
BROWN UNIVERSITY

DOCTORAL THESIS

Applications of Decision Analysis in

Alzheimer’s Research

Author:

Mauricio LOPEZ MENDEZ

A thesis submitted in fulfillment of the requirements
for the degree of Doctor of Philosophy

in the

Department of Health Services, Policy and Practice

October 2024

https://www.brown.edu/academics/public-health/home
https://www.brown.edu/academics/public-health/hspp/about


© Copyright 2024 by Mauricio Lopez Mendez



This dissertation by Mauricio lopez Mendez is accepted in its present form

by the Department of Health Services Research as satisfying the

dissertation requirement for the degree of Doctor of Philosophy.

Date

Thomas A. Trikalinos, Chair

Recommended to the Graduate Council

Date

Eric Jutkowitz, Reader

Date

Fernando Alarid-Escudero, Reader

Date

Omar Galarraga, Reader

Approved by the Graduate Council

Date

Thomas A. Lewis,

Dean of the Graduate School

iii



Mauricio Lopez-Mendez 
mauricio_lopez_mendez@brown.edu; mlopezme@gmail.com 

github.com/LopezM-Mauricio 

Education 
2024 Ph.D. Health Services Research Program (Decision Science) 

Brown University 
Dissertation: Applications of Decision Analysis in Alzheimer’s Research 
Committee:  

Thomas A. Trikalinos, MD, Ph.D. (Chair) 
Eric Jutkowitz, Ph.D. (Brown University) 
Fernando Alarid-Escudero, Ph.D. (Stanford University) 
Omar Galarraga, Ph.D. (Brown University) 

2017 Master of Public Policy (MPP) 
Graduate Program in Health Administration and Policy (GPHAP) 
University of Chicago, Harris School of Public Policy 

2012 BA, International Relations 
Instituto Tecnológico Autónomo de México (ITAM) 

Research Experience 
2022-present Research Assistant Providence VA Evidence Synthesis Program, Providence 

VA Health Care System (P.I.s Drs. Eric Jutkowitz and 
Thomas A. Trikalinos) 

2020-present Research Assistant Center for Gerontology, Brown University 
(P.I. Dr. Eric Jutkowitz) 

Summer 2019 Visiting Scholar Center for Economics Research and Teaching (CIDE, 
Mexico) 

(P.I. Dr. Fernando Alarid-Escudero) 
2017-18 Policy Research Fellow Social Impact Research Center, Heartland Alliance 

Summer 2017 Research Assistant Departments of Pediatrics & Health Sciences, University 
of Chicago 

(P.I. Dr. Rena Conti) 
2016-17 Metcalf Research Fellow Center for Global Health, University of Chicago 

(P.I. Dr. Habibul Assan) 
2016 Research Analyst Harris School -Policy Labs, University of Chicago 
2013-15 Policy Research Analyst Fundación IDEA, 

(Mexican Policy Think-Tank) 

Government/Policy Experience 
2012-13 Chief of Department for Social 

Projects 
Unit of International Affairs, Mexico’s Ministry of 

Finance 

Publications 
Peer-Reviewed: 

1 Lopez-Mendez M, Shier V, Meyers D, Jutkowitz E. National Trends in the Prevalence of Dementia 
in Medicare Advantage and Traditional Medicare. Submitted for review to Alzheimer's & 
Dementia: Translational Research & Clinical Interventions (TRCI). 

2 Lopez-Mendez, M., Iskandar, R. & Jutkowitz, E. Individual and Dyadic Health-Related Quality of 
Life of People Living with Dementia and their Caregivers. Applied Research in Quality of 
Life (2023). https://doi.org/10.1007/s11482-023-10157-0 

3 Handels RLH, Green C, Gustavsson A, Herring WL, Winblad B, Wimo A, Sköldunger A, Karlsson 
A, Anderson R, Belger M, Brück C, Espinosa R, Hlávka JP, Jutkowitz E, Lin PJ, Lopez-
Mendez M, Mar J, Shewmaker P, Spackman E, Tafazzoli A, Tysinger B, Jönsson L; 
IPECAD modeling workshop 2020 participants. Cost-effectiveness models for Alzheimer's 

iv

mailto:mauricio_lopez_mendez@brown.edu
https://doi.org/10.1007/s11482-023-10157-0


disease and related dementias: IPECAD modeling workshop cross-comparison challenge. 
Alzheimer’s Dementia (2022). doi: 10.1002/alz.12811 

4 Lopez-Mendez M, Ospina-Escobar A, Iskandar R., & Alarid-Escudero, F. Age-specific Rates of 
Onset of Cannabis Use in Mexico. Addictive Behaviors (2021). 
https://doi.org/10.1016/j.addbeh.2021.107038 

5 Tapia-Conyer R, Saucedo-Martínez R, Mújica-Rosales R, Gallardo-Rincón H, Lee E, Waugh C, 
Guajardo L, Torres-Beltrán B, Quijano-González Ú, Lopez-Mendez M, Atkinson ER. A 
Policy Analysis on the Proactive Prevention of Chronic Disease: Learnings from the Initial 
Implementation of Integrated Measurement for Early Detection (MIDO). International 
Journal of Health Policy and Management. (2017). doi: 10.15171/ijhpm.2017.18 

Working Papers: 
1 Lopez-Mendez M, Shewmaker P, Jutkowitz E. Budget Impact Analysis of a Non-Pharmacological 

Intervention for Community-dwelling People Living with Dementia. 

Work in progress: 

1 Lopez-Mendez M, Cost-Effectiveness Analysis of Interventions that increase Time in the 
Community among Medicare Beneficiaries living with Dementia. 

2 Lopez-Mendez M, Jutkowitz E, Trikalinos TA. Model-based Evaluation of Accelerated Diagnostic 
Paths with High Sensitivity Cardiac Troponin for Detection of Non-ST-Elevation Myocardial 
Infarction in the Emergency Department. 

Non-peer reviewed: 
1 

2 

3 

Lopez-Mendez M, The Link Between Perceived Income Inequality Conditions and Higher Caloric 
Intake, Chicago Policy Review (online), 2016. 

Lopez-Mendez M, Paving the Way Towards Healthier Consumption Habits to Tackle Obesity: The 
Mexican Soda Tax Case, Chicago Policy Review (online), 2016. 

Lopez-Mendez M, Looking at Effects of Tennessee Medicaid Contraction on Adult 
Hospitalizations, Chicago Policy Review (online), 2015 

Selected Presentations at Professional Meetings and Conferences 
1 Lopez-Mendez M, Jutkowitz E, Trikalinos TA. Model-based Evaluation of Accelerated Diagnostic 

Paths with High Sensitivity Cardiac Troponin for Detection of Non ST-Elevation Myocardial 
Infarction in the Emergency Department. Society for Medical Decision Making. October 2023. (Oral 
presentation) 

2 

3 

4 

5 

6 

7 

Jutkowitz E, Lopez-Mendez M, Shewmaker P. Budget Impact Analysis of Non-Pharmacological 
Interventions for Community-dwelling People Living with Dementia. Gerontological 
Society of America. November 2022 
Lopez-Mendez M, Alarid-Escudero F, Jutkowitz E, Trikalinos TA. Dyadic Medical 
Decision Problems: Motivating the Use of a Dyadic Utility Function. Society for Medical 
Decision Making. October 2022. Finalist Poster, Lee B. Lusted Student Poster 
Competition, Psychology and Shared Decision Making (DEC). 
Jutkowitz E, Lopez-Mendez M, Iskandar R, Pizzi L. Association between Self-Reported Health and 
Dementia Symptoms among People with Dementia and their Caregivers. Gerontological Society 
of America. November 2020 
Lopez-Mendez M, Iskandar R, Jutkowitz E. Mult-Attribute Archimedean Utility Copulas 
for Medical Decision Analysis. Society for Medical Decision Making. October 2020. (online 
due to COVID). Finalist Poster, Lee B. Lusted Student Poster Competition, Health Services, 
Quantitative Methods & Theoretical Developments (QMTD) 
Lopez-Mendez M, Iskandar R, Jutkowitz E. Modeling the Combined Health Utility of People Living 
with Dementia and Their Family Care Partners. Society for Medical Decision Making. 
October 2020. (online due to COVID). 
Lopez-Mendez M, Iskandar R , Alarid-Escudero F. Age-Specific Rates of Onset of Cannabis Use in 
Mexico. Society for Medical Decision Making. October 2020. (online due to COVID). 
Finalist Poster, Lee B. Lusted Student Poster Competition, Health Services, Outcomes and Policy 
Research (HSOP) 
Lopez-Mendez M, Iskandar R , Alarid-Escudero F. Numerical Methods for Adaptively Determining 
Cycle Length in Cohort State-Transition Models. Society for Medical Decision Making. 

8 

v

https://doi.org/10.1002/alz.12811
https://doi.org/10.1016/j.addbeh.2021.107038
mlm
Cross-Out



Awards & Honors 

2022 
2018 

Health Policy Statistics Section of the American Statistical Association, Mentee  Global Health 
Initiative at Brown University, Framework in Global Health Scholarship 

9 Lopez-Mendez M, Juarez-Armenta A, Assan H. Competing Solutions to Arsenic Contamination        
of  Groundwater in Araihazar, Bangladesh: A Cost-Benefit Analysis. Consortium of Universities for 
Global Health. April 2017. Awarded Lancet-CUGH Best Student Poster, Governance and Policy 
Category  

Current Funded Projects 

Grant Title: Providence VA Evidence-based Synthesis Program 
Funder: VA HSR&D 
Dates: 2022-2024 
Role: Research Assistant (PI: Dr. Eric Jutkowitz, Brown University) 

Grant Title: 

Funder: 

Informal Resources of Persons Living with Alzheimer’s Disease and Related Dementias: Impact 
on Hospitalizations, Potentially Avoidable Hospitalizations and Nursing Home Admissions 
National Institute on Aging (R21AG059623) 

Dates: 2019-2021 
Role: Research Assistant (PI: Dr. Eric Jutkowitz, Brown University) 

Grant Title: 

Funder: 

Microsimulation Modeling to Compare the Effectiveness and Cost-Effectiveness of 
Nondrug Interventions to Manage Clinical Symptoms in Racially/Ethnically Diverse Persons 
with Dementia National Institute on Aging (1R01AG060871) 

Dates: 2019-2023 
Role: Research Assistant (PI: Dr. Eric Jutkowitz, Brown University) 

Grant Title: 

Funder: 

Person-Reported and Health Care Utilization Outcomes of Home and Community Based 
Care Recipients with and without Alzheimer’s Disease and its Related Dementias 
National Institute on Aging (1RF1AG069771) 

Dates: 2020-2025 
Role: Research Assistant (PI: Dr. Eric Jutkowitz, Brown University) 

Teaching Experience 
Fall 2020 

Fall 2020 

Spring 
2020 

Teaching Assistant. Introduction to Health Decision Analysis. Brown University. 
Instructor: Dr. Thomas A. Trikalinos 
Sheridan Teaching Seminar (Certificate I). The Sheridan Center for Teaching and Learning, 
Brown University 
Teaching Assistant. Healthcare in the United States. Brown University. Instructor: Dr. Ira 
Wilson 

Membership in Societies and Organizations 

2018-
present 

Member, Trainee. Society for Medical Decision Making 

Service 
2016-17 Student Body Academic Chair. Public Policy Student Association, Harris School of Public 

Policy, University of Chicago 
Manuscript Reviewer (ad hoc). Medical Decision Making Journal 

vi



2017 

2016 
2015-17 
2015-17 

Conference of the Consortium of Universities for Global Health 2017, Lancet- CUGH Best Student 
Poster Award 
University of Chicago, Center for Global Health- Metcalf Research Fellowship 
University of Chicago, Harris School of Public Policy Dean’s Scholarship 
Mexico’s CONACYT, Graduate Fellowship for Master’s Studies 

Language Proficiency 
Statistical and programming languages 

R:  intermediate-advanced 
Stata:  intermediate-advanced 
Matlab:  intermediate 
Python:  intermediate 
SAS:  beginner-intermediate 
SQL:  beginner-intermediate 
Julia:  beginner 

Other languages: 
English:  IBT TOEFL/109 out of 120 (total) 
German: Sprachdiplom II 
Spanish:  native 

        Code Repository:   https://github.com/LopezM-Mauricio 

vii

https://github.com/LopezM-Mauricio


viii

Acknowledgements
I thank my dissertation chair, Dr. Thomas Trikalinos, for his invaluable lessons filled

with contagious rigor and curiosity; it was an honor. I want to thank my advisor,

Dr. Eric Jutkowitz, for the opportunity to work together and learn from him. I

thank Dr. Omar Galarraga for his continuous support and feedback throughout my

entire PhD journey. I thank Dr. Fernando Alarid-Escudero for almost a decade of

invaluable mentoring, guidance, and engaging conversations. I also acknowledge

Dr. Rowan Iskandar, for his early mentoring during my first year in the PhD.

I thank the Department of Health Services Research and Practice at Brown Univer-

sity for their continuous support, especially from their amazing staff. I thank the

colleagues and friends I met along the way at Brown, it was a blessing to be in

the same cohort as Drs. Bishnu Thapa, Catherine Ettman, Emma Tucher, Hace Oh,

Kathryn Thompson, Nick Jones, and Sara Robertson.

Last but not least, I thank my wife (Isabel), my parents (Lucia and Victor), and my

brother (Marco), who fill my life with joy and energy. Without them, this work could

not have been done.



ix

Contents

1 Introduction 1

2 Dyadic Decision Problems and Dyadic Valuation Functions 6

2.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1.2 Standard Practice and Limitations . . . . . . . . . . . . . . . . . 8

2.2 Specification of a Dyadic Decision Problem . . . . . . . . . . . . . . . . 10

2.3 Dyadic Additive Ordinal Preferences . . . . . . . . . . . . . . . . . . . . 13

2.4 An Archimedean Copula Representation of the Dyadic Utility Function 21

2.5 Estimation of UDyad() from paired data: . . . . . . . . . . . . . . . . . . 29

2.5.1 Estimation of Upper Boundary Utilities: . . . . . . . . . . . . . . 30

2.5.2 Estimation of the Polynomial Generating Function . . . . . . . 37

2.6 Example via Simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

2.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3 Individual and Dyadic Health-Related Quality of Life of People Living

with Dementia and their Caregivers 48

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.2.1 Sample and Data . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.2.2 Clinical Features and Characteristics of People living with ADRD

and Caregivers . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.2.3 From Self-reported Health Status to Predicted TTO-Weights . . 53

3.2.4 From Predicted Individual TTO-weights to Dyadic TTO-weights 54

3.2.5 Association between Predicted TTO-weights and ADRD Clin-

ical Features . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.3.1 Sample Characteristics . . . . . . . . . . . . . . . . . . . . . . . . 56

3.3.2 Self-reported Health . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.3.3 People living with ADRDs’, Caregivers’, and Dyadic TTO-weights 56

3.3.4 Association between Dementia Clinical Features, Individual

TTO-weights, and Dyadic TTO-weights . . . . . . . . . . . . . . 57

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57



3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.6 Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.7 Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4 Cost-Effectiveness Analysis of Interventions that increase Time in the Com-

munity among Medicare Beneficiaries living with Dementia 67

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

Analytical Cohort from Residential History File . . . . . . . . . 70

4.2.1 Statistical Models . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

Synthetic Baseline Characteristics . . . . . . . . . . . . . . . . . 71

Stratification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

Model of Cumulative Chronic Conditions . . . . . . . . . . . . . 72

Model of Trajectories of Care . . . . . . . . . . . . . . . . . . . . 72

Models of Costs of Care . . . . . . . . . . . . . . . . . . . . . . . 74

Models of HRQOL . . . . . . . . . . . . . . . . . . . . . . . . . . 75

4.2.2 Discrete Event Simulation . . . . . . . . . . . . . . . . . . . . . . 76

Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

Evolution of the process . . . . . . . . . . . . . . . . . . . . . . . 76

Sampling Inter-arrival Times . . . . . . . . . . . . . . . . . . . . 77

4.3 Strategies of Transitional Care Interventions . . . . . . . . . . . . . . . . 77

Transition of Care Levers . . . . . . . . . . . . . . . . . . . . . . 77

Composite Strategies . . . . . . . . . . . . . . . . . . . . . . . . . 78

Effect of Transitional Care Strategies . . . . . . . . . . . . . . . . 79

Cost of Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

Accessibility, Eligibility, and Duration of Treatment . . . . . . . 80

Comparative Effectiveness and Cost-effectiveness Analysis. . . 81

4.4 Sensitivity and Uncertainty Analysis . . . . . . . . . . . . . . . . . . . . 82

4.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

Synthetic Cohort . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

Cumulative Chronic Health Conditions over Time . . . . . . . . 82

Trajectories of Care: Length of Stay in each Setting of Care . . . 82

4.5.1 Comparative Effectiveness of Transitional Care Interventions

and Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.5.2 Cost Effectiveness Analysis of Transitional Care Interventions

and Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

Incremental Cost Effectiveness, ($/QALY) . . . . . . . . . . . . 83

Incremental Cost Effectiveness, ($/Year in the Community) . . 84

Sensitivity Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 84

x



4.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

4.8 Figures and Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

5 Conclusion and Discussion 97

A 100

A.0.1 Example of a dyadic decision problem . . . . . . . . . . . . . . . 100

A.0.2 Axioms of von Neumann-Morgenstern Utility . . . . . . . . . . 104

A.0.3 Existence and Uniqueness of a von Neumann-Morgenstern Util-

ity Representation . . . . . . . . . . . . . . . . . . . . . . . . . . 105

Result 1: normalized utility function h(w) . . . . . . . . . . . . . 105

Result 2: auxiliary Lemmas A:T and A:U . . . . . . . . . . . . . 106

Result 3: existence and uniqueness of w→ v(w) . . . . . . . . . 106

A.0.4 Double-cancellation Property . . . . . . . . . . . . . . . . . . . . 109

A.0.5 Multi-attribute Utility Functions . . . . . . . . . . . . . . . . . . 109

A.0.6 Two-attribute Utility Functions . . . . . . . . . . . . . . . . . . . 109

A.0.7 Assumptions About the Association between Utility of Attributes110

A.0.8 Utility Copula Functions . . . . . . . . . . . . . . . . . . . . . . . 111

A.0.9 The Archimedean Utility Copula . . . . . . . . . . . . . . . . . . 113

B 116

B.0.1 Time tradeoff Weights and Quality Adjusted Life Years . . . . . 116

B.0.2 Auxiliary Tables and Figures . . . . . . . . . . . . . . . . . . . . 118

B.0.3 Modeling framework . . . . . . . . . . . . . . . . . . . . . . . . . 124

C 128

Bibliography 135

xi



xii

List of Tables

2.1 Estimation Targets for each Preference Profile under the Archimedean

Utility Copula Model with Polynomial Generator . . . . . . . . . . . . 39

3.1 Sample Characteristics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.2 Average TTO-weights by Self-reported Health Status . . . . . . . . . . 62

3.3 Regression Models: Individual and Dyadic TTO-weights on Demen-

tia Clinical Features . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.1 Description of Intervention and Outcomes . . . . . . . . . . . . . . . . 92

4.2 Baseline Characteristics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.3 Comparative Effectiveness . . . . . . . . . . . . . . . . . . . . . . . . . . 94

4.4 Cost-effectiveness Analysis ($/QALY) . . . . . . . . . . . . . . . . . . . 95

4.5 Cost-effectiveness Analysis ($/Year in Community) . . . . . . . . . . . 96

B.1 Scoring of Functional Activities of Daily Living . . . . . . . . . . . . . 118

B.2 Average Individual TTO-weights by Self-Reported Health Status of

People living with ADRD * . . . . . . . . . . . . . . . . . . . . . . . . . . 119

B.3 Quartiles of Individual and Combined TTO- weights by Sample . . . . 120

B.4 Combined TTO-weights . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

C.1 Simulation Parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

C.2 Chronic Health Conditions Burden/Dementia Stage . . . . . . . . . . . 131

C.3 Cost-effectiveness vs Standard of Care . . . . . . . . . . . . . . . . . . . 133

C.4 One-way Sensitivity Analysis . . . . . . . . . . . . . . . . . . . . . . . . 134



xiii

List of Figures

2.1 Indifference assessment Corner Value from member one . . . . . . . . 34

2.2 Indifference assessment of Corner Value from member two . . . . . . . 35

2.3 Two Positively Correlated Attributes . . . . . . . . . . . . . . . . . . . . 40

2.4 True Boundary Utility Curves with Attribute Dominance (left) and No

Attribute Dominance (right) . . . . . . . . . . . . . . . . . . . . . . . . . 42

2.5 Fitted Upper Boundary Utilities to Parametric Model, Attribute Dom-

inance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

2.6 Fitted Upper Boundary Utilities to Smoothing Spline Model, No At-

tribute Dominance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

2.7 Dyadic Utility Surface, Attribute Dominance . . . . . . . . . . . . . . . 44

2.8 Dyadic Utility Surface, No Attribute Dominance . . . . . . . . . . . . . 44

2.9 Fitting Lower Boundary Curve to Quadratic Generator, No Attribute

Dominance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.1 Two-step Mapping from Health-Status Categories to Dyadic TTO-Weights 63

3.2 Analytic Sample from the Aging, Demographics, and Memory Study

(ADAMS) Participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.3 Interquartile Range of estimated Individual TTO-wights of People liv-

ing with ADRD and Caregivers versus Dyadic TTO-weights (paired

sample, n = 160) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

3.4 Iso-value Contour Lines of Dyadic TTO-weights . . . . . . . . . . . . . 66

4.1 Transition of Care Levers and Strategies. We exclude other potential

transitions that the strategies in the Figure do not influence. One-lever

strategies only act on a single transition out of community-based care

(levers 1, 2, or 3). Two-lever strategies act on pairs of transitions out

of community-base care( pairs of levers: (1 and 2), (1 and 3), or (2

and 3)). The three-lever strategy acts on the three transition out of

community-based care (levers 1 and 2 and 3). . . . . . . . . . . . . . . 88

4.2 Correlation Matrices of Baseline Characteristics by Race, Analytic Sam-

ple versus Simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.3 Interquartile Range of the Cumulative Chronic Health Conditions over

different Time Horizons . . . . . . . . . . . . . . . . . . . . . . . . . . . 90



4.4 Interquartile Range of the Length of Stay (days) by Setting of Care . . . 90

4.5 Cost-Effectiveness Frontier of Transitional Care Interventions that In-

crease Time in the Community (Effect: QALYs) . . . . . . . . . . . . . . 91

4.6 Cost-Effectiveness Frontier of Transitional Care Interventions that In-

crease Time in the Community (Effect: Years in the Community) . . . . 91

B.1 Quality Adjusted life-Years . . . . . . . . . . . . . . . . . . . . . . . . . 116

B.2 Elicitation of TTO-weights . . . . . . . . . . . . . . . . . . . . . . . . . . 117

B.3 Change in Dyadic TTO-weights with different Compositions of Indi-

vidual TTO-weights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

B.4 One-way Sensitivity to Thresholds of "Highest" TTO-weights . . . . . 122

C.1 3-Dimensional Vine Copula Diagram of Joint Distribution of Baseline

Characteristics within Race Strata . . . . . . . . . . . . . . . . . . . . . . 128

C.2 Transition Diagram of DES simulation . . . . . . . . . . . . . . . . . . . 129

xiv



1

Chapter 1

Introduction

Dementia affects 50 million people worldwide, leading to declines in cognitive and

functional abilities, with many individuals also experiencing behavioral symptoms

such as hallucinations and wandering (WHO, 2017). In the United States alone, more

than 6 million Americans 65 and older are affected by dementia (Alz-Association,

2023). Long-term care for people living with dementia requires more care hours

compared to those without dementia, imposing a significant strain on the health

system, as well as on the families and caregivers of people living with dementia

(Jutkowitz et al., 2020; Patterson et al., 2023; Li et al., 2024; Keeney et al., 2020; Hurd

et al., 2013; MacNeil-Vroomen et al., 2020; Nandi et al., 2024).

Family caregivers are essential for providing care, as most people living with de-

mentia reside in the community and receive substantial care within their homes

(Friedman et al., 2015; NASEM, 2021a) . Through their ongoing support, family

caregivers help to address the complex needs of those living with dementia and can

support the effective incorporation of comprehensive approaches into care routines

(NASEM, 2021b). At the same time, caregivers of people living with dementia of-

ten face significant burdens due to their caregiving responsibilities, such as stress,

anxiety, depression, fatigue, and health problems due to demanding tasks, as well

as social isolation (A Khalil et al., 2022; Shankar et al., 2014; Kristof et al., 2017) .

Recognizing these diverse burdens has guided the incorporation of comprehensive

support systems to assist caregivers in managing the multifaceted challenges they

face.

Dyadic non-pharmacologic interventions typically provide support to people liv-

ing with dementia via different mechanisms that can support their functional, be-

havioral, and cognitive abilities, as well as improve their quality of life and well

being (NASEM, 2021a; Nickel, Barth, and Kolominsky-Rabas, 2018). In addition,

dyadic non-pharmacologic interventions incorporate mechanisms through which

caregivers can also receive support. For example, through tailored education and
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skills to ease care planning and monitoring, as well as counseling and other psy-

chological supports (Nickel, Barth, and Kolominsky-Rabas, 2018; NASEM, 2023;

NASEM, 2021b). Hence, non-pharmacologic interventions are crucial to provide

comprehensive long-term care to people living with dementia. Studies involving

randomized trials of non-pharmacologic psychosocial interventions for dyads have

shown clinical and statistical improvements in outcomes for people living with de-

mentia and their caregivers. Furthermore, evidence-informed studies have also shown

that non-pharmacologic dementia-care interventions can be cost-effective (Jutkowitz

et al., 2023; Gitlin et al., 2010a; Graff et al., 2008; Shaw et al., 2021; Vandepitte et al.,

2020).

In order to prioritize the allocation of resources when planning the provision of care

for current and future generations of people living with dementia, payers and de-

cision makers must synthesize and analyze the benefits and costs associated with

available treatments and interventions if they were made available to the general

population living with dementia. For this task, decision analysis and decision-analytic

tools are recommended, as they can provide a systematic account and analysis of the

best available evidence on the etiology and progression of the disease, the relevant

clinical and health-related outcomes, associated costs, and patient preferences (and

ideally caregiver preferences). In other words, decision analysis is a means to iden-

tify the optimal set of acts (e.g., treatments, health technologies, screening strategies,

non-pharmacologic interventions) that given the existing body of evidence are ex-

pected to yield the highest benefit (typically for society) at the lowest cost.

In this context, the present dissertation addresses two issues that arise in the deci-

sion analysis of non-pharmacologic interventions for people living with dementia.

The first of these issues results from the incompatibility of the existing decision-

analytic frameworks with the dyadic nature adopted by many non-pharmacologic

interventions. Existing frameworks driven by decision analysis principles, such as

cost-utility and cost-effectiveness analyses, are frequently conducted focusing either

from the perspective of the patient or the caregiver. Consequently, decision makers

often fail to account for the possible trade-offs and interdependence between prefer-

ences and health-related quality of life (HRQOL) of the person living with dementia

and their caregiver, basing their allocation decisions on partial perspectives of the as-

sociated benefits and costs of interventions that support both members of the dyads.

In Chapter 2, we address this issue from a decision-theoretic point of view. We revise

the foundational system of axioms of preferences and utilities and propose a novel

approach to model collective preferences and utilities of members of a dyad that is
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consistent with the theoretical foundations of decision analysis and that allows eval-

uating decisions involving dyads. We formulate the assumptions required to con-

struct this model and contrast its flexibility and generality with existing frameworks

such as the spillover framework, which is the recommended approach to including

benefits and indirect costs related to the caregiver in economic evaluations. Finally,

we define and illustrate the steps and additional assumptions required to train this

model from paired data on the preferences of people living with dementia and their

caregivers.

In Chapter 3 we further extend this methodology and propose a new metric of

dyadic health-related quality of life informed by real-world data. We used the Ag-

ing, Demographics, and Memory Study (ADAMS) (Langa et al., 2005) to identify

people living with dementia and their caregivers and predict their individual HRQOL

time trade-off-weights (TTO-weights). With the individual TTO-weights we esti-

mate dyadic HRQOL TTO-weights using an Archimedean bivariate utility copula

with a quadratic generating function. We also examine the association between pre-

dicted dyadic TTO-weights and dementia clinical features(functional and cognitive

abilities, as well as behavioral symptoms) using adjusted linear regressions. The pro-

posed dyadic HRQOL TTO-weights are a collective measure of HRQOL that incor-

porates the interdependence between HRQOL of people living with ADRD and their

caregivers and can be used in economic evaluations of dyadic non-pharmacologic

interventions.

The second issue that we address in this dissertation pertains to the analysis and

evaluation of non-pharmacologic interventions that help people living with demen-

tia to age safely at home. They are often referred to as transitional dementia-care

interventions, since they are designed to support transitions between settings of care

(e.g., discharge from the ER or hospital to the community), and often aim to extend

time spent at home by reducing potentially avoidable transitions out of the commu-

nity. The challenge in implementing and evaluating these interventions is that most

people living with dementia would prefer to age at home and receive care within

their communities (NASEM, 2024) but often experience disproportionately higher

rates of falls, hospitalizations, emergency room visits, and mortality (Wysocki et al.,

2014). To safely age at home, interventions must address a multiplicity of pathways

through which a person living with dementia can end up receiving care outside of

their communities. However, most transitional care interventions only address a

specific path out of the community (e.g., reducing nursing home admissions) and

evaluations of transitional care interventions often fail to account for competing ad-

verse events that the person living with dementia can experience (NASEM, 2024).
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In Chapter 4, we address this issue from a model-based decision-analytic frame-

work. We develop a model that represents the dynamics of transition between dif-

ferent settings of care of a dementia diagnosed cohort of Medicare beneficiaries,

including transitions into and out of inpatient care, emergency care, institutional-

ized long-term care (nursing homes and skilled nursing facilities), and home- and

community-based care. We trained this model using a data repository that summa-

rizes information from Medicare claims and nursing home minimum data set (MDS)

assessments that provide the place and time at which health services were provided,

including stays in non-Medicare-paid nursing homes (Intrator et al., 2011). In addi-

tion, we model the associated lifetime costs from Medicare’s perspective to provide

care to this population and across care settings, as well as the number of chronic

health conditions that people living with dementia experience throughout their life-

time.

With this representation of the continuum of care, we evaluate the comparative effec-

tiveness and cost-effectiveness of interventions that increase time in the community

by reducing transitions from community to nursing home, 30-day ED readmissions

or hospital readmissions, as well as composite strategies that reduce two or three

transitions out of the community simultaneously. The treatment effects of interven-

tions were extracted from published literature and modeled assuming proportional

hazards over 18 months. Across interventions/strategies we compare average 30-

day ER and hospital readmissions, NH admissions, length of stay (LoS) in the com-

munity, and total time gained in the community relative to standard of care. In cost-

effectiveness analysis, we calculate ICERs as the incremental cost per year gained in

the community and as the incremental cost per quality adjusted life year (QALY).

