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ABSTRACT

Background: Length of stay (LOS) in the Emergency
Department (ED) is correlated with an extended in-hospital
LOS and may even increase 3o-day mortality. Older
patients represent a growing population in the ED and
they are especially at risk of adverse outcomes. Screening
tools that adequately predict admission could help reduce
waiting times in the ED and reduce time to treatment.
We aimed to develop and validate a clinical prediction tool
for admission, applicable to the aged patient population
in the ED.

Methods: Data from 77,606 ED visits of patients aged
70 years and older between 2012 and 2014 were used
to develop the CLEARED tool. Model performance was
assessed with discrimination using logistic regression
and calibration. The model was internally validated by
bootstrap resampling in Erasmus Medical Center and
externally validated at two other hospitals, Medisch
Spectrum Twente (MST) and Leiden University Medical
Centre (LUMC).

Results: CLEARED contains 10 predictors: body
temperature, heart rate, diastolic blood pressure, systolic
blood pressure, oxygen saturation, respiratory rate, referral
status, the Manchester Triage System category, and the
need for laboratory or radiology testing. The internally
validated area under the curve (AUC) was 0.766 (95% CI
[0.759;0.781]). External validation in MST showed an AUC
of 0.797 and in LUMC, an AUC of 0.725.

Conclusions: The developed CLEARED tool reliably
predicts admission in elderly patients visiting the ED. It is

a promising prompt, although further research is needed
to implement the tool and to investigate the benefits in
terms of reduction of crowding and LOS in the ED.
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INTRODUCTION

Elderly patients represent a growing population in
the Emergency Department (ED).3 Older patients,
defined as aged 7o years and over, are overall more
vulnerable than the general adult population. They
have less physical endurance, are more likely to have
multiple co-morbidities,# and are also more susceptible
to polypharmacy and associated riskss In the ED, elderly
patients have a longer length of stay (LOS) compared to
younger patients.®® This can be partly explained by an
atypical and non-specific presentation of illnesses in the
ED.°"> Moreover, symptom-based triage classifications
tend to underestimate the severity of disease,3™ whilst
elderly patients visits in general have a greater level of
urgency.®® As a consequence, care for elderly is more
complex and elderly patients are more often assessed by
multiple specialists.”” LOS in the ED is associated with
poorer quality of care and may have negative effects on
outcomes for the individual patient. Time spent in the ED
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correlates strongly to the total LOS in the hospital,”® and
periods of longer LOS due to ED crowding are associated
with increased inpatient mortality.” Predicting which
patients should be admitted directly after presentation to
the ED may reduce waiting times and time to treatment
whilst improving diagnostic trajectories and quality of
patient care. It has been suggested that new strategies
to decrease ED LOS can decrease patient morbidity and
healthcare expenditure.2>2 Certain patient characteristics,
such as aberrant vital parameters, have been shown to be
predictive for admission,?>? yet it is unknown which set of
predictors contributes most to admission.

We aimed to develop and validate a prediction model
for admission, using non-invasive and readily available
variables, applicable to the general elderly population at
the ED.

MATERIALS AND METHODS

Study design

We performed a retrospective cohort study. Data from one
hospital was used for model development and data from
two other hospitals were used for external validation.

Setting and participants

For model development, data were acquired from a large
consecutive ED cohort in the Erasmus University Medical
Centre, Rotterdam (Erasmus MC), the Netherlands,
including all patient visits in the ED from January 1%, 2012
until June 30", 2014. This ED is a level 3 trauma centre
and is situated in the largest hospital in the Netherlands,
with 30,000 patient visits annually. Elderly patients,
defined as people aged 7o years and over, were selected
from this database. Both the first visit of a patient as well
as repeat visits were included. Patients were excluded when
they died on presentation or died during the ED visit.

For external validation, data from the Leiden University
Medical Centre (LUMC), which is the academic hospital
situated in Leiden, the Netherlands, with approximately
27,000 ED visits annually, and the Medisch Spectrum
Twente (MST), a large teaching hospital in Enschede,
the Netherlands, with approximately 26,500 ED visits
annually, were used. In the LUMC, data were used from
an existing database with patients visits in the ED in 2012.
For external validation in MST, data were collected from all
patients visiting the ED within the first three days of each
month in 2015.

