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OBJECTIVE: The primary objective of this scoping review
was to identify and describe state-of-the-art models that
use vital sign monitoring to predict clinical deterioration
on the general ward. The secondary objective was to
identify facilitators, barriers, and effects of implementing
these models.

DATA SOURCES: PubMed, Embase, and CINAHL
databases until November 2020.

STUDY SELECTION: We selected studies that compared
vital signs—based automated real-time predictive
algorithms to current track-and-trace protocols in regard
to the outcome of clinical deterioration in a general
ward population.

DATA EXTRACTION: Study characteristics, predictive
characteristics and barriers, facilitators, and effects.

RESULTS: We identified 1741 publications, 21 of which
were included in our review. Two of the these were
clinical trials, 2 were prospective observational studies,

he early identification of clinical deterioration among

adult hospitalized patients remains a challenge.

Delayed identification is associated with increased

morbidity and mortality, unplanned intensive care
unit (ICU) admissions, prolonged hospitalization, and higher
costs.?? Earlier detection of deterioration using predictive al-
gorithms of vital sign monitoring might avoid these negative
outcomes.* In this scoping review, we summarize current algo-
rithms and their evidence.

Vital signs provide the backbone for detecting clinical deteri-
oration. Early warning scores (EWS) and outreach protocols were
developed to bring structure to the assessment of vital signs. Most
EWS claim to predict clinical end points such as unplanned ICU
admission up to 24 hours in advance.> Reviews of EWS showed a
positive trend toward reduced length of stay and mortality. How-
ever, conclusions about general efficacy could not be generated
because of case heterogeneity and methodologic shortcomings.*’
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and the remaining 17 were retrospective studies. All of
the studies focused on hospitalized adult patients. The
reported area under the receiver operating characteristic
curves ranged between 0.65 and 0.95 for the outcome
of clinical deterioration. Positive predictive value and
sensitivity ranged between 0.223 and 0.773 and from
7.2% to 84.0%, respectively. Input variables differed
widely, and predicted endpoints were inconsistently
defined. We identified 57 facilitators and 48 barriers

to the implementation of these models. We found 68
reported effects, 57 of which were positive.

CONCLUSION: Predictive algorithms can detect

clinical deterioration on the general ward earlier and
more accurately than conventional protocols, which in
one recent study led to lower mortality. Consensus is
needed on input variables, predictive time horizons, and
definitions of endpoints to better facilitate comparative
research. Journal of Hospital Medicine 2021;16:612-619.
© 2021 Society of Hospital Medicine

Continuous automated vital sign monitoring of patients on the
general ward can now be accomplished with wearable devices.®
The first reports on continuous monitoring showed earlier de-
tection of deterioration but not improved clinical end points.*?
Since then, different reports on continuous monitoring have
shown positive effects but concluded that unprocessed monitor-
ing data per se falls short of generating actionable alarms.%10"

Predictive algorithms, which often use artificial intelligence (Al),
are increasingly employed to recognize complex patterns or ab-
normalities and support predictions of events in big data sets.'>'3
Especially when combined with continuous vital sign monitoring,
predictive algorithms have the potential to expedite detection of
clinical deterioration and improve patient outcomes. Predictive
algorithms using vital signs in the ICU have shown promising re-
sults." The impact of predictive algorithms on the general wards,
however, is unclear.

The aims of our scoping review were to explore the extent
and range of and evidence for predictive vital signs-based
algorithms on the adult general ward; to describe the variety
of these algorithms; and to categorize effects, facilitators, and
barriers of their implementation.’

MATERIALS AND METHODS

We performed a scoping review to create a summary of the
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TABLE 1. Descriptive Characteristics of the Selected Studies

Characteristics

Total number of studies 12 (100)

Conference abstracts 1(8)
Study design

Retrospective cohort 8(67)

Prospective cohort 2(17)

Intervention study 2(17)
State of development

Developed 7 (58)

Technically implemented 2(17)

Clinically implemented 3(25)
Population

General ward 11(92)

General ward and intensive care unit 1(8)
No. of admissions

<2000 or unknown 1(8)

2000-30,000 6 (50)

> 30,000 5(42)
Input

Vitals only 1(8)

Vitals and lab results 7(58)

Vitals and patient characteristics 9(75)

