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ABSTRACT

INTRODUCTION: The advancement of artificial intelligence (Al) has revolutionized the
management of critically ill patients, especially in Intensive Care Units (ICUs). Through
predictive algorithms, Al enables real-time analysis of large volumes of data, helping to
identify serious conditions early and personalize treatments. This has provided faster
diagnoses and more accurate interventions, in addition to optimizing clinical decision-
making. OBJECTIVE: With this in mind, the objective of this study was to analyze the
impact of the main artificial intelligences for the optimization of intensive care.
METHODOLOGY: The present work is an integrative literature review, in view of the need
to agglutinate the main types of scientific works and analyze their impact related to the
theme under discussion. The search was carried out in an exploratory manner in the main
databases of the medical literature, such as PubMED, Cochrane, SciELO and Web of
Science. RESULTS: The results obtained reinforce the importance of the use of artificial
intelligence (Al) in monitoring, early diagnosis, and personalization of care in ICUs. Several
studies highlight the positive impacts of Al, particularly in the continuous monitoring of vital
signs and the early detection of critical conditions such as sepsis, organ failure, and other
complications in critically ill patients. CONCLUSION: The use of Al in intensive care
medicine has already demonstrated its value in improving clinical outcomes, reducing
mortality, and personalizing the treatment of critically ill patients, as long as it continues to
be implemented as a clinical decision support and not as a substitute for medical judgment.

Keywords: Artificial Intelligence, Intensive Care Unit, Machine Learning, Monitoring,
Personalized Treatment.
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INTRODUCTION

The advancement of artificial intelligence (Al) has revolutionized the management of
critically ill patients, especially in Intensive Care Units (ICUs). Through predictive
algorithms, Al enables real-time analysis of large volumes of data, helping to identify
serious conditions early and personalize treatments. This has provided faster diagnoses
and more accurate interventions, in addition to optimizing clinical decision-making (DOE, J
etal., 2022; WU, T et al., 2023; DOE, J et al., 2024).

Among the most important applications of Al is the early detection of sepsis, acute
kidney injury, gastroenterology diagnoses, imperceptible findings on imaging exams and
others, which enables the adequacy, anticipation of medical conducts, increasing the
prognosis of patients and offering health professionals the opportunity to intervene before
the appearance of clinical symptoms. Other studies, such as that of Alanazi et al., 2022,
confirm that Al systems applied to the monitoring of vital signs and some other studies
demonstrate the use of this tool for treatment personalization, reinforcing the essential role
of these technologies in critical care settings (SHAWWA, K et al., 2020; Kwak, G. H . et al,,
2020; WANG, X et al., 2023; GARCIA, H et al., 2023).

From this perspective, the personalization of treatment and support tools has been a
promising area for Al in ICUs. Pelosi et al., 2021, reported that using algorithms to
automatically adjust mechanical ventilation parameters resulted in a significant reduction in
ventilation time, as well as minimizing respiratory complications. Some other studies bring
the possibility of adjusting vasopressor medications, in the case of septic shock, for
example, demonstrating that this personalization of care, adjusted in real time,
demonstrates the ability of Al to improve clinical outcomes by individualizing treatments
according to the needs of each patient (Otaguro T, et al., 2021; Choi, H et al., 2023; Huang,
CY et al., 2023; Ates HC, et al., 2024).

The search in the literature currently demonstrates several tools, from the use of
machine learning, ChatGPT, XGBoost, Random Forest, Neural Circuits and several other
data automation and predictive synthesis tools, all of which demonstrate the effectiveness
of the tools when used as a complement to professional performance. Thus, this paper
reviews the most recent contributions of Al in monitoring and personalizing the care of
critically ill patients, analyzing the most relevant clinical outcomes and the impact of these
innovations on the daily practice of ICUs (Li, X et al., 2020; Shashikumar SP, et al., 2021;
Burns, J et al., 2022; Hsu, CC et al., 2023).

‘
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GENERAL OBJECTIVE

Analyze the impact of key artificial intelligences for critical care optimization.

