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Abstract

Investigating Expertise Transfer and Experts’ Cognitive
Decision-making Processes in Socio-technical Systems

Socio-technical systems are becoming increasingly complex and require

more expertise to solve the problems associated with these systems. Even

though technological advancements of data collection and processing are

enhancing decision making processes, there is always a expert judgment

process to make sense of complexity. As experts judgments are crucial

for improving socio-technical systems, it is necessary to understand how

experts perceive complex information, contextualize it and incorporate it

into their judgments, all of which are cognitive processes. Therefore, in

this dissertation, our objective is to explore the cognition of expert judg-

ments. Specifically, we aim to address the research questions of what factors

influence expert judgment processes, how experts perceive risk, process

information, and incorporate this information into their judgments. In order

to address these questions, we draw on a cognitive decision making theory

Fuzzy Trace Theory in order to explore the cognition of expertise develop-

ment and transfer. We also examine experts’ judgment performances by

focusing on the Structured Expert Judgment protocol. By relying on these

research frameworks , we worked to explore the most effective information

transfer strategies in the context of expert judgments. We conducted sev-

eral survey-based research methodologies in which we collected data from

various samples, such as NASA scientists and engineers, lay people, and

medical experts. Into those surveys, we embedded experimental designs

in order to test the hypotheses that were theoretically motivated by Fuzzy

Trace Theory. In addition to these social science methodologies, we analyzed
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expert performances in the context of Structured Expert Judgment (SEJ)

protocol. We performed simulations in order to investigate the best practices

to aggregate expert judgments. Our research findings showed that experts

primarily rely on gist representations, which is qualitative and the least

precise form of information. Expertise enables the ability to contextualize

information and make meaningful connections within complex data. This

gist-based thinking, which increases as a result of expertise development,

drives decisions and ultimately leads to good judgments. Also, gist transfer

is effective in making novices’ risk perceptions similar to those of experts.

Verbatim information transfer, which is quantitative and the most precise

form of information, is not as effective on its own, and therefore should be

combined with a gist transfer. We also showed that SEJ, which is based

on performance-weight opinion pooling, outperforms the equal-weight ap-

proach as we showed that the differences among expert performances are

not due to random stressors. Therefore, these differences need to be in-

corporated into the aggregation process in order to maximize the quality

of the expert judgment data. Finally, psychometric paradigms such as

experts’ numerical ability has been shown to influence experts’ judgment

performances. We showed that experts, regardless of their professional back-

ground, are prone to similar cognitive processes of judgment making, which

is predicted by Fuzzy Trace Theory. Experts rely primarily on gist-based

thinking, which is an advanced mode of cognition. Therefore, gist-based

information transfer should be utilized when transferring information to

and from experts, particularly in complex socio-technical systems. Since

our findings showed that expert judgment performances are not solely a

function of experts’ knowledge and are influenced by experts’ numerical

ability, SEJ protocols should be designed by taking into account experts’ in-
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dividual differences. Our dissertation has important implications for those

who design, implement, and use socio-technical systems, as experts play

a crucial role in improving such systems. Future studies should further

explore the implications of cognitive processes of expertise transfer and

development. Future work could also entail designing effective platforms

for novices to develop substantial expertise.

xiv



Table of Contents

Dedication iv

Acknowledgments v

Abstract xii

List of Figures xx

List of Tables xxiii

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

1.1.1 Dissertation Outline . . . . . . . . . . . . . . . . . . . 10
1.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.2.1 Expertise: Innate or Acquired? . . . . . . . . . . . . . 12
1.2.2 The Main Tenets of Fuzzy Trace Theory . . . . . . . . 15
1.2.3 The Gist-Verbatim Dichotomy Echoes in Judgments 17
1.2.4 Intuitions: Are They Primitive or Advanced? . . . . 20
1.2.5 From a Noble Princess to a Nobel Prize . . . . . . . . 22
1.2.6 Fantastic Biases and Where to Find Them? . . . . . 23
1.2.7 Gist-based Distortions vs. Numerical Distortions . . 25
1.2.8 “Experto Credite” . . . . . . . . . . . . . . . . . . . . 28
1.2.9 Proximity to Realizations: Calibration . . . . . . . . . 31
1.2.10“Good Judgment” as a Metric of Expertise . . . . . . 34
1.2.11Relevance of the Literature Review to the Present Dis-

sertation . . . . . . . . . . . . . . . . . . . . . . . . . 35

Chapter 2: Does Gist Drive NASA Experts’ Design Decisions? 37
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

2.1.1 Probabilistic Risk Assessment Communicates Quanti-
tative Information. . . . . . . . . . . . . . . . . . . . . . 37

2.1.2 . . .But Data Are Often Lacking . . . . . . . . . . . . . 38
2.1.3 How do Experts Make Decisions? Core Tenets of Fuzzy-

Trace Theory . . . . . . . . . . . . . . . . . . . . . . . 39
2.1.4 The Systems Engineering Handbook privileges quanti-

tative risk assessment. . . . . . . . . . . . . . . . . . 44
2.1.5 The Risk-Informed Decision Making Handbook recog-

nizes the importance of context. . . . . . . . . . . . 45
2.1.6 Does Fuzzy-Trace Theory describe decision-making by

expert engineers? . . . . . . . . . . . . . . . . . . . . 46
2.2 Problem Context: Micrometeoroid and Orbital Debris (MMOD) 47
2.3 Relevant Terminology . . . . . . . . . . . . . . . . . . . . . . 48

xv



2.4 Hypotheses . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
2.5 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

2.5.1 Participants . . . . . . . . . . . . . . . . . . . . . . . . 50
2.5.2 Procedure and Materials . . . . . . . . . . . . . . . . 51

2.6 Data Analysis Methodology . . . . . . . . . . . . . . . . . . . 56
2.7 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

2.7.1 Sample Characteristics . . . . . . . . . . . . . . . . . 58
2.7.2 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 58

2.8 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
2.8.1 Results Support Fuzzy-Trace Theory’s Predictions . 79
2.8.2 Implications for Transfer of Expertise . . . . . . . . . 83
2.8.3 Limitations . . . . . . . . . . . . . . . . . . . . . . . . 84
2.8.4 Conclusion and Directions for Future Work . . . . . 88

Chapter 3: Are Performance Weights Beneficial? Investigating
the Random Expert Hypothesis 90

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
3.1.1 Classical Model . . . . . . . . . . . . . . . . . . . . . . 93
3.1.2 The Debate on Aggregating Expert Elicitation Mecha-

nisms: Equal Weights vs. Performance-based Weights 95
3.2 Random Expert Hypothesis (REH) . . . . . . . . . . . . . . . 98
3.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

3.3.1 Expert Judgment Data . . . . . . . . . . . . . . . . . 104
3.3.2 Hypothesis Testing . . . . . . . . . . . . . . . . . . . . 105

3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
3.4.1 The Analysis of the Three-percentile Format Data . . 107
3.4.2 The Analysis of the Five-percentile Format Data . . 114
3.4.3 A Sign Test Between the Three-Percentile Format and

Five-Percentile Format Elicitation Data . . . . . . . . 119
3.5 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . . . 120

Chapter 4: Exploring the Factors that Influence Medical Ex-
perts Prescription Judgments 123

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
4.1.1 Fuzzy Trace Theory in Medical Decision Making . . . 125
4.1.2 SEJ in Antibiotic Resistance Risk . . . . . . . . . . . 129
4.1.3 Improving the SEJ Protocol Based on Fuzzy Trace

Theory . . . . . . . . . . . . . . . . . . . . . . . . . . . 130
4.2 Hypotheses . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
4.3 Antibiotic Treatment for Otitis Media . . . . . . . . . . . . . 138
4.4 Overview of the Data Collection . . . . . . . . . . . . . . . . 139
4.5 STUDY 1: Experts’ Gist Representations and Prescription

Decisions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140
4.5.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . 140
4.5.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

xvi



4.5.3 Conclusion of Study 1 . . . . . . . . . . . . . . . . . . 163
4.6 STUDY 2: Experts’ Numerical Judgments under Knowledge

Transfer Conditions . . . . . . . . . . . . . . . . . . . . . . . 167
4.6.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . 167
4.6.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 173
4.6.3 Conclusion of Study 2 . . . . . . . . . . . . . . . . . . 187

4.7 Overall Discussion . . . . . . . . . . . . . . . . . . . . . . . . 193

Chapter 5: Concluding Remarks 199

Bibliography 207

References 207

Appendix A: Experimental Treatments for Chapter 2 220
A.1 The Verbatim Only Treatment . . . . . . . . . . . . . . . . . 220
A.2 2. The Gist + Verbatim Treatment . . . . . . . . . . . . . . . 222
A.3 Open Ended Question Protocol for Preliminary NASA Expert

Interviews . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 225

Appendix B: Survey Questions for Laypeople 228
B.1 Decision Problems . . . . . . . . . . . . . . . . . . . . . . . . 228

B.1.1 The Pay High Cost or Face High Risk Scenario, Gain
Frame . . . . . . . . . . . . . . . . . . . . . . . . . . . 228

B.1.2 The Pay Low Cost or Face Low Risk Scenario, Scenario,
Gain Frame . . . . . . . . . . . . . . . . . . . . . . . . 228

B.1.3 The Pay High Cost or Face High Risk Scenario, Loss
Frame . . . . . . . . . . . . . . . . . . . . . . . . . . . 229

B.1.4 The Pay Low Cost or Face Low Risk Scenario, Loss
Frame . . . . . . . . . . . . . . . . . . . . . . . . . . . 230

B.2 Risk Perception Items . . . . . . . . . . . . . . . . . . . . . . 230
B.3 Sensation Seeking Questions . . . . . . . . . . . . . . . . . . 230
B.4 Cognitive Reflection Test . . . . . . . . . . . . . . . . . . . . . 231
B.5 Demographics Questions . . . . . . . . . . . . . . . . . . . . 231

Appendix C: Survey Questions for the NASA Employees 239
C.1 Decision Problems . . . . . . . . . . . . . . . . . . . . . . . . 239

C.1.1 The Pay High Cost or Face High Risk Scenario, Gain
Frame . . . . . . . . . . . . . . . . . . . . . . . . . . . 239

C.1.2 The Pay Low Cost or Face Low Risk Scenario, Scenario,
Gain Frame . . . . . . . . . . . . . . . . . . . . . . . . 239

C.1.3 The Pay High Cost or Face High Risk Scenario, Loss
Frame . . . . . . . . . . . . . . . . . . . . . . . . . . . 240

C.1.4 The Pay Low Cost or Face Low Risk Scenario, Loss
Frame . . . . . . . . . . . . . . . . . . . . . . . . . . . 241

C.1.5Risk Perception Items . . . . . . . . . . . . . . . . . . 241

xvii



C.2 Sensation Seeking . . . . . . . . . . . . . . . . . . . . . . . . 241
C.3 Cognitive Reflection Test . . . . . . . . . . . . . . . . . . . . . 242
C.4 Demographics Questions . . . . . . . . . . . . . . . . . . . . 242

Appendix D: Scree Plot for EFA in Chapter 2 248

Appendix E: Demographic Variables in Chapter 2 249

Appendix F: Analysis based on EFA Varimax Rotation 250

Appendix G: Tukey Analysis based on Varimax Rotation in Chap-
ter 2 251

Appendix H: Logistic Regression for Varimax Rotation in Chap-
ter 2 252

Appendix I: Correlations among Predictors in Chapter 2 253

Appendix J: Data Collection for Chapter 4 254

Appendix K: Survey Items for Chapter 4 258
K.1 Survey Items for Study 1: Measuring Risk Perceptions

about Antibiotics . . . . . . . . . . . . . . . . . . . . . . . . 258
K.1.1 Risky Choice Questions . . . . . . . . . . . . . . . . . 258
K.1.2 Risk Perception Items . . . . . . . . . . . . . . . . . . 259
K.1.3 Numerical Judgment Question-Verbatim Risk Estimate262
K.1.4 Numeracy Questions . . . . . . . . . . . . . . . . . . . 263
K.1.5 Need For Cognition Questions . . . . . . . . . . . . . 264
K.1.6 Demographics Questions . . . . . . . . . . . . . . . . 266

K.2 Survey Items for Study 2: Measuring Expert Judgment
Performances via Structured Expert Judgment . . . . . 269
K.2.1 Numerical Judgment Question . . . . . . . . . . . . . 269
K.2.2 Experimental Conditions . . . . . . . . . . . . . . . . 269
K.2.3 SEJ Questions . . . . . . . . . . . . . . . . . . . . . . 291
K.2.4 Numeracy, NFC, and Demographic Questions . . . . 293

Appendix L: Scree Plot for Factor Analysis 294

Appendix M: Likert Scale Mean Responses 295

Appendix N: Exploratory Factor Analysis Varimax Rotation 297

Appendix O: Distribution of Response Formats with respect to
each Experimental Conditions 299

xviii



List of Figures

2.1 Average Factor Scores . . . . . . . . . . . . . . . . . . . . . . . . 74
2.2 Risk estimates for MMOD penetration risk and mission loss . . 79

3.1 Random Expert Creation . . . . . . . . . . . . . . . . . . . . . . . 100
3.2 Average Statistical Accuracy Comparisons of Original vs. Random

Experts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
3.3 Standard Deviation of Statistical Accuracy Comparisons of Origi-

nal vs. Random Experts . . . . . . . . . . . . . . . . . . . . . . . 111
3.4 Maximum of Statistical Accuracy Comparisons of Original vs.

Random Experts . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
3.5 Minimum of Statistical Accuracy Comparisons of Original vs.

Random Experts . . . . . . . . . . . . . . . . . . . . . . . . . . . 113
3.6 Five Percentile Format Random Expert Performance Distributions

in terms of Average Statistical Accuracy Scores . . . . . . . . . . 116
3.7 Five Percentile Format Random Expert Performance Distributions

in terms of Standard Deviation of Statistical Accuracy Scores . 117
3.8 Five Percentile Format Random Expert Performance Distributions

in terms of Maximum Statistical Accuracy Scores . . . . . . . . 117
3.9 Five Percentile Format Random Expert Performance Distributions

in terms of Minimum Statistical Accuracy Scores . . . . . . . . 118

4.1 The slider for the risk estimate question from the survey . . . . 144
4.2 Average Gist Endorsements for Each Patient Scenario. . . . . . 151
4.3 Distribution of Probability estimates for recovery rates . . . . . 156
4.4 Histogram of Experts’ Number of Years of Experience Years in

Study 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
4.5 Histogram of Experts’ Number of Years of Experience Years in

Study 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176
4.6 Experts’ Average Numeracy Scores with respect to Response For-

mats . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177
4.7 Calibration Scores of the Non-Gist and Gist Groups . . . . . . . 183
4.8 Box plots of Decision Weights of the Non-Verbatim and Verbatim

Groups . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 184
4.9 Box plots of Median Accuracy Scores of the Non-Verbatim and

Verbatim Groups . . . . . . . . . . . . . . . . . . . . . . . . . . . 186

A.1 NASA survey experimental condition . . . . . . . . . . . . . . . . 221
A.2 NASA survey experimental condition . . . . . . . . . . . . . . . . 222
A.3 NASA survey experimental condition . . . . . . . . . . . . . . . . 224
A.4 NASA survey experimental condition . . . . . . . . . . . . . . . . 225

D.1 Scree Plot for EFA . . . . . . . . . . . . . . . . . . . . . . . . . . . 248

xix



K.1 Percentile rank visual . . . . . . . . . . . . . . . . . . . . . . . . . 271
K.2 Percentile rank visual with example . . . . . . . . . . . . . . . . 272
K.3 Verbatim condition treatment . . . . . . . . . . . . . . . . . . . . 274
K.4 Verbatim condition treatment . . . . . . . . . . . . . . . . . . . . 275
K.5 Verbatim condition treatment . . . . . . . . . . . . . . . . . . . . 280
K.6 Verbatim condition treatment . . . . . . . . . . . . . . . . . . . . 281
K.7 Decision Tree provided by the guidelines . . . . . . . . . . . . . 287
K.8 Decision Tree provided by the guidelines . . . . . . . . . . . . . 290

L.1 Scree Plot for the Factor Analysis . . . . . . . . . . . . . . . . . 294

O.1 Invalid response counts . . . . . . . . . . . . . . . . . . . . . . . 300

xx



List of Tables

2.1 Decision Problems in Two Scenarios . . . . . . . . . . . . . . . . 54
2.2 Statistics for NASA and Non-Expert Samples: Demographics and

Relevant Experience Characteristics . . . . . . . . . . . . . . . . 59
2.3 Average Endorsement Scores for the Risk Perception Items with

Respect to Each Sample . . . . . . . . . . . . . . . . . . . . . . . 60
2.3 Average Endorsement Scores for the Risk Perception Items with

Respect to Each Sample . . . . . . . . . . . . . . . . . . . . . . . 61
2.3 Average Endorsement Scores for the Risk Perception Items with

Respect to Each Sample . . . . . . . . . . . . . . . . . . . . . . . 62
2.3 Average Endorsement Scores for the Risk Perception Items with

Respect to Each Sample . . . . . . . . . . . . . . . . . . . . . . . 63
2.3 Average Endorsement Scores for the Risk Perception Items with

Respect to Each Sample . . . . . . . . . . . . . . . . . . . . . . . 64
2.3 Average Endorsement Scores for the Risk Perception Items with

Respect to Each Sample . . . . . . . . . . . . . . . . . . . . . . . 65
2.4 Standardized Loadings (Oblimin Rotation) . . . . . . . . . . . . . 66
2.4 Standardized Loadings (Oblimin Rotation) . . . . . . . . . . . . . 67
2.4 Standardized Loadings (Oblimin Rotation) . . . . . . . . . . . . . 68
2.4 Standardized Loadings (Oblimin Rotation) . . . . . . . . . . . . . 69
2.4 Standardized Loadings (Oblimin Rotation) . . . . . . . . . . . . . 70
2.4 Standardized Loadings (Oblimin Rotation) . . . . . . . . . . . . . 71
2.4 Standardized Loadings (Oblimin Rotation) . . . . . . . . . . . . . 72
2.5 Analysis of Variance Results for Effects of Expert/Knowledge

Groups (Oblimin Rotation) . . . . . . . . . . . . . . . . . . . . . . 73
2.6 Multiple Pairwise Comparisons via Tukey Test: Factor score dif-

ferences of sample pairs . . . . . . . . . . . . . . . . . . . . . . . 75
2.7 Summary of Logistic Regression Analyses for Variables Predicting

Risk Preferences of Two Decision Scenarios (N = 274) (Oblimin
rotation) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

3.1 Expert judgment studies are illustrated with the number of seed
variables and experts, and percentile formats . . . . . . . . . . 106

3.2 Calibration scores of the original experts for the three-percentile
format elicitation data . . . . . . . . . . . . . . . . . . . . . . . . 109

3.3 The percentage that original experts’ corresponding statistics
ranked higher than (lower for the minimum) those of the 1000
randomly created expert panels (the entire available data, in
three-percentile format) . . . . . . . . . . . . . . . . . . . . . . . 110

3.4 Calibration scores of the original experts for the five percentile
format elicitation data . . . . . . . . . . . . . . . . . . . . . . . . 115

xxi



3.5 The percentage that original experts’ corresponding statistics
ranked higher (lower for minimum) than those of the 1000 scram-
bled expert panels for five-percentile format elicitation data . . 116

4.1 Sample Characteristics . . . . . . . . . . . . . . . . . . . . . . . . 148
4.2 Exploratory Factor Analysis Loadings (Oblimin Rotation) . . . . 150
4.3 Correlations Among Gist Endorsements, Numeracy, NFC, Numer-

ical Judgment, and Experience Years . . . . . . . . . . . . . . . 152
4.4 Regression Analysis Summary for Patient Scenarios Predicting

Gist Factors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154
4.5 Ordinal Logistic Regression Results Predicting Risky Choice . . 158
4.6 Logistic Regression Results Predicting Hedging Tendency . . . . 162
4.7 Sample Characteristics . . . . . . . . . . . . . . . . . . . . . . . . 178
4.8 Distribution of Valid vs. Invalid Experts with respect to the

Experimental Conditions . . . . . . . . . . . . . . . . . . . . . . . 179
4.9 Distribution of Valid vs. Invalid Experts with respect to the

Experimental Conditions . . . . . . . . . . . . . . . . . . . . . . . 179
4.10 Correlations Among Experience, SEJ Metrics, and Individual

Differences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180
4.11 Logistic Regression model predicting experts’ validity . . . . . . 181
4.12 ANCOVA results for four expertise metrics for the “combined gist”

groups . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 185
4.13 ANCOVA results for four expertise metrics for the “combined

verbatim” groups . . . . . . . . . . . . . . . . . . . . . . . . . . . 185
4.14 Distribution of Expert Performances with respect to the Experi-

mental Conditions . . . . . . . . . . . . . . . . . . . . . . . . . . 187

D.1 Interfactor Correlation Matrix for Oblimin Rotation Exploratory
Factor Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 248

E.1 Means (Standard Deviations) of Demographics Variables of Each
Sample . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 249

E.2 Multiple Pairwise Comparisons via Equal-Variance t test Scores
for Demographics Variables of Samples . . . . . . . . . . . . . . 249

F.1 Analysis of Variance Results for Effects of Expert Knowledge
Groups (Varimax Rotation) . . . . . . . . . . . . . . . . . . . . . . 250

G.1 Multiple Pairwise Comparisons via Tukey Test: Factor score dif-
ferences of sample pairs for (Varimax Rotation) . . . . . . . . . . 251

H.1 Summary of Logistic Regression Analyses for Variables Predicting
Risk Preferences of Two Decision Scenarios (N = 274) Varimax
Rotation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 252

I.1 Correlation Matrix Among Predictors for Expert Sample (Pearson)253

xxii



I.2 Correlation Matrix Among Predictors for Non-expert Sample (Pear-
son) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 253

J.1 Data Collection Methodology: Data Sources, Launch Dates, and
Survey Responses . . . . . . . . . . . . . . . . . . . . . . . . . . . 254

M.1 Likert Scale Mean Responses . . . . . . . . . . . . . . . . . . . . 296

N.1 Exploratory Factor Analysis Loadings (Varimax Rotation) . . . . 298

O.1 Counts of Response Formats with respect to Each Experimental
Conditions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 299

xxiii



Chapter 1: Introduction

1.1 Introduction

Our lives are becoming what our great grandparents would consider science

fiction. Not too long ago, we designed vehicles to go to space; we invented

drugs to treat infections that used to kill thousands in one day, and now

we connect with the globe with just one ’click’. Socio-technical systems

are advancing at an unprecedented pace and associated problems involve

increasing risk. Simultaneously, technological advances of data collection

and processing are better supporting problem solving and decision making

under such complexity and risk. At first glance, one may think that the

advanced precision and abundance of data would be sufficient to improve

judgments. However, we argue, and research supports, that (e.g., Reyna,

2012) information, if not contextualized, is ineffective in solving problems

and making decisions. Therefore, more important than ever before is the

human cognition that can make sense of this decontextualized information

by disentangling the essence from the irrelevant details. Such judgment

processes which take the information and somehow harmonize it with

expertise is necessary to achieve better decision outcomes. What is needed

is refined judgment; that is experts’ judgment.

Imagine you are in a control room in a highly technical organization

such as NASA. You are observing a systems engineering expert who is

expected to make a decision about whether to launch a spacecraft into

the risky environment of space. On the numerous monitors in front her,

she could have access to as precise information as possible, risk estimates

with extreme precision, and sensory information collected each millisecond
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about dangerous tiny particles vagabonding in space. Will she press the go

button and launch the spacecraft? There may be numerous sophisticated

computational tools that are designed to support her decision. Despite

advanced decision support mechanisms, ultimately it is this expert who will

make sense of the decision information. There is always a human behind

“go buttons”: experts.

What is an expert? According to the online Oxford Dictionary, an expert

is “a person regarded or consulted as an authority on account of special skill,

training, or knowledge; a specialist (“Expert,” 2020). In the online Merriam-

Webster Dictionary, it is “one with the special skill or knowledge representing

mastery of a particular subject. (“Expert,” 2020). In the formal Turkish

dictionary, an expert is “a person who possesses a substantial amount

of knowledge, perspective, and skill on a given topic, competent” (trans.

Turkish, D. Marti (2020); “Uzman,” 2020). What do all these dictionary

definitions tell us about what expert means? They all agree on specific

phenomena ‘skills and knowledge,’ which implies that an expert is a person

who knows. Yet, the question that remains unclear is what skills and

knowledge we expect from experts. What does expertise stem from, knowing

a fact or knowing how to act based on a fact? What traits make an expert

an expert? How do experts perform the way they do? How does expertise

development influence experts’ judgments?

For centuries, scholars have attempted to address these questions. While

the concept of expertise has been of longstanding interest to the intellectual

community, it has been primarily studied by cognitive psychologists. These

scholars have strived to explore expertise from different lenses, such as

from the perspective of memory (e.g., Chase and Simon,1973) probability

judgment (e.g., Liberman and Tversky, 1993), and forecasting performance
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(e.g., Clemen, 1989). While these prior works had attempted to explain

factors influencing judgments, no study sufficiently explained the develop-

mental mechanism of expertise by making specific predictions about how

expert actually make judgments. Fuzzy Trace Theory addressed this gap by

focusing specifically on experts’ mental processes; drawing upon various

foundations of cognitive phenomena such as memory, information process-

ing, perception, and decision making. The theory disentangles judgments of

experts from those of non-experts and thus illuminates cognition of expert

judgment and expertise development.

According to Fuzzy Trace Theory, in general, people make judgments and

decisions based on a continuum of multiple levels mental representations,

namely verbatim and gist (V. F. Reyna, 2012). These representations are

encoded simultaneously, in parallel. While the former is the literal represen-

tation, capturing the surface form; the latter involves extracting the essence,

the bottom-line meaning, of the stimuli to the individual (V. F. Reyna &

Brainerd, 1995; V. F. Reyna, 2012). Verbatim is quantitative, detailed, and

superficial information while gist is a qualitative, simple, yet productive

form of mental representation (V. F. Reyna & Brainerd, 1991; V. F. Reyna,

2012; Broniatowski & Reyna, 2018). Suppose NASA’s risk estimate models

provide an output about a mission risk: 5.274652%. A decision maker

who is expected to make a decision based on that information will encode

it both in verbatim terms, 5.274652%, and in gist terms, ‘some risk (or

essentially no risk).’ In the context of a crewed mission, this risk number

may be encoded as ‘some risk,’ while in another context such as a satellite,

the same number may be encoded as ‘essentially no risk.’ Therefore, gist

is independent of verbatim and it is context dependent. Judging if that

number is ‘some’ vs ‘none,’ requires making meaningful connections about
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the context described and extracting relevant information. For example, in

a risky gamble which includes possible gains, an individual may attribute

meaning to numbers as ‘some gain’ or ‘no gain.’ Consider a risky gamble

between $10 sure gain vs. 50% chance of $20 and 50% chance $0. The

numeric information is encoded in qualitative terms as $10, $20, $0, and

50%. The first option, $10 sure gain, can be encoded as ‘gain some money

with some chance.’ The second option, 50% chance of $20 and 50% chance

$0, can be encoded as ‘gain some money with some chance or gain no

money with some chance.’ In this regard, the decision is made based on the

categorical contrast between ‘some gain’ and ‘no gain.’ Since ‘some gain’ is

superior to ‘no gain,’ individuals are expected to choose the first option. This

mechanism explains that categorical gist representations drive decisions.

Fuzzy Trace Theory posits that people prefer to rely on the least pre-

cise representation, the fuzziest representation that captures the global

meaning of the given information when making judgments, decisions, and

processing information. Even though the information is encoded in varying

levels of precision, it is the ‘fuzziest’ representation that people prefer to

process, when making decisions. Thus, this phenomenon is called the fuzzy

processing preference (V. F. Reyna & Brainerd, 1995, 2011; V. F. Reyna,

2012) and it increases as a result of developmental progress (V. F. Reyna

& Brainerd, 1995, 2011; V. F. Reyna, 2008; V. F. Reyna & Lloyd, 2006;

V. F. Reyna & Farley, 2006; V. F. Reyna & Kiernan, 1994; V. F. Reyna, 2012).

Consequently, according to Fuzzy Trace Theory, individuals rely more on

gist-based thinking as a result of their developmental progress (older people,

compared to younger, and experts, compared to novices, are developmentally

more advanced) (V. F. Reyna & Lloyd, 2006). Experts prefer to primarily

rely on such categorical contrasts. Therefore, Fuzzy Trace Theory predicts
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that the fuzzy processing preference increases as expertise increases. These

predictions have been tested in numerous studies across domains such

as in legal judgment, medical decision making, and intelligence (Hans &

Reyna, 2011; V. F. Reyna, Chick, Corbin, & Hsia, 2014).

These studies showed that experts made decisions based on fewer di-

mensions of risk information (cardiac risk). They also showed that fuzzy

processing preference leads to systematic reasoning fallacies (e.g., intelli-

gence, numeracy ratio, base rate neglect, interference processing). Empirical

evidence supporting Fuzzy Trace Theory’s predictions are counterintuitive.

One might expect that experts rely on the most precise information available.

Does that actually hold for highly numerate experts, such as engineers, who

solve quantitative decision problems by the nature of the domain? This is an

important research question to address, especially in science and engineer-

ing fields where most problems are grounded in advanced computations and

numerical data. In Chapter 2, we study experts at NASA to explore whether

their decisions are driven by fuzzy processing and the extent to which they

rely on their numerical judgments in solving engineering problems.

Experts’ greater fuzzy processing preference facilitates extracting mean-

ingful categorical judgments such as ‘some’ vs. ‘none’ in a more productive

manner, which often leads to better judgments. While the definition of ‘good

judgment’ has been a debate in scholarly dialogues in decision making

literature, according to Fuzzy Trace Theory, a judgment is considered to be

good when it leads to a desired outcome (e.g., a doctor’s judgment leading

to saving a patient). This approach is called the ‘correspondence’ approach

in the literature (Hammond, 2000, 1996), which, in a nutshell, evaluates

judgments by their correspondence to the real world, rather than to logical

axioms. In some decision making situations, where decision makers are
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expected to make numerical judgments that characterize the “real world” as

closely as possible, the correspondence of a judgment called calibration. The

term was initially introduced by cognitive psychology scholars (Lichtenstein,

Fischhoff, & Phillips, 1981). Judges or decision makers are considered

to be ‘well-calibrated’ when their judgments match with actual real world

outcomes or values. Scholars then transferred the concept calibration into

the expert judgment field to maximize the quality of expert elicitation data

(R. Cooke, 1991). The measure of calibration was formalized and integrated

in a protocol to measure expertise and combine experts’ judgments.

Fuzzy Trace Theory and Structured Expert Judgment (SEJ) both advocate

that expertise-based judgments correspond to real-life outcomes rather

than being solely consistent with norms and logical axioms. Specifically,

according to Fuzzy Trace Theory, expertise is related to the developmental

progress that leads to better decision outcomes (K. G. Ross, Shafer, & Klein,

2006; V. F. Reyna & Farley, 2006; V. F. Reyna, 2012). Unlike traditional

approaches that adhere to the coherence approach when defining good

judgments(Tversky & Kahneman, 1979), Fuzzy Trace Theory argues that

expertise-related gist processing, despite sometimes leading to incoherent

judgments, is more likely to correspond to reality. SEJ rewards judgments

that correspond to reality by assigning more weight to expert elicitations

that match real values of the quantity of interest. In Cooke’s own terms,

calibration, which is a measure of expertise, is the “correspondence with

reality” (R. M. Cooke & Goossens, 2008).

SEJ is one of the most widely used methods to characterize uncertainty.

It aims to produce high quality information to be used as inputs for decision-

making processes. The method relies on opinion combination by rewarding

the opinions of the experts whose judgments “correspond with the reality”.
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Its strength lies in capturing and measuring “good judgments”. Nonethe-

less, critics argue that expert opinions need not be combined based on

expert performance (e.g., calibration). Cooke and colleagues responded to

that critique with a cross validation approach, showing the validity of the

performance-based expert judgment approach. In Chapter 3, we join the

dialogue by testing the fundamental assumptions of the performance based

and equal-weighting based approaches.

The expert judgment literature often uses experts’ numerical judgments

and qualitative judgments interchangeably. In this dissertation, particularly

in Chapter 4, we disentangle these terms, building on two parallel streams

of literature to address an overarching research question. In that research,

we study medical doctors in the context of their antibiotic prescription

decisions. We explore the link between experts’ fuzzy processing preference

and judgments and decisions. Specifically, we investigate the extent to which

their gist (i.e., qualitative) and verbatim (i.e. quantitative) representation

of information influence their judgments. Hans, Helm, and Reyna showed

the interplay between qualitative and quantitative judgments (2018). In

what is called Hans-Reyna model, theoretically motivated by Fuzzy Trace

Theory, the authors show that people make qualitative judgments (they

prefer to encode information in the least precise form, i.e., fuzzy processing

preference), then construct numerical judgment that match that qualitative

judgment. In Chapter 4, we will test the predictions of the Hans-Reyna

model, exploring the distinct mechanism of numerical and risk judgments.

Overall, in this dissertation, we will build on the dialogue established by

prior scholars to advance our understanding of expert judgment, both in

theoretical and practical aspects. The dissertation aims to facilitate com-

munication between two strands of literature: widely used expert elicitation
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methods which rely on experts’ numerical judgment and theoretical mecha-

nism of cognition of expert judgment with fuzzy processing preference. Our

goal is to expand our understanding of the aforementioned two streams,

Fuzzy Trace Theory and SEJ, addressing their unique challenges and needs,

and exploring the practical and theoretical impacts of such investigation.

Encapsulating the insights from this study, we aim to move the scholarly

dialogue further to create meaningful synergistic products to understand

the concept of expertise.

Building on prior work both in cognitive psychology and the expert

elicitation literature, we aim to contribute to the centuries-long dialogue

about the phenomenon of expertise. Taken together, this dissertation aims

to answer the following research questions:

1. How do engineering design experts make decisions under risk?

2. How do those experts’ risk perceptions influence their design choices?

3. How do these decision making processes differ from those of nonex-

perts?

4. To what extent does expertise-based information transfer influence

nonexperts’ understanding of risk?

5. How should experts’ opinions be aggregated to ensure to best charac-

terize uncertainty in expert elicitation protocols?

6. How could expert elicitation be improved by theoretically motivated

information transfer interventions?

7. How do experts’ numerical judgments elicited in SEJ affect their actual

decisions?
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We provide empirical evidence on experts’ risk perceptions and decision-

making mechanisms in the context of sociotechnical system decision making.

We draw upon the leading cognitive psychology theory, Fuzzy Trace Theory

(V. F. Reyna, 2012) and the leading expert elicitation practice, Structured

Expert Judgment protocol (SEJ) (R. Cooke, 1991). We discuss best practices

to aggregate expert judgments. Also, we study the effect of numeracy

on medical experts’ risk perceptions and judgments as well as numerical

judgments of medical experts. We also test the fuzzy processing preference

of medical doctors in various risky scenarios and disentangle their gist-

based risk judgments from their numerical judgments in the context of

antibiotic prescription decisions.

Testing Fuzzy Trace theory’s predictions using different experimental

designs and studying two different expert samples, namely engineers and

medical doctors, allows us to strengthen our argument about the theory’s

predictions about experts judgments. Specifically, in the theoretically moti-

vated experimental studies discussed in Chapter 2 and Chapter 4, we show

how problems in two seemingly different fields—aerospace industry and

public health—can elucidate the underlying role of expertise in judgment

and decision-making processes. Weaving the commonalities and differences

together, the proposed research will allow us to gain insight into the overar-

ching phenomena underlying expertise. The broader impact of this research

is to shed light on the development of expertise and on experts’ roles in

solving today’s technical problems that are becoming increasingly complex.

Our work has several sources of novelty: (1) it is the first study that

analyzes engineers’ mental representations and technical decision making

via a Fuzzy Trace Theory approach (2) it provides a novel validation approach

to the Structured Expert Judgment protocol, (3) it merges two theoretical
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approaches about expert judgment; namely, a cognitive psychology theory,

Fuzzy Trace Theory, and a risk analysis model, the Structured Expert

Judgment protocol, (4) it compares and contrasts two seemingly disparate

expert decision making contexts, namely engineering decision making and

medical decision making, (5) it is the first Fuzzy Trace Theory-motivated

study that experimentally manipulates a decision scenario to examine

the effect on medical experts’ risk judgments and antibiotic prescription

decisions, (6) it compares different expert performance tasks (numerical

tasks and decisions) and indicators (such as feedback from the environment

and number of years of practice, and professional title).

These novelties contribute to scholarly dialogue about expert judgment

from an interdisciplinary perspective. We investigate how experts process

risk information, how their risk perceptions influence their judgments and

decisions, how numeracy and other cognitive traits mediate expert judg-

ment and decision making processes, and how expert judgments could be

improved by using cognitive psychology theories. Overall, the main objec-

tive of this dissertation is to explore, explain, and improve the underlying

mechanisms of expert judgments.

1.1.1 Dissertation Outline

This dissertation includes three main studies that specifically discuss how

these three studies are connected and how they contribute to our un-

derstanding of the overarching phenomenon of expertise from different

perspectives. As noted earlier, the present chapter, Chapter 1, provides

a relevant background that motivates three subsequent chapters of this

dissertation. Chapters 2, 3 and 4 will outline various designs to address

the research questions and include current and expected findings. Particu-
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larly, Chapter 2 introduces a study about exploring technical experts’ risk

perceptions and decision making processes in the context of engineering

systems. It focuses on the application of Fuzzy Trace Theory in experts’

decision processes for an engineering design problem. The manuscript of

this study provided in Chapter 2 has been written with my co-author Dr.

David A. Broniatowski. This manuscript was published in the Journal of

Systems Engineering (Marti & Broniatowski, 2020). Chapter 3 discusses

a validation approach for the Structured Expert Judgment method and

tests a specific hypothesis about the method’s effectiveness. The associated

manuscript presented in Chapter 3 has been written as a book chapter

with my co-authors Dr. Roger Cooke and Dr. Thomas Mazzuchi (Marti,

Mazzuchi, & Cooke, 2020). The manuscript is in press. Chapter 4 provides

an integrative approach, combining the studies discussed in Chapters 2

and 3. It discusses the use of Fuzzy Trace Theory in developing strategies

that enhance the Structure Expert Judgment method. Finally, Chapter 5

encapsulates existing and expected findings of the three studies introduced,

also provides future recommendations for research directions.

1.2 Literature Review

Scholars studying expert judgment have long discussed the definition of

expertise, dating back to the ancient philosophical discourses. Socrates and

Plato discussed techne (i.e. skills) and sophia (the knowledge, wisdom; see

(Amirault & Branson, 2006) for an overview of historical synthesis). They

discussed the extent to which these concepts, i.e., skill and knowledge, in

tandem are the determinants of one’s mastery. Numerous scholars, globally,

in numerous disciplines have striven to understand the concept expertise.

While the scholarly dialogue about expertise continued over several hun-
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dreds of years, those discussions lacked a systematic investigation of the

underlying mechanism of expertise development. Scholars have striven to

understand the factors underlying experts’ superior performance. While

it has been a genuine endeavor of centuries-long humankind’s intellectual

history, it was not until the 20th century that, upon the rise of the social

sciences, the phenomenon of expertise began to be rigorously investigated

(Cokely et al., 2018; Ericsson & Smith, 1991; Amirault & Branson, 2006).

Scholars, primarily cognitive psychologists, began to introduce theories

in order to define, measure, and test theories about expertise and expert

performance.

1.2.1 Expertise: Innate or Acquired?

The first attempts to formally theorize about expertise date back at least

to the 1940s. Scholars studied chess masters to explore expert cognition,

and specifically experts’ ability to recall information on the chess board

(De Groot, 2014; de Groot, 1946). One important key finding of this study

was that chess masters’ expertise was related to the number of complex

patterns (i.e., chunks) that they recalled (M. T. Chi, 2006). De Groot’s

findings suggested to some scholars, such as Pascual-Leone; H. Zuckerman;

Simonton, that experts innately possess exceptional memories and cognitive

capacity. For example, H. Zuckerman (1977) studied Nobel prize winners

and argued that expertise is related to one’s innate cognitive traits and

the formative environments in which knowledge and skills are cultivated.

Therefore, this, often called the absolute expertise approach, M. T. Chi

(2006) tacitly assumes that novices would not reach experts’ performance

levels unless they innately possess exceptional abilities, traits, or conditions

(Sosniak, 1985; Bloom, Sosniak, et al., 1985; Deakin, Côté, & Harvey, 2006;
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Simonton, 2006).

Chase and Simon challenged this absolute expertise approach by show-

ing the indifference between experts’ presumably inherent memory ability

and that of novices (1973). Chase and Simon studied chess masters’ mem-

ory performance (1973). These authors argue that experts recalled patterns,

not because they have a superior memory, but because they had encoded

these patterns in context. In particular, they recalled the configurations

that once produced “good moves.” Novices lack such pattern recognition

and, therefore, failed to recall those patterns, in turn leading to poorer

performance. The authors made this claim by giving chess masters ran-

domly created configurations, which were not meaningfully connected to the

players’ experience. Their study showed that chessmasters’ ability to recog-

nize random configurations became indistinguishable from that of novices.

This finding implied that experts’ ability to recognize and retrieve chunks

depends on meaningful past experiences. Subsequent studies (Charness,

1976) found that experts were still able to recall meaningful chunks even

though their short term memories were interrupted in an experimental

setting. All these findings shifted the paradigm of expertise studies by

challenging prior beliefs that assume experts have innate ability and greater

mental resources such as exceptional rote memory. This shift raised a

deeper question of whether expertise is innate or acquired.

If expertise is acquired, as scholars had begun to realize, then there has

to be a development mechanism. But how? Some argued that it is the

differences in knowledge that distinguish experts from novices, implying a

continuous spectrum of varying levels of expertise (M. T. Chi, 2006). Does

expertise develop simply as knowledge linearly accumulates? In other words,

is an expert one who knows more? This and similar questions led scholars
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to explore the link between expertise and knowledge. The assumption that

expertise could be acquired, and in turn, could be developed, implies that

experts and nonexperts do not differ in terms of individual differences such

as general intelligence or memory. Instead, what makes the difference

between an expert and a novice is the way that experts process, organize,

encode, and represent knowledge (P. J. Feltovich, Prietula, & Ericsson, 2006;

Amirault & Branson, 2006; Ericsson & Smith, 1991; Ericsson, Krampe, &

Tesch-Römer, 1993; Hoffman, 1998). Therefore, some scholars attributed

expertise development primarily to knowledge acquisition (M. T. Chi, 2006;

Egan & Schwartz, 1979; Charness, 1976; Salas & Klein, 2001; K. G. Ross

et al., 2006). As P. J. Feltovich et al. (2006) pointed out “Experts certainly

know more, but they also know differently.” How do they know differently?

Various studies have attempted to answer this question, focusing on

the cognition of knowledge acquisition and processing (P. J. Feltovich et

al., 2006). Yet, no study has sufficiently explained the underlying mecha-

nism of expertise development and experts’ cognition. Fuzzy Trace Theory

(V. F. Reyna, 2012), a leading decision making theory in developmental

and cognitive psychology, closed this gap by disentangling the distinction

between rote knowledge and expertise. Reyna and colleagues hypothesized

that expertise does not depend solely on the accumulation of knowledge, i.e.,

‘knowing more’ (V. Reyna, 2018; V. F. Reyna, 2012; V. F. Reyna & Brainerd,

1995). Rather, it is developed as individuals become better able to extract,

construct, and process information in their judgments. Expertise enables

individuals to identify relevant information and disentangle the relevant

from superficial details (V. F. Reyna & Lloyd, 2006). According to Fuzzy

Trace Theory, the key to expertise is gist-based thinking. Similar to other

approaches (M. T. Chi & Ceci, 1987), Fuzzy Trace Theory also posits that
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experts’ thinking encompasses a special cognitive mechanism of knowledge

representation (V. F. Reyna & Farley, 2006). However, Fuzzy Trace Theory

fundamentally differs in the sense of linking expertise to intuition-based

knowledge representation, i.e., gist-based representation.

1.2.2 The Main Tenets of Fuzzy Trace Theory

According to Fuzzy Trace Theory, there is a continuum of mental repre-

sentations ranging from precise verbatim on one end to a categorical gist

(the least precise representation) on the other. They manifest themselves

at different levels of precision (e.g., categorical, ordinal) in a hierarchy of

gist, i.e., continuum of mental representations. People reason, remember,

learn, forget, retrieve, judge, and make decisions based on gist and verbatim

(V. F. Reyna & Brainerd, 1995). Therefore, the underlying mechanism of

any decision making and judgment system depends on gist and verbatim

encoding (V. F. Reyna, 2012). While verbatim is concerned with the literal

details of the stimulus, gist captures the bottom line meaning of informa-

tion. Verbatim representations are encoded in quantitative and precise

terms. For example, a gamble with 5% chance of failure is encoded as in

verbatim terms,“5% chance.” (Broniatowski, 2018; Hans & Reyna, 2011).

Gist representations, on the other hand, are encoded in ‘fuzzy,’ terms, such

as encoding a specific numeric value in different qualitative categories

(e.g., some or none). These categories depend on subjective factors such

as individuals’ background, expertise, gender, culture, etc (V. F. Reyna &

Brainerd, 1995). Thus, a 20% chance could mean ‘some chance’ to one

individual while meaning ‘no chance’ to another (V. F. Reyna, 2012). Gist

representations are also context dependent. A 5% chance of failure would

be considered as ‘some chance of failure’ in a surgical operation context, yet

15



as ‘no chance of failure’ in playing Monopoly. Finally, gist representations

are relative (V. F. Reyna, 2012). A 5% chance of failure is ‘low’ compared to

50% of failure, yet ‘high’ compared to 0.5% of failure.

According to Fuzzy Trace Theory, people process and represent infor-

mation in gist and verbatim terms, simultaneously, yet independent of

each other. For example, an individual will simultaneously encode a 5%

chance both in verbatim terms, “5%”, and in gist terms, such as “some” or

“none”(V. F. Reyna & Brainerd, 2011). Verbatim and gist representations

stem from dual information processing modes, which develop and operate

independently (V. F. Reyna & Ellis, 1994; V. F. Reyna & Kiernan, 1994;

C. J. Brainerd, Reyna, & Zember, 2011). When processing information,

and in turn making decisions, individuals may assign different weights

to either representation, gist or verbatim, depending on individual differ-

ences (e.g., metacognitive monitoring or editing; (Broniatowski & Reyna,

2018). For example, numerically competent people may be more inclined

than non-numerate people to weigh verbatim representations more heavily

(Broniatowski & Reyna, 2018). While weights may vary from one person

to another, universally, individuals tend to prefer gist representations over

verbatim representations (i.e., fuzzy processing preference) (C. J. Brainerd

& Reyna, 2001). According to Fuzzy Trace Theory, people tend to rely on

the bottom line meaning of information and this tendency is revealed in

reasoning, judgment and decision making tasks

Suppose a patient is given a 5% chance of surgical failure for a medical

treatment. Depending on the individual’s consideration, this number could

be encoded as ‘some chance’ or ‘essentially no chance’. According to Fuzzy

Trace Theory, the patient’s decision whether to undertake a surgery or not

depends on the gist of that risk number. That individual is likely to decide
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to undertake the surgery if he or she encodes the risk as “essentially nil.”

Fuzzy Trace Theory’s predictions about the fuzzy processing preference have

been borne out in numerous experimental studies (Wolfe & Reyna, 2010;

V. F. Reyna, Lloyd, & Brainerd, 2003; C. J. Brainerd et al., 2011; V. F. Reyna

et al., 2014; Anthony, Williams, & LeCroy, 2014). According to Fuzzy Trace

Theory, this empirically supported concept, the fuzzy processing preference,

is mechanism underlyingmany cognitive biases (V. Reyna, 2018). V. F. Reyna

and Kiernan, for example, showed that adults, due to their tendency to rely

on qualitative thinking, were more likely to commit to judgment processes,

which traditional dual process theorists would consider as " heuristics

and biases" (1994). This was exemplified in research by Reyna et al., who

showed that intelligence experts reveal stronger risky-choice framing effects

than do students and aged-match nonexperts (V. F. Reyna et al., 2014).

Also, V. F. Reyna and Lloyd showed that cardiology experts systematically

confuse the overlapping risk classes, which led them to commit to probability

judgment errors (2006).

1.2.3 The Gist-Verbatim Dichotomy Echoes in Judgments

Fuzzy Trace Theory disentangles judgment fallacies (e.g., biases) that stem

from gist-based processing from those of verbatim processing, claiming

that these fallacies stem from distinct mental resources (Adam & Reyna,

2005; C. J. Brainerd, Reyna, & Mojardin, 1999; V. F. Reyna & Adam, 2003;

V. F. Reyna & Mills, 2007). Due to the independent nature of gist and

verbatim processing, the judgments, and associated fallacies, that stem

from gist and verbatim are also independent of each other (V. Reyna, 2018)

As discussed in (C. J. Brainerd et al., 2011), one may still reveal gist based

reasoning errors despite a reliance on their exact verbatim memories or
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their high numerical ability. For example, an individual could still commit

to cognitive biases even though he or she recalls the exact details of decision

information (i.e., verbatim memory) or she is competent in analytical pro-

cessing (such as medical experts due to their analytical training in Medical

School).

Even though individuals simultaneously process verbatim information

in parallel (Broniatowski & Reyna, 2018) such biases could occur due to gist

processing. Yet, some fallacies, depending on the nature of the task, may

depend on verbatim or gist-based processing (Mills, Reyna, & Estrada, 2008).

