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Abstract

Background: Mortality prediction in ICU patients remains a critical unmet need. Clinical prediction is integral to modern 
healthcare, leveraging current and historical medical data to forecast health outcomes. The integration of Artificial Intelli-
gence (AI) in this field significantly enhances diagnostic accuracy, treatment planning, disease prevention, and personal-
ized care leading to better patient outcomes and healthcare efficiency.

Objectives: This minireview objective was to illustrate the role of artificial intelligence and digital health tools for early 
prediction of pulmonology disorder in critical care units.

Methods: We used a variety of research sources, including Google Scholar, Web of Science, PubMed, Springer, Frontier-
sin, ELSEVIER, and Scopus. In our research we used key words including artificial intelligence, digital health, pulmonolo-
gy, respiratory diseases, and intensive care unit. Up until 2026, studies published in English were included in the search. 
Articles with no full text available, conference abstracts, and publications written in languages other than English were 
excluded. To find further pertinent studies, the reference lists of chosen publications were also examined.

Results: The reviewed evidence demonstrates that the integration of artificial intelligence and digital health tools signifi-
cantly enhances early prediction and risk stratification of pulmonary disorders in critical care settings. AI-based models 
showed high predictive accuracy for adverse respiratory outcomes, including acute respiratory failure, ARDS develop-
ment, mechanical ventilation dependency, and weaning success, with reported AUROC values ranging from good to 
excellent across multiple studies. Machine learning algorithms utilizing clinical, ventilator-derived, imaging, and physiolog-
ical data enabled earlier detection of clinical deterioration compared to conventional scoring systems. Additionally, digital 
health interventions, including telemonitoring and remote follow-up models, improved patient surveillance, continuity of 
care, and early identification of post-ICU respiratory complications.

Conclusions: Artificial intelligence and digital health tools represent powerful adjuncts in the early prediction and man-
agement of pulmonary disorders in critical care units. By enabling timely risk assessment, personalized ventilation strat-
egies, and improved post-ICU monitoring, these technologies have the potential to reduce complications, ICU readmis-
sions, and healthcare burden.
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Introduction

Patients may become vulnerable to medical errors and ad 
verse events during the transition from the intensive care unit 
(ICU) to general wards [1]. This transitional period is consid-
ered one of the most critical phases of hospitalization. The 
ICU provides continuous monitoring and multidisciplinary 
care, whereas such resources are more limited on general 
wards. Moreover, the healthcare team responsible for the 
patient’s care changes during this transition. For these rea-
sons, post-ICU care demands rigorous monitoring and stan-
dardized [2]. 
Among hospital wards, pulmonary medicine units hold a dis-
tinctive position. These words commonly manage patients 
with acute or chronic respiratory conditions and are equipped 
to provide close respiratory monitoring such as continuous 
oxygen saturation monitoring and Noninvasive ventilation 
support. This makes them particularly well-suited for post-
ICU patients with ongoing respiratory needs. Patients trans-
ferred from the ICU to the ward often include individuals who 
have received treatment for severe infections, respiratory 
failure, sepsis, or multiple organ dysfunction. Even after dis-
charge from the ICU, these patients remain at risk of com-
plications and clinical deterioration. This may lead to unfa-
vorable outcomes such as ICU readmission or mortality [3]. 
Therefore, close monitoring of patients in the post-ICU peri-
od and early identification of high-risk individuals are essen-
tial. Several clinical parameters have been identified as be-
ing associated with in-hospital mortality during the post-ICU 
period. These include advanced age, altered mental status, 
hypoxia, need for mechanical ventilation, and elevated blood 
urea levels. Early assessment of prognosis in patients trans-
ferred to pulmonary medicine is crucial for optimizing clinical 
management [4].
With the large volume of data coming from implemented tech-
nologies and monitoring systems, intensive care units (ICUs) 
represent a key area for leveraging artificial intelligence (AI) 
to enhance patient care and outcomes through personaliza-
tion and optimization of clinical decisions [5]. While recent 
advances in digital health have shown promise, predicting 
disease progression in patients with ILD and exacerbation in 
patients with COPD remains challenging. By enabling digital 
health and data collection, digital health tools can potentially 
improve self-management and deliver timely clinical insights 
[6]. So, our study aimed to evaluate the role of artificial intel-
ligence and digital health in prediction of pulmonary diseases 
in intensive care units.

Understanding Pulmonology
Pulmonology is a vital field dedicated to improving respirato-
ry health and addressing the diverse challenges associated 
with lung diseases [7]. This field encompasses a wide range 
of conditions, from common issues like asthma and Chronic 
Obstructive Pulmonary Disease (COPD) to more complex 

disorders such as interstitial lung disease and pulmonary hy-
pertension. As the world grapples with increasing respiratory 
illnesses and the ongoing impacts of air pollution, the role of 
pulmonologists medical professionals who specialize in this 
area has never been more critical. Pulmonology covers vari-
ous respiratory disorders that impact the airways, lungs, and 
other structures involved in breathing. A chronic condition 
characterized by airway inflammation and hyper reactivity, 
leading to episodes of wheezing, shortness of breath, and 
coughing [8].
Asthma can be managed with medications and lifestyle 
changes, but it requires ongoing monitoring. A progressive 
disease primarily caused by long-term exposure to irritants 
such as tobacco smoke [9]. COPD includes chronic bron-
chitis and emphysema, both of which cause breathing dif-
ficulties and a significant decline in lung function over time 
[10]. A group of disorders characterized by inflammation and 
scarring of lung tissue. Interstitial Lung Disease (ILD) can 
be idiopathic or associated with other conditions like auto-
immune diseases or occupational exposures. Managing ILD 
often involves immunosuppressive therapies and careful 
monitoring [11].
Elevated blood pressure in the pulmonary arteries can lead 
to heart failure and reduced exercise capacity. This condition 
can be primary (idiopathic) or secondary to other diseases 
such as left heart disease or chronic lung conditions. Pulm-
onologists often work closely with oncologists to diagnose 
and manage lung cancer, which can be primary or metastatic 
[12]. Early detection and treatment are crucial for improving 
outcomes. Pulmonologists utilize a range of diagnostic tools 
to assess respiratory conditions. A fundamental test that 
measures lung function by assessing the volume and flow of 
air during inhalation and exhalation. It’s crucial for diagnos-
ing conditions like asthma and COPD [13,14]
Imaging techniques provide detailed views of the lungs, 
helping in diagnosing and monitoring various respiratory 
conditions, including infections and tumors [15]. A procedure 
that involves inserting a flexible tube with a camera into the 
airways to directly visualize the lungs. It is useful for diagnos-
ing infections, obtaining biopsies, and managing certain con-
ditions. These tests measure various aspects of lung func-
tion, including lung volumes, capacities, and gas exchange 
efficiency. They are essential for assessing the severity of 
diseases and monitoring treatment progress [16]. 
Treatment in pulmonology is often multifaceted and tailored 
to the specific condition and patient needs. Approaches in-
clude. These may include bronchodilators, corticosteroids, 
and other drugs to manage inflammation, open airways, and 
control symptoms [17]. Used for patients with severe respira-
tory conditions or low blood oxygen levels, this therapy helps 
improve oxygenation and quality of life. In some cases, sur-
gery may be necessary to treat conditions like lung cancer or 
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severe emphysema. Procedures can range from minimally 
invasive techniques to more extensive surgeries. Advance-
ments in pulmonology are driven by ongoing research and 
technological innovations. Emerging treatments, such as tar-
geted therapies and biologics, offer new hope for managing 
complex respiratory diseases [18].

Artificial Intelligence
Artificial intelligence (AI) refers to the simulation of human 
intelligence, including critical thinking, perception, reason-
ing, learning, planning, and predicting, using systems or 
machines [19]. AI is classified into three categories: First, 
artificial narrow intelligence (narrow or weak AI) is goal-ori-
ented and designed for specific tasks. While these systems 
are considered intelligent, they do not mimic human intelli-
gence. These systems simulate human behavior based on 
predefined parameters, for example, virtual assistants on 
smartphones and email spam filters. Second, artificial gen-
eral intelligence (strong or deep AI) are machines that mimic 
human intelligence, potentially solving problems similarly to 
humans. Last, artificial super intelligence is a hypothetical 
concept where machines surpass human capabilities and 
become self-aware, as depicted in various science fiction 
[20].
Learning is the most crucial property of AI, reflecting the 
machine's ability to acquire or memorise knowledge with-

out explicit programming. Machines learn using various ap-
proaches, such as machine learning (ML) as the broad sub-
set of AI, with deep learning (DL) and reinforcement learning 
(RL) as the subsets of ML, and natural language processing 
(NLP) as an application area with the ML (Figure 1) [21]. ML 
enhances performance over time by obtaining more data, 
empowering computer systems to “learn” independently by 
processing data through algorithms, detecting patterns, and 
making accurate predictions. Some methods include forward 
reasoning, backward derivation, regression, clustering, and 
categorisation [22]. 
DL, the subset of ML, involves artificial neural networks 
(ANNs) to solve problems. ANNs, composed of intercon-
nected “neurons,” mimic the human brain's decision-mak-
ing processes. DL algorithms process data through ANNs, 
with each layer progressively extracting information. Some 
commonly used DL networks include convolutional neural 
networks (CNNs) for image recognition, recurrent neural 
networks (RNNs) for sequential data, autoencoders for un-
supervised learning, and generative adversarial networks for 
generative tasks [23]. RL, a subset of ML, shares the charac-
teristics of both supervised and unsupervised processes and 
enables machines to learn through trial-and-error using their 
own experiences. In RL, agents receive rewards or penalties 
based on outcomes, facilitating learning [24].

Figure 1. An overview of artificial intelligence [20].
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Applications of AI in ICU
Early disease identification, prediction of patients’ clinical 
evolution, personalized treatment strategies and optimiza-
tion of healthcare resources allocation are to be considered 
the future promises of AI application in critical care [25]. De-
spite the use of AI in ICU is still taking its first steps, several 
studies have so far revealed the potentials of this technology 
in the management of critically ill patients. Some of these 
used big data sets in order to predict length of stay and mor-
tality, while others applied AI for early detection of sepsis and 
septic shock, cardiocirculatory failure, and acute respiratory 
conditions [26-28]. 
In their recent validation study, Persson et al tested the NA-
VOY sepsis algorithm demonstrating its ability to detect pa-
tients at high risk to develop sepsis within 3 h. This algorithm 
revealed a prediction performance superior to existing sepsis 
early warning scoring systems (eg, SOFA, qSOFA, MEWS, 
NEWS2), showing its usefulness if integrated into routine 
clinical practice [29]. The Feasible Artificial Intelligence with 
Simple Trajectories for Predicting Adverse Catastrophic 
Events model can predict the onset of cardiac arrest or acute 
respiratory failure from 1 h to 6 h prior to its occurrence (AU-
ROC 0.886 and 0.869, for the 2 respective outcomes), [30]. 
The use of AI in ICU environments is mainly limited to ma-
chine learning which combines statistical analysis techniques 
with computer science to produce algorithms aimed at gen-
erating knowledge from available data, but with no actual 
intervention on events. Even if this application of AI technol-
ogy would be of great assistance for intensivists dealing with 
information overload and the need to make quick decisions, 
the “predictive” AI approach should be complemented by an 
“actionable” AI approach [31]. This refers to casual inference, 
or the ability to predict outcomes and events that would re-
sult from alternative decisions/treatments. Hence, the com-
parison of different future potential outcomes deriving from 
different decisions/treatments should lead AI to identify “the 
best possible predicted outcome,” and therefore choose the 
optimal decision/treatment  [32].