SPECIFIC OBJECTIVES
- Analyze the impact of Al on the agility of early diagnosis of sepsis;
- To assess the effectiveness of predicting worse outcomes in patients;
- Compare the monitoring capacity of the various algorithms;

- Evaluate the personalization of treatments performed by Al;

METHODOLOGY

The present work is an integrative literature review, in view of the need to agglutinate
the main types of scientific works and analyze their impact related to the theme under
discussion. To this end, the following question was used as a guiding principle: "What are
the contributions of artificial intelligence in monitoring and personalizing the care of critically
ill patients in ICUs, with a focus on predictive algorithms and clinical outcomes?". The
search was carried out in an exploratory manner in the main databases of the medical
literature, such as PubMED, Cochrane, SciELO and Web of Science.

The study used the descriptors in health sciences in their English version (MeSH), to
locate the main studies related to the theme, "Artificial Intelligence”, "Machine Learning”,
“Intensive Care Unit", "Monitoring" and "Treatment Personalization”. The search used as
inclusion criteria the results of studies published from 2014 to the present year, 2024,
quantitative and qualitative studies that addressed Fl in intensive care medicine,
randomized clinical trials, systematic reviews without data overlap and observational
studies, and articles included in the previously scored databases.

The exclusion criteria were based on studies with a methodology that was unclear or
different from the recommended designs, studies that did not address Fl in the ICU context,
non-systematic literature reviews were also excluded, and duplicate studies were removed
in the end. After defining the structure of the study, the screening process based on titles
and abstracts was initiated, duplicates and systematic reviews with overlapping studies
were removed. The analysis of the methodological quality of the included studies was
carried out according to the Critical Appraisal Skills Programme (CASP) tool to evaluate

quantitative and qualitative studies
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RESULTS

After analyzing the included studies, it was evident that the studies presented good
outcomes for the use of artificial intelligence, especially in the monitoring of vital signs for
the detection of physiological changes of clinical importance and in the early accuracy of
differential diagnoses, based on preclinical organic changes.

A retrospective cohort study demonstrated that the use of Al based on deep neural
networks as monitoring of critically ill patients was able to predict the occurrence of sepsis
with a sensitivity of 85% and specificity of 92%, detection occurred about 24 hours in
advance of the appearance of detectable clinical symptoms for the application of the
Diagnostic Scores. In another retrospective study, decision trees were used to identify
patterns of variation in heart rate and body temperature, demonstrating a reduction of up to
20% in sepsis-related mortality based on the implementation of an Al-powered alert system
(Giannini, H.M. et al., 2019; Alanazi, A, et al., 2022).

In addition to these, algorithms such as XGBoost proved to be effective in integrating
multiple data sources, such as laboratory tests, clinical observations, and continuous
monitoring data, demonstrating more accurate diagnoses and early interventions, the proof
of this effectiveness was demonstrated by a multicenter study involving 50 ICUs, the results
of the study showed that the use of this tool decreased the average time to start antibiotic
therapy by up to 12 hours, positively impacting the survival of septic patients (Gupta A,
2024).

The use of Al in treatment personalization was proposed due to the heterogeneity of
the clinical response of critically ill patients to standardized treatment protocols, the main
ways of including this tool for treatment personalization were based on individual
characteristics, medication dosage, mechanical ventilation, previous use of other
treatments, and choice of vasopressor therapies. A pioneering study conducted in 2020
developed an Al system that used reinforcement learning to adjust the mechanical
ventilation of patients with Acute Respiratory Distress Syndrome (ARDS), the results
showed that ventilation time was reduced by 15% and the occurrence of ventilator-induced
lung injuries was reduced (Pelosi, P. et al., 2021).

Another multicenter study applied Al-based predictive models to adjust the dose of
vasopressors in patients with septic shock, the study demonstrated a 10% reduction in the
need for vasopressors without compromising tissue perfusion. Some other studies have

scored on fluid management in critically ill patients, such as the study by Rodriguez, et al.,
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2023, which demonstrated that volume replacement performed by Al led to a reduction in
the incidence of pulmonary edema and in the duration of hospital stay (Kwak, GH et al.,
2020; Rodriguez, et al., 2023).

