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Supplementary data

APPENDIX 1: Search syntaxes for the PubMed, 
Embase, and Cochrane databases

PubMed: June 18, 2020—6,036 hits
((“Foot”[Mesh] OR “Ankle”[Mesh] OR “Knee Joint”[Mesh] 
OR “Knee”[Mesh] OR “Ankle Joint”[Mesh] OR “Hip”[Mesh] 
OR “Hip Joint”[Mesh] OR “Hip Prosthesis”[Mesh] OR 
“Hip Fractures”[Mesh] OR “Shoulder Joint”[Mesh] 
OR “Shoulder”[Mesh] OR “Shoulder Fractures”[Mesh] 
OR “Shoulder Dislocation”[Mesh] OR “Elbow”[Mesh] 
OR “Elbow Joint”[Mesh] OR “Wrist Joint”[Mesh] OR 
“Spine”[Mesh] OR “Intervertebral Disc Degeneration”[Mesh] 
OR “Bone Neoplasms”[Mesh] OR “Arthroplasty”[Mesh] 
OR “Fractures, Bone”[Mesh] OR “Orthopedics”[Mesh] OR 
“Foot”[Tiab] OR “Ankle”[Tiab] OR Knee[Tiab] OR Hip[Tiab] 
OR “Shoulder”[Tiab] OR Elbow[Tiab] OR Wrist[Tiab] OR 
Spina*[Tiab] OR Spine*[tiab] OR “degenerative disc”[Tiab] 
OR “Bone Neoplasms”[Tiab] OR Arthroplast*[Tiab] OR 
Fractur*[Tiab] OR Orthop*[Tiab])) AND (“Artificial 
Intelligence”[Mesh] OR “Machine Learning”[Mesh] OR 
“Supervised Machine Learning”[Mesh] OR “Neural Net-
works Computer”[Mesh] OR “Deep Learning”[Mesh] OR 
“support vector machine”[MeSH Terms] OR “support vector 
machine”[All Fields] OR “Support Vector Machine”[Mesh] 
OR naive bayes[tiab] OR “bayesian learning”[tiab] OR 
neural network*[tiab] OR “support vector”[tiab] OR sup-
port vectors[tiab] OR random forest[tiab] OR “deep 
learning”[tiab] OR “machine prediction”[tiab] OR “machine 
intelligence”[tiab] OR “computational intelligence”[tiab] 
OR “computational learning”[tiab] OR “computer 
reasoning”[tiab] OR “machine learning”[tiab] OR convolu-
tional network*[tiab] OR “artificial intelligence”[tiab])

Embase: June 18, 2020—2,819 hits 
(‘foot’/exp/mj OR ‘ankle’/exp/mj OR ‘knee’/exp/mj OR 
‘hip’/exp/mj OR ‘hip prosthesis’/exp/mj OR ‘hip fracture’/
exp/mj OR ‘shoulder’/exp/mj OR ‘shoulder fracture’/exp/
mj OR ‘shoulder dislocation’/exp/mj OR ‘elbow’/exp/mj OR 
‘wrist’/exp/mj OR ‘spine’/exp/mj OR ‘intervertebral disk 
disease’/exp/mj OR ‘bone tumor’/exp/mj OR ‘arthroplasty’/
exp/mj OR ‘fracture’/exp/mj OR ‘orthopedic surgery’/exp/
mj OR foot:ab,ti OR ankle:ab,ti OR knee:ab,ti OR hip:ab,ti 

OR shoulder:ab,ti OR spine:ab,ti OR ‘degenerative disc’:ab,ti 
OR elbow:ab,ti OR wrist:ab,ti OR ‘bone tumor’:ab,ti OR 
arthroplasty:ab,ti OR fractur:ab,ti OR orthop:ab,ti) AND 
(‘artificial intelligence’/exp/mj OR ‘machine learning’/exp/
mj OR ‘supervised machine learning’/exp/mj OR ‘artifi-
cial neural network’/exp/mj OR ‘deep learning’/exp/mj OR 
‘support vector machine’/exp/mj OR ‘bayesian learning’/
exp/mj OR ‘neural network’:ab,ti OR ‘naive bayes’:ab,ti 
OR ‘beyesian learning’:ab,ti OR ‘support vector’:ab,ti OR 
‘support vectorts’:ab,ti OR ‘random forest’:ab,ti OR ‘deep 
learning’:ab,ti OR ‘machine prediction’:ab,ti OR ‘machine 
intelligence’:ab,ti OR ‘computational intelligence’:ab,ti OR 
‘computer learning’:ab,ti OR ‘computer reasoning’:ab,ti OR 
‘machine learning’:ab,ti OR ‘convolutional network’:ab,ti OR 
‘artificial intelligence’:ab,ti)

