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Abstract

Objective: The Score for Emergency Risk Prediction (SERP) is a novel mortality risk prediction score which leverages machine
learning in supporting triage decisions. In its derivation study, SERP-2d, SERP-7d and SERP-30d demonstrated good pre-
dictive performance for 2-day, 7-day and 30-day mortality. However, the dataset used had significant class imbalance.
This study aimed to determine if addressing class imbalance can improve SERP’s performance, ultimately improving triage
accuracy.

Methods: The Singapore General Hospital (SGH) emergency department (ED) dataset was used, which contains 1,833,908 ED
records between 2008 and 2020. Records between 2008 and 2017 were randomly split into a training set (80%) and valid-
ation set (20%). The 2019 and 2020 records were used as test sets. To address class imbalance, we used random oversam-
pling and random undersampling in the AutoScore-Imbalance framework to develop SERP+-2d, SERP+-7d, and SERP+-30d
scores. The performance of SERP+, SERP, and the commonly used triage risk scores was compared.

Results: The developed SERP+ scores had five to six variables. The AUC of SERP+ scores (0.874 to 0.905) was higher than
that of the corresponding SERP scores (0.859 to 0.894) on both test sets. This superior performance was statistically signifi-
cant for SERP+-7d (2019: Z=−5.843, p < 0.001, 2020: Z=−4.548, p < 0.001) and SERP+-30d (2019: Z=−3.063, p= 0.002,
2020: Z=−3.256, p= 0.001). SERP+ outperformed SERP marginally on sensitivity, specificity, balanced accuracy, and posi-
tive predictive value measures. Negative predictive value was the same for SERP+ and SERP. Additionally, SERP+ showed
better performance compared to the commonly used triage risk scores.

Conclusions: Accounting for class imbalance during training improved score performance for SERP+. Better stratification of
even a small number of patients can be meaningful in the context of the ED triage. Our findings reiterate the potential of
machine learning-based scores like SERP+ in supporting accurate, data-driven triage decisions at the ED.
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Introduction
Emergency department (ED) triage is a preliminary clinical
assessment that stratifies patients according to the severity
of medical condition and urgency of care.1 Trained nurses
usually make triage decisions based on information such as
the patient’s vital signs and primary complaints.2 Although
conceptually simple, triage decisions in real-world ED
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settings are complex. There is no consensus on the factors for
determining triage category.2 Additionally, a patient’s future
clinical course is often not apparent during triage due to the
diversity of medical conditions and limited information
available.3 Nurses are also under time pressure to make
triage decisions, as they need to allocate patients to the appro-
priate downstream resources quickly.3

One approach to ED triage is to use standardized triage
systems such as the Emergency Severity Index (ESI)4 or the
Manchester Triage Scale (MTS).5 This approach requires
nurses to rely heavily on clinical acumen and subjective
judgment when making triage decisions.2 As a result,
studies have shown that standardized triage systems are
associated with reduced accuracy, poor inter-rater reliabil-
ity, and high rates of mis-triage.6–8 Another approach to
ED triage is to use clinical risk scores. However, some
scores only apply to specific subpopulations of patients,
such as the PREDICT score for elderly patients9 or the
Mortality in Emergency Department Sepsis (MEDS) score
for patients with suspected infection.10 Several scores
require variables that are not available during ED triage.
For example, the Acute Physiology and Chronic Health
Evaluation II (APACHE-II)11 includes laboratory values.
Moreover, widely used risk scores like the National Early
Warning Score (NEWS) and Modified Early Warning
Score (MEWS) have shown only fair or inconsistent pre-
dictive abilities for patients in the ED.12,13

In recent years, there has been growing interest in applying
machine learning (ML)models to ED triage.14–16As depicted
inTable 1, studies have investigated theuse of variousmodels
in predicting key outcomes such as triage level,mortality, and
critical care admission, yielding promising results.17–23 The
Score for Emergency Risk Prediction (SERP) is a machine
learning-based mortality risk prediction score recently devel-
oped to address the limitations of existing standardized triage
systems and clinical risk scores.22 SERPwasdevelopedusing
theAutoScore framework, which provided steps for automat-
ically generating simple, point-based clinical scores.24

