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Abstract
Background  Early recognition of pediatric deterioration is difficult because age-dependent physiology and 
compensation mask early shock and safety risks. This narrative review compares vital-sign (VS) biomarkers (heart rate, 
respiratory rate, blood pressure, oxygen saturation, temperature) with laboratory markers and clinical indicators.

Methods  We searched Embase, Pubmed, and guideline repositories to August 2025 for pediatric studies from 
emergency, inpatient, and critical-care settings. We summarized accuracy, timeliness, and implementation issues, 
prioritizing cohort and implementation evaluations.

Results  Age-adjusted, repeated, and continuous analyses of VS—especially multivariate approaches such as 
shock index pediatric age-adjusted and heart-rate-characteristics analytics—outperformed single thresholds, 
often anticipating ICU transfer or sepsis by hours. Laboratory biomarkers provided diagnostic specificity for defined 
syndromes but were slower and unsuitable for continuous surveillance. Composite scores (e.g., PEWS, ED-PEWS, 
National PEWS) showed moderate to high discrimination yet performed best when integrated with trends and 
standardized escalation pathways.

Conclusion  VS biomarkers, leveraged as dynamic trends and combined with context, enable earlier, safer detection 
of pediatric deterioration than static thresholds or isolated laboratory tests. Priorities include validating continuous 
models beyond NICUs, ensuring equity and calibration across different ages and comorbidities, and testing wearable 
sensors and EHR-embedded alerts in pragmatic trials that measure timeliness, unintended harms, and patient-
centered outcomes.

Clinical trial number  Not applicable.
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Introduction and physiology
Early recognition of pediatric clinical deterioration is 
challenging because age‑dependent cardiovascular and 
respiratory physiology can mask early instability and 
children often compensate until reserves are exhausted 
[1–4]. Compared with adults, children exhibit higher 
baseline heart and respiratory rates because smaller 
hearts eject less blood per beat (lower stroke volume), 
and mass-specific metabolic demands are greater. Hence, 
to preserve cardiac output, children compensate with 
faster heart rates (HR) [5–7]. Increased metabolic activ‑
ity also drives a higher respiratory rate (RR) to support 
gas exchange. Smaller, more delicate airways increase 
vulnerability to obstruction from secretions or foreign 
bodies, further raising RR requirements [5]. As a child 
develops, the autonomic nervous system orchestrates the 
regulation of both the heart and lungs, and its matura‑
tion parallels that of these organs [8]. Across childhood 
into adolescence, HR declines, mirroring the changing 
metabolic demands and overall physiological matura‑
tion [9], while respiratory control becomes more sophis‑
ticated, resulting in more efficient ventilatory patterns 
[10, 11]. Even so, substantial person-to-person variability 
in cardiopulmonary regulation persists within specific 
age groups, influenced by genetics and environment [8]. 
These developmental considerations explain why clinical 
deterioration in young patients may unfold rapidly once 
compensatory mechanisms fail. particularly in neonates 
and infants with immature control systems and limited 
reserve [12].

These features explain why vital signs (VS) function as 
practical, continuous biomarkers of early deterioration 
in pediatric emergency departments (PEDs) and why 
interpretation must be explicitly age‑aware. Accordingly, 
our aim in this review is to examine how developmental 
physiology informs the use of age‑specific ranges, bed‑
side thresholds, and percentile charts—and how these 
tools can support timely recognition of risk in frontline 
care. In this review, “vital signs” refer to HR, RR, systolic 
blood pressure (SBP) (with mean arterial pressure when 
available), temperature, and peripheral oxygen saturation 
(SpO₂) unless otherwise specified.

Age-specific percentile charts derived from large data‑
sets better characterize typical ranges and variability of 
vital signs (VS) than fixed cutoffs and therefore support 
more nuanced interpretation. Fleming et al. analyzed 
data from over 140,000 children to generate centile charts 
for HR and RR from birth to 18 years, demonstrating the 
expected age-related decline in both measures [13]. Per‑
centiles allow clinicians to judge how far a measurement 
deviates from age-expected norms, avoiding the limita‑
tions of binary normal/abnormal labels and providing 
more clinically informative context.

At the bedside, several simple rules are commonly used 
for children 1–10 years: anticipated HR ≈ 150 − (5 × age 
in years); minimum SBP ≈ 70 + (2 × age in years) mmHg; 
and typical RR ranges of 30–60/min in neonates, gradu‑
ally decreasing through infancy and toddlerhood, and 
~ 15–20/min after age 5. Large emergency department 
datasets, including a Korean study with over 1.5 million 
VS measurements, reinforce the wide normal variability 
and support age-specific centile interpretation for pediat‑
ric heart and respiratory rates [14] (Table 1).

Methodology
In this narrative review, we conducted a comprehensive 
literature search across multiple databases, including 
PubMed, SCOPUS, EMBASE, Web of Science, and the 
Cochrane Library, up to August 2025. The search strat‑
egy incorporated a combination of keywords and MeSH 
terms related to “vital signs,” “biomarkers,” “clinical dete‑
rioration,” “early warning systems,” “pediatric patients,” 
and “emergency department.” Boolean operators (AND/
OR) were used to ensure a broad yet focused retrieval 
of relevant studies. Studies were selected based on their 
relevance to the use, interpretation, or innovation of vital 
signs as indicators of early clinical deterioration in pedi‑
atric emergency settings. We included studies examining 
the physiological basis, predictive value, accuracy, and 
integration of vital signs (such as HR, RR, blood pres‑
sure, oxygen saturation, temperature, and capillary refill 
time) in clinical assessment tools or monitoring systems. 
Articles discussing machine learning applications, digital 

Table 1  Physiological basis of vital signs in children
Vital Sign Parameter Underlying Physiology in Pediatrics Key Influencing Factors
Heart Rate (HR) Higher baseline HR due to increased metabolic rate and cardiac output demands in children; 

gradual decrease with age
Fever, anxiety, pain, activ-
ity, developmental stage

Respiratory Rate (RR) Immature respiratory control centers; higher RR to meet oxygen demand in smaller lungs and 
increased metabolism

Fever, respiratory distress, 
anxiety, metabolic acidosis

Blood Pressure (BP) Lower BP in infants due to less vascular resistance; increases with vessel growth and 
maturation

Pain, anxiety, hydration 
status, cardiac function

Temperature (Temp) Thermoregulation immature in infants; body surface area to volume ratio affects heat loss Infection, environment, 
activity level, fever

Oxygen Saturation 
(SpO2)

Efficient oxygen binding in fetal hemoglobin shifts postnatally; high normal saturation range 
maintained

Respiratory conditions, 
cardiac defects, ventilation
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health innovations, or early warning scores related to 
pediatric vital sign monitoring were also included.

Clinical epidemiology and burden
Epidemiology of abnormal vital signs in peds
VS monitoring is crucial in EDs to recognize high-risk 
patients, especially pediatric patients. “Vital signs (VS)” 
refer to HR, RR, SBP, temperature, and peripheral oxy‑
gen saturation [SpO₂] [15, 16]. Emergency physicians are 
trained to identify abnormal VS, such as tachycardia and 
hypotension, as they are associated with a higher rate of 
admission and worse outcomes, including higher risks of 
ICU admission, hospital admission, in-ED or in-hospital 
cardiac/respiratory arrest, mortality, prolonged ED/inpa‑
tient length of stay, and unplanned 72-hour return ED 
visits [17]. Therefore, a joint policy by the American Col‑
lege of Emergency Physicians and the Emergency Nurses 
Association on the care of children in the ED stated that 
full monitoring of VS in infants and children is man‑
datory [18]. However, current scoring systems, which 
incorporate VS, used for identifying high-risk children, 
are not effective enough as they depend on classifying 
VS as normal or abnormal, regardless of the variance in 
confounding factors such as age or type of setting (e.g., 

pediatric-only vs. mixed EDs, triage level, fever, agitation) 
[19].

Multiple large cohort studies on pediatric patients con‑
firmed the prevalence of abnormal VS at discharge home 
from the ED and its association with age, sex, and under‑
lying causes. Ramgopal et al. conducted a retrospective, 
cross-sectional study using data representing 162.7 mil‑
lion pediatric ED visits. They found at least one abnor‑
mal VS in 73% of the children, with a higher frequency 
of abnormal VS in younger children. Tachycardia, tachy‑
pnea, low SBP, and fever were documented in 19.3%, 
8.8%, 10.2%, and 11.6% of cases, respectively. HR and 
RR abnormalities were associated with age, severity of 
the underlying cause, and outcomes. However, SBP was 
associated with age only [20]. This is supported by other 
studies that also showed a higher rate of abnormal VS at 
discharge in younger children less than 3 years, especially 
males, and with higher illness severity [15, 21]. (Fig. 1)

Association with patient outcomes
There is sufficient evidence regarding the association 
between abnormal VS and short-term deterioration, 
including ICU admission, mortality, and 72-hour return 
visits [22]. Oxygen saturation and level of consciousness 

Fig. 1  Common causes of abnormal vital signs in pediatric ED
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are associated with mortality. Additionally, HR and the 
Glasgow Coma Scale (GCS) are associated with ICU 
admission [22]. Quinten et al. conducted a prospective 
observational study on 359 patients. They measured VS 
at regular intervals in the first three hours in the ED. 
They found that 29.5% of patients deteriorated within 72 
h, confirming the association between abnormal VS and 
clinical deterioration and highlighting the importance 
of repeated measurement of VS in the ED [22]. Further‑
more, Angulik et al. investigated the impact of deteriora‑
tion associated with abnormal VS on patient outcomes. 
They conducted a retrospective review on all PICU trans‑
fers and arrests and observed longer ICU stays, higher 
organ dysfunction, and mortality rates associated with 
delayed ICU transfer due to unrecognized abnormal VS 
[23].

