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Abstract: In chronic respiratory diseases (CRDs), oxidative stress and inflammation exhibit a strong
pathophysiological interplay, playing essential roles in the onset and progression of these conditions
and their associated comorbidities. Oxidative stress can activate inflammatory pathways, leading to
sustained airway inflammation. In turn, chronic inflammation can increase the production of reactive
oxygen species (ROS), thereby exacerbating oxidative stress. This vicious cycle contributes to airway
remodeling, reduced lung function, and disease progression. This review emphasizes the central
roles of inflammation and oxidative stress in two of the most prevalent hypoxemic conditions,
chronic obstructive pulmonary disease (COPD) and obstructive sleep apnea (OSA), as well as their
involvement in the development of major comorbidities. A comprehensive understanding of these
processes is crucial to developing therapeutic strategies aimed at reducing oxidative stress and
inflammation for the effective management and treatment of CRDs and their comorbidities. It also
underscores the crucial role of hypoxia and its transcriptional effects, mediated by hypoxia-inducible
factors (HIF), as a primary driver of disease progression through the promotion of oxidative stress
and inflammation. Another key element is the rapid advancement of Artificial Intelligence (AI),
which presents promising strategies to mitigate the global burden of CRDs. Al holds potential for
reducing healthcare costs while improving diagnostic specificity, enabling earlier detection, and
optimizing disease monitoring and management. This review explores the current landscape and
future prospects of Al in transforming the diagnosis, clinical management, and prognosis of these
respiratory disorders.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.1205.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 May 2025 d0i:10.20944/preprints202505.1205.v1

2 of 32

Keywords: chronic obstructive respiratory disease; obstructive sleep apnea; hypoxia; HIF; oxidative
stress; inflammation; comorbidities; cancer; pulmonary hypertension; artificial intelligence

1. Introduction

Overview of chronic respiratory diseases and comorbidities related to COPD and OSA.
Globally, chronic respiratory diseases (CRDs) are estimated to cause one death every 10 seconds
(equivalent to 3 million annually) and are projected to become the third leading cause of mortality by
2030, according to the World Health Organization (WHO). Data from the Global Burden of Diseases,
Injuries, and Risk Factors Study [1] indicates that total deaths and the prevalence of CRDs have
increased by 28.5% and 39.8%, respectively [1]. Chronic obstructive pulmonary disease (COPD) and
obstructive sleep apnea (OSA) are highly prevalent chronic respiratory conditions associated with
significant morbidity. The global prevalence of COPD among adults is estimated at approximately
12% [2]; [3], whereas the prevalence of OSA may reach up to 38% [4]. Both conditions are
characterized by reduced arterial oxygen tension (hypoxemia), increased production of ROS, and an
exacerbated inflammatory response, all of which shape the clinical manifestations observed in these
patients. Notably, the clinical course of these individuals is highly variable and largely influenced by
the development of comorbidities, including cardiovascular, metabolic, and neoplastic diseases, that
are often the primary cause of mortality. Despite this, the underlying mechanisms that govern the
onset and progression of these comorbidities remain poorly defined, and robust biomarkers to
predict comorbidome risk have yet to be identified.

COPD is defined by the presence of respiratory symptoms and persistent airflow limitation
resulting from structural abnormalities in the airways and/or alveoli [5]. Although traditionally
associated with older adults, COPD can also arise from early-life developmental alterations [6,7].
While smoking remains the primary etiological factor and is strongly associated with adverse clinical
outcomes and increased mortality in genetically susceptible individuals worldwide, only
approximately 15% of smokers develop an exaggerated local inflammatory response to ROS in
cigarette smoke. This leads to irreversible pulmonary damage [8,9] and the emergence of a systemic
pro-inflammatory state [10]. This pathological condition contributes to the progression and prognosis
of COPD, promoting the development of comorbidities linked to systemic dysfunction, reduced
quality of life, increased hospitalizations, suboptimal therapeutic responses, and elevated mortality
rates [11].

Frequent comorbidities observed in COPD patients include cardiovascular diseases, metabolic
disorders, pulmonary fibrosis, and lung cancer [12-14]. It is estimated that 78.6% of individuals with
COPD present with at least one clinically relevant comorbidity, 68.8% with two or more, and nearly
47.9% with three or more. Although patients with advanced airflow limitation often succumb to
respiratory failure, the majority of deaths among COPD patients are due to non-respiratory causes,
chiefly cardiovascular disease and cancer [13]. Despite these «clinical correlations, the
pathophysiological mechanisms underlying the association between COPD and its comorbidities
remain poorly understood. Beyond aging, sedentary lifestyle, and tobacco use, both hypoxia and
systemic inflammation, hallmarks of COPD, are believed to significantly contribute to the high
burden of comorbid conditions in this population [15,16].

OSA is another prevalent respiratory disorder characterized by repeated collapse of the upper
airways during sleep, leading to intermittent hypoxia (periodic drops in oxygen saturation) and sleep
fragmentation (micro-awakenings). These disturbances result in non-restorative sleep, causing
fatigue and daytime sleepiness, and contribute to the development of respiratory, neuropsychiatric,
metabolic, cardiovascular, and oncological disorders [17]. OSA is also associated with a high
mortality rate, primarily linked to daytime sleepiness and the onset of comorbidities, particularly
cardiovascular and metabolic conditions [18-21]. Severe OSA has been specifically associated to an
increased risk of dyslipidemia, non-alcoholic fatty liver disease, and, most notably, diabetes [22].
Additionally, it is also associated with a higher risk of arrhythmias, hypertension, atherosclerosis,
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ischemic heart disease, and stroke [23,24]. Although the high prevalence of hypertension in OSA
patients, exceeding 50% in some cohorts, has been proposed as the main driver of its cardiovascular
complications [25], other risk factors, particularly those promoting atherosclerosis, also play a critical
role [26,27]. Among these, dyslipidemia and inflammation, both highly prevalent in OSA, stand out
as key pro-atherosclerotic contributors [28,29].

Moreover, several epidemiological studies, patient cohort analyses, and animal models have
shown that OSA is associated with an increased incidence, aggressiveness, and mortality of various
types of cancer [30,31]. Intermittent hypoxia has been proposed as a potential mechanism, promoting
tumor vascularization, facilitating tumor growth, and modulating immune responses by disrupting
immune surveillance, thus allowing the emergence of more aggressive tumors [32-34]. In addition,
the repetitive cycles of hypoxia and reoxygenation alter redox homeostasis in OSA, promoting ROS
production and reducing endogenous antioxidant defenses. This oxidative imbalance correlates with
disease severity [35].

The co-occurrence of COPD and OSA, referred to as overlap syndrome, is relatively common
and presents a unique pattern of nocturnal hypoxemia, leading to worse clinical outcomes than either
condition alone. Recent studies have demonstrated that patients with overlap syndrome exhibit
elevated levels of systemic inflammatory biomarkers compared to individuals with isolated COPD
or OSA, potentially contributing to the increased cardiovascular risk observed in this subgroup [36].
However, inflammation alone may not fully account for the heightened cardiovascular risk,
highlighting the need for further investigation into alternative pathogenic mechanisms.

In the context of CRDs, persistent hypoxic conditions trigger a key adaptive response mediated
by transcriptional programs governed primarily by hypoxia-inducible factors (HIFs). HIF-1a and
HIF-2a are central mediators of cellular adaptation to low oxygen levels, regulating a wide array of
genes involved in essential adaptive processes [37,38]. However, in the context of CRDs, this
regulation is complex and significantly contributes to disease pathogenesis and progression. While
initially protective, chronic activation of HIF pathways can become maladaptive, initiating a cascade
of detrimental effects. In this review, we highlight several HIF-mediated pathophysiological
responses, with a particular focus on pulmonary vascular adaptation to hypoxia.

Artificial Intelligence (AI), and specifically Machine Learning (ML), has emerged as a
transformative tool across multiple disciplines, including medicine. Its applications range from
disease diagnosis and risk prediction to treatment optimization. Recent advances in Deep Learning
(DL) and Generative Al, coupled with the availability of large-scale multimodal datasets and
increased computational power, have opened new frontiers in medical research and practice. These
technologies are becoming especially relevant in respiratory medicine, significantly improving
diagnosis and prognosis in diseases such as COPD [39] and OSA [40].

