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Abstract

This dissertation describes, validates, and utilizes the Future Adult Model (FAM), a

dynamic microsimulation model developed for policy analysis of health and health-

related outcomes. FAM is based on the Panel Study of Income Dynamics and

projects health risk factors (e.g., smoking, body mass index), health outcomes (e.g.,

diabetes, functional limitations), and health-related economic outcomes (e.g., em-

ployment, disability benefits). The first paper describes the model, targeting the

description to an audience of model consumers and users. The second paper focuses

on the internal consistency and external validity of two key outcomes in FAM: body

mass index and diabetes. Internal consistency is assessed by comparing a decade

of projections to the host PSID data. External validity is assessed comparing to

Behavioral Risk Factor Surveillance System data. The third paper utilizes FAM

to assess the potential fiscal consequences of health innovation in the US over the

next three decades. This analysis includes analyses of Social Security Old Age and

Survivor’s Insurance, Social Security Disability Insurance, Supplemental Security

Income, Medicare, and Medicaid expenditures, as well as revenues from federal and

state taxes. Prevention of any of the chronic diseases considered could result in fiscal

savings, with the largest savings for hypertension prevention. Though the potential

savings of disease prevention are large, they are no panacea for solvency issues facing

entitlement programs like Medicare and Social Security.
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1. Introduction

Health impacts individuals and society. For the individual, health impacts quan-

tity and quality of life, as well as economic outcomes. From a fiscal perspective,

population health directly impacts federal insurance programs, including Medicare,

Medicaid, and Old-age, Survivors, and Disability Insurance.

Health is impacted by a broad range of factors, from genetics and social deter-

minants, to individual preferences, choices and access to care. Some recent health

trends in the United States are alarming, particularly the continued increase in obe-

sity and some obesity-related chronic conditions. Other health trends, such as a

decline in cigarette smoking suggest reason for optimism. Moreover, educational

attainment continues to improve, potentially mitigating some of the negative health

impacts, and technological strides continue to be made in many disease areas. Be-

cause of the complex trends in demographics, health behaviors, and technologies,

projecting the future is challenging. Since the 1970s, microsimulation models have

emerged as a method that attempts to disentangle the complexities. These models

have been used in both projecting the future and for considering counter-factual

scenarios.

1.1 Trends in Health

Trends in body mass index (BMI) has been been a cause for concern for decades.

In 1960-1962, 31.5% of 20-74 year olds were overweight (a BMI between 25 and

29.9) and 13.4% were obese (a BMI over 30.0) (Fryar et al., 2018). By 1999-2000,

33.6% were overweight, but 30.9% were obese. By 2017-2018, 30.3% were overweight

and 42.8% were obese. Perhaps even more alarming is the rise in “severe obesity,”
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defined as a BMI over 40.0. In 1960-1962 the severe obesity rate was 0.9%, rising

to 9.6% in 2017-2018. Moreover, there are sizable differences in obesity rates by sex

and race/ethnicity. In 2017-2018, non-Hispanic white males and Hispanic males had

obesity rates of 44.7% and 45.7%, respectively. Rates were lower for non-Hispanic

black males (41.1%) and non-Hispanic Asian males (17.5%). The ordering is different

for women. Non-hispanic black females had an obesity prevalence of 56.9%, Hispanic

females had a prevalence of 43.7%, non-Hispanic white females had a prevalence of

39.8%, and non-Hispanic Asian females had a prevalnce of 17.2%.

Obesity leads to significant health and economic effects. Sturm estimates that

obesity has approximately the same association with chronic health conditions as

does twenty years’ aging (Sturm, 2002). Category of obesity has been shown to

increase costs in a non-linear fashion (Andreyeva et al., 2004). Hammond and Levine

provide an overview of the economic impact of obesity in the United States, exploring

direct medical costs, productivity costs, transportation costs, and human capital

costs (Hammond and Levine, 2010). Comorbidities associated with obesity, have

also increased (Menke et al., 2015).

Like obesity, diabetes rates in the United States are increasing. Prevalence of

total diabetes (defined as both diagnosed and undiagnosed) was 9.5% in 1999-2002

for the 18 and older population (Centers for Disease Control and Prevention and

others, 2020). This increased to 12.0% by 2013-2016. Among diagnosed diabetes,

there are large differences by gender and race/ethnicity. Non-Hispanic white females

had a prevalence of 6.6% in 2017-2018, compared to 12.0% for non-Hispanic black

females, 11.6% for Hispanic females, and 8.5% for non-Hispanic Asian females. Non-

Hispanic white males had a prevalence of 8.6%, non-Hispanic black males of 11.4%,

Hispanic males of 13.7%, and non-Hispanic Asian males of 10.0%.

Trends in demographics and risk factors suggest that the burden of diabetes will

continue to increase in the future, though trends in educational attainment might

2



counter some of the growth. These increases impact both individuals and society

through many pathways, including the direct health impacts (chronic conditions,

functional limitations, and mortality), increased medical expenditures and utiliza-

tion, other economic impacts (changes in employment, disability), and declines in

subjective well-being. Furthermore, obesity and diabetes are associated with in-

creased risk for chronic conditions like hypertension, coronary heart disease, and

stroke, increasing medical costs.

Peters, et al provide evidence of the complexity of the processes at work for

cardiovascular risk factors (Peters et al., 2019). Using NHANES data from 2001 to

2016, they find reductions in some risk factors (systolic blood pressure and smoking),

but increases in diabetes mellitus and body mass index. Control of hypertension,

diabetes, and dyslipidemia remained suboptimal. In contrast, Liu finds that since

1999, hypertension rates in the United States have been, and remain, high, with a

rising trend in elevated blood pressure (Liu et al., 2018).

Many strategies have been suggested to tackle the challenge of rising rates of obe-

sity and associated chronic conditions, including lifestyle interventions that target

diet and exercise, medical procedures like gastric bypass surgery, pharmaceuticals

that lead to weight loss, taxes on particular foods, menu labeling to improve food

choices, and more. These strategies, in turn, are often implemented on a small

scale or within a randomized control trial. To translate the potential effects to a

larger scale analysts increasingly turn to microsimulation models, as these models

can account for heterogeneous individuals and treatment effects.

1.2 Microsimulation Models in Health

Simulation models have a long history of use to project health processes, health

outcomes, and health-related outcomes. From period life tables to estimate average

3



life expectancy to cellular-level simulation models of disease processes, modeling

has been broadly adopted. Schofield, et al provide an overview of the history of

microsimulation models in health (Schofield et al., 2018).

Microsimulation models have many strengths. They are potentially quite pow-

erful in that they can incorporate substantial heterogeneity and provide insight into

distributions, not just averages. This makes them better suited to analyses in many

contexts. They are a tool for counter-factual analysis of policy approaches, includ-

ing long-term outcomes. This is particularly valuable, as long-term outcomes are

often not feasibly studied with other methods, such as clinical trials (due to cost

of running long trials) or projecting potential lifetime outcomes for interventions at

early life. Dynamic microsimulation models, in particular (and in contrast to static

microsimulatio models), are suitable for particularly applicable to health-related

modeling as key predictors change over time within the model.

Microsimulation models also have many weaknesses. Despite their long history of

development, they have not been broadly adopted by policy makers in health. This

is for many reasons, including abandonment of models after initial development,

challenge in understanding model function and model uncertainty, and a lack of

validation of model outputs. While microsimulation offers a way to project the

future under a set of assumptions, these microsimulation models are often “black

boxes.” Assumptions and limitations tend to be poorly documented, the models are

often not validated in an easily accessible way, and uncertainty is rarely quantified

well.

To assess counter-factual policies credibly requires a microsimulation model that

performs well, but also one where the limitations are clearly conveyed. With respect

to body mass index, a model that performs well needs to project not just the mean

BMI well, but also capture the distribution, as policies often target those in the right

tail, such as the obese or severely obese. This is not an uncommon requirement for

4



microsimulation models, as the distribution of continuous variables is often relevant

to policy questions. Though often assumed to be “crystal balls” for projecting the

future, validation of past-performance and transparency about limitations can avoid

overselling the capabilities of these models while better informing policy decisions.

The model described and used in this dissertation is the Future Adult Model

(FAM). It and its sister model, the Future Elderly Model (FEM), are “all-purpose”

tools in that they offer the flexibility to model a wide range of interventions that

affect population health, labor market, and demographic outcomes. They are most

suited for issues that involve tracking health risks, morbidity, and disability that

impact economic outcomes such as work, earnings, wealth, medical expenditures,

and government program participation/benefits. They cover the ground between

biological/medical simulation models (used in clinical care) and demographic models

for topics like immigration or involving geography. FAM projections can give insight

into average outcomes, but also into distributions of outcomes where supported by

the host data. This is an advantage compared to traditional life table or cell-based

models, as often it is particular regions of distributions that are of policy interest,

such as income above the poverty line or body mass index above some threshold.

Recently, “A bipartisan group of senators including Senate Finance Ranking

Republican Mike Crapo (ID) are reintroducing legislation that would direct the

Congressional Budget Office to consider savings from preventive services when esti-

mating the cost of legislation and would let Congressional leaders get an analysis of

those measures beyond the 10-year budget window. ‘Congress can address our debt

crisis by enacting substantial reforms to entitlement programs currently running on

autopilot,’ Crapo said” (Lotven, 2021). This dissertation seeks to describe, validate,

and apply a microsimulation model to do just that.
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1.3 Policy Question

At the national level, what is the potential fiscal consequence of innovation in pre-

venting common chronic diseases?

1.4 Aims and Research Questions

This dissertation will describe, validate, and apply a microsimulation model for the

United States population ages 25 and older with a focus on valuing chronic disease

prevention. Aim 1 is to describe a dynamic microsimulation model to forecast fu-

ture risk factors, chronic disease, disability, and related economic outcomes. This

model, the Future Adult Model (FAM), will have applications to many areas of

policy interest, including valuing disease prevention and potential treatments, un-

derstanding the implications of population health trends for federal programs, and

assessing disparities in health and economic outcomes. To date, applications with

FAM include quantifying the impact of early childhood education programs (Garćıa

et al., 2020; Garćıa and Heckman, 2020), assessing the life-course impact of serious

mental illness (Seabury et al., 2019), quantifying the lifetime burden of congenital

heart problems (Gong et al., 2020), the benefits to diet improvement (Herman et al.,

2021), and assessments of programs to target BMI (Russell-Fritch et al., 2020). Aim

2 is to validate FAM to assess the internal consistency and external validity of pro-

jections of BMI and diabetes. Aim 3 utilizes FAM to analyze the potential value

of chronic disease prevention to address the following research questions:

1. What is the burden of chronic disease in the US population (ages 25 and older)

over the next thirty years?

2. What are the potential fiscal impacts of disease prevention?
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1.5 Structure of this Document

Chapter 2 describes the Future Adult Model. Chapter 3 presents validation re-

sults for BMI and diabetes. Chapter 4 utilizes FAM to assess the potential fiscal

consequences of disease prevention. Chapter 5 concludes.
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2. The Design of the Future Adult Model: A Life Course

Dynamic Microsimulation

2.1 Introduction

This paper describes the design of the Future Adult Model (FAM), a dynamic mi-

crosimulation model for predicting future health risks, morbidity, mortality, disabil-

ity, and economic outcomes of adults in the United States. The Future Adult Model

belongs to a family of microsimulation models that share a common architecture,

but run off different input data. Its older sibling, the Future Elderly Model (FEM)

focuses on Americans over age 50 and more recent adaptations of the software have

created simulation models for several European countries, Mexico, and Korea. As

of this writing, the model is being adapted for Ireland at Trinity College Dublin and

for the UK at the University of Leeds.

The Future Adult/Future Elderly microsimulation models (FAM-FEM) models

have been used for policy analysis and research on health risks, chronic disease,

functional limitations, federal programs, early childhood education programs, and

health disparities. However, as common in the microsimulation field, the focus is

on the substantive application details about the model are relegated to unpublished

appendices. The last (and only) peer-reviewed report on the development is now 17

years old (Goldman et al., 2004) and no longer an accurate reflection because the

current models have different specifications, different data sources, and are written

in a different programming language.

FAM and FEM are “all-purpose” tools in that they offer the flexibility to model

a wide range of interventions that affect population health, labor market, and de-
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mographic outcomes. They are most suited for issues that involve tracking health

risks, morbidity, and disability that impact economic outcomes such as work, earn-

ings, wealth, medical expenditures, and government program participation/benefits.

They cover the ground between biological/medical simulation models (used in clin-

ical care) and demographic models for topics like immigration or involving geogra-

phy. FAM and FEM projections can give insight into average outcomes, but also

into distributions of outcomes where supported by the host data. This is an advan-

tage compared to traditional life table or cell-based models, as often it is particular

regions of distributions that are of policy interest, such as income above the poverty

line or body mass index above some threshold.

Microsimulation is primarily synthesis: a simulation model combines information

from various analyses outside the simulation model. The FAM-FEM approach differs

in that respect and new analysis is a central component for policy simulations.

