Search Strategies

PubMed Search Strategy: 
((Artificial Intelligence OR Machine Learning OR Natural Language Processing OR Deep Learning OR Supervised Learning OR Unsupervised Learning OR Neural Network OR Ensemble Machine Learning AND Healthcare OR Medicine OR Disease  OR Diagnosis OR Prediction OR Screening OR Precision Medicine OR Clinical Decision Support OR Decision Support Systems, Clinical [Mesh] OR Evidence Based Care OR Diagnostic imag* OR Evidence-Based Medicine OR Evidence Based Practice [Mesh])                                                                                       
CINAHL Plus with full-text search strategy: 
( ("Artificial Intelligence"[Mesh] OR "Machine learning" OR "Artificial intelligence" OR NLP OR "Deep learning" OR "Supervised learning" OR "Unsupervised learning" OR "Neural network*" OR "Ensemble machine learning") ) AND ( (healthcare OR Medicine OR Disease OR Diagnosis OR Prediction OR Screening OR "Precision medicine" OR "Clinical Decision support" OR "Decision Support Systems, Clinical"[Mesh] OR "Evidence based care" OR "Risk factor*" OR "Evidence-Based Medicine"[Mesh] OR "Evidence-Based Practice"[Mesh]) )
EBSCO Dentistry & Oral Science Source search strategy: 
( ("Artificial Intelligence"[Mesh] OR "Machine learning" OR "Artificial intelligence" OR NLP OR "Deep learning" OR "Supervised learning" OR "Unsupervised learning" OR "Neural network*" OR "Ensemble machine learning") ) AND ( (healthcare OR Medicine OR Disease OR Diagnosis OR Prediction OR Screening OR "Precision medicine" OR "Clinical Decision support" OR "Decision Support Systems, Clinical"[Mesh] OR "Evidence based care" OR "Risk factor*" OR "Evidence-Based Medicine"[Mesh] OR "Evidence-Based Practice"[Mesh]) 
Web of Science search strategy: 
((Artificial Intelligence OR Machine learning OR NLP OR Deep learning OR Supervised learning OR Unsupervised learning OR Neural networks OR Ensemble machine learning)) AND TOPIC:((healthcare OR Medicine OR Disease OR Diagnosis OR Prediction OR Screening OR Precision medicine OR Clinical Decision support OR Decision Support Systems OR Evidence based care OR Risk factors OR Evidence Based Medicine OR Evidence-Based Practice)) AND TOPIC: ((Child OR children OR teen OR adolescent OR baby OR toddler OR infant))

Cochrane Library search strategy: 
'(Artificial Intelligence OR Machine learning OR NLP OR Deep learning OR Supervised learning OR Unsupervised learning OR Neural networks OR Ensemble machine learning) in All Text AND (healthcare OR Medicine OR Disease OR Diagnosis OR Prediction OR Screening OR Precision medicine OR Clinical Decision support OR Decision Support Systems OR Evidence based care OR Risk factors OR Evidence Based Medicine OR Evidence-Based Practice) in All Text - (Word variations have been searched)'  



Table of Included Studies



	S.No
	Author and year
	Country
	Subspecialty
	Sample size
	Purpose of the model
	AI model utilized
	Best average results

	
	
	
	
	
	
	
	Sensitivity/
Specificity
	Accuracy
	AUC
	Other measures used

	1. 
	Abbas H 2018
	USA
	Psychiatry
	2643
	Diagnosis
	Ensemble
	70%/67%
	72%
	_
	_

	2. 
	Abibullaev B 2012
	Korea
	Psychiatry
	10
	Diagnosis
	Ensemble
	_
	_
	0.97
	_

	3. 
	Adeli E 2019
	USA
	Neurology
	24
	Prediction
	Regression
	_
	_
	_
	Correlation 
coefficient= 0.73

	4. 
	Afzal 2013
	Netherlands
	Pulmonology
	5032
	Diagnosis
	Rule based system
	98%/95%
	_
	_
	_

	5. 
	Aggarwal G2018
	India
	Neurology
	48
	Diagnosis
	Neural networks. Ensemble
	_
	98%
	_
	_

	6. 
	Aghdam MA, 2018
	Iran
	Radiology
	185
	Diagnosis
	Deep learning
	84%/32.96%
	_
	_
	_

	7. 
	Ahmadlou 2012
	USA
	Neurology
	18
	Diagnosis
	Neural networks
	_
	95.5%
	_
	_

	8. 
	Ahmadlou M 2010
	Iran
	Psychiatry
	17
	Diagnosis
	Neural networks
	_
	90%
	_
	_

	9. 
	Ahmed 2016
	Ireland
	Neonatology
	54
	Diagnosis
	Ensemble
	_
	87%
	_
	_


	10. 
	Ahmed 2017
	Ireland
	Neonatology
	17
	Diagnosis
	Neural networks
	_
	71.9%
	_
	_


	11. 
	Akdemir 2009
	Turkey
	Cardiology
	2733
	Prediction
	Neural networks
	_
	_
	_
	Correlation 
coefficient= 0.99

	12. 
	Aljabar P, 2010
	UK
	Radiology
	140
	Diagnosis
	Dimensionality reduction
	_
	_
	_
	Correlation 
coefficient= 0.93

	13. 
	Amarreh I 2014
	USA
	Neurology
	49
	Diagnosis
	Ensemble
	98.1/100%
	_
	_
	_

	14. 
	Ambalavanan 2001
	USA
	Neonatology
	810
	Prediction
	Neural networks; Regression
	_
	_
	0.87
	_

	15. 
	Ambalavanan 2005
	USA
	Neurology
	218
	Prediction
	Neural networks
	90%/52%
	_
	_
	_

	16. 
	Ambalavanan 2005
	USA
	Neonatology
	8608
	Prediction
	Neural networks; Regression
	_
	_
	0.854
	_

	17. 
	Amini 2016
	Iran
	Neonatology
	4342
	Diagnosis
	Neural networks; Regression; Ensemble
	100%/89%
	_
	_
	_

	18. 
	Anand 2008
	USA
	Pulmonology
	16817
	Diagnosis
	Bayesian methods
	_
	_
	0.726
	_


	19. 
	Andersson A, 2007
	Sweden
	Heme/Onco
	127
	Prediction
	Instance based;
	_
	97%
	_
	_

	20. 
	Ansari 2015
	Netherlands
	Neurology
	35
	Diagnosis
	Ensemble
	_
	_
	_
	Positive predictive value= 50%

	21. 
	Anzulewicz A 2016
	UK
	Psychiatry
	82
	Diagnosis
	Ensemble
	_
	_
	0.937
	_

	22. 
	Arabi 2006
	Ireland
	Neonatology
	6
	Diagnosis
	Neural networks
	91%/95%
	_
	_
	_

	23. 
	Arle JE, 1997
	USA
	Radiology
	33
	Diagnosis
	Neural networks
	_
	80%
	_
	_

	24. 
	Arlen 2016
	USA
	Infectious Diseases
	255
	Diagnosis
	Regression, Dimensionality reduction
	_
	_
	0.76
	_

	25. 
	Armstrong 2018
	Australia
	Neurology
	1322
	Diagnosis
	Decision tree
	24.5%/95.1%
	75%
	_
	_

	26. 
	Askari 2018
	Iran
	Neurology
	200
	Diagnosis
	Neural networks
	85.92/89.72
	_
	_
	_

	27. 
	Ataer-Cansizoglu E 2015
	USA
	Others
	77
	Diagnosis
	Ensemble
	_
	95%
	_
	_

	28. 
	Aucouturier 2011
	Japan
	Neurology
	14
	Diagnosis
	Ensemble
	_
	_
	_
	Precision= 95%

	29. 
	Aydın 2016
	Turkey
	Neonatology
	80
	Diagnosis
	Regression; Instance based
	_
	85%
	_
	_

	30. 
	Ball 2016
	London
	Neonatology
	131
	Diagnosis
	Neural networks
	_
	80%
	0.92
	_

	31. 
	Bartz-Kurycki 2018
	USA
	Neonatology
	13589
	Diagnosis
	Regression; Ensemble
	_
	95.99%
	_
	_

	32. 
	Bussu G 2018
	Netherlands
	Psychiatry
	303
	Diagnosis
	Ensemble
	_
	_
	0.65
	_

	33. 
	Baumgartner 2004
	Germany
	Neonatology
	2585
	Diagnosis
	Decision tree; Regression; Neural networks; Ensemble
	_
	99.8%
	_
	_

	34. 
	Ben-Sasson A 2016
	Israel
	Psychiatry
	195
	Diagnosis
	Decision tree
	_
	_
	0.84
	_

	35. 
	Ben-Sasson A 2018
	Israel
	Psychiatry
	115
	Diagnosis
	Decision tree
	_
	_
	0.74
	_

	36. 
	Bhattacharyya 2013
	India
	Neonatology
	16
	Diagnosis
	Ensemble
	78%/72%
	-
	-
	_

	37. 
	Blazadonakis M 1996
	Greece
	Others
	335
	Prediction
	Decision tree
	_
	85.67%
	_
	_

	38. 
	Bokov 2016
	USA
	Pulmonology
	186
	Diagnosis
	Ensemble
	71.4%/88.9%
	_
	_
	_

	39. 
	Bolón-Canedo V 2015
	Spain
	Others
	34
	Diagnosis
	Decision tree; Instance based; Bayesian methods; Ensemble
	_
	_
	_
	Classification error= 11.76