ML models, which learn functional relationships between input data (e.g., clinical features,
physiological signals, or imaging) and clinical outcomes, have evolved from traditional algorithms,
such as random forests, support vector machines, and logistic regression, to more complex DL
architectures capable of processing high-dimensional data, including medical images and biosignals
[39—42]. Traditional ML approaches have demonstrated high efficacy in analyzing temporal
physiological signals from portable sensors, imaging data (notably radiomics features from chest CT
scans), and structured clinical information, achieving robust diagnostic and prognostic performance
for COPD and OSA. These models have been particularly effective in predicting exacerbations,
disease severity, and mortality by integrating diverse data sources, sometimes outperforming deep
learning methods in low-dimensional, standardized clinical datasets. DL models [43], including
convolutional neural networks (CNNSs), recurrent neural networks (RNNs), and transformer-based
architectures [44], have further enhanced the analysis of complex data such as medical images, audio,
and sequential signals, often achieving or exceeding expert-level performance and receiving
regulatory approval for autonomous diagnostic use. In COPD and OSA, DL has improved the
classification of disease phenotypes, early risk prediction, and accurate event detection from
polysomnography and ECG signals, while also enabling advanced image-based diagnostics and
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prognosis. Recently, foundational models, large, self-supervised neural networks such as
transformers, have emerged, capable of integrating multimodal data (text, imaging, biosignals) and
adapting to diverse clinical tasks via transfer learning. The recent advances illustrate the potential of
these models to unify and advance diagnostic and prognostic frameworks in respiratory medicine,
although their full clinical impact is still under investigation. Overall, the integration of Al
methodologies is transforming respiratory medicine, enabling more precise, data-driven clinical
decision-making and fostering the development of generalist models for comprehensive patient care.

2. Role of Oxidative Stress and Inflammation in CRDS

As mentioned above, oxidative stress is a key mechanism in CRDs development, making the
identification of oxidative stress-related biomarkers beneficial for improving its diagnosis and
treatment. Repeated cycles of hypoxia and reoxygenation, along with exposure to indoor and outdoor
air pollutants, and other toxic chemicals, are key factors that stimulate the endogenous production of
ROS in respiratory diseases such as OSA and COPD [9,45,46]. At low concentrations, ROS act as
secondary messengers, playing a crucial role in redox signaling and regulating a variety of essential
physiological processes, including bacterial killing during phagocytosis, vasodilation, tissue repair,
and regeneration [47,48]. However, when present at elevated levels, ROS can cause irreversible
damage to cellular biomolecules, such as lipids, carbohydrates, and nucleic acids, impairing their
function, altering cellular metabolism, and ultimately leading to cell and tissue injury [45]. If not
properly regulated, oxidative stress can drive the onset and progression of inflammatory conditions,
particularly those affecting the respiratory system [49].

Recent findings from multivariate logistic regression models have revealed a negative
correlation between oxidative balance scores and the likelihood of COPD prevalence [50]. This
imbalance is partly attributable to free radicals in cigarette smoke, which enhance endogenous ROS
production and trigger inflammatory responses at the cellular level. Consequently, the respiratory
systems of smokers exhibit age-related characteristics, partially due to increased oxidative stress,
accumulation of damaged proteins, and elevated inflammation. On this matter, expression of the ROS
generating enzyme NADPH oxidase (NOX)-4 is enhanced in airway smooth muscle from patients
with COPD, which is also correlated with disease severity and lung function decline [51]. Indeed, in
end-stage COPD, not only NOX4 but also other isoforms such as NOX1, NOX2, and NOX5 remain
active. Among them, NOX1 and NOX4 are notably involved in oxidative stress and inflammation
following acute exposure to cigarette smoke [52]. Thus, NOX enzymes are considered potential
therapeutic targets for COPD. Supporting this, apocynin, a selective NOX inhibitor partially
improved cigarette smoke-induced lung neutrophilia and reversed systemic inflammation and
oxidative stress [53] in mice, although clinical trials have not been reported yet in COPD.

COPD patients exhibit a distinctive inflammatory profile characterized by elevated levels of
macrophages, neutrophils, and both T and B lymphocytes in airway secretions [54,55]. This
inflammatory response involves both the innate and adaptive immune systems, interconnected
through dendritic cell activation. Compared to smokers without airway obstruction, COPD patients
show a heightened inflammatory response that persists even after smoking cessation [56]. Although
smoking is the major environmental risk factor, only a subset of smokers develops COPD, likely due
to genetic predispositions, epigenetic modifications, and oxidative stress, all of which may amplify
inflammation [55]. Persistent oxidative stress and inflammation accelerate epithelial cell senescence,
weaken barrier integrity, and drive chronic airway inflammation and tissue remodeling [57]. During
acute exacerbations, systemic inflammation often worsens [58,59], and population studies link
elevated systemic inflammatory markers to higher risks of diabetes, cardiovascular disease, lung
cancer, and mortality [56,60].

OSA is another chronic respiratory condition wherein oxidative stress and inflammation play
significant roles. The cyclical pattern of oxygen deprivation and reoxygenation intrinsic to OSA leads
to excessive ROS production, overwhelming cellular antioxidant defenses and triggering oxidative
stress. Such stress contributes to OSA-related complications, including cardiovascular disorders
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[35,61]. Despite evidence of elevated ROS in OSA, no consensus exists on reliable oxidative stress
biomarkers or effective antioxidant therapies, highlighting the need for further research.

Unlike continuous hypoxia, OSA-associated intermittent hypoxia includes a post-hypoxic
reoxygenation phase (ROX), marked by frequent, severe oxygen desaturation and fluctuations [62].
This pattern amplifies ROS production, enhancing oxidative stress and inflammation. Oxidative
stress also activates NF-kB, promoting the release of pro-inflammatory cytokines such as IL-1a, IL-
1B, IL-6, and TNF-a [63,64]. Recent studies demonstrate that intermittent hypoxia in OSA patients
induces cardiomyocyte apoptosis, through the calcium permeable cation channel TRPCS5,
contributing to increase ROS production, disrupting mitochondrial function, and disturbing calcium
balance. These findings shed light on the mechanisms of TRPC5-mediated cardiac damage and
highlight its potential as both a diagnostic biomarker and therapeutic target for OSA-related
cardiovascular complications [65].

Continuous positive airway pressure (CPAP) therapy, the gold standard for OSA treatment,
effectively minimizes the frequency and severity of hypoxic episodes and reduces apneas and
hypopneas while lowering oxidative stress [66,67]. However, the damage caused by oxidative stress
in OSA patients is not limited to the airway; it extends to vital organs, including the cardiovascular
system. Chronic oxidative damage is a key factor linking OSA to conditions such as hypertension,
atherosclerosis, and other cardiovascular diseases. Despite the beneficial effects of CPAP therapy on
reducing hypoxic episodes, it does not directly address the underlying oxidative stress or reverse the
oxidative damage already incurred. Indeed, some individuals may continue to exhibit residual
oxidative stress despite consistent and effective use of CPAP. In line with this, the combination of
polyphenol-rich antioxidants sourced from Aronia melanocarpa berries with CPAP therapy has shown
synergistic benefits in the treatment of OSA by lowering the levels of pro-inflammatory cytokines,
such as TNF-a and IL-6, which are commonly elevated in OSA patients [68]. This anti-inflammatory
effect may contribute to improved cardiovascular health and a lower risk of long-term complications.
Moreover, the polyphenols in Aronia enhance endothelial function by increasing nitric oxide (NO)
availability. This supports vascular tone regulation and helps reduce blood pressure, thereby
potentially lowering the risk of atherosclerosis and other cardiovascular issues, supporting improved
overall health outcomes in OSA patients [69]. Similar studies show that Tempol effectively reduces
inflammation and oxidative stress, significantly alleviating intermittent hypoxia-induced lung injury
by modulating the miR-145-5p/Nrf2 signaling pathway [70]. Additionally, antioxidant vitamins have
shown potential in lowering oxidative and carbonyl stress, key contributors to cardiovascular
complications in OSA [67]. Thus, the combination of CPAP with antioxidant therapies might be a
potential therapeutic approach to reduce the risk of health complications by further reducing
oxidative stress in OSA.

