
HEALTHCARE EXPENDITURES ACROSS TIME

AND SOCIOECONOMIC STATUS

By Alexander O.K. Marin

A PhD thesis submitted to

School of Business and Social Sciences, Aarhus University,

in partial fulfillment of the requirements of

the PhD degree in

Economics and Business Economics

July 2022

CREATES
Center for Research in Econometric Analysis of Time Series



This version: October 21, 2022 © Alexander O.K. Marin



PREFACE

This thesis was written during my PhD studies at the Department of Economics

and Business Economics at Aarhus University from September 2018 to July 2022. I am

grateful to the Department of Economics and Business Economics and the Center

for Research in Econometric Analysis of Time Series (CREATES) for providing an out-

standing and inspiring research environment and generously financing participation

in conferences and courses. Arriving at the final stage of this journey, my path has

been characterized by continual cycles of nihilistic low-points superseded by prosper-

ity and brief moments of intellectual bliss. I feel deeply grateful for the opportunity

to immerse in intellectual undertakings and have various people to thank for their aid.

First, I wish to extend gratitude to my main supervisor Associate Professor Ma-

lene Kallestrup-Lamb. Thanks for your relentless strive for excellence, instilling in

me healthy academic skepticism, and for handing down the art of storytelling. To my

co-supervisor Professor Bent Jesper Christensen, thanks for exemplifying unwavering

optimism, your eye for prosperity, and marvelous strategic guidance. To both of you,

my strongest acknowledgment for dedicating years of your life to help me mature

as a researcher. I further feel indebted to Solveig Nygaard Sørensen, Pernille Vorsø

Jachobsen, and Susanne Christensen for supporting me in countless administrative

tasks over the years and, for proof-reading this dissertation at various points, I am

in awe of and obliged to Lene Engelst Christensen, Pernille Vorsø Jachobsen, and

Thomas Stephansen.

During the fall of 2021 and spring of 2022, I had the fortune of visiting Professor

Christian Møller Dahl at the Department of Economics, University of Southern Den-

mark. I am extremely grateful to Christian for showing a keen interest in my research,

for his unsparing advice, and for enabling me to present my research at various

departments and research centers across the University of Southern Denmark. To

Torben, Nadja, Simon, Charlotte, Giovanni, and everyone else at the University of

Southern Denmark, I thank you for your hospitality, welcoming atmosphere, and

many enjoyable talks, academic and otherwise.

To my colleagues at the Department of Economics and Business Economics

i



ii

at Aarhus University, a special thanks for enjoyable the collegial community and an

inspiring research environment for aspiring scholars. Wherever I went, your doors

were always open, and you were generous in your support and help. A special thanks

to my office mates Jacob, Majka, and Sander, for making these years joy-filled, our

countless discussions, and insightful comments. Further, I am thankful to my fellow

PhD students, and other colleagues at Aarhus University; Anders, Dorethe, Eva, Fred-

erik, Kenneth, Jeppe, Mathias, Morten, Nicolaj, Nikolaj, and Yunus, for interesting

conversations, social activities, courses, and so much more.

Finally, I am thankful to my parents, Gitte and Søren, for their never-ending

support, and to my brothers, Frederik and Christopher, for showing interest in my

work, my family, and recreational leisure. Most importantly, I express the highest

gratitude that I can make to my wife, Seline, for continued support, immense strength,

tireless love, and an unbounded belief in me and my abilities. For my daughters, I

thank you for opening new sources of strength and inspiration, Ellis, your gift for

arts and emotion, Ragna, logic, and reason in overflowing amounts, and Iratze, the

embodiment of limitlessness. Seline, Ellis, Ragna, and Iratze, you are forever in my

heart.

Alexander O.K. Marin

Svendborg, July 2022



UPDATED PREFACE

On Tuesday September 20, 2022, the pre-defence was held in Aarhus, Denmark. The

PhD committee, consisting of Professor Michael Lechner (University of St. Gallen),

Professor Mauro Laudicella (University of Southern Denmark), and Professor Niels

Skipper (Aarhus University), shared insightful suggestions for improving this thesis. I

wish to express my gratitude to each of the committee members for this kindness,

Your comments has truly improved this dissertation. In the interim period many

suggestions have been implemented while some remain for future research.

Alexander O.K. Marin

Svendborg, October 2022

iii





CONTENTS

Brief Summary vii

Kort Resumé] ix

Summary xi

1 The Heterogeneous Risk and Dynamics of
Out-of-Pocket Healthcare Expenditures 1

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.4 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

1.7 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2 A Bivariate Model of Healthcare Expenditures and Income 69

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

2.2 Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

2.3 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

2.4 Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

2.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

2.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

2.7 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

3 Lifetime Healthcare Expenditures Across Socioeconomic Groups
in the Danish Population 119

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

3.2 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

3.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

v



vi CONTENTS

3.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

3.7 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146



BRIEF SUMMARY

Through three self-contained chapters, this thesis investigates new aspects of the

relationship between healthcare expenditures, both out-of-pocket and government

insured healthcare expenditures, and socioeconomic status with a particular focus

on the time series. Out-of pocket healthcare expenditures in the US display large

differences between the poorest and richest individuals, where affluent individuals

have the highest expenditures. In contrast, the average of government insured health-

care expenditures in Denmark is highest for low income-groups-According to the

Sustainable Development Goals by the United Nations, addressing good health for

everyone and reducing inequality are key elements of worldwide prosperity, highlight-

ing the importance of a sound understanding of the relationship between healthcare

expenditures and socioeconomic status.

The first chapter examines the variation in the risk of using extreme amounts

of out-of-pocket healthcare expenditures across households. We propose a novel

heterogeneous healthcare expenditure model where each individual has unique

healthcare expenditure dynamics, that is, individual-specific AR(1) plus MA(0) pa-

rameters. To avoid concerns of cherry picking select subpopulations, we develop a

new data driven algorithm, the multivariate generalized random forest, to estimate

individuals-specific model-parameters in a data dependent way. Using the Health

and Retirement Study, we document new evidence of extensive heterogeneity in

households’ out-of-pocket healthcare expenditure dynamics leading to widespread

variation in out-of-pocket healthcare expenditure risks. Specifically, we suggest a

new measure of healthcare expenditure risk, the probability of using all financial

resources on healthcare expenditures, which accounts for households’ ability to pay

for healthcare services. We identify an unknown negative social gradient in healthcare

expenditure risk where the least affluent face the largest healthcare expenditure risks

and highly affluent individuals have negligible risks.

The second chapter investigates the contemporaneous and intertemporal rela-

tionship between healthcare expenditures and income, two key variables for house-

hold utility. We suggest a new bivariate simultaneous equation model which encom-

passes novel contemporaneous effects as well as dynamic time series effects between

healthcare expenditures and income. Hence, both variables can affect each other

simultaneously and over time. Our estimates provide new evidence of simultaneous

vii



viii BRIEF SUMMARY

causal effects between healthcare expenditures and income. With a healthcare expen-

diture elasticity of income of size 0.133, healthcare expenditures are a normal good,

and households allocate about 13 percent of additional income to healthcare. The

novel reverse income elasticity of healthcare expenditures has a size of -0.044. Thus,

an increase in healthcare expenditures lowers household income by four percent. We

interpret the negative elasticity as arising from confounding objective health or a loss

of capital income due to wealth decumulation towards healthcare services. Single

equation models cannot replicate our findings.

The third chapter investigates a novel aspect of the socioeconomic differences

in government insured healthcare expenditures by introducing a new longevity di-

mension. In particular, lower socioeconomic groups live a shorter lives but use a

larger average amount of healthcare expenditures, whereas higher socioeconomic

groups live longer and have lower average annual healthcare expenditures. It is there-

fore unclear whether socioeconomic differences in lifetime healthcare expenditures

exist. This paper analyzes lifetime healthcare expenditures across socioeconomic

groups using detailed healthcare expenditure data for all individuals in the entire

Danish population. Contrary to existing literature, we find that all socioeconomic

groups spend almost an equal amount on healthcare throughout a lifetime, once we

account for mortality differences and all types of healthcare expenditures. Moreover,

we derive the variance of lifetime healthcare expenditures and find that differences

in total lifetime healthcare expenditures between any socioeconomic groups are

insignificant.



KORT RESUMÉ

Gennem tre selvstændige kapitler undersøger denne afhandling nye aspekter af for-

holdet mellem sundhedsudgifter, både egen- og statsforsikrede sundhedsudgifter, og

socioøkonomisk status med særligt fokus på tidsserierne. Udgifter til sundhedspleje

i USA viser store forskelle mellem de fattigste og rigeste individer, hvor velhavende

individer har de højeste udgifter. I modsætning hertil er gennemsnittet af statsforsik-

rede sundhedsudgifter i Danmark højest for lavindkomstgrupper. I henhold til FN’s

mål for bæredygtig udvikling er et godt helbred for alle og reduktion af social ulighed

nøgleelementer for verdenens fremgang, hvilket understreger vigtigheden af en god

forståelse af sammenhængen mellem sundhedsudgifter og socioøkonomisk status.

Det første kapitel undersøger variationen i risikoen for brug af ekstreme mængder

egenbetalte sundhedsudgifter på tværs af husholdninger. Vi foreslår en ny heterogen

sundhedsudgiftsmodel, hvor hvert individ har unikke sundhedsudgiftsdynamikker,

det vil sige individspecifikke AR(1) plus MA(0) parametre. For at undgå bekymringer

om selektiv udvælgelse af subpopulationer udvikler vi en ny datadrevet algoritme,

multivariate generalized random forest, til at estimere individspecifikke modelpa-

rametre på en dataafhængig måde. Ved hjælp af datasættet Health and Retirement

Study, dokumenterer vi nye beviser for omfattende heterogenitet i husholdningers

dynamik i sundhedsudgifter, hvilket fører til udbredt variation i sundhedsudgiftsrisici.

Specifikt foreslår vi et nyt mål for sundhedsudgiftsrisiko, sandsynligheden for at bruge

alle økonomiske ressourcer på sundhedsudgifter, hvilket tager højde for husholdnin-

gernes evne til at betale for sundhedsydelser. Vi identificerer en hidtil ukendt negativ

social gradient i sundhedsudgiftsrisikoen, hvor de mindst velhavende hvor de største

sundhedsudgiftersrisici, mens meget velhavende individer har ubetydelige risici.

Det andet kapitel undersøger det samtidige og intertemporale forhold mellem

sundhedsudgifter og indkomst, to nøglevariabler for husholdningsnytte. Vi foreslår

en ny bivariat simultan ligningsmodel, som omfatter nye samtidige effekter såvel

som dynamiske tidsserieeffekter mellem sundhedsudgifter og indkomst. Således kan

begge variabler påvirke hinanden samtidigt og over tid. Vores estimater giver nye

beviser for samtidige årsagsvirkninger mellem sundhedsudgifter og indkomst. Med

en indkomstelasticitet på 0,133 er sundhedsudgifter et normalt gode, og husholdnin-

gerne afsætter omkring 13 procent af merindkomsten til sundhedsydelser. Den nye

omvendte indkomstelasticitet for sundhedsudgifter har en størrelse på -0,044. En stig-
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x KORT RESUMÉ

ning i sundhedsudgifterne sænker således husstandens indkomst med fire procent.

Vi fortolker den negative elasticitet som en følge af confounding objektiv sundhed

eller tab af kapitalindkomst på grund af formuedekumulation mod sundhedsydelser.

Enkeltligningsmodeller kan ikke replikere vores resultater.

Det tredje kapitel undersøger et nyt aspekt af de socioøkonomiske forskelle i

offentligt sundhedsudgifter ved at introducere en ny levetidsdimension. Specifikt,

nyder lavere socioøkonomiske grupper kortere leveår, men bruger en større gen-

nemsnitlig mængde af sundhedsudgifter, mens højere socioøkonomiske grupper

lever længere og har lavere gennemsnitlige årlige sundhedsudgifter. Det er derfor

uklart, om der eksisterer socioøkonomiske forskelle i livstidssundhedsudgifter. Dette

kapitel analyserer livstidssundhedsudgifter på tværs af socioøkonomiske grupper ved

hjælp af detaljerede data om sundhedsudgifter for alle individer i hele den danske

population. I modsætning til eksisterende litteratur finder vi, at alle socioøkonomiske

grupper bruger næsten lige meget på sundhedsydelser gennem hele livet, når vi

tager højde for dødelighedsforskelle og alle typer sundhedsudgifter. Desuden ud-

leder vi variansen af livstidssundhedsudgifter og finder, at forskelle i de samlede

livstidssundhedsudgifter mellem socioøkonomiske grupper er insignifikante.



SUMMARY

This dissertation consists of three self-contained chapters investigating new aspects

of the relationship between healthcare expenditures and socioeconomic status, e.g.,

income. According to the Sustainable Development Goals by the United Nations (UN,

2016), addressing good health for everyone and reducing inequality are key elements

of worldwide prosperity, highlighting the importance of a sound understanding of

the relationship between healthcare expenditures and socioeconomic status.

In addition to focusing on related research questions, the chapters are related

by separately proposing novel econometric and statistical methods to answer the

research questions, yet, the models estimated have slightly different population foci.

The model in the first chapter focus on an individual-level model for healthcare ex-

penditure usage whereas the last two chapters represents more general populations.

Meanwhile, the model in the second chapter can be thought of as a bivariate exten-

sion of the model in the first chapter As healthcare expenditures are concentrated

towards end of life (French, McCauley, Aragon, Bakx, Chalkley, Chen, Christensen,

Chuang, Côté-Sergent, De Nardi, et al., 2017), the datasets applied in all chapters

share similarities by having a strong focus on older individuals. However, focusing on

government insured healthcare expenditures in Denmark from Danish registries, the

dataset in the final chapter distinguishes itself from the first two chapters that uses

self-reported out-of-pocket healthcare expenditures from the Health and Retirement

Study of older Americans. As a final common theme, all chapters have a particular

focus on the time dimension of healthcare expenditures. The first two chapters consi-

ders autoregressive moving average time series models to investigate long-ranging

dependencies which are relevant for healthcare expenditure risk. The final chapter

explores total lifetime healthcare expenditures for representative individuals.

Each chapter focuses on a different dimension of the relationship between healt-

hcare expenditures and socioeconomic status, thereby uniquely contribution to the

overall dissertation. The remainder of this section describes each chapter’s contribu-

tion.

Chapter 1 – The Heterogeneous Risk and Dynamics of Out-of-Pocket Healthcare

Expenditures – examines the variation in the risk of using extreme amounts of out-of-

pocket healthcare expenditures across households. Individuals form expectations

about a household’s healthcare expenditure usage, yet, unexpected adverse events

xi
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such as hospital admissions may unexpectedly increase out-of-pocket healthcare

expenditures (Dobkin, Finkelstein, Kluender, and Notowidigdo, 2018). Typically, a

homogeneous model has been used to model healthcare expenditure risk (see e.g.

Feenberg and Skinner (1994) and French and Jones (2004)), however, recent evidence

of heterogeneous persistence in insured healthcare expenditure (Ng, Rahman, Ang,

Sridharan, Ramachandran, Wang, Tan, Toh, and Tan, 2019; Hyer, Ejaz, Tsilimigras,

Paredes, Mehta, and Pawlik, 2019; Figueroa, Zhou, and Jha, 2019) suggests a corre-

sponding diversity in both out-of-pocket healthcare expenditure risk and dynamics.

To capture this variation, we propose a novel heterogeneous healthcare expen-

diture model where each individual has unique healthcare expenditure dynamics,

that is, individual-specific AR(1) plus MA(0) parameters. To avoid concerns of cherry

picking select subpopulations, we develop a new data driven algorithm, the multiva-

riate generalized random forest, to estimate individuals-specific model-parameters

in a data dependent way. Using the Health and Retirement Study, we document

new evidence of extensive heterogeneity in households’ out-of-pocket healthcare

expenditure dynamics leading to widespread variation in out-of-pocket healthcare

expenditure risks. Specifically, we suggest a new measure of healthcare expenditure

risk, the probability of using all financial resources on healthcare expenditures, which

accounts for households’ ability to pay for healthcare services (Russell, 1996). We

identify an unknown negative social gradient in healthcare expenditure risk where

the least affluent face the largest healthcare expenditure risks and highly affluent

individuals have negligible risks. For high-risk individuals, entering Medicare or pri-

vate healthcare insurance lowers healthcare expenditure risk by 4.3% and 19.4%,

respectively. Hence, mandating healthcare insurance for high-risk individuals likely

lowers their healthcare expenditure risk. Additionally, income increases and wealth

transfers reduce healthcare expenditure risk with elasticities of size 21.1% and 16.2%,

respectively. As high-risk observations have low levels of annual household income

of size $3,548 and household wealth of size $9,612, these effects appear attractive.

Chapter 2 – A Bivariate Model of Healthcare Expenditures and Income (in col-

laboration with Professor Bent Jesper Christensen and Associate Professor Malene

Kallestrup-Lamb) – Healthcare expenditures and income are key variables for house-

hold utility, and understanding their joint relationship is important. Current evidence

supports a positive causal effect of income on healthcare expenditures (Cawley, Mor-

an, and Simon, 2010; Acemoglu, Finkelstein, and Notowidigdo, 2013; Kuehnle, 2014).

Meanwhile, the counterdirectional effect of out-of-pocket healthcare expenditure

on income has not previously been estimated. Yet, as both healthcare expenditures

(Davillas and Pudney, 2020) and income (García Gómez and López Nicolás, 2006;

Halla and Zweimüller, 2013) correlate with health an effect through health might exist,

suggesting a bidirectional relationship. Time series effects are likewise important

for household decisions. In the time dimension, ARMA-type models explain the dy-

namics of healthcare expenditures (French and Jones, 2004) and income (Geweke
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and Keane, 2000), respectively. Meanwhile, the time series effects between healthcare

expenditures and income remain unknown.

To investigate the joint relationship between healthcare expenditures and income,

we suggest a new bivariate simultaneous equation model which encompasses novel

contemporaneous effects as well as dynamic time series effects between healthcare

expenditures and income. Hence, both variables can affect each other simultaneously

and over time. We identify the contemporaneous causal structural parameters betwe-

en healthcare expenditures and income using the Health and Retirement Study and

the Lewbel (2012) methodology, where identification relies on random variables that

are uncorrelated with the product of heteroskedastic errors. Our estimates provide

new evidence of simultaneous causal effects between healthcare expenditures and

income. With a healthcare expenditure elasticity of income of size 0.133, healthca-

re expenditures are a normal good, and households allocate about 13 percent of

additional income to healthcare. The novel reverse income elasticity of healthcare

expenditures has a size of -0.044. Thus, an increase in healthcare expenditures lowers

household income by four percent. We interpret the negative elasticity as arising from

confounding objective health or a loss of capital income due to wealth decumulation

towards healthcare services. Single equation models cannot replicate our findings.

Our second set of results relates to the joint time series dynamics of healthcare

expenditures and income. We confirm the highly persistent nature of both healthcare

expenditures and income as 86.9 percent and 87.3 percent of current healthcare

expenditures and income, respectively, persist into the next period. Concerning the

previously unknown time series effects between healthcare expenditures and income,

the raw data series of healthcare expenditures and income correlate modestly over

time, suggesting an intricate joint relationship. However, once we control for the

simultaneous causality, all time series effects between healthcare expenditures and

income become minuscule as their mutual impact reduces to less than two percent.

Hence, the raw autocorrelations between healthcare expenditures and income mask

a spurious relationship. In conclusion, all effects between healthcare expenditures

and income are solely contemporaneous, and any shock to either variable will not

affect the other in the long run.

Chapter 3 – Lifetime Healthcare Expenditures Across Socioeconomic Groups in

the Danish Population (in collaboration with Associate Professor Malene Kallestrup-

Lamb) – investigates a novel aspect of the socioeconomic differences in government

insured healthcare expenditures by introducing a new longevity dimension. In par-

ticular, lower socioeconomic groups live a shorter lives (Chetty, Stepner, Abraham,

Lin, Scuderi, Turner, Bergeron, and Cutler, 2016; Kreiner, Nielsen, and Serena, 2018)

but use a larger average amount of healthcare expenditures, whereas higher socio-

economic groups live longer and have lower average annual healthcare expenditures.

It is therefore unclear whether socioeconomic differences in lifetime healthcare

expenditures exist.
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This paper analyzes lifetime healthcare expenditures across socioeconomic groups

using detailed healthcare expenditure data for all individuals in the entire Danish

population. Contrary to existing literature, we find that all socioeconomic groups

spend almost an equal amount on healthcare throughout a lifetime, once we account

for mortality differences and all types of healthcare expenditures. Moreover, we derive

the variance of lifetime healthcare expenditures and find that differences in total

lifetime healthcare expenditures between any socioeconomic groups are insignificant

using a Welch (1947) test. However, we confirm that the negative gradient in lifetime

healthcare expenditures persists within certain cost components, i.e., inpatient ho-

spital care (Asaria, Doran, and Cookson, 2016). Our results suggest that improving

the health of a socioeconomic group has limited effects on lifetime healthcare expen-

ditures as current healthcare expenditure savings are counterbalanced by additional

healthcare consumption throughout a longer life. Immediate healthcare expendi-

tures savings will nevertheless lower current national healthcare expenditures as it

shifts the financial burden into the future. Moreover, health improvements increase

lifetime utility as individuals enjoy better health in each year alive and have a longer

life expectancy (Lubitz, Cai, Kramarow, and Lentzner, 2003), both effects impact

utility positively.

By focusing on the association between healthcare expenditures and a socioeco-

nomic measure, i.e., income, all three chapters have a common relationship, however,

by focusing on varying dimension of the relationship, each chapter contribute with a

unique knowledge to the overall dissertation.
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Abstract

Out-of-pocket healthcare expenditure uncertainty poses a financial risk to US house-

holds. We propose a new model for healthcare expenditure dynamics where param-

eters vary by household characteristics and find extensive heterogeneity in both

healthcare expenditure dynamics and risk using the Health and Retirement Study.

The poorest households have the largest risk of using all financial resources on health-

care implying a negative social gradient in the risk of medical bankruptcy. Higher

income, wealth, and a privately provided healthcare insurance associate with massive

reductions in bankruptcy risk for the high-risk group.
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OUT-OF-POCKET HEALTHCARE EXPENDITURES

1.1 Introduction

Many Americans face the risks of catastrophic out-of-pocket healthcare expendi-

tures despite being covered by private, employer, or government provided healthcare

insurance. In the US, 62 percent of all bankruptcies were medically related in 2007

(Himmelstein, Thorne, Warren, and Woolhandler, 2009). Even after the introduction

of the Affordable Care Act, five percent of Americans faced out-of-pocket payments

and premium spending exceeding 19.5 percent of household income between 2012

and 2015 (Goldman, Woolhandler, Himmelstein, Bor, and McCormick, 2018a). Large

out-of-pocket healthcare expenditures may be especially debilitating for older Ameri-

cans because of their poor labor market opportunities (Neumark, 2021) and declining

health (Chatterji, Byles, Cutler, Seeman, and Verdes, 2015) making financial recoveries

challenging. In particular, to self-insure against these healthcare expenditure risks,

older Americans continue to save even after retirement (De Nardi, French, and Jones,

2016b; De Nardi, French, Jones, and McGee, 2021).

Out-of-pocket healthcare expenditure risks arise from the unexpected nature of

healthcare expenditures that may be transitory or persistent. Health events such as a

broken leg typically have transitory short-lived effects on healthcare expenditures,

whereas chronic conditions require ongoing medical attention, thereby inducing

a persistent increase in out-of-pocket healthcare expenditures. Using samples of

older Americans, Feenberg and Skinner (1994) and French and Jones (2004) find a

highly persistent homogeneous ARMA-type error process to capture the unexpected,

transitory, and persistent aspects of out-of-pocket healthcare expenditures well.

Simulating the model, healthcare expenditure shocks pose a severe financial risk

which increases healthcare expenditures unexpectedly by more than $125,000 in the

remainder of life (French and Jones, 2004) for 0.1% of the population.

Recent evidence on insured healthcare expenditures, however, finds healthcare

expenditures to persist differently across subpopulations (Ng et al., 2019; Hyer et al.,

2019; Figueroa et al., 2019; Zhang, Khullar, Wu, Casalino, and Kaushal, 2020; McGuire,

Schillo, and van Kleef, 2020). Davis, Nallamothu, Banerjee, and Bynum (2016) find

Medicare spending patterns of older Americans to be well explained by four groups,

each having a unique spending pattern and, for privately insured healthcare expendi-

tures, Hirth, Calónico, Gibson, Levy, Smith, and Das (2016) show that the persistence

of healthcare expenditures differ by observables such as age and gender. Since house-

holds with large out-of-pocket healthcare expenditures are likely eligible for Medicare

(De Nardi, French, and Jones, 2016a; De Nardi, French, Jones, and McCauley, 2016c),

insured healthcare expenditures correlate positively with out-of-pocket healthcare

expenditures, thereby implying heterogeneity in both out-of-pocket healthcare ex-

penditure risk and dynamics.

This paper investigates the heterogeneity in out-of-pocket healthcare expenditure

risks and dynamics. We suggest a heterogeneous healthcare expenditure model where

each observation has unique healthcare expenditure dynamics, that is, household-
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specific uncertainty and persistence of healthcare expenditures. Estimating model

parameters by selecting subsamples at the researcher’s discretion can pose issues of

cherry picking, and in some instances, sample selection (Heckman, 1979). Therefore,

we propose and develop the multivariate generalized random forest, which estimates

model parameters in a data dependent fashion, to alleviate these concerns. Using

the Health and Retirement Study, we find new evidence of an unprecedented extent

of heterogeneity in households’ out-of-pocket healthcare expenditure dynamics.

The heterogeneity results in novel findings of widespread variation in out-of-pocket

healthcare expenditure risks, both in term of existing worst-scenario risk as well as

our new risk-measure, the probability of using all financial resources on healthcare

expenditures.

Our new healthcare expenditure model advances the homogeneous AR(1)+MA(0)

model from French and Jones (2004) by enabling healthcare expenditure dynamics

to flexibly vary with observable characteristics such as income, wealth, and source

of healthcare insurance. To extract the heterogeneity in healthcare expenditure dy-

namics from data, we insist upon a purely data consistent approach. We leverage

the recent advances in heterogeneous parameter estimation, which handles single

parameter estimates (Athey, Tibshirani, Wager, et al., 2019; Wager and Athey, 2018;

Friedberg, Tibshirani, Athey, and Wager, 2020) and suggest a novel multivariate ex-

tension using the multivariate random forest (De’Ath, 2002; Segal and Xiao, 2011;

Rahman, Otridge, and Pal, 2017). Our extension proves especially attractive as an

AR(1)+MA(0) healthcare expenditure process is characterized by three parameters;

the autoregressive innovation variance, the moving average innovation variance, and

the autoregressive persistence. To quantify the unique healthcare expenditure risk

implied by each observation’s distinct healthcare expenditure dynamics, we simu-

late two risk measures. The first measure from French and Jones (2004) simulates

the unexpected worst-scenario increases in healthcare expenditures over a 10-year

period, that is, tail-events at the 99.9th percentile. Our second risk is new. It takes

into account the financial resources of the household by simulating the probability

of using all financial resources on healthcare expenditures over 10 years.

Estimating our model, we find new evidence of broad heterogeneity in out-of-

pocket healthcare expenditure dynamics. At the 5th percentile of the autoregressive

parameter, 49.2% of current unexpected healthcare expenditures carry on into the

next period, whereas 78.7% remain at the 95th percentile. Even though the disparity

between the two percentiles of size 30.5% is modest, the cumulative difference widens

to 239% over a 10-year period due to the autoregressive persistence. Thus, the long-

ranging effects of healthcare expenditure shocks vary greatly. The uncertainty of

healthcare expenditure similarly varies widely. The standard deviation of healthcare

expenditure innovations in both the persistent AR-term and transitory MA-term

ranges from $560 to $3,660 between the 5th and 95th percentile. Estimates assuming

a single set of population parameters (Feenberg and Skinner, 1994) cannot capture
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this widespread diversity in healthcare expenditure dynamics.1

This diversity gives rise to extensive heterogeneity in observation-specific health-

care expenditure risk. The mean worst-scenario risk for the 5% with the lowest risk is

$16,731 and 29 times larger of size $483,909 for the top 5%, which contrasts existing

homogeneous estimates where everyone has the same risk of $120,000 (French and

Jones, 2004). A unique feature of our method is our ability to ex-post determine the

observable characteristics of any risk-group. The top 5% are characterized by having

highly volatile healthcare expenditures, employer provided healthcare insurance, and

large levels of income and wealth. On the other hand, Medicaid insurance, relatively

few years of education, and low income and wealth distinguish the bottom 5%. Hence,

financial affluence correlates positively with worst-scenario healthcare expenditure

risks, likely due to the financial ability to purchase healthcare services. To account

for the ability to pay for healthcare services, we propose a new second risk measure

that relates the size of cumulative 10-year healthcare expenditures to the household’s

financial resources; the probability of using all financial resources on healthcare ex-

penditures. 81.2% of the population has less than one percent probability of using all

financial resources on healthcare expenditures. However, for 2.7% of the population,

the risk exceeds 75% implying an overhanging risk of a medically related bankruptcy.

Observations with large risks typically have poorer health, and low levels of income

and wealth despite being younger and more likely non-retired. Moreover, 41.9% have

no healthcare insurance. In comparison, the group with the least risk is likely to have

employer based healthcare insurance, good health, and large financial resources.

Hence, we document a new negative social gradient in the probability of using all

financial resources on healthcare. The gradient implies a corresponding negative

social gradient in medically related bankruptcies where the lowest socioeconomic

groups in addition to being the poorest, having the worst health (Goldman, Glei, and

Weinstein, 2018b; Frederick, Snellman, and Putnam, 2014), and having the largest

mortality risks (Case and Deaton, 2015), also face additional adversity by having the

largest risk of medically related bankruptcies.

Lastly, we investigate which observables are associated with reductions in health-

care expenditure risk. Focusing on the group with the highest risk, our results suggest

that extending Medicare to the uninsured in the high-risk group reduces the risk of

using all financial resources on healthcare expenditures by 4.3% while signing private

healthcare insurance associate with reductions of the risk by 19.4%. Hence, mandat-

ing high-risk individuals to acquire a healthcare insurance likely lowers healthcare

expenditure risk. Income increases and wealth transfers also reduce healthcare ex-

1Applications of ARMA-type error process models have estimated model parameters for a few sub-
populations (De Nardi, French, and Jones, 2010; De Nardi et al., 2016a; Jones, De Nardi, French, McGee,
and Kirschner, 2018; De Nardi et al., 2021; Arapakis, French, Jones, and McCauley, 2021) without explicitly
reporting the differences in parameter estimates. Our estimates nest all these subpopulations and allow
for a much higher degree of granularity and flexibility in how parameters can vary across individuals by
using advances in non-linear econometrics, namely our new method; the multivariate generalized random
forest.
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penditure risk with correlational elasticities of size 21.1% and 16.2%, respectively. As

high-risk observations have low levels of annual household income of size $3,548

and household wealth of size $9,612 limited quantitative changes may greatly reduce

healthcare expenditure risk. As our second risk measure approximates financial ruin,

interventions to increase the household income of low-income households likely

reduce their high risk of medically related bankruptcy in addition to increasing utility

from other sources of consumption.

The remainder of this paper proceeds as follows. Section 1.2 describes our model.

Section 1.3 establishes the estimation of the model, and the data used for estimation

is described in Section 1.4. Section 3.4 provides our results on both healthcare expen-

diture dynamics and healthcare expenditure risk. Lastly, Section 1.6 concludes the

paper.

1.2 Model

In models for healthcare expenditure dynamics, such as French and Jones (2004),

log household healthcare expenditures, H , are a function of four terms: expected

log healthcare expenditures, E
[
Hi t

]= X̌i tβ, for observation i at time t that depend

on the 1×k covariates X̌i t , an unobserved observation-specific effect, fi , an autore-

gressive time-series process, εi t , of order p capturing persistent development in

healthcare expenditures, and a transitory moving average term, εi t , of order q that

models transitory healthcare expenditure innovations

Hi t = X̌i tβ+Ri t

Ri t = fi +εi t +εi t

εi t = a1,ARεi ,t−1 +·· ·+ap,ARεi ,t−1 +ei t

εi t = b1,M Aξi ,t−1 +·· ·+bq,M Aξi ,t−1 +ξi t .

(1.1)

Estimating the model in equation (1.1), French and Jones (2004) find that health-

care expenditure dynamics in the Health and Retirement Study can be explained

by an AR(1)+MA(0) process without an unobserved effect, fi . Since an AR(1)+MA(0)

can be equivalently expressed as an ARMA(1,1) process (Hamilton, 1994), the find-

ing in French and Jones (2004) is conformable with the conclusion that out-of-

pocket healthcare expenditure follows an ARMA(1,1) process in Feenberg and Skinner

(1994).2 The model in equation (1.1) assumes identical time series parameters for all

observations in the population. However, evidence suggests that healthcare expendi-

ture processes are heterogeneous: Dobkin et al. (2018), for example, find that hospital

2Estimating the full model including the unobserved observation specific effect, that is, the variance
V ar

(
fi | Xi t

) = σ2
f

(
Xi t

)
, using the multivariate generalized random forest from Section 1.3.1 we find

small variance sizes. Likewise, including the first order moving average lag, bM A
(
Xi t

)
, the moving average

parameter is close to zero for all observations, which leads us to omit both the unobserved individuals
specific variance and the first order moving average term from our main model specification, see Appendix
A.1.
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admission affects subpopulations’ cumulative three-year out-of-pocket healthcare

expenditures differently, suggesting heterogeneous healthcare expenditure dynamics.

To incorporate this heterogeneity flexibly, we suggest a linear healthcare expendi-

ture model with an AR(1)+MA(0) error process where the time-series parameters vary

with observation characteristics, X , that is, the error process parameters are local.

Specifically, the autoregressive persistence, aAR
(
Xi t

)
, an autoregressive innovation

variance, V ar
(
ei t | Xi t

) = σ2
AR

(
Xi t

)
, and a transitory white noise moving average

innovation variance, V ar
(
ξi t | Xi t

)=σ2
M A

(
Xi t

)
all depend on observables X without

any functional restrictions of the relationship between the parameters and X . X can

include all of X̌ , no variables from X̌ , and other variables3

Hi t = X̌i tβ+Ri t

Ri t = εi t +εi t

εi t = aAR
(
Xi t

)
εi ,t−1 +ei t , V ar

(
ei t

)=σ2
AR

(
Xi t

)
εi t = ξi t , V ar

(
ξi t

)=σ2
M A

(
Xi t

)
.

(1.2)

Innovations ei t , and ξi t are independent and
∣∣aAR

∣∣< 1 in the autoregressive term

for stationarity of the autoregressive process. As a result, the κth order theoretical

error term autocovariances are

γ
(
κ,θ

)=


σ2
AR (X )

1−a2
AR (X )

+σ2
M A

(
X

)
if κ= 0

aκAR

(
X

) σ2
AR (X )

1−a2
AR (X )

if κ≥ 0
, (1.3)

see Appendix A.2 for derivations.

Allowing the error term parameters, θ
(
X

)= (
σ2

AR

(
X

)
,σ2

M A

(
X

)
, aAR

(
X

))′
, to vary

with household characteristics makes a comparison of healthcare expenditure dy-

namics for different observations simple and provides insights into any reasonable

subgroup of interest. Separating the AR and MA terms has the advantage of creating

a more flexible model where healthcare expenditure shocks can be transitory, like

expenditures associated with broken legs or persistent as healthcare expenditures

related to chronic conditions.

Equation (1.2) is a reduced form structural model for of out-of-pocket healthcare

expenditures that seeks to describe the variation with respect to X in out-of-pocket

healthcare expenditure time series parameters, that is, variation in how households

use healthcare expenditures. We do not deliberately seek to capture any causal effects

that might exist between healthcare expenditures and other variables, for exam-

ple, contemporaneous causal effects of financial resources (Acemoglu et al., 2013;

Kuehnle, 2014) and healthcare insurance on out-of-pocket healthcare expenditures

(Finkelstein and McKnight, 2008; Finkelstein, Taubman, Wright, Bernstein, Gruber,

Newhouse, Allen, Baicker, and Group, 2012). To our knowledge, no intertemporal

3We will detail our choice of X later in Section 1.4.



1.3. ESTIMATION 7

causal effects have been confirmed or rejected between healthcare expenditures and

other variables, and it is unknown if the intertemporal specification pose a causal

relationship.

1.3 Estimation

Estimation of the model in equation (1.2) follows the two step procedure in French

and Jones (2004). The first step estimates expected healthcare expenditures, E
[
Hi t

]=
X̌i tβ, and partials out the effect of covariates X̌i t from healthcare expenditures using

OLS. A large earnings-growth literature partial out expected income prior to analyzing

earnings growth dynamics in a similar manner (see e.g. Cappellari (2004), Haider and

Solon (2006), and Guvenen (2009)).

The second step estimates error process parameters, θ. Standard minimum dis-

tance estimation (Chamberlain, 1984) is typically used to estimate ARMA-parameters

in short panels (see e.g. Abowd and Card (1989) and Meghir and Pistaferri (2004)) as

it requires no distributional assumptions and is amendable to most error process

specifications. The method minimizes the squared weighted average distance be-

tween the vector of observation-specific empirical residual autocovariances, mi , and

their corresponding theoretical error process autocovariances, m
(
θ
)
. Specifically,

for n observations and moments, ψi ,θ = mi −m
(
θ
)
, the population parameters are

estimated as

θ̂ = argmin
θ

[
1

n

n∑
i=1

ψi ,θ

]′
Wn

[
1

n

n∑
i=1

ψi ,θ

]
, (1.4)

for weight matrix Wn , see Appendix A.3 for a review of standard minimum distance

estimation. Yet, as the error process in equation (1.2) is local and can vary with X , the

second step outlined above requires modification.

Estimating local parameters can be done in multiple ways. Typically local parame-

ters are estimated by selecting a subsample of interest, whereafter, the parameters are

estimated using this subsample. However, selecting subsamples at the researcher’s

discretion can pose issues of cherry picking and, in some instances, sample selection

(Heckman, 1979). Further, certain subsamples may become too small to produce

satisfyingly accurate parameter estimates for a subgroup of interest. Weighting proxi-

mal observations to estimate local parameters could solve this concern, but methods

which flexible weight observations such as K-nearest neighbors often suffer from the

curse-of-dimensionality (Robins and Ritov, 1997) and thus require a large sample

size to be applicable. Recently, the generalized random forest (Athey et al., 2019)

has suggested using the random forest algorithm (Breiman, 2001) to create adaptive

weighted regions and hereby avoid the curse-of-dimensionality. In some instances,

the generalized random forest even outperforms K-nearest neighbors in local pa-

rameter estimations when the parameters display sharp changes in the parameter
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space (Athey et al., 2019). Unfortunately, only a single parameter of interest can be

estimated using Athey et al. (2019), whereas three parameters, dimension
[
θ

(
X

)]= 3,

are of interest in the error process in equation (1.2).

1.3.1 Multivariate Generalized Random Forest

To estimate multiple local parameters of interest, θ
(
X

)
, we suggest the multivariate

generalized random forest. The method proposes a new multivariate extension of

the single-parameter generalized random forest (Athey et al., 2019), where multiple

parameters are of interest simultaneously. Our method maintains most of the high

performing features of the Breiman (2001) random forest: random split restrictions,

combining weak predictors, and bootstrap/subset sampling, however, the final pre-

diction step is omitted.4 Instead, the multivariate generalized random forest treats

the forest as an adaptive nearest neighbor estimator that weighs nearby observa-

tions. The remainder of this section describes our use of the multivariate generalized

random forest to estimate local error process parameters in the model (1.2), see

Appendix A.4 for a general version.

Our overarching aim is to estimate local parameters, θ
(
X

)
, by determining the

importance of observation i for estimating θ at local x using observation-specific

weights αi (x), that is, we suggest an individual-weighted version of the standard

minimum distance estimator in equation (1.4),

θ̂ (x) = argmin
θ(X )

[
n∑

i=1
αi (x)ψi ,θ(X )

]′[ n∑
i=1

αi (x)ψi ,θ(X )

]
, (1.5)

where moments, ψi ,θ(x), have expected value zero everywhere on the domain of X ,

dom
(
X

)=X,

E
[
ψi ,θ(X )

(
Oi

) | Xi = x
]
= 0, ∀x ∈X . (1.6)

For observation i with characteristics Xi equation (1.6) implies that the expected

empirical residual autocovariance equals their theoretical error process autocovari-

ances for all possible observation characteristics, see Appendix A.3 for the explicitly

moment conditions. As the optimal weighting matrix involves imprecise fourth in-

teractions, we use the identity weight matrix, Wn = I , in equation (1.5) due to its

superior finite sample performance in estimation of error processes (Altonji and

Segal, 1996; Clark, 1996).

To determine the weights, αi (x), we grow a large number, B , of regression trees

using the tree-growing procedure described in the following section. Each regression

tree seeks to segment an initial root sample into many fine-grained leaf nodes with

high similarity of θ within each node and large dissimilarity of the average θ-values

4For an introduction to random forest, see Hastie, Tibshirani, and Friedman (2009).
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between nodes. The end nodes are obtained from recursive axis-aligned splits of the

sample by splitting variables X . Combining all trees, observations that frequently end

up in the same node as x receive large weights since they share within-node similarity

of the θ-parameters. On the other hand, observations that never end up in the same

node as x receive no weight as they are dissimilar from x. Specifically, for Lb (x), the

observations in the same node as x in tree b and
∣∣Lb (x)

∣∣ the number of observations

in this node,

αbi (x) =
1
({

Xi ∈ Lb (x)
})∣∣Lb (x)

∣∣ , αi (x) = 1

B

B∑
b=1

αbi (x) . (1.7)

From the first term, the weight on observation i from tree b decreases with the

size of the final node,
∣∣Lb (x)

∣∣. The second term averages the weight on observation i

for local x across all B trees. The weights sum to one.

1.3.2 Growing Multivariate Regression Trees

Each regression tree is grown to extract as much of the heterogeneity of θ as possible

from a dataset. To this end, we apply multivariate regression trees (De’Ath, 2002),

an extension of regression trees (Breiman, Friedman, Olshen, and Stone, 2017) due

to the multivariate nature of θ. An initial sample5 is split into two resulting child

nodes. Each resulting node is then split into two new nodes. This recursion repeats

itself until a stopping criterion is met, for example, minimum node size, and makes

up a single regression tree. For every split, a threshold value and a splitting variable

in X are chosen for which observations above the threshold enter one of the child

nodes, and the remaining observations enter the other.6 The splitting variable and

threshold value are chosen to maximize a splitting criterion, i.e., the dissimilarity of

the parameters of interest, θC1 and θC2 , in the resulting two nodes, C1 and C2.7 To

handle multivariate θ-parameters, as opposed to univariate parameters (Athey et al.,

2019), we propose a new multivariate splitting criterion

∆
(
C1,C2

)= NC1 NC2 /
(
NC1 +NC2

)2
((
θ̂C1 − θ̂C2

)′
ŴP

(
θ̂C1 − θ̂C2

))
, (1.8)

for NC1 and NC2 , the number of observations in each of the child nodes, respectively.

ŴP weights the importance of each parameter estimate, θ̂, in the parent node to be

5For every tree, we use a different random fraction, s, of the full sample following (Athey et al., 2019).
Further, we decorrelate the processes of tree growing and weight assignment by randomly splitting the
subsample into two equally sized parts, J1 and J2, as Wager and Athey (2018). The first part, J1, grows the
tree, and the second part, J2, assigns weights in equation (1.7).

6The splitting variables as well as the number of splitting variables considered from X are random,
see Breiman (2001) and Denil, Matheson, and De Freitas (2014), respectively.

7Our splitting criterion is unlike typical splitting criteria (De’Ath, 2002) that minimize prediction errors.
Instead, we follow the notion of maximizing parameter heterogeneity from Athey et al. (2019), who also
focus on heterogeneous parameter estimates.
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split. We allow ŴP to be node-specific. Unlike Wn there is no evidence of the optimal

choice of WP as the method is new.

In practice, estimating θC1 and θC2 in criterion (1.8) for all possible split variables

and thresholds using equation (1.4) is computationally infeasible. Instead, we suggest

a rapid multivariate gradient tree algorithm that approximates θ in the parent node

as observation-specific pseudo-outcomes, ρi , using the first step from the Gauss-

Newton algorithm, see Algorithm 1, Appendix A.4.3. This gives rise to the approximate

criterion

∆̃
(
C1,C2

)= 2∑
j=1

1∣∣∣i : Xi ∈C j

∣∣∣
 ∑{

i :Xi∈C j

}ρ′
i

W̃P

 ∑{
i :Xi∈C j

}ρi

 , (1.9)

for a weight matrix W̃P . Criterion (1.9) expands a related univariate criterion in Athey

et al. (2019) to the multivariate case and additionally enables overidentified moment

conditions.

1.3.3 Healthcare Expenditure Risk Measures

This section discusses the two healthcare expenditure risk measures considered in

this paper. To simulate the risk measures, we require annual time series parameters

of θ
(
X

)
and annual mean healthcare expenditures µ

(
X

)
, which we calibrate using

the method of simulated moments as suggested by French and Jones (2004). The

method targets the mean and the 99.5th percentile of healthcare expenditures in a

log-normal distribution as well as all empirical autocovariances, see Appendix A.5.

Using statistical tests, French and Jones (2004) show that out-of-pocket healthcare

expenditures with an AR(1)+MA(0) error process follow a log-normal distribution in

the Health and Retirement Study.8

Both risk measures consider 10 years of healthcare expenditure histories simu-

lated from each observation’s unique annual parameter values. Observation-specific

annual mean healthcare expenditures start at calibrated µ
(
X

)
and develop deter-

ministically according to the age and age squared OLS estimates from the first step,

∆τµ
(
X

)
, in the following nine periods. Stochastic innovations to log out-of-pocket

healthcare expenditures, R si m
j ,τ

(
X ,θ

)
, for simulation j in period τ are drawn from a

Gaussian distribution. We simulate 1,000,000 healthcare expenditure histories for

each observation to capture distributional aspects.9 Following French and Jones

8Ongoing work argues for a different model where innovations follow a quantile function that is
specified as polynomials of low-order Hermite polynomials estimated using an expectation-maximization
algorithm (Arapakis et al., 2021). The model is estimated for all types of healthcare expenditures in the
US including out-of-pocket healthcare expenditures. As the model differ, this approach is not readily
implementable. Moreover, its relative performance compared to a log-normal distribution is unclear.

9The initial autoregressive innovation εi ,t0 is drawn from a normal distribution with mean zero and

variance V ar
(
εi t

)
using the annual time series parameters.
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(2004), simulated healthcare expenditure paths are discounted by 3%, and simu-

lated individuals face an age and gender specific mortality gamble according to 2016

US mortality rates from the Human Mortality Database after realizing healthcare

expenditures

H si m
j ,t1:t10

(
X

)= t10∑
τ=t1

1
{

Ali ve j ,τ
(
X

)} exp
{
µ

(
X

)+∆τµ(
X

)+R si m
j ,τ

(
X ,θ

)}
1.03τ−t1

, (1.10)

where 1
{

Ali ve j ,τ
(
X

)}
indicates survival.

The first risk measure, risk99.9th (
X

)
, from (French and Jones, 2004) measures

the worst-scenario outcome of a healthcare expenditure shock, that is, the 99.9th

percentile effect of a current healthcare expenditure innovation on cumulative health-

care expenditures over a 10-year period. The difference between an unrestricted and a

restricted version of the simulated healthcare expenditures where the first healthcare

expenditure innovation is zero, R si m
t1

= 0, measures the cumulative effect

risk99.9th (
X

)= Percentile99.9th

[
H si m

t1:t10

(
X

)−H si m
t1:t10|R si m

t1
=0

(
X

)]
. (1.11)

The worst-scenario risk, risk99.9th , may be strongly linked to households ability to

pay for healthcare services (Russell, 1996), such that households with large financial

resources appear to have sizable risks. However, the risk rather reflect the ability to

pay instead of healthcare expenditure risk.

To relate the financial resources of a household to the healthcare expenditures of

the household, we propose a new risk measure: the probability of using all financial

resources on out-of-pocket healthcare expenditures over a 10-year period. House-

holds with high risks face an overhanging risk of medically related bankruptcies,

and our new risk measure, risk f i n (
X

)
, has strong connections to the controversial

medical bankruptcy literature (Himmelstein, Warren, Thorne, and Woolhandler,

2005; Himmelstein et al., 2009; Dranove and Millenson, 2006). However, the measure

conservatively estimates bankruptcy since households may file for bankruptcy be-

fore using all financial resources on healthcare expenditures, for example, if funds

have been directed to housing, food, and other necessities.10 Forgoing these types

of consumption poses additional hardship on top of the financial risk. Additionally,

bankruptcy may come from a loss of income. We approximate a household’s total

financial resources over a 10-year period11 as current wealth, Wealtht1 , plus 10 times

10Without detailed consumption data for every observation, setting thresholds of healthcare expen-
diture for which households will gobankrupt is challenging. In particular, since consumption-patterns
probably vary by households.

11We recognize that adverse healthcare expenditure events could have effects on income and wealth.
Capturing these effects remain outside the capabilities of our model, and we leave this analysis for future
research.
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current income, Incomet1 ,

risk f i n (
X

)= Pr

 H si m
t1:t10

(
X

)
Wealtht1

(
X

)+10 · Incomet1

(
X

) > 1

 . (1.12)

Simulated healthcare expenditures are stochastic while financial resources remain

fixed. Our measure does not capture medical bills written off by the healthcare

provider or any effects of taxes on wealth and income.

1.4 Data

This paper uses the longitudinal Health and Retirement Study dataset, which surveys

Americans above age 50 and their potential spouses every two years. Starting in 1992,

the Asset and Health Dynamics of the Older Old, AHEAD, and Health and Retirement

Study, HRS, were two separate samples that were later merged. Over the years, new

cohorts have been added to make the sample representative of individuals aged

50 to 60 in the US. For our analysis, we use waves 3 through 14 as key variables

remain relatively stable over this period (Rohwedder, Haider, and Hurd, 2006). We

use the cleaned and easy-to-use RAND version of the dataset (Bugliari, Campbell,

Chan, Hayden, Hayes, Hurd, Main, Mallett, McCullough, Meijer, et al., 2018) and keep

imputed values.

