Table 6: Quality assessment of all studies
	Study

	Prevalence of sepsis reported
Limits of current approaches

	
	Data availability

	Feature engineering methods

	Code for analysis 

	Code for label generation 

	Platforms/packages reported 

	Hyperparameters reported 

	Sample size > 50

	Valid methods to prevent overfitting

	Stability of results reported

	External data validation

	Explanation of predictors

	Suggested clinical use

	

	1. 
[62]
	√
	√
	×
	√
	×
	×
	√
	×
	√
	√
	√
	×
	×
	√
	57%

	2. 
[57]
	√
	√
	√
	√
	×
	×
	√
	×
	√
	×
	√
	×
	√
	√
	64%

	3. 
[63]
	√
	×
	×
	×
	×
	×
	√
	×
	√
	×
	√
	×
	√
	√
	43%

	4. 
[40]
	×
	×
	×
	×
	×
	×
	×
	×
	√
	×
	×
	√
	√
	√
	29%

	5. 
[48]
	√
	√
	×
	×
	×
	×
	√
	×
	√
	×
	√
	√
	×
	√
	50%

	6. 
[43]
	√
	×
	×
	×
	×
	×
	√
	×
	√
	√
	×
	×
	√
	√
	43%

	7. 
[64]
	√
	√
	×
	×
	×
	×
	√
	×
	×
	×
	√
	×
	√
	√
	43%

	8. 
[60]
	√
	√
	×
	×
	×
	×
	√
	×
	√
	×
	√
	√
	√
	√
	57%

	9. 
[44]
	√
	√
	×
	×
	×
	×
	×
	×
	√
	×
	×
	√
	√
	√
	43%

	10. 
[45]
	×
	√
	×
	×
	×
	×
	×
	×
	√
	√
	√
	×
	√
	√
	43%

	11. 
[61]
	√
	√
	×
	×
	×
	×
	√
	×
	√
	×
	√
	√
	×
	√
	50%

	12. 
[55]
	×
	√
	×
	×
	×
	×
	√
	×
	√
	×
	×
	×
	√
	×
	29%

	13. 
[46]
	√
	√
	×
	×
	×
	×
	×
	×
	√
	×
	√
	×
	√
	√
	43%

	14. 
[42]
	√
	×
	×
	√
	×
	×
	√
	√
	√
	√
	×
	×
	√
	√
	57%

	15. 
[65]
	√
	√
	×
	√
	×
	×
	√
	√
	√
	√
	×
	×
	×
	√
	57%

	16. 
[38]
	×
	√
	×
	×
	×
	×
	√
	×
	√
	×
	√
	√
	√
	√
	50%

	17. 
[66]
	√
	√
	√
	√
	√
	×
	√
	×
	√
	×
	√
	×
	×
	√
	64%

	18. 
[39]
	×
	×
	×
	×
	×
	×
	×
	×
	√
	√
	√
	×
	√
	√
	36%

	19. 
[37]
	√
	√
	×
	×
	×
	×
	√
	×
	√
	×
	√
	×
	√
	√
	50%

	20. 
[54]
	√
	√
	×
	√
	×
	×
	√
	×
	√
	√
	√
	×
	×
	√
	57%

	21. 
[50]
	√
	√
	√
	√
	√
	×
	√
	√
	√
	√
	√
	×
	×
	√
	79%

	22. 
[52]
	√
	√
	×
	×
	×
	×
	√
	×
	√
	√
	√
	×
	×
	√
	50%

	23. 
[59]
	√
	√
	×
	√
	×
	×
	√
	×
	√
	×
	√
	×
	√
	√
	57%

	24. 
[58]
	×
	×
	×
	×
	×
	√
	√
	×
	√
	√
	√
	√
	√
	√
	
57%

	25. 
[67]
	√
	√
	×
	×
	×
	×
	√
	×
	√
	√
	√
	×
	√
	√
	57%

	26. 
[56]
	√
	√
	×
	√
	×
	×
	√
	×
	√
	√
	×
	×
	×
	√
	50%

	27. 
[53]
	√
	√
	×
	×
	×
	×
	×
	√
	×
	√
	×
	×
	√
	×
	36%

	28. 
[49]
	√
	√
	×
	×
	×
	×
	√
	×
	√
	×
	√
	×
	×
	√
	43%

	29. 
[51]
	√
	×
	×
	×
	×
	×
	√
	×
	√
	×
	√
	×
	×
	√
	36%

	30. 
[47]
	√
	√
	×
	√
	×
	×
	√
	×
	√
	×
	√
	×
	√
	√
	57%

	31. 
[41]
	√
	×
	×
	×
	×
	×
	×
	√
	√
	×
	√
	×
	√
	√
	43%

	
	81%
	74%
	10%
	32%
	6%
	3%
	77%
	16%
	94%
	42%
	74%
	23%
	65%
	94%
	

	Study
	Unmet need
	Reproducibility
	Stability
	Generalizability
	Clinical significance
	Total