Prior to every simulation, the software re-estimates the parameters for dynamic

transitions using the latest available data. That means that the parameters in the

central simulation engine are not hardcoded, but are refreshed as new data become

available. In addition, a user of the model can modify the functional relationship

between variables and the software will estimate parameters for this functional form

and then use it in simulations.

2.2 Future Adult Model Architecture

The primary engine of FAM-FEM is a set of equations that captures an individual’s

life trajectory. The transitions correspond to aging 2 years and are estimated from

panel survey data that are suitable for the particular version of FAM or FEM.

For the US Future Adult Model, the primary survey is the Panel Study of Income

Dynamics; for the US Future Elderly Model, it is the Health and Retirement Study;
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and for other countries, it is a country-specific survey. The transition module is

described in Section 2.3. Once those equations are estimated, they are applied to

a cohort. In addition, at each period, a set of contemporaneous policy outcomes

(such as health care costs) is assigned. The contemporaneous outcome module is

described in Section 2.4. The initial data used in a typical simulation is the full

PSID population in the most recent survey year. However, it could be limited to

twenty-five and twenty-six year olds from a year of interest (this simulation is shown

in Figure 2.1) or it could even be a fully synthetic cohort.

Figure 2.1: Structure of a cohort simulation

Often, the interest is in population rather than cohort simulations. The tran-

sition module only ages individuals, so in order to maintain a population, new

individuals need to be added. This is the task of the replenishing module, described

in Section 2.5. Once the population is aged, a new group of 25/26 year olds is added
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and the set of contemporaneous outcomes are assigned. The process then repeats,

beginning with aging the population another two years. This is shown in Figure 2.2.

Figure 2.2: Structure of a population simulation

2.3 Transition Module

The transition module is the mechanism that ages individuals in the simulation.

Risk factors, chronic diseases, functional limitations, and economic outcomes are all

transitioned outcomes. Table 2.1 lists the set of predictor variables that are poten-

tially used in the transition models, but not all predictors are used in all models.

Some characteristics of the individual are assumed not to change within the simula-

tion, such as sex, race/ethnicity, or parents’ education. Other characteristics change

deterministically, such as age or because of a consequence of age (e.g. eligibility for

programs like Medicare). Many outcomes change probabilistically via estimated
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transition equations. The transitioned variables and data sources are listed in Table

2.2. These are all first-order Markov models, meaning that characteristics at time t

impact the status at time t + 2 (the model runs in 2 year intervals, mimicking the

PSID interview timing).

2.3.1 Data Sources

The transition models are estimated primarily using the Panel Study of Income

Dynamics data, which is then supplemented with the Health and Retirement Study

data for outcomes (mortality, widowhood, and nursing home entry) that benefit

from a larger sample at older ages.

Panel Study of Income Dynamics

The Panel Study of Income Dynamics (University of Michigan, 2017) is the prin-

ciple dataset used for FAM. We use all respondents age 25 and older who are in

their own household. When appropriately weighted, the PSID is representative of

U.S. households (Berglund and Heeringa, 2015). The PSID is the longest running

household panel survey in the world (McGonagle et al., 2012). It began in 1968 and

has evolved over time, with information collected on over 70,000 individuals. The

initial structure of the survey was to follow the 1968 sample, as well as their descen-

dants. An immigrant sample was added in 1997 in order to maintain the national

representation of the overall sample.

Though the PSID was initially focused on economic outcomes, the scope of the

survey has expanded with time. For FAM, the addition of questions on chronic

health conditions in 1999 was essential and the addition of emotional distress in

2001, retrospective questions on childhood health in 2007 (Smith, 2009), and life

satisfaction questions in 2009 expanded the scope of FAM simulations.
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Respondents age 25 and 26 are used as the basis for the synthetic cohorts that

are used for replenishing the sample in population simulations. These 25 and 26 year

olds are also often the basis for cohort scenarios, allowing the analyst to project the

longest life-course.

PSID interviews, like interviews in the Health and Retirement Study and similar

surveys in other countries, occur every two years and provide the rationale of why

FAM-FEM use 2-year time-steps. We create a dataset of respondents who have

formed their own households, either as single heads of households, cohabitating

partners, or married partners. These heads and spouses respond to health questions

that are critical for our purposes.

The PSID continually adds new cohorts that are descendants (or new partner-

s/spouses of descendants). Consequently, the information that can be used for esti-

mating transitions is constantly changing and the design of FAM, which re-estimates

transitions prior to simulation, can take advantage of additional data.

Health and Retirement Study

In FAM, the Health and Retirement Study (HRS) waves are pooled with the PSID

for estimation of mortality and widowhood transition models. The HRS is a survey

of individuals over 50. It has a similar structure to the PSID, with interviews occur-

ring every two years and a similar set of questions on chronic illness and disability

limitations (University of Michigan, 2016) (RAND Corporation, 2016). The HRS

data are harmonized to the PSID for all relevant variables. Pooling with the PSID

yields a larger sample sizes for subpopulations, such as older Hispanics and individ-

uals who reside in nursing homes, and it greatly improves the mortality models.
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2.3.2 Health Transition Models

Transition models for health risk factors, chronic diseases, and functional limitations

are estimated using ordinary least squares for continuous outcomes (such as body

mass index), probit models for binary outcomes (such as being diagnosed with a

particular chronic condition), and ordered probits for ordinal outcomes (rating of

health status). The estimation often includes a sample restriction to maintain the

logic of a transition and to be consistent with the survey instrument. For chronic

conditions, we estimate incidence rates, i.e. the probability of developing a new

condition conditional on not having had it before. In this case, the estimation

sample is restricted to individuals who did not have the condition in the previous

wave of the survey. Similar logical restrictions apply to the smoking initiation and

smoking cessation models, as smoking initiation is only modeled for those who were

not smoking in the previous survey wave and smoking cessation is only modeled for

those who were smoking in the previous wave of the survey.

We limit the chronic diseases that enter into other chronic disease incidence

models to those shown in Figure 2.3. Some diseases, like diabetes, are risk factors

for other chronic conditions. Others, like chronic lung disease, do not impact other

diseases. All diseases impact outcomes like mortality, functional limitations, and

medical expenditures.

A schematic for the diabetes incidence model is shown in Figure 2.4. In this

model, time-invariant variables include childhood socio-economic status, childhood

self-reported health, education, race, and sex, with interaction terms between age

and sex, race and education, and sex and race. Time-varying risk factors include age,

BMI, and smoking status. No other chronic conditions impact diabetes incidence.

The mortality transition model is shown in Figure 2.5. Here, demographic char-
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Figure 2.3: Chronic disease causal links

Figure 2.4: Diabetes transition model
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acteristics, chronic conditions, functional limitations, and risk factors are used to

predict the two-year mortality probability using a probit model.

Figure 2.5: Mortality transition model

The mortality model estimates are presented in Table 2.3. Estimates for the

chronic disease transition models are presented in Tables 2.4 and 2.5.
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2.3.3 Economic Transition Models

FAM also transitions a set of health-influenced economic outcomes. Though eco-

nomic outcomes may potentially influence health, our approach restricts health out-

comes to be predictors of economic outcomes and does not include reverse causal

paths. We control for education in both health and economic transition models, so

in some sense the impact of permanent income is included in health and economic

transitions. But we do not allow current earnings to impact subsequent health.

Current labor force participation is modeled with a two-stage approach. In the

first stage, we estimate a multinomial logit model to predict if the individual is out

of the labor force, unemployed, or working for pay. For individuals who are working

for pay, we then estimate if that position is part- or full-time using a probit model.

Models for log(earnings) are estimated by employment category (out of labor

force, unemployed, part-time, or full-time). Since this is a measure of earnings in

the previous year, it is possible that those out of the labor force or unemployed had

earnings even if they are not currently working for pay. For those out of the labor

force or unemployed, we estimate a two stage model: if they have non-zero earnings

in the previous year and conditional on earnings a log(earnings) model. Wealth is

modeled with an inverse hyperbolic sine model, which several useful characteristics:

it is defined for negative values, it is defined at zero, and for large values it behaves

like a log transformation (MacKinnon and Magee, 1990). More details are provided

in A.2.1.

The models for claiming different types of transfer income, such as disability,

retirement pension, supplemental social security or other government support are

similar in structure, although the values are assigned as contemporaneous outcomes,

meaning that the transfer income amounts depend on current values of any time-
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varying characteristics, rather than two-year lags. A schematic for the claiming

disability insurance is show in Figure 2.6.

Figure 2.6: Disability transition model

2.3.4 Life Event Transition Models

FAM includes models for life events such as childbirth and partnership changes, but

they are secondary and consequently simpler than what demographic microsimu-

lation models might use. For example, there is no assortative mating model, but
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transitions are functions of observed characteristics. An individual might switch

from being single to cohabitating or switch from being married to being single. A

married individual might be predicted to become a widow. A cohabitating male

might become a father, a single female might give birth to children.

2.4 Contemporaneous Outcomes Modules

Some outcomes depend on the current status of an individual, such as medical expen-

ditures, which are assigned based on the current age, comorbidities, and functional

limitations. Those variables are not used to assign subsequent outcomes. The full

list of contemporaneous outcomes, including medical cost and use, taxes paid, gov-

ernment transfers, and several measures of subjective well-being, is shown in Table

2.6.

2.4.1 Data Sources

In addition to the Panel Study of Income Dynamics, FAM relies on models esti-

mated using to the Medical Expenditure Panel Survey and the Medicare Current

Beneficiary Study to assign health care costs and quality-of-life.

Medical Expenditure Panel Survey and Medicare Current Beneficiary Survey

The Medical Expenditure Panel Survey started in 1996 and the household compo-

nent provides data from individual households and their members, which is supple-

mented by data from their medical providers. The Medical Expenditure Panel Sur-

vey is used to estimate medical costs for the non-elderly (25-64) non-institutionalized

population.

The Medicare Current Beneficiary Survey is a nationally representative sample
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of aged, disabled and institutionalized Medicare beneficiaries and complements the

Medical Expenditure Panel Survey for those groups.

2.4.2 Medical Cost and Use

FAM assigns several outcomes related to medical cost and use. Enrollment in

health insurance programs, such as Medicare and Medicaid is predicted for indi-

viduals using probit models. The value of medical expenditures, controlling for

demographics, chronic diseases, functional limitations, and other predictors are es-

timated with ordinary least squares models. Total expenditures are calculated, as

well as program-specific (Medicare, Medicaid), and the individual’s out-of-pocket

contributions. Additionally, utilization outcomes, such as doctor’s visits and nights

spent in the hospital, are estimated using count models.

2.4.3 Taxes Paid

Federal and state taxes are calculated using Internet TAXSIM version 9 (Kimberlin

et al., 2014). TAXSIM is the National Bureau of Economic Research’s tool for

estimating federal and state tax liabilities from individual level data (Feenberg and

Coutts, 1993). Reduced form regression models for federal and state taxes are

estimated controlling for variables present in the simulation, such as demographic

characteristics, earnings, and capital income. These regression models are then

applied cross-sectionally within FAM.

2.4.4 Government Transfers

Four types of government transfers are assigned based on the Panel Study of Income

Dynamics: Old Age and Survivors Insurance benefits, Disability benefits, Supple-
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mental Security Income benefits, and “other government transfers.” Each of these is

the second in a two-stage process. Claiming of these benefits is transitioned as a bi-

nary variable. The actual benefit levels are then assigned cross-sectionally via OLS

regression models that control for demographic characteristics. Thus, health and

functional limitations impact the claiming behavior, but not the benefit amount.

2.4.5 Subjective Well-being

FAM simulates three measures of subjective well-being. Two measures, self-reported

health and life satisfaction (both use a five level Likert scale), come directly from the

Panel Study of Income Dynamics. These are modeled with ordered probits, control-

ling for a large set of predictors, including demographics, childhood characteristics,

chronic conditions, functional limitations, economic variables, and marital status.

A third measure, the quality-adjusted life year (QALY) is calculated from Med-

ical Expenditure Panel Survey and the Panel Study of Income Dynamics. MEPS

respondents were asked the EQ-5D set of questions. Shaw then calculated preference

weights for these responses (Shaw et al., 2005) (Shaw et al., 2010). Using shared co-

variates between the MEPS and PSID, we estimate an OLS model for these scores.

That model is then used to impute values for all PSID respondents. The QALY

model for use in FAM predicts the imputed score as a function of variables in the

simulation. This model controls for functional limitations, chronic conditions, risk

behaviors, and marital status as seen in Figure 2.7.

2.5 Replenishing Module

The replenishing module provides synthetic replenishing cohorts for FAM to fill in

the youngest simulants as the simulation progresses. This second engine is not used

for cohort simulations where the simulation starts with a particular population and
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Figure 2.7: Quality adjusted life year
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simulates their remaining lifetime. However, this engine is needed if one wants to

simulate the US population over time. At every simulation time-step, the mod-

ule adds a new semi-synthetic group of 25/26 year olds. These individuals have

some characteristics from real PSID respondents, while selected characteristics are

assigned. Users can make different assumption about future cohorts, but there is a

default setting described in this section. To create a new synthetic population of

25/26 year olds, we assign characteristics in two steps: adjustment of sample weights

and assignment of characteristics.