Some judgment fallacies occur in tasks that include rote memorization of

precise details or construction of precise estimates. In particular, when

tasks stimulate verbatim processing with specific cues the judgment errors

in these tasks are more related to verbatim processing, such as those

associated with computation errors or analytical failures (Mills et al., 2008).

According to Fuzzy Trace Theory, most judgment fallacies are grounded in

gist (e.g., the framing effect, denominator neglect, class inclusion, base rate

neglect, conjunction and disjunction errors, (V. F. Reyna, 2008; C. Brainerd,

Reyna, & Aydin, 2010; Wolfe & Reyna, 2010; C. J. Brainerd, Reyna, & Ceci,

2008; C. Brainerd, Reyna, Holliday, & Nakamura, 2012; V. F. Reyna &

Farley, 2006; V. F. Reyna, 2012; C. J. Brainerd et al., 2008)). According to

the Fuzzy Trace Theory, these biases occur not due to analytical failures

or lack of memorized verbatim details of the decision information, rather

they are caused by reliance on gist representations. In particular, biases

are related to the simple valenced representations, which are linked to the

semantics of information.

To illustrate, suppose an individual is given a classical risky gamble

problem which asks one to make a choice between two options: an option
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of "saving 200 people for sure or saving 600 people with 1=3 probability and

no people with 2=3 probability." (Tversky & Kahneman, 1981). According to

Fuzzy Trace Theory, these options are encoded both in verbatim and gist

representations, as the following (Broniatowski & Reyna, 2018):

• The most precise form, in verbatim terms–200 people will be saved

vs. 600 people will be saved with 1=3 probability and no people will be

saved with 2=3 probability.

• The intermediate form, in ordinal gist term–less chance that more are

saved and some chance that none are saved

• The least precise form, in categorical gist terms–some are saved with

some chance vs. some are saved with some chance

In order to make a choice, the individual could encode such information

in gist terms in categorical and ordinal levels and simultaneously compute

the numerical values (i.e., trade off the risk in a gamble; (Broniatowski &

Reyna, 2018; C. J. Brainerd et al., 2011). A numerically competent reasoner

could recognize that the options are identical in terms of their expected

values (1=3 x 600 people= 200 + 2=3 x 0 people in the risk option and 1 x

200 people = 200 people in the sure option). Despite the identical options,

many lab experiments showed that people tend to prefer the sure option

(see forthcoming discussion about the framing effect Section 1.2.6). When

these options are phrased in negative terms such as ‘losing lives’ instead of

‘saving lives,’ then people tend to choose the risky option. Why is that?

The answer lies in the Fuzzy Trace Theory’s fundamental tenets, namely

the distinct and meaningful categorical representations of the options. In

particular, the representation of the sure option (“saving some lives”) and

that of the risky option (“saving some lives vs. saving none”) leads to a
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categorical contrast between “some” vs. “none”. According to Fuzzy Trace

Theory, once the categories are encoded, emotional valences, such as good

vs. bad or pleasant vs. unpleasant, are attributed to these categories (Rivers,

Reyna, & Mills, 2008). The category ”saving some lives" is good and the

category “saving none” is bad. This mechanism between emotional valences

and categorical representation makes the sure option superior to the risky

option.

In sum, even though individuals recognize that the options are analyti-

cally identical, their intuitions are promoted by binary valences that guide

their decisions. Emotional valences are natural consequences of experience

(V. F. Reyna & Brainerd, 2011). According to Fuzzy Trace Theory, emotional

valences promote intuitions, which rely on “fuzzy traces”. The theory fur-

ther posits that these gist-based intuitions facilitate meaning-making and

thus appear when people attribute meaning to stimuli. The establishment

of intuitions occurs as a result of developmental mechanisms, which the

theory relates to advanced thinking.

1.2.4 Intuitions: Are They Primitive or Advanced?

According to Fuzzy Trace Theory, gist thinking is grounded in intuitions and

is developmentally advanced (V. F. Reyna & Brainerd, 1998; V. F. Reyna &

Farley, 2006; V. F. Reyna & Lloyd, 2006; V. F. Reyna & Hamilton, 2001).

In particular, gist-based intuitions are useful for protecting individuals

from catastrophic consequences of unnecessary risk-taking (V. F. Reyna

& Brainerd, 2011; C. Brainerd et al., 2010; Rivers et al., 2008; Mills et

al., 2008). It is worth noting that intuitions may sometimes contradict

the products of analytical thinking (i.e., mathematical norms, logical ax-

ioms; (V. F. Reyna, 2012). The theory postulates that intuitive thinking is
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gist-based, qualitative, fuzzy, and mechanistically distinct from analytical

thinking.

In this regard, Fuzzy Trace Theory challenges the assumptions and pre-

dictions of traditional dual process theories because these theories assume

that intuitive thinking is fast, primitive, and automatic, and therefore in-

ferior to analytical thinking. (Epstein, Pacini, Denes-Raj, & Heier, 1996;

Epstein, 1994; Tversky & Kahneman, 1981; Peters et al., 2006; Kahne-

man & Tversky, 1986) conceptualized the dichotomy between intuitive and

analytical thinking in their Prospect Theory (1992, 1979) by introducing

two terms: System 1 and System 2. System 1 corresponds to the primitive

mode of thinking. It is fast, unsophisticated and often leads to the initial

judgment. System 2, on the other hand, corresponds to advanced thinking,

which often needs to override System 1 to reach a good judgment (Tversky

& Kahneman, 1981). Echoing the concept of “dual systems,” many more

scholars discussed what advanced thinking is and how it is developed. For

example, Epstein (1994) introduced the “rational-experiential inventory

(REI),” which included two systems, namely experiential and rational inven-

tories. The former corresponds to intuitive thinking and is responsible for

impulsive decisions, and the latter corresponds to analytical thinking and

is responsible for rational decisions (much like Tversky and Kahneman’s

System 1 and System 2 concept). According to some scholars, (Stanovich

& West, 2008; Peters et al., 2006; Epstein, 1994), advanced thinking is

associated with a reliance on numerical and logical axioms, which therefore

leads novice reasoners to use “nonnumerical reasoning” (Peters, Slovic,

Västfjäll, & Mertz, 2008).

Scholars adopting these traditional dual approaches assume that in-

dividuals tend to make biased judgments that deviate from logical norms
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when they rely on intuitive thinking (Tversky & Kahneman, 1981). These

scholars further claim that such judgments (i.e, cognitive fallacies) could be

“corrected” when the advanced mode of thinking, namely analytical thinking,

overrides intuitive responses. All in all, they claim that poor judgments

occur due to a lack of analytical thinking (Peters et al., 2006). In other

words, one mode of the dualism would so-called "correct" the other one.

1.2.5 From a Noble Princess to a Nobel Prize

The concept of “dualism” between intuitive thinking (e.g., gist, System 1,

experiential inventory) and analytical thinking (e.g., verbatim, System 2,

rational inventory) has been a widely discussed topic in judgment, deci-

sion making, and reasoning. In fact, this dichotomy dates back to 17th

century philosophical arguments (V. F. Reyna, Nelson, Han, & Dieckmann,

2009; V. F. Reyna, 2012). Scholars have long discussed the ‘culprits’ of

poor thinking and judgment in the context of mind-body dualism (Stanford

Encyclopedia of Philosophy, 2017b). For example, Elisabeth, Princess Pala-

tine of Bohemia (1618–1680) (Stanford Encyclopedia of Philosophy, 2017b)

a polymath and philosopher (not the average Disney princess) discussed

the role of the mind in judgments with the philosopher René Descartes

(1596–1650) (Stanford Encyclopedia of Philosophy, 2017a, 2017b). This

debate about what constitutes a biased or poor judgment then spread to

other scholarly work in fields ranging from psychology to economics. In

the late 1970s, Kahneman and Tversky proposed Prospect Theory in which

they formalized individuals’ tendency to deviate from rational norms and

called such deviations biases (Tversky & Kahneman, 1981, 1979). This

theory, which was underpinned by psychological methods, won the Nobel

Prize in Economics and dramatically changed the discourse of judgment
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and decision making. Prospect Theory and subsequent dual process ap-

proaches attributed these biases to the lack of adherence to logical norms

and analytical thinking

1.2.6 Fantastic Biases and Where to Find Them?

According to Kahneman and Tversky (1981) biases emerge because intuitive

thinking leads to a distortion of numerical information. The authors de-

scribed this distortion with a mathematical function (i.e., the "S curve") in

Prospect Theory (Tversky & Kahneman, 1979) and in its successor, Cumu-

lative Prospect Theory (Tversky & Kahneman, 1992). These theories were

built on the fundamental assumptions of psychophysical principles, where

numbers are considered physical stimuli and their objective magnitudes

are perceived in a distorted manner by the observer. According to Prospect

Theory, analytical thinking would allow one to recognize these distortions

and make logically coherent judgments (Tversky & Kahneman, 1979). Thus,

relying on analytical thinking would “correct” biases, which would lead to

rational judgments.

Building on the assumption that these biases occur because people tend

to rely on fast and primitive thinking, Tversky and Kahneman tested the

predictions of Prospect Theory. In a well-known decision-making problem,

the so-called “Asian Disease Problem”, individuals were given a risky sce-

nario that involves combating a hypothetical disease (Tversky & Kahneman,

1981). The subjects received two options, one for which there was a sure

outcome and one for which the outcome was risky. The original text is as

follows and the results corresponding to each decision option are provided

in brackets.

“Imagine that the U.S. is preparing for the outbreak of an unusual Asian
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disease, which is expected to kill 600 people. Two alternative programs to

combat the disease have been proposed. Assume that the exact scientific

estimate of the consequences of the programs are as follows:

• Problem 1 [N=152] If Program A is adopted, 200 people will be saved.

[72 percent] If Program B is adopted, there is 1=3 probability that 600

people will be saved, and 2=3 probability that no people will be saved.

[28 percent] Which of the two programs would you favor?

• Problem 2 [N = 155] If Program C is adopted 400 people will die. [22

percent] If Program D is adopted there is 1=3 probability that nobody

will die, and 2=3 probability that 600 people will die. [78 percent] Which

of the two programs would you favor?”

Even though the expected values of these two options in Problem 1

and 2 were identical, many experiments showed that subjects revealed a

systematic pattern (Tversky & Kahneman, 1981): choosing the sure option

when the outcomes were presented as gains (i.e., gain frame), and choosing

the risky option when the outcomes were presented as losses (i.e., loss

frame). This paradigm is called the framing effect shows a shift in risk

preferences when information is presented in different frames (Tversky

& Kahneman, 1981). The framing effect illustrates that people become

more risk-averse when the information is presented in a gain frame, and

more risk-seeking when the information is presented in a loss frame. In

replicating variations of this experiment, many scholars demonstrated the

robustness of the framing effect (V. F. Reyna & Brainerd, 1991; Kühberger,

Schulte-Mecklenbeck, & Perner, 2002; Kühberger & Tanner, 2010) and

attributed its underlying source to poor analytical processing (Johnson

& Tversky, 1984; Levin & Hart, 2003; Levin, Schneider, & Gaeth, 1998).
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Despite these repeated replications, there was no significant work done

to test the fundamental assumptions that allowed for Prospect Theory’s

explanation of the framing effect. In particular, according to the traditional

dual process theories including Prospect Theory, cognitive biases (e.g., the

framing effect) stem from intuitive thinking because this type of thinking

interrupts the logical operation processes (Tversky & Kahneman, 1981;

Peters et al., 2006). For example, according to Prospect Theory biases

occur when numerical information is distorted by the individual, i.e., the

observer (Tversky & Kahneman, 1979; V. Reyna, 2018). The assumption

that poor judgments are due to numerical distortions was not rigorously

tested. “Biases” exist. But, where do they stem from?

1.2.7 Gist-based Distortions vs. Numerical Distortions

According to Fuzzy Trace Theory, biases occur due to gist-based judgments

(V. Reyna, 2018; V. F. Reyna, 2012, 1991; Wolfe & Reyna, 2010). In that

regard, Reyna and colleagues challenged Prospect Theory’s assumptions

of the standard dual process theories by arguing that biases occur not

due to numerical distortions at the numerical level, instead due to gist-

based distortions at the qualitative semantic level (V. F. Reyna & Brainerd,

1991). To illustrate, Fuzzy Trace Theory explains the framing effect by the

mental representations evoked by a stimulus, as opposed to literal numerical

information (or the distorted version of such numerical information).

The theory predicts that people encode risk information both in verbatim

and gist terms yet it is primarily the gist representation that drives decisions.

The gist about saving lives leads people to choose the sure option in the gain

frame and the gist about losing lives leads people to choose the risky option

in the loss frame, even though they encode the numerical information in
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verbatim terms.

In particular, the risky option is encoded both as "there is 1=3 probability

that 600 people will be saved, and 2=3 probability that no people will be

saved" (verbatim) and "some chance that some people will be saved, and

some chance that none will be saved" (gist). The categorical contrast between

some and none is incorporated with values for human lives because “saving

lives” is superior to “saving none.” The same mechanism that drives decision

makers to avoid the risky option in the gain frame also leads them to choose

the risky option in the loss frame. In other words, the contrast between

“some die” and “none die” led decision makers to avoid the option with “some

die.”

Reyna and colleagues systematically varied these categorical contrasts

in a lab experiment, giving subjects both the original and truncated ver-

sions of the Asian Disease Problem. In the truncated version, they removed

either the zero complement (e.g., 2=3 probability that no one will be saved)

or the nonzero complement (e.g., 1=3 probability that 600 people will be

saved). Note that when one complement is presented, the other complement

becomes numerically redundant (i.e., 1=3 probability that 600 people will be

saved already implies the 2=3 probability that no people will be saved). If the

framing effect occurred due to analytical failures, as Prospect Theory sug-

gests, removing one of the mathematically redundant (yet not semantically)

complements would not affect risk preferences. For example, removing the

quantity “zero,” such as in “no one will be saved,” will not make a difference

in the computations. The experimental data showed that removing the

"redundant" information does indeed make a difference in people’s risk

preferences. When subjects received the decision problem without the zero

complement, the framing effect diminished. On the contrary, when they
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received the decision problem without the nonzero complement, the framing

effect sharpened (V. F. Reyna & Brainerd, 1991; Kühberger & Tanner, 2010).

According to Fuzzy Trace Theory the removal of redundant information

would affect risk preferences because even when the removed information

is numerically redundant, its gist representation contributes to the cate-

gorical contrast. This effect, called the “truncation effect” demonstrates

that individuals encoded the information in verbatim and gist, but semantic

contrast between the truncated and remaining categories drove their risk

preferences despite the verbatim processing (C. J. Brainerd & Kingma, 1985;

C. J. Brainerd & Reyna, 1990).

In an experimental study, Reyna and Brainerd (1991) tested whether the

framing effect is related to the processing numerical information analytically.

The authors replaced the numerical information with their “qualitative gist”

representation. For example, the “200 people will be saved” statement in

the gain frame was replaced by “some people will be saved.” Similarly, the

“1=3 probability that 600 people will be saved and 2=3 probability that no one

will be saved” statement was replaced by “some chance that some people

will be saved and some chance that no people will be saved.” They removed

information both fully and partially (removing either only the probability

or only the decision outcome). In all three conditions, the framing effect

remained. In the condition where both information (i.e., probability and the

outcome) were deleted, framing effect not only remained, in fact sharpened.

Fuzzy Trace Theory attributes this effect, called nonnumerical framing, to

the reliance on semantic contrasts between risk categories (V. F. Reyna &

Brainerd, 1991; V. F. Reyna, 2012)
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1.2.8 “Experto Credite”

The semantic contrast that primarily drives judgments in turn may lead

to “cognitive biases” such as the framing effect. Fuzzy Trace Theory thus

predicts that experts may reveal more biases as a result of their greater

reliance on gist based thinking. “Experto credite” advises Virgil in his

masterpiece Aeneid: “Trust experts” (Williams et al., 1910). Should we still

trust them even if we expect them to make “biased” judgments?

Fuzzy Trace Theory expects that experts would commit to gist-based

biases more often as compared to novices, as a result of developmental

progress. Even though one may anticipate a decrease in biases as an

individual develops, Fuzzy Trace Theory’s predictions about expertise devel-

opment reverse the expectations. Thus, this concept is called developmental

reversal (V. F. Reyna & Lloyd, 2006; V. F. Reyna & Adam, 2003; Rivers et al.,

2008; V. F. Reyna & Farley, 2006; V. F. Reyna, 2008). Fuzzy Trace Theory’s

predictions about experts’ developmental reversal were tested and empiri-

cally supported in various other domains (V. F. Reyna, 2012; Adam & Reyna,

2005; V. F. Reyna, 2004; V. F. Reyna & Adam, 2003; V. F. Reyna & Lloyd,

2006; V. F. Reyna et al., 2014; Reed, Hans, & Reyna, 2018; Hans & Reyna,

2011). V. F. Reyna and Lloyd (2006)investigated experts’ developmental

reversals in a medical decision-making context. They analyzed cardiology

experts’ diagnostic decisions by studying a sample of experts, varying in

levels of expertise. The study showed that experts’ gist processing influences

their ability to identify the cardiac risk of their patients. On one hand, those

experts showed more cognitive biases (such as disjunctive fallacy). On the

other hand, they were better able to distinguish low-risk patients from high-

risk patients and thus made better decisions about discharging patients

(validated by a follow-up with the participant patients, cardiac risk cite).
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In another study, Reyna and colleagues showed that intelligence agents,

compared to non expert adults, were more likely to reveal the framing effect

(V. F. Reyna et al., 2014). These results and other research showed that

expert judgments, even though they were not necessarily coherent with

logical axioms, better correspond to real life outcomes.

According to Fuzzy Trace Theory, experts develop intuitions that are sup-

ported by gist-based processing and correspond to favorable real outcomes

(Adam & Reyna, 2005; Fraenkel et al., 2012; Fukukura, Ferguson, & Fujita,

2013; Wolfe et al., 2015; V. F. Reyna & Mills, 2014). The theory posits that

experts’ greater fuzzy processing preference helps them to retrieve the global

meaning in context, which often leads to better decision outcomes in real

life (V. F. Reyna & Lloyd, 2006; V. F. Reyna & Adam, 2003; V. F. Reyna &

Mills, 2014). Experts’ intuitions lead to protective judgments that prevent

“bad” things from happening, (i.e., catastrophic consequences, failures,

unnecessary risk taking), despite possibly lacking coherence with logical

axioms. This discrepancy between judgments’ correspondence to the real

world vs. their coherence to logical axioms raises the question: What is a

good judgment?

1.2.8.1 Goodness of judgment test

Building on the analogy of the “goodness of fit test” in statistics, "goodness

of judgment" can be evaluated by the discrepancy between what is expected

and what is observed in the real world. Then, the question arises: what is

expected?

Some scholars argue that what is expected is judgments’ adherence

to logical axioms. According to this approach, often called the coherence

approach, good judgments are expected to follow a set of rules such as
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"invariance axiom", which dictates that preferences should not vary depend-

ing on how options are phrased. For example, regardless of whether the

decision option is framed in gains or losses, all else being equal, a good

judgment is expected to reflect the same preference (Tversky & Kahneman,

1989). On the other hand, the correspondence approach would consider

what is expected in terms of real world outcomes. According to this ap-

proach, good judgments are expected to be externally consistent with reality

(V. F. Reyna & Farley, 2006; V. F. Reyna & Adam, 2003). In particular, in the

correspondence approach, what is expected is judgments’ correspondence

to reality. The “goodness of judgment” would be determined depending on

how that judgment corresponds to decision makers’ desired outcome in

reality. This desired outcome depends on why we need experts’ judgments

at the very first place. We may need experts to provide factual information

or take the best action based on that factual information.

1.2.8.2 Experts’ role in the correspondence approach: sources of de-

cisions vs. sources of information

In the correspondence approach, experts’ judgments could serve as sources

of decisions, the decisions themselves. Experts may be the ultimate decision

makers and are expected to know not only facts but also know how to act

based on facts. For example, a medical expert may be asked to make a

judgment about the most appropriate treatment based on what etiology he

considers to be the most likely for his patient. In this scenario, how can

one know if the doctor has made a good judgment? If the expert knows

what action to take based on the best of his knowledge, then his judgment

is expected to lead to the patient’s recovery. The goodness of judgments is

evaluated in terms of the outcome of the action.
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In other cases, expert judgments could be used as the sources of infor-

mation for future analyses. Specifically, experts are expected to elicit facts,

especially when these facts are difficult to observe empirically. They are

not expected to make the final decision rather their judgments influence

decision-makers. Experts provide information and this information is sys-

tematically used in informing decisions of analysts, managers, algorithms,

or maybe the President of the United States. In the SEJ, experts are asked

to provide a numerical judgment about certain variables that are critical for

policy decisions. Therefore, the primary purpose of the SEJ method is to

harness experts’ wisdom and operationalize it in order to produce scientific

decision input. For example, a medical expert may be asked to estimate the

base rates of a specific infection’s etiologies, which then would be used as

inputs in analyses to inform policies or risk management decisions. In this

scenario, how can one know if the doctor has made a good judgment? If the

expert knows the true values given his knowledge base, then his judgment

is expected to correspond to facts in reality (i.e., realizations). The goodness

of judgments is evaluated in terms of experts’ estimate’s proximity to the

actual numerical value.

1.2.9 Proximity to Realizations: Calibration

The judgment’s proximity to reality has been a topic that cognitive psychol-

ogy scholars have long discussed and operationalized. Lichtenstein and

colleagues introduced a term for this concept: “calibration” (Lichtenstein &

Fischhoff, 1977, 1980; Lichtenstein et al., 1981). In particular, the authors

stated that judgments are good if individuals are well-calibrated. Thus,

these scholars defined calibration as a measure of the match between in-

dividuals’ estimates and realization of the actual values. They argue that
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the calibration could be measured when an individual is given a numerical

judgment task, such as a series of specific percentile estimate questions.

For example, over a large number of estimation question sets, if 25% of

the actual values fall below the estimated 25th percentile value, then the

individual is considered to be well-calibrated.

It is important to note Lichtenstein and subsequent cognitive psychology

scholars have used the calibration metric for primarily theoretical rather

than practical functions. That is, calibration in cognitive psychology has

been used as a measurement in exploratory and confirmatory mechanisms

of cognition of judgment. Scholars in this discipline focus on exploring and

understanding how judgments are made.

A decade later, Cooke (1991), building on the discussions about cali-

bration, integrated this concept into a framework called Structured Expert

Judgment (SEJ), a method for aggregating experts’ judgments to produce

scientific inputs for policy and risk decision models. Cooke adapted the

measure of calibration and made it useful for solving real problems. Within

Cooke’s proposed framework, calibration was no longer solely a theoreti-

cal construct; it embodied a practical aspect. Cooke’s method, unlike the

cognitive psychology scholars’ approach, focuses on what judgments are

made.

SEJ addressed an important challenge in policy and risk analyses: pro-

ducing good expert judgment data when empirical data is scarce. Specifi-

cally, in the absence of data resources (due to technical, time, or monetary

considerations) experts may be asked to provide estimates in various forms

such as an outcome of an intervention, cost, quantity, or forecast. For

example, in a recent article by Bamber, Oppenheimer, Kopp, Aspinall, and

Cooke, experts were asked to estimate future sea-level rise under high car-
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bon emission scenarios by 2100 (2019). Naturally, such data could not

possibly be observed in today’s conditions, thus needed to be elicited by

well-calibrated experts.

SEJ provides a systematic approach for aggregating experts’ judgments

based on their performances. Before the SEJ methodology, experts had

been consulted for their judgments, yet there was no formal framework

for the analysts to follow regarding how to aggregate experts’ opinions.

SEJ has filled that gap as it measures experts’ judgment performance

and systematically combines expert judgments, thus rigorously producing

inputs for risk management practices. It is important for these inputs to be

high quality (reflecting the facts as close as possible) because they play a

vital role for informing analyses, decisions, and models under uncertainty,

especially when there is not sufficient data (R. Cooke, 1991; Hemming,

Walshe, Hanea, Fidler, & Burgman, 2018; Hemming, Burgman, Hanea,

McBride, & Wintle, 2018; A. M. Hanea, Burgman, & Hemming, 2018;

Aspinall, 2010; Ryan, Mazzuchi, Ryan, De la Cruz, & Cooke, 2012; Keeney

& Von Winterfeldt, 1989). Once experts’ judgments are elicited via the SEJ

protocol, analysts aggregate these judgments using a linear opinion pooling

approach (Ouchi, 2004). In this approach, judgments are aggregated based

on a linear weighted combination. That is, each expert receives a weight

based on their judgment performances and their judgments are multiplied

by these weights. The fundamental challenge that an analyst would face is

determining appropriate weights for the experts.

Should all experts be treated equally? Are all experts equal or are some

experts better than others? If so, by what criteria can one decide which

expert is better? Cooke aimed to address these questions via SEJ protocol,

which incorporates these judgment metrics to discern “good experts” from
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“bad experts” so that good judgments would be valued the most (1991).

Therefore, in this regard, the SEJ revolutionized expert judgment practices

by quantifying expertise using judgment performance metrics.

1.2.10 “Good Judgment” as a Metric of Expertise

The goal of Structured Expert Judgment is to ensure the quality of data by

discriminating between highly performing experts and poorly performing

experts. The elicitations of the experts who make “good judgments” are

valued more in the final aggregated elicitation data. In this performance-

based system, the protocol rewards high performing experts. Therefore, in

SEJ, “good judgments” are used as metrics of experts’ performances and

thus indicators of expertise.

Suppose basketball superstar LeBron James and I are in the same expert

panel to make judgments about GWU’s basketball team’s successful three-

pointers in the upcoming season. A sports analyst who will make decisions

about strategies for the next season would analyze the data provided by

LeBron James and I using SEJ protocol. According to the protocol, first, the

analyst needs to determine the “goodness” of our judgments as measured by

SEJ’s metrics. The goodness of judgments will determine the weights that

are assigned to my judgments and those of LeBron James. According to

SEJ, these weights should reflect our basketball expertise: LeBron James’s

opinions should receive a higher weight than mine (presumably?). It may

seem clear to the analyst that LeBron James’s opinion should be valued

more in the final aggregated outcome, but how could he articulate the

reason behind LeBron James’s superior expertise. He needs to rigorously

and reliably measure expertise.

Cooke introduced two metrics of expertise to determine performance-

34



based opinion weights, namely informativeness and calibration (1991).

Informativeness is the measure of experts’ marginal contribution to the

background knowledge (e.g., uniform distribution). Calibration is the mea-

sure of a match between the true value of an unknown quantity and the

expert’s elicitation for that quantity. In statistical terms, it is a measure of

the discrepancy between experts’ assessed frequencies and the predicted

frequencies (R. M. Cooke & Goossens, 2008). Ultimately, the SEJ protocol

formally measures these expertise metrics to maximize the quality of the

aggregated expert judgment data. The data obtained via SEJ is used for

informing decisions such as policy and risk analyses. The higher quality

the data is, the better-informed decisions are. Therefore, it is important to

explore best practices for combining expert opinions, which could improve

data quality, and thus could also improve decisions.

1.2.11 Relevance of the Literature Review to the Present Disserta-

tion

Expert judgments play an inescapable role in sociotechnical systems. There-

fore, understanding the underlying mechanisms of expert judgments is

crucial. These judgments would be the form of final decision or would

be used to inform decision making processes. While the topic is widely

discussed in many disciplines, in this dissertation, we focus on expert

judgments through the lens of two major streams: cognitive psychology,

specifically Fuzzy Trace Theory, and SEJ. In particular, we primarily con-

centrate on the theoretical foundations of experts’ cognitions of decision

making, by drawing upon Fuzzy Trace Theory. Additionally, we focus on

the challenges in SEJ practices. In the light of these discussions in the

literature, our review motivates the following research questions, which we
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aim to explore in the present dissertation:

• Definition of expertise: What does expertise mean?

• Operationalization of expertise: How are experts’ mental representa-

tions associated with different expertise measures (e.g., calibration,

number of years of experience in the subject matter, professional title,

number of citations, peer ranking)?

• The role of experts: How does role of experts drive the expert selection

process? (e.g., will experts play a role as an information source and/or

a decision-maker)?

• Expert input: How do experts’ inputs (e.g., a numerical judgment that

corresponds to the reality, a decision that leads to a good outcome,

a judgment that is consistent with logical axioms) drive the expert

selection process?
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Chapter 2: Does Gist Drive NASA Experts’ Design Decisions?

I wrote the manuscript of this chapter with my co-author Dr. David A.

Broniatowski. It is published on June, 4 2020 in the Journal of Systems

Engineering.

2.1 Introduction

Design engineers must frequently make choices with uncertain future con-

sequences. As technological complexity continues to increase, these choices

entail more risk. Expert engineers may have the ability to make sense of

this complexity, operating on simplified, yet productive, representations of a

design problem that capture the essence of the choice (V. F. Reyna & Adam,

2003; Adam & Reyna, 2005; V. F. Reyna & Lloyd, 2006).

There are rarely enough experts to go around. For example, the National

Aeronautics and Space Administration (NASA) has long struggled to recruit

and maintain a skilled, technically-capable workforce in the face of changing

national priorities (“NASA’s Efforts to ‘Rightsize’ Its Workforce,” (2017). Key

challenges include how to communicate expertise to new trainees.

2.1.1 Probabilistic Risk Assessment Communicates Quantitative In-

formation. . .

To address this challenge, decision support systems, based on quantitative

methods such as Probabilistic Risk Assessment (PRA), seek to more fully

inform design engineers of the set of possible consequences for their deci-

sions by generating precise representations of outcome probabilities. PRA

aims to provide proper risk management for every step within engineering
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designs, systematically analyzing risks of events that may lead to undesired

outcomes by combining information about the adversity levels of those

outcomes and the probabilities of their occurrences.

2.1.2 . . . But Data Are Often Lacking

Prior work notes that each step of a PRA requires a deliberate quantitative

analysis, which is often informed by relevant design-related evidence (Lough,

Stone, & Tumer, 2009; Henley & Kumamoto, 1992). However, there is often

not enough data to generate meaningful quantitative estimates of risky

design probabilities and outcomes, especially in the earliest stages of design

(VanWie, Bohm, Barrientos, Turner, & Stone, 2005). These early design

decisions have significant consequences for mission safety and risk (Lough

et al., 2009), with revisions typically entailing high costs at later design

phases. Often these early decisions are completely irreversible due to

technical difficulties, high monetary costs, or potentially intolerable delays

in design implementation.

Consider the risks of micrometeoroid impact: As NASA’s chief scientist for

orbital debris Nicholas Johnson put it: "With so much orbital debris, there

have been surprisingly few disastrous collisions" (Garcia, 2013). NASA has

not witnessed any significant incidents caused by micrometeoroids (freely

moving small natural particles) or orbital debris (freely moving fragments

from previous spacecrafts), both of which could cause mission failure. Thus,

data about collisions are lacking. When data are lacking, scholars advise

enhancing risk assessment models by incorporating archival data on past

failures, especially when design novices must make predictions regarding

the likelihoods of catastrophic outcomes (Altabbakh, Murray, Grantham, &

Damle, 2013; Lough et al., 2009). However, archival data are not always
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available. In the case of micrometeoroid impact, engineers can only draw on

only a few incidents related to micrometeoroid and orbital debris (MMOD)

damage when designing spacecraft (Liou & Johnson, 2006) none of which

resulted in significant damage or crew injury. In such cases, Tumer, Barri-

entos, and Mehr (2005) point out that PRA may be unreliable because data

are insufficient to perform robust statistical analyses.

2.1.3 How do Experts Make Decisions? Core Tenets of Fuzzy-Trace

Theory

Experts routinely make risky decisions in the absence of robust data.

We therefore seek to understand how expert designers make risky decisions,

how these decisions differ between experts and non-experts, and whether we

may be able to use these insights to improve decision-making by novices, es-

pecially when experts may not be available. Fuzzy-Trace Theory (V. F. Reyna,

2012), a leading theory of decision under risk, explains risky decisions as a

function of how subjects perceive analysis products (Broniatowski, 2019).

The key construct underlying Fuzzy-Trace Theory is the concept of multiple

levels of mental representation. A human subject, such as an expert engi-

neer, represents a stimulus, such as a design problem, in multiple ways,

simultaneously. These different mental representations vary in their preci-

sion in a manner analogous to scales of measurement (categorical, ordinal,

and interval (Stevens et al., 1946). Furthermore, different representations

have different impacts on decision.

2.1.3.1 Verbatim representations are precise, quantitative, and de-

contextualized.

The most precise representation, called a “verbatim representation,” re-

flects the literal exact details of the stimulus. For example, a verbatim
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representation of a probabilistic risk assessment (PRA) that generates an

output of 5% chance of mission failure is simply “a 5% chance of mission

failure”. Several studies have shown that such verbatim representations are

easily decontextualized, and therefore prone to misinterpretation, or simply

forgotten (see Reyna, 2012 for a review).

2.1.3.2 Gist representations are categorical, qualitative, and contex-

tualized.

The least precise mental representation that still makes a meaningful dis-

tinction is known as the “gist” of the risk, which captures the essential

bottom-line meaning of the information (V. F. Reyna & Brainerd, 1995;

V. F. Reyna, 2012). Gist depends heavily on context and background knowl-

edge, helping the human subject to derive meaning from the information

presented. For example, the gist of “a 5% chance of mission failure” may be

interpreted as “some chance of mission failure” or “essentially no chance of

mission failure” depending on context. To illustrate, most design engineers

would consider a rocket launch failure rate of 5% to be significant, espe-

cially if the mission is crewed. In contrast, most launch controllers might

consider a 5% chance of inclement weather to be negligible – “essentially

no chance” of missing a launch window – leading the controller to prepare

the rocket for launch. Therefore, the categorical gist representation of the

same probability number will differ significantly depending on the context.

2.1.3.3 Intermediate, ordinal gists are also used.

If a qualitative categorical gist is unable to distinguish between options (e.g.,

two designs may both offer “some chance of mission failure”), subjects may

still rely on a level of representation with intermediate precision. For exam-
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ple, an ordinal gist may encode a 5% chance as “high” or “low” depending on

the subject’s prior knowledge: if a 5% chance represents a rocket’s historical

failure rate, that number would be “high” compared to the most reliable

rocket alternatives (see data at “Space Launch,” (2019)). In contrast, 5%

might have been considered an acceptably low – yet still non-negligible –

failure rate when the Redstone rocket was under development in the 1950s

(McDougall, 1985).

2.1.3.4 Levels of mental representation are distinct and encoded in

parallel.

According to Fuzzy-Trace Theory, gist and verbatim representations are

encoded in parallel – meaning that gist representations are not derived

from verbatim representations. Furthermore, individuals reason, recall,

and prefer to rely on less precise representations when making decisions

(V. F. Reyna & Brainerd, 1995). This so-called fuzzy processing preference

(V. F. Reyna & Brainerd, 1995, 2011; V. F. Reyna, 2012) increases with

expertise (C. J. Brainerd et al., 2008; V. F. Reyna & Brainerd, 1995, 2011;

V. F. Reyna & Lloyd, 2006; V. F. Reyna & Ellis, 1994; V. F. Reyna, 2004)

such that experts, compared to non-experts or novices, are more likely to

rely on informed gist representations in their domain of expertise (Adam &

Reyna, 2005; V. F. Reyna & Lloyd, 2006; V. F. Reyna et al., 2003).

2.1.3.5 Values adjudicate between gist categories.

Once information is encoded in context-dependent gist categories, subjects

make decisions between categories based on simple values stored in long-

term memory (V. F. Reyna, 2004; Slovic, Finucane, Peters, & MacGregor,

2004). For example, a design engineer might have to decide between con-
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ducting additional tests to mitigate a small, but nevertheless non-negligible,

launch failure risk or accepting the risk of failure and preparing the rocket

for launch. Mission failure is bad; therefore, the engineer may prefer to con-

duct the additional test. Thus, these binary valences drive risk judgments

and decisions (V. F. Reyna & Brainerd, 1995, 2011; Broniatowski & Reyna,

2018).

2.1.3.6 Gist is developmentally advanced.

Gist is not simply “gut feeling”; neither is it “expert judgment” as defined

in, e.g., a Bayesian sense (R. Cooke, 1991). Indeed, prior research has

shown that experts often make decisions that lead to better outcomes

(V. Reyna, 2018) even though they may do so for what an external observer

may consider to be the “wrong reasons”. For example, someone who is

not familiar with the context of a decision may judge experts to be prone

to “irrational biases” such as violations of logical axioms (Adam & Reyna,

2005). However, gist representations of complex problems allow experts to

contextualize the most meaningful information given extensive background

knowledge (V. F. Reyna & Brainerd, 1995; V. F. Reyna, 2004; V. F. Reyna

& Adam, 2003; V. F. Reyna & Lloyd, 2006; V. F. Reyna & Farley, 2006;

C. J. Brainerd & Reyna, 2001).

2.1.3.7 Fuzzy-Trace Theory outperforms other leading theories.

According to Fuzzy-Trace Theory – and in contrast to the “heuristics and

biases” research paradigm (Tversky & Kahneman, 1983, 1981; Gilovich,

Griffin, & Kahneman, 2002), which casts intuition as fast yet primitive

– experts’ gists are developmentally-advanced and therefore “smart” (see

Reyna, 2012; 2018). Indeed, Broniatowski and Reyna (2018) show that for
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risky choice problems, Fuzzy Trace Theory is both more scientifically parsi-

monious and has more predictive accuracy than does Cumulative Prospect

Theory (CPT; (Tversky & Kahneman, 1992) – the leading theoretical account

in the heuristics and biases tradition. In brief, CPT and related heuristic

theories cannot account for key experimental effects such as the absence

or strengthening of framing effects when risky decision complements are

truncated, whereas Fuzzy-Trace Theory can.

Unlike the heuristics and biases literature, the recognition-primed deci-

sion making (RPD) model shares the notion of informed intuition with Fuzzy

Trace Theory; however, there are important differences. The key construct

of Fuzzy-Trace Theory, gist, is not simply recognition, as posited by RPD

(G. A. Klein, 1993; V. F. Reyna, 2012) . Empirical evidence indicates that the

level of mental representation (e.g., gist but also verbatim) itself is subject to

priming – such as when a medical decision-maker is given a problem with

a “medical” prime. However, verbatim representations can also be primed,

such as when the same medical decision-maker is given a “statistical” prime

(Christensen & Larson JR, 1993). Thus, Fuzzy Trace Theory recognizes

that priming can operate on both gist and verbatim levels of mental repre-

sentation, meaning that recognition, alone, is not sufficient to guarantee

that a decision will rely on expert intuition. Beyond rote recognition (i.e.,

a verbatim strategy), Fuzzy Trace Theory posits that decision makers rely

upon gist representations because they make sense and therefore provide

insight. Indeed, there is an extensive literature disentangling the effects of

verbatim recognition from gist recognition (C. J. Brainerd & Reyna, 2002;

V. F. Reyna & Brainerd, 1995; V. F. Reyna, 2012; V. F. Reyna & Brainerd,

1998; V. F. Reyna, Adam, Poirier, LeCray, & Brainerd, 2005) with subjects

recognizing both gist and verbatim representations in parallel, yet preferring
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to rely on the gist representation when making decisions.

2.1.3.8 Fuzzy-Trace Theory provides a theoretical grounding for de-

cisions in Systems Engineering

The tension between precise and qualitative techniques for represent-

ing risk is reflected in the 2007 revision of NASA’s Systems Engineering

Handbook (SEH; (Kapurch, 2010). For example, the Handbook states that

“In some projects, qualitative methods are adequate for making decisions;

in others, these methods are not precise enough to appropriately charac-

terize the magnitude of the problem, or to allocate scarce risk reduction

resources.” (p. 143). Fuzzy-Trace Theory navigates this tension by proposing

a hierarchy of gist, in which qualitative methods are relied upon when they

make meaningful distinctions, but precise methods are used when no such

distinctions can be made.

2.1.4 The Systems Engineering Handbook privileges quantitative risk

assessment.

The SEH seems to privilege quantitative approaches, advising that “In all

but the simplest systems, [risk assessment] requires the use of detailed

models to capture the important scenarios, to assess consequences, and to

systematically quantify scenario likelihoods.” (p. 141). Similarly, the NASA’s

Risk Management Handbook states that

...quantification allows managers to discover the drivers of the

total risk and find the interactions and dependencies among their

causes, mitigations, and impacts across all parts of the program’s

organization. In addition, quantification supports the optimiza-

tion of constrained resources, leading to greater affordability. (p.
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xvi)

In addition, the NASA Probabilistic Risk Assessment Procedures Guide

for NASA Managers and Practitioners notes that “... top level NASA policy

documents (Dezfuli, 2010) have begun to call for increasingly quantitative

approaches to managing risk at the Agency level . . . ” (Stamatelatos et al.,

2011) p. 1-2).

2.1.5 The Risk-Informed Decision Making Handbook recognizes the

importance of context.

For the most consequential decisions, NASA’s Risk-Informed Decision Mak-

ing (RIDM) Handbook acknowledges the limitations of verbatim approaches,

stating that

...decision making is an inherently subjective, values-based en-

terprise. In the face of complex decision making involving mul-

tiple competing objectives, the cumulative wisdom provided by

experienced personnel is essential for integrating technical and

nontechnical factors to produce sound decisions.. (Dezfuli et al.,

2010) p. 12).

RIDM calls for risks to be evaluated over a triplet of diverse scenarios,

probability, and consequences (Stamatelatos et al., 2011). The risk triplet

is typically defined as: (1) What can go wrong? (2) How likely is it? and (3)

What are the consequences? For example, penetration would be the thing

that can go wrong; how likely refers to how likely is penetration to occur;

and the consequences would refer to sequelae, such as mission loss (Kaplan

& Garrick, 1981). Additionally, the handbook states that each element of

this triple may be qualitative or quantitative). This implicitly requires that
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precise risk and outcome numbers nevertheless be interpreted in context.

Additionally, RIDM recognizes the existence of competing types of risks:

safety, schedule, and cost, each of which must be assessed relative to some

scenario, such as “scenarios leading to injury, fatality, destruction of key

assets; scenarios leading to exceedance of mass limits; scenarios leading to

cost overruns; scenarios leading to schedule slippage” (Dezfuli et al., 2010).

2.1.6 Does Fuzzy-Trace Theory describe decision-making by expert

engineers?

Fuzzy-Trace Theory agrees with the RIDM literature to the extent that it also

recognize that the triplet of probability, consequence, and context must be

evaluated as an ensemble. However, our novel contribution is that we show

how these elements are incorporated into a unified mental representation

– i.e., a categorical gist – which is distinct from the verbatim numerical

elements themselves. Furthermore, Fuzzy-Trace Theory posits that this

categorical gist, more so than the verbatim representation of the triplet, is

what drives decision-making.

If experts do indeed prefer to rely primarily on qualitative, rather than

quantitative, risk assessments, increasingly precise models may not re-

flect experts’ mental representations. Although traditional quantitative

approaches may trade different types of risks against one another (the

so-called “iron triangle”), experts may evaluate design information more

holistically, rather than solely concentrating on the quantitative information

that is given to them. To the extent that experts make better decisions,

such techniques may be suboptimal if their results are not communicated

appropriately.

Prior work has shown that several of the key decision effects explained
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by Fuzzy-Trace Theory (such as risky choice framing), are attenuated for

subjects with relevant individual differences, such as numeracy (i.e., mathe-

matical literacy;(Broniatowski & Reyna, 2018; Liberali, Reyna, Furlan, Stein,

& Pardo, 2012; Peters & Levin, 2008). Although recent studies support

Fuzzy-Trace Theory’s prediction that experts rely on gist-based thinking

across a range of domains, one might think that engineers with extensive

quantitative training would rely more on quantitative information, and less

on qualitative gists, when making decisions (Hans & Reyna, 2011; Corbin,

Reyna, Weldon, & Brainerd, 2015; V. F. Reyna & Mills, 2014; V. F. Reyna

& Lloyd, 2006; V. F. Reyna et al., 2014). Here, we seek to test Fuzzy-Trace

Theory’s predictions in a quantitative engineering domain where expert

subjects’ mathematical abilities are a prerequisite for their jobs.

2.2 Problem Context: Micrometeoroid and Orbital Debris (MMOD)

The specific focus of this paper is on an issue that requires extensive exper-

tise in judging probabilistic stimuli when making design decisions under

risk: whether or not to include shielding to protect against Micrometeoroid

and Orbital Debris (MMOD) impact in the Low Earth Orbit (LEO) space

environment.

MMOD consists of small particles of meteoroids as well as manmade

orbital debris moving extremely fast in space, and has been characterized

as “. . . the number one risk for NASA’s human spaceflight programs.” (NASA

Engineering and Safety Technical Update,2018). Indeed, the National Re-

search Council (2011) notes that the “current orbital debris environment

has already reached a ‘tipping point.’” Thus, it is important to understand

how the risks of the MMOD environment are reflected in mission design

decisions, and under what circumstances expert design engineers choose
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to mitigate, or accept, the associated risks.

Some MMOD particles are too small to detect, and therefore avoid, using

orbital station keeping maneuvers, while still possessing enough energy

to cause significant damage to a spacecraft in the event of a collision.

Such MMOD penetrations constitute a serious threat to mission safety

(Christiansen, Nagy, Lear, & Prior, 2009) Because these particles are too

small to track, leading models are probabilistic by necessity. Most commonly

used techniques for mitigating the risk of MMOD strike include protective

shielding – e.g., Whipple shielding – that can slow down MMOD before

they penetrate mission critical systems. Other mitigation strategies, such

as leak detections may be ineffective when there is a damage to a critical

component or an abrupt explosion due to an impactful penetration. However,

this shielding must either increase the total mass of the spacecraft (typically

increasing costs by tens of thousands of dollars per kilogram) or be deducted

from the spacecraft’s mass budget. Mission designers must therefore make

a choice between two classes of options: 1) including shielding and paying

a cost, in kilograms, to protect against potential MMOD strikes; 2) foregoing

shielding and exposing the spacecraft to the possibility of a catastrophic

MMOD strike.

2.3 Relevant Terminology

For clarity, we summarize relevant terminology:

• Risk: Per the NASA Systems Engineering Handbook,

Risk is a measure of the inability to achieve overall pro-

gram objectives within defined cost, schedule, and techni-

cal constraints and has two components: (1) the probability
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of failing to achieve a particular outcome and (2) the conse-

quences/impacts of failing to achieve that outcome. (Kapurch,

2010) p. 139).

Some definitions of risk (e.g., in the RIDM handbook) also include a

scenario to contextualize these probabilities and consequences.

• Gist: the qualitative, often categorical interpretation of a risk in context.

“Gist is a symbolic, mental representation of the stimulus that captures

meaning.” (V. F. Reyna, 2012)

• Verbatim: the precise symbolic representation of probability and out-

come assessments, such as the quantities that might be generated

from a PRA.

• Managing risk: taking action to reduce exposure to risk.

• Accepting risk: deciding not to manage a given risk, that is, choosing

an option that “plays the odds.”

2.4 Hypotheses

The above discussion motivates several hypotheses regarding the role of

mental representation in MMOD design decisions:

Hypothesis 1 - Multiple Levels of Mental Representation.Gist and

verbatim mental representations of MMOD risk are distinct and encoded in

parallel by both experts and nonexperts.

Hypothesis 2 - Fuzzy Processing Preference. Gist representations are

more predictive of design decision outcomes than are verbatim representa-

tions.
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Beyond these two hypotheses suggested by Fuzzy-Trace Theory, we also

disentangle two similar yet distinct concepts, expertise and knowledge. One

might argue that perception of risk may be affected by simple access to

verbatim factual knowledge. In contrast, Fuzzy-Trace Theory predicts that

decontextualized knowledge will not change risk perceptions unless it can

be meaningfully interpreted – i.e., unless it communicates a gist.

Hypothesis 3 - Gist Transfer. Providing non-experts with verbatim

information will not change their gists; providing them with a bottom-line

meaning will.

2.5 Method

We conducted an observational study using a “patched up” design (Campbell

& Stanley, 2015) to assess our hypotheses across 1) a sample of MMOD

experts (the “expert sample”), and 2) an online sample (the “non-expert

sample”). Our study was approved by The George Washington University

Institutional Review Board (IRB # 011740).

2.5.1 Participants

Subjects in the expert sample were administered an online survey between

March 20 and September 29, 2017, using Qualtrics survey software. Sub-

jects were a convenience sample of NASA employees with expertise in de-

signing missions for, and evaluating the risks of, the MMOD environment.

Experts were invited to participate by email sent via a current NASA con-

tractor. One reminder was sent. Recruitment sites included Johnson Space

Center in Houston, TX; Goddard Space Flight Center in Greenbelt, MD;

Marshall Space Flight Center in Huntsville, AL; Kennedy Space Center on

Merritt Island, FL; Jet Propulsion Laboratory in Los Angeles, CA; NASA
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Headquarters in Washington, DC; Langley Research Center in Hampton,

VA, and Ames Research Center in Moffett Field, CA. Expert subjects each

received a $10 gift card upon completion of the survey.

We collected a second sample without expertise in designing or analyzing

the MMOD environment for comparison. Subjects in this non-expert sample

were administered the same survey (with minor modifications, see below)

between September 23, and October 18, 2017. Subjects were recruited

using the Amazon Mechanical Turk (AMT) online marketplace. Subjects

were eligible to participate if they lived in the United States, were at least 18

years old, and had a prior AMT task approval rate of at least 95%. Subjects

in the non-expert sample received $2 for successful completion of the survey.

