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Abstract

Background: Predicting patient outcomes in the emergency department is crucial for effective resource management and enhancing
the quality of care. Recent advancements in artificial intelligence have facilitated accurate predictions of patient outcomes; however,
consistent evidence regarding the diagnostic accuracy of these models in the emergency department remains limited. Therefore, the
aim of the present study was to evaluate the diagnostic accuracy of artificial intelligence in predicting admission status, intensive care
requirements, and in-hospital mortality in the emergency department.

Methods: In the present study, the PubMed, Embase, Cochrane Library, and Web of Science databases were searched from January
2020 to November 2025 using targeted keywords. A total of 34 relevant studies were included in the analysis. Meta-analysis was
conducted using Stata v.17 software.

Results: The overall diagnostic sensitivity and specificity of the models for predicting admission were 0.77 (95% CI, 0.60-0.93) and
0.78 (95% CI, 0.62-0.95), respectively. For critical care, sensitivity was 0.85 (95% CI, 0.57-1.00) and specificity was 0.86 (95% ClI,
0.57-1.00). For mortality, sensitivity was 0.83 (95% CI, 0.60-1.00) and specificity was 0.90 (95% CI, 0.67-1.00).

Conclusion: Artificial intelligence models, encompassing both machine learning and deep learning, serve as effective tools for
predicting the conditions of emergency patients. The findings indicate that Al holds significant potential to enhance clinical decision-
making within the emergency department.
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Introduction

Millions of visits to hospital emergency departments are
recorded annually worldwide. With the increasing aging
population, the rising prevalence of chronic diseases, and
a significant growth in accidents and incidents, the emer-
gency department is regarded as the most vital and busiest
point of contact for patients within the healthcare system
(1-3). Studies have shown that the number of emergency
department visits has exceeded 300 million, and the pro-
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portion of patients with complex clinical conditions has
also increased (4, 5). Consequently, rapid and accurate
decisions regarding patient admission, the need for inten-
sive care, and the probability of death play a crucial role
in the quality of care, resource allocation, and prevention
of adverse outcomes (6, 7). The use of the Emergency
Severity Index (ESI), Canadian Triage and Acuity Scale
(CTAS), and Manchester Triage System (MTS) tradition-

1What is “already known” in this topic:

Predicting patient outcomes in the emergency department is essential for
optimizing resources and enhancing the quality of care. Artificial
intelligence models, including machine learning and deep learning, offer
innovative tools for outcome prediction; however, consistent evidence
regarding their diagnostic accuracy remains limited.

— What this article adds:

Artificial intelligence models, including machine learning and deep
learning, exhibit high accuracy in predicting admissions, critical care
needs, and mortality among patients in emergency departments. These
findings underscore the potential of Al to enhance clinical decision-
making and improve resource management in emergency care.
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ally encounters several challenges, including disagree-
ments among assessors, limited sensitivity in complex
cases, and decreased efficiency in crowded conditions (8).

Timely admission, assessment of the need for intensive
care unit (ICU) placement, and evaluation of mortality
risk are critical components of emergency medicine that
can influence clinical decision-making, bed management,
human resource planning, and the prompt implementation
of interventions. Conventional triage methods may result
in errors or delays in patient diagnosis (9). Evidence indi-
cates that approximately 15-20% of emergency admis-
sions are preventable, and 10% of patients experience
delays in ICU transfer, which can significantly elevate the
risk of death by more than 30% (10, 11). This highlights
the necessity for more accurate and reliable tools.

The emergence of artificial intelligence, particularly
through machine learning (ML) and deep learning (DL)
methods, has catalyzed a significant transformation in
emergency medicine by enhancing prediction accuracy
(12). Artificial intelligence-based models can analyze vast
volumes of clinical data—including vital signs, tests, med-
ical images, and electronic health record patterns—with
improved precision (13). Research findings indicate that
artificial intelligence outperforms traditional triage tools
(14). However, the extent of this performance has been
reported inconsistently across studies, influenced by fac-
tors such as data type, algorithm, validation method, and
variations in patient populations. These heterogeneities
have raised concerns regarding the generalizability and
reliability of these models in actual emergency settings.

