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ABSTRACT 

 

The integration of artificial intelligence into healthcare monitoring systems is the most 

significant step that the health care providers and health care systems have taken. In this study, 

we will investigate the latest technologies concerning the development, application, and 

efficiency of the AI-based healthcare monitoring systems in clinics today. The healthcare 

system is suffering from the costs that keep rising and the number of patients that is increasing, 

making it very difficult for the traditional monitoring methods to be able to do quick enough 

detection, prediction, and optimum utilization of resources. This article discusses the 

employment of machine learning techniques, the usage of Internet of Medical Things (IoMT) 

devices, and the adoption of deep learning methods—all of which augment the monitoring of 

patients, the early detection of diseases, and the process of making clinical decisions to an 

impressively high level. The survey has been taken out concerning up-to-date projects that are 

being executed in the hospitals and the household care settings. Moreover, the inquiries were 

done among a group of 280 healthcare workers and now the research considers how the system 

performance, human acceptance, and patient outcomes were evaluated. A significant number 

of AI-monitoring systems that health professionals currently use are able to spot vital signs 

anomalies correctly from 89% up to 94% of the time. Moreover, it has been noted that the time 

taken for an emergency response is less by 40% as a result of the systems that are AI-powered. 

But, there are still problems related to the confidentiality of data, the integration of systems 

with the ones that are already in use, and the trust of physicians in the system. The aim of this 

paper is to provide a broad and deep understanding of AI-healthcare monitoring technologies, 

to define the critical points that need to be addressed in the process of implementation, and to 

give some suggestions that help with the smooth adaptation of these technologies into different 

health care environments. 

 

Keywords: Artificial intelligence, healthcare monitoring, machine learning, IoMT, patient 

safety, predictive analytics, remote monitoring, clinical decision support 

 

 

1. INTRODUCTION 

 

Aging populations, chronic disease prevalence, and constrained medical resources are 

worldwide problems that healthcare systems need to solve. The standard way of patient 

monitoring, which mainly consists of manual observations and periodic measurements, is not 

able to provide constant and individualized care as required. In many cases, these old 

approaches are not efficient in identifying the early critical signs and do not help in predicting 

the patient's deterioration before an acute event happens (Topol, 2019). 

 

Artificial intelligence has shown promise to be able to solve these problems in the health sector. 

By using AI, monitoring systems are able to apply machine learning algorithms, sensor 
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technologies, and real-time data processing for the continuous tracking of patients' health 

parameters, abnormality identification, and alerting the healthcare staff of any potential 

emergencies. These systems are processing large volumes of physiological data concurrently, 

thus being able to detect the minor patterns that could be overlooked by a human observer 

(Jiang et al., 2017). 

 

The adjustment toward remote health care technologies was quickened by the COVID-19 

pandemic, the issue of the precondition for and the workability of AI monitoring solutions 

being at the center stage. Hospitals put in place clever monitoring systems so as to handle the 

rise in patient numbers and at the same time, reduce the chances of getting the hospital workers 

infected. Remote patients' monitoring was the connectivity of care for those patients with 

chronic conditions who were unable to go to the clinic repeatedly (Fagherazzi et al., 2020). 

These instances have also helped in bringing to light AI's ability to change the delivery models 

of healthcare in a very big way. 

 

There are many questions about the reliability and effectiveness of AI monitoring systems. 

Although it is improving constantly, we still do not know much about the basic working of AI. 

The concerns raised by healthcare providers include the accuracy of the algorithm, the false 

alarm rate, integration issues, and liability. On the other hand, there are patients who think 

about technology replacing the caring side of the human race and are concerned about their 

data privacy. One of the big difficulties faced is the very fast AI evolution, where the regulatory 

frameworks will lag behind and be always reactive, rather than proactive (Reddy et al., 2020). 

 

This study aims to provide answers to the following three questions: How well can AI-based 

monitoring systems manage to detect health anomalies in comparison with the traditional 

procedures? What are the factors that affect the successful implementation and acceptance of 

both the healthcare providers and patients? What are the top most obstacles to the utilization 

of these health systems and how can they be dealt with? This study offers a thorough 

understanding of AI-healthcare monitoring systems by examining the issues through both 

technical and stakeholders' points of view. 

 

The order of the paper is as follows: In Section 2, the specific research objectives are outlined. 

Section 3 delineates the study's scope. Section 4 gives a critical review of the existing literature 

on AI in healthcare monitoring. Section 5 provides a detailed description of the research 

methodology. Sections 6 and 7 present the secondary and primary data analysis respectively. 

Section 8 handles the implications and the challenges. Section 9 wraps up by giving suggestions 

for future development and implementation strategies. 

 

 

2. OBJECTIVES 

 

This study is designed to address the following objectives: 

 

• Main Objective: The study seeks information on how the AI-based healthcare 

monitoring systems are doing in terms of simultanously giving health signals and 

predicting events. 

 

• Sub-Objective One: This will be done by thoroughly examining the technical aspects 

of the different AI values including machine learning, deep learning, and neutral 
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networks together with the factor of processing of the physiological data and the 

generation of the clinical meanings. 

 

• Sub-Objective Two: It will handle the aspect of assessing the acceptance of the AI-

monitoring technologies from the health provider's as well as the patient's points of 

view and will pinpoint the factors that either facilitate or put a roadblock to the adoption. 

 

• Sub-Objective Three: It will delve into the details such as the major technical, 

organizational, and regulatory barriers that are holding back the massive implantation 

of the AI-based monitoring systems. 

 

• Subjective Objective 3: To suggest with the help of evidence the designing, the 

implementing, and the scaling processes of AI-healthcare monitoring solutions in 

various clinical settings. 

 

3. RANGE OF RESEARCH 

 

The research has specific limits as follows: 

 

• Medical Field Setting Level: Exclusively hospital-based monitoring (intensive care 

units, general wards) and home-based remote monitoring systems; surgeries and the ER 

were not included. 

 

• Time Level: AI-monitoring system developments and implementations will be under 

scanning from 2018 to 2024 which is enough for catching up with the latest 

technological advancements and pandemic-caused adoption patterns. 

 

• Technological Level: The AI algorithms for vital sign monitoring (heart rate, blood 

pressure, oxygen saturation, temperature, respiratory rate), and the use of predictive 

analytics for patient deterioration are the two areas of technology outlined in this 

research leaving AI diagnostic imaging and treatment recommendation systems behind. 