Table 7: Overview of included studies
	Study

	Dataset

	Sepsis definition

	Number of sepsis encounters

	Prevalence (%)

	Used cohort available

	Code for analysis

	Code for label

	Model

	AUROC

	Hours before onset

	Early/late onset

	External Validation

	Number of parameters
Variables used

	






	1. 
[62]
	Level III
NICU in Zwolle, The Netherlands
	Blood culture and observational condition
	89
	48.0
	No
	No
	No
	LR
	0.80
	24
	Late
	No
	Neonatal clinical signs 
	14

	2. [bookmark: _Hlk52977909]
[57]
	CHU de
Quebec – Université Laval NICU (Quebec, Canada)
	Blood culture or cerebrospinal fluid culture
	162 
	27
	Yes
	No
	No
	LR
	Model 1: 0.84
	48
	Late
	No
	Laboratory tests
	2

	3. 
	
	
	
	
	
	
	
	
	Model 2: 0.82
	
	
	
	
	

	4. 
	
	
	
	
	
	
	
	
	Model 3: 0.77
	
	
	
	
	

	5. [bookmark: _Hlk52983319]
[63]
	Tertiary care teaching hospital in
north-west India
	Blood culture,
antibiotic treatment and observational condition
	85
	14.1
	No
	No
	No
	LR
	0.75
	72
	Early
	No
	Maternal risk characteristics and neonatal clinical signs
	6

	6. [bookmark: _Hlk53047770]
[40]
	University of Virginia and Wake
Forest University
	Observational condition
	--
	--
	No
	No
	No
	LR
	Model 1: 0.62
	24
	Late
	Yes
	Neonatal clinical signs
	5

	
	
	
	
	
	
	
	
	
	Model 2: 0.67
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	Model 3: 0.70
	
	
	
	
	

	7. [bookmark: _Hlk52956515]
[48]

	University of Virginia, UVA and Columbia University
	Blood culture and
antibiotic treatment
	123
	11.5
	No
	No
	No
	LR
	Site 1: 0.70

	24
	--
	Yes
	Neonatal clinical signs
	3

	8. 
	
	
	
	
	
	
	
	
	Site 2: 0.75
	
	
	
	
	

	9. 
[43]

	Consorcio Hospital General Universitario de Valencia
	Observational condition
	--
	--
	No
	No
	No
	AdaBoost
	0.94
	1:30 
	Early
	No
	Neonatal clinical signs
	17

	
	
	
	
	
	
	
	
	BCT
	0.88
	
	
	
	
	

	
	
	
	
	
	
	
	
	RF
	0.84
	
	
	
	
	

	
	
	
	
	
	
	
	
	LR
	0.79
	
	
	
	
	

	
	
	
	
	
	
	
	
	SVM
	0.76
	
	
	
	
	

	
	
	
	
	
	
	
	
	NB
	0.75
	
	
	
	
	

	
	
	
	
	
	
	
	
	CT
	0.67
	
	
	
	
	

	
	
	
	
	
	
	
	
	k-NN
	0.64
	
	
	
	
	

	10. [bookmark: _Hlk53046124]
[64]
	University of Virginia
	Blood culture and observational, with antibiotic treatment
	40
	87.0
	No
	No
	No
	LR
	0.90
	24
	Late
	No
	Neonatal clinical signs
	3

	11. [bookmark: _Hlk52960640]
[60]
	UVA
and WFU
	Blood culture and
antibiotic treatment
	123 at UVA
	59.3
	No
	No
	No
	LR
	Site 1: 0.65
	24
	Late
	Yes
	Neonatal clinical signs
	4

	12. 
	
	
	91 at WFU
	77.1
	
	
	
	
	Site 1: 0.67
	
	
	
	
	

	13. [bookmark: _Hlk52962935]
[44]
	University of Virginia
	Blood culture,
antibiotic treatment and physician diagnosis
	201
	30.0
	No
	No
	No
	Model 1: LR
	0.73
	6
	--
	Yes
	Neonatal clinical signs and laboratory tests
	10

	14. 
	
	
	
	
	
	
	
	Model 2: LR
	0.75
	
	
	
	
	

	15. 
	
	
	
	
	
	
	
	Model 2: LR
	0.82
	
	
	
	
	

	16. [bookmark: _Hlk52961852]
[45]
	University of Virginia
	Blood culture and observational condition
	76
	22.6
	No
	No
	No
	Model 1: LR
	0.80
	24
	--
	No
	Neonatal clinical signs and laboratory tests
	11

	17. 
	
