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Department of Biomedical Informatics and Medical Education

An intelligent agent framework is used on an ICU EMR to create prediction models

for disease onset. Eleven models are created to inspect 5 diseases: acute respiratory distress

syndrome (ARDS); severe acute hypoxemic respiratory failure (SAHRF); acute kidney injury

(AKI); sepsis; and disseminated intravascular coagulation (DIC).

Four of the models (ARDS, AKI Stage 1, AKI Stage 2, and sepsis) are competitive or

superior to the best comparable peer-reviewed models. The other seven are novel, including:

SAHRF (AUC=0.952); DIC from ARDS positive patients (AUC=0.722); ARDS from DIC

positive patients (AUC=0.675); AKI Stage 3 (AUC=0.983); the progression from AKI Stage

1 to Stage 2 (AUC=0.930); the progression from AKI Stage 2 to Stage 3 (AUC=0.951); and

DIC (AUC=0.838).

In derivative work: a correlation between pre-DIC patients and metabolic acidosis is

shown, a meta-analysis on misclassified patients is given, a disease pathway that demon-

strates how ARDS and DIC can interact in a positive feedback loop is presented. DIC is

shown to be implicated in 78% of all in-hospital mortality of ARDS patients.



TABLE OF CONTENTS

Page

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

Glossary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xvii

Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.3 Thesis Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

Chapter 2: Related Literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.2 Machine Learning Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.3 Acute Respiratory Distress Syndrome . . . . . . . . . . . . . . . . . . . . . . 5

2.4 Acute Kidney Injury . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.5 Sepsis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.6 Disseminated Intravascular Coagulation . . . . . . . . . . . . . . . . . . . . . 11

2.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

Chapter 3: Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3.2 Data Source . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3.3 Knowledge Base . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3.4 Support Database . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.5 Seeding the Databases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.6 Disease Condition Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

i



3.7 Feature Space Database . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.8 Missing Data Handling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.9 Intelligent Agent Process Overview . . . . . . . . . . . . . . . . . . . . . . . 27

3.10 Feature Space Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.11 Sub-population Concept Hypothesis Learning and Testing . . . . . . . . . . 37

3.12 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.13 Surrogate Variables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.14 Biases and Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.15 Comparable approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.16 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

Chapter 4: Acute Respiratory Distress Syndrome . . . . . . . . . . . . . . . . . . 55

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.2 Pathogenesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.3 Value in Early Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.4 Diagnostic Criteria and Implementation . . . . . . . . . . . . . . . . . . . . 58

4.5 Competing Model for ARDS . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.6 ARDS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.7 SAHRF . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.8 Model Comparisons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.9 Derivative Investigation - Disseminated Intravascular Coagulation . . . . . . 87

4.10 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

4.11 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

Chapter 5: Acute Kidney Injury . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

5.2 Pathogenesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

5.3 Value in Early Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

5.4 Diagnostic Criteria and Implementation . . . . . . . . . . . . . . . . . . . . 102

5.5 Competing Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

5.6 Intelligent Agent Model - AKI stage 1 . . . . . . . . . . . . . . . . . . . . . . 104

5.7 Intelligent Agent Model - AKI stage 2 . . . . . . . . . . . . . . . . . . . . . . 115

5.8 Intelligent Agent Model - AKI stage 3 . . . . . . . . . . . . . . . . . . . . . . 124

ii



5.9 Intelligent Agent Model - AKI stage 1 progression to AKI stage 2 . . . . . . 134

5.10 Intelligent Agent Model - AKI stage 2 progression to AKI stage 3 . . . . . . 142

5.11 Model Comparisons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

5.12 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

5.13 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

Chapter 6: Sepsis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

6.2 Pathogenesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

6.3 Value in Early Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

6.4 Diagnostic Criteria and Implementation . . . . . . . . . . . . . . . . . . . . 160

6.5 Competing Models for Sepsis . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

6.6 Intelligent Agent Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

6.7 Model Comparisons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171

6.8 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 174

6.9 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 175

Chapter 7: Disseminated Intravascular Coagulation . . . . . . . . . . . . . . . . . 177

7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

7.2 Pathogenesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

7.3 Value in Early Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

7.4 Diagnostic Criteria and Implementation . . . . . . . . . . . . . . . . . . . . 177

7.5 Intelligent Agent Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178

7.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187

7.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 188

Chapter 8: Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 189

8.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 189

8.2 Meta Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191

8.3 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 192

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 195

Appendix A: MIMIC-III . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 207

iii



Appendix B: Knowledge Base . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 233

Appendix C: Support Database . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 247

Appendix D: Acute Respiratory Distress Syndrome . . . . . . . . . . . . . . . . . . 272

D.1 ARDS Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 272

D.2 Severe Acute Hypoxemic Respiratory Failure . . . . . . . . . . . . . . . . . . 288

D.3 DIC from ARDS patients . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 306

D.4 DIC from ARDS patients . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 313

Appendix E: Acute Kidney Injury . . . . . . . . . . . . . . . . . . . . . . . . . . . . 316

E.1 Acute Kidney Injury Stage 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . 316

E.2 AKI Stage 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 334

E.3 AKI Stage 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 351

E.4 AKI progression from Stage 1 to Stage 2 . . . . . . . . . . . . . . . . . . . . 368

E.5 AKI progression from Stage 2 to Stage 3 . . . . . . . . . . . . . . . . . . . . 386

Appendix F: Sepsis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 405

F.1 Sepsis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 405

Appendix G: Disseminated Intravascular Coagulation . . . . . . . . . . . . . . . . . 422

G.1 DIC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 422

Appendix H: Misclassifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 439

iv



LIST OF FIGURES

Figure Number Page

3.1 MIMIC Entity Relationship Diagram. . . . . . . . . . . . . . . . . . . . . . . 16

3.2 Knowledge Base Diagram. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3.3 Support Base Diagram. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.4 Simple Intelligent Agent. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.5 Intelligent Agent Framework Overview. . . . . . . . . . . . . . . . . . . . . . 29

3.6 Intelligent Agent Process Overview. . . . . . . . . . . . . . . . . . . . . . . . 30

3.7 Feature Selection Diagram. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.8 New Attribute Selection Diagram. . . . . . . . . . . . . . . . . . . . . . . . . 34

3.9 Remove Existing Selection Diagram. . . . . . . . . . . . . . . . . . . . . . . 35

3.10 Creation of an hypothesis with an SQL query example. . . . . . . . . . . . . 38

4.1 Two paths to predict the onset of ARDS. . . . . . . . . . . . . . . . . . . . . 56

4.2 LIPS applied to the validation set . . . . . . . . . . . . . . . . . . . . . . . . 59

4.3 ARDS training/testing ROC curve . . . . . . . . . . . . . . . . . . . . . . . 66

4.4 ARDS validation ROC curve . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.5 ARDS validation ROC curve over time . . . . . . . . . . . . . . . . . . . . . 70

4.6 Hypoxemic training/testing ROC curve . . . . . . . . . . . . . . . . . . . . . 77

4.7 Hypoxemic validation ROC curve, AUC = 0.952 (0.947, 0.957). . . . . . . . 80

4.8 Hypoxemic validation AUC of the ROC over time . . . . . . . . . . . . . . . 81

4.9 Theoretical ARDS pathway merged with DIC pathway to create a feedback
loop. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

4.10 DIC from ARDS patients, entire data set . . . . . . . . . . . . . . . . . . . . 93

4.11 DIC from ARDS AUC of the ROC over time . . . . . . . . . . . . . . . . . . 94

5.1 Predicting the stages and progression of AKI. . . . . . . . . . . . . . . . . . 101

5.2 AKI patients, training/testing set . . . . . . . . . . . . . . . . . . . . . . . . 110

5.3 AKI patients, validation set . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

5.4 AKI validation AUC of the ROC over time . . . . . . . . . . . . . . . . . . . 114

v



5.5 AKI stage 2 patients, training/testing set . . . . . . . . . . . . . . . . . . . . 119

5.6 AKI stage 2 patients, validation set . . . . . . . . . . . . . . . . . . . . . . . 122

5.7 AKI stage 2 validation AUC of the ROC over time . . . . . . . . . . . . . . 123

5.8 AKI stage 3 patients, training/testing set . . . . . . . . . . . . . . . . . . . . 129

5.9 AKI stage 3 patients, validation set . . . . . . . . . . . . . . . . . . . . . . . 132

5.10 AKI stage 3 validation AUC of the ROC over time . . . . . . . . . . . . . . 133

5.11 AKI progression from stage 1 to stage 2 patients, training/testing set . . . . 137

5.12 AKI progression from stage 1 to stage 2 patients, validation set . . . . . . . 140

5.13 AKI progression from stage 1 to stage 2 validation AUC of the ROC over time 141

5.14 AKI progression from stage 2 to stage 3 patients, training/testing set . . . . 146

5.15 AKI progression from stage 2 to stage 3 patients, validation set . . . . . . . 149

5.16 AKI progression from stage 2 to stage 3 validation AUC of the ROC over time 150

6.1 Sepsis patients, training/testing set . . . . . . . . . . . . . . . . . . . . . . . 166

6.2 Sepsis patients, validation set . . . . . . . . . . . . . . . . . . . . . . . . . . 169

6.3 Sepsis validation AUC of the ROC over time . . . . . . . . . . . . . . . . . . 170

6.4 Sepsis prediction models ordered by AUC. This studies intelligent agent gen-
erated model in red. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 174

6.5 Sepsis prediction models scatter chart of sensitivity v. specificity. This study’s
intelligent-agent-generated model is in red. . . . . . . . . . . . . . . . . . . . 175

7.1 DIC patients, training/testing set . . . . . . . . . . . . . . . . . . . . . . . . 182

7.2 DIC patients, validation set . . . . . . . . . . . . . . . . . . . . . . . . . . . 185

7.3 DIC validation AUC of the ROC over time . . . . . . . . . . . . . . . . . . . 186

D.1 ARDS training/testing true positive and false positive rates. . . . . . . . . . 272

D.2 ARDS training/testing sensitivity and specificity. . . . . . . . . . . . . . . . 273

D.3 ARDS training/testing positive and negative predictive value. . . . . . . . . 273

D.4 ARDS training/testing accuracy. . . . . . . . . . . . . . . . . . . . . . . . . 274

D.5 ARDS training/testing kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . 274

D.6 ARDS training/testing F-measures. . . . . . . . . . . . . . . . . . . . . . . . 275

D.7 ARDS validation true and false positive rates. . . . . . . . . . . . . . . . . . 276

D.8 ARDS validation sensitivity and specificity. . . . . . . . . . . . . . . . . . . . 277

D.9 ARDS validation positive and negative predictive values. . . . . . . . . . . . 277

D.10 ARDS validation accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 278

vi



D.11 ARDS validation kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 278

D.12 ARDS validation F-measures. . . . . . . . . . . . . . . . . . . . . . . . . . . 279

D.13 Algorithm’s performance over time on the ARDS selection criteria. . . . . . 281

D.14 Hypoxemic training/testing true positive and false positive rates. . . . . . . 288

D.15 Hypoxemic training/testing sensitivity and specificity. . . . . . . . . . . . . . 289

D.16 Hypoxemic training/testing positive and negative predictive value. . . . . . . 289

D.17 Hypoxemic training/testing accuracy. . . . . . . . . . . . . . . . . . . . . . . 290

D.18 Hypoxemic training/testing kappa. . . . . . . . . . . . . . . . . . . . . . . . 290

D.19 Hypoxemic training/testing F-measures. . . . . . . . . . . . . . . . . . . . . 291

D.20 Hypoxemic validation true and false positive rates. . . . . . . . . . . . . . . 292

D.21 Hypoxemic validation sensitivity and specificity. . . . . . . . . . . . . . . . . 293

D.22 Hypoxemic validation positive and negative predictive values. . . . . . . . . 293

D.23 Hypoxemic validation accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . 294

D.24 Hypoxemic validation kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . . 294

D.25 Hypoxemic validation F-measures. . . . . . . . . . . . . . . . . . . . . . . . . 295

D.26 Algorithm’s performance over time on the Hypoxemic selection criteria. . . . 298

D.27 DIC from ARDS entire set true and false positive rates. . . . . . . . . . . . . 306

D.28 DIC from ARDS entire set sensitivity and specificity. . . . . . . . . . . . . . 307

D.29 DIC from ARDS entire set positive and negative predictive values. . . . . . . 307

D.30 DIC from ARDS entire set accuracy. . . . . . . . . . . . . . . . . . . . . . . 308

D.31 DIC from ARDS entire set kappa. . . . . . . . . . . . . . . . . . . . . . . . . 308

D.32 DIC from ARDS entire set F-measures. . . . . . . . . . . . . . . . . . . . . . 309

E.1 AKI training/testing true positive and false positive rates. . . . . . . . . . . 316

E.2 AKI training/testing sensitivity and specificity. . . . . . . . . . . . . . . . . 317

E.3 AKI training/testing positive and negative predictive value. . . . . . . . . . 317

E.4 AKI training/testing accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . . 318

E.5 AKI training/testing kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . . 318

E.6 AKI training/testing F-measures. . . . . . . . . . . . . . . . . . . . . . . . . 319

E.7 AKI validation true and false positive rates. . . . . . . . . . . . . . . . . . . 320

E.8 AKI validation sensitivity and specificity. . . . . . . . . . . . . . . . . . . . . 321

E.9 AKI validation positive and negative predictive values. . . . . . . . . . . . . 321

E.10 AKI validation accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 322

vii



E.11 AKI validation kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 322

E.12 AKI validation F-measures. . . . . . . . . . . . . . . . . . . . . . . . . . . . 323

E.13 Algorithm’s performance over time on the AKI selection criteria. . . . . . . . 326

E.14 AKI Stage 2 training/testing true positive and false positive rates. . . . . . . 334

E.15 AKI Stage 2 training/testing sensitivity and specificity. . . . . . . . . . . . . 335

E.16 AKI Stage 2 training/testing positive and negative predictive value. . . . . . 335

E.17 AKI Stage 2 training/testing accuracy. . . . . . . . . . . . . . . . . . . . . . 336

E.18 AKI Stage 2 training/testing kappa. . . . . . . . . . . . . . . . . . . . . . . . 336

E.19 AKI Stage 2 training/testing F-measures. . . . . . . . . . . . . . . . . . . . . 337

E.20 AKI Stage 2 validation true and false positive rates. . . . . . . . . . . . . . . 338

E.21 AKI Stage 2 validation sensitivity and specificity. . . . . . . . . . . . . . . . 339

E.22 AKI Stage 2 validation positive and negative predictive values. . . . . . . . . 339

E.23 AKI Stage 2 validation accuracy. . . . . . . . . . . . . . . . . . . . . . . . . 340

E.24 AKI Stage 2 validation kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . 340

E.25 AKI Stage 2 validation F-measures. . . . . . . . . . . . . . . . . . . . . . . . 341

E.26 Algorithm’s performance over time on the AKI Stage 2 selection criteria. . . 344

E.27 AKI Stage 3 training/testing true positive and false positive rates. . . . . . . 351

E.28 AKI Stage 3 training/testing sensitivity and specificity. . . . . . . . . . . . . 352

E.29 AKI Stage 3 training/testing positive and negative predictive value. . . . . . 352

E.30 AKI Stage 3 training/testing accuracy. . . . . . . . . . . . . . . . . . . . . . 353

E.31 AKI Stage 3 training/testing kappa. . . . . . . . . . . . . . . . . . . . . . . . 353

E.32 AKI Stage 3 training/testing F-measures. . . . . . . . . . . . . . . . . . . . . 354

E.33 AKI Stage 3 validation true and false positive rates. . . . . . . . . . . . . . . 355

E.34 AKI Stage 3 validation sensitivity and specificity. . . . . . . . . . . . . . . . 356

E.35 AKI Stage 3 validation positive and negative predictive values. . . . . . . . . 356

E.36 AKI Stage 3 validation accuracy. . . . . . . . . . . . . . . . . . . . . . . . . 357

E.37 AKI Stage 3 validation kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . 357

E.38 AKI Stage 3 validation F-measures. . . . . . . . . . . . . . . . . . . . . . . . 358

E.39 Algorithm’s performance over time on the AKI Stage 3 selection criteria. . . 361

E.40 AKI progression from Stage 1 to Stage 2 training/testing true positive and
false positive rates. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 368

E.41 AKI progression from Stage 1 to Stage 2 training/testing sensitivity and speci-
ficity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 369

viii



E.42 AKI progression from Stage 1 to Stage 2 training/testing positive and negative
predictive value. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 370

E.43 AKI progression from Stage 1 to Stage 2 training/testing accuracy. . . . . . 371

E.44 AKI progression from Stage 1 to Stage 2 training/testing kappa. . . . . . . . 371

E.45 AKI progression from Stage 1 to Stage 2 training/testing F-measures. . . . . 372

E.46 AKI progression from Stage 1 to Stage 2 validation true and false positive rates.373

E.47 AKI progression from Stage 1 to Stage 2 validation sensitivity and specificity. 374

E.48 AKI progression from Stage 1 to Stage 2 validation positive and negative
predictive values. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 375

E.49 AKI progression from Stage 1 to Stage 2 validation accuracy. . . . . . . . . . 376

E.50 AKI progression from Stage 1 to Stage 2 validation kappa. . . . . . . . . . . 376

E.51 AKI progression from Stage 1 to Stage 2 validation F-measures. . . . . . . . 377

E.52 Algorithm’s performance over time on the AKI progression from Stage 1 to
Stage 2 selection criteria. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 380

E.53 AKI progression from Stage 2 to Stage 3 training/testing true positive and
false positive rates. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 386

E.54 AKI progression from Stage 2 to Stage 3 training/testing sensitivity and speci-
ficity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 387

E.55 AKI progression from Stage 2 to Stage 3 training/testing positive and negative
predictive value. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 388

E.56 AKI progression from Stage 2 to Stage 3 training/testing accuracy. . . . . . 389

E.57 AKI progression from Stage 2 to Stage 3 training/testing kappa. . . . . . . . 389

E.58 AKI progression from Stage 2 to Stage 3 training/testing F-measures. . . . . 390

E.59 AKI progression from Stage 2 to Stage 3 validation true and false positive rates.391

E.60 AKI progression from Stage 2 to Stage 3 validation sensitivity and specificity. 392

E.61 AKI progression from Stage 2 to Stage 3 validation positive and negative
predictive values. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 393

E.62 AKI progression from Stage 2 to Stage 3 validation accuracy. . . . . . . . . . 394

E.63 AKI progression from Stage 2 to Stage 3 validation kappa. . . . . . . . . . . 394

E.64 AKI progression from Stage 2 to Stage 3 validation F-measures. . . . . . . . 395

E.65 Algorithm’s performance over time on the progression from AKI Stage 2 to
AKI Stage 3 selection criteria. . . . . . . . . . . . . . . . . . . . . . . . . . . 398

F.1 Sepsis training/testing true positive and false positive rates. . . . . . . . . . 405

F.2 Sepsis training/testing sensitivity and specificity. . . . . . . . . . . . . . . . . 406

ix



F.3 Sepsis training/testing positive and negative predictive value. . . . . . . . . . 406

F.4 Sepsis training/testing accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . 407

F.5 Sepsis training/testing kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . 407

F.6 Sepsis training/testing F-measures. . . . . . . . . . . . . . . . . . . . . . . . 408

F.7 Sepsis validation true and false positive rates. . . . . . . . . . . . . . . . . . 409

F.8 Sepsis validation sensitivity and specificity. . . . . . . . . . . . . . . . . . . . 410

F.9 Sepsis validation positive and negative predictive values. . . . . . . . . . . . 410

F.10 Sepsis validation accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 411

F.11 Sepsis validation kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 411

F.12 Sepsis validation F-measures. . . . . . . . . . . . . . . . . . . . . . . . . . . 412

F.13 Algorithm’s performance over time on the sepsis selection criteria. . . . . . . 415

G.1 DIC training/testing true positive and false positive rates. . . . . . . . . . . 422

G.2 DIC training/testing sensitivity and specificity. . . . . . . . . . . . . . . . . . 423

G.3 DIC training/testing positive and negative predictive value. . . . . . . . . . . 423

G.4 DIC training/testing accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . . 424

G.5 DIC training/testing kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . . 424

G.6 DIC training/testing F-measures. . . . . . . . . . . . . . . . . . . . . . . . . 425

G.7 DIC validation true and false positive rates. . . . . . . . . . . . . . . . . . . 426

G.8 DIC validation sensitivity and specificity. . . . . . . . . . . . . . . . . . . . . 427

G.9 DIC validation positive and negative predictive values. . . . . . . . . . . . . 427

G.10 DIC validation accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 428

G.11 DIC validation kappa. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 428

G.12 DIC validation F-measures. . . . . . . . . . . . . . . . . . . . . . . . . . . . 429

G.13 Algorithm’s performance over time on the DIC selection criteria. . . . . . . . 432

x



LIST OF TABLES

Table Number Page

1.1 P-value of co-occurring diseases . . . . . . . . . . . . . . . . . . . . . . . . . 3

3.1 MIMIC Demographics. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3.2 Algorithm’s performance on the ARDS . . . . . . . . . . . . . . . . . . . . . 45

4.1 LIPS Criteria. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.2 Variables and variable importance of best performing ARDS model generated
by intelligent agents. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.3 ARDS model performance on the training/testing data set. . . . . . . . . . . 65

4.4 ARDS model performance on the validation data set. . . . . . . . . . . . . . 68

4.5 Variables and variable importance of best performing hypoxemic model gen-
erated by intelligent agents. . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

4.6 Hypoxemic model performance on the training/testing data set. . . . . . . . 76

4.7 Hypoxemic model performance on the validation data set. . . . . . . . . . . 79

4.8 ARDS model comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

4.9 DIC FROM ARDS model performance on entire data set. . . . . . . . . . . 92

4.10 Variables and variable importance of best performing DIC from ARDS model
generated by intelligent agents. . . . . . . . . . . . . . . . . . . . . . . . . . 95

4.11 Variables and variable importance of best performing ARDS from DIC model
generated by intelligent agents. . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.1 Variables and variable importance of best performing AKI model generated
by intelligent agents. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.2 AKI model performance on the training/testing data set. . . . . . . . . . . . 109

5.3 AKI model performance on the validation data set. . . . . . . . . . . . . . . 112

5.4 Variables and variable importance of best performing AKI stage 2 model gen-
erated by intelligent agents. . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

5.5 AKI stage 2 model performance on the training/testing data set. . . . . . . . 118

5.6 AKI stage 2 model performance on the validation data set. . . . . . . . . . . 121

xi



5.7 Variables and variable importance of best performing AKI stage 3 model gen-
erated by intelligent agents. . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

5.8 AKI stage 3 model performance on the training/testing data set. . . . . . . . 128

5.9 AKI stage 3 model performance on the validation data set. . . . . . . . . . . 131

5.10 Variables and variable importance of best performing AKI progression from
stage 1 to stage 2 model generated by intelligent agents. . . . . . . . . . . . 135

5.11 AKI progression from stage 1 to stage 2 model performance on the train-
ing/testing data set. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

5.12 AKI progression from stage 1 to stage 2 model performance on the validation
data set. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

5.13 Variables and variable importance of best performing AKI progression from
stage 2 to stage 3 model generated by intelligent agents. . . . . . . . . . . . 143

5.14 AKI progression from stage 2 to stage 3 model performance on the train-
ing/testing data set. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

5.15 AKI progression from stage 2 to stage 3 model performance on the validation
data set. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

5.16 AKI model comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

5.17 AKIs discerned by FENa on validation set . . . . . . . . . . . . . . . . . . . 156

5.18 AKIs discerned by BUN-to-SCre on validation set . . . . . . . . . . . . . . . 157

6.1 Sepsis peer-reviewed models . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

6.2 Variables and variable importance of best performing sepsis model generated
by intelligent agents. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

6.3 Sepsis model performance on the training/testing data set. . . . . . . . . . . 165

6.4 Sepsis model performance on the validation data set. . . . . . . . . . . . . . 168

6.5 Sepsis model comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173

7.1 Variables and variable importance of best performing DIC model generated
by intelligent agents. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

7.2 DIC model performance on the training/testing data set. . . . . . . . . . . . 181

7.3 DIC model performance on the validation data set. . . . . . . . . . . . . . . 184

A.1 MIMIC Admissions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 209

A.2 MIMIC Chartevents. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 212

A.3 MIMIC definition for ICD Diagnoses. . . . . . . . . . . . . . . . . . . . . . . 214

A.4 MIMIC definition for Items. . . . . . . . . . . . . . . . . . . . . . . . . . . . 216

xii



A.5 MIMIC definition for Laboratory Items. . . . . . . . . . . . . . . . . . . . . 217

A.6 MIMIC ICD Diagnoses. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 218

A.7 MIMIC ICU Stays. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 221

A.8 MIMIC Input Events from CareVue. . . . . . . . . . . . . . . . . . . . . . . 223

A.9 MIMIC Input Events from Metavision. . . . . . . . . . . . . . . . . . . . . . 224

A.10 MIMIC Laboratory Events. . . . . . . . . . . . . . . . . . . . . . . . . . . . 226

A.11 MIMIC Microbiology Events. . . . . . . . . . . . . . . . . . . . . . . . . . . 228

A.12 MIMIC Output Events. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 230

A.13 MIMIC Patients. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 231

A.14 MIMIC Procedure Events from Metavision. . . . . . . . . . . . . . . . . . . . 232

B.1 Knowledge Base Aggregate. . . . . . . . . . . . . . . . . . . . . . . . . . . . 233

B.2 Knowledge Base Attribute Reduction. . . . . . . . . . . . . . . . . . . . . . . 235

B.3 Knowledge Base Logic Operators. . . . . . . . . . . . . . . . . . . . . . . . . 236

B.4 Knowledge Base Main. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 237

B.5 Knowledge Base Metrics. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 238

B.6 Knowledge Base Operators. . . . . . . . . . . . . . . . . . . . . . . . . . . . 238

B.7 Knowledge Base Statistics. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 240

B.8 Knowledge Base Statistics Identifiers. . . . . . . . . . . . . . . . . . . . . . . 241

B.9 Machine Learning Algorithm Classname. . . . . . . . . . . . . . . . . . . . . 242

B.10 Machine Learning Algorithm Class Options. . . . . . . . . . . . . . . . . . . 243

B.11 Machine Learning Algorithm Options. . . . . . . . . . . . . . . . . . . . . . 244

B.12 Machine Learning Algorithm Options Enumeration. . . . . . . . . . . . . . . 245

B.13 Machine Learning Algorithm Options Range. . . . . . . . . . . . . . . . . . . 246

C.1 Concept Database. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 248

C.2 Feature Database. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 249

C.3 Feature Selection. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 251

C.4 Feature Selection - Attribute. . . . . . . . . . . . . . . . . . . . . . . . . . . 252

C.5 Feature Selection - Patient. . . . . . . . . . . . . . . . . . . . . . . . . . . . 253

C.6 Feature Selection Statistics. . . . . . . . . . . . . . . . . . . . . . . . . . . . 255

C.7 Feature Selection Statistics Threshold. . . . . . . . . . . . . . . . . . . . . . 258

C.8 Support Database Batch Processing. . . . . . . . . . . . . . . . . . . . . . . 259

C.9 Support Database Concepts. . . . . . . . . . . . . . . . . . . . . . . . . . . . 263

xiii



C.10 Support Database Concept Logic. . . . . . . . . . . . . . . . . . . . . . . . . 265

C.11 Support Database Hypothesis. . . . . . . . . . . . . . . . . . . . . . . . . . . 266

C.12 Support Database Main. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 267

C.13 Support Database Machine Learning Algorithms. . . . . . . . . . . . . . . . 268

C.14 Support Database Statistics. . . . . . . . . . . . . . . . . . . . . . . . . . . . 270

C.15 Support Database Target Class. . . . . . . . . . . . . . . . . . . . . . . . . . 271

D.1 ARDS model variable composition of the validation data set . . . . . . . . . 282

D.2 ARDS model variable performance of the validation data set . . . . . . . . . 283

D.3 ARDS patients’ demographics of validation set by condition positive or negative284

D.4 ARDS patients’ Demographics of validation set in context of model performance285

D.5 ARDS patients’ Comorbidities of validation set by condition positive or negative286

D.6 ARDS patients’ Comorbidities of validation set in context of model performance287

D.7 Hypoxemic model variable composition of the validation data set . . . . . . . 300

D.8 Hypoxemic model variable performance of the validation data set . . . . . . 301

D.9 Hypoxemic patients’ Demographics of validation set by condition positive or
negative . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 302

D.10 Hypoxemic patients’ Demographics of validation set in context of model per-
formance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 303

D.11 Hypoxemic patients’ Comorbidities of validation set by condition positive or
negative . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 304

D.12 Hypoxemic patients’ Comorbidities of validation set patients in context of
model performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 305

D.13 DIC from ARDS model variable composition of the entire data set . . . . . . 310

D.14 Demographics of entire set patients by condition positive or negative . . . . 311

D.15 Comorbidities of entire set patients by condition positive or negative . . . . . 312

D.16 DIC from ARDS model variable composition of the entire data set . . . . . . 313

D.17 Demographics of entire set patients by condition positive or negative . . . . 314

D.18 Comorbidities of entire set patients by condition positive or negative . . . . . 315

E.1 AKI model variable composition of the validation data set . . . . . . . . . . 328

E.2 AKI model variable performance of the validation data set . . . . . . . . . . 329

E.3 AKI patients’ Demographics of validation set by condition positive or negative 330

E.4 AKI patients’ Demographics of validation set in context of model performance 331

E.5 AKI patients’ Comorbidities of validation set by condition positive or negative 332

xiv



E.6 AKI patients’ Comorbidities of validation set in context of model performance 333

E.7 AKI Stage 2 model variable composition of the validation data set . . . . . . 345

E.8 AKI Stage 2 model variable performance of the validation data set . . . . . . 346

E.9 AKI Stage 2 demographics of validation set patients by condition positive or
negative . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 347

E.10 AKI Stage 2 demographics of validation set patients in context of model per-
formance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 348

E.11 AKI Stage 2 comorbidities of validation set patients by condition positive or
negative . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 349

E.12 AKI Stage 2 comorbidities of validation set patients in context of model per-
formance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 350

E.13 AKI Stage 3 model variable composition of the validation data set . . . . . . 362

E.14 AKI Stage 3 model variable performance of the validation data set . . . . . . 363

E.15 AKI Stage 3 demographics of validation set patients by condition positive or
negative . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 364

E.16 AKI Stage 3 demographics of validation set patients in context of model per-
formance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 365

E.17 AKI Stage 3 comorbidities of validation set patients by condition positive or
negative . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 366

E.18 AKI Stage 3 comorbidities of validation set patients in context of model per-
formance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 367

E.19 AKI progression from Stage 1 to Stage 2 model variable composition of the
validation data set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 381

E.20 AKI progression from Stage 1 to Stage 2 model variable performance of the
validation data set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 381

E.21 AKI progression from Stage 1 to Stage 2 demographics of validation set pa-
tients by condition positive or negative . . . . . . . . . . . . . . . . . . . . . 382

E.22 AKI progression from Stage 1 to Stage 2 demographics of validation set pa-
tients in context of model performance . . . . . . . . . . . . . . . . . . . . . 383

E.23 AKI progression from Stage 1 to Stage 2 comorbidities of validation set pa-
tients by condition positive or negative . . . . . . . . . . . . . . . . . . . . . 384

E.24 AKI progression from Stage 1 to Stage 2 comorbidities of validation set pa-
tients in context of model performance . . . . . . . . . . . . . . . . . . . . . 385

E.25 AKI progression from Stage 2 to Stage 3 model variable composition of the
validation data set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 399

xv



E.26 AKI progression from Stage 2 to Stage 3 model variable performance of the
validation data set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 400

E.27 AKI progression from Stage 2 to Stage 3 demographics of validation set pa-
tients by condition positive or negative . . . . . . . . . . . . . . . . . . . . . 401

E.28 AKI progression from Stage 2 to Stage 3 demographics of validation set pa-
tients in context of model performance . . . . . . . . . . . . . . . . . . . . . 402

E.29 AKI progression from Stage 2 to Stage 3 comorbidities of validation set pa-
tients by condition positive or negative . . . . . . . . . . . . . . . . . . . . . 403

E.30 AKI progression from Stage 2 to Stage 3 comorbidities of validation set pa-
tients in context of model performance . . . . . . . . . . . . . . . . . . . . . 404

F.1 Sepsis model variable composition of the validation data set . . . . . . . . . 416

F.2 Sepsis model variable performance of the validation data set . . . . . . . . . 417

F.3 Sepsis demographics of validation set patients by condition positive or negative418

F.4 Sepsis demographics of validation set patients in context of model performance419

F.5 Sepsis Comorbidities of validation set patients by condition positive or negative420

F.6 Sepsis comorbidities of validation set patients in context of model performance 421

G.1 DIC model variable composition of the validation data set . . . . . . . . . . 433

G.2 DIC model variable performance of the validation data set . . . . . . . . . . 434

G.3 DIC demographics of validation set patients by condition positive or negative 435

G.4 DIC demographics of validation set patients in context of model performance 436

G.5 DIC Comorbidities of validation set patients by condition positive or negative 437

G.6 DIC comorbidities of validation set patients in context of model performance 438

H.1 Misclassifications: False Positive . . . . . . . . . . . . . . . . . . . . . . . . . 440

H.2 Misclassifications: False Negative . . . . . . . . . . . . . . . . . . . . . . . . 441

xvi



GLOSSARY

AIDS: Acquired Immune Deficiency Syndrome

AKI: Acute Kidney Injury

ALI: Acute Lung Injury

ALT: Alanine Aminotransferase

APACHE: Acute Physiology and Chronic Health Evaluation

ARDS: Acute Respiratory Distress Syndrome

AST: Asparate Aminotransferase

AUC: Area Under Curve

BIDMC: Beth Israel Deaconess Medical Center

BSA: Body Surface Area

BUN: Blood Urea Nitrogen

CCU: Coronary Care Unit

CI: Confidence Interval

CPAP: Continuous Positive Airway Pressure

CPK: Creatine Phosphokinase

CPU: Central Processing Unit

CSRU: Cardiac Surgery Recovery Unit

xvii



DIC: Disseminated Intravascular Coagulation

EMR: Electronic Medical Record

FN: False Negative

FP: False Positive

FPR: False Positive Rate

GCS: Glasgow Coma Score

GFR: glomerular filtration rate

GT: Gastronomy Tube

HDL: High Density Lipids

HIV: Human immunodeficiency virus

HR: Heart Rate

ICD-9-CM: International Classification of Diseases, Ninth Revision, Clinical Modification

ICU: Intensive Care Unit

INR: Internation Normalization Ratio

ISTH: International Society on Thrombosis and Haemostasis

IV: Intravenous

JAAM: Japanese Association for Acute Medicine

KB: Knowledge Base

KDIGO: Kidney Disease Improving Global Guidelines

LD: Lactate Dehydrogenase

xviii



LDL: Low Density Lipids

LIPS: Lung Injury Prediction Score

LMWH: Low Molecular Weight Heparin

LOS: Length Of Stay

LVSW: Left Ventricle Stroke Work

MAP: Mean Arterial Pressure

MEWS: Modified Early Warning Score

MIMIC-III: Medical Information Mart for Intensive Care III

N: Number of samples

NA: Not Available

NAGMA: Non-Anion Gap Metabolic Acidois

NBP: Non-invasive Blood Pressure

NPV: Negative Predictive Value

PEEP: Positive End-Expiratory Pressure

PO: Per Os, by mouth

PPV: Positive Predictive Value

PT: Prothrombin Time

Q1: First Quartile

Q3: Third Quartile

QSOFA: Quick Sequential Organ Failure Assessment

xix



RAM: Random Access Memory

RIFLE: Risk, Injury, Failure, Loss of kidney function, and End-stage kidney disease

ROC: Receiver Operating Characteristic

RRT: renal replacement therapy

SAHRF: Severe Acute Hypoxemic Respiratory Failure

SAPS: Simplified Acute Physiology Score

SDB: Support Database

SICU: Surgical ICU

SIRS: Systemic Inflamatory Response Syndrome

SQL: Structured Query Language

SOFA: Sequential Organ Failure Assessment

TN: True Negative

TP: True Positive

TPR: True Positive Rate

TSICU: Trauma Surgical ICU

WBC: White Blood Cell

WEKA: Waikato Environment for Knowledge Analysis

xx



ACKNOWLEDGMENTS

• My parents, Katherine and Alexander Jablonowski, my partner, Abigail Cromwell, and

my children, Madison and Gwendolyn, for their infinite patience and boundless support

• Dr. Linda Shapiro for her continued guidance

• The late Dr. Fredric Wolf for his direction

• Dr. Eshana Shah for her clinical collaboration

• PhysioNet for diligently producing one of the greatest resources for predictive bioin-

formatics, MIMIC-III

• The University of Washington Department of Emergency Medicine for their support

• The Open Science Grid and the Globus Alliance (from the University of Chicago and

Argonne National Laboratories) for computing resources [71] [79]

• Funded, in part, by a fellowship from the National Library of Medicine

• The open source community: Linux; Ubuntu; VirtualBox; Python (numpy, scipy, and

sklearn); Perl; Gnu Compiler Collection; Java; Java-Bridge; WEKA; PostgreSQL;

SQLite; and MySQL

xxi



DEDICATION

From Katherine and Alexander and all that they gave

with help from Abigail

to Madison and Gwendolyn

may you have a better world

xxii



1

Chapter 1

INTRODUCTION

1.1 Motivation

The motivation for the research contained in this dissertation is very much an effort to predict

the onset of high-mortality diseases in the intensive care unit. The earlier the prediction,

the more time a clinician has to alter the patient’s trajectory, avoid mortality, and mitigate

adverse outcomes.

The research contained in this dissertation makes several scientific discoveries and novel

characterizations of disease. More importantly, the intelligent agent framework described

has a proven ability to drive scientific discovery. The sophisticated tool may be generalized

and applied to other problems. Indeed, the one tool is applied to five different diseases. The

tool may predict the onset of a disease, and may be applied to any disease where onset can

be defined. In this research the intelligent agent framework is applied to ARDS, SAHRF,

AKI, sepsis and DIC. Generally, the intelligent agent framework can data mine a database

and predict an event.

Carried forward, this research and derivative works will aide in patient care and curb

adverse outcomes. The ICU setting is chosen, because it is there where the health data

is rich and it is there where interventions can have a huge impact. ARDS, SAHRF, AKI,

sepsis, and DIC were chosen because these diseases have: a clearly defined disease onset;

a large impact on the patient (an in-hospital mortality rate of 28%, 23%, 18% (as high as

47% for Stage 3 AKI), 44%, and 27% (38% when also afflicted with ARDS) respectively);

and actionable early therapeutics to change the patients trajectory. Sophisticated predictive

models may enable clinical tools to identify at-risk patients early, allowing for the early

application of therapies and mitigating adverse outcomes.
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1.2 Research Objectives

The goals of this research are to 1) create an intelligent agent tool capable of: navigating

an EMR; generating and testing hypotheses within the confines of the EMR; and produce

good performing models of disease; 2) apply the intelligent agent framework to the diseases

of ARDS, AKI and sepsis; and 3) apply the intelligent agent framework to derivative investi-

gations of diseases, which are SAHRF, Stage 2 AKI, Stage 3 AKI, Progression from Stage 1

to Stage 2 AKI, Progression from Stage 2 to Stage 3 AKI, DIC from ARDS patients, ARDS

from DIC patients, and DIC.

1.3 Thesis Overview

Chapter 2 examines the peer-reviewed literature of: the machine learning algorithms used;

ARDS; AKI; sepsis; and DIC. Chapters 4, 5, and 6 examine the predictive capability of the

intelligent agent framework on ARDS, AKI, and sepsis respectively.

During the course of researching ARDS and AKI opportunities arose to study the depth

of disease states and disease interactions. Table 1.1 is the calculated P-value of diseases

co-occurring at random. The table is not symmetric along the diagonal, because exclusion

criteria for diseases are unique, and therefore do not have a commutative property. That is,

the probability of disease A given disease B is not equivalent to the probability of disease B

given disease A in this framework. Derivative investigations are bolded. SAHRF (Chapter

4) is a necessary (but not sufficient) condition for ARDS. The intelligent agent derived model

predicts the onset of SAHRF very well. This dissertation conclusively shows a correlation

between ARDS and DIC in Chapter 4. The large number of AKI positive patients allowed

for deeper investigation, and in Chapter 5 AKIs are predicted and characterized at all three

Stages and between progressively severe Stages. Chapter 7 is dedicated to the investigation

of predicting the onset of DIC.
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Hypoxemia ARDS AKI1 AKI2 AKI3 Sepsis jaamDIC isthDIC

Hypoxemia 0.036 0.294 0.333 0.341 0.363 0.188 0.322

ARDS 0.036 0.273 0.249 0.243 0.278 0.051 0.304

AKI1 0.199 0.273 0.155 0.162 0.338 0.253 0.277

AKI2 0.201 0.106 0.108 0.013 0.162 0.212 0.201

AKI3 0.205 0.093 0.108 0.011 0.171 0.184 0.181

Sepsis 0.222 0.113 0.281 0.139 0.156 0.164 0.142

jaamDIC 0.177 0.044 0.328 0.332 0.317 0.313 0.423

isthDIC 0.315 0.296 0.349 0.325 0.316 0.297 0.424

Table 1.1: P-value of co-occurring diseases: The probability that a patient afflicted with a

disease in the vertical also is afflicted with a disease in the horizontal at random. It is the

P-value of the two diseases co-occurring. Bold faced represent disease relationships inspected

in this dissertation, in addition to the diseases themselves.
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Chapter 2

RELATED LITERATURE

2.1 Introduction

This chapter is an examination of peer-reviewed literature relevant to this dissertation. It

covers the 17 machine learning algorithms utilized via the Java based WEKA libraries.

ARDS, AKI, sepsis, and DIC are each described with current knowledge of epidemiology,

pathogenesis, and capabilities of predictive models.

2.2 Machine Learning Algorithms

This dissertation makes use of 17 machine learning algorithms. The non-linear Random

Forest algorithm based on work by Breiman [4] dominates this dissertation and is the primary

algorithm used for all final models. The other 16 algorithms include DecisionStump based

on work by Iba and Langly [36]; Decision Tables based on work by Kohavi [42]; the J48 and

REP Tree algorithms based on work by Quinlan [73]; the JRip algorithm based on work by

Cohen [9]; the KStar algorithm based on work by Cleary and Trigg [8]; Logistic Model Trees

and Simple Logistic Regression based on work by Landwehr et al. [45]; Logistic Regression

based on work by Le Cessie and van Houwelingen [48]; Multilayer Perceptrons based on work

by Hastie et al. [32]; the Naive Bayes algorithm based on work by John and Langley [37]; the

One R algorithm based on work by Holte [35]; the PART algorithm based on work by Frank

and Witten [23]; Random Trees based on work by La Valle and Kuffner [46]; the Sequential

Minimum Optimization algorithm for training a support vector classifier based on work by

Platt [70]; and Voted Perceptrons based on work by Freund and Schapire [24].

The aforementioned machine learning algorithms are made accessible to the intelligent

agents of this dissertation via Java libraries that are part of the Waikato Environment for
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Knowledge Analysis (WEKA) by Frank et al. [14]. WEKA is made available in the Python

programming language, the native language of the intelligent agent framework, by Java-

Bridge.

2.3 Acute Respiratory Distress Syndrome

ARDS existed as a concept since 1967, when Ashbaug et al. [1] characterized the clinical,

radiographic, and pathologic features. ARDS presently afflicts an estimated 200,000 patients

per year in the US, and is associated with significant morbidity and a mortality rate of 37.5%

[20].

Koh [41] describes the pathogenesis of the disease taking two pathways that lead to

ARDS. Either the capillary-membrane or the surfactant producing cells may be damaged,

which propogates a sequence of events leading to alvelolar damage and impaired oxygenation

and ventilation at the capillary-alveolar junction. With ongoing alveolar damage and in the

setting of the inflammatory milieu, normal lung parenchyma is replaced by stiff fibrotic tissue

that lacks normal compliance and is incapable of CO2 and O2 gas exchange. These structural

and functional changes lead to an increase in dead space (inspired air cannot participate in

gas exchange by the alveoli) as described by Nuckton et al. [65].

There are several known risk factors associated with ARDS. Nosocomial, or in-hospital,

causes of ARDS include mechanical ventilation. Gajic et al. [26] found that 24% of ARDS

patients studied had onset after ventilation. The insult to lung tissue may be caused by

a traumatic intubation or delivery of an excessive amount (tidal volume) of air into the

lung leading to alveolar overdistension. Gajic later co-authored a paper [25] in 2011 which

described risk factors that predispose a patient to acquiring ARDS. These include: admission

source; APACHE II score; shock; aspiration; cardiac surgery; aortic vascular complications;

smoke inhalation; lung contusion; tachypnea (high respiratory rate); low SpO2; high FiO2;

low albumin; and low pH.

Kallet et al. [38] describes early therapeutic interventions to be taken as part of the ARD-

Snet Mechanical Ventilation Protocol, which is now standardized management for these pa-
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tients. It includes setting a relatively low tidal volume (6-8 mg/kg of predicted body weight)

in order to minimize alveolar hyperinflation and patient pronation (lay patient face down)

which would recruit additional dependent alveoli. Gong et al. [30] identified an additional

action, which is to avoid packed red blood cell transfusions if possible.

ARDS, as a disease, has had several different diagnostic criteria. Previously, the distin-

guishing factor was the degree of hypoxemia (denoted as the P/F ratio) and acute lung injury

(ALI) wa characterized to be a milder form of ARDS. At the 2011 Berlin conference, the

European Society of Intensive Care Medicine, the American Thoracic Society, and the Soci-

ety of Critical Care Medicine developed a definition for the diagnostic criteria [74] (known as

the Berlin definition). This removes ALI as a separate concept. As ARDS is diagnosed from

a constellation of findings rather than a single test or finding, the Berlin definition defines

these as: 1) worsening respiratory status or onset within one week after a known insult; 2)

radiographic bilateral opacities not fully explained by an alternative etiology; 3) pulmonary

edema not due to cardiogenic origin; 4) and delineates the stages of ARDS by the PaO2/FiO2

ratio starting at hypoxemic (or <300 mmHg).

Gajic et al. [25] derived a Lung Injury Prediction Score (LIPS) to describe patients at

risk of developing ARDS. The scoring system includes the following risk factors: shock;

aspiration; sepsis; pneumonia; orthopedic spine surgery; acute abdominal surgery; cardiac

surgery; aortic vascular surgery; traumatic brain injury; smoke inhalation; near drowning;

lung contusion; multiple fractures; alcohol abuse; obesity; hypoalbuminemia; chemotherapy;

fraction of inspired oxygen; tachypnea; oxyhemoglobin saturation <95%; acidosis; and di-

abetes mellitus. Though the scoring system has an impressive AUC of 0.79, the positive

predictive value is merely 0.18 while the negative predictive value is 0.97. This makes the

scoring system much more valuable in predicting patients who will not become afflicted with

ARDS than it is for predicting patients who will become afflicted. LIPS is validated in a

population based cohort by Trillo-Alvarez et al. [89], five academic medical centers by Soto

et al. [84], and a surgical critical care cohort by Bauman et al. [18]. All studies have sim-

ilar results: AUC=0.79-0.84; positive predictive value = 0.17-0.24; and negative predictive
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value=0.95-0.97.

This dissertation describes a correlation, and probable interaction, between ARDS and

Disseminated Intravascular Coagulation (DIC). Two definitions of DIC are considered. In

2001, the “Scientific Subcommittee on Disseminated Intravascular Coagulation (DIC) of the

International Society on Thrombosis and Haemostasis (ISTH)” put forward a diagnostic

definition described by Taylor et al. [86]. The more liberal defining criteria for DIC was put

forward by the Japanese Association for Acute Medicine (JAAM) described by Gando et

al. [27]. The representation of ARDS and DIC correlating in the peer-reviewed literature

is scarce. In 1977 Ogawa et al. [67] studied 9 ARDS patients, 6 of whom also had DIC.

In 1986 El-Kassimi et al. [15] studied 52 heat stroke patients, 12 of whom had ARDS and

DIC. In 2014 Miyoshi et al. [58] performed a retrospective study of 142 patients with both

ARDS and DIC and found that administering a neutrophil elastase inhibitor (to minimize

tissue damage in the ARDS pathway) and a thrombin coagulation inhibitor (to mitigate the

consumption of clotting agents by DIC) combined was more effective than either drug alone,

though did not go on to describe a causal or correlative process.

This dissertation goes on to create a predictive model for ARDS patients to develop DIC

at the time of ARDS onset, and a predictive model for DIC patients to develop ARDS at

the time of DIC onset. There are no such predictive models in the peer-reviewed literature.

Additionally it addresses a predictive model for Severe Acute Hypoxemic Respiratory Failure

(SAHRF) which is not found in the peer-reviewed literature.

2.4 Acute Kidney Injury

Acute Kidney Injury (AKI) is the sudden decrease of renal function, characterized by elevated

serum creatinine and oftentimes decreased urine output. The kidneys are amongst the most

sensitive organs to changes in blood perfusion or other abnormalities, therefore a dysfunction

elsewhere often leads to renal injury. The sensitivity of the kidneys is evident by the large

number of comorbid diseases that are associated with an increase in incidence of AKIs,

including: inflammation and sepsis; endoplasmic reticulum stress (caused by nephrotoxic
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drugs or iodine-based contrast agents); endothelium and vascular damage; diabetes; cancer;

cardiac surgery; and human immunodeficiency virus (HIV) as described by Farooqi et al.

[21].

Epidemiologically AKIs are estimated to cause 2 million deaths per year, afflicting 7-18%

of hospitalized patients and 50% of ICU patients [6]. Negi et al. [62] describe the long term

risks associated with AKIs which include: progression to chronic kidney disease; progres-

sion to end-stage renal disease requiring dialysis; cardiovascular events such as myocardial

infarction (heart attack), congestive heart failure, stroke and increased mortality.

There are many variations of disease definition for AKIs. The Acute Kidney Injury

Network (AKIN) definition put forth by Mehta et al. [57] is used here. The most popular

alternative is RIFLE described by Bellomo et al [3]. Bellomo is less desirable for a retrospec-

tive study as it includes as a variable GFR (glomerular filtration rate). GFR is measured or

calculated for 29.3% of ICU patients in this dissertation, as opposed to the more commonly

captured urine output (99.9%) and serum creatinine (93.1%). To include GFR would be

to introduce a bias in the sampled patients by those whom are already suspected of renal

complications.

In the AKIN definition of AKI, establishing a serum creatinine baseline is critical. One

sufficient condition of the AKIN definition is an elevation above baseline. The De Rosa et

al. [12] definition of baseline serum creatinine is used here. The definition takes into account

age, gender, and race.

Gaudry et al. [29] highlight the benefits of early renal replacement therapy (RRT) for

AKI patients in a randomized trial. For the early strategy cohort, RRT was applied within

six hours of an AKI event. The lag strategy cohort started RRT per standard indications

(acidosis, critical electrolyte disturbances, volume overload, or symptomatic uremia, gener-

ally >112 mg/dL). Though negative effects of the early strategy include catheter related

infection and hypophosphatemia (low levels of phosphate in the blood), the positive effects

include a decrease in the number of medical interventions related to hyperkalemia (elevated

potassium in blood serum), metabolic acidosis, and diuretics. Other studies by Zarbock et
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al. [96] and Barbar et al. [2] sought to examine the benefit of early RRT but either lacked

statistical power or were stopped by a data and safety monitoring board.

There exist several predictive algorithms for AKI that will be used as a basis of comparison

for the models that are created in this study. Kate et al. [39] use logistic regression of patient

data 60 years or older to predict AKI hospital-wide. Cheng et al. [7] use a Random Forest

algorithm to predict AKI hospital-wide. He et al. [33], with overlapping authorship of Cheng

et al., use a Random Forest algorithm to predict AKI hospital-wide. Mohamadlou et al. [59]

use a XGBoost algorithm to predict AKI Stages 2 and 3 in an ICU and hospital-wide.

Topics are addressed in this dissertation that are not present in the peer-reviewed liter-

ature. Specifically prediction models for exclusively AKI Stage 3, the progression from AKI

Stage 1 to AKI Stage 2, and the progression from AKI Stage 2 to AKI Stage 3 are included.

2.5 Sepsis

Sepsis syndromes can develop from an infection and/or bacteremia (bacteria in the blood-

stream). There is a spectrum of clinical states ranging from asymptomatic or mildly symp-

tomatic infection requiring minimal interventions to organ dysfunction, septic shock, and

death. Sutton and Friedman [85] found that sepsis affects 651 per 100,000 persons in the

US. Mayr et al. [55] found severe sepsis to affect 300 per 100,000 persons and carries a mor-

tality of 25% in the US. Torio and Andrews [88] estimate the associated health care cost of

sepsis at $24 billion per year.

Various patient-related factors (increasing age, immuncompromised host system) and

disease-related factors (particularly virulent organisms such as E. coli or gram-positive or-

ganisms such as S. aureus) can impact the severity. One of the most important factors that

affects severity and mortality is the time to recognition and treatment. Rivers et al. [75]

found that early goal-directed therapy, including fluid resuscitation and timely antibiotic ad-

ministration, compared with standard-of-care of the day reduced mortality by one-half (30%

vs 46%, respectively). In 2004, the Surviving Sepsis Campaign published its first evidence-

based guidelines focused on multiple aspects of clinical care. This has been further refined in



10

2008 and in 2016, with each iteration emphasizing prompt recognition and treatment. Once

the Surviving Sepsis Campaign published therapy guidelines, it was validated to reduce mor-

tality by: Kumar et al. [44]; Gao, et al. [28]; Kortgen, et al. [43]; Nguyen, et al. [64]; Ferrer,

et al. [22]; Teles, et al. [87]; Zambon, et al. [95]; and Shiramizo, et al. [82]).

Though there are well-informed practices and creation of “septic bundles” to guide care

once sepsis is recognized, the detection of sepsis remains critical to providing such care.

Unfortunately, sub-optimal definitions of sepsis have long existed. Previously one of the

leading tools involved the use of Systemic Inflammatory Response Syndrome (SIRS) criteria

which primarily focused on abnormal vital signs (temperature, heart rate, respiratory rate).

Its greatest drawback was that numerous non-infectious etiologies can cause a patient to

meet SIRS criteria and therefore lead to inappropriate and unnecessary care.

An improved definition was proposed in 2016 with the publication of the Sepsis-3 defini-

tion criteria by Singer et al. [83]. The Sepsis-3 definition describes sepsis as “life-threatening

organ dysfunction caused by a dysregulated host response to infection.” Organ dysfunction

is characterized by abnormalities in mentation (Glasgow Coma Score), respiration, cardiac

(hypotension or need for vasopressor support), hepatic (bilirubin), renal (serum creatinine,

urine output) and coagulation systems.

There are many predictive models in the peer-reviewed literature, narrowed down 19 to

use in this dissertation as a foundation of comparison. Desautels et al [13] has an impressive

performance, but suffers from a bias due to an artificial reduction in false positives from the

inclusion criteria. Van Wyk et al [91] requires continuous physiological data as an inclusion

criteria. Saqib et al. [78] uses the Angus criteria and excludes patients without measured

data for all variables. Shankar-Hari et al. [80] us based on neutrophil CD279 tests. McCoy et

al. [56] employs an interventional SIRS screen twice a day. Mao et al. [52] excludes patients

without measured data for all variables. Layios et al. [47] examines platelet activation

markers. For Rothman et al. [76], the difference between development performance and

validation performance implies over-fitting of the development model. Lindner et al. [49]

only applies to polytrauma patients. Mardi et al. [53] examines the IL-6 blood test results.
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Lukaszewski et al. [50] includes only patients already at risk for sepsis. Other comparison

models included are: Vassiliou et al. [92] in an ICU; Gouel-Cheron et al. [31] after major

trauma; Faisal et al. [19] in emergency medicine; Nemati et al. [63] in an ICU; Shashikumar et

al. [81] using continuous physiological data in an ICU; Danner et al. [11] in a whole hospital;

Olenick et al. [68] in a 12 hospital cohort; and Wang et al. [94] in a national population-based

study for community acquired sepsis.

2.6 Disseminated Intravascular Coagulation

Matsuda [54] found DIC present in roughly 1% of tertiary care patients, though there are mild

and sub-clinical manifestations that may not be accounted. Treatment of DIC is focused on

treating the underlying condition [93] that provides the procoagulants which starts the DIC

cascade by causing excess thrombin formation. Though this dissertation describes ISTH’s

definition of DIC, provided by Taylor et al. [86], it primarily makes use of JAAM’s DIC

definition provided by Gando et al. [27].

The prediction of the onset of DIC, addressed in this research, is not present in the

peer-reviewed literature.

2.7 Summary

This chapter summarized the peer-reviewed knowledge relevant to this dissertation. It in-

cluded the machine learning algorithm implementation. Also reviewed were the diseases of

ARDS, AKI, sepsis, and DIC with current knowledge of epidemiology, pathogenesis, and

capabilities of predictive models.
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Chapter 3

METHODOLOGY

3.1 Introduction

The chapter describes the methodology of creating the intelligent agent framework and

the tools the intelligent agents use to data mine the EMR. The data source of this dis-

sertation is an EMR, MIMIC-III. The knowledge necessary for efficiently mining the EMR

(variable names, variable location, statistics associated with variables, aggregate definitions,

logic definitions, metric definitions, operator definitions) and running machine learning al-

gorithms, with adjustable parameters, are stored in the knowledge base. The agents update

the support database with progress made in modeling. The disease condition definition sets

the time of disease onset that the agents use as reference when constructing the feature

space. Missing data is handled by a nearest neighbor approach. The process overview of an

intelligent agent is included, along with feature space learning and sub-population concept

hypothesis learning and testing. Included are all metrics of analysis, methods of compari-

son, and the reporting of variables, demographics, and comorbidities. Surrogate variables,

variables that are artifacts and most likely infer a deeper phenomenon, are described. This

chapter concludes with biases and limitations of the methodology. further details are given

in the appendices.

3.2 Data Source

MIMIC-III (Medical Information Mart for Intensive Care III) is a de-identified electronic

medical record derived from intensive care units at the Beth Israel Deaconess Medical Cen-

ter between 2001 and 2012. The database covers 46,520 patients during 58,976 individual

hospital admissions and culminates in 61,532 individual ICU stays.
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The majority of the features selected by agents in these experiments are derived from

seven high temporal resolution tables: chartevents (n=330,712,483 including attributes like

heart rate, fingerstick glucose, ventilator setting, etc.); inputevents cv and inputevents mv

(derived from two different vendors, CareVue and Metavision) (n=21,147,885 including at-

tributes like albumin 20%, saline 0.9%, dextrose 5%, etc.); labevents (n=27,854,055 including

attributes like free calcium, lactate, glucose, etc.); microbiologyevents (n=631,726 including

attributes like blood culture, bone marrow cytogenetics, rapid respiratory viral screen and

culture, etc.); outputevents (n=4,349,218 including attributes like urine flush, hemodialysis,

thoracentesis, etc.); and, procedureevents mv (n=258,066 including attributes like CT scan,

bronchoscopy, tunneled (Hickman) line, etc.).

The demographics of the patient population of the MIMIC-III database are contained

in Table 3.1. The generation of this demographic signature is necessary to highlight de-

mographic differences in the sub-populations of studies derived from this database. Of the

61,532 ICU patient stays in MIMIC, the median age is 62 years, the population is predom-

inantly male (56.0%), 13.1% of patients have a 30 day mortality, and the median length of

stay is 2.09 days (Q1=1.11, Q3=4.48). The breakdown of services within the ICU are as

follows: the Medical ICU (MICU) has 34.3% of the patients; the Cardiac Surgery Recovery

Unit (CSRU) has 15.5% of patients; the Surgical ICU (SICU) has 14.4% of patients; the

Coronary Care Unit (CCU) has 12.6% of patients; and, the Trauma Surgical ICU (TSICU)

has 10.4% of patients. Of the patient population, the ethnic/racial makeup is as follows:

70.1% of patients identify as White; 9.8% of patients identify as Black; 3.6% of patients

identify as Hispanic; and 3.3% of patients identify as Asian. The insurance coverage makeup

is as follows: 48.4% of patients are covered by Medicare; 37.8% of patients are covered by

private insurance; 9.8% of patients are covered by Medicaid; 3.0% of patients are covered by

government insurance; leaving 1.0% of patients as uninsured/self-pay.

The Entity Relationship Diagram for the subset of MIMIC-III used in this study is pre-

sented in Figure 3.1. There are three basic types of tables: patient; hospital admission; and

ICU stay. One patient can have multiple hospital admissions, and one hospital admission
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can have multiple ICU stays. The ICU stays table is the central table of the MIMIC database.

MIMIC contains three definition tables: items; laboratory items; and ICD diagnoses. MIMIC

contains 8 other tables that record the granular data, each of them links to a defini-

tion table and either the ICU stay table or the hospital admission table. Output events,

chart events, input events, and procedure events all link to the ICU stay table and the

item definition table. The ICD diagnosis table links to the ICD diagnosis definition table

and the hospital admissions table. Both the laboratory events and microbiology events ta-

bles link to the laboratory item definition table as well as the hospital admissions table. This

is because laboratory and microbiological findings outside the ICU remain very relevant to

the care of the patient in the ICU.
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Variable Population (%) or (Q1,Q3)

N 61532

Age, median 62.0

Male 34469 (56.0%)

30 Day Mortality 8089 (13.1%)

ICU LOS, median(Q1,Q3) 2.09 (1.11, 4.48)

ICU

CCU 7726 (12.6%)

CSRU 9312 (15.1%)

MICU 21088 (34.3%)

SICU 8891 (14.4%)

TSICU 6415 (10.4%)

ethnicity

Asian 2032 (3.3%)

Black 6003 (9.8%)

Hispanic 2197 (3.6%)

White 43154 (70.1%)

insurance

Government 1837 (3.0%)

Medicaid 6017 (9.8%)

Medicare 29812 (48.4%)

Private 23244 (37.8%)

Self Pay 622 (1.0%)

Table 3.1: MIMIC Demographics.
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Figure 3.1: MIMIC Entity Relationship Diagram.
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3.3 Knowledge Base

The knowledge base in Figure 3.2 was developed to organize information to support intel-

ligent agents operation and implementation of complex SQL queries and machine learning

algorithms using the MIMIC database. The knowledge base consists of three sections of

tables.

Figure 3.2: Knowledge Base Diagram.

Three constructed tables are dedicated to describing the items in the MIMIC database.

These items describe the granular data of MIMIC in output events (subsection A.0.12),

chart events (subsection A.0.2), input events (subsections A.0.8 and A.0.9), procedure events

(subsection A.0.14), laboratory events (subsection A.0.10), and microbiological laboratory events

(subsection A.0.11). The main table (subsection B.0.4) describes the items used in this dis-

sertation. There are 575 attributes populated in this table which are present in a minimum of

5% of patients. There are many other attributes in MIMIC; to pare down the computational

load the decision was made to limit the attributes to those that appear in a minimum of

5% of patients. A lower percentage would include more attributes and dramatically increase
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the feature space, and the added attributes would not prove statistically significant given

the size of the patient population. The statistics table (subsection B.0.7) contains statistical

distributions of the values of the items in the MIMIC database. Previously computed statis-

tical distributions are important for intelligent agents, which will be selecting and adjusting

parameters of models based on these items. The third table related to MIMIC items is an

attribute reduction table (subsection B.0.2) which merges multiple identical attributes of

the main table under a single attribute identifier. For example, over the 12-year range of

MIMIC there have been 6 different non-overlapping identifiers for white blood cell count. The

attribute reduction table amalgamates duplicate items under a single attribute identifier.

Five tables are dedicated to executing machine learning algorithms on a data set. The ta-

ble mla classname (subsection B.0.9) sets a unique identifier to each one of the 17 algorithms

used by the intelligent agents. Each algorithm has a set of definable options that direct the

performance of the algorithm and are amassed in the mla classname opt table (subsection

B.0.10). Each option has a type, distinguishable in the mla opt table (subsection B.0.11).

The allowable types are either a range with an upper bound and lower bound set in the

table mla opt range (subsection B.0.13), or an enumeration of text, such as selecting a filter

by name, set in the table mla opt enum (subsection B.0.12). Possible options include esti-

mators (Bayes Net, Bayesian Model Averaging, or simple); search algorithms (K2, genetic,

hill climber, look ahead hill climber, repeated hill climber, simulated annealing, tabu search,

or global score); SVM kernels (poly kernel, normalized poly kernel, cached kernel, or radial

basis function); and neighbor distance calculators (Euclidean, Chebyshev, edit distance, or

Manhattan distance).

