Supplementary Table 1.
Overview on data extracted from all studies. Red indicates results only used for comparison of IDH and MGMT prediction in Section 4.5. ML = machine learning; DL = deep learning; T1pc = T1 post-contrast; SVM = support vector machines; GBM

= Glioblastoma; HGG = High Grade Glioma; LGG = Low Grade Glioma; IDH = Isocitrate dehydrogenase; RB1 = Retinoblastoma protein; MGMT = 06-methylguanine-DNA-methyltransferase; PPV = positive predictive value; NPV = negative

predictive value

Reference Number of Tumor Type Dataset Overall  Prediction Results Best Results Subtype Best Results Algorithm Type of Sequences Accur Area under the Sen Spec Comme
Patients ML or Reported from which Algorit acy ROC Curve (AUC)  siti  ificit nt
(Total) DL Cohort hm (ACC) vity y
Parketal | 120 GBM IDH- Single Center ML Time Split Validation RB1 random forest Tree T1, Tlpc, T2, 0.81 (95% CI:
2020[1] Wildtype Cohort based  FLAIR, DW], 0.64-0.97)
fMRI
Leeetal 2019[2] | 123 GBM Single Center ML Time Split Validation IDH gradient boosting Tree Tlpc, T2, FLAIR, 83.40
Cohort based  DWI, fMRI %
Kanas etal | 86 GBM Database ML Cross-Validation from MGMT KNN Other T1, T1pc, FLAIR  73.60 85. 66.3
2017[3] Initial Study Population % 2% %
Suetal 2020[4] | 122 midline glioma Single Center ML Time Split Validation Histone H3 K27M TPOT (decision tree) Tree FLAIR 86.40 0.85 0.8 091
or brainstem Cohort based % 7
Glioma
Chenetal | 47 HGG (nos) Single Center ML Cross-Validation from IDH MNMC (Multilabel Nonlinear T1, DWI, fMRI 87.00 0.886 92. 849
2018[5] Initial Study Population Matrix) % 3% %
Chenetal | 47 HGG (nos) Single Center ML Cross-Validation from MGMT MNMC (Multilabel Nonlinear T1, DWI, fMRI 74.60 0.787
2018[5] Initial Study Population Matrix) %
Liu etal 2018[6] | 55 midline glioma Single Center DL Cross-Validation from Histone H3 K27M SVM (Prediction based on SVM T1 96.52 0.953 96.
or brainstem Initial Study Population features extracted by CNN) % 67
Glioma %
Choietal | 136 GBM Single Center. Database ML External Validation IDH random forest Tree T2 86.8 0.904 (95 % CI: 91. 75%
2020[7] Cohort based % 0.81-1.0) 6%
Hedyehzadeh et | 166 GBM Database DL Holdout Testing Cohort EGFR deep CNN regression Neural T1, Tlpc, T2,
al. 2020[8] in Initial Study Netwo FLAIR
Population rk
Lietal 2019[9] | 193 GBM Database. Multicenter ML External Validation MGMT random forest Tree T1, Tlpc, T2, 80% 0.88 70  86%
Cohort based  FLAIR %
Qianetal. | 69 GBM Multicenter ML Holdout Testing Cohort MGMT random forest Tree FDOPA PET 80.00 83 67%
2019[10] in Initial Study based % %
Population
Lietal 2018[11] | 225 GBM Database + Multicenter ML External Validation IDH random forest Tree T1, Tlpc, T2, 97%  0.96 80 99%
Cohort based FLAIR %
Jungetal. | 41 midline glioma Multicenter ML Cross-Validation from Histone H3 K27M random forest Tree T1, Tlpc, T2 63.30 0.632 (95% CI: 45. 88.2
2019[12] or brainstem Initial Study Population based % 0.456-0.808) 80 0%
Glioma %
Zhang etal. | 120 HGG (nos) Single Center ML Holdout Testing Cohort  IDH random forest Tree T1, Tlpc, T2, 89.00 0.9231
2017[13] in Initial Study based  FLAIR, DWI %
Population
Loetal | 39 GBM Database, Multicenter ML Cross-Validation from IDH logistic regression Other Tlpc 90.00 57  97%
2020[14] Initial Study Population % %
Korfiatis et al. | 155 GBM Single Center ML Cross-Validation from MGMT SVM SVM T1lpc, T2 0.85 (95% CI: 80. 813