The data is well-suited for our analysis since it contains the longest and widest

series of repeated individual-level observations on our main variable of interest: out-

of-pocket healthcare expenditures. Longer and wider panels reduce the estimation

bias in error process models (Doris, O’Neill, and Sweetman, 2013) such as estimation

of equation (1.2). Respondents report out-of-pocket healthcare expenditures at the

household level including costs to hospitals, doctors, dentists, outpatient surgery,

prescription drugs, home health care, and special facilities. To annualize healthcare

expenditures, we divide by the number of years since last interview, as in French and

Jones (2004), which is typically two years.12

In addition to including the sociodemographics from French and Jones (2004) and

Feenberg and Skinner (1994), i.e., age, gender, marital status, household’s entire gross

income, and healthcare insurance, our dataset includes additional variables on edu-

cation, household net wealth, retirement status, and health. Education is a common

socioeconomic measure related to healthcare expenditures (Hurd, Michaud, and Ro-

hwedder, 2017; Mackenbach, Valverde, Artnik, Bopp, Brønnum-Hansen, Deboosere,

Kalediene, Kovács, Leinsalu, Martikainen, et al., 2018). Wealth affects the choice to

consume healthcare (Schwandt, 2018; Fahle, McGarry, and Skinner, 2016; Kim and

Ruhm, 2012), and measures of health affects healthcare expenditures (Davillas and

Pudney, 2020). We use the Poterba, Venti, and Wise (2017) measure of health, which

12We divide the days since last interview by 365 to calculate the years since last interview.
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is custom-tailored to study the relationship between health and financial measures,

which is the key variables of interest in this paper. The health measure uses principle

component analysis (Pearson, 1901; Hotelling, 1933) to extract the entire variation,

which can linearly be encompassed in a single variable from 27 health-indicators on

activities of daily living, self-reported health, and healthcare utilization, see Appendix

A.6 for details.

For the multivariate generalized random forest algorithm, we use the first observa-

tion on a respondent as splitting variables for X . Using only the first observation, we

seek to limit any effects between splitting variables and the time series of healthcare

expenditures without shortening the time series. To capture parameter heterogeneity,

we consider the already mentioned variables most important as splitting variables,

X , within health economics. Additionally, we include: out-of-pocket healthcare ex-

penditures in the first period of observation, being Hispanic, whether the spouse is

retired, the spouse’s years of education, and spousal health. A grander set of splitting

variables could be considered, however, computational resources restrict us to this

set.

Table 1.1 shows summary statistics for the splitting variables X . The sample

predominantly consists of married respondents and females, and he average age

is 62. For the primary source of healthcare insurance, 49 percent of respondents

hold employer provided healthcare insurance, 31 percent are Medicare insured, 11

percent have no healthcare insurance, and 5 percent and 4 percent have a private and

Medicaid insurance, respectively.13 The average health is 0.64 and slightly higher than

the mean value of 0 in the entire sample. The difference likely reflects the lower age

and correspondingly better health of individuals in the first period of observation, that

is, health deteriorates with age (Grossman, 1972). Income and wealth display wide

dispersion with standard deviations of $163,828.70 and $1,592,838.00, respectively.

The standard deviation of healthcare expenditures is more than three times larger

than its mean, indicating wide variation. 27 percent of observations have less than

$250 healthcare expenditures, and we truncate these observations at $250 in our

analysis to perform a log transformation of healthcare expenditures like French and

Jones (2004).14

For the OLS estimates in the first step, we use all observations in the dataset to

create an accurate estimate of healthcare expenditure expectations, X̌i tβ, in equation

(1.2), and X̌i t include the same variables as Xi t . For the full sample, mean values are

generally affected by the older age of this sample, and Medicare insurance, household

wealth, and healthcare expenditures are higher while health is slightly lower, see

13We apply the hierarchical healthcare insurance scheme from French and Jones (2004), where insur-
ance states are mutually exclusive. The hierarchy from top to bottom is as follows: Employer, Medicare,
Medicaid, Private, and No insurance, e.g., an individual is privately insured if they report no employer,
Medicare, or Medicaid insurance and report being privately insured, see Appendix A.6.

14Hirth et al. (2016) find that for insured healthcare costs, truncating at either $250 or $500 has limited
effects on time series dynamics.
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Statistic Mean St. Dev.
Male 0.44 0.50
Married 0.68 0.46
Age 61.57 10.17
Employer Insured 0.49 0.50
Privately Insured 0.05 0.22
Medicaid Insured 0.04 0.20
Medicare Insured 0.31 0.46
Not Insured 0.11 0.31
Retired 0.16 0.37
Yrs. of Educ. 12.15 3.45
Health 0.64 2.10
Household Income 80,005.49 162,828.70
Household Wealth 329,330.00 1,592,838.00
Household Healthcare Expenditures 2,348.60 7,223.47
N 39,076

Amounts in 2018 dollars.

Table 1.1: Summary Statistic for Entire Dataset

Table A.1, Appendix A.6.

Survey-based datasets have well-known limitations such as: non-respondents,

inaccurate or biased responses, justification biases, dropouts, and death which can

affect the accuracy of the observed data as well as the number of missing variables in

the dataset. For the error process estimation, we consequently require respondents to

be present in two or more periods to contribute useful information to the empirical

autocovariances used in our implementation of the multivariate generalized ran-

dom forest estimation. Despite the challenges with survey data, French, Jones, and

McCauley (2017) find the HRS to be of high quality, in particular, the out-of-pocket

healthcare expenditure variable.

1.5 Results

This section estimates the heterogeneous risk and dynamics of out-of-pocket health-

care expenditures for older Americans. The first step estimation of the β-parameters

in equation (1.2) using OLS have the expected sign and sizes, see Appendix A.7. We

use the empirical residual autocovariances resulting from the first step seen in Ap-

pendix A.8 in our multivariate generalized random forest, sketched out in Section

1.3. Hyperparameters are selected using our new problem-specific hyperparameter

tuning method in Algorithm 3, Appendix A.4 based on the cross-validated sum of

squared autocovariance moment,ψ′ψ, aggregated across all individuals. We consider

the hyperparameters; the subsampling rate, s, the fraction of the subsample I used to

grow the forest, the weight matrix WP discussed in Section A.4.3, and the minimum

leaf size. Hyperparameter choices are mainly as suggested in the grf implementa-

tion, see Appendix A.9, except for the minimum leaf size of 55 which is much larger

than the default size of 2. A smaller minimum leaf size likely produce imprecise

estimates of θ-parameters in the parent node. We find it optimal to set W̃P to the

inverse covariance matrix of ρi in the parent node.
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1.5.1 Heterogeneous Healthcare Expenditure Dynamics

We investigate the AR(1)+MA(0) out-of-pocket healthcare expenditure dynamics in

equation (1.2) estimated for each of the 33,752 observations in our sample using

the multivariate generalized random forest.15 The density of the three parameters

of interest, θ
(
X

)
, in Figure 1.1 display dispersed patterns indicating widespread

heterogeneity in out-of-pocket healthcare expenditure dynamics. Meanwhile, all

parameter values lie within a reasonable range. The autoregressive persistence, aAR ,

in blue has a higher density at a larger numerical value than the autoregressive

innovation variance, σ2
AR , in red, and the moving average innovation variance, σ2

M A ,

in green. The small hump of observations close to zero has small moving average

innovation variances.16

To grasp the extent of the parameter-heterogeneity, we consider the 5th and 95th

percentile of each parameter. At the 5th percentile of the persistence parameter, aAR ,

49.2 percent of current healthcare expenditures persist into the next period, whereas

the persistence is 78.7 percent at the 95th percentile, that is, 30.5 percentage points

larger. Given the compounding nature of AR-processes, the difference grows to 239

percent over a 10-year period. Hence, autoregressive healthcare expenditure shocks

have very different long-ranging effects indicating major differences in healthcare

expenditure risk.

The persistent and transitory variances, σ2
AR and σ2

M A , respectively, similarly

display widespread differences, yet, the parameters have limited interpretability in

themselves as they are innovation variances of log healthcare expenditures. Trans-

forming the parameters into interpretable level values, we find that the standard

deviation of persistent healthcare expenditure shocks, σ2
AR , ranges between $558.2

and $3,659.4 for observations at the 5th and 95th percentile, respectively, see Ap-

pendix A.11. Thus, observations at the 95th percentile face healthcare expenditure

shocks with standard deviations more than six times larger than individuals at the

5th percentile, implying huge variations in healthcare expenditure uncertainty. Given

the persistent nature of these shocks, their cumulative effects can be severe. The

transitory innovations, σ2
M A , have similar percentile values, see Appendix A.11.

To our knowledge, the amount of sampling variation versus parameter hetero-

geneity cannot be tested and neither does tests of the amount of heterogeneity exist.

Monte Carlo simulations from simplified versions of our setup find a small mean

squared error of the parameter estimates, that is, sampling variation. Compared to

out main estimates, the mean squared error is expected to increase with a more

complex dependence structure on the splitting variables, X . We grow a large number

of trees, B = 2,000, to capture this complexity. Moreover, the relatively large sample

15We consider out-of-bag parameter estimates to eradicate the correlation observation i can have
with the weights from the multivariate generalized random forest, that is, individual level parameters
are estimated using only the set of trees, b, where observation i is neither in the tree-growing or weight-
assigning sample.The out-of-bag and non-out-of-bag estimates are nearly identical, see Appendix A.10.

16We require the moving average variance, σ2
M A , to be positive during optimization.
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Figure 1.1: Density of AR(1)+MA(0) Parameter Estimates for all Observations in the Dataset.

size decreases mean squared error, see Appendix A.12.

The relationship between the AR(1)+MA(0) parameters elicit information about

variations in healthcare expenditure use. Table 1.2 estimates the variance-covariance

matrix based on all individual-level θ-parameters. Diagonal elements contain vari-

ances, the lower diagonal elements covariances, and the upper-diagonal entries

hold correlations. Overall, parameters exhibit non-trivial mutual correlations. The

autoregressive innovation variance, σ2
AR , and the moving average innovation vari-

ance, σ2
M A , have an inverse relationship with a correlation coefficient of size -0.297.

Hence, observations are to some degree characterized by either persistent health-

care expenditure uncertainty or transitory uncertainty. The inverse relationship thus

partially attenuates the healthcare expenditure volatility and, thereby, its risk. The

autoregressive innovation variance, σ2
AR , also has a negative correlation coefficient

with the autoregressive persistence parameter, aAR , of size -0.644. Consequently,

healthcare expenditure innovations for observations with large persistent healthcare

expenditure volatility tend to die out more quickly due to the lower persistence. This

negative correlation likewise attenuates healthcare expenditure risk. Lastly, with a

correlation coefficient of size 0.566 between the moving average innovation variance,

σ2
M A , and the autoregressive parameter, aAR , the two parameters tend to in- and

decrease jointly. Hence, a lower moving average innovation variance is associated

with lower persistence. Both effects decrease the healthcare expenditure risk that

observations face by lower volatility and persistence, respectively. However, decreas-

ing both the moving average innovation variance and the autoregressive persistence

is associated with, roughly, an equivalent increase in the autoregressive innovation

variance, σ2
AR .17

17Equivalent increases in the moving average innovation variance and the autoregressive persistence
are, roughly, associated with similar sized decreases in the autoregressive innovation variance of size since
0.941 = 0.297+0.644.
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Variance, Covariance, and Correlation:
AR(1)+MA(0) Estimates

σ2
AR σ2

M A aAR

σ2
AR 0.010 −0.297 −0.644

σ2
M A −0.003 0.013 0.566

aAR −0.006 0.006 0.010
Relationship between AR(1)+MA(0) parameters
for all individuals in the Health and Retirement
Study. Covariances in lower diagonal elements,
variances on diagonal, and correlations in
upper diagonal elements

Table 1.2: Covariance Matrix of Observation-Specific AR(1)+MA(0) Parameter Estimates

Model (ii) in Table 1.3 compares the average of our θ-estimates in Figure 1.1,

depicted with vertical dotted lines, to other error process estimates. Parameters esti-

mated at the mean of the splitting variables, θ
(
n−1 ∑n

i=1 Xi

)
, in Model (iii) have near

identical sizes,18 yet, using the estimation method from French and Jones (2004) on

our data where all observations receive equal weights, αi , in Model (i) we notice a

lower value of the moving average variance, σ2
M A , and the autoregressive persistence,

aAR . We observe similar differences when comparing to the French and Jones (2004)

estimates in Model (iv).19 These differences highlight a key feature of our estimation

procedure: Parameters estimated at the average of the population differ from the

average individual-level parameters estimated for each observation in the popu-

lation, in particular, due to the nonlinearities of our model, see equation (1.3). 20

Parameter differences have important implications for healthcare expenditure risk.

Specifically, ignoring parameter heterogeneity inflates certain parameter estimates

potentially, leading to an overestimation of the average healthcare expenditure risk in

the populations as healthcare expenditure risk increases in all three parameters in θ.

18This is, however, not a general attribute of our algorithm. Parameter estimates at the mean of X do
not necessarily resemble the average parameters for the population.

19We find some differences between our estimates in Model (i) and the French and Jones (2004) esti-
mates in Model (iv). Saturating our linear model in the first step with additional regressors compared to
French and Jones (2004), the residual variance decreases, which shows up as a lower moving average inno-
vation variance, σ2

M A , in Model (i) compared to Model (iv). Specifically, the zeroth order autocovariance in

equation (1.3) has a close connection to the empirical residual variances through σ2
M A . Additionally, the

autoregressive persistence, aAR , in Model (i) has a smaller size, which may arise from the effect additional
regressors have on the size of higher order autocovariances. In particular, including regressors that have
a persistent nature in the first step OLS estimates will decrease higher order autocovariances. We, for
example, include wealth, health, and education, which likely display persistent time series properties. As
an additional source of the differences between Model (i) and Model (iv), using more waves is known to
increase estimation accuracy (Doris et al., 2013) in error process models suggesting a lower bias in Model
(i) estimates which use 12 waves of data compared to four waves in both French and Jones (2004) and
Feenberg and Skinner (1994). As the Feenberg and Skinner (1994) estimates in Model (v) use a different
estimation procedure and another older dataset, a comparison is challenging.

20Moreover, as a general mathematical result, minimizing the objective function for each observation
compared to minimizing the average loss function for the entire population results in a lower overall loss
function implying a better fit to the data.
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AR(1)+MA(0) Estimates
French & Feenberg &

This paper Jones (2004) Skinner (1994)
Model: (i) (ii) (iii) (iv) (v)

σ2
AR 0.150 0.182 0.176 0.145 0.269

σ2
M A 0.320 0.220 0.228 0.575 0.100

aAR 0.747 0.648 0.650 0.849 0.896

N 33,752 33,752 33,752 N/A 354

Comparison of AR(1)+MA(0) estimates. See text for model
description. We use the rewriting of the ARMA(1,1) in
Feenberg and Skinner (1994) to an AR(1)+MA(0) from
French and Jones (2004).

Table 1.3: Error Process Parameter Estimates

1.5.2 Heterogeneous Healthcare Expenditure Risk: Worst-Scenario

Using the individual-level AR(1)+MA(0) parameters from Figure 1.1, we simulate the

healthcare expenditure risks measures, risk99.9th and risk f i n , described in Section

1.3.3 for each observation. We stress that our risk measures remain agnostic to house-

holds’ potential credit constraints in the simulation, however, as a strength, they

reflect the persistence and variance of healthcare expenditure usage observed in data

and the actual healthcare consumption choices households made. Figure 1.2 shows

the density of the worst-scenario risk, risk99.9th .21 The broad distribution signifies the

widespread variation in worst-scenario risk for the population contrasting existing

estimates. Simulating worst-scenario risk from the single population parameters in

French and Jones (2004), for example, we find a risk of size $119,811.8, which corre-

sponds greatly with our average risk estimate of size $121,320.0. However, large parts

of the population have different risks. In particular, 32.9% of our observations have

worst-scenario risks $50,000 lower than $119,811.8 and 20.7% have worst-scenario

risks $50,000 higher than $119,811.8. Hence, modeling the risk measure for a single

homogeneous population overlooks the great variation in worst-scenario risk, which

may lead to wrongful conclusions.

As a key attribute of our estimation procedure, we can ex-post, after estimating

healthcare expenditure risks, provide novel insights into the observable character-

istics of individuals with low and high risks, specifically, Table 1.4 segments the

population into five risk-groups. We direct particular attention to the average of the

bottom 5% with the lowest risks and the top 5%. The worst scenario risk is 30 times

larger for the top 5% compared to the bottom 5% with average sizes of $483,909

and $16,731, respectively. Several factors jointly characterize the differences in ob-

servables between the highest and lowest risk groups. First, the more volatile and

persistent healthcare expenditure dynamics, σ2
AR ,σ2

M A , and aAR , of the top 5% mech-

anistically increase the worst-scenario risk from larger healthcare expenditure shocks

and higher persistence, see Section 1.3.3. Second, the top 5% tend to be married

21In our empirical application, using other percentiles, e.g. the 99th percentile, gives almost perfectly
correlated results indicating that the exact choice of percentiles has limited implications.
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Figure 1.2: Density of Worst-Scenario Out-of-Pocket Healthcare Expenditure Risk

more often, suggesting that the worst-scenario risk increases in household size, likely

since more individuals can become severely ill and use large amounts of healthcare

(Himmelstein, Woolhandler, Sarra, and Guyatt, 2014). Third, even though more obser-

vations in the top 5% report being retired than in the bottom 5%, the rate of employer

provided healthcare insurance is largest in the top 5%, and no insurance or Medicaid

insurance are predominant in the bottom 5%. Fourth, the lowest risk-group has the

poorest health of all risk-groups despite being younger.22 With the lowest level of

healthcare expenditures across all groups, poor health does seemingly not affect

out-of-pocket healthcare expenditures23 suggesting financial constraint. Specifically,

we observe that the average household income, wealth, and years of education are

lower in the bottom 5% and hence have lower socioeconomic status. We interpret

that the differences between the top 5% and bottom 5% underline the importance of

financial ability to purchase healthcare services in the US healthcare system.

1.5.3 Heterogeneous Healthcare Expenditure Risk: Use All Financial

Resources

Turning to our new risk measure, Figure 1.3 plots the density of risk f i n for obser-

vations with risks above 1%, that is, 18.8% of the population. For the remaining

81.2% of the population, this risk is less than 1%. The majority of observations in the

plot concentrate close to zero with low probabilities. However, a small fraction of

observations almost always use all financial resources on healthcare expenditures.

In particular, 1.3% of observations face more than 99% probabilities of using all re-

22This finding conflicts with typical age-related declines in health, suggesting that individuals with a
lower socioeconomic status decline in health faster.

23We note that these healthcare expenditures are the healthcare expenditures in the first period of
observation.
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Lowest Low Mid High Highest

Percentile of risk99.9th 0% to 5% 5% to 25% 25% to 75% 75% to 95% 95% to 100%

risk99.9th 16,731.056 42,992.637 92,989.223 205,962.978 483,908.904
(5,323.160) (10,883.833) (23,341.056) (38,290.250) (575,750.454)

risk f i n 0.110 0.053 0.033 0.060 0.106
(0.291) (0.201) (0.140) (0.157) (0.229)

σ2
AR 0.101 0.147 0.182 0.211 0.288

(0.036) (0.053) (0.081) (0.118) (0.209)
σ2

M A 0.135 0.176 0.196 0.304 0.377
(0.034) (0.058) (0.082) (0.123) (0.186)

aAR 0.640 0.633 0.638 0.680 0.697
(0.064) (0.084) (0.100) (0.105) (0.109)

Male 0.379 0.351 0.511 0.378 0.285
(0.485) (0.477) (0.500) (0.485) (0.451)

Married 0.025 0.324 0.843 0.789 0.851
(0.157) (0.468) (0.364) (0.408) (0.357)

Age 56.1 57.8 59.4 68.2 67.3
(5.517) (8.309) (9.405) (9.728) (9.528)

Retired 0.127 0.084 0.131 0.370 0.414
(0.333) (0.278) (0.338) (0.483) (0.493)

Employer Insured 0.136 0.528 0.654 0.436 0.600
(0.343) (0.499) (0.476) (0.496) (0.490)

Privately Insured 0.069 0.058 0.058 0.015 0.003
(0.253) (0.233) (0.234) (0.122) (0.054)

Medicaid Insured 0.487 0.074 0.001 0.000 0.001
(0.500) (0.261) (0.027) (0.000) (0.024)

Medicare Insured 0.055 0.138 0.175 0.539 0.376
(0.228) (0.345) (0.380) (0.499) (0.484)

Not Insured 0.253 0.202 0.112 0.010 0.021
(0.435) (0.402) (0.315) (0.101) (0.142)

Health -0.569 0.520 0.848 0.210 0.309
(2.763) (2.289) (1.984) (2.139) (2.075)

Household Healthcare Exp. 640.654 1,311.479 2,400.144 3,392.652 13,152.505
(959.994) (1,778.889) (2,983.168) (4,931.793) (28,793.424)

Yrs. of Educ. 11.089 11.985 12.330 12.409 13.377
(3.049) (3.584) (3.523) (2.840) (2.979)

Has Debt 0.581 0.296 0.074 0.006 0.019
(0.494) (0.457) (0.262) (0.076) (0.138)

Household Wealth 41,318.071 154,847.894 393,518.223 450,884.227 622,099.257
(135,269.815) (600,360.188) (1,120,343.811) (1,051,557.762) (991,310.826)

Household Income 21,662.632 53,555.942 104,532.698 69,510.063 92,726.764
(25,223.653) (67,048.171) (1,940,66.299) (98,344.810) (107,940.197)

Wealth+10·Income 257,944.389 690,407.316 1,438,845.206 1,145,984.859 1,549,366.895
(318,638.711) (1,027,405.931) (26,381,38.895) (1,701,158.253) (1,723,789.708)

Population Size 5% 20% 50% 20% 5%

Mean and standard deviation (in parenthesis) of key variables by percentile groups of risk99.9th .

Table 1.4: Mean and Standard Deviation by risk99.9th Percentile-based Groups.

sources on healthcare expenditures. This naturally makes medical bankruptcy almost

certain.

Across observations, the mean probability of using all financial resources on

healthcare expenditures is 5.0% suggesting that five percent of the population will

file for medically related bankruptcy sometime during a 10-year period. However,

households also have other expenditures such as housing, food, and other necessities.

Hence, we consider the probability of healthcare expenditures exceeding 75%, 50%,

or 25% of a household’s financial resources, which may be more suitable to assess

bankruptcy risk. Using these thresholds, the medical bankruptcy rate increases to

7.8%, 14.2%, and 32.5%, respectively.

We explore the characteristics of observations with high and low risks of using all

financial resources on healthcare expenditures, risk f i n , by separating the population
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Figure 1.3: Density of the Probability of Using All Financial Resources on Healthcare Expendi-
ture

into five different groups in Table 1.5.24 For 43.9% of the observations, simulated

healthcare expenditures newer exceeds all financial resources. Conversely, health-

care expenditures exceeded financial resources in more than 75% of simulations

for the 2.7% of the population in the highest risk group. We allocate the remaining

observations to intermediate groups. Compared to the low-risk group, the volatility

of healthcare expenditures, σ2
AR and σ2

M A , is larger in all groups with higher risk,

while the persistence, aAR , remains similar. 76% of the lowest risk group are married

compared to 40.5% in the highest risk group. Hence, household size appears to offer

protection against using all resources on healthcare expenditures, which might be

due to informal care and a two-person household income. 41.9% of observations with

high risks have no healthcare insurance exemplifying either the protection offered

by healthcare insurances or the unaffordability of healthcare insurance for high risk

groups. On the other hand, most observations in the lowest risk group enjoy employer

provided healthcare insurance. We observed a negative social gradient in risk f i n : The

income-rich, highest educated, and most wealthy without debt have lower risks,

whereas the group with the highest risk has limited financial resources and lower

education.25

24Our findings are similar for various definitions of high and low risk groups.
25Himmelstein, Lawless, Thorne, Foohey, and Woolhandler (2019) likewise report medical debtors to

be more likely married, uninsured, and in poor health. In opposition, we, however, find differences in age
and gender. For a younger sample of cancer survivors, Banegas, Guy Jr, de Moor, Ekwueme, Virgo, Kent,
Nutt, Zheng, Rechis, and Yabroff (2016) additionally report a higher risk of medical debt and bankruptcy
for low-income individuals.
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Lowest Low Mid High Highest

Interval of risk f i n 0% 0% to 5% 5% to 25% 25% to 75% 75% to 100%

risk99.9th 85,611.082 136,305.292 175,263.993 251,112.937 173,101.473
(53,537.961) (105,862.577) (201,821.804) (524,285.947) (538,224.135)

risk f i n 0.000 0.005 0.122 0.449 0.940
(0.000) (0.010) (0.056) (0.142) (0.075)

σ2
AR 0.158 0.195 0.218 0.239 0.199

(0.066) (0.107) (0.134) (0.170) (0.157)
σ2

M A 0.183 0.240 0.278 0.302 0.244
(0.076) (0.116) (0.133) (0.172) (0.167)

aAR 0.646 0.651 0.658 0.649 0.626
(0.088) (0.106) (0.116) (0.118) (0.090)

Male 0.483 0.422 0.292 0.277 0.366
(0.500) (0.494) (0.455) (0.448) (0.482)

Married 0.760 0.670 0.548 0.454 0.405
(0.427) (0.470) (0.498) (0.498) (0.491)

Age 57.097 63.848 68.110 66.707 58.757
(7.204) (10.471) (11.177) (11.760) (9.012)

Retired 0.074 0.274 0.288 0.285 0.126
(0.262) (0.446) (0.453) (0.451) (0.332)

Employer Insured 0.755 0.452 0.244 0.200 0.185
(0.430) (0.498) (0.430) (0.400) (0.389)

Privately Insured 0.068 0.032 0.021 0.015 0.060
(0.252) (0.175) (0.144) (0.120) (0.238)

Medicaid Insured 0.035 0.045 0.019 0.022 0.090
(0.184) (0.207) (0.135) (0.147) (0.286)

Medicare Insured 0.059 0.350 0.616 0.621 0.246
(0.236) (0.477) (0.487) (0.485) (0.431)

Not Insured 0.083 0.122 0.101 0.142 0.419
(0.276) (0.327) (0.301) (0.349) (0.494)

Health 1.289 0.165 -0.537 -0.954 -0.639
(1.686) (2.232) (2.394) (2.483) (2.544)

Household Healthcare Exp. 2,257.701 2,719.402 3,577.428 7,340.160 6,568.913
(3,164.598) (4,933.499) (8,753.722) (26,625.804) (21,387.626)

Yrs. of Educ. 13.610 11.493 10.320 10.326 9.804
(2.681) (3.365) (3.686) (3.705) (4.109)

Has Debt 0.042 0.185 0.158 0.159 0.487
(0.200) (0.388) (0.365) (0.366) (0.500)

Household Wealth 625,658.649 162,423.400 56,886.564 35,074.476 9,612.484
(1,435,387.603) (232,862.020) (79,369.721) (57,351.329) (19,183.912)

Household Income 140,070.314 44,068.831 19,026.535 13,645.319 3,548.263
(211,945.192) (33,309.871) (12,708.055) (11,382.369) (5,318.501)

Wealth+10·Income 2,026,361.794 603,111.709 247,151.912 171,527.670 45,095.113
(2,970,547.594) (459,668.326) (167,440.756) (142,984.033) (59,077.882)

Population Size 0.439 0.439 0.060 0.034 0.027

Mean and standard deviation (in parenthesis) of key variables by risk groups of risk f i n .

Table 1.5: Mean and Standard Deviation by Size of risk f i n

1.5.4 Healthcare Expenditure Risk Reduction

For policy purposes, knowing which variables effectively reduce healthcare expen-

diture risk is desirable. Focusing on the risk group with the highest probability of

using all financial resources on healthcare expenditures, risk f i n , Table 1.6 estimates

the average individual-level effect of a regressor on healthcare expenditure risk us-

ing a univariate version of our multivariate generalized random forest algorithm,

the causal forest (Wager and Athey, 2018; Athey et al., 2019).26 We consider a linear

random effects model of the form risk f i n
i = Xi bi + ei , β̃ (x) = E

[
bi | X = xi

]
, where

θ̃ (x) = ξβ̃ (x) is estimated. ξ selects a single element from β̃ (x). As for standard GMM

estimation of linear models, independence between regressors, X̌i , and the error

term,ei , is used as moments; E
[

Xi ei | X = xi
]= 0. See Athey et al. (2019) for details on

26The method is implemented as the causal forest algorithm in the grf package
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the implementation. The causal forest estimates local parameters using observations

with similar characteristics, X , and relies on unconfoundedness for a causal interpre-

tation. As our implementation does not ensure unconfoundedness, our estimates

are instead meant as indicative and should be interpreted correlational. For binary

variables, the causal forest estimates local conditional average treatment effects in a

potential outcome framework (Imbens and Rubin, 2015), while average partial effects

are estimated for continuous variables.27

Dependent Variable: risk f i n

Mean Std.Dev. P-value
Health −0.002 0.004 0.550
Log Household Wealth −0.162 0.012 0.000
Log Household Income −0.211 0.015 0.000
Uninsured to Medicare Insured −0.043 0.023 0.060
Uninsured to Private Insured −0.194 0.056 0.000
Mean point estimates of the causal effect of changing a variable on
out-of-pocket healthcare expenditure risk. Effects are estimated for
in the highest risk groups for risk f i n . The table reports mean and
standard deviation of point estimates. The p-value is from a t-test
under the null that the average of the point estimate is zero.

Table 1.6: Average Partial Change in Healthcare Expenditure Risk.

The highest risk group has a poorer level of health than the lowest risk groups, see

Table 1.5. Improving the health of individuals in the highest risk group associate with

small and insignificant changes in risk f i n , even though objective health measures are

known to correlate with healthcare expenditures Davillas and Pudney (2020). Hence,

health improving policies likely have negligible effects on healthcare expenditure risk

but can have other benefits, e.g., a positive correlation with well-being (Steptoe and

Fancourt, 2019).

With limited wealth and income of average sizes of $9,612 and $3,548, respectively,

the highest risk group likely face financial hardship. Higher levels of wealth and higher

levels of income correlate negatively with healthcare expenditure risk of size -21.1%

and -16.6%, respectively, suggesting that financial resources can combat the severity

of adverse healthcare expenditure events. Hence, policymakers seeking to reduce

healthcare expenditure risk may potentially do so through policies increasing income

or wealth for unaffluent individuals. Side benefits include higher consumption of

other goods and services, which increases household utility.

As many of the observations with the highest healthcare expenditure risk have no

healthcare insurance, we explore the relationship of becoming insured with health-

care expenditure risk.28 Extending Medicare insurance to the high risk group associate

with lower healthcare expenditure risk of size -4.3%. With a p-value of 0.06, we cannot

27Specifically, for the treated outcome Y (1) and the untreated outcome Y (0), the local average treat-
ment effect, τL AT E (

X
)= E

[
Y (1)−Y (0) | X = x

]
, is estimated. For continuous variables, Wc f , the causal

forest estimates the average partial effect, τAPE (
X

)=Cov
(
Y ,Wc f | X = x

)
/V ar

(
Wc f | X = x

)
.

28These relationships are estimated using a dataset consisting only of observations having no health-
care insurance and the healthcare insurance being introduced, i.e., Medicare or private insurance, respec-
tively.
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reject the null of an insignificant relationship at a 5% significance level but do reject

it at a 10% significance level. Meanwhile, signing a privately provided healthcare in-

surance correlate significantly with healthcare expenditure risk of size -19.4%. Hence,

either mandating healthcare insurance as in the Affordable Care Act or extending

government provided insurances to the uninsured likely reduces the risk of medical

bankruptcies, which may come from the protecting benefits of healthcare insurances

against extreme healthcare expenditures, see for example Finkelstein and McKnight

(2008) and Finkelstein et al. (2012) on healthcare insurance and out-of-pocket health-

care expenditures. In particular, we find that reducing the volatility of healthcare

expenditures, σ2
AR and σ2

M A , for example, by introducing some cost-sharing between

insurer and insuree or introducing an upper bound for the insuree’s out-of-pocket

healthcare spending, also has a reducing effect on risk f i n , see Table A.10, Appendix

A.13.

1.6 Conclusion

In the US, out-of-pocket healthcare expenditures comprise a substantial part of

healthcare financing. Given the uncertain nature of adverse health events, out-of-

pocket healthcare expenditures pose a financial risk to households. This paper inves-

tigates heterogeneity in out-of-pocket healthcare expenditure dynamics and risk for

older Americans.

We suggest a new model for the time series properties of healthcare expenditures

in which the parameters of an AR(1)+MA(0) error process can vary by observable

characteristics. This error structure contrasts existing models (Feenberg and Skinner,

1994; French and Jones, 2004) where the entire population has identical healthcare

expenditure processes. Estimating the out-of-pocket healthcare expenditure model

using the Health and Retirement Study and our new multivariate extension of the

generalized random forest (Athey et al., 2019), the multivariate generalized random

forest, we find new evidence of vast heterogeneity in healthcare expenditure dynam-

ics. For high-persistence observations, 78.7% of unexpected household healthcare

expenditures carry on to the next period, whereas the persistence is 30% lower for

low-persistence observations. Hence, the long ranging effects of current unexpected

healthcare expenditure shocks vary greatly. Likewise, the standard deviation of health-

care expenditure innovations to the persistent AR-term and the transitory MA-term

has very different sizes. At the 5th and 95th percentile, respectively, both standard

deviations have sizes around size $550 and $3,700. Hence, the uncertainty of both

transitory and persistent out-of-pocket healthcare expenditures are very different

across observations. Our results indicate extremely nuanced healthcare expenditure

dynamics where every observation has a unique healthcare expenditure process and

thereby contrasts existing literature, which splits the population into broad subgroups

based on educational attainment or insurance status (Dobkin et al., 2018), implicitly
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assuming these subpopulations have identical healthcare expenditure dynamics.

To assess the effect of the individual-specific healthcare expenditure dynamics

on healthcare expenditure risk, we simulate two risk-measures for every observation.

The first risk measure calculates the worst-scenario outcome of unexpected health-

care expenditures, that is, the 99.9th percentile increase in healthcare expenditures

over 10 years due to an immediate healthcare expenditure innovation. The top 5%

of observations with largest worst-scenario risk have an average risk of $484,000,

whereas the average is $16,700 for the bottom 5%. In comparison, the homogeneous

model from French and Jones (2004) implies a $120,000 risk, thereby missing the vari-

ation in worst-scenario healthcare expenditure risk, i.e., only 46% of the population is

included in a ±$50,000 interval. As a novel feature of our empirical approach, we can

ex-post, after estimating healthcare expenditure risks for each individual, explore the

observable characteristics of any risk-group instead of defining risk-groups a priori.

We find a positive relationship between worst-scenario healthcare expenditure risk

and financial resources, where observations with the largest risks have the largest

household wealth and large household income. Hence, the ability to pay for health-

care services appears to strongly influence households’ healthcare expenditures in

worst-scenario events. To account for the financial resources of the household in

relation to its healthcare expenditures, our new second risk simulates the probability

of using all financial resources on healthcare expenditures and closely relates to the

medical bankruptcy literature. We find financially unaffluent individuals without

healthcare insurance to face the largest risks.

Lastly, we investigate the association between healthcare expenditure risk and

observables for high-risk observations using causal forest (Wager and Athey, 2018;

Athey et al., 2019). Improving the health of observations with a high risk of using all

financial resources on healthcare expenditures hardly has any effects. Instead, higher

household income or higher household wealth has correlational elasticities of size

21.1% and 16.2%, respectively, which is substantial given the relatively low annual

income and household wealth of respective sizes $3,548 and $9,612. As observations

with large risks of using all financial resources on healthcare expenditures often have

no healthcare insurance, we explore the effects of extending healthcare insurance.

Getting Medicare insurance associate with a risk reduction of 4.3% while signing a

private healthcare insurance correlate with a reduction of 19.4%, thereby offering

support for the Affordable Care Act mandating healthcare insurance.
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Appendix

A.1 Estimation of AR(1)+MA(1) Error Process with Variance on
Unobserved Effect

Figure A.1 shows the parameters of the model in equation 1.1 where p=1, q=1, and

the variance on the unobserved effect,σ2
f , can be non-zero. The unobserved variance

has a huge density at zero and small numeric values for the remaining parameters. Its

mean value is 0.011. The autoregressive variance, σ2
AR , the moving average variance,

σ2
M A , and the autoregressive parameter, aAR , display dispersion and have mean val-

ues of size 0.131, 0.323, and 0.729, respectively. Lastly, the moving average parameter,

bM A , display some dispersion and has a mean value of size 0.038. Considering that

French and Jones (2004) found an AR(1)+MA(0) process without unobserved vari-

ances to explain healthcare expenditure dynamics based on statistical testing and,

further, that both the unobserved variance and the moving average parameter have

mean values close to zero, lead us to choose the main specification of an AR(1)+MA(0)

error process.
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Figure A.1: Density of AR(1)+MA(0) Parameter Estimates for all Observations in the Dataset.

A.2 Autocovariances for AR(1)+MA(0) Estimation

The section explicitly spells out the autocovariances used in the estimation of the

AR(1)+MA(0) parameters. The moments are the difference between the empirical and

theoretical autocovariances.

We consider first the empirical autocovariances. Let, r̃i , be residual from the
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estimated equations (1.2) of the form

r̃i ≡


R̃i t1

...

R̃i tT


where R̃i t , t = t1, t2, ..., tT , are residuals of health care expenditures, which has mean

zero in expectation. The autocovariance for household i is

Ci ≡
(
r̃i r̃ ′

i

)
=


R̃i t1 R̃i t1 R̃i t1 R̃i t2 . . . R̃i t1 R̃i tT

R̃i t2 R̃i t1 R̃i t2 R̃i t2 . . . R̃i t2 R̃i tT

...
. . . . . .

...

R̃i tT R̃i t1 R̃i tT R̃i t2 . . . R̃i tT R̃i tT

 . (A.1)

Since the lower and upper diagonal elements are identical, we only consider the

unique entries in Ci . Collecting these in a vector mi gives the contribution of house-

hold i to the empirical covariances

mi =
[

R̃i t1 R̃i t1 R̃i t1 R̃i t2 . . . R̃i t1 R̃i tT R̃i t2 R̃i t2 . . . R̃i t2 R̃i tT . . . R̃i tT R̃i tT

]′
.

(A.2)

Next, we consider the theoretical autocovariance. Denote γ
(
k,θ

)
the k’th order

autocovariance of healthcare expenditures error Ri t , which can be derived using

standard time series techniques described in, for example, Lütkepohl (2005). θ denote

the time series parameters. The theoretical autocovariance corresponding to mi in

equation (A.2) is

m
(
θ
)= [

γ
(
0,θ

)
γ

(
1,θ

)
. . . γ

(
T −1,θ

)
γ

(
0,θ

)
. . . γ

(
T −2,θ

)
. . . γ

(
0,θ

)]′
.

(A.3)

In particular, ignoring the dependence on X for now without loss of generality

γ
(
0,θ

)=Cov
(
Ri tk ,Ri tk

)
(A.4)

=V ar
(
Ri tk

)
(A.5)

=V ar
(
εi tk +εi tk

)
(A.6)

=V ar
(
εi tk

)
+V ar

(
ξi tk

)
, (A.7)
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due to the independence between ei t and ξi t . Additionally, V ar
(
ξi tk

)
=σ2

M A and

V ar
(
εi tk

)
=V ar

(
aARεi ,tk−1 +ei t

)
(A.8)

= a2
ARV ar

(
εi ,tk−1

)
+V ar

(
ei t

)
(A.9)

= a2
ARV ar

(
εi ,tk−1

)
+σ2

AR (A.10)

= σ2
AR

1−a2
AR

. (A.11)

For the κ-period autocovariance

γ
(
κ,θ

)=Cov
(
Ri ,tk ,Ri ,tk+κ

)
(A.12)

=Cov
(
εi ,tk +εi ,tk ,εi ,tk+κ+εi ,tk+κ

)
(A.13)

=Cov
(
εi ,tk ,εi ,tk+κ

)
(A.14)

=Cov

(
aκARεi ,tk+κ+

κ−1∑
τ=0

aτAR ei ,tk−τ,εi ,tk+κ

)
(A.15)

= aκAR

σ2
AR

1−a2
AR

. (A.16)

The difference in empirical and theoretical moments are the moments for house-

hold i

mi −m
(
θ
)=ψθ(X )

(
Oi

)
, (A.17)

given household characteristics X , residual data Oi , and empty nuisance parameters

ν.

A.3 Standard Minimum Distance of Error Processes

In this section, we review the standard minimum distance estimator (Chamberlain,

1984) and its application to the estimation of error processes models from autoco-

variances similar to applications in Abowd and Card (1989) and Meghir and Pistaferri

(2004). Overall, parameters in the error component AR(1) plus MA(1) model in equa-

tions (1.2) minimize the equally weighted squared distance between empirical and

theoretical elements of error covariance.This review is based on the bivariate case in

Abowd and Card (1989) that readily simplifies to the univariate case.29

Let, r̃i , be residual from the estimated equations (1.2) of the form

r̃i ≡


R̃i t1

...

R̃i tT


29See for example French and Jones (2002).
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where R̃i t , t = t1, t2, ..., tT , are residuals of health care expenditures. r̃i is mean zero

and of dimension T ×1. Next, define the covariance matrix C ≡ 1
N

∑N
i=1

(
r̃i r̃ ′

i

)
where

N is the number of individuals in the sample.30 The upper and lower triangular

elements of C are identical, and we collect the

(
T (T+1)

2 ×1

)
unique elements in vector

m.31 Next, define the individual contribution to the covariance vector as mi such

that the mean of mi is equal to m, 1
N

∑N
i=1 mi = m.

The variance of the estimated covariance matrix, m, is

V = 1

N

N∑
i=1

(
mi −m

)(
mi −m

)′ (A.18)

As an example consider Vuv =Cov
(
mu ,mv

)
where mu =Cov

(
ε̃1i t1 , ε̃1i t1+ j

)
and mv =

Cov
(
ε̃1i ts , ε̃1i ts+k

)
such that

Vuv = 1

N

N∑
i=1

[(
ε̃1i t1 − ε̃1t1

)(
ε̃1i t1+ j − ε̃1t1+ j

)
−mu

][(
ε̃1i ts − ε̃1ts

)(
ε̃1i ts+k − ε̃1ts+k

)
−mv

]
(A.19)

and ε̃1t1 , ε̃1t1+ j , ε̃1ts and ε̃1ts+k represent the sample averages.

Under fairly general conditions (Chamberlain, 1984), independence of r̃i implies

asymptotic normality of the sample mean m in the number of individuals, N

p
N

(
m −µ)∼ N

(
0,V ∗)

(A.20)

where µ= E
[
mi

]
and V ∗ = E

[
mi m′

i

]
−E

[
mi

]
E

[
m′

i

]
.

Now, consider a function, f
(
b
)

for the vector of covariance elements that de-

pends on a lower-dimensional parameter vector, b, dim
(
b
) < dim(m), such that

E
[

m − f
(
b
)]= 0. The standard minimum distance estimator of b is

b̂ = ar g mi n
b∈B

N
[

m − f
(
b
)]′

Wn

[
m − f

(
b
)]

, (A.21)

for weight matrix Wn where Wn
a.s.−−→W . This estimator has the sampling distribution

p
N

(
b̂ −b

)
d−→ N

(
0,Λ

)
(A.22)

Λ= (
F ′W F

)−1 F ′W V ∗W F
(
F ′W F

)−1 (A.23)

F = ∂ f
(
b
)

∂b
, (A.24)

30In practice, the panels are unbalanced and Nt j ,tk individuals are observed in both wave t j and yk .

The fraction
Nt j ,tk

N is assumed constant as in French and Jones (2002) for asymptotic purposes.
31With T = 10 waves of HRS data 2T (2T+1)

2 = 210.
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where F is estimated as F̂ = ∂ f
(
b̂
)

∂b and V ∗ as in equation (B.20).

For properly specified model, Newey (1985) shows that

J = N ·
[

m − f
(
b̂
)]′

Q−1
[

m − f
(
b̂
)]

d−→χ2 (
p −q

)
(A.25)

Q = PV P ′ (A.26)

P = I −F
(
F ′W F

)−1 F ′W , (A.27)

with p the cardinality of m and q , the rank of F . J is also the overidentification test

statistic for null

[
m − f

(
b̂
)]

= 0.32 That is, a correctly specified model. Again, Q is

estimated with its sample mean, and when the rank of F is equal to the number of

parameters, Q−1 is the generalized inverse of Q. We use the Moore-Penrose pseudo

inverse (Moore, 1920; Penrose, 1955) in this paper.

Altonji and Segal (1996) and Clark (1996) recommend using equal weights for

Wn in equation (B.23) to reduce finite sample bias of the estimator, while Pischke

(1995) recommends using diagonal elements of the optimal weighting matrix. In this

paper, we set Wn to the identity matrix and follow suggestions in Altonji and Segal

(1996) and Clark (1996). Doris et al. (2013) show that GMM estimation of covariance

structures in short panels is imprecise for highly persistent processes. In Monte Carlo

simulations, imprecision is large even for 3,000 individuals observed over 8 periods

when the autoregressive parameter 0.95. The optimal weighting matrix can be found

in, for example, Abowd and Card (1989) and is used in French and Jones (2004).

A.4 Multivariate Generalized Random Forest Details

This section provides details on the mechanisms of the multivariate generalized

random forest.

A.4.1 Moments, Weights, and Parameter Estimates

This section casts the moments, weights, and parameter estimates from Athey et al.

(2019) to the multivariate setting. A set of moment conditions,ψ (.), are locally equal to

zero at Xi = x everywhere in the domain of X , domain
(
X

)=X. The moments take as

inputs information, Oi , which in this paper is the set of regression residuals, R̂i t , from

equation (1.2), from the first to the last time periods, t1 through tT , Oi =
{

R̂iτ

}tT

τ=t1
.33

The local parameters of interest, θ
(
X

)
, can be augmented by a set of local nuisance

parameters, ν
(
X

)
, that enter moments ψ but their heterogeneity disinterests the

32Note that N is the number of individuals observed over T periods as in French and Jones (2004).
33In the case of a simple linear regression, for example, with dependent variable Yi , and regressor, Xi

information Oi =
(
Yi , Xi

)
.
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analyst

E
[
ψθ(X ),ν(X )

(
Oi

) | Xi = x
]
= 0, ∀x ∈X . (A.28)

Using the moments in equation (A.28), the parameters of interest, θ, and nuisance

parameters, ν, can be estimated in a parent node, P ⊆X, as(
θ̂P , ν̂P

)
= argmin
θ(X ),ν(X )

‖
n∑

i=1
ψθ(X ),ν(X )

(
Oi

)‖2 , (A.29)

whereas estimation of the
(
θ (x) ,ν (x)

)
-parameters at local x involves using weights,

αi (x), to weigh the importance of each observation, i , at x(
θ̂ (x) , ν̂ (x)

)
= argmin
θ(X ),ν(X )

‖
n∑

i=1
αi (x)ψθ(X ),ν(X )

(
Oi

)‖2 . (A.30)

The euclidean norm, ‖.‖, squared, implies equally weighted moments.

Once B regression trees, indexed b = 1, . . . ,B , have been grown, a neighborhood

of local observations at x can be calculated using the approach as Athey et al. (2019).

Section A.4.3 will discuss tree growing. For an introduction to regression trees, we

refer to Hastie et al. (2009). The weights αi (x) measure the frequency with which the

i th observation appears in the same leaf as x across all trees. To calculate the weights,

let Lb (x) be the set of observations that end up in the final leaf where x belongs, and

let
∣∣Lb (x)

∣∣ be the number of observations in this leaf

αbi (x) =
1
({

Xi ∈ Lb (x)
})∣∣Lb (x)

∣∣ , αi (x) = 1

B

B∑
b=1

αbi (x) . (A.31)

The weights, αi (x), sum to 1.

A.4.2 Splitting to Maximize Heterogeneity

This section suggests a new multivariate splitting criterion to maximize the hetero-

geneity of each split performed in the tree-growing process. When performing axis

aligned sample-splits of a parent node, P , in sample I, we seek to choose two chil-

dren, C1,C2 ⊆X, to increase the dissimilarity of weighted multivariate θ-estimates in

the resulting nodes as much as possible. For population parameters θ
(
X

)
, that is to

minimize criterion

err
(
C1,C2

)= ∑
j=1,2

P
[

X ∈C j | X ∈ P
]
E

[(
θ̂C j

(
I
)−θ (

X
))′

WP
(
I
)(
θ̂C j

(
I
)−θ (

X
)) | X ∈C j

]
,

(A.32)

with expectations over the randomness of parameter estimates θ̂C j

(
I
)
, a new point X ,

and weighting matrix WP
(
I
)
. Criterion (A.32) extends the corresponding univariate
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criterion in Athey et al. (2019) to the multivariate case. The dimensionality of square

(weight) matrix WP
(
I
)

corresponds to that of vector θ.

Given the nature of moment conditions, parameter estimates are typically not

observable in data but estimated using numerical methods such as Levenberg (1944),

Marquardt (1963), and Auger and Hansen (2005). Hence, it is generally not possible

to estimate a direct loss function from equation (A.32). Instead, with the number of

children, N j =
∣∣∣{i ∈ I : Xi ∈ j

}∣∣∣, in each node j ∈ {
C1,C2,P

}
, parent nodes are split to

maximize a more abstract target criterion

∆
(
C1,C2

)
:= NC1 NC2 /N 2

P

((
θ̂C1

(
I
)− θ̂C2

(
I
))′

WP
(
I
)(
θ̂C1

(
I
)− θ̂C2

(
I
)))

, (A.33)

and hereby greedily maximizes the weighted heterogeneity of the θ-parameters in

each recursive split. The ∆-criterion in equation (A.33) introduces weight matrix

WP
(
I
)

compared to a related criterion in Athey et al. (2019). In the transformation of

vector θ into the scalar ∆-criterion in equation (A.33), the weight matrix determines

the relative importance of each parameter in θ as well as their mutual relationship.

