al. 2022, Palmieri et al. 2023, Gholamzadeh et al. 2022, Rahman et al.
2023, have included studies with pediatric population samples in their reviews. There
are no mentions made about religious or socio-economic backgrounds; that is a
common ground for the present research and other reviews. Most of the studies
included in this review used data extracted from the UNOS database, an American
transplant database that collects, edits, analyzes, and stores information about
donors, recipients, and procedures derived from the United States of America.
Despite the representation of many American ethnic groups, small population groups
like American Indians are excluded from research, marking the great disparities that
people experience and the major impact they may have on public health policies
regarding American citizens (Korngiebel DM et al. 2015). Moreover, a significant
remark is that there are only two studies that were conducted in China, and the other
two studies contain data from international registries. It seems that researchers from
around the world prefer the UNOS database as a reliable and accurate resource to
extract data for the development of their models. However, that might pose serious
restrictions on the generalizability and performance of Al models when they are

applied to different and distinct populations, compared to the development dataset.

It's notable that one of the main purposes of artificial intelligence applications in
health is the prognosis or prediction of a health outcome or a disease. Specifically, in
the present review, the main purpose of Al applications was the evaluation of the
performance of Al models in the prediction of post-transplant survival, mortality, graft
dysfunction, or graft failure in patients with an underlying heart or lung disease.
Naruka et al. extracted data from studies that covered similar purposes and had
similar objectives as the present review, differing in that in the present review there
were no pediatric-related studies included. The optional timeframe for data selection
and analysis, starts from the very first moment after the completion of transplantation
surgery and will last for as long as the follow-up procedure goes on. That time period

is divided into three parts, the short-term (0-3 months), the mid-term (3-12 months)
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and the long-term (over 1 year). In transplantation research, long-term
post-transplant follow-up and clinical evaluation get more complicated and difficult
due to patient withdrawal and, subsequently, the loss of essential input data. That’s a
core reason that the prediction of 1-year health outcome(s) is primarily selected as a
targeted outcome. Additionally, a 1-year outcome is often regarded as a more stable
and trustworthy timeframe where most complications are likely to manifest, patients
are expected to be mostly adapted to the new organ(s) and proper treatment is
expected to have a greater possibility of success (Gibbons A et al. 2021, Ruck JM et
al. 2024, S. Rabbani et al. 2021). In the present systematic review, it was observed
that the prediction of 1-year health outcome was the most frequently studied
outcome, with mortality or patient survival being the main outcomes. There were also
results about 30-day, 90-day, 1-month, 3-year, 5-year, 9-year and long term
outcomes. In Palmieri et al. and Naruka et al. reviews, there are likewise presented
studies predicting 3-month, 1-year, 3-year, 5-year or more health outcomes for

post-transplant patients.

The variety of Al model types that have been used in the reviewed studies is wide,
encompassing different kinds of algorithmic classes like linear models (Logistic
Regression) (Miller et al. 2022, Zhou et al. 2021, Amini et al. 2022, Ayers et al. 2021,
Dag et al. 2017, Linse et al. 2023, Kampaktsis et al. 2021, Dolatsara et al. 2020,
Medved et al. 2018), decision tree-based models (Decision Trees, Random Forest)
(Miller et al 2022, Zhou et al 2021, Brahmbhatt et al 2022, Amini et al 2022, Ayers et
al 2021, Dag et al 2017, Kampaktsis et al 2021, Dolatsara et al 2020), support vector
machines (Amini et al 2022, Dag et al 2017, Kampaktsis et al 2021, Dolatsara et al
2020) or neural network models (Zhou et al 2021, Amini et al 2022, Ayers et al 2021,
Dag et al 2017, Dolatsara et al 2020, Medved et al 2018). Most of the models are
classified into the supervised, semi-supervised learning group of algorithms due to
their potential for classifying and regressing observed and independent values,
relying on labeled data, highlighting the widespread application and significant
impact of ML algorithms on healthcare due to their profound efficacy, interpretability,
and transparent feature engineering. None of the algorithms used in the reviewed

studies of the present research are classified as unsupervised learning algorithms.

A model may perform exceptionally well in the development population but in a poor

manner in an external sample since the prediction algorithm is customized based on
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the development data. In the evaluation process, external validation plays an
essential role since it offers a third-party assessment of the model's performance on
untrained data and constitutes a tool for the corroboration of credibility. In most of the
studies, different techniques were applied for the assessment of overfitting (the
remarkably good performance of a model when applied to training data), like
cross-validation (Miller et al 2022, Zhou et al 2021, Amini et al 2022, Ayers et al
2021, Dag et al 2017, Linse et al 2023, Agasthi et al 2020, Dolatsara et al 2020,
Lisboa et al 2022, Medved et al 2018), bootstrapping (Shou et al 2022, Zhou et al
2021, Tian et al 2023), instead of implementing external validation (Lisboa et al
2022). By introducing these techniques into the validation process, biases regarding
randomness, sampling, and selection are mitigated, but there’s a strong concern
about the size and representativeness of the dataset. In the present study, there was
only one study (Lisboa et al. 2022) in which external validation of the Al model,
which was first trained on the UNOS dataset (which contains data from
transplantations performed in the USA), was implemented on a differentiated patient
dataset (the Scandinavian Thoracic Transplantation Database), which contains data
about thoracic transplantations performed in Norway, Denmark, Sweden, Finland,
and Estonia. External validation processes can be divided into three types: the first
type concerns validation on the same or similar population and setting, matching the
development dataset; the second type concerns multiple datasets matching the
target population and setting; and the third type concerns totally different datasets
(Sperrin M. et al. 2022). In the study of Lisboa et al. 2022, the external validation
concerned a matching population and setting, differentiating by demographic
characteristics and specifically geographically (geographic validation), that was not
performed in a separate study, raising concerns about experimenter, confirmation, or
publication biases introduced by the development scientific team, as well as

questioning the integrity of the evaluation process (Chava L Ramspek et al. 2021).

For the evaluation of models’ performance, the process involves two significant
components: the calculation of discrimination and calibration. Calibration determines
the alignment of predicted and observed risks. The ability of a model to distinguish
patients who have and do not have a specific feature or health outcome is
determined by discrimination. In the present review, certain performance metrics
have been included in the analysis. In Agasthi et al. 2020 study, AUROC or AUC is
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considered the best discrimination metric among others. It can take values from 0 to
1, showing exceptional discriminative strength when it is close to 1, and poor
discrimination when it's closer to 0.5. Acceptable prices are above 0.6 that show a
good model’s efficiency in predicting higher risk for subjects with the outcome
compared to subjects without the outcome (White N. et al. 2023). In the present
review, the performance metric values of Al models varied according to the
outcomes, the time periods, and the implemented internal validation techniques.
According to the results of the present systematic review , 10-fold cross validation
Random Forest (AUROC 0.893) (Miller et al 2022), Random Forest (AUROC 0.801)
(Zhou et al 2021), and CatBoost (AUROC 0.800) (Kampaktsis et al 2023), exhibited
excellent discrimination, and good calibration in predicting 1-year mortality. For the
1-year post transplant survival, RF (AUROC 0.790) (Amini et al 2022), RSF (AUROC
0.921) (Tian et al 2023), and Ensemble ML method (AUROC 0.764) (Ayers et al
2021) seem to have shown the highest AUC values. Likewise, sensitivity and
specificity values pointed out the elevated accuracy of Forest Al models in the
prediction and classification of binary outcomes like mortality or survival. In the
Clement et al. review 2021, a key point that needs to be elaborately examined and
emphasized is that the most commonly used Al models are Random Forest and
Artificial Neural Networks in the research of Al applications in solid organ
transplantations. This finding can be substantiated by Nursetyo et al. study 2019,
where Decision Trees and Artificial Neural Networks showed very good
discrimination (around AUC 0.700-0.800) and accuracy that was over 0.750 for both
models, while Random Forest showed very good discrimination (AUC 0.800-0.850)
in the prediction of graft rejection after kidney transplantation too. Moreover, in the
Senanayake S. et al. study 2019, Al models have been used to predict kidney graft
survival after transplantation at different time points, like some days or even years
after the procedure. The models showed very good discriminative strength, with AUC
ranging from 0.65 to 0.88, including Artificial Neural Networks and Random Forest,
which outperformed other techniques - traditional linear methods like logistic
regression or cox regression - a point that was similarly highlighted in the present
systematic review. It's remarkable that few studies include time-to-event data using
survival models. In contrast with the previously mentioned studies, the present
research included studies that used time-to-event data (survival analysis techniques)

in the development datasets. Survival observations like the time of diagnosis or

104



Chapter 4 - Discussion

onset of a disease, the time of death, the end of follow-up, or the time of censoring
seem to have a profound impact on the predictive performance of Al models on
real-world health outcomes, and subsequently, they could affect primarily clinicians’

decision-making (Dey T et al. 2022,Jennifer Le-Rademacher et al. 2021).

4.2 Bioethical Considerations

Speaking of Al models in solid organ transplantations, there come up great
questions about the ethical concerns that arise from the procedures. First of all, in
order to address these concerns, it would be wise to point out certain essential facts
about Al applications in transplantations. Consider the fact that Al models are
basically machines, which are created, developed and programmed by humans to
collect, analyze, decode, edit, and produce information according to the demands of
their creators. They are able to manage large amounts of data at a tremendously fast
pace and detect patterns and connections between data points that humans are not
capable of. Some of their functions are still incomprehensible to humans due to lack
of transparency and complex algorithmic models. Over the last few decades, novel
Al applications have taken over in different healthcare settings, like transplant
settings, for decision-making, detection of complications, or prediction of health
outcomes. By analyzing those facts, certain ethical considerations emerge and need
to be addressed, which relate to the liability and accountability of Al models, the
biases and discriminations that output isr subject to, the opacity of Al processes,
and the safety, privacy, and misuse of patients’ data by Al models and their

developers.

4.2.1 Liability and Accountability

In Al model development, different parties are included, such as software
developers, healthcare organizations, regulatory agencies, and healthcare providers,
that are in charge of creating, applying and monitoring Al technology in solid organ
transplantations. However, there are critical concerns about the duty of care that
healthcare professionals owe to patients, while software developers have no such
duty, and the responsibilities that need to be assigned when patients are harmed or
negligence occurs in the design or implementation of Al models. Standard guidelines

and legal frameworks are currently lacking in solutions and measurements for
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Al-provoked harm to patients (Mittelstadt B 2021, p. 13-19). Clinicians may be
unable to evaluate the Al recommendations, thus drawing false conclusions and
making wrong decisions in a clinical setting, or even worse, some fully autonomous
machine learning models are perfectly capable of performing in an unsupervised
manner, figuring out the hidden patterns that connect data and processing them in
ways that people have no control over (Maliha G et al. 2021). That results in
complicated procedures (namely the “Al black box”), making it difficult to figure out
who’s responsible and for what (Sullivan HR et al 2019). Making a decision relying
on opaque methods raises a concern about the accountability of clinicians and
whether they should be morally responsible when Al reaches conclusions in ways
that neither the clinicians nor software developers may know, thus not being fully
responsible for any harm that may be caused by, for example, the continuation or
cessation of a treatment (Habli | et al. 2020). In the case of transplantations, it’'s far
more complicated because the false interpretation of a patient's clinical records could
lead to a false decision by the clinicians, about whether to have or not have a

transplant, subsequently leading to the loss of a second chance at life.

4.2.2 Biases and Discrimination

Biases can be found literally in every single phase of artificial intelligence model
development and procedure, as they’re naturally inherent in social values, structures,
laws, and behaviors that their human creators unintentionally integrate into datasets,
algorithms, or output interpretation methods. However, biases also originate from
datasets and the analysis of output by clinicians (Ueda D. et al. 2024). In the present
review, there was a separate risk of bias assessment performed in order to assess
how biased the conclusions that scientists have drawn in their studies are, and to
figure out the sources of bias in research on Al applications in heart or lung
transplantations. From the analysis that was conducted, it's apparent that the most
biased parts of studies concern the representation of populations in research, the
inclusion and exclusion criteria, the occurrence of missing values and their
mishandling, as well as the absence of calibration estimates that indicate high or
poor reliability on predicted outcomes. Speaking of selection and sampling bias, it is
noticed that the studies’ samples comprised mostly of white and north american

men, with little representativeness of women or different nationalities groups, as

106



Chapter 4 - Discussion

Mittelstadt et al. mention on their report too (Mittelstadt et al. 2021, p.49). Those
minority biases that are introduced by the under-representativeness of minority
groups increase systemic discrimination, lead to false results (for example, female
subjects’ metrics may be incorrectly analyzed) and lead to poor performance of Al
models (poor predictive performance of health outcomes, detection of variances in
biometric values, acute graft dysfunction symptoms) when applied into the general
population (overfitting phenomenon) (Ueda et al. 2024). The studies that have been
analyzed in this review used and extracted data retrospectively from cohorts or
patient registries, which have been standardized, preprocessed, missing values
been handled and got ready for analysis compared to real-world data that Al models
may encounter in real-life clinical settings for the stratification, labeling of cases or
production of output for decision-making (Abramoff MD et al. 2023). Through the
present systematic review, specific biases have been addressed, but there are
certainly more disparities that many groups experience in healthcare, like impaired
people or LGBTQI+ people, and specifically in the the Al - transplant field, that need
to be pointed out (Sargiotis G.-C. 2023).