Variables and measurement

Outcome was defined as admission or transfer to another
hospital for admission, and was collected from the patient
records. Basic characteristics including information on sex
and age were retrieved from the patient records. Additional

ED arrival information was extracted from the patient
charts, containing time of arrival and discharge from the
ED, triage classification based on the Manchester Triage
System,?# vital parameters at arrival (blood pressure (in
mmHg), heart rate (per minute), respiratory rate (RR)
(per minute), body temperature (in degrees centigrade),
peripheral oxygen saturation (SpO,, in percentage), state of
consciousness using the AVPU> or Glasgow Coma Scale
scoring system?® (AVPU/GCS), laboratory testing (yes/no),
radiology testing (yes/no), and referral status to the ED (i.e.,
by ambulance, self-referral, by general practitioner).

After merging all the different variables from the patient
record, the patients were coded in order to anonymise the
collected data. Only contributors to the study had access to
the database. This study was evaluated and approved by the
Medical Research Ethics Committee of the Erasmus MC.

Potential predictors were categorised based on to their
normal values. Body temperature was categorized in four
groups (< 35.9, 36.0-37.0, 37.1-38.4, = 38.5 "C). Heart rate
was classified in three categories based on the categories
used in the Modified Early Warning Score (MEWS).
The MEWS is a guide to aid in recognition of deteriorating

>

patients and is based on physiological parameters.?’ In
order to facilitate a clear model, the original five MEWS
categories were reduced to three (= 50, 5I-100, > 100
bpm). Both systolic and diastolic blood pressure were
coded according to the current definition of hypotension
(< 90 vs. < 60 mmHg) and hypertension (> 140 vs.
> 9o mmHg) for systolic and diastolic blood pressure,
respectively. RR was categorised according to the definition
of bradypnoea (< 12 times per minute), normopnoea
(12-20 times per minute), and tachypnoea (> 20 times per
minute). SpO, was classified in three groups (= 92, 93-97,
= 98%). Finally, referral status in the ED was coded in
three classes based on whether patients were (1) referred
by any specialist or general practitioner; (2) arrived by
ambulance, in which case the ambulance nurse decided
to present the patient at the ED; or (3) were self-referred.
In every parameter a missing value category was created to
make the model better applicable in daily practice.

Statistical methods

Univariate logistic regression was used to assess the
association between potential predictors and admission.
The predictive value was assessed and quantified with
the Akaike Information Criterion (AIC) based on the
Likelihood Ratio x* (LRy?). The AIC is a measure of the
relative quality of a model or a parameter and can be used
when the database is large and selection on p value will
result in a large number of selected parameters.

The selected predictors from the univariate analysis were
combined in a multivariate model and selection of the
final set of predictors was based on added values of each
predictor (based on the AIC) and clinical knowledge.
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The performance of the model was calculated using the
Area Under the Receiver Operating Characteristic (AUC).
During internal validation, the AUC was corrected for
overfitting using the bootstrapping method?® on the
dataset, with repetition of the procedure of 500 times.
External validation was performed in the LUMC and MST
databases. For validation, 100 events of ‘admission’ and at
least 100 non-events were required to occur.?® Based on
admission rates in both LUMC and MST, we considered
a validation sample of at least 500 patient visits to be
sufficient for external validation of our model.

The external validity was examined by calibration and
discrimination of the model in the validation samples,
using calibration plots and the AUC. In the calibration
plot, the calculated probability of admission is plotted
against the observed admission. The calibration slope is
the regression coefficient of the model in which the linear
predictor (admission yes or no) is the only parameter.
Ideally, the slope is 1.3°3* The intercept in the plot indicates
whether predictions are systematically too high or too low
and should ideally be zero .

In the LUMC database, data on whether radiology tests
had been performed were not recorded. Therefore, we
developed a new model on the data following the same
strategy for model development, however, leaving out
radiology testing. This alternative model was validated in
the LUMC sample.

Subsequently, a score chart was developed based on
the regression coefficients fitted on the combined data.
Therefore, data on radiology testing were imputed for the
LUMC database using multiple imputation. An application
was built to calculate the chance on admission to facilitate
accessibility of the tool in day-to-day practice.

To aid in the decision whether preparations for admission
should be started for a specific patient, a specific cut-off
point of chance on admission should be determined to
guide this decision. Such a cut-off should be based on
sensitivity and specificity and the importance of avoiding
false-negatives and false-positives (i.e., taking action in a
patient that in the end does not need to be admitted versus
taking no action in a patient that does need to be admitted).
Sensitivity, specificity, positive predictive value (PPV), and
negative predictive value (NPV) for a range of possible
cut-offs in the combined cohort of the MST and LUMC
cohorts were calculated.

