
List of the machine learning clinical decision support systems included in the narrative review



	Topic
	Publication
	Year
	Output
	Particular population / Settings
	Data
	ML algorithm
	Evaluation*

	Diagnosis of infection
	Lamping et al.1

	2018
	Non-infectious SIRS or sepsis
	Pediatric patients

ICU
	Structured clinical data
Laboratory
Therapy
	Random Forest (RF)
	Performance

	
	Hernandez et al.2

	2017
	Diagnostic of culture-positive infection in hospitalized patients
	Medical ward
	Laboratory
	Support Vector Machine (SVM)
RF
Decision tree
Gaussian Naïve Bayes (GNB)
	Performance

	
	Rawson et al.3

	2018
	Diagnostic of bacterial infection on presentation to hospital
	Emergency department
	Laboratory
	SVM
	Performance
Use

	
	Horng et al.4

	2017
	Diagnostic of infection on presentation to hospital
	Emergency department
	Demographics
Vitals
Chief complaint
Free text
	SVM (Support vector machine)
	Performance

	
	Taylor et al.5

	2018
	Prediction of UTI infection
	Emergency department
	Demographics
Vitals
Medical history
Physical findings
Laboratory
Outpatient medication
	Random forest (RF)
Extreme gradient boosting
Adaptive boosting
Support vector machine (SVM)
Elastic net
ANN
LR
	Performance

	
	Revuelta-Zamorano et al.6
	2016
	Prediction of HAI
	ICU
	Demographics
Structured clinical data
"Medical remarks"(free text)
	Support Vector Machines (SVM) 
Decision Trees
Random Forest (RF)

	Performance

	
	D'Angelo et al.7
	2019
	Distinction between bacterial and viral meningitis
	Medical ward
	Demographics
CSF characteristics
	Naïve Bayes Classifier
ANN (Artificial Neural Network)
Decision tree
Genetic programming and symbolic regression
	Performance

	
	Revett et al.8
	2006
	Distinction between bacterial and viral meningitis
	Medical ward
	Age 
Laboratory
	ANN
	Performance

	
	Hartvigsen et al.9
	2018
	Prediction of MRSA infection
	ICU
	Demographics
Vitals
Laboratory
Microbiology
Antibiotics
	Logistic Regression (LR)
Support Vector Machine (SVM)
Random Forest (RF)
	Performance

	
	Van Steenkiste et al.10
	2018
	Predicting positive blood cultures 
	ICU
	Vitals
Laboratory
	ANN
SVM
KNN
LR
	Performance

	
	Sanger et al.11
	2016
	Prediction of surgical site infection
	Surgical ward
	Demographics
Vitals
Laboratory
Intervention parameters Abdominal wound characteristics 
	Naïve Bayes classifier
SVM
	Performance

	
	Kuo et al.12
	2018
	Prediction of surgical site infection
	Surgical ward
	Demographics
Structured clinical data
Intervention parameters Laboratory
	Artificial Neural Network (ANN)
	Performance

	
	Bartz-Kurycki et al.13
	2018
	Prediction of surgical site infection
	Surgical ward

Neonates
	Demographics
Comorbidities
Laboratory
Intervention parameters 
	Logistic regression (LR)
Random Forest (RF)
	Performance

	
	Ke et al.14,14
	2016
	Prediction of surgical site infection
	Surgical ward
	Demographics
Risk factors
Intervention parameters Abdominal wound characteristics 
Structured clinical data
	Matrix regularization
KNN
Bayesian
	

	
	Melendez et al.15
	2016
	Screening of TB
	Patients with a suspicion of TB presenting in primary care health centres
	Vitals
Medical history
Physical examination (structured)
Chest X-Ray (structured)
	Random forests (RF)
Extremely randomized trees (ERT)
	Performance

	
	Saybani et al.16
Shamshirband et al.17
	2015
	Diagnosis of TB
	Patients with a suspicion of TB (outpatient settings)
	Demographics
Physical examination (structured)
Laboratory
	SVM
Unsupervised
	Performance

	
	Ansari et al.18
	2012
	Diagnosis of TB
	Patients with a suspicion of TB (outpatient settings)
	Demographics
Medical history
	ANN (Backpropagation rules-based)
	Performance

	
	Er et al.19
	2010
	Diagnosis of TB
	Patients with a suspicion of TB (outpatient settings)
	Medical history
Vitals
Physical examination (structured)
Laboratory
	ANN

	Performance

	
	El-Solh et al.20
	1999
	Diagnosis of active TB
	Patients with a suspicion of TB in the emergency department
	Demographics
Medical history
Symptoms (structured)
Structured X-Ray findings
Laboratory
	ANN
	Performance

	
	Santos et al.21
	
	Diagnosis of smear-negative pulmonary TB
	Patients with a suspicion of TB (outpatients and inpatients)
	Demographics
Medical history
Symptoms
	ANN
	Performance

