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ABSTRACT

Background: Early observation of clinical worsening is critical for reducing morbidity and mortality in hospitalized
patients. Conventional early warning scores have limited accuracy, while artificial intelligence—powered early warning
systems (Al-EWS) may offer improved predictive value.

Objectives: To estimate the influence of AI-EWS on case results, involving mortality, intensive care unit (ICU) transfer,
and duration of hospitalization.

Methods: This systematic review and meta-analysis have been done after PRISMA guidelines. Five investigations (2013—
2024) involving 95,162 patients were included. Eligible studies compared Al-EWS with standard care or conventional
scoring systems and reported mortality, ICU transfer, or length of stay. Data extraction was performed independently by 2
reviewers. Risk of bias has been evaluated utilizing the Cochrane instrument for randomized trials and the Newcastle—
Ottawa Scale for observational studies. Random-influences models have been utilized for pooled analysis.

Results: AI-EWS significantly reduced all-cause mortality (OR = 0.76; ninety-five percent confidence interval: 0.63-0.91;
p equal to 0.004). An insignificant variance has been found for ICU transfers (OR = 0.90; ninety-five percent confidence
interval: 0.76-1.07; p equal to 0.22). Duration of stay in the hospital was modestly reduced in Al-EWS groups (MD = —
0.35 days; ninety-five percent confidence interval: —0.68 to —0.01; p = 0.04). Risk of bias was low to moderate, mainly due
to heterogeneity in study design.

Conclusion: AI-EWS are associated with lower mortality and shorter hospital stays compared with conventional systems,
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though their effect on ICU transfers remains uncertain. Larger high-quality trials are required to confirm these findings.
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1. INTRODUCTION

Physiological signs frequently exhibit alterations prior to clinical deterioration. Inability to promptly recognize these
alterations may lead to unfavorable outcomes. The growing focus on Al for forecasting clinical deterioration in hospitalized
cases is significant. Nonetheless, the efficacy of Al-based predictive models & their capacity for improving case prognosis
is still uncertain (1).

Presently, initiatives to identify early clinical deterioration in hospitalized cases rely on artificially computed ratings, which
are sluggish, ineffective, and demand substantial investment. Traditional scoring systems, including NEWS, EWS,
APACHE 11, and APACHE I, often utilize characteristics such as the Glasgow Coma Scale (GCS), age, & critical signs
for assessment upon admission, through alterations in medical status, & at other designated intervals (2).
Empirical facts indicate that these routine scoring systems can partially detect the deterioration of a case's condition.
Nevertheless, the restricted information dimensions & the overgeneralization of clinical scenarios characteristic of
traditional scoring systems may neglect individual variances & the intricacies of clinical settings, hence exhibiting specific
limits (3).

Currently, there is an increasing interest in utilizing Al for the early detection of clinically worsening cases. Machine
learning algorithms, involving support vector machines, logistic regression, and neural networks, have demonstrated
efficacy in certain retrospective research utilizing databases. They exhibit elevated specificity, accuracy, and sensitivity in
forecasting hospitalization length and seven-day/twenty-eight-day death rates (4).

In theory, Al-based models demonstrate superior adaptability and yield more precise expectations compared to traditional
scoring systems. They provide real-time continuous monitoring, permitting the prompt identification of alterations in a
case's state (5).

Al-based models can more precisely detect clinical worsening, facilitating prompt interventions to enhance patient results.
Simultaneously, enhanced sensitivity and specificity might diminish false positives, resulting in a more judicious
distribution of scarce medical resources. Consequently, precisely evaluating the reliability of Al-based models & their
performance disparities relative to conventional scoring systems is essential for validating the feasibility of Al-based
models (6&7).

This research aimed to assess the influence of AI-EWS on patient outcomes, involving death, transfer to the ICU, and
duration of hospital stay.

2. PATIENTS AND METHODS

This meta-analysis was done in line with PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
guidelines. A comprehensive literature search has been made across Web of Science databases, Cochrane Library, Embase,
and PubMed to recognize researches published from 2013 to 2024 that evaluated AI-EWS for predicting clinical
deterioration in hospitalized patients. Search terms included combinations of artificial intelligence, early warning systems,
machine learning, clinical deterioration, mortality, ICU transfer, and length of stay.

