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Abstract: Disposition is one of the main tasks in the emergency department. However, there is a lack
of objective and reliable disposition criteria, and diagnosis-based risk prediction is not feasible at early
time points. The aim was to derive a risk score (TRIAL) based on routinely collected baseline (TRIage
level and Age) and Laboratory data—supporting disposition decisions by risk stratification based on
mortality. We prospectively included consecutive patients presenting to the emergency department
over 18 weeks. Data sets of routinely collected baseline (triage level and age) and laboratory data
were used for multivariable logistic regression to develop the TRIAL risk score predicting mortality.
Routine laboratory variables and disposition cut-offs were chosen beforehand by expert consensus.
Risk stratification was based on low risk (<1%), intermediate risk (1-10%), and high risk (>10%)
of in-hospital mortality. In total, 8687 data sets were analyzed. Variables identified to develop the
TRIAL risk score were triage level (Emergency Severity Index), age, lactate dehydrogenase, creatinine,
albumin, bilirubin, and leukocyte count. The area under the ROC curve for in-hospital mortality
was 0.93. Stratification according to the TRIAL score showed that 67.5% of all patients were in the
low-risk category. Mortality was 0.1% in low-risk, 3.5% in intermediate-risk, and 26.2% in high-risk
patients. The TRIAL risk score based on routinely available baseline and laboratory data provides
prognostic information for disposition decisions. TRIAL could be used to minimize admission in
low-risk and to maximize observation in high-risk patients.

Keywords: decision support; laboratory; outcome prediction; emergency medicine; triage; disposition;
mortality; emergency severity index

1. Introduction

The three major tasks of emergency medicine are triage, work-up, and disposition [1].

If disposition (e.g., discharge, admission, or intensive care) is not given by logistic
factors, such as the need for intervention, it is based on outcome prediction, as preventing
admission of low-risk patients has become similarly important to preventing discharge of
patients at risk of early deterioration or death.

As the economic pressure is rising and unexpected death after discharge is infre-
quent [2], unnecessary additional cost of hospitalization has moved to the center of atten-
tion in many health care systems. Resources used for hospitalized patients may be up
to tenfold higher as compared to ambulatory care in comparable situations [1]. In spite
of the existing research on outcome prediction (based on routine administrative data [3],
vital signs [4-7], observation [8], machine learning [9], combinations of age, vital signs,
and loss of independence [10], or admission laboratory data without [11] or with inclusion
of patient age [12-14] or vital signs [15]), only a few studies have focused on the direct
support of disposition decisions [8,16-18]. As all of these attempts have drawbacks and
disease-specific tools rely on a sound diagnosis, a call for the development of a “Universal
Safe to Discharge Score” was recently issued [19].
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We have therefore aimed at improving disposition decisions using laboratory-based
outcome prediction in combination with age and level of acuity, as these two factors contain
the best baseline prognostic information [20-22]. Our primary objective was to develop a
risk score based on the predictive performance of baseline and laboratory data in order to
stratify patients into groups of low, intermediate, and high risk of short-term mortality.

2. Materials and Methods
2.1. Study Design and Setting

This is a secondary analysis of prospectively collected data of the EMERGE study,
which serves as a quality-control study. The study protocol was approved by the local
ethics board (EKNZ-236/13; www.eknz.ch, accessed date: 12 December 2019) and was
conducted at the emergency department (ED) of the University Hospital Basel, Switzerland
with a census of over 50,000 yearly presentations.

All patients presenting to the ED of the University Hospital Basel were eligible.
Data were acquired consecutively from 21 October to 11 November 2013, 1 February
to 23 February 2015, 30 January to 19 February 2017, and 18 March to 20 May 2019. By
selecting different observation periods, we wanted to consider potential seasonal effects.

2.2. Selection of Participants

All consecutive patients presenting to the ED were screened. Patients who denied
consent were not included. Pediatric, obstetric, and ophthalmology patients were treated
at nearby facilities.

2.3. Data Collection

All patients presenting to the emergency department were registered by a member
of the study team and an electronic health record (EHR) was opened. The study team
consisted of trained medical students. Patients were screened 24 h a day, 7 days a week.