In PED, although abnormal VS at discharge is associ‑
ated with higher return visits and mortality rates, there 
is a lack of standard criteria to categorize patients as to 
be admitted or safe for discharge [16, 24]. Therefore, it is 
recommended to reassess VS regularly at PED and before 
discharge to avoid unrecognized cases of deterioration.

Diagnostic challenges and biomarker potential
Limitations of single‑time‑point vital signs
A single VS measurement can be misleading because 
children’s physiological parameters vary with age and are 
easily influenced by transient factors. Fear or anxiety can 
elevate pulse rate and RR, complicating assessment of 
conditions such as shock [25]. Winter et al. (2017) found 
that 17% of discharged children had at least one abnor‑
mal VS, yet only 0.43% developed serious problems [21]. 
Using single cutoff points resulted in poor discrimination 
for adverse outcomes, with AUC values of 0.45–0.59 [21]. 
Only one case of permanent disability appeared possibly 
preventable and associated with an abnormal discharge 
VS, with no preventable deaths. Thus, an isolated abnor‑
mal reading is rarely a reliable indicator of serious illness, 
and reliance on one-time VS can mislead clinicians or 
delay needed care [21]. (Fig. 2)

Clinical deterioration in hospitalized children fre‑
quently goes unrecognized due to inadequate VS docu‑
mentation and inconsistent responses to abnormal values 
[26]. PEWS, which rely on periodic VS monitoring, show 
limited accuracy in predicting deterioration [27]. Their 
use is hindered by irregular assessments, incomplete 
recordings, variation in scoring, and uncertainty about 
escalation thresholds [28]. In a single-center review 
of PICU emergency transfers, Kowalski et al. (2021) 

Fig. 2  Interpretation challenges of vital signs in pediatric patients
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reported that over 20% had no PEWS recorded, and 
among those documented, nearly half underestimated 
patient risk [28]. Scores were often entered hours before 
transfer, indicating missed signs of deterioration during 
the critical pre-escalation period [28]. (Table 2)

Vital sign trends as biomarkers
Because young children have limited physiological 
reserves and can deteriorate quickly, early recognition of 
serious illness is critical. Trend-based or continuous VS 
monitoring offers better insight than one-time measure‑
ments [26]. Intermittent checks may miss rapid changes, 
whereas patterns in rate or stability over time provide a 
more reliable prediction of serious illness [28, 29].

PEWS systems increasingly incorporate trend data 
to improve accuracy. For example, the Vitalpac Early 

Warning Score (ViEWS) assigns weighted scores to VS 
and averages them over time to track clinical trajectory 
[26]. Newer technologies automatically track and analyze 
VS trends. The Deterioration Risk Index (DRI), calculated 
every 15 min through the EHR, predicts deterioration in 
hospitalized children [29]. Tools such as the Vitals Risk 
Index similarly provide early, objective warnings [29]. 
Machine learning and AI systems now analyze continu‑
ous VS in real time to generate risk scores and predict 
outcomes such as ICU transfer or sepsis [30].

Using trend-based monitoring supports earlier inter‑
vention and reduces normalization bias, where clinicians 
overlook abnormal readings because they appear famil‑
iar [26]. These systems help detect subtle changes before 
critical deterioration occurs [28]. Integrating VS trend 
analysis into routine ED and ward care can improve early 
identification of high-risk patients and support more effi‑
cient use of limited resources [31]. (Table 3)

Technology and monitoring advances
Continuous monitoring in PEDs
Intermittent VS measurement often every 4 to 8 h has 
long been standard practice [32], but numerous stud‑
ies show that this approach can miss important physi‑
ological abnormalities that occur between checks. Turan 
et al. (2019) found that postoperative BP disturbances 
frequently went undetected between routine measure‑
ments, a pattern likely applicable in pediatric settings 
[33]. Continuous monitoring captures micro-events pre‑
dictive of deterioration that intermittent sampling often 
overlooks, as demonstrated by Khanna et al. (2020) and 
Duus et al. (2018) [34, 35].

Recognizing these limitations, PEDs have increas‑
ingly shifted toward continuous VS monitoring, which 
provides real-time data and allows clinicians to detect 
subtle changes that may precede deterioration [36, 37]. 
Bedside monitors remain the foundation of continuous 
assessment, offering HR, RR, oxygen saturation, BP, and 

Table 2  Vital Sign-based early warning scores for pediatric 
patients
Scoring 
System

Vital Sign Components 
Used

Validation & Clinical 
Utility

PEWS HR, RR, WOB/resp. effort, 
SpO₂ & O₂ therapy, capil-
lary refill/perfusion, mental 
status (AVPU/behaviour)

Widely studied; predicts 
deterioration/ICU. Use with 
trends/clinical judgment—
not as a sole ED disposi-
tion tool.

ED-PEWS 
(example of 
“Modified 
PEWS”)

HR, RR, SpO₂, WOB, AVPU, 
capillary refill (age-adjust-
ed thresholds)

Strong ED triage discrimi-
nation for high-urgency; 
externally evaluated across 
settings.

National 
PEWS 
(England)

HR, RR, graded resp. dis-
tress, SpO₂, O₂ delivery, SBP, 
cap refill (with standard-
ized escalation)

Nationally standardized; 
good ED cohort perfor-
mance; broader cross-set-
ting validation ongoing.

Alder Hey 
PEWS

HR, RR, SpO₂, WOB, 
behaviour/neurologic

Excellent discrimination for 
critical care admission in 
febrile ED cohorts.

Brighton 
PEWS

Cardiovascular (HR/per-
fusion), respiratory (RR/
effort/SpO₂), behaviour

Simple, low-resource 
friendly; predicts deteriora-
tion/PICU transfer; cut-offs 
context-dependent.

Table 3  Comparative effectiveness of vital sign biomarkers vs. Other clinical indicators for detecting clinical deterioration in pediatric 
patients
Biomarker Type Sensitivity/Specificity Advantages Limitations
Vital Sign Biomarkers Best performance when using continuous, age-adjusted multivariate 

analyses (HR/RR/SpO₂); heart-rate-characteristics monitoring reduced 
mortality in very-low-birth-weight neonates in an RCT; prediction 
in older children improves with continuous/ML models vs. single 
readings.

Non-invasive, real-time 
trends enable early 
detection

Sensor/measurement 
variability; artifact & 
alarm burden; intermit-
tent spot checks can 
miss subtle changes

Laboratory Biomarkers Moderate diagnostic accuracy overall; in febrile infants, PCT > CRP for 
invasive bacterial infection at standard cut-offs; performance varies 
by age/cut-off/setting and is not consistently > 0.9.

Objective; pathology-spe-
cific context (e.g., infec-
tion); prognostic value in 
defined syndromes

Invasive; turnaround 
delays; not suitable for 
continuous monitoring

Clinical Indicators 
(Scores/Composite)

Accuracy varies by tool & setting; PEWS associated with ICU admis-
sion/deterioration, but insufficient alone for ED disposition

Integrates multiple data 
sources; supports stan-
dardized escalation

Subjective elements; 
documentation/calcula-
tion errors; can lag pure 
physiologic change
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temperature displays with threshold-based alarms [32]. 
However, these systems are limited by their wired design 
and reduced patient mobility.

Wearable and wireless sensors now address many 
of these issues. Lightweight, pediatric-specific devices 
enable continuous monitoring without restricting move‑
ment [38]. Garbern et al. (2024) showed that a wearable-
enabled mobile system could remotely detect advanced 
sepsis without laboratory testing or bedside interven‑
tions, highlighting the potential for broader surveil‑
lance [39]. Still, many wearables are adapted from adult 
devices, leading to challenges with fit, durability, and 
sensor displacement; such issues can reduce accuracy or 
delay diagnosis [40].

Non-contact monitoring technologies are also emerg‑
ing. Using machine vision, audio analytics, and motion 
tracking, these systems estimate multiple VS without 
touching the patient, improving comfort, infection con‑
trol, and suitability for neonates or scenarios where leads 
are impractical [41]. Many U.S. PEDs also use portable 
bedside and transport monitors, with telemetry enabling 

real-time remote data analysis which is an advantage in 
overflow or resource-limited settings [42].

Growing evidence supports continuous monitoring’s 
clinical benefits. Bonafide et al. (2015) showed it shortens 
time to detect respiratory arrest, expediting life-saving 
interventions [43]. Khanna et al. (2025) found that many 
complications evolve gradually, underscoring the impor‑
tance of uninterrupted surveillance [44]. A meta-analysis 
by Areia et al. (2021) reported fewer ICU admissions 
and rapid response activations with continuous wearable 
monitoring, demonstrating broader improvements in 
patient safety and resource use [45]. (Fig. 3)

Integrating AI and predictive analytics
Continuous VS monitoring in PEDs generates large vol‑
umes of complex data, requiring advanced analytic tools. 
Artificial intelligence (AI) and machine learning (ML) 
can transform raw physiologic and EHR data into action‑
able predictions that support clinical decision-making 
[46, 47]. ML models identify patterns within high-dimen‑
sional datasets and, although not self-updating in real 

Fig. 3  Current vital sign monitoring technologies in pediatric EDs
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time, are periodically retrained under established gover‑
nance systems [46].