2016[15] Initial Study Population 0.78-0.91) 3% %
Hajianfar et al. | 82 GBM Database ML Cross-Validation from MGMT decision tree Tree T1pc, FLAIR 0.78
2019[16] Initial Study Population based
Korfiatis et al. | 155 GBM Single Center DL Holdout Testing Cohort MGMT ResNet Neural T2 94.40
2017[17] in Initial Study Netwo %
Population rk
Lietal | 109 GBM Database ML External Validation PTEN SVM SVM Tlpc, T2 82.50 78. 95.5
2019[18] Cohort % 70 0%
%
Calabrese et al. | 199 GBM Single Center, Database ML External Validation ATRX Random forest Tree T1, Tlpc, T2, 0.72 75  75%
2020[19] Cohort based  FLAIR, (DWI only %
in testing cohort)
Calabrese et al. | 199 GBM Single Center, Database = ML External Validation IDH Random forest Tree T1, Tlpc, T2, 0.63
2020[19] Cohort based  FLAIR, (DWI only

in testing cohort)
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Calabrese et al. | 199 GBM Single Center, Database = ML Cross-Validation from MGMT Random forest Tree T1, Tlpc, T2, 0.55
2020[19] Initial Study Population based  FLAIR, DWI
Yamashita et al. | 112 GBM IDH- Single Center ML Cross-Validation from TERT SVM SVM T1, T1pc, DWI 74.10 0.776 85. 5438
2019[20] Wildtype Initial Study Population % 7% %
Hanetal | 262 GBM Database DL Holdout Testing Cohort MGMT CNN Neural T1, T2, FLAIR 66.00 0.67
2018/21] in Initial Study Netwo %
Population rk
Xietal 2018[22] | 118 GBM Single Center, ML External Validation MGMT SVM SVM T1, Tlpc, T2 80.00 87. 75%
Multicenter Cohort % 5%
Leetal | 53 GBM IDH- Database ML Cross-Validation from MGMT XGBoost Tree T1, Tlpc, T2, 83.02 0.702
2020[23] Wildtype Initial Study Population based  FLAIR %
Alisetal. | 142 HGG (nos) Single Center ML Holdout Testing Cohort IDH random forest Tree T1pc, FLAIR, 86.95 0.93 (95% CI: 60 100
2019[24] in Initial Study based DWI % 0.82-1) % %
Population
Akbarietal | 129 GBM Single Center ML Holdout Testing Cohort  EGFR SVM SVM T1, Tlpc, T2, 87.00 0.86 78. 90%
2018[25] in Initial Study FLAIR, DWIDSC % 6%
Population
Ahmadetal | 71 HGG (nos) Single Center DL Holdout Testing Cohort IDH ResNet Neural T2 86.70
2019[26] in Initial Study Netwo %
Population rk
Crisietal | 59 GBM Single Center DL Cross-Validation from MGMT multilayer perceptron (MLP) Neural Tlpc, T2, FLAIR, 0.84 75 85%
2020[27] Initial Study Population Netwo DWI, DSC %
rk
Yuetal | 92 LGG Single Center ML Cross-Validation from IDH AdaBoost Tree FLAIR 72.00 0.7 41 85%
2017[28] Initial Study Population based % %
Fukuma etal. | 164 Grade II + 111 Multicenter ML Cross-Validation from IDH SVM SVM T1, Tlpc, T2, 73.10
2019[29] Initial Study Population FLAIR %
Fukuma etal. | 108 IDH-mutant Multicenter ML Cross-Validation from pTERT SVM SVM T1, Tlpc, T2, 79.80
2019[29] Glioma Initial Study Population FLAIR %
Renetal | 57 LGG Single Center ML Cross-Validation from IDH SVM SVM T1, T1lpc, T2, 94.74 0.931 (95% CI: 10 85.7
2019[30] Initial Study Population FLAIR, DWI % 0.842-1) 0% 1%
Renetal | 36 IDH-mutant Single Center ML Cross-Validation from ATRX SVM SVM T1, Tlpc, T2, 91.61 0.926 (95% CI: 94. 88.2
2019[30] Glioma Initial Study Population FLAIR, DWI % 0.824-1) 74 4%
%
Yuetal | 110 LGG Single Center ML Time Split Validation IDH AdaBoost Tree FLAIR 90.00 0.8 10 50%
2016[31] Cohort based % 0%
Zhang etal. | 103 LGG Database ML Holdout Testing Cohort IDH SVM SVM T1, Tlpc, T2, 80.00 0.792 85 70%
