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Objective: This study aimed to develop and internally validate an early warning predictive model to identify the risk of critical illness
among patients presenting to the emergency department (ED).

Methods: A retrospective analysis was conducted using clinical data from 3859 patients admitted between November 1, 2021 and
December 31, 2021. Patients were randomly assigned to a training cohort (n = 2,703) and a validation cohort (n = 1,156) in a 7:3 ratio.
Fourteen readily accessible physiological indicators obtained during the early stage of emergency department presentation were
adopted as predictive parameters. Independent predictors of early critical risk were identified in the training cohort using generalized
additive models, stepwise multivariate logistic regression and clinical practical considerations. The resulting model was used to stratify
risk levels.

Results: No statistically significant differences were observed in in baseline characteristics between the training and validation cohorts
(»>0.05). Sex, age, heart rate, respiratory rate, systolic blood pressure, pulse oximetry saturation, level of consciousness, pupil status,
mental status, and pain score were identified as independent predictors of critical risk (all p<0.05). Risk stratification using conditional
inference trees categorized patients into low-risk (p<0.129), medium-risk (0.129<p<0.867), and high-risk (p>0.867) groups. The model
demonstrated strong discriminatory ability, with area under the curve values of 0.926 (95% CI: 0.913-0.940) in the training cohort and
0.914 (95% CI: 0.889-0.938) in the validation cohort. Calibration was satisfactory, as indicated by Hosmer—Lemeshow test p-values of
0.318 and 0.654, respectively.

Conclusion: The developed predictive model demonstrated good discrimination, calibration, and clinical utility for the early
identification of patients at critical risk in the ED setting. All predictors can be obtained during the initial clinical assessment,
which facilitates real-time application in triage. This practical accessibility supports the model’s potential integration into routine
emergency workflows and primary healthcare settings.
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Introduction

Emergency medicine, as a secondary clinical discipline, emphasizes the timely diagnosis and treatment of acute
conditions." Physicians working in emergency departments (EDs) are required to conduct rapid assessments and initiate
treatment within a limited timeframe and under resource constrained conditions. These operational demands contribute to
high workload and large patient volumes. Currently, ED crowding and patient retention represent global challenges and
similarly restrict the development of emergency care systems in China.”
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To reduce overcrowding and improve patient flow in emergency departments, many countries have adopted “five-
level triage systems,” such as the Emergency Severity Index (ESI) in the United States, the Canadian Triage and Acuity
Scale (CTAS), and the Manchester Triage System (MTS) in the United Kingdom.? > The ESI system emphasizes patient
acuity and anticipated resource utilization, placing high demands on the clinical judgment of triage nurses. CTAS assigns
triage levels based on a comprehensive integration of patients’ chief complaints, high-risk histories, symptoms, signs, and
physiological parameters. The MTS provides standardized flowcharts for 52 common chief complaints, each containing
six key indicators, aiming to minimize subjective variability through structured, algorithmic assessment. In China, most
hospitals employ a “four-level, three-area” triage system.® Objective assessment criteria include vital signs, point-of-care
testing results, and other diagnostic data, complemented by patients’ symptoms and physical findings. The triage process
is conducted manually and centers on four core dimensions (airway, breathing, circulation, and disability) based on which
clinicians determine both the triage level and the appropriate treatment area. Despite improvements offered by these
systems, notable limitations remain. Their assessments require numerous parameters, including objective indicators (eg
vital signs) as well as subjective indicators (eg pain and mental status).” In the high-pressure environment of the
emergency department, the use of numerous triage assessment indicators can prolong triage waiting time, subsequently
increasing overall ED length of stay. This often leads to inefficient utilization of emergency resources and may delay
timely treatment for critically ill patients.

The present study aimed to develop a visualized predictive model based on 14 vital sign indicators to facilitate the
early warning of patients at critical risk in the ED. The predictive performance and clinical utility of the model were
evaluated, with the core objectives of improving triage efficiency, providing a rapid and user-friendly decision-making
tool for clinical practice, supporting timely clinical interventions, and alleviating ED pressure as well as patient retention.

Materials and Methods
Study Participants

A retrospective analysis was conducted using the clinical data of 4,997 patients admitted to the emergency internal
medicine and surgical departments of Hebei General Hospital between November 1, 2021, and December 31, 2021.
Following screening based on inclusion and exclusion criteria, 3,859 patients were eligible for analysis. Inclusion criteria
were: (1) age >18 years and (2) availability of complete and accurate clinical data. Exclusion criteria were: (1) patients
presenting solely for prescription refills, laboratory orders, or inpatient admission certificates without undergoing
diagnostic evaluation, and (2) individuals who were deceased upon arrival at the ED. Ethical approval for this study
was granted by the hospital’s ethics committee, and the study was conducted in compliance with medical ethical
regulations.