The third class of tables found in the knowledge base contain basic definitions for writing

complex SQL queries. Though these tables could be completely contained in the execution

programs themselves, for stability and ease of access they were placed in stand-alone tables.

Aggregate (subsection B.0.1) defines and indexes the SQL aggregate functions the intelligent

agents can use (min, max, avg, etc.). Logic (subsection B.0.3) defines and indexes the

logical operators the intelligent agents can use in either SQL queries or in constructing
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complex concepts (AND, OR, etc.). The metric table (subsection B.0.5) defines and indexes

some basic metrics intelligent agents use to evaluate a model’s performance (TP, TN, etc.).

The operator table (subsection B.0.6) defines and indexes basic operators used in setting

parameters (less than, greater than, between two numbers, etc.). The statistical identifier

table (subsection B.0.8) defines and indexes statistical metrics used in describing data, and

is most notably used in describing statistical distributions such as in the statistics table

(subsection B.0.7) of this knowledge base.

3.4 Support Database

A supporting database (SDB) was created to support the functions of intelligent agents as

the data mining of the MIMIC database commences. The supporting database is broken out

into several key components: problem declaration; feature space; concept formation; and

evaluation of models.

The problem declaration table, sdb target class, holds data surrounding the onset of

disease, breaking out positive patients and control patients. For disease positive patients the

timestamp records the earliest conditions necessary for the disease to be diagnosed during

their ICU stay, or a randomly generated timestamp within the bounds of their ICU stay for

patients who do not contract the disease.

The feature space per disease is calculated from MIMIC and populated in the fdb ta-

ble (subsection C.0.2). For every disease inspected it contains an attribute, value, and the

timestamp for that value for all attributes in the main table of the knowledge base (see sub-

section B.0.4). The table also contains a t-minus calculation which indicates the time before

the onset of disease as defined in the sdb target class table (subsection C.0.15). Using this

feature space table in conjunction with the knowledge base main table, the intelligent agents

create an instance (subsection C.0.3). An instance is associated with a set of attributes found

in the feature space - attribute table (subsection C.0.4) and constitutes an iteration the intel-

ligent agents are inspecting. A feature space - patient table (subsection C.0.5) is also created

to declare the patients for whom the attributes are valid. The feature space - patient table
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saves computation time when amassing data files from the fdb table data, and also allows

for inclusion/exclusion concepts to be applied. The selected attributes and patients (with

or without inclusion/exclusion concepts) constitute a model. The statistics and description

of the machine learning algorithm that ran the model to predict the onset of the disease

are stored in the gfs stat table (subsection C.0.6), and the higher resolution incremental

threshold curve data is stored in gfs stat thresh (subsection C.0.7).

I included seven supporting database tables to support the formation and evaluation of

concepts. A “concept”, as the term is used in this dissertation, forms an inclusion criterion

for a sub-population of patients to be included in a model. The sdb main table (subsection

C.0.12) defines an instance of a hypothesis. The intelligent agents evolve a hypothesis into

one or more derivative hypotheses. The provenance of every hypothesis is tracked through

a parent-child schema. sdb main also contains a target id that links to the definition of

disease (subsection C.0.15). The hypothesis table, sdb hyp (subsection C.0.11), contains the

concept id associated with the instance of the hypothesis. A concept under the hypothe-

sis framework may be made of one or more other concepts, assembled with logic operators

found in the sdb concept logic table (subsection C.0.10). The root concept, found in the

sdb concept table (subsection C.0.9), contains the necessary parameters to write a SQL query

and include a sub-population that meets the criteria of the concept. The cdb table (subsec-

tion C.0.1) is a measure to save on on-the-fly computation time by previously assembling the

patient, attribute, value of attribute, and timestamp for every concept. Patients who qualify

in a hypothesis’ sub-population may be incorporated into the feature space - patient table

(subsection C.0.5) or evaluated against the disease as a stand-alone model. Evaluations are

stored in the sdb stat table (subsection C.0.14), and the machine learning algorithms that

evaluated those models may be found in the sdb mla table (subsection C.0.13).

Evaluating a model against an accepted standard is necessary to identify the impact of

any findings the intelligent agents discover. To evaluate the intelligent agent models, the

efforts of this research compare their performance with the performance metrics of the pub-

lication. Additionally, whenever possible, the published model is re-implemented on MIMIC
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and comparisons are made by the performance metrics using the same patient population.

Disease specific database tables were designed to house other published models that are

re-implemented on the MIMIC database. An example may be found in the LIPS (Lung

Injury Prediction Score) table (Section 4.5) where every parameter of the scoring method is

itemized the by authors.
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Figure 3.3: Support Base Diagram.
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3.5 Seeding the Databases

3.5.1 Knowledge Base

“Seeding the databases” means populating the tables with information the intelligent agents

will need to function. A table is “stand-alone” if it may be populated independently of other

tables. A table is “dependent” if populating the table requires information from another

table.

The stand-alone tables reside in the knowledge base, and are responsible for defining and

organizing basic functions the intelligent agents access while constructing complex queries to

data mine the MIMIC database or construct concepts. These knowledge base tables are the

Aggregate (subsection B.0.1), Logic (subsection B.0.3, Metric (subsection B.0.5), Operator

(subsection B.0.6), and Statistics Identification (subsection B.0.8) tables. These stand-alone

tables are populated directly from written SQL inserts.

The five knowledge base tables dedicated to executing machine learning algorithms were

also populated directly from written SQL inserts. The design and values of the tables were

derived from WEKA’s classifiers and affiliated options. For each of the 17 classifiers selected

from the WEKA library (subsection B.0.9), an internal identifier was created to link to

an option (subsection B.0.10). The options required another layer (subsection B.0.11) to

disambiguate options which included ranges (subsection B.0.13) from options that were an

enumeration of text (subsection B.0.12).

Seeding the knowledge base main table (subsection B.0.4) required collating patient in-

formation from seven different tables in the MIMIC database. To be included in this table,

an attribute must appear in a minimum of 5% of patients in the MIMIC database. This mea-

sures was taken to reduce the feature space and associated computation load for attributes

that would not likely be statistically significant. The category field identifies the MIMIC ta-

ble and the itemid identifies the MIMIC identifier. They are assigned an attribute identifier

native to the knowledge base and support database. The statistics table (subsection B.0.7)

uses the statistic metrics identified in the previously seeded statistics identification table,
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and computes every metric for every attribute. Once the main table is complete, a thorough

screening of attributes is performed to identify duplication events. The attribute reduce table

(subsection B.0.2) was seeded by written SQL inserts to compensate for duplicate attributes.

3.6 Disease Condition Definition

This dissertation focuses on predicting the temporal onset of disease. For a disease to be

considered, the onset of the disease must be able to be calculated from data collected in the

EMR. The onset of ARDS, AKI, sepsis, SAHRF, and DIC can all be reliably calculated or

inferred from the data contained in MIMIC.

The problem declaration table (subsection C.0.15) is populated through SQL queries

which identifies disease onset in MIMIC. Every disease has its own uniquely specific diagnos-

tic criteria. Throughout the Methods chapter ARDS examples will accompany descriptions

to demonstrate the application of the methods. ARDS has a set of diagnosis codes (518.5,

518.51, 518.52, 518.53, and 518.52). By the Berlin definition, ARDS also has an oxygen

insufficiency requirement of PaO2/FiO2 less than or equal to 300 (hypoxemic). PaO2 is the

partial pressure of dissolved oxygen in the blood (80 mmHg is considered normal). FiO2 is

the fraction of inspired oxygen (room air is 0.21, since Earth’s atmosphere is 21% oxygen).

For this study, it is considered sufficient to identify the onset of ARDS for patients having

an ARDS diagnosis code as the time the PaO2/FiO2 ratio is less than or equal to 300. All

patients are excluded who enter the ICU already hypoxemic, as their disease onset precedes

the data represented in MIMIC. The PaO2/FiO2 ratio and timestamp was calculated for

every patient in the MIMIC database. The timestamp for the first occurrence of the ratio

less than or equal to 300 is inserted into the problem declaration table as a condition pos-

itive patient. For all other patients (condition negative or control) the timestamp used is

randomly selected between their arrival and departure from the ICU.
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3.7 Feature Space Database

Predicated upon the problem declaration table being populated, the feature selection database

(subsection C.0.2) can be populated using the timestamps previously calculated. The fea-

ture selection database consists of all values of attributes considered and timestamps within

the considered range, for all patients in MIMIC. The considered temporal range considered

for this dissertation is between just before onset and six hour prior. Values are sampled at

fifteen minute intervals. The development feature database considers all attributes in the

knowledge base main table (subsection B.0.4).

3.8 Missing Data Handling

The feature space database, derived from MIMIC’s vast archive of patient’s attribute values,

has missing values. In the initial attribute list selection (subsection B.0.4), an attribute was

viable for this study if it is present for just 5% of patients. Most attributes are present in

most patients, but there are some attributes sparsely populated.

There are several methods for the handling of missing data in data sets to be used with

machine learning algorithms. A main function of this study is to enable intelligent agents

with multiple tools for knowledge discovery. It would be consistent to allow intelligent agents

to access multiple methods for the handling of missing data. Pragmatically, this is not feasible

due to the enormous computational and storage resources required. The intelligent agents

are therefor limited to a singular method for missing data handling.

Some machine learning algorithms function with missing data inherently. These are

powerful algorithms, but there are only a few of them. Of the few, the options available are

also limited. Allowing the algorithms to handle the missing data themselves would restrict

the number of allowable algorithms. To bestow intelligent agents with multiple and varied

options, this research effort opted to handle missing data prior to machine learning.

The method of deleting entries with any missing data is appealing, because it retains

the maximum integrity of the data set. There are two problems with this approach. First,
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though selection bias is not a typical problematic concept for the deleting method in many

disciplines, the data is not missing at random. The data in the EMR is constructed by the

actions and measurements of the care providers, and inherent bias cannot be ignored. The

second problem with the deletion method for handling missing data is attrition of the data

set. The prevalence of ARDS is between 2% and 3% of ICU patients. Removing patients

with missing data in one of the many attributes selected for each model would reduce the

disease positive patients to an insufficient number for statistical consideration. The deleting

method is inappropriate for this study.

The most common method for handling missing data is to replace the missing value with

the mean, median, or mode of the entire data set for that attribute. Though this is a highly

useful technique, the prevalence for creating statistical artifacts makes it unattractive as a

solution. The median heart rate in MIMIC is 82 beats per minute. The median respiration

rate is 20 breaths per minute. Though the two vital signs are not strictly tied to each other,

their operation and adaptation are both regulated by similar stimuli. For example, one would

not expect that a patient with a 90th percentile breath rate (28 breaths per minute) would

have a 50th percentile heart rate (82 beats per minute). A high breath rate would imply a

stress on the pulmonary system, which would typically be accompanied by a higher heart

rate. If the heart rate were a missing data point for a pulmonary-system-stressed patient,

replacing the missing data with a mean, median, or mode metric would create a statistical

artifact of a patient presenting with both stressed and normal vital signs in two variables

known to be linked. The method of replacing missing data with the mean, median, or mode

of the data set is not chosen for this study.

To handle missing data, this study employs a nearest neighbor approach. The nearest

neighbor approach, using the ball-tree algorithm (utilizing the euclidean distance metric,

Minkowski, with p=2), is used to find each patient’s nearest neighbors based on the values

of attributes in the feature selection database. A patient inherits the value for any missing

data from their nearest neighbor with a value. As this approach does not discard patients

with missing data, it is less biased towards patients with more data (typically more severe
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conditions or patients who instigate clinician’s suspicion). The nearest neighbor approach

does still introduce a source of bias to favor existing values. The data replication occurs

at a distributed local level (the nearest neighbor). A single patient may inherit data from

multiple near neighbors depending on which values are missing. As a result no one patient

is over-represented in the data set, mitigating some biases. This method allows intelligent

agents to retain many machine learning algorithm options, maintains a significant patient

population size, and is less likely to create statistical artifacts.

3.9 Intelligent Agent Process Overview

Intelligent agents of this study are charged with learning predictors for the onset of diseases.

The overall process is depicted in Figure 3.6.

Intelligent agents, described in Figure 3.4, are a program or tool that make an observation

of the environment, select an action based on a rule set trying to achieve some goal, and

then act on the environment. The environment has therefor changed for the next iteration

of the intelligent agent or other agents. A simple example is how a thermostat continuously

monitors the temperature of a room and based on a rule set engages the heater to change

the environment with the goal of maintaining a pre-set minimum temperature. In the case

of this dissertation the agents are complex, but maintain the same fundamental structure,

as seen in Figure 3.5. The environment that is observed and acted upon is the EMR and

the support database. The intelligent agents are also equipped with a knowledge base that

serves to provide: SQL functions, so that the agents may query and update databases; an

EMR map, so the agents know where to go to retrieve specific data; and machine learning

libraries, so the agents may test a hypothesis it generates.

An intelligent agent is assigned a disease upon initialization. If it is the first such agent

to be assigned the disease, it generates a hypothesis at random. Otherwise each intelligent

agent has the following agenda:

1. Query support database to determine previous progress made by other intelligent
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agents.

2. Select a subset of the features to try.

3. Select a classifier type to use.

4. Select a set of parameters for that classifier.

5. Generate a hypothesis consisting of the feature set, the classifier, and the parameters.

6. Run the algorithm for this hypothesis, get the results, and update the support database

with the results.

Figure 3.4: Simple Intelligent Agent.

The agents have two methods of exploring the “search space” (which is 10% of the

MIMIC database set aside for model development). An agent can perform feature selection

(visualized in Figure 3.7) where it may take three different approaches to evaluate novel

selection criteria: creating de novo; editing an existing criterion; or, a genetic algorithm

approach of splicing two existing criteria. An agent may alternatively perform hypothesis

generation to learn on sub-populations. Hypothesis generation is accomplished by one of

three methods: generating a hypothesis de novo (the process of which is depicted in Figure
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Figure 3.5: Intelligent Agent Framework Overview.

3.10); mutating an existing hypothesis (the attribute remains the same, a parameter is

selected and altered at random); or constructing a new hypothesis using logical operators on

existing hypotheses.

The agents evaluate performance of a criterion by implementing a machine learning al-

gorithm experiment (10-fold cross validation). The performance metrics are stored in the

support database (SDB) where future instances of agents will access the results to select

attributes. The agent is then re-initialized.

The intelligent agents were designed in this dissertation to be ideal for massively parallel

computing and data mining. It deviates from more traditional concepts of intelligent agents

in two ways. First, an agent does not share data with another agent in real time. The

only data sharing is through a retrospective record in the support database. Second, an

agent additionally does not have a persistent and unique behavior. This study relies on the

cumulative work done by all agents rather than creating a competitive environment that
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Figure 3.6: Intelligent Agent Process Overview.

rewards agents based on a predetermined disposition as many intelligent agent studies do.

The only interactions agents do have is in consuming limited computational resources such
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as: CPU, RAM, database access, and network bandwidth.

When the performance of a criterion does not significantly improve over a long duration

of time, the agents have achieved convergence. The exploration of the search space and

evaluation of performance is discontinued, and the best performing model parameters are

locked. Of the remaining MIMIC patients not used in development, 70% are used to train

and test to create a model. On this 70%, a ten-fold cross validation approach is used, with a

90% training data set and a 10% testing data set for each instance. The threshold cutoff of

the model is set equal to the maximum F-measure where β=1.75 for studies drawn directly

from the ICU and β=1.00 for studies drawn from a subset of the ICU population (such as

predicting ARDS from DIC patients or predicting AKI Stage 2 from AKI Stage 1 patients).

A β of 1.75 is chosen because it is deemed more clinically relevant to reduce false negatives

at the expense of increasing false positives in the context of the ICU and in relation to the

diseases of this dissertation. The model with the aforementioned threshold cutoff is then

validated on the remaining 30% of the non-development MIMIC data set. The results are

analyzed for performance, demographics, comorbidities, and clinical relevance.

3.10 Feature Space Learning

The intelligent agent’s main tool is based on feature space learning. Agents are able to add or

remove attributes from selection criteria one at a time. The framework takes advantage of a

multiple-gradient descent approach. Gradient descent algorithms are greedy algorithms and

subject to the local optimization trap. Multiple-gradient descent algorithms mitigate the

risk of local optimization traps by employing the algorithm distributed over a vast search

space. A measure of randomization and non-optimal criteria selection are built into this

framework to foster criteria diversity and to escape potential local optimization traps.

When an intelligent agent creates a new criterion, it has three options. It can create a

de novo criterion (initiate a criterion not derived from a previous instance), edit an existing

criterion, or perform a genetic algorithm by randomly splicing together two existing criteria.

Creating a de novo criterion requires selecting a new set of attributes. When editing an
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existing criterion, the intelligent agents have two options. It can either add a new attribute

to an existing criteria, or it can mutate an existing criterion. When adding to an existing

criterion, the agent inserts identifiers, include linking the predecessor, and select a new

attribute. When mutating an existing criterion, the agent needs to insert identifiers, include

linking the predecessor, remove one attribute and add a new attribute. A genetic algorithm

is the third option, where two high performing criteria are selected as the “parents”. A

random sampling of criterion from each are spliced together to create a new criterion. This

process is depicted in Figure 3.7.

Figure 3.7: Feature Selection Diagram.
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3.10.1 New vs. Edit

Many options have parameters, and those parameters are adaptable over time. The option

to create a new criterion as opposed to editing an existing criteria is regulated by parameter

α. The very first learning iteration is defaulted to create a new criteria, as there would

be no existing criterion to edit. The second learning iteration is defaulted to edit one of

the existing criteria. Every learning iteration is evaluated by an area under the curve of a

receiver operating characteristic curve (denoted ROC). The probability that an intelligent

agent will select the option to create a new criteria is equal to α. The parameter α is

equal to the normalized average ROC of all learning iterations that were derived directly

from a new criteria. That is, if the ROC of new criteria learning iterations was new ROC,

and the average ROC of existing criteria learning iterations was existing ROC, then α =

new ROC/(new ROC+existing ROC). The probability that an agent will select the option

to edit an existing criteria is then 1-α.

3.10.2 Edit Selection

If an intelligent agent selects the option to edit an existing criterion, the criterion is selected

using a 90-10 10-90 rule. That is, the agents have a 90% probability of selecting the top 10%

performers, and a 10% probability of selecting the remaining 90% performers. Performance

is measured by the ROC. The 90-10 10-90 rule is in place to have preferential attraction

towards high performing criteria while maintaining the diversity of criteria. This diversity is

a compensation of the greedy algorithm drawbacks of gradient algorithms, mainly the trap

of local optimization where there exists a higher performing global optimization.

3.10.3 Edit: New vs. Mutate vs. Splicing

Editing an existing criterion has three options. This framework maintains a 45% probability

of adding a new attribute to an existing criteria, a 45% probability of mutating an attribute,

and a 10% probability of randomly splicing with another criterion.
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3.10.4 Adding and Removing Attribute Selection

This framework takes advantage of three methods to select an attribute to add (see Figure

3.8). A new attribute may be selected at random from the list of attributes in the knowledge

base main table (subsection B.0.4) less the list of attributes already in the criteria (if editing

an existing criteria). This option is available at all times, and maintains a constant diversity

of attributes to escape the local optimization trap of greedy algorithms. The probability

that an agent will select an attribute at random is 100% when there are no other methods

available, 50% when there is only one other method available, and 33% when there are two

other methods available.

Figure 3.8: New Attribute Selection Diagram.

Top performer membership is a secondary method to add an attribute. Top performers

are defined as a models with an ROC in the top 10% of all models. Membership is defined as

an attribute belonging to a model. This option is available only after 10 learning iterations.

Regression of a parent’s and child’s ROC is a tertiary method to add an attribute. For

every instance an attribute is added to an existing criteria, there exists a parent-child rela-

tionship. The difference between the parent’s criteria and the child’s criteria is the existence

of the added attribute. It is therefor possible to trend the performance of adding a particular

attribute to models across all the models the intelligent agents create. For every attribute
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that has at least two parent-child relationship examples. The algorithm creates a set of two

dimensional points where the x-axis represents the parent’s ROC and the y-axis represents

the respective child’s ROC. The algorithm then perform a linear regression on the set of

points. The slope of the regression line is a measure of performance for that attribute across

multiple models. The top performers are defined as attributes with 10% of the greatest

slopes. This option is available when there are 10 qualifying attributes, that is 10 attributes

that belong to at least two parent-child relationships.

The method of mutating a criteria is a two-step. First the removal of an existing attribute,

then the addition of an attribute. Adding an attribute has been described above. The method

for removing an attribute (see Figure 3.9) has much the same framework. An attribute may

be removed at random from the list of attributes associated with the criteria. This option

is available at all times. The probability that an agent will select an attribute at random is

100% when there are no other methods available, 50% when there is only one other method

available, and 33% when there are two other methods available.

Figure 3.9: Remove Existing Selection Diagram.

Bottom performer membership is a secondary method to add an attribute. Bottom

performers are defined as a model with an ROC in the bottom 10% of all models. Membership

is defined as an attribute belonging to a model. This option is available only after 10 learning
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iterations.

Regression of a parent’s and child’s ROC is a tertiary method to remove an existing

attribute. Similar to the adding attribute method using an evaluation of regression of points

comprising parent-child relationships, the algorithm performs a linear regression on the set

of points that are the ROC metrics for parent and child. The slope of the regression line is

a measure of performance for that attribute across multiple models. The bottom performers

are defined as attributes with 10% of the least slopes. This option is available when there

are 10 qualifying attributes, that is 10 attributes that belong to at least two parent-child

relationships.

3.10.5 Test for Uniqueness

There are two main reasons for ensuring the same model is not evaluated repeatedly. The

first reason is that each model run is a strain on computational resources. A sufficiently

complicated model may take minutes or even hours to compile and evaluate on even high

end computers. The second reason comes in the form of a repetition trap of optimization

algorithms. An optimization algorithm may thrash between two equally performing points.

For many applications of optimization, it is sufficient to write the algorithm to ensure it does

not visit the same point it evaluated in the step preceding. There is always the possibility

of being trapped between three points. Since this framework creates many complex queries,

there is always the possibility of convergent evolution, where two unrelated models through a

few steps align with the same set of attributes. The agents were designed to avoid such traps.

The intelligent agents communicate their findings via the support database. To avoid traps

and resource expenditure, every model that is proposed by an intelligent agent is checked

against all previous models to ensure it is unique. If a model proves to be unique, it is

committed to the database and written into the appropriate tables. If it is otherwise found

to be a duplication of an intelligent agents’ previous efforts, the model is discarded and the

efforts to add an attribute begin again.
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3.11 Sub-population Concept Hypothesis Learning and Testing

Machine learning algorithms applied to a narrow list of attributes in the feature space can

be powerful for detecting patterns in patients before the onset of diseases. Built into the

framework is the ability for the intelligent agents to perform sub-population data mining

and analysis to enhance the power of these applications. Sub-population formation in this

framework is centered around the instantiating of hypotheses through concepts. A concept

is any collection of characteristics that separates a group of patients from the whole of the

patient population of MIMIC. A hypothesis is a collection of concepts.

3.11.1 Anatomy of a Hypothesis

A hypothesis links to concepts, and the provenance is tracked by a parent-child relationship

schema. The structure of a concept is such that it is sufficient to facilitate the writing

of simple or complex SQL queries to identify a population sub-group (depicted in Figure

3.10). The concepts are uniquely identified. Each concept can answer a host of questions

necessary for writing the SQL query. For example, what is the attribute to evaluate? Does

the predicate have an aggregate function or not? If the predicate has an aggregate function,

what is it (Mean, Max, Min, etc.)? What operator is used in the predicate (greater than, less

than, greater than or equal to, between, etc.)? How many values does the operator take (one

for use in greater than the argument, or two for use in the argument is between two numbers,

etc)? What is the value or values? Is the predicate relating exclusively to the internal concept

surrounding the attribute, or are there external concepts to constrain this concept? If it an

internal concept, does the aggregate function relate to part of the patient’s stay or all of

the patient’s stay? If the internal concept relates to part of the patient’s stay, what is the

time window? If this is a concept with external concepts constraining it, what is the concept

identifier of that external concept? What is the time window for that external concept?

What is the delay between the end of the external constraining concept’s time window and

the current concept?
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Figure 3.10: Creation of an hypothesis with an SQL query example.
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The structure above outlines sufficient information for pursuing a vast array of medically

relevant hypotheses and sub-population evaluations. By using the structure of a concept,

the intelligent agents have written SQL queries as simple as: create a list of all patients

whose average mean arterial pressure is greater than 65 mmHg using their entire stay. By

using the combination of concepts technique built into the structure, the intelligent agents

have written a complex concept SQL query: create a list of all patients whose average mean

arterial pressure was greater than 65 mmHg within two hours after a patient’s heart rate was

recorded at 90 beats per minute.

A complex concept may also be created using logical operators on concepts. Each concept

can create a list of patients. Logical operators would effectively perform logical operations on

those lists. Group A, logical operator AND, and group B would produce the intersection of

the two groups. Group A, logical operator OR, and group B would produce the union of the

two groups. The framework is flexible enough that intelligent agents can create compounding

unions and intersections to create a highly specified patient sub-population.

All hypotheses that result in a non-zero patient list are stored and may be used by all

subsequent models created by intelligent agents. Patients who qualify in a hypotheses’ sub-

population may be incorporated into a feature space or evaluated against the disease as a

stand-alone model.

3.12 Analysis

The focus of the intelligent agents is to find patterns that predict the onset of disease. There

exists many different measurements of success for the purposes of predicting an outcome.

The main metric used in this framework is the area under the curve of an ROC curve (for

an example see Figure 4.3). ROC curves are published in the main body of this thesis, while

the figures for other metrics are published in the appendices.
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3.12.1 Receiver Operating Characteristic

The intelligent agents construct a model by using training data. When a model is complete,

it takes as input testing data and outputs a resulting metric on how closely aligned the input

testing data compares with the constructed model. This constitutes an order of confidence

of the prediction. A table of test data entries is created in order of best-to-worst performers

based on that produced resultant metric. Each test data entry also has a positive or negative

data label that the model is trying to predict. The last step to finishing a model is to set the

threshold, so that above the threshold the model considers entries to be positive and below

the threshold the model considers entries to be negative. This presents a dichotomy where

the model and the labelled data may not agree. A true positive (TP) means the entry is

above the metric threshold for the model and the data label is positive. A true negative (TN)

means the entry is below the metric threshold for the model and the data label is negative.

A false positive (FP) occurs when the entry is above the metric threshold for the model but

the data label is negative, also known as a type I error. A false negative (FN) occurs when

the entry is below the metric threshold for the model but the data label is positive, also

known as a type II error. Every row in the table represents a different confidence threshold,

and for every confidence threshold a TP, TN, FP, and FN is calculated.

3.12.2 Receiver Operating Characteristic Curve

The true positive rate (TPR) is calculated as the number of true positives divided by the

number of absolute positives (TP+FN). Likewise the false positive rate (FPR) is calculated

as the number of false positives divided by the number of negatives (FP+TN). When these

two metrics are plotted against each other, ordered by the ordered list, they constitute the

ROC curve. The area under the curve (AUC) is derived by the numeric integration of the

curve. That is:

AUC =
m∑
n=1

f(xn) + f(xn+1)

2
∗ (xn+1 − xn) (3.1)

Where ever possible, and every time this study generates the AUC, the AUC will be
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accompanied by a Confidence Interval (CI) of 95% represented in parentheses immediately

following the AUC as (CI lower bound, CI upper bound). For plotting AUCs over time

the CI upper bound will be indicated as ROC ub, and CI lower bound will be indicated as

ROC lb.

The CI is calculated using the following equations:

q0 = AUC ∗ (1− AUC) (3.2)

q1 =
AUC

2− AUC
− AUC2 (3.3)

q2 =
2 ∗ AUC2

(1 + AUC)
− AUC2 (3.4)

se =

√
q0 + (N1 − 1)q2 + (N2 − 1)q2

N1N2

(3.5)

CI lower bound = AUC − z crit ∗ se (3.6)

CI upper bound = AUC + z crit ∗ se (3.7)

Variable definitions:

N 1 = number of positives

N 2 = number of negatives

AUC = area under the curve

z crit = the two-tailed critical value of the standard normal distribution where alpha =

0.05 (CI = 1 - alpha) and has a value of 1.96

3.12.3 True and False Positive Rates

The true and false positive rates may be plotted in the context of the confidence threshold

(for an example see Figure D.1). The confidence threshold axis is created by normalizing

the ordered list outputted by the model.
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3.12.4 Sensitivity and Specificity

Sensitivity and specificity are common metrics to evaluate models. Sensitivity is the true

positive rate, TP/(TP+FN). Specificity is the true negative rate, TN/(TN+FP) (for an

example see Figure D.2).

3.12.5 Positive and Negative Predictive Value

Positive predictive value and negative predictive value are measures of the respective predic-

tive capability of the model. A positive predictive value (precision) is the TP/(TP+FP). It

is a measure of how often a model is correct when it classifies an entry as positive. Likewise

the negative predictive value, TN/(TN+FN), measures how often a model is correct when

it classifies an entry as negative (for an example see Figure D.3).

3.12.6 Accuracy

Accuracy is a quantification of model performance in the presence of type I and type II

errors. Accuracy is defined as (TP+TN)/(TP+TN+FP+FN) (for an example see Figure

D.4).

3.12.7 Cohen’s kappa coefficient

Cohen’s kappa coefficient (κ), in the context of binary classification, is a measure of agreement

between the model and the label of the data. It takes into account the observed agreement

(po) and the probability of random agreement Random agreement is defined as both random

positive agreement (pp) and random negative agreement (pn) (for an example see Figure

D.5).

po =
TP + TN

TP + TN + FP + FN
(3.8)

pp =
TP + FP

TP + TN + FP + FN
∗ TP + FN

TP + TN + FP + FN
(3.9)
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pn =
TN + FN

TP + TN + FP + FN
∗ TN + FP

TP + TN + FP + FN
(3.10)

pr = pp + pn (3.11)

κ =
po − pr
1− pr

(3.12)

3.12.8 F-Measures

F-measure is the harmonic mean of precision (positive predictive value) and recall (sensi-

tivity). Harmonic means are appropriate when averaging ratios, and are the reciprocal of

arithmetic means. Computational models when applied to a patient population will have

false positives (patients without the disease that are classified as having the disease) and

false negatives (patients with a disease that are classified as not having the disease). The

practical implications of these two misclassifications are different and depend highly on the

clinical context where the model is employed.

If a model is used that has an endemic high false positive rate (type I errors), there are

two prominent negative consequences. Harm may be done to a patient for the treatment of a

disease the patient doesn’t have by medication or medical procedures that exposes the patient

to risks. Harm may also be done to the patient while the care providers are confirming the

model’s findings by exposing the patient to unnecessary imaging or other diagnostic tests,

which would otherwise not have been preformed. In addition to patient harm, the care

providers may suffer alert fatigue for a system that too often misidentify patients.

If a model is used that has an endemic high false negative rate (type II errors), the

greatest harm is that of the patient with a disease that goes untreated or delayed treatment.

Early detection of many emergent diseases can lead to vastly improved patient outcomes.

F-measure is a metric that balances the trade-offs of type I and type II errors. The most

common F-measure parameter is where β=1.00. A β = 1.00 evenly balances the precision

and recall trade-off. Type I errors and type II errors incur different costs in the medical

setting (as well as many other settings), and it is therefor prudent to evaluate different

F-measure settings. The confidence threshold for models in this framework are set at the
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maximum value of the F-measure where β=1.75. The β was chosen so that the clinically

relevant emphasis was put on type I and type II errors. In the context of an ICU with

the diseases modeled in this study, a greater emphasis is put on minimizing the number

of patients misclassified as false negative for the diseases. This is a subjective decision as,

at the time of this publication, there is insufficient literature supporting an evidence-based

approach for balancing type I and type II errors in computer clinical decision systems in an

ICU setting.

Fβ =
(1 + β2) ∗ TP

(1 + β2) ∗ TP + β2 ∗ FN + FP
(3.13)

As evident in Figure D.6, as the β increases, the curve skews towards a lower confidence

threshold. This moves the maximum value for each curve also to a lower threshold. The

result of a greater β is a lower type II error (condition positive patients predicted, falsely, as

negative for the condition). Expectantly, the true positives increase and the false negatives

decrease at the expense of true negatives decreasing and false positives increasing. This

translates into raising the sensitivity at the expense of lowering the specificity and lowering

the accuracy.

3.12.9 As a function of Time

The machine learning algorithms are evaluated over a course of time. T-minus is defined as

the number of minutes before disease onset. The onset of disease occurs at t-minus=0. The

data collected per patient at t-minus=0 represents the patient data just prior to the disease

onset. Data is collected at fifteen minute intervals for the six hours (360 minutes) prior to

the onset of disease. For the diseases in this study six hours represents a significant early

warning to be clinically actionable. When evaluating a criteria selected by intelligent agents,

the machine learning algorithms perform a classification at every time point between onset of

disease and six hours prior at the fifteen minute intervals. The AUC for the ROC is calculated

at each time point. The resulting data (as seen in Figure D.13) is used to evaluate each
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machine learning algorithm on the selected criteria. Random Forests outperform all other

machine learning algorithms evaluated both near the onset of disease and six hours prior.

The various machine learning algorithm performance on the ARDS model at t-minus=0

may be found in Table 3.2. Random Forests continued to outperform other machine learning

algorithms throughout this research.

Machine Learning Algorithm Area Under Curve

NaiveBayes 0.82

Logistic 0.86

MultilayerPerceptron 0.82

SimpleLogistic 0.86

SMO 0.79

VotedPerceptron 0.70

Kstar 0.70

DecisionTable 0.85

JRip 0.82

OneR 0.73

PART 0.77

DecisionStump 0.70

J48 0.76

LMT 0.87

RandomForest 0.88

RandomTree 0.68

REPTree 0.82

Table 3.2: Algorithm’s performance on the ARDS selection criteria at t-minus=0.
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3.12.10 Selection Criteria

The selection criteria is outputted to human readable form (see Table 4.2). The criteria is

accompanied by a variable importance metric, which is a natural derivative from the Random

Forest algorithm, and an AUC calculation for the model excluding that variable.

3.12.11 Competing Models

Competing models are selected from the available literature on the specific disease. This

study follows two approaches for model comparison: The intelligent agent derived model is

compared to published metrics of similar models; additionally, wherever possible, published

models are implemented on the MIMIC database for comparison.

In the particular case of ARDS, the Lung Injury Prediction Score (LIPS) is widely used

for research purposes and is fully computable in MIMIC. The LIPS criteria are found in

Table 4.1. A published account of LIPS applied to an ICU setting predicts ARDS with an

AUC of 0.79. For a comparison study, LIPS was implemented on the MIMIC population

predicting ARDS (AUC=0.80). Though LIPS is a valid contender for a competing model,

for many diseases there exists no qualifying published model for predicting the onset of the

disease. LIPS itself is most commonly applied retrospectively, for research purposes, after

the patient has been diagnosed and treated for the disease.

3.12.12 Model Comparison

An example of model comparisons may be found in Table 4.8. The best model constructed

by the intelligent agents in this research is compared to various published metrics and re-

implemented using the MIMIC data. The emphasis of this dissertation is to minimize the

false negative rate (by choosing an F-measure β=1.75 for most models). For compound

models or models for which the ICU population is not the base, the model’s cutoff threshold

is set by choosing an F-measure β=1.00. Compound models are constructed in both the

ARDS and AKI chapters.
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The LIPS publication uses a point system and has prescribed a cutoff value, which means

the authors have already chosen an appropriate threshold. The model the intelligent agents

present maintain a confidence threshold consistent with the maximum F-measure where

β=1.75. The AUC of a model does not alter with the choice of a threshold, and LIPS AUCs

are consistent with both publications and the re-implementation. Kappa is also consistent

between the models, but the sensitivity, specificity, and positive predictive value vary greatly

from published to re-implemented. The context of an ICU may be the driving force behind

the discrepancy observed.

3.12.13 Variable, Demographics, and Comorbidity Analysis

This dissertation analyzes the diseases in the context of each cohort’s variable values, demo-

graphic distributions, and comorbidities.

For the variables the model uses, a table of disease positive and disease negative cohorts

is constructed. The first, second (median), and third quartile of variable values is computed

accompanied by a P-value for statistical significance (Kruskal-Wallis test). The intelligent

agents select the variable because it aides in the prediction of disease in the context of other

variables. The computed variable distributions for each cohort allow for the analysis of whole

cohort significance of each variable (for an example see Table D.1).

A demographics table is constructed to place the disease population in the context of

the remaining ICU population. For each demographic item either a distribution is generated

or a percentile is calculated accompanied by a P-value (either Kruskal-Wallis or Pearson’s

Chi-Squared test). For the diseases inspected by this dissertation, the in-hospital mortality

and 30 day mortality rates are the most prominent features of the demographics table (for

an example see Table D.5).

A comorbidity is a co-occurring disease. Elixhauser et al. [16] clustered ICD-9-CM codes

for diseases under classifications that had an impact on patient outcome. The Elixhauser co-

morbidities are calculated for both disease positive and disease negative cohorts. This study

utilizes the Enhanced ICD-9-CM of Elixhauser comorbidities as described by Quan, et al.
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[72]. This study augments the Elixhauser comorbidity list with a trauma designation. ICD-9

coded trauma is a significant insult to the human body and has a wide range of both subtle

and pronounced outcomes. This study uses the Washington State Department of Health’s

“Washington State Trauma Registry Users Guide” [66]. This study augmented the trauma

registry to include the trauma of frostbite, as it was excluded from the publication. The

P-value (Pearson’s Chi-Squared test) accompanies the patient percentiles. Examining the

diseased patients’ comorbidities in context of other ICU patients may help explain patterns

in variable selection (for an example see Table D.5). Most significantly, the Elixhauser co-

morbidity calculations allowed this dissertation to identify the significant link between ARDS

and DIC.

For each table described above (variables, demographics, and comorbidities) an accom-

panying table is generated for true positive, true negative, false positive, and false negative

predicted patients. This measure is taken to identify the subsets of patients the model mis-

classifies and further understand the limitations and biases of the model. Misclassification

analysis is important for clinicians who use predictive methods. Using the misclassifica-

tion analysis, in a personalized medicine approach, a clinician may assess the predictive

performance on individual patients. Model performance described in other sections of this

dissertation are the result of applying the model to all valid patients. A clinician who has

a one-on-one responsibility to a patient may use the misclassification tables to assess model

performance on sub-populations relevant to the individual patient under their care.

3.13 Surrogate Variables

The intelligent agent models are a result of a data mining exploration of the EMR. Variables

the intelligent agents select are grounded in evidence. The clinical interpretation however

may be different than the literal variable. It will be consider it to be a surrogate variable

when a selected variable has a different clinical interpretation.

Within this dissertation two prominent surrogate variables are found. GT flush, or gas-

tronomy tube flush, likely does not mean the flushing of the gastronomy tube is significant
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to the onset of disease. Rather the existence of a gastronomy tube, indicative of intubated

patients, is a significant discriminator between those patients who will succumb to the dis-

ease and those who will not. Gastronomy tube flush is a significant variable in Tables 5.4,

E.7, E.8, 5.7, E.13, E.14, 6.2, F.1, and F.2. Arterial line zero/calibrate does not mean the

calibration of an arterial line is significant to the onset of sepsis (Tables 6.2, F.1, and F.2),

but that the clinician’s concern of of the patient has led to high resolution hemodynamic

monitoring. The clinician’s concern is correlated with the onset of sepsis.

An EMR has many variables that represent truth in differing degrees of accuracy. Some

of the variables are close to a truthful interpretation, like a heart rate of 68 beats per

minute. Some variables are a surrogate variable for the truthful interpretation, like arterial

line calibration implies the placement of the arterial line and the clinician’s considerations

thereof.

3.14 Biases and Limitations

3.14.1 Design Bias

The intelligent agents are designed to data mine the EMR based on previous work of other

agents. The experiments that had early initially good performance are weighted more signif-

icantly than lesser performance or randomly generated. Though this is by design to evolve

a model to a better performance, it has similar pitfalls of a greedy algorithm. A greedy

algorithm may find a local optimization and be unable to find a global optimization. Several

measures were built in to avoid local optimization (introduction of random models, random

variations of good performing models, and accepting a breadth of good performing models

as opposed to just the best performer). Because the intelligent agents have preferential at-

tachment towards good performers, and they operate in a resource-restricted competitive

environment, it is unavoidable that they have a manifestation of anchoring bias (heavily

preferring initial information).

As aforementioned, the intelligent agents operate in a resource-restricted competitive
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environment. A single agent instance does not compete, as it would have full access to the

database, CPU, and RAM. The support database would only update experimental results

when the single agents completes one. A single agent approach would render the vast data

mining required for this research an intractable problem. The agents are designed to operate

in parallel with many instances running simultaneously. Plurality necessitates competition

as resources such as RAM, CPU, bandwidth, and database access become diminished. The

faster an agent updates progress on an experiment, the faster other agents may improve

upon it. The resource-restriction sets up the competitive environment for agents to process

experiments quickly. The unavoidable competition for resources sets a condition where faster

models are iterated upon more than slower models. The manifestation in this study is by

the preferential attachment to Random Forest machine learning algorithms (as they are

among the faster of the non-linear ensemble algorithms), and would likely have preferential

attachment towards variables that produced quick good performing models.

3.14.2 Coder Bias

The diagnostic criteria for both ARDS and sepsis depend on an ICD-9-CM code being

assigned to the patient. During the catchment time frame for MIMIC the coding practices

changed (as they change often). Coders are under a fair degree of time pressure, have varying

degrees of experience, and have differing biases based on the patient records they receive.

These features cumulatively make up a coder bias, where documentation is non-homogeneous

throughout the institution and over time.

3.14.3 Caregivers

Caregivers have an enormous impact on data collected, diagnoses, procedures performed,

and patient outcomes. It is impossible to observe and account for all biases in a de-identified

retrospective database. There are 1,392 attending physicians and 6,175 other caregivers re-

sponsible for treatment and care of the 10+ year MIMIC database. Saposnik et al. [77]

characterizes 19 biases related to medical decision making: multiple alternative/decoy bias;
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outcome bias; information bias; risk aversion; ambiguity tolerance; overconfidence; omission

bias; naturalness bias; reflexive reasoning; deliberation without attention; framing effect;

anchoring; availability bias; premature closure; feedback bias; confirmation bias; blind obe-

dience; Gambler’s and Conjunction fallacy [61]. With 200+ medical schools in the United

States, education and experience is not uniform and necessarily affects medical decision mak-

ing. Caregivers also employ sampling bias, where sicker patients will be more likely to receive

an ICD-9-CM diagnosis than marginal patients, even for the same disease.

3.14.4 Data Abstraction

This study utilizes an EMR that constitutes a data abstraction of ICU patients. Biologi-

cal life is an extremely complicated system or, more accurately, an ensemble of extremely

complicated systems interacting. Diseases manifest at the same level of complexity. The

measurements and observations that become part of the patient’s electronic medical record

cannot capture the whole of the state of the patient’s biology. Based on education and ex-

perience clinicians may create mental models of a patient’s disorder and apply therapeutics

to regulate the disorder. Though MIMIC is an impressive collection of data, there are some

nuanced and significant events that do not become a part of the database. This study is

therefor limited by the design and implementation of the collection of data thought to be a

significant part of an EMR.

3.14.5 Data

EMRs are typically plagued by measurement bias where, not at random, incorrectly: mea-

sured; read; or entered observations become part of the record. It is unlikely that a patient

is transferred to the ICU with a temperature of 9 degrees Fahrenheit for example. Erroneous

data is so prevalent in MIMIC that this dissertation does not include minimum or maximum

values for variables in tables, as those values are most often data errors.

Most data in MIMIC is directly from the ICU, with the notable exception of laboratory

results and ICD-9-CM coding which represent whole-hospital stays. All predictive models
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created for this dissertation should be considered only in the context of ICU patients. ICU

patients are sicker than most hospitalized patients as they warrant intensive care. When

comparing the intelligent agent’s models to other published works, this research goes to

great lengths ensure they are set in the ICU or to represent those models in an ICU context

by re-implementing them in MIMIC. The predictive models disambiguate the signal from

the noise, where the origin of the signal are patients who will become afflicted with a disease

of interest and the origin of the noise is all other sick patients in the ICU. It is therefor

important to interpret the intelligent agent’s predictive models in the context of an ICU and

not generally hospitalized patients. The work in this dissertation may be re-implemented on

a hospital-wide EMR to target the hospitalized patient population.

MIMIC is derived from the ICUs of Beth Israel Deaconess Medical Center (BIDMC),

which is a non-profit teaching hospital of Harvard University in Boston Massachusetts with

a Level I Trauma Center enabled emergency department. Not only are all predictive models

in this dissertation set in the context of the ICU, they are only in the context of BIDMC’s

ICUs. To assert the intelligent agents’ predictive models may be generalized to other ICUs,

one would first have to validate the models in ICUs different from the ones available at

BIDMC.

The design of an EMR introduces a discontinuity in reporting. Diagnoses of patients

may be interpreted from the ICD-9-CM codes for the entire hospital stay, but not at the

resolution to disambiguate the ICU from the rest of the hospital. A diagnosis of a disease or

suspicion of a disease may be extracted from free text notes. Free text notes are inaccessible

to the intelligent agents of this study. The intelligent agent framework does not include

the complex and computationally expensive natural language processing. Radiographic and

other imaging findings in this EMR are only found in free text form. The discontinuity blinds

the intelligent agents to some data (like medical imaging analyses) and requires inference

with the possibility of error for other data elements (like the onset of ARDS in the ICU based

on hypoxemia and an ICD-9-CM code). The EMR was designed for tracking and compiling

a patient’s record. Research is a secondary use, and is subject to the limitations introduced



53

by the EMR design.

The process of handling missing data using nearest neighbors is unique among all peer-

reviewed published predictive models cited in this dissertation. All other cited predictive

models exclude patient’s entirely if the patient does not have a value for a considered variable.

By using a nearest neighbor approach, a patient with missing data inherits the value of the

next nearest patient. The nearness of patients is computed from the entire six hour history

of all variables considered. Excluding patients entirely based on missing data introduces

a selection bias that over weighs patients with more data. Sick patients often have more

data, and by the exclusion of missing data patients a model is ignoring the more marginally

sick and decreasing diversity of the training, testing, and validation sets. Though a nearest

neighbor approach to missing data preserves some diversity of patients and greatly mitigates

the associated bias, the approach inevitably introduces over representation of some values.

A common bias that cannot exist in models devised by the intelligent agents is con-

firmation bias. The intelligent agents have no external influences of the diseases they are

inspecting other than identification of the subset of patients who will become afflicted with

the disease. The intelligent agents do not have access to the results of models for comparison,

and strictly devise de novo models free of confirmation bias.

3.15 Comparable approach

Lee et al. [10] examines and predicts the risk of acute disease onset using the MIMIC database

along with a University of Washington equivalent data set. The author uses ICD-9 discharge

diagnoses to identify disease positive patients for acute heart failure, acute lung injury, acute

kidney injury, and acute liver failure. Utilizing outcome-related interventions, they are able

to predict the need for such interventions among the ICU patients.

Lee’s study and this dissertation have similar goals. Where this study aims to predict

the onset of disease, Lee’s study aims to predict the need for an intervention. Both goals

require a time-sensitive prediction of ICU patients afflicted with a particular disease.

The Lee study and this dissertation differ in significant implementation. Lee uses ICD-9
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discharge diagnosis codes to identify disease positive patients. The diseases examined in this

dissertation are often missed or are sub-symptomatic; as a consequence ICD-9 codes are used

sparingly in favor of computable definitions. Sepsis and ARDS are the exceptions because

select criteria of those definitions (specifically, the suspicion of infection requirement for sep-

sis, and the interpretation of radiologists for ARDS) are difficult to (and therefor unreliable

to) compute. The time Lee seeks tp predict is the intervention, while this dissertation pre-

dicts the time when the patient achieves the criteria for the computable definition. Where

Lee optimize the algorithm on the AUPRC (area under the precision-recall curve), this dis-

sertation uses the AUROC (area under the receiver operating characteristic curve) metric.

AUPRC is more suited for alerts, where the precision can be kept high and minimize alert

fatigue through false positives. The ROC curve is suited for a screening algorithm and can

be used to emphasize minimizing false negatives. The Lee study uses the Gradient Boosted

Tree as the model building algorithm, where this dissertation allows agents a multitude of

algorithms for which to build models (though Random Forests were the preferred algorithm

of choice made by the agents).

Lee’s approach performs remarkably well, especially for acute lung injury (precision of

0.62 and recall of 0.74) and acute kidney injury (precision of 0.41 and recall of 0.51). The

closest comparable results from this dissertation are for a lesser performance of ARDS (pre-

cision of 0.11 and recall of 0.56) and a greater performance for AKI (precision of 0.48 and

recall of 0.87). However, it is important to note that the Lee study and this dissertation use

different definitions and different methods, and they seek different goals.

3.16 Summary

The chapter described in detail databases, methods, tools, assumptions, biases and limita-

tions of implementing an intelligent agent framework to data mine an EMR. It also described

how findings are reported and interpreted.
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Chapter 4

ACUTE RESPIRATORY DISTRESS SYNDROME

4.1 Introduction

First described in 1967 by Ashbaug et al. [1] as a respiratory distress that did not respond to

usual and ordinary methods of respiratory therapy. ARDS currently affects approximately

200,000 patients per year in the United States, resulting in 75,000 patient deaths [20]. Glob-

ally ARDS represents 10% of all ICU admits and is estimated to afflict 3 million patients

per year.

This chapter predict the onset of ARDS as illustrated in Figure 4.1. The model predicts

the onset of ARDS from the general ICU patient population (with an AUC = 0.861 (0.838,

0.884)). This chapter also predicts the onset of SAHRF, a necessary condition for ARDS.

The onset of SAHRF is predicted from the general ICU population (with an AUC = 0.952

(0.947, 0.957)).

This chapter makes three significant contributions to disease prediction and disease mod-

eling: ARDS prediction, severe acute hypoxemic respiratory failure (SAHRF); a link between

ARDS and Disseminated Intravascular Coagulation (DIC).

First, the ARDS model outperforms the existing standard model with higher AUC, speci-

ficity, and accuracy. Second, there does not exist a peer-reviewed published prediction model

for SAHRF. This chapter introduces one based on common clinical variables. Third, by mod-

eling two different components of ARDS this study was able to isolate a comorbidity, DIC,

that is significant in the ARDS model, not significant in the SAHRF model, and significant

in the ARDS patients predicted by the SAHRF model. The pattern of significance implies

a link in the evolution and progression of the two diseases. The ARDS-DIC link is not well

represented in the peer-reviewed literature. This chapter proposes a theoretical disease path-
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Figure 4.1: Two paths to predict the onset of ARDS.

way where the ARDS pathway merges with the DIC pathway to create a positive feedback

loop, adding to the progression of both diseases. The ramifications of the pathway loop may

have a broad impact in disease modeling and therapeutic strategies.

4.2 Pathogenesis

Healthy lungs are compliant (easily expandable) able to keep aveoli sacs open and relatively

dry to allow gas exchange. There are two paths to ARDS from the initial insult to lung

tissue. The damage can be of the alveolar-capillary membrane damage which may lead to a

decrease in oxygen permeability in the tissue and can precipitate a collapse of the alveolar

(possibly decreasing surfactant production needed to keep alveolar open). The initial insult

may otherwise cause cellular injury which may inhibit surfactant production (causing alveolar
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collapse). Both paths may culminate in partial or whole lung collapse (atelectasis), decrease

in lung volume, or non-compliant tissue as described by Koh [41].

Generally, injured lung tissue initiates pro-inflammatory milieu and can cause excess fluid

in the aveoli sacs. Rigidity in the tissue is caused by diffuse aveolar damage, which naturally

progresses to irreversible fibrosis (lung tissue scaring). The excess fluid can cause the aveoli

sac to collapse or otherwise impair gas exchange. The non-compliance of the tissue can cause

the lung’s tidal volume (the inhalation and exhalation volume) to decrease. Pulmonary dead-

space, as described by Nuckton et al. [65], is then increased and is clinically observed as a

ventilation and oxygenation mismatch.

4.3 Value in Early Detection

Early detection of the onset of ARDS would allow for preventative treatment or management

treatment to avoid a worsening condition arising for that patient’s outlook, as described

by Gajic et al. [25]. The primary focus for early action is for the ARDSnet Mechanical

Ventilation Protocol, as described by Kallet et al. [38], which prioritizes lung protective

measures by reducing the tidal volume and thereby preventing lung hyperventilation, which

may cause aveaolar rupture. Early pronation of the patient (turn patient to lay on his or

her front, reduces the weight of other organs in the abdomen on the lungs) with the aim to

decrease the dead-space, if possible, avoiding a packed red blood cell transfusion, which has

been linked to development of ARDS and a high mortality, as described by Gong et al. [30].

The value in the early detection of SAHRF is in both treatment and diagnostic benefit.

A patient who is afflicted with SAHRF is treated by the increase of oxygen support, either

changing the ventilator settings or putting the patient on Bilevel Positive Airway Pressure

(BiPAP). The causal source of SAHRF is typically: an infection; pulmonary edema (both

cardiogenic and non-cardiogenic); transfusion complications (transfusion-associated circula-

tory overload (TACO) or transfusion-related acute lung injury (TRALI)); chronic obstructive

pulmonary disease (COPD) (both normal and exacerbated); drug complications (which lead

to pneumonitis - inflammation of lung tissue). A predicted positive patient may be asymp-
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tomatic of these underlying diseases, and an early detection may allow a clinician to diagnose

and treat the underlying cause before the onset of further complications.

4.4 Diagnostic Criteria and Implementation

ARDS has had multiple iterations of definition; the international community has most re-

cently settled on the Berlin definition, as described in the Journal of American Medical

Association article [74] in 2012. The Berlin definition requires ARDS to be acute (symptoms

appearing within 7 days of a clinical insult or worsening respiration), have respiratory failure

not explained by fluid overload or cardiac failure, and have imaging evidence (in the form

of bilateral opacities not fully explained by lobar collapse, lung collapse, pleural effusions,

or pulmonary nodules). The oxygenation requirement for respiratory failure is having a

PaO2/FiO2 less than or equal to 300 mmHg on a ventilator (PEEP or CPAP) greater than

or equal to 5 cm H2O.

This study considers a hypoxemia patient one whose measurement of the PaO2/FiO2

ratio falls below 300 mmHg. The time point for the onset of hypoxemia is the time point

of the measured ratio. An ARDS positive patients is considered by having an ARDS ICD9

code (518.5, 518.51, 518.52, 518.53, or 518.52). The time point for the onset of ARDS is

the first measurement of the PaO2/FiO2 ratio to fall below 300 mmHg for ARDS positive

patients. Patients with an ARDS ICD9 code whose PaO2/FiO2 ratio did not fall below 300

mmHg in the ICU did not experience the onset of ARDS in the ICU and are considered

ARDS negative patients. Patients whose PaO2/FiO2 ratio was below 300 mmHg within the

first six hours of their ICU stay were excluded, as the purpose of this study is to identify the

onset of disease and not differentiate patients who have already contracted it.

4.5 Competing Model for ARDS

The Lung Injury Prediction Score (LIPS) [25] is the most widely used lung injury prediction

method. The authors compiled known risk factors for lung injury 5,584 patients (377 positive

for acute lung injury or acute respiratory distress syndrome, and 5,207 negative for lung
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injury). The authors proceeded to preform a logistic regression of the risk factors, which

included predisposing conditions and risk modifiers. From the logistic regression the authors

created a scoring system, measured the performance of that scoring system, and assigned

a cutoff “based on the AUC analysis.” The LIPS scoring method has a 0.80 AUC in the

seminal publication. Applying their established cut point their model produces a positive

predictive value of 0.18 and a negative predictive value of 0.97. LIPS was evaluated in an ICU

setting and had a performance of 0.79 AUC. This study applied the LIPS scoring method to

MIMIC patients in the validation set and found an AUC of 0.847 (0.823, 0.871) (see Figure

4.2).

Figure 4.2: LIPS applied to the validation set, ROC curve AUC=0.847 (0.823, 0.871).
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Variable Points

Shock 2

Aspiration 2

Sepsis 1

Pneumonia 1.5

Orthopedic spine surgery 1

Acute abdomen surgery 2

Cardiac surgery 2.5

Aortic vascular surgery 3.5

Traumatic brain injury 2

Smoke inhalation trauma 2

Near drowning trauma 2

Lung contusion 1.5

Multiple fractures 1.5

Alcohol abuse 1

Obesity (BMI>30) 1

Hypoabluminemia 1

Chemotherapy 1

FiO2 >0.35 (>4 L/min) 2

Tachypnea (RR>30) 1.5

SpO2 <95% 1

Acidosis (pH <7.35) 1.5

Diabetes mellitus (with sepsis) -1

Emergency surgery 1.5

Table 4.1: LIPS Criteria.
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4.6 ARDS

4.6.1 Variable Selection

Using the 10% data set, the intelligent agents performed 596 viable models. The variables

and corresponding variable importance metric for the best performing model is described by

Table 4.2. The variables selected for the model by the intelligent agents fall under categories:

oxygen and carbon dioxide exchange; blood chemistry; functional; and procedural.

Some of the higher ranked variables by importance have to do with O2 and CO2 exchange

and generally the mechanism of breathing. The variable pCO2 is the partial pressure of

CO2 in the venous blood, tidal volume is the amount of air pushed into the lungs by a

mechanical ventilator, compliance is a measure of the distensibility of elastic tissue in the

lungs, mean airway pressure is the pressure applied during mechanical ventilation, and SpO2

is the peripheral oxygen saturation measured by a pulse oximeter. O2 flow liters per minute

and the addition of a cannula concern oxygen delivery to the patient.

Another category of variables is blood chemistry. Creatine kinase is a blood assay that

may indicate a breakdown of tissues rich in creatine kinase such as inflammation in the heart

muscle (myocarditis) and other muscle (myositis), heart attack (myocardial infarction), or a

breakdown of skeletal tissue (rhabdomyolysis). Creatine kinase levels may also be influenced

by non-clinically relevant conditions that are asymptomatic, exercise, and some medications.

Chloride levels are carefully regulated by the kidneys and play a functional part in CO2

respiration via the Chloride Shift whereby the red blood cells export bicarbonate into the

plasma and intakes chloride ions from the plasma. High pCO2 levels causes a buildup of

bicarbonate in red blood cells which is then exchanged for chloride in the plasma. Asparate

aminotransferase (AST) is a blood assay that is primarily a marker for liver damage, but

may also be indicative of damage to other organs that produce the enzyme like muscle, heart

or lung. Hematocrit is the percentage of red blood cells in blood by volume. It may be

used as a means to differentiate male from female blood (47% +/- 5% and 42% +/- 5%

respectively). Elevated hematocrit may be indicative of dehydration or hypoxia. Albumin
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is the primary protein found in blood plasma, and an elevated level may be indicative of

dehydration whereas a low level may indicate abnormal liver function, where it is produced.

Lactic acid is a blood assay to determine the status of pH regulation in extracellular fluid.

High lactic acid levels may be a result of the body breaking down carbohydrates for energy

without ample oxygen present.

The intelligent agents additionally selected functional and procedural variables. “Urine

out foley” indicates the volume of urine produced. “Metered dose inhaler” is used to deliver

aerosolized medication to the lungs. Magnesium sulfate is a medication administered for

various reasons including organ and neural protection, as described by Panahi et al. [69].

“20 gauge placed in outside facility” refers to the placement of a 20-gauge needle for an

IV. “IV/Saline lock” also indicated the patient is receiving IV fluids or medication. Eye

opening, which was the only cognitive based variable, was selected. Other variables include

age, gender (“male”) and weight.

The intelligent agents selected a myriad of comorbidity variables concerning heart func-

tion and blood related conditions (cardiac arrhythmias, congestive heart failure, hyperten-

sion, chronic pulmonary disease, valvular disease, peripheral vascular disorder, pulmonary

circulation disorders, coagulopathy). Diseases related to organs and the regulation of the

body’s chemistry were also selected (diabetes, fluid and electrolyte disorders, liver disease,

renal failure, hypothyroidism). Various disparate diseases were included (depression, solid

tumor without metastasis, neurological disorders, drug abuse, rheumatoid arthritis, and al-

cohol abuse). Truama was also found to be relevant in predicting the onset of ARDS.

4.6.2 Model training and testing

Using the variables from Table 4.2, a 10-fold cross validation model (with 90% for training

and 10% for testing) was created on a training/testing set of 36,348 patients. At t-minus

zero, the time immediately before the onset of ARDS, the model has an area under the ROC

curve of 0.847 (0.832, 0.862) (see Figure 4.3. The model performance on the training/testing

data set is outlined in Table 4.3. With the cutoff set at the maximum value for the F-
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Label Variable Importance AUC excluding variable

Tidal Volume 0.29 0.839 (0.815, 0.863)

O2 Flow (additional cannula) 0.25 0.843 (0.819, 0.866)

pCO2 (venous) 0.3 0.841 (0.817, 0.865)

20 Gauge placed in outside facility 0.24 0.845 (0.821, 0.868)

Compliance 0.29 0.837 (0.812, 0.861)

Metered Dose Inhaler 0.27 0.845 (0.821, 0.869)

Mean Airway Pressure 0.27 0.83 (0.806, 0.855)

Creatine Kinase, MB Isoenzyme 0.28 0.844 (0.82, 0.868)

Urine Out Foley 0.28 0.846 (0.822, 0.87)

Chloride, Whole Blood 0.27 0.844 (0.82, 0.868)

IV/Saline lock 0.17 0.843 (0.819, 0.867)

SpO2 (arterial) 0.27 0.84 (0.816, 0.864)

Eye Opening 0.23 0.842 (0.818, 0.866)

Magnesium Sulfate 0.24 0.853 (0.829, 0.876)

Lactic Acid 0.24 0.841 (0.817, 0.865)

Asparate Aminotransferase (AST) 0.27 0.85 (0.826, 0.873)

O2 Flow (lpm) 0.23 0.83 (0.805, 0.854)

Albumin 0.26 0.852 (0.829, 0.875)

Hematocrit 0.25 0.849 (0.826, 0.873)

trauma 0.2 0.838 (0.814, 0.863)

weight 0.18 0.839 (0.814, 0.863)

male 0.22 0.841 (0.817, 0.865)

age 0.23 0.837 (0.812, 0.861)

Table 4.2: Variables and variable importance of best performing ARDS model generated by

intelligent agents.
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measure (beta=1.75) the model produces: 560 true positives; 31,189 true negatives; 4,154

false positives; 445 false negatives; a true positive rate (sensitivity) of 0.557 (see Figure D.1);

a false positive rate of 0.118; a specificity of 0.882 (see Figure D.2); a positive predictive

value of 0.119 (see Figure D.3; a negative predictive value of 0.986; an accuracy of 0.873 (see

Figure D.4); with a kappa of 0.935 (see Figure D.5).
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Table 4.3: ARDS model performance on the training/testing data set.
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Figure 4.3: ARDS training/testing ROC curve, AUC=0.847 (0.832, 0.862).

4.6.3 Model validation

The threshold resulting for the maximum F-measure (beta=1.75) is used to set the threshold

for the validation set containing 15,638 patients. The performance of the model against the

validation set is largely consistent with the performance on the training/testing data set

which indicated a well balanced model with no evidence of over fitting. The ROC curve

in Figure 4.4 has an area under the curve of 0.861 (0.838, 0.884) compared to the train-

ing/testing are of 0.847 (0.832, 0.862). The performance of the model on the validation set

may be found in Table 4.4 with 230 true positives, 13,359 true negatives, 1,868 false posi-

tives, and 181 false negatives. In comparing the validation performance (using the predefined

threshold) with the training/testing performance, the validation set has: a true positive rate

(sensitivity) of 0.560 (see Figure D.7) as opposed to 0.557; a false positive rate of 0.123

as opposed to 0.118; a specificity of 0.877 (see Figure D.8) as opposed to 0.882; a positive

predictive value of 0.110 (see Figure D.9) as opposed to 0.119; a negative predictive value of
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0.987 as opposed to 0.986; an accuracy of 0.869 (see Figure D.10) as opposed to 0.873; with

a kappa of 0.933 (see Figure D.11) as opposed to 0.935.
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Table 4.4: ARDS model performance on the validation data set.
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Figure 4.4: ARDS validation ROC curve, AUC=0.861 (0.838, 0.884).

