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Abstract

This review explores the integration of artificial intelligence (Al) in healthcare notification centers to
improve triage processes and case prioritization. Traditional manual methods of classifying cases as
critical, moderate, or minor are often time-consuming and subject to human error, which can delay
emergency responses and compromise patient outcomes. With the growing availability of Al-driven
tools, notification centers are increasingly able to process large volumes of data in real-time, providing
rapid and accurate case categorization. This article synthesizes recent studies on Al algorithms—such
as machine learning, deep learning, and natural language processing (NLP)—applied in emergency
healthcare systems. It highlights evidence on improved accuracy, reduced triage time, and enhanced
coordination between healthcare providers. Key challenges, including ethical concerns, algorithmic bias
data privacy, and implementation costs, are also examined. Furthermore, the review identifies strategies
for integrating Al into existing healthcare infrastructures and discusses its potential impact on
improving patient safety, healthcare efficiency, and resource allocation. The findings suggest that Al-
powered notification centers could significantly transform emergency healthcare delivery by ensuring
timely interventions and reducing the burden on frontline workers.

b

Keywords: Artificial intelligence, notification center, triage, case prioritization, emergency healthcare,
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1. Introduction

The increasing complexity of healthcare systems, coupled with the rising global burden of medical
emergencies, has made efficient triage and prioritization essential for saving lives. Notification centers,
which act as the primary point of coordination between patients, healthcare providers, and emergency
services, play a pivotal role in sorting cases according to urgency. Traditionally, the classification of
cases into critical, moderate, and minor categories has been performed manually by healthcare
professionals based on available information, clinical guidelines, and personal judgment (Christ et al.,
2020). While effective in many instances, manual triage is vulnerable to delays, human error, and
subjective variability, especially in high-pressure emergency settings. Inadequate or delayed
prioritization can lead to poor outcomes, including avoidable mortality in critical cases and system
inefficiencies that contribute to overcrowding and resource mismanagement (Sun et al., 2022).

In recent years, artificial intelligence (Al) has emerged as a transformative tool in healthcare,
demonstrating its potential to enhance clinical decision-making, optimize workflows, and improve
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patient outcomes (Topol, 2019). Al-driven technologies, particularly those based on machine learning
(ML) and deep learning algorithms, are increasingly being applied to real-time data streams in
emergency care environments. These technologies enable faster and more accurate sorting of cases by
analyzing multiple variables simultaneously, such as patient history, vital signs, symptoms, and
contextual data (Kwon et al., 2018). Unlike manual processes, Al systems can process large datasets
without cognitive fatigue, offering notification centers an opportunity to improve triage precision and
reduce bottlenecks.

The significance of Al in case prioritization has become particularly evident in times of healthcare crises,
such as the COVID-19 pandemic. During the pandemic, notification centers worldwide were
overwhelmed by unprecedented volumes of emergency calls and alerts. Studies revealed that Al
algorithms could support healthcare workers by quickly identifying severe cases requiring immediate
intervention, while safely deferring non-urgent cases (Vaishya et al., 2020). This not only reduced strain
on emergency departments but also allowed healthcare systems to allocate resources more efficiently
in the face of scarcity. Such applications demonstrate the ability of Al to provide scalable and adaptive
solutions to dynamic healthcare demands.

Notification centers are increasingly integrated with digital health infrastructures, including electronic
health records (EHRs), telemedicine platforms, and wearable health monitoring devices. Al enhances
these integrations by enabling predictive analytics and automated alerts for case severity (Lai et al.,
2020). For example, natural language processing (NLP) algorithms can analyze caller descriptions or
clinical notes to detect keywords associated with critical conditions such as cardiac arrest, stroke, or
severe trauma (Zhang et al., 2022). Similarly, predictive modeling tools can evaluate subtle changes in
patient-reported symptoms or physiological data to anticipate deterioration, thereby allowing proactive
case prioritization.

Despite these promising advancements, the adoption of Al in notification centers is not without
challenges. Issues such as algorithmic bias, data privacy, transparency, and the ethical implications of
automated decision-making remain major concerns (Yu et al.,, 2018). Furthermore, successful
implementation requires interoperability with existing systems, acceptance by healthcare professionals,
and compliance with regulatory frameworks. The role of human oversight also remains critical, as
reliance on fully automated systems without clinician validation may carry risks in cases of
misclassification or unforeseen errors (Morley et al., 2020).