 

• The scope of stakeholders: The research involves participation of healthcare 

professionals like doctors, nurses, the management of the healthcare facility, and 

patients, but it doesn't involve the developers of artificial intelligence and technology 

vendors. 

 

• The geographical scope: The investigation is centered on the use of AI in the health 

systems of the most developed countries (North America, Europe, and parts of Asia) 

where the adoption of AI-monitoring is far ahead. 

 

• Variables that are taken into account: the quality of the system, false alarm rates, time 

within which a response is made, satisfaction of the user, costs incurred during the 

implementation, and even clinical outcomes have been considered as the closest 

variables influencing the monitoring. 

 

• Variables that are disregarded: The study has not looked into the detailed technical 

specifications of the hardware parts, no vendor-specific comparison, and even no cost-

benefit analyses that come maybe to this latter type of assessment. 

 



Journal of Computational Analysis and Applications                                                                            VOL. 33, NO. 5, 2024 
   

                                                                                                10.48047/jocaaa.2024.33.05.68 

                                                                                      3504       Ahmed Bin Osman et al 3501-3521 

 

 

 

 

4. LITERATURE REVIEW 

 

4.1 Evolution of Healthcare Monitoring 

 

The monitoring of health care has changed over the years to the development of a monitoring 

system that is automatic and continuous. The old way of doing it was to have the nurses do the 

observations, and take notes each time on the patient's vitals one by one. The inadequacies of 

this method became only too clear when it was shown that the worsening condition of the 

patient was often ahead of the sudden occurrence of the event by a few hours, thus warning 

signs would not be noticed due to the infrequent monitoring (Smith et al., 2013). 

 

It was the electronic health records (EHR) and the digital monitoring devices that were the first 

to be noted as technology was making its way through, and these devices proved to be the ones 

that were enabling the data capture on a continuous basis. However, with these systems 

primarily acting as silos of data, the human factor was still present, being needed to make sense 

out of the patterns. The very fact that there was such a huge amount of data being generated 

was much too heavy a burden for the CR to be able to do real-time analysis (Beam and Kohane, 

2018). 

 

AI-based mechanisms are considered as systems of the next generation, and not just the ones 

gathering information, but using it for a purposeful analysis that results in useful clinical 

insights. They are capable of taking the normal patterns of each individual patient as learning 

material, discovering when there is a deviation and continuously predicting the future 

deterioration before any clinical demonstration, which could thus lead to the possibility of pre-

emptive interventions (Rajkomar et al., 2019). 

 

4.2 AI Technologies in Healthcare Monitoring 

 

There are various ways in which AI is beneficial in health monitoring. One of the most 

frequently used methods is machine learning with the help of which the algorithms supervised 

by the human beings are doing almost an excellent job in the identification of regular and 

irregular cases of vital signs. The training of these models is done on the datasets made up of 

the outcomes of the patients, so the models are made to pick up the identifying features of the 

adverse events with the help of the learning process (Chauhan and Singh, 2023). 

 

Time-series physiological data is efficiently handled by deep learning, in particular, recurrent 

neural networks and long short-term memory networks. These structures enable the recognition 

of the temporal dependencies in the sequences of the vital signs, considering that the patterns 

over time matter more than the isolated measurements. In predicting conditions like sepsis, 

cardiac arrest, and respiratory failure, the deep learning models even outperformed the doctors 

in advance by a few hours (Tomašev et al., 2019). 

 

The extraction of information from clinical notes is made possible by the natural language 

processing, which consequently incorporates unstructured data into the monitoring algorithms. 

No longer restricted to the numerical vital signs, this capability includes symptoms, medication 

changes, and subjective assessments, thus providing a richer background for the predictions 

(Esteva et al., 2019). 
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The Internet of Medical Things is the very backbone of different monitoring devices such as 

wearable sensors, bedside monitors, and even implantable devices, thus enabling the creation 

of the most complete data streams possible. By means of AI algorithms, the multi-source inputs 

are processed and consumer health profiles are created which are very detailed and which no 

single data stream can provide (Islam et al., 2020). 

 

4.3 Clinical Applications and Outcomes 

 

AI-monitoring system efficiency in various clinical settings has been recognized through 

research. The intensive care unit is the most suitable place for AI to be used since continuous 

monitoring is a must and patients’ biological situation is very unstable. According to research, 

the AI system can detect the deterioration of patients 6-12 hours before traditional monitoring 

does, which means that medical interventions can be made in time and so mortality rates will 

go down (Kwon et al., 2018). 

 

AI-powered remote monitoring for chronic disease management is one of the most widely used 

solutions that allow patients to stay at home and simultaneously be clinically observed. Patients 

with heart failure who use AI monitoring and data analytics had less frequent hospital visits 

partly due to the early-stage detection of fluid accumulation and also due to pre-acute 

medication adjustments via AI algorithms. On the other hand, the outcomes from the 

implementation of diabetes monitoring technologies such as continuous glucose sensors 

combined with AI were the better management of the blood glucose level and, also, the 

reduction in hypoglycemic episodes.(Adapted from Rigla et al. 2018). 

 

The most beneficial application of sepsis prediction brings out, I'd say, the AIs behind it. In 

addition to demanding quite a fast one for the analysis to start after the data are ready, this will 

also help the healthcare sector in reducing corresponding costs and still better serving 

increasing numbers of patients. That is why many healthcare organizations may include the 

proposed approach as a part of their monitoring systems that anticipate the worsening of patient 

status. This will ultimately guide doctors in making quick decisions such as the administration 

of necessary treatment knowing how long it does take until the patient get better. (Shimabukuro 

et al., 2017). 

 

4.4 Implementation Challenges 

 

The implementation of AI-monitoring system has a lot of challenges despite the good results. 

One of the biggest technical challenges is to make applications, which are currently using 

various electronic health record systems, work together. Besides that, huge differences in data 

format and the demand for the system to work in real-time without any delays are also the 

issues. The performance of the algorithm very often goes down when it is used in a totally 

different environment than the one where the algorithm's training data came from. Even if 

continuous recalibration is the requirement, this also leads to human errors (Kelly et al., 2019). 

 

The integration of the clinical workflow in a way that supports the technology is very hard and 

very painful. The fatigue experienced by patients who are given too many alerts is one of the 

big problems with the efforts on this part of the process. On the other side of the coin, 

administrators still need to know at what level they should get the alerts, i.e. perhaps by setting 

up alert profiles, for example. In such a case, healthcare workers are not happy since they don’t 
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have the resources to act on the problem. This leads to the issue of algorithm-generated alerts 

that cannot be dealt with at the place (Sendak et al., 2020). 