AI and ML have shown strong potential in predicting 
pediatric deterioration and sepsis. Spaeder et al. (2019) 
demonstrated that age-adjusted ML models could iden‑
tify sepsis up to 24 h before clinical diagnosis [47]. The 
AiSEPTRON study (2025) similarly found that ML-based 
tools outperformed traditional scoring systems for early 
sepsis recognition in PEDs [48]. The TREWs system, 
implemented across multiple centers, has been asso‑
ciated with reductions in sepsis-related mortality and 
organ failure by providing early alerts that prompt timely 
intervention [49].

Given the wide physiological variability in children, 
ML’s ability to learn from large, diverse datasets is espe‑
cially valuable. These models can accommodate age-
dependent differences and provide more individualized 
risk assessments, addressing limitations of one-size-fits-
all clinical approaches [46].

Prognostic indicators and scoring systems
Vital signs in pediatric early warning scores (PEWS)
PEWS systems are widely used in EDs to assess VS and 
consciousness, helping clinicians recognize early deterio‑
ration [50]. However, scores are often documented hours 
before critical events and can underestimate severity 
[28]. Abnormal VS at discharge are also associated with 
higher revisit rates, suggesting that static cutoffs within 
PEWS may not fully capture illness trajectory [15].

Newer tools such as the Pediatric Age-Adjusted Shock 
Index improve mortality prediction, while continuous 
monitoring methods like pulse oximetry detect hypox‑
emia early, though they may contribute to alarm fatigue 
[43]. Machine-learning approaches now analyze multiple 
VS streams to provide early deterioration predictions, 
potentially outperforming traditional scores [51]. Despite 
these advancements, PEWS remains valuable for its sim‑
plicity and ability to support bedside decision-making 
and team communication. Enhancing PEWS with trend-
based VS, shock indices, and automated monitoring data 
may improve ED care.

Composite vital sign indices
Composite indices are gaining interest for their ability 
to integrate physiologic information. The Shock Index 
Pediatric Age-Adjusted (SIPA), calculated as HR ÷ SBP, 
identifies high-risk patients when values exceed 1.2 in 
children under 6 years or 1.0 in older children, correlat‑
ing with increased mortality and ICU need [52]. SIPA 
detects compensated shock earlier than isolated VS.

Respiratory indices are also important. The Rate-
Oxygenation (ROX) index (SpO₂/FiO₂ ÷ RR), though 
originally for adults, shows emerging pediatric utility par‑
ticularly for bronchiolitis and pneumonia when adjusted 

for age [53]. Machine-learning models that analyze VS 
patterns further enhance early risk detection [51]. Used 
alongside PEWS, these tools help create a more accurate, 
physiology-based assessment of deterioration in pediat‑
ric emergency care.

Guidelines, equity, and future directions
Current pediatric emergency guidelines including APLS, 
PALS, and NICE identify hypotension using age-adjusted 
SBP thresholds [25, 50]. Although these cutoffs are well 
supported, adding parameters such as HR and RR may 
improve prognostic accuracy [54]. There is still no uni‑
versal consensus on defining tachycardia or tachypnea at 
discharge, and abnormal HR or RR is common despite 
limited guidance for decision-making in this setting [21].

Tachycardia reflects both shock status and stroke vol‑
ume, while tachypnea is well established in predicting 
pneumonia severity and other emergencies [55]. Children 
discharged with tachycardia or abnormal RR are more 
likely to return to the ED, experience adverse outcomes, 
and require interventions such as supplemental oxygen, 
respiratory medications, or IV access [24].

Although incorporating HR and RR could support safer 
discharge decisions, several challenges remain. Tachycar‑
dia and tachypnea may be influenced by pain, fever, dehy‑
dration, or anxiety [56]. Both vary over short intervals, 
and circadian changes can shift HR substantially without 
affecting outcomes [57]. These limitations become espe‑
cially relevant in children who appear clinically stable but 
have abnormal VS just outside normal thresholds. This 
group is at risk because deviations may be misinterpreted 
as benign or transient [20]. Establishing a clear defini‑
tion for this intermediate-risk category could improve 
discharge planning, follow-up, and consistency across 
healthcare settings, and supports the need to integrate 
this group into pediatric emergency guidelines.

Implementation considerations
Despite these promising applications, the integration of 
AI and ML into PED clinical workflows faces substan‑
tial obstacles. One prominent issue is the “black box” 
nature of many ML algorithms, which lack transpar‑
ency in how predictions are generated, undermining cli‑
nician trust and limiting adoption [58]. As Cutillo et al. 
(2020) emphasized, ideal ML models in healthcare must 
prioritize explainability, reliability, and fairness to gain 
clinician acceptance [59]. Alarm fatigue remains a sig‑
nificant concern, as some AI-enabled monitoring sys‑
tems produce a high frequency of false-positive alerts, 
potentially desensitizing healthcare providers to critical 
alarms [60, 61]. Technical challenges include insufficient 
hospital infrastructure for real-time wireless data trans‑
mission and aggregation, complicating integration of AI 
tools into existing electronic medical record systems [32, 
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62]. Furthermore, implementing AI requires significant 
workflow adaptations, staff training, and cultural shifts 
within clinical teams, which can meet resistance and slow 
uptake [63].

Ethical considerations are paramount. AI algorithms 
can inadvertently perpetuate or amplify biases present in 
training data, risking unequal care delivery among demo‑
graphic groups [64]. Ensuring data privacy and compli‑
ance with regulatory standards adds further complexity 
[65]. Transparency regarding how patient data is used 
and how predictions are made is essential to maintain 
public trust and meet legal requirements [66].

To overcome these challenges, multidisciplinary col‑
laboration among clinicians, data scientists, engineers, 
and ethicists is crucial. Strategies include developing 
interpretable ML models, refining alarm algorithms to 
reduce false positives, enhancing data infrastructure, and 
providing comprehensive education and support to clini‑
cal staff. Regulatory frameworks must evolve to guide the 
safe and ethical deployment of AI in pediatric care.

Future research and equity considerations
Over the past two decades, PED guidelines have been 
restructured to better use existing services and techno‑
logical advances. Despite this progress, large-scale stud‑
ies and continuous data collection remain essential to 
refine current VS thresholds into data-driven cut-points 
rather than generic norms [67]. Multicenter research 
across diverse settings is especially important to evalu‑
ate and apply these modifications in both high- and low-
resource environments.

VS documentation remains inconsistent; only about 
50% of pediatric ED encounters have a complete set of 
measurements, and abnormal vitals are associated with 
increased transfers or admissions [68]. Emergency care in 
low- and middle-income countries (LMICs) faces addi‑
tional constraints, including limited resources, workforce 
shortages, and barriers to timely intervention. These set‑
tings require simple, evidence-based VS indices, durable 
low-cost monitoring tools, and workforce development 
that reduces financial and geographic barriers to criti‑
cal care. Expanding affordable monitoring systems, bed‑
side biomarkers, and emerging technologies can also 
strengthen equity [38].

However, technology alone cannot ensure equitable 
improvement. Effective implementation requires tailored 
training strategies and workflow adjustments. Without 
concurrent investment in staff education, the impact of 
PEWS or enhanced monitoring remains limited. Train‑
ing should include operation of monitoring equipment, 
pediatric-specific index interpretation, early deteriora‑
tion recognition, and escalation protocols aligned with 
available resources. Many LMIC frontline clinicians lack 
formal pediatric emergency training and rely heavily on 

experience. Programs such as APLS and WHO’s ETAT 
have demonstrated improvements in triage accuracy and 
patient outcomes, but expanded digital and simulation-
based training may provide more consistent, scalable 
support.

Conclusion
Vital signs remain essential for early detection of pedi‑
atric deterioration, especially in emergency settings. 
Advances in wearable and non-contact monitoring, 
combined with AI and EHR integration, are transform‑
ing how VS data is collected and interpreted, offering 
improved predictive accuracy and earlier recognition of 
risk. Successful adoption of these tools, however, requires 
attention to data transparency, clinician trust, workflow 
integration, and equitable access across healthcare sys‑
tems. Future research should focus on large, multicenter 
validation of continuous monitoring models across 
diverse age groups and resource settings, with attention 
to calibration, usability, and unintended harms. Strength‑
ening training and infrastructure will be critical to ensur‑
ing that innovations in VS surveillance translate into safe, 
equitable improvements in pediatric emergency care.

Abbreviations
VS	� Vital Signs
ED	� Emergency Department
PED	� Pediatric Emergency Department
ICU	� Intensive Care Unit
PEWS	� Pediatric Early Warning Score
ED	� PEWS-Emergency Department Pediatric Early Warning Score
SBP	� Systolic Blood Pressure
HR	� Heart Rate
SVR	� Systemic Vascular Resistance
PVR	� Pulmonary Vascular Resistance
GCS	� Glasgow Coma Scale
AUC	� Area Under the Curve
DRI	� Deterioration Risk Index
ViEWS	� Vitalpac Early Warning Score
AI	� Artificial Intelligence
ML	� Machine Learning
EHR	� Electronic Health Record
SIPA	� Shock Index Pediatric Age-Adjusted
ROX	� Respiratory Rate-Oxygenation Index
APLS	� Advanced Pediatric Life Support
PALS	� Pediatric Advanced Life Support
NICE	� National Institute for Health and Care Excellence
LMIC	� Low and Middle-Income Countries
ETAT	� Emergency Triage Assessment and Treatment
NICU	� Neonatal Intensive Care Unit
RR	� Respiratory Rate

Acknowledgements
None.

Author contributions
M. A. is the First and the corresponding author, contributed to the conception, 
formulation, drafting, and critical revision of the manuscript. M. A., M. R. M., 
A. R. S., T. J. O., I. M. A., S. M. D., A. P., F. A. R., and L. A. C. contributed to the 
development of the manuscript, provided intellectual input, assisted in 
reviewing and editing, approved the final version as submitted, and agreed to 
be accountable for all aspects of the work.