2018[32] in Initial Study FLAIR % %
Population
Zhang etal. | 70 IDH-mutant Database ML Holdout Testing Cohort  p53 SVM SVM T1, Tlpc, T2, 85.00 0.869 84. 85.7
2018[32] Glioma in Initial Study FLAIR % 6% %
Population
Lietal 2017[33] | 119 LGG Single Center DL Time Split Validation IDH CNN Neural T1pc, FLAIR 92.44 0.9521 94. 86.6
Cohort Netwo % 38 7%
rk %
Jiang et al. | 122 Grade II + 111 Single Center, Database ML External Validation MGMT Multiple ML classifiers (SVM. Other  Tlpc, T2 88.60 0.898 (95% CI: 82. 85.7
2019[34] Cohort random forest. AdaBoost) % 0.786-1.000) 1% %
Kuthuruetal | 108 Grade II + III Database ML Cross-Validation from IDH dictionary learning approach Other T1, Tlpc, T2, 0.82 (95% CI: 0.79-
2018[35] Initial Study Population with structured incoherence FLAIR 0.86)
(DLSI)
van der Voortet | 413 LGG Single Center, Database ML External Validation 1p/19q SVM SVM Tlpc, T2 69.80 0.723 (95% CI: 73. 61.7
al. 2019[36] Cohort % 0.708-0.737) 2% %
Shofty etal. | 47 IDH-mutant Single Center ML Cross-Validation from 1p/19q Bagged Trees Tree Tlpc, T2, FLAIR  87.00 0.87 92 83%
2018[37] Glioma Initial Study Population based % %
Akkusetal | 159 LGG Single Center DL Holdout Testing Cohort  1p/19q SGD (CNN configuration) Neural Tlpc, T2 87.70 93. 822
2017[38] in Initial Study Netwo % 30 2%
Population rk %
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Alietal | 161 LGG Multicenter DL Cross-Validation from IDH multi-stream convolutional Neural T1, Tlpc, FLAIR  78.57
2020[39] Initial Study Population autoencoder (CAE) Netwo %
rk
Eichingeretal. | 79 Grade II + III Single Center ML Cross-Validation from IDH Neural Network Neural DTI 92.10 0.952
2017[40] Initial Study Population Netwo %
rk
Jiang etal. | 116 Grade II + III Single Center, Database ML External Validation TERT Random Forest Tree Tlpc, T2 85.20 0.824 (95% CI: 70  94.1
2020[41] Cohort based % 0.638-1.000) % 0%
Parketal. | 168 LGG Single Center ML Cross-Validation from IDH Random Forest Tree T1pc, T2, FLAIR, 0.900 (95% CI: 0.855-0.945)
2020[42] Initial Study Population based DTI
Matsuietal. | 217 Grade II + III Single Center DL Cross-Validation from IDH ResNet Neural T1, T2, FLAIR, 68.70
2020[43] Initial Study Population Netwo MRS, MET PET %
rk
Kocaketal | 107 LGG Database ML Cross-Validation from 1p/19q Random forest Tree Tlpc, T2 84.00 0.840 (95% CI: 90. 71.7
2020[44] Initial Study Population based % 0.729-0.950) 2% %
Hanetal | 59 Grade II + III Single Center ML Holdout Testing Cohort  IDH SVM SVM T1, Tlpc, T2, 79.90 0.769 (95% CI: 88. 56.3
2020[45] in Initial Study FLAIR % 0.641-0.869) 7% %
Population
Nalawade et al. | 260 mixed (LGG. Database DL Holdout Testing Cohort  IDH Dense Net 161 Neural T2 90.50 0.95 83. 948
2019[46] HGG) in Initial Study Netwo % 1% %
Population rk
De Looze et al. | 381 mixed (LGG. Single Center ML Holdout Testing Cohort  IDH Random forest Tree T1, Tlpc, T2, 0.88 81 77%
2018[47] HGG) in Initial Study based  FLAIR, DWI %
Population
Kimetal | 143 mixed (LGG. Database ML Holdout Testing Cohort  1p/19q random forest (based on CNN Tree T1, Tlpc, T2, 72.1 0.691 (SD: 0.146) 87 56.7
2019[48] HGG) in Initial Study features) based  FLAIR % % %
Population
Bangalore | 214 Glioma (nos) Database DL Cross-Validation from IDH U-Net Neural Tl1pc, T2, FLAIR 97.22 0.99 98 97%
Yoganada et al. Initial Study Population Netwo % %
2020[49] rk