4.6.4 As a function of time

The AUC metric is fairly stable in Figure 4.5, losing 8.25% with a temporal distance of six

hours. At t-minus zero the AUC is 0.861 (0.838, 0.884), and at t-minus six hours the AUC is

0.790 (0.764, 0.816). This implies the ARDS model is a stable predictive algorithm relying

on mostly static variables with respect to data collection during a patient’s ICU stay.

Additional lower performing machine learning algorithms over time may be found in

Figure D.13.

4.6.5 Variable composition, demographics and comorbidities

Variable composition for condition positive and condition negative patients in the validation

set was was assessed in Table D.1. There are several statistically significant (Kruskal-Wallis

test P-value <0.0001) variables that differentiate ARDS positive patients from ARDS neg-

ative patients. Tidal volume, pCO2 (venous), mean airway pressure, creatine kinase, urine
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Figure 4.5: ARDS validation ROC curve over time. AUC at t-minus=0 is 0.861 (0.838,

0.884). AUC at t-minus=360 minutes is 0.790 (0.764, 0.816).

output, whole blood chloride, and O2 flow (lpm) are all of a higher value in ARDS positive

patients. Eye opening had a lower value in ARDS positive patients.

The elevated tidal volume, mean airway pressure, and O2 flow are consistent with ag-

gressive oxygenation ventilation. As pCO2 (venous) increases, so does the chloride. Elevated

chloride may also indicate renal dysfunction, but is most likely an iatrogenic anomaly caused

by a non-anion gap metabolic acidois (NAGMA) from the administration of NaCl. Ele-

vated creatine kinase may indicate a breakdown of muscle tissue. A larger urine output

may indicate a more aggressive fluid therapy for an underlying condition. Elevated asparate

aminotransferase may indicate liver (or other organ) damage. Depressed eye opening implies

diminished cognition in condition positive patients. Depressed albumin indicated abnormal

liver function, and in the context of elevated asparate aminotransferase liver damage is likely.

Variable composition by classification was assessed in Table D.2 to greater understand the



71

model’s false positives and false negatives in the context of true positives and true negatives.

Of the statistically significant variables not included above, patients are more likely to be

misclassified as a false negative if they present with: lower AST; and lower hematocrit.

The demographic and key variables were assessed for condition positive and condition

negative patients in the validation set in Table D.3. There are several statistically significant

(Kruskal-Wallis test P-value <0.0001) variables that differentiate ARDS positive patients

from ARDS negative patients. ARDS positive compared with ARDS negative patients had

a higher in-hospital mortality (28% as opposed to 17%), a higher 30-day mortality (30% as

opposed to 20%), and a greater ICU length of stay (median 9.22 days as opposed to 2.21

days). The breakdown of ARDS positive and ARDS negative patients by type of ICU is also

significant. ARDS patients are underrepresented in: the Cardiac Care Unit (9% as opposed

to 14%) and the Medical ICU (29% as opposed to 38%). ARDS patients are overrepresented

in: the Surgical ICU (21% as opposed to 15%) and the Trauma Surgery ICU (22% as opposed

to 11%).

Demographic and key variables were assessed by classification in Table D.4. Of the sta-

tistically significant variables not included above, patients are more likely to be misclassified

as a false negative if their demographics include: over-representation in the CSRU; and

under-representation in the MICU.

Comorbidities of condition positive and condition negative patients were assessed in Table

D.5. There are several statistically significant (Kruskal-Wallis test P-value <0.0001) comor-

bidities that differentiate ARDS positive patients from ARDS negative patients. ARDS

positive patients present disproportionately greater for: peripheral vascular disorders (18%

as opposed to 11%); coagulopathy (15% as opposed to 10%); sustained trauma (29% as op-

posed to 9%). ARDS positive patients present disproportionately fewer for:hypothyroidism

(5% as opposed to 11%) and depression (3% as opposed to 9%).

Comorbidities by classification is assessed in Table D.6. Of the statistically significant

variables not included above, patients are more likely to be misclassified as a false negative

if their comorbidities include: congestive heart failure; hypertension; under-represented in



72

hypothyroidism; renal failure; and under-represented in coagulopathy.

4.7 SAHRF

Severe Acute hypoxemic respiratory failure can be completely defined by the oxygenation

requirement of ARDS. This makes ARDS a special case of acute hypoxemic respiratory fail-

ure. This section of study aims at predicting the onset of severe acute hypoxemic respiratory

failure. The process follows the plans outlined in the methodology chapter. Variables are

selected using the intelligent agent framework; a model is built, trained, and tested; the

model is then validated and evaluated.

4.7.1 Variable selection

Using the 10% development data set, the intelligent agents performed 824 iterations. Of

these, 415 created viable models. The variables and corresponding variable importance

metric for the best performing model are described by Table 4.5. The variables selected for

the model by the intelligent agents fall under categories: scoring systems, one-time measures,

vital signs, blood laboratory, blood-gas makeup, and management. Scoring systems include

the Braden score (a metric that predicts the occurrence of pressure ulcers in patients) and the

Glasgow Coma Scale (which includes motor response, verbal response, and eye movement).

One-time measures include weight, height, BSA (body surface area, usually calculated from

height, weight, and gender). Vital signs include the systolic blood pressure, diastolic blood

pressure, mean blood pressure, heart rate, and respiratory rate. Blood laboratory includes

WBC (white blood cell count), creatinine, hemoglobin, platelet count, hematocrit, chloride,

PTT, magnesium, BUN, INR(PT), Potassium, red blood cell count, and sodium. Blood-gas

makeup includes SpO2 and carbon dioxide. Management includes O2 flow.
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Label Variable Importance AUC excluding variable

Motor Response 0.47 0.950 (0.955, 0.944)

SpO2 0.43 0.949 (0.954, 0.943)

Admit Wt 0.43 0.948 (0.954, 0.943)

Admit Ht 0.43 0.949 (0.954, 0.944)

BSA 0.4 0.949 (0.954, 0.944)

Carbon Dioxide 0.41 0.949 (0.954, 0.944)

WBC (4-11,000) 0.38 0.949 (0.954, 0.944)

Braden Score 0.38 0.949 (0.954, 0.943)

GCS Total 0.34 0.950 (0.955, 0.944)

NBP Mean 0.34 0.950 (0.955, 0.945)

NBP [Diastolic] 0.36 0.950 (0.955, 0.945)

Eye Opening 0.32 0.950 (0.955, 0.945)

NBP [Systolic] 0.32 0.949 (0.955, 0.944)

HR Alarm [Low] 0.33 0.950 (0.955, 0.945)

Creatinine 0.38 0.950 (0.955, 0.945)

Hemoglobin 0.37 0.950 (0.956, 0.945)

Verbal Response 0.24 0.948 (0.954, 0.943)

Platelet Count 0.35 0.949 (0.955, 0.944)

Hematocrit 0.36 0.951 (0.956, 0.946)

HR Alarm [High] 0.25 0.950 (0.955, 0.945)

Chloride 0.36 0.950 (0.955, 0.945)

PTT 0.32 0.951 (0.956, 0.946)

Magnesium 0.34 0.950 (0.955, 0.944)

O2 Flow (lpm) 0.27 0.942 (0.947, 0.936)

BUN (6-20) 0.34 0.950 (0.955, 0.945)

SpO2 Alarm [High] 0.24 0.950 (0.955, 0.945)

INR(PT) 0.31 0.950 (0.955, 0.945)

Potassium 0.33 0.950 (0.955, 0.945)

Respiratory Rate 0.27 0.949 (0.955, 0.944)

SpO2 Alarm [Low] 0.24 0.949 (0.955, 0.944)

Red Blood Cells 0.31 0.950 (0.955, 0.945)

Sodium 0.32 0.950 (0.955, 0.945)

Heart Rate 0.29 0.950 (0.955, 0.945)

Table 4.5: Variables and variable importance of best performing hypoxemic model generated

by intelligent agents.
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4.7.2 Model training and testing

Using the variables from Table 4.5, a 10-fold cross validation model for predicting ARDS

(with 90% for training and 10% testing) was created on a training/testing set of 42,162

patients. At t-minus zero, the time immediately before the onset of severe hypoxemic respi-

ratory syndrome, the model has an area under the ROC curve of 0.950 (0.947, 0.953) (see

Figure 4.6). Other measures important for evaluating the performance of the model are:

true positive and false positive rate (see Figure D.14); sensitivity and specificity (see Figure

D.15); positive predictive value and negative predictive value (see Figure D.16); accuracy

(see Figure D.17); kappa (see Figure D.18); and F-measure evaluations (see Figure D.19).

The model performance on the training/testing data set is outlined in Table 4.6. The

algorithm defaults to a threshold where the F-measure (β=1.00) is at a maximum, 0.51 and

greater indicate a predicted positive result, and 0.50 and below indicate a predicted negative

result. At this threshold the model produces 5448 true positives and 32486 true negatives,

accompanied by 1589 false positives and 2639 false negatives. This yields a true positive

rate (or sensitivity) of 0.674, a false positive rate of 0.047, a specificity of 0.953, a positive

predictive value of 0.774, a negative predictive value of 0.925, an accuracy of 0.900, and a

kappa of 0.978. This table also evaluates the threshold where there is a maximum F-measure

having a β=1.50. The results may be found in the table with a threshold of 0.27.

This study uses an F-measure with a β of 1.75 because of the diseases in clinical context

it is deemed important to more heavily weigh sensitivity over specificity. The maximum

F-measure value produces a threshold of 0.22. This cutoff yields significantly more true

positives (7333 as opposed to the default algorithm of 5448), fewer true negatives (29431 as

opposed to 32486), many more false positives (4644 as opposed to 1589), much fewer false

negatives (754 as opposed to 2639). The F-measure β of 1.75 setting therefor yields a true

positive rate (sensitivity) significantly greater than the default (0.907 as opposed to 0.674), a

false positive rate increase (0.136 as opposed to 0.047), a lower specificity (0.864 as opposed

to 0.953), a lower positive predictive value (0.612 as opposed to 0.774), a higher negative
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predictive value (0.975 as opposed to 0.925), a decrease in accuracy (0.872 as opposed to

0.900) and a similar kappa (0.987 as opposed to 0.978).
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Table 4.6: Hypoxemic model performance on the training/testing data set.
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Figure 4.6: Hypoxemic training/testing ROC curve, AUC=0.950 (0.947, 0.953).

4.7.3 Model validation

The threshold (0.22) resulting from the maximum F-measure (β=1.75) is to be used to

evaluate the model performance against a validation data set containing 18,074 patients. The

performance of the model against the validation set is largely consistent with the performance

on the training/testing data set, which indicates a well-balanced model with no evidence of

overfitting. The ROC curve (see Figure 4.7) has an area under the curve of 0.952 (0.947,

0.957) compared to the training/testing area of 0.950 (0.947, 0.953). The performance of

the model on the validation set may be found in Table 4.7. In comparing the validation

performance (using the predefined threshold) with the training/testing performance, the

validation set has a true positive rate (sensitivity) of 0.914 (see Figure D.20) as opposed to

0.907, a false positive rate of 0.138 as opposed to 0.136, a specificity of 0.862 (see Figure D.21)

as opposed to 0.864, a positive predictive value of 0.612 (see Figure D.22) which is exactly

the same as the training/testing set, a negative predictive value of 0.977 as opposed to 0.975,
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an accuracy of 0.872 (see Figure D.23) which is exactly the same as the training/testing set,

and a kappa of 0.989 (see Figure D.24) as opposed to 0.987.
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Table 4.7: Hypoxemic model performance on the validation data set.
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Figure 4.7: Hypoxemic validation ROC curve, AUC = 0.952 (0.947, 0.957).

4.7.4 As a function of time

The model maintains excellent performance over time previous to the onset of severe acute

hypoxemic respiratory failure. At t-minus zero, just prior to the onset of respiratory failure,

the model’s area under the ROC curve is 0.952 (0.947, 0.957). At t-minus six hours, six

hours prior to respiratory failure, the model’s area under the ROC curve is 0.878 (0.870,

0.886), an excellent predictive tool even losing 7.77% AUC over six hours. See Figure 4.8 to

see how the AUC of the ROC changes over time.

Additional lower performing machine learning algorithms over time may be found in

Figure D.26.

4.7.5 Variable composition, demographics, and comorbidities

Variable composition for condition positive and condition negative patients in the validation

set was was assessed in Table D.7. There are several statistically significant (Kruskal-Wallis
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Figure 4.8: Hypoxemic validation AUC of the ROC over time. AUC at t-minus=0 is 0.952

(0.947, 0.957). At t-minus six hours, the model’s area under the ROC curve is 0.878 (0.870,

0.886).

test P-value <0.0001) variables that differentiate Hypoxemic positive patients from Hypox-

emic negative patients. Hypoxemic positive patients present with statistically significant

higher values than negative patients in: SpO2 (arterial); weight; CO2 (venous); white blood

cell count; diastolic blood pressure; heart rate; creatinine; chloride; PTT; magnesium; O2

flow; BUN; INR(PT). Hypoxemic positive patients present with statistically significant lower

values than negative patients in: Braden score; systolic blood pressure; hemoglobin; verbal

response; platelet count.

Variable composition by classification is assessed in Table D.8. Of the statistically sig-

nificant variables not included above, patients are more likely to be misclassified as a false

negative if they present with: higher motor response; a higher body surface area; increased

eye opening; lower respiratory rate; lower red blood cell count; and higher sodium.
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The demographic and key variables were assessed for condition positive and condition

negative patients in the validation set in Table D.9. There are several statistically significant

(Kruskal-Wallis test P-value<0.0001) variables that differentiate Hypoxemic positive patients

from Hypoxemic negative patients. Hypoxemic positive compared with Hypoxemic negative

patients had a higher weight (80.65 kg as opposed to 75.00 kg), a correspondingly higher

body mass index (28.93 as opposed to 27.11), a greater male population (61% as opposed

to 55%), a higher in-hospital mortality (23% as opposed to 14%), a higher 30-day mortality

(25% as opposed to 16%), and a greater ICU length of stay (median 4.13 days as opposed to

1.90 days). The breakdown of Hypoxemic positive and Hypoxemic negative patients by type

of ICU is also significant. Hypoxemic patients are under represented in the Medical ICU

(28% as opposed to 36%). Hypoxemic patients are over represented in: the Cardiac Surgery

Recovery Unit (33% as opposed to 11%); Trauma Surgery ICU (13% as opposed to 10%).

Non-white ethnicities were underrepresented in Hypoxemic patients (Asian 2% as opposed

to 4%, Black 6% as opposed to 10%, and Hispanic 3% as opposed to 4%).

Demographic and key variables were assessed by classification in Table D.10. Of the

statistically significant variables not included above, patients are more likely to be misclassi-

fied as a false negative if their demographics include: lower representation of Medicare; and

higher representation of private insurance. This phenomenon is likely due to the age gap,

where the median false positives age is 74 years old while the median false negative age is

64 years old.

Comorbidities of condition positive and condition negative patients were assessed in Ta-

ble D.11. There are several statistically significant (Kruskal-Wallis test P-value <0.0001)

comorbidities that differentiate Hypoxemic positive patients from Hypoxemic negative pa-

tients. Hypoxemic positive patients present disproportionately greater for: congestive heart

failure (33% as opposed to 24%); cardiac arrhythmias (38% as opposed to 29%); valvular

disease (21% as opposed to 12%); peripheral vascular disorder (13% as opposed to 10%);

hypertension, uncomplicated (43% as opposed to 35%); diabetes, uncomplicated (22% as

opposed to 18%). Hypoxemic positive patients present disproportionately fewer for: hyper-
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tension, complicated (8% as opposed to 13%); hypothyroidism (6% as opposed to 10%); fluid

and electrolyte disorders (21% as opposed to 27%); depression (4% as opposed to 9%).

Comorbidities by classification are assessed in Table D.12. Of the statistically significant

variables not included above, there exist no significant comorbidity related to misclassifica-

tions.

4.8 Model Comparisons

There exists, in the peer-reviewed body of literature, no comparison model that predicts the

onset of ARDS. The models of this study are designed to focus only on data points previous

to the onset of disease. This strategy allows for adoption into an EMR as an early warning

system. LIPS is the closest comparable model, but operates on retrospective patient data.

Some risk factors may be computed in real-time, the primary core of the model is predisposing

conditions which are immutable duing a patient’s stay. The analytics of model comparisons

are found in Table 4.8.

Model analytics for LIPS were extracted from the LIPS author group [25]. For the

purposes of this study, Gajic, et al. is considered the foundational model, as others are derived

from it. The paper did not include some important metrics nor did it include a confusion

matrix. To adequately compare the foundational model’s performance, the relative ratios of

the confusion matrix was calculated, setting true positive equal to one.

Computing confusion matrix ratio from Sensitivity, Specificity, Positive Predictive Value,

and Negative Predictive Value based on True Positive = 1, and solving in terms of known

variables:

TPR =
TP

TP + FN
(4.1)

FN =
TP

TPR
− TP (4.2)

PPV =
TP

TP + FP
(4.3)

FP =
TP

PPV
− TP (4.4)
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NPV =
TN

TN + FN
(4.5)

TN =
FN ∗NPV
1−NPV

(4.6)

Though the LIPS reported specificity is 0.78, the calculated specificity is 0.761, denoted by

the double dagger (‡).

Bauman et al. [18] published a LIPS model performance in an ICU setting, which had a

similar AUC (0.79) as the foundational model performance (0.80). Bauman, et al. provide no

other analytic metrics, but are included to validate the application of LIPS on an ICU patient

population. This study implemented LIPS method on the MIMIC database validation data

set for an in-kind comparison. This study’s ARDS model is extracted from Table 4.4, and

SAHRF model is extracted from 4.7.

The overall performance of the three LIPS implementations (LIPS foundational model,

LIPS in an ICU, LIPS applied to MIMIC) are comparable in AUC (0.80, 0.79, 0.84 (0.823,

0.871)), kappa (0.69, NA, 0.722), specificity (0.78, NA, 0.773), negative predictive value

(0.97, NA, 0.993), accuracy (0.756, NA, 0.773), and false positive rate (0.239, NA, 0.227).

The LIPS foundational model differs from LIPS applied to MIMIC in sensitivity or true

positive rate (0.69 as opposed to 0.769), and positive predictive value (0.18 as opposed to

0.073). The discrepancy likely lies in the mix of patients. LIPS was derived from modeling

an inclusive set of in-patients with a wide distribution of prognoses, diagnoses, and overall

severity of illness. When applied to a focused patient population of ICU patients, all of

whom have a heightened severity of illness relative to the total in-patient population, the

model contributes the high severity of illness to an ARDS origin, thus resulting in a high

false positive rate, and consequently a lower positive predictive value. Compared to the

LIPS applied to MIMIC model, this study’s ARDS model has a higher AUC (0.861 (0.838,

0.884) as opposed to 0.847 (0.823, 0.871)), kappa (0.852 as opposed to 0.722), sensitivity

and true positive rate(0.560 as opposed to 0.769), specificity (0.877 as opposed to 0.773),

lower negative predictive value (0.987 as opposed to 0.993), and accuracy (0.869 as opposed

to 0.773), a higher positive predictive value (0.110 as opposed to 0.073) and a lower false
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positive rate (0.123 as opposed to 0.227).
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Table 4.8: ARDS model comparison. Values denoted with an asterisk (*) are derived from

imputing the confusion matrix ratio. Values denoted with a dagger (†) are ratios relative to

true positive value of one, and derived from the equations in the Model Comparison section.
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4.9 Derivative Investigation - Disseminated Intravascular Coagulation

The information derived from the intelligent agents experimenting with ARDS and SAHRF

patients has presented a mosaic of variables, demographics and comorbidities. There is an

interesting pattern that developed during the production of this study. In the single-model

ARDS, patients with a comorbidity of coagulopathy was found to be statistically significant

(P-value 0.0023 in Table D.1). In the model which predicts Severe Acute Hypoxemic Respira-

tory Disorder, a necessary condition for ARDS, patients with a comorbidity of coagulopathy

were not found to be statistically significant (P-value <0.0605 in Table D.7). This implies a

context specific ARDS comorbidity that is not significant in Hypoxemic patients.

This study has shown a correlation between ARDS and Coagulopathy. To advanced the

investigation this study inspects a special case of Coagulopathy, Consumptive Coagulopathy,

also known as Disseminated Intravascular Coagulation (DIC) which afflicts between 9% and

19% of ICU patients (from a study by Van der Linden et al. [90]). This study implemented the

Japanese Association of Acute Medicine (JAAM) diagnostic algorithm and the International

Society on Haemostasis (ISTH) non-overt diagnostic criteria to identify the onset of DIC.

Some clinicians are critical of the JAAM definition for depending on SIRS criteria (making

it sensitive to sepsis related DIC, as described by Wada et al. [93]) leading to a relatively

larger inclusion of patients defined by the disease compared to other diagnostic criteria.

This study incorporates ISTH’s non-overt as the more conservative diagnostic criteria, as

described by Gando et al. [27], recruiting fewer patients into the disease definition. This

study found 20.2% of ICU patients met the diagnostic criteria for JAAM’s DIC, and 15.2%

met diagnostic criteria for ISTH’s DIC. Of ARDS patients, JAAM’s DIC negative patients

have an in-hospital mortality of 19%, while JAAM’s DIC positive patients have an in-hospital

mortality of 36% (P-value <0.0001). Of ARDS patients, ISTH’s DIC negative patients have

an in-hospital mortality of 25%, while ISTH’s DIC positive patients have an in-hospital

mortality of 47% (P-value <0.0001).

JAAM’s DIC and ARDS positive patients in MIMIC were analyzed to determine temporal
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placement of the two diseases in the patient’s ICU stay. Of the 1,419 ARDS positive patients,

915 of them (64.5%) are also afflicted with JAAM’s DIC. Of all patients with both ARDS

and JAAM’s DIC during their ICU stay, 498 (or 54.4%) contracted JAAM’s DIC before

contracting ARDS. The median time or ARDS preceding JAAM’s DIC is 34.1 hours (Q1 =

11.3 hours, Q3 = 3 days). The median time of JAAM’s DIC preceding ARDS is 6.2 hours

(Q1 = 1.5 hours, Q3 = 31.2 hours).

ISTH’s DIC and ARDS positive patients were also analyzed. Of the 1,419 ARDS pa-

tients 305 of them (or 21.5%) are also afflicted with ISTH’s DIC. Of all patients with both

ARDS and ISTH’s DIC during their ICU stay, 234 (or 76.7%) contracted ISTH’s DIC before

contracting ARDS. The median time or ARDS preceding ISTH’s DIC is 15.1 hours (Q1 =

6.2 hours, Q3 = 3 days). The median time of ISTH’s DIC preceding ARDS is 2.5 days (Q1

= 10 hours, Q3 = 9.4 days).

Strongly correlating conditions (ARDS and DIC) where neither one overwhelmingly pre-

cedes the other does not lend to an independent causal argument, though leaves open the

possibility of either a mutually advancing interaction or an unobserved causal event for both

diseases.

There are three studies to present a baseline of research implicating DIC causing or cor-

related with ARDS. In 1977 Ogawa et al. [67] ran a study of nine ARDS positive individuals,

six of whom proved positive for DIC as well. In 1986 El-Kassimi et al. [15] conducted a study

of 52 heat stroke patients. Twelve had both ARDS and DIC, and only one had exclusively

DIC. In 2014 Miyoshi et al. [58] performed a retrospective data analysis of 142 patients

with both ARDS and DIC and concluded administering a neutrophil elastase inhibitor and

an inhibitor of thrombin coagulation activity combined was more beneficial than either drug

alone. That Miyoshi et al. found a clotting inhibitor (thrombomodulin) beneficial in treating

ARDS is telling of an underlying mechanism related to coagulation and not fully explained

in the current body of knowledge for ARDS.

This study proposes a theoretical ARDS disease progression interacting with the DIC

pathway to create a cycle indicative of a positive feedback loop. Figure 4.9 outlines how such
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a cycle may exist. ARDS may be wholly described by the left side of the figure where cellular

lung injury causes the release of cytokines and cytotoxic molecules (such as ROS, TNFα, IL-

1β, etc.). The release causes a disruption of the aveolar-capillary membrane and an increased

vascular permeability. The permeable membrane allows protein-rich fluid to accumulate in

alveoli and eventually surfactant degradation. The excess fluid causes pulmonary edema and

eventually alveolar collapse, in turn causing an impaired gas exchange and decreased lung

compliance. Proliferation of Type II alveolar cells gradually produces irreversible fibrosis.

DIC is initiated when procoagulants cause excess thrombin formation. The excess thrombin

can cause: plasmin activation and fobrinolysis (breaking down existing clots) which leads

to excess bleeding; consumption of coagulation factors, depleting the ability to form clots,

and leads to excess bleeding; microvascular clots in organs causing injury. The two diseases

may promote each other where the organ hypoperfusion and injury of DIC causes cellular

lung injury needed for the ARDS pathway, and consequently the disruption of the aveolar-

capillary membrane causes the release of procoagulants needed for the DIC pathway.
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Figure 4.9: Theoretical ARDS pathway merged with DIC pathway to create a feedback loop.
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Intelligent agents devised a model to predict the onset of DIC from ARDS patients. The

model performs with an AUC of 0.722 (0.689, 0.755) in Figure 4.10. The model degrades over

time losing 10.7% of the AUC over six hours as seen in Figure 4.11. The overall performance

of the model may be seen in Table 4.9 with a true positive rate (or sensitivity) (Figure

D.27) of 0.527, a false positive rate of 0.212, a specificity (Figure D.28) of 0.788, a positive

predictive value (Figure D.29) of 0.670, a negative predictive value of 0.671, an accuracy

(Figure D.30) of 0.670, and a kappa (Figure D.31) of 0.568.
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Table 4.9: DIC FROM ARDS model performance on entire data set.
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Figure 4.10: DIC from ARDS patients, entire data set AUC=0.722 (0.689, 0.755).

The variables of the model (Table 4.10) have significant difference between ARDS patients

that will develop DIC from those who will not (Table D.16), such as: an elevated whole

blood chloride (P-value <0.0001); an elongated INR(PT) (P-value <0.0001); a depressed

bicarbonate (P-value <0.0001); and a depressed platelet count (P-value <0.0001) suggestive

of pre-DIC consumption conditions.

Additionally, ARDS patients who will develop DIC have a higher: in-hospital mortality

(36% as opposed to 19%, P-value <0.0001); 30-day mortality (38% as opposed to 21%, P-

value <0.0001); and length of stay in the ICU (11.7 days as opposed to 7.2 days, P-value

<0.0001) as seen in Table D.14.

Inspecting the comorbidities associated with ARDS patients developing DIC, patients

who will develop DIC have a higher incidence of: congestive heart failure; liver disease; and

coagulopathy. Pre-DIC patients have a lower incidence of: hypertension, uncomplicated;

chronic pulmonary disease; fluid and electrolyte disorders; and depression.
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Figure 4.11: DIC from ARDS AUC of the ROC over time. AUC at t-minus=0 is 0.722

(0.689, 0.755). At t-minus six hours, the model’s area under the ROC curve is 0.645 (0.609,

0.681).

Intelligent agents devised a model to predict the onset of DIC from ARDS patients. The

model performs with an AUC of 0.675 (0.639, 0.711), a sensitivity of 0.478, a specificity of

0.756, and an accuracy of 0.746. The model is based on notable differences between DIC

patients who do and do not develop ARDS, namely: higher bands; lower SaO2; and a higher

specific gravity as seen in Tables 4.11 and D.16.

DIC patients who later develop ARDS are notable as significantly trauma patients. In

Table D.17 DIC patients who later develop ARDS are over-represented in the Trauma ICU,

and only significant comorbidity in Table D.18 is trauma.

Given the proposed pathogenesis of an ARDS-DIC positive feedback cycle and the sig-

nificant risk increase for ARDS patients to develop DIC, it may be prudent to consider ad-

ministering low molecular weight heparin (LMWH) [93] to pre-DIC ARDS patients. LMWH
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Label Variable Importance AUC excluding variable

Chloride 0.36 0.704 (0.670, 0.738)

Oxygen 0.33 0.708 (0.674, 0.742)

Tidal Volume 0.34 0.707 (0.673, 0.741)

Bicarbonate 0.34 0.707 (0.673, 0.741)

Sodium 0.34 0.708 (0.674, 0.742)

INR(PT) 0.34 0.688 (0.653, 0.722)

Gastric Meds 0.27 0.700 (0.665, 0.734)

Chloride, Whole Blood 0.31 0.715 (0.681, 0.748)

Creatinine, Urine 0.24 0.703 (0.669, 0.737)

Alkaline Phosphatase 0.31 0.701 (0.667, 0.735)

Platelet Count 0.31 0.662 (0.627, 0.698)

Cholesterol, LDL 0.22 0.710 (0.676, 0.744)

Table 4.10: Variables and variable importance of best performing DIC from ARDS model

generated by intelligent agents.

may inhibit coagulation factors and a below therapeutic dose is a recommended prophylactic

treatment for non-symptomatic DIC patients to prevent thrombosis. Acute promyelocytic

leukaemia (APML) patients and patients with low platelets should not be given heparins as

it would cause bleeding complications. It is certainly prudent to begin monitoring the levels

of INR, fibrinogen, and platelets consistent with DIC monitoring. A drop in those levels

indicate the consumption effect of DIC. Treatment and management include repleting the

consumed products while simultaneously treating the underlying condition.
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Label Variable Importance AUC excluding variable

Bands 0.28 0.646 (0.61, 0.682)

Unable to assess cognitive / perceptual 0.13 0.643 (0.607, 0.679)

O2 Saturation Alarm - Low 0.2 0.643 (0.607, 0.679)

Specific Gravity 0.33 0.619 (0.583, 0.656)

Alkaline Phosphatase 0.33 0.659 (0.623, 0.695)

Respiratory Rate 0.27 0.648 (0.612, 0.684)

Tidal Volume (Set) 0.24 0.642 (0.606, 0.678)

Differential-Atyps 0.05 0.667 (0.631, 0.703)

SaO2 0.29 0.652 (0.616, 0.688)

O2 Flow (additional cannula) 0.18 0.653 (0.617, 0.689)

Sodium (whole blood) 0.27 0.657 (0.621, 0.693)

Differential-Lymphs 0.25 0.662 (0.626, 0.697)

Iron Binding Capacity, Total 0.17 0.645 (0.609, 0.681)

Heart rate Alarm - High 0.14 0.642 (0.606, 0.678)

High Resp. Rate 0.19 0.644 (0.608, 0.68)

Baseline pain level 0.15 0.648 (0.612, 0.684)

Mixed Venous O2% Sat 0.1 0.642 (0.606, 0.678)

Nitroglycerin 0.15 0.652 (0.616, 0.688)

Metoprolol 0.34 0.636 (0.6, 0.672)

NBP [Systolic] 0.21 0.656 (0.621, 0.692)

Cholesterol Ratio (Total/HDL) 0.16 0.661 (0.625, 0.697)

Table 4.11: Variables and variable importance of best performing ARDS from DIC model

generated by intelligent agents.

4.10 Discussion

The intelligent agents produce superior models to LIPS in terms of AUC, accuracy, specificity,

ICU based positive predictive value, and false positive rate. The intelligent agent model
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shares the same shortfall as the LIPS model, which is the models are better at differentiating

patients who will not become afflicted with ARDS than those patients who will (as seen by

the positive predictive value and negative predictive value balance). Such a predictive tool

remains clinically applicable, though not as useful as a positive predictor for the onset of

ARDS.

The intelligent agents produced the only known predictor of Severe Hypoxemic Respira-

tory Failure. The model has an impressive performance, and the clinical utility for such a

predictive model remains in its assistance to diagnose underlying causes.

The characterization and proposed disease pathway of the interaction between ARDS

and DIC is potentially the greatest contribution made in this chapter. At 915 patients

positive for both ARDS and DIC, this study is six times larger than all previous pub-

lished studies combined. The mortality rate of the ICU is 13.3%. The mortality rate of

ARDS and DIC (JAAM) is 28.5% and 26.4% respectively. The mortality rate for patients

afflicted with both is elevated to 38.3%. This dissertation shows DIC is a comorbidity

in 78% of all ARDS patients who succumb to in-hospital mortality. Where 64.5% of ARDS

patients also have DIC, it is prudent to administer LMWH to ARDS patients, absent of signs

or suspicion of bleeding, to curb the consumptive coagulation. Future work is required to

verify the proposed disease pathway cycle. If the pathway is verified, it will present a target

for therapeutics to break the positive feedback cycle and change the patient trajectory. The

predictive model this study presents gives the basis for a powerful clinical tool to predict

ARDS patients who will develop DIC (with a sensitivity of 0.788) and potentially target

treatments before onset.

It is notable that a key marker for ARDS patients who will eventually develop DIC is

acidosis, specifically metabolic acidosis represented by a depressed bicarbonate level. A link

between metabolic acidosis and the progression to DIC is not represented in the peer-reviewed

literature.

DIC patients who later develop ARDS are significantly trauma patients. The stragtegy

for treating DIC is to treat the underlying condition. It is reasonable that tissue factor in
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the blood (leading to the DIC cascade) is more more pronounced in trauma patients than

other underlying conditions that cause DIC. The difficulty in regulating pro-coagulants, when

coagulants are needed in the presence of trauma, is likely the complicating factor that leads

to DIC patients developing ARDS. The intelligent agents predict ARDS from DIC positive

patients with an AUC of 0.675 (0.639, 0.711), a sensitivity of 0.478, a specificity of 0.756,

and an accuracy of 0.746.

4.11 Summary

The intelligent agents were instructed to create predictive models of ARDS based on the

Berlin definition [74]. As hypoxemia is a necessary condition this research effort wanted

to explore, the intelligent agents were instructed to create a predictive model of Severe

Acute Hypoxemic Respiratory Failure (SAHRF). The agents learned from 10% of the MIMIC

database to create features. Those features were trained and tested (using 10-fold cross-

validation) on 70% of the remaining MIMIC data. The resulting model was validated on the

remaining 30% of data. The performance of the direct model on the validating data set is

an AUC of 0.861 (0.838, 0.884). The performance of the SAHRF model on the validating

data set is an AUC of 0.952 (0.947, 0.957).

A derivative work continued, that examines the relationship between ARDS and DIC. The

agents were instructed to create a model to predict the onset of DIC from ARDS patients.

Using a 10-fold cross-validation, the model has a performance of an AUC of 0.722 (0.689,

0.755), and notably a sensitivity of 0.788. DIC patients who develop ARDS were additionally

examined. The sub-population of trauma patients who develop DIC are significantly at risk

for then developing ARDS. The Intelligent agent’s performance was an AUC of 0.675 (0.639,

0.711), a sensitivity of 0.478, a specificity of 0.756, and an accuracy of 0.746. DIC is shown

to be a comorbidity in 78% of all ARDS patients who die in-hospital.

This chapter demonstrates the predictive power of an intelligent agent approach to pre-

dicting the onset of SAHRF, ARDS, ARDS from DIC patients, and DIC from ARDS patients.

The ARDS model is superior and competitive with the existing LIPS model. There are no
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SAHRF, DIC from ARDS patients, or ARDS from DIC patients predictive models in the

peer-reviewed literature to compare.

Six hours prior to the patient meeting the Berlin ARDS criteria, this prediction model

offer the basis of a clinical tool. ARDS protocols and DIC therapeutics may have significant

beneficial value six hours prior to onset of the diseases, offering the clinician an ability to

reduce mortality risk, reduce other adverse outcomes, or redirect the patient’s trajectory

entirely.
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Chapter 5

ACUTE KIDNEY INJURY

5.1 Introduction

Acute Kidney Injury is the sudden decrease of kidney function, which causes waste products,

normally filtered and expelled, to remain in the blood. The injury afflicts 7-18% of hospitalize

patients, and 50% of ICU patients. Worldwide it is estimated to be the cause of 2 million

deaths per year, as described by Chawla et al. [6]. The diagnostic criteria (namely increase

in serum creatinine and decrease in urine output) occur after the injury has already affected

kidney function. It is difficult to predict AKI events as the progression of the disease is

complex. Clinically, it is practical to rely on a myriad of known risk factors and comorbidities

to differentiate patients at risk.

This chapter is the culmination of five predictive models which characterize each stage of

AKI and the progression of stages. The performances of the models are illustrated in Figure

5.1. The model to predict the onset of AKI Stage 1 is competitive with existing modes, with

a superior sensitivity and AUC. The model to predict the onset of AKI Stage 2 is competitive

with the only other model in the peer-reviewed literature, with a higher AUC. There is no

predictive model in the peer-reviewed literature that predicts the onset of AKI Stage 3; this

chapter presents one. This chapter also presents the only known work on machine learning

algorithms predicting the progression from AKI Stage 1 to Stage 2 and from AKI Stage 2 to

Stage 3.

5.2 Pathogenesis

The causal sources of an AKI can be broken into three categories: pre-renal (an external

causal pathway preceding the kidneys); intrinsic (originating within the kidneys themselves);
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Figure 5.1: Predicting the stages and progression of AKI.

and post-renal (an external causal pathway after renal processing that affects the kidneys).

Almost all causes of AKI are due to energy demands (from cellular stress) and oxygen-

nutrition imbalance, as described by Makris et al. [51].

Pre-renal causes of AKI are hypoperfusion, or the lack of blood (and therefor nutrients

and oxygen) reaching the kidneys, Pre-renal may be caused by: low blood volume (due to

bleeding, trauma, or renal fluid loss); impaired heart function (due to congestive heart failure,

heart attack, or pulmonary embolism); vasodialation; and increased vascular resistance.

Intrinsic causes of AKI are damage to the kidney structures and may be caused by:

bleeding; medication; surgery complications; trauma; infections; and various diseases.



102

Post-renal causes of AKI are caused by a blockage that backs up fluid and increases

pressure in the kidneys. This may be caused by blood clots; tumors; or catheters.

5.3 Value in Early Detection

When an AKI is diagnosed, unless contraindicated, intravenous fluid therapy should be

started immediately. Renal replacement therapy (RRT) may be applied to combat hyper-

kalemia and metabolic acidosis. Oral phosphate binders or intravenous calcium may be

administered to combat hypocalcemia and hyperphosphatemia. Three studies have been

conducted to examine the effects of early versus delayed RRT. Gaudry et al. [29] found a

decrease in the number of medical interventions related to hyperkalemia (elevated potassium

in blood serum), metabolic acidosis, and diuretics. Zarbock et al. [96] and Barbar et al. [2]

either lacked statistical power or were stopped by a data and safety board.

5.4 Diagnostic Criteria and Implementation

This study uses the Acute Kidney Injury Network (AKIN) definition, as described by Mehta

et al. [57], to establish the onset of AKI of any stage. This definition has also been adopted

by Kidney Disease Improving Global Guidelines (KDIGO) Clinical Practice Guidelines, as

described by Khwaja [40]. This definition differs from another popular guideline, RIFLE.

RIFLE considers injury at a higher baseline increase of serum creatinine, excludes an absolute

increase in serum creatinine, and includes a glomerular filtration rate (GFR) as a biomarker.

The AKIN Stage 1 definition for injury includes: an absolute increase in serum creatinine

by ≥ 0.3 mg/dl within 48 hours; an increase in serum creatinine to between 1.5 and 2.0 times

baseline; urine volume ≤ 0.5 ml/kg/h for 6 hours. Creatinine baseline is calculated by the

following equation from De Rosa et al. [12]:

SerumCreatinine =
75

186 ∗ age−0.203(0.742 if female)(1.21 if black))

−0.887
(5.1)

The AKIN Stage 2 definition for injury includes: an increase in serum creatinine to
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between 2.0 and 3.0 and times baseline; urine volume ≤ 0.5 ml/kg/h for 12 hours. The

AKIN Stage 3 definition for injury includes: an absolute increase in serum creatinine by 4.0

mg/dl with an acute increase of 0.5 mg/dl; an increase in serum creatinine to ≥ 3.0 times

baseline; urine volume ≤ 0.3 ml/kg/h for 24 hours.

The diagnostic criteria were computed for all patients in MIMIC. The laboratory test

results database (including serum creatinine) encompasses the patients’ entire hospital stay.

The database table that includes urine volume is only applicable to the patient’s ICU stay.

It is possible to diagnose an AKI event before the patient arrives in the ICU. Patients whose

first discernible AKI event occurs prior to their ICU stay are excluded from this study.

Additionally, the modeling requires some data before the event may be predicted. Patients

whose first discernible AKI event occurs within the first six hours of their ICU stay were

excluded from this study. Patients with a direct kidney trauma (discernible by the ICD9

codes 866.00-866.13), numbering 49 or 0.08% were also excluded. Patients whose AKI event

occurs after they leave the ICU were considered AKI negative, as the purpose of this study is

to predict the onset, and those patients neither had an existing AKI nor had an AKI onset in

the ICU. For AKI Stage progression, only the first progression from either Stage 1 to Stage

2 or from Stage 2 to Stage 3 were considered to eliminate over-representation of borderline

patients who thrash between stages.

5.5 Competing Models

There exist three models from the literature with similar aims: to predict the onset of AKI.

One additional study is the only AKI Stage 2 predictive model. Kate et al. [39] used a logistic

regression on 25,521 hospital stays of 60 years or older patients to produce a predictive model

with an AUC of 0.743. The group used the AKIN definition, but chose to exclude the urine

condition of AKI due to the fact that the “value is frequently not monitored and can be

missed till AKI is established.” The study found that 2,258 (8.84%) of encounters included

an AKI event. Cheng et al. [7] studied 109,319 hospital encounters and, using the AKIN

definition excluding urine, found 4,405 (8.99%) AKI events. The group’s best performing
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model was a Random Forest which produced an AUC of 0.783 (PPV=0.721,TPR=0.655).

He et al. [33] used a cohort of 76,957 to produce a predictive algorithm with a maximum

AUC of 0.764 (0.762, 0.766). Mohamadlou et al. [59] use the MIMIC data set (in addition

to a Stanford data set). Though the group used the KDIGO definition, they only sought to

predict stage 2 and stage 3 AKI. Stages 2 and 3 are much more severe and pronounced than

stage 1. This group used the XGBoost python package to produce a model with an AUC

0.841 (sensitivity=0.81, specificity=0.75, and accuracy=0.81). This model is compatible

with MIMIC and can be used for the purposes of a valid comparison.

For this dissertation, both Kate et al. and Mohamadlou et al. models were re-implemented

on MIMIC. This chapter’s AKI definition was used: Stage 1 for Kate et al. and Stage 2 for

Mohamadlou et al. Kate et al. model re-implementation had a performance with an AUC

of 0.680 (0.661, 0.699) (sensitivity=0.594, specificity=0.687, accuracy=0.669). Mohamadlou

et al. model re-implementation had a performance with an AUC of 0.918 (0.901, 0.935).

In contrast to the four models described above (Cheng et al., He et al., Kate et al., and

Mohamadlou et al.), this study finds that ignoring the urine output condition of AKIN in

the ICU setting would falsely label: 11.8% AKI positive patients as AKI negative patients;

12.4% AKI Stage 2 positive patients as negative; and 11.6% AKI Stage 3 positive patients

as negative.

5.6 Intelligent Agent Model - AKI stage 1

5.6.1 Variable Selection

Using the 10% data set, the intelligent agents performed 2240 viable models. The best

performing model variables, corresponding variable importance metric and AUC of a Random

Forest ROC if the variable is missing from the model is described by Table 5.1. The variables

selected for the model by the intelligent agents fall under categories: oxygen and carbon

dioxide exchange; blood chemistry; urine makeup, functional and procedural, hemodynamics,

and interventions.
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Respiration variables include a low exhaled minimum volume, O2 flow, and the partial

pressure of venous O2, which is elevated for AKI positive patients (P-value <0.0064 in Table

E.1). The plateau pressure (pressure during a breath hold during mechanical ventilation) is

slightly, but significantly, higher in condition positive patients (P-value <0.0001).

Several blood chemistry variables are significant in predicting the onset of AKI. Phosphate

and potassium, both of which are excreted by the kidneys and are commonly elevated with

AKI. Asparate aminotransferase (AST) is a blood assay that is primarily a marker for liver

damage, but may also be indicative hypoperfusion, ischemic hepatitis, or damage to other

organs that produce the enzyme-like muscle, heart or lung (elevated in condition positive

patients P-value <0.0041). Chloride levels (elevated in condition positive patients, P-value

<0.0001) are carefully regulated by the kidneys and play an important part in respiration

via the Chloride Shift. Troponin is cleared by the kidneys and elevated in condition positive

patients (P-value <0.0001) is a marker for heart attack, heart stress injury caused by hypop-

erfusion or sepsis, or chronic renal disease. Lipase is an enzyme that processes dietary fat.

Lactic acid is a marker of hypoperfusion and elevated in condition positive patients (P-value

<0.0069). Creatinine is a marker of renal health and elevated in condition positive patients

(P-value <0.0001). Hemoglobin, despite males having a normal range 12.3%-16.1% higher

than females and males comprising 64% of condition positive patients (P-value <0.0001 from

Table E.3), is still significantly depressed in condition positive patients (P-value <0.0001).

Lactate dehydrogenase is elevated (P-value <0.0001) and may indicate anemia as observed

with a depressed hemoglobin. Basophils and lymphocytes are types of white blood cells,

often elevated during inflammation or infection. Elevated urea nitrogen (P-value <0.0001)

and glucose are also significant in predicting the onset of AKI. Hemodynamically, the central

venous pressure (the pressure of the blood returning to the heart and ready to be pumped

through the arteries) is slightly but significantly higher (P-value <0.0001). Diastolic pressure

and arterial CO2 pressure were also chosen variables.

Measurements taken at the bedside were included in the variables, including: impaired

skin width; previous weight (elevated for condition positive patients P-value <0.0001); pain
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level; visual/hearing deficit; Glasgow Coma Scale; and Left Ventricular Stroke Work Index.

Significant interventions applied prior to the AKI onset include: Lasix (a diuretic); normal

saline; dextrose.
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Label Variable Importance AUC excluding variable

Low Exhaled Min Vol 0.39 0.820 (0.810,0.829)

Furosemide (Lasix) 0.4 0.821 (0.812,0.830)

Urea Nitrogen 0.44 0.813 (0.803,0.822)

Phosphate 0.41 0.817 (0.808,0.827)

pO2 0.39 0.820 (0.811,0.830)

Central Venous Pressure 0.36 0.818 (0.809,0.828)

Glucose 0.38 0.820 (0.811,0.829)

NBP diastolic 0.35 0.821 (0.811,0.830)

AST 0.34 0.821 (0.812,0.830)

Potassium 0.35 0.817 (0.808,0.827)

Chloride (serum) 0.33 0.818 (0.809,0.827)

Impaired Skin Width 0.3 0.821 (0.812,0.831)

Basophils 0.34 0.820 (0.811,0.830)

Lipase 0.27 0.820 (0.810,0.829)

Previous Weight 0.3 0.820 (0.811,0.830)

Lymphocytes 0.31 0.819 (0.810,0.828)

Lactic Acid(0.5-2.0) 0.29 0.820 (0.810,0.829)

.9% Normal Saline 0.29 0.820 (0.810,0.829)

Arterial CO2 Pressure 0.26 0.821 (0.812,0.830)

Troponin-T 0.26 0.819 (0.810,0.828)

Creatinine 0.29 0.817 (0.808,0.827)

5% Dextrose in water 0.28 0.818 (0.809,0.828)

Hemoglobin 0.27 0.821 (0.812,0.830)

Pain Level 0.26 0.819 (0.810,0.829)

Visual / hearing deficit 0.27 0.821 (0.812,0.831)

Plateau Pressure 0.23 0.821 (0.812,0.830)

Urine Out Foley 0.27 0.815 (0.806,0.825)

GCS Total 0.28 0.820 (0.811,0.829)

Left Ventricular Stroke Work Index 0.26 0.816 (0.807,0.826)

Lactate Dehydrogenase (LD) 0.24 0.822 (0.812,0.831)

O2 Flow (lpm) 0.18 0.821 (0.811,0.830)

Table 5.1: Variables and variable importance of best performing AKI model generated by

intelligent agents.
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5.6.2 Model Training and Testing

Using the variables from Table 5.1, a 10-fold cross validation model (with 90% for training

and 10% for testing) was created on a training/testing set of 24,181 patients. At t-minus

zero, the time immediately before the onset of AKI, the model has an area under the ROC

curve of 0.831 (0.825, 0.837) (see Figure 5.2. The model performance on the training/testing

data set is outlined in Table 5.2. With the cutoff set at the maximum value for the F-

measure (beta=1.75) the model produces: 7,088 true positives; 8,887 true negatives; 7,329

false positives; 877 false negatives; a true positive rate (sensitivity) of 0.890 (see Figure E.1);

a false positive rate of 0.454; a specificity of 0.548 (see Figure E.2); a positive predictive

value of 0.492 (see Figure E.3; a negative predictive value of 0.910; an accuracy of 0.661 (see

Figure E.4); with a kappa of 0.440 (see Figure E.5).
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Table 5.2: AKI model performance on the training/testing data set.
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Figure 5.2: AKI patients, training/testing set AUC=0.831 (0.825, 0.837).

5.6.3 Model Validation

The threshold resulting for the maximum F-measure (beta=1.75) was used to set the thresh-

old for the validation set containing 10,408 patients. The performance of the model against

the validation set was largely consistent with the performance on the training/testing data

set, which indicated a well-balanced model with no evidence of overfitting. The ROC curve

in Figure 5.3 has an area under the curve of 0.824 (0.815, 0.833) compared to the train-

ing/testing are of 0.831 (0.825, 0.837). The performance of the model on the validation set

may be found in Table 5.3 with 2,961 true positives, 3,834 true negatives, 3156 false posi-

tives, and 457 false negatives. In comparing the validation performance (using the predefined

threshold) with the training/testing performance, the validation set has: a true positive rate

(sensitivity) of 0.866 (see Figure E.7) as opposed to 0.890; a false positive rate of 0.452 iden-

tical to the training/testing corollary; a specificity of 0.548 (see Figure E.8) identical to the

training/testing corollary; a positive predictive value of 0.484 (see Figure E.9) as opposed
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to 0.492; a negative predictive value of 0.893 as opposed to 0.910; an accuracy of 0.653 (see

Figure E.10) as opposed to 0.661; with a kappa of 0.392 (see Figure E.11) as opposed to

0.440.
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Table 5.3: AKI model performance on the validation data set.
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Figure 5.3: AKI patients, validation set AUC=0.824 (0.815, 0.833).

5.6.4 As a Function of Time

The AKI patients model is stable, losing 0.85% AUC with six hours prior variable values.

In Figure 5.4 t-minus zero has an AUC of 0.824 (0.815, 0.833), and t-minus six hours, the

models area under the ROC curve is 0.817 (0.809, 0.827).

Additional lower performing machine learning algorithms over time may be found in

Figure E.13.

5.6.5 Variable Composition, Demographics, and Comorbidities

Variable composition for condition positive and condition negative patients in the validation

set was was assessed in Table E.1. There are several statistically significant (Kruskal-Wallis

test P-value <0.0001) variables that differentiate AKI positive patients from AKI negative

patients. AKI patients have a greater administration of Lasix (diuretic), measured urea nitro-

gen, phosphate, potassium, chloride, troponin, creatinine, previous weight, plateau pressure,
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Figure 5.4: AKI validation AUC of the ROC over time. AUC at t-minus=0 is 0.824 (0.815,

0.833). At t-minus six hours, the model’s area under the ROC curve is 0.817 (0.809, 0.827).

and lactate dehydrogenase. AKI positive patients had a different distribution of the left

ventricular stroke work index, and a depressed hemoglobin.

Variable composition by classification was assessed in Table E.2 to greater understand the

models false positives and false negatives in the context of true positives and true negatives.

Of the statistically significant variables not included above, patients are more likely to be

misclassified as a false negative if they present with: depressed pO2; normal central venous

pressure; depressed AST; less application of 0.9% normal saline; depressed arterial CO2

pressure; higher pain level; depressed urine output; and an elevated GCS.

The demographic and key variables were assessed for condition positive and condition

negative patients in the validation set in Table E.3. There are several statistically significant

(Kruskal-Wallis test P-value <0.0001) variables that differentiate AKI positive patients from

AKI negative patients. Condition positive patients have a higher weight; correspondingly
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higher BMI; are mostly male; have twice the in-hospital mortality; increased 30-day mor-

tality; increased ICU length of stay; over represented in the Cardiac Surgery Recovery Unit

and under represented in the Medical ICU, Surgical ICU, and Trauma Surgery ICU; more

likely on Medicare and less likely on government or private insurance.

Demographic and key variables was assessed by classification in Table E.4. Of the sta-

tistically significant variables not included above, there are no significant misclassifications

based on demographics.

Comorbidities of condition positive and condition negative patients are assessed in Ta-

ble E.5. There are several statistically significant (Kruskal-Wallis test P-value <0.0001)

comorbidities that differentiate AKI positive patients from AKI negative patients. AKI pos-

itive patients are overrepresented in: congestive heart faiure; cardiac arrhythmias; valvular

disease; pulmonary circulation disorders; peripheral vascular disorders; hypertension; uncom-

plicated diabetes; renal failure; liver disease; coagulopathy; weight loss; fluid and electrolyte

disorders. AKI patients are underrepresented in trauma comorbidities.

Comorbidities by classification is assessed in Table E.6. Of the statistically significant

variables not included above, patients are more likely to be misclassified as a false negative

if their comorbidities include: diabetes, complicated; and under-represented depression.

5.7 Intelligent Agent Model - AKI stage 2

AKI Stage 2 is a more severe form of AKI than Stage 1. AKI Stage 2 occurs when the serum

creatinine increases to between 2.0 and 3.0 times baseline or the urine output volume drops

to ≤ 0.5 ml/kg/h for 12 hours.

5.7.1 Variable Selection

Using the 10% data set, the intelligent agents performed 1269 viable models. The best per-

forming model variables, corresponding variable importance metric and AUC of a Random

Forest ROC if the variable is missing from the model is described by Table 5.4. The variables

selected for the model by the intelligent agents include: IV access prior to admission; potas-
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sium in the urine; fibrinogen; creatinine; gastro tube flush; administration of crystalloid fluid

replacement; amylase; alanine aminotransferase (ALT) where high values are indicative of

liver disease; arterial blood PaCO2; alkaline phosphate; lactic acid; creatine kinase; epithelial

cells in the urine; total iron binding capacity; percent hemoglobin A1C; urea nitrogen.

Label Variable Importance AUC excluding variable

IV access prior to admission 0.29 0.926 (0.915, 0.937)

Potassium, Urine 0.29 0.924 (0.913, 0.935)

Fibrinogen 0.28 0.925 (0.914, 0.937)

Creatinine 0.32 0.906 (0.893, 0.918)

GT Flush 0.23 0.924 (0.913, 0.935)

OR Crystalloid 0.2 0.925 (0.914, 0.936)

Amylase 0.28 0.924 (0.912, 0.935)

ALT 0.29 0.923 (0.912, 0.935)

Arterial PaCO2 0.28 0.926 (0.915, 0.937)

Alk. Phosphate 0.3 0.926 (0.915, 0.937)

Lactic Acid 0.27 0.924 (0.912, 0.935)

Creatine Kinase 0.32 0.924 (0.913, 0.935)

Epithelial Cells, urine 0.18 0.924 (0.913, 0.935)

Iron Binding Capacity, Total 0.23 0.924 (0.913, 0.935)

percent Hemoglobin A1c 0.24 0.925 (0.914, 0.937)

Urea Nitrogen 0.32 0.898 (0.885, 0.911)

Table 5.4: Variables and variable importance of best performing AKI stage 2 model generated

by intelligent agents.
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5.7.2 Model Training and Testing

Using the variables from Table 5.4, a 10-fold cross validation model (with 90% for training

and 10% for testing) was created on a training/testing set of 18,523 patients. At t-minus

zero, the time immediately before the onset of AKI, the model has an area under the ROC

curve of 0.928 (0.921, 0.935) (see Figure 5.5. The model performance on the training/testing

data set is outlined in Table 5.5. With the cutoff set at the maximum value for the F-

measure (beta=1.75) the model produces: 1,903 true positives; 15,043 true negatives; 993

false positives; 584 false negatives; a true positive rate (sensitivity) of 0.765 (see Figure E.14);

a false positive rate of 0.062; a specificity of 0.938 (see Figure E.15); a positive predictive

value of 0.657 (see Figure E.16; a negative predictive value of 0.963; an accuracy of 0.915

(see Figure E.17); with a kappa of 0.975 (see Figure E.18).
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Table 5.5: AKI stage 2 model performance on the training/testing data set.
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Figure 5.5: AKI stage 2 patients, training/testing set AUC=0.928 (0.921, 0.935).

5.7.3 Model Validation

The threshold resulting for the maximum F-measure (beta=1.75) was used to set the thresh-

old for the validation set containing 7,957 patients. The performance of the model against

the validation set was largely consistent with the performance on the training/testing data

set, which indicated a well-balanced model with no evidence of overfitting. The ROC curve

in Figure 5.6 has an area under the curve of 0.927 (0.916,0.938) compared to the train-

ing/testing are of 0.928 (0.921, 0.935). The performance of the model on the validation set

may be found in Table 5.6 with 829 true positives, 6,448 true negatives, 456 false positives,

and 233 false negatives. In comparing the validation performance (using the predefined

threshold) with the training/testing performance, the validation set has: a true positive rate

(sensitivity) of 0.779 (see Figure E.20) as opposed to 0.765; a false positive rate of 0.066

as opposed to 0.062; a specificity of 0.934 (see Figure E.21) as opposed to 0.938; a positive

predictive value of 0.643 (see Figure E.22) as opposed to 0.657; a negative predictive value
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of 0.965 as opposed to 0.963; an accuracy of 0.913 (see Figure E.23) as opposed to 0.915;

with a kappa of 0.974 (see Figure E.11) as opposed to 0.975.
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Table 5.6: AKI stage 2 model performance on the validation data set.
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Figure 5.6: AKI stage 2 patients, validation set AUC=0.927 (0.916,0.938).

5.7.4 As a Function of Time

The AKI2 patients model is stable, losing merely 0.76% AUC with six hours prior variable

values. In Figure 5.7 t-minus zero has an AUC of 0.927 (0.916, 0.938), and t-minus six hours,

the models area under the ROC curve is 0.920 (0.908, 0.931).

Additional lower performing machine learning algorithms over time may be found in

Figure E.26.

5.7.5 Variable Composition, Demographics, and Comorbidities

Variable composition for condition positive and condition negative patients in the validation

set was was assessed in Table E.7. There are several statistically significant (Kruskal-Wallis

test P-value <0.0001) variables that differentiate AKI positive patients from AKI negative

patients. AKI Stage 2 patients have a greater: urine potassium concentration, fibrinogen;

creatinine; ALT; arterial PaCO2; alkaline phosphate; lactic acid; creatine kinase; urea nitro-
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Figure 5.7: AKI stage 2 validation AUC of the ROC over time. AUC at t-minus=0 is 0.927

(0.916,0.938). At t-minus six hours, the model’s area under the ROC curve is 0.920 (0.908,

0.931).

gen. AKI Stage 2 positive patients had a different distribution of: the IV access prior to

admission; gastro tube flush; epithelial cells in the urine.

Variable composition by classification was assessed in Table E.8 to greater understand

the models false positives and false negatives in the context of true positives and true nega-

tives. Of the statistically significant variables not included above, there were no significant

misclassifications based on variables.

The demographic and key variables were assessed for condition positive and condition

negative patients in the validation set in Table E.9. There are several statistically significant

(Kruskal-Wallis test P-value <0.0001) variables that differentiate AKI positive patients from

AKI negative patients. Condition positive patients have a higher in-hospital and 30 day

mortality; a longer ICU length of stay; are relatively over-represented in the CCU and CSRU;
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under-represented in the TSICU; over-represented with Medicare and under-represented in

private or government insurance (probably as a result of the age disparity between the two

groups, median 71 years old for AKI Stage 2 positive as opposed to median 60 years old for

AKI Stage 2 negative).

Demographic and key variables was assessed by classification in Table E.10. Of the sta-

tistically significant variables not included above, patients are more likely to be misclassified

as a false negative if their demographics include under-representation in the MICU.

Comorbidities of condition positive and condition negative patients are assessed in Table

E.11. There are several statistically significant (Kruskal-Wallis test P-value <0.0001) comor-

bidities that differentiate AKI Stage 2 positive patients from AKI Stage 2 negative patients.

The pattern for statistically significant comorbidities for AKI Stage 2 is almost identical to

that of AKI Stage 1. AKI Stage 2 positive patients are over-represented in: congestive heart

failure; cardiac arrhythmias; valvular disease; pulmonary circulation disorders; peripheral

vascular disorders; complicated hypertension; diabetes (complicated and uncomplicated);

renal failure; liver disease; coagulopathy; weight loss; fluid and electrolyte disorders. AKI

Stage 2 patients are underrepresented in trauma comorbidities.

Comorbidities by classification is assessed in Table E.12. Of the statistically significant

variables not included above, patients are more likely to be misclassified as a false negative if

their comorbidities include: hypertension, uncomplicated; and under-representing of chronic

pulmonary disease.

5.8 Intelligent Agent Model - AKI stage 3

AKI Stage 3 is a more severe form of AKI than Stages 1 and 2. AKI Stage 3 occurs when:

serum creatinine is measured ≥ 4.0 mg/dL; serum creatinine acutely rises ≥ 0.5 mg/dL;

serum creatinine is measured ≥ 3.0 times baseline; or urine output volume drops ≤ 3.0

ml/kg/h for 24 hours.
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5.8.1 Variable Selection

Using the 10% data set, the intelligent agents performed 1058 viable models. The best

performing model variables, corresponding variable importance metric and AUC of a Random

Forest ROC if the variable is missing from the model is described by Table 5.7. The variables

selected for the model by the intelligent agents include: body temperature; PO intake (per

os, by mouth administration of medication)l Hayline casts (a cylindrical structure produced

and secreted by the kidney concurrent with disease or low urine flow); Gastrotube flush

(likely a surrogate variable for intubated patients); gastric medication (likely a surrogate

variable for sicker patients, as it is common to administer proton-pump inhibitors, a type

of gastric medication, to reduce the risk of stomach ulcers or bleeding); blood gas oxygen;

albumin (a blood serum protein); NTproBNP (N-terminal pro b-type Natriuretic Peptide, a

marker for heart failure); both blood and urine urea nitrogen (a marker for kidney failure,

heart failure, or liver failure).
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Label Variable Importance AUC excluding variable

Temperature 0.33 0.962 (0.972, 0.952)

PO Intake 0.23 0.966 (0.975, 0.956)

Hyaline Casts 0.31 0.965 (0.975, 0.956)

Sodium, Urine 0.25 0.964 (0.974, 0.954)

Creatinine 0.26 0.933 (0.946, 0.920)

GT Flush 0.21 0.968 (0.977, 0.959)

Oxygen, blood gas 0.22 0.962 (0.972, 0.952)

Urea Nitrogen, blood 0.24 0.963 (0.973, 0.953)

Albumin 0.23 0.968 (0.977, 0.959)

NTproBNP 0.12 0.966 (0.975, 0.956)

Gastric Meds 0.13 0.966 (0.975, 0.956)

Urea Nitrogen, Urine 0.14 0.966 (0.976, 0.957)

Table 5.7: Variables and variable importance of best performing AKI stage 3 model generated

by intelligent agents.

5.8.2 Model Training and Testing

Using the variables from Table 5.7, a 10-fold cross validation model (with 90% for training

and 10% for testing) was created on a training/testing set of 17,554 patients. At t-minus

zero, the time immediately before the onset of AKI stage 3, the model has an area under

the ROC curve of 0.980 (0.975, 0.985) (see Figure 5.8. The model performance on the

training/testing data set is outlined in Table 5.8. With the cutoff set at the maximum

value for the F-measure (beta=1.75) the model produces: 1,459 true positives; 15,877 true

negatives; 21 false positives; 197 false negatives; a true positive rate (sensitivity) of 0.881

(see Figure E.27); a false positive rate of 0.001; a specificity of 0.999 (see Figure E.28); a

positive predictive value of 0.986 (see Figure E.29; a negative predictive value of 0.988; an
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accuracy of 0.988 (see Figure E.30); with a kappa of 0.986 (see Figure E.31).
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Table 5.8: AKI stage 3 model performance on the training/testing data set.
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Figure 5.8: AKI stage 3 patients, training/testing set AUC=0.980 (0.975, 0.985).