	Sepsis
	Culliton et al.22
	2017
	Prediction of sepsis
	ICU
	Structured clinical data (not detailed)
Free text (not detailed)
	Ridge regression (weight decay)
	Performance

	
	Mani et al.23

	2014
	Prediction of sepsis
	Neonates 

ICU
	Structured clinical data
Laboratory
	SVM
K-nearest neighbor (KNN)
Decision tree
Naïve Bayes
RF
Logistic regression (LR)
	Performance

	
	Insight / Dascena algorithm
Desautels et al.24
Calvert et al.25
Shimabukuro et al.30–3226
McCoy et al.27
Calvert et al.28
Mao et al.29
Burdick et al.30
Burdick et al.31
	2016-2018
	Prediction of sepsis
	Pediatric patients

ICU
	Demographics
Vitals
Laboratory
(MIMIC-II)
	Gradient tree boosting 

	Performance
Use

	
	Taneja et al.32
	2017
	Prediction of sepsis and stratification of sepsis
	ICU
	EMR data
Biomarkers (e.g. IL-1β, IL-6, etc.) in a single blood sample
	Logistic regression (LR)
SVM
RF
Adaboost
Naïve Bayes (NB)
	Performance

	
	Henry et al.33
	2015
	Prediction of patients at high risk of developing septic shock
	ICU

	Vitals 
Structured clinical data
Laboratory
Real-time data
	Cox proportional hazards model with lasso regularization
	Performance

	
	Nemati et al.34
Henry et al.35
	2018
	Prediction of sepsis
	ICU
	Demographics
Vitals
Laboratory
	Modified Weibull-Cox proportional hazards model with gradient descent?
	Performance

	
	Ghosh et al.36
	
	Prediction of septic shock
	ICU
	Vitals (MIMIC-II)
	SVM
Hidden Markov Model (Bayes)
	Performance

	
	Liu et al. 37
	2017
	Diagnosis of sepsis
	ICU
	Demographics
Laboratory

	Artificial neural network (ANN) 
Support vector machine (SVM) 
Random forest (RF) 
	Performance

	
	Saqib et al.38
	2018
	Prediction of sepsis
	ICU
	Demographics
Vitals
Laboratory (MIMIC-III)
	LR
RF
ANN
	Performance

	
	Shashikumar et al.61
	2017
	Prediction of sepsis
	ICU
	Demographics
Vitals
Structured clinical
ECG
	Elastic Net logistic
	Performance

	
	Hu et al.39
	2018
	Prediction of sepsis
	Neonates

ICU
	Vitals
	LR 
SVM 
RF 
GBDT Gradient Boosting Decision Tree
ANN 
	Performance

	
	Wang et al.40
	2018
	Prediction of sepsis
	ICU
	Demographics
Vitals
Laboratory
(MIMIC-III)
	Logistic regression (LR)
Support vector machines (SVM)
Logistic model trees (LMT = LR + Decision Tree) 
	Performance

	
	Khoshnevisan et al. 41
	2018
	Prediction and diagnosis of sepsis
	ICU
	Vitals
Laboratory
	ANN
	Performance

	
	Van Wyk et al.42
	2018
	Prediction of sepsis
	ICU
	Vitals
Laboratory
	Random Forest (RF)
	Performance

	
	Moor et al.43
	2019
	Prediction of sepsis
	ICU
	Vitals
Laboratory
	ANN
	Performance

	
	Mitra et al.44
	2018
	Prediction of sepsis
	ICU
	Vitals
(MIMIC-III)
	Logistic Regression (LR)
Random Forest (RF)
XGBoost (XGB)
ANN: feedforward neural network or Multilayer Perceptron (MLP)
	Performance

	
	Apostolova et al.45
	2018
	Diagnosis of sepsis
	ICU
	Nursing notes (free text) (MIMIC-III)
	SVM
LR
KNN
	Performance

	
	Futoma et al.46,47
	2017
	Prediction of sepsis
	ICU
	Demographics
Medical history
Vitals
Laboratory
Partial treatment history
	ANN
	Performance

	Antibiotic selection
	Shen et al.48
	2018
	Infection inference and choice of first-line antibiotic therapy
	Primary care
	Patient-entered and patient-reported information
	Unspecified (mix of knowledge representation, decision tree and fuzzy logic?)
	Performance

	
	Beaudoin et al.37–4249
	2016
	Identification of inappropriate prescriptions of piperacillin–tazobactam
	Antimicrobial stewardship
	Demographics
Vitals
Laboratory 
	Supervised learning rule induction algorithm 

	Use

	
	Tsoukalas et al.50
Spaan et al.51

	2015
	Stratification of sepsis
and optimal antimicrobial prescribing
	ICU
	Structured clinical data
Laboratory
Microbiology

	Partially observable Markov Decision Process (POMDP) Model Value iteration (Reinforcement learning)
	Performance

	Prediction of resistance
	Oonsivilai et al.52
	2018
	Prediction of antibiotic susceptibilities
	Pediatric patients