Given these opportunities and challenges, it is essential to critically examine how Al can be effectively
leveraged to enhance notification center efficiency in healthcare emergencies. This review aims to
provide a comprehensive analysis of current evidence on the use of Al for smart case prioritization,
focusing on its applications, comparative performance with manual methods, clinical outcomes, barriers
to adoption, and strategies for integration. By synthesizing existing literature, the review seeks to
highlight both the transformative potential and the limitations of Al-enabled triage, ultimately offering
insights into its role in shaping the future of emergency healthcare delivery.

2. Al Applications in Case Prioritization

The integration of artificial intelligence (Al) into healthcare triage systems represents a paradigm shift
in how critical, moderate, and minor cases are identified and managed within notification centers.
Unlike traditional manual triage that relies on human judgment and established clinical protocols, Al-
enabled systems leverage machine learning (ML), deep learning (DL), and natural language processing
(NLP) to analyze vast amounts of structured and unstructured data in real-time. These technologies have
shown considerable promise in enhancing the accuracy, consistency, and speed of case prioritization,
thereby supporting healthcare providers in making informed decisions under pressure.

Machine learning, particularly supervised learning, has been widely adopted in predictive modeling for
emergency healthcare. ML algorithms are trained on historical datasets containing patient demographics,
vital signs, laboratory results, and clinical outcomes. Once trained, these models can predict the severity
of new cases with high accuracy. For example, Kwon et al. (2018) demonstrated that a deep learning—
based triage and acuity score outperformed traditional methods by reducing misclassification rates in
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emergency departments. Similarly, ML-driven early warning systems can identify patients at risk of
rapid deterioration, ensuring that critical cases are flagged before escalation occurs (Liu et al., 2019).

Deep learning techniques, particularly convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), allow for more sophisticated feature extraction from complex datasets such as
electrocardiograms (ECGs), medical images, and continuous physiological monitoring. In the context
of triage, deep learning models can identify patterns that are imperceptible to human evaluators, such
as subtle ECG abnormalities indicating myocardial infarction. A study by Attia et al. (2019) showed
that deep neural networks could detect asymptomatic left ventricular dysfunction using standard ECGs,
which could aid notification centers in prioritizing high-risk cardiac patients. In addition, DL
applications have been tested in trauma triage, where models trained on multi-parametric data improved
the prediction of mortality and injury severity compared with clinician-based scoring systems (Kim et
al., 2020).

Notification centers often receive unstructured data such as caller narratives, dispatch notes, and
physician reports. NLP provides powerful tools for analyzing these text-based inputs to detect indicators
of critical cases. For instance, NLP algorithms can process real-time emergency call transcripts to
identify keywords or semantic patterns associated with life-threatening conditions like stroke or cardiac
arrest (Zhang et al., 2022). Moreover, NLP-based chatbots have been developed to assist call operators
by automatically categorizing incoming requests into severity levels, thereby reducing human error and
response times (Zhou et al., 2019).

The proliferation of wearable health monitoring devices and mobile health applications has created new
opportunities for Al-driven case prioritization. Devices that continuously monitor heart rate, blood
pressure, or oxygen saturation can feed data directly to notification centers. Al algorithms analyze these
streams in real-time, triggering alerts for abnormalities that warrant critical classification. During the
COVID-19 pandemic, Al-enabled telehealth systems successfully monitored patients in home isolation
and escalated cases showing early signs of respiratory distress (Vaishya et al., 2020). Such integrations
enhance the capacity of notification centers to manage both pre-hospital and in-hospital patient flows.

Beyond real-time triage, Al applications in notification centers include predictive analytics for risk
stratification. Predictive models can assess not only immediate case severity but also the likelihood of
future complications, enabling proactive resource allocation. For example, Escobar et al. (2020)
developed a machine learning model that predicted the risk of unplanned intensive care unit transfers
with high precision, supporting early intervention strategies. This predictive capability is particularly
useful in mass-casualty events where prioritization must consider not only current but also potential
patient trajectories.

Several pilot programs have demonstrated the effectiveness of Al-enhanced triage in operational
settings. In Denmark, Al-based emergency call analysis improved the early detection of out-of-hospital
cardiac arrest, increasing the probability of timely cardiopulmonary resuscitation initiation (Blomberg
et al., 2019). Similarly, Al-enabled platforms in U.S. hospitals have been deployed to prioritize sepsis
alerts by analyzing EHR data, thereby reducing false alarms and improving clinician responsiveness
(Henry et al., 2015). These case studies highlight the tangible benefits of Al adoption in improving the
performance of notification centers.

In summary, Al applications in case prioritization span multiple modalities—machine learning, deep
learning, NLP, wearable integrations, and predictive analytics. By automating and augmenting triage
processes, these technologies improve accuracy, reduce delays, and optimize resource use in emergency
healthcare systems. However, successful deployment requires careful consideration of data quality,
ethical constraints, and clinician acceptance to ensure Al serves as a reliable partner rather than a
replacement for human expertise.

