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The evolution of artificial intelligence (AI) has revolutionised numerous aspects of our daily lives, with profound implications across various sectors, including healthcare. Although the concept of AI in healthcare was introduced in the early 1970s, the integration of this technology in healthcare is still in the evolution phase. Despite barriers, the current decade is witnessing an increased utility of AI into diverse specialities of the medical field to enhance precision medicine, predict diagnosis, therapeutic results, and prognosis; this includes respiratory medicine, critical care, and in their allied specialties. AI algorithms are widely studied in areas like mechanical ventilation, sleep medicine, lung ultrasound, and pulmonary function diagnostics and the results are found to be promising. The quality of patient care and safety can be greatly enhanced if respiratory care professionals fully understand the concept and importance of AI, as they are already incorporating various aspects of this technology into their clinical practice. Awareness of AI in the clinical field is essential during this phase; hence, it is desirable to establish widely accepted standards presented in a clear and accessible language. This article aims to describe the existing and prospective role of AI in the field of respiratory care and allied areas.
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Introduction

Artificial intelligence (AI) refers to the simulation of human intelligence, including critical thinking, perception, reasoning, learning, planning, and predicting, using systems or machines (1). John McCarthy, an American computer and cognitive scientist, coined the term “artificial intelligence” in 1956, describing it as “the science and engineering of making intelligent machines (2).” AI enables technology to perform tasks intelligently and act rationally like humans without needing explicit programming.

AI is classified into three categories: First, artificial narrow intelligence (narrow or weak AI) is goal-oriented and designed for specific tasks. While these systems are considered intelligent, they do not mimic human intelligence. These systems simulate human behaviour based on predefined parameters, for example, virtual assistants on smartphones and email spam filters. Second, artificial general intelligence (strong or deep AI) are machines that mimic human intelligence, potentially solving problems similarly to humans. Researchers are still working to achieve this level of machine intelligence, characterised by hypothesis testing, imagination, recognition, and recall. Last, artificial super intelligence is a hypothetical concept where machines surpass human capabilities and become self-aware, as depicted in various science fiction narratives (3).

Learning is the most crucial property of AI, reflecting the machine's ability to acquire or memorise knowledge without explicit programming. Machines learn using various approaches, such as machine learning (ML) as the broad subset 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) (4). 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 (5, 6). DL, the subset of ML, involves artificial neural networks (ANNs) to solve problems. ANNs, composed of interconnected “neurons,” mimic the human brain's decision-making 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 unsupervised learning, and generative adversarial networks for generative tasks (7, 8). RL, a subset of ML shares the characteristics 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 (4, 9). NLP refers to the specialized application of ML, focused on enabling machines to understand and process human languages. Many NLP applications, heavily rely on ML algorithms, making it a significant application area within ML.
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FIGURE 1
An overview of artificial intelligence.


In this technological era, clinicians should understand ML and DL tools that use structured, labelled data to make predictions. For instance, ML requires human-extracted data to identify an organ as a human heart, while DL algorithms can determine the most critical features for distinguishing organs (e.g., shape) (Figure 2). The application of AI has become increasingly widespread across industries such as healthcare, automotive, finance, transportation, and e-commerce (10). Although AI in medicine dates to the early 1970s (11), its full adoption in healthcare requires convincing evidence for both healthcare and non-healthcare communities (12). Despite significant investment, AI's implementation in healthcare remains in its early stages (13, 14). Research suggests that AI, particularly DL, could be a solution for challenges like burnout, healthcare professional shortages, cost reduction, and patient safety improvements (15). Notably, there has been an exponential rise in AI-related scholarly publications, especially after 2014 (16). AI can analyse patients' electronic health records, using DL to forecast medical events, unplanned admissions, complications, and mortality (17). Additionally, ML-powered AI can examine extensive data from genomic and clinical trials, aiding drug discovery and predicting drug efficacy and toxicity (18). The United States Food and Drug Administration and Conformité Européenne have approved over 300 AI-based software and medical devices, with most focusing on pulmonary imaging (19).
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FIGURE 2
Machine learning versus deep learning.


This narrative review describes the current and potential role of AI in respiratory care and related areas. The literature search for this article followed a systematic approach to identify relevant studies, articles, and reviews. Various electronic databases, such as PubMed, Scopus, Web of Science, and Google Scholar, were thoroughly searched. Key terms and phrases like “Artificial Intelligence,” “Respiratory Care,” “Machine Learning,” “Deep Learning,” “Artificial Intelligence in Respiratory Care,” “Artificial Intelligence in Critical Care,” “Artificial Intelligence in Respiratory Medicine,” and “Artificial Intelligence in Neonatology and Paediatrics” were used to conduct a comprehensive and focused search.



AI in respiratory care

Existing literature shows that DL and ML have significant potential in managing respiratory diseases, including image analysis, decision-making, and prognosis prediction (20, 21). Notably, AI correctly interprets chest x-rays and diagnoses pulmonary tuberculosis with 95% sensitivity and 100% specificity (22). This result signifies that radiographs from remote centres can be interpreted by a centralised AI monitoring system.

Another crucial area is inhaler devices, which are vital in managing asthma and chronic obstructive pulmonary disease (COPD). However, many patients misuse them, reducing effectiveness, lowering quality of life, and increasing financial burden (23, 24). The evolution of smart inhalers with built-in electronic monitoring has been found to improve patient adherence and monitor inhalation techniques. These devices connect to a mobile app via Bluetooth, with sensors integrated into or attached to the inhaler. Smart inhalers offer features such as tracking tools, personalised alerts, and feedback based on consumption, inhalation technique, peak flow values, and questionnaire responses. These features provide patients with immediate feedback, helping them adhere to their treatment plan and manage their condition better. Literature shows that patients with COPD and asthma who use smart inhalers experience improved adherence, fewer exacerbations, and better lung function (25–27). However, obstacles to implementation include high costs and the need for appropriate patient introduction and feedback techniques (24). The scope of AI is still evolving, as these patients are monitored for years, and exacerbations can be recognised at several levels, including cellular, organ, and organismal levels. In a study, Kukreja (28) designed and assessed algorithms for diagnosing bronchial asthma using a comprehensive questionnaire, clinical data, and medical records. With reliable data training, the model with automated associative memory to the neural network algorithm achieved an accuracy of over 90% with 1% inconclusive results, and the generated mobile applications achieved 94.2% accuracy. Fernandez-Granero MA et al. (29) developed a decision tree forest model to predict symptom-based COPD exacerbations. In this study, patients' breath sounds were monitored daily for 6 months using sensor devices via telemonitoring. The data was analysed with an ML algorithm, achieving a detection accuracy of 78% and forecasting acute exacerbation of COPD approximately 4.4 days before it occurred.

AI technology is continually advancing in interventional pulmonology, helping to recognise endobronchial structures and distinguish between lung cancer subtypes by analysing appearance and texture in bronchoscopic images. Cytological rapid on-site evaluation (ROSE) is used to enhance bronchoscopic examinations by confirming specimen adequacy and accuracy in real-time. Ai D et al. (30) constructed a DL-CNN model integrated with ROSE to classify cytologic whole-slide images as malignant or benign. The resultant area under the curve (AUC) was 0.9846 for ROSE in the validation group, with a comparable accuracy of 84.6%.

Auscultation, the act of listening to sounds from within body organs using a stethoscope, is crucial in diagnosing respiratory disorders. However, auscultation is subjective, depending on device quality and clinician expertise. Digital or electronic stethoscopes are revolutionising pulmonology by enhancing accuracy and reliability in lung auscultation. These stethoscopes transform sound waves into electronic signals, which can be amplified for better listening. These signals can also be processed and converted into digital format for transmission to a computer or laptop (31). AI has shown the ability to accurately identify crackles and wheezes in breath sounds captured by various digital stethoscope devices, although some variations may occur depending on the specific device used (32). A recent study based on DL has demonstrated significant potential in analysing lung sounds, delivering more precise and reliable results compared to shallow machine learning techniques (33).

Apart from these general areas, AI is found to have vast scope in the diagnostic and therapeutic areas of respiratory care (Figure 3). As technology evolves, clinicians must have a broad understanding of its applications.
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FIGURE 3
Applications of artificial intelligence in respiratory care.



AI in mechanical ventilation

Mechanical ventilation is a vital tool used in life-threatening scenarios, making it essential for clinicians to understand its clinical and technical details for safer use. Since the pulmonary mechanics of patients on mechanical ventilation can vary widely, AI can be a useful tool to provide personalised care for each patient and alert clinicians to plan liberation from ventilation.

For example, Peine A et al. (34) developed and evaluated a RL algorithm, VentAI, to suggest a personalised mechanical ventilation regime, focusing on finding the optimal settings for positive end-expiratory pressure, fraction of inspired oxygen, and ideal body weight-adjusted tidal volume. It was noted that the performance of VentAI was significantly superior compared to physicians' standard clinical care, with an observed outcome of in-hospital or 90-day mortality. Rehm GB et al. (35) developed an ML-based classifier to detect abnormal waveform events, specifically injurious subtypes of patient-ventilator asynchronies (double trigger asynchrony and breath stacking asynchrony). The tool accurately detected double trigger asynchrony with a sensitivity of 96% and specificity of 97.5%, and breath stacking asynchrony with a sensitivity of 94.4% and specificity of 98.7%, and other non-patient-ventilator asynchrony events with a sensitivity of 96.7% and specificity of 98%. Adams JY et al. (36) developed an open-source data acquisition system for capturing ventilator waveform data and a modular, multi-algorithm analytic tool (ventMAP) for automated identification of off-target ventilation (OTV) in critically ill patients. The research demonstrated that ventMAP effectively identified harmful effects of OTV, such as excessive tidal volumes and common patient-ventilator asynchronies. Correcting artefacts notably enhanced the specificity of event detection without compromising sensitivity. Sottile PD et al. (37) assessed several ML techniques, including random forest, naïve Bayes, and AdaBoost, on data collected from 62 mechanically ventilated patients who had or were at risk of acute respiratory distress syndrome (ARDS). They chose 116 features based on clinical insight and signal description and were able to determine the presence of synchronous breathing and three types of patient-ventilator asynchrony, including double triggering, flow limited, and ineffective triggering, with an AUC >0.890. Additionally, Loo NL et al. (38) trained a CNN with 5,500 abnormal and normal breathing cycles each, aiming to develop an algorithm to distinguish normal from abnormal breathing cycles, and reported a sensitivity of 96.9% and a specificity of 63.7% for their model.