Specifically, SERP-2d, SERP-7d, and SERP-30d were three
novel risk scores that used routinely available triage data to
predict a patient’s risk of death at two days, seven days, and
30 days, respectively.22 SERP-30d achieved an area under
the receiver operating characteristics curve (AUC) of 0.821
for two-day mortality, 0.826 for seven-day mortality, and
0.823 for 30-day mortality, outperforming other commonly
used risk scores.22Besidesdemonstratinghigh predictive per-
formance, SERP scores were interpretable, parsimonious,
and contained variables already routinely collected during
the ED triage.22 However, the training dataset used in
SERP had considerable class imbalance, which was not
addressed during the model training. As ML models require
many observations to learn patterns for prediction, models
trained on imbalanced datasets tend to favor the majority
class.25 Consequently, these models may perform poorly on
predictions of the minority class.25

The original AutoScore framework used for SERP did
not address class imbalance. A recently published extension
to the framework, AutoScore-Imbalance, has incorporated
adjustments specifically for imbalanced medical datasets.26

Yuan et al. demonstrated that a mortality risk score gener-
ated using the AutoScore-Imbalance achieved better pre-
dictive performance with fewer variables compared to a
score derived from the AutoScore.26 These findings
suggest that SERP’s predictive performance could be
improved by incorporating methods to account for the
class imbalance. Hence, this study aimed to determine if
applying the AutoScore-Imbalance framework to address
class imbalance can improve SERP’s performance. To do
this, we used the AutoScore-Imbalance to develop and
evaluate new models, which we called SERP+ scores and
compared them with the previously developed SERP
scores. We hypothesized that addressing class imbalance
would improve SERP’s predictive ability. The “+” in the
SERP+ scores was a reference to the addition of data rebal-
ancing techniques in score development compared to the
original SERP scores which did not include data rebalan-
cing techniques. We reported score development and evalu-
ation details in the Methods and Results sections. We have
also highlighted key findings and the potential for clinical
application of this tool in the Discussion section.

Methods

Study design and setting

This study was a retrospective cohort study of Singapore
General Hospital (SGH) patients. Singapore is a multiracial
southeast Asian nation-state with a population of approxi-
mately 5.6 million.27 SGH is Singapore’s oldest and
largest tertiary hospital, and its ED manages approximately
130,000 attendances annually. This study was approved by
the Singapore Health Services’ Centralised Institutional
Review Board (CIRB Reference 2021/2122), which deter-
mined that the study was exempted from full board
review due to less than minimal risk on subjects using dei-
dentified data. Due to the study’s retrospective nature, a
waiver of consent was granted.

Study population

The dataset consisted of all adult SGH ED visits between 1
January 2008 and 31 December 2020.28 Deidentified data
was extracted from the SingHealth Electronic Health
Intelligence System (eHints). eHints is an analytics plat-
form that integrates and consolidates data from several
information systems within the SingHealth healthcare
cluster in Singapore. Inclusion criteria were ED records
for adult patients, defined as persons 21 years old and
above. We used 21 years of age as the threshold because
this is the age of majority stipulated by common law in
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Singapore.29 We excluded records associated with patients
younger than 21 and any duplicate records. There were a
total of 1,833,908 records representing information from
813,535 unique patients.

There were 138 variables in the dataset; the complete list
of variables can be found in Table S1 of the Supplemental
Material. Vital signs and consciousness level (Glasgow
Coma Scale,30 Alert Voice Pain Unresponsive scale31)
values were taken from the earliest entry in the EHR for
the ED visit. These values are usually collected at triage.
Comorbidity information was extracted from the
International Classification of Diseases, Ninth Revision
(ICD-9)32 codes and the International Classification of
Diseases, Tenth Revision (ICD-10)33 codes in hospital
diagnosis and discharge records within five years before
the index ED visit. The definition of the comorbidity vari-
ables follows the Charlson Comorbidity Index (CCI),34

and the algorithms by Quan et al.35 were used to link the
ICD-9 and ICD-10 codes to the corresponding
comorbidities.

Candidate variables

Candidate variables for score development were preselected
based on several criteria to ensure that the derived mortality
scores would be valid and useful for triage. These variables
had to be available at the point of triage and be relevant to
mortality risk prediction based on scientific literature or
clinical expertise. We also favored the selection of objective
variables that could be calculated rather than those that had
to be determined through subjective judgment. This was to
minimize the influence of varying levels of clinical expert-
ise and experience on the performance of the derived
scoring tool. Sensitive variables were excluded, such as a

Table 1. Summary of a selection of studies investigating the use of machine learning for emergency department triage in the past five years.