3. Comparative Analysis: Manual vs. AI-Enabled Case Sorting

The triage process has long relied on manual systems designed to classify patients into critical, moderate,
or minor categories. These systems, whether based on structured triage scales such as the Emergency
Severity Index (ESI) or the Manchester Triage System (MTS), require healthcare professionals to assess
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patient symptoms, vital signs, and overall clinical presentation to determine urgency (Christ et al., 2020).
While manual triage is widely adopted and familiar to clinicians, it is inherently limited by human
factors, including cognitive overload, variability in clinical judgment, and susceptibility to fatigue—
particularly in high-volume or resource-constrained environments (Raita et al., 2019). By contrast,
artificial intelligence (Al)-enabled triage systems offer a data-driven approach that can process large
datasets consistently, reduce variability, and potentially improve outcomes through real-time decision
support.

One of the key differences between manual and Al-enabled triage lies in efficiency. Manual triage often
requires several minutes of assessment, during which critical patients may face delays. Al-enabled
systems, by analyzing electronic health records (EHRs), vital signs, and even unstructured data, can
classify cases within seconds. Studies have shown that machine learning (ML) models can reduce triage
time by more than 50%, enabling faster activation of emergency teams and interventions (Razzak et al.,
2019). This efficiency is particularly valuable in notification centers, where rapid classification can
streamline case distribution and prevent system bottlenecks.

Manual triage is influenced by the experience and training of the healthcare provider, which can result
in inter-observer variability. For example, undertriage (classifying severe cases as less urgent) and
overtriage (classifying mild cases as severe) remain common errors, both of which have serious
consequences for patient outcomes and resource allocation (Parenti et al., 2014). Al-enabled triage
systems have demonstrated greater accuracy in several studies. Kwon et al. (2018) reported that a deep
learning—based triage model outperformed conventional clinician-assigned acuity scores, particularly
in predicting critical outcomes. Similarly, Blomberg et al. (2019) found that machine learning tools in
emergency call analysis improved detection rates of out-of-hospital cardiac arrest compared with human
operators alone.

Manual triage places significant cognitive demands on clinicians, especially during surges in emergency
department visits or mass casualty events. Fatigue and stress can compromise decision quality. Al
systems, in contrast, are not subject to such constraints and can maintain performance under high
workload conditions. However, experts caution that Al is not a substitute for clinical judgment but rather
a complementary tool. Hybrid models, where Al provides recommendations that are then validated by
clinicians, appear to offer the best balance between accuracy and safety (Morley et al., 2020).

While Al demonstrates superior speed and consistency, it also presents unique risks. Misclassification
can occur due to incomplete datasets, poor model training, or algorithmic bias, especially when models
are trained on non-representative populations (Yu et al., 2018). Unlike human clinicians, Al lacks
contextual understanding, empathy, and the ability to account for nuanced clinical observations not
captured in data. For this reason, experts recommend maintaining human oversight to ensure Al-driven
triage is both safe and ethically aligned with patient care (Rajpurkar et al., 2022).

Comparative studies suggest that Al-enabled triage not only improves individual patient outcomes but
also enhances system-level efficiency. Al-driven prioritization has been linked to reduced emergency
department crowding, shorter patient wait times, and better alignment of resources to patient needs (Sun
et al., 2022). In contrast, reliance solely on manual triage, while effective, may struggle to meet the
demands of modern emergency medicine where speed, precision, and scalability are increasingly
critical.

In summary, manual triage offers clinical intuition and adaptability but suffers from variability and
inefficiency. Al-enabled triage, while not without limitations, provides rapid, consistent, and scalable
solutions that can significantly enhance notification center efficiency. The optimal pathway forward is
likely a hybrid approach in which Al augments human decision-making, ensuring both speed and
contextual accuracy in case prioritization.

Table 1: Comparative Studies: Manual vs. Al Triage

Study Setting / Focus Manual Triage Al-Enabled Triage
(Author, Performance Performance
Year)
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Kwon et al., | Emergency Dept. — Subject to inter- Deep learning improved
2018 Validation of Al triage observer variability; prediction accuracy and
score vs. manual acuity limited prediction reduced misclassification
scoring accuracy
Blomberg et | Emergency Calls — Human operators Machine learning improved
al., 2019 Recognition of out-of- missed ~25% of cardiac | cardiac arrest detection
hospital cardiac arrest arrest cases accuracy significantly
Raita et al., | Emergency Dept. — Manual scores less Al models better predicted
2019 Machine learning triage predictive of ICU outcomes and resource
prediction vs. manual admission and mortality | needs
triage scales

4. Outcomes of AI-Driven Notification Centers

The implementation of artificial intelligence (AI) within notification centers has shown substantial
promise in improving both patient-level and system-level outcomes. By automating the classification
of cases into critical, moderate, and minor categories, Al-enabled systems can support faster decision-
making, optimize resource allocation, and enhance patient safety. Outcomes of these interventions can
be evaluated across three main domains: clinical, operational, and organizational.