In summary, this dissertation addresses two main issues in decision analysis of non-

pharmacologic interventions for dementia. The first issue is the incompatibility

of existing decision-analytic frameworks with the dyadic nature of these interven-

tions. A novel approach is proposed to model collective preferences and utilities of

dyads, enhancing decision-making processes. The second issue pertains to evalu-

ating interventions that help people with dementia age safely at home. A model-

based decision-analytic framework is developed to assess the effectiveness and cost-

effectiveness of such interventions, considering competing transitions between dif-

ferent care settings and the associated care costs. The proposed solutions constitute

both methodological and applied advances in understanding the benefits and trade-

offs derived from dyadic non-pharmacologic interventions and transitional care in-

terventions, and emphasize the critical role of caregivers in providing care to people



Chapter 1. Introduction 5

living with dementia, as well as the complex dynamics of transitions across settings

of care that people living with dementia experience over their lifetime.
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Chapter 2

Dyadic Decision Problems and

Dyadic Valuation Functions

Abstract

Decision analysis over a set of healthcare interventions that affect two types of ben-

eficiaries requires the correct assessment of joint preferences and health-related out-

comes of beneficiaries. The spill-over framework allows to quantify potential ben-

efits or harms that a caregiver experiences in response the benefits that healthcare

interventions yield to patients. However, this framework does not consider the po-

tential dependence between utilities and outcomes of patients and caregivers. This

study develops a set of conditions under which a pair of interrelated beneficiaries

(dyads) can collectively decide over a set of healthcare interventions that affect both.

It proposes a dyadic ordinal preference function over deterministic consequences of

intervention alternatives, as well as a dyadic Archimedean utility copula function

over risky intervention alternatives. Furthermore, underlying assumptions are de-

veloped needed to estimate the dyadic Archimedean utility copula function from

paired data on individual utility functions of dyad members and illustrate the flex-

ibility that this general form offers in relation to other approaches. The dyadic

Archimedean utility copula function can be used in the analysis of decisions that

involve dyads and is flexible enough to capture interdependence between the indi-

vidual utilities, as well as cases where the dyads do not exhibit attribute dominance.

The possibility of estimating dyadic utility functions from paired utility data is an

important advantage over existing frameworks.
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2.1 Background

2.1.1 Motivation

In health services and medical contexts, decisions often involve consequences that

affect more than one type of beneficiary. For example, mothers and their newborn

(or still unborn) children may be affected by clinical decisions taken during preg-

nancy, childbirth, and/or in the postpartum period (Vlist et al., 2021). More gener-

ally, parent-child relations are a prototypical example of dyadic relations where it is

convenient to think about the well-being of the dyad as a unit instead of or in addi-

tion to the individual well-being of the parent and the well-being of the child. Other

prototypical examples in healthcare include patient-partner, patient-caregiver, and

patient-doctor relations.

For the patient-caregiver relation, studies have quantified the health-related quality

of life of patients living with Alzheimer’s disease and Parkinson’s disease (Moon

et al., 2017; Lee et al., 2021), systemic lupus (Jolly et al., 2015), and end-stage re-

nal disease (A Khalil et al., 2022), among others; and have included in their study

design the evaluation of the quality of life of different types of caregivers (e.g. infor-

mal, family, non-family, etc.). In patient-partner settings, such as HIV-AIDS, studies

have described intra-household dynamics that favor or deter infection, and inter-

ventions have been proposed to build and leverage strong support/caregiving sys-

tems within the household (Burton, Darbes, and Operario, 2010; Darbes et al., 2014;

Karney et al., 2010). More dramatically, the SARS-CoV-2 pandemic uncovered the

important role that the characteristics of intra-household relations can have on the

determination of infection rates (e.g., the role of children in the spread of viral in-

fection within a household), and highlighted the need to address prevention and

resource prioritization strategies from perspectives that recognize the interaction,

preferences, and outcomes of different individuals (Tseng et al., 2023) (Li et al., 2020).

Decisions involving pairs of beneficiaries, as in the aforementioned examples, often

necessitate consideration of the consequences of decisions over their joint health-

related outcomes. For example, improving the health-related quality of life of the

patient may also improve the quality of life of the caregiver since they care and feel

for the patient and/or because improving the patient’s quality of life reduces the

amount of care-giving hours they need, for example, by reducing or preserving the

number of limitations in activities of daily living (ADLs). It is also possible that

improving the health-related quality of life of the caregiver can have an additional

benefit for the patient, since it can strengthen and improve their care-giving relation-

ship and because the patient is also concerned for the caregiver, especially when the
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caregiver is a spouse or family member.

2.1.2 Standard Practice and Limitations

In psychology and human behavior studies, one of the main frameworks used to

analyze the interrelation between members of different types of dyads is based on

the actor-partner model (Cook and Kenny, 2005). This model acknowledges the

interrelation between the different characteristics of the members of a dyad and how

they interact to produce different types of dyad behavior.

In relation to care-giving partners, the Second Panel in Cost-Effectiveness Analysis

in Health and Medicine recognized the critical importance of including the bene-

fits and harms that a family member’s illness has on the health of their caregivers

(Neumann et al., 2016a). Specifically, the Second Panel recommends including ben-

efits and indirect costs related to the caregiver in economic evaluations and health-

technology assessments done from a societal perspective (Sanders et al., 2016).

For this purpose, the recommended framework relies on models of value that incor-

porate spillover effects. The theory behind spillover effects derives from consumer

and welfare theory in economics (Mas-Colell, Whinston, Green, et al., 1995). Basu

and Meltzer (2005) proposed that spillover effects can be incorporated into the analy-

sis of economic choices made by a two-person household via inclusion of "altruistic"

terms, also referred to as "Beckerian" terms (due to Gary Becker) (Basu and Meltzer,

2005; Becker, 1991).

The model from Basu and Meltzer is based on an intra-household model first pro-

posed by Browning and Chiapori (Browning and Chiappori, 1998). In the case of

a family of two (e.g.: a couple without children), this model captures spillovers by

including the level of health and consumption of their respective partner or family

member into their own individual utility functions. For persons a and b, cardinal

utilities (interval scale)1 of person a, Va(), is a function of their own consumption

(Ca) and own health (Ha), as well as consumption (Cb) and health (Hb) of person b.

Likewise, the cardinal utility (absolute scale) of person b, Vb(), is a function of their

own consumption and health (Cb) and (Hb), as well as the consumption and health

of person a (Ca) and (Ha).

Va(Ca(t), Ha(t), Cb(t), Hb(t)
)

1This is not clear from the paper from Basu and Meltzer but it is implied since in the application of
their model they derive and use quality of life weights which are interval scale numerical representa-
tions.
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Vb(Cb(t), Hb(t), Ca(t), Ha(t)
)

A two-person household utility function Va,b() is then constructed as a weighted

sum of the individual "altruistic" utility functions where a parameter γ ("distribution

of power" parameter) is used to weight the individual utilities.

Va,b = (1− γ)Va(t) + γVb(t)

In the two-person household lifetime utility maximization problem, the objective

function includes the products and cross-products of the marginal survival probabil-

ities Sa(t), Sb(t), as well as the "individualistic" utility function of the person a and b,

that is, utility functions without altruistic terms: Ua((Ca), (Ha)) and Ub((Cb), (Hb));

and is solved subject to a budget constraint M().

arg max
Ci(t),mi

p(t)

T

∑
t=0

βt

([
Sa(t)Sb(t)

(
(1− γ)Va(t) + γVb(t)

)]
+
[
Sa(t)

(
1− Sb(t)

)
Ua(t)

]
+
[(

1− Sa(t)
)
Sb(t)Ub(t)

]) (2.1)

where γ ∈ [0, 1], and is subject to the budget constraint:

M
(
Sa(t), Sb(t), Ca(t), Cb(t), ma

i (t), mb
i (t), Ia(t), Ib(t)

)
= 0

where Ia(t), Ib(t) represent period-specific income levels, and ma
i (t) = (ma

1(t), ..., ma
k(t));

mb
i (t) = (mb

1(t), ..., mb
k(t) represent the expenditures on k medical interventions at

time period t.

Including altruistic terms allows to quantify for example the spill-over effect that a

change in person a’s health outcomes can have on the health utility of person b, and

may be important for calculating the societal benefits of medical interventions or

technologies; e.g., if spillovers are accounted for, cost-effectiveness conclusions may

be altered.

However, there are important limitations and barriers in the application of this ap-

proach. First, data from the elicitation of utility functions that include altruistic

terms, i.e. Va() and Vb(), are typically not available, and current approaches to ob-

tain this evidence require a thorough assessment of the trade-offs that each person in

the dyad is willing to incur with respect to their own well-being conditional on the

other person’s health status (e.g., worse health state of their partners). This approach
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can be costly and cognitively demanding for patients and their partners. Second, the

spillover approach is typically not applied making the distinction between different

types of beneficiaries and multi-objective interventions, i.e., does not acknowledge

the possibility that an intervention may impact directly different types of beneficia-

ries, potentially through different mechanisms. Finally, the spillover model does not

recognize the interrelation between the individual utility functions Va and Vb. Since

Va and Vb are functions of individual consumption and health of both members,

these two utility functions are potentially dependent since they share common ar-

guments. However, by combining Va and Vb as a weighted sum, this model implies

utility independence between Va and Vb. This means that from the household per-

spective, the utility of the patient is assessed independently of the caregiver’s utility

function, ignoring the potential association between their individual utilities.

These limitations are becoming more important given the recent increase in inter-

ventions that are explicitly designed to provide direct (and possibly indirect) health-

related benefits to more than one type of beneficiary. An example of this are non-

pharmacologic interventions targeting patients living with Alzheimer’s Disease (AD)

and Alzheimer’s Disease and Related Dementias (AD/ADRD) and their caregivers,

such as comprehensive care ADRD interventions (NASEM, 2022). In this sense, com-

prehensive care interventions recognize the importance of providing health services

to care-giving partners and underscore the critical interrelation between patient and

caregiver health-related outcomes.

However, existing methods and analysis frameworks lack the flexibility to accu-

rately represent the value attributed to the collective benefits of dyadic interven-

tions, and there is no guidance in the literature on how to integrate interdependence

in health outcomes and preferences between members of a dyad. Therefore, it is nec-

essary to revise the conceptualization of dyadic decision problems and the models

of preferences used to capture the value of interventions and technologies that affect

dyads.

In this chapter, I provide a framework for the specification of dyadic decision prob-

lems and propose a novel construction of a dyadic utility function that can address

the current limitations of the spillover model.

2.2 Specification of a Dyadic Decision Problem

In this section, I pay special attention to the specification of elements that may re-

quire modification in the context of dyadic decision-problems: the decision-makers
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and beneficiaries, the set of acts, and the characteristics of valuation functions needed

in a dyadic decision problem.

DECISION-MAKER(S): The decision-maker in a dyadic decision problem can be a

single entity/person (m = 1) or a group (m > 1), where m is the number of decision-

makers. The decision-maker(s) may be members of the dyad(s) themselves, but this

is not required.

BENEFICIARIES: In dyadic medical decision problems, decisions pertain to two types

of beneficiaries that are interrelated in some way relevant to the healthcare decision

of interest. In this sense, the interrelated beneficiaries conform a structured entity,

that I refer to as a "dyad". Likewise, interrelated beneficiaries may form a structured

population, referred to as a "population of dyads". For example, in a clinical set-

ting, a patient and their family caregiver can be considered a patient-caregiver dyad.

In the health-policy context, policy-makers may consider a population of patient-

caregiver dyads as the beneficiaries.

SET OF ACTS: The set of acts, (A), can be finite or infinitely large and has to

• have at least two acts,

• and include the "do nothing" Act

A may include acts that impact both members of the dyad(s) directly and/or indi-

rectly. For example, consider an act a and outcomes Y1 and Y2, indexed for each

member of the dyad. In the first case, a affects Y1 and Y2 directly, e.g., a improves

patient survival and provides direct support for care-giving duties through differ-

ent mechanisms. In the second case, an act may impact directly one member (e.g.

improve patient’s mobility) and through that effect impact indirectly the other mem-

ber (e.g. better patient mobility requires less care-giving hours). It is also possible to

think of other acts that may have direct and indirect effects on both members of the

dyad at the same time. These scenarios can also be constructed when thinking about

a population of dyads in a health-policy setting.

Finally, here I assume that the marginal and joint (average) treatment effects of acts

over p−dimensional outcomes have already been correctly identified from exper-

imental and / or observational studies, or obtained from evidence synthesis and

meta-analytic studies (Kennedy, Kangovi, and Mitra, 2019; Ding, Feller, and Mira-

trix, 2019).
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VALUATION FUNCTIONS: A valuation function is a numerical representation of the

preferences of decision-makers over elements of A or the consequences attached to

those acts. In this sense, valuation functions returns a one-dimensional numerical

value for each of the p-dimensional consequences attached to each act. Consider a

finite set C, where an element c of this set represents the p-dimensional consequences

attached to a specific act a ∈ A. I only consider valuation functions that are specified

as scalar functions, i.e. that aggregate the p-dimensional consequences into a single

dimension. I also consider that each element in C is decision-relevant for at least one

member of the dyad.

We can distinguish between three types of valuation functions (Abbas, 2018a):

• Preference functions (P : C → N, or P : C → R)2: These functions represent a

numerical rank over elements in C. The ranks represent a weak order over the

elements in C. This ordinal representation is unique up to monotone transfor-

mations.

• Value functions (V : C → R): These functions return numerical values defined

on an interval or absolute scale over elements in C. In addition to representing

a weak order over the elements in C, the numerical representations on an in-

terval or absolute scale allow for operations of distance or difference between

two numerical values assigned to a pair of elements in C, this difference is

interpreted as the magnitude of the difference in preferences over the pair. If

defined on an interval scale the numerical representation is unique up to linear

transformations, while value functions defined on an absolute scale are unique

up to identity transformations.

• von Neumann-Morgenstern Utility functions (U : C × θ → R): This numerical

representation establish a weak order over combinations of elements in C and

their respective (objective) probabilities of being realized. In this sense, the

ordering pertains to lotteries of p-dimensional consequences attached to Acts,

and the system of utilities not only considers the deterministic consequences

of the Acts but also the risk of their realization as described by a known prob-

ability measure (θ) over the consequences attached to Acts. As shown by von

Neumann-Morgenstern, the numerical representation of utilities is justified as

long as the weak order over the expected utility of the consequences of Acts

is accepted (Von Neumann and Morgenstern, 1947). In which case, numerical

2If only the ordering is important and the set of alternatives is finite, it should be enough to use the
mapping into N, however, it is also a valid and sometimes useful representation, e.g., countable sets
of alternatives, to use a mapping into R with the understanding that the numerical representation is
only meaningful at the ordinal level.
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representation of the system of utilities is unique up to linear transformations

(see Appendix A for the complete vNM axioms).

Compatibility of Valuation Functions: For compatibility, I require that the three

valuation functions (Preference, Value, and Utility) represent the same system of

ordinal preferences over consequences of Acts for a single individual. That is, if we

obtained from the same individual a preference, value, and utility function over con-

sequences attached to Acts, we must be able to obtain from either the utility or the

value function, the same system of ordinal preferences as represented by the prefer-

ence function. As an example, consider that we elicit from a single person utilities

and values (in an absolute scale) over consequences c = (c1, c2, c3) attached to three

Acts (a1, a2, a3), respectively. Suppose that the preference function over the conse-

quences represents the weak order c1 ≿ c3 ≿ c2. If the three valuation functions of

this person are compatible, then the rank transformation of the three utilities or the

three values must yield the same ordering as the preference function or any strictly

monotone transformation of the preferences over c1, c2, c3 (i.e. yield strategically

equivalent rankings):

Rank(U(c1), U(c2), U(c3)) = g(P(c1), P(c2), P(c3)) = Rank(V(c1), V(c2), V(c3))

Where Rank(.) is a function that returns the ranks over the set of utilities or values, and g(.)

is a strictly increasing transformation of the preference function over c.

2.3 Dyadic Additive Ordinal Preferences

In this section, I discuss the conditions under which a dyad can exhibit collective prefer-

ences. Consider a pair of individuals who must collectively choose elements of the set of

acts A. We can call this pair a "dyad". The acts in A have consequences that can directly or

indirectly affect the well-being of both members of the dyad, jointly or separately.

A.1 WEAK ORDER3 OVER CONSEQUENCES OF EACH MEMBER OF THE DYAD: The first as-

sumption is that each member of the dyad can assert their own preferences over decision

alternatives in A, such that the preference relation, ≿, is:

• Complete: each member can assert a complete weak order of preferences of decision

alternatives. Consider all pairs of alternatives a and b, then under completeness, I can

always assert a preference relation ≿ between the elements of the pair, such that either

alternative is preferred at least as the other, or I am indifferent between them.

a ≿ b or b ≿ a, or a ∼ b

• Transitive: Consider triplets of decision alternatives a, b, c. Transitivity means that for

all a, b, c, if I prefer a to b (a ≿ b), and b to c (b ≿ c), then by transitivity it must be that

3Also called a total preorder.
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I also prefer a to c (a ≿ c).

By assuming A.1 for each of the members in the dyad, then each member has a nu-

merical representation of their own preferences over the consequences of the deci-

sion alternatives represented by the preference functions P1(·) and P2(·) (Mas-Colell,

Whinston, Green, et al., 1995).4 We can define the preference functions as mappings

into N, however it is customary in the health economics literature to represent ordi-

nal preferences with functions that map into R. To avoid discrepancies with existing

literature, moving forward I will consider ordinal preference functions that map into

R.

P1 : C → R; s.t. a ≿1 b =⇒ P1(a) ≥ P1(b)

P2 : C → R; s.t. a ≿2 b =⇒ P2(a) ≥ P2(b)

where ≿1 denotes the preference relation from the perspective of member one, ≿2

denotes the preference relation from the perspective of member two, and P1(·), P2(·)
denote the numerical representation of preferences of the first and second members

of the dyad, respectively.

A.2 "ATTRIBUTE AWARENESS" OF MEMBERS OF THE DYAD: The next assumption

that I require is "attribute awareness", which refers to the subsets of the attributes of

the consequences of acts that are decision-relevant to each member of the dyad.

Consider two-dimensional consequences of acts that involve one attribute (Y1) di-

rectly related to the well-being of the first member of the dyad (e.g. the health status

of the first person in the dyad), and a second attribute (Y2) that is directly related to

the well- being of the second member. I consider three relevant (non-trivial) config-

urations of the individual preference functions depending on the "awareness" that

each member exhibits over the attributes of the consequences:

• symmetric awareness: If both members of the dyad are "aware" of all the at-

tributes of the consequences attached to acts in A, then the individual pref-

erence functions of the members include both Y1, and Y2 as arguments; i.e.,

P1(Y1, Y2), P2(Y1, Y2). This means that the ordering over two-dimensional con-

sequences assigned by each member of the dyad will change as the levels of Y1

or Y2 change.

4Complete and transitive preferences guarantee that P1(·) and P2(·) exist such that if a ≿ b for both
members of the dyad, then P1(a) ≥ P1(b) for person one, and P2(a) ≥ P2(b) for person two, for any
pair of alternatives a, b ∈ A
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• asymmetric awareness: If only one member of the dyad is "aware" of the at-

tributes of the consequences, then only the individual preference function of

the "aware" member must include both Y1, and Y2 as arguments; i.e., P1(Y1, Y2)

and P2(Y2) or P1(Y1) and P2(Y1, Y2).

• no awareness: If none of the members of the dyad is aware of the full set of

attributes of the consequences (i.e. the individualistic case), then their prefer-

ence functions are uni-dimensional; i.e., P1(Y1), P2(Y2). This means that nei-

ther member considers the attributes that directly affect the well-being of the

other member as decision-relevant.

If both members of the dyad have no awareness of the attributes, then it is most

likely that the dyad will not be able to decide collectively on their own, unless the

preferences of person 1 over Y1 matches the preferences of person two over Y2. In

this case, the dyad will require the participation of an external agent to decide on be-

half of them, such as the supra decision-maker (Keeney, Raiffa, and Meyer, 1993), or

would require an agreement of concession between them such that one member of

the dyad makes decisions on behalf of both of them. When each member of the dyad

ranks consequences based on attributes that directly affects them, are also referred

to as purely "individualistic" preferences, something assumed in the development

of the impossibility theorem (Arrow, 1950).

Assessing Awareness: A simple test on each member of the dyad can confirm whether

members of the dyad consider the attribute of the other member as decision relevant.

Suppose consequences are described by levels of the pair (Y1, Y2). And for illustra-

tive purposes, suppose that Y1 is my own health status, and Y2 is the health status

of my partner. If I am not aware of my partner’s health status as decision relevant,

then my ordinal preferences over (Y1, Y2) must satisfy that I am indifferent between

consequences that change my partner’s health status but leave my own health status

unchanged. This means that from the perspective of the first member, I am indiffer-

ent between a fixed level Y1 = y1 and all possible combinations of Y1 = y1 and any

level of Y2,i.e.:

(Y1 = y1, Y2 = yi) ∼1 (Y1 = y1, Y2 = yj) ∀j

where ∼1 denotes that the preference relation is from the perspective of the first

member of the dyad. Likewise, from the perspective of the second member of the

dyad, we have the following.

(Y1 = yi, Y2 = y2) ∼2 (Y1 = yj, Y2 = y2) ∀j
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In economics, the notion of "awareness" has also been described as "altruism" (Becker,

1991; Browning and Chiappori, 1998; Basu and Meltzer, 2005); in other contexts, like

game theory, the inclusion of another player’s "payoffs" into one’s own preferences

could be described as a "strategic" player (Von Neumann and Morgenstern, 1947;

Nash, 1953).

For the remainder of the chapter I will only focus on the "symmetric awareness"

case and will leave the development of a dyadic utility function under "asymmetric

awareness" as a key avenue to be developed in the future. To be clear, asymmetric

awareness might be very relevant in situations when one member of the dyad can-

not formulate their own preferences; e.g., due to illness that affects their cognitive

capacity; but in turn the other member is able to assert their own preferences over

both attributes, but possibly with some error.

A.3 ORDERING AGREEMENT BETWEEN MEMBERS OF THE DYAD: Given A1- A2, I re-

quire that members of the dyad agree on the preference ordering of the two-attribute

consequences. This means that P1(Y1, Y2) and P2(Y1, Y2) represent the same weak or-

der over the two-attributes consequences, i.e., ≿1≡≿2.

For all consequences (Y1, Y2) and (Y′1, Y′2) and mappings P1(·), P2(·)

(Y1, Y2) ≿ (Y′1, Y′2) =⇒ P1(Y1, Y2) ≥ P1(Y′1, Y′2); P2(Y1, Y2) ≥ P2(Y′1, Y′2)

Due to invariance to strictly increasing transformations of the numerical represen-

tations of ordinal preferences, the agreement between members of the dyad can be

represented with identical preference functions P1 and P2 or strictly increasing trans-

formations of each other. For a strictly increasing function g(·) and all consequences

(Y1, Y2) and (Y′1, Y′2), it can be shown that

P1(Y1, Y2) ≥ P1(Y′1, Y′2) =⇒ g(P1(Y1, Y2)) ≥ g(P1(Y′1, Y′2))

hence, if we define P2(·) := g(P1(·)) 5

P1(Y1, Y2) ≥ P1(Y′1, Y′2) =⇒ P2(Y1, Y2) ≥ P2(Y′1, Y′2)

Under ordinal agreement between members of the dyad, either P1(Y1, Y2) or P1(Y1, Y2)

are equivalent representations of the same weak order over two-attribute conse-

quences, and we can define the dyadic ordinal preference function as:

5The equivalent logic would apply if we defined P1(·) := g(P2(·)).
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PDyad(Y1, Y1) := g(P1(Y1, Y2)) (2.2)

where g(·) is a strictly increasing function.6

A.4 ADDITIVE AND STRICTLY INCREASING PREFERENCES OVER CONSEQUENCES:

The final assumption I require pertains to the functional form of ordinal preferences

that each member has over the two-attribute consequences, and consequently of the

dyad under ordinal agreement.

If a member of the dyad can think of their own preferences over each attribute of the

consequences independently; in our example Y1 and Y2, then the preference func-

tion is said to be "separable" on each attribute, and can be specified as an additive

preference function (Abbas, 2018a). In the dyadic case, we can again think of the

symmetry of this assumption in relation to each of the members of the dyad and the

different types of configurations depending on their compliance with this assump-

tion. However, moving forward I will focus only on the case of "symmetric additive

preferences", i.e., both members of the dyad have additive preference functions over

two-attributes consequences.

Under symmetric additive preferences, the individual preference functions of each

member of the dyad over two-attributes consequences have the following additive

functional forms:

P1(Y1, Y2) = f1,1(Y1) + f1,2(Y2)

P2(Y1, Y2) = f2,1(Y1) + f2,2(Y2)

where f1,1(Y1), f1,2(Y2) are strictly increasing functions of the first member of the

dyad, and f2,1(Y1), f2,2(Y2) are strictly increasing preference functions of the second

member of the dyad, over attributes Y1 and Y2. Note that an additive structure does

not imply that one-attribute functions f1,1(Y1), f1,2(Y2), f2,1(Y1), f2,2(Y2) are strictly

increasing, this preference structure is imposed for convenience down the road at a

low-cost in certain situations. For example, if the two-attributes, Y1, Y2 are the in-

dividual health status of each member of the dyad, then the assumption that better

health status for either member of the dyad is always preferred to less is not an un-

reasonable assumption for the dyad members, especially since they have to agree to

6If we defined P1(·) := g(P2(·)) instead, we can then define PDyad(Y1, Y1) := g(P2(Y1, Y2))
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the ordering of consequences of actions characterized by their individual health sta-

tus. It is worth noting that a necessary and sufficient condition for additivity in the

two-attribute case is that the ordering over consequences complies with the "double

cancellation" property derived by Debreu (Debreu, 1960), this property can be ver-

ified eliciting preferences over a triplet of two-attribute consequences. (Appendix A)

A.4’ "AGREEMENT" UNDER ADDITIVE ORDINAL PREFERENCES: In A.3, I defined

the equivalence between preference functions based on the invariance property to

strictly increasing transformations. This was possible without saying anything about

the functional form of P1, P2,and PDyad. Under A4, I have constrained the structure

and nature of the representation of preference orderings that members of the dyad

have over two-dimensional consequences, to a sum of one-attribute preferences. Im-

posing this functional form does not change our agreement condition in A.3, i.e.,

≿1≡≿2, and the invariance property still holds since for all Y1, Y2, Y′1, Y′2

P1(Y1, Y2) = f1,1(Y1) + f1,2(Y2) ≥ P1(Y′1, Y′2) = f1,1(Y′1) + f1,2(Y′2)

=⇒ g(P1(Y1, Y2)) = g
(

f1,1(Y1)+ f1,2(Y2)
)
≥ g(P1(Y′1, Y′2)) = g

(
f1,1(Y′1)+ f1,2(Y′2)

)
Consequently, we can define in the general form the dyadic preference function as

follows:

PDyad(Y1, Y2) := m
(

P1(Y1, Y2)
)
= m

(
f1,1(Y1) + f1,2(Y2)

)
, or (2.3)

PDyad(Y1, Y2) := m
(

P2(Y1, Y2)
)
= m

(
f2,1(Y1) + f2,2(Y2)

)
(2.4)

where function m(·) is a strictly increasing function.

It is worth noting that under additive ordinal preferences it is possible to reason

about the nature of the agreement between members of the dyad in a more intuitive

way. The nature of the agreement between members of the dyad under additive or-

dinal preferences can be characterized based on the equivalent orderings expressed

by the cross-terms ( f1,2(Y2), f2,1(Y1)) and the non-cross-term ( f1,1(Y1), f2,1(Y1)) in the

preference functions of the members of the dyad.

First consider the preference function of member one of the dyad:

P1(Y1, Y2) = f1,1(Y1) + f1,2(Y2)

The cross-term term f1,2(Y2) denotes the preference function of member one over the

attribute (Y2) that is directly relevant to member two’s well-being. Likewise, if we
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look at member two’s preference function:

P2(Y1, Y2) = f2,1(Y1) + f2,2(Y2)

The cross-term f2,1(Y1) denotes the preferences function of the second member over

the attribute (Y1) which is directly related to the well-being of member one.

Recognizing the meaning of these cross-terms we can identify the source of agree-

ment between each member’s preferences by looking at the discrepancies between

the cross terms, f1,2(Y2) and f2,1(Y1) with their corresponding non-cross-terms, f2,2(Y2)

and f1,1(Y1), in the other member’s preference function:

• Mutual Agreement: Under ordinal attribute preferences, we can formulate a

stricter condition of agreement between members of the dyad such that ≿1≡≿2

over two-attribute consequences. The condition of agreement under additive

ordinal preferences requires that each member of the dyad ranks each attribute

in an equivalent way. i.e., for all Y1, Y′1, Y2, Y′2, Y1 ≿1 Y′1 =⇒ Y1 ≿2 Y′1, and

Y2 ≿1 Y′2 =⇒ Y2 ≿2 Y′2. This condition is achieved if the dyadic members if

the cross-terms in each of their individual preference functions yield equiva-

lent orderings as the corresponding non-cross-terms, i.e.:

g( f1,2(Y2)) = f2,2(Y2)

and

f2,1(Y1) = g( f1,1(Y1))

where g(·) is applied in both cases and is a strictly increasing function that is

also additive, i.e., g(·) is linear.7

If the transformation g(·) is the same function in both cases,8 It can be shown

7This assumption restricts the form of the transformation g()̇ to be linear, since we require that
g( f1,1(Y1) + f1,2(Y2)) = g( f1,1(Y1)) + g( f1,2(Y2)). It can be shown that additive monotone functions
have to be linear functions.

8This is a stricter condition than A.3, since it is required that g(·) is the same function transforming
the one-attribute preference functions f1,2(Y2), f1,1(Y1),to preserve the weak order over two-attribute
consequences. Otherwise, distinct transformations between attribute dimensions can break the ties in
the original (not transformed) rankings. For example, suppose P1(Y1) = 1, P1(Y′1) = 2, P1(Y′′1 ) = 3 and
P2(Y2) = 2, P2(Y′2) = 1, P2(Y′′2 ) = 1, in additive form P1(Y1, Y2) = 1 + 2 = 3, P1(Y′1, Y′2) = 2 + 1 = 3,
and P1(Y′′1 , Y′′2 ) = 3+ 1 = 4, where (Y′′1 , Y′′2 ) is the most preferred consequence and (Y1, Y2) ∼ (Y′1, Y′2).
Now suppose that I transform P1 by scaling this function by a constant factor c1 = 2, and transform p2
by a scaling constant c2 = 10, i.e., I use different strictly increasing transformations on the preference
functions of each attribute. After transformation, the rankings of the two-attribute consequences in
additive form yield P1(Y1, Y2) = 2 + 20 = 22, P1(Y′1, Y′2) = 4 + 20 = 24, and P1(Y′′1 , Y′′2 ) = 6 + 10 = 64,
breaking the tie between (Y1, Y2) and (Y′1, Y′2).