	40. 
	Bone D 2016
	USA
	Psychiatry
	567
	Diagnosis
	Ensemble
	79.7%
	_
	_
	

	41. 
	Bonet- Carne E, 2015
	Spain
	Radiology
	144
	Diagnosis
	Neural networks, Regression, Decision tree
	86.2%/87.0%
	_
	_
	_

	42. 
	Bornelöv S, 2013
	Sweden
	Pulmonology
	5146
	Diagnosis
	Rule based
	_
	94.1%
	_
	_

	43. 
	Brahnam 2006
	USA
	Neonatology
	26
	Diagnosis
	Dimensionality reduction; Ensemble
	_
	_
	0.98
	_

	44. 
	Brown JM 2018
	USA
	Others
	898
	Diagnosis
	Deep learning
	_
	_
	0.80
	_

	45. 
	Calderoni S 2012
	Italy
	Psychiatry
	38
	Diagnosis
	Ensemble
	_
	99%
	_
	_

	46. 
	Carpenter KLH 2016
	USA
	Psychiatry
	1224
	Diagnosis
	Decision tree
	_
	100%
	_
	_

	47. 
	Ceschin R, 2018
	USA
	Radiology
	130
	Diagnosis
	Deep learning
	_
	_
	0.957
	_

	48. 
	Chan CH 2006
	Hong Kong
	ICU
	547
	Prediction
	Neural networks
	95.45%/95.59%
	95.54%
	_
	_

	49. 
	Chatzimichail 2013
	Greece
	Pulmonology
	112
	Prediction
	Ensemble
	89.02%/84.76%
	87.36%
	_
	_

	50. 
	Chen 2012
	US
	Cardiology
	30
	Diagnosis
	Dimensionality reduction; Neural networks; Ensemble
	89.02% 84.76%
	87.36%
	_
	_

	51. 
	Chen 2013
	Taiwan
	Neonatology
	347,312
	Diagnosis
	Ensemble
	100%/99.9%
	99.9%
	_
	_

	52. 
	Chen 2014
	China
	Neonatology
	282
	Diagnosis
	Ensemble; Neural networks; Decision trees; Dimensionality reduction; Regression
	92%/87.50%
	_
	_
	_

	53. 
	Chen A 2017
	Netherlands
	Neurology
	476
	Diagnosis
	Ensemble
	70%/67%
	68%
	_
	_

	54. 
	Chong SL 2015
	Singapore
	Emergency Medicine
	195
	Diagnosis
	Neural networks
	94.9%/97.4%
	_
	0.98
	_

	55. 
	Chu 2015
	Sweden
	Radiology
	143
	Diagnosis
	Ensemble
	94.2%/90.5%
	93%
	0.97
	_

	56. 
	Chu HC 2018
	Taiwan
	Psychiatry
	15
	Diagnosis
	Ensemble
	_
	99.13%
	_
	_

	57. 
	Cic M 2013
	Croatia
	Neurology
	20
	Diagnosis
	Ensemble
	_
	90%
	_
	_

	58. 
	Cohen IL 1993
	USA
	Psychiatry
	138
	Diagnosis
	Neural networks
	_
	97%
	_
	_

	59. 
	Cohen IL 2016
	USA
	Psychiatry
	660
	Diagnosis
	Decision tree
	_
	100%
	_
	_

	60. 
	Cooper 2018
	USA
	Neonatology
	10051
	Prediction
	Ensemble; Decision tree
	_
	_
	0.87
	_

	61. 
	Cooper J 2015
	US
	Others
	51,008
	Prediction
	Regression; Ensemble; Decision tree
	32.9%/ 98.8%
	93.3%
	_
	_

	62. 
	Correa M, 2018
	Lima, Peru
	Radiology
	21
	Diagnosis
	Neural networks
	90.9%/100%
	_
	_
	_

	63. 
	Courtney 2008
	USA
	Neonatology
	73040
	Prediction
	Regression; Neural networks, Decision tree; Bayesian methods
	_
	_
	0.605
	_

	64. 
	Crippa A 2015
	Italy
	Psychiatry
	30
	Diagnosis
	Ensemble
	89.1%/ 82.2%
	84.9%
	_
	_

	65. 
	Crippa A 2017
	USA
	Psychiatry
	44
	Diagnosis
	Ensemble
	73%/87%
	81%
	0.80
	_

	66. 
	Da Laet T 2017
	Belgium
	Neurology
	356
	Diagnosis
	Regression; Bayesian methods
	_
	93%
	_
	_

	67. 
	Daley M 2016
	USA
	Neurology
	29
	Diagnosis
	Ensemble
	_
	_
	0.91
	_

	68. 
	Das LT 2016
	USA
	Emergency Medicine
	2691
	Prediction
	Regression; Regularization; Decision tree; Ensemble
	_
	_
	0.87
	_

	69. 
	De Groote 2002
	Belgium
	Pulmonology
	10
	Diagnosis
	Neural networks
	75%/ 79.3%
	_
	_
	_

	70. 
	de Wit S 2017
	Netherlands
	Psychiatry
	126
	Diagnosis
	Ensemble
	69%/94%%
	82%
	0.753
	_

	71. 
	Delavarian M 2011
	Iran
	Psychiatry
	306
	Diagnosis
	Ensemble, Dimensionality reduction, Instance based, Bayesian methods
	100%/100%
	_
	_
	_

	72. 
	Delavarian M 2012
	Iran
	Psychiatry
	294
	Diagnosis
	Neural networks
	_
	100%
	_
	_

	73. 
	Deleger L 2013
	USA
	Emergency Medicine
	2100
	Diagnosis
	Rule based system
	86.9%
	_
	_
	

	74. 
	Di Russo SM 2002
	USA
	Emergency Medicine
	35,385
	Prediction
	Neural networks
	_
	_
	0.966
	_

	75. 
	Du J 2016
	China
	Psychiatry
	216
	Diagnosis
	Ensemble
	93.22%/96.94%
	94.91%
	0.969
	_

	76. 
	Duchesnay E 2011
	France
	Psychiatry
	58
	Diagnosis
	Dimensionality reduction; Ensemble
	91%/ 77%
	88%
	_
	_

	77. 
	Duda M 2014
	USA
	Psychiatry
	2616
	Diagnosis
	Decision tree
	97.1%/83.5%
	95.8%
	_
	_

	78. 
	Duda M 2016
	USA
	Psychiatry
	2925
	Diagnosis
	Decision tree; Dimensionality reduction; Ensemble; Regularization
	_
	_
	0.965
	_

	79. 
	Duda M 2017
	USA
	Psychiatry
	422
	Diagnosis
	Regularization; Regression; Dimensionality reduction
	_
	_
	0.97
	_

	80. 
	Dugan TM 2015
	US
	Others
	7519
	Prediction
	Decision tree; Ensemble; Bayesian methods
	86%/85%
	86%
	_
	_

	81. 
	Elgendi 2014
	Canada
	Cardiology
	27
	Diagnosis
	Dimensionality reduction;
	_
	_
	_
	Lowest classification error= 22.22%

	82. 
	Elibol HM 2016
	USA
	Psychiatry
	27,178
	Prediction
	Dimensionality reduction
	_
	_
	0.80
	_

	83. 
	Emerson RW 2017
	USA
	Psychiatry
	59
	Diagnosis
	Ensemble
	81.8%/100%
	96.6%
	_
	_

	84. 
	Farion 2013
	Canada
	Pulmonology
	240
	Prediction
	Bayesian methods
	_
	78.0%
	_
	_

	85. 
	Fergus 2013
	USA
	Neonatology
	300
	Prediction
	Decision tree; Dimensionality reduction; Instance based
	96%/90%
	_
	0.940
	_

	86. 
	Fernandez 2016
	US
	Cardiology
	2432
	Diagnosis
	Instance based; Neural networks; Decision trees
	88%/82%
	84%
	_
	_

	87. 
	Fernandez 2018
	Czech Republic
	Pulmonology
	384
	Diagnosis
	Regression, Clustering
	_
	_
	_
	Adjusted odds ratio= 2.7

	88. 
	Ferreira 2012
	Portugal
	Neonatology
	227
	Diagnosis
	Decision tree; Regression; Bayesian methods; Neural networks
	_
	_
	0.80
	_

	89. 
	Fetit AE, 2015
	UK
	Radiology
	48
	Diagnosis
	Bayesian methods; Neural networks; Regression; Instance based
	81.8%/100%
	96.6%
	_
	_

	90. 
	Fetit AE, 2015
	UK
	Radiology
	121
	Diagnosis
	Neural networks; Ensemble
	_
	78.0%
	_
	_

	91. 
	Fetit AE, 2018
	UK
	Radiology
	134
	Diagnosis
	Neural networks; Ensemble
	96.6%/90.0%
	95%
	_
	_

	92. 
	Finney 2014
	Papa New Guinea
	Infectious Diseases
	224
	Diagnosis
	Decision tree;
	_
	78%
	_
	_

	93. 
	Foland-Ross LC 2015
	USA
	Psychiatry
	33
	Diagnosis
	Ensemble
	69.3%/70.0%
	69.7%
	_
	_

	94. 
	Fontanella 2018
	UK
	Pulmonology
	461
	Diagnosis
	clustering
	84%/87%
	_
	0.94
	_

	95. 
	Fraiwan 2011
	USA
	Neonatology
	29
	Diagnosis
	Neural networks
	_
	84%
	_
	_

	96. 
	Galvez, 2017
	USA
	Radiology
	3371
	Diagnosis
	Natural Language Processing
	82.9%/97.%
	_
	0.90
	_

	97. 
	Gang 2015
	USA
	Pulmonology
	210
	Prediction
	Deep learning ,Ensemble, Instance based, Bayesian
	44.7%/84.2%
	73.9
	0.783
	_