A.4.3 The Multivariate Gradient Tree Algorithm

This section suggests a multivariate gradient tree algorithm to create computational

efficient splits of parent nodes into two child nodes in the tree growing process. To

determine the best split from equation (A.33), parameters θ̂C1 and θ̂C2 would ideally

be estimated from equation (A.29) for every possible split. However, solving equa-

tion (A.29) for every split is computationally infeasible. We propose an approximate

criterion, ∆̃
(
C1,C2

)
, which uses computationally manageable multivariate gradient

based approximations of the parameters, θ̃C ≈ θ̂C , and hereby extend the univariate

gradient tree algorithm from Athey et al. (2019) to the multivariate case. Additionally,

our gradient tree algorithm handles overidentified moment restrictions which the

equivalent in Athey et al. (2019) cannot.

In a child, C , we approximate the θ-parameter as

θ̃C = θ̂P − 1∣∣i : Xi ∈C
∣∣ ∑

{i :Xi∈C}
ξ′A−1

P ψθ̂P ,ν̂P

(
Oi

)
, (A.34)

where θ̂P and ν̂P are calculated from equation (A.29) in the parent node, P , and ξ

picks the θ-coordinates from the
(
θ,ν

)
-vector. To handle overidentified moment

restrictions, we suggest to calculating A−1
P using the Gauss-Newton algorithm.34

34In the just-identified case, we suggest to set AP = Jψ as in Athey et al. (2019) following Newton’s
approach. Hence, for any consistent estimator of the gradient of the expectation of the ψ-function,

OE

[
ψ
θ̂P ,ν̂P

(
Oi

) | Xi ∈ P

]
, we set AP = 1∣∣i :Xi ∈P

∣∣ ∑{
i :Xi ∈P

}Oψ
θ̂P ,ν̂P

(
Oi

)
.
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When the ψ-function is continuously differentiable

A−1
P =

(
J ′ψ Jψ

)−1
J ′ψ

Jψ = 1∣∣i : Xi ∈ P
∣∣ ∑

{i :Xi∈P}
Oψθ̂P ,ν̂P

(
Oi

)
.

(A.35)

The process of growing a tree relies on a recursive two-step splitting scheme:

A labeling step, and a regression step. In the labeling step, we estimate the parent-

parameters,
(
θ̂P , ν̂P

)
, using equation (A.29), the gradient matrix A−1

P as in equation

(A.35), and the following multivariate pseudo-outcomes for each observation i

ρi =−ξ′A−1
P ψθ̂P ,ν̂P

(
Oi

) ∈R . (A.36)

Lastly, the labeling step calculates the weight matrix, W̃P . The multivariate ran-

dom forest literature suggests choosing WP as the inverse variance-covariance matrix

of the multivariate outcome variables at the root node (Rahman et al., 2017; Segal

and Xiao, 2011), which creates a Mahalanobis Distance (Mahalanobis, 1936) type of

criterion. However, an identity matrix could also be chosen for simplicity. Yet, using

either of these weight matrices presupposes that the relationship between multivari-

ate outcomes remains constant throughout all nodes in the tree, which might not be

the case. Hence, we propose two adaptive weighting schemes that change the weight

matrix throughout the tree growing process depending on the observations present

in the parent node at the cost of additional computational strain. The first weight

matrix uses the inverse variance-covariance matrix of the θ-parameters estimated

in the parent node and hereby attempts to estimate the parameter relationship, see

Appendix A.3 for details on calculating the variance covariance matrix of θ in standard

minimum distance estimation. Our second approach has a similar aim but uses the

inverse variance covariance of the pseudo-outcomes from equation (A.36) in each

parent node. We consider the choice of weight matrix a hyperparameter. Section A.4.5

discuss our finding on the most suitable weight matrix.

Secondly, in the regression step, we perform a multivariate regression tree split

(De’Ath, 2002; Segal and Xiao, 2011) of the parent into children, C1 and C2, based on

the pseudo-outcomes by maximizing the approximate criterion

∆̃
(
C1,C2

)= 2∑
j=1

1∣∣∣i : Xi ∈C j

∣∣∣
 ∑{

i :Xi∈C j

}ρ′
i

W̃P

 ∑{
i :Xi∈C j

}ρi

 . (A.37)

After performing the split, each child is relabeled as a parent, and the recursion on

the labeling and regression steps is repeated until the tree is fully grown. Algorithm 1

details a pseudo-algorithm for the multivariate gradient tree.
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Algorithm 1 Multivariate gradient tree

Multivariate gradient trees are grown as subroutines of a multivariate generalized
random forest and separate observations into nodes with similarly sized parameter
values. Choice of weight matrix and a stopping rule for making splits are hyperpa-
rameters.

1: procedure MULTIVARIATEGRADIENTTREE(Dataset J, Domain X)
2: node P0 ← CREATENODE

(
J,X

)
3: queue Q← INITIALIZEQUEUE

(
P0

)
4: while NOTNULL

(
node P ← POP

(
Q

))
do

5:

(
θ̂P , ν̂P , AP

)
← SOLVEESTIMATIONEQUATION

(
P

)
from equation (A.29)

6: vector %P ← GETPSEUDOOUTCOMES

(
θ̂P , ν̂P , AP

)
using equation (A.36)

7: matrix WP ← GETWEIGHTMATRIX
(
P,%P

)
8: split Σ← MAKEMRFSPLIT

(
P,%P ,WP

)
using criterion (A.37)

9: if SPLITSUCCEEDED
(
Σ

)
then

10: SETCHILDREN

(
P, GETLEFTCHILD

(
Σ

)
, GETRIGHTCHILD

(
Σ

))
11: ADDTOQUEUE

(
Q, GETLEFTCHILD

(
Σ

))
12: ADDTOQUEUE

(
Q, GETRIGHTCHILD

(
Σ

))
13: output tree with root node P0

The function CREATENODE sets up an initial parent root of the tree. Function INI-
TIALIZEQUEUE initialized a cue of parent nodes to be split. POP returns and removes
the oldest element of queue Q. If Q is empty null is returned. GETWEIGHTMATRIX

calculates the chosen weighting matrix. The function MAKEMRFSPLIT creates a mul-
tivariate random forest split based on criterion (A.37). If the split is successful, the
split results in two children that are added to the queue otherwise an error message
is prompted.

A.4.4 The Multivariate Generalized Random Forest Algorithm

This section outlines and discusses the features of the entire multivariate generalized

random forest algorithm in Algorithm 2. Our algorithm differs from its (Athey et al.,

2019) counterpart by growing multivariate trees, see Algorithm 1, and by outputting

multivariate parameters of interest. Meanwhile, we maintain well-functioning fea-

tures such as subsampling, honest trees (Biau, 2012; Denil et al., 2014; Wager and

Athey, 2018), and random variable restriction that Athey et al. (2019) use for their

asymptotic Gaussian results.

To increase randomization across trees, subsampling chooses a fraction, s, of the

entire sample randomly at the outset of growing each separate tree. This approach

shares similarities with the bootstrap sampling typically used in the random forest

(Breiman, 2001). For additional randomization, the variables available to perform

splits on are restricted to min
{

max
{
Poisson(m) ,1

}
, p

}
variables chosen at random
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in each parent. Hence, both the exact choice of split-variables and the number of

variables available for splitting varies randomly across parents. The latter extends the

random feature selection from Breiman (2001) to the uncertainty of the number of

split-variables. This restriction gives a minimum split probability condition (Denil

et al., 2014) used to create honest and regular trees (Wager and Athey, 2018). Consider

m > 0 a hyperparameter.

Honest trees (Wager and Athey, 2018) decorrelates the processes of tree growing

and weight assignment. We randomly split the subsample into two equally sized parts,

J1 and J2, (Wager and Athey, 2018). The first part, J1, grows tree T with algorithm 1

and J2 creating weights from tree T using equation (A.31). Splitting up the sample

and only using one half of the data has previously been criticized for leaving out

important information. In the honest tree framework, all information is, however,

utilized since each tree permutes J1 and J2 differently following subsampling.

Regarding Gaussianity, we note that the asymptotic consistency of the generalized

random forest stretches beyond the single parameter of interest, θ, to the nuisance

parameters, ν, (Athey et al., 2019). Indeed our approach can be considered as adding

some nuisance parameters to the parameters of interest. Despite our differing multi-

variate splitting criteria in equation (A.37), the consistency result in (Athey et al., 2019)

indicates the consistency of the multivariate generalized random forest parameter

estimates as well. We leave the asymptotics of the multivariate generalized random

forest for a companion paper.

Algorithm 2 Multivariate generalized random forest with honesty and subsampling

The number of trees B , the sub-sampling rate, s, and other hyperparameters are
prespecified.

1: procedure MULTIVARIATEGENERALIZEDRANDOMFOR-
EST( Dataset S, Test point x)

2: initialize weights α← ZEROS

(∣∣S∣∣)
3: for b=1,. . . , B do
4: subsample dataset I← SUBSAMPLE

(
S, s

)
5: subsample datasets

(
J1,J2

)← SPLITSAMPLE
(
I
)

6: tree T← MULTIVARIATEGRADIENTTREE
(
J1,X

)
with algorithm 1

7: N← NEIGHBORS
(
x,T,J2

)
8: for all observations e ∈N do
9: update weight α [e] =α [e]+1/

∣∣N∣∣
10: output θ̂ (x) as the solution to equation (A.30) with weights α/B

ZEROS returns a vector of zeros of length
∣∣S∣∣. SUBSAMPLE randomly samples a fraction

s of the samples in S without replacements. SPLITSAMPLE splits the sample into two
nonoverlapping equally sized parts. NEIGHBORS returns the observations that fall
into the same leaf as x. The output step can be solved with any suitable numerical
optimizer.
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A.4.5 Hyperparameter Tuning

This section suggests a method for hyperparameter-selection in the multivariate gen-

eralized random forest framework. Due to the unobservable nature of heterogeneous

parameters of interest, θ
(
X

)
, in the data, classical approaches to hyperparameter tun-

ing in machine learning such as cross-validation (Stone, 1974), Mallows Cp (Mallows,

1973), the Akaike Information Criterion, AIC, (Akaike, 1974) or the Bayesian Informa-

tion Criterion, BIC, (Schwarz, 1978) are not applicable. Hence, another approach has

to be used.

Our approach follows the well-functioning grf package implementation of gen-

eralized random forest (Athey et al., 2019), which suggests to; draw a large number

of hyperparameter combinations, train the model for each combination, and cal-

culate the out-of-bag error, that is, an error where the contribution of observation

i is calculated using the trees that are grown without observation i . Lastly, the best

hyperparameter-combination is chosen as the minimum on a smooth function relat-

ing the error and hyperparameters.

For our purpose, this approach meets two primary challenges; a high compu-

tational load, and measuring the out-of-bag error. We reduce the computational

load when approximating the error function by drawing 100 unique hyperparam-

eter combinations and growing mini forests consisting of only 500 trees for each

combination.

To measure the out-of-bag error, we seek hyperparameters that ensure the best

possible fit to the data. Conceptually, we consider values of our moments from Section

1.3, ψ, close to zero a good fit to data. The sum of squared moments summarizes

the fit into a single loss-measure.To avoid choosing poor hyperparameters due to

overfitting, we use a cross-fitting (Schick, 1986; Chernozhukov, Chetverikov, Demirer,

Duflo, Hansen, Newey, and Robins, 2018) procedure that separates the observations

involved in estimating the model from the observations used to calculate moments.

In particular, the dataset is separated into V nonoverlapping evenly-sized folds, and

the multivariate generalized random forest is grown with Algorithm 2 using all folds

except fold v . V is typically 5 or 10. Using this forest, model parameters, θ
{−v(i)

}
and

ν
{−v(i)

}
, are estimated from equation (A.28) for observations in fold v . Repeating this

for all V folds, we estimate each observation i ’s contribution to the loss function and

obtain the out-of-bag error as the average in equation (A.38). We approximate the

error for each unique hyperparameter combination. Algorithm 3 summarizes the

procedure.

L̂N
θ(X ),ν(X )

(
Oi ,V

)= 1

N

N∑
i=1

ψ̂′
θ{−v(i)}(X ),ν{−v(i)}(X )

(
Oi

)
ψ̂
θ{−v(i)}(X ),ν{−v(i)}(X )

(
Oi

)
(A.38)

Our approach shares similarities with Nie and Wager (2021) by using cross-fitting
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and a squared loss function in a heterogeneous parameter setting where parameters

vary with observables X . However, Nie and Wager (2021) focus on quasi-oracle esti-

mation of heterogeneous treatment effects with an entirely different methodology,

thereby separating their paper from our suggested hyperparameter tuning in terms

of methodology and aim.

Algorithm 3 Hyperparameter tuning for multivariate generalized random forest

The space of hyperparameters consideredSH, the number of sets of hyperparameters
NH1 and NH2 , and the number of folds V are prespecified.

1: procedure TUNEHYPERPARAMETERS( Dataset S, Test point x)

2: hyperparameters H1 ← DRAWHYPERPARAMETERS

(
SH, NH1

)
3: loss vector L1 ← NAN

(∣∣∣NH1

∣∣∣)
4: for all h in H1 do
5: parameters

(
θ{−v}

(
X

)
,ν{−v}

(
X

))← ESTIMATEWITHSUBSAMPLES
(
S,V ,h

)
6: L1

[
h
]← CALCULATELOSS

(
θ{−q} (

X
)

,ν{−q} (
X

)
,S

)
from equation (A.38)

7: function f̂ ← FITSMOOTHFUNCTION
(
L1,H1

)
8: hyperparameters H2 ← DRAWHYPERPARAMETERS

(
SH, NH2

)
9: loss L2 ← f̂

(
H2

)
10: output h∗, the set of hyperparameters from H2 which give the smallest value

in L2

DRAWHYPERPARAMETERS draws NH sets of hyperparameters from hyperparameter-
space, SH. NAN returns a NaN-vector of length

∣∣NH

∣∣. ESTIMATEWITHSUBSAMPLES

use cross-fitting to estimate local parameters for each observation from equation
(A.30), recursively excluding a fold v .

A.4.6 The Weight Matrix in Multivariate Regression Tree Splits

This section discusses the weighting matrices of the parameters of interest considered

for the use of multivariate regression splits in this paper. That is, how we estimate W̃P

in equation A.37 in section A.4.3. As a single parameter is of interest in the generalized

random forest literature (Athey et al., 2019), this literature offers no guidance in the

estimation of W̃P .

In the multivariate regression tree (De’Ath, 2002) and multivariate random forest

literature (Segal and Xiao, 2011; Rahman et al., 2017), it has been suggested to use

the inverse covariance matrix of the multivariate responses. However, in our case,

the objective differs from this literature since our parameters of interes, θ, are not

observable in general. We consider four different types of weight matrices, W̃P , and

determine the most suiting in the hyperparameter selection procedure outlined in

Appendix A.4.5.
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First, we simply let the weighting matrix, W̃P , be the identity matrix of dimension

similar to the parameters of interest. Second, we use the inverse of the covariance

matrix of the θ-parameters estimated for the entire sample, see Appendix A.3 for esti-

mation of this covariance matrix. Thirdly, estimate and update the inverse covariance

matrix of the θ-parameters in each parent node in the tree-growing process. This

covariance matrix is estimated using all observations in the parent node. Fourthly,

we estimate the inverse covariance matrix of pseudo-outcome, ρi in the parent node.

Pseudo-outcomes are calculated as in equation (A.36).

A.5 Annual ARMA Parameters

This section discusses the calibration of annual AR(1)+MA(0) parameters. Out-of-

pocket healthcare expenditures are reported as the sum of healthcare expenditures

since last interview. We annualize these costs by dividing reported healthcare expen-

ditures by the number of days since last interview divided by 365, that is, the decimal

number of years since last interview. Our analysis of healthcare expenditure risk relies

on simulations that are performed with annual AR(1)+MA(0) parameter estimates

for sensible interpretations. We calibrate annual AR(1)+MA(0) parameters for each

household using the same method as French and Jones (2004).

To calibrate the annual AR(1)+MA(0) parameters, we target key moments in the

healthcare expenditure distribution. Based on the finding from French and Jones

(2004) that out-of-pocket healthcare expenditures in the Health and Retirement Study

are log-normally distributed, we first target the mean and 99.5th percentile of the

distribution.35 We pick the mean µ̃
(
X

)
and standard deviation σ̃

(
X

)
such that

exp

[
µ̃

(
X

)+ σ̃2
(
X

)
2

]
= Ê

[
hce | x = X

]
,

Φ

 ln ĥce0.995
(
X

)− µ̃(
X

)
σ̃

(
X

)
= 0.995,

(A.39)

where Ê
[
hce | x = Xi

]
is the weighted expected out-of-pocket healthcare expendi-

tures at local X and ĥce0.995
(
X

)
is the empirical 99.5th percentile of out-of-pocket

healthcare expenditures using weighted percentiles. The multivariate generalized

random forest provides observation weights at local X . Targeting the 99.5th percentile

has the advantage of better capturing extreme healthcare expenditure events com-

pared to non-parametric distribution estimates or the variance moment (French and

Jones, 2004).

The next set of moments relates to the empirical autocovariances. Unlike French

and Jones (2004), who uses the first three autocovariances, we target all 12 autocovari-

35As French and Jones (2004), we prefer a parametric error distribution over a nonparametric such as
(Bonhomme and Robin, 2010) since we pay particular attention to tail events. With few observations at the
tails, nonparametric approaches are uncertain.
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ances to extract all autocovariance information from our data. Doris et al. (2013) show

that using a longer time series to estimate ARMA-parameters from autocovariances

reduces estimation bias. We match the empirical and simulated autocovariances.

When we simulate healthcare expenditure histories, the 1,000 households ini-

tially draw εt1 and εt1 from a normal distribution with mean zero and variance

σ2
ε =σ2

e /
(
1−a2

AR

)
andσ2

ξ
respectively. The next periods follow the time series models

in 1.2. We add mean healthcare expenditures to the simulated household health-

care expenditures histories and aggregate the simulated annual values into two-year

values

log

exp
{
µ̃

(
X

)+hi t1

}
+exp

{
µ̃

(
X

)+hi t2

}
2

= Hi t , (A.40)

where h1i t1 are healthcare expenditures sampled at a one year frequency with annual

time index t1 and biennial time index t .

Our objective function matches them to the empirical moments from the Health

and Retirement Study to the simulated moments and chose the annual parameters

to minimize the equally weighted squared moments.

A.6 Detailed Data Description

This is a detailed description of what we have done to the Health and Retirement

Study, HRS, data in our initial data setup. This includes a description of variable

meanings, omitted observation, and outlier detection.

Male:

This is a dummy with ones when the respondent is male. Every respondent identifies

as either male or female.

Married (marr):

This is a dummy variable that takes on a one if the respondent is married/partnered

and zeros otherwise. It is based on the variable RwMSTAT. A respondent is married if

they self-report being either (1) married, (2) married with spouse absent, or (3) part-

nered. Otherwise, respondents are (4) separated, (5) divorced, (6) separated/divorced,

(7) widowed,or (8) never married. We define states (4)-(8) as non-married.

Since our focus is on household income and healthcare expenditures, we assess

that this is the most reasonable description of being married, and it lets us study the

effect between income and healthcare expenditures. We drop 140 observations due

to missing marital status.

Age:

Is the age at the beginning of the interview in years based on variable RwAGEY_B. We

drop 6,236 observations that are less than age 50 for a consistent dataset that focuses

on older Americans and avoids outliers in at younger ages. Respondents are 50 years

or older, but spouses can be younger than 50 years old.
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Health Insurance:

In the spirit of French and Jones (2004) and French, Kamboj, et al. (2002), we define

five mutually exclusive health insurance states: employer insurance, Medicare insur-

ance, Medicaid insurance, private insurance, and no insurance. Insurance states are

hierarchically exclusive in the stated order.

A respondent is employer insured if they self-report being insured by their own

or spousal employer insurer (RwCOVR and RwCOVS) or being insured by one of

these but do not know if it is from the spouse or respondent. Insurance by Veterans

Administration is also employer insurance (RwGOVVA).

A respondent is Medicare insured if they self-report being Medicare insured

(RwGOVMR) and do not have employer insurance.

A respondent is Medicaid insured if they self-report being Medicaid insured

(RwGOVMD) and have neither employer nor Medicare insurance.

A respondent is privately insured if they report having other forms of insurance

(RwHIOTHP) that is not employer, Medicare, or Medicaid or if they report having one

or more private insurances (RwPRPCNT) and not employer, Medicare, or Medicaid

insurance.

The remaining respondents have no insurance.

Wave dummies:

Wave dummies are given in the data based on the variable names. We consider waves

3 through 12 since data is quite constant over this period.

Retired:

For both respondent and spouse, we define individuals to be retired if they receive

social security income36 or pension payments from defined benefit plans in pillar

two or private pension payments from pillar three.37 In addition, respondents must

self-report as retired, partly retired, not being in the labor force, and working less

than 300 hours per year (Rust, Phelan, et al., 1997).38 If hours or weeks worked in a

primary job are missing, but the other conditions for retirement are met, we define

these individuals as retired.

An individual is also retired if they self-report as disabled, receive disability bene-

fits, and work less than 300 hours per year. Bound, Schoenbaum, Stinebrickner, and

Waidmann (1999) let individuals be retired if they neither are employed nor apply for

disability benefits.

36We do not observe if this is the usual early retirement social security income or usual social security
income.

37Social security income and disability income information are from variable RwDSTAT, pension
payments from RwIPEN, and annuity payments from RwIANN. Individuals that have only applied for
social security income or disability income do not meet the requirements for retirement if they do not
receive either already. If they receive either social security income or social security disability benefits but
do not know which respondent meet the requirement.

38Self-reported labor force status is drawn from the variable RwLBRF. For hours worked in primary and
secondary jobs, we use variables RwJHOURS and RwJHOURS2. This is multiplied by weeks worked per
year in a primary and secondary jobs found in variables RwJWEEKS and RwJWEEKS2. We take the sum of
these two products as hours worked per year.



50

CHAPTER 1. THE HETEROGENEOUS RISK AND DYNAMICS OF

OUT-OF-POCKET HEALTHCARE EXPENDITURES

Once an individual meets our retirement criteria, they remain retired for the

remaining observed period.39

Hispanic:

A dummy takes on one when the respondent is Hispanic and zeros otherwise (RaHIS-

PAN). We drop 92 observations with missing data.

Years of education:

Respondent (RaEDYRS) and spouses (SwEDYRS) years of education. The variable has

an upper bound of 17 years of education and anyone with 17+ years of education are

recoded to 17. We drop 357 observations with missing education data.

Out-of-Pocket Healthcare Expenditures:

We measure healthcare expenditures at the household level as the sum of the an-

nual respondent and spouse healthcare expenditures. The HRS is a biennial, and

RwOOPMD has measures out-of-pocket healthcare expenditures since last interview.

Values are discounted to January 2018 values using the year and month discount

rates from the St. Louis FED.

Like French and Jones (2004), we annualize data. Instead of simply dividing by 2

we divide by the actual number of days between interviews measured in years that can

be non-integers. This is especially important when individuals are non-responsive in

an interview and, for example, have four years between interviews.

We merge the annualized RwOOPMD to the spousal identifier to obtain spousal

healthcare expenditures. 5,641 observations are married but have missing spousal

identifiers. For these observations, spousal expenditures take on spousal discounted

expenditures, SwOOPMD,divided by two. If individuals are not married (as defined

above), spousal healthcare expenditures are 0. After this 4,076 observations have

missing spousal expenditures and are dropped.

209,954 observations have missing healthcare expenditures for the respondent

and are dropped.

Like French and Jones (2004), we truncate healthcare expenditures at $250, which

affects 33,087 observations.

Household Income:

We use household income HwITOT and discount it to January 2018 values. There are

no missing values. Like healthcare expenditures, we truncate household income at

$250, which affects 1,905 observations.

Household Wealth:

We use household wealth HwATOTW and discount it to January 2018 values. There

are no missing values. Like healthcare expenditures, we truncate household wealth

at $250.

Household Has Debt:

Households with negative net wealth, HwATOTW<0, are defined as having debt. Other

39Hurd and Boskin (1984) discuss how the US labor market is characterized by entry and exit into a
retirement status.
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households have no debt.

Outliers:

To ensure that no important information on tail events of healthcare expenditures is

left out, we omit no outlier from our sample.

Health Measure from Poterba et al. (2017):

We use the same measure of health as in (Poterba et al., 2017). The measure takes as

input 27 health-variables from the Health and Retirement Study and extracts as much

of the variation across the variables in the dataset as possible using the first principle

component (Pearson, 1901; Hotelling, 1933). In this way, correlation among the 27

variables is accounted for, and the unique contribution of each variable is extracted.

For ease of interpretation, we multiply the health measure by minus one such that

health improves with the variable’s numerical value. Principal component analysis

has been used to quantify health in other literature (Michaud and Van Soest, 2008).

The 27 health variables are:

• Difficulty walking across a room (RwWALKR)

• Difficulty lifting or carrying weights over 10 pounds (RwLIFT)

• Difficulty pulling or pushing large objects (RwPUSH)

• Activities of daily living summary of ability to: bathe, dress, and eat (RwADLWA)

• Difficulty climbing several flights of stairs without resting (RwCLIMS)

• Whether an impairment or health problem limits the kind or amount of paid

work for the Respondent (RwHLTHLM)

• Difficulty stooping, kneeling, or crouching (RwSTOOP)

• Self-reported poor or fair health status on a five-point scale (RwSHLT)

• Difficulty getting up from a chair after sitting for long periods (RwCHAIR)

• Difficulty reaching arms above shoulder level (RwARMS)

• Whether self-reported health status has declined since last interview (Rw-

SHLTC)

• Ever had arthritis (RwARTHRE)

• Difficulty sitting for about 2 hours (RwSIT)

• Difficulty picking up a dime from the table (RwDIME)

• Whether the Respondent reports back problems (RwBACK)

• Ever had heart problems (RwHEARTE)
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• Whether the Respondent reports any overnight hospital stay in last two years

(RwHOSP)

• Whether the Respondent reports any home health care in last two years (RwHOM-

CAR)

• Whether the Respondent reports any doctor visit in last two years (RwDOCTOR)

• Ever had psychological problems (RwPSYCHE)

• Ever had a stroke (RwSTROKE)

• Ever had high blood pressure (RwHIBPE)

• Ever had lung problems (RwLUNGE)

• Ever had diabetes (RwDIABE)

• Ever had cancer (RwCANCRE)

• Whether the Respondent reports any overnight nursing home stay in last two

years (RwNRSHOM)

• Body mass index, BMI, of the respondent (RwBMI)

Missing values of the health variables were imputed using recursive chained mul-

tiple imputations in Stata 17 mi impute chained (Van Buuren, Boshuizen, and Knook,

1999; White, Royston, and Wood, 2011). Chained multiple imputations recursively

predict the missing values from observable data one variable at a time. When all

missing values have been predicted once, the process is repeated 10 times using the

previously predicted values to achieve better convergence of the predictions.

Table A.1 shows summary statistics for the entire sample of pooled observations.

Generally, means and standard deviations correspond well with their counterparts in

Table 1.1.

A.7 Linear Estimates

This section estimates the linear model parameters, β, in equation (1.2). Out-of-

pocket healthcare expenditures in the Health and Retirement Study follow a log-

normal distribution (French and Jones, 2004), implying many observations using

limited healthcare expenditures and a few extreme events in the long tail of the

distribution. Hence, we perform our analysis on a log transformation of out-of-pocket

healthcare expenditures to normalize data like Feenberg and Skinner (1994) and

French and Jones (2004).

Parameters in Table A.2 are estimated withOLS and generalized least squares,

GLS, (Otto, Bell, and Burman, 1987) with ARMA(1,1) errors which resemble Feenberg
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Statistic Mean St. Dev.
Male 0.42 0.49
Married 0.63 0.48
Age 67.88 10.73
Hispanic 0.11 0.31
Employer Insured 0.47 0.50
Privately Insured 0.03 0.18
Medicaid Insured 0.03 0.16
Medicare Insured 0.40 0.49
Not Insured 0.07 0.25
Retired 0.35 0.48
Yrs. of Educ. 12.33 3.33
Health 0.00 2.31
Household Income 74,078.31 230,074.40
Household Wealth 419,601.20 1,424,382.00
Household Healthcare Expenditures 3,209.36 8,571.45
N 261,939

Amounts in 2018 dollars.

Table A.1: Summary Statistic for Entire Dataset

and Skinner (1994). Overall the parameter estimates are fairly similar across the two

model, and comparable with similar estimates in existing literature (French and

Jones, 2004; Feenberg and Skinner, 1994).40 Men have lower out-of-pocket healthcare

expenditures than women, changes by age are small, and households of married

couples have higher healthcare expenditures.

Retirement has a limited correlation to healthcare expenditures in the OLS esti-

mates, and none in the GLS estimates indicating that changing healthcare expendi-

tures around retirement (see e.g. Zhou, Eggleston, and Liu (2021) and Bíró and Elek

(2018) on healthcare and retirement) are captured by other variables such as age and

Medicare eligibility at age 65. Moreover, privately insured individuals spend more

on healthcare expenditures while individuals with Medicaid as primary insurance

use less, as found in Finkelstein and McKnight (2008). Unlike Feenberg and Skinner

(1994) and French and Jones (2004), we include a health measure (Poterba, Venti,

and Wise, 2013) in our analysis as observable health and healthcare expenditures

are related (Davillas and Pudney, 2020). Better health correlates negatively with out-

of-pocket healthcare expenditures, and for married households, spousal health is

likewise associated with lower healthcare expenditures.

Out-of-pocket healthcare expenditures rise with household income and wealth,

as suggested by Fahle et al. (2016). Additionally, we find that out-of-pocket healthcare

expenditures and debt are positively related. Financial distress can reduce the well-

being and health of individuals (Ubel, Abernethy, and Zafar, 2013), which might have

positive indirect effects on out-of-pocket healthcare expenditures. On the other hand,

poor health may affect both medical debt and out-of-pocket healthcare expenditures

(Richard, Walker, and Alexandre, 2018).

An additional year of education corresponds with higher out-of-pocket healthcare

expenditures, which is in alignment with other US results, for example, Hudomiet,

40Note that we make no causal claims for this analysis but simply partial out the effects of regressors
prior to analyzing healthcare expenditure dynamics later.
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Hurd, and Rohwedder (2019) find dementia onset to increase lifetime out-of-pocket

healthcare expenditures more for higher educated American individuals.41

A.7.1 Additional Linear Estimates

A.8 Empirical Autocovariance Functions

This section investigates autocovariances of healthcare expenditures. Using the OLS

residuals from Table A.2, Table A.4 reports the empirical autocovariance matrix, the

standard deviation of each observation’s contribution to the autocovariances, and the

number of observations present in the two waves in question. The upper diagonal

elements contain autocorrelation coefficients.

Overall, autocovariance of the same lag order has about equal sizes indicating

that healthcare expenditure dynamics remain stable throughout the sample period.

The healthcare expenditure variance on the diagonal of Table A.4 displays a sharp

drop compared to the first order autocovariance, and autocovariances decrease geo-

metrically afterward. Sharp drops in autocovariances are typical of moving average

processes. Appearing only between the first two autocovariances, a MA(0) process

with no lags is preferred. Geometrically declining time series characterizes autore-

gressive models, and adding an AR(1) process with a single lag can reproduce this

pattern. Hence, our dataset shows evidence of an AR(1)+MA(0) process as proposed

in French and Jones (2004).

We note, however, that the standard deviations of the individual contributions

to the autocovariances have large sizes suggesting large variation in out-of-pocket

healthcare expenditures dynamics. Using our AR(1)+MA(0) process in Equation (1.2),

where parameter sizes can vary with household characteristics, X , we utilize this

variation to learn the unique healthcare expenditure processes of households.

A.9 Tuning Hyperparameters

Our procedure to estimate heterogeneous healthcare expenditures dynamics with

the multivariate generalized random forest algorithm starts with choosing the opti-

mal hyperparameter combination, see Section A.4.5 and the cross-fitting procedure

in Algorithm 3. The hyperparameters we consider are; the subsampling rate, s, the

fraction of the subsample I used to grow the forest, the weight matrix WP discussed

in Section A.4.3, and the minimum leaf size. The default size of the minimum leaf size

is five in the grf package. However, using few observations to estimate AR(1)+MA(0)

41Meanwhile, Bock, Matschinger, Brenner, Wild, Haefeli, Quinzler, Saum, Heider, and König (2014)
finds that the effect of education on out-of-pocket spending in Germany is small and insignificant while
the systematic review by Corrieri, Heider, Matschinger, Lehnert, Raum, and König (2010) finds that educa-
tion generally increase out-of-pocket payments for medical services in OECD countries jointly. Hence,
educational effects may differ across populations.
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Dependent variable:
Log Healthcare Expenditures

Method: OLS GLS
Male −0.049∗∗∗ −0.054∗∗∗

(0.005) (0.008)
Married 0.599∗∗∗ 0.621∗∗∗

(0.014) (0.021)
Age −0.011∗∗ −0.012∗∗

(0.003) (0.004)
Age2/100 0.014∗∗∗ 0.016∗∗∗

(0.002) (0.003)
Hispanic −0.124∗∗∗ −0.144∗∗∗

(0.009) (0.014)
Employer Insurance ×1Age<65 0.021 0.045∗∗∗

(0.011) (0.010)
Private Insurance ×1Age<65 0.254∗∗∗ 0.185∗∗∗

(0.017) (0.016)
Medicaid Insured ×1Age<65 −0.732∗∗∗ −0.485∗∗∗

(0.019) (0.019)
No or Medicare Insur. ×1Age<65 0.000 0.031∗

(0.012) (0.012)
Employer Insurance ×1Age≥65 −0.099∗∗∗ −0.049∗∗∗

(0.007) (0.008)
Private Insurance ×1Age≥65 0.315∗∗∗ 0.212∗∗∗

(0.046) (0.040)
Medicaid Insured ×1Age≥65 −0.432∗∗∗ −0.249∗∗∗

(0.045) (0.040)
Respondent Health −0.109∗∗∗ −0.094∗∗∗

(0.001) (0.001)
Spouse Health −0.085∗∗∗ −0.072∗∗∗

(0.002) (0.002)
Yrs. of Education 0.031∗∗∗ 0.037∗∗∗

(0.001) (0.001)
Spouse Yrs. of Education 0.014∗∗∗ 0.015∗∗∗

(0.001) (0.002)
Respondent Retired −0.025∗∗∗ −0.011

(0.006) (0.008)
Spouse Retired −0.021∗∗∗ −0.006

(0.006) (0.009)
Log Net Wealth 0.082∗∗∗ 0.053∗∗∗

(0.002) (0.002)
Log Net Debt 0.029∗∗∗ 0.022∗∗∗

(0.002) (0.002)
Log Income 0.063∗∗∗ 0.032∗∗∗

(0.003) (0.003)
Constant 4.837∗∗∗ 5.324∗∗∗

(0.133) (0.145)
Observations 216,939 216,939
R2 0.21
Adjusted R2 0.21
Log Likelihood -310,368.70
Akaike Inf. Crit. 620,809.50
Bayesian Inf. Crit. 621,179.80
Residual Std. Error 1.12 (df = 216906)
F Statistic 1,824.02∗∗∗ (df = 32; 216906)
Note: Linear model estimated with OLS and GLS. The GLS estimates
account for an ARMA(1,1) error term structure. All regressions include
wave dummies that are suppressed for brevity.∗p<0.05 ∗∗p<0.01; ∗∗∗p<0.001

Table A.2: Parameter Estimates Linear Model
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Dependent variable:
Log Healthcare Expenditures

Method: OLS GLS
Male −0.048∗∗∗ −0.055∗∗∗

(0.006) (0.009)
Married 0.581∗∗∗ 0.606∗∗∗

(0.016) (0.022)
Age −0.024∗∗∗ −0.024∗∗∗

(0.004) (0.005)
Age2/100 0.023∗∗∗ 0.025∗∗∗

(0.003) (0.003)
Hispanic −0.135∗∗∗ −0.149∗∗∗

(0.010) (0.015)
Employer Insurance ×1Age<65 0.004 0.027∗

(0.012) (0.011)
Private Insurance ×1Age<65 0.251∗∗∗ 0.190∗∗∗

(0.019) (0.018)
Medicaid Insured ×1Age<65 −0.755∗∗∗ −0.509∗∗∗

(0.022) (0.022)
No or Medicare Insur. ×1Age<65 −0.016 0.023

(0.014) (0.014)
Employer Insurance ×1Age≥65 −0.106∗∗∗ −0.054∗∗∗

(0.007) (0.008)
Private Insurance ×1Age≥65 0.315∗∗∗ 0.213∗∗∗

(0.047) (0.041)
Medicaid Insured ×1Age≥65 −0.425∗∗∗ −0.269∗∗∗

(0.046) (0.041)
Respondent Health −0.108∗∗∗ −0.094∗∗∗

(0.001) (0.002)
Spouse Health −0.083∗∗∗ −0.070∗∗∗

(0.002) (0.002)
Yrs. of Education 0.033∗∗∗ 0.039∗∗∗

(0.001) (0.002)
Spouse Yrs. of Education 0.016∗∗∗ 0.017∗∗∗

(0.001) (0.002)
Respondent Retired −0.019∗∗ −0.009

(0.006) (0.008)
Spouse Retired −0.015∗ −0.004

(0.007) (0.009)
Log Net Wealth 0.082∗∗∗ 0.054∗∗∗

(0.002) (0.002)
Log Net Debt 0.027∗∗∗ 0.021∗∗∗

(0.002) (0.002)
Log Income 0.067∗∗∗ 0.036∗∗∗

(0.003) (0.003)
Constant 5.303∗∗∗ 5.733∗∗∗

(0.170) (0.180)
Observations 186,016 186,016
R2 0.215
Adjusted R2 0.215
Log Likelihood -266,862.700
Akaike Inf. Crit. 533,797.400
Bayesian Inf. Crit. 534,162.200
Residual Std. Error 1.123 (df = 185983)
F Statistic 1,596.021∗∗∗ (df = 32; 185983)
Note: Linear model estimated with OLS and GLS. The GLS estimates
account for an ARMA(1,1) error term structure. All regressions include
wave dummies that are suppressed for brevity. ∗p<0.05 ∗∗p<0.01; ∗∗∗p<0.001

Table A.3: Parameter Estimates Linear Model
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Wave 3 Wave 4 Wave 5 Wave 6 Wave 7 Wave 8 Wave 9 Wave 10 Wave 11 Wave 12 Wave 13 Wave 14
Wave 3 1.269 0.438 0.332 0.238 0.190 0.183 0.152 0.122 0.109 0.110 0.092 0.096

(1.916)
[15,229]

Wave 4 0.534 1.171 0.450 0.303 0.259 0.236 0.190 0.163 0.149 0.156 0.124 0.112
(1.414) (1.805)

[14,626] [19,561]
Wave 5 0.401 0.522 1.151 0.401 0.326 0.290 0.216 0.209 0.186 0.173 0.147 0.166

(1.288) (1.329) (1.706)
[13,170] [17,458] [18,533]

Wave 6 0.312 0.381 0.500 1.355 0.396 0.337 0.242 0.219 0.191 0.180 0.163 0.156
(1.390) (1.315) (1.383) (2.086)

[11,922] [15,897] [16,313] [17,468]
Wave 7 0.258 0.337 0.421 0.556 1.452 0.444 0.318 0.271 0.255 0.227 0.191 0.171

(1.392) (1.354) (1.359) (1.609) (2.267)
[10,811] [14,480] [14,844] [15,504] [18,726]

Wave 8 0.228 0.283 0.344 0.434 0.591 1.223 0.417 0.330 0.281 0.255 0.223 0.195
(1.284) (1.191) (1.213) (1.389) (1.511) (1.809)

[9,717] [13,166] [13,483] [13,979] [16,637] [17,575]
Wave 9 0.186 0.223 0.252 0.307 0.416 0.501 1.182 0.426 0.338 0.288 0.241 0.225

(1.233) (1.154) (1.182) (1.331) (1.401) (1.363) (1.811)
[8,781] [11,974] [12,298] [12,740] [15,175] [15,573] [16,454]

Wave 10 0.149 0.191 0.243 0.276 0.353 0.395 0.501 1.171 0.460 0.380 0.295 0.274
(1.212) (1.156) (1.187) (1.262) (1.346) (1.259) (1.353) (1.676)

[7,632] [10,537] [10,829] [11,236] [13,530] [13,823] [14,214] [19,779]
Wave 11 0.138 0.182 0.225 0.252 0.347 0.352 0.415 0.563 1.277 0.459 0.342 0.298

(1.268) (1.212) (1.213) (1.322) (1.394) (1.271) (1.316) (1.425) (1.831)
[6,835] [9,525] [9,793] [10,174] [12,361] [12,586] [12,876] [17,797] [19,037]

Wave 12 0.140 0.191 0.211 0.238 0.310 0.320 0.355 0.466 0.589 1.287 0.428 0.342
(1.263) (1.234) (1.213) (1.319) (1.383) (1.253) (1.295) (1.355) (1.520) (1.849)

[5,920] [8,275] [8,519] [8,851] [10,940] [11,137] [11,444] [15,957] [16,573] [17,466]
Wave 13 0.117 0.151 0.178 0.213 0.259 0.278 0.295 0.359 0.434 0.546 1.264 0.430

(1.280) (1.187) (1.211) (1.271) (1.346) (1.229) (1.215) (1.296) (1.388) (1.480) (1.909)
[4,856] [6,824] [7,054] [7,338] [9,274] [9,472] [9,700] [13,836] [14,367] [14,607] [18,079]

Wave 14 0.121 0.137 0.201 0.205 0.232 0.243 0.275 0.333 0.379 0.436 0.544 1.267
(1.191) (1.174) (1.157) (1.252) (1.336) (1.194) (1.211) (1.277) (1.357) (1.398) (1.446) (1.882)

[3,746] [5,296] [5,489] [5,712] [7,335] [7,521] [7,710] [11,107] [11,503] [11,695] [14,599] [15,032]
Note: Residual autocovariances of healthcare expenditures from OLS estimates in Table A.2. Standard deviation of observation contribution
to autocovariances in parenthesis. Number of observations in squared brackets. Observations missing in either of the two waves in
question are omitted from calculations. Upper diagonal elements hold autocorrelations.

Table A.4: Empirical Residual Autocovariance Matrix

parameters results in imprecise estimates (Doris et al., 2013), which would inadver-

tently result in poor splits in the tree-growing process. Hence, we raise the range for

the minimum leaf size to start at 50, which has previously been considered in Monte

Carlo simulations to estimate time series parameters (Clark, 1996).

To alleviate this shortcoming, we suggest a weight-penalty removing a fraction of

the lowest valued weights, α, after the multivariate generalized random forest has

been grown. Observations that are highly informative for estimating the AR(1)+MA(0)

parameters at local x will almost always end up in the same leaf as x and receive a

high weight, whereas observations that happen to be in the same leaf as x due to the

large minimum leaf size will do so infrequently and receive low weights. Hence, we

consider this suggestion a means to reduce some of the noise introduced by having

a high minimum leaf size. In other situations where growing many trees instead of

fewer deep trees is necessary, our weight-penalty might be found useful as well.

We find the lower bound on the minimum leaf size to be limiting, with an optimal

value of 55, which additionally highlight the presence of widespread heterogeneity

in healthcare expenditure dynamics. With the bound on the minimum leaf size,

the weight-penalty turns out to be important empirically, with an optimal value of

nontrivial 0.476.

The optimal subsampling rate, s, of size 0.472 and the fraction used to grow the

forest of size 0.504 are both close to the default value of 0.5. Lastly, the weighting

matrix that produces the smallest approximation of the cross-fitting loss function

in Equation (A.38) is the inverse of the pseudo outcome, ρ, updated in the parent



58

CHAPTER 1. THE HETEROGENEOUS RISK AND DYNAMICS OF

OUT-OF-POCKET HEALTHCARE EXPENDITURES

node. Existing multivariate generalized random forest estimations that aim at accu-

rate predictions suggest using the inverse of the variance-covariance matrix of the

multivariate outcomes estimated for the entire sample as a weighting matrix (De’Ath,

2002; Segal and Xiao, 2011; Rahman et al., 2017). To our knowledge, updating the

weighting matrix in each parent has not been done before. Our results suggest that

doing so could improve prediction accuracy in multivariate random forests.

We estimated the smooth function f̂ in algorithm (3) using an ensemble of OLS

with third-order interactions of hyperparameter values, a multivariate adaptive regres-

sion spline (Friedman, 1991), and the adaptive LASSO (Zou, 2006) with third-order

interactions of hyperparameter values. Each algorithm provided similar choices of

hyperparameters.

A.10 Out-of-Bag Estimation: To OOB or not to OOB

This section investigates whether θ-estimates for observation Xi should be estimated

using weights α only produced by the trees not involving observation i , that is, out-

of-bag estimation, or if all trees should be used. Note that observation i can be used

in the tree-growing process, the weight-assignment step, or neither.

We start our analysis by estimating the mean absolute difference, MAD, and

the root mean squared difference, RMSD, for all parameter estimates jointly and

separately in Table A.5. Both measures show that the differences are quantitatively

meaningless with values below 0.05 for all variables. Figure A.2 illustrates the density

of the differences and confirms that differences are quantitatively meaningless for

most observations. Considering next the distribution of differences in out-of-bag and

none-out-of-bag estimates in Table A.5, we note that only the bottom and top 2.5% of

the differences could lead to some concerns about the quantitative size of the estima-

tion differences. In particular, the size of the positive differences is large, indicating

that some of the non-out-of-bag estimates are quite large compared to the out-of-bag

estimates. We confirm this in our data, where 55% of the largest absolute differences

are due to large non-out-of-bag estimates. However, there seems to be only a small

difference between the out-of-bag and non-out-of-bag estimates, indicating that

choosing the non-out-of-bag estimates offers limited benefits, whereas using the

out-of-bag estimates omits the dependence between the estimated forest and the

Xi value at which we estimate the AR(1)+MA(0) healthcare expenditure dynamics

parameters. For this reason, we prefer the out-of-bag estimates.

A.11 Percentiles of AR(1)+MA(0) Parameter Distribution

Table A.6 and Table A.7 show percentiles of each AR(1)+MA(0) parameter estimated

for each household. We calculate the standard deviation of current healthcare expen-
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All Param. σ2
AR σ2

M A aAR

MAD 0.013 0.013 0.013 0.012
RMSD 0.040 0.044 0.039 0.037

Percentiles
0% -0.957 -0.955 -0.907 -0.957
0.1% -0.348 -0.316 -0.344 -0.381
0.5% -0.148 -0.132 -0.159 -0.154
1% -0.095 -0.087 -0.102 -0.098
2.5% -0.050 -0.046 -0.052 -0.051
5% -0.028 -0.027 -0.030 -0.028
25% -0.004 -0.004 -0.005 -0.004
50% -0.0005 -0.0003 -0.001 -0.0005
75% 0.003 0.003 0.002 0.003
95% 0.024 0.024 0.024 0.024
97.5% 0.049 0.050 0.050 0.045
99% 0.106 0.117 0.103 0.096
99.5% 0.167 0.207 0.165 0.144
99.9% 0.408 0.528 0.363 0.291
100% 1.270 1.270 0.894 0.926
Differences in out-of-bag and none-out-of-bag
AR(1)+MA(0) parameter estimates for all
observations.

Table A.5: Differences in AR(1)+MA(0) estimates
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Figure A.2: Density of differences in AR(1)+MA(0) estimates
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ditures as follows
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where we use the delta method for the last equalities.

The last two columns of Table A.6 and Table A.7 show inter-percentile differences.

Percentile Percentile Differences
Parameter 5% 10% 90% 95% 5% and 95% 10% and 90%

σ2
AR 0.078 0.095 0.266 0.355 0.276 0.171

σ2
M A 0.087 0.112 0.372 0.422 0.335 0.260

aAR 0.492 0.549 0.755 0.787 0.295 0.207
Std.Dev. of Persistent Innovations 546.9 680.6 2999.0 3583.0 3036.2 2318.4
Std.Dev. of Transitory Innovations556.7 692.4 3057.3 3659.0 3102.3 2364.9
Percentiles of AR(1)+MA(0) parameters estimated for all households.
Standard deviation of persistent and transitory healthcare expenditures.
Using fitted healthcare expenditure values for standard deviations.

Table A.6: Average change in probability of using all financial resources on healthcare expendi-
tures.

Percentile Percentile Differences
Parameter 5% 10% 90% 95% 5% and 95% 10% and 90%

σ2
AR 0.078 0.095 0.266 0.355 0.276 0.171

σ2
M A 0.087 0.112 0.372 0.422 0.335 0.260

aAR 0.492 0.549 0.755 0.787 0.295 0.207
Std.Dev. of Persistent Innovations 258.6 263.6 6603.2 10783.3 10524.7 6339.6
Std.Dev. of Transitory Innovations262.1 267.9 6725.8 10981.2 10719.1 6457.9
Percentiles of AR(1)+MA(0) parameters estimated for all households.
Standard deviation of persistent and transitory healthcare expenditures.
Using actual healthcare expenditure values for standard deviations.

Table A.7: Average change in probability of using all financial resources on healthcare expendi-
tures.
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A.12 Monte Carlo Simulation: AR(1)+MA(0)

This section discusses Monte Carlo simulations to assess the accuracy of the multi-

variate generalized random forest algorithm applied to the estimation of AR(1)+MA(0)

error process. We consider various cases for the parameters of interest, and asses the

estimation results in terms of mean squared error, MSE , bias, Bi as, and standard

deviation, SD , following Knaus, Lechner, and Strittmatter (2021). For the parameter

estimate of observation j , θ̂ j , across Nsi m simulations and θ0 the true parameter

MSE j = 1

Nsi m

Nsi m∑
j=1

[
θ̂ j −θ0

]2
(A.49)

,
∣∣Bi as

∣∣
j =

∣∣∣∣∣∣∣∣∣∣∣∣
1

Nsi m

Nsi m∑
j=1

θ̂ j︸ ︷︷ ︸
:=θ̄ j

−θ0

∣∣∣∣∣∣∣∣∣∣∣∣
(A.50)

,SD j =
√√√√ 1

Nsi m

Nsi m∑
j=1

[
θ̂ j − θ̄ j

]2
, (A.51)

where the dependence on X is suppressed for notation brevity. We will refer to the

average of the performance measures using a bar.