The Use of AI for Mechanical Ventilation Management
More than any other device in ICU, mechanical ventilators 
offer a large amount of data as settings, waveforms, alarms, 
and measured parameters [33]. When integrated with clini-
cal variables and patient characteristics, it is reasonable to 
expect that the implementation of AI might improve efficien-
cy, efficacy, and safety in critical care. Most studies involve 
the use of AI to predict outcomes for mechanically ventilated 
patients, including the need for mechanical ventilation, the 
complications, and the weaning success [34].
Timely identification of patients developing ARDS and risk 
stratification through AI implementation has been explored in 
different studies [35]. Interestingly, by combining structured 
(monitor and laboratory data) and unstructured data (clinical 
notes), Apostolova et al. applied a deep learning approach to 

build context vectors containing information on patients’ con-
ditions, which were then combined together and analyzed 
by a prediction model in order to successfully identify early 
development of ARDS [36].
Another potential advantage of AI implementation for me-
chanical ventilation practice is its ability to identify specific 
phenotypes and personalize treatments accordingly: hypo- 
and hyperinflammatory ARDS phenotypes might in fact ben-
efit from different therapeutic approaches. With regard to 
ventilation, AI may indicate the most correct strategy which 
may be beneficial for the considered ARDS subphenotype in 
real time and modify ventilator parameters accordingly [37].
Mechanical ventilation is admittedly an “open-loop” system, 
where the input (the set ventilation mode) is not influenced 
by the output (the adequacy of the ventilation settings): an 
ideal model should adjust the ventilator settings while ana-
lyzing respiratory mechanics and considering potential clini-
cal improvements [32]. Thus, “closed-loop” newer ventilation 
modes could target complex purposes such as prevention of 
ventilator-induced lung injury, continuously adapting to lung 
mechanics and patient conditions, while even testing wean-
ing success and extubation readiness [38]. In this respect, 
it should be noted that the currently commercially available 
mode INTELLiVENT–Adaptive Support Ventilation (INTEL-
LiVENT–ASV®, Hamilton Medical) has thus far proven to 
be clinically safe and to effectively reduce healthcare team 
workload by reducing manual setting adjustments [39]. 
Patient-ventilator asynchronies too have been extensively 
explored, given how lack of adequate patient-ventilator cou-
pling is known to be associated with higher mortality and de-
layed extubation [40]. Sottile et al. applied a number of ma-
chine learning algorithms on data from 62 ventilated patients 
at risk for, or affected by ARDS. In their study, they were able 
to identify synchronous breathing and presence of asyn-
chronies (double triggering, flow limitation, and ineffective 
triggering) with high sensitivity and specificity [41]. In their 
pilot study, Gholami et al. used a machine learning frame-
work to automatically and continuously detect cycling asyn-
chronies based on waveform analysis: this model detected 
the presence of cycling asynchronies with a sensitivity and 
specificity of 89% and 99%, respectively. The results of these 
and other studies may represent a turning point in mechan-
ical ventilation, enabling clinicians to adequately respond to 
alerts while ameliorating ventilation management [42].
The VentAI is a reinforcement learning algorithm which is 
able to suggest a dynamically optimized mechanical venti-
lation regime for critically ill patients. Authors used a Markov 
decision process, including a reward system and a Q-learning 
approach, to find the optimized settings for positive end-ex-
piratory pressure, fraction of inspired oxygen, and ideal body 
weight-adjusted tidal volume (Vt). They observed that Ven-
tAI would adjust settings more frequently when compared 
to human decisions, indicating a continuous reevaluation of 
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the ventilation strategy to find the best fit for the individual 
patient [43].
Identifying the right time for weaning initiation from mechan-
ical ventilation is essential, given the associated risks and 
the lack of standardized protocols. An exponentially growing 
body of AI-related literature has been focused on the predic-

tion of weaning timing and extubation success, demonstrat-
ing promising outcomes, including increased ventilator-free 
days and shorter ICU length of stay. These results highlight 
the potential of AI-guided weaning strategies and prediction 
models for helping clinicians in their decisions (Figure 2), 
[44].

Figure 2. Infographic on artificial intelligence use for mechanical ventilation [32].

Artificial intelligence (AI) and machine learning (ML) in 
MV Weaning Prediction
The process of weaning patients from mechanical ventilation 
is complex, with multiple stages from the initiation of ventila-
tion to liberation and extubation. Delayed or failed weaning 
leads to increased complications and mortality [45].  In re-
cent years, several studies have been performed in order to 
generate ML/AI-based MV weaning prediction models. Neu-
ral networks (NNs) model, designed by Kim, used a novel 
DL model called FT-GAT in order to predict a successful SBT 
and, eventually, extubation. The AUROC of this model was 
0.8, with a similar AUROC being found upon temporal vali-
dation [46].
Menguy et al. used a data-mining process and AI on a pro-
spective database of 108 medical ICU patients in order to 
find predictors of a successful SBT and weaning from MV for 
at least 72 h after extubation. In their analysis, cardiovascu-
lar parameters (reflected in heart rate variability) had a sub-
stantial impact on SBT success in addition to respiratory and 

systemic parameters (respiratory drive and BMI, respective-
ly). Although the association between heart rate variability 
and ventilation weaning outcome is established, not many AI 
modals use this parameter in their algorithms [47,48].
The support vector machine model developed by Fabreget 
attempts to predict the likeliness of extubation failure, advis-
ing ICU physicians to reconsider their decision to extubate. 
This model, based on data reflecting the state of the patient 
2 h before a planned extubation, showed excellent predictive 
capabilities, with an AUROC of 98.3% [49]. Hung et al. devel-
oped a real-time AI model for predicting successful extuba-
tion using only six ventilator-derived features. This random 
forest model exhibited a strong predictive performance, with 
an AUROC of 0.976. This model enables the prediction of 
MV weaning success every 3 min and is easily applicable in 
clinical practice in the ICU [50].
Chen et al. developed a simplified AI model using only 7 
parameters (expiratory minute ventilation, expiratory tidal 
volume, ventilation rate set, heart rate, peak pressure, pH, 
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and age), reporting an AUROC comparable to a previous-
ly built 28-parameter AI model that predicts the success in 
MV weaning in the coming 24 h among cardiac care unit pa-
tients (AUROCs: 0.86 vs. 0.88, respectively), [51]. Jia et al. 
developed a convolutional NN (CNN) explainable prediction 
model that can assist clinicians in deciding the feasibility of 
MV weaning within the next hour. This model incorporates an 
advanced DL approach in addition to classic AI models (e.g., 
CNN). This aims to provide physicians with an importance 
assessment of the relevant clinical factors that can assist 
them in understanding which treatable factors can lead an 
individual patient to successful MV weaning [52].
Liu et al. developed a model that predicts the success and 
timing of MV weaning in two stages: from intubation to the 
change in the ventilator mode, and from assist control to sup-
port mode and the following stage that includes the weaning 
itself. Each stage was divided into 11 time frames, and the 
AI system provides the probability of weaning success in the 
nearest time frames. The implementation of this system in 
clinical practice led to a shortening of the MV duration by 21 
h and a shortening of ICU length of stay (LOS) by 0.5 days 
compared to previous data, although the weaning success 
rates were similar [53].
In conclusion, it was emphasized that the need for AI- and 
ML-based models as a reliable tool to assist the physician 
in decision making for weaning from mechanical ventilation, 
particularly in the challenging-to-wean ARDS population. 
Clinical studies employing ML as a tool have demonstrat-
ed promising outcomes, including reduced ML durations 
and shorter LOSs in critical care units in diverse populations 
[54,44].

The Role of Artificial Intelligence in Pulmonary Medicine
AI has significantly enhanced the diagnostic accuracy of pul-
monary conditions through advanced medical imaging anal-
ysis. AI algorithms, such as convolutional neural networks, 
have demonstrated remarkable proficiency in interpreting 
chest X-rays and computed tomography (CT) scans to de-
tect diseases such as pneumonia, tuberculosis, and lung 
cancer. AI models have shown high accuracy in identifying 
lung nodules and predicting their malignancy, facilitating ear-
ly detection and treatment of lung cancer [55]. In the case of 
idiopathic pulmonary fibrosis (IPF), AI has been instrumental 
in improving diagnostic accuracy. AI algorithms can analyze 
high-resolution CT scans to identify specific patterns indic-
ative of IPF, enabling earlier and more accurate diagnoses. 
This advancement is crucial as early diagnosis can signifi-
cantly impact disease management and patient outcomes 
[56,57].
AI’s predictive capabilities are transforming the manage-
ment of chronic respiratory diseases such as chronic ob-
structive pulmonary disease and asthma. ML models can 
predict exacerbations by analyzing patient data, including 
medical history, medication use, and environmental factors 

[58]. This allows for timely interventions that can prevent 
hospitalizations and improve quality of life. AI-driven mobile 
applications monitor asthma symptoms and environmental 
triggers, providing personalized recommendations and alert-
ing health-care providers about potential exacerbations. In 
COPD management, AI algorithms predict the risk of acute 
exacerbations by analyzing pulmonary function test results 
and other clinical data. This enables early intervention and 
personalized treatment plans, reducing the frequency and 
severity of exacerbations [59].
AI aids in developing personalized treatment plans by inte-
grating data from various sources, including genomics, im-
aging, and electronic health records. In pulmonary embolism 
(PE) care, AI can track patient scans and monitor therapeutic 
responses, enabling clinicians to tailor treatments more pre-
cisely and adjust them in real time based on the patient’s 
progress [60]. AI algorithms also predict patient responses 
to specific medications based on genetic profiles, optimizing 
drug efficacy and minimizing adverse effects. In cystic fibro-
sis management, AI-driven precision medicine approaches 
analyze genetic and clinical data to provide personalized 
treatment recommendations, improving patient outcomes 
and quality of life [61].
AI has made significant strides in pulmonary imaging, par-
ticularly in the interpretation of chest CT scans and X-rays. 
AI-powered tools can detect lung nodules, classify lung tex-
tures, and quantify the extent of diseases such as COVID-19 
and interstitial lung disease. During the COVID-19 pandemic, 
AI algorithms identified characteristic patterns of COVID-19 
pneumonia on CT scans, aiding in swift and accurate di-
agnosis [62]. Dynamic Digital Radiography, an AI-powered 
X-ray imaging technique, provides additional quantitative 
data by visualizing lung function and diaphragm motion 
during normal breathing patterns. This technology offers a 
comprehensive assessment of respiratory function, aiding in 
the differentiation of pulmonary disorders and guiding treat-
ment decisions [61].
AI is accelerating research and clinical trials in pulmonary 
medicine by improving patient recruitment and data analy-
sis. AI-driven patient recruitment enhances the efficiency 
and accuracy of identifying eligible participants in studies 
on PE, expediting the research process, and contributing to 
faster clinical advancements. In addition, AI can analyze vast 
amounts of clinical trial data to identify trends and outcomes 
that might not be immediately apparent, leading to new in-
sights and more effective treatments [63].
In critical care settings, AI is utilized to monitor and manage 
patients with severe respiratory conditions. For example, AI 
algorithms analyze data from ventilators and other monitor-
ing devices to predict respiratory failure or other complica-
tions, allowing for timely interventions. These systems assist 
in adjusting ventilator settings to optimize patient outcomes, 
reduce the incidence of ventilator-associated complications, 
and support weaning processes. Furthermore, AI can inte-
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grate data from multiple sources, including laboratory results, 
imaging, and clinical notes, to provide a comprehensive 
overview of a patient’s condition and support decision-mak-
ing in intensive care units [31].
The future of AI in pulmonary medicine looks promising, with 
ongoing research focused on developing more sophisticated 
algorithms and expanding AI applications. Innovations such 
as AI-driven three-dimensional reconstruction for lung vol-
ume measurement in transplantation and predictive models 
for ventilator-associated complications are just the begin-
ning [64]. As AI continues to evolve, it will undoubtedly play 
a crucial role in shaping the future of pulmonary care. Future 
developments might include the use of AI in telemedicine to 
remotely monitor patients with chronic respiratory diseases, 
providing continuous care and reducing the need for frequent 
hospital visits. Pavithra et al. discuss the assessment of lung 
health status by analyzing cough sound using “Swaasa AI 
Technology.” Embracing these technological advancements 
is essential for improving patient outcomes and advancing 
the field of pulmonary medicine [65]. 

Digital Health
Digital health is transforming medical and health practices. 

The field has seen rapid growth; the development of new 
technologies facilitates medical research as well as per-
sonalized medicine [66]. Digital health has revolutionized 
the delivery of healthcare; it is changing the way in which 
we diagnose, treat, manage and prevent health conditions. 
The term digital health has expanded to encompass a much 
broader set of scientific concepts and technologies, including 
genomics, artificial intelligence, analytics, wearables, mobile 
applications, and telemedicine.  Digital technology is also a 
major factor in shifting the focus of healthcare from health-
care professionals to patient-centric. Many digital health 
tools, particularly wearables and mHealth apps, now place 
patients in the front seat [67].
The development of requirements will vary across types of 
digital health solutions based on functionality (diagnostics, 
monitoring, care coordination, etc.), which can also be mod-
eled from other industry approaches. It is critical to incorpo-
rate the preferences of the clinicians and patients impacted 
by the digital health solution into the requirement develop-
ment process. Once requirements are established, the pro-
posed framework that could form the basis for evaluation 
includes the following domains: technical, clinical, usability, 
and cost (Figure 3), [68].