Chapter 2. Dyadic Decision Problems and Dyadic Valuation Functions 20

that the weak order is preserved over the two-attribute consequences, thus

complying with the agreement condition that ≿1≡≿2. This also means that the

dyad can collectively decide on the basis of either of the individual preference

functions, since for all Y1, Y′1, Y2, Y′2

f1,1(Y1) + f1,2(Y2) ≥ f1,1(Y′1) + f1,2(Y′2)

=⇒ g( f1,1(Y1)) + g( f1,2(Y2)) ≥ g( f1,1(Y′1)) + g( f1,2(Y′2))

This can be expressed in the following definition.

PDyad(Y1, Y2) := h1(Y1) + h2(Y2) (2.5)

where we defined the compositions h1 := (g ◦ f1,1); h2 := (g ◦ f1,2), function

g(·) is a positive linear function, and f1,1(Y1), f1,2(Y2) are strictly increasing

functions.9 In the most general form, we can express the dyadic additive pref-

erence function as

PDyad(Y1, Y2) := m
(

h1(Y1) + h2(Y2)
)

(2.6)

where m(·) is a strictly increasing function.

• Partial or no Agreement over attributes of consequences: It is possible that

only one member of the dyad finds an agreement over the cross-term of their

preference functions, e.g., g( f1,2(Y2)) = f2,2(Y2) but f2,1(Y1) ̸= g( f1,1(Y1)), or

that they find no agreement at all. I do not consider these cases in this study.

In summary, the sets of conditions (A.1:A.3 and A.1:A.4’) are necessary for a pref-

erence function PDyad(Y1, Y2) to numerically represent the preference orderings of

the dyad over two attribute consequences. These conditions essentially require that

members of the dyad agree on how they think about their joint outcomes so that

their preference functions represent equivalent preference relations over their joint

outcomes. In the case of additive ordinal preferences, which I imposed in A.4, the

agreement between members of the dyad can be assessed in a more intuitive way

by analyzing the equivalence of the cross-terms of the preference functions of each

member of the dyad, but it requires a stricter condition for one-attribute preferences

to be equivalent. Both types of agreement (A.3 and A.4’ ) are very strong assump-

tions since they require that ≿1 ≡ ≿2 over two-attribute consequences, and in many
9Note functions h1, h2 will also be strictly increasing functions since they are compositions of two

strictly increasing functions.
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situations this may not hold. Examples of partial or no agreement are easy to think

of and have been studied extensively, e.g. players in zero-sum situations and bar-

gaining problems may have adversarial preferences and restrictions over the set of

decision alternatives for the dyad are necessary to find agreement. However, there

are cases where mutual agreement can be a good representation of the joint prefer-

ences of the dyad. Consider again the example of two-attribute consequences de-

scribing levels of health status of each member of the dyad. If the members of the

dyad care for each other’s health status and if both members always prefer a bet-

ter health status for both of them, the agreement condition is plausible and a model

as defined in equations (2.3-2.6) would be a reasonable representation of their joint

preferences.

2.4 An Archimedean Copula Representation of the Dyadic

Utility Function

In the previous section, I developed the conditions needed to represent dyadic pref-

erences over two-attribute consequences of decision alternatives and defined the

dyadic preferences function (2.3) as an additive function with strictly increasing

preferences over each attribute. In this section, I make explicit the connection be-

tween additive ordinal preference of the dyad and the construction of an Archimedean

utility copula function to represent cardinal utilities over two-attribute consequences

under risk. I start with a discussion of the von Neumann-Morgenstern representa-

tion of utilities and the conditions necessary for a numerical representation of dyadic

utilities to exist under this representation.

VON NEUMANN-MORGENSTERN REPRESENTATION OF PREFERENCES OF THE DYAD:

In the one-person case, utilities as defined by von Neumann and Morgenstern are

numerical representations of preferences over decision alternatives under risk.

U : C ×Π→ R

where C is the set of consequences attached to decision alternatives, and Π is the set

of probabilities of consequences in C.

The collection of axioms that imply the existence of this representation encompasses

assumptions of completeness and transitivity of preferences. By definition, a dyad

with ordinal preferences denoted by PDyad(Y1, Y2), as specified in equations (2.3-2.6),
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adheres to these two axioms.

Additionally, for a numerical representation of preferences under risk to exist, the

representation of utilities of von Neuman and Morgenstern requires that the indi-

vidual be capable of stating a preference relation between combinations of conse-

quences of decision alternatives and their probabilities of realization, which we can

call lotteries. Let l ∈ L be such a lottery and L be the set of all possible lotteries of

elements of C, including degenerate lotteries that express consequences that occur

with probability π = 1.

To motivate this reasoning, consider three consequences a, b, c with strict ordering

a ≻ b ≻ c. If we accept that the individual can state a preference, ≿, between lot-

teries that involve the triplet a, b, c, we can gain more information about their pref-

erences. In particular, the comparison between the prospect of obtaining b for sure

(i.e., a degenerate lottery, lb) and a lottery that yields consequence a with probability

π, and consequence c with probability 1− π (i.e., a lottery la,c|π ), provides addi-

tional information of the excess preference of b over c (abusing notation, I call this

eb,c) to the excess preference of a over c (call it ea,c). Note that without knowing the

magnitudes of eb,c and ea,c, asserting our preference between these two lotteries pro-

vides the basis for a correspondence between the numerical value of π ∈ [0, 1] and

the notion of a ratio q of excess preferences.

Following this notion, the von Neumann-Morgenstern representation of utilities re-

quires, in addition to a weak order over consequences, that an operation be given

with the following properties:

For a ≻ b ≻ c, there exists a probability π ∈ [0, 1] such that

π a + (1− π)b ∼ c

and that the operation is linear10:

U(π a + (1− π)c) = πU(a) + (1− π)U(c)

The axioms of continuity (not shown, see 3:B.a, 3:B.d in (Von Neumann and Mor-

genstern, 1947)), guarantee that the numerical representation admits the operation

of combining consequences with probabilities and that we can numerically compare

10A linear map is additive and homogeneous of degree 1, i.e., it does not matter whether you apply
the linear operator before or after the operations of addition and scalar multiplication.
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those combinations.

A.5 AGREEMENT ABOUT PREFERENCES OVER RISKY CONSEQUENCES: When we

think about the utility representation of the preferences of the dyad, it is necessary

to assume that members of the dyad have an agreement about their preferences over

lotteries (a very strong assumption), such that for any value π ∈ [0, 1] and for any

triplet a, b, c with strict order a ≻ b ≻ c

lb ∼1 la,c|π ⇐⇒ lb ∼2 la,c|π

Since the von Neumann-Morgenstern numerical representation is unique up to posi-

tive affine transformations, we can define equivalent utility representations of mem-

bers of the dyad in the following way:

U2(Y1, Y2) := ϕ(U1(Y1, Y2)) = α + βU1(Y1, Y2)11 (2.7)

where ϕ is a positive affine transformation, α, β are scalars, and β > 0. This assump-

tion implies that the numerical representations of utilities of members of the dyad,

U1, U2, correspond to the same system of preferences over consequences of acts and

combinations of those consequences with probabilities, i.e., for all Y1, Y2, Y′1, Y′2

U1(Y1, Y2) > U1(Y′1, Y′2) =⇒ ϕ(U1(Y1, Y2)) > ϕ(U1(Y′1, Y′2)),

and for any π ∈ [0, 1]

πU1(Y1, Y2) + (1− π)U1(Y′1, Y′2) = U1(Y′′1 , Y′′2 )

=⇒ πϕ
(
U1(Y1, Y2)

)
+ (1− π)ϕ

(
U1(Y′1, Y′2)

)
= ϕ

(
U1(Y′′1 , Y′′2 )

)
To avoid confusion about this statement, it is important to discuss the implications of

the uniqueness theorem of numerical representation of utilities under risk, as proved

by von Neumann and Morgenstern. 12 The uniqueness theorem states that for any

two (one-dimensional) mappings u(b), u′(b) that preserve the weak order over the

consequences of decision alternatives (i.e., a ≿ b =⇒ u(a) ≤ u(b), and a ≿ b =⇒
u′(a) ≤ u′(b), and are linear operators in the sense of u

(
(1 − π)a + πb

)
= (1 −

π)u(a) + πu(b) and u′
(
(1− π)a + πb

)
= (1− π)u′(a) + πu′(b), for any 0 < π < 1

and any a, b, there exists a unique mapping between u(b) and u′(b) of the form:

u′(b) = w0u(b) + w1

11We could instead do the opposite and define U1(Y1, Y2) := ϕ(U2(Y1, Y2)).
12See sketch of this proof in Appendix A and the complete proof in (Von Neumann and Morgenstern,

1947).
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where w0, w1 are fixed scalars and w0 > 0.

To prove this statement, von Neumann and Morgenstern show that we can choose a

basis, i.e, a constrained mapping h(b)13, that has the same properties as u(b), u′(b),

but is constrained in the sense that it is arbitrarily normalized to a certain range, e.g.

(0, 1), such that we can express u(b), u′(b) as positive affine transformations of h(),

call these mappings ϕ1 : h→ u and ϕ2 : h→ u′, and their inverses ϕ−1
1 , ϕ−1

2 , respec-

tively. From these equivalences, the transformation u′(b) = w0u(b) + w1 is trivially

derived.14

The implication of this theorem is that any two numerical representations of the

same preferences of consequences of alternatives and combinations of those conse-

quences with their probabilities can be related via a positive affine transformation;

ϕ : u→ u′, such that u′(b) = ϕ(u(b)) = w0u(b) + w1.

At the same time, this theorem implies that if an arbitrary scale is chosen, e.g., (0, 1),

mappings from u(b), u′(b) to a representation normalized to this scale, e.g., h(),

exist and that u(b), u′(b) must be identical in this arbitrary scale. To see this, observe

that we can apply the inverse transformations ϕ−1
1 , ϕ−1

2 to u(b), u′(b), respectively,

which implies

ϕ−1
1 (u(b)) = h(b) = ϕ−1

2 (u′(b))15

The implications of this theorem in defining the uniqueness of the dyadic utility

function can be thought of in the same way

U2(Y1, Y2) = ϕ(U1(Y1, Y2)) =⇒ ϕ−1
2 (U2(Y1, Y2)) = H(Y1, Y2) = ϕ−1

1 (U1(Y1, Y2))

for any Y1, Y2, where ϕ is a positive affine transformation, and H(Y1, Y2) is a numer-

ical representation normalized to an arbitrary scale. Moving forward, I will assume

that members of the dyad have identical utility representations over a set of conse-

quences of acts and combinations of those acts with probabilities after transforma-

tion to the same arbitrary scale (0, 1).16

13The existence of such a function and uniqueness are proven in the Appendix of (Von Neumann
and Morgenstern, 1947), Lemmas A:R and A:S.

14See Appendix A.
15More detail is given in Appendix A.
16If it is the case that U1(Y1, Y2), U2(Y1, Y2) are in different scales but otherwise comply with

U2(Y1, Y2) = ϕ(U1(Y1, Y2)), we only need to find ϕ1, ϕ2, ϕ−1
1 , ϕ−1

2 to map U1(Y1, Y2), U2(Y1, Y2) to
H(Y1Y2) ∈ (0, 1).
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A DYADIC ARCHIMEDEAN UTILITY COPULA: Archimedean utility copulas are the

general class of multi-attribute utility functions17 that correspond to additive ordinal

preferences and are strictly increasing with each argument at the maximum value of

the complement attribute (Abbas and Sun, 2015a). Multiattribute utility functions

and utility copula representations are defined in Appendix A.

From Section 2.3, recall that assumptions A.1:A.4’ imply that preferences over two-

attribute consequences of members of the dyad are equivalent, i.e., ≿1≡≿2. Conse-

quently, a common preference function can numerically represent the preferences of

the dyad over consequences of acts that affect them both, that is

Pma
Dyad(Y1, Y2) = m

(
h1(Y1) + h2(Y2)

)
as defined in equation (2.6).

In this subsection, I develop the additional conditions necessary to represent dyadic

preferences under risk as an Archimedean utility copula. The derivation of an Archimedean

utility copula starting from an additive preference function can be consulted in Ab-

bas and Sun (2015).

Assuming agreement on preferences over risky consequences A.5, we can now for-

mulate the dyadic utility function as an Archimedean utility copula function UDyad(Y1, Y2)

of the form:

UDyad(Y1, Y2) = C
(
UDyad(Y1, max(Y2)), UDyad(max(Y1), Y2)

)
= ψ−1

[
ψ
(
UDyad(Y1, max(Y2))

)
ψ
(
UDyad(max(Y1), Y2)

)] (2.8)

where:

• C is a copula function C : [0, 1]2 → [0, 1], that is continuous, non-decreasing,

normalized such that C(0, 0) = 0 and C(1, 1) = 1, and satisfies the property of

positive linear transformation at a reference value of the complement attribute

(see Appendix A).

• ψ(·) is the generating function, a non-negative, continuous and strictly increas-

ing function on [0, 1], when normalized, ψ(1) = 1;

• UDyad(Y1, max(Y2)) is the upper boundary two-attribute utility function over

attribute Y1 that directly affects member one’s well-being while setting the

17Utilities as defined by von Neumann and Morgenstern.
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other attribute Y2 that affects member two at its most preferred level, i.e.,

max(Y2).

• UDyad(Y2, max(Y1)) is the upper boundary two-attribute utility function over

attribute Y2 that directly affects of member two’s well-being while setting the

other attribute Y1 that affects member one at its most preferred level, i.e., max(Y1).

GENERATING FUNCTION: Under mutual utility independence, the generator func-

tion will be the identity function, however in any other case, the generator will have

a different form.18 In the case of utility dependence we must determine the form

of ψ()̇ and fit data to its parameter(s). As shown in Abbas and Sun (2019a), a poly-

nomial generator provides an approximation that is guaranteed to match the corner

values19 of the utility surface and will get closer to the true solution as its power

increases. Moving forward, I will illustrate the construction of the dyadic utility

copula using a one-parameter polynomial generator as an example, the quadratic

generating function ρα(t) of the form:

ρα(t) = (1 + α)t− αt2, where− 1 ≤ α ≤ 1

It will be convenient for estimation to use a normalized quadratic generator. First,

define the function ψ(t) = k ρα(t) + (1 − k), where the constant k is determined

according to Equation 12 in Abbas and Sun (2019a) and must comply with k =

1− ψ(0). Rearranging, we obtain an expression for the quadratic generator ρ∗(t) in

terms of t and k as:

ρ∗(t) =
ψ(t)− (1− k)

k

=
1
k

ψ(t) + 1− (
1
k
)

Substituting ρα(t) into ψ(t), we obtain the normalized version of the quadratic gen-

erating function as:

ρ∗α(t) =
1
k

(
k
(
(1 + α)t− α(t2)

)
+ (1− k)

)
+ 1− (

1
k
)

we can verify that it is normalized since ρ∗α(t = 0) = 0; ρ∗α(t = 1) = 1. The inverse

of the normalized generator is expressed as:

18A definition of utility independence is provided in Section 2.5. and in Appendix A.
19Defined in the next section where I delineate steps for estimation of the copula model.
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ρ−1
α (s) =

s, if α = 0.
α+1−
√

(1+α)2−4 α s
2 α , otherwise.

Finally, the dyadic Archimedean utility copula with a normalized quadratic gener-

ating function has the form:

UDyad(Y1, Y2) = ρ−1
α

[
ρ∗α
(
UDyad(Y1, max(Y2))

)
ρ∗α
(
UDyad(max(Y1), Y2)

)]

=

(α + 1)−

√√√√(1 + α)2 − 4α

(
1
k

{
∏i,j∈(1,2)

i ̸=j
(k[(1 + α)UYi ,max(Yj)

− (αUYi ,max(Yj)
)2] + (1− k))

}
+ 1− 1

k

)
2α

(2.9)

where for a more compact notation I adopt UY1,max(Y2) and Umax(Y1),Y2
to denote the

boundary dyadic utility functions UDyad(Y1, max(Y2)), UDyad(max(Y2), Y2), respec-

tively.

A.5’ INTERCHANGEABILITY AT THE BOUNDARIES: Note that the above construction,

as defined in equations (2.8) and (2.9), uses the dyadic boundary utilities as inputs,

UY1,max(Y2) and Umax(Y1),Y2
, however these functions are not directly observed from

the paired data since they represent the collective utility function of the dyad. Simi-

larly to what I pointed out as a limitation in the 2-person household utility function

from Basu and Meltzer, these functions are rarely elicited and a thorough empirical

characterization can be costly and cognitively demanding for members of the dyad.

The multi-attribute utility copula formulation offers an alternative to characterize

empirically the dyadic utility function using paired data on the individual utility

function of each member of the dyad. However, this necessitates the strong as-

sumption that I postulate in A.5, in which I essentially assume that members of the

dyad have the same preferences over two-attribute consequences and their combi-

nation with probabilities. If we accept this assumption, we can express the boundary

dyadic utility functions UDyad(Y1, max(Y2)), UDyad(max(Y1), Y2) in terms of the indi-

vidual boundary utility functions of each member of the dyad, e.g. U1(Y1, max(Y2),

U2(max(Y1), Y2)), which are observable from paired data. The individual boundary

utility functions for each member of the dyad are denoted below.

• U1(Y1, max(Y2)) and U1(max(Y1), Y2) for member one; and

• U2(Y1, max(Y2)) and U2(max(Y1), Y2) for member two.

Due to invariance of utility representations under A.5 we can define the boundary

utility functions of a member of a dyad as positive affine transformations of the
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boundary utility functions of the other member. The restriction again is that the the

transformation ϕ must be the same transformation in both cases.

Under assumption A.5, we define

U2(Y1, Y2) := ϕ(U1(Y1, Y2)) = α + βU1(Y1, Y2)

and we can also define

U2(Y1, max(Y2)) := ϕ(U1(Y1, max(Y2))) = α + βU1(Y1, max(Y2));

U2(max(Y1), Y2) := ϕ(U1(max(Y1), Y2)) = α + βU1(max(Y1), Y2)

where α, β are scalars, and β > 0.

(2.10)

Consequently, under A.5, we can equate the dyadic boundary utility functions with

a linear transformation ϕ of the individual boundary functions of members of the

dyad, 20 i.e.:

UDyad(Y1, max(Y2)) = U2(Y1, max(Y2)) = α + βU1(Y1, max(Y2))

UDyad(max(Y1), Y2) = U2(max(Y1), Y2) = α + βU1(max(Y1), Y2)

where α, β are scalars, and β > 0.

(2.11)

Note that by defining U2(Y1, max(Y2)) := ϕ(U1(Y1, max(Y2))) and U2(max(Y1), Y2) :=

ϕ(U1(max(Y1), Y2)) I am anchoring the dyadic utility function to the scale of U2(·)
21. If U1(·) and U2(·) are not scaled satisfactorily, we can choose an arbitrary scale,

e.g., (0, 1), and transform U1(·) and U2(·) through ϕ−1
1 and ϕ−1

2 , in which case U1(·)
and U2(·) will become identical, as illustrated in A.5.

Moving forward, we adopt the normalization of both U1(·) and U2(·) to the scale

(0, 1), and thus should be considered identical, i.e., U1(Y1, Y2) = U2(Y1, Y2). Conse-

quently, U1(Y1, max(Y2)) and U2(Y1, max(Y2)) can be used interchangeably, as well

as U1(max(Y1), Y2) and U2(max(Y1), Y2). Hence, under normalization to a common

scale, we have
20There is no additional assumption here, since U2(Y1, Y2) = ϕ(U1(Y1, Y2)) =⇒ U2(Y1, max(Y2)) =

ϕ(U1(Y1, max(Y2))) and U2(max(Y1), Y2) = ϕ(U1(max(Y1), Y2)).
21The opposite could be done, if we defined U1(Y1, max(Y2)) := ϕ(U2(Y1, max(Y2))) and

U1(max(Y1), Y2) := ϕ(U2(max(Y1), Y2)), instead.
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UDyad(Y1, max(Y2)) = U2(Y1, max(Y2)) = U1(Y1, max(Y2))

UDyad(max(Y1), Y2) = U2(max(Y1), Y2) = U1(max(Y1), Y2)
(2.12)

Finally, if we accept that A.5 holds, and under appropriate normalization, we can

express the dyadic utility as a function of the individual boundary utility functions

U1(Y1, max(Y2)) and U2(max(Y1), Y2):

UDyad(Y1, Y2) = C
(
(U1(Y1, max(Y2))), (U2(max(Y1), Y2)

)
)

= ψ−1
[
ψ
(
(U1(Y1, max(Y2)))

)
ψ
(
(U2(max(Y1), Y2))

)] (2.13)

Assumption A.5 is important conceptually and also in practice, because in Section

2.3 I established mutual agreement conditions that guarantee that each person pro-

vides equivalent rankings over the attributes; however, the vNM utility represen-

tations also provide information about preference over risky consequences. Oth-

erwise, the members of the dyad can have agreement over the ordinal rankings of

consequences but disagreement over their preferences between risky consequences.

Furthermore, identifying the dyadic utility function in terms of individual boundary

utility functions of members of the dyad, under A.5, and the copula function allows

us to characterize the dyadic utility empirically from paired data and potentially re-

duce the cost and burden of elicitation. This step is presented in the next section of

this chapter, where I provide guidance on how to fit a dyadic Archimedean utility

copula from paired data.

2.5 Estimation of UDyad() from paired data:

Having identified the dyadic Archimedean utility copula as a function of the indi-

vidual upper boundary utilities under the very strict assumption of interchangeabil-

ity at the boundaries, I turn to describe the steps necessary to estimate an Archimedean

utility copula from data on the paired utilities of a homogeneous population of

dyads. By "homogeneous," I mean that the dyads are assumed to be representa-

tive of an archetypical profile of preferences over consequences.

Archimedean utility copulas relax attribute dominance (AD) and mutual utility in-

dependence (MUI); I provide a brief description of these assumptions below, but

encourage the reader to refer to the original sources in citation for a complete expo-

sition of these concepts.
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• ATTRIBUTE DOMINANCE (Abbas and Howard, 2005): For utility functions that

are also strictly increasing with each attribute except at the minimum bound-

ary values U(Y1, min(Y2)) and U(min(Y1), Y2), the attribute dominance as-

sumption means that if either Y1 or Y2 are at their minimum values, the two-

attribute utility function is zero. We can express this via the 2-attribute utility

function as: U(min(Y1), Y2) = U(Y1, min(Y2)) = 0. (see Appendix A)

• MUTUAL UTILITY INDEPENDENCE (Keeney, Raiffa, and Meyer, 1993): If one

attribute Y1 is utility-independent of another attribute Y2, the decision-maker

can declare preferences over lotteries that involve attribute Y1 without con-

sideration of the level of attribute Y2. This also means that the value of the

conditional preferences over Lotteries of Y1 conditional on a reference value of

Y2, e.g., max(Y2), does not change as we vary the reference value of Y2, i.e, for a

given realization of Y1 = y1, the conditional utilities are equivalent regardless

of which reference value we condition on U(Y1 = y1 | max(Y2))) = U(Y1 =

y1 | min(Y2)). Mutual utility-independence is the special case when Y1 is util-

ity independent of Y2 and Y2 is also utility independent of Y1. This means that

the decision-maker can declare preferences over lotteries that involve attribute

Y1 without consideration of the level of attribute Y2 and vice-versa. (Appendix

A)

Depending on which set of assumptions we are working with, we will require differ-

ent estimation targets. The next subsections explain how under these assumptions

the estimation from data is simplified and propose alternatives for estimation when

these assumptions are relaxed. First, I describe the process of estimating the upper

boundary utility curves from paired data, secondly I discuss the difficulties of esti-

mating corner values of the dyadic utility function, and finally, I propose alternatives

for estimating the parameters of the polynomial generating function.

2.5.1 Estimation of Upper Boundary Utilities:

Since all preference profiles (based on AD and MUI) require the estimation of the

upper boundary utilities, I first describe potential approaches to estimate these func-

tions from paired data of the outcomes and the associated upper boundary utilities

of the dyads.

The upper boundary utility functions of a two-attribute Archimedean utility copula

can be represented in terms of conditional utility functions and the corner values

(Abbas, 2018a). This is possible due to the definition of conditional utility which

establishes the following equivalences:
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U1(Y1 | max(Y2)) =
U1(Y1, max(Y2))−U1(min(Y1), max(Y2))

U1(max(Y1), max(Y2))−U1(min(Y1), max(Y2))
(2.14)

U2(Y2 | max(Y1)) =
U2(max(Y1), Y2)−U2(max(Y1), min(Y2))

U2(max(Y1), max(Y2))−U2(max(Y1), min(Y2))
(2.15)

The definition relates the upper boundary utility curves and the conditional utility

curves when one of the attributes is set at its maximum value. This is convenient be-

cause the conditional utility curves at the upper boundaries are directly observable

from paired data.

Upper Boundary Curves under Attribute Dominance:

When the two-attribute utility function is an attribute dominance utility function,

then we can estimate the upper boundary utility functions using only the observed

conditional utilities of each member of the dyad when the other member is set at

its maximum (at the upper boundary). If the attribute dominance dyadic utility

function is normalized to a range [0, 1], the terms:

U1(min(Y1), max(Y2)) = 0; U1(max(Y1), max(Y2)) = 1

and equation (2.14) simplifies to:

U1(Y1 | max(Y2)) = U1(Y1, max(Y2)) (2.16)

Likewise, under AD, since the terms:

U2(max(Y1), min(Y2)) = 0; U1(max(Y1), max(Y2)) = 1,

equation (2.15) simplifies to:

U2(Y2 | max(Y1)) = U2(max(Y1), Y2) (2.17)

This result facilitates estimation considerably in the attribute dominance case, since

we only need to estimate U1(Y1 | max(Y2)) and U2(Y2 | max(Y1)), which can be done

from the paired data directly by conditioning on the other member’s attribute at its

maximum. Below I illustrate parametric and non-parametric approaches for doing

so.

• Parametric estimation of upper boundary curves: In general, the paramet-

ric models must be constrained to families of strictly increasing functions. As

an example, suppose that we have good domain knowledge of the decision

problem and the preferences of members of the dyad and we know that the



Chapter 2. Dyadic Decision Problems and Dyadic Valuation Functions 32

underlying true preferences follow exponential functions. Then, we can fit the

paired data to the parameters of the exponential boundary curves θ1, θ2.

The estimation approach I adopt here is via nonlinear least squares in which

we have nonlinear functions U1(Y1 | max(Y2)) and U2(Y1 | max(Y2)), and

the optimization problem consists of minimizing the sum of squared residuals

subject to the constraint on θ1 or θ2.Let UUB
1,i denote the ith observation of con-

ditional utilities of member one when setting member two’s utility at its upper

boundary. Similarly, UUB
2,i denotes the ith observation of conditional utilities of

member two when setting member one’s utility at its upper boundary, then

the two optimization problems we need to solve are:

arg min
θ1∈Θ

[ n

∑
i

L
(
UUB

1,i , f (Y1, θ1)
)]

(2.18)

and

arg min
θ2∈Θ

[ n

∑
i

L
(
UUB

2,i , f (Y2, θ2)
)]

(2.19)

where L
(
UUB

i , f (Yi, θi)
))

is a loss function, f (Yi, θi)
)

are the predictions of the

parametric models, and Θ is the space of possible parameter values. In our

example, f (Y1, θ1) = 1 − exp−θ1Y1,i , f (Y2, θ2) = 1 − exp−θ2Y2,i , Θ ⊆ R+, and

L
(
UUB

i , f (Yi, θi)
)

is a quadratic loss function.

• Non-parametric estimation of upper boundary curves: As exploratory or as

a final model; monotonically constrained smoothing splines are another ap-

proach for approximating the two upper boundary utility functions. Here I

follow the monotone smoothing spline approach, where in the objective func-

tion a penalty term is included and is parameterized with a "smoothness" pa-

rameter λ. This type of optimization problems are often referred to as "regu-

larization problems". In our example, if we follow this approach we would in

general try to solve the minimization problems :

arg min
f∈H

[ n

∑
i

L
(
UUB

1,i , f (Y1)
)
+ λJ( f )

]
(2.20)
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and

arg min
f∈H

[ n

∑
i

L
(
UUB

2,i , f (Y2)
)
+ λJ( f )

]
(2.21)

where L
(
UUB

i , f (Yi)
)

is a loss function (for example, quadratic loss is used in

the parametric approach above), J( f ) is a penalty functional and H is a space

of functions on which J( f ) is defined (Hastie, Tibshirani, and Friedman, 2009).

For details on the specification of f (Y), and the penalty on the first and sec-

ond derivatives of f () (through J( f )) to guarantee a monotonically increasing

function, it is recommended to consult Ramsay 1998 (Ramsay, 1998a). Finally,

the "smoothing" parameter λ can be determined via cross-validation by appro-

priately splitting the data into "training" and "test" subsets.

Upper Boundary Curves under No Attribute Dominance:

When the dyadic utility function does not exhibit attribute dominance, we require

knowledge of the corner values of the utility surface to obtain the complete upper

boundary curves, in addition to the conditional utility functions at the upper bound-

aries. From the definition of conditional utility, we see that without attribute dom-

inance, equations (2.14) and (2.15) do not simplify, and the upper boundary utility

functions are linear combinations of the conditional utility functions multiplied by

scalar coefficients that are functions of the corresponding corner values:

U1(Y1, max(Y2)) = U1(min(Y1), max(Y2))

+
(
1−U1(min(Y1), max(Y2))

)
∗U1(Y1 | max(Y2))

= k1,Y2 + (1− k1,Y2) ∗U1(Y1 | max(Y2))

(2.22)

and

U2(max(Y1), Y2) = U2(max(Y1), min(Y2))

+
(
1−U2(max(Y1), min(Y2))

)
∗U2(Y2 | max(Y1))

= k2,Y1 + (1− k2,Y1) ∗U2(Y2 | max(Y1))

(2.23)

Where k1,Y2 = U1(min(Y1), max(Y2)) is the corner value at the upper boundary of

member’s two health status; k2,Y1 = U2(max(Y1), min(Y2)) is the corner value at the
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upper boundary of member’s one health status. To preserve strictly increasing up-

per boundary functions, k1,Y2 ,k2,Y1 ∈ [0, 1).

Unlike the upper boundary conditional utility functions, corner values are not di-

rectly observed from paired data. I propose two ways to approximate the corner

values k1,Y2 , k2,Y1 , the first approach relies on direct elicitation of the corner values,

and the second approach relies on the paired data of the dyads or expert opinion.