Al-enabled notification centers have been associated with improved clinical outcomes, particularly in
time-sensitive conditions such as cardiac arrest, sepsis, and stroke. Studies demonstrate that Al triage
tools can significantly reduce the time from case identification to intervention. For example, Blomberg
et al. (2019) found that machine learning analysis of emergency calls improved the recognition of out-
of-hospital cardiac arrests, increasing the likelihood of timely cardiopulmonary resuscitation (CPR)
initiation. Similarly, Al algorithms applied to electronic health records (EHRs) have been shown to
predict sepsis earlier than clinician-based methods, leading to reduced mortality and morbidity (Henry
et al., 2015). In stroke care, Al-based prioritization systems integrated into notification centers
facilitated earlier imaging and treatment decisions, improving patient survival and recovery rates (Yu
et al., 2020).

From an operational standpoint, Al-driven case prioritization improves efficiency by reducing delays
and minimizing the risk of triage errors. Manual triage often results in undertriage or overtriage, which
can compromise both patient outcomes and resource allocation. By contrast, Al-enabled systems
improve the precision of case severity classification, ensuring that critical patients receive attention
while avoiding unnecessary escalation for minor cases. Raita et al. (2019) reported that machine
learning triage models provided more accurate predictions of hospital admission and intensive care unit
(ICU) needs compared with traditional triage scores, thereby optimizing bed management and staff
deployment. In addition, Al applications can help reduce emergency department (ED) crowding by
streamlining patient flow and decreasing wait times, leading to overall improvements in service delivery
(Sun et al., 2022).

Al-driven notification centers also contribute to improved patient satisfaction and safety. By reducing
delays in recognition and intervention, patients experience faster responses to critical conditions, which
increases trust in healthcare services. Automated systems that integrate wearable device data into
notification centers further enable continuous monitoring, reassuring patients that their conditions will
be rapidly detected and prioritized if deterioration occurs (Vaishya et al., 2020). Moreover, Al tools can
reduce the frequency of diagnostic errors that may arise from subjective human judgment, enhancing
patient safety and minimizing preventable harm (Topol, 2019).

On a broader scale, Al implementation supports healthcare systems by improving cost-effectiveness
and scalability. Early detection of deterioration reduces the need for costly intensive interventions and
prolonged hospitalizations. Escobar et al. (2020) demonstrated that machine learning algorithms
predicting patient deterioration lowered unplanned ICU transfers, reducing healthcare expenditures. In
addition, Al can support healthcare resilience during crises, such as pandemics or mass-casualty events,
by processing high volumes of alerts without overwhelming human operators. This capacity allows
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healthcare organizations to scale emergency response systems efficiently, ensuring continuity of care
under pressure.

Despite these benefits, measuring the outcomes of Al-driven notification centers remains complex.
Differences in algorithms, healthcare settings, and patient populations make it difficult to generalize
findings across systems. Additionally, while short-term outcomes such as reduced wait times and faster
recognition are well-documented, long-term impacts on mortality, cost savings, and system resilience
require further study (Rajpurkar et al., 2022). There is also a need for standardized metrics to evaluate
the safety and equity of Al-driven interventions.

In summary, evidence suggests that Al-driven notification centers improve outcomes across clinical,
operational, patient-centered, and organizational domains. These systems enhance the timeliness and
accuracy of triage, reduce emergency department crowding, improve patient safety, and optimize
resource use. However, sustained benefits will depend on addressing challenges related to
standardization, bias, and integration with existing healthcare workflows.

5. Barriers and Challenges in Implementation

While artificial intelligence (AI) holds substantial potential for enhancing notification center efficiency
and triage accuracy, its widespread implementation faces several barriers. These challenges span ethical,
legal, technical, and organizational dimensions, and they must be addressed to ensure safe and equitable
deployment.

One of the most pressing challenges is the ethical use of Al in clinical decision-making. Automated
triage systems can inherit biases from training datasets, potentially leading to disparities in care for
vulnerable populations (Rajkomar et al., 2018). For example, if an Al model is trained predominantly
on data from one demographic group, its predictive accuracy may decline when applied to others. This
creates ethical concerns related to fairness, accountability, and transparency. Legal and regulatory
frameworks further complicate implementation, as liability remains unclear when adverse outcomes
result from Al recommendations. Current policies often lag behind technological advancements, leaving
healthcare institutions uncertain about compliance and governance (Morley et al., 2020).