All analyses were undertaken using R statistics version
3.1.3 (March 9%, 2015).34 The foreign library was used to
transfer the database from SPSS (version 21) to R3S For
model development, the lrm function of the rms package
was used.® Finally, the calibration plot was built using
the val.prob.ci function, which is an adjustment to the val.
prob function of the rms package. For the application, we
used Rstudio.’s

RESULTS

Participants

The derivation database consisted of 76,663 ED visits
between January 2012 and June 2014. Selection on age
of 7o and over reduced the number to 5,265 patients who
visited the ED 7,606 times. The admission rate was 54%.
In the derivation group, 55.8% of the patients were male
and the median age was 76 years. The validation dataset
consisted of 4,250 patient visits from LUMC, of whom 45%
were admitted and 563 patient visits from MST, of whom
71% were admitted (table 1).

Predictors of admission

In the derivation cohort, the strongest predictors of
admission were laboratory testing (OR [95% CIJ: 13.202
[11.104-15.695], p: < o.001) and arrival by ambulance
(OR [95% CI]: 5.168 [4.389-6.085], p: < 0.001) (table 2).
The categories ‘referred’ and ‘arrival by ambulance’ in the
predictor referral status had similar odds ratios and were
therefore combined. The ‘immediate’ (red) and ‘very
urgent’ (orange) triage groups in the MTS classification
were also combined. These adjustments did not alter the
model performance.

Model development

Based on the AIC, we included the following parameters
in the final model: laboratory testing, body temperature,
heart rate, diastolic blood pressure, systolic blood pressure,
SpO,, respiratory rate, referral status, MTS category,
and radiology testing, which yielded an AUC of o.770.
Bootstrap resampling decreased the performance by
0.004, resulting in an internally validated AUC of 0.766.

External validation

Patient characteristics in the derivation and validation
cohort did not significantly differ, except for admission
rates in MST. The univariate effects of the predictors
within the validation and derivation cohort were
comparable.

However, the OR for MTS classification ‘immediate’
in the LUMC was higher than in Erasmus MC and
MST (OR [95% CI]: 64.526 [15.870-262.350] versus 1.861
[1.408-2.460] versus 3.898 [0.897-16.945], respectively).
Discrimination in the LUMC data showed an AUC
of 0.725. The calibration plot showed an intercept of
-0.308, reflecting the fact that the overall admission
rate was lower (45%) compared to the development
cohort. The calibration slope was 0.826 (figure 1).
Discrimination in the MST data showed an AUC of 0.797.
However, MST had an admission rate of 71 per 100 patient
visits, resulting in a calibration intercept of 1.018 and a
calibration slope of 0.904 (figure 2).
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Table 1. Patient characteristics in Erasmus MC, LUMC, and MST

Derivation group (n = 7,606) Validation group MST Validation group LUMC
(n=653) (n =4,250)

Parameter
Age (median + IQR) 76 (73-81) 78 (74-83) 78 (74-83)
Sex (%)

Male 4,246 (55.8) 325 (49.8) 2,097 (49.3)

Female 3,360 (44.2) 328 (50.2) 2,153 (50.7)
Temperature (%) (°C)

<359 135 (1.8) 29 (4.4) 243 (5.7)

36.0-37.0 3,299 (43.4) 201 (30.8) 1,640 (38.6)

37.1-38.4 1,151 (15.1) 144 (22.1) 873 (20.5)

=385 484 (6.4) 37 (5.7) 204 (4.8)

Missing 2,537 (33.4) 242 (37.1) 1,290 (30.4)
Heart Rate (%) (bpm)

<50 126 (1.7) 14 (2.1) 59 (1.4)

50-100 5,039 (66.3) 395 (60.5) 2,734 (64.3)

> 100 1,056 (13.9) 79 (12.1) 593 (14.0)

Missing 1,385 (18.2) 165 (25.3) 864 (20.3)
Systolic Blood Pressure (%) (mmHg)

<90 168 (2.2) 8(1.2) 42 (1.0)

90-140 2,730 (35.9) 219 (33.5) 1,478 (34.8)

> 140 3,268 (43.0) 236 (36.1) 1,789 (42.1)

