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Abstract
Background: The recently developed deep learning (DL)-based early warning score (DEWS) has shown a
potential in predicting deteriorating patients. We aimed to validate DEWS in multiple centers and compare
the prediction, alarming and timeliness performance with those of the modi�ed early warning score
(MEWS) to identify patients at risk for in-hospital cardiac arrest (IHCA).

Methods: This retrospective cohort study included adult patients admitted to the general wards of �ve
hospitals during a 12-month period. We validated DEWS internally at two hospitals and externally at the
other three hospitals. The occurrence of IHCA within 24 hours of vital sign observation was the outcome
of interest. We used the area under the receiver operating characteristic curve (AUROC) as the main
performance metric.

Results: The study population consisted of 173,368 patients (224 IHCAs). The predictive performance of
DEWS was superior to that of MEWS in both the internal (AUROC: 0.860 vs. 0.754, respectively) and
external (AUROC: 0.905 vs. 0.785, respectively) validation cohorts. At the same speci�city, DEWS had a
higher sensitivity than MEWS, and at the same sensitivity, DEWS had a lower mean alarm count than
MEWS, with nearly half of the alarm rate in MEWS. Additionally, DEWS was able to predict more IHCA
patients in the 24 to 0.5 hours before the outcome.

Conclusion: Our study showed that DEWS was superior to MEWS in the three key aspects (IHCA predictive,
alarming, and timeliness performance). This study demonstrates the potential of DEWS as an effective,
e�cient screening tool in rapid response systems (RRSs) to identify high-risk patients.

Introduction
A rapid response system (RRS) is a strategy for preventing cardiac arrest or deterioration by providing
immediate and e�cient interventions by tracking and monitoring patients’ conditions [1, 2]. The system is
composed of four major components: the afferent limb, the efferent limb, the administrative limb and
quality monitoring [3]. The afferent limb of an RRS is a sensing structure that identi�es “deteriorating
patients” in the general ward and properly triggers the efferent limb of the RRS to provide a potential
higher level of care [3].

To effectively identify these at-risk patients, several early warning scores (EWSs) have been developed.
Because of the limited RRS resources available, an ideal EWS should have high speci�city and sensitivity,
ensuring the correct identi�cation of at-risk patients while avoiding excessive alarm, which can increase
RRS staff desensitization and decrease quality of care [4, 5]. However, a representative EWS, such as the
modi�ed EWS (MEWS) and national EWS (NEWS) [6-10], have shown variable accuracy, and the
performance of these scores is not satisfactory for the sole use of triggering RRS activation [11-13].

In 2018, a deep learning (DL)-based early warning score, called the DL-based early warning score (DEWS),
was consist of only 4 basic vital signs [14]. DEWS measures the real-time risk of cardiac arrest (CA) within
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24 hours from vital sign observation. It provides a risk score from zero to 100; the higher the score is, the
higher the risk. DEWS showed quite good potential in predicting in-hospital CA (IHCA), higher sensitivity,
and a lower false alarm rate than MEWS in the original development study [14]. The original study was
performed in 2 hospitals. Each hospital had approximately 300 beds: one was a cardiovascular-speci�c
hospital, and the other was a community general hospital. Therefore, we aimed to validate DEWS in a
large multicenter cohort and compare the IHCA predictive performance of DEWS with that of MEWS.

Methods

Study population
A retrospective cohort study was performed in 5 hospitals located in South Korea: Mediplex Sejong
Hospital (323 beds), Sejong General Hospital (301 beds), Inha University Hospital (925 beds), Seoul
National University Bundang Hospital (1324 beds) and Samsung Medical Center (1989 beds). The two
hospitals (hospitals A and B), where the original DEWS was developed [14], were included for internal
validation (different periods from the original study), and the other three hospitals (hospitals C, D, and E)
were included for external validation. All hospitals have a mature RRS except hospital A. The study
population consisted of adult patients (≥18 years old) admitted to the general ward over a 12-month
period. The primary outcome of interest was IHCA (de�ned as lack of a palpable pulse with attempted
resuscitation). We collected all the vital signs of the included patients, and DEWS and MEWS were
calculated. We compared the performance of DEWS and MEWS to predict IHCA within 24 hours of vital
sign measurement. We excluded patients with data recorded less than 30 minutes in the admission no
vital sign data measured 24 hours before the CA event, and erroneous patient demographics.