2.5.2 Procedure and Materials

All subjects in both samples completed a survey consisting of three sets of

questions: (1) two binary risky choice problems involving design decisions

for a hypothetical spacecraft, (2) 52 items designed to measure subjects’ gist

and verbatim mental representations, and (3) ) two individual-differences

scales, psychometric measures that have been previously associated with

risky decision-making in other contexts (specifically, sensation-seeking

scales, a measure for tendency to risk taking, by M. Zuckerman (2010) and

the Cognitive Reflection Test by (Frederick, 2005) and demographic ques-

tions including age, level of education, race/ethnicity, years of professional

experience, and, for the expert sample, NASA center and level of expertise

(measured by number of years in the aerospace industry, self-reported recall

of a major failure, and self-reported prior work experience with a mission

failure).

Beyond the survey and decision-problems shown to the expert sample,
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subjects in the non-expert sample were randomly assigned into one of three

experimental conditions: (1) a “Verbatim only” group, in which subjects

received a short scenario, derived from NASA’s Handbook for Designing

MMOD Protection (Christiansen et al., 2009) describing the risks of the

MMOD environment in detailed terms (including the probability and impact

of MMOD strikes, see Appendix 5 , (2) a “Gist + Verbatim” group, in which

the subjects received the same detailed scenario, and also a short text

communicating the following bottom-line meaning in non-compensatory,

categorical terms: “Collision withMMOD particles can cause serious damage

or catastrophic failure to spacecraft or satellites and is a life-threatening

risk to astronauts conducting extra-vehicular activities in space. Providing

effective and efficient MMOD protection is essential for ensuring safe and

successful operations of spacecraft and satellites. Unnecessary MMOD

shielding is costly” (Appendix 5) and, (3) a control group, in which subjects

received no additional information.

2.5.2.1 Decision Problems

We included two binary risky choices designed to assess subjects’ prefer-

ences for taking costly protective action against MMOD strikes. Table 2.1

shows the risky choice problems describing hypothetical cargo missions in

which subjects had to choose whether to include shielding in the design of

the spacecraft, mitigating the risk of MMOD strike but at the cost of cargo

capacity. Both problems entail a choice between a sure option (accepting

the risk of MMOD strike) and a risky option (mitigating the risk of MMOD

strike) with identical expected values as in classical binary risky choice

problems (Tversky & Kahneman, 1981). The “Pay High Cost or Face High

Risk” problem was modeled on the “Asian Disease Problem” (Tversky &
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Kahneman, 1981) – a binary risky choice task that is frequently used in

experimental studies. In addition, we included a second “Pay Low Cost or

Face Low Risk” problem in which we used risk numbers that correspond

roughly to NASA’s 10-year MMOD strike risk estimates for the International

Space Station (ISS) as described by (Christiansen et al., 2009). Here, the

mission failure risk is comparatively low (i.e., 10%).

Each subject received both decision problems in a random order with

frame manipulated between subjects to avoid comparisons between frames

(LeBoeuf & Shafir, 2003; Broniatowski & Reyna, 2018). Subjects were also

asked to provide written justifications for their responses. (They were unable

to change their responses after writing their justifications, thus mitigat-

ing the possibility that such justifications would change their responses,

(Takemura, 1993, 1994).

Subjects in the expert and non-expert samples received slightly different

versions of these two decision problems: to ensure that the stimulus was

not worded in a manner that was too technical for the non-expert sample,

we simplified some terms in their stimuli and put explanations for some

terminology in parentheses (Table 2.1).

2.5.2.2 Risk Perception Survey: Gist and Verbatim Measures.

Next, subjects were asked a series of questions indexing their perceptions

of the risks associated with MMOD strikes. These questions are listed in

Table 2.3 along with the mean and standard deviation of responses for each

of our 52 items broken down by subsample. Each question was based on

published literature in other contexts (Broniatowski, Klein, & Reyna, 2015;

Broniatowski et al., 2018; C. J. Brainerd & Reyna, 2001; V. F. Reyna et

al., 2011) or semi-structured interviews (see Appendix A.3 for the interview
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Table 2.1: Decision Problems in Two Scenarios

The “Pay Low Cost or Face Low Risk” Scenario
Imagine that you are working on the design of a cargo spacecraft, which,
in the current design analysis cycle is expected to have a scientific payload
downmass capacity (the amount of material the spacecraft can bring back to Earth)
of 3000 kg. You are asked to decide whether to include MMOD shielding
on the cargo spacecraft or not. Two alternative design choices have been proposed.
Please indicate your design choice below.
Assume that the exact engineering estimates of the design choices are as follows:
A) Include MMOD shielding.
The spacecraft will[have 2700 kg/lose 300 kg]
of scientific payload downmass capacity
B)Do not include MMOD shielding.
There is a 90% probability that the spacecraft downmass capacity will
[be 3000 kg/lose no]scientific payload downmass, and a 10% probability
that the spacecraft will[have no/lose 3000 kg of]
scientific payload downmasscapacity due to penetration by MMOD during
the mission’s docked period.
The “Pay High Cost or Face High Risk” Scenario
Imagine that you are working on the design of a cargo spacecraft, which,
in the current design analysis cycle is expected to have a scientific payload
downmass capacity(the amount of material the spacecraft can bring back to Earth)
of 600 kg. You are asked to decide whether to include MMOD shielding
on the cargo spacecraft or not. Two alternative design choices have been proposed.
Please indicate your design choice below.
Assume that the exact engineering estimates of the design choices are as follows:
A) Include MMOD shielding.
The spacecraft will [have 200 kg/lose 400 kg]
of scientific payload downmass capacity
B) Do not include MMOD shielding.
There is a 1/3 probability that the spacecraft downmass capacity will
[be 600 kg/lose no] scientific payload downmass, and a 2/3 probability
that the spacecraft will [have no/lose 600 kg of])
scientific payload downmass capacity due to penetration by MMOD
during the mission’s docked period

Note. Both scenarios include a certain option (i.e., adding shielding to
the design) and a risky option (i.e., adopting the current design with no
shielding). These options were presented to subjects framed either as a
default state (the first item in the bracket) or as a loss (the second item in
the bracket). Text that is underlined was included in the non-expert sample
survey.
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protocol) with NASAMMOD experts, including questions focusing on experts’

risk perceptions and their confidence in analytical risk estimation methods.

Some of these items were designed to evoke precise verbatim details whereas

others indexed general gists, focusing on global cues and qualitative risk

assessments (Mills et al., 2008). As in the decision problems, the wording of

some questions differed slightly between the non-expert and expert samples

to ensure that the questions were comprehensible to the non-expert sample

(see Appendix B and C). In addition, in the non-expert sample, subjects also

answered 3 “attention check” questions designed to filter out inattentive

participants on AMT.

2.5.2.3 Verbatim measures

The verbatim items were presented in two different formats: (1) specific

risk, where the subjects were asked to indicate to what extent they agree

with statements containing precise details about the risks of MMOD strikes

using a seven point Likert scale ranging from Strongly Disagree to Strongly

Agree, and (2) quantitative risk assessments, where subjects were asked to

use a slider to provide a specific probability number indicating the risks of

MMOD penetration and mission loss (see Table 2.3).

2.5.2.4 Gist measures

Gist measures are intended to capture the global meaning of risk information

(Table 2.3). Thus, subjects were asked to indicate to what extent they endorse

categorical statements using a seven-point Likert scale items ranging from

Strongly Disagree (-3) to Strongly Agree (+3). Two gist questions, namely

global risk and global cost, were measured on a scale of low, medium, and

high. The gist statements were derived from previous work (Broniatowski
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et al., 2015; Mills et al., 2008; Christiansen et al., 2009) and modified to

be relevant to the MMOD design context after being informed by a series

of interviews with NASA experts. We identified specific gists pertaining

to perceptions of the probability of MMOD strike and the cost (in kg) of

shielding (in each case, either significant or essentially nil; Stone, Yates,

Parker, 1995). Shifts in these gists are consistent with individuals adopting

either a protective approach that suggests including shielding (mitigating the

risk), or a nonprotective approach that suggests a design without shielding

(accepting the risk). In addition, we derived a series of items from prior

literature designed to index general gist principles (V. F. Reyna & Brainerd,

2011). (In practice, several of these items indexed schedule risks – i.e., they

were worded in a manner indexing respondents’ willingness to postpone a

mission if doing so would mitigate other risks.)

2.6 Data Analysis Methodology

First, we analyzed the average endorsements of each of the 52 risk perception

items. Then, we examined the main demographics of the participants in

order to explore the sample characteristics. Rather than compare expert

and non-expert groups on all 52 questions, we conducted an Exploratory

Factor Analysis (EFA) to determine whether the questions tapped a smaller

number of distinct dimensions of risk perception. That is, EFA allowed us

to identify groups of questions that were answered similarly across subjects

(both expert and non-expert subjects). EFA was done on all 52 survey

items. We then examined factors extracted to identify common gist and

verbatim themes underlying responses. There was no forced extraction of

components. The number of factors retained in the EFA was determined by

minimizing Schwarz’s (1978) Bayesian Information Criterion (BIC; Appendix
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D). Results were robust across multiple methodologies (Fabrigar, Wegener,

MacCallum, & Strahan, 1999) EFA was conducted using the “psych” package

in R Version 3.5.3 with an oblimin rotation. Results replicated qualitatively

when using a varimax rotation (see Table D.1 for varimax results).

Next, we conducted multiple analyses of variance (ANOVAs) to examine

the effects of knowledge treatment (control, verbatim, and gist +verbatim)

and expertise on gist and verbatim endorsement as measured by factor

scores and item responses. We followed up this analysis with a posthoc

Tukey test to analyze pairwise comparisons. The independent variable

was the sample group, consisting of four levels (NASA experts, control,

verbatim only, and gist+verbatim). We conducted four ANOVAs for which

the dependent variables were the four factors extracted from EFA.

Finally, we conducted two logistic regression analyses (one for each

decision scenario) to determine which of the factors identified in the EFA

predicted subjects’ risky choices in the hypothetical design scenarios. One

regression model was fit for each of the two scenarios: the “Pay High Cost or

Face High Risk” scenario and the “Pay Low Cost or Face Low Risk” scenario.

The dependent variable ertr subjects’ risky choices (encoded either 0 or 1).

Independent variables were the four EFA factors. We also controlled for

Sensation Seeking and CRT. We investigated differences between experts

as well as both intervention groups (the verbatim only and gist + verbatim

groups) relative to control subjects, controlling for sensation seeking and

Cognitive Reflection test scores.
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2.7 Results

2.7.1 Sample Characteristics

In the non-expert sample, data were collected for 268 subjects, of whom 233

(87%) answered all attention check questions correctly and completed the

survey. Table 2.2 shows the demographic breakdown of both of our samples.

The majority of these subjects were white (82%) and male (61%); the average

(SD) age was 35 (10) years; and almost half (49%) did not possess a 4-year

college degree or higher. 26% of the non-expert sample reported some prior

training in engineering. None of the non-expert subjects had worked at

NASA. In the expert sample, 76 subjects were invited to participate, of whom

41 (54%) completed the survey. The average (SD) age of the expert sample

was 49 (15) years. We did not observe a significant difference between

the expert and non-expert samples in their proportions of white (93%;

c2(1)=2.73, p=0.10) and male (73%; c2(1)=2.38, p=0.12) subjects; however,

subjects in the expert sample were significantly more educated (only 5%

did not possess a 4-year college degree or higher; c2 (1)=27.7, p<.001) and

older, t (272)=7.45, p<.001 (see also Table E.1 and Table E.2). The majority

of subjects in the expert sample (66%) were employees of NASA Johnson

Space Center in Houston, TX.

2.7.2 Analysis

Mean responses for each question are shown in Table 2.3. All questions

were included in the EFA. Data from all 41 expert subjects and 233 non-

expert subjects were included. EFA results indicate that survey questions

grouped into four factors (Table 2.4). Three of these factors capture gists

corresponding to categorical assessments of schedule risk (“Better NOT to

58



Table 2.2: Statistics for NASA and Non-Expert Samples: Demographics and
Relevant Experience Characteristics

Demographic category Sub category N(%) for non-expert sample N(%) for NASA sample
Gender Female 92 (39) 11 (27)

Male 141 (61) 30 (73)
Race/ Ethnicity African American 21 (9) 0 (0)

White non-Hispanic 192 (82) 38 (93)
Hispanic 12 (5) 1(2)
Asian 6 (3) 2 (5)
Native American 2( 1) 0 (0)

Education Level High school or equivalent 30 (13) 0( 0)
Attended some college but did not finish 84 (36) 2( 5)
4-year college or more 102 (44) 17 (41)
Graduate/ Professional degree 17 (13) 22 (54)

Directorate Johnson Space Center 27 (66)
Goddard Space Center 3 (7)
Marshall Space Flight Center 2 (5)
Other 9 (22)

Avg. SS Score 3.89 4.66
Avg. CRT Score 2.01 2.04

Note. Note. Avg.=Average. SS=Sensation Seeking, where the scores ranged
from 1 (Strongly Disagree) to 7 (Strongly Agree). CRT= Cognitive Reflection
Test Score (on a scale of 0-3).

Launch, ” capturing 16% of variance), safety risk (“MMOD is NOT a Threat,”

capturing 9% of variance), and cost risk (“Shielding does NOT Cost Much,”

capturing 9% of variance). Gist perceptions of schedule and cost risk were

correlated (r=0.42, Appendix D.1). The two sets of verbatim items loaded on

a separate dimension from the gist items: the fourth factor corresponded

to verbatim appraisals of detailed safety risk numbers (capturing 8% of

variance; (Table 2.4). These results replicated when we used a varimax

rotation, which showed that the same dimensions were extracted, although

several items loaded weakly on both cost and schedule risk dimensions (see

Table D.1).
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Table 2.3: Average Endorsement Scores for the Risk Perception Items with Respect to Each Sample

NASA sample

(n=41)

Control sample

(n=70)

Verbatim only

sample (n=78)

Gist + Verbatim

sample (n=85)

Item Full Text Item Short Text Mean (SD) Mean (SD) Mean (SD) Mean (SD)

Gist principles: Gist Measure

It’s better NOT to launch a mission

than risk getting hit by MMOD in a vulnerable area.

Better NOT launch

than mission failure
1.71(1.40) 2.26(0.81) 2.09(1.08) 1.82(1.36)

It’s better NOT to launch a mission

than risk mission failure from MMOD.

Better to do another

design iteration
0.44(1.48) 1.79(1.24) 1.24(1.58) 1.38(1.41)

It’s better NOT to launch a mission than to

lose it to an MMOD strike in a vulnerable area.

Better NOT launch

until shielding
1.24(1.04) 2.17(1.06) 2.12(1.07) 1.98(1.01)

I have a responsibility to wait to launch a mission

until it has properly shielded for the MMOD environment.
Responsibility until shielding 0.80(1.42) 1.71(1.44) 1.46(1.42) 1.64(1.22)

I have a responsibility NOT to launch a mission

without MMOD shielding in all vulnerable areas.

Responsibility NOT

to risk the mission
0.56(1.55) 1.81(1.31) 1.56(1.16) 1.51(1.19)

When in doubt about the MMOD environment and

the spacecraft’s MMOD design, delay the program

until an effective design can be implemented.

Delay the mission if in doubt 0.76(1.45) 1.74(1.26) 1.55(1.34) 1.47(1.10)

I have a responsibility to wait to launch a mission

until it has effective MMOD shielding

in all vulnerable areas.

Better NOT launch

without shielding
1.10(1.55) 1.79(1.25) 1.50(1.47) 1.34(1.55)

I have a responsibility NOT to put a mission at risk.
Better NOT launch

than MMOD hit
0.73(1.48) 1.59(1.40) 1.45(1.47) 1.21(1.41)



Table 2.3: Average Endorsement Scores for the Risk Perception Items with Respect to Each Sample

NASA sample

(n=41)

Control sample

(n=70)

Verbatim only

sample (n=78)

Gist + Verbatim

sample (n=85)

Item Full Text Item Short Text Mean (SD) Mean (SD) Mean (SD) Mean (SD)

It’s better to perform another design iteration than

to launch when unprepared for MMOD.
Better to wait until ready 0.07(1.65) 1.79(1.30) 0.90(1.71) 1.20(1.47)

It’s better to be safe than sorry. Better to be safe than sorry 0.27(1.80) 0.03(1.59) 0.19(1.61) -0.18(1.72)

In general, one should avoid risk. Avoid risk 0.29(1.63) 1.67(1.29) 1.35(1.33) 1.42(1.44)

If you do NOT include MMOD shielding,

you are not ready for launch.

Not ready for launch

without shielding
0.07(1.35) 1.17(1.56) 0.88(1.52) 0.91(1.46)

It’s better to wait than to launch a

mission when it is NOT ready.

Responsibility to wait

until shielding
0.73(1.23) 1.89(1.21) 1.56(1.23) 1.40(1.20)

There is NOT a serious risk that the system could

be hit by MMOD, but it is better

to be safe than sorry.

No risk but better to

be safe than sorry
-0.49(1.53) 0.41(1.81) 0.46(1.65) 0.65(1.53)

’MMOD is NOT a threat.’ : Gist Measure

Launching a mission on time is worth risking

an MMOD strike during ascent.

Launching is worth

the strike risk
-1.10(1.36) -1.39(1.51) -1.21(1.47) -1.21(1.36)

It’s better to launch a mission while you can. Better to launch -0.63(1.43) -1.09(1.50) -0.58(1.61) -0.54(1.48)

Launching the mission is better than

losing the launch window.
Launching is better than delay -1.10(1.37) -1.07(1.53) -0.85(1.53) -0.67(1.37)

MMOD is NOT a real threat to a mission. MMOD is not a threat -1.54(1.34) -1.74(1.43) -1.79(1.33) -1.74(1.21)



Table 2.3: Average Endorsement Scores for the Risk Perception Items with Respect to Each Sample

NASA sample

(n=41)

Control sample

(n=70)

Verbatim only

sample (n=78)

Gist + Verbatim

sample (n=85)

Item Full Text Item Short Text Mean (SD) Mean (SD) Mean (SD) Mean (SD)

The MMOD environment is NOT

dangerous to the system.
MMOD is not dangerous -1.59(1.18) -1.51(1.51) -1.71(1.32) -1.69(1.19)

Mission safety is NOT threatened by MMOD. Mission is not threatened -1.66(1.15) -1.64(1.56) -1.73(1.22) -1.58(1.46)

A mission will NOT be lost due

to MMOD penetration.
Mission won’t be lost -1.07(1.35) -0.81(1.72) -1.23(1.25) -1.14(1.28)

There is NOT a serious risk that the

MMOD will hit the spacecraft.
No serious risk -1.00(1.53) -1.56(1.33) -1.28(1.32) -1.20(1.33)

’Why pay extra?’: Gist Measure

Protecting the system against MMOD is costly,

so we should only include MMOD

shielding when the risk is high.

Shielding is costly,

include when high risk
-0.17(1.45) -0.84(1.72) -0.37(1.80) -0.21(1.75)

Extra MMOD shielding is costly,

so we should include it only when there is a serious risk.

Shielding is costly,

include when serious risk
0.17(1.60) -0.63(1.85) -0.32(1.72) -0.24(1.68)

Extra MMOD shielding is costly,

so why have an extra cost?

Shielding is costly,

why extra cost?
-0.80(1.19) -1.50(1.35) -1.49(1.31) -1.26(1.31)

Protecting the system against MMOD is costly;

why pay more for the extra shielding?

Shielding is costly,

why pay extra?
-0.88(1.23) -1.74(1.11) -1.46(1.46) -1.29(1.29)

’Extra shielding is worth it.’: Gist Measure



Table 2.3: Average Endorsement Scores for the Risk Perception Items with Respect to Each Sample

NASA sample

(n=41)

Control sample

(n=70)

Verbatim only

sample (n=78)

Gist + Verbatim

sample (n=85)

Item Full Text Item Short Text Mean (SD) Mean (SD) Mean (SD) Mean (SD)

Including extra MMOD shielding is a necessary cost.
Shielding is a necessary

cost
-0.37(1.61) 0.29(1.53) -0.15(1.60) -0.54(1.60)

Including extra MMOD shielding is worth it. Shielding is worth it -0.22(1.68) 0.49(1.65) -0.23(1.54) -0.61(1.74)

MMOD shielding is costly, but why NOT

pay more to remain safe?

Shielding is costly but pay

more for safety
0.66(1.37) 1.56(1.29) 1.74(1.13) 1.24(1.44)

Protecting the system against MMOD is costly,

but we should include shielding even if the risk is low.

Shielding is costly but

should be included
0.90(1.16) 1.89(0.88) 1.77(1.09) 1.48(1.28)

Extra MMOD shielding does NOT cost much,

so we should include it even if we might NOT need it.

Shielding is not costly much

but still include it
0.24(1.41) 1.54(1.11) 1.13(1.44) 1.05(1.51)

Extra MMOD shielding does NOT cost much

so we should include it just in case.

Shielding is not costly

but include it just in case
0.39(1.56) 1.91(1.06) 1.58(1.32) 1.45(1.39)

’Shielding does not cost much.’ : Gist Measure

The cost of including extra shielding is negligible. Shielding cost is negligible -0.95(1.24) -0.79(1.27) -1.27(1.37) -1.34(1.46)

Including extra MMOD shielding is NOT expensive. Shielding is not expensive -0.83(1.26) -0.67(1.45) -0.77(1.50) -1.11(1.54)

Specific Risk: Verbatim Measure

An MMOD penetration is likely to cause loss of

mission capability to a new ISS module

within six months of launch.

Mission loss in 6 months -1.68(1.17) 0.17(1.33) -0.55(1.29) -0.18(1.39)



Table 2.3: Average Endorsement Scores for the Risk Perception Items with Respect to Each Sample

NASA sample

(n=41)

Control sample

(n=70)

Verbatim only

sample (n=78)

Gist + Verbatim

sample (n=85)

Item Full Text Item Short Text Mean (SD) Mean (SD) Mean (SD) Mean (SD)

An MMOD penetration is likely to occur to a

new module within one year of launch to the ISS.
Penetration in 1 year -0.63(1.61) 0.27(1.27) 0.14(1.31) 0.25(1.26)

An MMOD penetration is likely to cause loss of

mission capability to a new ISS module

within one year of launch.

Mission loss in 1 year -1.34(1.33) 0.34(1.28) -0.03(1.39) 0.12(1.33)

An MMOD penetration is likely to occur to a

new module within six months of launch to the ISS.
Penetration in 6 months -1.05(1.43) 0.09(1.27) -0.22(1.40) -0.19(1.38)

An MMOD penetration is likely to cause loss of mission

capability to a new ISS module

within 10 years after launch.

Mission loss in 10 years -0.51(1.57) 0.99(1.26) 1.14(1.20) 0.92(1.33)

An MMOD penetration is likely to occur to a new

module within 10 years of launch to the ISS
Penetration in 10 years 0.56(1.69) 1.04(1.36) 1.54(1.17) 1.11(1.32)

Quantitative Risk Assessment (in percentages %): Verbatim Measure

In general, what is the probability of loss of mission

due to MMOD for an uncrewed resupply mission

such as the one described previously, on a 0%-100% scale?

Mission loss risk 17.93 (22.34) 36.19 (25.89) 28.86 (24.56) 23.92(21.15)

In general, what is the probability of MMOD penetration

for an uncrewed resupply mission such as the one

described previously, on a 0%-100% scale?

Penetration risk 22.12 (24.14) 34.77 (20.18) 25.72 (19.97) 28.59(22.53)



Table 2.3: Average Endorsement Scores for the Risk Perception Items with Respect to Each Sample

NASA sample

(n=41)

Control sample

(n=70)

Verbatim only

sample (n=78)

Gist + Verbatim

sample (n=85)

Item Full Text Item Short Text Mean (SD) Mean (SD) Mean (SD) Mean (SD)

Categorical Nonnegligible Risk items: Gist Measure

Even low risks happen sometimes. Even low risks happen 2.46(0.71) 2.31(1.00) 2.37(0.85) 2.05(0.96)

An MMOD strike/penetration only has to happen ONCE. It has to happen once 0.44(1.70) 1.59(1.46) 1.45(1.47) 1.26(1.54)

Once an MMOD strike/penetration has happened,

there is no second chance.
No second chance -0.27(1.55) 1.29(1.60) 1.27(1.48) 1.14(1.31)

Even with the best shielding, an MMOD strike will

penetrate a critical system eventually

MMOD will penetrate

eventually
0.00(1.58) -0.01(1.68) 0.60(1.60) 0.31(1.35)

Even low risks add up to 100% if one keeps doing it. Risks adds up to 100% 0.54(1.92) 1.39(1.59) 1.17(1.64) 0.84(1.48)

If you do NOT include MMOD shielding,

risk adds up and a critical system WILL

be rendered inoperative.

Risk adds up,

system will be inoperative
0.10(1.59) 1.09(1.60) 1.19(1.34) 0.81(1.41)

If you do NOT include MMOD shielding,

risk adds up and missions WILL be lost.

Risk adds up, mission

will be lost
0.46(1.48) 1.39(1.23) 1.13(1.44) 1.18(1.34)

Global Risk 0.64(0.27) 0.56(0.25) 0.56(0.24) 0.56(0.24)

Global Cost 0.60(0.25) 0.57(0.22) 0.59(0.23) 0.56(0.24)



Table 2.4: Standardized Loadings (Oblimin Rotation)

Item Short Text

Better NOT to

Launch

(16%)

MMOD is NOT

a Threat

(9%)

Shielding does

NOT Cost Much

(9%)

Quantitative

Verbatim Strike Risk

(8%)

Gist principles (Gist Measure))

Better NOT launch

than mission failure
0.78

Better to do another

design iteration
0.77

Better NOT launch

until shielding
0.74

Responsibility until shielding 0.73

Responsibility NOT

to risk the mission
0.71

Delay the mission if in doubt 0.69

Better NOT launch

without shielding
0.67



Table 2.4: Standardized Loadings (Oblimin Rotation)

Item Short Text

Better NOT to

Launch

(16%)

MMOD is NOT

a Threat

(9%)

Shielding does

NOT Cost Much

(9%)

Quantitative

Verbatim Strike Risk

(8%)

Better NOT launch

than MMOD hit
0.66

Better to wait until ready 0.64

Better to be safe than sorry 0.63

Avoid risk 0.59

Not ready for launch

without shielding
0.49

Responsibility to wait

until shielding
0.47

No risk but better to

be safe than sorry

’MMOD is NOT a threat.’ (Gist Measure)



Table 2.4: Standardized Loadings (Oblimin Rotation)

Item Short Text

Better NOT to

Launch

(16%)

MMOD is NOT

a Threat

(9%)

Shielding does

NOT Cost Much

(9%)

Quantitative

Verbatim Strike Risk

(8%)

Launching is worth

the strike risk
-0.55

Better to launch -0.51

Launching is better than delay -0.42

MMOD is not a threat 0.82

MMOD is not dangerous 0.73

Mission is not threatened 0.71

Mission won’t be lost 0.59

No serious risk 0.54

’Why pay extra?’ (Gist Measure)

Shielding is costly,

include when high risk
-0.69



Table 2.4: Standardized Loadings (Oblimin Rotation)

Item Short Text

Better NOT to

Launch

(16%)

MMOD is NOT

a Threat

(9%)

Shielding does

NOT Cost Much

(9%)

Quantitative

Verbatim Strike Risk

(8%)

Shielding is costly,

include when serious risk
-0.62

Shielding is costly,

why extra cost?
-0.52

Shielding is costly,

why pay extra?
-0.5

’Extra shielding is worth it.’ (Gist Measure)

Shielding is a necessary

cost
0.63

Shielding is worth it 0.61

Shielding is costly but pay

more for safety
0.56



Table 2.4: Standardized Loadings (Oblimin Rotation)

Item Short Text

Better NOT to

Launch

(16%)

MMOD is NOT

a Threat

(9%)

Shielding does

NOT Cost Much

(9%)

Quantitative

Verbatim Strike Risk

(8%)

Shielding is costly but

should be included
0.47

Shielding is not costly much

but still include it
0.47

Shielding is not costly

but include it just in case

’Shielding does not cost much.’ (Gist Measure)

Shielding cost is negligible 0.49

Shielding is not expensive 0.43

Specific Risk (Verbatim Measure)

Mission loss in 6 months 0.8

Penetration in 1 year 0.79

Mission loss in 1 year 0.76



Table 2.4: Standardized Loadings (Oblimin Rotation)

Item Short Text

Better NOT to

Launch

(16%)

MMOD is NOT

a Threat

(9%)

Shielding does

NOT Cost Much

(9%)

Quantitative

Verbatim Strike Risk

(8%)

Penetration in 6 months 0.71

Mission loss in 10 years 0.52

Penetration in 10 years 0.47

Quantitative Risk Assessment (Verbatim Measure, in percentages %)

Mission loss risk 0.42

Penetration risk

Categorical Nonnegligible Risk items (Gist Measure)

Even low risks happen

It has to happen once

No second chance

MMOD will penetrate

eventually

Risks adds up to 100%



Table 2.4: Standardized Loadings (Oblimin Rotation)

Item Short Text

Better NOT to

Launch

(16%)

MMOD is NOT

a Threat

(9%)

Shielding does

NOT Cost Much

(9%)

Quantitative

Verbatim Strike Risk

(8%)

Risk adds up,

system will be inoperative

Risk adds up, mission

will be lost

Global Risk and Cost

Global Risk

Global Cost

Note. Results with oblimin rotation. Results for orthogonal (varimax) and oblique (oblimin) rotation methods in
the EFA were qualitatively similar across both methodologies (see D.1 for varimax results). Items are ordered
according to absolute values of their factor loadings (from highest to the lowest). The loadings greater than 0.4
are displayed. SS (Sum of Squared Loadings).



Table 2.5: Analysis of Variance Results for Effects of Expert/Knowledge
Groups (Oblimin Rotation)

Better NOT
to Launch

MMOD is NOT
a Threat

Shielding does
NOT Cost Much

Quantitative Verbatim
Strike Risk

Source df MS F df MS F df MS F df MS F
Expert/Knowledge Group 3 8.07 9.37*** 3 0.88 0.98 3 5.67 6.82*** 3 13.91 18.53***

Note. df=degrees of freedom, MS=means squares, F=F statistics in ANOVA.
***=p<0.001. Expert/Knowledge Group is encoded as a three level (expert
and three lay sample) variable and the control group. Dependent variables
are each of the EFA factors and dependent variable is 4 treatment levels.

2.7.2.1 Categorical and quantitative safety risk assessments were

distinct.

The “Quantitative Verbatim Strike Risk” factor and its categorical counter-

part, “MMOD is NOT a Threat”, were essentially uncorrelated in the EFA

(r=-0.02 in the oblimin rotation). Results replicated in the varimax rotation,

Table D.1). There was a significant difference among the four groups on

each factor (except the “MMOD is Not a Threat” gist, Table 2.5) so we followed

up with paired comparisons of groups (Table 2.5). We next performed post

hoc Tukey tests to analyze these risk perception differences among groups

of subjects. Table 2.6 shows pairwise comparisons of expert and treatment

groups. As displayed in Figure 2.1, experts’ quantitative verbatim strike risk

assessments differed significantly from those of the non-expert samples

(also see Table 2.5). However, we observed no difference between expert

and non-expert samples for categorical assessments of safety risk. Both

samples disagreed with items indicating “MMOD is NOT a Threat” (Table

2.6 and also see ANOVA in Table F.1 for varimax).
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Figure 2.1: Average EFA factor scores. Higher scores indicate stronger
endorsements associated with gist and verbatim items. (See Table 2.6 for
the Tukey HSD pairwise comparisons analyses.) The middle line in the box
plots shows the mean values. Higher scores in the Categorical Schedule Risk
scale indicate more agreement with items such as “Better NOT to Launch.”
Higher scores in the Categorical Safety Risk scale indicate more agreement
with items such as “MMOD is NOT a Threat.” Higher scores in the Categorical
Cost Risk scale indicate more agreement with items such as “Shielding does
NOT Cost Much.” Higher scores in the Quantitative Verbatim Strike Risk
scale indicate higher quantitative risk assessments. Zero scores indicate
“Somewhat Agree” for categorical schedule risk, “Somewhat Disagree” for
categorical safety risk, and “Neither Agree Nor Disagree” for categorical cost
risk and verbatim strike risk

2.7.2.2 Categorical schedule and cost gists varied with expertise.

We found significant differences between the expert group and all three non-

expert groups in terms of schedule risks (“Better NOT to Launch”), F(3,270)
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Table 2.6: Multiple Pairwise Comparisons via Tukey Test: Factor score
differences of sample pairs

Pairwise groups Better NOT to Launch
(Categorical Schedule Risk)

MMOD is NOT a Threat
(Categorical Safety Risk)

Shielding does NOT Cost Much
(Categorical Cost Risk)

Quantitative Verbatim
Strike Risk

Control group vs.
Verbatim only group 0.27 0.22 0.18 0.27

Control group vs.
Gist + Verbatim group 0.32 0.03 0.45 0.22

Verbatim only group vs.
Gist +Verbatim group -0.03 0.18 -0.26 0.06

Control group vs.
NASA group 0.96*** -0.02 0.73*** 1.22***

Verbatim only group vs.
NASA group 0.67*** -0.25 0.54* 0.94***

Gist + Verbatim group vs.
NASA group 0.64** -0.06 0.27 1.01***

Note. ***=p<0.001. **=p<0.01. The Tukey HSD test analyzed the mean
differences between sample pairs, not controlling for demographic factors
(See Table F.1 for ANOVA results).

= 9.37, p< .001, cost risks (“Shielding does NOT Cost Much”), F(3,270) =

6.82, p= 0.001, and verbatim risk assessments, F(3,270) = 18.53, p < 0.001

(Table 2.5). Table 2.6 shows that the expert sample differed significantly

from all non-expert samples along the schedule risk and verbatim factor,

and from the control and verbatim only non-expert sample groups along

the cost risk factor (see also G.1). Specifically, experts were more likely

to agree that schedule risks were significant (e.g., “It’s better to launch

a mission while you can”), that shielding was costly (e.g., “Protecting the

system against MMOD is costly, so we should only include MMOD shielding

when the risk is high.”), and that verbatim risks were lower (see also Figure

2.1).

Gist + Verbatim treatment changes perceptions associated with cost risk.

Factor scores for the “Shielding does NOT Cost Much” gist varied significantly

with knowledge treatment (F (2,271) = 4.72, p< 0.01). Although subjects

in the control and verbatim only conditions differed significantly from the

expert sample in their scores for this gist (Table 2.6), subjects in the Gist

+ Verbatim treatment were statistically indistinguishable from the expert
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sample (p=0.26).

2.7.2.3 Categorical gists, not verbatim, were associated with risky

choice

Table 2.7 shows the factors that predicted risky choices for each of the two

decision scenarios, controlling for sensation seeking, and cognitive reflection.

Categorical gists pertaining to the costs (i.e., mass) of MMOD shielding and

safety risks of MMOD strike were significantly associated with risky choice

in the Pay High Cost or Face High Risk scenario (Table 2.7) across both

oblimin and varimax rotations (see Table H.1). Perceptions of cost risk, but

not safety risk, were also significant predictors of risky choice in the Pay

Low Cost or Face Low Risk scenario in the oblimin rotation (schedule and

safety risks also significantly predicted risky choice in the varimax rotation

for this scenario, Table H.1). Agreement that MMOD was not a threat, and

that shielding was costly, was associated with risky choices. Verbatim risk

assessment was not associated with risky choice in either scenario, for

either rotation.

Free Response Results Replicate Regression Results. An examination of

subjects’ free responses indicate that schedule risk was not mentioned in

either the expert sample or in the non-expert sample (see Table 2.7). Rather,

decisions were mostly based on two factors: the safety risks associated with

the likelihood of mission loss, and cost risk, associated with losing cargo

capacity.
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Table 2.7: Summary of Logistic Regression Analyses for Variables Predicting
Risk Preferences of Two Decision Scenarios (N = 274) (Oblimin rotation)

The Pay High Cost or
Face High Risk Scenario

The Pay Low Cost or
Face Low Risk Scenario

Variable B (SE) z OR B (SE) z OR
Expert group 1.04(0.59) 1.76 2.83 -0.62(0.59) -1.06 0.53
Verbatim Only treatment 0.15(0.49) 0.31 1.17 0.06(0.46) 0.14 1.06
Gist + Verbatim treatment -0.55(0.50) -1.09 0.57 0.44(0.43) 1.03 1.56
Average SS -2.73(1.12) -2.43 0.07 0.74(1.03) 0.72 2.1
Average CRT -0.41(0.48) -0.84 0.66 -0.54(0.43) -1.26 0.58
Better NOT
to Launch
(Categorical Schedule Risk)

0.05(0.23) 0.24 1.05 -0.34(0.20) -1.69 0.71

MMOD is
NOT a Threat
(Categorical Safety Risk)

0.70(0.20) 3.50** 2.02 0.25(0.18) 1.42 1.28

Shielding does NOT
Cost Much
(Categorical Cost Risk)

-0.73(0.22) -3.27** 0.48 -1.06(0.20) -5.03*** 0.34

Quantitative Verbatim
Strike Risk 0.31(0.22) 1.37 1.36 0.06(0.21) 0.31 1.06

Note. ***=p<.001. **=p<.01. All results remained significant after controlling
for multiple comparisons using the Holm-Bonferroni procedure. OR= odd
ratio; z = z statistic value; B=coefficient estimate; SE=standard error. Risky
choice is coded as 1 and sure choice is coded as 0. Treatment is encoded
in three (expert and three lay sample) levels and the control sample is the
reference group. Dependent variable is the risky choice score (either 0 or
1). Independent variables are 4 EFA factors. Control variables: average
Sensation Seeking score, average CRT score. Three gist factors are listed as
Categorical Schedule Risk ( “Better NOT to Launch), Categorical Safety Risk
( “MMOD is NOT a threat.”), Categorical Cost Risk( “Shielding does NOT
cost much”) and verbatim risk factor is Quantitative Verbatim Strike Risk.
Control variables: average Sensation Seeking score (avg SS), average CRT
score (avg CRT). See Table H.1for varimax results. No correlation was found
among Avg CRT and Avg SS, and Age. Experience and age were significantly
correlated; therefore age was not included into the regression due to its
collinearity with the expert group (see Table I.1 for expert sample and Ap-
pendix Table I.2 for nonexpert sample for correlations among demographics
variables).
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2.7.2.4 Experts’ recall of a major failure is associated with cost risk

perception.

We analyzed risk perceptions of two subgroups of the expert sample: those

who recalled a major failure and those who did not. A t-test shows that

subjects who recalled a major failure were significantly less likely to endorse

the cost risk gist, “Shielding does NOT Cost Much”, t (39) = -2.87, p =0.007,

(analysis results replicate when using varimax rotation scores; t (39)= -2.06,

p =0.04). Subjects who recalled a major failure were also significantly less

likely to endorse statements in “Quantitative Verbatim Strike Risk” such as

statements indicating that penetration is likely in a certain time window,

t (39)= -2.80, p=0.007 (for varimax rotation t (39)=-2.24, p=0.03). We did not

observe a significant difference between subsamples’ schedule (“Better Not

to Launch”, t (39)= -1.96, p=0.06 for oblimin rotation and t (39)=1.51, p=0.13

for varimax rotation) and safety (“MMOD is NOT a Threat, t (39)= -0.31,

p=0.75 for oblimin rotation and t (39)=-0.47, p=0.63 for varimax rotation)

risk factor scores. Neither did we observe a significant correlation between

number of years of aerospace experience and subjects’ factor scores for

the “Shielding does NOT Cost Much” gist, r (39)=-0.0017, p= 0.99 (varimax

rotation; r (39)=0.06, p=0.69). We did not detect significant differences

between the ages, t (39)= 0.81, p=.42, and years of experience, t (39)= 0.93,

p=.35, of experts who recalled a major failure did and those who did not.

2.8 Discussion

As predicted by Fuzzy-Trace Theory, our results show that experts in the

NASA sample relied on gist-based intuitive thinking when making decisions.

It is generally assumed that engineers in highly technical fields make deci-
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sions based on quantitative criteria and, indeed, our results suggest that

experts assess the numerical risks associated with MMOD strikes to be

lower than do members of the non-expert public (Figure 2.2). Furthermore,

responses from semi-structured interviews with NASA experts indicate that

interviewees expressed a preference for making decisions based on data,

computational models, and sophisticated technology. Nevertheless, our

logistic regression analyses show that precise mental representations of

these numerical assessments do not seem to drive design decisions.
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Figure 2.2: Risk estimates for MMOD penetration risk and mission loss
risk. The middle line in the box plots shows the median values

2.8.1 Results Support Fuzzy-Trace Theory’s Predictions

2.8.1.1 Gist and Verbatim Representations are Encoded in Parallel.

Our findings support Fuzzy-Trace Theory’s predictions regarding the parallel,

and distinct, encoding of gist and verbatim representations. Specifically,

EFA results show that items indexing gist and verbatim representations
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of MMOD strike risk load on distinct factors. This provides support for

Hypothesis 1. Categorical assessments of the costs of adding shielding

on mission performance (in terms of cargo downmass capacity) were most

strongly associated with subjects’ design choices. Furthermore, as predicted,

experts’ gists differed significantly from those of the non-expert sample.

Whereas there was no significant difference between members of the non-

expert and expert samples in their perceptions of safety risks, non-experts

were more likely to see cost and schedule risks as essentially nil whereas

experts saw these costs as significant.

2.8.1.2 Overall, NASA Engineers Endorsed Educated Risk-Taking. . .

There were significant correlations between the gist factors in our analysis.

This is consistent with practice: accepting less schedule and cost risk often

means accepting more safety risk. Furthermore, schedule and cost risks

were especially correlated. Although these categories were distinct in the

EFA, they were related, in part, because “time is money” when launching

space missions – missing a launch window can lead to cost overruns. It

is therefore not unreasonable to expect that NASA experts would be more

likely to endorse educated risk-taking principles when compared to members

of the general public. For example, Jeffrey Hanley, Program Manager of

NASA’s Constellation Program recently stated that “NASA’s value to our

nation stems in part from trailblazing, from the government taking the risks

that no one else can afford to take...risk is our business...” (“ Review of US

Human Space Flight Plans Committee”, (2009).
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2.8.1.3 . . . But Only If They Did Not Have Experience With a Major

Failure.

Interestingly, within the expert sample, subjects who reported recalling

a major failure were significantly more likely to acknowledge that such

failures are costly. Recalling a major failure is a form of feedback from the

environment – a sine qua non for the development of meaningful expertise

(Ericsson et al., 1993). Thus, this form of expertise thus seemed to lead

these experts to have a better sense of the consequences of not including

shielding, leading them to avoid “playing the odds” compared to other NASA

experts. Notably, more years in the aerospace industry did not predict

these gists, underscoring how gists, which drive decisions, are premised on

meaningful prior experience.

2.8.1.4 Gist Predicts Decisions More Than Verbatim Does.

Beyond the effects of cost, we found evidence supporting the fuzzy-processing

preference (Hypothesis 2). In the “Pay High Cost or Face High Risk” scenario,

safety risk perceptions were significantly associated with risky choice, as

predicted. Although the verbatim risk numbers provided by expert and non-

expert samples differed significantly (experts’ ratings of MMOD strike risks

were lower than those of the lay sample, we did not observe a significant dif-

ference between these two groups along the factor capturing the qualitative

gist of MMOD strike risk (Figure 2.2). These findings further underscore

the distinction between gist and verbatim. Whereas expert and non-expert

samples may not agree on the precise risk number associated with the

probability of a catastrophic MMOD strike, both tended to agree that this

risk was not negligible. According to Fuzzy-Trace Theory, the interpretation
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of numbers is contingent on a subject’s ability to contextualize them. It

is likely that NASA experts, who are used to routinely dealing with small

probabilities, perceive smaller probability numbers as non-negligible when

interpreted in the context of MMOD strikes. In contrast, the non-expert

sample provided larger risk estimates (even when presented with verbatim

information), perhaps to satisfy their understanding of “some chance” of

catastrophic MMOD strike. We speculate that the non-expert sample, when

presented with the risk numbers generated by the expert sample, would

be more likely to interpret these number as “essentially nil chance”, even

though the experts interpret these numbers as non-negligible. Future work

may test this prediction.

Although We observed an association between qualitative strike risk and

decision outcomes in the “Pay Low Cost or Face Low Risk” scenario when

using a varimax rotation, this did not replicate in the oblimin rotation. In

practice, the vast majority (198; 72%) of subjects in the “Pay Low Cost or

Face Low Risk” scenario chose to include shielding. Thus, there simply

may have been inadequate opportunity to observe an effect of safety risk on

decision outcome due to ceiling effects.

2.8.1.5 Providing Non-Experts with the Gist Changes Their Decisions;

Verbatim Does Not.

Notably, our treatment successfully changed the gists held bymembers of the

non-expert sample by providing them with an interpretation of the verbatim

data that is shared by experts. In fact, providing the gist intervention leads to

a change along all gist dimensions in the direction endorsed by NASA experts.

Figure 2.1 shows that the largest pairwise difference along the schedule

risk and cost risk dimensions appears to be in the control vs. expert paired
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comparisons. On the contrary, the difference between Gist + Verbatim and

expert paired comparisons became so small along the cost gist dimension

that the difference was no longer statistically significant. Furthermore, the

difference between Gist + Verbatim and expert paired comparisons became

so small along the cost gist dimension that the difference was no longer

statistically significant. To the extent that this gist drives decision outcomes,

this implies that novices’ decisions might be productively informed by gists

extracted from expert designers or analysts. These results provide support

for Hypothesis 3.

2.8.2 Implications for Transfer of Expertise

Our work has direct implications for practice: experts’ risk preferences

are driven by gist representations that are shaped by their subject matter

expertise. These representations appear to be qualitative and categorical,

with qualitative considerations more effective at predicting risk taking than

their quantitative counterparts. This finding is critical for understanding

how experts perceive risk when they are given detailed quantitative risk

assessment tasks (such as PRA at NASA). Current attempts to transfer

knowledge from expert engineers to novices rely on communicating precise

quantitative information using techniques such PRA, and quantitative rep-

resentations of historical data. However, the psychology of expertise is such

that experts themselves rely on contextualized categorical gists when mak-

ing decisions. Thus, mentoring and other forms of expertise transfer should

include explanations of contextual effect—a factor that is not well-captured

in many theories of human cognition, which often seek to root out such

subjectivity, in contrast to Fuzzy Trace Theory.

In this paper, we show that communicating these categorical gists to
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non-experts actually changes their decisions. This runs contrary to current

practices, which emphasize quantitative verbatim tool use (Dezfuli, 2010;

Dezfuli et al., 2010), but not necessarily contextualizing these numbers in

a way that communicates the gist. Indeed, our results show that communi-

cating verbatim quantitative information alone did not have a measurable

effect on decisions. Thus, our findings have direct implications for how one

designs automated decision support when experts are not present: beyond

communicating verbatim risk numbers, these tools must also communicate

categorical gists – i.e., the categorical meaning of these numbers in their

context. These gists are advanced and informed by meaningful relevant

experience; not solely based on number of incidents observed or recognized.

In short, acquiring verbatim information (e.g., precise details of exact

scientific risk estimates, such as are provided by probabilistic and other

mathematical risk assessment models) is necessary, yet it is not sufficient for

expert-level decision making. We do not claim that quantitative information

is unnecessary. Rather, we argue that extracting the gist of that information

is essential for good decision-making. Therefore, quantitative information

must be communicated in tandem with a qualitative interpretation that

provide meaning in context – ideally, with gist interpretation elicited from

experts. It is the gist that makes the information meaningful and useful for

decision making.

2.8.3 Limitations

Beyond the stylized stimuli presented to our subjects, real engineering prob-

lems often entail significant complexity, involving trades between multiple

attributes of proposed designs. However, when constructing our stimuli,

significant technical complexity was removed for the purposes of experimen-
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tal control. One might argue that design decisions might be influenced by a

plethora of factors including technological or epistemic uncertainty, mission

requirements that mandate a minimum probability of no penetration, or

any one of a number of technical considerations (thermal, structural, power,

control, etc.), that were not included in our stimuli.

Nevertheless, the core theoretical insight – that experts make decisions

based on simplified gist representations more so than on quantitative com-

parisons – is not contingent on the complexity of the task. Indeed, Fuzzy-

Trace Theory has been tested across a wide range of domains such as medical

science, law, and intelligence (V. F. Reyna et al., 2003; Hans & Reyna, 2011;

V. F. Reyna, 2004; V. F. Reyna et al., 2014; V. F. Reyna & Lloyd, 2006). What

is common across all of this prior work is that experts are able to render

significant complexity into simple, yet productive, gist representations that

captures the essence of the decisions that they attempt to make. Indeed,

our results show that experts with highly technical skills in this domain

operated on simple, yet productive, representations of complex design de-

cisions, as indicated by the EFA results that summarize survey questions

under the rubric of cost, schedule, and safety risk gists. This suggests that,

for systems engineers, design decisions might boil down to a choice between

a limited number of options, which differ along the three major dimensions

of cost, schedule, and performance, and their associated risks (Kapurch,

2010). If this is true for a simple stimulus with minimal technical complexity

and relatively simple unidimensional mathematical problems, one might

expect it to be even more true for more complex problems, where experts’

abilities to assimilate all relevant mathematical information is limited by

their cognitive load and where they must therefore rely on simplified output

from algorithms.
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One might nevertheless argue that a scenario contrasting a certain op-

tion against a risky gamble is not representative of real-world decisions. In

fact, techniques that seek to value decisions with multiple attributes build

upon precisely these types of comparisons. For example, such comparisons

are used to elicit preferences that are required to establish multi-attribute

utility functions underlying multi-attribute tradespace analyses (A. M. Ross,

Hastings, Warmkessel, & Diller, 2004; Keeney, Raiffa, et al., 1993). Presum-

ably, these basic comparisons are considered fundamental to engineering

design.