Missing 1,440 (18.9) 190 (29.1) 941 (22.1)
Diastolic Blood Pressure (%) (mmHg)

<60 819 (10.8) 64 (9.8) 317 (7.5)

60-90 4,041 (53.1) 333 (51.0) 2,395 (56.4)

> 90 1,296 (17.0) 66 (10.1) 598 (14.1)

Missing 1,450 (19.1) 190 (29.1) 940 (22.1)
Respiratory Rate (%) (x/min)

<12 339 (4.5) 0 (0.0) 69 (1.6)

1220 2,091 (27.5) 244 (37.4) 1,612 (37.9)

> 20 254 (16.9) 56 (8.6) 713 (16.8)

Missing 3,893 (51.2) 353 (54.1) 1,856 (43.7)
Oxygen Saturation (%) (%)

<92 528 (6.9) 64 (9.8) 210 (4.9)

9397 3,130 (41.2) 210 (32.2) 1,323 (31.1)

=98 2,246 (29.5) 207 (31.7) 1,764 (41.5)

Missing 1,702 (22.4) 172 (26.3) 953 (22.5)
Laboratory testing (%)

Yes 6,217 (81.7) 531 (81.3) 963 (22.7)

No 1,389 (18.3) 122 (18.7) 3,287 (77.3)
Radiology testing (%)

Yes 4,302 (43.4) 207 (31.7) NA

No 3,304 (56.6) 446 (68.3) NA
Arrival (%)

Self-referral 1,127 (14.8) 30 (4.6) 886 (20.8)

Referred 4,119 (54.2) 501 (76.7) 1,901 (44.7)

Ambulance 2,106 (27.7) 105 (16.1) 1,458 (34.3)

Other 254 (3.3) 17 (2.6) 5(0.1)
MTS classification (%)

Immediate/Red 255 (3.4) 22 (3.4) 102 (2.4)

Very urgent/Orange 932 (12.3) 119 (18.2) 1,339 (31.5)

Urgent/ Yellow 3,851 (50.6) 410 (62.8) 1,908 (44.9)

Standard/Green 1,592 (20.9) 98 (15.0) 877 (20.6)

Non-urgent/Blue 11 (0.1) 4(0.6) 17 (0.4)

Missing 965 (12.7) 0 (0.0) 7(0.2)
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Table 2. Univariate logistic regression on outcome admission. For every parameter p-values are shown. Both OR
and 95% CI for every category within a parameter were calculated. *Only eight entries of systolic blood pressure
were below 9o mmHg. Therefore, the categories within this parameter were reduced to three categories

(= 140, > 140, missing mmHg).

Parameter

Age/10
Sex
Female
Male
Temperature (°C)
=359
36.0-37.0
37.1-38.4
=38.5
Missing
Heart Rate (bpm)
<50
50-100
>100
Missing
Systolic Blood Pressure (mmHg)
<90
90-140
> 140
Missing
Diastolic Blood Pressure (mmHg)
<60
60-90
>90
Missing
Respiratory Rate (x/min)
<12
12-20
>20
Missing
Oxygen Saturation (%)
<92
93-97
=98
Missing
Laboratory testing
Yes
No
Radiology testing
Yes
No
Arrival
Self-referral
Referred
Ambulance
Other
MTS classification
Immediate/Red
Very urgent/Orange
Urgent/Yellow
Standard/Green
Non-urgent/Blue

Missing

Derivation group (n = 7,606)

Odds Ratio (OR)
[95%CI]
1.127[1.045-1.216]

0.960 [0.877-1.051]

1.999 [1.347-2.967]
Ref.

1.339 [1.163-1.541]
4.942 [3.724-6.559]
0.318 [0.285-0.354]

0.910 [0.637-1.300]
Ref.

1.466 [1.274-1.687]
0.229[0.201-0.263]

1.253 [0.902-1.741]
Ref.

0.931 [0.839-1.032]
0.227 [0.197-0.261]

1.673 [1.423-1.966]
Ref.

1.159 [1.020-1.318]
0.259[0.226-0.295]

1.197 [0.943-1.519]
Ref.

1.459 [1.260-1.689]
0.540 [0.485-0.602]

1.823[1.483-2.242]
1.118 [1.001-1.248]
Ref.

0.313 [0.274-0.358]

P-value

0.002
0.381

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

13.202[11.104-15.695]

Ref.