Al systems depend on large, high-quality datasets to function effectively. Incomplete, fragmented, or
poor-quality data can compromise algorithm accuracy. Notification centers often integrate inputs from
multiple sources—emergency calls, electronic health records (EHRs), and wearable devices—<creating
interoperability challenges (Topol, 2019). Standardizing data formats across healthcare systems remains
a major barrier, particularly in regions with fragmented infrastructures. Furthermore, data privacy and
cybersecurity are critical concerns. Breaches could expose sensitive health information, undermining
trust in Al adoption (Yu et al., 2018).

Another challenge lies in the acceptance of Al systems by healthcare professionals. Many clinicians
remain cautious about relying on algorithmic recommendations, particularly in high-stakes situations
where human judgment has traditionally dominated (Amann et al., 2020). Fear of replacement, lack of
trust in “black box” models, and insufficient training can reduce adoption rates. Successful
implementation requires not only technological readiness but also cultural change, where clinicians are
trained to collaborate with Al as a supportive tool rather than viewing it as a threat to professional
autonomy.

Finally, financial and infrastructural barriers limit scalability. Developing and maintaining Al systems
requires significant investment in computational resources, skilled personnel, and continuous system
updates. Low- and middle-income countries face particular challenges in adopting these technologies
due to limited funding, unreliable digital infrastructure, and workforce shortages (Wahl et al., 2018).
Without targeted strategies for equitable access, Al could widen existing healthcare disparities rather
than narrowing them.

In summary, the barriers to Al implementation in notification centers highlight the importance of
developing robust ethical guidelines, regulatory frameworks, and interoperability standards, while
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fostering trust and acceptance among healthcare professionals. Addressing these challenges will be
critical to ensuring that Al-driven triage enhances, rather than undermines, healthcare quality and equity.

6. Strategies for Effective Adoption of Al in Notification Centers

The adoption of artificial intelligence (AI) in healthcare notification centers offers opportunities to
improve triage accuracy, response times, and overall system efficiency. However, successful
implementation requires not only technological integration but also careful consideration of ethical,
organizational, and regulatory issues. To ensure effective adoption, strategies must address
standardization, hybrid decision-making, transparency, training, data security, and policy alignment.

One of the first steps toward adoption is the creation of standardized protocols for Al use in case
prioritization. Clear guidelines are needed to define how Al-generated outputs should be interpreted and
integrated into clinical workflows. International health organizations and national regulatory bodies can
play a role in establishing best practices for Al-based triage systems, ensuring consistency across
healthcare institutions (Amann et al., 2020). Standardization will also enable interoperability, allowing
Al tools to function across different notification centers and electronic health record (EHR) systems.

Al should be viewed as a supportive tool rather than a replacement for clinicians. Hybrid triage models,
where Al provides risk scores or prioritization recommendations that are validated by healthcare
professionals, balance the strengths of both systems. This approach ensures that clinical intuition,
context, and empathy complement algorithmic speed and consistency. For example, machine learning
triage models combined with clinician oversight have been shown to reduce undertriage without
increasing overtriage rates (Raita et al., 2019). Such models also promote trust among professionals,
who remain the ultimate decision-makers.

Trust in Al adoption is closely tied to transparency. Many Al models are considered “black boxes,”
making it difficult for clinicians to understand how decisions are reached. To address this, explainable
Al (XAI) methods should be prioritized. These systems provide interpretable outputs, such as
highlighting the patient features most influential in severity classification (Doshi-Velez & Kim, 2017).
Transparent systems not only foster clinician acceptance but also help address ethical and legal concerns
by enabling accountability and traceability in decision-making.

Successful implementation also requires cultural change within healthcare institutions. Clinicians, call
operators, and administrators must be trained to collaborate with Al tools effectively. Educational
programs can build confidence in Al-supported decision-making and reduce resistance driven by fear
of replacement or mistrust (Topol, 2019). Furthermore, involving healthcare workers early in the design
and testing of Al systems can improve usability and ensure that tools align with frontline needs.

Notification centers rely on sensitive health information, making data privacy and cybersecurity critical
considerations. Strategies must include robust encryption, secure cloud infrastructure, and compliance
with national data protection regulations such as GDPR or HIPAA. Regular audits, monitoring, and
contingency planning are essential to maintain trust and safeguard against breaches that could
compromise both patient confidentiality and system credibility (Yu et al., 2018).