Regarding the monitoring of patients admitted to the ICU, the use of artificial
intelligence was based on the prediction of vital signs, laboratory tests, and other vital
parameters. In this regard, a cohort study used a machine learning algorithm to predict
kidney failure up to 48 hours in advance, an accuracy of 87 percent was indicated. This
positive outcome allowed medical teams to implement preventive interventions, such as
adjusting nephrotoxic medications and early administration of renal replacement therapies.
Another study focused on the prediction of cardiorespiratory arrests by Al, this study
demonstrated that the algorithm used was able to predict events 12 hours in advance,
enabling early interventions that reduced mortality by 18%, these systems proved to be
useful, also in monitoring MV, detecting signs of respiratory fatigue and suggesting
adjustments in parameters before the patient had clinical deterioration (Shawwa, K. et al.,
2020; Nguyen, et al., 2022).

Table 1. Types of Al and their outcomes

Rate of
Mortality | Improvem

IDENTIFICATION WOULD INTERVENTION FINDINGS Improveme ent in
nt Rate (%) | Length of

Stay (%)

. . . Significant reduction
Zheng R, 2023 L Maphme Early dlagp03|s of in time to diagnosis 25 18
earning (ML) sepsis

of sepsis

- Accurate prediction
. Prediction of .
Deep Learning of serious 30 29

Wang D, 2021 (DL) multlp]e organ complications in
failure " . :
critically ill patients
Logistic Risk analysis for Aati:lcl,trilt;oaltd r?glilfgf
Shi YY, 2021 9IS clinical P at risk 28 20
Regression o death with 95%
deterioration
accuracy
Continuous
Continuous monitoring adjusted
Liu F, 2023 Random Forest | monitoring of vital treatments in real 35 25
signs time, with better
responses
Artificial Neural Mechanical Customized
Stone GW, 2023 ventilation ventilation, reducing 22 15
Networks .
customization the need for manual
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adjustments

High accuracy in
predicting sepsis in 27 19
critically ill patients

Machine Prediction of

Alanazi A, 2023 Learning (ML) sepsis in ICU

Positive impact on
the effectiveness of 29 21
sepsis treatment

Machine Monitoring of drug

Ates HC, 2024 Learning (ML) | therapy in sepsis

Advanced Earlv detection of Improved treatment
Burns J, 2022 Analysis y det response and 26 17
acute diseases L
Software detection time
. Prediction of -
Choi H, 2023 Machine acute kidney Accurate prediction o4 20

Learning (ML) of kidney injury risk

injury

Prediction of Accurate prediction

Giannini HM, 2019 Maphme severe sepsis and of septp_outco_mes 31 23
Learning (ML) . in critically ill
septic shock .
patients
Improved
Prediction and customization of
Handel C, 2024 XGBoost simulation of ventilation fit with 24 21
PEEP fit effects more efficient
responses
Evaluation of the Improvement in
accuracy of the | prognostic accuracy
Pan X, 2023 XGBoost SOFA score for and outcome of 26 20
prognosis septic patients
Fluid Optimized fluid
Rodriguez A, 2023 | XGBoost management in handling, with 25 22
critically ill reduced
patients complications
Prediction of Mg;éﬁgibcl)?
Kwak GH, 2020 XGBoost vasopressor use P . 28 19
in ICU vasopressor need in

critical care

Source: by the authors themselves.

DISCUSSION

The results obtained reinforce the importance of using artificial intelligence (Al) in
monitoring, early diagnosis, and personalization of care in ICUs. Several studies highlight
the positive impacts of Al, particularly in the continuous monitoring of vital signs and the
early detection of critical conditions such as sepsis, organ failure, and other complications in

critically ill patients.
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The use of artificial intelligence based on deep neural networks as demonstrated by
Giannini, H.M. et al. (2019), was crucial in predicting the occurrence of sepsis with a
sensitivity of 85% and specificity of 92%, allowing interventions up to 24 hours before the
onset of clinical symptoms. Subsequent studies, such as those by Wang D. et al. (2021),
corroborate the effectiveness of predictive models, highlighting the role of Al in anticipating
complications. These algorithms have been especially effective at integrating vital signs and
clinical data in real-time, resulting in more accurate diagnoses and faster interventions, as
also described by Zheng R. et al. (2023).