Input variables not specified 2(17)
Vitals input

Intermittent 6 (50)

Continuous vitals 1(8)

All registered 5(42)
Horizon of prediction

<2 hours 1(8)

2-12 hours 3(25)

>12 hours 8(67)
Country

United States 11(92)

Other 1(8)
Center

Single center 8(67)

Multicenter 4(33)

Abbreviation: Al, artificial intelligence.

current state of research. We used the five-step method of Le-
vac and followed the Preferred Reporting Items for Systemat-
ic reviews and Meta-Analyses Extension for Scoping Reviews
guidelines (Appendix 1).¢1

PubMed, Embase, and CINAHL databases were searched
for English-language articles written between January 1, 2010,
and November 20, 2020. We developed the search queries
with an experienced information scientist, and we used data-
base-specific terms and strategies for input, clinical outcome,
method, predictive capability, and population (Appendix 2).
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Non-Al algorithms, No. (%)
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Al algorithms, No. (%) Total, No. (%)

9(100) 21(100)
1(11) 2(10)
9(100) 17(81)
0(0) 2(10)
0(0) 2(10)
9(100) 16 (76)
0(0) 2(10)
0(0) 3(14)
4(44) 15(71)
5 (56) 6(29)
2(22) 3(14)
2(22) 8(38)
5 (56) 10 (48)
4(44) 5(24)
3(33) 10 (48)
4(44) 13(62)
0(0) 2(10)
4 (44) 10 (48)
2(22) 3(14)
3(33) 8(38)
1(11) 2(10)
4 (44) 7(33)
4 (44) 12(57)
7(78) 18 (86)
2(22) 3(14)
4 (44) 12(57)
5 (56) 9(43)

Additionally, we searched the references of the selected arti-
cles, as well as publications citing these articles.

All studies identified were screened by title and abstract by
two researchers (RP and YE). The selected studies were read
in their entirety and checked for eligibility using the follow-
ing inclusion criteria: automated algorithm; vital signs-based;
real-time prediction; of clinical deterioration; in an adult, gen-
eral ward population. In cases where there were successive
publications with the same algorithm and population, we se-
lected the most recent study.
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For screening and selection, we used the Rayyan QCRI
online tool (Qatar Computing Research Institute) and End-
note X9 (Clarivate Analytics). We extracted information us-
ing a data extraction form and organized it into descriptive
characteristics of the selected studies (Table 1): an input data
table showing number of admissions, intermittent or contin-
uous measurements, vital signs measured, laboratory results
(Appendix Table 1), a table summarizing study designs and
settings (Appendix Table 2), and a prediction performance
table (Table 2). We report characteristics of the populations
and algorithms, prediction specifications such as area under
the receiver operating curve (AUROC), and predictive values.
Predictive values are affected by prevalence, which may differ
among populations. To compare the algorithms, we calculat-
ed an indexed positive predictive value (PPV) and a number
needed to evaluate (NNE) using a weighted average preva-
lence of clinical deterioration of 3.0%.

We defined clinical deterioration as end points, including
rapid response team activation, cardiopulmonary resuscita-
tion, transfer to an ICU, or death. Real-time was defined by the
ability to automatically update predictions as new measure-
ments are added. Predictions were defined as data-derived
warnings for events in the near future. Prediction horizon was
defined as the period for which a prediction is made. Special
interest was given to algorithms that involved Al, which we
defined as any form of machine learning or other nonclassical
statistical algorithm.

Effects, facilitators, and barriers were identified and cate-
gorized using ATLAS.ti 8 software (ATLAS.ti) and evaluated
by three researchers (RP, MK, and THvdB). These were cat-
egorized using the adapted frameworks of Gagnon et al™
for the barriers and facilitators and of Donabedian' for the
effects (Appendix 3).

The Gagnon et al framework was adapted by changing two
of four domains—that is, “Individual” was changed to “Profes-
sional” and “Human” to “Physiology.” The domains of “Tech-
nology” and “Organization” remained unchanged. The Don-
abedian domains of “Outcome,” “Process,” and "Structure”
also remained unchanged (Table 3).

We divided the studies into two groups: studies on pre-
dictive algorithms with and without Al when reporting on
characteristics and performance. For the secondary aim of
exploring implementation impact, we reported facilitators
and barriers in a narrative way, highlighting the most frequent
and notable findings.

