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ABSTRACT

Objective: Use artificial intelligence (AI) to extend the Sydney triage to admission risk tool (START) and improve prediction of
emergency department (ED) patient disposition.

Methods: The study was conducted at an inner-city tertiary referral hospital ED. Adult (age > 16years) presentations from 1
January 2023 to 30 June 2025 were included. Participants were excluded if dead on ED arrival or left ED prior to completing
treatment. The primary outcome was admission to an inpatient ward. A sequential ensemble modelling approach was used. To
predict patient disposition, the original START was combined (stacked) with vital signs, blood results and CT imaging orders
using a gradient boosting decision tree algorithm (XGBoost) and a pre-trained transformer model for clinical free text.

Results: 162,915 cases were analysed with 27.31% overall inpatient admission rate. The final stacked meta-XGBoost model had
an area under receiver operating curve (AUROC) of 0.88 (95% CI: 0.88, 0.89) with overall weighted accuracy of 0.84 (95% CI: 0.84,
0.85) and F1 score of 0.83 (95% CI: 0.83, 0.84) in the testing dataset. The model was adequately calibrated with R? of 0.92 (95%
CI: 0.67, 0.99) with a drop-off in correlation at the highest predicted probability ranges (> 0.80). After classifying inpatient stays
<24h as potential discharges, a sensitivity analysis demonstrated AUROC for the final model of 0.89 (95% CI: 0.88, 0.89).
Conclusions: An ensemble machine learning model was developed to accurately predict patient disposition from ED using
structured and unstructured data. Prototype development and prospective evaluation of START-AI are required to assess model
performance in clinical settings.

1 | Introduction department (ED). There has been increasing interest in the use

of artificial intelligence (AI), including the use of unstructured
The decision to either admit or safely discharge a patient is one free text data, to develop prediction models to aid with these
of the most important clinical decisions faced in the emergency decisions [1-9].
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Sydney triage to admission risk tool (START) was a decision sup-
port tool developed in 2016 to estimate the probability of inpatient
admission using only structured data available at triage [10, 11].
START has since been implemented into state-wide patient flow
portals, validated prospectively and benchmarked against similar
tools internationally, with 82% overall discriminatory accuracy
[1, 2, 12]. In the present study, we aimed to improve the prediction
capabilities of START by incorporating additional variables such
as vital signs, blood tests, imaging and free text from clinical notes
using AL Such a model would enable real-time synthesis of com-
plex data to support existing decision-making processes in ED and
potentially flag those at risk of clinical deterioration.

2 | Methods
2.1 | Design

The study was a machine learning analysis using electronic
health record (EHR) data from a single site.

2.2 | Study Setting

The study was conducted at an inner-city tertiary referral hospi-
tal in Sydney, Australia, with around 85,000 patients per annum
and 25% inpatient admission rate.

2.3 | Participant Selection

Adult (aged >16years) presentations to ED from 1 January 2023
to 30 June 2025 were included. Participants were excluded if the
patient was dead on arrival to ED, or if the patient left prior to
completing treatment in ED. Only the most recent ED presenta-
tion was used for each patient to avoid statistical bias and loss of
independent observations due to frequent representations by a
small number of patients.

2.4 | Data Sources and Variables

Data were extracted from the EHR by trained data analysts
using reporting functions within Cerner FirstNet. Outputted
variables included demographic (age, sex), administrative (date
and time of ED arrival and departure, triage category based on
Australasian Triage Scale [13], presenting problem, mode of ar-
rival and separation, admission unit), free text (triage comment,
first recorded ED nursing note, first recorded ED medical case
history note), initial vital signs in EHR observation charts (heart
rate [per minute], systolic blood pressure [mmHg], respiratory
rate [/min], oxygen saturations [%], oxygen delivery, Glasgow
Coma Score, temperature [°C]), initial blood tests (first recorded
full blood count, biochemistry, troponin, venous blood gas) and
any CT scans performed (regardless of CT result).

2.5 | Data Preprocessing and Imputation

START scores were calculated based on the original validation
report [10] comprising age, triage category, presenting problem,

mode of arrival, time of arrival and previous inpatient admis-
sion within 30days. Flag variables were created to indicate any
blood test, vital sign or CT performed as a proxy marker for the
decision to request these. Vital signs were extracted from stan-
dard nursing observation charts (categorised according to estab-
lished ‘Between the Flags’ thresholds) [14]. Laboratory results
were extracted from existing fields in the EHR. For consistency,
the following categories were used for vital signs and laboratory
results: 1=critically low, 2=1ow, 3=normal, 4=high, 5=crit-
ically high. Vital signs that were not recorded were imputed
to be within normal range. Patient identifiers (names, medical
record number, birthdate) were removed from the dataset pre-
analysis. Missing ED medical case history notes were imputed
with ED nursing notes. If ED nursing notes were missing, triage
comment was used. ED medical case history notes were clipped
to 150 words. Stop words, punctuation and special characters
were retained to preserve contextual meanings within free text.
Natural language processing was used to create flag variables
based on the presence of major comorbidities or frailty in clin-
ical free text based on Charlson Comorbidity Index [15] and
Rockwood Frailty Scores, respectively [16].