Page 9 of 11Alsabri et al. International Journal of Emergency Medicine            (2026) 19:6 

Funding
No funding was received for this research.

Data availability
No datasets were generated or analysed during the current study.

Declarations

Ethics approval
We declare that the work presented in this manuscript is original and has not 
been submitted, in whole or in part, for publication elsewhere. All authors 
have contributed significantly to the conception, design, execution, and 
interpretation of the work.

Consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 31 August 2025 / Accepted: 20 December 2025

References
1.	 Ivy D, Rosenzweig EB, Abman SH, Beghetti M, Bonnet D, Douwes JM et al. 

Embracing the challenges of neonatal and paediatric pulmonary hyperten-
sion. Eur Respir J [Internet]. 2024 Oct;64(4):2401345. Available from: ​h​t​t​p​​s​:​/​​/​d​
o​i​​.​o​​r​g​/​​1​0​.​​1​1​8​3​​/​1​​3​9​9​​3​0​0​​3​.​0​1​​3​4​​5​-​2​0​2​4. cited 17 Aug 2025.

2.	 Doherty TM, Hu A, Salik I, Physiology. neonatal. In: StatPearls [Internet]. Trea-
sure Island (FL): StatPearls Publishing; 2025. Available from: ​h​t​t​p​​:​/​/​​w​w​w​.​​n​c​​b​i​.​​n​
l​m​​.​n​i​h​​.​g​​o​v​/​​b​o​o​​k​s​/​N​​B​K​​5​3​9​8​4​0​/. cited 17 Aug 2025.

3.	 Katona PG, Frasz A, Egbert J. Maturation of cardiac control in full-term and 
preterm infants during sleep. Early Hum Dev [Internet]. 1980 June;4(2):145–
59. Available from: ​h​t​t​p​​s​:​/​​/​l​i​n​​k​i​​n​g​h​​u​b​.​​e​l​s​e​​v​i​​e​r​.​​c​o​m​​/​r​e​t​​r​i​​e​v​e​​/​p​i​​i​/​0​3​​7​8​​3​7​8​2​8​0​9​0​
0​1​8​3. cited 17 Aug 2025.

4.	 Saikia D, Mahanta B. Cardiovascular and respiratory physiology in children. 
Indian J Anaesth [Internet]. 2019;63(9):690. Available from: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​
4​1​0​3​​/​i​​j​a​.​I​J​A​_​4​9​0​_​1​9. cited 17 Aug 2025.

5.	 Trauma Service. How are children different [Internet]. Available from: ​h​t​t​p​​s​:​/​​
/​w​w​w​​.​r​​c​h​.​​o​r​g​​.​a​u​/​​t​r​​a​u​m​​a​-​s​​e​r​v​i​​c​e​​/​m​a​​n​u​a​​l​/​h​o​​w​-​​a​r​e​​-​c​h​​i​l​d​r​​e​n​​-​d​i​f​f​e​r​e​n​t​/. cited 
17 Aug 2025.

6.	 CHQ-NSS-51033 how children are. Different – Anatomical and physiological 
differences [Internet]. Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​c​​h​i​l​​d​r​e​​n​s​.​h​​e​a​​l​t​h​​.​q​l​​d​.​g​o​​v​.​​a​u​
/​​_​_​d​​a​t​a​/​​a​s​​s​e​t​​s​/​p​​d​f​_​f​​i​l​​e​/​0​​0​3​1​​/​1​7​9​​7​2​​5​/​h​​o​w​-​​c​h​i​l​​d​r​​e​n​-​​a​r​e​​-​d​i​f​​f​e​​r​e​n​​t​-​a​​n​a​t​o​​m​i​​c​a​
l​​-​a​n​​d​-​p​h​​y​s​​i​o​l​o​g​i​c​a​l​-​d​i​f​f​e​r​e​n​c​e​s​.​p​d​f. cited 17 Aug 2025.

7.	 Educating the student body: Taking physical activity and physical education 
to school [Internet], Washington DC. National academies press; 2013. Avail-
able from: ​h​t​t​p​​:​/​/​​w​w​w​.​​n​a​​p​.​e​​d​u​/​​c​a​t​a​​l​o​​g​/​1​8​3​1​4. cited 17 Aug 2025.

8.	 Harteveld LM, Nederend I, Ten Harkel ADJ, Schutte NM, De Rooij SR, 
Vrijkotte TGM et al. Maturation of the cardiac autonomic nervous system 
activity in children and adolescents. J Am Heart Assoc [Internet]. 2021 Feb 
16;10(4):e017405. Available from: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​6​1​​/​J​​A​H​A​.​1​2​0​.​0​1​7​4​0​5. 
cited 17 Aug 2025.

9.	 HealthyChildren.org [Internet]. 2020. Fast, slow and irregular heartbeats 
(Arrythmia). Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​h​​e​a​l​​t​h​y​​c​h​i​l​​d​r​​e​n​.​​o​r​g​​/​E​n​g​​l​i​​s​h​/​​h​e​a​​l​t​h​-​​i​
s​​s​u​e​​s​/​c​​o​n​d​i​​t​i​​o​n​s​​/​h​e​​a​r​t​/​​P​a​​g​e​s​​/​I​r​​r​e​g​u​​l​a​​r​-​H​e​a​r​t​b​e​a​t​-​A​r​r​h​y​t​h​m​i​a​.​a​s​p​x. cited 17 
Aug 2025.

10.	 Abu-Shaweesh JM. Maturation of respiratory reflex responses in the fetus and 
neonate. Semin Neonatol [Internet]. 2004 June;9(3):169–80. Available from: ​h​
t​t​p​​s​:​/​​/​l​i​n​​k​i​​n​g​h​​u​b​.​​e​l​s​e​​v​i​​e​r​.​​c​o​m​​/​r​e​t​​r​i​​e​v​e​​/​p​i​​i​/​S​1​​0​8​​4​2​7​5​6​0​3​0​0​1​4​5​3. cited 17 Aug 
2025.

11.	 Pineda R, Prince D, Reynolds J, Grabill M, Smith J. Preterm infant feeding 
performance at term equivalent age differs from that of full-term infants. J 
Perinatol [Internet]. 2020 Apr;40(4):646–54. Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​a​t​u​​r​
e​.​​c​o​m​/​​a​r​​t​i​c​​l​e​s​​/​s​4​1​​3​7​​2​-​0​2​0​-​0​6​1​6​-​2. cited 17 Aug 2025.

12.	 Bettencourt AP, Gorman M, Mullen JE. Pediatric resuscitation. Crit Care Nurs 
Clin North Am [Internet]. 2021 Sept;33(3):287–302. Available from: ​h​t​t​p​​s​:​/​​/​l​i​n​​k​
i​​n​g​h​​u​b​.​​e​l​s​e​​v​i​​e​r​.​​c​o​m​​/​r​e​t​​r​i​​e​v​e​​/​p​i​​i​/​S​0​​8​9​​9​5​8​8​5​2​1​0​0​0​2​9​0. cited 17 Aug 2025.

13.	 Fleming S, Thompson M, Stevens R, Heneghan C, Plüddemann A, Macono-
chie I et al. Normal ranges of heart rate and respiratory rate in children from 
birth to 18 years of age: a systematic review of observational studies. The 
Lancet [Internet]. 2011 Mar;377(9770):1011–8. Available from: ​h​t​t​p​​s​:​/​​/​l​i​n​​k​i​​n​g​h​​
u​b​.​​e​l​s​e​​v​i​​e​r​.​​c​o​m​​/​r​e​t​​r​i​​e​v​e​​/​p​i​​i​/​S​0​​1​4​​0​6​7​3​6​1​0​6​2​2​2​6​X. cited 17 Aug 2025.

14.	 Bae W, Kim K, Lee B. Distribution of pediatric vital signs in the emergency 
department: a nationwide study. Children [Internet]. 2020 Aug 5;7(8):89. 
Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​m​​d​p​i​​.​c​o​​m​/​2​2​​2​7​​-​9​0​6​7​/​7​/​8​/​8​9.

15.	 Kazmierczak M, Thompson AD, DePiero AD, Selbst SM. Outcomes of patients 
discharged from the pediatric emergency department with abnormal vital 
signs. Am J Emerg Med [Internet]. 2022 July;57:76–80. Available from: ​h​t​t​p​​s​:​/​​/​
l​i​n​​k​i​​n​g​h​​u​b​.​​e​l​s​e​​v​i​​e​r​.​​c​o​m​​/​r​e​t​​r​i​​e​v​e​​/​p​i​​i​/​S​0​​7​3​​5​6​7​5​7​2​2​0​0​2​5​1​0. cited 17 Aug 2025.

16.	 Vukovic AA, Berry C, Johnson DP. A Discharge vital sign documentation 
improvement initiative in the pediatric emergency department. Pediatrics 
[Internet]. 2019 Sept 1;144(3):e20190436. Available from: ​h​t​t​p​​s​:​/​​/​p​u​b​​l​i​​c​a​t​​i​o​n​​s​.​
a​a​​p​.​​o​r​g​​/​p​e​​d​i​a​t​​r​i​​c​s​/​​a​r​t​​i​c​l​e​​/​1​​4​4​/​​3​/​e​​2​0​1​9​​0​4​​3​6​/​​3​8​4​​5​9​/​A​​-​D​​i​s​c​​h​a​r​​g​e​-​V​​i​t​​a​l​-​​S​i​g​​n​-​D​
o​​c​u​​m​e​n​t​a​t​i​o​n​-​I​m​p​r​o​v​e​m​e​n​t. cited 17 Aug 2025.

