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Background: Critical illness medicine faces challenges such as high data complexity, large individual differences, and rapid changes in conditions. Artificial Intelligence (AI) technology, especially machine learning and deep learning, offers new possibilities for addressing these issues. By analyzing large amounts of patient data, AI can help identify diseases earlier, predict disease progression, and support clinical decision-making.

Methods: In this study, scientific literature databases such as Web of Science were searched, and bibliometric methods along with visualization tools R-bibliometrix, VOSviewer 1.6.19, and CiteSpace 6.2.R4 were used to perform a visual analysis of the retrieved data.

Results: This study analyzed 900 articles from 6,653 authors in 82 countries between 2005 and 2024. The United States is a major contributor in this field, with Harvard University having the highest betweenness centrality. Noseworthy PA is a core author in this field, and Frontiers in Cardiovascular Medicine and Diagnostics lead other journals in terms of the number of publications. Artificial Intelligence has tremendous potential in the identification and management of heart failure and sepsis.

Conclusion: The application of AI in critical illness holds great potential, particularly in enhancing diagnostic accuracy, personalized treatment, and clinical decision support. However, to achieve widespread application of AI technology in clinical practice, challenges such as data privacy, model interpretability, and ethical issues need to be addressed. Future research should focus on the transparency, interpretability, and clinical validation of AI models to ensure their effectiveness and safety in critical illness.
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1 Introduction

Artificial intelligence (AI) is a broad concept that encompasses enabling computer systems to perform tasks that typically require human intelligence, such as reasoning, decision-making, or problem-solving (1). AI can be understood as an umbrella term that includes a variety of technologies such as machine learning, deep learning, natural language processing (NLP), and more (2). Over the past few years, artificial intelligence has demonstrated significant efficacy in medical diagnosis, treatment, and predictive analytics, attributed to the sophistication of its computational algorithms and machine learning capabilities (3, 4). As an innovative breakthrough in the medical field, data-driven AI technology has been widely applied in various branches of the healthcare industry, especially in the Intensive Care Unit (ICU), where it has shown great potential in handling massive and complex medical data (5, 6). For instance, in the treatment of Acute Respiratory Distress Syndrome (ARDS), by analyzing a vast amount of complex medical data, AI helps to improve the accuracy of diagnosis, predict the trend of disease development, formulate personalized treatment plans, optimize patient monitoring, guide clinical surgery and treatment decisions, and predict patients' health trajectories (7). By deeply analyzing patients' physiological data, laboratory test results, and medical history, AI can predict changes in conditions and reduce the risk of complications (8). Additionally, AI uses deep learning techniques to analyze medical imaging, assisting doctors in making more accurate diagnoses (9).

Bibliometric analysis is a method that uses mathematical and statistical techniques to qualitatively and quantitatively evaluate research in a specific field over a certain period (10). Bibliometric analysis, as a key tool, can help scholars gain insights into research trends and foresee the future direction of academic development (11). Although there is an increasing amount of research on AI models in critical illnesses, there has not yet been a systematic bibliometric review of the literature. Therefore, we conducted a bibliometric analysis to reveal the research hotspots and potential directions in the application of AI in critical illness.



2 Materials and methods


2.1 Data sources and search strategy

For this research, we employed the Science Citation Index Expanded (SCI-E) as our main source of data. The research included in our analysis was categorized into two types: original articles and review papers, both written in English, with a time span from January 1, 2005, to September 22, 2024. To reduce the likelihood of bias from database updates, we carried out an exhaustive search and review of relevant publications, with the process being finalized on September 22, 2024. The search terms were as follows: ((((((((((AB=(sepsis)) OR AB=(ALI)) OR AB=(Acute lung injury)) OR AB=(Acute respiratory distress syndrome)) OR AB=(ARDS)) OR AB=(AKI)) OR AB=(Acute Kidney Injury)) OR AB=(heart failure)) OR AB=(Multiple Organ Failure)) OR AB=(Acute Brain Injury) AND (AB=(Artificial Intelligence)) OR AB=(AI))OR ((((((((((TI=(sepsis)) OR TI=(ALI)) OR TI=(Acute lung injury)) OR TI=(Acute respiratory distress syndrome)) OR TI=(ARDS)) OR TI=(AKI)) OR TI=(Acute Kidney Injury)) OR TI=(heart failure)) OR TI=(Multiple Organ Failure)) OR TI=(Acute Brain Injury) AND (TI=(Artificial Intelligence)) OR TI=(AI)). The specific process is shown in Figure 1.