Another study investigated the scope of AI in predicting prolonged mechanical ventilation and the need for tracheostomy based on severity-of-illness scores calculated from readily available patient variables. The authors concluded that ML predictive models were effective for predicting prolonged mechanical ventilation and tracheostomy placement, with AUCs of 0.82 and 0.83, respectively (39).

Giri J et al. (40) introduced a proposal for a low-cost mechanical ventilator that uses AI technology. The authors suggested a novel design to solve the shortage of ventilators, particularly in resource-limited settings. They used MatLab/Simulink simulation software to develop system-design platforms, employing Mathematical Models to perform simulations under various conditions and parameters. The authors ran computational fluid dynamics simulations to examine the dynamics of airflow, pressure distribution, and gas exchange within the device. These simulations aided in ventilator design and performance optimisation, ensuring the ventilator's efficiency in providing suitable breathing assistance. The authors concluded that the simulation approach using ML was comparable to conventional ventilators, capable of adapting to the patient's breathing patterns, optimising ventilation parameters, and enhancing patient outcomes. Such technological innovations with AI support can be crucial in underserved areas or during emergencies when ventilator demand spikes.

AI has recently demonstrated considerable potential in enhancing the weaning process by predicting the ideal time for weaning and identifying patients who would benefit from weaning. Predicting timely and uneventful liberation from mechanical ventilation has always been of prime interest to respiratory therapists and other intensive care unit (ICU) clinicians. A study that assessed two-stage (time-based) AI prediction models (the try-weaning stage and weaning stage) concluded its effectiveness and precision in predicting the optimal timing to wean intubated patients from the ventilator, with AUCs ranging from 0.843 to 0.953 for stage-1, and 0.889 to 0.944 for stage-2. This approach could reduce patient discomfort, improve medical quality, and lower costs, proving beneficial during pandemics like coronavirus disease 2019 (COVID-19) (41). Smart weaning, an AI-based weaning technique, uses algorithms to modify the ventilator's support according to the patient's respiratory needs. Smart weaning has been shown to enhance patient outcomes, shorten time on mechanical ventilation, and decrease the risk of complications, such as ventilator-associated pneumonia (VAP). Several studies have compared the effectiveness of smart weaning to traditional methods. One study showed that smart weaning was associated with a substantially shorter ventilator duration and lower VAP incidence in a randomised controlled trial of 127 critically ill patients (42). Another study on 240 patients with respiratory failure found that smart weaning had a higher success rate and required less time to perform than traditional methods (43). In the future, it is anticipated that.

AI will be crucial in assisting clinicians in managing ventilated patients. Dual, hybrid, and intelligent ventilator modes are already in place to enhance patient outcomes and lower complications by providing more individualised ventilation using advanced algorithms and patient monitoring. To offer personalized ventilation, dual-mode ventilation integrates inbuilt AI algorithms to combine distinct ventilation techniques, such as pressure support ventilation and volume-controlled ventilation into a single, adaptive system (44). Hybrid mode ventilation enables patients to breathe independently while still receiving ventilator support when necessary, by combining spontaneous breathing and required ventilation (45). Intelligent mode ventilation may reduce the risk of over- or underventilation by adjusting ventilator settings in real-time based on patient requirements and respiratory mechanics using advanced algorithms and monitoring (46). Some literature has reported the relevance of predictive AI models in various aspects of mechanical ventilation. For instance, one group created two models using gradient boosting regression with ICU data, outperforming existing standards with lower errors. Their findings suggested that high average heart rate, diagnosis of respiratory infection, and admissions from locations other than the operating theatre were associated with longer ventilation durations. For non-invasive ventilation, higher respiratory rates and lower Glasgow Coma Scale values were associated with longer durations (47). To err is human, and such errors should not occur with patients on life support devices like mechanical ventilator. Therefore, it is advisable to facilitate and accept technically approved algorithm-based decisions supported by AI programmes, rather than relying solely on human judgments, which are prone to subjective errors.



AI in extracorporeal membrane oxygenation

Extracorporeal membrane oxygenation (ECMO) is revolutionising critical care as a life-saving therapy for patients with severe, potentially reversible respiratory or cardiac failure (48). AI is now emerging as a transformative tool in ECMO management, aiding in decision-making and prognostication, and optimising clinical outcomes. One key challenge in ECMO management is determining the optimal timing for decannulation. Traditional methods rely heavily on clinical intuition and weaning trials. The Continuous Evaluation of Veno-venous ECMO Outcomes (CEVVO) is a DL-based model designed to predict decannulation success in patients supported on VV-ECMO (49). This model integrates discrete clinical information with continuous data from ECMO devices, employing a long short-term memory-based network to identify temporal patterns. The model categorises patients into risk groups, guiding clinicians on when to initiate weaning trials. The CEVVO model has shown superior performance compared to contemporary models (logistic regression, dense models, decision tree etc) in terms of risk stratification, decannulation outcome and clinical utility, with significantly higher successful decannulation rates in low-risk groups. In venoarterial ECMO (VA-ECMO), predicting patient outcomes is complex due to the high-risk nature of the therapy. The ECMO Predictive Algorithm (ECMO PAL) is the first AI-driven survival score developed using a large international patient cohort (50). Trained on data from the Extracorporeal Life Support Organisation registry, ECMO PAL demonstrated high sensitivity and precision in predicting in-hospital mortality. The model outperformed existing prognostication scores such as ’Survival After Veno-arterial ECMO' (SAVE) and Modified SAVE, highlighting its potential for broader clinical application. Similarly, another study developed an ML model to predict survival to discharge for patients on VA-ECMO, using data from the initial 48 h of support (51). This model, which outperformed the SAVE score, identified key variables, such as lactate, age, total bilirubin, and creatinine as significant predictors of survival, demonstrating the potential of AI to enhance clinical decision-making. Furthermore, AI's role extends beyond ECMO-specific models to broader applications in managing respiratory conditions that may require ECMO. A multimodal AI system was developed to predict the prognosis and required interventions for COVID-19 patients, incorporating clinical findings, laboratory data, and chest x-ray features (52). This system achieved higher predictive accuracy than single-modal models, demonstrating the value of combining different data types for comprehensive prognostication. Such approaches can inform decisions about the necessity of ECMO and other interventions, optimising resource use in critical care settings. Higher-volume ECMO centers have been associated with lower mortality rates, emphasising the importance of experience and expertise in ECMO management (53). AI models can further enhance outcomes in these settings by providing data-driven insights to support clinical decisions. Encouraging the use of AI in high-volume centers could lead to better standardisation and optimisation of ECMO practices. AI and ML are increasingly being explored for their potential to enhance extracorporeal cardiopulmonary resuscitation (ECPR) by optimising patient selection, predicting outcomes, and improving clinical decision-making. AI and ML techniques can analyse large volumes of structured and unstructured data to develop predictive models that identify which patients are most likely to benefit from ECPR. These technologies can also explore treatment heterogeneity, allowing for personalised treatment strategies based on individual patient characteristics (54). Studies have demonstrated that precise patient selection is crucial for achieving better neurological outcomes (55, 56). Additionally, AI can optimise the logistics of ECPR initiation. AI-driven systems can streamline preparation and setup processes, thereby reducing the time to cannulation and initiation of ECMO. Shortened setup times have been associated with improved rates of return of spontaneous circulation and overall survival (57). Moreover, AI can provide real-time monitoring and decision support during ECPR. By continuously analysing physiological parameters, AI systems can assist in adjusting ECMO settings and other supportive measures to optimise patient outcomes. This capability is particularly valuable in managing complex cases where rapid decision-making is critical (58). Finally, AI-driven simulation tools can enhance the training of medical personnel in ECPR procedures. These tools offer realistic scenarios and feedback, thereby improving the proficiency and readiness of the ECPR team (57). Despite the promising applications of AI and ML in ECPR, several challenges need to be addressed to ensure their effective integration into clinical practice.

High-quality, reliable data are essential for developing accurate ML models while using these tools in ECMO patients. Rigorous validation processes are necessary to ensure the reliability of these models. Furthermore, the potential risks of self-fulfilling forecast and feedback loops must be managed carefully.



AI in neonatal and paediatric respiratory care

AI clinical decision-support tools, though advanced, face implementation challenges due to limited datasets and imbalanced data, particularly in neonatal medicine. Despite these challenges, AI applications in neonatal respiratory care include tools for monitoring vital signs, predicting diseases like respiratory distress syndrome (RDS) and bronchopulmonary dysplasia (BPD), assessing risks such as retinopathy of prematurity, and providing diagnostic and prognostic support for neurological conditions like sleep stage classification.