The rapid growth of Al-based research in emergency
medicine has resulted in a highly diverse array of studies
concerning design, input variables, performance indica-
tors, and quality of reporting. This diversity complicates
the generalization of results and poses challenges to the
transfer of evidence into real clinical settings. Conse-
quently, clinicians and policymakers continue to grapple
with the question of which Al models possess high diag-
nostic accuracy and the stability of their performance
across different hospital environments. Therefore, it is
imperative to conduct a systematic review and compre-
hensive meta-analysis to accurately assess the perfor-
mance of Al in predicting three critical outcomes: admis-
sion, ICU need, and death. Previous studies have predom-
inantly concentrated on a specific outcome, a particular
type of algorithm, or limited populations, thereby leaving
a significant gap in the existing evidence. The present
study aims to provide a clear and reliable picture of the
diagnostic accuracy of Al models by integrating evidence
from various settings and populations; this topic can serve
as a crucial guide for clinical application, future model
design, and evidence-based decision-making. The results
of this study could facilitate the development of intelligent
decision-making tools, enhance patient safety, and im-
prove the operational efficiency of emergency depart-
ments worldwide. Thus, the aim of the present study is to
evaluate the diagnostic accuracy of artificial intelligence
in predicting admission status, intensive care needs, and
mortality in the emergency department.
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Methods

Study Design, Information Sources, and Search Strategy

The study design, implementation, and reporting pro-
cess adhered to the PRISMA 2020 (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) guide-
lines. A systematic search was performed across interna-
tional electronic databases, including PubMed/MEDLINE,
Embase, Web of Science, Scopus, and the Cochrane Li-
brary. The search period spanned from January 2020 to
November 2025, with the last five years selected to cap-
ture evidence from more recent articles. To mitigate pub-
lication bias, searches for grey literature were also con-
ducted, including those on Google Scholar. Additionally,
the reference lists of included articles and related reviews
were manually examined to ensure that no potential stud-
ies were overlooked.

The search strategy was designed using MeSH terms:
(CCC(("Artificial  Intelligence"[Mesh]) OR "Artifi-
cial Intelligence/statistics and numerical data"[Mesh]) OR
( "Machine Learning"[Mesh] OR "Machine Learning Al-
gorithms"[Mesh])) OR ("Deep Learning"[Mesh] OR "De-
tection Algorithms"[Mesh])) AND ("Emergency Service,
Hospital"[Mesh] OR "Emergency Room Visits"[Mesh]))
OR ("Emergency Service, Hospital/standards"[Mesh] OR
"Emergency Service, Hospital/statistics and numerical
data"[Mesh])) AND "Patient Admission"[Mesh]) AND
"Hospitalization"[Mesh]) AND "Critical Care"[Mesh])
AND "Intensive Care Units"[Mesh]) AND ("Mortali-
ty"[Mesh] OR "mortality" [Subheading] OR "Hospital
Mortality"[Mesh])) OR "Death"[Mesh]) AND "Diagno-
sis"[Mesh]) OR "Data Accuracy"[Mesh]) OR ("Prediction
Algorithms"[Mesh] OR "Prediction Methods, Ma-
chine"[Mesh] )) OR "Nomograms"[Mesh].

Study inclusion and exclusion criteria

Studies were designed and selected based on the PICOS
framework:

Population (P): Patients presenting to the hospital emer-
gency department

Intervention (I): Any type of artificial intelligence mod-
el, including machine learning or deep learning methods.

Comparator (C): Reference Standard

Outcome (O): Sensitivity, specificity, area under the
curve (AUC) / area under the receiver operating character-
istic curve (AUROC), positive and negative likelihood
ratios (LR+, LR—), and diagnostic odds ratio.

Studies (S): Observational studies, model development
and/or validation studies, and studies utilizing an AI mod-
el to predict outcomes in the ED, where diagnostic accu-
racy was reported; studies published in English.

All review studies, letters to the editor, case reports, edi-
torials, protocols, and conference abstracts that lacked
complete data, studies unrelated to the emergency setting,
and studies containing duplicate or overlapping data were
excluded from the study.

Screening, study selection process, and data extraction.

All identified articles from the databases were consoli-
dated, and duplicates were removed using EndNote X8
reference management software. Two researchers inde-
pendently and blindly screened the titles and abstracts
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according to the established inclusion and exclusion crite-
ria. Articles deemed eligible at this stage were obtained in
full text and re-reviewed independently by two blinded
researchers. Disagreements were resolved through discus-
sion and, if necessary, with the input of a third researcher.