 

Trust is a huge issue. Doctors do not trust the "black box" algorithms as their inner workings 

are not transparent. The fear of the unknown regarding the legal implications of AI adoption 

(i.e., potential lawsuits when following or ignoring AI recommendations) is a barrier. The very 

challenge of setting up hidden gamified AI collaboration models where the technology will 

augment and not replace clinical judgement (Char et al., 2020) is still the talk of the town. 

 

The fear of data breach and unauthorized access is also under the magnifying glass of scrutiny 

due to non-stop monitoring. Moreover, patients are very much concerned about the usage of 

their health data not only by the healthcare practitioners but also for purposes other than 

immediate care. The standards set by HIPAA and GDPR allow the use of the data in case of 

privacy with these guidelines. However, this also means that the users have to meet the costs 

of complying with the strict standards (Price et al., 2019). 

 

4.5. Research Gap 

 

The current literature concentrates majorly on the construction of algorithms, and on the 

comparison of different technologies performances, rather than shedding light on the 

experiences with real-world implementation and the point of view of the medical staff. A single 

institution is the location for most research studies, which makes the conclusions not very 

reliable. There is not enough collection of data on long-term results, and also not enough studies 

on the cost-effectiveness of the technology except in the areas of the pilot projects. The matters 

of comfort, privacy, and satisfaction of patients concerning AI-monitoring, have hardly been 

touched upon. However, the present study is aimed at reducing the said gaps by comparing 

both the practical and technical performance across different operational settings. 

 

 

 
FIGURE 1: AI-Healthcare Monitoring System Architecture 
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5. RESEARCH METHODOLOGY 

 

5.1 Research Approach 

 

The research design of the present study is a mixed-methods design both quantitative analysis 

of AI-monitoring systems and the qualitative assessment of user experiences and the factors of 

implementation have been mixed in this study. With this approach, the study is capable of 

giving a strict measure of the technical effectiveness and provides an in-depth understanding 

of the problems related to the practical deployment. 

 

5.2 Secondary Data Analysis 

 

The technical performance data for the present study was collected from peer-reviewed studies 

that were published between 2018 and 2024 and had been analyzing the accuracy, sensitivity, 

specificity, and clinical outcomes of AI-monitoring systems. The databases that were searched 

included PubMed, IEEE Xplore, and Google Scholar and had been using keywords related to 

artificial intelligence, healthcare monitoring, and patient safety. Research papers were 

considered for inclusion only if they mentioned quantitative performance metrics, there were 

eyewitness accounts of such a deployment (in short, no simulation), and if the sample sizes 

were adequate. 

 

The information from the studies that were recognized was retrieved on the type of the 

algorithm, where monitoring was applied, the number of samples, the metrics of accuracy, the 

rates of false alarms, and the clinical outcome ameliorations. This methodology of meta-

analysis provides the possibility to gather data from several studies promptly and to reveal 

general tendencies in the performance of the systems and the factors that determine their 

efficacy. 

 

5.3 Primary Data Collection 

 

The data collection from the primary source was done through surveys with 280 medical 

professionals in three different countries (United States, United Kingdom, and Singapore) and 

in eight hospitals where they had already had AI-monitored systems for three years. The 

breakdown of the sample was 120 doctors, 140 nurses, and 20 administrators which gives a 

very good spread of different views on the system's usage and installation. 

 

The research instrument enshrined the inquiries which were structured according to the 

performance of the system, the satisfaction of the users, the advantages and disadvantages that 

the users perceived, the adequacy of the training, and the factors of success of the 

implementation. The attitudes of the subjects towards AI technology were evaluated using the 

Likert Scale, while the specific experiences and suggestions were captured through open-ended 

questions. Surveys were sent out through electronic means and it took about 20-25 minutes per 

respond. 

 

In addition to that, 30 semi-structured interviews were organized with the doctors and the 

nurses who daily monitor the AI-systems. The depth of the interview was further emphasized 

by the description of the specific use cases and the different factors that affected the usability 
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of the system. The duration of the interviews was on average 40 minutes and it was obligatory 

to have them recorded and thereafter transcribed for thematic analysis. 

 

5.4 Data Analysis Methods 

The data analysis involved the (quantitative), which come from secondary sources and surveys, 

going through the statistical methods. The user responses and the performance metrics were 

the subjects of descriptive statistics. Then we had a set of studies comparing whether the system 

operation was different in terms of algorithm type, clinical setting, or patient population. The 

tests with Chi squared value were used to compare whether the acceptance and satisfaction 

levels correspond to the health care provider's relation with the service (nurse or physician). 

The qualitative data primarily composed of open-ended survey responses and interview 

transcripts were analyzed in a thematic manner. The documents were coded in order to identify 

and group recurring themes concerning the implementation experience, the perceived benefits, 

the challenges as well as the recommendations. This process showed the existence of patterns 

among responses and at the same time the requirement of each personal insight and context-

specific discovery. 

5.5 Ethical Considerations 

The research was approved by the institutional review board. The persons who were involved 

in the survey accepted the conditions electronically before they proceeded to answer the 

questionnaires. The interviewees on the other hand, expressed their consent verbally and were 

recorded. The study did not deal with any patient data. It was mainly looking at healthcare 

provider experiences and the other published performance metrics. Therefore, all the 

information was de-identified to secure confidentiality of the respondents. 

Acknowledging the existence of certain limitations is definitely crucial. One limiting factor 

would be the geographical scope, which is especially focused on the highly advanced 

technology infrastructure of developed healthcare systems, and therefore might not be 

transferable to resource-limited settings. The approach of the cross-sectional survey is just 

capturing the current perceptions and will not be able to tell how the attitudes change with 

prolonged AI usage monitoring. Self-selection bias is a factor that could affect the survey data 

quality, as the medical staff with the stronger views (either positive or negative) may be the 

ones who are more willing to take part in the survey. The use of published research for 

performance statistics may result in a publication bias skewing the outcome towards the 

positive results. 
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FIGURE 2: Research Methodology Flowchart 

 

6. ANALYSIS OF SECONDARY DATA 

6.1 AI-Monitoring System Performance Metrics 

Evaluation of 45 research papers that were published from 2018 to 2024 showed that AI-based 

healthcare monitoring systems have been extremely effective. The rates of accuracy in vital 

sign anomaly detection were as high as 87-96% and the overall average was 91.4%. This is a 

significant improvement over scientists' former findings of about 72-78% accuracy in tracing 

cases of clinical imperatives (Kwon et al., 2018). 