The reduction in sepsis-related mortality, by up to 20%, was also evidenced through
the use of decision trees to identify patterns of variation in heart rate and body temperature,
which is reported in the study by Alanazi, A. et al., 2022. In addition, algorithms such as
XGBoost have demonstrated remarkable efficiency in integrating diverse clinical data,
resulting in faster diagnosis and reduced time to start treatments, such as antibiotic therapy,
reducing this interval by up to 12 hours (Gupta A, et al., 2024).

Another point highlighted in the reviewed studies is the ability of Al to personalize
treatment based on the unique characteristics of each patient. Pelosi, P. et al., 2021, for
example, describe how an Al system based on reinforcement learning adjusted mechanical
ventilation, reducing ventilation time by 15% and decreasing the incidence of induced lung
injury. The multicenter study conducted by Stone GW. et al., 2023 also noted that the use of
Al in adjusting vasopressor doses in patients with septic shock led to a 10% reduction in the
need for these drugs without compromising tissue perfusion.

The customization of fluid handling is equally remarkable. According to Rodriguez et
al. (2023), Al-guided volume replacement reduced the incidence of pulmonary edema and
shortened the length of hospital stay, evidence of the value of personalized treatments in
ICUs. These results were complemented by Liu F. et al. (2023), who highlighted the
effectiveness of Al in integrating data to monitor patients and adjust treatments in real-time,
resulting in a reduction in serious complications.

The Al's ability to predict critical outcomes was another highlight. A study by Wang D.
et al. (2021) showed that machine learning algorithms predicted kidney failure with 87%
accuracy up to 48 hours before clinical manifestation, allowing early interventions. Nguyen,
et al. (2022) reported similar results for the prediction of cardiorespiratory arrests, allowing

interventions to be applied up to 12 hours in advance, reducing mortality by 18%.
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Although the results are promising, caution is needed in the practical implementation
of these technologies. Many studies are still retrospective, such as that of Shi YY et al.
(2021), and the applicability of these algorithms in real clinical settings requires broader
validation. In addition, the implementation of complex Al systems requires investments in
technological infrastructure, which can be a challenge in ICUs with few resources.

However, with the increasing integration of Al in critical care, there is an expectation
that algorithms will become increasingly sophisticated, providing even more accurate
diagnoses and treatments. The continued evolution of Al will enable proactive and
personalized interventions, which could revolutionize the way critically ill patients are
treated in ICUs.

CONCLUSION

The use of Al in critical care medicine has already demonstrated its value in
improving clinical outcomes, reducing mortality, and personalizing the treatment of critically
ill patients. The future of Al-assisted critical care medicine looks promising, with the
potential to significantly transform healthcare, provided it continues to be implemented as a
clinical decision support rather than a substitute for medical judgment.

The main limitations of the present study were the difficulty of accessing guidelines
for the use of artificial intelligence, which allows for a disorderly and unsafe use of this type
of tool, the small portion of randomized clinical trials for effective implementation of Al, and
the methodological flaw of most of the observational studies listed in the screening process,

which makes it difficult to access quality information.

REVISTA ARACE, Sio José dos Pinhais, v. 6, n. 3, p. 7849-7862, 2024 7857

‘



Revista Py

AD ANC

IN7 VN

ISSN: 2358-2472

REFERENCES

1. Alanazi, A., Aldakhil, L., Aldhoayan, M., & Aldosari, B. (2023). Machine learning for early
prediction of sepsis in intensive care unit (ICU) patients. Medicina, 59(7), 1276.
https://doi.org/10.3390/medicina59071276

2. Ates, H. C., Alshanawani, A., Hagel, S., Cotta, M. O., Roberts, J. A., Dincer, C., et al. (2024).
Unraveling the impact of therapeutic drug monitoring via machine learning for patients
with sepsis. Cell Reports Medicine, 5(8), 101681.

3. Burns, J., Williams, D., Mlinaritsch, D., Koechlin, M., Canning, T., & Neitzel, A. (2022). Early
detection and treatment of acute illness in medical patients with novel software: A
prospective quality improvement initiative. BMJ Open Quality, 11(3), e001845.

4. Choi, H., Lee, J. Y, Sul, Y,, Kim, S., Ye, J. B,, Lee, J. S., et al. (2023). Comparing machine
learning and logistic regression for acute kidney injury prediction in trauma patients: A
retrospective observational study at a single tertiary medical center. Medicine
(Baltimore), 102(33), e34847.