RDS, common in premature infants due to pulmonary surfactant deficiency, affects over 80% of infants born before 29 weeks gestation (59). Infants with severe RDS are at higher risk of developing BPD (60). Traditional biomarkers like the lecithin/sphingomyelin ratio have limited bedside utility due to technical complexity. Ahmed W et al. (61) explored an ML algorithm to analyse other biomarkers in biological samples, offering a potential bedside tool for clinicians to guide interventions in preterm infants with RDS. Research in paediatric respiratory care includes risk stratification for BPD to identify infants who may benefit from preventive approaches like corticosteroids or patent ductus arteriosus management. The BPD Outcome Estimator, endorsed by the US National Institute of Child Health and Human Development, is widely used for guiding treatment decisions and counselling families (62). However, this tool's scope was limited to neonates of White, Black, or Hispanic descent. Patel M et al. (63) extended this ML algorithm to predict respiratory outcomes in extremely premature infants of Asian heritage, confirming its feasibility. Another study developed an ML algorithm to predict survival without BPD by retrospectively analysing perinatal factors and respiratory support in preterm infants. The combined model, using all perinatal features and 14 days of respiratory data, provided the best prediction with AUCs of 0.921 and 0.899 in the training and testing datasets, respectively. The model also suggested that extubating the patient to CPAP is superior to non-invasive positive pressure ventilation (NIPPV) in BPD-free survival (64). Apnoea of prematurity (AOP) affects over 50% of preterm babies and is nearly universal in infants with extremely low birth weight, linking it to brain damage and poor neurodevelopmental outcomes (65). A ML-based AOP detection model was developed to identify true apnoea in infants by analysing electrocardiographic data. With a false positive rate threshold of 0.3 in the mean receiver operating characteristic curve, the model achieved a high detection accuracy for all cardiorespiratory events (78.2%), and even higher for events followed by bradycardia (93.4%) and desaturation (95.2%). The study concluded that AI-based detection improved apnoea recognition with fewer false alarms than traditional methods (66). Correa M et al. studied 60 lung ultrasound (LUS) frames from 21 children under 5 in Peru to develop a DL algorithm to classify pneumonia. Using neural networks to analyse 1,450 pneumonia vectors and 1,605 normal lung vectors, the authors concluded that the DL model had 100% specificity and 91% sensitivity in diagnosing pneumonia in paediatric inpatients (67). Additionally, AI is used to analyse respiratory sounds in the paediatric population. Techniques like ANN and k-nearest neighbour are successful in recognising and categorising aberrant respiratory sounds (68). AI-based methods for wheeze identification in children and cough sound analysis also enhance diagnostic accuracy (69, 70).

While DL and newer AI algorithms hold significant potential in paediatric respiratory care, further research is needed to fully understand their capabilities. Medical professionals must be trained in AI tool usage, and regulatory procedures must ensure data security and confidentiality in AI applications.



AI in pulmonary rehabilitation

AI-driven systems in pulmonary rehabilitation utilise wearable devices and sensors to monitor vital parameters like respiratory rate, oxygen saturation, and physical activity levels. These data are crucial for managing conditions such as COPD and interstitial lung disease. By applying ML algorithms, these systems can analyse real-time data to detect anomalies and predict exacerbations, enabling timely interventions and reducing hospital readmissions (71, 72). One study used ML to predict the effectiveness of pulmonary rehabilitation in convalescent COVID-19 patients, based on improved performance in the 6-minute walking test (6MWT). They classified 6MWT performance into three categories (low, medium, and high) and employed various algorithms, including random forest, adaptive boosting, and gradient boosting. Among 189 patients, random forest achieved the highest accuracy (83.7%), sensitivity (84.0%), and AUC (94.5%), while adaptive boosting had the highest specificity (92.7%). The study concluded that ML models are effective in predicting rehabilitation outcomes for convalescent COVID-19 patients (73). AI and ML are pivotal in personalising pulmonary rehabilitation by analysing patient-specific data, such as genetic information, environmental exposures, and health records. These algorithms can identify unique disease phenotypes and predict individual responses to rehabilitation. Personalised rehabilitation protocols can then be optimised to enhance effectiveness and minimise adverse effects. For example, ML models can tailor exercise regimens to match patients' physical capabilities and progression, ensuring safe and effective rehabilitation (74, 75). AI-powered virtual assistants and chatbots are revolutionising patient engagement in pulmonary rehabilitation. These tools utilise NLP technology to provide personalised education, medication and exercise reminders, and real-time symptom management. They also collect patient feedback to refine care plans and improve compliance (76, 77). Predictive analytics driven by AI and ML can forecast disease progression and identify high-risk patients. For instance, RNNs can analyse home spirometry data to predict lung function decline, enabling early intervention. This capability is essential for managing progressive diseases and improving patient outcomes (78).

In conclusion, AI, ML, and DL play a multifaceted role in pulmonary rehabilitation, including diagnostics, personalised treatment, patient engagement, and predictive analytics. These technologies enhance the accuracy and efficiency of pulmonary rehabilitation, empowering patients to actively manage their health and improving clinical outcomes and quality of life for those with chronic respiratory diseases (79).



AI in lung ultrasound

AI is increasingly used to interpret and analyse CT and x-ray images, employing supervised learning to identify and track respiratory illnesses (80). Over the past two decades, LUS has become a crucial bedside imaging tool in acute care settings (81). AI-enhanced ultrasound machines can now perform complete lung scans in minutes (82). However, less experienced staff may find it challenging to gather footage for analysis, which can limit the utility of automated or AI-driven techniques. Nevertheless, with proper use, even novices can diagnose conditions such as pneumonia, pneumothorax, or effusions using this technology. Recent advances in ML have enabled automated photo recognition to match the accuracy of trained physicians (83). COVID-19 pneumonia often presents with B-line artifacts and pleural line irregularities on LUS, reflecting interstitial thickening and inflammation, which worsens as the disease progresses (84). LUS findings in the anterior lung fields, such as B-lines, consolidation, and pleural thickening, have been associated with the need for intubation in COVID-19 patients (85). Arntfield R et al. (86) developed a DL algorithm trained on a diverse dataset of LUS videos from patients with COVID-19 pneumonia, non-COVID ARDS, and hydrostatic pulmonary oedema, achieving high accuracy in distinguishing these pathologies. Born J et al. (87) introduced a CNN model (POCOVID-Net) to differentiate COVID-19 patients from those with bacterial pneumonia or healthy individuals, achieving an accuracy of 89% and a video accuracy of 92%. Kuroda Y et al. (88) evaluated an AI-based pneumonia detection method using a pocket-sized point-of-care ultrasound (AI-POCUS) device for COVID-19 pneumonia, achieving high sensitivity (92.3%) and specificity (100%). Another group developed a DL algorithm to quantify B-lines in LUS assessments, comparing it with expert human interpretations for both binary and severity classifications. The DL model achieved a sensitivity of 93% and a specificity of 96% for detecting B-lines compared to human experts (89). In a novel DL method called automated M-mode classification, the absence of lung sliding motion was detected with a balanced accuracy of 89%, sensitivity of 82%, and specificity of 92% (90). Another study developed and validated a binary classifier to distinguish between the presence and absence of lung sliding on LUS. Using a labelled dataset of 2,535 clips from 614 patients, the DL binary classifier achieved a sensitivity of 93.5%, specificity of 87.3%, and an AUC of 0.973 (91). Researchers also evaluated a DL algorithm using a spatial transformer network to detect and quantify pleural effusion based on images, finding improved accuracy compared to clinical standards (92).

AI integration in LUS holds great potential; however, robust applications require substantial high-quality data for training. The limited availability of LUS imaging data compared to other widely available imaging modalities poses a challenge to developing these applications.



AI in sleep medicine

AI is increasingly used to evaluate sleep quality, analysing heart rate, breathing rate, and body movements to provide clinicians with a comprehensive understanding of a patient's sleep, thereby aiding informed treatment decisions (93). AI has the potential to revolutionise sleep medicine by enabling early detection, personalised treatment, and better management of sleep disorders. In conditions like obstructive sleep apnoea (OSA), AI is expanding beyond the traditional apnoea-hypopnoea index for diagnosis (94). While OSA is usually diagnosed using polysomnography—which requires an overnight stay in a sleep lab or home testing—researchers are developing more accessible and affordable methods using AI. For example, smartwatches can monitor blood oxygen levels, providing a tool for early OSA detection (95, 96). AI-based predictive models have also shown promise in identifying individuals at risk of developing OSA using predictors like age, sex, and body mass index (97, 98). Furthermore, AI aids in diagnosing and subtyping narcolepsy by analysing clinical and polysomnographic data (99, 100). Li C et al. (101) proposed a DL model (EEGSNet) using multi-layer CNNs to extract features from EEG and bi-directional long short-term memory networks to classify sleep stages, outperforming other technologies, particularly for the challenging N1 stage. DL algorithms improve the precision and reliability of sleep studies, leading to more accurate diagnosis and treatment of sleep disorders. AI can also track sleep-related movement disorders such as REM sleep behaviour disorder, restless legs syndrome, and periodic limb movement disorder. Diagnosing narcolepsy is difficult due to the variability of multiple sleep latency tests, but an AI algorithm has shown promise in diagnosing type 1 narcolepsy in a single night with reasonable accuracy (102). Furthermore, Brennan HL and Kirby SD (103). in their review concluded with the utility of AI to individualise treatment regimens for sleep disorders. They underline the potential of AI to improve the treatment of OSA through predicting outcomes, and evaluating the treatment based on the disease process and physiology.

AI algorithms can identify patterns in patient data, such as sleep study results, medical history, and lifestyle factors, that may not be evident to physicians. However, clinicians should be aware of potential biases in these applications and the need for human supervision when designing sleep-related diagnostic and therapeutic plans.