Sensitivity, which is detecting the true positives or health problems, was 89.3%. This means 

artificial intelligence systems were able to catch almost 90% of all adverse events. The average 

specificity was 88.7%. The meaning of this percentage is that the system does correctly recode 

stable patients and also gives the false alarms in only 11% of the cases. Risk of people dying 

or being injured would increase when failures go undetected, and nurses might be less alert 

because of frequent false alarms even if the lab equipment could become more reliable. 

The function of AI to predict is outstanding, particularly when the entire sequence of activities 

is taken into account. At an average, the AI algorithms are able to give a warning 8.4 hours 

before the usual clinical start of the issue, with few programs even providing a 12-hour warning 

for critical issues such as sepsis and respiratory failure. This is the time when they can plan 

beforehand, by understanding the situation immediately after receiving the alert, hence they 

could timely medicate the patient. 
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 TABLE 1: AI-Monitoring System Performance Across Clinical Applications 

Clinical 

Application 

Average 

Accuracy (%) 

Sensitivity 

(%) 

Specificity 

(%) 

Prediction Lead 

Time (hours) 

Number of 

Studies 

ICU Monitoring 93.2 91.8 90.1 9.2 18 

Cardiac 

Monitoring 
91.7 90.3 89.4 7.8 12 

Sepsis 

Prediction 
89.4 87.2 86.9 10.1 8 

Remote Chronic 

Disease 
88.6 85.7 88.2 6.4 7 

Note: Data compiled from 45 peer-reviewed studies (2018-2024); ICU = Intensive Care Unit; 

Lead time represents average hours between AI alert and clinical recognition 

6.2 Algorithm Performance Comparison 

Different AI techniques have different performance profiles. The deep learning models, 

particularly, are recurrent neural networks which require lots of training data and computational 

resources to reach the highest accuracy level of 93.1%, but they still outperform the other 

methods. The conventional machine learning algorithms like random forests and support vector 

machines on the other hand, sustain slightly lower accuracy (averaging 89.7%) but 

computationally train faster and provide decision-making processes that are much more 

interpretable (Chauhan and Singh, 2023). 

Ensemble methods combining multiple algorithms present outstanding performance that goes 

up to 94.3% average accuracy by using the strengths of different models as complements. The 

main drawback of ensemble systems is the increment of computational complexity and 

difficulty in its implementation. On the other hand, hybrid approaches in which the AI 

prediction is combined with the clinical scoring are very promising, because they have high 

accuracy which makes it unnecessary for the clinicians to question the decision-making process 

transparently. 

False alarm rates can be considered as a very important aspect of the performance evaluation. 

The rates at which AI-monitoring systems give false positives are between 8-15%, which is a 

small rate when compared to the traditional alarm systems that have a range of 25-35%, but 

still it is a problem in workflow integration. The studies that have used adaptive thresholds 

which are set according to the patient's baseline have seen that the population-based false 

alarms are reduced by almost 40% (Sendak et al.,2020). 

6.3 Clinical Outcome Improvements 

The hospitals that are using AI-monitoring systems have observed that the implementation of 

these systems results in tangible improvements of patient outcomes. The mortality rates for the 

high-risk patient groups were 12-18% lower due to the fact that the intervention happened 

earlier provided by the AI system. The hospitalization period was decreased, on average, by 

1.3 days simply because the resources were being used wisely and the cases did not worsen 

since they were preventable. The ICU readmission rates fell by 22%, and this was due to the 
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AI systems correctly considering patients who were ready to be discharged as the safety men 

of the hospital (Rajkomar et al., 2019). 

Although outcome improvements have been variable in various implementations, remote 

monitoring applications, to some extent, have had patient outcomes also significantly 

improving. Those suffering from heart failure and using AI-powered monitoring at home had 

35% fewer visits to the emergency department and fewer hospitalizations by 28%. Patients 

with diabetes got better control of their blood glucose with a 0.7% reduction of the HbA1c 

average level. The innovations relay the fact that continuous monitoring gives the opportunity 

of quick medication adjustment prior to clinical deterioration (Rigla et al., 2018). 

Nonetheless, result implications were not consistently alike, as the degree of success varied 

highly with the implementation methods. Some of the reasons that made projects successful 

were a proper training program, a system that was well-integrated into the clinical workflow, 

and an organizational transformation that was fully managed. However, the implementations 

that did not contain all these components in their work, in spite of having technically good 

systems, did not present any considerable outcome improvements, thereby making the point 

that technology alone cannot suffice—they need to be accompanied by an overreaching 

company transformation for the implementation to be successful. 

 TABLE 2: Clinical Outcome Improvements with AI-Monitoring Systems 

Outcome Measure 
Traditional 

Monitoring 

AI-

Monitoring 

Improvement 

(%) 

Statistical 

Significance 

Mortality Rate (ICU) 11.4% 9.3% -18.4% p < 0.001 

Average Length of 

Stay (days) 
6.8 5.5 -19.1% p < 0.01 

ICU Readmissions 8.7% 6.8% -21.8% p < 0.01 

Early Deterioration 

Detection 
68% 89% +30.9% p < 0.001 

Alert Response Time 

(min) 
14.2 8.5 -40.1% p < 0.001 

Note: Data compiled from comparative effectiveness studies; ICU = Intensive Care Unit; All 

improvements statistically significant at indicated levels 

6.4 Implementation and Adoption Patterns 

The adoption of AI-monitoring systems is increasing rapidly and has become more pronounced 

since 2020. At present, around 28% of the major hospitals in developed countries are making 

use of AI-based patient monitoring systems, which is a huge leap from the 8% recorded in 

2018. The adoption is mainly centered on intensive care units and cardiac monitoring units, the 

reason being that continuous watch is already common and the difficulties in the way of 

integrating are fewer there. 
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The remote monitoring mode of adoption saw a remarkable rise due to the COVID-19 

pandemic, with the rates going up from 12% to 47% for the patients with eligible chronic 

conditions in the surveyed health systems. The quick spread also indicated that it is not only a 

matter of patient acceptance but also that of the healthcare system's preparation and readiness 

when the need arises. The utilization rates remaining close to 38% during the pandemic era 

indicate changes in lifestyle that may be taking place in the long term (Fagherazzi et al., 2020). 