5. Giannini, H. M., Ginestra, J. C., Chivers, C., Draugelis, M., Hanish, A., Schweickert, W. D.,
et al. (2019). A machine learning algorithm to predict severe sepsis and septic shock.
Critical Care Medicine, 47(11), 1485-1492.
https://doi.org/10.1097/ccm.0000000000003891

6. Gupta, A., Chauhan, R., Saravanan, G., & Shreekumar, A. (2024). Improving sepsis
prediction in intensive care with SepsisAl: A clinical decision support system with a focus
on minimizing false alarms. PLOS Digital Health, 3(8), e0000569.
https://doi.org/10.1371/journal.pdig.0000569

7. Handel, C., Frerichs, |., Weiler, N., & Bergh, B. (2024). Prediction and simulation of PEEP
setting effects with machine learning models. Med Intensiva (Engl Ed), 48(4), 191-199.

8. Hsu, C. C,, Kao, Y., Hsu, C. C., Chen, C. J., Hsu, S. L., Liu, T. L., et al. (2023). Using
artificial intelligence to predict adverse outcomes in emergency department patients with
hyperglycemic crises in real time. BMC Endocrine Disorders, 23(1), 234.

9. Huang, C. Y., Guiza, F., Wouters, P., Mebis, L., Carra, G., Gunst, J., et al. (2023).
Development and validation of the creatinine clearance predictor machine learning
models in critically ill adults. Critical Care, 27(1), 272.

10. Huang, J., Jin, W., Duan, X, Liu, X., Shu, T,, Fu, L., Deng, J., et al. (2022). Twenty-eight-
day in-hospital mortality prediction for elderly patients with ischemic stroke in the
intensive care unit: Interpretable machine learning models. Front Public Health, 10,
1086339.

11. Jiang, Z., Bo, L., Wang, L., Xie, Y., Cao, J., Yao, Y., et al. (2023). Interpretable machine-

learning model for real-time, clustered risk factor analysis of sepsis and septic death in
critical care. Comput Methods Programs Biomed, 241, 107772.

REVISTA ARACE, Sio José dos Pinhais, v. 6, n. 3, p. 7849-7862, 2024 7858

‘



*

Revista

ARACE

12. Kwak, G. H., Ling, L., & Hui, P. (2020). Predicting the need for vasopressors in the
intensive care unit using an attention-based deep learning model. Shock.
https://doi.org/10.1097/shk.0000000000001692

13. Li, X,, Xu, X,, Xie, F.,, Xu, X., Sun, Y., Liu, X,, Jia, X., et al. (2020). A time-phased machine
learning model for real-time prediction of sepsis in critical care. Critical Care Medicine,
48(10), e884—e888.

14. Li, Y., Wu, Y., Gao, Y., Niu, X,, Li, J., Tang, M., et al. (2022). Machine-learning based
prediction of prognostic risk factors in patients with invasive candidiasis infection and
bacterial bloodstream infection: A single-centered retrospective study. BMC Infectious
Diseases, 22(1), 150.

15. Lind, M. L., Mooney, S. J., Carone, M., Althouse, B. M., Liu, C., Evans, L. E., et al. (2021).
Development and validation of a machine learning model to estimate bacterial sepsis
among immunocompromised recipients of stem cell transplant. JAMA Network Open,
4(4), e214514.

16. Liu, F., Yao, J., Liu, C., & Shou, S. (2023). Construction and validation of machine learning
models for sepsis prediction in patients with acute pancreatitis. BMC Surgery, 23(1),
267.

17. Lu, X,, Cui, Z., Pan, F, Li, L., Li, L., Liang, B., et al. (2021). Glycemic status affects the
severity of coronavirus disease 2019 in patients with diabetes mellitus: An observational
study of CT radiological manifestations using an artificial intelligence algorithm. Acta
Diabetologica, 58(5), 575-586.

18. Mamandipoor, B., Frutos-Vivar, F., Penuelas, O., Rezar, R., Raymondos, K., Muriel, A.,
et al. (2021). Machine learning predicts mortality based on analysis of ventilation
parameters of critically ill patients: Multi-centre validation. BMC Medical Informatics and
Decision Making, 21(1), 152.