3. Oxidative Stress and Inflammation in Comorbidities of Hypoxemic
Respiratory Diseases (COPD and OSA)

3.1. Role of Inflammation in Cancer Associated with Respiratory Diseases

A growing body of evidence highlights the pivotal role of inflammation in cancer development,
particularly by facilitating key processes involved in tumor progression [71]. Inflammation
contributes to tumor initiation and promotes the accumulation of oncogenic mutations. Furthermore,
the inflammatory conditions elevate oxidative stress, resulting in enhanced DNA damage and
increased mutation rates [72]. Inflammatory mediators are also implicated in processes such as
epithelial-to-mesenchymal transition and epigenetic alterations that favor oncogenesis. In addition,
chronic inflammation leads to immune exhaustion, fostering the development of an
immunosuppressive tumor microenvironment and facilitating immune evasion [73]. Patients with
CRDs, including COPD and OSA, typically present a persistent low-grade inflammatory state, partly
driven by hypoxemia [36,56,74].
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In the context of COPD, the combination of chronic hypoxia, oxidative stress, and inflammation
promote a tumor-promoting environment in the airways, especially increasing the risk of lung cancer
[75]. Although lung cancer can occur regardless of airflow limitation severity, numerous studies have
underscored chronic inflammation as a central factor in promoting cellular transformation and
disrupting immune regulation, thereby facilitating tumor initiation and progression [56,76]. In COPD
patients, inflammatory processes are thought to support carcinogenesis via several mechanisms,
including oxidative damage, immune dysregulation, genomic instability, and tissue remodeling
[77,78].

Similarly, several studies indicate that OSA is associated with increased cancer incidence,
aggressiveness, and mortality [31]. Intermittent hypoxia experienced during sleep in OSA patients
induces oxidative stress and promotes tumorigenic processes, including angiogenesis and epithelial-
to-mesenchymal transition [34,79-81]. More importantly, there is solid evidence elucidating how the
immune surveillance in OSA patients is disrupted due to chronic inflammation, which modulates
immune cell subsets and their immune functionality. For instance, a switch to tumor-associated
macrophages and a defect in NK cell maturation have been reported as well as suppression of T cells
function mediated by overexpression of immune checkpoints axes [34,82-85].

3.2. Role of Inflammation in Cardiovascular Complications Associated to CRDs

Chronic inflammation is a central pathological mechanism implicated in a wide range of
metabolic and cardiovascular disorders. Defined as a prolonged and persistent immune activation,
chronic inflammation results in tissue injury, oxidative stress, mitochondrial dysfunction, and
disruption of physiological homeostasis [86-88]. Several inflammatory pathways link respiratory
diseases with cardiometabolic comorbidities, with particular emphasis on NF-«B signaling, NLRP3
inflammasome activation, and oxidative stress [88,89]. Although both hypoxemia and ROS are
known to stimulate NF-xB and NLRP3, current evidence points to NLRP3 as a major driver of
systemic inflammation [90,91]. Sterile stimulation activates the inflammasome complex, enhancing
the production of inflammatory cytokines such as IL-18 and IL-1B [92]. These cytokines further
exacerbate oxidative stress and hypoxemia. Altogether, chronic inflammation contributes to every
phase of cardiovascular disease development, from early onset to overt clinical complications [93,94].
Furthermore, in CRDs, inflammation acts as a persistent noxious stimulus that promotes tissue
remodeling, exacerbates inflammatory responses, and induces immune dysregulation.

Cardiovascular disease and COPD share various risk factors, including smoking, and
overlapping mechanisms such as accelerated aging, making cardiovascular mortality more common
than respiratory failure in COPD patients [95,96]. COPD is identified in 7-28% of individuals
experiencing acute myocardial infarction [97], and cardiovascular disease accounts for approximately
one-third of COPD-related deaths, primarily due to ischemic heart disease. Moreover, once COPD is
established, the risk of cardiovascular disease further increases due to a confluence of systemic
inflammation, hypoxemia, oxidative stress, physical inactivity, and other contributing factors. These
combined effects contribute to impaired cardiac function, endothelial dysfunction, and autonomic
imbalance, making individuals with COPD more susceptible to cardiovascular events such as
myocardial infarction, heart failure, stroke, and arrhythmias [14].

Indeed, the incidence of major adverse cardiovascular events is 25% higher in patients with
COPD compared to those without the condition [98]. Although shared risk factors such as age,
smoking, and socioeconomic status contribute to this association, they do not fully explain it.
Pathophysiological mechanisms such as hypoxemia, oxidative stress, and systemic inflammation are
likely key contributors. In line with this, systematic review by Chen et al. reported that individuals
with COPD are at significantly higher risk of developing cardiovascular disease than the general
population (OR 2.46, 95% CI 2.02-3.00) [98-100].

OSA patients also exhibit a chronic inflammatory phenotype characterized by oxidative stress
and elevated levels of pro-inflammatory cytokines and adhesion molecules [101]. This inflammatory
state is known to induce or exacerbate cardiovascular and metabolic comorbidities such as type 2
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diabetes mellitus, dyslipidemia, atherosclerosis, and ischemic heart disease [17,102-104]. This
“sterile” inflammation occurs in response to DAMPs (damage-associated molecular patterns), such
as high mobility group box 1 protein (HMGB1) and oxidized low-density lipoprotein (oxLDL) [105],
often as a consequence of intermittent hypoxia and oxidative stress [106,107]. These stimuli activate
inflammatory pathways, including NF-kxB and the NLRP3 inflammasome [64,108]. The
inflammasome activation results in elevated levels of IL-13, IL-18, and tissue factor, enhancing
systemic inflammation and coagulability [109,110]. Additionally, oxLDL potentiates NF-«kB signaling
and promotes foam cell formation, contributing to the progression of atherosclerosis [111].
Altogether, this network of intermittent hypoxia, oxidative stress, and systemic inflammation fosters
endothelial dysfunction and promotes cardiovascular complications in OSA patients.

3.3. Role of Oxidative Stress and Inflammation in Pulmonary Hypertension Associated to CRDs

Pulmonary hypertension (PH) is one of the most significant cardiovascular complications
associated with CRDs. This condition is defined by an elevation in mean pulmonary arterial pressure
exceeding 20 mmHg [112]. Group 3 PH, as classified by the World Symposium on Pulmonary
Hypertension, encompasses PH related to CRDs and represents one of the most prevalent subtypes.
It includes conditions with diverse etiologies such as COPD, interstitial lung diseases (e.g.,
pulmonary fibrosis), non-parenchymal restrictive disorders (e.g., OSA), hypoxia without underlying
lung disease (e.g., high-altitude exposure), and developmental lung conditions (e.g.,
bronchopulmonary dysplasia) [113].

The development of PH in the context of CRDs is associated with increased morbidity, reduced

quality of life, and poorer prognosis [114]. The underlying pathophysiology is complex and
multifactorial, involving disease-specific mechanisms [115]. Hypoxia represents a major common
factor in these conditions and much of the insight concerning the molecular mechanisms responsible
for pulmonary vasculopathy in CRDs comes from experimental animal models with exposure to
hypoxia [116]. Acute hypoxia induces a compensatory response known as hypoxic pulmonary
vasoconstriction (HPV), aimed at optimizing ventilation-perfusion matching. However, sustained
hypoxia promotes persistent HPV and vascular remodeling, resulting in elevated pulmonary
vascular resistance and PH development [116,117]. The involvement of ROS in HPV has been widely
documented, although some controversy remains regarding whether ROS levels increase or decrease
under hypoxic conditions. Current evidence predominantly supports an increase in ROS, which
activates multiple downstream effectors that elevate intracellular calcium and induce contraction of
pulmonary artery smooth muscle cells [118-121]. Mitochondria-derived ROS are considered pivotal
in HPV [120-122], although other sources, such as NADPH oxidase, may amplify the response
[118,119].
In chronic hypoxia, persistently elevated ROS levels are well-established contributors to pulmonary
arterial remodeling and enhanced pulmonary vasoconstriction, as observed in chronic hypoxia-
induced PH [123-125]. Similar mechanisms are also implicated in chronic intermittent hypoxia, a
widely used model for OSA-induced PH [126,127].