Simulated individuals draw their initial level of healthcare expenditures from

a normal distribution with mean zero and variance γ
(
0,θ

) = σ2
AR (X )

1−a2
AR (X )

+σ2
M A

(
X

)
following the autocovariance in equation (1.3). Innovations of ei t and ξi t are drawn

from a mean zero normal distributions with variances σ2
AR and σ2

M A , respectively.

A.12.1 Same Population Parameters

Our first simulations consider the baseline scenario with equal population param-

eters, i.e., there is no parameter heterogeneity. These estimates serve as a baseline

comparison for following simulations. We take the true parameters to be θ000 =(
σ2

0,AR ,σ2
0,M A , a0,AR

)
= (

0.20,0.20,0.65
)

which corresponds to the average estimates

in Model (ii) in Table 1.3.

We perform Nsi m = 1,000 simulations for Nsi mObs = 1,000 individual healthcare

expenditure paths over T = 12 time periods in correspondence with the time periods

in our dataset.

A.12.2 Variation in Parameter by a Single Splitting Variable

Our second set of parameters considers the case where varies with splitting variables

X , i.e., there is parameter heterogeneity. Our setup follow resembling Monte Carlo
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procedures for assessing estimation performance of heterogeneous in, e.g., Knaus

et al. (2021), Athey et al. (2019), and Wager and Athey (2018).

Like Wager and Athey (2018), we consider a p-dimensional uniformly distributed

random vector of splitting variables, Xi ∼ U
([

0,1
]p

)
, on the support from zero to

one. We consider five sets of parameters. The first four vary linearly between the

(rounded) 5% percentile and 95% percentile of the parameter estimate in Figure

1.1. Percentiles are reported in Appendix A.11. For the first case, θ001, only the au-

toregressive variance varies with the first splitting variable, in the second case, θ002,

the moving average variance varies, in the third case, θ003, the autoregressive persis-

tence varies, and, fourthly, for θ004 all three parameters vary with X1. To investigate

the ability of the multivariate generalized random forest to estimate more complex

dependence structures, θ005 consider second order parameter heterogeneity in X

θ001 =
(
0.10+ [0.35−0.10] ·X1,0.20,0.65

)
θ002 =

(
0.20,0.10+ [0.40−0.10] ·X1,0.65

)
θ003 =

(
0.2,0.2,0.50+ [0.80−0.50] ·X1

)
θ004 =

(
0.10+ [0.35−0.10] ·X1,

0.10+ [0.40−0.10] ·X1,

0.50+ [0.80−0.50] ·X1
)

θ005 =
(
0.10−4 · [0.10−0.35] X1 +4 · [0.10−0.35] X 2

1 ,

0.10−4 · [0.10−0.40] X1 +4 · [0.10−0.40] X 2
1 ,

0.15−4 · [0.50−0.80] X1 +4 · [0.50−0.80] X 2
1

)
.

(A.52)

Our Monte Carlo simulation grows Nsi m = 100 multivariate generalized forest

with B trees each based on Nsi mObs randomly simulated healthcare expenditure

paths of length T . Each simulated observation, i , draws observation-specific vari-

ables, Xi , and corresponding time series parameters, θi , for which the healthcare

expenditure path is simulated. Following the grf package, we use 50% of the sample

to grow each forest. Hereof 50% are used to grow the forest and the remaining 50%

are used to assign weights. We use identity weight, WP , when splitting. Once all forest

have been grown, we estimate θ for each forest using 1,000 unseen observations of X

drawn independently and at random. This forms the basis for our assessment of the

performance of the multivariate generalized random forest.

A.12.3 Results of Monte Carlo Simulation

Table A.8 shows the performance of the multivariate generalized random forest with

respect to estimating time series parameters in the aforementioned Monte Carlo

simulations. We consider the baseline case, θ000, as well as the first four sets of time

series parameters where the parameter values depend linearly on X1, θ001 through
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θ004. All estimates in Table A.8 use a two splitting variables, p = 2, grow B = 100 trees,

simulate Nsi mObs = 1,000 healthcare expenditures paths, and varies the minimum

leaf size.

For all models, using a higher minimum leaf size,e.g., 50, gives the lowest level

of mean squared error aggregated across the three parameters, i.e., MSE Sum . Mean-

while, using 50 as the minimum leaf size, results in an a undesirably large average

absolute bias,
∣∣Bi as

∣∣
Sum . Rather, using a minimum leaf size of five or ten provides

lower bias in the parameters of interest. Future research could investigate if this

would also the case for our main specification by lowering the bound of 50 in the

cross-validation hyperparameter tuning performed in Appendix A.9. The standard

deviation in the last four columns elicit information about the dispersion of parame-

ter estimates around the average estimate for each simulated individual. Similar to

the mean squared error, using a minimum leaf size of 50 gives the lowest standard de-

viation, which appears attractive at first glance. However, investigating the parameter

estimates, we find the low standard deviation to arise from a forest that assigns almost

equal weights on all observations for all values of X . Hence, the θ-estimates for the un-

seen points are similar and the method fails to capture the parameter-heterogeneity

when the minimum leaf size is large. The size of the average absolute biases, which

are relatively large for a minimum leaf size of 50, confirms this argument. We stress

that even though we use a minimum leaf size of 55, for our main estimates, we do

capture parameter heterogeneity since 55 is much lower than sample size of 33,752.

For the Monte Carlo simulations, going beyond a minimum leaf size of 50 is practi-

cally infeasible with a sample size of 1,000, i.e., only 250 observations were used to

grow each tree and another 250 were used to assign weights in each tree.

In Table A.9, we slightly change the basic simulation setup in Table A.8 to investi-

gate the algorithm’s performance under alternative scenarios. The first two rows of

Table A.9 serve as the baseline case and can also be found in Table A.8. Rows three,

four, five, and six add additional variables to X which are uninformative about the

heterogeneity in θ. Adding more noisy variables to the set of splitting variables has

limited effects for the case of p = 5 signifying the ability of the algorithm to split

on the variables that has information on the parameters of interest. With extreme

amounts of noise, p = 10, performance worsen. Rows seven and eight use parameters

θ005 which has a more complex dependence structure on X1. Both the mean squared

error and the bias increase with the added complexity. Meanwhile, as the average

standard deviation decreases, all estimates across the 100 simulations appears to

consistently estimate the parameters with some bias. When we increase the number

of trees to B = 250 in the ninth and tenth rows, performance improves slightly in

terms of mean squared error and standard deviation. The average mean bias display

limited change. Hence, for our simple model, B = 100 is adequate. In the last two rows,

we increases the number of observations, i.e., training samples, from Nsi mObs = 1,000

to Nsi mObs = 2,500. The mean squared error decreases and all parameter estimates
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approach to their true values. Likewise, the average absolute bias lowers, and the

average standard deviation falls. All else equal, using even more observations thus

both lower bias and increase precision of the estimates.

With respect to our main estimates, the Monte Carlo simulations suggest a worse

performance from a supposed more complex relationship between parameters, θ,

and splitting variables, X . We deem it unlikely that any of our selected splitting

variables solely contribute with noise, ruling out worse performance from this source.

Using a minimum leaf size lower than the applied 55 might also improve performance.

Meanwhile, using 33,752 observations has a huge effect on high performance as

suggested by the simulations.
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Table A.8: Results of Monte Carlo Simulation

Mi ni mum
Lea f Si ze

MSE
σ2

AR
MSE

σ2
M A

MSE aAR MSE Sum
∣∣Bi as

∣∣
σ2

AR

∣∣Bi as
∣∣
σ2

M A

∣∣Bi as
∣∣
aAR

∣∣Bi as
∣∣
Sum SD

σ2
AR

SD
σ2

M A
SDaAR SDSum

θ000 - 0.00035 0.00024 0.00054 0.00113 0.00122 0.00109 0.00122 0.00353 0.00035 0.00024 0.00054 0.00113

θ001 2 0.00932 0.00414 0.00637 0.01984 0.04441 0.00457 0.00427 0.05325 0.00642 0.00411 0.00634 0.01686
θ001 5 0.00429 0.00194 0.00300 0.00923 0.03231 0.00200 0.00315 0.03746 0.00293 0.00193 0.00298 0.00784
θ001 10 0.00388 0.00158 0.00247 0.00793 0.03421 0.00231 0.00313 0.03964 0.00238 0.00157 0.00245 0.00641
θ001 25 0.00366 0.00126 0.00204 0.00696 0.03699 0.00220 0.00333 0.04252 0.00192 0.00125 0.00202 0.00519
θ001 50 0.00358 0.00108 0.00179 0.00645 0.03879 0.00200 0.00339 0.04419 0.00167 0.00107 0.00177 0.00451

θ002 2 0.00541 0.00729 0.00712 0.01982 0.00638 0.04951 0.00550 0.06138 0.00535 0.00411 0.00707 0.01653
θ002 5 0.00249 0.00317 0.00356 0.00921 0.00372 0.02974 0.00462 0.03808 0.00247 0.00199 0.00352 0.00798
θ002 10 0.00201 0.00286 0.00293 0.00780 0.00319 0.02984 0.00420 0.03723 0.00199 0.00169 0.00290 0.00658
θ002 25 0.00159 0.00282 0.00239 0.00680 0.00301 0.03303 0.00412 0.04016 0.00158 0.00138 0.00236 0.00532
θ002 50 0.00137 0.00289 0.00208 0.00633 0.00290 0.03560 0.00407 0.04257 0.00135 0.00122 0.00205 0.00462

θ003 2 0.00411 0.00296 0.01338 0.02044 0.01195 0.00920 0.06654 0.08769 0.00393 0.00285 0.00544 0.01221
θ003 5 0.00228 0.00166 0.00637 0.01032 0.01313 0.01014 0.04341 0.06668 0.00208 0.00154 0.00295 0.00657
θ003 10 0.00195 0.00142 0.00575 0.00911 0.01358 0.01043 0.04278 0.06679 0.00174 0.00129 0.00250 0.00554
θ003 25 0.00164 0.00120 0.00569 0.00853 0.01429 0.01102 0.04506 0.07037 0.00142 0.00107 0.00212 0.00461
θ003 50 0.00147 0.00108 0.00576 0.00831 0.01460 0.01129 0.04705 0.07293 0.00124 0.00094 0.00190 0.00408

θ004 2 0.01356 0.01388 0.02014 0.04758 0.04926 0.06453 0.09171 0.20550 0.00942 0.00694 0.00577 0.02212
θ004 5 0.00550 0.00536 0.00802 0.01888 0.03147 0.03847 0.05151 0.12145 0.00422 0.00309 0.00287 0.01018
θ004 10 0.00481 0.00485 0.00695 0.01660 0.03349 0.03958 0.04755 0.12063 0.00340 0.00256 0.00239 0.00835
θ004 25 0.00436 0.00461 0.00687 0.01583 0.03586 0.04156 0.04961 0.12704 0.00276 0.00211 0.00199 0.00686
θ004 50 0.00416 0.00453 0.00694 0.01563 0.03701 0.04317 0.05112 0.13130 0.00244 0.00186 0.00181 0.00610
For all simulations Nsi mObs = 1,000, B = 100, and p = 2.
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Table A.9: Results of Monte Carlo Simulation

p=dim(X) Mi ni mum
Lea f Si ze

B Nsi mObs MSE
σ2

AR
MSE

σ2
M A

MSE aAR MSESum
∣∣Bi as

∣∣
σ2

AR

∣∣Bi as
∣∣
σ2

M A

∣∣Bi as
∣∣
aAR

∣∣Bi as
∣∣
Sum SD

σ2
AR

SD
σ2

M A
SDaAR SDSum

θ004 2 5 100 1,000 0.00550 0.00536 0.00802 0.01888 0.03147 0.03847 0.05151 0.12145 0.00422 0.00309 0.00287 0.01018
θ004 2 10 100 1,000 0.00481 0.00485 0.00695 0.01660 0.03349 0.03958 0.04755 0.12063 0.00340 0.00256 0.00239 0.00835

θ004 5 5 100 1,000 0.00471 0.00533 0.00864 0.01867 0.03866 0.04859 0.05916 0.14641 0.00279 0.00202 0.00216 0.00697
θ004 5 10 100 1,000 0.00446 0.00514 0.00809 0.01768 0.04092 0.05023 0.05766 0.14881 0.00234 0.00169 0.00189 0.00592

θ004 10 5 100 1,000 0.00504 0.00589 0.01014 0.02106 0.04883 0.05654 0.06863 0.17399 0.00209 0.00145 0.00182 0.00537
θ004 10 10 100 1,000 0.00494 0.00585 0.00990 0.02070 0.05043 0.05791 0.06891 0.17726 0.00179 0.00125 0.00159 0.00463

θ005 2 5 100 1,000 0.00603 0.00684 0.00988 0.02275 0.04412 0.05090 0.06102 0.15604 0.00349 0.00272 0.00215 0.00836
θ005 2 10 100 1,000 0.00561 0.00663 0.00985 0.02209 0.04557 0.05310 0.06265 0.16131 0.00292 0.00222 0.00183 0.00697

θ004 2 5 250 1,000 0.00513 0.00518 0.00784 0.01815 0.03151 0.03850 0.05225 0.12227 0.00387 0.00288 0.00251 0.00927
θ004 2 10 250 1,000 0.00472 0.00476 0.00686 0.01634 0.03364 0.03917 0.04746 0.12027 0.00331 0.00250 0.00229 0.00810

θ004 2 5 100 2,500 0.00268 0.00349 0.00780 0.01396 0.02320 0.03340 0.05583 0.11244 0.00191 0.00139 0.00155 0.00485
θ004 2 10 100 2,500 0.00226 0.00264 0.00472 0.00961 0.02501 0.03020 0.04070 0.09591 0.00143 0.00109 0.00110 0.00362
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A.13 Risk Reduction Appendix

Dependent Variable risk99.9th risk f i n

Mean Std.Dev. P-value Mean Std.Dev. P-value
σ2

AR 413934.1 557556.4 0.000 0.024 0.032 0.000
σ2

M A 223231.5 372174.1 0.000 0.035 0.036 0.000
aAR 105981.4 160869.1 0.000 −0.007 0.044 0.000
Male −68372.1 66588.8 0.000 −0.002 0.043 0.147
Married −4144.3 47930.9 0.000 0.280 0.069 0.000
Age −237.1 1297.2 0.000 −0.000 0.002 0.002
Retired 31104.4 88808.6 0.000 0.069 0.029 0.000
Health −4654.2 8279.9 0.000 −0.002 0.002 0.000
Log Out-of-Pocket Healthc. Exp. 32443.0 20988.1 0.000 0.025 0.012 0.000
Yrs. of Educ. −4557.2 13940.5 0.000 0.003 0.005 0.000
Has Debt −485937.2 482743.6 0.000 0.081 0.210 0.000
Log Household Wealth 4764.6 12355.6 0.000 −0.166 0.044 0.000
Log Household Income 2737.2 11840.2 0.000 −0.205 0.033 0.000
Point estimates of the effect on the probability of using all financial resources on
healthcare expenditures for the 824 individuals in cluster 5 with the highest
probability. The table reports mean and standard of point estimates. The p-value
is from a t-test under the null that the average of the point estimate is zero.

Table A.10: Average Partial Change in Healthcare Expenditure Risk.

Dependent Variable risk99.9th risk f i n

Mean Std.Dev. P-value Mean Std.Dev. P-value
Medicare to None −143192.9 49442.0 0.000 0.042 0.025 0.000
Medicaid to None −158309.5 68442.6 0.000 −0.066 0.077 0.000
Private to None 73452.4 23411.3 0.001 0.194 0.094 0.000
Employer to None −137304.6 111187.2 0.000 −0.059 0.051 0.000
None to Private −73717.2 24449.4 0.001 −0.194 0.100 0.000
Medicare to Private −64756.0 21120.3 0.000 −0.162 0.143 0.000
Medicaid to Private −201325.9 44756.8 0.000 −0.283 0.165 0.000
Employer to Private −165788.7 115266.1 0.000 −0.224 0.124 0.000
None to Medicare 144124.3 51386.3 0.000 −0.043 0.024 0.000
Medicaid to Medicare −154887.1 77559.7 0.000 −0.087 0.096 0.000
Private to Medicare 64405.5 22109.3 0.000 0.161 0.143 0.000
Employer to Medicare −120415.7 91574.7 0.000 −0.087 0.059 0.000
None to Medicaid 158948.5 67168.1 0.000 0.069 0.081 0.000
Medicare to Medicaid 155347.3 84807.0 0.000 0.085 0.097 0.000
Private to Medicaid 203061.1 45295.9 0.000 0.282 0.166 0.000
Employer to Medicaid −66047.9 224991.3 0.000 −0.019 0.071 0.000
None to Employer 142088.1 118412.7 0.000 0.057 0.049 0.000
Medicare to Employer 117490.7 85641.0 0.000 0.088 0.057 0.000
Medicaid to Employer 65212.4 221100.8 0.000 0.021 0.071 0.000
Private to Employer 157650.2 106943.3 0.000 0.222 0.126 0.000
Point estimates of the causal effect of changing a variable on out-of-pocket healthcare expenditure
risk. Effects are estimated for in the highest risk groups. The table reports mean and standard of
point estimates. The p-value is from a t-test under the null that the average of the point estimate
is zero.

Table A.11: Average Partial Change in Healthcare Expenditure Risk.
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Abstract

To study the relationship between out-of-pocket healthcare expenditures and income,

this paper suggest a new bivariate model with joint intertemporal and contempora-

neous effects. Using the Health and Retirement Study, we find a positive healthcare

expenditure elasticity of income of size 0.133 and a novel reverse negative income

elasticity of healthcare expenditure of size -0.044. Errors follow a highly persistent

VAR(1) plus VMA(0) process, yet, all dynamic time series effects between healthcare

expenditures and income have negligible sizes.
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2.1 Introduction

In the US, more than 62 percentage of all bankruptcies are medically related due to

income losses and unaffordable medical bills (Himmelstein et al., 2009) that threatens

to deplete household savings (Cook, Dranove, and Sfekas, 2010). Yet, healthcare

expenditures can also have benefits. As implied by the Grossman (1972) model,

investments in the form of healthcare expenditures may increase labor supply by

lowering sick leaves and increasing productivity. Meanwhile, investing household

wealth in healthcare likely reduces household income by decreasing capital income

(Alessie, Lusardi, and Aldershof, 1997). As healthcare expenditures and income are

key financial variables for household utility, understanding the joint relationship

between out-of-pocket healthcare expenditures and income is essential.

Healthcare expenditures and income likely affect each other in both directions.

Current evidence support that income causally increases healthcare expenditures

(Ettner, 1996; Lindahl, 2005; Frijters, Haisken-DeNew, and Shields, 2005; Cawley et al.,

2010; Acemoglu et al., 2013; Kuehnle, 2014) which may be thought of as allocation of

additional household funds to health promoting service as income causally improves

health (Snyder and Evans, 2006; Acemoglu et al., 2013). A counterdirectional effect

of out-of-pocket healthcare expenditure on income has not previously been investi-

gated but might exist. Davillas and Pudney (2020) document correlations between

objective health measures and healthcare expenditures in regression analysis using

UK data while García Gómez and López Nicolás (2006) and Halla and Zweimüller

(2013) show that adverse health shock decrease labor income. As both healthcare

expenditures and income correlate with health, healthcare expenditures potentially

affect income through health and out-of-pocket healthcare expenditures might in-

crease income. Conversely, taking out wealth to purchase healthcare likely decrease

household capital income such that out-of-pocket healthcare expenditures lower

income. Hence, the sign, size and significance of the effect is an empirical question.

Unexpected changes in healthcare expenditures from severe diseases can have

long-ranging effects on both healthcare expenditures and income. Additionally, unex-

pected income losses may force individuals to decrease future out-of-pocket health-

care expenditures to accommodate household budgets. Hence, understanding the

joint dynamic time series process of healthcare expenditures and income is impor-

tant for household finances. Both healthcare expenditures and income are highly

persistent and typically modeled by ARMA-type time series models, see Feenberg

and Skinner (1994) and French and Jones (2004) for out-of-pocket healthcare expen-

ditures in the US and Geweke and Keane (2000) and Meghir and Pistaferri (2004) for

labor earnings growth models. Concerning the dynamics time series effects between

healthcare expenditures and income, suggestive evidence from panel data models

on intertemporal health and income effects remains mixed. Haan and Myck (2009)

find significant dynamics between poor health and non-employment for the working

population in Germany but excludes contemporaneous effect. Further, Hugonnier,
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Pelgrin, and St-Amour (2012) find a positive health elasticity of labor income to be

essential for financial and health choices using the PSID. Conversely, Michaud and

Van Soest (2008) rejects causal effects between wealth and health for both husband

and spouse using dynamic panel data models and the Health and Retirement Study,

HRS. Hence, the existence of dynamic time series effects between out-of-pocket

healthcare expenditures and income remains an open question.

This paper investigates the joint relationship of out-of-pocket healthcare expendi-

tures and income. We suggests a new bivariate simultaneous equation model which

encompasses novel contemporaneous effects as well as dynamic time series effects

between healthcare expenditures and income. Hence, both variables can affect each

other simultaneously and over time. Using the HRS, we provide new evidence of

simultaneous effect between healthcare expenditures and income. Meanwhile, all

dynamic time series effects between healthcare expenditures and income have small

ignorable sizes.

To identify the contemporaneous causal structural parameters between health-

care expenditures and income, we propose the first application of the Lewbel (2012)

methodology to a simultaneous equation model. The methodology is attractive when

exclusion restrictions are unavailable, that is, no trustworthy instruments were found

for out-of-pocket healthcare expenditures. Instead, identification relies on random

variables that are uncorrelated with the product of heteroskedastic errors. We suggest

the structured moment selection procedure from Andrews (1999) to carefully select

the random variables needed for identification. Turning to the time series dynam-

ics, errors follow a vector autoregressive, VAR, process of order one plus a vector

moving average, VMA, process of order zero. The processes, respectively, capture

persistence and transitory perturbations. Following existing literature (Abowd and

Card, 1989; French and Jones, 2004; Altonji and Segal, 1996), we estimate the error

term parameters by minimizing the equally-weighted distance between empirical

residual autocovariance and theoretical error process autocovariances using standard

minimum distance estimation (Chamberlain, 1984).

We provide new evidence of simultaneous causal effects between healthcare

expenditures and income. With a healthcare expenditure elasticity of income of size

0.133, healthcare expenditures are a normal good and households allocate about 13

percent of additional income to healthcare. Single equation models cannot replicate

our results and, wrongfully estimating a biased elasticity using OLS, cuts the unbiased

elasticity in half. The novel reverse income elasticity of healthcare expenditures has

size -0.044. Thus, an increase in healthcare expenditures lowers household income by

four percent of the increase. Accounting for the simultaneous equation endogeneity

proves particularly important, as it not only changes the size of the elasticity but also

flips its sign. In comparison, we show that the biased OLS estimate has size 0.034. As

self-reported health primarily relates to a feeling of vitality as opposed to objective

health (Au and Johnston, 2014), we interpret our negative elasticity as arising from
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confounding objective health-dimensions beyond self-reported health status which

we control for.

Our second set of results relates to the joint time series dynamics of healthcare

expenditures and income. We confirm the highly persistent nature of both healthcare

expenditures and income as 86.9 percent and 87.3 percent of current healthcare

expenditures and income, respectively, persists into the next period. Concerning the

previously unknown time series effects between healthcare expenditures and income,

the raw data series of healthcare expenditures and income correlate modestly over

time suggesting an intricate joint relationship. However, once we control for the

simultaneous causality, all time series effects between healthcare expenditures and

income become minuscule as their mutual impact reduce to less than two percent.

Hence, the raw autocorrelations between healthcare expenditures and income cloak

a spurious relationship. In conclusion, all effects between healthcare expenditures

and income are solely contemporaneous and any shock to either variable will not

affect the other in the long run.

The rest of the paper is structured as follows. Section 2.2 reviews the univariate

healthcare expenditures model from French and Jones (2004) and expand it to a

bivariate healthcare expenditures and income model. Section 3.2.2 describes the

Health and Retirement Study data used for our estimation procedure which Section

2.4 outlines. Our results can be found in Section 2.5. Finally, Section 3.6 concludes.

2.2 Model

2.2.1 Univariate Model

To create a model for healthcare expenditures, Feenberg and Skinner (1994) perform

a first-order Taylor expansion of the utility function and show that healthcare expen-

ditures can be explained as a linear model with an unobserved observation specific

term and ARMA errors.1 French and Jones (2004) use a similar model but separate

the autoregressive and moving average terms into two, which has the advantage of

capturing different types of healthcare expenditure shocks. Broken legs, for example,

likely have transitory effects on healthcare expenditures, while chronic diseases such

as diabetes have persistent effects on healthcare expenditures. This separation finds

additional support in simulations of lifetime health expenditure profiles that are

characterized by transitory spikes and persist fluctuations (Wong, Boshuizen, Polder,

and Ferreira, 2017).

1ARMA type healthcare expenditure errors find application many papers (Hubbard, Skinner, and
Zeldes, 1994; Livshits, MacGee, and Tertilt, 2007; De Nardi, French, and Jones, 2009; Heathcote, Storesletten,
and Violante, 2009; Bound, Stinebrickner, and Waidmann, 2010; De Nardi, French, and Jones, 2010;
French and Jones, 2011; Hugonnier et al., 2012; Pashchenko, 2013; Capatina, 2015; De Nardi et al., 2016a;
Peijnenburg, Nijman, and Werker, 2017; Jones et al., 2018) and persistence of healthcare expenditures
finds additional support in, for example, Hirth et al. (2016) and Fahle et al. (2016).
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In French and Jones (2004) logarithmic healthcare expenditures, Y1i t , for indi-

vidual i at time t are explained by the p1 demographic and healthcare insurance

variables, X1i t dim
(
X1i t

)= p1, and contemporaneous logarithmic income, Y2i t . Ex-

pected healthcare expenditures are E
(
Y1i t | X1i t ,Y2i t

)= X1i tβ+Y2i tγ given covariates

X1i t and Y2i t . Unexpected innovations to health expenditures, εi t , are composed of

an observation specific unobserved effect, fi , a persistent stationary AR(p) term, νi t ,

and a transitory MA(q) process, ξi t . Innovations to the two processes, ei t and εi ,t ,

respectively, are independent, idiosyncratic, and without distributional assumptions.

The three terms, fi , νi t , and ξi t are mutually orthogonal and uncorrelated, making

error autocovariances parsimonious

Y1i t = X ′
1i tβ+Y2i tγ+εi t (2.1)

εi t = fi +νi t +ξi t (2.2)

νi t = a1νi ,t−1 +·· ·+apνi ,t−p +ei t (2.3)

ξi t = b1εi ,t−1 +·· ·+bqεi ,t−q +εi t . (2.4)

2.2.2 Bivariate model

We expand the univariate healthcare expenditure model from French and Jones (2004)

in Section 2.2.1 to a bivariate model for both healthcare expenditures and income as

motivated in the introduction. Logarithmic healthcare expenditures and logarithmic

income affect each other simultaneously via parameters γ1 and γ2 and are further

explained by associated covariates X1i t and X2i t with effectsβ1 andβ2. X2i t a is p2×1

vector.

Y1i t = X ′
1i tβ1 +Y2i tγ1 +ε1i t (2.5)

Y2i t = X ′
2i tβ2 +Y1i tγ2 +ε2i t . (2.6)

Healthcare expenditures and income errors,
(
ε1i t ,ε2i t

)′, consist of an unobserved

observation specific term,
(

fi ,c fi
)′, a VAR(p) process,

(
ν1i t ,ν2i t

)′, plus a VMA(q)

process,
(
ξ1i t ,ξ2i t

)′. The effect of the individual specific term on income is scaled by

c. Parameters in the VAR(p) and VMA(q) processes are the 2×2 matrices A1, . . . , Aq

and B1, . . . ,Bq , respectively, which allow intertemporal effect between healthcare

expenditures and income, unlike previous models[
ε1i t

ε2i t

]
=

[
fi

c fi

]
+

[
ν1i t

ν2i t

]
+

[
ξ1i t

ξ2i t

]
(2.7)[

ν1i t

ν2i t

]
=A1

[
ν1i t−1

ν2i t−1

]
+·· ·+ Ap

[
ν1i t−p

ν2i t−p

]
+

[
e1i t

e2i t

]
(2.8)[

ξ1i t

ξ2i t

]
=B1

[
ε1i t−1

ε2i t−1

]
+·· ·+Bq

[
ε1i t−q

ε2i t−q

]
+

[
ε1i t

ε2i t

]
. (2.9)
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The VAR innovations,
(
e1i t ,e2i t

)′, VMA innovations,
(
ε1i t ,ε2i t

)′, and the observation-

specific term,
(

fi ,c fi
)′, have variance-covariance matrices

V ar

[
e1i t

e2i t

]
=

[
σ2

e,1 σe,12

σe,12 σ2
e,2

]
(2.10)

V ar

[
ε1i t

ε2i t

]
=

[
σ2
ε,1 σε,12

σε,12 σ2
ε2

]
(2.11)

V ar

[
fi

c fi

]
=

 σ2
f cσ2

f

cσ2
f c2σ2

f

 , (2.12)

where the covariance of the VAR and VMA innovations, σe,12 and σε,12, respectively,

can be nonzero and capture correlations in healthcare expenditure and income

innovations.

For simplicity, the three components of the error components are mutually or-

thogonal. The VAR(p) process is stationary, and all roots of the reverse characteris-

tic polynomial lie outside the unit circle, that is, det
(
Ik − A1z − A2z2 − ...− Ap zp

)
6=

0, ∀z ≤ |1|. The VMA(q) component is invertible which requires det
(
Ik +B1z +B2z2 + ...+Bq zq p

)
6=

0, ∀z ∈C, z ≤ |1|. For brevity, autocovariances of VAR(p) and VMA(p) processes can be

found in Lütkepohl (2005). See Niemczyk (2004) for calculation of the exact derivative

of the autocovariances.

2.3 Data

The HRS is a nationally representative biennial survey of Americans aged 50 and

above along with their spouse, if relevant. The survey covers individuals born between

1890 and 1959. Initially, the sample consisted of only people born between 1890 and

1941, yet, to maintain population representativeness, more cohorts have been added

over the years such that the sample covers about 22,000 individuals with a response

rate about 90% (Servais, 2010). We use all cohorts and the 10 waves of data from wave

3 through wave 12 (1996-2014) since key variables are relatively stable over this period

(Bugliari et al., 2018). This is considerably more waves than the four waves used by

Feenberg and Skinner (1994) and French and Jones (2004) in related literature.

For our analysis, we keep values imputed by the RAND team (Bugliari et al., 2018)

and measure age at the beginning of the interview. Household out-of-pocket health-

care expenditures include costs to hospitals, doctors, dentists, outpatient surgery,

prescription drugs, home health care, and special facilities. As reported healthcare

expenditures measure healthcare expenditures used since the previous interview, we

annualize healthcare expenditures by dividing them with the number of years since

last interviews, as in French and Jones (2004). We calculate the years since the former

interview as days since last interview divided by 365, which is typically two years.
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Summary Statistics

Variable: Entire Sample Age < 65 Age ≥ 65
Annual Household Out-of-Pocket 2,676.68 2,467.48 2,834.04

Healthcare Expenditures (4,301.07) (3,866.09) (4,594.99)
Annual Household Income 61,856.34 79,008.07 48,954.47

(69,273.33) (80,672.45) (55,904.93)
Household Wealth 431,633.93 390,296.95 462,728.43

(1,120,919.85) (1,042,208.08) (1,175,711.10)
Years of Education 12.24 12.71 11.88

(3.34) (3.14) (3.44)
Age 67.84 57.98 75.26

(10.47) (3.9) (7.24)
Male 0.42 0.42 0.42

(0.49) (0.49) (0.49)
Married 0.64 0.72 0.58

(0.48) (0.45) (0.49)
Hispanic 0.10 0.13 0.08

(0.30) (0.33) (0.27)
Self-Reported Health Poor 0.09 0.08 0.10

(0.29) (0.26) (0.31)
Self-Reported Health Fair 0.21 0.18 0.22

(0.41) (0.39) (0.42)
Self-Reported Health Good 0.31 0.30 0.32

(0.46) (0.46) (0.47)
Self-Reported Health Very Good 0.28 0.30 0.26

(0.45) (0.46) (0.44)
Self-Reported Health Excellent 0.11 0.14 0.08

(0.31) (0.34) (0.28)
N 180,158 77,341 102,817
Amounts are in dollars.
(Standard errors in parentheses)

Table 2.1: Summary Statistic

Household income includes income over the last calendar year, that is, labor

earnings, employer pension, annuity income, social security disability income, SDI,

supplemental security income, SSI, social security retirement income, unemploy-

ment or workers compensation, other government transfers for respondent and

spouse, household capital income, and all other household income. Healthcare ex-

penditures and income are both discounted to 2012 dollar amounts. We truncate

healthcare expenditures and income at $250 like French and Jones (2004) to enable

log transformation. The bottom-coding affects about 13% of the sample which are

kept in the sample.2

Table 2.1 shows the mean and standard deviations of key variables. We split the

sample at age 65 to explore differences between the older and younger part of our

sample. As seen in Table 2.1, individuals aged 65 or below on average spend $2,468

on healthcare, while those above age 65 spend slightly more on average, $2,834. We

note a substantial variation in healthcare costs with a standard deviation of around

$4,300 for everyone. However, this standard deviation increases to $4,600 for those

above age 65 who generally tend to be in worse self-reported health. Most individuals

report being in fair, good, or very good health, while around ten percent report poor

and excellent health, respectively.

2Hirth et al. (2016) report that truncation at $250 or $500 has ignorable effects on ARMA healthcare
expenditure parameters estimates in a similar model.
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Respondents below age 65 have the largest average household income of $79,0083

and also have the highest probability of being married. Above age 65, the average

income falls to $48,954, which corresponds well with the observation of gradually

declining hours worked prior to retirement in the US (Ruhm, 1990; Rogerson and

Wallenius, 2013). The marital rate falls from 0.72 below age 65 to 0.58 above age

65, indicating deceased spouses. Single households above age 65 can additionally

explain some of the the fall in average household income at age 65. Meanwhile, the

household wealth is $463,000 for respondents above age 65 which is about $72,000

larger than households below age 65, which stresses the longer period over which

households with older respondents have accumulated wealth. Evidence suggests that

households continue saving into retirement (De Nardi, French, and Jones, 2016b).

See Appendix B.1 for explicit definitions of all variables used.

The HRS comes with some caveats. First, the survey data suffers from misreport-

ing, justification biases, and missing observations. Data missing at random does not

affect the consistency of our estimates (French and Jones, 2002; Doris et al., 2013),

yet, non-random missing values are questionable, for example, healthcare expen-

ditures tend to increase towards the end of life (French, McCauley, Aragon, Bakx,

Chalkley, Chen, Christensen, Chuang, Côté-Sergent, De Nardi, et al., 2017b) leading

to non-random attrition. Non-random measurement errors may bias our results. Yet,

as an advantage, the HRS performs an exit-interview with a proxy if respondents

exit the survey, for example, in the case of death. Second, the quantity and quality

of healthcare consumed is a choice where households can increase and decrease

the amount of care consumed, which affects out-of-pocket healthcare expenditures.

Third, initial participation in the survey is conditional on being non-institutionalized.

Individuals in nursing homes are therefore not sampled initially. Thus, our healthcare

expenditure measure likely understates expenditures from this source. Despite these

challenges, the HRS has the advantage of containing the longest panel of out-of-

pocket healthcare expenditures. Further, comparing the HRS to the Medicare Current

Beneficiary Survey, MCBS, French, Jones, and McCauley (2017a) finds the HRS to be

a high quality dataset on our variables of interest.

2.3.1 Empirical Intertemporal Relationship

Directing attention to the intertemporal relationship between healthcare expendi-

tures and income, we plot the autocorrelation function of healthcare expenditures

and income in Figure 2.1, that is, the correlation between current and future values.

On the left, the blue line shows autocorrelations between respondents’ current and

future log household healthcare expenditures and, in orange, slightly higher correla-

tions for log households income. Both series decline sharply between the zeroth and

first lag order, which is characteristic of moving average processes. Hereafter the se-

3This compares well with US census data
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Figure 2.1: Empirical Autocorrelation of Healthcare Expenditures and Income

ries decline geometrically, indicating a persistent autoregressive process. The dashed

bootstrapped 95% confidence bands show that all autocorrelations are significantly

different from zero.

The right-hand plot considers the correlation between healthcare expenditures

and income. The autocorrelation between current log healthcare expenditures and

future log income in yellow declines almost linearly, and their relation dies out

over time. In purple, the autocorrelation of current income with future healthcare

expenditures instead has a convex curvature fluctuating around 0.24, which suggests

a very long-ranging relationship. All cross-correlations are statistically significant.

2.4 Estimation

We estimate our bivariate model from Section 2.2.2 in two steps, following French

and Jones (2004). The first step estimates the linear parameters in Equation (2.5)

and Equation (2.6), and the second step estimates the times series parameters in

Equations (2.7) through Equation (2.12).

2.4.1 Identification of Parameters in Linear Model

To obtain unbiased parameter estimates on endogenous variables in simultaneous

equation models, such as our model in Equation (2.5) and Equation (2.6), exclusion

restrictions are typically applied, that is, variables that belong in one equation but not

the other. Despite successful literature using instrumental variables to estimate causal

effects of income on health, where Gardner and Oswald (2007), for example, use lot-

tery winnings as exogenous income,4 no papers have, to our knowledge, successfully

4See additionally Acemoglu et al. (2013); Kuehnle (2014); Frijters et al. (2005); Cawley et al. (2010);
Ettner (1996); Lindahl (2005); Apouey and Clark (2015); Van Kippersluis and Galama (2014); Schwandt
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found variables or events affecting only out-of-pocket healthcare expenditures and

not income.

Hadley and Reschovsky (2012) manage to identify the causal effects of Medicare

healthcare expenditures on mortality by instrumenting Medicare using several in-

struments: average medical spending for all Medicare beneficiaries at a medical site5,

characteristics of the physician usually used, and lastly, an estimate of Medicare

coverage of the physicians cost for the service provided compared to the coverage

of costs for Medicare non-beneficiaries.6 However, none of the instruments from

Hadley and Reschovsky (2012) are available in the HRS data or any other dataset

with a satisfactory panel of out-of-pocket healthcare expenditure. No other exclusion

restrictions were found.7 Hence, parameters on the endogenous variables cannot be

identified using exclusion restrictions for simultaneous equation models.

Cross equation and covariance restrictions have been suggested to estimate

endogenous parameters in multivariate equation systems (Hsiao, 1983; Hausman and

Taylor, 1983; Hausman, Newey, and Taylor, 1987). However, assumptions placed by

these estimation methods compromise the generality of our model. Other approaches

that estimate parameters on endogenous parameters without instruments include:

Nevo and Rosen (2012), who identify set estimates and parameter bounds based

on imperfect instruments that correlate with the error, Klein and Vella (2010), who

obtain identification of endogenous variables by error correlation that depends on

exogenous regressors and Kolesár, Chetty, Friedman, Glaeser, and Imbens (2015)

who obtain identification with many invalid instruments. However, none of these

approaches apply as they consider triangular equation systems restricting either

γ1 = 0 or γ2 = 0.

To identify unbiased estimates of parameters on endogenous variables, we instead

use covariance restrictions on heteroskedastic errors suggested by Lewbel (2012),

which is attractive when valid instruments are unavailable. For q random variables,

Zi t , errors are heteroskedastic, cov
(

Zi t ,ε2
j i t

)
6= 0, j = 1,2, and the error product,

ε1i tε2i t , is uncorrelated with Zi t , cov
(
Zi t ,ε1i tε2i t

) = 0, such that variables Zi t ex-

plain none of the variation in the error product, ε1i tε2i t . If, for example, errors are

conditionally independent, ε1i t ⊥ ε2i t | Zi t , heteroskedastic, and have zero mean, the

conditions are satisfied and E
(
ε1i tε2t i Zi t

) = E
(
ε1i t

)
E

(
ε2i t Zi t

) = 0 (Lewbel, 2012).

The following section discusses selection of Zi t .

In related literature, Rigobon (2003) identifies endogenous parameters using

heteroskedasticity across regimes, which is nested in the (Lewbel, 2012) approach.

Using higher order data as instruments for identification is not new and has also been

(2018); Erixson (2017); Meraya, Dwibedi, Innes, Mitra, Tan, and Sambamoorthi (2018); Snyder and Evans
(2006).

5See Romley, Jena, O’Leary, and Goldman (2013); Sutherland, Fisher, Skinner, et al. (2009), and Hadley,
Waidmann, Zuckerman, and Berenson (2011) for details.

6See Hadley, Reschovsky, Corey, and Zuckerman (2009) for details.
7In robustness estimates, we carefully select potential exclusion restrictions from a set of questionable

exclusion restrictions and estimate model parameters, see Section 2.5.2.1.



2.4. ESTIMATION 79

suggested by Lewbel (1997), Cragg (1997), and Erickson and Whited (2002). However,

these approaches consider univariate models and triangular models only and cannot

be used to estimate our model.

The moments cov
(
Zi t ,ε1i tε2i t

) = 0 replace the exclusion restrictions typically

used in GMM instrumental variable estimation (White, 1982) and accompany the

usual independence assumptions between regressors and residuals; E
(
X1i tε1i t

)= 0

and E
(
X2i tε2i t

)= 0 resulting in four sets of moment conditions

Q1
(
θ,Si t

)= X1i t

(
Y1i t −X ′

1i tβ1 −Y2i tγ1

)
(2.13)

Q2
(
θ,Si t

)= X2i t

(
Y2i t −X ′

2i tβ2 −Y1i tγ2

)
(2.14)

Q3
(
θ,Si t

)= Zi t −µ (2.15)

Q4
(
θ,Si t

)= (
Zi t −µ

)(
Y1i t −X ′

1i tβ2 −Y2i tγ1

)(
Y2i t −X ′

2i tβ2 −Y1i tγ2

)
. (2.16)

Mean vectorµ= E
(
Zi t

)
has dimension q×1,8 θ is the set of parameters

{
γ1,γ2,β1,β2,µ

}
,

and Si t is the vector of non-overlapping variables in Y1i t , Y2i t , X1i t , X2i t , and Zi t .

Vector Q
(
θ,Si t

)
stacks moments Q1 through Q4 and forms the basis for standard

Hansen (1982) GMM estimation. Parameter estimates of θ minimize the following

objective function

θ̂ = argmin
θ∈Θ

N∑
j=1

Q
(
θ,S j

)′
Ω−1
N

N∑
j=1

Q
(
θ,S j

)
, (2.17)

for some sequence of positive definiteΩN and N observations. Index j runs across

all individuals, i , and time periods, t for a pooled estimation akin to the first step in

French and Jones (2004).

WhenΩN consistently estimates E

[
Q

(
θ,S j

)
Q

(
θ,S j

)′]=Ω0 and other regularity

conditions hold, see Appendix B.2, the estimator, θ̂, is GMM efficient with asymptotic

distribution9

p
N

(
θ̂−θ0

)
d−→ N

0,

E

∂Q
(
θ0,S j

)
∂θ′

Ω−1
0 E

∂Q
(
θ0,S j

)
∂θ′


′

−1
 , (2.18)

for population parameter θ0.

Empirically the Lewbel (2012) method successfully replicates two stages least

squares estimates based on exogenous variation (Kelly and Markowitz, 2009; Emran

8The assumption of q means,µ, results in an undesirable degenerate distribution for the simultaneous
equations setup. Instead, we let Zi t be the empirically demeaned variables and assume that a single 1×1
parameter µ applies to all demeaned variables Zi t .

9The reader is referred to Lewbel (2012) for specifics. Note that the asymptotic distribution in Lewbel
(2012) has typos.
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and Hou, 2013; Meraya et al., 2018; Brown, Martinez-Gutierrez, and Navab, 2014; Is-

lam and Smyth, 2015; Hollard and Sene, 2016; Eichengreen and Panizza, 2016; Arcand,

Berkes, and Panizza, 2015; Mallick, 2012; Banerjee, Chatterji, and Lahiri, 2017; Belfield

and Kelly, 2012; Stutzer and Meier, 2016; Churchill, Appau, and Farrell, 2019; Millimet

and Roy, 2016; Behrens, Brown, and Bougna, 2018; Ma, 2019; Awaworyi Churchill,

Farrell, and Smyth, 2019) providing empirical evidence of the method’s relevance.

2.4.1.1 Choice of Z in Lewbel (2012)

Using the moments, cov
(
Zi t ,ε1i tε2i t

)= 0, from Lewbel (2012) to identify parameters

on endogenous variables involve higher order interactions of error terms, which

is associated with more uncertainty compared to traditional instrumental variable

moments where instruments only interact with a single error term, see Appendix B.3.

Hence, the accurate selection of variables in Zi t is critical for parameter estimation

since using many (weak) moment conditions is known to cause problems of biased

estimates (Newey and Windmeijer, 2009; Han and Phillips, 2006).

To solve this challenge, we apply the comprehensive moment selection procedure

from Andrews (1999), which thoroughly searches through various combinations of

variables for Zi t to find the most trustworthy combination based on the GMM-BIC

criterion

N∑
j=1

Q
(
θ,S j

)′
Ω−1
N

N∑
j=1

Q
(
θ,S j

)
−

(
|c|−∣∣θ∣∣) ln

(
N

)
, (2.19)

where|c| and
∣∣θ∣∣ are the number of moment conditions and the number of parameters

to be estimated, respectively. Through the second term of equation (2.19), the GMM-

BIC criterion rewards the use of many moment conditions relative to the moment fit

from the first term.

We consider two empirical approaches from Andrews (1999) to choosing the set

of variables for Zi t : The upwards approach and the downwards approach. In the

upwards approach, we start by finding the combination of two variables in X1i t ∪X2i t

that minimize the GMM-BIC criterion. Next, for any unused variables in X1i t ∪X2i t ,

we add one additional variable to our favored set and estimate the model. This

estimation is repeated for all unused variables one at a time. Finding the combination

of three variables that best fit the GMM-BIC criterion gives the favored combination

of three variables for Z . We proceed by including an additional variable to the set of

favored variables in this way until all variables in X1i t ∪X2i t are selected.

The downwards approach Andrews (1999) starts by estimating the model using

the full set of variables considered for Z . Then, one variable is removed, the model is

estimated, and all the different models are evaluated against the GMM-BIC criterion.

The combination of all but one variable with the lowest GMM-BIC criterion is favored.

In this way, one variable at a time is removed from the set of favored variables until

two variables remain.



2.4. ESTIMATION 81

Finally, we chose the combination of variables that minimize the GMM-BIC crite-

rion across all estimated models. Note that this deviates slightly from Andrews (1999),

who suggests stopping the upwards and downwards procedures once an overidentifi-

cation test restrictions cannot be rejected. We, however, repeat the recursions until Z

contains all or two variables, respectively, to get the full picture and choose the best

model across both the upwards and downwards approaches.10

Compared to other moment selection procedures (see, e.g., Liao (2013); Cheng

and Liao (2015), Caner, Han, and Lee (2018), and Giurcanu and Presnell (2019)), using

Andrews (1999) is preferable for our application since the methodology does not

penalize parameter estimates,11 handles the non-linear moments in equation (2.16),

and does not assume that a set of valid identifying moments is known beforehand.

2.4.2 Estimation of Healthcare Expenditure and Income Dynamics

To estimate annual healthcare expenditure and income VAR(p) plus VMA(q) error dy-

namics of the model in equations (2.7) to (2.9), accounting for the biennial nature of

the HRS data is important. In the data, respondents report household out-of-pocket

healthcare expenditures used since their last interview, typically two years, while

household income is reported for the previous year (Bugliari et al., 2018). Conse-

quently, simply estimating the error term parameters from the raw data results in

an opaque dynamic two-year process with limited interpretability. To handle this, a

related paper (French and Jones, 2004) calibrates an annual AR(1) plus white noise

healthcare expenditure process from biennial HRS data using a method of simu-

lated moments.12 However, this method does not allow estimation of parameter

variances and thereby inference on parameters. Additionally, the method of simu-

lated moments becomes computationally infeasible in a bivariate model given the

vast number of households to be simulated.

To overcome the inference and computational concerns about annual param-

eter estimation, we suggest a different approach. We maintain the use of standard

minimum distance estimation (Chamberlain, 1984) from related literature (Abowd

and Card, 1989; Moffitt and Gottschalk, 2012; Altonji and Segal, 1996), see Appendix

B.4 for a review, and minimize the equally weighted distance between all theoretical

autocovariances to the corresponding empirical residual autocovariances resulting

from the first estimation step. Our main innovation attributes to a new set of theo-

10In both the upwards and downwards procedures, we only consider a combination of variables for Z
if they pass both the Breusch and Pagan (1979) heteroskedasticity test and the Cragg and Donald (1997)
matrix rank test, as advised by Lewbel (2012). This gives some assurance about the heteroskedasticity
Assumption 2 and the full matrix rank Assumption 3 required for identification, see Appendix B.2.

11In particular, some moment selection procedures use LASSO-type (Tibshirani, 1996; Zou, 2006) `1
and `2 penalty terms for moment selection and parameter estimation.

12Specifically, a large number of simulated healthcare expenditure histories match key statistics such
as the mean, 99.5th percentile, and the first three autocovariance of healthcare expenditures in the HRS
until a unique parameter combination matches empirical moments. The mean and 99.5th percentile of a
log-normal distribution involves complex nonlinear relationships.
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retical autocovariances, which accounts for the biennial data frequency of the HRS

data. We define annual errors of healthcare expenditures and income as y1iτ and

y2iτ, respectively, which follow annual VAR(p) plus VMA(0) time series processes.