	
	
	
	
	
	
	Model 2: LR
	0.75
	
	
	
	
	

	18. 
	
	
	
	
	
	
	
	Model 2: LR
	0.86
	
	
	
	
	

	19. [bookmark: _Hlk53042869]
[61]
	Bikur
Holim (Jerusalem), Bnai Zion (Haifa), and Assaf Harofe (Tzrifin,
Rishon Le’Zion)
	Blood culture or observational and laboratory condition, with antibiotic treatment
	590
	23.4
	No
	No
	No
	RALIS
	0.82
	72
	Late
	Yes
	Neonatal clinical signs
	6

	20. [bookmark: _Hlk53060113]
[55]
	Trakya
University Hospital
	Observational condition
	30
	42.9
	No
	No
	No
	LR
	0.82
	48
	Late
	No
	Neonatal clinical signs
	3

	
	
	
	
	
	
	
	
	KNN
	0.78
	
	
	
	
	

	
	
	
	
	
	
	
	
	SVM
	0.83
	
	
	
	
	

	
	
	
	
	
	
	
	
	RF
	0.84
	
	
	
	
	

	21. [bookmark: _Hlk53054201]
[46]
	Southern Sweden
	Blood culture or observational with laboratory condition
	--
	0.4
	No
	No
	No
	LR
	0.66
	36
	--
	No
	Maternal risk characteristics and neonatal clinical signs
	6

	22. 
[42]
	Monash Children
Hospital
	Blood culture or
antibiotic treatment
	--
	--
	No
	No
	No
	LR
	0.64
	24
	Late
	No
	Neonatal clinical signs
	3

	23. 
	
	
	
	
	
	
	
	SVM
	0.61
	
	
	
	
	

	24. 
	
	
	
	
	
	
	
	RF
	0.77
	
	
	
	
	

	25. 
	
	
	
	
	
	
	
	GBDT
	0.75
	
	
	
	
	

	26. 
	
	
	
	
	
	
	
	NN
	0.50
	
	
	
	
	

	27. 
[65]
	Monash Children Hospital
	Physician diagnosis
	528
	17.0
	No
	No
	No
	CNN
	Model 1: 0.74
	24
	Late
	No
	Neonatal clinical signs
	4

	28. 
	
	
	
	
	
	
	
	
	Model 2: 0.77
	
	
	
	
	

	29. 
	
	
	
	
	
	
	
	
	Model 3: 0.79
	
	
	
	
	

	30. [bookmark: _Hlk52984234]
[38]
	Guangdong province of China
	Blood or a cerebrospinal fluid
culture with observational condition
	130 
	7.6
	No 
	No
	No
	LR
	0.83
	24
	Late
	Yes
	Neonatal clinical signs
	4

	31. [bookmark: _Hlk52957861]
[66]
	Queen Sirikit
National Institute of Child Health (QSNICH), Bangkok,
Thailand
	Blood culture and physician diagnosis
	52
	9.5
	Yes
	Yes
	No
	LR
	0.96
	24
	Late
	No
	Neonatal clinical signs and laboratory tests
	6

	32. [bookmark: _Hlk53058325]
[39]
	University of Virginia
	Observational condition
	--
	--
	No
	No
	No
	LR

	Model 1: 0.64

	12
	--
	No
	Neonatal clinical signs
	3

	33. 
	
	
	
	
	
	
	
	
	Model 2: 0.77
	
	
	
	
	

	34. [bookmark: _Hlk53040495]
[37]
	University Hospital of Antwerp
	Blood culture
	43
	41.0
	No
	No
	No
	LR
	Model 1: 0.82

	24
	Late
	No
	Neonatal clinical signs and laboratory tests
	6

	
	
	
	
	
	
	
	
	
	Model 2: 0.84
	
	
	
	
	

	35. [bookmark: _Hlk52896155]
[54]
	Monroe Carell Jr. Children’s Hospital at
Vanderbilt University
	Blood culture, observational condition and laboratory condition
	Dataset 1: 209
Dataset 2: 95
	Dataset 1: 69.9
Dataset 2: 51.4
	No
	No
	No
	NB 
	0.78
	12
	Late
	No
	Neonatal clinical signs and laboratory tests
	

	36. 
	
	
	
	
	
	
	
	RF 
	0.65
	
	
	
	
	

	37. 
	
	
	
	
	
	
	
	SVM 
	0.68
	
	
	
	
	

	38. 
	
	
	
	
	
	
	
	KNN 
	0.62
	
	
	
	
	

	39. 
	
	
	
	
	
	
	
	CART 
	0.77
	
	
	
	
	

	40. 
	
	
	
	
	
	
	
	LR 
	0.61
	
	
	
	
	

	41. 
	