More generally, one might argue that the very fact that we provided

subjects with hypothetical scenarios undermines generalizability. However,

there is significant prior work demonstrating the efficacy of hypothetical

decision scenarios to predict real outcomes (Kühberger et al., 2002). Further-

more, significant prior work in Fuzzy-Trace Theory has demonstrated that

its predictions extend to several real-world decision contexts (V. F. Reyna

& Adam, 2003; V. F. Reyna & Farley, 2006; Broniatowski et al., 2015;

V. F. Reyna & Lloyd, 2006). Finally, future work could also test scenarios

in the context of crewed, rather than cargo, missions to analyze how our

results might further differ with context. Finally, we did not include items

measuring precise assessments of verbatim cost and schedule risks. Future

work in a systems engineering context should therefore include verbatim

questions pertaining to these representations.

Although we found significant effects of gist on overall risk taking, our

framing manipulation did not produce the widely-replicated framing effect

(Tversky & Kahneman, 1981). This runs counter to both Fuzzy-Trace Theory

and other leading theories of decision under risk, such as Cumulative

Prospect Theory (Tversky & Kahneman, 1992). Although null results are
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not determinative either way, possible explanations include risky scenario

descriptions that asymmetrically favored the sure option (i.e., including

shielding) –indeed, 77% of risky choices favored this option, suggesting that

the absence of framing may be a ceiling effect due to low sample size. Other

explanations include differences in wording that did not elicit gain- and

loss-framing from subjects. For example, subjects choosing the risky option

in the gain frame were told that they would “have” 2,700kg of downmass;

not that they would “gain” this downmass. Such subtle cues have been

shown to systematically attenuate framing effects (see Broniatowski Reyna,

2018, for a review). Other factors attenuating framing may include within-

subjects comparisons between the two scenarios presented (LeBoeuf &

Shafir, 2003), the use of an online sample, which may have become inured

to framing problems based on significant prior exposure (Berinsky, Huber, &

Lenz, 2012) for the non-expert sample, and high numeracy within the expert

sample (Peters & Levin, 2008). Given the wide range of possible explanations

for the absence of a framing effect in this study, future work should examine

the determinants of framing biases on NASA experts’ decisions; especially

since prior work has shown that experts (e.g., in the intelligence domain,

(V. F. Reyna et al., 2014) are more prone to framing biases in their domains

when compared to age-matched samples of adults.

Finally, one future research direction could be understanding organiza-

tional drivers of gist. Fuzzy-Trace Theory acknowledges the role of culture

on gist; however, there has been relatively little prior work examining the

interplay between organizational culture and gist specifically. Since our

unit of analysis was the individual, and not the organization, we did not

explicitly measure or manipulate culture as a construct independent of gist

as this was outside the scope of our study.
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2.8.4 Conclusion and Directions for Future Work

Our study makes a novel contribution to the risk analysis literature by

showing that experts’ qualitative judgment of risk, capturing the bottom line

meaning of information, is a stronger driver than their quantitative judgment.

Although significant prior normative work (Aspinall, 2010; R. Cooke, 1991;

E. Paté-Cornell & Dillon, 2001; E. Paté-Cornell & Fischbeck, 1993; M. Paté-

Cornell & Fischbeck, 1990; M.-E. Paté-Cornell & Dillon, 2001; M. E. Paté-

Cornell, 1996; Mosleh, Bier, & Apostolakis, 1988; Morgan, Henrion, & Small,

1990; Keeney & Von Winterfeldt, 1989) has focused on eliciting precise

probabilities from experts in engineering domains, comparatively little work

has attempted to characterize experts’ mental representations, and their

consequent interpretations, of what factors drive their decisions, and how

to incorporate this expertise into a process that can improve decision-

making. Indeed, if the goal is to encapsulate expert decision-making in a

normative technique, increasing precision may be counterproductive unless

the meaning of precise probabilities is communicated in tandem with the

verbatim number.

Our findings also have implications for NASA’s workforce transition poli-

cies. As of May 2018, 21% of NASA’s workforce is eligible to retire, with

another 23% anticipating retirement eligibility within 5 years (“Report to

Congressional Committees,” (2009)). Even though NASA employees tend

to work 4-7 years beyond retirement on average, almost half of NASA’s

workforce can be anticipated to turn over in roughly one decade. Beyond

the inevitable loss of technical expertise, this situation creates budgetary

pressures on NASA to “rightsize” its workforce (“NASA’s Efforts to ‘Right-

size’ Its Workforce,” (2017). Fuzzy-trace theory suggests that educational

interventions focused on communicating the gists of design decisions and
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analyses may be used to flexibly transfer critical judgment, insight, and

expertise, from more senior to junior NASA employees before the former

retire. Future work may test this hypothesis, potentially in the context of

decision support systems that could facilitate such gist transfer (Wolfe et

al., 2015).

In conclusion, we analyzed how technical experts perceive risk and how

their risk perceptions differ from those of non-experts. Specifically, we

applied Fuzzy Trace Theory to expert and non-expert samples to examine

whether the theory’s predictions regarding experts’ qualitative represen-

tations of risk are more predictive of decision-making, even for experts in

a very quantitative field. Our study is novel because this is the first in-

stance of Fuzzy Trace Theory applied in a quantitative engineering context,

and our results shed light on how experts in engineering fields process

quantitative information. Consistent with Fuzzy Trace Theory’s predictions,

we show that engineering experts’ mental representations lead them to

process information primarily in categorical terms, even though they, in

parallel, process quantitative verbatim data. Finally, gist-based thinking

drives experts’ decisions.
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Chapter 3: Are Performance Weights Beneficial? Investigating the

Random Expert Hypothesis

The manuscript of this chapter, written by myself and my co-authors Dr.

Thomas A. Mazzuchi and Dr. Roger M. Cooke, will be published in a book

titled "Expert Judgment in Risk and Decision Analysis" by Springer (Marti

et al., 2020). As discussed in Chapter 1 Section 1.2.8.2, expert judgments

could be in various forms. Experts judgments could play a role as a source

of decision. and/or as a source of information. In the previous chapter,

Chapter 2, we investigated how NASA experts made a design choice. Ex-

pert judgments may also be used to inform decision making processes. As

discussed in Chapter 1, Structured Expert Judgment protocol (R. Cooke,

1991) is a methodology to systematically collect and aggregate expert judg-

ment to produce data to inform decisions. The protocol relies on experts’

performance-weighting approach. In this chapter, we explore the best strate-

gies to aggregate experts’ numerical judgments that are collected via the

Structured Expert Judgment protocol.

3.1 Introduction

Expert elicitation can play a prominent role in the decision-making process

in risk assessment, system safety, reliability, and many other fields, par-

ticularly in fields where it is difficult to obtain data input (Einhorn, 1974;

R. M. Cooke & Goossens, 2008; Mosleh et al., 1988; Singpurwalla, 1988;

Spetzler & Stael von Holstein, 1975; Otway & von Winterfeldt, 1992; As-

pinall, 2010; Wallsten & Budescu, 1983). Disciplines that involve high levels

of uncertainty combined with insufficient data include, but not are lim-
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ited to, disaster management, epidemiology, intelligence, public and global

health, environment, and security, all of which requires robust probabilistic

assessments (Ryan et al., 2012; Keeney & Von Winterfeldt, 1989; Hald et al.,

2016). In such fields, there might be cost and time considerations, as well

as technical impracticalities to data collection, which results in limited sci-

entific data. Sometimes, it is not practical to collect data due to the nature

of events. Ultimately, absent or insufficient data leads to poor risk assess-

ments and judgment resulting in failure either to make informed decisions

or to design reliable decision making processes. Thus, in order to properly

characterize the uncertainty in such fields, experts’ inputs play a vital role

(R. M. Cooke & Goossens, 2008; Otway & von Winterfeldt, 1992). Experts, in

the absence of empirical data, are requested to provide information, which

could be elicited in various forms such as forecasting, probability elicitation,

parameter estimation, and quantity estimation (Clemen & Winkler, 1999).

One of the fundamental practices in expert elicitation is consulting with

multiple experts. Clemen and Winkler note that the reason for consulting

multiple experts is to collect as much data as possible, which could be

considered the same as a motivation to increase the sample size in an exper-

iment (1999). This raises the concern of how to fully encapsulate diverse

expert judgements in a single input for the analysis. Morgan et al. noted

that factors that lead to combining expert opinions must be chosen so that

experts’ knowledge can be optimally reflected in the ultimate outcome (1990).

Thus, the natural question that arises is "How should one combine multiple

opinions?" While a significant body of literature has addressed this issue

(Ouchi, 2004; Clemen, 1989; Otway & von Winterfeldt, 1992; Morgan et al.,

1990), perhaps among the proposed methods, opinion pooling has been the

most commonly used approach. Stone (1961) initially coined a strategy for
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combining opinions: opinion pooling, which was later substantially reviewed

by other scholars (French, 2012; Genest, Zidek, et al., 1986).

The linear opinion pool is very practical and straightforward axiomatic

method. It is in fact, a weighted average of multiple probability distributions,

p(q) =
n

å
n=i

pi(q)wi(q)

Hereafter, q is the unknown quantity of interest pi(q ) is the probability

assessment of expert i, wi represents the weight assigned to expert i. and n

is the number of experts. The consensus distribution is represented by p(q ),

referred to as the decision maker’s probability distribution. Each weight can

be interpreted as the expert’s relative contribution. If the decision maker is

indifferent to any expert or has little evidence to judge experts’ weights, then

each weight is simply distributed equally to the experts, that is wi =1/n. This

approach is called equal weighting (EW), which treats each expert equally.

If the decision maker has no information about the experts, then equal

weights are considered to be the most suitable approach. However, this

approach does not give the decision maker the power to optimize the use of

experts’ opinions. The underlying assumption of using equal weights is that

experts should contribute equally. A pre-commitment to equal weighting

usually entails that experts’ performance will not be measured at all. In

consequence, the EW decision maker’s performance cannot be validated.

The result is to compromise the impact of expert judgment in science-based

decision making.

The most prevalent approach addressing this concern is the Classical

Model (Cooke, 1991), which suggests a weighting mechanism that is based

on experts’ performances, rather than weighting experts equally. Some

scholars argue that performance based weighting does not outperform the
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equal weighting in terms of the proposed performance criteria. Clemen

(2008) provided the most thorough critique of the Classical Model. His

results were based on a small sample of expert studies and thus were

inconclusive. However, his work advanced the debate and motivated sub-

sequent studies (Eggstaff, Mazzuchi, & Sarkani, 2014; Colson & Cooke,

2017), which eventually demonstrated the out-of-sample superiority of the

Classical Model’s performance based approach, relative to equal weighting.

Following on this work, this chapter seeks to evaluate the appropriateness

of the random expert hypothesis. Simply stated, this hypothesis investigates

the notion that any expert’s performance in performance-based weighting

is due to chance. In this chapter, the random expert hypothesis will be

evaluated for calibration for 44 data sets.

3.1.1 Classical Model

The Classical Model (R. Cooke, 1991) is grounded in the argument that ex-

perts differ in terms of their performances – that is, in their ability to assess

uncertainty and communicate it properly. Therefore, their performances

should be quantified and then reflected in the weighting framework. The

model addresses the naturally arising question of how experts’ performance

can be measured. The model proposes that the Decision Maker’s distri-

bution, (1), is obtained via performance based weights whose values are

determined by the aforementioned measures of experts’ statistical accuracy

and informativeness. The performances on these two criteria are assessed

via an elicitation procedure using predetermined seed variables whose exact

values are known by the analyst.

The elicitation procedure involves requesting experts to provide their

inputs for a predetermined number, say N, of seed variables, the values
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of which are usually known post-hoc (R. Cooke, 1991; A. Hanea & Nane,

2019). The common practice, is to ask experts for their estimates of 5th,

50th, and 95th quantiles for seed variables though other percentile could

be used as well. The two performance criteria are measured using these

elicitations and the true realizations of the seed variables. The specified

percentiles reflect the experts’ judgments about this unknown quantity in

terms of specified statistical bins. For example, by specifying an elicitation

for the 5th percentile, q5, the expert considers that the probability that the

true realization of the seed variable is smaller than q5 is 0.05. Similarly,

the 50th percentile, q50, suggests that the expert believes that there is 50%

probability of observing the true value to be less than q50, etc.

In addition to these assessed percentiles, the analyst specifies an over-

shoot percentage (commonly 10%, see R. Cooke,1991 for more details) in

order to determine the complete support for the experts’ distributions. Once

elicitations are compiled, the analyst assesses the experts’ performances

using the true realizations of the seed variables. Specifically, the analyst

determines how informative the expert distributions are relative to a min-

imally informative distribution on the support and how well the expert’s

uncertainty assessments via the specified percentile values match with the

realization of the seed variables (i.e., statistical accuracy).

3.1.1.1 Informativeness

Informativeness score gauges the additional contribution of the expert’s

elicitation relative to a background measure. That is, it answers the question

of ‘does the expert provide any additional information than a minimally

informative distribution?’ To measure experts’ performance with respect

to this criteria, the analyst first combines the expert opinions for each
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seed variable into a single range, the lower and upper bounds of which

are determined by respectively the minimum and the maximum of elicited

values for each seed variable and the realization of these variables. Then,

by using a 10% overshoot percentage, the entire cumulative distributions

are computed for each experts. These elicited distributions for each expert

are compared with a minimally informative background measure, usually

the uniform distribution, which expresses complete uncertainty over the

range. The more additional information that an expert’s distribution gives

relative to the base knowledge, the higher the information scores he or she

would receive.

3.1.1.2 Statistical Accuracy

Statistical accuracy (a.k.a., calibration) is a measure of the extent to which

the expert’s quantile assessment matches with reality. Cooke (1991) in-

corporated this idea into the model by using a hypothesis test. The null

hypothesis is that the experts’ percentile assessments correspond to real-

ity. The p value associated with this hypothesis constitutes the statistical

accuracy score. That is, lower the p value indicates less evidence about

the experts’ statistical accuracy performance. Following the computations

below, the analyst determines the frequency of true realizations’ occurrence

in specified inter quantile intervals, bounded by the specified quantiles.

3.1.2 The Debate on Aggregating Expert ElicitationMechanisms: Equal

Weights vs. Performance-based Weights

The debate around how to aggregate expert elicitations revolve around two

fundamental approaches: Combining expert elicitations based on equal

weights (EW) or based on their performance-based weights (PW). The Classi-
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cal Model uses a performance-based approach. The model’s main premise

suggests that performance-based weighting mechanism ensures higher qual-

ity and improves the task for which the expert elicitation is done. There is a

substantial body of knowledge that supports the use of performance weights

(Aspinall, 2010; Bamber & Aspinall, 2013; Colson & Cooke, 2017; Colson et

al., 2019; Wilson, 2017). However, others have advocated the use of equal

weights to combine expert elicitations (Clemen, 1989; Clemen & Winkler,

1999). They argued that equal weights perform as well as performance-

based weights, therefore there is no need to undertake an intensive expert

elicitation procedure (Clemen, 2008). Some of these critics failed to provide

substantial evidence and details of their research procedure (e.g., replicable

codes), so their findings are not considered to be conclusive.

Perhaps, among the EW advocates, the most productive contribution

was (Clemen, 2008) who critiqued the Classical Model implementations

for solely depending on in-sample validation. He argued that the concern

about this validation technique was that it uses the dataset to determine

the performances and also to validate the model. He suggested using out-of-

sample validation and compared EW and PW. Specifically, (Clemen, 2008).

performed a remove-one-at-a-time (ROAT) method whereby seed variables

are removed one at a time. Performance weights are computed based on

the remaining seed variables and these weights are used to predict the

removed item. He found that PW failed to statistically outperform EW (PW

outperformed EW in 9 out of 14 studies). Two concerns were raised about

these findings: One, (Clemen, 2008) used a nonrandom sample and failed

to justify his data choices. Second, the ROAT approach leads to systematic

biases whereby each removed item can penalize an expert who did poorly

on that particular item (R. M. Cooke & Goossens, 2008; Colson & Cooke,
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2017). This bias was addressed (Colson Cooke, 2017) by a more substantial

approach, the cross validation technique that uses a certain percentage

of dataset, instead of a single seed variable. The dataset is split into a

training set to determine the performance weights and a test set to predict

the removed items. Eggstaff et al. performed an extensive cross validation

analysis on all possible sets of training and test variables and found that

PW statistically outperforms EW (2014).

These examples of previous studies confirmed the validity of the Classical

Model; nonetheless, the debate continues. The model has been validated

in studies that include different number of seed variables and experts

(Tyshenko et al., 2011; Aspinall, 2010; Bamber & Aspinall, 2013; Colson

& Cooke, 2017; Hald et al., 2016; Scourse, Aspinall, & Chapman, 2015).

The debate so far focused on the validity of the Classical Model, in different

validation approaches (i.e., in-sample, ROAT, cross validation). However,

it is also necessary to analyze the fundamental assumptions of the two

competing approaches. No previous studies have tested the core distinction

between the two camps of the debate: do the differences in performance

reflect persistent differences in the experts, or are they an artifact caused

by random influences introduced by the elicitation itself. For example, if

the difference is due to one expert having a good day, or being influenced

by domestic or professional stressors, or having more information about

particular seed variable, etc., then the equal weighting scheme may be

warranted. The EW approach assumes that any apparent differences in

expert performance are due to such random influences and would not per-

sist beyond the particular elicitation context. On the other hand, the PW

approach suggests that performances differences reflect ‘properties of the

experts,’ which persist beyond particular elicitation context. Focusing on
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the fundamental assumption that performance differences are persistent,

enables the formulation of this assumption as a testable statistical hypoth-

esis termed the Random Expert Hypothesis (REH): apparent differences in

expert performance are due to random stressors affecting the elicitation.

3.2 Random Expert Hypothesis (REH)

The REH states that apparent differences in expert performance are due

to random stressors of the elicitation. If this hypothesis were true, then

randomly reallocating the assessments among the experts should have no

effect on the performance of the expert panel. This “random scrambling” is

precisely defined below. Under the REH, the scores of the best and worst

performing experts in the original panel should be statistically indistin-

guishable from those of the best and worst experts after scrambling the

assessments. The variation in expert scores in the original panel should be

statistically indistinguishable from the variation in the scrambled panels.

There are many ways of scrambling the experts’ assessments and this allows

a determination of the distributions of scores that result from randomly

redistributing the stressors over the experts.

Note that random scrambling will have no effect on the EW combination.

This underscores the fact that EW implies the REH. In consequence (modus

tollens), if REH is (statistically) rejected, then so is EW. In this sense, REH

provides a more powerful test of the assumption underlying the use of EW.

Note also that if all experts in a panel are “equally good” or “equally bad,”

then the REH may actually be true for that panel. Indeed, this sometimes

happens. The use of PW depends on the fact that such panels are in the

minority. Testing the REH on a set of cases allows for gauging the size of

that minority. The REH was tested by a process of creating random panels

98



of experts whose elicitations are derived from the experts within the original

expert panel. For example, suppose an expert judgment panel includes 10

experts, each of whom assessed 5th, 50th and 95th percentiles for each seed

variable. A hypothetical expert judgment panel would have 10 randomly

created experts, each of whose elicitations are randomly drawn without

replacement from the original assessments for each variable. This process

is repeated 1000 times. If there is not a systematic difference between

randomly created experts and the original experts, as the REH implies,

then one would expect that in approximately half of those 1000 runs, the

original experts would outperform the random experts. The performance

measure used in this study is statistical accuracy, informativeness and full

performance weights will be considered in a future study.

Figure 3.1 displays the process of random expert creation. For example,

Random Expert 1 provides the following elicitations: (1) for the first seed

variable, Random Expert 1 takes the assessment of original Expert 2, (2) for

the second seed variable, Random Expert 1 takes the assessment of original

Expert 1; and (3) for the third seed variable, Random Expert 1 takes the

assessment of original Expert 3. The same procedure is repeated as many

as the number of experts in the original panel. Ultimately, a hypothetical

expert judgment panel is composed by creating random experts as many as

the original experts.

The Classical Model assumes that expert performances in terms of

statistical accuracy may vary systematically with respect to the persistent

differences. Specifically, such persistent differences are the reasons why

the ‘best performing expert’ performs the best and the ‘poorest performing’

expert performs the poorest. However, when the elicitations are scrambled

for a very large number of runs, then scrambled experts should perform
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Figure 3.1: An illustration of random expert creation process. q5 corre-
sponds to the 5th percentile elicitation, the median corresponds to the 50th

percentile elicitation, and q95 corresponds to the 95th percentile of elicitation.

the same, statistically. That is, the ‘best performing experts’ does no longer

perform as much better than the other experts, the ‘poorest performing

expert’ does no longer perform as much poorly than the rest. In other words,

the scrambling process eliminates the systematic variation, which implies a

smaller standard deviation.

If REH is false, then the original expert panel should look statistically dif-

ferent from the population of scrambled panels. The systematic differences

among experts, as posited by the Classical Model, leads to a larger average

score and smaller standard deviation of the score. The maximum score (i.e.,

the best performing expert’s score) of the original panel is expected to be

higher than that of the scrambled panel. Similarly, the minimum score (i.e.,
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the poorest performing expert’s score) of the original panel is expected to be

lower than that of the scrambled panel.

There are a number of ways in which a test could be constructed to

examine whether the original expert panel comes from the same distribution

as the scrambled panels. In this study, four tests of REH are identified.

Specifically if REH were true then:

• the probability is 50% that the average of the experts’ statistical accu-

racies in the original panel is higher than that of a scrambled panel

• the probability is 50% that the standard deviation of the experts’

statistical accuracies in the original panel is higher than that of a

scrambled panel

• the probability is 50% that the maximum of the experts’ statistical

accuracies in the original panel is higher than that of a scrambled

panel

• the probability is 50% that the minimum of the experts’ statistical

accuracies in the original panel is lower than that of a scrambled panel

These predictions of REH were tested based on experts’ statistical ac-

curacy performances measured by the statistical accuracy score. The

statistical accuracy score is the focus since it is the main characteristics of

the performance based weights (see the Cooke, 1991 for discussion), while

the information score has a role of modulating the statistical accuracy score.

3.3 Methodology

The REH was tested based on experts’ statistical accuracy performances

measured by the calibration score. The calibration score is the main char-
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acteristics of the performance based weights (R. Cooke, 1991), while infor-

mation score has a role of modulating the calibration score. In qualitative

terms, the calibration score is the extent to which expert’s elicitations match

with the predicted seed variable frequencies. Experts’ performances are

assessed based on the structured expert judgment procedure. Following the

computations below, the DM determines the frequency of true realizations’

occurrence in specified inter quantile intervals, bounded by the specified

quantiles. These inter quantile intervals are defined as follows:

• Inter quantile #1= [q0;q5]

• Inter quantile #2= (q5;q50]

• Inter quantile #3= (q50;q95]

• Inter quantile #4= (q95;q100]

Given N seed variable realizations x j where j = 1; : : : N, the observed

frequencies denoted s1, s2, s3, s4 are computed as follows:

For inter quantile #1,

s1 =
N

å
j=1

x j 6 q5

N

For inter quantile #2,

s2 =
N

å
j=1

q5 < x j 6 q50

N

For inter quantile #3,

s3 =
N

å
j=1

q50 < x j 6 q95

N
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For inter quantile #4,

s4 =
N

å
j=1

x j > q95

N

These assessed frequencies, s1, s2, s3, s4, are compared with their cor-

responding predicted frequencies, namely the p1, p2, p3, p4 (where p1 =

0:05; p2 = 0:45; p3 = 0:45; p4 = 0:05):

To test the hypothesis:

H0 : pi = si

H1 : pi 6= si

The test statistic will be:

2N =
4

å
i=1

siln(
si

pi
)

For sufficiently large N (i.e., the number of independent seed variables),

this test statistic is well approximated by a Chi-squared distribution with

degrees of freedom equal to number of inter quantiles -1. The calibration

score is taken as the p-value for the test.

Calibration score

Ce = 1�c
2
n�1(2NI(s; p))

The calibration score, Ce, takes a value between zero and 1, and higher

score indicates better calibration, thus a higher p-value, implying stronger

evidence for the hypothesis that the expert is calibrated.

As an illustration, suppose an expert is asked for the elicitations for 20

seed variables. If 5% of the realizations of these 20 seed variables (i.e., 1

of 20) falls in the first interquartile range (s1 = 1=20) 45% of them (i.e., 9 of
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20) falls into the second quartile range (s2 = 9=20), 45% of them (i.e., 9 of

20) falls into the third quartile range (s3 = 9=20) and finally 5% of them (i.e.,

1 of 20) falls into the fourth quartile range (s4 = 1=20) then this expert is

considered to be perfectly calibrated. Computationally, the ratio of s values

to the predicted frequencies (i.e., 5%, 45%, 45%, 5%) for each inter quantile

will be 1 because of the perfect match. Therefore, the natural logarithm

of this ratio will be equal to zero, which makes the test statistics also zero.

This will, eventually, will lead to C(e) score to be 1, representing the perfect

score. It is essential to remind that C(e) score is in fact the p-value from

the hypothesis test that the expert is calibrated.

3.3.1 Expert Judgment Data

TU Delft database provides extensive datasets of expert elicitations that were

conducted based on Classical Model framework (R. M. Cooke & Goossens,

2008). This database has been recently updated with new studies that

were performed starting from 2006 to 2015 (Colson & Cooke, 2017). As

summarized by (Colson & Cooke, 2017), these studies were done by organi-

zations such as Bristol University, the British Government, United States

Department of Homeland Security, World Health Organization, and the US

Environmental Protection Agency, etc. Studies were performed in two for-

mats of structured expert judgment, in three percentiles and five percentiles.

Experts are asked to elicit the seed variables for5th, 50th and 95th percentiles

in the former format, and 5th, 25th, 50th, 75th, 95th percentiles in the latter

format. These elicitations were compiled by (R. M. Cooke & Goossens, 2008)

and made available to the researchers and recently updated (available at

http://rogermcooke.net/ ). This study focuses on all 44 datasets that are

available in the new post- 2006 expert judgment database. 27 of these
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44 datasets came from studies which were performed in three percentile

format. and 17 of the 44 dataset were performed in five percentile format:

experts were asked to provide give percentiles for the elicited variables.

Table 3.1 summarizes the names, the percentile format, number of ex-

perts, number of seed variables, and associated references for each expert

judgment panel. The studies across wide range of domains such as envi-

ronmental risk, bioterrorism, air traffic control, volcano eruptions. The

number of experts in the panels of these studies ranged from 4 to 21, and

the number of seed variables ranged from 8 to 48. The three percentile

format data has 298 experts who elicited 386 seed variables in total, which

yielded 4597 elicitations in total. The five percentile format data has 111

experts who elicited 170 seed variables in total, which yielded a total of

1117 elicitations.

3.3.2 Hypothesis Testing

44 studies are used to test the random expert hypothesis (see Table 3.1).

For each study, hypothetical expert judgment panels consisting of randomly

created experts are simulated in 1000 runs. The random expert hypothesis

is tested as indicated in section 2. For each of the four test variables, the

extent to which this the data supports the REH can be statistically examined

by a Binomial test.

H0 : r = 0:5

H1 : r 6= 0:5

where r is the percentage of the studies in which the original experts

outperform the random experts. r is the success probability in which the
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Table 3.1: Expert judgment studies are illustrated with the number of seed
variables and experts, and percentile formats

Study Percentile
format # of Experts # of Seed

Variables Subject

UMD 3 9 11 Nitrogen removal in Chesapeake Bay
USGS 3 18 32 Volcanos
arsenic 3 9 10 Air quality levels for arsenic
Biol Agents 3 9 10 Human dose-response curves for bioterror agents
Geopolit 3 9 16 Geopolitics
ATCEP 3 5 10 Air traffic Controllers Human Error
Daniela 3 4 10 Fire prevention and control
eBBP 3 14 15 XMRV blood/tissue infection transmission risks
create 3 7 10 Terrorism
effErupt 3 14 8 Icelandic fissure eruptions: source characterization
erie 3 10 15 Establishment of Asian Carp in Lake Erie
FCEP 3 5 8 Flight Crew Human Error
Sheep 3 14 15 Risk management policy for sheep scab control
hemophilia 3 18 8 Hemophilia
Liander 3 11 10 Underground cast iron gas-lines
PHAC 3 10 12 Additional CWD factors
TOPAZ 3 21 16 Tectonic hazards for radwaste siting in Japan

SPEED 3 14 16 Volcano hazards
(Vesuvius & Campi Flegrei, Italy)

TDC 3 18 17 Volcano hazards (Tristan da Cunha)
GL 3 9 13 Costs of invasive species in Great Lakes
Goodheart 3 5 10 Airport safety

Ice 3 10 11 Sea level rise from Ice Sheets melting due to
global warming

puig-gdp 3 9 13 Emission forecasts from Mexico
puig-oil 3 6 19 Oil emissions and prices
YTBID (CDC) 3 14 48 Return on investment for CDC warnings

Gerestenberger 3 12 13 Probabilistic Seismic-
Hazard Model for Canterbury

CWD 3 14 10 Infection transmission risks:
Chronic Wasting Disease from deer to humans

Nebraska 5 4 10 Grant effectiveness, child health
insurance enrollment

SanDiego 5 7 10 Effectiveness of surgical procedures
BFIQ 5 7 11 Breastfeeding and IQ
France 5 5 10 Future Antimicrobial Resistance in France
Italy 5 4 8 Future Antimicrobial Resistance in Italy
Spain 5 5 10 Future Antimicrobial Resistance in Spain
UK 5 6 10 Future Antimicrobial Resistance in UK

Arkansas 5 4 10 Grant effectiveness, child health
insurance enrollment

Covering Kids 5 5 10 Grant effectiveness, child health
insurance enrollment

dcpn_Fistula 5 8 10 Effectiveness of obstetric fistula repair

Florida 5 7 10 Grant effectiveness, child health
insurance enrollment

Illinois 5 5 10 Grant effectiveness, child health
insurance enrollment

Obesity 5 4 10 Grant effectiveness, childhood obesity
Tobnacco 5 7 10 Grant effectiveness, childhood obesity

Washington 5 5 10 Grant effectiveness, child health
insurance enrollment

cdc-roi 5 20 10 Return on investment for CDC warnings

IQ-earn 5 8 11 Effects of Increases in IQ in India on the
Present Value of Lifetime Earnings
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success, ‘outperformance,’ is defined as follows:

1. The average calibrations score of the original expert panels is higher

than that of a random expert panel

2. The standard deviation of calibrations score of the original expert

panels is higher than that of a random expert panel

3. The minimum calibrations score of the original expert panels is lower

than that of a random expert panel

4. The maximum calibrations score of the original expert panel is higher

than that of a random expert panel

3.4 Results

The data were analyzed in two different formats: (1) in three-percentile

format data including all 44 available data sets (thus 5 percentile data sets

were converted to 3 percentile data sets), (2) in five-percentile format data

including only five percentile elicitations.

3.4.1 The Analysis of the Three-percentile Format Data

The average, standard deviation, the maximum, and the minimum scores of

the original experts are compared with those of the random experts in each

randomly created 1000 expert panels. The Binomial tests are performed for

all 44 datasets available in three-percentile format.

The statistical accuracy scores were computed for the three percentile-

format data, consisting of 27 studies that were originally performed as a

three-percentile format, and 17 five-percentile studies that were converted

to three-percentile format. Table 3.2 provides the statistical summaries
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of the original experts’ statistical accuracy scores: summaries, average,

standard deviation, maximum, and minimum scores of expert panels.

Then, four statistical metrics—average, standard deviation, maximum,

and minimum of the statistical accuracy scores—were computed for the

original expert panels and for each of the 1000 scrambled expert panels.

Then for each expert panel, the percentage that the original experts’ corre-

sponding statistics ranked higher than (lower for the minimum) those of

the 1000 scrambled expert panels was determined, Under the REH, the

original expert panels’ metrics should be ranked above (below) those of the

scrambled expert panels 50% of the time. Table 3.3 illustrates the actual

percentages determined for each data set.

Figure 3.2: Original experts’ average statistical accuracy scores ranked
higher among those of randomly created experts in 1000 hypothetical expert
panels (for 44 studies)

Figure 3.2 shows that in 16 out of 44 studies, the original experts

outperformed more than 95% (i.e. 9500 out of 1000) of the scrambled

expert panels. Similarly, in 5 studies, the original experts outperformed the
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Table 3.2: Calibration scores of the original experts for the three-percentile
format elicitation data

Study No Study Name Average Standard Deviation Max Min
1 UMD 1.33E-01 2.69E-01 7.06E-01 3.21E-14
2 USGS 3.15E-03 1.17E-02 5.55E-02 7.12E-13
3 arsenic 4.84E-03 1.18E-02 3.57E-02 9.86E-07
4 Biol Agents 5.70E-02 1.16E-01 3.11E-01 1.42E-06
5 Geopolit 5.10E-02 1.01E-01 2.30E-01 1.42E-06
6 ATCEP 2.99E-02 4.47E-02 1.01E-01 1.42E-06
7 Daniela 1.88E-01 2.57E-01 5.54E-01 4.35E-07
8 eBBP 2.00E-01 2.63E-01 8.33E-01 8.91E-06
9 create 3.57E-03 6.37E-03 1.71E-02 8.91E-06
10 effErupt 2.91E-02 5.46E-02 1.85E-01 8.91E-06
11 erie 2.27E-01 2.46E-01 6.61E-01 1.08E-08
12 FCEP 1.75E-01 2.84E-01 6.64E-01 5.12E-05
13 Sheep 5.64E-02 1.70E-01 6.43E-01 1.62E-11
14 hemophilia 1.88E-01 2.28E-01 6.64E-01 2.66E-04
15 Liander 3.18E-04 8.37E-04 2.81E-03 3.50E-08
16 PHAC 9.71E-03 2.46E-05 7.50E-05 2.43E-10
17 TOPAZ 3.08E-02 1.00E-01 2.43E-10 4.42E-12
18 SPEED 1.83E-02 6.03E-02 2.27E-01 2.88E-12
19 TDC 1.03E-01 2.72E-01 9.89E-01 1.02E-12
20 GL 6.13E-02 1.51E-01 4.54E-01 1.91E-09
21 Goodheart 1.47E-01 2.76E-01 7.07E-01 7.99E-04
22 Ice 8.53E-02 1.50E-01 3.99E-01 5.84E-06
23 puig-gdp 3.68E-02 9.16E-02 2.77E-01 5.04E-12
24 puig-oil 1.72E-03 4.17E-03 1.02E-02 3.27E-12
25 YTBID (CDC) 1.43E-01 2.23E-01 9.68E-01 5.80E-07
26 Gerestenberger 6.35E-02 6.29E-02 1.52E-01 1.88E-05
27 CWD 7.62E-02 1.47E-01 4.93E-01 1.07E-06
28 Nebraska 1.89E-03 3.71E-03 7.46E-03 4.54E-10
29 SanDiego 3.45E-04 5.91E-04 1.31E-03 8.36E-11
30 BFIQ 1.24E-01 2.33E-01 6.38E-01 2.28E-04
31 France 1.56E-01 3.09E-01 7.07E-01 1.54E-07
32 Italy 1.70E-01 3.14E-01 6.40E-01 5.86E-07
33 Spain 4.70E-06 9.07E-06 2.08E-05 1.29E-10
34 UK 1.49E-01 2.72E-01 6.83E-01 6.17E-09
35 Arkansas 8.00E-02 1.56E-01 3.14E-01 1.07E-06
36 CoveringKids 2.76E-01 3.02E-01 6.83E-01 9.86E-07
37 dcpn_Fistula 6.54E-04 1.13E-03 2.81E-03 9.86E-07
38 Florida 2.24E-02 2.36E-02 4.70E-02 5.21E-06
39 Illinois 1.75E-02 3.23E-02 7.50E-02 5.45E-08
40 Obesity 6.67E-02 9.06E-02 1.92E-01 2.47E-10
41 Tobacco 2.06E-01 2.39E-01 6.83E-01 5.99E-03
42 Washington 6.29E-02 1.04E-01 2.44E-01 5.99E-04
43 cdc-roi 1.08E-01 1.46E-01 4.93E-01 3.50E-08
44 IQ-earn 6.88E-02 1.26E-01 3.70E-01 1.70E-07

Note. First 27 datasets were expert elicitations based on three-percentile
format (5th , 50th , and 95th percentiles) and last 17 studies were converted
into three percentile format by truncating the 25th and the 75th percentiles)
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Table 3.3: The percentage that original experts’ corresponding statistics
ranked higher than (lower for the minimum) those of the 1000 randomly
created expert panels (the entire available data, in three-percentile format)

Study No Study Name Average (%) Standard Deviation (%) Max (%) Min (%)
1 UMD 99.70% 96.40% 95.40% 100.00%
2 USGS 86.60% 84.50% 79.40% 80.10%
3 arsenic 57.80% 60.80% 56.50% 43.40%
4 Biol Agents 84.20% 73.10% 60.30% 69.80%
5 Geopolit 87.20% 82.70% 76.30% 54.80%
6 ATCEP 95.80% 94.70% 93.90% 99.50%
7 Daniela 91.90% 64.70% 63.60% 99.70%
8 eBBP 99.10% 91.40% 83.30% 88.30%
9 create 23.00% 34.70% 20.80% 13.10%
10 effErupt 85.90% 80.50% 54.00% 88.80%
11 erie 87.10% 71.10% 75.00% 100.00%
12 FCEP 93.30% 84.50% 85.00% 92.00%
13 Sheep 98.80% 97.70% 97.80% 99.20%
14 hemophilia 90.40% 77.30% 24.20% 34.70%
15 Liander 21.20% 26.50% 25.30% 36.40%
16 PHAC 56.60% 48.70% 22.50% 99.70%
17 TOPAZ 98.00% 98.00% 98.00% 8.00%
18 SPEED 97.90% 97.50% 97.50% 97.60%
19 TDC 100.00% 100.00% 97.50% 99.10%
20 GL 100.00% 99.40% 99.10% 98.80%
21 Goodheart 82.70% 83.90% 83.10% 34.70%
22 Ice 95.00% 91.50% 82.10% 55.00%
23 puig-gdp 96.70% 96.40% 96.30% 99.30%
24 puig-oil 97.20% 97.20% 97.20% 73.60%
25 YTBID (CDC) 97.90% 94.20% 80.30% 88.70%
26 Gerestenberger 6.35% 6.29% 15.19% 73.80%
27 CWD 82.90% 79.80% 78.40% 71.50%
28 Nebraska 76.80% 78.70% 78.70% 97.80%
29 SanDiego 91.10% 90.40% 85.10% 74.10%
30 BFIQ 80.10% 90.40% 80.60% 48.30%
31 France 99.80% 98.90% 98.90% 97.20%
32 Italy 80.50% 85.80% 81.60% 99.70%
33 Spain 59.40% 40.80% 35.70% 88.30%
34 UK 96.30% 89.10% 88.50% 99.90%
35 Arkansas 97.90% 96.20% 95.20% 81.90%
36 CoveringKids 96.00% 85.00% 62.90% 98.70%
37 dcpn_Fistula 11.60% 14.90% 9.30% 17.10%
38 Florida 54.20% 33.70% 14.70% 60.30%
39 Illinois 79.40% 72.80% 72.70% 76.40%
40 Obesity 93.10% 90.50% 90.50% 99.90%
41 Tobacco 40.40% 49.30% 36.30% 58.10%
42 Washington 26.70% 40.80% 37.70% 50.90%
43 cdc-roi 94.80% 61.10% 58.10% 91.60%
44 IQ-earn 2.30% 16.60% 26.40% 99.60%
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scrambled experts in 85% to 95% of the time. In 33 out of 44 studies, the

original experts’ average scores ranked higher than those of the scrambled

experts 1000 expert panels at least 80% of the time.

Figure 3.3: The standard deviation of the original experts’ statistical ac-
curacy scores ranked higher among those of randomly created experts in
1000 hypothetical expert panels (for 44 studies)

For example, in Table 3.3, the corresponding percentage for the average

score in the study UMD is shown as 99.7%. This indicates that in 99.7%

of the scrambled panels (997 runs out of 1000), the average scores of the

original experts are greater than those of the randomly scrambled experts.

Similarly, in the UMD study, in 96.4% of the scrambled panels (964 out

of 1000), the standard deviation of the experts in the original panel are

greater than those of scrambled experts, indicating a larger variation in the

original expert score in most cases. The best performing expert in UMD

study outperforms the best performing expert of the scrambled panels in

95.4% of the time. This means that in 954 out of 1000 randomly created
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expert panels, the best performing experts are outperformed by the original

best performing expert. Finally, 100% percentage for the minimum score

displayed in Table 3.3 shows that the minimum score of the original expert

panel was lower than those of all scrambled panels, indicating that the

score of the poorest performing expert of the original panel performed the

poorest compared to all random experts.

Figure 3.3 shows that in 10 studies, the standard deviation of the experts’

statistical accuracy scores in the original panel are larger than those in

more than 95% of the 1000 randomly created expert panels. In 28 out of 44

studies, the variation in the original expert data (indicating the existence of

good performing and poor performing experts) is larger than the variation

in the scrambled expert panels at least 80% of the time.

Figure 3.4: The maximum of the original experts’ statistical accuracy scores
ranked higher among those of scrambled experts in 1000 hypothetical expert
panels (for 44 studies)

Figure 3.4 shows that in 10 studies, the best performing expert in the

original expert panel outperforms the best performing expert in the random
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expert panels in more than 95% of the time. In 26 out of 44 studies, the

best performing original expert outperformed the best performing random

expert at least 80% of the 1000 scrambled expert panels.

Figure 3.5: The minimum of the original experts’ statistical accuracy scores
ranked lower among those of randomly created experts in 1000 hypothetical
expert panels (for 44 studies)

Figure 3.5 shows that in 19 studies, the poorest performing expert in the

original expert panel performed poorer than the poorest performing expert

in the randomly created expert panels. In 26 out of 44 studies, the original

experts’ minimum score is lower than the that of a random expert panel’s

minimum score in least 80% of the 1000 expert panels.

In above results, the percentage score may be a function of the number of

experts and the corresponding spread in the calibration scores of the experts.

The exact determination is a subject of future research. However, the

empirical results from above suggest that the REH may not be appropriate.

To more formally test the REH a statistical test is needed. The test selected

was the Binomial Test due to its appropriateness for dichotomous outcomes
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and its nonparametric nature.

The binomial test results show that the average of the statistical accuracy

results of the original experts outperformed the randomly created experts

more than 50% of the time, in three statistical metrics: on average (p<.001),

on standard deviation (p< .001), on maximum scores (p <.001). Also, the

minimum of the original experts performed significantly poorer than the

poorest performing randomly created experts more than 50% of the time

(p<.001).

Overall, the results of the random expert hypothesis testing show that,

in a significant number of studies, the scrambled experts fail to perform

as well as the original experts. Specifically, in most studies, the original

experts outperformed the scrambled experts in an overwhelmingly large

percentage of the hypothetical expert panels. Binomial test results suggest

that the original experts ranked higher than the scrambled experts in three

statistical summaries, the average, standard deviation, and the maximum of

statistical accuracy score, and ranked lower than in terms of the minimum

score. This indicates that the hypothesis that expert performances occur

due to randomness is extremely unlikely.

3.4.2 The Analysis of the Five-percentile Format Data

The conventional elicitation format in Structured Expert Judgment practices

is three percentile format, however in some cases, analysts would prefer five

percentile format where they ask experts their elicitations in five percentiles

such as 5th, 25th, 50th,75th, and 95th percentiles. Therefore, it is deemed

important to test the REH on alternative elicitation formats. In this section,

the same analyses performed in the previous section to the entire dataset

available were computed for 17 studies that were originally performed as in
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Table 3.4: Calibration scores of the original experts for the five percentile
format elicitation data

Study No Study Name Average Standard Deviation Max Min
28 Nebraska 8.35E-03 1.64E-02 3.30E-02 7.34E-09
29 SanDiego 6.97E-04 1.43E-03 3.82E-03 1.02E-09
30 BFIQ 1.45E-01 2.56E-01 6.92E-01 3.02E-04
31 France 1.37E-01 2.88E-01 6.52E-01 1.99E-07
32 Italy 1.37E-01 2.88E-01 6.52E-01 1.99E-07
33 Spain 7.02E-06 1.00E-05 2.24E-05 1.02E-09
34 UK 6.42E-02 9.21E-02 1.85E-01 1.96E-08
35 Arkansas 1.93E-02 3.39E-02 6.98E-02 1.15E-05
36 CoveringKids 3.28E-01 3.40E-01 7.56E-01 6.23E-06
37 dcpn_Fistula 1.81E-03 3.10E-03 7.62E-03 6.23E-06
38 Florida 3.81E-02 4.63E-02 1.25E-01 1.18E-05
39 Illinois 3.68E-02 5.48E-02 1.32E-01 3.32E-07
40 Obesity 1.66E-01 2.11E-01 4.40E-01 4.09E-09
41 Tobacco 2.06E-01 2.61E-01 6.88E-01 1.05E-03
42 Washington 3.14E-02 3.09E-02 6.98E-02 3.82E-03
43 cdc-roi 1.30E-01 2.25E-01 7.20E-01 2.18E-07
44 IQ-earn 7.96E-02 1.56E-01 4.54E-01 6.97E-07

Note. Results for only the studies that were done based on five percentile
format are shown.

five-percentile format.

Table 3.4 shows statistical accuracy scores of five percentile elicited data.

The summary statistics shown in the table were incorporated into the next

analyses where the corresponding statistics of the scrambled panels were

compared with the original experts. Table 3.5 shows that percentages that

the average, standard deviation and the maximum of the original experts

outperformed the random expert panels and the minimum of the original

expert score is lower than the minimum of the scrambled experts.

Figure 3.6 shows that 7 out of 17 studies, the original experts outper-

formed more than 95% (i.e. 9500 out of 1000) of the scrambled expert

panels. In total, 11 out of 17 studies, the original experts’ average scores

ranked higher than those of the scrambled experts from 1000 expert panels

at least 80% of the time.
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Table 3.5: The percentage that original experts’ corresponding statistics
ranked higher (lower for minimum) than those of the 1000 scrambled expert
panels for five-percentile format elicitation data

Study Name Average (%) Standard Deviation (%) Max (%) Min (%)
Nebraska 85.30% 85.60% 85.60% 97.70%
SanDiego 88.60% 88.60% 88.70% 79.50%
BFIQ 82.50% 87.70% 86.60% 59.20%
France 99.70% 99.70% 99.70% 99.30%
Italy 96.50% 97.60% 98.20% 100.00%
Spain 62.30% 50.30% 47.90% 90.40%
UK 48.30% 51.30% 45.00% 99.90%
Arkansas 72.70% 74.90% 74.80% 76.00%
CoveringKids 96.40% 82.00% 75.50% 98.60%
dcpn_Fistula 18.80% 20.90% 15.60% 10.70%
Florida 50.00% 32.10% 29.30% 71.30%
Illinois 80.10% 70.90% 72.20% 82.60%
Obesity 99.20% 94.90% 94.90% 99.80%
Tobnacco 32.20% 50.80% 45.70% 91.10%
Washington 3.50% 4.00% 3.00% 18.80%
cdc-roi 96.50% 92.10% 77.00% 94.80%
IQ-earn 2.60% 17.10% 17.00% 99.80%

Figure 3.6: Distribution of percentage of the average statistical accuracy
of the original experts’ statistical accuracy scores ranked higher among
those of scrambled experts in 1000 hypothetical expert panels based on 17
studies that were originally elicited in five percentile formats
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Figure 3.7: Distribution of percentage of the standard deviation of the
original experts’ statistical accuracy scores ranked higher among those of
scrambled experts in 1000 hypothetical expert panels based on 17 studies
that were originally elicited in five percentile formats.

Figure 3.8: Distribution of percentage of the maximum of the original
experts’ statistical accuracy scores ranked higher among those of scrambled
experts in 1000 hypothetical expert panels based on 17 studies that were
originally elicited in five percentile formats.lly elicited in five percentile
formats.
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Figure 3.9: Distribution of percentage of the minimum of the original experts’
statistical accuracy scores ranked lower among those of scrambled experts
in 1000 hypothetical expert panels based on 17 studies that were originally
elicited in five percentile formats

Figure 3.7 shows that in 6 studies, the standard deviation of the experts’

statistical accuracy scores in the original panel are larger than those in

more than 95% of the 1000 randomly created expert panels. In 10 out of 17

studies, the variation in the original expert data is larger than the variation

in the scrambled expert panels at least 80% of the time.

Figure 3.8 shows that in 3 studies, the best performing expert in the

original expert panel outperforms the best performing expert in the random

expert panels in more than 95% of the time. In 9 out of 17 studies, the

best performing original expert outperformed the best performing random

expert at least 80% of the 1000 scrambled expert panels.

Figure 3.9 shows that in 8 studies, the poorest performing expert in the

original expert panel performed poorer than the poorest performing expert

in the randomly created expert panels. In 11 out of 17 studies, the original

experts’ minimum score is lower than the that of a random expert panel’s
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minimum score in least 80% of the 1000 expert panels.

The Binomial results show that the average statistical accuracy scores

of the original experts outperformed the randomly created experts more

than 50% of the 17 studies (p<.05). However, The Binomial test results

show that the proportions of the studies in which standard deviation and

maximum scores of the original experts outperform those of random experts

were not statistically significant (p=0.167 and p=0.17 respectively). Finally,

the Binomial test results indicate a significant proportion of the studies

in which the minimum of the original expert statistical accuracy scores

were outperformed by the minimum of the random experts (p <.001). As

expected, the statistical tests with only 17 studies have much lower power.