	98. 
	Garcia Chimeo Y 2014
	Spain
	Neurology
	56
	Diagnosis
	Dimensionality reduction; clustering; Ensemble
	94%/100%
	_
	_
	_

	99. 
	Garcia JO 2003
	Mexico
	Others
	53
	Diagnosis
	Neural networks
	_
	97.43%
	_
	_

	100. 
	Georgoulas 2006
	Portugal
	Neonatology
	80
	Diagnosis
	Neural networks
	_
	_
	0.75
	_

	101. 
	Ghahrehbagi 2015
	Tehran
	Cardiology
	50
	Diagnosis
	Neural networks; Ensemble
	86.5%/88.4%
	87.4%
	_
	_

	102. 
	Gharehbagi 2017
	Sweden
	Cardiology
	90
	Diagnosis
	Ensemble
	85.6%/87%
	86.4%
	_
	_

	103. 
	Gholami 2010
	USA
	Neonatology
	26
	Diagnosis
	Ensemble
	_
	91%
	_
	_

	104. 
	Giovanini-Chami L, 2012
	France
	Pulmonology
	45
	Diagnosis
	Ensemble
	_
	91%
	_
	_

	105. 
	Girgull L 2012
	Germany
	Emergency Medicine
	692
	Diagnosis
	Neural networks, Ensemble
	_
	_
	1.00
	_

	106. 
	Gori I 2015
	Italy
	Psychiatry
	41
	Diagnosis
	Ensemble
	_
	74%
	_
	_

	107. 
	Greene 2007
	Ireland
	Neonatology
	7
	Diagnosis
	Dimensionality reduction
	54.6%/77.3%
	68.3%
	_
	_

	108. 
	Greene 2008
	Ireland
	Neonatology
	17
	Diagnosis
	Dimensionality reduction
	_
	_
	_
	Correct detection rate= 90.7%, false detection rate= 9.43%

	109. 
	Greene DJ 2016
	USA
	Neurology
	84
	Diagnosis
	Ensemble
	_
	76%
	_
	_

	110. 
	Grinspan ZM 2018
	USA
	Neurology
	3516
	Prediction
	Ensemble; Regression; Regularization
	_
	_
	0.841
	_

	111. 
	Grossi E 2016
	Italy
	Psychiatry
	137
	Diagnosis
	Neural networks
	_
	800.19%
	0.795
	_

	112. 
	Grossi E 2017
	Italy
	Psychiatry
	25
	Diagnosis
	Neural networks; Bayesian methods; Instance based; Ensemble
	_
	100%
	_
	_

	113. 
	Groves DJ, 1999
	UK
	Heme/Onco
	1571
	Prediction
	Neural networks
	75%/60%
	_
	_
	_

	114. 
	Gui 2018
	Geneva
	Neonatology
	84
	Prediction
	Dimensionality reduction
	_
	_
	0.72
	_

	115. 
	Guo 2017
	China
	Others
	101
	Diagnosis
	Ensemble
	_
	94.36%
	_
	_

	116. 
	Guo Y, 2014
	USA
	Radiology
	10
	Diagnosis
	Deep learning
	_
	_
	_
	Dice ratio=70.2

	117. 
	Haas 2005
	USA
	Neonatology
	1692
	Diagnosis
	Rule based system
	71%/99.8%
	_
	_
	_

	118. 
	Habibi 2016
	Tehran
	Infectious Diseases
	148
	Diagnosis
	Neural networks and Regression
	_
	83%
	_
	_

	119. 
	Hajjar 2018
	France
	Neonatology
	397
	Prediction
	Neural networks
	_
	84.3%
	_
	_

	120. 
	Hale AT, 2018
	USA
	Radiology
	565
	Diagnosis
	Neural networks
	_
	_
	0.977
	_

	121. 
	Hatzakis 2002
	Canada
	Neonatology
	10
	Management
	Rule based system
	_
	_
	
	True positive = 60%

	122. 
	Held 2013
	Chile
	Pulmonology
	30
	Diagnosis
	Rule based
	89.7%/_
	_
	_
	_

	123. 
	Held CM 2013
	Chile
	Others
	30
	Diagnosis
	Rule based
	89.7%/_
	_
	_
	_

	124. 
	Heller MD 2013
	USA
	Psychiatry
	52
	Diagnosis
	Ensemble
	_
	_
	_
	F measure = 78%

	125. 
	Helm EJ, 2009
	UK
	Radiology
	24
	Diagnosis
	Rule based
	42%/100%
	_
	_
	_

	126. 
	Heunis T 2018
	USA
	Psychiatry
	62
	Diagnosis
	Neural networks; Dimensionality reduction
	_
	92.86%
	_
	_

	127. 
	Hicks SD 2018
	USA
	Psychiatry
	456
	Diagnosis
	Ensemble
	80%/88%
	_
	0.88
	_

	128. 
	Hornero 2017
	USA
	Pulmonology
	4191
	Diagnosis
	Neural networks
	68.7%/94.1%
	90.2%
	_
	_

	129. 
	Hoshino 2012
	Japan
	Others
	50
	Diagnosis
	Regression
	100%/100%
	_
	0.95
	_

	130. 
	Hsieh CW, 2007
	Taiwan
	Radiology
	713
	Diagnosis
	Neural networks
	_
	_
	_
	Correction rate = 87%

	131. 
	Hsieh CW, 2007
	Taiwan
	Radiology
	909
	Diagnosis
	Neural networks
	_
	_
	_
	Correction rate= 
90 %

	132. 
	Hsieh CW, 2010
	Taiwan
	Radiology
	550
	Diagnosis
	Dimensionality reduction
	_
	_
	_
	Correct rate= 
91.3 %

	133. 
	Hsieh CW, 2011
	Taiwan
	Radiology
	534
	Diagnosis
	Rule based, Regression
	_
	96.2
	_
	_

	134. 
	Hsu 2010
	Taiwan
	Neonatology
	360
	Diagnosis
	Ensemble
	95.9%/95.6%
	96.*%
	_
	_

	135. 
	Hu S, 2017
	China
	Radiology
	24
	Prediction
	Regression
	_
	_
	_
	Dice ratio= 0.613

	136. 
	Hu YH 2017
	Taiwan
	Emergency Medicine
	125,940
	Prediction
	Decision tree; Regression, Ensemble; Bayesian methods
	73.7%/ 59.9%
	66.8%
	0.723
	_

	137. 
	Iftikhar 2013
	Pakistan
	Cardiology
	850
	Diagnosis
	Neural networks
	_
	92.13%
	_
	_

	138. 
	Ingalhalikar M 2011
	USA
	Psychiatry
	75
	Diagnosis
	Ensemble
	84%/73%
	_
	0.81
	_

	139. 
	Jalali 2018
	USA
	Neonatology
	71
	Diagnosis
	Ensemble
	91%/-
	_
	_
	_

	140. 
	Jamal W 2014
	UK
	Psychiatry
	24
	Diagnosis
	Ensemble
	80.7%/91.7%
	89.5%
	_
	_

	141. 
	Jamshidnezhad A 2016
	Iran
	Emergency Medicine
	not mentioned
	Diagnosis
	Neural networks; Ensemble
	_
	71.4%
	_
	_

	142. 
	Ji 2014
	USA
	Neonatology
	484
	Diagnosis
	Dimensionality reduction
	_
	_
	0.843
	_

	143. 
	Jiao Y 2010
	China
	Psychiatry
	38
	Diagnosis
	Neural networks
	_
	87%
	0.93
	_

	144. 
	Jin Y 2015
	USA
	Psychiatry
	80
	Diagnosis
	Neural networks
	_
	76%
	0.80
	_

	145. 
	Jong 2016
	Netherlands
	Infectious Diseases
	39
	Prediction
	Ensemble; Dimensionality reduction
	_
	_
	0.971
	_

	146. 
	Kamaleswaran R 2018
	USA
	ICU
	493
	Diagnosis
	Deep learning; Ensemble; Regression
	76%/81%
	_
	_
	_

	147. 
	Kang X, 2013
	USA
	Radiology
	Not mentioned
	Diagnosis
	Bayesian methods
	_
	_
	_
	Average error= 2.31

	148. 
	Kanimozhiselvi CS 2016
	India
	Psychiatry
	100
	Diagnosis
	Instance based
	93.6%/100%
	95.2%
	_
	_

	149. 
	Karayiannsis 2006
	USA
	Neonatology
	15
	Diagnosis
	Neural networks
	83.8%/79.5%
	_
	_
	_

	150. 
	Karayiannsis 2006
	USA
	Neonatology
	54
	Diagnosis
	Neural networks
	99.3%/93.7%
	_
	_
	_

	151. 
	Karayiannsis NB, 2005
	USA
	Neonatology
	43
	Diagnosis
	Neural networks
	92.5%/92.5%
	_
	_
	_

	152. 
	Kaur 2018
	USA
	Pulmonology
	514
	Diagnosis
	others
	86%/98%
	_
	_
	_

	153. 
	Khalegi A 2015
	Iran
	Psychiatry
	38
	Diagnosis
	Neural networks
	_
	91.83%
	_
	_

	154. 
	Kushki A 2015
	Canada
	Psychiatry
	24
	Diagnosis
	Ensemble, Rule based, Dimensionality reduction, Bayesian method, Decision tree
	99%/92%
	95%
	_
	_