Cochrane: June 18, 2020—315 hits 
([mh Foot] OR [mh Knee] OR [mh “Knee Joint”] OR [mh 
“Ankle Joint”] OR [mh Hip] OR [mh “Hip Joint”] OR [mh 
“Hip Prosthesis”] OR [mh “Hip Fractures”] OR [mh “Shoul-
der Dislocation”] OR [mh Elbow] OR [mh “Elbow Joint”] OR 
[mh “Wrist Joint”] OR [mh Spine] OR [mh “Intervertebral 
Disk Degeneration”] OR [mh “Bone Neoplasms”] OR [mh 
Arthroplasty] OR [mh “Fractures, Bone”] OR [mh Orthope-
dics] OR ((Foot OR Ankle OR Knee OR Hip OR Shoulder 
OR Elbow OR Wrist OR Spine OR Spina* OR “degenerative 
disk” OR “Bone Neoplasms” OR Arthroplast* OR Fractur* 
OR Orthop*):ti,ab,kw)) AND (([mh “Artificial Intelligence”] 
OR [mh “Machine Learning”] OR [mh “Supervised Machine 
Learning”] OR [mh “Neural Networks (Computer)”] OR 
[mh “Deep Learning”] OR [mh “Support Vector Machine”] 
OR ((“naive bayes” OR “bayesian learning” OR “neural 
network*” OR “support vector” OR “support vectors” OR 
“random forest” OR “deep learning” OR “machine predic-
tion” OR “machine intelligence” OR “computational intelli-
gence” OR “computational learning” OR “computer reason-
ing” OR “machine learning” OR “convolutional network*” 
OR “artificial intelligence”):ti,ab,kw)))
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Appendix 2. Critical appraisal of included studies

   Study Input Output Validation Dataset Performance AI
Author, year Disclosure aim feature feature method distribution metric model

Anderson, 2020 1 1 1 1 1 1 1 1
Arvind, 2018 1 1 1 1 1 1 1 1
Azimi, 2014 1 1 1 1 1 1 1 1
Azimi, 2015 1 1 1 1 1 1 1 1
Bevevino, 2014 1 1 1 1 1 1 1 1
Chen, 2020 1 1 1 1 1 1 1 1
Durand, 2018 1 1 1 1 1 1 1 1
Fatima, 2020 1 1 1 1 1 1 1 1
Fontana, 2018 1 1 1 1 1 1 1 1
Forsberg, 2011 1 1 1 1 1 1 1 1
Gabriel, 2019 1 1 1 1 1 1 1 1
Gowd, 2019 1 1 1 1 1 1 1 1
Goyal, 2019 1 1 1 1 1 1 1 1
Han, 2019 1 1 1 1 1 1 1 1
Harris, 2018 1 1 1 1 1 1 1 1
Harris, 2019 1 1 1 1 1 1 1 1
Hopkins, 2020a 0 1 1 1 1 1 1 1
Hopkins, 2020b 1 1 1 1 1 1 1 1
Huang, 2018 1 1 1 0 1 1 1 1
Huber, 2018 1 1 0 1 1 1 1 1
Kalagara, 2018 0 1 1 1 1 1 1 1
Karhade, 2018a 1 1 1 1 1 1 1 1
Karhade, 2018b 1 1 1 1 1 1 1 1
Karhade, 2018c 1 1 1 1 1 1 1 1
Karhade, 2019a 1 1 1 1 1 1 1 1
Karhade, 2019b 1 1 1 1 1 1 1 1
Karhade, 2019c 1 1 1 1 1 1 1 1
Karhade, 2019d 1 1 1 1 1 1 1 1
Karhade, 2020a 1 1 1 1 1 1 1 1
Karhade, 2020b 1 1 1 1 1 1 1 1
Karnuta, 2019 1 1 1 1 1 1 1 1
Karnuta, 2020 1 1 1 1 1 1 1 1
Katakam, 2020 1 1 1 1 1 1 1 1
Khan,2019 1 1 1 1 1 1 1 1
Kim, 2018a 1 1 1 1 1 1 1 1
Kim, 2018b 1 1 1 1 1 1 1 1
Kukar, 1996 0 1 1 1 1 1 1 1
Kumar, 2020 1 1 1 1 0 1 1 1
Kunze, 2020 1 1 1 1 1 1 1 1
Lin, 2010 1 1 1 1 1 1 1 1
Lungu, 2015 1 1 1 1 1 1 1 1
Martini, 2020 1 1 1 1 1 1 1 1
Merali, 2019 1 1 1 1 1 1 1 1
Merrill, 2018 1 1 1 1 1 1 1 1
Nwachukwu, 2020 1 1 1 1 1 1 1 1
Ogink, 2019a 1 1 1 1 1 1 1 1
Ogink, 2019b 1 1 1 1 1 1 1 1
Ottenbacher, 2004 1 1 1 1 1 1 1 1
Paulino Pereira, 2016 1 1 1 1 1 1 1 1
Pua, 2019 1 1 1 1 1 1 1 1
Ramkumar, 2019 1 1 1 1 1 1 1 1
Scheer, 2017 1 1 1 1 1 1 1 1
Schwartz, 1997 0 1 1 1 1 1 1 1
Shi, 2013 1 1 1 1 0 1 1 1
Siccoli, 2019 1 1 1 1 1 1 1 1
Thio, 2020 1 1 1 1 1 1 1 1
Wu, 2016 1 1 1 1 1 1 1 1
Zhang, 2020a 1 1 1 1 0 1 1 1
Zhang, 2020b 1 1 1 1 1 1 1 1
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Table 2. Studies evaluating ML models for orthopedic surgical outcome prediction