Author, year Outcome measure(s) Machine learning model(s) Key findings

Choi et al.,
201917

Korean Triage and
Acuity Scale level

Logistic regression
Random forest
XGBoost

The best performing models were the random
forest and XGBoost models trained on the full
dataset.

Jiang et al.,
202118

Triage level Logistic regression
Random forest
XGBoost
Gradient-boosted decision tree

All models showed good discriminative ability,
achieving an AUC of greater than 0.90. XGBoost
performed slightly better compared to other
models.

Klug et al.,
201919

Mortality XGBoost The XGBoost model was highly predictive of
patients at risk of early mortality, with an AUC of
0.962.

Raita et al.,
201920

Hospitalisation
Critical care
admission

Lasso regression
Random forest
Gradient-boosted decision tree
Deep neural network

Machine learning models outperformed the ESI in
the prediction of critical care outcomes and
hospitalisation.

Tschoellitsch
et al., 202321

Ward admission
ICU admission
30-day mortality

Neural network
Random forest

The models for ward admission, ICU admission,
and 30-day mortality showed good performance
and had an AUC of 0.842, 0.819, and 0.925
respectively.

Xie et al., 202122 two-day, seven-day,
30-day mortalities

AutoScore framework which is based
on random forest and logistic
regression methods

SERP-30d achieved an AUC greater than 0.82 for
mortality outcomes and demonstrated superior
performance compared to commonly used risk
scores.

Yu et al., 202023 Mortality
Critical care
admission

Logistic regression
Deep learning

The machine learning and initial nursing
assessment-based system showed higher
predictive ability than the Korean Triage and
Acuity Scale and Sequential Organ Failure
Assessment.

Abbreviations: AUC: area under the receiver operating characteristics curve; ESI: Emergency Severity Index; ICU: intensive care unit; SERP-30d: Score for
Emergency Risk Prediction 30-day mortality; XGBoost: eXtreme gradient boosting.
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diagnosis of Human Immunodeficiency Virus (HIV). A
visualization of the selection process is shown in
Figure S2. The final candidate variables are described in
Table S2 of the Supplemental Material.

Outcomes

The two-, seven- and 30-day mortalities were the primary
outcome measures used to develop SERP+-2d, SERP
+-7d, and SERP+-30d, respectively. These data were
obtained from the national death registry records and
matched with specific EHR records.

Data analysis

Data analysis was conducted using R software (version
4.2.2)36 between February and May 2023.

Data pre-processing. Duplications and records relating to
patients younger than 21 years were excluded. Missing
values were imputed with the median values for continuous
variables and the mode for categorical variables. Variables
related to vital signs were also inspected for outliers. Vital
sign values beyond plausible physiological ranges based on
clinical knowledge were considered outliers and set to
missing. Outliers included any values below zero, systolic
blood pressure (BP) above 300 mmHg, diastolic BP
above 180 mmHg, heart rate above 300 beats per minute,
respiration rate above 50 breaths per minute, and oxygen
saturation from pulse oximetry above 100%. All missing
values were subsequently imputed using the median
value. Very low vital sign values (e.g. systolic BP of 10)
were deemed to be plausible upon admission to the ED as
patients may be critically ill or dying.

ED visits between 2008 and 2018 were randomly split
into a training set (80%) and a validation set (20%).
There were two test sets consisting of ED visits from
2019 and 2020 respectively. This sequential testing
design was adopted to be more consistent with future real-
world application of the clinical risk scores. Test sets from
2019 to 2020 were separated to delineate any potential
impact of the coronavirus disease of 2019 (COVID-19)
pandemic on score performance. Baseline characteristics
of the training, validation, and test sets were analyzed.
Means and standard deviations were reported for continu-
ous variables, and counts with percentages were reported
for categorical variables.

SERP+ development. SERP+-2d, SERP+-7d, and SERP
+-30d were developed using the AutoScore-Imbalance
framework.26 Following the systematic steps in this frame-
work, model training was completed on the training dataset,
and a hold-out validation approach was used by using an
independent validation set for parameter tuning. In Block
A of the AutoScore-Imbalance framework,26 the raw

imbalanced training dataset was first modified to produce
a relatively balanced dataset. From the original dataset,
five additional datasets were generated using random over-
sampling and random undersampling at ratios of 0.3, 0.35,
0.4, 0.45, and 0.5. The ratio represents the proportion of
minority class samples relative to the entire dataset. For
example, a ratio of 0.3 implies that 30% of the dataset
has the minority class label. We used these five datasets
to generate five sets of preliminary SERP+ scores and
then evaluated the performance of these scores on the val-
idation dataset by calculating the AUC on mortality out-
comes. The dataset which produced the best performing
score was chosen for the final score derivation. This system-
atic approach enabled us to choose the ratio that achieved an
optimal balance between addressing class imbalance and
preventing overfitting. Scoring for the original minority
samples remains reliable, as the chosen ratio was validated
based on its performance on the independent validation set.