Sudreetal. | 333 IDH-mutant Multicenter ML Cross-Validation from IDH Random Forest Tree T2, FLAIR, DSC 71.00 65 77%
2020[50] Glioma Initial Study Population based % %
Gaoetal | 348 mixed (LGG. Single Center ML Holdout Testing Cohort  Ki67 random forest Tree T1pc 80.00 0.849 91 80%
2020[51] HGG) in Initial Study based % %
Population
Gaoetal | 338 mixed (LGG. Single Center ML Holdout Testing Cohort  S100 random forest Tree T1pc 95.00 0.604 94  97%
2020[51] HGG) in Initial Study based % %
Population
Gaoetal | 367 mixed (LGG. Single Center ML Holdout Testing Cohort  GFAP random forest Tree T1pc 81.00 0.718 74  81%
2020[51] HGG) in Initial Study based % %
Population
Diamandis et al. | 84 Glioma (nos) Single Center, Database ML External Validation IDH Random Forest Tree T1, Tlpc, T2, 94.20
2018[52] Cohort based  FLAIR, MRS %
Luetal | 95 GBM Database, Multicenter ML External Validation IDH SVM SVM Tlpc, T2, FLAIR 8890 0.975 95. 100.
2018[53] Cohort % 70  00%
%
Luetal | 83 LGG Database, Multicenter ML External Validation IDH SVM SVM Tlpc, T2, FLAIR, 91.70 85. 100.
2018[53] Cohort DWI % 70  00%
%
Luetal | 86 IDH-mutant Database, Multicenter ML External Validation 1p/19q SVM SVM Tlpc, T2, FLAIR  80.00 0.922 88. 86.2
2018[53] Glioma Cohort % 50 0%
%
Ozturk-Isik et al. | 112 mixed (LGG. Single Center ML Cross-Validation from IDH SVM SVM T1, Tlpc, T2, 97.90 95. 96.2
2020[54] HGG) Initial Study Population MRS, DSC % 51 5%
%
Kesler etal. | 234 mixed (LGG. Single Center ML Cross-Validation from IDH Random Forest Tree T1 89.00 0.95 90 89%
2019[55] HGG) Initial Study Population based % %
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Tanetal | 105 Glioma (nos) Single Center ML Holdout Testing Cohort  IDH SVM SVM T1, Tlpc, T2, 87.10 0.900 (95% CI: 86. 875
2019[56] in Initial Study FLAIR, DW], % 0.859-0.941) 7% %
Population fMRI
Chang et al. | 259 mixed (LGG. Database DL Holdout Testing Cohort  IDH CNN Neural T1, Tlpc, T2, 94.00 0.91 (95% CI: 0.89-0.92)
2018[57] HGG) in Initial Study Netwo FLAIR %
Population rk
Chang et al. | 259 mixed (LGG. Database DL Holdout Testing Cohort MGMT CNN Neural T1, Tlpc, T2, 83.00 0.81
2018[57] HGG) in Initial Study Netwo FLAIR %
Population rk
Kong etal. | 96 Grade II + III Single Center ML Holdout Testing Cohort  1p/19q Random Forest Tree Tlpc, T2 100.0 0.950 (95% CI: 80 97.1
2020[58] in Initial Study based 0% 0.886-1.000) % %
Population
Bisdas etal. | 37 Grade II + III Single Center ML Cross-Validation from IDH SVM SVM Tlpc, T2, FLAIR, 83.80 0.88 92  64%
2018[59] Initial Study Population DWI, DKI % %
Kimetal | 155 Grade II + III Single Center ML External Validation IDH random forest Tree T1, Tlpc, T2, 65.30 0.747 (95% CI: 53. 86.7
2020[60] Cohort based  FLAIR,DWI, DSC % 0.663-0.832) 6% %
Panetal | 151 midline glioma Single Center ML Holdout Testing Cohort  Histone H3 K27M random forest Tree T1, Tlpc, T2 84.40 0.8298
2019[61] or brainstem in Initial Study based %
Glioma Population
Goya-Outietal. | 30 midline glioma Single Center ML Cross-Validation from Histone H3 K27M SVM (based on Imaging + clinical SVM T1, Tlpc, T2, F1-
2019[62] or brainstem Initial Study Population features) FLAIR Score:
Glioma 0.84
Yogananda et al. | 368 mixed (LGG. Database DL Cross-Validation from 1p/19q U-Net Neural T2 93.46 0.953
2020[63] HGG) Initial Study Population Netwo %
rk
Lietal 2018[64] | 272 Grade II + III Single Center ML Holdout Testing Cohort  p53 SVM SVM T2 70.70 0.763 62. 85.1
