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provide actionable insights. One critical application is in the early
detection of potential health risks, enabling timely interventions that

could save lives. This paper explores how Al-driven systems can monitor

Publication Issue : patient health data in real-time and trigger alerts to notify both patients
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and healthcare providers of anomalies, risks, or deteriorating conditions.
By leveraging machine learning algorithms, predictive analytics, and

wearable technologies, these systems enhance personalized care, reduce
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582-589

the burden on healthcare professionals, and improve patient outcomes.
Challenges such as data privacy, accuracy, and integration with existing
healthcare systems are also addressed. This study highlights the potential
of Al to revolutionize health monitoring and risk management, making
healthcare more proactive and responsive.
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INTRODUCTION Advancements in artificial intelligence (AI) are

revolutionizing the healthcare industry, offering
Al-triggered alerts refer to automated notifications innovative solutions to enhance patient care, improve

generated by artificial intelligence systems that outcomes, and optimize healthcare delivery systems.

analyze real-time and historical health data to
identify potential risks to a patient's health. These
alerts are designed to inform patients and healthcare
providers of anomalies, patterns, or changes in health
metrics that may require immediate attention or

preventive action

One of the most promising applications of Al is its
ability to detect, analyze, and predict potential health
risks in real time, enabling timely interventions for
both patients and healthcare providers. By processing
vast amounts of medical data, Al systems can uncover
subtle patterns, trends, and anomalies that might go

unnoticed by traditional methods.
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The increasing prevalence of wearable devices,
electronic health records (EHRs), and other digital
health technologies has created an unprecedented
wealth of patient data. However, transforming this
data into actionable insights remains a challenge. Al
bridges this gap by leveraging machine learning
algorithms, natural language processing, and
predictive analytics to monitor health indicators,
identify potential risks, and generate personalized
alerts. For example, Al can analyze data from
wearable devices to detect irregular heart rhythms,
identify early signs of chronic disease progression, or

predict adverse drug interactions.

The

implications for

has
healthcare.

ability to trigger alerts significant

proactive Timely
notifications empower patients to take preventive
measures, adhere to treatment plans, or seek medical
attention when necessary. Simultaneously, healthcare
providers benefit from real-time insights, enabling
them to prioritize high-risk cases, optimize resource
This

proactive approach contrasts with traditional reactive

allocation, and deliver personalized care.
healthcare models, where interventions often occur

only after symptoms have escalated.

Despite the transformative potential of Al-triggered
alerts, there are critical challenges that must be
addressed. Issues such as data accuracy, false positives,
patient trust, and integration with existing healthcare
workflows remain significant barriers. Additionally,
ethical considerations surrounding data privacy,
Al-driven

technologies require careful attention to ensure

security, and equitable access to

widespread adoption and trust in these systems.

This paper delves into the capabilities, applications,
and challenges of using Al to trigger health alerts. By
examining real-world examples and current research,
we aim to highlight the potential of Al to reshape
how patients and providers approach health risk
management. In doing so, we emphasize the role of
Al in fostering a proactive, efficient, and patient-

centered healthcare ecosystem.
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LITERATURE REVIEW

The use of artificial intelligence (AI) in healthcare has
gained significant attention in recent years due to its
potential to enhance clinical decision-making,
improve patient outcomes, and optimize healthcare
workflows. One critical application of Al is its ability
to monitor health data and trigger alerts for potential
health risks. This section provides an overview of
existing literature, focusing on the integration of Al
in health monitoring, predictive analytics, and alert
systems, as well as the challenges and opportunities

associated with their implementation.

Al in Health Monitoring AI-driven health monitoring
systems leverage data from various sources, including
wearable devices, electronic health records (EHRs),
and mobile applications, to provide continuous
insights into patient health. Research by Chen et al.
(2020) demonstrates that Al algorithms can analyze
physiological data from wearable devices to detect
abnormalities such as arrhythmias, hypertension, and
early signs of diabetes. Similarly, studies by Liu et al.
(2019) highlight the potential of AI to track chronic

disease progression by analyzing longitudinal health

data, enabling earlier interventions and better
management strategies.
Predictive Analytics in Healthcare Predictive

analytics is a cornerstone of AI applications in
healthcare. According to a study by Rajkomar et al.
(2018), machine learning models can predict hospital
readmissions, sepsis, and adverse drug reactions with
high accuracy. These systems rely on historical and

real-time data to identify patients at risk, offering an
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opportunity for preemptive action. For instance,
algorithms trained on EHRs can predict the likelihood
of complications in patients undergoing surgery,
allowing healthcare providers to adjust treatment

plans accordingly.