17.	 Hodgson N, Poterack K, Mi L, Traub S. Association of vital signs and process 
outcomes in emergency department patients. West J Emerg Med [Internet]. 
2019 Apr 16;20(3):433–7. Available from: ​h​t​t​p​​:​/​/​​e​s​c​h​​o​l​​a​r​s​​h​i​p​​.​o​r​g​​/​u​​c​/​i​t​e​m​/​3​n​9​
0​q​6​9​w. cited 17 Aug 2025.

18.	 Remick K, Gausche-Hill M, Joseph MM, Brown K, Snow SK, Wright JL et al. 
Pediatric readiness in the emergency department. Pediatrics [Internet]. 2018 
Nov 1;142(5):e20182459. Available from: ​h​t​t​p​​s​:​/​​/​p​u​b​​l​i​​c​a​t​​i​o​n​​s​.​a​a​​p​.​​o​r​g​​/​p​e​​d​i​a​t​​r​i​​
c​s​/​​a​r​t​​i​c​l​e​​/​1​​4​2​/​​5​/​e​​2​0​1​8​​2​4​​5​9​/​​3​8​6​​0​8​/​P​​e​d​​i​a​t​​r​i​c​​-​R​e​a​​d​i​​n​e​s​​s​-​i​​n​-​t​h​​e​-​​E​m​e​r​g​e​n​c​y​-​D​
e​p​a​r​t​m​e​n​t. cited 17 Aug 2025.

19.	 Sepanski RJ, Godambe SA, Zaritsky AL. Pediatric vital sign distribution derived 
from a multi-centered emergency department database. Front Pediatr [Inter-
net]. 2018 Mar 23;6:66. cited 17 Aug 2025. 

20.	 Ramgopal S, Horvat CM, Macy ML, Cash RE, Sepanski RJ, Martin-Gill C. Estab-
lishing outcome‐driven vital signs ranges for children in the prehospital set-
ting. Acad Emerg Med [Internet]. 2024 Mar [cited 2025 Aug 11];31(3):230–8. 
Available from: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​1​1​​/​a​​c​e​m​.​1​4​8​3​7. cited 17 Aug 2025.

21.	 Winter J, Waxman M, Watterman G, Ata A, Frisch A, Collins K et al. Pediatric 
patients discharged from the emergency department with abnormal vital 
signs. West J Emerg Med [Internet]. 2017 Aug 7;18(5):878–83. Available from: ​
h​t​t​p​​:​/​/​​e​s​c​h​​o​l​​a​r​s​​h​i​p​​.​o​r​g​​/​u​​c​/​i​t​e​m​/​1​3​6​2​q​6​c​4. cited 11 Aug 2025.

22.	 Quinten VM, Van Meurs M, Olgers TJ, Vonk JM, Ligtenberg JJM, Ter Maaten JC. 
Repeated vital sign measurements in the emergency department predict 
patient deterioration within 72 hours: a prospective observational study. 
Scand J Trauma Resusc Emerg Med [Internet]. 2018 Dec;26(1):57. Available 
from: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​8​6​​/​s​​1​3​0​4​9​-​0​1​8​-​0​5​2​5​-​y. cited 17 Aug 2025.

23.	 Agulnik A, Gossett J, Carrillo AK, Kang G, Morrison RR. Abnormal vital signs 
predict critical deterioration in hospitalized pediatric hematology-oncology 
and post-hematopoietic cell transplant patients. Front Oncol [Internet]. 2020 
Mar 24;10:354. Available from: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​3​3​8​9​​/​f​​o​n​c​​.​2​0​​2​0​.​0​​0​3​​5​4​/​f​u​l​l. 
cited 17 Aug 2025.

24.	 Wilson PM, Florin TA, Huang G, Fenchel M, Mittiga MR. Is Tachycardia at 
discharge from the pediatric emergency department a cause for con-
cern? a nonconcurrent cohort study. Ann Emerg Med [Internet]. 2017 
Sept;70(3):268–276.e2. Available from: ​h​t​t​p​​s​:​/​​/​l​i​n​​k​i​​n​g​h​​u​b​.​​e​l​s​e​​v​i​​e​r​.​​c​o​m​​/​r​e​t​​r​i​​e​v​
e​​/​p​i​​i​/​S​0​​1​9​​6​0​6​4​4​1​6​3​1​5​5​0​5. cited 11 Aug 2025.

25.	 Samuels M, Wieteska S, editors. Advanced paediatric life support: a practical 
approach to emergencies [Internet]. 1st ed. Wiley; 2016. Available from: ​h​t​t​p​​s​:​
/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​0​2​​/​9​​7​8​1​1​1​9​2​4​1​2​2​5. cited 11 Aug 2025.

26.	 Brekke IJ, Puntervoll LH, Pedersen PB, Kellett J, Brabrand M, PLOS ONE [Inter-
net]. The value of vital sign trends in predicting and monitoring clinical dete-
rioration: a systematic review. Patman S, editor. 2019 Jan 15;14(1):e0210875. 
Available from: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​3​7​1​​/​j​​o​u​r​​n​a​l​​.​p​o​n​​e​.​​0​2​1​0​8​7​5. cited 17 Aug 
2025.

27.	 Maconochie IK, Aickin R, Hazinski MF, Atkins DL, Bingham R, Couto TB et al. 
Pediatric Life support: 2020 international consensus on cardiopulmonary 
resuscitation and emergency cardiovascular care science with treatment 
recommendations. circulation [Internet]. 2020 Oct 20;142(16). Available from: ​
h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​6​1​​/​C​​I​R​.​​0​0​0​​0​0​0​0​​0​0​​0​0​0​0​8​9​4 cited 17 Aug 2025.

28.	 Kowalski RL, Lee L, Spaeder MC, Moorman JR, Keim-Malpass J. Accuracy and 
monitoring of pediatric early warning score (pews) scores prior to emergent 
pediatric intensive care unit (icu) transfer: retrospective analysis. JMIR Pediatr 

https://doi.org/10.1183/13993003.01345-2024
https://doi.org/10.1183/13993003.01345-2024
http://www.ncbi.nlm.nih.gov/books/NBK539840/
http://www.ncbi.nlm.nih.gov/books/NBK539840/
https://linkinghub.elsevier.com/retrieve/pii/0378378280900183
https://linkinghub.elsevier.com/retrieve/pii/0378378280900183
https://doi.org/10.4103/ija.IJA_490_19
https://doi.org/10.4103/ija.IJA_490_19
https://www.rch.org.au/trauma-service/manual/how-are-children-different/
https://www.rch.org.au/trauma-service/manual/how-are-children-different/
https://www.childrens.health.qld.gov.au/__data/assets/pdf_file/0031/179725/how-children-are-different-anatomical-and-physiological-differences.pdf
https://www.childrens.health.qld.gov.au/__data/assets/pdf_file/0031/179725/how-children-are-different-anatomical-and-physiological-differences.pdf
https://www.childrens.health.qld.gov.au/__data/assets/pdf_file/0031/179725/how-children-are-different-anatomical-and-physiological-differences.pdf
http://www.nap.edu/catalog/18314
https://doi.org/10.1161/JAHA.120.017405
https://www.healthychildren.org/English/health-issues/conditions/heart/Pages/Irregular-Heartbeat-Arrhythmia.aspx
https://www.healthychildren.org/English/health-issues/conditions/heart/Pages/Irregular-Heartbeat-Arrhythmia.aspx
https://linkinghub.elsevier.com/retrieve/pii/S1084275603001453
https://linkinghub.elsevier.com/retrieve/pii/S1084275603001453
https://www.nature.com/articles/s41372-020-0616-2
https://www.nature.com/articles/s41372-020-0616-2
https://linkinghub.elsevier.com/retrieve/pii/S0899588521000290
https://linkinghub.elsevier.com/retrieve/pii/S0899588521000290
https://linkinghub.elsevier.com/retrieve/pii/S014067361062226X
https://linkinghub.elsevier.com/retrieve/pii/S014067361062226X
https://www.mdpi.com/2227-9067/7/8/89
https://linkinghub.elsevier.com/retrieve/pii/S0735675722002510
https://linkinghub.elsevier.com/retrieve/pii/S0735675722002510
https://publications.aap.org/pediatrics/article/144/3/e20190436/38459/A-Discharge-Vital-Sign-Documentation-Improvement
https://publications.aap.org/pediatrics/article/144/3/e20190436/38459/A-Discharge-Vital-Sign-Documentation-Improvement
https://publications.aap.org/pediatrics/article/144/3/e20190436/38459/A-Discharge-Vital-Sign-Documentation-Improvement
http://escholarship.org/uc/item/3n90q69w
http://escholarship.org/uc/item/3n90q69w
https://publications.aap.org/pediatrics/article/142/5/e20182459/38608/Pediatric-Readiness-in-the-Emergency-Department
https://publications.aap.org/pediatrics/article/142/5/e20182459/38608/Pediatric-Readiness-in-the-Emergency-Department
https://publications.aap.org/pediatrics/article/142/5/e20182459/38608/Pediatric-Readiness-in-the-Emergency-Department
https://doi.org/10.1111/acem.14837
http://escholarship.org/uc/item/1362q6c4
http://escholarship.org/uc/item/1362q6c4
https://doi.org/10.1186/s13049-018-0525-y
https://doi.org/10.3389/fonc.2020.00354/full
https://linkinghub.elsevier.com/retrieve/pii/S0196064416315505
https://linkinghub.elsevier.com/retrieve/pii/S0196064416315505
https://doi.org/10.1002/9781119241225
https://doi.org/10.1002/9781119241225
https://doi.org/10.1371/journal.pone.0210875
https://doi.org/10.1161/CIR.0000000000000894
https://doi.org/10.1161/CIR.0000000000000894


Page 10 of 11Alsabri et al. International Journal of Emergency Medicine            (2026) 19:6 

Parent [Internet]. 2021 Feb 22;4(1):e25991. Available from: ​h​t​t​p​​:​/​/​​p​e​d​i​​a​t​​r​i​c​​s​.​j​​m​
i​r​.​​o​r​​g​/​2​0​2​1​/​1​/​e​2​5​9​9​1​/. cited 17 Aug 2025.