2.6 | Outcomes

The primary outcome was an inpatient admission (‘admitted”)
defined as an ED mode of separation to an inpatient ward from
ED (excluding ED short stay unit). Patients who were admitted
under an inpatient team but discharged while they were still in
ED were classified as discharged from ED. Deaths in ED were
classified as an inpatient admission. The secondary outcome
was a composite of admission to intensive care unit (ICU) or in-
hospital death in the ‘admitted patients’ subset.

2.7 | Data Analysis and Modelling

A bivariate comparison of admitted and non-admitted groups
was performed to provide initial exploratory data of distributions
and unadjusted odds ratios (OR) for variables in the dataset. The
whole dataset was randomly split 1:1 into training and testing.
The training set was used to build and finetune ensemble ma-
chine learning and transformer-based models. The testing data-
set was used to validate predicted probabilities outputted from
training models.

A sequential ensemble modelling approach was used. Firstly,
START scores were obtained using logistic regression based on the
original validation study [10]. Secondly, START scores and cate-
gorical data from flag variables, vital signs and blood tests were
modelled to predict inpatient admission using a gradient-boosted
decision tree algorithm (XGBoost). Thirdly, free text clinical notes
from triage comments and ED case history notes were tokenised
and encoded using Clinical Bidirectional Encoder Representations
from Transformers (ClinicalBERT), designed specifically for en-
coding and labelling clinical free text [17]. Outputted probabilities
from XGBoost and ClinicalBERT models were then combined
using a stacked XGBoost meta-model. Model hyperparameter
tuning was performed with a random subset of the training data,
using GridSearchCV with L2 (lambda) regularisation to minimise
overfitting. The final tuned model was evaluated on the testing
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dataset to obtain final model performance. A composite secondary
outcome (ICU admission, death) was modelled using only START,
vital sign and blood test data with a single-shot XGBoost model on
the same validation dataset.

Gradient boosting is an ensemble algorithm which adds decision
trees sequentially, where each tree minimises the error of the
previous tree [18]. XGBoost is an optimised and highly scalable
version of gradient boosting, which has provided state-of-the-art
results in many applications [19].

2.8 | Performance Metrics

Model performance was assessed based on overall accu-
racy (proportion of cases correctly classified as admission
or discharge), recall (sensitivity), precision (positive predic-
tive value), F1 (harmonic mean of precision and recall) and
AUROC. 95% confidence intervals were estimated using cross
validation of 1000 bootstrap samples. Performance metrics
were weighted to account for imbalanced datasets. Feature
importance was plotted for the final fitted model based on
mean change in AUROC associated with an individual vari-
able. Calibration curves were used to summarise performance
of the model over predicted probability ranges with R? derived
from a simple linear regression used to summarise overall
correlation between predicted and observed probabilities of
inpatient admission.

2.9 | Sensitivity Analyses

Sensitivity analyses were conducted on the primary outcome
model by classifying an inpatient ward (including ED short stay
unit) length of stay <24h as a ‘discharge’ to identify patients
who may be suitable for short stay unit admission or expedited
discharge planning.

2.10 | Software and Computing Requirements

Exploratory analyses were conducted using SAS Enterprise
Guide (version 6.3 SAS Institute, Cary, NC, USA) and ensem-
ble machine learning modelling was conducted using Python
code (version 13.3) and programmed in Visual Studio Code (ver-
sion 1.115) with the assistance of GitHub Pro Copilot (version
1.388.0). The final code was verified by the investigating team. A
12GB NVIDIA Graphics Processing Unit installed in a Windows
10 operated PC (Dell Precision Tower: 72GB RAM, Intel(R) Core
i7-10700) was used for this study. Pre-trained Clinical BERT to-
kenizers were manually downloaded for local use [20] and fine-
tuned on a separate dataset of 10,000 ED case history notes.

211 | Ethics Approval

Approval was obtained from the Sydney Local Health District
Human Research Ethics Committee. All data was stored and
analysed locally. Ethics approval reference X25-0116 and 2025/
ETHO01006. A waiver of consent was granted. The Tripod Al
guidelines were followed, where applicable [21].