• Direct elicitation of corner values:

Under the conditions of interchangeability of the upper boundary utilities,

we can assess the corner values by eliciting one utility assessment from each

member of the dyad. Utility assessments must be designed to obtain from

each member of the dyad the indifference probability p of obtaining for cer-

tain the two-dimensional consequence (min(Y1), max(Y2)) for member one or

(max(Y1), min(Y2)) for member two, or entering a lottery that yields with prob-

ability p the most preferred two-dimensional consequence (max(Y1), max(Y2))

or the least preferred consequence (min(Y1), min(Y2)) with probability (1− p).

This is illustrated in the indifference assessments shown in Figures 2.1 and 2.2:

FIGURE 2.1: Indifference assessment Corner Value from member one
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FIGURE 2.2: Indifference assessment of Corner Value from member
two

• Approximation of corner values using paired data

In practice, if the analyst relies only on the paired data already collected, it is

not possible to observe the corner values k1,Y2 , k2,Y1 . An approach to approxi-

mate these points on the surface is to rely on the observed minimum values of

the conditional utility assessments and scale the normalized conditional utility

functions using these estimates, following equations (2.22) and (2.23). How-

ever, this relies on the quality of the sample that is used, since it is uncertain

what is the true minimum of the upper boundary curve, and a small sample

may not include dyads where the true minima of these functions are observed.

• Approximation of corner values using expert opinion

Alternatively or additionally, expert opinion can be leveraged to obtain a rea-

sonable range of values for the corner values and perform sensitivity analysis

over these ranges. It is important to acknowledge the interpretation of the

corner values in order to leverage expert opinion. The corner value k1,Y2 =

U1(min(Y1), max(Y2)) represents the utility assessment of member one over

the two-dimensional consequence (min(Y1), max(Y2)), where the consequence

directly related to member two (e.g., member two health status) is fixed at its

most preferred value (e.g., perfect health) and the consequence directly related

to member one is fixed at its least preferred value (e.g., death).

Fixing the corner value to zero, k1,Y2 = 0, would be equivalent to an attribute

dominance utility profile, an extreme scenario where if one member of the

dyad experiences their least preferred outcome (i.e., min(Y1)) then the dyad

collectively would also experience this outcome as the least preferred out-

comes even if the other member is currently experiencing the most preferred
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outcome (i.e., max(Y2)). In the example using health states, attribute domi-

nance would imply that the dyad is indifferent between both members dying

or if either member dies. Although possible, it would be hard and possibly un-

ethical to work with such a system of preferences and utilities in a healthcare

setting, since it would disregard any potential gains or harms that a member

of the dyad would experience after the death of the other member.

The other extreme case would be for the corner value to be very close to one, i.e.

k1,Y2 ≈ 1. Technically, the corner values cannot be one, because upper bound-

ary utility functions have to be strictly increasing functions, and setting the

corner value to one would make an upper boundary utility function a constant

function. However, setting the corner value very close to one would represent

another extreme utility profile of the dyad. In the example with health status

of members of the dyad, if k1,Y2 ≈ 1, the utility assigned to the outcome where

member one dies and member two experiences their most preferred outcome

would be very close to the utility assigned by the dyad to the most preferred

outcome overall ((max(Y1), max(Y2))). In practice, neither scenario may be

useful in healthcare settings where dyadic relationships are of interest. This

highlights the importance of identifying a likely range of the corner values for

each member of the dyad when representing a dyadic system of utilities and

quantifying via sensitivity analysis the change in dyadic utilities as we vary

the corner values over the identified likely ranges.

Finally, in specific contexts it might be reasonable to fix a certain value for

the corner values of the members of the dyad based on specific constraints.

For example, consider the case of a dyad conformed by a patient living with

a chronic disease and a caregiver. Through the progression of the disease, the

health-related quality of life of the patient will deteriorate progressively and, in

some cases, the deterioration will reach a point where at-home or community-

based care will not be sufficient to meet their care needs and the patient will

need institutionalized care. This could happen regardless of how healthy the

caregiver is. Taking this into account, we could anchor the corner value of a

patient living with a chronic disease to the level of quality of life that if this

person goes below, they would switch to institutionalized care, instead of con-

sidering death as the least preferred outcome. This would make sense because

below this value, the system of dyadic preferences will be distorted completely

by the change of setting of care and will require a new complete assessment of

the profile of preferences of each member of the dyad or a departure from a

dyadic approach.



Chapter 2. Dyadic Decision Problems and Dyadic Valuation Functions 37

2.5.2 Estimation of the Polynomial Generating Function

When there is no mutual utility independence, it is necessary to estimate the pa-

rameters of the generating function (e.g., α for the quadratic generating function) in

addition to the upper boundary utility curves. Here, I only consider the normalized

quadratic generating function to illustrate this procedure.

The scalar parameter α of the quadratic generating function can be obtained by elicit-

ing at least one additional point on the two-attribute utility surface (Abbas and Sun,

2019a). This can be done by interrogating the dyad members jointly. This means that

we would require an additional utility assessment of the dyad, which might not be

available to the researcher.

Another alternative would be to use the information on the lower boundary curves

UDyad(Y1, min(Y2)) or UDyad(min(Y1), Y2); or at any other curve at a reference value

of the complementary attribute for which data are available,i.e.: identify from paired

data UDyad(Y1, λ(Y2)), where λ(.) is a function that returns attribute Y2 at a reference

value in the range of Y2, for example λ(Y2) = min(Y2), and where λ(Y) ̸= max(Y).

Under this approach, the steps for estimating the polynomial generator would be :

1. Estimate upper boundary utility functions UDyad(Y1, max(Y2)), UDyad(max(Y1), Y2),

using equations (1.18) and (1.19) in the parametric case, and equations (1.20)

and (1.21) if using flexible parametric models.

2. Estimate at least one reference utility function UDyad(Y1, λ(Y2)) or UDyad(λ(Y1), Y2) :

• Case 1- Attribute Dominance: If there is attribute dominance, when either

attribute is set to its minimum, the dyadic utility function is set to zero;

i.e. U1(Y1, min(Y2)) = 0, U2(min(Y1), Y2) = 0. Instead, we need to condi-

tion at another reference value, for example very close to the minimum of

the other member’s utility, i.e., U1(Y1 | λ(Y2)) = U1(Y1 | min(Y2) + ϵ) or

U2(Y2 | λ(Y1)) = U2(Y2 | min(Y1) + ϵ), where ϵ is a very small value.

To obtain the dyadic utility reference curve UDyad(Y1, λ(Y2)) I follow the

definition of conditional utility, and I illustrate this step for U1(Y1 | λ(Y2)):

U1(Y1 | λ(Y2)) =
U1(Y1, λ(Y2))−U1(min(Y1), λ(Y2))

U1(max(Y1), λ(Y2))−U1(min(Y1), λ(Y2))
(2.24)

In the AD case, the term U1(min(Y1), λ(Y2)) = 0, so the expression for the

dyadic utility curve at the reference value is:
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U1(max(Y1), λ(Y2)) ∗U1(Y1 | λ(Y2)) = U1(Y1, λ(Y2)) (2.25)

Following the same logic, we obtain the expression for U2(Y1, λ(Y1)) as:

U2(λ(Y1), max(Y2)) ∗U2(Y2 | λ(Y1)) = U2(λ(Y1), Y2) (2.26)

• Case 2 - No Attribute Dominance: In the no AD case, it is convenient to

define λ(Y) := min(Y) to simplify the expression for the dyadic utility

reference curve, i.e., the lower boundary utility curves. Again, using the

definition of conditional utility we can obtain the dyadic reference curves

as follows:

U1(Y1 | λ(Y2)) = U1(Y1 | min(Y2))

=
U1(Y1, min(Y2))−U1(min(Y1), min(Y2))

U1(max(Y1), min(Y2))−U1(min(Y1), min(Y2))

(2.27)

Since U1(min(Y1), min(Y2)) = 0, we can obtain the expression for the

dyadic lower boundary utility curve U1(Y1, min(Y2)) as:

k2,Y1 ∗U1(Y1 | min(Y2)) = U1(Y1, min(Y2)) (2.28)

using the same logic, we obtain the dyadic lower boundary utility curve

U2(Y2, min(Y1)) as:

k1,Y2 ∗U2(Y2 | min(Y1)) = U2(min(Y1), Y2) (2.29)

Although we could use any reference utility curve as in the AD case, us-

ing the minimum of the complementary attribute offers an advantage be-

cause the expression for U1(Y1, λ(Y2)) in terms of the conditional util-

ity simplifies when λ(Y) = min(Y), since U1(min(Y1), min(Y2)) = 0 in

equation 2.27. In the case without AD, when λ(Y) ̸= min(Y), the term

U1(min(Y1), λ(Y2)) ̸= 0 and has to be elicited directly from the dyad, in

addition to the two corner values.

3. Finally, fit the data from the observed U1(Y1, λ(Y2)) and U2(λ(Y1), Y2, ) to the

parameter of the polynomial generator by solving the following minimization

problem:
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arg min
α∈[−1,1]

[ nλ

∑
i

(
Uλ

1,i − Ûλ
1,i(ÛY1,max(Y2), Ûmax(Y1),Y2

, α)
)2
]

(2.30)

where the superscript (λ), denotes "at the reference value", Uλ
1,i denotes the

ith normalized observation of the dyadic utility at the reference value of one

attribute, and Ûλ
1,i(·) denotes the ith prediction of the dyadic utility at the refer-

ence value of one attribute from the Archimedean copula model that uses the

estimates of the upper boundary utility curves ÛY1,max(Y2) and Ûmax(Y1),Y2
and

the quadratic generator with parameter α.

Finally, in Table 2.122 I summarize the different estimation targets needed depending

on the preference profiles described by the assumptions made for AD and MUI.

Dyadic
Preference

Profile

Upper Boundary
Utilities

Corner Values Polynomial
Generator

AD, MUI yes no identity
AD, No MUI yes no yes
No AD, MUI yes yes identity

No AD, No MUI yes yes yes

TABLE 2.1: Estimation Targets for each Preference Profile under the
Archimedean Utility Copula Model with Polynomial Generator

2.6 Example via Simulation

DATA GENERATING PROCESS:

To illustrate the estimation steps, I rely on a simulation framework to represent a

data generating process that yields two-attribute consequences of acts, and where

the two attributes of consequences are possibly correlated. To further simplify this

illustrative data set, I assume that the attributes Y1; Y2 refer to a hypothetical overall

health-status measurements of each member of the dyad.

a. Correlated Two-attribute Consequences:

22Upper boundary utilities as defined in Section 2.51, corner values as defined in equations (2.22)
and (2.23), polynomial generator as defined in equation (2.8), AD: attribute dominance, MUI: mutual
utility independence.
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To simulate the consequences of two attributes, I use a truncated bivariate normal

distribution with lower bounds (0, 0) and upper bounds (25, 25).[
Y1

Y2

]
∼ Truncated Bivariate Normal

(
µ⃗ =

[
µ1

µ2

]
, Σ =

[
1 ρ

ρ 1

] )

where the individual means are: µ1 = 12.5; µ2 = 12.5, and correlation ρ = 0.4.

Figure 2.3 shows the paired data on these two attributes for a simulated population

of N = 300 dyads.

FIGURE 2.3: Two Positively Correlated Attributes

b. Regions of Best and Worst Health-status

Furthermore, since health-status measurements are simulated as continuous vari-

ables, it is necessary to discretize a subset of this domain and define regions of being

at "best health-status" and "worse health status". This is because when we try to

estimate the boundary utility functions, if we condition on the maximum value of

one attribute we may not have enough data points to estimate the upper bound-

ary curve. In this example I define the threshold of "best health status" to be above

τmax = 20 and the threshold of "worst health status" to be below τmin = 5 (shown as

blue lines in Figure 2.3). In Figure 2.3, the regions of "best health status" are shown

above and to the right of the red lines, and regions of "worst health status" are shown
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as below and to the left of the blue lines.

c. True Upper Boundary Utilities:

For a population of dyads with homogeneous preference profiles, each type of mem-

ber within the dyads follows the same individual preference profile; i.e., each member-

one in the dyads follows the same preference profile at the upper boundary of the

health status of member two ,U1(Y1, max(Y2)), and each member-two in the dyads

follows the same preference profile at the boundary of the health status of member

one, U2(max(Y1), Y2). With this approach I do not consider potential heterogeneity

in preferences between dyads. The analyst who wishes to employ these procedures

must take the necessary steps to ensure that the sample of dyads with which they

are working can be considered homogeneous in their preferences.

Both types of members follow exponential utility functions but with different risk

aversion parameters γ1; γ2. This means that in this example I am assuming constant

risk aversion for each member, but different risk aversion.

U1(Y1, max(Y2)) = 1− e−γ1Y1

U2(max(Y1), Y2) = 1− e−γ2Y2

where γ1 = 0.15; γ2 = 0.35.

The choice of parametric function is for illustrative purposes only and as a "ground

truth" to compare the estimation procedures. In general, any continuous, bounded,

strictly increasing function could be considered.

I consider the scenario of attribute dominance and also a scenario without attribute

dominance. Figure 2.4 shows the two upper boundary curves that follow exponen-

tial utility models for attribute dominance (left) and no attribute dominance (right).

ESTIMATION OF NOISY BOUNDARY UTILITY CURVES

To induce measurement error in the utility measurements at the boundaries I trans-

form the utility values at the boundaries by adding a Gaussian error term (ϵ ∼
N(mean = 0, sd = 0.25)) on both boundary curves. With the transformed data I

show how to estimate noisy measurement of the utilities at the boundaries with a



Chapter 2. Dyadic Decision Problems and Dyadic Valuation Functions 42

FIGURE 2.4: True Boundary Utility Curves with Attribute Dominance
(left) and No Attribute Dominance (right)

parametric and non-parametric approach.

First, to estimate the upper boundary curves with the parametric approach I follow

the optimization problems as proposed in equations (2.18) and (2.19), and fit the

noisy data to the parameters γ1; γ2, however for the parametric case I only show

this procedure for the Attribute Dominance scenario. I obtain the solution to the

least squares problems using the "nls" function in the R statistical software and ob-

tain estimates of the parameters: γ̂1 = 0.149; sd1 = 0.008 ; γ̂2 = 0.31, sd2 = 0.02.

Figure 2.5 shows the predicted upper utility curves in the attributed dominance case

that result from fitting the noisy data at the boundaries to the parameters of the ex-

ponential functions under attribute dominance.

FIGURE 2.5: Fitted Upper Boundary Utilities to Parametric Model,
Attribute Dominance

Second, in the no attribute dominance case, we need to estimate or fix the corner

values of the utility surface. In this illustration I simplify this step by assuming that



Chapter 2. Dyadic Decision Problems and Dyadic Valuation Functions 43

we have enough domain expertise or we elicited directly the corner values from the

members of the dyad to set these values to kY1 = 0.4 and kY2 = 0.25. Then, we can

approximate the solution to equations (2.20) and (2.21). I fit the noisy data at the

boundaries to monotonically constrained smoothing splines and obtain approxima-

tions to the upper boundary utility functions as shown in Figure 2.6. For both upper

boundary curves the specification of the spline included 8 knots and the smoothing

parameter was set to λ = 3. No cross-validation to determine λ was done for this

example.

FIGURE 2.6: Fitted Upper Boundary Utilities to Smoothing Spline
Model, No Attribute Dominance

ESTIMATION OF THE QUADRATIC GENERATOR

Finally, the last step is to estimate the generator of the copula. There is little guid-

ance on how to approach this problem in practice. We can interrogate the dyad and

assess a couple of points on the surface of the dyadic utility function and substitute

them to determine α, however if we only have access to collected paired utilities of

each member this approach is not feasible. A heuristic approach in the case of the

Archimedean copula would rely on the empirical rank-correlation (Kendall’s τ) of

the marginal utility vectors of each member of the dyad and use it as an approxi-

mation for the parameter of the quadratic generator. Figure 2.7 shows the obtained

utility surface in the attribute dominance case, using this heuristic.

Similarly, Figure 2.8 shows the utility surface in the case without attribute domi-

nance and setting the parameter of the generator function to the observed correla-

tion. The corner values k1,Y2 and k2,Y1 are highlighted in red.

Alternatively, we can leverage the observed utilities at the lower boundaries, i.e.,

in the regions I defined as "worst health-status" shown in Figure 2.3. Solving the
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FIGURE 2.7: Dyadic Utility Surface, Attribute Dominance

FIGURE 2.8: Dyadic Utility Surface, No Attribute Dominance

minimization problem in equation 2.30, the optimal value of alpha that minimizes

the quadratic loss to the observed lower boundary curve is alpha∗ = 0.71 and

yields a quadratic loss of SSEalpha∗ = 0.079. In contrast, using the rank correlation

α = τ = 0.5 yields a quadratic loss of SSE = 0.237.

In Figure 2.9, I contrast visually both surfaces, to illustrate the improved fit after cal-

ibrating the dyadic utility surface to the observed lower boundary dyadic utilities

following equation 2.30. The red surface represents the dyadic utilities estimated by

setting α = τ, and the blue surface represents the dyadic utilities by setting α to the

optimal value, α = α∗. Black dots represent the simulated theoretical values of the

lower boundary utility curve. The comparison shows that the improvement in the

fit of the surface occurs mainly at the lower values of the dyadic utilities. Further

validation of this approach is left as an important avenue to explore in future work.
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FIGURE 2.9: Fitting Lower Boundary Curve to Quadratic Generator,
No Attribute Dominance

2.7 Conclusion

In this chapter, I first define decision problems in which I consider a structured entity

conformed by two beneficiaries that I refer to as a dyad or a population of dyads. In

contrast to the predominant theories of choice, in which members of the dyad must

choose over acts (i.e., decision alternatives) individualistically without considering

consequences that may affect the other member of the dyad, I propose a collective

decision rule under which the dyad can decide collectively over acts that may affect

them both. Importantly, I develop conditions under which the proposed decision

rule preserves a weak order over the set of possible acts (complete and transitiv-

ity preferences) and conditions under which both members of the dyad can agree

on a unique preferred choice over acts (symmetric awareness, additive ordinal pref-

erences, and mutual agreement). The resulting dyadic ordinal preference function

under these conditions is presented in a well-known functional form (additive ordi-

nal preferences) and is leveraged as the foundation for the construction of a dyadic

utility function under which the dyad can decide over acts with risky consequences,

i.e., acts whose consequences can occur as described by a known probability mea-

sure.
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Secondly, I use the most general form of utility functions over risky consequences

that correspond to additive ordinal preferences and are strictly increasing with each

attribute when the complementary attribute is fixed at the maximum value (Archimedean

utility copula function) to represent the dyadic utilities, and illustrate the flexibility

that this form offers in terms of representing a wide range of utility profiles for the

dyad. These profiles may include cases where there is utility dependence and/or

attribute dominance, as well as their their antithetical cases; thus providing a useful

representation of utility profiles of dyads in diverse settings in healthcare and med-

ical decisions.

Finally, via simulation of paired consequences, I illustrate different approaches for

estimating the dyadic Archimedean utility copula assuming different utility profiles

of the dyad and define the additional assumptions that are required in order to do

the estimation using paired data, direct utility elicitation, or expert judgement.

The proposed dyadic Archimedean copula is an important contribution, since it

extends the spillover framework by explicitly acknowledging the potential depen-

dence between the utility valuations of the members of the dyad (i.e., relaxing mu-

tual utility independence). Additionally, by relaxing attribute dominance, the dyadic

Archimedean utility function offers a more principled approach to capturing the

utility of the dyad when one member experiences an extreme outcome; e.g.: when

one member in the dyad dies but we wish to asses the utility that the alive mem-

ber experiences forward. Finally, for specific dyadic utility profiles(e.g. attribute

dominance), the Archimedean copula formulation offers the option to estimate its

parameters only from previously collected paired data on the individual utilities of

the members of the dyad without relying on additional utility elicitation efforts that

involve the dyads. In these instances, our method can greatly reduce the cognitive

burden imposed on a dyad to elicit their joint utilities and can potentially reduce the

cost of such studies. Additionally, in the instances where we need to relax attribute

dominance, reduced cognitive burden and costs are still attainable at the expense

of having to make additional, and in some cases, reasonable assumptions about the

utilities of the members of the dyad at the corner values.

Finally, the dyadic Archimedean copula has important limitations. First, this ap-

proach relies on existing evidence on the ordinal preferences and utilities over health

outcomes of dyads, which is scarce. In most real-world situations there is only indi-

rect evidence (e.g., non-preference based measured of health-related quality of life)

of the dyadic preferences and utilities, as well as small samples on dyads. These

limit the researcher’s capacity to accurately and generally characterize the system of
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utilities over paired outcomes of the dyads and their capacity to validate the estima-

tion of dyadic utilities against a gold standard. Second, to verify the assumptions

imposed to guarantee a dyadic Archimedean utility copula function, the researcher

most have direct access to the dyad(s). When access to the dyad(s) is not available,

expert judgement from clinicians is needed in conjunction with the available data

on the individual utilities. When access to dyad(s) and experts is not available, the

paired data may not be sufficient to characterize the dyadic utility function. Finally,

a thorough sensitivity analysis must accompany the estimation of dyadic utilities to

quantify uncertainty over the copula parameters that are rarely reported in the lit-

erature or are cognitively demanding to assess directly from the dyads (e.g. corner

values and quadratic generator parameter).
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Chapter 3

Individual and Dyadic

Health-Related Quality of Life of

People Living with Dementia and

their Caregivers

Abstract

Background Many interventions jointly target dyads of people living with Alzheimer’s

disease and related dementias (ADRD) and their caregivers. Without a dyadic mea-

sure of health-related quality of life (HRQOL), cost-utility analyses of these interven-

tions require using the HRQOL of people with ADRD and caregivers, separately.

The objective of this study is to develop a dyadic measure of HRQOL that incor-

porates the interdependence between HRQOL of people living with ADRD and

their caregivers. First, we estimated dyadic HRQOL time trade-off-weights (TTO-

weights), a dyadic preference-based measure of HRQOL. Second, we estimated the

association between ADRD clinical features and TTO-weights. Methods We used

the Aging, Demographics, and Memory Study (ADAMS) to identify people living

with ADRD (n=308) and their caregivers (n=160 dyads) and predict their HRQOL

TTO-weights. We estimated dyadic TTO-weights using an Archimedean bivariate

utility copula with a quadratic generating function. Second, we used adjusted linear

regression to examine the association between predicted TTO-weights and ADRD

clinical features. Results Average (standard deviation) TTO-weights of people liv-

ing with ADRD and caregivers were 0.67 (0.14) and 0.83 (0.09), respectively. Average

dyadic TTO-weight was 0.75(0.05). An additional functional limitation resulted in

more than twice the decline in the TTO-weight of people living with ADRD com-

pared to an additional behavioral symptom (−0.008vs. −0.003). Behavioral symp-

toms were significantly associated with a decline in caregivers’ and dyadic TTO-

weights. Conclusions The HRQOL of people living with ADRD and their caregivers
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are correlated. The dyadic TTO-weights for people living with ADRD and their care-

givers can be used in cost-utility analyses of interventions that target dyads.

Keywords: Health-related Quality of Life; Alzheimer’s Disease and Related Demen-

tias (ADRD); Multi-attribute Utility; Copula Modeling; Dyadic Analysis; Medical

Decision Making
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3.1 Introduction

Alzheimer’s disease and related dementias (ADRD) affect 50 million people world-

wide (WHO, 2017). People living with ADRD experience declines in cognitive and

functional abilities and many exhibit behavioral symptoms (e.g., hallucinations and

wandering). Most people living with ADRD live in the community, and they receive

a large amount of care from family and friends caregivers (Friedman et al., 2015).

Randomized trials of non-pharmacologic psychosocial dyadic interventions have

demonstrated clinically and statistically significant improvement in outcomes for

people living with ADRD and their caregivers (Oliveira et al., 2015; Gitlin et al.,

2010a; NASEM, 2021a; Samus et al., 2014). The benefits of these interventions in-

clude reducing behavioral symptoms, reducing the need for assistance with func-

tional activities, reducing the risk of moving to a nursing home, and improving

health-related quality of life (HRQOL). A growing literature has also found that non-

pharmacologic dementia care interventions are cost-effective (Gitlin et al., 2010b;

Graff et al., 2008; Nickel, Barth, and Kolominsky-Rabas, 2018; Shaw et al., 2021; Van-

depitte et al., 2020).

Quality-adjusted life years (QALYs) are outcome measures used in cost-utility anal-

ysis (Wolowacz et al., 2016). QAYLs combine a preference-based measure of HRQOL

(e.g., morbidity) and mortality (e.g., remaining lifetime) on a single scale (Neumann

et al., 2016b) and are computed by multiplying each year a person is alive with the

HRQOL for those years. In this study, we focus on time trade-off (TTO)-weights as a

preference-based measure of HRQOL (Hunink et al., 2014). To obtain TTO-weights,

respondents are given two choices: 1) live their remaining life at their current level

of HRQOL, or 2) live a fraction (x) of their remaining life in perfect health (described

as a state without health problems). Respondents are asked to indicate the duration

of (x) such that they are indifferent between the two options. The value they indicate

for (x) is the TTO-weight for their current level of HRQOL (Figure B.1 and B.2 in Ap-

pendix B). TTO-weights are typically scaled to range between zero and one, where

zero is interpreted as the worst HRQOL(e.g., dead), and one is interpreted as the

best possible HRQOL (Torrance, 1970; Lugnér and Krabbe, 2020; Lipman, Brouwer,

and Attema, 2020).

Cost-utility analyses of non-pharmacologic dementia care interventions are often

conducted independently from the perspective of a person living with ADRD or

their caregiver. That is, a decision-maker separately evaluates cost-effectiveness of

interventions based on the person living with ADRD’s QALYs or caregiver’s QALYs.
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This approach ignores potential trade-offs between a person living with ADRD’s

QALYs and their caregiver’s QALYs, and does not consider the association (i.e., de-

pendence) between the HRQOL of a person living with ADRD and the HRQOL of

their caregiver (Canam and Acorn, 1999). Ignoring this association means that in-

terventions that improve HRQOL may underestimate (positive correlation between

a person with ADRD’s HRQOL and a caregiver’s HRQOL) or overestimate (nega-

tive correlation between a person with ADRD’s HRQOL and a caregiver’s HRQOL)

cost-effectiveness. Looking collectively at the person living with ADRD’s and the

caregiver’s HRQOL using a single measure that accounts for their association can

overcome these limitations and support decision-makers in evaluating interventions

that target dyads. To our knowledge, no such measure exists.

One approach to construct a dyadic measure of HRQOL is to interview each mem-

ber of a dyad about their HRQOL conditional on the other member of the dyad’s

HRQOL (Basu et al., 2010). This approach provides a complete characterization of

the HRQOL of the dyad members while accounting for their association; however,

it can be time-consuming, cognitively demanding, requires large samples, and is

costly. To our knowledge, no study has applied this approach to people living with

ADRD and their caregivers. A second approach is to obtain paired HRQOL esti-

mates for members of the dyad and combine them into a single measure. Under the

assumption that the measures of the HRQOL are independent, additively or multi-

plicatively combining them into a single measure of HRQOL is a practical approach

(Keeney, Raiffa, and Meyer, 1993). However, the assumption of independence is dif-

ficult to verify and may not be appropriate in some contexts. Alternatively, separate

estimates can be combined using mathematical methods that account for the associ-

ation between members of the dyad.

Multi-attribute utility copula (MAUC) is a flexible framework based on copula the-

ory, a statistical methodology to model dependencies between random variables

(Nelsen, 2006). In decision-making, MAUCs are used to combine and model de-

pendencies between preference-based measures (e.g., TTO-weights) (Abbas, 2009).

In particular, Archimedean MAUCs model the dependencies between preference-

based measures via a one-parameter function (Abbas and Sun, 2019b). Additionally,

Archimedean MAUCs can model non-dominated preferences, which means that a

dyadic HRQOL measure constructed via Archimedean MAUC is not zero if one

member of the dyad dies (Abbas, 2018b; Abbas and Sun, 2015b). This is necessary

to accurately assess the HRQOL over the lifetime of the members of the dyad since,

in most cases, the end of life of each member of the dyad will occur at different times.
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In this study, we use Archimedean MAUC to combine the preference-based mea-

sures of HRQOL of people living with ADRD and their caregivers. Specifically, we

construct dyadic TTO-weights that represent the fraction (xD) of remaining life years

such that the dyad is indifferent between two choices: live their remaining life years

at their current HRQOL, or live that fraction (xD) of remaining life years if they

could both live it in perfect health. To obtain the dyadic TTO-weights, we first pre-

dict TTO-weights for people living with ADRD and their caregivers separately using

previously published regression models. Then, we combine the separately obtained

TTO-weights into dyadic TTO-weights using Archimedean MAUC. Finally, via re-

gression analysis, we assess the hypothesis that the predicted individual and dyadic

TTO- weights are associated with ADRD clinical features of cognition, functional

activity limitations, and behavioral symptoms.

3.2 Methods

3.2.1 Sample and Data

We used Wave A (2000) data from the Aging, Demographics, and Memory Study

(ADAMS), which is a United States population-based survey on the factors, costs,

and outcomes associated with dementia (Langa et al., 2005). ADAMS respondents

were randomly sampled from Health and Retirement Study (HRS) participants (≥
70 years of age), which is a longitudinal nationally representative survey of older

Americans (Juster and Suzman, 1995). ADAMS respondents participated in an in-

home clinical battery, which included cognitive, physical function, behavior, and

psychological assessments. An informant also participated in the ADAMS survey

and reported whether they provided any caregiving to the respondent. Follow-

ing the in-home assessment, a neuropsychologist, neurologists, gero-psychiatrists,

and internists determined whether a respondent had dementia, cognitive impair-

ment not dementia, or normal cognitive function (Langa et al., 2005). We identified

ADAMS Wave A respondents with dementia. Of these respondents, we determined

whether the respondent’s informant identified as their caregiver based on the infor-

mant’s response to the question: “In the past month, have you provided care to your

friend or relative (. . . )”.
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3.2.2 Clinical Features and Characteristics of People living with ADRD
and Caregivers

The cognitive function of ADAMS respondents was assessed using the Mini-mental

State Exam (MMSE; scored 0-30) (Folstein, Folstein, and McHugh, 1975). We deter-

mined whether respondents reported any limitations or inability to perform 10 dif-

ferent functional activities of daily living (scored 0− 10) (Table B.1 in Appendix B)

(Mayo, 2016). The number of behavioral symptoms (0-12) exhibited by respondents

was assessed using the Neuropsychiatric Inventory Questionnaire (NPI), which con-

sists of 12 domains: 1) Delusions, 2) Hallucinations, 3) Agitation/Aggression, 4)

Depression/Dysphoria, 5) Anxiety, 6) Elation/Euphoria, 7) Apathy/Indifference, 8)

Disinhibition, 9) Irritability/Lability, 10) Aberrant/Moto, 11) Nighttime Behaviors,

and 12) Appetite/Eating. Finally, we obtained each respondent’s and caregiver’s

age, sex, race, educational attainment, marital status, income, and the caregiver’s

relationship to the person with dementia.