	155. 
	Kim JR, 2017
	South Korea
	Radiology
	200
	Diagnosis
	Deep learning
	_
	_
	_
	Concordance rate= 69.5%

	156. 
	Kim JW 2015
	South Korea
	Psychiatry
	78
	Diagnosis
	Ensemble; Regression
	_
	84.6%
	0.84
	_

	157. 
	Kong J, 2009
	USA
	Heme/Onco
	36
	Diagnosis
	Neural networks; Dimensionality reduction, Bayesian methods; Ensemble
	_
	87.88%
	_
	_

	158. 
	Koolen 2017
	Finland
	Neonatology
	67
	Diagnosis
	Neural networks; Ensemble
	83%/87%
	85%
	_
	_

	159. 
	Vassilakis 2002
	Greece
	Neurology
	122
	Diagnosis
	Decision tree
	_
	93.40%
	_
	_

	160. 
	Krishnan 2017
	UK
	Neonatology
	272
	Prediction
	Dimensionality reduction
	_
	_
	_
	Selection frequency= 0.817

	161. 
	Kuhle 2018
	Canada
	Neonatology
	30,705
	Diagnosis
	Ensemble; Neural networks;
	_
	75%
	_
	_

	162. 
	Laitenen 1998
	Finland
	Cardiology
	125
	Management
	Regression; Neural networks
	_
	_
	_
	Precision= 51%

	163. 
	Lamping 2018
	Germany
	Infectious Diseases
	289
	Diagnosis
	Ensemble
	_
	_
	0.78
	_

	164. 
	Larson 2018
	USA
	Radiology
	15149
	Diagnosis
	Deep learning
	_
	_
	_
	Root mean square error = 0.63

	165. 
	Lauer 2005
	USA
	Neurology
	8
	Diagnosis
	Neural networks
	_
	98.7%
	_
	_

	166. 
	Lee J 2006
	Canada
	Neurology
	100
	Diagnosis
	Neural networks
	79.4%/80.3%
	79.8%
	_
	_

	167. 
	Lenhard 2018
	Sweden
	Psychiatry
	61
	Management
	Ensemble; Regularization
	_
	83%
	_
	_

	168. 
	Leroy 2018
	USA
	Psychiatry
	4491
	Diagnosis
	others
	_/99%
	_
	_
	_

	169. 
	Lesnussa YA 2017
	Indonesia
	Others
	172
	Diagnosis
	Neural networks
	_
	76.62%
	_
	_

	170. 
	Levy 2017
	USA
	Psychiatry
	4532
	Diagnosis
	Regression; Regularization; Ensemble
	_
	_
	0.93
	_

	171. 
	Li 2011
	Canada
	Neonatology
	140
	Diagnosis
	Neural networks
	_
	95%
	_
	_

	172. 
	Liu X 2017
	China
	Others
	866
	Diagnosis
	Deep learning
	97.28%/96.83%
	97.07%
	_
	_

	173. 
	Ling SH 2016
	Australia
	Endocrinology
	16
	Diagnosis
	Neural networks; Regression
	78%/60%
	_
	_
	_

	174. 
	Lingren T 2016
	USA
	Others
	650
	Diagnosis
	Bayesian methods; Ensemble
	_
	_
	_
	Positive predictive value= 89.5

	175. 
	Liu 2016
	China
	Psychiatry
	87
	Diagnosis
	Neural networks
	93.1%/86.21%
	88.51%
	0.896
	_

	176. 
	Liu 2017
	China
	Infectious Diseases
	2532
	Diagnosis
	Ensemble
	82.4%/ 93.1%
	91.6%
	0.916
	_

	177. 
	Logvinenko 2015
	USA
	Radiology
	3995
	Diagnosis
	Regression; Neural networks
	32%/100%
	_
	0.79
	_

	178. 
	Luca 2014
	Belgium
	Neurology
	7
	Diagnosis
	clustering
	_
	_
	_
	Positive predictive value= 89%

	179. 
	Lukic 2012
	Serbia
	Neurology
	72
	Diagnosis
	Neural networks; Regression
	_
	_
	1.00
	_

	180. 
	Luo 2017
	China
	Cardiology
	33831
	Prediction
	Ensemble; Regression
	_
	99%
	0.93
	_

	181. 
	Maenner 2016
	USA
	Psychiatry
	2,312
	Diagnosis
	Ensemble
	84.0%/89.4%
	_
	0.932
	_

	182. 
	Mago 2012
	India
	Neurology
	56
	Diagnosis
	Neural networks
	_
	88.9%
	_
	_

	183. 
	Mai 2016
	USA
	Infectious Diseases
	1685
	Diagnosis
	Decision tree
	95.3%/19.6%
	72.2%
	_
	_

	184. 
	Mancini F 2011
	Brazil
	Others
	84
	Diagnosis
	Instance based; Decision tree; Ensemble
	95%/90%
	92%
	0.85
	_

	185. 
	Mani 2014
	USA
	Neonatology
	299
	Diagnosis
	Bayesian methods; Instance based; Decision tree; Regression; Ensemble
	_
	_
	0.65
	_

	186. 
	Mantini 2005
	Italy
	Cardiology
	70
	Management
	Dimensionality reduction
	_
	_
	_
	True negatives= 12.4%, false positive= 0.9%

	187. 
	Masala GH 2013
	Italy
	Heme/Onco
	304
	Diagnosis
	Neural networks; Instance based
	93%/91%
	_
	_
	_

	188. 
	Matic 2016
	Netherlands
	Neonatology
	53
	Diagnosis
	Ensemble
	_
	_
	_
	True positives= 98%

	189. 
	Mendonca 2005
	USA
	Radiology
	1277
	Diagnosis
	Natural language processing
	71%/99%
	_
	_
	_

	190. 
	Merey C 2012
	Canada
	Neurology
	29
	Diagnosis
	Neural networks; Ensemble
	89.6%/92.2%
	86.9%
	_
	_

	191. 
	Meyestre 2017
	USA
	Infectious Diseases
	282
	Diagnosis
	Ensemble
	71%/96%
	90%
	_
	_

	192. 
	Mikhno 2012
	USA
	Neonatology
	179
	Prediction
	Regression
	_
	_
	_
	Positive predictive value= 97.5%

	193. 
	Milosevic 2016
	Belgium
	Neurology
	56
	Diagnosis
	Ensemble
	90.91%/_
	_
	_
	_

	194. 
	Milosevic 2017
	Belgium
	Neurology
	51
	Diagnosis
	Ensemble
	-
	_
	0.8
	_

	195. 
	Mohseni HR, 2006
	Iran
	Neonatology
	Not mentioned
	Diagnosis
	Neural networks
	72.4%/93.2%
	_
	_
	_

	196. 
	Monasterio V, 2012
	USA
	Neonatology
	27
	Diagnosis
	Ensemble
	86%/91%
	90%
	_
	_

	197. 
	Mossotto 2017
	UK
	Others
	287
	Diagnosis
	Dimensionality reduction; Ensemble;
	_
	83.3%
	_
	_

	198. _
	Mourao-Miranda 2012
	UK
	Psychiatry
	32
	Diagnosis
	Bayesian methods
	75%/75%
	75%
	0.500
	_

	199. 
	Moustris 2012
	Greece
	Pulmonology
	3602
	Prediction
	Neural networks
	_
	_
	_
	Root mean square error= 0.837

	200. 
	Mueller M, 2004
	USA
	Neonatology
	183
	Prediction
	Neural networks
	_
	85%
	0.870
	_

	201. 
	Mueller M, 2006
	USA
	Neonatology
	183
	Prediction
	Neural networks
	_
	_
	0.87
	_

	202. 
	Munoz Organero 2018
	UK
	Psychiatry
	22
	Diagnosis
	Deep learning
	100%/90.91%
	93.75%
	_
	_

	203. 
	Murray PG 2018
	UK
	Endocrinology
	228
	Diagnosis
	Ensemble
	_
	_
	0.99
	_

	204. 
	Mutasa 2018
	USA
	Radiology
	10289
	Diagnosis
	Deep learning
	_
	_
	_
	Mean absolute error= 0.637

	205. 
	Mwangi B, 2015
	USA
	Psychiatry
	32
	Diagnosis
	Ensemble
	68.75%/87.5%
	78.12%
	0.781
	_

	206. 
	Narzisi A, 2015
	Italy
	Psychiatry
	56
	Management
	Neural networks, Ensemble; Bayesian methods; Regression;
	_
	90%
	_
	_

	207. 
	Nascimento LFC, 2002
	Brazil
	Neonatology
	Not mentioned
	Prediction
	Rule based
	_
	_
	_
	Correlation coefficient= 0.96

	208. 
	Nascimento LFC, 2009
	Brazil
	Neonatology
	1,351
	Diagnosis
	Rule based system
	70%/98%
	90%
	_
	_

	209. 
	Navarro X, 2017
	France
	Neonatology
	31
	Diagnosis
	Regression; Dimensionality reduction; Instance based
	_
	95%
	0.99
	_