AI in pulmonary function diagnostics

AI has the potential to revolutionise pulmonary function evaluation, enhancing diagnostic precision by improving the interpretation of pulmonary function tests (PFTs) and eliminating inconsistencies in subjective test interpretations among pulmonologists (104). AI-based software has been successfully implemented for the computerised interpretation of PFTs, aiding in diagnosing lung diseases (105). Spirometry remains the most reliable method for detecting obstructive airway diseases, yet its underuse and misinterpretation have led to underdiagnosis (106). The rapid advancement of AI in medicine has improved PFT interpretations. A decision tree model that incorporates lung function and clinical variables has shown improved accuracy in detecting common lung diseases, such as COPD, asthma, interstitial lung disease, and neuromuscular disorders, compared to using PFT data alone (107). The study, which included 968 new patients in a pulmonary practice, demonstrated that the American Thoracic Society (ATS) and European Respiratory Society (ERS) algorithm correctly diagnosed 38% of patients, with COPD having the highest positive predictive value (74%). The decision tree algorithm doubled overall accuracy to 68% and improved positive predictive values for COPD (83%), asthma (66%), interstitial lung disease (52%), and neuromuscular disorders (100%). Another study using a neuro-fuzzy system with spirometric parameters and clinical symptoms achieved over 99% accuracy in classifying asthma and COPD (108). The neuro-fuzzy system integrates neurology-based learning with fuzzy logic's interpretability (e.g., If-Then). Topalovic M et al. (104) compared pulmonologists with AI software in identifying PFT patterns, finding that pulmonologists matched guidelines in about 75% of cases, with a correct diagnosis in 44.6 ± 8.7% of cases. In contrast, the AI software matched PFT pattern interpretations in 100% of cases, with an accurate diagnosis in 82%. Andrade D et al. (109) studied a diagnostic model using ML and the forced oscillation technique to detect respiratory changes in systemic sclerosis patients, concluding that ML algorithms combined with oscillation principles are effective in diagnosing respiratory changes. Another study by Amaral JL et al. (110) classified the severity of airway involvement in COPD using ML algorithms and forced oscillation measures, yielding promising results for precise diagnosis and monitoring. These studies underscore the potential of AI in improving the accuracy and efficiency of PFT interpretation and diagnosis.



AI in respiratory care education

AI can help reduce the workload for students and teachers while offering more engaging learning opportunities (111). It is expected to tailor learning experiences to individual students and incorporate active learning into education (112). AI can facilitate student learning through direct teaching (acting like a teacher), support teaching (collaborating with students), and empowering the learner (enabling group problem-solving with teacher feedback) (113–115). AI algorithms can analyse individual learning styles, progress, and strengths or weaknesses, creating personalised learning paths to optimise the educational experience. Liventsev V et al. (116) highlighted the importance of AI in healthcare education, particularly in patient simulators. Tools like “Auto-ALS” and GraphSim align with respiratory care curriculum objectives, using reinforcement learning to enhance training (116). AI virtual environments, such as SimX and Body Interact, are crucial in healthcare education, offering immersive, interactive scenarios for students to practise and refine their skills. These platforms provide dynamic, realistic patient interactions, essential for developing critical thinking and decision-making skills, which are vital in respiratory care. Through simulations, students encounter various clinical scenarios without risking real patients, enhancing clinical competence and confidence in handling real-life challenges (117). Adaptive e-learning systems like Firecracker, Smart Sparrow, and Coursera have significantly contributed to medical education by tailoring learning experiences to each student's needs. These platforms adjust content and pace based on individual performance, presenting more challenging cases to those excelling and providing extra resources to those struggling. This personalised approach is crucial in mastering the vast subject matter in medical studies. By continuously analysing performance, these systems optimise the learning journey in real-time, preventing students from feeling overwhelmed or under-challenged (118). In health professions education, AI-driven assessments have transformed student performance evaluations. Platforms such as ExamSoft and Gradescope offer precise, efficient evaluation methods, providing thorough and unbiased assessments. AI swiftly analyses outcomes objectively, delivering timely, precise feedback essential for students to identify strengths and address knowledge gaps, enhancing their learning journey (119). These technologies adapt simulation settings based on individual skill levels (120), ensuring a targeted, efficient educational journey and better translation of theoretical concepts into clinical proficiency (119). Health professions education must adapt to evolving technologies and their ethical implications. As AI brings significant changes, respiratory care professionals in academic and clinical contexts should receive proper training to employ these tools effectively (119, 121).




Discussion

The application of AI in respiratory care is promising, yet there remain areas that require further research and refinement to fully understand its potential. Though the short-term success of the role of AI in respiratory care tools, such as improved diagnostic accuracy and personalized ventilator management, has been well-documented, there remains a lack of evidence on its utility in the long-term outcomes of respiratory patients. Hence, it is recommended to have predictive AI models capable of analyzing patients' data to assist clinicians with optimal decision-making and to identify the patients at a higher risk of complications, morbidity, or mortality (122).

The evolution of wearable devices such as watches, patches, or devices, digital stethoscopes, smart inhalers, portable smart spirometers, and telemedicine has significantly contributed to the advancement of respiratory care, enhancing both diagnostics and therapeutics. Wearables with AI-integrated sensors and processors facilitate wireless data transmission to clinicians, allowing remote monitoring and assessment of the physical, physiological, and biochemical parameters of patients more accessible (123). While portable smart spirometers facilitate easy, accurate pulmonary function assessment in remote settings, ensuring that patients with COPD and asthma regularly monitored, digital stethoscopes and smart inhalers have improved diagnostic precision and medication adherence, respectively, by integrating AI models with monitoring and feedback systems into conventional tools. These technologies, combined with telemedicine, enable remote consultations, data sharing, and patient education, thereby facilitating remote access to efficient respiratory care (24).

Literature reflects more on the development, validation, and evaluation of AI tools in healthcare; however, there is an observed research gap between the development of robust algorithms and the implementation of AI systems in healthcare practice (124). Although literature reflects the promising potential of AI in enhancing healthcare services, including respiratory care, there remain several challenges that delay its implementation. One of the key challenges includes data protection, privacy, and security concerns, as the development of algorithms based on synthetic data requires sensitive patient information that demands protection against data leaks or misuse. Additionally, the lack of standardized data, interoperability, and variability among healthcare systems make it difficult for the seamless integration of AI algorithms. Another key area of implementation is the acceptance of this technology by healthcare leaders, healthcare professionals, and patients (125). Resistance to changes in the existing system by healthcare leaders and fear of job loss by healthcare professionals are some of the factors that contribute to the slow and variable uptake of this technology in the healthcare system.

To facilitate acceptance from end-users like healthcare professionals, specialty-level benefits of AI should be explained, such as a reduction in fatigue-related human errors, reduced cost, assistance in labour-intensive tasks, less need for invasive procedures, and lowered mortality rates. Moreover, healthcare professionals should be upgraded in their technical and technological skills related to AI for swift adoption. However, besides acquiring AI-related essential skills, it is important that healthcare professionals understand and address the associated queries or ethical and legal issues. A key question, “How can we ensure that AI technology is safe for patients?” is significant because end-users or healthcare professionals may not always be able to provide an explanation due to their lack of expertise in AI-related technological areas (126). Ethical considerations related to the transparency of decision-making processes and high costs associated with the development and deployment of the tools, insufficient infrastructure, and a shortage of skilled personnel further complicate the adoption of this technology.

Therefore, it is most important that key stakeholders work to address the lack of clear regulatory frameworks and guidelines on integrating AI technology into healthcare. Clarifying these uncertainties will facilitate its acceptance and implementation.

Furthermore, the integration of AI technologies into healthcare practices not only enhances patient care but also aligns with the United Nations Sustainable Development Goals (SDGs), highlighting its wider impact on global health and development. For example, the integration of AI in respiratory care aligns with SDG 3 (Good Health and Well-being) by improving patient outcomes through early disease detection and personalized care that includes various technologies in acute care and rehabilitation. The utility of AI-based simulation tools in respiratory care education supports SDG 4 (Quality Education) by preparing competent healthcare graduates. Additionally, the advancement of AI technologies in respiratory care promotes innovation in healthcare infrastructure, aligning with SDG 9 (Industry, Innovation, and Infrastructure) by promoting sustainable technological progress in clinical practices. Lastly, and most importantly, collaborative efforts of respiratory care professionals, medical leadership, AI specialists, and stakeholders in AI research and application support SDG 17 (Partnerships for the Goals) to exchange knowledge and resources, facilitating better patient care, sustainability objectives and improving global health outcomes (127).



Summary

AI is significantly impacting respiratory care, advancing areas such as mechanical ventilation pulmonary diagnostics, sleep medicine, neonatal and paediatric respiratory care, LUS, pulmonary rehabilitation, and education. AI technologies have transformed patient management by optimising ventilator settings and reducing ventilator-induced lung injuries. AI algorithms analyse real-time data—such as respiratory rate, tidal volume, and airway pressure—providing personalised and adaptive ventilator settings tailored to individual patient needs. Closed-loop systems further enhance outcomes by automatically adjusting ventilator parameters based on continuous feedback, improving patient outcomes and reducing healthcare provider workload. In pulmonary diagnostics, AI enables precise early detection of diseases like COPD and asthma through spirometry data analysis. AI tools interpret complex respiratory patterns, offering diagnostic insights that surpass traditional methods, facilitating timely and accurate clinical decisions. In sleep medicine, AI improves the diagnosis and treatment of disorders like obstructive sleep apnoea by analysing polysomnography data to identify abnormalities and predict patient responses to treatments, enhancing diagnostic accuracy and personalising treatment plans. Neonatal and paediatric respiratory care benefit from AI in monitoring and managing respiratory distress in preterm infants. AI systems predict complications and guide interventions, reducing chronic lung disease and improving survival rates. In LUS, AI enhances the accuracy and efficiency of diagnosing conditions such as pneumothorax, pleural effusion, and interstitial lung disease. Deep learning algorithms quickly interpret ultrasound images, offering real-time diagnostic support to clinicians and speeding up pulmonary assessments. Pulmonary rehabilitation has been revolutionised by AI through personalised exercise regimens and progress monitoring. AI analyses data from wearable devices to customise rehabilitation programmes, optimising outcomes and increasing patient engagement. AI has also advanced respiratory care education by providing simulation platforms for training healthcare providers. These platforms create realistic clinical scenarios, enhancing skills in a controlled environment and ultimately improving clinical competence and patient care standards. A tabular summary on the application, models, advantages and challenges limitations of AI in the field of respiratory care is highlighted in Table 1.