3.2.3 From Self-reported Health Status to Predicted TTO-Weights

Nyman et al. (2007) published multivariate linear models that relate self-reported

health-status categories (“poor”, “fair”, “good”, “very good”, or “excellent”) and

TTO-weights using nationally representative data from the Medical Expenditure

Panel Survey (MEPS) (Nyman et al., 2007). To estimate these models, they first

identified MEPS respondents’ self-reported health-status categories and EQ-5D-3L

health state responses. Second, they assigned the corresponding TTO-weights to

the EQ-5D-3L health states following the approach in Shaw et al. (Shaw, Johnson,

and Coons, 2005). Finally, Nyman et al. (2007) fitted multivariate linear regression

models to predict TTO-weights (derived TTO- from the EQ-5D-3L) as a function of

self-reported health status categories, sex, race, age, income, educational attainment,

and marital status.

We used Nyman et al.’s. published regression coefficients to predict two sets of

TTO-weights for ADAMS respondents: one set of predicted TTO-weights for peo-

ple living with ADRD (TTOADRD), and a second set of predicted TTO-weights for

their corresponding caregivers (TTOcg). ADAMS provides the necessary inputs to

predict these two sets of TTO-weights since both types of respondents provided re-

sponses on the same self-reported health status and sociodemographic characteris-

tics as used in Nyman et al(2007). This step is illustrated as Step 1 in Figure 3.1

During the ADAMS survey, caregivers were not asked to report their income; we

assumed the same household income for the respondent and the caregiver. Finally,

we used mean imputation for 12 respondents who had missing data on household
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income.

3.2.4 From Predicted Individual TTO-weights to Dyadic TTO-weights

With the two sets of predicted TTO-weights (TTOADRD,TTOcg) we constructed a

set of dyadic TTO-weights (TTODyad) that represent the preference-based measures

of the collective health-related quality of life of the members of the dyad (see Step

2 in Figure 3.1). To account for the dependency between TTOADRD and TTOcg

when computing the combined measure TTODyad, we leveraged a copula approach,

which is a well-established statistical method for modeling dependencies among

random variables (Nelsen, 2006). We used a specific class of copulas, i.e., a bivariate

Archimedean copula that allows various trade-offs among its arguments (attributes)

(Abbas and Sun, 2019b). In our two-attribute case (i.e., TTOADRD and TTOcg), we

compute TTODyad using the following Archimedean copula function:

C
(

TTOADRD,max(cg), TTOmax(ADRD),cg

)
=

g−1
α

[
gα(TTOADRD,max(cg)) ∗ gα(TTOmax(ADRD),cg)

]
where gα and g−1

α (.) are a quadratic generating function and its inverse, respectively.

Intuitively, the Archimedean utility copula transforms its inputs, which are the two

boundary TTO-weights (i.e., TTOADRD,max(cg) and TTOmax(ADRD),cg, and combines

them into a single dyadic TTO-weight on a 0, 1 scale. The boundary TTO-weights

are the predicted TTO-weights of one member of the dyad when the other member of

the dyad’s predicted TTO-weights are fixed at their theoretical highest value of one.

The role of the generating function is to transform the boundary TTO-weights from

the 0, 1 scale to an unbounded scale, which permits calculations in a non-restrictive

manner. The inverse of the generating function ensures that the output from the

calculation is confined to the original 0, 1 scale. The calculation also depends on the

parameter of the quadratic generating function (α) that controls the strength of the

dependence between the individual TTO-weights. We refer the interested readers

to Appendix B for the mathematical formulation of the two-attribute Archimedean

copula and the test of consistency of the quadratic generating function to our data.

To obtain the boundary TTO-weights in the paired sample we defined TTO-weights

> 0.80, to be “highest”, which corresponds with “excellent” self-reported health sta-

tus (Nyman et al., 2007). Therefore, in the paired sample, we identified the observed

boundary TTO-weights for people living with ADRD as the predicted TTO-weights



Chapter 3. Individual and Dyadic Health-Related Quality of Life of People Living

with Dementia and their Caregivers
55

for people living with ADRD whose caregivers had TTO-weights > 0.80. Similarly,

we identified the observed boundary TTO-weights of caregivers as the predicted

TTO-weights whose care recipients with ADRD had TTO-weights > 0.80. Using the

observed boundary TTO-weights we fitted monotonically constrained smoothing

splines (MCSS) (Ramsay, 1998b). With the MCSS we predicted two sets of boundary

TTO-weights from the observed minima (0.446 for people living with ADRD and

0.51 for caregivers) to the theoretical maxima of one. To minimize the error of the

out-of-sample predictions of the MCSS, we determined the optimal smoothing pa-

rameter (δ) of the MCSS via 5-fold cross-validation, resampling the boundary TTO-

weights to find the specification of (δ) that minimized the prediction error. Addition-

ally, we evaluated the sensitivity of our results to the choice of different thresholds

(0.75− 0.84).

Finally, we used the sample estimate of Kendall’s tau rank-correlation between the

paired predicted TTO-weights of people living with ADRD and their caregivers to

parameterize the quadratic generating function of the Archimedean utility copula,

and together with the predicted boundary TTO-weights we obtained the dyadic

TTO-weights. We graphed iso-value curves to examine the combinations of indi-

vidual TTO-weights that comprise the same dyadic TTO-weights and to represent

the potential trade-offs decision-makers may incur in when choosing between inter-

ventions that target people living with ADRD and their caregivers.

3.2.5 Association between Predicted TTO-weights and ADRD Clinical
Features

We used multivariate linear regression to examine the association between the in-

dividual and dyadic TTO-weights with the ADRD clinical features (cognition, func-

tional activity, and behaviors) controlling for sociodemographic characteristics of the

dyad. We used multiple imputation (25 imputed data sets) to account for missing

data on the independent variables of the regression models (Carpenter and Ken-

ward, 2012). The first regression examined the association between people living

with ADRD’s TTO-weights (outcome measure) and their clinical features, control-

ling for the place of residence, age, gender, race, marital status, and education. The

second regression examined the association between the caregiver’s TTO-weights

(outcome measure) and the person living with ADRD’s clinical features. This re-

gression controlled for the caregiver’s age, gender, race, marital status, education,

and relationship to the person living with ADRD. The third regression examined

the association between the dyadic TTO-weights (outcome measure) and the per-

son living with ADRD’s clinical features while controlling for the person living with

ADRD’s and caregiver’s demographics.



Chapter 3. Individual and Dyadic Health-Related Quality of Life of People Living

with Dementia and their Caregivers
56

3.3 Results

3.3.1 Sample Characteristics

We identified 308 people living with ADRD and a subsample of 160 dyads (paired

observations of people living with ADRD and a caregiver) that met our study inclu-

sion criteria (Figure 3.2). On average (SD), people living with ADRD in the full sam-

ple (n = 308) were 85.3 years old (7.0); 69.2% were female, 65.3% were widowed,

and 24% were living in a nursing home at the time of their ADAMS assessment.

These people had an average MMSE score of 14.3 (6.4), 6.6 (2.1) functional activity

limitations, and 2.8 (2.4) behavioral symptoms. The subsample of people living with

ADRD who had a caregiver (n = 160) was similar to people in the full sample. Care-

givers in the dyadic sample (n = 160) were on average 60.4 years old (13.6) with 70%

and 72% of them were female and married, respectively (Table 3.1).

3.3.2 Self-reported Health

Of the 308 people living with ADRD, 3.6% (n = 11) reported being in excellent

health, 15.6% (n = 48) in very good health, 21.8% (n = 67) in good health, 29.5%

(n = 91) in fair health, and 29.5% (n = 91) in poor health. In the dyadic sample

(n = 160), a higher proportion of people living with ADRD reported being in health

states on the lower end of the scale (excellent 3.8% (n = 6), very good 15.0% (n = 24),

good 25.6% (n = 41), fair, 27.5% (n = 44), and poor, 28.1% (n = 45)); compared to

caregivers (excellent 17.5% (n = 28), very good 28.8% (n = 46), good 30.6% (n = 49);

fair, 20.6% (n = 33); and poor, 2.5% (n = 4) (Table 3.2).

3.3.3 People living with ADRDs’, Caregivers’, and Dyadic TTO-weights

In the full sample (n = 308), the average TTO-weights of people living with ADRD

was 0.67 (SD: 0.14; range: 0.43− 0.89). In the dyadic sample (n = 160), the average

TTO-weights of people living with ADRD and caregivers were 0.67 (SD: 0.14; range

0.44− .89) and 0.83 (SD 0.09; range 0.51− 0.96), respectively (Table 3.2). The average

dyadic TTO-weight (n = 160) was 0.75 (SD=0.05; range 0.62− 0.87) (Figure 3.3; and

Table B.3 in Appendix B). Results were not sensitive to the choice of thresholds to

determine the highest TTO-weights (Figure B.4 Appendix B).

Individual TTO-weights that yield the same combined TTO-weight are shown in

the iso-value curves in Figure 3.4. When the TTO-weights are ≤ 0.60, the iso-value
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curves are convex towards the origin, representing non-proportional tradeoffs be-

tween the TTO-weight of people living with ADRD and caregivers. When the TTO-

weights are > 0.60, the iso-value curves exhibit a quasi-linear relationship represent-

ing tradeoffs that are approximately constant. Additionally, Table B.4 in Appendix B

provides numeric values of pairs of individual TTO-weights and the corresponding

dyadic TTO-weights

3.3.4 Association between Dementia Clinical Features, Individual TTO-
weights, and Dyadic TTO-weights

In the full sample of people living with ADRD, functional activity limitations and

behavioral symptoms were associated with a −0.008 (95% CI: −0.015,−0.0001) and

−0.003 (95% CI: −0.010, 005) decrease in TTO-weight, respectively. Cognition was

not significantly associated with the person living with ADRD’s TTO-weights. In the

dyadic subsample, functional activity limitations (−0.006 95% CI:−0.019, 0.006) and

behavioral symptoms (−0.006 95% CI: −0.015, 0.004) were negatively but not statis-

tically associated with TTO-weights of the person living with ADRD. Among care-

givers, the number of behavioral symptoms exhibited by people living with ADRD

was statistically associated with a −0.006 (95% CI: −0.012, −0.001) decrease in the

caregiver’s TTO-weight. The person living with ADRD’s functional activity limi-

tations and cognition were not significantly associated with the caregiver’s TTO-

weight. Finally, the number of behavioral symptoms was statistically associated

with a −0.004 (95% CI: −0.007, −0.001) decrease in the dyadic TTO-weights (Table

3.3).

3.4 Discussion

Our study provides the first dyadic TTO-weights of people living with ADRD and

their caregivers. The dyadic TTO-weights address the need for a preference-based

measure of dyadic HRQOL that can be used in cost-utility analysis of interventions

targeting people living with ADRD and their caregivers jointly. Investigators that

only collect paired individual TTO-weights for members of an ADRD dyad can use

Figure 3.4 or Table B.4 to identify the dyadic TTO-weights. In addition, we examined

the association between dementia-related clinical features and TTO-weights, which

can be used to infer the potential HRQOL benefits associated with interventions that

ameliorate these symptoms.

Our dyadic TTO-weights are useful because they explicitly quantify the impact of

multi-objective interventions on a single metric and can be used by decision-makers
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to assess the potential benefits to the dyad. Without a combined TTO-weight, decision-

makers must assess the impact of dyadic interventions separately for each member

of the dyad and ignore the association in HRQOL outcomes between the dyad mem-

bers. For example, suppose a dyad has a combined TTO-weight of 0.49, where the

person with ADRD has a TTO-weight of 0.25 and the caregiver a TTO-weight of

0.60. If an intervention increases the person living with ADRD’s TTO-weight by

0.05 (from 0.25 to 0.3), all else constant, the combined TTO-weight will increase

to approximately 0.54. Instead, if an intervention increased the caregivers’ TTO-

weight by 0.05 (from 0.60 to 0.65), all else constant, the combined TTO-weight would

increase to approximately 0.51. For this dyad, where the caregiver had a higher

HRQOL at baseline, an intervention that further increases the TTO-weight of the

caregiver will yield a considerably smaller increase in the combined TTO-weight

compared to an intervention that increases the TTO-weight of the person with ADRD

by the same amount (Figure 3.4, and Table B.4 in Appendix B).

To date, most randomized trials of ADRD interventions have not been designed

to evaluate cost-effectiveness. Specifically, these trials often do not directly elicit

preference-based HRQOL. However, for trials that capture functional activity lim-

itations or behaviors, the coefficients from our regression and dyadic analyses can

be used to infer changes in TTO-weights for the people living with ADRD and their

caregivers separately, as well as in dyads.

With the Archimedean utility copula, we were able to account for the dependence

between the TTO-weights within dyads. In comparison, additively or multiplica-

tively combining the individual TTO-weights assumes mutual independence (see

multilinear models proposed in (Keeney, Raiffa, and Meyer, 1993) . In the context

of ADRD, this assumption is problematic since we found that the TTO-weights are

positively correlated (the rank-correlation coefficient was 0.12). Ignoring this depen-

dence in the computation of a dyadic TTO-weight may underestimate the value of

an intervention.

The Archimedean utility copula also guarantees that whenever a dyad member dies

(i.e., her individual TTO-weight is zero), the dyadic TTO-weight will be nonzero,

(Abbas and Sun, 2019b), allowing to quantify QALYs over lifetime time horizons. In

contrast, Libby and Novick, (1982) proposed a two-attribute model from the cumu-

lative distribution function of a bivariate Beta random variable (Libby and Novick,

1982). However, multi-attribute utility models that rely on cumulative distribution

functions can only be used under the assumption of dominance (Abbas, 2018b; Ab-

bas and Sun, 2015b), which is undesirable in the dyadic case. Truncating the dyadic
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health-related quality of life weight and setting it to zero when one member of the

dyad dies may bias downwards the estimation of the gained QALYs over a lifetime.

For example, when assessing interventions that teach caregivers coping skills, if the

person with dementia dies, the caregivers’ coping skills will extend after this event,

and it would be desirable to capture the associated benefits. In contrast, a model

that assumes dominance would assume no more benefit for the dyad after the per-

son with dementia dies.

There are several design choices to consider when using the combined TTO-weight.

First, a decision must be made about how to account for mortality within the dyad.

Even when one of the dyad-members is at the lowest HRQOL(i.e., dead), the dyadic

TTO-weights correspond to a non-zero value that accounts for the HRQOL of the

dyad member still alive. Practically, this means it is feasible to evaluate cost-effectiveness

so long as one person within the dyad remains alive. Conceptually, there is limited

theoretical guidance on whether to anchor the analysis on the person with ADRD’s

survival, the caregiver’s survival, or to use the maximum survival of the dyad. Sec-

ond, if a combined TTO-weight is used, then it is important to include the costs for

both measures of the dyad when calculating the incremental cost-effectiveness ratio.

Our study has several limitations. First, our sample of dyads (n = 160) did not cap-

ture the full range of the theoretical distribution (0, 1) of TTO-weights. Therefore,

we used thresholds to define the maximum TTO-weights of the members of the

dyad and fitted flexible parametric models (smoothing splines) to extrapolate the

boundary TTO-weights from the observed minima to the theoretical maxima of one.

To minimize the error of the out-of-sample predictions, we determined the optimal

smoothing parameter of the spline models via cross-validation, which minimized

the prediction error. A related limitation is that to obtain the dyadic TTO-weights,

we used a deterministic utility copula and did not account for uncertainty in the

predicted dyadic TTO-weights.

Second, we used the regression models of (Abbas, 2018b) that rely on the mapping

from EQ-5D-3L responses to TTO-weights. This may be a limitation. The EQ-5D-

3L is a generic rather than a disease-specific measure of HRQOL; however, others

have found that the EQ-5D-3L is a valid preference-based measure for people living

with ADRD (Easton et al., 2018; Li et al., 2018). For example, Michalowski et al.(2020)

compared EQ-5D-3L with the Quality of Life in Alzheimer’s Diseases (QoL-AD) and

concluded that EQ-5D-3L performed comparably with the QoL-AD, and was appro-

priate in economic evaluations in dementia (Michalowsky et al., 2020).
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Third, another potential limitation with TTO-weights is that they may not capture

the severity of health states considered worse than dead (M. Gandhi, 2019). How-

ever, in our study, none of the predicted TTO-weights correspond to states worse

than dead (i.e., TTO-weights < 0 ).

Fourth, several studies have evaluated health utilities for people living with ADRD

by disease stage (e.g., mild, moderate, and severe)(Landeiro et al., 2020; Neumann

et al., 1999). Our analysis does not incorporate a measure of disease stage. Instead,

we evaluated the association between ADRD clinical features and TTO-weights.

Importantly, we find that ADRD behavioral symptoms are significantly associated

with caregiver HRQOL; yet, behavioral symptoms are generally not used in stag-

ing ADRD (as in the case of the Clinical Dementia Rating) (Jutkowitz et al., 2017a;

Jutkowitz et al., 2017b). Investigators interested in understanding how TTO-weights

change as ADRD clinical measures change can consult the reported coefficients in

Table 3.3. Investigators can also predict TTO-weights for people with specific levels

of cognition, the number of functional limitations, and behavioral symptoms.

Finally, we cannot rule out the potential for bias due to regression to the mean (Fay-

ers and Hays, 2014)in the equations in (Nyman et al., 2007). To correct for this pos-

sible bias (e.g., under-predict high scores and over-predict low scores) following a

linear equating approach (Lamu, 2020)requires the source data that Nyman et al.

2007 used in their analyses. The Nyman study only reports the regression coeffi-

cients, which allow obtaining the predicted TTO-weights, but the TTO-weights de-

rived from the EQ-5D-3L values are not available from the study, prohibiting a linear

equating correction.

3.5 Conclusion

The health-related quality of life of people living with ADRD and their caregivers

are interrelated. Our dyadic TTO-weights for people living with ADRD and their

caregivers account for the association in health-related quality of life between mem-

bers of the dyad. The dyadic TTO-weights can be used as an outcome measure to

evaluate interventions that target people living with ADRD and their caregivers.
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3.6 Tables

TABLE 3.1: Sample Characteristics

Full Sample (n=308 obs.) Paired Sample (n=160 paired obs.)

People living with ADRD People living with ADRD Caregiver

Female, n(%) 213 (69.2%) 110 (68.8%) 112 (70.0%)
Age, mean (sd) 85.29 (7.0) 84.8 (7.1) 60.4 (13.6)
Race, n(%)

White 224 (72.7%) 123 (76.9%) 119 (74.4%)
Black/African American 70 (22.7%) 30 (18.8%) 29 (18.1%)
Othera 14 (4.5%) 7 (4.4%) 12 (7.5%)

Hispanic, n(%)
Yes 13 (4.2%) 5 (3.1%) 14 (8.7%)
No 295 (95.8%) 155 (96.9%) 146 (91.3%)

Education, n(%)
No degree 174 (56.5%) 87 (54.4%) 20 (12.5%)
GED 10 (3.2%) 8 (5.0%) not reported
High school diploma 97 (31.5%) 52 (32.5%) 91 (56.9%)
Bachelor’s degree 16 (5.2%) 8 (5.0%) 22 (13.8%)
Graduate degree 11 (3.6%) 5 (3.1%) 27 (16.9%)

Marital status, n (sd)
Married 78 (25.3%) 46 (28.8%) 116 (72.5%)
Widowed 201 (65.3%) 106 (66.2%) 16 (10.0%)
Divorced 16 (5.2%) 4 (2.5%) 18 (11.2%)
Separated 3 (1.0%) 1 (0.6%) 1 (0.6%)
Never married 10 (3.2%) 3 (1.9%) 9 (5.6%)

Relationship of Caregiver to Person Living with ADRD, n(%)
Child n/a 30 (18.8%)
Spouse n/a 98 (61.3%)
Other n/a 32 (20.0%)

Incomeb, mean (sd, median) 2.70 (3.1, 1.7) 2.83 (2.7, 1.9) not reported
MMSE, mean (sd) 14.34 (6.4) 13.52 (6.1) not reported
Functional activity limitations, mean (sd) 0.57 (2.1) 7.7 (2.2) not reported
Behavioral symptoms, mean (sd) 2.78 (2.4) 3.19 (2.6) not reported
No. Chronic Conditions, mean (sd) 2.84 (1.5) 2.88 (1.5) not reported
Community dwelling, n(%) 234 (76%) 125 (78.1%) not reported
Caregiver lives with Person with ADRD, n(%) n/a 77 (48.1%) 77 (48.1%)

a “Other” race includes: “American Indian or Alaska Native, Asian, and Native Hawaiian or Other Pacific Islander (per OMB standards).”
b Income reported as ratio of family income to federal poverty level.
ADRD = Alzheimer’s Disease Related Dementias
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TABLE 3.2: Average TTO-weights by Self-reported Health Status

Full Sample (n=308) Paired Sample (n=160)

TTO-weights People living with ADRD TTO-weights People living with ADRD TTO-weights Caregivers

Self-reported Health Status n (%) Mean (sd) n (%) mean (sd) n (%) mean (sd)

Excellent 11 (3.6%) 0.87 (0.01) 6 (3.8%) 0.87 (0.01) 28 (17.5%) 0.92 (0.02)
Very Good 48 (15.6%) 0.83 (0.02) 24 (15.0%) 0.83 (0.02) 46 (28.8%) 0.88 (0.03)
Good 67 (21.8%) 0.78 (0.02) 41 (25.6%) 0.78 (0.02) 49 (30.6%) 0.83 (0.03)
Fair 91 (29.5%) 0.67 (0.01) 44 (27.5%) 0.66 (0.13) 33 (20.6%) 0.70 (0.02)
Poor 91 (29.5%) 0.47 (0.02) 45 (28.1%) 0.47 (0.02) 4 (2.5%) 0.51 (0.01)

n = sample size
sd = standard deviation
TTO-weights = HRQOL Time Trade-off Weights
ADRD = Alzheimer’s Disease Related Dementia

TABLE 3.3: Regression Models: Individual and Dyadic TTO-weights
on Dementia Clinical Features

TTO-weights Dyadic TTO-weights

People living with ADRD (n=308) People living with ADRD (n=160) Caregiver (n=160) (n=160)
Coefficient Estimate (95% CI) Coefficient Estimate (95% CI) Coefficient Estimate (95% CI) Coefficient Estimate (95% CI)

Intercept 0.665 (0.438, 0.894)*** 0.670 (0.338, 0.986)*** 0.944 (0.809, 1.075)*** 0.778 (0.669, 0.886)***

People Living with ADRDs’ Characteristics
Number of behavioral symptoms -0.003 (-0.010, 0.005) -0.006 (-0.015, 0.004) -0.006 (-0.012, -0.001)** -0.004 (-0.007, -0.001)**

MMSE 0.000 (-0.003, 0.001) -0.001 (-0.004, 0.005) -0.001 (-0.004, 0.001) -0.000 (-0.002, 0.001)
Functional activity limitations -0.008 (-0.015, -0.001)* -0.006 (-0.019, 0.006) -0.001 (-0.005, 0.008) -0.000 (-0.004, 0.003)
Place of Residence (ref= nursing home) 0.044 (0.003, 0.085)** 0.032 (0.025, 0.090) -0.017 (-0.049, 0.016) 0.000 (-0.018, 0.018)
Age -0.000 (-0.003, 0.002) 0.000 (-0.003, 0.004) - 0.001 (-0.001, 0.002)
Gender (ref=Male) -0.023 (-0.059, 0.014) -0.041 (-0.093, 0.012) -0.009 (-0.025, 0.008) -0.009 (-0.025, 0.008)
Race (ref=White)

Black/African American -0.015 (-0.056, 0.027) 0.026 (-0.080, 0.133) - 0.027 (-0.026, 0.081)
Other -0.044 (-0.121, 0.033) -0.054 (-0.166, 0.058) - -0.005 (-0.053, 0.043)

Education (ref=No degree)
GED 0.038 (-0.053, 0.129) 0.027 (-0.078, 0.131) - 0.009 (-0.024, 0.042)
High school diploma 0.042 (0.006, 0.079)** 0.047 (-0.007, 0.100) - 0.017 (-0.004, 0.035)
Bachelor’s degree 0.052 (-0.110, 0.214) 0.060 (-0.110, 0.267) - 0.030 (-0.052, 0.020)
Graduate degree 0.091 (0.005, 0.178)* 0.100 (-0.032, 0.232) - 0.031 (-0.011, 0.073)

Marital Status (ref=Married)
Widowed 0.064 (0.022, 0.105)** 0.056 (0.001, 0.113)* - 0.000 (-0.025, 0.026)
Divorced 0.060 (-0.017, 0.138) 0.110 (-0.047, 0.267) - 0.027 (-0.025, 0.079)
Separated 0.052 (-0.110, 0.214) 0.187 (-0.104, 0.478) - -0.012 (-0.104, 0.079)
Never Married 0.044 (-0.050, 0.139) 0.095 (-0.080, 0.270) - -0.012 (-0.048, 0.073)

Caregivers’ Characteristics
Age - - -0.002 (-0.003, -0.001)*** -0.002 (-0.002, -0.001)***

Gender (ref=Male) - - -0.001 (-0.030, 0.028) -0.006 (-0.023, 0.010)
Race (ref=White)

Black/African American - - -0.014 (-0.051, 0.024) -0.022 (-0.077, 0.032)
Other - - -0.050 (-0.101, 0.001)* -0.023 (-0.058, 0.012)

Education (ref=No degree)
GEDa - - Not reported Not reported
High school diploma - - 0.017 (-0.025, 0.060) 0.009 (-0.015, 0.034)
Bachelor’s degree - - 0.068 (0.016, 0.120)** 0.039 (-0.008, 0.069)*

Graduate degree - - 0.088 (0.035, 0.140)*** 0.055 (0.022, 0.089)**

Marital Status (ref=Married)
Widowed - - -0.041 (-0.090, 0.007) 0.001 (-0.026, 0.028)
Divorced - - -0.034 (-0.075, 0.007) -0.011 (-0.034, 0.011)
Separated - - 0.016 (-0.149, 0.181) 0.030 (-0.076, 0.135)
Never Married - - -0.001 (-0.058, 0.056) -0.013 (-0.044, 0.018)

Relationship to person living with ADRD (ref=spouse)
Child - - 0.037 (-0.007, 0.082) 0.003 (-0.032, 0.039)
Other - - 0.051 (0.002, 0.100)* 0.012 (-0.025, 0.048)

a GED was not reported for care partners in ADAMS.
TTO-weights = HRQOL Time Trade-off Weights
ADRD = Alzheimer’s Disease Related Dementias
GED = Graduate Equivalency Degree
* p<0.1; ** p<0.05; *** p<0.001
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3.7 Figures

FIGURE 3.1: Two-step Mapping from Health-Status Categories to
Dyadic TTO-Weights
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FIGURE 3.2: Analytic Sample from the Aging, Demographics, and
Memory Study (ADAMS) Participants
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FIGURE 3.3: Interquartile Range of estimated Individual TTO-wights
of People living with ADRD and Caregivers versus Dyadic TTO-

weights (paired sample, n = 160)
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FIGURE 3.4: Iso-value Contour Lines of Dyadic TTO-weights
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Chapter 4

Cost-Effectiveness Analysis of

Interventions that increase Time in

the Community among Medicare

Beneficiaries living with Dementia

Abstract

Purpose Many people living with dementia would prefer to age at home and re-

ceive care within their communities but often experience unmet care needs that lead

to preventable emergency room (ER) visits, hospital readmissions, and mortality.

Non-pharmacological interventions can prolong time spent at home by reducing

the number of transitions out of the community, yet their cost-effectiveness remains

unclear. We evaluate interventions that increase time at home by reducing tran-

sitions from community to the nursing home, 30-day ER readmissions or hospital

readmissions, as well as composite strategies that reduce two or three transitions

out of the community. Methods: We developed a novel discrete event system sim-

ulation of community-dwelling dementia-diagnosed Medicare beneficiaries over a

lifetime time horizon. For 24 strata (incident age, sex, race) we simulate sequences

of transitions across 10 settings of care including community, NH, ER, and hospi-

tal settings, the number of cumulative chronic health conditions over time, care

costs, and mortality. Time-dependent transition intensities and care costs, as well

as models of chronic conditions were fitted to Medicare claims and nursing home

Minimum Data Set (MDS) assessments for years 2011-2020. The treatment effects

of interventions were extracted from published literature and modeled assuming

proportional hazards over 18 months. Across interventions/strategies we compare

average 30-day ER and hospital readmissions, NH admissions, length of stay (LoS)

in the community, and total time gained in the community relative to standard of

care, running 50, 000 trajectories for each scenario. In cost-effectiveness analysis, we
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calculate ICERs as the incremental cost per year gained in the community and as

the incremental cost per quality adjusted life year (QALY). Results: Reducing 30-

day ER readmissions is the only effective intervention in increasing average LoS in

the community (169.0 days, SE(1.784)) compared to standard of care (157.7 days,

SE(1.784)). Except for the composite intervention that reduces nursing home admis-

sions and 30-day hospital readmissions, all composite strategies increase average

LoS in the community with the strategy the reduces nursing home admissions and

30-day ER readmission being the most effective (173.0 days SE(1.875)). On average,

the highest incremental total years in the community is achieved by the composite

strategy that reduces nursing home admissions, 30-day ER and hospital readmis-

sions increasing 0.34 years (122.7 days) relative to standard of care. Reducing 30-day

hospital readmissions only or reducing nursing home admissions and 30-day hos-

pital readmissions, did not increase total years in the community. From a health

care payer’s perspective, the intervention that reduces 30-day ER readmissions as

well as the composite strategy that simultaneously reduces 30-day ER and hospital

readmissions are cost saving relative to standard of care. The intervention that re-

duces 30-day hospital readmissions and the composite strategy that reduces 30-day

hospital readmissions are dominated by standard of care. Conclusion: Reducing

30-day ER readmissions is a cost saving alternative to prolong time in the commu-

nity for people living with dementia. Additional gains in prolonging time in the

community for people living with dementia are possible by implementing compos-

ite interventions that complement the benefits of reducing nursing home admissions

or reducing hospital readmissions in a cost-effective way.

4.1 Introduction

Dementia affects more than 6 million Americans 65 years and older (Alz-Association,

2023). People living with dementia are particularly vulnerable to receiving poor

quality and uncoordinated care throughout their lifetimes that can affect their health

outcomes, quality of life, and financial stability (NASEM, 2023; Nicholas et al., 2021;

Nandi et al., 2024). At the same time, long-term care for people living with demen-

tia constitutes a significant proportion of expenditures for the health system, people

living with dementia, and their families; as people living with dementia typically re-

quire a higher number of care hours than their counterparts living without dementia

(Jutkowitz et al., 2020; Patterson et al., 2023; Li et al., 2024; Keeney et al., 2020).