4.2.3 Opacity and Transparency

Machine learning models, and especially deep learning methods, have three basic
layers (input, hidden, and output). The hidden ones may have such a complex
structure that their connections may not be interpretable, so transparency of
procedures may be impossible and comprehension of the reasoning behind the
production of output and results may greatly affect the critical thinking and
decision-making of clinicians. Lack of tangible and intelligible evidence affects the
explainability and fairness of Al in healthcare. Concerning explainability, it should be
mentioned here that according to traditional statistical methods, predictors that seem
to have an important impact on health outcome prediction have totally different
effects when analyzed by Al models. The interpretation of predictor importance may
be related to the linearity of traditional statistical methods compared to the
multi-dimensional approach of machine learning models to the data. For example, in
the present review, there is little reference to HBV infection, and HBsAg positivity
seems to have a slight importance in the prediction of mortality, graft failure, or other

complications that are instigated, unlike what the literature claims (Avelino-Silva VI et
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al. 2010, Thongprayoon C et al. 2018). The opacity of procedures affects healthcare
in different ways, like hindering clinicians from fully trusting the machines and
affecting the validation and evaluation procedures (Amann J et al. 2020). Lack of
transparent Al algorithms makes the need for a relative legal framework and
development of guidelines imperative, as more and more applications of Al in heart
or lung transplantations will occur in the future. It's crucial that novel Al or ML
approaches in healthcare be fully comprehensible, interpretable, and understandable

by clinicians and staff (who are not software experts) (Elendu C et al. 2023).

4.2.4 Safety, Privacy and Consent

Advancements in Al and solid organ transplantations are accompanied by significant
concerns about privacy, consent, and safety of patients. Artificial intelligence
applications in transplantations require vast amounts of private health data in order
to process them. To perform a transplantation, each participant's legal consent must
be acquired. It is crucial for the smooth operation of procedures that the models work
properly and methods be to a sufficient extent intelligible to patients in order to
create a safe place for them. The transplant patients must be fully informed, which
raises some concerns about the capacity of patients to comprehend the functions of
Al, given that neither clinicians nor other staff members have been so far educated
or familiar with the inner functions of the algorithmic models, which carry out complex
procedures and involve multiple hidden levels (Elendu et al. 2023). Patients often
have no clue on the purpose of collecting, processing and using their private data by
Al models. It is also quite natural that patients lack digital health knowledge (digital
health illiteracy) due to age, cultural, or educational disparities (Kotsenas et al.
2021). A significant concern is whether the staff's experience on Al-related
procedures should be disclosed to patients or not, as some advocate that this
information could affect patient’s decisions and their safety. In addition, due to work
overload and information overload, errors seem to increase, thus hospitals or clinics
are in great need of personnel recruitment or other alternatives should be found, like
the application of novel technology that would resolve bureaucracy issues, facilitate
operational procedures, and improve the decision-making of clinicians (Nijor S et al.
2022). However, there are critical and ethical considerations about the safety of

patients regarding the implementation of Al models in procedures. So far, humans
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have been actively performing in an efficient manner, questioning the abilities of
machines and the potential risks that lurk behind the benefits of them (Cohen, I.
Glenn 2020).Therefore, it is imperative that legal, ethical and regulatory issues be
resolved and legal frameworks define the significance of informed consent in each

phase of transplantation procedure (Elisa J. Gordon et al. 2020).

4.3 Conclusions

The present systematic review was developed in an effort to fill the gaps that existed
in the literature concerning the impact of Al applications in heart and lung transplant
patients’ health outcomes, the predictive performance of Al models, and the biases
and bioethical considerations raised by the use of machines in transplantations and
generally in healthcare. Heart and lung transplantations require high-quality health
services involving fully capable and experienced staff, advanced technical
equipment, and specialized infrastructure to ensure better health outcomes. The
performance of Al models depends on dataset size and variability, with a growing
interest in using smaller and more specific samples. However, it's important to state
that the use of size-restricted samples may introduce structural discriminations and
biases, particularly affecting minority groups relating to transplantations, like female
and non-white recipients, which may influence Al model development and
decision-making processes. In this review, most of the analyzed studies extracted
and utilized data from the UNOS database, a strictly North American-population
registry for transplant patients, limiting profoundly the generalizability to diverse
populations and geographic regions. Among the Al models that were used in studies,
their predictive performance metrics varied greatly, underlying ensemble Ensemble
Methods like Random Forest and XGBoost as the most promising and credible
models for satisfying results. Supervised learning algorithms were the predominant
type of Al model, while unsupervised learning approaches were less common.
External validation was a challenge that most scientists chose not to undertake that
risky challenge, probably affecting dataset representativeness and integrity and
raising concerns about model performance in real-world and real-time clinical
settings. In order to evaluate model performance, calibration and discrimination
metrics were included in the analysis, pointing out Logistic Regression and Gradient

Boosting Machine models as the most efficient in predicting long-term outcomes. It is
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evident that Al models, especially Machine learning models, outperform traditional
statistical models in detecting the non-linearity of data and the hidden patterns that
connect data points and lead to certain outputs. Though there is evidence that
machine learning methods perform fairly well, exhibiting good discrimination,
accuracy, sensitivity, specificity, and calibration (Ravindhran B et al. 2023), there are
inconsistencies about the efficiency and performance of Al models in heart or lung
transplantations, a finding that indicates the necessity of further thorough research

on the applications of machine learning models in heart or lung transplantations.

4.4 Recommendations for future research

Over the last few years, there has been a great interest in Al applications and the
benefits people can have from their use in healthcare. In this systematic review, the
main scope was to present those facts about the utilization of Al models in
transplantations and how they impact patients, that were obtained through a
qualitative analysis of related studies. However, it would be more efficient for future
research to conduct a meta-analysis study, as both the qualitative and quantitative
composition of data would be analyzed, resulting in more thorough knowledge on
artificial intelligence predictive performance, the dimensionality of variables, as well
as the restrictions and concerns about the biases and limitations of studies. In
addition, in the present review, it was considered significant that the analysis be
focused on the predictive performance of machines and studies referring to
diagnostic performance be excluded. Thereby, considering the evolution of artificial
intelligence in the transplantation field, a future research approach on diagnostic
capacities of Al models on transplantations, and the use of real-time data in clinical
settings for the detection and diagnosis of complications, would substantially benefit
decision-making processes and subsequently improve the lifespan and quality of life
of transplant patients. Moreover, it would be wise in future reviews that pediatric and
adult populations be both included in the analysis, as it would definitely increase the
representativeness and generalizability of the findings and results. It seems that Al
applications in the heart and lung transplantation fields haven’t been adequately
investigated so far, and it's deemed necessary that further research be conducted in
the future in order to have a more intelligible insight into Al capabilities and possible

risks from its use in healthcare.
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Chapter 4 - Discussion

4.5 Limitations

In order to draw safe conclusions, it is crucial to make a mention of the limitations
and biases of the present systematic review, which require careful consideration
when interpreting the findings. Firstly, the eligibility criteria applied were relatively
broad, resulting in the inclusion of studies with considerable heterogeneity in terms
of the Al methods utilized, the health outcomes, and the evaluation metrics
employed. This variabilty may have introduced biases and affected the
generalizability. Additionally, pediatric populations were excluded from the analysis,
potentially limiting the applicability of the findings to non-adult patients and certainly
introducing selection and sampling bias. Furthermore, the disproportionately greater
number of heart-related studies included in the review compared to lung-related
studies may have reoriented the conclusions towards heart transplantations, which
could result in leaving out important insights about lung transplant patients’
outcomes and feature estimates. Another significant limitation pertains to the lack of
a quality assessment procedure that hinders the ability to evaluate the overall quality
of the reviewed studies and may negatively impact the reliability of the findings.
During the risk of bias assessment, certain biases were deemed to pose a high risk
due to inadequate information regarding the research conduct or analysis, raising
concerns about the validity of the results. Moreover, it was considered helpful to limit
the research only to studies that were published exclusively in English, leading to the
exclusion of studies published in other languages, therefore omitting essential
information from the analysis. Lastly, both the risk of bias assessment and
systematic review analysis of data were conducted by a single analyst, which may
have introduced publication, interpretation, or methodological bias. Despite these
limitations, it's important that the findings of this review provide valuable insights into
the current situation of Al applications in heart or lung transplantations, laying the
groundwork for further investigation and enhancement of Al-based approaches in

this critical healthcare field.

M



10.

11.

References

References

Abhishek Banerjee, Dharmpal Singh, Sudipta Sahana, Ira Nath. Chapter 3 - Impacts of
metaheuristic and swarm intelligence approach in optimization. Editor(s): Sushruta Mishra,
Hrudaya Kumar Tripathy, Pradeep Kumar Mallick, Arun Kumar Sangaiah, Gyoo-Soo Chae. In
Cognitive Data Science in Sustainable Computing. Cognitive Big Data Intelligence with a
Metaheuristic Approach. Academic Press. 2022. Pages 71-99

Abhishek Kumar, Jyotir Moy Chatterjee, Manju Payal, Pramod Singh Rathore. Chapter 23 -
Revolutionizing the internet of things with swarm intelligence. Editor(s): Prashant Johri, Adarsh
Anand, Juri Vain, Jagvinder Singh, Mohammad Quasim. In Emerging Methodologies and
Applications in Modelling. System Assurances. Academic Press. 2022. Pages 403-436.

Abidi Y, Kovats Z, Bohacs A, Fekete M, Naas S, Madurka |, Torok K, Bogyo L, Varga JT. Lung
Transplant Rehabilitation-A Review. Life (Basel). 2023 Feb 11;13(2):506

Abramoff MD, Tarver ME, Loyo-Berrios N, Trujillo S, Char D, Obermeyer Z, Eydelman MB.
Foundational Principles of Ophthalmic Imaging and Algorithmic Interpretation Working Group of
the Collaborative Community for Ophthalmic Imaging Foundation. Washington. D.C.; Maisel
WH. Considerations for addressing bias in artificial intelligence for health equity. NPJ Digit
Med. 2023 Sep 12;6(1):170

Adam Bohr, Kaveh Memarzadeh. Chapter 1 - Current healthcare, big data, and machine
learning. Editor(s): Adam Bohr, Kaveh Memarzadeh. Artificial Intelligence in Healthcare.
Academic Press. 2020. Pages 1-24

Adeloye D, Song P, Zhu Y, Campbell H, Sheikh A, Rudan I. NIHR RESPIRE Global Respiratory
Health Unit. Global, regional, and national prevalence of, and risk factors for chronic
obstructive pulmonary disease (COPD) in 2019: a systematic review and modelling analysis.
Lancet Respir Med. 2022 May;10(5):447-458

Adhikari TB, Rijal A, Acharya P, Hogman M, Karki A, Drews A, Cooper BG, Sigsgaard T,
Neupane D, Kallestrup P. Health-Related Quality of Life of People Living with COPD in a
Semiurban Area of Western Nepal: A Community-Based Study. COPD. 2021
Jun;18(3):349-356

Afshar, S., Roderick, P.J., Kowal, P., Dimitrov, B.D., Hill, A.G. Global Patterns of Multimorbidity:
A Comparison of 28 Countries Using the World Health Surveys. In: Hoque, M., Pecotte, B.,
McGehee, M. (eds). Applied Demography and Public Health in the 21st Century. Applied
Demography Series. Springer, Cham. 2017. vol 8.

Agarwal AK, Raja A, Brown BD. Chronic Obstructive Pulmonary Disease. In: StatPearls
[Internet]. Treasure Island (FL): StatPearls Publishing. 2023 Jan.

Agasthi P, Buras MR, Smith SD, Golafshar MA, Mookadam F, Anand S, Rosenthal JL,
Hardaway BW, DeValeria P, Arsanjani R. Machine learning helps predict long-term mortality
and graft failure in patients undergoing heart transplant. Gen Thorac Cardiovasc Surg. 2020
Dec;68(12):1369-1376. doi: 10.1007/s11748-020-01375-6. Epub 2020 May 7. PMID:
32383068.