	
	
	
	
	
	
	LBR 
	0.58
	
	
	
	
	

	42. 
	
	
	
	
	
	
	
	AODE 
	0.53
	
	
	
	
	

	43. 
	
	
	
	
	
	
	
	TAN 
	0.53
	
	
	
	
	

	44. [bookmark: _Hlk53044021]
[50]
	Children’s Hospital of Philadelphia
	Blood culture and observational and laboratory condition, with antibiotic treatment
	92
	15.0
	Yes
	Yes
	No
	AdaBoost
	1: 0.83
2: 0.85
	4
	--
	No
	Neonatal clinical signs and laboratory tests
	22

	45. 
	
	
	
	
	
	
	
	Gradient boosting
	1:0.80
2: 0.87
	
	
	
	
	

	46. 
	
	
	
	
	
	
	
	GP
	1: 0.75
2: 0.79
	
	
	
	
	

	47. 
	
	
	
	
	
	
	
	KNN
	1: 0.73
2: 0.79
	
	
	
	
	

	48. 
	
	
	
	
	
	
	
	LR
	1: 0.83
2: 0.85
	
	
	
	
	

	49. 
	
	
	
	
	
	
	
	NB
	1: 0.81
2: 0.84
	
	
	
	
	

	50. 
	
	
	
	
	
	
	
	RF
	1: 0.82
2: 0.86
	
	
	
	
	

	51. 
	
	
	
	
	
	
	
	SVM
	1: 0.82
2: 0.86
	
	
	
	
	

	52. [bookmark: _Hlk53049175]
[52]
	Prentice Women’s
Hospital Chicago
	Blood,
cerebrospinal fluid (CSF), or urine culture
	41
	25.5
	No
	No
	No
	Logistic regression
	0.90
	72
	Late
	No
	Neonatal clinical signs
	5

	53. [bookmark: _Hlk52954894]
[59]
	Northwestern Memorial Hospital (NMH)
	Blood or a cerebrospinal fluid
Culture
	40
	5.1
	No
	No
	No
	LR
	Model 1: 0.82

	72
	Early
	No
	Maternal risk characteristics and neonatal clinical signs
	19

	54. 
	
	
	
	
	
	
	
	
	Model 2: 0.81
	
	
	
	
	

	55. 
	
	
	
	
	
	
	
	
	Model 3: 0.81
	
	
	
	
	

	56. [bookmark: _Hlk52981680]
[58]
	French tertiary university referral centers
	Blood or a cerebrospinal fluid
culture with observational condition
	17
	4.3
	No
	No
	Yes
	LR
	Model 1: 0.82

	12
	Early
	Yes
	Maternal risk characteristics
	3

	
	
	
	
	
	
	
	
	
	Model 2: 0.80
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	Model 3: 0.62
	
	
	
	
	

	57. [bookmark: _Hlk53041294]
[67]
	Dhaka Shishu (Children) Hospital in
Bangladesh
	Blood culture
	105
	54.4
	No
	No
	No
	LR
	0.70
	24
	Late
	No
	Neonatal clinical signs
	5

	58. [bookmark: _Hlk52898197]
[56]
	MIMIC-III
	Blood culture
	21
	0.75
	No
	No
	No
	Proposed 
	0.76
	24
	Late
	No
	Neonatal clinical signs
	7

	
	
	
	
	
	
	
	
	ET
	0.64
	
	
	
	
	

	
	
	
	
	
	
	
	
	RF
	0.31
	
	
	
	
	

	
	
	
	
	
	
	
	
	GB
	0.49
	
	
	
	
	

	59. [bookmark: _Hlk52893327]
[53]
	Royal Infirmary of Edinburgh
	Blood culture and observational condition
	18
	50.0
	No
	No
	No
	AR-HMM md
	0.75
	24
	Late
	No
	Neonatal clinical signs
	3

	60. 
	
	
	
	
	
	
	
	AR-HMM wmd
	0.73
	
	
	
	
	

	61. 
	
	
	
	
	
	
	
	HMM 
	0.53
	
	
	
	
	

	62. 
	
	
	
	
	
	
	
	AR-HMM ed
	0.79
	
	
	
	
	

	63. [bookmark: _Hlk52884568]
[49]
	MIMIC-III

	Blood and/or
Cerebrospinal Fluid (CSF) culture
	195 
	13.3
	No
	No
	No
	LR
	Invasive: 0.83
	12
	--
	No
	Neonatal clinical signs and laboratory tests
	6

	64. 
	