Differences in the uptake of AI systems vary across regions of the globe. It is the regulations, 

and the structures of the healthcare systems that are responsible for the rate of adoption in 

different countries. Where there is a unified health care system and the regulations are friendly, 

the adoption rate is higher compared with where there is disaggregated healthcare delivery or 

highly restricted medical device regulations even though there is the capability. 

 

FIGURE 3: AI-Monitoring System Adoption Trends (2018-2024) 

 

7. ANALYSIS OF PRIMARY DATA 

7.1 Healthcare Provider Demographics 

Out of the 280 healthcare professionals covered in the primary survey, 43% were physicians, 

50% were nurses, and 7% were administrators, so the sample was believed to be typical of the 

professions in the hospital environment and quite fairly distributed among the three main health 

professional groups. Also, the respondents had an average of 12.4 years of work experience 

and were quite diverse in terms of clinical roles and experience levels. They ranged from 

freshly graduated ones who have been practising for like a couple of weeks to those who have 

been practising for over 30 years. At the same time, the care and support have seen that the 

ones who are recently-graduated and currently practicing are having this long years of practice 

in order to be practioners with over 30 years of experience. The study setting had the critics to 

argue that cannot be catered duly for the kind of investigations that are taking account of the 

vast changes the technology brings. For instance, these could be the same teachers or 
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supervisors who have been teaching computer programming for a long time until they become 

quite skillful to even take the problem to the technology interactively. 

Concerning the AI systems, time of usage by each and every respondent was really distinct. 

Usage by 38% of the respondents had crossed two years, by 41%- 6 to 24 months and by 21%- 

less than 6 months. This comparison hence gave the views of the systems at the various stages 

of use, that is, from the earliest trial to the final and continued use. As for the geographic origin, 

the respondents came from different places with the majority representing the United States 

and the United Kingdom and the least being Singapore. 

 TABLE 3: Survey Respondent Characteristics 

Characteristic Count Percentage 

Professional Role   

Physician 120 43% 

Nurse 140 50% 

Administrator 20 7% 

Years of Experience   

<5 years 58 21% 

5-10 years 84 30% 

11-20 years 95 34% 

>20 years 43 15% 

AI System Experience   

<6 months 59 21% 

6-24 months 115 41% 

>24 months 106 38% 

Primary Work Setting   

ICU 112 40% 

General Ward 94 34% 

Outpatient/Remote 74 26% 

Note: Total n=280 healthcare professionals surveyed across 8 hospitals in 3 countries 

7.2 Perceived Benefits and System Utility 

When AI monitoring was established, healthcare providers claimed there were some 

advantages. The most common advantage was early detection of patient deterioration, this was 

cited by 87% of the respondents. Providers mentioned several cases wherein AI alerts led to 

the intervention beforehand and that too by hours, in turn saving lives and preventing 

complications. 

Less work was another important thing mentioned as a benefit by 64% of the respondents. The 

nurses were able to perform more direct patient care tasks like medication administration, 

wound care, and patient education as AI monitoring took the responsibility of the frequent 

manual vital sign checks. Doctors found it very helpful to have all these in one dashboard 
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because they could make their rounds faster through the presentation of the trend across 

different patients. 

The quality of the documentation has improved in ways no one expected. The AI systems take 

over and record the vital sign measurements automatically, which leads to the generation of 

much better longitudinal records as compared to the manual charting method. This 

documentation was used for supporting different aspects of clinical decision-making and 

quality improvement as well as medicolegal protection. It is worth mentioning that an increase 

in the quality of the documentation was particularly pointed out by roughly 58% of the 

respondents. 

On the other hand, the advantages did not apply to everyone. A little less than a quarter of the 

respondents said the impact on their practice was minimal, mainly due to the challenges they 

perceived in integrating the AI system with their workflow and too many false alarms that took 

away from the early warning advantages. The lack of impact on one-fourth of the users served 

by the AI system points to the significant dependence on proper implementation in order to 

realize the benefits to the maximum extent. 

7.3 Challenges and Concerns 

Despite the many reports highlighting its advantages, healthcare providers still had misgivings 

about AI-monitoring systems. Alert fatigue was the number one issue, with 71% of the 

participants mentioning too many notifications as a problem. Even after AI filtering, the huge 

number of alerts, which were from 15-20 per patient per shift on average, the providers felt 

overwhelmed and could not react properly. A good number of participants reported that they 

did not respond to or turned down alert types at will, thus they could possibly nullify the safety 

advantages. 

Another big worry was the lack of confidence among the algorithm's accuracy which was the 

case for 62% of the respondents. They really did not know if the AI systems were going to be 

able to work without errors in all patient groups, especially in the ones with differences in their 

symptoms or diseases which were rare and not properly accounted for in the training data. 

Besides, the wrong alarms among the patients increased the extent of doubt even though the 

general accuracy measurements were very good. Few of the doctors were not in agreement to 

accept the techniques whose internal structure of operation they were not very familiar with. 

Well, the respondents were mostly annoyed by technical integration challenges that hit 59% of 

their cases. One of the hottest points was the systems' failure to make the electronic health 

records work in a way that would create double documentation burdens. Gaps in monitoring 

were caused by the connectivity issues. The user interface complexity was the biggest problem, 

which required a lot of training and reduced efficiency during the initial period of 

implementation also. 

It was not really about the performance but the user-perceived performance that was the 

problem sometimes, especially with the technical frustrations. 

The liability concern was the reason for 47% of the responses, especially related to the concerns 

of doctors. The over-the-shoulder responsibility of legal liability in case decisions based on the 

recommendation of an AI system could go wrong was also an issue the respondents were very 

much concerned about, however, similarly, liability when conversely there were alerts before 
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the unfortunate event came up and nobody acted on it was the base of their concern. The 

situation of lacking in the liability frameworks created the anxiety and sometimes the defensive 

practice patterns such as ordering unnecessary tests to confirm the AI predictions that were 

before a sudden event. 

 TABLE 4: Healthcare Provider Concerns About AI-Monitoring Systems 

Concern Category Percentage Reporting Severity Rating (1-5) Primary Impact 

Alert Fatigue 71% 4.2 Workflow disruption 

Algorithm Trust 62% 3.8 Adoption hesitancy 

Technical Integration 59% 3.9 Efficiency loss 

Liability Uncertainty 47% 4.1 Defensive practice 

Privacy/Security 38% 3.5 Patient concern 

Training Inadequacy 52% 3.7 Underutilization 

Note: Data from n=280 survey respondents; Severity rated on 1-5 scale (5=most severe); 

Multiple concerns could be selected 

7.4 Factors Important to the Implementation Process 

Several critical success factors were identified through the analysis of the implementation 

experiences. Among them, the most significant was found to be the provision of adequate 

training. Implementations that included thorough training designed specifically for each role 

of the users reached a 78% user satisfaction level, while those practicing minimal training only 

achieved 41% of it. The effective training provided not only the knowledge of technical 

operation but also AI basics, proper alert interpretation, and the ways of integrating it well into 

clinical workflows. 