With the optimal dataset, sample weight optimization
was performed in Block B of the AutoScore-Imbalance
framework,26 followed by SERP+ derivation in Block
C. A random forest was performed on the training dataset
for each score to rank the predictor variables. Then, a par-
simony plot was generated with the validation dataset,
and this was used to evaluate several candidate models
and ascertain the variables that should be included in the
final model. For the scoring table, cut-off values of continu-
ous variables were adjusted to ensure that they were reason-
able and in line with standard clinical values. When the
optimized sample weights, variables, and score cut-off
points were determined, the final SERP+score was gener-
ated with a weighted logistic regression model.

Score evaluation. SERP+-2d, SERP+-7d, and SERP+-30d
were evaluated on the 2019 and 2020 test sets to predict
two-day, seven-day, and 30-day mortality outcomes.
SERP-2d, SERP-7d, and SERP-30d were calculated for
each record in the 2019 and 2020 test sets by mapping
the value of each predictor variable to the points assigned
by the SERP scoring table. The performance of SERP
scores was evaluated for the prediction of two-day, seven-
day, and 30-day mortalities. Additionally, we assessed the
performance of MEWS,37 NEWS,38 Rapid Acute
Physiology Score (RAPS),39 and Rapid Emergency
Medicine Score (REMS)40 on both test sets to facilitate
comparison of SERP+ and SERP with other commonly
used triage scores.

The primary evaluation metric used was the AUC. The
95% confidence interval (CI) measures were calculated
for AUC based on bootstrapped samples. The DeLong
test was performed to compare the AUC of SERP+ and
SERP. Additionally, sensitivity, specificity, balanced accur-
acy, positive predictive value (PPV), and negative predict-
ive value (NPV) of SERP+ and SERP were determined at
the optimal threshold. The optimal threshold was defined
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by taking the point closest to the upper left corner of the
receiver operating characteristics (ROC) curve.

Results

Formation of study cohorts

From the initial SGH ED dataset of 1,833,908 records, we
excluded 114,507 records because their age was less than
21 or they were duplicates. The remaining ED visits were
split into the training set (n= 1,189,321, 69.2%), validation
set (n= 297,330, 17.3%), test set 2019 (n= 125872, 7.3%),
and test set 2020 (n= 106,878, 6.2%). Figure 1 presents a
flowchart showing the formation of these study cohorts.

Baseline characteristics of study cohorts

Table S3 in the Supplemental Material presents the baseline
characteristics of the study cohorts. Overall, the cohorts
were similar in gender, race, registration data, vital signs,
consciousness level, and historical utilization of healthcare
services. Patients in the test sets were, on average, older
than those in the training and validation sets, which likely
reflected demographic shifts due to the aging population
in Singapore.41 In terms of comorbidities, patients in the
test sets are more likely to present with dementia, diabetes,
and kidney disease, and they are less likely to have chronic
pulmonary disease and peptic ulcer disease. The two-day,
seven-day, and 30-day mortality rates in the training set
were 0.46%, 0.92%, and 2.21% respectively. This propor-
tion of class imbalance was similar in the other study
cohorts.

SERP+ development

To derive SERP+, the original imbalanced training dataset
was used to produce relatively balanced datasets at different
ratios. The best performing dataset was at a ratio of 0.3 for
SERP+-2d, 0.35 for SERP+-7d, and 0.5 for SERP+-30d,
as seen in Table 2. The training sets were then used to
derive optimal sample weights and the scores for SERP+.
Five variables were chosen for SERP+-2d. These were
age, heart rate, respiration rate, systolic BP, and diastolic
BP. SERP+-7d and SERP+-30d selected these same

Figure 1. Flowchart showing the formation of the training set, validation set and test sets. ED: emergency department.