5.8.3 Model Validation

The threshold resulting for the maximum F-measure (beta=1.75) was used to set the thresh-

old for the validation set containing 7,531 patients. The performance of the model against

the validation set was largely consistent with the performance on the training/testing data

set, which indicated a well-balanced model with no evidence of overfitting. The ROC curve

in Figure 5.9 has an area under the curve of 0.983 (0.976, 0.990) compared to the train-

ing/testing are of 0.980 (0.975, 0.985). The performance of the model on the validation set

may be found in Table 5.9 with 604 true positives, 6,837 true negatives, 11 false positives, and

79 false negatives. In comparing the validation performance (using the predefined threshold)

with the training/testing performance, the validation set has: a true positive rate (sensitiv-

ity) of 0.884 (see Figure E.33) as opposed to 0.881; a false positive rate of 0.002 as opposed to

0.001; a specificity of 0.998 (see Figure E.34) as opposed to 0.999; a positive predictive value

of 0.988 (see Figure E.35), the same as the training/testing corollary; a negative predictive
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value of 0.989 as opposed to 0.988; an accuracy of 0.893 (see Figure E.36) as opposed to

0.881; with a kappa of 0.986 (see Figure E.37) which is the same as the training/testing

corollary.
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Table 5.9: AKI stage 3 model performance on the validation data set.
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Figure 5.9: AKI stage 3 patients, validation set AUC=0.983 (0.976, 0.990).

5.8.4 As a Function of Time

The AKI stage 3 patients model is stable over time, merely losing 1.83% AUC with six hours

prior variable values. In Figure 5.10 t-minus zero has an AUC of 0.983 (0.976, 0.990), and

t-minus six hours, the models area under the ROC curve is 0.965 (0.955, 0.975). Additional

lower performing machine learning algorithms over time may be found in Figure E.39.

5.8.5 Variable Composition, Demographics, and Comorbidities

Variable composition for condition positive and condition negative patients in the validation

set was was assessed in Table E.13. There are several statistically significant (Kruskal-

Wallis test P-value <0.0001) variables that differentiate AKI stage 3 progressive positive

patients from AKI stage 3 negative patients. AKI stage 3 positive patients have a greater:

per os intake of medication; number of Hayline casts; concentration of sodium in urine;

creatinine; blood oxygen concentration; urea nitrogen concentration (both in blood and
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Figure 5.10: AKI stage 3 validation AUC of the ROC over time. AUC at t-minus=0 is 0.983

(0.976, 0.990). At t-minus six hours, the model’s area under the ROC curve is 0.965 (0.955,

0.975).

in urine); NTproBNP; number of gastric medications administered. AKI stage 3 positive

patients have a depressed temperature and albumin concentration in blood.

Variable composition by classification was assessed in Table E.14 to greater understand

the models false positives and false negatives in the context of true positives and true neg-

atives. Of the statistically significant variables not included above, there are no significant

misclassifications based on variables.

The demographic and key variables were assessed for condition positive and condition

negative patients in the validation set in Table E.15. There are several statistically signifi-

cant (Kruskal-Wallis test P-value <0.0001) variables that differentiate AKI stage 3 positive

patients from AKI stage 3 negative patients. Condition positive patients have: five times as

high in-hospital and 30 day mortality; a longer ICU length of stay; over-representation in the



134

Critical Care Unit; under-represented in the Trauma Surgery ICU; are over-represented in

Medicare and under-represented in private insurance (mostly likely due to the age disparity

of the two groups, median of 70 years old for condition positive and median of 60 years old

for condition negative).

Demographic and key variables was assessed by classification in Table E.16. Of the sta-

tistically significant variables not included above, patients are more likely to be misclassified

as a false negative if their demographics include Black racial designation.

Comorbidities of condition positive and condition negative patients are assessed in Ta-

ble E.17. There are several statistically significant (Kruskal-Wallis test P-value <0.0001)

comorbidities that differentiate AKI stage 3 progressive positive patients from stage 3 nega-

tive patients. AKI stage 3 positive patients are significantly over-represented in: congestive

heart failure; cardiac arrhythmias; valvular disease; pulmonary circulation disorders; com-

plicated hypertension; diabetes; renal failure; liver failure; coagulopathy; weight loss; fluid

and electrolyte disorders. The AKI stage 3 positive patients are under-represented in the

uncomplicated hypertension comorbidity.

Comorbidities by classification is assessed in Table E.18. Of the statistically significant

variables not included above, there are no misclassifications based on comorbidities.

5.9 Intelligent Agent Model - AKI stage 1 progression to AKI stage 2

5.9.1 Variable Selection

Using the 10% data set, the intelligent agents performed 1045 viable models. The best

performing model variables, corresponding variable importance metric and AUC of a Ran-

dom Forest ROC if the variable is missing from the model is described by Table 5.10. The

variables selected for the model by the intelligent agents are: blood-gas oxygen; alanine

aminotranserase (ALT); high density lipid cholesterol; urea nitrogen; blood phosphate; Fen-

tanyl (likely a surrogate variable for intubated patients, as it is commonly used as a sedative

for those patients to avoid a struggle with the intrusive tubes); gastric medication (likely a
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surrogate variable for the sicker and intubated patients commonly given to avoid stomach

ulcers and bleeding).

Label Variable Importance AUC excluding variable

Fentanyl 0.29 0.846 (0.831, 0.862)

Oxygen, blood gas 0.29 0.853 (0.838, 0.869)

Alanine Aminotransferase (ALT) 0.32 0.849 (0.833, 0.864)

Cholesterol, HDL 0.26 0.859 (0.844, 0.874)

Urea Nitrogen 0.32 0.828 (0.812, 0.844)

Gastric Meds 0.24 0.856 (0.841, 0.872)

Phosphate, blood chemistry 0.3 0.847 (0.832, 0.863)

Table 5.10: Variables and variable importance of best performing AKI progression from stage

1 to stage 2 model generated by intelligent agents.

5.9.2 Model Training and Testing

Using the variables from Table 5.10, a 10-fold cross validation model (with 90% for training

and 10% for testing) was created on a training/testing set of 9,084 patients. At t-minus

zero, the time immediately before the progression from AKI stage 1 to AKI stage 2, the

model has an area under the ROC curve of 0.875 (0.866, 0.884) (see Figure 5.11. The model

performance on the training/testing data set is outlined in Table 5.11. With the cutoff set at

the maximum value for the F-measure (beta=1.00) the model produces: 1472 true positives;

6233 true negatives; 386 false positives; 993 false negatives; a true positive rate (sensitivity)

of 0.597 (see Figure E.40); a false positive rate of 0.058; a specificity of 0.942 (see Figure

E.41); a positive predictive value of 0.792 (see Figure E.42; a negative predictive value of

0.863; an accuracy of 0.848 (see Figure E.43); with a kappa of 0.973 (see Figure E.44).
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Table 5.11: AKI progression from stage 1 to stage 2 model performance on the train-

ing/testing data set.
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Figure 5.11: AKI progression from stage 1 to stage 2 patients, training/testing set

AUC=0.875 (0.866, 0.884).

5.9.3 Model Validation

The threshold resulting for the maximum F-measure (beta=1.00) was used to set the thresh-

old for the validation set containing 3,924 patients. The performance of the model against

the validation set was largely consistent with the performance on the training/testing data

set, which indicated a well-balanced model with no evidence of overfitting. The ROC curve

in Figure 5.12 has an area under the curve of 0.880 (0.871, 0.889) compared to the train-

ing/testing are of 0.875 (0.866, 0.884). The performance of the model on the validation set

may be found in Table 5.12 with 256 true positives, 3,427 true negatives, 157 false posi-

tives, and 84 false negatives. In comparing the validation performance (using the predefined

threshold) with the training/testing performance, the validation set has: a true positive rate

(sensitivity) of 0.753 (see Figure E.46) as opposed to 0.597; a false positive rate of 0.044
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as opposed to 0.058; a specificity of 0.956 (see Figure E.47) as opposed to 0.942; a positive

predictive value of 0.620 (see Figure E.48) as opposed to 0.792; a negative predictive value

of 0.976 as opposed to 0.863; an accuracy of 0.939 (see Figure E.49) as opposed to 0.848;

with a kappa of 0.976 (see Figure E.50) as opposed to 0.973.



139

F
-m

ea
su

re
β

T
P

T
N

F
P

F
N

T
P

R
F

P
R

se
n

si
ti

v
it

y
sp

ec
ifi

ci
ty

P
P

V
N

P
V

ac
cu

ra
cy

ka
p

p
a

1.
00

25
6

34
27

15
7

84
0.

75
3

0.
04

4
0.

75
3

0.
95

6
0.

62
0

0.
97

6
0.

93
9

0.
97

6

1.
50

30
6

28
63

72
1

34
0.

90
0

0.
20

1
0.

90
0

0.
79

9
0.

29
8

0.
98

8
0.

80
8

0.
91

1

1.
75

31
6

25
48

10
36

24
0.

92
9

0.
28

9
0.

92
9

0.
71

1
0.

23
4

0.
99

1
0.

73
0

0.
86

6

Table 5.12: AKI progression from stage 1 to stage 2 model performance on the validation

data set.
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Figure 5.12: AKI progression from stage 1 to stage 2 patients, validation set AUC=0.880

(0.871, 0.889).

5.9.4 As a Function of Time

The AKI Stage 1 to Stage 2 progression model is time sensitive, losing 3.30% AUC with

six hours prior variable values. In Figure 5.13 t-minus zero has an AUC of 0.880 (0.871,

0.889)), and t-minus six hours, the models area under the ROC curve is 0.851 (0.836, 0.866).

Additional lower performing machine learning algorithms over time may be found in Figure

E.52.

5.9.5 Variable Composition, Demographics, and Comorbidities

Variable composition for condition positive and condition negative patients in the validation

set was was assessed in Table E.19. There are several statistically significant (Kruskal-Wallis

test P-value <0.0001) variables that differentiate AKI stage 1 to stage 2 progressive positive
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Figure 5.13: AKI progression from stage 1 to stage 2 validation AUC of the ROC over time.

AUC at t-minus=0 is 0.880 (0.871, 0.889). At t-minus six hours, the model’s area under the

ROC curve is 0.851 (0.836, 0.866).

patients from AKI stage 1 to stage 2 negative patients. AKI stage 2 positive patients have

a greater: fentanyl administration; blood oxygen; ALT; urea nitrogen; gastric medication

administration; blood phosphate.

Variable composition by classification was assessed in Table E.20 to greater understand

the models false positives and false negatives in the context of true positives and true neg-

atives. Of the statistically significant variables not included above, there are no significant

misclassifications based on variables.

In both demographic analysis and comorbidity analysis there were no significant findings

(observable in Tables E.21, E.22, E.23, E.24).
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5.10 Intelligent Agent Model - AKI stage 2 progression to AKI stage 3

5.10.1 Variable Selection

Using the 10% data set, the intelligent agents performed 1045 viable models. The best

performing model variables, corresponding variable importance metric and AUC of a Random

Forest ROC if the variable is missing from the model is described by Table 5.13. The variables

selected for the model by the intelligent agents fall under categories: oxygen and carbon

dioxide exchange; blood chemistry; administrations of pharmaceuticals.

The variable pCO2 is the partial pressure of CO2 in the venous blood. Serum osmolality

is a measure of how much substance is dissolved in blood serum, and is a known indicator

of kidney damage. Lactate dehydrogenase is an enzyme involved in energy production.

Creatinine is a marker for renal health, and is a diagnostic criteria for AKI. Whole blood

sodium, urea nitrogen, hemoglobin, calcium and ALT all measure the concentrations present

in blood. D5/.45NS is 5% dextrose in 0.45% normal saline solution, indicative of the patient

requiring intravenous fluid. Fentanyl is a narcotic to treat severe pain. Misazolam is a

sedative used prior to surgery or invasive medical procedures. Cefazolin is an antibiotic used

to treat serious bacterial infections.
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Label Variable Importance AUC excluding variable

pCO2 0.35 0.936 (0.922, 0.949)

Fentanyl 0.31 0.940 (0.927, 0.953)

Osmolality 0.25 0.933 (0.919, 0.947)

Lactate Dehydrogenase (LD) 0.33 0.932 (0.918, 0.946)

Creatinine 0.43 0.752 (0.726, 0.777)

D5/.45NS 0.2 0.934 (0.920, 0.947)

Sodium (whole blood) 0.31 0.937 (0.924, 0.951)

Urea Nitrogen 0.32 0.932 (0.918, 0.946)

Midazolam (Versed) 0.25 0.933 (0.919, 0.947)

Alanine Aminotransferase (ALT) 0.31 0.935 (0.921, 0.948)

Calcium, Total 0.3 0.933 (0.919, 0.947)

Hemoglobin 0.28 0.936 (0.923, 0.950)

Cefazolin 0.15 0.934 (0.920, 0.948)

Table 5.13: Variables and variable importance of best performing AKI progression from stage

2 to stage 3 model generated by intelligent agents.

5.10.2 Model Training and Testing

Using the variables from Table 5.13, a 10-fold cross validation model (with 90% for training

and 10% for testing) was created on a training/testing set of 3,240 patients. At t-minus

zero, the time immediately before the progression from AKI stage 2 to AKI stage 3, the

model has an area under the ROC curve of 0.939 (0.930, 0.948) (see Figure 5.14. The model

performance on the training/testing data set is outlined in Table 5.14. With the cutoff set at

the maximum value for the F- measure (beta=1.00) the model produces: 1,331 true positives;

1,522 true negatives; 62 false positives; 325 false negatives; a true positive rate (sensitivity)

of 0.804 (see Figure E.53); a false positive rate of 0.039; a specificity of 0.961 (see Figure

E.54); a positive predictive value of 0.955 (see Figure E.55; a negative predictive value of
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0.824; an accuracy of 0.881 (see Figure E.56); with a kappa of 0.808 (see Figure E.57).



145

F
-m

ea
su

re
β

T
P

T
N

F
P

F
N

T
P

R
F

P
R

se
n

si
ti

v
it

y
sp

ec
ifi

ci
ty

P
P

V
N

P
V

ac
cu

ra
cy

ka
p
p

a

1.
00

13
31

15
22

62
32

5
0.

80
4

0.
03

9
0.

80
4

0.
96

1
0.

95
5

0.
82

4
0.

88
1

0.
80

8

1.
50

14
51

13
81

20
3

20
5

0.
87

6
0.

12
8

0.
87

6
0.

87
2

0.
87

7
0.

87
1

0.
87

4
0.

77
3

1.
75

14
90

12
66

31
8

16
6

0.
90

0
0.

20
1

0.
90

0
0.

79
9

0.
82

4
0.

88
4

0.
85

1
0.

71
6

Table 5.14: AKI progression from stage 2 to stage 3 model performance on the train-

ing/testing data set.
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Figure 5.14: AKI progression from stage 2 to stage 3 patients, training/testing set

AUC=0.939 (0.930, 0.948).

5.10.3 Model Validation

The threshold resulting for the maximum F-measure (beta=1.00) was used to set the thresh-

old for the validation set containing 1,372 patients. The performance of the model against

the validation set was largely consistent with the performance on the training/testing data

set, which indicated a well-balanced model with no evidence of overfitting. The ROC curve

in Figure 5.15 has an area under the curve of 0.951 (0.939, 0.963) compared to the train-

ing/testing are of 0.939 (0.930, 0.948). The performance of the model on the validation set

may be found in Table 5.15 with 572 true positives, 653 true negatives, 33 false positives,

and 114 false negatives. In comparing the validation performance (using the predefined

threshold) with the training/testing performance, the validation set has: a true positive rate

(sensitivity) of 0.834 (see Figure E.59) as opposed to 0.804; a false positive rate of 0.048
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as opposed to 0.039; a specificity of 0.952 (see Figure E.60) as opposed to 0.961; a positive

predictive value of 0.945 (see Figure E.61) as opposed to 0.955; a negative predictive value

of 0.851 as opposed to 0.824; an accuracy of 0.893 (see Figure E.62) as opposed to 0.881;

with a kappa of 0.823 (see Figure E.63) as opposed to 0.808.
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Table 5.15: AKI progression from stage 2 to stage 3 model performance on the validation

data set.
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Figure 5.15: AKI progression from stage 2 to stage 3 patients, validation set AUC=0.951

(0.939, 0.963).

5.10.4 As a Function of Time

The AKI stage 2 to stage 3 patients model is stable over time, merely losing 0.736% AUC

with six hours prior variable values. In Figure 5.16 t-minus zero has an AUC of 0.951 (0.939,

0.963), and t-minus six hours, the models area under the ROC curve is 0.944 (0.931, 0.956).

Additional lower performing machine learning algorithms over time may be found in Figure

E.65.

5.10.5 Variable Composition, Demographics, and Comorbidities

Variable composition for condition positive and condition negative patients in the validation

set was was assessed in Table E.25. There are several statistically significant (Kruskal-Wallis

test P-value <0.0001) variables that differentiate AKI stage 2 to stage 3 progressive positive
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Figure 5.16: AKI progression from stage 2 to stage 3 validation AUC of the ROC over time.

AUC at t-minus=0 is 0.951 (0.939, 0.963). At t-minus six hours, the model’s area under the

ROC curve is 0.944 (0.931, 0.956).

patients from AKI stage 2 to stage 3 negative patients. AKI stage 3 positive patients have a

greater lactate dehydrogenase, creatinine, urea nitrogen, and were administered Misazolam.

Variable composition by classification was assessed in Table E.26 to greater understand

the models false positives and false negatives in the context of true positives and true neg-

atives. Of the statistically significant variables not included above, patients are more likely

to be misclassified as a false negative if they present with depressed ALT.

The demographic and key variables were assessed for condition positive and condition

negative patients in the validation set in Table E.27. There are several statistically signifi-

cant (Kruskal-Wallis test P-value <0.0001) variables that differentiate AKI stage 2 to stage

3 progressive positive patients from AKI stage 3 negative patients. Progressive positive pa-

tients had a greater ICU length of stay and were under-represented in the Cardiac Surgery
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Recovery Unit.

Demographic and key variables was assessed by classification in Table E.28. Of the

statistically significant variables not included above, patients are less likely to be misclassified

as a false negative if their demographics include a Black racial designation.

Comorbidities of condition positive and condition negative patients are assessed in Ta-

ble E.29. There are several statistically significant (Kruskal-Wallis test P-value <0.0001)

comorbidities that differentiate AKI stage 2 to stage 3 progressive positive patients from

AKI progressive negative patients. AKI progressive positive patients are overrepresented

in: Hypertension, complicated; fluid and electrolyte disorders. AKI progressive patients are

underrepresented in uncomplicated hypertension comorbidities.

Comorbidities by classification is assessed in Table E.30. Of the statistically significant

variables not included above, patients are more likely to be misclassified as a false nega-

tive if their comorbidities include: an under-represetnation of renal failure; and an under-

representation of liver disease.

5.11 Model Comparisons

This study compares intelligent agent models of AKI to three published predictive model,

none of which are ICU specific. Two of the three are re-implement using the MIMIC database.

The third, (Cheng et al. and He et al. are effectively the same model with overlapping

authors), is not published in enough detail to re-implement. A comparison of the included

models with this study’s models may be found in Table 5.16.

5.11.1 Stage 1

Kate et al. published a model (for 60 year old patients and older) with an AUC of 0.743. Kate

et al. published the best reproducible model when re-implemented using MIMIC produced an

AUC of 0.680 (0.661, 0.699). Cheng et al. produced an AUC of 0.783, and He et al. (effectively

the same model) produced an AUC of 0.764 (0.762, 0.766). The intelligent agents produce

an AUC of 0.824 (0.815, 0.833).
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5.11.2 Stage 2

Mohamadlou et al. published a predictive model for specifically Stage 2 and Stage 3 AKI,

which are the more pronounced. Mohamadlou et al. produce a model with an AUC of 0.841,

while a re-implementation of the model on this studies MIMIC produces an AUC of 0.918

(0.901, 0.935). The intelligent agents produced an AUC of 0.926 (0.915, 0.937).

5.11.3 Stage 3

There is no prediction model of AKI Stage 3 in the peer-reviewed literature. This study

presents one with an AUC of 0.983 (0.975, 0.985), a sensitivity of 0.884, a specificity of

0.998, and an accuracy of 0.988.

5.11.4 Progression from Stage 1 to Stage 2

There is no prediction model of AKI Stage 1 to Stage 2 progression in the peer-reviewed

literature. This study presents one with an AUC of 0.930 (0.911, 0.949), a sensitivity of

0.75, a specificity of 0.873, and an accuracy of 0.845.

5.11.5 Progression from Stage 2 to Stage 3

There is no prediction model of AKI Stage 2 to Stage 3 progression in the peer-reviewed

literature. This study presents one with an AUC of 0.951 (0.939, 0.963), a sensitivity of

0.834, a specificity of 0.952, and an accuracy of 0.893.
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Table 5.16: AKI model comparison. Values denoted with an asterisk (*) are derived from

imputing the confusion matrix ratio. Values denoted with a dagger (†) are ratios relative to

true positive value of one, and derived from the equations in the Model Comparison section.
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5.12 Discussion

This study covers AKIs in 11,383 patients with an aim to build prediction models, which is

almost twice as large as all similarly published predictive studies combined. This dissertation

presents a Stage by Stage characterization of AKI with superior performance to existing

peer-reviewed models at every Stage. No such Stage by Stage characterization exists in the

peer-reviewed literature. The diligence of considering the AKIN urine output criteria in this

study is not present in any other models, and accounts for between 11.6% and 12.4% of AKI

positive patients at every stage.

AKI Stage 1, 2, and 3 have an in-hospital mortality rate of 18%, 40%, and 47% respec-

tively. A clinical tool that can predict the onset and severity of an AKI or the progression

to a higher Stage may allow a clinician to start renal replacement or other therapies before

symptoms are present and change the trajectory of the patient.

This study uses two methods of discerning pre-renal (causal circumstance of AKI exists

before the renal system), intrinsic (causation of AKI exists within the renal system), or post-

renal (causal circumstance of AKI exists after the renal system) AKI. Fractional Excretion

of Sodium (FENa) proposed by Espinel [17] calculated by:

FENa =
SCr ∗ UNa
SNa ∗ UCr

(5.2)

SCr = SerumCreatinine (5.3)

SNa = SerumSodium (5.4)

UCr = UrineCreatinine (5.5)

UNa = UrineSodium (5.6)

Pre-renal is defined by <0.01. Intrinsic is defined ≥ 0.01 and <0.04. Post-renal is defined

by ≥ 0.04.

The ratio of blood urea nitrogen and serum creatinine (BUN-to-SCre) was proposed by

Morgan et al. [60]. Pre-renal is defined as ≥ 20.0. Intrinsic is ≥ 10.0 and <20.0. Post-renal

is <10.0.
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The FENa approach categorizes the AKI Stages and Progressions of this chapter’s valida-

tion set by pre-renal, intrinsic, and post-renal in Table 5.17. The table shows a larger portion

of the AKI population are pre-renal AKIs (56.6% pre-renal as opposed to 34.1% intrinsic and

9.3% post-renal), but the intrinsic and post-renal AKIs are more likely to progress to more

severe Stages of AKI (39.2% pre-renal as opposed to 39.2% intrinsic and 21.5% post-renal).

For AKI Stage 1, the intelligent agent’s predictive algorithm performs markedly worse (with

a greater portion of false negative) on post-renal. This is is likely due to the disposition of

the training/testing set (as well as the greater ICU population) having only roughly 10%

post-renal AKIs. In contrast, AKI Stage 3 has the reversed phenomenon where pre-renal

false negatives are markedly greater proportionally. The variable predictability between the

three patient populations is telling of the physiological differences and implies predictive

models designed specifically for each of the three causal conditions (pre-renal, intrinsic, and

post-renal) may perform better than a single model. Thee results of the BUN-to-SCre in

Table 5.18 echo the results above.
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State Total Pre-Renal Intrinsic Post-Renal P-value

AKI Stage 1 910 515 (0.566) 310 (0.341) 85 (0.093) <0.0001

AKI Stage 1 True Positive 760 438 (0.576) 258 (0.339) 64 (0.084) <0.0001

AKI Stage 1 False Negative 150 77 (0.513) 52 (0.347) 21 (0.140) <0.0001

AKI Stage 2 274 128 (0.467) 101 (0.369) 45 (0.164) <0.0001

AKI Stage 2 True Positive 209 105 (0.502) 69 (0.330) 35 (0.167) <0.0001

AKI Stage 2 False Negative 65 23 (0.354) 32 (0.492) 10 (0.154) 0.0035

AKI Stage 3 130 51 (0.392) 51 (0.392) 28 (0.215) 0.0171

AKI Stage 3 True Positive 116 43 (0.371) 48 (0.414) 25 (0.216) 0.0227

AKI Stage 3 False Negative 14 8 (0.571) 3 (0.214) 3 (0.214) 0.1677

AKI Progression 1 to 2 82 46 (0.561) 28 (0.341) 8 (0.098) <0.0001

AKI Progression 1 to 2 True Positive 67 37 (0.552) 24 (0.358) 6 (0.090) <0.0001

AKI Progression 1 to 2 False Negative 15 9 (0.600) 4 (0.267) 2 (0.133) 0.0743

AKI Progression 2 to 3 130 51 (0.392) 51 (0.392) 28 (0.215) 0.0171

AKI Progression 2 to 3 True Positive 109 41 (0.376) 45 (0.413) 23 (0.211) 0.0228

AKI Progression 2 to 3 False Negative 21 10 (0.476) 6 (0.286) 5 (0.238) 0.3679

Table 5.17: AKIs discerned by FENa on validation set.
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State Total Pre-Renal Intrinsic Post-Renal P-value

AKI Stage 1 3416 2134 (0.625) 1208 (0.354) 57 (0.017) <0.0001

AKI Stage 1 True Positive 2924 1884 (0.644) 981 (0.335) 46 (0.016) <0.0001

AKI Stage 1 False Negative 492 250 (0.508) 227 (0.461) 11 (0.022) <0.0001

AKI Stage 2 528 312 (0.591) 186 (0.352) 27 (0.051) <0.0001

AKI Stage 2 True Positive 364 247 (0.679) 105 (0.288) 10 (0.027) <0.0001

AKI Stage 2 False Negative 164 65 (0.396) 81 (0.494) 17 (0.104) <0.0001

AKI Stage 3 193 100 (0.518) 73 (0.378) 20 (0.104) <0.0001

AKI Stage 3 True Positive 143 72 (0.503) 59 (0.413) 12 (0.084) <0.0001

AKI Stage 3 False Negative 50 28 (0.560) 14 (0.280) 8 (0.160) 0.0018

AKI Progression 1 to 2 307 200 (0.651) 101 (0.329) 6 (0.020) <0.0001

AKI Progression 1 to 2 True Positive 229 144 (0.629) 81 (0.354) 4 (0.017) <0.0001

AKI Progression 1 to 2 False Negative 78 56 (0.718) 20 (0.256) 2 (0.026) <0.0001

AKI Progression 2 to 3 196 101 (0.515) 73 (0.372) 22 (0.112) <0.0001

AKI Progression 2 to 3 True Positive 134 69 (0.515) 54 (0.403) 11 (0.082) <0.0001

AKI Progression 2 to 3 False Negative 62 32 (0.516) 19 (0.306) 11 (0.177) 0.0044

Table 5.18: AKIs discerned by BUN-to-SCre on validation set.

5.13 Summary

The intelligent agents were instructed to create predictive models of AKI by the AKIN

definition. The models consist of Stage 1, Stage 2, Stage 3, the progression from Stage 1 to

Stage 2, and the progression from Stage 2 to Stage 3. The agents learned from 10% of the

MIMIC database to create features for each model. Those features were trained and tested

(using 10-fold cross-validation) on 70% of the remaining MIMIC data. The resulting models

were validated on the remaining 30% of data. The performance of the AKI Stage 1 model on

the validating data set is an AUC of 0.824 (0.815, 0.833), and is superior to three published

models and one re-implementation of a published model using MIMIC. The performance of

the AKI Stage 2 model on the validating data set is an AUC of 0.927 (0.916,0.938), and is

superior to the only published model and its re-implementation on MIMIC. The performance
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of the AKI Stage 3 model on the validating data set is an AUC of 0.983 (0.976, 0.990); there

is no basis for comparison. The performance of the progression from AKI Stage 1 to Stage 2

on the validating data set is an AUC of 0.880 (0.871, 0.889); there is no basis for comparison.

The performance of the progression from AKI Stage 2 to Stage 3 on the validating data set

is an AUC of 0.951 (0.939, 0.963); there is no basis for comparison.

This chapter demonstrates the predictive power of an intelligent agent approach to pre-

dicting the onset of AKI by Stage and progression. All models are stable over time having

strong predictive power six hours prior to onset or progression. Future work is required to

assess the threshold of how much prior to onset or progression models may retain predic-

tive power. A clinical tool that may predict the onset or progression of AKI would allow a

clinician to intervene and potentially dramatically change the patients trajectory.



159

Chapter 6

SEPSIS

6.1 Introduction

Sepsis has a prevalence of 651 cases per 100,000 population, as described by Sutton and

Friedman [85]. Severe sepsis has a prevalence of 300 cases over 100,000 population, with a

mortality of approximately 25% (or between 200,000 and 250,000 U.S. deaths per year), as

described in Mayr et al. [55]. In total, is estimated to cost $24 billion per year in health

care costs, and is considered “The most expensive condition treated in U.S. hospitals,” as

described by Torio and Andrews [88].

This chapter presents a competitive predictive model for sepsis. It is second only to

studies who use the InSight algorithm (Mao [52], Rothman [76], McCoy [56], Desautels[13])

or a highly specific and uncommon blood test (Mardi [53]). This study’s model presents the

highest specificity save McCoy’s SOFA (which produces a clinically inapplicable sensitivity)

and McCoy’s version of the InSight algorithm. When the competitive models are pared

down to similar design and inclusion criteria, of those mentioned only the Desautels study

is similar and of comparable performance.

6.2 Pathogenesis

Sepsis is, in essence, a dysregulated response to an infection. Stage 1: a pro-inflammatory

response assists in destroying damaged tissue and pathogenic organism. Stage 1 is concluded

by an anti-inflammatory response to contain the pro-inflammatory response at local site of

insult. Stage 2: If Stage 1 is not successful (or biochemically not perceived to be successful)

in containing the damage and pathogen, a pro-inflammatory response becomes systemic and

recruits system wide immune defenses. An anti-inflammatory response becomes systemic to
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down-regulate the systemic pro-inflammatory response. Stage 2 is considered the cytokine

storm. Stage 3: the immune system loses the ability to regulate the pro-inflammatory re-

sponse, potentially resulting in organ dysfunction, organ failure, and shock. Stage 4: an

extreme anti-inflammatory response suppresses the immune system. Stage 5: the immi-

nomodulatory system is out-of-balance and results in multiple organ dysfunction and possibly

death.

6.3 Value in Early Detection

In 2001 Rivers, et al. [75] discovered that early goal directed therapy reduces mortality as

compared to standard-of-care, from 30% to 15%. In 2006 Kumar, et al. [44] discovered that

the delay in administering antimicrobials after the onset of hypotension results in a 7.6%

increase in patient mortality every hour for the first six hours. In 2005 the Surviving Sepsis

Campaign published the first sepsis bundle, mainly comprised of the direction to measure

blood culture and lactate, and administer antimicrobials, fluids, and vasopressors. The early

application of the sepsis bundle has been validated to decrease patient mortality by half

(Gao, et al. from 49% to 23% [28]; Kortgen, et al. from 53% to 27% [43]; Nguyen, et al. from

40% to 21% [64]; Ferrer, et al. from 44% to 40% [22]; Teles, et al. from 56% to 30% [87];

Zambon, et al. from 39% to 10% [95]; Shiramizo, et al. from 54% to 16% [82]).

6.4 Diagnostic Criteria and Implementation

This study utilizes the ICD9 diagnosis coding of sepsis and severe sepsis to identify sep-

sis positive patients. The time point for the onset of sepsis is defined using the Sepsis-3

definition criteria of suspicion of infection and a Sequential [Sepsis-Related] Organ Failure

Assessment (SOFA) Score of two or greater, as described by Singer, et al. [83]. A SOFA score

of two or greater is achieved when any of the following criteria are met: PaO2/FiO2 <300

mmHg; platelets <100*103/µL; bilirubin ≥ 2.0 mg/dL; any administration of dobutamine,

Dopamine, epinephrine, or norepinephrine; Glasgow Coma Score ≤ 12; Creatinine ≥ 2.0

mg/dL; urine output <500 mL/day.
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6.5 Competing Models for Sepsis

There exist a large number of competing models in the peer-reviewed literature. A rich

sample of 19 studies were chosen as a baseline comparison and are described in Table 6.1. A

comparison of the study designs and performance with this chapter’s intelligent agent model

may be seen in Table 6.1. No peer-reviewed model described here includes patients with

missing data for a variable the model considers. This introduces a significant selection bias.

Compounding the selection bias models: artificially reduce false positive rates by including

patients with positive results for blood culture where negative results may not be represented;

require continuous physiological data; require uncommon tests; intervene in the patients they

are studying; only include patients already at risk for sepsis; or only examine patients with

polytrauma or other specific conditions.

Not included in the comparison samples, the study by Henry et al. [34] predated the

current definition of sepsis, though had an impressive performance at the time with an AUC

= 0.83 (0.81, 0.85). The authors have not yet re-implemented their work using the current

Sepsis-III definition.
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Model Setting N sepsis AUC Sensitivity Specificity Accuracy Notes

Desautels et al [13] MIMIC 22,853 2,577 0.88 0.8 0.8 0.8

artificial reduction

in false positives

by inclusion criteria

Desautels SIRS MIMIC 22,853 2,577 0.61 0.72 0.44 0.47

Desautels MEWS MIMIC 22,853 2,577 0.8 0.7 0.77 0.76

Desautels qSOFA MIMIC 22,853 2,577 0.77 0.56 0.84 0.8

Desautels SAPSII MIMIC 22,853 2,577 0.7 0.75 0.52 0.55

Desautles SOFA MIMIC 22,853 2,577 0.73 0.8 0.48 0.52

van Wyk et al [91] ICU 1,161 377 0.377
requires continuous

physiological data

Vassiliou Lac [92] ICU 89 45 0.677 (0.560, 0.788) 0.49 0.82

Vassiliou Lac+selectin ICU 89 45 0.854 (0.775, 0.932) 0.76 0.84

Gouel mHLA-DR [31] T-ICU 100 37 0.79 (0.69, 0.88) 0.826 0.647

Gouel IL-6 T-ICU 100 37 0.75 (0.64, 0.84) 0.846 0.725

Gouel combined T-ICU 100 37 0.696 0.902

Saqib et al [78] MIMIC 38,270 10,071 0.669 0.476

Uses Angus criteria

and excludes patients

without measured data

Shanhar-Hari et al [80] ED/ICU 272 139 0.67 (0.60, 0.74) Based on Neutrophil CD279

McCoy et al [56] Hospital 1,665 0.91 (0.90, 0.92) 0.83 0.96
Interventional SIRS

screen twice a day

McCoy SIRS Hospital 1,665 0.76 0.64 0.88

McCoy MEWS Hospital 1,665 0.55 0.42 0.64

McCoy qSOFA Hospital 1,665 0.55 0.13 0.97

McCoy SOFA Hospital 1,665 0.77 0.67 0.83

Mao et al [52] ICU 111,957 1,592 0.92 (0.90, 0.93) 0.98 0.8
excludes patients without

measured data

Mao MEWS ICU 111,957 1,592 0.76 0.98 0.8

Mao SOFA ICU 111,957 1,592 0.63 0.82 0.8

Mao SIRS ICU 111,957 1,592 0.75 0.82 0.8

Faisal et al Dev [19] Hospital 26,247 4,861 0.779 (0.772, 0.786) 0.678 0.732

Faisal et al Valid Hospital 30,996 7,773 0.788 (0.782, 0.793) 0.832 0.599

Nemati et al Dev [63] ICU 27,527 2,375 0.86 0.85 0.7 0.7

Nemati et al Valid ICU 31,179 7,459 0.85 0.85 0.67 0.67

Shashikumar et al [81] ICU 0.8 0.85 0.57

Layios et al [47] ICU 99 19 0.75
looking at platelet

activation markers

Danner et al [11] Hospital 53,313 884 0.74

Rothman et al Dev [76] ICU 511 0.911 (0.906, 0.916)

The difference between

development and valid AUC

implies overfitting

Rothman et al valid1 ICU 81 0.802 (0.791, 0.812)

Rothman et al valid2 ICU 826 0.819 (0.814, 0.825)

Lindner et al [49] ICU 256 85 0.81 0.82 0.71 0.77 Only applies to polytrauma

Olenick et al [68] 0.842 0.698

Wang et al [94] 0.703

Mardi et al [53] 114 37 0.922 0.93 0.76 IL-6 blood test

Lukaszewski et al [50] ICU 92 0.914 0.802 0.946
Only includes patients

already at risk of sepsis

Table 6.1: Sepsis peer-reviewed models.
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6.6 Intelligent Agent Model

6.6.1 Variable Selection

Using the 10% data set, the intelligent agents performed 831 viable models. The best per-

forming model variables, corresponding variable importance metric and AUC of a Random

Forest ROC if the variable is missing from the model is described by Table 6.2. The vari-

ables selected for the model by the intelligent agents fall under categories: respiration; blood

chemistry; functional and procedural; hemodynamics; interventions.

Respiration variables include a low exhaled minimum volume, positive end expiratory

pressure, ventilator mode, and pCO2 (venous). Functional procedural are relegated to Glas-

gow Coma Score. Hemodynamic variables include a high blood pressure alarm, and stroke

volume (the amount of blood pumped by the left ventricle of the heart). Blood chemistry and

blood products include: arterial base excess (low pH); bands (immature white blood cells);

calculated bicarbonate, whole blood; ALT (alanine aminotransferase, an enzyme required

to process energy, and elevation most likley implied liver damage); lactate; creatine kinase;

potassium; AST (aspartate aminotanserase, also used to diagnose liver damage); cholesterol.

Interventional variables include: magnesium sulfate (bolus); arterial line zero/calibration;

nitroglycerine; digoxin; and GT (gastrostomy feeding tube) flush.

6.6.2 Model Training and Testing

Using the variables from Table 6.2, a 10-fold cross validation model (with 90% for training

and 10% for testing) was created on a training/testing set of 16,007 patients. At t-minus zero,

the time immediately before the onset of sepsis, the model has an area under the ROC curve

of 0.884 (0.867, 0.903) (see Figure 6.1). The model performance on the training/testing

data set is outlined in Table 6.3. With the cutoff set at the maximum value for the F-

measure (beta=1.75), the model produces: 330 true positives; 15,449 true negatives; 1172

false positives; 219 false negatives; a true positive rate (sensitivity) of 0.601 (see Figure F.1);

a false positive rate of 0.076; a specificity of 0.924 (see Figure F.2); a positive predictive



164

Label Variable Importance AUC excluding variable

Magnesium Sulfate (Bolus) 0.23 0.852 (0.821, 0.884)

Bands 0.3 0.869 (0.839, 0.899)

Arterial Line Zero/Calibrate 0.31 0.860 (0.829, 0.890)

Calculated Bicarbonate, Whole Blood 0.32 0.872 (0.842, 0.902)

Nitroglycerin 0.33 0.861 (0.830, 0.892)

Low Exhaled Min Vol 0.31 0.854 (0.823, 0.885)

Non-Invasive Blood Pressure Alarm - High 0.25 0.862 (0.832, 0.893)

Total PEEP Level 0.28 0.868 (0.837, 0.898)

pCO2 0.35 0.864 (0.834, 0.895)

GCS Total 0.25 0.859 (0.828, 0.890)

Stroke Volume 0.28 0.860 (0.829, 0.890)

ALT 0.29 0.870 (0.840, 0.900)

LVSW 0.26 0.868 (0.838, 0.898)

Arterial Base Excess 0.27 0.859 (0.828, 0.890)

D5/.45NS 0.25 0.865 (0.835, 0.895)

Digoxin 0.26 0.865 (0.834, 0.895)

Lactate 0.31 0.863 (0.832, 0.893)

Ventilator Mode 0.24 0.856 (0.825, 0.887)

Creatine Kinase (CK) 0.31 0.870 (0.840, 0.900)

Potassium 0.3 0.859 (0.828, 0.890)

Asparate Aminotransferase (AST) 0.29 0.865 (0.834, 0.895)

Cholesterol, Total 0.24 0.861 (0.830, 0.892)

GT Flush 0.21 0.861 (0.831, 0.892)

Table 6.2: Variables and variable importance of best performing sepsis model generated by

intelligent agents.

value of 0.220 (see Figure F.3; a negative predictive value of 0.985; an accuracy of 0.913 (see

Figure F.4); with a kappa of 0.957 (see Figure F.5).
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Table 6.3: Sepsis model performance on the training/testing data set.
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Figure 6.1: Sepsis patients, training/testing set AUC=0.884 (0.867, 0.903).

6.6.3 Model Validation

The threshold resulting for the maximum F-measure (beta=1.75) was used to set the thresh-

old for the validation set containing 6,914 patients. The performance of the model against

the validation set was largely consistent with the performance on the training/testing data

set, which indicated a well-balanced model with no evidence of overfitting. The ROC curve

in Figure 6.2 has an area under the curve of 0.874 (0.844, 0.904) compared to the train-

ing/testing are of 0.884 (0.867, 0.903). The performance of the model on the validation

set may be found in Table 6.4 with 140 true positives, 6137 true negatives, 550 false posi-

tives, and 87 false negatives. In comparing the validation performance (using the predefined

threshold) with the training/testing performance, the validation set has: a true positive rate

(sensitivity) of 0.617 (see Figure F.7) as opposed to 0.601; a false positive rate of 0.082

as opposed to 0.076; a specificity of 0.918 (see Figure F.8) as opposed to 0.924; a positive

predictive value of 0.203 (see Figure F.9) as opposed to 0.220; a negative predictive value of
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0.986 as opposed to 0.985; an accuracy of 0.908 (see Figure F.10) as opposed to 0.913; with

a kappa of 0.954 (see Figure F.11) as opposed to 0.957.
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Table 6.4: Sepsis model performance on the validation data set.
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Figure 6.2: Sepsis patients, validation set AUC=0.874 (0.844, 0.904).

6.6.4 As a Function of Time

The sepsis patients model is stable, losing 2.06% AUC with six hours prior variable values.

In Figure 6.3 t-minus zero has an AUC of 0.874 (0.844, 0.904), and t-minus six hours, the

models area under the ROC curve is 0.856 (0.825, 0.887). Additional lower performing

machine learning algorithms over time may be found in Figure F.13.

6.6.5 Variable Composition, Demographics, and Comorbidities

Variable composition for condition positive and condition negative patients in the validation

set was was assessed in Table F.1. There are several statistically significant (Kruskal-Wallis

test P-value <0.0001) variables that differentiate sepsis positive patients from sepsis negative

patients. Sepsis patients have a greater bands, whole blood bicarbonate, PEEP level, ALT,

lactate, and AST. Sepsis positive patients had a different distribution of GCS and ventilator

mode, and a depressed arterial base excess.
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Figure 6.3: Sepsis validation AUC of the ROC over time. AUC at t-minus=0 is 0.874 (0.844,

0.904). At t-minus six hours, the model’s area under the ROC curve is 0.856 (0.825, 0.887).

Variable composition by classification was assessed in Table F.2 to greater understand the

models false positives and false negatives in the context of true positives and true negatives.

Of the statistically significant variables not included above, patients are more likely to be

misclassified as a false negative if they present with: depressed nitroglycerin administration;

a lower exhaled minimum volume; a narrow pCO2; less administration of D5/.45 normal

saline; depressed creatinine kinase; and fewer gastro tube flushes.

The demographic and key variables were assessed for condition positive and condition

negative patients in the validation set in Table F.3. There are several statistically significant

(Kruskal-Wallis test P-value<0.0001) variables that differentiate sepsis positive patients from

sepsis negative patients. Condition positive patients have: a higher in-hospital mortality

(44% as opposed to 7%); a higher 30-day mortality (47% as opposed to 9%); a longer ICU

LOS (7.05 days as opposed to 1.57 days); were more represented in the Medical ICU (61%
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as opposed to 35%); were more likely covered by Medicare (68% as opposed to 48%) likely

because of the age difference of the two cohorts (median 70 years old for sepsis patients as

opposed to a median of 62 years old for sepsis negative patients.

Demographic and key variables was assessed by classification in Table F.4. Of the statis-

tically significant variables not included above, patients are more likely to be misclassified

as a false negative if their demographics include: under-representation in the TSICU; and

under-represented by private insurance.

Comorbidities of condition positive and condition negative patients was assessed in Ta-

ble F.5. There are several statistically significant (Kruskal-Wallis test P-value <0.0001)

comorbidities that differentiate sepsis positive patients from sepsis negative patients. Sepsis

positive patients are over represented in: Congestive heart failure (43% as opposed to 20%);

liver disease (13% as opposed to 5%); coagulopathy (25% as opposed to 4%); weight loss

(12% as opposed to 3%); fluid and electrolyte disorders (52% as opposed to 22%).

Comorbidities by classification is assessed in Table F.6. Of the statistically significant

variables not included above, patients are more likely to be misclassified as a false negative

if they under-represent comorbidities: cardiac arrhythmias; valvular disease; hypertension,

complicated; chronic pulmonary disease renal failure; and deficiency anemia.

6.7 Model Comparisons

The intelligent agents produce a model competitive with models from the peer-reviewed

literature. The agents achieve an AUC in among the top level performers, as seen in Figure

6.4. This dissertation has focused efforts on minimizing false negatives at the expense of

false positives, which weighs specificity more significant that sensitivity. The intelligent

agent model is among the best performers for sensitivity with other metrics well balanced,

as seen in Figure 6.5. Only McCoy’s model and McCoy’s qSOFA have a higher specificity,

and the qSOFA has a clinically impractical sensitivity.

The similarities between predictive models based on design is included in Table 6.5 and

include: if the study was performed in the ICU; if the study is generally applicable to those
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patients, without extra inclusion criteria such as polytrauma, already suspected of sepsis, or

specific surgeries; if the study includes patients with missing values for included variables;

if the study was performed without an intervention; if the study is examining the onset of

sepsis as opposed to a hospital-wide sepsis diagnosis; and if the study used Sepsis-3 as the

sepsis definition.

Of the models considered for comparison, Rothman et al. [76] is one of the more similar

in overall goal. The Rothman study investigate patients who present with sepsis in the ICU

who developed sepsis in the ICU. The Rothman model is considered to be subject to over-

fitting, where the development model learned and improved performance on the development

data set at the expense of general predictive performance. Rothman’s predictive model on

the development data set, derived from Sarasota Memorial Hospital in Sarasota Florida,

performed with an AUC = 0.911 (0.906, 0.916). On the first validation data set, derived

from Riverside Regional Medical Center in Newport News Virginia, it performed with an

AUC = 0.802 (0.791, 0.812). On the second validation set, derived from Yale New Haven

Hospital in New Haven Connecticut, it performed with an AUC = 0.819 (0.814, 0.825). The

drop in AUC by 12.0% and 10.1% respectively indicate a model that gained performance on

the training set at the expense of losing the ability to be applied generally.

Other similar studies include those form Desautels et al. [13], Nemati, and Shashikumar.

All three: are ICU based; are generally applicable; do not employ an intervention; examine

the onset of sepsis; and use Sepsis-3 as the definition of sepsis. No peer-reviewed published

sepsis prediction model includes patients with missing values for included variables. The

inclusion of patients with missing values is unique to this dissertation’s approach to predicting

sepsis. The Desautels study requires blood culture results to indicate a suspicion of infection,

where the lack of results do not necessarily negate the lack of a blood culture test. It is

therefor artificially reducing the false positive results by the blood culture inclusion criteria.

The intelligent agents perform competitively with all sepsis models including those most

similar. The intelligent agents best performing model achieved an AUC of 0.874 (0.844, 0.904)

on the validation set, closely matching Desautels’ AUC = 0.88 while surpassing Nemati’s
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AUC = 0.85 and Shashikumar’s AUC = 0.80. The intelligent agent’s model produces an

accuracy of 0.908 and surpasses Desautels’ accuracy of 0.80 and Nemati’s accuracy of 0.67

(Shashikumar’s accuracy not reported). The intelligent agent’s model weighs specificity

more significantly than sensitivity to minimize false negatives (the patient’s whom without

intervention would succumb to harm) resulting in a specificity of 0.918 (sensitivity of 0.617)

surpassing Desautels’ specificity of 0.80 (sensitivity of 0.80), Nemati’s specificity of 0.67

(sensitivity of 0.85), and Shashikumar’s specificity of 0.57 (sensitivity of 0.85).

AUC ICU Generally applicable Include patients with missing data Without intervention Onset of sepsis Sepsis-3

Intelligent Agent 0.874 (0.844, 0.904) X X X X X X

Desautels et al [13] 0.88 X X - X X X

Desautels SIRS 0.61 X X - X X X

Desautels MEWS 0.8 X X - X X X

Desautels qSOFA 0.77 X X - X X X

Desautels SAPSII 0.7 X X - X X X

Desautles SOFA 0.73 X X - X X X

Vassiliou Lac [92] 0.677 (0.560, 0.788) X X - X X -

Vassiliou Lac+selectin 0.854 (0.775, 0.932) X X - X X -

Gouel mHLA-DR [31] 0.79 (0.69, 0.88) X - - - - -

Gouel IL-6 0.75 (0.64, 0.84) X - - - - -

Saqib et al [78] 0.669 X X - X - X

Shanhar-Hari et al [80] 0.67 (0.60, 0.74) X - - - - -

McCoy et al [56] 0.91 (0.90, 0.92) - X - - - X

McCoy SIRS 0.76 - X - - - X

McCoy MEWS 0.55 - X - - - X

McCoy qSOFA 0.55 - X - - - X

McCoy SOFA 0.77 - X - - - X

Mao et al [52] 0.92 (0.90, 0.93) X X - X X -

Mao MEWS 0.76 X X - X X -

Mao SOFA 0.63 X X - X X -

Mao SIRS 0.75 X X - X X -

Faisal et al Dev [19] 0.779 (0.772, 0.786) - - - X - -

Faisal et al Valid 0.788 (0.782, 0.793) - - - X - -

Nemati et al Dev [63] 0.86 X X - X X X

Nemati et al Valid 0.85 X X - X X X

Shashikumar et al [81] 0.8 X X - X X X

Layios et al [47] 0.75 X - - X X X

Rothman et al Dev [76] 0.911 (0.906, 0.916) X X - X X -

Rothman et al valid1 0.802 (0.791, 0.812) X X - X X -

Rothman et al valid2 0.819 (0.814, 0.825) X X - X X -

Lindner et al [49] 0.81 X - - X X -

Olenick et al [68] 0.842 - X - X X -

Wang et al [94] 0.703 - X - X - -

Mardi et al [53] 0.922 - X - X - -

Table 6.5: Sepsis model comparison based on AUC.
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Figure 6.4: Sepsis prediction models ordered by AUC. This studies intelligent agent generated

model in red.

6.8 Discussion

The intelligent agent best performing model is comparable to the inSight algorithm used by

Desautles. The inSight algorithm makes use of: systolic blood pressure; pulse pressure; heart

rate; temperature; respiration rate; white blood cell count; pH; blood oxygen saturation; and

age. The intelligent agents have access to those very same variables, and yet found prediction

by another route. By employing an intelligent agent approach to sepsis this dissertation

produces a perspective on a sub-population of septic patients and can characterize significant

variables related to sepsis and hemodynamics. Though septic patients are most significantly

from the MICU and under-represented in the CSRU (see Table F.3), they do have a significant

comorbidity of congestive heart failure and cardiac arrhythmias (see table F.5). Several of

the variables the intelligent agents included in the best performing model include cardiac

function related variables: arterial line is commonly used for monitoring high resolution

hemodynamic properties; nitroglycerin, a vasodilator; high blood pressure alarm; stroke

volume, the volume of blood pumped by a single stroke of the heart; LVSW (left ventricle
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Figure 6.5: Sepsis prediction models scatter chart of sensitivity v. specificity. This study’s

intelligent-agent-generated model is in red.

stroke work), and Digoxin, used to treat various heart conditions.

6.9 Summary

The intelligent agents were instructed to create a predictive model of sepsis based on the

Sepsis-3 definition. The agents learned from 10% of the MIMIC database to create features.

Those features were trained and tested (using 10-fold cross-validation) on 70% of the remain-

ing MIMIC data. The resulting model was validated on the remaining 30% of data. The

performance of the model on the validating data set is an AUC of 0.874 (0.844, 0.904).

This chapter demonstrates the predictive power of an intelligent agent approach to pre-

dicting the onset of sepsis. In addition to out competing 75% of evaluated models, it stands
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out from those algorithms with the most similar study design. While matching Desaut-

les’ AUC, it surpasses other similar model’s in AUC and all similar models in accuracy

and specificity. Significantly, the agents highlight significant markers that link sepsis with

hemodynamics.

Six hours prior to the patient meeting the Sepsis-3 criteria, the intelligent agent’s pre-

diction model has a performance of an AUC of 0.856 (0.825, 0.887). There exists evidence

that the early application of measures contained in the Surviving Sepsis Campaign - sepsis

bundle can reduce mortality rates by as much as 50%. Kumar et al. [44] identified a 7.6%

increase in mortality for every hour antimicrobials are delayed for the first six hours. With

a clinical tool that may predict onset of sepsis six hours before with an AUC of 0.856 a

clinician may be able to further reduce mortality risk, reduce other adverse outcomes, or

redirect the patient’s trajectory entirely.
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Chapter 7

DISSEMINATED INTRAVASCULAR COAGULATION

7.1 Introduction

Matsuda [54] identifies DIC present in 1% of tertiary care patients. This manifestation does

not account for mild and sub-clinical conditions. Mortality rates of DIC afflicted patients

vary substantially by severity of DIC and co-occurring conditions.

7.2 Pathogenesis

DIC is initiated when procoagulants cause excess thrombin formation. The excess thrombin

can cause: plasmin activation and fibrinolysis (breaking down existing clots) which leads to

excess bleeding; consumption of coagulation factors, depleting the ability to form clots, and

leads to excess bleeding; microvascular clots in organs causing injury.

7.3 Value in Early Detection

The recommendation by Wada et al. [93] is to begin treatment as soon as diagnosed. The

recommended treatment strategy is to treat the underlying condition that provides the proco-

agulants that perpetuates the DIC cascade. There exists no literature on delayed treatment,

and there exists no predictive model to preempt the manifestation of the disease.

7.4 Diagnostic Criteria and Implementation

For the definition of diagnostic criteria this chapter uses JAAM’s DIC definition, provided

by Gando et al. [27]. JAAM puts forth a scoring system, where a score of greater than or

equal to 5 points is considered DIC where: 3+ SIRS criteria is worth one point; platelet

count between 80 and 120 *109/L or a 30%+ decrease within 24 hours is worth one point;
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platelet count less than 80 *109/L or a 50%+ decrease within 24 hours is worth 3 points;

prothrombin time greater or equal to 1.2 is worth one point; fibrinogen less than 3.5 g/L is

worth one point; fibrin or fibrinogen degradation product between 10 and 25 mg/L is worth

one point; and fibrin or fibrinogen degradation product greater or equal to 25 mg/L is worth

3 points.

7.5 Intelligent Agent Model

7.5.1 Variable Selection

Using the 10% data set, the intelligent agents tested 1,040 viable models. The best perform-

ing model variables, corresponding variable importance metric and AUC of a Random Forest

ROC if the variable is missing from the model, are described by Table 7.1. The variables

selected for the model by the intelligent agents fall under categories: pharmaceuticals; vital

signs; laboratory results; procedural or observational; and ventilation.

Pharmaceutical interventions used as variables for predicting the onset of DIC are the

administrations of Digoxin and calcium gluconate. Digoxin is a cardio-pulmonary drug that

supports blood pressure and is used in the treatment of heart failure and heart arrhythmia.

Calcium gloconate is an intravenous medications to treat calcium deficiencies. Vital sign

measurements used in the prediction model include: temperature; respiratory rate; weight

(both admit and previous); and blood pressure alarms.

Laboratory results used in the prediction model are varied. Bilirubin is used to clear waste

products that arise from the breaking down of red blood cells. INR(PT) is telling of how

long it takes for the body to form clots. Creatinine is a product of breaking down of muscle

tissue. Creatine phosphokinase (CPK and CK-MB) is an enzyme found in muscle (notably

heart tissue), brain, and skeletal tissue. Elevated CPK are indicative of the destruction

of those tissues. Eosinophils are a type of white blood cell activated for types of cancer,

allergic reactions and parasitic infections. Basophils (measured by Differential-Basos) contain

heparin, a blood thinner, and may prevent blood from forming clots.
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Procedure and observational events include: pre-admission intake; noted discharge needs;

difficulty swallowing; Braden nutrition, a note of diminished or imbalanced nutrition; and

Braden friction/shear, motion issues that may cause pressure ulcers or cellular and other

micro-trauma when moving. The tube feeding residual variable may additionally indicate nu-

tritional issues related to enteral nutrition tolerance and stomach digestive function. Minute

ventilation volume is emphasized in three different variables while forming of this model.

7.5.2 Model Training and Testing

Using the variables from Table 7.1, a 10-fold cross validation model (with 90% for training

and 10% for testing) was created on a training/testing set of 38,241 patients. At t-minus zero,

the time immediately before the onset of DIC, the model has an area under the ROC curve

of 0.830 (0.823, 0.837) (see Figure 7.1). The model performance on the training/testing data

set is outlined in Table 7.2. With the cutoff set at the maximum value for the F-measure

(beta=1.75), the model produces: 4,410 true positives; 23,216 true negatives; 9,409 false

positives; 1,206 false negatives; a true positive rate (sensitivity) of 0.785 (see Figure G.1);

a false positive rate of 0.288; a specificity of 0.712 (see Figure G.2); a positive predictive

value of 0.319 (see Figure G.3; a negative predictive value of 0.951; an accuracy of 0.722 (see

Figure G.4); with a kappa of 0.885 (see Figure G.5).
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Label Variable Importance AUC excluding variable

Admit Wt 0.34 0.835 (0.824, 0.845)

Previous Weight 0.33 0.834 (0.823, 0.844)

Calcium Gluconate 0.3 0.836 (0.826, 0.846)

CPK 0.33 0.835 (0.825, 0.846)

Digoxin 0.29 0.836 (0.826, 0.847)

Eosinophils 0.35 0.834 (0.824, 0.844)

Temperature C 0.31 0.825 (0.814, 0.835)

Total Bilirubin 0.3 0.834 (0.824, 0.845)

Creatinine 0.34 0.834 (0.823, 0.844)

CK-MB 0.28 0.836 (0.825, 0.846)

Pre-Admission Intake 0.26 0.836 (0.826, 0.847)

Differential-Basos 0.24 0.835 (0.824, 0.845)

Braden Friction/Shear 0.27 0.835 (0.824, 0.845)

Braden Nutrition 0.28 0.836 (0.825, 0.846)

Difficulty swallowing 0.18 0.833 (0.822, 0.843)

Arterial Blood Pressure Alarm - High 0.24 0.835 (0.824, 0.845)

Minute Volume Alarm - Low 0.25 0.834 (0.824, 0.844)

Minute Volume(Obser) 0.27 0.834 (0.824, 0.845)

INR(PT) 0.32 0.824 (0.813, 0.834)

Discharge needs 0.18 0.833 (0.822, 0.843)

Central Venous Pressure Alarm - High 0.18 0.836 (0.826, 0.846)

Non-Invasive Blood Pressure Alarm - High 0.22 0.836 (0.826, 0.846)

Minute Volume 0.24 0.834 (0.823, 0.844)

Resp Rate (Total) 0.25 0.838 (0.828, 0.848)

Tube Feeding Residual 0.29 0.836 (0.825, 0.846)

Table 7.1: Variables and variable importance of best performing DIC model generated by

intelligent agents.
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Table 7.2: DIC model performance on the training/testing data set.
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Figure 7.1: DIC patients, training/testing set AUC=0.830 (0.823, 0.837).

7.5.3 Model Validation

The threshold resulting for the maximum F-measure (beta=1.75) was used to set the thresh-

old for the validation set containing 16,399 patients. The performance of the model against

the validation set was largely consistent with the performance on the training/testing data

set, which indicated a well-balanced model with no evidence of over-fitting. The ROC curve

in Figure 7.2 has an area under the curve of 0.838 (0.828, 0.848) compared to the train-

ing/testing are of 0.830 (0.823, 0.837). The performance of the model on the validation set

may be found in Table 7.3 with 1,881 true positives, 9,975 true negatives, 4,035 false posi-

tives, and 508 false negatives. In comparing the validation performance (using the predefined

threshold) with the training/testing performance, the validation set has: a true positive rate

(sensitivity) of 0.787 (see Figure G.7) as opposed to 0.785; a false positive rate of 0.288, the

same as the training/testing counterpart; a specificity of 0.712 (see Figure G.8), the same

as the training/testing counterpart; a positive predictive value of 0.318 (see Figure G.9) as
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opposed to 0.319; a negative predictive value of 0.952 as opposed to 0.951; an accuracy of

0.723 (see Figure G.10) as opposed to 0.722; with a kappa of 0.885 (see Figure G.11), the

same as the training/testing counterpart.
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Table 7.3: DIC model performance on the validation data set.
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Figure 7.2: DIC patients, validation set AUC=0.838 (0.828, 0.848).

7.5.4 As a Function of Time

The DIC patients model is stable, losing 3.34% AUC with six hours prior variable values.

In Figure 7.3 t-minus zero has an AUC of 0.838 (0.828, 0.848), and t-minus six hours, the

models area under the ROC curve is 0.810 (0.799, 0.821). Additional lower performing

machine learning algorithms over time may be found in Figure G.13.

7.5.5 Variable Composition, Demographics, and Comorbidities

Variable composition for condition positive and condition negative patients in the valida-

tion set was was assessed in Table G.1. There are several statistically significant (Kruskal-

Wallis test P-value <0.0001) variables that differentiate DIC positive patients from DIC

negative patients. DIC patients have: a greater weight; greater administration of calcium

gluconate; depressed Eosinophils; elevated creatinine; elevated INR(PT) (implying trouble

forming blood clots); a higher ventilation minute volume; and an elevated respiration rate.
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Figure 7.3: DIC validation AUC of the ROC over time. AUC at t-minus=0 is 0.838 (0.828,

0.848). At t-minus six hours, the model’s area under the ROC curve is 0.810 (0.799, 0.821).

Variable composition by classification was assessed in Table G.2 to greater understand

the models false positives and false negatives in the context of true positives and true neg-

atives. Of the statistically significant variables not included above, patients are more likely

to be misclassified as a false negative if they present with: elevated temperature; depressed

creatinine; elevated CK-MB; or an elevated observed ventilated minute volume.

The demographic and key variables were assessed for condition positive and condition

negative patients in the validation set in Table G.3. There are several statistically significant

(Kruskal-Wallis test P-value <0.0001) variables that differentiate DIC positive patients from

DIC negative patients. DIC patients have: a higher in-hospital mortality; higher 30 day

mortality rate; longer ICU length of stay; are under-represented in the CSRU; and are

over-represented with Medicare while being under-represented by private insurance which is

indicative of the age different (median of 67 years old for DIC positive patients and median
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of 61 years old for DIC negative patients).

Demographic and key variables was assessed by classification in Table G.4. Of the statis-

tically significant variables not included above, patients are more likely to be misclassified as

a false negative if their demographics include: under-representation in the CCU and MICU;

are racially Asian; government and medicaid insurance.

Comorbidities of condition positive and condition negative patients was assessed in Ta-

ble G.5. There are several statistically significant (Kruskal-Wallis test P-value <0.0001)

comorbidities that differentiate DIC positive patients from DIC negative patients. DIC pos-

itive patients are over represented in: congestive heart failure; cardiac arrhythmias; valvular

disease; peripheral vascular disorders; liver disease; lymphoma; coagulopathy; weight loss;

fluid and electrolyte disorders; and alcohol abuse. DIC patients are under-represented in

depression.