2.5.1 Data Sources

National Health Interview Survey

The NHIS contains individual-level data on height, weight, smoking status, self-

reported chronic conditions, income, education, and demographic variables. It is a

repeated cross-section done every year for several decades. Since 1997, a selected

subsample of adults was asked about a complete set of chronic conditions. The

survey questions are quite similar to those in PSID. As a result, we only use data from

1997 to 2010 for projecting trends of chronic conditions for future 25- and 26-year-

old individuals. The survey includes information on weight and height and smoking.

FAM uses NHIS to project prevalence of hypertension and smoking for assigning

characteristics to the replenishing cohorts of 25- and 26-year-old individuals.

National Health and Nutrition Examination Survey

The NHANES is a nationally representative set of surveys focused on different health

topics (National Center for Health Statistics and others, 2017). Since 1999, the

survey has been conducted every two years, with a sample of about 5,000 individuals
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per year. Respondents are asked demographic, SES, dietary, and health-related

questions. Additionally, there are medical, dental, and physiological measurements,

as well as a battery of laboratory tests. Due to the repeated cross-section nature of

the NHANES, it is useful for assessing trends in population outcomes. For FAM,

we estimate trends in body mass index (BMI) from these data, following a method

from Ruhm (Ruhm, 2007).

American Community Survey

The ACS collects data on demographic, economic, social, housing, and financial

characteristics of the U.S. population (US Census Bureau, 2009) and has been fielded

annually since 2000. It is a large survey, with approximately 2.3 million interviews

conducted in 2015. Since 2005, the survey has interviewed 1.9 million or more house-

holds (US Census Bureau, 2016).FAM relies on social characteristics from ACS to

estimate trends in marriage and cohabitation, fertility, and educational attainment

in assigning characteristics to the replenishing cohorts. Additionally, FAM relies on

economic characteristics to estimate trends in labor force status for these cohorts.

Census National Population Projections

FAM relies on U.S. Census population projections in two ways. Demographic char-

acteristics of the 25- and 26-year-old replenishing cohorts are reweighted to match

Census projections by sex and race. Within the simulation, Census forecasts of net

international migration are applied to the surviving population at each step of the

simulation. The Census projects the resident population by age, sex, race, Hispanic

origin, and nativity (Colby et al., 2015), including births, deaths, and net interna-

tional migration. The projections are based on cohort-component methods, which
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project the components of population change for each birth cohort based on past

trends. The population projections are through 2060.

2.5.2 Sample reweighting

We reweight an existing population of 25/26 year olds from the PSID to match de-

mographic projections from the US Census Bureau. This cell-based reweighting is

done by age, race/ethnicity, and gender so that the total sampling weight in the cell

matches Census projections for a given year. Within the cell the relative weighting

of individuals is preserved. We also apply an “expansion factor” to these individuals,

increasing the number of observations while inversely scaling the sampling weights.

For example, when expanding the sample 100 times the weights will be reduced by

a factor of 100. This is done to incorporate variation in the second step, which

involves random assignment in a process similar to joint modeling multiple impu-

tation methods used in creating synthetic datasets for statistical disclosure control

(Drechsler, 2011).

2.5.3 Joint assignment of characteristics

The more technically challenging part is to assign other individual characteristics,

such as BMI, smoking status, and marital status. These assignments are done

jointly, meaning that the covariance across characteristics as observed in the PSID

is preserved. Furthermore, these characteristics can have trends applied to them to

reflect our “best guess” for future cohorts. Future cohorts are assumed to have higher

BMI, but lower smoking rates, extrapolating recently observed trends in the US.

Trends in those characteristics are estimated from the American Community Survey,

the National Health Interview Survey, and the National Health and Nutritional

Examination Survey.
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In order to assign characteristics, we first estimate models and the covariance

structure among PSID respondents between the ages of 25 and 30 from 2005-2015.

The jointly assigned characteristics include education level, if the individual is single

or partnered, the partnership type (cohabitating or married) if partnered, their BMI

category (BMI under 25, 25-30, 30-35, or 35+), their smoking status (never, former,

current), if they have diagnosed hypertension, and how many children they have.

Covariances are constrained where appropriate, such as for characteristics that do

not covary. We use Roodman’s CMP Stata package to estimate models for the

characteristics that are jointly assigned (Roodman, 2011) treating them as “seem-

ingly unrelated models.” Parameter estimates for the jointly modeled conditions are

shown in Table 7 and the covariance matrix is in Table 8.

Using these models and the covariance matrix, we then assign characteristics to

the 25/26 year olds. Each simulant gets a seeded random draw from a multivariate

normal distribution that has the covariance structure from the estimation step. The

models for each characteristic are then applied to assign the status relative to this

draw. If a trend is assumed for the characteristic, then the model is adjusted to yield

the desired prevalence. For example, the constant term in a probit model would be

increased to reflect an upward trend in that characteristic. Cut points in ordered

models are adjusted in a similar fashion to yield the desired prevalence trend.

The trend estimates come from a variety of sources. For hypertension and smok-

ing, FAM uses NHIS data from 1997-2014 to estimate the historic trend in prevalence

for 21-30 year olds. These trends are then extrapolated through 2030, after which

they are held at the 2030 levels. Extrapolating these trends leads to a hypertension

prevalence of 10.5% in 2030 and declining smoking rates (74.7% non-smokers, 8.5%

former smokers, and 16.8% current smokers). Trends in self-reported BMI are esti-

mated using NHANES data 1990-2009 following Ruhm (Ruhm, 2007). This method

uses quantile regression to model the evolution of the BMI distribution. The same
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approach is used: extrapolate through 2030 and then keep constant. This approach

yields a reduction of the population with a BMI under 25 (from 42.6% to 37.5%),

relative stability in the fraction with a BMI 25-30 and 30-35, and increases in the

35-40 (from 9.1% to 13.2%) and 40 or higher (from 4.8% to 6.1%).

Finally, trends in marriage and cohabitation, fertility, and educational attain-

ment are based on the American Community Survey. Again, we extrapolate these

trends through 2030, after which the levels are held constant. For the 25-26 cohorts,

this yields slight increases in singlehood and less marriage for those who are in a

partnership. The number of children for those ages 25-26 is projected to decline.

2.6 Scenarios

FAM is designed to produce projections under different counterfactual scenarios.

There are four broad types of scenarios that are often explored:

• Alter initial characteristics of population

• Intervene on transitions

• Change policy module

• Alter characteristics of replenishing cohorts

In the first, the baseline characteristics of the population to be simulated are

changed. For example, education levels might be increased or BMI might be re-

duced. The simulation is then performed both with and without the changes to the

population. Since all transitions are seeded at the individual-disease-year-Monte

Carlo rep level, any differences in outcomes are attributed to the alterations.

The second type of scenario intervenes on the transitions, either by impacting the

probability of the transition occurring or via accounting within the simulation. In
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the former, the probability of a transitioned outcome can be increased or decreased,

such as reducing the incidence rate of a disease. In the latter, the incidence of an

outcome might be delayed until the next time step in the simulation.

The third type of scenario changes a characteristic of the policy module. For ex-

ample, one might increase the age of eligibility for Medicare insurance. Alternatively,

one might change the benefits paid to Supplemental Security Insurance recipients or

the claiming rules for Federal Disability benefits. These types of scenarios provide

a reduced-form estimate of these policy interventions.

Finally, one can also change the characteristics of the replenishing cohorts. As

the replenishingd cohorts are synthetic, this is a useful exercise both for determining

the implications of assumptions about the replenishing cohorts and for assessing

alternative assumptions. Example scenarios might reverse the obesity epidemic for

younger generations or improve educational attainment for the disadvantaged.

2.7 Uncertainty

The output of microsimulation models contains uncertainty arising from various

sources. With the exception of uncertainty introduced by Monte Carlo simulation,

there is no fundamental difference between microsimulation and more typical empir-

ical research. Yet the reporting standards differ: Peer-reviewed publications require

an assessment of statistical uncertainty (standard errors, confidence intervals, or

significance tests) in empirical research. Yet assessments of statistical uncertainty

remains an exception in microsimulation (Goedemé et al., 2013).

We distinguish four sources of uncertainty in microsimulation results: Simula-

tion error, statistical/parameter uncertainty, modeling uncertainty, and policy un-

certainty.

Simulation error is unique to these models and has no counterpart in statistical
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analysis. It results from random assignment of outcomes in the simulation. Yet

this source of uncertainty is completely under the control of the modeler and can be

reduced to any desired level. The annual incidence (new cases) of diabetes is around

6/1000. If one simulated a population of 1000 with this rate, the simulation-induced

noise causes a relative error (standard error divided by mean) of about 40% in the

simulated incidence rate. Simulating a population of 100,000 reduces the relative

error to about 4% and a population of 1,000,000 to about 1%. A typical FAM

simulation would start with an observed cohort from the Panel Study of Income

Dynamics and the simulation noise is decreased by conducting repeated runs with

the same starting population.

Statistical and parameter uncertainty is the bread and butter of statistical in-

ference. Simulations are based on estimated, not known, parameters. In FAM, the

central engine relies on estimates from the population sample that participated in

the Panel Study of Income Dynamics. Direct analytic expressions for standard er-

rors exist for simple models , such as linear regression, but for hardly anything else.

Even moderately more complicated statistics involve Taylor series approximations,

but obtaining analytic expressions for microsimulation outcomes is a hopeless under-

taking. However, algorithmic approaches provide an alternative. The bootstrap was

a major advance towards automating a wide variety of inferential calculations and it

opened the door for more complicated estimation algorithms (Efron and Tibshirani,

1981).

The primary statistical uncertainty stems from the fact that parameters in the

main simulation engine are estimates. In FAM, the primary bootstrap method is

nonparametric, i.e. we resample from the original data. The bootstrap sampling

mimics the survey design and bootstraps by strata and cluster, not just by ID.

In each bootstrap, a new set of parameters is estimated and then a new set of

simulations is run. To reduce the simulation error, this is done in a nested approach,
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so each set of parameter models gets multiple Monte Carlo repetitions. The standard

use has been for re-estimating the models, but bootstrapping is also implemented

to vary the starting population for simulations and for replenishing cohorts. While

straightforward in principle, the computational burden remains a hurdle for doing it

routinely. Instead of minutes or hours, the analyst is now looking at days to weeks

before getting results.

The last two types of uncertainty, modeling and policy uncertainty, are best

handled qualitatively. Microsimulation does not differ from other empirical research

in that way. Uncertainty about how to model relationships is best addressed with

sensitivity analysis or other ways to validate it.

2.8 Limitations of microsimulation

This microsimulation has many limitations, both explicit and implicit. FAM should

be thought of as a reduced-form, non-causal model. It is assumed that transitions

observed in the recent waves of the PSID will continue to hold into the future. The

simulation is based on participants in the PSID, which is designed to be nationally

representative of the non-institutionalized population. Therefore, individuals in in-

stitutions, such as prisons, are not captured while in prison. Since FAM mimics

the structure of the PSID, the simulation proceeds in two-year time steps. The

policy and economic environment in future years of the simulation requires assump-

tions. Macroeconomic shocks (such as a financial crisis similar to 2007-09) are not

incorporated.
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2.9 Conclusion

This paper describes the design of the Future Adult Model (FAM), a dynamic mi-

crosimulation model for health risks, health, and economic outcomes. It covers a

middle ground between biological and medical models used for clinical management

in health care and demographic models for population predictions.

There are several features in FAM that are likely to be of interest to other

modelers. One is the integration of analysis (parameter estimation) and synthesis

(simulation). FAM re-estimates the parameters for the central simulation engine

for every run and incorporates newly available data. Compared to hard-coded pa-

rameters, this flexibility is likely to become more valuable as data become more

dynamic. Another is a formal approach to assessing estimation/parameter uncer-

tainty through bootstrapping. While the programming code for the full model is

daunting, all code is made publicly available.