[image: Figure 1]
FIGURE 1
 Detailed literature screening process.




2.2 Data analysis and visualization

The data extracted from the database includes the number of articles, citation counts, countries/regions, authors, journals, institutions, reference keywords, etc. (12, 13). Following that, the compiled data was then imported into Bibliometrix, CiteSpace version 6.2.R4 by Chaomei Chen of Drexel University in Dalian, China, and VOSviewer version 1.6.19 by Van Eck and Waltman from The Center for Science and Technology Studies in the Netherlands for the purpose of visual analysis. CiteSpace 6.2.R4 was utilized to analyze the citation bursts of references and keywords, and the double map overlay of journals to explore research directions and development trends (14–16). Using VOSviewer v.1.6.19, we examined the network maps showcasing the relationships and co-occurrences among authors, countries, and keywords. Bibliometrix, an open-source tool designed by Massimo Aria and Corrado Cuccurullo and based on the R language, was utilized in this study for analyzing author keyword trends and thematic topics using R version 4.3.1-win (17).




3 Results


3.1 Annual trend of publications

A total of 900 publications were identified from 2005 to 2024. The volume of publications can to a certain degree indicate the tendencies of research within the field. As shown in Figure 2, there were few publications before 2020. With increasing attention from more researchers on the application of AI in critical illness, the number of publications in this field has increased compared to before, with a rapid growth from 73 in 2018 to 230 in 2023.
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FIGURE 2
 Annual output of AI in critical illness research.




3.2 Analysis of countries/regions and institutions

Table 1 ranks countries based on the publication output of authors, with the United States having the highest number of publications (N = 345) and citation counts (TC = 8,640). In light of collaborative relationships between countries, VOSviewer constructed a co-authorship collaboration network map among countries, with the selection criteria being countries with a publication output of at least 1 article, and 3 countries that did not have connections with other countries were removed, finally leaving 79 countries (Figure 3A). In the map, the magnitude of the nodes signifies publication counts, while the connections between nodes denote the collaborative ties between nations, with the thicker connections suggesting more robust collaborations. The United States has the most publications and the closest collaborative relationships. Figure 3B displays the global distribution of publications, with North America and Asia dominating in terms of publication output. Figure 3C is an institution co-occurrence map constructed by CiteSpace, where the size of the nodes represents the number of times an institution has been cited, and nodes with a purple halo have high betweenness centrality. The selection criteria for this map are as follows: the time span is limited to 2005–2024 with a time slice length of 1 year, and the core indicator used is the g-index (k = 25). In CiteSpace, a betweenness centrality exceeding 0.1 is considered a key node (18). Table 2 lists the top 10 countries ranked by their betweenness centrality. The top three institutions by betweenness centrality are Harvard University (Centrality = 0.13), Mayo Clinic (Centrality = 0.11), and University of California System (Centrality = 0.08), six of which are from the United States.


TABLE 1 Top 10 countries in terms of number of publications.
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FIGURE 3
 National and institutional contributions to the use of AI in critical care medicine (A) National co-authorship analysis map. (B) World map showing the total number of publications by country/region. (C) A co-occurrence analysis map of institutions in the field of AI in critical illness.