3 | Results
3.1 | Study Population

A total of 162,915 cases between 1 January 2023 to 30 June 2025
was analysed with overall inpatient admission rate of 27.31%
(see Table 1 for demographic data). The mean (standard devia-
tion [SD]) age was 50.51 (21.13) years. 49.01% of the study popu-
lation was male. Life-threatening cases (Australasian triage 1-2)
comprised of 19.52%, with admission to ICU or deaths occurring
in 706 (0.43%) of cases. Blood tests were recorded in 70.55% and
CT in 24.49%. There were no duplicates in the dataset. Missing
triage category or presenting problems were present in 196
(0.12%) cases. Five cases had missing ED medical case history
notes after imputation. Cases with these missing variables were
excluded from further ensemble machine learning analyses.

3.2 | Exploratory Data Analysis

Mean (SD) START scores were 12.62 (6.66) in discharged group
and 19.31 (6.28) in admitted group (p <0.001). Abnormalities in
vital signs and blood test results had predictable associations
with inpatient admission. Of note, the presence of any blood test
abnormality was associated with an eight-fold increase in unad-
justed odds of inpatient admission (OR 8.81; 95% CI: 8.54, 9.09)
and the presence of any CT result increased this by five times
(OR 5.48; 95% CI: 5.34, 5.61).

3.3 | Ensemble Machine Learning Models in
Training Datasets

Table 2 summarises performance metrics of START score when
modelled using logistic regression, demonstrating it was as-
sociated with AUROC of 0.77 (95% CI: 0.76, 0.77). AUROC for
other features modelled using XGBoost ranged from 0.86 (95%
CI: 0.85, 0.86) for initial blood test results, including the deci-
sion to perform blood tests, to 0.73 (95% CI: 0.73, 0.73) associated
with ED medical case history notes modelled using fine-tuned
ClinicalBERT.

3.4 | Performance of Final Stacked Meta
XGBoost Model

After hyperparameter tuning with a learning rate of 0.05,
the final stacked meta XGBoost model had AUROC of 0.87
(95% CI: 0.87, 0.87) with overall weighted accuracy of 0.83
(95% CI: 0.82, 0.83) and F1 score of 0.82 (95% CI: 0.82, 0.82)
in the testing (validation) dataset. Figure 1 shows the cal-
ibration curve for admission prediction for the final model.
Calibration of the model demonstrated an R? of 0.92 (95% CI:
0.67, 0.99) with a drop-off in correlation observed at the high-
est predicted probability ranges (> 0.80), indicating the model
over-predicts admission for high-risk patients. Using the same
modelling approach, but without clinical free text, the final
weighted AUROC associated with the secondary outcome of
ICU or death was 0.93 (95% CI: 0.93, 0.94) with a weighted re-
call of 0.89 (95% CI: 0.88, 0.89) and a precision of 0.96 (95% CI:
0.96, 0.96). Figure 2 compares AUROC curves for the original
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TABLE1 | Comparison of demographic and clinical characteristics in discharged and admitted patients.

Discharged Unadjusted

Variable (n=118,415) Admitted (n=44,500) Total (n=162,915) (%) odds ratio (CI)
Age (years)

16-19 2233 (1.89) 333 (0.75) 2566 (1.58) Ref.

20-39 50,894 (42.98) 9592 (21.56) 60,486 (37.13) 1.27 (1.13, 1.43)

40-59 32,289 (27.27) 10,179 (22.87) 42,468 (26.07) 2.12(1.88,2.38)

60-79 24,340 (20.55) 14,060 (31.60) 38,400 (23.57) 3.88 (3.45, 4.36)

80+ 8659 (7.31) 10,336 (23.23) 18,995 (11.66) 8.02 (7.13, 0.04)
Gender

Female 61,381 (51.84) 21,420 (48.13) 82,801 (50.82) Ref.

Male 56,810 (47.98) 23,032 (51.76) 79,842 (49.01) 1.16 (1.14, 1.19)

Other 224(0.19) 48 (0.11) 272 (0.17) 0.62 (0.45, 0.84)
Triage category

1 712 (0.06) 1285 (2.89) 1997 (1.23) 30.40 (25.57, 36.14)

2 16,212 (13.69) 13,596 (30.56) 29,808 (18.30) 14.16 (12.20, 16.42)

3 58,089 (40.06) 24,691 (55.49) 82,780 (50.81) 7.18 (6.19, 8.31)

4 40,199 (33.95) 4734 (10.64) 44,933 (27.58) 1.98 (1.71, 2.31)

5 3201 (2.70) 189 (0.42) 3390 (2.08) Ref.
Arrival

Non-ambulance 86,790 (73.29) 20,845 (46.84) 107,635 (66.07) Ref.