Figure 3. Components of Digital Health Scorecard. The four domains of a digital health scorecard with example considerations are 
detailed in this figure. Their relationship to an assessment of stakeholder requirements is also presented [68].
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Role of Digital Health in Intensive Care Unit 
Poste intensive care unit (ICU) models of follow-up are limit-
ed in availability, accessibility, and efficacy [69]. The optimal 
mode of delivery is unclear. Digital health models of follow-up 
care may be a promising mode of delivery. A recent system-
atic review identified that models without in-person hospital 
attendance, including digital health models, had higher rates 
of patient recruitment, intervention delivery, and participant 
retention than hospital based models [70,71]. The nexus of 
post-ICU follow-up care and digital health has the potential 
to yield improvements in recovery from the ICU and warrants 
a specific review. Digital health is a rapidly expanding area 
of healthcare [72].
There is significant potential for digital health interventions to 
provide cost effective and scalable interventions to improve 
health outcomes and health system efficiencies while over-
coming some of the barriers related to accessing in-person 
models of care. Digital health interventions use technologies 
such as smartphones, websites, and text messaging to pro-
vide health care and are often complex interventions, with 
multiple intervention components and aims. Digital health 
interventions have been demonstrated to improve outcomes 
in other chronic diseases including diabetes,8 cardiac reha-
bilitations, mental health, and other chronic diseases [73,74]. 
Within the field of critical care, digital health interventions 
have been implemented in the ICU predominantly to support 
remote monitoring and delivery of tele-ICU to provide access 
to specialist input in nonmetropolitan settings and family en-
gagement, particularly during the COVID-19 pandemic visi-
tation restrictions [75]. Digital health interventions in ICU re-
covery is a nascent field but has the potential to address the 
known physical, psychological, time, and financial barriers 
to attending hospital-based ICU recovery programs. Studies 
predominantly delivered digital health interventions focused 
on psychological and physical rehabilitation. Digital health 
interventions included telehealth ICU follow-up clinics, cog-
nitive and physical telerehabilitation, telephone coping skills 
training, phone cognitive skills training, mindfulness training 
program via a self-directed software program application 
(app), app-based cognitive behavioural therapy, virtual re-
ality education on the ICU, and a web-based cognitive-be-
havioural writing therapy [76-79]. 

The role of Digital Health in Respiratory Diseases
As one of the best recognised examples of digital medicine, 
telemedicine serves as an alternative to traditional in-person 
clinic visits [80]. There are many cases in respiratory medi-
cine where telemedicine has developed into a sustained and 
practical way of delivering healthcare. For example, telemed-
icine is well suited to manage patients with sleep and venti-
lation disorders. Using remotely monitored data from venti-
lation devices and connecting virtually with patients most in 
need of care rather than routine in-person clinic visits makes 
for a more efficient delivery of care. Similarly, pulmonary re-

habilitation can be successfully delivered online, leading to 
a wider participation by patients who might otherwise not be 
able to travel to in-person classes [81].
These examples address some challenges associated with 
traditional in-person clinics, notably time constraints and pa-
tient convenience. The approach also leads to enhanced pa-
tient retention and reduced carbon emissions by minimising 
travel requirements [82]. Patients have high rates of reported 
satisfaction with telemedicine delivered care, demonstrating 
that they are not only practical but well-received. However, cli-
nician enthusiasm for telemedicine has significantly declined 
since the coronavirus 2019 (COVID-19) pandemic, when its 
use flourished. Some of this waning enthusiasm may reflect 
the difficulty in financial reimbursement, as well as a return to 
the “old ways”, wherein clinicians feel that they deliver better 
care in person providing the “human touch” [83]. 
Digital therapeutics (DTx) deliver medical interventions di-
rectly to patients using evidence-based, clinically evaluated 
software aimed at treating and preventing a broad spectrum 
of diseases and disorders [84]. DTx are increasingly being 
used in respiratory medicine for conditions such as smoking 
cessation. Virtual cognitive behavioural therapy platforms, 
accessible online or via app-based programmes, are now 
recommended by National Institute for Health and Care 
Excellence guidelines for the treatment of insomnia. Digital 
therapeutics for dysfunctional breathing, a common yet de-
bilitating condition, are also in development [85]. 

AI-Assisted Microwave Based Dual Sensor System for 
Digital Pulmonology
Electrical impedance distribution in the human body is dif-
ferent as conductivity in each tissue is different. Conductivity 
also changes with pathology. This principle has been used in 
electrical impedance tomography (EIT) imaging systems to 
diagnose various diseases. EIT is a new technology with clin-
ical applications in specific lung pathology diagnosis, tumor 
detection and real time monitoring of lung volume changes 
[86]. The electrical properties of normal and diseased tissue 
in the human body are different. Bioimpedance studies help 
diagnose pathological tissues, including cancer. Yang et al. 
conducted a multicenter study using electrical impedance 
analysis (EIA) as a diagnostic tool for pulmonary lesions. 
The study showed that EIA is an excellent diagnostic tool 
for lung cancers with high accuracy and can be adjunctively 
used with other diagnostic methods [87].
Similarly, microwave imaging (MWI) techniques are based 
on the dielectric properties of biological tissues. MWI uses 
electromagnetic waves at frequencies ranging from 0.5 GHz 
to 9.0 GHz to detect dielectric contrast that scatters from the 
tissue of the imaging domain [88]. Microwave (MW) technol-
ogy can potentially help diagnose malignant tumors and oth-
er pathologies using the evaluation of complex permittivity of 
the tissue [89]. MW are safe diagnostic tools that generate 
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images based on differences in dielectric properties. Recent-
ly, MWI has been gaining attention for diagnoses of various 
diseases such as breast cancer, bone tumors, stroke and 
lung cancer. Multiple studies have shown the difference in 
dielectric properties of ground glass opacities in lung lesions 
and the potential of MWI to detect these lesions [90].
Khalesi et al. successfully experimented with Huygens prin-
ciple-based MWI to see lung lesions in phantoms. The aim 
was to investigate elliptical, asymmetric and multilayer tor-
sos. They suggested further research for a better MWI de-
vice that can be used in clinical trials for lung imaging [91]. 
Another study used a human torso to detect pulmonary 
edema and hemorrhage using MWI. They used a contrast 
source inversion method based on MWI and used the Cole–
Cole model to determine the dielectric properties of human 
tissues. They simulated the scattered field via the method of 
moments [92].

There is an excellent development of electro-acoustic sen-
sors based on electro-acoustic transduction in industrial, 
scientific and healthcare applications. Recently there have 
been tremendous advancements in acoustic biosensors, 
which are widely used to detect various diseases [93]. 
It is evident that microwave-based sensors for a dual acous-
tic sensing for PPG and dielectric properties imaging are fea-
sible with significant advancements in the AI-assisted micro-
wave sensing and image reconstruction. Figure 4 depicts an 
implementation example of digital phonopulmography using 
dual microwave sensing systems and its potential impact. 
Novel microwave-based acoustic PPG sensors will open 
new avenues for technologies suitable for the accurate cap-
ture and recording of lung sounds. Digital phonopulmogra-
phy using AI-assisted dual microwave sensing can positively 
impact pulmonology clinical practice operations as well as 
enhance patient care [90].

Figure 4. Pictorial representation of digital phonopulmography using AI-assisted dual microwave sensing systems [90].

Doaa Mohamed Anwer Elgohary
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Conclusion

In conclusion, the integration of artificial intelligence and dig-
ital health tools has emerged as a transformative approach 
in the early prediction and management of pulmonary disor-
ders within critical care units. Evidence from recent studies 
highlights the ability of AI-driven models to analyze complex, 
high-dimensional data derived from clinical variables, ven-
tilator parameters, imaging, and physiological monitoring, 
enabling early detection of respiratory deterioration, per-
sonalized treatment strategies, and optimized mechanical 
ventilation management. In parallel, digital health interven-
tions, including telemonitoring, telemedicine, and digital ther-
apeutics, have demonstrated potential in enhancing post-
ICU follow-up, continuity of care, and early identification of 
high-risk patients. Despite these promising advances, the 
implementation of AI and digital health in routine critical care 
practice remains challenged by issues related to data quali-
ty, model interpretability, clinical integration, and ethical con-
siderations. Embracing these technologies holds substantial 
promise for improving patient outcomes, reducing ICU-relat-
ed morbidity, and shaping the future of pulmonary care in 
critical care settings.

Declaration

Consent for Publication: All authors have read and revised 
the manuscript and agreed to its publication.

Availability of Data and Material: All data supporting the 
study are presented in the manuscript or available upon re-
quest.

Acknowledgments: Not applicable

Authors' Information (optional): Not applicable

References

1.	 Hervé, Michele Elisa Weschenfelder, Paula Buchs Zucatti, and 
Maria Alice Dias Da Silva Lima. "Transition of care at discharge 
from the Intensive Care Unit: a scoping review." Revista lati-
no-americana de enfermagem 28 (2020): e3325.

2.	 Vrettou, Charikleia S., and Athina G. Mantelou. "Supporting 
Post-ICU Recovery: A Narrative Review for General Practi-
tioners." Diseases 13, no. 6 (2025): 183.

3.	 Lee, Jungsil, Young-Jae Cho, Se Joong Kim, Ho Il Yoon, Jong 
Sun Park, Choon-Taek Lee, Jae Ho Lee, and Yeon Joo Lee. 
"Who dies after ICU discharge? Retrospective analysis of 
prognostic factors for in-hospital mortality of ICU survivors." 
Journal of Korean medical science 32, no. 3 (2017): 528-533.

4.	 e Silva, Luiza Gabriella Antonio, Claudia Maria Dantas de 
Maio Carrilho, Thalita Bento Talizin, Lucienne Tibery Queiroz 
Cardoso, Edson Lopes Lavado, and Cintia Magalhães Carval-
ho Grion. "Risk factors for hospital mortality in intensive care 
unit survivors: a retrospective cohort study." Acute and Critical 
Care 38, no. 1 (2023): 68.

5.	 Bignami, Elena, Roberto Lanza, Giacomo Cussigh, and Val-
entina Bellini. "New technologies in anesthesia and intensive 
care: take your ticket for the future." Journal of anesthesia, an-
algesia and critical care 3, no. 1 (2023): 16.

6.	 Althobiani, Malik A., Anne-Marie Russell, Joseph Jacob, Ya-
tharth Ranjan, Rami Ahmad, Amos A. Folarin, John R. Hurst, 
and Joanna C. Porter. "The role of digital health in respiratory 
diseases management: a narrative review of recent literature." 
Frontiers in Medicine 12 (2025): 1361667.

7.	 Sindhu, Arman, Ulhas Jadhav, Babaji Ghewade, Jay Bhanush-
ali, Pallavi Yadav, and ULHAS JADHAV. "Revolutionizing pul-
monary diagnostics: a narrative review of artificial intelligence 
applications in lung imaging." Cureus 16, no. 4 (2024).

8.	 Booth, Gregory M., and Sarah Frattali, eds. Managing Emer-
gencies in the Outpatient Setting: Pearls for Primary Care. 
Springer Nature, 2023.

9.	 Pinnock, Hilary, Mike Noble, David Lo, Kirstie McClatchey, Viv 
Marsh, and Chi Yan Hui. "Personalised management and sup-
porting individuals to live with their asthma in a primary care 
setting." Expert review of respiratory medicine 17, no. 7 (2023): 
577-596.

10.	 Celli, Bartolome, Leonardo Fabbri, Gerard Criner, Fernando J. 
Martinez, David Mannino, Claus Vogelmeier, Maria Montes de 
Oca et al. "Definition and nomenclature of chronic obstructive 
pulmonary disease: time for its revision." American journal of 
respiratory and critical care medicine 206, no. 11 (2022): 1317-
1325.