Al Mostafa, M., Mehmood, Q., Abujledan, H.M., Babar, M.S. Complications and Follow Up. In:
Hashim, H.T., Ahmed, N., Faggian, G., Manyalich, M., Onorati, F. (eds) Heart Transplantation.

112



12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

References

Springer, Cham. 2022

Al-lmam A, Abdulrahman Al-Tabbakh A. Predictors of New-onset Diabetes After Kidney
Transplantation During 2019-nCoV Pandemic: A Unison of Frequentist Inference and Narrow
Al. Open Access Maced J Med Sci [Internet]. 2022 Feb. 5;10(B):180-91.

Alexandre Bailly, Corentin Blanc, Elie Francis, Thierry Guillotin, Fadi Jamal, Béchara Wakim,
Pascal Roy. Effects of dataset size and interactions on the prediction performance of logistic
regression and deep learning models. Computer Methods and Programs in Biomedicine.
Volume 213. 2022.

Ali Dag, Asil Oztekin, Ahmet Yucel, Serkan Bulur, and Fadel M. Megahed. Predicting heart
transplantation outcomes through data analytics. Decis. Support Syst. 2017. 94, C , 42-52.
https://doi.org/10.1016/j.dss.2016.10.005

Amann J, Blasimme A, Vayena E, Frey D, Madai VI. Precise4Q consortium. Explainability for
artificial intelligence in healthcare: a multidisciplinary perspective. BMC Med Inform Decis Mak.
2020 Nov 30;20(1):310

Amir Zadeh, Christopher Broach, Nasim Nosoudi, Baylee Weaver, Joshua Conrad, Kevin Duffy.
Building analytical models for predicting de novo malignancy in pancreas transplant patients: A
machine learning approach. Expert Systems with Applications. Volume 237. Part C. 2024

Amy L Kotsenas, Patricia Balthazar, David Andrews, J Raymond Geis, Tessa S Cook.
Rethinking Patient Consent in the Era of Artificial Intelligence and Big Data. Journal of the
American College of Radiology.2021. 18(1B):180-184.

Andrés Iglesias, Akemi Galvez, Patricia Suarez. Chapter 15 - Swarm robotics — a case study:
bat robotics. Editor(s): Xin-She Yang. Nature-Inspired Computation and Swarm Intelligence.
Academic Press. 2020. Pages 273-302

Anesi JA, Blumberg EA, Abbo LM. Perioperative Antibiotic Prophylaxis to Prevent Surgical Site
Infections in Solid Organ Transplantation. Transplantation. 2018 Jan;102(1):21-34

Ansari D, Buéin D, Nilsson J. Human leukocyte antigen matching in heart transplantation:
systematic review and meta-analysis. Transpl Int. 2014 Aug;27(8):793-804

Assadi, G., Pourabdolrahim, L., Marckmann, G. Xenotransplantation: The Last Best Hope?
Ethical Aspects of a Third Way to Solve the Problem of Organ Shortage. In: Jox, R., Assadi, G.,
Marckmann, G. (eds) Organ Transplantation in Times of Donor Shortage. International Library
of Ethics, Law, and the New Medicine. vol 59. Springer, Cham. 2016

Attenhofer Jost CH, Schmidt D, Huebler M, Balmer C, Noll G, Caduff R, Greutmann M. Heart
transplantation in congenital heart disease: in whom to consider and when? J Transplant.
2013:376027

Aurenque, D. Why Altruism is not a Convincing Argument for Promoting Post-mortem Organ
Donation: Responsibility and Solidarity as Key Concepts. In: Jox, R., Assadi, G., Marckmann,
G. (eds). Organ Transplantation in Times of Donor Shortage. International Library of Ethics,
Law, and the New Medicine. vol 59. Springer, Cham. 2016

Avelino-Silva VI, D'Albuquerque LA, Bonazzi PR, Song AT, Miraglia JL, De Brito Neves A,
Abdala E. Liver transplant from Anti-HBc-positive, HBsAg-negative donor into HBsAg-negative
recipient: is it safe? A systematic review of the literature. Clin Transplant. 2010
Nov-Dec;24(6):735-46.

113



25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

References

Avila P, Mercier LA, Dore A, Marcotte F, Mongeon FP, Ibrahim R, Asgar A, Miro J, Andelfinger
G, Mondésert B, de Guise P, Poirier N, Khairy P. Adult congenital heart disease: a growing
epidemic. Can J Cardiol. 2014 Dec;30(12 Suppl):S410-9.

Ayesta A, Urratia G, Madrid E, Vernooij RWM, Vicent L, Martinez-Sellés M. Sex-mismatch
influence on survival after heart transplantation: A systematic review and meta-analysis of
observational studies. Clin Transplant. 2019 Dec;33(12):e13737

Ayers, Brian & Sandholm, Tuomas & Goseyv, Igor & Prasad, Sunil & Kilic, Arman. (2021). Using
machine learning to improve survival prediction after heart transplantation. Journal of Cardiac
Surgery. 36. 10.1111/jocs.15917.

Ayora AF, Soler LM, Gasch AC. Analysis of two questionnaires on quality of life of Chronic
Obstructive Pulmonary Disease patients. Rev Lat Am Enfermagem. 2019 Jul 18;27:€3148

Bahaaldin Alsoufi, William T. Mahle, Cedric Manlhiot, Shriprasad Deshpande, Brian Kogon,
Brian W. McCrindle, Kirk Kanter. Outcomes of heart transplantation in children with hypoplastic
left heart syndrome previously palliated with the Norwood procedure. The Journal of Thoracic
and Cardiovascular Surgery. Volume 151. Issue 1. 2016. Pages 167-175.e2

Baris L, Hakeem A, Moe T, Cornette J, Taha N, Farook F, Gaisin |, Bonanomi C, Parsonage W,
Johnson M, Hall R, Roos-Hesselink JW; ROPAC Investigators Group. Acute Coronary
Syndrome and Ischemic Heart Disease in Pregnancy: Data From the EURObservational
Research Programme-European Society of Cardiology Registry of Pregnancy and Cardiac
Disease. J Am Heart Assoc. 2020 Aug 4;9(15):e015490

Barr JT, Schumacher GE, Freeman S, LeMoine M, Bakst AW, Jones PW. American translation,
modification, and validation of the St. George's Respiratory Questionnaire. Clin Ther. 2000
Sep, 22(9):1121-45.

Basit H, Wallen TJ, Sergent BN. Eisenmenger Syndrome. In: StatPearls [Internet]. Treasure
Island (FL): StatPearls Publishing. 2023

Basuli D, Roy S. Beyond Human Limits: Harnessing Artificial Intelligence to Optimize
Immunosuppression in Kidney Transplantation. J Clin Med Res. 2023 Sep;15(8-9):391-398

Bazyar, J., Pourvakhshoori, N., Khankeh, H. et al. A comprehensive evaluation of the
association between ambient air pollution and adverse health outcomes of major organ
systems: a systematic review with a worldwide approach. Environ Sci Pollut Res 26,
12648-12661. 2019

Beckman EN, Mehra MR, Park MH, Scott RL. Utility of heart biopsy in transplant patients.
Ochsner J. 2001 Oct;3(4):219-22

Bellini MI, Bonaccorsi Riani E, Giorgakis E, Kaisar ME, Patrono D, Weissenbacher A. Organ
Reconditioning and Machine Perfusion in Transplantation. Transpl Int. 2023 Jan 12;36:11100

Bhandari B, Quintanilla Rodriguez BS, Masood W. Ischemic Cardiomyopathy. In: StatPearls
[Internet]. Treasure Island (FL): StatPearls Publishing. 2023

Bhat V, Tazari M, Watt KD, Bhat M. New-Onset Diabetes and Preexisting Diabetes Are
Associated With Comparable Reduction in Long-Term Survival After Liver Transplant: A
Machine Learning Approach. Mayo Clin Proc. 2018 Dec;93(12):1794-1802

Bickel TJ, Gunasekaran P, Parashara DK, Alpert MA. Mechanical Circulatory Support Prior to
Heart Transplantation Predicts Early Post-Operative Stroke. Am J Med Sci. 2021

114



40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

References

Jul;362(1):34-38

Bird K, Memon J. Bronchiectasis. In: StatPearls [Internet]. Treasure Island (FL): StatPearls
Publishing; 2023

Bleisch B, Schuurmans MM, Klaghofer R, Benden C, Seiler A, Jenewein J. Health-related
quality of life and stress-related post-transplant trajectories of lung transplant recipients: a
three-year follow-up of the Swiss Transplant Cohort Study. Swiss Med Wkly. 2019 Feb
24;149:w20019

Block, W.E., Whitehead, R. Human Organ Transplantation: Economic and Legal Issues. In:
Philosophy of Law. Palgrave Studies in Classical Liberalism. Palgrave Macmillan, Cham. 2019

Bokhari SRA, Zulfigar H, Mansur A. Sarcoidosis. In: StatPearls [Internet]. Treasure Island (FL):
StatPearls Publishing; 2023

Boris Babic, I. Glenn Cohen, Theodoros Evgeniou, Sara Gerke, Nikos Trichakis. Can Al Fairly
Decide Who Gets an Organ Transplant? Harvard Business Review. 2020

Bose S, Das C, Banerjee A, Ghosh K, Chattopadhyay M, Chattopadhyay S, Barik A. An
ensemble machine learning model based on multiple filtering and supervised attribute
clustering algorithm for classifying cancer samples. Peerd Comput Sci. 2021 Sep 16;7:e671

Brahmbhatt JM, Hee Wai T, Goss CH, Lease ED, Merlo CA, Kapnadak SG, Ramos KJ. The
lung allocation score and other available models lack predictive accuracy for post-lung
transplant survival. J Heart Lung Transplant. 2022 Aug;41(8):1063-1074. doi:
10.1016/j.healun.2022.05.008. Epub 2022 May 20. PMID: 35690561; PMCID: PMC9329266.

Brink JG, Hassoulas J. The first human heart transplant and further advances in cardiac
transplantation at Groote Schuur Hospital and the University of Cape Town - with reference to :
the operation. A human cardiac transplant : an interim report of a successful operation
performed at Groote Schuur Hospital, Cape Town. Cardiovasc J Afr. 2009 Jan-Feb;20(1):31-5

Brown KN, Pendela VS, Ahmed |, Diaz RR. Restrictive Cardiomyopathy. In: StatPearls
[Internet]. Treasure Island (FL): StatPearls Publishing; 2023

C.J. McAloon, F. Osman, P. Glennon, P.B. Lim, S.A. Hayat. Chapter 4 - Global Epidemiology
and Incidence of Cardiovascular Disease. Editor(s): Nikolaos Papageorgiou. Cardiovascular
Diseases. Academic Press. 2016. Pages 57-96

Caplan A. Bioethics of organ transplantation. Cold Spring Harb Perspect Med. 2014 Mar
1;4(3):a015685

Carr SB, McClenaghan E, Elbert A, Faro A, Cosgriff R, Abdrakhmanov O, Brownlee K, Burgel
PR, Byrnes CA, Cheng SY, Colombo C, Corvol H, Daneau G, Goss CH, Gulmans V, Gutierrez
H, Harutyunyan S, Helmick M, Jung A, Kashirskaya N, McKone E, Melo J, Middleton PG,
Mondejar-Lopez P, de Monestrol |, Nahrlich L, Padoan R, Parker M, Pastor-Vivero MD, Rizvi S,
Ruseckaite R, Salvatore M, da Silva-Filho LVRF, Versmessen N, Zampoli M, Marshall BC,
Stephenson AL; CF Registry Global Collaboration. Factors associated with clinical progression
to severe COVID-19 in people with cystic fibrosis: A global observational study. J Cyst Fibros.
2022 Jul;21(4):e221-e231

Carvalho WDN, Alves Maria GDS, Gongalves KC, Miranda AL, Moreira MDCV. Health-Related
Quality of Life of Heart Transplant Recipients Living in a Developing Country. Transplant Proc.
2021 Jan-Feb;53(1):358-363

115



53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

References

Carvalho WDN, Maria GDSA, Gongalves KC, Miranda AL, Moreira MDCV. Comparison of
Quality of Life Between Patients with Advanced Heart Failure and Heart Transplant Recipients.
Braz J Cardiovasc Surg. 2021 Oct 17;36(5):623-628

Chaudhry R, Bordoni B. Anatomy, Thorax, Lungs. In: StatPearls [Internet]. Treasure Island
(FL): StatPearls Publishing; 2023

Chauvin A, Rupley L, Meyers K, Johnson K, Eason J. Outcomes in Cardiopulmonary Physical
Therapy: Chronic Respiratory Disease Questionnaire (CRQ). Cardiopulm Phys Ther J.
2008;19(2):61-67.