O’Donoghue and Dekkers argue that progress in microsimulation has been lim-

ited due to the over reliance historically on tacit knowledge transmission and on

the intellectual property model (O’Donoghue et al., 2018). The focus is on the sub-

stantive application, and specifics about the modeling approach are often relegated

to unpublished appendices. FAM and related models are not an exception. The

absence of easily accessible documention intensifies the “black box” impression of

microsimulation. And it certainly can hinder progress in the field. A 2013 survey of

dynamic microsimulation models (Li et al., 2013) had to rely on a RAND report on

the original development of the Future Elderly Model, although that model by then

used different input data, different transition models, and was written in a different

programming language. This design paper, accompanying papers on specific tech-

nical issues (such as statistical inference and validation), and making programming

code available, are a step to remedy this situation.
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2.10 Tables

32



Table 2.1: Potential inputs to transition and cross-sectional models

Stationarity Input type Measures
Fixed Demographics Sex, race/ethnicity, education, mother’s education, fa-

ther’s education
Childhood circumstance Childhood self-reported health, childhood economic sta-

tus
Time-varying Risk factors Age, BMI, smoking status, exercise

Chronic diseases Cancer, diabetes, heart disease, hypertension, lung dis-
ease, stroke

Disabilities ADL, IADL
Mental distress K6 score
Economic factors Earnings, federal DI claiming, employment, wealth,

capital income, government transfers, health insurance
type, SS claiming, SSI claiming

Life events Single/cohabitating/married, number of children
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Table 2.2: Transitioned Outcomes

Domain Category Outcome Data Source
Health Chronic conditions Cancer, diabetes, heart disease, hyperten-

sion, lung disease, stroke
PSID

Functional limitations Activities of daily living, Instrumental activ-
ities of daily living

PSID

Nursing home PSID-HRS
Mental distress Kessler 6 PSID
Mortality Death PSID-HRS
Risk factors BMI, exercise, start smoking, stop smoking PSID

Life events Childbearing, marital status PSID
Partner death PSID-HRS

Economic Employment status Full/part-time, labor force participation PSID
Health insurance Health insurance type PSID
Income and assets Capital income, earnings, wealth PSID
Public program participation OASI, DI, SSI, other transfers PSID
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(1)
Died

Died
Non-Hispanic Black 0.0605∗

Hispanic -0.0857∗

Less than HS 0.0365
Bachelors or higher -0.0714∗∗

Male 0.171∗∗∗

Male × Non-Hispanic Black 0.0612
Male × Hispanic 0.0379
Age spline, less than 35 -0.00738
Age spline, 35 to 44 0.0304∗∗

Age spline, 45 to 54 0.0217∗∗∗

Age spline, 55 to 64 0.0246∗∗∗

Age spline, 65 to 74 0.0262∗∗∗

Age spline, more than 75 0.0564∗∗∗

Lag of heart disease 0.192∗∗∗

Lag of stroke 0.202∗∗∗

Lag of cancer 0.386∗∗∗

Lag of hypertension 0.0630∗∗∗

Lag of diabetes 0.217∗∗∗

Lag of lung disease 0.312∗∗∗

Lag of 1 ADL 0.283∗∗∗

Lag of 2 ADLs 0.420∗∗∗

Lag of 3 or more ADLs 0.825∗∗∗

Lag of current smoker 0.320∗∗∗

Male × Less than HS 0.0397
Male × Bachelors or higher -0.0213
Constant -3.025∗∗∗

Observations 147638
Pseudo R2 0.290
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 2.3: Two-year mortality estimates used in FAM
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(1) (2) (3)
Cancer Diabetes Heart disease

main
Non-Hispanic Black -0.230∗∗∗ 0.0495 0.0246
Hispanic -0.465∗∗ 0.0970 -0.0726
Less than HS -0.0905 0.190∗∗∗ 0.210∗∗∗

Bachelors 0.100∗ -0.0567 -0.0755
Masters or higher -0.0191 -0.0550 -0.0339
Male -0.862 -1.011 0.0412
Male × Non-Hispanic Black 0.0725 0.0967 -0.0690
Male × Hispanic 0.000879 0.179 -0.165
Poor child SES 0.0600 0.0374 0.0728∗

Well-off child SES -0.0379 0.0326 0.0494
Fair child health 0.167 0.174 -0.103
Good child health 0.210 0.0199 -0.150
Very good child health 0.135 0.0168 -0.298∗

Excellent child health 0.185 0.0179 -0.266∗

Age spline, less than 35 0.0164 0.0127 0.00648
Age spline, 35 to 44 0.0230∗ 0.0235∗∗ 0.0206
Age spline, 45 to 54 0.0192∗ 0.0211∗∗ 0.00738
Age spline, 55 to 64 0.0163 0.00915 0.0222∗

Age spline, 65 to 74 0.00926 0.00832 0.0187
Age spline, more than 75 0.0138 -0.000870 0.0308∗∗∗

Male × Age spline, less than 35 0.0124 0.0272 -0.00204
Male × Age spline, 35 to 44 0.00255 0.0177 0.0122
Male × Age spline, 45 to 54 0.0343∗ -0.00811 0.0187
Male × Age spline, 55 to 64 0.0130 0.0178 -0.00270
Male × Age spline, 65 to 74 0.00581 -0.00859 -0.0154
Male × Age spline, more than 75 0.0186 0.00572 -0.000127
Lag of former smoker 0.0683∗ 0.0255 0.113∗∗∗

Lag of current smoker 0.201∗∗∗ 0.0865∗ 0.288∗∗∗

Lag of Log(BMI) spline, BMI under 30 0.0252 1.574∗∗∗ -0.0835
Lag of Log(BMI) spline, BMI over 30 0.392∗ 1.301∗∗∗ 0.913∗∗∗

Non-Hispanic Black × Less than HS 0.0277 -0.113 -0.0745
Non-Hispanic Black × Bachelors -0.0795 -0.0384 0.0432
Non-Hispanic Black × Masters or higher -0.0695 0.0763 -0.555∗

Hispanic × Less than HS 0.0929 -0.160 -0.190
Hispanic × Bachelors 0.242 -0.0690 0.0517
Hispanic × Masters or higher 0.0254 -0.262 0.370
Lag of hypertension 0.292∗∗∗

Lag of diabetes 0.190∗∗∗

Constant -3.363∗∗∗ -8.209∗∗∗ -2.553∗∗∗

Observations 63130 60477 58706
Pseudo R2 0.094 0.094 0.112
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 2.4: Two-year transition estimates used in FAM
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(1) (2) (3)
Hypertension Lung disease Stroke

main
Non-Hispanic Black 0.259∗∗∗ -0.00773 0.196∗∗∗

Hispanic 0.122∗ -0.0938 -0.00789
Less than HS 0.0676 0.202∗∗∗ 0.131∗∗

Bachelors -0.0668∗ -0.210∗∗∗ -0.126∗

Masters or higher -0.128∗∗ -0.323∗∗∗ -0.253∗∗

Male 0.0130 0.00355 0.890
Male × Non-Hispanic Black -0.146∗∗ 0.123 0.0689
Male × Hispanic -0.180∗ -0.139 -0.271
Poor child SES 0.0184 0.0345 -0.0206
Well-off child SES 0.00238 0.0440 0.101
Fair child health 0.108 -0.0809 0.0829
Good child health -0.00710 -0.234∗ -0.0708
Very good child health -0.0718 -0.349∗∗ -0.139
Excellent child health -0.0800 -0.414∗∗∗ -0.155
Age spline, less than 35 0.0131 0.00461 0.0212
Age spline, 35 to 44 0.0211∗∗∗ 0.0122 0.0113
Age spline, 45 to 54 0.0195∗∗∗ 0.0115 0.0162
Age spline, 55 to 64 0.00728 0.0205∗ 0.0134
Age spline, 65 to 74 0.0296∗∗ 0.00502 0.00992
Age spline, more than 75 0.0131 0.00765 0.0326∗∗∗

Male × Age spline, less than 35 0.00678 -0.00574 -0.0376
Male × Age spline, 35 to 44 -0.0238∗∗ -0.00338 0.0308
Male × Age spline, 45 to 54 0.00944 0.0123 0.000421
Male × Age spline, 55 to 64 0.000347 0.00420 0.0121
Male × Age spline, 65 to 74 -0.0177 0.0145 0.00607
Male × Age spline, more than 75 -0.00980 0.00395 -0.0118
Lag of former smoker 0.0560∗ 0.282∗∗∗ 0.0977∗

Lag of current smoker 0.114∗∗∗ 0.590∗∗∗ 0.336∗∗∗

Lag of Log(BMI) spline, BMI under 30 1.070∗∗∗ 0.00285 -0.435∗∗

Lag of Log(BMI) spline, BMI over 30 0.612∗∗∗ 0.988∗∗∗ 0.289
Non-Hispanic Black × Less than HS 0.0169 -0.158
Non-Hispanic Black × Bachelors -0.0386 0.283∗

Non-Hispanic Black × Masters or higher 0.0606 0.298
Hispanic × Less than HS -0.149 -0.197
Hispanic × Bachelors 0.0466 0.180
Hispanic × Masters or higher -0.0867 0.0837
Lag of diabetes 0.272∗∗∗ 0.204∗∗∗

Lag of hypertension 0.310∗∗∗

Lag of heart disease 0.269∗∗∗

Lag of cancer 0.163∗

Constant -5.754∗∗∗ -2.575∗∗∗ -2.328∗∗

Observations 42688 61914 64008
Pseudo R2 0.053 0.086 0.143
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 2.5: Two-year transition estimates used in FAM
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Table 2.6: Contemporaneous Outcomes

Domain Category Outcome Data Source
Medical cost and use Individual Drug expenditures, out of pocket expenditures MEPS, MCBS

Medicaid Eligibility, expenditures MEPS, MCBS
Medicare Total expenditures, Part A expenditures, Part B expen-

ditures
MEPS, MCBS

Total expenditures MEPS, MCBS
Utilization Doctors visits, hospital encounters, hospital nights MEPS, MCBS

Taxes paid Federal, state PSID/Taxsim
Subjective well-being Life satisfaction, , self-reported health PSID

Quality-adjusted life years MEPS/PSID
Government transfers OASI benefits, SSDI benefits, SSI benefits, others gov-

ernment transfers
PSID

38



Table 2.7: Joint model estimates used to assign characteristics to replenishing cohorts

Education Partnered Married BMI cat. Smoke cat. Hypertension Working Children
Non-hispanic black -0.354 -0.702 -0.664 0.385 -0.388 0.166 0.196 0.372
Hispanic -0.075 0.126 -0.090 0.280 -0.543 -0.077 -0.107 0.251
Male -0.262 -0.138 -0.142 0.241 0.189 0.166 0.450 -0.380
Less than high school . -0.474 0.215 0.132 0.818 0.178 -0.287 0.063
College . 0.160 -0.223 -0.474 -0.722 -0.459 0.255 -0.405
Masters+ . 0.425 -0.555 -0.833 -1.080 -0.801 -0.199 -0.248
Mother less than HS -0.305 -0.061 0.003 . . . -0.031 0.147
Mother some college 0.349 -0.181 0.219 . . . -0.039 -0.165
Mother college grad 0.566 -0.315 0.089 . . . 0.081 -0.380
Father less than HS -0.130 -0.096 -0.025 . . . -0.019 0.028
Father some college 0.363 -0.386 0.116 . . . 0.037 -0.352
Father college grad 0.771 -0.458 0.118 . . . 0.023 -0.446
Poor as child -0.254 0.100 0.034 . . . -0.065 0.118
Rich as child 0.028 -0.034 -0.027 . . . -0.092 0.055
Poor health as child -0.196 -0.068 -0.234 . . . -0.153 -0.121
Age 25-26 -0.142 -0.185 -0.272 -0.136 -0.035 -0.142 0.005 -0.303
Constant 1.492 0.780 0.808 0.102 0.216 -1.118 0.960 0.453
Cut 1 0.000 0.000 0.000 0.000
Cut 2 2.105 0.885 0.777 0.641
Cut 3 3.582 1.526 . 1.408
Cut 4 . 2.045 . 2.061
Cut 5 . . . 3.874

Notes: FAM joint estimates
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Table 2.8: Joint model covariance estimates

Education Partnered Married BMI cat. Smoke cat. Hypertension Working Children
Education 1.000 . . . . . . .
Partnered -0.201 1.000 . . . . . .
Married 0.268 0.000 1.000 . . . . .
BMI cat. 0.129 -0.021 0.088 1.000 . . . .
Smoke cat. 0.033 -0.164 -0.205 -0.001 1.000 . . .
Hypertension 0.079 -0.053 0.100 0.282 0.100 1.000 . .
Working 0.092 -0.142 0.023 0.009 0.000 -0.070 1.000 .
Children -0.271 0.496 0.241 0.035 -0.058 0.138 -0.244 1.000

Notes: FAM joint covariance estimates
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3. Validating risk factor and chronic disease projections

in the Future Adult Model

3.1 Introduction

There are two purposes for this paper. The first is to describe an approach to

validation used with the Future Adult Model (FAM), a microsimulation model of

the United States population over age 25. This approach is potentially applicable to

other microsimulation models with similar data availability. The second goal is the

validation itself, highlighting both where the model performs well and areas where

further research can improve FAM’s projections.

Section 3.2 briefly describes the model and its source data. A few approaches

to out-of-sample validation are presented in Section 3.3. External validation is

described in Section 3.4. Section 3.5 concludes.

3.2 Methods

BMI and diabetes are two critical outcomes, but also enter as predictors for many

other models. These pathways are summarized in Table 3.1. Since both BMI and

diabetes impact so many things, it is critical to understand the quality of projections

as errors will propagate. The distribution of BMI matters for these outcomes, as

high BMI increases risk of chronic illness, so ideally the simulation will capture the

distribution of BMI, not just the mean.