11.	 Spagnolo, Paolo, Christopher J. Ryerson, Sabina Guler, Jo-
hanna Feary, Andrew Churg, Andrew P. Fontenot, Sara Pici-
ucchi et al. "Occupational interstitial lung diseases." Journal of 
internal medicine 294, no. 6 (2023): 798-815.

12.	 Triplette, Matthew, Erin K. Kross, Blake A. Mann, Joann G. El-
more, Christopher G. Slatore, Shahida Shahrir, Perrin E. Ro-
mine, Paul D. Frederick, and Kristina Crothers. "An assess-
ment of primary care and pulmonary provider perspectives on 
lung cancer screening." Annals of the American Thoracic Soci-
ety 15, no. 1 (2018): 69-75.

13.	 Haynes, Jeffrey M., David A. Kaminsky, and Gregg L. Ruppel. 
"The role of pulmonary function testing in the diagnosis and 
management of COPD." Respiratory Care 68, no. 7 (2023): 
889-913.

14.	 Ora, Josuel, Federica Maria Giorgino, Federica Roberta Bettin, 
Mariachiara Gabriele, and Paola Rogliani. "Pulmonary function 
tests: easy interpretation in three steps." Journal of Clinical 
Medicine 13, no. 13 (2024): 3655.

https://www.scielo.br/j/rlae/a/bPZfp5wyshqdkRkH63JFZ4k/?lang=en
https://www.scielo.br/j/rlae/a/bPZfp5wyshqdkRkH63JFZ4k/?lang=en
https://www.scielo.br/j/rlae/a/bPZfp5wyshqdkRkH63JFZ4k/?lang=en
https://www.scielo.br/j/rlae/a/bPZfp5wyshqdkRkH63JFZ4k/?lang=en
https://www.mdpi.com/2079-9721/13/6/183
https://www.mdpi.com/2079-9721/13/6/183
https://www.mdpi.com/2079-9721/13/6/183
https://synapse.koreamed.org/articles/1108625
https://synapse.koreamed.org/articles/1108625
https://synapse.koreamed.org/articles/1108625
https://synapse.koreamed.org/articles/1108625
https://synapse.koreamed.org/articles/1108625
https://pmc.ncbi.nlm.nih.gov/articles/PMC10030242/
https://pmc.ncbi.nlm.nih.gov/articles/PMC10030242/
https://pmc.ncbi.nlm.nih.gov/articles/PMC10030242/
https://pmc.ncbi.nlm.nih.gov/articles/PMC10030242/
https://pmc.ncbi.nlm.nih.gov/articles/PMC10030242/
https://pmc.ncbi.nlm.nih.gov/articles/PMC10030242/
https://link.springer.com/article/10.1186/s44158-023-00098-3
https://link.springer.com/article/10.1186/s44158-023-00098-3
https://link.springer.com/article/10.1186/s44158-023-00098-3
https://link.springer.com/article/10.1186/s44158-023-00098-3
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2025.1361667/full
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2025.1361667/full
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2025.1361667/full
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2025.1361667/full
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2025.1361667/full
https://www.cureus.com/articles/241956-revolutionizing-pulmonary-diagnostics-a-narrative-review-of-artificial-intelligence-applications-in-lung-imaging.pdf
https://www.cureus.com/articles/241956-revolutionizing-pulmonary-diagnostics-a-narrative-review-of-artificial-intelligence-applications-in-lung-imaging.pdf
https://www.cureus.com/articles/241956-revolutionizing-pulmonary-diagnostics-a-narrative-review-of-artificial-intelligence-applications-in-lung-imaging.pdf
https://www.cureus.com/articles/241956-revolutionizing-pulmonary-diagnostics-a-narrative-review-of-artificial-intelligence-applications-in-lung-imaging.pdf
https://books.google.com/books?hl=en&lr=&id=ljOmEAAAQBAJ&oi=fnd&pg=PP6&dq=8.%09Booth+GM.+Pulmonology.+InManaging+Emergencies+in+the+Outpatient+Setting:+Pearls+for+Primary+Care+2023+Jan+7+(pp.+185-193).+Cham:+Springer+International+Publishing.&ots=SKR1n_Ueaw&sig=E7eONvzgGhjO1MFsKJvZoani-lE
https://books.google.com/books?hl=en&lr=&id=ljOmEAAAQBAJ&oi=fnd&pg=PP6&dq=8.%09Booth+GM.+Pulmonology.+InManaging+Emergencies+in+the+Outpatient+Setting:+Pearls+for+Primary+Care+2023+Jan+7+(pp.+185-193).+Cham:+Springer+International+Publishing.&ots=SKR1n_Ueaw&sig=E7eONvzgGhjO1MFsKJvZoani-lE
https://books.google.com/books?hl=en&lr=&id=ljOmEAAAQBAJ&oi=fnd&pg=PP6&dq=8.%09Booth+GM.+Pulmonology.+InManaging+Emergencies+in+the+Outpatient+Setting:+Pearls+for+Primary+Care+2023+Jan+7+(pp.+185-193).+Cham:+Springer+International+Publishing.&ots=SKR1n_Ueaw&sig=E7eONvzgGhjO1MFsKJvZoani-lE
https://www.tandfonline.com/doi/abs/10.1080/17476348.2023.2241357
https://www.tandfonline.com/doi/abs/10.1080/17476348.2023.2241357
https://www.tandfonline.com/doi/abs/10.1080/17476348.2023.2241357
https://www.tandfonline.com/doi/abs/10.1080/17476348.2023.2241357
https://www.tandfonline.com/doi/abs/10.1080/17476348.2023.2241357
https://www.atsjournals.org/doi/full/10.1164/rccm.202204-0671PP
https://www.atsjournals.org/doi/full/10.1164/rccm.202204-0671PP
https://www.atsjournals.org/doi/full/10.1164/rccm.202204-0671PP
https://www.atsjournals.org/doi/full/10.1164/rccm.202204-0671PP
https://www.atsjournals.org/doi/full/10.1164/rccm.202204-0671PP
https://www.atsjournals.org/doi/full/10.1164/rccm.202204-0671PP
https://onlinelibrary.wiley.com/doi/abs/10.1111/joim.13707
https://onlinelibrary.wiley.com/doi/abs/10.1111/joim.13707
https://onlinelibrary.wiley.com/doi/abs/10.1111/joim.13707
https://onlinelibrary.wiley.com/doi/abs/10.1111/joim.13707
https://www.atsjournals.org/doi/abs/10.1513/AnnalsATS.201705-392OC
https://www.atsjournals.org/doi/abs/10.1513/AnnalsATS.201705-392OC
https://www.atsjournals.org/doi/abs/10.1513/AnnalsATS.201705-392OC
https://www.atsjournals.org/doi/abs/10.1513/AnnalsATS.201705-392OC
https://www.atsjournals.org/doi/abs/10.1513/AnnalsATS.201705-392OC
https://www.atsjournals.org/doi/abs/10.1513/AnnalsATS.201705-392OC
https://www.liebertpub.com/doi/abs/10.4187/respcare.10757
https://www.liebertpub.com/doi/abs/10.4187/respcare.10757
https://www.liebertpub.com/doi/abs/10.4187/respcare.10757
https://www.liebertpub.com/doi/abs/10.4187/respcare.10757
https://www.mdpi.com/2077-0383/13/13/3655
https://www.mdpi.com/2077-0383/13/13/3655
https://www.mdpi.com/2077-0383/13/13/3655
https://www.mdpi.com/2077-0383/13/13/3655


Int. J. Pulmonol. Disord. Vol. 4 Iss. 1 (010) Page-11

15.	 Madhusoodanan, Aparna, and Lilly Sheeba Selvin. "The Role 
of Imaging Techniques in the Diagnosis and Management of 
Respiratory Problems." International Journal of Computer In-
formation Systems and Industrial Management Applications 
16, no. 3 (2024): 15-15.

16.	 Qureshi SM, Mustafa R. Measurement of respiratory function: 
gas exchange and its clinical applications. Anaesthesia & In-
tensive Care Medicine. 2021 Jun 1;22(6):369-75.

17.	 Abdelmalak, Basem B., and D. John Doyle. "Updates and con-
troversies in anesthesia for advanced interventional pulmonol-
ogy procedures." Current Opinion in Anesthesiology 34, no. 4 
(2021): 455-463.

18.	 Brewer, Kyle D., Niki V. Santo, Ankur Samanta, Ronjon Nag, 
Artem A. Trotsyuk, and Jayakumar Rajadas. "Advances in 
Therapeutics for Chronic Lung Diseases: From Standard Ther-
apies to Emerging Breakthroughs." Journal of Clinical Medi-
cine 14, no. 9 (2025): 3118.

19.	 Xu, Yongjun, Xin Liu, Xin Cao, Changping Huang, Enke Liu, 
Sen Qian, Xingchen Liu et al. "Artificial intelligence: A power-
ful paradigm for scientific research." The Innovation 2, no. 4 
(2021).

20.	 Karthika, Manjush, Jithin K. Sreedharan, Madhuragauri She-
vade, Chris Sara Mathew, and Santosh Ray. "Artificial intelli-
gence in respiratory care." Frontiers in Digital Health 6 (2024): 
1502434.

21.	 Abonamah, Abdullah A., Muhammad Usman Tariq, and Samar 
Shilbayeh. "On the commoditization of artificial intelligence." 
Frontiers in psychology 12 (2021): 696346.

22.	 Bali, Jatinder, and Ojasvini Bali. "Artificial intelligence in oph-
thalmology and healthcare: An updated review of the tech-
niques in use." Indian Journal of Ophthalmology 69, no. 1 
(2021): 8-13.

23.	 Alzubaidi, Laith, Jinglan Zhang, Amjad J. Humaidi, Ayad Al-Du-
jaili, Ye Duan, Omran Al-Shamma, José Santamaría, Moham-
med A. Fadhel, Muthana Al-Amidie, and Laith Farhan. "Review 
of deep learning: concepts, CNN architectures, challenges, 
applications, future directions." Journal of big Data 8, no. 1 
(2021): 53.

24.	 Rashidi, Hooman H., Nam K. Tran, Elham Vali Betts, Lydia P. 
Howell, and Ralph Green. "Artificial intelligence and machine 
learning in pathology: the present landscape of supervised 
methods." Academic pathology 6 (2019): 2374289519873088.

25.	 Yoon, Joo Heung, Michael R. Pinsky, and Gilles Clermont. 
"Artificial intelligence in critical care medicine." Annual Update 
in Intensive Care and Emergency Medicine 2022 (2022): 353-
367.

26.	 Gutierrez, Guillermo. "Artificial intelligence in the intensive care 
unit." Critical Care 24, no. 1 (2020): 101.

27.	 Hyland, Stephanie L., Martin Faltys, Matthias Hüser, Xinrui 
Lyu, Thomas Gumbsch, Cristóbal Esteban, Christian Bock et 
al. "Early prediction of circulatory failure in the intensive care 
unit using machine learning." Nature medicine 26, no. 3 (2020): 
364-373.

28.	 Schinkel, Michiel, Tom van der Poll, and W. Joost Wiersinga. 
"Artificial intelligence for early sepsis detection: a word of cau-
tion." American journal of respiratory and critical care medicine 
207, no. 7 (2023): 853-854.

29.	 Persson, Inger, Andreas Macura, David Becedas, and Fredrik 
Sjövall. "Early prediction of sepsis in intensive care patients 
using the machine learning algorithm NAVOY® Sepsis, a pro-
spective randomized clinical validation study." Journal of criti-
cal care 80 (2024): 154400.

30.	 Kim, Jeongmin, Myunghun Chae, Hyuk-Jae Chang, Young-Ah 
Kim, and Eunjeong Park. "Predicting cardiac arrest and respi-
ratory failure using feasible artificial intelligence with simple 
trajectories of patient data." Journal of clinical medicine 8, no. 
9 (2019): 1336.

31.	 Smit, Jim M., Jesse H. Krijthe, Jasper van Bommel, and Caus-
al Inference for ICU Collaborators van Genderen ME Labrec-
que JA Komorowski M. Gommers DAMPJ Reinders MJT. "The 
future of artificial intelligence in intensive care: moving from 
predictive to actionable AI." Intensive Care Medicine 49, no. 9 
(2023): 1114-1116.