Ambulance 31,625 (26.71) 23,655 (53.16) 55,280 (33.93) 3.12 (3.05, 3.19)
Admission past 30days

No 113,007 (95.43) 39,834 (89.51) 152,841 (93.82) Ref.

Yes 5408 (4.57) 4666 (10.49) 10,074 (6.18) 2.45(2.35, 2.55)
Admission past 7days

No 11,643 (98.50) 43,192 (97.06) 159,835 (98.11) Ref.

Yes 1772 (1.50) 1308 (2.94) 3080 (1.89) 2.0 (1.86-2.14)
Presenting problem

Abdominal pain 13,883 (11.72) 7592 (17.06) 21,475 (13.18) 1.01 (0.97, 1.04)

Cardio-vascular 14,197 (11.99) 4362 (9.80) 18,559 (11.39) 0.56 (0.54, 0.59)

Non-specific? 14,762 (12.47) 8045 (18.08) 22,807 (14.00) Ref.

Infection 2779 (2.35) 1648 (3.70) 4427 (2.72) 1.09 (1.02, 1.16)

Trauma 23,369 (19.73) 5515 (12.39) 28,884 (17.73) 0.43 (0.42, 0.45)

Respiratory 5127 (4.33) 4278 (9.61) 9405 (5.77) 1.53(1.46, 1.61)

MSK /ortho 8958 (7.56) 1657 (3.72) 10,615 (6.52) 0.34(0.32, 0.36)

Neuro 9409 (7.95) 4017 (9.03) 13,426 (8.24) 0.78 (0.75, 0.82)

Mental health 6067 (5.12) 2898 (6.51) 8965 (5.50) 0.88 (0.83, 0.92)

Toxicology 749 (0.63) 393 (0.88) 1142 (0.70) 0.96 (0.85, 1.09)

ENT 5298 (4.47) 498 (1.12) 5796 (3.56) 0.17 (0.16, 0.19)

(Continues)
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TABLE1 | (Continued)

Discharged Unadjusted
Variable (n=118,415) Admitted (n=44,500) Total (n=162,915) (%) odds ratio (CI)
Surgery 2486 (2.10) 371 (0.83) 2857 (1.75) 0.27(0.25, 0.31)
Renal urology 3901 (3.29) 1231 (2.77) 5132 (3.15) 0.58 (0.54, 0.62)
Social 1 (0.00) 3(0.01) 4(0.00%) 5.5(0.57, 52.94)
Endocrine 254 (0.21) 198 (0.44) 452 (0.28) 1.43(1.19, 1.73)
Obstetrics gynaecology 3112 (2.63) 794 (1.78) 3906 (2.40) 0.47 (0.43, 0.51)
Dermatology 3562 (3.01) 570 (1.28) 4132 (2.54) 0.29 (0.27, 0.32)
Haematology 368 (0.31) 374 (0.84) 742 (0.46) 1.87 (1.61, 2.16)
Missing data 133 (0.11) 56 (0.13) 189 (0.12) 0.77 (0.57, 1.06)
Frailty
No 106,141 (89.63) 34,170 (76.79) 140,311 (86.13) Ref.
Yes 12,274 (10.37) 10,330 (23.21) 22,604 (13.87) 2.62 (2.54, 2.69)

Major comorbidity

No 98,258 (82.98) 26,240 (58.97) 124,498 (76.42) Ref.

Yes 20,157 (17.02) 18,260 (41.03) 38,417 (23.58) 3.39 (3.31, 3.48)
Abnormal vitals

No 105,888 (89.42) 33,379 (75.01) 139,267 (85.48) Ref.

Yes 12,527 (10.58) 11,121 (24.99) 23,648 (14.52) 2.81(2.74, 2.90)

Abnormal bloods

No 62,979 (53.18) 5086 (11.43) 68,065 (41.78) Ref.

Yes 55,436 (46.82) 39,414 (88.57) 94,850 (58.22) 8.81 (8.54, 9.09)
Any bloods

No 46,429 (39.21) 1557 (3.50) 47,986 (29.45) Ref.