Study Methods

Outcome Assessment Method

(1) The triage criteria applied in the ED were derived from the Expert Consensus on Emergency Triage issued in 2018.%
(2) Initial triage was performed by ED triage nurses with at least 3 years of work experience, who conducted the
assessment using a standardized electronic checklist, the subsequent secondary assessment was carried out by on-duty
attending physicians of the ED with no less than 5 years of work experience. All the aforementioned assessments were
completed within 10 minutes of the patient’s arrival to ensure the accuracy of the initial triage. All patients were
classified into one of four triage levels: grade I, II, III, or IV. Grade I and II were classified as representing critical
conditions. Specifically, Grade I (Resuscitation Level) refers to patients with immediate life-threatening conditions (eg,
cardiac arrest, severe respiratory failure or shock) who require immediate intervention. Grade II (Emergency Level)
refers to patients with potential life-threatening conditions (eg, acute myocardial infarction with stable vital signs, sepsis)
who require urgent intervention within 10 minutes.

Inclusion of Predictive Indicators
The selection of predictive indicators was informed by real-world clinical scenarios and research from Chinese and
international literature.> ® The following indicators were included: sex, age, body temperature, heart rate (HR),
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respiratory rate (R), systolic blood pressure (SBP), peripheral oxygen saturation (SpO,), pain score, levels of conscious-
ness, pupil status, mental state, peripheral circulation, urine output, and profuse sweating, these indicators are readily
accessible upon the patient’s presentation to the emergency department. Among these, sex, pupil status, mental state,
peripheral circulation, urine output, and profuse sweating were classified in accordance with expert recommendations.
Body temperature, level of consciousness, HR, R, SBP, and SpO, were categorized following the National Early Warning
Score (NEWS) guidelines.” For pain assessment, the Numerical Rating Scale (NRS) was used for conscious patients,
while the Behavioral Pain Scale (BPS) was employed for unconscious patients. BPS scores were then converted to NRS
scores using a formula from the literature (BPS = 3.288 + 0.519xNRS),'? enabling standardized pain measurement using
a single scale across all patients. Age and pain score were initially treated as variables to be analyzed, and their final form
of inclusion in the model would be determined through statistical methods combined with clinical practice in subsequent
steps. The current model specifically excludes laboratory test values to ensure its practicality during the initial triage
phase in the ED, as such test results are usually unavailable at this point. (see Table 1).

Data Quality Control

All data were obtained from the emergency electronic medical record system within the hospital’s information system.
A quality control framework was established comprising two data entry personnel, one reviewer, and one quality control
specialist. The reviewer was selected from among the attending physicians, and the quality control specialist was selected
from the senior physician group. Data were independently entered by two personnel using the established predictive
indicator collection form. Consistency, repeatability, and logical coherence of the two datasets were examined by the
reviewer. Any discrepancies identified during the review process were submitted to the quality control specialist for
verification of data authenticity and accuracy.

Statistical Methods

The number of finally included patients was verified to meet the sample size requirements for analysis using the optimal
sample size calculated by the Events Per Variable (EPV) Threshold Criteria and the Riley formula.!' Via the
createDataPartition function in the R caret package, the included patients were randomly allocated into a training set
and a validation set at a 7:3 ratio using a stratified random sampling method based on unique patient identifiers (ID).'
Statistical analyses were performed using SPSS software, version 26.0 and R version 4.5.1 (https://www.r-project.org/).

Table | Variable Definitions and Assignments for Model Development

Variate Mutator Method

Dependent variables lliness degree (0= mildly, | = critical)

Independent variables

Sex I=female, 2=male

Age (years) 0="<40",1="40-59",2="260"

Body temperature (°C) 0="36.1-38",1="35.1-360r 38.1-39”,2="239.1”,3="“<35"
HR (bpm) 0="“51-90",1="41-50 or 91-1107,2="111-130",3="<40 or 2131”
R(bpm) 0="12-20",1="9-11",2="21-24",3="<8 or 225”
SBP(mmHg) 0=“111-219",1="101-110",2="91-100",3="<90 or 2220”
SPO2 (%) 0="296",1="94-95",2="92-93"3="<91”