3.4.3 A Sign Test Between the Three-Percentile Format and Five-

Percentile Format Elicitation Data

Studies that were originally conducted to collect as in five percentiles format

were converted into the three percentile format. The average statistical

accuracy scores of original experts in both formats were computed and

compared by a two-sided sign test. This test was done in R, using ‘Wilcoxon

Rank Sum and Signed Rank Test’ function. The test results show that the

difference between three and five percentile formats were not statistically

different (W=144, p=1). The corresponding test results for the standard

deviation (W=145, p=1), maximum (W=137, p=0.81) and minimum (W=118,

p=0.37) were also not significant, indicating that when experts are asked

their elicitations in either three or five percentile formats, their statistical

accuracy did not significantly change. This implies that the number of

probability bins, and in turn bin range (e.g., whether covers 25% or 45%)

do not significantly influence experts’ statistical accuracy.
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Furthermore, the sign test was performed to test whether the original

experts’ outperformance percentages differed in three percentile format

than in five percentile format. Sign test results show that there was not a

statistical difference between the three percentile format analysis and five

percentile format analysis in terms of percentages that the original experts

outperform the scrambled experts in 1000 simulations (W =146.5, p = 0.96).

Similar analysis was done for standard deviation (W=146, p= 0.97; i.e., the

percentage that the original experts outperform the random experts in their

standard deviation, for the maximum (W=141, p=0.92; i.e., the percentage

the original experts outperform the scrambled experts in their maximum

scores), and for the minimum (W=131 p=0.65; i.e., the percentage that the

minimum score of the original experts is less than the minimum score of

the random expert panels).

3.5 Concluding Remarks

This chapter addresses the fundamental limitation of the equal weighting

approach, namely that experts should be interchangeable. This assumption

has severe implications because it treats the best performing experts equally

with the poor performing experts. Specifically, it leads to a depreciation

of the maximum value of the expert input by undervaluing useful expert

elicitations and overvaluing redundant or misleading elicitations of poorly

performing experts. In order to address the aforementioned limitation of the

equal weighting approach, the random expert hypothesis was used to test if

experts should be treated equally. The results provide strong evidence that

the original expert panels outperform randomly created experts. Specifically,

the performances of the original experts with those of randomly scrambled

experts were compared in terms of their statistical accuracy. Results show
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that the original experts perform better than the randomly created experts,

their calibration spreads more, there are good and poor performing experts,

which illustrates the potential problem of the equal weight approach. It may

not be reasonable to assign all experts equal weights.

The present study also tested whether the results are replicated in the

different elicitation format, specifically three versus five-percentile format.

This analysis has significant practical implications. Showing the differences

in statistical accuracy in different elicitation formats offer valuable insights

to analysts so that they can inform their elicitation procedures accordingly.

If there are performance differences between the three and five quantile

formats, they are too small to be detected with the current data set. This

question could be revisited in the future as more data become available.

This study focused on comparing performances in terms of calibration

scores. As explained in the literature (R. Cooke, 1991, 2008), the calibration

score is the dominant component in expert decision weight computations.

Specifically, the Classical Model gives the power to the DM to exclude the

elicitation of an expert whose statistical accuracy performance is less than

a threshold. In other words, it is the calibration that determines whether

an experts’ input is included into the analysis. As aforementioned, the

information score functions as a modulating factor for evaluating expert

performances. There may be cases where experts can provide unnecessarily

large intervals, which would still guarantee a high calibration score yet may

not be as informative. Information score is an effective way to penalize

those experts. Therefore, it is encouraged to investigate the random expert

hypothesis based on decision weights that encompasses both calibration

and information score. In future studies, a through analyses including large

dataset will be analyzed.
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Finally, it is useful to compare this study with previous cross validation

studies (Eggstaff et al., 2014; Colson & Cooke, 2017; Colson et al., 2019).

Those studies considered all non-trivial splits of the calibration variables

into training and test sets. The Classical Model performance weight was

initialized on each training set and compared to equal weighting on the

respective test sets. Although this these studies showed significant out of

sample superiority for performance weighting, the results were tempered by

the fact that the performance weighting based on each training set is not the

same as the performance weighting based on all variables. There was an out

of sample penalty for statistical accuracy which decreased with training set

size, but which obviously could not be eliminated. Hence, the superiority

of performance weighting was largely driven by the higher informativeness

of the performance weighted decision maker. The present results utilize

the full set of calibration variables and do not consider informativeness.

This suggest that performance weighting is also superior with respect to

statistical accuracy in addition to informativeness. Working this out is a

task for future research.
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Chapter 4: Exploring the Factors that Influence Medical Experts

Prescription Judgments

4.1 Introduction

Antibiotic resistance is a major threats to health care systems (O’neill, 2014;

WHO, 2014). According to the United Nations emergency reports, antibiotic

resistance is a "global health emergency" which is expected to cause 10

million annual deaths by 2050 (O’neill, 2014). Failing to treat infections

caused by antibiotic-resistant bacterial pathogens is likely to increase mor-

bidity and mortality risk. However, antibiotic treatment is essential in many

modern medical procedures including surgical operations, chemotherapy,

and dialysis. Increased threats to patients’ health are inevitable if antibiotics

become ineffective due to resistance (O’neill, 2014; WHO, 2018). According

to the most recent report to the Secretary-General of the United Nations by

The Interagency Coordination Group (IACG) on Antimicrobial Resistance

(2019) antibiotic resistance, if not prevented, inevitably will lead to a collapse

of several modern medical advances. Even today, Antimicrobial Resistance

(AMR) is one of the major public health issues in the United States. CDC

has announced that the risks related to antibiotic resistance are estimated

at approximately 2 million morbidity cases and 23,000 mortality cases per

year in the United States alone (CDC, 2020). The estimated cost of infections

caused by resistant bacterial strains is $20 billion, which includes 8 million

excess of hospital days in the US (CDC, 2013).

One major cause of antibiotic resistance is unnecessary antibiotic pre-

scription (Hicks, Taylor Jr, & Hunkler, 2013). Inappropriate antibiotic

treatments cause the evolution of multidrug resistant bacterial strains
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(CDC, 2013). Antibiotic prescriptions ranged from approximately 530 to

1230 per 1000 persons (Hicks et al., 2013). According to the CDC report,

approximately 50% of antibiotic prescriptions are unnecessary in the US,

costing $1.1 billion (CDC, 2013). Notably, such real world clinical data

does not necessarily reflect how medical experts are trained. Universally,

providers are trained to be able to differentiate bacterial and viral infec-

tions and are informed about the adverse effects of unnecessary antibiotics.

Unnecessary prescription may not be due to medical professionals’ lack of

ability to distinguish bacterial and viral infections. Rather, it may be the way

they perceive antibiotic-related risks such as severe outcomes (Broniatowski

et al., 2018). Prior studies showed that experts’ risk perceptions drive

antibiotic prescription decisions (Broniatowski et al., 2018; E. Y. Klein et

al., 2017).

Therefore, it is important for effective stewardship programs to be de-

signed not only to give factual information but also guide their risk percep-

tions and support prescription decisions. These programs should include

systematic interventions that improve risk communication by targeting po-

tential misconceptions about antibiotic treatment effectiveness. Effective

strategies to communicate this rising threat is essential to eliminate inap-

propriate prescriptions. Essentially, over the past three decades, evidence-

based policies that focus on providers’ prescribing behaviors led to a lower

rate of inappropriate antibiotic prescriptions for treatments such as ear and

upper respiratory infections. Despite the decreasing trend in recent health

care practices, the desired prescription rate is too far from the current

estimates (CDC, 2013). Nevertheless, this shows the potential of effec-

tive decision support tools and information sharing strategies in changing

providers’ behaviors. Therefore, it is critical to explore providers’ medical
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decision making mechanisms and in turn design strategies that improve

judgments and decisions associated with antibiotic treatment. The broader

impact of such exploration will be to support stewardship programs and

devising guidelines that communicate the risk with the providers more

effectively.

4.1.1 Fuzzy Trace Theory in Medical Decision Making

Fuzzy Trace Theory has been widely applied to medical decision making

(V. F. Reyna, 2008, 2012) as it makes predictions about judgments and

decisions under risk. In particular, it predicts that judgments and decisions

are made based on individuals’ risk perceptions that are shaped by mental

representations (V. F. Reyna, 2012). These mental representations stem

from two distinct mechanisms of encoding information, namely verbatim

and gist, which are independent and parallel to each other. Particularly,

individuals process both verbatim and gist representations. Verbatim repre-

sentations encode information in the most precise, literal details, typically

as precise quantitative numbers. Gist representations, on the contrary,

encode information in the least precise terms, in a simple and qualitative

form. Consider medical information given to a doctor: a 5% risk of an

adverse effect associated with a given treatment. According to Fuzzy Trace

Theory, the doctor will mentally represent this information both in verbatim

terms, 5% risk, and in gist terms, such as ‘some risk.’

Although the information is encoded in these two representations, Fuzzy

Trace Theory predicts that it is the gist representation that drives decisions

(V. F. Reyna, 2012; V. F. Reyna & Brainerd, 1995). As discussed earlier, such

greater reliance on gist representations — i.e., fuzzy processing preference,

is considered to be the result of the developmental progress of human
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cognition (V. F. Reyna & Brainerd, 1995). In particular, individuals prefer to

use the simplest, least precise, fuzzy form of the information. Fuzzy Trace

Theory further predicts that experts, compared to novices, are more inclined

to reveal fuzzy processing preference. This counter intuitive prediction has

been replicated in many expert samples (V. F. Reyna & Farley, 2006).

Previously, Broniatowski, Reyna, and colleagues tested Fuzzy Trace The-

ory’s predictions about the fuzzy processing preference in the context of

antibiotic treatment risk (E. Y. Klein et al., 2017; Broniatowski et al., 2015,

2018). According to Fuzzy Trace Theory, individuals’ decisions about un-

necessary antibiotics use depend on the meaning that they attribute to

antibiotic treatment. Even though it is commonly assumed that the main

culprit for why people take antibiotics unnecessarily is the lack of verbatim

knowledge, i.e., failing to grasp the distinction between viral and bacterial

infections or relying on a gist called "germs are germs", the researchers

showed that the key driver of patients’ antibiotics use is the contrast between

gist categories, ‘possibly getting better’ (in the case of taking antibiotics) and

remaining sick for sure (in the case of not taking antibiotics). Individuals

who consider the downside risk of antibiotics as negligible would endorse

the gist “Why not take a risk?” The authors conclude the “Why not take a

risk?” gist includes two subcategories, “it can’t hurt” which dismisses the

downside risk of side effects, and ‘better to be safe than sorry.’

These findings have important implications for the distinction between

verbatim knowledge and gist-based judgments and the role of the fuzzy

processing preference in medical decision making. Antibiotic use, even

when unnecessary, is associated with possibly recovering at a negligible

cost and not taking antibiotics is associated with the status quo, staying

sick for sure. If a decision maker is given the chance of side effects as
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1%, he or she would encode this information in its simplest representation,

i.e., gist, which captures the bottom-line meaning “the the chance of side

effects is essentially nil” (Broniatowski et al., 2015, 2018; E. Y. Klein et al.,

2017). According to Fuzzy Trace Theory, antibiotic use decisions should be

driven primarily by the gist-judgment (essentially no chance) more than the

verbatim information (1% chance of side effects).

Broniatowski et al. (2018) showed that, like patients, clinicians relied

more on the gist-based judgments in antibiotic prescription decisions, con-

sistent with Fuzzy Trace Theory’s prediction of fuzzy processing preference.

The results indicated that the “why not take a risk?” gist was also the key

gist factor that influenced clinicians’ prescription decisions, despite their

greater knowledge about antibiotics. The “why not take a risk” gist repre-

sented clinicians’ comparisons between patients possibly getting better and

remaining sick for sure. The research found that less perceived downside

risk led to higher prescription rates (E. Y. Klein et al., 2017; Broniatowski

et al., 2018). The authors concluded that clinicians’ perceptions about

the nil downside risk drove their decisions, even though they knew that

antibiotics would not ameliorate viral infections. In other words, simple

gist-based judgments, which are independent of the verbatim knowledge

about antibiotics, are the key motivating factor for individuals’ preference

for antibiotics treatment.

This independent mechanism of gist and verbatim processing were dis-

cussed in several other medical decision-making contexts (V. F. Reyna

& Mills, 2014; V. F. Reyna & Adam, 2003; Corbin, Reyna, et al., 2015;

V. F. Reyna, 2008; V. F. Reyna & Adam, 2003). V. F. Reyna and Adam

(2003) studied the judgment processes of health experts in the context of

sexually transmitted infections (STI). The authors asked experts’ judgments
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about STI-related risks. The experimental condition which included specific

cues unpacking contextual information (e.g., providing examples of STIs)

significantly improved experts’ risk estimates. Notably, in this experiment

controlled, the acquisition of new information was controlled. This means

that the expert judgment improvement was attributed not to newly obtained

information, rather to the knowledge retrieval mechanism. This finding

supported the argument that experts’ judgment errors were not always

necessarily related to verbatim knowledge deficits. In particular, experts’

verbatim knowledge deficit is distinct from their knowledge retrieval, which

is a gist-based mechanism. Some experts, despite knowing the facts in

verbatim, still failed to retrieve that information in context. As Reyna (2008)

pointed out

“...knowing a list of facts and relying on the gist of those facts are

not the same thing.”

These findings provided the opportunity for improving expert judgments

by designing support tools, such as effective training programs. Such

tools could be useful particularly in formal expert judgment protocols,

as in the Structured Expert Judgment, SEJ (R. Cooke, 1991). In the

SEJ protocol, experts are asked to provide numerical judgments about

uncertain circumstances of interest. Typically, before eliciting questions

about uncertainty, experts are given explanatory material about the subject

matter. This process may be enhanced by knowledge transfer interventions

that facilitate experts’ knowledge retrieval in context, and thus improve their

judgments.
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4.1.2 SEJ in Antibiotic Resistance Risk

Structured Expert Judgment (R. Cooke, 1991) is widely used in decision

making under uncertainty (Bedford, Quigley, & Walls, 2006; Aspinall, 2010;

French, 2012). Experts provide their best estimates for a set of variables that

are used to characterize uncertainty in terms of probability distributions

(R. Cooke, 1991, 2008). These estimates play a vital role in policy analyses

and risk assessment because the data that are used in these analyses are

often unreliable, insufficient, or unlikely to obtain due to time or technical

considerations (Aspinall, 2010; Ryan et al., 2012; Keeney & Winterfeldt,

2001; Hodge, Evans, Marshall, Quigley, & Walls, 2001). For example,

in a recent SEJ study that explored the rate of antibiotic resistance in

France, the United Kingdom, Italy, and Spain, experts were asked to provide

their numerical judgments under uncertainty about the resistance rates of

specific bacterial strains (Colson et al., 2019).

Experts’ uncertainty judgments obtained via the SEJ protocol are consid-

ered to be valuable inputs in risk assessment analyses. These analyses are

used to inform many policy decisions, especially when the data are scarce or

insufficient such as in the case of evaluating the effectiveness of antibiotic

treatments. In the SEJ protocol, the experts construct associated proba-

bility distributions, based on which policy analyses and action plans are

determined. Better judgments naturally lead to better informed policies and

in turn better decision outcomes. Therefore, it is critical to improve expert

judgments and explore the ways in which the limitations of their elicitation

performances could be addressed with effective support mechanisms.
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4.1.3 Improving the SEJ Protocol Based on Fuzzy Trace Theory

SEJ is an expert elicitation protocol that has been used in more than a

hundred studies (R. M. Cooke & Goossens, 2008; Eggstaff et al., 2014).

Expert judgments that are obtained from SEJ greatly influence decisions

from critical food policy after Brexit to the scientific estimates about the

future of ice sheets on earth. SEJ focuses on answering what judgments

experts make while Fuzzy Trace Theory examines how experts make those

judgments. In this study, we integrate these two approaches in order to

improve expert judgments by what is known in cognitive psychology, in

particular Fuzzy Trace Theory.

We argue that Fuzzy Trace Theory’s implications play an important role

in improving SEJ. In the SEJ tasks before answering elicitation questions

experts are given information, typically in booklets, based on which they are

asked to provide estimates (Roman et al., 2008; R. M. Cooke & Goossens,

2008). For example, these booklets may include information about recent

research findings that would inform experts about a specific concept. There-

fore, it is crucial to effectively use these booklets or similar briefing sessions

that are administered for the SEJ protocol in order to ensure effective

knowledge transfer to experts.

We argue that designing effective knowledge transfer strategies such

as effective briefing booklets could be implemented in the SEJ protocol.

These knowledge transfer tools could support expert judgments. Prior

research showed that individuals make better judgments when their gist

representations support the process of evaluating information in relevant

contexts (V. F. Reyna & Farley, 2006). Therefore, we hypothesize that experts

who are asked to make numerical judgments in protocols such as the SEJ

could make better judgments when the knowledge transfer strategies allow
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them to contextualize decision information, as suggested by Fuzzy Trace

Theory.

Fuzzy Trace Theory provides an account of the mechanisms of numer-

ical judgment processes (Corbin, Liberali, Reyna, & Brust-Renck, 2015;

V. F. Reyna et al., 2015, 2009; Brust-Renck, Reyna, Corbin, Royer, & Weldon,

2014; V. F. Reyna & Brust-Renck, 2020; Liberali et al., 2012). Suppose, in

a real SEJ task, a medical expert is asked the following question “among

100 patients, how many of them will get better in 2 days with an antibiotic

treatment?”. The expert may elicit this variable of interest as 80. Where

does this 80 come from? According to Fuzzy Trace Theory, the answer lies

in the gist representations, capturing the relevant contextual meaning of

information. Therefore, it is necessary for knowledge transfer strategies to

facilitate extracting the bottom line meaning.

Drawing upon Fuzzy Trace Theory’s fundamental tenets, Hans and Reyna

(2011) posited that individuals who retrieve the appropriate gist make better

numerical judgments. Specifically, they showed that individuals, when

asked to construct numerical judgments for a given condition, first tend

to encode the information in the least precise representation, i.e., gist.

Such representations are typically in the form of categorical gist such as

‘some chance’ or ‘no chance’ and in ordinal gist such as ‘lower chance’ or

‘higher chance’. Finally, individuals construct a numerical judgment that

fits these categorical and ordinal gist representations. This framework was

modeled by Hans and Reyna (the so-called Hans-Reyna model) and was

studied among jurors in the context of punitive damages (Corbin, Liberali,

et al., 2015; Hans & Reyna, 2011; Hans, Rachlinski, & Owens, 2011;

V. F. Reyna et al., 2015; Hans et al., 2018). Corbin, Reyna, et al. (2015)

conducted an experimental study to measure the extent to which numerical
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judgments are shaped by gist representations. The authors showed that

judgments improved when individuals were presented with information that

help to make meaningful inferences (e.g., relevant anchors). Specifically,

research participants were given information that serve as a benchmark.

Participants compared that given information with the damage numbers.

This comparison influenced participants’ numerical judgments because it

changed participants’ gist, and in turn their numerical judgments (Corbin,

Reyna, et al., 2015; Liberali et al., 2012). Building upon these research

findings, we argue that knowledge transfer strategies to be used in the SEJ

protocol could be designed to aid experts to extract appropriate gists and in

turn to construct their numerical judgments more accurately.

All in all, this literature review aims to clarify the main distinction between

the underlying questions that SEJ and Fuzzy Trace Theory seek to address.

Integrating these two streams, we aim to achieve two fundamental goals in

the present research: (1) improve practical expert elicitation studies and

thus enhance policies and analyses in which expert judgments are used as

inputs, (2) improve our theoretical understanding of how experts actually

make judgments and thus enhance real world outcomes.

According to Fuzzy Trace Theory, judgments and decisions under risk

are driven by individuals’ perceptions of those risks (V. F. Reyna, 2012).

Therefore, first, we need to have a better understanding of experts’ risk

perceptions by asking the following question: “How do experts perceive risk

and to what extent do their risk perceptions influence their judgments?”

We address this question in Study 1. There, we measure medical experts’

perceptions about the risks associated with antibiotic treatment and explore

how these risk perceptions are reflected in experts’ prescription decisions.

Specifically, we examine the ways in which expertise plays a role in the
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interplay between experts’ risk perceptions and decisions. In Study 2, we

aim to address the overarching question: to what extent could theoretically-

motivated knowledge transfer interventions improve expert elicitations?

4.2 Hypotheses

We have formulated the following hypotheses, which we study in Study 1

and Study 2. We will test Hypotheses 1a, 1b, 1c, and 1d in Study 1 and

Hypotheses 2a and 2b in Study 2.

• Hypothesis 1a: Gist is context dependent.

According to Fuzzy Trace Theory, gist captures the essence of deci-

sion information in its relevant context (V. F. Reyna & Brainerd, 1995;

V. F. Reyna, 2012). V. F. Reyna et al. (2015) calls this context depen-

dency “fuzzy flexibility,” which is an advanced mechanism of human

cognition. Experts are expected to have a greater fuzzy flexibility be-

cause expertise facilitates the extraction of appropriate gists in relevant

contexts. For example, a clinician may dismiss the potential harmful

side effects of antibiotics and endorse the “why not take a risk” gist

in the context where antibiotics are not indicated. On the other hand,

he may not endorse the same gist in a different context, i.e., if he

considers the harmful side effects as non-negligible. Therefore, we

expect that participants’ gist endorsements about antibiotic related

risks will differ as the context of the hypothetical patient scenarios

change.

• Hypothesis 1b: Gist drives decisions.

According to Fuzzy Trace Theory, the distinct mechanisms of gist and

verbatim representations have different respective roles in decision
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making. Prior work showed that gist is the least precise yet the most

productive representation of information; therefore gist drives decisions

(Broniatowski et al., 2018; V. F. Reyna & Brainerd, 1995, 1991). Previ-

ously (Chapter 2), we showed that experts’ verbatim judgments, i.e.,

numerical estimates, did not drive risky choices as strong as gist-based

judgments did.

Building on the prior evidence, we hypothesize that the effects of gist

and verbatim judgments on antibiotic prescription decisions will be

distinct from each other. For example, a doctor may estimate the like-

lihood of the patient’s getting better without antibiotics as 80%. In

principle, the doctor is not likely to prescribe antibiotics. Nonetheless,

the same doctor might still endorse a gist such as ‘it’s better to be

safe than sorry.’ Although his verbatim estimate, 80%, suggests a

high chance of healing, the doctor is still likely to prescribe antibiotics

because the “it’s better to be safe than sorry” gist assumes a negli-

gible the downside risk of antibiotics. Even when verbatim and gist

representations give contradicting decisions, gist is ultimately a more

effective predictor of decision outcomes. Specifically, we hypothesize

that clinicians’ antibiotic prescription decisions will be driven by the

gist representations.

• Hypothesis 1c: Gist and verbatim are distinct processes.

Fuzzy Trace Theory predicts that verbatim judgments, which are quan-

titative, and gist-based judgments, which are qualitative, are distinct

mechanisms (Adam & Reyna, 2005; V. F. Reyna, 2008; Mills et al.,

2008; V. F. Reyna & Brainerd, 1995; V. F. Reyna et al., 2015). We

predict that gist judgments will be distinct from participants’ verbatim
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judgment about the probability of patients’ recovery without antibiotics.

For example, experts may endorse a gist statement such as “antibi-

otics might not help” and may construct a verbatim judgment such

as “antibiotics are 20% effective.” We expect no correlation between

verbatim judgments and gist judgments of antibiotic related risks.

• Hypothesis 1d: Novice clinicians are more likely to hedge their

decisions.

Blalock and Reyna (2016) argue that novices tend to hedge, relying on

middle ground options, while experts tend to make “sharper all-or-none

distinctions,” relying on categorical options. Reyna and Lloyd (2006) ex-

plored the relationship between expertise and hedging tendency. They

evaluated cardiology experts’ judgments about patients with cardiac

risk who showed up in an emergency department. Research showed

that cardiologists with more experience were more likely to make cate-

gorical decisions, either admitting patients to the intensive care unit

or discharging patients. Novices were more likely to hedge, choosing

the middle option, watchful observation. Therefore, we expect to see a

similar pattern in our sample. We hypothesize that more experienced

clinicians are more likely to choose the two categorical options (imme-

diately prescribing antibiotics or not prescribing antibiotics at all) and

less experienced clinicians are more likely to choose a hedge option

(watchful waiting and follow up with the patient).

• Hypothesis 2a. Experts’ judgment performances are influenced

by the levels of precision by which information is presented.

In this hypothesis, we focus on the relationship between expert judg-

ments and various knowledge transfer strategies. Specifically, we
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define expert judgments performance based on SEJ’s two performance

metrics, namely calibration and informativeness (R. Cooke, 1991). Cal-

ibration, aka statistical accuracy, is a measure of the proximity of

experts’ judgments to real values. Informativeness is a measure of

marginal contribution of experts compared to a relative background

distribution (R. Cooke, 1991). Additionally, we also include two metrics

to measure expertise, namely decision weights, which are the prod-

uct of calibration and informativeness scores, and median accuracy,

which is the discrepancy between the correct answer and experts’ best

guesses.

Research shows that when relevant information is presented with its

contextualized meaning, individuals’ numerical judgments improve

(Hans & Reyna, 2011). This finding was supported by Fuzzy Trace

Theory and formalized by the Hans-Reyna model (Hans & Reyna, 2011;

Hans et al., 2018) According to Fuzzy Trace Theory, individuals at-

tribute meanings to information and rely on the least simple repre-

sentation, i.e., gist. Then, when asked a numerical judgment, they

elicit a number that matches with that gist (Hans et al., 2018). These

predictions have been discussed in various studies about legal decision-

making, yet only in monetary judgment context. These findings will

allow us to test whether predicted numerical judgment making process

is consistent in medical decision making as well. We hypothesize that

medical doctors’ numerical judgments (measured in calibration and in-

formativeness) are expected to improve when relevant technical precise

information is transferred to them along with its bottom meaning.

• Hypothesis 2b. Individual differences such as numeracy and

need for cognition could be associated with experts’ judgment
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performances.

Individual differences such as numeracy and need for cognition, NFC

for short, are expected to be associated with SEJ performance (Cacioppo,

Petty, & Feng Kao, 1984). As Broniatowski and Reyna (2018) state,

numeracy and NFC are distinct from each other. The former is a “cog-

nitive skill,” and defined as the ability to do mathematical operations,

the latter is a “cognitive disposition” and defined as the willingness to

engage with cognitively challenging activities (Broniatowski & Reyna,

2018).

As reviewed earlier, numeracy was shown to influence cognitive processes

of risk perception, judgment and decision making (Liberali et al., 2012;

Epstein et al., 1996; Lipkus & Peters, 2009; Peters et al., 2006; Stanovich

& West, 2008; Peters, Hibbard, Slovic, & Dieckmann, 2007; Broniatowski &

Reyna, 2018; Peters et al., 2006). In particular, Peters et al. (2006) argue

that high numeracy influences the ability to make sense of probabilities and

evaluate tradeoffs in risky choices. Dieckmann, Slovic, and Peters (2007)

showed that numeracy is associated with higher perceptions of catastrophic

risk (i.e,. terrorist attack). Research showed that individuals with higher

numerical ability were less likely to reveal cognitive decision biases (Peters

& Levin, 2008; Peters et al., 2006; Stanovich & West, 2008; Liberali et al.,

2012; Broniatowski & Reyna, 2018; V. F. Reyna et al., 2009).

NFC was shown to influence decisions as it is associated with editing

incoherent judgments and monitoring thinking processes (Cacioppo et al.,

1984; LeBoeuf & Shafir, 2003; Broniatowski & Reyna, 2018; Liberali et

al., 2012) showed that individual differences such as numeracy and need

for cognition were associated with ‘mindless computation’ errors. It is

common in the SEJ tasks that experts may tend to make such computation
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errors (such as conflating percentile ranks). Therefore, it is necessary to

understand the drivers of errors that commonly occur in the SEJ tasks. In

doing so, relevant expert training programs could be designed by addressing

the acquisition of necessary skills to prevent such ‘mindless computation

errors’.

As SEJ tasks necessitate mental efforts and numerical ability, we hypoth-

esize that both numeracy and NFC influence experts’ SEJ task performance.

To test all these hypotheses, we study a case in which antibiotics are

widely prescribed: Acute otitis media, a common ear infection among pedi-

atric patients.

4.3 Antibiotic Treatment for Otitis Media

Otitis media is one of the major reasons for antibiotic prescriptions (Marom,

Nokso-Koivisto, & Chonmaitree, 2012). It is a middle ear infection among

children from 6 months to 5 years of age; one of the most common types

of infections among young children. While the etiology of this infection

may be bacterial, it could be as well be viral. Therefore, if not diagnosed

properly, prescribed antibiotic treatment may be unnecessary, and therefore

potentially contribute to antibiotic resistance risk. The symptoms of bacte-

rial and viral infections may look similar to a ’nonexpert’ eye. Specifically,

misdiagnosis of the etiology of the infection may lead to either a missed

antibiotic treatment (in case the infection is bacterial) or an unnecessary

prescription (in case the infection is viral) (Bluestone, Stephenson, & Martin,

1992). In either case, the failure of treatment eventually harms patients at

the individual and population levels. The American Academy of Pediatrics

provides guidelines to prevent such misdiagnosis and mistreatment (Wald

et al., 2013). This guideline makes recommendations and strict defini-
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tions for otitis media, diagnosis decision support tools, and most relevant,

up-to-date research-based technical reports. It also provides information

about distinguishing different sources of etiologies of otitis media infections,

aiming to facilitate experts’ diagnosis of whether the infection is bacterial

or viral. It is important to explore how guidelines or similar information

material influence medical experts’ risk perceptions, numerical judgments,

and decisions.

4.4 Overview of the Data Collection

The study was approved by the GWU Institutional Review Board (#191875).

The inclusion criteria included medical professionals who were licensed

to prescribe antibiotics for pediatric patients in an outpatient care setting.

Participants in this study were medical experts whom we contacted through

various networks, namely the Pediatrics Health Network, Urgent Care Asso-

ciation, and Facebook groups (see Table J.1). Most participants practiced in

the Washington Metropolitan area, working in the Children’s National Hos-

pital, which makes the data a convenience sample. Nonetheless, through

the Pediatrics Health Network and social media, we were able to increase

geographic diversity. All participants were contacted through the GWU Con-

sumer Health Antibiotic Stewardship Working Group and they were provided

with an informed consent form before partaking in the study. Participants’

information was kept anonymous. We incentivized survey participants by

offering an optional $25 gift card (distributed via Tango Card services) for

their completion of the survey.

Data collection was administered via two different online surveys, one for

Study 1 and one for Study 2. We employed different data collection strategies.

Starting from December 21, 2019 to February 3, 2020, all participants were
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sent a link that randomly assigned them to either Study 1 or Study 2.

Due to a relatively lower response rate, Study 2 was paused starting from

February 3, 2020. From this date to February 11, 2020, we distributed the

link to the survey for Study 1 to the network of the Urgent Care Associations

(UCA) and a private Facebook group (see Appendix J). On February, 11,

we invited those who took the survey of Study 2 to participate in Study 1.

Then, we relaunched the survey of Study 2 to Society for Pediatric Urgent

Care (SPUC), the private Facebook group, and those who took the survey of

Study 1 (see J.1 for details).

4.5 STUDY 1: Experts’ Gist Representations and Prescription Deci-

sions

4.5.1 Methodology

4.5.1.1 Participants

A survey that was designed by using Qualtrics and distributed to various

pediatrics network groups, as described earlier (see Appendix J). In partic-

ular, we collected data from 260 participants who work at the Children’s

National Hospital and Goldberg Center for Community Pediatric Health

(Washington, DC) as pediatrics residents or pediatric ID fellows and who

are affiliated with Pediatric Health Network (PHN), Pediatric Urgent Care

Providers Network, Society for Pediatric Urgent Care (SPUC),Urgent Care

Association (UCA). In addition to the professional network email lists, we

posted the survey on two private Facebook groups, called "Pediatrician

Mommies Group" and "Pediatrician Moms Group" (see Appendix J for all

data collection and Facebook group descriptions). Only pediatric doctors

are eligible to join these private groups(attendance is approved by the admin
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of the group when the candidates provide their medical licenses).

4.5.1.2 Material

Study 1 tests the hypotheses via an online survey that includes a set of items

measuring experts’ risk perceptions and risky choices about antibiotic treat-

ment. First, participants were given a risky choice task in which they were

asked to indicate their prescription decisions for a given patient scenario.

After completing this task, participants were given a numerical risk estimate

question and a series of questions that measure their gist endorsements in

randomized order. Finally, participants completed the survey by responding

to numeracy, NFC, and common demographics questions (see Appendix K)

The survey tasks include: (1) risky choice about a hypothetical patient,

(2) numerical risk estimate task (3) the risk perception task, (4) Need for

cognition test questions and numeracy questions, (5) demographic questions

1. Risky Choice Task: This task is incorporated into an experimental

design, with all factors varying between subjects. Three experimental

conditions were designed to measure experts’ risky choices for different

patient scenarios, with presentation of the scenarios randomized and

counterbalanced. In each scenario, a hypothetical patient is described

with one of the three situations:

(a) Scenario 1: the patient shows AOM symptoms that do indicate

antibiotic treatment. We call this scenario “indicated” for short.

(b) Scenario2: the patient shows AOM symptoms that may indicate

antibiotic treatment. We call this scenario “maybe indicated” for

short.

(c) Scenario 3: the patient shows AOM symptoms that do NOT indicate
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an antibiotic treatment. We call this scenario “not indicated” for

short.

All these scenarios differed only in terms of the symptoms, which to an

expert eye would be sufficient to indicate an antibiotic treatment or not.

The scenearios were designed by our collaborator, Dr. Rana Hamdy,

based on the American Academy of Pediatrics and American Academy

of Family Pyhsicians (American Academy of Pediatrics Subcommittee,

2004).Some of the elements listed by the guidelines to define AOM are

"bulging of the tympanic membrane, limited or absent mobility of the

tympanic membrane, air-fluid level behind the tympanic membrane"

(American Academy of Pediatrics Subcommittee, 2004), see Table 1.

This reflects the role of expertise in a real clinical setting.

The three scenarios were described as follows:

Scenarios differed only with respect to these symptoms. The distinctive

symptoms for each of the scenarios are bold in text.

• The “indicated” scenario :

“An 18-month old patient presents with a low grade fever

(38.1 degrees) and congestion and otherwise appears well

overall with a normal exam. An otoscopic exam is noted

as bulging tympanic membranes bilaterally.

• The “maybe indicated” scenario:

“An 18-month old patient presents with a low grade fever

(38.1 degrees) and congestion and otherwise appears well

overall with a normal exam. An otoscopic exam is noted

bulging tympanic membrane on the left; the right ear

appears normal.
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• The "not indicated" scenario:

“An 18-month old patient presents with a low grade fever

(38.1 degrees) and congestion and otherwise appears well

overall with a normal exam. An otoscopic exam is noted

as air-fluid levels behind the tympanic membranes.

After receiving explanations for one of these three patient scenarios,

participants were asked to choose one among three prescription options.

Each option described a different action that a clinician would proceed.

• Option1: “Immediately prescribe antibiotics.” . We call this option

“yes” for short.

• Option 2: “Discuss watchful waiting with the family; if reliable

follow up is ensured, then observe without immediate antibiotics.”.

We call this option “maybe” for short.

• Option 3: “No antibiotic is needed for this patient.” . We call this

option “no” for short.

2. Numerical Risk Estimate Task Participants were asked to provide an

estimate for the likelihood that the patient would get better without

an antibiotic treatment. Participants could indicate their estimates

ranging from 0% to 100% using a slider (see Figure 4.1). This task

was displayed either before or after the risk perception task (see next

section for details). The order of these two tasks was randomized and

counterbalanced.

3. The Risk Perception Task This task included a set of items that

involve principles associated with antibiotics treatment. Subjects in-

dicated levels of agreement for all items with a 7-point Likert scale
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Figure 4.1: The slider for the risk estimate question from the survey

(from strongly disagree to strongly agree). The questions were designed

by the author Dr. David A. Broniatowski and colleagues based on

an extensive literature review and interviews with expert clinicians’

about their risk perceptions, and were grounded in Fuzzy Trace Theory

(Broniatowski et al., 2018; E. Y. Klein et al., 2017). Participants an-

swered 46 questions in total, consisting of 23 pairs of questions with

forward and reverse-coded versions.

4. Numeracy & Need for Cognition Numeracy and Need for Cognition

(NFC) tasks were presented in a randomized order and the questions

in each task were also randomized. The numeracy task included 11

questions, which were developed by Lipkus, Samsa, and Rimer (2001).

These questions were primarily designed to measure individuals’ ability

to grasp probability concepts and mathematical operations. The re-

sponse format of the questions included both multiple choice and open

entry questions. We also measured NFC using the scale developed by

Cacioppo and colleagues (Cacioppo, Petty, Feinstein, & Jarvis, 1996).

This scale included 18 questions that were designed to measure partic-

ipants’ willingness to engage in cognitively challenging activities. The

response format was on a 7-point Likert scale (from strongly disagree

to strongly agree).

5. Demographic questions At the end of the survey, participants an-

swered conventional demographic questions as well as questions re-
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lated to their professional backgrounds. We asked participants what

year they graduated from medical school, Physician Assistant school,

or Nurse Practitioner school and what their professional title is (e.g.,

attending physician, physician assistant, nurse practitioner, resident).

4.5.2 Results

4.5.2.1 Data Analysis Approach

We encoded relevant variables that were then used as dependent, indepen-

dent, or control variables for the analyses. We encoded the responses to

risk perception items in Likert scales by encoding them as 1 for “Strongly

Disagree” to 7 for “Strongly Agree” for the forward-coded items (and vice

versa for the reverse-coded items). Then, to examine participants’ risky

choices for the hypothetical patient scenarios, we encoded the risky choice

responses using three ordinal numbers: -1 for the option indicating an

immediate antibiotic treatment, 0 for the option indicating watchful waiting,

and 1 for the option indicating non antibiotic treatment.

Individual differences for metacognitive monitoring and editing were

represented by participants’ average scores for numeracy and NFC scale

items. Specifically, we counted the correct responses to all 10 numeracy

questions, and took the average for each participant. Thus, this variable is

a value between 0 and 1. Additionally, we encoded the Likert scale items

for the Need for Cognition scale (Cacioppo et al., 1984) and computed the

average endorsement scores. A higher score indicated a higher NFC.

The numerical judgment question that measures participants’ risk es-

timates were transformed into logit values in order to eliminate floor and

ceiling effects. Finally, we included demographic factors such as age, gender,

years of expertise, and professional title (e.g., physician, nurse practitioner)
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into the statistical analyses. Expertise is computed as the number of years

passed since participants graduated from medical school or other relevant

schools (nursing school etc.).

4.5.2.2 Statistical Analysis Methodology

Once the variables were encoded, we applied the Exploratory Factor Analysis

(EFA) (Fabrigar et al., 1999) in order to explain the variability in responses

in the data and thus identify the common gists across survey items. All 46

individual responses of each participant were included in the analysis. The

results remained consistent when we performed analyses on the risk percep-

tion items and included point risk estimates. The participants’ responses to

the point risk estimate question did not load on any of the extracted factors.

We obtained four factors using maximum likelihood extraction by min-

imizing Schwarz’s (1978) Bayesian Information Criterion (BIC=-3098.91,

see Appendix L for the scree plot). The results were consistent across other

methods such as RMSEA index (0.06, and the 90 % confidence intervals

are [0.056, 0.065]) and Tucker Lewis Index of factoring reliability (0.84). We

performed all these analyses by using the “psych” package in R software

(version, 3.6.2). We implemented both varimax and oblimin rotation meth-

ods. The results were broadly consistent across both rotation methods (see

Appendix N). The items that are loaded on the fourth factor in the oblimin

rotation appeared to be loaded on the first factor in the varimax rotation.

This shows the distinct yet overlapping nature of the first and the fourth

factor, which will be discussed in the next section. We relied on the oblimin

rotation as it gives a clearer distinction among factors.

By using these extracted factors alongside relevant demographic fac-

tors, we performed various regression models to explore the relationship
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between the underlying gist themes and risky choices for three hypothetical

patient scenarios. In order to investigate underlying factors that predict

physicians’ gist endorsements, we used generalized linear regression models.

In addition, we used ordinal logistic regression to examine the relationships

between risky choices and expertise, gist endorsements, and relevant de-

mographics. We also performed multiple separate multivariate ANOVAs in

order to explore the extent to which participants’ risk estimates, absolute

deviations, and gist endorsements differ with respect to the experimental

condition.

4.5.2.3 Sample Analysis Results

The sample included 260 participants including various medical profession-

als such as physicians, nurses, and nurse practitioners (12 participants did

not report their professional titles, see Table 4.1). 77% of the participants

were female, 20% were male, and 2% did not report their gender. We did not

detect a difference in gender distribution across the experimental conditions

(c2(df=2)=0.65, p =0.72). More than half of the participants were between

30 and 50 years old (see Table 4.1 more details). 6% of the participants

reported that they had Hispanic, Latino, or Spanish origins. The majority

of the sample (65%) was white (see Table 4.1 for the race distribution). In

terms of professional titles, more than half of the participants (74%) were

physicians (see Table 4.1 for the breakdown). There were 84 participants in

the “indicated” scenario, 87 in the “maybe indicated” scenario, and 89 in

the “not indicated” scenario.

We also analyzed participants’ individual differences, namely numeracy

and need for cognition. For each participant, we computed the average

number of correct responses to the numeracy questions. The mean of
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these averages was 72% (SD=15%). For each participant, we computed the

average scores on the Likert scale for endorsing the need for cognition items.

The mean of these averages was 4.35 (SD=0.34),which corresponds to mild

endorsement (i.e., “somewhat agree”). In that regard, one can argue that

the sample is numerate yet does not possess a high NFC.

Table 4.1: Sample Characteristics

Demographic Category Subcategory N (%)
Gender Female 201 (77%)

Male 53 (20%)
Race/ Ethnicity Asian 47 (18%)

Black/African American 14 (5%)
Mixed Ethnicity 4 (3%)
Native American / American Indian
/Alaskan Native 1 (1%)

Other 14 (5%)
White 169 (65%)

Hispanic vs. Non Hispanic Non Hispanic 237 (91%)
Hispanic 16 (6%)

Age 30 or younger 58 (22%)
31-40 109 (42%)
41-50 52 (20%)
51-60 23 (9%)
60 or older 12 (5%)

Professional Title Attending Physician 145 (56%)
Resident 46 (18%)
Physician extender 60 (23%)

Avg.Numeracy score 0.72
Avg. NFC score 4.35

Note. Avg.=Average. Average NFC score, where the scores ranged from 1
(Strongly Disagree) to 7 (Strongly Agree).Physician extenders include nurse
practitioners and physician assistants.

4.5.2.4 Exploratory Factor Analysis Results

• Experts rely on four major gists EFA results showed that these items

indicate four factors that explain most of the variability in the data.

The survey items that loaded on each factor were displayed in Table 4.2
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(also see Appendix N for experts’ mean responses to each survey item).

The first factor, which explained 13% of the variability, reflects the gist

of “Why not take a risk?” The second factor, which explained 11% of

the variability, captures the gist about potential harms of antibiotics.

Specifically, this factor represents the gist of “antibiotics might not help

but can hurt.” The third factor, which explained 9% of the variability,

concerns the gist about side effects of antibiotics. This factor captures

the gist of “antibiotics do NOT have harmful side effects.” Finally, the

fourth factor, explaining 8% of the variability, is also about the side

effects of antibiotics. Unlike the third factor, this factor represents

a gist that supports non negligible harms of the side effects and is

represented by the gist of “antibiotics might have harmful side effects.”

The items that load on the fourth factor “antibiotics might have harmful

side effects.” are correlated with the first factor “Why not take a risk?”

(r=-0.35; Table 4.3). This result was supported by the results of the

varimax rotation as the fourth factor and first factor were collapsed

into a single factor in the varimax rotation. As seen in Figure 4.2, gist

endorsements vary across experimental conditions. The zero value for

the EFA scores of each factor represents the following: a disagreement

(i.e., disagree) for the “Why not take a risk” gist, neutrality (i.e., neither

agree nor disagree) for “the abx might not help but can hurt” gist,

agreement (i.e., agree) for the antibiotics might have harmful side

effects gist, and disagreement (i.e., disagree) for “the antibiotics do not

have harmful side effects” gist.

• Numeracy is correlated with risk perceptions

We examined whether there was a correlation between cognitive individ-

ual differences, namely the average numeracy and the average scores
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Table 4.2: Exploratory Factor Analysis Loadings (Oblimin Rotation)

Short version of
the survey item

Why not take
a risk?
(13%)

Antibiotics might
not help but
can hurt (11%)

Antibiotics do not
have harmful
side effects (9%)

Antibiotics might
have harmful
side effects (8%)

Better safe than sorry 0.87
Might not help, but better
safe than sorry 0.85

Better safe than sorry,
so take ABX 0.81

Take ABX just in case 0.81
Might not work but
why take a chance? 0.72

Might as well take
a chance 0.71

ABX might help
and can’t hurt 0.57

ABX don’t help
and can hurt 0.76

Better safe than sorry,
so no ABX 0.70

Might not help,
so better not to take ABX 0.70

ABX might not be safe 0.69
Might not work so why take ABX? 0.69
Don’t take ABX if
they don’t make me better 0.56

ABX will help -0.46
I know ABX help -0.45
It could hurt 0.45 0.40
Don’t know, but patient
might get side effects 0.44

Yes against viruses 0.44
Should NOT take a chance 0.42
Patients doesn’t need ABX 0.41
ABX don’t have side effects 0.86
Patient won’t get side effects 0.63
Patients need ABX 0.53
It can’t hurt 0.51
No against bacteria 0.48
Symptoms go away
with ABX 0.46

No for strep 0.44
Seeing a doctor means ABX 0.42
ABX might have side effects 0.76
Patient might get side effects 0.75
ABX might not help 0.56
Seeing a doctor doesn’t
mean ABX 0.51

Yes against bacteria 0.51
Yes strep 0.46
No against all germs 0.43

Note. Items that have loadings greater than 0.4 are displayed.
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Figure 4.2: Average Gist Endorsements for Each Patient Scenario.
***=p<.001 and **=p<.01.

of endorsements to the NFC items, and risk perception scores. In order

to do that, we conducted a correlation analysis. Results showed that

numeracy is highly correlated with each of the four gist factors. In

particular, the correlation coefficients of the average numeracy scores

with each of the gist factors are as follows: -0.51 (p<.001) with the “why

not take a risk gist?” gist, -0.28 (p<.001) with the “abx might not help

but can hurt” gist, 0.35 (p<.001) with the “abx might have harmful

side effects” gist, and finally -0.51 (p<.001) with the “abx do not have

harmful side effects” gist. The average NFC score was not correlated

with any of the four gist factors (Table 4.3).
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Table 4.3: Correlations Among Gist Endorsements, Numeracy, NFC, Numer-
ical Judgment, and Experience Years

Experience
Year

Why not take
a risk?

Antibiotics
might not help
but can hurt

Antibiotics
do not have
harmful
side effects

Antibiotics
might have
harmful
side effects

Average Num.
Score

Average NFC
Score

Why not take
a risk? -0.12

Antibiotics
might not help
but can hurt

0.16 -0.09

Antibiotics
do not have
harmful
side effects

-0.02 0.62*** 0.04

Antibiotics
might have
harmful
side effects

0.09 -0.39*** 0.15 -0.31**

Average Num.
Score -0.12 -0.51*** -0.28*** -0.51*** 0.35***

Average NFC
Score -0.05 -0.15 -0.12 -0.14** 0.09 0.19***

Numerical
Judgment -0.02 0.06 0.07 0.03 -0.06 -0.12 -0.05

Note. *** p< .001. p < .01

4.5.2.5 Hypotheses Testing Results

• Gist endorsements depend on the scenario context. We analyzed

the extent to which risk perceptions differ with respect to the three

different hypothetical patient scenarios. We performed multiple AN-

COVAs for each of the four gist factors. We first analyzed the extent to

which various hypothetical patient scenario descriptions influenced

participant’s gist endorsements. Results showed that the experimen-

tal conditions influenced endorsements of the "why not take a risk?"

gist (F (2,255)=8,53, p <.001), the "abx might not help, can hurt" gist

(F (2,255)=5.14, p <.01), the and "abx do NOT have harmful side effects"

gist. (F (2,255)= 3.56, p <.05). However, endorsements for the "abx

might have harmful side effects" gist did not differ across experimental

conditions (F (2,255)=1.56, p=0.21).
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We also included numeracy and NFC as control variables and per-

formed an ANCOVA. Results remained consistent. In order to detect

the direction of the treatment effect, we performed a regression as

a post hoc analysis. ANCOVA results showed that the experimental

conditions influenced endorsements of "why not take a risk?" gist,

the (F (2,255)=11.55, p <.001), "abx might not help, can hurt" gist,

(F (2,255)=5.61, p <.01), and the "abx do NOT have harmful side ef-

fects" gist (F (2,255)= 4.84, p <.01). However, endorsements for the "abx

might have harmful side effects" did not differ in terms of the experi-

mental condition (F (2,255)=1.76, p=0.17). Controlling for numeracy

and NFC, the results were robust after multiple comparisons.