Chava L Ramspek, Kitty J Jager, Friedo W Dekker, Carmine Zoccali, Merel van Diepen,
External validation of prognostic models: what, why, how, when and where?. Clinical Kidney
Journal. Volume 14. Issue 1. January 2021. Pages 49-58.

Chinesta, F., Cueto, E. Empowering engineering with data, machine learning and artificial
intelligence: a short introductive review. Adv. Model. and Simul. in Eng. Sci. 9, 21. 2022

Choi HE, Kim C, Park SH. One-year follow-up of heart transplant recipient with cardiac
rehabilitation: A case report. Medicine (Baltimore). 2020 Apr;99(17):e19874

Chowdhary, K.R. Natural Language Processing. In: Fundamentals of Atrtificial Intelligence.
Springer. New Delhi. 2020

Churpek MM, Carey KA, Edelson DP, Singh T, Astor BC, Gilbert ER, Winslow C, Shah N,
Afshar M, Koyner JL. Internal and External Validation of a Machine Learning Risk Score for
Acute Kidney Injury. JAMA Netw Open. 2020 Aug 3;3(8):e2012892

Citerio G, Crippa IA, Bronco A, Vargiolu A, Smith M. Variability in brain death determination in
europe: looking for a solution. Neurocrit Care. 2014 Dec;21(3):376-82

Clement J and Maldonado AQ. Augmenting the Transplant Team With Atrtificial Intelligence:
Toward Meaningful Al Use in Solid Organ Transplant. Front. Immunol. 12:694222. 2021

Cohen, I. Glenn, Informed Consent and Medical Artificial Intelligence: What to Tell the Patient?.
Harvard Public Law Working Paper No. 20-03. Georgetown Law Journal. Vol. 108.
pp.1425-1469. 2020.

Coiffard, B., Prud’Homme, E., Hraiech, S. et al. Worldwide clinical practices in perioperative
antibiotic therapy for lung transplantation. BMC Pulm Med 20. 109. 2020

Collins GS, Dhiman P, Andaur Navarro CL, et al. Protocol for development of a reporting
guideline (TRIPOD-AI) and risk of bias tool (PROBAST-AI) for diagnostic and prognostic
prediction model studies based on artificial intelligence. BMJ Open. 2021. 11:e¢048008

Cortes TR, Silveira IH, de Oliveira BFA, Bell ML, Junger WL. Short-term association between
ambient air pollution and cardio-respiratory mortality in Rio de Janeiro, Brazil. PLoS One. 2023
Feb 16;18(2):e0281499

Cuvillier Padilla, C., Pennington, E.J. Climate Change and the Lung Exposome. In: Khatri, S.B.,
Pennington, E.J. (eds) Lung Health and the Exposome . Respiratory Medicine. Humana,
Cham. 2022

Dahmen J, Cook D. SynSys: A Synthetic Data Generation System for Healthcare Applications.
Sensors (Basel). 2019 Mar 8. 19(5):1181

Dalen JE, Alpert JS, Goldberg RJ, Weinstein RS. The epidemic of the 20(th) century: coronary

116



70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

References

heart disease. Am J Med. 2014 Sep. 127(9):807-12

Davenport T, Kalakota R. The potential for artificial intelligence in healthcare. Future Healthc J.
2019 Jun. 6(2):94-98

De Jonge N, Damman K, Ramjankhan FZ, van der Kaaij NP, van den Broek SAJ, Erasmus ME,
Kuijpers M, Manintveld O, Bekkers JA, Constantinescu AC, Brugts JJ, Oerlemans MIF, van
Laake LW, Caliskan K. Listing criteria for heart transplantation in the Netherlands. Neth Heart J.
2021 Dec. 29(12):611-622

De Meester J, Smits JM, Persijn GG, Haverich A. Listing for lung transplantation: life
expectancy and transplant effect, stratified by type of end-stage lung disease, the
Eurotransplant experience. J Heart Lung Transplant. 2001 May. 20(5):518-24

De Mol W, Bos S, Beeckmans H, Lagrou K, Spriet I, Verleden GM, Vos R. Antifungal
Prophylaxis After Lung Transplantation: Where Are We Now? Transplantation. 2021 Dec 1.
105(12):2538-2545

De Vries RJ, Yarmush M, Uygun K. Systems engineering the organ preservation process for
transplantation. Curr Opin Biotechnol. 2019 Aug. 58:192-201

Debray TP, Damen JA, Snell Kl, Ensor J, Hooft L, Reitsma JB, et al. A guide to systematic
review and meta-analysis of prediction model performance. BMJ. 2017. 356 : i6460

Demir A, Coosemans W, Decaluwé H, De Leyn P, Nafteux P, Van Veer H, Verleden GM, Van
Raemdonck D. Donor-recipient matching in lung transplantation: which variables are
important?. Eur J Cardiothorac Surg. 2015 Jun. 47(6):974-83

Dey T, Lipsitz SR, Cooper Z, Trinh QD, Krzywinski M, Altman N. Survival analysis-time-to-event
data and censoring. Nat Methods. 2022 Aug. 19(8):906-908

Diaz-Frias J, Guillaume M. Tetralogy of Fallot. In: StatPearls [Internet]. Treasure Island (FL):
StatPearls Publishing; 2022

Diel R, Simon S, Gottlieb J. Chronic Lung Allograft Dysfunction Is Associated with Significant
Disability after Lung Transplantation-A Burden of Disease Analysis in 1025 Cases. Adv Respir
Med. 2023 Oct 12. 91(5):432-444

Diogo Telmo Neves, Joao Alves, Marcel Ganesh Naik, Alberto José Proencga, Fabian Prasser.
From Missing Data Imputation to Data Generation. Journal of Computational Science, Volume
61, 2022, 101640

Dominguez-Gil , B. Chapter 2. Identification and referral of possible deceased organ donors. in
Guide to the quality and safety of organs for transplantation. 8th edn. Strasbourg, France:
European Directorate for the Quality of Medicines & HealthCare of the Council of Europe
(EDQM). 2021. pp. 47-62.

Douzas G, Lechleitner M, Bacao F. Improving the quality of predictive models in small data
GSDOT: A new algorithm for generating synthetic data. PLoS One. 2022 Apr 7.
17(4):e0265626

Duchini A, Goss JA, Karpen S, Pockros PJ. Vaccinations for adult solid-organ transplant
recipients: current recommendations and protocols. Clin Microbiol Rev. 2003 Jul. 16(3):357-64

Eberlein M, Reed RM. Donor to recipient sizing in thoracic organ transplantation. World J
Transplant. 2016 Mar 24. 6(1):155-64

17



85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

References

Edina Cenko, Olivia Manfrini, Natalia Fabin, Maria Dorobantu, Sasko Kedev, Davor Milicic,
Zorana Vasiljevic, Raffaele Bugiardini. Clinical determinants of ischemic heart disease in
Eastern Europe. The Lancet Regional Health - Europe. Volume 33. 2023. 100698

Ekezie W, Jenkins AR, Hall IP, et al. The burden of chronic respiratory diseases in adults in
Nepal: A systematic review. Chron Respir Dis. 2021. 18:1479973121994572

Elendu C, Amaechi DC, Elendu TC, Jingwa KA, Okoye OK, John Okah M, Ladele JA, Farah
AH, Alimi HA. Ethical implications of Al and robotics in healthcare: A review. Medicine
(Baltimore). 2023 Dec 15. 102(50):e36671

Elisa J. Gordon, Elizabeth Knopf, Caitlin Phillips, Adam Mussell, Jungwha Lee, Robert M.
Veatch, Peter Abt, Sue Dunn, Peter P. Reese. Transplant candidates’ perceptions of informed
consent for accepting deceased donor organs subjected to intervention research and for
participating in posttransplant research. American Journal of Transplantation. Volume 20. Issue
2. 2020. Pages 474-492

Etminan M, Jafari S, Carleton B, FitzGerald JM. Beta-blocker use and COPD mortality: a
systematic review and meta-analysis. BMC Pulm Med. 2012 Sep 4. 12:48

Fan, R. Introduction: Toward a New Model of Incentives for Organ Donation. In: Fan, R. (eds)
Incentives and Disincentives in Organ Donation. Philosophy and Medicine, vol 133. Springer.
Cham. 2023

Farag, T.S., Sobh, E.S.M., Elsawy, S.B. et al. Evaluation of health-related quality of life in
patients with chronic obstructive pulmonary disease. Egypt J Bronchol 12. 2018. p 288-294

Farzam K, Jan A. Beta Blockers. In: StatPearls [Internet]. Treasure Island (FL): StatPearls
Publishing; 2023

Feneis, H. and Dauber, W. Chapter 6- Digestive and respiratory system. In Pocket Atlas of
human anatomy- Based on the International Nomenclature. 2000. 4th edition. Stuttgart, New
York : Thieme. pp. 134-153.

Feneis, H. and Dauber, W., Chapter 10 - Heart. Chapter 11- Arteries, in Pocket Atlas of Human
anatomy- Based on the International Nomenclature. pp. 184—193.

Fodor M, Zelger P, Pallua JD, Huck CW, Hofmann J, Otarashvili G, Puhringer M, Zelger B,
Hermann M, Resch T, Cardini B, Oberhuber R, Ofner D, Sucher R, Hautz T, Schneeberger S.
Prediction of Biliary Complications After Human Liver Transplantation Using Hyperspectral
Imaging and Convolutional Neural Networks: A Proof-of-concept Study. Transplantation. 2024
Feb 1;108(2):506-515

Foroutan F, Doumouras BS, Ross H, Alba AC. Impact of pretransplant recipient body mass
index on post heart transplant mortality: A systematic review and meta-analysis. Clin
Transplant. 2018 Aug. 32(8):e13348

Fox, M.D., Munoz, R.T. Ethical Issues in Organ Donation from Brain-Dead Donors. In: Novitzky,
D., Cooper, D. (eds) The Brain-Dead Organ Donor. Springer. New York, NY. 2013

GBD Chronic Respiratory Disease Collaborators. Prevalence and attributable health burden of
chronic respiratory diseases, 1990-2017: a systematic analysis for the Global Burden of
Disease Study 2017. Lancet Respir Med. 2020. 8(6):585-596

Gédéon T, Akl E, D'Souza R, Altit G, Rowe H, Flannery A, Siriki P, Bhatia K, Thorne S,
Malhamé |. Acute Myocardial Infarction in Pregnancy. Curr Probl Cardiol. 2022 Nov.

118



100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

References

47(11):101327

Gholamzadeh M, Abtahi H, Safdari R. Machine learning-based techniques to improve lung
transplantation outcomes and complications: a systematic review. BMC Med Res Methodol.
2022 Dec 23. 22(1):331

Gibbons A, Bayfield J, Cinnirella M, Draper H, Johnson RJ, Oniscu GC, Ravanan R, Tomson
C, Roderick P, Metcalfe W, Forsythe JLR, Dudley C, Watson CJE, Bradley JA, Bradley C.
Changes in quality of life (QoL) and other patient-reported outcome measures (PROMSs) in
living-donor and deceased-donor kidney transplant recipients and those awaiting
transplantation in the UK ATTOM programme: a longitudinal cohort questionnaire survey with
additional qualitative interviews. BMJ Open. 2021 Apr 14. 11(4):e047263

Gibson P, Narous M, Firoz T, Chou D, Barreix M, Say L, James M; WHO Maternal Morbidity
Working Group. Incidence of myocardial infarction in pregnancy: a systematic review and
meta-analysis of population-based studies. Eur Heart J Qual Care Clin Outcomes. 2017 Jul 1.
3(3):198-207

Grady KL, Kao A, Spertus JA, Hsich E, Dew MA, Pham DT, Hartupee J, Petty M, Cotts W,
Pamboukian SV, Pagani FD, Lampert B, Johnson M, Murray M, Takeda K, Yuzefpolskaya M,
Silvestry S, Kirklin JK, Andrei AC, Elenbaas C, Baldridge A, Yancy C. Health-Related Quality of
Life in Older Patients With Heart Failure From Before to Early After Advanced Surgical
Therapies: Findings From the SUSTAIN-IT Study. Circ Heart Fail. 2022 Oct. 15(10):e009579

Grady KL, Naftel DC, Kirklin JK, White-Williams C, Kobashigawa J, Chait J, Young JB, Pelegrin
D, Patton-Schroeder K, Rybarczyk B, Daily J, Piccione W Jr, Heroux A. Predictors of physical
functional disability at 5 to 6 years after heart transplantation. J Heart Lung Transplant. 2005
Dec. 24(12):2279-85

Grenier PA, Kanne JP. Current Approach to Acute and Chronic Airway Disease. In: Hodler J,
Kubik-Huch RA, von Schulthess GK, editors. Diseases of the Chest, Breast, Heart and Vessels
2019-2022: Diagnostic and Interventional Imaging [Internet]. Cham (CH): Springer. 2019.
Chapter 6.

