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Background and Significance

Sepsis is a severe complication stemmed from an infection in
the body and can lead to potential tissue damage, organ
failure, or even death. More than 1.7 million individuals are

diagnosedwith sepsis annually in the United States and has a
one in threemortality rate.1 Sepsis is a strain on thehospitals
and health care system as it is a disease of high prevalence
and cost. In 2013, almost $24 billion was spent on care for
sepsis patients, making it the most expensive condition to
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Abstract Background Early detection and efficient management of sepsis are important for
improving health care quality, effectiveness, and costs. Due to its high cost and
prevalence, sepsis is a major focus area across institutions and many studies have
emerged over the past years with different models or novel machine learning
techniques in early detection of sepsis or potential mortality associated with sepsis.
Objective To understand predictive analytics solutions for sepsis patients, either in
early detection of onset or mortality.
Methods and Results We performed a systematized narrative review and identified
common and unique characteristics between their approaches and results in studies
that used predictive analytics solutions for sepsis patients. After reviewing 148
retrieved papers, a total of 31 qualifying papers were analyzed with variances in
model, including linear regression (n¼ 2), logistic regression (n¼ 5), support vector
machines (n¼ 4), and Markov models (n¼ 4), as well as population (range: 24–
198,833) and feature size (range: 2–285). Many of the studies used local data sets
of varying sizes and locations while others used the publicly available Medical
Information Mart for Intensive Care data. Additionally, vital signs or laboratory test
results were commonly used as features for training and testing purposes; however, a
few used more unique features including gene expression data from blood plasma and
unstructured text and data from clinician notes.
Conclusion Overall, we found variation in the domain of predictive analytics tools for
septic patients, from feature and population size to choice of method or algorithm.
There are still limitations in transferability and generalizability of the algorithms or
methods used. However, it is evident that implementing predictive analytics tools are
beneficial in the early detection of sepsis or death related to sepsis. Since most of these
studies were retrospective, the translational value in the real-world setting in different
wards should be further investigated.

received
October 2, 2019
accepted
April 2, 2020

© 2020 Georg Thieme Verlag KG
Stuttgart · New York

DOI https://doi.org/
10.1055/s-0040-1710525.
ISSN 1869-0327.

Review Article 387

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.

mailto:akteng@uw.edu
https://doi.org/10.1055/s-0040-1710525
https://doi.org/10.1055/s-0040-1710525


treat in U.S. hospitals.2Unfortunately, sepsis can stem from a
vast array of initial infections, such as pneumonia or a
urinary tract infection. Despite the high occurrence and
prevalence, detection and diagnosis of sepsis remain a
challenge due to its nondescript early-onset symptoms,
such as high heart rate and clammy skin.3 However, as it
can quickly progress to a life-threatening stage, it is crucial to
treat sepsis patients earlier and more efficiently to increase
survival outcomes. Furthermore, patients diagnosed with
sepsis tend to remain in the hospital for a significantly longer
period of time when compared with those without the
condition; thus, using more resources and hampering the
ability to move patients out of the emergency department
(ED) and into beds efficiently.

Currently, there are various metrics in use to define and
identify sepsis in the clinical setting. In 1991, the Sepsis-1
definition of sepsis, severe sepsis, and septic shock was
released. Sepsis was then described as a systemic inflamma-
tory response syndrome (SIRS) due to a present infection,
with at least two of the following criteria: (1) tempera-
ture> 38°C or< 36°C, (2) heart rate> 90 beats per minute,
(3) respiratory rate> 20 or PaCO2< 32mm Hg, or (4) white
blood cell> 12,000/mm3,< 4,000/mm3, or> 10% bands; se-
vere sepsis was having sepsis resulting in organ dysfunction
while septic shock was the occurrence of sepsis-induced
hypotension.4 In 2001, an update resulted in the introduc-
tion of the Sepsis-2 definition, which added confirmed or
suspected infection to the sepsis definition.4 However, in
2016, Sepsis-3 was created and sepsis is now described as a
life-threatening organ dysfunction caused by a dysregulated
host to infection.5