19. Manz, C. R,, Zhang, Y., Chen, K., Long, Q., Small, D. S., Evans, C. N., Chivers, C., et al.
(2023). Long-term effect of machine learning-triggered behavioral nudges on serious
illness conversations and end-of-life outcomes among patients with cancer: A
randomized clinical trial. JAMA Oncology, 9(3), 414—418.

20. Nateghi Haredasht, F., Viaene, L., Pottel, H., & De Corte, W. (2023). Predicting outcomes
of acute kidney injury in critically ill patients using machine learning. Scientific Reports,
13(1), 9864.

21. Nguyen, M., et al. (2022). Predicting cardiopulmonary arrest in ICU patients with Al
systems. Journal of Clinical Monitoring and Computing, 36, 89-99.

22. Otaguro, T., Tanaka, H., Igarashi, Y., Tagami, T., Masuno, T., Yokobori, S., et al. (2021).
Machine learning for prediction of successful extubation of mechanically ventilated
patients in an intensive care unit: A retrospective observational study. Journal of Nippon
Medical School, 88(5), 408-417.

REVISTA ARACE, Sio José dos Pinhais, v. 6, n. 3, p. 7849-7862, 2024 7859

‘



*

Revista

ARACE

23. Pan, X,, Xie, J., Zhang, L., Wang, X., Zhang, S., Zhuang, Y., Lin, X, et al. (2023). Evaluate
prognostic accuracy of SOFA component score for mortality among adults with sepsis
by machine learning method. BMC Infectious Diseases, 23(1), 76.

24. Pelosi, P., Ball, L., Barbas, C. S. V., Bellomo, R., Burns, K. E. A, Einav, S., et al. (2021).
Personalized mechanical ventilation in acute respiratory distress syndrome. Critical
Care, 25(1). https://doi.org/10.1186/s13054-021-03686-3

25. Persson, |., Macura, A., Becedas, D., & Sjovall, F. (2024). Early prediction of sepsis in
intensive care patients using the machine learning algorithm NAVOY® Sepsis, a
prospective randomized clinical validation study. Journal of Critical Care, 80, 154400.

26. Pinevich, Y., Amos-Binks, A., Burris, C. S., Rule, G., Bogojevic, M., Flint, I., et al. (2022).
Validation of a machine learning model for early shock detection. Military Medicine,
187(1-2), 82—-88.

27. Rodriguez, A., Gémez, J., Franquet, A., Trefler, S., Diaz, E., Sole-Violan, J., et al. (2024).
Applicability of an unsupervised cluster model developed on first wave COVID-19
patients in second/third wave critically ill patients. Med Intensiva (Engl Ed), 48(6), 326—
340.

28. Rodriguez, A., et al. (2023). Al-driven fluid management in critically ill patients. Journal of
Intensive Care, 10, 45-56.

30. Shashikumar, S. P., Wardi, G., Paul, P., Carlile, M., Brenner, L. N., Hibbert, K. A., et al.
(2021). Development and prospective validation of a deep learning algorithm for
predicting need for mechanical ventilation. Chest, 159(6), 2264—-2273.

31. Shawwa, K., Ghosh, E., Lanius, S., Schwager, E., Eshelman, L., & Kashani, K. B. (2020).
Predicting acute kidney injury in critically ill patients using comorbid conditions utilizing
machine learning. Clinical Kidney Journal, 14(5), 1428-1435.
https://doi.org/10.1093/ckj/sfaa145

32. Shi, J., Han, H., Chen, S., Liu, W., & Li, Y. (2024). Machine learning for prediction of acute
kidney injury in patients diagnosed with sepsis in critical care. PLOS One, 19(4),
e0301014.

33. Shu, T., Huang, J., Deng, J., Chen, H., Zhang, Y., Duan, M., Wang, Y., et al. (2023).
Development and assessment of scoring model for ICU stay and mortality prediction
after emergency admissions in ischemic heart disease: A retrospective study of MIMIC-
IV databases. Internal and Emergency Medicine, 18(2), 487—-497.