	210. 
	Naydenova 2016
	Gambia
	Infectious Diseases
	1581
	Diagnosis
	Regression, Ensemble,
	98.2%/97.6%
	_
	0.997
	_

	211. 
	Nguyen 2002
	USA
	Infectious Diseases
	381
	Prediction
	Neural networks, Regression
	75.0%/90.9%
	_
	0.839
	_

	212. 
	Nguyen HT 2008
	Australia
	Endocrinology
	16
	Diagnosis
	Bayesian methods; Neural networks
	89.20%/_
	_
	_
	_

	213. 
	Nguyen LB 2011
	Australia
	Endocrinology
	5
	Diagnosis
	Neural networks
	72%/55%
	_
	_
	_

	214. 
	Nguyen LB 2013
	Australia
	Endocrinology
	5
	Diagnosis
	Neural networks
	75%/60%
	_
	_
	_

	215. 
	Ni Y 2016
	USA
	Emergency Medicine
	3345
	Prediction
	Regression, Ensemble, Neural networks
	_
	_
	0.755
	_

	216. 
	Ni Y, 2015
	USA
	Heme/Onco
	215
	Prediction
	Natural Language Processing
	_/95%
	_
	_
	_

	217. 
	Niel 2018
	France
	Others
	14
	Diagnosis
	Neural networks
	_
	_
	_
	Mean difference in dry weight= 0.497 kg

	218. 
	Ochab M, 2016
	Poland
	Neonatology
	109
	Diagnosis
	Regression
	79.08%/86.4%
	83.29%
	_
	_

	219. 
	Olliver S, 2003
	Canada
	Infectious Diseases
	19
	Management
	Neural networks
	_
	_
	_
	True positive rate = 60%

	220. 
	Orlandi S, 2016
	Italy
	Neonatology
	38
	Diagnosis
	Regression; Ensemble; Neural networks
	_/_
	87.34%
	_
	_

	221. 
	Orphanidou-Vlachou 2014
	UK
	Radiology
	40
	Diagnosis
	Neural networks; Dimensionality reduction
	_
	93.3%
	_
	_

	222. 
	Ortiz SDC 2004
	Cuba
	Others
	35
	Diagnosis
	Neural networks
	_
	_
	_
	Correction rate= 85%

	223. 
	Ozdemir ME 2018
	Turkey
	Others
	160
	Diagnosis
	Neural networks; Instance based
	_
	86.7%
	_
	_

	224. 
	Oztoprak H, 2017
	Cyprus
	Psychiatry
	108
	Diagnosis
	Ensemble
	_
	100%
	_
	_

	225. 
	Paldino 2014
	USA
	Neurology
	33
	Diagnosis
	Ensemble
	100%/95.4%
	_
	_
	_

	226. 
	Paldino 2017
	USA
	Neurology
	45
	Prediction
	Ensemble
	_
	_
	_
	Correlation coefficient=  0.95

	227. 
	Palmu K, 2010
	Finland
	Neonatology
	18
	Diagnosis
	Dimensionality reduction
	96.6%/95.1%
	_
	_
	_

	228. 
	Pan L, 2017
	China
	Heme/Onco
	486
	Diagnosis
	Ensemble; Regression; Decision tree
	75.6%/89.7%
	82.7%
	0.902
	_

	229. 
	Papadelis 2016
	USA
	Neurology
	12
	Management
	Neural networks
	96.96%/96.26%
	_
	_
	_

	230. 
	Patel 2018
	USA
	Pulmonology
	29362
	Prediction
	Decision tree; Ensemble; Regularization
	_
	_
	0.85
	-

	231. 
	Peng X, 2013
	China
	Psychiatry
	110
	Diagnosis
	Ensemble
	_
	90.18%
	_
	_

	232. 
	Pereira 2004
	Brazil
	Infectious Diseases
	153
	Diagnosis
	Dimensionality reduction
	_
	_
	_
	Overall agreement= 78.3%

	233. 
	Pestian JP, 2016
	USA
	Psychiatry
	60
	Diagnosis
	Ensemble
	_
	96.67%
	_
	_

	234. 
	Phan P 2013
	Canada
	Others
	1776
	Diagnosis
	Instance based
	_
	82%
	_
	_

	235. 
	Pifferi 2011
	Italy
	Pulmonology
	130
	Diagnosis
	Neural networks
	100%/79.6%
	_
	_
	_

	236. 
	Plonski 2017
	Poland, France, Germany
	Neurology
	236
	Diagnosis
	Ensemble; Regression
	_
	_
	0.506
	_

	237. 
	Podda 2018
	Italy
	Neurology
	29,557
	Prediction
	Regression; Neural networks
	_
	_
	_
	Misclassification rate= 1.2%

	238. 
	Porcelli PJ, 2014
	USA
	Neonatology
	92
	Prediction
	Neural networks
	_
	_
	_
	Average absolute difference=  84.4g

	239. 
	Portakal O 2011
	Turkey
	Heme/Onco
	54
	Diagnosis
	Neural networks
	98%/76%
	_
	_
	_

	240. 
	Precup D, 2012
	Canada
	Neonatology
	53
	Prediction
	Ensemble
	_
	83.27%
	_
	_

	241. 
	Price T, 2014
	USA
	Psychiatry
	60
	Diagnosis
	Ensemble
	_
	68%
	_
	_

	242. 
	Prosperi CF, 2014
	Turkey
	Pulmonology
	822
	Diagnosis
	Decision tree; Bayesian methods; Regression
	_
	_
	0.82
	_

	243. 
	Prosperi CF, 2014
	UK
	Pulmonology
	822
	Diagnosis
	Ensemble; Regression; Decision tree; Bayesian methods
	_
	_
	0.82
	_

	244. 
	Qiao J, 2015
	USA
	Psychiatry
	18
	Diagnosis
	Ensemble
	_
	97.28%
	_
	_

	245. 
	Quader N, 2017
	Canada
	Neonatology
	35
	Diagnosis
	Ensemble
	_
	_
	0.985
	_

	246. 
	Qureshi MNI, 2016
	South Korea
	Psychiatry
	212
	Diagnosis
	Ensemble
	_
	85.29%
	_
	_

	247. 
	Raboshchuk G, 2018
	Spain
	Neonatology
	Not mentioned
	Prediction
	Neural networks
	_
	_
	_
	Detection rate= 60%

	248. 
	Rajanayagam 2013
	Australia
	Others
	54
	Diagnosis
	Neural networks
	82.6%/96.0%
	91%
	0.96
	_

	249. 
	Rani P 2016
	India
	Others
	64
	Diagnosis
	Neural networks
	_
	91%
	_
	_

	250. 
	Reed 1997
	US
	Cardiology
	53
	Diagnosis
	Ensemble
	_
	_
	_
	Correction rate= 88%

	251. 
	Reis MAM, 2004
	Brazil
	Neonatology
	304
	Prediction
	Rule based system
	76.5%/94.8%
	_
	0.930
	_

	252. 
	Remm 2008
	Estonia
	Infectious Diseases
	1905
	Prediction
	Rule based system
	_
	_
	_
	Modified true skill statistic= 0.35

	253. 
	Remm 2009
	Estonia
	Infectious Diseases
	700
	Diagnosis
	Ensemble; Decision tree
	_
	_
	_
	Modified true skill statistic= 0.338

	254. 
	Retico A, 2016
	Italy
	Psychiatry
	152
	Diagnosis
	Ensemble
	_
	_
	0.82
	_

	255. 
	Rietveld 1999
	Netherlands
	Pulmonology
	622
	Diagnosis
	Neural networks
	_
	43%
	_
	_

	256. 
	Rocha BH, 1994
	USA
	Neonatology
	5,201
	Diagnosis
	Rule based system
	84.5%/92.8%
	_
	_
	_

	257. 
	Rodriguez Gutierrez 2014
	UK
	Radiology
	40
	Diagnosis
	Ensemble
	_
	91.40%
	_
	_

	258. 
	Rosales-Perez A 2015
	Mexico
	Others
	1603
	Diagnosis
	Ensemble
	100%/ 98.42%
	99.42%
	_
	_

	259. 
	Ross 2018
	UK
	Pulmonology
	1019
	Diagnosis
	Ensemble, Neural networks, Regression, Bayesian
	_
	_
	0.829
	_

	260. 
	Rother 2015
	Germany
	Pulmonology
	16
	Diagnosis
	Neural networks, Rule based; Ensemble; Regression, Bayesian methods, Instance based
	98.8%/_
	_
	1.00
	_

	261. 
	Saadah LM 2014
	UAE
	Neonatology
	176
	Management
	Neural networks
	82%/100%
	_
	_
	_

	262. 
	Sajedi F 2013
	Iran
	Neurology
	52
	Diagnosis
	Neural networks
	97.2%/92.5%
	94.8%
	_
	_

	263. 
	Samanta B 2009
	USA
	Neonatology
	103
	Diagnosis
	Decision tree
	73%/58%
	65%
	_
	_

	264. 
	San PP 2016
	Australia
	Endocrinology
	15
	Diagnosis
	Neural networks
	79.10%/50.00%
	_
	_
	_

	265. 
	Sanders 2006
	USA
	Pulmonology
	2006
	Diagnosis
	Bayesian methods
	85%/96.3%
	_
	0.971
	_

	266. 
	Santori 2007
	Italy
	Others
	148
	Diagnosis
	Neural networks
	80.0%/5.9%
	76.92%
	0.70
	_

	267. 
	Sanz-Cortes M 2013
	Spain
	Neonatology
	91
	Diagnosis
	Ensemble
	_
	95.56%
	_
	_

	268. 
	Saria S 2010
	USA
	Neonatology
	138
	Prediction
	Bayesian methods
	_
	_
	0.915
	_

	269. 
	Sato 2017
	Brazil
	Psychiatry
	622
	Diagnosis
	Ensemble
	_
	_
	_
	Mean frame displacement difference = 0.11mm

	270. 
	Saxe 2017
	USA
	Psychiatry
	163
	Diagnosis
	Ensemble; Regularization
	_
	_
	0.79
	_

	271. 
	Schadl K 2018
	USA
	Neonatology
	66
	Diagnosis
	Regression
	100%/100%
	_
	1.0
	_

	272. 
	Schetinin V 2003
	UK
	Neonatology
	42
	Diagnosis
	Neural networks; Instance based
	68.9%/98.4%
	_
	_
	_

	273. 
	Schilithz AOC 2014
	Brazil
	Others
	1004
	Diagnosis
	Instance based
	_
	_
	_
	GAP validity index= 1.8

	274. 
	SchmiDecision tree-Rohlfing 2006
	Germany
	Neurology
	19
	Diagnosis
	Neural networks
	_
	80%
	_
	_

	275. 
	Sears 2004
	USA
	Psychiatry
	21563
	Diagnosis
	Neural networks
	_
	_
	0.929
	_

	276. 
	Sepehri 2008
	Iran
	Cardiology
	90
	Diagnosis
	Neural networks
	_
	_
	_
	False positive= 5%, false negative= 6.67%, efficiency= 94%