	
	
	
	
	
	
	
	Non-Invasive: 0.82
	
	
	
	
	

	65. [bookmark: _Hlk53068248]
[51]
	MIMIC-III
	Blood or cerebrospinal fluid (CSF)
culture
	179
	12.4
	No
	No
	No
	LR

	Model 1: 0.88

	12
	--
	No
	Neonatal clinical signs and laboratory tests
	14

	
	
	
	
	
	
	
	
	
	Model 2: 0.86
	
	
	
	
	

	66. [bookmark: _Hlk52899866]
[47]
	Academic and non-academic hospitals in Netherlands
	Blood culture and observational condition
	33
	3.4
	No 
	No
	No
	LR
	0.71
	72
	--
	No
	Maternal risk characteristics 
	4

	67. [bookmark: _Hlk52975981]
[41]
	University of
Virginia
	Blood culture and physician diagnosis
	--
	--
	No
	No
	No
	LR
	Model 1: 0.71

	24
	Late
	No
	Neonatal clinical signs and laboratory tests
	8

	68. 
	
	
	
	
	
	
	
	
	Model 2: 0.74
	
	
	
	
	

	69. 
	
	
	
	
	
	
	
	
	Model 3: 0.87
	
	
	
	
	




[bookmark: _Toc54614932][bookmark: _Toc55925041]Table 8: An overview of maternal risk factors used in the studies
	[bookmark: _Hlk55639534]Maternal Risk Factors

	


Study





	Duration of ROM

	Duration of labor

	Maternal age

	Parity

	Antibiotic treatment

	Method of delivery

	Vaginal examinations

	Chorioamnionitis

	Maternal WBC count

	Maternal CRP

	GBS status
Antepartum hospital stays

	
	Foul odor of the amniotic fluid
Intrapartum fever

	
	Maternal body mass index (BMI)
Delayed cord clamping

	

	1. 
[63]
	×
	×
	×
	×
	√
	×
	√
	√
	×
	×
	×
	×
	×
	×
	×
	×

	2. 
[46]
	√
	√
	√
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	3. 
[59]
	√
	×
	√
	√
	√
	√
	×
	×
	×
	×
	√
	√
	√
	√
	√
	√

	4. 
[58]
	×
	×
	×
	×
	×
	×
	×
	×
	√
	√
	√
	×
	×
	×
	×
	×

	5. 
[47]
	×
	×
	√
	×
	×
	×
	×
	×
	×
	√
	√
	×
	√
	×
	×
	×

	
	40%
	20%
	60%
	40%
	40%
	20%
	20%
	20%
	20%
	40%
	60%
	20%
	40%
	20%
	20%
	20%




Table 9: An overview of neonatal clinical signs used in the studies
	Neonatal Clinical Signs

	Study

	Heart rate variability

	Birth weight

	Respiratory rate

	Oxygen saturation (SpO2)

Heart rate (HR)

	
	Temperature
Poor feeding

	Postnatal age

	
	Apnea
Lethargy

	Arterial partial pressure of carbon dioxide

	Use of endotracheal intubation

	Duration of umbilical venous catheters

	
	Use of antibiotics

	Blood pressure

	Abdominal distention

	Grunting

	Gestational age (GA)

	Gender (GA)

	


Mechanical ventilation








	1. 
[62]
	×
	√
	×
	×
	×
	×
	×
	√
	×
	×
	×
	×
	√
	×
	×
	×
	×
	√
	√
	√

	2. 
[63]
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	√
	√
	×

	3. 
[40]
	√
	×
	√
	√
	×
	×
	√
	×
	×
	×
	×
	×
	×
	×
	√
	×
	×
	×
	×
	×

	4. 
[48]
	×
	×
	√
	√
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	5. 
[43]
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	6. 
[64]
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	7. 
[60]
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	8. 
[44]
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×

	9. 
[45]
	√
	×
	×
	×
	×
	√
	√
	×
	√
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	10. 
[61]
	×
	√
	√
	√
	√
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	11. 
[55]
	×
	×
	×
	√
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	√
	×
	×

	12. 
[46]
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	√
	√
	×

	13. 
[42]
	×
	×
	√
	√
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	14. 
[65]
	×
	×
	√
	√
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	√
	×
	×
	×
	×
	×

	15. 
[38]
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	√
	√
	√
	×
	×
	×
	×
	×
	×

	16. 
Husada, et al. (2020)
	×
	×
	×
	√
	√
	√
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	17. 
[39]
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	18. 
[37]
	×
	×
	×
	×
	×
	×
	√
	×
	×
	×
	×
	×
	√
	×
	×
	×
	×
	×
	×
	×

	19. 
[54]
	×
	×
	×
	√
	×
	×
	√
	×
	√
	×
	×
	×
	×
	√
	×
	×
	×
	×
	×
	×

	20. 
[50]
	×
	√
	√
	√
	√
	×
	√
	√
	×
	×
	×
	×
	×
	×
	√
	×
	×
	√
	×
	×

	21. 
[52]
	×
	×
	√
	√
	√
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	22. 
[59]
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	23. 
[67]
	×
	×
	×
	√
	×
	×
	√
	×
	×
	√
	×
	×
	×
	×
	×
	√
	√
	×
	×
	×