32.	 Misseri, Giovanni, Matteo Piattoli, Giuseppe Cuttone, Cesare 
Gregoretti, and Elena Giovanna Bignami. "Artificial Intelligence 
for Mechanical Ventilation: A Transformative Shift in Critical 
Care." Therapeutic Advances in Pulmonary and Critical Care 
Medicine 19 (2024): 29768675241298918.

33.	 Smallwood, Craig D. "Monitoring big data during mechanical 
ventilation in the ICU." Respiratory care 65, no. 6 (2020): 894-
910.

34.	 Gallifant, Jack, Joe Zhang, Maria del Pilar Arias Lopez, Ting-
ting Zhu, Luigi Camporota, Leo A. Celi, and Federico Formenti. 
"Artificial intelligence for mechanical ventilation: systematic re-
view of design, reporting standards, and bias." British Journal 
of Anaesthesia 128, no. 2 (2022): 343-351.

35.	 Xiong, Yaxin, Yuan Gao, Yucheng Qi, Yingfei Zhi, Jia Xu, Kuo 
Wang, Qiuyue Yang, Changsong Wang, Mingyan Zhao, and 
Xianglin Meng. "Accuracy of artificial intelligence algorithms in 
predicting acute respiratory distress syndrome: a systematic 
review and meta-analysis." BMC Medical Informatics and De-
cision Making 25, no. 1 (2025): 44.

36.	 Apostolova, Emilia, Tony Wang, Tim Tschampel, Ioannis 
Koutroulis, and Tom Velez. "Combining structured and free-
text electronic medical record data for real-time clinical deci-
sion support." In Proceedings of the 18th BioNLP Workshop 
and Shared Task, pp. 66-70. 2019.

37.	 Marshall, Dominic C., and Matthieu Komorowski. "Is artificial 
intelligence ready to solve mechanical ventilation? Computer 
says blow." British Journal of Anaesthesia 128, no. 2 (2022): 
231-233.

38.	 von Platen, Philip, Philipp A. Pickerodt, Martin Russ, Mah-
di Taher, Lea Hinken, Wolfgang Braun, Rainer Köbrich et al. 
"SOLVe: a closed-loop system focused on protective mechan-
ical ventilation." BioMedical Engineering OnLine 22, no. 1 
(2023): 47.

Doaa Mohamed Anwer Elgohary

https://cspub-ijcisim.org/index.php/ijcisim/article/view/719
https://cspub-ijcisim.org/index.php/ijcisim/article/view/719
https://cspub-ijcisim.org/index.php/ijcisim/article/view/719
https://cspub-ijcisim.org/index.php/ijcisim/article/view/719
https://cspub-ijcisim.org/index.php/ijcisim/article/view/719
https://journals.lww.com/co-anesthesiology/fulltext/2021/08000/Updates_and_controversies_in_anesthesia_for.12.aspx
https://journals.lww.com/co-anesthesiology/fulltext/2021/08000/Updates_and_controversies_in_anesthesia_for.12.aspx
https://journals.lww.com/co-anesthesiology/fulltext/2021/08000/Updates_and_controversies_in_anesthesia_for.12.aspx
https://journals.lww.com/co-anesthesiology/fulltext/2021/08000/Updates_and_controversies_in_anesthesia_for.12.aspx
https://pmc.ncbi.nlm.nih.gov/articles/PMC12072883/
https://pmc.ncbi.nlm.nih.gov/articles/PMC12072883/
https://pmc.ncbi.nlm.nih.gov/articles/PMC12072883/
https://pmc.ncbi.nlm.nih.gov/articles/PMC12072883/
https://pmc.ncbi.nlm.nih.gov/articles/PMC12072883/
https://www.cell.com/article/S2666-6758(21)00104-1/fulltext
https://www.cell.com/article/S2666-6758(21)00104-1/fulltext
https://www.cell.com/article/S2666-6758(21)00104-1/fulltext
https://www.cell.com/article/S2666-6758(21)00104-1/fulltext
https://www.frontiersin.org/journals/digital-health/articles/10.3389/fdgth.2024.1502434/full
https://www.frontiersin.org/journals/digital-health/articles/10.3389/fdgth.2024.1502434/full
https://www.frontiersin.org/journals/digital-health/articles/10.3389/fdgth.2024.1502434/full
https://www.frontiersin.org/journals/digital-health/articles/10.3389/fdgth.2024.1502434/full
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.696346/full
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.696346/full
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.696346/full
https://journals.lww.com/ijo/fulltext/2021/01000/Artificial_intelligence_in_ophthalmology_and.5.aspx
https://journals.lww.com/ijo/fulltext/2021/01000/Artificial_intelligence_in_ophthalmology_and.5.aspx
https://journals.lww.com/ijo/fulltext/2021/01000/Artificial_intelligence_in_ophthalmology_and.5.aspx
https://journals.lww.com/ijo/fulltext/2021/01000/Artificial_intelligence_in_ophthalmology_and.5.aspx
https://link.springer.com/article/10.1186/s40537-021-00444-8
https://link.springer.com/article/10.1186/s40537-021-00444-8
https://link.springer.com/article/10.1186/s40537-021-00444-8
https://link.springer.com/article/10.1186/s40537-021-00444-8
https://link.springer.com/article/10.1186/s40537-021-00444-8
https://link.springer.com/article/10.1186/s40537-021-00444-8
https://journals.sagepub.com/doi/abs/10.1177/2374289519873088
https://journals.sagepub.com/doi/abs/10.1177/2374289519873088
https://journals.sagepub.com/doi/abs/10.1177/2374289519873088
https://journals.sagepub.com/doi/abs/10.1177/2374289519873088
https://link.springer.com/chapter/10.1007/978-3-030-93433-0_27
https://link.springer.com/chapter/10.1007/978-3-030-93433-0_27
https://link.springer.com/chapter/10.1007/978-3-030-93433-0_27
https://link.springer.com/chapter/10.1007/978-3-030-93433-0_27
https://link.springer.com/article/10.1186/s13054-020-2785-y
https://link.springer.com/article/10.1186/s13054-020-2785-y
https://www.nature.com/articles/s41591-020-0789-4
https://www.nature.com/articles/s41591-020-0789-4
https://www.nature.com/articles/s41591-020-0789-4
https://www.nature.com/articles/s41591-020-0789-4
https://www.nature.com/articles/s41591-020-0789-4
https://www.atsjournals.org/doi/full/10.1164/rccm.202212-2284VP
https://www.atsjournals.org/doi/full/10.1164/rccm.202212-2284VP
https://www.atsjournals.org/doi/full/10.1164/rccm.202212-2284VP
https://www.atsjournals.org/doi/full/10.1164/rccm.202212-2284VP
https://www.sciencedirect.com/science/article/pii/S0883944123001491
https://www.sciencedirect.com/science/article/pii/S0883944123001491
https://www.sciencedirect.com/science/article/pii/S0883944123001491
https://www.sciencedirect.com/science/article/pii/S0883944123001491
https://www.sciencedirect.com/science/article/pii/S0883944123001491
https://www.mdpi.com/2077-0383/8/9/1336
https://www.mdpi.com/2077-0383/8/9/1336
https://www.mdpi.com/2077-0383/8/9/1336
https://www.mdpi.com/2077-0383/8/9/1336
https://www.mdpi.com/2077-0383/8/9/1336
https://link.springer.com/article/10.1007/s00134-023-07102-y
https://link.springer.com/article/10.1007/s00134-023-07102-y
https://link.springer.com/article/10.1007/s00134-023-07102-y
https://link.springer.com/article/10.1007/s00134-023-07102-y
https://link.springer.com/article/10.1007/s00134-023-07102-y
https://link.springer.com/article/10.1007/s00134-023-07102-y
https://journals.sagepub.com/doi/abs/10.1177/29768675241298918
https://journals.sagepub.com/doi/abs/10.1177/29768675241298918
https://journals.sagepub.com/doi/abs/10.1177/29768675241298918
https://journals.sagepub.com/doi/abs/10.1177/29768675241298918
https://journals.sagepub.com/doi/abs/10.1177/29768675241298918
https://www.liebertpub.com/doi/abs/10.4187/respcare.07500
https://www.liebertpub.com/doi/abs/10.4187/respcare.07500
https://www.liebertpub.com/doi/abs/10.4187/respcare.07500
https://www.sciencedirect.com/science/article/pii/S0007091221006206
https://www.sciencedirect.com/science/article/pii/S0007091221006206
https://www.sciencedirect.com/science/article/pii/S0007091221006206
https://www.sciencedirect.com/science/article/pii/S0007091221006206
https://www.sciencedirect.com/science/article/pii/S0007091221006206
https://link.springer.com/article/10.1186/s12911-025-02869-0
https://link.springer.com/article/10.1186/s12911-025-02869-0
https://link.springer.com/article/10.1186/s12911-025-02869-0
https://link.springer.com/article/10.1186/s12911-025-02869-0
https://link.springer.com/article/10.1186/s12911-025-02869-0
https://link.springer.com/article/10.1186/s12911-025-02869-0
https://aclanthology.org/W19-5007/
https://aclanthology.org/W19-5007/
https://aclanthology.org/W19-5007/
https://aclanthology.org/W19-5007/
https://aclanthology.org/W19-5007/
https://www.sciencedirect.com/science/article/pii/S0007091221007431
https://www.sciencedirect.com/science/article/pii/S0007091221007431
https://www.sciencedirect.com/science/article/pii/S0007091221007431
https://www.sciencedirect.com/science/article/pii/S0007091221007431
https://link.springer.com/article/10.1186/s12938-023-01111-0
https://link.springer.com/article/10.1186/s12938-023-01111-0
https://link.springer.com/article/10.1186/s12938-023-01111-0
https://link.springer.com/article/10.1186/s12938-023-01111-0
https://link.springer.com/article/10.1186/s12938-023-01111-0


Int. J. Pulmonol. Disord. Vol. 4 Iss. 1 (010) Page-12

Doaa Mohamed Anwer Elgohary

39.	 Bernardi, Martin H., Dominique Bettex, Laura A. Buiteman–
Kruizinga, Ashley de Bie, Matthias Hoffmann, Janine de Klei-
jn, Simon Corrado Serafini et al. "POStoperative INTELLi-
VENT-adaptive support VEntilation in cardiac surgery patients 
(POSITiVE) II—study protocol of a randomized clinical trial." 
Trials 25, no. 1 (2024): 449.

40.	 Mirabella, Lucia, Gilda Cinnella, Roberta Costa, Andrea Cor-
tegiani, Livio Tullo, Michela Rauseo, Giorgio Conti, and Ce-
sare Gregoretti. "Patient-ventilator asynchronies: clinical impli-
cations and practical solutions." Respiratory care 65, no. 11 
(2020): 1751-1766.

41.	 Sottile, Peter D., David Albers, Carrie Higgins, Jeffery Mckee-
han, and Marc M. Moss. "The association between ventilator 
dyssynchrony, delivered tidal volume, and sedation using a 
novel automated ventilator dyssynchrony detection algorithm." 
Critical care medicine 46, no. 2 (2018): e151-e157.

42.	 Gholami, Behnood, Timothy S. Phan, Wassim M. Haddad, 
Andrew Cason, Jerry Mullis, Levi Price, and James M. Bailey. 
"Replicating human expertise of mechanical ventilation wave-
form analysis in detecting patient-ventilator cycling asynchrony 
using machine learning." Computers in biology and medicine 
97 (2018): 137-144.

43.	 Peine, Arne, Ahmed Hallawa, Johannes Bickenbach, Guido 
Dartmann, Lejla Begic Fazlic, Anke Schmeink, Gerd Ascheid 
et al. "Development and validation of a reinforcement learning 
algorithm to dynamically optimize mechanical ventilation in crit-
ical care." NPJ digital medicine 4, no. 1 (2021): 32.

44.	 Stivi, Tamar, Dan Padawer, Noor Dirini, Akiva Nachshon, Ba-
ruch M. Batzofin, and Stephane Ledot. "Using artificial intel-
ligence to predict mechanical ventilation weaning success in 
patients with respiratory failure, including those with acute re-
spiratory distress syndrome." Journal of Clinical Medicine 13, 
no. 5 (2024): 1505.

45.	 Akella, Padmastuti, Louis P. Voigt, and Sanjay Chawla. "To 
wean or not to wean: a practical patient focused guide to ven-
tilator weaning." Journal of intensive care medicine 37, no. 11 
(2022): 1417-1425.