Note that both of these measures are reported by survey respondents, not based

on clinical measurements or administrative records. Self-report data are known to
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suffer from biases in reporting. Individuals often under-report weight and over-

report height, leading to BMI values that are too low compared to their measured

values. Similar challenges face measures of chronic conditions, though chronic condi-

tions are more challenging to assess in an interview setting. Administrative medical

claims are not a panacea, as they have their own challenges (St. Clair et al., 2017).

With that said, the measures used in FAM are commonly used in surveys such as

PSID, the Behavioral Risk Factor Surveillance System (BRFSS), the Medical Ex-

penditure Panel Survey (MEPS), the Medicare Current Beneficiary Survey (MCBS),

the National Health Interview Survey, and others. Though they do not provide the

true population prevalence of chronic conditions or BMI distribution, they are still

useful in many ways. Within FAM, medical expenditures are estimated using MEPS

and MCBS, which then allows the translation of these self-reported measures into

predicted medical expenditures.

FAM estimates the two-year transition of BMI. BMI is defined as an individual’s

mass divided by the square of their height. Clinically, it is often used as a predictor

of subsequent clinical outcomes, such as risk of diabetes or mortality. The transition

model for BMI is estimated in natural logs, allowing the interpretation as a percent

change in BMI. A Box-Cox analysis of BMI transitions in the PSID data suggests a

λ parameter between 0 and −0.5, depending on specification. The transition model

is of the form:

ln(BMIi,t+1) = α · ln(BMIi,t) +Xi,t · β + Yi · γ + εi,t+1 (3.1)

The transition model estimates for BMI, estimated separately for men and

women, are shown in Table 3.2. These are reduced-form models that include both

time-varying (age, log BMI with several knots, marital status) and static (race/eth-

nicity, education, characteristics from early age) predictors. Time-varying predictors

enter as two-year lagged variables. One can think of the interpretation of this model
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as a percent change in BMI over a two-year period. Within the simulation, a ran-

dom draw from the root-mean square error term of this model adds a stochastic

element. BMI appears in other transitions either in logs or in clinically-relevant

BMI categories (under 25, 25 to 30, 30 to 35, 35 to 40, or over 40).

FAM’s diabetes model is a probit model of two-year diabetes incidence. As an

incidence model, only individuals who did not have diabetes in the previous period

are included in the estimation.

Pr(Diabetest+1 = 1|X) = φ(Xi,t · β + Yi · γ + εi,t+1),ifDiabetest = 0 (3.2)

Here, we adjust for time-varying covariates (age, smoking status, exercise, and

the log of the previous BMI in splines with several knots) and static characteris-

tics (race/ethnicity, education, gender, childhood SES, childhood health). Marginal

effects of this model are shown in Table 3.3. Consistent with the wording of the ques-

tion in the PSID (“Has a doctor or health professional ever told you that you had

diabetes or high blood sugar?”), diabetes is treated as an absorbing state variable

for the remainder of a simulant’s life.

In typical FAM use, all recent waves of PSID data are pooled for estimation.

However, for the analyses presented here we restrict the data used for estimation to

PSID respondents from 1999 to 2007. Using these transition models, we simulate

the 2007 PSID sample through 2017. The 2017 projections are then compared to

the 2017 PSID to test consistency with the host data and to an external data source,

the 2017 Behavioral Risk Factor Surveillance System (BRFSS), for external validity.

Uncertainty in the transition models is handled via non-parametric bootstrapping.

Fifty sets of transition models are estimated on resampled PSID data. Each set

of transition models is then simulated 100 times. Confidence intervals reflect both

transition and Monte Carlo uncertainty.
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3.3 Out-of-sample Validity

We explore FAM’s out-of-sample validity in two ways. The first focuses on population-

level statistics for the two outcomes of interest. The second uses Receiver Operating

Characteristic (ROC) curves to assess how well FAM classifies individuals compared

to their actual outcomes on a 10-year horizon.

3.3.1 Aggregate projections

Beginning with the 2007 cohort of 25 and older PSID respondents, we simulate

through 2017. Selected projections for the 2017 cohort, now 35 and older, are

presented in Table 3.4.

For women, mean BMI is approximately the same between FAM projections

(27.7) and PSID respondents (27.6) for 2017. For men, projected mean BMI is 28.5

in FAM, 28.3 for PSID. Most percentiles have overlapping confidence intervals. In

the right tail, such as at the 95th and 99th percentile, FAM and the PSID begin to

deviate. At the 99th percentile, the FAM projection is 3.6 BMI points lower than the

PSID value. For men, we see a similar story, though the discrepancy is around 4.2

BMI points at the 99th percentile. This suggests that the 1999-2007 data used for

estimating the transition models did not accurately capture the continual expansion

of the very high BMI population in the US.

Diabetes prevalence is lower in FAM than the PSID for both women and men.

FAM projects 12.4% prevalence for women 35 and older, compared to the 14.6%

observed in the PSID. Similarly, FAM projects 14.9% diabetes prevalence for men

compared to 16.7% in the 2017 PSID. This is possibly a consequence of not projecting

the right-tail of the BMI distribution. Alternatively, it could be changing diagnostic
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practices in the US between 2007 and 2017. A temporal time-trend would not be

captured with FAM’s approach to transition model estimation.

3.3.2 Individual assignment

In order to assess FAM’s performance in classifying individuals, we use Receiver

Operating Characteristic curves, as proposed in a validation of a cardiovascular

disease microsimulation model (Pandya et al., 2017). In this analysis, each 2007

PSID respondent is simulated 5,000 times (50 sets of bootstrapped transition models,

each with 100 Monte Carlo replications). For the outcome of interest, the fraction of

simulations that resulted in that outcome is calculated. All simulants are ordered,

smallest to largest, by these fractions. At each level of the fraction, the ROC

analysis compares to the observed outcome for the individuals in the PSID survey

data, assessing the true positive rate and false positive rate. The ROC analysis

then shows the trade-off between “true positives” and “false negatives” for different

thresholds of predicted prevalence after ten years. We assess four outcomes: having

a BMI under 25, having a BMI over 30, having a BMI over 40, and 10-year incident

diabetes for those who did not have diabetes in 2007. A performance parameter is

the “area under the curve” (AUC in the figures). Interpretation of the value of the

AUC statistic varies by context. An AUC of 1.0 is perfect classification, 0.5 is no

better than random chance.

For females, the AUC for predicting a BMI under 25 is 0.91 (Figure 3.1), while

the AUC for predicting a BMI over 30 is 0.92 (Figure 3.2). For predicting a BMI

over 40, the AUC is 0.95 (Figure 3.3). This is likely driven by the persistence of

an individual’s BMI over a decade. For males, the AUC for the BMI under 25

classification is 0.90 (Figure 3.4, the BMI over 30 classification AUC is 0.92 (Figure

3.5), and the AUC is 0.94 for the over 40 classification test (Figure 3.6).

Predicting ten-year incidence of diabetes does not perform as well as predicting
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Figure 3.1: Receiver Operating Characteristic for BMI ≤ 25 - Females
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Figure 3.2: Receiver Operating Characteristic for BMI > 30 - Females
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Figure 3.3: Receiver Operating Characteristic for BMI > 40 - Females
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Figure 3.4: Receiver Operating Characteristic for BMI ≤ 25 - Males
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Figure 3.5: Receiver Operating Characteristic for BMI > 30 - Males
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Figure 3.6: Receiver Operating Characteristic for BMI > 40 - Males
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obesity or extreme obesity. The AUC for females is 0.71 (Figure 3.7) and the AUC

for males is 0.73 (Figure 3.8). In addition to giving a sense of FAM’s classification

ability, this validation method is also useful for assessing the predictive power in

incorporating additional predictors.
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Figure 3.7: Receiver Operating Characteristic for Incident Diabetes - Females

3.4 External Validity

The Behavioral Risk Factor Surveillance System is a survey designed to collect state-

specific data on health risk behaviors, chronic diseases, and other health-related

outcomes related to the leading causes of death and disability in the United States

(Centers for Disease Control and Prevention and others, 2018). The sample size is

large, with over 450,000 observations in 2017, and designed to be nationally represen-

tative. Like the PSID, BRFSS faces challenges with response rate. The self-reported

measures in BRFSS are comparable to PSID. Diabetes status is asked in a similar
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Figure 3.8: Receiver Operating Characteristic for Incident Diabetes - Males

manner (“Has a doctor, nurse, or other health professional EVER told you that you

had diabetes?”). BMI is calculated from self-reported height and weight.

Before comparing FAM projections with BRFSS, it is valuable to show that

PSID and BRFSS showed comparable BMI and diabetes summary statistics for

those twenty-five and older in 2007. The twenty-five and older PSID respondents

are the initial cohort in the validation exercise. Selected sample characteristics are

presented in Table 3.5 by gender. Female mean BMI is higher in BRFSS than PSID

by 0.3 units and 0.2 units for males. At the 95th percentile, females in BRFSS are

within 0.1 units of women in BRFSS, with men in BRFSS 0.6 units higher. At

the 99th percentile the two samples are a bit further apart, with women in PSID

0.5 BMI units higher than PSID and men in PSID 1.2 units lower. Female PSID

respondents report slightly lower BMI at the fifth through twenty-fifth percentiles.

Diabetes rates also differ, with lower rates in PSID by 1.9 percentage points for

women and 1.2 percentage points for men.
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The BMI distributions for females 35 and older in FAM in 2007 and 2017 and

BRFSS in 2007 and 2017 are shown in Figure 3.9. Examining the two BRFSS

distributions, one sees the curve shifting to the right over the decade and the right

tail pushing out. Qualitatively, FAM seems to capture this behavior. Figure 3.10

illustrates the relative cumulative distribution between FAM and BRFSS in 2017

(left panel). The relative density functions are shown in the right panels. The

Kullback-Leibler entropy is 0.018 [0.016, 0.020] and the median relative polarization

index is 0.042 [0.035, 0.049]. Table 3.6 compares these distributions in greater detail

for 2017. Mean BMI for women is 0.5 BMI units lower in FAM projections than

in 2017 BRFSS respondents. At the 95th percentile, FAM projections are 0.7 BMI

units lower than BRFSS. At the 99th percentile, the distributions are further apart,

with FAM 2.0 BMI units lower.

The BMI distributions for males 35 and older are shown in Figure 3.11. After

10 years of FAM projections, the FAM distribution appears to have more dispersion

than BRFSS. Figure 3.12 shows the relative cumulative distribution and relative

density functions. Entropy, as measured by the Kullback-Leibler divergence is 0.015

[0.013, 0.017] and median relative polarization is .018 [0.011, 0.025]. The 2017

distributions are compared in Table 3.6. Here, we see that mean BMI in FAM is

0.3 BMI units below BRFSS. At the 75th percentile FAM is 0.1 BMI units below

BRFSS, FAM is 1.3 BMI units lower at the 95th percentile, and the distributions

are 4.2 BMI units apart at the 99th percentile.

Diabetes prevalence for the 35 and older population is also shown in Table 3.6.

FAM is 1.6 percentage points lower than BRFSS for women and 0.8 percentage

points lower for men. This is consistent with the initial differences observed in 2007

for the twenty-five and older PSID compared to BRFSS.
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Figure 3.9: BMI distribution for those 35 and older - Females
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Figure 3.10: Relative cumulative distribution and density of BMI - Females
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Figure 3.11: BMI distribution for those 35 and older - Males
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3.5 Discussion

In estimating transition models from 1999-2007, then applying them to simulate

2007-2017, the analysis shown here is analogous to a period life table approach.

The key assumption is that the 1999-2007 observed transitions will continue to hold

through the forecasting period. For the outcomes of interest, one can imagine situa-

tions in which this assumption is violated, such as changes in diagnostic procedures

for diabetes or the adoption of public health campaigns targeting obesity. Con-

sequently, deviations from what was observed can be driven by both simulation

limitations and real world changes.

In projecting BMI, the 2017 mean BMI in FAM is slightly higher than 2017

PSID (0.1 BMI units women, 0.2 for men), while slightly lower than 2017 BRFSS in

means (0.5 BMI units for women, 0.3 for men). For the right tail of the distribution,

2017 FAM BMI distributions are lower than both the PSID and BRFSS at the 95th

percentile, much lower at the 99th. This suggests that FAM captures much of the

distribution, but not for extreme cases. The ROC analyses for BMI are likely driven

by the persistence of BMI. For example, those with a BMI over 40 are likely to have

a BMI over 40 ten years later.

For consumers of the model interested in BMI, this validation exercise suggests

that projections of many groups of interest are plausible, such as the fraction over-

weight, obese, or severely obese. However, the distribution of BMI within the

severely obese category in FAM under-predicted the BMI values observed in both

PSID and BRFSS by two to four BMI units. If the actual BMI values are of interest

for those cases, then the BMI modeling approach would merit attention, perhaps

including calibrating to an external source.