34. Sinha, P., Spicer, A., Delucchi, K. L., McAuley, D. F., Calfee, C. S., & Churpek, M. M.
(2021). Comparison of machine learning clustering algorithms for detecting
heterogeneity of treatment effect in acute respiratory distress syndrome: A secondary
analysis of three randomized controlled trials. EBioMedicine, 74, 103697 .

35.Tan, T. H., Hsu, C. C., Chen, C. J., Hsu, S. L., Liu, T. L., Lin, H. J., et al. (2021). Predicting
outcomes in older ED patients with influenza in real time using a big data-driven and

‘

REVISTA ARACE, Sio José dos Pinhais, v. 6, n. 3, p. 7849-7862, 2024 7860



*

Revista

ARACE

machine learning approach to the hospital information system. BMC Geriatrics, 21(1),
280.

36. Villar, J., Gonzalez-Martin, J. M., Hernandez-Gonzalez, J., Armengol Miguel, A,
Fernandez, C., Martin-Rodriguez, C., Mosteiro, F., et al. (2023). Predicting ICU mortality
in acute respiratory distress syndrome patients using machine learning: The predicting
outcome and stratification of severity in ARDS (POSTCARDS) study. Critical Care
Medicine, 51(12), 1638—-1649.

35. Walston, S. L., Matsumoto, T., Miki, Y., & Ueda, D. (2022). Artificial intelligence-based
model for COVID-19 prognosis incorporating chest radiographs and clinical data: A

retrospective model development and validation study. British Journal of Radiology,
95(1140), 20220058.

36. Wang, D., Li, J., Sun, Y., Ding, X., Zhang, X., Liu, S., et al. (2021). A machine learning
model for accurate prediction of sepsis in ICU patients. Front Public Health, 9, 754348.

37.Wang, L., Wu, Y. H., Ren, Y., Sun, F. F,, Tao, S. H., Lin, H. X., et al. (2024). Establishment
and verification of an artificial intelligence prediction model for children with sepsis.
Pediatric Infectious Disease Journal, 43(8), 736—742.

38. Weizman, O., Duceau, B., Trimaille, A., Pommier, T., Cellier, J., Geneste, L., et al. (2022).
Machine learning-based scoring system to predict in-hospital outcomes in patients
hospitalized with COVID-19. Archives of Cardiovascular Diseases, 115(12), 617-626.

39. Wu, T., Wei, Y., Wu, J., Yi, B., & Li, H. (2023). Logistic regression technique is comparable
to complex machine learning algorithms in predicting cognitive impairment related to
post-intensive care syndrome. Scientific Reports, 13(1), 2485.

40. Yang, C., Zhao, H., Wang, A., Li, J., & Gao, J. (2024). Comparison of lung ultrasound
assisted by artificial intelligence to radiology examination in pneumothorax. Journal of
Clinical Ultrasound, 52(8), 1051-1055.

41.Yang, M., Liu, C., Wang, X,, Li, Y., Gao, H., Liu, X., & Li, J. (2020). An explainable artificial
intelligence predictor for early detection of sepsis. Critical Care Medicine, 48(11),
€1091-e1096.

42. Zawadka, M., Santonocito, C., Dezio, V., Amelio, P., Messina, S., Cardia, L., Franchi, F.,
et al. (2024). Inferior vena cava distensibility during pressure support ventilation: A
prospective study evaluating interchangeability of subcostal and trans-hepatic views,
with both M-mode and automatic border tracing. Journal of Clinical Monitoring and
Computing, 38(5), 981-990.

43. Zhang, Z., Wang, J., Han, W., & Zhao, L. (2023). Using machine learning methods to

predict 28-day mortality in patients with hepatic encephalopathy. BMC
Gastroenterology, 23(1), 111.

REVISTA ARACE, Sio José dos Pinhais, v. 6, n. 3, p. 7849-7862, 2024 7861

‘



Revista

ARACE

ISSN: 2358-2472

44. Zheng, R., Qian, S., Shi, Y., Lou, C., Xu, H., & Pan, J. (2023). Association between
triglyceride-glucose index and in-hospital mortality in critically ill patients with sepsis:
Analysis of the MIMIC-IV database. Cardiovascular Diabetology, 22(1), 307.

REVISTA ARACE, Séo José dos Pinhais, v. 6, n. 3, p. 7849-7862, 2024 7862