3. ELIGIBILITY CRITERIA:

Inclusion criteria: Studies were included if they involved adult inpatients, compared Al- or machine learning—based early
warning models with traditional scoring systems or standard care, and reported at least one relevant outcome: mortality,
ICU transfer, or hospital length of stay. Randomized controlled cohort studies, trials, and pre-post intervention
investigations have been considered. Exclusion criteria: Studies have been excluded if they lacked comparative data,
included pediatric populations, or were reviews, case reports, or editorials.
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Data extraction and quality assessment: Two independent reviewers extracted information on research design,
population characteristics, type of Al model, comparator, and clinical outcomes. Discrepancies were resolved by consensus.
Risk of bias assessment: The methodological quality of the involved investigations was estimated utilizing proven
methodologies suitable for the research design. Randomized controlled trials have been estimated with the Cochrane Risk
of Bias tool, examining areas involving missing outcome data, randomization, allocation concealment, blinding, and
selective reporting. Observational studies have been estimated utilizing the Newcastle—Ottawa Scale (NOS), which assigns
ratings based on participant selection, cohort comparability, and outcome measurement. Studies have been categorized as
having moderate, low, or great risk of bias. Disputes have been settled by dialogue with a 3rd evaluator.

Outcomes: The 17 finding was all-cause in-hospital mortality. 2 results involved intensive care unit transfer and hospital
length of stay.

Statistical analysis

All analysis of data has been conducted utilizing Review Manager version 5.4.1. Copenhagen: The Nordic Cochrane
Centre, The Cochrane Collaboration, 2014. We computed the odds ratio with a ninety-five percent CI for binary outcomes.
We computed the mean difference with a ninety-five percent CI for continuous outcomes. To determine the overall
influence and estimate the 95% CI, we employed a fixed-influence model utilizing the Mantel-Haenszel method in the lack
of heterogeneity among studies. A random-influences model utilizing the DerSimonian and Laird approach was selected.
The heterogeneity among studies has been assessed utilizing the Q statistic and 12 test, which quantify the percentage of
variability in the influence estimates. A P below 0.05 has been deemed significant.

4. RESULTS
5 trials were chosen for the current analysis, encompassing a total of 95,162 cases. The publication years spanned from

2013 to 2024. Four studies have been undertaken in the USA. The baseline characteristics of the investigations included
are illustrated in Table 1.

Study period Sample Size
count .
Author, year | year Study design
ry MLM No-
from | to MLM total
group
group
Nonrandomized Clustered
Levin, (8) 2024 USA | 2019 | 2020 | Pragmatic Clinical Trial 1488 1252 2740
Austr
Bassin, (9) 2023 | alia 2019 | 2021 | Single hospital, pre-post study 14540 14,099 28639
Multicenter clinical intervention
Winslow, (10) | 2022 | USA | 2016 | 2018 | trial 3191 13490 | g
Escobar, (11) | 2020 | USA | 2016 | 2019 | Large, multicenter cohort 13274 23797 37071
Bailey, (12) 2013 | USA | 2007 | 2011 | Randomized, controlled crossover | 9911 10120 20031
study

Table2. Patient's characteristics:
The average age in the investigated groups was 62.3 years, with a vary from twenty-five to seventy-six. Gender was
recorded in two investigations, comprising 29,604 males and 27,498 females, as seen in Table 2.

age (years) Sex

Author, year | MLM group No-MLM group MLM group No-MLM group

mean | SD | total mean | SD | total Male | Female | total Male Female | total

Escobar, (11) | 68.4 | 15.6 | 13274 | 67.2 | 16.2 | 23797 | 7314 | 5960 13274 | 12922 | 10875 23797

Bailey, (12) 57 19.3 | 9911 | 56.7 | 18.5 | 10120 | 4603 | 5308 9911 4765 5355 10120
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Mortality:
Five studies stated (mortality), and all may be applied. A significant heterogeneity was recognized. Thus, a random-

influence model was applied for analysis (12 = 85%, p below 0.0001). The combined odds ratio and 95% CI were 0.76 (0.63
to 0.91). The combined finding reveals a statistically significant difference between groups according to mortality (Z =
2.89, P = 0.004).