Diabetes rates projected with FAM are lower than both 2017 PSID and 2017

BRFSS. The lower rates in 2007 PSID compared to 2007 BRFSS are preserved in

54



FAM. Individual assignment of incident diabetes does not perform as well as models

with more information, as shown below. The FAM diabetes model controls for age,

race, education, childhood characteristics, smoking, exercise, and BMI. This yields

AUC statistics of 0.71 for twenty-five and older women, 0.72 for twenty-five and older

men. Notably, the transition model does not currently incorporate family history,

pharmaceutical use, biometrics (blood pressure, waist measurements), biomarkers

(fasting glucose, cholesterol), or diet. In a UK sample of 40 to 79 year olds, a

risk model based on self-reported data on medication, BMI, family history, age,

nutrition, and exercise yielded an AUC of 0.763 for predicting incident diabetes in

4.6 years (Simmons et al., 2007). In a US-based study of 25 to 64 year olds, the

San Antonio Heart Study, incidence of diabetes was assessed in several different

models incorporating a variety of clinical tests. These models had AUC statistics

ranging from 0.775 to 0.859. The clinical multivariate models incorporated age, sex,

ethnicity, fasting glucose level, systolic blood pressure, HDL cholesterol, BMI, and

family history of diabetes (Stern et al., 2002). In a Finnish study of 10-year incidence

of drug-treated diabetes amongst 35 to 64 year old individuals, a model adjusting for

age, BMI, waist circumference, use of blood pressure medication, a history of high

blood glucose (including those with diabetes, but not taking medication), physical

activity, and diet yielded an AUC of 0.860 (Lindström and Tuomilehto, 2003).

For consumers of the model interested in diabetes, this validation exercise sug-

gests that projections of diabetes follow the same trend as in BRFSS. The initially

lower rates in PSID are maintained over the decade of projection. If possible, ad-

ditional information on family history, medications, diet, or other clinical measures

would likely improve the specificity and sensitivity of FAM. The AUC statistics for

models that include additional information give a sense of how well FAM might

perform with more information.

Overall, these validation exercises are revealing. Trends, such as the shift right in
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BMI and the expansion of the right tail of the BMI distribution, are captured with

fairly simple transition models that do not assume a temporal trend. Individual-

level predictions are concordant for various classifications of BMI, likely due to the

persistence of BMI for individuals, and diabetes incidence classification is reasonable

given the lack of clinical information.
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3.6 Tables
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Table 3.1: Variables directly impacted by BMI and diabetes in FAM

Domain Category Measure
Health Chronic conditions Cancer1, diabetes1, heart disease, hypertension, lung disease1, stroke

Functional limitations Activities of daily living, instrumental activities of daily living
Mental distress Kessler 6
Mortality Death2

Risk factors BMI1, start smoking, stop smoking
Economic Employment status Full-/part-time, labor force participation

Health insurance Health insurance type2

Income and assets Capital income2, earnings2, wealth
Public program participa-
tion

OASI2, DI2

Medical cost and use Individual Drug $2, out of pocket $2

Medicaid $2

Medicare Total $2, Part A $2, Part B $2

Total expenditures $2

Utilization Doctors visits2, hospital encounters2, hospital nights2

Subjective well-being Life satisfaction2, quality-adjusted life years2, self-reported health2

1 BMI model only
2 Diabetes model only
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(1) (2)
Log(BMI)-Females Log(BMI)-Males

Non-Hispanic Black 0.00838∗∗∗ 0.00168
Hispanic 0.00403 0.000181
Less than HS 0.00421 -0.000211
Bachelors -0.00887∗∗∗ -0.00585∗∗∗

Masters or higher -0.00741∗ -0.00460
Non-Hispanic Black × Less than HS -0.00920∗ -0.00877∗

Non-Hispanic Black × Bachelors 0.0114∗ 0.00670
Non-Hispanic Black × Masters or higher -0.00390 0.0210
Hispanic × Less than HS -0.00298 -0.00431
Hispanic × Bachelors 0.00193 -0.000211
Hispanic × Masters or higher -0.00810 -0.00361
Poor child SES 0.00103 0.00121
Well-off child SES -0.00154 -0.00146
Fair child health 0.00489 -0.000600
Good child health 0.000692 0.000749
Very good child health 0.00254 -0.000955
Excellent child health 0.000864 -0.00229
Age spline, less than 35 -0.000382 -0.0000346
Age spline, 35 to 44 -0.000155 -0.000609∗

Age spline, 45 to 54 0.0000296 -0.000446
Age spline, 55 to 64 -0.000515 0.000165
Age spline, 65 to 74 -0.00130∗∗ -0.00147∗∗∗

Age spline, more than 75 -0.00202∗∗∗ -0.00117∗

Lag of Log(BMI) spline, BMI less than 20 0.769∗∗∗ 0.327∗∗∗

Lag of Log(BMI) spline, BMI 20 to 25 0.945∗∗∗ 0.929∗∗∗

Lag of Log(BMI) spline, BMI 25 to 30 0.898∗∗∗ 0.905∗∗∗

Lag of Log(BMI) spline, BMI 30 to 35 0.987∗∗∗ 0.945∗∗∗

Lag of Log(BMI) spline, BMI 35 to 40 0.805∗∗∗ 0.872∗∗∗

Lag of Log(BMI) spline, BMI over 40 0.895∗∗∗ 0.830∗∗∗

Cohabiting -0.00124 0.00256
Married -0.00480∗∗ 0.000316
Constant 0.738∗∗∗ 2.057∗∗∗

Observations 20942 16454
R2 0.836 0.810
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 3.2: Two-year BMI transition estimates used in FAM, 1999-2007 PSID
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(1)
Diabetes incidence (marginal effects)

Non-Hispanic Black 0.00167
Hispanic 0.00505
Less than HS 0.00331
Bachelors -0.000224
Masters or higher -0.00235
Male 0.00268∗

Poor child SES 0.00322∗

Well-off child SES 0.00150
Fair child health -0.000465
Good child health -0.00240
Very good child health 0.00184
Excellent child health 0.00175
Age spline, less than 35 0.0000936
Age spline, 35 to 44 0.00117∗∗∗

Age spline, 45 to 54 0.000778∗∗

Age spline, 55 to 64 0.000295
Age spline, 65 to 74 0.000269
Age spline, more than 75 -0.000564
Lag of former smoker 0.00141
Lag of current smoker 0.00550∗∗

Lag of any exercise -0.00394∗

Lag of Log(BMI) spline, BMI less than 25 0.0485∗∗

Lag of Log(BMI) spline, BMI 25 to 30 0.0733∗∗∗

Lag of Log(BMI) spline, BMI 30 to 35 0.0382∗

Lag of Log(BMI) spline, BMI 35 to 40 0.0666∗∗

Lag of Log(BMI) spline, BMI over 40 -0.0235
Observations 35264
Pseudo R2 0.117
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 3.3: Two-year diabetes incidence estimates used in FAM, 1999-2007 PSID
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Table 3.4: Out-of-sample validation - 2017 FAM vs. 2017 PSID

Females Males
FAM (2017) PSID (2017) FAM (2017) PSID (2017)

BMI
1st pctl 16.6 [ 16.2, 16.9] 17.2 [ 16.7, 17.8] 19.2 [ 19.0, 19.5] 19.0 [ 18.5, 19.5]
5th pctl 18.7 [ 18.5, 19.0] 19.5 [ 19.2, 19.8] 21.2 [ 21.0, 21.4] 21.6 [ 21.3, 21.9]
10th pctl 20.1 [ 20.0, 20.3] 20.5 [ 20.4, 20.7] 22.5 [ 22.2, 22.7] 22.8 [ 22.5, 23.0]
25th pctl 22.9 [ 22.8, 23.0] 22.8 [ 22.5, 23.1] 24.9 [ 24.7, 25.0] 24.9 [ 24.7, 25.1]
Mean 27.7 [ 27.6, 27.9] 27.6 [ 27.4, 27.9] 28.5 [ 28.3, 28.7] 28.3 [ 28.1, 28.6]
75th pctl 31.5 [ 31.3, 31.8] 30.9 [ 30.5, 31.3] 31.5 [ 31.2, 31.8] 30.9 [ 30.5, 31.3]
90th pctl 36.7 [ 36.3, 37.0] 36.6 [ 35.9, 37.2] 35.3 [ 34.8, 35.7] 35.1 [ 34.6, 35.6]
95th pctl 40.0 [ 39.4, 40.5] 40.8 [ 40.1, 41.4] 37.7 [ 37.1, 38.2] 37.8 [ 37.3, 38.4]
99th pctl 46.9 [ 45.5, 48.2] 50.5 [ 48.1, 52.9] 42.4 [ 41.3, 43.6] 46.4 [ 44.6, 48.1]

Diabetes prevalence 12.4 [ 11.5, 13.3] 14.6 [ 13.2, 15.9] 14.9 [ 13.6, 16.3] 16.7 [ 15.2, 18.2]

Notes: Confidence intervals for FAM reflect 50 sets of bootstrapped transition models, each simulated 100 times. Confidence
intervals for PSID reflect the complex survey design.
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Table 3.5: Host and external data comparison - 2007 PSID vs. 2007 BRFSS

Females Males
PSID (2007) BRFSS (2007) PSID (2007) BRFSS (2007)

BMI
1st pctl 17.5 [ 17.2, 17.8] 17.6 [ 17.5, 17.7] 19.4 [ 18.8, 19.9] 19.2 [ 19.0, 19.3]
5th pctl 19.1 [ 19.0, 19.3] 19.5 [ 19.5, 19.6] 21.7 [ 21.5, 21.9] 21.5 [ 21.4, 21.6]
10th pctl 20.3 [ 20.1, 20.4] 20.5 [ 20.5, 20.6] 22.8 [ 22.6, 23.0] 22.6 [ 22.6, 22.7]
25th pctl 22.3 [ 22.2, 22.5] 22.7 [ 22.7, 22.7] 24.7 [ 24.5, 24.9] 24.6 [ 24.4, 24.7]
Mean 26.9 [ 26.7, 27.1] 27.2 [ 27.1, 27.2] 27.9 [ 27.8, 28.1] 28.1 [ 28.1, 28.2]
75th pctl 30.0 [ 29.7, 30.2] 30.2 [ 30.1, 30.2] 30.1 [ 29.9, 30.4] 30.6 [ 30.5, 30.7]
90th pctl 35.3 [ 34.7, 35.8] 35.5 [ 35.4, 35.6] 34.2 [ 33.8, 34.5] 34.5 [ 34.4, 34.6]
95th pctl 39.3 [ 38.6, 40.0] 39.2 [ 39.1, 39.4] 36.8 [ 36.3, 37.4] 37.4 [ 37.2, 37.6]
99th pctl 48.4 [ 46.2, 50.6] 47.9 [ 47.5, 48.4] 43.8 [ 42.2, 45.3] 45.0 [ 44.6, 45.5]

Diabetes prevalence 7.3 [ 6.5, 8.2] 9.2 [ 9.0, 9.4] 8.7 [ 7.8, 9.7] 9.9 [ 9.7, 10.2]

Notes: Confidence intervals for PSID and BRFSS reflect the complex survey design.
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Table 3.6: External validation - 2017 FAM vs. 2017 BRFSS

Females Males
FAM (2017) BRFSS (2017) FAM (2017) BRFSS (2017)

BMI
1st pctl 16.6 [ 16.2, 16.9] 17.7 [ 17.6, 17.8] 19.2 [ 19.0, 19.5] 18.8 [ 18.7, 19.0]
5th pctl 18.7 [ 18.5, 19.0] 19.8 [ 19.7, 19.9] 21.2 [ 21.0, 21.4] 21.6 [ 21.5, 21.7]
10th pctl 20.1 [ 20.0, 20.3] 21.0 [ 20.9, 21.0] 22.5 [ 22.2, 22.7] 23.0 [ 22.9, 23.0]
25th pctl 22.9 [ 22.8, 23.0] 23.4 [ 23.4, 23.5] 24.9 [ 24.7, 25.0] 25.1 [ 25.1, 25.1]
Mean 27.7 [ 27.6, 27.9] 28.2 [ 28.1, 28.3] 28.5 [ 28.3, 28.7] 28.8 [ 28.7, 28.9]
75th pctl 31.5 [ 31.3, 31.8] 31.6 [ 31.5, 31.8] 31.5 [ 31.2, 31.8] 31.6 [ 31.5, 31.7]
90th pctl 36.7 [ 36.3, 37.0] 36.9 [ 36.7, 37.1] 35.3 [ 34.8, 35.7] 35.9 [ 35.7, 36.0]
95th pctl 40.0 [ 39.4, 40.5] 40.7 [ 40.5, 41.0] 37.7 [ 37.1, 38.2] 39.0 [ 38.8, 39.3]
99th pctl 46.9 [ 45.5, 48.2] 49.9 [ 49.3, 50.5] 42.4 [ 41.3, 43.6] 46.8 [ 46.2, 47.4]

Diabetes prevalence 12.4 [ 11.5, 13.3] 14.0 [ 13.7, 14.4] 14.9 [ 13.6, 16.3] 15.7 [ 15.3, 16.1]

Notes: Confidence intervals for FAM reflect 50 sets of bootstrapped transition models, each simulated 100 times. Confidence
intervals for BRFSS reflect the complex survey design.
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4. The Long-Term Fiscal Benefits — and Costs — of

Better Disease Prevention

4.1 Introduction

The United States realized unprecedented gains in quantity and quality of life over

the past century. Much of this progress resulted from fighting infection and improv-

ing outcomes early in life, as reflected in declining infant mortality and rising life

expectancy at birth (Olshansky et al., 2009). We also have extended life at older

ages. Fewer people are dying from heart disease, and cancer survival rates are in-

creasing (Goldman, 2016). These advances—combined with declines in fertility and

immigration rates—increasingly skew the United States toward a society where the

fastest growing demographic group is Americans aged 85 to 94 (Werner, 2015).