Gulea C, Zakeri R, Alderman V, Morgan A, Ross J, Quint JK. Beta-blocker therapy in patients
with COPD: a systematic literature review and meta-analysis with multiple treatment
comparison. Respir Res. 2021 Feb 23. 22(1):64

Gunasekaran M, Bansal S, Ravichandran R, Sharma M, Perincheri S, Rodriguez F, Hachem R,
Fisher CE, Limaye AP, Omar A, Smith MA, Bremner RM, Mohanakumar T. Respiratory viral
infection in lung transplantation induces exosomes that trigger chronic rejection. J Heart Lung
Transplant. 2020 Apr. 39(4):379-388

Guo, X., Song, Q., Wang, H. et al. Systematic review and meta-analysis of studies between
short-term exposure to ambient carbon monoxide and non-accidental, cardiovascular, and
respiratory mortality in China. Environ Sci Pollut Res 29. 2022. p 35707-35722.

Habli I, Lawton T, Porter Z. Artificial intelligence in health care: accountability and safety. Bull
World Health Organ. 2020 Apr 1. 98(4):251-256

Halpin DMG, Rabe AP, Loke WJ, et al. Epidemiology, Healthcare Resource Utilization, and
Mortality of Asthma and COPD in COVID-19: A Systematic Literature Review and
Meta-Analyses. J Asthma Allergy. 2022. 15:811-825.

119



1M1.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

References

Hamidreza Ahady Dolatsara, Ying-Ju Chen, Christy Evans, Ashish Gupta, Fadel M. Megahed,
A two-stage machine learning framework to predict heart transplantation survival probabilities
over time with a monotonic probability constraint, Decision Support Systems, Volume 137,
2020, 113363, ISSN 0167-9236, https://doi.org/10.1016/j.dss.2020.113363.

Hanaei, S. et al. The Epidemiologic Aspects of COVID-19 Outbreak: Spreading Beyond
Expectations. In: Rezaei, N. (eds) Coronavirus Disease - COVID-19. Advances in Experimental
Medicine and Biology. vol 1318. Springer. Cham. 2021

Haraldstad K, Wahl A, Andenzes R, Andersen JR, Andersen MH, Beisland E, Borge CR,
Engebretsen E, Eisemann M, Halvorsrud L, Hanssen TA, Haugstvedt A, Haugland T, Johansen
VA, Larsen MH, Lgvereide L, Layland B, Kvarme LG, Moons P, Norekval TM, Ribu L, Rohde
GE, Urstad KH, Helseth S; LIVSFORSK network. A systematic review of quality of life research
in medicine and health sciences. Qual Life Res. 2019 Oct. 28(10):2641-2650

Harrison MT, Short P, Williamson PA, Singanayagam A, Chalmers JD, Schembri S.
Thrombocytosis is associated with increased short and long term mortality after exacerbation of
chronic obstructive pulmonary disease: a role for antiplatelet therapy? Thorax. 2014 Jul.
69(7):609-15.

Hayes, D., Kopp, B.T., Tobias, J.D. et al. Survival in Patients with Advanced Non-cystic Fibrosis
Bronchiectasis Versus Cystic Fibrosis on the Waitlist for Lung Transplantation. 2015. Lung 193.
933-938.

Houyel L., To-Dumortier Ngoc-Tram, Lepers Yannick, Petit Jérbme, Roussin Régine, Ly
Mohamed, Lebret Emmanuel, Fadel Elie, Hoérer Jirgen, Hascoét Sébastien. Heart
transplantation in adults with congenital heart disease. Archives of Cardiovascular Diseases.
Volume 110. Issue 5. 2017. Pages 346-353

Hussain Y, Khan H. Immunosuppressive Drugs. Encyclopedia of Infection and Immunity. 2022.
p 726—40.

Hutchinson J, Fogarty A, Hubbard R, McKeever T. Global incidence and mortality of idiopathic
pulmonary fibrosis: a systematic review. Eur Respir J. 2015 Sep. 46(3):795-806

Institute for Health Metrics and Evaluation (IHME). GBD Compare Data Visualization. Seattle,
WA: IHME, University of Washington, 2020

Ischemic Heart Disease, Editor(s): Dylan V. Miller, Monica P. Revelo. In Diagnostic Pathology.
Diagnostic Pathology: Cardiovascular (Second Edition). Elsevier. 2018. Pages 110-113

Ison MG, Holl JL, Ladner D. Preventable errors in organ transplantation: an emerging patient
safety issue? Am J Transplant. 2012 Sep. 12(9):2307-12.

Jacqueline Muller-Nordhorn, Stefan N. Willich, Coronary Heart Disease, Editor(s): Stella R.
Quah, International Encyclopedia of Public Health (Second Edition). Academic Press. 2017.
Pages 159-167

Jadlowiec CC, Thongprayoon C, Tangpanithandee S, Punukollu R, Leeaphorn N, Cooper M,
Cheungpasitporn W. Re-assessing prolonged cold ischemia time in kidney transplantation
through machine learning consensus clustering. Clin Transplant. 2024 Jan. 38(1):e15201

Jalowiec A, Grady KL, White-Williams C. Predictors of rehospitalization time during the first
year after heart transplant. Heart Lung. 2008 Sep-Oct. 37(5):344-55. Erratum in: Heart Lung.
2008 Nov-Dec. 37(6):485

120



125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

References

Jarhyan P, Hutchinson A, Khaw D, Prabhakaran D, Mohan S. Prevalence of chronic obstructive
pulmonary disease and chronic bronchitis in eight countries: a systematic review and
meta-analysis. Bull World Health Organ. 2022 Mar 1. 100(3):216-230

Jawoniyi O, Gormley K, McGleenan E, Noble HR. Organ donation and transplantation:
Awareness and roles of healthcare professionals—A systematic literature review. J Clin Nurs.
2018; 27: e726—738

Jennifer Le-Rademacher, Xiaofei Wang. Time-To-Event Data: An Overview and Analysis
Considerations. Journal of Thoracic Oncology. Volume 16. Issue 7. 2021. Pages 1067-1074

Joean O, Welte T, Gottlieb J. Chest Infections After Lung Transplantation. Chest. 2022 Apr.
161(4):937-948

Jomphe V, Lands LC, Mailhot G. Nutritional Requirements of Lung Transplant Recipients:
Challenges and Considerations. Nutrients. 2018 Jun 19. 10(6):790

Jones PW, Quirk FH, Baveystock CM, Littlejohns P. A self-complete measure of health status
for chronic airflow limitation. Am Rev Respir Dis 1992;145;1321-1327

Kalra G, Desousa A. Psychiatric aspects of organ transplantation. Int J Organ Transplant Med.
2011. 2(1):9-19.

Kamaleswaran R, Sataphaty SK, Mas VR, Eason JD, Maluf DG. Artificial Intelligence May
Predict Early Sepsis After Liver Transplantation. Front Physiol. 2021 Sep 6. 12:692667

Kampaktsis PN, Siouras A, Doulamis IP, Moustakidis S, Emfietzoglou M, Van den Eynde J,
Avgerinos DV, Giannakoulas G, Alvarez P, Briasoulis A. Machine learning-based prediction of
mortality after heart transplantation in adults with congenital heart disease: A UNOS database
analysis. Clin Transplant. 2023 Jan;37(1):e14845. doi: 10.1111/ctr.14845. Epub 2022 Nov 9.
PMID: 36315983.

Kampaktsis PN, Tzani A, Doulamis IP, Moustakidis S, Drosou A, Diakos N, Drakos SG,
Briasoulis A. State-of-the-art machine learning algorithms for the prediction of outcomes after
contemporary heart transplantation: Results from the UNOS database. Clin Transplant. 2021
Aug;35(8):e14388. doi: 10.1111/ctr.14388. Epub 2021 Jun 29. PMID: 34155697.

Karkowsky, C. The overlooked reason our health care system crushes patients. The New York
Times. 2023

Kherabi Y, Messika J, Peiffer-Smadja N. Machine learning, antimicrobial stewardship, and solid
organ transplantation: Is this the future?. Transpl Infect Dis. 2022. 24:e13957

Korngiebel DM, Taualii M, Forquera R, Harris R, Buchwald D. Addressing the Challenges of
Research With Small Populations. Am J Public Health. 2015 Sep.105(9):1744-7

Koslow, M., Swigris, J. Quality of Life in Chronic Lung Disease. In: Lindell, K.O., Danoff, S.K.
(eds) Palliative Care in Lung Disease. Respiratory Medicine. Humana. Cham. 2021

Koyner JL, Carey KA, Edelson DP, Churpek MM. The Development of a Machine Learning
Inpatient Acute Kidney Injury Prediction Model. Crit Care Med. 2018 Jul. 46(7):1070-1077

Krishna R, Chapman K, Ullah S. Idiopathic Pulmonary Fibrosis. In: StatPearls [Internet].
Treasure Island (FL): StatPearls Publishing; 2023

Kritzmire SM, Cossu AE. Hypoplastic Left Heart Syndrome. In: StatPearls [Internet]. Treasure
Island (FL): StatPearls Publishing; 2023

121



142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

152.

153.

154.

155.

156.

157.

158.

References

Krowl L, Anjum F, Kaul P. Pulmonary Idiopathic Hypertension. In: StatPearls [Internet].
Treasure Island (FL): StatPearls Publishing; 2023

Kvietkauskas M, Leber B, Strupas K, Stiegler P, Schemmer P. Machine Perfusion of Extended
Criteria Donor Organs: Immunological Aspects. Front Immunol. 2020 Feb. 27;11:192

L. Ferrucci, C. Koh, S. Bandinelli, J.M. Guralnik. Disability, Functional Status, and Activities of
Daily Living. Editor(s): James E. Birren. Encyclopedia of Gerontology (Second Edition).
Elsevier. 2007. Pages 427-436

Laires, P.A., Perelman, J. The current and projected burden of multimorbidity: a cross-sectional
study in a Southern Europe population. Eur J Ageing 16. 2019. p 181-192

Laporta Hernandez R, Lazaro Carrasco MT, Varela de Ugarte A, Ussetti Gil P. Long-term
follow-up of the lung transplant patient. Arch Bronconeumol. 2014 Feb. 50(2):67-72

Lee H, Song MJ, Cho YJ, Kim DJ, Hong SB, Jung SY, Lim SY. Supervised machine learning
model to predict mortality in patients undergoing venovenous extracorporeal membrane
oxygenation from a nationwide multicentre registry. BMJ Open Respir Res. 2023
Dec.10(1):e002025

Lina Zhou, Shimei Pan, Jianwu Wang, Athanasios V. Vasilakos, Machine learning on big data:
Opportunities and challenges, Neurocomputing. Volume 237. 2017, Pages 350-361

Linse B, Ohlsson M, Stehlik J, Lund LH, Andersson B, Nilsson J. A machine learning model for
prediction of 30-day primary graft failure after heart transplantation. Heliyon. 2023 Mar.
9(3):e14282

Lisboa, P.J.G., Jayabalan, M., Ortega-Martorell, S. et al. Enhanced survival prediction using
explainable artificial intelligence in heart transplantation. Sci Rep 12, 19525 (2022).
https://doi.org/10.1038/s41598-022-23817-2

Lopp, L. Comparative Analysis of European Transplant Laws Regarding Living Organ
Donation. In: Regulations Regarding Living Organ Donation in Europe. Springer. Berlin,
Heidelberg. 2013

Ludhwani D, Abraham J, Kanmanthareddy A. Heart Transplantation Rejection. In: StatPearls
[Internet]. Treasure Island (FL): StatPearls Publishing; 2023

M. Hegarova, Z. Dorazilova, V. Melenovsky, J. Vrbska, J. Maly, |. Netuka, J. Pirk, |. Malek.
Prognosis Estimation in Heart Transplant Candidates With the Transposition of Great Arteries
(TGA) After Mustard or Senning Correction in the Childhood: The Retrospective Analysis. The
Journal of Heart and Lung Transplantation. Volume 34. Issue 4. Supplement. 2015. Page S183

MacDonald H. Conscripting Organs: "Routine Salvaging" or Bequest? The Historical Debate in
Britain, 1961-75. J Hist Med Allied Sci. 2015 Jul. 70(3):425-61

Madhumita, M. Algorithms are deciding who gets organ transplants. Are their decisions fair?.
Financial Times Health. 2023

Maher TM, Bendstrup E, Dron L, Langley J, Smith G, Khalid JM, Patel H, Kreuter M. Global
incidence and prevalence of idiopathic pulmonary fibrosis. Respir Res. 2021 Jul. 22(1):197

Mahmaljy H, Yelamanchili VS, Singhal M. Dilated Cardiomyopathy. In: StatPearls [Internet].
Treasure Island (FL): StatPearls Publishing; 2023

Maliha G, Gerke S, Cohen IG, Parikh RB. Atrtificial Intelligence and Liability in Medicine:

122


https://doi.org/10.1038/s41598-022-23817-2

159.