TABLE 1 AI tools, advantages, and limitations/challenges across various domains related to respiratory care.

[image: Table 1]

AI has the potential for improving patient outcomes, enhancing safety, and raising care quality in respiratory diagnostics and therapeutics. However, successful integration of AI into clinical practice depends on healthcare professionals' acceptance and understanding of the technology. Establishing clear, widely agreed-upon standards communicated in accessible language is crucial. This approach will facilitate AI adoption in respiratory care, ensuring its benefits are realised while maintaining high standards of patient-centred, evidence-based practice, and contributing to improved clinical outcomes.



Author contributions

MK: Conceptualization, Data curation, Methodology, Project administration, Supervision, Validation, Writing – original draft, Writing – review & editing. JS: Writing – review & editing. MS: Writing – review & editing. CM: Writing – review & editing. SR: Writing – review & editing.



Funding

The author(s) declare that no financial support was received for the research, authorship, and/or publication of this article.



Conflict of interest

MS was employed by Chest Research & Training Pvt Ltd.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

1. Xu Y, Liu X, Cao X, Huang C, Liu E, Qian S, et al. Artificial intelligence: a powerful paradigm for scientific research. Innovation (Camb). (2021) 2(4):100179. doi: 10.1016/j.xinn.2021.100179

2. Amisha Malik P, Pathania M, Rathaur VK. Overview of artificial intelligence in medicine. J Family Med Prim Care. (2019) 8(7):2328–31. doi: 10.4103/jfmpc.jfmpc_440_19

3. Fjelland R. Why general artificial intelligence will not be realized. Humanit Soc Sci Commun. (2020) 7(1):10. doi: 10.1057/s41599-020-0494-4

4. Abonamah AA, Tariq MU, Shilbayeh S. On the commoditization of artificial intelligence. Front Psychol. (2021) 12:696346. doi: 10.3389/fpsyg.2021.696346

5. Bali J, Bali O. Artificial intelligence in ophthalmology and healthcare: an updated review of the techniques in use. Indian J Ophthalmol. (2021) 69(1):8–13. doi: 10.4103/ijo.IJO_1848_19

6. Agrawal A, Gans JS, Goldfarb A. Exploring the impact of artificial intelligence: prediction versus judgment. Inform Econ Policy. (2019) 47:1–6. doi: 10.1016/j.infoecopol.2019.05.001

7. Garbades MJ. Clearing the Confusion: AI vs Machine Learning vs Deep Learning Differences. Medium. (2018). Available online at: https://towardsdatasciencecom/clearing-the-confusion-ai-vs-machine-learning-vs-deep-learning-differencesfce69b21d5eb (accessed on December 15, 2023).

8. Alzubaidi L, Zhang J, Humaidi AJ, Al-Dujaili A, Duan Y, Al-Shamma O, et al. Review of deep learning: concepts, CNN architectures, challenges, applications, future directions. J Big Data. (2021) 8(1):53. doi: 10.1186/s40537-021-00444-8

9. Rashidi HH, Tran NK, Betts EV, Howell LP, Green R. Artificial intelligence and machine learning in pathology: the present landscape of supervised methods. Acad Pathol. (2019) 6(6):2374289519873088. doi: 10.1177/2374289519873088

10. Gurtu A. Council Post: Five Industries Reaping the Benefits of Artificial Intelligence. Forbes. (2021). Available online at: https://www.forbes.com/sites/forbestechcouncil/2021/06/02/five-industries-reaping-the-benefits-of-artificialintelligence/?sh=3cce0f259ca3 (accessed on December 18, 2023).

11. Patel VL, Shortliffe EH, Stefanelli M, Szolovits P, Berthold MR, Bellazzi R, et al. The coming of age of artificial intelligence in medicine. Artif Intell Med. (2009) 46(1):5–17. doi: 10.1016/j.artmed.2008.07.017

12. Matheny ME, Whicher D, Thadaney Israni S. Artificial intelligence in health care: a report from the national academy of medicine. JAMA. (2020) 323(6):509–10. doi: 10.1001/jama.2019.21579

13. Topol EJ. High-performance medicine: the convergence of human and artificial intelligence. Nat Med. (2019) 25:44–56. doi: 10.1038/s41591-018-0300-7

14. Chen J, See K. Artificial intelligence for COVID-19: rapid review. J Med Internet Res. (2020) 22:e21476. doi: 10.2196/21476

15. Meskó B, Hetényi G, Győrffy Z. Will artificial intelligence solve the human resource crisis in healthcare? BMC Health Serv Res. (2018) 18(1):545. doi: 10.1186/s12913-018-3359-4

16. Meskó B, Görög M. A short guide for medical professionals in the era of artificial intelligence. NPJ Digit Med. (2020) 3:126. doi: 10.1038/s41746-020-00333-z

17. Rajkomar A, Oren E, Chen K, Dai AM, Hajaj N, Hardt M, et al. Scalable and accurate deep learning with electronic health records. NPJ Digit Med. (2018) 1:18. doi: 10.1038/s41746-018-0029-1

18. Gupta R, Srivastava D, Sahu M, Tiwari S, Ambasta RK, Kumar P. Artificial intelligence to deep learning: machine intelligence approach for drug discovery. Mol Divers. (2021) 25:1315–60. doi: 10.1007/s11030-021-10217-3

19. Khemasuwan D, Sorensen JS, Colt HG. Artificial intelligence in pulmonary medicine: computer vision, predictive model and COVID-19. Eur Respir Rev. (2020) 29(157):200181. doi: 10.1183/16000617.0181-2020

20. Gonem S, Janssens W, Das N, Topalovic M. Applications of artificial intelligence and machine learning in respiratory medicine. Thorax. (2020) 75:695–701. doi: 10.1136/thoraxjnl-2020-214556

21. Angelini E, Dahan S, Shah A. Unravelling machine learning: insights in respiratory medicine. Eur Respir J. (2019) 54:1901216. doi: 10.1183/13993003.01216-2019

22. Lakhani P, Sundaram B. Deep learning at chest radiography: automated classification of pulmonary tuberculosis by using convolutional neural networks. Radiology. (2017) 284(2):574–82. doi: 10.1148/radiol.2017162326

23. Zabczyk C, Blakey JD. The effect of connected “smart” inhalers on medication adherence. Front Med Technol. (2021) 3:657321. doi: 10.3389/fmedt.2021.657321

24. Honkoop P, Usmani O, Bonini M. The current and future role of technology in respiratory care. Pulm Ther. (2022) 8(2):167–79. doi: 10.1007/s41030-022-00191-y

25. Usmani OS, Lavorini F, Marshall J, Dunlop WCN, Heron L, Farrington E, et al. Critical inhaler errors in asthma and COPD: a systematic review of impact on health outcomes. Respir Res. (2018) 19:10. doi: 10.1186/s12931-017-0710-y

26. Cazzola M, Cavalli F, Usmani OS, Rogliani P. Advances in pulmonary drug delivery devices for the treatment of chronic obstructive pulmonary disease. Expert Opin Drug Deliv. (2020) 17(5):635–46. doi: 10.1080/17425247.2020.1739021

27. Kikidis D, Konstantinos V, Tzovaras D, Usmani OS. The digital asthma patient: the history and future of inhaler based health monitoring devices. J Aerosol Med Pulm Drug Deliv. (2016) 29(3):219–32. doi: 10.1089/jamp.2015.1267

28. Kukreja S. A comprehensive study on the applications of artificial intelligence for the medical diagnosis and prognosis of asthma. SSRN Electr J. (2017). doi: 10.2139/ssrn.3081746

29. Fernandez-Granero MA, Sanchez-Morillo D, Leon-Jimenez A. An artificial intelligence approach to early predict symptom-based exacerbations of COPD. Biotechnol Biotechnol Equip. (2018) 32:778–84. doi: 10.1080/13102818.2018.1437568

30. Ai D, Hu Q, Chao YC, Fu C, Yuan W, Lv L, et al. Artificial intelligence-based rapid on-site cytopathological evaluation for bronchoscopy examinations. Intell Based Med. (2022) 6:100069. doi: 10.1016/j.ibmed.2022.100069

31. Leng S, Tan RS, Chai KT, Wang C, Ghista D, Zhong L. The electronic stethoscope. Biomed Eng Online. (2015) 14:66. doi: 10.1186/s12938-015-0056-y

32. Kevat A, Kalirajah A, Roseby R. Artificial intelligence accuracy in detecting pathological breath sounds in children using digital stethoscopes. Respir Res. (2020) 21(1):253. doi: 10.1186/s12931-020-01523-9

33. Cinyol F, Baysal U, Köksal D, Babaoğlu E, Ulaşlı SS. Incorporating support vector machine to the classification of respiratory sounds by convolutional neural network. Biomed Signal Process Control. (2023) 79:104093. doi: 10.1016/j.bspc.2022.104093

34. Peine A, Hallawa A, Bickenbach J, Dartmann G, Fazlic LB, Schmeink A, et al. Development and validation of a reinforcement learning algorithm to dynamically optimize mechanical ventilation in critical care. NPJ Digit Med. (2021) 4(1):32. doi: 10.1038/s41746-021-00388-6