Table 2. Performance of different dataset ratios on the validation
dataset, AUC (95% CI). The italicized value represents the AUC (95%
CI) for the best performing dataset.

Ratio SERP+-2d SERP+-7d SERP+-30d

0.3 0.896
(0.887–0.905)

0.895
(0.889–0.901)

0.896
(0.892–0.899)

0.35 0.895
(0.886–0.904)

0.897
(0.891–0.903)

0.897
(0.893–0.900)

0.4 0.886
(0.876–0.895)

0.895
(0.889–0.901)

0.897
(0.893–0.900)

0.45 0.889
(0.879–0.900)

0.894
(0.888–0.900)

0.897
(0.893–0.900)

0.5 0.891
(0.882–0.900)

0.893
(0.887–0.899)

0.898
(0.894–0.901)

Abbreviations: AUC: area under the receiver operating characteristics curve;
SERP+: Score for Emergency Risk Prediction+.
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variables with the addition of cancer history. The number of
variables was chosen based on the parsimony plots gener-
ated in the AutoScore-Imbalance (refer to Figures S3, S4,
and S5 in Supplemental Material). Adding more variables
to the scoring model after the selected number did not
improve model performance significantly. SERP+ vari-
ables and scoring cut-off points are shown in Table 3.

Score evaluation

On test set 2019, AUC was 0.874 (95% CI, 0.856–0.890)
for SERP+-2d, 0.883 (95% CI, 0.873–0.893) for SERP
+-7d, and 0.888 (95% CI, 0.882–0.894) for SERP+-30d
on each score’s primary mortality outcome. For test set
2020, AUC for the primary mortality outcome was 0.905
(95% CI, 0.893–0.918) for SERP+-2d, 0.893 (95% CI,
0.883–0.902) for SERP+-7d, and 0.890 (95% CI, 0.884–
0.895) for SERP+-30d. Score performance remained
high across both test cohorts and did not appear to be
affected by COVID-19. AUC values of SERP+ were
higher than that of the corresponding SERP scores by
0.006 to 0.024. This superior performance was statistically
significant for SERP+-7d (test set 2019: Z=−5.843, p<
0.001, test set 2020: Z=−4.548, p< 0.001) and SERP
+-30d (test set 2019: Z=−3.063, p= 0.002, test set
2020: Z=−3.256, p= 0.001). SERP+-2d’s higher AUC
was not statistically significant compared to SERP-2d
(test set 2019: Z=−1.281, p= 0.200, test set 2020: Z=
−1.821, p= 0.069). In general, SERP+ also showed
better sensitivity, specificity, balanced accuracy, and PPV
measures than SERP, as seen in Table 4. NPV was identi-
cal when comparing SERP+ and SERP for the same mor-
tality outcome (Table 4).

Figures 2 and 3 compare the ROC curves for SERP+,
SERP, MEWS, NEWS, RAPS, and REMS on test set
2019 and test set 2020 respectively. These figures show
that AUC measures for SERP+ were higher than those of
SERP, MEWS, NEWS, RAPS, and REM on both test sets.

Discussion
This study aimed to evaluate if addressing class imbalance
during model training can improve the performance of
SERP, a mortality risk prediction score for triage. SERP
was derived with the AutoScore framework, while SERP
+ was developed using the AutoScore-Imbalance on the
same mortality outcomes. Comparing SERP+ and SERP,
we found that both were similar in the number and type
of variables selected as predictors for mortality. SERP
+-7d and SERP+-30d achieved significantly better per-
formance than the corresponding SERP scores, showing
that accounting for class imbalance during model training
can improve score performance. SERP+ also outperformed
existing triage risk scores, including the MEWS, NEWS,
RAPS, and REMS.

Table 3. Variables and cut-off values for SERP+-2d, SERP+-7d, and
SERP+-30d scores.