NMLM group No-MLM group Odds Ratio Odds Ratio
Study or Subgroup  Events Total Evenis Total Weight M-H, Random, 95% CI M-H, Random, 95% CI
Bailey, 2013 233 9811 22710 0.4% 1.00[0.83,1.21]
Bassin, 2023 133 14540 151 14099 18.3% 0.85[0.67,1.08] e —
Escohar, 2020 1301 13274 3420 23TET OMTH 0.65[0.61, 0.6Y] —&
Levin, 2024 81 1488 g3 1252 14.9% 0.81[0.59,1.11] e
Wingslow, 2022 281 1M 485 90 M T% 0.60[0.51,0.70] —
Total {95% CI) 42404 52758 100.0% 0.76 [0.63, 0.91] i
Total events 2014 4366
Heterogenaity: Tau®= 0.04; Chi®= 2602, df=4 (P = 0.00013; F=85% 055 Di? 155 é
Testfor overall effect: 7= 289 (P = 0.004) Favours [experimental] Favours [control]

Figure (1): Forest plot of Mortality reveals a statistically significant distinction between MLM group and No-
MLM group.

ICU transfer:

4 studies stated (ICU transfer), & all can be applied. A significant heterogeneity was found. Consequently, a random-
influence model was applied for analysis (12 = 80%, p-value equal 0.002). The combined odds ratio and 95% Cls were 0.90
(0.76 to 1.07). The combined finding determines a statistically insignificant difference among groups according to ICU
transfer (Z equal to 1.24, P equal to 0.22).

MLM group No-MLM group Odds Ratio Odds Ratio
Study or Subgroup  Events Total Events  Total Weight M-H, Random, 95% Cl M-H, Random, 95% CI
Bailey, 2013 444 94N 426 10120 286% 1.07[0.83,1.22] I
Bassin, 2023 104 14738 132 14352 19.5% 0.77 [0.59, 0.99] e
Escobar, 2020 2348 13274 4974 23797 33E% 0.81 [0.77, 0.86] ——
Lewin, 2024 115 1488 100 1262 181% 0.97 [0.74,1.29] I E—
Total (95% Cl) 39411 49531 100.0% 0.90 [0.786, 1.07] =i
Total events 3oz G632
Heterogeneity: Tau?= 0.02; Chi*=14.74, df = 3 (P = 0.002); F= 80% DI? DIB:S 152 155
Testfor overall effect Z=1.24 (F=022) Favours [experimental] Favours [control]

Figure (2): Forest plot of ICU transfer reveals a statistically insignificant variance among MLM group and the
No-MLM group.

Length of hospital stays:
Four studies (length of hospital stays) stated that all may be applied. A significant heterogeneity was found. Thus, a random-
influence model was applied for analysis (12 = 95%, p below 0.00001). The combined mean distinction and ninety-five
percent Cls were -0.35 (-0.68 to -0.01). The combined finding reveals a statistically significant difference between groups
in terms of length of hospital stays (Z equal to 2.01, P equal to 0.04).

MLM group No-MLM group Mean Difference Mean Difference
StudyorSubgroup ~ Mean 8D Total Mean 8D Total Weight IV, Random, 95% Cl IV, Random, 95% C|
Bailey 2013 39 38 W1 182 1A8 M0 MTE%  QDRFDOZ 019 *
Bagsin, 2023 4307 40183 14540 486 44483 14099 276% 0251035019 +
Escobar, 2020 B dnM TIO00 307 6.0% 0704089 041 +
Levin, 2024 BG203 55207 1480 7234 62188 1282 1B8% -DEV[06,-007] —
Total (35% Cl) 39213 49268 100.0% -0.35[-0.68,-0.01] <
Heteropenedy, Taw?= 0.10; Chi*= 61 97, df= 3 (P = 0.00001), F= 95% ) | |

Testfor overal effect Z= 201 P=0.04) E ) y 1 2

auours [Reperimental] Favours [control

Figure (3): Forest plot of Length of hospital stays demonstrates a statistically significant variance among the
MLM group and the No-MLM group.
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5. DISCUSSION

Adults experiencing deterioration in general medical-surgical wards face significant mortality and morbidity. Initiatives
for the early recognition of clinical worsening in inpatients outside the ICU have utilized manually computed scores, like
the National Early Warning Score, which necessitates manual chart abstraction of essential signs and point allocation
depending on these metrics; should a case’s score surpass a designated threshold, a rapid-response team is summoned. (13,
14).

Certain research has delineated automated essential-sign triggers and automated iterations of the National Early Warning
Score or similar scores. Several researchers have created intricate predictive models, appropriate for real-time utilization
with electronic health records (EHRS), aimed at the early identification of patient condition worsening, involving one model
that underwent testing in a randomized trial. These electronic health records-based models involve laboratory tests and data
regarding comorbidities; they may entail intricate calculations. (15, 16).

AI-EWS for clinical deterioration is showing significant promise in improving patient outcomes by providing more
accurate and timely alerts compared to traditional methods, leading to earlier interventions and a reduction in adverse
events like cardiac arrest, ICU, and mortality (17).