Comorbidities by classification is assessed in Table G.6. Of the statistically significant

variables not included above, patients are more likely to be misclassified as a false negative

if their comorbidities are under-represented in: pulmonary circulation disorders; hyperten-

sion, complicated; chronic pulmonary disease; diabetes; renal failure; rheumatoid arthri-

tis/collagen vascular diseases; and depression.

7.6 Discussion

The model constructed by the intelligent agents shows some interesting correlations between

the pre-DIC patients and their health status. There is focus on: weight (comorbidity, admit,

and previous); white blood cell representation (basophils and eosinophils); respiration volume

and rate; and nutrition (Braden and feeding tube residual). These variables are likely non-

causal correlations to elevated pro-coagulant exposure in blood, which is the initializing of

the DIC pathway.
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7.7 Summary

The intelligent agents were instructed to create a predictive model of DIC based on the

JAAM definition. the agents learned from 10% of the MIMIC database to create features.

Those features were trained and tested (using 10-fold cross-validation) on 70% of the remain-

ing MIMIC data. The resulting model was validated on the remaining 30% of data. The

performance of the model on the validating data set is an AUC of 0.838 (0.828, 0.848).

This chapter demonstrates the predictive power of an intelligent agent approach to pre-

dicting the onset of DIC. There exist no peer-reviewed published predictive model of DIC,

so there is no comparison. The agents highlight significant medical markers for the onset of

DIC, producing a sensitivity of 0.787, a specificity of 0.712 and an accuracy of 0.723.

Six hours prior to the patient meeting the JAAM DIC criteria, the prediction model has

a performance of an AUC of 0.810 (0.799, 0.821). There is no literature demonstrating the

effects of early interventions with DIC, but treatment is urged to begin immediately by Wada

et al. [93]. With a clinical tool that may predict onset of DIC six hours before with an AUC

of 0.810 (0.799, 0.821) a clinician may be able to reduce mortality risk, reduce other adverse

outcomes, or redirect the patient’s trajectory entirely.
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Chapter 8

CONCLUSIONS

The research effort described in this dissertation sought and succeeded to create an intelli-

gent agent framework capable of data mining a database to predict an event. The framework

was applied to an ICU EMR to investigate three diseases: ARDS, AKI, and sepsis. Several

derivative investigations were devised from the initial results, and the research was expanded

to include: SAHRF, DIC, the relationship between DIC and ARDS, and all Stages of AKI

including progression to more severe Stages.

8.1 Contributions

By utilizing the intelligent agent framework created for this study and applying it to an ICU

EMR several contributions are made to medicine and medical informatics. All four mod-

els created by the intelligent agents that have comparable peer-reviewed prediction models

(ARDS, AKI Stage 1, AKI Stage 2, and sepsis) have a comparable or superior performance

to the published counterpart. This dissertation presents seven novel prediction models not

found in the peer-reviewed published literature, including: SAHRF; DIC from ARDS pos-

itive patients; ARDS from DIC positive patients; AKI Stage 3; the progression from AKI

Stage 1 to Stage 2; the progression from AKI Stage 2 to Stage 3; and DIC.

The ARDS models created by this study have a superior AUC of 0.861 (0.838, 0.884).

A published account of LIPS in an ICU setting [4] produces an AUC of 0.79, and even

this dissertation’s own re-implementation of LIPS on MIMIC produces an AUC of 0.847

(0.823, 0.871). The intelligent agents have a superior sensitivity (0.877 compared to the

re-implementation of LIPS of 0.773) and accuracy (0.869 compared to 0.773).

The intelligent agent AKI models considers the urine output criteria of AKIN that no
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other AKI prediction model considers, and represents between 11.6% and 12.4% of AKI

patients at every Stage. The AKI Stage 1 model created by the intelligent agents of this

study produce a superior AUC of 0.824 (0.815, 0.833) compared to the next highest AUC of

0.783 produced by Cheng et al. [7].

The AKI Stage 2 model created by the intelligent agents of this study produce a superior

AUC of 0.926 (0.915, 0.937) compared to the only other published model by Mohamadlou

et al. [59] with an AUC of 0.841, and this dissertation’s re-implementation of Mohamadlou’s

model on MIMIC with an AUC of 0.918 (0.901, 0.935).

The sepsis model created by the intelligent agents of this study produce a comparable

AUC of 0.874 (0.844, 0.904) to that of the highest performing most similar model by Desautels

et al. [13] with an AUC of 0.88. In critical comparison, the intelligent agent’s model has a

superior specificity (0.918 compared to 0.80) and accuracy (0.908 compared to 0.80).

The performance of the novel prediction models demonstrate the impressive predictive

capability of the intelligent agents. SAHRF prediction model produced an AUC of 0.952

(0.947, 0.957), a sensitivity of 0.914, a specificity of 0.862, and an accuracy of 0.872. Pre-

dicting DIC from ARDS patients produced a performance with an AUC of 0.722 (0.689,

0.755), a sensitivity of 0.527, a specificity of 0.788, and an accuracy of 0.670. Predicting

ARDS from DIC positive patients produced a model with an AUC of 0.675 (0.639, 0.711),

a sensitivity of 0.478, a specificity of 0.756, and an accuracy of 0.746. Predicting AKI Stage

3 produces a performance with an AUC of 0.983 (0.975, 0.985), a sensitivity of 0.884, a

specificity of 0.998, and an accuracy of 0.988. Predicting the progression from AKI Stage 1

to Stage 2 produces an AUC of 0.930 (0.911, 0.949), a sensitivity of 0.750, a specificity of

0.873, and an accuracy of 0.845. Predicting the progression from AKI Stage 2 to Stage 3

produces an AUC of 0.951 (0.939, 0.963), a sensitivity of 0.834, a specificity of 0.952, and an

accuracy of 0.893. Predicting DIC produced a model with an AUC of 0.838 (0.828, 0.848),

a sensitivity of 0.787, a specificity of 0.712, and an accuracy of 0.723.

The significance of study populations contribute the the successes in this dissertation.

The characterization of 915 ARDS and DIC positive patients represents a cohort nearly six
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times larger than that of all published work combined. The prediction of AKI involves 11,383

patients, almost twice as large as all similarly published studies combined.

In the course of research this dissertation’s efforts have discovered a correlation between

DIC and ARDS. DIC and ARDS correlation is a known phenomenon (a sample size of 18 in

[67] and [15]), and is suspected a causal phenomenon (a sample size of 142 [58]). By studying

the 915 ARDS and DIC positive patients this dissertation has characterized an elevated

mortality rate (nearly double the ARDS positive DIC negative prognosis) and incidence

(64.5% of ARDS patients are or will be afflicted with DIC). This dissertation proposes a

theoretical disease pathway that merges the ARDS pathway with the DIC pathway, and show

the phenomenon to cause a positive feedback loop in Figure 4.9. This dissertations shows

DIC is a comorbidity in 78% of all ARDS patients who succumb to in-hospital mortality.

This work also inspected the DIC positive patients who later develop ARDS and found

them to significantly consist of trauma patients. When trauma is the underlying condition

for DIC, the patient is twice as likely to develop ARDS.

The overarching contributions of this dissertation are the models and framework to create

models that offer the basis of clinical tools. The clinical tools may serve to predict the onset

of disease and allow for actionable early therapeutics to change the patients trajectory

8.2 Meta Analysis

The culmination of this research presents the rare opportunity to perform a meta analysis of

unpredictable patients. The framework presented in this dissertation tracks the provenance of

every patient through the validation models. For individual models, this research, describes

the significant features of misclassified patients, which constitutes part of the limitations for

each model. That analysis highlights the patient cohorts which are likely to be misclassified

for a particular model.

This dissertation utilizes several models, all with the same patient population, giving the

rare opportunity to examine misclassifications. Amassing the false positive patients and false

negative patients from four primary diseases in this dissertation (ARDS, AKI, sepsis, and
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DIC) it is possible to highlight patients who contribute to those misclassifications. This, meta

analysis of unpredictable patients may set the limitations of predictive models in general.

Table H.1 denotes patients who were misclassified as false positive for the four primary

diseases, which include the comorbidities of: congestive heart failure; cardiac arrhythmias;

valvular disease; pulmonary circulation disorders; hypertension; chronic pulmonary disease;

diabetes, uncomplicated; liver disease; solid tumor without metastasis; coagulopathy; blood

loss anemia; and trauma. Table H.2 denotes patients who were misclassified as false negative

for the four primary diseases, which include the comorbidities of: hypertension, uncompli-

cated; paralysis; renal failure; and trauma. Identifying patients who are difficult to predict

helps to set the clinically contextual limitations of predictive models.

8.3 Future Work

8.3.1 Temporal Boundary Value

Each model devised in this dissertation has been assessed up to six hours prior, with differing

stability in the models. Most are stable over time, but some lose a significant amount of

predictive power over time such as DIC from ARDS in Table 4.11 that loses 10.7% of it’s

AUC over six hours prior to onset. Determining how many hours prior to the onset of disease

a model is still valid to meet clinician’s minimum performance for utility would add to the

application of such a tool. The severity, progression, and predictability are different for

different disease, the temporal boundary should be assessed per disease.

8.3.2 Probing β

The design of this research emphasized minimizing false negatives at the expense of false

positives. The cutoff of each model derived from the general ICU population was set to be

at the maximum F-measure with β = 1.75. This threshold setting was chosen because the risk

to a false negative patient (delayed therapeutics) outweighs the risk to a false positive patient

(unnecessary intervention). The severity of the diseases chosen for this study warrants early
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intervention to avoid mortality and adverse outcomes. Different diseases and disease stages

may have a different clinically significant β setting. Probing the balance of false positives

and false negatives in the setting where predictive models will be employed is prudent.

8.3.3 Validating

Translating a model to a clinical tool is necessarily complicated and thorough. The next

progression of the research conducted in this dissertation is to validate the methods and

models in other ICU EMRs.

8.3.4 ARDS-DIC Relationship

Much work is necessary to probe the relationship between ARDS and DIC. This research

has definitively shown correlation. To verify causality, as described in Table 4.9, is outside

the capability of this retrospective research. The initial results by Miyoshi et al. [58] and

the predictive capabilities of the intelligent agents in this dissertation are telling of causality,

but neither are definitive.

8.3.5 High Throughput

This dissertation has taken great steps to generalize the approach of data mining databases.

The limitations of generating predictive models under this dissertation’s framework are

mostly computational. The human centered front-end work is limited to carefully inputting

the definitions of disease onset. A reasonable next step would be to focus on scaling this

research to encompass many disease. To accomplish up-scaling future efforts will create a

repository of computational disease onsets. The repository will act as a computational as-

say. When ICU databases become available for research, this assay may be applied to the

database to generate or validate predictive models. As no aspect of the predictive mod-

els need identifiable information, any such initiative may qualify for minimal risk for an

Institutional Review Board (IRB) under an existing secondary data use exemption.



194

8.3.6 Learning Events Generalized

With some adaptation to the original intelligent agent framework, agents may be given the

tools necessary to define the clinical events they then predict. An agent framework that can

define a clinical event (with clustering algorithms) and then predict the onset of the event

(with the tools currently in place) can transcend the original focus of disease onset. Such

an enhanced framework may find novel correlative relationships that translate into disease:

classifications; stages; or risk stratification.
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Appendix A

MIMIC-III

A.0.1 Admissions

The admissions table (Table A.1) contains information relevant to the patient’s stay in the

hospital. Every entry of this database table has one unique HADM ID (Hospital ADMissions

IDentifier). This table forges the relationship between a patient (SUBJECT ID) and a

hospital admission (HADM ID).

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• SUBJECT ID: A person identifier that links to patient information via that Patient

table (see subsection A.0.13).

• HADM ID: A unique identifier to a hospital admissions.

• ADMITTIME: Timestamp for the hospital admit time.

• DISCHTIME: Timestamp for the hospital discharge time.

• DEATHTIME: Timestamp for death if the patient died in-hospital.

• INSURANCE: Insurance classification at the time of hospital admissions.

• LANGUAGE: Primary language spoken by the patient.

• RELIGION: Religious preference of the patient.
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• MARITAL STATUS: Marital status at the time of hospital admissions.

• ETHNICITY: Race and ethnic disposition preference.

Relationships for this table exist as:

• One patient (see subsection A.0.13) can have many admissions keyed by SUBJECT ID.

• One admission can have multiple ICU stays (see subsection A.0.7).

• One admission can have multiple laboratory events (see subsection A.0.10).

• One admission can have multiple microbiology laboratory events (see subsection

A.0.11).
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Table A.1: MIMIC Admissions.
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A.0.2 Chartevents

The Chartevents table (Table A.2) houses all events captured in the patient’s electronic

chart. This includes all data captured at the bedside, like vital signs or fingerstick tests. It

also includes settings made at the bedside, like ventilator settings. Additional information

is captured in the electronic chart per the discretion of the provider.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• SUBJECT ID: A person identifier that links to patient information via the Patient

table (see subsection A.0.13).

• HADM ID: An identifier to a hospital admissions that links to the Admissions table

(see subsection A.0.1).

• ICUSTAY ID: An identifier to an ICU stay that links to information specific to the

ICU stay via the ICU Stay table (see subsection A.0.7).

• ITEMID: An item identifier that links to item specific information via the Items table

(see subsection A.0.4).

• CHARTTIME: Is a record of the timestamp the observation was made.

• STORETIME: Is a record of the timestamp the information was entered into the

electronic chart.

• CGID: CGID a CareGiver IDentifier for the individual who validated the measurment

or recording.

• VALUE: This field contains the text representation of the value of the measurement

or setting.
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• VALUENUM: If VALUE is numeric, this field represents that numeric value, otherwise

it is left null.

• VALUEUOM: If valid, this field contains the Unit Of Measurement for VALUE.

Relationships for this table exist as:

• One ICU stay (see subsection A.0.7) may have multiple Chartevents keyed by ICUS-

TAY ID.

• One Chartevent has exactly one Item (see subsection A.0.4).
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Table A.2: MIMIC Chartevents.
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A.0.3 Definition for ICD diagnoses

See Table A.3. The definition for ICD diagnoses table houses the ICD9 (International Classi-

fication of Disease Version 9) codes, titles, and descriptions of diseases afflicting the patients.

There are 14,567 codes, each code relating to a diagnostic concept proposed and maintained

by the World Health Organization.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• ICD9 CODE: ICD9 codes are alpha-numeric code relating to a diagnostic concept.

• SHORT TITLE: The short title is a description of the diagnostic concept limited to 50

characters.

• LONG TITLE: The long title is a description of the diagnostic concept limited to 300

characters.

Relationships for this table exist as:

• An ICD Diagnosis (see subsection A.0.6) has exactly one definition for the ICD diag-

nosis.
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Table A.3: MIMIC definition for ICD Diagnoses.



215

A.0.4 Definition for items

See Table A.4. There are 12,487 items from CareVue and Metavision datasets that are

defined in this table.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• ITEMID: is a unique identifier for an item, sourced from multiple tables.

• LABEL: describes and defines the item.

• LINKSTO: identifies the database table for which the item is defined.

Relationships for this table exist as:

• One Output event (see subsection A.0.12) has exactly one definition for the item.

• One Chart event (see subsection A.0.2) has exactly one definition for the item.

• One Input event (see subsection A.0.8 and subsection A.0.9) has exactly one definition

for the item.

• One procedure event (see subsection A.0.14) has exactly one definition for the item.
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ROW ID ITEMID LABEL LINKSTO

1 1435 Sustained Nystamus chartevents

2 1436 Tactile Disturbances chartevents

3 1437 Tremor chartevents

4 1438 Ulnar Pulse [Right] chartevents

5 1439 Visual Disturbances chartevents

6 1447 Transpulmonary Pres chartevents

7 1448 Vd/Vt: chartevents

8 1449 Arterial BP(Rad) chartevents

9 1450 level one chartevents

10 1451 L girth size chartevents

Table A.4: MIMIC definition for Items.

A.0.5 Definition for laboratory items

Table A.5 shows part of the definitions for laboratory items. There are 753 different labora-

tory measurements defined in this table.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• ITEMID: is a unique identifier for the laboratory item.

• LABEL: describes and defines the laboratory item.

• FLUID: identifies the fluid source of the specimen being measured.

• CATEGORY: specifies a type of measurement at a higher level than the label does.
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• LOINC CODE: Logical Observation Identifiers Names and Codes is an ontology for

organizing medical laboratory measurements.

Relationships for this table exist as:

• One laboratory event (see subsection A.0.10) has exactly one definition for the labora-

tory item.

• One microbiology laboratory event (see subsection A.0.11) has exactly one definition

for the laboratory item.

ROW ID ITEMID LABEL FLUID CATEGORY LOINC CODE

1 50800 SPECIMEN TYPE BLOOD BLOOD GAS NULL

2 50801 Alveolar-arterial Gradient Blood Blood Gas 19991-9

3 50802 Base Excess Blood Blood Gas 11555-0

4 50803 Calculated Bicarbonate, Whole Blood Blood Blood Gas 1959-6

5 50804 Calculated Total CO2 Blood Blood Gas 34728-6

6 50805 Carboxyhemoglobin Blood Blood Gas 20563-3

7 50806 Chloride, Whole Blood Blood Blood Gas 2069-3

8 50807 Comments Blood Blood Gas NULL

9 50808 Free Calcium Blood Blood Gas 1994-3

10 50809 Glucose Blood Blood Gas 2339-0

Table A.5: MIMIC definition for Laboratory Items.

A.0.6 ICD diagnoses

ICD diagnoses are assigned to every hospital admission (Table A.6). They are coded, in

practice, for billing purposes by coders who review patient charts after the hospital stay.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.
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• SUBJECT ID: A person identifier that links to patient information via the Patient

table (see subsection A.0.13).

• HADM ID: An identifier to a hospital admissions that links to the Admissions table

(see subsection A.0.1).

• SEQ NUM: is a number indicating the priority of the diagnoses in relation to other

diagnoses for the hospital admission.

• ICD9 CODE: ICD9 codes are alpha-numeric code relating to a diagnostic concept and

links to a definition table (see subsection A.0.3).

Relationships for this table exist as:

• One hospital admission (see subsection A.0.1) may have multiple ICD diagnoses.

ROW ID SUBJECT ID HADM ID SEQ NUM ICD9 CODE

4 3 145834 1 389

5 3 145834 2 78559

6 3 145834 3 5849

7 3 145834 4 4275

8 3 145834 5 41071

9 3 145834 6 4280

10 3 145834 7 6826

11 3 145834 8 4254

12 3 145834 9 2639

54 12 112213 1 1570

Table A.6: MIMIC ICD Diagnoses.
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A.0.7 ICU stays

MIMIC-III contains 61,532 distinct Intensive Care Unit stays (see Table A.7). Each stay is

captured within this table. This table constitutes the center of the database, both in the

concept of MIMIC and as the table with the most relationships to other tables within the

database.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• SUBJECT ID: A person identifier that links to patient information via the Patient

table (see subsection A.0.13).

• HADM ID: An identifier to a hospital admissions that links to the Admissions table

(see subsection A.0.1).

• ICUSTAY ID: An identifier to an ICU stay .

• DBSOURCE: this value is either CareVue or Metavision, depending on the vendor for

the ICU patient database at the time.

• FIRST CAREUNIT: The first ICU care unit the patient was admitted to during the

ICU stay.

• LAST CAREUNIT: The last ICU care unit the patient was admitted to during the

ICU stay.

• FIRST WARDID: The first ward where the patient was placed during the ICU stay.

• LAST WARDID: The last ward where the patient was placed during the ICU stay.

• INTIME: is a timestamp for the beginning of the ICU stay.
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• OUTTIME: is a timestamp for the end of the ICU stay.

• LOS: is a Length Of Stay calculation in days between INTIME and OUTTIME.

Relationships for this table exist as:

• One ICU stays may have many Output event (see subsection A.0.12).

• One ICU stays may have many Chart event (see subsection A.0.2).

• One ICU stay may have many Input event (see subsection A.0.8 and subsection A.0.9).

• One ICU stay may have many procedure event (see subsection A.0.14).

• One hospital admission (see subsection A.0.1) may have multiple ICU stays.



221

R
O

W
ID

S
U

B
J
E

C
T

ID
H

A
D

M
ID

IC
U

S
T

A
Y

ID
D

B
S

O
U

R
C

E
F

IR
S

T
C

A
R

E
U

N
IT

L
A

S
T

C
A

R
E

U
N

IT
F

IR
S

T
W

A
R

D
ID

L
A

S
T

W
A

R
D

ID
IN

T
IM

E
O

U
T

T
IM

E
L

O
S

2
3

14
58

34
21

15
52

ca
re

v
u

e
M

IC
U

M
IC

U
12

12
21

01
-1

0-
20

19
:1

0:
11

21
01

-1
0-

26
20

:4
3:

09
6.

06
46

12
12

11
22

13
23

26
69

ca
re

v
u

e
S

IC
U

S
IC

U
23

23
21

04
-0

8-
08

02
:0

8:
17

21
04

-0
8-

15
17

:2
2:

25
7.

63
48

18
19

10
92

35
27

34
30

ca
re

v
u

e
T

S
IC

U
T

S
IC

U
23

23
21

08
-0

8-
05

16
:2

6:
09

21
08

-0
8-

06
23

:4
0:

35
1.

30
17

30
30

10
45

57
22

51
76

ca
re

v
u

e
C

C
U

C
C

U
57

57
21

72
-1

0-
14

17
:2

4:
00

21
72

-1
0-

16
13

:4
4:

00
1.

84
72

31
31

12
86

52
25

44
78

ca
re

v
u

e
M

IC
U

M
IC

U
15

15
21

08
-0

8-
22

23
:2

8:
42

21
08

-0
8-

30
21

:5
9:

20
7.

93
79

33
33

17
61

76
29

66
81

ca
re

v
u

e
M

IC
U

M
IC

U
12

12
21

16
-1

2-
23

22
:3

1:
53

21
16

-1
2-

25
11

:4
9:

55
1.

55
42

34
34

11
57

99
26

30
86

ca
re

v
u

e
M

IC
U

M
IC

U
23

23
21

86
-0

7-
18

18
:1

0:
49

21
86

-0
7-

19
11

:2
7:

20
0.

71
98

35
34

14
43

19
29

05
05

m
et

av
is

io
n

C
C

U
C

C
U

7
7

21
91

-0
2-

23
05

:2
5:

32
21

91
-0

2-
24

19
:2

4:
10

1.
58

24

57
56

18
17

11
27

56
42

ca
re

v
u

e
S

IC
U

S
IC

U
57

57
21

04
-0

1-
02

02
:0

2:
39

21
04

-0
1-

03
22

:2
5:

29
1.

84
92

10
3

97
12

78
70

28
83

76
ca

re
v
u

e
C

S
R

U
C

S
R

U
14

14
21

05
-0

4-
30

08
:3

7:
39

21
05

-0
5-

04
20

:0
5:

55
4.

47
8

Table A.7: MIMIC ICU Stays.
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A.0.8 Input events CareVue version

See Table A.8. Input events tables house data on all items ingested, injected, or otherwise

put into the patient during their ICU stay.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• SUBJECT ID: A person identifier that links to patient information via the Patient

table (see subsection A.0.13).

• HADM ID: An identifier to a hospital admissions that links to the Admissions table

(see subsection A.0.1).

• ICUSTAY ID: An identifier to an ICU stay.

• CHARTTIME: is a record of the timestamp the item was administered to the patient.

• ITEMID: is the identifier of the item administered to the patient (see subsection A.0.4).

• AMOUNT: is a numerical amount (if applicable) of the item administered to the pa-

tient.

• AMOUNTUOM: is the Unit Of Measurement of the AMOUNT (if applicable).

Relationships for this table exist as:

• One ICU stay (see subsection A.0.7) may have multiple input events.

• One input event has exactly one definition for the item administered (see subsection

A.0.4).
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ROW ID SUBJECT ID HADM ID ICUSTAY ID CHARTTIME ITEMID AMOUNT AMOUNTUOM

221 19872 134153 249265 2106-08-18 21:00:00 30056 60 ml

222 19872 134153 249265 2106-08-19 00:00:00 30056 60 ml

223 19872 134153 249265 2106-08-19 06:00:00 30056 60 ml

224 19872 134153 249265 2106-08-19 10:00:00 30056 120 ml

225 19872 134153 249265 2106-08-19 14:00:00 30056 120 ml

226 19872 134153 249265 2106-08-19 18:00:00 30056 240 ml

227 19872 134153 249265 2106-08-20 00:00:00 30056 60 ml

228 19872 134153 249265 2106-08-20 10:00:00 30056 60 ml

229 19872 134153 249265 2106-08-20 14:00:00 30056 20 ml

230 19872 134153 249265 2106-08-22 09:00:00 30056 100 ml

Table A.8: MIMIC Input Events from CareVue.

A.0.9 Input events Metavision version

Input events tables house data on all items ingested, injected, or otherwise put into the

patient during their ICU stay. See Table A.9.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• SUBJECT ID: A person identifier that links to patient information via the Patient

table (see subsection A.0.13).

• HADM ID: An identifier to a hospital admissions that links to the Admissions table

(see subsection A.0.1).

• ICUSTAY ID: An identifier to an ICU stay.

• STARTTIME: is a record of the timestamp the item was administered to the patient.

• ENDTIME: is a record of the timestamp the item’s administration ceased.

• ITEMID: is the identifier of the item administered to the patient (see subsection A.0.4).
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• AMOUNT: is a numerical amount (if applicable) of the item administered to the pa-

tient.

• AMOUNTUOM: is the Unit Of Measurement of the AMOUNT (if applicable).

Relationships for this table exist as:

• One ICU stay (see subsection A.0.7) may have multiple input events.

• One input event has exactly one definition for the item administered (see subsection

A.0.4).

ROW ID SUBJECT ID HADM ID ICUSTAY ID STARTTIME ENDTIME ITEMID AMOUNT AMOUNTUOM

318 23792 150835 227602 2106-12-14 13:00:00 2106-12-14 13:01:00 226452 240 ml

319 23792 150835 227602 2106-12-14 14:16:00 2106-12-14 14:17:00 226452 60 ml

320 23792 150835 227602 2106-12-14 17:37:00 2106-12-14 17:38:00 226452 180 ml

321 23792 150835 227602 2106-12-14 11:00:00 2106-12-14 11:01:00 226452 120 ml

322 23792 150835 227602 2106-12-14 13:00:00 2106-12-14 13:01:00 226452 240 ml

355 18082 181163 267692 2156-02-25 08:23:00 2156-02-25 08:24:00 225799 120 ml

356 18082 181163 267692 2156-02-25 03:02:00 2156-02-25 03:03:00 221744 10 mcg

357 18082 181163 267692 2156-02-29 18:00:00 2156-02-29 18:01:00 225851 1 dose

358 18082 181163 267692 2156-02-29 18:00:00 2156-02-29 18:01:00 220949 50 ml

359 18082 181163 267692 2156-03-04 09:44:00 2156-03-04 15:17:00 226048 250 ml

Table A.9: MIMIC Input Events from Metavision.

A.0.10 Laboratory events

See Table A.10. The laboratory events table contains all laboratory derived measurements

excluding microbiology measurements which has a dedicated table (see subsection A.0.11).

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• SUBJECT ID: A person identifier that links to patient information via the Patient

table (see subsection A.0.13).
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• HADM ID: An identifier to a hospital admissions that links to the Admissions table

(see subsection A.0.1).

• ITEMID: laboratory item that links to the definition table for laboratory items (see

subsection A.0.5).

• CHARTTIME: is a record of the timestamp the measurement was observed.

• VALUE: This field contains the text representation of the value of the measurement.

• VALUENUM: If VALUE is numeric, this field represents that numeric value, otherwise

it is left null.

• VALUEUOM: If valid, this field contains the Unit Of Measurement for VALUE.

• FLAG: If the measurement is abnormal (outside of established normal boundaries),

then the field is given a value of “abnormal”, null otherwise.

Relationships for this table exist as:

• One hospital admission (see subsection A.0.1) may have multiple laboratory events.

• One laboratory event has exactly one definition for the laboratory item (see subsection

A.0.5).
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ROW ID SUBJECT ID HADM ID ITEMID CHARTTIME VALUE VALUENUM VALUEUOM FLAG

441 3 145834 50868 2101-10-20 16:40:00 17 17 mEq/L NULL

442 3 145834 50882 2101-10-20 16:40:00 25 25 mEq/L NULL

443 3 145834 50893 2101-10-20 16:40:00 8.2 8.2 mg/dL abnormal

444 3 145834 50902 2101-10-20 16:40:00 99 99 mEq/L abnormal

445 3 145834 50910 2101-10-20 16:40:00 48 48 IU/L NULL

446 3 145834 50911 2101-10-20 16:40:00 NotDone NULL ng/mL NULL

447 3 145834 50912 2101-10-20 16:40:00 3.2 3.2 mg/dL abnormal

448 3 145834 50931 2101-10-20 16:40:00 91 91 mg/dL NULL

449 3 145834 50960 2101-10-20 16:40:00 2.4 2.4 mg/dL NULL

450 3 145834 50970 2101-10-20 16:40:00 4.8 4.8 mg/dL abnormal

Table A.10: MIMIC Laboratory Events.

A.0.11 Microbiology events

See Table A.11. The microbiology laboratory events table contains all laboratory derived

measurements relating to microbiological organisms.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• SUBJECT ID: A person identifier that links to patient information via the Patient

table (see subsection A.0.13).

• HADM ID: An identifier to a hospital admissions that links to the Admissions table

(see subsection A.0.1).

• CHARTDATE: is the record of the date the measurement was observed.

• CHARTTIME: is a record of the timestamp the measurement was observed.

• SPEC ITEMID: specimen item identifier that links to laboratory item definition table

A.0.5).
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• SPEC TYPE DESC: A description of the specimen collected and inspected.

• ORG ITEMID: organism item identifier that links to laboratory item definition table

A.0.5).

• ORG NAME: The name of the organism identified.

Relationships for this table exist as:

• One hospital admission (see subsection A.0.1) may have multiple microbiological lab-

oratory events.

• One microbiological laboratory event has exactly one definition for the microbiological

laboratory organism item (see subsection A.0.5).
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Table A.11: MIMIC Microbiology Events.
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A.0.12 Output events

Output events table captures data relating to items that exit the patient: eg. urine flush,

hemodialysis, thoracentesis. See Table A.12.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• SUBJECT ID: A person identifier that links to patient information via the Patient

table (see subsection A.0.13).

• HADM ID: An identifier to a hospital admissions that links to the Admissions table

(see subsection A.0.1).

• ICUSTAY ID: An identifier to a unique ICU stay (see subsection A.0.7).

• CHARTTIME: is a record of the timestamp the output was observed.

• ITEMID: output item that links to the definition table for items (see subsection A.0.4).

• VALUE: This field contains the numerical value of the measurement.

• VALUEUOM: this field contains the Unit Of Measurement for VALUE.

Relationships for this table exist as:

• One ICU stay (see subsection A.0.7) may have multiple output events.

• One output event has exactly one definition for the item outputted (see subsection

A.0.4).
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ROW ID SUBJECT ID HADM ID ICUSTAY ID CHARTTIME ITEMID VALUE VALUEUOM

62 19872 134153 249265 2106-08-18 02:00:00 40055 80 ml

63 19872 134153 249265 2106-08-18 04:00:00 40055 100 ml

64 19872 134153 249265 2106-08-18 06:00:00 40055 100 ml

65 19872 134153 249265 2106-08-18 08:00:00 40055 40 ml

66 19872 134153 249265 2106-08-18 10:00:00 40055 200 ml

67 19872 134153 249265 2106-08-18 11:00:00 40055 200 ml

68 19872 134153 249265 2106-08-18 12:00:00 40055 200 ml

69 19872 134153 249265 2106-08-18 13:00:00 40055 180 ml

70 19872 134153 249265 2106-08-18 14:00:00 40055 140 ml

71 19872 134153 249265 2106-08-18 15:00:00 40055 140 ml

Table A.12: MIMIC Output Events.

A.0.13 Patients

The patients table (Table A.13) contains the records of 46,520 patients associated with the

ICU. This table is main table for SUBJECT ID throughout the rest of the database. There

is exactly one unique SUBJECT ID per entry of this table.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• SUBJECT ID: A unique person identifier.

• GENDER: a binary M/F gender determination.

• DOB: Date of Birth, and randomly shifted DOB to comply with HIPAA and maintain

age at hospital admission. If the patient is 90 years or older, the DOB was shifted 300

years prior to hospital admissions.

• DOD: Is the known date of death, shifted to maintain consistency with the DOB.

• DOD HOSP: Date of Death recorded in-hospital.
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• DOD SSN: Date of Death recorded by the social security database.

• EXPIRE FLAG: 1 if expired, 0 otherwise.

Relationships for this table exist as:

• One patient may have multiple hospital admissions (see subsection A.0.1).

ROW ID SUBJECT ID GENDER DOB DOD DOD HOSP DOD SSN EXPIRE FLAG

2 3 M 2025-04-11 00:00:00 2102-06-14 00:00:00 NULL 2102-06-14 00:00:00 1

11 12 M 2032-03-24 00:00:00 2104-08-20 00:00:00 2104-08-20 00:00:00 2104-08-20 00:00:00 1

16 19 M 1808-08-05 00:00:00 2109-08-18 00:00:00 NULL 2109-08-18 00:00:00 1

26 30 M 1872-10-14 00:00:00 NULL NULL NULL 0

27 31 M 2036-05-17 00:00:00 2108-08-30 00:00:00 2108-08-30 00:00:00 2108-08-30 00:00:00 1

29 33 M 2034-08-02 00:00:00 NULL NULL NULL 0

30 34 M 1886-07-18 00:00:00 2192-01-30 00:00:00 NULL 2192-01-30 00:00:00 1

49 56 F 1804-01-02 00:00:00 2104-01-08 00:00:00 2104-01-08 00:00:00 2104-01-08 00:00:00 1

88 97 M 2031-12-08 00:00:00 NULL NULL NULL 0

99 108 M 2037-12-02 00:00:00 NULL NULL NULL 0

Table A.13: MIMIC Patients.

A.0.14 Procedure events Metavision version

Table A.14 captures data relevant to the performance of procedures in the ICU.

The table contains the following information relevant to the study:

• ROW ID: a unique identifier per entry in the table.

• SUBJECT ID: A person identifier that links to patient information via the Patient

table (see subsection A.0.13).

• HADM ID: An identifier to a hospital admissions that links to the Admissions table

(see subsection A.0.1).

• ICUSTAY ID: An identifier to an ICU stay.
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• STARTTIME: is a record of the timestamp the procedure began.

• ENDTIME: is a record of the timestamp the procedure ceased.

• ITEMID: is the identifier of the procedure (see subsection A.0.4).

• VALUE: is a numerical value (if applicable) of the procedure.

• VALUEUOM: is the Unit Of Measurement of the VALUE (if applicable).

Relationships for this table exist as:

• One ICU stay (see subsection A.0.7) may have multiple procedure events.

• One procedure event has exactly one definition for the procedure (see subsection A.0.4).

ROW ID SUBJECT ID HADM ID ICUSTAY ID STARTTIME ENDTIME ITEMID VALUE VALUEUOM

44 23792 150835 227602 2106-12-14 12:00:00 2106-12-14 18:33:00 224275 393 min

45 23792 150835 227602 2106-12-14 12:00:00 2106-12-14 18:33:00 224275 393 min

55 18082 181163 267692 2156-02-24 11:30:00 2156-02-25 02:54:00 224277 924 min

56 18082 181163 267692 2156-02-24 11:35:00 2156-02-24 11:36:00 224385 1 None

57 18082 181163 267692 2156-02-24 11:38:00 2156-02-27 14:00:00 225792 4462 min

58 18082 181163 267692 2156-02-24 11:45:00 2156-02-24 11:46:00 224385 1 None

59 18082 181163 267692 2156-02-24 12:00:00 2156-02-25 15:14:00 224263 1634 min

60 18082 181163 267692 2156-02-24 12:10:00 2156-02-24 12:11:00 225459 1 None

61 18082 181163 267692 2156-02-24 16:32:00 2156-02-24 16:33:00 225459 1 None

62 18082 181163 267692 2156-02-24 20:17:00 2156-02-24 20:18:00 225402 1 None

Table A.14: MIMIC Procedure Events from Metavision.
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Appendix B

KNOWLEDGE BASE

B.0.1 Aggregate

The aggregate table (see Table B.1) describes the aggregate functions of SQL used by the

intelligent agents for this study.

The table contains the following information:

• aggregate id: a unique iterated identifier to reference each row.

• aggregate name: the text used to call the SQL function.

• inputs: the number of inputs to be called for this function.

aggregate id aggregate name inputs

1 AVG 1

2 MIN 1

3 MAX 1

Table B.1: Knowledge Base Aggregate.

B.0.2 Attribute Reduction

The attribute reduction table (Table B.2) was designed to consolidate duplicative attributes

in the MIMIC database under a single attribute identifier. The problem of duplicative at-

tributes manifests in two separate methods. Over the 12 years of collection of ICU data, the
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hospital changed vendors for the ICU data recording. This in turn indicates a duplication

of many items. Additionally, there are several different means of recording patient informa-

tion electronically. Some are duplicated per medical providers preference, while some are

duplicated systemically as procedural data capture. As described above, this leads to a 6

different non-overlapping identifiers for white blood cell count. In total 103 separate items

were consolidated under 34 non-duplicative attributes.

The table contains the following information:

• att id: is a knowledge base specific attribute identifier.

• dup att id: is a duplicative attribute identifier reduced under the single attribute iden-

tifier att id.

Relationships for this table exist as:

• One attribute reduced identifier necessarily has multiple main attribute identifiers (sub-

section B.0.4) keyed by dup att id in attribute reduction is equalled to an att id in

main.
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att id dup att id

10000 1639

10000 13

10000 1566

10001 1602

10001 12

10001 1310

10001 1283

10002 1650

10002 1254

10002 1491

Table B.2: Knowledge Base Attribute Reduction.

B.0.3 Logic Operators

See Table B.3. When an intelligent agent is constructing SQL queries or complex concepts,

it requires a reference to the logical operators. When constructing a complex concept from

simple concepts A and B, the intelligent agents need options on how A and B can be as-

sembled. A AND B produces a different model than A OR B. The intelligent agent then

evaluates the outcome of the different assembled models and uses this table to track what

logical operator was used to assemble the superior model.

The table contains the following information:

• logic id: a unique iterated identifier to reference each row.

• logic name: the text used to call the SQL function or otherwise identify the function

to be called.

• inputs: the number of inputs to be called for this function.
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logic id logic name inputs

1 OR 2

2 AND 2

Table B.3: Knowledge Base Logic Operators.

B.0.4 Main

The main table (Table B.4) describes MIMIC items used in this study. It is effectively a

map that consolidates the various MIMIC attributes relevant to this study into a single table.

There are 575 different attributes populated here that are present in a minimum of 5% of

patients. There are many other attributes in MIMIC, but to par down the computational

load the decision was made to limit attributes that appear in a minimum of 5% of patients.

A lower percentage would dramatically increase the feature space for attributes that would

not prove statistically significant.

The table contains the following information:

• label: a short name of the item.

• itemid: the MIMIC ITEMID referenced in output events (subsection A.0.12), chart

events (subsection A.0.2), input events (subsections A.0.8 and A.0.9), procedure events

(subsection A.0.14), laboratory events (subsection A.0.10), and microbiological labo-

ratory events (subsection A.0.11).

• category: references the MIMIC table where the itemid is directly referenced.

• att id: a unique iterated identifier to reference each row.

Relationships for this table exist as:

• One main attribute may exist in the attribute reduce table (subsection B.0.2).
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• One main attribute has many statistical distribution records in the statistics table

(subsection B.0.7).

label itemid category att id

Arterial BP Mean 52 CHARTEVENTS 1

FiO2 Set 190 CHARTEVENTS 2

Heart Rate 211 CHARTEVENTS 3

Mean Airway Pressure 444 CHARTEVENTS 4

Respiratory Rate 618 CHARTEVENTS 5

SpO2 646 CHARTEVENTS 6

Temperature F 678 CHARTEVENTS 7

Arterial PaCO2 778 CHARTEVENTS 8

Arterial PaO2 779 CHARTEVENTS 9

Arterial pH 780 CHARTEVENTS 10

Table B.4: Knowledge Base Main.

B.0.5 Metric

The metrics table (Table B.5) defines and indexes some basic metrics intelligent agents use

to evaluate a model’s performance.

The table contains the following information:

• metric id: a unique iterated identifier to reference each row.

• metric: the name of the metric.
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metric id metric

1 TP

2 TN

3 FP

4 FN

Table B.5: Knowledge Base Metrics.

B.0.6 Operator

The operator table (Table B.6) defines and indexes basic operators used in setting parameters

in SQL queries and value comparisons.

The table contains the following information:

• operator id: a unique iterated identifier to reference each row.

• operator name: the name of the operator necessary to call in a function.

• inputs: the number of inputs the operator takes to evaluate against.

operator id operator name inputs

1 > 1

2 < 1

3 between 2

Table B.6: Knowledge Base Operators.

B.0.7 Statistics

The statistics table (Table B.7) contains previously computed statistical distributions of the

value of items in the MIMIC database. Previously computed statistical distributions are
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important for intelligent agents that will be selecting and adjusting parameters of models

based on these items. For example, if an intelligent agent were inspecting heart rate for a

possible addition to a selection model, it is valuable to know the median heart rate recorded

is 82 beats per minute, and most of the heart rates sampled (60% of them) are between

70 beats per minute and 98 beats per minute. The intelligent agent would otherwise have

to compute the statistical distribution upon selecting an attribute to include, or select a

random number and use a computationally costly gradient descent algorithm to converge on

a reasonable selection criteria.

The table contains the following information:

• att id: attribute identifier found in the main table (subsection B.0.4).

• statistical id: a statistical identifier found in the statistics identifier table (subsection

B.0.8).

• statistical value: the value of the statistical function for the attribute.

Relationships for this table exist as:

• One main attribute (subsection B.0.4) has many statistical values.

• One statistical value has exactly one statistical function (subsection B.0.8)
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att id statistical id statistical value

1 1 1

1 2 300

1 3 60

1 4 66

1 5 69

1 6 73

1 7 77

1 8 81

1 9 86

1 10 92

Table B.7: Knowledge Base Statistics.

B.0.8 Statistics Identifiers

The statistical identifiers table (Table B.8) defines and indexes statistical metrics used in

describing data, and is most notably used in describing statistical distributions such as in

the statistics table (subsection B.0.7) of this knowledge base.

The table contains the following information:

• stat id: a unique iterated identifier to reference each row.

• stat name: the name of the statistical metric used in calling the function.

• code: a placeholder for specialized code needed to call the function.

Relationships for this table exist as:

• One statistical value from the statistics table (subsection B.0.7) has exactly one statistic

identifier.
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stat id stat name code

1 min NULL

2 max NULL

3 q10 NULL

4 q20 NULL

5 q30 NULL

6 q40 NULL

7 q50 NULL

8 q60 NULL

9 q70 NULL

10 q80 NULL

Table B.8: Knowledge Base Statistics Identifiers.

B.0.9 MLA Classname

The MLA Classname table (Table B.9) identifies and facilitates the utilization of 38 machine

learning algorithms used by the intelligent agents.

The table contains the following information:

• cn id: a unique iterated identifier to reference each row.

• classname: the classname which describes and calls the machine learning algorithm

function.

Relationships for this table exist as:

• A MLA classname may have multiple options found in the classname options table

(subsection B.0.10).
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cn id classname

1 weka.classifiers.bayes.BayesianLogisticRegression

2 weka.classifiers.bayes.BayesNet

3 weka.classifiers.bayes.ComplementNaiveBayes

4 weka.classifiers.bayes.DMNBtext

5 weka.classifiers.bayes.NaiveBayes

6 weka.classifiers.bayes.NaiveBayesSimple

7 weka.classifiers.functions.Logistic

8 weka.classifiers.functions.MultilayerPerceptron

9 weka.classifiers.functions.RBFNetwork

10 weka.classifiers.functions.SimpleLogistic

Table B.9: Machine Learning Algorithm Classname.

B.0.10 MLA Class Options

Each algorithm (subsection B.0.9) has a set of definable options that direct the performance

of the algorithm and are amassed in the MLA Class Option table (Table B.10).

The table contains the following information:

• cn id: a unique iterated identifier to reference a MLA classname (subsection B.0.9).

• opt id: a unique iterated identifier to reference each row.

Relationships for this table exist as:

• A MLA classname (subsection B.0.9) may have multiple class options.

• A class option has exactly one type found in the MLA options table (subsection B.0.11).
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cn id opt id

1 1

1 2

2 3

2 4

8 5

8 6

8 7

11 8

11 9

12 10

Table B.10: Machine Learning Algorithm Class Options.

B.0.11 MLA Options

MLA options table (Table B.11) distinguishes the type of option. Types are either a

range, as defined in the mla opt range table (subsection B.0.13) or enumerated text in the

mla opt enum table (subsection B.0.12).

The table contains the following information:

• opt id: a unique iterated identifier to reference MLA class options (subsection B.0.10).

• opttype: type which assigns the option to either a range or an enumeration text.

• opttext: the text required to designate the option when executing the algorithm.

Relationships for this table exist as:

• A MLA class option (subsection B.0.10) has exactly one option identifier.
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• An option may have exactly one range entry (subsection B.0.13).

• An option may have multiple enumerated text options (subsection B.0.12).

opt id opttype opttext

1 enum -H

2 enum -P

3 enum -E

4 enum -Q

5 range -H

6 range -L

7 range -M

8 range -C

9 enum -K

10 enum -F

Table B.11: Machine Learning Algorithm Options.

B.0.12 MLA Options Enumeration

The enumeration table (Table B.12) contains the text necessary to call an algorithm with

text based options. Commonly these are other algorithms being called for the purpose of

filters.

The table contains the following information:

• opt id: a unique iterated identifier to reference MLA options (subsection B.0.11).

• enum id: a unique iterated identifier that represents an enumerated text option.
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• enum pos: a unique iterated identifier that represents the position the enum text will

be placed in the text string for this called option.

• enum text: the text string that constitutes the parameters of the option.

Relationships for this table exist as:

• A MLA option (subsection B.0.11) may have multiple enumerated text options.

opt id enum id enum pos enum text

1 1 1 1

1 2 1 2

1 3 1 3

2 4 1 1

2 5 1 2

3 6 1 weka.classifiers.bayes.net.estimate.BayesNetEstimator

3 6 2 –

3 6 3 -A

3 6 4 0.5

3 7 1 weka.classifiers.bayes.net.estimate.BMAEstimator

Table B.12: Machine Learning Algorithm Options Enumeration.

B.0.13 MLA Options Range

Many options for machine learning algorithms come in the form of ranges. Those ranges are

defined in the MLA Options Range table (Table B.13).

The table contains the following information:

• opt id: a unique iterated identifier to reference MLA options (subsection B.0.11).
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• int1float0: a flagged field, 1 if the value is an integer, 0 if the value is a float data type.

• LB: lower bound of the range.

• UP: upper bound of the range.

Relationships for this table exist as:

• A MLA option (subsection B.0.11) may have at most one ranged parameter.

opt id int1float0 LB UP

5 1 1 10

6 0 0 1

7 0 0 1

8 0 0 5

11 1 1 5

Table B.13: Machine Learning Algorithm Options Range.
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Appendix C

SUPPORT DATABASE

C.0.1 Concept Database

The concept database table (Table C.1) stores previously assembled patients, attributes, val-

ues of attributes, and timestamps for every concept. This table exists to reduce computation

time by intelligent agents which would otherwise be required to do on-the-fly assembly of

the data contained herein.

The table contains the following information:

• concept id: a concept identifier relating to the concept table (subsection C.0.9).

• patient id: a patient identifier relating to the disease definition table (subsection

C.0.15).

• att id: an attribute identifier relating to the attributes table (subsection B.0.4).

• val: the value of the attribute.

• pt timestamp: the time that the attribute has the stated value.

Relationships for this table exist as:

• One hypothesis (subsection C.0.11) has many cdb entries.
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concept id patient id att id val pt timestamp

3 211552 NULL NULL 2101-10-20 18:45:00

3 211552 NULL NULL 2101-10-20 19:30:00

3 211552 NULL NULL 2101-10-20 19:45:00

3 211552 NULL NULL 2101-10-20 20:00:00

3 211552 NULL NULL 2101-10-20 20:15:00

3 211552 NULL NULL 2101-10-20 20:30:00

3 211552 NULL NULL 2101-10-20 20:45:00

3 211552 NULL NULL 2101-10-20 21:00:00

3 211552 NULL NULL 2101-10-20 21:15:00

3 211552 NULL NULL 2101-10-20 21:30:00

Table C.1: Concept Database.

C.0.2 Feature Database

See Table C.2. The feature space per disease is calculated from MIMIC and populated in

the Feature Database table (Table C.2). For every disease inspected it contains an attribute

value and the timestamp for that value for all attributes in the main table of the knowledge

base (see subsection B.0.4). The table also contains a t-minus calculation which indicates the

time before the onset of disease as defined in the sdb target class table (subsection C.0.15).

The table contains the following information:

• target id: a disease identifier for the disease definition table (subsection C.0.15).

• patient id: a patient identifier for the disease definition table (subsection C.0.15).

• att id: an attribute identifier relating to the attributes table (subsection B.0.4).

• val: the value of the attribute.
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• pt timestamp: the time that the attribute has the stated value.

• t minus: the difference between pt timestamp and the onset of disease as defined in

the disease definition table (subsection C.0.15).

target id patient id att id val pt timestamp t minus

1 211552 1 76 2101-10-20 21:45:00 0

1 211552 1 71 2101-10-20 21:30:00 15

1 211552 1 66 2101-10-20 21:15:00 30

1 211552 1 55 2101-10-20 21:00:00 45

1 211552 1 67 2101-10-20 20:45:00 60

1 211552 1 61 2101-10-20 20:30:00 75

1 211552 1 58 2101-10-20 20:15:00 90

1 211552 1 60 2101-10-20 20:00:00 105

1 211552 1 259 2101-10-20 19:15:00 120

1 211552 1 259 2101-10-20 19:15:00 135

Table C.2: Feature Database.

C.0.3 Feature Selection

See Table C.3. Using this feature space table (subsection C.0.2) in conjunction with the

knowledge base main table the intelligent agents create a feature selection instance in the

Feature Selection table (Table C.3). This table maintains provenance of feature selection

instances via a parent-child framework.

The table contains the following information:

• fs id: a unique feature selection identifier.

• inst id: an instance identifier.
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• parent fs id: the feature selection identifier of the parent (if one exists).

• rfroc: a random forest receiver operator characteristic area under curve metric for the

model derived from this feature selection instance.

• target id: a disease identifier for the disease definition table (subsection C.0.15).

Relationships for this table exist as:

• A feature selection - attribute entry (subsection C.0.4) entry has exactly one relation-

ship to a feature selection entry.

• A feature selection - patient entry (subsection C.0.5) entry has exactly one relationship

to a feature selection entry.

• A feature selection statistics entry has exactly (subsection C.0.6) one relationship to a

feature selection entry.

• A feature selection statistics threshold entry has exactly (subsection C.0.7) one rela-

tionship to a feature selection entry.
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fs id inst id parent fs id rfroc target id

1 0 0 NULL 1

2 0 0 0.473783 1

3 0 0 NULL 1

4 0 0 NULL 1

5 0 0 NULL 1

6 0 0 0.509334 1

7 0 0 NULL 1

8 0 0 0.558632 1

9 0 0 0.473289 1

10 0 0 0.558888 1

Table C.3: Feature Selection.

C.0.4 Feature Selection - Attribute

An instance is associated with a set of attributes found in the Feature Selection Attribute Ta-

ble (Table C.4) and constitutes an iteration the intelligent agents are inspecting (subsection

C.0.3).

The table contains the following information:

• fs id: a feature selection identifier defined in the feature selection table (subsection

C.0.3).

• att id: an attribute identifier relating to the attributes table (subsection B.0.4).

• ord: the position of the attribute in an ordered list of all attributes under the feature

selection identifier which describes minimum redundancy and maximum relevance.
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• attimp: the numeric attribute importance (relative to other attributes under this fea-

ture selection identifier) calculated from running a random forest algorithm on the data

assembled for this instance, using the disease described by the target id in the feature

selection table (subsection C.0.3).

Relationships for this table exist as:

• A feature selection identifier (subsection C.0.3) has many feature selection - attributes

associated with it.

fs id att id ord attimp

1 1518 1 NULL

2 1541 1 NULL

3 1356 1 NULL

4 1426 1 NULL

5 1701 1 NULL

6 1550 1 NULL

7 1475 1 NULL

8 10031 1 NULL

9 1608 1 NULL

10 10016 21 NULL

Table C.4: Feature Selection - Attribute.

C.0.5 Feature Selection - Patient

The Feature Selection Patient Table (Table C.5) is designed to declare the patients for whom

the feature selection is valid. The feature space - patient table saves computation time when

amassing data files from the fdb table data, but also allows for inclusion/exclusion concepts

to be applied.
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The table contains the following information:

• fs id: a feature selection identifier defined in the feature selection table (subsection

C.0.3).

• patient id: a patient identifier for the disease definition table (subsection C.0.15).

Relationships for this table exist as:

• A feature selection identifier (subsection C.0.3) may have many feature selection -

patients associated with it.

fs id patient id

1 265227

2 206577

3 203674

4 298003

5 250409

6 278820

7 251696

8 260834

9 278569

10 257806

Table C.5: Feature Selection - Patient.

C.0.6 Feature Selection Statistics

The selected attributes (subsection C.0.4) and patients (subsection C.0.5) (with or without

inclusion/exclusion concepts (subsection C.0.11)) constitute a model. The statistics and
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description of the machine learning algorithm that ran the model to predict the onset of the

disease are stored in the Feature Selection Statistics Table (Table C.6).

The table contains the following information:

• inst id: an instance identifier that references the feature selection table (subsection

C.0.3).

• batch id: a batch identifier.

• mla id: a machine learning algorithm identifier that references the machine learning

algorithms table where the options are defined (subsection C.0.13).

• TP: true positive count.

• TN: true negative count.

• FP: false positive count.

• FN: false negative count.

• ROC: the area under the receiver operating characteristic curve.

• kappa: Cohen’s kappa coefficient statistic that measures the agreement between the

model and the disease definition (subsection C.0.15).

Relationships for this table exist as:

• A feature selection identifier (subsection C.0.3) has exactly one feature selection -

statistics associated with it.
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inst id batch id mla id TP TN FP FN ROC kappa

1000 0 35 1016 4431 303 446 0.93429 0.653006

1000 15 35 983 4433 301 479 0.929974 0.635524

1000 30 35 954 4437 297 508 0.923558 0.620754

1000 45 35 920 4448 286 542 0.915179 0.605502

1000 60 35 879 4454 280 583 0.910522 0.583905

1000 75 35 879 4444 290 583 0.908687 0.580153

1000 90 35 865 4441 293 597 0.904985 0.570778

1000 105 35 869 4466 268 593 0.90397 0.582531

1000 120 35 849 4467 267 613 0.904369 0.571012

1000 135 35 864 4462 272 598 0.90164 0.578059

Table C.6: Feature Selection Statistics.

C.0.7 Feature Selection Statistics Threshold

The Feature Selection Statistics Threshold Table (Table C.7) contains the detailed data

necessary to analyze thresholding of the model. Thresholding is performed on the training

set before being applied to the test set. The model of a machine learning algorithm outputs

a list of patients in order of how closely they match the model relative to other patients, from

greatest to least model match. We iterate down the list of patients, and at every iteration

assign all patients above the iterative mark as predicted positive and all patients below as

predicted negative. The set of predictive positive patients who are also disease positive

as defined in the disease definition table (subsection C.0.15) become true-positive patients.

The set of predictive positive who are disease negative become false-positive. The set of

predictive negative patients who are disease positive become false-negatives, and those who

are disease negative become true-negatives. This table contains the entries to reconstruct an

ROC curve for each model. That is, an entry for every non-repetitive true positive or every
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non-repetitive false-negative.

The table contains the following information:

• inst id: an instance identifier that references the feature selection table (subsection

C.0.3).

• batch id: a batch identifier.

• mla id: a machine learning algorithm identifier that references the machine learning

algorithms table where the options are defined (subsection C.0.13).

• TP: true positive count.

• TN: true negative count.

• FP: false positive count.

• FN: false negative count.

• TPR: true positive rate (TP/(TP+FN)).

• FPR: false positive rate (FN/(FN+TP)).

• sensitivity: TPR

• specificity: equivalent to the true negative rate (TN/(TN+FP)).

• PPV: positive predictive value (TP/(TP+FP)).

• NPV: negative predictive value (TN/(TN+FN)).

• accuracy: (TP+TN)/(TP+TN+FP+FN).
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• kappa: Cohen’s kappa coefficient statistic that measures the agreement between the

model and the disease definition (subsection C.0.15).

• fmeasure: the harmonic mean between PPV and sensitivity (2*TP/(2*TP+FP+FN)).

• ord: the order of iteration.

• f1 5: the fmeasure where β = 1.5, (1 + β2 ∗ TP )/(1 + β2 ∗ TP + β2 ∗ FN + FP ).

• f1 75: the fmeasure where β = 1.75, (1 + β2 ∗ TP )/(1 + β2 ∗ TP + β2 ∗ FN + FP ).
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Table C.7: Feature Selection Statistics Threshold.
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C.0.8 Batch processing

The Batch Processing Table (Table C.8) is a table to help organize multiple iterations of

different model runs.

The table contains the following information:

• batch id: a unique batch identifier.

• measure: the value of measurement.

• metric: the text description of the metric used.

• metric id: the metric identifier that relates to a metric from the knowledge base metric

table (subsection B.0.5).

batch id measure metric metric id

1 410 NULL 1

1 1052 NULL 4

1 901 NULL 3

1 4899 NULL 2

Table C.8: Support Database Batch Processing.

C.0.9 Concept

The Root Concepts Table (Table C.9) contains the necessary parameters to write a SQL

query and include a sub-population that meets the criteria of the concept.

A few examples:

• Example 1: A concept that requires selected patients to have an average mean arterial

pressure greater than 65 mmHg for their entire stay. Att id = 12 sets the attribute to
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mean arterial pressure from the knowledge base main table (subsection B.0.4). Aggre-

gate binary = 1 indicates the concept uses an aggregate. Agg id = 5 sets the aggregate

function to ‘average’ from the knowledge base aggregate table (subsection B.0.1). Op-

erator id = 1 sets the operator to ‘greater than’ from the knowledge base operator

table (subsection B.0.6). Number of values = 1 is the appropriate number of values for

the operator. Value1 = 65 is the value of mean arterial pressure in this concept. Inter-

nal or external binary = 1 indicates it is an internal constraint, internal to this concept

and only applied to the attribute described by att id. Internal all or window binary =

0 indicates an examination of the whole of the patient’s stay.

• Example 2: A concept that requires selected patients to have an average mean arterial

pressure greater than 65 mmHg for any two hour time window. The same as Example 1

except internal all or window binary = 1 indicating the examination of a time window.

Internal window = 120 to examine a two hour window.

• Example 3: A concept that requires selected patients to have an average mean arterial

pressure greater than 65 mmHg within 2 hours after an event where the heart rate

was recorded above 90 beats per minute. The same parameters apply from Example

1 except the internal or external binary = 0, meaning external. The external event id

points to an external concept. External window is set to 120 for the external window

to look back two hours. External delay is zero, because there is no time delay in the

query.

The external event pointed to by external event id has: an att id = 13 indicating

heart rate; aggregate = 0 indicating no aggregate function simply evaluate the value;

number of values = 1; value1 = 90 for 90 beats per minute; internal or external binary

= 1 indicating internal constraint; internal all or window binary = 1 indicating the

whole of the patient’s stay.

The table contains the following information:
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• concept id: a unique identifier for each concept.

• att id: an attribute identifier relating to the attributes table (subsection B.0.4).

• aggregate binary: A binary to determine if the concept contains an aggregate function.

The value is 1 if using an aggregate, 0 otherwise.

• agg id: the aggregate identifier relating to the knowledge base aggregate table (sub-

section B.0.1).

• operator id: an operator identifier relating to the knowledge base operator table (sub-

section B.0.6).

• number of values: the number of values the operator takes.

• value1: the first value the operator takes as a function.

• value2: the second, if any, value the operator takes as a function.

• internal or external binary: a binary to determine if there is an internal or external

constraint upon this concept. A value of 1 denotes an internal constraint, 0 indicates

an external constraint.

• internal all or window binary: a binary to determine if the internal constraint applies

to the whole of patient stay or a more restricted time window of consideration. A value

of 1 denotes the whole of the patient stay, 0 indicates a more restricted time window

of consideration. This field is only applicable if the internal or external binary is equal

to 1 meaning internal.

• internal window: is the size of the time window in minutes. This field is only applicable

if the internal all or window binary has the value of 0, meaning internal time window.
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• external event id: is a different concept that represents the external constraint. This

field is only valid if the internal or external binary is set to 0, indicating an external

constraint.

• external window: is the size of the time window in minutes. This field is only applicable

if the internal or external binary is set to 0, indicating an external constraint.

• external delay: is a preceding time shift of the external time window, in minutes.

Relationships for this table exist as:

• A concept logic entry (subsection C.0.10) has two concepts associated with it.

• A hypothesis (subsection C.0.11) may have one concept associated with it.
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Table C.9: Support Database Concepts.
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C.0.10 Concept Logic

Concepts may be combined using logical operations in the Concept Logic Table (Table C.10).

The concept logic table creates new concepts from two concepts and a logical operator. For

example: one could create a concept from two of the examples from the concept table

(subsection C.0.9): all patients whose average mean arterial pressure was greater 65 mmHg

AND all patients whose heart rate was recorded above 90 beats per minute. The new concept

would have: its own unique concept identifier; a logic id = 1 indicating the logical operator

AND from the knowledge base operator table (subsection B.0.6); concept1 id would point

to the concept where patients had an average mean arterial pressure greater than 65 mmHg;

concept2 id would point to the concept where all patients had a heart rate recorded greater

than 90 beats per minute.

The table contains the following information:

• concept id: a unique identifier for each concept.

• logic id: a logical operator relating to the knowledge base operator table (subsection

B.0.6).

• concept1 id: an identifier for a concept in the concept table (subsection C.0.9).

• concept2 id: an identifier for a concept in the concept table (subsection C.0.9).

Relationships for this table exist as:

• A concept logic entry must be made up of two concepts from the concept table (sub-

section C.0.9).

• A hypothesis (subsection C.0.11) may have one concept associated with it.
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concept id logic id concept1 id concept2 id

16 2 3 2

17 2 15 2

18 2 3 4

19 1 15 10

Table C.10: Support Database Concept Logic.

C.0.11 Hypothesis

The Hypothesis Table (Table C.11) contains the concept id associated with the instance of

the hypothesis.

The table contains the following information:

• inst id: a unique instance identifier.

• concept id: a concept identifier relating to a concept in the concept logic table (sub-

section C.0.10).

Relationships for this table exist as:

• An entry from the main table (subsection C.0.12) has exactly one hypothesis associated

with it.

• A hypothesis has many concept database (subsection C.0.1) entries.

• A hypothesis has one concept logic (subsection C.0.10) entry.

• A hypothesis has many machine learning algorithms (subsection C.0.13) associated

with it.

• A hypothesis has many statistics descriptions (subsection C.0.14) associated with it,
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inst id concept id

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

Table C.11: Support Database Hypothesis.

C.0.12 Main

The Main Table (Table C.12) defines an instance of a hypothesis, and tracks to provenance

of that instance through a parent-child schema, as well as the target id that links to the

definition of disease (subsection C.0.15).

The table contains the following information:

• target id: a disease identifier for the disease definition table (subsection C.0.15).

• inst id: a unique instance identifier.

• parent inst id: the instance identifier of the parent (if one exists).

Relationships for this table exist as:

• A main table entry has exactly one hypothesis (subsection C.0.11) associated with it.



267

target id inst id parent inst id

1 1 0

1 2 0

1 3 0

1 4 0

1 5 0

1 6 0

1 7 0

1 8 0

1 9 0

1 10 0

Table C.12: Support Database Main.

C.0.13 Machine Learning Algorithms

The Machine Learning Algorithms Table (Table C.13) contains the identifiers and options

necessary to call the algorithm to evaluate a model. Thee field values contained herein are

associated with the five knowledge base machine learning algorithm tables to define and

execute the algorithm.

The table contains the following information:

• mla id: a unique machine learning algorithm identifier.