While the definitions of sepsis have evolved, so has data
collection in the clinical setting. In 2010, the United States
government established a three-stage incentive program,
aptly titled “Meaningful Use,” which established the re-
quirement to use electronic health records (EHRs). With
Meaningful Use stage one, EHRs were widely adopted and
now streams of patient data are constantly being collected.
Many researchers and clinicians are now trying to leverage
and integrate the data to create tools that aid in early
detection of sepsis. Many of these tools and predictive
solutions use machine learning (ML) techniques or hazards
model to assist in predicting sepsis onset or mortality. ML
is the application of artificial intelligence to aid with
automatic learning, detection, or classification, without
being explicitly programmed, and can potentially be useful
with medical data.6 Additionally, the type and size of the
feature set is important for the efficacy and interpretability
of ML techniques as irrelevant features may lower the
effectiveness.7

Because there are many ML models and feature sets that
can be used for sepsis predictive analytics, we systematically
identified various studies to understand the current state of
sepsis prediction tools. Furthermore,we sought to determine
how predictive analytics are being implemented for septic
patients and to see if there are any optimal solutions for
sepsis detection or mortality associated with sepsis current-
ly being explored.

Methods

We performed a literature search on PubMed in Novem-
ber 2018 to identify current practices and studies that have
used predictive analytics for septic patients, aiding in both
early detection of onset or mortality, using the following
query: (“sepsis” OR “septicemia” OR “septic” OR “septic
shock” OR “severe sepsis”) AND (“prediction” OR “predict”
OR “analytics”) AND (“machine learning” OR “big data” OR
“AI” OR “NLP” OR “neural network” OR “algorithm”). We
included common synonyms and popular phrases for sepsis
and predictive analytics to cast a greater net when searching.
After querying the database, we identified and categorized
relevant articles by reviewing the article titles and abstracts
to ensure a ML technique or model was being used for
prediction or detection of sepsis. Our search was not limited
to the intensive care unit (ICU) as sepsis does not solely occur
in such a setting. Furthermore, this allowed a larger scope to
explore novel techniques being developed in other clinical
settings. Our overall initial inclusion criteria are detailed
below:

1. Study was published in a peer-reviewed journal or
conference.

2. Study was published in English.
3. Study was published after 2008.
4. Study used at least one ML or model technique.
5. Study identified the features and data set used.
6. Study presented their summary statistics and/or com-

pared with previous studies.

Studies that did not meet these criteria were automati-
cally excluded. However, to increase the breadth of our
search and to include seminal studies, we added studies
based on their titles and abstracts that were commonly
found in the references, regardless of publication year. We
did not restrict our search to a specific population age for
similar reasons, but most of the reviewed studies centered
around the general adult population aged 18 to 65. After
curating our set of relevant articles, we identified and
categorized the characteristics of each study by analyzing
the common themes and differences between them to better
understand the issues in applying predictive analytics to
sepsis detection.

Results

►Fig. 1 depicts the article selection process. Our PubMed
search resulted in 148 articles, where 31 articles were imme-
diately excluded due to publication date. After reviewing the
abstracts of the remaining articles, 95 articles were further
excludedas theywerenot relevant to ourquestion. A total of 22
full-text articleswere extracted fromour PubMedsearch. From
thesearticles, a totalof11citedreferenceswereaddedbasedon
their titles and abstracts as they were commonly cited papers
between many of the articles that met our inclusion criteria.
However, two articles were then removed as there were no
summary statistics presented. In total, 31 papers were ana-
lyzed. Full results are summarized in ►Table 1, detailing the
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algorithm or model, population and feature size, “gold stan-
dard” definitions, and summary statistics.