However, the United States also faces unintended consequences from life ex-

pectancy gains. While Americans are living longer, they are not necessarily living

healthier. Disability rates are rising, in large part because of the rising prevalence of

major chronic diseases, such as high blood pressure, heart disease, diabetes, cancer,

and stroke among older Americans (Lakdawalla et al., 2004; Bhattacharya et al.,

2004). In turn, this trend is fueled by lifestyle factors, including rising obesity rates

(Lakdawalla et al., 2004). And these factors impact different racial and ethnic groups

in disproportionate ways; black Americans experience higher rates of obesity and

high blood pressure than the rest of the population, with these disparities playing

out especially starkly in middle and older age (Witters and Wood, 2014).

At the same time, previously rare diseases are emerging as serious public health

problems, most notably Alzheimer’s disease and other dementia. As a result, func-
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tional status among the elderly is worsening. Recent estimates predict that life

expectancy for 65-year-olds will grow by about a year between 2010 and 2030, but

expected years of life spent with disability will increase even more (Gaudette et al.,

2015). The end result: More people will qualify for old-age entitlement programs

and remain longer in these programs.

The combination of longer but less healthy lives puts tremendous strain on the

nation’s fiscal resources. Medicare spending alone is projected to almost double

as a share of national income, from 3.7% today to 7.3% in 2050 (Congressional

Budget Office, 2012). In addition, the implications of progress in fighting disease

are far from clear. Sustained increases in obesity, diabetes, and other diseases could

reduce life expectancy—with a concomitant decrease in the public-sector’s annuity

burden—but savings could be offset by worsening functional status, which increases

health care spending, reduces labor supply, and increases public assistance (Goldman

et al., 2010; Michaud et al., 2011). Disease prevention also has consequences not

just for medical costs but also labor supply, earnings, wealth, tax revenues, and

government expenditures. Previous research demonstrates that prevention also can

affect the fiscal situation in vastly different ways. Obesity and smoking, for example,

have distinct implications for fiscal solvency because the former primarily affects

morbidity while the latter affects mortality (Goldman et al., 2010, 2009; Hurd et al.,

2011; Lakdawalla et al., 2005; Michaud et al., 2012).

In this paper, we project the U.S. population aged 25 and older through 2050

using a dynamic microsimulation model. This model incorporates trends in demog-

raphy, health behaviors, and chronic disease to understand future disease burden,

disparities, health care costs, and fiscal implications for federal programs. We then

assess several chronic disease incidence reduction scenarios to highlight the different

implications that technological or lifestyle changes would have on federal programs.
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Finally, we examine the potential impacts by education groups to evaluate changes

in socioeconomic status (SES) disparities.

4.2 Methods

The Future Adult Model is a data-driven microsimulation model of the U.S. popu-

lation that allows for dynamic interplay among health risk factors, chronic diseases,

functional limitations, and economic outcomes. The simulation is done at the indi-

vidual level—each individual is simulated many times in a Monte Carlo fashion—and

population-level results are then aggregated. The FAM structure builds off of the

Future Elderly Model, which was developed to examine health and health care costs

of the elderly Medicare population. FAM changes the host data source to the Panel

Survey of Income Dynamics (PSID), which enables modeling of the adult life course.

An overview of FAM is in Chapter 2 and more details are available in Appendix A.

We summarize the key FAM components here.

4.2.1 Policy Outcomes Module

The policy module calculates outcomes of interest that are derived from the current

status of the individuals in the simulation. Medical costs, Medicaid enrollment, and

federal benefits are examples of outcomes assigned in the policy module. Medical

costs for the non-Medicare population are assigned with a model estimated with the

MEPS. This OLS model controls for age, race, sex, education, marital status, and

chronic diseases. Medical costs for the Medicare population (aged or disabled) con-

trol for age, race, sex, education, reason for entitlement, chronic diseases, functional

limitations, nursing home status, and mortality.

We assign benefits from Social Security Old Age and Survivor’s Insurance (OASI),

Social Security Disability Insurance (DI), and Supplemental Security Income (SSI)
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using regression models estimated on the PSID data. These are reduced form mod-

els that control for age, sex, and education, with education serving as a proxy for

permanent income. The first stage of these models, i.e., the claiming decision, relies

on a larger set of predictors. Other outcomes that would violate the Markov as-

sumption (in that they depend on the current state of the individual) are assigned

in a Cross-sectional Module (not shown).

4.2.2 Macroeconomic Assumptions and Alignment

Gross domestic product (GDP) growth assumptions through 2028 come from Table

A-1 in the Congressional Budget Office’s “An Update to the Economic Outlook:

2018 to 2028” (Congressional Budget Office, 2018b). Real GDP growth after 2028

is assumed to be 1.9%, consistent with Table A-1 in CBO’s “The 2018 Long-Term

Budget Outlook” (Congressional Budget Office, 2018a). Real medical cost growth

is assumed to be 1 percentage point above real GDP growth. Total benefit amounts

are aligned to match 2017 historic values for OASI, DI, SSI, and Medicare levels

from federal agency reports. These scaling factors are applied in all years of the

simulation. Medicaid and tax revenue amounts are not aligned.

4.3 Results

4.3.1 Baseline Projections

Baseline FAM projections are presented in Table 4.1. These forecasts are intended

to be nationally representative for the 25 and older population.
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Demographic shifts

Our forecasts capture the anticipated demographic shifts for the 25+ population.

The population will continue to grow from 220.2 million in 2018 to 266.7 million in

2050. The aging of the Baby Boomer generation will raise the average age in our

25+ population from 52.1 to 54.2. The U.S. will become increasingly diverse, with

a slight increase in the African-American population and a dramatic increase in the

Hispanic population. Average education in the population is expected to increase,

driven primarily by more women pursuing higher education.

Risk factors

Forecasts for risk factors are both encouraging and discouraging. On the positive

side, we expect smoking rates to continue to decline, as younger generations are

smoking cigarettes at lower rates than earlier generations. However, average BMI of

the population—already in the overweight range—is forecasted to increase slightly.

This trend is alarming, as higher BMI is associated with chronic diseases such as

diabetes, heart disease, and hypertension.

Chronic disease burden

Chronic disease prevalence is expected to increase, driven by a combination of popu-

lation aging and implications of higher BMI. At the population level, crude diabetes

rates are expected to increase from 12.5% in 2018 to 19.2% in 2050. Heart disease

rates are expected to increase from 15.5% to 20.6%, and hypertension rates from

34.0% to 45.5%. The number of people with multiple chronic conditions is also pre-

dicted to increase with the typical individual managing 1.2 chronic conditions. This

has implications for medical expenditures and more complicated care management
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for health providers. Functional limitations are also predicted to rise, driven by

population aging and increased disease burden.

Government revenues and expenditures

Government revenues from federal and state taxes are expected to rise, driven by

the number of individuals paying taxes and higher real income levels. We project

that tax revenues will roughly double between 2018 and 2050.

OASI expenditures are expected to increase significantly, from $780 billion (all

figures in 2018 dollars) to more than $2.2 trillion in 2050, an increase of 186%. DI

and SSI expenditures will increase by approximately 180% and 171%, respectively.

We expect that annual Medicare expenditures will increase 253%, driven by the

aging population, increased disease burden, and expectations about real growth in

medical costs. Finally, Medicaid expenditures also will increase by about 190%,

driven by many of the same factors as Medicare.

4.3.2 Disease Incidence Reduction

Potential societal gains from decreasing the incidence of cancer, diabetes, heart

disease, hypertension, lung disease, and stroke are significant. The premise of dis-

ease incidence reduction scenarios is to demonstrate the projected fiscal burden and

potential value of reduced incidence for each of the six diseases. These scenarios as-

sume that the incidence reduction begins in 2018 and impacts all future individuals,

removing the possibility of developing the disease in question.

There are three main ways to reduce disease incidence:

• behavioral changes—for example, BMI reduction, smoking cessation, and bet-

ter medication adherence;
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• improved access to high-value medical care, including preventive services; and

• medical innovation—new pharmaceuticals, procedures, diagnostics, and pre-

vention.

Since FAM is based on models with competing risks, offsets often are uncovered.

Due to the differing age profiles of disease onset and disease-specific implications

for longevity and program participation, the different scenarios have quite differ-

ent aggregate impacts. Additionally, since these interventions impact new cases,

benefits will compound over time. One can typically anticipate the impact in 2050

to be larger than the impact in 2030 due to more individuals benefitting from the

intervention by 2050, though the effects of longer survival can mitigate this.

Cancer prevention

The “perfect cancer prevention” scenario presented in Table 4.2 removes all incidence

of cancer in the simulation. Relative to the baseline scenario, this intervention

increases the 25 and older population in 2050 by 2.1%. By design, cancer prevalence

is reduced by more than 90%, as only the initial cases remain. Individuals receiving

the intervention then survive to develop other chronic diseases, as evidenced by

modest increases (1.6% for hypertension to 3.8% for heart disease) in the other five

chronic conditions. Government tax revenues increase with the increased population

base. OASI benefits increase by 6.5% with increased longevity, but DI benefits

decrease since fewer under 65 individuals would ualify for disability. SSI benefits

increase slightly. Medicare benefits decline slightly, but Medicaid benefits increase

because of more people receiving nursing home benefits at the end of life.
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Diabetes prevention

The diabetes prevention scenario results are in Table 4.3. Despite impacting more

people than cancer, the impact of diabetes prevention on population size in 2050 is

smaller than cancer prevention, which is consistent with the smaller mortality risk

for diabetes. The 25 and older population increases by 1.7% in this scenario. By

design, the prevalence of diabetes decreases by 87.9%. Cancer and lung disease both

increase slightly, but heart disease, hypertension, and stroke all decline modestly

because diabetes is a risk factor for these diseases. Government revenues increase

with the larger population. OASI benefits increase with higher longevity. DI and

SSI benefits both decline, as do Medicare and Medicaid, likely driven by decreased

spending on diabetes and heart disease, hypertension, and stroke.

Heart disease prevention

Table 4.4 highlights the heart disease intervention impacts. As with the other in-

terventions, the 2050 population increases. Prevalence of cancer, diabetes, hyper-

tension, and lung disease all increase. Stroke prevalence declines by 9.6%, as heart

disease is a risk factor in the stroke transition model. Government revenues increase,

consistent with the other interventions. OASI benefits increase by 4.5%, while DI

and SSI benefits decline by 7.5% and 10.9%, respectively. Strikingly, Medicare

expenditures decline by 11.0%, reflecting the large fiscal impact of heart disease.

Medicaid expenditures are stable, suggesting that any gains at younger ages are

offset by nursing home increases.
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Hypertension prevention

The hypertension prevention results are shown in Table 4.5. We forecast a 2.1%

increase in the 25 and older population in 2050 under this scenario. Rates of cancer,

diabetes, and lung disease all increase slightly. Remarkably, heart disease declines

by 12.2% and stroke declines by 20.3%, as hypertension is a strong predictor in the

incidence models for these two diseases. As is typical, government revenues increase

with the larger population. OASI benefits increase by 4.5%. However, DI benefits

decline by 17.0% and SSI benefits decline by 21.6%. Medicare expenditures decline

by 13.1%. Medicaid benefits increase by 3.3%, driven by increased longevity.

Lung disease prevention

The chronic lung disease intervention results are shown in Table 4.6. Ex ante, one

might expect small effects of this intervention, as it combines a disease that is not

as prevalent as many of the others and a key risk factor—smoking—that has been

declining in recent decades. We forecast that the population would increase by 1.6%.

Other chronic diseases would increase slightly, ranging from 1.2% for hypertension

to 4.1% for stroke. Government revenues increase with population growth, as do

OASI benefits. DI benefits decline by 4.3% and SSI benefits decline by 4.8%. Both

Medicare and Medicaid increase slightly, by 1.9% and 1.6%, respectively. Interest-

ingly, this is the only intervention that shows an increase in Medicare expenditures,

perhaps driven by the deadliness of lung disease.