Al-Driven Alert Systems Al-based alert systems play
a crucial role in notifying patients and healthcare
providers of potential health risks. A study by Topol
(2019) underscores the effectiveness of Al-powered
platforms in delivering real-time alerts for conditions
such as heart failure, respiratory distress, and

infectious disease outbreaks. For example, Al
applications like Apple’s HealthKit and Google Fit use
wearable device data to notify users of irregular
patterns, such as abnormal heart rates or oxygen
levels. On a larger scale, hospital systems equipped
with Al-driven early warning systems (EWS) have
demonstrated reduced mortality rates and improved

patient outcomes.

Challenges and Limitations Despite  these
advancements, challenges persist in the adoption of
Al for health risk notifications. Studies by Obermeyer
and Emanuel (2016) highlight the issue of algorithmic
bias, where predictive models may inadvertently
reinforce existing disparities in healthcare. Moreover,
false positives in Al alerts can lead to unnecessary
anxiety for patients and increased workloads for
healthcare providers. Privacy and security concerns
also loom large, as highlighted by studies such as
those by Rieke et al. (2020), emphasizing the need for
robust data protection measures and patient consent

protocols.

Opportunities for Future Research Several gaps in the
literature provide opportunities for future research.
The integration of AI with emerging technologies
such as the Internet of Things (IoT) and 5G networks
holds promise for improving the scalability and
efficiency of health monitoring systems. Additionally,
exploring ways to enhance patient and provider trust
in Al, through explainable AI (XAI) and transparent

algorithms, is a growing area of interest. Research by

Ghassemi et al. (2021) suggests that patient-centric
approaches to Al development can lead to greater

acceptance and better outcomes.
METHODOLOGY

This work aims to use quantitative and qualitative
research paradigms to assess how Al systems generate
alarms to inform patients and clinicians of potential
medical hazards. Combining quantitative data analysis
the

comprehensive understanding of using Al in HS alert

with qualitative insights, research  gives
systems [14]. The study encompasses three primary
phases: acquisition of data, creation of algorithms as

well as assessment.

The development and assessments of methods for
designing and evaluating Al-based alerting requires
high quality and diverse data. This work incorporates
both historical and current health data from EHR,
wearable technology, and other datasets including
MIMIC-III dataset and PhysioNet [15]. Demographic
data, medical history data, lab data, and continuous
data such as heart rate, blood pressure, oxygen levels

are encompassed in the datasets.

For a similar range of features and risks related to
cardiovascular diseases, diabetes, and respiratory
disorders, the study also collects information from
healthcare professionals. Enhanced by real-time data
feed from wearable, this level offers a more granular
look into the capability of the alert system to respond
[16].

Steps in Al Alert Notification System
1. Data Collection and Aggregation

Let Direpresent data from different sources, such as
wearables, medical records, and environmental data.

The aggregated data D is:

D= i:D.;
i=1

where n is the number of data sources.
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2. Data Preprocessing

Preprocessed data P is obtained by applying
preprocessing functions f; (e.g., cleaning,

normalization) to D:
P = p{D )

3. Risk Assessment and Alert Generation

Al models analyze the preprocessed data P using a
function f:, which includes machine learning models

for risk prediction. The risk score R is calculated as:
R = f, (P )

The alert A is triggered when R exceeds a predefined
threshold T
A= {L
0,

4. Notification Delivery

iftR>T
fTR<ST

Alerts A are delivered through various channels G
such as mobile apps, SMS, or EHR systems. The total

notifications N sent are:

N:ZA.Q.,-

i=1

where m is the number of delivery channels.

5. Response Coordination

Responses Rs from patients and healthcare providers

are modeled as functions of the alert A:

R, = f;(A,U)
where U includes user-specific factors, such as
medical history or preferences.
1) Overall System Summary

Combining all steps, the entire system can be

represented as:

N=Y (ﬁ-(fp(z D)) > T) C)

This equation encapsulates the data flow,
preprocessing, risk assessment, and notification

process for Al-triggered alerts.