Level of consciousness I="conscious state”,2="unconscious”

Pupil status 1="normal”,2="abnormal”

(size/light reflex)

Mental state =*normal”,2="abnormal”

Pain score 0="<4",1="24",

Peripheral circulation =*worm”,2="cool”

=

normal”,2=* abnormal”

=

Urine output

—

no”,2="yes”

Profuse sweating

Abbreviations: °C, degrees Celsius; HR, heart rate; bpm, beats per minute; R, respiratory rate; SBP, systolic
blood pressure; mmHg, millimeters of mercury; SPO2, pulse oxygen.
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Data are expressed as frequencies (percentages). Categorical data were compared using the chi-squared (y°) test.
Generalized additive models (GAM), multivariate and logistic regression analysis, were used to analyze the optimal
form of variable inclusion in the training set and identify independent predictors of early critical risk in ED patients.
These predictors were incorporated into the development of the predictive model. Predictive probabilities generated by
the model were stratified into low-, medium-, and high-risk categories using the conditional inference tree (CIT) method,
thereby establishing a risk stratification system for the early identification of critical conditions in patients in the ED.

The predictive model was subsequently validated for discrimination, calibration, and clinical utility in both the
training and validation sets. Discrimination was assessed using the area under the receiver operating characteristic curve
(AUC), with values interpreted as follows: 0.50-0.70 (low), 0.71-0.90 (moderate), and >0.90 (high). The optimal cut-off
value was determined based on the Youden index (sensitivity + specificity - 1), and the sensitivity and specificity
corresponding to this cut-off value were calculated. To quantify the random fluctuation range of the indicators, the
DeLong method was employed to compute the 95% confidence interval (95% CI) of AUC. The Bootstrap method (1000
repeated samplings, with the sampling ratio consistent with the original sample) was used to verify and calculate the 95%
Cls of sensitivity and specificity. Calibration was assessed using calibration plots and the Hosmer-Lemeshow goodness-
of-fit test, with closer alignment between the predicted and observed outcomes indicating better model fit. Clinical utility
was assessed through decision curve analysis (DCA).

A p-value < 0.05 was considered statistically significant. A detailed flowchart illustrating the statistical analysis
process is presented in Figure 1.

Results

Results of Variable Effect Exploration and Grouping Optimization

A total of 3,859 patients in the ED were included in this study, comprising of 2,703 patients in the training set and 1,156
patients in the validation set. Of these, 612 patients (15.9%) were determined to be critical cases. The cohort included
1,970 males (51.0%) and 1,889 females (49.0%). GAM analysis revealed significant non-linear associations of age and
pain score with critical risk: age-related critical risk increased gently before 40 years, accelerated after 40 years, and
further intensified after 60 years. In addition, the critical illness risk varied notably when the pain score was around 4
points (Figure 2). Accordingly, age was categorized into three groups (<40, 40-59, >60 years) and pain score initially
into two groups (<4 vs >4 points) for multivariate logistic regression.

General Data

Comparisons between the training and validation sets regarding sex, age, body temperature, HR, R, SBP, SpO,, pain
score, level of consciousness, pupil status, mental status, peripheral circulation, urine output, and profuse sweating
indicated no statistically significant differences (p> 0.05), indicating comparability between the two groups (see Table 2).

Development of the Predictive Model via Stepwise Multivariate Logistic Regression

Stepwise multivariate logistic regression analysis showed that sex, age, HR, R, SBP, SpO,, level of consciousness, pupil
status, mental state, and pain score exhibited obvious gradient effects on critical risk (all p<0.05). Compared with the
reference group of < 40 years old, patients aged 40—59 years (OR = 3.983, 95% CI: 2.534-6.384) and > 60 years old (OR
=7.691, 95% CI: 5.020-12.089) had significantly increased critical risk, which increased with age; compared with the
reference group of males, female patients had a higher critical risk (OR = 2.276, 95% CI: 1.674-3.113); in terms of vital
signs, the critical risk was significantly elevated when HR was < 40 beats/min or > 131 beats/min (OR = 8.726, 95% CI:
3.782-19.792), R was < 8 beats/min or > 25 beats/min (OR = 9.662, 95% CI: 5.583-16.609), SBP was < 90 mmHg or >
220 mmHg (OR = 7.930, 95% CI: 3.592—17.200), and SPO, was < 91% (OR = 6.458, 95% CI: 3.142-13.807), and the
risk of each indicator increased with the severity of abnormalities; regarding level of consciousness and pupil status,
patients with unconsciousness (OR = 7.039, 95% CI: 4.208-11.907) and abnormal pupil status (OR = 5.168, 95% CI:
1.546-18.925) had significantly increased critical risk; in terms of clinical symptoms, abnormal mental state was the
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Figure | Flowchart of study design. Patients were screened based on predefined criteria. Eligible patients were randomly divided into a training set and a validation set in
a 7:3 ratio. The training set was used to identify independent risk factors through GAM and multivariate logistic regression analysis and to construct a predictive model.
Model validation was performed through assessments of discrimination (ROC curve), calibration (calibration plot and Hosmer—Lemeshow test), and clinical utility (DCA).
Risk stratification was performed using the conditional inference tree method, and the final model was visualized using a nomogram.