46.	 Kim, Geun-Hyeong, Jae-Woo Kim, Ka Hyun Kim, Hyeran Kang, 
Jae Young Moon, Yoon Mi Shin, and Seung Park. "FT-GAT: 
Graph neural network for predicting spontaneous breathing tri-
al success in patients with mechanical ventilation." Computer 
Methods and Programs in Biomedicine 240 (2023): 107673.

47.	 Menguy, Juliette, Kahaia De Longeaux, Laetitia Bodenes, Bap-
tiste Hourmant, and Erwan L’Her. "Defining predictors for suc-
cessful mechanical ventilation weaning, using a data-mining 
process and artificial intelligence." Scientific reports 13, no. 1 
(2023): 20483.

48.	 da Silva, Renata Baltar, Victor Ribeiro Neves, Ulisses Ramos 
Montarroyos, Matheus Sobral Silveira, and Dário Celestino So-
bral Filho. "Heart rate variability as a predictor of mechanical 
ventilation weaning outcomes." Heart & lung 59 (2023): 33-36.

49.	 Fabregat, Alexandre, Mónica Magret, Josep Anton Ferré, An-
ton Vernet, Neus Guasch, Alejandro Rodríguez, Josep Gómez, 
and María Bodí. "A machine learning decision-making tool for 
extubation in intensive care unit patients." Computer Methods 
and Programs in Biomedicine 200 (2021): 105869.

50.	 Huang, Kuo-Yang, Ying-Lin Hsu, Huang-Chi Chen, Ming-
Hwarng Horng, Che-Liang Chung, Ching-Hsiung Lin, Jia-Lang 
Xu, and Ming-Hon Hou. "Developing a machine-learning model 
for real-time prediction of successful extubation in mechanical-
ly ventilated patients using time-series ventilator-derived pa-
rameters." Frontiers in medicine 10 (2023): 1167445.

51.	 Chen, Wei-Teing, Hai-Lun Huang, Pi-Shao Ko, Wen Su, 
Chung-Cheng Kao, and Sui-Lung Su. "A simple algorithm us-
ing ventilator parameters to predict successfully rapid weaning 
program in cardiac intensive care unit patients." Journal of per-
sonalized medicine 12, no. 3 (2022): 501.

52.	 Jia, Yan, Chaitanya Kaul, Tom Lawton, Roderick Murray-Smith, 
and Ibrahim Habli. "Prediction of weaning from mechanical 
ventilation using convolutional neural networks." Artificial intel-
ligence in medicine 117 (2021): 102087.

53.	 Liu, Chung-Feng, Chao-Ming Hung, Shian-Chin Ko, Kuo-Chen 
Cheng, Chien-Ming Chao, Mei-I. Sung, Shu-Chen Hsing et al. 
"An artificial intelligence system to predict the optimal timing 
for mechanical ventilation weaning for intensive care unit pa-
tients: a two-stage prediction approach." Frontiers in Medicine 
9 (2022): 935366.

54.	 Kondili, Eumorfia, Demosthenes Makris, Dimitrios Georgopou-
los, Nikoletta Rovina, Anastasia Kotanidou, and Antonia Kout-
soukou. "COVID-19 ARDS: points to be considered in mechan-
ical ventilation and weaning." Journal of Personalized Medicine 
11, no. 11 (2021): 1109.

55.	 Li, Dasheng, Dawei Wang, Jianping Dong, Nana Wang, He 
Huang, Haiwang Xu, and Chen Xia. "False-negative results of 
real-time reverse-transcriptase polymerase chain reaction for 
severe acute respiratory syndrome coronavirus 2: role of deep-
learning-based CT diagnosis and insights from two cases." Ko-
rean journal of radiology 21, no. 4 (2020): 505-508.

56.	 Elshennawy, Nada M., and Dina M. Ibrahim. "Deep-pneumonia 
framework using deep learning models based on chest X-ray 
images." Diagnostics 10, no. 9 (2020): 649.

57.	 Ahn, Jong Seok, Shadi Ebrahimian, Shaunagh McDermott, 
Sanghyup Lee, Laura Naccarato, John F. Di Capua, Markus 
Y. Wu et al. "Association of artificial intelligence–aided chest 
radiograph interpretation with reader performance and efficien-
cy." JAMA Network Open 5, no. 8 (2022): e2229289-e2229289.

58.	 Farha, Farzat, Sageer Abass, Saba Khan, Javed Ali, Bushra 
Parveen, Sayeed Ahmad, and Rabea Parveen. "Transforming 
pulmonary health care: the role of artificial intelligence in diag-
nosis and treatment." Expert Review of Respiratory Medicine 
(2025): 1-21.

https://link.springer.com/article/10.1186/s13063-024-08296-2
https://link.springer.com/article/10.1186/s13063-024-08296-2
https://link.springer.com/article/10.1186/s13063-024-08296-2
https://link.springer.com/article/10.1186/s13063-024-08296-2
https://link.springer.com/article/10.1186/s13063-024-08296-2
https://link.springer.com/article/10.1186/s13063-024-08296-2
https://www.liebertpub.com/doi/abs/10.4187/respcare.07284
https://www.liebertpub.com/doi/abs/10.4187/respcare.07284
https://www.liebertpub.com/doi/abs/10.4187/respcare.07284
https://www.liebertpub.com/doi/abs/10.4187/respcare.07284
https://www.liebertpub.com/doi/abs/10.4187/respcare.07284
https://journals.lww.com/ccmjournal/fulltext/2018/02000/The_Association_Between_Ventilator_Dyssynchrony,.39.aspx
https://journals.lww.com/ccmjournal/fulltext/2018/02000/The_Association_Between_Ventilator_Dyssynchrony,.39.aspx
https://journals.lww.com/ccmjournal/fulltext/2018/02000/The_Association_Between_Ventilator_Dyssynchrony,.39.aspx
https://journals.lww.com/ccmjournal/fulltext/2018/02000/The_Association_Between_Ventilator_Dyssynchrony,.39.aspx
https://journals.lww.com/ccmjournal/fulltext/2018/02000/The_Association_Between_Ventilator_Dyssynchrony,.39.aspx
https://www.sciencedirect.com/science/article/pii/S0010482518300970
https://www.sciencedirect.com/science/article/pii/S0010482518300970
https://www.sciencedirect.com/science/article/pii/S0010482518300970
https://www.sciencedirect.com/science/article/pii/S0010482518300970
https://www.sciencedirect.com/science/article/pii/S0010482518300970
https://www.sciencedirect.com/science/article/pii/S0010482518300970
https://www.nature.com/articles/s41746-021-00388-6
https://www.nature.com/articles/s41746-021-00388-6
https://www.nature.com/articles/s41746-021-00388-6
https://www.nature.com/articles/s41746-021-00388-6
https://www.nature.com/articles/s41746-021-00388-6
https://www.mdpi.com/2077-0383/13/5/1505
https://www.mdpi.com/2077-0383/13/5/1505
https://www.mdpi.com/2077-0383/13/5/1505
https://www.mdpi.com/2077-0383/13/5/1505
https://www.mdpi.com/2077-0383/13/5/1505
https://www.mdpi.com/2077-0383/13/5/1505
https://journals.sagepub.com/doi/abs/10.1177/08850666221095436
https://journals.sagepub.com/doi/abs/10.1177/08850666221095436
https://journals.sagepub.com/doi/abs/10.1177/08850666221095436
https://journals.sagepub.com/doi/abs/10.1177/08850666221095436
https://www.sciencedirect.com/science/article/pii/S0169260723003383
https://www.sciencedirect.com/science/article/pii/S0169260723003383
https://www.sciencedirect.com/science/article/pii/S0169260723003383
https://www.sciencedirect.com/science/article/pii/S0169260723003383
https://www.sciencedirect.com/science/article/pii/S0169260723003383
https://www.nature.com/articles/s41598-023-47452-7
https://www.nature.com/articles/s41598-023-47452-7
https://www.nature.com/articles/s41598-023-47452-7
https://www.nature.com/articles/s41598-023-47452-7
https://www.nature.com/articles/s41598-023-47452-7
https://www.sciencedirect.com/science/article/pii/S0147956323000079
https://www.sciencedirect.com/science/article/pii/S0147956323000079
https://www.sciencedirect.com/science/article/pii/S0147956323000079
https://www.sciencedirect.com/science/article/pii/S0147956323000079
https://www.sciencedirect.com/science/article/pii/S0169260720317028
https://www.sciencedirect.com/science/article/pii/S0169260720317028
https://www.sciencedirect.com/science/article/pii/S0169260720317028
https://www.sciencedirect.com/science/article/pii/S0169260720317028
https://www.sciencedirect.com/science/article/pii/S0169260720317028
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2023.1167445/full
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2023.1167445/full
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2023.1167445/full
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2023.1167445/full
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2023.1167445/full
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2023.1167445/full
https://www.mdpi.com/2075-4426/12/3/501
https://www.mdpi.com/2075-4426/12/3/501
https://www.mdpi.com/2075-4426/12/3/501
https://www.mdpi.com/2075-4426/12/3/501
https://www.mdpi.com/2075-4426/12/3/501
https://www.sciencedirect.com/science/article/pii/S0933365721000804
https://www.sciencedirect.com/science/article/pii/S0933365721000804
https://www.sciencedirect.com/science/article/pii/S0933365721000804
https://www.sciencedirect.com/science/article/pii/S0933365721000804
https://www.frontiersin.org/articles/10.3389/fmed.2022.935366/full
https://www.frontiersin.org/articles/10.3389/fmed.2022.935366/full
https://www.frontiersin.org/articles/10.3389/fmed.2022.935366/full
https://www.frontiersin.org/articles/10.3389/fmed.2022.935366/full
https://www.frontiersin.org/articles/10.3389/fmed.2022.935366/full
https://www.frontiersin.org/articles/10.3389/fmed.2022.935366/full
https://www.mdpi.com/2075-4426/11/11/1109
https://www.mdpi.com/2075-4426/11/11/1109
https://www.mdpi.com/2075-4426/11/11/1109
https://www.mdpi.com/2075-4426/11/11/1109
https://www.mdpi.com/2075-4426/11/11/1109
https://synapse.koreamed.org/articles/1144170
https://synapse.koreamed.org/articles/1144170
https://synapse.koreamed.org/articles/1144170
https://synapse.koreamed.org/articles/1144170
https://synapse.koreamed.org/articles/1144170
https://synapse.koreamed.org/articles/1144170
https://www.mdpi.com/2075-4418/10/9/649
https://www.mdpi.com/2075-4418/10/9/649
https://www.mdpi.com/2075-4418/10/9/649
https://jamanetwork.com/journals/jamanetworkopen/article-abstract/2795798
https://jamanetwork.com/journals/jamanetworkopen/article-abstract/2795798
https://jamanetwork.com/journals/jamanetworkopen/article-abstract/2795798
https://jamanetwork.com/journals/jamanetworkopen/article-abstract/2795798
https://jamanetwork.com/journals/jamanetworkopen/article-abstract/2795798
https://www.tandfonline.com/doi/abs/10.1080/17476348.2025.2491723
https://www.tandfonline.com/doi/abs/10.1080/17476348.2025.2491723
https://www.tandfonline.com/doi/abs/10.1080/17476348.2025.2491723
https://www.tandfonline.com/doi/abs/10.1080/17476348.2025.2491723
https://www.tandfonline.com/doi/abs/10.1080/17476348.2025.2491723


Int. J. Pulmonol. Disord. Vol. 4 Iss. 1 (010) Page-13

59.	 Lopez, Kevin, Huan Li, Zachary Lipkin-Moore, Shannon Kay, 
Haseena Rajeevan, J. Lucian Davis, F. Perry Wilson, Carolyn 
L. Rochester, and Jose L. Gomez. "Deep learning prediction 
of hospital readmissions for asthma and COPD." Respiratory 
Research 24, no. 1 (2023): 311.

60.	 Naser, Ahmad Moayad, Rhea Vyas, Ahmed Ashraf Morgan, 
Abdul Mukhtadir Kalaiger, Amrin Kharawala, Sanjana Nagraj, 
Raksheeth Agarwal et al. "Role of Artificial Intelligence in the 
Diagnosis and Management of Pulmonary Embolism: A Com-
prehensive Review." Diagnostics 15, no. 7 (2025): 889.