• cn id: a classname identifier that links to the knowledge base mla classname table

(subsection B.0.9).

• opt id: an option identifier that linke to the knowledge base mla classname opt table

(subsection B.0.10).
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• opttype: an options type that links to the knowledge base mla opt table (subsection

B.0.11) and disposes the option to be either a range or an enumeration of text.

• value: the value of the option.

Relationships for this table exist as:

• A hypothesis (subsection C.0.11) has a machine learning algorithm definition for every

different algorithm that is run against the hypothesis.

• Every model run by a defined machine learning algorithm has one entry in the statistics

table (subsection C.0.14).

mla id cn id opt id opttype value

1 1 1 enum 3

1 1 2 enum 4

2 2 3 enum 6

2 2 4 enum 15

3 3 NULL NULL NULL

4 4 NULL NULL NULL

5 5 NULL NULL NULL

6 6 NULL NULL NULL

7 7 NULL NULL NULL

8 8 5 range 5

Table C.13: Support Database Machine Learning Algorithms.

C.0.14 Statistics

The evaluation of a model creates several statistical measures, which are contained in the

database Statistics Table (Table C.14).
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The table contains the following information:

• inst id: an instance identifier that references the feature selection table (subsection

C.0.3).

• batch id: a batch identifier.

• mla id: a machine learning algorithm identifier that references the machine learning

algorithms table where the options are defined (subsection C.0.13).

• TP: true positive count.

• TN: true negative count.

• FP: false positive count.

• FN: false negative count.

• ROC: the area under the receiver operating characteristic curve.

• kappa: Cohen’s kappa coefficient statistic that measures the agreement between the

model and the disease definition (subsection C.0.15).

Relationships for this table exist as:

• Every model run by a defined machine learning algorithm (subsection C.0.13) has one

entry in the statistics table.
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inst id batch id mla id TP TN FP FN ROC kappa

1 0 5 196 550 72 190 0.818059 0.416151

1 0 7 263 549 73 123 0.863211 0.578192

1 0 8 268 519 103 118 0.823497 0.532632

1 0 10 261 544 78 125 0.864298 0.563787

1 0 11 267 551 71 119 0.788781 0.591516

1 0 13 121 558 64 265 0.698037 0.23366

1 0 16 154 536 86 232 0.704855 0.280853

1 0 18 294 519 103 92 0.847808 0.592858

1 0 20 312 505 117 74 0.822481 0.607352

1 0 22 207 572 50 179 0.727942 0.486743

Table C.14: Support Database Statistics.

C.0.15 Target Class

Target Class (Table C.15) is the problem declaration table that holds data surrounding the

onset of disease, breaking out positive patients and control patients. For disease positive

patients, the timestamp records the earliest conditions necessary for the disease to be diag-

nosed during their ICU stay, or a randomly generated timestamp within the bounds of their

ICU stay for patients who do not contract the disease.

The table contains the following information:

• target id: an identifier for a disease.

• patient id: a patient identifier that links to the MIMIC database specific to ICU stays

(subsection A.0.7).

• pt timestamp: a timestamp for the onset of disease (if disease positive) or a randomly

chosen time during the patient stay (if disease negative).
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• discriminator binary: a discriminator that separates patients into either disease posi-

tive (1) or disease negative (0).

Relationships for this table exist as:

• There is a many-to-many relationship between patients in the target class table and

the feature selection database table (subsection C.0.2).

• There is a many-to-many relationship between patients in the target class table and

the concept database table (subsection C.0.1).

target id patient id pt timestamp discriminator binary

1 211552 2101-10-20 21:51:00 1

1 232669 2104-08-08 04:21:00 1

1 254478 2108-08-26 03:01:00 1

1 277421 2109-10-28 16:12:00 1

1 251972 2196-09-28 04:22:00 1

1 260172 2119-12-25 01:11:00 1

1 227964 2107-09-08 17:11:00 1

1 263211 2145-05-10 13:09:00 1

1 264885 2106-06-17 21:49:00 1

1 218740 2116-12-30 16:31:00 1

Table C.15: Support Database Target Class.
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Appendix D

ACUTE RESPIRATORY DISTRESS SYNDROME

D.1 ARDS Model

D.1.1 Training and Testing

Figure D.1: ARDS training/testing true positive and false positive rates.
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Figure D.2: ARDS training/testing sensitivity and specificity.

Figure D.3: ARDS training/testing positive and negative predictive value.
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Figure D.4: ARDS training/testing accuracy.

Figure D.5: ARDS training/testing kappa.
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Figure D.6: ARDS training/testing F-measures.
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D.1.2 Validation

Figure D.7: ARDS validation true and false positive rates.
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Figure D.8: ARDS validation sensitivity and specificity.

Figure D.9: ARDS validation positive and negative predictive values.
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Figure D.10: ARDS validation accuracy.

Figure D.11: ARDS validation kappa.



279

Figure D.12: ARDS validation F-measures.
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D.1.3 Machine Learning Algorithms over time

(a) KStar (b) (Logistic Regression

(c) Multilayer Perceptron (d) Naive Bayes

(e) PART (f) Random Forest
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(g) Random Tree (h) REP Tree

Figure D.13: Algorithm’s performance over time on the ARDS selection criteria.
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D.1.4 Comparative Demographics, Variables, and Comorbidities

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

Tidal Volume 235 500 600 24 250 500 <0.0001

O2 Flow (additional cannula) 0 0 0 0 0 0 0.4838

PCO2 (arterial) 36 42 49 32 39 45 <0.0001

20 Gauge placed in outside facility 0 0 0 0 0 0 0.5293

Compliance 22.222 26.923 33.176 23.077 27.5 32.660 0.3976

Metered Dose Inhaler 2 4 6 2 4 6 0.8523

Mean Airway Pressure 8.5 10.7 13 8 9 11 <0.0001

Creatine Kinase, MB Isoenzyme 3 5 8 2 3 5 <0.0001

Urine Out Foley 35 80 150 25 60 120 <0.0001

Chloride, Whole Blood 102 106 110 99 104 109 <0.0001

IVlock 20 20 20 20 20 20 0.1420

SpO2 96 98 100 96 98 100 0.7315

Eye Opening 1 3 4 3 4 4 <0.0001

Magnesium Sulfate 0.033 0.967 2 0.033 1 2 0.1020

Lactic Acid 0.9 1.4 1.6 1.2 1.4 1.6 0.1363

Asparate Aminotransferase (AST) 19 30 58 18 26 46 0.0011

O2 Flow (lpm) 2 3 6 2 2 4 <0.0001

Albumin 2.3 2.8 3.3 2.4 2.9 3.5 0.0010

Hematocrit 28 31.6 34.85 27 30.8 35.6 0.1862

Table D.1: ARDS model variable composition of the validation data set. P-values calculated

by Kruskal-Wallis test.
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Label True Positive True Negative False Positive False Negative P-value

Q1 median Q3 Q1 median Q3 Q1 median Q3 Q1 median Q3

Tidal Volume 400 500 600 24 220 500 420 521 650 70 450 550 <0.0001

O2 Flow (additional cannula) 0 0 0 0 0 0 0 0 0 0 0 0 0.5140

PCO2 (arterial) 37 43 52 32 38 44 38 43 51 35 41 48 <0.0001

20 Gauge placed in outside facility 0 0 0 0 0 0 0 0 0 0 0 0 0.4769

Compliance 20.690 25.807 33.333 23.077 27.778 32.609 20 25.596 33.333 23.716 27.500 32.463 <0.0001

Metered Dose Inhaler 2 4 6 2 4 6 2 4 6 2 4 6 <0.0001

Mean Airway Pressure 10 12 16 8 9 11 8 11 14 8 10 11.95 <0.0001

Creatine Kinase, MB Isoenzyme 3 6 9 2 3 5 3 6 10 3 4 7 <0.0001

Urine Out Foley 40 90 190 25 60 110 40 100 200 35 70 136.25 <0.0001

Chloride, Whole Blood 103 107 111 98 104 108 103 107 110 101 105 108 <0.0001

IV/Saline lock 20 20 20 20 20 20 20 20 20 20 20 20 0.0522

SpO2 96 98 100 96 98 100 96 99 100 96 98 100 0.0993

Eye Opening 1 1 3 3 4 4 1 2 4 1 3 4 <0.0001

Magnesium Sulfate 0.033 0.967 2 0.033 1 2 0.033 0.967 2 0.033 0.967 2 <0.0001

Lactic Acid 0.9 1.3 1.6 1.2 1.4 1.6 0.9 1.4 1.6 1 1.4 1.6 0.5055

Asparate Aminotransferase (AST) 21 34 65 18 25 44 21 32 66 19 28.5 50.5 <0.0001

O2 Flow (lpm) 2 3 6 2 2 4 2 3 10 2 3 6 <0.0001

Albumin 2.1 2.7 3.2 2.4 2.9 3.5 2.4 2.9 3.4 2.3 2.8 3.4 0.0009

Hematocrit 28 32.1 35.2 26.9 30.7 35.5 28.7 32.2 36.3 28.225 31.35 34.1 <0.0001

Table D.2: ARDS model variable performance of the validation data set. P-values calculated

by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 15638 411 15227

Age, median 64 64 64 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 0.6167

Weight, median (Q1,Q3) 78.00 (65.20, 92.00) 80.00 (66.00, 95.05) 78.00 (65.20, 91.90) 0.1044

BMI, median (Q1,Q3) 28.08 (24.56, 32.57) 28.10 (24.28, 33.01) 28.07 (24.57, 32.50) 0.8140

Male 8879 (0.57) 238 (0.58) 8641 (0.57) 0.7582

In-Hospital Mortality 2734 (0.17) 117 (0.28) 2617 (0.17) <0.0001

30 Day Mortality 3169 (0.20) 123 (0.30) 3046 (0.20) <0.0001

ICU LOS, median(Q1,Q3) 2.27 (1.27, 4.85) 9.22 (4.45, 17.73) 2.21 (1.25, 4.60) <0.0001

ICU

CCU 2176 (0.14) 34 (0.08) 2142 (0.14) 0.0019

CSRU 2684 (0.17) 91 (0.22) 2593 (0.17) 0.0136

MICU 5880 (0.38) 108 (0.26) 5772 (0.38) 0.0001

SICU 2433 (0.16) 92 (0.22) 2341 (0.15) 0.0004

TSICU 1837 (0.12) 86 (0.21) 1751 (0.11) <0.0001

ethnicity

Asian 402 (0.03) 10 (0.02) 392 (0.03) 0.8601

Black 1435 (0.09) 31 (0.08) 1404 (0.09) 0.2678

Hispanic 540 (0.03) 10 (0.02) 530 (0.03) 0.2594

White 11119 (0.71) 284 (0.69) 10835 (0.71) 0.6256

insurance

Government 413 (0.03) 9 (0.02) 404 (0.03) 0.5684

Medicaid 1385 (0.09) 34 (0.08) 1351 (0.09) 0.6868

Medicare 8445 (0.54) 219 (0.53) 8226 (0.54) 0.8408

Private 5206 (0.33) 145 (0.35) 5061 (0.33) 0.4788

Self Pay 189 (0.01) 4 (0.01) 185 (0.01) 0.6601

Table D.3: ARDS patients’ demographics of validation set by condition positive or negative.

*Age above 89 is obfuscated by MIMIC for privacy protection, making distributions and

p-value calculations invalid. P-values for distributions of continuous variables calculated by

Kruskal-Wallis test. P-values for patient counts calculated by Pearson Chi-Squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 15638 230 13359 1868 181

Age, median 64 61 64 65 66.0 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (63.00, 70.00) 0.9497

Weight, median (Q1,Q3) 78.00 (65.20, 92.00) 80.00 (66.10, 98.75) 77.20 (65.00, 91.00) 79.00 (66.10, 93.05) 79.90 (65.00, 91.50) 0.0077

BMI, median (Q1,Q3) 28.08 (24.56, 32.57) 27.89 (23.97, 32.67) 28.12 (24.64, 32.35) 28.00 (24.49, 32.79) 28.54 (24.77, 33.44) 0.9094

Male 8879 (0.57) 134 (0.58) 7546 (0.56) 1095 (0.59) 104 (0.57) 0.7011

In-Hospital Mortality 2734 (0.17) 70 (0.30) 2066 (0.15) 551 (0.29) 47 (0.26) <0.0001

30 Day Mortality 3169 (0.20) 72 (0.31) 2455 (0.18) 591 (0.32) 51 (0.28) <0.0001

ICU LOS, median(Q1,Q3) 2.27 (1.27, 4.85) 10.50 (4.94, 17.83) 2.12 (1.21, 4.11) 3.80 (1.85, 7.82) 7.87 (3.96, 16.05) <0.0001

ICU

CCU 2176 (0.14) 14 (0.06) 1885 (0.14) 257 (0.14) 20 (0.11) 0.0089

CSRU 2684 (0.17) 47 (0.20) 2161 (0.16) 432 (0.23) 44 (0.24) <0.0001

MICU 5880 (0.38) 63 (0.27) 5134 (0.38) 638 (0.34) 45 (0.25) <0.0001

SICU 2433 (0.16) 47 (0.20) 2080 (0.16) 261 (0.14) 45 (0.25) 0.0009

TSICU 1837 (0.12) 59 (0.26) 1471 (0.11) 280 (0.15) 27 (0.15) <0.0001

ethnicity

Asian 402 (0.03) 8 (0.03) 355 (0.03) 37 (0.02) 2 (0.01) 0.1598

Black 1435 (0.09) 18 (0.08) 1277 (0.10) 127 (0.07) 13 (0.07) 0.0019

Hispanic 540 (0.03) 5 (0.02) 478 (0.04) 52 (0.03) 5 (0.03) 0.2243

White 11119 (0.71) 155 (0.67) 9547 (0.71) 1288 (0.69) 129 (0.71) 0.5914

insurance

Government 413 (0.03) 5 (0.02) 366 (0.03) 38 (0.02) 4 (0.02) 0.3321

Medicaid 1385 (0.09) 22 (0.10) 1185 (0.09) 166 (0.09) 12 (0.07) 0.7654

Medicare 8445 (0.54) 106 (0.46) 7216 (0.54) 1010 (0.54) 113 (0.62) 0.1681

Private 5206 (0.33) 94 (0.41) 4440 (0.33) 621 (0.33) 51 (0.28) 0.1445

Self Pay 189 (0.01) 3 (0.01) 152 (0.01) 33 (0.02) 1 (0.01) 0.1102

Table D.4: ARDS patients’ Demographics of validation set in context of model performance.

*Age above 89 is obfuscated by MIMIC for privacy protection, making distributions and

p-value calculations invalid. P-values for distributions of continuous variables calculated by

Kruskal-Wallis test. P-values for patient counts calculated by Pearson Chi-Squared test.
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Variable Total Condition Positive condition Negative P-value

N 15638 411 15227

Comorbidity

Congestive heart failure 4518 (0.29) 150 (0.36) 4368 (0.29) 0.0037

Cardiac arrhythmias 5441 (0.35) 137 (0.33) 5304 (0.35) 0.6111

Valvular disease 2392 (0.15) 55 (0.13) 2337 (0.15) 0.3147

Pulmonary circulation disorders 833 (0.05) 13 (0.03) 820 (0.05) 0.0541

Peripheral vascular disorders 1784 (0.11) 75 (0.18) 1709 (0.11) <0.0001

Hypertension, uncomplicated 6214 (0.40) 138 (0.34) 6076 (0.40) 0.0447

Hypertension, complicated 2011 (0.13) 38 (0.09) 1973 (0.13) 0.0384

Paralysis 401 (0.03) 10 (0.02) 391 (0.03) 0.8663

Other neurological disorders 1009 (0.06) 22 (0.05) 987 (0.06) 0.3739

Chronic pulmonary disease 3494 (0.22) 83 (0.20) 3411 (0.22) 0.3504

Diabetes, uncomplicated 3198 (0.20) 68 (0.17) 3130 (0.21) 0.0760

Diabetes, complicated 1133 (0.07) 29 (0.07) 1104 (0.07) 0.8852

Hypothyroidism 1626 (0.10) 22 (0.05) 1604 (0.11) 0.0013

Renal failure 2409 (0.15) 45 (0.11) 2364 (0.16) 0.0197

Liver disease 1677 (0.11) 56 (0.14) 1621 (0.11) 0.0687

Peptic ulcer disease excluding bleeding 108 (0.01) 1 (0.00) 107 (0.01) 0.2688

AIDS/HIV 153 (0.01) 6 (0.01) 147 (0.01) 0.3173

Lymphoma 225 (0.01) 5 (0.01) 220 (0.01) 0.7034

Metastatic cancer 149 (0.01) 1 (0.00) 148 (0.01) 0.1354

Solid tumor without metastasis 1202 (0.08) 41 (0.10) 1161 (0.08) 0.0898

Rheumatoid arthritis/collagen vascular diseases 543 (0.03) 8 (0.02) 535 (0.04) 0.0925

Coagulopathy 1646 (0.11) 63 (0.15) 1583 (0.10) 0.0024

Weight loss 726 (0.05) 26 (0.06) 700 (0.05) 0.1084

Fluid and electrolyte disorders 4524 (0.29) 100 (0.24) 4424 (0.29) 0.0790

Blood loss anemia 331 (0.02) 15 (0.04) 316 (0.02) 0.0304

Deficiency anemia 447 (0.03) 7 (0.02) 440 (0.03) 0.1604

Alcohol abuse 727 (0.05) 17 (0.04) 710 (0.05) 0.6252

Drug abuse 635 (0.04) 14 (0.03) 621 (0.04) 0.5047

Psychoses 261 (0.02) 5 (0.01) 256 (0.02) 0.4718

Depression 1379 (0.09) 12 (0.03) 1367 (0.09) <0.0001

Trauma 1949 (0.12) 95 (0.23) 1854 (0.12) <0.0001

Table D.5: ARDS patients’ Comorbidities of validation set by condition positive or negative.

P-values for patient counts calculated by Pearson Chi-Squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 15638 230 13359 1868 181

Comorbidity

Congestive heart failure 4518 (0.29) 83 (0.36) 3700 (0.28) 668 (0.36) 67 (0.37) <0.0001

Cardiac arrhythmias 5441 (0.35) 75 (0.33) 4569 (0.34) 735 (0.39) 62 (0.34) 0.0051

Valvular disease 2392 (0.15) 24 (0.10) 2042 (0.15) 295 (0.16) 31 (0.17) 0.2355

Pulmonary circulation disorders 833 (0.05) 6 (0.03) 735 (0.06) 85 (0.05) 7 (0.04) 0.0787

Peripheral vascular disorders 1784 (0.11) 47 (0.20) 1474 (0.11) 235 (0.13) 28 (0.15) <0.0001

Hypertension, uncomplicated 6214 (0.40) 70 (0.30) 5459 (0.41) 617 (0.33) 68 (0.38) <0.0001

Hypertension, complicated 2011 (0.13) 16 (0.07) 1839 (0.14) 134 (0.07) 22 (0.12) <0.0001

Paralysis 401 (0.03) 6 (0.03) 356 (0.03) 35 (0.02) 4 (0.02) 0.2517

Other neurological disorders 1009 (0.06) 16 (0.07) 894 (0.07) 93 (0.05) 6 (0.03) 0.0160

Chronic pulmonary disease 3494 (0.22) 48 (0.21) 2930 (0.22) 481 (0.26) 35 (0.19) 0.0086

Diabetes, uncomplicated 3198 (0.20) 43 (0.19) 2759 (0.21) 371 (0.20) 25 (0.14) 0.1846

Diabetes, complicated 1133 (0.07) 14 (0.06) 1005 (0.08) 99 (0.05) 15 (0.08) 0.0078

Hypothyroidism 1626 (0.10) 11 (0.05) 1472 (0.11) 132 (0.07) 11 (0.06) <0.0001

Renal failure 2409 (0.15) 18 (0.08) 2187 (0.16) 177 (0.09) 27 (0.15) <0.0001

Liver disease 1677 (0.11) 34 (0.15) 1372 (0.10) 249 (0.13) 22 (0.12) 0.0004

Peptic ulcer disease excluding bleeding 108 (0.01) 0 (0.00) 100 (0.01) 7 (0.00) 1 (0.01) 0.1728

AIDS/HIV 153 (0.01) 3 (0.01) 124 (0.01) 23 (0.01) 3 (0.02) 0.4458

Lymphoma 225 (0.01) 2 (0.01) 194 (0.01) 26 (0.01) 3 (0.02) 0.8911

Metastatic cancer 149 (0.01) 0 (0.00) 123 (0.01) 25 (0.01) 1 (0.01) 0.1354

Solid tumor without metastasis 1202 (0.08) 19 (0.08) 995 (0.07) 166 (0.09) 22 (0.12) 0.0257

Rheumatoid arthritis/collagen vascular diseases 543 (0.03) 5 (0.02) 471 (0.04) 64 (0.03) 3 (0.02) 0.3987

Coagulopathy 1646 (0.11) 42 (0.18) 1330 (0.10) 253 (0.14) 21 (0.12) <0.0001

Weight loss 726 (0.05) 16 (0.07) 612 (0.05) 88 (0.05) 10 (0.06) 0.3789

Fluid and electrolyte disorders 4524 (0.29) 59 (0.26) 3951 (0.30) 473 (0.25) 41 (0.23) 0.0034

Blood loss anemia 331 (0.02) 7 (0.03) 275 (0.02) 41 (0.02) 8 (0.04) 0.1251

Deficiency anemia 447 (0.03) 3 (0.01) 407 (0.03) 33 (0.02) 4 (0.02) 0.0087

Alcohol abuse 727 (0.05) 13 (0.06) 608 (0.05) 102 (0.05) 4 (0.02) 0.1253

Drug abuse 635 (0.04) 11 (0.05) 540 (0.04) 81 (0.04) 3 (0.02) 0.3575

Psychoses 261 (0.02) 2 (0.01) 213 (0.02) 43 (0.02) 3 (0.02) 0.1213

Depression 1379 (0.09) 5 (0.02) 1308 (0.10) 59 (0.03) 7 (0.04) <0.0001

Trauma 1949 (0.12) 67 (0.29) 1516 (0.11) 338 (0.18) 28 (0.15) <0.0001

Table D.6: ARDS patients’ Comorbidities of validation set in context of model performance.

P-values for patient counts calculated by Pearson Chi-Squared test.
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D.2 Severe Acute Hypoxemic Respiratory Failure

D.2.1 Training and Testing

Figure D.14: Hypoxemic training/testing true positive and false positive rates.
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Figure D.15: Hypoxemic training/testing sensitivity and specificity.

Figure D.16: Hypoxemic training/testing positive and negative predictive value.
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Figure D.17: Hypoxemic training/testing accuracy.

Figure D.18: Hypoxemic training/testing kappa.
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Figure D.19: Hypoxemic training/testing F-measures.
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D.2.2 Validation

Figure D.20: Hypoxemic validation true and false positive rates.
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Figure D.21: Hypoxemic validation sensitivity and specificity.

Figure D.22: Hypoxemic validation positive and negative predictive values.
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Figure D.23: Hypoxemic validation accuracy.

Figure D.24: Hypoxemic validation kappa.
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Figure D.25: Hypoxemic validation F-measures.
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D.2.3 Machine Learning Algorithms over time

(a) Decision Stump (b) Decision Table

(c) J48 (d) JRip

(e) KStar (f) LMT
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(g) Logistic Regression (h) Multilayer Perceptron

(i) Naive Bayes (j) One R

(k) PART (l) Random Forest
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(m) Random Tree (n) REP Tree

(o) Simple Logistic Regression

Figure D.26: Algorithm’s performance over time on the Hypoxemic selection criteria.
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D.2.4 Comparative Demographics, Variables, and Comorbidities

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

Motor Response 1 5 6 1 5 6 0.5546

SpO2 96 99 100 96 98 100 <0.0001

Admit Wt 65.875 78.75 92 63 77 88.9 <0.0001

Admit Ht 63 66 70 62 66 70 0.2461

BSA 1.736 1.95 2.123 1.739 1.972 2.085 0.8319

Carbon Dioxide 21 23 26 19 22 25 <0.0001

WBC (4-11,000) 8.2 11.8 15.8 6.4 9.5 12.7 <0.0001

Braden Score 11 13 14 12 13 16 <0.0001

GCS Total 3 9 13 3 8 15 <0.0001

NBP Mean 62.667 72.333 83.333 61 72.333 83.667 0.828

NBP [Diastolic] 45 54 65 43 51 63 <0.0001

Eye Opening 1 3 4 1 2 4 0.0543

NBP [Systolic] 96 108 126 100 110 130 <0.0001

HR Alarm [Low] 50 60 60 50 55 60 <0.0001

Creatinine 0.7 0.9 1.4 0.6 0.8 1.1 <0.0001

Hemoglobin 9 10.3 11.7 9.3 11.3 14 <0.0001

Verbal Response 1 1 4 1 1 5 <0.0001

Platelet Count 134 187 258 156 210 282 <0.0001

Hematocrit 27.4 31 35 26.7 31.6 38 <0.0001

HR Alarm [High] 110 120 120 120 120 120 <0.0001

Chloride 102 106 110 102 105 108 <0.0001

PTT 27.2 31.6 39.025 24.3 27.6 32.6 <0.0001

Magnesium 1.7 2 2.2 1.7 1.9 2.1 <0.0001

O2 Flow (lpm) 2 3 6 2 3 4 <0.0001

BUN (6-20) 12 17 29 11 17 27 <0.0001

SpO2 Alarm [High] 100 100 100 100 100 100 0.0005

INR(PT) 13.2 14.2 15.7 12.3 13.2 14.4 <0.0001

Potassium 3.7 4.1 4.5 3.8 4.1 4.5 <0.0001

Respiratory Rate 14 17 22 15 17 21 0.0131

SpO2 Alarm [Low] 90 90 92 90 90 92 0.0126

Red Blood Cells 3.1275 3.55 4.01 3.06 3.58 4.18 0.0146

Sodium 136 139 141 136 139 141 0.6039

Heart Rate 112 123 130 112 123 130 0.4346

Table D.7: Hypoxemic model variable composition of the validation data set. P-values

calculated by Kruskal-Wallis test.
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Label True Positive True Negative False Positive False Negative P-value

Q1 median Q3 Q1 median Q3 Q1 median Q3 Q1 median Q3

Motor Response 1 5 6 1 5 6 5 6 6 6 6 6 <0.0001

SpO2 96 99 100 97 98 100 96 98 100 95.75 98 100 <0.0001

Admit Wt 66 79 92.6 63.2 77 88.9 60.3 72 85.65 63 75.6 185 <0.0001

Admit Ht 63 66 70 62 66 70 62 66 69 63 66 165 0.0069

BSA 1.739 1.952 2.125 1.751 1.995 2.085 1.676 1.87 2.085 1.723 1.941 2.881 <0.0001

Carbon Dioxide 21 23 26 19 22 25 20 24 26 21 24 45 <0.0001

WBC (4-11,000) 8.4 11.9 16.1 6.3 9.4 12.4 7.9 11.1 15.2 7.1 10.2 56.3 <0.0001

Braden Score 11 13 14 12 13 16 12 13 15 13 15 23 <0.0001

GCS Total 3 8 11 3 8 15 8 12 15 14 15 15 <0.0001

NBP Mean 62.333 72.167 83 61 73 83.667 61 71.333 83 64.25 74.167 128.667 0.0077

NBP [Diastolic] 45 54 65 43 51 63 43 53 64 47 55 109 <0.0001

Eye Opening 1 2 4 1 2 4 2 4 4 4 4 4 <0.0001

NBP [Systolic] 95 107 126 101 110 130 95 110 129 98 114 206 <0.0001

HR Alarm [Low] 50 60 60 50 55 60 50 55 60 50 55 150 <0.0001

Creatinine 0.7 0.9 1.4 0.6 0.8 1.1 0.7 1 1.6 0.675 0.9 8.6 <0.0001

Hemoglobin 9 10.3 11.7 9.4 11.4 14.6 9.2 10.3 11.7 9.1 10.5 18.2 <0.0001

Verbal Response 1 1 1 1 1 5 1 3 5 5 5 5 <0.0001

Platelet Count 133.75 186 257 157 213 283 143 201 274 139.75 202.5 736 <0.0001

Hematocrit 27.4 31 35 26.5 31.7 38.6 27.9 30.9 35.1 27.775 30.8 53.8 <0.0001

HR Alarm [High] 110 120 120 120 120 120 120 120 120 120 120 180 <0.0001

Chloride 102 107 110 102 105 108 101 105 110 101 104 119 <0.0001

PTT 27.275 31.7 39.5 24 27.3 31.7 26.7 30.9 38 26.575 30 150 <0.0001

Magnesium 1.7 2 2.3 1.7 1.9 2.1 1.775 2 2.2 1.7 1.9 4.2 <0.0001

O2 Flow (lpm) 2 4 10 2 3 4 2 4 10 2 3 15 <0.0001

BUN (6-20) 12 18 29 11 16 26 12 19 34 11 16 132 <0.0001

SpO2 Alarm [High] 100 100 100 100 100 100 100 100 100 100 100 100 <0.0001

INR(PT) 13.2 14.2 15.8 12.2 13.1 14.2 13.075 14 15.6 12.9 13.75 31.6 <0.0001

Potassium 3.7 4.1 4.5 3.8 4.1 4.5 3.7 4.1 4.425 3.7 4 6.5 <0.0001

Respiratory Rate 14 17 22 15 17 20 15 19 23 14 18 35 <0.0001

SpO2 Alarm [Low] 90 92 92 90 90 92 90 90 92 90 90 94 <0.0001

Red Blood Cells 3.12 3.55 4.01 3.06 3.6 4.22 3.08 3.48 3.9525 3.15 3.49 21 <0.0001

Sodium 136 139 141 136 139 141 137 139 142 136 139 150 <0.0001

Heart Rate 112 123 130 112 123 130 112 123 130 110 123 148 0.2822

Table D.8: Hypoxemic model variable performance of the validation data set. P-values

calculated by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 18074 3484 14590

Age, median 62 64 61 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (63.00, 70.00) 0.0168

Weight, median (Q1,Q3) 78.00 (65.20, 92.00) 80.65 (68.30, 95.15) 75.00 (63.00, 88.80) <0.0001

BMI, median (Q1,Q3) 28.06 (24.56, 32.55) 28.93 (25.13, 33.37) 27.11 (23.88, 31.11) <0.0001

Male 10151 (0.56) 2140 (0.61) 8011 (0.55) <0.0001

In-Hospital Mortality 2796 (0.15) 804 (0.23) 1992 (0.14) <0.0001

30 Day Mortality 3250 (0.18) 877 (0.25) 2373 (0.16) <0.0001

ICU LOS, median(Q1,Q3) 2.11 (1.13, 4.56) 4.13 (2.10, 8.92) 1.90 (1.04, 3.69) <0.0001

ICU

CCU 2285 (0.13) 395 (0.11) 1890 (0.13) 0.0159

CSRU 2716 (0.15) 1143 (0.33) 1573 (0.11) <0.0001

MICU 6250 (0.35) 973 (0.28) 5277 (0.36) <0.0001

SICU 2654 (0.15) 535 (0.15) 2119 (0.15) 0.2494

TSICU 1923 (0.11) 438 (0.13) 1485 (0.10) <0.0001

ethnicity

Asian 589 (0.03) 63 (0.02) 526 (0.04) <0.0001

Black 1708 (0.09) 221 (0.06) 1487 (0.10) <0.0001

Hispanic 646 (0.04) 89 (0.03) 557 (0.04) 0.0004

White 12708 (0.70) 2466 (0.71) 10242 (0.70) 0.7128

insurance

Government 515 (0.03) 75 (0.02) 440 (0.03) 0.0067

Medicaid 1710 (0.09) 277 (0.08) 1433 (0.10) 0.0013

Medicare 8837 (0.49) 1815 (0.52) 7022 (0.48) 0.0026

Private 6805 (0.38) 1277 (0.37) 5528 (0.38) 0.2855

Self Pay 207 (0.01) 40 (0.01) 167 (0.01) 0.9862

Table D.9: Hypoxemic patients’ Demographics of validation set by condition positive or

negative. *Age above 89 is obfuscated by MIMIC for privacy protection, making distributions

and p-value calculations invalid. P-values for distributions of continuous variables calculated

by Kruskal-Wallis test. P-values for patient counts calculated by Pearson Chi-Squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 18074 2365 13911 679 1119

Age, median 62.0 64.0 60.0 74.0 64.0 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 66.00 (63.00, 69.00) 67.00 (64.00, 70.00) 0.0009

Weight, median (Q1,Q3) 78.00 (65.20, 92.00) 82.00 (70.00, 97.00) 75.00 (63.40, 89.05) 71.70 (61.40, 85.00) 77.00 (65.00, 90.00) <0.0001

Male 10151 (0.56) 1493 (0.63) 7681 (0.55) 330 (0.49) 647 (0.58) <0.0001

In-Hospital Mortality 2796 (0.15) 517 (0.22) 1725 (0.12) 267 (0.39) 287 (0.26) <0.0001

30 Day Mortality 3250 (0.18) 556 (0.24) 2082 (0.15) 291 (0.43) 321 (0.29) <0.0001

ICU LOS, median(Q1,Q3) 2.11 (1.13, 4.56) 4.12 (2.08, 8.94) 1.89 (1.04, 3.64) 2.19 (1.15, 4.25) 4.17 (2.15, 8.87) <0.0001

ICU

CCU 2285 (0.13) 252 (0.11) 1799 (0.13) 91 (0.13) 143 (0.13) 0.0345

CSRU 2716 (0.15) 901 (0.38) 1473 (0.11) 100 (0.15) 242 (0.22) <0.0001

MICU 6250 (0.35) 598 (0.25) 5015 (0.36) 262 (0.39) 375 (0.34) <0.0001

SICU 2654 (0.15) 333 (0.14) 1991 (0.14) 128 (0.19) 202 (0.18) 0.0003

TSICU 1923 (0.11) 281 (0.12) 1387 (0.10) 98 (0.14) 157 (0.14) <0.0001

ethnicity

Asian 589 (0.03) 50 (0.02) 507 (0.04) 19 (0.03) 13 (0.01) <0.0001

Black 1708 (0.09) 150 (0.06) 1431 (0.10) 56 (0.08) 71 (0.06) <0.0001

Hispanic 646 (0.04) 62 (0.03) 540 (0.04) 17 (0.03) 27 (0.02) 0.0011

White 12708 (0.70) 1663 (0.70) 9772 (0.70) 470 (0.69) 803 (0.72) 0.9281

insurance

Government 515 (0.03) 54 (0.02) 430 (0.03) 10 (0.01) 21 (0.02) 0.0033

Medicaid 1710 (0.09) 193 (0.08) 1388 (0.10) 45 (0.07) 84 (0.08) 0.0004

Medicare 8837 (0.49) 1226 (0.52) 6579 (0.47) 443 (0.65) 589 (0.53) <0.0001

Private 6805 (0.38) 871 (0.37) 5362 (0.39) 166 (0.24) 406 (0.36) <0.0001

Self Pay 207 (0.01) 21 (0.01) 152 (0.01) 15 (0.02) 19 (0.02) 0.0098

Table D.10: Hypoxemic patients’ Demographics of validation set in context of model perfor-

mance. *Age above 89 is obfuscated by MIMIC for privacy protection, making distributions

and p-value calculations invalid. P-values for distributions of continuous variables calculated

by Kruskal-Wallis test. P-values for patient counts calculated by Pearson Chi-Squared test.
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Variable Total Condition Positive Condition Negative P-value

N 18074 3484 14590

Comorbidity

Congestive heart failure 4661 (0.26) 1171 (0.34) 3490 (0.24) <0.0001

Cardiac arrhythmias 5651 (0.31) 1306 (0.37) 4345 (0.30) <0.0001

Valvular disease 2460 (0.14) 683 (0.20) 1777 (0.12) <0.0001

Pulmonary circulation disorders 865 (0.05) 147 (0.04) 718 (0.05) 0.0889

Peripheral vascular disorders 1878 (0.10) 436 (0.13) 1442 (0.10) <0.0001

Hypertension, uncomplicated 6537 (0.36) 1443 (0.41) 5094 (0.35) <0.0001

Hypertension, complicated 2123 (0.12) 288 (0.08) 1835 (0.13) <0.0001

Paralysis 419 (0.02) 62 (0.02) 357 (0.02) 0.0201

Other neurological disorders 1083 (0.06) 172 (0.05) 911 (0.06) 0.0046

Chronic pulmonary disease 3663 (0.20) 778 (0.22) 2885 (0.20) 0.0026

Diabetes, uncomplicated 3330 (0.18) 743 (0.21) 2587 (0.18) <0.0001

Diabetes, complicated 1175 (0.07) 221 (0.06) 954 (0.07) 0.6844

Hypothyroidism 1723 (0.10) 245 (0.07) 1478 (0.10) <0.0001

Renal failure 2528 (0.14) 372 (0.11) 2156 (0.15) <0.0001

Liver disease 1713 (0.09) 367 (0.11) 1346 (0.09) 0.0242

Peptic ulcer disease excluding bleeding 113 (0.01) 13 (0.00) 100 (0.01) 0.0362

AIDS/HIV 163 (0.01) 42 (0.01) 121 (0.01) 0.0357

Lymphoma 240 (0.01) 45 (0.01) 195 (0.01) 0.8362

Metastatic cancer 155 (0.01) 25 (0.01) 130 (0.01) 0.3206

Solid tumor without metastasis 1264 (0.07) 270 (0.08) 994 (0.07) 0.0603

Rheumatoid arthritis/collagen vascular diseases 574 (0.03) 95 (0.03) 479 (0.03) 0.0978

Coagulopathy 1684 (0.09) 355 (0.10) 1329 (0.09) 0.0605

Weight loss 741 (0.04) 138 (0.04) 603 (0.04) 0.6524

Fluid and electrolyte disorders 4673 (0.26) 787 (0.23) 3886 (0.27) <0.0001

Blood loss anemia 344 (0.02) 75 (0.02) 269 (0.02) 0.2350

Deficiency anemia 476 (0.03) 65 (0.02) 411 (0.03) 0.0019

Alcohol abuse 750 (0.04) 136 (0.04) 614 (0.04) 0.4275

Drug abuse 659 (0.04) 126 (0.04) 533 (0.04) 0.9189

Psychoses 275 (0.02) 58 (0.02) 217 (0.01) 0.4456

Depression 1490 (0.08) 137 (0.04) 1353 (0.09) <0.0001

Trauma 2081 (0.12) 452 (0.13) 1629 (0.11) 0.0047

Table D.11: Hypoxemic patients’ Comorbidities of validation set by condition positive or

negative. P-values for patient counts calculated by Pearson Chi-Squared test.
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Variable Total TruePositive TrueNegative FalsePositive FalseNegative P-value

N 18074 2365 13911 679 1119

Comorbidity

Congestive heart failure 4661 (0.26) 776 (0.33) 3276 (0.24) 214 (0.32) 395 (0.35) <0.0001

Cardiac arrhythmias 5651 (0.31) 904 (0.38) 4082 (0.29) 263 (0.39) 402 (0.36) <0.0001

Valvular disease 2460 (0.14) 494 (0.21) 1669 (0.12) 108 (0.16) 189 (0.17) <0.0001

Pulmonary circulation disorders 865 (0.05) 98 (0.04) 693 (0.05) 25 (0.04) 49 (0.04) 0.1532

Peripheral vascular disorders 1878 (0.10) 313 (0.13) 1368 (0.10) 74 (0.11) 123 (0.11) <0.0001

Hypertension, uncomplicated 6537 (0.36) 1025 (0.43) 4831 (0.35) 263 (0.39) 418 (0.37) <0.0001

Hypertension, complicated 2123 (0.12) 188 (0.08) 1763 (0.13) 72 (0.11) 100 (0.09) <0.0001

Paralysis 419 (0.02) 42 (0.02) 345 (0.02) 12 (0.02) 20 (0.02) 0.0778

Other neurological disorders 1083 (0.06) 112 (0.05) 851 (0.06) 60 (0.09) 60 (0.05) 0.0009

Chronic pulmonary disease 3663 (0.20) 502 (0.21) 2750 (0.20) 135 (0.20) 276 (0.25) 0.0037

Diabetes, uncomplicated 3330 (0.18) 525 (0.22) 2462 (0.18) 125 (0.18) 218 (0.19) <0.0001

Diabetes, complicated 1175 (0.07) 146 (0.06) 920 (0.07) 34 (0.05) 75 (0.07) 0.3823

Hypothyroidism 1723 (0.10) 153 (0.06) 1415 (0.10) 63 (0.09) 92 (0.08) <0.0001

Renal failure 2528 (0.14) 239 (0.10) 2071 (0.15) 85 (0.13) 133 (0.12) <0.0001

Liver disease 1713 (0.09) 250 (0.11) 1296 (0.09) 50 (0.07) 117 (0.10) 0.0528

Peptic ulcer disease excluding bleeding 113 (0.01) 10 (0.00) 98 (0.01) 2 (0.00) 3 (0.00) 0.0930

AIDS/HIV 163 (0.01) 25 (0.01) 115 (0.01) 6 (0.01) 17 (0.02) 0.1007

Lymphoma 240 (0.01) 27 (0.01) 186 (0.01) 9 (0.01) 18 (0.02) 0.7314

Metastatic cancer 155 (0.01) 12 (0.01) 120 (0.01) 10 (0.01) 13 (0.01) 0.0553

Solid tumor without metastasis 1264 (0.07) 174 (0.07) 939 (0.07) 55 (0.08) 96 (0.09) 0.0772

Rheumatoid arthritis/collagen vascular diseases 574 (0.03) 63 (0.03) 460 (0.03) 19 (0.03) 32 (0.03) 0.3394

Coagulopathy 1684 (0.09) 256 (0.11) 1266 (0.09) 63 (0.09) 99 (0.09) 0.0809

Weight loss 741 (0.04) 89 (0.04) 579 (0.04) 24 (0.04) 49 (0.04) 0.6760

Fluid and electrolyte disorders 4673 (0.26) 501 (0.21) 3718 (0.27) 168 (0.25) 286 (0.26) <0.0001

Blood loss anemia 344 (0.02) 46 (0.02) 259 (0.02) 10 (0.01) 29 (0.03) 0.3088

Deficiency anemia 476 (0.03) 42 (0.02) 396 (0.03) 15 (0.02) 23 (0.02) 0.0123

Alcohol abuse 750 (0.04) 97 (0.04) 597 (0.04) 17 (0.03) 39 (0.03) 0.0974

Drug abuse 659 (0.04) 74 (0.03) 521 (0.04) 12 (0.02) 52 (0.05) 0.0083

Psychoses 275 (0.02) 36 (0.02) 210 (0.02) 7 (0.01) 22 (0.02) 0.4680

Depression 1490 (0.08) 93 (0.04) 1319 (0.09) 34 (0.05) 44 (0.04) <0.0001

Trauma 2081 (0.12) 294 (0.12) 1534 (0.11) 95 (0.14) 158 (0.14) 0.0020

Table D.12: Hypoxemic patients’ Comorbidities of validation set patients in context of model

performance. P-values for patient counts calculated by Pearson Chi-Squared test.
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D.3 DIC from ARDS patients

D.3.1 Model Performance

Figure D.27: DIC from ARDS entire set true and false positive rates.
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Figure D.28: DIC from ARDS entire set sensitivity and specificity.

Figure D.29: DIC from ARDS entire set positive and negative predictive values.
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Figure D.30: DIC from ARDS entire set accuracy.

Figure D.31: DIC from ARDS entire set kappa.
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Figure D.32: DIC from ARDS entire set F-measures.
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D.3.2 Comparative Demographics, Variables, and Comorbidities

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

Chloride 103 106 110 101 104 109 0.0002

Oxygen 50 55 100 47.75 55 100 0.1263

Tidal Volume 550 649 700 550 644 700 0.8181

Bicarbonate 20 23 26 21 24 28 <0.0001

Sodium 136 139 141 136 139 142 0.4576

INR(PT) 13.4 14.4 15.9 12.8 13.5 14.5 <0.0001

Gastric Meds 40 40 40 40 40 40 0.0946

Chloride, Whole Blood 103 106 110 100 105 109 <0.0001

Creatinine, Urine 118 118 118 118 118 118 0.4307

Alkaline Phosphatase 63 77 118 65 81 107 0.8886

Platelet Count 137 190 263.25 183.75 235.5 320 <0.0001

Cholesterol, LDL 117 117 117 117 117 117 0.1526

Table D.13: DIC from ARDS model variable composition of the entire data set. P-values

calculated by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 1419 915 504

Age, median 65 66 63 *

Height, median (Q1,Q3) 67.00 (63.75, 70.00) 67.00 (63.50, 70.00) 67.00 (64.00, 70.00) 0.8720

Weight, median (Q1,Q3) 80.00 (66.62, 94.48) 79.50 (66.00, 92.00) 80.00 (68.20, 97.00) 0.0275

BMI, median (Q1,Q3) 28.47 (24.59, 33.56) 28.20 (24.69, 32.88) 29.15 (24.34, 35.62) 0.1268

Male 799 (0.56) 534 (0.58) 265 (0.53) 0.1649

In-Hospital Mortality 425 (0.30) 329 (0.36) 96 (0.19) <0.0001

30 Day Mortality 457 (0.32) 351 (0.38) 106 (0.21) <0.0001

ICU LOS, median(Q1,Q3) 10.10 (4.91, 19.16) 11.66 (6.09, 21.48) 7.16 (3.23, 15.08) <0.0001

ICU

CCU 131 (0.09) 87 (0.10) 44 (0.09) 0.6443

CSRU 319 (0.22) 225 (0.25) 94 (0.19) 0.0239

MICU 377 (0.27) 221 (0.24) 156 (0.31) 0.0174

SICU 296 (0.21) 192 (0.21) 104 (0.21) 0.8905

TSICU 296 (0.21) 190 (0.21) 106 (0.21) 0.9162

ethnicity

Asian 17 (0.01) 14 (0.02) 3 (0.01) 0.1236

Black 93 (0.07) 57 (0.06) 36 (0.07) 0.5201

Hispanic 37 (0.03) 21 (0.02) 16 (0.03) 0.3261

White 1040 (0.73) 667 (0.73) 373 (0.74) 0.8149

insurance

Government 27 (0.02) 18 (0.02) 9 (0.02) 0.8125

Medicaid 111 (0.08) 66 (0.07) 45 (0.09) 0.2688

Medicare 768 (0.54) 500 (0.55) 268 (0.53) 0.7186

Private 503 (0.35) 325 (0.36) 178 (0.35) 0.9513

Self Pay 10 (0.01) 6 (0.01) 4 (0.01) 0.7671

Table D.14: Demographics of entire set patients by condition positive or negative. *Age

above 89 is obfuscated by MIMIC for privacy protection, making distributions and P-value

calculations invalid. P-values for distributions of continuous variables calculated by Kruskal-

Wallis test. P-values for patient counts calculated by Pearson’s chi-squared test.
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Variable Total Condition Positive condition Negative P-value

N 3200 1332 1868

Comorbidity

Congestive heart failure 1075 (0.34) 520 (0.39) 555 (0.30) <0.0001

Cardiac arrhythmias 1275 (0.40) 587 (0.44) 688 (0.37) 0.0014

Valvular disease 494 (0.15) 231 (0.17) 263 (0.14) 0.0206

Pulmonary circulation disorders 173 (0.05) 62 (0.05) 111 (0.06) 0.1226

Peripheral vascular disorders 519 (0.16) 227 (0.17) 292 (0.16) 0.3288

Hypertension, uncomplicated 1192 (0.37) 404 (0.30) 788 (0.42) <0.0001

Hypertension, complicated 363 (0.11) 127 (0.10) 236 (0.13) 0.0103

Paralysis 106 (0.03) 26 (0.02) 80 (0.04) 0.0004

Other neurological disorders 180 (0.06) 70 (0.05) 110 (0.06) 0.4565

Chronic pulmonary disease 795 (0.25) 261 (0.20) 534 (0.29) <0.0001

Diabetes, uncomplicated 600 (0.19) 222 (0.17) 378 (0.20) 0.0215

Diabetes, complicated 227 (0.07) 77 (0.06) 150 (0.08) 0.0185

Hypothyroidism 290 (0.09) 94 (0.07) 196 (0.10) 0.0015

Renal failure 437 (0.14) 156 (0.12) 281 (0.15) 0.0120

Liver disease 411 (0.13) 225 (0.17) 186 (0.10) <0.0001

Peptic ulcer disease excluding bleeding 19 (0.01) 8 (0.01) 11 (0.01) 0.9661

AIDS/HIV 35 (0.01) 17 (0.01) 18 (0.01) 0.4045

Lymphoma 47 (0.01) 26 (0.02) 21 (0.01) 0.0568

Metastatic cancer 27 (0.01) 8 (0.01) 19 (0.01) 0.2061

Solid tumor without metastasis 301 (0.09) 98 (0.07) 203 (0.11) 0.0014

Rheumatoid arthritis/collagen vascular diseases 87 (0.03) 34 (0.03) 53 (0.03) 0.6302

Coagulopathy 539 (0.17) 306 (0.23) 233 (0.12) <0.0001

Weight loss 248 (0.08) 111 (0.08) 137 (0.07) 0.3169

Fluid and electrolyte disorders 1083 (0.34) 375 (0.28) 708 (0.38) <0.0001

Blood loss anemia 76 (0.02) 35 (0.03) 41 (0.02) 0.4336

Deficiency anemia 77 (0.02) 28 (0.02) 49 (0.03) 0.3490

Alcohol abuse 154 (0.05) 76 (0.06) 78 (0.04) 0.0518

Drug abuse 127 (0.04) 37 (0.03) 90 (0.05) 0.0043

Psychoses 39 (0.01) 19 (0.01) 20 (0.01) 0.3689

Depression 238 (0.07) 42 (0.03) 196 (0.10) <0.0001

Trauma 685 (0.21) 286 (0.21) 399 (0.21) 0.9463

Table D.15: Comorbidities of entire set patients by condition positive or negative. P-values

for patient counts calculated by Pearson’s chi-squared test.
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D.4 DIC from ARDS patients

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

Bands 0 23 50 0 11 50 0.2184

Unable to assess cognitive / perceptual 1 97.1 97.5 1 95.9 97.5 0.9895

O2 Saturation Alarm - Low 48 55.5 90 48 58 90 0.2743

Specific Gravity 1.018 98 107 1.017 90 106 0.0983

Alkaline Phosphatase 1.02 1.03 90 1.02 1.04 91 0.9070

Respiratory Rate 18 30 54 19 29 54 0.9658

Tidal Volume (Set) 14 21 550 14 22 500 0.7109

Differential-Atyps 0 310 310 0 41 310 0.9845

SaO2 96.875 98 99 97 98 99 0.0644

O2 Flow (additional cannula) 1 1 4 1 1 4 0.9192

Sodium (whole blood) 137 266 267 139 250 267 0.6780

Differential-Lymphs 7.7 52.2 73.125 7.7 45.5 72.5 0.6952

Iron Binding Capacity, Total 0 185 290 0 185 277 0.5922

Heart rate Alarm - High 90 100 135 90 100 135 0.8685

High Resp. Rate 3.54 6.285 20 3.54 8 20 0.8220

Baseline pain level 2 2 2 2 2 2 0.4101

Mixed Venous O2% Sat 5 5 68 5 12 68 0.4325

Nitroglycerin 2.243 5 5 2.243 4 5 0.1761

Metoprolol 5 91.5 104.25 5 88 104 0.4248

NBP [Systolic] 3.611 7.798 113 3.611 9.5676 111 0.6500

Cholesterol Ratio (Total/HDL) 1 1 3.2 1 1 3.2 0.3762

Table D.16: DIC from ARDS model variable composition of the entire data set. P-values

calculated by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 7827 272 7555

Age, median 68 66 68 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 0.9107

Weight, median (Q1,Q3) 76.60 (65.00, 90.00) 77.30 (66.00, 91.08) 76.60 (65.00, 90.00) 0.3945

BMI, median (Q1,Q3) 27.68 (24.22, 32.16) 28.22 (24.56, 32.71) 27.68 (24.21, 32.13) 0.4760

Male 4589 (0.59) 168 (0.62) 4421 (0.59) 0.4920

In-Hospital Mortality 2063 (0.26) 86 (0.32) 1977 (0.26) 0.0854

30 Day Mortality 2363 (0.30) 93 (0.34) 2270 (0.30) 0.2216

ICU LOS, median(Q1,Q3) 3.25 (1.86, 6.92) 11.28 (6.05, 20.96) 3.16 (1.83, 6.41) <0.0001

ICU

CCU 1061 (0.14) 28 (0.10) 1033 (0.14) 0.1370

CSRU 1557 (0.20) 62 (0.23) 1495 (0.20) 0.2748

MICU 3078 (0.39) 66 (0.24) 3012 (0.40) <0.0001

SICU 1169 (0.15) 50 (0.18) 1119 (0.15) 0.1343

TSICU 921 (0.12) 66 (0.24) 855 (0.11) <0.0001

ethnicity

Asian 165 (0.02) 5 (0.02) 160 (0.02) 0.7550

Black 712 (0.09) 14 (0.05) 698 (0.09) 0.0279

Hispanic 240 (0.03) 8 (0.03) 232 (0.03) 0.9045

White 5633 (0.72) 207 (0.76) 5426 (0.72) 0.4133

insurance

Government 185 (0.02) 9 (0.03) 176 (0.02) 0.3020

Medicaid 643 (0.08) 20 (0.07) 623 (0.08) 0.6136

Medicare 4681 (0.60) 148 (0.54) 4533 (0.60) 0.2417

Private 2240 (0.29) 95 (0.35) 2145 (0.28) 0.0478

Self Pay 78 (0.01) 0 (0.00) 78 (0.01) 0.0938

Table D.17: Demographics of entire set patients by condition positive or negative. *Age

above 89 is obfuscated by MIMIC for privacy protection, making distributions and P-value

calculations invalid. P-values for distributions of continuous variables calculated by Kruskal-

Wallis test. P-values for patient counts calculated by Pearson’s chi-squared test.
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Variable Total Condition Positive Condition Negative P-value

N 7827 272 7555

Comorbidity

Congestive heart failure 2949 (0.38) 104 (0.38) 2845 (0.38) 0.8787

Cardiac arrhythmias 3333 (0.43) 116 (0.43) 3217 (0.43) 0.9869

Valvular disease 1506 (0.19) 38 (0.14) 1468 (0.19) 0.0437

Pulmonary circulation disorders 454 (0.06) 10 (0.04) 444 (0.06) 0.1388

Peripheral vascular disorders 1029 (0.13) 43 (0.16) 986 (0.13) 0.2178

Hypertension, uncomplicated 2861 (0.37) 68 (0.25) 2793 (0.37) 0.0013

Hypertension, complicated 1057 (0.14) 20 (0.07) 1037 (0.14) 0.0050

Paralysis 168 (0.02) 9 (0.03) 159 (0.02) 0.1829

Other neurological disorders 430 (0.05) 16 (0.06) 414 (0.05) 0.7808

Chronic pulmonary disease 1706 (0.22) 54 (0.20) 1652 (0.22) 0.4847

Diabetes, uncomplicated 1592 (0.20) 46 (0.17) 1546 (0.20) 0.2020

Diabetes, complicated 585 (0.07) 15 (0.06) 570 (0.08) 0.2289

Hypothyroidism 757 (0.10) 16 (0.06) 741 (0.10) 0.0408

Renal failure 1330 (0.17) 26 (0.10) 1304 (0.17) 0.0025

Liver disease 1168 (0.15) 34 (0.12) 1134 (0.15) 0.2924

Peptic ulcer disease excluding bleeding 53 (0.01) 1 (0.00) 52 (0.01) 0.5278

AIDS/HIV 111 (0.01) 3 (0.01) 108 (0.01) 0.6568

Lymphoma 151 (0.02) 5 (0.02) 146 (0.02) 0.9124

Metastatic cancer 90 (0.01) 2 (0.01) 88 (0.01) 0.5163

Solid tumor without metastasis 622 (0.08) 22 (0.08) 600 (0.08) 0.9329

Rheumatoid arthritis/collagen vascular diseases 294 (0.04) 7 (0.03) 287 (0.04) 0.3057

Coagulopathy 1412 (0.18) 45 (0.17) 1367 (0.18) 0.5543

Weight loss 457 (0.06) 18 (0.07) 439 (0.06) 0.5884

Fluid and electrolyte disorders 2613 (0.33) 64 (0.24) 2549 (0.34) 0.0042

Blood loss anemia 215 (0.03) 7 (0.03) 208 (0.03) 0.8606

Deficiency anemia 217 (0.03) 4 (0.01) 213 (0.03) 0.1894

Alcohol abuse 424 (0.05) 9 (0.03) 415 (0.05) 0.1284

Drug abuse 256 (0.03) 11 (0.04) 245 (0.03) 0.4728

Psychoses 118 (0.02) 4 (0.01) 114 (0.02) 0.9596

Depression 459 (0.06) 3 (0.01) 456 (0.06) 0.0010

Trauma 1041 (0.13) 71 (0.26) 970 (0.13) <0.0001

Table D.18: Comorbidities of entire set patients by condition positive or negative. P-values

for patient counts calculated by Pearson’s chi-squared test.
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Appendix E

ACUTE KIDNEY INJURY

E.1 Acute Kidney Injury Stage 1

E.1.1 Training and Testing

Figure E.1: AKI training/testing true positive and false positive rates.
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Figure E.2: AKI training/testing sensitivity and specificity.

Figure E.3: AKI training/testing positive and negative predictive value.
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Figure E.4: AKI training/testing accuracy.

Figure E.5: AKI training/testing kappa.
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Figure E.6: AKI training/testing F-measures.
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E.1.2 Validation

Figure E.7: AKI validation true and false positive rates.
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Figure E.8: AKI validation sensitivity and specificity.

Figure E.9: AKI validation positive and negative predictive values.
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Figure E.10: AKI validation accuracy.

Figure E.11: AKI validation kappa.
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Figure E.12: AKI validation F-measures.
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E.1.3 Machine Learning Algorithms over time

(a) Decision Stump (b) Decision Table

(c) J48 (d) JRip

(e) KStar (f) LMT
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(g) Logistic Regression (h) Multilayer Perceptron

(i) Naive Bayes (j) One R

(k) PART (l) Random Forest
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(m) Random Tree (n) REP Tree

(o) Simple Logistic Regression (p) SMO

(q) Voted Perceptron

Figure E.13: Algorithm’s performance over time on the AKI selection criteria.
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E.1.4 Comparative Demographics, Variables, and Comorbidities

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

Low Exhaled Min Vol 3 4 4 3 4 4 0.1212

Furosemide (Lasix) 8.702 10 10 3.155 10 10 <0.0001

Urea Nitrogen 12 17 23 10 14 19 <0.0001

Phosphate 2.8 3.3 3.9 2.6 3.1 3.7 <0.0001

pO2 76 99 132 70 95 138 0.0064

Central Venous Pressure 0 4 9 0 3 9 0.0021

Glucose 91 103 118 89 101 120 0.0032

NBP diastolic 55 64 73 54 63 73 0.0259

AST 17 23 37 17 23 33 0.0041

Potassium 3.8 4.1 4.4 3.7 4 4.3 <0.0001

Chloride (serum) 103 106 110 102 106 109 <0.0001

Impaired Skin Width 0.25 0.5 1 0.25 0.5 1 0.0383

Basophils 0 0.2 0.4 0.1 0.2 0.4 0.1338

Lipase 10 11 17 10 11 18 0.3575

Previous Weight 62.1 73.2 89 60 70.4 78 <0.0001

Lymphocytes 6.1 10.3 17 6.1 10.4 17 0.6774

Lactic Acid(0.5-2.0) 0.9 1.1 1.6 0.8 1.1 1.6 0.0069

.9% Normal Saline 0 7.5 10 0 9.03125 20 0.6765

Arterial CO2 Pressure 33 37 42 32 38 45 0.1417

Troponin-T 0.01 0.01 0.03 0.01 0.01 0.02 <0.0001

Creatinine 0.6 0.8 1 0.6 0.7 0.9 <0.0001

5% Dextrose in water 9.573 26.85 50 11.046 22.5 50 0.2507

Hemoglobin 9.1 10.3 11.4 9.2 10.5 12.1 <0.0001

Pain Level 0 0 0 0 0 1 0.0047

Visual / hearing deficit 0 0 0 0 0 0 0.4026

Plateau Pressure 14 17 19 13 17 19 <0.0001

Urine Out Foley 30 50 90 30 60 120 0.0008

GCS Total 14 15 15 14 15 15 0.0014

Left Ventricular Stroke Work Index 20 24.885 31.304 20.574 23.158 31.672 <0.0001

Lactate Dehydrogenase (LD) 165 201 266 151 182 232 <0.0001

O2 Flow (lpm) 0.4 0.5 0.7 0.4 0.5 1 0.9685

Table E.1: AKI model variable composition of the validation data set. P-values calculated

by Kruskal-Wallis test.
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Label True Positive True Negative False Positive False Negative P-value

Q1 median Q3 Q1 median Q3 Q1 median Q3 Q1 median Q3

Low Exhaled Min Vol 3 4 4 3 4 4 3 4 4 3 3.75 4 0.0583

Furosemide (Lasix) 6.513 10 10 3.782 10 10 3.342 10 10 10 10 10 <0.0001

Urea Nitrogen 13 17 23 9 12 16 10 14 20 8 12 17.25 <0.0001

Phosphate 2.8 3.3 4 2.6 3.1 3.5 2.6 3.1 3.7 2.7 3.1 3.3 <0.0001

pO2 76 100 132 60 79 121.5 73 99 141 65.5 85.5 121.5 <0.0001

Central Venous Pressure 0 4 9 2 3 6 0 3 9 3 3 3 <0.0001

Glucose 91 103 118 86 101 124 89 101 120 82.25 101.5 116.25 0.0082

NBP diastolic 55 64 73 55 62 73 53 63 73 53.75 62.5 67 0.0418

AST 17 23 38 18 23 26 17 23 34 18 22 24 <0.0001

Potassium 3.8 4.1 4.4 3.7 3.9 4.2 3.7 4 4.3 3.675 3.9 4.125 <0.0001

Chloride (serum) 103 106 110 102 105 107 103 106 109 103 106 108 <0.0001

Impaired Skin Width 0.25 0.5 1 0.2 0.5 0.5 0.25 0.5 1 0.25 0.5 1 <0.0001

Basophils 0 0.2 0.4 0.1 0.2 0.4 0 0.2 0.4 0.1 0.2 0.4 <0.0001

Lipase 10 11 17 10 10 27 10 11 17 9.75 17 28 0.0896

Previous Weight 62.3 73.6 89.2 60.8 70 72.8 59.8 70.4 80 60.8 63.7 72.8 <0.0001

Lymphocytes 6.125 10.4 17 6.5 11.5 19 6 10.1 16.8 6 9.45 17.1 0.0002

Lactic Acid(0.5-2.0) 0.9 1.1 1.6 0.9 1.1 1.7 0.8 1.1 1.5 0.8 1.05 1.5 0.0001

.9% Normal Saline 0 7.5 10 0 0 10 0 10 20 0 0 10 <0.0001

Arterial CO2 Pressure 33 37 42 29 36 46 33 38 45 30 39 48 <0.0001

Troponin-T 0.01 0.01 0.03 0.01 0.01 0.01 0.01 0.01 0.02 0.01 0.01 0.01 <0.0001

Creatinine 0.6 0.8 1 0.6 0.7 0.8 0.6 0.7 0.9 0.6 0.7 0.9 <0.0001

5% Dextrose in water 9.234 28.929 50 10.56 16.667 50 11.5 40 50 13 18 50 <0.0001

Hemoglobin 9.1 10.3 11.4 9.3 10.8 12.9 9.2 10.4 11.9 9.2 10.45 12.625 <0.0001

Pain Level 0 0 0 0 0 2 0 0 1 0 0 2 <0.0001

Visual / hearing deficit 0 0 0 0 0 0 0 0 0 0 0 0 0.7648

Plateau Pressure 14 17 19 13 17 17 13 16 19 13 14 17 <0.0001

Urine Out Foley 30 50 90 25 50 125 30 60 120 25 60 105 <0.0001

GCS Total 14 15 15 14 15 15 14 15 15 15 15 15 <0.0001

Left Ventricular Stroke Work Index 18.932 24.885 31.304 20.574 31.304 33.186 20.574 22.857 31.304 20.574 20.574 31.304 <0.0001

Lactate Dehydrogenase (LD) 166 203 268 137 168 201 154 187 238 137 160 189.25 <0.0001

O2 Flow (lpm) 0.4 0.5 0.7 0.4 0.5 0.5 0.4 0.5 1 0.5 0.5 1 0.3349

Table E.2: AKI model variable performance of the validation data set. P-values calculated

by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 10408 3418 6990

Age, median 62 66 60 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 68.00 (64.00, 70.00) 67.00 (64.00, 70.00) 0.4295

Weight, median (Q1,Q3) 79.40 (66.57, 93.00) 81.00 (68.30, 95.20) 77.00 (65.00, 90.00) <0.0001

BMI, median (Q1,Q3) 28.18 (24.69, 32.37) 28.65 (25.00, 33.06) 27.78 (24.26, 31.68) <0.0001

Male 6019 (0.58) 2182 (0.64) 3837 (0.55) <0.0001

In-Hospital Mortality 1259 (0.12) 609 (0.18) 650 (0.09) <0.0001

30 Day Mortality 1500 (0.14) 673 (0.20) 827 (0.12) <0.0001

ICU LOS, median(Q1,Q3) 2.03 (1.16, 3.90) 3.07 (1.64, 6.70) 1.79 (1.08, 2.97) <0.0001

ICU

CCU 1356 (0.13) 482 (0.14) 874 (0.13) 0.0339

CSRU 2090 (0.20) 1032 (0.30) 1058 (0.15) <0.0001

MICU 3685 (0.35) 1034 (0.30) 2651 (0.38) <0.0001

SICU 1816 (0.17) 500 (0.15) 1316 (0.19) <0.0001

TSICU 1461 (0.14) 370 (0.11) 1091 (0.16) <0.0001

ethnicity

Asian 250 (0.02) 75 (0.02) 175 (0.03) 0.3390

Black 785 (0.08) 241 (0.07) 544 (0.08) 0.2018

Hispanic 371 (0.04) 99 (0.03) 272 (0.04) 0.0116

White 7506 (0.72) 2432 (0.71) 5074 (0.73) 0.4176

insurance

Government 327 (0.03) 66 (0.02) 261 (0.04) <0.0001

Medicaid 995 (0.10) 284 (0.08) 711 (0.10) 0.0039

Medicare 5053 (0.49) 1916 (0.56) 3137 (0.45) <0.0001

Private 3872 (0.37) 1118 (0.33) 2754 (0.39) <0.0001

Self Pay 161 (0.02) 34 (0.01) 127 (0.02) 0.0015

Table E.3: AKI patients’ Demographics of validation set by condition positive or negative.