The annual time index, τ, is sampled at a double-frequency compared to the wave-

specific time index t . Time-indices t and τ start at t0 and τ0, respectively, such that

the wave-specific time index tk relates to the two annual time indices, τ2k and τ2k+1,

that is, the first and second sub-year

ε1i tk = y1iτ2k + y1iτ2k+1

2

ε2i tk = y2iτ2k+1 .
(2.20)

Letting γlm
(
k
) = Cov

(
yl iτ, ymi ,τ+k

)
, l ,m = 1,2, be the k-period theoretical autoco-

variance of annual residual yl iτ and ymi ,τ+k , we derive the following relationship

between biennial and annual theoretical autocovariances in Appendix B.5

Cov
(
ε1i tk ,ε1i tk

)
= 0.50

[
γ11 (0)+γ11 (1)

]
Cov

(
ε1i tk ,ε1i tk+κ

)
= 0.25

[
γ11 (2κ−1)+γ11 (2κ)+γ11 (2κ+1)

]
Cov

(
ε1i tk ,ε2i tk

)
= 0.50

[
γ12 (0)+γ12 (1)

]
Cov

(
ε1i tk ,ε2i tk+κ

)
= 0.50

[
γ12 (2κ)+γ12 (2κ+1)

]
Cov

(
ε2i tk ,ε1i tk

)
= 0.50

[
γ21 (0)+γ21 (1)

]
Cov

(
ε2i tk ,ε1i tk+κ

)
= 0.50

[
γ21 (2κ−1)+γ21 (2κ)

]
Cov

(
ε2i tk ,ε2i tk

)
= γ22 (0)

Cov
(
ε2i tk ,ε2i tk+κ

)
= γ22 (2κ) ,

(2.21)

where it generally holds that γ12
(
k
) 6= γ21

(
k
)

for k > 0, k ∈ Z. Thereby, matching

empirical residual autocovariances on the left-hand side of equation (2.21) to the

theoretical autocovariances on the right-hand side forms the basis for standard

minimum distance estimation of annual VAR(p) plus VMA(q) parameters.

2.5 Results

2.5.1 Univariate Linear Model Estimates

The first two columns of Table 2.2 show estimates of the linear models in Equa-

tion (2.5) and Equation (2.6) estimated separately using pooled OLS and feasible

generalized least squared, FGLS, respectively. The estimates are almost identical,

and parameter estimates are as expected; healthcare expenditures increase with age

(Lubitz and Riley, 1993), especially at higher ages, having higher wealth correlates
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Univariate Model Bivariate Model

Method: OLS FGLS Lewbel (2012) Exclusion Restrictions

Moment Selection: Down Up Down Up

Dependent Variable: log Household Out-of-Pocket Healthcare Expenditures

Constant −0.368 −0.359∗∗∗ −0.359∗∗∗ −1.096∗∗∗ −1.333 −1.613∗
(0.653) (0.007) (0.002) (0.002) (0.693) (0.701)

Male −0.085∗∗∗ −0.085∗∗∗ −0.086∗∗∗ −0.091∗∗∗ −0.076∗∗∗ −0.079∗∗∗
(0.005) (0.000) (0.000) (0.000) (0.005) (0.006)

Married 0.672∗∗∗ 0.673∗∗∗ 0.673∗∗∗ 0.670∗∗∗ 0.541∗∗∗ 0.539∗∗∗
(0.015) (0.000) (0.000) (0.000) (0.016) (0.016)

Age 0.232∗∗∗ 0.231∗∗∗ 0.229∗∗∗ 0.236∗∗∗ 0.253∗∗∗ 0.254∗∗∗
(0.028) (0.000) (0.000) (0.000) (0.030) (0.030)

Age2 ×100−1 −0.323∗∗∗ −0.322∗∗∗ −0.319∗∗∗ −0.325∗∗∗ −0.355∗∗∗ −0.355∗∗∗
(0.041) (0.000) (0.000) (0.000) (0.043) (0.043)

Age3 ×1000−1 0.015∗∗∗ 0.015∗∗∗ 0.015∗∗∗ 0.015∗∗∗ 0.017∗∗∗ 0.017∗∗∗
(0.002) (0.000) (0.000) (0.000) (0.002) (0.002)

Hispanic −0.207∗∗∗ −0.207∗∗∗ −0.206∗∗∗ −0.194∗∗∗ −0.179∗∗∗ −0.173∗∗∗
(0.01) (0.000) (0.000) (0.000) (0.010) (0.010)

log Household Wealth 0.061∗∗∗ 0.061∗∗∗ 0.060∗∗∗ 0.052∗∗∗ 0.056∗∗∗ 0.052∗∗∗
(0.001) (0.000) (0.000) (0.000) (0.002) (0.002)

Yrs. of Educ. 0.030∗∗∗ 0.030∗∗∗ 0.030∗∗∗ 0.026∗∗∗ 0.026∗∗∗ 0.025∗∗∗
(0.001) (0.000) (0.000) (0.000) (0.001) (0.001)

Spouse Yrs. of Educ. 0.008∗∗∗ 0.008∗∗∗ 0.007∗∗∗ 0.004∗∗∗ 0.007∗∗∗ 0.005∗∗∗
(0.001) (0.000) (0.000) (0.000) (0.001) (0.001)

Health Fair −0.172∗∗∗ −0.172∗∗∗ −0.172∗∗∗ −0.176∗∗∗ −0.175∗∗∗ −0.177∗∗∗
(0.01) (0.000) (0.000) (0.000) (0.012) (0.012)

Health Good −0.364∗∗∗ −0.364∗∗∗ −0.364∗∗∗ −0.377∗∗∗ −0.371∗∗∗ −0.376∗∗∗
(0.01) (0.000) (0.000) (0.000) (0.011) (0.011)

Health Very Good −0.555∗∗∗ −0.555∗∗∗ −0.556∗∗∗ −0.574∗∗∗ −0.564∗∗∗ −0.572∗∗∗
(0.01) (0.000) (0.000) (0.000) (0.012) (0.012)

Health Excellent −0.721∗∗∗ −0.721∗∗∗ −0.723∗∗∗ −0.744∗∗∗ −0.734∗∗∗ −0.743∗∗∗
(0.012) (0.000) (0.000) (0.000) (0.013) (0.014)

log Income 0.061∗∗∗ 0.061∗∗∗ 0.067∗∗∗ 0.133∗∗∗ 0.123∗∗∗ 0.151∗∗∗
(0.003) (0.000) (0.000) (0.000) (0.012) (0.016)

Dependent Variable: log Household Income

Constant 9.829∗∗∗ 9.828∗∗∗ 9.827∗∗∗ 9.904∗∗∗ 9.970∗∗∗ 9.452∗∗∗
(0.488) (0.003) (0.001) (0.001) (0.501) (0.016)

Male 0.085∗∗∗ 0.085∗∗∗ 0.085∗∗∗ 0.080∗∗∗ 0.002 0.016
(0.004) (0.000) (0.000) (0.000) (0.004) (0.022)

Married 0.022∗ 0.022∗∗∗ 0.022∗∗∗ 0.069∗∗∗ 0.127∗∗∗ 0.127
(0.011) (0.000) (0.000) (0.000) (0.016) (0.031)

Age −0.049∗ −0.049∗∗∗ −0.048∗∗∗ −0.034∗∗∗ −0.069∗∗ −0.034
(0.021) (0.000) (0.000) (0.000) (0.022) (0.001)

Age2 ×100−1 0.019 0.019∗∗∗ 0.017∗∗∗ −0.003∗∗∗ 0.101∗∗∗ 0.036∗∗∗
(0.030) (0.000) (0.000) (0.000) (0.031) (0.009)

Age3 ×1000−1 0.001 0.001∗∗∗ 0.001∗∗∗ 0.002∗∗∗ −0.005∗∗∗ −0.001∗∗∗
(0.001) (0.000) (0.000) (0.000) (0.001) (0.001)

Hispanic −0.182∗∗∗ −0.182∗∗∗ −0.183∗∗∗ −0.199∗∗∗ −0.218∗∗∗ −0.218∗∗∗
(0.007) (0.000) (0.000) (0.000) (0.009) (0.001)

log Household Wealth 0.123∗∗∗ 0.123∗∗∗ 0.124∗∗∗ 0.129∗∗∗ 0.127∗∗∗ 0.130∗∗∗
(0.001) (0.000) (0.000) (0.000) (0.001) (0.001)

Yrs. of Educ. 0.057∗∗∗ 0.057∗∗∗ 0.057∗∗∗ 0.059∗∗∗ 0.057∗∗∗ 0.059∗∗
(0.001) (0.000) (0.000) (0.000) (0.001) (0.009)

Spouse Yrs. of Educ. 0.048∗∗∗ 0.048∗∗∗ 0.048∗∗∗ 0.049∗∗∗ 0.050∗∗∗ 0.050∗∗∗
(0.001) (0.000) (0.000) (0.000) (0.001) (0.009)

Health Fair 0.075∗∗∗ 0.075∗∗∗ 0.073∗∗∗ 0.059∗∗∗ −0.001 0.024∗∗∗
(0.008) (0.000) (0.000) (0.000) (0.009) (0.011)

Health Good 0.193∗∗∗ 0.193∗∗∗ 0.192∗∗∗ 0.165∗∗∗ 0.045∗∗∗ 0.092∗∗∗
(0.007) (0.000) (0.000) (0.000) (0.009) (0.014)

Health Very Good 0.282∗∗∗ 0.282∗∗∗ 0.281∗∗∗ 0.241∗∗∗ 0.082∗∗∗ 0.141∗∗
(0.008) (0.000) (0.000) (0.000) (0.011) (0.008)

Health Excellent 0.352∗∗∗ 0.352∗∗∗ 0.352∗∗∗ 0.297∗∗∗ 0.111∗∗∗ 0.176
(0.009) (0.000) (0.000) (0.000) (0.014) (0.008)

log Healthcare Expenditures 0.034∗∗∗ 0.034∗∗∗ 0.031∗∗∗ −0.044∗∗∗ −0.098∗∗∗ −0.093∗∗∗
(0.002) (0.000) (0.000) (0.000) (0.014) (0.005)

Wave Dummies Included True True True True True True
Observations 180,158 180,158 180,158 180,158 180,158 180,158
Degrees of Freedom − − 31 29 1 1
Overid. Test Statistic − − 41.26 22.51 33,549.15 0.36
Overid. p-value − − 0.85 0.2 0 0.55
GMM-BIC − − −86.49 −89.76 33,537.04 −11.74

Linear model for household out-of-pocket healthcare expenditures and income. Column 1
and 2 hold OLS and feasible GLS estimates respectively. Column 3 and 4 provides simultaneous
equation Lewbel (2012) estimates. Column 5 and 6 estimate the model using exclusion
restrictions. Down and Up refers to the downwards and upwards moment selection approaches
in Andrews (1999). Degrees of Freedom refers to the number of overidentified moment conditions.
(Standard errors in parentheses)∗∗∗ p < 0.001; ∗∗ p < 0.01; ∗ p < 0.05

Table 2.2: Linear Model Estimates.
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positively with healthcare expenditures (Fahle et al., 2016) and, with a default of poor

health, better self-reported health status associates with lower healthcare expen-

ditures (Carreras, Ibern, and Inoriza, 2018). Turning to the income equation, men

(Ponthieux and Meurs, 2015) and households having residents with more years of

education have higher incomes. Being in better health correlates with having a higher

income which could be due to, for example, being more productive and having fewer

sick leaves (Halla and Zweimüller, 2013).

The healthcare expenditure elasticity of income is 0.061, and the income elasticity

of healthcare expenditures is 0.034. In comparison, using waves 2 to 5 of the HRS,

French and Jones (2004) estimate the healthcare expenditure elasticity of income to

0.18 but use slightly different regressors, self-coded healthcare expenditure instead of

the RAND version of the HRS, and keep outliers of healthcare expenditures. Feenberg

and Skinner (1994) find an effect of log income on log healthcare expenditures of size

0.38 using a Tobit maximum likelihood approach and an entirely different dataset

of older Americans’ taxpayer returns.13 These estimates, however, neither account

for the simultaneous equation relationship between healthcare and income nor the

parameters bias arising from their endogenous relationship. The differences between

biased univariate parameter estimates and unbiased bivariate parameters captivate

as the main focus of this paper.

2.5.2 Bivariate Linear Model Estimates

To estimate unbiased elasticities between healthcare expenditures and income, we

pool the dataset and use the Lewbel (2012) methodology outlined in Section 2.4.1,

where we select variables Z using both the down and up moment selection proce-

dure from Andrews (1999). This leads us to tediously test out 251 and 435 different

combinations of variables for Z , respectively, and select the model with the lowest

GMM-BIC criterion. The size of the down-estimates in the third column of Table 2.2

are almost identical to the OLS estimates and have a GMM-BIC criterion value of

-86.494. The up-estimates have a lower GMM-BIC criterion value of size -89.755, mak-

ing this our preferred model. Additionally, the up-estimates pass the Breusch-Pagan

heteroskedasticity test, the Cragg and Donald (1997) rank test, and the Hansen-type

overidentifying test restriction which Lewbel (2012) advises to test the assumptions

required for identification.14

13Omitting various of our regressors or using waves 3, 4, and 5 which better resembles French and
Jones (2004), OLS estimates have sizes between 0.035 and 0.107 with our dataset and remain lower than
the French and Jones (2004) estimates.

14A concern with the upwards estimation procedure is a cascading effects of a poor initial model
fit on the following model estimates which might rule the approach inapplicable. Meanwhile, for all
combinations of two variables for Z the objective function in equation (2.17) has a size below 10−6 making
this concern superfluous in our application. In comparison, our preferred initial combination of two
variables for Z has size 1.4 ·10−28.
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The up-estimates also have parameter sizes similar to the OLS estimates on

most variables except the endogenous variables, which are of particular interest. The

healthcare expenditure elasticity of income increases by about seven percentage

points from 0.061 in the OLS estimates to 0.133 in the unbiased Lewbel (2012) es-

timates. The positive elasticities between healthcare expenditures and income can

easily be understood through the Grossman (1972) theories of how health and in-

come bidirectionally affect each other. As household income increases, the household

purchases more healthcare, which improves health and household utility. Positive

causal effects of income on health find support in existing literature (Lindahl, 2005;

Acemoglu et al., 2013; Kuehnle, 2014), for example, Kim and Ruhm (2012) find inheri-

tances above $10,000 to significantly increase out-of-pocket healthcare expenditures

by 21 percent for households with positive healthcare expenditures.

Estimating the reverse negative income elasticity of healthcare expenditures is

unprecedented in the literature. The income elasticity of healthcare expenditures

decreases by seven percentage points from 0.034 to -0.044, thereby changing signs

from positive to negative. We interpret the effect as follows: When households in-

crease healthcare expenditures in response to adverse health shocks, the ability

to work also decreases, which lowers income (Halla and Zweimüller, 2013; García-

Gómez, Van Kippersluis, O’Donnell, and Van Doorslaer, 2013) and increases medical

spending Dobkin et al. (2018a); Dobkin, Finkelstein, Kluender, and Notowidigdo

(2018b); Kamdar, Huang, Dinglas, Colantuoni, Von Wachter, Hopkins, and Needham

(2017). Our model controls for self-reported health, yet, confounding health might

still explain our findings. In particular, self-reported health relates to the feeling of

vitality to a larger degree than objective health (Au and Johnston, 2014). Thereby,

objective health measures correlated with healthcare expenditures can explain the

confounding health effects.15 An additional source of income loss relate to wealth

decumulation and loss of capital income. Taking out savings to pay for healthcare

services decreases households’ savings and, in turn, lowers the capital income of the

household. In particular, Poterba et al. (2017) find poor health to correlate negatively

with wealth accumulations which may be due to out-of-pocket healthcare expendi-

tures. Comparing both elasticities estimated with OLS to the upwards Lewbel (2012)

estimates, the simultaneity bias arising from using OLS has the expected sign, see

Appendix B.3.1.

2.5.2.1 Robustness Estimates of Bivariate Linear Model

To perform a robustness check of our elasticity estimates, we estimate the parameters

using exclusion restrictions, that is, variables that enters one equation as regres-

15Omitting self-reported health from the OLS estimates of the income equation lowers the effect of log
healthcare expenditures on log income from 0.034 to 0.019 suggesting health has a partial explanation of
the corresponding unbiased effect in the bivariate estimates. Specifically, excluding self-reported health
from regressors, X , likely make the healthcare expenditure elasticity of income even more negative.
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sors, X1 or X2, and not the other. The set of variables potentially affecting healthcare

expenditures via X1 and not income includes indicators for primary healthcare in-

surance and healthcare service utilization. Variables affecting income through X2

and not healthcare expenditures include retirement status, tenure, hours worked,

and weeks worked per year, see Appendix B.1 for HRS variable codes. Given the in-

trinsic relationship between healthcare expenditures and income, selecting the most

statistically trustworthy exclusion restrictions is challenging but required to uphold

the identification requirement. Therefore, we apply the Andrews (1999) upwards and

downwards procedures to select exclusion restrictions. See Appendix B.3 for a recap

of the estimation of simultaneous linear models with exclusion restrictions using

generalized method of moments.

Using exclusion restrictions, the upwards and downwards estimates have sim-

ilar sizes on all parameters, including both elasticities. Yet, we generally prefer the

upwards approach as the GMM-BIC criterion of size -11.74 is lower than its down-

wards counterpart of size 33,537.04, i.e., the exclusion restrictions selected by the

downwards procedure have a worse fit to data empirically. The two elasticities in the

upwards estimate have sizes 0.151 and -0.093, corresponding to 0.133 and -0.044 in

our main Lewbel (2012) estimates, respectively, and the exclusion restriction esti-

mates support the upwards Lewbel (2012) estimates in our preferred models.16

2.5.3 Univariate Healthcare Expenditure Dynamics

This section estimates the AR(1) plus MA(0) healthcare expenditure error component

model in equations (2.2) to (2.4). The first column in Table 2.3 reports annual AR(1)

plus MA(0) parameter estimates using our new set of moments from Section 2.5.3

and residual autocovariances from the upwards Lewbel (2012) estimates in Table

2.2. Note that our univariate estimates omit any relationship between income and

healthcare expenditures and ignore income dynamics.

The autoregressive variance, σ2
e,1, of persistent healthcare expenditure shocks has

size 0.075 and is almost identical to the French and Jones (2004) standard estimates17

but lower than related estimates in Feenberg and Skinner (1994) and Hubbard et al.

(1995). Feenberg and Skinner (1994) and Hubbard et al. (1995) use different models

and datasets, making French and Jones (2004) most comparable to our estimates.

16In the downwards estimates, the choice of exclusion restriction from the income equation is an
indicator for the spouse visiting a hospital. In the healthcare expenditure equation, tenure in current job
and hours worked are excluded. For the upwards approach spouse visiting a hospital is again excluded
from the income equation, whereas the spouse being retired and tenure squares are excluded from the
healthcare expenditure equation. In total, we consider 775 combinations for the downwards approach and
7,063 for the upwards approach.

17Note that in an AR(1) process V ar
(
ν1i t

) = σ2
e,1/

(
1−a2

1,11

)
. Hence, the innovation variance, σ2

e,1,

in French and Jones (2004) in the standard model is 0.524(1−0.9222) = 0.075 and in the fitted model
0.909(1−0.9252) = 0.131.
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AR(1)+MA(0) Healthcare Expenditures VAR(1)+VMA(0)

Univariate French and Jones Feenberg Hubbard Bivariate
Model Standard Fitted & Skinner et. al Model

σ2
e,1

0.075∗∗∗ 0.075 0.131 0.269 0.930 0.077∗∗∗
(0.002) (0.020) (0.049) − − (0.002)

σ2
e,12

0.000
(0.001)

σ2
e,2

0.039∗∗∗
(0.001)

σ2
ε,1

0.699∗∗∗ 1.039 1.819 0.100 0.220 0.696∗∗∗
(0.003) (0.028) (0.075) − − (0.003)

σ2
ε,12

−0.016∗∗∗
(0.001)

σ2
ε,2

0.202∗∗∗
(0.003)

a1,11 0.873∗∗∗ 0.922 0.925 0.896 0.901 0.869∗∗∗
(0.002) (0.010) (0.003) − − (0.002)

a1,21 −0.001
(0.001)

a1,12 0.019∗∗∗
(0.002)

a1,22 0.873∗∗∗
(0.003)

J-Statistic 1,324.37 − − − − 2,168.32
DoF 52 − − − − 200
P-value 0 − − − − 0

Univariate and bivariate error process parameter estimates.
French and Jones (2004), Feenberg and Skinner (1994), and
Hubbard, Skinner, and Zeldes (1995) estimates taken from
French and Jones (2004).

(Standard errors in parentheses)∗∗∗ p < 0.001; ∗∗ p < 0.01; ∗ p < 0.05; unknown asymptotic distribution.

Table 2.3: One-year Error Component Model Estimates.

The healthcare expenditure persistence, a1,11, of size 0.873 is only slightly smaller

than existing estimates but remains highly significant even though we use a 10 wave

time series of HRS data compared to four time periods in French and Jones (2004),

Feenberg and Skinner (1994), and Hubbard et al. (1995). Using a longer time series of

panel data reduces bias in parameter estimates (Doris et al., 2013).

The transitory white noise variance, σ2
ε,1, of size 0.699 is somewhere between the

comparable estimates. Its size is strongly connected to the within period healthcare

expenditure variance. Hence, using slightly different regressors in the linear model as

well as using the RAND version of the dataset as opposed to coding up the data as in

French and Jones (2004) can explain some of the variation in σ2
ε,1.

2.5.4 Bivariate Healthcare Expenditure and Income Dynamics

We expand the French and Jones (2004) AR(1) plus MA(0) model for healthcare

expenditures to a new bivariate VAR(1) plus VMA(0) error process for healthcare

expenditures and income jointly.

Comparing the univariate AR(1) plus MA(0) healthcare expenditure estimates to
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Figure 2.2: VAR (left) and VMA (right) innovation variance-covariance distribution

their bivariate VAR(1) plus VMA(0) counterparts in the final column of Table 2.3, the

parameter primarily related to the healthcare expenditures process, σ2
1,e , σ2

1,ε, and

a1,11, are almost identical. This resemblance is unsurprising as the same healthcare

expenditure moments are used to estimate the parameters.18

The persistent and transitory income variances,σ2
e,2 andσ2

ε,2, have sizes 0.039 and

0.202, respectively, and are smaller than their healthcare expenditure counterparts.

Therefore, income innovations are modest compared to healthcare expenditure

fluctuations. Given an income persistence, a1,22, of size 0.873 any innovations through

σ2
e,2 have long lasting effects.

Understanding how healthcare expenditures and income affect each other is

interesting for multiple purposes, for example, retirement behavior (see, e.g., De Nardi

et al. (2016b) and French (2005)). The covariance of both persistent and transitory

innovations, σ2
e,12 and σε,12, are small and of sizes 0.000 and -0.016, respectively.

Despite being small, the latter is highly statistically significant. Assuming multivariate

normal innovations, the heatmaps in Figure 2.3 display almost equal concentration

on each opposite side of the origo indicating that healthcare expenditure and income

innovations arrive almost independently of each other in both the VAR term (left plot)

and VMA term (right plot).

Turning to the dynamic time series effects of income on healthcare expenditures,

a1,21, and the effects of healthcare expenditures on income, a1,12, parameter esti-

mates are minuscule with parameter sizes -0.001 and 0.019, respectively. Even though

a1,12 is highly significant, its size is too small to have noteworthy effects.The impulse

response functions in Figure 2.3 confirm our observation and illustrate that a one

standard deviation shock to either healthcare expenditures or income in the VAR er-

ror term only has an effect on itself and no significant effect on the other variable, see

18The J-Statistics and associated P-values (Newey, 1985) in Table 2.3 strongly reject the null of a correctly
specified model. However, as Baker and Solon (2003), Kalwij and Alessie (2007), and Bingley and Cappellari
(2019) note, this test typically rejects the maintained specification in finite samples when many empirical
moments are used and the model is strongly overidentified.
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Appendix B.6 for calculation of impulse response functions in our model. This finding

contrasts the empirical non-zero cross-correlations between healthcare expenditures

and income plotted in Figure 2.1.

Figure 2.3: Generalized impulse response function for full model from VAR(1) innovations

To explore this seemingly conflicting observation, we estimate the time series

dynamics of healthcare expenditures and income ignoring the simultaneous effects

between healthcare expenditures and income as well as the effects of all other vari-

ables, that is, we set γ1, γ2, β1, and β2 in equations (2.5) and (2.6) equal to zero.

Parameters on the cross-effects almost double in size. In particular, the innovation

covariances, σ2
e,12 and σ2

ε,12, become substantially sized and now amount to one-fifth

and one-eights of the income variances, respectively, see Table B.1, Appendix B.7.

However, as simultaneous effects between healthcare expenditures and income are

omitted, the parameter-sizes are inflated by a spurious relationship. Comparing the

size of the empirical and residual autocovariances, that is, the empirical contribution

to the estimation of error term parameters, the size of all cross-covariances reduces

from sizes as large as 0.36 to less than 0.05 once we control for the simultaneous ef-

fects between healthcare expenditures and income, see Appendix B.8. Consequently,

the size of our parameter estimates reduces to accommodate the lower empirical

autocovariances of the residuals. Meanwhile, estimating annual VAR(1) plus VMA(0)

processes using the upwards or downwards exclusion restriction confirms our main

VAR(1) plus VMA(0) estimates in Table 2.3 with near identical parameter estimates,

see Table B.1, Appendix B.7.

In conclusion, all effects between healthcare expenditures and income are con-

temporaneous, and controlling for the contemporaneous effects, the healthcare

expenditure and income error processes can be considered separately. Since the

healthcare expenditure and income processes are practically independent, the risk of



90 CHAPTER 2. A BIVARIATE MODEL OF HEALTHCARE EXPENDITURES AND INCOME

catastrophic healthcare expenditures remains at the level of French and Jones (2004)

even though σ2
ε,12 and a1,12 are highly statistically significant,19 that is, the income

process hardly has any effect on the healthcare expenditure process.

2.6 Conclusion

Out-of-pocket healthcare expenditures and income are key financial variables for

household utility. To understand their previously unknown joint relationship, this

paper suggests a new bivariate model for out-of-pocket healthcare expenditures and

income with simultaneous effects and a VAR plus VMA error term process. Our model

expands the univariate AR plus MA model for healthcare expenditures known from

French and Jones (2004).

Using the RAND Health and Retirement Study consisting of older Americans, we

provide novel evidence of highly statistically significant contemporaneous effects

between healthcare expenditures and income. A one percentage increase in income

increases healthcare expenditures by 0.133 percent. For the reverse elasticity, a one

percent increase in healthcare expenditures decreases healthcare expenditures by

0.044 percent. Using our bivariate model, the healthcare expenditure elasticity of in-

come doubles in size, while the income elasticity of healthcare expenditures from the

univariate models even changes signs from positive to negative. Univariate models

missing the simultaneous effects cannot replicate our findings as they suffer from

simultaneous equation endogeneity.

In the time dimension, healthcare expenditures and income follow a bivariate

VAR(1) plus VMA(0) error process. Both variables are highly persistent with more than

85 percent of current healthcare expenditure and income, respectively, carrying over

to the next period. The healthcare expenditure process displays larger uncertainty

than income in both the persistent VAR and transitory VMA innovation variances.

Consequently, financial uncertainty from out-of-pocket healthcare expenditures

poses a larger contemporaneous risk for older Americans than the risk associated

with the more stable income process. The variance of VMA innovations is more than

five times larger than the VAR innovations making white noise shocks dominate the

process. Meanwhile, the smaller VAR innovations have more long ranging effects due

to their persistent nature.

In the raw HRS data, healthcare expenditures and income correlate strongly over

time. Accounting for their contemporaneous relationship, however, all dynamic time

series effects between healthcare expenditures and income become quantitatively

meaningless. Hence, healthcare expenditures and income only affect each other

contemporaneously and all cross-effects of shocks absorb in the first period.

19We confirm the equivalence of the risk of catastrophic healthcare expenditures in unreported simula-
tions.



2.6. CONCLUSION 91

Our results indicate that adverse healthcare expenditure shocks can have severe

long ranging effects on healthcare expenditures and thereby pose risks of catastrophic

healthcare expenditures. However, the shock only affects income contemporaneously

and not the following periods. Hence, households’ income process does not ex-

acerbate the financial risk induced by healthcare expenditure shocks. Vice versa,

persistent income losses have severe long ranging effects on households’ income, but

healthcare expenditures only change in the first period.
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Appendix

B.1 Detailed Data Description

This section describes the dataset used in this paper, that is, a description of the

variables used from the HRS

Male:

This is a dummy with ones when the respondent is male. Every respondent identifies

as either male or female.

Married:

This is a dummy variable that takes on a one if the respondent is married/partnered

and zeros otherwise. It is based on the variable RwMSTAT. A respondent is categorized

as married if they self-report being either (1) married, (2) married with the spouse

absent, or (3) partnered. Otherwise, respondents are (4) separated, (5) divorced, (6)

separated/divorced, (7) widowed, or (8) never married. We define states (4)-(8) as

non-married.

Since our focus is on household income and healthcare expenditures, we assess

that this is the most reasonable description of being married, as it lets us study the

effect between income and healthcare expenditures. We drop 140 observations due

to missing marital status.

Age:

Is the age at the beginning of the interview in years based on variable RwAGEY_B. We

drop 6,236 observations that are less than age 50 for a consistent dataset that focuses

on older Americans and avoids outliers in terms of age. Respondents are 50 years or

older but, spouses can be younger than 50 years old.

Health Insurance:

In the spirit of French and Jones (2004) and French et al. (2002) we define five mutually

exclusive health insurance states: employer insurance, Medicare insurance, Medicaid

insurance, private insurance, and no insurance. Insurance states are hierarchically

exclusive in the stated order.

A respondent is employer insured if they self-report being insured by their own

or spousal employer insurer (RwCOVR and RwCOVS) or being insured by one of

these but do not know if it is from the spouse or respondent. Insurance by Veterans

Administration is also an employer insurance (RwGOVVA).

A respondent is Medicare insured if they self-report being Medicare insured

(RwGOVMR) and do not have employer insurance.

A respondent is Medicaid insured if they self-report being Medicaid insured

(RwGOVMD) and have neither employer nor Medicare insurance.

A respondent is privately insured if they report having other forms of insurance

(RwHIOTHP) that is not employer, Medicare, or Medicaid or if they report having one

or more private insurances (RwPRPCNT) and not employer, Medicare, or medicaid

insurance.
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The remaining respondents have no insurance.

We drop 653 observations with missing employer insurance data, 7 with missing

health insurance coverage from spouse’s employer, 1 with missing Medicare insurance

information, 51 with missing Medicaid information.

Wave dummies:

Wave dummies are given in the data based on the variable names. We consider waves

3 through 12 since data is quite constant over this period.

Retired:

We define an individual as retired when they receive social security income20 or pen-

sion payments from defined benefit plans in pillar two or private pension payments

from pillar three.21 In addition, respondents must self-report as either retired, partly

retired, or not in the labor force and work less than 300 hours per year.22 An individual

is also retired if they self-report as disabled, receive disability benefits, and work less

than 300 hours per year. Respondents remain retired for the remaining waves once

the retirement criteria is met.23

An individual is also retired if they self-report as disabled, receive disability ben-

efits, and work less than 300 hours per year. Bound et al. (1999) let individuals be

retired if they neither are employed nor apply for disability benefits.

Retirement is commonly defined based on similar variables as those we use.

Hours worked is an important variable for retirement in the US labor market (Rust

et al., 1997) and Rogerson and Wallenius (2019) and Crawford and Lilien (1981) base

retirement on hours worked per week while, French (2005) define retirement as no

hours worked in a structural model. Other structural models estimations have used

age 65 as retirement Hubbard et al. (1995), and Ameriks, Briggs, Caplin, Lee, Shapiro,

and Tonetti (2020) use self-reported retirement to study the willingness to work of

older Americans. Bound et al. (1999) let individuals be retired if they neither are

employed nor apply for disability benefits.

Hispanic:

The Hispanic variable takes on value zero unless the respondent report being His-

panic (RaHISPAN). We drop 92 observations with missing data.

Years of education:

20We cannot distinguish between early retirement, social security income, or social security income
and we include both when we define retirement.

21Social security income and disability income information are from variable RwDSTAT, pension
payments from RwIPEN, and annuity payments from RwIANN. Individuals who have only applied for
social security income or disability income do not meet our requirements for retirement unless they receive
either income already. If individuals receive either social security income or social security disability
benefits but do not know which one, the respondent meets our requirement for retirement.

22Self-reported labor force status is drawn from variable RwLBRF. For hours worked in primary and
secondary jobs, we use variables RwJHOURS and RwJHOURS2. This is multiplied by weeks worked per
year in primary and secondary jobs, RwJWEEKS and RwJWEEKS2. Hours worked per year is the sum of
these two products. If hours or weeks worked in a primary job are missing, but the other conditions for
retirement are met, we define these individuals as retired.

23Hurd and Boskin (1984) discuss how the US labor market is characterized by entry and exit into a
retirement status.
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Respondent (RaEDYRS) and spouses (SwEDYRS) years of education. The variable has

an upper bound of 17 years of education, and anyone with 17+ years of education is

recoded to 17. We drop 357 observations with missing education data.

Out of Pocket Healthcare Expenditures:

We measure healthcare expenditures at the household level as the sum of annual re-

spondent and spouse healthcare expenditures. The HRS is a biennial and RwOOPMD

measures out of pocket healthcare expenditures since last interview. Values are dis-

counted to January 2012 values using the year and month discount rates from the St.

Louis FED24.

Like French and Jones (2004), we annualize data. Instead of simply dividing by

two, we divide by the actual number of days between interviews measured in years

that can be non-integers. This is especially important when individuals are non-

responsive in an interview and, for example, have four years between interviews.

We merge the annualized RwOOPMD to the spousal identifier to obtain spousal

healthcare expenditures. 5,641 observations are married but have missing spousal

identifiers. For these observations, spousal expenditures take on spousal discounted

expenditures, SwOOPMD, divided by two. If individuals are not married (as defined

above), spousal healthcare expenditures are 0. After this, 4,076 observations have

missing spousal expenditures and are dropped.

209,954 observations have missing healthcare expenditures for the respondent

and are dropped.

Like French and Jones (2004) we truncate healthcare expenditures at $250, which

affects 33,087 observations.

Household Income:

We use household income HwITOT and discount it to January 2012 values. There are

no missing values.

Like healthcare expenditures, we truncate household income at $250, which

affects 1,905 observations.

Outliers:

We leave out 2,567 observations with outlying healthcare expenditures, income, and

age. Since neither of these variables are Gaussian, we retain from using the 3 standard

deviation rule-of-thumb for outlier deletion but instead omit observations beyond

the 99.5 percentile. Since these three variables are already truncated from below, no

outliers are left out at the bottom. Note that outliers of healthcare expenditures and

income are based on the 99.5 percentile of their log values since we analyze the values

in logs.

Hospital utilization:

We use three measures of respondent’s and spouse’s hospital utilization, which may

affect households’ out-of-pocket healthcare expenditures: An indicator of whether a

hospital was used from RwHOSP and SwHOSP, the number of times a hospital was

24https://www.stlouisfed.org/
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visited RwHSPTIM and SwHSPTIM, and the number of nights spent in a hospital

RwHSPNIT and SwHSPNIT. Missing observations of RwHOSP and SwHOSP were im-

puted using a logit regression, and a poisson regression was used for count variables

RwHSPNIT, SwHSPNI, RwHOSP, and SwHOSP. If respondents do not have a spouse,

the spouse variables are set to zero.

Doctor utilization:

We use two measures of respondent’s and spouse’s doctor utilization, which may

affect households’ out-of-pocket healthcare expenditures: An indicator of any doctor

visits RwDOCTOR and SwDOCTOR, and a count of the number of times a doctor

was visited RwDOCTIM and SwDOCTIM. Missing observations of RwDOCTOR and

SwDOCTOR were imputed using a logit regression, and a poisson regression was

used for count variables RwDOCTIM and SwDOCTIM. If respondents do not have a

spouse, the spouse variables are set to zero.

Prescription drugs, outpatient care, dentist visits, and special facilities usage:

We consider prescription drugs, outpatient care, dentist visits, and special facilities

usage for respondents and their potential spouses, which may affect households’

out-of-pocket healthcare expenditures. For prescription drugs, we use RwDRUGS

and SwDRUGS, for outpatient care, we use RwOUTPT and SwOUTPT, for dentists, we

use RwDENTST and SwDENTST, and RwSPCFAC and SwSPCFAC for special facilities.

All missing variables were imputed using a logit regression. If respondents do not

have a spouse, the spouse variables are set to zero.

Tenure:

We measure tenure in the current job for the respondent and their spouse using the

RwJCTEN and SwJCTEN variables in the data. If respondents do not have a spouse,

the spouse variables are set to zero.

Hours worked per week:

We measure hours worked per week for the respondent and their spouse using the

RwJHOURS and SwJHOURS. If respondents do not have a spouse, the spouse vari-

ables are set to zero.

Weeks worked per year:

We measure weeks worked per year for the respondent and their spouse using the

RwJWEEKS and SwJWEEKS. If respondents do not have a spouse, the spouse variables

are set to zero.

Exclusion restrictions:

We suspect that the following variables affect only healthcare expenditures and not

income: employer provided healthcare insurance, privately provided healthcare in-

surance, Medicaid healthcare insurance, and a group consisting of no healthcare

insurance and Medicare insurance. Each of these four categories interact with an

indicator of being below age 65. We add three more healthcare insurance variables of

employer provided healthcare insurance, privately provided healthcare insurance,

Medicaid healthcare insurance interacted with being above age 65. For the healthcare
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utilization variables, we consider variables on hospital utilization, doctor utilization,

prescription drugs use, receiving outpatient care, dentist visits, and special facilities

usage. This results in 25 potential exclusion restriction in the income equation.

For variables affecting only income and not healthcare expenditures, we suspect

the following variables for the respondent and spouse: retired, tenure, tenure squared,

hours worked, hours worked squared, weeks worked, and weeks worked squared. This

results in 14 potential exclusion restrictions in the healthcare expenditure equation.

B.2 Lewbel (2012) Assmuptions

For identification of true model parameters in equations (2.13) to (2.16) Lewbel (2012)

θ0 assumes that

Assumption 1. Y = (
Y1,Y2

)′ and X are random vectors. E
(
X Y ′), E

(
X Y1Y ′), E

(
X Y2Y ′)

and E
(
X X ′) are finite and identified from data. E

(
X X ′) is nonsingular.

Assumption 2. E
(
X ε1

)= 0, E
(
X ε2

)= 0 and, for some random vector Z , cov
(
Z ,ε1ε2

)=
0

Assumption 3. Define W j = Y j −X ′E
(
X X ′)−1 E

(
X Y j

)
, j = 1,2. The vectorΦz , defined

as a matrix with columns given by the vectors cov
(

Z ,W 2
1

)
and cov

(
Z ,W 2

2

)
, has rank

2.

Assumption 4. Let Γ be the set of all possible values of
(
γ1,γ2

)
. If

(
γ1,γ2

) ∈ Γ, then(
γ−1

1 ,γ−1
2

)
∉ Γ.

Theorem 1. Let assumption A1, A2, A3 and A4 hold in equations (2.5) and (2.6). Then,

the structural parameters θ0 and the errors ε= (
ε1,ε2

)
are identified.

Of particular interest is assumption 2, where cov
(
Z ,ε1ε2

)= 0 will serve as a mo-

ment condition in identification. To test the moment restrictions in assumption 2 ,

Lewbel (2012) suggests the use of Hansen-type tests of GMM moment restrictions.

The heteroskedasticity in assumption 3 can be tested with a Breusch-Pagan het-

eroskedasticity test. The rank condition can be tested with a matrix rank test toΦz ,

such as Cragg and Donald (1997). or a test of whether the determinant of ΦzΦ
′
z is

zero.

Corollary 1. Assume that (2.5) and (2.6) as well as assumptions 1, 2, 3, 4 hold. Let S, θ

and Q
(
S,θ

)
be defined as above. LetΘ be the set of all values that θ can take on where

θ0 is the true value of θ. Then, the only θ ∈Θ for which E
[
Q

(
θ,S

)]= 0 is θ0.

Under corollary 1, a standard Hansen (1982) GMM approach for a sample of

size N obtains estimates of θ from equation (2.17).With independent and identically

distributed Si and Ω0 a consistent estimator for Ω0 = E
[
Q

(
θ0,S

)
Q

(
θ0,S

)′] this es-

timator is efficient GMM asymptotic normal distribution as in equation (2.18). In
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practice, Lewbel (2012) suggest to estimateΩn iteratively to obtain efficient GMM

estimates.

B.3 Estimation of Parameters in Linear Models with Exclusion
Restrictions

We perform robustness estimates of the parameters in the bivariate linear equa-

tion system in equation (2.5) and equation (2.6) using exclusion restrictions, that is,

variables belonging in one equation but not the other.

For Z̃i t the matrix of exogenous variables, the exclusion restrictions give rise to

two sets of orthogonality conditions

E
(

Z̃i tε1i t

)
= 0 (B.1)

E
(

Z̃i tε2i t

)
= 0, (B.2)

which can be used in standard Hansen (1982) GMM estimation of the form

θ̂1 = argmin
θ1∈Θ

1

N

 N∑
j=1

Z̃ jε1i t

′

W1

 N∑
j=1

Z̃ jε1i t

 (B.3)

θ̂2 = argmin
θ1∈Θ

1

N

 N∑
j=1

Z̃ jε2i t

′

W2

 N∑
j=1

Z̃ jε2i t

 , (B.4)

for θ1 =
[
γ1,β′

1

]′
, θ2 =

[
γ2,β′

2

]′
, and weight matrices W1 and W2. We consider each

set of moments separately for ease of estimation and later selection of exclusion

restriction using Andrews (1999).

Following textbook econometrics (see, e.g., Wooldridge (2010)), the optimal GMM

estimator of the parameters of interest is

θ̂1,GM M =
(

X ′′′
1 Z̃ W1 Z̃ ′′′X1

)−1
X ′′′

1 Z̃ W1 Z̃ ′′′Y1 (B.5)

θ̂2,GM M =
(

X ′′′
2 Z̃ W2 Z̃ ′′′X2

)−1
X ′′′

2 Z̃ W2 Z̃ ′′′Y2 , (B.6)

where we use boldface as matrix-notation of the variables across all individuals.

Setting the weighting matrix to the inverse of the covariance of the moment

conditions gives efficient parameter estimates. Since the errors are heteroskedastic,

using

1

N

N∑
j=1

ε2
1 j Z j Z ′

j (B.7)

1

N

N∑
j=1

ε2
2 j Z j Z ′

j , (B.8)
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as covariance estimates is preferred. Following the Stata ivregress command, we

initially use the two-stages-least-squares, 2SLS, estimator of θ1 and θ2, respectively,

to obtain estimates of the errors to plug into equations (B.7) and(B.8). The 2SLS

estimators are

θ̂1,2SLS =
(

X ′′′
1 Z̃

(
Z̃ ′′′ Z̃

)−1
Z̃ ′′′X1

)−1

X ′′′
1 Z̃

(
Z̃ ′′′ Z̃

)−1
Z̃ ′′′Y1 (B.9)

θ̂2,2SLS =
(

X ′′′
2 Z̃

(
Z̃ ′′′ Z̃

)−1
Z̃ ′′′X2

)−1

X ′′′
2 Z̃

(
Z̃ ′′′ Z̃

)−1
Z̃ ′′′Y2 . (B.10)

To estimate θ̂1,GM M and θ̂2,GM M jointly, we set up the equation system for the two

equations jointly[
Y1

Y2

]
=

[
Y1 X1 0N×1 0N×p2

0N×1 0N×p1 Y2 X2

][
θ1

θ2

]
+

[
ε1

ε2

]
(B.11)

Y = Xθ+ε , (B.12)

where 0N×k matrices are N time k matrices of zeros and matrices in the lower equa-

tion correspond to matrices in the upper equation. Defining

Ž =
[

Z̃ 0N×M

0N×M Z̃

]
, (B.13)

the joint GMM estimator is

θ̂GM M =
(

X ′′′ Ž W Ž ′′′X
)−1

X ′′′ Ž W Ž ′′′Y , (B.14)

which has estimated variance(
X ′′′ Ž

(
Ž ′′′εε′ Ž ′′′

)−1
Ž ′′′X

)−1

, (B.15)

see Wooldridge (2010) Chapter 9. We estimate W in a similar fashion as when only a

single equation is considered.

B.3.1 Reduced Form Bias

This section discusses the sign and size of the bias in OLS estimates of the simulta-

neous effect parameters in our bivariate model in equation (2.5) and equation (2.6).

Inserting the two equations in each other and using that X1i t = X2i t := Xi t in our

empirical specification we get

Y1i t = X ′
i t
β1 +β2γ1

1−γ1γ2
+ε1i t

1

1−γ1γ2
+ε2i t

γ1

1−γ1γ2
, (B.16)

Y2i t = X ′
i t
β2 +β1γ2

1−γ1γ2
+ε2i t

1

1−γ1γ2
+ε1i t

γ2

1−γ1γ2
. (B.17)
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When the reggressors, Y1 and Y2, correlate with the error terms, ε2 and ε1, respec-

tively, OLS estimates suffer from simultaneity bias. We may infer about the sign of bias

by considering these covariances using equation (B.16) and equation (B.17). The si-

multaneity bias of the OLS estiamtes has the same sign as the covariance. Conditional

on X , the covariances are

Cov
(
Y2,ε1

)= γ2

1−γ1γ2
Var

(
ε1

)+ 1

1−γ1γ2
Cov

(
ε1,ε2

)
, (B.18)

Cov
(
Y1,ε2

)= γ1

1−γ1γ2
Var

(
ε2

)+ 1

1−γ1γ2
Cov

(
ε1,ε2

)
. (B.19)

Both error variances, Var
(
ε1

)
and Var

(
ε2

)
, are positive by definition while Cov

(
ε1,ε2

)
can be both positive and negative. Yet, for our preferred model we find the covariance

to be positive but close to zero, see the zeroth order residual autocovariance of Figure

B.2, Appendix B.8. Hence, we the covariances on the right-hand side of equation B.18

and equation (B.19) are positive and small since γ1γ2 < 0 as γ1 < 0 and γ2 > 0 for our

preferred model, see column four, Table 2.2. Meanwhile, the first part of equation

(B.18) and equation (B.19) has larger size. Hence, as γ2
1−γ1γ2

is negative the OLS esti-

mate of γ1 are downward biased while γ2 is upwards biased under OLS since γ1
1−γ1γ2

is positive. Table 2.2 confirms the sign of these biases.
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B.4 Standard Minimum Distance Estimator

In this section, we review the standard minimum distance estimator in Chamberlain

(1984) and its application to error covariance models Abowd and Card (1989); Pischke

(1995), and Altonji and Segal (1996). Parameters in the error component VAR(p)

plus VMA(q) model in equations (2.7) through (2.12) minimize the equally weighted

squared distance between empirical and theoretical elements of error covariance.

Altonji and Segal (1996) and Clark (1996) recommend using equal weights on the

moments, that is, the identity weight matrix, for lower finite sample bias of the

estimator, while Pischke (1995) recommends using diagonal elements of the optimal

weighting matrix. Doris et al. (2013) show that GMM estimation from covariance

structures in short panels is imprecise for highly persistent processes. In Monte Carlo

simulations, imprecision is large even for 3,000 individuals observed over 8 periods

when the autoregressive parameter 0.95. The optimal weighting matrix can be found

in, for example, Abowd and Card (1989) and is used in French and Jones (2004). This

review is based on the bivariate case in Abowd and Card (1989) that readily simplifies

to the univariate case.25

Let, r̃i , be residual from the estimated equations (2.5) and (2.6) of the form

r̃i ≡



ε̃1i t1

...

ε̃1i tT

ε̃2i t1

...

ε̃2i tT


where ε̃1i t and ε̃2i t , t = t1, t2, ..., tT , are residuals of health care expenditures and

income respectively. r̃i is mean zero and of dimension 2T ×1. Next, define the co-

variance matrix C ≡ 1
N

∑N
i=1

(
r̃i r̃ ′

i

)
where N is the number of individuals in the sam-

ple.26 Upper and lower triangular elements of C are identical and we collect the(
2T (2T+1)

2 ×1

)
unique elements in vector m.27 Next, define the individual contribu-

tion to the covariance vector as mi with 1
N

∑N
i=1 mi = m.

The variance of the estimated covariance matrix, m, is

V = 1

N

N∑
i=1

(
mi −m

)(
mi −m

)′ (B.20)

25See, for example, French and Jones (2002).
26In practice, the panels are unbalanced and Nt j ,tk individuals are observed in both wave t j and yk .

The fraction
Nt j ,tk

N is assumed constant as in French and Jones (2002) for asymptotic purposes.
27With T = 10 waves of HRS data 2T (2T+1)

2 = 210.
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As an example consider Vuv =Cov
(
mu ,mv

)
where mu =Cov

(
ε̃1i t1 , ε̃2i t1+ j

)
and mv =

Cov
(
ε̃1i ts , ε̃1i ts+k

)
such that

Vuv = 1

N

N∑
i=1

[(
ε̃1i t1 − ε̃1t1

)(
ε̃2i t1+ j − ε̃2t1+ j

)
−mu

][(
ε̃1i ts − ε̃1ts

)(
ε̃1i ts+k − ε̃1ts+k

)
−mv

]
(B.21)

where ε̃1t1 , ε̃2t1+ j , ε̃1ts and ε̃1ts+k denote the sample averages.

Under fairly general conditions (Chamberlain, 1984), independence of r̃i implies

asymptotic normality of the sample mean m in the number of individuals, N

p
N

(
m −µ)∼ N

(
0,V ∗)

(B.22)

where µ= E
[
mi

]
and V ∗ = E

[
mi m′

i

]
−E

[
mi

]
E

[
m′

i

]
.

Now, consider a function, f
(
b
)

for the vector of covariance elements that depends

on a lower-dimensional parameter vector, b, such that E
[

m − f
(
b
)]= 0. The standard

minimum distance estimator of b is

b̂ = ar g mi n
b∈B

N
[

m − f
(
b
)]′

Wn

[
m − f

(
b
)]

(B.23)

for weight matrix Wn where Wn
a.s.−−→W . This estimator has sampling distribution

p
N

(
b̂ −b

)
d−→ N

(
0,Λ

)
(B.24)

Λ= (
F ′W F

)−1 F ′W V ∗W F
(
F ′W F

)−1 (B.25)

F = ∂ f
(
b
)

∂b
(B.26)

Where F is estimated as F̂ = ∂ f
(
b̂
)

∂b and V ∗ as in equation (B.20).