Information about demographics (age, gender), Emergency Severity Index (ESI) triage
level, disposition (discharge, hospitalization, and intensive care unit admission), in-hospital
mortality, and laboratory data were extracted from the EHR.

Only patients with full data sets were analyzed. We excluded patients with missing
triage or laboratory data.

2.3.1. Triage

A triage nurse or emergency physician triaged all patients according to the German
version of the ESI (version 4) [20].

ESI categorizes patients into five levels. High acuity patients are assigned to ESI
level 1 (most urgent) or ESI level 2, while less acute patients are classified according to
the expected number of resources required (none in ESI level 5 and more than one in ESI
level 3) [23].

2.3.2. Laboratory Data

Laboratory data of the first examinations after presentation were used for all analyses.
No additional tests were performed for study purposes only. If multiple blood samples
were taken from the same patient, only results from the first set were analyzed. Cases were
excluded if blood samples arrived at the laboratory later than 24 h after presentation, or if
analyses were incomplete (for analysis: added to patient group “without laboratory data”).

To ensure usefulness in everyday clinical practice, we restricted our investigation to
routinely available laboratory parameters. The laboratory variables to be examined were
determined beforehand by expert consensus. The decision was based on clinical relevance
and previous publications [11-14,24]. Selected variables were sodium (mmol/L), potassium
(mmol/L), urea (mmol/L), creatinine (umol/L), bilirubin (umol/L), aspartate transaminase
(U/L), lactate dehydrogenase (U/L), albumin (g/L), C-reactive protein (mg/L), glucose
(mmol/L), leukocytes (x 10°/L), thrombocytes (< 10°/L), and hemoglobin (g/L).
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Please refer to the Appendix A for details on laboratory assessments.

2.4. Outcomes

The primary outcome was the validity of the risk score predicting the probability of
in-hospital mortality (death between presentation to the ED and discharge). Secondary
outcomes were hospitalization and intensive care unit (ICU) admission.

Hospitalization was defined as admission to any hospital ward from the ED with a
minimum of one overnight stay.

ICU-admission was defined as transfer to a medical or surgical ICU, intermediate care
unit, or stroke unit during index hospitalization.

2.5. Data Analysis

Descriptive analyses are presented as medians with interquartile ranges for continuous
variables and counts with percentages for categorical variables. Baseline characteristics
and outcomes of patients included were compared to those of patients without laboratory
data and t-test and chi-squared test were used to assess differences. Furthermore, the
distribution of outcomes across the ESI levels was investigated. We used the statistical
software R (Version 3.6.1, R Foundation for Statistical Computing, FreeSoftware Foundation,
Boston, MA, USA) for all predictive calculations.

2.5.1. Derivation of Predictive Models

Four models were developed using multivariable logistic regression and their pre-
dictive performances for probability of in-hospital mortality were compared. (A) The
baseline model included demographic data (age and gender) and triage category (ESI). (B)
The laboratory model included all laboratory parameters tested (sodium, potassium, urea,
creatinine, bilirubin, aspartate transaminase, lactate dehydrogenase, albumin, C-reactive
protein, glucose, leukocytes, thrombocytes, and hemoglobin). All laboratory parameters
except sodium and hemoglobin were log-transformed due to asymmetrical distribution. Re-
stricted cubic splines [25] were used for all laboratory parameters to account for nonlinear
relationships between the individual variables and in-hospital mortality on the log-odds
scale. These variables with nonlinear relationships to the outcome were inserted in a logis-
tic regression model and based on the log-odds the probability of in-hospital mortality was
calculated. (C) The full model included all laboratory and baseline parameters, combining
models A and B. (D) The reduced model included a reduced set of laboratory and baseline
data, reducing the complexity of model C. Based on the full model, the combination of
laboratory and baseline parameters with the best predictive validity was selected using
stepwise backwards elimination [26]. We used AIC (Akaike information criterion) as a
selection criterion. Backwards elimination starts with the full model and at each step the
variable which increases the AIC the most gets eliminated. It stops if any of the remaining
variables would decrease the AIC. The aim was to create a score with a minimal number of
variables without losing predictive power.