2.027 [1.849-2.223]
Ref.

Ref.

4.559 [3.920-5.303)]
5.168 [4.389-6.085]
3.218 [2.427-4.266]

1.861 [1.408-2.460]
1.840 [1.575-2.149]
Ref.

0.362[0.320-0.409]
0.427 [0.125-1.460]
0.820[0.711-0.944]

<0.001

<0.001

<0.001

Validation group MST (n = 653)
0Odds Ratio (OR) P-value
[95%CI]

1.158 [0.882-1.519] 0.290
0.338

0.848[0.604-1.189]

<0.001
2.015 [0.668-6.074]
Ref.
1.336 [0.791-2.254]
11.605 [1.550-86.867]
0.400 [0.266-0.603]

<0.001
0.655 [0.200-2.142]
Ref.
4.912 [1.745-13.825]
0.170[0.115-0.253]

<0.001

Ref.
0.595 [0.366-0.967]
0.127 [0.079-0.204]

<0.001
5.122 [1.559-16.829]
Ref.
1.027 [0.529-1.993]
0.195 [0.132-0.289]

<0.001
Ref.
6.612 [1.557-28.082]
0.373 [0.255-0.545]

<0.001
3.758 [1.429-9.882]
1.649 [1.014-2.680]
Ref.
0.224 [0.144-0.348]

<0.001
10.886 [6.935-17.087]
Ref.

<0.001
2.414 [1.696-3.437]
Ref.

<0.001
Ref.
5.957 [2.664-13.322)]
9.333 [3.736-23.318]
3.333[0.963-11.542]

<0.001
3.898 [0.897-16.945]
4.765 [2.336-9.719]
Ref.
0.236 [0.149-0.375]
0.130[0.013-1.262]

S
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Validation group LUMC (n =
4,250)

Odds Ratio (OR)
[95%CI]
1.134[1.103-1.248)

P-value

0.010
0.004
0.839 [0.743-0.947]

<0.001
1.676 [1.274-2.205]
Ref.
1.293 [1.096-1.524]
8.76 [5.617-13.667]
0.406 [0.347-0.475]
<0.001
1.258 [0.748-2.115]
Ref.
1.743 [1.451-2.094]
0.180 [0.148-0.220]
<0.001
7.437 [2.64-20.945)
Ref.
0.782 [0.681-0.898]
0.156 [0.127-0.190]
<0.001
2.148 [1.668-2.765]
Ref.
0.952[0.796-1.139]
0.184[0.152-0.223]
<0.001
0.870 [0.537-1.409)]
Ref.
2.072 [1.721-2.495]
0.419 [0.364-0.481]
<0.001
3.700 [2.627-5.212]
1.127 [0.977-1.300]
Ref.
0.228[0.188-0.275]
<0.001
12.138 [9.667-15.241]
Ref.

<0.001
Ref.
1.314 [1.114-1.550]
2.204 [1.856-2.617]
2.719 [0.452-16.359]
<0.001
64.526 [15.870-262.350]
1.958 [1.698-2.256]
Ref.
0.317 [0.262-0.383]
0.277 [0.079-0.965]
0.215 [0.026-1.790]

“None of the patients at MST had a respiratory rate below 12. ***LUMC did not possess any data on radiology testing.
MST had no missing values in the MTS classification. Ref. = reference category.
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Figure 1. Calibration plot LUMC. Comparison of the
predicted probabilities and the observed outcome in the
LUMC. The diagonal line is the reflection of the ideal
situation (predicted probability = observed outcome).

The dashed line is the non-parametric relation between the
observed and predicted probability. The triangles represent
the deciles of the predicted probabilities in the validation set
(n = 4,250). The lower part of the figure shows a histogram
of the predicted probabilities of admitted and not admitted
patients. The intercept, calibration slope and AUC in the
validation set is presented.
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Figure 2. Calibration plot MST. Comparison of the
predicted probabilities and the observed outcome in the
MST. The diagonal line is the reflection of the ideal
situation (predicted probability = observed outcome).