Yes 71,986 (60.79) 42,943 (96.50) 114,929 (70.55) 17.85 (16.94, 18.80)
WCC (x10%/L)

No data 47,489 (40.10) 1714 (3.85) 49,203 (30.20) 0.07 (0.07, 0.08)

0-1.9 170 (0.14) 314 (0.71) 484 (0.30) 3.68 (3.06, 4.44)

2.0-3.9 1879 (1.59) 1260 (2.83) 3139 (1.93) 1.34 (1.24, 1.44)

4.0-10.9 56,696 (47.88) 28,425 (63.88) 85,121 (52.25) Ref.

11.0-24.9 12,008 (10.14) 12,270 (27.57) 24,278 (14.90) 2.04(1.98, 2.10)

25+ 173 (0.15) 517 (1.16) 690 (0.42) 5.96 (5.02, 7.09)
Hb (g/L)

No value 47,617 (40.21) 1756 (3.95) 49,373 (30.31) 0.08 (0.08, 0.08)

0-79 373 (0.31) 1296 (2.91) 1668 (1.02) 7.49 (6.67, 8.41)

80-114 (female) 9768 (8.25) 12,943 (29.09) 22,711 (13.94) 2.85(2.76,2.93)

80-129 (male)

115-159 (female) 59,611 (50.34) 27,743 (62.34) 87,354 (53.62) Ref.
130-169 (male)
(Continues)
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TABLE1 | (Continued)

Variable

Discharged
(n=118,415)

Admitted (n=44,500)

Total (n=162,915) (%)

Unadjusted
odds ratio (CI)

160-199 (female)
170-199 (male)

199+

CRP (mg/L)
No value
0-4.9
5.0-69.9
70+

Platelets (x10%/L)
No value
0-49
50-149
150-399
400-799
800+

Sodium (mmol/L)
No value
0-119
120-134
135-144
145-154
155+

Potassium (mmol/L)
No value
0-2.4
2.5-34
3.5-51
5.2-6.1
6.2+

Urea (mmol/L)
No value
0-4.4
4.5-9.9
10.0+

Creatinine (micromol/L)

1040 (0.88)

7(0.01)

81,743 (69.03)

18,340 (15.49)

15,523 (13.11)
2809 (2.37)

47,688 (40.27)
174 (0.15)
3896 (3.29)
63,746 (53.83)
2865 (2.42)
46 (0.04)

47,642 (40.23)
11 (0.01)
4850 (4.10)
64,712 (54.65)
1195 (1.01)
5(0.00)

51,095 (43.15)
12 (0.01)
2020 (1.71)
64,018 (54.06)
1191 (1.01)
79 (0.07)

48,429 (40.90)

26,373 (22.27)

39,573 (33.42)
4040 (3.41)

753 (1.69)

9(0.02)

11,384 (25.58)

10,076 (22.64)
16,083 (36.14)
6957 (15.63)

1894 (4.26)
517 (1.16)
4203 (9.44)
34,794 (78.19)
2993 (6.73)
99 (0.22)

1797 (4.04)
153 (0.34)
6526 (14.67)
34,997 (78.64)
928 (2.09)
89 (0.22)

4262 (9.58)
67 (0.15)
1969 (4.42)
35,961 (80.81)
1864 (4.19)
377 (0.85)

1932 (4.34)
11,529 (25.91)
22,844 (51.33)

8195 (18.42)

1793 (1.10)

16 (0.01)

93,127 (57.16)

28,416 (17.44)

31,606 (19.40)
9766 (5.99)

49,582 (30.43)
691 (0.42)
8099 (4.97)
98,540 (60.49)
5858 (3.60)
145 (0.09)

49,439 (30.35)
164 (0.10)
11,376 (6.98)
99,709 (61.20)
2123 (1.30)
104 (0.06)

55,357 (33.98)
79 (0.05)
3989 (2.45)
99,979 (61.37)
3055 (1.88)
456 (0.28)

50,361 (30.91)
37,902 (23.26)
62,417 (38.31)
12,235 (7.51)

1.56 (1.42, 1.71)

2.76 (1.03, 7.42)

0.25 (0.25, 0.26)
Ref.

1.89 (1.93, 1.95)

4.51 (4.29, 4.74)

0.07 (0.07, 0.08)

5.44 (4.58, 6.47)

1.98 (1.89, 2.07)
Ref.

1.91 (1.82, 2.02)

3.94(2.78, 5.60)

0.07 (0.07, 0.07)
25.72 (13.95)
2.49 (2.39, 2.59)
Ref.

1.44 (1.32,1.57)
36.61 (14.91, 89.91)

0.15 (0.14, 0.15)
9.94 (5.38, 18.38)
1.74 (1.63, 1.85)
Ref.

2.79 (2.59, 3.00)
8.50 (6.67, 10.83)

0.07 (0.07, 0.07)
0.76 (0.74, 0.78)
Ref.