29.	 Bennett TD. Pediatric deterioration detection using machine learning. Pediatr 
Crit Care Med [Internet]. 2023 Apr;24(4):347–9. Available from: ​h​t​t​p​s​:​/​/​j​o​u​r​n​a​l​
s​.​l​w​w​.​c​o​m​/​​​​ cited 17 Aug 2025.

30.	 Shah N, Arshad A, Mazer MB, Carroll CL, Shein SL, Remy KE. The use of 
machine learning and artificial intelligence within pediatric critical care. 
Pediatr Res [Internet]. 2023 Jan;93(2):405–12. Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​a​t​
u​​r​e​.​​c​o​m​/​​a​r​​t​i​c​​l​e​s​​/​s​4​1​​3​9​​0​-​0​2​2​-​0​2​3​8​0​-​6. cited 17 Aug 2025.

31.	 Lambert V, Matthews A, MacDonell R, Fitzsimons J. Paediatric early warning 
systems for detecting and responding to clinical deterioration in children: 
a systematic review. BMJ Open [Internet]. 2017 Mar;7(3):e014497. Available 
from: ​h​t​t​p​​s​:​/​​/​b​m​j​​o​p​​e​n​.​​b​m​j​​.​c​o​m​​/​l​​o​o​k​u​p​/​d​o​i​/ cited 17 Aug 2025.

32.	 Khanna AK, Hoppe P, Saugel B. Automated continuous noninvasive ward 
monitoring: future directions and challenges. Crit Care [Internet]. 2019 
Dec;23(1):194. Available from: ​h​t​t​p​​s​:​/​​/​c​c​f​​o​r​​u​m​.​​b​i​o​​m​e​d​c​​e​n​​t​r​a​l​.​c​o​m​/​a​r​t​i​c​l​e​s​/ 
cited 17 Aug 2025.

33.	 Turan A, Chang C, Cohen B, Saasouh W, Essber H, Yang D et al. Incidence, 
severity, and detection of blood pressure perturbations after abdominal sur-
gery: a prospective blinded observational study. Anesthesiology [Internet]. 
2019 Apr;130(4):550–9. Available from: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​9​7​​/​A​​L​N​.​​0​0​0​​0​0​0​0​​
0​0​​0​0​0​2​6​2​6. cited 17 Aug 2025.

34.	 Khanna AK, Bergese SD, Jungquist CR, Morimatsu H, Uezono S, Lee S et al. 
Prediction of opioid-induced respiratory depression on inpatient wards using 
continuous capnography and oximetry: an international prospective, obser-
vational trial. Anesth Analg [Internet]. 2020 Oct;131(4):1012–24. Available 
from: https://journals.lww.com/ cited 17 Aug 2025.

35.	 Duus CL, Aasvang EK, Olsen RM, Sørensen HBD, Jørgensen LN, Achiam MP 
et al. Continuous vital sign monitoring after major abdominal surgery—
quantification of micro events. Acta Anaesthesiol Scand [Internet]. 2018 
Oct;62(9):1200–8. Available from: ​h​t​t​p​​s​:​/​​/​o​n​l​​i​n​​e​l​i​​b​r​a​​r​y​.​w​​i​l​​e​y​.​c​o​m​/​d​o​i​/ cited 17 
Aug 2025.

36.	 Jones D, Mitchell I, Hillman K, Story D. Defining clinical deterioration. Resusci-
tation [Internet]. 2013 Aug;84(8):1029–34. Available from: ​h​t​t​p​​s​:​/​​/​l​i​n​​k​i​​n​g​h​​u​b​.​​e​
l​s​e​​v​i​​e​r​.​​c​o​m​​/​r​e​t​​r​i​​e​v​e​​/​p​i​​i​/​S​0​​3​0​​0​9​5​7​2​1​3​0​0​0​4​4​0 cited 17 Aug 2025.

37.	 Chen L, Ogundele O, Clermont G, Hravnak M, Pinsky MR, Dubrawski AW. 
Dynamic and personalized risk forecast in step-down units. implications for 
monitoring paradigms. Ann Am Thorac Soc [Internet]. 2017 Mar;14(3):384–91. 
Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​a​​t​s​j​​o​u​r​​n​a​l​s​​.​o​​r​g​/​d​o​i​/ cited 17 Aug 2025.

38.	 Krbec BA, Zhang X, Chityat I, Brady-Mine A, Linton E, Copeland D et al. Emerg-
ing innovations in neonatal monitoring: a comprehensive review of progress 
and potential for non-contact technologies. Front Pediatr [Internet]. 2024 Oct 
14;12:1442753. Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​f​​r​o​n​​t​i​e​​r​s​i​n​​.​o​​r​g​/​a​r​t​i​c​l​e​s​/ cited 17 
Aug 2025.

39.	 Garbern SC, Mamun GMS, Shaima SN, Hakim N, Wegerich S, Alla S et al. A 
novel digital health approach to improving global pediatric sepsis care in 
Bangladesh using wearable technology and machine learning. Shafaat A, edi-
tor. PLOS Digit Health [Internet]. 2024 Oct 30;3(10):e0000634. Available from: ​
h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​3​7​1​​/​j​​o​u​r​​n​a​l​​.​p​d​i​​g​.​​0​0​0​0​6​3​4 cited 17 Aug 2025.

40.	 Villarroel M, Chaichulee S, Jorge J, Davis S, Green G, Arteta C et al. Non-con-
tact physiological monitoring of preterm infants in the Neonatal Intensive 
Care Unit. Npj Digit Med [Internet]. 2019 Dec 12;2(1):128. Available from: ​h​t​t​p​​
s​:​/​​/​w​w​w​​.​n​​a​t​u​​r​e​.​​c​o​m​/​​a​r​​t​i​c​​l​e​s​​/​s​4​1​​7​4​​6​-​0​1​9​-​0​1​9​9​-​5. cited 17 Aug 2025.

41.	 Harford M, Catherall J, Gerry S, Young J, Watkinson P. Availability and per-
formance of image-based, non-contact methods of monitoring heart rate, 
blood pressure, respiratory rate, and oxygen saturation: a systematic review. 
Physiol Meas [Internet]. 2019 June 1;40(6):06TR01. Available from: ​h​t​t​p​s​:​/​/​i​o​p​s​
c​i​e​n​c​e​.​i​o​p​.​o​r​g​​​​​. cited 17 Aug 2025.

42.	 ResearchGate [Internet]. Enhanced remote monitoring capabilities through 
wireless systems. Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​r​​e​s​e​​a​r​c​​h​g​a​t​​e​.​​n​e​t​​/​p​u​​b​l​i​c​​a​t​​i​o​n​​/​3​
8​​7​1​3​0​​9​6​​8​_​E​​n​h​a​​n​c​e​d​​_​R​​e​m​o​​t​e​_​​M​o​n​i​​t​o​​r​i​n​​g​_​C​​a​p​a​b​​i​l​​i​t​i​​e​s​_​​t​h​r​o​​u​g​​h​_​W​i​r​e​l​e​s​s​_​S​
y​s​t​e​m​s cited 17 Aug 2025.

43.	 Bonafide CP, Lin R, Zander M, Graham CS, Paine CW, Rock W et al. Associa-
tion between exposure to nonactionable physiologic monitor alarms 
and response time in a children’s hospital. J Hosp Med [Internet]. 2015 
June;10(6):345–51. Available from: ​h​t​t​p​​s​:​/​​/​s​h​m​​p​u​​b​l​i​​c​a​t​​i​o​n​s​​.​o​​n​l​i​​n​e​l​​i​b​r​a​​r​y​​.​w​i​l​e​y​
.​c​o​m​/​d​o​i​/ cited 17 Aug 2025.

44.	 Khanna AK, Flick M, Saugel B. Continuous vital sign monitoring of patients 
recovering from surgery on general wards: a narrative review. Br J Anaesth 
[Internet]. 2025 Feb;134(2):501–9. Available from: ​h​t​t​p​​s​:​/​​/​l​i​n​​k​i​​n​g​h​​u​b​.​​e​l​s​e​​v​i​​e​r​.​​c​
o​m​​/​r​e​t​​r​i​​e​v​e​​/​p​i​​i​/​S​0​​0​0​​7​0​9​1​2​2​4​0​0​7​0​9​8. cited 17 Aug 2025.

45.	 Areia C, Biggs C, Santos M, Thurley N, Gerry S, Tarassenko L et al. The impact 
of wearable continuous vital sign monitoring on deterioration detection and 
clinical outcomes in hospitalised patients: a systematic review and meta-
analysis. Crit Care [Internet]. 2021 Dec;25(1):351. Available from: ​h​t​t​p​​s​:​/​​/​c​c​f​​o​r​​u​
m​.​​b​i​o​​m​e​d​c​​e​n​​t​r​a​​l​.​c​​o​m​/​a​​r​t​​i​c​l​​e​s​/​​h​​t​t​​p​s​:​​/​/​d​​o​i​.​o​​r​g​​/​1​0​​.​1​1​​8​6​/​s​​1​3​​0​5​4​-​0​2​1​-​0​3​7​6​6​-​4. 
cited 17 Aug 2025.