Discriminatory validity of the models was evaluated with receiver operating charac-
teristic (ROC) curves and their areas under the curve (AUC) with 95% confidence intervals
(CI). DeLong’s test [27] was used to compare the models. The AUCs were adjusted for over-
fitting using bootstrapping. Additionally, we performed a 10-fold internal cross validation.

Calibration of the models was assessed by plotting the predicted probabilities versus
the actual probabilities of in-hospital mortality.

2.5.2. Development of the TRIAL Score

For clinical usability, we chose the acronym TRIAL containing the three main cate-
gories (TRIage level, Age, Lab). Using the selected variables of the reduced model, we
created a nomogram (calculating outcome probabilities based on predictor variables).
Based on nonlinear logistic regression, predictor variables were mapped on a point scale
according to the relative contribution of their values to the predicted in-hospital mor-
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tality. The likelihood of in-hospital mortality was predicted by the number of points a
patient received.

Two risk cut-offs were selected by experts based on clinical usefulness for disposition
decisions. They were set at 1% and 10% probability of in-hospital mortality, stratifying to
low risk (<1%), intermediate risk (1-10%) and high risk (>10%)—"low risk” representing
patients safe for discharge, “intermediate risk” patients to be hospitalized, and “high risk”
patients to be monitored in intermediate or intensive care units.

In addition, we evaluated the predictive performance of the variables of our score
fitted for the secondary outcomes hospitalization and ICU-admission. Predictive validity
was assessed with areas under the receiver operating characteristic curves.

3. Results
3.1. Characteristics
During the study period, 17,327 patients presented to the ED. Out of 14,440 enrolled

patients, we excluded 17 patients due to missing ESI levels and 5736 patients without
laboratory data. This resulted in 8687 patients (see Figure 1 for details).

17,327 ED patients

2067 not screened: left without being
seen, direct referrals

A

k.

15,260 patients screened

820 not enrolled: denied consent,
missing data

P

k.

14,440 patients enrolled

17 missing ESI” triage
"| 5736 without laboratory data

h

8687 patients included

Figure 1. Inclusion procedure. ED: Emergency Department; * ESI = Emergency Severity Index.

Their median age was 61 years (IQR 42-78 years) and 51.5% were male. Most were
classified as ESI 3 (51.7%) and ESI 2 (37.3%). In addition, 183 patients died in hospital
(2.1%), 4623 patients were hospitalized (53.2%), and 758 patients (8.7%) received ICU care.

Patients without laboratory data were younger, had lower acuity ESI levels, and better
outcomes (see Table 1).
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Table 1. Baseline characteristics and outcomes of patients included and patients without laboratory data.

All Patients Patients Included Patients without Laboratory
(n =14,423) (n = 8687) Data (n = 5736)
Age, median (IQR *) 52 (34-72) 61 (42-78) § 40 (29-56) 8
Male gender, 1 (%) 7547 (52.3) 4471 (51.5) | 3076 (53.6) |
ESI * level § §
ESI 1, 11 (%) 339 (2.4) 320 (3.7) 19 (0.3)
ESI 2, 1 (%) 3562 (24.7) 3244 (37.3) 318 (5.5)
ESI 3, 11 (%) 5939 (41.2) 4492 (51.7) 1447 (25.2)
ESI 4, 1 (%) 4243 (29.4) 623 (7.2) 3620 (63.1)
ESI 5, 11 (%) 340 (2.4) 8(0.1) 332 (5.8)
In-hospital mortality, 11 (%) 197 (1.4) 183 (2.1) § 14 (0.2) §
Hospitalization, n (%) 4986 (34.6) 4623 (53.2) § 363 (6.3) §
ICU ¥ admsission, 1 (%) 791 (5.5) 758 (8.7) § 33 (0.6) 8

Data are presented as medians with interquartile ranges for continuous variables and counts with percentages for categorical variables. *
IQR = interquartile range, ¥ ESI = Emergency Severity Index, ¥ ICU = intensive care unit, § Patients included and patients without laboratory

data differ with a p-value <0.001, Il Patients included and patients without laboratory data differ with a p-value of 0.01.

