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a b s t r a c t 

Study objective: Sepsis is a common and major health crisis in hospitals globally. An innovative and fea- 

sible tool for predicting sepsis remains elusive. However, early and accurate prediction of sepsis could 

help physicians with proper treatments and minimize the diagnostic uncertainty. Machine learning mod- 

els could help to identify potential clinical variables and provide higher performance than existing tra- 

ditional low-performance models. We therefore performed a meta-analysis of observational studies to 

quantify the performance of a machine learning model to predict sepsis. 

Methods: A comprehensive literature search was conducted through the electronic database (e.g. PubMed, 

Scopus, Google Scholar, EMBASE, etc.) between January 1, 20 0 0, and March 1, 2018. All the studies pub- 

lished in English and reporting the sepsis prediction using machine learning algorithms were considered 

in this study. Two authors independently extracted valuable information from the included studies. In- 

clusion and exclusion of studies were based on the Preferred Reporting Items for Systematic Reviews and 

Meta-analysis (PRISMA) guidelines. 

Results: A total of 7 out of 135 studies met all of our inclusion criteria. For machine learning models, the 

pooled area under receiving operating curve (SAUROC) for predicting sepsis onset 3 to 4 h before, was 

0.89 (95%CI: 0.86–0.92); sensitivity 0.81 (95%CI:0.80–0.81), and specificity 0.72 (95%CI:0.72–0.72) whereas 

the pooled SAUROC for SIRS, MEWS, and SOFA was 0.70, 0.50, and 0.78. Additionally, diagnostic odd ratio 

for machine learning, SIRS, MEWS, and SOFA was 15.17 (95%CI: 9.51–24.20), 3.23 (95%CI: 1.52–6.87), 31.99 

(95% CI: 1.54–666.74), and 3.75(95%CI: 2.06–6.83). 

Conclusion: Our study findings suggest that the machine learning approach had a better performance 

than the existing sepsis scoring systems in predicting sepsis. 

© 2018 Published by Elsevier B.V. 
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. Introduction 

.1. Background 

Sepsis is a common and life-threatening syndrome, and a lead-

ng cause of morbidity and mortality globally [1] . It has already be-

ome a major global health burden due to higher treatment cost,
Abbreviations: SAUROC, Summarized area under receiver operating curve; SIRS, 

ystemic inflammatory response syndrome; MEWS, Modified early warning system; 

OFA, Sequential organ failure assessment; QSOFA, Quick sequential organ failure 

ssessment; DOR, Diagnostic odd ratio; ICU, Intensive care unit. 
∗ Corresponding author at: College of Medicine Science and Technology (CoMST), 

aipei Medical University, Chair, Dept. of Dermatology, Wan Fang Hospital, 250- 

uxing Street, Xinyi District, Taipei 11031, Taiwan. 
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nd excessive hospital stay [2,3] . However, correct and accurate

dentification of the risk factors, and appropriate antibiotic selec-

ion would play a significant role in the overall mortality reduction

nd cost burden of sepsis treatment. Currently, available screening

ethods such as the modified early warning system (MEWS), sys-

emic inflammatory response syndrome (SIRS), etc., are not enough

o clearly identify sepsis patients and transfer their treatment into

 higher level of care [4] . 

Machine learning has been emerging as a promising tool to

ecrease diagnostic uncertainty, select appropriate antibiotics, and

dentify proper sepsis patients [5,6] . Real-time clinical variables

ave been used to generate a suitable prediction model that can

ccurately predict the onset of sepsis in an intensive care unit

ICU) before clinical recognition [7–9] . Several published epidemi-

https://doi.org/10.1016/j.cmpb.2018.12.027
http://www.ScienceDirect.com
http://www.elsevier.com/locate/cmpb
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cmpb.2018.12.027&domain=pdf
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immature bands. 
ological studies that have already revealed the risk factors of

sepsis. Indeed, a significant number of studies have also reported

machine learning can detect and predict the onset of sepsis using

these potential variables [10–12] . 

1.2. Goal of this investigation 

To our knowledge, no meta-analysis evaluated the performance

of machine learning models for predicting sepsis so far. Therefore,

we conducted a meta-analysis to investigate the potential of ma-

chine learning for identifying sepsis patients. Correctly identifica-

tion and prediction of sepsis patients has a clinical implication for

prevention and treatment of sepsis patients. 