Abbreviations: GAM, Generalized additive models; ROC, Receiver Operating Characteristic; DCA, decision curve analysis.

strongest predictor (OR = 10.244, 95% CI: 7.407-14.254), and moderate to severe pain (> 4 points, OR = 1.727, 95% CI:
1.232-2.413) was also associated with the critical outcome (see Table 3).

Risk Stratification and Nomogram Construction
Predictive probabilities were calculated for each patient in the training set using the developed prediction model

(Figure 3A). The distribution of these probabilities demonstrated a distinct positive skewness, indicating a decreasing

number of patients as the predicted risk of critical condition increased.

Risk stratification was performed using the CIT method to classify the predicted probabilities in the training set
(Figure 3B). An initial two-level CIT-based partition yielded four risk groups based on thresholds at 0.129 and 0.867. To
enhance clinical applicability, the two intermediate groups (0.129-0.867) were merged, resulting in three final risk
categories: low risk (p<0.129), medium risk (0.129<p<0.867), and high risk (p>0.867). Observed critical risk rates and
mean predicted probabilities in both the training and validation sets were consistent across these three categories

(Figure 3C).

A nomogram was constructed to visualize the predictive model (Figure 4). The nomogram incorporated ten risk

factors and their corresponding scores. A total score was generated by summing the individual scores for each variable.
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Figure 2 Non-linear Effect of Age and Pain Score. (A) Non-linear relationship between age and the log odds of critical risk, assessed via generalized additive model (GAM).
The solid line represents the estimated smooth function, and the shaded area denotes the 95% confidence interval. (B) Non-linear relationship between pain score and the
log odds of critical risk, assessed via GAM. The solid line represents the estimated smooth function, and the shaded area denotes the 95% confidence interval.

Abbreviation: GAM, Generalized additive models.

A perpendicular line drawn from the total score to the probability axis yielded the estimated probability of critical risk,

representing allowing clinicians to intuitively assess the likelihood of critical risk in patients in the ED.

Validation of the Predictive Model

Discrimination

The discriminative ability of the model in the training and validation sets was evaluated through ROC curve analysis
(Figures 5A and B). For the training set, the AUC of the ROC curve was 0.926 (95% CI: 0.913-0.940), and the optimal

Table 2 Baseline Clinical Characteristics of the Training and Validation Sets

Parameters Totality (N=3859) Training Set (N=2703) Validation Set (N=1156) e P-value
lliness degree, (%) 0.004 0.949
Mildly 3247(84.1) 2275(84.2) 972(84.1)
Critical 612(15.9) 428(15.8) 184(15.9)
Sex, (%) 1.132 0.287
Female 1889(49.0) 1308(48.4) 581(50.3)
Male 1970(51.0) 1395(51.6) 575(49.7)
Age (years), (%) 1.172 0.557
<40 1363(35.3) 968(35.8) 395(34.2)
40-59 1147(29.7) 792(29.3) 355(30.7)
260 1349(35.0) 943(34.9) 406(35.1)
Body temperature (°C), (%) 1.199 0.753
36.1-38.0 2888(74.8) 2030(75.1) 858(74.2)
35.1-36.0 or 38.1-39.0 856(22.2) 591(21.9) 265(22.9)
239.1 56(1.5) 38(1.4) 18(1.6)
<35.0 59(1.5) 44(1.6) 15(1.3)
(Continued)
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Table 2 (Continued).