TABLE 2 Top 10 affiliations in terms of intermediary centrality.
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3.3 Author analysis

We included 76 authors who co-authored at least two publications and displayed their collaborative relationships (Figure 4A). However, it was surprising to us that there were not strong connections among these core authors, which also implies that there is a need for increased collaboration and communication among authors to promote the development of the field. Table 3 shows the top 10 authors by publication volume, with Noseworthy PA having the highest number of publications, citations, H-index, and G-index, indicating that Noseworthy PA has a significant influence in the field. Figure 4B shows the change in publications and citations over time for the top 10 authors. Notably, an article titled “An artificial intelligence-enabled ECG algorithm for the identification of patients with atrial fibrillation during sinus rhythm: a retrospective analysis of outcome prediction,” published by Noseworthy PA in 2019, has the highest number of citations (TC = 720).


[image: Figure 4]
FIGURE 4
 Author of a study involving the use of AI in critical illness (A) A co-occurrence network map of 76 authors who have co-authored two or more publications. (B) Productivity of the 10 most productive authors over time.



TABLE 3 Top 10 authors with the highest number of publications.
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3.4 Journal analysis

The dual-map overlay designed by Chen and Leydesdorff allows for the visualization of scientific patterns in the global scientific journal map at the disciplinary level (19, 20). CiteSpace created a dual-map overlay visualization (Figure 5) for AI applications in critical illness research spanning 2005 to 2024, with the journals that cite others on the left and those that are cited on the right. The labels indicate the academic disciplines related to the citing or cited journals, and the colored lines show the reference connections. A total of 458 journals have contributed to this field, as shown in Table 4. The journal with the highest number of publications is Frontiers in Cardiovascular Medicine (N = 23), followed by Diagnostics (N = 21). Among the top 10 journals by publication count, the Journal of Medical Internet Research has the highest impact factor (IF = 5.8).


[image: Figure 5]
FIGURE 5
 A double map overlay of AI in critical illness.



TABLE 4 Top 10 journals in terms of number of articles published.
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3.5 Co-citation bursts and citation bursts

In Table 5, we identified the top 10 co-cited documents by citation count. The article “Screening for cardiac contractile dysfunction using an artificial intelligence-enabled electrocardiogram,” published in Nature Medicine, has the highest number of citations. This article indicates that AI-enabled ECGs can help detect left ventricular dysfunction in asymptomatic individuals, preventing heart failure and reducing the risk of death. Figure 6A shows the visualization of citation bursts; we analyzed data from 2005 to 2024, dividing it into annual intervals to study the evolution of co-citation networks. In the CiteSpace analysis, to ensure the high credibility and academic representativeness of the clustering results, we conducted a rigorous screening of the literature, with the time span set from 2005 to 2024 and the time slice length as one year. Regarding the core indicators, we used the g-index (k = 25) to select high-impact literature as the basis for clustering. Based on these references, CiteSpace categorized the references into 10 clusters: #0 Cardiovascular medicine, #1 early prediction, #2 acute kidney injury, #3 aortic insufficiency, #4 critical illness-related corticosteroid insufficiency, #5 chronic failure, #6 overcoming challenge, #7 recent advance, #8 acute secondary adrenal insufficiency, #9 homing (Figure 6B). We acquired 24 reference documents with significant citation counts through CiteSpace (selection criteria: Top 20; The Number of States: 2; Minimum Duration: 2), and selected the top 20. The blue line represents the timeline, the red line represents the interval of discovery bursts, and shows the intensity of the bursts. Among them, the article titled “Internal and External Validation of a Machine Learning Risk Score for Acute Kidney Injury” has only recently begun to burst (2022–2024; Figure 6C).


TABLE 5 Top 10 most cited literature.
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FIGURE 6
 Visual map of references on the application of AI in critical illness (A) Schematic visualization of the reference network (B) Network map of reference clustering (C) Top 20 references with the strongest citation explosion.