Data collection and preprocessing
A series of �ve basic vital signs, namely, systolic blood pressure (SBP), diastolic blood pressure (DBP),
heart rate (HR), respiratory rate (RR), and body temperature (BT), were collected during the hospitalization
of the patients and were abstracted from the electronic medical records (EMRs). From the initially
collected data, erroneous values extremely outside of the normal range of each vital sign or nonnumeric
values were excluded and treated as missing values. Missing values were imputed to the most recent
previous value. Normalization is important for stabilizing the DL model during training[15]. Therefore, we
normalized each vital sign by subtracting the values from the mean and dividing them by the standard
deviation.

Deep learning-based early warning system
The DEWS architecture includes three bidirectional long short-term memory (LSTM) layers, three fully
connected (FC) layers with the recti�ed linear unit, and a softmax layer at the end to output a score
between 0 and 1. To re�ect the vital sign trend for each patient, 20 consecutive series of vital signs are
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used as input to the LSTM layer[16]. Dropout and batch normalization are used on each FC layer to
stabilize and regularize the DL model[17, 18]. The �nal IHCA risk score is calculated by multiplying the
softmax output by 100. Before passing through the LSTM layer to the FC layer, we use the output of the
last time step. The Adam optimizer is used to train the DEWS model with the default parameters and the
binary cross-entropy as the loss function[19]. The hyperparameters are tuned with the best performance
from 20% of the derivation data. To address the class imbalance problem, we adjusted the ratio of
nonevent/event data in the training process by duplicating the data labeled as events.

Performance evaluation and statistical analysis
We compared the performance of DEWS and MEWS in terms of the following three main key questions:

Key question 1: How accurate is DEWS in terms of predicting IHCA
compared with MEWS (predictive performance)?

The predictive performance is measured by comparing the area under the receiver operating characteristic
curve (AUROC) and the area under the precision-recall curve (AUPRC) [20, 21]. The AUROC is one of the
most commonly used metrics and represents the area under the sensitivity versus false positive rate
curve. Compared with the AUROC, the AUPRC accounts for the class imbalance data by measuring the
area under the plot of the precision versus the sensitivity. Additionally, we compared DEWS with MEWS in
terms of the positive predictive value (PPV = true positive / (true positive + false positive)), the negative
predictive value (NPV = true negative / (true negative + false negative)), F measure (2 x (precision x recall)
/ (precision + recall)), the net reclassi�cation index (NRI), the mean alarm count per day per 1000 beds
(MACPD), and the number needed to examine (NNE) with the same speci�city as MEWS[21, 22]. The
study concept is demonstrated graphically in supplemental �gure 1.

Key question 2: Does DEWS produce a lower false alarm rate than
MEWS with the same sensitivity level (alarming performance)?

The alarm rate is an important criterion for validating the feasibility of EWS. One of the concerns about
implementing automated screening systems such as these EWSs is alarm fatigue [23]. A false alarm that
does not need to lead to next level of treatment could exhaust RRS staff, causing alarm fatigue and
leading to inappropriate alarm responses. Consequently, excessive false alarms and alarm fatigue can
result in staff desensitization and missed responses to alerts of clinical signi�cance, putting patient
safety and quality of care at substantial risk [24]. Therefore, an ideal EWS should have high sensitivity
and a low false alarm rate, so we compared the alarm rate with the MACPD according to the same
sensitivity level.