160.

161.

162.

163.

164.

165.

166.

167.

168.

169.

170.

171.

172.

173.

References

Balancing Safety and Innovation. Milbank Q. 2021. 99(3). p 629-647.

Malik A, Brito D, Vagar S, Chhabra L. Congestive Heart Failure. In: StatPearls [Internet].
Treasure Island (FL): StatPearls Publishing; 2023

Mangiameli G, Legras A, Arame A, Al Zreibi C, Mazzella A, LE Pimpec Barthes F. The role of
donor-recipient gender matching in lung transplantation: a systematic review. Minerva Surg.
2022 Aug. 77(4):391-398

Mantha A, Lee RO Jr, Wolfson AM. Patient selection for heart transplant: balancing risk. Curr
Opin Organ Transplant. 2022 Feb 1. 27(1):36-44

Marcele O.K. Mendonga, Sergio L. Netto, Paulo S.R. Diniz, Sergios Theodoridis, Chapter 13 -
Machine learning: Review and trends. Editor(s): Paulo S.R. Diniz. Signal Processing and
Machine Learning Theory. Academic Press. 2024. Pages 869-959

Martin LT, Schonlau M, Haas A, Derose KP, Rudd R, Loucks EB, Rosenfeld L, Buka SL.
Literacy skills and calculated 10-year risk of coronary heart disease. J Gen Intern Med. 2011
Jan. 26(1):45-50. Erratum in: J Gen Intern Med. 2011 Feb;26(2):228

Mathew HR, Choi MY, Parkins MD, Fritzler MJ. Systematic review: cystic fibrosis in the
SARS-CoV-2/COVID-19 pandemic. BMC Pulm Med. 2021. 21(1):173

McNally E, MacLeod H, Dellefave-Castillo L. Arrhythmogenic Right Ventricular Cardiomyopathy
Overview. In: Adam MP, Feldman J, Mirzaa GM, Pagon RA, Wallace SE, Bean LJH, Gripp KW,
Amemiya A, editors. GeneReviews [Internet]. Seattle (WA): University of Washington. Seattle.
2005 Apr 18 [updated 2023 May 11].

Medved D, Ohlsson M, Hoglund P, Andersson B, Nugues P, Nilsson J. Improving prediction of
heart transplantation outcome using deep learning techniques. Sci Rep. 2018 Feb
26;8(1):3613. doi: 10.1038/s41598-018-21417-7. PMID: 29483521; PMCID: PMC5827028.

Meseeha M, Attia M. Alpha-1 Antitrypsin Deficiency. In: StatPearls [Internet]. Treasure Island
(FL): StatPearls Publishing; 2023

Michelson AP, Oh |, Gupta A, Puri V, Kreisel D, Gelman AE, Nava R, Witt CA, Byers DE,
Halverson L, Vazquez-Guillamet R, Payne PRO, Hachem RR. Developing machine learning
models to predict primary graft dysfunction after lung transplantation. Am J Transplant. 2023
Jul 17. S1600-6135(23)00580-4

Miller Dylan V., Revelo Monica P., Ischemic Heart Disease, Diagnostic Pathology:
Cardiovascular, Elsevier, 2018, Pages 110-113

Mittelstadt B, The impact of Artificial Intelligence on the Doctor-Patient Relationship. Report
commissioned by the Steering Committee for Human Rights in the fields of Biomedicine and
Health. Council of Europe. 2021

Mohanakumar T, Sharma M, Bansal S, Ravichandran R, Smith MA, Bremner RM. A novel
mechanism for immune regulation after human lung transplantation. J Thorac Cardiovasc Surg.
2019 May. 157(5):2096-2106

Monte-Serrat or Monte Serrat, Dionéia & Cattani, Carlo. Artificial intelligence. In book: The
Natural Language for Artificial Intelligence. 2021. pp.71-88

Mooney A. Quality of life: questionnaires and questions. J Health Commun. 2006 Apr-May.
11(3):327-41

123



174.

175.

176.

177.

178.

179.

180.

181.

182.

183.

184.

185.

186.

187.

References

Moons KG, de Groot JA, Bouwmeester W, Vergouwe Y, Mallett S, Altman DG, et al. Critical
appraisal and data extraction for systematic reviews of prediction modelling studies: the
CHARMS checklist. PLoS Med. 2014. 11:e1001744

Mostafa Amini, Ali Bagheri, Dursun Delen, An explanatory analytics model for identifying
factors indicative of long- versus short-term survival after lung transplantation, Decision
Analytics Journal, Volume 3, 2022, 100058, ISSN 2772-6622,
https://doi.org/10.1016/j.dajour.2022.100058.

Moura LC, de Oliveira PC, dos Santos JG, Paglione HB, do Nascimento Neto JM, dos Santos
RC, de Oliveira Marcos MC, Carneiro AR, Moreira FA, Correa Calado DA, Leite RF, de Aguiar
Roza B, de Oliveira Salvalaggio PR, de Matos AC. An analysis of the quality indicators of the
organ donation process in Sdo Paulo, Brazil. Clin Transplant. 2015 Dec. 29(12):1047-53

Munoz-Guijosa, C. et al. Orthotopic heart transplantation in patients with transposition of the
great arteries. Revista Espafiola de Cardiologia (English Edition). 62(2). 2009. pp. 216-219.

Munting A, Manuel O. Viral infections in lung transplantation. J Thorac Dis. 2021 Nov.
13(11):6673-6694

Naruka V, Arjomandi Rad A, Subbiah Ponniah H, Francis J, Vardanyan R, Tasoudis P,
Magouliotis DE, Lazopoulos GL, Salmasi MY, Athanasiou T. Machine learning and artificial
intelligence in cardiac transplantation: A systematic review. Artif Organs. 2022 Sep.
46(9):1741-1753

National Academies of Sciences, Engineering, and Medicine, Legal, Regulatory, and Policy
Frameworks for Organ Donation and Research Participation. in: Opportunities for Organ
Donor Intervention Research: Saving Lives by Improving the Quality and Quantity of Organs for
Transplantation. Washington, DC: The National Academies Press. 2017

Nguyen AM, Schelfhout J, Muccino D, et al. Leicester Cough Questionnaire validation and
clinically important thresholds for change in refractory or unexplained chronic cough. Ther Adv
Respir Dis. 2022. 16:17534666221099737.

Niehammer, U., Stral3burg, S., Sutharsan, S. et al. How personality influences health outcomes
and quality of life in adult patients with cystic fibrosis. BMC Pulm Med 23. 2023. p 190

Nijor S, Rallis G, Lad N, Gokcen E. Patient Safety Issues From Information Overload in
Electronic Medical Records. J Patient Saf. 2022 Sep 1. 18(6):€999-e1003

Nimmo A, Gardiner D, Ushiro-Lumb |, Ravanan R, Forsythe JLR. The Global Impact of
COVID-19 on Solid Organ Transplantation: Two Years Into a Pandemic. Transplantation. 2022
Jul 1. 106(7):1312-1329

Nina Singh, Antifungal Prophylaxis for Solid Organ Transplant Recipients: Seeking Clarity
Amidst Controversy. Clinical Infectious Diseases. Volume 31. Issue 2. August 2000. Pages
545-553

Nolan CM, Birring SS, Maddocks M, Maher TM, Patel S, Barker RE, Jones SE, Walsh JA,
Wynne SC, George PM, Man WD. King's Brief Interstitial Lung Disease questionnaire:
responsiveness and minimum clinically important difference. Eur Respir J. 2019 Sep 5.
54(3):1900281

Nordham KD, Ninokawa S. The history of organ transplantation. Proc (Bayl Univ Med Cent).
2021 Oct 19. 35(1):124-128

124



188.

189.

190.

191.

192.

193.

194.

195.

196.

197.

198.

199.

200.

201.

202.

203.

References

Nursetyo AA, Syed-Abdul S, Uddin M, Li YJ. Graft Rejection Prediction Following Kidney
Transplantation Using Machine Learning Techniques: A Systematic Review and Meta-Analysis.
Stud Health Technol Inform. 2019 Aug 21. 264:10-14

Oga T, Windisch W, Handa T, Hirai T, Chin K. Health-related quality of life measurement in
patients with chronic respiratory failure. Respir Investig. 2018 May. 56(3):214-221

Organ Donation and Transplantation Activities 2016 Report. Global Observatory on Donation
and Transplantation (GODT)

Organ Donation and Transplantation Activities 2017 Report. Global Observatory on Donation
and Transplantation (GODT)

Organ Donation and Transplantation Activities 2018 Report. Global Observatory on Donation
and Transplantation (GODT)

Organ Donation and Transplantation Activities 2019 Report. Global Observatory on Donation
and Transplantation (GODT)

Organ Donation and Transplantation Activities 2020 Report. Global Observatory on Donation
and Transplantation (GODT)

Organ Donation and Transplantation Activities 2021 Report. Global Observatory on Donation
and Transplantation (GODT)

Paal3, G., Giesselbach, S. Pre-trained Language Models. In: Foundation Models for Natural
Language Processing. Atrtificial Intelligence: Foundations, Theory, and Algorithms. Springer.
Cham. 2023

Paganafanador, B. Regulatory Agencies in Transplantation. In: Doria, C. (eds) Contemporary
Liver Transplantation. Organ and Tissue Transplantation. Springer. Cham. 2017

Paglicci L, Borgo V, Lanzarone N, Fabbiani M, Cassol C, Cusi MG, Valassina M, Scolletta S,
Bargagli E, Marchetti L, Paladini P, Luzzi L, Fossi A, Bennett D, Montagnani F. Incidence and
risk factors for respiratory tract bacterial colonization and infection in lung transplant recipients.
Eur J Clin Microbiol Infect Dis. 2021 Jun. 40(6):1271-1282

Pantanowitz L, Quiroga-Garza GM, Bien L, Heled R, Laifenfeld D, Linhart C, Sandbank J,
Albrecht Shach A, Shalev V, Vecsler M, Michelow P, Hazelhurst S, Dhir R. An artificial
intelligence algorithm for prostate cancer diagnosis in whole slide images of core needle
biopsies: a blinded clinical validation and deployment study. Lancet Digit Health. 2020 Aug.
2(8):e407-e416

Pardhan S, Wood S, Vaughan M, Trott M. The Risk of COVID-19 Related Hospitalsation,
Intensive Care Unit Admission and Mortality in People With Underlying Asthma or COPD: A
Systematic Review and Meta-Analysis. Front Med (Lausanne). 2021 Jun 16. 8:668808

Pavasini R, Biscaglia S, d'Ascenzo F, Del Franco A, Contoli M, Zaraket F, Guerra F, Ferrari R,
Campo G. Antiplatelet Treatment Reduces All-Cause Mortality in COPD Patients: A Systematic
Review and Meta-Analysis. COPD. 2016 Aug. 13(4):509-14

Penberthy, J.K., Penberthy, D.R. The Physician’s Dilemma: Healthcare and Bureaucracy in the
Modern World. In: Allen, D.M., Howell, J.W. (eds) Groupthink in Science. Springer, Cham. 2020

Peter Wittek, 2 - Machine Learning. Editor(s): Peter Wittek. Quantum Machine Learning,
Academic Press. 2014. Pages 11-24

125



204.

205.

206.

207.

208.

209.

210.

211.

212.

213.

214.

215.

216.

217.