2. Materials and methods 

2.1. Research protocol 

This study was conducted in accordance with the preferred Re-

porting Items for Systematic Reviews and Meta-Analyses. We have

used similar method in our previously published systematic review

and meta-analysis [13–15] ( Supplementary Table S5 ). 

2.2. Literature review 

A comprehensive search strategy was developed in consultation

with various professionals such as pharmacists, physicians, data

scientists in the International Center for Health Information Tech-

nology. The most popular and reliable electronic databases such as

PubMed, EMBASE, Google Scholar, Scopus were searched between

January 1, 20 0 0, and March,1, 2018 to find out relevant studies. The

study reported machine learning approach for predicting sepsis

was included in our present study. The following MeSH terms

were used to search the articles: ((“Machine learning ∗”), OR (“Ma-

chine learning model ∗”), OR (“Machine learning algorithms ∗”) OR

(“Algorithms”) OR (“Artificial Intelligence ∗”) OR (“Deep learning”),

(“Computational Approach”) OR (“Automated- computer aided”))

And ((“Sepsis”), OR (“Sepsis prediction”) OR (“Sepsis onset”) OR

(“Sepsis identification”), OR (“Sepsis detection”) OR (“Sepsis risk

prediction”) OR (“Sepsis development”), (“Severe sepsis predic-

tion”) AND ((“Intensive care unit”), OR (“Emergency department”))

Supplementary Table S1 . Additionally, the bibliography of each

study was also scrutinized to find any missing study in the initial

search. A widely implemented commercial referencing software

EndNote X7 (Thomson Reuters) was further used to compile the

studies and duplication checking. 

2.3. Inclusion and exclusion criteria 

We carefully screened all the studies in the initial search and

checked their relevant titles and abstracts. Two authors (MMI,

TNP) examined these studies independently. To be included, all

the studies had to fulfill the following criteria: 1) study must

be in English and be peer-reviewed, 2) provided an outcome of

the machine learning algorithms and sepsis patients prediction,

3) provided information regarding sensitivity and specificity, 4)

provided the total number of sepsis patients, 5) provided a clear

definition of sepsis, 6) clearly described machine learning models

and predictor variables used in the sepsis prediction, 7) provided

explicit overview of dataset used in the study and origin of

data source (emergency/ intensive care unit), 8) provided clear

information of sepsis identification. 

Editorials, short reports, traditional methods for predicting

sepsis were excluded. All the studies meeting inclusion criteria at

this stage were additionally reviewed by the same two authors to

ensure the appropriateness of the final analysis. All disagreement
etween two authors for selecting potential studies were then

esolved by chief investigator (YC, L). Studies providing the most

etailed information regarding algorithms and clinical variables

ere kept for references. 

.4. Data extraction and quality assessment 

Data abstraction was conducted by the same two authors who

sed a predefined, standardized protocol and data collection in-

trument. All the data were entered into Review Manager software

RevMan-5) and checked for accuracy. Finally, they selected appro-

riated seven studies that reported machine learning and sepsis

rediction. The following data were extracted from these included

tudies. 

a) Author information. 

b) Year of publication. 

c) Clinical variables for sepsis prediction. 

d) Machine learning prediction model name. 

e) Area under receiving operating curve (AUROC), sensitivity,

and specificity value. 

f) Number of patients admitted in emergency department

(ED)/intensive care unit (ICU) and number of sepsis patients.

g) Database information. 

h) sepsis identification method. 

However, systematic reviews and meta-analysis of diagnostic

ccuracy studies are often characterized by some sorts of het-

rogeneous findings that is originated from differences in the

esign and conduct of included studies. We therefore carefully

ssessed the quality of included studies in this meta-analysis. The

uality Assessment of Diagnostic Accuracy Studies–2 (QUADAS)

ool [16] was used to assess the quality of included studies

Supplementary Table S6). 

.5. Gold standards 

In this meta-analysis, we considered the studies where machine

earning performance were tested according to various gold stan-

ards (clinical indications). We considered only the studies classi-

ed as positive or negative for having acquired in-hospital sepsis

ith SIRS, MEWS, and SOFA, or at least one of these gold stan-

ards. However, included studies had to identified each septic if 

(1) The patient record was recorded in-hospital contraction of

sepsis with an ICD9 code (995.9)/ ICD-10. 