Fourteen patients with missing or delayed laboratory analyses died (see Table A1).

Characteristics and outcomes were stratified by ESI level. In-hospital mortality gradu-
ally decreased from ESI 1 to 5. A similar decrease was observed for ICU-admissions and
hospitalizations (see Table 2).

Table 2. Demographics and outcomes of patients included stratified by ESI level (1-5).

Age, Median Male Gender Hospitalization ICU t-Admission Mortality
(IQR *) n (%) n (%) n (%) n (%)
ESI 1% 69 (65-79) 194 (60.6) 295 (92.2) 180 (56.3) 61 (19.1)
ESI 2 62 (45-78) 1758 (54.2) 1999 (61.6) 391 (12.1) 67 (2.1)
ESI 3 61 (40-79) 2192 (48.8) 2166 (48.2) 177 (3.9) 54 (1.2)
ESI 4 45 (32-66) 321 (51.5) 160 (25.7) 9(1.4) 1(0.2)
ESI5 41 (28-72) 6 (75.0) 3(37.5) 1(12.5) 0(0.0)

Data are presented as medians with interquartile ranges for continuous variables and counts with percentages for categorical variables.
*IQR = interquartile range, * ICU = intensive care unit, ¥ ESI = Emergency Severity Index.

One ESI 4 patient died, and 10 ESI 4/5 patients were transferred to ICU (see Table A2).

3.2. Performance of Predictive Models

The predictive performance of the four models (baseline model, laboratory model,
full model, and reduced model) regarding probability of in-hospital mortality is shown
in Figure 2.

The baseline model’s AUC was 0.86 (95% CI 0.83-0.88), the laboratory model’s AUC
was 0.90 (95% CI 0.88-0.92), and the full model’s AUC was 0.94 (95% CI 0.93-0.95). Stepwise
backwards elimination reduced the full model to seven variables: Age, ESI, albumin,
lactate dehydrogenase, leukocytes, creatinine, and bilirubin (nonlinear relationships to the
probability of in-hospital mortality on the log-odds scale are shown in Figure A1). The
reduced model’s AUC was 0.93 (95% CI 0.91-0.94).

After adjustment for overfitting AUCs was 0.85 for the baseline model, 0.88 for the
laboratory model, 0.92 for the full model, and 0.91 for the reduced model. Results from
10-fold internal cross validation are shown in the Appendix A. Comparison of the models
using DeLong’s test is shown in Table A3.

The reduced model predicted in-hospital mortality accurately up to a risk of 20% (see
Figure A2). For higher probabilities of death, the reduced model showed an overestimation
of the predicted in-hospital mortality. Of all patients, 132 (1.5%) had an estimated mortality
of more than 20%.
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Figure 2. Comparison of the four multivariable logistic regression models regarding probability of
in-hospital mortality. The area under the curve was 0.86 (95% CI 0.83-0.88) for the baseline model,
0.90 (95% CI 0.88-0.92) for the laboratory model, 0.94 (95% CI 0.93-0.95) for the full model, and 0.93
(95% CI 0.91-0.94) for the reduced model.

3.3. TRIAL Risk Score

The TRIAL risk score is shown in Table 3. Results exactly between two values are
to be assigned to the value contributing a higher number of points. The low-risk cut-off
(1% mortality) is at 145 points, and the high-risk cut-off (10% mortality) at 176 points.

Table 3. TRIAL score for prediction of in-hospital mortality.

Age (years) 10 20 30 40 50 60 70 80 90 100
Points 0 18 27 35 42 46 51 59 68
ESI * (levels) 5 4 3 2 1
Points 0 52 65 72 100
Creatinine 10 20 30 40 50 60 70 80 90 100 500
(umol/L)
Points 4 2 16 9 4 0 0 3 6 9 14
LDH' (U/L) 200 300 400 500 600 700 800 900 1000 1100 1200
Points 0 9 13 16 18 21 22 24 25 26 28
Albumin (g/L) 50 45 40 35 30 25 20 15
Points 0 5 10 17 22 29 37 47
Leukocytes
X101) 1 2 3 4 5 10 15 20 25 30 35 40 45 50
Points 22 13 7 3 0 0 4 7 10 12 13 15 16 17
Bilirubin 2 5 10 20 30 40 50 60 70 80 90 100 110 120
(numol /L)
Points 5 1 0 4 8 11 14 16 18 19 21 22 23 24
Total points 145 176
Risk of 1% 10%
mortality