3.6 Keyword analysis

Using the VOSviewer tool, we filtered out keywords that appeared more than 10 times and identified five main clusters of keywords (Figure 7A). Within this illustration, the dimensions of each node correspond to its occurrence rate, while the heaviness of the connecting lines signifies the bond's intensity; thicker lines suggest that the two keywords co-occur more often, indicating a tighter association. The five most frequently occurring keywords are: artificial intelligence (N = 234 times), machine learning (N = 173 times), heart failure (N = 125 times), mortality (N = 121 times), and sepsis (N = 106 times). Additionally, VOSviewer assigned colors to the keywords according to their emergence timeline, using blue for the earlier ones and yellow for those that have emerged more recently. In Figure 7B, we can see some recently emerged keywords, such as electrocardiography (2022.92), cardiology (2022.50), artificial intelligence (2022.47), and electrocardiogram (2022.41). The recent keyword trends show that the application of AI in electrocardiogram analysis, cardiology, and critical illness is becoming a hot topic of research. In particular, the application of AI technology in the automatic diagnosis of cardiovascular diseases from electrocardiograms has attracted widespread attention. This indicates that AI has tremendous potential in improving the accuracy and efficiency of diagnoses and is likely to play an increasingly important role in predicting and preventing critical illnesses. The Citespace software automatically clusters keyword and extracts the top 10 clusters. In Figure 7C, the modularity value (Q) is 0.4019, and the average silhouette value (S) of the network is 0.7283. When the Q value of the cluster exceeds 0.3, it indicates that the cluster structure is significant; an S value above 0.5 suggests that the clustering results are credible, and when the S value reaches 0.7 or higher, the clustering results are highly persuasive (3, 21). In the timeline analysis, the recently active clusters are #0 machine learning, #1 sepsis, and #2 septic shock. To better understand the trends in research topics in this field over time, bibliometric analysis was conducted for “trending topics” as shown in Figure 7D. The active keywords in recent times indicate that AI is playing an increasingly important role in the diagnosis, treatment, and prediction of cardiology, especially in the application of deep learning, showing great potential. The frequent appearance of these keywords implies the medical community's emphasis on applying AI for high-precision medical diagnosis and treatment plans, and also highlights the development trend of AI technology in improving predictive accuracy.
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FIGURE 7
 Keyword co-occurrence analysis in the application of AI in critical illness. (A) A visual representation in VOSviewer of 121 keywords that appeared more than 10 times. (B) A chronological visual map of the keywords. (C) A timeline graph from CiteSpace depicting the top 10 keyword clusters. (D) A bibliometric examination of “Trending Themes”.





4 Discussion


4.1 Bibliometric information

This study used the WOSCC database to review the articles on the application of AI in critical illness over the past 20 years (2005 to 2024). The number of publications on AI in critical illness has shown an increasing trend, especially in the last 5 years, with an annual output entering a stable growth phase. The United States is in a leading position in this field, and six of the top 10 institutions by publication volume are from the United States. It is worth noting that China's publication volume in this field follows closely behind the United States, ranking second, and has a close research collaboration with the United States. This cooperative relationship not only promotes the exchange of scientific research results but also helps to advance the global application of AI in critical illness. NOSEWORTHY PA, as a researcher with significant influence in the field, has played a key role in promoting the development of the field. However, the co-authorship study reveals that the collaboration network among top AI researchers is relatively weak. To improve this situation, it is suggested to establish interdisciplinary research platforms, strengthen international cooperation projects, hold interdisciplinary seminars, share data and resources, and cultivate interdisciplinary talents. These measures will help enhance international and inter-institutional cooperation and promote further development of artificial intelligence in the field of critical illness. Frontiers in Cardiovascular Medicine has the highest publication volume in this field.



4.2 Hotspot analysis

The application of AI in the field of critical illness is developing at an astonishing rate, particularly in the areas of monitoring and diagnosis. Patients in critical condition often face multiple complications, and traditional monitoring methods are often difficult to capture subtle changes in the patient's condition in a timely manner. Studies have shown that monitoring systems using deep learning algorithms can analyze patients' physiological data in real-time, thereby providing more accurate early warnings. For example, the analysis of patient data in the ICU with the help of deep neural networks has significantly increased the early identification rate of severe infections and sepsis, which has far-reaching significance in clinical practice (22).