A B C D E F G H I J K L M N O P

Intraoperative complications         
 Durand, 2018 SpD NOS C, S, H  4 Intraop. 3 d 2 RF, DT 1,029 80 10-FCV 20 0.85 
 Huang, 2018 NA THA, TKA C, S 7 Intraop. NA 2 RF, LR 15,187 100 5-FCV NA 0.84 
 Siccoli, 2019 SpS Decomp. C 15 Intraop. 45 min 2 RF, XGB, BDT,  635 70 NA 30 0.54 78
         KNN, ANN, GLM, 
         BGLM
Postoperative complications         
 Arvind, 2018 NA ACDF C  Compl. NA 2 ANN, SVM, RF 20,879 70 5-FCV 30 0.65 
 Fatima, 2020 Degen. SO NOS C, S 10 Compl. 1 m 2 LR, LASSO 80,610 70 10-FCV 30 0.70 
 Gowd, 2019 Shoulder TSA C, S  Compl. 1 m 2 LR, GBM, RF,  17,119 80 CV (nos) 20 0.71 95
  arthritis       KNN, DT, NB
 Han, 2019 SpP Sp surg. C, S 274 Compl. 1 m 2 LR, LASSO 11,04233 70 10-FCV 30 0.70 
 Harris, 2018 OA THA, TKA C, S 13 Compl. 1 m 2 BR, LASSO 70,569 100 10-FCV NA 0.70 
 Harris, 2019 Nonemergent THA, TKA C  Compl. 1 m 2 LASSO 10,7792 100 10-FCV NA 0.64 
  primary
 Hopkins,  SpP Posterior C, S, H   Compl. NA  NN 4,046 75 CV (nos) 25 0.79 
   2020a  fusion 
 Karhade,  SpP  ALIF C, S 6 Compl. intra-  EPLR, SGB,  1,035 75 CV (nos) 25 0.73 
   2020a      op.  RF, SVM, NN
 Kim, 2018a SpD NOS C 12 Compl. NA 2 ANN, LR 5,818 70 5-FCV 30 0.64 
 Kim, 2018b Degen. SpP PLIF C 12 Compl. NA 2 ANN, LR 22,629 70 NA 30 0.63 
 Kukar, 1996 Femur fracture NOS C 17 Compl. 24 m 2 Backpropagation 151 70 10-FCV 30  71
         ANN, NB, KNN, 
         LFC, DT
      17   5 Semi NB, ANN,  151 70 10-FCV 30  67
          NB, KNN, LFC, DT
 Pua, 2019 Knee OA TKA C  Compl. 6 m 2 LR, RF, GBM 4,026 70 ICVL 30 0.75 
 Scheer, 2017 Adult SpD NOS C, S, R  20 Compl. 1.5 m 2 RT 557 70 NA 30 0.89 88
 Wu, 2016 Lower extrem- NOS (inclu- C, S 9 Compl. NA 2 SVM, LR 195 75 CV (nos) 25 0.93 88
  ities (NOS) ding PCEA)
Medical management         
 Gabriel, 2019 OA THA C 9 Hosp. ≤ 3 d 2 RR, LASSO,  960 67 NA 33 0.76
         RF, MLR 
 Goyal, 2019 SpP Spinal C  Non-HD 1 m 2 GLM, NB, ANN,  59,145 100 10-FCV NA 0.87 79
   fusion      RF, GBM, LDA
 Gowd, 2019 Shoulder TSA C, S  Extended 1 m 2 GBM, RF, KNN,  17,119 80 CV (nos) 20 0.68 82
  arthritis    LOS   DT, NB, LR
 Karhade,  LDDD NOS C 10 Non-HD NA 2 NN, BPM,  26,364 80 10-FCV 20 0.82 
   2018b        BDT, SVM
 Karnuta, 2019 Hip fracture NOS C 7 Hosp. NA 4 NB 98,562 90 10-FCV 10 0.88 77
    NOS C 7 Cost NA 3 NB 98,562 90 10-FCV 10 0.89 79
 Karnuta, 2020 SpP Sp. fusionl C 8 Cost NA 3 NB 38,070 100 10-FCV NA 0.88 80
    Sp. fusionl C 8 LOS NA 3 NB 38,070 100 10-FCV NA 0.94 87
    Sp. fusionl C 8 Non-HD NA 3 NB 38,070 100 10-FCV NA 0.91 88
 Merrill, 2018 Ankle fracture ORIF C 9 Hosp. 3 d 2 Bo, LR 16,501 70 CV (nos) 30 0.76 72
 Ogink, 2019b SpS Surgery C 10 Non-HD NA 2 ANN, SVM, 28,600 80 10-FCV 20 0.74 
         BPM, BDT  
 Ogink, 2019a Degen. SO Surgery C 10 Non-HD NA 2 BPM, ANN,  9,338 80 10-FCV 20 0.75 
         SVM, BDT
 Ottenbacher,  Hip fracture NOS C, R 6 Non-HD 80 d 2 ANN, LR 3,708 67 3-FCV 33 0.73 
   2004
 Ramkumar,  OA THA C, H 15 LOS NA 2 ANN 78,335 100 10-FCV  0.82 75
  2019  THA C, H 15 Charges NA 2 ANN 78,335 100 10-FCV  0.83 76
    THA C, H 15 Non-HD NA 2 ANN 78,335 100 10-FCV  0.79 72
 Siccoli, 2019 SpS Decomp. C 15 Hosp. 28 h 2 XGB, RF, BDT 635 70 NA 30 0.58 77
          KNN, ANN, 
         GLM, BGLM 
PROMs         
 Azimi, 2014 Lumbar SpS NOS C 7 PROM 24 m 2 ANN, LR 168 50 25 25 0.80 97
 Fontana, 2018 OA THA, TKA C, S, H   PROM 24 m 2 LASSO, RF, 13,719 80 5-FCV 20 0.80 
         SVM 
 Huber, 2018 OA THA, TKA C  PROM NA 2 XGB, ANN,   66,356 97 5-FCV 3 0.81 75
         KNN, NB , RF, 
         MSAENET, LM, LB 
 Khan, 2019 DCM NOS C 28 PROM 12 m 2 MARS, CT, SVM,  193 75 10-FCV 25 0.78 71
         PLS, GBoM,  
         GAM, RF, LR
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A B C D E F G H I J K L M N O P