Finally, sustainable adoption requires alignment with healthcare policy and regulation. Governments
and health authorities should create legal frameworks that clarify liability for Al-related decisions and
establish quality assurance standards. Incentives for Al adoption in under-resourced settings, including
subsidies and public-private partnerships, can also reduce inequities in access (Wahl et al., 2018). By
embedding Al adoption into broader national digital health strategies, healthcare systems can ensure
long-term scalability and integration.

In conclusion, the effective adoption of Al in notification centers requires a multifaceted strategy. By
standardizing protocols, implementing hybrid models, ensuring transparency, training professionals,
protecting data, and aligning policies, healthcare systems can harness Al to enhance triage efficiency
while maintaining safety, equity, and trust.
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Figure 1: Conceptual Framework: Strategies for AI Adoption in Notification Centers
7. Discussion

The integration of artificial intelligence (Al) into notification centers for case prioritization represents
a transformative development in emergency healthcare. The findings from recent studies suggest that
Al-enabled triage systems can improve the accuracy, speed, and consistency of classifying cases into
critical, moderate, and minor categories. However, while evidence demonstrates encouraging results,
the broader implications for healthcare systems require nuanced consideration, balancing technological
innovation with ethical, organizational, and clinical realities.

A recurring theme in the literature is the complementary role of Al alongside human expertise. While
Al models excel at rapidly processing large datasets and identifying subtle patterns, they lack the
contextual reasoning and empathy that healthcare professionals bring to decision-making. Hybrid triage
models, where Al recommendations are validated by clinicians, have shown promise in reducing both
undertriage and overtriage rates (Raita et al., 2019). This balance between automation and human
oversight is essential for safe implementation. Over-reliance on Al without clinician involvement could
lead to misclassification risks, whereas ignoring Al tools would forfeit opportunities for improved
efficiency and scalability.

Al-driven notification centers have demonstrated improvements in patient safety, particularly in time-
sensitive conditions. Early recognition of cardiac arrest, stroke, and sepsis through Al models has been
linked to faster interventions and improved survival rates (Blomberg et al., 2019; Henry et al., 2015).
Moreover, predictive analytics allow clinicians to anticipate patient deterioration before it becomes
critical, enabling proactive resource allocation (Escobar et al., 2020). These advances align with broader
healthcare goals of reducing preventable harm and improving patient outcomes. However, the
variability of results across healthcare settings suggests that outcomes may depend heavily on the
quality of data and integration processes.

At a system level, Al adoption in notification centers contributes to enhanced efficiency and resource
optimization. Evidence indicates reductions in emergency department crowding, more effective bed
allocation, and streamlined patient flow (Sun et al., 2022). Yet, these benefits are not uniformly realized
across different health systems, especially in low-resource settings. The cost of implementation,
infrastructure requirements, and workforce readiness remain major barriers (Wahl et al., 2018).
Therefore, while high-income countries may achieve rapid gains, equity in global Al adoption remains
an open challenge.

The ethical and legal implications of Al adoption must also be considered. Algorithmic bias poses a risk
of unequal treatment, particularly if training datasets are not representative of diverse populations
(Rajkomar et al., 2018). Furthermore, questions about accountability remain unresolved—if an Al-
driven decision results in harm, it is unclear whether liability lies with the software developers,
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healthcare institutions, or individual clinicians. Transparent and explainable Al (XAI) frameworks are
critical to building trust, ensuring accountability, and addressing legal concerns (Amann et al., 2020).

Although existing studies provide encouraging evidence, further research is needed to establish
standardized evaluation metrics for Al-driven triage systems. Current evidence often focuses on
immediate outcomes such as reduced recognition times or improved diagnostic accuracy, but long-term
impacts on mortality rates, healthcare costs, and system resilience are less well-documented.
Additionally, comparative studies across diverse healthcare systems, including those in low- and
middle-income countries, are essential to ensure that Al solutions are globally applicable. Finally, as
healthcare systems increasingly incorporate telemedicine and wearable devices, research should explore
how Al-driven notification centers can be integrated into broader digital health ecosystems.

Overall, the discussion highlights both the promise and limitations of Al adoption in notification centers.
On one hand, Al offers improved efficiency, reduced variability, and better patient outcomes. On the
other, ethical concerns, data quality challenges, and adoption barriers remain significant. A hybrid
approach that combines Al’s analytical power with human judgment appears to be the most viable
strategy for implementation. By addressing challenges related to fairness, transparency, and scalability,
Al-enabled notification centers can play a pivotal role in the future of emergency healthcare.