The number of points were assigned according to the relative contribution of the variables to the predicted in-
hospital mortality. Test results are to be rounded to the next higher or lower value of the score. * ESI = Emergency
Severity Index, T LDH = lactate dehydrogenase.
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For the low-risk cut-off (1%), sensitivity was 0.96, specificity 0.71, negative predictive
value 0.99, and positive predictive value 0.067 regarding mortality prediction. For the
high-risk cut-off (10%), sensitivity was 0.54, specificity 0.97, negative predictive value 0.99,
and positive predictive value 0.26 regarding mortality prediction.

Patients were stratified according to ESI (1-5) and risk of death (see Table 4).

Table 4. Patients stratified according to ESI level (1-5) and risk of death.

Non-Survivors, n

Total, n (%) Survivors, n (%)

(%)
All 8687 (100.0)
High risk 344 (4.0) 90 (26.2) 254 (73.8)
Intermediate risk 2478 (28.5) 86 (3.5) 2392 (96.5)
Low risk 5865 (67.5) 7 (0.1) 5858 (99.9)
ESI*1 320 (100.0)
High risk 173 (54.1) 53 (30.6) 120 (69.4)
Intermediate risk 127 (39.7) 8 (6.3) 119 (93.7)
Low risk 20 (6.3) 0 (0.0) 20 (100.0)
ESI 2 3244 (100.0)
High risk 111 3.4 23 (20.7) 88 (79.3)
Intermediate risk 1147 (35.4) 41 (3.6) 1106 (96.4)
Low risk 1986 (61.2) 3 (0.2) 1983 (99.8)
ESI 3 4492 (100.0)
High risk 60 (1.3) 14 (23.3) 46 (76.7)
Intermediate risk 1184 (26.4) 37 (3.1) 1147 (96.9)
Low risk 3248 (72.3) 3 (0.1) 3245 (99.9)
ESI 4 623 (100.0)
High risk 0 (0.0) 0 (0.0) 0 (0.0)
Intermediate risk 20 (3.2) 0 (0.0) 20 (100.0)
Low risk 603 (96.8) 1 0.2) 602 (99.8)
ESI 5 8 (100.0)
High risk 0 (0.0) 0 (0.0) 0 (0.0)
Intermediate risk 0 (0.0) 0 (0.0) 0 (0.0)
Low risk 8 (100.0) 0 (0.0) 8 (100.0)

Patients are stratified according to ESI level (1-5) and their predicted risk of in-hospital mortality (low, intermedi-
ate, and high risk). Furthermore, the number and percentage of patients who died in-hospital in each risk group
is shown per ESI level. * ESI = Emergency Severity Index.

Overall, 344 patients (4.0%) were assigned to high risk, 2478 (28.5%) to intermediate
risk, and 5865 (67.5%) to low risk. Mortality was 26.2% in the high-risk group, 3.5% in the
intermediate-risk group, and 0.1% in the low-risk group.

The distribution of patients across the risk groups stratified by ESI level was as follows:
The majority of ESI 1 patients (54.1%) were assigned to the high-risk group (mortality
30.6%). High-risk was attributed to 111 patients with ESI 2 (3.4%) and 60 patients with
ESI 3 (1.3%). Mortality was 20.7% (ESI 2) and 23.3% (ESI 3), respectively. No ESI 4 or 5
patients were classified as high-risk patients. The low-risk group comprised 67.5% of all
patients and mortality was 0.1% (7 deaths of 5865 low-risk cases, see Table A4), which was
similar across all ESI levels. Deaths in the laboratory-based low-risk group were found in
aortic dissection (n = 3), COPD exacerbation (n = 1), pneumonia (1 = 1), subdural hematoma
(n =1), and suicide (n = 1).