• Scenario context predicts gist endorsements

In order to analyze the extent to which the experimental conditions

influenced risk perceptions in more depth, we fit four separate lin-

ear regression models. Specifically, in these models, the dependent

variables were each of the four gist factor scores and the independent

variables were the experimental conditions. The average numeracy

scores and average NFC scores were included as control variables.

Regression results showed that, comparing to the "indicated" scenario

to the "not indicated" scenario, the likelihood of endorsing the following

gists decreased: "why not take a risk," "antibiotics might not help but

can hurt," and " antibiotics do NOT have harmful side effects." However,

the experimental condition was not a significant factor in predicting the

"antibiotics might have harmful side effects" gist. Results also showed

that in any of the four regressions, comparing the "indicated" scenario

to the "maybe indicated" scenario did not affect the endorsements of
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Table 4.4: Regression Analysis Summary for Patient Scenarios Predicting
Gist Factors

"Why not take
a risk?"

"Antibiotics might
not help but
can hurt"

"Antibiotics do
not have harmful

side effects"

"Antibiotics might
have harmful
side effects"

Variable B (SE) t B (SE) t B (SE) t B (SE) t
’Maybe indicated’
scenario -0.16 (0.12) -1.35 0.00 (0.13) 0.00 -0.22 (0.12) -1.82 -0.12 (0.13) -0.95

’Not indicated’
scenario -0.53 (0.12) -4.31*** 0.42 (0.13) 3.09** -0.36 (0.12) -2.94** 0.04 (0.13) 0.31

Mean numeracy -3.05 (0.33) -9.18*** -1.71 (0.36) -4.67*** -3.07 (0.33) -9.31*** 1.98 (0.35) 5.51***
Mean NFC -0.16 (0.14) -1.08 -0.17 (0.16) -1.03 -0.12 (0.14) -0.80 0.09 (0.16) 0.57

Note. *** p < .001. ** p <.01

the gist factors.

Also, as expected from the correlation results, numeracy scores were

significant predictors for both the “antibiotics might have harmful side

effects” gist and the “antibiotics might not have harmful side effects”

gist. We found a significant interaction between the number of years

of experience and the decision scenario, predicting endorsements of

the “antibiotics might have harmful side effects” gist.

• Experts’ verbatim risk estimates did not vary with respect to the

scenario context We analyzed the relationship between participants’

verbatim risk estimates and their risk perceptions, as well as with the

individual differences. Participants were asked to give an estimate for

the probability that the patient in the given scenario would get better

without an antibiotic treatment.

On average, participants estimated the probability that the patient

would heal without antibiotics as 23.39% (SD=18.03%). We broke

down this overall average in terms of three different scenarios, namely

the “indicated” scenario, “maybe indicated” scenario, and “not in-

dicated” scenario, and examined participants’ risk estimates sepa-

rately in regard to these scenarios. In particular, participants’ average
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risk estimates were 22.95% (SD=18.52%) for the "indicated" scenario,

21.43% (SD=16.95%) for the "maybe indicated" scenario, and 25.72%

(SD=18.52%) for the "not indicated" scenario.

As shown in 4.3, the distributions do not seem to vary visually with

respect to the experimental condition. ANCOVA results showed that

the average risk estimates for each scenario did not statistically differ

(F (2.255)=1.29, p=0.27). According to a recent research report (Rosa-

Olivares, Porro, Rodriguez-Varela, Riefkohl, & Niroomand-Rad, 2015),

the patients would get better without antibiotics with 40% probability

under the "indicated" scenario, 59% probability under the "maybe indi-

cated" scenario, and 73% probability under the "not indicated" scenario.

Figure 4.3 shows the distributions of risk estimates broken down into

the three scenarios along with corresponding “correct realizations.”

As seen in this figure, the most deviation from the correct realiza-

tions occurred in the "not indicated" scenario. ANOVA results showed

no statistical difference across experimental groups (F (2,255)=1.29,

p=0.27).

We checked if participants’ verbatim risk estimates differed with re-

spect to scenarios via ANOVA. Results showed that the average risk

estimates for each scenario did not statistically differ (F(2.257)=1.28,

p=0.27). These results were obtained by controlling for individual dif-

ferences such as numeracy and NFC. We also analyzed participants’

verbatim risk estimates in an ANCOVA to see if experimental condi-

tions influenced participants’ risk estimates. The participants’ risk

estimates were not affected by the scenarios included in the three

different experimental conditions (F (2.255) =1.29, p =0.27), controlling

for numeracy and need for cognition.



Figure 4.3: Note. Probability estimates for recovery rates of the patients de-
scribed in hypothetical scenario without an antibiotic treatment. The vertical
dashed line shows the realization of the estimated probability, in particular
40%, 59%, and 73%, respectively for the "indicated" scenario, the "maybe
indicated" scenario and the "not indicated" scenario. Kolmogrov-Smirnov
test results showed that the distributions are statistically indistinguishable
from each other (D=0.12, p=0.47 ; D=0.14, p=0.31, D=0.09, p=0.81)



In addition to analyzing the probabilistic risk estimates by their objec-

tive values, we also applied a logit transform to these values in order

to control for floor and ceiling effects. 1

We performed ANOVA on the logit transformed risk estimates to see

whether these values differ with respect to the three experimental con-

ditions. These ANOVA results were consistent with the previous results

on the verbatim risk estimates alone. That is, the logit transformed

values of verbatim risk estimates were statistically indistinguishable

across scenarios. (F (2.257)= 1.57, p =0.21). Results remained consis-

tent after controlling for numeracy and NFC in an ANCOVA (F (2, 255)

=1.59, p =0.20).

• Gist predicts risky choice and "not indicated" scenario was con-

sidered to be a separate category than the other two scenarios

In order to analyze the extent to which experts’ choices differ with

respect to the scenarios, experts’ verbatim risk judgments, gist per-

ceptions, and their individual differences (i.e., numeracy and NFC),

we performed an ordinal logistic regression. Each participant received

one of the three hypothetical patient scenarios and were asked to make

a treatment choice for those patients. As outlined earlier, there were

three options: (1) the “yes” option, which promotes treatment of an

immediate antibiotic prescription, (2) the “maybe” option, which pro-

motes watchful waiting with no immediate antibiotic treatment, and

(3) the “no” option, which promotes treatment without antibiotics.

The risky choices were in an ordinal relationship that is based on the

extent to which likelihood that antibiotics are required. In particular,
1The logit transform is computed as follows: natural logarithm of ratio of the probability

estimate (p) to its complementary value (1� p), that is, in mathematical terms ln(p=1� p).



Table 4.5: Ordinal Logistic Regression Results Predicting Risky Choice

Predictor B (SE) t OR
"Maybe indicated" scenario -0.08 (0.39) -0.21 0.91
"Not indicated" scenario -1.42 (0.42) 3.38*** 4.17
Why not take risk? -1.08 (0.27) -3.87*** 0.33
Abx might not help but can hurt 2.13 (0.29) 7.36*** 8.49
Abx do not have harmful side effects -0.65 (0.33) -1.94 0.51
Abx might have harmful side effects -0.40 (0.27) 1.45 0.66
Experience Year -0.02 (0.01) -1.56 0.97
Average Numeracy 0.97 (1.51) 0.64 2.66
Average NFC -0.40 (0.45) -0.87 0.66

Note. The ordinal logistic regression predicting the ordinal variable risky
choice by gist factors, experience, and the scenario condition. The risky
choice outcome variable is encoded as -1 for the ’yes’ option, 0 for the ’maybe’
option and 1 for the ’no’ option. The coefficients represent the change in
the likelihood of choosing the ’no’ option over the ’maybe’ option and the
’maybe’ option over the ’yes’ option. The baseline condition is the ’indicated’
scenario. *** p < .001.

the “yes” option suggested immediate antibiotic treatment with the

highest level of an immediate antibiotic requirement, the “maybe option”

suggested watchful waiting with a lesser level of need for immediate

antibiotic treatment , and the “no option” suggested the lowest level of

antibiotic treatment required. The corresponding dependent variable

is encoded as -1,0,and 1 for the “yes,” “maybe,” and “no” options.

As Table 4.5 shows, compared to those in the "indicated" scenario,

participants in the "not indicated" scenario were more likely to choose

the "no" option more so than the "maybe" option and the "maybe"

option more so than the "yes" option. However, such increases in

the likelihood were not observed in the shift to the “maybe indicated”

scenario from the “indicated” scenario (Table 4.5).

• Verbatim Risk Estimate Did Not Predict Risky Choice We also in-



cluded verbatim risk estimate as a predictor to the ordinal logistic

regression to see if verbatim risk estimate influenced risky choice. Re-

sults show that verbatim risk estimate is not a significant predictor

of risky choice (t (2.252)=0.14, p=0.88). Logit transformation of the

verbatim risk estimate also did not predict risky choice (t (2.252)=0.35,

p =0.72).

• Gist endorsements and verbatim risk estimates were not corre-

lated. We also investigated the extent to which participants’ verbatim

risk estimates (i.e., probability estimates of patients’ getting better

without antibiotics treatment) and gist representations were corre-

lated. In particular, we did a correlation analysis between verbatim

risk estimates and each of the four gist factors (Table 4.3). The results

showed that participants’ verbatim and gist representations were not

significantly correlated. In particular, the correlation coefficients of

verbatim estimates with each of the gist factors are as follows: 0.06

(p =.32) with the “why not take a risk gist?” gist, 0.07 (p =.24) with

the “abx might not help but can hurt” gist, -0.06 (p=.33) with the “abx

might have harmful side effects” gist, and finally 0.03 (p=.58) with the

“abx do not have harmful side effects” gist.

• Experience was not correlated with risk perceptions

We analyzed the influence of expertise on participants’ gist risk percep-

tions, risky choices, and verbatim risk estimates. In doing so, we used

two measures of expertise: the number of years of medical experience,

and professional titles.

Figure 4.4 shows the distribution of the number of years of experience.

The average number of years of experience is 12.19 (SD=9.61) across the



sample. 10 participants did not report their graduation years, thus the

following analyses were done on a sample size of 250 (see Table 4.1 for

professional title distributions). Years of experience did not statistically

differ with respect to the experimental groups (F (2,247)=0.6, p =0.54).

Figure 4.4: Histogram of Experts’ Number of Years of Experience Years.
Note. Experience years are obtained via graduation years from medical
school and other relevant schools

Then, we analyzed the relationship between the number of years of

experience, risk perceptions, risky choice, and verbatim risk estimates.



We performed a correlation analysis. The number of years of experience

did not seem to be correlated with any of the four gist risk perception

scores.

To analyze the relationship between the number of years of experience

and risk perceptions, verbatim risk estimates, and risky choices, we

performed correlation analyses. The number of years of experience

did not seem to be correlated with most gist risk perception scores

(except the “antibiotics might not help but can hurt” gist, r=0.16,

p<.05) or verbatim risk estimates (Figure 4.3). Also, experience year

is not correlated with any of the gist endorsement scores, except the

"antibiotics might not help but can hurt" gist (Table 4.3).

We also investigated if expertise, measured by professional title, is

associated with risk perceptions and risky choice. Due to small sample

sizes in certain professional groups, we grouped the professional titles

into three categories: (a) attending physicians, (b) medical residents,

and (c) physician extenders, which includes nurse practitioners and

physician assistants.

Risk perception scores did not differ with professional titles for the “Why

not take a risk?” gist (F (2,248)=.47, p=.62), for the “antibiotics might

not help but can hurt” gist ( F(2,248)=4.43, p=0.012, not significant

after controlling for multiple comparisons), for the “antibiotics might

have harmful side effects” gist( F (2,248) =1.44, p =.23) and for the

“antibiotics might not have harmful side effects” gist (F (2,248)=0.21,

p=0.80). 2

2Risky choice did not differ between the three professional groups (F(2,248)= 0.59, p=
0.55. Attending physicians have the most years of experience (Mean=16.98, SD=8.72) while
the residents have the least years of experience (Mean=3.13, SD=2.06). Tukey test results
showed that the differences among all three pairs of professional titles were significant for
all three pairs at p<.001



• Novices chose the hedging option more frequently than experts

According to Fuzzy Trace Theory, experts’ categorical thinking would

lead them to avoid hedging and make decisions accordingly; whereas,

novices would tend to hedge more (V. F. Reyna & Lloyd, 2006). To test

the theory’s predictions, we operationalized risky choice as a binary

variables: “hedging” vs. “non-hedging.” Specifically, we labeled the

“maybe” option, which indicates watchful waiting as “hedging” and the

“yes” and the “no” options as “not hedging”. We performed various

logistic regression models in order to identify the predictors of hedging

tendency. In these models, the dependent variable of these models is

the binary variable representing 1 for hedging and 0 for not hedging.

We explored the extent to which the number of years of experience

influenced the hedging tendency. Logistic regression results showed

that as the number of years of experience increases, hedging tendency

decreases (z=-3.28, p <.01). When professional title was included into

the regression, experience year remained significant (z=-2.54, p <.1).

Table 4.6: Logistic Regression Results Predicting Hedging Tendency

Predictor B (SE) z OR
Experience year -0.05 (0.01) -3.28** 0.95
"Maybe indicated" scenario -0.40 (0.37) -1.09 0.66
"Not indicated" scenario -1.39 (0.39) -3.56*** 0.24
Why not take risk? -0.23 (0.24) -0.94 0.79
Abx might not help but can hurt 0.70 (0.21) 3.27** 2.02
Abx do not have harmful side effects -1.01 (0.29) -3.43*** 0.29
Abx might have harmful side effects -1.23 (0.37) -3.29*** 0.36

Note. Outcome variable is a binary variable representing the hedging op-
tion,which is encoded as 1 if "maybe" option (watchful waiting) was chosen
and 0 otherwise. The baseline experimental condition is the "indicated"
scenario. ***p < .001. **p <.01
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4.5.3 Conclusion of Study 1

In this study, we focused on the underlying mechanism of clinicians’ antibi-

otic prescription decisions under various etiology scenarios. Building on

prior research evidence, we analyzed the extent to which experts’ risk per-

ceptions and numerical risk estimates drive their decisions. In particular,

we asked a sample of experts to provide numerical estimates of the proba-

bility that a given hypothetical patient would get better without antibiotics.

We analyzed if these numerical judgments were correlated with the experts’

qualitative risk perceptions (i.e., gist factors). In principle, less perceived

risk should result in lower risk estimates (Slovic, Fischhoff, & Lichtenstein,

1985). For example, if an individual endorses a statement like “antibiotics

might not help,” then he would be expected to construct a lower estimate of

a patient recovering without antibiotics. However, our correlation analysis

showed that risk estimates and gist factors were uncorrelated, providing

support for Hypothesis 1a. Consistent with Fuzzy Trace Theory’s tenets

about the dual mechanism of representations, these results suggest that

gist and verbatim are two distinct processes.

Prior work investigated the extent to which gist drives antibiotic pre-

scription decisions. For example, E. Y. Klein et al. (2017) showed that

clinicians relied on simple values such as the gist ‘Why not take a risk?’

when prescribing antibiotics (E. Y. Klein et al., 2017; Broniatowski et al.,

2018). Such categorical risk representation favors the unnecessary use of

antibiotics as it dismisses the downside risk of side effects (Broniatowski

et al., 2015, 2018; E. Y. Klein et al., 2017).These prior studies focused on

real life medical decisions yet did not disentangle gist perceptions under

different etiologies of infections (i.e., bacterial infections, viral infections,

etc.). Building upon such work, we tested Fuzzy Trace Theory in a controlled
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setting via hypothetical patient scenarios involving various levels of medical

uncertainty. This research framework allows us to explore gist-based judg-

ments in various contexts (e.g., the scenario where antibiotics are indicated,

the scenario where antibiotics may be indicated, and the scenario where

antibiotics are not indicated). According to Fuzzy Trace Theory, gist is con-

text dependent. Information can be effectively used in decisions only when

contextualized. This implies that the same gist statement can be endorsed

at different levels, depending on the context. Supporting Hypothesis 1b,

ANCOVA results showed that endorsements of all four gists significantly

differed with respect to the patient scenarios. Specifically, experts who

were given the “not indicated” scenario were less likely to endorse the “why

not take a risk” gist and the “antibiotics do not have harmful side effects”

gist. Gists that dismiss the downside risk of antibiotic use may be more

dominant in scenarios where the underlying etiology is likely to be bacterial.

However, this gist would be less relevant in contexts where the symptoms

may signal a viral etiology. Results also showed that experts who were given

the “not indicated” scenario were more likely to endorse the “antibiotics

might not help but can hurt” gist. These experts might have paid more

attention to the potential harmful side effects in this scenario more so than

in other scenarios.

Fuzzy Trace Theory posits that experts reveal stronger fuzzy processing

preferences as they rely more on gist-based thinking (V. F. Reyna & Farley,

2006). Previously, studies focused on experts’ greater fuzzy processing

preference across multiple domains such as intelligence, law, and public

health (V. F. Reyna et al., 2014; Hans et al., 2018; V. F. Reyna & Lloyd,

2006). We showed that the concept of fuzzy processing preference holds

true in experts’ antibiotic prescription decisions. Specifically, regression
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results indicated that while risky choices were predicted by gist perceptions,

they were not predicted by verbatim risk estimates. Instead, our expert

sample relied on the gist representations in their decisions, supporting

Hypothesis 1c. Greater endorsements of the “why not take a risk” gist and

the “antibiotics do not have harmful side effects” gist increased the likelihood

of choosing to prescribe antibiotics. On the contrary, the endorsement of

the “antibiotics might not help but can hurt” gist decreased the likelihood

of choosing to prescribe antibiotics.

Prior work showed that novices tend to hedge, meaning that they avoid

choosing categorical options (V. F. Reyna & Lloyd, 2006). By using two

metrics for expertise, the number of years of experience and professional

title, we tested if expertise is associated with hedging tendency, i.e, choosing

the watchful waiting option, namely the “maybe” option. Consistent with

Fuzzy Trace Theory, results showed that the number of years of experi-

ence increased the likelihood of choosing the “maybe” option. Professional

training and background also seemed to have an effect on the hedging

tendency. Attending physicians were more likely to make categorical judg-

ments about hypothetical patients, choosing either the “yes” or “no” options

more than the “maybe” option. On the other hand, physician extenders

(nurse practitioners and physician assistants), chose the “maybe” option

more than the other two options combined. This finding supports the final

hypothesis, Hypothesis 1d. Expertise, measured by the number of years of

experience and the professional title metrics, did not predict risky choice;

yet it influenced a function of risky choice, i.e., hedging tendency.

In addition to hypothesis testing, we explored whether participants’ cu-

mulative experience interacted with their gist endorsements and the context

(i.e, scenario) and the extent to which such interaction influenced risky
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choice. According to Fuzzy Trace Theory, expertise facilitates extracting the

appropriate gists in relevant context (V. F. Reyna, 2012). Consistent with

the theory’s prediction, our results showed that more experienced clinicians

who were given a scenario in which antibiotics were not indicated and who

endorsed the “why not take a risk” gist were more likely to choose to imme-

diately prescribe antibiotics (the likelihood of choosing the yes option over

choosing the maybe option and the likelihood of choosing the maybe option

over to likelihood of choosing the no option increases). This finding suggests

that more experienced clinicians better contextualized patient scenarios,

deciding on when to rely on “why not take a risk?” Experience on its own did

not predict risky choice. As shown by prior research, expertise-based gist fa-

cilitates contextualizing relevant information (V. F. Reyna, 2012; V. F. Reyna

& Lloyd, 2006; V. F. Reyna & Farley, 2006). We argue that expertise is more

than knowing about the negative consequences of antibiotics, rather it is

knowing when to say "why not take a risk?"That is, experts are not simply

those who "know," rather they are the ones who know how to use what they

know in an appropriate context.

Finally, we explored experts’ ability to construct probability estimates

associated with the effectiveness of antibiotics. Verbatim risk estimates, in

which participants estimated the probability that the hypothetical patients

would get better without antibiotics, were not significantly correlated with

risky choice, any of the four gist perception endorsements, or numerical abil-

ity. We also measured the goodness of participants’ numerical judgments;

this metric, absolute median deviation, was uncorrelated with numerical

ability. Absolute median deviation was the highest in the “not indicated”

scenario, showing that participants overestimated the effectiveness of antibi-

otics. Interestingly, all participants in this scenario group underestimated
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the probability that the patient would recover without an antibiotic treat-

ment. This suggests that clinicians’ overprescription tendency most likely

occurs when the symptoms do not indicate antibiotic treatment. Expertise

was not correlated with the absolute deviations, irrespective of the hypo-

thetical patient scenario. In contrast to a common belief that experts would

know precise details and are able to make accurate estimates, we showed

that expertise is related to the top two major gists. Participants with more

experience were marginally less likely to endorse the “why not take a risk”

gist and more likely to endorse the“antibiotics might not help but can hurt”

gist. We argue that experienced clinicians might have encountered the

harmful side effects of antibiotics more so than novices. Therefore, they

are more likely to support the gists that encompass acknowledging the

downside risk of negative consequences along with the ineffectiveness of

antibiotic use.

4.6 STUDY 2: Experts’ Numerical Judgments under Knowledge Trans-

fer Conditions

4.6.1 Methodology

4.6.1.1 Participants

The survey for this study was also designed by using Qualtrics and dis-

tributed to the same pediatrics network groups (see Table J.1.

We collected data from 133 participants for this study. As we did for

Study 1, we reached out to this sample via various networks, namely Chil-

dren’s National Hospital (Washington, DC), Goldberg Center for Community

Pediatric Health (Washington, DC), Pediatric Health Network, Society for

Pediatric Urgent Care (SPUC), Pediatric Urgent Care Providers Network. Ad-
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ditionally, we collected data from 39 participants from the private Facebook

groups (see Appendix J).

4.6.1.2 Material

Study 2 tested used an online survey to test hypotheses that are primarily

based on Structured Expert Judgment (R. Cooke, 1991). The survey aims to

measure experts’ uncertainty judgment performances and their risk choices

under uncertainty. We designed an experiment to explore various knowledge

communication strategies by which the SEJ protocol could be improved.

Four different strategies were manipulated between subjects.

Specifically, participants received two major tasks, a series of SEJ ques-

tions and a decision problem under uncertainty including a hypothetical

patient scenario. These two tasks were presented in a randomized order.

Before starting the SEJ questions, participants were given an informational

document that explained the SEJ concepts such as percentile ranks (e.g.,

the definitions of 5th, 50th and 95th percentiles). Four experimental condi-

tions were incorporated into the survey material (see Appendix K). These

conditions included information that was designed to inform participants

regarding how to characterize uncertainty about antibiotic treatment effec-

tiveness (Appendix K).

1. Experimental Conditions: We incorporated experimental conditions

that included various knowledge transfer strategies into the survey

instructions. Specifically, before answering a series of SEJ questions,

the participants were asked to read these instructions and information.

Knowledge transfer material included different types of information in

four conditions: verbatim only, verbatim+gist, guidelines, and guide-

lines+gist. Participants were randomly assigned to either of these four
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conditions with presentation order counterbalanced.

(a) The verbatim only condition: Participants in this group received

approximately one and a half pages of information including rel-

evant excerpts of results from the most recent journal articles.

These excerpts contained the most exact information available

such as precise confidence intervals, estimates with the most pre-

cise decimal points, p values corresponding the estimates and

relevant test results (Appendix K). To demonstrate, below is a sam-

ple of excerpts, which was taken in verbatim terms from a journal

paper (see Appendix K for references):

“Pooled data from 6 randomized trials and 2 cohort stud-

ies showed no significant difference between rates of mas-

toiditis in children who received initial antibacterial therapy

(0.59%) and children who received placebo or observation

(0.17%); p=0.212)."

(b) The verbatim + gist condition:Participants in this group received

the same information material that the verbatim only group re-

ceived. In addition, after each segment of information, the partici-

pants also received the gist of each excerpt along with the verbatim

information. Our co-author, Dr. Rana Hamdy, approved the gists

for each segment. For example, the gist of the aforementioned

excerpt was stated as:

“Pooled data from 6 randomized trials and 2 cohort stud-

ies showed no significant difference between rates of mas-

toiditis in children who received initial antibacterial therapy

(0.59%) and children who received placebo or observation
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(0.17%); p=0.212).

The bottom line meaning: All else equal, the risk of

mastoiditis with and without antibiotic therapy is es-

sentially the same."

(c) The guidelines condition:Participants in this group received the

concise version of the guidelines. This material included a sum-

mary of the key actions extracted from the pediatrics guideline

published by the American Academy of Pediatrics (see Appendix

K for the guideline condition material).

(d) The guidelines+gist condition:Participants in this group received

the guidelines and the gist that the gist+verbatim group received

(see Appendix K).

2. Tasks: After reading these information materials and SEJ instructions,

participants were given two tasks: (1) a decision task under uncertainty,

(2) ten SEJ questions

(a) Decision task under uncertainty: In this task, participants

were asked to indicate their prescription decisions for a hypotheti-

cal patient scenario and subsequently to justify their responses.

This scenario was formulated by the study’s co-author Dr. Rana

Hamdy.

All participants received the following patient scenario:

“An almost two-year patient presents the day before his

second birthday with 4 day history of fevers in the 38.5-38.9

degrees Celsius range. The patient has had some rhinor-

rhea and mild cough for the past week that seems to be

170



improving. Overall the patient is well-appearing with some

nasal discharge evident, but otherwise no focal findings on

exam. The patient’s tympanic membranes were not visual-

ized on exam due to cerumen impaction, with unsuccessful

attempt at cerumen removal.”

Subjects were then asked to choose one of the following options:

• Option 1: prescribing immediate antibiotics for presumed acute

otitis media.

• Option 2: not prescribing immediate antibiotics yet observing

with support care and antipyretics, follow up in 2-3 days if still

febrile.

As seen in Figure 4.3, the guidelines demonstrate that the decision

criteria is depend on the age of the patient. Based on these

guidelines, clinicians’ decisions may differ for patients who come

without severe symptoms under or over the age of two. In our

scenario, the patient is a day before his second birthday. The

patient’s category was left to the clinicians’ discretion because the

guidelines do not make clear recommendations for this patient.

This scenario was designed to be uncertain in order to explore

clinicians’ judgments under uncertainty.

It is important to note that the patient scenario in Study 2 differs

from the three hypothetical patient scenarios described in Study 1.

This scenario was purposefully designed to capture uncertainty,

for which guidelines do not make clear recommendations. In Study

1, the uncertainty was based on the patient’s symptoms because

it was unclear whether the infection was viral or bacterial. In

that case, guidelines still make clear recommendations for these
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patients such as immediate antibiotics or watchful waiting, etc.

However, in Study 2, the uncertainty was based on the patient’s

age, which complicated the recommended decisions.

(b) The SEJ task: In the SEJ task, participants were asked to an-

swer ten questions about antibiotic treatment that were formu-

lated based on the SEJ framework as a three-percentile format

(5th,50th,95thpercentiles). As reviewed earlier, in the SEJ protocol,

such questions are called seed questions and are used to measure

expert performance in two metrics, calibration and informative-

ness. The questions were randomly presented.

In particular, for each question, subjects were asked to provide

their elicitations for an uncertainty distribution of several variables

of interest. The answers were extracted from the most recent and

cited publications (see Appendix K for references). It is unlikely

for the participants to know exact answers, therefore the task is

qualified as an uncertainty characterization.

The questions were formulated to elicit antibiotic treatment effec-

tiveness for a general population of pediatrics under the age of 2

with acute otitis media. Participants were asked to estimate the

number of pediatric patients under the age of 2 whose symptoms

would be resolved by Day 2, Day 4, Day, 7 after antibiotic treat-

ment or placebo treatment. In addition to symptom resolution,

the participants were asked to estimate the prevalence of side and

adverse effects such as diaper dermatitis, diarrhea, mastoiditis,

perforation of tympanic membrane, which are associated with the

antibiotic treatments.

In order to avoid potential confounding influences, because the
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concepts (i.e., percentile ranks) may be unfamiliar to medical doc-

tors, we made the instructions available throughout the survey.

For clarity, we also provided reminders of the definitions of each

of the percentile rank concepts in each of the ten questions. For

example, for the 5th percentile, participants were given the follow-

ing statement: “(Recall: you believe that there is a 5% chance that

the true value is below this value you provide here).”

4.6.2 Results

4.6.2.1 Data Analysis Approach

Participants’ prescription options were encoded as a binary variable. The

option stating that "prescribe immediate antibiotics for presumed acute otitis

media, since it cannot be ruled out" was called the "immediate abx" option

for short and was encoded as 0. The option stating that "no immediate

antibiotics. Observe with support care and antipyretics, follow up in 2-3 days

if still febrile” was called the “follow up” option for short and was encoded

as 1 (note that the encoding is different from Study 1).

We computed two major metrics proposed by the SEJ protocol, namely

calibration and informativeness, and the product of these two metrics, which

is called decision weight (calibration x informativeness). We also analyzed

experts’ judgments in terms of the estimates’ proximity to the real values

of the seed questions: their median accuracy. In addition, we analyzed

responses in terms of the format in which experts presented their estimates

(see the Statistical Analysis Methodology section for details).

We encoded the numeracy and NFC items the same way that we did in

Study 1. We computed the average numeracy scores and average endorse-

ments for the NFC items. Similar to Study 1, we included demographics
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factors such as age and gender. We also used other metrics for measuring

expertise, namely the number of years of experience and professional title.

4.6.2.2 Statistical Analysis Methodology

We first examined how two metrics of SEJ (calibration and informativeness)

are related to risky choice, demographics, and individual difference vari-

ables. To explore the relationship across these variables, we performed a

correlation analysis. Using ANCOVA, we sought to determine whether the

experimental conditions influenced various expert judgment performance

metrics, namely calibration, informativeness, and median accuracy. We

also analyzed whether calibration and informativeness differed between

experimental conditions.

In addition to the two major metrics of SEJ, we computed experts’ median

accuracy. This variable is operationalized as a normalized aggregate devi-

ation, that is the distance between experts’ best guesses (50th percentile;

median) and the true realizations of the seed questions. For each expert, we

computed the average of the deviations across 10 seed questions. We then

analyzed the extent to which median accuracy is correlated with calibration,

informativeness, other expertise measures (namely the number of years of

experience and professional title), demographics, and experts’ risky choices.

Finally, we analyzed the formats in which experts provided their re-

sponses. In the data exploration phase, we noticed that some experts gave

invalid responses. Therefore, we labeled the response formats accordingly.

First, we named valid responses “regular”. In regular responses, the lowest

elicitations were for the 5th percentile and the highest elicitations were for

the 95th percentile. Some experts provided their elicitations in the reverse

order. "We considered these responses to be valid as well and reversed them,
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following standard practice (Dr. R Cooke, personal communication)

Any response formats that did not fall into the “regular” or the “reverse”

categories were considered to be invalid. For example, some experts gave the

same response for all three percentiles. We called this format of response

“flat.” Additionally, some experts gave two percentiles with the same esti-

mated value, which we named “hockey stick.” Finally, some experts gave the

50th percentile as the highest or the lowest, we named this type of response

“triangle.” After labeling the response formats, we also sought to determine

whether there was any relationship between the response formats and the

other metrics of expertise and demographics.

4.6.2.3 Sample Analysis Results

Our sample included 133 participants (see Table 4.7 for details). 3 responses

were removed because participants provided meaningless responses (Ap-

pendix J). Among the remaining 130 participants, 25 of them (19%) were

in the “verbatim only” condition, 40 (31%) in the “gist+verbatim” condition,

32 (25%) participants in the “guidelines” condition, and 33 (25%) partici-

pants in the “guidelines+gist” condition. Sample sizes were statistically the

same(c2(df=3)=3.47, p =0.32). Also, experimental conditions did not differ

with respect to gender (c2(df=3)=3.82, p =0.28).

More than half of the participants were between 30 and 50 years old (see

Table 4.7 more details). As shown in Table 4.7, similar to Study 1, more

than half of the participants (77%) were physicians. Table 4.7 also shows

the mean of numeracy score averages was 76% (SD=13%) and the mean

of need for cognition score averages was 4.36 (SD=0.32), corresponding to

“neither agree nor disagree”. Similar to the sample in Study 1, the sample of

Study 2 is highly numerate yet does not possess a high need for cognition.
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As shown in Figure 4.5, the number of years of experience of 127 partic-

ipants (3 participants did not report their graduation year) is approximately

12 years. Experience years did not differ across four experimental groups

(F (3,123)=0.78, p=0.5).

Figure 4.5: Histogram of Experts’ Number of Years of Experience Years
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Figure 4.6: Experts’ Average Numeracy Scores with respect to Response
Formats

4.6.2.4 Exploratory Data Analysis Results

• Experts’ numeracy influenced how they performed the SEJ task.

We explored the factors that influenced response formats, namely

regular, reverse„ triangle, flat, hockey stick formats. We first analyzed

the extent to which numeracy and NFC influence experts’ response

formats. As shown in boxplots of Figure 4.6, the numeracy scores of
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Table 4.7: Sample Characteristics

Demographic Category Subcategory N (%)
Gender Female 107 (82%)

Male 23 (18%)
Race/ Ethnicity Asian 21 (16%)

Black/African American 4 (3%)
Mixed Ethnicity 4 (3%)
Native American / American Indian
/Alaskan Native 1 (1%)

Other 6 (5%)
White 94 (72%)

Hispanic vs. Non Hispanic Non Hispanic 124 (95%)
Hispanic 6 (5%)

Age 30 or younger 25 (19%)
31-40 55 (42%)
41-50 30 (23%)
51-60 14 (11%)
60 or older 6 (5%)

Professional Title Attending Physician 77 (59%)
Resident 23 (18%)
Physician extender 30 (23%)

Avg.Numeracy score 0.76
Avg. NFC score 4.36

Note. Avg.=Average. Average NFC score, where the scores ranged from 1
(Strongly Disagree) to 7 (Strongly Agree).

the experts who gave either regular or reverse responses were higher

than those who gave responses in other formats.

• More than half of the experts provided invalid inputs to the SEJ

task. We categorized the response formats into two groups: “valid re-

sponses” and “invalid responses.” In principle, valid responses include

only the regular response format. First, we labeled the regular response

formats as “strictly valid” and the remaining formats as “strictly in-

valid.” The ratios of strictly valid responses to strictly invalid responses

did not differ across the experimental conditions (c2(3)=2.08, p=0.55).

Then we expanded the valid category by including the reverse responses.
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A chi squared test showed that the valid vs. invalid ratio significantly

differed across the experimental conditions (c2(df=3)=16.99, p <.001).

The counts of valid vs. invalid response formats may be found in Table

4.9 (see more details in Appendix O. In practice, reverse responses

are often considered to be “valid” and are simply reversed to obtain

regular responses. Therefore, we continue using the following labeling

procedure: valid responses include regular and reverse responses and

invalid responses include hockey stick, flat, and triangle. Based on

such labeling procedure, we calculated which experts provided valid

responses to all ten questions and called these experts “valid experts.”

The experts who provided at least one invalid response were called

“invalid experts.” There were 60 valid experts and 70 invalid experts

(see Appendix O Figure O.1 for the distribution of invalid responses).

Table 4.8: Distribution of Valid vs. Invalid Experts with respect to the
Experimental Conditions

Experimental condition/
Valid vs. Invalid Experts

Guideline
Group (n=32)

Guideline+Gist
Group (n=33)

Verbatim Only
Group (n=25)

Gist + Verbatim
Group (n=40)

Valid experts%(n) 56% (18) 45% (15) 28% (7) 50% (20)
Invalid experts%(n) 46% (14) 55% (18) 72% (18) 50% (20)

Note. Chi-square results were not significant, that is, there were not a
statistically significant difference across the experimental conditions.

Table 4.9: Distribution of Valid vs. Invalid Experts with respect to the
Experimental Conditions

Experimental condition/
Valid vs. Invalid Experts

Guideline
Group (n=32)

Guideline+Gist
Group (n=33)

Verbatim Only
Group (n=25)

Gist + Verbatim
Group (n=40)

Valid experts%(n) 56% (18) 45% (15) 28% (7) 50% (20)
Invalid experts%(n) 46% (14) 55% (18) 72% (18) 50% (20)

Note. Chi-square results were not significant, that is, there were not a
statistically significant difference across the experimental conditions.
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• Valid experts’ performance metrics were not correlated with their

experience years.

We analyzed the correlation among the following expertise metrics of

the valid experts: calibration, informativeness, median accuracy, and

years of experience (the results were qualitatively the same for the logit

transformed values of calibration). As seen in Table 4.10, calibration

score, informativeness score, and the median accuracy were correlated.

However, none of the metrics were correlated with the number of years

of experience.

Table 4.10: Correlations Among Experience, SEJ Metrics, and Individual
Differences

Experience
Year Calibration Informativeness Decision

Weights
Median
Accuracy

Average Numeracy
Score

Calibration 0.02
Informativeness 0.11 -0.49***
Decision Weights 0.02 0.91 -0.23
Median Accuracy 0.23 -0.40** 0.22 -0.48
Average Numeracy
Score -0.21 0.08 -0.15 0.13 -0.10

Average NFC
Score -0.12 0.00 -0.05 0.02 -0.28* 0.09

Note.*** p < .001. ** p < .01. *p < .05.

4.6.2.5 Hypotheses Testing Results

• Receiving the verbatim only condition and having lower numer-

acy increased the likelihood of giving invalid responses.

In a logistic regression, we investigated the factors that influence expert

judgments’ validity for the SEJ tasks. Experts’ numeracy, experimental

conditions, and experience years were the independent variables and

the experts’ validity was a binary variable (1 for valid experts and 0
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Table 4.11: Logistic Regression model predicting experts’ validity

Variable B (SE) z Odds Ratio
Guidelines+Gist group -0.63 (0.54) -1.16 0.53
Verbatim only group -1.22 (0.61) -1.98* 0.29
Verbatim+Gist group -0.70 (0.51) -1.36 0.49
Average Numeracy Score 4.66 (1.78) 2.60** 106
Experience Year -0.04 (0.02) -2.03* 0.95

Note. Outcome variable is binary and is encoded as 1 if expert is ’valid’ and
0 otherwise.

otherwise). As seen in Table 4.11, results showed that experts’ numer-

acy increases the likelihood of providing valid responses, controlling

for the experimental conditions. The main effect of the “verbatim only”

condition was also significant. Compared to those who were in the

guideline condition, experts who were in the verbatim only conditions

were less likely to provide valid responses. Number of years of ex-

perience decreased the likelihood of providing a valid response. In

other words, more experienced experts were more likely to give invalid

responses.

• Experts’ agreed on the prescription choice but disagreed on nu-

merical judgments.

Experts agreed on qualitative uncertainty judgments yet significantly

disagreed on quantitative judgment. Consistent with the prior litera-

ture, agreement on qualitative judgments may not necessarily guaran-

tee quantitative agreements (Sunstein, Kahneman, Schkade, & Ritov,

2002). In fact, our results showed that while there is a substantial

variability in experts’ numerical judgment responses; on the contrary,

experts greatly agree on their choices. Specifically, 126 out of 130
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experts chose the option that indicated a follow up with the patient

and 4 experts chose to immediately prescribe antibiotics.

• Gist and verbatim improves different expertise metrics. We then

explored the extent to which valid experts’ SEJ-based expertise per-

formance metrics, namely calibration, informativeness, and median

accuracy, is influenced by the experimental conditions. Since the

sample size of valid experts was low in each condition, we combined

the conditions into the two different groups: “gist” vs. “non-gist” and

“verbatim” vs. “non-verbatim” conditions. In particular the combined

gist condition included the “guidelines+gist” condition and the “verba-

tim+gist” condition. And the other two conditions (i.e., “verbatim only”

and the “guidelines”) were combined to the “non-gist” groups.

We first sought to determine if experts’ SEJ-based performance metrics

differed with respect to the gist and non-gist groups. To this end,

we performed four different ANCOVAs where the dependent variables

were (1) calibration, (2) informativeness, (3) median accuracy, and (4)

decision weights. ANCOVA results showed that calibration scores were

statistically different in the “gist” group than the “non-gists” group,

controlling for numeracy and NFC (F (1,56)=4.02, p=0.04).

As seen in the box plots in 4.7, the experts who received either of the

gist treatments scored higher in calibration compared to those who

did not receive the gist information. A comprehensive table including

all ANCOVA results are displayed in Table 4.12. It is interesting that

results showed that those who are higher in NFC had less median

accuracy scores.

Then, we performed multiple ANCOVAs for the “verbatim” vs. “non-
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Figure 4.7: Calibration Scores of the Non-Gist and Gist Groups
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Figure 4.8: Box plots of calibration Scores of the Non-Verbatim and Verbatim
Groups

verbatim” combined experimental conditions. The experts of these

groups differed in terms of their decision weights and median accuracy

(see Table 4.13. As seen in Figure 4.8, the experts in the verbatim

groups had significantly higher decision weight scores but interestingly

lower median accuracy than those in the non-verbatim groups (Figure

4.9).

• Verbatim + Gist group had the highest percentage of well perform-

ing experts

In Structured Expert Judgment, analysts often determine a threshold
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Table 4.12: ANCOVA results for four expertise metrics for the “combined
gist” groups

Calibration Informativeness Decision Weights Median Accuracy
Source df MS F df MS F df MS F df MS F
Gist vs.
Non-gist group 1 0.13 4.02* 1 0.34 1.17 1 0.09 3.23 1 0.00 0.00

Average
numeracy 1 0.00 0.08 1 0.27 0.93 1 0.01 0.47 1 0.01 0.59

Average
NFC 1 0.00 0.04 1 0.00 0.02 1 0.00 0.00 1 0.13 4.69*

Note.* p < .05. Gist group is the combination of the Guidelines+Gist and
Verbatim+ Gist groups. Non-Gist group is the combination of the Guidelines
and Verbatim only groups.

Table 4.13: ANCOVA results for four expertise metrics for the “combined
verbatim” groups

Calibration Informativeness Decision Weights Median Accuracy
Source df MS F df MS F df MS F df MS F
Verbatim vs.
Non-verbatim group 1 0.12 3.62 1 0.04 0.15 1 0.14 5.35* 1 0.12 4.43*

Average
numeracy 1 0.01 0.00 1 0.36 1.24 1 0.02 1.04 1 0.01 0.64

Average
NFC 1 0.00 0.03 1 0.03 0.12 1 0.00 0.22 1 0.08 3.00

Note.* p < .05. The verbatim group is the combination of the Verbatim only
and Verbatim + Gist groups. The non-verbatim group is the combination of
the Guidelines and Guidelines+Gist groups.
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Figure 4.9: Box plots of calibration Scores of the Non-Verbatim and Verbatim
Groups

value for calibration scores by which they discriminate "well-performing”

experts from “poorly performing” experts. Consistent with common

practice, we chose the threshold to be 0.01. Based on this threshold

we dichotomized the valid experts as “well performing experts experts”

and “poorly performing experts experts.” The breakdown shown in

Table 4.14 shows that the sample sizes for each cell are not sufficiently

large to perform robust statistical tests. Nonetheless,qualitatively, one

can observe that the highest percentage of the “well performing ex-

perts” was observed in the verbatim+gist group (60% good experts).

The lowest percentage of the “well performing experts” was observed

in the guidelines group (39%).
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Table 4.14: Distribution of Expert Performances with respect to the Experi-
mental Conditions

Experimental condition/
Expert percentages

Guideline
Group (n=18)

Guideline+Gist
Group (n=15)

Verbatim Only
Group (n=7)

Gist + Verbatim
Group (n=20)

Well performing experts%(n) 39% (7) 53% (8) 43% (3) 60% (12)
Poorly performing experts%(n) 61% (11) 47% (7) 57% (4) 40% (8)

Note. Well performing experts are the experts whose calibration scores were
above 0.01 and poorly performing experts whose calibration scores were
below 0.01.

4.6.3 Conclusion of Study 2

In Study 2, we investigated medical experts’ uncertainty characterization

and numerical judgment performances. As discussed, SEJ is a common

tool for policy analyses that rely on experts’ numerical judgments under

uncertain situations. According to SEJ, good judgments reflect the correct

values (i.e., realizations) as much as possible, which then lead to high

quality data for policy analyses. Hence, such judgments in turn would lead

to better informed decisions and outcomes. Therefore, improving experts’

judgments play a vital role in enhancing medical decisions. We focused on

improving experts’ judgments in the context of the SEJ protocol, particularly

in medical issues involving uncertainty, i.e., antibiotic effectiveness.

In order to improve expert judgments, we need to have a deeper un-

derstanding of expert cognition because judgment-making is a cognitive

process. In this sense, we draw upon Fuzzy Trace Theory, which elucidates

how experts make judgments. Based on this theory, we designed theoreti-

cally motivated strategies that could improve experts’ numerical judgment

performances. In particular, we devised an SEJ protocol which included

questions to measure experts’ calibration, informativeness, and median

accuracy.
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Our findings showed that SEJ tasks can be misunderstood by experts.

For example, when exploring how the experts in our sample answered the

SEJ questions, we realized that more than half (70 out of 130) of them

potentially misunderstood the SEJ tasks as they gave invalid responses.

The experts who gave invalid responses were less numerate than those who

gave valid responses. Differences such as numerical ability between these

two groups of experts may provide insights for enhancing SEJ protocol

designs. SEJ analysts may assume that experts sufficiently understand the

SEJ tasks and therefore their judgments would truly reflect their knowl-

edge. However, the analysts should be aware that, irrespective of experts’

knowledge, insufficient numerical ability may deteriorate experts’ judgment

performance. For example, when eliciting judgments of experts who may

not practice high numerical ability in their professional fields, analysts may

consider training such experts in the mathematical terminology related

to the SEJ tasks. Expertise performance metrics may be confounded by

numerical ability, therefore they should be analyzed by controlling for these

factors. Also, our results suggest that experts who received verbatim infor-

mation before performing SEJ tasks may have gotten potentially confused.

In SEJ practice, it is common to provide experts as precise information

as possible to inform their judgments. However, the precision level of that

information may affect experts’ understanding of the SEJ tasks. Since ver-

batim information transfer can be prone to misunderstandings, the analysts

should pay special attention to clarifying the SEJ terminology.

Another key finding was about the relationship between experts’ judg-

ment performances and their professional experience. This finding offers

insights for selecting experts for SEJ practices. Analysts and scholars have

widely discussed the most effective expert selection strategies by suggesting
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various methods, from snowball sampling and peer referrals, to experts’

reputations, or number of years spent in the fields, to their professional

titles. Our results showed that the number of years of experience was not

correlated with experts’ SEJ performances. This single measure of expertise

may not necessarily be the only expertise indicator. Therefore, analysts,

when selecting experts for the SEJ, should not solely rely on the number of

years that experts have spent in their fields.

The information that is conveyed through the SEJ protocol to the experts

has a significant effect on their SEJ performance. In SEJ practice, brief-

ing booklets are designed to transfer necessary information to the experts.

According to Fuzzy Trace Theory, the precision level of such information

transfer influences judgment processes (V. F. Reyna, 2012; Mills et al.,

2008). Specifically, gist, which is less precise yet more productive, facili-

tates contextualizing information and extracting its relevant significance.

The Hans-Reyna model (Hans et al., 2018; Hans & Reyna, 2011), which

is theoretically based in Fuzzy Trace Theory, posits that decision making

processes are influenced by the transfer of gist information. Reyna and

Hans (2011), in an empirical legal decision making experiment, showed

that participants’ numerical judgments reflected their gist encoding of fac-

tual information (e.g., problem description, decision information, narrative

cases). Consistent with Fuzzy Trace Theory, gist facilitates evaluating the

circumstances in a broader sense and focusing on the “big picture,” based

on which numerical judgments are constructed.

Based on Fuzzy Trace Theory’s predictions, we explored the extent to

which information transfer strategies influenced the judgments of experts

(valid experts). In particular, we analyzed whether providing various com-

binations of gist and verbatim information improved experts’ SEJ perfor-
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mances. We showed that experts who were in the gist condition groups

(the “verbatim+gist” and “guidelines+gist” groups) had significantly higher

calibration performances than those who did not receive “gist” informa-

tion. Gist facilitates the extraction of the “big picture,” and thus enables

experts to evaluate the survey questions more comprehensively. We argue

that by evaluating the percentiles, 5th, 50th, and 95th percentiles, experts

elicit information not only for a single best guess but for various scenar-

ios, which require a gist understanding. Therefore, gist transfer may have

helped experts to evaluate the overall uncertainty distribution of patients’

responses to antibiotic treatment. We also speculate that gist information

may have led experts to provide their elicitations in a vast range, which

may reflect imprecise mental representations of information. In principle,

experts get high calibration scores if they provide their elicitations across a

wide distribution. The dominant gist may capture the uncertainty aspect of

the problem. Therefore, gist-induced wide range of elicitations may have

led to high calibration scores.

We also observed significant differences in median accuracy and decision

weights in the verbatim condition groups (the “verbatim only” and “verba-

tim+gist”) and those in the non-verbatim condition groups (the “guidelines”

and “guidelines+gist”). The best guesses (i.e., median accuracy) in the non

verbatim group were significantly higher than those in the verbatim group.

However, experts’ overall SEJ performance (i.e., decision weights) improved

in the verbatim condition. Decision weights are often the primary factor

that SEJ analysts take into consideration when combining experts’ opinions.

Consequently, these results suggested that gist and verbatim information

transfer strategies influenced the SEJ performances differently; yet, both

strategies holistically improved SEJ performances. We argue that, in SEJ
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tasks, communicating gist and verbatim are both necessary to improve the

judgment-making process.