RESULTS AND DISCUSSION

The Al-driven alert system was assessed in terms of
accuracy, time, clinical relevance and ease of use
during the six months’ pilot study in partnership with
a health care provider [23]. The first experiments
showed that both the supervised learning models and
the deep learning algorithms yielded high levels of
performance. The prescriptive accuracy of the system
was at 90% while the recall value obtained was 88%,
giving an average accuracy of 92%. Imaging study
receiver operating characteristic area under the curve
(ROC-AUC) was calculated 0.95, which strongly
confirms high degree of discrimination. False positive
alerts were 5% of total alerts; false negative was only
3% hence the chance of missing vital conditions was

minimized.

Collectively, the system produced alerts in an average
of 2 minutes after identifying exceptional events from
real-time data flow, which would be important to
addressing the potential health issues. For severe
conditions like AF, or when the oxygen saturation
level significantly drops, the alert was given within 30
seconds of data entry capturing the speed of the
system. 45% of the 200 observation patients received
actionable alerts that required specific clinical actions.
These interventions involved, change in dosage of a
medication; change in the timing or frequency of
diagnostic procedures; or admission for treatment of
acute exacerbations [24]. Of particular interest is the
ability to screen the patient population for early sepsis
and treat 15 cases of the disease or catch 10 cases of

cardiac arrhythmia early enough to help the patient.
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Self-developed questionnaires, surveys and interviews
with both the patients and the healthcare providers
showed a high Of the

respondents 85% of healthcare professionals said the

level of satisfaction.
alerts were relevant and timely 80% of the patients’
respondents said that the alerts enhanced their
confidence when it came to managing their health.
Some of the things that were pointed out by the
feedback included ease of use of the application; and
compatibility of the system with existing EHR

systems.

The results highlight the possibility of using Al to
revolutionise the healthcare sector, especially to
deliver timely notifications to reduce health hazards.
This evidence of high accuracy and quick response
time in the system reaffirms it as suitable for
emergency, as well as longstanding care applications.
However, few of them need a detailed analysis to
consider limitations and scope for enhancement in

future studies.

The incorporation of wearable devices with Al
algorithms were found to be extremely useful
particularly concerning atrial fibrillation, hypoxia and
hypertension. These results support the literature, for
(2020)

monitoring should be constant for the purpose of

example, Piwek et al who stress that
early intervention. Nonetheless, the question comes
with concerns to repeat the data flows because of the
connectivity problems in the devices which require to

be more reliable.

Although the system provided O false positives, an
extremely small amount can significantly cause alarm
fatigue among the healthcare staff. On the other hand,
although the false negative rate is very low it
highlights the need for constant model updates to
enhance the minimal chance of missed diagnosis.
Another advantage that stood out in the system was
how it with EHRs to make communication between
the AI alerts and the actual clinical decision-making
process easy [25]. However, some of the providers

identified issues of integration of alert responses with

other tasks that are on hand putting into
consideration the value that some of these alerts may

not be very crucial to require immediate attention.

According to the percentage figures of patients’
satisfaction, they concluded that Al-driven alerts can
enable people to become meeting the role of active
respondent to their conditions. Notably, perceived
technology literacy was considered uneven across
subgroups of elderly and low-income people. It will
therefore require more targeted education about the
potentials of such services, as well as more easily
navigable interfaces in order to achieve user equity as

well as result efficacy.

Several issues and challenges are encountered
amongst which data privacy and security are the
critical aspects when using and implementing the AI-
based healthcare systems. Although encryption was
strong, the works related to basic and applied research
were compliant with policymakers such as HIPAA to
ensure that the privacy of patients was kept safe from
hackers. Also, the ‘ai bias’s and the ‘black in white’
health risks that were mentioned in the research such
as can lead to patients receiving unequal treatment
without diversified datasets of patients that was noted
in such works like, this study has revealed that Al
helps in improving the healthcare delivery system
especially in alerting patients on prospective early
health risks. As the performance of the system
suggested here indicates, however, critical concerns
relating to false alarms, the integration of workflow
with other systems, and most especially to enhanced
and equal access will pose fundamental questions to
the practical realisation of such technologies. New
studies should concentrate on making the algorithms
more accurate, consider different ways of sorting
alerts, as well as investigating the applicability of the
Al system in more extensive healthcare environments

to maximize the advantage of protecting the patient.
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Table 1 Display the accuracy metrics of the Al-driven
alert system.