Bibliometric studies typically analyze the citation of references and their co-citation relationships to identify key literature, assess research progress, and predict possible future research directions. Articles with a high citation frequency are often seen as a sign of high-quality research that demonstrates significant innovation and impact within their respective fields. The analysis of these highly cited studies further emphasizes the academic impact within that particular field.

ATTIA ZI has published two highly cited articles in the field. ATTIA ZI published an article in Nature Medicine (IF = 58.7) in 2019 titled Screening for cardiac contractile dysfunction using an artificial intelligence-enabled electrocardiogram has the highest citation in the field. Among patients with asymptomatic ventricular insufficiency, those who screened positive for AI had four times the risk of future ventricular insufficiency as those who screened negative (risk ratio 4.1, 95% confidence interval 3.3 to 5.0). As a low-cost and widely available test, electrocardiography, in conjunction with AI technology, provides an effective tool for early identification of potential ventricular insufficiency in asymptomatic individuals (23). ATTIA ZI and her team published a study in 2019 in The Lancet (Impact Factor 98.5), which utilized convolutional neural networks to develop an electrocardiogram (ECG) device with integrated AI. This device is capable of detecting the electrocardiographic signature of AF during normal sinus rhythm by analyzing a standard 10-s, 12-lead electrocardiogram, thereby identifying patients with AF who are likely to develop heart failure (24). Tomasev N is also highly influential in the field, with Tomasev N and his team developing a deep learning-based model that can predict a patient's future risk of acute kidney injury (AKI) using a large electronic health record dataset in a study published in the journal Nature (25). This dataset covered patient information from 703,782 inpatients and 1,062 outpatient locations. Their model predicted episodes in 55.8% of inpatients with AKI 48 h in advance and was able to identify 90.2% of patients who required subsequent dialysis treatment. The study provided not only a confidence assessment, but also a list of clinical features that offer the potential for early intervention.

The contributions of Attia ZI and Tomasev N in the field of medical AI indicate that the field is rapidly advancing. Their research not only demonstrates the potential of AI in electrocardiogram analysis and electronic health record datasets for predicting the risk of acute kidney injury but also highlights the importance of AI technology in early diagnosis and therapeutic intervention. These research findings have increased the efficiency of disease management and may lead to new directions in future medical research, promoting the development of personalized and precision medicine.



4.3 Future trends

AI research is rapidly evolving in the field of critical illness, particularly in the subfields of heart failure and sepsis (Figures 7C, D). The application of AI technologies to heart failure includes early diagnosis, prognostic prediction, therapeutic decision support, and patient monitoring, whereas sepsis research focuses on early screening for diagnosis, prognostic prediction, and optimizing therapeutic management. AI technology, by analyzing a vast amount of medical data, can identify key biomarkers and patterns, thereby predicting the deterioration of conditions in advance and providing support for clinical decision-making (26).


4.3.1 Application of AI in heart failure

Heart failure is a complex clinical syndrome involving various etiologies and pathophysiological mechanisms. Traditional diagnostic methods often rely on the experience and subjective judgment of doctors, while the introduction of AI technology can provide more objective and precise analysis (27). The application of AI in heart failure is prominently seen in areas such as imaging analysis, data mining, and predictive modeling, which collectively aid physicians in the early identification of diseases, the optimization of treatment plans, and the improvement of patients' quality of life. Specifically, in the realm of heart failure imaging, AI technologies are capable of processing various imaging data, including echocardiography, computed tomography (CT), and magnetic resonance imaging (MRI). These technologies can automatically detect and analyze alterations in cardiac structure and function, thereby enhancing diagnostic accuracy and facilitating timely interventions. Studies have shown that AI can play a significant role in detecting abnormalities in the left atrium and identifying potential heart issues, including atrial fibrillation. This is achieved through the analysis of ECG data, which is essential for the early diagnosis of patients at risk of heart failure (28). By leveraging AI technology, healthcare providers can enhance their ability to recognize these conditions promptly, ultimately improving patient outcomes (28). Additionally, AI can enhance the quality of cardiac imaging through image processing techniques, reduce human error, and increase the accuracy of diagnoses (29). In the diagnostic process of heart failure, the application of AI technology makes data mining and analysis more efficient. By training machine learning models, AI can extract valuable information from a vast array of clinical data, helping physicians identify high-risk patients and develop personalized treatment plans (27). For instance, research has shown that AI can predict the onset and progression of heart failure by analyzing patients' medical histories, laboratory test results, and imaging data, thereby providing support for clinical decision-making (30). AI technology has demonstrated significant potential in the management of heart failure. By continuously monitoring patients' physiological parameters in real-time, AI can aid healthcare providers in making timely adjustments to treatment plans. This proactive approach not only enhances patient care but also contributes to a reduction in both hospitalization and readmission rates. A study demonstrated that an AI-driven monitoring system is capable of accurately predicting clinical deterioration in patients suffering from heart failure, thereby alerting healthcare providers to implement timely intervention measures (31). This intelligent management model not only improves the effectiveness of treatment but also reduces the burden on the healthcare system.