One other factor found to be critical to the process was the Clinical Workflow Integration 

Design. Systems that were designed through the cooperation of the end-users and the 

incorporation of their feedback about alert presentation, dashboard layouts, and documentation 

workflows, got much higher utilization and user satisfaction. Contrastingly, the top-down 

approaches where the management did not take into account input from the front line, generated 

resistance and workarounds that undermined the effectiveness of the project. 

It was shown to provide essential support in the leadership. In the event of the systems being 

utilized and recommended by well-made clinical leaders at both the personal and the group 

levels, a wider acceptance was secured. On the other hand, the projects which were treated as 

technological and administrative issues (IT-oriented) were very often faced with resistance, 

irrespective of their technical performance. 

The factual information about the limits and strengths of the system was totally open sharing 

the right thoughts. Companies which were open about AI malfunction and highlighted the 

assistance in decision making without replacing human beings in their roles were the ones with 

the healthier Human-AI collaboration patterns being developed than those which overpromoted 

technology. 
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7.5 User Satisfaction and Acceptance 

The general ratings of the AI-monitoring systems can be described as moderately positive as 

the average rating of the nurses was 3.8, the highest of all academic ranks. Nurses rated systems 

higher (3.8) than physicians (3.4), and this could probably be attributed to the differences in 

the impact of workflows and the concerns of professional autonomy. Satisfaction was rated the 

highest by the administrators (4.1), and it is likely that administrative benefits were the main 

focus for them rather than the user-friendliness of the systems. 

The percentage of individuals who are ready to recommend the AI-monitoring systems to their 

fellow health workers is 68%, which is very close to the percentage of satisfied users. Mainly 

their wish depended on other users' training and orientation, system's reliability, degree of 

integration, and corporate changes management strategies and methodologies. Happy users that 

went through an uneventful process with sufficient backing were full of praises, while those 

that underwent problematic and troublesome installations kept their doubts. 

Anticipating the future, 72% of the people asked declared that they expect the role of AI to be 

expanded in the monitoring of health care, and they see the present systems as not perfect but 

progressively improving. Another group that is more accepting and optimistic about what the 

future holds are the younger providers and the ones who have been using AI systems for a 

longer period of time. 

8. DISCUSSION 

8.1 Interpretation of Findings 

The blending of top-notch technical indicators with various user perceptions gets us to 

significant findings through AI-healthcare monitoring adoption. The systems are both exact 

and beneficial from a medical point of view still there is a lot more which must be done in order 

to meet the end goal other than just the algorithms being accurate. The chasm traversed from 

the technical capability to the practical application is mainly due to organizational and human 

influences instead of the technology restrictions. 

The discovery that AI systems can anticipate a patient's degradation 8 to 10 hours ahead of 

when the medical team would be able to detect it is of great importance. The time lag that the 

early warning system gives can mean a switch from being a reactive medicine to a preventive 

one. Yet, shifting to this approach is only possible with the help of health care systems ready 

to act on the predictions-making sure there are enough people working, having clear rules and 

a mindset promoting the taking of a precautionary remarkable action rather than the crisis 

response. In absence of these organizational capabilities, even with all the predictions being 

right, the added value will still be minimal. 

Alert fatigue is a condition that the application of AI filters has not fully overcome. It rather 

exposes the difficulty of turning probabilistic predictions into binary clinical decisions. This is 

because each notification is actually a mere probability assessment and what we have to make 

is a human decision on the mark of the response. The 15-20 per-shift alerts coming from a 

patient reported by the providers is indicating that the systems might be maximising for the 

sensitivity (by catching all the potential problems) at the cost of the specificity (by avoiding 

the false positives). In theory, it could be a patient-care and clinical need that decides this 

balance so it could be implemented differently in an ICU setting compared to that of the general 
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ward, for example, the risk factor part only vs the stable patient part only and thus usability 

might be improved. 

There is a significant gap between the trust that technicians have in their own accuracy and the 

confidence that providers have in them. As such, even highly reliable systems, with a 

performance rate over 90%, raise doubts and suspicions, mainly because of the events where 

false alarms were significant enough to make the wrong decisions stand out more than the 

correct ones. This phenomenon is also a reflection of the human trait of remembering the 

unpleasant instead of the pleasant and the medical professionals' culture being more about 

avoiding mistakes than anything else. The solution for trust building not necessarily should be 

only the performance enhancement, but rather the processes and the rationales of the AI 

reaching the end conclusions being more transparent and communication between the AI and 

the end-user becoming clearer. 

8.2 Theoretical and Practical Implications 

These results validate the theory of sociotechnical systems, which accentuates that the success 

of technology implementation depends on the context of the organization, integration of the 

workflow, and human factors in addition to the technical functions (Topol, 2019). The 

widespread occurrence of varying outcomes of the processes that are utilizing technology of 

the same kind accentuates this principle - the context is a very big factor. 

According to the data, the implementation of AI monitoring systems should be considered as 

an organizational change management project rather than a simple technology that is installed. 

The ones that are very successful in the implementation of a system devote much effort to 

training, a new way of working, and user engagement. They would treat AI as a supporting tool 

that is used to enhance decision-making besides the human experts rather than the other way 

around, where AI is in charge and the human is just a monitor. Surprisingly, the considered 

factor that many experts believed would yield a positive outcome was also the same factor that 

they believed would make the situation worse – the introduction of the clinical decision 

support. 

One of the sources of malpractice concerns that physicians have been discussing is about the 

need for more comprehensive and clearer AI clinical decision support regulatory and legal 

frameworks. The present situation in regard to the responsibility of AI suggestions leads to 

doubts when AI recommendations are followed or ignored, which directly becomes a barrier 

to the adoption of AI in healthcare. The regulations that clearly spell out the role of AI, the 

requirements for its validation, and the division of responsibility in the event of failure would 

not only remove uncertainty but also contribute to making AI a more useful and welcomed 

technology. 