Mitochondrial respiratory chain [128] and members of the NAPDH oxidase family [129] are
considered key sources of this hypoxic ROS generation. Intriguingly, there is also evidence of
decreased ROS in pulmonary artery smooth muscle cells after chronic hypoxia [121]. Excessive
oxidative stress has also been postulated as a key driver of lung fibrosis [130,131]. Indeed, TGF-f, a
key mediator of pulmonary fibrosis and associated pulmonary vasculopathy, enhances the
production of ROS through mitochondrial pathways and NADPH oxidase activation [130].
Conversely, ROS can further stimulate the release of TGF-f3 from alveolar cells, creating a self-
amplifying cycle [132]. Moreover, the protective effects of PDE5A inhibition in bleomycin-induced
pulmonary fibrosis and PH were associated with inhibition of ROS formation [133]. In the perinatal
period, ROS-mediated injury to the developing lung is also recognized as a critical factor in the
pathogenesis of neonatal pulmonary vascular diseases, including persistent pulmonary hypertension
of the newborn and bronchopulmonary dysplasia [119,134-136].
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As already mentioned, inflammation is increasingly recognized as a key contributor to
pulmonary vascular disease and plays a significant role in the pathogenesis of various forms of PH,
including those associated with CRD [115,117,137]. Many immune cells, and multiple cytokines,
adhesion molecules, and differentiation factors have been suggested to participate in the complex
inflammatory responses promoting the pulmonary vascular remodeling characteristic of PH
[115,117,138]. Thus, elevated levels of inflammatory cytokines and chemokines, including TNFa, IL-
16, IL-6, 1I-8, IL-17, IL-21, CCI2 and CX3CL1, among others, originating from a variety of
inflammatory cell types are considered hallmarks of CRD-associated PH [126,139-143]. Extensive
evidence highlights monocytes and macrophages as central mediators of lung inflammation and
vascular remodeling in hypoxia-induced PH [142,144-146]. Upon hypoxic exposure, circulatory
monocytes are recruited into the lungs where they differentiate into interstitial macrophages. Both,
non-classical [142,144] and classical monocytes [143,147] have been proposed as precursors of
recruited interstitial macrophages. The expression of thrombospondin-1 (TSP-1) in these recruited
interstitial macrophages, was shown to activate TGF-P, resulting in enhanced pulmonary
vasoconstriction and remodeling [143,145,147]. There is also involvement of lymphoid cells in
hypoxia-induced PH. Thus, CD4+ T cells, specifically Th17 cells have been demonstrated to
contribute to the development of hypoxia-induced PH in murine models [141,148] and their
inhibition lowers right ventricle systolic pressure in established PH [148]. Similarly, Th17 cells have
been suggested to play a detrimental role in PH secondary to lung fibrosis [126].

In addition to hypoxia, other pathogenic environmental factors (e.g cigarette smoke, hyperoxia,
etc...) involved in the development of respiratory diseases have been shown to produce pulmonary
vascular injury through increased ROS or inflammation. Thus, cigarette smoke, a major risk factor in
COPD, induces pulmonary vascular dysfunction through the secretion of inflammatory molecules
and increased ROS production [149]. In particular, cigarette smoke promotes the production of
mitochondria-derived ROS, affecting the redox state of the soluble guanylyl cyclase, which severely
impairs the NO- soluble guanylyl cyclase signaling pathway in the pulmonary vasculature [9]. Using
a murine model of nicotine/hypoxia co-exposure to better illustrate the pathological conditions of
COPD-PH, Truong et al. have recently identified a major role of Rieske iron-sulfur protein (RISP)-
mediated mitochondrial ROS and NF-kB-dependent inflammation in PH development [150]. Other
sources of ROS such as xanthine oxidoreductase have also been shown to contribute to the harmful
effects of cigarette smoke in pulmonary vascular endothelial cells [151]. In addition, cigarette smoke
has been shown to promote dysregulated inflammatory signaling due to increased recruitment of
inflammatory cells or ROS-induced inflammation in pulmonary arteries [149,150,152]. An excess of
ROS production is also recognized as a critical factor for hyperoxia-induced pulmonary vascular
damage in several conditions such as respiratory distress syndrome [153] or pulmonary
brochodysplasia [154].

Many efforts have been made to target oxidative stress and the inflammatory component
underlying the pulmonary vascular injury linked to CRDs. Thus, targeting ROS with unspecific
antioxidants such as N-acetylcysteine [155] or with strategies to specifically reduce mitochondrial
ROS [123,128] show protective effects in chronic hypoxia-PH. Likewise, numerous intervention
strategies for inflammation have been proven as effective in attenuating hypoxic-PH. These include
among others: glucocorticoids [143], blocking IL-6 [139-141] CX3CR1 [142], the SDF-1/CXCR4 axis
[156], the CCR2-CCL2 axis [143], inhibiting macrophages [141], switching macrophage polarity
toward an anti-inflammatory phenotype [146] or adoptive transfer of M2 regulatory macrophages
[157].

Despite substantial evidence supporting the pathogenic role of oxidative stress and
inflammation in pulmonary vascular damage associated CRDs, and the demonstrated benefits of
therapies targeting these pathways in preclinical studies, these strategies have yet to be successfully
translated into clinical practice.

4. Transcriptional Response to Sustained and Intermittent Hypoxia in CRDS
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4.1. HIF Signaling and Gene Expression Dynamics in Sustained and Intermittent Hypoxia

As previously mentioned, hypoxemia is believed to be a major contributor to CRDs progression,
driving metabolic reprogramming, tissue remodeling, and inflammation. To maintain oxygen
homeostasis, the body employs various mechanisms, broadly categorized into immediate
physiological adjustments [158] and longer-term transcriptional responses [159]. Acute responses are
triggered within seconds of oxygen deprivation, such as the activation of chemoreceptors like the
carotid body to modulate respiration, and vascular changes that enhance oxygen delivery. However,
these mechanisms are insufficient for adaptation to prolonged hypoxia. Instead, transcriptional
responses become central over hours or days, adjusting metabolism and oxygen supply and playing
a critical role in adapting to CRDs. Additionally, hypoxia-induced transcriptional reprogramming
may help precondition tissues to better tolerate future hypoxic episodes [160,161], providing an
essential adaptive mechanism in chronic respiratory conditions where tissues are repeatedly
subjected to low oxygen levels.

A universal property of nucleated cells is their ability to autonomously sense oxygen levels and
regulate members of the HIF family of transcription factors, which orchestrate a broad gene
expression response to hypoxia. HIFs, consisting of an oxygen-regulated alpha subunit and a
constitutively expressed beta subunit (ARNT), drive a metabolic shift from oxidative
phosphorylation to glycolysis, reducing both oxygen consumption and the generation of ROS. They
also promote the transcription of genes involved in angiogenesis and erythropoiesis, facilitating
oxygen delivery to hypoxic tissues [159]. While these adaptations enhance survival, as mentioned
above chronic HIF activation is implicated in pathological processes including tissue remodeling,
inflammation, and abnormal vascularization, hallmarks of chronic respiratory and cardiovascular
diseases [38].

The oxygen-dependent regulation of HIF and its role in hypoxia adaptation have been
extensively characterized, a contribution recognized by the 2019 Nobel Prize in Physiology or
Medicine. The HIF pathway depends on a set of oxygen-sensitive enzymes that act as cellular oxygen
sensors [162]. Under normoxic conditions, EGLN family prolyl hydroxylases hydroxylate specific
proline residues on HIF-a, marking it for recognition by a ubiquitin ligase complex containing the
von Hippel-Lindau (VHL) tumor suppressor protein and targeting it for proteasomal degradation
[162]. These EGLN enzymes require iron (Fe?*), 2-oxoglutarate (2-OG), and molecular oxygen for their
activity, making them highly sensitive to oxygen levels. Even mild hypoxia inhibits EGLN activity,
leading to HIF-a stabilization and activation of its downstream transcriptional targets. HIF
transcriptional activity is also regulated by another oxygen-dependent enzyme, factor inhibiting HIF
(FIH), which hydroxylates an asparagine residue on HIF-a [162]. The central role of HIFs in hypoxia
is further reinforced by early studies showing that most hypoxia-induced genes are dependent on
HIF activity [163]