Studies indicate these Al systems can identify cases at high risk of decline, enabling care teams to intervene sooner, which
is correlated with lower mortality rates and reduced hospital stays. While further real-world research and clinician
adherence are necessary, AI-EWS represents a powerful and cost-effective tool for enhancing case safety and quality of
care (18, 19).

This meta-analysis included (5) studies (8-12).
Our results revealed that the mean age in the examined groups was 62.3, ranging from 25 to 76 years, and gender has been
stated in 2 studies, with 29604 males and 27498 females.

Our results, supported by Bailey TC et al. (12), stated that the median age of the studied cases was fifty-seven years, with
a range of forty-four to sixty-nine years in the control group and fifty-seven years, with a range of forty-four to seventy
years, in the intervention group. Otherwise, there were 53% females in the control group and 54% were females in the
intervention group.

Also, Escobar GJ et al. (11) reported that the mean age of the examined cases in the intervention group was 68.4+15.6
years and there were 55.1% men. The mean age of the examined cases in the Comparison Cohort was 67.2+16.2 years, and
there were 54.3% males.

Regarding mortality, our results showed that significant heterogeneity was observed. Thus, a random-influence model was
applied for analysis (12 = 85%, p below 0.0001). The combined odds ratio and ninety-five percent Cls were 0.76 (0.63 to
0.91). The combined finding reveals a statistically significant difference between groups according to mortality (Z equal
to 2.89, P equal to 0.004).

Our results agreed with Escobar GJ et al. (11), who reported that mortality within thirty days following an alert was
reduced in the intervention group than in the comparison group (adjusted relative risk, 0.84; ninety-five percent Cl, 0.78 to
0.90; P below 0.001).

In addition, Bassin L et al. (9) reported that the intervention group illustrated decreased probability for every finding
barring death. At the event level, there were significantly fewer MAEs [5.7 percent (852/14,738)] against [7.1 percent
(1,024/14,352), P below 0.001] in the intervention group.

Moreover, Levin MA et al. (8) reported that combined in-hospital and thirty-day mortality decreased in the intervention
group.

Furthermore, Winslow CJ et al. (10) stated that there was a significant variance among the studied groups according to
mortality.

On the other hand, Bailey TC et al. (12) stated that there were no variances in the proportion of cases who died in the
intervention group than the control group.
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In the present research, significant heterogeneity has been observed regarding ICU transfer. Thus, a random-influence
model was utilized for analysis (12 = 80%, p = 0.002). The combined odds ratio and 95% Cls were 0.90 (0.76 to 1.07). The
combined finding demonstrates a statistically insignificant difference among groups according to ICU transfer (Z=1.24, P
equal to 0.22).

A randomized, controlled crossover study conducted by Bailey TC et al. (12) reported that no variances have been observed
in the proportion of cases who have been transferred to the ICU in the intervention group than the control group.

In the USA, Escobar GJ et al. (11) reported that cases in the intervention group, compared to those in the comparison
group, had a decrease in unadjusted frequency of ICU admission (17.7% against 20.9%).

In Australia, Bassin L et al. (9) reported that admissions via the emergency department (ED) were significantly fewer in
the intervention against the control group [40.4 percent (5,871/14,540) against 41.6 percent (5,871/14,099), P equal to
0.03].

We found that significant heterogeneity was detected regarding the length of hospital stays. Therefore, a random-influence
model was applied for analysis (12 = 95%, p below 0.00001). The combined mean distinction and 95% Cls were -0.35 (-
0.68 to -0.01). The combined finding demonstrates a statistically significant variance among groups according to length of
hospital stays (Z equal to 2.01, P equal to 0.04).

This came in concordance with Escobar GJ et al. (11), who reported that cases in the intervention group than those in the
comparison group, had shorter lengths of stay between survivors (6.5 days versus 7.2 days).

Meanwhile, Bassin L et al. (9) reported that the intervention group had a significantly shorter hospitalization period (3.74
days, IQR 1.84-7.26) than the control group (3.86 days, IQR 1.86-7.86, P equal to 0.002).

However, Bailey TC et al. (12) reported that no variance has been found in LOS in the intervention group than the control
group.

6. CONCLUSION

The results indicate that Al-driven early warning systems enhance patient outcomes in practical clinical environments.
Notwithstanding the apparent advantages, the efficacy and practical usability of these models necessitate additional
investigation.
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