Variable
SERP
+-2d

SERP
+-7d

SERP
+-30d

Age, year

<40 0 0 0

40–59 17 15 14

60–74 25 22 23

≥75 31 30 30

Heart rate, /min

<70 2 1 0

70–79 0 0 0

80–94 8 6 4

≥95 17 12 10

Respiration rate, /min

<16 26 20 15

16–17 0 0 0

≥18 8 6 3

Systolic BP, mmHg

<110 19 13 10

110–129 9 6 4

130–139 1 1 0

≥140 0 0 0

Diastolic BP, mmHg

<60 7 6 5

60–69 0 0 0

70–79 6 3 1

≥80 4 3 1

Cancer history

None NA 0 0

Local tumor, leukemia, and
lymphoma

NA 8 10

Metastatic solid tumor NA 18 23

Abbreviations: SERP+: Score for Emergency Risk Prediction+; BP: blood
pressure; NA: not applicable.
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Variables selected

SERP+ scores selected five to six variables, similar to the
number of variables presented in SERP. Having five to
six variables constitutes a parsimonious score, as the
number of variables required in existing mortality risk
scores and ML algorithms can be significantly higher. For
instance, the APACHE II used 14 variables,11 while a
deep learning mortality algorithm required 66 variables.42

Having many variables in a score hinders clinical imple-
mentation because there are real-world costs involved in
gathering and mapping a high number of variables. In

contrast, parsimonious scores like SERP+ minimize the
burden of data collection, increasing the likelihood that
such scores will be incorporated into clinical practice.

We also found that SERP+ selected similar types of vari-
ables compared to SERP. All SERP+ and SERP scores
chose age, respiration rate, systolic BP, diastolic BP, and
heart rate. It is evident that age and vital sign measurements
feature prominently in SERP+ and SERP, a finding sup-
ported by existing research studies. Previous research has
shown that older patients exhibited higher seven-day and
30-day mortalities across all triage priority levels when
compared with younger patients.43 Old age was also an

Table 4. Performance metrics of SERP+ and SERP on the test sets based on primary mortality outcome.

Model Threshold AUC Sensitivity Specificity Balanced accuracy PPV NPV

Test set 2019

SERP+-2d ≥54 0.874
(0.856–0.890)

0.796
(0.760–0.832)

0.813
(0.810–0.815)

0.805
(0.785–0.824)

0.017
(0.016–0.017)

0.999
(0.999–0999)

SERP+-7d ≥43 0.883
(0.873–0.893)

0.848
(0.825–0.870)

0.767
(0.765–0.766)

0.808
(0.795–0.818)

0.030
(0.029–0.030)

0.998
(0.998–0.999)

SERP+-30d ≥42 0.888
(0.882–0.894)

0.801
(0.786–0.816)

0.819
(0.817–0.821)

0.810
(0.802–0.819)

0.091
(0.089–0.093)

0.995
(0.994–0.995)

SERP-2d ≥21 0.864
(0.846–0.882)

0.804
(0.766–0.838)

0.768
(0.766–0.770)

0.786
(0.766–0.804)

0.014
(0.013–0.014)

0.999
(0.999–0.999)

SERP-7d ≥26 0.859
(0.848–0.871)

0.826
(0.803–0.848)

0.732
(0.730–0.735)

0.779
(0.767–0.792)

0.025
(0.024–0.026)

0.998
(0.998–0.998)

SERP-30d ≥23 0.882
(0.876–0.889)

0.822
(0.806–0.836)

0.785
(0.783–0.787)

0.804
(0.795–0.812)

0.080
(0.078–0.081)

0.995
(0.995–0.995)

Test set 2020

SERP+-2d ≥54 0.905
(0.893–0.918)

0.837
(0.806–0.866)

0.828
(0.826–0.830)

0.833
(0.816–0.848)

0.025
(0.024–0.026)

0.999
(0.999–0.999)

SERP+-7d ≥48 0.893
(0.883–0.902)

0.776
(0.751–0.803)

0.856
(0.856–0.861)

0.816
(0.804–0.832)

0.050
(0.049–0.052)

0.998
(0.997–0.998)

SERP+-30d ≥42 0.890
(0.884–0.895)

0.815
(0.800–0.830)

0.816
(0.814–0.818)

0.816
(0.807–0.824)

0.097
(0.095–0.098)

0.995
(0.994–0.995)

SERP-2d ≥25 0.894
(0.878–0.910)

0.730
(0.696–0.768)

0.903
(0.901–0.905)

0.817
(0.799–0.837)

0.038
(0.036–0.040)

0.999
(0.998–0.999)

SERP-7d ≥26 0.874
(0.862–0.885)

0.837
(0.814–0.860)

0.733
(0.731–0.736)

0.785
(0.773–0.798)

0.029
(0.029–0.030)

0.998
(0.998–0.998)

SERP-30d ≥23 0.883
(0.876–0.890)

0.835
(0.821–0.849)

0.781
(0.779–0.784)

0.808
(0.800–0.817)

0.084
(0.083–0.086)