For properly specified model, Newey (1985) shows that

J = N ·
[

m − f
(
b̂
)]′

Q−1
[

m − f
(
b̂
)]

d−→χ2 (
p −q

)
(B.27)

Q = PV P ′ (B.28)

P = I −F
(
F ′W F

)−1 F ′W (B.29)

with p the cardinality of m and q the rank of F . J is also the overidentification test

statistic for null

[
m − f

(
b̂
)]

= 0.28 That is, a correctly specified model. Again, Q is

estimated with its sample mean and when the rank of F is equal to the number of

parameters, Q−1 is the generalized inverse of Q. In the univariate case, one simply

omits either ε̃1 or ε̃2 from r̃i and applies the standard minimum distance estimator.

28Note that N is the number of individuals observed over T periods as in French and Jones (2004).
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Calculation of autocovariances and their derivatives in VARMA(p,q) processes are

computationally demanding. We apply the efficient algorithms for computing auto-

covariances in Mittnik (1990) and Mittnik (1993). Exact derivatives of the VARMA(p,q)

autocovariances with respect to autoregressive and moving average components are

calculated using Niemczyk (2004).

B.5 Annual Parameter Estimates

We consider four different sets of time series autocovariances in turn: The auto-

covariance of current healthcare expenditures and future healthcare expenditures,

the autocovariance of current healthcare expenditures and future income, the au-

tocovariance of current income and future healthcare expenditures, and, lastly, the

autocovariance of current income and future income. We account for the sampling

scheme of healthcare expenditures and income as described in Section 2.4.2.

The autocovariance of current healthcare expenditures and future healthcare expenditures:

For the healthcare expenditure error observed in data, the variance and autoco-

variances are

Cov
(
ε1i tk ,ε1i tk

)
=V ar

(
ε1i tk

)
=V ar

(
y1iτ2k + y1iτ2k+1

2

)
= 1

4

[
V ar

(
y1iτ2k

)
+V ar

(
y1iτ2k+1

)
+2Cov

(
y1iτ2k , y1iτ2k+1

)]
= 1

2

[
γ11 (0)+γ11 (1)

]
,

(B.30)

Cov
(
ε1i tk ,ε1i tk+κ

)
=Cov

(
y1iτ2k + y1iτ2k+1

2
,

y1iτ2(k+κ) + y1iτ2(k+κ)+1

2

)

= 1

4

[
Cov

(
y1iτ2k , y1iτ2(k+κ)

)
+Cov

(
y1iτ2k , y1iτ2(k+κ)+1

)
+ Cov

(
y1iτ2k+1 , y1iτ2(k+κ)

)
+Cov

(
y1iτ2k+1 , y1iτ2(k+κ)+1

)]
= 1

4

[
γ11 (2κ−1)+2γ11 (2κ)+γ11 (2κ+1)

]
.

(B.31)

The autocovariance of current healthcare expenditures and future income:

For the healthcare expenditure and income errors observed in data the autoco-



B.5. ANNUAL PARAMETER ESTIMATES 113

variances are

Cov
(
ε1i tk ,ε2i tk

)
=Cov

(
y1iτ2k + y1iτ2k+1

2
, y2iτ2k+1

)
= 1

2

[
Cov

(
y1iτ2k , y2iτ2k+1

)
+Cov

(
y1iτ2k+1 , y2iτ2k+1

)]
= 1

2

[
γ12 (0)+γ12 (1)

]
,

(B.32)

Cov
(
ε1i tk ,ε2i tk+κ

)
=Cov

(
y1iτ2k + y1iτ2k+1

2
, y2iτ2(k+κ)+1

)
= 1

2

[
Cov

(
y1iτ2k , y2iτ2(k+κ)+1

)
+Cov

(
y1iτ2k+1 , y1iτ2(k+κ)+1

)]
= 1

2

[
γ11 (2κ)+γ11 (2κ+1)

]
.

(B.33)

The autocovariance of current income and future healthcare expenditures:

For the income and healthcare expenditure error observed in data the autocovari-

ances are

Cov
(
ε2i tk ,ε1i tk

)
=Cov

(
ε1i tk ,ε2i tk

)
, (B.34)

Cov
(
ε2i tk ,ε1i tk+κ

)
=Cov

(
y2iτ2k+1 ,

y1iτ2(k+κ) + y1iτ2(k+κ)+1

2

)

= 1

2

[
Cov

(
y2iτ2k+1 , y1iτ2(k+κ)

)
+Cov

(
y2iτ2k+1 , y1iτ2(k+κ)+1

)
)

]
= 1

2

[
γ21 (2κ−1)+γ21 (2κ)

]
.

(B.35)

The autocovariance of current healthcare expenditures and future healthcare expenditures:

For the healthcare expenditure error observed in data the variance and autoco-

variances are

Cov
(
ε2i tk ,ε2i tk

)
=V ar

(
ε2i tk

)
=V ar

(
y2iτ2k+1

)
= γ22 (0) ,

(B.36)

Cov
(
ε2i tk ,ε2i tk+κ

)
=Cov

(
y2iτ2k+1 , y2iτ2(k+κ)+1

)
= γ22 (2κ) .

(B.37)
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B.6 Impulse Response Function

To estimate the impulse response function for our full model in equations (2.5) and

(2.6) let

Yi t =
[
Y1i t ,Y2i t

]′
εi t =

[
ε1i t ,ε2i t

]
(B.38)

νi t =
[
ν1i t ,ν2i t

]
ξi t =

[
ξ1i t ,ξ2i t

]
(B.39)

ei t =
[
e1i t ,e2i t

]
εi t =

[
ε1i t ,ε2i t

]
(B.40)

B=
[
β1 0p1

0p2 β2

]′
Γ=

[
γ1 0

0 γ2

]
(B.41)

C= (
I2×2 −Γ

)−1 , (B.42)

where Ik×k is the k-dimensional identity matrix. We assume C−1 is invertible.

We consider the following representation of our model with a VAR(1) plus VMA(0)

error process

Yi t =BX t +ΓYt +εi t

=BX t +ΓYt +νi t +ξi t

=CBX t +Cνi t +Cξi t .

(B.43)

This representation facilitates the ease of using matrix operations to estimate the

expected effect of a healthcare expenditure or income innovation in period t , e1i t and

e2i t , respectively, on healthcare expenditure and income in successive periods. In

particular, since νi t+k = ei t +∑k
κ=1 Aκ

1 ei ,t+k−κ+ Ak+1
1 νi ,t−1 following standard time

series operations (see, e.g., Lütkepohl (2005)) we have

∂Yi ,t+k

∂ei t
=CAk

1 . (B.44)

Innovations to the VAR-term, ei t , hold most interest due to their persistent long-

ranging effects on responses, Yi ,t+k . Conversely, VMA innovations die out immedi-

ately as the terms have no memory, that is, no lag order.

B.7 Additional Healthcare Expenditure and Income Dynamics

Table B.1 reports annual VAR(1) plus VMA(0) error process parameters using different

residual autocovariances. The simple demean residuals are defined as

ε1i t = Y1i t −µ1 (B.45)

ε2i t = Y2i t −µ2 , (B.46)

where we estimate the respective means for healthcare expenditures and income

as µ1 = 1
N

∑N
j=1 Y1 j and µ2 = 1

N

∑N
j=1 Y2 j for N the number of observations pooled



B.8. RESIDUAL AUTOCORRELATIONS 115

VAR(1)+VMA(0)

Method: OLS Lewbel (2012)
Exclusion

Restrictions
Simple

Demean

Moment Selection: Down Up Down Up

σ2
e,1

0.077∗∗∗ 0.077∗∗∗ 0.077∗∗∗ 0.076∗∗∗ 0.076∗∗∗ 0.102∗∗∗
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

σ2
e,12

−0.003∗∗∗−0.003∗∗∗ 0 0.006∗∗∗ 0.004∗∗∗ 0.016∗∗∗
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

σ2
e,2

0.038∗∗∗ 0.038∗∗∗ 0.039∗∗∗ 0.031∗∗∗ 0.034∗∗∗ 0.075∗∗∗
(0.001) (0.001) (0.001) (0.001) (0.001) (0.002)

σ2
ε,1

0.692∗∗∗ 0.692∗∗∗ 0.696∗∗∗ 0.692∗∗∗ 0.695∗∗∗ 0.701∗∗∗
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

σ2
ε,12

−0.04∗∗∗ −0.041∗∗∗−0.016∗∗∗ 0.025∗∗∗ 0.01∗∗∗ 0.026∗∗∗
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

σ2
ε,2

0.201∗∗∗ 0.201∗∗∗ 0.202∗∗∗ 0.209∗∗∗ 0.209∗∗∗ 0.215∗∗∗
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

a1,11 0.87∗∗∗ 0.87∗∗∗ 0.869∗∗∗ 0.867∗∗∗ 0.867∗∗∗ 0.866∗∗∗
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

a1,21 −0.001 −0.001 −0.001 −0.005∗∗∗−0.003∗∗ −0.008∗∗∗
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

a1,12 0.018∗∗∗ 0.018∗∗∗ 0.019∗∗∗ 0.019∗∗∗ 0.02∗∗∗ 0.046∗∗∗
(0.003) (0.003) (0.002) (0.003) (0.003) (0.002)

a1,22 0.872∗∗∗ 0.872∗∗∗ 0.873∗∗∗ 0.881∗∗∗ 0.878∗∗∗ 0.913∗∗∗
(0.003) (0.003) (0.003) (0.003) (0.003) (0.002)

J-Statistic 2168.15 2168.82 2168.32 2022.98 2047.49 3431.85
DoF 200 200 200 200 200 200
P-value 0 0 0 0 0 0

VAR(1)plus VMA(0) error process estimates using various residual
autocovariances.
(Standard errors in parentheses)∗∗∗ p < 0.001; ∗∗ p < 0.01; ∗ p < 0.05

Table B.1: One-Year Error Component Model Estimates.

across the dataset. Hence, the simple demean residuals ignore the contemporaneous

effects between healthcare expenditures and income.

Table B.2 estimates biennial error process parameters using the French and Jones

(2004) methodology and thus does not estimate annual parameters.

B.8 Residual Autocorrelations

Figure B.1 shows the empirical autocorrelation function for residuals of healthcare

expenditures and income from the upwards Lewbel (2012) estimates in Table 2.2 as

opposed to the empirical autocorrelation in Figure 2.1 in the paper.

After correcting for observables X and the elasticities, the autocorrelations de-

crease in size by between 0.1 and 0.05 for the blue healthcare expenditures autocor-

relations on the left, and for the orange income autocorrelations, autocorrelations

decrease by about 0.25. The cross-autocorrelations on the right become extremely

small and, for some lags, insignificant. The empirical (top) and residual autocovari-

ances (bottom) in Figure B.2 display a similar pattern as the autocorrelations.
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AR(1)+MA(0) VAR(1)+VMA(0)

Univariate French and Jones Feenberg Hubbard Bivariate
Model Standard Fitted & Skinner et. al Model

σ2
e,1

0.136∗∗∗ 0.075 0.131 0.269 0.93 0.136∗∗∗
(0.002) (0.02) (0.049) (−) (−) (0.003)

σ2
e,12

0.001
(0.001)

σ2
e,2

0.068∗∗∗
(0.002)

σ2
ε,1

0.324∗∗∗ 1.039 1.819 0.1 0.22 0.326∗∗∗
(0.003) (0.028) (0.075) (−) (−) (0.003)

σ2
ε,12

−0.008∗∗∗
(0.001)

σ2
ε,2

0.202∗∗∗
(0.003)

a1,11 0.756∗∗∗ 0.922 0.925 0.896 0.901 0.754∗∗∗
(0.002) (0.01) (0.003) (−) (−) (0.004)

a1,21 −0.002
(0.003)

a1,12 0.031∗∗∗
(0.005)

a1,22 0.763∗∗∗
(0.006)

J-Statistic 1324.37 − − − − 1924.33
DoF 52 − − − − 200
P-value 0 − − − − 0

Univariate and bivariate error process parameter estimates.
French and Jones (2004), Feenberg and Skinner (1994), and Hubbard et al. (1995)
estimates taken from French and Jones (2004).
(Standard errors in parentheses)∗∗∗ p < 0.001; ∗∗ p < 0.01; ∗ p < 0.05; unknown asymptotic distribution.

Table B.2: Biennial Error Component Model Estimates.

Figure B.1: Residual Autocorrelation of Healthcare Expenditures and Income
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Figure B.2: Empirical and Residual Autocovariance of Healthcare Expenditures and Income
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Abstract

A socioeconomic gradient affects healthcare expenditures and longevity in opposite

directions as less affluent individuals have higher current healthcare expenditures but

simultaneously enjoy shorter lives. Meanwhile, the opposite is true for more affluent

individuals. Yet, it is unclear whether this cross-sectional healthcare expenditure

gradient persists from a lifetime perspective. This paper analyzes lifetime healthcare

expenditures across socioeconomic groups using detailed healthcare expenditure

data for all individuals in the entire Danish population. Contrary to existing literature,

we find that all socioeconomic groups spend almost an equal amount on healthcare

throughout a lifetime, once we account for mortality differences and all types of

healthcare expenditures. Moreover, differences in total lifetime healthcare expen-

ditures between socioeconomic groups are insignificant. Our results suggest that

improving the health of a socioeconomic group has limited effects on lifetime health-

care expenditures as current healthcare expenditure savings are counterbalanced by

additional healthcare consumption throughout a longer life.
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3.1 Introduction

National healthcare expenditures are increasing across the globe (Rosenthal and

Smith, 2014; White, 2007) due to aging populations (Mackenbach, Hu, Artnik, Bopp,

Costa, Kalediene, Martikainen, Menvielle, Strand, Wojtyniak, et al., 2017; Mackenbach,

Stirbu, Roskam, Schaap, Menvielle, Leinsalu, and Kunst, 2008), costly health tech-

nologies (Chandra and Skinner, 2012), prescription drug expenditures (Steinbrook,

2002; Hughes and Doheny, 2019), and end-of-life healthcare expenditures (Einav,

Finkelstein, Mullainathan, and Obermeyer, 2018; French, Jones, Kelly, and McCauley,

2021). This development challenges the sustainability of healthcare systems and thus

leads to an increased focus on cost management and socioeconomic differences in

healthcare expenditures. Researchers have found that lower socioeconomic groups

generally have higher healthcare expenditures compared to higher socioeconomic

groups (Cookson, Propper, Asaria, and Raine, 2016; de Boer, Buskens, Koning, and

Mierau, 2019), typically referred to as a negative social gradient in healthcare expen-

ditures (French and Kelly, 2016). In Denmark, for example, the poorest 20 percent

above age 65 spend more than twice as much on healthcare as the richest 20 percent

(Christensen, Gørtz, and Kallestrup-Lamb, 2016).

Studies of the negative social gradient in healthcare expenditures typically com-

pare expenditures between socioeconomic groups within a single year and do not

account for mortality differences between groups. These comparisons implicitly

assume identical survival probabilities for all individuals, indicating that all socioe-

conomic groups have the same number of years to consume healthcare. However,

lower socioeconomic groups are generally in worse health (Goldman et al., 2018;

Frederick et al., 2014), receive lower quality care (Cookson, Asaria, Ali, Shaw, Doran,

and Goldblatt, 2018), face larger risks of mortality (Case and Deaton, 2015), and are

additionally at a disadvantage as they have shorter life expectancies (Chetty et al.,

2016; Kreiner et al., 2018), labeled the social gradient in mortality (Marmot, Stansfeld,

Patel, North, Head, White, Brunner, Feeney, and Smith, 1991). Consequently, lower

socioeconomic groups consume relatively higher healthcare expenditures across a

shorter lifetime, whereas higher socioeconomic groups spend less on healthcare but

on average live longer. The adversely related healthcare expenditure and longevity

gradients make it unclear whether a healthcare expenditure gradient exists once

we account for socioeconomic longevity differences. Understanding inequalities

in healthcare expenditures is important for fairness and resource prioritization in

healthcare systems.

Lifetime healthcare expenditures have been estimated using a variety of methods

(Lubitz, Cai, Kramarow, and Lentzner, 2003a; French and Jones, 2004; Forget, Roos,

Deber, and Walld, 2008; Carreras, Ibern, Coderch, Sánchez, and Inoriza, 2013; Moon,

Park, and Sohn, 2021), but only a few of these studies investigated the inequality

in lifetime healthcare expenditures (Wong, Boshuizen, Polder, and Ferreira, 2017;

Hurd, Michaud, and Rohwedder, 2017). Of particular interest, Asaria, Doran, and
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Cookson (2016) estimate lifetime healthcare expenditures in England for five different

socioeconomic groups and find a ten-percentage negative gradient in lifetime inpa-

tient hospital expenditures for both men and women. However, the analysis focuses

solely on hospital expenditures and thereby omits many sizable types of healthcare

expenditures, such as expenditures for outpatient hospital care and elderly care.

This paper estimates mean lifetime healthcare expenditures across five socioe-

conomic groups using extremely detailed population-wide Danish register data in

2012. We advance upon the existing literature by including a comprehensive array of

healthcare expenditures, covering not only inpatient hospital expenditures, but also

a number of other cost components: outpatient hospital expenditures, expenditures

to primary care physicians, prescription drugs, home care, home nurses, and nursing

homes. We go beyond existing literature and propose to test whether mean lifetime

healthcare expenditures differ across socioeconomic groups using a statistical test.

To estimate lifetime healthcare expenditures, we weigh the cumulative average

annual healthcare expenditures used by a representative individual from age 30 until

death by the percentage of individuals that die at each age. To measure adherence to a

specific socioeconomic group, we apply the affluence measure developed by (Cairns,

Kallestrup-Lamb, Rosenskjold, Blake, and Dowd, 2019) based on income and wealth.

Accounting for age, gender, and socioeconomic-specific mortality and healthcare

expenditure consumption, we provide novel evidence that all socioeconomic groups

have near identical total lifetime healthcare expenditures. The difference in lifetime

healthcare expenditures between the highest and lowest socioeconomic group is

eight percent for women and five for men, which is more than 39 percentage points

lower than the case where lifetime healthcare expenditure estimates ignore socioe-

conomic mortality differences. The lower socioeconomic groups simply consume

more healthcare expenditures each year alive but enjoy shorter lives on average. Our

results are robust to the inclusion of higher end-of-life healthcare expenditures as

well as changing our preferred socioeconomic measure to educational attainment.

Investigating lifetime expenditures by different types of healthcare expenditures,

our results do confirm large socioeconomic differences in lifetime inpatient hospital

care as in Asaria et al. (2016). Yet, as higher socioeconomic groups generally enjoy

longer lifespans, it enables them to spend more on home care, home nurses, and nurs-

ing homes throughout their lifetime, which has a counteracting effect on total lifetime

healthcare expenditures. Moreover, we find that lifetime healthcare expenditures for

women are one third larger than for men indicating that mortality dissimilarities be-

tween genders (Mackenbach et al., 2017) cannot offset their expenditure differences.

Using the Welch (1947) t-test, we find that differences in total lifetime healthcare

expenditures between any two socioeconomic groups are statistically insignificant.

Meanwhile, the lowest socioeconomic group spends significantly more on primary

care, physician services, prescription drugs, and inpatient hospital care in a lifetime

compared to the highest socioeconomic group. The latter strengthens the finding
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of a gradient in lifetime inpatient hospital care (Asaria et al., 2016) as we employ a

rigorous statistical test.

Our lifetime healthcare expenditure estimates require a calculation of average

annual healthcare expenditures. We leverage the size of our dataset and estimate

the average of healthcare expenditures for each age in contrast to multi-age bands.

Further, we raise the top-coded age to 100, which is unseen in the literature. As a

result, we uncover a positive gradient in annual healthcare expenditures between

ages 80 and 100+ for primary care physician services, inpatient hospital care, and

outpatient hospital care, that is, the highest socioeconomic group annually consumes

more of these expenditures types than the lower socioeconomic groups. This gradient

was previously unknown due to a lack of data at extreme ages and the gradient has an

equalizing effect on lifetime healthcare expenditure across socioeconomic groups.

With utility rising in health and lifespan (Canning, 2013; Cookson, Skarda, Cotton-

Barratt, Adler, Asaria, and Ord, 2020), our findings suggest that improving the health

state of an individual in a lower socioeconomic group to a similar level as individuals

in a higher socioeconomic group, increases lifetime utility. That is, the individual

enjoys better health each year alive and has a longer life expectancy (Lubitz, Cai,

Kramarow, and Lentzner, 2003b). Moreover, the health improvement has only lim-

ited and insignificant effects on lifetime healthcare expenditures as the additional

expenditures associated with a longer lifespan, at least to some degree, counterbal-

ance the immediate savings caused by better health. Consequently, the financial

burden of healthcare expenditures shifts into the future, which might have significant

policy-relevant implications for healthcare systems.

The remainder of the paper proceeds as follows. Section 3.2 describes the Danish

healthcare system, the data used for estimation in this paper, and the socioeconomic

measured used throughout the paper. The estimation method is described in Sec-

tion 3.3 and Section 3.4 reports our results. Section 3.5 provides a discussion of our

findings and hereafter Section 3.6 concludes the paper.

3.2 Data

3.2.1 The Danish Healthcare System

The Danish healthcare system can be characterized as a Beveridgian model (Bhat-

tacharya, Hyde, and Tu, 2013). Citizenship enables free and equal access to universal

health insurance, including high quality services such as in- and outpatient somatic

and psychiatric care, emergency care, primary care practitioners, specialist practi-

tioners, home care, home nurses, nursing homes for the elderly, and high subsidies

for prescription drugs (Ministry of Health, 2017).

Taxes primarily finance health expenditures, and in 2012 Denmark spent 10.2

percent of its GDP on healthcare (WHO, 2020a). This is higher than the OECD average

of 8.9 percent (Ministry of Health, 2017) but lower than the 17 percent in the United
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States (OECD, 2014b). To manage expenditures, primary care practitioners serve as

gatekeepers, and patients need a referral to access hospital and specialist treatment

(Olejaz, Juul Nielsen, Rudkjøbing, Okkels Birk, Krasnik, and Hernández-Quevedo,

2012). Prescription drugs, dental care, physiotherapist, and psychological services

are subject to limited out-of-pocket payments (Olejaz et al., 2012), which amounted

to only 14% of all healthcare expenditures in Denmark. This is lower than the EU

average of 16% (OECD, 2019). Further details about the Danish healthcare system

can be found in Appendix C.1.1.

3.2.2 Danish Register Data

We use a detailed population-wide administrative register-based dataset for the

year 2012 for all individuals above the age of 30, combining data from Statistics

Denmark and the Danish Health Data Authority using anonymized keys. Independent

researchers who receive approval from a Danish university or research institution

can apply for data-access via Statistics Denmark. Statistics Denmark provides yearly

information on age, gender, income, wealth, and year of death. Health information

is drawn from four different registers. A unique feature of our study is our access to

daily expenditure information at the individual level on hospital admission, visits to

the primary healthcare sector, all purchases of prescription drugs, and elderly care.

The Diagnosis-Related Group (DRG) National Patient Registry provides daily ex-

penditure data on individual in- and outpatient treatments in all Danish hospitals for

somatic and psychiatric patients (Schmidt, Schmidt, Sandegaard, Ehrenstein, Peder-

sen, and Sørensen, 2015; Sundhedsdatastyrelsen, 2019). Second, the National Health

Insurance Service Registry contains the reimbursed amount for all services provided

to patients by primary care physicians, practicing medical specialists, physiother-

apists, psychologists, and chiropractors (Andersen, de Fine Olivarius, and Krasnik,

2011a), covered by universal health insurance. Third, the Register of Medicinal Prod-

uct Statistics provides daily information on the reimbursed amount of all prescription

drugs sold (Kildemoes, Sørensen, and Hallas, 2011). Lastly, Statistics Denmark sup-

plies data on elderly care. We follow the approach in Christensen et al. (2016) and

distribute national expenditures to home carers and home nurses, respectively, ac-

cording to minutes serviced to the individual. Similarly, national nursing home expen-

ditures are distributed by residential status. Due to the level of detail and complexity

of our data, each health register is discussed in Appendix C.1.2. For our analysis, we

aggregate all cost components into annual amounts and, for clarity, simply refer to

all types of expenditures as healthcare expenditures.

Appendix C.1.3 provides summary statistics for the entire dataset and each of the

socioeconomic groups detailed in Section 3.2.3. Lower socioeconomic groups are

less affluent and spend more on each type of healthcare expenditure on average, as

found in existing literature (Cookson et al., 2016; Christensen et al., 2016).
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3.2.3 Socioeconomic Measures

To partition individuals into socioeconomic groups, we use the affluence measure

by Cairns et al. (2019), which is especially suitable for our dataset (Kallestrup-Lamb,

Kjærgaard, and Rosenskjold, 2020; Cairns et al., 2019). The measure considers both

wealth, tangible assets, and income, intangible human capital. Including both in-

come and wealth is important since both variables are likely to proxy adherence

to a socioeconomic group, that is, an individual can have either high income, high

wealth, or both. Further, as income and wealth correlate with healthcare expenditures

separately (Fahle, McGarry, and Skinner, 2016), considering both are essential for

our analysis of socioeconomic differences in healthcare expenditures. The affluence

measure, Ai ,x,t , combines K times lagged income for individual i aged x −1 in year

t −1, Ii ,x−1,t−1, with lagged wealth, Wi ,x−1,t−1, for every individual in the dataset

Ai ,x,t = K · Ii ,x−1,t−1 +Wi ,x−1,t−1 . (3.1)

As income and wealth might be missing in the year of death, using lagged values of

income and wealth is advantageous. The affluence measure is robust to values of K

between 10 and 20, and we follow Cairns et al. (2019) and set K equal to 15. K can be

thought of as a capitalization factor used to approximate the present value of future

retirement income. Further, the factor balances the size of income and wealth.

We use a gender-specific allocation procedure to assign each individual in each

year and age into one of five equally-sized socioeconomic groups based on the

individual’s ranking in the affluence measure. Thus, by each age, year, and gender,

the 20 percent least affluent enter socioeconomic group 1 (SEG1), the second-lowest

20 percent enter the second-lowest group (SEG2), and so on until the 20 percent

most affluent enter socioeconomic group 5 (SEG5). A feature of the Cairns et al.

(2019) affluence measure is that individuals may change socioeconomic groups

over time which ensures similar cohort sizes across age unlike, e.g., education. As

seen in Appendix C.1.4, around 70 percent of the population remained within the

same socioeconomic group between 2011 and 2012 and approximately 25 percent

switch to an adjacent group. Hence, the measure is relatively stable. At retirement,

there is limited variation in income, thus, we fix the socioeconomic group in that

year as suggested by Cairns et al. (2019). In contrast to this socioeconomic measure,

Asaria et al. (2016) use a deprivation index that assigns all individuals in a large

neighborhood of an average size of 1,500 to the same socioeconomic group.

We recognize that other measures of socioeconomic status such as education,

occupational status, income, wealth, and combinations thereof have been suggested

(Goldman et al., 2018; Kreiner et al., 2018; Fernald, Kariger, Hidrobo, and Gertler, 2012;

Frederick et al., 2014; Mackenbach, Valverde, Artnik, Bopp, Brønnum-Hansen, De-

boosere, Kalediene, Kovács, Leinsalu, Martikainen, et al., 2018; Steptoe and Zaninotto,

2020) and perform a robustness check of our results using educational attainment as

a socioeconomic measure. Appendix C.1.5 defines educational measures.
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3.3 Method

3.3.1 Lifetime Healthcare Expenditure Estimate

Calculating the average of healthcare expenditures, HCEx,s,g , by gender, g , socioeco-

nomic group, s, and cost component at each age, x, from 30 to 100+ can be done in

multiple ways. A natural approach would be to divide the sum of healthcare expendi-

tures by the sample size for each age, socioeconomic group, and gender combination.

However, this results in a wildly fluctuating age-distribution even at adjacent ages,

particularly pronounced at higher ages where fewer individuals are alive. To reduce

this noisiness, we use a smoothing spline (Reinsch, 1967), outlined in Appendix C.2.1,

to calculate the age-distribution of average healthcare expenditures as in Ellis and

Albert Ma (2011). Smoothing splines use information from adjacent ages to reduce

the noise and rugged shape of the age-distribution. Consequently, the estimated

average healthcare expenditures become more similar at ages close to each other

and better approximate the underlying distribution. Thereby we avoid unrealistic

erratic healthcare expenditure patterns that would inadvertently affect the lifetime

healthcare expenditure estimates.

Adding up the average healthcare expenditures, HCEx,s,g , consumed by a gender

and socioeconomic specific representative individual from the minimum age, xmi n ,

to death, d , defines the cumulative healthcare expenditures, HCEcum
d ,s,g , spent across a

lifetime conditional on the age of death

HCEcum
d ,s,g ≡

d∑
x=xmi n

HCEx,s,g . (3.2)

The amount HCEcum
d ,s,g varies by age of death, d . The percentage of individuals that

die at age d survive all ages from xmi n to age d −1 and is calculated as

mortd ,s,g = P
(
die at age d | survive ages xmi n to d −1

)
= Dd ,s,g

d−1∏
x=xmi n

(
1−Dx,s,g

)
,

(3.3)

where Dx,s,g is the age-, gender-, and socioeconomic group-specific mortality rates

calculated as the number of deaths divided by the number of individuals who are at

risk of dying (Pitacco, Denuit, Haberman, and Olivieri, 2009). At the minimum age,

we set mortxmi n ,s,g to Dxmi n ,s,g since we assume that everyone is alive prior to the

minimum age. At the maximum age, xmax , we superimpose that everyone is diseased

and set mortxmax ,s,g to 1−∑xmax−1
x=xmi n

mortx,s,g .

Mean lifetime healthcare expenditures, LHEs,g , are estimated by gender and

socioeconomic group using a similar method as Asaria et al. (2016) that weight cumu-

lative healthcare expenditures from equation (3.2) by the percentage of individuals
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that die at each age calculated in equation (C.3)

LHEs,g =
xmax∑

x=xmi n

mortx,s,g ·HCEcum
x,s,g . (3.4)

The estimate of lifetime healthcare expenditure in (C.4) is asymptotically equivalent

to the simulation based approach first applied to estimate lifetime healthcare expen-

ditures in Alemayehu and Warner (2004). Instead of simulating stochastic healthcare

expenditures and mortality paths for a large number of individuals, we simply calcu-

late the mean of lifetime expenditures using discrete expectations, which is feasible

in large datasets. The Asaria et al. (2016)-method has the advantage that it does not

require distributional assumptions and has low computational costs. Further, we

suggest how extensions of lifetime healthcare expenditure estimates can encompass

features such as concentration of healthcare expenditures towards end-of-life (Se-

shamani and Gray, 2004; Howdon and Rice, 2018) and mortality rates that change

over time (Li and Lee, 2005). A detailed description of the method, including these

expansions, can be found in Appendix C.2.1.

Comparing mean lifetime healthcare expenditures in equation (C.4) across so-

cioeconomic groups uncovers whether differences are quantitatively meaningful.

Yet, to assess if these differences arise from sampling errors, rigorous statistical tests

are needed. As the first in the literature, we suggest testing whether socioeconomic

groups use the same mean lifetime healthcare expenditures by applying the two-

sided Welch t-test of equal means (Welch, 1947). This test has the attractive feature,

compared to the Student’s t-test (Student, 1908), that it allows for tests of means

estimated from separate samples. This is particularly relevant when using data from

distinct socioeconomic groups. We set up the standard Welch test, which divides the

differences in mean lifetime healthcare expenditures in socioeconomic groups s1

and s2 by the square root of its variance

tW = LHEs1,g −LHEs2,g√
V ar

(
LHEs1,g

)
+V ar

(
LHEs2,g

) .
(3.5)

As mean lifetime healthcare expenditures are estimated using separate samples,

the covariance between mean lifetime healthcare expenditures in socioeconomic

groups s1 and s2 are assumed to be zero and hence does not appear in the denomi-

nator of equation (3.5). This is one of the key features that sets the Welch test apart

from other tests. Our data confirms that mean lifetime healthcare expenditures are

unrelated across socioeconomic groups as the covariance of healthcare expenditures

between individuals in different socioeconomic groups is zero up to the eighth deci-

mal, see Appendix C.2.2. Evidently, from equation (C.4), calculating mean lifetime

healthcare expenditures involves the sum of products where each constituent in

itself is either a sum or product of other terms. Consequently, deriving the variance
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of lifetime healthcare expenditures, V ar
(
LHEs,g

)
, is complicated and involves non-

standard variance and covariance calculation rules. We derive the variance of mean

lifetime healthcare expenditures in Appendix C.2.2. The usefulness of testing lifetime

differences stretches to other research questions, e.g., whether smoking significantly

reduces lifetime medical expenditures (Yang, Dall, Zhang, Zhang, Arday, Dorn, and

Jain, 2012), which are typically evaluated by comparing numerical values.

3.4 Results

Mean hospital expenditures and elderly care expenditures by age, gender, and
socioeconomic group

Figure 3.1: Average hospital expenditures and average elderly care by age for males and females
in the lowest (SEG1) and highest (SEG5) socioeconomic groups. Smoothed distribution of in-
and outpatient hospital expenditures (blue on the left axis) and elderly care defined as home
care, home nurses, and nursing home expenditures (orange on the right axis) for men (dotted)
and women (solid) in the lowest and highest socioeconomic group.

We start by analyzing socioeconomic differences in the largest annual healthcare

expenditure component, total hospital expenditures, in the age-dimension for both

males and females in Figure 3.1. We define total hospital expenditures as inpatient

plus outpatient expenditures. As commonly found (Epstein, Stern, and Weissman,

1990; Wammes, van der Wees, Tanke, Westert, and Jeurissen, 2018), men (blue dotted

line) generally use more healthcare expenditures than women (blue solid line) in

hospitals. Average hospital expenditures increase with age for both genders and peak

around age 75 for the lowest socioeconomic group (SEG1) and ten years later for

the highest socioeconomic group (SEG5). Hereafter, hospital expenditures decline

again. We confirm the negative social gradient from age 30 to 80, where the lowest

socioeconomic group spends most in hospitals. However, from age 80 to 100+ we
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document a novel positive gradient where the most affluent group has the highest

expenditures, suggesting a survivorship bias as only the healthiest individuals in the

lowest socioeconomic group survive into older ages. Alternatively, socioeconomic

groups substitute hospital and elderly care differently at older ages. Unlike existing

literature, our rich data allows us to uncover this gradient as we can estimate age-

specific average hospital expenditures stretching all the way to age 100+. Compared

to Christensen et al. (2016), who use Danish register data to calculate average annual

healthcare expenditures for individuals above and below age 65, our hospital expen-

diture estimates are comparable. Individuals below age 65 spend on average $2,553

annually, while individuals above age 65 consume $5,416 in hospital expenditures

annually.

Turning to the second largest cost component; elderly care, defined as the sum

of home care, home nurses, and nursing homes, average healthcare expenditures

are shown in orange lines on the right axis of Figure 3.1. Women (solid line) spend

more than men (dotted line) at nearly all ages. From ages 30 to 70, average elderly

care expenditures are close to zero as only a small part of the population receives

elderly care. After age 70, average expenditures steadily increase to about $34,000

at age 100+. As reported by others (Hogan, Lunney, Gabel, and Lynn, 2001; Saito,

Aida, Kondo, Saito, Kato, Ota, Amemiya, and Kondo, 2019), lower socioeconomic

groups generally have higher elderly care expenditures from age 70 to 100+, which

is particularly true for men. Additional analysis in Appendix C.3.1 displays similar

overall negative gradients in total healthcare expenditures, expenditures to nursing

homes, home care plus home nurses, and prescription drugs. Meanwhile, we find a

reverse positive gradient around ages 80 to 100+ where the highest socioeconomic

group spends the most on primary care physician services, and in- and outpatient

hospital care separately. Christensen et al. (2016) find average annual elderly care

expenditures of size $3,505 for individuals above age 65, which is challenging to

compare to Figure 3.1. However, calculating average annual elderly care expenditures

for everyone above age 65, our average elderly care expenditures vary by less than

$100, and hereby offers support for the size of our estimates.

Based on equation (3.2), the red lines on the right axis of Figure 3.2 illustrate

the cumulative total healthcare expenditures used by a representative male across

a lifetime. Males in the lowest socioeconomic group have the highest cumulative

expenditures by each age of death. On the left axis of Figure 3.2, we highlight the

socioeconomic mortality gradient by calculating, from equation (C.3), the percentage

of individuals within a socioeconomic group that die at each age. A larger percent-

age of men in the lowest socioeconomic group (solid grey line) die prior to age 80.

Conversely, the solid black line shows that a larger percentage of the highest socioe-

conomic group die between age 80 and 100+. We find a similar negative gradient for

females, see Appendix C.3.2.

Figure 3.3 illustrates the mortality weighted extension of the cumulative average
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Percentage of deaths and cumulative healthcare expenditures across a lifetime
for males

Figure 3.2: Percentage of male deaths by age (left axis). Cumulative healthcare expenditures by
age (right axis). The percentage of males that die at each age from 30 to 100 (grey on the left
axis) for all males, males in the lowest socioeconomic group (SEG1), and males in the highest
socioeconomic group (SEG5). The right axis (red) shows cumulative healthcare expenditures
from age 30 to age of death in the lowest and highest socioeconomic group.

healthcare expenditures in Figure 3.2, that is, mean lifetime healthcare expenditures

by cost component estimated as in equation (C.4). For now, we ignore socioeconomic

mortality differences by using the same population wide mortality rates depicted

by the dotted grey line in Figure 3.2. A clear negative gradient arises in lifetime

healthcare expenditures, as previously confirmed for annual healthcare expenditures

in the literature (Cookson et al., 2016; Christensen et al., 2016). Failing to account

for the mortality differences gives rise to a social gradient in lifetime healthcare

expenditures. Thus, we find that the socioeconomic gradient in average annual

healthcare expenditures in Figure 3.1 extends to the lifetime perspective, and males

in the lowest socioeconomic group spend 32 percent more on healthcare in a lifetime

perspective compared to the highest group. For females, the difference is 56 percent.

For our main results, we consider the healthcare expenditure gradient and the

longevity gradient simultaneously. Estimating mean total lifetime healthcare expen-

ditures using the entire array of healthcare expenditures, socioeconomic mortality

differences wipe out the social gradient in healthcare expenditures shown by a flat life-

time healthcare expenditure relationship in Figure 3.4. This relationship sharply con-

trasts the findings of a steep gradient in the average healthcare expenditures in Figure

3.1, the cumulative healthcare expenditures in Figure 3.2, and the lifetime healthcare

expenditures in Figure 3.3. As seen in Figure 3.4, men in the lowest socioeconomic

group spend on average $268,000[SD,$26,600] on healthcare across a lifetime, while
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Lifetime healthcare expenditures using gender-specific mortality rates

Figure 3.3: Lifetime healthcare expenditures by cost components, gender, and socioeconomic
group using gender-specific mortality rates.

men in the highest socioeconomic group spend $254,000[SD,$19,800]. Meanwhile,

females in the lowest and highest socioeconomic groups spend $352,000[SD,$25,100]

and $328,000[SD,$19,100], respectively. The size of our estimates is conformable with

existing estimates of lifetime healthcare expenditures (Alemayehu and Warner, 2004;

Wong et al., 2017) despite the challenges in comparing healthcare systems, see Ap-

pendix C.3.3. Comparing the results in Figures 3.3 and 3.4, socioeconomic differences

in lifetime expenditures decreases from 32 percent to five percent for males and from

56 percent to eight percent for females. The gradient decreases since mortality differ-

ences induce individuals in the lowest socioeconomic group to consume healthcare

expenditures for fewer years than individuals in the highest socioeconomic group

on average. An eight or five percent difference may still be considered quantitatively

meaningful.

To rigorously test whether lifetime healthcare expenditures indeed differ across

socioeconomic groups, we apply the Welch test of equal means (Welch, 1947) from

equation (3.5). With a sample size of more than 338,000 individuals in each socioe-

conomic group, we fail to reject the null of identical mean total lifetime healthcare

expenditures across socioeconomic groups when we account for socioeconomic

mortality differences. Readers can find test results in Appendix C.3.4. However, when

we ignore the mortality differences and use the same overall mortality rate for all men

and all women as in Figure 3.3, we reject the null of equal total lifetime healthcare

expenditures, see Appendix C.3.5.

Performing this test solely for inpatient lifetime hospital expenditures, we confirm

the results in Asaria et al. (2016) and find significant differences in lifetime inpatient

hospital expenditures (95% CI, $6,395 to $38,085 for women, and 95% CI $1,922
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Lifetime healthcare expenditures using gender- and socioeconomic group-
specific mortality rates

Figure 3.4: Lifetime healthcare expenditures by cost components, gender, and socioeconomic
group using gender and socioeconomic group specific mortality rates.

to $43,160 for men) where the lowest socioeconomic groups spend the most, see

Appendix C.3.4 for test statistics. Additionally, Appendix C.3.4 find significant socioe-

conomic differences in lifetime prescription drug expenditures for women (95% CI

$4,766 to $12,928), and for men, socioeconomic differences in primary care physician

expenditures are significant (95% CI $-7,747 to $-877). Other types of healthcare

expenditures such as nursing homes and home care plus home nurses care expendi-

tures display large quantitative differences in lifetime healthcare expenditures across

socioeconomic groups. Yet, since the variances of these types of lifetime healthcare

expenditures are considerable, socioeconomic differences remain insignificant in

Welch tests, see Appendix C.3.4.

3.4.1 Robustness Estimates

To contest our results, we perform a number of sensitivity analyses. First, to resemble

the methodology in the paper most similar to ours (Asaria et al., 2016), we lower the

top coded age from 100 to 90 and estimate lifetime healthcare expenditures. The gap

in lifetime healthcare expenditures between the highest and lowest socioeconomic

groups increases by seven percentage points and thereby illustrates the importance of

accounting for socioeconomic differences in healthcare expenditures and mortality

from age 90 to 100. Hence, setting a low top-coded age inflates the socioeconomic

gradient in lifetime healthcare expenditures. Appendix C.4.1 delivers this analysis.

Second, an extensive literature shows that proximity to death determines health-

care expenditures to a larger degree than age (Seshamani and Gray, 2004; Moore,

Bennett, and Normand, 2017a; Howdon and Rice, 2018). Thus, any socioeconomic
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differences in healthcare expenditure patterns around death could affect our results.

As a robustness check, we allow for higher healthcare expenditures in the last three

years of life (French et al., 2021; French, McCauley, Aragon, Bakx, Chalkley, Chen,

Christensen, Chuang, Côté-Sergent, and De Nardi, 2017). From age 30 until three

years before death, individuals consume the average healthcare expenditures of in-

dividuals alive in 2012. In the last three years of life, individuals use the average of

healthcare expenditures spent in 2010, 2011, and 2012 for individuals who died in

2012. Note that this differ from our main estimates where we do not differentiate

between survivors and deceased when we calculate average annual healthcare ex-

penditures. All expenditures vary by age, socioeconomic group, gender, and type of

healthcare expenditures. Accounting for higher end-of-life expenditures increases

our lifetime healthcare expenditure estimates by around 13 percent. However, the

differences between socioeconomic groups remain unchanged, which confirms our

finding in Figure 3.4. Appendix C.4.2 gives a detailed description, visual illustration,

and lifetime estimates using end-of-life expenditures.

Third, to assess the impact of our choice of socioeconomic measure on our find-

ings, we use educational attainment to measure socioeconomic status (Hurd et al.,

2017; Mackenbach et al., 2018). The four education groups defined in ISCED codes

(UNESCO Institute for Statistics, 2012) are: basic education, short, medium, and long

higher education. Generally, using education as a socioeconomic measure raises

concerns about cohort-effects, i.e., the fraction of the population with a given level

of education changes over time. Comparing education- and affluence-based socioe-

conomic groups, the percentage of each affluence-based group with a given level of

education fluctuate over cohorts. Despite these fluctuations, the highest affluence-

based group has the highest percent of higher educations and the least of basic

education by cohorts. The reverse holds for the lowest affluence group, see Appendix

C.1.5. The four education groups consume almost identical lifetime healthcare expen-

ditures, and all socioeconomic differences in total lifetime healthcare expenditures

remain statistically insignificant, see Appendix C.4.3, which confirms our results in

Figure 3.4.

3.5 Discussion

Like the majority of the existing literature (Asaria et al., 2016; Alemayehu and Warner,

2004), our estimates of lifetime healthcare expenditures assume static patterns of

healthcare consumption, longevity, and morbidity. Below, we discuss the effect of

these three assumptions on lifetime healthcare expenditures.

Average healthcare expenditures are not constant but increase over time (Meara,

White, and Cutler, 2004; Hartman, Catlin, Lassman, Cylus, and Heffler, 2007) due

to, e.g., medical innovations (Chandra and Skinner, 2012). (Dickman, Woolhandler,

Bor, McCormick, Bor, and Himmelstein, 2016) showed that Americans in all income
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quintiles had steady, but different, growth rates in per capita medical expenditures

from 1963 to 2011. Since 2004, the age and health adjusted expenditure differences

between the highest and lowest income quintile increased from zero difference to

$1,743. Meanwhile, evidence from the EU find very limited growth in age-specific

average healthcare expenditures (Williams, Cylus, Roubal, Ong, Barber, Organiza-

tion, et al., 2019). Healthcare expenditure increases suggest that individuals who

survive from age 30 and onward consume a socioeconomic-specific higher amount

of average healthcare expenditures in each subsequent year alive. If this is the case,

our analysis likely underestimates future lifetime healthcare expenditures. For future

work, we propose to capture these changes and their effect on lifetime healthcare

expenditures by using a predictive model that allows socioeconomic specific changes

in the age-distribution of average healthcare expenditures. Alternatively, historical

socioeconomic variations in lifetime healthcare expenditures could be estimated

using long panels capturing cohort effects as suggested in the lifecycle consump-

tion literature (Deaton, 2019, Chapter 6). Unfortunately, our full panel of healthcare

expenditure data stretches to three years at most, which is unsatisfactory for both

forecasting healthcare expenditures and historical analyses.

When forecasting healthcare expenditures, changing morbidity patterns can influ-

ence healthcare expenditure trends. In particular, populations tend to age with better

health and live fewer years with morbidities than previous generations – the so-called

compression of morbidity (Fries, 1983; Fries, Bruce, and Chakravarty, 2011). Evidence

suggests that the intensity of healthcare usage decreases for the young, but increases

for the oldest (Wong, Wouterse, Slobbe, Boshuizen, and Polder, 2012), and the less

affluent age faster (Steptoe and Zaninotto, 2020). At death, a higher number of mor-

bidities are observed, particularly within the lowest socioeconomic groups (Rosella,

Kornas, Huang, Bornbaum, Henry, and Wodchis, 2018) and, over time, healthcare

expenditures have increased in the last years of life (Gregersen, 2014). These changes

suggest that the age-distribution of average healthcare expenditures in Figure 3.1

shifts right over time which potentially could affect lifetime healthcare expenditure

estimates in both directions. However, estimation of these effects remains for future

research.

Changes in morbidity patterns affect not only healthcare expenditures but also

life span equality (Aburto, Villavicencio, Basellini, Kjærgaard, and Vaupel, 2020),

longevity, and mortality rates (Mortensen, Rehnberg, Dahl, Diderichsen, Elstad, Mar-

tikainen, Rehkopf, Tarkiainen, and Fritzell, 2016; Mackenbach et al., 2018) which

have improved historically. Disease-specific technological innovations, for example,

have had different mortality effects across the socioeconomic distribution (Dahl,

Kreiner, Nielsen, and Serena, 2021). Failing to capture mortality improvements im-

plies that individuals consume healthcare expenditures for too few years which could

underestimate lifetime healthcare expenditures. To investigate the effect of assuming

static mortality rates, we estimate lifetime healthcare expenditures using forecasted
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mortality rates, capturing the unique longevity trends of each socioeconomic group

(Ergemen, Bergeron-Boucher, Oeppen, and Kallestrup-Lamb, 2020). We use the com-

mon multipopulation Li-Lee mortality model (Li and Lee, 2005) and let survivors

face a new forecasted mortality rate in each subsequent year alive, which increases

lifetime healthcare expenditures by around 45 percent. Despite the uncertainty aris-

ing from forecasting mortality 70 years into the future, this exercise suggests that

longevity changes have large effects on lifetime healthcare expenditure estimates. The

analysis can be found in Appendix C.4.4. However, our data limits average healthcare

expenditures to remain constant at the 2012 level, meaning that any simultaneous

trends in average healthcare expenditures and longevity, due to, for example, underly-

ing morbidity patterns, are omitted. To capture the joint effects of morbidity patterns,

healthcare expenditure changes, and longevity trends on lifetime healthcare expendi-

tures, we suggest that future research forecast both average healthcare expenditures

and mortality with a simultaneous model that includes socioeconomic differences.

We, however, note that this added complexity requires future healthcare expenditures

to be discounted by intertemporal preferences suggesting that lifetime healthcare

expenditure estimates might remain unchanged.

Lifetime healthcare expenditures can be estimated using a myriad of methods

depending on which assumptions best serve the analysts’ research question. Our

main approach to estimating lifetime healthcare expenditures is simplistic compared

to other approaches (Lubitz et al., 2003b; Hurd et al., 2017). Specifically, we remain

agnostic to intertemporal individual-level healthcare expenditure dynamics. To inves-

tigate the effect of the estimation method on our findings we implement the complex

Wong et al. (2017) method to estimate lifetime healthcare expenditures. The method

uses a K-nearest neighbors approach to piece together lifetime histories of healthcare

expenditures. At each age, a simulated individual draws the level of healthcare expen-

ditures and the mortality indicator from the individual in the dataset in the following

age which is most similar in terms of healthcare expenditure history. This creates

a flexible dependence structure in the healthcare expenditure history. We refer to

Appendix C.2.3 and Wong et al. (2017) for details on the method. The size of the total

lifetime healthcare expenditure estimates change and drop by around $74,000 for

males and $107,000 for females, that is, a 30% decline, see Appendix C.4.5. Hence,

the choice of methodology largely affect the level of lifetime healthcare expenditures.