Predictive validity of the variables of the reduced model fitted for secondary out-
comes was good with AUCs of 0.80 for hospitalization and 0.81 for intensive care (details
in Table A5).
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4. Discussion

Baseline and routine laboratory parameters may be used for outcome prediction
supporting disposition decisions. The main findings of this study are that the predictive
validity is excellent regarding mortality and good regarding intensive care, that two thirds
of all patients can be attributed to the low-risk category, and that the derived TRIAL risk
score could support early disposition decisions.

Health care systems around the globe have reported a public hospital bed crisis [28-30]
and many approaches were considered, such as the implementation of guidelines to re-
duce hospital length of stay [31], comprehensive geriatric interventions [32], or early
discharge [33], in order to reduce the economic burden of over-hospitalization. The absence
of evidence-based guidelines for admission avoidance [33,34] may be due to a lack of pub-
lished evidence focusing on disposition after emergency work-up. Because public hospitals
tend to admit the majority of acutely ill patients from their emergency departments, they
are directly affected by disposition decisions after emergency work-up.

The study’s results show that such disposition decisions may be facilitated using
laboratory data because risk stratification can be based on a score, both for the all-comer
cohort and for each triage level separately. Even in the second highest triage acuity level
(ESI 2) with admission rates of 62% (our data) to 73% [35], most patients had a low risk
of mortality and could theoretically have been discharged for this reason. While ESI is
the best validated triage tool, risk stratification according to ESI may be of limited use
because of its focus on “acuity” and the large overlap in prognosis, particularly between
the highly prevalent ESI 2 and ESI 3 cohorts. Laboratory data are available for most ESI 2
and ESI 3 patients, and the TRIAL score can significantly improve the precision of risk
stratification within each ESI level. In fact, the isolated laboratory model outperformed
the baseline model, only to be topped by the full model and the reduced TRIAL model.
While most of the parameters are known to be of prognostic value, the combination of
the parameters was never assessed in an all-comer cohort. In detail, age and ESI [3,20],
albumin [36], lactate dehydrogenase [37], leukocytes [11], bilirubin [11], and high levels
of creatinine [38] are of prognostic value in emergency cohorts. Association between low
creatinine levels and unfavorable outcome was only shown in intensive care patients [39,40].
Previous reports on the predictive value of laboratory parameters (lab) have shown similar
results, but some were based only on lab [38,41], others on the combination of lab and
less used triage tools [37,42], the latter showing only marginally improved predictive
power if adding lab to the baseline model. Most attempts did not serve the purpose of
directly supporting disposition decisions but were designed to provide relative risks, e.g.,
in admitted patients [12]. With our expert-based decision to choose cut-offs of 1% and 10%
for admission and observation, respectively, we aimed at supporting disposition decisions
directly. The advantage of this approach is the usability under different circumstances
and with adjusted cut-offs. For example, in low-resource environments, cut-offs may be
adjusted. In situations suitable for shared decision-making, patients may be informed
about their prognosis in order to agree on disposition. The potential benefit of this approach
depends less on the data set used for calculation, but in the feasibility of a risk calculation
based on an all-comer cohort with lab parameters and cut-offs for disposition decisions
agreed upon locally, or even individually.

Taken together, the negative predictive value of 0.99 for mortality at the 1% cut-off
provides safety for early discharge. By avoiding dichotomizing variables using reference
values, the loss of information can be minimized [43]. By using the TRIAL score based on
points attributed to each variable, risk assessment can be made transparent and easy to
understand. Finally, calibration is good up to a mortality of 20%, the cut-off for high-risk
patients being set at 10%. There is also a potential to identify patients at risk at an early
stage—allocating resources for their observation potentially improving outcomes.
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Limitations

This is a single-center all-comer cohort. Therefore, external validity is limited. The
risk of short-term mortality is not the only reason to be admitted. In addition, pain,
dyspnea, impaired function, and psychosocial aspects may mandate hospitalization. We
did not investigate causes for admission systematically, e.g., by asking patients about their
preferences. However, the study was designed as a proof-of-principle approach. Any
institution with access to emergency, laboratory, and outcome-data could use the methods
described to calculate their individual risk score in lieu of the proposed TRIAL score and
decide on meaningful cut-offs for discharge, admission, and observation.