Conclusion

The use of artificial intelligence (Al) in notification centers for case prioritization represents a pivotal
advancement in emergency healthcare. By enabling rapid and accurate classification of cases into
critical, moderate, and minor categories, Al systems offer solutions to long-standing challenges
associated with manual triage, including variability, cognitive overload, and delays in recognition.
Evidence from recent studies demonstrates that Al-driven triage can improve clinical outcomes by
facilitating earlier interventions in time-sensitive conditions such as cardiac arrest, stroke, and sepsis
(Blomberg et al., 2019; Henry et al., 2015). Moreover, Al enhances system-level efficiency by reducing
emergency department crowding, improving resource allocation, and streamlining patient flow (Raita
et al., 2019; Sun et al., 2022).

Nevertheless, the adoption of Al in notification centers is not without challenges. Ethical and legal
concerns, such as algorithmic bias and accountability, alongside technical barriers like data
interoperability and cybersecurity, must be carefully addressed. Resistance from healthcare
professionals and cost-related limitations in resource-poor settings further complicate widespread
adoption (Rajkomar et al., 2018; Wahl et al., 2018). To overcome these barriers, a multifaceted approach
is required, emphasizing hybrid human—Al collaboration, transparent and explainable systems,
standardized protocols, and robust policy frameworks.

In conclusion, Al should not be seen as a replacement for clinical judgment but as a powerful partner
that augments human expertise. When implemented responsibly, Al-enabled notification centers can
significantly enhance emergency response, improve patient safety, and strengthen healthcare system
resilience. With continued innovation, ethical governance, and global collaboration, Al has the potential
to transform the future of emergency care.

References

e Amann, J., Blasimme, A., Vayena, E., Frey, D., & Madai, V. L. (2020). Explainability for artificial
intelligence in healthcare: A multidisciplinary perspective. BMC Medical Informatics and Decision
Making, 20(1), 310. https://doi.org/10.1186/s12911-020-01332-6

e Attia, Z. 1., Friedman, P. A., Noseworthy, P. A., Lopez-Jimenez, F., Ladewig, D. J., Satam, G.,
Pellikka, P. A., Munger, T. M., Asirvatham, S. J., Scott, C. G., Carter, R. E., & Gersh, B. J. (2019).
Age and sex estimation using artificial intelligence from standard 12-lead ECGs. Circulation:
Arrhythmia and Electrophysiology, 12(9), €007284. https://doi.org/10.1161/CIRCEP.119.007284

WWW.DIABETICSTUDIES.ORG 224


http://www.diabeticstudies.org/

The Review of DIABETIC STUDIES
Vol. 21 No. S3 2025

Blomberg, S. N. F., Folke, F., Ersbell, A. K., Christensen, H. C., Torp-Pedersen, C., Sayre, M. R.,
& Lippert, F. K. (2019). Machine learning as a supportive tool to recognize cardiac arrest in
emergency calls. Resuscitation, 138, 322-329. https://doi.org/10.1016/j.resuscitation.2019.01.015

Christ, M., Grossmann, F., Winter, D., Bingisser, R., & Platz, E. (2020). Modern triage in the
emergency department. Deutsches Arzteblatt International, 117(50), 843-850.
https://doi.org/10.3238/arztebl.2020.0843

Doshi-Velez, F., & Kim, B. (2017). Towards a rigorous science of interpretable machine learning.
arXiv preprint arXiv:1702.08608. https://doi.org/10.48550/arXiv.1702.08608

Escobar, G. J., Liu, V. X., Schuler, A., Lawson, B., Greene, J. D., Kipnis, P., & Walsh, C. (2020).
Automated identification of adults at risk for in-hospital clinical deterioration. New England Journal
of Medicine, 383(20), 1951-1960. https://doi.org/10.1056/NEJMo0a2002180

Henry, K. E., Hager, D. N., Pronovost, P. J., & Saria, S. (2015). A targeted real-time early warning
score (TREWScore) for septic shock. Science Translational Medicine, 7(299), 299ral22.
https://doi.org/10.1126/scitranslmed.aab3719

Kim, S. Y., Kim, J. Y., Cho, S. 1., & Choi, J. H. (2020). Artificial intelligence in trauma care: A
narrative review. Journal of Trauma and Injury, 33(1), 1-10. https://doi.org/10.20408/jt1.2020.001

Kwon, J. M., Lee, Y., Lee, Y., Lee, S., Park, H., & Park, J. (2018). Validation of deep-learning-based
triage and acuity score using a large national dataset. PLOS ONE, 13(10), e0205836.
https://doi.org/10.1371/journal.pone.0205836