35. Rehm GB, Han J, Kuhn BT, Delplanque JP, Anderson NR, Adams JY, et al. Creation of a robust and generalizable machine learning classifier for patient ventilator asynchrony. Methods Inf Med. (2018) 57(4):208–19. doi: 10.3414/ME17-02-0012

36. Adams JY, Lieng MK, Kuhn BT, Rehm GB, Guo EC, Taylor SL, et al. Development and validation of a multialgorithm analytic platform to detect off-target mechanical ventilation. Sci Rep. (2017) 7(1):14980. doi: 10.1038/s41598-017-15052-x

37. Sottile PD, Albers D, Higgins C, Mckeehan J, Moss MM. The association between ventilator dyssynchrony, delivered tidal volume, and sedation using a novel automated ventilator dyssynchrony detection algorithm. Crit Care Med. (2018) 46(2):e151–157. doi: 10.1097/CCM.0000000000002849

38. Loo NL, Chiew YS, Tan CP, Arunachalam G, Ralib AM, Mat-Nor MB. A machine learning model for real-time asynchronous breathing monitoring. IFAC-PapersOnLine. (2018) 51:378–83. doi: 10.1016/j.ifacol.2018.11.610

39. Parreco J, Hidalgo A, Parks JJ, Kozol R, Rattan R. Using artificial intelligence to predict prolonged mechanical ventilation and tracheostomy placement. J Surg Res. (2018) 228:179–87. doi: 10.1016/j.jss.2018.03.028

40. Giri J, Kshirsagar N, Wanjari A. Design and simulation of AI-based low-cost mechanical ventilator: an approach. Mater Today Proc. (2021) 47:5886–91. doi: 10.1016/j.matpr.2021.04.369

41. Liu CF, Hung CM, Ko SC, Cheng KC, Chao CM, Sung MI, et al. An artificial intelligence system to predict the optimal timing for mechanical ventilation weaning for intensive care unit patients: a two-stage prediction approach. Front Med (Lausanne). (2022) 9(9):935366. doi: 10.3389/fmed.2022.935366

42. Chen Z. Smart weaning: a novel machine learning algorithm for ventilator weaning in critical care. J Transl Med. (2019) 17(1):1–9. doi: 10.1186/s12967-018-1762-6

43. Shi Y. A comparison of smart weaning and conventional weaning in patients with respiratory failure. Critical Care. (2020) 24(1):1–9. doi: 10.1186/s13054-019-2683-3

44. Luján M, Lalmolda C. Ventilators, settings, autotitration algorithms. J Clin Med. (2023) 12(8):2942. doi: 10.3390/jcm12082942

45. Chatburn RL, Mireles-Cabodevila E. Closed-loop control of mechanical ventilation: description and classification of targeting schemes. Respir Care. (2011) 56(1):85–102. doi: 10.4187/respcare.00967

46. Rittayamai N, Brochard L. Recent advances in mechanical ventilation in patients with acute respiratory distress syndrome. Eur Respir Rev. (2015) 24(135):132–40. doi: 10.1183/09059180.00012414

47. Schwager E, Liu X, Nabian M, Feng T, French RM, Amelung P, et al. Machine learning prediction of the total duration of invasive and non-invasive ventilation during ICU stay. PLoS Digit Health. (2023) 2(9):e0000289. doi: 10.1371/journal.pdig.0000289

48. Extracorporeal Life Support Organization. ECMO Guidelines. (2017). Available online at: https://www.elso.org/ecmo-resources/elso-ecmo-guidelines.aspx (accessed June 18, 2024).

49. Fuller J, Abramov A, Mullin D, Beck J, Lemaitre P, Azizi E. A deep learning framework for predicting patient decannulation on extracorporeal membrane oxygenation devices: development and model analysis study. JMIR Biomed Eng. (2024) 9:e48497. doi: 10.2196/48497

50. Stephens AF, Šeman M, Diehl A, Pilcher D, Barbaro RP, Brodie D, et al. ECMO PAL: using deep neural networks for survival prediction in venoarterial extracorporeal membrane oxygenation. Intens Care Med. (2023) 49(9):1090–9. doi: 10.1007/s00134-023-07157-x

51. Ayers B, Wood K, Gosev I, Prasad S. Predicting survival after extracorporeal membrane oxygenation by using machine learning. Ann Thorac Surg. (2020) 110(4):1193–200. doi: 10.1016/j.athoracsur.2020.03.128

52. Lee JH, Ahn JS, Chung MJ, Jeong YJ, Kim JH, Lim JK, et al. Development and validation of a multimodal based prognosis and intervention prediction model for COVID-19 patients in a multicenter cohort. Sensors (Basel). (2022) 22(13):5007. doi: 10.3390/s22135007

53. Barbaro RP, Odetola FO, Kidwell KM, Paden ML, Bartlett RH, Davis MM, et al. Association of hospital-level volume of extracorporeal membrane oxygenation cases and mortality. Analysis of the extracorporeal life support organization registry. Am J Respir Crit Care Med. (2015) 191(8):894–901. doi: 10.1164/rccm.201409-1634OC

54. Okada Y, Mertens M, Liu N, Lam SSW, Ong MEH. AI And machine learning in resuscitation: ongoing research, new concepts, and key challenges. Resusc Plus. (2023) 15:100435. doi: 10.1016/j.resplu.2023.100435

55. Shin YS, Kim YJ, Ryoo SM, Sohn CH, Ahn S, Seo DW, et al. Promising candidates for extracorporeal cardiopulmonary resuscitation for out-of-hospital cardiac arrest. Sci Rep. (2020) 10(1):22180. doi: 10.1038/s41598-020-79283-1

56. Assouline B, Mentha N, Wozniak H, Donner V, Looyens C, Suppan L, et al. Improved extracorporeal cardiopulmonary resuscitation (ECPR) outcomes is associated with a restrictive patient selection algorithm. J Clin Med. (2024) 13(2):497. doi: 10.3390/jcm13020497

57. Liu ZX, Yang Y, Song HH, Liu W, Sun P, Lin CW. Impact of independent early stage extracorporeal cardiopulmonary resuscitation in the emergency department following the establishment of an extracorporeal life support team. Heliyon. (2024) 10(1):e23411. doi: 10.1016/j.heliyon.2023.e23411

58. Kang JK, Darby Z, Bleck TP, Whitman GJR, Kim BS, Cho SM. Post-cardiac arrest care in adult patients after extracorporeal cardiopulmonary resuscitation. Crit Care Med. (2024) 52(3):483–94. doi: 10.1097/CCM.0000000000006102

59. Sweet DG, Carnielli V, Greisen G, Hallman M, Ozek E, Te Pas A, et al. European Consensus guidelines on the management of respiratory distress syndrome—2019 update. Neonatology. (2019) 115:432–50. doi: 10.1159/000499361

60. Nobile S, Marchionni P, Vento G, Vendettuoli V, Marabini C, Lio A, et al. New insights on early patterns of respiratory disease among extremely low gestational age newborns. Neonatology. (2017) 112:53–9. doi: 10.1159/000456706

61. Ahmed W, Veluthandath AV, Rowe DJ, Madsen J, Clark HW, Postle AD, et al. Prediction of neonatal respiratory distress biomarker concentration by application of machine learning to mid-infrared spectra. Sensors. (2022) 22:1744. doi: 10.3390/s22051744

62. Laughon MM, Langer JC, Bose CL, Smith PB, Ambalavanan N, Kennedy KA, et al. Prediction of bronchopulmonary dysplasia by postnatal age in extremely premature infants. Am J Respir Crit Care Med. (2011) 183:1715–22. doi: 10.1164/rccm.201101-0055OC

63. Patel M, Sandhu J, Chou FS. Developing a machine learning-based tool to extend the usability of the NICHD BPD outcome estimator to the Asian population. PLoS One. (2022) 17:e0272709. doi: 10.1371/journal.pone.0272709

64. Leigh RM, Pham A, Rao SS, Vora FM, Hou G, Kent C, et al. Machine learning for prediction of bronchopulmonary dysplasia-free survival among very preterm infants. BMC Pediatr. (2022) 22(1):542. doi: 10.1186/s12887-022-03602-w

65. Finer NN, Higgins R, Kattwinkel J, Martin RJ. Summary proceedings from the apnea of- prematurity group. Pediatrics. (2006) 117(Suppl. S1):S47–51. doi: 10.1542/peds.2005-0620H

66. Varisco G, Peng Z, Kommers D, Zhan Z, Cottaar W, Andriessen P, et al. Central apnea detection in premature infants using machine learning. Comput Methods Programs Biomed. (2022) 226:107155. doi: 10.1016/j.cmpb.2022.107155

67. Correa M, Zimic M, Barrientos F, Barrientos R, Román-Gonzalez A, Pajuelo MJ, et al. Automatic classification of pediatric pneumonia based on lung ultrasound pattern recognition. PLoS One. (2018) 13(12):e0206410. doi: 10.1371/journal.pone.0206410

68. Ferrante G, Licari A, Marseglia GL, La Grutta S. Commentary: artificial intelligence as an emerging diagnostic approach in paediatric pulmonology. Respirology. (2020) 25(10):1029–30. doi: 10.1111/resp.13842

69. Alqudaihi KS, Aslam N, Khan IU, Almuhaideb AM, Alsunaidi SJ, Ibrahim NMAR, et al. Cough sound detection and diagnosis using artificial intelligence techniques: challenges and opportunities. IEEE Access. (2021) 9:102327–44. doi: 10.1109/ACCESS.2021.3097559

70. Kim Y, Hyon Y, Jung SS, Lee S, Yoo G, Chung C, et al. Respiratory sound classification for crackles, wheezes, and rhonchi in the clinical field using deep learning. Sci Rep. (2021) 11(1):17186. doi: 10.1038/s41598-021-96724-7