	24. 
[56]
	×
	×
	√
	√
	√
	×
	√
	×
	×
	×
	×
	×
	×
	×
	√
	×
	×
	×
	×
	×

	25. 
[53]
	×
	×
	×
	√
	√
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	26. 
[49]
	×
	×
	×
	√
	×
	×
	√
	×
	×
	×
	×
	×
	×
	×
	√
	×
	×
	×
	×
	×

	27. 
[51]
	×
	√
	√
	√
	×
	×
	√
	×
	×
	×
	×
	×
	√
	×
	√
	×
	×
	×
	√
	×

	28. 
[41]
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×
	×

	
	24%
	28%
	31%
	52%
	34%
	7%
	45%
	7%
	7%
	7%
	3%
	3%
	14%
	7%
	21%
	3%
	3%
	21%
	14%
	3%





Table 10: An overview of laboratory tests used in the studies
	Laboratory Tests

	Study

	Platelets

	Bands

	Complete blood count (CBC))

	White blood cell count (WBC)

	C-reactive protein (CRP)

	Leucocyte count

	Immature to total neutrophil (I/T) ratio

	pH

	Glucose

	Bicarbonate (HCO3)

	Hemoglobin

	Creatinine


	
Neutrophil count








	1. 
[57]
	×
	×
	√
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×

	2. 
[44]
	√
	×
	×
	√
	×
	×
	√
	√
	√
	√
	×
	×
	×

	3. 
[45]
	√
	×
	×
	√
	×
	×
	√
	×
	√
	×
	×
	×
	×

	4. 
[66]
	×
	×
	×
	×
	×
	√
	×
	√
	×
	×
	×
	×
	×

	5. 
[37]
	√
	×
	×
	×
	√
	×
	√
	×
	×
	×
	×
	×
	×

	6. 
[54]
	√
	×
	×
	√
	√
	×
	×
	×
	×
	×
	×
	×
	√

	7. 
[50]
	√
	×
	×
	√
	×
	×
	√
	√
	√
	√
	√
	√
	×

	8. 
[49]
	√
	√
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×

	9. 
[51]
	√
	√
	×
	√
	×
	×
	×
	×
	×
	×
	×
	×
	×

	10. 
[41]
	√
	×
	×
	√
	×
	×
	√
	√
	√
	√
	×
	×
	×

	
	80%
	20%
	10%
	70%
	30%
	10%
	50%
	40%
	40%
	30%
	10%
	10%
	10%



Table 12: Strength and Weaknesses of the existing models
	Study
	Model
	Strength
	Weakness

	1. 
[62]
	Multiple regression model
	The data were prospectively collected solely from preterm infants. The developed nomogram allows users to calculate an expected risk of LOS in an individual patient with suspected infection and might help decide on antibiotic therapy.
	The model was overfitted; it had incorporation bias and required external validation.

	2. 
[57]
	Logistic regressions
	The model evaluated a single cohort of VLBW infants with LOS. The two tests combination strategy used was significant and could reduce iatrogenic consequences of late-onset sepsis investigations in VLBW infants.
	The data were retrospectively collected. Further study is required to validate the study outcome. Data were not collected on vaccination and intraventricular hemorrhage, which might also have increased false-positive rates.

	3. 
[63]
	Multivariable logistic
regression
	A large, prospective cohort of preterm infants was evaluated.  Six independent risk factors for EONS were identified, and the model can help the pediatrician decide which babies are at high risk of developing EONS.
	The study result may not be generalizable, as some subjects were underrepresented. It requires adequate validation of the prognostic score for regular use.

	4. 
[40]
	Logistic regression
	The 3 time-based measures used to calculate HRC were incorporated in the model and can be used to identify infants with sepsis before developing clinical signs.
	A clinical trial is needed to validate the study result.

	5. 
[48]
	Multivariate logistic regression
	The HRC index, combined with multiple vital signs, was incorporated in the model, which showed additive value for early detection of LOS than the HRC index alone.
	The study outcomes need to be tested in randomized clinical trials. Infants in the early stages of illness with worsening vital sign patterns that fall below the model's threshold are missed, and infants at high risk for sepsis with chronically abnormal vital sign patterns that fall above the threshold of the model are also missed.