Parameters Totality (N=3859) Training Set (N=2703) Validation Set (N=1156) e P-value
HR (bpm), (%) 1.652 0.648
51-90 2651(68.7) 1840(68.1) 811(70.2)
41-50 or 91-110 861(22.3) 616(22.8) 245(21.2)
111-130 270(7.0) 192(7.1) 78(6.7)
<40 or 2131 77(2.0) 55(2.0) 22(1.9)
R (bpm), (%) 5.341 0.148
12-20 2509(65.0) 1746(64.6) 763(66.0)
9-11 186(4.8) 141(5.2) 45(3.9)
21-24 940(24.4) 668(24.7) 272(23.5)
<8 or 225 224(5.8) 148(5.5) 76(6.6)
SBP (mmHg), (%) 0.457 0.928
11-219 3324(86.1) 2334(86.3) 990 (85.6)
10l-110 285(7.4) 197(7.3) 88(7.6)
91-100 163(4.2) 111(4.1) 52(4.5)
<90 or 2220 87(2.3) 61(2.3) 26(2.2)
SPO2 (%), (%) 5.089 0.165
296 3403(88.2) 2389(88.4) 1014(87.7)
94-95 239(6.2) 173(6.4) 66(5.7)
92-93 60(1.6) 43(1.6) 17(1.5)
<91 157(4.1) 98(3.6) 59(5.1)
Level of consciousness,(%) 0.047 0.829
Conscious state 3617(93.7) 2532(93.7) 1085(93.9)
Unconscious 242(6.3) 171(6.3) 71(6.1)
Pupil status, (%) 0.467 0.494
Normal 3775(97.8) 2647(97.9) 1128(97.6)
Abnormal 84(2.2) 56(2.1) 28(2.4)
Mental state, (%) 0.727 0.394
Normal 3146(81.5) 2213(81.9) 933(80.7)
Abnormal 713(18.5) 490(18.1) 223(19.3)
Pain score, (%) 0.188 0.665
<4 3004(77.8) 2099(77.7) 905(78.3)
24 855(22.2) 604(22.3) 251(21.7)
Peripheral circulation, (%) 1.004 0.316
Warm 3827(99.2) 2678(99.1) 1149(99.4)
Cool 32(0.8) 25(0.9) 7(0.6)
Urine output, (%) 0.387 0.534
Normal 3763(97.5) 2633(97.4) 1130(97.8)
Abnormal 96(2.5) 70(2.6) 26(2.2)
Profuse sweating, (%) 1.634 0.201
Yes 3797(98.4) 2655(98.2) 1142(98.8)
No 62(1.6) 48(1.8) 14(1.2)

Note: Data are expressed as frequencies (percentages).
Abbreviations: N, Number; bpm, beats per minute; mmHg, millimeters of mercury; HR, heart rate; R, respiratory rate; SBP, systolic blood pressure; SPO2, pulse oxygen.

cut-off value determined by the Youden index was 0.132, corresponding to a sensitivity of 0.850 (95% CI: 0.818-0.883)
and a specificity of 0.848 (95% CI: 0.834-0.862). For the validation set, the AUC of the ROC curve was 0.914 (95% CI:
0.889-0.938), with an optimal cut-off value of 0.168 that yielded a sensitivity of 0.826 (95% CI: 0.778-0.885) and
a specificity of 0.866 (95% CI: 0.821-0.866).
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Table 3 Logistic Regression Analysis Results of Training Set

Variable B OR (95% CI) P-value
Intercept —5.956 - <0.001
Age (years) (ref=<40) 1.00

40-59 1.382 3.983 (2.534-6.384) <0.001

260 2.040 7.691 (5.020-12.089) <0.001
Sex (ref=Male) 1.00

Female 0.822 2.276 (1.674-3.113) <0.001
HR (bpm) (ref=51-90) 1.00

41-50 or 91-110 0.759 2.137 (1.528-2.984) <0.001

111-130 1.180 3.256 (1.920-5.434) <0.001

<40 or 2131 2.166 8.726 (3.782-19.792) <0.001
R (bpm) (ref=12-20) 1.00

9-11 0.562 1.755 (0.991-3.049) 0.0496

21-24 1.164 3.201 (2.231-4.606) <0.001

<8 or 225 2.268 9.662 (5.583—16.609) <0.001
SBP (mmHg) (ref=111-219) 1.00

101-110 0.722 2.059 (1.161-3.581) 0.0118

91-100 1.449 4.260 (2.275-7.824) <0.001

<90 or 2220 2.071 7.930 (3.592-17.200) <0.001
SPO2 (%) (ref=296) 1.00

94-95 0.693 1.999 (1.191-3.305) 0.0078

92-93 1.189 3.282 (1.307-8.410) 0.0123

<91 1.865 6.458 (3.142-13.807) <0.001
Level of consciousness 1.00
(ref=conscious state)

Unconsciousness 1.951 7.039 (4.208-11.907) <0.001
Pupil status (ref=normal) 1.00

Abnormal 1.643 5.168 (1.546—18.925) 0.0102
Mental state (ref=normal) 1.00

Abnormal 2.327 10.244 (7.407-14.254) <0.001
Pain score (ref=<4) 1.00

24 0.546 1.727 (1.232-2.413) 0.0014

Notes: This table presents logistic regression results based on a 2-category pain score grouping:
<4 points group and 24 points group.