71. Chan M, Estève D, Fourniols JY, Escriba C, Campo E. Smart wearable systems: current status and future challenges. Artif Intell Med. (2012) 56(3):137–56. doi: 10.1016/j.artmed.2012.09.003

72. Choi E, Bahadori MT, Schuetz A, Stewart WF, Sun J. Doctor AI: predicting clinical events via recurrent neural networks. JMLR Workshop Conf Proc. (2016) 56:301–18.28286600

73. Adamo S, Ambrosino P, Ricciardi C, Accardo M, Mosella M, Cesarelli M, et al. A machine learning approach to predict the rehabilitation outcome in convalescent COVID-19 patients. J Pers Med. (2022) 12(3):328. doi: 10.3390/jpm12030328

74. Topol EJ. Individualized medicine from prewomb to tomb. Cell. (2014) 157(1):241–53. doi: 10.1016/j.cell.2014.02.012

75. Reddy S, Allan S, Coghlan S, Cooper P. A governance model for the application of AI in health care. J Am Med Inform Assoc. (2020) 27(3):491–7. doi: 10.1093/jamia/ocz192

76. Sivarajkumar S, Gao F, Denny P, Aldhahwani B, Visweswaran S, Bove A, et al. Mining clinical notes for physical rehabilitation exercise information: natural language processing algorithm development and validation study. JMIR Med Inform. (2024) 12:e52289. doi: 10.2196/52289

77. Bickmore TW, Silliman RA, Nelson K, Cheng DM, Winter M, Henault L, et al. A randomized controlled trial of an automated exercise coach for older adults. J Am Geriatr Soc. (2013) 61(10):1676–83. doi: 10.1111/jgs.12449

78. Futoma J, Hariharan S, Heller K, Sendak M, Brajer N, Clement M, et al. An improved multi-output Gaussian process RNN with real-time validation for early sepsis detection. Proceedings of the 2nd Machine Learning for Healthcare Conference, USA. Proceedings of Machine Learning Research (2017). p. 243–54

79. Liu X, Faes L, Kale AU, Wagner SK, Fu DJ, Bruynseels A, et al. A comparison of deep learning performance against health-care professionals in detecting diseases from medical imaging: a systematic review and meta-analysis. Lancet Digit Health. (2019) 1(6):e271–97. doi: 10.1016/S2589-7500(19)30123-2

80. Adams SJ, Henderson RDE, Yi X, Babyn P. Artificial intelligence solutions for analysis of x-ray images. Can Assoc Radiol J. (2021) 72(1):60–72. doi: 10.1177/0846537120941671

81. Msolli MA, Sekma A, Marzouk MB, Chaabane W, Bel Haj Ali K, Boukadida L, et al. Bedside lung ultrasonography by emergency department residents as an aid for identifying heart failure in patients with acute dyspnea after a 2-h training course. Ultrasound J. (2021) 13(1):5. doi: 10.1186/s13089-021-00207-9

82. Camacho J, Muñoz M, Genovés V, Herraiz JL, Ortega I, Belarra A, et al. Artificial intelligence and democratization of the use of lung ultrasound in COVID-19: on the feasibility of automatic calculation of lung ultrasound score. Int. J Transl Med. (2022) 2(1):17–25. doi: 10.3390/ijtm2010002

83. Javaid M, Haleem A, Singh RP, Suman R, Rab S. Significance of machine learning in healthcare: features, pillars and applications. Int J Intell Netw. (2022) 3:58–73. doi: 10.1016/j.ijin.2022.05.002

84. Wang J, Yang X, Zhou B, Sohn JJ, Zhou J, Jacob JT, et al. Review of machine learning in lung ultrasound in COVID-19 pandemic. J Imaging. (2022) 8(3):65. doi: 10.3390/jimaging8030065

85. Chardoli M, Sabbaghan Kermani S, Abdollahzade Manqoutaei S, Loesche MA, Duggan NM, Schulwolf S, et al. Lung ultrasound in predicting COVID-19 clinical outcomes: a prospective observational study. J Am Coll Emerg Physicians Open. (2021) 2(6):e12575. doi: 10.1002/emp2.12575

86. Arntfield R, VanBerlo B, Alaifan T, Phelps N, White M, Chaudhary R, et al. Development of a convolutional neural network to differentiate among the etiology of similar appearing pathological B lines on lung ultrasound: a deep learning study. BMJ Open. (2021) 11(3):e045120. doi: 10.1136/bmjopen-2020-045120

87. Born J, Brändle G, Cossio M, Disdier M, Goulet J, Roulin J, et al. POCOVID-Net: automatic detection of COVID-19 from a new lung ultrasound imaging dataset (POCUS). arXiv:2004.12084v4 [Preprint]. (2020). Available online at: https://arxiv.org/abs/2004.12084 (posted January 24, 2021; accessed July 8, 2024).

88. Kuroda Y, Kaneko T, Yoshikawa H, Uchiyama S, Nagata Y, Matsushita Y, et al. Artificial intelligence-based point-of care lung ultrasound for screening COVID-19 pneumoniae: comparison with CT scans. PLoS One. (2023) 18(3):e0281127. doi: 10.1371/journal.pone.0281127

89. Baloescu C, Toporek G, Kim S, McNamara K, Liu R, Shaw MM, et al. Automated lung ultrasound B-line assessment using a deep learning algorithm. IEEE Trans Ultrason Ferroelectr Freq Control. (2020) 67(11):2312–20. doi: 10.1109/TUFFC.2020.3002249

90. Jaščur M, Bundzel M, Malík M, Dzian A, Ferenčík N, Babič F. Detecting the absence of lung sliding in lung ultrasounds using deep learning. Appl Sci. (2021) 11(15):6976. doi: 10.3390/app11156976

91. VanBerlo B, Wu D, Li B, Rahman MA, Hogg G, VanBerlo B, et al. Accurate assessment of the lung sliding artefact on lung ultrasonography using a deep learning approach. Comput Biol Med. (2022) 148:105953. doi: 10.1016/j.compbiomed.2022.105953

92. Tsai CH, van der Burgt J, Vukovic D, Kaur N, Demi L, Canty D, et al. Automatic deep learning-based pleural effusion classification in lung ultrasound images for respiratory pathology diagnosis. Phys Med. (2021) 83:38–45. doi: 10.1016/j.ejmp.2021.02.023

93. Bandyopadhyay A, Goldstein C. Clinical applications of artificial intelligence in sleep medicine: a sleep clinician’s perspective. J Clin Sleep Med. (2023) 16(3):39–41. doi: 10.1007/s11325-022-02592-4

94. Ferreira-Santos D, Amorim P, Silva Martins T, Monteiro-Soares M, Pereira Rodrigues P. Enabling early obstructive sleep apnea diagnosis with machine learning: systematic review. J Med Internet Res. (2022) 24(9):e39452. doi: 10.2196/39452

95. Serrano Alarcón Á, Martínez Madrid N, Seepold R. A minimum set of physiological parameters to diagnose obstructive sleep apnea syndrome using noninvasive portable monitors. a systematic review. Life. (2021) 11(11):1249. doi: 10.3390/life11111249

96. Zhao R, Xue J, Zhang X, Peng M, Li J, Zhou B, et al. Comparison of ring pulse oximetry using reflective photoplethysmography and PSG in the detection of OSA in Chinese adults: a pilot study. Nat Sci Sleep. (2022) 14:1427–36. doi: 10.2147/NSS.S367400

97. Yang H, Lu S, Yang L. Clinical prediction models for the early diagnosis of obstructive sleep apnea in stroke patients: a systematic review. Syst Rev. (2024) 13(1):38. doi: 10.1186/s13643-024-02449-9

98. Kuan YC, Hong CT, Chen PC, Liu WT, Chung CC. Logistic regression and artificial neural network-based simple predicting models for obstructive sleep apnea by age, sex, and body mass index. Math Biosci Eng. (2022) 19(11):11409–21. doi: 10.3934/mbe.2022532

99. Shen N, Luo T, Chen C, Zhang Y, Zhu H, Zhou Y, et al. Towards an automatic narcolepsy detection on ambiguous sleep staging and sleep transition dynamics joint model. J Neural Eng. (2022) 19(5):056009. doi: 10.1088/1741-2552/ac8c6b

100. Cesari M, Egger K, Stefani A, Bergmann M, Ibrahim A, Brandauer E, et al. Differentiation of central disorders of hypersomnolence with manual and artificial-intelligence-derived polysomnographic measures. Sleep. (2023) 46(2):zsac288. doi: 10.1093/sleep/zsac288

101. Li C, Qi Y, Ding X, Zhao J, Sang T, Lee M. A deep learning method approach for sleep stage classification with EEG spectrogram. Int J Environ Res Public Health. (2022) 19(10):6322. doi: 10.3390/ijerph19106322

102. Nygate Y, Rusk S, Fernandez C, Winzurk Z, Wickwire EM, Mignot E, et al. Artificial intelligence to aid indiagnosis of type I narcolepsy. Sleep. (2023) 46:A252. doi: 10.1093/sleep/zsad077.0574

103. Brennan HL, Kirby SD. The role of artificial intelligence in the treatment of obstructive sleep apnea. J Otolaryngol Head Neck Surg. (2023) 52(1):7. doi: 10.1186/s40463-023-00621-0

104. Topalovic M, Das N, Burgel PR, Daenen M, Derom E, Haenebalcke C, et al. Pulmonary function study investigators; pulmonary function study investigators: artificial intelligence outperforms pulmonologists in the interpretation of pulmonary function tests. Eur Respir J. (2019) 53(4):1801660. doi: 10.1183/13993003.01660-2018