*Age above 89 is obfuscated by MIMIC for privacy protection, making distributions and

p-value calculations invalid. P-values for distributions of continuous variables calculated by

Kruskal-Wallis test. P-values for patient counts calculated by Pearson Chi-Squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 10408 1752 573 6417 1666

Age, median 62 66 64 60 66 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.25 (64.00, 70.00) 68.00 (64.00, 70.00) 67.00 (64.00, 70.00) 68.00 (64.00, 70.00) 0.5819

Weight, median (Q1,Q3) 79.40 (66.57, 93.00) 79.40 (65.05, 92.45) 82.40 (70.00, 96.00) 75.80 (64.02, 89.67) 83.29 (71.33, 97.07) <0.0001

BMI, median (Q1,Q3) 28.18 (24.69, 32.37) 27.81 (24.55, 31.75) 29.12 (25.17, 33.05) 27.41 (24.02, 31.22) 29.36 (25.52, 33.70) <0.0001

Male 6019 (0.58) 1049 (0.60) 370 (0.65) 3467 (0.54) 1133 (0.68) <0.0001

In-Hospital Mortality 1259 (0.12) 322 (0.18) 89 (0.16) 561 (0.09) 287 (0.17) <0.0001

30 Day Mortality 1500 (0.14) 362 (0.21) 106 (0.18) 721 (0.11) 311 (0.19) <0.0001

ICU LOS, median(Q1,Q3) 2.03 (1.16, 3.90) 3.16 (1.79, 6.64) 2.65 (1.50, 4.75) 1.73 (1.06, 2.89) 3.02 (1.38, 6.76) <0.0001

ICU

CCU 1356 (0.13) 286 (0.16) 61 (0.11) 813 (0.13) 196 (0.12) 0.0002

CSRU 2090 (0.20) 350 (0.20) 217 (0.38) 841 (0.13) 682 (0.41) <0.0001

MICU 3685 (0.35) 600 (0.34) 171 (0.30) 2480 (0.39) 434 (0.26) <0.0001

SICU 1816 (0.17) 291 (0.17) 60 (0.10) 1256 (0.20) 209 (0.13) <0.0001

TSICU 1461 (0.14) 225 (0.13) 64 (0.11) 1027 (0.16) 145 (0.09) <0.0001

ethnicity

Asian 250 (0.02) 42 (0.02) 7 (0.01) 168 (0.03) 33 (0.02) 0.1217

Black 785 (0.08) 145 (0.08) 41 (0.07) 503 (0.08) 96 (0.06) 0.0279

Hispanic 371 (0.04) 51 (0.03) 11 (0.02) 261 (0.04) 48 (0.03) 0.0043

White 7506 (0.72) 1250 (0.71) 414 (0.72) 4660 (0.73) 1182 (0.71) 0.8766

insurance

Government 327 (0.03) 39 (0.02) 16 (0.03) 245 (0.04) 27 (0.02) <0.0001

Medicaid 995 (0.10) 152 (0.09) 42 (0.07) 669 (0.10) 132 (0.08) 0.0028

Medicare 5053 (0.49) 998 (0.57) 283 (0.49) 2854 (0.44) 918 (0.55) <0.0001

Private 3872 (0.37) 546 (0.31) 228 (0.40) 2526 (0.39) 572 (0.34) <0.0001

Self Pay 161 (0.02) 17 (0.01) 4 (0.01) 123 (0.02) 17 (0.01) 0.0017

Table E.4: AKI patients’ Demographics of validation set in context of model performance.

*Age above 89 is obfuscated by MIMIC for privacy protection, making distributions and

p-value calculations invalid. P-values for distributions of continuous variables calculated by

Kruskal-Wallis test. P-values for patient counts calculated by Pearson Chi-Squared test.
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Variable Total Condition Positive Condition Negative P-value

N 10408 3418 6990

Comorbidity

Congestive heart failure 2198 (0.21) 1092 (0.32) 1106 (0.16) <0.0001

Cardiac arrhythmias 3389 (0.33) 1456 (0.43) 1933 (0.28) <0.0001

Valvular disease 1534 (0.15) 721 (0.21) 813 (0.12) <0.0001

Pulmonary circulation disorders 447 (0.04) 212 (0.06) 235 (0.03) <0.0001

Peripheral vascular disorders 1068 (0.10) 464 (0.14) 604 (0.09) <0.0001

Hypertension, uncomplicated 4891 (0.47) 1748 (0.51) 3143 (0.45) <0.0001

Hypertension, complicated 313 (0.03) 157 (0.05) 156 (0.02) <0.0001

Paralysis 330 (0.03) 98 (0.03) 232 (0.03) 0.2241

Other neurological disorders 768 (0.07) 220 (0.06) 548 (0.08) 0.0133

Chronic pulmonary disease 2320 (0.22) 828 (0.24) 1492 (0.21) 0.0035

Diabetes, uncomplicated 1973 (0.19) 773 (0.23) 1200 (0.17) <0.0001

Diabetes, complicated 368 (0.04) 146 (0.04) 222 (0.03) 0.0052

Hypothyroidism 1009 (0.10) 326 (0.10) 683 (0.10) 0.7195

Renal failure 389 (0.04) 195 (0.06) 194 (0.03) <0.0001

Liver disease 904 (0.09) 375 (0.11) 529 (0.08) <0.0001

Peptic ulcer disease excluding bleeding 68 (0.01) 21 (0.01) 47 (0.01) 0.7310

AIDS/HIV 98 (0.01) 44 (0.01) 54 (0.01) 0.0110

Lymphoma 156 (0.01) 63 (0.02) 93 (0.01) 0.0448

Metastatic cancer 128 (0.01) 35 (0.01) 93 (0.01) 0.1855

Solid tumor without metastasis 881 (0.08) 291 (0.09) 590 (0.08) 0.9042

Rheumatoid arthritis/collagen vascular diseases 308 (0.03) 95 (0.03) 213 (0.03) 0.4557

Coagulopathy 828 (0.08) 409 (0.12) 419 (0.06) <0.0001

Weight loss 387 (0.04) 172 (0.05) 215 (0.03) <0.0001

Fluid and electrolyte disorders 2391 (0.23) 951 (0.28) 1440 (0.21) <0.0001

Blood loss anemia 190 (0.02) 62 (0.02) 128 (0.02) 0.9512

Deficiency anemia 288 (0.03) 75 (0.02) 213 (0.03) 0.0140

Alcohol abuse 485 (0.05) 170 (0.05) 315 (0.05) 0.2997

Drug abuse 468 (0.04) 129 (0.04) 339 (0.05) 0.0151

Psychoses 183 (0.02) 55 (0.02) 128 (0.02) 0.4223

Depression 1000 (0.10) 272 (0.08) 728 (0.10) 0.0001

Trauma 1551 (0.15) 433 (0.13) 1118 (0.16) <0.0001

Table E.5: AKI patients’ Comorbidities of validation set by condition positive or negative.

P-values for patient counts calculated by Pearson Chi-Squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 10408 1752 573 6417 1666

Comorbidity

Congestive heart failure 2198 (0.21) 504 (0.29) 174 (0.30) 932 (0.15) 588 (0.35) <0.0001

Cardiac arrhythmias 3389 (0.33) 689 (0.39) 218 (0.38) 1715 (0.27) 767 (0.46) <0.0001

Valvular disease 1534 (0.15) 276 (0.16) 137 (0.24) 676 (0.11) 445 (0.27) <0.0001

Pulmonary circulation disorders 447 (0.04) 98 (0.06) 31 (0.05) 204 (0.03) 114 (0.07) <0.0001

Peripheral vascular disorders 1068 (0.10) 213 (0.12) 73 (0.13) 531 (0.08) 251 (0.15) <0.0001

Hypertension, uncomplicated 4891 (0.47) 877 (0.50) 305 (0.53) 2838 (0.44) 871 (0.52) <0.0001

Hypertension, complicated 313 (0.03) 74 (0.04) 19 (0.03) 137 (0.02) 83 (0.05) <0.0001

Paralysis 330 (0.03) 66 (0.04) 12 (0.02) 220 (0.03) 32 (0.02) 0.0035

Other neurological disorders 768 (0.07) 122 (0.07) 29 (0.05) 519 (0.08) 98 (0.06) 0.0029

Chronic pulmonary disease 2320 (0.22) 422 (0.24) 126 (0.22) 1366 (0.21) 406 (0.24) 0.0337

Diabetes, uncomplicated 1973 (0.19) 366 (0.21) 130 (0.23) 1070 (0.17) 407 (0.24) <0.0001

Diabetes, complicated 368 (0.04) 56 (0.03) 25 (0.04) 197 (0.03) 90 (0.05) <0.0001

Hypothyroidism 1009 (0.10) 176 (0.10) 56 (0.10) 627 (0.10) 150 (0.09) 0.7806

Renal failure 389 (0.04) 93 (0.05) 27 (0.05) 167 (0.03) 102 (0.06) <0.0001

Liver disease 904 (0.09) 183 (0.10) 36 (0.06) 493 (0.08) 192 (0.12) <0.0001

Peptic ulcer disease excluding bleeding 68 (0.01) 11 (0.01) 1 (0.00) 46 (0.01) 10 (0.01) 0.4760

AIDS/HIV 98 (0.01) 17 (0.01) 5 (0.01) 49 (0.01) 27 (0.02) 0.0157

Lymphoma 156 (0.01) 27 (0.02) 5 (0.01) 88 (0.01) 36 (0.02) 0.0692

Metastatic cancer 128 (0.01) 20 (0.01) 7 (0.01) 86 (0.01) 15 (0.01) 0.5285

Solid tumor without metastasis 881 (0.08) 171 (0.10) 42 (0.07) 548 (0.09) 120 (0.07) 0.0570

Rheumatoid arthritis/collagen vascular diseases 308 (0.03) 52 (0.03) 20 (0.03) 193 (0.03) 43 (0.03) 0.7049

Coagulopathy 828 (0.08) 210 (0.12) 41 (0.07) 378 (0.06) 199 (0.12) <0.0001

Weight loss 387 (0.04) 96 (0.05) 14 (0.02) 201 (0.03) 76 (0.05) <0.0001

Fluid and electrolyte disorders 2391 (0.23) 541 (0.31) 107 (0.19) 1333 (0.21) 410 (0.25) <0.0001

Blood loss anemia 190 (0.02) 34 (0.02) 9 (0.02) 119 (0.02) 28 (0.02) 0.9073

Deficiency anemia 288 (0.03) 37 (0.02) 20 (0.03) 193 (0.03) 38 (0.02) 0.0871

Alcohol abuse 485 (0.05) 98 (0.06) 18 (0.03) 297 (0.05) 72 (0.04) 0.0883

Drug abuse 468 (0.04) 63 (0.04) 16 (0.03) 323 (0.05) 66 (0.04) 0.0073

Psychoses 183 (0.02) 24 (0.01) 6 (0.01) 122 (0.02) 31 (0.02) 0.2618

Depression 1000 (0.10) 142 (0.08) 35 (0.06) 693 (0.11) 130 (0.08) <0.0001

Trauma 1551 (0.15) 278 (0.16) 62 (0.11) 1056 (0.16) 155 (0.09) <0.0001

Table E.6: AKI patients’ Comorbidities of validation set in context of model performance.

P-values for patient counts calculated by Pearson Chi-Squared test.
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E.2 AKI Stage 2

E.2.1 Training and Testing

Figure E.14: AKI Stage 2 training/testing true positive and false positive rates.
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Figure E.15: AKI Stage 2 training/testing sensitivity and specificity.

Figure E.16: AKI Stage 2 training/testing positive and negative predictive value.
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Figure E.17: AKI Stage 2 training/testing accuracy.

Figure E.18: AKI Stage 2 training/testing kappa.
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Figure E.19: AKI Stage 2 training/testing F-measures.
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E.2.2 Validation

Figure E.20: AKI Stage 2 validation true and false positive rates.
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Figure E.21: AKI Stage 2 validation sensitivity and specificity.

Figure E.22: AKI Stage 2 validation positive and negative predictive values.
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Figure E.23: AKI Stage 2 validation accuracy.

Figure E.24: AKI Stage 2 validation kappa.
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Figure E.25: AKI Stage 2 validation F-measures.
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E.2.3 Machine Learning Algorithms over time

(a) Decision Stump (b) Decision Table

(c) J48 (d) JRip

(e) KStar (f) LMT
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(g) Logistic Regression (h) Multilayer Perceptron

(i) Naive Bayes (j) One R

(k) PART (l) Random Forest
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(m) Random Tree (n) REP Tree

(o) Simple Logistic Regression (p) SMO

(q) Voted Perceptron

Figure E.26: Algorithm’s performance over time on the AKI Stage 2 selection criteria.
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E.2.4 Comparative Demographics, Variables, and Comorbidities

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

IV access prior to admission 0 0 1 0 0 1 <0.0001

Potassium, Urine 4 7 15 4 7 7 <0.0001

Fibrinogen 104 156 184 104 151 184 <0.0001

Creatinine 0.6 1.1 1.7 0.5 0.7 0.9 <0.0001

GT Flush 0 0 0 0 0 0 <0.0001

OR Crystalloid 0 0 0 0 0 0 0.1865

Amylase 15 26 42 17 29 42 0.7211

ALT 13 18 30 11 16 25 <0.0001

Arterial PaCO2 31 37 43 26 36 43 <0.0001

Alk. Phosphate 42 69 97 38 51 74 <0.0001

Lactic Acid 0.9 1.2 1.5 0.9 1.1 1.5 <0.0001

Creatine Kinase 39 84 220 28 55 131 <0.0001

Epithelial Cells, urine 0 0 0 0 0 0 <0.0001

Iron Binding Capacity, Total 126 137 190 137 146 161 0.0006

percent Hemoglobin A1c 5.6 5.8 6 5.6 5.8 6 0.0259

Urea Nitrogen 23 32 45 10 14 19 <0.0001

Table E.7: AKI Stage 2 model variable composition of the validation data set. P-values

calculated by Kruskal-Wallis test.
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Label True Positive True Negative False Positive False Negative P-value

Q1 median Q3 Q1 median Q3 Q1 median Q3 Q1 median Q3

IV access prior to admission 0 0 1 0 0 1 0 0 1 0 0 1 <0.0001

Potassium, Urine 4 7 22 4 6.5 7 4 7 14 4 7 7 <0.0001

Fibrinogen 104 156 188 104 149 184 104 156 184 104 144 169 <0.0001

Creatinine 0.6 1.4 1.8 0.5 0.7 0.8 0.5 0.9 1.3 0.4 0.6 1 <0.0001

GT Flush 0 0 0 0 0 0 0 0 0 0 0 0 <0.0001

OR Crystalloid 0 0 0 0 0 0 0 0 0 0 0 0 0.5245

Amylase 14 26 42 17 31 42 13.75 26 36 17 26 42 0.0022

ALT 13 18 33 10 16 24 13 17 28.25 11 16 28 <0.0001

Arterial PaCO2 31 37 43 24 36 43 30 37 43 31 37 43 <0.0001

Alk. Phosphate 44 71 101.25 38 50 72 43 68.5 99 39 57 81 <0.0001

Lactic Acid 0.9 1.3 1.7 0.9 1.1 1.5 0.9 1.2 1.5 0.8 1 1.4 <0.0001

Creatine Kinase 41 87.5 240 28 53 127 36 74 206.25 36 68 186 <0.0001

Epithelial Cells, urine 0 0 0 0 0 0 0 0 0 0 0 0 <0.0001

Iron Binding Capacity, Total 116 137 197 137 146 161 137 142.5 195 137 157 165 0.0016

percent Hemoglobin A1c 5.6 5.8 6 5.6 5.8 6 5.6 5.8 6 5.6 5.8 6 0.1544

Urea Nitrogen 28 37 48 10 14 18 22 28 36 14 18 23 <0.0001

Table E.8: AKI Stage 2 model variable performance of the validation data set. P-values

calculated by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 7957 1053 6904

Age, median 62 71 60 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 0.2718

Weight, median (Q1,Q3) 77.90 (65.00, 91.00) 81.00 (68.00, 96.60) 77.00 (65.00, 90.00) 0.0001

BMI, median (Q1,Q3) 27.99 (24.46, 32.08) 28.86 (24.86, 34.40) 27.82 (24.24, 31.68) 0.0011

Male 4398 (0.55) 602 (0.57) 3796 (0.55) 0.3738

In-Hospital Mortality 1053 (0.13) 416 (0.40) 637 (0.09) <0.0001

30 Day Mortality 1263 (0.16) 450 (0.43) 813 (0.12) <0.0001

ICU LOS, median(Q1,Q3) 1.93 (1.13, 3.40) 4.42 (2.11, 10.05) 1.80 (1.09, 2.99) <0.0001

ICU

CCU 1062 (0.13) 211 (0.20) 851 (0.12) <0.0001

CSRU 1286 (0.16) 245 (0.23) 1041 (0.15) <0.0001

MICU 2986 (0.38) 360 (0.34) 2626 (0.38) 0.0576

SICU 1459 (0.18) 156 (0.15) 1303 (0.19) 0.0042

TSICU 1164 (0.15) 81 (0.08) 1083 (0.16) <0.0001

ethnicity

Asian 195 (0.02) 21 (0.02) 174 (0.03) 0.3098

Black 619 (0.08) 82 (0.08) 537 (0.08) 0.9921

Hispanic 301 (0.04) 31 (0.03) 270 (0.04) 0.1330

White 5757 (0.72) 743 (0.71) 5014 (0.73) 0.4632

insurance

Government 267 (0.03) 8 (0.01) 259 (0.04) <0.0001

Medicaid 779 (0.10) 79 (0.08) 700 (0.10) 0.0109

Medicare 3800 (0.48) 709 (0.67) 3091 (0.45) <0.0001

Private 2982 (0.37) 253 (0.24) 2729 (0.40) <0.0001

Self Pay 129 (0.02) 4 (0.00) 125 (0.02) 0.0007

Table E.9: AKI Stage 2 demographics of validation set patients by condition positive or

negative. *Age above 89 is obfuscated by MIMIC for privacy protection, making distributions

and P-value calculations invalid. P-values for distributions of continuous variables calculated

by Kruskal-Wallis test. P-values for patient counts calculated by Pearson’s chi-squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 7957 820 6448 456 233

Age, median 62 71 60 72 69 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 0.4306

Weight, median (Q1,Q3) 77.90 (65.00, 91.00) 81.50 (68.00, 96.38) 77.00 (65.00, 90.00) 79.00 (67.90, 90.00) 80.00 (66.70, 97.00) 0.0017

BMI, median (Q1,Q3) 27.99 (24.46, 32.08) 29.14 (25.21, 34.74) 27.78 (24.38, 31.80) 27.92 (23.93, 31.18) 28.48 (24.53, 33.26) 0.0096

Male 4398 (0.55) 490 (0.60) 3506 (0.54) 290 (0.64) 112 (0.48) 0.0080

In-Hospital Mortality 1053 (0.13) 362 (0.44) 542 (0.08) 95 (0.21) 54 (0.23) <0.0001

30 Day Mortality 1263 (0.16) 387 (0.47) 694 (0.11) 119 (0.26) 63 (0.27) <0.0001

ICU LOS, median(Q1,Q3) 1.93 (1.13, 3.40) 4.85 (2.18, 11.15) 1.78 (1.09, 2.95) 2.13 (1.19, 4.23) 3.67 (1.97, 6.98) <0.0001

ICU

CCU 1062 (0.13) 175 (0.21) 793 (0.12) 58 (0.13) 36 (0.15) <0.0001

CSRU 1286 (0.16) 176 (0.21) 994 (0.15) 47 (0.10) 69 (0.30) <0.0001

MICU 2986 (0.38) 289 (0.35) 2376 (0.37) 250 (0.55) 71 (0.30) <0.0001

SICU 1459 (0.18) 119 (0.15) 1231 (0.19) 72 (0.16) 37 (0.16) 0.0121

TSICU 1164 (0.15) 61 (0.07) 1054 (0.16) 29 (0.06) 20 (0.09) <0.0001

ethnicity

Asian 195 (0.02) 18 (0.02) 161 (0.02) 13 (0.03) 3 (0.01) 0.6022

Black 619 (0.08) 68 (0.08) 483 (0.07) 54 (0.12) 14 (0.06) 0.0090

Hispanic 301 (0.04) 26 (0.03) 261 (0.04) 9 (0.02) 5 (0.02) 0.0549

White 5757 (0.72) 581 (0.71) 4676 (0.73) 338 (0.74) 162 (0.70) 0.8653

insurance

Government 267 (0.03) 4 (0.00) 247 (0.04) 12 (0.03) 4 (0.02) <0.0001

Medicaid 779 (0.10) 60 (0.07) 659 (0.10) 41 (0.09) 19 (0.08) 0.0636

Medicare 3800 (0.48) 561 (0.68) 2790 (0.43) 301 (0.66) 148 (0.64) <0.0001

Private 2982 (0.37) 192 (0.23) 2632 (0.41) 97 (0.21) 61 (0.26) <0.0001

Self Pay 129 (0.02) 3 (0.00) 120 (0.02) 5 (0.01) 1 (0.00) 0.0045

Table E.10: AKI Stage 2 demographics of validation set patients in context of model perfor-

mance. *Age above 89 is obfuscated by MIMIC for privacy protection, making distributions

and P-value calculations invalid. P-values for distributions of continuous variables calculated

by Kruskal-Wallis test. P-values for patient counts calculated by Pearson’s chi-squared test.
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Variable Total Condition Positive condition Negative P-value

N 7957 1053 6904

Comorbidity

Congestive heart failure 1570 (0.20) 470 (0.45) 1100 (0.16) <0.0001

Cardiac arrhythmias 2432 (0.31) 517 (0.49) 1915 (0.28) <0.0001

Valvular disease 1013 (0.13) 207 (0.20) 806 (0.12) <0.0001

Pulmonary circulation disorders 329 (0.04) 96 (0.09) 233 (0.03) <0.0001

Peripheral vascular disorders 772 (0.10) 182 (0.17) 590 (0.09) <0.0001

Hypertension, uncomplicated 3532 (0.44) 431 (0.41) 3101 (0.45) 0.0705

Hypertension, complicated 331 (0.04) 176 (0.17) 155 (0.02) <0.0001

Paralysis 254 (0.03) 22 (0.02) 232 (0.03) 0.0315

Other neurological disorders 600 (0.08) 59 (0.06) 541 (0.08) 0.0140

Chronic pulmonary disease 1769 (0.22) 285 (0.27) 1484 (0.21) 0.0004

Diabetes, uncomplicated 1446 (0.18) 260 (0.25) 1186 (0.17) <0.0001

Diabetes, complicated 311 (0.04) 91 (0.09) 220 (0.03) <0.0001

Hypothyroidism 800 (0.10) 124 (0.12) 676 (0.10) 0.0585

Renal failure 417 (0.05) 224 (0.21) 193 (0.03) <0.0001

Liver disease 733 (0.09) 210 (0.20) 523 (0.08) <0.0001

Peptic ulcer disease excluding bleeding 54 (0.01) 7 (0.01) 47 (0.01) 0.9532

AIDS/HIV 62 (0.01) 9 (0.01) 53 (0.01) 0.7657

Lymphoma 111 (0.01) 19 (0.02) 92 (0.01) 0.2273

Metastatic cancer 102 (0.01) 9 (0.01) 93 (0.01) 0.1887

Solid tumor without metastasis 690 (0.09) 106 (0.10) 584 (0.08) 0.0989

Rheumatoid arthritis/collagen vascular diseases 252 (0.03) 41 (0.04) 211 (0.03) 0.1549

Coagulopathy 640 (0.08) 226 (0.21) 414 (0.06) <0.0001

Weight loss 282 (0.04) 68 (0.06) 214 (0.03) <0.0001

Fluid and electrolyte disorders 1853 (0.23) 418 (0.40) 1435 (0.21) <0.0001

Blood loss anemia 158 (0.02) 31 (0.03) 127 (0.02) 0.0178

Deficiency anemia 249 (0.03) 36 (0.03) 213 (0.03) 0.5686

Alcohol abuse 377 (0.05) 64 (0.06) 313 (0.05) 0.0320

Drug abuse 363 (0.05) 29 (0.03) 334 (0.05) 0.0032

Psychoses 142 (0.02) 15 (0.01) 127 (0.02) 0.3477

Depression 806 (0.10) 83 (0.08) 723 (0.10) 0.0139

Trauma 1223 (0.15) 113 (0.11) 1110 (0.16) <0.0001

Table E.11: AKI Stage 2 comorbidities of validation set patients by condition positive or

negative. P-values for patient counts calculated by chi-squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 7957 820 6448 456 233

Comorbidity

Congestive heart failure 1570 (0.20) 408 (0.50) 897 (0.14) 203 (0.45) 62 (0.27) <0.0001

Cardiac arrhythmias 2432 (0.31) 420 (0.51) 1710 (0.27) 205 (0.45) 97 (0.42) <0.0001

Valvular disease 1013 (0.13) 175 (0.21) 711 (0.11) 95 (0.21) 32 (0.14) <0.0001

Pulmonary circulation disorders 329 (0.04) 85 (0.10) 194 (0.03) 39 (0.09) 11 (0.05) <0.0001

Peripheral vascular disorders 772 (0.10) 148 (0.18) 523 (0.08) 67 (0.15) 34 (0.15) <0.0001

Hypertension, uncomplicated 3532 (0.44) 298 (0.36) 2912 (0.45) 189 (0.41) 133 (0.57) <0.0001

Hypertension, complicated 331 (0.04) 172 (0.21) 51 (0.01) 104 (0.23) 4 (0.02) <0.0001

Paralysis 254 (0.03) 18 (0.02) 217 (0.03) 15 (0.03) 4 (0.02) 0.1901

Other neurological disorders 600 (0.08) 48 (0.06) 512 (0.08) 29 (0.06) 11 (0.05) 0.0512

Chronic pulmonary disease 1769 (0.22) 225 (0.27) 1343 (0.21) 141 (0.31) 60 (0.26) <0.0001

Diabetes, uncomplicated 1446 (0.18) 213 (0.26) 1075 (0.17) 111 (0.24) 47 (0.20) <0.0001

Diabetes, complicated 311 (0.04) 83 (0.10) 181 (0.03) 39 (0.09) 8 (0.03) <0.0001

Hypothyroidism 800 (0.10) 98 (0.12) 610 (0.09) 66 (0.14) 26 (0.11) 0.0025

Renal failure 417 (0.05) 219 (0.27) 71 (0.01) 122 (0.27) 5 (0.02) <0.0001

Liver disease 733 (0.09) 184 (0.22) 461 (0.07) 62 (0.14) 26 (0.11) <0.0001

Peptic ulcer disease excluding bleeding 54 (0.01) 4 (0.00) 42 (0.01) 5 (0.01) 3 (0.01) 0.3983

AIDS/HIV 62 (0.01) 8 (0.01) 50 (0.01) 3 (0.01) 1 (0.00) 0.8352

Lymphoma 111 (0.01) 18 (0.02) 87 (0.01) 5 (0.01) 1 (0.00) 0.1266

Metastatic cancer 102 (0.01) 8 (0.01) 84 (0.01) 9 (0.02) 1 (0.00) 0.3023

Solid tumor without metastasis 690 (0.09) 80 (0.10) 538 (0.08) 46 (0.10) 26 (0.11) 0.2011

Rheumatoid arthritis/collagen vascular diseases 252 (0.03) 37 (0.05) 194 (0.03) 17 (0.04) 4 (0.02) 0.0659

Coagulopathy 640 (0.08) 207 (0.25) 343 (0.05) 71 (0.16) 19 (0.08) <0.0001

Weight loss 282 (0.04) 54 (0.07) 185 (0.03) 29 (0.06) 14 (0.06) <0.0001

Fluid and electrolyte disorders 1853 (0.23) 355 (0.43) 1254 (0.19) 181 (0.40) 63 (0.27) <0.0001

Blood loss anemia 158 (0.02) 28 (0.03) 117 (0.02) 10 (0.02) 3 (0.01) 0.0181

Deficiency anemia 249 (0.03) 31 (0.04) 192 (0.03) 21 (0.05) 5 (0.02) 0.1399

Alcohol abuse 377 (0.05) 52 (0.06) 291 (0.05) 22 (0.05) 12 (0.05) 0.1558

Drug abuse 363 (0.05) 24 (0.03) 321 (0.05) 13 (0.03) 5 (0.02) 0.0043

Psychoses 142 (0.02) 12 (0.01) 121 (0.02) 6 (0.01) 3 (0.01) 0.6450

Depression 806 (0.10) 60 (0.07) 667 (0.10) 56 (0.12) 23 (0.10) 0.0321

Trauma 1223 (0.15) 88 (0.11) 1063 (0.16) 47 (0.10) 25 (0.11) <0.0001

Table E.12: AKI Stage 2 comorbidities of validation set patients in context of model perfor-

mance. P-values for patient counts calculated by chi-squared test.
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E.3 AKI Stage 3

E.3.1 Training and Testing

Figure E.27: AKI Stage 3 training/testing true positive and false positive rates.



352

Figure E.28: AKI Stage 3 training/testing sensitivity and specificity.

Figure E.29: AKI Stage 3 training/testing positive and negative predictive value.
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Figure E.30: AKI Stage 3 training/testing accuracy.

Figure E.31: AKI Stage 3 training/testing kappa.
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Figure E.32: AKI Stage 3 training/testing F-measures.
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E.3.2 Validation

Figure E.33: AKI Stage 3 validation true and false positive rates.
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Figure E.34: AKI Stage 3 validation sensitivity and specificity.

Figure E.35: AKI Stage 3 validation positive and negative predictive values.
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Figure E.36: AKI Stage 3 validation accuracy.

Figure E.37: AKI Stage 3 validation kappa.
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Figure E.38: AKI Stage 3 validation F-measures.
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E.3.3 Machine Learning Algorithms over time

(a) Decision Stump (b) Decision Table

(c) J48 (d) JRip

(e) KStar (f) LMT
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(g) Logistic Regression (h) Multilayer Perceptron

(i) Naive Bayes (j) One R

(k) PART (l) Random Forest
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(m) Random Tree

(n) Simple Logistic Regression (o) SMO

(p) Voted Perceptron

Figure E.39: Algorithm’s performance over time on the AKI Stage 3 selection criteria.
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E.3.4 Comparative Demographics, Variables, and Comorbidities

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

Temperature 36.4 36.9 37.6 36.4 36.9 37.2 <0.0001

PO Intake 50 60 120 30 50 100 <0.0001

Hyaline Casts 1 1 2 1 1 1 <0.0001

Sodium, Urine 12 18 37 12 12 17 <0.0001

Creatinine 2.2 2.5 2.9 0.6 0.7 0.9 <0.0001

GT Flush 20 20 30 20 20 30 0.1998

Oxygen, blood gas 40 45 60 2 20 40 <0.0001

Urea Nitrogen 32.5 47 66 10 14 19 <0.0001

Albumin 2.3 2.7 3.3 2.6 3.2 3.7 <0.0001

NTproBNP 130 306 1005 51 140 295 <0.0001

Gastric Meds 30 30 60 10 30 60 <0.0001

Urea Nitrogen, Urine 85 148 343 60 85 148 <0.0001

Table E.13: AKI Stage 3 model variable composition of the validation data set. P-values

calculated by Kruskal-Wallis test.
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Label True Positive True Negative False Positive False Negative P-value

Q1 median Q3 Q1 median Q3 Q1 median Q3 Q1 median Q3

Temperature 36.4 37 37.6 36.4 36.9 37.2 36.4 36.9 37.3 36.375 36.8 37.225 <0.0001

PO Intake 50 60 120 30 50 100 30 50 100 30 40 60 <0.0001

Hyaline Casts 1 1 2 1 1 1 1 1 1 1 1 1 <0.0001

Sodium, Urine 12 21 40 12 12 17 12 13 20 11 13 17 <0.0001

Creatinine 2.2 2.6 3 0.6 0.7 0.9 0.7 0.9 1.2 0.6 0.9 1 <0.0001

GT Flush 20 20 30 20 20 30 20 20 30 20 20 30 0.0780

Oxygen, blood gas 40 45 60 2 20 40 2 40 50 6.75 45 52.75 <0.0001

Urea Nitrogen 36 50 68 10 14 19 13.75 21 31.25 13 18 26 <0.0001

Albumin 2.2 2.7 3.3 2.6 3.2 3.7 2.2 2.85 3.6 2.6 2.8 3.4 <0.0001

NTproBNP 136 357 1183.5 51 140 295 65 220.5 387 59 223 306 <0.0001

Gastric Meds 30 30 60 10 30 60 10 30 32.5 10 30 30 <0.0001

Urea Nitrogen, Urine 85 166 344 60 85 146 42 134 242.5 60 135 160.5 <0.0001

Table E.14: AKI Stage 3 model variable performance of the validation data set. P-values

calculated by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 7531 683 6848

Age, median 61 70 60 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 0.7389

Weight, median (Q1,Q3) 77.00 (65.00, 90.40) 78.00 (65.00, 94.80) 77.00 (65.00, 90.00) 0.1212

BMI, median (Q1,Q3) 27.78 (24.22, 31.85) 27.78 (24.24, 33.56) 27.78 (24.22, 31.61) 0.2078

Male 4154 (0.55) 394 (0.58) 3760 (0.55) 0.3509

In-Hospital Mortality 958 (0.13) 324 (0.47) 634 (0.09) <0.0001

30 Day Mortality 1156 (0.15) 347 (0.51) 809 (0.12) <0.0001

ICU LOS, median(Q1,Q3) 1.90 (1.13, 3.27) 5.82 (2.42, 12.41) 1.81 (1.09, 2.99) <0.0001

ICU

CCU 987 (0.13) 143 (0.21) 844 (0.12) <0.0001

CSRU 1126 (0.15) 100 (0.15) 1026 (0.15) 0.8260

MICU 2898 (0.38) 290 (0.42) 2608 (0.38) 0.0788

SICU 1400 (0.19) 111 (0.16) 1289 (0.19) 0.1372

TSICU 1120 (0.15) 39 (0.06) 1081 (0.16) <0.0001

ethnicity

Asian 188 (0.02) 14 (0.02) 174 (0.03) 0.4386

Black 611 (0.08) 82 (0.12) 529 (0.08) 0.0002

Hispanic 293 (0.04) 23 (0.03) 270 (0.04) 0.4673

White 5426 (0.72) 452 (0.66) 4974 (0.73) 0.0580

insurance

Government 266 (0.04) 7 (0.01) 259 (0.04) 0.0003

Medicaid 746 (0.10) 51 (0.07) 695 (0.10) 0.0337

Medicare 3531 (0.47) 457 (0.67) 3074 (0.45) <0.0001

Private 2862 (0.38) 166 (0.24) 2696 (0.39) <0.0001

Self Pay 126 (0.02) 2 (0.00) 124 (0.02) 0.0034

Table E.15: AKI Stage 3 demographics of validation set patients by condition positive or

negative. *Age above 89 is obfuscated by MIMIC for privacy protection, making distributions

and P-value calculations invalid. P-values for distributions of continuous variables calculated

by Kruskal-Wallis test. P-values for patient counts calculated by Pearson’s chi-squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 7531 79 9 6839 604

Age, median 61 66 73 60 70 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 69.00) 0.00 (0.00, 0.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 0.1483

Weight, median (Q1,Q3) 77.00 (65.00, 90.40) 72.05 (63.00, 88.25) 73.20 (73.20, 73.20) 77.00 (65.00, 90.00) 80.00 (65.50, 95.00) 0.0874

BMI, median (Q1,Q3) 27.78 (24.22, 31.85) 27.64 (24.64, 31.55) 0.00 (0.00, 0.00) 27.78 (24.22, 31.61) 27.78 (24.24, 34.34) 0.1665

Male 4154 (0.55) 36 (0.46) 7 (0.78) 3753 (0.55) 358 (0.59) 0.2506

In-Hospital Mortality 958 (0.13) 30 (0.38) 2 (0.22) 632 (0.09) 294 (0.49) <0.0001

30 Day Mortality 1156 (0.15) 32 (0.41) 2 (0.22) 807 (0.12) 315 (0.52) <0.0001

ICU LOS, median(Q1,Q3) 1.90 (1.13, 3.27) 4.08 (2.04, 8.15) 1.79 (1.20, 2.09) 1.81 (1.09, 3.00) 6.20 (2.52, 12.91) <0.0001

ICU

CCU 987 (0.13) 16 (0.20) 1 (0.11) 843 (0.12) 127 (0.21) <0.0001

CSRU 1126 (0.15) 14 (0.18) 1 (0.11) 1025 (0.15) 86 (0.14) 0.8719

MICU 2898 (0.38) 33 (0.42) 5 (0.56) 2603 (0.38) 257 (0.43) 0.2820

SICU 1400 (0.19) 13 (0.16) 1 (0.11) 1288 (0.19) 98 (0.16) 0.4755

TSICU 1120 (0.15) 3 (0.04) 1 (0.11) 1080 (0.16) 36 (0.06) <0.0001

ethnicity

Asian 188 (0.02) 1 (0.01) 0 (0.00) 174 (0.03) 13 (0.02) 0.7884

Black 611 (0.08) 9 (0.11) 4 (0.44) 525 (0.08) 73 (0.12) <0.0001

Hispanic 293 (0.04) 2 (0.03) 0 (0.00) 270 (0.04) 21 (0.03) 0.7895

White 5426 (0.72) 47 (0.59) 5 (0.56) 4969 (0.73) 405 (0.67) 0.2113

insurance

Government 266 (0.04) 1 (0.01) 0 (0.00) 259 (0.04) 6 (0.01) 0.0033

Medicaid 746 (0.10) 8 (0.10) 0 (0.00) 695 (0.10) 43 (0.07) 0.1076

Medicare 3531 (0.47) 51 (0.65) 6 (0.67) 3068 (0.45) 406 (0.67) <0.0001

Private 2862 (0.38) 19 (0.24) 2 (0.22) 2694 (0.39) 147 (0.24) <0.0001

Self Pay 126 (0.02) 0 (0.00) 1 (0.11) 123 (0.02) 2 (0.00) 0.0041

Table E.16: AKI Stage 3 demographics of validation set patients in context of model perfor-

mance. *Age above 89 is obfuscated by MIMIC for privacy protection, making distributions

and P-value calculations invalid. P-values for distributions of continuous variables calculated

by Kruskal-Wallis test. P-values for patient counts calculated by Pearson’s chi-squared test.
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Variable Total Condition Positive Condition Negative P-value

N 7531 683 6848

Comorbidity

Congestive heart failure 1437 (0.19) 342 (0.50) 1095 (0.16) <0.0001

Cardiac arrhythmias 2219 (0.29) 314 (0.46) 1905 (0.28) <0.0001

Valvular disease 915 (0.12) 124 (0.18) 791 (0.12) <0.0001

Pulmonary circulation disorders 282 (0.04) 53 (0.08) 229 (0.03) <0.0001

Peripheral vascular disorders 706 (0.09) 121 (0.18) 585 (0.09) <0.0001

Hypertension, uncomplicated 3258 (0.43) 188 (0.28) 3070 (0.45) <0.0001

Hypertension, complicated 351 (0.05) 195 (0.29) 156 (0.02) <0.0001

Paralysis 246 (0.03) 15 (0.02) 231 (0.03) 0.1046

Other neurological disorders 577 (0.08) 38 (0.06) 539 (0.08) 0.0378

Chronic pulmonary disease 1642 (0.22) 169 (0.25) 1473 (0.22) 0.0844

Diabetes, uncomplicated 1352 (0.18) 169 (0.25) 1183 (0.17) <0.0001

Diabetes, complicated 304 (0.04) 84 (0.12) 220 (0.03) <0.0001

Hypothyroidism 752 (0.10) 80 (0.12) 672 (0.10) 0.1340

Renal failure 417 (0.06) 223 (0.33) 194 (0.03) <0.0001

Liver disease 687 (0.09) 168 (0.25) 519 (0.08) <0.0001

Peptic ulcer disease excluding bleeding 50 (0.01) 3 (0.00) 47 (0.01) 0.4498

AIDS/HIV 63 (0.01) 10 (0.01) 53 (0.01) 0.0600

Lymphoma 102 (0.01) 11 (0.02) 91 (0.01) 0.5464

Metastatic cancer 91 (0.01) 1 (0.00) 90 (0.01) 0.0081

Solid tumor without metastasis 636 (0.08) 56 (0.08) 580 (0.08) 0.8166

Rheumatoid arthritis/collagen vascular diseases 246 (0.03) 35 (0.05) 211 (0.03) 0.0048

Coagulopathy 561 (0.07) 150 (0.22) 411 (0.06) <0.0001

Weight loss 280 (0.04) 67 (0.10) 213 (0.03) <0.0001

Fluid and electrolyte disorders 1765 (0.23) 337 (0.49) 1428 (0.21) <0.0001

Blood loss anemia 152 (0.02) 26 (0.04) 126 (0.02) 0.0006

Deficiency anemia 233 (0.03) 21 (0.03) 212 (0.03) 0.9761

Alcohol abuse 353 (0.05) 42 (0.06) 311 (0.05) 0.0642

Drug abuse 354 (0.05) 21 (0.03) 333 (0.05) 0.0399

Psychoses 136 (0.02) 10 (0.01) 126 (0.02) 0.4858

Depression 769 (0.10) 51 (0.07) 718 (0.10) 0.0186

Trauma 1176 (0.16) 72 (0.11) 1104 (0.16) 0.0004

Table E.17: AKI Stage 3 comorbidities of validation set patients by condition positive or

negative. P-values for patient counts calculated by chi-squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 7531 79 9 6839 604

Comorbidity

Congestive heart failure 1437 (0.19) 26 (0.33) 2 (0.22) 1093 (0.16) 316 (0.52) <0.0001

Cardiac arrhythmias 2219 (0.29) 34 (0.43) 1 (0.11) 1904 (0.28) 280 (0.46) <0.0001

Valvular disease 915 (0.12) 13 (0.16) 2 (0.22) 789 (0.12) 111 (0.18) <0.0001

Pulmonary circulation disorders 282 (0.04) 4 (0.05) 0 (0.00) 229 (0.03) 49 (0.08) <0.0001

Peripheral vascular disorders 706 (0.09) 11 (0.14) 1 (0.11) 584 (0.09) 110 (0.18) <0.0001

Hypertension, uncomplicated 3258 (0.43) 34 (0.43) 5 (0.56) 3065 (0.45) 154 (0.25) <0.0001

Hypertension, complicated 351 (0.05) 8 (0.10) 1 (0.11) 155 (0.02) 187 (0.31) <0.0001

Paralysis 246 (0.03) 1 (0.01) 1 (0.11) 230 (0.03) 14 (0.02) 0.2103

Other neurological disorders 577 (0.08) 5 (0.06) 0 (0.00) 539 (0.08) 33 (0.05) 0.1638

Chronic pulmonary disease 1642 (0.22) 17 (0.22) 2 (0.22) 1471 (0.22) 152 (0.25) 0.3330

Diabetes, uncomplicated 1352 (0.18) 15 (0.19) 2 (0.22) 1181 (0.17) 154 (0.25) 0.0001

Diabetes, complicated 304 (0.04) 4 (0.05) 2 (0.22) 218 (0.03) 80 (0.13) <0.0001

Hypothyroidism 752 (0.10) 6 (0.08) 1 (0.11) 671 (0.10) 74 (0.12) 0.2865

Renal failure 417 (0.06) 9 (0.11) 1 (0.11) 193 (0.03) 214 (0.35) <0.0001

Liver disease 687 (0.09) 11 (0.14) 0 (0.00) 519 (0.08) 157 (0.26) <0.0001

Peptic ulcer disease excluding bleeding 50 (0.01) 0 (0.00) 0 (0.00) 47 (0.01) 3 (0.00) 0.8267

AIDS/HIV 63 (0.01) 2 (0.03) 0 (0.00) 53 (0.01) 8 (0.01) 0.1856

Lymphoma 102 (0.01) 0 (0.00) 0 (0.00) 91 (0.01) 11 (0.02) 0.5335

Metastatic cancer 91 (0.01) 0 (0.00) 0 (0.00) 90 (0.01) 1 (0.00) 0.0671

Solid tumor without metastasis 636 (0.08) 10 (0.13) 0 (0.00) 580 (0.08) 46 (0.08) 0.4037

Rheumatoid arthritis/collagen vascular diseases 246 (0.03) 4 (0.05) 0 (0.00) 211 (0.03) 31 (0.05) 0.0420

Coagulopathy 561 (0.07) 13 (0.16) 0 (0.00) 411 (0.06) 137 (0.23) <0.0001

Weight loss 280 (0.04) 5 (0.06) 0 (0.00) 213 (0.03) 62 (0.10) <0.0001

Fluid and electrolyte disorders 1765 (0.23) 32 (0.41) 1 (0.11) 1427 (0.21) 305 (0.50) <0.0001

Blood loss anemia 152 (0.02) 1 (0.01) 0 (0.00) 126 (0.02) 25 (0.04) 0.0019

Deficiency anemia 233 (0.03) 4 (0.05) 0 (0.00) 212 (0.03) 17 (0.03) 0.7004

Alcohol abuse 353 (0.05) 4 (0.05) 0 (0.00) 311 (0.05) 38 (0.06) 0.2565

Drug abuse 354 (0.05) 4 (0.05) 0 (0.00) 333 (0.05) 17 (0.03) 0.1429

Psychoses 136 (0.02) 5 (0.06) 0 (0.00) 126 (0.02) 5 (0.01) 0.0062

Depression 769 (0.10) 6 (0.08) 1 (0.11) 717 (0.10) 45 (0.07) 0.1360

Trauma 1176 (0.16) 6 (0.08) 1 (0.11) 1103 (0.16) 66 (0.11) 0.0046

Table E.18: AKI Stage 3 comorbidities of validation set patients in context of model perfor-

mance. P-values for patient counts calculated by chi-squared test.
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E.4 AKI progression from Stage 1 to Stage 2

E.4.1 Training and Testing

Figure E.40: AKI progression from Stage 1 to Stage 2 training/testing true positive and false

positive rates.
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Figure E.41: AKI progression from Stage 1 to Stage 2 training/testing sensitivity and speci-

ficity.
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Figure E.42: AKI progression from Stage 1 to Stage 2 training/testing positive and negative

predictive value.
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Figure E.43: AKI progression from Stage 1 to Stage 2 training/testing accuracy.

Figure E.44: AKI progression from Stage 1 to Stage 2 training/testing kappa.
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Figure E.45: AKI progression from Stage 1 to Stage 2 training/testing F-measures.
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E.4.2 Validation

Figure E.46: AKI progression from Stage 1 to Stage 2 validation true and false positive rates.
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Figure E.47: AKI progression from Stage 1 to Stage 2 validation sensitivity and specificity.
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Figure E.48: AKI progression from Stage 1 to Stage 2 validation positive and negative

predictive values.
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Figure E.49: AKI progression from Stage 1 to Stage 2 validation accuracy.

Figure E.50: AKI progression from Stage 1 to Stage 2 validation kappa.
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Figure E.51: AKI progression from Stage 1 to Stage 2 validation F-measures.



378

E.4.3 Machine Learning Algorithms over time

(a) Decision Stump (b) Decision Table

(c) J48 (d) JRip

(e) KStar (f) LMT



379

(g) Logistic Regression (h) Multilayer Perceptron

(i) Naive Bayes (j) One R

(k) PART (l) Random Forest
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(m) Random Tree (n) REP Tree

(o) Simple Logistic Regression (p) SMO

(q) Voted Perceptron

Figure E.52: Algorithm’s performance over time on the AKI progression from Stage 1 to

Stage 2 selection criteria.



381

E.4.4 Comparative Demographics, Variables, and Comorbidities

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

Fentanyl 0.098 0.256 0.750 0.04 0.167 0.918 <0.0001

Oxygen, blood gas 4 40 54 3 21 50 <0.0001

Alanine Aminotransferase (ALT) 12 22 46 10 17 31 <0.0001

Cholesterol, HDL 4 8 9 4 8 8 0.6124

Urea Nitrogen 23 32 45 12 17 22 <0.0001

Gastric Meds 4 10 20 0 10 20 <0.0001

Phosphate, blood chemistry 3 3.7 4.6 2.4 3.2 3.9 <0.0001

Table E.19: AKI progression from Stage 1 to Stage 2 model variable composition of the

validation data set. P-values calculated by Kruskal-Wallis test.

Label True Positive True Negative False Positive False Negative P-value

Q1 median Q3 Q1 median Q3 Q1 median Q3 Q1 median Q3

Fentanyl 0.100 0.292 0.663 0.040 0.167 0.918 0.050 0.225 0.893 0.098 0.256 0.756 <0.0001

Oxygen, blood gas 4 40 60 3 21 50 4 31 50 4 40 50 <0.0001

Alanine Aminotransferase (ALT) 10 17 39.5 10 17 31 10 15 30 12 22 47 <0.0001

Cholesterol, HDL 4 8 8 4 8 8 4 8 8 4 8 9 0.6479

Urea Nitrogen 21 28 42 12 17 22 13 17 22 23 33 45 <0.0001

Gastric Meds 4 10 20 0 10 20 0 10 20 4 10 20 <0.0001

Phosphate, blood chemistry 2.8 3.3 4.3 2.4 3.2 3.875 2.4 3.1 3.9 3 3.7 4.7 <0.0001

Table E.20: AKI progression from Stage 1 to Stage 2 model variable performance of the

validation data set. P-values calculated by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 3924 340 3584

Age, median 67 68 67 *

Height, median (Q1,Q3) 68.00 (64.00, 70.00) 67.00 (64.00, 70.00) 68.00 (64.00, 70.00) 0.6832

Weight, median (Q1,Q3) 81.00 (68.10, 95.00) 81.60 (67.30, 95.40) 81.00 (68.30, 95.00) 0.8234

BMI, median (Q1,Q3) 28.63 (25.00, 33.07) 28.57 (24.49, 34.82) 28.64 (25.04, 33.01) 0.7523

Male 2462 (0.63) 201 (0.59) 2261 (0.63) 0.3773

In-Hospital Mortality 814 (0.21) 63 (0.19) 751 (0.21) 0.3481

30 Day Mortality 899 (0.23) 68 (0.20) 831 (0.23) 0.2407

ICU LOS, median(Q1,Q3) 3.13 (1.71, 6.97) 3.30 (1.79, 7.79) 3.11 (1.70, 6.92) 0.3340

ICU

CCU 600 (0.15) 41 (0.12) 559 (0.16) 0.1108

CSRU 1135 (0.29) 108 (0.32) 1027 (0.29) 0.3083

MICU 1204 (0.31) 104 (0.31) 1100 (0.31) 0.9737

SICU 569 (0.15) 44 (0.13) 525 (0.15) 0.4295

TSICU 416 (0.11) 43 (0.13) 373 (0.10) 0.2254

ethnicity

Asian 88 (0.02) 11 (0.03) 77 (0.02) 0.2009

Black 277 (0.07) 31 (0.09) 246 (0.07) 0.1350

Hispanic 116 (0.03) 10 (0.03) 106 (0.03) 0.9866

White 2810 (0.72) 242 (0.71) 2568 (0.72) 0.9212

insurance

Government 68 (0.02) 8 (0.02) 60 (0.02) 0.3635

Medicaid 321 (0.08) 27 (0.08) 294 (0.08) 0.8718

Medicare 2285 (0.58) 197 (0.58) 2088 (0.58) 0.9415

Private 1215 (0.31) 104 (0.31) 1111 (0.31) 0.8965

Self Pay 35 (0.01) 4 (0.01) 31 (0.01) 0.5611

Table E.21: AKI progression from Stage 1 to Stage 2 demographics of validation set patients

by condition positive or negative. *Age above 89 is obfuscated by MIMIC for privacy pro-

tection, making distributions and P-value calculations invalid. P-values for distributions of

continuous variables calculated by Kruskal-Wallis test. P-values for patient counts calculated

by Pearson’s chi-squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 3924 79 166 3418 261

Age, median 67 68 68 67 68 *

Height, median (Q1,Q3) 68.00 (64.00, 70.00) 68.00 (65.75, 70.00) 66.00 (63.88, 70.00) 68.00 (64.00, 70.00) 67.00 (64.00, 70.00) 0.4069

Weight, median (Q1,Q3) 81.00 (68.10, 95.00) 80.00 (67.30, 91.25) 80.00 (63.18, 98.00) 81.00 (68.70, 95.00) 83.10 (67.33, 99.95) 0.9017

BMI, median (Q1,Q3) 28.63 (25.00, 33.07) 26.77 (24.25, 33.84) 28.06 (24.54, 33.32) 28.69 (25.13, 32.99) 30.10 (24.86, 36.29) 0.5632

Male 2462 (0.63) 54 (0.68) 102 (0.61) 2159 (0.63) 147 (0.56) 0.5215

In-Hospital Mortality 814 (0.21) 11 (0.14) 33 (0.20) 718 (0.21) 52 (0.20) 0.5663

30 Day Mortality 899 (0.23) 11 (0.14) 38 (0.23) 793 (0.23) 57 (0.22) 0.3853

ICU LOS, median(Q1,Q3) 3.13 (1.71, 6.97) 3.32 (1.34, 8.01) 3.14 (1.77, 7.29) 3.11 (1.69, 6.90) 3.29 (1.90, 7.69) 0.6657

ICU

CCU 600 (0.15) 11 (0.14) 22 (0.13) 537 (0.16) 30 (0.11) 0.3337

CSRU 1135 (0.29) 37 (0.47) 37 (0.22) 990 (0.29) 71 (0.27) 0.0091

MICU 1204 (0.31) 15 (0.19) 66 (0.40) 1034 (0.30) 89 (0.34) 0.0270

SICU 569 (0.15) 8 (0.10) 20 (0.12) 505 (0.15) 36 (0.14) 0.5728

TSICU 416 (0.11) 8 (0.10) 21 (0.13) 352 (0.10) 35 (0.13) 0.4054

ethnicity

Asian 88 (0.02) 4 (0.05) 3 (0.02) 74 (0.02) 7 (0.03) 0.3533

Black 277 (0.07) 7 (0.09) 9 (0.05) 237 (0.07) 24 (0.09) 0.4306

Hispanic 116 (0.03) 2 (0.03) 3 (0.02) 103 (0.03) 8 (0.03) 0.8404

White 2810 (0.72) 57 (0.72) 124 (0.75) 2444 (0.72) 185 (0.71) 0.9693

insurance

Government 68 (0.02) 4 (0.05) 0 (0.00) 60 (0.02) 4 (0.02) 0.0459

Medicaid 321 (0.08) 6 (0.08) 13 (0.08) 281 (0.08) 21 (0.08) 0.9951

Medicare 2285 (0.58) 43 (0.54) 103 (0.62) 1985 (0.58) 154 (0.59) 0.8843

Private 1215 (0.31) 26 (0.33) 48 (0.29) 1063 (0.31) 78 (0.30) 0.9318

Self Pay 35 (0.01) 0 (0.00) 2 (0.01) 29 (0.01) 4 (0.02) 0.5398

Table E.22: AKI progression from Stage 1 to Stage 2 demographics of validation set patients

in context of model performance. *Age above 89 is obfuscated by MIMIC for privacy pro-

tection, making distributions and P-value calculations invalid. P-values for distributions of

continuous variables calculated by Kruskal-Wallis test. P-values for patient counts calculated

by Pearson’s chi-squared test.
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Variable Total Condition Positive Condition Negative P-value

N 3924 340 3584

Comorbidity

Congestive heart failure 1347 (0.34) 120 (0.35) 1227 (0.34) 0.7502

Cardiac arrhythmias 1709 (0.44) 166 (0.49) 1543 (0.43) 0.1233

Valvular disease 823 (0.21) 88 (0.26) 735 (0.21) 0.0386

Pulmonary circulation disorders 267 (0.07) 16 (0.05) 251 (0.07) 0.1206

Peripheral vascular disorders 555 (0.14) 46 (0.14) 509 (0.14) 0.7526

Hypertension, uncomplicated 1927 (0.49) 184 (0.54) 1743 (0.49) 0.1678

Hypertension, complicated 280 (0.07) 21 (0.06) 259 (0.07) 0.4885

Paralysis 105 (0.03) 12 (0.04) 93 (0.03) 0.3140

Other neurological disorders 244 (0.06) 18 (0.05) 226 (0.06) 0.4746

Chronic pulmonary disease 968 (0.25) 87 (0.26) 881 (0.25) 0.7209

Diabetes, uncomplicated 898 (0.23) 87 (0.26) 811 (0.23) 0.2756

Diabetes, complicated 209 (0.05) 16 (0.05) 193 (0.05) 0.6040

Hypothyroidism 389 (0.10) 38 (0.11) 351 (0.10) 0.4389

Renal failure 351 (0.09) 27 (0.08) 324 (0.09) 0.5173

Liver disease 472 (0.12) 25 (0.07) 447 (0.12) 0.0093

Peptic ulcer disease excluding bleeding 24 (0.01) 2 (0.01) 22 (0.01) 0.9540

AIDS/HIV 46 (0.01) 6 (0.02) 40 (0.01) 0.2911

Lymphoma 71 (0.02) 3 (0.01) 68 (0.02) 0.1836

Metastatic cancer 38 (0.01) 5 (0.01) 33 (0.01) 0.3248

Solid tumor without metastasis 334 (0.09) 21 (0.06) 313 (0.09) 0.1225

Rheumatoid arthritis/collagen vascular diseases 120 (0.03) 9 (0.03) 111 (0.03) 0.6502

Coagulopathy 525 (0.13) 43 (0.13) 482 (0.13) 0.6994

Weight loss 203 (0.05) 13 (0.04) 190 (0.05) 0.2522

Fluid and electrolyte disorders 1156 (0.29) 103 (0.30) 1053 (0.29) 0.7668

Blood loss anemia 77 (0.02) 4 (0.01) 73 (0.02) 0.2791

Deficiency anemia 96 (0.02) 12 (0.04) 84 (0.02) 0.1816

Alcohol abuse 195 (0.05) 14 (0.04) 181 (0.05) 0.4610

Drug abuse 142 (0.04) 9 (0.03) 133 (0.04) 0.3244

Psychoses 63 (0.02) 4 (0.01) 59 (0.02) 0.5136

Depression 314 (0.08) 27 (0.08) 287 (0.08) 0.9669

Trauma 491 (0.13) 50 (0.15) 441 (0.12) 0.2316

Table E.23: AKI progression from Stage 1 to Stage 2 comorbidities of validation set patients

by condition positive or negative. P-values for patient counts calculated by chi-squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 3924 79 166 3418 261

Comorbidity

Congestive heart failure 1347 (0.34) 27 (0.34) 55 (0.33) 1172 (0.34) 93 (0.36) 0.9775

Cardiac arrhythmias 1709 (0.44) 45 (0.57) 67 (0.40) 1476 (0.43) 121 (0.46) 0.2377

Valvular disease 823 (0.21) 23 (0.29) 20 (0.12) 715 (0.21) 65 (0.25) 0.0133

Pulmonary circulation disorders 267 (0.07) 1 (0.01) 8 (0.05) 243 (0.07) 15 (0.06) 0.1436

Peripheral vascular disorders 555 (0.14) 11 (0.14) 16 (0.10) 493 (0.14) 35 (0.13) 0.4447

Hypertension, uncomplicated 1927 (0.49) 41 (0.52) 79 (0.48) 1664 (0.49) 143 (0.55) 0.5633

Hypertension, complicated 280 (0.07) 3 (0.04) 10 (0.06) 249 (0.07) 18 (0.07) 0.6484

Paralysis 105 (0.03) 0 (0.00) 0 (0.00) 93 (0.03) 12 (0.05) 0.0171

Other neurological disorders 244 (0.06) 4 (0.05) 12 (0.07) 214 (0.06) 14 (0.05) 0.8594

Chronic pulmonary disease 968 (0.25) 11 (0.14) 41 (0.25) 840 (0.25) 76 (0.29) 0.1215

Diabetes, uncomplicated 898 (0.23) 15 (0.19) 41 (0.25) 770 (0.23) 72 (0.28) 0.3241

Diabetes, complicated 209 (0.05) 2 (0.03) 8 (0.05) 185 (0.05) 14 (0.05) 0.7322

Hypothyroidism 389 (0.10) 3 (0.04) 16 (0.10) 335 (0.10) 35 (0.13) 0.0998

Renal failure 351 (0.09) 6 (0.08) 13 (0.08) 311 (0.09) 21 (0.08) 0.8691

Liver disease 472 (0.12) 6 (0.08) 23 (0.14) 424 (0.12) 19 (0.07) 0.0704

Peptic ulcer disease excluding bleeding 24 (0.01) 0 (0.00) 0 (0.00) 22 (0.01) 2 (0.01) 0.6463

AIDS/HIV 46 (0.01) 1 (0.01) 0 (0.00) 40 (0.01) 5 (0.02) 0.3643

Lymphoma 71 (0.02) 0 (0.00) 2 (0.01) 66 (0.02) 3 (0.01) 0.4450

Metastatic cancer 38 (0.01) 0 (0.00) 4 (0.02) 29 (0.01) 5 (0.02) 0.0643

Solid tumor without metastasis 334 (0.09) 2 (0.03) 18 (0.11) 295 (0.09) 19 (0.07) 0.1791

Rheumatoid arthritis/collagen vascular diseases 120 (0.03) 3 (0.04) 2 (0.01) 109 (0.03) 6 (0.02) 0.4421

Coagulopathy 525 (0.13) 8 (0.10) 22 (0.13) 460 (0.13) 35 (0.13) 0.8866

Weight loss 203 (0.05) 4 (0.05) 14 (0.08) 176 (0.05) 9 (0.03) 0.1779

Fluid and electrolyte disorders 1156 (0.29) 16 (0.20) 43 (0.26) 1010 (0.30) 87 (0.33) 0.2285

Blood loss anemia 77 (0.02) 1 (0.01) 2 (0.01) 71 (0.02) 3 (0.01) 0.6172

Deficiency anemia 96 (0.02) 3 (0.04) 6 (0.04) 78 (0.02) 9 (0.03) 0.3973

Alcohol abuse 195 (0.05) 5 (0.06) 9 (0.05) 172 (0.05) 9 (0.03) 0.6583

Drug abuse 142 (0.04) 1 (0.01) 7 (0.04) 126 (0.04) 8 (0.03) 0.6510

Psychoses 63 (0.02) 1 (0.01) 2 (0.01) 57 (0.02) 3 (0.01) 0.8865

Depression 314 (0.08) 7 (0.09) 18 (0.11) 269 (0.08) 20 (0.08) 0.6021

Trauma 491 (0.13) 11 (0.14) 28 (0.17) 413 (0.12) 39 (0.15) 0.2235

Table E.24: AKI progression from Stage 1 to Stage 2 comorbidities of validation set patients

in context of model performance. P-values for patient counts calculated by chi-squared test.
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E.5 AKI progression from Stage 2 to Stage 3

E.5.1 Training and Testing

Figure E.53: AKI progression from Stage 2 to Stage 3 training/testing true positive and false

positive rates.
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Figure E.54: AKI progression from Stage 2 to Stage 3 training/testing sensitivity and speci-

ficity.
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Figure E.55: AKI progression from Stage 2 to Stage 3 training/testing positive and negative

predictive value.
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Figure E.56: AKI progression from Stage 2 to Stage 3 training/testing accuracy.