Abbreviations: B, Beta coefficient; bpm, beats per minute; mmHg, millimeters of mercury; OR,
Odds ratio; HR, heart rate; R, respiratory rate; SBP, systolic blood pressure; SPO2, pulse oxygen;
ref, reference category.

The AUC values of both sets exceeded 0.90, and the 95% CI intervals were narrow (the width of the AUC interval in
the training set was only 0.027, and that in the validation set was 0.049), indicating high reliability of the point estimates.
There was significant overlap in the 95% CIs of AUC between the training and validation sets (both covering the interval
of 0.91-0.93), demonstrating the stability of the model’s discriminative ability across different datasets.

Calibration

Calibration plots were used to assess the agreement between predicted and observed outcomes. In the training set, the
calibration curve of the model closely aligned with the standard reference line. In the validation set, a slightly deviation
was observed, however, overall alignment remained acceptable (Figures 5C and D). Hosmer-Lemeshow tests yielded
results of x> = 9.292, p = 0.318, and y* = 5.942, p = 0.654 for the training set and the validation set, respectively. In both
cases, p-values were greater than 0.05, indicating no statistically significant differences, confirming good model

calibration.
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Figure 3 Analysis of predicted clinical risk probabilities and risk stratification in patients in the ED. (A) Distribution of predicted probabilities for critical risk in the training
set, calculated using the multivariate logistic regression model. (B) Risk stratification based on the conditional inference tree (CIT) method. (C) Comparison of actual critical
risk rates and mean predicted probabilities across different risk levels.
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Figure 4 Nomogram based on the multivariate logistic regression model. The nomogram presents final predictive model derived from the training set, incorporating the ten
identified risk factors. Risk stratification thresholds established by the conditional inference tree method are integrated into the model.
Abbreviations: HR, Heart rate; R, Respiratory rate; SBP, systolic blood pressure; SPO2, pulse oxygen.

Clinical Utility

The clinical utility of the model was assessed using DCA (Figures SE and F). In the DCA plots, the x-axis represents the
threshold probability, and the y-axis represents the net benefit. The horizontal line reflects the assumption that no patients
are assumed to be critically ill and thus none receive intervention, resulting in a net benefit of zero. The diagonal line

reflects the assumption that all patients are assumed to be critically ill and therefore all receive intervention, resulting
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Abbreviations: ED, Emergency department; ROC, Receiver Operating Characteristic; DCA, decision curve analysis.

a decreasing net benefit. In both the training and validation sets, the net benefit obtained with the prediction model was
greater than that of the two extreme curves across a considerable range of threshold probabilities, demonstrating clinical
utility.
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Visualization Application of the Predictive Model
A user-friendly web-based interface was developed based on the constructed predictive model to facilitate individualized
risk estimation for critical conditions in patients in the ED (https://hbghemergency85988120.shinyapps.io/dynnomapp-1/).

The web interface uses R’s Shiny framework, with a step-by-step input form for the 10 predictors. After input, it instantly
generates: (1) predicted critical risk probability; (2) risk level (low/medium/high); (3) a simplified nomogram for reference.
For example, in the case of a 68-year-old female patient with a heart rate of 95 beats per minute, respiratory rate of 22
breaths per minute, systolic blood pressure of 105 mmHg, SPO, of 95%, clear consciousness, normal pupils, impaired
mental status, and a pain score of 4 points, the predicted risk of critical condition was 0.908. This value exceeded the high-
risk threshold of 0.867 defined in the model’s risk-stratification scheme. According to the DCA results, patients with
predicted probabilities in the high-risk category may benefit from early and proactive intervention.