in Initial Study % 2% %
Population
Geetal | 167 mixed (LGG. Database DL Holdout Testing Cohort  IDH CNN Neural T1, Tlpc, T2, 86.53 73. 92.7
2020[65] HGG) in Initial Study Netwo FLAIR % 75 3%
Population rk %
Bumesetal | 34 mixed (LGG. Single Center ML Cross-Validation from IDH1 SVM SVM F-18-FET-PET + 88.20 0.83 95. 75%
2020[66] HGG) Initial Study Population H-MRS % 5%
Sakaietal. | 100 Glioma (nos) Single Center ML Cross-Validation from IDH1 XGBoost Tree T1pc, FLAIR, 90.00 0.97 (95% CI: 0.898-1.000)
2020[67] Initial Study Population based DWI %

Lietal 2018[68] | 186 Grade II + III Databases (TCGA ML External Validation ATRX SVM SVM T2 7690 0.725 57. 857
training, CGGA external Cohort % 1% %
validation)

Luetal | 181 GBM Single Center ML Holdout Testing Cohort MGMT Decision forest Tree T1, Tlpc 67.27
2020[69] in Initial Study based %
Population
Chenetal | 87 GBM Database DL Holdout Testing Cohort MGMT CNN Neural Tlpc 80.40 0.8866
2020[70] in Initial Study Netwo %
Population rk
Chenetal | 106 GBM Database DL Holdout Testing Cohort MGMT CNN Neural FLAIR 82.70 0.9052
2020[70] in Initial Study Netwo %
Population rk
Buda etal | 110 Grade II + III Multicenter + Database DL Cross-Validation from Molecular information put CNN Neural FLAIR 0.730 (95% CI: 0.605-0.844)
2020[71] Initial Study Population into different Clusters Netwo
(CoC) rk
Sunetal | 239 Glioma (nos) Single Center ML Holdout Testing Cohort  VEGF SVM SVM T2 72.30 0.702 67. 70.6
2019[72] in Initial Study % 9% %
Population
Lietal 2021[73] | 572 LGG Single Center DL Holdout Testing Cohort IDH CNN Neural T1, Tlpc, T2 80.00 0.89 81 79%
in Initial Study Netwo % %
Population rk
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Lietal 2021[73] | 334 IDH-mutant Single Center DL Holdout Testing Cohort  1p/19q CNN Neural T1, Tlpc, T2 83.00 0.85 85 7%
Glioma in Initial Study Netwo % %
Population rk
Lietal 2021[73] | 444 mixed (LGG. Single Center DL Holdout Testing Cohort  IDH CNN Neural T1, Tlpc, T2 74.00 0.66 47  80%
HGG) in Initial Study Netwo % %
Population rk
Kandemirli et al. | 109 midline glioma Multicenter ML Holdout Testing Cohort  Histone H3 K27M XGBoost Tree T1, Tlpc, T2, 72.70 0.737
2021[74] or brainstem in Initial Study based  FLAIR, DWI %
Glioma Population
Yanetal | 357 mixed (LGG. Single Center DL Holdout Testing Cohort IDH Bayesian-regularization neural Neural T1, Tlpc, T2, 82.40 0.884 (95% CI: 75 898
2021[75] HGG) in Initial Study networks (BRNN) Netwo FLAIR, DWI % 0.830-0.934) % %
Population rk
Zaragorietal | 72 Glioma (nos) Single Center ML Cross-Validation from 1p/19q SVM SVM 18F-FDOPA PET 0.724 (95% CI: 0.669-0.782)
2021[76] Initial Study Population
Yogananda et al. | 274 Glioma (nos) Database DL Cross-Validation from MGMT 3D-dense-UNet Neural T2 94.73 0.93 96. 91.6
2021[77] Initial Study Population Netwo % 31 6%
rk %
Wagner etal. | 115 Pediatric LGG Single Center, Mult ML External Validation BRAF random forest Tree T1pc, T2, FLAIR 0.85
2021[78] Center Cohort based
Peng etal. | 105 mixed (LGG. Single Center ML Holdout Testing Cohort IDH SVM SVM T1pc, T2, fMRI 77.00 0.823 (95% CI: 76. 77.6
2021[79] HGG) in Initial Study % 0.715-0.931) 5% %
Population
Parketal | 111 LGG Multicenter + Database ML External Validation TERT or EGFR as (SVM + XGBoost + AdaBoost + Other T1,Tlpc, T2, 0.863 (95% CI: 0.778-0.947)