Meanwhile, using bootstrapped standard errors, we still cannot reject that mean total

lifetime healthcare expenditures are equal between any two socioeconomic groups

for males and females, respectively. With a p-value of 1.1%, solely the difference in

total lifetime healthcare expenditures between females in the highest and lowest

socioeconomic groups could be considered significant if a 5% significance level is

maintained. However, this could be considered a false discovery due to multiple

testing (Bonferroni, 1936).

The within-group variation in lifetime healthcare expenditures, estimated as the
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variance of lifetime healthcare expenditures in Appendix C.3.6, varies by socioeco-

nomic group, and suggest further within group heterogeneity in lifetime healthcare

expenditures. Supporting this notion, Arendt (2012) find the least healthcare utiliza-

tion among the 3 percent of the Danish population with lowest incomes suggesting

a corresponding low level of average healthcare expenditures. If life expectancy for

this group is low, this group likely have lifetime healthcare expenditures as low as or

lower than the highest socioeconomic groups. With a limited sample sizes in such

subgroups, these question could be challenging to answer and researchers would

have to rely on stricter assumptions in pursuit of additional heterogeneity in lifetime

healthcare expenditures.

3.6 Conclusion

This paper estimates lifetime healthcare expenditures across five socioeconomic

groups using uniquely detailed population-wide Danish register data. From age 30 to

death, females in the lowest and highest socioeconomic groups spend, on average,

$352,000 and $328,000 on healthcare, respectively, while males spend $286,000 and

$254,000.

As our main contribution, we show that there are only small and insignificant

differences in lifetime healthcare expenditures across socioeconomic groups, con-

trary to existing findings. Socioeconomic differences in average annual healthcare

expenditures exist across the age dimension, but once we account for a full array of

healthcare expenditures and the longer average lifespan of individuals in the highest

socioeconomic groups, the gradient becomes small. By cost component, socioeco-

nomic groups have different annual and lifetime healthcare expenditures, which

characterizes the unique health challenges facing each socioeconomic group. The

lowest socioeconomic group, for example, spends most on in- and outpatient hospital

care, while the highest socioeconomic group spends most on elderly care.

Disappointingly, the cross-sectional social health and longevity gradients per-

sist even in a universal healthcare system such as the Danish despite the fact that

all socioeconomic groups have equal access. Policymakers aiming for equality in

health should be mindful of the simultaneous effects that health policies can have

on healthcare expenditures and longevity. When the health level of a lower socioeco-

nomic group improves, average healthcare expenditures and mortality rates decline

to resemble those of more affluent groups. Since all socioeconomic groups have the

same level of lifetime healthcare expenditures, lifetime expenditures could remain

unchanged. Meanwhile, the lifetime utility of the socioeconomic group would likely

improve as better health increases life expectancy (Lubitz et al., 2003b) and correlates

positively with wellbeing (Steptoe and Fancourt, 2019; Steptoe and Wardle, 2017).

If healthcare expenditures are postponed to older ages due to health improve-

ments, the timing of the financial burden of healthcare changes. Future national
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healthcare expenditures increase, and current expenditures decline. Moreover, better

health likely reduces the number of sick days for workers and increase their pro-

ductivity (Luft, 1975; Bartel and Taubman, 1979) such that labor market incomes

increases and generate additional tax revenues. Jointly, the lower current healthcare

expenditure and higher tax revenues offer policy-relevant suggestions for how the

costs of health interventions could be financed.
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Appendix

C.1 Data

C.1.1 The Danish Healthcare System

The Danish welfare system is often referred to as a Scandinavian welfare model Min-

istry of Health (2017) and can be characterized as a Beveridgian model Bhattacharya

et al. (2013). Every citizen is covered by universal health insurance with free and equal

access, and patients report high satisfaction as in other developed countries Papani-

colas and Smith (2013). Healthcare services are of high quality and primarily financed

through taxes. In 2014 €25.7 billion were spent on healthcare in Denmark, whereof

€23.2 billion were publicly financed, and the remaining €2.5 billion were privately

spent via co-payments on services and goods such as drugs, food services for the el-

derly Ministry of Health (2017), dental care, spectral, physiotherapists, chiropractors,

psychologists, and psychological services Olejaz et al. (2012). Even though the Danish

healthcare system is universal, it is more cost-effective than its US counterpart OECD

(2014b,a).

The responsibility for healthcare is organized at three levels. The state has the

overall regulatory and supervisory responsibility for health- and elderly care. The

five administrative regions in Denmark hold the primary responsibility for the GPs,

specialists in private practice, psychiatric care, hospitals, emergency care, and facil-

ities for the disabled. The responsibilities of the 98 municipalities include primary

healthcare services and elderly care Ministry of Health (2017).

To insure against such statutory co-payments, 40 percent of Danes held a comple-

mentary health insurance in 2012 (Danmark, 2012). Despite the insurance coverage,

private voluntary health insurance costs only accounted for 0.2 percent of GDP (WHO,

2020b; OECD.Stat, 2020). In other European countries, health insurance rates are

typically higher among high affluence groups (Adler and Newman, 2002; Kaestner

and Lubotsky, 2016).

C.1.2 Danish Register Data

We link individual-level Danish register data from Statistics Denmark and the Danish

Health Data Authority for the entire Danish population using anonymized keys. Infor-

mation on age, year, gender, marital status, income, wealth, and year of death comes

from Statistics Denmark, and health information on individual-level expenditures in

hospitals, primary care, prescription drugs, and long-term care is from the following

health registers.

Health data stems from four different registers and covers the vast majority of

healthcare expenditures in Denmark in the years 2010, 2011, and 2012. Note that only

year 2012 is used for the main results, while all three years are used in robustness
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estimates of lifetime healthcare expenditures. The registers are:

DRG grouped National Patient Registry: Hospital treatments:

The DRG grouped National Patient Registry delivers daily data on admission and

outpatient hospital treatments for somatic and psychiatric diagnoses. Information

on ICD-8 and -10 disease classification codes, types of treatment, and operations

performed comes with admission dates and discharge dates. Outpatient treatments

are grouped according to the Danish Ambulatory Grouping System, DAGS.

A detailed scheme calculates expenditures for services provided. Expenditures

are based on diagnoses, activities, and expenditures in hospitals and wards. This

includes variable costs and some fixed costs. However, expenditures such as hospital

depreciation are excluded Sundhedsdatastyrelsen (2019).

SSR: Primary health care:

The National Health Insurance Service Registry has information on the publicly

insured or subsidized use of general practitioners, practicing medical specialists,

physiotherapists, dentists, psychologists, chiropractors, and chiropodists on a daily

basis Andersen, Olivarius, and Krasnik (2011b). The size of the government subsidy is

available.

LSR: Expenses on medicine use:

The Register of Medicinal Product Statistics has monthly information on prescription

drugs sold in pharmacies Kildemoes et al. (2011), which accounts for about 80% of

pharmacies’ turnover Christensen et al. (2016). Neither pharmacies’ sales of drugs to

hospitals nor individual drug use within hospitals can be allocated to the individual

user Kildemoes et al. (2011). However, since drugs are administered at the ward level,

hospital use of drugs is included in the DRG prices.

Elderly care:

The most fragile and ill elderly are offered a nursing home residency, while the elderly

who can take care of themselves and only need limited assistance live in residential

houses or their own homes. Statistics Denmark’s registers have individual-specific

information on whether individuals stay in nursing homes or residential homes in

a given year. This information is combined with aggregate national estimates of

expenditures to nursing homes and residential homes and estimated expenditures of

staying in nursing and residential homes.

Long-term care in the form of home care and home nurses is provided to the

individuals characterized by old age, mental illness, disability, and physical disease.

The municipal data contains detailed information on the type of service, personal or

practical, and time supplied for the individual on a daily basis. Services are provided

for the elderly in their own homes or residential homes. Personal care, for example,
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includes bathing, medicine administration, getting dressed, and getting out of bed.

Practical help includes, for example, cleaning, food preparation, and shopping. Since

practical help is not directly health-related in nature, these expenses are excluded.

The expenditures to long-term care are unavailable in the data. To estimate

these expenditures, we follow Christensen, Gørtz, and Kallestrup-Lamb Christensen

et al. (2016) and use total public expenditures to long-term care from the Danish

Economic Council Danish Economic Council (2009) as a benchmark for long-term

care expenditures in 2008 and let aggregate expenditures grow over time according

to the growth rates in the OECD Health Data.1 These expenditures are distributed at

the individual level according to minutes serviced. The OECD data is inaccurate in

levels and subjected to changes in ongoing work Christensen et al. (2016). Thus, the

level of long-term care expenditures is determined by the 2008 long-term care from

the Danish Economic Council Danish Economic Council (2009). Growth in prices

over time follows developments in the OECD data and quantity consumed from the

individual-level data from the municipalities.

C.1.3 Summary Statistics

Table C.1 shows the mean and standard deviation of selected variables using samples

of everyone, men, women, and each of the five socioeconomic groups. Total expendi-

ture is the sum of all expenditures to hospitals, primary care physicians, prescription

drugs, and elderly care. Hospital expenditures include expenditures on in- and out-

patient care, and elderly care accumulates expenditures on nursing homes, home

care, and home nurses.

Females spend more on healthcare than men overall. Elderly care is particularly

higher for women due to, for example, the longer average lifespan of females. The

longer lifespan is also reflected in females’ higher average age. Comparing healthcare

expenditures across socioeconomic groups reveals that the highest socioeconomic

group, SEG 5, spends less on healthcare than the lowest socioeconomic group, SEG 1.

This emphasizes the negative social gradient in healthcare expenditures. For elderly

care, the intermediate socioeconomic groups, SEG 2 and SEG 3, spend the most on

elderly care, and the highest group spends the least. Also, note that the standard

deviation of healthcare expenditures is larger for the lowest socioeconomic groups,

indicating that expenditures are more dispersed for these groups.

Average income and wealth are higher for men than women, and income and

wealth increase with the socioeconomic group, that follows from the definition of

the groups. The average age increases with the socioeconomic group since we lock

in socioeconomic groups at age 67, and at age 67, higher socioeconomic groups, on

average, have a longer life expectancy.

1OECD data categories HC3.1 and HC3.2 from https://www.oecd.org/els/health-systems/health-
data.htm are used.
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The group size of the high socioeconomic groups is slightly larger than for low

socioeconomic groups. Though evenly sized before age 67, the high socioeconomic

groups have a longer average lifespan. When we fix socioeconomic groups when

individuals turn 67, as described in Cairns et al. Cairns et al. (2019), the mortality

differences cause the relative size of cohorts in the highest socioeconomic group

to increase. Consequently, the size of the highest socioeconomic group has a larger

sample size, N .
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Table C.1: Summary Statistic

Summary Statistics
Men Women

All Female Male SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

Total Expenditures 5,385 5,912 4,831 5,878 5,682 4,667 4,220 3,989 6,739 6,402 5,775 5,544 5,340
(15,909) (16,181) (15,599) (17,826) (17,401) (15,264) (14,116) (13,271) (17,107) (16,890) (15,340) (15,578) (16,179)

Total Hospital Expenditure 3,315 3,402 3,223 4,114 3,801 3,034 2,742 2,612 4,104 3,761 3,251 3,060 2,970
(12,451) (12,017) (12,890) (15,488) (14,563) (12,159) (11,300) (10,603) (13,396) (12,813) (10,749) (10,958) (12,150)

Inpatient Hospital Expenditures 1,781 1,727 1,838 2,471 2,236 1,704 1,488 1,401 2,177 1,952 1,625 1,505 1,448
(9,487) (8,927) (10,040) (12,482) (11,648) (9,274) (8,508) (7,762) (9,966) (9,598) (7,481) (7,960) (9,516)

Outpatient Hospital Expenditures 1,533 1,675 1,385 1,642 1,565 1,330 1,254 1,211 1,927 1,809 1626 1555 1521
(6,221) (6,408) (6,015) (6,767) (6,403) (5,853) (5,638) (5,500) (7,028) (6,628) (6,201) (6,127) (6,127)

Doctor Expenditures 486 561 407 423 431 404 398 398 598 582 555 542 546
(662) (701) (608) (623) (658) (604) (581) (586) (740) (730) (691) (668) (682)

Medical Expenditure 450 493 405 519 505 372 332 321 639 573 471 416 389
(1,221) (1,193) (1,248) (1,367) (1,452) (1,242) (1,118) (1,045) (1,408) (1,302) (1,170) (1,034) (1,011)

Elderly Care 1,135 1,457 797 823 945 857 748 659 1,399 1,486 1,497 1,526 1,435
(8,263) (9,314) (6,975) (6,854) (7,400) (7,470) (6,864) (6,437) (9,009) (9,271) (9,334) (9,751) (9,371)

Nursing Home Expenditures 526 690 355 352 413 383 347 302 643 683 722 737 690
(4,465) (5,099) (3,675) (3,661) (3,958) (3,816) (3,631) (3,390) (4,926) (5,074) (5,215) (5,269) (5,100)

Home Care Expenditures 559 708 403 426 480 435 370 333 689 734 714 733 697
(5,439) (6,013) (4,758) (4,616) (5,013) (5,236) (4,622) (4,395) (5,899) (5,970) (5,906) (6,364) (6,033)

Home Nurse Expenditure 49 60 38 45 53 39 32 24 66 69 61 56 48
(460) (508) (403) (427) (477) (415) (377) (313) (527) (547) (519) (498) (451)

Income 341,339 297,096 387,853 189,300 266,219 326,559 407,548 737,791 171,618 236,719 277,734 327,296 468,581
(632,527) (323,694) (840,442) (116,060) (105,198) (120,984) (174,807) (1,788,627) (83,266) (73974) (94,648) (114,386) (655,300)

Wealth 745,780 657,620 838,466 227,375 364,450 544,168 806,896 2,208,452 246,613 311,838 446,355 631,003 1,622,750
(7,403,731) (4,774,632) (9,405,343) (531,692) (529,193) (687,233) (999,980) (2,0718,058) (611,259) (448,872) (559,836) (786,615) (10,433,181)

Male 0,49 0 1 1 1 1 1 1 0 0 0 0 0
(0,5) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)

Age 55 56 54 54 54 55 55 55 56 56 56 56 57
(15) (16) (15) (14) (14) (15) (15) (15) (15) (15) (16) (16) (16)

N 3,592,458 1,840,271 175,2187 338,192 341,880 345,972 350,031 355,205 360,826 359,283 362,519 367,673 373,603

Amounts are in 2012 dollars. Table shows mean values. Standard errors are in parentheses.
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C.1.4 Changing Socioeconomic Groups

Figure C.1 shows the percentage of individuals that change socioeconomic group

between 2011 and 2012 by age. Negative change refers to a move from a higher to a

lower socioeconomic group and positive changes refer to the reverse. Most individual

stay within the same socioeconomic group or change to an adjacent group. Larger

changes are more infrequent but do happen. Changes happen more often at lower

ages suggesting more volatile incomes and lower levels of wealth.

Figure C.1: The percentage of individuals that change socioeconomic groups between 2011
and 2012.

C.1.5 Education Group Definition

In robustness checks, we use educational attainment to determine socioeconomic

groups instead of the affluence-based socioeconomic groups Cairns et al. (2019)

used in the paper. We divide our sample into four socioeconomic groups based on

educational information from the Danish education registers described in Jensen

and Rasmussen Jensen and Rasmussen (2011). Using the international ISCED edu-

cation codes UNESCO (2012), the first group, basic, has ISCED level 3 or less, which

corresponds to high school or less than years of education as the highest educational

attainment. The second group includes individuals with practical vocational training,

voc, or theoretical short higher education, she, which requires between 14 and 15

years of education at ISCED 4 or ISCED 5 level. The third group has medium higher

education, mhe with 15 to 17 years of education at the ISCED 6 level. Lastly, with

17 or more years of education at ISCED 7 and ISCED 8, we define the long higher

education, lhe, group.



152

CHAPTER 3. LIFETIME HEALTHCARE EXPENDITURES ACROSS SOCIOECONOMIC GROUPS

IN THE DANISH POPULATION

We now discuss some of the advantages of using our affluence-based socioeco-

nomic status measure compared to education-based socioeconomic groups. First,

the affluence-based socioeconomic groups have a consistent sample size in the age

dimension, which increases the homogeneity of the socioeconomic groups for each

age, as opposed to education groups, where group sizes fluctuate wildly in the age

dimension, as shown in Figure C.2. Using education as a socioeconomic measure

hence inadvertently compares groups that are time-inconsistent, as discussed by

Bound and coauthors Bound, Geronimus, Rodriguez, and Waidmann (2015). Second,

our data only has educational information for individuals below age 90, whereas

the affluence measure runs to age 100+. This difference in maximum age proves

important as a gradient in lifetime healthcare expenditures increases when we set

the highest age to 90 using our affluence-based socioeconomic groups. This can be

seen by comparing Figure 4 in the paper and lifetime estimates top-coded at age 90

in Figure C.17. Lastly, for the older population, the educational measure lacks quality

and has many missing values, which excludes important observations.

C.1.5.1 Cohort Size for Education Groups

Figure C.2 shows the fraction of a cohort in 2012 that belongs to one of the four

education groups defined in section C.1.5. The graph illustrates the challenges with

education group homogeneity in the age dimension, namely, that the basic education

group is larger and more diverse for cohorts age 90 compared to the basic education

group at age 30. Similarly, more individuals at age 30 have a long higher education,

and since the group contains more individuals, the group is more heterogeneous than

the group of individuals with a long higher education at age 90. At age 90, the group

only includes the few individuals at the far tail of the socioeconomic distribution.

Hence, the distribution of socioeconomic status shifts across time/cohorts when

education measures socioeconomic status. Consequently, we end up comparing

parts of the population that are inconsistent across cohorts.

Figure C.2: Smoothed fraction of entire cohort in each of the four education groups in 2012 for
men (left) and women (right).
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C.1.5.2 Relationship Between Education and Affluence-based Socioeconomic
Groups

Figure C.3 show the percentage of individual in lowest (solid) and highest (dotted)

socioeconomic group that belong to the different educational groups by age for

females (left) and males (right). A higher percentage og individuals in the lowest

socioeconomic group have a basic level of education while long higher education (lhe)

and medium higher education (mhe) is more frequent in the highest socioeconomic

group, i.e., higher educational status correlate positively with higher affluence-based

socioeconomic status. In terms of vocational training and short higher education

(voc+she) the socioeconomic group with the highest percentage change across ages

which reflect cohort effect, among other things.

Figure C.3: Percentage of individuals within each educational group by age and socioeconomic
group for females (left) and males (right).

C.2 Method

C.2.1 Detailed Description of Statistical Method

To compare healthcare expenditures across socioeconomic groups, we calculate the

average of healthcare expenditures, HCEx,t ,s,g , by gender, g , socioeconomic group, s,

and cost component at each age, x, from 30 to 100+ in period t using a smoothing

spline Reinsch (1967); Ellis and Albert Ma (2011). Smoothing ensures that average

healthcare expenditures, HCEx,t ,s,g , become more similar at ages close to each other.

This feature becomes particularly attractive at extreme ages where sparse information

could otherwise result in unrealistic erratic healthcare expenditure patterns that

would inadvertently affect the lifetime healthcare expenditure estimates.

Average healthcare expenditures in Figure 1 are calculated to minimize the cri-

terion from Reinsch Reinsch (1967). We implement the default MATLAB 2018b fit

function with a smoothingspline which sets p to 0.99.
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p
Nt ,s,g∑
i=1

(
hcei xt −HCEx,t ,s,g

)2 + (
1−p

)∫ d 2HCEx,t ,s,g

d x2

2

d x . (C.1)

By means of the smoothing parameter, p ∈ [
0,1

]
, the spline balances the smoothness

of HCEx,t ,s,g in the second term of (C.1) against the fit of HCEx,t ,s,g to healthcare

expenditures in the data, hcei xt , for all Nt ,s,g individuals.

Adding up the average healthcare expenditures used by a representative indi-

vidual from the minimum age, xmi n , to the age of death, d , gives the cumulative

healthcare expenditures as shown in Figure 2,

HCEacc
d ,t ,s,g ≡

d∑
x=xmi n

HCEx,t ,s,g . (C.2)

The percentage of the population alive to accumulate HCEacc
x,t ,s,g throughout a lifetime

depicted with grey and black lines in Figure 2 is

mortx,t ,s,g = P
(
die at age x in period t | survive ages xmi n to x −1

)
= Dx,t ,s,g

x−1∏
a=xmi n

(
1−Da,t ,s,g

)
.

(C.3)

The empirical mortality rate is calculated as Dx,t ,s,g = deathx,t ,s,g /exposurex,t ,s,g

Pitacco et al. (2009), where deathx,t ,s,g is the number of individuals dying at age x,

and exposurex,t ,s,g is the number of individuals at risk of dying. Since everyone is

alive prior to the minimum age, mortxmi n ,t ,s,g = Dxmi n ,t ,s,g , and at the maximum age,

everyone dies such that mortxmax ,t ,s,g = 1−∑xmax−1
x=xmi n

mortx,t ,s,g Asaria et al. (2016). All

mortality rates are gender, g , and socioeconomic group, s, specific.

We estimate mean lifetime healthcare expenditures, LHEt ,s,g , in Figures 3 and 4

using a similar method as Asaria, Doran, and Cookson Asaria et al. (2016) and weight

cumulative healthcare expenditures by the percentage of the population alive until

each age x

LHEt ,s,g =
xmax∑

x=xmi n

mortx,t ,s,g ·HCEacc
x,t ,s,g . (C.4)

In Figure 3, however, mortx,t ,s,g only vary by gender, g , and not socioeconomic group,

s. The lifetime healthcare expenditure estimate in (C.4) is the discrete expectation of

lifetime healthcare expenditures. It is asymptotically equivalent to the simulation-

based approach first applied to estimate lifetime healthcare expenditures in Ale-

mayehu and Warner Alemayehu and Warner (2004). Instead of simulating stochastic
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medical expenditures and mortality paths for a large number of individuals, we

simply calculate the mean lifetime expenditures using discrete expectations. Our

method has the advantage that it requires no distributional assumptions and has

low computational costs. Further, our lifetime healthcare expenditure estimates can

encompass features such as concentration of healthcare expenditures towards end-

of-life Seshamani and Gray (2004); Howdon and Rice (2018) and mortality rates that

change over time Li and Lee (2005), which we describe in the following subsection

C.2.1.1 Method Adapted to End-of-Life Healthcare Expenditures and Changing
Mortality Rates

Lifetime healthcare expenditures, LHE, are calculated as the expected healthcare

expenditures for a representative individual of gender, g , in socioeconomic group, s.

In this group, morts,g ,t ,d percentage of individuals die at age d given time t mortality

rates. In the years alive from the minimum age, ami n , until death d , healthcare

expenditures are consumed.2

Healthcare expenditures are concentrated towards end-of-life Christensen et al.

(2016); Hogan et al. (2001); Baicker and Chandra (2004); Neuman, Cubanski, and

Damico (2015); Davis, Nallamothu, Banerjee, and Bynum (2016); French et al. (2017);

Orlovic, Marti, and Mossialos (2017); Aldridge and Bradley (2017); Levinsky, Yu, Ash,

Moskowitz, Gazelle, Saynina, and Emanuel (2001); Zweifel, Felder, and Meiers (1999);

Felder, Meier, and Schmitt (2000); Seshamani and Gray (2004); Werblow, Felder, and

Zweifel (2007); Wong, van Baal, Boshuizen, and Polder (2011); Hyun, Kang, and Lee

(2016); Moore, Bennett, and Normand (2017b); Howdon and Rice (2018). Hence,

we consider two different types of healthcare expenditures consumed throughout a

lifetime: Expenditures in the last years of life and expenditures in the preceding years

alive.

In the last l years of life, EOLs,g ,t ,l ,d is spent on healthcare in total. HCEEOL
a,t ,s,g ,b are

the yearly expenditures with b years to death at age a.3

EOLs,g ,t ,l ,d ≡
d∑

b=d−l+1
HCEEOL

a,t ,s,g ,b (C.5)

Note that age a is the year of death, d , minus years until death b.

In the preceding years alive, HCEacc
s,g ,t ,l ,d expenditures are accumulated in total

with annual expenditures of HCEa,t ,s,g . That is, expenditures before the l last years of

life.

2This approach is very similar to Alemayehu and Warner Alemayehu and Warner (2004), and Asarian,
Doran, and Cookson Asaria et al. (2016).

3In a similar spirit Gornick, McMillan, and Lubitz (1993); Lubitz, Beebe, and Baker (1995); Spillman
and Lubitz (2000) and Miller (2001) estimate lifetime expenditures based on time until death and in this
sense summarize healthcare expenditures backward from the age of death to initial age - typically age 65.
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HCEacc
s,g ,t ,l ,d =

d−l∑
a=xmi n

HCEa,t ,s,g (C.6)

If individuals die before age xmi n + l −1, only end-of life expenditures are consumed.

An individual who dies at age d consumes HCEacc
s,g ,t ,l ,d +EOLs,g ,t ,l ,d in healthcare

throughout their lifetime. Note that in our main results, l is set to zero, whereas l is

three in robustness checks where we include end-of-life expenditures in Appendix

C.4.2.

Expected lifetime healthcare expenditures are the sum of lifetime healthcare ex-

penditures conditional on the age of death weighted by the fraction of the population

that die at this age morts,g ,t ,d , that is, the sum-product of mortality rates and lifetime

expenditures

LHEs,g ,l ,t =
xmax∑

d=xmi n

morts,g ,t ,d ·
[

HCEacc
s,g ,t ,l ,d +EOLs,g ,t ,l ,d

]
(C.7)

xmax is the top-coded maximum age.

C.2.1.2 Mortality Rate Definitions

Mortality rates are estimated as the number of deaths, deatha,t ,s,g , divided by the

number of life-years lived, exposurea,t ,s,g , at age a in socioeconomic group s of

gender g in year t Pitacco et al. (2009). This resembles Asarian, Doran, and Cookson

Asaria et al. (2016) closely, but whereas Asarian, Doran, and Cookson Asaria et al.

(2016) use the population in each neighborhood, we instead use individuals at risk

of death. Additionally, Asarian, Doran, and Cookson Asaria et al. (2016) estimate

mortality rates and survival probabilities in a five-year-band, but we use one-year-

bands. The empirical mortality is

D
(
a, t , s, g

)≡ deatha,t ,s,g

exposurea,t ,s,g
. (C.8)

Associated survival probability at age 30 is 1 so that everyone consumes healthcare at

age 30. For ages 31 to 100+ the survival probabilities are

S
(
a, t , s, g

)≡ S
(
a −1, t , s, g

) · (1−D
(
a −1, t , s, g

))
, a > 30. (C.9)

Lastly, the fraction of a given gender and socioeconomic group that dies at age a is

zero at age 30 and otherwise

morts,g ,t ,a = S
(
a −1, t , s, g

) ·D
(
a, t , s, g

)
, a > 30. (C.10)

At age 100, we impose that the entire remaining population dies.
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C.2.2 The Variance of Lifetime Healthcare Expenditures

In this section, we derive the variance of lifetime healthcare expenditures. We cal-

culate lifetime healthcare expenditures on a single cost component - for example,

inpatient hospital expenditures - for a representative individual of a given gender and

socioeconomic group. Without loss of generality, we suppress subscripts s and g for

socioeconomic groups and gender for ease of notation. A representative individual

accumulates the average healthcare expenditures in each year alive from the min-

imum age, xmi n , until death, x. We obtain mean lifetime healthcare expenditures,

LHE, by multiplying the cost accumulated throughout a lifetime by the percentage of

the population that die, mortx , at this age of death

LHE =
xmax∑

x=xmi n

mortx ·HC E acc
x , (C.11)

HC E acc
x =

x∑
a=xmi n

HC E a . (C.12)

For our main results, HC E a is obtained by fitting a spline to healthcare expenditures

as described in the paper and Appendix C.2.1, and mortx is calculated as in (C.10).

Using standard variance calculation rules, the variance of lifetime healthcare

expenditures in (C.11) is

V ar
(
LHE

)=V ar

(
xmax∑

x=xmi n

mortx ·HC E acc
x

)
(C.13)

=
xmax∑

x=xmi n

V ar
(
mortx ·HC E acc

x

)+ xmax∑
x=xmi n

∑
y 6=x

Cov
(
mortx ·HC E acc

x ,morty ·HC E acc
y

)
.

(C.14)

We discuss how to derive the covariance term in (C.14) later but first consider the

variance term in (C.14).

C.2.2.1 Derivation of V ar
(
mortx ···HC E acc

x

)
Using the variance calculation rule for the product of random variables,4 the variance-

term in (C.14) is

V ar
(
mortx ·HC E acc

x

)= [
E

(
mortx

)]2
V ar

(
HC E acc

x

)
+V ar

(
mortx

)[
E

(
HC E acc

x

)]2

+V ar
(
mortx

)
V ar

(
HC E acc

x

)
,

(C.15)

4The product variance of two random variables, X and Y , is V ar
(
X Y

) =
[

E
(
X

)]2
V ar

(
Y

) +
V ar

(
X

)[
E

(
Y

)]2 +V ar
(
X

)
V ar

(
Y

)
, as shown by Bohrnstedt and Goldberger Bohrnstedt and Goldberger

(1969).
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for a given x. Next, the variance of cumulative healthcare expenditures, V ar
(
HC E acc

x

)
,

in (C.15) is

V ar
(
HC E acc

x

)=V ar

(
x∑

a=xmi n

HC E a

)

=
x∑

a=xmi n

V ar
(
HC E a

)
+

x∑
a=xmi n

∑
b 6=a

Cov
(
HC E a , HC E b

)
,

(C.16)

following the definition of HC E acc
x in Appendix C.2.1. The variance of mean health-

care expenditure, V ar
(
HC E a

)
, is approximated as

V ar
(
HC E x

)
=V ar

(
1

Nx

Nx∑
i=1

hcei x

)

= 1

N 2
x

Nx∑
i=1

V ar
(
hcei x

)+ 1

N 2
x

Nx∑
i=1

∑
j 6=i

Cov
(
hcei x ,hce j x

)
.

(C.17)

The term hcei x is healthcare expenditures for individuals i aged x. When all individ-

uals have the same variance and covariance of healthcare expenditures, the variance

of mean healthcare expenditures in (C.17) simplifies to

V ar
(
HC E x

)
= 1

Nx
V ar

(
hcei x

)+ Nx −1

Nx
Cov

(
hcei x ,hce j x

)
. (C.18)

Using our dataset, the term V ar
(
hcei x

)
can be estimated as the empirical variance

of healthcare expenditures for all individuals aged x. Following the definition of the

covariance, the covariance term Cov
(
hcei x ,hce j x

)
can be estimated as

á
Cov

(
hcei x ,hce j x

)
= 1(

Nx −1
)2

Nx∑
i=1

∑
j 6=i

(
hcei x −HC E x

)(
hce j x −HC E x

)
. (C.19)

However, empirically the covariance in (C.19) is zero up to the 10−8 order, as seen

in Appendix C.2.2.4, and healthcare expenditures across individuals are practically

uncorrelated. Consequently, we omit these covariances from our calculations. Hence,

the variance in (C.18) simplifies to

V ar
(
HC E x

)
= 1

Nx
V ar

(
hcei x

)
. (C.20)

Returning to the covariance in (C.16), we face the problem that healthcare expen-

ditures are not observed for the same individual at different ages.5 Calculating the

5Except for the years 2010, 2011, and 2012 that we use to account for higher end-of-life expenditures
in robustness estimates in Appendix C.4.2.
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covariance of healthcare expenditures for the same individual at different ages also

poses a concern of trends in healthcare expenditure that inadvertently affects the

covariance. To calculate the covariance of mean healthcare expenditures at different

ages and simultaneously minimize the effect of time trends on this covariance, we

let healthcare expenditures follow an AR(1) process in the age dimension, which

enables us to calculate the covariances. ARMA-type models have often been consid-

ered to explain the intertemporal relationship in healthcare expenditures Feenberg

and Skinner (1994); French and Jones (2004); Hirth et al. (2016). Let mean healthcare

expenditures at age x be µx , and the autoregressive parameter at age x be ρx - both

are independent of each other and independent of innovations εi x . Innovations, ε,

are independent over time. Allowing µx and ρx to vary with age gives a more flexible

model, which can capture age-specific differences in persistence. Further, we prefer

to limit the assumptions placed on the healthcare expenditures process and still

be able to calculate the covariances. The healthcare expenditures process for some

integer k > 0 is

hcei ,x+k =µx+k +ρx+k hcei ,x+k−1 +εi ,x+k

=µx+k +ρx+k
[
µx+k−1 +ρx+k−1hcei ,x+k−2 +εi ,x+k−1

]+εi ,x+k

...

=µx+k +εi ,x+k +
k−1∑
p=1

(
µi ,x+k−p +εi ,x+k−p

)p−1∏
q=0

ρx+k−q +hcei x

k−1∏
q=0

ρx+k−q .

(C.21)

We utilize (C.21) to calculate the covariance of mean healthcare expenditures.

Following the AR(1) association of healthcare expenditures in (C.21), the covari-

ance of mean healthcare expenditures in (C.16) for N individuals at ages x = a and

b = x +k is
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Cov
(
HC E x , HC E x+k

)
=Cov

 1

N

N∑
j=1

hce j x ,
1

N

N∑
i=1

hcei ,x+k


= 1

N 2

N∑
j=1

N∑
i=1

Cov
(
hce j x ,hcei ,x+k

)

= 1

N 2

N∑
j=1

N∑
i=1

Cov

hce j x ,µx+k +εi ,x+k +
k−1∑
p=1

(
µx+k−p +εi ,x+k−p

)p−1∏
q=0

ρx+k−q +hcei x

k−1∏
q=0

ρx+k−q


= 1

N 2

N∑
j=1

N∑
i=1

Cov

hce j x ,hcei x

k−1∏
q=0

ρx+k−q


=

k−1∏
q=0

ρx+k−q
1

N 2

N∑
j=1

N∑
i=1

Cov
(
hce j x ,hcei x

)

=
k−1∏
q=0

ρx+k−q
1

N 2

 N∑
i=1

V ar
(
hcei x

)+ N∑
i=1

∑
j 6=i

Cov
(
hcei x ,hce j x

) .

(C.22)

Concerning the covariance in the last line of (C.22), when (i) healthcare expenditure

innovations in the future are uncorrelated with current healthcare expenditures, (ii)

all individuals have the same healthcare expenditure variance, and (iii) healthcare

expenditures are uncorrelated across individuals, it follows that Cov
(
hce j a ,hcei a

)
=

0, i 6= j . The covariance in (C.22) thus simplifies to

Cov
(
HC E x , HC E x+k

)
= 1

N
V ar

(
hcei x

)k−1∏
q=0

ρx+k−q , (C.23)

where we have already discussed estimation of the variance, V ar
(
hcei x

)
, in (C.20). To

calculate the age-specific autocorrelations, ρx , note that the covariance of healthcare

expenditures at adjacent ages is

Cov
(
hcei ,x−1,hcei x

)=Cov
(
hcei ,x−1,µx +ρx hcei ,x−1 +εi x

)
= ρxCov

(
hcei ,x−1,hcei ,x−1

)
m

ρx = Cov
(
hcei ,x−1,hcei x

)
V ar

(
hcei ,x−1

) .

(C.24)

To calculate ρx and simultaneously minimize the effect that time trends can have

on healthcare expenditures, we estimate the covariance, Cov
(
hcei ,x−1,hcei x

)
, as the
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empirical covariance of healthcare expenditures for individual i at age x −1 in 2011

and age x in 2012. The variance V ar
(
hcei ,x−1

)
is the empirical variance of healthcare

expenditures for individuals aged x −1 in 2012.

We now proceed with the variance of the percentage of the population that dies

at each age x from (C.15), V ar
(
mortx

)
. Following the definition of mortx in (C.10)

and the variance calculation rule for the product of two random variables Bohrnstedt

and Goldberger (1969), we have

V ar
(
mortx

)=V ar
(
Sx−1 ·Dx

)
=

[
E

(
Sx−1

)]2
V ar

(
Dx

)
+V ar

(
Sx−1

)[
E

(
Dx

)]2

+V ar
(
Sx−1

)
V ar

(
Dx

)
, x > xmi n ,

(C.25)

and at the minimum age xmi n , V ar
(
mortxmi n

)=V ar
(
Dxmi n

)
. To calculate the vari-

ance V ar
(
Sx

)
, we use definition Sx = Sx−1 ·

(
1−Dx

)
from (C.9) and the variance rule

for the product of random variables Bohrnstedt and Goldberger (1969)

V ar
(
Sx

)=[
E

(
Sx−1

)]2
V ar

(
1−Dx

)
+V ar

(
Sx−1

)[
E

(
1−Dx

)]2

+V ar
(
Sx−1

)
V ar

(
1−Dx

)
, x > xmi n .

(C.26)

At the minimum age xmi n , the variance V ar
(
Sxmi n

) = V ar
(
1−Dxmi n

)
, which is es-

timable from the dataset as

V ar
(
1−Dx

)=V ar
(
Dx

)
= 1

Nx
V ar

(
di ei x

)
,

(C.27)

where di ei x is a binary indicator that takes the value 1 when individual i dies at age x

and zero otherwise. We calculate V ar
(
di ei x

)
as the empirical variance of di ei x in the

data. The variance V ar
(
Sx

)
in (C.26) can recursively be calculated for ages xmi n +1

to xmax using the variance at the previous age, V ar
(
Sx−1

)
. The expectations, E

(
Sx

)
,

E
(
Dx

)
, and E

(
1−Dx

)
, in (C.25) and (C.27) follow from their definitions in (C.8) and

(C.9). We superimpose that everyone dies at age xmax , Dxmax = 1, and the mortality

rate at age xmax has no variance, V ar
(
Dxmax

) = 0. We have now discussed how to

calculate the terms in (C.15), and we continue with the covariance term in (C.14) in

the following subsection.

C.2.2.2 Derivation of C ov
(
mortx ···HC E acc

x , morty ···HC E acc
y

)
In this section, we calculate the covariance term in (C.14). That is, the covariance of

cumulative healthcare expenditures by the age of death, HCEacc
x , weighted by the
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percentage of the population that die at this age mortx at different ages of death

x and y = x +k. Following covariance calculation rules for the product of random

variables6 Bohrnstedt and Goldberger (1969), the covariance is

Cov
(
mortx ·HCEacc

x ,mortx+k ·HCEacc
x+k

)
= E

(
mortx

)
E

(
mortx+k

)
Cov

(
HCEacc

x ,HCEacc
x+k

)
+E

(
mortx

)
E

(
HCEacc

x+k

)
Cov

(
HCEacc

x ,mortx+k
)

+E
(
HCEacc

x

)
E

(
mortx+k

)
Cov

(
mortx ,HCEacc

x+k

)
+E

(
HCEacc

x

)
E

(
HCEacc

x+k

)
Cov

(
mortx ,mortx+k

)
+Cov

(
mortx ,mortx+k

)
Cov

(
HCEacc

x ,HCEacc
x+k

)
+Cov

(
mortx ,HCEacc

x+k

)
Cov

(
HCEacc

x ,mortx+k
)

.

(C.28)

We start by rewriting the covariance Cov
(
HCEacc

x ,HCEacc
x+k

)
from (C.28) as

Cov
(
HCEacc

x ,HCEacc
x+k

)
=Cov

 x∑
a=xmi n

HC E a ,
x+k∑

b=xmi n

HC E b


=

x∑
a=xmi n

x+k∑
b=xmi n

Cov
(
HC E a , HC E b

)
.

(C.29)

Estimation of Cov
(
HC E a , HC E b

)
has already been discussed (C.22), (C.23), and

(C.24).

Next, we consider the covariance Cov
(
mortx ,mortx+k

)
in (C.28). The expression

mortx is the probability that a representative individual survives from the minimum

age, xmi n , until age x −1, and hereafter dies at age x exactly. By using the definition

of mortx in equation (C.10) and calculation rules for the covariance of the product of

random variables Bohrnstedt and Goldberger (1969), the covariance can be expressed

as

Cov
(
mortx ,mortx+k

)
=Cov

[
mortx ,

(
1−Dxmi n

)
. . .

(
1−Dx+k−1

)
Dx+k

]
=E

[
Dx+k

]
Cov

[
mortx ,

(
1−Dxmi n

)
. . .

(
1−Dx+k−1

)]
+E

[(
1−Dxmi n

)
. . .

(
1−Dx+k−1

)]
Cov

[
mortx ,Dx+k

]
,

(C.30)

6For multivariate normal random variable, x, y , u, and v , the covariance of x y and uv is
C

(
x y,uv

)= E (x)E (u)C
(
y, v

)+E (x)E (v)C
(
y,u

)+E
(
y
)

E (u)C
(
x, v

)+E
(
y
)

E (v)C
(
x,u

)+C
(
x,u

)
C

(
y, v

)+
C

(
x, v

)
C

(
y,u

)
. The covariance expression simplifies when variables are multivariate normal.
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without loss of generality for integers k > 0. We consider each term in (C.30) to calcu-

late the covariance Cov
(
mortx ,mortx+k

)
. First, we simply calculate the expectations

in (C.30) as

E
[
Dx

]= Dx

E
[(

1−Dxmi n

)
. . .

(
1−Dx+k−1

)]= (
1−Dxmi n

)
. . .

(
1−Dx+k−1

)
.

(C.31)

Calculation of Dx follows definitions in (C.8). We calculate the first covariance of

(C.30) as

Cov
[

mortx ,
(
1−Dxmi n

)
. . .

(
1−Dx+k−1

)]
=Cov

[
mortx ,

(
1−Dxmi n

)
. . .

(
1−Dx+k−2

)− (
1−Dxmi n

)
. . .

(
1−Dx+k−2

)
Dx+k−1

]
=Cov

[
mortx ,

(
1−Dxmi n

)
. . .

(
1−Dx+k−2

)−Sx+k−2Dx+k−1

]
=Cov

[
mortx ,

(
1−Dxmi n

)
. . .

(
1−Dx+k−2

)−mortx+k−1

]
...

=−
x+k−1∑
a=xmi n

Cov
[
mortx ,morta

]
.

(C.32)

Inserting (C.31) and (C.32) in (C.30), we get the intermediate expression

Cov
(
mortx ,mortx+k

)= (
1−Dxmi n

)
. . .

(
1−Dx+k−1

)
Cov

[
mortx ,Dx+k

]
−Dx+k

x+k−1∑
a=xmi n

Cov
[
mortx ,morta

]
.

(C.33)

Note that Cov
(
mortx ,mortx+k

)
can be calculated recursively starting from age xmi n

up to xmax .

We now discuss the estimation of the covariance, Cov
[
mortx ,Dx+k

]
, in (C.30)

and (C.33). By use of the calculation rules for the covariance of the product of random

variables Bohrnstedt and Goldberger (1969), we get

Cov
[
mortx ,Dx+k

]
=Cov

[(
1−Dxmi n

)
. . .

(
1−Dx−1

)
Dx ,Dx+k

]
= E

[
Dx

]
Cov

[(
1−Dxmi n

)
. . .

(
1−Dx−1

)
,Dx+k

]
+E

[(
1−Dxmi n

)
. . .

(
1−Dx−1

)]
Cov

[
Dx ,Dx+k

]
= (

1−Dxmi n

)
. . .

(
1−Dx−1

)
Cov

[
Dx ,Dx+k

]−Dx

x−1∑
a=xmi n

Cov
[
mor ta ,Dx+k

]
,

(C.34)
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following argumentation similar to that of equations (C.31) and (C.32). At the mini-

mum age xmi n , the covariance in (C.34) is simply Cov
[
Dxmi n ,Dx+k

]
since mortxmi n =

Dxmi n . For the following ages, the covariance Cov
[
mortx ,Dx+k

]
in (C.34) can be cal-

culated recursively from xmi n +1 to xmax .

Next, calculating Cov
[
Dx ,Dx+k

]
in (C.34) for N representative individuals, we

note that

Cov
[
Dx ,Dx+k

]=Cov

[
1

N

N∑
i=1

di ei x ,
1

N

N∑
i=1

di ei ,x+k

]

= 1

N 2

N∑
i=1

Cov
[
di ei x ,di ei ,x+k

]+ 1

N 2

N∑
i=1

∑
j 6=i

Cov
[

di ei x ,di e j ,x+k

]
= 1

N
Cov

[
di ei x ,di ei ,x+k

]
(C.35)

since all individuals i have the same covariance of the binary di e variables and di e is

uncorrelated across individuals i and j , Cov
[

di ei x ,di e j ,x+k

]
= 0. We can calculate

the covariance Cov
[
di ei x ,di ei ,x+k

]
from (C.35) using the covariance of discrete

variables7

Cov
[
di ei x ,di ei ,x+k

]= p
(
di ei x = 0,di ei ,x+k = 0

)(
0−E

(
di ei x

))(
0−E

(
di ei ,x+k

))
+p

(
di ei x = 0,di ei ,x+k = 1

)(
0−E

(
di ei x

))(
1−E

(
di ei ,x+k

))
+p

(
di ei x = 1,di ei ,x+k = 0

)(
1−E

(
di ei x

))(
0−E

(
di ei ,x+k

))
+p

(
di ei x = 1,di ei ,x+k = 1

)(
1−E

(
di ei x

))(
1−E

(
di ei ,x+k

))
.

(C.36)

Recall that di ei x is a binary indicator of whether an individual has died at age x or

previously. First, the probability p
(
di ei x = 0,di ei ,x+k = 0

)
is the probability of surviv-

ing all ages up to age x and up to age x +k. Since an individual necessarily survives

age x to survive age x +k, this probability simplifies to p
(
di ei ,x+k = 0

)
, which is the

probability of surviving all ages up to age x+k and dying at some age higher than age

x +k. That is, p
(
di ei x = 0,di ei ,x+k = 0

) = ∑xmax
a=x+k+1 morta . Second, the probability

p
(
di ei x = 0,di ei ,x+k = 1

)
is the probability of being alive at age x and dying at some

age between x and x +k. Hence, p
(
di ei x = 0,di ei ,x+k = 1

)=∑x+k
a=x+1 morta . Thirdly,

p
(
di ei x = 1,di ei ,x+k = 0

)
is the probability of being dead at age x and then being

alive later at age x +k. Since individuals cannot revive in our model, this probability

7The covariance of two discrete random variables, X and Y , is the joint probability of each realiza-
tion, f

(
x, y

)
, times the product of demeaned values over the set, S, of potential realizations of X and Y .

Cov
(
X ,Y

)=∑(
x,y

)∈S f
(
x, y

)(
x −E

(
X

))(
y −E

(
Y

))
.
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is zero. Lastly, since being dead at age x implies being dead at age x +k, the proba-

bility p
(
di ei x = 1,di ei ,x+k = 1

)
simplifies to p

(
di ei x = 1

)
. That is, dying at age x or

before and p
(
di ei x = 1,di ei ,x+k = 1

)=∑x
a=xmi n

morta . Lastly, expectations in (C.36)

are estimated as

E
(
di ei ,x

)= Dx

E
(
di ei ,x+k

)= Dx+k .
(C.37)

Combining all these associations, (C.36) becomes

Cov
[
di ei x ,di ei ,x+k

]
= Dx Dx+k

xmax∑
a=x+k+1

morta −Dx
(
1−Dx+k

) x+k∑
a=x+1

morta +
(
1−Dx

)(
1−Dx+k

) x∑
a=xmi n

morta

= Dx Dx+k

(
xmax∑

a=x+k+1
morta +

x+k∑
a=x+1

morta +
x∑

a=xmi n

morta

)

−Dx

x+k∑
a=x+1

morta +
(
1−Dx −Dx+k

) x∑
a=xmi n

morta

= Dx Dx+k −Dx

x+k∑
a=x+1

morta +
(
1−Dx −Dx+k

) x∑
a=xmi n

morta .

(C.38)

Inserting (C.38) in (C.35), we get our estimate of the covariance

Cov
[
Dx ,Dx+k

]= 1

N

[
Dx Dx+k −Dx

x+k∑
a=x+1

morta +
(
1−Dx −Dx+k

) x∑
a=xmi n

morta

]
.

(C.39)

Using Cov
[
mortx ,Dx+k

]
from (C.34) and Cov

[
Dx ,Dx+k

]
from (C.39), we calculate

Cov
(
mortx ,mortx+k

)
as in (C.30).

We proceed to derive estimates for the last two covariances of (C.28): Cov
(
HCEacc

x ,mortx+k
)

and Cov
(
mortx ,HCEacc

x+k

)
. Note that

Cov
(
mortx ,HCEacc

x+k

)
=Cov

(
mortx ,

x+k∑
a=xmi n

HC E a

)

=
x+k∑

a=xmi n

Cov
(
mortx , HC E a

)
,

(C.40)

following standard calculation rules.
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To estimate the Cov
(
mortx , HC E a

)
in (C.40), we consider the three cases where

(i) the age-related subscripts on healthcare expenditures and mortality are equal,

a = x, (ii) the mortality subscript is smallest, x < a, and (iii) the mortality subscript is

largest, x > a.

First, let the mortality and healthcare expenditure subscripts in (C.40) be equal,

a = x. Writing out the covariance Cov
(
mortx , HC E x

)
, we have

Cov
(
mortx , HC E x

)
=Cov

 1

Nx

Nx∑
i=1

di ei x

x−1∏
a=xmi n

(
1−di ei a

)
,

1

Nx

Nx∑
j=1

hce j x


= 1

N 2
x

Nx∑
i=1

Nx∑
j=1

Cov

(
di ei x

x−1∏
a=xmi n

(
1−di ei a

)
,hce j x

)

= 1

N 2
x

Nx∑
i=1

Cov

(
di ei x

x−1∏
a=xmi n

(
1−di ei a

)
,hcei x

)
+ 1

N 2
x

Nx∑
i=1

∑
j 6=i

Cov

(
di ei x

x−1∏
a=xmi n

(
1−di ei a

)
,hce j x

)
.

(C.41)

We leave out the latter covariance term from (C.41) as healthcare expenditures and

mortality are uncorrelated across individuals i and j . Since every individual, i , has

the same covariance, (C.41) becomes

Cov
(
mortx , HC E x

)
= 1

Nx
Cov

(
di ei x

x−1∏
a=xmi n

(
1−di ei a

)
,hcei x

)
. (C.42)

The covariance term in (C.42) can be rewritten using the covariance calculation rule

for products of random variables Bohrnstedt and Goldberger (1969)

Cov

(
di ei x

x−1∏
a=xmi n

(
1−di ei a

)
,hcei x

)
= E

(
di ei x

)
Cov

(
x−1∏

a=xmi n

(
1−di ei a

)
,hcei x

)

+E

(
x−1∏

a=xmi n

(
1−di ei a

))
Cov

(
di ei x ,hcei x

)
.