Nevertheless, while HIFs are central players, other transcription factors also contribute to the
hypoxic gene expression program by integrating diverse cellular signals. NF-«B is a key example,
especially relevant for inflammatory responses to hypoxia. Its activation is closely linked to the
inhibition of EGLN enzymes, paralleling HIF regulation [164]. Importantly, a recent report suggests
a large part of the hypoxia-regulated genes depend, at least in part, of NF-kB [165]. This interplay
between NF-kB and HIF is particularly significant in CRDs, where inflammation and hypoxia coexist,
with NF-kB acting as a key transcription factor in inflammatory responses and HIF playing a central
role in the cellular response to hypoxia. FOXO3 is another transcription factor regulated under
hypoxia through prolyl hydroxylation [166], modulating responses such as oxidative stress resistance
and metabolic adaptation [167]. Notch signaling also intersects with hypoxic pathways via direct
interactions between HIFla and the Notch intracellular domain (NICD), resulting in the hypoxic
induction of Notch target genes [168];direct hydroxylation of NICD in an oxygen-dependent manner
has also been reported. AP-1, in contrast, becomes more prominent following prolonged hypoxic
exposure [169], suggesting a role in later stages of adaptation rather than in the immediate response
[170,171]. Similarly, the Hippo pathway, which regulates TEAD transcription factors, is modulated
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by oxygen levels, potentially through the hypoxia-inducible ubiquitin ligase Siah2 [172]. This
interaction may contribute to the development of pulmonary hypertension [173,174] and other
cardiovascular diseases [175], which are common comorbidities associated with CRDs. Other
transcription factors, such as TP53 and Nrf2, may respond to hypoxia in more context-dependent
ways. TP53 is generally induced in severe hypoxia or anoxia, which may explain conflicting findings
regarding its regulation by oxygen [176]. Nrf2, a master regulator of oxidative stress, is also likely to
be indirectly involved in hypoxia adaptation [177], particularly during reoxygenation and in
conditions that promote ROS production [178]. Given the critical role of ROS in the progression of
CRDs, the involvement of Nrf2 in hypoxia-related responses, albeit indirect, may be especially
important in this context.

Thus, while HIFs are central, a diverse network of transcription factors contributes to the
hypoxic response, integrating cues from inflammation, metabolism, and cellular stress. Beyond
transcription factor regulation, oxygen availability also influences gene expression via epigenetic
mechanisms, adding another layer of dynamic control during hypoxic adaptation.

Epigenetic modifications are crucial for modulating hypoxia-induced gene expression by
altering chromatin accessibility. Seminal studies have demonstrated that hypoxia inhibits histone
demethylases such as KDM5A and KDM6A, leading to increased levels of histone marks like
H3K4me3 and H3K27me, respectively, modifications that contribute to hypoxic responses
independently of HIF [179,180]. These and other findings indicate that DNA and histone methylation
states shift dynamically in response to oxygen levels. Many demethylases are 2-oxoglutarate-
dependent dioxygenases that require oxygen as a co-substrate, positioning them as oxygen sensors
analogous to HIF prolyl hydroxylases [181,182]. Members of the KDM4, KDM5, and KDM6 families,
which have a high affinity for oxygen, are particularly susceptible to inhibition under physiological
hypoxia. As a result, hypoxia can profoundly alter chromatin landscapes, modulating gene
expression in ways that extend beyond the HIF pathway [181,182]. These insights highlight the
importance of oxygen-dependent epigenetic regulation in shaping hypoxic responses and potentially
influencing long-term disease progression.

The convergence of these transcriptional and epigenetic regulators underscores the complexity
of the cellular response to hypoxia and the importance of considering multiple regulatory pathways.
However, caution is warranted when extrapolating findings to CRDs. A significant limitation is that
much of the current knowledge comes from in vitro cellular models, often derived from tumor cell
lines that are not representative of lung tissue. For example, a query of the NCBI Gene Expression
Omnibus (GEO) for hypoxia-related transcriptional profiles revealed that 83% (504 out of 609) of
datasets originate from in vitro experiments, and only 5% (30 out of 609) pertain to lung tissue
(unpublished data). This raises uncertainty regarding the contribution of these transcriptional
mechanisms to hypoxia adaptation in pulmonary cell types in vivo.

Moreover, most studies focus on sustained hypoxia, even though oxygen levels fluctuate in
CRDs. OSA represents an extreme case, with severe patients experiencing more than 30 apnea
episodes per hour, and some exceeding 80 [183]. These cycles of hypoxia and reoxygenation create a
physiological context distinct from continuous hypoxia. Whether intermittent hypoxia elicits the
same transcriptional program as sustained hypoxia remains unclear, especially in cases involving
high-frequency, short-duration hypoxic episodes. Evidence suggests that intermittent hypoxia
preferentially activates NF-kB over HIFs, particularly in OSA models, where inflammation rather
than canonical HIF-driven adaptation appears to dominate [184]. Supporting this, intermittent
hypoxia has been associated with NF-kB-mediated inflammatory gene expression in adipose tissue,
a key contributor to the cardiovascular complications of OSA [185]. These observations highlight the
need for further studies to systematically compare the transcriptional effects of sustained versus
intermittent hypoxia, particularly in CRDs, where oxygenation patterns have critical implications for
disease progression and treatment strategies.

4.2. Role of HIFs in Vascular Dysfunction in COPD and OSA.
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The bronchial and alveolar epithelium constitute the primary cellular interface with inhaled
oxygen. However, the role of HIFs in lung epithelial cell biology remains largely unexplored. In
contrast, the pulmonary response to hypoxia has been more extensively studied in the vascular
endothelium, where hypoxic exposure leads to increased coverage of pulmonary vessels by smooth
muscle cells (PASMCs). This vascular remodeling is responsible for the increase in pulmonary arterial
pressure, which may ultimately result in right ventricular hypertrophy and heart failure.

Previous studies have demonstrated that hypoxia-induced pulmonary vascular remodeling is
mediated by HIFs. Specifically, HIF-induced vascular remodeling involves the emergence of
PASMC:s in alveolar wall vessels (which are normally devoid of smooth muscle under physiological
conditions). It also involves the thickening of the tunica media and adventitia in vessels already
covered by smooth muscle cells under normoxic conditions. In this context, mice with heterozygous
germline deletion of HIF1la or HIF2a exhibit attenuated development of pulmonary hypertension
upon chronic hypoxic exposure [186-188]. Further investigations have confirmed the pivotal role of
endothelial HIF2a in hypoxia-driven pulmonary hypertension in which endothelial cell-specific
deletion of HIF2a protects against the development of hypoxia-induced pulmonary hypertension
[162,189-193]. Conversely, sustained activation of HIF2a in pulmonary artery endothelial cells in
mice leads to pulmonary hypertension and right ventricular hypertrophy [189,192,194].

In line with these findings, both human studies and mouse models carrying gain-of-function
mutations in HIF2a have demonstrated severe pulmonary hypertension phenotypes [195,196].
Additionally, HIF2« regulates the expression of key endothelial genes that enhance vasoconstriction
and impair vasodilation, including endothelin-1, apelin, and arginase 1 and 2. It also upregulates
molecules such as CXCL12, which promote the proliferation and migration of pulmonary vascular
smooth muscle cells [192,193,197]

Apart from the role of HIF2a overactivation in pulmonary hypertension, decreased HIF2a
activity in lung endothelial cells also plays an important role in other pathological conditions, these
including COPD. Notably, these patients exhibit decreased expression of HIF2a in the lungs [198].
Consistent with these findings, an independent study further demonstrated that lung tissue from
COPD patients contains a reduced number of CD31* endothelial cells, along with lower HIF2a
expression per CD31* cell, an effect that is particularly pronounced in advanced stages of the disease
[199]. Similarly, diminished endothelial HIF2a expression has been observed in murine models of
COPD following chronic exposure to cigarette smoke [198,199].

In agreement with these results, genetic inactivation of HIF2a specifically in pulmonary
endothelial cells results in an emphysematous phenotype characterized by enlarged alveolar spaces
and increased apoptosis of alveolar structural cells [199]. These findings suggest that reduced HIF2«x
expression in pulmonary endothelial cells may act as a pathogenic driver in the progression of COPD.
Moreover, its deficiency in lung endothelial cells leads to a concomitant reduction in both endothelial
cells and pericytes, accompanied by increased expression of pro-inflammatory cytokines such as
TNFa and IL-1{3. Importantly, this emphysematous phenotype is not observed following endothelial-
specific deletion of HIFla, underscoring the pivotal role of HIF2a in preserving lung vascular
homeostasis [199]. Collectively, these findings support the idea that endothelial HIF2a plays a critical
protective role in maintaining alveolar architecture and limiting pathological inflammation in the
lung. Nevertheless, excessive HIF2a activation in endothelial cells, such as that observed in
pulmonary hypertension, can be detrimental, which highlights the importance of well-balanced
HIF2a levels in the endothelium [198].