(2) The patient met the 1991 systemic inflammatory response

syndrome (SIRS) criteria for sepsis for a persistent 5-h pe-

riod of time. The beginning of the patient’s first 5-h SIRS

event was considered as the zero hour. 

.6. Definition of sepsis 

The sepsis gold standard is defined by using the 2001 con-

ensus sepsis definition. However, a new Sepsis-3 definition is

ntroduced in 2016 [4] , and discussions on the effectiveness of

he newly proposed definition are continuing. The patients are

uspected of infection if they meet two or more SIRS criteria. The

nset time is defined as the first time two or more SIRS criteria

bserved in the same hour. 

SIRS criteria [17] are given below: 

a) Temperature > 38 ◦C or < 36 ◦C. 

b) Heart rate > 90/min. 

c) Respiratory rate > 20/min or PaCO2 < 32 mmHg (4.3 kPa). 

d) White blood cell count < 12,0 0 0/mm3 or 40 0 0/mm3 or 10%
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.7. Primary and subgroup analysis 

The included studies that investigated the performance of the

achine learning models for predicting sepsis patients were con-

idered in the primary analysis. The primary analysis was divided

nto two parts: 

a) Sepsis prediction 3 to 4 h prior to onset 

b) Sepsis detection (0 h) 

In addition, the commonly and widely used traditional models

uch as systemic inflammatory response syndrome (SIRS), mod-

fied early warning system (MEWS), sequential organ failure as-

essment (SOFA), and quick sequential organ failure assessment

QSOFA) were also evaluated as a subgroup analysis (at least 3 to

 h prior to sepsis onset). 

.8. Statistical analysis 

For each included study, we obtained the sensitivity, specificity,

nd receiving operating curve (ROC) value with 95% confidence in-

erval (CI) for predicting sepsis patients in ICU. ROC curve is plot-

ed the true positive rate (TPR) against the false positive rate (FPR)

t various threshold settings. The value of ROC curve 0.9–1, 0.8–0.9,

.7–0.8, 0.6–0.7, 0.5–0.6 defines as excellent, good, fair, poor and

ail. ROC, sensitivity and specificity were measured with 95% CI in

he final analysis. An I 2 value was used to assess the statistical het-

rogeneity which provided an estimate of the percentage of vari-

bility among the included studies. An I 2 value 0 ∼25%, 25 ∼50%,

0 ∼75%, more than 75% represents very low, low, medium and

igh heterogeneity. The results from all included studies were

ooled, and an overall estimate of effect size was evaluated using

 random effect model which help to reduce heterogeneity among

tudies. The I ² statistic describes the percentage of variation across

tudies that is due to heterogeneity rather than chance [18] . I 2 was

alculated as follows: 

 

2 = 100% × ( Q − df ) /Q 

Where Q is Cochrane’s heterogeneity statistic and df is the de-

ree of freedom. Negative values of I 2 were set a zero; the I 2 re-

ults are between 0% (no observed heterogeneity) and 100% (max-

mum heterogeneity) 

In our meta-analysis, we used the symmetric method be-

ause of the assumed heterogeneity among the included stud-

es. MetaDiSc (version 1.4) was used for pooled estimate of AU-

OC, sensitivity, specificity and diagnostic odds ratio. It helps to a)

ummarize data from each individual study, b) investigate the ho-

ogeneity of studies graphically and statistically, c) compute the

ooled estimate, d) explore heterogeneity. Likelihood ratios were

ssessed to express how much more frequent the respective re-

ult is among the studies with sepsis disease than among subjects

ithout sepsis disease. 

LR + = ( Sensit i v it y/ 1 − Speci f icity ) and 

LR − = ( 1 − Sensit i v it y/Speci f icity ) 

In addition, diagnostic odd ratio (DOR) was calculate to provide,

ow much greater the odds of having the sepsis disease are for

he people with a positive test result than for the people with a

egative test result. In mathematically, DOR = LR + /LR-. Area under

eceiver operating curve, sensitivity, specificity, diagnostic odd ra-

io, likelihood ration was used to evaluate the performance of each

ethod (Supplementary Table S3). 

The confidence intervals of overall sensitivity and specificity

as also analyzed using the F distribution method to compute the

xact confidence limits for the binomial proportion [19] . However,

eta-DiSc was used to compute them using over dispersion cor-

ection. In this case, it used the normal approximation to binomial,
.e. 