 Kumar, 2020 Shoulder aTSA C, S 291 PROM 1 y,  2 NN, LM, DT 4,782 67 NA 33 0.86 91
  pathology     2–3, 3–5, >  5 y
    rTSA C, S 291 PROM 1 y,  2 NN, LM, DT 4,782 67 NA 33 0.88 94
       2–3, 3–5, > 5 y
 Kunze, 2020 OA THA C 8 PROM 24 m  RF, SGB, SVM  616 80 CV (nos) 20 0.97 
         NN, EPLR 
 Lungu, 2015 OA THA C 6 PROM 12 m,  2 RF 265 100 bootstrap NA  89
       24 m     resamping
 Merali, 2019 DCM Decomp. C, S 5 PROM 6 m,  2 RF 605 70 10-FCV 30 0.72 71
       12, 24 m
 Nwachukwu,  FAI Hip C 5 PROM 24 m 2 LR 1,103 100 10-FCV NA 0.86 
   2020  arthroscopy
 Siccoli, 2019 SpS Decomp. C 15 PROM 1.5 m,  2 BDT, RF, XGB,  635 70 NA 30 0.86 76
       3 m  KNN, ANN, GLM, 
         BGLM
 Schwartz,  OA THA C 14 PROM 12 m 2 ANN, LR 221 95 LOOCV 5 0.79 
  1997    
Survival         
 Arvind, 2018 NA ACDF C  Survival NA 2 ANN, SVM, RF 20,879 70 5-FCV 30 0.98 
 Chen, 2020 Hip fracture Nos C, H 11 Survival NA 2 ANN 10,534 70 15 15 0.93 93
 Forsberg,  Bone Nos C  Survival 3 m,  2 BNN 189 90 10-FCV 10 0.84 
   2011 metastases     12 m
 Harris, 2018 OA THA, TKA C, S 13 Survival 1 m 2 BR, LASSO 70,569 100 10-FCV NA 0.73 
 Harris, 2019 Elective PA THA, TKA C  Survival 1 m 2 LASSO 10,7792 100 10-FCV NA 0.73 
 Karhade,  Spine NOS C 7 Survival 1 m 2 BPM, NN,  1,790 80 10-FCV 20 0.78 
   2018c metastasis       DT, SVM
 Karhade,  Spinal NOS C, S 5 Survival 60 m 2 BPM, BDT,  265 100 10-FCV 0 0.80 
   2018a chordoma       SVM, ANN
 Karhade,  Spine NOS C 17 Survival 3 m,  2 SGB, PLR,  732 80 10-FCV 20 0.86 
   2019d metastasis     12 m  RF, NN, SVM
 Kim, 2018a SpD NOS C 12 Survival NA 2 ANN, LR 5,818 70 5-FCV 30 0.84 69
 Kim, 2018b Various degen. PLIF C 12 Survival NA 2 ANN, LR 22,629 70 NA 30 0.70 60
  diseases
 Lin, 2010 Femur fracture Various C, R 11 Survival 12 m 2 ANN 286 70 NA 30 0.95 96
 Merrill, 2018 Ankle fracture ORIF C 9 Survival NA 2 Bo, LR 16,501 70 CV (nos) 30 0.74 85
 Paulino Spine Various C 9 Survival 1 m,  2 Nomogram, Bo 649 80 5-FCV 20 0.74 75
 Pereira, 2016 metastasis     3, 12 m
 Shi, 2013 Femur fracture DHS C 9 Survival 12 m 2 ANN, LR 2,150 67 NA 33 0.87 86
 Thio, 2020 Extremity NOS C 15 Survival 3 m,  2 SGB, RF,SVN,  1,090 80 10-FCV 20 0.86 
  metastatsis     12 m  NN, PLR      
 Zhang,  Pertrochan- PFNA C, H 14 Survival 12 m 2 BNN 448 100 10-FCV NA 0.85 
   2020b teric fracture
Other         
 Anderson,  ACL rupture ACL recon- C  Sustained 3 m 2 GBM, LR,  10,919 80 CV (nos) 20 0.77 
   2020  struction   opioid use   BNN, RF
 Azimi, 2015 LDH MicroDE C 14 Recurrence NA 2 ANN, LR 402 50 NA 25 0.83 94
 Bevevino,  Calcaneus Limb C, R 8 Amputation NA 2 ANN, LR 155 100 10-FCV NA 0.80 79
   2014 fracture salvage