Key question 3: Does DEWS predict IHCA earlier than MEWS at the
same speci�city level (timeliness performance)?
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It is already well known that a delayed RRS response is associated with a poor patient outcome[25-27].
Recently, the published “Quality metrics for the evaluation of RRS” study de�ned predictable IHCA as CAs
occurring in hospitalized ward patients who met the hospital’s escalation threshold at least 30 minutes
prior to and within 24 hours of the event[28]. In this statement paper, the period between 24 hours and 30
minutes prior to an IHCA was hypothesized to allow the RRS enough time to prevent the event[28].
However, compared to intensive care units (ICUs) where vital signs are measured every hour or are
continuously monitored, vital signs are usually measured only 3~4 times a day (every 6 or 8 hours) in the
general ward. Therefore, it is important to be aware of the at-risk patients as early as possible so that the
RRS staff can prepare in advance and perform suitable action in enough time before the event. Therefore,
we compared the cumulative prediction percentage of IHCA at the same time point within 24 hours of the
event (supplemental �gure 1).

Ethics statement
The Institutional Review Board of each hospital approved the study protocol and waived the requirement
of informed consent because of the retrospective study design. The IRB number of each participating
hospital is as follows: B-1806-477-002(Seoul National University Bundang Hospital), 2018-054(Mediplex
Sejong Hospital), 2018-0689(Sejong General Hospital), 2019-09-001-000(Inha University Hospital), and
SMC-2019-09-129(Samsung Medical Center).

Results

Baseline characteristics
During the study period of 12 months, 173,368 patients were included from the �ve hospitals. An internal
validation cohort consisting of 14,365 patients with 23 IHCAs and an external validation cohort consisting
of 159,003 patients with 201 IHCAs. The incidence of IHCAs in the overall cohort was 1.29/1000
admissions. We plotted the DEWS and MEWS distributions in the IHCA cases (supplemental Fig. 2) using
the average DEWS or MEWS within 24 hours of the event. Among the event cases, only 19 cases had a
MEWS greater than �ve points, which is quite a low number. Many more event cases are distributed in a
higher range for DEWS than for MEWS, especially in the external validation cohort. The baseline
characteristics of the overall cohort are depicted in Table 1.
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Table 1
Baseline Characteristics

Characteristics Overall cohort

(hospital A,B,C,D,E)

Internal validation

(hospital A,B)

External validation

(hospital C,D,E)

P-
value

Total admitted patients,
n

173,368 14,365 159,003  

Age, y, mean ± SD 57.50 ± 15.82 59.93 ± 16.43 57.30 ± 15.76 < 
0.001

Length of stay, median
(IQR)

3.01 (1.61–6.74) 3.08 (1.54–7.60) 3.01 (1.63–6.72) < 
0.001

Male, sex, n (%) 86,198 (49.7%) 7,260 (50.5%) 78,938 (49.6%) 0.040

Initial vital signs, mean ± SD

SBP (mmHg) 126.60 ± 19.92 126.71 ± 18.94 126.60 ± 20.00 0.521

DBP (mmHg) 74.50 ± 12.39 76.15 ± 12.59 74.36 ± 12.36 < 
0.001

HR (/min) 77.94 ± 14.50 76.21 ± 15.01 78.22 ± 14.39 < 
0.001

RR (/min) 18.11 ± 2.07 17.93 ± 2.01 18.13 ± 2.07 < 
0.001

BT (̊C) 36.64 ± 0.57 36.72 ± 0.46 36.64 ± 0.87 < 
0.001

Vital signs within 24hours before cardiac arrest in cardiac arrest patients, mean ± SD

SBP (mmHg) 113.82 ± 26.02 111.03 ± 24.55 114.39 ± 26.28 0.180

DBP (mmHg) 66.27 ± 17.24 72.51 ± 17.27 65.05 ± 16.98 < 
0.001

HR (/min) 101.24 ± 22.94 100.15 ± 23.36 101.40 ± 22.87 0.569

RR (/min) 21.53 ± 5.44 21.15 ± 5.99 21.63 ± 5.29 0.424

BT (̊C) 36.76 ± 0.85 37.03 ± 0.55 36.72 ± 0.87 < 
0.001

Initial mental status, No. (%)

Alert 36,294 (96.4%) 463 (82.5%) 35,831 (96.6%) < 
0.001

Reacting to Voice 796 (2.1%) 22 (3.9%) 774 (2.0%)