SE ( Se n T ) = 

√ 

Se n T ( 1 − Se n T ) ∑ 

i Di 

SE ( Sp e T ) = 

√ 

Sp e T ( 1 − Sp e T ) ∑ 

i N D i 

he confidence interval [20] corrected by over dispersion were: 

e n T ± Z ∝ / 2 ϕ Sen SE ( Se n T ) Sp e T ± Z ∝ / 2 ϕ Spe SE ( Sp e T ) 

If there was any evidence of diagnostic threshold variation

mong studies, the best summary of study results would be an

OC curve rather than a single point. The shape of the ROC curve

ctually depends on the underlying distribution of test results in

ndividuals with and without the disease. Diagnostic tests where

he DOR was constant regardless of the diagnostic threshold have

ymmetrical curves around the “Sen = Spe” line. In these situations,

t is possible to combine DOR’s by the Mantel–Haenszel or the Der-

imonian Laird methods to estimate the overall DOR and hence to

etermine the best-fitting ROC curve [21] . The equation of curve

as calculated: 

en = 

1 

1 + 

1 
DO R T 

×
(

1 −Spe 
Spe 

)
However, the AUC was computed by numeric integration of the

urve equation by the trapezoidal method. A Q 

∗ index is another

seful statistic which was defined by the point where sensitivity

nd specificity are equal, which was the point closest to the ideal

op-left corner of the ROC space. A Q 

∗ value calculated by- 

 ∗ = 

√ 

DO R T 

1 + DO R T 

Moreover, the standard error of the area under the symmetrical

OC curve was calculated by 

SE ( AUC sym ) = 

DO R T 

( DO R T − 1 ) 3 

[ ( DO R T + 1 ) ln DO R T − 2 ( DO R T − 1 ) ] SE ( lnDO R T ) 

The standard error of Q 

∗ was calculated by the following

quation- 

E ( Q ∗) = 

√ 

DO R T 

2 

(
1 + 

√ 

DO R T 

)
2 

SE ( ln DO R T ) 

The confidence interval of symmetrical ROC curve was analyzed

o provide the upper and lower limits of CI of overall DOR in the

quation of curve. 

. Results 

.1. Study selection 

A total of 135 unique titles and abstracts were identified ini-

ial search. Among those 121 articles were excluded based on our

tudy inclusion and exclusion criteria’s (described in method part).

urthermore, 14 studies had gone for the full-text review, and of

hese, 7 studies met all inclusion criteria [10,22–27] . Fig. 1 shows

nclusion and exclusion criteria of the study process. 

Study characteristics: The baseline characteristics of the eight

ncluded studies are shown in Table 1 . 

The year of publication ranged from 2016 to 2018. All studies

ncluded patients from an intensive care unit (ICU). The minimum

nd maximum inclusion of sepsis patients were 140 and 32,103.

ll the studies included sepsis patients who were older than 18

ears or above. Five studies compared the machine learning ap-

roach with other golden scoring systems in current use for the
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Table 1 

Baseline characteristic of included studies. 

Author 

Publication 

year 

Data collection 

period Sepsis patients 

Prediction 

models Data source 

Sepsis 

definition/ 

identification Department 

Prediction 

before sepsis AUROC 

External 

validation 

Model 

discrimination 

Desautels 2016 2001–08 2577 Insight MIMIC-III SIRS criteria ICU 0 and 4 h 

before 

ML = 0.88 

SIRS = 0.61 

SOFA = 0.73 

QSOFA = 0.77 

MEWS = 0.80 

N NR 

Horng 2017 2008–13 32,103 SVM MIMIC-III ICD-9 code ICU 4 h ML = 0.86 N NR 

Mao 2017 2011–16 140 InSight University of 

California, San 

Francisco and 

MIMIC-III 

SIRS criteria, 

and ICD-9 

code: 995.91 

ICU 0 and 4 h 

before 

ML = 0.92 

MEWS = 0.76 

SOFA = 0.63 

SIRS = 0.75 

Y NR 

Nemati 2017 2013–15 2,375 APeX Emory 

University 

Hospitals And 

MIMIC-III 

Third 

International 

Consensus 

Definitions 

ICU 4 h before ML = 0.85 

SOFA = 0.87 

Y NR 

Calvert 2016 2001–08 159 InSight MIMIC-III SIRS criteria, 

and ICD9 code: 

995.9 

ICU 3 h before ML = 0.83 N NR 

Kam 2017 2001–12 360 Deep neural 

network 

MIMIC-III SIRS criteria, 

and ICD9 code: 