For the majority of the studies analyzed, a variety of
metrics were used to report results, such as area under the
receiver operator curve (AUROC) and accuracy. The reported
metrics were dependent on theML technique or model used,
the features that were selected, and the size of the study data.
From our review, we identified four key differences between
the analyzed studies (1) variability in ML or modeling
techniques, (2) variability in feature selection, (3) variability
in data sample selection and size, and (4) variability in “gold
standard” sepsis definitions.

Variability in Machine Learning or Modeling
Techniques
Awide rangeofmodelsandMLtechniqueswereused topredict
or detect sepsis onset, septic shock, severe sepsis, or mortality.
The variety of methods used, summarized in ►Table 2, added
to the richness of this systematic scoping review. Common
methods include linear regression (n¼ 2),8,9 logistic regression
(n¼ 5),10–14 support vector machines (n¼ 4),15–18 Markov
models (n¼ 4),19–22 and Bayesian networks (n¼ 2).23,24 Addi-
tionally, a few studies (n¼ 6),25–30 used an industry created
tool, InSight (Dascena Inc.), to validate performance compared
with the more commonly used methods. In particular, Mao

et al, used InSight to test the predictive abilities of the industry-
created sepsis detection algorithm on open source and local
data sets, determining the transferability of the algorithm
across varying data sets.28 Similarly, a few studies, including
Danner et al, Gultepe et al, and Thottakkara et al usedmultiple
methods and algorithms for comparisonpurposes against their
own developed solution.9,15,17 Many of the general results
concluded that utilizing predictive analytics were beneficial
in the detection or prediction sepsis onset ormortality. Predic-
tive performance measures for each study are detailed
in ►Table 1. Due to heterogeneity in methods and standards
used, the predictive performance measure varies across the
analyzed studies.►Table 1 details the goals of the studies, the
“gold standard” or definition used for sepsis, septic shock, or
severe sepsis, the best performance markers, and summary
statistics.

Variability in Feature Selection
A majority chose common vital signs, including heart rate,
temperature, respiratory rate, and diastolic and systolic blood
pressures, for predicting sepsis onset, septic shock, severe
sepsis, ormortality.However, somestudieswentbeyondthese
commonvital signs and found that including biological data in
tandem with these common features could potentially help
enhance prediction and detection. Sutherland et al used blood

Fig. 1 Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) adapted diagram.
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cultured for gene expression analysis to help with their
detection solution.14 In addition to the common vital and
test variables, they included 145 biomarkers to compare gene
expression change from the Affymetrix GeneChip data and
wereable to conclude thatgeneexpressionbiomarker testhad
the ability to detect early evidence of sepsis before the
availability of microbiology results. Langley et al used blood
and protein profiles to help curate individualized detection of
sepsis.13 Using these profiles, they found that patients with
severe sepsis had more skewed distribution of metabolomic
measurements and distinct metabolic differences between
sepsis survivor and death groups. Afterwards, they created a
solution that took clinical features and various metabolites to
predict survival of patients with sepsis. Lukaszewski et al
created neural networkmodels that would predict which ICU
patients would develop sepsis from two daily samples of
blood.31 They used various leukocytes and cytokines (IL-1B,
IL-6, Il-8, IL-10, TNF-a, CCL-2, Fas-L) as features for model
development. However, they mentioned that the model may
also be identifying individuals who aremore likely to develop
sepsis from a genetic predisposition. Although a few studies
included biological data to aid with sepsis prediction and
detection, it may not always provide better results. Stancu-
lescu et al used biological data from neonates for their real-
time sepsis prediction tool.22 They found that this addition
wasnot statistically significant fromtheirpreviousworkusing
hiddenMarkovmodels andvital signs. Fromthis, it is apparent
that feature selection forML techniques varies and there is not
one set of features that is more ideal than another.