	6. 
[43]
	Adaptive Boosting, Bagged Classification
Trees, Random Forest, Logistic Regression,
Support Vector Machines, Naïve Bayes,
Classification Tree, and k-Nearest Neighbor
	The models were developed using HRV monitoring and early predict sepsis risk in newborns during their first 48 hours of life to increase hospital discharge safety and improve the parents' confidence.
	Some of the variables had low importance, particularly the case of the mean heart rate. This confirms that only considering changes in HR is not enough to detect neonatal sepsis. Some of the models had poor performance due to the small size of the dataset used and also because the condition of independency between variables is not satisfied and the classes are not well separated.

	7. 
[64]
	Multivariable logistic regression
	The model predicted neonatal sepsis with monitoring of HRC, which was identified as a useful adjunct for conventional clinical observation and practice.
	The study result is not generalizable and motivates further research on clinical implementation of HRC monitoring.

	8. 
[60]
	Multivariable logistic
regression
	The model using only HRC parameters as predictor variables showed a highly significant association with impending sepsis and sepsis-like illness.
	The outcome of interest was driven by physician behavior.  Further studies to validate HRC monitoring as an effective and continuous assessment strategy for the NICU with many high-risk infants is required.

	9. 
[44]
	Logistic regression
	The model was developed using the HRC index and laboratory tests.  The HRC index added independent information to conventional laboratory tests.
	Further clinical studies are required to answer whether a blood culture drawn in a septic infant before clinical signs solely because of increased HRC index would also be positive. C-reactive protein and newer tests for neonatal sepsis, which are likely to add information in the early diagnosis, were absent.

	10. 
[45]
	Multivariable regression models
	The model was developed with the HRC index, clinical signs, and abnormal laboratory tests. The HRC index added significantly to clinical signs and abnormal laboratory tests in predicting imminent sepsis.
	HRC index is more effective before the onset of sepsis and requires external validation.

	11. 
[61]
	RALIS
	The model has a promising potential as an easy to implement noninvasive early indicator of LOS in VLBW infants.
	The diagnostic performance of the model was, unfortunately, underwhelming. A relatively small sample size was used. It requires further study in larger prospective multicenter studies that will use improved RALIS, possibly combined with some biomarkers, to improve its performance. RALIS requires a 72 hours’ training period and is therefore relevant mostly for LOS and not for early-onset sepsis.

	12. 
[55]
	Random
Forest, Logistic Regression, k Nearest Neighbors, Support Vector Machine
	The models contribute to the healthy-sepsis classification performance on preterm newborns based on the non-invasive vital sign.
	Although ECG-based HR monitoring is more sensitive than pulse oximeter representative of HR characteristics, the pulse oximeter PR data was used due to ECG data's unavailability.

	13. 
[46]
	Multiple logistic regression
	The model identified a strong and nearly linear association between duration of rupture of membranes and neonatal sepsis.
	The definition of sepsis was based solely on the clinical assessment by the neonatologists. There was limited information on some parameters.

	14. 
[42]
	Logistic Regression, Support Vector Machine, Random Forest, Gradient
Boosting Decision Tree, and Multi-layer Perceptron
Neural Network 
	Two tree-based ensemble learning models had a good performance of separating the infants with suspected sepsis with healthy ones.
	The data used had only three parameters revealing less information about the patient.  The data was collected over just one month in only one hospital, and a lot of them are from the same patients making the data, not representative. The diversity of features is not rich enough.

	15. 
[65]
	Convolutional neural
network
	The model is non-invasive and could predict the onset 24 hours ahead. The aim is to develop a novel method that transforms a data stream into an image and utilizes the great ability to classify CNN images to achieve the goal of sepsis detection.
	Lack of data makes the transformed images not big enough, and only suspected cases were considered.  More deep learning algorithms are required for future studies.

	16. 
[38]
	Logistic regression
	The model demonstrates that low birth weight, use of endotracheal intubation, duration of umbilical venous catheters, and thyroid hypofunction are risk factors of LOS in preterm infants. The developed nomogram may contribute to clinical assessment and treatment decisions.
	Further validation with data from more institutions is required to generalize the use of this LOS nomogram in preterm infants. The data and the number of cases from the three centers were inconsistent, which led to the exclusion of other possible factors related to specific treatment protocols in the research centers.

	17. 
[66]
	Multiple logistic regression
	The predictive models enable clinicians, especially in resource-limited settings, to have an alternative for microbiological culture.
	Information bias could not be avoided using that retrospective design and data from medical records. The sample size used was limited. The chosen outcome was only proven sepsis, which could result in an underestimation of the true incidence. A prospective study and external validation are required to assess the real performance of the other institutions.

	18. 
[39]
	Multivariable logistic regression
	The model identifies that entropy falls before clinical signs of neonatal sepsis. 

	A limited amount of data was used, and the validation of the study result is required.  