4.3.2 Application of AI in sepsis

Sepsis is a serious systemic infection response that often leads to multiple organ dysfunction and has a high mortality rate (32). In recent years, the swift advancement of AI technology within the medical field has introduced innovative approaches to sepsis management. By leveraging machine learning, deep learning, and other sophisticated technologies, AI is capable of analyzing extensive clinical data sets to detect early indicators of sepsis. This capability significantly enhances both the accuracy and timeliness of diagnoses, ultimately leading to better patient outcomes. The application of AI is particularly important in the early identification of sepsis. AI models can predict sepsis by analyzing patient vital signs, lab results, and other data, research shows (33, 34). This early recognition capability can significantly reduce the time to diagnosis and increase the timeliness of clinical interventions, thereby improving patient prognosis (4, 35). In addition, AI is able to help doctors develop personalized treatment plans and provide targeted advice through the analysis of historical cases to further enhance treatment outcomes (36). AI also plays a crucial role in clinical decision support for sepsis by developing intelligent systems that monitor patients' conditions in real time. These systems analyze various data points and provide treatment recommendations that align with the most current clinical guidelines and research findings, ensuring that healthcare providers have access to the best possible information for making informed decisions about patient care (37, 38). Predicting the likelihood of sepsis through AI helps focus limited resources on patients at greatest risk (39).

Machine learning, an important branch of AI, utilizes algorithms to learn from data and make predictions. Through in-depth analysis of clinical data, researchers have developed a variety of machine learning models to predict the risk of shock in patients with sepsis, and these models have shown promising results in clinical practice (40). The use of machine learning algorithms in healthcare is becoming more widespread, especially in optimizing antibiotic treatment strategies. Research has shown that these algorithms are able to analyze large amounts of data and identify key informational features in both health and disease states, thereby revealing complex interactions between treatment, patient condition, and outcomes (41). In this way, they can predict patient health trends and support clinical decision-making, particularly in the management of beta-lactam antibiotics, helping to customize more precise dosing strategies to improve treatment outcomes and reduce the risk of antibiotic misuse (41).



4.3.3 Comparison with other medical AI studies

Despite the new applications of AI in critical illness revealed by keyword analysis in this study, such as heart failure, sepsis, and electrocardiogram analysis, these findings need to be compared in the broader context of medical AI development. In recent years, medical AI has made significant progress in multiple fields, including imaging diagnosis, chronic disease management, and surgical assistance (42–44). Compared with other fields, the application of AI in critical illness has unique characteristics and challenges.

The field of imaging diagnosis mainly focuses on image recognition and pattern matching, while critical illness emphasizes real-time data processing and clinical decision support. For example, deep learning is widely used in image segmentation and classification in imaging diagnosis (45), while in critical illness, it is more commonly used for the analysis and prediction of time-series data (46). This difference reflects the different needs and application scenarios of AI technology in different medical fields. Imaging diagnosis relies on high-precision image analysis to assist diagnosis, while critical illness requires rapid processing and analysis of patients' real-time physiological data to support clinical decision-making and intervention. In chronic disease management, AI technology mainly relies on data-driven intelligent algorithms to analyze and predict patients' health status and provide personalized health management plans (47). In the field of surgical operations, AI applications cover preoperative diagnosis, clinical risk prediction, intraoperative decision support, and postoperative monitoring (48).