46.	 Ganatra HA. Machine Learning in Pediatric Healthcare: current trends, chal-
lenges, and future directions. J Clin Med [Internet]. 2025 Jan 26;14(3):807. 
Available from: https://www.mdpi.com/. cited 17 Aug 2025.

47.	 Spaeder MC, Moorman JR, Tran CA, Keim-Malpass J, Zschaebitz JV, Lake DE et 
al. Predictive analytics in the pediatric intensive care unit for early identifica-
tion of sepsis: capturing the context of age. Pediatr Res [Internet]. 2019 
Nov;86(5):655–61. Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​a​t​u​​r​e​.​​c​o​m​/​​a​r​​t​i​c​​l​e​s​​/​s​4​1​​3​9​​0​-​0​
1​9​-​0​5​1​8​-​1. cited 17 Aug 2025.

48.	 Gomes S, Dhanoa H, Assheton P, Carr E, Roland D, Deep A. Predicting 
sepsis treatment decisions in the paediatric emergency department using 
machine learning: the AiSEPTRON study. BMJ Paediatr Open [Internet]. 2025 
May;9(1):e003273. Available from: ​h​t​t​p​​s​:​/​​/​b​m​j​​p​a​​e​d​s​​o​p​e​​n​.​b​m​​j​.​​c​o​m​/​l​o​o​k​u​p​/​d​
o​i​/. cited 17 Aug 2025.

49.	 Adams R, Henry KE, Sridharan A, Soleimani H, Zhan A, Rawat N et al. Prospec-
tive, multi-site study of patient outcomes after implementation of the TREWS 
machine learning-based early warning system for sepsis. Nat Med [Internet]. 
2022 July;28(7):1455–60. Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​a​t​u​​r​e​.​​c​o​m​/​​a​r​​t​i​c​​l​e​s​​/​s​4​1​​
5​9​​1​-​0​2​2​-​0​1​8​9​4​-​0. cited 17 Aug 2025.

50.	 Topjian AA, Raymond TT, Atkins D, Chan M, Duff JP, Joyner BL et al. Part 4: 
pediatric basic and advanced life support: 2020 american heart association 
guidelines for cardiopulmonary resuscitation and emergency cardiovascular 
care. Circulation [Internet]. 2020 Oct 20;142(16). Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​
a​​h​a​j​​o​u​r​​n​a​l​s​​.​o​​r​g​/​d​o​i​/. cited 17 Aug 2025.

51.	 Choi A, Kim C, Ryoo J, Jeon J, Cho S, Lee D et al. A pediatric emergency 
prediction model using natural language process in the pediatric emergency 
department. Sci Rep [Internet]. 2025 Jan 28;15(1):3574. Available from: ​h​t​t​p​​s​:​/​​
/​w​w​w​​.​n​​a​t​u​​r​e​.​​c​o​m​/​​a​r​​t​i​c​​l​e​s​​/​s​4​1​​5​9​​8​-​0​2​5​-​8​7​1​6​1​-​x. cited 17 Aug 2025.

52.	 Yoon SH, Shin SJ, Kim H, Roh YH. Shock index and shock index, pediatric 
age-adjusted as predictors of mortality in pediatric patients with trauma: A 
systematic review and meta-analysis. Wampler D, editor. PLOS ONE [Internet]. 
2024 July 18;19(7):e0307367. Available from: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​3​7​1​​/​j​​o​u​r​​n​a​l​​.​p​
o​n​​e​.​​0​3​0​7​3​6​7. cited 17 Aug 2025.

53.	 Patil S. ROX index a promising noninvasive index. Chest. 2021;160(4):A1140.​
h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​c​h​​e​s​t​​.​2​0​2​​1​.​​0​7​.​1​0​4​4. Epub 2021 Oct 11. PMCID: 
PMC8503091.

54.	 Suttipongkaset P, Chaikittisilpa N, Vavilala MS, Lele AV, Watanitanon A, Chan-
dee T et al. Blood pressure thresholds and mortality in pediatric traumatic 
brain injury. pediatrics [Internet]. 2018 Aug 1;142(2):e20180594. Available 
from: ​h​t​t​p​​s​:​/​​/​p​u​b​​l​i​​c​a​t​​i​o​n​​s​.​a​a​​p​.​​o​r​g​​/​p​e​​d​i​a​t​​r​i​​c​s​/​​a​r​t​​i​c​l​e​​/​1​​4​2​/​​2​/​e​​2​0​1​8​​0​5​​9​4​/​​3​7​5​​7​8​
/​B​​l​o​​o​d​-​​P​r​e​​s​s​u​r​​e​-​​T​h​r​e​s​h​o​l​d​s​-​a​n​d​-​M​o​r​t​a​l​i​t​y​-​i​n. cited 11 Aug 2025.

55.	 Wittmann S, Jorgensen R, Oostenbrink R, Moll H, Herberg J, Levin M et al. 
Heart rate and respiratory rate in predicting risk of serious bacterial infection 
in febrile children given antipyretics: prospective observational study. Eur J 
Pediatr [Internet]. 2023 Mar 3;182(5):2205–14. Available from: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​
1​0​.​​1​0​0​7​​/​s​​0​0​4​3​1​-​0​2​3​-​0​4​8​8​4​-​7. cited 17 Aug 2025.

56.	 Kim L, Yun KS, Park JD, Lee B. Effect of Diurnal variation of heart rate and 
respiratory rate on activation of rapid response system and clinical outcome 
in hospitalized children. Children [Internet]. 2023 Jan 14;10(1):167. Available 
from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​m​​d​p​i​​.​c​o​​m​/​2​2​​2​7​​-​9​0​6​7​/​1​0​/​1​/​1​6​7. cited 11 Aug 2025.

57.	 Roland D, Horeczko T, Snelson E. Not too sick, not too well: reducing the 
diagnostic void in pediatric emergency medicine. Pediatr Res [Internet]. 2024 
Nov;96(6):1519–25. Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​a​t​u​​r​e​.​​c​o​m​/​​a​r​​t​i​c​​l​e​s​​/​s​4​1​​3​9​​
0​-​0​2​4​-​0​3​5​9​8​-​2. cited 11 Aug 2025.

58.	 Cutillo CM, Sharma KR, Foschini L, Kundu S, Mackintosh M, Mandl KD et 
al. Machine intelligence in healthcare—perspectives on trustworthiness, 
explainability, usability, and transparency. Npj Digit Med [Internet]. 2020 Mar 
26;3(1):47. Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​a​t​u​​r​e​.​​c​o​m​/​​a​r​​t​i​c​​l​e​s​​/​s​4​1​​7​4​​6​-​0​2​0​-​0​2​5​
4​-​2. cited 11 Aug 2025.

59.	 McGillion MH, Duceppe E, Allan K, Marcucci M, Yang S, Johnson AP et al. Post-
operative remote automated monitoring: need for and state of the science. 
Can J Cardiol [Internet]. 2018 July;34(7):850–62. Available from: ​h​t​t​p​​s​:​/​​/​l​i​n​​k​i​​n​g​
h​​u​b​.​​e​l​s​e​​v​i​​e​r​.​​c​o​m​​/​r​e​t​​r​i​​e​v​e​​/​p​i​​i​/​S​0​​8​2​​8​2​8​2​X​1​8​3​0​3​1​9​2. cited 17 Aug 2025.

60.	 Weenk M, Van Goor H, Frietman B, Engelen LJ, Van Laarhoven CJ, Smit J et al. 
Continuous monitoring of vital signs using wearable devices on the general 
ward: pilot study. JMIR MHealth UHealth [Internet]. 2017 July 5;5(7):e91. Avail-
able from: ​h​t​t​p​​:​/​/​​m​h​e​a​​l​t​​h​.​j​​m​i​r​​.​o​r​g​​/​2​​0​1​7​/​7​/​e​9​1​/. cited 11 Aug 2025.