0.995
(0.995–0.995)

Abbreviations: SERP+: Score for Emergency Risk Prediction+; SERP: Score for Emergency Risk Prediction; AUC: area under the receiver operating
characteristics curve; PPV: positive predictive value; NPV: negative predictive value.
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independent risk factor for the deterioration of vital signs at
the ED despite a stable appearance on arrival.44 Changes in
vital signs have been shown to precede a serious adverse
event by several hours, with studies demonstrating that
the presence of abnormal vital signs during ED triage is
strongly predictive of in-hospital mortality and ICU admis-
sion.44,45 The inclusion of age and vital signs in SERP+ and
SERP further reinforces the significance of these variables
in mortality prediction.

Additionally, SERP+-7d and SERP+-30d selected
cancer history as a variable for mortality prediction.
SERP-30d also included this variable.22 Unlike age and
vital signs, existing mortality risk prediction scores do not
commonly include cancer history. However, variable
ranking in AutoScore-Imbalance identified cancer history
as the second and fourth most important variable during
the development of SERP+-30d and SERP+-7d, respect-
ively. Studies outside the ED that have investigated
cancer history found that it is associated with a higher mor-
tality risk in groups such as hospitalized COVID-19

patients46 and patients who have undergone primary percu-
taneous coronary intervention.47 More research is needed to
ascertain the importance and specific contribution of cancer
history to the prediction of mortality outcomes at the ED.

Addressing class imbalance

There was a statistically significant improvement in per-
formance for SERP+-7d and SERP+-30d compared to
the corresponding SERP scores. ML studies have reported
contradictory findings on the effects of class rebalancing
on model performance. Khushi et al. found that addressing
dataset imbalance improved the predictive capability of a
lung cancer prediction model over baseline models
derived from imbalanced datasets.48 Another paper also
reported a positive relationship between the rebalancing
of class ratios and an increase in AUC when using linear
discriminant analysis.49 The most significant improvement
was achieved when the majority and minority classes
were equal.49 In contrast to these findings, Thabtah et al.

Figure 2. Receiver operating characteristic curves for SERP+, SERP, and other existing triage risk scores for (a) two-day mortality, (b)
seven-day mortality, and (c) 30-day mortality on test set 2019. SERP+: Score for Emergency Risk Prediction+; SERP: Score for Emergency
Risk Prediction; MEWS: Modified Early Warning Score; NEWS: National Early Warning Score; RAPS: Rapid Acute Physiology Score; REMS:
Rapid Emergency Medicine Score; AUC: area under the receiver operating characteristics curve.
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found that a Naive Bayes classifier exhibited the worst per-
formance with perfectly balanced datasets.50 In their study,
the best performance was found when there was a relatively
large imbalance between the majority class and the minority
class at a ratio of 90:10 or 10:90. Similarly, in a study evalu-
ating eight classifiers on 31 datasets with different degrees
of imbalance, the model performance was more likely to
worsen rather than improve after the application of resam-
pling techniques.51 Dataset rebalancing was discovered to
be more beneficial with linear classifiers such as logistic
regression over other types of models.51 As SERP+ and
SERP are based on logistic regression, this may explain
why more balanced datasets produced better performing
models in our study. Data rebalancing appears to have dif-
fering effects on model performance depending on factors
such as class ratio and type of classifier used. Hence, it is
imperative to validate the effectiveness of any rebalancing
technique for the proposed use case before application to
model development.

Although all SERP+ scores had higher AUCs than their
SERP counterparts on both test sets, AUC improvement
was modest, ranging from 0.6% to 2.4%. While this

improvement appears marginal, better stratification of
even a small number of patients can still be meaningful in
healthcare, where decisions can impact human lives.
Based on previous studies, we chose a hybrid approach of
random oversampling and random undersampling to rebal-
ance our dataset.26 Adopting other data sampling
approaches could further enhance model performance. For
example, informed undersampling approaches such as
EasyEnsemble52 or one-sided selection53 can be used. For
oversampling, methods like Synthetic Minority
Oversampling Technique (SMOTE) can be evaluated as it
has shown to be helpful in several healthcare datasets.54,55

There is currently no consensus on the best methods to
address dataset imbalance, as effectiveness appears to be
influenced by factors like the type of data, ratio of class
imbalance, and type of classifier.48,56 Computational cost
and training efficiency are also important considerations.
For instance, performing SMOTE is computationally
more expensive than random oversampling. Further
research comparing the different rebalancing approaches
is needed to inform decisions regarding method choice
for highly imbalanced medical datasets.