Furthermore, there is a potential selection bias due to excluding patients with no
complete set of laboratory data. However, more than two-thirds (69%) of excluded patients
were assigned to ESI 4 and 5. Patients without laboratory had an overall survival of 99.8%,
and ESI 4/5 patients without laboratory had a survival of 100%. Doubts could also be
raised about the potential use of a laboratory-based score in ESI 1 patients undergoing
highly standardized life-saving interventions with subsequent observation in most cases.
Similarly, ESI 4/5 patients with low admission rates may not need such a score. However,
the largest groups (ESI 2 and ESI 3), in which low-risk patients dominate, may profit the
most, as these patients tend to be hospitalized for fear of unfavorable outcomes. Finally,
mortality could be underestimated because almost half of the patients were discharged.
However, 30-day observation of the first 4190 patients showed similar results with a very
low post-discharge mortality. Another limitation is the missing analysis of patients during
the summer months July-September.

5. Conclusions

This is a proof-of-principle study aiming at disposition decision support to minimize
unnecessary admissions in low-risk patients and maximize observation in high-risk pa-
tients, irrespective of diagnoses. This approach needs to be tested in an intervention trial,
in order to put this evidence on a solid foundation for the benefit of patients and health
care systems.
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Appendix A

Details on laboratory assessments. Results from 10-fold internal cross validation.
Table Al: Patients who died without laboratory data, Table A2: Patients with ESI levels 4
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or 5 admitted to the ICU, Table A3: Comparison of ROC* curves using DeLong’s test,
Table A4: Low-risk patients who died, Table A5: Predictive validity of the variables from
the reduced model fitted for the secondary outcomes, Figure Al: Nonlinear relationships
between variables of the reduced model and in-hospital mortality, Figure A2: Predicted
probabilities versus actual probabilities of in-hospital mortality.

Details on Laboratory Assessments: Sodium and potassium were determined by
ion selective electrodes (Roche, Rotkreuz, Switzerland). Enzymatic methods at 37 °C
were applied for the determination of urea (urease/glutamatdehydrogenase), creatinine
(creatininase/creatinase/sarcosinoxidase), glucose (hexokinase/glucose-6-phosphate de-
hydrogenase), aspartate transaminase (IFCC, with pyridoxal phosphate), and lactate de-
hydrogenase. Colorimetric methods were used for bilirubin (diazo method) and albumin
(bromocresol purple) and a turbidimetric assay for the quantification of C-reactive protein
(2013: all Modular p module, Roche, Rotkreuz, Switzerland; 2017/2019: all Cobas c702
module, Roche, Rotkreuz, Switzerland). The leukocyte and thrombocyte counts as well as
the hemoglobin concentration were determined using an Advia 2120 instrument (Siemens
Healthineers, Ziirich, Switzerland). For laboratory values below or above detection limit,
the detection limit was set as the value for analysis (e.g., a creatinine below 5 umol/L
(0.057 mg/dl) was defined as 5 umol/L).

Results from 10-fold cross validation: After performing 10-fold cross validation, AUCs
were (.85 for the baseline model, 0.88 for the laboratory model, 0.91 for the full model, and
0.91 for the reduced model.

Table A1. Patients who died without laboratory data.

Cause of Death Reason for Missing Laboratory Age Gender  ESI*

Stop of resuscitation in
consultation with the 84 w 1
patient’s family

Gastrointestinal bleeding
with cardiac arrest

Not possible to intubate or to

3rd degree burns (90% of perform a tracheotomy, no

bOd.y. surf.ace) n resuscitation performed at 61 m 1
suicidal intent .
cardiac arrest
Unobserved cardiac arrest
Cardiac arrest out51f:1e t.he hogp'ltal, arrival 1r} 62 m 1
resuscitation facility after 90 min
of resuscitation
Cardiogenic shock No re.susc1tat10¥1 1n/acc0r§lance 97 w 5
with the patient’s family
ST-segment elevation Resuscitation was stopped in
- . . s . 76 w 1
myocardial infarction accordance with the living will
Analysis of glucose was missing.
Cardiac arrest (10 days The patient was transferred to 49 m 3
after presentation) our ED T and hospitalized for
suspicion of pleural empyema
Analysis of glucose was missing.
Death by unknown causes Patient was admitted with a 82 m 3
fracture of the humerus
Septic shock due to Analys1s of glucose was missing.
hospital-acquired Patient was transferred from
p another hospital to our ED and 65 m 3