The dashed line is the non-parametric relation between the
observed and predicted probability. The triangles represent
the deciles of the predicted probabilities in the validation set
(n = 653). The lower part of the figure shows a histogram
of the predicted probabilities of admitted and not admitted
patients. The intercept, calibration slope and AUC in the
validation set is presented.
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Table 3. Regression coefficients for the final model

Parameter B coeffi-  SE OR
cient

Intercept -2.3208 0.1072 0.098
Referred

yes 0.6604 0.0614 1.936

missing 0.5334 0.1457 1.705
Body temperature (°C)

<359 0.1981 0.1153 1.219

36.0-37.0

37.1-38.4 0.1884 0.0561 1.207

= 38.5 1.515 0.1250 4.550

missing -0.3954 0.0532 0.673
Heart rate (bpm)

<50 -0.0670 0.1725 0.935

50-100

> 100 0.0355 0.0632 1.036

missing -0.1735 0.1345 0.841
Systolic blood pressure (mmHg)

<90 -0.1443 0.1755 0.866

90-140

> 140 -0.0106 0.0486 0.989

missing 0.4601 0.5922 1.584
Diastolic blood pressure (mmHg)

<60 0.5197 0.0787 1.682

60-90

>90 0.0809 0.0599 1.084

missing -0.5494  0.5844 0.577
Respiratory rate (per minute)

<12 -0.0880 0.1936 0.916

12-20

> 20 0.1403 0.0623 1.151

missing 0.0770 0.0499 1.080
Oxygen saturation (%)

<92 0.4920 0.0945 1.636

93-97 0.1068 0.0470 1.113

=98

missing 0.0665 0.0982 1.069
Manchester Triage System

immediate/very urgent 0.4212 0.0534 1.524

urgent

standard -0.4370 0.0583 0.646

not-urgent -0.3087 0.4642 0.734

missing 0.4022 0.0822 1.495
Laboratory testing

yes 1.7004 0.0760 5.476
Radiology testing

yes 0.3735 0.0420 1.453
Non-academic hospital 0.9883 2.687

Formula: Admission chance (%) = 1/(1+exp(-(-2.3208 + Referred + Body
temperature + Heart rate + Systolic blood pressure + Diastolic blood
pressure + Respiratory rate + Oxygen saturation + Manchester Triage
System + (Laboratory testing*1.7004) + (Radiology testing*0.3735)

+ (Non-academic hospital*0.9883))))
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Table 4. Predictive probability of the CLEARED tool for different admission probabilities

All the 95% CI LUMC 95% CI MST 95% CI

hospitals

combined (%)
Admission probability
60%
Sensitivity 62.1 60.9-63.3 62.0 59.8-64.2 61.3 56.7-65.8
Specificity 72.4 71.3-73.6 70.3 68.4-72.2 82.1 75.7-87.1
PPV 70.7 69.4-71.8 63.2 61.0-65.4 89.3 85.3-92.4
NPV 64.2 63.0-65.3 69.3 67.4-71.1 46.6 41.1-52.1
Positive tests 45.4 44.5-46.3 44.3 42.8-45.8 48.7 44.8-52.6
70%
Sensitivity 323 31.2-33.5 32.8 30.7-35.0 29.2 25.1-33.6
Specificity 90.1 89.3-90.8 90.2 88.9-91.4 94.7 90.3-97.3
PPV 77.7 76.0-79.2 73.4 70.3-76.3 93.1 87.3-96.5
NPV 55.5 54.5-56.5 62.0 60.4-63.7 354 31.3-39.8
Positive tests 21.5 20.8-22.2 20.2 19.0-21.4 22.2 19.1-25.6
80%
Sensitivity 13.1 12.3-14.0 13.1 11.6-14.7 13.8 10.9-17.4
Specificity 97.9 97.5-98.2 98.5 97.9-98.9 98.4 95.1-99.6
PPV 86.9 84.6-88.9 87.8 83.3-91.2 95.5 86.6-98.8
NPV 51.3 50.4-52.3 58.0 56.4-59.5 319 28.2-35.9
Positive tests 7.8 7.3-8.3 6.7 6.0-7.5 10.3 8.1-12.9
90%
Sensitivity 4.5 4.0-5.0 4.3 3.5-5.4 2.8 1.6-4.9
Specificity 99.5 99.3-99.7 99.7 99.4-99.9 100.0 97.5-100.0
PPV 90.9 87.1-93.7 93.3 85.4-97.2 100.0 71.7-100.0
NPV 49.4 48.5-50.3 55.9 54.4-57.4 29.7 26.2-33.4
Positive tests 2.6 2.3-2.8 21 1.7-2.6 2.0 1.1-3.5

Score chart

The final model was named ‘CalcuLation of the Elderly
Admission Risk in the Emergency Department’
(CLEARED) tool and can be used to calculate the
probability of admission. We used the parameters from
the derivation cohort and introduced a ‘hospital factor’
to correct for the differences between admission rates of
MST (non-academic hospital) and Erasmus MC/LUMC
(academic hospital). The formula is presented in table 3;
the online application is accessible through the following
link: http://bit.ly/clearedtool.