 Hopkins,  SpP Posterior C, S, H 177 Read- 1 m 2 ANN 23,264 75 Cv (nos) 25 0.81 79
   2020b  fusion   mission
 Kalagara,  NA Lumbar C, S, H 13 Read- 1 m 2 GBM 26,869 85 10-FCV 15 0.81 95
   2018  laminectomy  mission
 Karhade,  Cervical ACDF C, S 10 Sustained 3m 2 SGB, RF, NN,  2,737 80 10-FCV 20 0.81 
   2019a pathology    opioid use   SVM, EPLR       
 Karhade,  Hip arthritis THA C 7 Sustained 3 m 2 EPLR, SGB,  5,507 80 10-FCV 20 0.77 
   2019b     opioid use   RF, SVM, ANN
 Karhade,  LDH NOS C 9 Sustained 6 m 2 EPLR, RF,  5,413 80 10-FCV 20 0.81 
   2019c     opioid use   SGB, ANN, SVM 
 Karhade,  LDH, SpS, Decomp. C, S 6 Sustained 3 m 2 EPLR, SGB,  8,435 80 10-FCV 20 0.70 
   2020b SO and/or fusion  opioid use    RF, SVM, ANN
 Katakam,  Knee OA TKA C 9 Sustained 6 m 2 SGB, RF,  12,542 80 CV (nos) 20 0.76 
   2020     opioid use   SVM, ANN, EPLR 
 Martini, 2020 Degen. SpP NOS C, S 30 Readm. 1 m 2 RF 11,150 75 5-FCV 25 0.75 
 Merrill, 2018 Ankle fracture ORIF C 9 Readm. 1 m 2 Bo, LR 33,504 70 CV (nos) 30 0.70 85
 Siccoli, 2019 SpS Decomp. C 15 Reope- NA 2 XGB, RF, BDT,  635 70 NA 30 0.66 69
      rations   KNN, ANN, GLM, BGLM 
 Zhang,  Low back and Thoracic or C, S 9 Sustained 12 m 2 LR, RF, SGB,  19,317 80 NA 20 0.85
   2020a lower extrem- lumbar   opioid use   SVM, NN 
  ity pain surgery
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NA = not available
NOS = not otherwise specified 
A. Output category
B. First author, year of publication
C. Disease/condition
 DCM = degenerative cervical myelopathy
 FAI = femoroacetabular impingement
 LDDD = lumbar degenerative disc disease
 LDH = lumbar disc herniation
 SO = spondylolisthesis
 SpD = spinal deformity
 SpP = spinal patholgy
 SpS = spinal stenosis
D. Operation
 ACDF = anterior cervical discectomy and fusion
 ALIF = anterior lumbar spine fusion
 Decomp. = decompression
 DHS = dynamic hip screws
 MicroDE = microdiscectomy
 ORIF = open reduction and internal fixation
 PA = primary arthroplasty
 PCEA = patient-controlled epidural analgesia
 PLIF = posterior lumbar spine fusion
 PFNA = proximal femoral nail antirotation
 THA = total hip arthroplasty
 TKA = total knee arthroplasty
 TSA = total shoulder arthroplasty (a = anatomic, r = reverse)
E. Input features
 C = clinical
 H = hospital-related factors (surgeon volume, hospital volume)
 S = surgical
F. Number of features
G. Output
 Hosp. = hospitalization
 LOS = length of stay
 Non-HD = Non-home discharge
 Readm. = readmission
H. Output: time points
I.  Number of classes
J. Machine learning model. Best performing ML model is in bold.
 ANN = artificial neural network 
 BDT = boosted decision tree 
 BGLM = Batesian generalized linear models 
 BNN = Bayesian belief network 