RESULTS

As shown in the Figure, we found 1741 publications, of which
we read the full-text of 109. There were 1632 publications
that did not meet the inclusion criteria. The publications by
Churpek et al, 2" Bartkiowak et al,2 Edelson et al,?® Escobar
et al,*? and Kipnis et al* reported on the same algorithms or
databases but had significantly different approaches. For mul-
tiple publications using the same algorithm and population,
the most recent was named with inclusion of the earlier find-
ings. 20212729 The resulting 21 papers are included in this review.
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TABLE 2. Prediction Characteristics

Prediction specifications®
PPV @3.0% NNE @ 3.0%

Publication Horizon,h  AUC prevalence  prevalence Sensitivity, %

Non-Al algorithms
Alvarez*? 24 0.85 0.130 1.7 42.2
Kollef?” 4 - 0.109 9.2 411
Bartkiowak? 24 0.79 0.172 5.8 47.0
Churpek®® 24 0.77 0.236 42 20.0
Correia®' 24 0.65 -
Escobar?* 12 0.78 - - -
Evans® - - - - R
Ghosh*® 24 0.77 0.527 1.9 72
Kang® 24 0.80 0.124 8.1 52.5
Escobar?® 12 0.82 0.112 89 49.0
Kirkland®' 12 0.71
Rothman®? 24 0.93

Al algorithms
Alaa* 12 0.81 - - 60
Bai® 12 - - - -
Churpek?' 8 0.80 - - -
Edelson? 24 0.76 - - -
Hu® 2 - 0.336 3.0 81.8
Hus® 12 0.92 0.565 1.8 84.0
Kwon 48 0.95 0.429 2.3 80.0
Mohamadlou®' 24 0.88 0.166 6.0 72.9
Shamout® 24 0.85 0.419 2.4 37.3

Abbreviations: AUC, area under the receiver operator curve; NNE, number needed to evalu-
ate; PPV, positive predictive value.

#If data were insufficient to calculate the relevant metric, a dash is displayed.

Descriptive characteristics of the studies are summarized in
Table 1. Nineteen of the publications were full papers and two
were conference abstracts. Most of the studies (n = 18) were
from the United States; there was one study from South Ko-
rea,® one study from Portugal,® and one study from the Unit-
ed Kingdom.® In 15 of the studies, there was a strict focus on
general or specific wards; 6 studies also included the ICU and/
or emergency departments.

Two of the studies were clinical trials, 2 were prospective
observational studies, and 17 were retrospective studies. Five
studies reported on an active predictive model during admis-
sion. Of these, 3 reported that the model was clinically imple-
mented, using the predictions in their clinical workflow. None
of the implemented studies used Al.
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TABLE 3. Implementation of Predictive Algorithms: Effects, Facilitators, and Barriers

Effect
Outcomes
AUROC-characteristics and predictive values
Detection of deterioration
Personalized/subtypes
Patient-related outcomes
Validity and Limitations
Process
Smoothing
Predictive alarming
Follow up
Workflow
Alarm fatigue
Structure
Resource management
Training and education
Information Infrastructure
Facilitator or barrier
Factors related to technology
Prediction (horizon)
Implementation (variables, accessibility)
Interpretability
Development
External influences on prediction
Excess alarms/alarm fatigue
Patient groups
Data overfitting
Robustness
Electronic medical record integration
Professionals
Attitude
Interpretation and acting upon
Discriminating variables
End-of-life decisions
Physiology
Prevalence
Vital related
Preventability and consequences of interventions
Heterogeneity of patient groups
Organization
Time and workload/efficiency
Workflow/alarm fatigue
Use of resources
Implementation
Transferable to other hospital
Quality of data
Quantity of data
Route of access to data

Provability of usefulness

Positive effects
28
17
4

W oo o w o~ N

2
Facilitators
18
2
5

1

*Multiple effects, facilitators, or barriers of this category in this reference.
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Reference

20-23, 25, 27*,30, 32, 34, 36, 37, 38*, 39-41
20, 25, 26,42
32,40, 41
25%, 26,35

24,40
22, 27,30, 36, 38, 40*
35%, 42
24,27,35%,37,42
20, 22, 26, 30, 32, 33, 35, 40