In addition to the role of the HIF pathway in pulmonary hypertension, HIF isoforms have been
also involved in systemic hypertension in OSA [200]. Indeed, IH-dependent HIF1x activity has been
proposed to hyperactivate the central and peripheral nervous system leading to hypertension. At
molecular level HIF1la induces the prooxidant protein NOX2, which provokes oxidative stress and
subsequent inhibition of heme-oxygenase 2 (HO-2) and generation of hydrogen sulfide (H2S)
[200,201]. In contrast, HIF2a counteracts this pathological action of HIFla by inducing the
antioxidant enzyme SOD2, which can counteract HIF1a-dependent oxidative stress. In this line, IH
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evoked a degradation of HIF2a therefore facilitating oxidative stress-dependent hypertension [202].
In addition to the central and peripheral nervous system, IH induces HIF1a in heart and aortic tissue,
which leads to oxidative stress, vascular smooth muscle cell migration, vascular remodeling and
systemic hypertension [203]. This HIF1a-dependent vascular remodelling has been associated to the
activation of the Hippo-YAP pathway [203].

4.3. Role of HIF Pathway in Airway Inflammation

HIF signaling is also activated in other pulmonary cell types, including epithelial Club cells.
where HIF2a promotes epithelial cell proliferation [204]. Notably, the progression of COPD is
associated with a chronic inflammatory state in the airways [205], a process in which HIF activity
may play a significant role. Supporting this notion, activation of HIF2a in Club cells triggers a type 2
helper T cell (Th2)-skewed inflammatory response in the lung, characterized by the activation of
group 2 innate lymphoid cells (ILC2s) [206]. At the molecular level, this effect is mediated through
HIF2a-induced expression of adrenomedullin (ADM), a gene which contains a hypoxia response
element (HRE) in its proximal promoter [206]. ADM enhances ILC2 activation by increasing the
expression of surface markers such as Sca-1 and KLRG1, and by amplifying their capacity to secrete
interleukin-5 (IL-5) [206].

These findings establish a novel link between HIF2a activity, ILC2 biology, and Th2-driven
airway inflammation. Additionally, recent clinical evidence demonstrates that patients with severe
COPD present elevated numbers of ILC2s in sputum samples [207]. In parallel, circulating ADM
levels have been identified as a potential biomarker for COPD exacerbation [208], while pro-
adrenomedullin (proADM) has been proposed as a predictor of survival in COPD patients [209].
Collectively, these data suggest that aberrant HIF2« activity in the bronchial epithelium may
exacerbate COPD by promoting airway inflammation through the ADM-ILC2 axis.

In addition to epithelial cells, HIF transcription factors also modulate immune responses in
alveolar macrophages, which are essential for maintaining immune homeostasis within the alveolar
space. HIF1la expression in myeloid cells has been shown to be critical for sustaining inflammatory
responses [210], with HIF1a generally associated with M1 macrophage polarization, whereas HIF2a
has been linked to M2 polarization [211]. However, this paradigm appears more complex in the
context of alveolar macrophages. Constitutive activation of HIFla signaling, through deletion of
tumor suppressor gene VHL, leads to impaired Th2 responses, evidenced by reduced eosinophil
recruitment and lower IL-5 and IL-13 production [212]. Furthermore, VHL inactivation in alveolar
macrophages induces an immature phenotype and impairs their capacity for surfactant clearance
[213].

These findings indicate that, contrary to its role in promoting pro-inflammatory M1 phenotypes
in other contexts, HIF1la may act suppressing specific immune functions of alveolar macrophages.
Importantly, alveolar macrophage function is known to be compromised in COPD [214]; however,
the potential contribution of HIF signaling to this dysfunction remains unexplored and requires
further investigation.

5. Relevance of Al in Respiratory Medicine

Machine Learning (ML) is a subfield of artificial intelligence that enables computer systems to
learn patterns from data and make predictions or decisions without being explicitly programmed. At
the core of any ML system is a model, typically represented by a function h, which maps an input x
(e.g., patient data, medical images, or sensor readings) to an output y (e.g., a diagnosis, risk score, or
recommended treatment). This function h is not predefined; rather, it is learned from a dataset during
a training phase, where the model adjusts its internal parameters to approximate the underlying
relationship between x and y. The different approaches vary depending on these variables (x, y, h).

In medicine, the application of ML has grown exponentially, evolving from traditional methods
to advanced Deep Learning (DL) models. Traditional ML models learn patterns from clinical features
such as symptoms, spirometry values, or imaging metrics, demonstrating effectiveness in both
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diagnostic and prognostic predictions for conditions such as COPD and OSA, and more modern Deep
Learning models can learn from images, audio or complex tabular data [39-42].

5.1. Applications of Traditional Machine Learning in Diagnosis and Prognosis

In respiratory diseases such as COPD and OSA, traditional ML methods effectively leverage
temporal physiological signals, imaging data, and structured clinical information, either individually
or combined, to enhance diagnostic accuracy and prognostic prediction.

Temporal physiological signals from portable sensors have shown effectiveness in diagnosing
and prognosticating respiratory diseases. In COPD, models such as XGBoost, Random Forest (RF),
and Support Vector Machines (SVM) have demonstrated high performance using data from
capnography, personal air quality monitors, remote spirometry, and electronic stethoscopes,
achieving remarkable performance figures for detection and exacerbation prediction [215-217]. In
OSA, typical inputs come from polysomnography (e.g. ECG, airflow, muscle activity), as well as
alternative sources such as voice and tracheal sounds [40,42], which have been successfully analysed
using SVM, RF, and logistic regression (LR) models [218-220].

Imaging data, particularly radiomics features extracted from chest Computed Tomography (CT)
scans, have shown strong potential in diagnosing and prognosticating COPD and OSA when
combined with traditional ML algorithms such as LR, SVM, and tree ensembles such as RF. These
approaches quantify airway texture, density, and morphology from chest CT scans, achieving high
diagnostic accuracy and severity classification, often outperforming demographic-based models or
basic emphysema quantification [221-223]. Radiomics has also successfully differentiated COPD
from asthma and predicted disease progression, particularly when combined with clinical data
[224,225]. Notably, ML models that rely on carefully selected radiomic and clinical features have
occasionally outperformed deep learning-based CNN approaches [226]

Tabular clinical data is one of the most extensively explored input modalities in combination
with traditional ML models for both diagnosis and prognosis in COPD and OSA. In the case of COPD,
models such as XGBoost, RF and LightGBM have demonstrated high predictive performance in
estimating critical outcomes, including acute respiratory failure, mechanical ventilation
requirements, mortality and severe exacerbations. These predictions are based on structured clinical
variables such as demographics, comorbidities, functional tests, and laboratory results, which are
used either alone or in combination with imaging and sensor data [227-229]. These models have also
been used to identify early risk factors for airflow obstruction, which underscores the preventive
potential of ML in respiratory medicine Muro S et al., 2021. In OSA, anthropometric and clinical
features have been effectively used by neural networks, SVMs, RF and LR models to predict the
apnea-hypopnea index (AHI), detect the presence of apnea and phenotype individuals based on
anatomical characteristics of the upper airway [40,42,230].

5.2. Deep Learning Approaches in Diagnosis and Prognosis

Recent advances in Deep Learning (DL) have allowed models to achieve or exceed human expert
performance in clinical tasks, with some systems receiving regulatory approval as autonomous
diagnostic tools [231]Abramoff M et al., 2018. DL architectures such as Convolutional Neural
Networks (CNNs) are effective for medical imaging and 1D biomedical signals [232]; Recurrent
Neural Networks (RNNs), particularly Long Short-Term Memory Networks (LSTM), excel at
analyzing temporal data like respiratory or polysomnography signals [40]; and transformer-based
models, trained via self-supervised learning on large datasets, have emerged as powerful generalist
approaches [233,234]. These models demonstrate their potential in medical applications when
leveraging large-scale data [235,236].