Variability in Data Sample Selection and Size
Many studies used publicly available data sets, such as
Medical Information Mart for Intensive Care (MIMIC)
(n¼ 8),8,12,19,25–28,32 or the less commonly used Medical
Data Warehousing and Analysis (MEDAN) projectTa
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Table 2 Count of methods used among analyzed studies

Method Retrospective
count

Prospective
count

InSight/Dascena 5 1

Regression models 6 (4 logistic, 2 linear) 1 (logistic)

Markov models 4 (3 HMM, 1 MM) –

Vector machine 4 (3 SVM, 1 RVM) –

Bayesian network 2 –

Hazard models 2 –

Neural network – 1

Fuzzy c-means
clustering

1 –

Regression tree – 1

Net classifier 1 –

Linear dynamic 1 –

Random forest 1 –

Abbreviations: HMM, hidden Markov model; MM, Markov model; RVM,
relevance vector machine; SVM, support vector machine.
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(n¼ 2),18,33 to help train and validate their tools. TheMIMIC-
III data set contains 53,423 distinct hospital admissions for
adult patients (aged 16 years or above) admitted to critical
care units between 2001 and 2012, while the MEDAN data
set contains data from 71 German ICUs from 1998 to
2002.18,34 These data sets are extensive and provide
researchers with real, de-identified data that can be used
as testing, training, or validation sets when using predictive
analytics. Additionally, many studies (n¼ 22) used ICU data
(either local14,17,20–23,29–31,35–37 or MIMIC), while nine
studies used ED9–11,13,15,16,24,38,39 data. While local data
varied greatly in size, ranging from 24 to 198,833, some
usedMIMIC in addition to their local data sets, which created
a potentially more generalizable set of data to increase
statistical significance and to increase the transfer of learn-
ing. Nemati et al used local data as the development cohort
and MIMIC data as the validation cohort rather than a
random split of local data for both the development and
validation cohorts.35 This allowed them to claim that their
solution is more generalizable and has the potential to work
sufficiently well across institutions. Similarly, Mao et al
integrated both ICU and non-ICU using local mixed wards
data to increase generalizability and MIMIC to increase
transferability.28

Additionally, in our review, most of the studies reviewed
were retrospective as they used data that was previously
collected to create predictive analytics solutions, but there
were four prospective studies in which tools were created to
assist in the real-time clinical setting. Sutherland et al pro-
spectively predicted sepsis onset by using the American
College of Chest Physicians/Society of Critical Care consensus
statement and if the patient had suspected infection based
on microbiological diagnosis.14 Using recursive partitioning,
LASSO, and logistic regression on microarray procedures,
they examined individual genes via a Bayes-adjusted linear
model and leave-one-out cross-validation. Later, they used
42 genes to generate a diagnostic classifier using a LogitBoost
ML algorithm and applied the classifier to the validation set.
Although the diagnosis of sepsis was unknown at the time of
enrollment, confirmationwas done retrospectively, and they
found their real-time detection tool was able to perform
before the availability of microbiology results.

Similarly, Lukaszewski et al prospectively monitored mo-
lecular changes to identify presymptomatic individuals with
an admission diagnosis of “likely septic.”31 They used real-
time polymerase chain reaction to predict sepsis at an early
stage of microbial infection, before overt clinical symptoms
were to appear. Furthermore, they built five neural network
classifiers, each with 30% of the data, to assess nonlinear
patterns and used a chi-squared test to ascertainwhether the
neural network derived predictive accuracies that were
statistically significant. Although their solution was able to
predict sepsis before the comparative method using the SIRS
criteria, they found that clinicians might have trouble under-
standing the results from the neural network tool. Sawyer
et al pilot tested a real-time automated sepsis alert that
would increase the rate of interventions within 12 hours of
detection.38 They found that their alert system resulted in an

increase in early intervention for those who were identified
to be at risk for sepsis.