Medical ward or ICU
	Demographics
Medical history
Partial treatment history
	Logistic regression (LR)
Random forests (RF)
Boosted decision trees using adaptive boosting 
SVM
KNN
	Performance

	
	Yelin et al.53
	2018
	Prediction of antibiotic susceptibilities
	Primary care (including retirement-home)
	Demographics
Urine sample history 
Antibiotic purchase history
	Logistic Regression (LR) Gradient Boosting Decision Trees
	Performance

	
	Li et al.54
	2016
	Prediction of the risk of TB patients converting to MDR-TB
	TB outpatients
	Demographics
Laboratory
Microbiology
Treatment
	Ensemble learning
	Performance

	
	Tacconelli et al.55
	2019
	To measure the impact of antibiotic exposure on the acquisition of colonization with ESBL-GNB
	Patients hospitalized in medical and surgical wards
	Demographics
Medical history
Structured clinical data
Treatment 
Microbiology
	Random Forest
	Performance

	HIV therapy selection
	Hao Ying et al.56

	2007
	HIV therapy selection (initial combination) 

	HIV outpatients
	Regimen selection by experts
Treatment parameters (e.g. potency, adverse, etc.)
	Genetic algorithm coupled to fuzzy discrete event system (supervised)
	Performance

	
	Parbhoo et al.57
	
	HIV therapy selection
	HIV outpatients
	Demographics 
Structured clinical data
Treatment history
(EuResist)
	Kernel-based (regression) approach (reinforcement learning) and bayesian POMDP
	Performance

	Prediction of treatment response
	Hatzakis et al.58
	2005
	HIV: Prediction of virologic success/failure
	HIV outpatients
	Demographics
Structured clinical data
Treatment parameters
	Artificial Neural Network (ANN)
	Performance

	
	Zazzi et al.59
Rosen-Zvi et al.60
Zazzi et al.61
Prosperi et al.62

	2008
2012
	HIV: Prediction of virologic success/failure and change in viral load


	HIV outpatients
	Demographics
Structured clinical data
Viral subtypes 
Treatment history
Genotype
	Generative–discriminative method, regression with derived evolutionary features 

	Performance

	
	Revell et al.63
Revell et al.64
Larder et al.65
	2007
2011
2018
	HIV: Prediction of virological response to a new therapy following failure 
	HIV outpatients
	Treatment history
Virologic data
Genotype data
	Random forest (RF)  
Artificial neural network (ANN)
	Performance

	
	Petersen et al.66
	2015
	HIV: Prediction of virological failure 

	HIV outpatients
	Pill container openings recorded (MEMS data)
Laboratory
Treatment history
	LASSO

	Performance

	
	Beerenwinkel et al.67
	2003
	HIV: Prediction of viral response 

	HIV outpatients
	Treatment history
Virologic data
Genotypes 
	SVM
	Performance

	
	Sargolzaee Aval et al.68


	2014
	HCV: Prediction of response to Peg-IFN and RBV

	HCV outpatients
	Demographics
Laboratory
Biopsy results
Genotype
	Artificial neural network (ANN)
	Performance

	
	Maiellaro et al.69

	2004
	HCV: Prediction of response to Peg-IFN and RBV
	HCV outpatients
	Structured clinical
Treatment parameters
	Artificial neural network (ANN)

	Performance

	
	Takayama et al.70


	2011
	HCV: Prediction response to
Peg-IFN and RBV

	HCV outpatients
	Demographics
Laboratory
Treatment parameters
	Artificial neural network (ANN)

	Performance

	
	Hussain et al.71
	2018
	Prediction of completing treatment in drug-susceptible TB patients
	TB outpatients
	Demographics
Structured clinical data
Structured X-ray (0/1)
Microbiology
Baseline treatment
	ANN
SVM
RF
	Performance

	
	Sauer et al.72
	2018
	Prediction of treatment failure in TB patients
	TB outpatients (TB portal database)
	Demographics
Medical history
Structured imaging
Microbiology
Treatment
	LASSO
Stepwise regression
Random forests (RF)
SVM
	Performance

	
	Li et al.73
	2019
	Prediction of complicated Clostridium difficile infection
	Adult patients with C. difficile infection
	Demographics
Medical history
Vitals
Laboratory
Medications
	L2 regularization
 k-best feature selection

	Performance

	
	Escobar et al.74
	2017
	Prediction of recurrent C. difficile
	Adult patients with C. difficile infection
	Demographics
Medical history
Vitals
Laboratory
Medications
	RF
	Performance

	
	LaBarbera et al.75
	2015
	Prediction of recurrent C. difficile
	Adult patients with C. difficile infection
	Demographics
Medical history
Medications
	RF
	Performance




*We separated studies that describe the performance (e.g. ROC curves) of the ML-CDSS, studies that describe the use of the CDSS in real-life settings and studies that describe the adoption of the CDSS in routine clinical practice.
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