pneumonia (5 weeks
after admission)

hospitalized for surgery the
next day
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Table A1. Cont.
Cause of Death Reason for Missing Laboratory Age Gender  ESI*
ST-segment elevation Analysis of AST ¥ and LDH §
s . . . . 55 w 3
myocardial infarction impossible for hemolysis
Acute abdomen with
retroperitoneal and
gastrointestinal b%eedmg, Analysis of AST and LDH
sudden worsening of impossible for hemolysis 77 m 3
condition. No resuscitation p Y
performed according to the
living will.
Cardiac arrest Analysn? of AST and LD.H 57 m 1
impossible for hemolysis
Mass hemorrhage in the left Analysis of AST and LDH
. . . . 81 m 1
hemisphere impossible for hemolysis
Aortic dissection type A Ana1y51§ of AST and LD.H 69 m 1
impossible for hemolysis
Sepsis Analysis of AST and LDH 8 m 1

impossible for hemolysis

* ESI = Emergency Severity Index, T ED = emergency department, ¥ AST = apartate aminotransferase, S LDH =

lactate dehydrogenase.

Table A2. Patients with ESI levels 4 or 5 admitted to the ICU *.

Presentation at Triage Final Diagnosis Age Gender ESIt
Fall without signs of Acute-on-chronic subdural 86 w 4t
concussion hematoma
Abdominal pain Appendicitis 47 m 5
Flexor tendon infection,
Infection of the finger in-hospital acute coronary 79 m 4
syndrome
Change of behavior Shunt dysfunction (shunt of 64 w 4
18 years for hydrocephalus)
Necrotic fingertip Multlpl? cereb.ral ischemic 63 w 4
infarctions
Loss of sensation in the left
foot in the last months, Glioblastoma multiforme 78 m 4
worse since a few days
Fall with multlple Fractures and shoulder injury 67 w 4
contusions
Infection of unknown origin Cerebrovascular 1r}farct1on due to 4 m 4
embolism
Transfer from another
hospital (suspicion of Acute osteomyelitis 71 w 4
mediastinal problem)
Dyspnea of unknown origin Acute heart failure 72 m 4

*ICU = intensive care unit, T ESI = Emergency Severity Index, } patient died in-hospital.



J. Clin. Med. 2021, 10, 939 12 of 15
Table A3. Comparison of ROC * curves using DeLongs test.
First Model to Be Compared Second Model to Be Compared p-Value
Baseline model Laboratory model 0.005
Baseline model Full model <0.001
Baseline model Reduced model <0.001
Laboratory model Full model <0.001
Laboratory model Reduced model 0.003
Full model Reduced model 0.002
* ROC = receiver operating characteristic.
Table A4. Low-risk patients who died.
Cause of Death Gender Age ESI *
Exacerbation of COPD * w 61 2
Aortic dissection m 39 2
Aortic dissection m 56 2
Committed suicide during hospital stay w 69 3
Aortic dissection w 84 3
Pneumonia (possibly due to aspiration) m 70 3
Acute on chronic subdural hematoma w 86 4

* ESI = Emergency Severity Index, ' COPD = chronic obstructive pulmonary disease.

Table A5. Predictive validity of the variables from the reduced model fitted for the secondary outcomes.

Outcome Area under Area under the ROC Curve
the ROC* Curve Adjusted with Bootstrapping
Hospitalization 0.80
Admission to an intensive care unit 0.81

* ROC = receiver operating characteristic.
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Figure A1. Nonlinear relationships between variables of the reduced model and probability of

in-hospital mortality on a log odds scale.
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