3.51 (3.37, 3.67)

No value 47,694 (40.28) 1855 (4.17) 49,549 (30.41) 0.07 (0.07, 0.08)
0-59 18,257 (15.42) 8966 (20.15) 27,223 (16.71) 0.93(0.90, 1.0)
(Continues)
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TABLE1 | (Continued)

Discharged Unadjusted
Variable (n=118,415) Admitted (n=44,500) Total (n=162,915) (%) odds ratio (CI)
60-109 46,945 (39.64) 24,859 (55.86) 71,804 (44.07) Ref.
110-349 5173 (4.37) 7713 (17.33) 12,886 (7.91) 2.82(2.71,2.93)
350+ 346 (0.29) 1107 (2.49) 1453 (0.89) 6.04 (5.35, 6.82)

Troponin T (high sensitive) (ng/L)

No value 100,254 (84.66) 32,299 (72.58) 132,553 (81.36) 1.20 (1.16, 1.25)
0-13 13,839 (11.69) 3716 (8.35) 17,555 (10.78) Ref.
14-51 3812 (3.22) 5689 (12.78) 9501 (5.83) 5.56 (5.26, 5.87)
52+ 510 (0.43) 2796 (6.28) 3306 (2.03) 20.42 (18.45, 22.59)
Venous pH
No value 100,866 (85.18) 21,309 (47.89) 122,175 (74.99) 0.18 (0.18, 0.19)
0-7.19 132 (0.11) 548 (1.23) 680 (0.42) 4.56 (2.94, 4.32)
7.20-7.29 549 (0.46) 1563 (3.51) 2112 (1.30) 2.44(2.21, 2.70)
7.30-7.39 10,084 (8.52) 11,746 (26.40) 21,830 (13.40) Ref.
7.40-7.59 6720 (5.67) 9286 (20.87) 16,006 (9.82) 1.19 (1.14, 1.24)
7.60 64 (0.05) 48 (0.11) 112 (0.07) 0.64 (0.44, 0.94)
Lactate (mmol/L)
No value 100,812 (85.13) 21,271 (47.80) 122,083 (74.94) 0.18 (0.18, 0.19)
0-1.9 12,700 (10.72) 14,789 (33.23) 27,489 (16.87) Ref.
2.0-3.9 4116 (3.48) 6689 (15.03) 10,805 (6.63) 1.40 (1.33, 1.46)
4.0+ 787 (0.66) 1751 (3.93) 2538 (1.56) 1.91 (1.75, 2.09)
Heart rate (/min)
1-39 41 (0.03) 19 (0.04) 60 (0.04) 1.23(0.72,2.12)
40-49 574 (0.48) 166 (0.37) 740 (0.45) 0.77 (0.65, 0.91)
50-119 117,099 (98.89) 44,071 (99.04) 161,170 (98.93) Ref.
120-139 656 (0.55) 200 (0.45) 858 (0.53) 0.81 (0.69, 0.95)
140+ 45 (0.04) 44(0.10) 89 (0.05) 2.60 (1.71, 3.94)
Respiratory rate (/min)
0-4 8 (0.01) 5(0.01) 13 (0.01) 1.68 (0.55, 5.11)
5-9 47 (0.04) 24(0.05) 71 (0.04) 1.37(0.84, 2.24)
10-24 117,818 (99.50) 44,021 (98.92) 161,839 (99.34) Ref.
25-29 432(0.36) 248 (0.56) 680 (0.42) 1.54 (1.31, 1.80)
30+ 110 (0.09) 202 (0.45) 312 (0.19) 4.92(3.90, 6.20)
Systolic BP (mmHg)
0-89 143 (0.12) 291 (0.65) 434(0.27) 5.49 (4.50, 6.71)
90-99 2724 (2.30) 1640 (3.69) 4364 (2.68) 1.63 (1.53, 1.73)
100-179 114,587 (96.77) 42,440 (95.37) 157,027 (96.39) Ref.
180-199 885 (0.75) 118 (0.27) 1003 (0.62) 0.36 (0.30, 0.44)
(Continues)
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TABLE1 | (Continued)