Most people living with dementia would prefer to age at home and receive care

within their communities (NASEM, 2024). Transitional care interventions are de-

signed to ease and support transitions between settings of care and can extend time



Chapter 4. Cost-Effectiveness Analysis of Interventions that increase Time in the

Community among Medicare Beneficiaries living with Dementia
69

spent at home (Hirschman and Hodgson, 2018). For example, the Money Follows

the Person (MFP) Demonstration program (not dementia specific), enabled financial

mechanisms to support voluntary transition of Medicaid eligible long-stay nursing

home (NH) residents(≥90 days) back to their communities through increased ac-

cess to home and community-based services (Medicare & Medicaid Services, n.d.).

Robison et al. (2015), found that MFP had beneficial outcomes (increased qual-

ity of life and life satisfaction) for individuals who transitioned to the community

and their family caregivers (lower levels of burden), as well as a reduced number

of nursing home readmissions. Furthermore, Jutkowitz et al. (2023), found that

non-pharmacological interventions that reduce transitions to nursing homes by pro-

viding people living dementia and their family caregivers, knowledge, skills and

support to manage their care challenges are cost saving (i.e., increased benefits and

reduced costs) from a societal perspective.

An important barrier to supporting people living with dementia to age at home is

that they often experience disproportionately higher rates of falls, hospitalizations,

emergency room visits, and mortality (Wysocki et al., 2014). People living with de-

mentia discharged to their communities may still experience lower quality and co-

ordination of care, which can lead to unanticipated transitions (Bellantonio et al.,

2008). Individuals who participated in the Connecticut MFP, despite having lower

readmission rates to nursing homes, also experienced higher falls rates and more

frequent visits to the hospital and emergency department (Robison et al., 2020; Mar-

rero et al., 2019), as well as higher mortality rates after their transition to home (Irvin

et al., 2017). Similarly, Takahashi et al. (2021) report results of a randomized trial

that evaluated participants in the Mayo Clinic Care Transitions Program (MCCT),

an intervention designed to support those discharged from skilled nursing facili-

ties to their homes. MCCT participants had higher rates of emergency department

visits and hospitalization at 180 days than the comparison group, suggesting that

participants still encountered important unmet care needs within their communities

(Takahashi et al., 2021).

For payers and policy makers to include transitional care interventions into their

planning, they need clear evidence on the trade-offs and long-term implications of

reimbursing transitional care interventions for the population with dementia. Yet,

the risk of adverse events (e.g., falls) and preventable use of health services (e.g.,

preventable hospitalization, emergency room visits) after transitioning to the com-

munity remains understudied(Groenvynck et al., 2022). More importantly, only few

transitional care interventions have been successful in all desired outcomes that
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support people living with dementia to age at home (NASEM, 2024). Compre-

hensive interventions that address various care needs simultaneously are possible;

however, a fragmented and disjointed health-care system, coupled with misaligned

and conflicting financial incentives, restricts the ability of health care providers to

test and implement interventions whose outcomes fall outside what can be reim-

bursed directly to them. Consequently, the potential benefits of implementing multi-

dimensional and comprehensive interventions for people with dementia to remain

in their community are not well understood (NASEM, 2024; NASEM, 2021b).

To address these issues, we developed a novel individual-level stochastic simulation

of community-dwelling dementia-diagnosed Medicare beneficiaries as they age and

transition between 10 different settings of care throughout their lifetimes after de-

mentia diagnosis. We also model the associated cost from Medicare’s perspective

to provide care for this population over their lifetimes and across care settings. We

evaluated the comparative effectiveness and cost-effectiveness of interventions that

increase time in the community by reducing transitions from the community to the

nursing home (C-NH), 30-day ER readmissions (ER-C-ER) or hospital readmissions

(H-C-H), as well as composite strategies that reduce two or three transitions out of

the community simultaneously.

4.2 Methods

Analytical Cohort from Residential History File

We use data from the Residential History File (RHF) to estimate transition rates be-

tween care settings, the rates at which Medicare beneficiaries accumulate chronic

health conditions, and the associated care costs reimbursed by Medicare. The RHF

is a data repository that summarizes information from Medicare claims and nurs-

ing home minimum data set (MDS) assessments that provide the place and time at

which health services were provided, including stays in non-Medicare-paid nurs-

ing homes (Intrator et al., 2011). With the information that the RHF provides, we

construct a calendar of the timing (e.g. calendar time) and sequence of locations of

care (e.g., hospital, nursing home, emergency room), allowing us to characterize the

transition rates and types of care transitions that Medicare beneficiaries experience

throughout their lifetimes.

For this study, we defined an analytical cohort from RHF by identifying beneficiaries

diagnosed with dementia in 2011 65 years of age or older. The diagnosis of dementia

and chronic health conditions is based on the information available in claims (Ware-

house, n.d.). We tracked the sequence of health care locations visited by people in
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the analytical cohort over 9 years (2011 and 2020) using a random sample of 5%

of all available Medicare claims (sample size = 9,232 beneficiaries diagnosed with

dementia in 2011).

4.2.1 Statistical Models

Synthetic Baseline Characteristics

To accurately represent the marginal and joint distributions of the attributes of the

analytical cohort in the simulation, we follow a vine-copula modeling approach.

Vine copulas model a joint density of k variables f (x1, x2, ..., xk), by factorizing it

into a product of (k
2) bivariate copula densities and k marginal densities (Joe and

Kurowicka, 2011; Czado and Nagler, 2022). With this approach, we simulate a syn-

thetic cohort of Medicare beneficiaries diagnosed with dementia with characteristics

that reflect the distribution of characteristics and the correlation structure observed

in the analytical cohort. (Appendix C)

First, we fit a categorical distribution to the distribution of three mutually exclusive

racial groups (Black, White, or Other/Unknown) in the analytic sample. Second,

within each race category we fit a three-dimensional vine copula representing the

conditional density of incident age of dementia, the number of chronic health con-

ditions, and sex (Female/Male). In the simulation, we draw samples from the joint

distribution of the 4 baseline characteristics following the factorization in equation

4.1:

f (x1, x2, x3, x4) = f (x1, x2, x3|x4) ∗ f (x4) (4.1)

where:

1. x1: sex(female/male),

2. x2: dementia incident-age(years)

3. x3: number of chronic health conditions

4. x4: race(black/white/other)

The structure of the vine copula of the conditional densities of the 3 baseline charac-

teristics within each Race category is illustrated in Appendix C. We used the package

"VineCopula" (Schepsmeier et al., 2020) in the R programming language to estimate

the vine copulas from the data and to simulate sets of baseline characteristics in the

simulation model.
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Stratification

We stratify the cumulative chronic disease model and the trajectories of care model

based on the levels of three sociodemographic characteristics at baseline: dementia

incident age (65-74, 75-84, 95+), sex (female,male), and race (black, white, other); i.e.,

24 strata in total.

Model of Cumulative Chronic Conditions

The cumulative number of chronic health conditions is a critical determinant of the

health status of the elderly. It is correlated with the risk of hospitalizations, ER visits,

and death (Bishop, Haas, and Quiñones, 2022; Buttorff, Ruder, and Bauman, 2017).

To model this process, we fit data from the analytical sample in the following way:

First, we define the dependent variable as the change in the cumulative number of

chronic health conditions experienced by a person during a stay in a specific setting

of care, i.e., we model the count of incident cases of chronic health conditions dur-

ing the time interval between settings of care. We regress the dependent variable to

four potential covariates: a) setting of care currently in, b) number of chronic health

conditions at baseline, c) number of chronic health conditions at exit of the previous

setting of care, and d) age at the start of the current stay.

To select the best fit model for each strata, we first define three candidate groups of

models based on the distributional assumptions of the counts: a) Poisson, b) nega-

tive binomial(modeling over-dispersion), and b) hurdle model(modeling excess ze-

ros), which is a two-component model with a truncated count component for posi-

tive counts and a hurdle component that models the zero counts(Hilbe, 2011; Mul-

lahy, 1986). Within each group of models, we select the best-fit model among three

nested covariate specifications and select the best-fit model among the three remain-

ing candidate models. The goodness of fit criteria that we used to select the best-fit

model in each step is the Aikake Information Criterion(AIC). The online-Appendix

(not in this document) details the specification of the nine candidate models for each

strata. The model(s) were estimated using packages ’stats’ (poisson), ’MASS’ (neg-

ative binomial), and ’pscl’ (hurdle) in the R programming language (Venables and

Ripley, 2002; Jackman, 2020)

Model of Trajectories of Care

To model the individual trajectories of care we develop a model of a continuous-time

stochastic process over a discrete and finite state space. The model is formulated as

a system of cause-specific intensity functions (also known as hazard functions in
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survival analysis) that describe the instantaneous rates at which a person would

transition from a state r, to a state s, r ̸= s. In our study, the set of states a person

can transit "into" and "out" of is a finite number of settings of care plus an additional

state that characterizes the event of end of life(dead state).

Let S denote the set of possible settings of care that a person can visit throughout

their life after dementia diagnosis.

S =[Community, Home Health Assistance(HHA),

Skilled Nursing Facility(SNF), Nursing Home(NH),

Emergency Room(ER), Observation,

Inpatient, Inpatient Other,

Long− term Care hospital(LTCH),

Inpatient Rehabilitation Facility(IRF), Dead]

Since S contains ten possible settings of care and one absorbing state (dead), there

are 100 possible transitions between pairs of states in S. Figure 3.2 in Appendix C

contains the transition diagram of the 10 settings of care.

Let Xt ∈ S, t ≤ 0, be a collection of random variables indexed by time that can

only take values from the set S. Consider an individual at time t who is in setting

Xt = r, t ≥ 0, the intensity or infinitesimal probability (δ → 0) of transitioning to

the next state Xt+δ = s is represented by the function λr,s(t, zzz(t),Ft):

λr,s(t, zzz(t),Ft) = limδ→0

P
[

Xt+δ = s|Xt = r, zzz(t),Ft

]
δ

f or r, s = 1, ..., |S|
(4.2)

Where λr,s may depend on time t, covariates zzz(t), and the history of settings of care

visited up to time t, namely Ft = {Xt0 , Xt, ..., Xt−1}.

Additionally, let the random variable Tn denote the nth event time, i.e., the time at

which any transition between states occurs, and the random variable τ = (Tn −
Tn−1) denote time increments or inter-arrival times between states. We denote the

associated distribution function of τ as F(τ)r,s. We index the distributions of inter-

arrival times by the origin and destination states to highlight that the inter-arrival

times between each pair of distinct settings may follow different distributions. Fi-

nally, let Λr,s(t, zzz(t),Ft) =
∫ t

0 λr,s(u, zzz(u),Ft)du denote the cumulative intensity

function that describes the rate of transition between state r and state s, as well as its
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associated inverse function Λ−r,s(t, zzz(t),Ft).

Since the intensity functions for transition rates between settings of care are allowed

to be non-constant and depend on time-varying covariates with respect to global

time of the process (age and cumulative chronic health conditions), the stochastic

process in equation (2.2) is non-Markovian. In this formulation, the inter-arrival

time τ = (Ts − Tr) between setting of care r and setting of care s has distribution

function Fr,s which can be non-exponential.

For each of the 24 strata, we estimate 100 intensity models for the 100 transitions. For

each transition, we select the model with the best fit based on AIC, among 20 can-

didate models: four candidate parametric models (weibull, exponential, gamma, or

log-normal) and six candidate flexible parametric models (2, 3, or 5 internal knots,

in the odds or hazard scale). We also compare adjusted and unadjusted specifica-

tions of the parametric and flexible parametric models. The covariate set used for

adjustment includes the number of chronic health conditions at the beginning of

each episode of care and age (years). We model covariate effects following a pro-

portional hazards or proportional odds specification. The online-Appendix contains

the dictionary of the 2,400 best-fit intensity models and their specification. We use

the ’flexsurv’ R package (Jackson, 2016) to estimate the set of intensity functions as a

multi-state model, and the R package ’nhppp’ (Trikalinos and Sereda, 2024) to sam-

ple inter-arrival times for each transition based on the set of intensity functions we

estimated.

Models of Costs of Care

We link the RHF analytic sample with the cost and use segment of the master ben-

eficiary summary file (MBSF) (Research Data Assistance Center (ResDAC), n.d.) to

estimate longitudinal models of care costs in each type of care setting that Medicare

reimburses. We consider skilled nursing facility stays, hospital stays, other Inpatient

stays (e.g., Long-term care Hospital, Inpatient Rehabilitation Facility, Inpatient Psy-

chiatric Facility), ER visits that lead to an inpatient stay, ER visits that do not lead to

an inpatient stay, and home-health assistance visits. For each type of Medicare re-

imbursed cost, we fit longitudinal generalized gamma regressions (with logistic link

function) to account for nonnegative and skewed data (Manning, Basu, and Mul-

lahy, 2005). We adjusted for incident age, sex, race, and cumulative chronic health

conditions and compared goodness of fit for linear, quadratic, and cubic time trends

using AIC and BIC.
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Since Medicare does not cover nursing home stays, we estimate a longitudinal bi-

nary logistic regression to model the probability of Medicare beneficiaries to be du-

ally eligible to receive Medicaid and Medicare benefits as a function of incident age,

sex, race, cumulative chronic health conditions and time. We use a restricted cu-

bic spline with logarithmic transformed time and tested goodness of fit for different

numbers of knots using AIC and BIC. We use R package ’rms’ (Harrell Jr, 2024).

In the simulation, beneficiaries who are predicted to be dually eligible and experi-

ence a nursing home stay are assigned a cost per day as reported in the literature

(Bharmal et al., 2012; Kaiser Family Foundation, 2024). For observation episodes

in the ER (not reported in the MBSF) we assign a cost per visit based on Burke et

al.(2020).

Models of HRQOL

There is limited evidence and data linking preference-based measures of health-

related quality of life weights with the settings at which people with dementia re-

ceive care, and are typically reported only based on the person’s stage of dementia.

Given these limitations, we integrate the health-related quality of life weights (hrqol

weights) for individuals with dementia into the simulation using the following as-

sumptions and steps.

First, we consider the progression of the cumulative number of chronic health con-

ditions over time as a proxy of declining health status and the worsening demen-

tia stage of people living with dementia, since a time-varying comorbidity burden,

more than a baseline comorbidity burden, has been found to be associated with cog-

nitive decline (Haaksma et al., 2017; MacNeil-Vroomen et al., 2020). Based on this

evidence, we categorize in three levels the number of cumulative chronic health con-

ditions that a person living with dementia experiences. Consequently, we assign

hrqol weights to each person living with dementia assuming that on average peo-

ple living with dementia in the low burden category (0-3 cumulative chronic health

conditions) have a high chance of being in a mild stage of dementia, people living

with dementia in the medium burden category (4-8 cumulative chronic health con-

ditions) have a high chance of being in a moderate stage of dementia, and finally

people living with dementia in the high burden category (8-12 cumulative chronic

health conditions) have a high chance of being in the severe stage of dementia.

We also assume that, on average, people living with dementia and living in nursing

homes experience a lower quality of life compared to those living in the community

and that the rate at which hrqol decreases as dementia progresses varies according
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to the care setting (Jutkowitz et al., 2023). Finally, we assume that people living with

dementia who receive care in similar settings of care experience similar levels of

hrqol (e.g., nursing homes and skilled nursing facilities), as well as similar rates of

decline over time of their hrqol. (Appendix C)

4.2.2 Discrete Event Simulation

Structure

The simulation model utilizes the five previously described components (model of

joint distribution of baseline characteristics, model of the counting process of chronic

health conditions, multi-state model of trajectories of care, models of cost and hrqol)

and is structured as a discrete event system (DES)(Banks et al., 2005; Cassandras,

1993).

Evolution of the process

The DES approach is appropriate for simulating dynamics that evolve over a finite

discrete state-space in continuous time. In a DES the process evolves at unequal time

intervals(jumps) at which transitions occur between states, a feature that can reduce

computation time relative to other computational representations under which it is

necessary to compute the state of the system at all points over a grid of time (Graves

et al., 2021).

The algorithm we use to evolve the process in our simulation makes use of strata-

specific transition intensity matrices Qj, j = 1, ..., 24 that we estimated using the

analytic cohort sample. At baseline (t = 0), every person in the dementia incident

cohort in the simulation starts in the community (X(t = 0) = Community). To de-

termine the next transition for each person, we first determine the set of possible

states (s ∈ S) that a person can transition to while being in the community, as well

as the corresponding transition intensity functions, λ⃗r=Community,s that describe the

transition rates from the community to each state in s. For clarity, we omit here

indices for observations and strata. Second, we compute the cumulative intensity

functions Λ⃗r=Community,s and approximate the corresponding inverse cumulative in-

tensity functions Λ⃗−r=Community,s. Third, we sample a set of latent inter-arrival times

τ⃗r=Community,s via the inversion method (see the next section) and select the minimum

inter-arrival time τ∗r=Community,s among elements of τ⃗r=Community,s; i.e.,:

τ∗r=Community,s = min(τr=Community,1, τr=Community,2, . . . , τr=Community,|s|)
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With the inter-arrival time τ∗r=Community,s, we update the current state for each person

in the community to the next state, determined by the second index of τ∗r=Community,s.

Finally, the global simulation time for each person is updated to (t0 + τ∗r=Community,s).

For transitions between states after the first, the steps are almost identical but differ

in that now each person in the simulation is currently at any of the states in S except

for the state they previously visited. After the first transition, we determine the sets

of possible states to which each person can transition depending on which state they

are currently at, as well as the corresponding transition intensity functions to those

states. This task is now more costly because we have to determine the set of possi-

ble transitions for each person; however, by using an adjacency matrix or adjacency

table, we can efficiently track the set of possible transitions for each person at all

times. All the steps that follow are as described for the first transition. We compute

cumulative intensities and their inverse functions, sample latent inter-arrival times,

determine the next transition based on τ∗r,s, and update the current state and global

time accordingly. The simulation repeats these steps until all people have died, but

other stopping criteria are possible. An algorithmic representation of these steps,

as well as a list and description of all parameters of the simulation model, can be

consulted in Appendix C.

Sampling Inter-arrival Times

The inverse method relies on the fact that monotone transformations of the time di-

mension of a non-homogeneous Poisson point process yield another non-homogeneous

Poisson point process (Cinlar, 2013; Trikalinos and Sereda, 2024).If the transforma-

tion is chosen to be the cumulative intensity function, then the new process (i.e.,

time-transformed process) is a homogeneous Poisson point process with rate one,

from which we can obtain fast samples of the inter-arrival times.

4.3 Strategies of Transitional Care Interventions

Transition of Care Levers

We prioritize dementia interventions that act on transitions out of home and community-

based care and identified from the literature three interventions for which there is
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evidence of an effect on at least one transition out of the community. (Table 4.1)

We denote as lever (1), interventions that reduce transitions from the community to

a nursing home (C-NH). For this lever, we identified the Alzheimer’s and Dementia

Care (ADC) program. The ADC program is integrated within a healthcare system

and offers people living with dementia and their caregivers a needs assessment, per-

sonalized care plans, and 24/7 access to a care manager. The ADC program was

assessed using a case-control design with a matched sample of 1,083 participants re-

ceiving the intervention and a comparison group of 2,166 individuals with dementia.

The primary outcome measured was the time to nursing home placement over a pe-

riod of 3 years (Jennings et al., 2019).

Lever (2) denotes interventions that reduce 30-day ER readmissions. For this lever,

we identified a modified version of the Care Transition Intervention (CTI) tailored

for post-ER discharge to the community. The intervention involved a single home

visit within 24 to 72 hours after ER discharge, followed by one to three phone calls

from a paramedic coach over the following four weeks. During home visits, paramedics

used coaching techniques to help participants understand the four key self-management

components of the CTI: outpatient follow-up, self-management of medications, recog-

nition of red flag symptoms and use of a personal health record. This adapted CTI

was assessed through a preplanned subgroup analysis within a randomized con-

trolled trial evaluating the effectiveness of CTI. The primary outcome was the read-

mission rate at 30 days to the emergency department (Shah et al., 2022).

For Lever (3) we focus on interventions aimed at reducing 30-day hospital readmis-

sions. Although there are successful examples of interventions that reduce hospi-

tal readmissions at 30 days among elderly and high-risk patients, we did not iden-

tify an intervention with a similar impact that specifically targeted people living

with dementia. Instead, for this lever, we use the findings of a retrospective co-

hort study of community-dwelling dementia patients, which assessed the link be-

tween high primary care continuity and potentially avoidable 30-day hospital read-

missions (Godard-Sebillotte et al., 2021)

Composite Strategies

To examine the hypothesis that integrating more than one lever into a composite

strategy to reduce multiple transitions out of the community can offer additional

gains in extending time at home for people living with dementia, we also assess

hypothetical composite strategies. These composite strategies are combinations of
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the three interventions described above (Levers 1, 2, and 3). We evaluate three two-

lever composite strategies (levers 1 and 2, levers 1 and 3, levers 2 and 3) and one

composite strategy that incorporates all three levers. The submodel with the relevant

set of transitions affected by transitional care levers and composite strategies are

illustrated in Figure 4.1.

Effect of Transitional Care Strategies

The effect of interventions and the joint effect of composite strategies in reducing

transitions out of the community are modeled under proportional hazards. This

means that the effect of interventions scales the corresponding baseline intensities

(baseline hazards) by a constant factor relative to not receiving the intervention.

To illustrate this, consider lever (1) that only acts on the rate of transition from

community-based care to the nursing home. Under proportional hazards, the inten-

sity function for the ith individual within the jth strata that describes the transition

from community-based care to nursing home is expressed as:

λj(t, zi(g(t)), ui)C,NH = λ0(t; θj)C,NH e
(

β zi(g(t))+γui

)
(4.3)

Where λ0(t; θj)C,NH is the baseline hazard function which can belong to any of the

parametric models or flexible parametric models considered, and is parameterized

by the vector θ; β is a vector of time-fixed covariate effects; z(g(t)) is a vector of time-

varying covariates and g(t) is a function of time with respect to global time t; γ is a

time-fixed scalar treatment effect; and u is an indicator of receiving the intervention.

Now consider a composite strategy that acts on transition of care levers (1) and (2),

that is, the transition from community-based care to the ER given a discharge from

the ER to the community and the transition from community-based care to nursing

home. In this case, the effect of this composite strategy is represented by the vec-

tor γ⃗ = [γ1, γ2]. The corresponding intensity functions for these transitions under

strategy (2) are:

λj(t, zi(g(t)), ui, X(Tn−1) = ER)C,ER = λ0(t; θj)C,NH e
(

β zi(g(t))+γ1ui

)
(4.4)

λj(t, zi(g(t)), ui)C,NH = λ0(t; θj)C,NH e
(

β zi(g(t))+γ2ui

)
(4.5)
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Where the indices C ,NH, and ER denote community, nursing home, and emergency

room, respectively.

Two things should be noted from this representation. First, to model the effect of

interventions that reduce 30-day ER readmissions, we incorporate one degree of

state dependence to the intensity function λj(t, zi(g(t)), xi, XT−1 = ER)C,ER, where

(X(Tn−1) = ER) denotes that the state in the previous event-time (Tn−1) was the

ER. Under no intervention, state-dependency is not included. The same approach is

used for strategies that reduce 30-day hospital readmissions since treatment assign-

ment also depends on being previously discharged from the hospital to the com-

munity. Second, since we fit intensity functions for each of the 24 strata, the base-

line hazards, λ0(t; θj), are strata specific. This approach allows for incorporation of

strata-specific treatment effects of the interventions and strategies; however, in this

study, we will assume that the treatment effect(s) under each intervention and strat-

egy are common across all strata.

Cost of Strategies

We assign to each intervention a cost of implementation per person per month.

The intervention that affects transition rates from the community to nursing homes,

ADC, costs $106.00 usd per month as reported in the literature(Jennings et al., 2019).

For interventions that reduce 30-day emergency department and hospital readmis-

sions, the costs per person per month are not reported. For these interventions, we

used study data on the type and number of personnel needed to deliver each inter-

vention and estimated the cost per person per month. For the modified CTI inter-

vention that reduces 30-day ER readmissions we calculate that the cost per person

per month is $247.00 usd, and for the hypothetical intervention that reduces 30-day

hospital readmissions we estimate a cost per person per month of $358.15 usd. For

composite strategies, we assume that the costs of each of the one-lever interventions

can be summed. (Appendix C)

Accessibility, Eligibility, and Duration of Treatment

We simulate treatment duration of 18 months for all interventions and composite

strategies. Accessibility to treatment is assumed to be perfect for all individuals in

the simulation, i.e., if a person is eligible, they receive the intervention. The eligibil-

ity criteria consists of being 65 years or older diagnosed with dementia and living

in the community at any time during the 18 months of treatment duration. For in-

terventions that reduce 30-day ER readmissions it is also necessary that the person

living with dementia is discharged from the ER to the community to be eligible for
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the intervention. Similarly, for the intervention that reduces 30-day hospital read-

missions it is necessary that the person living with dementia is discharged from the

hospital to the community to be eligible. For composite strategies, the eligibility

criteria combine the criteria for the one-lever interventions that compose them. For

example, a person under composite strategy (1 & 2), would be eligible if they were

discharged from the ER to the community during the 18 months of treatment dura-

tion and would experience both effects, i.e. a reduction in intensity to transition to

the nursing home and a reduction in intensity to revisit the ER in the 30 days post-

discharge. If the same person had not visited the ER previously, but is receiving

care in the community during the 18 months of treatment duration, under compos-

ite strategy (1 & 2) they would still experience the effect of reducing the intensity of

transition to the nursing home. The same logic is applied to the other three compos-

ite interventions.

After each transition occurs, the simulation assesses the eligibility of a person to

receive the intervention based on the previous setting of care, X(Tn−1); the current

setting of care, X(Tn); and the global time of the simulation, t. If the criteria are

met, the corresponding intensity functions under treatment are used to draw latent

transition times and determine the next setting of care.

Comparative Effectiveness and Cost-effectiveness Analysis.

Across interventions/strategies, we compare average 30-day ER and hospital read-

missions, NH admissions, and length of stay (LoS) in the community. We simulate

50,000 trajectories for each intervention/strategy and the control scenario where no

intervention is in place (standard of care).

For cost-effectiveness analysis, we adopt a health system perspective and run a com-

peting choice analysis. We sort each intervention/strategy in increasing order of to-

tal lifetime cost and compute incremental cost-effectiveness ratios (ICER) for each

intervention as the incremental expected discounted cost of care divided by the in-

cremental expected discounted quality adjusted life years (QALYs) or as the incre-

mental expected discounted cost of care divided by the incremental expected years

in the community (natural units). We assume that the health care payer has the ca-

pacity to implement all composite strategies without incurring additional care costs

(e.g., no cost to coordinate different health care providers). Under this assumption,

we identify the cost-effectiveness frontier (CEAF), where the reference for incremen-

tal costs and benefits is the next-best alternative on the list of strategies sorted by

increasing total costs. We applied a 3% annual discount rate to future care costs and

QALYs.
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4.4 Sensitivity and Uncertainty Analysis

In sensitivity analysis, we compare interventions / strategies with their own control

comparison, i.e., each intervention is compared to standard of care. This analysis

reflects situations where only one intervention/strategy is a feasible alternative. In

addition, we conducted a one-way sensitivity analysis from a health system perspec-

tive by varying "optimistic" (would favor the intervention/strategy) or pessimistic

(would favor standard of care) assumptions regarding the effectiveness of the in-

terventions/strategies (Jutkowitz et al., 2023). This means that we evaluate (2) ver-

sions of each one-lever strategy, (22 = 4) versions of each two-lever strategy, and

(23 = 8) versions of the three-lever strategy. In this study, we did not perform a

structural sensitivity analysis on the treatment regimes (e.g., delayed treatment ef-

fects or residual effects after the intervention ended) nor a probabilistic sensitivity

analysis to assess the effect of parameter uncertainty (e.g., uncertainty from the hrqol

estimates used).

4.5 Results

Synthetic Cohort

Table 4.2 and Figure 4.2 compare baseline characteristics observed in the RHF ana-

lytic cohort versus baseline characteristics in the synthetic cohort generated by sim-

ulation (n = 5, 000 and 50, 0000). Comparison of pairwise correlations shows that the

simulation captures correlations between pairs of baseline characteristics observed

in the analytic cohort.

Cumulative Chronic Health Conditions over Time

Figure 4.3 overlays the interquartile range of the cumulative number of chronic

health conditions over different time horizons observed in the analytic sample with

the interquartile range of the cumulative number of chronic health conditions from

the simulation (n = 50,000). At baseline, three, five, and ten years, the median, as

well as the first and third quartiles of the distribution of cumulative chronic condi-

tions observed in the analytic sample fall within the interquartile range of the model

predictions.

Trajectories of Care: Length of Stay in each Setting of Care

Figure 4.4 overlays the interquartile range of the length of stay (days) in each setting

of care observed in the analytic sample with the interquartile range of the length of
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stay (days) in each setting of care from the simulation (n = 50,000). The interquartile

range of simulation predictions covers the range of the observed length of stay in

each setting of care, in the analytical sample of the RHF.

4.5.1 Comparative Effectiveness of Transitional Care Interventions and
Strategies

During the first 18 months (i.e., treatment duration), the composite strategy that

reduces NH admissions, and 30-day hospital and ER readmissions is the most ef-

fective in increasing average LoS in the community (63.3 days SE(0.876)) compared

to standard of care (61.2 days SE(0.811)), increasing the LoS by 2.1 additional days

on average. Among one-lever strategies, the strategy that reduces 30-day ER ad-

missions is the only strategy to increase average LoS in the community (62.3 days

SE(0.854)) compared to standard of care, prolonging LoS in the commmunity by 0.6

additional days on average. (Table 4.3)

During a lifetime and among one-lever strategies, reducing 30-day ER readmissions

is the only strategy that increases LoS in the community on average (170.0 days

SE(1.784)). All composite strategies, except reducing NH admissions and 30-day

hospital readmissions, increase average LoS in the community compared to stan-

dard of care. The two-lever composite strategy that reduces NH admissions and

30-day ER readmissions is the most effective (173.0 SE (1.877)), adding 15.3 days

to the average LoS in the community compared to standard of care (157.7 days SE

(1.480)). (Table 4.3)

4.5.2 Cost Effectiveness Analysis of Transitional Care Interventions and
Strategies

Incremental Cost Effectiveness, ($/QALY)

From a healthcare payer perspective and over a lifetime time horizon, the interven-

tion that reduces 30-day ER readmissions and the composite strategy that reduces

30-day ER and hospital readmissions are cost-saving, that is, these interventions in-

crease QALYs and cost less relative to standard of care. The composite strategy that

reduces nursing home admissions and 30-day ER readmissions and the composite

strategy that reduces nursing home admissions and 30-day ER and hospital read-

missions were both more effective than cost-saving interventions / strategies, but

also cost more. (Table 4.4) These four interventions/strategies are the only ones that
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are potentially cost-effective, since they are the only alternatives that lie on the cost-

effectiveness frontier. All other interventions/strategies are dominated. (Figure 4.5)

Incremental Cost Effectiveness, ($/Year in the Community)

When we consider benefits in the natural unit of years gained in the Community,

the intervention that reduces 30-day ER readmissions and the composite strategy

that reduces 30-day ER and hospital readmissions remain as cost-saving alternatives.