995.9 

ICU 3 h before ML = 0.92 N NR 

Faisal 2018 2014–15 4,909 Logistic 

regression 

York hospital, 

and Northern 

Lincolnshire 

and Google 

Hospital 

ICD-10 ICU 4 h before ML = 0.78 Y 0.186 

• N.B: Y = Yes, N = No, NR = Not Reported SVM = Support vector machine, ML = Machine learning, N A = 

−1 Not applicable, SIRS = Systemic inflammatory response syndrome, MEWS = Modified early warning system, 

SOFA = Sequential organ failure assessment, q SOFA = Quick Sequential organ failure assessment, ICU = Intensive care unit ED = Emergency department. 
• Note: SIRS criteria are defined as: 1. Heart rate > 90 beats/ min, 2. body temperature > 38 °C or < 36 °C, 3. respiratory rate > 20 breaths/min 4. white blood cell count > 12,0 0 0 cells/ μL or < 4,0 0 0 cells/ μL. Organ dysfunction 

criteria are defined as: 1. Lactate > 2 mmol/L 2. Systolic blood pressure < 90 mmHg 3. Urine output < 0.5 mL/kg, over two hours 4. Creatinine > 2 mg/dL 5. Bilirubin > 2 mg/dL 6. Platelet count < 10 0,0 0 0 μL 7. International 

normalized ratio > 1.5 8. PaO2 > 0.5. 
• MIMIC-III = The Multi-Parameter Intelligent Monitoring in Intensive Care. 
• InSight is a machine learning classification system that uses multivariable combinations of easily obtained patient data (vitals, peripheral capillary oxygen saturation, Glasgow Coma Score, and age). Included studies compared 

InSight predictions for each gold standard to three common patient deterioration scoring systems: SIRS, SOFA and MEWS. 
• APeX is developed by Epic Systems (Verona, Wisconsin, USA), and the prediction algorithm was developed by Dascena (Hayward, California, USA). 
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Fig. 1. PRISM flow diagram for study selection. 

d  

M  

c  

c  

o  

s

 

o  

(

 

I  

i  

s  

t  

o

3

 

l  

c  

p  

c  

p  

t

 

t  

(

2  

t

 

h  

0

 

a  

f  

H  

0

0  

p  

p  

3  

0  

F

etermination or prediction of sepsis, including the SOFA, qSOFA,

EWS, and SIRS score, but four studies only investigated the ma-

hine learning model for predicting sepsis patients. Patients were

onfirmed with sepsis if they met the golden standard definition

f sepsis: “the presence of two or more SIRS criteria paired with a

uspicion of infection” . 

All patients fulfilled the criteria for SIRS during the first 4 h

f hospital admission or the first 1 h of the first ICU admission

 Table 2 ) . 

However, each study also confirmed sepsis patients by using the

nternational Classification of Diseases (ICD) code. Patient data of

ncluded studies were de-identified to comply with the Health In-

urance Portability and Accountability Act (HIPAA) Privacy Rule. All

he studies used all of the most similar features for the prediction

f sepsis onset (Supplementary Table S4). 

.2. Machine learning model and sepsis prediction 

Seven studies investigated the performance of the machine

earning approaches for the prediction of sepsis patients. The ma-

hine learning models showed higher performance to accurately

redict sepsis, and identified sepsis 3 to 4 h prior to its onset
ompared with the other traditional scoring systems. The overall

ooled AUROC for machine learning to predict sepsis 3 to 4 h prior

o onset was 0.89 ( Fig. 2 A). 

Additionally, sensitivity, specificity, and diagnostic odds ra-

io were 0.81 (95%CI: 0.80–0.81, p < 0.0 0 01, I 2 = 99.6%), 0.72

95%CI:0.72–0.72, p < 0.0 0 01, I 2 = 10 0%), and 15.17 (95%CI: 9.51–

4.20, p < 0.001, I 2 = 99.1%), respectively ( Fig. 2 , B-D ) (Supplemen-

ary Table S2) . 

Furthermore, the positive likelihood ratio and negative likeli-

ood ratio were 3.31 (95% CI: 1.46–7.48, P < 0.0 0 01, I 2 = 10 0) and

.23 (95%CI:0.20–0.27, I 2 = 94.9%), respectively (Sup. Fig. S1). 