In the specific context of COPD and OSA, temporal physiological signals have proven valuable
when combined with DL architectures such as CNNs, RNNs and hybrid CNN-LSTM models,
showing high effectiveness in classifying respiratory conditions based on lung and cough sounds
[237,238], as CRDs typically alter acoustic patterns and key functional variables like airflow and lung
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capacity. DL has improved spirometry-based analysis, both in phenotype classification [239] and
early COPD risk prediction [240], outperforming traditional approaches. More recently, transformer-
based architectures have demonstrated additional improvements, confirming their strength in
sequential signal processing [241]. In the case of OSA, DL models have effectively leveraged PSG and
ECG data for apnea detection. CNN and LSTM architectures have demonstrated high performance
in accurately identifying apnea events using portable PSG signals, recurrence plot images, and time—
frequency representations such as scalograms and spectrograms derived from ECG signals portable
sleep apnea; [242-247]. Transformer-based architectures have also emerged as promising alternatives
for apnea detection [248].

Image data, particularly chest CT and X-rays, has been used for the diagnosis and prognosis of
COPD and OSA. CNN-based models, including deep residual networks, as well as Graph
Convolutional Networks (GCNs), have been applied to COPD detection from low-dose CT scans,
leveraging spatial relationships within pulmonary structures to enhance early diagnosis. These
models have outperformed both traditional ML approaches and other DL baselines [222,232,249]. In
addition, weakly supervised approaches—such as multiple instance learning [250,251] —and self-
supervised learning strategies, [252] have been explored to enable training with limited annotation,
improving both robustness and generalizability. CNNs have also been applied to COPD severity
staging and prognosis, leveraging CT and Chest X-Ray (CXR) data to classify GOLD stages (proposed
by the Global Initiative for Chronic Obstructive Lung Disease, GOLD), predict acute respiratory
events, and estimate mortality risk based on airway features or biological age models [253-256]. For
OSA detection, CNN-based methods have demonstrated high effectiveness, both independently and
in combination with techniques such as SVM or Multivariate Gaussian Process Regression (MVGPR)
[257]. These approaches leverage a wide range of data sources, including lateral cephalometric
radiographs, airway morphology features extracted from medical images, and image-based
representations of ECG and polysomnography signals (e.g., scalograms, spectrograms, and
recurrence plots), achieving accurate apnea detection [242,243,245-247,257,258].

Tabular clinical data has also been explored using DL for COPD and OSA prognosis, often
through multilayer perceptrons (MLPs), RNNs, and, more recently, attention-based models applied
to Electronic Health Record (EHR) sequences—though their benefits over traditional machine
learning remain limited. The HiTANet system, for instance, combines local transformer-based
attention with global key-query mechanisms and has outperformed classical and baseline DL models
in predicting the onset of chronic diseases such as COPD [259]. Likewise, MLPs trained on hospital
data have accurately estimated readmission risk in patients with COPD and asthma exacerbations
[260]. However, traditional ML approaches remain highly competitive. As noted in recent reviews
and meta-analyses, DL has not yet demonstrated substantial improvements over classical methods
when applied to structured tabular data for COPD or OSA prognosis—likely due to the low
dimensionality and standardisation of clinical features [40—42].

5.3. Foundational Models for Diagnosis and Prognosis

Foundational models are large neural networks—typically Transformer-based architectures
with attention mechanisms— trained on massive, diverse datasets using self-supervised learning,
that are typically available with diverse levels of openness, to be adapted to downstream tasks with
transfer learning techniques such as so-called fine-tuning [233]. It is important to distinguish between
specialized models—designed for narrow, well-defined tasks and highly optimized for specific
objectives (the majority of the studies referenced in earlier sections) —and generalist models, which
aim to handle a wide range of inputs and tasks within a single system. This distinction reflects a
broader shift towards more general Al systems in medicine. Examples include large language models
(LLMs) such as ChatGPT, which has demonstrated remarkable capabilities in clinical contexts—
passing medical licensing exams and generating human-level clinical text the Lancet Digital Health
2023. Other foundation models include multimodal architectures like CLIP [261]and domain-specific
transformers such as BioBERT, which enhances biomedical text mining [262]. In the context of COPD
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and OSA, foundational models represent a promising pathway for integrating multimodal data —
including text, imaging, and biosignals—into unified diagnostic and prognostic frameworks.
Although still under development, these models are beginning to show potential in areas such as
medical imaging, clinical text interpretation, and multisensor data analysis.

For instance, in the domain of temporal signals such as audio, a notable example is the OPERA
framework [263], which introduced three pretrained models using self-supervised learning on over
136,000 unlabeled audio samples (~400 hours) from 5 public datasets, including breathing, coughing,
and lung auscultation sounds. Fine-tuning on downstream respiratory datasets further boosted
performance across most tasks. The models are: i) OPERA-CT a contrastive transformer model (31M
parameters); ii) OPERA-CE a lightweight CNN-based model (4M parameters), suitable for low-
power devices; and iii) OPERA-GT a generative model using a Vision Treansformer (33M
parameters). All models take images that represent audio as input. They were benchmarked across
19 respiratory health tasks, including 12 health-state classification tasks (e.g., COPD detection and
severity grading) and 7 pulmonary function estimation tasks. OPERA models present reasonable
performance in general, even when compared to other domain-specific and general-purpose baseline
models such as OpenSMILE [264], VGGish [265], AudioMAE [266], and CLAP [267].

Foundational models have also been developed for medical imaging analysis. A notable
example is M3FM [268], a general-purpose foundation model designed to perform multiple chest-
related clinical tasks using low-dose 3D CT scans and multimodal clinical data. M3FM employed a
scalable, question-answering framework for multimodal reasoning. Although not COPD-specific,
MB3EM covered several relevant tasks such as the detection of emphysema, fibrosis, reticulonodular
opacities, atelectasis, and consolidation—key features for differential diagnosis, longitudinal
monitoring, and phenotyping in COPD patients. Its architecture comprises 4 main components: i) a
Vision Transformer for multiscale 3D CT volumes (CTViT), ii) a clinical text and question encoder,
iii) a task encoder that fuses inputs from previous modules and enables handling multiple tasks in a
question—answering format, and iv) a set of predictors trained for 17 clinical tasks. The model was
pretrained using self-supervised learning on the OpenM3Chest dataset (128,693 CT scans from
multiple sources) and later fine-tuned on task-specific annotated data. M3FM consistently
outperformed prior models—including both task-specific and generalist approaches such as Sybil
[269], Tri2D-Net [270], and GPT-40—achieving up to 20% improvements in tasks like lung cancer
prediction, cardiovascular disease diagnosis, and emphysema detection.

In addition, models developed for natural language processing have been successfully adapted
to clinical domains. A notable example is BEHRT [271], a transformer-based model built upon BERT
and pre-trained using masked language modeling on longitudinal EHRs. BEHRT was trained and
evaluated on ~1.6 million patients from the UK Clinical Practice Research Datalink (CPRD) [272], one
of the world’s largest and most respected databases of anonymized primary care health records. The
model predicted the future onset of 301 conditions —including COPD —formulated as a multi-label
classification task with multiple time horizons (next visit, 6 months, 12 months). BEHRT
outperformed previous EHR-based models such as Deepr (CNN-based) [273] and RETAIN (RNN
with reverse-time attention) [274], achieving improvements in performance. The gains were
particularly notable in predicting the first incidence of diseases—a challenging task in clinical
prognosis. Moreover, its self-attention mechanism enabled personalized interpretation and model
transparency.

Taken together, these foundational models show promise in unifying multimodal diagnostic
and prognostic tools for chronic respiratory care. Notably, they also show adaptability: the same core
model can be fine-tuned or prompted to address COPD or OSA among various conditions,
supporting the development of more generalist Al systems for pulmonary care. Overall, the findings
across imaging, text, audio, and multimodal data suggest that integrating diverse inputs and large
training corpora can enhance deep learning model performance and versatility.