Variability in “Gold Standard” Definitions
When implementing a retrospective predictive analytics
solution, defining the outcome variable can greatly impact
the performance. Among the analyzed studies, there was
variability in defining sepsis. Some studies determined if a
patient had sepsis by using the presence of an International
Classification of Disease Code 9 or 10, while others opted for
a more rule-based approach based on the Sepsis-2, Sepsis-3,
SIRS criteria, and/or organ dysfunction presence. Detailed
information regarding gold standard definitions can be seen
in ►Table 1. Additionally, a few studies relied on manual
chart review for determining septic patients. On the other
hand, prospective studies utilized a different approach. One
utilized an admission diagnosis code upon ICU entry,31while
another study determined septic patients based on a real-
time sepsis alert generated from their clinical alert system.38

Discussion

In this study, we systematically reviewed the literature to
identify all relevant studies that used a predictive analytics
solution, including ML and hazards models, to predict onset
or mortality of sepsis in hospitalized patients. We identified
31 studies and detailed the variousmethods andmodels each
study utilized. Because the studies selected were not homo-
geneous in nature, there are a few distinct differences that
should be noted.

Most of the studies reviewed were retrospective, while a
few were prospective. Although many of the results show
improved accuracy and early detection of sepsis onset or
mortality, it remains unknown how effective and efficient
many of these predictive analytics solutions are in a real-
time patient care setting. To fully understand the usability
and accuracy of these solutions, they should be studied
prospectively and observed in the health care setting. Simi-
larly, Michael found that prospective cohort studies could
potentially capture clinically relevant variables that are
absent from retrospective data sets and they could also
gather data in a more representative and accurate manner.40

Furthermore, a lot of studies used ICU data, most likely
due to data availability. The algorithms created using just ICU
datamay not be transferable to other departments due to the
high variation in patient population, differences in scoring
schemes, and possible missingness for features found in ICU
data potentially being utilized in the predictive tool. For
instance, often times organ dysfunction is measured using
different scoring schemes in the ICU and ED environments.41

Althoughmany studies presented favorable predictive value,
it is nearly impossible to conclude from the reviewed studies
if one predictive analytics solution is more effective than
another as there were differences among gold standards.
These gold standard definitions could have resulted in defi-
nition-specific results and if modified could yield differing
results. Furthermore, the population and data sizes used for
each study were different and the features that were used
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ranged from solely vital signs all the way to including free
text and administrative data.42 The heterogeneous nature of
all the reviewed studies shows that there are many
approaches for solving the question of applying predictive
analytics for sepsis.

A few studies used industry-created solutions that were
sponsored by the respective company. These results can even
be seen advertised on the company’sWeb sites themselves.43

Because of this connection, there may have been publication
bias present. It is best to be aware of this and interpret their
respective results accordingly.44

Limitations of Predictive Analytics Solutions Used
Because of the heterogeneity of the data used, there were
many differences in types of predictive analytic solutions
used. Most predictive analytics techniques used linear clas-
sifiers, such as Naive Bayes and linear or linear and logistic
regressions. Cross-validation was also a common technique
that was used among the analyzed studies. The use of cross-
validation indicates that the selected sample sizes in some of
these explored studies may not be large enough. By utilizing
cross-validation, an artificial large sample size is created;
however, by doing so, there is a risk of overfitting. Using k-
fold cross-validation can help reduce the effects of overfitting
but does not eliminate the risk.45 With ML, larger and more
representative data sets can result inmore realistic outcomes
and higher predictive power. Therefore, it is important to
consider the effects of data size. However, somemodels, such
as basic linear regression, may oversimplify a real-world
scenario as features and response variables may not follow
a linear relationship. Multivariate linear regression can
produce a more complete model in understanding the inde-
pendent impact of predictor variables on an outcome; simi-
larly, multivariate logistic regression can only be used when
the outcome variable is categorical, whichmay not always be
the intended case.46

Nonlinear models that were explored include neural net-
works and Markov models. Neural networks are easy to
conceptualize, they are slower, do not have as great of
performance metrics, requires tuning many parameters,
and if a multilayer neural network is used, then it is even
harder to train.47 Hidden Markov models were also consid-
ered, which are memoryless, andmake assumptions that the
next event is only dependent on the current event and not
the past event. Markov models are state machines with the
state changes being probabilities. In a hidden Markov mod-
els, the probabilities are not known, but the outcome is
known. However, implementing a neural network may be
too much of a black box andmay not be ideal in a health care
setting where doctors and clinicians would most likely want
to be aware of the computations and reasoning behind the
outputs.48