In SEJ practice, the analysts often identify expert performance based

on calibration score by using a cutoff value. The experts whose calibration

scores fall below that threshold value are considered to be “poorly perform-

ing” experts and those whose calibration scores fall above the threshold

are considered to be “well-performing” experts. Our results indicated that

the highest percentage of well performing experts were observed in the

gist+verbatim condition. In this condition, experts were given precise tech-

nical information (i.e., verbatim), along with the contextualized meaning

of that information (i.e., gist). In SEJ, designing briefing booklets and/or

experts training are useful for enhancing experts’ judgments. Our results

suggest that information could be transferred through these mechanisms

more effectively when experts receive technical information along with the

gist for numerate experts who can understand the technical information.

This form of transfer may be more useful than providing only the technical

verbatim information involving many details, but limited context or inter-

pretation. Providing experts the gist that captures the uncertain nature of

the problem may help them provide larger confidence intervals, which in

turn increases their calibration.

Finally, our results indicated that while there was a substantial amount of

variability in experts’ numerical judgments, the judgments for hypothetical

patient scenarios did not vary. 126 out of 130 experts chose the same risky

choice: following up with the patient. A strict adherence to the guidelines

could have lead clinicians to prescribe a treatment that is appropriate for

patients under two years old (K.8. However, experts may rely on the gist

that led them to consider the patient as "essentially 2 years old."
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As we discussed in Chapter 2, generally, experts are asked to make

judgments in different forms. For example, the experts in our study were

asked to perform two distinct tasks: to make numerical judgments and to

make choices about whether to prescribe antibiotics. Depending on the

metric by which the “goodness of judgments” (see Chapter 1) are evaluated,

one may arrive at different conclusions regarding experts’ performances.

Did our sample of experts make “good” judgments? If the ultimate goal were

to elicit numerical information from the experts, then we could evaluate the

goodness of judgments based on metrics as the SEJ protocol proposes. In

that regard, we could argue that only 30 out of 130 experts in our sample

were “good” (Table 4.14). However, if the ultimate goal were to make a

decision that corresponds to the reality as close as possible, then we could

conclude that 126 out of 130 experts were “good.” Choosing the option of

following up with the patient would be considered to be the correct action

under uncertainty conditions described in the scenario. Again, did our

sample of experts make “good” judgments? The answer is: depends on

the task. That is, it depends on the task by which we evaluate expertise,

which ultimately depends on the purpose of why we ask experts to make

judgments in the first place.

Overall, results support both hypotheses that we formulated based on the

Fuzzy Trace Theory. Providing gist and verbatim information influenced ex-

perts’ judgments as they stimulated experts’ cognitive processes differently.

Transferring gist information improved experts’ calibrations. In particular,

the elicitations of the experts who were given the gist information corre-

sponded to the reality more than those of the experts who were not given the

gist information. Informativeness, which is a measure of experts’ relative

information, did not seem to be influenced by the information transfer con-
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ditions. However, when informativeness was combined with calibration–i.e,

decision weights– verbatim transfer influenced experts’ performances on

this numerical estimation task. Additionally, experts’ numerical abilities

improved their understanding of the SEJ tasks.

Combined together, in Study 2, we explored the cognitive factors that

influence expert judgments. The findings have important implications for

SEJ protocol designs, specifically regarding briefing booklet design (e.g.,

deciding on the precision levels of information transfer), expert training (e.g.,

numerical training), as well as expert selection (e.g., expertise indicators).

Various information transfer strategies that stimulate different cognitive

modes, namely gist and verbatim, affect experts’ cognition of judgment

making processes. In addition, experts’ individual differences such as

mathematical abilities also affect the cognitive processes of judgments.

Finally, the number of years spent in a professional field may not necessarily

be an indicator of a good SEJ performance.

4.7 Overall Discussion

Understanding medical experts’ judgments about antibiotic risk is crucial for

combating antibiotic resistance, which is becoming a serious threat for pub-

lic health. There is a culture of over-prescribing antibiotics among clinicians.

Some programs may operate on the assumption that over-prescription is

rooted in knowledge deficits; however, our research shows that cognition of

information processing drives judgments about prescriptions. Therefore, it

is necessary to explore the underlying factors that drive experts’ judgments.

Current stewardship programs are designed to combat clinicians’ over-

prescribing tendency by concentrating on educating clinicians about the

side effects and hazardous consequences of unnecessary prescriptions
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(E. Y. Klein et al., 2017). With the underlying assumption that clinicians

over-prescribe antibiotics due to knowledge deficits, these programs typi-

cally aim to convey factual knowledge about the alarming statistics, such

as unnecessary prescription risks and treatment effectiveness rates. These

programs often include the most recent research findings for clinicians to

refer to in order to increase awareness of the fact that antibiotic prescrip-

tion is not necessarily always the most effective treatment strategies. Yet,

despite the abundance of evidence, and even though clinicians do know

that antibiotics are ineffective for viral infections, in practice, the data show

that prescription rates are extremely high. This discrepancy between what

we think the clinicians know in theory and what they actually do in practice

raised the research question, “what are the underlying mechanisms that

lead clinicians to prescribe antibiotics, especially inappropriately?”

Prior work showed that clinicians’ prescription decisions are influenced

by their cognition of information processing, such as encoding information

in gist representations (E. Y. Klein et al., 2017; Broniatowski et al., 2018).

Clinicians’ gist perceptions such as "patients’ possibly getting better with

negligible side effects" and "patients’ staying sick for sure." drove prescription

behaviors. In this regard, clinicians would tend to prescribe antibiotics

in order to avoid the possibility that the patient would stay sick. Such

categorical contrast between gist perceptions is the main factor in the

decision making mechanism of clinicians’ antibiotics prescriptions.

In Study 1, our findings support the aforementioned prior work and

Fuzzy Trace Theory’s predictions. Medical experts’ endorsements of the

“why not take a risk”, “antibiotics might not help but can hurt” ,“antibiotics

might have harmful side effects,” and “antibiotics do not have harmful side

effects” gists predicted and influenced experts’ risky choices (controlling
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for patient scenarios). Results also suggested that the scenario in which

antibiotics are indicated and that in which antibiotics may be indicated

were considered to be indistinguishable. Future studies can disentangle

these two contexts, exploring why experts consider these scenarios as the

same category and separate them from the scenario in which antibiotics

are not indicated. In order to gain more insights, we encourage scholars

to collect qualitative data and follow up with the clinicians. Also, future

work can explore the ways in which guidelines for medical experts can be

designed more effectively by focusing on educating experts’ risk perceptions,

namely their gists.

Medical judgments often involve uncertainty and require high levels of

expertise. Since SEJ is a framework to systematically and rigorously collect

experts’ judgments and produce useful aggregated inputs, it informs policy

decisions, particularly those under uncertainty. In Study 2, we explored

the factors that influenced experts’ judgment performances. Clinicians

routinely make decisions about their patients such as prescribing drugs;

however, they do not routinely perform tasks similar to those in the SEJ

protocol, such as providing numerical judgments. Their interactions with

patients do not often yield questions such as “what is the probability that

the symptoms will improve on Day 4?” Even though experts are asked to

answer questions such as “what is the probability of being discharged by

a certain date?” the responses that they give often are not in the form of

SEJ. Therefore, it is reasonable to observe that there may be performance

differences from experts in routine tasks and those outside of their routine

Schwartz, Bransford, Sears, et al. (2005) and Hatano and Inagaki (1984)

discussed this distinction by introducing the concept “adaptive expertise.”

In particular, this concept disentangles two practices, the tasks that experts

195



routinely do and the tasks in which experts need to transfer their skills

and knowledge to a novel environment (Hatano & Inagaki, 1984; Schwartz

et al., 2005). We argue that the phenomenon of adaptive expertise may

be relevant to SEJ, particularly in the context of expert selection. When

selecting experts for an SEJ task, analysts may seek out experts who are

skilled in transferring their knowledge to a new task, as opposed to solely

focusing on the most knowledgeable experts. Future work may explore

integrating adaptive expertise into experts’ judgments. Such exploration

has the potential to meaningfully enhance the SEJ protocol, particularly in

selecting the most useful experts.

Also, our study indicated that there is room for inquiry into the effect

of individual differences on numerical judgments. Prior literature (Liberali

et al., 2012; Peters & Levin, 2008; V. F. Reyna et al., 2009) that focused

on the influence of individual differences on risk judgments and decisions

suggests that clinicians’ prescription decisions and numerical judgments

may be associated with their individual differences (e.g., analytical and

metacognitive monitoring and editing inclinations). V. F. Reyna et al. (2015)

discussed the role of individual differences for analytical processing such

as numeracy, need for cognition, and cognitive reflection in numerical

judgments. These scholars made the distinction between the ability to

use numerical information (i.e., numeracy) and the ability to interpret the

contextual meaning of that numerical information (V. F. Reyna et al., 2015).

As they emphasize, knowing the difference between two numerical terms

is not necessarily the same as knowing how these two terms differ in a

given context. In medical decision making, a numerate medical doctor

could know the difference between 10% and 15% (e.g., could use these

numbers in numerical operations). However, when these numbers are given
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as estimates of two different rates of antibiotic effectiveness, he or she may

not necessarily make sense of the contextual difference between these two

numbers. Such sense-making processes (i.e., extracting the gist of given

information) should be incorporated into future studies because it is a main

driver of risk judgments and decisions.

Overall, the broader impact of this chapter is both practical and theoret-

ical. Practically, we addressed an important public health issue, namely

antibiotic resistance risk. Clinicians’ judgments play a vital role in miti-

gating this risk, particularly in reducing unnecessary antibiotic use. In

order to explore how clinicians make judgments about antibiotic prescrip-

tions, we focused on experts’ cognition in their decision making processes.

The findings of Study 1 mainly discussed experts’ gists when making judg-

ments and the link between their gists and their prescription decisions.

These findings may offer substantial enhancements in designing antibiotic

prescription guidelines and stewardship programs. Medical professionals

individually may find it useful to determine their own “gists” in the process

of making judgments. Stewardship program managers, guideline designers

and medical authorities may consider incorporating our research findings

into the discussion about designing programs that “educate” experts. They

may consider improving experts’ judgments by communicating the appro-

priate gists, rather than providing them the verbatim information about

“what they already know (e.g., antibiotics do not work against viruses, etc).”

These arguments are rooted in the finding that gist is more effective in

decision-making.

The findings of Study 2 discussed the factors that influence experts’

numerical judgments under uncertainty, specifically in tasks like SEJ. These

findings suggest how SEJ practices could be more effectively designed. It is

197



crucial to improve the design of SEJ protocols because better SEJ outputs

have the potential to more effectively inform policy makers. Specifically, our

findings imply several strategies about selecting the most useful SEJ expert

panel and training experts to provide their best numerical judgments. SEJ

analysts and scholars as well as policy makers could benefit from our study,

particularly when selecting experts and collecting expert elicitation. They

could potentially train experts for improving their numerical abilities, which

we showed play a role in their SEJ elicitation. They could also design briefing

booklets by taking into consideration the levels of precision in information

transfer (i.e., gist and verbatim transfer).

We advance theory by testing Fuzzy Trace Theory’s predictions for ex-

perts’ medical decision making. While studying the link among experts’

risk perceptions, decisions, and numerical abilities under various clinical

scenarios, we aimed to illuminate the underlying mechanisms of clinicians’

cognitive processes of judgment making. In order to advance our theo-

retical understanding about experts’ cognition of judgment making, we

investigated how experts’ gist and verbatim representations of information

influenced numerical (as in SEJ) and qualitative risk judgments. Combined

together, given the significance of the aforementioned evidence, we showed

that medical experts’ judgments, particularly about antibiotic prescriptions,

are affected by experts’ risk perceptions, experts’ numerical abilities, and

patient scenario contexts in which the judgments are made.
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Chapter 5: Concluding Remarks

I saw the angel in the marble and

carved until I set him free

Michelangelo

Socio-technical systems are becoming increasingly complex. To solve

problems associated with these systems, sophisticated decisions must be

made. Our capacity for generating more precise data to inform these de-

cisions is increasing, which results in an overabundance of data. The

challenge, then, is making sense of such complexity. Therefore, more exper-

tise is needed to make decisions by extracting meaningful information from

the wealth of data. Our research, consistent with prior work, showed that

experts have the ability to carve away the superficial details and free the

essence, i.e., the gist.

But, how does one develop expertise in order to free the essence? M.T.

Chi argued that one of the most distinctive features of expertise development

lies in the ability to discriminate between relevant and irrelevant information

(M. Chi, Glaser, Rees, & Steinberg, 1982; M. T. Chi, Feltovich, & Glaser,

1981; M. T. Chi, 2006). Experts’ substantial experience allows them to

make sense of complexity by identifying somewhat tacit correlations. For

example, (P. Feltovich, Barrows, Schmidt, & Volder, 1984) showed that in

medical decision making, experts rely on patients’ background information,

such as age, sex, disease history, and socioeconomic status, which are not

considered to be direct indicators of disease diagnosis. M. T. Chi; M. T. Chi

et al. argued that this seemingly irrelevant background information may

not necessarily be irrelevant to the eye of an expert (2006; 1981).
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(M. T. Chi, 2006) argued that the driver of expertise is the ability to

process relevant information and is not solely an accumulation of additional

knowledge. They argued that experts and novices differ in performance not

because of a greater access to more data but because of how they organize

and use that knowledge. In this era, data is accessible to everyone in similar

precision and detail and yet some people are experts and some are not. Why

and how are some people “more expert” than others? (M. T. Chi et al., 1981;

M. T. Chi, 2006) argued that expertise is not merely related to knowledge but

rather the ability to process and represent the information in appropriate

context. For example, chess masters do not know more about chess rules

than novice players do, but masters process the information that they see

on the chess board differently. Ultimately, they are the ones who know how

to make a good judgment: checkmate.

In this dissertation, we focused on good judgments in contexts such

as in engineers designing NASA spacecraft and doctors prescribing antibi-

otics. In particular, we studied how experts process information, distill

said information, and ultimately construct final judgments. All of these

steps in decision making depend upon experts’ cognition, making it vital to

first explore the cognitive aspects of experts’ judgment processes. In that

regard, we drew upon the leading cognitive decision making theory, Fuzzy

Trace Theory, which makes specific predictions about experts’ perceptions

and decision making processes. We applied Fuzzy Trace Theory to experts’

judgments in order to shed light on the cognitive processes of experts solving

socio-technical problems. Since expert judgments may be used as direct

inputs in decision and risk analyses, such as Structured Expert Judgment

(SEJ) protocol, they substantially affect the decisions associated with these

analyses. Therefore, understanding the cognition of how experts make good
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judgments is crucial to the improvement of such protocols. The goodness of

judgments depends on experts’ ability to extract the essence of information

and communicate it to others. Therefore, information transfer to and from

experts must be effective.

Our goal in this dissertation was to synthesize Fuzzy Trace Theory and

SEJ and let this fusion make both theoretical and practical contributions to

the study of expertise. Specifically, we tackled expert judgments from the

perspective of both Fuzzy Trace Theory, which explores expertise from the

theoretical stance of cognitive mechanisms, and SEJ. Our study illuminates

how to improve decision outcomes by focusing on the goodness of expert

judgments. Specifically, we drew upon Fuzzy Trace Theory and SEJ to

explore and understand these judgments. Both Fuzzy Trace Theory and

the SEJ evaluate the goodness of expert judgments by studying different

research questions. Fuzzy Trace Theory asks “Do the outcomes of experts’

judgments match reality?” while SEJ asks “Do experts’ judgments capture

the realizations of unknown quantities?” Fuzzy Trace Theory and SEJ

differ in their motivations for studying expertise. Fuzzy Trace Theory aims

to understand the underlying mechanism of the experts’ cognition. It

focuses on the psychology of experts’ risk perception and judgments through

cognitive processes by asking “how do experts make judgments?” SEJ,

on the other hand, aims to explore the performance of experts in order

to maximize the quality of expert elicitation products by asking “what

numerical judgments do experts make, specifically about probabilities?”

Despite approaching the concept of expertise by posing fundamentally dif-

ferent questions, both Fuzzy Trace Theory and Structured Expert Judgment

agree that expertise should be effectively and appropriately reflected in the

information transfer process. Fuzzy Trace Theory posits that expertise leads
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to good judgments because experts tend to rely on gist-based processing.

Therefore, when information is presented to decision-makers, information

transfer should utilize expertise-based gist, rather than just rote verbatim

information. SEJ also favors incorporating expertise effectively into the

decision making processes. Structured Expert Judgment relies on the main

premise that the opinions of the experts should be valued more because

expertise leads to good judgments. Therefore, according to SEJ, expertise

should be transferred via producing high quality inputs via capturing “good

experts” who make “good judgments” Both approaches posit that expertise

development processes allow experts to make good judgments, yet Fuzzy

Trace Theory values the outcomes of the judgments while SEJ values the

probability estimates.

Building on the concept of expertise, we investigated the integral steps

of expertise development through the lenses of Fuzzy Trace Theory and

SEJ. Namely, we studied the ways in which experts process and transfer

information, distinguish the relevant from the irrelevant, and finally make

their judgments accordingly. Thus, we focused on various types of expert

judgments. In the real world, these judgments may include choices under

risk as we studied in Chapter 2, numerical judgments as in Chapter 3, or the

combination of both as in Chapter 4. In Chapter 2, we specifically focused

on NASA experts making choices under risk in a decision problem, drawing

upon Fuzzy Trace Theory. In Chapter 3, by using the SEJ protocol, we

investigated the numerical judgments of experts from various professions.

Finally, in Chapter 4, we examined both the qualitative choice making of

medical experts and their quantitative numerical judgments, integrating

Fuzzy Trace Theory and the SEJ.

Throughout the dissertation, we elucidated the main tenets of Fuzzy
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Trace Theory and the SEJ protocol. Specifically, by using Fuzzy Trace

Theory, we examined experts’ judgments by focusing on their tendency

for fuzzy processing preference (i.e., relying on the least precise yet the

most productive representation of information when making decisions).

We designed and implemented several research studies where we utilized

surveys to test Fuzzy Trace Theory’s predictions. In addition to surveys,

we also relied on secondary data including a large variety of expert panels,

collected by Cooke and colleagues in TU Delft (R. M. Cooke & Goossens,

2008). We worked to advance the SEJ protocol, which is a widely used

state of the art method in policy and risk management. We also designed

a survey to collect data from experts by using the SEJ framework. In an

effort to investigate the concept of expertise, we studied experts who work

on various subjects, such as scientists and engineers at NASA and medical

doctors. Subjects had varying levels of expertise. Studying such seemingly

distinct expert samples enriched our insights about the common cognitive

processes involved in experts’ judgments.

Following the literature review in Chapter 1, we focused on the cognitive

processes of NASA experts in their design choices for a hypothetical mission

by drawing upon Fuzzy Trace Theory in Chapter 2. Numerous studies in

multiple domains have replicated the predictions of Fuzzy Trace Theory

regarding how experts make risk judgments and decisions (e.g., (Hans &

Reyna, 2011; V. F. Reyna & Lloyd, 2006). However, this is the first study

that tests the theory’s predictions in an engineering domain, specifically on

a highly numerate sample of experts, namely NASA experts. In particular,

we compared the risk perceptions of NASA experts with those of non experts

in order to better explain the development of expertise. Consistent with

Fuzzy Trace Theory’s predictions, we showed that NASA experts rely more
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on categorical gist-based representations of mission design choices. In the

study, we also designed theoretically motivated interventions for effective

information transfer strategies. In doing so, we specifically disentangled

between rote information transfer (i.e., verbatim) and expertise transfer (i.e.,

gist). Results indicated that when the non expert group was presented with

expertise-based gist information, their risk perceptions significantly differed

from the non expert group that was only given decontextualized information

(i.e., only verbatim information). These findings have implications about

incorporating gist communication in information transfer, particularly in

organizations where experts impart technical knowledge to novices.

In Chapter 3, we focused on validating Structured Expert Judgment by

addressing an ongoing debate about aggregating expert opinions. One camp

of this debate argues that experts’ opinions should be equally weighted

because combining expert opinions based on performance weights does not

significantly improve elicitation output (Clemen, 2008). The other camp

disagrees with this approach (e.g., (Aspinall, 2010; R. Cooke, 2008; Colson

& Cooke, 2017) by positing arguments that support expert performance

differences. The advocates for this performance-based approach argue

that expert performances are not due to random fluctuations. Instead,

they are related to differences in experts’ knowledge (e.g., background,

education, feedback from real-life experiences). We showed that expert

performance differences are not due to random stressors, and therefore

should be reflected in the opinion aggregation process.

In Chapter 4, we explored the relationship between experts’ cognitive

processes of perception, decisions, choices, and their numerical judgment

performances. We investigated the extent to which experts’ risk perceptions

influence their choices in a medical decision making setting. We discussed
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the circumstances under which expert judgments can be qualified as good.

Also, analyzing the relationship between various measures of expertise

and judgments, we refined the definition of expertise in a medical context.

We surveyed 260 medical experts in Study 1 where we measured risk

perceptions about antibiotic effectiveness for hypothetical patients who

show AOM symptoms. We showed that experts’ risk perceptions drive their

prescription decisions. Novice medical professionals tend to hedgemore than

experienced medical professionals In Study 2, we surveyed 130 medical

experts to measure their SEJ performances under various information

transfer strategies. It was interesting to observe that more than half of

the experts provided invalid responses to the SEJ task and these experts

were significantly lower in numerical abilities than those who provided

valid responses. Gist and verbatim conditions influenced experts’ SEJ

performances differently. Gist improved calibration and verbatim improved

decision weights.

Overall, the findings of the aforementioned chapters allowed us to discuss

the implications for expertise development in socio-technical systems. We

showed that experts’ ability to utilize and make sense of information is

associated with capturing its essence. Experts process and incorporate

information into their judgments via extracting the gist. Their choices

under risk and numerical judgments operate on their gist representation of

information, which is the most productive form, when making judgments.

Current decision making processes, especially in highly technical fields,

typically rely on the most precise form of information possible, i.e., verbatim.

Counterintuitively, more precision does not necessarily guarantee a better

decision outcome and may lead to severe consequences. Superficial details

caused by an overemphasis on precision may contain noise in the data that
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could potentially mislead novice decision makers. Such precise details, if not

contextualized, may expose novice decision makers to an unnecessary level

of risk. What these decision makers need is not more precision per se, rather

they could improve outcomes by focusing on the essence of information, i.e.,

the gist. Thus, experts should transfer the gist to novices to ensure good

decision outcomes and effective expertise development.

As the era of big data brings an abundance of information and increasing

precision, we need experts who effectively make sense of such complex

information in their judgments. Instead of increasing the precision in our

data, we should focus on the ability to extract the gist. Experts have the

ability to develop appropriate gists from complex scenarios. This is not

limited to NASA or medical fields; in order to maximize our ability and

capacity to handle complex information in any field, expertise needs to

be imparted through gist. This requires a shift in how we think about

expertise transfer. Passing on the context dependent gist representations

of information can lead to better judgments and outcomes because these

gists are based in expertise. Indeed, the future will ask experts to carve

the marble of data with their background knowledge until they set free what

really matters, "the gist".
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Appendix A: Experimental Treatments for Chapter 2

A.1 The Verbatim Only Treatment

Participants who were assigned to the Verbatim only treatment received the

following information:

Millions of man-made debris and naturally occurring microme-

teoroids orbit in and around Earth’s space environment at hy-

pervelocity speeds averaging 10 km/s (22,000 mph). Debris can

hit spacecraft and satellites. To minimize the potential hazard of

debris impacts, it is necessary to understand the current orbital

debris environment. Orbital debris in the near-Earth space envi-

ronment is made up of micrometeoroids and man-made debris.

The man-made debris or space junk consists mainly of fragmented

rocket bodies and spacecraft parts created by 50 years of space

exploration. Larger particles (objects greater than 10-cm in di-

ameter) are being tracked and cataloged by USSPACECOM radar.

Spacecraft and satellites can avoid collisions by maneuvering

around the larger debris. For example, the USSPACECOM regu-

larly examines the trajectories of orbital debris to identify possible

close encounters with the International Space Station (ISS) or

space shuttle. If a cataloged object is projected to come within a

few kilometers of the spacecraft, it will normally maneuver away

from the object. Fortunately, small particles less than 1 cm pose

less of a catastrophic threat, but they do cause surface abrasions

and microscopic holes to spacecraft and satellites.
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The greatest challenge is medium size particles (objects with a

diameter between 1 cm to 10 cm), because they are not easily

tracked and are large enough to cause catastrophic damage to

spacecraft and satellites.

Information about the specific risks of MMOD strikes are shown

below:

Figure A.1: Adapted from Handbook for designing MMOD protection (p.16)
by Christiansen, E. L., et al: NASA Johnson Space Center, NASA. Copyright
2009.

The requirements for MMOD protection influence the amount of

shielding. As probability of no failure increases, or acceptable

risk decreases, spacecraft shielding weight increases, typically
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Figure A.2: Adapted from Handbook for designing MMOD protection (p.16)
by Christiansen, E. L., et al: NASA Johnson Space Center, NASA. Copyright
2009.

exponentially.

NASA Johnson Space Center, NASA. Copyright 2009. The costs

of a space mission are closely related to its weight.

References: Christiansen, E. L., Arnold, J., Davis, A. L. A. N.

(2009). Handbook for designing MMOD protection. NASA John-

son Space Center, NASA/TM-2009-214785. Micrometeoroids and

Orbital Debris (MMOD)”NASA, 17 Sept. 2017,

https://www.nasa.gov/centers/wstf/ laboratories/ hypervelocity

/mmod.html.

A.2 2. The Gist + Verbatim Treatment

Participants who were assigned to the Gist+Verbatim treatment received

the following information:

Millions of man-made debris and naturally occurring microme-

teoroids orbit in and around Earth’s space environment at hy-
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pervelocity speeds averaging 10 km/s (22,000 mph). Debris can

hit spacecraft and satellites. To minimize the potential hazard of

debris impacts, it is necessary to understand the current orbital

debris environment. Orbital debris in the near-Earth space envi-

ronment is made up of micrometeoroids and man-made debris.

The man-made debris or space junk consists mainly of fragmented

rocket bodies and spacecraft parts created by 50 years of space

exploration. Larger particles (objects greater than 10-cm in di-

ameter) are being tracked and cataloged by USSPACECOM radar.

Spacecraft and satellites can avoid collisions by maneuvering

around the larger debris. For example, the USSPACECOM regu-

larly examines the trajectories of orbital debris to identify possible

close encounters with the International Space Station (ISS) or

space shuttle. If a cataloged object is projected to come within a

few kilometers of the spacecraft, it will normally maneuver away

from the object. Fortunately, small particles less than 1 cm pose

less of a catastrophic threat, but they do cause surface abrasions

and microscopic holes to spacecraft and satellites.

The greatest challenge is medium size particles (objects with a

diameter between 1 cm to 10 cm), because they are not easily

tracked and are large enough to cause catastrophic damage to

spacecraft and satellites.

Information about the specific risks of MMOD strikes are shown

below:

The requirements for MMOD protection influence the amount of

shielding. As probability of no failure increases, or acceptable

risk decreases, spacecraft shielding weight increases, typically
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Figure A.3: Adapted from Handbook for designing MMOD protection (p.16)
by Christiansen, E. L., et al: NASA Johnson Space Center, NASA. Copyright
2009.

exponentially.

NASA Johnson Space Center, NASA. Copyright 2009. The costs

of a space mission are closely related to its weight.

References: Christiansen, E. L., Arnold, J., Davis, A. L. A. N.

(2009). Handbook for designing MMOD protection. NASA John-

son Space Center, NASA/TM-2009-214785. Micrometeoroids and

Orbital Debris (MMOD)”NASA, 17 Sept. 2017,

https://www.nasa.gov/centers/wstf/ laboratories/ hypervelocity

/mmod.html.
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Figure A.4: Adapted from Handbook for designing MMOD protection (p.16)
by Christiansen, E. L., et al: NASA Johnson Space Center, NASA. Copyright
2009.

The bottom line:

• Collision with MMOD particles can cause serious dam-

age or catastrophic failure to spacecraft or satellites and

is a life-threatening risk to astronauts conducting extra-

vehicular activities in space.

• Providing effective and efficient MMOD protection is es-

sential for ensuring safe and successful operations of

spacecraft and satellites.

• Unnecessary MMOD shielding is costly.

A.3 Open Ended Question Protocol for Preliminary NASA Expert In-

terviews

Four NASA employees were interviewed. These interviewees did not take

the survey
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• Who are stakeholders and the audience in NASA’s risk communication

policies?

• Is there any point after which you would judge that extra protection is

not necessary?

• Is there any point that you might say ‘It is just so unlikely to happen’?

• Do you generally your gut feel based decisions, or do you use in-depth

trade study?

• Given you don’t have the data, under what circumstances do you decide

to behave in a protective manner?

• Have you encounter any resistance (from peers, managers, or other

stakeholders) when communicating risk?

• What do you do when you don’t have enough historical data ?

• Do you prefer protective approach when you are not sure whether you

are being overconfident?

• When you ask experts their judgments, do they encounter a response

as ‘It is not going to happen?”

• Do the decision makers use the actual risk numbers as inputs in their

decision analysis?

• Numeric risk assessment results could potentially be inaccurate due to

lack of sufficient data. How do the decision makers deal with it when

they incorporate the quantitative risk assessment with their analysis?
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• How do they communicate uncertainty to the management team, specif-

ically in terms of the uncertainty bounds around the model results

(e.g., point estimates of the uncertainty distributions)?

• How do they communicate the risk with the management? Do they

present only the numbers and leave the management interpret those

numbers on their own, or do they present the report along with the

recommendations?

• Is the risk attitude generally more protective, especially when they

don’t have enough confidence in the characterization of the space

environment? In what kind of situations do they prefer to be on the

side of caution?

• What makes a risk number high risk and what makes it low risk?

• How do you evaluate MMOD risk in terms of program, for the vehicle,

and for the crew?

• How would you evaluate the existing radar system technology in terms

of its ability to detect large enough MMOD with highly sophisticated

radar system.

• Is MMOD an HILP (high impact low probability event for you)

• How would you evaluate NASA’s current capability to deal with MMOD?

• Do you think MMOD constitute a threat to the mission? Is the risk

estimated provided by NASA’s current reports are essentially nil for

you or virtually ‘some probability?’
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Appendix B: Survey Questions for Laypeople

B.1 Decision Problems

B.1.1 The Pay High Cost or Face High Risk Scenario, Gain Frame

Imagine that you are working on the design of a routine uncrewed cargo

mission, which is expected to have a scientific payload downmass capacity

(the amount of material the spacecraft can bring back to Earth) of 600

kg. You are asked to decide whether to include MMOD shielding on the

cargo spacecraft or not. Two alternative design choices have been proposed.

Assume that the exact engineering estimates of the design choices are as

follows:

• Include MMOD shielding. The spacecraft will have 200 kg of scientific

payload downmass capacity.

• Do not include MMOD shielding. There is a 1/3 probability that the

spacecraft downmass capacity will be 600 kg, and a 2/3 probability

that the spacecraft will have no downmass capacity due to penetration

by MMOD during the mission’s docked period.

B.1.2 The Pay Low Cost or Face Low Risk Scenario, Scenario, Gain

Frame

Imagine that you are working on the design of a cargo spacecraft, which,

in the current design analysis cycle is expected to have a scientific payload

downmass capacity (the amount of material the spacecraft can bring back

to Earth) of 3000 kg. You are asked to decide whether to include MMOD
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shielding on the cargo spacecraft or not. Two alternative design choices

have been proposed. Please indicate your design choice below. Assume that

the exact engineering estimates of the design choices are as follows:

• Include MMOD shielding. The spacecraft will have 2700 kg of scientific

payload downmass capacity.

• Do not include MMOD shielding. There is a 90% probability that the

spacecraft downmass capacity will be 3000 kg, and a 10% probability

that the spacecraft will have no downmass capacity due to penetration

by MMOD during the mission’s docked period

B.1.3 The Pay High Cost or Face High Risk Scenario, Loss Frame

Imagine that you are working on the design of a cargo spacecraft, which,

in the current design analysis cycle is expected to have a scientific payload

downmass capacity (the amount of material the spacecraft can bring back

to Earth) of 600 kg. You are asked to decide whether to include MMOD

shielding on the cargo spacecraft or not. Two alternative design choices

have been proposed. Please indicate your design choice below. Assume that

the exact engineering estimates of the design choices are as follows:

• Include MMOD shielding. The spacecraft will lose 400 kg of scientific

payload downmass capacity.

• No MMOD shielding. There is a 1/3 probability that the spacecraft will

lose no scientific payload downmass capacity and a 2/3 probability

that the spacecraft will lose 600 kg of scientific payload downmass

capacity due to penetration by MMOD during the mission’s docked

period.
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B.1.4 The Pay Low Cost or Face Low Risk Scenario, Loss Frame

Imagine that you are working on the design of a cargo spacecraft, which,

in the current design analysis cycle is expected to have a scientific payload

downmass capacity (the amount of material the spacecraft can bring back

to Earth) of 3000 kg. You are asked to decide whether to include MMOD

shielding on the cargo spacecraft or not. Two alternative design choices

have been proposed. Please indicate your design choice below. Assume that

the exact engineering estimates of the design choices are as follows:

• Include MMOD shielding. The spacecraft will lose 300 kg of scientific

payload downmass capacity.

• No MMOD shielding. There is a 90% probability that the spacecraft will

lose no scientific payload downmass capacity and a 10% probability

that the spacecraft will lose 3000 kg of scientific payload downmass

capacity due to penetration by MMOD during the mission’s docked

period.

B.2 Risk Perception Items

See Table 2.3 for the full and the short items.

B.3 Sensation Seeking Questions

Sensation Seeking items were adapted from (H. Zuckerman, 1977)

Participants were asked to indicate the endorsements levels to the fol-

lowing items by usina 7-Likert scale.

• I would like to explore strange places
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• I get restless when I spend too much time at home.

• I like to do frightening things.

• I would like to take off on a trip with no pre-planned routes or timeta-

bles.

• I prefer friends who are excitingly unpredictable.

• I would like to try bungee jumping.

• I would love to have new and exciting experiences.

B.4 Cognitive Reflection Test

Cognitive Reflection Test questions were adapted from (Frederick, 2005)

• A bat and a ball cost 1:10intotal:Thebatcosts1.00 more than the ball. How

much does the ball cost?(in cents)

• If it takes 5 machines 5 minutes to make 5 widgets, how long would it

take 100 machines to make 100 widgets?(in minutes)

• In a lake, there is a patch of lily pads. Every day, the patch doubles in

size. If it takes 48 days for the patch to cover the entire lake, how long

would it take for the patch to cover half of the lake?(in days)

B.5 Demographics Questions

1. Are you male or female?

(a) Male

(b) Female
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2. Please enter your age:

3. Are you of Hispanic, Latino, or Spanish origin?

(a) Yes

(b) No, not of Hispanic, Latino, or Spanish origin

4. Select the one group that best describes you.

(a) White

(b) Black/African American

(c) Asian

(d) Native American/American Indian/Alaskan Native

(e) Native Hawaiian or Other Pacific Islander

(f) Mixed Ethnicity

(g) Other

5. Is English your first language?

(a) Yes

(b) No

6. What is the highest level your father completed in school?

(a) He completed less than 12th grade (less than high school)

(b) He graduated from high school

(c) He had some college after high school

(d) He graduated from a 4 year college or more

(e) Don’t Know
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7. What is the highest level your mother completed in school?

(a) He completed less than 12th grade (less than high school)

(b) He graduated from high school

(c) He had some college after high school

(d) He graduated from a 4 year college or more

(e) Don’t Know

8. Do you or did you ever receive a free or reduced lunch from school?

(a) Yes

(b) No

(c) Don’t know

9. How important would you say religion is to you?

(a) Not at all important

(b) Slightly important

(c) Somewhat important

(d) Important

(e) Very important

10. What is your religious affiliation?

(a) Catholic

(b) Protestant (Methodist, Lutheran, Baptist, etc.)

(c) Jewish

(d) Evangelical Born-again Christian

(e) Latter-Day Saint (Mormon)
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(f) Muslim

(g) No religion

(h) Other (Fill in):

11. What is the zip code of your permanent home?

(a) I don’t know

(b) Zip code (Fill in):

12. Have you previously worked, or do you currently work in the aerospace

industry?

13. In what industry is your current professional specialty? Please select

all that apply.

• Agriculture, Forestry, Fishing, and Hunting, and Mining

• Construction

• Manufacturing

• Transportation and Warehousing and Utilities

• Information

• Finance and Insurance, and Real Estate, and Rental and Leasing

• rofessional, Scientific, and Management, and Administrative, and

Waste Management Services

• Educational Services, and Health Care and Social Assistance

• rts, Entertainment, and Recreation, and Accommodation and Food

Services

• Public Administration

• Military
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• Other(FILL I

14. In what discipline did you receive your training? Please select all that

apply.

• Science and Engineering

• Business

• Education

• Arts, Humanities, and Other

• Other

15. What is your current work status? You may select more than one. For

example, if you are a part time student who also works part time, you

should select part time student and working part time. Check all that

apply.

• Working full time

• Working part time

• Retired

• Disabled/ unable to work

• Unemployed, looking for work

• Unemployed, not looking for work

• Full time student

• Part time student

16. Which of the following best describes your current occupation:

• Upper management

• Middle management
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• Junior management

• Administrative staff

• Support staff

• Student

• Trained professional

• Skilled laborer

• Consultant

• Temporary employee

• Researcher

• Self employed

• Other

17. Have you previously worked or do you currently work at NASA?

18. If so, for how many years have you worked in the aerospace industry?

19. If so, which of the following best describes your current professional

specialty? Check all that apply.

• Systems engineer

• Aerospace engineer

• Materials engineer

• Computer scientist or Software engineer

• Manager

• Mechanical engineer

• Chemical engineer
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• Physicist or Astrophysicist

• Nuclear engineering

• Safety and Mission Assurance

• Astrophysicist

• Biologist or Astrobiologist

• Mathematician

• Human Resources personnel

• Budget and program analysts

• Data Scientist

• Other (FILL IN)

20. Please select all NASA directorates where you have previously worked

or currently work:

• Aeronautics Research

• Human Exploration and Operations Mission Directorate

• Science

• Space Technology

21. Please list the missions that you currently work or worked on (Optional).

22. Can you recall a major mission failure? (Optional)

• Yes

• No

23. Have you ever worked on a project that experienced a major mission

failure?
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• Yes

• No
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Appendix C: Survey Questions for the NASA Employees

C.1 Decision Problems

C.1.1 The Pay High Cost or Face High Risk Scenario, Gain Frame

Imagine that you are working on the design of a routine uncrewed

cargo mission, which can transport up to 600 kg. You are asked to

decide whether to include MMOD shielding on the cargo spacecraft or

not. Two alternative design choices have been proposed. Assume that

the exact engineering estimates of the design choices are as follows:

• Include MMOD shielding. The spacecraft will have 200 kg of

scientific payload downmass capacity.

• Do not include MMOD shielding. There is a 1/3 probability that

the spacecraft downmass capacity will be 600 kg, and a 2/3

probability that the spacecraft will have no downmass capacity

due to penetration by MMOD during the mission’s docked period.

C.1.2 The Pay Low Cost or Face Low Risk Scenario, Scenario,

Gain Frame

Imagine that you are working on the design of a cargo spacecraft, which,

in the current design analysis cycle is expected to have a scientific

payload downmass capacity of 3000 kg. You are asked to decide

whether to include MMOD shielding on the cargo spacecraft or not.
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Two alternative design choices have been proposed. Please indicate

your design choice below. Assume that the exact engineering estimates

of the design choices are as follows:

• Include MMOD shielding. The spacecraft will have 2700 kg of

scientific payload downmass capacity.

• Do not include MMOD shielding. There is a 90% probability that

the spacecraft downmass capacity will be 3000 kg, and a 10%

probability that the spacecraft will have no downmass capacity

due to penetration by MMOD during the mission’s docked period.

C.1.3 The Pay High Cost or Face High Risk Scenario, Loss Frame

Imagine that you are working on the design of a cargo spacecraft,

which, in the current design analysis cycle is expected to have a scien-

tific payload downmass capacity of 600 kg. You are asked to decide

whether to include MMOD shielding on the cargo spacecraft or not.

Two alternative design choices have been proposed. Please indicate

your design choice below. Assume that the exact engineering estimates

of the design choices are as follows:

• Include MMOD shielding. The spacecraft will lose 400 kg of scien-

tific payload downmass capacity.

• No MMOD shielding. There is a 1/3 probability that the space-

craft will lose no scientific payload downmass capacity and a 2/3

probability that the spacecraft will lose 600 kg of scientific pay-

load downmass capacity due to penetration by MMOD during the

mission’s docked period.
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C.1.4 The Pay Low Cost or Face Low Risk Scenario, Loss Frame

Imagine that you are working on the design of a cargo spacecraft, which,

in the current design analysis cycle is expected to have a scientific

payload downmass capacity of 3000 kg. You are asked to decide

whether to include MMOD shielding on the cargo spacecraft or not.

Two alternative design choices have been proposed. Please indicate

your design choice below. Assume that the exact engineering estimates

of the design choices are as follows:

• Include MMOD shielding. The spacecraft will lose 300 kg of scien-

tific payload downmass capacity.

• No MMOD shielding. There is a 90% probability that the space-

craft will lose no scientific payload downmass capacity and a 10%

probability that the spacecraft will lose 3000 kg of scientific pay-

load downmass capacity due to penetration by MMOD during the

mission’s docked period.

C.1.5 Risk Perception Items

See Table 2.3 for the full and the short items.

C.2 Sensation Seeking

Questions were the same as in the lay sample survey. See Appendix

section B.3
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C.3 Cognitive Reflection Test

Questions were the same as in the lay sample survey. See Appendix

section B.4

C.4 Demographics Questions

(a) Are you male or female?

i. Male

ii. Female

(b) Please enter your age:

(c) Are you of Hispanic, Latino, or Spanish origin?

i. Yes

ii. No, not of Hispanic, Latino, or Spanish origin

(d) Select the one group that best describes you.

i. White

ii. Black/African American

iii. Asian

iv. Native American/American Indian/Alaskan Native

v. Native Hawaiian or Other Pacific Islander

vi. Mixed Ethnicity

vii. Other

(e) Is English your first language?

i. Yes

ii. No
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(f) What is the highest level your father completed in school?

i. He completed less than 12th grade (less than high school)

ii. He graduated from high school

iii. He had some college after high school

iv. He graduated from a 4 year college or more

v. Don’t Know

(g) What is the highest level your mother completed in school?

i. He completed less than 12th grade (less than high school)

ii. He graduated from high school

iii. He had some college after high school

iv. He graduated from a 4 year college or more

v. Don’t Know

(h) Do you or did you ever receive a free or reduced lunch from school?

i. Yes

ii. No

iii. Don’t know

(i) How important would you say religion is to you?

i. Not at all important

ii. Slightly important

iii. Somewhat important

iv. Important

v. Very important

(j) What is your religious affiliation?

i. Catholic
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ii. Protestant (Methodist, Lutheran, Baptist, etc.)

iii. Jewish

iv. Evangelical Born-again Christian

v. Latter-Day Saint (Mormon)

vi. Muslim

vii. No religion

viii. Other (Fill in):

(k) What is the zip code of your permanent home?

i. I don’t know

ii. Zip code (Fill in):

(l) How many years have you worked in the aerospace industry?

(m) How long have you worked at NASA?

(n) Have you worked in another (non-aerospace) industry?

• Yes

• No

(o) What is your place of employment? Check all that apply.

• Ames Research Center

• Armstrong Flight Research Center

• Glenn Research Center

• Goddard Space Flight Center

• Goddard Institute of Space Studies

• NASA IVV Facility

• Jet Propulsion Laboratory

• Johnson Space Center
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• Kennedy Space Center

• Langley Research Center

• Marshall Space Flight Center

• Michoud Assembly Facility

• NASA Engineering and Safety Center

• NASA Headquarters

• NASA Safety Center

• NASA Shared Services Center

• Plum Brook Station

• Stennis Space Center

• Wallops Flight Facility

• White Sands Test Facility

• Other

(p) What is your current work status? You may select more than one.

For example, if you are a part time student who also works part

time, you should select part time student and working part time.

Check all that apply.

• Working full time

• Working part time

• Retired

• Disabled/ unable to work

• Unemployed, looking for work

• Unemployed, not looking for work

• Full time student

• Part time student
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(q) Which of the following best describes your current occupation:

• Upper management

• Middle management

• Junior management

• Administrative staff

• Support staff

• Student

• Trained professional

• Skilled laborer

• Consultant

• Temporary employee

• Researcher

• Self employed

• Other

(r) Which of the following best describes your current professional

specialty? Check all that apply.

• Systems engineer

• Aerospace engineer

• Materials engineer

• Computer scientist or Software engineer

• Manager

• Mechanical engineer

• Chemical engineer

• Physicist or Astrophysicist

• Nuclear engineering
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• Safety and Mission Assurance

• Astrophysicist

• Biologist or Astrobiologist

• Mathematician

• Human Resources personnel

• Budget and program analysts

• Data Scientist

• Other (FILL IN)

(s) Please select all NASA directorates where you have previously

worked or currently work:

• Aeronautics Research

• Human Exploration and Operations Mission Directorate

• Science

• Space Technology

(t) Please list the missions that you currently work or worked on

(Optional).

(u) Can you recall a major mission failure? (Optional)

• Yes

• No

(v) Have you ever worked on a project that experienced amajor mission

failure?

• Yes

• No
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Appendix D: Scree Plot for EFA in Chapter 2

Figure D.1: Number of factors with respect to the BIC scores are displayed.

Table D.1: Interfactor Correlation Matrix for Oblimin Rotation Exploratory
Factor Analysis

Better NOT
to Launch

MMOD is
NOT a Threat

Shielding does
NOT Cost Much

MMOD is NOT a Threat -0.33
Shielding does NOT Cost Much 0.42 -0.14
Quantitative Verbatim Strike Risk 0.27 -0.02 0.28
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Appendix E: Demographic Variables in Chapter 2

Table E.1: Means (Standard Deviations) of Demographics Variables of Each
Sample

Demographics variable Control Group Verbatim Only Group Gist+Verbatim Group NASA Group
Age 34.78 (2.96) 35.54 (3.30) 34.96 (3.28) 49.12(3.89)
Average CRT 0.64 (0.64) 0.7 (0.83) 0.67 (0.81) 0.68 (0.56)
Average SS 0.56 (0.40) 0.57 (0.41) 0.53 (0.40) 0.66 (0.39)

Note. See Table E.2 for t test scores.

Table E.2: Multiple Pairwise Comparisons via Equal-Variance t test Scores
for Demographics Variables of Samples

Pairwise groups Age Average CRT Average SS
Control group vs. Verbatim only group -0.47 (146) -0.47 (146) -0.84 (146)
Control group vs. Gist + Verbatim group -0.12 (153) -0.30 (153) 1.34 (153)
Verbatim only group vs. Gist +Verbatim group -0.54(161) 1.77(161) 0.33(161)
Control group vs. NASA group -6.31 (109) *** -0.47 (109) -3.06(109) **
Verbatim only group vs. NASA group -5.61(117) *** 0.27(117) 2.62(117) **
Gist + Verbatim group vs. NASA group -6.00 (124) *** -0.18(124) 4.28 (124) ***

Note. Note. t test scores and corresponding degrees of freedom (in paren-
theses). ***=p<0.001. **=p<0.01.
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Appendix F: Analysis based on EFA Varimax Rotation

Table F.1: Analysis of Variance Results for Effects of Expert Knowledge
Groups (Varimax Rotation)

Better NOT
to Launch

MMOD is NOT
a Threat

Shielding does
NOT Cost Much

Quantitative Verbatim
Strike Risk

Source df MS F df MS F df MS F df MS F
Expert/Knowledge Group 3 6.44 7.51*** 3 1.11 1.26 3 2.79 3.41* 3 10.57 13.76***

Note. df=degrees of freedom, MS=means squares, F=F statistics in ANOVA.
***=p<0.001. *=p<0.05. Expert/Knowledge Group is encoded as three level
(expert and three lay sample) variable and the control. Dependent variables
are each of the EFA factors and dependent variable is 4 treatment levels.
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Appendix G: Tukey Analysis based on Varimax Rotation in

Chapter 2

Table G.1: Multiple Pairwise Comparisons via Tukey Test: Factor score
differences of sample pairs for (Varimax Rotation)

Pairwise groups Better NOT to Launch
(Categorical Schedule Risk)

MMOD is NOT a Threat
(Categorical Safety Risk)

Shielding does NOT Cost Much
(Categorical Cost Risk)

Quantitative Verbatim
Strike Risk

Control group vs.
Verbatim only group 0.29 0.28 0.12 0.20

Control group vs.
Gist + Verbatim group 0.28 0.07 0.39 0.09

Verbatim only group vs.
Gist +Verbatim group 0.01 0.21 -0.26 0.10

Control group vs.
NASA group 0.86*** 0.12 0.42 1.03***

Verbatim only group vs.
NASA group 0.56*** -0.16 0.29* 0.82***

Gist + Verbatim group vs.
NASA group 0.58** -0.05 0.02 0.93***

Note. ***=p<0.001. **=p<0.01. *=p<0.05. The Tukey HSD test analyzed the
mean differences between sample pairs, not controlling for demographic
factors.
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Appendix H: Logistic Regression for Varimax Rotation in

Chapter 2

Table H.1: Summary of Logistic Regression Analyses for Variables Predicting
Risk Preferences of Two Decision Scenarios (N = 274) Varimax Rotation

The Pay High Cost or
Face High Risk Scenario

The Pay Low Cost or
Face Low Risk Scenario

Variable B (SE) z OR B (SE) z OR
Expert group 1.04(0.59) 1.76 2.82 -0.62(0.58) -1.06 0.53
Verbatim Only treatment 0.16(0.49) 0.31 1.17 0.07(0.46) 0.14 1.07
Gist + Verbatim treatment -0.55(0.50) -1.09 0.57 0.44(0.43) 1.03 1.55
Average SS -2.73(1.13) -2.43 0.07 0.74(1.03) 0.72 2.09
Average CRT -0.41(0.49) -0.84 0.67 -0.54(0.44) -1.26 0.58
Better NOT
to Launch
(Categorical Schedule Risk)

-0.27(0.20) -1.35 0.77 -0.71(0.18) -3.99*** 0.49

MMOD is
NOT a Threat
(Categorical Safety Risk)

0.78(0.19) 4.09*** 2.18 0.44(0.17) 2.64* 1.55

Shielding does NOT
Cost Much
(Categorical Cost Risk)

-0.58(0.19) -2.99* 0.55 -1.00(0.18) -5.34*** 0.36

Quantitative Verbatim
Strike Risk 0.25(0.21) 1.17 1.28 -0.05(0.19) -0.28 0.95

Note. ***=p<0.001. **=p<0.01*=p<0.05. All results remained significant after
controlling for multiple comparisons using the Holm-Bonferroni procedure.
OR= odd ratio; z = z statistic value; B=coefficient estimate; SE=standard
error. Risky choice is coded as 1 and sure choice is coded as 0. Ex-
pert/Knowledge Group is encoded as a four level (expert and three lay
sample) dummy variable and the control sample is the reference group.
Dependent variables is the risky choice score (either 0 or 1). Independent
variables are 4 EFA factors. Control variables: average Sensation Seeking
score Avg SS), average CRT score (Avg CRT).
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Appendix I: Correlations among Predictors in Chapter 2

Table I.1: Correlation Matrix Among Predictors for Expert Sample (Pearson)

Aerospace Experience Education Level Age Avg SS
Education Level -0.08
Age 0.92*** -0.23
Avg SS -0.14 0.35 -0.25
Avg CRT -0.38 0.35 -0.46 0.42

Note. Significant correlations are adjusted with Holm-Bonferroni p values.
***=p<0.001. Avg SS = average sensation seeking. Avg CRT = Average score
on the Cognitive Reflection Test.