A standardized, pre-designed form was utilized to ex-
tract data. Two researchers independently extracted the
following information from each included study: the first
author's name, year of publication, country, design type,
sample size, age and gender, patient type, and details of
the artificial intelligence model. In instances of incom-
plete or ambiguous data, the authors of the articles were
contacted, and any discrepancies in data extraction were
resolved through discussion and consensus or by consult-
ing a third researcher.

Quality assessment and risk of bias

The risk of bias in the included studies was assessed us-
ing the QUADAS-2 (Quality Assessment of Diagnostic
Accuracy Studies) tool by two independent and blinded
assessors. This tool evaluates four primary domains: par-
ticipant selection, index test, reference standard, and flow
and time. For each domain, the risk of bias is categorized
as low, unclear, or high. In the present study, the results of
the quality assessment are presented in tabular form and
were considered in the interpretation of the meta-analysis
results.

Statistical analysis and data synthesis

Meta-analysis of diagnostic accuracy in the present
study was conducted for each outcome (Admission, Criti-
cal care, Mortality). Sensitivity and specificity were
pooled using a bivariate random-effects model, which
accounts for the correlation between sensitivity and speci-

ficity as well as the variability across studies, thereby
providing reliable summary estimates. Confidence inter-
vals for sensitivity and specificity were derived from this
bivariate model. Heterogeneity between studies was as-
sessed by examining the I? statistic, confidence intervals,
and visual assessments of forest plots. Subgroup analyses
were performed. All statistical analyses were conducted
using STATA/MP.V17 software, with a significant level
of less than 0.05 considered.

Results

Literature Search, and Characteristics included studies

The search strategy was conducted in accordance with
the selected keywords and the PRISMA 2020 protocol.
Initially, 2,856 articles were identified; after the removal
of duplicates and screening of titles, the abstracts of 2,235
articles were reviewed. Subsequently, 2,085 articles that
did not meet the inclusion criteria and were consistent
with the exclusion criteria were eliminated at this stage.
The full texts of 150 articles were then reviewed.

Articles characterized by scattered data, poor methodo-
logical quality, unclear sample sizes, absence of study
grouping, lack of accurate result presentation, restricted
access to full texts, contradictory findings, and biased data
were excluded from the research. Ultimately, 34 articles
that fulfilled the inclusion criteria for the present study
were selected (Figure 1).

The total number of patients included in the preset stud-
ies was 12,895,728. In terms of algorithm type, the ma-
jority of studies utilized machine learning (ML) models,
including Random Forest, XGBoost, LightGBM, and
CatBoost. The sample size reflects the extensive applica-
tion of Al across various clinical settings, thereby enhanc-
ing the generalizability of the results (Table 1).
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Figure 1. PRISMA 2020 Flow Diagram
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Table 1. Characteristics of the included RCT and observational cohort studies

No. Study. Years Al tech- Algorithm Number of Disposition Positive cases (n)
nique patients Admission  Critical ~ Mortality Overall
care Risk
1 Menshawi et al., ML RF 4399 Admission 4148 - -
2025 (15) Low
2 Pandey et al., 2025 ML RF 484094 Admission 323678 - -
(16) Low
3 Akhlaghi et al., DL DNN 77125 Admission 12009 - -
2024 (17) Moderate
4 Chang et al., 2024 ML LightGBM 8274 Admission, Mor- 364 - 207
(18) tality Low
5 Lee et al., 2023 ML Stacking 6536260 Mortality - - 6351
(19) Low
6 Elhaj et al., 2023 ML RF 2688 Admission, Criti- 862 1040 146
(18) cal care, Mortali- Low
ty
7 Son et al., 2023 ML CatBoost 1157 Mortality - - 19
(20) Low
8 Mekkodathil et al., ML SVM 922 Mortality - - 204 Moderate
2023 (21)
9 Greco et al., 2023 ML RF 425 Mortality - - 65 Moderate
(22)
10 Lee et al., 2023 ML Stacking 172809 Critical care - 6615 -
(23) Low
11 Logaras et al., 2022 ML RF 157 Admission 70 - -
(24
Low
12 Feretzakis et al., ML RF 13991 Admission 6303 - -
2022 (25) Low
13 Xie et al., 2022 DL RNN 441437 Admission, Criti- 208976 26174 -
(26) cal care
Low
14 Patel et al., 2022 ML XGBoost 841825 Admission 201520 - -
27) Low
15 Cusido et al., 22 ML GBM 3189204 Admission 351450 - -
(28) Low
16 Kim et al., 2022 ML XGBoost 8325 Admission 1469 - -
(29) Low
17 Matsuo et al., 2022 ML XGBoost 120 Mortality - - 9
(30)
Low
18 Calvillo-Batllés et ML GBM 371 Mortality - - 69 Moderate
al., 2022 (31)
19 Di Napoli et al., DL CNN 1031 Critical care, - 125 296
2022 (32) Mortality Low
20 Duanmu et al., DL DNN 186 Mortality - - 76
2022 (33) Low
21 Cheng et al., 2022 DL CNN 214080 Mortality - - 19434
(34)
Low
22 Lee et al., 2022 DL DNN 155623 Mortality - - 2752
35) Low
23 Fransvea et al., DL DNN 2570 Mortality - - 238
2022 (36) Low
24 Dadabhoy et al., ML RF 245548 Admission 14571 - - Moderate
2021 (37)
25 Tahayori et al., DL DNN 249532 Admission 28517 - -
2021 (38) Low
26 Tan et al., 2021 ML RF 5508 Admission, Mor- 606 - 121
(39) tality Low
Bias Assessment Sensitivity