Although the application of AI in critical illness shows great potential, its development is still in the early stage. Future research needs to further explore the commonality and specificity of AI technology in different medical fields to achieve wider application and more effective clinical practice. At the same time, strengthening interdisciplinary cooperation, promoting data sharing, and solving challenges such as data privacy and model interpretability will be the keys to promoting the widespread application of AI in critical illness.




4.4 Advantages and challenges of AI technology in critical illness applications

In the field of critical illness, AI technology has demonstrated significant advantages, especially in handling highly complex data, large individual differences, and rapidly changing conditions. AI technology, particularly machine learning and deep learning algorithms, can analyze vast amounts of patient data to provide more accurate diagnoses and treatment recommendations. For example, AI models can monitor patients' physiological data in real-time to predict deterioration in their condition, thereby offering timely decision support to clinicians (7, 49). Additionally, AI technology can analyze patients' medical history, laboratory test results, and imaging data to help doctors develop personalized treatment plans, thereby improving treatment outcomes.

However, the application of AI technology in critical illness also faces numerous challenges. First, data privacy is a key ethical issue. In the medical field, patients' personal information and health data are highly sensitive and must be strictly protected. The application of AI technology involves processing large amounts of patient data, which increases the risk of data breaches (50). Therefore, researchers and medical institutions must take strict measures to protect patient privacy, such as using encryption and anonymization techniques. Second, the interpretability of AI models also limits their widespread application in clinical practice. Although AI models excel at processing complex data, their “black box” nature makes it difficult for doctors and patients to understand the basis for the model's decisions (51). This not only affects doctors' trust in AI technology but also hinders its widespread application in clinical settings. Therefore, future research should focus more on the transparency and interpretability of models, using methods such as visualization techniques and feature importance analysis to reveal the decision-making process of the models (30). Finally, ethical issues are also important problems that must be faced when applying AI technology in the medical field (52). The application of AI technology must strictly comply with relevant ethical guidelines and laws to ensure the legality and morality of the research. Researchers should conduct ethical reviews before starting their research to ensure that the research design meets ethical requirements and to take measures to protect patients' personal information.



4.5 Limitations

Bibliometrics is a widely used tool in the academic community for assessing scientific research and academic output, but it has notable limitations. Primarily, it relies on publication counts and citation metrics to gauge research impact, which can overshadow the quality of the research itself. For instance, many high-quality studies published in lesser-known journals may not receive adequate recognition, while some studies that are frequently cited but of average quality may be perceived as more impactful than they truly are. Additionally, the fast-paced nature of research and database updates means that some new studies may be overlooked. Furthermore, in works with multiple authors, it becomes difficult to accurately evaluate each author's contribution based solely on a single, unquantified metric. Despite these drawbacks, bibliometrics can still aid scholars in quickly identifying research hotspots and development trends within their field, ultimately facilitating further exploration and inquiry.




5 Conclusion

In conclusion, this study highlights AI's growing role in critical illness from 2005 to 2024, with a notable increase in publications since 2020, emphasizing its importance in diagnosing and treating heart failure and sepsis. Led by the U.S., with significant contributions from Harvard University and Noseworthy PA, the field is set for expansion. Our findings underscore AI's potential to enhance diagnostics and support personalized treatments, and suggest future research should address data privacy, model interpretability, and ethics to promote AI's clinical application. We also urge policymakers to establish regulations ensuring AI's safe use. Additionally, further clinical validation of AI models is needed to improve diagnostics, personalize treatments, and strengthen patient monitoring, thus aiding AI's integration into healthcare and enhancing patient care quality.
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