40

24,37

Reference

41,42
26%,32,37,41
32
25,26, 42
42
36
41

25,27,36

35
21,26,27,32,39

21,34, 51
21,40%, 41
40

21,23,27,35,38
25%,31, 33,38, 51
21,27, 41
25,30, 41
25,30,39
21
24,30,33

21

Negative effects
6
1

Barriers
20

~ B~ o~

NWwN W

Reference

31

37
27,33,39,42

27

27,42¢

34

Reference

39,42
22,24, 40,42
30,327, 33,35, 39, 41
26
26%, 41

21,38
33

39
21,38
26
24

24,42

24,38
24, 25,30, 38,41

25

25
25,47

24,25,32
24,32
21,22,33
24,37

Journal of Hospital Medicine® Vol 16 | No 10 | October 2021

615



Peelen etal | Predicting Deterioration: A Scoping Review

Publications found using search strategy:
PubMed: 835 records

Embase: 1,115 records

CINAHL: 352 records

2,302 records retrieved

561 duplicates filtered out

\ 4

1,741 unique records identified in PubMed, Embase,
and CINAHL databases

\4

1,632 records not meeting inclusion criteria in title or abstract:
vital signs-based, real-time automated prediction of clinical
deterioration in a general ward population

\ 4

109 records identified for full text reading

\4

84 records excluded because they did not meet the inclusion
criteria in full-text reading: vital signs-based, real-time automated
prediction of clinical deterioration in a general ward population

\4

5 records were not selected for review because of multiple
publications on the same algorithm and population

\4

1 record identified for inclusion by snowball search

21 articles included in review

FIG. Study Screening and Selection Flow Diagram

All input variables are presented in Appendix Table 1. In 10
of the studies, vital signs were combined with laboratory re-
sults; in 13 of the studies, vital signs were combined with pa-
tient characteristics. All of the studies used data derived from
electronic medical records (EMRs), except for Bai et al*® and
Hu et al,** who used single-source waveforms directly from the
bedside monitor. Three studies focused on continuous vital
sign measurements.?:3334

Most authors reported an AUROC to describe the predic-
tive value of their algorithms. As shown in Table 2, AUROCs
varied from 0.65 to 0.95, with indexed PPVs between 0.24 and
0.75. Sensitivity ranged from 7.2% to 52.5% in non-Al models
and up to 82.4% in Al models. Prediction definitions, hori-
zons, and the reported metrics differed too much to directly
compare studies.

The non-Al algorithm prediction horizons ranged from 4 to
24 hours, with a median of 24 hours (interquartile range [IQR],
12-24 hours). The Al algorithms ranged from 2 to 48 hours and
had a median horizon of 14 hours (IQR, 12-24 hours).

616 Journal of Hospital Medicine® Vol 16 | No 10 | October 2021

We found three studies reporting patient outcomes. The
most recent of these was a large multicenter implementation
study by Escobar et al® that included an extensive follow-up
response. This study reported a significantly decreased 30-
day mortality in the intervention cohort. A smaller randomized
controlled trial reported no significant differences in patient
outcomes with earlier warning alarms.? A third study reported
more appropriate rapid response team deployment and de-
creased mortality in a subgroup analysis.®

Effects, Facilitators, and Barriers

As shown in the Appendix Figure and further detailed in
Table 3, the described effects were predominantly positive—57
positive effects vs 11 negative effects. These positive effects
sorted primarily into the outcome and process domains.

All of the studies that compared their proposed model with
one of various warning systems (eg, EWS, National Early Warn-
ing Score [NEWS], Modified Early Warning Score [MEWS])
showed superior performance (based on AUROC and report-
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ed predictive values). In 17 studies, the authors reported their
model as more useful or superior to the EWS 2232628343641
Four studies reported real-time detection of deterioration
before regular EWS,2%42 and three studies reported positive
effects on patient-related outcomes.?% Four negative effects
were noted on the controllability, validity, and potential lim-
itations.?4?