The QUADAS-2 evaluation indicated a generally low to
moderate risk of bias among the included studies. Most
studies demonstrated robust patient selection and refer-
ence standards, with only minor concerns related to index

test blinding and timing reporting (Table 1).
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According to the subgroup meta-analysis, Al algorithms
showed good sensitivity across all subgroups. The highest
sensitivity was observed in intensive care, at 0.85 (95%
CI, 0.57, 1.00), followed by mortality at 0.83 (95% CI,
0.60, 1.00), and admission at 0.77 (95% CI, 0.60, 0.93)
(Figure 2). Very low heterogeneity (I> = 0%) was noted
across all subgroups, indicating that the sensitivity esti-
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Table 1. Continued

No. Study. Years Al tech- Algorithm Number of Disposition Positive cases (n)
nique patients Admission  Critical ~ Mortality Overall
care Risk
27 Yun et al., 2021 ML XGBoost 16087 Critical care - 722 -
(40) Low
28 Chen et al., 2021 ML RF, 52626 Admission, Criti- - 13157 4947 Moderate
41) LightGBM cal care, Mortali-
ty

29 Heldt et al., 2021 ML XGBoost 879 Admission, Mor- 152 - 193 Moderate

(42) tality
30 Mowbray et al., ML GBM 2274 Admission 632 - -

2021 (43) Moderate
31 Roquette et al., ML CatBoost 32282 Admission 24704 - -

2020 (44) Low
32 Zhang et al., ML RF 85254 Critical care - 214 -

2020 (45) Low
33 Lee et al., 2020 ML RF 2846 Critical care - 129 -

(46) Low
34 Hong et al., 2020 ML RF 45819 Critical care - 202 -

(47) Low

mates were largely consistent between studies. We note,
however, that an 1> of 0% does not imply complete ab-
sence of clinical or methodological differences; rather, it
reflects minimal variation in the effect estimates included
in this analysis.

The test for differences between subgroups (Q_b = 0.34,
P = 0.843) indicates that there was no significant differ-
ence among the subgroups, and that the performance of Al
in predicting admission, intensive care, and mortality is
comparable (Figure 2).

Specificity

Based on the subgroup meta-analysis, Al demonstrated
strong performance in detecting true negatives (specifici-
ty). The highest feature was associated with mortality,
yielding a value of 0.90 (95% CI, 0.67, 1.00), followed by
intensive care at 0.86 (95% CI, 0.57, 1.00), and admission
at 0.78 (95% CI, 0.62, 0.95) (Figure 3). Very low hetero-
geneity (I> = 0%) was observed across all subgroups, indi-
cating consistent results among the studies.

The test of difference between subgroups (Q b = 0.72,
P = 0.70) shows that there was no significant difference
between subgroups (Figure 3).

A total of 29 studies employed machine learning, while
13 studies utilized deep learning. The difference test be-
tween the groups indicated that there was no significant
difference between machine learning and deep learning (P
=0.87).