	277. 
	Sepehri 2010
	Iran
	Cardiology
	120
	Diagnosis
	Neural networks
	_
	_
	_
	Efficiency= 93.60%

	278. 
	Sepehri 2016
	Tehran
	Cardiology
	263
	Diagnosis
	Ensemble
	87.29%/87.89%
	87.45%
	_
	_

	279. 
	Sherrif 2004
	UK
	Pulmonology
	7318
	Diagnosis
	Regression; Neural networks
	_
	_
	_
	Misclassification rate= 17.9%

	280. 
	Shimomura K 1994
	Japan
	Neonatology
	267
	Diagnosis
	Rule based
	76%/93%
	_
	_
	_

	281. 
	Shono H 1992
	Japan
	Neonatology
	80
	Diagnosis
	Rule based
	71%/97%
	_
	_
	_

	282. 
	Si Y 1997
	Canada
	ICU
	74
	Diagnosis
	Neural networks
	_
	97%
	_
	_

	283. 
	Sikka K 2015
	USA
	Others
	50
	Diagnosis
	Regression
	_
	_
	0.94
	_

	284. 
	Silterra 2017
	Mozambique
	Infectious Diseases
	105
	Diagnosis
	clustering; Ensemble
	_
	87.8%
	_
	_

	285. 
	Simayijiang Z 2013
	Sweden
	Neonatology
	14
	Diagnosis
	Ensemble
	_
	71.40%
	_
	_

	286. 
	Smyczynska J 2015
	Poland
	Endocrinology
	245
	Prediction
	Neural networks; Regression
	_
	_
	_
	Coefficient of determination= 78.7%

	287. 
	Smyser 2016
	USA
	Radiology
	100
	Diagnosis
	Ensemble
	_
	84.0%
	_
	_

	288. 
	Snowden S 1993
	UK
	Neonatology
	184
	Management
	Neural networks
	_
	_
	_
	Mean percentage error= 0.446, mean absolute error= 3.08

	289. 
	Soleimani 2013
	Iran
	Neurology
	1232
	Diagnosis
	Neural networks; Regression
	39.1%/93.2%
	_
	0.79
	_

	290. 
	Somkantha 2011
	Thailand
	Radiology
	180
	Diagnosis
	Neural networks
	_
	_
	_
	Mean absolute percentage error= 0.10

	291. 
	Song Z 2007
	USA
	Neonatology
	10
	Prediction
	Ensemble
	_
	_
	_
	Dice matric= 0.8

	292. 
	Stahl 2011
	Norway
	Neurology
	82
	Diagnosis
	Ensemble
	85.3%/95.5%
	93.7%
	_
	_

	293. 
	Strauss 2004
	Germany
	Neurology
	48
	Diagnosis
	Ensemble
	75%/80%
	_
	_
	_

	294. 
	Sullivan 2014
	USA
	Neurology
	3744
	Diagnosis
	Ensemble; Bayesian methods
	66.7%
	_
	_
	Precision= 76.8, f-measure= 71.4

	295. 
	Takeuchi M, 2017
	Japan
	Others
	767
	Diagnosis
	Ensemble
	79.7%/87.3%
	_
	0.916
	_

	296. 
	Tan 2017
	USA
	Psychiatry
	215
	Diagnosis
	Ensemble
	_
	62.0%
	_
	_

	297. 
	Tanikawa C, 2010
	Japan
	Radiology
	859
	Diagnosis
	Natural language processing
	_
	_
	_
	Mean success rate= 82%

	298. 
	Tariq 2018
	USA
	Psychiatry
	162
	Diagnosis
	Ensemble
	_
	100%
	_
	_

	299. 
	Taylor JA 2017
	USA
	Neonatology
	530
	Diagnosis
	Regression
	84.6%/100%
	_
	_
	_

	300. 
	Temko A 2009
	Ireland
	Neonatology
	17
	Diagnosis
	Ensemble
	_
	_
	0.963
	_

	301. 
	Temko A 2012
	Ireland
	Neonatology
	18
	Diagnosis
	Ensemble
	_
	_
	0.968
	_

	302. 
	Temko A 2012
	Ireland
	Neonatology
	17
	Diagnosis
	Bayesian methods; Ensemble
	_
	_
	0.973
	_

	303. 
	Temko A 2015
	Ireland
	Neonatology
	38
	Prediction
	Ensemble
	_
	_
	0.950
	_

	304. 
	Temple MW 2015
	USA
	Neonatology
	4693
	Prediction
	Ensemble
	_
	_
	0.854
	_

	305. 
	Temple MW 2016
	USA
	Neonatology
	4693
	Prediction
	Decision tree; Ensemble
	_
	_
	0.837
	_

	306. 
	Thomas EM 2008
	Ireland
	Neonatology
	17
	Diagnosis
	Regression
	36.01%/91.23%
	82.72%
	_
	_

	307. 
	Toltzis P 2015
	USA
	ICU
	150,000
	Prediction
	Decision tree
	_
	_
	0.810
	_

	308. 
	Tong 2018
	China
	Radiology
	847,750
	Diagnosis
	Deep learning
	_
	_
	_
	Mean absolute error= 0.611

	309. 
	Tong D L, 2014
	UK
	Heme/Onco
	88
	Diagnosis
	Neural networks
	98%/98%
	_
	_
	_

	310. 
	Tong L, 2018
	China
	Heme/Onco
	268
	Diagnosis
	Dimensionality reduction; Regression; Ensemble
	99.49%/93.15%
	_
	0.997
	_

	311. 
	Toti 2016
	USA
	Pulmonology
	14,704
	Diagnosis
	Rule based
	_
	_
	_
	Odds ratio= 1.54

	312. 
	Townsend D 2008
	Canada
	Neonatology
	20,488
	Prediction
	Neural networks
	78.9%/92.2%
	88.8%
	_
	_

	313. 
	Traitruengsakul 2017
	USA
	Neurology
	5
	Diagnosis
	Ensemble
	_
	98%
	_
	_

	314. 
	Tsien CL 2000
	Edinburgh
	Neonatology
	123
	Diagnosis
	Decision tree
	87.5%/100%
	99.8%
	_
	_

	315. 
	Tung W L, 2005
	Singapore
	Heme/Onco
	327
	Diagnosis
	Neural networks
	_
	_
	_
	Correction rate= 90%

	316. 
	Turi 2018
	USA
	Pulmonology
	10687
	Diagnosis
	Dimensionality reduction; Ensemble; Regularization
	_
	79.6%
	_
	_

	317. 
	Tuti 2017
	Kenya
	Infectious Diseases
	10,687
	Prediction
	Dimensionality reduction; Ensemble
	_
	79.6%
	_
	_

	318. 
	Twomey 2013
	Ireland
	Cardiology
	24
	Diagnosis
	Bayesian methods
	80%/_
	_
	_
	_

	319. 
	Uddin
	usa
	Psychiatry
	34
	Diagnosis
	Regression
	_
	75%
	_
	_

	320. 
	Uddin 2011
	USA
	Psychiatry
	48
	Diagnosis
	Ensemble
	_
	85.0%
	_
	_

	321. 
	Valimaki 1988
	Finland
	Cardiology
	40
	Diagnosis
	Decision tree
	_
	_
	_
	_

	322. 
	Van den Bulcke T 2011
	Belgium
	Neonatology
	44,159
	Diagnosis
	Dimensionality reduction, Regression
	10%/99.98%
	_
	_
	_

	323. 
	Vaquerizo 2018
	USA
	Pulmonology
	298
	Diagnosis
	Neural networks
	68.1%/90.2%
	_
	_
	_

	324. 
	Verive MJ 2000
	USA
	ICU
	463
	Diagnosis
	Neural networks
	_
	88%
	_
	_

	325. 
	Wall 2012
	USA
	Psychiatry
	1050
	Diagnosis
	Decision tree
	_
	99.80%
	_
	_

	326. 
	Wall 2012
	USA
	Psychiatry
	2942
	Diagnosis
	Decision tree
	_
	100%
	_
	_

	327. 
	Walsh 2004
	USA
	Emergency Medicine
	119
	Prediction
	Neural networks
	78%/82%
	81%
	_
	_

	328. 
	Walsh 2004
	Ireland
	Infectious Diseases
	119
	Prediction
	Neural networks
	78%/82%
	81%
	_
	_

	329. 
	Wang 2017
	China
	Psychiatry
	143
	Diagnosis
	Regularization;
	_
	_
	_
	Mean absolute error= 3.3, root mean square error= 4.17