8.3 Implementation Recommendations 

According to the discoveries made, a set number of suggestions will be beneficial to those 

companies that are applying A. I. monitoring systems: 

Technical Design: One of the things that an organization should do is to put an AI system into 

the existing electronic health record systems in order to get the data is flowing with the least 

hitches and is visible on all the interfaces. Also, the system should have its thresholds properly 

set where they can be updated for each patient. Notification to healthcare providers of relevant 
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alerts should be an excellent feature. It should also not be too late for them to react, as it is if 

they discover the data of their patient being processed. Their correction is needed at the point 

of data entry when wrong information is being keyed in. Creating of the situation where they 

can make their inputs is one of the ways to handle this. A good example of that is the case of 

the credit-reporting bureaus. They give their customers (i.e., the providers, in this case) the 

opportunity to dispute any inaccuracies found in the reports. 

Their customers (the providers) are allowed to put out challenges to claim any wrong 

information if there is any in their reports. Healthcare providers could use an efficient algorithm 

to track each patient's EHR, then set up a phone call or messengers to reach a patient if the 

provider suspects a potential overdose. All such measures could be put together in a report 

illustrating the overall progress made in reducing adverse drug events. 

Organizational Preparation: Another piece of advice given is to carry out a very consistent 

training covering all the basics of AI, its proper use, and clinical integration. Keep the 

providers, who are with patients, to be among the first ones to know and decide on the matters 

of the new AI system and the new practices that come with it. Make sure the new protocols are 

clear and, above all, that they are effectively being implemented when a problematic AI 

warning comes up. 

It is important to have enough (in terms of number) staff on board to respond to the alerts as 

early as possible or on time. Identify the most experienced professionals leading by example 

in supporting others in the clinical practice, as well as advocating for technology. 

Change Management: Build confidence through the set-up of realistic expectations, admitting 

the imperfection of AI and focusing on the bright side at the same time. Be open about strengths 

and weaknesses and make sure users are aware of the same. Find a way to measure the success 

of the process not only with technical tools but also with the feedback users provide. Deal with 

complaints as soon as they appear and with the second version make the process already quite 

close to perfect. Recognize and share success stories and failures from which to learn together. 

8.4 Limitations and Future Directions 

The constraints of this study point to the future research paths. The investigation of AI in the 

field of healthcare in some parts of the world where medical care services are at the top level 

and the question of AI-enabled remote health monitoring in less-developed countries should 

be the focus of the research. The need for such means is indeed great there, yet drivers of 

change are relatively weak there. Low-resource adaptations of the project and their 

effectiveness should be the subjects of the future studies. 

The research work has a cross-sectional design that deals with current perceptions, yet is unable 

to keep track of the changes of attitudes and outcomes over time. Doing a longitudinal study 

that will take years to complete, and involve the monitoring of the implementations all through 

that period, would enable the discovery of the learning curve, the sustainability of the 

achievements, and the long-term difficulties. Doing comparative studies on different ways of 

implementing could provide more definite identification of the best practices. 
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There is no direct mention of patient perspectives in the studies. However, they need to be 

considered and investigated. Knowing patient consent when it comes to AI-monitoring, privacy 

issues, and their regard for human succession to only automated care would all greatly impact 

the patient-centered deployment. There is a dire need for health equity implications studies 

because those that benefit from AI-monitoring must be the same across all demographic groups 

and such risks are well observed with algorithmic bias. 

In addition, there seems to be a lack of information on ideal human-AI collaboration methods. 

Rather than AI being looked at as either totally independent or merely as an assistant, looking 

into various partnership formats where AI and humans together offer complementary 

advantages could open the door to a greater possibility not possible when they work alone. 

9. CONCLUSION 

This study has drawn a clear picture of dynamic surveillance technology, emphasizing its 

possibility to guarantee uncountable benefits for patients, healthcare settings, and even the 

society as a whole. The very high technical power of these systems has been justified by the 

estimation that they have a detection accuracy of 89-94% and a predictive ability of 8 to 10 

hours earlier than conventional identification of the health issues, thus providing a valuable 

time for remedial actions. Hospital administrations in different clinical areas where the system 

has been installed say that the mortality rate has gone down by 12-18%, patient stays have seen 

a bit decrease, and the use of resources has drastically gone up. 

Nonetheless, the evaluation similarly explains that these algorithms alone are not enough still 

to posit big data as the answer to all organizational problems. The reason so many organizations 

have solved the similar technology problem, yet only a few have had a successful 

implementation is because the organization’s entire environment, workflow changes and 

quality of training and adoption of new technical norms play a critical role in determining the 

outcome. Healthcare providers know the value of AI monitoring but thorn the flesh by pointing 

at an area where they are concerned most, that is, the alert fatigue, over-relying on algorithms, 

the technical environment, and the uncertainties of the liability. 

The main objective of the study was to evaluate the effectiveness of AI - monitoring, and the 

same was achieved by the conclusion of the investigation of some state -of-the- art technical 

performance metrics that were agreed upon by both objective metrics and provider's 

experiences. What was already predetermined by the researchers, the secondary objectives 

were also fulfilled by the step-by-step comparison of the different types of the algorithms, the 

examination of various factors contributing to acceptance, the identification of the challenges 

that would hinder the implementation, and the establishment of the recommendations based on 

the findings. 

There are a few very important learnings. Initially, the phrasing of AI-monitoring as a decision 

support tool is the best way to go for the system, providing augmented clinical judgment and 

not provider replacement. Those who made tech the person this way received a more willing 

and effective technology adoption by comparison with their automatic process suggestion 

counterparts. Secondly, there is a certain level of technical mastery that is indispensable, but it 

has to go together with something more like a complete change within the organization by 

means of training, designing the workflow anew, and the full involvement of stakeholders. 

Thirdly, and the most importantly, is the situation of the implementation—the standard 
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approach is not working as the best settings depend on the patient groups, staff types, and 

facilities that are already there, being different in each case. 

With a growing number of mature technologies, the use of AI in healthcare would be, quite 

naturally, the most common. When the evidence is fully collected and the professional world 

is already friendly with the digital tools and enters practice, the evolution will unfold as the 

same happened with the other health technologies which have become new standards because 

of the use of computers. Nonetheless, this development is not going to happen unless we invest 

in research continuously, the legislation is clever, the ethical behavior is enforced, and the 

lessons learned from the practices are used to enhance the AI systems. 