Discussion

The present meta-analysis demonstrated that Al models
exhibited strong performance in predicting hospitalization,
the need for intensive care, and mortality in emergency
departments. The overall sensitivity of the models was
0.80, while the overall specificity was 0.83, indicating
their capacity to accurately identify both positive and neg-
ative patients. The subgroup analyses based on Al type
(ML and DL) and disposition type (Admission, Mortality,
Critical Care) were homogeneous, with no significant het-

erogeneity observed. This finding underscores the reliabil-
ity and stability of the models' performance across various
clinical and hospital settings.

In comparison to previous meta-analyses, the present
study reported similar findings. The meta-analysis con-
ducted by Naemi et al. in 2021 exclusively examined the
performance of machine learning (ML) in predicting mor-
tality (48). The current results align with the findings of
Kuo et al. in 2025, who reported the sensitivity and diag-
nostic specificity of artificial intelligence (Al) for predict-
ing admission at 0.81 and 0.87, for critical care at 0.86 and
0.89, and for mortality at 0.85 and 0.94. This agreement
underscores the consistency and reliability of the results
derived from the pooling of multiple studies, thereby con-
firming the validity of Al predictions in emergency clini-
cal settings (49). The primary distinction between the pre-
sent study and the meta-analysis by Kuo et al. in 2025 lies
in the inclusion criteria. Nevertheless, the performance
trends of the algorithms and their predictive power were
comparable in both meta-analyses, suggesting the general-
izability of the results across different clinical populations.
The present findings indicated low heterogeneity between
groups, with the 12 index reported to be close to zero, sig-
nifying high consistency of study results and acceptable
data quality. This indicates that AI algorithms possess
high reliability and reproducibility in predicting the status
of emergency patients, even in varied environments with
differing sample sizes.

One notable finding was the high discriminative proper-
ties of the models in predicting mortality and the need for
critical care (0.903 and 0.855), indicating that the models
rarely misidentify healthy patients as requiring intensive
care. This characteristic could help reduce the workload in
emergency departments, prevent the misallocation of re-
sources, and optimize the performance of intensive care
units. In examining the types of algorithms, no significant
difference was observed between ML and DL models,
suggesting that both categories of algorithms possess ade-
quate predictive ability in clinical settings. Sreedharan et
al. (2024) demonstrated that artificial intelligence algo-
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Study

Sensitivity Weight
with 95% ClI (%)

Admission
Menshawi et al., 2025
Pandey et al., 2025
Akhlaghi et al., 2024
Chang et al., 2024
Elhaj et al., 2023
Logaras et al., 2022
Feretzakis et al., 2022
Xie et al., 2022

Patel et al., 2022
Cusido et al., 2022
Kim et al., 2022
Dadabhoy et al., 2021
Tahayori et al., 2021
Tan et al., 2021

Chen et al., 2021
Heldt et al., 2021
Mowbray et al., 2021
Roquette et al., 2020
Heterogeneity: I* = 0.00%, H” = 1.00
Test of 8 = 6, Q(17) = 0.89, p = 1.00

Mortality
Chang et al., 2024

Lee et al., 2023

Elhaj et al., 2023

Son et al., 2023

Mekkodathil et al., 2023

Greco et al., 2023

Matsuo et al., 2022

Calvillo-Batllés et al., 2022

Di Napoli et al., 2022

Duanmu et al., 2022

Cheng et al., 2022

Lee et al.,, 2022

Fransvea et al., 2022

Tan et al., 2021

Chen et al., 2021

Heldt et al., 2021

<17 = 0.00%, H” = 1.00
: Q(15) = 1.59, p = 1.00

Heterogenei
Testof 6, =

Critical care

Elhaj et al., 2023
Lee et al., 2023

Xie et al., 2022

Di Napoli et al., 2022
Yun et al., 2021
Chen et al., 2021
Zhang et al., 2020
Lee et al,, 2020
Hong et al., 2020
Heterogeneity: I* = 0.00%, H” = 1.00 ’
Test of 8 = 6;: Q(8) = 0.72, p = 1.00

Overall ‘
Heterogeneity: I° = 0.00%, H” = 1.00
Test of 8 = 6; Q(42) = 3.54, p = 1.00