We calculated predictive probabilities of the CLEARED
tool of admission for decile cut-off points (table 4).

The predictive probabilities for the separate MST and
LUMC cohorts were similar, however PPV was higher for
MST. This could be explained by the higher admission rate.
The positive predictive value ranged from o.57 to 0.91. This
indicates that in the highest decile, 91% of the patients
were correctly admitted. An admission cut-off point of 80%
would result in the identification of 7.8% (n = 9775) who are
eligible for earlier admission. Of these patients, 86.9%
(n = 847) were actually admitted, meaning that there were
13% unnecessary hospital admissions. Patients with a
low admission risk (< 80%) had a similar ED LOS than
patients who were admitted with a high admission risk
(> 80%). However, patients who were eventually discharged
despite a positive advice indicated by the CLEARED tool,
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had a significantly longer LOS, median 223 vs. 185 vs.
178 minutes (p < 0.001), respectively.

DISCUSSION

The aim of this study was to develop and validate a
prediction model for admission for the general elderly
population presenting to the ED. We successfully
developed the CLEARED tool using data from our
retrospective cohort study; a prompt that accurately
predicts admission of elderly patients visiting the ED.
External validation showed accurate performance.
As outlined in the introduction, increased LOS in the ED
has detrimental effects on elderly patients. This is not only
because the time to adequate treatment is lengthened, but
also due to the stay in the ED itself, which enhances the
development of a delirious state”3® In our hospital after
arrival at the ED, initial evaluation and triage of urgency
is performed by a nurse followed by a primary survey of
the patient by a physician, followed by diagnostics tests.
The decision whether or not to admit the patient to the
hospital is made only after the results of the diagnostics
are known. Subsequently, a hospital bed request is made
and the patient awaits transfer to the ward. In this way,
decision-making about admission is late in the process,
which causes a marked increase of LOS in the ED.3 The
use of the CLEARED tool can detect elderly patients who
are to be admitted to the hospital, shortly after their arrival
in the ED. From that moment on, admission to the hospital
can be organised without delaying the diagnostic and
therapeutic processes. This can dramatically shorten the
LOS in the ED for patients. Further reduction of LOS may
be possible when using the CLEARED tool in combination
with an acute medical unit.

An increasing number of Dutch hospitals have an acute
medical unit. In these hospitals, patients who are identified
as in need of admission, can be transferred to such a
unit where, after the initial diagnostics and therapeutic
interventions are performed in the ED, further diagnostics
and treatment can be completed. The incorporation of
an acute medical unit in addition to the CLEARED tool
can further reduce LOS in the ED, which enhances the
workflow in the ED and reduces crowding. An acute
medical unit is not necessarily a unit, from which every
patient gets admitted in-hospital. It can also function as
an extension of the ED, allowing observation of patients
for several hours, followed by admission or discharge.
In our opinion, patients with a high chance of admission
according to the CLEARED tool should be admitted to the
acute medical unit as early as possible to optimise patient
flow through the ED. If admission is not needed — even
with a positive CLEARED - they can easily be discharged,
which is in line with current practice.

One of the key points of the CLEARED tool is the inclusion
of vital parameters as predictors for admission. Using these
parameters, we are able to form a better estimate of the
severity of illness of a patient, which is the main reason for
admission. These parameters are also readily available on
arrival at the ED, and are measurements that are routinely
performed when patients enter the ED. This makes the
CLEARED tool easily applicable.

Another strength of our model is that it is developed
using a large database, which reduces the chance of
overfitting and limits the uncertainty of the model.
Several other prediction models to predict admission have
been previously developed. The identification of Seniors
at Risk tool (ISAR) is the most well-known screening
tool to identify elderly with a high chance of adverse
outcomes.# This screening tool is composed of six ‘yes-no’
questions on major topics like cognitive impairment,
polypharmacy, and previous hospital admission. The main
aim of the ISAR tool is to identify patients at risk of loss-of-
functionality after a hospital stay, and not to identify
patients at risk of clinical deterioration and death.