Discussion
Emergency medicine differs from other disciplines in its strong emphasis on timely intervention. In the ED, early
identification of life-threatening conditions is essential to facilitate prompt and appropriate clinical management."'* In
recent years, overcrowding in EDs has become increasingly prevalent, making it crucial to identify critically ill
patients early under high-workload conditions and to enhance the accuracy of triage and assessment.'*'* Current
approaches to identifying critically ill patients in the ED primarily depend on the evaluation of vital signs, the NEWS,
the Expert Consensus on Emergency Triage, and the adult five-level emergency triage system.'>'® Scoring systems
that rely on a limited number of variables are convenient to implement but may lack accuracy, whereas models that
incorporate a broader range of indicators often improve accuracy but include variables that are not easily obtainable,
potentially prolonging triage time. Furthermore, the inclusion of subjective indicators may introduce variability in
assessments performed by medical professionals and triage systems, thereby increasing the risk of over-triage or
under-triage.

This study incorporated predictive indicators that are readily available in routine clinical practice to construct
a visualized prediction model for early risk estimation of critical illness in ED patients. The primary aim was to ensure
that all predictors could be conveniently obtained during the initial clinical assessment, thereby enabling real-time triage,
shortening assessment time, and facilitating into primary healthcare settings.

Risk Factors of the Predictive Model

Current studies on the early identification of critically ill patients in the ED have examined parameters such as body
temperature, HR, R, SBP, SPO,, pain score, levels of consciousness, pupil status, mental status, glucose levels, complete
blood count, creatinine, and potassium levels. However, no universally accepted set of predictive indicators has been
established.®®!0-17-1¥

In this study, multivariate logistic regression analysis identified sex, age, HR, R, SBP, SPO,, level of consciousness,
pupil status, mental status, and pain score as independent risk factors for the early prediction of critical risk in patients in
the ED. Conversely, body temperature, peripheral circulation, urine output, and profuse sweating were not identified as
independent risk factors.

Age-related physiological decline and the higher prevalence of chronic conditions such as diabetes mellitus, coronary
artery disease, hypertension, and stroke among older adults in China have been well documented.'®*° Older adults
account for a substantial proportion of ED visits.?' Age was identified as a risk factor in the prediction model, with the
probability of critical risk increasing progressively with advancing age. This finding is consistent with previous studies,
including that by Yang et al, which reported a higher incidence of critical condition and resuscitation procedures among
older adult patients in the ED.?* The mean age of patients in the present study was 50.61 + 18.99 years.

Sex was also identified as a significant predictor, with male patients exhibiting a higher risk of critical illness than
female patients (OR 2.276, 95% CI: 1.674-3.113). Although the overall proportion of male and female patients was
similar, the risk distribution was skewed toward males. Kim et al reported higher mortality rates among males, and
Engebretsen et al observed an increased rate of ICU admission in male patients.*** This disparity may be associated
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with the predominance of males in the workforce and their higher susceptibility to severe acute conditions such as
cardiovascular and cerebrovascular diseases.

HR, R, SBP, SpO,, and level of consciousness are widely used vital signs in clinical practice for monitoring disease
progression and predicting severity and mortality.® >*'%!>'® Dyring model development, heart rate, respiratory rate,
systolic blood pressure, and SpO, were initially considered as continuous numerical variables. However, in clinical
practice, heart rate, respiratory rate, and systolic blood pressure demonstrate critical implications at both low and high
values, indicating non-linear associations. For example, SpO, values between 96% and 100% indicate minimal variation
in risk level. Accordingly, these four parameters were categorized and assigned values according to the NEWS system.
Level of consciousness was treated as a binary variable. Incorporation of these parameters into the predictive model
identified heart rate, respiratory rate, systolic blood pressure, SpO,, and impaired consciousness as risk factors for the
early prediction of critical condition in the ED, consistent with findings reported by Kim et al and Simnawa et al.'®**

Along with the assessment of the central nervous system through changes in consciousness, abnormalities in pupil
size and pupillary light reflex (PLR) were identified as significant predictors (OR 5.168, 95% CI: 1.546-18.925).
Pupillary examination plays an important role in monitoring parameters in patients with impaired consciousness.?
Minami et al reported that pupillometry in the ED offers a faster and more accessible method for assessing consciousness
than electroencephalography or imaging modalities.”® However, direct examination with a flashlight is less accurate than
automated pupillometry. Future ED practice may benefit from integrating more accurate and accessible pupil assessment
tools.”’