Three studies evaluated the performance of machine learning to

ccurately detect the onset of sepsis. The overall pooled SAUROC

or machine learning to detect sepsis onset (0 hr.) was 0.98.

owever, sensitivity, specificity, and diagnostic odds ratio were

.87 (95% CI: 0.86–0.88, p < 0.0 0 01, I 2 = 99.4%), 0.93 (95%CI: 0.92–

.93, p < 0.0 0 01, I 2 = 10 0%), and 1240.11 (95%CI: 28.85–53,297.69,

 < 0.0 0 01, I 2 = 99.6%), respectively. Additionally, the overall pooled

ositive likelihood ratio and negative likelihood ratio were

2.45 (95%CI: 6.56–160.57, p < 0.0 0 01, I 2 = 10 0%) and 0.06 (95%CI:

.01–0.56, p < 0.0 0 01, I 2 = 99.3%), respectively (Supplementary

ig. S2) . 
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Fig. 2. Performance of machine learning model for predicting sepsis (A. SAUROC, B. Sensitivity C. Specificity D. Diagnostic odd ratio). The color circle represents proportion 

of the number of patients with sepsis and the number of patients without sepsis. (For interpretation of the references to color in this figure legend, the reader is referred to 

the web version of this article.) 
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Table 2 

Definition of systemic inflammatory response syndrome, sepsis and severe sepsis. 

Culture-positive populations Culture-negative populations 

Systemic inflammatory response syndrome (SIRS): Systemic 

inflammatory response to a variety of severe clinical injuries. The 

response is manifested by two or more of the following conditions: 

Culture-negative sepsis : SIRS without confirmed evidence of infection. 

1. temperature > 38 °C or < 36 °C. Culture-negative severe sepsis: Culture-negative sepsis associated with organ 

dysfunction, hypo perfusion or hypotension. The perfusion abnormalities may 

include, but are not limited to, lactic acidosis, oliguria or an acute alteration in 

mental status. 

2. heart rate > 90 bpm. 

3. respiratory rate > 20 breath min −1 , or PaCO2 < 32 mmHg. 

4. white blood cell count > 12 0 0 0 mm 

−3 , < 440 0 0 mm 

−3 , or > 10% 

immature (band) forms. 

Culture-positive sepsis: SIRS with confirmed evidence of infection. 

Culture-positive severe sepsis: Culture positive sepsis associated with 

organ dysfunction, hypo-perfusion, or hypotension. The perfusion 

abnormalities may include, but are not limited to, lactic acidosis, 

oliguria, or an acute alteration in mental status. 

Table 3 

Performance of predicting sepsis by commonly used methods. 

Name No. study AUROC Sensitivity (95%CI) Specificity (95%CI) PLR(95%CI) NLR(95%CI) Diagnostic odd ratio 

ML 7 0.89 0.81 (0.80–0.81) 0.72 (0.72–0.72) 3.31(1.46–7.48) 0.23(0.20–0.27) 15.17 (9.51–24.20) 

SIRS 2 0.70 0.75 (0.74–0.77) 0.50 (0.50–0.50) 1.50(1.19–1.88) 0.46 (0.27–0.80) 3.23 (1.52–6.87) 

MEWS 2 0.50 0.80 (0.79–0.81) 0.73 (0.73–0.73) 3.30(2.69–4.04) 0.10(0.00–2.43) 31.99 (1.54–666.77) 

SOFA 3 0.78 0.77 (0.76–0.78) 0.42 (0.42–0.42) 1.68(1.13–2.52) 0.45 (0.37–0.54) 3.75 (2.06–6.83) 

QSOFA 1 0.77 0.56 (0.54–0.57) 0.84 (0.83–0.84) 3.50 (3.34–3.67) 0.52 (0.50–0.55) N/A 

∗Note: ML = Machine learning, PLR = Positive Likelihood Ratio, NLR = Negative Likelihood Ratio, SIRS = Systemic inflammatory response syn- 

drome, MEWS = Modified early warning system, SOFA = Sequential organ failure assessment, QSOFA = Quick sequential organ failure assessment. 
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. Subgroup analysis 

Subgroup analysis was also performed to compared machine

earning prediction performance with widely used scoring systems.

able 3 shows the performance of ML, SIRS, MEWS, SOFA and

SOFA. 