	19. 
[37]
	Logistic regression
	The model is based on only five items that are reliable, easy to perform, and can be used at the bedside on a 24-hr basis. It can help the clinician in diagnostic work and treatment of neonates with presumed nosocomial sepsis.
	A limited sample size was used, which requires the model to be validated prospectively in other NICUs.  Although factors such as maternal risk factors preceding exposure to antibiotics and duration of ventilation might be associated with nosocomial sepsis but were not investigated.

	20. 
[54]
	Support vector machine, Naive
Bayes, Tree augmented naive Bayes, averaged one dependence estimators, K-nearest neighbor, classification and regression trees, Random forests, Logistic regression, and lazy Bayesian
rules
	The predictive models developed from off-the-shelf and EMR data exceeded clinicians' treatment sensitivity and treatment specificity.
	The Last observation carried forward (LOCF) method used to convert temporal variables to non-temporal scalar variables can introduce bias. Further optimization of the models and a prospective study is warranted to assess its ability to provide a decision support aid.

	21. 
[50]
	AdaBoost, Gradient boosting, k-nearest neighbors, Logistic regression, Random forest, and Support vector
machine
	The models can identify infants with sepsis in the NICU hours before clinical recognition and may be valuable as a clinical decision support tool.
	Additional training samples is required to reduce the model variance and improve overall performance. A prospective trial is warranted to assess the clinical efficacy.  An additional limitation is in the use of mean imputation to address missing data, which induces bias and may not perform as well as more robust methods and multiple imputations.

	22. 
[52]
	Multiple logistic regression
	For infants ≤32 weeks, RALIS detects systemic inflammatory responses in LOS and NEC in the first month of life. The model can identify infection earlier than clinical suspicion and may, after prospective validation, aid in antibiotic treatment decisions.
	Sample size constraints remain a limitation as it is a retrospective study in a single center. Thus, a prospective study of RALIS monitoring can provide more granular information on its utility in real-time NICU care.  In addition, the model needs to be investigated for its utility after the first month of life and in combination with existing or novel laboratory diagnostic tools.

	23. 
[59]
	Multivariable logistic regression
	The model predicts the risk of EOS among infants born at <32 weeks of gestation that may benefit clinical practice when deciding to administer broad-spectrum antibiotics.
	Only information available in the antepartum and intrapartum period was used.  The prediction model did not include the newborn clinical exam. Additionally, some potentially clinically relevant maternal information was not included.

	24. 
[58]
	Logistic regression
	The model identified maternal serum CRP as the most accurate infectious marker for predicting EONI.
	A randomized prospective study is required to validate the study findings.

	25. 
[67]
	Logistic regression
	The model is a bedside clinical screen that predicts sepsis in exclusively hospitalized, very premature neonates in a low-resource setting.
	Large, prospective studies are needed to validate and improve this clinical sign-based score for use in developing countries. In addition, the data collection approach omitted some transient signs.

	26. 
[56]
	Logistic regression, Gaussian Naïve Bayes, Decision tree classifier, Extra tree classifier, Bagging classifier, Random forest classifier, AdaBoost classifier, Gradient boosting classifier, and Multilayer perceptron classifier
	The model is a vital sign–based prediction model based on EMR data, which achieved a high prediction performance and robustness compared to the previous models. The model is expected to reduce the mortality of patients with LONS significantly.
	Data extraction limitations and the need to construct a data collection environment remain the major challenge. Future studies are required for external validation and model optimization.

	27. 
[53]
	Autoregressive hidden Markov model
	The model can produce real-time predictions about the onset of the infection and also handles missing data.
	The labeled sepsis episodes lack diversity, and external validation is required.

	28. 
[49]
	Binary logistic regression
	The prediction models performed well with high accuracy that can reduce the mortality rate in developing countries where laboratory facilities are scarce.
	The independent parameter values had to be identified and entered manually. The sensitivity of the non-invasive prediction model was quite low. External evaluation is needed to confirm the study result and prospectively.

	29. 
[51]
	Logistic regression
	The models suggest that non-invasive and invasive prediction models perform equally well when compared. The model serves as a prognostic kit that calculates sepsis probability in neonates and sends real-time data to the cloud.
	Parameter values were entered manually. Further studies to evaluate the model's accuracy is required and prospectively, including data sets from other sources. The presence of other diseases was not taken into account. There was no classification of neonatal sepsis.

	30. 
[47]
	Multivariable logistic regression
	The model identified antepartum parameters as more precise risk factors of neonatal sepsis in women with late preterm PPROM.
	External validation is required to determine the model's prediction accuracy to decide which women with late preterm PROM labor should be induced.

	31. 
[41]
	Nearest-neighbor and logistic
regression
	Logistic regression and nearest-neighbor analysis models based on HRC and laboratory test results were identified to contribute independent information.
	The model needs further improvement, and the study result needs to be evaluated in future studies.