Discharged Unadjusted
Variable (n=118,415) Admitted (n=44,500) Total (n=162,915) (%) odds ratio (CI)
200+ 76 (0.06) 11 (0.02) 87 (0.05) 0.39 (0.21, 0.74)
Temperature (°C)
0-34.4 18 (0.02) 49 (0.11) 67 (0.04) 7.25(4.23, 12.45)
34.5-35.4 268 (0.23) 148 (0.33) 416 (0.26) 1.47 (1.20, 1.80)
35.5-38.4 117,959 (99.61) 44,270 (99.48) 162,229 (99.58) Ref.
38.5-40.9 170 (0.14) 33(0.07) 203 (0.12) 0.52 (0.36, 0.75)
Oxygen saturation (%)
0-89 158 (0.13) 348 (0.78) 506 (0.31) 6.07 (5.03, 7.33)
90-94 1858 (1.57) 1923 (4.32) 3781 (2.32) 2.85(2.67, 3.04)
95-100 116,399 (98.30) 42,229 (94.90) 158,628 (97.37) Ref.
Oxygen delivery on arrival
Room air 118,120 (99.75) 43,632 (98.05) 161,752 (99.29) Ref.
Any O, 295 (0.25) 868 (1.95) 1163 (0.71) 7.96 (6.98, 9.01)
GCS
3-12 566 (0.48) 1175 (2.64) 1741 (1.07) 6.38 (5.76, 7.05)
13-14 5071 (4.28) 6601 (14.83) 11,672 (7.16) 4.00 (3.85, 4.15)
15 112,778 (95.24) 36,724 (82.53) 149,502 (91.77) Ref.
Start score
Mean (SD) 12.62 (6.66) 19.31 (6.28) 14.44 (7.21) N/A
Interquartile range (Q1, 9(8,17) 9 (15, 24) 11 (9, 24) N/A
Q3)
CT
CT brain 8029 (6.78) 7250 (16.29) 15,279 (9.38) 2.68 (2.59, 2.77)
CT stroke 1301 (1.10) 1089 (2.45) 2390 (1.47) 2.26 (2.08, 2.45)
CT head neck 1301 (1.10) 660 (1.48) 1961 (1.20) 1.36 (1.23, 1.49)
CT C spine 1165 (0.98) 591 (1.33) 1756 (1.08) 1.36 (1.22, 1.50)
CT chest 2138 (1.81) 3731 (8.38) 5869 (3.60) 4.98 (4.71, 5.26)
CT abdomen 3717 (3.14) 7533 (16.93) 11,250 (6.91) 6.29 (6.04, 6.56)
CT renal 1548 (1.31) 1394 (3.13) 2942 (1.81) 2.44(2.27,2.63)
CT ortho 4392 (3.71) 7947 (17.86) 12,339 (7.57) 5.64 (5.43, 5.87)
CT spine 419 (0.35) 448 (1.01) 867 (0.53) 2.86 (2.50, 3.27)
CT other 192 (0.16) 570 (1.28) 762 (0.47) 8.00 (6.78, 9.41)
Any CT 17,916 (15.13) 21,976 (49.38) 39,892 (24.49) 5.48 (5.34, 5.61)
Word count mean (SD)
Triage comment 35.63 (10.61) 35.00 (11.68) 35.63(10.92) N/A
ED case history note 128.06 (47.13) 146.15 (29.22) 133.00 (43.73) N/A

Note: All p values <0.0001 except for the following: gender: other =0.0025. Presenting problem: abdominal pain=0.8531, infection =0.0128; toxicology =0.5549,
social =0.1396, endocrine =0.0002, missing data=0.1070. Heart rate: ‘1-39’ 0.4532, ‘40-49’ 0.0029, ‘120-139’ 0.0093. Respiratory rate: ‘0-4’ 0.3668, ‘5-9’ 0.2131.

Systolic BP: 200+ 0.0036. Temperature: ‘34.5-35.4’ 0.0002, ‘38.5-40.9’ 0.0005. Word count mean: Triage comment =0.9266.
2Non-specific includes generalised pain without localisation, unspecified lethargy or malaise.
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FIGURE 1 | Calibration curve for admission prediction for final
stacked meta XGBoost model. Y-axis (fraction of positives) is equivalent
to the actual/observed proportion of patients admitted.
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FIGURE 2 | AUROC curves: logistic regression for start score and
final stacked meta XGBoost model.

START tool and final stacked meta XGBoost model in the test-
ing (validation) dataset.

3.5 | Sensitivity Analysis
After reclassifying those with inpatient length of stay <24 h (in-

cluding ED short stay) as a potential discharge from ED for sen-
sitivity analyses, inpatient admission rate was 22.42%. The final

stacked meta XGBoost model was associated with an AUROC of
0.89 (95% CI: 0.88, 0.89).

3.6 | Feature Importance

The most important variables predicting inpatient admission
with respect to mean change in AUROC using feature permuta-
tion were related to blood tests, with the presence of any abnor-
mal white cell count or urea being most important (Figure 3a).
With respect to ICU or death, the most important variables were
serum venous lactate, presence of any vital sign abnormality, re-
duced GCS and START score (Figure 3b).