In addition to the commonmethods previouslymentioned,
there were a few unique methods that were used worth
discussing. One study used Symbolic Gate Approximation
which helped reduce the set of features necessary. Another
study used Bayesian principal component analysis (PCA),
which can be advantageous for small data sets in “high

dimensions as it can avoid the singularities associated with
maximumlikelihoodPCAby suppressingunwanteddegrees of
freedom in the model.”49

Generalized additive models were also used. These can be
powerful in that they allow us to fit a nonlinear function to
each predictor potentially allowing for more accurate predic-
tions when compared with a linear method. Furthermore,
because the model is additive, the effect of each predictor can
be analyzed when fixing the remaining predictors; however,
this additive characteristic can also be hindering.50 One study
used a Weibull–Cox proportional hazards model, which is a
goodmethod for analyzing survival data, and is smoother than
just a standard Cox model. Finally, random forests were also
explored. It is a bagging technique for both classification and
regression. The general concept is that you divide your data
into several portions, use a relatively weak classifier/regressor
to process, and then combine them. Random forest is flexible
and canenhance theaccuracyof theweakalgorithmto abetter
extent at the expense of heavier computational resources
required.51 However, if the data are not meaningful to begin
with, the end result will still not be meaningful. While these
uniquely applied predictive analytics solutions are interesting,
they were not specifically differentiated from the more com-
mon tools that were used.50 Overall, there was no clear-cut
best algorithm;however,when selecting a predictive analytics
solution to implement, one must consider the bias–variance
tradeoff and sample size of the data.

Limitations in Findings
There are some limitations in terms of how the systematic
scoping review was conducted and designed. We chose our
search query to be fairly broad to be able to capture the variety
of predictive analytics solutions being created for septic
patients. Many of these studies had a different objective in
theirapproachtousingpredictiveanalyticsmaking it isdifficult
to determinewhether one approachwas better than another. If
we narrowed the objective of our review to solely include
studies that aimed to decrease sepsis mortality or onset, the
search would have brought in different studies and examples.
Furthermore, the definition of sepsis is ever changing, and this
solely marks, generally, what has been done until now.

The availability of data seems to deeply affect and influ-
ence potential research opportunity and scope. The most
commonly used datawere obtained from the ICU followed by
the ED. This skew may be due to the availability of public
open-access data, such as MIMIC and MEDAN. Therefore, we
do not have good information in terms of whether or not
predictive analytics tools are better applied in the ICU setting
for better patient outcomes. As more data sets become
available, we should be careful in interpreting where the
application of these algorithms should be best assigned and
used. The definition of sepsis that was used as well as target
population contributed to the variation. Stanculescu et al
looked at developing an alert system for neonates. Because
the number of neonates that met their eligibility criteria was
low, their study population size was thus limited.21,22 Most
of the studies included in our analysis attempted to detect
sepsis or death related to sepsis earlier thanwhat is currently
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available. Furthermore, most of the studies were retrospec-
tive, but therewere a fewprospective studies performed, and
even a randomized control trial. When using ML to predict
sepsis onset, many studies used vital signs or laboratory test
results as their features to train and test their solutions.
However, Sutherland et al show that waiting for the micro-
biology results could potentially be avoided if gene expres-
sion analysis from blood plasma were to be utilized
instead.14 They were able to show strong findings of detect-
ing sepsis before the availability of microbiology results.
Shimabukuro et al performed a randomized control trial
by using an algorithm created byDascena, Inc. and found that
their predictor decreased the average length of stay and in-
hospital mortality rate.30 Nemati et al found that they can
predict, accurately, sepsis onset 4 to 12 hours prior to clinical
recognition through the use of their modified hazards mod-
el.35 Horng et al found that utilizing the unstructured text
data improved the accuracy of models that solely used the
structured data.16However, sincemost of these studies were
performed retrospectively, a prospective approach would be
needed to determine the feasibility and clinical utility of
these predictive analytics methods. For those that did use a
prospective approach, therewere varying results in accuracy
metrics as some found that therewas nomajor improvement
in patient outcomes, while others found decreased in-hospi-
tal mortality and length of stay rates. Additionally, since the
definitions of sepsis currently available rely on clinical
features, bias in prediction models will be present as there
will be an overlap in the feature set and outcome. Further
research and exploration would be necessary in this area.