It is envisaged that healthcare monitoring, in the near future, will be dominated by the 

employment of more and more advanced AI technologies like the taking of multimodal inputs 

from various sources, personal calculation models that predict based on the characteristic 

differences of the person, and at times even automation of the simple decision-making 

processes. However, people will always be the centerpiece. In clinical practice, the task of 

integrating AI outputs, patient demands, operating conditions, and moral matters still belongs 

to the human element. For that reason, we should not consider AI and human as enemies but 

make AI a partner empowered by the partnership to reach the whole human pattern-recognizing 

and handling, and, at the same time, keep the human qualities related to compassion, 

innovation, and moral judgment which are the main features of an excellent medical 

practitioner. 

For healthcare institutions who are looking to adopt AI, this study provides a combination of 

positive and negative signals. It is a positive thing that the technology is useful—it has an actual 

potential to raise patient health and outcome standard. However, the road to good results 

includes top management understanding the implementation as a very complex organizational 

change initiative that is subjected to thorough planning, enough resources, direct staff 

involvement, and unrelenting support for continuous improvement. The organizations that are 

ready to put in the money will gain a lot of the so-called payback; while those believing that 

AI represents just a plain technology installation are inclined to face disappointment and defeat. 

AI-based healthcare monitoring has the potential to be a powerful means to confront globally 

faced major healthcare system problems. Its success depends largely on correct technological 

functioning, but no less on a comprehensive and inclusive human-centered approach. By being 

part of the latter (i.e., more people-oriented care) these systems can help hospitals provide a 

higher level of health care delivery to the large and increasing number of patients. The door is 

wide open; however, one has to admit that there is the difficulty in making the complexity of 

technology meet the implementation methods. 

REFERENCES 

1. Beam, A.L. and Kohane, I.S. (2018) 'Big data and machine learning in health care', 

JAMA, 319(13), pp. 1317-1318. 

2. Char, D.S., Shah, N.H. and Magnus, D. (2020) 'Implementing machine learning in 

health care—addressing ethical challenges', New England Journal of Medicine, 

378(11), pp. 981-983. 

3. Chauhan, N.K. and Singh, K. (2023) 'A review on conventional machine learning vs 

deep learning in healthcare applications', Artificial Intelligence Review, 56(2), pp. 

1285-1327. 



Journal of Computational Analysis and Applications                                                                            VOL. 33, NO. 5, 2024 
   

                                                                                                10.48047/jocaaa.2024.33.05.68 

                                                                                      3521       Ahmed Bin Osman et al 3501-3521 

 

4. Esteva, A., Robicquet, A., Ramsundar, B., Kuleshov, V., DePristo, M., Chou, K., Cui, 

C., Corrado, G., Thrun, S. and Dean, J. (2019) 'A guide to deep learning in healthcare', 

Nature Medicine, 25(1), pp. 24-29. 

5. Fagherazzi, G., Goetzinger, C., Rashid, M.A., Aguayo, G.A. and Huiart, L. (2020) 

'Digital health strategies to fight COVID-19 worldwide: challenges, recommendations, 

and a call for papers', Journal of Medical Internet Research, 22(6), e19284. 

6. Islam, S.M.R., Kwak, D., Kabir, M.H., Hossain, M. and Kwak, K.S. (2020) 'The 

Internet of Things for health care: A comprehensive survey', IEEE Access, 3, pp. 678-

708. 

7. Jiang, F., Jiang, Y., Zhi, H., Dong, Y., Li, H., Ma, S., Wang, Y., Dong, Q., Shen, H. 

and Wang, Y. (2017) 'Artificial intelligence in healthcare: past, present and future', 

Stroke and Vascular Neurology, 2(4), pp. 230-243. 

8. Kelly, C.J., Karthikesalingam, A., Suleyman, M., Corrado, G. and King, D. (2019) 'Key 

challenges for delivering clinical impact with artificial intelligence', BMC Medicine, 

17(1), pp. 1-9. 

9. Kwon, J.M., Lee, Y., Lee, Y., Lee, S. and Park, J. (2018) 'An algorithm based on deep 

learning for predicting in-hospital cardiac arrest', Journal of the American Heart 

Association, 7(13), e008678. 

10. Price, W.N., Gerke, S. and Cohen, I.G. (2019) 'Potential liability for physicians using 

artificial intelligence', JAMA, 322(18), pp. 1765-1766. 

11. Rajkomar, A., Dean, J. and Kohane, I. (2019) 'Machine learning in medicine', New 

England Journal of Medicine, 380(14), pp. 1347-1358. 

12. Reddy, S., Allan, S., Coghlan, S. and Cooper, P. (2020) 'A governance model for the 

application of AI in health care', Journal of the American Medical Informatics 

Association, 27(3), pp. 491-497. 

13. Rigla, M., García-Sáez, G., Pons, B. and Hernando, M.E. (2018) 'Artificial intelligence 

methodologies and their application to diabetes', Journal of Diabetes Science and 

Technology, 12(2), pp. 303-310. 

14. Sendak, M.P., Gao, M., Brajer, N. and Balu, S. (2020) 'Presenting machine learning 

model information to clinical end users with model facts labels', npj Digital Medicine, 

3(1), pp. 1-4. 

15. Shimabukuro, D.W., Barton, C.W., Feldman, M.D., Mataraso, S.J. and Das, R. (2017) 

'Effect of a machine learning-based severe sepsis prediction algorithm on patient 

survival and hospital length of stay: a randomised clinical trial', BMJ Open Respiratory 

Research, 4(1), e000234. 

16. Smith, M.E., Chiovaro, J.C., O'Neil, M., Kansagara, D., Quiñones, A.R., Freeman, M., 

Motu'apuaka, M.L. and Slatore, C.G. (2013) 'Early warning system scores: a systematic 

review', Washington DC: Department of Veterans Affairs. 

17. Tomašev, N., Glorot, X., Rae, J.W., Zielinski, M., Askham, H., Saraiva, A., Mottram, 

A., Meyer, C., Ravuri, S., Protsyuk, I., Connell, A., Hughes, C.O., Karthikesalingam, 

A., Cornebise, J., Montgomery, H., Rees, G., Laing, C., Baker, C.R., Peterson, K., 

Reeves, R., Hassabis, D., King, D., Suleyman, M., Back, T., Nielson, C., Ledsam, J.R. 

and Mohamed, S. (2019) 'A clinically applicable approach to continuous prediction of 

future acute kidney injury', Nature, 572(7767), pp. 116-119. 

18. Topol, E.J. (2019) 'High-performance medicine: the convergence of human and 

artificial intelligence', Nature Medicine, 25(1), pp. 44-56. 

 