61.	 Aslam, Muhammed. "The Role of Artificial Intelligence in Pul-
monary Medicine: Transforming Diagnosis, Treatment, and 
Research." Journal of Advanced Lung Health 4, no. 3 (2024): 
126-127.

62.	 Jalloul, Mohammad, Dana Alkhulaifat, Monica Miran-
da-Schaeubinger, Laura De Leon Benedetti, Hansel J. Otero, 
and Farouk Dako. "Artificial intelligence in chest radiology: Ad-
vancements and applications for improved global health out-
comes." Current Pulmonology Reports 13, no. 1 (2024): 1-9.

63.	 Askin, Scott, Denis Burkhalter, Gilda Calado, and Samar El 
Dakrouni. "Artificial intelligence applied to clinical trials: op-
portunities and challenges." Health and technology 13, no. 2 
(2023): 203-213.

64.	 Rui, Wang, Shang Yuhang, Li Yang, Yang Yue, Tang Ze, Zhao 
Yujie, Ma Xiaochao, Qin Da, Cui Youbin, and Lu Tianyu. "A 
new method for evaluating lung volume: AI-3D reconstruction." 
Frontiers in Physiology 14 (2023): 1217411.

65.	 Pavithra, R., B. M. Sindhu, Abhinandan S. Kumbar, P. S. Balu, 
Basavaraj Sangolli, B. M. Rashmi, Nagendra Gowda, and Sav-
itha S. Vasudevareddy. "Assessment of Lung Health Status by 
Analyzing Cough Sound Using Swaasa Artificial Intelligence 
Technology." Journal of Advanced Lung Health 4, no. 3 (2024): 
154-158.

66.	 Kasoju, Naresh, N. S. Remya, Renjith Sasi, S. Sujesh, Biju 
Soman, C. Kesavadas, C. V. Muraleedharan, PR Harikrishna 
Varma, and Sanjay Behari. "Digital health: trends, opportuni-
ties and challenges in medical devices, pharma and bio-tech-
nology." CSI Transactions on ICT 11, no. 1 (2023): 11-30.

67.	 Cuff, Alison. "The evolution of digital health and its continuing 
challenges." BMC Digital Health 1, no. 1 (2023): 3.

68.	 Mathews, Simon C., Michael J. McShea, Casey L. Hanley, Alan 
Ravitz, Alain B. Labrique, and Adam B. Cohen. "Digital health: 
a path to validation." NPJ digital medicine 2, no. 1 (2019): 38.

69.	 Cook, Katrina, Roland Bartholdy, Monique Raven, Gary von 
Dohren, Sumeet Rai, Kimberley Haines, and Mahesh Raman-
an. "A national survey of intensive care follow-up clinics in Aus-
tralia." Australian Critical Care 33, no. 6 (2020): 533-537.

70.	 Rose, Louise, and Christopher E. Cox. "Digital solutions and 
the future of recovery after critical illness." Current Opinion in 
Critical Care 29, no. 5 (2023): 519-525.

71.	 Dimopoulos, Stephanie, Nina E. Leggett, Adam M. Deane, 
Kimberley J. Haines, and Yasmine Ali Abdelhamid. "Models of 
intensive care unit follow-up care and feasibility of intervention 
delivery: a systematic review." Australian Critical Care 37, no. 
3 (2024): 508-516.

72.	 Benis, Arriel, Oscar Tamburis, Catherine Chronaki, and Anne 
Moen. "One digital health: a unified framework for future health 
ecosystems." Journal of Medical Internet Research 23, no. 2 
(2021): e22189.

73.	 Wongvibulsin, Shannon, Evagelia E. Habeos, Pauline P. 
Huynh, Helen Xun, Rongzi Shan, Kori A. Porosnicu Rodriguez, 
Jane Wang et al. "Digital health interventions for cardiac re-
habilitation: systematic literature review." Journal of medical 
Internet research 23, no. 2 (2021): e18773.

74.	 Leblalta, Boutheina, Hanane Kebaili, Ruth Sim, and Shaun 
Wen Huey Lee. "Digital health interventions for gestational di-
abetes mellitus: a systematic review and meta-analysis of ran-
domised controlled trials." PLOS digital health 1, no. 2 (2022): 
e0000015.

75.	 Shin, Ji Won, JiYeon Choi, and Judith Tate. "Interventions us-
ing digital technology to promote family engagement in the 
adult intensive care unit: an integrative review." Heart & Lung 
58 (2023): 166-178.

76.	 Mayer, Kirby P., Selina M. Parry, Anna G. Kalema, Rajan R. 
Joshi, Melissa K. Soper, Angela K. Steele, Megan L. Lusby, 
Esther E. Dupont-Versteegden, Ashley A. Montgomery-Yates, 
and Peter E. Morris. "Safety and feasibility of an interdisci-
plinary treatment approach to optimize recovery from critical 
coronavirus disease 2019." Critical care explorations 3, no. 8 
(2021): e0516.

77.	 Gawlytta, Romina, Miriam Kesselmeier, Andre Scherag, Hel-
en Niemeyer, Maria Böttche, Christine Knaevelsrud, and Jen-
ny Rosendahl. "Internet-based cognitive-behavioural writing 
therapy for reducing post-traumatic stress after severe sep-
sis in patients and their spouses (REPAIR): results of a ran-
domised-controlled trial." BMJ open 12, no. 3 (2022): e050305.

78.	 Vlake, Johan H., Jasper van Bommel, Evert-Jan Wils, Joe Bi-
envenu, Merel E. Hellemons, Tim IM Korevaar, Anna FC Schut 
et al. "Intensive care unit–specific virtual reality for critically ill 
patients with COVID-19: multicenter randomized controlled 
trial." Journal of medical Internet research 24, no. 1 (2022): 
e32368.

79.	 Balakrishnan, Bathmapriya, Lucas Hamrick, Ariful Alam, and 
Jesse Thompson. "Effects of COVID-19 acute respiratory 
distress syndrome intensive care unit survivor telemedicine 
clinic on patient readmission, pain perception, and self-as-
sessed health scores: randomized, prospective, single-center, 
exploratory study." JMIR Formative Research 7, no. 1 (2023): 
e43759.

80.	 Pinnock, Hilary, Phyllis Murphie, Ioannis Vogiatzis, and Vitalii 
Poberezhets. "Telemedicine and virtual respiratory care in the 
era of COVID-19." ERJ open research 8, no. 3 (2022).

Doaa Mohamed Anwer Elgohary

https://link.springer.com/article/10.1186/s12931-023-02628-7
https://link.springer.com/article/10.1186/s12931-023-02628-7
https://link.springer.com/article/10.1186/s12931-023-02628-7
https://link.springer.com/article/10.1186/s12931-023-02628-7
https://link.springer.com/article/10.1186/s12931-023-02628-7
https://www.mdpi.com/2075-4418/15/7/889
https://www.mdpi.com/2075-4418/15/7/889
https://www.mdpi.com/2075-4418/15/7/889
https://www.mdpi.com/2075-4418/15/7/889
https://www.mdpi.com/2075-4418/15/7/889
https://journals.lww.com/jalh/fulltext/2024/04030/the_role_of_artificial_intelligence_in_pulmonary.2.aspx?context=latestarticles
https://journals.lww.com/jalh/fulltext/2024/04030/the_role_of_artificial_intelligence_in_pulmonary.2.aspx?context=latestarticles
https://journals.lww.com/jalh/fulltext/2024/04030/the_role_of_artificial_intelligence_in_pulmonary.2.aspx?context=latestarticles
https://journals.lww.com/jalh/fulltext/2024/04030/the_role_of_artificial_intelligence_in_pulmonary.2.aspx?context=latestarticles
https://link.springer.com/article/10.1007/s13665-023-00334-9
https://link.springer.com/article/10.1007/s13665-023-00334-9
https://link.springer.com/article/10.1007/s13665-023-00334-9
https://link.springer.com/article/10.1007/s13665-023-00334-9
https://link.springer.com/article/10.1007/s13665-023-00334-9
https://link.springer.com/article/10.1007/s12553-023-00738-2
https://link.springer.com/article/10.1007/s12553-023-00738-2
https://link.springer.com/article/10.1007/s12553-023-00738-2
https://link.springer.com/article/10.1007/s12553-023-00738-2
https://www.frontiersin.org/journals/physiology/articles/10.3389/fphys.2023.1217411/full
https://www.frontiersin.org/journals/physiology/articles/10.3389/fphys.2023.1217411/full
https://www.frontiersin.org/journals/physiology/articles/10.3389/fphys.2023.1217411/full
https://www.frontiersin.org/journals/physiology/articles/10.3389/fphys.2023.1217411/full
https://journals.lww.com/jalh/fulltext/2024/04030/assessment_of_lung_health_status_by_analyzing.7.aspx
https://journals.lww.com/jalh/fulltext/2024/04030/assessment_of_lung_health_status_by_analyzing.7.aspx
https://journals.lww.com/jalh/fulltext/2024/04030/assessment_of_lung_health_status_by_analyzing.7.aspx
https://journals.lww.com/jalh/fulltext/2024/04030/assessment_of_lung_health_status_by_analyzing.7.aspx
https://journals.lww.com/jalh/fulltext/2024/04030/assessment_of_lung_health_status_by_analyzing.7.aspx
https://journals.lww.com/jalh/fulltext/2024/04030/assessment_of_lung_health_status_by_analyzing.7.aspx
https://link.springer.com/article/10.1007/S40012-023-00380-3
https://link.springer.com/article/10.1007/S40012-023-00380-3
https://link.springer.com/article/10.1007/S40012-023-00380-3
https://link.springer.com/article/10.1007/S40012-023-00380-3
https://link.springer.com/article/10.1007/S40012-023-00380-3
https://link.springer.com/article/10.1186/s44247-022-00004-x
https://link.springer.com/article/10.1186/s44247-022-00004-x
https://www.nature.com/articles/s41746-019-0111-3
https://www.nature.com/articles/s41746-019-0111-3
https://www.nature.com/articles/s41746-019-0111-3
https://www.sciencedirect.com/science/article/pii/S1036731420300564
https://www.sciencedirect.com/science/article/pii/S1036731420300564
https://www.sciencedirect.com/science/article/pii/S1036731420300564
https://www.sciencedirect.com/science/article/pii/S1036731420300564
https://journals.lww.com/co-criticalcare/fulltext/2023/10000/digital_solutions_and_the_future_of_recovery_after.18.aspx
https://journals.lww.com/co-criticalcare/fulltext/2023/10000/digital_solutions_and_the_future_of_recovery_after.18.aspx
https://journals.lww.com/co-criticalcare/fulltext/2023/10000/digital_solutions_and_the_future_of_recovery_after.18.aspx
https://www.sciencedirect.com/science/article/pii/S1036731423000607
https://www.sciencedirect.com/science/article/pii/S1036731423000607
https://www.sciencedirect.com/science/article/pii/S1036731423000607
https://www.sciencedirect.com/science/article/pii/S1036731423000607
https://www.sciencedirect.com/science/article/pii/S1036731423000607
https://www.jmir.org/2021/2/e22189/
https://www.jmir.org/2021/2/e22189/
https://www.jmir.org/2021/2/e22189/
https://www.jmir.org/2021/2/e22189/
https://www.jmir.org/2021/2/e18773/
https://www.jmir.org/2021/2/e18773/
https://www.jmir.org/2021/2/e18773/
https://www.jmir.org/2021/2/e18773/
https://www.jmir.org/2021/2/e18773/
https://journals.plos.org/digitalhealth/article?id=10.1371/journal.pdig.0000015
https://journals.plos.org/digitalhealth/article?id=10.1371/journal.pdig.0000015
https://journals.plos.org/digitalhealth/article?id=10.1371/journal.pdig.0000015
https://journals.plos.org/digitalhealth/article?id=10.1371/journal.pdig.0000015
https://journals.plos.org/digitalhealth/article?id=10.1371/journal.pdig.0000015
https://www.sciencedirect.com/science/article/pii/S0147956322002916
https://www.sciencedirect.com/science/article/pii/S0147956322002916
https://www.sciencedirect.com/science/article/pii/S0147956322002916
https://www.sciencedirect.com/science/article/pii/S0147956322002916
https://journals.lww.com/ccejournal/fulltext/2021/08000/safety_and_feasibility_of_an_interdisciplinary.17.aspx
https://journals.lww.com/ccejournal/fulltext/2021/08000/safety_and_feasibility_of_an_interdisciplinary.17.aspx
https://journals.lww.com/ccejournal/fulltext/2021/08000/safety_and_feasibility_of_an_interdisciplinary.17.aspx
https://journals.lww.com/ccejournal/fulltext/2021/08000/safety_and_feasibility_of_an_interdisciplinary.17.aspx
https://journals.lww.com/ccejournal/fulltext/2021/08000/safety_and_feasibility_of_an_interdisciplinary.17.aspx
https://journals.lww.com/ccejournal/fulltext/2021/08000/safety_and_feasibility_of_an_interdisciplinary.17.aspx
https://journals.lww.com/ccejournal/fulltext/2021/08000/safety_and_feasibility_of_an_interdisciplinary.17.aspx
https://bmjopen.bmj.com/content/12/3/e050305.abstract
https://bmjopen.bmj.com/content/12/3/e050305.abstract
https://bmjopen.bmj.com/content/12/3/e050305.abstract
https://bmjopen.bmj.com/content/12/3/e050305.abstract
https://bmjopen.bmj.com/content/12/3/e050305.abstract
https://bmjopen.bmj.com/content/12/3/e050305.abstract
https://www.jmir.org/2022/1/e32368/
https://www.jmir.org/2022/1/e32368/
https://www.jmir.org/2022/1/e32368/
https://www.jmir.org/2022/1/e32368/
https://www.jmir.org/2022/1/e32368/
https://www.jmir.org/2022/1/e32368/
https://formative.jmir.org/2023/1/e43759/
https://formative.jmir.org/2023/1/e43759/
https://formative.jmir.org/2023/1/e43759/
https://formative.jmir.org/2023/1/e43759/
https://formative.jmir.org/2023/1/e43759/
https://formative.jmir.org/2023/1/e43759/
https://formative.jmir.org/2023/1/e43759/
https://publications.ersnet.org/content/erjor/8/3/00111-2022.abstract
https://publications.ersnet.org/content/erjor/8/3/00111-2022.abstract
https://publications.ersnet.org/content/erjor/8/3/00111-2022.abstract