.1. Sequential organ failure assessment (SOFA) 

Three studies also assessed the performance of SOFA for pre-

icting sepsis patients. The overall pooled AUROC for identi-

ying sepsis patients was 0.78 (AUROC = 0.78, q = 0.7231). Ad-

itionally, the sensitivity, specificity, diagnostic odd ratio was

.77 (95%CI: 0.76–0.78, p < 0.0 0 01, I 2 = 96.8%), 0.42 (95%CI: 0.42–

.42, p < 0.0 0 01, I 2 = 10 0%), 3.75 (95% CI:2.06–6.83, p < 0.0 0 01,

 

2 = 98.9%). 

.2. Systematic inflammatory response syndrome (SIRS) 

Two studies examined the performance of SIRS for the predic-

ion of sepsis patients. The overall pooled AUROC for predicting

epsis was 0.50. However, the sensitivity, specificity, and diagnostic

dd ratio was 0.75 (95%CI: 0.74–0.77, p < 0.0 0 01, I 2 = 97.8%), 0.50

95%CI: 0.50–0.50, p < 0.0 0 01, I 2 = 99.4%), and 3.23 (95%CI: 1.52–

.87, p < 0.0 0 01, I 2 = 98.7%). 

.3. Modified early warning systems (MEWS) 

Two studies evaluated the performance of MEWS for the pre-

iction of sepsis patients. The overall pooled AUROC for predicting

epsis was 0.500. Moreover, the sensitivity, specificity and diag-

ostic odd ratio was 0.80 (95%CI: 0.79–0.81, p < 0.0 0 01, I 2 = 99.8%),

.73 (95%CI: 0.73–0.73, p < 0.0 0 01, I 2 = 99.5%), and 31.99 (95%CI:

.54–6 6 6.77, p < 0.001, I 2 = 99.5%). 
.4. Quick sequential organ failure assessment (QSOFA) 

One study investigated the performance of QSOFA for predicting

epsis patients. The overall pooled AUROC for predicting sepsis was

.77. Furthermore, the sensitivity, specificity and diagnostic odd ra-

io was 0.56(95% CI: 0.54- 

. Discussion 

.1. Principle findings 

We conducted a meta-analysis to investigate the performance

f machine learning for predicting sepsis three to four hours be-

ore onset. The overall pooled estimation showed that machine

earning performance for early recognition of sepsis and non-sepsis

atients performed better when compared with the performance

f traditional sepsis scoring tools such as SIRS, MEWS, SOFA, and

SOFA. Additionally, the ability of machine learning models was

lso higher for sepsis detection. In order to determine the general-

zability of machine learning algorithm for sepsis prediction to dif-

erent settings, machine learning also demonstrated a higher per-

ormance when used with different datasets with varying types

nd frequencies of patient’s measurements. The findings of our

tudy suggest that the strong predictive performance of machine

earning would be helpful to decrease sepsis-related in-hospital

ortality, and sepsis-related length of hospital stay. Since the di-

gnosis of sepsis patients is always challenging due to preexisting

rgan dysfunction, treatment prior to admission, and concurrent

rgan support. But higher sensitivity and specificity of the ma-

hine learning approach could correctly and accurately identify the

atients, provide supportive treatment, and improve patient out-

omes. Implementation of machine learning prediction tools may

reate immense opportunity to measure patient’s criteria quickly

nd easily and assessed repeatedly over time in patients at risk of

epsis. 
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5.2. Public health implications and clinical practice 

Sepsis is one of the major public health concerns because it is

lethal, prevalent, and costly [28] . It has emerged as a global burden

due to higher morbidity and mortality [29,30] . In the USA alone,

each year 700 000 people are affected by severe sepsis, accounting

for 20 million dollars per year [31,32] . Additionally, lengthy hospi-

tal stays due to sepsis are twice as common as for any other con-

dition. However, early and accurate diagnosis and treatment of se-

vere sepsis has shown an association with improved patients out-

come, reduced mortality rate, and decreased cost of care [33,34] . 