The composite strategy that reduces nursing home admissions and 30-day ER and

hospital readmissions is more effective than cost-saving interventions/strategies,

but also costs more. (Table 4.5)These three interventions/strategies lie on the cost-

effectiveness frontier, while all other interventions are dominated. (Figure 4.6)

Sensitivity Analysis

The intervention that only reduces 30-day hospital readmissions and the composite

strategy that reduces nursing home admissions and 30-day hospital readmissions

are dominated by standard of care, since they cost more and reduce years in the

community or QALYs. The intervention that reduces nursing home admissions in-

creased 0.02 years in the community and 0.003 QALYs relative to standard of care,

and increases lifetime costs by $3, 688.0. The composite strategy that reduces nursing

home admissions and 30-day ER readmissions yields an additional 0.24 years in the

community and 0.12 QALYs, as well as additional lifetime costs of $159.59. The com-

posite intervention that reduces nursing home admissions, and 30-day ER and Hos-

pital readmissions achieves the most benefits, adding 0.34 years in the community

and 0.126 QALYs, and increasing lifetime costs by $1, 739.23. (Table C.3 in Appendix

C) After varying the effectiveness of treatment in one-way sensitivity analysis, the

results did not change. (Table C.4 in Appendix C)

4.6 Discussion

In this study, we model care trajectories that represent the experience of Medicare

beneficiaries diagnosed with dementia as they age and transition between different

settings of care after being diagnosed, as well as the associated costs that Medicare

has to reimburse for providing care to this population. Using this model, we eval-

uated evidence-informed interventions that can reduce transitions out of home and

community-based care by successfully supporting people living with dementia and

their family caregivers in meeting their care needs within their communities.
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Our contribution is twofold. First, we provide novel evidence comparing the re-

imbursement implications and benefits of three existing interventions that are de-

livered in different settings of care, something that is only possible by recognizing

the multiple pathways through which a person living with dementia may end up

receiving care outside of their community. Second, we provide the first evidence on

the benefits of four more ambitious (but still hypothetical) interventions that simul-

taneously address two or three of these pathways, underscoring the potential value

of leveraging the complementarities inherent in existing interventions.

Adopting a health care payer perspective, the three existing interventions we evalu-

ated had modest or no benefits in prolonging time in the community and quality of

life compared to standard of care. With exception of reducing 30-day ER readmis-

sions, which reduces lifetime care costs, the other two interventions increased life-

time care costs by different magnitudes and are dominated. The intervention that

reduces nursing home admissions had the highest lifetime cost increase, as it is the

only intervention of the three that provides long-term support, while the other two

provide intermittent support limited to one month after discharge from the ER or

the hospital. Considering the four composite interventions that reduce two or three

transitions out of the community, our analysis shows that the strategy that reduces

30-day ER and hospital readmission is cost-saving (increase time in the community

and QALYs, as well as reduce lifetime care costs). The composite intervention that

reduces nursing home admission and ER and hospital readmission is the most ef-

fective but the second most costly compared to standard of care (but still potentially

cost-effective), while the strategies that reduces nursing home admissions and ER

readmissions reduces lifetime care costs, but also reduces time in the community.

Under the assumption that the implementation of composite strategies would not

entail additional costs and efficiency losses associated with coordination between

different health care providers, our model predicts that composite interventions that

reduce nursing home admissions and additionally reduce ER and/or hospital read-

missions are more cost-effective than any of the three non-composite existing inter-

ventions that we evaluated. However, this assumption might be unrealistic given the

existing challenges that exist to coordinate care provision and maintain continuity

of care for the dementia population. The one-way sensitivity analysis provides fur-

ther insight into the consequences that efficiency losses can have on determining the

cost-effectiveness of composite interventions. In pessimistic scenarios under which

composite interventions would have lower effectiveness due to potential efficiency

losses, composite strategies are still cost saving or cost-effective (i.e., remained on

the cost-effectiveness frontier). Insensitivity to variation in treatment effects should
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encourage policymakers and payers to allocate resources for the implementation,

evaluation, and potential reimbursement of composite interventions.

We note several limitations in our study. First, in estimating care trajectories models,

we rely on dementia classification based on the information available in Medicare

claims files, which has been shown to undercount dementia cases. This limitation

could affect the magnitude (in absolute terms) of the estimated costs and benefits of

strategies, but would not affect the assessment of the relative performance of strate-

gies in terms of incremental benefits and costs. Second, our model does not directly

incorporate the severity and progression of dementia, which limits the assignment

of severity-specific costs and benefits. However, our model integrates an explicit

dependence on the progression of chronic health conditions and the time since the

diagnosis of dementia, both strong predictors of the progression of dementia. In fu-

ture work, we will expand our model to explicitly incorporate disease progression

and its influence on patterns or care over time, which will also allow the evaluation

of pharmacologic interventions that slow cognitive and functional decline. Third, al-

though we performed a one-way sensitivity analysis to evaluate scenarios assuming

different strengths of treatment effects, we did not explore the potential structural

sensitivity to different treatment regimes and time delays of treatment effects. This

limitation could affect our assessment of benefits and costs, especially for strate-

gies that provide long-term support, such as strategies that reduce nursing home

admissions. Furthermore, we do not evaluate interventions from a societal perspec-

tive; however, previous studies evaluating the cost-effectiveness of reducing nursing

home admission showed societal benefits of interventions that increase time in the

community for the person with dementia (Jutkowitz et al., 2023). Since these in-

terventions showed similar results in extending time in the community as the set of

interventions that we evaluate in this study, it is likely that once evaluated, interven-

tions that reduce ER visits and/or hospital readmissions can be cost-effective from

a societal perspective. In future work, an evidence-based assessment of the societal

value of these interventions will be evaluated.

Finally, even though we leveraged the richness of the data from the residential his-

tory file and other claims data to estimate care trajectories, chronic health conditions,

and Medicare costs, our model still relies on different sources of evidence to inform

other dynamics; for example, health-related quality of life, treatment effects, and

costs associated with Medicaid reimbursed nursing home stays. The uncertainty

associated with these sources of evidence will be evaluated in future work via prob-

abilistic sensitivity analysis (forward Monte Carlo) and will provide more evidence

about the robustness of our findings.
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4.7 Conclusion

We identify a set of interventions and composite strategies that increase the time

spent in the community by people living with dementia. The subset of these inter-

ventions with ICERS that remain below or close to the threshold of 150, 000 usd per

QALY presents an opportunity to adequately serve Medicare living with dementia

without incurring prohibitive expenditures. Additional gains in prolonging time in

the community among people living with dementia can be achieved by implement-

ing composite interventions that complement the benefits of reducing nursing home

admissions in a cost-effective way.
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4.8 Figures and Tables

FIGURE 4.1: Transition of Care Levers and Strategies. We exclude
other potential transitions that the strategies in the Figure do not in-
fluence. One-lever strategies only act on a single transition out of
community-based care (levers 1, 2, or 3). Two-lever strategies act on
pairs of transitions out of community-base care( pairs of levers: (1
and 2), (1 and 3), or (2 and 3)). The three-lever strategy acts on the
three transition out of community-based care (levers 1 and 2 and 3).
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FIGURE 4.2: Correlation Matrices of Baseline Characteristics by Race,
Analytic Sample versus Simulation
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FIGURE 4.3: Interquartile Range of the Cumulative Chronic Health
Conditions over different Time Horizons

FIGURE 4.4: Interquartile Range of the Length of Stay (days) by Set-
ting of Care
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FIGURE 4.5: Cost-Effectiveness Frontier of Transitional Care Inter-
ventions that Increase Time in the Community (Effect: QALYs)

FIGURE 4.6: Cost-Effectiveness Frontier of Transitional Care Inter-
ventions that Increase Time in the Community (Effect: Years in the

Community)
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TABLE 4.2: Baseline Characteristics

Baseline Characteristics Analytic Sample* Simulation Simulation
n = 9,232 n = 5,000 n = 50,000

AD/ADRD Incident Age, yrs
65-74 2,238 (24.2%) 1,120 (21.7%) 11,055 (22.1%)
75-84 3,864 (41.9%) 2,330 (47.4%) 23,570 (47.1%)
85-94 2,852 (30.9%) 1,326 (27.0%) 13,426 (26.9%)
95 278 (3.0%) 224 (4.9%) 1,949 (3.9%)

Mean(SE) 80.5 (7.9) 80.7 (7.9) 80.7 (7.9)
Median(25th pctile., 75th pctile.) 81 (75, 87) 80 (74, 85) 81 (75, 85)

Female 5,706 (61.8%) 3,091 (61.8%) 30,850 (61.7%)

Race
White non-Hispanic 7,790 (84.3%) 4,196 (83.9%) 42,060 (84.1%)
Black non-Hispanic 852 (9.2%) 497 (9.9%) 4,645 (9.3%)
Other/Unknown 590 (6.4%) 307 (6.1%) 3,275 (6.6%)

Baseline Chronic Health Conditions (ever diagnosed)
Mean(SE) 4.4 (0.02) 4.3 (0.03) 4.3 (0.01)
Median(25th pctile., 75th pctile.) 4 (3, 6) 4 (3, 6) 4 (3, 6)

AD/ADRD: Alzheimer’s Disease and Alzheimer’s Disease Related Dementias
* Analytic sample is derived from the residential history file using 5% of all Medicare claims files for a cohort of AD/ADRD diagnosed
beneficiaries between 2011 and 2020.
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Chapter 5

Conclusion and Discussion

In this dissertation, we investigate the various aspects involved in the correct quan-

tification of collective preferences for dyads composed of people living with demen-

tia and their informal caregivers as well as the intricate dynamics of care transitions

that people living with dementia experience throughout their lifetime. We addition-

ally assess the impact and cost-effectiveness of population-level nonpharmacoligc

interventions that support people living with dementia to age safely at home.

In Chapters 1 and 2 we propose a novel model of dyadic health-related quality of

life based on the Archimedean utility copula and show how to estimate this type

of model from real-world data on the health status and preferences of people liv-

ing with dementia and their caregivers. With this new measure, policy and decision

makers can quantify and incorporate the collective gains and losses that dyads of

people living with dementia and caregivers experience as a result of interventions

that, for example, directly impact clinical characteristics related to dementia and

indirectly impact caregiver’s health status and well-being. In contrast to previous

methodologies, our dyadic model of health-related quality of life takes into account

the inherent interrelation that exists between the well-being of the person living with

dementia and their caregivers and offers additional flexibility to model and evaluate

dyadic decision problems that would typically fall outside of the scope of traditional

frameworks. For example, situations where decision-makers are concerned with the

health-related quality of life of the dyad but inevitably one member of the dyad will

die at a different time than the other member during the time horizon of the study.

This new measure is also consistent with the axioms of preference and utilities used

in decision analysis and economic evaluations, allowing researchers and analysts to

incorporate the collective health-related quality of life of dyads in familiar forms,

such as time-trade-off weights and quality adjusted life years, thus facilitating its

inclusion into standard practice.

In Chapter 3 we develop a novel discrete event system simulation to represent the
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dynamics of transition between settings of care among the Medicare population di-

agnosed with dementia. To make our model more realistic, we allow transition in-

tensities between settings of care to vary over time. In addition, we also allow tran-

sition intensities to vary as the number of cumulative chronic health conditions of

people living with dementia changes over time, as well as incorporate the effect of

sociodemographic characteristics (age, sex and incident age) through stratification of

transition intensity models. With this model, we obtained a reasonable representa-

tion of the patterns of transition of Medicare beneficiaries diagnosed with dementia,

the average length of stay in each of these settings of care, as well as the most com-

mon transitions out of community-based care.

With this representation of the continuum of care, we evaluated nonpharmacologic

transitional care interventions that reduce avoidable nursing home admissions, 30-

day ER and hospital readmissions and ultimately support people living with de-

mentia to age safely at home. In addition, we evaluate combinations of these inter-

ventions that could reduce two or three of these transitions out of community-based

care. We compare interventions and composite strategies on several outcomes in-

cluding the average number of nursing home admissions, 30-day ER and hospital

readmissions, as well as the average length of stay in the community and the av-

erage total time in the community. Furthermore, we incorporate both lifetime care

costs and QALYs to calculate incremental cost-effectiveness ratios and evaluate the

cost-effectiveness of interventions and composite strategies. We found that, with the

exception of the intervention that only reduces 30-day hospital readmissions and

the composite strategy that reduces nursing home admissions and 30-day hospital

readmissions, all strategies increase total time in the community and QALYs. Inter-

ventions and composite strategies that reduce 30-day ER readmissions are the most

cost-effective since they produce the highest benefits at the lowest cost or are cost

saving.

In relation to dyadic preferences and utilities, future work will extend our methodol-

ogy to account for parameter and structural uncertainty, something not considered

in its present formulation. In this dissertation we assumed that there was no het-

erogeneity in the preferences and risk aversion profiles of members of the dyads

and that a single dyadic preference or utility model is a good representation of the

dyadic preferences of a population of dyads. In practice, this assumption might be

unrealistic, for example if a population of dyads is better represented as a mixture

of different preference profiles. To address parameter uncertainty, we will integrate

a Bayesian approach that allows for comprehensive quantification of uncertainty in

parameter estimates, such as the uncertainty around the association parameter of
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the Archimedean utility copula, as well as the incorporation of prior knowledge and

expert opinion on the parameters (e.g., risk aversion parameters) that describe the

individual preferences of members of the dyads.

Finally, future work related to the model-based evaluation of non-pharmacological

interventions will investigate the effect of parameter uncertainty in the cost-effectiveness

analysis via forward Monte-carlo methodologies. Additionally, the incorporation of

a module that explicitly relates dementia stage progression with patterns of tran-

sition across settings of care will allow for the evaluation and assessment of the

comparative and cost-effectiveness of pharmacologic and non-pharmacologic inter-

ventions that impact clinical characteristics, such as the rate at which cognitive and

functional abilities of people living with dementia decline over time. Finally, as cur-

rent clinical trials evaluating new pharmacological interventions and technologies

are finalized and estimates of their effectiveness are made available, we will expand

our model to include a broader set of interventions and strategies and evaluate their

value.
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Appendix A

A.0.1 Example of a dyadic decision problem

Let us imagine two people (Person A, Person B) confronted with a decision that will

affect them both. For simplicity, suppose that they are deciding where to go to have

dinner. Person A is a cheese (C) enthusiast and Person B loves a good tomato sauce

(S); naturally they narrow down their options and agree that they both want to have

pizza for dinner. There are three pizza shops (PZ1, PZ2, PZ3) in the neighborhood

and so they most decide to which shop to go.

Can they find an option that satisfies both of them?

A.1: WEAK ORDER OVER ALTERNATIVES Both Person A and Person B must be able

to establish a preference relation between the three possible pairs of pizza shops (PZ1

vs PZ2; PZ2 vs PZ3; PZ1 vs PZ3), i.e. they must have complete preferences; and both

their preferences must be transitive, e.g. if A or B prefer PZ1 over PZ2, and PZ2 over

PZ3 it must be that they prefer PZ1 over PZ3. We will say that they have preferences

such that they can establish a weak order over the different pizza alternatives.

A.2: ATTRIBUTE AWARENESS Although Person A cares a lot about cheese and

Person B cares a lot about tomato sauce, we will assume that they will consider into

their decision both the quality of cheese (%fat) and the quality of sauce (simmering

hours). In this scenario we will say that Person A and Person B are symmetrically

aware of the two attributes of the decision alternatives, since both of them consider

cheese and sauce into their preference for pizza alternatives.
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"Why is this important?"

Imagine that we extract the following reviews from yelp and organize the information

into the following table:

Pizza Shop Cheese Quality (%fat) Tomato Sauce Quality

(Simmering hrs)

PZ1 50% 2-3hrs

PZ2 25% 4-6hrs

PZ3 5% 1hr

Assume that for Person A more fat is better quality in cheese, and for Person B more

hours simmering results in a better tomato sauce. It is easy to see that if Person A

decides based only on quality of Cheese, then Person A would choose PZ1; on the

other hand, if Person B only decides based on quality of tomato sauce, then person

B will choose PZ2. In this scenario of purely individualistic awareness there is little

room for agreement between Person A and Person B. However, If Person A and

Person B are symmetrically aware of the two attributes of the pizza alternatives, i.e.

decide based on both cheese and sauce, there is room for them to find a choice that

satisfies both of them if the structure of their preferences over attributes allows it.

A.3: ADDITIVE ORDINAL PREFERENCES If Person A and B are symmetrically aware

of the two attributes of pizza alternatives (cheese and sauce) there is room for them

to find a common choice of pizza shop. One possibility for finding agreement in their

decision relies on them having a particular way of thinking about the individual at-

tributes of pizza alternatives, specifically that they can rank each pizza alternative

based only on one of the attributes at a time. If this is the case, then their individual

preferences for pizza shops can be described as the sum of their individual rankings

for cheese and sauce. Each person, will then have a ranking for pizza alternatives that

is the result of adding their rankings based on cheese and their rankings based on

sauce. If either of them could not exert a ranking about pizza alternatives based only

on one attribute at a time then we could not add the rankings of pizza alternatives

to describe their preferences and would require more elaborate formulations of their

preferences.
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A.3: SYMMETRIC AGREEMENT Finally, for agreement to exist between Person A and

Person B about the choice of pizza shops they need to have equivalent preferences

over the attributes that matter to the other person. In this example we assumed that

Person A preferred cheese with higher % fat but we didn’t make any statements

about how Person B thinks about the quality of cheese. Imagine that Person B is

under a nutritional regime that constrains saturated fat consumption, so Person B

actually prefers cheese with lower % fat. If this was the case, even if both Person A

and Person B can establish a weak order over pizza alternatives (A.1), consider both

Cheese and Sauce as decision-relevant attributes (A.2), and can rank their choices

thinking about each attribute at a time (A.3), there wont be agreement in the choice

of pizza alternatives, because Person B will rank lowest the alternatives that Person

A ranks highest based on % fat of cheese.

Person A and Person B have to have preferences that yield equivalent orderings

of pizza choices based on each attribute at a time. This means that Person B

also needs to prefer more % fat for cheese and Person A must prefer tomato

sauce that is simmered for longer time. For example, Person A’s preferences

could yield the following ranking over pizza shops based only on cheese quality

RA,Cheese(PZ1, PZ2, PZ3) = (3), (2), (1), and the following ranking based only

on simmering hours of tomato sauce RA,Sauce(PZ1, PZ2, PZ3) = (2), (3), (1).

The ranking of Person A for pizza shops based on both attributes is then

RA(PZ1, PZ2, PZ3) = RA,Cheese + RA,Sauce = (3 + 2), (2 + 3), (1 + 1) = (5), (5), (2).

Person A would be indifferent between choices PZ1, PZ2. Now, consider Per-

son B’ preferences (in this case completely opposite to Person A) that yield the

following ranking based on cheese only RB,Cheese(PZ1, PZ2, PZ3) = (1), (2), (3),

and the ranking based on sauce only RB,Sauce(PZ1, PZ2, PZ3) = (2), (1), (3).

Person B’s ranking for pizza shops based on both attributes is then

RB(PZ1, PZ2, PZ3) = RB,Cheese + RB,Sauce = (1 + 2), (2 + 1), (3 + 3) = (3), (3), (6).

Person B would strictly prefer PZ3. This is an example where Person A prefers more

% fat in cheese and more simmering hours in tomato sauce and Person B prefers

less % fat in cheese and less simmering hours in sauce. Their preferences yield

different rankings based on each attribute at a time and summing these rankings

yield different rankings over pizza shops.
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"which preferences would yield equivalent rankings from Person A and B?"

Suppose that each Person assigns a numerical value between (0− 100) to each of the

pizza shops based on their preference for cheese and sauce. Suppose Person A assigns

(70, 50, 10) to options PZ1, PZ2, PZ3 based on cheese; and (40, 60, 5) based on sauce.

On the other hand Person B assigns (30, 20, 10) based on cheese, and (20, 30, 10) based

on sauce. Although numerically, their preferences indicate different preferences, the

rankings for both Person A and Person B are identical,i.e., for Person A and Person B

the ranking based on cheese is RA,cheese(70, 50, 10) = (3, 2, 1) = RB,cheese(30, 20, 10);

and the ranking based on sauce is RA,sauce(40, 60, 5) = (2, 3, 1) = RB,sauce(20, 30, 10).

Since for both we know we can add the individual ranking of each attribute, their

preference for Pizza alternatives can be represented by the Rankings: RA,Pizza = (3 +

2), (2 + 3), (1 + 1) = (5), (5), (2) = RB,Pizza. In this case, since both have strictly

increasing preferences over % of fat in cheese and simmering hours of tomato sauce,

their preferences are represented by the same ordering ranking. In this case, both

Person A and Person B would be indifferent between PZ1 and PZ2, and both would

prefer any of these two option over PZ3.
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A.0.2 Axioms of von Neumann-Morgenstern Utility

The von Neumann-Morgenstern (vNM) utility representation relies on a set of ax-

ioms pertaining to lotteries:

• Completeness: asserts a complete weak order of preferences of decision alter-

natives. E.g.: consider decision alternatives a and b, then under completeness,

I can always assert a preference relation ≿ between them, such that either al-

ternative is preferred to the other, or I am indifferent between them.

a ≿ b or b ≿ a

• Transitivity: Consider three decision alternatives a, b, c. Transitivity means

that if I prefer a to b (a ≿ b), and b to c (b ≿ c), then by transitivity it must be

that I also prefer a to c (a ≿ c).

• Continuity: Consider three ordered lotteries A, B, C and a complete strict or-

der between them A ≻ B ≻ C. By continuity there exists a probability π

that would make me indifferent between receiving alternative B or receiving a

lottery that yields alternative A with probability π or alternative C with prob-

ability (1− π).

• Independence: Refers to the independence of preferences with respect to weighted

sums of lotteries. Consider three lotteries A,B,C, if A ≻ B and α ∈ [0, 1], then

by independence:

αA + (1− α)C ≻ αB + (1− α)C

and, if A ∽ B, then

αA + (1− α)C ∽ αB + (1− α)C



Appendix A. 105

A.0.3 Existence and Uniqueness of a von Neumann-Morgenstern Utility
Representation

In this subsection, we sketch the proof of the existence and uniqueness of a vNM

numerical representation of utilities. In this subsection, I will adhere to the notation

used in (Von Neumann and Morgenstern, 1947) to simplify the exposition. Reference

to lemmas and theorems that appear in (Von Neumann and Morgenstern, 1947) and

are used in this subsection will be bolded.

Let us first state the objective as laid out by vNM. We want a numerical representa-

tion of utilities, w→ v(w), that satisfies:

• u ≻ v =⇒ v(u) > v(v) , preserves weak order over consequences (3:1:a)

• v
(
αu + (1− α)v

)
= αv(u) + (1− α)v(v) , v() is a linear operator (3:1:b)

for any u, v.

The proof of existence and uniqueness of this representation can be broken down

into 3 main results, which I sketch below and with emphasis on the "uniqueness"

part of the theorem.

Result 1: normalized utility function h(w)

Before proving that such w → v(w) exists, vNM first prove the constrained case, in

which a numerical representation arbitrarily normalized to (0, 1), w → h(w), exists

and is unique up to identity transformations. For u∗, v∗ s.t. v∗ ≻ u∗, h(w) has the

following properties:

• h(u∗) = 0

• h(v∗) = 1

• v ≻ u =⇒ h(v) > h(u)

• For 0 < γ < 1 and v ≻ u, h
(
1− γ)u + γv

)
= (1− γ)h(u) + γh(v)

Existence of w → v(w) with these properties is proven in Lemma A:R, and unique-

ness in Lemma A:S. However, w → v(w) does not match the desired properties

above, i.e., 3:1:a and 3:1:b, since h(w) is normalized to an arbitrary scale and it is

proven for only the case v ≻ u.



Appendix A. 106

Result 2: auxiliary Lemmas A:T and A:U

A:T states that it is always true that (1− γ)u + γu = u, for 0 < γ < 1, where the

proof is by contradiction (not shown here). On the other hand, A:U states that it is

always true that h
(
(1− γ)u + γv

)
= (1− γ)h(u) + γh(v), for 0 < γ < 1 and for any

u, v. The proof of A:U is illustrative since it shows that since A:T is true, then A:U

holds for any u, v, i.e., u ≻ v, v ≻ u, or u ∼ v.

Result 3: existence and uniqueness of w→ v(w)

Since the existence and uniqueness of w → h(w) is proven (not shown) as well as

Lemmas A:T, A:U, we can now show that the mapping w → v(w) with properties

3:1:a and 3:1:b exists and is unique up to positive affine transformations.

Existence (A:V): Lemma A:V shows that with auxiliary Lemmas A:T, A:U, w →
v(w) exists and has properties 3:1:a and 3:1:b. (not shown here)

Uniqueness (A:W): Uniqueness of w→ h(w) is shown in three steps:

• Result 3.1: First, VNM show that for v∗ ≻ u∗, we can find a map, ϕ1 : h → v,

between a numerical representation h(w) that is arbitrarily normalized to (0, 1)

and with properties as in Result 1, 1 and the numerical representation, v(w),

by setting

h(w) =
v(w)− v(u∗)
v(v∗)− v(u∗)

⇔

v(w) = [v(v∗)− v(u∗)]h(w) + v(u∗)

⇔

v(w) = α0h(w) + α1

where α0 = [v(v∗)− v(u∗)] > 0, α1 = v(u∗), and v(u∗) < v(v∗) by definition

of v(·)

• Result 3.2: Similarly, we can find a map, ϕ1 : h → v′, between the normalized

h(w) and a second numerical representation v′(w), by setting

h(w) =
v′(w)− v′(u∗)
v′(v∗)− v′(u∗)

⇔
1Lemmas A:R, A:S are used here.
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v(w) = [v′(v∗)− v′(u∗)]h(w) + v′(u∗)

⇔

v(w) = α′0h(w) + α′1

where α′0 = [v′(v∗)− v′(u∗)] > 0 and α′1 = v′(u∗)

• Result 3.2: Finally, using Results 3.1, 3.2, vNM show that a unique mapping,

ϕ : v(w) → v′(w), exists between v(w), v′(w), by equating Result 3.1 with

Result 3.2

v(w)− v(u∗)
v(v∗)− v(u∗)

=
v′(w)− v′(u∗)
v′(v∗)− v′(u∗)

⇔
v(w)− α1

α0
=

v′(w)− α′1
α′0

Then, solving for v′(w) we have

α′0
α0

v(w) +
α0

α0
α′1 −

α′0
α0

α1 = v′(w)

⇔
α′0
α0

v(w) +
α0α′1 − α1α′0

α0
= v′(w)

⇔

w0v(w) + w1 = v′(w)

where w0 =
α′0
α0

> 0 and w1 =
α0α′1−α1α′0

α0
, as desired.

It should be noted that w0, w1 are fixed and that any arbitrarily defined h(w) can be

used. Additionally, it is worth illustrating that the uniqueness theorem implies that

if the two equivalent representations, v(w), v′(w), are transformed to an arbitrary

scale via ϕ−1
1 , and ϕ−1

2 , respectively, they must be identical to the normalized repre-

sentation, h(w). To show this, we must first verify that the inverse mappings ϕ−1
1 ,

and ϕ−1
2 exist. This can be easily done as follows:

For ϕ1(h(w)) = α0h(w) + α1 and inverse ϕ−1
1 (v(w)) = 1

α0
v(w)− α1

α0
we need to show

that ϕ1 ◦ ϕ−1
1 → Iv and ϕ−1

1 ◦ ϕ1 → Ih hold, where Iv, Ih are identity transformations,

i.e.:

• ϕ1
(
ϕ−1

1 (v(w))
)
= α0[

1
α0

v(w)− α1
α0
] + α1 = v(w)

• ϕ−1
1

(
ϕ1(h(w))

)
= 1

α0
[α0h(w) + α1]− α1

α0
= h(w), as desired
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For ϕ2(h(w)) = α′0h(w) + α′1 and inverse ϕ−1
2 (v(′w)) = 1

α′0
v′(w)− α′1

α′0
, we can show

that the same conditions are met (not shown here, but easy to follow the same steps

as above). Consequently, for two equivalent numerical representations v(w), v′(w),

v′(w) = ϕ(v(w)) =⇒ ϕ−1
1

(
ϕ1(h(w))

)
= h(w) = ϕ−1

2
(
ϕ2(h(w))

)
where ϕ, ϕ1, ϕ2 are positive affine transformations, and h(w) is an equivalent nu-

merical representation with the restriction that it is normalized to an arbitrary scale.

This result is trivially shown by applying ϕ−1
1 to Result 3.1, ϕ−1

2 to Result 3.2 and

equating the transformed results.
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A.0.4 Double-cancellation Property

To verify symmetric additive ordinal preferences a simple preference assessment

on both members of the dyad is required (Debreu, 1960). Consider two-attribute

consequences described by levels of X, Y. If a preference relation ≿ satisfies:

(x1, y1) ≿ (x2, y2), AND (x2, y3) ≿ (x3, y1)

=⇒ (x1, y3) ≿ (x3, y2)

then, ≿ can be represented by an additive preference function.

A.0.5 Multi-attribute Utility Functions

For the case when p = 1, and a von Neumann and Morgenstern (vNM) represen-

tation of utilities over a set of acts under risk, utilities represent the probability (π)

that makes a decision-maker indifferent between receiving an outcome with a spe-

cific attribute level (Y = y) with certainty, or receiving a binary lottery that yields

the most preferred realization of Y, e.g., max(Y), with probability π, and the least

preferred realization of Y, e.g., min(Y), with probability (1− π) (Abbas, 2018a).

Multi-attribute utility is an extension of vNM utility that considers models of utility

under risk that involve lotteries of multiple attributes, i.e. lotteries that yield multi-

dimensional consequences, y ∈ Rp; p > 1 (Keeney, Raiffa, and Meyer, 1993).

A.0.6 Two-attribute Utility Functions

In this section I summarize the main characteristics of multi-attribute utility the-

ory (Keeney, Raiffa, and Meyer, 1993), the necessary definitions, and notation that

I use in the construction of a dyadic utility function that is compatible with the

Archimedean copula. In this Appendix, I only consider the bi-variate case (i.e.,

p = 2) of multi-attribute utility functions without any indexing to any of the mem-

bers of the dyad, or the dyad itself.

Let Y1, Y2 denote two attributes of an outcome attached to acts, and let:

• U(Y1), U(Y2)denote the marginal utility functions over the attributes Y1 and Y2, respec-

tively.

• U(Y1, Y2) denotes the two-attribute utility function over Y1 and Y2. The two-attribute

utility function represents preferences under risk over the pairs Y = (Y1, Y2). The

utility obtained from U(Y1, Y2) represents the indifference probability π that makes a

decision-maker indifferent between receiving a paired outcome with specific attribute
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levels (Y1 = y1, Y2 = y2) with certainty, or receiving a binary lottery that yields the

most preferred realization of (Y1, Y2), e.g., (max(Y1), max(Y2)), with probability π;

and the least preferred realization of (Y1, Y2), e.g.,(min(Y1), min(Y2)), with probability

(1− π) .