SD standard deviation, IQR interquartile range, SBP systolic blood pressure, DBP diastolic blood
pressure, HR heart rate, RR respiratory rate, BT body temperature, IHCA in-hospital cardiac arrest, ICU
intensive care unit.
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Characteristics Overall cohort

(hospital A,B,C,D,E)

Internal validation

(hospital A,B)

External validation

(hospital C,D,E)

P-
value

Reacting to Pain 189 (0.5%) 14 (2.4%) 175 (0.4%)

Unresponsive 159 (0.4%) 62 (11.0%) 97 (0.2%)

Not alert 1,341 (3.5%) 98 (17.4%) 1,243 (3.3%)

Mental status within 24hours before cardiac arrest, No. (%)

Alert 129
(71.2%)

7 (100.0%) 122 (70.1%)  

Reacting to Voice 8 (4.4%) 0 (0.0%) 8 (4.5%)  

Reacting to Pain 1 (0.5%) 0 (0.0%) 1 (0.5%)  

Unresponsive 5 (2.7%) 0 (0.0%) 5 (2.8%)  

Not alert 52
(28.7%)

0 (0.0%) 52 (29.8%)  

Number of admissions with outcomes, n

IHCA 224 23 201 0.329

IHCA/1000 admission 1.29 1.60 1.26

SD standard deviation, IQR interquartile range, SBP systolic blood pressure, DBP diastolic blood
pressure, HR heart rate, RR respiratory rate, BT body temperature, IHCA in-hospital cardiac arrest, ICU
intensive care unit.

Key Question 1. Predictive performance of IHCA
As shown in Fig. 1, the performance of DEWS for predicting IHCA was superior to that of MEWS in both
the internal (AUROC: 0.860 vs. 0.754, respectively) and external (AUROC: 0.905 vs. 0.785, respectively)
validation cohorts. Additionally, the AUPRC for DEWS was higher than that of MEWS in both the internal
(0.012 vs. 0.003, respectively) and external (0.017 vs. 0.005 respectively) validation cohorts. We validated
MEWS at the most commonly used cut-off scores of 3, 4, and 5 in terms of the sensitivity, speci�city, PPV,
F measure, NPV, NNE, NRI and compared these values to those of DEWS at the same speci�city[28, 29]. As
shown in Table 2, DEWS achieved higher sensitivity for all the cut-off scores and achieved at most a 230%
and 68.7% higher sensitivity than MEWS in the internal validation and external validation cohorts,
respectively. The predictive performance of each hospital is shown in supplemental Fig. 3, and DEWS
outperformed MEWS in each of �ve hospitals. 
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Table 2
Comparison of Accuracy of In-hospital Cardiac Arrest Prediction Model with Same Speci�city Point

Characteristics Sensitivity Speci�city PPV NPV F-
measure

NRI MACPD NNE

Internal validation cohort

MEWS ≥ 3 0.484 0.932 0.0011 1 0.002   104 391

DEWS ≥ 53.1 0.548 0.932 0.0029 1 0.006 0.0011 103 342

MEWS ≥ 4 0.419 0.953 0.0032 1 0.006   71 308

DEWS ≥ 60.5 0.484 0.953 0.0037 1 0.007 0.0015 71 269

MEWS ≥ 5 0.234 0.992 0.0106 1 0.007   12 94

DEWS ≥ 87.5 0.306 0.992 0.0136 1 0.026 0.0032 12 73

External validation cohort

MEWS ≥ 3 0.551 0.908 0.0033 1 0.007   335 302

DEWS ≥ 69.9 0.700 0.908 0.0042 1 0.008 0.0014 334 236

MEWS ≥ 4 0.386 0.958 0.0050 1 0.010   154 191

DEWS ≥ 83.2 0.560 0.958 0.0073 1 0.032 0.0024 154 137

MEWS ≥ 5 0.230 0.989 0.0117 1 0.022   39 85

DEWS ≥ 94.1 0.338 0.989 0.0166 1 0.032 0.0052 41 60

PPV positive predictive value, NPV negative predictive value, NRI net reclassi�cation improvement,
MACPD mean alarm count per day per 1000 beds, NNE number needed to examine, MEWS modi�ed
early warning score, DEWS deep learning-based early warning score

Key Question 2. Alarming performance
We compared DEWS and MEWS by the MACPD at the same sensitivity level. As shown in Fig. 2, at the
same sensitivity level, DEWS achieved a lower alarm rate than MEWS. This result indicates that DEWS
can detect the same number of deteriorating patients with a much lower false alarm rate than MEWS.
Speci�cally, at MEWS cut-offs of 3, 4, and 5, DEWS produced at most 66.7% and 63% fewer alarms than
MEWS in the internal and external validation cohorts, respectively. 