5.4. Clinical Databases for COPD and OSA Research
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ML applications in COPD and OSA research have been made possible by recent publications of
extensive clinical datasets. For COPD, some of the most prominent cohorts include COPDGene [275],
ECLIPSE [276], SPIROMICS [277], and CanCOLD [278], which offer clinical data, genetic profiles,
spirometry results, biomarkers, and chest Computed Tomography (CT) imaging from patients with
and without COPD, covering diverse stages of disease severity. Additionally, intensive care
databases like MIMIC-III [279], MIMIC-IV [280], eICU [281], and HiRID [282] provide detailed
respiratory data specific to patients with critical respiratory conditions, including those with acute
exacerbations of COPD [283]. In sleep apnea research, prominent databases including Apnea-ECG
[284], UCD Sleep Apnea Database [285], and SHHS [286] offer detailed polysomnographic
recordings, ECG, EEG, EOG signals, apnea event annotations, and extensive longitudinal clinical
data, enabling a wide range of analytical approaches.

5.5. Risk Assessment of Al for Health. Can Al Be Used as a New Tool in Therapeutic Decision-Making?

Al, particularly generative Al, is becoming an increasingly powerful tool in medicine, with the
potential to function as a comprehensive assistant or even as an autonomous system in clinical
environments. These models can handle multiple tasks with minimal adjustment, suggesting a future
in which medical AI may play an integral role in therapeutic decision-making. However, despite this
promise, Al also presents considerable risks and challenges, especially when used in high-stakes
contexts such as healthcare [233,287].

One of the most pressing concerns regarding modern large generative models involves Al
hallucinations — instances where generative models produce outputs that are plausible in form but
factually incorrect or fabricated [288,289]. This phenomenon is well-documented in LLMs, which may
fabricate clinical details or provide incorrect recommendations with high confidence. In healthcare,
such hallucinations pose serious dangers that can directly affect patient safety.

A closely related issue is the lack of explainability. Many Al models — particularly DL networks
— operate as “black boxes,” offering little insight into how decisions are made [290]. This opacity
undermines clinician and patient trust and impedes the adoption of Al in medical decisions.
Regulators and practitioners increasingly demand interpretability or, at minimum, reliable
confidence metrics before integrating Al into clinical workflows.

Bias is another critical concern. AI models learn from data, which may underrepresent specific
populations, leading to less accurate predictions for women, ethnic minorities, or other underserved
groups [289]. This could perpetuate or even exacerbate existing disparities in healthcare delivery and
outcomes.

Beyond these, there are growing concerns about privacy, security, and accountability. Al
systems trained on patient data must comply with strict data protection laws such as HIPAA and
GDPR. They must also be resilient against adversarial attacks and ensure robust mechanisms for
ethical and legal responsibility when outcomes are incorrect or harmful.

5.6. Regulatory Landscape

To mitigate these risks, regulatory frameworks are evolving. The European Union has classified
these systems as high-risk technologies, subject to strict compliance requirements under the EU
Artificial Intelligence Act. [291]. This Act, the world’s first comprehensive Al legislation, adopts a
risk-based approach and mandates the following for medical Al applications (e.g., diagnostic tools
for COPD or OSA): 1) Adequate risk assessment and mitigation plans. 2) High-quality training
datasets to minimize bias. 3) Logging capabilities to ensure traceability. 4) Comprehensive
documentation for regulatory review. 5) Clear deployment instructions and information. 6) Human
oversight mechanisms. 7) High levels of robustness, accuracy, and cybersecurity.

In contrast, the United States currently lacks a comprehensive Al law. However, the FDA leads
the regulation of Al- and ML-based medical devices. The FDA requires clinical evidence of safety and
efficacy, typically through validation studies, before approving or authorizing such systems.
Notably, the FDA has approved autonomous Al systems [231], marking an important precedent.
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Currently (2025), regulatory approvals for Al in respiratory medicine remain focused on
assistive systems, rather than fully autonomous diagnostic tools. Approval for autonomous diagnosis
remains subject to regulatory caution.

5.7. Integration of the Al in Practitioner’s Decisions

Decision-making is a fundamental process in medical practice, particularly in clinical settings,
and can be significantly enhanced through the integration of artificial intelligence (AI). This
integration must be approached with the understanding that the healthcare professional is (and must
remain) ultimately responsible for decisions, while Al should be seen as a tool to support, rather than
replace or overshadow, them. In this regard, decision theory [292] offers a formal framework for
selecting optimal actions under uncertainty, which is essential in healthcare, where decisions can
profoundly affect patient outcomes, resource allocation, and societal costs. In high-stakes
environments such as oncology, emergency medicine, or intensive care, decisions must be informed
not only by clinical expertise but also by models that systematically address uncertainty and the
trade-offs between possible outcomes. This also applies to other disciplines where diagnosis and
treatment can have a significant impact on patient well-being, such as hypoxemic respiratory
diseases, including COPD and OSA.

To effectively integrate the knowledge produced by Al models into the practitioners” decision-
making process, interpreting model outputs is essential, as the knowledge extracted and distilled by
these models can only be effectively utilized by practitioners if they clearly understand the meaning
of those outcomes. Probabilistic machine learning models, which generate well-calibrated probability
distributions over their predictions, are fundamental to enabling this interpretability. These models
allow for the rigorous estimation of expected utilities or losses, thereby supporting personalized and
cost-effective treatment planning, while also mitigating the cognitive and systematic biases inherent
in human judgment [293]. However, the utility of probabilistic models in healthcare critically
depends on their calibration—i.e., the alignment between predicted probabilities and empirical
outcomes [294,295]. Poorly calibrated models can lead to overconfident or underconfident decisions,
resulting in either overtreatment or missed interventions, both of which carry significant ethical and
economic costs. Probabilistic calibration techniques such as Platt scaling, isotonic regression, and
Bayesian post-processing are thus essential to ensure the reliability of predictive probabilities [296],
especially in imbalanced or distributionally-shifted clinical data. Integrating calibrated probabilistic
predictions into decision-theoretic frameworks not only enhances interpretability and
trustworthiness of Al systems in healthcare but also supports actionable decision-making that aligns
with patient-specific goals and institutional priorities under uncertainty. Moreover, the ability to
calibrate any Al model—regardless of its underlying complexity —makes calibration a ubiquitous
and interoperable component in any context where Al supports clinical practitioners in making
decisions within a formal and rigorous framework.

6. Conclusions, Future Research and Directions

COPD and OSA are both hypoxemic lung diseases that share overlapping pathophysiological
mechanisms, including hypoxia-induced oxidative stress and systemic inflammation, which
exacerbate disease progression and comorbidities. In OSA, recurrent apneic episodes during sleep
result in intermittent hypoxia, which in turn promotes excessive ROS production and systemic
inflammation. Similarly, in COPD, chronic hypoxia and exposure to environmental insults such as
cigarette smoke promote oxidative stress and a persistent inflammatory response. These common
pathways contribute to endothelial dysfunction, vascular remodeling, and elevated cardiovascular
risk. While antioxidant therapies offer promising strategies for mitigating oxidative stress-related
lung damage, a thorough understanding of the evolving role of ROS in pulmonary inflammation is
essential for the development of more effective treatments. In addition, the high prevalence of
pulmonary hypertension in both conditions underscores the need to elucidate shared mechanisms
and identify new therapeutic strategies.
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In this respect, understanding the role of HIFs in CRDs provides opportunities for targeted
therapies. While initially adaptive, sustained HIF activation may exacerbate inflammation and tissue
remodeling, suggesting a dual role that must be carefully navigated in therapeutic design. Despite
the promise of antioxidant and anti-inflammatory treatments, their clinical translation remains
limited due to the complexity of redox and inflammatory signaling networks, highlighting the need
for integrative and multidisciplinary approaches.

In this context, artificial intelligence (AI) has emerged as a powerful tool to manage the clinical
and biological complexity of OSA and COPD. Machine learning and deep learning models enable
accurate phenotyping, risk stratification, and treatment personalization by integrating multimodal
data, including clinical, imaging, and physiological signals. Al-based models have improved the
classification of disease subtypes, predicted treatment responses, and enhanced diagnostic
consistency, particularly in pulmonary function testing and imaging analysis. Foundational models
like OPERA and M3FM exemplify Al potential to unify heterogeneous data sources and bridge the
gap between molecular insights and clinical practice.

In conclusion, the convergence of OSA and COPD pathophysiology reflects shared systemic
consequences of hypoxia, oxidative stress, and inflammation. Advances in molecular understanding,
particularly of HIF signaling, and the integration of Al into clinical workflows offer promising
avenues for precision medicine. Interdisciplinary strategies combining biomedical research and
computational innovation are essential to improve outcomes in these prevalent and complex
respiratory diseases.
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