• U(Y1, max(Y2)), U(max(Y1), Y2) denote the upper boundary curves of the two-attribute

utility surface. These are the curves traced on the utility surface U(Y1, Y2), when one of

the attributes is set to its maximum value. Likewise, U(Y1, min(Y2)), U(min(Y1), Y2)

denote the lower boundary curves of the two-attribute utility surface.

• ky1, ky2 denote the non-extreme corner values ; i.e. not (0, 0) or (1, 1), of the two-attribute

function U(Y1, Y2). ky1 denotes the instantiation U(max(Y1), min(Y2)) and ky2 denotes

the instantiation U(min(Y1), max(Y2)).

• U(Y1 | Y2), U(Y2 | Y1) denote the normalized conditional utility functions. Conditional

utility functions represent utility preferences under uncertainty over one-dimensional

outcomes Y1 or Y2, when we condition over the other attribute.

The normalized conditional utility function of attribute Y1 conditional on attribute Y2

is defined as:

U(Y1 | Y2) =
U(Y1, Y2)−U(min(Y1), Y2)

U(max(Y1), Y2)−U(min(Y1), Y2)

We can also define the conditional utility function of one attribute conditional on a spe-

cific value of the other attribute Y1 = λ(Y1) or Y2 = λ(Y2). Define λ(·) as a function

of the attribute that maps to a reference value in its domain, e.g., max(·) or min(·).In
this case, the normalized conditional utility function, U(Y1 | λ(Y2)), represents the

conditional indifference probability πY2=λ(Y2)
that makes a decision-maker indifferent

between receiving the consequence (Y1 = y1, Y2 = λ(Y2)) with certainty, or receiv-

ing a binary lottery that yields the most preferred realization of Y1 conditional on

Y2 = λ(Y2), e.g.: (max(Y1), Y2 = λ(Y2)), with probability πY2=λ(Y2)
, and the least pre-

ferred realization of Y1 conditional on Y2 = λ(Y2), e.g.: (min(Y1), Y2 = λ(Y2)), with

probability (1− πY2=λ(Y2)
).

U(Y1 | λ(Y2)) =
U(Y1, λ(Y2))−U(min(Y1), λ(Y2))

U(max(Y1), λ(Y2))−U(min(Y1), λ(Y2))

A.0.7 Assumptions About the Association between Utility of Attributes

Consider two-attribute utility functions U(Y1, Y2) that are continuous, bounded, nor-

malized to range between 0 and 1, and are defined over the domain [min(Y1), max(Y1)]×
[min(Y2), max(Y2)].
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• ATTRIBUTE DOMINANCE (Abbas and Howard, 2005): For utility functions that

are also strictly increasing with each attribute except at the minimum bound-

ary values U(Y1, min(Y2)) and U(min(Y1), Y2), the attribute dominance as-

sumption means that if either Y1 or Y2 are at their minimum values, the two-

attribute utility function is zero. We can express this via the 2-attribute utility

function as:

U(min(Y1), Y2) = U(Y1, min(Y2)) = 0

Under attribute dominance, the two -attribute utility function can be expressed

as the product of a normalized conditional utility functions and an upper bound-

ary utility function, as:

U(Y1, Y2) = U(max(Y1), Y2) ∗U(Y1 | Y2)

This result follows from the definition of normalized conditional utility and

attribute dominance condition. This assumption must not be confused with

the concept of stochastic dominance between decision alternatives. See (Levy,

1992), for details on stochastic dominance.

• MUTUAL UTILITY INDEPENDENCE (Keeney, Raiffa, and Meyer, 1993): If one

attribute Y1 is utility-independent of another attribute Y2, the decision-maker

can declare her preferences over lotteries that involve attribute Y1 without con-

sideration of the level of attribute Y2. This also means that the value of the

conditional preferences over Lotteries of Y1 conditional on a reference value of

Y2, e.g., max(Y2), does not change as we vary the reference value of Y2. For a

given realization of Y1 = y1, the conditional utilities are equivalent regardless

of which reference value of Y2 we condition on : U(Y1 = y1 | max(Y2))) =

U(Y1 = y1 | min(Y2)).

Mutual utility-independence is the special case when Y1 is utility independent

of Y2 and Y2 is also utility independent of Y1 and that the decision-maker can

declare her preferences over lotteries that involve attribute Y2 without consid-

eration of the level of attribute Y1.

A.0.8 Utility Copula Functions

Copula functions are alternative and flexible representations of multi-attribute util-

ity functions since they relax the attribute dominance and utility independence as-

sumptions.
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SKLAR COPULAS: Copulas where formalized in the probability and statistics liter-

ature by Sklar. The theorem that carries his name states that any continuous joint

cumulative probability distribution can be expressed in terms of marginal cumula-

tive distributions (margins) and a multivariate continuous function, CS, known as a

Sklar Copula or a Probability Copula(Nelsen, 2007). Mathematically, a Sklar Copula,

CS, is defined as a function that satisfies:

1. Normalization: CS is a continuous function from [0, 1]d to the closed interval

[0, 1], such that CS(0, 0, ..., 0) = 0 and CS(1, 1, ..., 1) = 1.

2. Marginality: when all the arguments of C are equal to 1, but possibly for the jth

one, then: CS(1, 1, ..., xj, ..., 1) = xj; ∀j

3. Grounding: CS(x1, x2, ..., xd) = 0 if xj = 0 for at least one index j ∈ (1, ..., d)

4. d-increasing: for d = 2; ∀x1, x2, x′1, x′2 ∈ [0, 1]; and x1 ≤ x′1; x2 ≤ x′2, CS is d-

increasing if the C-Volume is non-negative, i.e., CV = CS(x1, x2)−CS(x1, x′2)−
CS(x′1, x2) + CS(x′1, x′2) ≥ 0

(Durante and Sempi, 2016)

The properties of Sklar copulas are similar to the properties of a class of utility func-

tions. Abbas and Howard (2005) first noted the similarity between Sklar copulas and

multi-attribute utility functions, and developed the application of Sklar copulas for

modelling multi-attribute utility functions under the attribute dominance condition

(Abbas and Howard, 2005). They define a utility copula as follows:

UTILITY COPULAS: A utility copula C(u1, u2, ..., ud) is a d-dimensional function that

satisfies:

1. Normalization: C is a continuous function from [0, 1]d to the closed interval

[0, 1], such that C(0, 0, ..., 0) = 0 and C(1, 1, ..., 1) = 1. Note this is the same

assumption as for a Skalr Copula

2. Positive linear transformation at reference value: when all the arguments of C are

equal to 1, but possibly for the jth one, then: C(1, 1, ..., uj, ..., 1) = αj + β j ∗uj; ∀j

and 0 ≤ αj ≤ 1; 0 ≤ bj ≤ 1. Note that "Marginality" in Sklar copulas

corresponds to the case when α = 0; β = 1, hence is a stronger property than

for utility copulas.
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3. Attribute Dominance: Corresponds to the "grounding" property of Sklar copu-

las; however the definition of a utility copulas does not require attribute dom-

inance and it is considered as a special case.

4. Non-decreasing: Utility copulas may or may not comply with the d−increasing

property of Sklar copulas. For differentiable functions, the cross-partial deriva-

tives over the domain of the utility copula can be negative, positive , or zero.

For 2 attributes X1, X2, for at least one fixed reference value of X2, call it Xλ2
2 ,

the function U(X1, Xλ2
2 ) is strictly increasing with X1. Class 1 utility copulas

are the special case that require the d−increasing condition, i.e., non-negative

cross partial derivatives.

From comparing both definitions we see that utility copulas are less restrictive than

Sklar copulas, since only certain properties have to be met and some properties from

Sklar copulas are special cases of utility copulas.

CLASS 1 UTILITY COPULAS: For the case of two attributes (i.e., d = 2) a class 1 util-

ity copula is a function C(s, t, kY1 , kY2) that represents a multi-attribute utility func-

tion that uses as arguments the conditional utility assessments of each attribute

(Y1, Y2) when the complementary attribute is set at its upper bound, i.e., U(Y1 |
max(Y2)), U(Y2 | max(Y1)); and the corner values kY1 = U(max(Y1), min(Y2)), and

kY2 = U(min(Y1), max(Y2)):

U(Y1, Y2) = C(U(Y1 | max(Y2)), U(Y2 | max(Y1)), ky1, ky2)

or equivalently (by the definition of conditional utility)

U(Y1, Y2) = C(U(Y1, max(Y2)), U(max(Y1), Y2))

The sufficient condition for a class 1 utility copula to represent a multiattribute utility

function using the conditional utilities and corner values or the upper boundary

utility curves is that the upper boundary curves, U(Y1, max(Y2)), U(max(Y1), Y2) are

continuous, bounded and strictly increasing (Abbas, 2018a). Similar constructions

using the lower boundary curves (i.e., Class 0 utility copulas) are possible as well,

however, we will only focus on class 1 utility copulas.

A.0.9 The Archimedean Utility Copula

Archimedean utility copulas define the class of multi-attribute utility functions over

additive ordinal preferences with strictly increasing preferences over each attribute

for at least one reference value of the complementary attribute(s) (Abbas and Sun,

2019a; Abbas and Sun, 2015a). Note that this preference structure coincides with the
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properties of the Dyadic additive ordinal preference function under mutual agree-

ment.

While Archimedean copulas enable both Class 1 and Class 0 copula formulations,

we only focus on Class 1 Archimedean copulas, that rely on upper boundary utility

assessments. This class of Archimedean utility copulas also relax attribute domi-

nance and mutual utility independence.

A two-attribute Class 1 Archimedean copula has the form:

U(Y1, Y2) = C
(
U(Y1, max(Y2)), U(max(Y1), Y2)

)
= ψ−1

[
ψ
(
U(Y1, max(Y2))

)
ψ
(
U(max(Y1), Y2)

)]
where ψ(·) is the generating function, a nonnegative, continuous, and strictly in-

creasing function on [0, 1] such that ψ(1) = 1.

The main advantage of the Archimedean utility copula representation is that it takes

as inputs the upper boundary curves which are uni-dimensional assessments over

each individual attribute when the complementary attribute is set at its upper bound.

However, there is the additional task of having to define the form of the generating

function and estimate its corresponding parameter(s), a step that might involve mul-

tiple utility assessments over the domain of the two-attribute utility function. In gen-

eral, the utility assessments needed for constructing a two attribute Archimedean

utility copula are:

• Assessment of two complete upper boundary curves

U(Y1, max(Y2)); U(max(Y1), Y2) ; and corner values ky1 and ky2

• Assessment of one complete lower boundary curve

U(Y1, min(Y2)); or U(min(Y1), Y2)

• Assessment of utility values over the "skewed diagonal path", which is a specific

path on the domain of the two-attribute surface. The utility assessments over

the skewed diagonal path are denoted as S(t), and provide information on the

trade-offs between Y1 and Y2 taking into account the relative distance between

the corner values ky1, ky2 and the utility dependence between attributes Y1 and

Y2.

A potentially burdensome task involves determining the skewed diagonal path, i.e.,the

domain of S(t), since it requires to define the inverse functions of the upper bound-

ary curves, and then directly assess S(t). Additionally, once S(t) has been assessed,
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we need to numerically estimate the generator, which requires to derive or approxi-

mate the inverse of S(t) (Abbas and Sun, 2019a).

POLYNOMIAL GENERATING FUNCTION: For attribute dominance two-attribute util-

ity functions, another alternative is to assume a specific parametric model from a

large library of parametric functions that can serve as a generator function for an

Archimedean Sklar copula (Abbas and Sun, 2015a) and fit data points on the surface

to the parameters of the parametric generators.

However, for general Archimedean utility copulas that relax attribute dominance, it

has been shown that a good approximation of the generator can be obtained through

a polynomial function (Abbas and Sun, 2019a). With a sufficiently large power (m),

a polynomial generator is guaranteed to match arbitrary corner values (kY1 , kY2) of

the two-attribute surface ; and provide closer approximations to the true generat-

ing function as m increases. This simplifies the assessment of the generator of any

Archimedean utility copula greatly since it will not require the direct utility assess-

ments on the skewed diagonal path, nor the derivation of S(t) and its inverse, only m

assessments on the domain of the utility surface (Abbas and Sun, 2019a).
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Appendix B

B.0.1 Time tradeoff Weights and Quality Adjusted Life Years

1. Quality adjusted life years (QALYs): QALYs are outcome measures used in

cost-effectiveness and cost-utility analysis. QALYs combine into a single scale:

Health-related Quality of Life (HRQOL), and duration of life (survival time).

QALYs are computed by multiplying each year alive times the HRQOL mea-

sure of each year. Total QALYs over a lifetime can be illustrated as the area

under the curve in Figure B.1.

FIGURE B.1: Quality Adjusted life-Years

2. HRQOL TTO-weights: HRQOL time trade off (TTO)-weights are preference-

based measure of HRQOL (Hunink et al., 2014). To obtain TTO-weights, re-

spondents are given two choices: 1) living their remaining lifetime at their

current level of HRQOL, or 2) living a fraction (x) of their remaining lifetime

if they could live it in perfect health (described as a state without health prob-

lems). Respondents are asked to indicate the duration of () such that they are

indifferent between the two options.

In Figure B.2, we illustrate how the value of x is determined. To determine the

ITO-weight, furst a person chooses t* such that they are indifferent between

choice 1 and choice 2. Then the value of x is obtained as x = t∗
t , which rep-

resents a fraction of the expected survival years at their current HRQOL. The

value they indicate for () is the corresponding TTO-weight for their current
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FIGURE B.2: Elicitation of TTO-weights

level of HRQOL(with disease/condition. TTO-weights are scaled to range be-

tween zero and one, where zero is interpreted as the worst HRQOL (dead), and

one is interpreted as the best possible HRQOL (Lipman, Brouwer, & Attema,

2020; Lugnér & Krabbe, 2020; Torrance, 1970).

3. Dyadic TTO-Weights and Dyadic QALYs: Dyadic TTO-Weights represent the

fraction (xD) of remaining life years such that the dyad is indifferent between

two choices: living their remaining life years at their HRQOL, or living that

fraction (xD) of remaining life years if they could both live it in perfect health.

To compute dyadic QALYs the analyst should decide which survival time of

the members of the dyad to use.

• The survival time of the person living with dementia

• The survival time of the caregivers

• The survival time of the person who lives the longest
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B.0.2 Auxiliary Tables and Figures

Functional Activity
Coding (0 = no limitation; 1 = lim-
itation)

Rate her/his ability to handle small sums of money (e.g.,
making change, leaving a small tip, shopping)

0 = no loss
1 = some loss
1 = severe loss

Rate her/his ability to handle complicated financial or busi-
ness transactions (e.g., balancing a checkbook, paying bills,
doing banking, handling investments)?

0 = no loss
1 = some loss
1 = severe loss

Is s/he able to independent shop for needs
0 = usually
1 = sometimes a

1 = rarely b

Does (s/he) have more difficulty than in the past perform-
ing her/his hobbies? Hobbies may include things like
sewing, painting, handicrafts, reading, entertaining, pho-
tography, gardening, going to theater or symphony, wood-
working, participating in sports.

0 = no
1 = little
1 = some
1 = much

Does (s/he) have more difficulty than in the past carry-
ing out routine household tasks, such as cooking, clean-
ing, laundry, taking out garbage, yard work, simple main-
tenance and home repair?

0 = no
1 = little
1 = some
1 = much

Does (s/he) have difficulty with feeding her/himself? 0 = no
1 = yes

Rate subject’s LOSS of ability to recall recent events
0 = none
1 = some
1 = severe

Does (s/he) seem less able to understand what (s/he)
reads? or Does (s/he) seem less able to understand what
(s/he) sees on TV?

0 = no to both questions
1 = little loss to either question
1 = much less to either question

Compared with two years ago, how is your friend or rela-
tive at remembering things about family and friends, such
as occupations, birthdays and addresses?

0 = much better
1 = a bit better
1 = not much change
1 = a bit worse
1 = much worse

Does (s/he) have more difficulty than in the past with find-
ing his/her way around familiar streets outside the neigh-
borhood?

0 = no
1 = yes

a Shops for limited number of items, buys duplicate items or forgets needed items.
b Needs to be accompanied on any shopping trip.

TABLE B.1: Scoring of Functional Activities of Daily Living
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TABLE B.2: Average Individual TTO-weights by Self-Reported
Health Status of People living with ADRD *

Self-reported Health Status
of People living with ADRD

TTO-weights
People living with ADRD

Conditional TTO-weights
of Caregivers a

n (%) mean (sd) n (%) mean (sd)
Excellent 6 (3.8%) 0.87 (0.01) 6 (3.8%) 0.85 (0.08)
Very Good 24 (15.0%) 0.83 (0.02) 24 (15.0%) 0.82 (0.10)
Good 41 (25.6%) 0.81 (0.02) 41 (25.6%) 0.86 (0.07)
Fair 44 (27.5%) 0.74 (0.02) 44 (27.5%) 0.81 (0.10)
Poor 45 (28.1%) 0.47 (0.02) 45 (28.1%) 0.80 (0.10)

n = sample size
sd = standard deviation
TTO-weights = Health-related Quality of Life Time Tradeoff Weights
ADRD = Alzheimer’s Disease Related Dementias
* Paired Sample (n = 160)
a Conditional on People Living with ADRD’s self-Reported Health
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TABLE B.3: Quartiles of Individual and Combined TTO- weights by
Sample

TTO-weights TTO-weights Combined TTO-weights
People living with ADRD Caregivers Dyads, in-sample
n=308 a n=160 b n=160 b n=160 c

Mean (SD) 0.67 (0.14) 0.67 (0.14) 0.83 (0.09) 0.75 (0.05)
Min 0.43 0.44 0.51 0.62
1st Quartile 0.49 0.49 0.76 0.75
Median 0.67 0.67 0.84 0.75
3rd Quartile 0.78 0.78 0.90 0.78
Max 0.89 0.89 0.96 0.87

n = sample size
sd = standard deviation
TTO-weights = Health-related Quality of Life Time Trade-off Weights
ADRD = Alzheimer’s Disease Related Dementias
c Paired Sample estimates using Archimedean Copula w/Quadratic Generator. In-sample estimates refer to the
predicted combined TTO-weights using the observed individual TTO-weights of people living with ADRD and
a Full sample cross-walk estimates
b Paired sample cross-walk estimates
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FIGURE B.3: Change in Dyadic TTO-weights with different Compo-
sitions of Individual TTO-weights
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FIGURE B.4: One-way Sensitivity to Thresholds of "Highest" TTO-
weights
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B.0.3 Modeling framework

Attributes: We refer to factors that characterize outcomes and contribute to the preference

order or ranking of the outcomes as attributes. In our analysis, the dyad considers two-

attribute outcomes, each attribute represents the valuation of the health-related quality of

life of each member of the dyad. However, each individual valuation considers two at-

tributes as well, i.e., health status and remaining life time (survival time) of a member of a

dyad.

Valuations: These individual valuations (i.e, numerical representation) of the health-related

quality of life of members in the dyad are obtained by mapping self-reported health sta-

tus and socio-demographic characteristics to health related quality of life time-trade-off

weights (TTO-weights) using the cross-walk described in the main text (Nyman et al., 2007).

TTO-weights are a recommended value measure for obtaining quality-adjusted life years

(QALYs). The main assumption to obtain QALYs using TTO-weights is the constant propor-

tional trade-offs between health status and remaining life-years. TTO-weights provide the

value of the remaining life-time that would make a person indifferent between the deter-

ministic outcomes of a) living a year of remaining life time in their current health state, or b)

living a fraction of a year of remaining life-time in perfect health. TTO-weights are normal-

ized to range between 0 and 1, where 0 is interpreted as the worst health-related quality of

life (death), and 1 is interpreted as the best possible health related quality of life.

We denote the individual valuations of the attributes as VADRD(X) and VADRDCG (X). These

functions map factors that are associated with health-related quality of life of each member

of the dyad ,X, to their respective TTO-weights. Let v⃗ADRD = TTOWADRD denote a vector

of TTO-weights obtained from applying VADRD(X), and v⃗ADRDCG = TTOWADRDCG denote

a vector of TTO-weights obtained from applying VADRDCG (X).

The dyadic valuation of the individual TTO-weights is denoted as

VDyad(VADRD(X), VADRDCG (X))

and v⃗Dyad = TTOWDyad denotes the vector of dyadic TTO-weights obtained from VDyad().

Association between quality of life valuations of members of the dyads: We used the

Kendall tau (τ) sample estimate to measure the association between VADRD(X) and VADRDCG (X).

2 Attribute Archimedean Copula

Modeling assumptions:

1. The preferences of the dyad establish a weak order over the two-attribute outcomes

(TTOWADRD, TTOWADRDCG ).

2. The one-person valuation functions of each member of the dyad are not individualis-

tic,i.e. each member of the dyad considers decision relevant their own TTO-weights

and the TTO-weights of their partner in the dyad.
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3. Ordinal preferences of the dyad are additive and strictly increasing at least at one ref-

erence value of one of the attributes, and thus admit an Archimedean representation.

This means that at a reference value of one of the attributes,e.g., when the caregiver’s

TTO-weights are highest, the dyad strictly prefers higher TTO-weights of the person

living with dementia.

4. Boundary Valuations of each member of the dyad are identical. That is, the individual

valuation function of the person living with dementia, when the caregiver’s TTO-

weight are highest, is identical to the valuation function of the caregiver when her

own TTO weights are highest. Similarly, the valuation function of the person with

dementia when her own TTO-weights are highest is identical to the valuation function

of the caregiver when the TTO-weights of the person with dementia are highest.

We use a two-attribute Archimedean Copula with a quadratic generating function to com-

bine the TTO-weights of people living with ADRD and their caregivers into a single measure.

The Archimedean copula takes as argument two valuation functions, that represen the TTO-

weights of each member of the dyad when the other member of the dyad’s TTO-weights is

at their theoretical highest value of 1 (“boundary TTO-weights”) and produces a combined

TTO-weight (one dimension) on a 0 to 1 scale for the dyad.

Let X∗ denote the factors that define the maximum level of health related quality of life at-

tainable by either person living with dementia or their caregiver, such that VARDR(X∗) =

TTOW∗ADRD = 1 and VARDRCG (X∗) = TTOW∗ADRDCG
= 1. At X∗ the TTO-weights equal 1.

Now consider the one-person two-attribute valuation functions of each member of the dyad.

VADRD(TTOWADRD, TTOWADRDCG ) that denotes the two-attribute valuation function from

the perspective of the person living with ADRD, and VADRDCG (TTOWADRDCG , TTOWADRD)

that denotes the two-attribute valuation function from the perspective of the caregiver.

The four boundary one-person two-attribute valuation functions are:

1. from the perspective of the person living with ADRD when the caregiver’s TTO-

weights are highest is

VADRD(TTOWADRD, TTOW∗ADRDCG
),

2. from the perspective of the caregiver when her TTO-weights are highest is

VADRDCG (TTOW∗ADRDCG
, TTOWADRD),

3. from the perspective of the person living with ADRD when her TTO-weights are high-

est is

VADRD(TTOW∗ADRD, TTOWADRDCG ),
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4. from the perspective of the caregiver when the TTO-weights of the person living with

ADRD are highest is

VADRDCG (TTOWADRDCG , TTOW∗ADRD),

Finally, consider the 2 attribute valuation function from the perspective of the dyad:

VDyad

[
TTOWADRD, TTOWADRDCG

]
Under the Archimedean copula the dyadic valuation function requires two boundary valu-

ation functions, that is:

1. from the perspective of the dyad and when the caregiver’s TTO-weights are highest

VDyad

[
TTOWADRD, TTOW∗ADRDCG

]
2. from the perspective of the dyad and when the TTO-weights of the person living with

ADRD are highest

VDyad

[
TTOWADRD, TTOW∗ADRDCG

]
The dyadic valuation function modeled as an Archimedean copula has the form:

VDyad
[
TTOWADRD, TTOWADRDCG

]
=

C(VDyad
[
TTOW∗ADRD, TTOWADRDCG

]
, VDyad

[
TTOWADRD, TTOW∗ADRDCG

]
) =

ψ−1
α

(
ψα

(
VDyad

[
TTOW∗ADRD, TTOWADRDCG

])
∗ ψα

(
VDyad

[
TTOWADRD, TTOW∗ADRDCG

]))
Where ψα is the quadratic generator with a single parameter α,

ψα(t) = (1 + α)t− αt2

and its inverse:

ψ−1
α =

s α = 0
α+1−
√

(1+α)2−4αs
sα otherwise

The dyadic boundary valuation functions can only be measured by eliciting the preferences

and valuations of the dyads directly or indirectly by the choices made by the dyad. How-

ever, under Assumption (3) that the individual boundary valuation functions are identical

between members of the dyad, we can substitute the dyadic boundary valuation functions

with the boundary one-person two-attribute valuation functions and thus approximate the

dyadic boundary valuation functions using individual boundary valuation functions that

can be obtained from paired data. After substitution, we obtain:

VDyad
[
TTOWADRD, TTOWADRDCG

]
=

ψ−1
α

(
ψα

(
VADRDCG

[
TTOW∗ADRD, TTOWADRDCG

])
∗ψα

(
VADRD

[
TTOWADRD, TTOW∗ADRDCG

]))
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Finally, the parameter α of the quadratic generator is approximated with the sample estimate

of Kendall’s τ, an empirical measure of concordance between VADRDCG

[
TTOW∗ADRD, TTOWADRDCG

]
and VADRD

[
TTOWADRD, TTOW∗ADRDCG

]
.
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Appendix C

FIGURE C.1: 3-Dimensional Vine Copula Diagram of Joint Distribu-
tion of Baseline Characteristics within Race Strata
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FIGURE C.2: Transition Diagram of DES simulation
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Algorithm 1 Discrete Event System (DES) Simulation: Initial configuration considers
a population of community-dwelling people diagnosed with dementia. Initial time
T0 is anchored to the time at which diagnosis was adjudicated and set to zero.
Require: R(t): Cumulative intensity matrix, |S| x |S|, with elements rr,s = Λr,s(t)
Require: R∗(t): Inverse cumulative intensity matrix, |S| x |S|, with elements r∗r,s = Λ−r,s(u)
Require: A: Adjacency matrix, |S| x |S|, with elements ar,s = {1 i f r→ s; 0 else}
Require: h: Time horizon, scalar
Require: n0: Initial population size, scalar

First Transition:
Initialize time, T0 ← 0 ▷ Vector of length n
Initialize setting of care, X(T0)← "Community" ▷ Vector of length n
for each i ∈ 1:n0 do

s′ := which(ACommunity,j == 1) ▷ Set of possible transitions
for each j ∈ s′ do

τCommunity,j ← τCommunity,j ∼ F(τ)Community,j ▷ Algorithm 5 from ’nhpp’
end for

end for
for each i ∈ 1 : n0 do

τ∗Community,µ ← min(τCommunity,1, τCommunity,2, ... τCommunity,|s′ |)

Tn ← T0 + τ∗Community,µ ▷ Updated time
X(Tn)← µ ▷ Updated setting of care
if X(Tn) == "Dead" then

drop X(Tn) ▷ Exclude those who die
end if

end for
n← length[X(Tn)] ▷ Updated population size
return (X(Tn), Tn)

After first Transition:
while n > 0 do ▷ Stopping Criteria

for each i ∈ 1 : n do
s′ := which(AX(Tn),j == 1) ▷ Set of possible transitions
for each j ∈ s′ do

τX(Tn),j ← τX(Tn),j ∼ F(τ)X(Tn),j ▷ Algorithm 5 from ’nhpp’
end for

end for
for each i ∈ 1 : n do

τ∗X(Tn),µ
← min(τX(Tn),1, τX(Tn),2, ... τX(Tn),|s′ |)

Tn ← Tn + τ∗X(Tn),µ
▷ Updated time

X(Tn)← µ ▷ Updated setting of care
if X(Tn) == ”Dead” then

drop X(Tn) ▷ Exclude those who die
end if

end for
n← length[X(Tn)] ▷ Updated population size
return (X(Tn), Tn)

end while

Note: Simplified version not considering time-varying covariates nor stratification. R(t), R∗(t), and h are required

for Algorithm 5 from ’nhpp’(Trikalinos and Sereda, 2024). The index (n) in Tn is used for denoting the nth event time

and not related to the population size. S denotes the set of possible settings of care that a person in the simulation

can transit to.
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TABLE C.4: One-way Sensitivity Analysis

Intervention/Strategy Scenario of Treatment Effect* Health-care Payer Perspective

Lever 1 (C-NH) Lever 2 (ER-C-ER) Lever 3 (Hosp - C - Hosp) ICER, $ / Year in the Community ICER, $ / QALY

Intervention (lever 1 only) pessimistic - - 290,122.67 1,934,151.11
optimistic - - 120,966.40 806,442.67

Intervention (lever 2 only) - pessimistic - Cost Saving Cost Saving
- optimistic - Cost Saving Cost Saving

Intervention (lever 3 only) - - pessimistic D D
- - optimistic D D

Strategy (lever 1 & 2 only) pessimistic pessimistic - 11,902.39 32,356.00
pessimistic optimistic - 4,959.64 13,251.70
optimistic pessimistic - 5,326.46 14,880.27
optimistic optimistic - 1,024.57 2,785.23

Strategy (lever 1 & 3 only) pessimistic - pessimistic D D
pessimistic - optimistic D D
optimistic - pessimistic D D
optimistic - optimistic D D

Strategy (lever 2 & 3 only) - pessimistic pessimistic Cost Saving Cost Saving
- pessimistic optimistic Cost Saving Cost Saving
- optimistic pessimistic Cost Saving Cost Saving
- optimistic optimistic Cost Saving Cost Saving

Strategy (lever 1 & 2 & 3) pessimistic pessimistic pessimistic 19,525.62 53,403.39
pessimistic pessimistic optimistic 16,297.46 44,447.63
pessimistic optimistic pessimistic 7,968.54 21,298.40
pessimistic optimistic optimistic 6,839.75 18,278.63
optimistic pessimistic pessimistic 10,567.17 29,940.31
optimistic pessimistic optimistic 8,451.91 23,790.57
optimistic optimistic pessimistic 3,277.32 8,938.15
optimistic optimistic optimistic 2,477.00 6,745.88

Pessimistic/optimistic treatment effects are defined as hazard ratios reported in the literature scaled by a factor (1− k) for pessimistic scenarios or (1 + k) for optimistic scenarios, where k = 0.25.
C-NH, intervention that reduces transitions from community to nursing home
ER-C-ER, intervention that reduces 30-day readmissions to emergency room
Hosp-C-Hosp, intervention that reduces 30-day readmissions to hospital
ICER, incremental cost-effectiveness ratio
QALY, quality-adjusted life years
D, dominated relative to standard of care
Cost Saving, positive incremental benefits and negative incremental costs relative to standard of care
* We run 1,000 trajectories for each strategy under each scenario.
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