http://pediatrics.jmir.org/2021/1/e25991/
http://pediatrics.jmir.org/2021/1/e25991/
https://journals.lww.com/
https://journals.lww.com/
https://www.nature.com/articles/s41390-022-02380-6
https://www.nature.com/articles/s41390-022-02380-6
https://bmjopen.bmj.com/lookup/doi/
https://ccforum.biomedcentral.com/articles/
https://doi.org/10.1097/ALN.0000000000002626
https://doi.org/10.1097/ALN.0000000000002626
https://journals.lww.com/
https://onlinelibrary.wiley.com/doi/
https://linkinghub.elsevier.com/retrieve/pii/S0300957213000440
https://linkinghub.elsevier.com/retrieve/pii/S0300957213000440
https://www.atsjournals.org/doi/
https://www.frontiersin.org/articles/
https://doi.org/10.1371/journal.pdig.0000634
https://doi.org/10.1371/journal.pdig.0000634
https://www.nature.com/articles/s41746-019-0199-5
https://www.nature.com/articles/s41746-019-0199-5
https://iopscience.iop.org
https://iopscience.iop.org
https://www.researchgate.net/publication/387130968_Enhanced_Remote_Monitoring_Capabilities_through_Wireless_Systems
https://www.researchgate.net/publication/387130968_Enhanced_Remote_Monitoring_Capabilities_through_Wireless_Systems
https://www.researchgate.net/publication/387130968_Enhanced_Remote_Monitoring_Capabilities_through_Wireless_Systems
https://shmpublications.onlinelibrary.wiley.com/doi/
https://shmpublications.onlinelibrary.wiley.com/doi/
https://linkinghub.elsevier.com/retrieve/pii/S0007091224007098
https://linkinghub.elsevier.com/retrieve/pii/S0007091224007098
https://ccforum.biomedcentral.com/articles/
https://ccforum.biomedcentral.com/articles/
https://doi.org/10.1186/s13054-021-03766-4
https://www.mdpi.com/
https://www.nature.com/articles/s41390-019-0518-1
https://www.nature.com/articles/s41390-019-0518-1
https://bmjpaedsopen.bmj.com/lookup/doi/
https://bmjpaedsopen.bmj.com/lookup/doi/
https://www.nature.com/articles/s41591-022-01894-0
https://www.nature.com/articles/s41591-022-01894-0
https://www.ahajournals.org/doi/
https://www.ahajournals.org/doi/
https://www.nature.com/articles/s41598-025-87161-x
https://www.nature.com/articles/s41598-025-87161-x
https://doi.org/10.1371/journal.pone.0307367
https://doi.org/10.1371/journal.pone.0307367
https://doi.org/10.1016/j.chest.2021.07.1044
https://doi.org/10.1016/j.chest.2021.07.1044
https://publications.aap.org/pediatrics/article/142/2/e20180594/37578/Blood-Pressure-Thresholds-and-Mortality-in
https://publications.aap.org/pediatrics/article/142/2/e20180594/37578/Blood-Pressure-Thresholds-and-Mortality-in
https://doi.org/10.1007/s00431-023-04884-7
https://doi.org/10.1007/s00431-023-04884-7
https://www.mdpi.com/2227-9067/10/1/167
https://www.nature.com/articles/s41390-024-03598-2
https://www.nature.com/articles/s41390-024-03598-2
https://www.nature.com/articles/s41746-020-0254-2
https://www.nature.com/articles/s41746-020-0254-2
https://linkinghub.elsevier.com/retrieve/pii/S0828282X18303192
https://linkinghub.elsevier.com/retrieve/pii/S0828282X18303192
http://mhealth.jmir.org/2017/7/e91/


Page 11 of 11Alsabri et al. International Journal of Emergency Medicine            (2026) 19:6 

61.	 Hravnak M, Pellathy T, Chen L, Dubrawski A, Wertz A, Clermont G et al. A call 
to alarms: Current state and future directions in the battle against alarm 
fatigue. J Electrocardiol [Internet]. 2018 Nov;51(6):S44–8. Available from: ​h​t​t​
p​​s​:​/​​/​l​i​n​​k​i​​n​g​h​​u​b​.​​e​l​s​e​​v​i​​e​r​.​​c​o​m​​/​r​e​t​​r​i​​e​v​e​​/​p​i​​i​/​S​0​​0​2​​2​0​7​3​6​1​8​3​0​4​7​2​2. cited 17 Aug 
2025.

62.	 Nguyen TM, Poh KL, Chong SL, Loh SW, Heng YCK, Lee JH. The use of proba-
bilistic graphical models in pediatric sepsis: a feasibility and scoping review. 
Transl Pediatr. 2023;12(11):2074–89.

63.	 McGrath S, Blike G, Gale B, Mossburg S. Surveillance monitoring to tmprove 
patient safety in acute hospital care units. Surveill Monit Improve Patient Saf 
Acute Hosp Care Units [Internet]. 2023 Apr 26; Available from: ​h​t​t​p​​s​:​/​​/​p​s​n​​e​t​​.​
a​h​​r​q​.​​g​o​v​/​​p​e​​r​s​p​​e​c​t​​i​v​e​/​​s​u​​r​v​e​​i​l​l​​a​n​c​e​​-​m​​o​n​i​​t​o​r​​i​n​g​-​​i​m​​p​r​o​​v​e​-​​p​a​t​i​​e​n​​t​-​s​​a​f​e​​t​y​-​a​​c​u​​t​
e​-​h​o​s​p​i​t​a​l​-​c​a​r​e​-​u​n​i​t​s. cited 17 Aug 2025.

64.	 Celi LA, Cellini J, Charpignon ML, Dee EC, Dernoncourt F, Eber R et al. Sources 
of bias in artificial intelligence that perpetuate healthcare disparities—A 
global review. Fraser HS, editor. PLOS Digit Health [Internet]. 2022 Mar 
31;1(3):e0000022. Available from: ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​3​7​1​​/​j​​o​u​r​​n​a​l​​.​p​d​i​​g​.​​0​0​0​0​0​2​
2. cited 17 Aug 2025.

65.	 Muralidharan V, Burgart A, Daneshjou R, Rose S. Recommendations for the 
use of pediatric data in artificial intelligence and machine learning ACCEPT-
AI. Npj Digit Med [Internet]. 2023 Sept 6;6(1):166. Available from: ​h​t​t​p​​s​:​/​​/​w​w​w​​
.​n​​a​t​u​​r​e​.​​c​o​m​/​​a​r​​t​i​c​​l​e​s​​/​s​4​1​​7​4​​6​-​0​2​3​-​0​0​8​9​8​-​5. cited 17 Aug 2025.

66.	 Chng SY, Tern MJW, Lee YS, Cheng LTE, Kapur J, Eriksson JG et al. Ethical 
considerations in AI for child health and recommendations for child-centered 
medical AI. Npj Digit Med [Internet]. 2025 Mar 10;8(1):152. Available from: ​h​t​t​
p​​s​:​/​​/​w​w​w​​.​n​​a​t​u​​r​e​.​​c​o​m​/​​a​r​​t​i​c​​l​e​s​​/​s​4​1​​7​4​​6​-​0​2​5​-​0​1​5​4​1​-​1. cited 17 Aug 2025.

67.	 Ramgopal S, Martin-Gill C, Michelson KA. Pediatric vital signs documenta-
tion in a nationally representative us emergency department sample. Hosp 
Pediatr [Internet]. 2024 July 1;14(7):532–40. Available from: ​h​t​t​p​​s​:​/​​/​p​u​b​​l​i​​c​a​t​​i​o​
n​​s​.​a​a​​p​.​​o​r​g​​/​h​o​​s​p​i​t​​a​l​​p​e​d​​i​a​t​​r​i​c​s​​/​a​​r​t​i​​c​l​e​​/​1​4​/​​7​/​​5​3​2​​/​1​9​​7​5​3​1​​/​P​​e​d​i​​a​t​r​​i​c​-​V​​i​t​​a​l​-​S​i​g​n​s​-​D​
o​c​u​m​e​n​t​a​t​i​o​n​-​i​n​-​a. cited 11 Aug 2025.

68.	 Rosman SL, Daneau Briscoe C, Rutare S, McCall N, Monuteaux MC, Unyu-
zumutima J et al. The impact of pediatric early warning score and rapid 
response algorithm training and implementation on interprofessional col-
laboration in a resource-limited setting. Cook R, editor. PLOS ONE [Internet]. 
2022 June 22;17(6):e0270253. Available from: ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​​o​r​​g​​/​​1​0​​.​1​3​​​7​1​​/​j​o​​u​r​​n​​a​l​.​​
p​​o​​n​e​.​0​2​7​0​2​5​3. cited 11 Aug 2025.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://linkinghub.elsevier.com/retrieve/pii/S0022073618304722
https://linkinghub.elsevier.com/retrieve/pii/S0022073618304722
https://psnet.ahrq.gov/perspective/surveillance-monitoring-improve-patient-safety-acute-hospital-care-units
https://psnet.ahrq.gov/perspective/surveillance-monitoring-improve-patient-safety-acute-hospital-care-units
https://psnet.ahrq.gov/perspective/surveillance-monitoring-improve-patient-safety-acute-hospital-care-units
https://doi.org/10.1371/journal.pdig.0000022
https://doi.org/10.1371/journal.pdig.0000022
https://www.nature.com/articles/s41746-023-00898-5
https://www.nature.com/articles/s41746-023-00898-5
https://www.nature.com/articles/s41746-025-01541-1
https://www.nature.com/articles/s41746-025-01541-1
https://publications.aap.org/hospitalpediatrics/article/14/7/532/197531/Pediatric-Vital-Signs-Documentation-in-a
https://publications.aap.org/hospitalpediatrics/article/14/7/532/197531/Pediatric-Vital-Signs-Documentation-in-a
https://publications.aap.org/hospitalpediatrics/article/14/7/532/197531/Pediatric-Vital-Signs-Documentation-in-a
https://doi.org/10.1371/journal.pone.0270253
https://doi.org/10.1371/journal.pone.0270253

	﻿Vital signs as biomarkers of early clinical deterioration in pediatric emergency departments: physiology, interpretation, and innovations: a narrative review
	﻿Abstract
	﻿Introduction and physiology
	﻿Methodology
	﻿Clinical epidemiology and burden
	﻿Epidemiology of abnormal vital signs in peds
	﻿Association with patient outcomes


	﻿Diagnostic challenges and biomarker potential
	﻿Limitations of single‑time‑point vital signs
	﻿Vital sign trends as biomarkers

	﻿Technology and monitoring advances
	﻿Continuous monitoring in PEDs

	﻿Integrating AI and predictive analytics
	﻿Prognostic indicators and scoring systems
	﻿Vital signs in pediatric early warning scores (PEWS)
	﻿Composite vital sign indices

	﻿Guidelines, equity, and future directions
	﻿Implementation considerations

	﻿Future research and equity considerations
	﻿Conclusion
	﻿References