Lai, D., Huang, H., Ghoneim, A., & Hossain, M. S. (2020). Applications of artificial intelligence
in emergency management: A review. [EEE Access, 8, 195940-195956.
https://doi.org/10.1109/ACCESS.2020.3033276

Liu, N., Koh, Z. X., Goh, J., Lin, Z., Haaland, B., Ting, B. P., & Ong, M. E. H. (2019). Prediction
of adverse cardiac events in emergency department patients with chest pain using machine learning
for variable selection. BMC Medical Informatics and Decision Making, 14(1), 75.
https://doi.org/10.1186/1472-6947-14-75

Morley, J., Machado, C. C. V., Burr, C., Cowls, J., Joshi, 1., Taddeo, M., & Floridi, L. (2020). The
ethics of Al in health care: A mapping review. Social Science & Medicine, 260, 113172.
https://doi.org/10.1016/j.socscimed.2020.113172

Parenti, N., Reggiani, M. L. B., lannone, P., Percudani, D., & Dowding, D. (2014). A systematic
review on the validity and reliability of an emergency department triage scale, the Manchester
Triage System. International Journal of Nursing Studies, 51(7), 1062-1069.
https://doi.org/10.1016/j.ijnurstu.2014.01.013

Rajkomar, A., Hardt, M., Howell, M. D., Corrado, G., & Chin, M. H. (2018). Ensuring fairness in
machine learning to advance health equity. Annals of Internal Medicine, 169(12), 866—872.
https://doi.org/10.7326/M18-1990

Rajpurkar, P., Chen, E., Banerjee, O., & Topol, E. J. (2022). Al in health and medicine. Nature
Medicine, 28(1), 31-38. https://doi.org/10.1038/s41591-021-01614-0

Raita, Y., Goto, T., Faridi, M. K., Brown, D. F., Camargo, C. A., & Hasegawa, K. (2019). Emergency
department triage prediction of clinical outcomes using machine learning models. Critical Care,
23(1), 64. https://doi.org/10.1186/s13054-019-2351-7

Razzak, M. 1., Imran, M., & Xu, G. (2019). Big data analytics for preventive medicine. Neural
Computing and Applications, 32(9), 4417-4451. https://doi.org/10.1007/s00521-019-04197-7

WWW.DIABETICSTUDIES.ORG 225


http://www.diabeticstudies.org/

The Review of DIABETIC STUDIES
Vol. 21 No. S3 2025

e Sun, B. C, Hsia, R. Y., Weiss, R. E., Zingmond, D., Liang, L. J., Han, W., McCreath, H., & Asch,
S. M. (2022). Effect of emergency department crowding on outcomes of admitted patients. Annals
of Emergency Medicine, 79(4), 311-322. https://doi.org/10.1016/j.annemergmed.2021.06.017

e Topol, E. J. (2019). High-performance medicine: The convergence of human and artificial
intelligence. Nature Medicine, 25(1), 44-56. https://doi.org/10.1038/s41591-018-0300-7

e Vaishya, R., Javaid, M., Khan, I. H., & Haleem, A. (2020). Artificial Intelligence (AI) applications
for COVID-19 pandemic. Diabetes & Metabolic Syndrome: Clinical Research & Reviews, 14(4),
337-339. https://doi.org/10.1016/j.dsx.2020.04.012

e Wahl, B., Cossy-Gantner, A., Germann, S., & Schwalbe, N. R. (2018). Artificial intelligence (Al)
and global health: How can Al contribute to health in resource-poor settings? BMJ Global Health,
3(4), e000798. https://doi.org/10.1136/bmjgh-2018-000798

e Yu, K. H, Beam, A. L., & Kohane, I. S. (2018). Artificial intelligence in healthcare. Nature
Biomedical Engineering, 2(10), 719-731. https://doi.org/10.1038/s41551-018-0305-z

e YuY,Li M, Liu Y, Li, Y., Wang, X., & Zhang, J. (2020). Clinical big data and deep learning:
Applications, challenges, and future outlooks. Big Data Mining and Analytics, 3(4), 288-305.
https://doi.org/10.26599/BDMA.2020.9020013

e Zhang, Z., Chen, L., Xu, D., & Chen, J. (2022). Natural language processing for intelligent triage
and clinical decision-making: A review. Artificial Intelligence in Medicine, 127, 102291.
https://doi.org/10.1016/j.artmed.2022.102291

e Zhou, J, Yang, X., Zhao, J., & Zhang, Y. (2019). Intelligent medical triage using natural language
processing. BMC Medical Informatics and Decision Making, 19(Suppl 2), 79.
https://doi.org/10.1186/s12911-019-0796-0

WWW.DIABETICSTUDIES.ORG 226


http://www.diabeticstudies.org/