There were 26 positive effects on the clinical process men-
tioned, 7 of which pointed out the effects of earlier, predictive
alarming. Algorithms with higher PPVs reported greater rates
of actionable alarms, less alarm fatigue, and improved work-
flow,21:22:24-27:30,323335-3840 Potential alarm fatigue was named as a
barrier?”42 Smoother scoring instead of binned categories was
mentioned positively.?2

In the infrastructure domain, very few items were reported.
The increased need for education on the used techniques
was reported once as a negative effect.* One of the positive
infrastructural effects noted was more efficient planning and
use of resources 24374

We identified 57 facilitators and 48 barriers for the clinical
implementation and use of real-time predictive analytics (Ap-
pendix Figure). In the Technology domain, there were 18 facil-
itators and 20 barriers cited, and in the Organization domain,
25 and 14, respectively. They were equally present in the Pro-
fessional and Physiology domains (6 vs 5, 8 vs 9).

Of the 38 remarks in the Technology domain, difficulty with
implementation in daily practice was a commonly cited bar-
rier.22244042 Difficulties included creating real-time data feeds
out of the EMR, though there were mentions of some suc-
cessful examples.?>?% Difficulty in the interpretability of Al
was also considered a potential barrier.30323335%41 There were
remarks as to the applicability of the prolonged prediction
horizon because of the associated decoupling from the clin-
ical view.¥42

Conservative attitudes toward new technologies and inade-
quate knowledge were mentioned as barriers.*” Repeated re-
marks were made on the difficulty of interpreting and respond-
ing to a predicted escalation, as the clinical pattern might not
be recognizable at such an early stage. On the other hand, it
is expected that less invasive countermeasures would be ade-
quate to avert further escalation. Earlier recognition of possi-
ble escalations also raised potential ethical questions, such as
when to discuss palliative care.?*

The heterogeneity of the general ward population and the
relatively low prevalence of deterioration were mentioned as
barriers. #3034 There were also concerns that not all escala-
tions are preventable and that some patient outcomes may
not be modifiable.?

Many investigators expected reductions in false alarms
and associated alarm fatigue (reflected as higher PPVs). Fur-
thermore, they expected workflow to improve and workload
to decrease 2232731335384 Degpite the capacity of modern
EMRs to store large amounts of patient data, some investiga-
tors felt improvements to real-time access, data quality and
validity, and data density are needed to ensure valid associat-
ed predictions.?22243237
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DISCUSSION

Asthe complexity and comorbidity of hospitalized adults grow,
predicting clinical deterioration is becoming more important.
With an ever-increasing amount of available patient data,
real-time algorithms can predict the patient’s clinical course
with increasing accuracy, positively affecting outcomes.#212543
The studies identified in this scoping review, as measured by
higher AUROC scores and improved PPVs, show that pre-
dictive algorithms can outperform more conventional EWS,
enable earlier and more efficient alarming, and be success-
fully implemented on the general wards. However, formal
meta-analysis was made infeasible by differences in popu-
lations, use of different end point definitions, cut-off points,
time-horizons to prediction, and other methodologic hetero-
geneity.

There are several important limitations across these stud-
ies. In a clinical setting, these models would function as a
screening test. Almost all studies report an AUROC; however,
sensitivity and PPV or NNE (defined as 1/PPV) may be more
useful than AUROC when predicting low-frequency events
with high-potential clinical impact.* Assessing the NNE is es-
pecially relevant because of its relation to alarm fatigue and
responsiveness of clinicians.®® Alarm fatigue and lack of ade-
quate response to alarms were repeatedly cited as potential
barriers for application of automated scores. A more useful
metric might be NNE over a certain timeframe and across a
specified number of patients to more clearly reflect associ-
ated workload. Future studies should include these metrics
as indicators of the usability and clinical impact of predictive
models. This review could not assess PPV or NNE systemati-
cally due to inconsistencies in the reporting of these metrics.

Although the results of our scoping review are promising,
there are limited data on clinical outcomes using these algo-
rithms. Only three of five algorithms were used to guide clini-
cal decision-making.®?3 Kollef et al” showed shorter hospi-
talizations and Evans et al*®*found decreased mortality rates in
a multimorbid subgroup. Escobar et al®® found an overall and
consistent decrease in mortality in a large, heterogenic pop-
ulation of inpatients across 21 hospitals. While Escobar et al’s
findings provide strong evidence that predictive algorithms
and structured follow-up on alarms can improve patient out-
comes, it recognizes that not all facilities will have the resourc-
es to implement them.?> Dedicated round-the-clock follow-up
of alarms has yet to be proven feasible for smaller institutions,
and leaner solutions must be explored. The example set by
Escobar et al® should be translated into various settings to
prove its reproducibility and to substantiate the clinical impact
of predictive models and structured follow-up.