Key Question 3: Timeliness performance
We validated DEWS and MEWS by enrolling IHCA patients at the time point where the early warning score
�rst triggered the alarm from 24 to 0.5 hours before the CA occurred. As shown in Fig. 3, DEWS detected
more patients with CA in this period than MEWS. Especially in the external validation cohort, DEWS
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detected 10 and 20 more IHCA patients 20 and 15 hours before the event, respectively. This �nding
indicates that DEWS can not only predict more IHCA patients within 24 hours but can also detect more
patients in advance and thus save time for the medical team to effectively manage patients at risk.

 

Discussion
We evaluated the ability of DEWS to predict IHCA in general ward-admitted patients in a large multicenter
cohort. The results of all three key questions (predictive performance of IHCA, alarming performance,
timeliness performance) for DEWS were superior to those of MEWS. In both cohorts, DEWS achieved
better performance in predicting IHCA within 24 hours of vital sign observation than MEWS: DEWS
achieved 14.0% (300%) and 15.2% (240%) higher AUROCs (AUPRCs) than MEWS, respectively. Alarms are
a very sensitive issue for RRS teams because they are eventually associated with the team’s workload. In
this study, the alarm rate of DEWS was 44.2% that of MEWS for a cut-off score of 3, 37.0% that of MEWS
for a cut-off score of 4, and 48.7% that of MEWS for a cut-off score of 5 in the external validation cohort.
DEWS has nearly half of the alarm rate of MEWS. The third key question was the timeliness of the
prediction. At every time point from 24 hours to 30 minutes before the event, DEWS detected more IHCA
cases at the same time point than MEWS. It enables RRSs to evaluate and assess deteriorating patients
with more time to respond. Therefore, better prediction with fewer alarms and earlier prediction indicate
that DEWS has the potential to be an effective alternative screening tool for conventional early warning
systems.

Various studies have attempted to predict mortality in critically ill patients (i.e., those in ICUs) using
machine learning (ML) or DL [30–34]. ICUs, in particular, have many databases for continuous vital sign
monitoring and large numbers of diagnostic tests, including laboratory tests, imaging tests, microbiologic
reports, medical history panels, patient demographics, ordered �uids, drugs, transfusions, etc. This large
database enables ICUs to be a setting for which to conduct arti�cial intelligence (AI)-based studies. Most
AI-based ICU studies have studied mortality or major event prediction (such as hypotension, sepsis,
readmission), and generally, algorithm-based prediction achieved better performance compared to
conventional prognostic systems [35, 36]. Furthermore, a study using reinforcement learning in sepsis
patients showed the potential to solve a complex medical problem and suggest individualized and
clinically interpretable treatment strategies for sepsis [37].

However, few studies have focused on deteriorating patients admitted to general wards. In 2016, Churpek
et al’s study [38] showed that an ML (i.e., random forest) algorithm (AUROC 0.80, 95% con�dence interval
(CI) [0.80–0.80]) predicted clinical deterioration more accurately than MEWS (AUROC 0.70, 95% CI [0.70–
0.70]) in general ward patients. In Churpek et al’s study, an ML method was used to develop the prediction
algorithm. Both ML and DL methods analyze data through self-learning to solve the task or problem. ML
requires feature engineering, whereas DL does not; rather, it tries to learn the representation of the raw
data in multiple levels of abstractions by itself, which is the essence of why DL methods achieve higher
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accuracy than ML methods [15]. Alvin Rajkomar et al. demonstrated the effectiveness of DL models in a
wide variety of predictive problems and settings [39]. However, the study did not focus on general ward
patients and sudden CA but rather on the entire length of stay, including the general ward and the ICU. The
outcomes of interest were inpatient mortality, readmission, length of stay and discharge diagnoses. Thus,
to the best of our knowledge, our study is the �rst to apply DL to detect deteriorating patients in general
wards in a large multicenter cohort.