Test of group differences: Q,(2) = 0.34, p = 0.84

0.91[-0.34, 2.16] 0.95
0.89[-0.25, 2.03] 1.16
0.74[-0.49, 1.97] 0.98
0.89[-0.33, 2.11] 1.01
0.76 [-0.49, 2.01] 0.95
0.81[ 0.10, 1.52] 3.00
0.70[-0.50, 1.90] 1.05
0.76 [-0.51, 2.03] 0.92
0.45[-0.88, 1.78] 0.84
0.37[-1.57, 2.31] 0.40
0.81[-1.11, 2.73] 0.41
0.49[-1.18, 2.16] 0.54
0.74[ 0.25, 1.23] 6.22
0.74[ 0.25, 1.23] 6.22
0.86[ 0.35, 1.37] 5.76
0.75[ 0.28, 1.22] 6.75
0.73[ 0.32, 1.14] 8.82
0.82[ 0.37, 1.27] 7.35
0.77[ 0.60, 0.93]

0.89[ 0.36, 1.42] 5.34
0.97[ 0.52, 1.42] 7.35
0.10[-1.57, 1.77] 0.54
0.62[-0.60, 1.84] 1.01
0.70[-0.55, 1.95] 0.95
0.77[ 0.06, 1.48] 3.00
0.65[-0.55, 1.85] 1.05
0.89[-0.38, 2.16] 0.92
0.90[-0.43, 2.23] 0.84
0.68[-1.26, 2.62] 0.40
0.78[-1.14, 2.70] 0.41
0.97[-0.70, 2.64] 0.54
0.81[-0.41, 2.03] 1.01
0.81[-0.44, 2.06] 0.95
0.77[ 0.06, 1.48] 3.00
0.68[-0.52, 1.88] 1.05
0.83[ 0.60, 1.06]

0.90[-0.37, 2.17] 0.92
0.80[-0.53, 2.13] 0.84
0.81[-1.13, 2.75] 0.40
0.91[-1.01, 2.83] 0.41
0.85[-0.82, 2.52] 0.54
0.71[ 0.22, 1.20] 6.22
1.00[ 0.51, 1.49] 6.22
0.80[-0.08, 1.68] 1.92
0.94[-0.39, 2.27] 0.84
0.85[ 0.57, 1.14]

0.80[ 0.68, 0.92]

Fixed-effects inverse-variance model

Figure 2. Forest plot illustrating the sensitivity of artificial intelligence in predicting outcomes in the emergency department.

rithms exhibit good clinical performance in diagnosing
diseases such as esophageal cancer, cardiac arrest, esoph-
ageal adenocarcinoma, sepsis, and gastrointestinal stromal
tumors. The sensitivity, diagnostic specificity, positive
and negative predictive values, and accuracy of the algo-
rithms were reported, and all studies exhibited high heter-
ogeneity with a P-value < 0.05, indicating significant var-
iability in results and data (50). Furthermore, the previous
study primarily focused on the diagnosis of specific dis-
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eases, whereas the current study examined the perfor-
mance of Al in predicting emergency clinical outcomes,
including hospitalization, the need for intensive care, and
death. This distinction reflects the expansion of Al appli-
cations from disease diagnosis to clinical management and
rapid decision-making in the emergency department.

The limitations of the present study include very large
sample sizes in some articles and small sample sizes in
others. However, the lack of significant heterogeneity
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Specificity Weight