4 | Discussion

The present study built on the original START tool by employ-
ing ensemble machine learning AI algorithms to analyse a
dataset comprising both structured and unstructured clinical
data [10-12]. The final model demonstrated very good to ex-
cellent performance in predicting inpatient admission, based
on commonly accepted thresholds for AUROC [22]. Model
performance was robust in a sensitivity analysis and demon-
strated adequate calibration across different ranges of predicted
probabilities.

Since 2018, advances in data science and computing capabil-
ities have made the analysis of large, unstructured clinical
datasets more feasible [23]. Levin et al. used triage data, chief
complaint and structured previous diagnoses from medical
records in the United States to build an admission prediction
model, with an AUROC for admission of 0.82-0.84 across dif-
ferent ED populations [8]. Tahayori et al. used Clinical BERT
to analyse free text in triage notes in Melbourne, Australia,
achieving AUROC of 0.88 for disposition prediction [4].
Cusido et al. analysed structured triage data from over 3 mil-
lion patients from 60 EDs in Spain, to develop an admission
prediction model with an AUROC of 0.89 [9]. Recent studies
using machine learning to develop ED disposition tools have
demonstrated accuracies around 87% and highlighted the
importance of additional data including pre-existing comor-
bidities and free text with natural language processing [2, 3].
A 2025 meta-analysis by Kuo and Chang found 81% sensitiv-
ity, 87% specificity and 0.87 AUROC for the pooled data of 39
studies assessing AI admission prediction models; however,
there was variability regarding structured and unstructured
text [5]. Similarly, in Shin et al.'s 2025 systematic review, 20
studies were identified that analysed triage data for admission
prediction, with an AUROC from 0.80 to 0.89 [6].

Strengths of the present study include the use of a validated
risk tool as a foundation and an ensemble approach which im-
proved the robustness of the model's performance. We used
a range of clinically relevant features including blood test
results and CT requests to replicate factors that influence
usual clinical decision-making processes in ED. As the pres-
ence or absence of a particular variable was coded as part of
the model, it was designed to incrementally calculate proba-
bilities of outcomes and not rely on the presence of all vari-
ables to output a prediction. A prediction could therefore be

10 of 13
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FIGURE3 | Legend on next page.
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FIGURE 3 | (a) Feature importances with 95% CI (permutation importance) of final stacked meta XGBoost model on testing data set for admis-
sion prediction. (b) Feature importances with 95% CI (permutation importance) of final stacked meta XGBoost model on testing data set for ICU or

death prediction.

outputted with or without the presence of blood test results or
free text clinical notes for instance. Our results provided evi-
dence to support further development and prospective evalua-
tion, similar to previous studies. A small implementation pilot
of the original START demonstrated a reduction in ED length
of stay (301 vs. 423min; p<0.0001) when the START score
was used to assist decision making compared with matched
controls [24].

4.1 | Limitations

There were several acknowledged limitations to our study.
Firstly, this was a single centre analysis of EHR data.
Implementation at scale would require analysis of data from a
broad range of health services with different patient demograph-
ics, admission rates and proportion of arrivals by ambulance,
to ensure validity and model performance across different sites
and modes of care. Secondly, the final model was complex, util-
ising many clinical variables. For clinical use, the model would
need to be integrated within clinical data warehouses, with in-
cremental changes in outcome probabilities displayed dynami-
cally on clinically facing systems as variables such as vital signs
and blood tests become progressively available. We did not aim
to compare this model against human performance as the use
case for this model would be to support senior decision making
in ED rather than replace it. Of note, Vaghasiya et al. assessed
the accuracy of various groups, including triage nurses and ED
doctors, in making admission predictions based on brief assess-
ments at triage only, finding triage nurses were able to predict
445/490 (90.82%) discharges with a positive predictive value of
90.8% (95% CI: 87.8, 93.2) [25]. A prospective evaluation would
involve measuring how START-AI could help to improve time-
liness of human clinical decision making or reduce preventable
inpatient admissions and representations to ED. Further work
may include development of a prototype risk prediction tool for
piloting and implementation. Other future directions include
incorporation of imaging reports and medication summaries
as part of the modelling process. These are likely to be compu-
tationally more intensive and will require access to significant
cloud computing resources.

4.2 | Conclusions

START-AI was derived and internally validated to accurately
predict patient disposition from ED in a single centre study.
Prototype implementation and pilot prospective evaluation of
START-AI will be required to assess model performance in the
clinical setting.
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