2021[80] Cohort molecular features of linear discriminant analysis) + FLAIR
glioblastomas RFE
Fanetal | 157 LGG Database ML Cross-Validation from 1p/19q SVM SVM T1, Tlpc, T2 75.80 0.8079 (95% CI: 58. 88.0
2021[81] Initial Study Population % 0.733-0.8755) 46 4%
%
Decuyperetal | 738 mixed (LGG. Database, Single Center DL External Validation IDH 3D U Net Neural Tl1pc, either T2 75.58 0.8623 84. 703
2021[82] HGG) Cohort Netwo or FLAIR % 38 7%
rk %
Caoetal | 102 mixed (LGG. Single Center ML Holdout Testing Cohort IDH random forest Tree T1, Tlpc, T2, 7430 0.849 72. 76.1
2021[83] HGG) in Initial Study based  FLAIR, DWI % 4% %
Population
Choietal. | 463 Glioma (nos) Single Center DL Holdout Testing Cohort  IDH Recurrent Neural Network Neural T1, Tlpc, T2, 91.70 0.95 (95% CL 92. 915
2019[84] in Initial Study Netwo FLAIR, DSC % 0.898-0.982) 1% %
Population rk
Chang et al. | 469 mixed (LGG, Multicenter + Database DL Holdout Testing Cohort IDH CNN Neural T1, Tlpc, T2 82.10 0.85(95% CI: 79. 87.0
2018[85] HGG) in Initial Study Netwo % 0.82-0.88) 1% 0%
Population rk
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Supplementary Figure 1. Forest plots on all studies eligible for metanalysis. 27 Studies reported AUC values with 95% CI from the previously mentioned 95 studies and were eligible for this meta-analysis. The studies were split up into internal
validation (n=21/77) and external validation (n=6/18) studies and were tested separately with a random effects model. Within the internal validation studies, an overall AUC of 0.865 (95% CI 0.834 to 0.897) was attained. Testing for heterogeneity
resulted in an inconsistency of 82.70% (95% CI 74.61 to 88.22) with significance of p < 0.0001. Due to high heterogeneity in internal validation studies, we conducted a subgroup analysis divided by types of prediction models used (See 3.4 and Figure
5). While the inconsistency in seven Tree based studies (69.34% with 95% CI 32.56% to 86.06% and p = 0.0033), eight SVM based (80.12% with 95% CI 61.48% to 89.74% and p < 0.0001) and three other studies (71.74% with 95% CI 4.25% to 91.66%
and p = 0.0291) was smaller while still being relatively high, the inconsistency was even higher within three Neural Network-based studies with 88.66% (95% CI 68.74% to 95.89% with p = 0.0001).

Within external validation studies the overall random effect AUC was 0.816 with 95% CI from 0.751 to 0.882. We only were able to conduct subgroup analysis on three Tree based studies (Inconsistency of 65.89% 95% CI from 0% to 90.19%) with p =
0.0001) and two other studies (Inconsistency of 0% with p = 0.6149).
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Total = 102 Sources used

Supplementary Figure 2. Overall data sources used in 85 studies. Due to 17 studies using multiple sources of data, the overall number raises to 102.
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Supplementary Figure 3. Different sequences and radiological imaging techniques used. Included studies for reported AUC values for their pipelines. Only 74 studies reported AUC values. We divided internally validated data (n=60/74) on the

left from externally validated data (n=14/74) on the right. Numbers on the right of the heatmap indicate overall included number of studies represented in the respective AUC spectrum.
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