The strength of DEWS is that it consists of a limited number of basic vital signs as predictor variables. In
this validation study, DEWS used only �ve basic vital signs: SBP, DBP, HR, RR and BT. The two previous AI-
based studies [38, 39] in general ward patients used a variety of predictor variables, including
demographics, vital signs, laboratory values, etc. Prediction models with more variables would have better
predictability, but there are signi�cant limitations to the scalability and applicability of models with many
variables. The predictor variables used in DEWS are basic essential vital signs that are almost always
checked in admitted patients and lack missing data. Therefore, DEWS can be applied worldwide without
any di�culties in technical implementation. Additionally, a DL-based algorithm enables each institution to
have tailored approach by adding one or two main variables depending on the speci�c features of the
hospital. [40].

Five hospitals in South Korea participated in this validation study. The characteristics of each hospital are
quite different in terms of the locations, hospital sizes, admitted patients and operating policies. The two
hospitals involved in the internal validation have approximately 300 beds; one is a cardiovascular-speci�c
hospital, and the other is community general hospital. The hospitals in the external validation have more
than 900 ~ 1000 beds, and all three hospitals are tertiary teaching hospitals, which are a�liated with each
of the three different medical universities. Since the original DL model was developed and trained from
the two hospitals with 300 beds, the results of the external validation cohort are important in terms of
generalization. As a result, DEWS achieved superior performance in the external validation cohort (AUROC
0.905, 95% CI [0.901–0.910]) compared to the internal validation cohort (AUROC 0.860, 95% CI [0.832–
0.888]), which suggests that DEWS is robust across multiple hospitals.

Our study has several limitations. First, DL is known as a “black-box” method, as it tries to �nd the
relationship between the training data and the labels rather than creating rules using domain knowledge.
Although, most of DEWS alarm can be interpretable in clinical practice through patient review, there would
be some cases that RRS staff does not know the exact reason for the alarm. Therefore, RRS staff would
need a certain amount of time to react. In this study, DEWS reduces the number of false alarms and
increases the sensitivity at the same time. Thus, the rapid response team can spare enough time to verify
the alarms, and the staff can intuitively speculate the reason. Second, we consider only the �rst CA for
each patient admission, although second and third CAs are also important. Nonetheless, the �rst CA is the
highest priority because the rapid response team focuses on patients after CA. Last, this study was
performed in a retrospective manner. To apply DEWS in clinical practice as an alternative to other
triggering score systems in RRS, a well-designed prospective clinical trial is necessary.
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Conclusion
We compared DEWS and MEWS in multiple centers via extensive experiments. The results showed that
DEWS not only predicts deteriorating patients more accurately than MEWS but also reduces the false
alarm rate. Additionally, DEWS was able to predict more CA patients in the period from 24 hours to 0.5
hours before the outcome than MEWS. This �nding demonstrates the potential of DEWS as an effective
screening tool in RRSs that can be e�ciently applied to identify high-risk patients.
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Figure 1

Performance of the early warning scores for predicting in-hospital cardiac arrest. DEWS indicates the deep
learning-based early warning score, MEWS indicates the modi�ed early warning score, AUROC indicates
the area under the receiver operating characteristic curve, AUPRC indicates the area under precision-recall
curve, and CI indicates the con�dence interval.
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Figure 2

Comparison of the mean alarm count per day per 1000 beds at the same sensitivity point for predicting in-
hospital cardiac arrest. MACPD indicates the mean alarm count per day per 1000 beds, DEWS indicates
the deep learning-based early warning score, and MEWS indicates the modi�ed early warning score.
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Figure 3

Comparison of the cumulative percentages of cardiac arrest patients. DEWS indicates the deep learning-
based early warning score, and MEWS indicates the modi�ed early warning score.
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