References

Pham MX, Teuteberg JJ, Kfoury AG, Starling RC, Deng MC, Cappola TP, Kao A, Anderson AS,
Cotts WG, Ewald GA, Baran DA, Bogaev RC, Elashoff B, Baron H, Yee J, Valantine HA;
IMAGE Study Group. Gene-expression profiling for rejection surveillance after cardiac
transplantation. N Engl J Med. 2010 May 20. 362(20):1890-900

Pidro A, Latos M, Urlik M, Stacel T, Zawadzki F, Gaweda M, Pandel A, Przybytowski P, Knapik
P, Ochman M. Various Aspects of Bacterial Infections in the Early Postoperative Stage Among
Lung Transplant Recipients on Broad-Spectrum Antibiotics: A Single Center Study. Transplant
Proc. 2022 May. 54(4):1097-1103

Pothuru S, Chan WC, Goyal A, Dalia T, Mastoris |, Sauer A, Gupta K, Porter CB, Shah Z.
Emergency department use and hospital admissions among adult orthotopic heart transplant
patients. J Am Coll Emerg Physicians Open. 2022 Jun 4. 3(3):e12718

Principi N, Autore G, Ramundo G, Esposito S. Epidemiology of Respiratory Infections during
the COVID-19 Pandemic. Viruses. 2023 May 13. 15(5):1160

Puhan MA, Gimeno-Santos E, Cates CJ, Troosters T. Pulmonary rehabilitation following
exacerbations of chronic obstructive pulmonary disease. Cochrane Database Syst Rev. 2016
Dec 8. 12(12):CD005305

Puhan MA, Scharplatz M, Troosters T, Steurer J. Respiratory rehabilitation after acute
exacerbation of COPD may reduce risk for readmission and mortality - a systematic review.
Respir Res. 2005 Jun 8. 6(1):54

Quittner AL, Modi AC, Wainwright C, Otto K, Kirihara J, Montgomery AB. Determination of the
minimal clinically important difference scores for the Cystic Fibrosis Questionnaire-Revised
respiratory symptom scale in two populations of patients with cystic fibrosis and chronic
Pseudomonas aeruginosa airway infection. Chest. 2009. 135(6):1610-1618

Quittner AL, O'Donnell AE, Salathe MA, Lewis SA, Li X, Montgomery AB, O'Riordan TG,
Barker AF. Quality of Life Questionnaire-Bronchiectasis: final psychometric analyses and
determination of minimal important difference scores. Thorax. 2015 Jan. 70(1):12-20

Qureshi Amad, Mathur Aanchal, Alshiek Jonia, Shobeiri S. Abbas, Wei Qi. Utilization of
Artificial Intelligence for Diagnosis and Management of Urinary Incontinence in Women
Residing in Areas with Low Resources: An Overview. Open Journal of Obstetrics and
Gynecology. 2021. 11. p 403-418.

Raguragavan A, Jayabalan D, Saxena A. Health-related quality of life following lung
transplantation for cystic fibrosis: A systematic review. Clinics (Sao Paulo). 2023 Apr 1.
78:100182

Rahimi-Rad MH, Sadighi T, Rabieepour M, Dinparast R, RahimiRad S. Prevalence of anemia
and its impact on mortality in patients with acute exacerbation of chronic obstructive pulmonary
disease in a developing country setting. Pneumologia. 2015 Jul-Sep. 64(3):27-30.

Rahman MA, Yilmaz |, Albadri ST, Salem FE, Dangott BJ, Taner CB, Nassar A, Akkus Z.
Artificial Intelligence Advances in Transplant Pathology. Bioengineering (Basel). 2023 Sep 4.
10(9):1041

Rajan A.G. Patel, D. Scott Lim. Chapter 11 - Congenital Heart Disease. Editor(s): Michael
Ragosta. Textbook of Clinical Hemodynamics. W.B. Saunders. 2008. Pages 178-198

Ramezani, M., Takian, A., Bakhtiari, A. et al. The application of artificial intelligence in health

126



218.

219.

220.

221.

222.

223.

224.

225.

226.

227.

228.

229.

230.

References

financing: a scoping review. Cost Eff Resour Alloc 21. 2023. 83

Ramspek CL, Jager KJ, Dekker FW, Zoccali C, van Diepen M. External validation of prognostic
models: what, why, how, when and where?. Clin Kidney J. 2020 Nov 24. 14(1):49-58

Ravindhran B, Chandak P, Schafer N, Kundalia K, Hwang W, Antoniadis S, Haroon U, Zakri
RH. Machine learning models in predicting graft survival in kidney transplantation:
meta-analysis. BJS Open. 2023 Mar 7. 7(2):zrad011.

Reichardt, JO. Xenotransplantation and Tissue Engineering Technologies: Safeguarding Their
Prospects sans Sacrificing our Future. In: Jox, R., Assadi, G., Marckmann, G. (eds) Organ
Transplantation in Times of Donor Shortage. International Library of Ethics, Law, and the New
Medicine. vol 59. Springer, Cham. 2016

Resch T, Cardini B, Oberhuber R, Weissenbacher A, Dumfarth J, Krapf C, Boesmueller C,
Oefner D, Grimm M, Schneeberger S. Transplanting Marginal Organs in the Era of Modern
Machine Perfusion and Advanced Organ Monitoring. Front Immunol. 2020 May 12. 11:631

Robbins NM, Bernat JL. Practice Current: When do you order ancillary tests to determine brain
death? Neurol Clin Pract. 2018 Jun. 8(3):266-274

Robert J.H. Miller, FrantiSek Sabovcik, Nicholas Cauwenberghs, Celine Vens, Kiran K. Khush,
Paul A. Heidenreich, Francois Haddad, Tatiana Kuznetsova, Temporal shift and predictive
performance of machine learning for heart transplant outcomes, The Journal of Heart and Lung
Transplantation, Volume 41, Issue 7, 2022, Pages 928-936, doi: 10.1016/j.healun.2022.03.019

Roerecke M, Rehm J. Alcohol consumption, drinking patterns, and ischemic heart disease: a
narrative review of meta-analyses and a systematic review and meta-analysis of the impact of
heavy drinking occasions on risk for moderate drinkers. BMC Med. 2014 Oct 21. 12:182.

Rom, W.N., Pinkerton, K.E. Introduction: Consequences of Global Warming to Planetary and
Human Health. In: Pinkerton, K.E., Rom, W.N. (eds) Climate Change and Global Public Health.
Respiratory Medicine. Humana, Cham. 2021

Romieu |, Gouveia N, Cifuentes LA, de Leon AP, Junger W, Vera J, Strappa V, Hurtado-Diaz
M, Miranda-Soberanis V, Rojas-Bracho L, Carbajal-Arroyo L, Tzintzun-Cervantes G; HEI
Health Review Committee. Multicity study of air pollution and mortality in Latin America (the
ESCALA study). Res Rep Health Eff Inst. 2012 Oct. (171):5-86.

Rosenberger EM, DeVito Dabbs AJ, DiMartini AF, Landsittel DP, Pilewski JM, Dew MA.
Long-Term Follow-up of a Randomized Controlled Trial Evaluating a Mobile Health Intervention
for Self-Management in Lung Transplant Recipients. Am J Transplant. 2017 May.
17(5):1286-1293

Ruck JM, Zhou AL, Florissi |, Ha JS, Shah PD, Massie AB, Segev DL, Merlo CA, Bush EL.
Uptake and 1-year outcomes of lung transplantation for COVID-19. J Thorac Cardiovasc Surg.
2024 Feb. 167(2):549-555.e1

Ryrsg CK, Godtfredsen NS, Kofod LM, Lavesen M, Mogensen L, Tobberup R,
Farver-Vestergaard |, Callesen HE, Tendal B, Lange P, lepsen UW. Lower mortality after early
supervised pulmonary rehabilitation following COPD-exacerbations: a systematic review and
meta-analysis. BMC Pulm Med. 2018 Sep 15. 18(1):154

S. Rabbani, S.P. Singh, S. Seth, A. Goyal, M.K. Sahu, M.P. Hote, One Year Outcomes
Following Orthotopic Heart Transplantation at a Tertiary Care Center in India. The Journal of

127


http://dx.doi.org/10.1016/j.healun.2022.03.019

231.

232.

233.

234.

235.

236.

237.

238.

239.

240.

241.

242.

243.

244,

245.

246.

References

Heart and Lung Transplantation. Volume 40. Issue 4. Supplement. 2021. Pages S291-S292

Sade LE, Eroglu S, Yuce D, Bircan A, Pirat B, Sezgin A, Aydinalp A, Muderrisoglu H. Follow-up
of heart transplant recipients with serial echocardiographic coronary flow reserve and
dobutamine stress echocardiography to detect cardiac allograft vasculopathy. J Am Soc
Echocardiogr. 2014 May. 27(5):531-9

Saghazadeh, A., Rezaei, N. How COVID-19 Has Globalized: Unknown Origin, Rapid
Transmission, and the Immune System Nourishment. In: Rezaei, N. (eds) Coronavirus Disease
- COVID-19. Advances in Experimental Medicine and Biology. vol 1318. Springer, Cham. 2021

Sapiertein Silva JF, Ferreira GF, Perosa M, Nga HS, de Andrade LGM. A machine learning
prediction model for waiting time to kidney transplant. PLOS ONE. 2021. 16(5): e0252069

Sargiotis, G.-C. Applications of Atrtificial Intelligence in clinical studies: Ethical dilemmas.
Bioethica. 2023. 9(1). p 50-68

Sarkar S, Grover S, Chadda RK. Psychiatric Assessment of Persons for Solid-Organ
Transplant. Indian J Psychiatry. 2022 Mar. 64(Suppl 2):S308-S318

Sarker, I.LH. Deep Learning: A Comprehensive Overview on Techniques, Taxonomy,
Applications and Research Directions. SN COMPUT. SCI. 2. 2021. 420

Sassi, F. Calculating QALYs and DALYs: Methods and Applications to Fatal and Non-Fatal
Conditions. In: Preedy, V.R., Watson, R.R. (eds) Handbook of Disease Burdens and Quality of
Life Measures. Springer, New York, NY. 2010

Savant A, Lyman B, Bojanowski C, et al. Cystic Fibrosis. In: Adam MP, Feldman J, Mirzaa GM,
et al., editors. GeneReviews [Internet]. Seattle (WA): University of Washington, Seattle; 2001
Mar 26 [Updated 2023 Mar 9].

Schivo, M., Avdalovic, M.V. & Murin, S. Non-Cigarette Tobacco and the Lung. Clinic Rev Allerg
Immunol 46. 2014. p 34-53

Schrijver J, Lenferink A, Brusse-Keizer M, Zwerink M, van der Valk PDLPM, van der Palen J,
Effing TW. Self-management interventions for people with chronic obstructive pulmonary
disease. Cochrane Database of Systematic Reviews 2022. Issue 1. Art. No.: CD002990

Schulz K, Kroencke S. Psychosocial challenges before and after organ transplantation.
Transplant Research and Risk Management. 2015. 7:45-58

Sears MR. Adverse effects of beta-agonists. J Allergy Clin Immunol. 2002 Dec. 110(6
Suppl):S322-8

Seiler A, Klaghofer R, Ture M, Komossa K, Martin-Soelch C, Jenewein J. A systematic review
of health-related quality of life and psychological outcomes after lung transplantation. J Heart
Lung Transplant. 2016 Feb. 35(2):195-202

Seiler-Ramadas, R., Sandner, |., Haider, S. et al. Health effects of electronic cigarette
(e-cigarette) use on organ systems and its implications for public health. Wien Klin Wochenschr
133. 2021. p 1020-1027

Senanayake S, White N, Graves N, Healy H, Baboolal K, Kularatha S. Machine learning in
predicting graft failure following kidney transplantation: A systematic review of published
predictive models. Int J Med Inform. 2019 Oct. 130:103957

Shah SN, Umapathi KK, Oliver TI. Arrhythmogenic Right Ventricular Cardiomyopathy. In:

128



247.

248.

249.

250.

251.

252.

253.

254.

255.

256.

257.

258.

259.

260.

261.

References

StatPearls [Internet]. Treasure Island (FL): StatPearls Publishing; 2023

Shams, R.A., Zowghi, D. & Bano, M. Al and the quest for diversity and inclusion: a systematic
literature review. Al Ethics. 2023

Sharma M, Liu W, Perincheri S, Gunasekaran M, Mohanakumar T. Exosomes expressing the
self-antigens myosin and vimentin play an important role in syngeneic cardiac transplant
rejection induced by antibodies to cardiac myosin. Am J Transplant. 2018 Jul. 18(7):1626-1635.