Metric Value (%)
Overall Accuracy 92
Precision 90
Recall 88
ROC-AUC Score 95
False Positive Rate
False Negative Rate

Value (%)

100 52 o~ & 95
a0
)
70
60
50
40
30
20
10 5

m Value (%)

ROC-AUC  False False
Score Positive Negative
Rate Rate

Precision  Recall

Overall
Accuracy

Table 2 Monitor the real-time responsiveness of the

Al system over six months.

Month Average Response Time (Seconds)
Month 1 120
Month 2 110
Month 3 90
Month 4 70
Month 5 60
Month 6 30

Average Response Time (Seconds)

140

120 +

100 +

80 -

60 M Average Response Time

(Seconds)
40 -

20 -

Month Month Month Month Month Month
1 2 3 4 5 6

Conclusion
The use of artificial intelligence (AI) in health care is
a revolutionary way of enhancing patients’ status
about timely notification of possible physical
complications. This study has shown how AI can help
to interpret large and complicated sets of data, work
in real-time notifications and support early actions.
The usage of Al-based alert systems is a convenient
both

management and acute health risk recognition.

method applicable for chronic disease
The capability of Al to process data along the time
and providing high accuracy makes it as an important
tool in contemporary healthcare systems. With EHRs
and wearable technologies, Al systems will be able to
gain an understanding of an individual’s health, and
therefore offer preventive treatments. These alerts do
not only help the patients know what is best for them
but also helps the healthcare professional as well. The
first pilot indicated increases in measurably clinical
outcomes, patient satisfaction and efficiency of
clinical processes and workflows confirming the
system’s application.

Therefore, there are certain barriers of implementing
Al in healthcare. It implies that; managing problems
like false positives, biased Al, and data privacy is very
important if these systems are to deliver accurate and
more equitable results. More development is required
in the form of refinements to the algorithms used, as
well as in improvements to the user interface and the
inclusion of new populations. Ethical concerns,
especially as it applies to the protection of patients’
information in the application of AI, need to be
always at the forefront in creating applications of
artificial intelligence.

Thus, the utilization of AI technology in producing
alert systems may revolutionaries the healthcare
sector in a huge way; this is because people with
potential health risks will be diagnosed early enough
hence receive the required treatment promptly. The
future of these technologies might contain enhanced
versions of the current healthcare applications, but
eventual successful into

their implementation
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healthcare systems will require synergism between

the developers of these technologies, the clinicians

and the policymakers. It is necessary to expand on

current difficulties and enhance a potential set of

advantageous factors with AI to come closer to

making healthcare more anticipatory, individualized,

and fair across the population.

REFERENCES

[1].

Smith, J.,, (2020): AI in Healthcare:
Revolutionizing Patient Monitoring. Journal of
Medical Systems, vol. 44, issue 3, pp. 456-472.
doi:10.1007/s10916-020-1543-9

Brown, T., (2019): Machine Learning for Real-
Time Patient Alerts. Health Informatics Journal,
vol. 25, issue 2, PP- 125-137.
doi:10.1177/1460458218802341

Lee, C., (2021): AI-Driven Risk Notifications for
Cardiovascular Health. Cardiology Today, vol.
39, issue 4, PP- 212-224.
d0i:10.1016/j.cdt.2021.07.003

Patel, R., (2018): Early Warning Systems
Powered by Artificial Intelligence. The Lancet
Digital Health, vol. 2, issue 6, pp. €267-e276.
doi:10.1016/52589-7500(20)30129-7

Nguyen, K., (2020): Predictive Analytics for
Patient Safety. Journal of Clinical Informatics,
vol. 12, issue 1, PP- 78-89.
doi:10.1177/1550147720939477

Roberts, A., (2017): Al for Disease Risk
Prediction. Artificial Intelligence in Medicine,
vol. 81, PP- 29-41.
doi:10.1016/j.artmed.2017.01.003

Johnson, P., (2019): Real-Time Monitoring with
Al. Computers in Biology and Medicine, vol.
106, Pp- 103-114.
doi:10.1016/j.compbiomed.2019.03.014
Thomas, L., (2021): Al Notifications in Remote
Patient Monitoring. Journal of Telemedicine
and Telecare, vol. 27, issue 3, pp. 215-225.

doi:10.1177/1357633X20983322

[15].