	330. 
	Wang B 2018
	China
	Others
	3770
	Diagnosis
	Deep learning
	99.57%/99.20%
	99.50%
	1.00
	_

	331. 
	Wee CY 2017
	Singapore
	Neonatology
	120
	Prediction
	Ensemble
	50.95%/50.76%
	89.4%
	_
	_

	332. 
	Weeisenfeld NI 2009
	USA
	Neonatology
	10
	Prediction
	others
	_
	_
	_
	Mean predictive value= 0.93

	333. 
	Wei J S, 2004
	USA
	Heme/Onco
	49
	Diagnosis
	Neural networks
	100%/94%
	_
	_
	_

	334. 
	Werth J 2017
	Netherlands
	Neonatology
	8
	Diagnosis
	Ensemble
	_
	_
	0.87
	_

	335. 
	West
	USA
	Psychiatry
	82
	Diagnosis
	Ensemble
	92%/63%
	81%
	0.81
	_

	336. 
	Wi 2017
	USA
	Pulmonology
	500
	Diagnosis
	natural language processing
	97%/95%
	_
	_
	_

	337. 
	WI 2018
	USA
	Pulmonology
	595
	Diagnosis
	natural language processing
	92%/96%
	_
	_
	_

	338. 
	Wolf M 1996
	Switzerland
	Neonatology
	8
	Diagnosis
	Ensemble
	_
	99.40%
	_
	_

	339. 
	Wong 2017
	UK
	Psychiatry
	267
	Management
	Bayesian methods
	_
	_
	0.840
	_

	340. 
	Wu 2014
	USA
	Pulmonology
	112
	Diagnosis
	natural language processing
	90.94%/82.82%
	_
	_
	_

	341. 
	Wu 2015
	USA
	Psychiatry
	51
	Diagnosis
	Ensemble
	76.0%/80.8 % 
	78.4%
	_
	_

	342. 
	Xiao 2017
	China
	Psychiatry
	85
	Diagnosis
	Ensemble; Bayesian methods
	_
	80.9%
	0.886
	_

	343. 
	Xu 2011
	USA
	Pulmonology
	417
	Prediction
	Ensemble
	_
	_
	0.66
	_

	344. 
	Yadav 2015
	USA
	Radiology
	2,121
	Diagnosis
	Decision tree
	89.7%/91.9%
	_
	_
	_

	345. 
	Yasin 2017
	Malaysia
	Pulmonology
	600
	Diagnosis
	Deep learning
	_
	92.82%
	_
	_

	346. 
	Yilmaz R 2017
	Turkey
	Others
	44
	Diagnosis
	Regression; Neural networks;
	_
	90%
	_
	_

	347. 
	Yin 2004
	Taiwan
	Neurology
	24
	Diagnosis
	Neural networks, Dimensionality reduction
	_
	91.7%
	_
	_

	348. 
	Young J 2012
	USA
	Neonatology
	168
	Diagnosis
	Neural networks
	_
	_
	_
	Percentage error= 5.06%

	349. 
	Youngstrom 2018
	Usa
	Psychiatry
	1061
	Diagnosis
	Regularization
	_
	_
	0.801
	_

	350. 
	Yu 2008
	China
	Others
	103
	Diagnosis
	Neural networks
	_
	_
	_
	Mean absolute percentage error= 4.66%

	351. 
	Zarchi MS 2018
	Iran
	Others
	70
	Diagnosis
	Neural networks
	_
	83.10%
	_
	_

	352. 
	Zernikow B 1998
	Germany
	Neonatology
	890
	Diagnosis
	Neural networks
	_
	_
	0.954
	_

	353. 
	Zernikow B 1998
	Germany
	Neonatology
	865
	Diagnosis
	Neural networks
	_
	_
	0.935
	_

	354. 
	Zernikow B 1999
	Germany
	Neonatology
	2144
	Prediction
	Neural networks
	_
	_
	_
	Pearson linear coefficient= 0.92

	355. 
	Zhai H 2014
	USA
	ICU
	7298
	Management
	Regression
	84.9%/85.9%
	_
	0.912
	_

	356. 
	Zhang 2015
	USA
	Radiology
	8
	Diagnosis
	Deep learning
	_
	_
	_
	Dice ratio= 0.850

	357. 
	Zhang 2017
	China
	Infectious Diseases
	530
	Diagnosis
	Ensemble
	_
	89.2%
	0.948
	_

	358. 
	Zhang 2018
	USA
	Psychiatry
	149
	Diagnosis
	Ensemble
	84.81%/72.86%
	_
	_
	_

	359. 
	Zhao Q  2015
	USA
	Others
	48
	Diagnosis
	Ensemble
	_
	100%
	0.996
	_

	360. 
	Zimmer VA 2017
	Spain
	Neonatology
	111
	Diagnosis
	Instance based
	90%/97%
	93%
	_
	_

	361. 
	Ziv E 2013
	USA
	Neurology
	24
	Diagnosis
	Ensemble
	_
	_
	_
	Test error= 0.79

	362. 
	Zou 2017
	Canada
	Psychiatry
	730
	Diagnosis
	Neural networks
	_
	69.15%
	_
	_

	363. 
	Zylnoori 2012
	iran
	Pulmonology
	278
	Diagnosis
	Dimensionality reduction
	88%/100%
	_
	_
	_

























Table 2: Performance of the various ML algorithms based on metrics

	Subspecialty
	Disease/
Condition
	Performance of Machine Learning Models

	
	
	Deep Learning
	Ensemble Methods
	Neural Network
	Decision Trees
	Regularization
	Rule system
	Regression
	Dimension Reduction
	Instance Based
	Cluster-ing
	Bayesian Network
	Other

	Neonatology
	Macrosomia
	
	100/89
	64/63
	
	
	
	60/64
	
	
	
	
	

	
	Seizures
	
	78-94/
72-88
	72-93/
80-96
	86/62
	
	
	24-88/
68-92
	55/77

	
	
	0.96
	

	
	Metabolic disorder
	
	96-99/
96-99
	92-97/99-100
	92-99/99
	100/99
	
	88-95/98-100
	
	
	
	
	

	
	Prematurity
	
	99/86
	80-85
	93-97/
80-90
	
	
	90-100/86-100
	97/90
	97/
57-70
	
	0.59
	

	
	Neonatal jaundice
	
	
	0.81
	-/
33-41
	-/
50
	
	-/
54-56
	Selection frequency=0.663-0
	85
	
	-/
56
	

	
	Respiratory Distress Syndrome
	
	
	
	
	
	
	97/-
	
	
	
	
	

	
	Asphyxia
	
	88-98/-
	
	
	
	
	
	
	
	
	
	

	
	Developmental Dysplasia of the Hip
	
	0.91
	
	
	
	
	
	
	
	
	
	

	
	Ventilator Weaning
	
	
	Mean absolute error=0.8-10.9
	
	
	
	
	
	
	
	
	

	
	Neonatal pneumonia
	
	
	
	
	
	71/99
	
	
	
	
	
	

	
	Neonatal Sepsis
	
	0.61
	
	0.65
	
	
	0.61
	
	0.54
	
	0.64
	

	
	Neonatal surgical site infection
	
	0.68
	
	
	
	
	0.67
	
	
	
	
	

	
	Epilepsy
	
	
	92-99/
   92-98
	
	
	
	
	
	
	
	
	

	
	Hypoxic-Ischemic Encephalopathy
	
	0.71-0.95
	100
	
	
	
	
	
	
	
	
	

	
	Sleep Stage Classification
	
	83/87
	58-83/
87-99
	
	
	52-63/
85-99
	
	
	
	
	
	

	
	Acute Pain
	
	80-94
	
	
	
	
	
	
	
	
	
	

	
	Apnea
	
	86/91
	
	
	
	
	
	
	
	
	
	

	
	Neonatal mortality
	
	0.89-0.93
	72-79/
90-92
	
	
	70-76/
95-98
	0.791-0.87
	
	
	
	0.69-0.91
	

	
	Broncho-pulmonary dysplasia
	
	
	
	
	
	
	84/86
	
	
	
	
	

	
	Necrotizing Enterocolitis
	
	
	
	
	
	
	
	0.84
	
	
	
	

	
	Nosocomial infections
	
	
	
	
	
	84/92
	
	
	
	
	
	

	
	RSV infection
	
	
	82/100
	
	
	
	
	
	
	
	
	

	
	Periventri-cular leuko-malacia
	
	91/-
	
	90/97
	
	
	
	
	
	
	
	

	
	
	
	Fscore=0.88
	
	
	
	
	
	
	
	
	
	

	
	Artefact detection in NICU monitoring
	
	
	
	58-88/
99-100
	
	
	
	
	
	
	
	

	
	NICU Length of Stay
	
	0.63-0.85
	Pearson coefficient= 0.87-0.92
	0.56-0.74
	
	
	
	
	
	
	
	

	
	Brain hemorrhage
	
	
	0.93
	
	
	
	
	
	
	
	
	

	
	Brain disease
	
	
	
	
	
	
	
	
	80-90/
84-97
	
	
	

	Neurology
	Cerebellar palsy
	
	85/96
	97/93
	
	
	
	0.89
	
	
	
	76-93
	

	
	Epilepsy
	
	90-100/
95-100
	75-96/
89-99
	93
	
	
	
	
	
	53-89/-
	
	

	
	Neurological mortality
	
	
	90/
17-52
	
	
	
	
	
	
	
	
	

	
	Developmental disability
	
	70-79/
67-90
	39/93
	48/75
	
	
	22-84/
80-93
	84-95/
90-95
	
	
	
	

	
	EEG Sleep Classification 
	
	90
	
	
	