Int. J. Pulmonol. Disord. Vol. 4 Iss. 1 (010) Page-14

Doaa Mohamed Anwer Elgohary

Citation: Doaa Mohamed Anwer Elgohary, Yahya Abdel Tawab Meky. Integrating Artificial Intelligence and Digital Health Tools for Early Prediction of 
Pulmonology Disorder in Critical Care Unit. Int. J. Pulmonol. Disord.  Vol. 4 Iss. 1. (2026)  DOI: 10.58489/3066-0955/010

81.	 Zanaboni, Paolo, Birthe Dinesen, Hanne Hoaas, Richard Woot-
ton, Angela T. Burge, Rochelle Philp, Cristino Carneiro Oliveira 
et al. "Long-term telerehabilitation or unsupervised training at 
home for patients with chronic obstructive pulmonary disease: 
a randomized controlled trial." American journal of respiratory 
and critical care medicine 207, no. 7 (2023): 865-875.

82.	 Knox, Liam, Michelle Dunning, Carol-Anne Davies, Rebekah 
Mills-Bennet, Trystan Wyn Sion, Kerrie Phipps, Vicky Steven-
son, Claire Hurlin, and Keir Lewis. "Safety, feasibility, and ef-
fectiveness of virtual pulmonary rehabilitation in the real world." 
International journal of chronic obstructive pulmonary disease 
(2019): 775-780.

83.	 Saeed, Shazina, Manmohan Singhal, Karuna N. Kaur, Mohd 
Shannawaz, Arunima Koul, Kanika Arora, Bhavna Kumar, 
Neeraj Kumar Sethiya, Shamimul Hasan, and Kanika Arora Sr. 
"Acceptability and satisfaction of patients and providers with 
telemedicine during the COVID-19 pandemic: a systematic re-
view." Cureus 16, no. 3 (2024).

84.	 Hong, Ji Sun, Chris Wasden, and Doug Hyun Han. "Introduc-
tion of digital therapeutics." Computer methods and programs 
in biomedicine 209 (2021): 106319.

85.	 Ottewill, Ciara, Margaret Gleeson, Patrick Kerr, Elaine Mac 
Hale, and Richard W. Costello. "Digital health delivery in respi-
ratory medicine: adjunct, replacement or cause for division?." 
European Respiratory Review 33, no. 173 (2024).

86.	 Shi, Yan, ZhiGuo Yang, Fei Xie, Shuai Ren, and ShaoFeng Xu. 
"The research progress of electrical impedance tomography 
for lung monitoring." Frontiers in Bioengineering and Biotech-
nology 9 (2021): 726652.

87.	 Yang, Dawei, Chuanjia Gu, Ye Gu, Xiaodong Zhang, Di Ge, 
Yong Zhang, Ningfang Wang et al. "Electrical impedance anal-
ysis for lung cancer: a prospective, multicenter, blind validation 
study." Frontiers in Oncology 12 (2022): 900110.

88.	 Moloney, Brian M., Peter F. McAnena, Sami M. Abd Elwahab, 
Angie Fasoula, Luc Duchesne, Julio D. Gil Cano, Catherine 
Glynn et al. "Microwave imaging in breast cancer–results from 
the first-in-human clinical investigation of the wavelia system." 
Academic Radiology 29 (2022): S211-S222.

89.	 Gopalakrishnan, Keerthy, Aakriti Adhikari, Namratha Palli-
pamu, Mansunderbir Singh, Tasin Nusrat, Sunil Gaddam, Pou-
lami Samaddar et al. "Applications of microwaves in medicine 
leveraging artificial intelligence: Future perspectives." Elec-
tronics 12, no. 5 (2023): 1101.

90.	 Sethi, Arshia K., Pratyusha Muddaloor, Priyanka Anvekar, Jo-
shika Agarwal, Anmol Mohan, Mansunderbir Singh, Keerthy 
Gopalakrishnan et al. "Digital pulmonology practice with pho-
nopulmography leveraging artificial intelligence: future per-
spectives using dual microwave acoustic sensing and imag-
ing." Sensors 23, no. 12 (2023): 5514.

91.	 Khalesi, Banafsheh, Bilal Khalid, Navid Ghavami, Giovanni 
Raspa, Mohammad Ghavami, Sandra Dudley-McEvoy, and 
Gianluigi Tiberi. "A microwave imaging procedure for lung le-
sion detection: Preliminary results on multilayer phantoms." 
Electronics 11, no. 13 (2022): 2105.

92.	 Ertek, Didem, Gökhan Küçük, and Egemen Bilgin. "A Micro-
wave Imaging Scheme for Detection of Pulmonary Edema and 
Hemorrhage." In 2022 30th Signal Processing and Communi-
cations Applications Conference (SIU), pp. 1-4. IEEE, 2022.

93.	 Zhang, Junyu, Xiaojing Zhang, Xinwei Wei, Yingying Xue, Hao 
Wan, and Ping Wang. "Recent advances in acoustic wave bi-
osensors for the detection of disease-related biomarkers: A re-
view." Analytica chimica acta 1164 (2021): 338321.

https://www.atsjournals.org/doi/abs/10.1164/rccm.202204-0643OC
https://www.atsjournals.org/doi/abs/10.1164/rccm.202204-0643OC
https://www.atsjournals.org/doi/abs/10.1164/rccm.202204-0643OC
https://www.atsjournals.org/doi/abs/10.1164/rccm.202204-0643OC
https://www.atsjournals.org/doi/abs/10.1164/rccm.202204-0643OC
https://www.atsjournals.org/doi/abs/10.1164/rccm.202204-0643OC
https://www.tandfonline.com/doi/abs/10.2147/COPD.S193827
https://www.tandfonline.com/doi/abs/10.2147/COPD.S193827
https://www.tandfonline.com/doi/abs/10.2147/COPD.S193827
https://www.tandfonline.com/doi/abs/10.2147/COPD.S193827
https://www.tandfonline.com/doi/abs/10.2147/COPD.S193827
https://www.tandfonline.com/doi/abs/10.2147/COPD.S193827
https://www.cureus.com/articles/237971-acceptability-and-satisfaction-of-patients-and-providers-with-telemedicine-during-the-covid-19-pandemic-a-systematic-review.pdf
https://www.cureus.com/articles/237971-acceptability-and-satisfaction-of-patients-and-providers-with-telemedicine-during-the-covid-19-pandemic-a-systematic-review.pdf
https://www.cureus.com/articles/237971-acceptability-and-satisfaction-of-patients-and-providers-with-telemedicine-during-the-covid-19-pandemic-a-systematic-review.pdf
https://www.cureus.com/articles/237971-acceptability-and-satisfaction-of-patients-and-providers-with-telemedicine-during-the-covid-19-pandemic-a-systematic-review.pdf
https://www.cureus.com/articles/237971-acceptability-and-satisfaction-of-patients-and-providers-with-telemedicine-during-the-covid-19-pandemic-a-systematic-review.pdf
https://www.cureus.com/articles/237971-acceptability-and-satisfaction-of-patients-and-providers-with-telemedicine-during-the-covid-19-pandemic-a-systematic-review.pdf
https://www.sciencedirect.com/science/article/pii/S016926072100393X
https://www.sciencedirect.com/science/article/pii/S016926072100393X
https://www.sciencedirect.com/science/article/pii/S016926072100393X
https://publications.ersnet.org/content/errev/33/173/230251.abstract
https://publications.ersnet.org/content/errev/33/173/230251.abstract
https://publications.ersnet.org/content/errev/33/173/230251.abstract
https://publications.ersnet.org/content/errev/33/173/230251.abstract
https://www.frontiersin.org/articles/10.3389/fbioe.2021.726652/full
https://www.frontiersin.org/articles/10.3389/fbioe.2021.726652/full
https://www.frontiersin.org/articles/10.3389/fbioe.2021.726652/full
https://www.frontiersin.org/articles/10.3389/fbioe.2021.726652/full
https://pmc.ncbi.nlm.nih.gov/articles/PMC9348894/
https://pmc.ncbi.nlm.nih.gov/articles/PMC9348894/
https://pmc.ncbi.nlm.nih.gov/articles/PMC9348894/
https://pmc.ncbi.nlm.nih.gov/articles/PMC9348894/
https://www.sciencedirect.com/science/article/pii/S1076633221002993
https://www.sciencedirect.com/science/article/pii/S1076633221002993
https://www.sciencedirect.com/science/article/pii/S1076633221002993
https://www.sciencedirect.com/science/article/pii/S1076633221002993
https://www.sciencedirect.com/science/article/pii/S1076633221002993
https://www.mdpi.com/2079-9292/12/5/1101
https://www.mdpi.com/2079-9292/12/5/1101
https://www.mdpi.com/2079-9292/12/5/1101
https://www.mdpi.com/2079-9292/12/5/1101
https://www.mdpi.com/2079-9292/12/5/1101
https://www.mdpi.com/1424-8220/23/12/5514
https://www.mdpi.com/1424-8220/23/12/5514
https://www.mdpi.com/1424-8220/23/12/5514
https://www.mdpi.com/1424-8220/23/12/5514
https://www.mdpi.com/1424-8220/23/12/5514
https://www.mdpi.com/1424-8220/23/12/5514
https://www.mdpi.com/2079-9292/11/13/2105
https://www.mdpi.com/2079-9292/11/13/2105
https://www.mdpi.com/2079-9292/11/13/2105
https://www.mdpi.com/2079-9292/11/13/2105
https://www.mdpi.com/2079-9292/11/13/2105
https://ieeexplore.ieee.org/abstract/document/9864778/
https://ieeexplore.ieee.org/abstract/document/9864778/
https://ieeexplore.ieee.org/abstract/document/9864778/
https://ieeexplore.ieee.org/abstract/document/9864778/
https://www.sciencedirect.com/science/article/pii/S0003267021001471
https://www.sciencedirect.com/science/article/pii/S0003267021001471
https://www.sciencedirect.com/science/article/pii/S0003267021001471
https://www.sciencedirect.com/science/article/pii/S0003267021001471