Figure E.57: AKI progression from Stage 2 to Stage 3 training/testing kappa.
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Figure E.58: AKI progression from Stage 2 to Stage 3 training/testing F-measures.
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E.5.2 Validation

Figure E.59: AKI progression from Stage 2 to Stage 3 validation true and false positive rates.
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Figure E.60: AKI progression from Stage 2 to Stage 3 validation sensitivity and specificity.
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Figure E.61: AKI progression from Stage 2 to Stage 3 validation positive and negative

predictive values.
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Figure E.62: AKI progression from Stage 2 to Stage 3 validation accuracy.

Figure E.63: AKI progression from Stage 2 to Stage 3 validation kappa.
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Figure E.64: AKI progression from Stage 2 to Stage 3 validation F-measures.
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E.5.3 Machine Learning Algorithms over time

(a) Decision Stump (b) Decision Table

(c) J48 (d) JRip

(e) KStar
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(f) Logistic Regression (g) Multilayer Perceptron

(h) Naive Bayes (i) One R

(j) Random Forest
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(k) Random Tree

(l) Simple Logistic Regression (m) SMO

(n) Voted Perceptron

Figure E.65: Algorithm’s performance over time on the progression from AKI Stage 2 to

AKI Stage 3 selection criteria.
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E.5.4 Comparative Demographics, Variables, and Comorbidities

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

pCO2 33 38 44 32 39 45 0.3746

Fentanyl 0.064 0.100 1.658 0.064 0.076 0.803 0.0102

Osmolality 298 298 298 298 298 298 0.6732

Lactate Dehydrogenase (LD) 166.25 244 401.5 153 199 309.75 <0.0001

Creatinine 2.2 2.5 2.9 1.3 1.5 1.9 <0.0001

D5/.45NS 0 0 0 0 0 0 0.2565

Sodium (whole blood) 132.25 134 138 133 134 138 0.5256

Urea Nitrogen 32 47 66 23.25 33 45 <0.0001

Midazolam (Versed) 0.5 1 1 0.1 0.809 1 <0.0001

Alanine Aminotransferase (ALT) 15 26 62.75 15 23 45 0.0084

Calcium, Total 7.7 8.3 8.9 7.9 8.4 8.9 0.3516

Hemoglobin 8.2 8.8 10.5 8.2 8.7 10.9 0.1017

Cefazolin 1 1 1 1 1 1 1.0000

Table E.25: AKI progression from Stage 2 to Stage 3 model variable composition of the

validation data set. P-values calculated by Kruskal-Wallis test.
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Label True Positive True Negative False Positive False Negative P-value

Q1 median Q3 Q1 median Q3 Q1 median Q3 Q1 median Q3

pCO2 33 38 44 33 39 45 27 38 43 34 38 44 0.4071

Fentanyl 0.064 0.100 2.145 0.064 0.076 0.803 0.064 0.160 25.000 0.064 0.076 0.803 0.0007

Osmolality 298 298 298 298 298 298 280 298 298 298 298 298 0.9312

Lactate Dehydrogenase (LD) 172.5 251 416 153 198 298 196 415 993 157 234 330 <0.0001

Creatinine 2.3 2.7 3 1.3 1.5 1.9 2 2.2 2.3 0.8 1.1 1.8 <0.0001

D5/.45NS 0 0 0 0 0 0 0 0 0 0 0 0 0.0252

Sodium (whole blood) 132 134 138 133 134 138 134 137 140 134 134 137 0.0257

Urea Nitrogen 37 51 70 23 32 44 29 44 52 17.5 26 37 <0.0001

Midazolam (Versed) 0.5 1 1 0.1 0.717 1 0.5 1 2 0.1 0.5 1 <0.0001

Alanine Aminotransferase (ALT) 15 26 66.5 15 22 43 30 54 613 16 23 47 <0.0001

Calcium, Total 7.7 8.3 8.9 7.9 8.4 8.9 7.4 8.4 9 7.8 8.3 9.1 0.7244

Hemoglobin 8.1 8.7 10.4 8.2 8.6 10.9 8.6 10 11.1 8.2 8.9 10.85 0.0177

Cefazolin 1 1 1 1 1 1 1 1 1 1 1 1 0.1704

Table E.26: AKI progression from Stage 2 to Stage 3 model variable performance of the

validation data set. P-values calculated by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 1372 686 686

Age, median 70 69.5 72.5 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 69.00) 0.1949

Weight, median (Q1,Q3) 80.00 (66.30, 95.60) 78.00 (64.75, 94.90) 81.00 (68.00, 96.30) 0.1860

BMI, median (Q1,Q3) 28.51 (24.69, 34.04) 27.78 (24.23, 33.59) 29.40 (25.34, 34.26) 0.1059

Male 773 (0.56) 396 (0.58) 377 (0.55) 0.4944

In-Hospital Mortality 563 (0.41) 325 (0.47) 238 (0.35) 0.0002

30 Day Mortality 611 (0.45) 348 (0.51) 263 (0.38) 0.0006

ICU LOS, median(Q1,Q3) 4.66 (2.12, 10.04) 5.82 (2.39, 12.42) 3.75 (1.97, 7.52) <0.0001

ICU

CCU 283 (0.21) 143 (0.21) 140 (0.20) 0.8585

CSRU 279 (0.20) 101 (0.15) 178 (0.26) <0.0001

MICU 513 (0.37) 292 (0.43) 221 (0.32) 0.0017

SICU 201 (0.15) 111 (0.16) 90 (0.13) 0.1385

TSICU 96 (0.07) 39 (0.06) 57 (0.08) 0.0662

ethnicity

Asian 24 (0.02) 14 (0.02) 10 (0.01) 0.4142

Black 134 (0.10) 83 (0.12) 51 (0.07) 0.0057

Hispanic 40 (0.03) 23 (0.03) 17 (0.02) 0.3428

White 951 (0.69) 454 (0.66) 497 (0.72) 0.1632

insurance

Government 11 (0.01) 7 (0.01) 4 (0.01) 0.3657

Medicaid 98 (0.07) 51 (0.07) 47 (0.07) 0.6862

Medicare 939 (0.68) 460 (0.67) 479 (0.70) 0.5352

Private 319 (0.23) 166 (0.24) 153 (0.22) 0.4667

Self Pay 5 (0.00) 2 (0.00) 3 (0.00) 0.6547

Table E.27: AKI progression from Stage 2 to Stage 3 demographics of validation set patients

by condition positive or negative. *Age above 89 is obfuscated by MIMIC for privacy pro-

tection, making distributions and P-value calculations invalid. P-values for distributions of

continuous variables calculated by Kruskal-Wallis test. P-values for patient counts calculated

by Pearson’s chi-squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 1372 572 652 34 114

Age, median 70 69.5 73 51 69.5 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 68.00 (64.00, 70.50) 67.00 (64.00, 69.00) 68.00 (64.75, 72.00) 67.00 (64.00, 68.00) 0.0792

Weight, median (Q1,Q3) 80.00 (66.30, 95.60) 79.95 (65.76, 95.00) 80.70 (68.00, 96.00) 87.95 (79.35, 100.70) 75.00 (63.15, 92.80) 0.1424

BMI, median (Q1,Q3) 28.51 (24.69, 34.04) 27.79 (24.39, 34.08) 29.40 (25.32, 34.27) 29.99 (26.37, 32.10) 27.33 (23.98, 33.28) 0.3864

Male 773 (0.56) 350 (0.61) 351 (0.54) 26 (0.76) 46 (0.40) 0.0133

In-Hospital Mortality 563 (0.41) 282 (0.49) 220 (0.34) 18 (0.53) 43 (0.38) 0.0002

30 Day Mortality 611 (0.45) 303 (0.53) 245 (0.38) 18 (0.53) 45 (0.39) 0.0006

ICU LOS, median(Q1,Q3) 4.66 (2.12, 10.04) 6.20 (2.62, 12.88) 3.79 (1.97, 7.59) 3.43 (1.98, 7.22) 4.00 (2.04, 9.80) <0.0001

ICU

CCU 283 (0.21) 118 (0.21) 135 (0.21) 5 (0.15) 25 (0.22) 0.8794

CSRU 279 (0.20) 76 (0.13) 171 (0.26) 7 (0.21) 25 (0.22) <0.0001

MICU 513 (0.37) 247 (0.43) 209 (0.32) 12 (0.35) 45 (0.39) 0.0164

SICU 201 (0.15) 96 (0.17) 83 (0.13) 7 (0.21) 15 (0.13) 0.2206

TSICU 96 (0.07) 35 (0.06) 54 (0.08) 3 (0.09) 4 (0.04) 0.2295

ethnicity

Asian 24 (0.02) 13 (0.02) 10 (0.02) 0 (0.00) 1 (0.01) 0.5400

Black 134 (0.10) 74 (0.13) 39 (0.06) 12 (0.35) 9 (0.08) <0.0001

Hispanic 40 (0.03) 20 (0.03) 15 (0.02) 2 (0.06) 3 (0.03) 0.4635

White 951 (0.69) 375 (0.66) 479 (0.73) 18 (0.53) 79 (0.69) 0.2509

insurance

Government 11 (0.01) 6 (0.01) 4 (0.01) 0 (0.00) 1 (0.01) 0.8001

Medicaid 98 (0.07) 42 (0.07) 43 (0.07) 4 (0.12) 9 (0.08) 0.7025

Medicare 939 (0.68) 385 (0.67) 464 (0.71) 15 (0.44) 75 (0.66) 0.2758

Private 319 (0.23) 137 (0.24) 139 (0.21) 14 (0.41) 29 (0.25) 0.1068

Self Pay 5 (0.00) 2 (0.00) 2 (0.00) 1 (0.03) 0 (0.00) 0.0831

Table E.28: AKI progression from Stage 2 to Stage 3 demographics of validation set patients

in context of model performance. *Age above 89 is obfuscated by MIMIC for privacy pro-

tection, making distributions and P-value calculations invalid. P-values for distributions of

continuous variables calculated by Kruskal-Wallis test. P-values for patient counts calculated

by Pearson’s chi-squared test.
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Variable Total Condition Positive condition Negative P-value

N 1372 686 686

Comorbidity

Congestive heart failure 663 (0.48) 342 (0.50) 321 (0.47) 0.4147

Cardiac arrhythmias 658 (0.48) 314 (0.46) 344 (0.50) 0.2422

Valvular disease 270 (0.20) 124 (0.18) 146 (0.21) 0.1806

Pulmonary circulation disorders 124 (0.09) 54 (0.08) 70 (0.10) 0.1508

Peripheral vascular disorders 236 (0.17) 121 (0.18) 115 (0.17) 0.6961

Hypertension, uncomplicated 486 (0.35) 188 (0.27) 298 (0.43) <0.0001

Hypertension, complicated 323 (0.24) 197 (0.29) 126 (0.18) <0.0001

Paralysis 28 (0.02) 15 (0.02) 13 (0.02) 0.7055

Other neurological disorders 76 (0.06) 39 (0.06) 37 (0.05) 0.8185

Chronic pulmonary disease 365 (0.27) 170 (0.25) 195 (0.28) 0.1907

Diabetes, uncomplicated 351 (0.26) 170 (0.25) 181 (0.26) 0.5571

Diabetes, complicated 150 (0.11) 84 (0.12) 66 (0.10) 0.1416

Hypothyroidism 172 (0.13) 81 (0.12) 91 (0.13) 0.4458

Renal failure 388 (0.28) 225 (0.33) 163 (0.24) 0.0016

Liver disease 283 (0.21) 169 (0.25) 114 (0.17) 0.0011

Peptic ulcer disease excluding bleeding 9 (0.01) 3 (0.00) 6 (0.01) 0.3173

AIDS/HIV 14 (0.01) 10 (0.01) 4 (0.01) 0.1088

Lymphoma 21 (0.02) 11 (0.02) 10 (0.01) 0.8273

Metastatic cancer 9 (0.01) 1 (0.00) 8 (0.01) 0.0196

Solid tumor without metastasis 123 (0.09) 56 (0.08) 67 (0.10) 0.3213

Rheumatoid arthritis/collagen vascular diseases 61 (0.04) 35 (0.05) 26 (0.04) 0.2492

Coagulopathy 292 (0.21) 150 (0.22) 142 (0.21) 0.6397

Weight loss 101 (0.07) 67 (0.10) 34 (0.05) 0.0010

Fluid and electrolyte disorders 568 (0.41) 337 (0.49) 231 (0.34) <0.0001

Blood loss anemia 41 (0.03) 26 (0.04) 15 (0.02) 0.0858

Deficiency anemia 44 (0.03) 21 (0.03) 23 (0.03) 0.7630

Alcohol abuse 82 (0.06) 42 (0.06) 40 (0.06) 0.8252

Drug abuse 39 (0.03) 21 (0.03) 18 (0.03) 0.6310

Psychoses 18 (0.01) 10 (0.01) 8 (0.01) 0.6374

Depression 105 (0.08) 51 (0.07) 54 (0.08) 0.7697

Trauma 136 (0.10) 72 (0.10) 64 (0.09) 0.4927

Table E.29: AKI progression from Stage 2 to Stage 3 comorbidities of validation set patients

by condition positive or negative. P-values for patient counts calculated by chi-squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 1372 572 652 34 114

Comorbidity

Congestive heart failure 663 (0.48) 293 (0.51) 312 (0.48) 9 (0.26) 49 (0.43) 0.1676

Cardiac arrhythmias 658 (0.48) 265 (0.46) 333 (0.51) 11 (0.32) 49 (0.43) 0.2668

Valvular disease 270 (0.20) 102 (0.18) 142 (0.22) 4 (0.12) 22 (0.19) 0.3152

Pulmonary circulation disorders 124 (0.09) 46 (0.08) 66 (0.10) 4 (0.12) 8 (0.07) 0.5180

Peripheral vascular disorders 236 (0.17) 102 (0.18) 108 (0.17) 7 (0.21) 19 (0.17) 0.9119

Hypertension, uncomplicated 486 (0.35) 138 (0.24) 287 (0.44) 11 (0.32) 50 (0.44) <0.0001

Hypertension, complicated 323 (0.24) 184 (0.32) 120 (0.18) 6 (0.18) 13 (0.11) <0.0001

Paralysis 28 (0.02) 13 (0.02) 13 (0.02) 0 (0.00) 2 (0.02) 0.8260

Other neurological disorders 76 (0.06) 31 (0.05) 36 (0.06) 1 (0.03) 8 (0.07) 0.8304

Chronic pulmonary disease 365 (0.27) 141 (0.25) 188 (0.29) 7 (0.21) 29 (0.25) 0.4645

Diabetes, uncomplicated 351 (0.26) 149 (0.26) 171 (0.26) 10 (0.29) 21 (0.18) 0.4514

Diabetes, complicated 150 (0.11) 75 (0.13) 63 (0.10) 3 (0.09) 9 (0.08) 0.2081

Hypothyroidism 172 (0.13) 69 (0.12) 91 (0.14) 0 (0.00) 12 (0.11) 0.1227

Renal failure 388 (0.28) 207 (0.36) 156 (0.24) 7 (0.21) 18 (0.16) <0.0001

Liver disease 283 (0.21) 155 (0.27) 97 (0.15) 17 (0.50) 14 (0.12) <0.0001

Peptic ulcer disease excluding bleeding 9 (0.01) 3 (0.01) 6 (0.01) 0 (0.00) 0 (0.00) 0.6115

AIDS/HIV 14 (0.01) 8 (0.01) 4 (0.01) 0 (0.00) 2 (0.02) 0.4221

Lymphoma 21 (0.02) 10 (0.02) 10 (0.02) 0 (0.00) 1 (0.01) 0.7975

Metastatic cancer 9 (0.01) 1 (0.00) 7 (0.01) 1 (0.03) 0 (0.00) 0.0656

Solid tumor without metastasis 123 (0.09) 44 (0.08) 65 (0.10) 2 (0.06) 12 (0.11) 0.4867

Rheumatoid arthritis/collagen vascular diseases 61 (0.04) 31 (0.05) 21 (0.03) 5 (0.15) 4 (0.04) 0.0085

Coagulopathy 292 (0.21) 131 (0.23) 131 (0.20) 11 (0.32) 19 (0.17) 0.2369

Weight loss 101 (0.07) 61 (0.11) 31 (0.05) 3 (0.09) 6 (0.05) 0.0016

Fluid and electrolyte disorders 568 (0.41) 293 (0.51) 217 (0.33) 14 (0.41) 44 (0.39) <0.0001

Blood loss anemia 41 (0.03) 24 (0.04) 14 (0.02) 1 (0.03) 2 (0.02) 0.1781

Deficiency anemia 44 (0.03) 19 (0.03) 23 (0.04) 0 (0.00) 2 (0.02) 0.5574

Alcohol abuse 82 (0.06) 36 (0.06) 38 (0.06) 2 (0.06) 6 (0.05) 0.9747

Drug abuse 39 (0.03) 18 (0.03) 16 (0.02) 2 (0.06) 3 (0.03) 0.6468

Psychoses 18 (0.01) 4 (0.01) 7 (0.01) 1 (0.03) 6 (0.05) 0.0010

Depression 105 (0.08) 45 (0.08) 53 (0.08) 1 (0.03) 6 (0.05) 0.5592

Trauma 136 (0.10) 64 (0.11) 58 (0.09) 6 (0.18) 8 (0.07) 0.2005

Table E.30: AKI progression from Stage 2 to Stage 3 comorbidities of validation set patients

in context of model performance. P-values for patient counts calculated by chi-squared test.
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Appendix F

SEPSIS

F.1 Sepsis

F.1.1 Training and Testing

Figure F.1: Sepsis training/testing true positive and false positive rates.
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Figure F.2: Sepsis training/testing sensitivity and specificity.

Figure F.3: Sepsis training/testing positive and negative predictive value.
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Figure F.4: Sepsis training/testing accuracy.

Figure F.5: Sepsis training/testing kappa.
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Figure F.6: Sepsis training/testing F-measures.
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F.1.2 Validation

Figure F.7: Sepsis validation true and false positive rates.
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Figure F.8: Sepsis validation sensitivity and specificity.

Figure F.9: Sepsis validation positive and negative predictive values.
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Figure F.10: Sepsis validation accuracy.

Figure F.11: Sepsis validation kappa.
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Figure F.12: Sepsis validation F-measures.
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F.1.3 Machine Learning Algorithms over time

(a) Decision Stump (b) Decision Table

(c) J48 (d) JRip

(e) KStar (f) LMT
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(g) Logistic Regression (h) Multilayer Perceptron

(i) Naive Bayes (j) One R

(k) PART (l) Random Forest
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(m) Random Tree

(n) Simple Logistic Regression (o) SMO

(p) Voted Perceptron

Figure F.13: Algorithm’s performance over time on the sepsis selection criteria.
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F.1.4 Comparative Demographics, Variables, and Comorbidities

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

Magnesium Sulfate (Bolus) 50 50 50 50 50 50 0.001

Bands 0 0 5.5 0 0 0 <0.0001

Arterial Line Zero/Calibrate 0 1 1 0 0 1 0.006

Calculated Bicarbonate, Whole Blood 17 20 23 5 20 22 <0.0001

Nitroglycerin 0.275 0.578 1.601 0.126 0.454 1.390 0.026

Low Exhaled Min Vol 3 3.5 4 1 3.5 4 0.001

Non-Invasive Blood Pressure Alarm - High 160 160 160 160 160 160 0.981

Total PEEP Level 5 5 6 2 5 5.5 <0.0001

pCO2 34 40 47 31 38 45 0.000

GCS Total 15 15 15 15 15 15 <0.0001

Stroke Volume 31.404 41.250 44.634 31.404 41.250 44.634 0.176

ALT 10 16 25 9 15 19 <0.0001

LVSW 31.62 34.014 39.168 31.62 34.014 39.168 0.102

Arterial Base Excess -4 0 0 0 0 0 <0.0001

D5/.45NS 0 0 5 0 0 0 0.001

Digoxin 0.3 0.6 0.6 0.3 0.6 0.6 0.047

Lactate 1.2 1.8 3 0.9 1.3 1.8 <0.0001

Ventilator Mode 11 11 47 11 11 11 <0.0001

Creatine Kinase (CK) 38 79 148 37 73 144 0.800

Potassium 3.7 4.1 4.5 3.7 4 4.3 0.081

Asparate Aminotransferase (AST) 19 29 50 15 21 33 <0.0001

Cholesterol, Total 115 139 156 115 142 162 0.395

GT Flush 10 30 30 10 30 30 0.365

Table F.1: Sepsis model variable composition of the validation data set. P-values calculated

by Kruskal-Wallis test.
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Label True Positive True Negative False Positive False Negative P-value

Q1 median Q3 Q1 median Q3 Q1 median Q3 Q1 median Q3

Magnesium Sulfate (Bolus) 50 50 50 50 50 50 50 50 50 50 50 50 <0.0001

Bands 0 0 8 0 0 0 0 0 3 0 0 0 <0.0001

Arterial Line Zero/Calibrate 0 1 1 0 0 1 0 1 1 0 1 1 <0.0001

Calculated Bicarbonate, Whole Blood 19 21 23 5 20 22 16 21 24 6 20 22 <0.0001

Nitroglycerin 0.401 0.657 2.225 0.107 0.454 1.390 0.401 1.015 3.029 0.143 0.454 1.390 <0.0001

Low Exhaled Min Vol 3 4 4 0 3.5 4 2.875 3.5 4 1.5 3.5 4 <0.0001

Non-Invasive Blood Pressure Alarm - High 160 160 160 160 160 160 160 160 160 160 160 160 0.919

Total PEEP Level 5 5 8 0 5 5.4 5 5 6 5 5 6 <0.0001

pCO2 35 40 49 31 38 45 32 39 47 33 39 46 <0.0001

GCS Total 14 15 15 15 15 15 15 15 15 15 15 15 <0.0001

Stroke Volume 31.404 41.250 44.634 31.404 41.250 44.634 31.404 41.250 44.634 31.404 41.250 44.634 0.427

ALT 12 18 28 9 15 19 11 16 22 10 14 19 <0.0001

LVSW 31.620 34.014 39.168 31.620 34.014 39.168 31.620 34.014 39.168 31.620 34.014 39.168 0.278

Arterial Base Excess -5 -2 0 0 0 0 -2 0 1 0 0 1 <0.0001

D5/.45NS 0 0 10 0 0 0 0 0 10 0 0 0 <0.0001

Digoxin 0.3 0.6 0.6 0.3 0.6 0.6 0.3 0.6 0.6 0.3 0.6 0.6 0.199

Lactate 1.408 2.4 3.525 0.9 1.2 1.8 1.1 1.6 2.4 1 1.3 1.8 <0.0001

Ventilator Mode 11 11 49 11 11 11 11 11 30 11 11 22 <0.0001

Creatine Kinase (CK) 37.75 87 177.5 37 71 138 45.75 97.5 220 38.5 66 126.5 <0.0001

Potassium 3.7 4.1 4.6 3.7 4 4.3 3.7 4.1 4.5 3.7 4 4.4 0.006

Asparate Aminotransferase (AST) 21 33 59.5 14 21 31 20 29 53 17 23 37 <0.0001

Cholesterol, Total 115 139.5 155.75 115 142 164 114 139 149.25 115 139 153 0.025

GT Flush 20 30 30 10 30 30 20 30 30 10 30 30 <0.0001

Table F.2: Sepsis model variable performance of the validation data set. P-values calculated

by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 6914 227 6687

Age, median 62 70 62 *

Height, median (Q1,Q3) 67.00 (63.00, 70.00) 65.00 (62.00, 69.00) 67.00 (64.00, 70.00) 0.0625

Weight, median (Q1,Q3) 77.55 (64.12, 92.00) 75.60 (63.00, 90.00) 78.00 (64.40, 92.50) 0.3206

BMI, median (Q1,Q3) 28.00 (24.44, 31.86) 27.84 (24.14, 33.49) 28.06 (24.45, 31.80) 0.8515

Male 3694 (0.53) 123 (0.54) 3571 (0.53) 0.8739

In-Hospital Mortality 566 (0.08) 99 (0.44) 467 (0.07) <0.0001

30 Day Mortality 733 (0.11) 106 (0.47) 627 (0.09) <0.0001

ICU LOS, median(Q1,Q3) 1.63 (1.01, 2.84) 7.05 (3.33, 13.80) 1.57 (1.00, 2.70) <0.0001

ICU

CCU 1062 (0.15) 21 (0.09) 1041 (0.16) 0.0169

CSRU 877 (0.13) 16 (0.07) 861 (0.13) 0.0153

MICU 2482 (0.36) 139 (0.61) 2343 (0.35) <0.0001

SICU 1208 (0.17) 37 (0.16) 1171 (0.18) 0.6675

TSICU 950 (0.14) 14 (0.06) 936 (0.14) 0.0017

ethnicity

Asian 181 (0.03) 10 (0.04) 171 (0.03) 0.0906

Black 579 (0.08) 24 (0.11) 555 (0.08) 0.2445

Hispanic 268 (0.04) 10 (0.04) 258 (0.04) 0.6806

White 5072 (0.73) 157 (0.69) 4915 (0.74) 0.4530

insurance

Government 232 (0.03) 0 (0.00) 232 (0.03) 0.0050

Medicaid 678 (0.10) 15 (0.07) 663 (0.10) 0.1177

Medicare 3368 (0.49) 154 (0.68) 3214 (0.48) <0.0001

Private 2544 (0.37) 56 (0.25) 2488 (0.37) 0.0022

Self Pay 92 (0.01) 2 (0.01) 90 (0.01) 0.5505

Table F.3: Sepsis demographics of validation set patients by condition positive or negative.

*Age above 89 is obfuscated by MIMIC for privacy protection, making distributions and

p-value calculations invalid. P-values for distributions of continuous variables calculated by

Kruskal-Wallis test. P-values for patient counts calculated by Pearson’s Chi-Squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 6914 140 6137 550 87

Age, median 62 71.5 61 68 68 *

Height, median (Q1,Q3) 67.00 (63.00, 70.00) 65.00 (62.00, 69.00) 67.00 (64.00, 70.00) 66.00 (62.75, 70.00) 66.50 (63.00, 69.25) 0.0745

Weight, median (Q1,Q3) 77.55 (64.12, 92.00) 75.45 (60.00, 90.10) 78.60 (65.00, 93.00) 69.00 (61.23, 86.32) 76.60 (65.10, 86.60) 0.0348

BMI, median (Q1,Q3) 28.00 (24.44, 31.86) 27.04 (24.00, 33.49) 28.24 (24.56, 31.94) 26.13 (23.77, 29.62) 28.54 (25.92, 32.76) 0.2072

Male 3694 (0.53) 72 (0.51) 3274 (0.53) 297 (0.54) 51 (0.59) 0.8999

In-Hospital Mortality 566 (0.08) 66 (0.47) 381 (0.06) 86 (0.16) 33 (0.38) <0.0001

30 Day Mortality 733 (0.11) 71 (0.51) 521 (0.08) 106 (0.19) 35 (0.40) <0.0001

ICU LOS, median(Q1,Q3) 1.63 (1.01, 2.84) 7.98 (3.84, 14.94) 1.51 (0.99, 2.61) 2.08 (1.16, 3.87) 5.69 (2.84, 11.69) <0.0001

ICU

CCU 1062 (0.15) 16 (0.11) 967 (0.16) 74 (0.13) 5 (0.06) 0.0356

CSRU 877 (0.13) 8 (0.06) 769 (0.13) 92 (0.17) 8 (0.09) 0.0038

MICU 2482 (0.36) 83 (0.59) 2084 (0.34) 259 (0.47) 56 (0.64) <0.0001

SICU 1208 (0.17) 21 (0.15) 1097 (0.18) 74 (0.13) 16 (0.18) 0.1030

TSICU 950 (0.14) 12 (0.09) 887 (0.14) 49 (0.09) 2 (0.02) <0.0001

ethnicity

Asian 181 (0.03) 5 (0.04) 165 (0.03) 6 (0.01) 5 (0.06) 0.0327

Black 579 (0.08) 14 (0.10) 505 (0.08) 50 (0.09) 10 (0.11) 0.5838

Hispanic 268 (0.04) 6 (0.04) 234 (0.04) 24 (0.04) 4 (0.05) 0.9015

White 5072 (0.73) 94 (0.67) 4512 (0.74) 403 (0.73) 63 (0.72) 0.8565

insurance

Government 232 (0.03) 0 (0.00) 218 (0.04) 14 (0.03) 0 (0.00) 0.0244

Medicaid 678 (0.10) 8 (0.06) 619 (0.10) 44 (0.08) 7 (0.08) 0.1728

Medicare 3368 (0.49) 97 (0.69) 2883 (0.47) 331 (0.60) 57 (0.66) <0.0001

Private 2544 (0.37) 33 (0.24) 2332 (0.38) 156 (0.28) 23 (0.26) <0.0001

Self Pay 92 (0.01) 2 (0.01) 85 (0.01) 5 (0.01) 0 (0.00) 0.5644

Table F.4: Sepsis demographics of validation set patients in context of model performance.

*Age above 89 is obfuscated by MIMIC for privacy protection, making distributions and

p-value calculations invalid. P-values for distributions of continuous variables calculated by

Kruskal-Wallis test. P-values for patient counts calculated by Pearson’s Chi-Squared test.
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Variable Total Condition Positive condition Negative P-value

N 6914 227 6687

Comorbidity

Congestive heart failure 1442 (0.21) 97 (0.43) 1345 (0.20) <0.0001

Cardiac arrhythmias 2128 (0.31) 97 (0.43) 2031 (0.30) 0.0010

Valvular disease 901 (0.13) 31 (0.14) 870 (0.13) 0.7909

Pulmonary circulation disorders 339 (0.05) 10 (0.04) 329 (0.05) 0.7305

Peripheral vascular disorders 670 (0.10) 32 (0.14) 638 (0.10) 0.0301

Hypertension, uncomplicated 3140 (0.45) 98 (0.43) 3042 (0.45) 0.6101

Hypertension, complicated 362 (0.05) 13 (0.06) 349 (0.05) 0.7423

Paralysis 224 (0.03) 1 (0.00) 223 (0.03) 0.0172

Other neurological disorders 493 (0.07) 17 (0.07) 476 (0.07) 0.8370

Chronic pulmonary disease 1637 (0.24) 68 (0.30) 1569 (0.23) 0.0480

Diabetes, uncomplicated 1326 (0.19) 63 (0.28) 1263 (0.19) 0.0027

Diabetes, complicated 294 (0.04) 7 (0.03) 287 (0.04) 0.3853

Hypothyroidism 755 (0.11) 35 (0.15) 720 (0.11) 0.0370

Renal failure 412 (0.06) 23 (0.10) 389 (0.06) 0.0088

Liver disease 345 (0.05) 30 (0.13) 315 (0.05) <0.0001

Peptic ulcer disease excluding bleeding 49 (0.01) 2 (0.01) 47 (0.01) 0.7538

AIDS/HIV 51 (0.01) 3 (0.01) 48 (0.01) 0.2976

Lymphoma 76 (0.01) 6 (0.03) 70 (0.01) 0.0241

Metastatic cancer 78 (0.01) 2 (0.01) 76 (0.01) 0.7215

Solid tumor without metastasis 540 (0.08) 27 (0.12) 513 (0.08) 0.0252

Rheumatoid arthritis/collagen vascular diseases 224 (0.03) 14 (0.06) 210 (0.03) 0.0127

Coagulopathy 308 (0.04) 57 (0.25) 251 (0.04) <0.0001

Weight loss 228 (0.03) 28 (0.12) 200 (0.03) <0.0001

Fluid and electrolyte disorders 1589 (0.23) 119 (0.52) 1470 (0.22) <0.0001

Blood loss anemia 121 (0.02) 6 (0.03) 115 (0.02) 0.3010

Deficiency anemia 210 (0.03) 5 (0.02) 205 (0.03) 0.4631

Alcohol abuse 218 (0.03) 6 (0.03) 212 (0.03) 0.6600

Drug abuse 303 (0.04) 3 (0.01) 300 (0.04) 0.0251

Psychoses 132 (0.02) 9 (0.04) 123 (0.02) 0.0227

Depression 739 (0.11) 17 (0.07) 722 (0.11) 0.1338

Trauma 1002 (0.14) 25 (0.11) 977 (0.15) 0.1615

Table F.5: Sepsis Comorbidities of validation set patients by condition positive or negative.

P-values for patient counts calculated by chi-squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 6914 140 6137 550 87

Comorbidity

Congestive heart failure 1442 (0.21) 69 (0.49) 1123 (0.18) 222 (0.40) 28 (0.32) <0.0001

Cardiac arrhythmias 2128 (0.31) 63 (0.45) 1768 (0.29) 263 (0.48) 34 (0.39) <0.0001

Valvular disease 901 (0.13) 23 (0.16) 760 (0.12) 110 (0.20) 8 (0.09) <0.0001

Pulmonary circulation disorders 339 (0.05) 8 (0.06) 281 (0.05) 48 (0.09) 2 (0.02) 0.0003

Peripheral vascular disorders 670 (0.10) 22 (0.16) 567 (0.09) 71 (0.13) 10 (0.11) 0.0053

Hypertension, uncomplicated 3140 (0.45) 59 (0.42) 2794 (0.46) 248 (0.45) 39 (0.45) 0.9471

Hypertension, complicated 362 (0.05) 10 (0.07) 276 (0.04) 73 (0.13) 3 (0.03) <0.0001

Paralysis 224 (0.03) 0 (0.00) 214 (0.03) 9 (0.02) 1 (0.01) 0.0105

Other neurological disorders 493 (0.07) 11 (0.08) 444 (0.07) 32 (0.06) 6 (0.07) 0.6748

Chronic pulmonary disease 1637 (0.24) 46 (0.33) 1392 (0.23) 177 (0.32) 22 (0.25) <0.0001

Diabetes, uncomplicated 1326 (0.19) 41 (0.29) 1124 (0.18) 139 (0.25) 22 (0.25) <0.0001

Diabetes, complicated 294 (0.04) 4 (0.03) 243 (0.04) 44 (0.08) 3 (0.03) 0.0002

Hypothyroidism 755 (0.11) 25 (0.18) 642 (0.10) 78 (0.14) 10 (0.11) 0.0052

Renal failure 412 (0.06) 15 (0.11) 307 (0.05) 82 (0.15) 8 (0.09) <0.0001

Liver disease 345 (0.05) 25 (0.18) 244 (0.04) 71 (0.13) 5 (0.06) <0.0001

Peptic ulcer disease excluding bleeding 49 (0.01) 1 (0.01) 38 (0.01) 9 (0.02) 1 (0.01) 0.0548

AIDS/HIV 51 (0.01) 0 (0.00) 38 (0.01) 10 (0.02) 3 (0.03) 0.0002

Lymphoma 76 (0.01) 2 (0.01) 59 (0.01) 11 (0.02) 4 (0.05) 0.0019

Metastatic cancer 78 (0.01) 1 (0.01) 64 (0.01) 12 (0.02) 1 (0.01) 0.1106

Solid tumor without metastasis 540 (0.08) 19 (0.14) 460 (0.07) 53 (0.10) 8 (0.09) 0.0257

Rheumatoid arthritis/collagen vascular diseases 224 (0.03) 12 (0.09) 186 (0.03) 24 (0.04) 2 (0.02) 0.0014

Coagulopathy 308 (0.04) 53 (0.38) 131 (0.02) 120 (0.22) 4 (0.05) <0.0001

Weight loss 228 (0.03) 20 (0.14) 154 (0.03) 46 (0.08) 8 (0.09) <0.0001

Fluid and electrolyte disorders 1589 (0.23) 86 (0.61) 1177 (0.19) 293 (0.53) 33 (0.38) <0.0001

Blood loss anemia 121 (0.02) 5 (0.04) 104 (0.02) 11 (0.02) 1 (0.01) 0.3710

Deficiency anemia 210 (0.03) 4 (0.03) 170 (0.03) 35 (0.06) 1 (0.01) <0.0001

Alcohol abuse 218 (0.03) 4 (0.03) 188 (0.03) 24 (0.04) 2 (0.02) 0.3989

Drug abuse 303 (0.04) 2 (0.01) 268 (0.04) 32 (0.06) 1 (0.01) 0.0588

Psychoses 132 (0.02) 7 (0.05) 108 (0.02) 15 (0.03) 2 (0.02) 0.0211

Depression 739 (0.11) 12 (0.09) 658 (0.11) 64 (0.12) 5 (0.06) 0.3850

Trauma 1002 (0.14) 18 (0.13) 905 (0.15) 72 (0.13) 7 (0.08) 0.2871

Table F.6: Sepsis comorbidities of validation set patients in context of model performance.

P-values for patient counts calculated by chi-squared test.
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Appendix G

DISSEMINATED INTRAVASCULAR COAGULATION

G.1 DIC

G.1.1 Training and Testing

Figure G.1: DIC training/testing true positive and false positive rates.
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Figure G.2: DIC training/testing sensitivity and specificity.

Figure G.3: DIC training/testing positive and negative predictive value.
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Figure G.4: DIC training/testing accuracy.

Figure G.5: DIC training/testing kappa.
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Figure G.6: DIC training/testing F-measures.
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G.1.2 Validation

Figure G.7: DIC validation true and false positive rates.
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Figure G.8: DIC validation sensitivity and specificity.

Figure G.9: DIC validation positive and negative predictive values.
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Figure G.10: DIC validation accuracy.

Figure G.11: DIC validation kappa.
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Figure G.12: DIC validation F-measures.
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G.1.3 Machine Learning Algorithms over time

(a) Decision Stump (b) Decision Table

(c) J48 (d) JRip

(e) KStar (f) LMT
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(g) Logistic Regression (h) Multilayer Perceptron

(i) Naive Bayes (j) One R

(k) PART (l) Random Forest
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(m) Random Tree

(n) Simple Logistic Regression (o) SMO

(p) Voted Perceptron

Figure G.13: Algorithm’s performance over time on the DIC selection criteria.
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G.1.4 Comparative Demographics, Variables, and Comorbidities

Label Condition Positive Condition Negative P-value

Q1 median Q3 Q1 median Q3

Admit Wt 58.3 66.6 82 58.3 63.6 79.6 <0.0001

Previous Weight 57.5 69 84.7 58 68.8 80.275 0.6502

Calcium Gluconate 2 2 2 1 2 2 <0.0001

CPK 31 59 121 30 65 120 0.1556

Digoxin 0.2 0.3 0.4 0.2 0.3 0.4 0.1109

Eosinophils 0 0.3 1.1 0.1 0.5 1.5 <0.0001

Temperature C (calc) 35.889 36.611 37.389 35.944 36.667 37.278 0.4849

Total Bilirubin 0.3 0.5 0.7 0.3 0.5 0.8 0.1789

Creatinine 0.7 1 1.5 0.6 0.8 1.1 <0.0001

CK-MB 2 3 4 2 3 4 0.7481

Pre-Admission Intake 0 110 300 0 110 350 0.0740

Differential-Basos 0 0 0 0 0 0.1 0.0205

Braden Friction/Shear 2 2 3 2 2 3 0.2073

Braden Nutrition 2 2 3 2 2 3 0.0834

Difficulty swallowing 0 0 0 0 0 0 <0.0001

Arterial Blood Pressure Alarm - High 140 160 160 140 160 160 <0.0001

Minute Volume Alarm - Low 3 3.5 4 3 3.5 4 <0.0001

Minute Volume(Obser) 6.4 7.2 9 6.5 7.2 8.49 0.1491

INR(PT) 13.3 14.1 15.9 12.5 13.3 14.6 <0.0001

Discharge needs 0 0 0 0 0 0 <0.0001

Central Venous Pressure Alarm - High 20 20 20 20 20 20 <0.0001

Non-Invasive Blood Pressure Alarm - High 160 160 160 160 160 160 <0.0001

Minute Volume 6.9 8 10.3 6.3 7.5 10.2 <0.0001

Resp Rate (Total) 10 12 16 10 12 15 <0.0001

Tube Feeding Residual 0 0 0 0 0 0 0.9169

Table G.1: DIC model variable composition of the validation data set. P-values calculated

by Kruskal-Wallis test.
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Label True Positive True Negative False Positive False Negative P-value

Q1 median Q3 Q1 median Q3 Q1 median Q3 Q1 median Q3

Admit Wt 58.3 67 82 57.7 63.6 78 58.3 68 82.35 58.3 65 79.6 <0.0001

Previous Weight 56.9 68.3 85.1 58 68.3 78.7 56.8 69.1 85 58 70 83.075 0.0883

Calcium Gluconate 2 2 2 1 2 2 2 2 2 1 2 2 <0.0001

CPK 31 58 124 29 67 115 34 63 127 29 61 116 0.0189

Digoxin 0.2 0.3 0.4 0.2 0.3 0.4 0.2 0.3 0.4 0.2 0.3 0.4 <0.0001

Eosinophils 0 0.3 1.1 0.1 0.6 1.7 0 0.4 1.3 0.075 0.4 1.2 <0.0001

Temperature C (calc) 35.833 36.611 37.389 35.889 36.667 37.278 36.111 36.722 37.333 36.217 36.722 37.333 <0.0001

Total Bilirubin 0.3 0.5 0.7 0.3 0.4 0.7 0.3 0.5 0.8 0.3 0.5 0.7 0.0259

Creatinine 0.8 1.1 1.7 0.6 0.7 1 0.7 1 1.5 0.6 0.8 1 <0.0001

CK-MB 2 3 4 2 3 4 2 3 5 2 4 5 <0.0001

Pre-Admission Intake 0 120 300 0 110 350 0 110 350 0 0 350 <0.0001

Differential-Basos 0 0 0 0 0 0.1 0 0 0.1 0 0 0.1 0.0008

Braden Friction/Shear 2 2 3 2 2 3 2 2 3 2 2 3 0.5561

Braden Nutrition 2 2 3 2 2 3 2 2 3 2 2 3 0.3128

Difficulty swallowing 0 0 0 0 0 0 0 0 0 0 0 0 <0.0001

Arterial Blood Pressure Alarm - High 140 160 160 130 160 160 140 160 160 130 160 160 <0.0001

Minute Volume Alarm - Low 3 3.5 4 3 3.5 4 3 3.5 4 3 3.5 4 <0.0001

Minute Volume(Obser) 6.3 7.2 9 6.5 7.2 8.11 6.5 7.32 9.1 6.575 7.5 8.8 <0.0001

INR(PT) 13.5 14.5 16.4 12.2 13 14.2 13.2 14.1 15.8 12.5 13.2 14.125 <0.0001

Discharge needs 0 0 0 0 0 0 0 0 0 0 0 0 <0.0001

Central Venous Pressure Alarm - High 20 20 20 16 20 20 20 20 20 20 20 20 <0.0001

Non-Invasive Blood Pressure Alarm - High 160 160 160 160 160 160 160 160 160 160 160 160 <0.0001

Minute Volume 6.9 7.5 10.3 6.3 7.5 9.6 6.9 8.3 10.3 6.9 8.3 10.3 <0.0001

Resp Rate (Total) 10 13 17 10 12 14 10 12 18 10 12 16 <0.0001

Tube Feeding Residual 0 0 0 0 0 0 0 0 0 0 0 0 0.2138

Table G.2: DIC model variable performance of the validation data set. P-values calculated

by Kruskal-Wallis test.
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Variable Total Condition Positive Condition Negative P-value

N 16399 2389 14010

Age, median 62 67 61 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 0.2646

Weight, median (Q1,Q3) 78.00 (65.00, 92.00) 77.00 (64.00, 91.00) 78.50 (65.50, 92.50) 0.0470

BMI, median (Q1,Q3) 28.07 (24.56, 32.60) 27.99 (24.24, 32.33) 28.12 (24.64, 32.63) 0.2625

Male 9174 (0.56) 1410 (0.59) 7764 (0.55) 0.0295

In-Hospital Mortality 2300 (0.14) 675 (0.28) 1625 (0.12) <0.0001

30 Day Mortality 2699 (0.16) 765 (0.32) 1934 (0.14) <0.0001

ICU LOS, median(Q1,Q3) 2.09 (1.13, 4.40) 3.23 (1.86, 7.00) 1.98 (1.09, 4.02) <0.0001

ICU

CCU 2124 (0.13) 315 (0.13) 1809 (0.13) 0.7316

CSRU 2595 (0.16) 462 (0.19) 2133 (0.15) <0.0001

MICU 5636 (0.34) 909 (0.38) 4727 (0.34) 0.0009

SICU 2361 (0.14) 403 (0.17) 1958 (0.14) 0.0006

TSICU 1773 (0.11) 289 (0.12) 1484 (0.11) 0.0387

ethnicity

Asian 527 (0.03) 63 (0.03) 464 (0.03) 0.0890

Black 1559 (0.10) 207 (0.09) 1352 (0.10) 0.1487

Hispanic 582 (0.04) 60 (0.03) 522 (0.04) 0.0036

White 11502 (0.70) 1711 (0.72) 9791 (0.70) 0.3496

insurance

Government 471 (0.03) 43 (0.02) 428 (0.03) 0.0008

Medicaid 1532 (0.09) 192 (0.08) 1340 (0.10) 0.0239

Medicare 8154 (0.50) 1419 (0.59) 6735 (0.48) <0.0001

Private 6047 (0.37) 709 (0.30) 5338 (0.38) <0.0001

Self Pay 195 (0.01) 26 (0.01) 169 (0.01) 0.6251

Table G.3: DIC demographics of validation set patients by condition positive or negative.

*Age above 89 is obfuscated by MIMIC for privacy protection, making distributions and

p-value calculations invalid. P-values for distributions of continuous variables calculated by

Kruskal-Wallis test. P-values for patient counts calculated by Pearson’s Chi-Squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 16399 1881 9975 4035 508

Age, median 62 68 58 68 64.5 *

Height, median (Q1,Q3) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (64.00, 70.00) 67.00 (63.00, 70.00) 67.00 (64.00, 70.00) 0.0006

Weight, median (Q1,Q3) 78.00 (65.00, 92.00) 77.00 (64.33, 90.98) 79.00 (66.00, 92.00) 78.00 (65.00, 93.00) 76.70 (63.80, 90.95) 0.2141

BMI, median (Q1,Q3) 28.07 (24.56, 32.60) 27.66 (24.24, 32.36) 28.24 (24.86, 32.26) 28.00 (24.49, 32.79) 28.95 (24.54, 32.11) 0.6297

Male 9174 (0.56) 1119 (0.59) 5461 (0.55) 2303 (0.57) 291 (0.57) 0.0488

In-Hospital Mortality 2300 (0.14) 580 (0.31) 829 (0.08) 796 (0.20) 95 (0.19) <0.0001

30 Day Mortality 2699 (0.16) 655 (0.35) 1020 (0.10) 914 (0.23) 110 (0.22) <0.0001

ICU LOS, median(Q1,Q3) 2.09 (1.13, 4.40) 3.36 (1.88, 7.26) 1.88 (1.04, 3.74) 2.22 (1.21, 4.64) 2.98 (1.77, 5.85) <0.0001

ICU

CCU 2124 (0.13) 246 (0.13) 1188 (0.12) 621 (0.15) 69 (0.14) <0.0001

CSRU 2595 (0.16) 349 (0.19) 1325 (0.13) 808 (0.20) 113 (0.22) <0.0001

MICU 5636 (0.34) 746 (0.40) 3058 (0.31) 1669 (0.41) 163 (0.32) <0.0001

SICU 2361 (0.14) 314 (0.17) 1440 (0.14) 518 (0.13) 89 (0.18) 0.0007

TSICU 1773 (0.11) 222 (0.12) 1096 (0.11) 388 (0.10) 67 (0.13) 0.0187

ethnicity

Asian 527 (0.03) 48 (0.03) 384 (0.04) 80 (0.02) 15 (0.03) <0.0001

Black 1559 (0.10) 161 (0.09) 959 (0.10) 393 (0.10) 46 (0.09) 0.5248

Hispanic 582 (0.04) 42 (0.02) 394 (0.04) 128 (0.03) 18 (0.04) 0.0016

White 11502 (0.70) 1364 (0.73) 7003 (0.70) 2788 (0.69) 347 (0.68) 0.4956

insurance

Government 471 (0.03) 29 (0.02) 335 (0.03) 93 (0.02) 14 (0.03) <0.0001

Medicaid 1532 (0.09) 143 (0.08) 1016 (0.10) 324 (0.08) 49 (0.10) <0.0001

Medicare 8154 (0.50) 1158 (0.62) 4231 (0.42) 2504 (0.62) 261 (0.51) <0.0001

Private 6047 (0.37) 532 (0.28) 4273 (0.43) 1065 (0.26) 177 (0.35) <0.0001

Self Pay 195 (0.01) 19 (0.01) 120 (0.01) 49 (0.01) 7 (0.01) 0.8739

Table G.4: DIC demographics of validation set patients in context of model performance.

*Age above 89 is obfuscated by MIMIC for privacy protection, making distributions and

p-value calculations invalid. P-values for distributions of continuous variables calculated by

Kruskal-Wallis test. P-values for patient counts calculated by Pearson’s Chi-Squared test.
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Variable Total Condition Positive condition Negative P-value

N 16399 2389 14010

Comorbidity

Congestive heart failure 4259 (0.26) 939 (0.39) 3320 (0.24) <0.0001

Cardiac arrhythmias 5167 (0.32) 1003 (0.42) 4164 (0.30) <0.0001

Valvular disease 2307 (0.14) 429 (0.18) 1878 (0.13) <0.0001

Pulmonary circulation disorders 798 (0.05) 140 (0.06) 658 (0.05) 0.0172

Peripheral vascular disorders 1731 (0.11) 339 (0.14) 1392 (0.10) <0.0001

Hypertension, uncomplicated 6167 (0.38) 868 (0.36) 5299 (0.38) 0.2724

Hypertension, complicated 1958 (0.12) 329 (0.14) 1629 (0.12) 0.0051

Paralysis 399 (0.02) 48 (0.02) 351 (0.03) 0.1507

Other neurological disorders 1015 (0.06) 139 (0.06) 876 (0.06) 0.4303

Chronic pulmonary disease 3427 (0.21) 499 (0.21) 2928 (0.21) 0.9906

Diabetes, uncomplicated 3101 (0.19) 485 (0.20) 2616 (0.19) 0.0906

Diabetes, complicated 1091 (0.07) 187 (0.08) 904 (0.06) 0.0160

Hypothyroidism 1610 (0.10) 225 (0.09) 1385 (0.10) 0.5002

Renal failure 2296 (0.14) 395 (0.17) 1901 (0.14) 0.0003

Liver disease 1259 (0.08) 335 (0.14) 924 (0.07) <0.0001

Peptic ulcer disease excluding bleeding 108 (0.01) 18 (0.01) 90 (0.01) 0.5364

AIDS/HIV 132 (0.01) 28 (0.01) 104 (0.01) 0.0305

Lymphoma 180 (0.01) 54 (0.02) 126 (0.01) <0.0001

Metastatic cancer 141 (0.01) 20 (0.01) 121 (0.01) 0.8973

Solid tumor without metastasis 1116 (0.07) 190 (0.08) 926 (0.07) 0.0200

Rheumatoid arthritis/collagen vascular diseases 514 (0.03) 82 (0.03) 432 (0.03) 0.3733

Coagulopathy 1226 (0.07) 430 (0.18) 796 (0.06) <0.0001

Weight loss 595 (0.04) 146 (0.06) 449 (0.03) <0.0001

Fluid and electrolyte disorders 4133 (0.25) 782 (0.33) 3351 (0.24) <0.0001

Blood loss anemia 300 (0.02) 67 (0.03) 233 (0.02) 0.0001

Deficiency anemia 445 (0.03) 67 (0.03) 378 (0.03) 0.7703

Alcohol abuse 577 (0.04) 123 (0.05) 454 (0.03) <0.0001

Drug abuse 601 (0.04) 76 (0.03) 525 (0.04) 0.1816

Psychoses 254 (0.02) 27 (0.01) 227 (0.02) 0.0752

Depression 1405 (0.09) 124 (0.05) 1281 (0.09) <0.0001

Trauma 1900 (0.12) 330 (0.14) 1570 (0.11) 0.0005

Table G.5: DIC Comorbidities of validation set patients by condition positive or negative.

P-values for patient counts calculated by chi-squared test.
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Variable Total True Positive True Negative False Positive False Negative P-value

N 16399 1881 9975 4035 508

Comorbidity

Congestive heart failure 4259 (0.26) 809 (0.43) 1784 (0.18) 1536 (0.38) 130 (0.26) <0.0001

Cardiac arrhythmias 5167 (0.32) 827 (0.44) 2428 (0.24) 1736 (0.43) 176 (0.35) <0.0001

Valvular disease 2307 (0.14) 343 (0.18) 1050 (0.11) 828 (0.21) 86 (0.17) <0.0001

Pulmonary circulation disorders 798 (0.05) 116 (0.06) 395 (0.04) 263 (0.07) 24 (0.05) <0.0001

Peripheral vascular disorders 1731 (0.11) 263 (0.14) 855 (0.09) 537 (0.13) 76 (0.15) <0.0001

Hypertension, uncomplicated 6167 (0.38) 643 (0.34) 3699 (0.37) 1600 (0.40) 225 (0.44) 0.0007

Hypertension, complicated 1958 (0.12) 279 (0.15) 998 (0.10) 631 (0.16) 50 (0.10) <0.0001

Paralysis 399 (0.02) 40 (0.02) 263 (0.03) 88 (0.02) 8 (0.02) 0.1706

Other neurological disorders 1015 (0.06) 112 (0.06) 642 (0.06) 234 (0.06) 27 (0.05) 0.4287

Chronic pulmonary disease 3427 (0.21) 400 (0.21) 1932 (0.19) 996 (0.25) 99 (0.19) <0.0001

Diabetes, uncomplicated 3101 (0.19) 386 (0.21) 1755 (0.18) 861 (0.21) 99 (0.19) <0.0001

Diabetes, complicated 1091 (0.07) 160 (0.09) 569 (0.06) 335 (0.08) 27 (0.05) <0.0001

Hypothyroidism 1610 (0.10) 168 (0.09) 916 (0.09) 469 (0.12) 57 (0.11) 0.0002

Renal failure 2296 (0.14) 335 (0.18) 1132 (0.11) 769 (0.19) 60 (0.12) <0.0001

Liver disease 1259 (0.08) 294 (0.16) 386 (0.04) 538 (0.13) 41 (0.08) <0.0001

Peptic ulcer disease excluding bleeding 108 (0.01) 12 (0.01) 62 (0.01) 28 (0.01) 6 (0.01) 0.4932

AIDS/HIV 132 (0.01) 24 (0.01) 55 (0.01) 49 (0.01) 4 (0.01) <0.0001

Lymphoma 180 (0.01) 40 (0.02) 76 (0.01) 50 (0.01) 14 (0.03) <0.0001

Metastatic cancer 141 (0.01) 16 (0.01) 80 (0.01) 41 (0.01) 4 (0.01) 0.6669

Solid tumor without metastasis 1116 (0.07) 142 (0.08) 616 (0.06) 310 (0.08) 48 (0.09) 0.0007

Rheumatoid arthritis/collagen vascular diseases 514 (0.03) 70 (0.04) 262 (0.03) 170 (0.04) 12 (0.02) <0.0001

Coagulopathy 1226 (0.07) 409 (0.22) 81 (0.01) 715 (0.18) 21 (0.04) <0.0001

Weight loss 595 (0.04) 127 (0.07) 239 (0.02) 210 (0.05) 19 (0.04) <0.0001

Fluid and electrolyte disorders 4133 (0.25) 647 (0.34) 2091 (0.21) 1260 (0.31) 135 (0.27) <0.0001

Blood loss anemia 300 (0.02) 53 (0.03) 113 (0.01) 120 (0.03) 14 (0.03) <0.0001

Deficiency anemia 445 (0.03) 54 (0.03) 245 (0.02) 133 (0.03) 13 (0.03) 0.0527

Alcohol abuse 577 (0.04) 106 (0.06) 240 (0.02) 214 (0.05) 17 (0.03) <0.0001

Drug abuse 601 (0.04) 58 (0.03) 349 (0.03) 176 (0.04) 18 (0.04) 0.0491

Psychoses 254 (0.02) 20 (0.01) 156 (0.02) 71 (0.02) 7 (0.01) 0.2477

Depression 1405 (0.09) 87 (0.05) 972 (0.10) 309 (0.08) 37 (0.07) <0.0001

Trauma 1900 (0.12) 257 (0.14) 1100 (0.11) 470 (0.12) 73 (0.14) 0.0044

Table G.6: DIC comorbidities of validation set patients in context of model performance.

P-values for patient counts calculated by chi-squared test.
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Appendix H

MISCLASSIFICATIONS
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Variable Total Condition Positive condition Negative P-value

N 18074 7523 10551

Comorbidity

Congestive heart failure 4661 (0.26) 2414 (0.32) 2247 (0.21) <0.0001

Cardiac arrhythmias 5651 (0.31) 2866 (0.38) 2785 (0.26) <0.0001

Valvular disease 2460 (0.14) 1359 (0.18) 1101 (0.10) <0.0001

Pulmonary circulation disorders 865 (0.05) 408 (0.05) 457 (0.04) 0.0009

Peripheral vascular disorders 1878 (0.10) 914 (0.12) 964 (0.09) <0.0001

Hypertension, uncomplicated 6537 (0.36) 3124 (0.42) 3413 (0.32) <0.0001

Hypertension, complicated 2123 (0.12) 815 (0.11) 1308 (0.12) 0.0025

Paralysis 419 (0.02) 175 (0.02) 244 (0.02) 0.9527

Other neurological disorders 1083 (0.06) 446 (0.06) 637 (0.06) 0.7682

Chronic pulmonary disease 3663 (0.20) 1791 (0.24) 1872 (0.18) <0.0001

Diabetes, uncomplicated 3330 (0.18) 1569 (0.21) 1761 (0.17) <0.0001

Diabetes, complicated 1175 (0.07) 478 (0.06) 697 (0.07) 0.5122

Hypothyroidism 1723 (0.10) 791 (0.11) 932 (0.09) 0.0003

Renal failure 2528 (0.14) 997 (0.13) 1531 (0.15) 0.0258

Liver disease 1713 (0.09) 849 (0.11) 864 (0.08) <0.0001

Peptic ulcer disease excluding bleeding 113 (0.01) 50 (0.01) 63 (0.01) 0.5714

AIDS/HIV 163 (0.01) 81 (0.01) 82 (0.01) 0.0366

Lymphoma 240 (0.01) 108 (0.01) 132 (0.01) 0.2886

Metastatic cancer 155 (0.01) 80 (0.01) 75 (0.01) 0.0116

Solid tumor without metastasis 1264 (0.07) 604 (0.08) 660 (0.06) <0.0001

Rheumatoid arthritis/collagen vascular diseases 574 (0.03) 272 (0.04) 302 (0.03) 0.0051

Coagulopathy 1684 (0.09) 949 (0.13) 735 (0.07) <0.0001

Weight loss 741 (0.04) 346 (0.05) 395 (0.04) 0.0051

Fluid and electrolyte disorders 4673 (0.26) 2068 (0.27) 2605 (0.25) 0.0003

Blood loss anemia 344 (0.02) 188 (0.02) 156 (0.01) <0.0001

Deficiency anemia 476 (0.03) 219 (0.03) 257 (0.02) 0.0523

Alcohol abuse 750 (0.04) 361 (0.05) 389 (0.04) 0.0003

Drug abuse 659 (0.04) 310 (0.04) 349 (0.03) 0.0048

Psychoses 275 (0.02) 132 (0.02) 143 (0.01) 0.0319

Depression 1490 (0.08) 551 (0.07) 939 (0.09) 0.0003

Trauma 2081 (0.12) 986 (0.13) 1095 (0.10) <0.0001

Table H.1: Comorbidities for false positive misclassificatied patients of ARDS, AKI, sepsis,

and DIC. P-values for patient counts calculated by chi-squared test.
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Variable Total Condition Positive Condition Negative P-value

N 18074 673 17401

Comorbidity

Congestive heart failure 4661 (0.26) 183 (0.27) 4478 (0.26) 0.4650

Cardiac arrhythmias 5651 (0.31) 252 (0.37) 5399 (0.31) 0.0035

Valvular disease 2460 (0.14) 94 (0.14) 2366 (0.14) 0.7983

Pulmonary circulation disorders 865 (0.05) 35 (0.05) 830 (0.05) 0.6162

Peripheral vascular disorders 1878 (0.10) 93 (0.14) 1785 (0.10) 0.0049

Hypertension, uncomplicated 6537 (0.36) 321 (0.48) 6216 (0.36) <0.0001

Hypertension, complicated 2123 (0.12) 51 (0.08) 2072 (0.12) 0.0013

Paralysis 419 (0.02) 36 (0.05) 383 (0.02) <0.0001

Other neurological disorders 1083 (0.06) 51 (0.08) 1032 (0.06) 0.0867

Chronic pulmonary disease 3663 (0.20) 143 (0.21) 3520 (0.20) 0.5643

Diabetes, uncomplicated 3330 (0.18) 131 (0.19) 3199 (0.18) 0.5215

Diabetes, complicated 1175 (0.07) 33 (0.05) 1142 (0.07) 0.0976

Hypothyroidism 1723 (0.10) 74 (0.11) 1649 (0.09) 0.2104

Renal failure 2528 (0.14) 57 (0.08) 2471 (0.14) <0.0001

Liver disease 1713 (0.09) 72 (0.11) 1641 (0.09) 0.2945

Peptic ulcer disease excluding bleeding 113 (0.01) 6 (0.01) 107 (0.01) 0.3732

AIDS/HIV 163 (0.01) 6 (0.01) 157 (0.01) 0.9771

Lymphoma 240 (0.01) 7 (0.01) 233 (0.01) 0.5091

Metastatic cancer 155 (0.01) 8 (0.01) 147 (0.01) 0.3445

Solid tumor without metastasis 1264 (0.07) 66 (0.10) 1198 (0.07) 0.0049

Rheumatoid arthritis/collagen vascular diseases 574 (0.03) 22 (0.03) 552 (0.03) 0.8901

Coagulopathy 1684 (0.09) 73 (0.11) 1611 (0.09) 0.1852

Weight loss 741 (0.04) 44 (0.07) 697 (0.04) 0.0015

Fluid and electrolyte disorders 4673 (0.26) 219 (0.33) 4454 (0.26) 0.0005

Blood loss anemia 344 (0.02) 20 (0.03) 324 (0.02) 0.0406

Deficiency anemia 476 (0.03) 19 (0.03) 457 (0.03) 0.7574

Alcohol abuse 750 (0.04) 29 (0.04) 721 (0.04) 0.8360

Drug abuse 659 (0.04) 26 (0.04) 633 (0.04) 0.7636

Psychoses 275 (0.02) 10 (0.01) 265 (0.02) 0.9391

Depression 1490 (0.08) 60 (0.09) 1430 (0.08) 0.5364

Trauma 2081 (0.12) 113 (0.17) 1968 (0.11) <0.0001

Table H.2: Comorbidities for false negative misclassificatied patients of ARDS, AKI, sepsis,

and DIC. P-values for patient counts calculated by chi-squared test.
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