105. Kaplan A, Cao H, FitzGerald JM, Iannotti N, Yang E, Kocks JWH, et al. Artificial intelligence/machine learning in respiratory medicine and potential role in asthma and COPD diagnosis. J Allergy Clin Immunol Pract. (2021) 9(6):2255–61. doi: 10.1016/j.jaip.2021.02.014

106. Enright PL. How to make sure your spirometry tests are of good quality. Respir Care. (2003) 48(8):773–6.12890297

107. Topalovic M, Laval S, Aerts JM, Troosters T, Decramer M, Janssens W, et al. Belgian pulmonary function study investigators. Automated interpretation of pulmonary function tests in adults with respiratory complaints. Respiration. (2017) 93:170–8. doi: 10.1159/000454956

108. Badnjevic A, Cifrek M, Koruga D. Neuro-fuzzy classification of asthma and chronic obstructive pulmonary disease. BMC Med Inform Decis Mak. (2015) 15(Suppl. 3):S1. doi: 10.1186/1472-6947-15-S3-S1

109. Andrade D, Ribeiro L, Lopes A, Amaral JL, Melo PL. Machine learning associated with respiratory oscillometry: a computer-aided diagnosis system for the detection of respiratory abnormalities in systemic sclerosis. BioMed Eng OnLine. (2021) 20:31. doi: 10.1186/s12938-021-00865-9

110. Amaral JL, Lopes AJ, Faria AC, Melo PL. Machine learning algorithms and forced oscillation measurements to categorise the airway obstruction severity in chronic obstructive pulmonary disease. Comput Methods Programs Biomed. (2015) 118(2):186–97. doi: 10.1016/j.cmpb.2014.11.002

111. Loeckx J. Blurring boundaries in education: context and impact of MOOCs. Int Rev Res Open Distrib Learn. (2016) 17:92–121. doi: 10.19173/irrodl.v17i3.2395

112. Zhai X, Chu X, Chai CS, Jong MS, Istenič A, Spector M, et al. A review of artificial intelligence (AI) in education from 2010 to 2020. Complexity. (2021) 2021:8812542. doi: 10.1155/2021/8812542

113. Chan KS, Zary N. Applications and challenges of implementing artificial intelligence in medical education: integrative review. JMIR Med Educ. (2019) 5:0. doi: 10.2196/13930

114. Sapci AH, Sapci HA. Artificial intelligence education and tools for medical and health informatics students: systematic review. JMIR Med Educ. (2020) 6:0. doi: 10.2196/19285

115. Varma JR, Fernando S, Ting BY, Aamir S, Sivaprakasam R. The global use of artificial intelligence in the undergraduate medical curriculum: a systematic review. Cureus. (2023) 15:0. doi: 10.7759/cureus.39701

116. Liventsev V, Härmä A, Petković M. Towards effective patient simulators. Front. Artif Intell. (2021) 4:798659. doi: 10.3389/frai.2021.798659

117. Kononowicz AA, Woodham LA, Edelbring S, Stathakarou N, Davies D, Saxena N, et al. Virtual patient simulations in health professions education: systematic review and meta-analysis by the digital health education collaboration. J Med Internet Res. (2019) 21(7):e14676. doi: 10.2196/14676

118. Gupta S, Ojeh N, Sa B, Majumder MAA, Singh K, Adams OP. Use of an adaptive e-learning platform as a formative assessment tool in the cardiovascular system course component of an MBBS programme. Adv Med Educ Pract. (2020) Volume 11:989–96. doi: 10.2147/AMEP.S267834

119. Narayanan S, Ramakrishnan R, Durairaj E, Das A. Artificial intelligence revolutionizing the field of medical education. Cureus. (2023) 15(11):e49604. doi: 10.7759/cureus.49604

120. Komasawa N, Yokohira M. Simulation-based education in the artificial intelligence era. Cureus. (2023) 15(6):e40940. doi: 10.7759/cureus.40940

121. Alowais SA, Alghamdi SS, Alsuhebany N, Alqahtani T, Alshaya AI, Almohareb SN, et al. Revolutionizing healthcare: the role of artificial intelligence in clinical practice. BMC Med Educ. (2023) 23(1):689. doi: 10.1186/s12909-023-04698-z

122. Liao KM, Ko SC, Liu CF, Cheng KC, Chen CM, Sung MI, et al. Development of an interactive ai system for the optimal timing prediction of successful weaning from mechanical ventilation for patients in respiratory care centers. Diagnostics. (2022) 12:975. doi: 10.3390/diagnostics12040975

123. Haghi M, Thurow K, Stoll R. Wearable devices in medical internet of things: scientific research and commercially available devices. Healthc Inform Res. (2017) 23(1):4–15. doi: 10.4258/hir.2017.23.1.4

124. Petersson L, Larsson I, Nygren JM, Nilsen P, Neher M, Reed JE, et al. Challenges to implementing artificial intelligence in healthcare: a qualitative interview study with healthcare leaders in Sweden. BMC Health Serv Res. (2022) 22(1):850. doi: 10.1186/s12913-022-08215-8

125. Alhashmi SFS, Alshurideh M, Al Kurdi B, Salloum SA. A systematic review of the factors affecting the artificial intelligence implementation in the health care sector. In: Hassanien AE, Azar A, Gaber T, Oliva D, Tolba F, editors. Proceedings of the International Conference on Artificial Intelligence and Computer Vision (AICV2020). Advances in Intelligent Systems and Computing, vol 1153. Cham: Springer (2020):37–49. doi: 10.1007/978-3-030-44289-7_4

126. Sullivan HR, Schweikart SJ. Are current tort liability doctrines adequate for addressing injury caused by AI? AMA J Ethics. (2019) 21(2):E160–166. doi: 10.1001/amajethics.2019.160

127. United Nations Department of Economic and Social Affairs. The 17 Goals|Sustainable Development. (2015). Available online at: https://sdgs.un.org/goals (accessed June 27, 2024).



OPS/images/fdgth-06-1502434-g003.jpg
Al in Mechanical Ventilation

Al in Sleep Medicine

Alin Pulmonary Function
Diagnosis

Al in Lung Ultrasound

Alin
Respiratory
Care

Al in Pulmonary Rehabilitation

Alin Neonatal Pediatric
Respiratory Care

Alin ECMO

Alin Respiratory Care Education






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Artificial intelligence in respiratory care

		Introduction



		AI in respiratory care



		AI in mechanical ventilation



		AI in extracorporeal membrane oxygenation



		AI in neonatal and paediatric respiratory care



		AI in pulmonary rehabilitation



		AI in lung ultrasound



		AI in sleep medicine



		AI in pulmonary function diagnostics



		AI in respiratory care education











		Discussion



		Summary



		Author contributions



		Funding



		Conflict of interest



		Generative AI statement



		Publisher's note



		References



















OPS/images/cover.jpg
& frontiers | Frontiers in pigial Heattn






OPS/images/fdgth-06-1502434-g002.jpg
MACHINE LEARNING

-‘-»-»W-»@

INPUT FEATURE EXTRACTION CLASSIFICATION OUTPUT

DEEP LEARNING

i-»

INPUT FEATURE EXTRACTION + CLASSIFICATION OUTPUT










OPS/images/fdgth-06-1502434-g001.jpg
Artificial Intelligence (Al)

Machine Learning (ML)
Focuses on algorithms for data-driven learning and prediction

Deep Learning (DL) Reinforcement Learning (RL)

Involves multi-layered neural networks for complex
data representations

]

Natural Language Processing (NLP)

Focuses on computer-human language.
ction, essential for text and speech
aDDllcauonsllKe (ranslanon sennmemanatys.s,
and chatbot

Combines supervised and unsupervised learning,
allowing machines to learn through trial-and-
error from experience.

Artificial Neural Networks (ANN)

Modelled based on human brain, with interconnected neurons.
processing data in layers

Convolutional Neural Networks (CNN]

o rosessing and computerison tasks sing
hierarchie:

Recurrent Neural Networks (RNN)

quential data like tim
pi ing






OPS/images/crossmark.jpg
(®) Check for updates.





OPS/images/logo.jpg
& frontiers | Frontiers in Digital Health





OPS/images/fdgth-06-1502434-t001.jpg
Area of
Application
Mechanical ventilation

Al tools/models

VentAl ML-based classifiers

Advantages

Personalised care, improved weaning prediction,
reduced VAP risk, rapid decision making

Limitations/challenges

High-quality data requirement, complexity
in diverse patient response

Extracorporeal membrane

CEVVO, ECMO PAL, ML models for
survival prediction

Enhanced decision-making, real-time monitoring,
effective ECPR logistics

Data reliability, risks of feedback loops,
high-quality data needed

Neonatal & pediatric
respiratory care

ML for RDS, BPD Outcome Estimator,
DL models for pneumonia

Improved discase prediction, accurate diagnosis,
reduced false alarms

Limited datasets, imbalanced data, data
confidentiality concerns

Pulmonary rehabilitation

Wearable devices, ML algorithms

Personalised rehab, reduced readmission rates,
predictive analytics

Data security, need for personalised exercise
regimen training

Lung ultrasound

DL algorithms for pneumonia

Enhanced diagnostic accuracy, faster Jung assessments

Limited imaging data, need for skilled
personnel for data collection

Sleep medicine

DL models like EEGSNet

Comprehensive sleep evaluation, early detection of
sleep disorders

Potential biases, need for human supervision
in diagnosis

Pulmonary function
diagnostics

Decision tree models, neuro-fuzzy
systems.

Improved accuracy in discase identification, reduced

High-quality data requirement, variability in
real-world application

Respiratory care education

Al simulators (SimX, Body Interact),
adaptive e-learning systems

Personalised learning, critical thinking enhancement,
efficient evaluation

Ethical considerations, need for faculty and
student training