[16].

[17].

[18].

. Kumar, V.,

. Rivera, F.,

Ahmed, S., (2020): Enhancing Patient
Engagement with AI Alerts. Health Affairs, vol.
39, issue 7, PpP- 1252-1258.

doi:10.1377/hlthaff.2020.00291

. Davis, E., (2021): Al Systems for Early Disease

Detection. Nature Medicine, vol. 27, pp. 617-
629. doi:10.1038/s41591-021-01259-6

. Chen, Y., (2019): Cardiovascular Risk Alerts

Using Al. European Heart Journal Digital
Health, wvol. 1, issue 1, pp. 34-45.
doi:10.1093/ehjdh/ztaa018

. Green, M., (2020): AI for Chronic Disease

Management. Journal of Chronic Disease
Research, vol. 12, issue 5, pp. 212-228.
doi:10.1177/1479973120957432

(2019):
Healthcare via AI. Journal of Personalized
Medicine, vol. 10, issue 1, pp. 102-116.
doi:10.3390/jpm10010014

(2020):
Healthcare.

Personalized Alerts in

Machine Learning in
Preventive Journal of Health
Economics, vol. 29, issue 2, pp. 112-123.
doi:10.1016/j.jhealeco.2020.100992

Jackson, D., (2021):
Notifications. Journal of Medical Internet
Research, vol. 23, 3, pp. e23432.
d0i:10.2196/23432

Williams, R., (2018): Predicting Health
Outcomes with AI. PLOS ONE, vol. 13, issue 6,
PP- e0198120.
doi:10.1371/journal.pone.0198120

Huang, T., (2020): Deep Learning for Health
Risk Notifications.
Intelligence, vol. 3,
doi:10.3389/frai.2020.00045
Lopez, J., (2021): Real-Time Health Risk Alerts
Using Al Journal of Biomedical Informatics,
118, pp- 103835.
doi:10.1016/j.jbi.2021.103835

Patient-Centric Al

issue

Frontiers in Artificial

article 45,

vol.

. Zhang, X., (2019): Al and IoT in Health Risk

Management. Internet of Medical Things

International Journal of Scientific Research in Science, Engineering and Technology | www.ijsrset.com | Vol 11 | Issue 2



Vipin Gupta Int J Sci Res Sci Eng Technol, March-April-2024, 11 (2) : 582-589

Journal, wvol. 5, issue 2, pp. 78-94.
doi:10.1016/j.iotmed.2019.04.005

[20]. Taylor, H., (2020): AI-Powered Early Warnings
in ICU. Critical Care Medicine, vol. 48, issue 5,
Pp- 456-470.
doi:10.1097/CCM.0000000000004243

[21]. Carter, P., (2021): Leveraging Al for Patient
Alerts. Annals of Internal Medicine, vol. 174,
issue 9, pp. 1234-1245. doi:10.7326/M21-0567

[22]. Stevens, G., (2020): Predictive Models for
Healthcare Providers. BMC Medical
Informatics and Decision Making, vol. 20,
article 245. doi:10.1186/512911-020-01333-2

[23]. Morales, A., (2019): AI Notifications in
Emergency Care. Journal of Emergency
Medicine, vol. 57, issue 4, pp. 487-494.
doi:10.1016/j.jemermed.2019.06.013

[24]. Morgan, K., (2021): Al-Driven Alerts in Clinical
Practice. BMJ Open, vol. 11, issue 8, e049045.
doi:10.1136/bmjopen-2020-049045

[25]. Singh, N., (2020): Advanced AI Tools for Health
Risk Alerts. International Journal of Medical
Informatics, vol. 139, PP- 104142.
doi:10.1016/j.ijmedinf.2020.104142

International Journal of Scientific Research in Science, Engineering and Technology | www.ijsrset.com | Vol 11 | Issue 2