The predictors used in the ISAR tool differ vastly from
the predictors in our study. In contrast to the CLEARED
tool, the ISAR tool focuses on the pre-existing situation
before arriving at the ED, in contrast CLEARED, which
focuses on vital parameters at presentation. Therefore,
gathering information for the ISAR tool takes more time.
The discrimination performance of the ISAR for admission
ranges from 0.65 [0.62-0.68]# to 0.68 [0.66-0.70],4 which
is lower than our model.

Similar to the ISAR, is the Triage Risk Screening Tool
(TRST), which also comprises of six ‘yes-no’ questions,
such as cognitive and physical impairment, polypharmacy,
previous ED visits, and hospitalisation.# This model is
tested for admission in two studies and performed with an
AUC of 0.64 and 0.66, respectively.4»# Other admission
prediction tools for elderly are triage based (AUC = 0.73,
0.77, 0.741),4+45 the Silver Code (AUC = 0.63),# and a tool
derived by Yip et al. (AUC = 0.713).#” Unfortunately, many
of these models have not been externally validated.

The higher AUC of our tool suggests that the CLEARED
tool is superior in discrimination, although the AUC
is, apart from a measure of model performance, also
a reflection of the underlying population. Therefore,
a prospective validation study should be performed
comparing all the existing tools in one large database.
A merit of the external validation of the CLEARED tool
was that it was performed in both an academic and a
large non-academic teaching hospital. The discrimination
remained high in both centres, and calibration was
good in the LUMC, but our model underestimated the
chance of admission in MST. This was most likely due
to the high admission rate (71%) in this centre and
possibly a difference in population as it is located in
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different part of the country. A factor was introduced to
account for the fact it is a non-academic teaching hospital,
although we were unfortunately unable to confirm this
with other non-academic hospitals. We expected that
patient characteristics might differ between academic and
non-academic hospitals; nonetheless, it is satisfactory that
the CLEARED tool performs well in both settings. This
makes it more likely that the model can be generalised to
other EDs.

When the CLEARED tool is eventually implemented in
clinical practice, we recommend that implementation takes
place in a stepwise process. First, validation of the model
should take place to establish its congruency with local
protocol. Next, all caregivers in the ED, especially triage
nurses, should be familiar with the model. To make the
model better applicable in clinical practice, we developed
an online application, which will automatically calculate the
chance of admission after measurement of the parameters.
To further determine practical applicability and predictive
power, a prospective study should be performed.

Our study has several limitations. A general limitation
of this study is that the prediction model is developed
based on a retrospective database. As a result, not all
parameters that are considered in the model are completely
accurate, which could have resulted in biased estimates
of the effect of certain predictors. For example, it was
not assessed whether oxygen therapy was administered
before collecting data on both SpO, and respiratory rate.
Therefore, the predictive value of these variables is probably
underestimated in the CLEARED tool. The need for oxygen
therapy on its own could also be an independent predictive
variable, however, a prospective study is needed to confirm

ABBREVIATIONS

AIC Akaike Information Criterion

AVPU Alert Verbal Pain Unresponsive

AUC Area Under the receiver operating Curve

BSc Bachelor of Science

bpm beats per minute

CLEARED CalcuLation of the Elderly Admission Risk in
the Emergency Department

CI Confidence Interval

df degrees of freedom

ED Emergency Department

ESI Emergency Severity Index

Erasmus MC Erasmus Medical Center Rotterdam

GCS Glasgow Coma Scale

ISAR Identification of Seniors At Risk

LUMC Leiden University Medical Centre

LOS Length Of Stay

LRx2 Likelihood Ratio chi squared

Irm logistic regression model

MTS Manchester Triage System

this. In addition, respiratory rate was only recorded in
just more than half of patient entries. An explanation for
this could be that the respiratory rate was only measured
when the patient was already in a more severe condition.
The predictive value of respiratory rate as an independent
variable should be evaluated more in future study.
Inevitably, there were many missing values. In order
to deal with missing values and prevent losing data,
missing values were categorised in a separate
group. Using this method, the model can always be
applied, even when not all parameters are recorded.
In conclusion, the CLEARED tool can accurately
predict admission in the elderly. It proved to exceed
the performance of comparable tools. However, further
research is needed to implement the tool and to evaluate
the effect of the CLEARED tool on LOS and crowding in
the ED, length of hospitalisation, and mortality.
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