Study with 95% CI (%)
Admission
Menshawi et al., 2025 —_— 0.94[-0.31, 2.19] 0.95
Pandey et al., 2025 R 0.83[-0.31, 1.97] 1.16
Akhlaghi et al., 2024 —_— 0.80[-0.43, 2.03] 0.98
Chang et al., 2024 —_— 0.85[-0.37, 2.07] 1.01
Elhaj et al., 2023 —_— 0.93[-0.32, 2.18] 0.95
Logaras et al., 2022 —a— 0.82[ 0.1, 1.53] 3.00
Feretzakis et al., 2022 —_— 0.78[-0.42, 1.98] 1.05
Xie et al., 2022 —_— 0.71[-0.56, 1.98] 0.92
Patel et al., 2022 e 0.76 [-0.57, 2.09] 0.84
Cusido et al., 2022 ————————=—————— 084[-1.10, 2.78] 0.40
Kim et al., 2022 — = 0.76[-1.16, 268] 0.41
Dadabhoy et al., 2021 ——————=—————  091[-0.76, 2.58] 0.54
Tahayori et al., 2021 —— 0.86[ 0.37, 1.35] 6.22
Tan et al., 2021 —— 0.79[ 0.30, 1.28] 6.22
Chen et al., 2021 -, 0.66[ 0.15, 1.17] 5.76
Heldt et al., 2021 —— 0.75[ 0.28, 1.22] 6.75
Mowbray et al., 2021 ——- 0.74[ 0.33, 1.15] 8.82
Roquette et al., 2020 —— 0.82[ 0.37, 1.27] 7.35
Heterogeneity: I = 0.00%, H’ = 1.00 ‘ 0.78] 0.62, 0.95]
Test of 6 = 6;: Q(17) = 0.59, p = 1.00
Mortality
Chang et al., 2024 -m 0.92[ 0.39, 1.45] 5.34
Leeetal, 2023 —— 0.99[ 0.54, 1.44] 7.35
Elhaj et al., 2023 ———————=—————— 100[-067, 267] 054
Son etal., 2023 —_— 1.00[-0.22, 2.22] 1.01
Mekkodathil et al., 2023 e 0.84[-0.41, 2.09] 0.95
Greco et al., 2023 —a— 0.81[ 0.10, 1.52] 3.00
Matsuo et al., 2022 —_— 0.99[-0.21, 2.19] 1.05
Calvillo-Batilés et al., 2022 —_— 0.94[-0.33, 2.21] 0.92
Di Napoli et al., 2022 _— 0.94[-0.39, 227] 0.84
Duanmu et al., 2022 —————————=———————— 088[-1.06, 2.82] 040
Cheng et al., 2022 —————————=——————— 0.99[-0.93, 291] 0.41
Lee etal., 2022 ——————=—————  099[-0.68, 2.66] 054
Fransvea et al., 2022 —_— 0.94[-0.28, 2.16] 1.01
Tan et al., 2021 0.82[-0.43, 2.07] 0.95
Chen et al., 2021 om 0.72[ 0.01, 1.43] 3.00
Heldt et al., 2021 0.73[-0.47, 1.93] 1.05
Heterogeneity: I* = 0.00%, H’ = 1.00 ’ 0.90[ 0.67, 1.13]
Test of 6 = 8;: Q(15) = 0.67, p = 1.00
Critical care
Elhaj et al., 2023 _— 0.94[-0.33, 221] 0.92
Lee etal., 2023 e 0.81[-0.52, 2.14] 0.84
Xie et al., 2022 —————————=—————— 079[-1.15, 2.73] 0.40
Di Napoli et al., 2022 — = 090[-1.02,282] 041
Yun et al., 2021 _— 0.71[-0.96, 2.38] 0.54
Chen et al., 2021 e 0.72[ 0.23, 1.21] 6.22
Zhang et al., 2020 —— 1.00[ 0.51, 1.49] 6.22
Lee etal., 2020 — 0.83[-0.05, 1.71] 1.92
Hong et al., 2020 0.90[-0.43, 2.23] 0.84
Heterogeneity: I” = 0.00%, H’ = 1.00 ’ 0.86[ 0.57, 1.14]
Test of 6 = 8: Q(8) = 0.69, p = 1.00
Overall ’ 0.83[ 0.71, 0.95]
Heterogeneity: I = 0.00%, H’ = 1.00
Test of 6, = 6;: Q(42) = 2.66, p = 1.00
Test of group differences: Qy(2) =0.72, p=0.70

R S

Fixed-effects inverse-variance model

Figure 3. Forest plot illustrating the specificity of artificial intelligence in predicting outcomes in the emergency department.

suggests that this variation did not have a substantial im-
pact on the overall results, indicating that the findings are
generalizable. Conversely, differences in the type of input
data and clinical parameters utilized in the models may
lead to slight variations in their performance. Future stud-
ies should prioritize data standardization, external valida-

tion, and the integration of models with clinical infor-
mation systems. Additionally, evaluating models in real
hospital settings and examining their impact on clinical
decisions and patient outcomes could enhance the value of
the research.
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Conclusion

The findings of the present study indicate that artificial
intelligence, whether utilizing machine learning (ML) or
deep learning (DL) algorithms, serves as a potent tool for
enhancing clinical decision-making in the emergency de-
partment. It has the potential to reduce mortality, improve
patient management, and optimize emergency department
resources. The results of this meta-analysis can facilitate
the development of Al-based clinical decision support
systems and contribute significantly to the digital trans-
formation of emergency care.
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