	
	
	
	
	
	
	

	
	Meningitis
	
	
	95
	
	
	
	
	
	
	
	
	

	
	Brain Injury
	
	0.91
	
	
	
	
	
	
	
	
	
	

	
	Tourette Syndrome
	
	0.84
	91
	
	0.83
	
	0.73
	
	
	
	
	

	
	Dysphagia
	
	90/92
	79-90/
80-92
	
	
	
	
	
	
	
	
	

	
	Central auditory processing disorder
	
	65-80/
71-75
	
	
	
	
	
	
	
	
	
	

	Psychiatry
	Autism Spectrum Disorder
	
	74-100/
63-94
	93/82
	98-100/
77-84
	0.82-0.97
	
	0.80-0.97
	91-99/
77-92
	93/100
	94/100
	99/92
	-/99

	
	Attention Deficit Hyperactivity Disorder
	60-100/
91-100.0
	73-95/
87-100
	86/93
	0.93
	0.82-0.97
	
	0.73-0.97
	95/100
	95/100
	
	95/100
	

	
	Psychosis
	
	69/94
	
	
	
	
	
	
	
	
	
	

	
	Substance Abuse
	
	97
	0.83-0.92
	
	
	
	
	
	
	
	
	

	
	Suicide
	
	96
	
	
	
	
	
	
	
	
	
	

	
	Anxiety Disorder
	
	0.79

	
	
	0.67-0.76
	
	75-83
	
	
	
	
	

	
	Mood disorder
	
	69-77/
70-87
	82-91
	
	0.80-0.90
	
	
	
	
	
	44-75/31-75
	

	Radiology
	Brain Imaging
	Dice ratio= 74.2-85
	11-87/
75-99
	
	
	
	
	
	
	
	
	
	

	
	Tumor Imaging
	
	0.76-0.86
	43-95/
75- 100
	
	
	22-61/
48-100
	71-100/
78-95
	85-100
	71-96/
86-95
	
	57-96/
85-100
	

	
	Organ imaging
	
	
	
	
	
	
	
	
	
	
	Average error= 2.67
	

	
	Respiratory morbidity
	
	
	
	
	
	
	
	
	
	
	
	91/86

	
	Prematurity
	
	90/94
	
	
	
	
	
	
	
	
	
	

	
	Pneumonia
	
	
	91/100
	
	
	
	
	
	
	
	
	 71/99

	
	Bone age 
	Concordance rate= 69
	
	63-98
	
	
	87
	Dice ratio= 0.48-0.78
	92
	
	
	
	

	
	Deep Vein Thrombosis
	
	
	
	
	
	
	
	
	
	
	
	83/97

	
	
	
	
	
	
	
	
	
	
	
	
	
	0.90

	
	Vesicouretric reflux
	18-64/
60-100
	
	
	
	
	
	5-86/
25-99
	
	
	
	
	

	
	Trauma
	
	75/83
	0.94-0.97
	80-95/
91-92
	
	
	
	
	
	
	
	

	Intensive Care
	Sepsis
	
	82/61
	76/81
	
	
	
	76/66
	
	
	
	
	

	
	ICU mortality
	
	
	0.39-0.95
	
	
	
	
	
	
	
	
	

	
	ICU monitoring
	
	
	45-97
	
	
	
	
	
	
	
	
	

	
	Hypomagnesaemia
	
	
	88
	
	
	
	
	
	
	
	
	

	
	Escalation of care
	
	
	
	
	
	
	85/86
	
	
	
	
	

	Emergency Medicine
	Traumatic brain injury
	
	
	95/97
	
	
	
	
	
	
	
	
	

	
	Use of emergency department by asthmatics
	
	19/-
	
	24/-
	19/-
	
	23/-
	
	
	
	
	

	
	Appendicitis
	
	59/71
	
	
	
	86
	
	
	
	
	
	

	
	Trauma
	
	
	0.96-1.0
	
	
	
	
	
	
	
	
	

	
	Medical emergencies
	
	73/59
	1.00
	80/55
	
	
	59/71
	
	
	
	45/74
	

	Infectious disease
	Hand foot mouth disease
	
	82/93
	
	
	
	
	
	
	
	
	
	

	
	Urinary Tract Infection
	
	
	0.76
	
	
	
	
	
	
	
	
	

	
	Bronchiolitis
	
	82/93
	78/82
	
	
	
	
	
	
	
	
	

	
	Malaria
	
	
	
	58-78
	
	
	
	
	
	
	
	

	
	Ventriculo-peritoneal shunt infection
	
	
	83
	
	
	
	55
	
	
	
	
	

	
	Respiratory Syncytial virus
	
	0.97
	
	
	72-76
	
	
	74
	
	
	
	

	
	Severe Immunodeficiency Response Syndrome
	
	0.70-0.87
	
	
	
	
	
	
	
	
	
	

	
	Pneumonia
	
	71-98/96-97
	93-100/7-45
	
	
	
	89-98/
82-98
	72-78
	
	87
	
	

	
	Enterobias
	
	0.32
	
	0.33
	
	0.75
	
	
	
	
	
	

	
	Meningitis
	
	89/85
	73/93
	
	
	
	75/91
	
	
	
	
	

	Cardiology
	Murmurs
	
	89/90
	86/82
	
	
	
	
	80/90
	
	
	
	

	
	Aortic Diameter
	
	
	Root mean square error=0.0096
	
	
	
	
	
	
	
	
	

	
	Pulmonary Hypertension
	
	
	
	
	
	
	
	Lowest classification error= 22.2
	
	
	
	

	
	Valvular abnormality
	
	86-87/
87-88
	83-87/
81-88
	
	
	
	
	
	
	
	
	

	
	Cardiac Monitoring
	
	
	Efficiency= 93
	
	
	
	
	
	
	
	
	

	
	Kawasaki’s disease
	
	32.9-39.0/98.5-98.8
	
	
	
	
	
	
	
	
	
	

	
	Congenital Heart disease
	
	75-76/
81-90
	92-99
	80
	
	
	
	88-93
	81-95
	
	
	

	Pulmonology
	asthma
	68.1/73.3
	70.2-96.0/34.0-95.9
	0.82
	
	
	89.0-98.0/67.0-95.0
	79.0-100.0/13.0-57.0
	88.0/100.0
	38.3/88.7
	84.0/87.0
	59.8-96.0/29.0-96.3
	86.0-97.0/82.8-98.0

	
	Asphyxia
	92
	
	
	
	
	
	
	
	
	
	
	

	
	OSA
	6.0-68.7/75.0-94.1
	
	61-75/90
	
	
	
	
	
	
	
	
	

	Hematology/Oncology
	Leukemia
	
	58-76/85-89
	51-75/
60-66
	81/77
	76/89
	
	81/77
	
	91-100/
92-100
	
	
	

	
	Neuroblastoma
	
	79-98/
82-99
	84-100/
90-97
	
	
	
	
	98
	
	
	98-99
	

	
	Sarcoma
	
	
	70-93/-
	
	
	
	
	
	
	
	
	

	
	thalassemia
	
	
	73-91/
80-89
	
	
	
	98/98
	81-99/
86-93
	91/93
	
	
	

	
	Preclassification of Leukocytes
	
	
	98/76
	
	
	
	
	
	
	
	
	

	Endocrinology
	Growth Hormone Deficiency
	
	
	0.99
	
	
	
	Root mean square= 0.64
	
	
	
	
	

	
	Hypoglycemia
	
	82-86/
76-85
	64-92/
41-61
	
	
	
	52-75/
50-52
	
	
	
	89/-
	

	Others
	Obesity
	
	86-88/80-85
	
	82-88/76-82
	
	
	
	
	
	
	58/68-69
	

	
	Abnormal Gait
	
	
	82-94
	
	
	
	
	
	
	
	
	

	
	Stillbirth
	
	
	90
	
	
	
	80-90
	
	
	
	
	

	
	Adolescent Idiopathic Scoliosis
	
	
	
	
	
	
	
	
	82
	
	
	

	
	Apnea
	
	
	
	
	
	89/-
	
	
	
	
	
	

	
	Dysmorphic Syndromes
	
	
	70
	
	
	
	
	
	50
	
	
	

	
	Deafness
	
	
	97
	
	
	
	
	
	
	
	
	

	
	Abnormal posture
	
	
	95/87-90
	
	86-91/87-90
	90.5/-
	
	
	90/95
	
	
	

	
	Decrease in creatinine
	
	
	80/76
	
	
	
	
	
	
	
	
	

	
	Inflammatory Bowel Disease
	
	83
	
	
	
	
	
	
	
	
	
	

	
	Acute liver failure
	
	
	83/96
	
	
	
	
	
	
	
	
	

	
	Fever
	
	
	76
	
	
	
	
	
	
	
	
	

	
	Dry Weight in Dialysis
	
	
	Mean difference= 0.49
	
	
	
	
	
	
	
	
	

	
	Biliary atresia
	
	
	
	
	
	
	100/100
	
	
	
	
	

	
	Cataracts
	97/96
	
	
	
	
	
	
	
	
	
	
	

	
	Retinopathy of Prematurity
	99/99
	79.7/87.3
	91
	
	
	
	
	
	
	
	
	

	
	Down Syndrome
	
	77-100
	
	
	
	
	
	
	
	
	
	

	
	Acute Pain
	
	
	
	73-85
	
	
	0.84-0.94
	
	
	
	
	

	
	Surgical morbidity
	
	32-39/98-99
	
	
	39-41/98.5
	
	37.5-41.5/98.4-98.5
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