Mental status was identified as a risk factor in this predictive model (OR 10.244, 95% CI: 7.407—14.254), with the
highest OR value among the 10 risk factors. Mental lethargy is frequently associated with critical conditions such as
pneumonia, acute myocardial infarction, and various forms of shock. However, limited attention has been given in
Chinese and international studies to the role of mental status in assessing critical condition among patients in the ED,
underscoring the need for greater clinical consideration of this parameter.

Pain, a frequent presenting complaint in the ED, was also identified as a risk factor for critical condition (OR 1.727,
95% CI: 1.232-2.413). Pain can induce changes in heart rate and blood pressure and is a prominent manifestation of
disease exacerbation. Giusti et al and Héméldinen et al recognized pain as the fifth vital sign, although they also
emphasize the considerable challenges and variability associated with acute pain assessment in the ED setting.*®*
Discrepancies between clinician and patient ratings, ED overcrowding, and the administration of analgesics may
influence pain scores. These factors highlight the need for more standardized and nuanced approaches to pain assessment
in emergency settings.

Body temperature, peripheral circulation, urine output, and profuse sweating were not identified as independent risk
factors in this study. Kim et al and Kushimoto et al reported that hypothermia is positively correlated with disease
severity in critically ill patients with sepsis, whereas hyperthermia and normal body temperature provide limited value for
assessment.”>° In the present study, no categorized body temperature range was associated with critical risk. This
outcome may be attributable to the limited accuracy of axillary temperature measurements, which are affected by
ambient temperature, emotional agitation, and patient cooperation, thereby reducing their evaluative value in the ED.
Similarly, variables such as profuse sweating and peripheral circulation are substantially influenced by environmental and
subjective factors. Few studies have incorporated these variables into predictive models, indicating the need for further
investigation with more refined assessment criteria. Although urine output is a well-established indicator of circulatory
and renal function, its reliability is diminished in patients with chronic renal failure, which may explain its exclusion as
a significant risk factor in this model.

Visualized Prediction Model

Currently, limited research is available on the development and implementation of predictive models for the early
identification of critical risk in patients in the ED within clinical practice. Nomograms provide a convenient method for
individualized risk estimation and have demonstrated significant clinical utility.>' In this study, a nomogram was
constructed based on the final prediction model to provide an intuitive and accessible means of estimating critical risk
in the ED. In parallel, the CIT method was used to stratify patients into clinically meaningful risk categories. The results
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indicated that a predicted risk greater than0.867 represented a high-risk scenario in which immediate intervention would
be clinically beneficial. Conversely, a predicted risk less than or equal to 0.129 suggested that intervention could be
deferred, and dynamic observation maintained. Predicted risks within the intermediate range warranted close monitoring,
with therapeutic strategies adjusted in response to changes in the patient’s condition. This tiered risk stratification
supports more efficient resource allocation and may help mitigate ED overcrowding.

Promotion of the Model

The real-world implementation of this model is divided into three concise and feasible phases: integration with existing
systems, pilot application, and full-scale promotion. In practice, the model will first be embedded into the current
electronic medical record systems of hospitals, followed by pilot testing and iterative optimization across hospitals at
different levels, and ultimately promoted through standardized training programs. Potential challenges compared with
existing triage systems include healthcare providers’ lack of confidence in adopting the new model and differences in
equipment or system configurations among hospitals. To address these, we have developed targeted strategies: simplified
and easy-to-understand training materials that do not require staff to learn complex theoretical principles, role-specific
training modules, implementation plans tailored to the technical capabilities of each hospital, and system-level optimiza-
tions to ensure smooth operation. In addition, continuous evaluation will be conducted from both process and clinical
outcome perspectives to ensure the model effectively supports and enhances frontline clinical practice.

Study Limitations

This study adopted a retrospective design, with data derived from existing clinical records. Although the risk of
documentation bias was mitigated through independent data extraction by two researchers, and only 2.1% of data with
missing values were excluded, the inherent limitations of retrospective studies cannot be fully eliminated. The study
sample was exclusively collected from a single institution, which may restrict the generalizability of the findings to other
clinical settings. The applicability of the model in diverse populations and healthcare environments remains to be
validated. In future research, multi-center data with a larger sample size should be incorporated, and external validation
should be conducted across various clinical scenarios to further enhance the robustness and generalizability of the model.

Conclusion

We identified 10 independent risk factors for the early prediction of ED patients and developed a nomogram-based risk
stratification model. This model exhibits excellent discriminatory ability, good calibration, and strong clinical utility.
Notably, all predictors are readily accessible during the initial clinical assessment, enabling its application in real-time
triage and holding promise for integration into primary healthcare settings.
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