Limitations in Search Strategy
There are a few limitations in our search query. We used a
simplistic and more accessible search phrase query without
using search tags for our exploration purposes. Recent sys-
tematic or literature reviews that have been published in the
last few months utilize more extensive queries and use a
range of Boolean and search tags in a wider set of databases.
Fleuren et al performed searches on not only PubMed, but
also Embase and Scopus.51 Peiffer-Smadja et al used a general
search query to identify general infectious diseases on
PubMed, Embase, Google Scholar, BioXiv, Acm Digital Li-
brary, arXiV, and IEEE.52 Schinkel et al performed a review
similar to ours by searching only PubMed, but they excluded
studies that did not have an AUROC statistic.53 No search
query is perfect; in fact, Salvador-Olivan et al found that
almost 93% of search strategies in systematic reviews con-
tained at least one error in their respective search queries.54

Conclusion

Overall, we found variation in the domain of predictive
analytics tools for septic patients, from feature and popula-
tion size to choice of method or algorithm. However, imple-
menting predictive analytics tools may be beneficial in the
early detection of sepsis or death related to sepsis. Sincemost
of these studieswere retrospective, the translational value in
the real-world setting should be further investigated as other

variables such as changes in workflow may also have an
impact on outcome. Additionally, many solely used one data
set, which is not generalizable across institutions, or even
within departments. It will be interesting to see if a predic-
tive analytics tool can be built on top of institutions that have
implemented a common data model.

Clinical Relevance Statement

As the amount of data being collected by EHRs continue to
increase, it is important to consider ways to harness the data
to aid patients. Sepsis is a leading cause of death in hospitals
and using retrospective data to create predictive solutions
can have the potential in reducing the number of patients
affected by sepsis. Prospective-based solutions using real-
time vital signs and features can be used to identify septic
patients early and potentially decrease morbidity and costs.
Because it is important to understand the techniques being
used in these solutions, we identified various studies and
analyzed their variation in techniques and provide a review
for those in the field to consider.

Multiple Choice Questions

1. Predictive analytics approaches using theMIMIC data set:
a. Have demonstrated poor success in retrospective clini-

cal scenarios.
b. Have had high accuracy levels to help in the emergency

department.
c. Have been a commonly used source to explore sepsis

approaches.
d. Were not used in tandem with local data.

Correct Answer: The correct answer is option c. We
discuss various sources of data that have been used in
studies for predictive analytics for sepsis. Often times,
open-source data sets, such as MIMIC, have been used as
they are easily accessible online and would not require as
stringent of human subjects’ protections as local institu-
tion data. Therefore, these open data sets are a very
commonway to explore clinical data with machine learn-
ing, especially with sepsis.

2. Predictive analytics sepsis prediction approaches using
local institution data have:
a. Used the same common set of standard features.
b. Used features specific to the study.
c. Coded features in SNOMED.
d. All of the above.

Correct Answer: The correct answer is option b. We
discuss various feature sets that have been used across
studies. Most common approaches were to use feature
sets that complemented the data found at the local
institution. For example, although most feature sets in-
cluded commonvitals such as heart rate and temperature,
a few approaches using local data went a bit further by
incorporating clinical text note information or blood tests.
This is to highlight that although there are a few common
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features used among the studies, many still used a curated
feature set for their own institution and goals.

Protection of Human and Animal Subjects
Human and/or animal subjects were not included in this
project.
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