 Bo = boosting 
 BPM = Bayes point machine 
 BR = boosting regression 
 CHAID = chi-square automatic interaction dector 
 CT = classification tree 
 DT = decision tree 
 EPLR = elastic-net penalized logistic regression 
 FCM = fuzzy C-means 
 FIS = fuzzy inference system 
 GAM = generalized additive models 
 GBM = gradient boosting machine 
 GboM = generalized boosted models 
 GLM = generalized linear models 
 KNN = K-nearest neighbors 
 LASSO = least absolute shrinkage and selection operator 
 LB = logistic boost 
 LDA = linear discriminant analysis 
 LFC = lookahead feature construction 
 LM = linear model 
 LR = logistic regression 
 MARS = multivariable adaptive regression splines 
 MLR = multivariable logistic regression 
 MSAENET = multi-step elastic-net 
 NB = naive Bayes 
 PCA = principal component analysis 
 PLR = penalized logistic regression 
 PLS = partial least squares 
 RF = random forests 
 RT = random trees 
 RR = ridge regression 
 SGB = stochastic gradient boosting 
 SVM = support vector model 
 SVR = support vector regression 
 XGB = extreme gradient boosting 
K. Number of patients
L. Size training set (%)
M. Validation method/size
 CV (nos) = cross-validation not otherwise specified
 FCV = fold cross validation
 ICVL = Inner cross-validation loop
 LOOCV = leave-one-out cross validation,
N. Size test set (%)
O. Area under the curve (AUC)
P. Accuracy
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