Despite many attempts to identify sepsis patients, it is still

difficult for healthcare providers to correctly recognize and diag-

nose this condition because of the heterogeneous nature of possi-

ble infection. The traditional definition of sepsis is the presence of

at least two criteria of the Systemic Inflammatory Response Syn-

drome (SIRS), together with known or suspected infection, and or-

gan dysfunction [35] . However, a new definition of sepsis (Sepsis-

3) has created an opportunity for accurately identifying sepsis pa-

tients in clinical and preclinical settings [4,36,37] . An ideal situa-

tion is needed where minimal data is required, and data is rou-

tinely collected. A machine learning risk score model has the po-

tential to use routine vital sign data to recognize sepsis patients

hours before its onset [28] . Several studies have already used In-

Sight, a novel version of the machine learning algorithm, which

uses the most common variables (vital signs and other easily as-

sessed bedside measurements, plus age) obtained from electronic

health records to correctly identify and predict sepsis patients in

the ICU [10,11,22,23] . Features for predicting sepsis patients among

the included machine learning prediction models are known to be

associated with the risk of sepsis onset. In addition, these machine

learning models helped to identify well-known risk factors for sep-

sis even among the noise of many unrelated variables. 

A machine learning based sepsis prediction system is designed

to assist physicians in diagnosis, treatment, and patient’s manage-

ment in the emergency and intensive care units. Automated ma-

chine learning tools may be beneficial for physicians with a com-

plex and difficult diagnosis of sepsis onset by analyzing the cur-

rent trends and correlations between vital sign measurements. As

widely available traditional tools often suffer from low sensitiv-

ity or specificity and fail to predict patients with a higher risk of

sepsis [38,39] , machine learning models with higher accuracy may

provide early warning signals which identify sepsis patients, help

supportive treatment, and open the door to prevent the progres-

sion of the condition [34] . Several studies already reported that

early treatments could improve the patient’s outcome by confirma-

tion of a positive microbiology and appropriate antibiotic therapy. 

5.3. Strengths and limitations 

There are several strengths of our study. First, this is the first

meta-analysis which evaluated the performance of machine learn-

ing for predicting sepsis. Second, the performance of the machine

learning models was compared with other traditional scoring sys-

tems which renders our study more robust. Finally, included stud-

ies used different kinds of database including the MIMIC-III (v1.3)

database which is large and widely accepted standard database for

critical care patients. This database is a publicly available database

constructed by researchers at Massachusetts Institute of Technol-

ogy’s Laboratory for Computational Physiology, and the data were

also de-identified in compliance with HIPAA. It includes such items

as patient vital signs, hospital records, fluid information, laboratory

test results, treatment orders, and free-text medical records. Ad-

ditionally, multi-countries multi-database makes our results more

reliable and trustworthy. 
Our study has some limitations that also need to address. First,

ll the included studies evaluated different types of machine learn-

ng models for identifying sepsis patients. Therefore, our study

oes not allow to suggest which model is best for predicting sepsis

atients. But all models in the included studies outperformed the

raditional methods usually used in the hospital. Although, the pre-

iction models may have to be different for each hospital/country

ecause in each hospital/country, the reasons for sepsis may be

ifferent – again, there may be NO best overall or global model,

ust a best model for each hospital or each situation. As, all the

odels outperformed widely used scoring systems such as SOFA,

SOFA, and MEWS score. Therefore, they could be helpful in future

linical settings. Second, all the included almost common variables

or the prediction of sepsis but variables were not categorized ac-

ording to their importance. Although, machine learning prediction

odel has ability to provide which variables are most useful for

redicting sepsis patients. The best machine learning model is to

nclude precise and accurate variable selection for predicting sep-

is patients. Third, only three studies provided results of external

alidation. It would have been better if all studies had provided

xternal validation results. Finally, model discrimination and cali-

ration information was not included. 

. Conclusion 

The early prediction of sepsis onset is critical for providing ef-

ective medical care and intervention. Our study found that the

achine learning prediction models performed better than the ex-

sting sepsis scoring systems such as SIRS, MEWS, SOFA, and qSOFA

or identifying and predicting sepsis patients. Predicting sepsis pa-

ients using machine learning models could guide physicians to ac-

ively monitor and take preventive actions to improve the patients’

ondition. It would also identify patients most in need of medi-

al support, reduce wasting healthcare resources, and increase the

esired sensitivity or specificity, resulting in a decreased numbers

f false alarms. Therefore, the findings of our study suggest that

achine learning prediction models could be implemented in the

ospital in order to significantly reduce the in-hospital mortality

ate, unnecessary hospital stay, and cost of treatment. An increased

ccuracy of sepsis identification could lead to better patient safety

nd, at the same time, save millions of dollars in large clinical

ettings. However, more studies are warranted to use the various

ulti-center databases, and more precise clinical variables need to

e included to predict sepsis. 
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