Figure 3. Receiver operating characteristic curves for SERP, SERP+, and other existing triage risk scores for (a) two-day mortality, (b)
seven-day mortality, and (c) 30-day mortality on test set 2020. SERP+: Score for Emergency Risk Prediction+; SERP: Score for Emergency
Risk Prediction; MEWS: Modified Early Warning Score; NEWS: National Early Warning Score; RAPS: Rapid Acute Physiology Score; REMS:
Rapid Emergency Medicine Score; AUC: area under the receiver operating characteristics curve.
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Clinical application

The unique contribution of this paper was developing an
improved version of SERP scores through the application
of the AutoScore-Imbalance framework to address class
imbalance. By leveraging data rebalancing techniques,
SERP+ has the potential to facilitate more accurate triage
decisions compared to existing standardized triage
systems and clinical risk scores. Several characteristics of
SERP+ make the scores particularly well-suited for clinical
application. SERP+ showed superior predictive accuracy
on a general ED cohort consisting of patients with
varying demographics, acuity levels, and medical presenta-
tions. Hence, it can be used as a highly predictive general-
purpose mortality risk scoring tool at the ED, removing the
need for different risk scores for different patient sub-
groups. In addition, SERP+’s predictions are interpretable,
as the contribution of each variable to the final prediction is
apparent from the assigned points. With this transparency,
healthcare professionals can understand and explain the
predictions made by SERP+, facilitating trust in the
model. Reliability and interpretability are crucial for high-
stake healthcare decisions, which can significantly affect
human lives.57 In contrast, black box ML models have
complex reasoning processes beyond human comprehen-
sion, making it difficult for healthcare professionals to
judge whether predictions are made on a sound basis.57

SERP+ scores are also simple, parsimonious, and used
variables already routinely collected in most ED settings.
Using SERP+ reduces the burden of data collection and
allows score use to be more easily incorporated into clinical
ED workflows. Using a risk score format is also familiar to
most healthcare professionals, which could further facilitate
clinical adoption. With the SERP+ also incorporating
deaths at two, seven, and 30 days, it can also be potentially
used as a discharge tool as well. Future research may
include implementation studies to better understand the
facilitators and barriers to the clinical use of ML-based
triage scores like SERP+.58

Limitations

There are several limitations in this study. First, as this was
a single-site study, the working practices at SGH ED may
influence the derived scores, and score performance may
vary in other settings. Second, the list of candidate variables
used in score development was not exhaustive. Other vari-
ables, such as intubation status, may be found to be a strong
predictor if included in the list of candidate variables.
Lastly, the PPVs of SERP+ and SERP were low when
the score threshold was optimized for AUC. The low
PPVs are related to the low prevalence of mortality
events. Scores with a lower PPV may be acceptable in the
ED, given that a certain level of over-triage is expected to
prevent overlooking critically ill patients. There are

always trade-offs in test performance metrics, and each
healthcare institution can adjust score thresholds according
to their requirements.

Threats to validation

The study’s focus on a single site introduces a potential
threat to external validity as the performance of SERP+
scores may not generalize to other ED departments.
Replication of the study in different ED environments is
necessary to establish the external validity of the scoring
system. Furthermore, as ED working practices are
dynamic, the temporal validity of SERP+ may be suscep-
tible to change over time. It is imperative to periodically
reassess the model’s performance for practical clinical
application while considering any evolving factors.
Additionally, the omission of potentially relevant candidate
variables could be a threat to content validity and may have
implications for the predictive accuracy of SERP+. Despite
this concern, we believe that our use of a systematic process
for variable selection resulted in a comprehensive candidate
variable list encompassing standard variables likely present
in most ED settings globally.

Conclusions
Accounting for class imbalance during training improved
score performance for SERP+. Better stratification of even
a small number of patients can be meaningful in ED triage
and could positively impact health outcomes. Our findings
reiterate the potential of interpretable ML-based scores like
SERP+ in supporting accurate, data-driven triage decisions
at the ED. Future research can include implementation
studies and explore the practical aspects of integrating
SERP+ into clinical settings.58 Furthermore, prospective
studies may also be conducted to validate the predictive cap-
abilities of SERP+ and to determine if they can contribute to
better triage accuracy and patient outcomes.
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