Table I.2: Correlation Matrix Among Predictors for Non-expert Sample
(Pearson)

Education Level Age Avg SS
Age 0.08
Avg SS -0.11 -0.08
Avg CRT 0.18* 0.14 -0.03

Note. Significant correlations are adjusted with Holm-Bonferroni p values.
*p<0.05. Avg SS = average sensation seeking. Avg CRT = Average score on
the Cognitive Reflection Test.
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Appendix J: Data Collection for Chapter 4

Table J.1: Data Collection Methodology: Data Sources, Launch Dates, and
Survey Responses

Survey Data Collection
Method

Survey Launch
Date Data Source Total # of

emails sent
# of participants

who started the survey
# of compete
responses

Response
rate (%)

Completion
rate (%)

Gist & SEJ Counterbalanced
Randomization Dec 21 2019 Children’s National Hospital

&Goldberg Center 205 57 44 27.80% 77.19%

Gist & SEJ Counterbalanced
Randomization Dec 21 2019 Children’s National Hospital

&Goldberg Center 205 61 27 13.17% 42.26%

Gist & SEJ Counterbalanced
Randomization Jan 8 2020 Pediatric Health Network 699 23 18 3.29% 78.26%

Gist & SEJ Counterbalanced
Randomization Jan 8 2020 Pediatric Health Network 699 19 12 1.72% 63.16%

Gist & SEJ Counterbalanced
Randomization Jan 14 2020 SPUC 156 13 11 8.33% 84.62%

Gist & SEJ Counterbalanced
Randomization Jan 14 2020 Pediatric Urgent Care

Providers Network 200 13 6 3.00% 46.15%

Gist Participants of Study 2
were invited to Study 1 Feb 3 2020 UCA 6 6 6 100.00% 100.00%

Gist Participants of Study 2
were invited to Study 1 Feb 3 2020 Children’s National Hospital &

Goldberg Center 23 23 21 100.00% 91.30%

Gist Participants of Study 2
were invited to Study 1 Feb 3 2020 Pediatric Health Network 13 13 11 100.00% 84.62%

Gist Participants were
invited to Study 1 Feb 5 2020 Facebook

(Pediatrician Mommies) 2258 99 97 4.38% 97.98%

Gist Participants were
invited to Study 1 Feb 7 2020 UCA 106 90 76 84.91% 84.44%

SEJ Participants were
invited to Study 2 Feb 12 2020 Facebook

(Pediatrician Mommiess) 3256 18 10 0.31% 55.56%

SEJ Participants were
invited to Study 2 Feb 19 2020 SPUC 156 33 12 7.69% 36.36%

SEJ Participants of Study 1
invited to Study 2 Feb 21 2020 Facebook

(Pediatrician Mommies) 97 41 16 16.49% 39.02%

SEJ Participants of Study 1
were invited to Study 2 Feb 25 2020 UCA 76 54 37 52.63% 68.50%

SEJ Participants were
invited to Study 2 Feb 26 2020 Facebook

(Pediatrician Moms Group) 2258 26 13 0.58% 50%

Note. Survey types are named Gist for the survey used in Study 1 and SEJ
for the survey used in Study 2. Initially, a counterbalanced randomization
process was performed. Gist and SEJ surveys were randomly assigned to
the participants. Then, due to low participation rate, participants were
invited to the studies separately. UCA stands for Urgent Care Association
and SPUC stands for Society for Pediatric Urgent Care. Facebook groups
were private (see the group description below).

Facebook Group Descriptions

• Facebook group: Pediatrician Mommies

"About This Group

Description

A supportive and safe forum for asking questions about

things you think you should know as a pediatrician

and mom (but don’t), sharing currently relevant in-
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formation that might benefit us in the clinic/hospital

or at home, for discussing current controversial pe-

diatric/parenting topics, and organizing to advocate

for the well-being of our patients and their families.

Groupn Admins are: Lisa Meneses, Whitney Bethel

Morgan, and Tobi Adeyeye Amosun MEMBERSHIP CRI-

TERIA: Pediatrician Mommies was created as an online

community of women with the unique experiences of

raising a family and having been trained in pediatric

medicine. Members must already be mothers (be it

by birth, adoption, or marriage). Members must have

completed a general pediatric residency program OR

currently practice pediatrics in the U.S. Members must

be Board-Certified/Board-Eligible with the American

Board of Pediatrics. If currently Board-Eligible, must

provide proof of completing pediatrics residency pro-

gram. Pediatric sub specialists are welcome if you com-

pleted at least a prelim year in pediatrics. Until we

have a reliable system in place to vet those who did res-

idency and practice outside the U.S., we will not offer

membership to such individuals at this time. MEMBER

EXPECTATIONS: Individual members are responsible

for making sure their posts are HIPAA compliant and

avoid the use of any patient identifying information.

Members are to use the honor system and only add

themselves or other individuals if they fit the speci-

fied criteria. The admins have full discretion to delete

255



posts that are not in line with the stated purposes of

the group. Member requests will be vetted by admins,

so be sure to check your "unfiltered" message folder

from a desktop computer. By accepting membership

to this site, the member agrees not to discuss specifics

of content of this page outside the community of the

Pediatrician Mommies group. This includes sharing

screenshots or member information with individuals or

other groups outside of Pediatrician Mommies. Viola-

tion of these guidelines will result in the removal of the

member from the group."

• Facebook Group: Pediatrician Moms Group

"About This Group:

We define pediatrician as: -completing or completed a

residency in general pediatrics or med-peds -general

pediatricians -medical pediatric sub-specialists who

have completed specific pediatric training like an intern

peds year or complete peds residency.

HIPAA: Please remember HIPAA when posting! This

is for both patient and physician protection. We are

a "secret" group, but we cannot guarantee who may

gain access to our posts. Please change as many mod-

ifiers as you can when posting patient questions, or

post questions generally rather than as patient sce-

narios. Also, consider gaining official consent from a

patient/parent when you plan to post, many medical

center legal departments have consent forms for this
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purpose."
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Appendix K: Survey Items for Chapter 4

K.1 Survey Items for Study 1: Measuring Risk Perceptions

about Antibiotics

K.1.1 Risky Choice Questions

The Indicated Scenario

An 18-month old patient presents with a low grade fever (38.1

degrees) and congestion. On otoscopic exam, you note bulging

tympanic membranes bilaterally. Otherwise, the patient is overall

well appearing with a normal exam.

How would you answer the following questions in this situation?

• A) Immediately prescribe antibiotics

• B) Observe without immediate antibiotics

• C) No antibiotic is needed for this patient

The Maybe Indicated Scenario

An 18-month old patient presents with a low grade fever (38.1

degrees) and congestion. On otoscopic exam, you note bulging

tympanic membrane on the left; the right ear appears normal.

Otherwise, the patient is overall well appearing with a normal

exam. How would you answer the following questions in this

situation?

• A) Immediately prescribe antibiotics

• B) Observe without immediate antibiotics

• C) No antibiotic is needed for this patient
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The Not Indicated Scenario

An 18-month old patient presents with a low grade fever (38.1

degrees) and congestion. On otoscopic exam, you note air-fluid

levels behind the tympanic membranes; otherwise, the patient

is overall well appearing with a normal exam. How would you

answer the following questions in this situation?

• A) Immediately prescribe antibiotics

• B) Observe without immediate antibiotics

• C) No antibiotic is needed for this patient

K.1.2 Risk Perception Items

The risk perception questions were presented after the following

statement:

You have been previously provided the following patient

description:

Then, the participants were reminded the patient scenario that

they had just received. After that, they were asked to answer 46

questions that were randomly presented to them.

Participants were asked to indicate their level of endorsements by

choosing one of the following Likert options:

• Strongly Disagree

• Disagree

• Somewhat Disagree

• Neither Agree Nor Disagree

• Somewhat Agree
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• Agree

• Strongly Agree

The survey items are as follows:

• Antibiotics work against all germs.

• Antibiotics do NOT work against all germs.

• Antibiotics work against viruses.

• Antibiotics do NOT work against viruses.

• Sometimes a viral illness turns into something that needs

treating with an antibiotic.

• A viral illness never turns into something that needs treating

with an antibiotic.

• It can’t hurt the patient to take antibiotics.

• It could hurt the patient to take antibiotics.

• Antibiotics might not make the patient better, but it is better

to be safe than sorry (so he/she should take them).

• Antibiotics might not make the patient better, so he/she should

NOT take them.

• Antibiotics might not make the patient better, but he/she

should take them just in case.

• The patient should NOT take antibiotics if they might not make

him/her better.

• The patient should take antibiotics because they might help

and they can’t hurt.

• The patient should NOT take antibiotics because they don’t

help and they can hurt.

• It can’t hurt to take antibiotics.

260



• It could hurt to take antibiotics.

• The patient should take antibiotics because it’s better to be

safe than sorry.

• The patient should NOT take antibiotics because they might

not be safe.

• The patient is sick so might as well take a chance that antibi-

otics will help.

• The patient is sick, but should NOT take a chance on getting

worse (by taking antibiotics).

• It is better to be safe than sorry, so the patient should take

antibiotics.

• It is better to be safe than sorry, so the patient should NOT

take antibiotics.

• An antibiotic might not work, but why take a chance on the

patient not getting better?

• An antibiotic might not work, so why should the patient take

one?

• I don’t know if an antibiotic can make the patient better, but

he/she might get side effects if he/she takes them.

• I don’t know if an antibiotic can make the patient better, but

he/she will NOT get side effects if he/she takes them.

• The patient might get side effects if he/she takes antibiotics.

• The patient will NOT get side effects if he/she takes antibiotics.

• Antibiotics might have harmful side effects.

• Antibiotics do NOT have harmful side effects.

• Antibiotics work against bacteria.
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• Antibiotics do NOT work against bacteria.

• Antibiotics should be taken for strep throat.

• Antibiotics should NOT be taken for strep throat.

• The patient will get better even if he/she doesn’t take antibi-

otics.

• The patient won’t get better unless he/she takes antibiotics.

• I know an antibiotic can make the patient better.

• don’t know if an antibiotic can make the patient better.

• Antibiotics will make the patient better.

• Antibiotics might not make the patient better.

• The patient’s symptoms will only go away with antibiotics.

• The patient’s symptoms will NOT go away with antibiotics.

• If I don’t prescribe an antibiotic the patient won’t think I believe

that he/she is really sick.

• The patient knows that I will only prescribe antibiotics if

he/she needs them.

• Just because the patient is sick enough to see me does NOT

mean he/she should get antibiotics.

• If my patient is sick enough to see me, he/she should get

antibiotics.

K.1.3 Numerical Judgment Question-Verbatim Risk Estimate

First participants were reminded the scenario that they received.

Then, the numerical judgment question was asked as follows:

What is the probability that the patient described in this

scenario will get better WITHOUT antibiotics?
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The participants were given a slider ranging from 0 to 100 to

provide their responses.

K.1.4 Numeracy Questions

Adapted from (Lipkus et al., 2001)

• Which of the following numbers represents the biggest risk of

getting a disease?

i. 1 in 100

ii. 1 in 1000

iii. 1 in 10

• Which of the following represents the biggest risk of getting a

disease?

i. 1%

ii. 10%

iii. 5%

• If the chance of getting a disease is 10%, how many people

would be expected to get the disease out of 100?(Please enter

only a valid number)

• If the chance of getting a disease is 10%, how many people

would be expected to get the disease out of 1000?(Please enter

only a valid number)

• If the chance of getting a disease is 20 out of 100, this would

be the same as having a X chance of getting the disease.(Please

enter only a valid number)

• If Person A’s risk of getting a disease is 1% in ten years, and

Person B’s risk is double that of A’s, what is B’s risk?
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• If Person A’s chance of getting a disease is 1 in 100 in ten years,

and Person B’s risk is double that of A, what is B’s risk?

• In the BIG BUCKS LOTTERY, the chances of winning a $10.00

prize are 1%. What is your best guess about how many people

would win a $10.00 prize if 1,000 people each buy a single

ticket from BIG BUCKS? (Please enter only a valid number)

• Imagine that we roll a fair, six-sided die 1,000 times. Out of

1,000 rolls, how many times do you think the die would come

up even (2, 4, or 6)? (Please enter only a valid number)

• The chance of getting a viral infection is .0005. Out of 10,000

people, about how many of them are expected to get infected?

(Please enter only a valid number)

• In the ACME PUBLISHING SWEEPSTAKES, the chance of

winning a car is 1 in 1,000. What percent of tickets of ACME

PUBLISHING SWEEPSTAKES win a car?

K.1.5 Need For Cognition Questions

Adapted from (Cacioppo et al., 1984) Participants were asked to

indicate their level of endorsements by choosing one of the following

Likert options:

A. Strongly Disagree

B. Disagree

C. Somewhat Disagree

D. Neither Agree Nor Disagree

E. Somewhat Agree

F. Agree
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G. Strongly Agree

• I would prefer complex to simple problems.

• I like to have the responsibility of handling a situation that

requires a lot of thinking.

• Thinking is not my idea of fun.

• I would rather do something that requires little thought than

something that is sure to challenge my thinking abilities.

• I try to anticipate and avoid situations where there is likely

chance I will have to think in depth about something.

• I find satisfaction in deliberating hard and for long hours.

• I only think as hard as I have to.

• I prefer to think about small, daily projects to long-term ones.

• I like tasks that require little thought once I’ve learned them.

• The idea of relying on thought to make my way to the top

appeals to me.

• I really enjoy a task that involves coming up with new solutions

to problems.

• Learning new ways to think doesn’t excite me very much.

• I prefer my life to be filled with puzzles that I must solve.

• The notion of thinking abstractly is appealing to me.

• I would prefer a task that is intellectual, difficult, and impor-

tant to one that is somewhat important but does not require

much thought.

• I feel relief rather than satisfaction after completing a task that

required a lot of mental effort.
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• It’s enough for me that something gets the job done; I don’t

care how or why it works.

• I usually end up deliberating about issues even when they do

not affect me personally.

K.1.6 Demographics Questions

• Are you male or female?

i. Male

ii. Female

• Please enter your age:

i. 30 or younger

ii. 31-40

iii. 41-50

iv. 51-60

v. 60 or older

• Are you of Hispanic, Latino, or Spanish origin?

i. Yes

ii. No, not of Hispanic, Latino, or Spanish origin

• Select the one group that best describes you.

i. White

ii. Black/African American

iii. Asian

iv. Native American/American Indian/Alaskan Native

v. Native Hawaiian or Other Pacific Islander

vi. Mixed Ethnicity
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vii. Other

• Is English your first language?

i. Yes

ii. No

• What is the highest level your father completed in school?

i. He completed less than 12th grade (less than high school)

ii. He graduated from high school

iii. He had some college after high school

iv. He graduated from a 4 year college or more

v. Don’t Know

• What is the highest level your mother completed in school?

i. He completed less than 12th grade (less than high school)

ii. He graduated from high school

iii. He had some college after high school

iv. He graduated from a 4 year college or more

v. Don’t Know

• Do you or did you ever receive a free or reduced lunch from

school?

i. Yes

ii. No

iii. Don’t know

• How important would you say religion is to you?

i. Not at all important

ii. Slightly important

iii. Somewhat important
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iv. Important

v. Very important

• What is your religious affiliation?

i. Catholic

ii. Protestant (Methodist, Lutheran, Baptist, etc.)

iii. Jewish

iv. Evangelical Born-again Christian

v. Latter-Day Saint (Mormon)

vi. Muslim

vii. No religion

viii. Other (Fill in):

• What is the zip code of your permanent home?

i. I don’t know

ii. Zip code (Fill in):

• What year did you graduate from medical, Physician Assistant

(PA), or Nurse Practitioner (NP) school?

• How many years have you been practicing in the Emergency

Department since graduation from medical, Physician Assis-

tant (PA), or Nurse Practitioner (NP) school?

• What is your professional title?

i. Attending physician

ii. Physician Assistant (PA)

iii. Nurse Practitioner (NP)

iv. Resident

• What year of your emergency medicine residency are you in?

268



i. 1st Year

ii. 2nd Year

iii. 3rd Year

iv. 4th Year

K.2 Survey Items for Study 2: Measuring Expert Judgment

Performances via Structured Expert Judgment

K.2.1 Numerical Judgment Question

An almost two-year patient presents the day before his second

birthday with 4 day history of fevers in the 38.5-38.9 degrees

Celsius range. The patient has had some rhinorrhea and mild

cough for the past week that seems to be improving. Overall the

patient is well-appearing with some nasal discharge evident, but

otherwise no focal findings on exam. The patient’s tympanic mem-

branes were not visualized on exam due to cerumen impaction,

with unsuccessful attempt at cerumen removal. How would you

proceed the following questions in this situation?

• A) Prescribe immediate antibiotics for presumed acute otitis

media, since it cannot be ruled out

• B) No immediate antibiotics. Observe with support care and

antipyretics, follow up in 2-3 days if still febrile

K.2.2 Experimental Conditions

Participants were given the following introductory text:
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You will be asked 10 questions about antibiotic treatment

effectiveness as well as adverse effects for the general popu-

lation. The link below will provide you a briefing document

including a concise description of the following questions

as well as recent research findings. You are encouraged to

read the document before answering the questions. The

document will pop up on a separate tab for your conve-

nience so that you could consult without losing this survey

page that you are working on. After that, you could come

back to this survey page and click next to start providing

us your personal judgments.

You will be asked 10 questions about antibiotic treatment

effectiveness as well as adverse effects for the general pop-

ulation. The link below will provide you a briefing document

including a concise description of the following questions

as well as recent research findings. You are encouraged

to read the document before answering the questions. The

document will pop up on a separate tab for your convenience

so that you could consult without losing this survey page

that you are working on. After that, you could come back

to this survey page and click next to start providing us your

personal judgments.

The instruction information was provided as follows:

You will be asked 10 questions, all in a similar format. You

are asked to quantify your uncertainty by giving 5th 50th

and 95th percentiles of your uncertainty distribution. For

example:
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Question: What was the average density (number/km2) of

rainbow smelt in central basin of Lake Erie in 2009?

Figure K.1: Percentile rank visual displayed in the instruction page.

Presumably, this number is uncertain. If you fill in:

• 5th percentile: If you consider this value to be 1, then this

means that you believe that there is a 5% chance that the true

value is below this 1/km2

• 50th percentile: If you consider this value to be 5, then this

means that you believe that there is a 50% chance that the

true value is below this 5/km2

• 95th percentile: If you consider this value to be 10, then this

means that you believe that there is a 95% chance that the

true value is below this 10/km2

K.2.2.1 Verbatim only conditions

Antibiotic and Placebo Treatment Effectiveness

• A study on 315 children aged between 6 months and 10 years

presenting with acute otitis media showed that on average,

symptoms resolved after 3 days. Children prescribed antibi-

otics immediately had shorter illness (-1.1 days (95% confi-
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Figure K.2: Percentile rank visual displayed in the instruction page, with a
sample of elicitation.

dence interval -0.54 to -1.48)), fewer nights disturbed (-0.72

(-0.30 to -1.13)), and slightly less antipyretic consumption

(-0.52 spoons/day (-0.26 to -0.79)). There was no difference

in school absence or pain or distress scores since benefits

of antibiotics occurred mainly after the first 24 hours-when

distress was less severe. Parents of 36/150 of the children

given delayed prescriptions used antibiotics, and 77% were

very satisfied. Fewer children in the delayed group had di-

arrhea (14/150 (9%) vs. 25/135 (19%), chi(2)=5.2, P=0.02).

Fewer parents in the delayed group believed in the effective-

ness of antibiotics and in the need to see the doctor with future

episodes.

• Most children with acute otitis media (70 to 90 percent) have

spontaneous resolution within seven to 14 days.

• The potential of antibacterial therapy at the initial visit to
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shorten symptoms by 1 day in 5% to 14% of children can be

compared with the avoidance of common antibacterial side

effects in 5% to 10% of children, infrequent serious side effects,

and the adverse effects of antibacterial resistance.

• During the first 3 days, the Acute Otitis Media Severity of Symp-

toms scale, which scores range from 0 to 14, with higher scores

indicating greater severity of symptoms (AOM-SOS; Shaikh

Paradise, 2009a; Shaikh Paradise, 2009b) was administered

twice daily; thereafter, it was administered once daily. The time

to resolution of symptoms is shown according to two criteria:

the time to the first recording of an AOM-SOS score of 0 or 1

(seen in figure A)and the time to the second of two successive

recordings of that score. The mean AOM-SOS scores in the two

treatment groups (antibiotics and placebo) over the first 7 days

(se the figure below) were lower in the amoxicillin–clavulanate

group than in the placebo group at each time point (P=0.02)

and at the 10–12 day visit (1.59±0.21 vs. 2.46±0.20; differ-

ence, 0.87; 95% confidence interval [CI], 0.29 to 1.45; P=0.003).

The 7-day weighted mean (±SE) score was also significantly

lower in the amoxicillin–clavulanate group than in the placebo

group (2.79±0.16 vs. 3.42±0.18; difference, 0.63; 95% CI,

0.15 to 1.10; P=0.01). The degree of difference between the

two treatment groups varied according to the severity of the

children’s symptoms at trial entry; among children whose ini-

tial AOM-SOS score was 8 or less, the scores were 2.21±0.16

vs. 2.58±0.19 (difference, 0.37; 95% CI, 0.13 to 0.87; P=0.14),

and among children whose initial score was higher than 8, the
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values were 3.59±0.27 vs. 4.50±0.28 (difference, 0.91; 95%

CI, 0.13 to 1.68; P=0.02).

Figure K.3: Source:Lieberthal et al., 2013

• One impediment to the use of the delayed-antibiotic strategy

is the fear of an increased risk of acute mastoiditis. In the

Netherlands, Norway, and Denmark, which have rates of pre-

scription of antibiotics for otitis of 31 percent, 67 percent,

and 76 percent, respectively, the incidence of mastoiditis was

approximately 4 cases per 100,000 children per year over a

five-year period. In Canada and the United States, where the

rates of prescription of antibiotics for otitis exceed 96 percent,

the incidence was approximately 2 cases of mastoiditis per

100,000 children per year. Lower use of antibiotics for acute

otitis was associated with twice the rate of acute mastoiditis,
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Figure K.4: Source: Lieberthal et al., 2013

but this difference amounted to only 2 additional cases of

mastoiditis per 100,000 children per year.

• Pooled data from 6 randomized trials and 2 cohort studies

showed no significant difference between rates of mastoiditis in

children who received initial antibacterial therapy (0.59%) and

children wo received placebo or observation (0.17%); p=0.212).

• A recent study on a population of children under the age 2

with acute otitis media diagnosed with the use of stringent cri-

teria compared a 10-day amoxicillin–clavulanate treatment to

placebo. There were 147 children in the placebo treatment and

149 children in the antibiotic treatment group. In the placebo

treatment group, 1 child had mastoiditis, 7 children developed

perforation of tympanic membrane, 22 children developed
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protocol-defined diarrhea, 51 children developed diaper-area

dermatitis, 1 child developed oral thrush, 12 children devel-

oped vomiting, 2 children developed rash. The prevalence of

protocol-defined diarrhea symptoms in the placebo population

differ from that in the antibiotic treatment population with

the p value 0.05. The prevalence of diaper-area dermatitis was

lower with the p value 0.008 in the placebo group than in the

antibiotic treatment group.
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K.2.2.2 Verbatim +Gist conditions

Antibiotic and Placebo Treatment Effectiveness

• A study on 315 children aged between 6 months and 10 years

presenting with acute otitis media showed that on average,

symptoms resolved after 3 days. Children prescribed antibi-

otics immediately had shorter illness (-1.1 days (95% confi-

dence interval -0.54 to -1.48)), fewer nights disturbed (-0.72
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(-0.30 to -1.13)), and slightly less antipyretic consumption

(-0.52 spoons/day (-0.26 to -0.79)). There was no difference

in school absence or pain or distress scores since benefits

of antibiotics occurred mainly after the first 24 hours-when

distress was less severe. Parents of 36/150 of the children

given delayed prescriptions used antibiotics, and 77% were

very satisfied. Fewer children in the delayed group had di-

arrhea (14/150 (9%) vs. 25/135 (19%), chi(2)=5.2, P=0.02).

Fewer parents in the delayed group believed in the effective-

ness of antibiotics and in the need to see the doctor with future

episodes.

The bottom line meaning: If you wait and see, the patient

could get better without antibiotics.

• Most children with acute otitis media (70 to 90 percent) have

spontaneous resolution within seven to 14 days.

The bottom line meaning: Most children get better with-

out antibiotics.

• The potential of antibacterial therapy at the initial visit to

shorten symptoms by 1 day in 5% to 14% of children can be

compared with the avoidance of common antibacterial side

effects in 5% to 10% of children, infrequent serious side effects,

and the adverse effects of antibacterial resistance.

The bottom line meaning: If the patient takes antibiotics,

they may get a little better quicker, but they may get a

little worse (from side effects). The chance that they get

better or get worse is about the same.

• During the first 3 days, the Acute Otitis Media Severity of Symp-
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toms scale, which scores range from 0 to 14, with higher scores

indicating greater severity of symptoms (AOM-SOS; Shaikh

Paradise, 2009a; Shaikh Paradise, 2009b) was administered

twice daily; thereafter, it was administered once daily. The time

to resolution of symptoms is shown according to two criteria:

the time to the first recording of an AOM-SOS score of 0 or 1

(seen in figure A)and the time to the second of two successive

recordings of that score. The mean AOM-SOS scores in the two

treatment groups (antibiotics and placebo) over the first 7 days

(se the figure below) were lower in the amoxicillin–clavulanate

group than in the placebo group at each time point (P=0.02)

and at the 10–12 day visit (1.59±0.21 vs. 2.46±0.20; differ-

ence, 0.87; 95% confidence interval [CI], 0.29 to 1.45; P=0.003).

The 7-day weighted mean (±SE) score was also significantly

lower in the amoxicillin–clavulanate group than in the placebo

group (2.79±0.16 vs. 3.42±0.18; difference, 0.63; 95% CI,

0.15 to 1.10; P=0.01). The degree of difference between the

two treatment groups varied according to the severity of the

children’s symptoms at trial entry; among children whose ini-

tial AOM-SOS score was 8 or less, the scores were 2.21±0.16

vs. 2.58±0.19 (difference, 0.37; 95% CI, 0.13 to 0.87; P=0.14),

and among children whose initial score was higher than 8, the

values were 3.59±0.27 vs. 4.50±0.28 (difference, 0.91; 95%

CI, 0.13 to 1.68; P=0.02).

The bottom line meaning: For patients with milder symp-

toms, antibiotics do not help. For patients with more se-

vere symptoms, antibiotics might help a little.
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Figure K.5: Source:Lieberthal et al., 2013

• One impediment to the use of the delayed-antibiotic strategy

is the fear of an increased risk of acute mastoiditis. In the

Netherlands, Norway, and Denmark, which have rates of pre-

scription of antibiotics for otitis of 31 percent, 67 percent,

and 76 percent, respectively, the incidence of mastoiditis was

approximately 4 cases per 100,000 children per year over a

five-year period. In Canada and the United States, where the

rates of prescription of antibiotics for otitis exceed 96 percent,

the incidence was approximately 2 cases of mastoiditis per

100,000 children per year. Lower use of antibiotics for acute

otitis was associated with twice the rate of acute mastoiditis,

but this difference amounted to only 2 additional cases of

mastoiditis per 100,000 children per year.
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Figure K.6: Source: Lieberthal et al., 2013

The bottom line meaning: It can’t hurt to wait; the risk

of adverse effects associated with delayed-antibiotic strat-

egy is essentially nil.

• Pooled data from 6 randomized trials and 2 cohort studies

showed no significant difference between rates of mastoiditis in

children who received initial antibacterial therapy (0.59%) and

children wo received placebo or observation (0.17%); p=0.212).

The bottom line meaning: All else equal, the risk of mas-

toiditis with and without antibiotic therapy is essentially

the same.

• 7. A recent study on a population of children under the age 2

with acute otitis media diagnosed with the use of stringent cri-

teria compared a 10-day amoxicillin–clavulanate treatment to
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placebo. There were 147 children in the placebo treatment and

149 children in the antibiotic treatment group. In the placebo

treatment group, 1 child had mastoiditis, 7 children developed

perforation of tympanic membrane, 22 children developed

protocol-defined diarrhea, 51 children developed diaper-area

dermatitis, 1 child developed oral thrush, 12 children devel-

oped vomiting, 2 children developed rash. The prevalence of

protocol-defined diarrhea symptoms in the placebo population

differ from that in the antibiotic treatment population with

the p value 0.05. The prevalence of diaper-area dermatitis was

lower with the p value 0.008 in the placebo group than in the

antibiotic treatment group.

The bottom line meaning: Some patients who did not

take antibiotics developed severe complications. Some

patients who took antibiotics developed side effects.
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K.2.2.3 Guideline condition

Below are the diagnosis and treatment related key action

statements from the AAP’s 2013 Clinical Practice Guideline

for the Diagnosis and Management of Acute Otitis Media and

a figure from a 2015 article from Pediatrics in Review about

acute otitis media

• Key Action Statement 1A: Clinicians should diagnose acute

otitis media (AOM) in children who present with moderate to

severe bulging of the tympanic membrane (TM) or new onset

of otorrhea not due to acute otitis externa.

• Key Action Statement 1B: Clinicians should diagnose AOM

in children who present with mild bulging of the TM and

recent (less than 48 hours) onset of ear pain (holding, tugging,

rubbing of the ear in a nonverbal child) or intense erythema

of the TM.

• Key Action Statement 1C: Clinicians should not diagnose AOM

in children who do not have middle ear effusion (MEE) (based

on pneumatic otoscopy and/or tympanometry).

• Key Action Statement 2: The management of AOM should

include an assessment of pain. If pain is present, the clinician

should recommend treatment to reduce pain.

• Key Action Statement 3A: Severe AOM: The clinician should

prescribe antibiotic therapy for AOM (bilateral or unilateral) in

children 6 months and older with severe signs or symptoms

(ie, moderate or severe otalgia or otalgia for at least 48 hours

or temperature 39°C [102.2°F] or higher).
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• Key Action Statement 3B: Nonsevere bilateral AOM in young

children: The clinician should prescribe antibiotic therapy for

bilateral AOM in children 6 months through 23 months of age

without severe signs or symptoms (ie, mild otalgia for less than

48 hours and temperature less than 39°C [102.2°F]). Evidence

Quality: Grade B. Strength: Recommendation.

• Key Action Statement 3C: Nonsevere unilateral AOM in young

children: The clinician should either prescribe antibiotic ther-

apy or offer observation with close follow-up based on joint

decision-making with the parent(s)/caregiver for unilateral

AOM in children 6 months to 23 months of age without severe

signs or symptoms (ie, mild otalgia for less than 48 hours and

temperature less than 39°C [102.2°F]). When observation is

used, a mechanism must be in place to ensure follow-up and

begin antibiotic therapy if the child worsens or fails to improve

within 48 to 72 hours of onset of symptoms.

• Key Action Statement 3D: Nonsevere AOM in older children:

The clinician should either prescribe antibiotic therapy or

offer observation with close follow-up based on joint decision-

making with the parent(s)/caregiver for AOM (bilateral or uni-

lateral) in children 24 months or older without severe signs

or symptoms (ie, mild otalgia for less than 48 hours and tem-

perature less than 39°C [102.2°F]). When observation is used,

a mechanism must be in place to ensure follow-up and begin

antibiotic therapy if the child worsens or fails to improve within

48 to 72 hours of onset of symptoms

• Key Action Statement 4A: Clinicians should prescribe amox-
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icillin for AOM when a decision to treat with antibiotics has

been made and the child has not received amoxicillin in the

past 30 days or the child does not have concurrent purulent

conjunctivitis or the child is not allergic to penicillin

• Key Action Statement 4B: Clinicians should prescribe an an-

tibiotic with additional -lactamase coverage for AOM when a

decision to treat with antibiotics has been made, and the child

has received amoxicillin in the last 30 days or has concurrent

purulent conjunctivitis, or has a history of recurrent AOM

unresponsive to amoxicillin.

• Key Action Statement 4C: Clinicians should reassess the pa-

tient if the caregiver reports that the child’s symptoms have

worsened or failed to respond to the initial antibiotic treatment

within 48 to 72 hours and determine whether a change in

therapy is needed.

K.2.2.4 Guidelines+Gist Condition

Below are the diagnosis and treatment related key action

statements from the AAP’s 2013 Clinical Practice Guideline

for the Diagnosis and Management of Acute Otitis Media and

a figure from a 2015 article from Pediatrics in Review about

acute otitis media

• Key Action Statement 1A: Clinicians should diagnose acute

otitis media (AOM) in children who present with moderate to

severe bulging of the tympanic membrane (TM) or new onset

of otorrhea not due to acute otitis externa.
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Figure K.7: Decision Tree provided by the guidelines, Source: (Rosa-Olivares
et al., 2015)

• Key Action Statement 1B: Clinicians should diagnose AOM

in children who present with mild bulging of the TM and

recent (less than 48 hours) onset of ear pain (holding, tugging,

rubbing of the ear in a nonverbal child) or intense erythema

of the TM.

• Key Action Statement 1C: Clinicians should not diagnose AOM

in children who do not have middle ear effusion (MEE) (based

on pneumatic otoscopy and/or tympanometry).

• Key Action Statement 2: The management of AOM should

include an assessment of pain. If pain is present, the clinician

should recommend treatment to reduce pain.
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• Key Action Statement 3A: Severe AOM: The clinician should

prescribe antibiotic therapy for AOM (bilateral or unilateral) in

children 6 months and older with severe signs or symptoms

(ie, moderate or severe otalgia or otalgia for at least 48 hours

or temperature 39°C [102.2°F] or higher).

• Key Action Statement 3B: Nonsevere bilateral AOM in young

children: The clinician should prescribe antibiotic therapy for

bilateral AOM in children 6 months through 23 months of age

without severe signs or symptoms (ie, mild otalgia for less than

48 hours and temperature less than 39°C [102.2°F]). Evidence

Quality: Grade B. Strength: Recommendation.

• Key Action Statement 3C: Nonsevere unilateral AOM in young

children: The clinician should either prescribe antibiotic ther-

apy or offer observation with close follow-up based on joint

decision-making with the parent(s)/caregiver for unilateral

AOM in children 6 months to 23 months of age without severe

signs or symptoms (ie, mild otalgia for less than 48 hours and

temperature less than 39°C [102.2°F]). When observation is

used, a mechanism must be in place to ensure follow-up and

begin antibiotic therapy if the child worsens or fails to improve

within 48 to 72 hours of onset of symptoms.

• Key Action Statement 3D: Nonsevere AOM in older children:

The clinician should either prescribe antibiotic therapy or

offer observation with close follow-up based on joint decision-

making with the parent(s)/caregiver for AOM (bilateral or uni-

lateral) in children 24 months or older without severe signs

or symptoms (ie, mild otalgia for less than 48 hours and tem-
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perature less than 39°C [102.2°F]). When observation is used,

a mechanism must be in place to ensure follow-up and begin

antibiotic therapy if the child worsens or fails to improve within

48 to 72 hours of onset of symptoms

• Key Action Statement 4A: Clinicians should prescribe amox-

icillin for AOM when a decision to treat with antibiotics has

been made and the child has not received amoxicillin in the

past 30 days or the child does not have concurrent purulent

conjunctivitis or the child is not allergic to penicillin

• Key Action Statement 4B: Clinicians should prescribe an an-

tibiotic with additional -lactamase coverage for AOM when a

decision to treat with antibiotics has been made, and the child

has received amoxicillin in the last 30 days or has concurrent

purulent conjunctivitis, or has a history of recurrent AOM

unresponsive to amoxicillin.

• Key Action Statement 4C: Clinicians should reassess the pa-

tient if the caregiver reports that the child’s symptoms have

worsened or failed to respond to the initial antibiotic treatment

within 48 to 72 hours and determine whether a change in

therapy is needed.

Bottom Line

Bottom line:

• If you wait and see, the patient could get better without antibi-

otics.

• Most children get better without antibiotics.

• If the patient takes antibiotics, they may get a little better
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Figure K.8: Decision Tree provided by the guidelines, Source: (Rosa-Olivares
et al., 2015)

quicker, but they may get a little worse (from side effects). The

chance that they get better or get worse is about the same.

• For patients with milder symptoms, antibiotics do not help.

For patients with more severe symptoms, antibiotics might

help a little.

• It can’t hurt to wait; the risk of adverse effects associated with

delayed-antibiotic strategy is essentially nil.

• All else equal, the risk of mastoiditis with and without antibi-

otic therapy is essentially the same.

• Some patients who did not take antibiotics developed severe

complications. Some patients who took antibiotics developed
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side effects.

K.2.3 SEJ Questions

Ten questions were presented in random order and each question

was included the following response entries:

• 5th percentile (Recall: you believe that there is a 5% chance

that the true value is below this value you provide here)

• 50th percentile (Recall: you believe that there is a 50%

chance that the true value is below this value you provide

here)

• 95th percentile (Recall: you believe that there is a 95%

chance that the true value is below this value you provide

here)

Ten SEJ questions were as follows:

i. In general, for ALL pediatric patients with acute otitis media,

how would you answer the questions below: Among 100 pa-

tients under the age of 2, in how many of them will symptoms

be resolved by DAY 2 after an ANTIBIOTIC treatment?

ii. 1 In general, for ALL pediatric patients with acute otitis media,

how would you answer the questions below: Among 100 pa-

tients under the age of 2, in how many of them will symptoms

be resolved by DAY 4 after an ANTIBIOTIC treatment?

iii. In general, for ALL pediatric patients with acute otitis media,

how would you answer the questions below: Among 100 pa-

tients under the age of 2, in how many of them will symptoms

be resolved by DAY 7 after an ANTIBIOTIC treatment?
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iv. In general, for ALL pediatric patients with acute otitis media,

how would you answer the questions below: Among 100 pa-

tients under the age of 2, in how many of them will symptoms

be resolved by DAY 2 after a PLACEBO treatment?

v. In general, for ALL pediatric patients with acute otitis media,

how would you answer the questions below: Among 100 pa-

tients under the age of 2, in how many of them will symptoms

be resolved by DAY 4 after a PLACEBO treatment?

vi. In general, for ALL pediatric patients with acute otitis media,

how would you answer the questions below: Among 100 pa-

tients under the age of 2, in how many of them symptoms will

be resolved by DAY 7 after a PLACEBO treatment?

vii. In general, for ALL pediatric patients with acute otitis media,

how would you answer the questions below: Among 100 pa-

tients under the age of 2, how many of them will DEVELOP

DIAPER DERMATITIS after an ANTIBIOTIC treatment?

viii. In general, for ALL pediatric patients with acute otitis media,

how would you answer the questions below: Among 100 pa-

tients under the age of 2, how many of them will DEVELOP

DIARRHEA after an ANTIBIOTIC treatment?

ix. In general, for ALL pediatric patients with acute otitis media,

how would you answer the questions below: Among 100 pa-

tients under the age of 2, how many of them will DEVELOP

MASTOIDITIS IF ANTIBIOTIC TREATMENT IS DELAYED (48-

72 hours)?

x. In general, for ALL pediatric patients with acute otitis media,

how would you answer the questions below:
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Among 100 patients under the age of 2, how many of them

will DEVELOP PERFORATION OF TYMPANIC MEMBRANE IF

ANTIBIOTIC TREATMENT IS DELAYED (48-72 hours)?

K.2.4 Numeracy, NFC, and Demographic Questions

Numeracy, NFC, and demographic questions were exactly the same

as in Study 1.

Note. Three responses collected for Study 2 were removed

from the data. One participant gave decimal values as a re-

sponse for the counts of human beings. Two participants pro-

vided gave values greater than 100. However, the questions

asks the number among 100 patients.
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Appendix L: Scree Plot for Factor Analysis

Figure L.1: Scree Plot for the Factor Analysis
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Appendix M: Likert Scale Mean Responses
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Table M.1: Likert Scale Mean Responses

Item Short Form Item Full Form Mean (SD)
Why not take a risk?
Better safe than sorry The patient should take antibiotics

because it’s better to be safe than sorry. 2.39 (1.51)

Might not help, but better safe than sorry Antibiotics might not make the patient better,
but it is better to be safe than sorry(so he/she should take them). 2.49 (1.45)

Better safe than sorry, so take ABX It is better to be safe than sorry, so the patient
should take antibiotics. 2.47 (1.50)

Take ABX just in case Antibiotics might not make the patient better, but he/she
should take them just in case. 2.33 (1.52)

Might not work but why take a chance? An antibiotic might not work, but why take a chance
on not getting better? 2.56 (1.43)

Might as well take a chance The patient is sick so might as well take a chance
that antibiotics will help. 2.28 (1.42)

ABX might help and can’t hurt The patient should take antibiotics because they
might help and can’t hurt. 2.37 (1.37)

Antibiotics might not help but can hurt
ABX don’t help and can hurt The patient should NOT take antibiotics because

they don’t help and they can hurt. 4.25 (1.77)

Better safe than sorry, so no ABX It is better to be safe than sorry, so the patient
should NOT take antibiotics 3.97 (1.70)

Might not help, so better not to take ABX Antibiotics might not make (me/the patient) better, so
he/she should NOT take them. 4.54 (1.59)

ABX might not be safe The patient should NOT take antibiotics because
they might not be safe. 3.75 (1.67)

Might not work so why take ABX? An antibiotic might not work, so why should the patient take one? 4.32 (1.65)
Don’t take ABX if they don’t
make me better

The patient should NOT take antibiotics if they
might not make (me/him/her) better. 4.91 (1.65)

ABX will help Antibiotics will make (me/the patient) better. 3.53 (1.59)
I know ABX help I know an antibiotic can make the patient better. 3.10 (1.69)
It could hurt It could hurt the patient to take antibiotics. 5.76 (1.00)
Don’t know, but patient might get side
effects

I don’t know if an antibiotic can make the patient
better, but he/she might get side effects if he/she takes them. 5.43 (1.28)

Yes against viruses Antibiotics work against viruses. 1.39 (1.20)

Should NOT take a chance The patient is sick, but should NOT take a chance on getting
worse (by taking antibiotics). 3.30 (1.72)

Patients doesn’t need ABX The patient will get better even if he/she doesn’t take antibiotics. 4.93 (1.14)
Antiobiotics do not have harmful side effects
ABX don’t have side effects Antibiotics do NOT have harmful side effects. 1.72 (1.01)

Patient won’t get side effects The patient will NOT get side effects if he/she
take antibiotics. 2.29 (1.20)

Patients need ABX The patient won’t get better unless he/she takes antibiotics. 2.38 (1.36)
It can’t hurt It can’t hurt to take antibiotics 2.00 (1.21)
No against bacteria Antibiotics do NOT work against bacteria. 1.63 (1.18)

Symptoms go away with ABX The patient’s symptoms will only go away with
antibiotics. 2.42 (1.47)

No for strep Antibiotics should NOT be taken for strep throat. 1.79 (1.19)
Seeing a doctor means ABX If my patient is sick enough to see me, he/she should get antibiotics 1.84 (1.20)
Antibiotics might have harmful side effects
ABX might have side effects Antibiotics might have harmful side effects. 6.12 (0.85)

Patient might get side effects The patient might get side effects if he/she takes
antibiotics. 6.06 (0.83)

ABX might not help Antibiotics might not make the patient better. 5.64 (1.15)

Seeing a doctor doesn’t mean ABX Just because the patient is sick enough to see me does NOT mean he/she
should get antibiotics. 6.25 (1.10)

Yes against bacteria Antibiotics work against bacteria. 6.45 (0.86)
Yes for strep Antibiotics should be taken for strep throat. 6.22 (1.08)
No against all germs Antibiotics do NOT work against all germs. 6.47 (0.96)
Items that did not load on any factors
Viral can turn into bacterial Sometimes a viral illness turns into something that

needs treating with an antibiotic. 5.92 (1.03)

Symptoms don’t go away with ABX The patient’s symptoms will NOT go away with antibiotics. 3.75 (1.63)

Viral can’t turn into bacterial A viral illness never turns into something that needs
treating with an antibiotic. 2.07 (1.38)

It could hurt It could hurt to take antibiotics 5.79 (1.13)
Don’t know but patient won’t get side
effects

I don’t know if an antibiotic can make the patient better,
but he/she will NOT get side effects if he/she takes them. 2.1 (1.25)

ABX can’t hurt It can’t hurt the patient to take antibiotics 2.07 (1.23)
Yes against germs Antibiotics work against all germs. 1.68 (1.45)

Patient won’t think I believe them If I don’t prescribe an antibiotic the patient won’t think I
believe that he/she is really sick. 2.56 (1.53)

No against viruses Antibiotics do NOT work against viruses 6.76 (0.58)

Doctor takes (me/patient) seriously The patient knows that I will only prescribe
antibiotics if he/she needs them. 5.45 (1.41)

I don’t know if ABX help I don’t know if an antibiotic can make
he patient better. 3.92 (1.69)

Note.Mean and standard deviations of the responses to the Likert scale
items are shown. The item order is consistent with the Exploratory Factor
Analysis with oblimin rotation shown in Table 4.2



Appendix N: Exploratory Factor Analysis Varimax

Rotation
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Table N.1: Exploratory Factor Analysis Loadings (Varimax Rotation)

Short version of
the survey item Factor 1 Factor 2 Factor 3

ABX don’t have side effects 0.80
ABX might help and can’t hurt 0.77
ABX can’t hurt 0.73
It can’t hurt 0.72
Might as well take a chance 0.72
Might not help, but better safe than sorry 0.72
Take ABX just in case 0.72
Better safe than sorry 0.71
Might not work but why take a chance? 0.70
Better safe than sorry, so take ABX 0.70
Seeing a doctor means ABX 0.69
Don’t know but patient won’t get side
effects 0.68

Patients need ABX 0.67
No against bacteria 0.66
Yes against viruses 0.65
Patient won’t get side effects 0.64
Yes against germs 0.62
Symptoms go away with ABX 0.61
No for strep 0.56
I know ABX help 0.55 -0.49
ABX will help 0.53 -0.52
Viral can’t turn into bacterial 0.52
Patient won’t think I believe them 0.48
ABX don’t help and can hurt 0.78
Might not help, so better not to take ABX 0.73
Better safe than sorry, so no ABX 0.72
Might not work so why take ABX? 0.70
ABX might not be safe 0.68
Don’t take ABX if they don’t
make me better 0.57

Patients doesn’t need ABX 0.47
It could hurt 0.47
Don’t know, but patient might get side
effects 0.45

Symptoms don’t go away with ABX 0.44
ABX might have side effects 0.74
Patient might get side effects 0.70
ABX might not help 0.56
Seeing a doctor doesn’t mean ABX 0.54
Yes against bacteria 0.51
Yes for strep 0.47
No against all germs 0.42

Note. Items that have loadings greater than 0.4 are shown.



Appendix O: Distribution of Response Formats with

respect to each Experimental Conditions

Table O.1: Counts of Response Formats with respect to Each Experimental
Conditions

Guideline
Group
(n=320)

Guidelines+
Gist Group
(n=330)

Verbatim Only
Group
(n=250)

Verbatim+Gist
Group
(n=400)

Regular 200 209 145 241
Reverse 72 31 39 72
Triangle 20 23 23 28
Flat 16 20 23 35
Hockey Stick 12 47 20 24

Note. Number of questions responded in each group were shown in paren-
theses (the number of participants x 10 SEJ questions)
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Figure O.1: Invalid response counts in Study 2
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