(C.43)

If we observe hcei x at age x, it necessarily means that individual i has survived

ages xmi n to x − 1, and the term
∏x−1

a=xmi n

(
1−di ei a

) = 1. Otherwise, hcei x would

be unobserved. Consequently,
∏x−1

a=xmi n

(
1−di ei a

)
does not covary with healthcare

expenditures when healthcare expenditures are observed, and the first covariance

term in (C.43) is zero. Following the same argumentation, the second expectation

in (C.43), E
(∏x−1

a=xmi n

(
1−di ei a

))
, is undoubtedly one when di ei x covary with hcei x .

Hence, the covariance in (C.42) simplifies to
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Cov
(
mortx , HC E x

)
= 1

Nx
Cov

(
di ei x ,hcei x

)
, (C.44)

which is readily computable with the data as the empirical covariance of the mortality

indicator, di ei x , and healthcare expenditures, hcei x .

Second, when the age indicator on mortality, a = x +k, k > 0, is larger than the

age subscript on healthcare expenditures, x, we estimate the covariance of mortality

and healthcare expenditures, Cov
(
mortx+k , HC E x

)
, by multiplying the covariance

between healthcare expenditures and mortality at age x+k, Cov
(
mortx+k , HC E x+k

)
,

with the impact healthcare expenditures at age x has on healthcare expenditures

at age x +k, Cor r
(
HC E x , HC E x+k

)
. Since healthcare expenditures follow an AR(1)

process, the correlation/effect is the partial effect that healthcare expenditures at age

x has on healthcare expenditures at age x +k such that

Cov
(
mortx+k , HC E x

)
=Cov

(
mortx+k , HC E x+k

)
Cor r

(
HC E x , HC E x+k

)
. (C.45)

We ignore the effect healthcare expenditures at age x can have on mortality. By

definition of a correlation and the AR(1) relation in (C.22), the correlation in (C.45) is

Cor r
(
HC E x , HC E x+k

)
=

Cov
(
HC E x , HC E x+k

)
√

V ar
(
HC E x

)√
V ar

(
HC E x+k

)
=

∏k−1
q=0ρx+k−qV ar

(
HC E x

)
√

V ar
(
HC E x

)√
V ar

(
HC E x+k

)

=
k−1∏
q=0

ρx+k−q

√
V ar

(
HC E x

)
)√

V ar
(
HC E x+k

) .

(C.46)

We have already discussed the calculation of the variance of mean healthcare expen-

ditures in (C.20) and autoregressive parameters in (C.24).

Lastly, we consider the case where the age-subscript on mortality, x, is smaller

than the healthcare expenditure subscript, x +k, k > 0. To relate healthcare expen-

diture at age x and x +k, we multiply the covariance, Cov
(
mortx , HC E x+k

)
, by the

correlation of healthcare expenditure at age x and x +k. However, only a fraction of

the population alive at age x will survive to consume healthcare expenditures at age

x +k. To account for this fraction, we also multiply with the probability of surviving
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each age from age x to x +k −1,
∏x+k−1

a=x

(
1−Da

)
Cov

(
mortx , HC E x+k

)
=Cov

(
mortx , HC E x

)
Cor r

(
HC E x , HC E x+k

) x+k−1∏
a=x

(
1−Da

)
.

(C.47)

This concludes the estimation of the covariance Cov
(
mortx ·HCEacc

x ,mortx+k ·HCEacc
x+k

)
in (C.28) and the variance of lifetime healthcare expenditures in (C.14).

C.2.2.3 Algorithm to Calculate the Variance of Lifetime Healthcare
Expenditures

This section defines the algorithms, A01 to A13, that calculate the variance of lifetime

healthcare expenditures as derived in Appendix C.2.2 above. The algorithms calculate

the variance for a single combination of socioeconomic group, gender, and cost

component.

A01: Calculate V ar (HC E x ):

For each x calculate V ar (hcei x ) =σ2
a

For each x determine Nx

For each x calculate V ar (HC E x ) = 1
Nx

V ar
(
hcei x

)
as in (C.18)

A02: Calculate Cov
(
HC E x , HC E x+k

)
:

For each x calculate Cov
(
hcei ,x−1,hcei x

)= γx

For each x calculate ρx =Cov
(
hcei ,x−1,hcei x

)
/V ar

(
hcei ,x−1

)= γx /σ2
x−1 following

(C.24)

For each x and k>0 calculate Cov
(
HC E x , HC E x+k

)
= ∏k−1

q=0ρx+k−qV ar
(
hcei x

)
/Nx

as in (C.23)

A03: Calculate V ar
(∑x−l

a=xmi n
HC E a

)
:

For each x calculate

V ar
(∑x−l

a=xmi n
HC E a

)
=∑x

a=xmi n
V ar

(
HC E a

)
+∑x

a=xmi n

∑
b 6=a Cov

(
HC E a , HC E b

)
as in (C.16)

A04: Calculate V ar
(
HC E acc

x

)
:

For each x calculate V ar
(
HC E acc

x

)=∑x
a=xmi n

V ar
(
HC E a

)
+∑x

a=xmi n

∑
b 6=a Cov

(
HC E a , HC E b

)
following (C.16)
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A05: Calculate V ar
(
1−Dx

)
:

For each x calculate V ar
(
di ei x

)
For each x calculate V ar

(
1−Dx

)=V ar
(
di ei x

)
/Nx following (C.27)

A06: Calculate V ar
(
Sx

)
:

For each x calculate E
(
1−Dx

)= 1− deathx
exposurex

following (C.8)

Set E
(
Sxmi n

)= 1

For each x > xmi n recursively calculate E
(
Sx

)= E
(
Sx−1

)
E

(
1−Dx

)
following (C.9)

Set V ar
(
Sxmi n

)=V ar
(
1−Dxmi n

)
For x > xmi n recursively calculate V ar

(
Sx

)= [
E

(
Sx−1

)]2
V ar

(
1−Dx

)+V ar
(
Sx−1

)[
E

(
1−Dx

)]2+
V ar

(
Sx−1

)
V ar

(
1−Dx

)
following (C.26)

A07: Calculate V ar
(
mortx

)
:

Set V ar
(
mortxmi n

)=V ar
(
Dxmi n

)
For each x > xmi n calculate V ar

(
mortx

)= [
E

(
Sx−1

)]2
V ar

(
Dx

)+V ar
(
Sx−1

)[
E

(
Dx

)]2+
V ar

(
Sx−1

)
V ar

(
Dx

)
following (C.25)

A8: Calculate V ar
(
mortx ·HC E acc

x

)
:

Set E
(
mortxmi n

)= 0

For each x > xmi n calculate E
(
mortx

)= Sx−1 ·Dx following (C.10)

For each x calculate E
(
HC E x

)
= 1

Nx

∑Nx
i=1 hcei x

For each x calculate E
(
HC E acc

d

)
=∑d

x=xmi n
HC E x

For each x calculate

V ar
(
mortx ·HC E acc

x

)= [
E

(
mortx

)]2
V ar

(
HC E acc

x

)+V ar
(
mortx

)[
E

(
HC E acc

x

)]2 +
V ar

(
mortx

)
V ar

(
HC E acc

x

)
following (C.15)

A9: Calculate Cov
(
HCEacc

x ,HCEacc
x+k

)
:

For each x and x+k calculate Cov
(
HCEacc

x ,HCEacc
x+k

)
=∑x

a=xmi n

∑x+k
b=xmi n

Cov
(
HC E a , HC E b

)
following (C.29)

NOTE: include V ar
(
HC E a

)
in the sum when a = b
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A10: Calculate Cov
(
mortx ,mortx+k

)
:

For each x and x+k calculate

Cov
[
Dx ,Dx+k

]= 1
N

[
Dx Dx+k −Dx

∑x+k
a=x+1 morta +

(
1−Dx −Dx+k

)∑x
a=xmi n

morta

]
fol-

lowing (C.39)

For each x and x+k recursively calculate

Cov
[
mortx ,Dx+k

]= (
1−Dxmi n

)
. . .

(
1−Dx−1

)
Cov

[
Dx ,Dx+k

]−Dx
∑x−1

a=xmi n
Cov

[
mor ta ,Dx+k

]
following (C.34)

For each x and x+k recursively calculate

Cov
(
mortx ,mortx+k

)= (
1−Dxmi n

)
. . .

(
1−Dx+k−1

)
Cov

[
mortx ,Dx+k

]
−Dx+k

x+k−1∑
a=xmi n

Cov
[
mortx ,morta

]
following (C.33)

A11: Calculate Cov
(
mortx ,HCEacc

x+k

)
:

For each x calculate Cov
(
mortx , HC E x

)
=Cov

(
di ei x ,hcei x

)
/Nx following (C.44)

For each x and x+k, k>0, calculate:

Cov
(
mortx , HC E x+k

)
=Cov

(
mortx+k , HC E x+k

)∏x+k−1
a=x

(
1−Da

)
following (C.47)

Cor r
(
HC E x , HC E x+k

)
=∏k−1

q=0ρx+k−q

√
V ar

(
HC E x

)
)√

V ar
(
HC E x+k

) following (C.46)

Cov
(
mortx+k , HC E x

)
= Cov

(
mortx+k , HC E x+k

)
Cor r

(
HC E x , HC E x+k

)
follow-

ing (C.45)

For each x and x+k k>0, calculate Cov
(
mortx ,HCEacc

x+k

)
=∑x+k

a=xmi n
Cov

(
mortx , HC E a

)
following (C.40)

A12: Calculate Cov
(
mortx ·HCEacc

x ,mortx+k ·HCEacc
x+k

)
:

For each x and x+k calculate

Cov
(
mortx ·HCEacc

x ,mortx+k ·HCEacc
x+k

)
= E

(
mortx

)
E

(
mortx+k

)
Cov

(
HCEacc

x ,HCEacc
x+k

)
+E

(
mortx

)
E

(
HCEacc

x+k

)
Cov

(
HCEacc

x ,mortx+k
)

+E
(
HCEacc

x

)
E

(
mortx+k

)
Cov

(
mortx ,HCEacc

x+k

)
+E

(
HCEacc

x

)
E

(
HCEacc

x+k

)
Cov

(
mortx ,mortx+k

)
+Cov

(
mortx ,mortx+k

)
Cov

(
HCEacc

x ,HCEacc
x+k

)
+Cov

(
mortx ,HCEacc

x+k

)
Cov

(
HCEacc

x ,mortx+k
)
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following (C.28)

A13: Calculate V ar
(
LHE

)
:

Calculate

V ar
(
LHE

)=∑xmax
x=xmi n

V ar
(
mortx ·HC E acc

x

)+∑xmax
x=xmi n

∑
y 6=x Cov

(
mortx ·HC E acc

x ,morty ·HC E acc
y

)
following (C.14)

C.2.2.4 Covariance of Healthcare Expenditures Across Socioeconomic Groups

An implicit assumption of the Welch test is independence between the two proper-

ties being estimated, i.e., Cov
(
LHEsi ,g j ,LHEsk ,gl

)
for (i , j ) 6= (k, l ). To assess this for

healthcare expenditures, we calculate the covariance of healthcare expenditures by

age, gender, and any combination of two socioeconomic groups. The covariance is

calculated as

Cov
(
hcei ,s1 ,hce j ,s2

)
= 1

Ns1 Ns2

Ns1∑
i=1

Ns2∑
j=1

(
hcei ,s1 −E

(
hcei ,s1

))(
hce j ,s2 −E

(
hce j ,s2

))
.

(C.48)

In socioeconomic group s, s = s1, s2, hcei ,s is healthcare expenditures for individual

i , and Ns is the number of individuals.

Figure C.4 shows the covariance estimates. We note that all covariances are zero

up to the eight decimal.

C.2.3 Estimating Lifetime Healthcare Expenditures Using Wong et al.

(2017)

Wong et al. (2017) uses a K-nearest neighbors approach to simulate lifetime healthcare

expenditures for insured healthcare costs in the Netherlands. Their approach have

higher computational costs than our methods, but enables nuanced healthcare

expenditure paths modeled at the individual level which more explicitly accounts the

relationship between healthcare expenditures over time. We follow Wong et al. (2017)

as much as possible in our implementation but, unlike Wong et al. (2017), estimate

lifetime healthcare expenditures by socioeconomic status and sex.

The overall aim is to create lifetime paths of healthcare expenditures for a large

number of individuals. The lifetime path is created by recursively adding a new

healthcare expenditure observation to the lifetime path until an individual dies.

The new observation is drawn from data and include the actual level of healthcare

expenditures and a survival indicator for an observation in data. If the individual

survives, the simulation continues otherwise the lifetime path ends.

A new observation of healthcare expenditures is chosen at random as one of the

k nearest neighbors. By age and sex, the k neighbors are found using the k-nearest
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Figure C.4: Covariance of healthcare expenditures by age, gender, and any combination of two
socioeconomic groups.
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neighbors algorithm matching on past healthcare expenditures. With our three years

of data, we consider past healthcare expenditures at age x −1 in the 2010 data, and

at age x in the 2011 data. The 2012 data is reserved for drawing new observations.

Like Wong et al. (2017) we assess proximity in the k-nearest neighbors algorithm

using the Euclidean distance. Wong et al. (2017) has access to a longer time series of

seven years. To start the simulations, similar to Wong et al. (2017), we draw a level of

healthcare expenditures at age xmi n . At age xmi n −1 we only match on a single lagged

value, i.e., xmi n to the 2011 data. Hereafter, we apply the procedure describes above.

We remove age- and sex-specific healthcare expenditure trends in our data to

make the 2010 and 2011 data comparable with the 2012 data. This is critical when

we find k-nearest neighbors in our data. However, to make this robustness estimate

comparable to our main results, we abstain from using the healthcare expenditure

and mortality trends which Wong et al. (2017) apply, and instead perform a static

analysis using healthcare expenditures at the 2012 level only.

We use the same hyperparameters as Wong et al. (2017) and set the number

of nearest neighbors to 2, use the Euclidean distance, select among the nearest

neighbors with weights proportional to their inverse distance, use as many lags of

data as possible, i.e., two years in our case, and simulate 10,000 lifetime paths.

C.3 Additional Results

C.3.1 Analysis of Average Healthcare Expenditures

In this section, we analyze average healthcare expenditures by age, socioeconomic

group, and cost component. Figure C.5 shows the smoothed distribution of total

healthcare expenditure for men and women aged 30 through 100+ across socioe-

conomic groups in 2012. The lowest socioeconomic group, SEG 1, spends most on

healthcare at most ages, while the highest socioeconomic group, SEG 5, generally has

the lowest expenditures. This holds for both men and women. Average healthcare

expenditures increase with age for all socioeconomic groups. These patterns reflect

the fact that expenditures increase with age Seshamani and Gray (2004), more die at

higher ages, and expenditures increase up until death Seshamani and Gray (2004).
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Figure C.5: Total expenditures on healthcare for men (left) and women (right) across socioeco-
nomic groups in 2012.

Focusing on inpatient hospital expenditures in Figure C.6 reveals that the lowest

socioeconomic group, SEG1, on average spends most on inpatient care up to around

age 85 for males and age 80 for females. Hereafter, the difference in expenditures

disappears, and data becomes noisier.

Figure C.6: Inpatient hospital expenditures for men (left) and women (right) across socioeco-
nomic groups in 2012.

In Figure C.7, the expenditure pattern resembles that for inpatient care in Table

C.6. Up to around age 80, the lowest socioeconomic group, SEG1, spends the most

for both males and females. Interestingly, however, from around age 80 to 100, the

highest socioeconomic group, SEG5, spends the most on average. Figures C.8, C.9,

C.10, and C.11, break in- and outpatient hospital expenditures even further down

into somatic and psychiatric expenditures. Somatic expenditures in Figure C.8 and

Figure C.10 show the same pattern as Figures C.7 and C.6 since average somatic

expenditures are much larger than psychiatric expenditures. Psychiatric expenditures

are highest for the lower socioeconomic groups up until around age 65. Hereafter,

average psychiatric expenditures are nearly identical across groups.
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Figure C.7: Outpatient hospital expenditures for men (left) and women (right) across socioe-
conomic groups in 2012.

Figure C.8: Somatic inpatient hospital expenditures for men (left) and women (right) across
socioeconomic groups in 2012.

Figure C.9: Psychiatric inpatient hospital expenditures for men (left) and women (right) across
socioeconomic groups in 2012.
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Figure C.10: Somatic outpatient hospital expenditures for men (left) and women (right) across
socioeconomic groups in 2012.

Figure C.11: Psychiatric outpatient hospital expenditures for men (left) and women (right)
across socioeconomic groups in 2012.

As seen in Figure C.12, males in the lowest socioeconomic group, SEG1, spend

the most money on primary care physicians from ages 30 to 70. However, at ages 70

to 100, this pattern flips, and the highest socioeconomic group, SEG5, spends the

most. For women, a similar shift happens, but at age 65 instead.

Figure C.12: Total physician expenditures for men (left) and women (right) across socioeco-
nomic groups in 2012.
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Expenditures to prescription drugs in Figure C.13 reveal that for all ages, males in

the lowest socioeconomic group, SEG1, spends the most money, whereas males in

the highest socioeconomic group, SEG5, spend the least. This is also true for women,

but at age 85, the pattern becomes vaguer.

Figure C.13: Total prescription drug expenditures for men (left) and women (right) across
socioeconomic groups in 2012.

Expenditures to nursing homes in figure C.14 and expenditures to home care and

home nurses in figure C.15 are highest for the lowest socioeconomic group, SEG1,

for males after age 65. However, for women, the difference in expenditures between

socioeconomic groups is small.

Figure C.14: Expenditures to nursing homes for men (left) and women (right) across socioeco-
nomic groups in 2012.
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Figure C.15: Expenditures to home care and home nurses for men (left) and women (right)
across socioeconomic groups in 2012.
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C.3.2 Cumulative Healthcare Expenditures

Figure C.16 resembles Figure 2 in the paper but shows results for women instead

of men. On the right axis, the figure shows cumulative expenditures from age 30

to death for females in the lowest and highest socioeconomic groups, SEG1 and

SEG5, respectively. On the left axis is the percentage of the population that dies at

each age, given the 2012 mortality rates. As for males in the paper, we note that

higher socioeconomic groups, in general, spend less on healthcare compared to

lower socioeconomic groups, conditional on the age of death. Further, the highest

socioeconomic group has a higher probability of living a longer life.

Figure C.16: The Figure shows the percentage of individuals in SEG1 and SEG5 that die at each
age from 30 to 100 (left). The red line shows cumulative expenditures from age 30 to age of
death across all cost components (right).

C.3.3 Comparison to Existing Estimates of Lifetime Healthcare

Expenditures

Comparing lifetime healthcare expenditure estimates in different studies is generally

a challenge as healthcare systems vary across the globe. Yet, the size of our estimates

resemble the lifetime healthcare expenditures in Wong and coauthors Wong et al.

(2017) in the Netherlands even though elderly care is excluded from their analysis.8

8In Wong and coauthors Wong et al. (2017), women spend on average €118,000 on healthcare in a
lifetime and men €99,000. To make these amounts comparable to our lifetime healthcare expenditure
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When we estimate lifetime healthcare expenditures with our data using the Wong-

methodology in Appendix C.2.3 we, unlike Wong and coauthors Wong et al. (2017),

do not let healthcare expenditure or mortality grow over time which may explain

some of the difference of our slightly lower levels. The lifetime healthcare expendi-

ture estimates in Alemayehu and Warner Alemayehu and Warner (2004) based on

data from Michigan, USA, use almost the same cost-component as this paper and

find, similar to our estimates, that women throughout their lifetime spend $361,000,

whereas men spend $268,000.

Papers that compare lifetime healthcare expenditure estimate for males and

females find that women spend more than men in a lifetime perspective Lubitz

et al. (2003a); Hurd et al. (2017); Forget et al. (2008); Sørensen and Søgaard (2013);

Wong et al. (2017); Alemayehu and Warner (2004); Cohen, Tell, and Wallack (1986);

Spillman and Lubitz (2000); Jones, De Nardi, French, McGee, and Kirschner (2018)

as females tend to lead longer lives. In particular, similar to our results, Carreras

and coauthors Carreras et al. (2013) show that women’s lifetime expenditures on

primary and specialized care, acute hospitalizations, and long-term residential care

is about one third larger than men’s. Figure 4 confirms these results and shows new

evidence that women also have higher lifetime expenditures than men irrespective

of which socioeconomic groups we compare. Generally, this also holds for each cost

component, as seen Appendix C.3.6.

estimates, we use the 2012 1.28$/€ exchange rate from fred.stlouisfed.org and a Dutch projection rate
between 2005 to 2012 of size 1.39 from data.oecd.org. Females in the Netherlands spend $211,000 in
a lifetime and men $177,000. Excluding elderly care from our estimates, females spend $245,000 on
healthcare in a lifetime and men $208,000 as seen in Appendix C.3.6. Hence, our lifetime healthcare
expenditure estimates resemble Wong and coauthors Wong et al. (2017) well.

https://fred.stlouisfed.org/graph/?g=AZAX
https://data.oecd.org/chart/6gEm
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C.3.4 Welch Test Results of Equal Mean Lifetime Healthcare

Expenditures

Table C.2 shows p-values from Welch tests Welch (1947) of equal lifetime healthcare

expenditures across socioeconomic groups and cost components. The upper diagonal

elements are p-values for women, and the lower diagonal elements contain p-values

for men. Table C.2 uses the standard deviations derived in Appendix C.2.2.

All p-values in red in Table C.2 are insignificant at a 5% significance level and

imply that the socioeconomic groups in question have significantly different lifetime

healthcare expenditures. In particular, lower socioeconomic groups tend to spend

more on inpatient hospital care and prescription drugs than the highest socioeco-

nomic, SEG5.

Table C.2: P-vales from Welch test of equal lifetime healthcare expenditures across socioeco-
nomic groups using the mathematically derived standard deviation in Appendix C.2.2. Male
test results are in lower diagonal elements and female results in upper diagonal elements.

P-values from Welch Test
Inpatient Hospital Outpatient Hospital

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 - 0.536 0.030 0.006 0.005 - 0.719 0.150 0.084 0.115
SEG 2 0.721 - 0.120 0.032 0.030 0.890 - 0.269 0.160 0.213
SEG 3 0.082 0.155 - 0.543 0.518 0.584 0.469 - 0.750 0.893
SEG 4 0.026 0.053 0.596 - 0.969 0.605 0.486 0.961 - 0.851
SEG 5 0.034 0.071 0.712 0.860 - 0.853 0.726 0.673 0.701 -

Primary Care Physician Prescription Drugs

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 - 0.872 0.907 0.914 0.400 - 0.478 0.013 0.000 0.000
SEG 2 0.414 - 0.952 0.943 0.488 0.780 - 0.083 0.003 0.001
SEG 3 0.238 0.755 - 0.991 0.405 0.098 0.042 - 0.169 0.066
SEG 4 0.082 0.381 0.543 - 0.391 0.036 0.012 0.621 - 0.645
SEG 5 0.012 0.095 0.142 0.386 - 0.056 0.020 0.823 0.766 -

Nursing Home Home Care + Home Nurse

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 - 0.654 0.359 0.357 0.429 - 0.590 0.514 0.494 0.540
SEG 2 0.535 - 0.655 0.664 0.770 0.536 - 0.938 0.928 0.989
SEG 3 0.377 0.800 - 0.976 0.849 0.401 0.833 - 0.992 0.943
SEG 4 0.346 0.739 0.929 - 0.868 0.556 0.967 0.797 - 0.932
SEG 5 0.385 0.837 0.950 0.877 - 0.555 0.948 0.771 0.982 -

Total

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 - 0.984 0.642 0.468 0.444 - - - - -
SEG 2 0.834 - 0.622 0.448 0.424 - - - - -
SEG 3 0.702 0.534 - 0.784 0.755 - - - - -
SEG 4 0.577 0.421 0.851 - 0.972 - - - - -
SEG 5 0.662 0.493 0.965 0.879 - - - - - -
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C.3.5 Welch Test Results of Equal Mean Lifetime Healthcare

Expenditures Using Gender Specific Mortality

Table C.3 shows test results from the Welch test Welch (1947) for the case where life-

time healthcare expenditures are estimated using overall mortality rates for all males

and all females, respectively. Values in red have p-values less than 5%, indicating that

we reject the null of identical mean lifetime healthcare expenditures. In particular, we

reject that men and women in the highest and lowest socioeconomic groups, SEG5

and SEG1 respectively, spend the same in total lifetime healthcare expenditures.

Table C.3: P-vales from Welch test of equal lifetime healthcare expenditures across socioeco-
nomic groups using the mathematically derived standard deviation in Appendix C.2.2 and
identical mortality rates for all men and all women respectively. Male test results are in lower
diagonal elements, and female results are in upper diagonal elements.

P-values from Welch Test
Inpatient Hospital Outpatient Hospital

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 - 0.347 0.001 0.000 0.000 - 0.440 0.011 0.001 0.000
SEG 2 0.278 - 0.025 0.001 0.000 0.591 - 0.073 0.014 0.004
SEG 3 0.000 0.014 - 0.290 0.074 0.023 0.078 - 0.467 0.250
SEG 4 0.000 0.000 0.186 - 0.448 0.003 0.012 0.450 - 0.669
SEG 5 0.000 0.000 0.047 0.505 - 0.001 0.004 0.225 0.635 -

Primary Care Physician Prescription Drugs

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 - 0.831 0.321 0.157 0.195 - 0.296 0.000 0.000 0.000
SEG 2 0.878 - 0.429 0.220 0.268 0.667 - 0.016 0.000 0.000
SEG 3 0.548 0.449 - 0.636 0.724 0.001 0.002 - 0.073 0.004
SEG 4 0.405 0.314 0.801 - 0.911 0.000 0.000 0.211 - 0.260
SEG 5 0.370 0.284 0.745 0.939 - 0.000 0.000 0.077 0.617 -

Nursing Home Home Care + Home Nurse

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 - 0.698 0.767 0.875 0.341 - 0.643 0.977 0.644 0.221
SEG 2 0.983 - 0.916 0.569 0.171 0.940 - 0.610 0.343 0.090
SEG 3 0.598 0.581 - 0.630 0.188 0.491 0.537 - 0.651 0.211
SEG 4 0.294 0.283 0.583 - 0.39 0.115 0.129 0.357 - 0.409
SEG 5 0.057 0.053 0.168 0.453 - 0.020 0.023 0.094 0.477 -

Total

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 - 0.840 0.173 0.037 0.005 - - - - -
SEG 2 0.613 - 0.245 0.059 0.009 - - - - -
SEG 3 0.034 0.105 - 0.452 0.127 - - - - -
SEG 4 0.002 0.011 0.332 - 0.427 - - - - -
SEG 5 0.000 0.001 0.100 0.508 - - - - - -

C.3.6 Lifetime Expenditures by Cost Component

Table C.4 shows lifetime healthcare expenditures by gender, socioeconomic group,

and cost component for Figure 4 in the paper. Table C.5 reports associated standard
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deviations. Women generally consume more healthcare expenditures than men

across all cost components.

Table C.4: Lifetime healthcare expenditures by age, gender, socioeconomic group, and gender
for Figure 4

Lifetime Healthcare Expenditures by Cost Component
Women Men

Expenditure SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

Inpatient Hospital 110,975 105,335 92,851 88,688 88,434 110,142 105,920 91,179 86,394 87,902
Outpatient Hospital 95,295 93,202 87,561 86,117 86,952 71,849 72,779 68,403 68,668 70,702
Primary Care Physician 29,796 30,100 29,999 29,982 31,271 18,716 20,200 20,726 21,674 23,031
Prescription Drugs 31,971 30,183 26,338 23,866 23,124 22,974 23,656 19,368 18,512 18,992
Nursing Home 39,349 43,968 48,431 48,150 46,720 19,538 23,774 25,473 26,081 25,079
Home Care + Home Nurse 44,594 49,950 50,693 50,781 50,080 24,626 28,794 30,174 28,523 28,383

Amounts are in 2012 dollars.

Table C.5: Standard deviation of lifetime healthcare expenditures by age, gender, socioeco-
nomic group, and gender for Figure 4

Standard Deviation of Lifetime Healthcare Expenditures by Cost Component
Women Men

Expenditure SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

Total Expenditures 25,099 24,007 20,964 20,208 19,057 26,594 25,985 22,274 20,537 19,820
Inpatient Hospital 8,687 8,008 6,601 6,140 5,933 6,632 6,256 5,042 4,630 4,623
Outpatient Hospital 4,889 4,576 3,953 3,727 3,759 4,275 3,931 3,254 3,151 3,122
Primary Care Physician 1,298 1,273 1,104 1,099 1,116 1,376 1,295 1,075 1,042 1,085
Prescription Drugs 1,770 1,679 1,271 1,177 1,097 1,814 1,747 1,361 1,175 1,098
Nursing Home 4,844 4,809 4,658 4,978 4,146 7,224 7,328 6,78 6,249 5,899
Home Care + Home Nurse 4,816 4,717 4,515 4,544 4,164 6,882 7,162 6,313 5,864 5,719

Amounts are in 2012 dollars.

C.4 Robustness Results

C.4.1 Robustness: Lifetime Expenditures and Age 90 Top-Coding

Figure C.17 shows lifetime healthcare expenditures when individuals are top-coded

at age 90 instead of age 100. Estimates show that a gradient arises compared to our

main results in Figure 4 in the paper that top-codes at age 100. Hence mortality

differences and healthcare consumption patterns from age 90 to 100 have important

implications for estimates of lifetime healthcare expenditures. In particular, mortality

and healthcare consumption patterns vary across socioeconomic groups from age

90 to 100. As our educational measure has age 90 as the maximum age, we prefer

our affluence-based socioeconomic measure. Asaria, Doran, and Cookson Asaria

et al. (2016) top-code mortality and hospitalization rates at age 85+ and therefore do

not capture differences in hospital expenditures from age 85 to 100. Table C.6 shows
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lifetime expenditures by gender, socioeconomic group, and cost component when

we top-code our data at age 90.

Figure C.17: Lifetime healthcare expenditures for women (left) and men (right) in socioeco-
nomic groups top-coded at age 90+.

Table C.6: Lifetime healthcare expenditures by age, gender, socioeconomic group, and gender
top-coded at age 90+.

Lifetime Healthcare Expenditures by Cost Component
Women Men

Expenditure SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

Inpatient Hospital 107,746 102,274 88,963 84,248 82,637 109,106 104,445 89,101 83,363 83,619
Outpatient Hospital 94,526 92,513 86,695 85,008 85,395 71,617 72,456 67,779 67,755 69,263
Primary Care Physician 29,290 29,619 29,395 29,282 30,297 18,574 20,010 20,441 21,258 22,382
Prescription Drugs 31,197 29,418 25,467 22,876 21,905 22,798 23,425 19,036 18,061 18,356
Nursing Home 29,065 33,905 36,657 34,364 30,972 17,369 20,878 21,320 20,610 18,469
Home Care + Home Nurse 35,734 40,641 40,221 38,401 35,042 22,747 26,474 26,597 23,628 21779

Amounts are in 2012 dollars.

C.4.2 Robustness: Lifetime Expenditures with End-of-Life Expenditures

Table C.7 shows lifetime healthcare expenditures by gender, socioeconomic group,

and cost component when we include end-of-life healthcare expenditures, as de-

scribed in the paper and Appendix C.2.1. Figure C.18 illustrates these expenditures.
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Women tend to spend more than men on every expenditure-component except inpa-

tient hospital expenditures. The lowest socioeconomic group, SEG 1, spends most

on in- and outpatient hospital care and prescription drugs, while the highest socioe-

conomic group, SEG 5, spends most on primary care physicians, nursing homes,

and home care plus home nurses for both men and women. Comparing Tables C.7

and C.4, we note that lifetime healthcare expenditures increase when we include

end-of-life expenditure.

Table C.7: Lifetime healthcare expenditures by age, gender, socioeconomic group, and gender
when including three years of end-of-life healthcare expenditures

Lifetime Healthcare Expenditures by Cost Component
Women Men

Expenditure SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

Inpatient Hospital 121,850 115,414 101,728 98,359 97,268 123,293 119,592 102,788 97,194 98,719
Outpatient Hospital 102,317 100,088 94,293 93,842 94,382 79,811 81,380 76,596 77,200 79,028
Primary Care Physician 29,958 30,412 30,249 30,235 31,411 18,984 20,577 21,100 22,024 23,440
Prescription Drugs 33,668 31,976 28,000 25,440 24,609 24,445 25,333 20,882 19,752 20,294
Nursing Home 48,512 53,217 58,790 59,881 58,436 25,157 29,848 31,657 33,107 30,801
Home Care + Home Nurse 54,471 58,810 61,383 61,222 60,231 30,096 35,513 36,690 34,863 35,235

Amounts are in 2012 dollars.

Figure C.18: Lifetime healthcare expenditures for women (left) and men (right) across socioe-
conomic groups, including three years of end-of-life healthcare expenditures.
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C.4.3 Robustness: Lifetime Expenditures by Education Group

Figure C.19 shows lifetime healthcare expenditures by the four educational groups

defined in Appendix C.1.5. Data limits the upper age to 90. The least educated group,

basic, spends about the same as the longest educated, lhe, which can also be seen in

Table C.8. Welch tests Welch (1947) of equal lifetime healthcare expenditures across

education groups and by cost component in Table C.9 confirm that differences in

lifetime healthcare expenditures are generally statistically insignificant. Just as for

the affluence measure of socioeconomic status, the lowest socioeconomic groups

spend more on Inpatient hospital care and prescription drugs, as illustrated by red in

Table C.9. However, using education groups reveals that women in the basic group

(high school or less) spend more on home care and home nurses than women with

vocational/short higher education and women with medium higher education.

Table C.8: Lifetime healthcare expenditures by age, gender, education group, and cost compo-
nent

Lifetime Healthcare Expenditures by Cost Component
Women Men

Expenditure basic voc+she mhe lhe basic voc+she mhe lhe

Inpatient Hospital 102,711 90,637 91,570 93,843 104,134 92,545 85,622 84,510
Outpatient Hospital 89,165 90,405 92,051 89,961 68,743 71,755 70,618 70,573
Primary Care Physician 28,616 30,557 31,227 32,440 19,108 20,770 22,875 22,343
Prescription Drugs 28,802 24,806 25,403 24,737 22,144 19,641 19,159 21,341
Nursing Home 33,273 32,311 33,187 30,927 20,184 19,406 19,756 20,259
Home Care + Home Nurse 41,545 34,303 35,395 34,641 26,872 23,334 21,593 23,792

Amounts are in 2012 dollars.
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Figure C.19: Lifetime healthcare expenditures for women (left) and men (right) in socioeco-
nomic groups top-coded at age 90+ and education groups as defined in the paper.
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Table C.9: P-vales from Welch test of equal lifetime healthcare expenditures across education
groups using the mathematically derived standard deviation in Appendix C.2.2. Male test
results are in lower diagonal elements and female results in upper diagonal elements.

P-values from Welch Test
Inpatient Hospital Outpatient Hospital

basic voc+short medium long basic voc+short medium long

basic - 0.012 0.105 0.760 - 0.806 0.693 0.978
voc+short 0.023 - 0.905 0.913 0.407 - 0.845 0.988
medium 0.012 0.356 - 0.939 0.751 0.854 - 0.945
long 0.148 0.556 0.939 - 0.875 0.920 0.997 -

Primary Care Physician Prescription Drugs

basic voc+short medium long basic voc+short medium long

basic - 0.240 0.280 0.717 - 0.005 0.088 0.613
voc+short 0.088 - 0.811 0.859 0.026 - 0.789 0.993
medium 0.038 0.268 - 0.910 0.077 0.775 - 0.935
long 0.361 0.661 0.891 - 0.827 0.643 0.574 -

Nursing Home Home Care + Home Nurse

basic voc+short medium long basic voc+short medium long

basic - 0.611 0.970 0.763 - 0.000 0.014 0.423
voc+short 0.627 - 0.725 0.860 0.052 - 0.680 0.969
medium 0.835 0.854 - 0.777 0.020 0.403 - 0.932
long 0.984 0.810 0.894 - 0.459 0.910 0.607 -

Total

basic voc+short medium long basic voc+short medium long

basic - 0.169 0.489 0.844 - - - -
voc+short 0.304 - 0.818 0.969 - - - -
medium 0.279 0.699 - 0.980 - - - -
long 0.625 0.902 0.937 - - - - -

C.4.4 Robustness: Lifetime Expenditures Using Mortality Forecasts

In Figure C.21, we let mortality rates, morts,g ,t ,d , change over time according to the

Li-Lee forecasts described in Appendix C.4.4.2 and hereby deviate from the assump-

tion of static mortality rates at the 2012 level. Survivors now face new mortality rates

each period as forecasted by the Li-Lee mortality model in (C.52) of Appendix C.4.4.2.

We estimate the Li-Lee model with data from 1985 through 2012 for men and women,

respectively. Mortality rates decline over time in the forecasts, and individuals live

longer such that they can consume healthcare expenditures for more years. Of partic-

ular interest, longevity improvements into old age have particularly large healthcare

expenditure implications as an additional year of life is relatively costly, as illustrated

by the average cost figures in Appendix C.3.1. Increases for the lowest socioeconomic

groups are particularly large since an additional year of life is most expensive for the

lowest group. As a result, a slight gradient arises in Figure C.21.
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Figure C.20: The graphs show lifetime healthcare expenditures by socioeconomic group and
cost component. All socioeconomic groups for men and women respectively follow their own
mortality rate that develops according to Li-Lee mortality forecasts.

C.4.4.1 Mortality Forecast with Li-Lee (2005) Model

It is well known that mortality rates change over time. We predict future mortality

rates using the non-linear stochastic Li-Lee multipopulation mortality model Li

and Lee (2005). The model assumes an overall mortality development for the entire

population as in the preceding mortality model by Lee and Carter Lee and Carter

(1992). However, the Li-Lee model adds a socioeconomic group-specific mortality

trend that can deviate from the common overall population trend in the short run.

Additionally, the Li-Lee model has been shown to outperform the Lee-Carter model

when sub-populations share at least some mortality trends Li and Lee (2005).

Let mortality for individuals aged a at time t in socioeconomic group s of gender

g be D
(
a, t , s, g

)
. Logarithmic mortality is explained by an age and socioeconomic

time-invariant constantαa,s . The overall age-specific change in logarithmic mortality

for the entire population is Ba , and Kt is its stochastic development over time. The

long-run mortality trend, αa,s +BaKt , is called the common factor and shares many

similarities with the Lee-Carter mortality model Lee and Carter (1992). Group-specific

deviation from the common logarithmic mortality is ba,s with stochastic development

kt ,s . The term ba,s kt ,s captures short-term fluctuations in mortality rates between

population s and the common factor model. Short-term particularities from the

common trend die out due to a converging nature of kt ,s . Specifically, we have
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lnD
(
a, t , s, g

)=αa,s +BaKt +ba,s kt ,s +εa,t ,s (C.49)

where εa,t ,s is an error term. The stochastic term Kt is assumed to be a random walk

with drift and normally distributed innovations, while kt ,s is a first-order autoregres-

sive process with Gaussian innovations.

Parameters αa,s are estimated as the time average of mortality at age a in so-

cioeconomic group s. With data from all socioeconomic groups jointly, Ba and Kt

are obtained as the first components in a singular value decomposition of the de-

meaned mortality rates. The time trend Kt is readjusted to fit the common average

life expectancy. Socioeconomic group-specific mortality development, ba,s , and the

trend, kt ,s , are estimated as the first components in a singular value decomposition

on mortality residuals, lnD
(
a, t , s, g

)−αa,s −BaKt . The parameters are estimated

for each group separately. kt ,s is not readjusted since ba,s may take on positive and

negative values. Hence, it is generally not possible to in- or decrease kt ,s to obtain a

better fit. Uniquely identified parameters rely on normalizing assumptions

tT∑
t=t0

Kt = 0 and
amax∑

a=amin

Ba = 1 (C.50)

tT∑
t=t0

kt ,s = 0 and
amax∑

a=amin

ba,s = 1, ∀ s (C.51)

where t0 and tT are the first and last period of observed mortality and amin and

amax are the lowest and highest age considered in the mortality model. To estimate

the parameters governing the stochastic nature of Kt and kt ,s , standard time series

methods apply where innovations in Kt and kt ,s are assumed independent.

To forecast mortality, one simply takes the exponential of (C.52) using parameter

estimates and forecasted time series of Kt and kt ,s . Uncertainty in the mortality

forecasts stems from Gaussian innovations and time series parameter estimates.

When we forecast mortality rates, we use mortality data from 1985 to 2012 for males

and females across the five affluence groups described in Section 3 in the paper.

In Figure C.21, we let mortality rates, morts,g ,t ,d , change over time according

to the Li-Lee forecasts described in Appendix C.4.4.2 and hereby deviate from the

assumption of static mortality rates at the 2012 level. Survivors now face new mortality

rates each period as forecasted by the Li-Lee mortality model in (C.52) of Appendix

C.4.4.2. We estimate the Li-Lee model with data from 1985 through 2012 for men

and women, respectively. Mortality rates decline over time in the forecasts, and

individuals live longer such that they can consume healthcare expenditures for more

years. Of particular interest, longevity improvements into old age have particularly

large healthcare expenditure implications as an additional year of life is relatively

costly, as illustrated by the average cost figures in Appendix C.3.1. Increases for the
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lowest socioeconomic groups are particularly large since an additional year of life

is most expensive for the lowest group. As a result, a slight gradient arises in Figure

C.21.

Figure C.21: The graphs show lifetime healthcare expenditures by socioeconomic group and
cost component. All socioeconomic groups for men and women respectively follow their own
mortality rate that develops according to Li-Lee mortality forecasts.

C.4.4.2 Mortality Forecast with Li-Lee (2005) Model

It is well known that mortality rates change over time. We predict future mortality

rates using the non-linear stochastic Li-Lee multipopulation mortality model Li

and Lee (2005). The model assumes an overall mortality development for the entire

population as in the preceding mortality model by Lee and Carter Lee and Carter

(1992). However, the Li-Lee model adds a socioeconomic group-specific mortality

trend that can deviate from the common overall population trend in the short run.

Additionally, the Li-Lee model has been shown to outperform the Lee-Carter model

when sub-populations share at least some mortality trends Li and Lee (2005).

Let mortality for individuals aged a at time t in socioeconomic group s of gender

g be D
(
a, t , s, g

)
. Logarithmic mortality is explained by an age and socioeconomic

time-invariant constantαa,s . The overall age-specific change in logarithmic mortality

for the entire population is Ba , and Kt is its stochastic development over time. The

long-run mortality trend, αa,s +BaKt , is called the common factor and shares many

similarities with the Lee-Carter mortality model Lee and Carter (1992). Group-specific
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deviation from the common logarithmic mortality is ba,s with stochastic development

kt ,s . The term ba,s kt ,s captures short-term fluctuations in mortality rates between

population s and the common factor model. Short-term particularities from the

common trend die out due to a converging nature of kt ,s . Specifically, we have

lnD
(
a, t , s, g

)=αa,s +BaKt +ba,s kt ,s +εa,t ,s (C.52)

where εa,t ,s is an error term. The stochastic term Kt is assumed to be a random walk

with drift and normally distributed innovations, while kt ,s is a first-order autoregres-

sive process with Gaussian innovations.

Parameters αa,s are estimated as the time average of mortality at age a in so-

cioeconomic group s. With data from all socioeconomic groups jointly, Ba and Kt

are obtained as the first components in a singular value decomposition of the de-

meaned mortality rates. The time trend Kt is readjusted to fit the common average

life expectancy. Socioeconomic group-specific mortality development, ba,s , and the

trend, kt ,s , are estimated as the first components in a singular value decomposition

on mortality residuals, lnD
(
a, t , s, g

)−αa,s −BaKt . The parameters are estimated

for each group separately. kt ,s is not readjusted since ba,s may take on positive and

negative values. Hence, it is generally not possible to in- or decrease kt ,s to obtain a

better fit. Uniquely identified parameters rely on normalizing assumptions

tT∑
t=t0

Kt = 0 and
amax∑

a=amin

Ba = 1 (C.53)

tT∑
t=t0

kt ,s = 0 and
amax∑

a=amin

ba,s = 1, ∀ s (C.54)

where t0 and tT are the first and last period of observed mortality and amin and

amax are the lowest and highest age considered in the mortality model. To estimate

the parameters governing the stochastic nature of Kt and kt ,s , standard time series

methods apply where innovations in Kt and kt ,s are assumed independent.

To forecast mortality, one simply takes the exponential of (C.52) using parameter

estimates and forecasted time series of Kt and kt ,s . Uncertainty in the mortality

forecasts stems from Gaussian innovations and time series parameter estimates.

When we forecast mortality rates, we use mortality data from 1985 to 2012 for males

and females across the five affluence groups described in Section 3 in the paper.

C.4.5 Robustness: Estimates using Wong et al. (2017) Methodology

Table C.10 displays the mean lifetime healthcare expenditures by gender and socioe-

conomic groups for each cost component and total healthcare expenditures using the

Wong et al. (2017) methodology briefly outlined in Appendix C.2.3. Standard errors

are bootstrapped using 1,000 bootstrap estimates.
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We generally find that the estimates of lifetime healthcare expenditures are lower

than the corresponding main estimates in Table C.4. As the K-nearest neighbors

method differ significantly from our main estimation method in the paper, numerical

differences in the estimate is expected. Meanwhile, as seen from Table C.11, the null

of equal total lifetime healthcare expenditures is rejected for males in the highest and

lowest socioeconomic groups. For females, the equivalent p-value is 0.011, making

the differences significant at a 5% significance level. However, testing 140 hypothesis

in Table C.4, some wrongful rejections of null-hypothesis are expected as argued in

the literature in multiple testing and the seemingly low p-value is not alarming. In

fact, the conservative Bonferroni-correction (Bonferroni, 1936) for multiple testing

suggests a significance level of 5%/140 = 0.00036.

Table C.10: Lifetime healthcare expenditures by age, gender, socioeconomic group, and gender
using Wong et al. (2017) K-nearest neighbor estimation.

Lifetime Healthcare Expenditures by Cost Component
Men Women

Expenditure SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

Inpatient Hospital 89,081 82,735 71,050 102,250 76,046 90,505 75,715 81,352 77,335 77,057
(8,460) (8,048) (5,457) (57,996) (8,510) (8,245) (5,147) (7,462) (6,814) (7,251)

Outpatient Hospital 46,396 49,701 48,273 53,821 48,339 65,061 66,428 65,314 64,409 63,352
(4,403) (3,584) (2,773) (3,273) (2,207) (3,719) (3,127) (3,414) (3,058) (2,657)

Nursing Home 9,167 12,753 16,753 25,859 20,357 26,487 44,584 37,825 35,357 33,612
(4,333) (4,017) (7,326) (11,081) (9,768) (8,652) (12,756) (11,163) (9,617) (9,024)

Home Care + Home Nurse 16,758 17,798 17,406 26,405 23,110 26,463 40,667 34,896 30,286 26,279
(8,267) (4,852) (6,697) (9,017) (9,905) (6,779) (9,626) (8,390) (7,512) (5,295)

Prescription Drugs 10,367 10,954 8,701 9,209 9,022 15,730 14,569 13,531 12,390 12,241
(917) (816) (616) (637) (563) (904) (802) (751) (661) (636)

Primary Care Physician 12,694 14,346 15,315 17,288 17,512 21,873 22,735 22,978 23,093 23,961
(834) (753) (628) (802) (725) (768) (734) (635) (686) (652)

Total 172,342 178,845 168,705 224,611 186,850 223,225 245,493 241,358 225,407 222,616
(19,957) (14,680) (14,665) (66,113) (24,906) (21,159) (21,431) (25,778) (19,593) (14,068)

Amounts are in 2012 dollars.
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Table C.11: P-vales from Welch test of equal lifetime healthcare expenditures across socioeco-
nomic groups using bootstrapped standard deviations and the Wong et al. (2017) K-nearest
neighbor estimation. Male test results are in lower diagonal elements, and female results are in
upper diagonal elements.

P-values from Welch Test
Inpatient Hospital Outpatient Hospital

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 0.941 0.832 0.835 0.626 0.013 0.486 0.498 0.448
SEG 2 0.891 0.735 0.860 0.495 0.148 0.065 0.045 0.0002
SEG 3 0.538 0.635 0.651 0.773 0.033 0.526 0.957 0.107
SEG 4 0.931 0.952 0.985 0.446 0.031 0.458 0.865 0.097
SEG 5 0.219 0.261 0.398 0.869 0.152 0.781 0.254 0.227

Primary Care Physician Prescription Drugs

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 0.069 0.031 0.064 0.032 0.038 0.010 0.224 0.039
SEG 2 0.467 0.885 0.799 0.943 0.646 0.786 0.323 0.544
SEG 3 0.357 0.671 0.658 0.804 0.747 0.907 0.168 0.307
SEG 4 0.152 0.279 0.488 0.823 0.456 0.186 0.264 0.556
SEG 5 0.760 0.922 0.707 0.350 0.783 0.939 0.992 0.344

Nursing Home Home Care + Home Nurse

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5 SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 0.131 0.746 0.363 0.156 0.009 0.007 0.001 0.002
SEG 2 0.176 0.045 0.006 0.001 0.010 0.916 0.590 0.751
SEG 3 0.491 0.378 0.524 0.227 0.00002 0.112 0.490 0.649
SEG 4 0.693 0.238 0.718 0.548 0.00001 0.050 0.556 0.807
SEG 5 0.951 0.108 0.405 0.660 0.00001 0.052 0.624 0.904

Total

SEG 1 SEG 2 SEG 3 SEG 4 SEG 5

SEG 1 0.152 0.027 0.206 0.011
SEG 2 0.124 0.362 0.819 0.408
SEG 3 0.866 0.102 0.251 0.750
SEG 4 0.742 0.820 0.784 0.248
SEG 5 0.289 0.882 0.304 0.874
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