According to expert opinion, the use of high-frequency or
continuous monitoring at low-acuity wards and Al algorithms
to detect trends and patterns will reduce failure-to-rescue
rates.*?* However, most studies in our review focused on pe-
riodic spot-checked vital signs, and none of the Al algorithms
were implemented in clinical care (Appendix Table 1). A signif-
icant barrier to implementation was uncertainty surrounding
how to react to generated alarms.?# As algorithms become

Journal of Hospital Medicine® Vol 16 | No 10 | October 2021 617



Peelen etal | Predicting Deterioration: A Scoping Review

more complex and predict earlier, interpretability and causality
in general can diminish, and the response to this type of alarm
will be different from that of an acute warning from an EWS.

The assessment of predictive algorithm protocols must in-
clude their impact on clinical workflow, workload, and resource
utilization. Earlier detection of deterioration can potentially al-
low coordinated alarm follow-up and lead to more efficient use
Of resources'ZO,ZW,3143,46,47

Greater numbers of variables do not always improve the
quality of monitoring. For example, in one study, an algorithm
combining only heart rate, respiration rate, and age outper-
formed an EWS that tracked six vital sign measures.® Algo-
rithms using fewer variables may facilitate more frequent and
less complex error-sensitive monitoring. Leaner measurements
may also lead to higher patient and clinician acceptance. %

The end goal of implementing predictive algorithms on the
general ward is to provide timely, reliable, and actionable clinical
decision support.* As shown in a recent study by Blackwell et
al,® multiple prediction models for specific clinical events may
increase interpretability and performance. Disease-specific al-
gorithms may complement general algorithms for clinical dete-
rioration and enhance overall performance.

Strengths and Limitations

We performed a comprehensive review of the current literature
using a clear and reproducible methodology to minimize the
risk of missing relevant publications. The identified research is
mainly limited to large US centers and consists of mostly ret-
rospective studies. Heterogeneity among inputs, endpoints,
time horizons, and evaluation metrics make comparisons chal-
lenging. Comments on facilitators, barriers, and effects were
limited. Positive publication bias may have led to overrepre-
sentation of models showing clinical benefit.

Recommendations for Future Research

Artificial intelligence and the use of continuous monitoring
hold great promise in creating optimal predictive algorithms.
Future studies should directly compare Al- and non-Al-based
algorithms using continuous monitoring to determine predic-
tive accuracy, feasibility, costs, and outcomes. A consensus on
end point definitions, input variables, methodology, and re-
porting is needed to enhance reproducibility, comparability,
and generalizability of future research. The current research is
limited to a few research groups, predominantly in the Unit-
ed States. More international research could enhance validity
and increase applicability across varying populations and set-
tings. Greater collaboration would accelerate research and
enhance short-cycled continuous improvements. Sharing da-
tabases with different populations, variables, and outcomes,
such as the Medical Information Mart for Intensive Care da-
tabase,” could help develop, test, and compare models and
contribute to consensus in data standardization and consis-
tent reporting of results. Studies should be designed to de-
termine clinical, societal, and economic effects in accordance
with the Quadruple Aim principle.®® Successful implementa-
tion will depend not only on improved patient outcomes but
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also on cost-effectiveness, robust statistics, and end-user ac-
ceptance. Follow-up protocols and workflows also should be
studied and optimized.

CONCLUSION

Predictive analytics based on vital sign monitoring can identify
clinical deterioration at an earlier stage and can do so more ac-
curately than conventional EWS. Implementation of such mon-
itoring can simultaneously decrease alarm-related workload
and enhance the efficiency of follow-up. While there is also
emerging evidence of associated mortality reduction, it may
be too soon to know how representative these findings are.
The current literature is limited by heterogeneity across pop-
ulations studied, monitoring frequency, definitions of deterio-
ration, and clinical outcomes. Consensus is therefore needed
to better compare tools and harmonize results. Artificial intel-
ligence and continuous monitoring show great promise in ad-
vancing the field; however, additional studies to assess cost,
actionability of results, and end-user acceptance are required.
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