Shou BL, Chatterjee D, Russel JW, Zhou AL, Florissi IS, Lewis T, Verma A, Benharash P, Choi
CW. Pre-operative Machine Learning for Heart Transplant Patients Bridged with Temporary
Mechanical Circulatory Support. J Cardiovasc Dev Dis. 2022 Sep 19. 9(9):311

Silva, G.F., J. Simmonds, N. & Roth Dalcin, P. Clinical characteristics and outcomes in adult
cystic fibrosis patients with severe lung disease in Porto Alegre, southern Brazil. BMC Pulm
Med 20. 2020. 194

Singh, H., Jani, C., Marshall, D.C. et al. Cystic fibrosis-related mortality in the United States
from 1999 to 2020: an observational analysis of time trends and disparities. Sci Rep 13. 2023.
15030

Song JY, Sung SY, Lee CY, Lin YC, Hsu PS, Lin CY, Tsai YT, Tsai CS. Heart transplantation for
congenitally corrected transposition of the great arteries. J Med Sci 2014. 34:193-4

Spanish Ministry of Health. N.T.O. Meeting the organ shortage: current status and strategies for
improvement of organ donation. Organizacién Nacional de Trasplantes. 2023

Sperrin, M., Riley, R.D., Collins, G.S. et al. Targeted validation: validating clinical prediction
models in their intended population and setting. Diagn Progn Res 6. 2022. 24

Stacel T, Jaworska |, Zawadzki F, Wajda-Pokrontka M, Tatoj Z, Urlik M, Necki M, Latos M,
Szywacz W, Szczerba A, Antonczyk R, Piéro A, Przybytowskia P, Zembala M, Ochman M.
Assessment of Quality of Life Among Patients After Lung Transplantation: A Single-Center
Study. Transplant Proc. 2020 Sep. 52(7):2165-2172

Stanton BA, Hampton TH, Ashare A. SARS-CoV-2 (COVID-19) and cystic fibrosis. Am J
Physiol Lung Cell Mol Physiol. 2020. 319(3):L408-L415

Starzl TE, lwatsuki S, Van Thiel DH, Gartner JC, Zitelli BJ, Malatack JJ, Schade RR, Shaw BW
Jr, Hakala TR, Rosenthal JT, Porter KA. Evolution of liver transplantation. Hepatology. 1982
Sep-Oct. 2(5):614-36

Stewart DE, Tlusty SM, Taylor KH, Brown RS, Neil HN, Klassen DK, Davis JA, Daly TM, Camp

PC, Doyle AM. Trends and Patterns in Reporting of Patient Safety Situations in
Transplantation. Am J Transplant. 2015 Dec. 15(12):3123-33

Stine, Amira & Kavak, Hamdi. Bias, fairness, and assurance in Al: overview and synthesis, In
book: Al Assurance. 2023. pp.125-151

Stoller JK, Hupertz V, Aboussouan LS. Alpha-1 Antitrypsin Deficiency. In: Adam MP, Feldman
J, Mirzaa GM, Pagon RA, Wallace SE, Bean LJH, Gripp KW, Amemiya A, editors.
GeneReviews® [Internet]. Seattle (WA): University of Washington, Seattle. 2006 Oct 27
[updated 2023 Jun 1].

Suarez-Pierre A, Lui C, Zhou X, Giuliano K, Etchill E, Almaraz-Espinoza A, Crawford TC,
Fraser CD 3rd, Whitman GJ, Choi CW, Higgins RS, Kilic A. Long-term Survival After Heart
Transplantation: A Population-based Nested Case-Control Study. Ann Thorac Surg. 2021 Mar.

129



262.

263.

264.

265.

266.

267.

268.

269.

270.

271.

272.

273.

274.

275.

276.

References

111(3):889-898

Sullivan HR, Schweikart SJ. Are Current Tort Liability Doctrines Adequate for Addressing Injury
Caused by Al? AMA J Ethics. 2019 Feb 1. 21(2):E160-166

Sun H, Deng M, Chen W, Liu M, Dai H, Wang C. Graft dysfunction and rejection of lung
transplant, a review on diagnosis and management. Clin Respir J. 2022 Jan. 16(1):5-12

Sweta Modak, Hadi Mokarizadeh, Elika Karbassiyazdi, Ahmad Hosseinzadeh, Milad Rabbabni
Esfahani. Chapter 10 - The Al-assisted removal and sensor-based detection of contaminants in
the aquatic environment. Editor(s): Mohsen Asadnia, Amir Razmjou, Amin Beheshti. In
Cognitive Data Science in Sustainable Computing, Artificial Intelligence and Data Science in
Environmental Sensing. Academic Press. 2022. Pages 211-244

Tenny S, Hoffman MR. Prevalence. In: StatPearls [Internet]. Treasure Island (FL): StatPearls
Publishing; 2023

Teoli D, Bhardwaj A. Quality Of Life. In: StatPearls [Internet]. Treasure Island (FL): StatPearls
Publishing; 2023

Terlizzi V, Motisi MA, Pellegrino R, Padoan R, Chiappini E. Risk factors for severe COVID-19 in
people with cystic fibrosis: A systematic review. Front Pediatr. 2022 Aug 8. 10:958658

Texereau, J., Jamal, D., Choukroun, G. et al. Determinants of mortality for adults with cystic
fibrosis admitted in Intensive Care Unit: a multicenter study. Respir Res 7. 2006. 14

Thongprayoon C, Kaewput W, Sharma K, Wijarnpreecha K, Leeaphorn N, Ungprasert P,
Sakhuja A, Cabeza Rivera FH, Cheungpasitporn W. Outcomes of kidney transplantation in
patients with hepatitis B virus infection: A systematic review and meta-analysis. World J
Hepatol. 2018 Feb 27. 10(2):337-346

Tian D, Yan HJ, Huang H, Zuo YJ, Liu MZ, Zhao J, Wu B, Shi LZ, Chen JY. Machine
Learning-Based Prognostic Model for Patients After Lung Transplantation. JAMA Netw Open.
2023 May 1. 6(5):e2312022

Todd JL, Neely ML, Finlen Copeland CA, Frankel CW, Reynolds JM, Palmer SM. Prognostic
significance of early pulmonary function changes after onset of chronic lung allograft
dysfunction. J Heart Lung Transplant. 2019 Feb. 38(2):184-193

Tran R, Forman R, Mossialos E, Nasir K, Kulkarni A. Social Determinants of Disparities in
Mortality Outcomes in Congenital Heart Disease: A Systematic Review and Meta-Analysis.
Front Cardiovasc Med. 2022 Mar 15. 9:829902

Tropea, |., Bernabei, A., Faggian, G., Onorati, F. Outcomes and Impact on Life Quality. In:
Hashim, H.T., Ahmed, N., Faggian, G., Manyalich, M., Onorati, F. (eds) Heart Transplantation.
Springer, Cham. 2022

Ueda, D., Kakinuma, T., Fujita, S. et al. Fairness of artificial intelligence in healthcare: review
and recommendations. Jpn J Radiol 42. 2024. p 3-15

Uribe LG, Cortés JA, Granados CE, Montoya JG. Antifungal prophylaxis following heart
transplantation: systematic review. Mycoses. 2014 Jul. 57(7):429-36

van Kessel DA, Hoffman TW, Kwakkel-van Erp JM, Oudijk ED, Zanen P, Rijkers GT, Grutters
JC. Long-term Follow-up of Humoral Immune Status in Adult Lung Transplant Recipients.
Transplantation. 2017 Oct. 101(10):2477-2483

130



277.

278.

279.

280.

281.

282.

283.

284.

285.

286.

287.

288.

289.

290.

201.

292.

References

Venuta F, Van Raemdonck D. History of lung transplantation. J Thorac Dis. 2017 Dec.
9(12):5458-5471

Verduri, A., Carter, B., Laraman, J. et al. Frailty and its influence on mortality and morbidity in
COPD: A Systematic Review and Meta-Analysis. Intern Emerg Med 18. 2023. 2423-2434

Verleden GM, Dupont L, Yserbyt J, Schaevers V, Van Raemdonck D, Neyrinck A, Vos R.
Recipient selection process and listing for lung transplantation. J Thorac Dis. 2017 Sep.
9(9):3372-3384

Vittorio Palmieri, Andrea Montisci, Maria Teresa Vietri, Paolo C. Colombo, Silvia Sala, Ciro
Maiello, Enrico Coscioni, Francesco Donatelli, Claudio Napoli. Artificial intelligence, big data
and heart transplantation: Actualities, International Journal of Medical Informatics. Volume 176.
2023

Vivek Kaul, Sarah Enslin, Seth A. Gross, History of artificial intelligence in medicine.
Gastrointestinal Endoscopy. Volume 92. Issue 4. 2020. Pages 807-812

Weiss J, Raghu VK, Bontempi D, Christiani DC, Mak RH, Lu MT, Aerts HJWL. Deep learning to
estimate lung disease mortality from chest radiographs. Nat Commun. 2023 May 16.
14(1):2797

White, N., Parsons, R., Collins, G. et al. Evidence of questionable research practices in clinical
prediction models. BMC Med 21. 2023. p 339

Wilhelm MJ. Long-term outcome following heart transplantation: current perspective. J Thorac
Dis. 2015 Mar. 7(3):549-51

Wolff RF, Moons KGM, Riley RD, Whiting PF, Westwood M, Collins GS, Reitsma JB, Kleijnen J,
Mallett S; PROBAST Group. PROBAST: A Tool to Assess the Risk of Bias and Applicability of
Prediction Model Studies. Ann Intern Med. 2019 Jan 1. 170(1):51-58

Xu C, Li H, Yang J, Peng Y, Cai H, Zhou J, Gu W, Chen L. Interpretable prediction of 3-year
all-cause mortality in patients with chronic heart failure based on machine learning. BMC Med
Inform Decis Mak. 2023 Nov 20. 23(1):267

Xu J, Xu W, Qiu Y, Gong D, Man C, Fan Y. Association of Prefrailty and Frailty With All-Cause
Mortality, Acute Exacerbation, and Hospitalization in Patients With Chronic Obstructive
Pulmonary Disease: A Meta-Analysis. J Am Med Dir Assoc. 2023 Jul. 24(7):937-944.e3.

Xu Y, Hu T, Ding H, Chen R. Effects of anemia on the survival of patients with chronic
obstructive pulmonary disease: a systematic review and meta-analysis. Expert Rev Respir
Med. 2020 Dec. 14(12):1267-1277

Xu, H., Huang, W. Progress of Air Pollution Epidemiology Research in China. In: Ye, DQ. (eds)
Progress in China Epidemiology. Springer, Singapore. 2022

Yardley M, Gullestad L, Bendz B, Bjgrkelund E, Rolid K, Arora S, Nytrgen K. Long-term effects
of high-intensity interval training in heart transplant recipients: A 5-year follow-up study of a
randomized controlled trial. Clin Transplant. 2017 Jan. 31(1)

Yardley M, Gullestad L, Nytrgen K. Importance of physical capacity and the effects of exercise
in heart transplant recipients. World J Transplant. 2018 Feb 24. 8(1):1-12

Yi Z, Xi C, Menon MC, Cravedi P, Tedla F, Soto A, Sun Z, Liu K, Zhang J, Wei C, Chen M,
Wang W, Veremis B, Garcia-Barros M, Kumar A, Haakinson D, Brody R, Azeloglu EU, Gallon
L, O'Connell P, Naesens M, Shapiro R, Colvin RB, Ward S, Salem F, Zhang W. A large-scale

131



203.

204,

205.

296.

References

retrospective study enabled deep-learning based pathological assessment of frozen
procurement kidney biopsies to predict graft loss and guide organ utilization. Kidney Int. 2024
Feb. 105(2):281-292

Yoo, D., Divard, G., Raynaud, M. et al. A Machine Learning-Driven Virtual Biopsy System For
Kidney Transplant Patients. Nat Commun 15. 2024. 554

Zeltzer SM, Taylor DO, Tang WH. Long-term dietary habits and interventions in solid-organ
transplantation. J Heart Lung Transplant. 2015 Nov. 34(11):1357-65

Zhou Y, Chen S, Rao Z, Yang D, Liu X, Dong N, Li F. Prediction of 1-year mortality after heart
transplantation using machine learning approaches: A single-center study from China. Int J
Cardiol. 2021 Sep 15;339:21-27. doi: 10.1016/j.ijjcard.2021.07.024. Epub 2021 Jul 13. PMID:
34271025.

Zinchenko, O. Blog: Ai agents: Types, functions, Advantages & Challenges - exploring the
world of Autonomous Intelligence. Lab Lab. 2023

132



		2024-10-20T12:50:41+0300
	ELPIS PAVI


		2024-10-21T05:18:47+0300
	THEODOROS SERGENTANIS


		2024-10-21T10:58:12+0300
	ΚΩΝΣΤΑΝΤΙΝΟΣ ΑΘΑΝΑΣΑΚΗΣ


		2024-10-21T10:58:39+0300
	ΚΩΝΣΤΑΝΤΙΝΟΣ ΑΘΑΝΑΣΑΚΗΣ