Stroke prevention

The stroke intervention results are shown in Table 4.7. The impacts are more mod-

est, driven by both lower prevalence of stroke compared to the other diseases but
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also perhaps by better awareness of hypertension (a risk factor for stroke) in recent

decades. In some sense, some benefit of this intervention already has been realized.

The population in 2050 is forecasted to be 0.9% larger. Chronic diseases all increase

modestly, ranging from 0.8% for hypertension to 2.0% for heart disease. Federal rev-

enues increase with the population growth. OASI benefits increase by 2.6%, while

DI and SSI both decline slightly. Medicare benefits decline by 1.8%. The largest

decline is seen in Medicaid benefits, which fall by 5.1%, suggesting that Medicaid

bears more of the stroke burden than Medicare.

Net fiscal impact

We now turn to comparing the cumulative fiscal impact of these interventions, ag-

gregating the impact from 2018 through 2050. All future revenues and expenditures

are discounted to 2018 at a 3.0% annual rate. Table 4.8 compares the net impact

and the percent change for each of the six scenarios relative to baseline. Alterna-

tively, the impact on revenues for the different scenarios is presented in Figure 4.1

and the net impact on benefits is presented in Figure 4.2.

Looking at the net effect across all government programs, the results of pre-

venting the six diseases are straightforward: All interventions are cost saving. The

ranking of the interventions—from largest impact to smallest in net fiscal impact—

is hypertension ($3.4 trillion), heart disease ($3.1 trillion), diabetes ($2.6 trillion),

stroke ($1.2 trillion), cancer ($1 trillion, and lung disease ($297 billion).

However, the complex interplay of disease-specific factors under the different sce-

narios mirrors the complex interactions on government expenditures and revenues.

For example, one can take the perspective of a planner for a particular government

program. The federal tax revenue maximizer would “prefer” the diabetes or hyper-

tension scenarios, as they would increase revenues the most. The state tax planner

might have a similar preference. From a planning perspective, the OASI planner
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Figure 4.1: Net revenue impact in perfect prevention scenarios

might be most alarmed if the cancer prevention scenario succeeded, as it would in-

crease OASI benefits by 3.0%, much larger than the other interventions (the next

largest, heart disease, is 1.8%). The DI planner sees reduced expenditures in all

scenarios, with the largest declines for hypertension (9.3%). The SSI planner faces

scenarios that increase expenditures (cancer, 3.1% increase) through expenditure

decreases (hypertension, 11.6% decrease). The Medicare planner sees the largest

expenditure declines with heart disease (9.1%) and hypertension (8.2%). Finally,

the Medicaid planner must balance expenditure declines for those at younger ages

with potential expenditure increases due to increased longevity and nursing home

entry. The stroke intervention saves 3.8% in expenditures, compared to the cancer

intervention that increases Medicaid expenditures by 2.1%.
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Figure 4.2: Net benefits impact in perfect prevention scenarios

Weight loss scenario

Rather than focusing on particular diseases, one might wonder if targeting one of the

major risk factors for chronic disease—BMI—could result in large fiscal impacts, as

more diseases might be directly impacted. To explore this, we implemented a one-

time, 5% reduction in BMI for individuals with a BMI over 25.0—inspired by the

impact on BMI for intensive lifestyle interventions in clinical environments.

Table 4.10 shows the impact for 2018, 2030, and 2050. Figure 4.3 and Figure 4.4

show the net fiscal impact compared to the baseline scenario. In brief, the 5 percent

reduction in BMI translates into relatively modest revenue increases in 2050 ($1.3

billion) and reductions in entitlement program expenditures ($2.8 billion).
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Figure 4.3: Net revenue impact in BMI reduction scenario

4.3.3 Implications for Socioeconomic Disparities

Next we turn our attention to assessing the potential implications for socioeconomic

disparities in the different intervention scenarios. These results are presented in

Table 4.9. Here, we look for differences in fiscal impact by education level. The

greatest impacts are in diabetes, heart disease, hypertension, and lung disease (and

to a lesser extent, stroke), particularly for revenues and OASI expenditures. This

suggests that increases in working life and life expectancy are larger for groups with

less education. There is a similar impact on DI benefits for the same diseases,

suggesting that more individuals in the lesser-educated group benefit from the in-

tervention, leading to a larger expenditure decrease for the group. The impacts in

Medicare range from larger (in magnitude) for the most educated (cancer, heart

disease) to smaller (lung disease, stroke) to larger impacts for the least educated
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Figure 4.4: Net benefits impact in BMI reduction scenario

(diabetes, hypertension). Means-tested programs like SSI and Medicaid are harder

to assess in this context.

4.4 Discussion

In this paper, we use a dynamic microsimulation model of health and economic

outcomes to assess the U.S. public finance implications of preventing six chronic

diseases that take a high toll on individuals and society in terms of lost government

revenue and higher spending for entitlement programs. The trade-off in the impact

of improved health on lower public health insurance expenditures versus increased

spending for public annuities is well understood, but the timing of disease onset, the

years spent with the disease, the impact on years worked, chronicity of disease, and

the impact on mortality are crucially important to assess detailed fiscal effects. We

find that the potential benefits in addressing cardiovascular diseases are the great-
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est, with the six chronic diseases ordered as: hypertension, heart disease, diabetes,

cancer, stroke and lung disease. This is a combination of disease prevalence, age

of onset, and the impact the diseases have on revenues and expenditures in our

modeling approach.

Though the interventions described in this paper are extreme, we think they are

useful for demonstrating the value of disease prevention from a fiscal perspective.

Moreover, some of the strategies for realizing these gains are known. For example,

in diabetes, interventions like the Diabetes Prevention Program (DPP) indicate that

intensive lifestyle modification can delay the onset of diabetes for high-risk people.

Recognizing this, in 2018, Medicare began reimbursing physicians for enrolling those

at higher risk for developing diabetes into DPP. In hypertension, better medication

adherence can markedly improve subsequent health outcomes. That said, the ben-

efits of prevention are known and behaviors of patients and caregivers have proven

challenging to impact.

In contrast, the impact of tobacco policies and societal perspectives on cigarette

use has dramatically decreased diseases associated with smoking. Furthermore,

emerging technologies in precision medicine, artificial organs, wearable devices, and

new pharmaceuticals show promise for impacting these chronic diseases.

However, this modeling effort suggests that even perfect prevention of can-

cer, diabetes, heart disease, hypertension, lung disease, and stroke is no panacea

to fiscal issues facing Social Security, Medicare, Medicaid, and other entitlement

programs. Even the most consequential scenario—perfect prevention of hyperten-

sion—generates fiscal savings of only $3.4 trillion in present value when aggregated

from 2018 through 2050. For context, $3.4 trillion approximately equals five years

of current Medicare expenditures or less than total U.S. health spending in 2018.

While $3.4 trillion is a large sum, it’s not a game changer fiscally in terms of federal

revenues and expenditures.
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Nonetheless, from a policy perspective, our findings indicate that there are signif-

icant potential cost savings in increasing efforts to prevent disease rather than treat-

ing diseases once they have developed. For example, efforts to reform health care

payment from volume-driven to value-driven models that reward providers based

on quality and cost outcomes may help increase use of effective preventive services.

Similarly, growing attention to how the social determinants of health—housing, food

security, transportation, literacy, and safe environments—shape the health of people

and communities may slow disease incidence and reduce health disparities.

With improved health and longevity, other possible policy changes include revis-

iting the retirement age for Social Security, which could decrease benefits paid and

potentially increase government revenues through increased workforce participation

at older ages. A full analysis of these types of policy changes is beyond the scope of

this paper but could build on work by Auerbach and co-authors (Auerbach et al.,

2017).

Ultimately, however, from a societal perspective, the largest benefits of disease

prevention will be realized in longer, healthier, and more productive lives.
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4.5 Tables
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Table 4.1: Baseline projections

2020 2030 2050
Demographics

Population size (M) 223.8 [222.7, 224.9] 241.8 [240.2, 243.5] 268.5 [265.5, 271.4]
Age (yrs) 52.2 [52.1, 52.4] 53.5 [53.3, 53.6] 54.3 [54.0, 54.5]
Non-Hispanic black (%) 11.7 [11.6, 11.8 ] 12.0 [11.9, 12.2 ] 12.5 [12.3, 12.7]
Hispanic (%) 15.9 [15.7, 16.0 ] 18.8 [18.6, 19.1] 25.3 [24.8, 25.7]
Less than high school (%) 11.7 [11.6, 11.8] 11.5 [11.3, 11.6] 12.1 [11.8, 12.3]
High school (%) 53.8 [53.7, 54.0] 51.5 [51.2, 51.8] 47.2 [46.8, 47.6]

Risk factors
Body mass index 27.8 [27.7, 27.8] 28.0 [27.9, 28.1] 28.3 [28.1, 28.4]
Ever smoked (%) 51.6 [51.5, 51.8] 50.1 [49.8, 50.4] 47.7 [47.3, 48.1]
Current smoker (%) 15.2 [14.6, 15.7] 13.7 [13.1, 14.4] 12.8 [12.1, 13.6]

Prevalence of selected conditions
Cancer (%) 8.3 [7.8, 8.8] 10.0 [9.2, 10.9] 11.0 [9.8, 12.2]
Diabetes (%) 12.3 [11.7, 12.8] 14.7 [13.9, 15.6] 17.5 [16.1, 18.9]
Heart disease (%) 15.1 [14.6, 15.7] 16.8 [16.1, 17.6] 18.9 [17.9, 20.0]
Hypertension (%) 33.6 [33.0, 34.2] 38.9 [37.9, 39.9] 43.2 [41.9, 44.5]
Lung disease (%) 8.3 [7.7, 8.9] 9.2 [8.4, 10.1] 10.1 [9.0, 11.2]
Stroke (%) 4.1 [3.6, 4.6] 4.9 [4.2, 5.6] 6.2 [5.3, 7.1]
Number of chronic conditions (mean) 0.8 [0.8, 0.8] 0.9 [0.9, 1.0] 1.1 [1.0, 1.1]
Any functional limitations (%) 20.1 [19.2, 21.1] 21.6 [20.4, 22.7] 23.8 [22.6, 25.0]

Government revenues ($B)
Federal taxes 1724 [1621, 1827] 2287 [2145, 2429] 3317 [3041, 3594]
State taxes 431 [400, 462] 562 [522, 603] 821 [753, 889]

Government expenditures ($B)
Old Age and Survivors Insurance (OASI) 857 [831, 883] 1321 [1259, 1384] 2254 [2066, 2443]
Disability Insurance (DI) 136 [124, 148] 184 [152, 217] 320 [267, 373]
Supplemental Security Income (SSI) 40 [36, 43] 45 [40, 50] 76 [65, 87]
Medicare 784 [727, 841] 1249 [1152, 1346] 2500 [2280, 2719]
Medicaid 444 [393, 494] 590 [521, 659] 1199 [1039, 1358]

Note: Authors’ projections using FAM. All dollar values are in 2020 dollars.
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Table 4.2: No new cases of cancer

Scenario Estimates Relative
change to
baseline
(%)

2020 2030 2050 2030 2050
Population size (M) 223.8 [222.7, 224.9] 243.0 [241.2, 244.8] 273.7 [269.9, 277.5] 0.5 2.0
Prevalence of selected conditions

Cancer (%) 7.6 [7.2, 8.1] 4.2 [3.8, 4.6] 1.2 [1.0, 1.4] -57.7 -89.1
Diabetes (%) 12.3 [11.7, 12.8] 14.8 [14.0, 15.6] 17.8 [16.5, 19.2] 0.5 1.9
Heart disease (%) 15.1 [14.6, 15.7] 17.0 [16.2, 17.8] 19.6 [18.5, 20.7] 0.8 3.5
Hypertension (%) 33.6 [33.0, 34.2] 39.1 [38.1, 40.1] 43.9 [42.6, 45.1] 0.3 1.5
Lung disease (%) 8.3 [7.7, 8.9] 9.3 [8.5, 10.1] 10.3 [9.2, 11.5] 0.6 2.4
Stroke (%) 4.1 [3.6, 4.6] 4.9 [4.3, 5.6] 6.4 [5.5, 7.3] 0.3 3.3

Government revenues ($B)
Federal taxes 1724 [1621, 1827] 2299 [2153, 2445] 3425 [3134, 3715] 0.5 3.2
State taxes 431 [400, 462] 565 [523, 606] 843 [771, 915] 0.4 2.6

Government expenditures ($B)
Old Age and Survivors Insurance (OASI) 857 [831, 883] 1337 [1273, 1402] 2391 [2180, 2601] 1.2 6.0
Disability Insurance (DI) 136 [124, 148] 180 [147, 213] 308 [255, 361] -2.3 -3.9
Supplemental Security Income (SSI) 40 [36, 43] 45 [40, 50] 78 [66, 90] 0.9 3.2
Medicare 771 [714, 827] 1183 [1091, 1276] 2445 [2206, 2684] -5.3 -2.2
Medicaid 442 [391, 492] 588 [521, 655] 1282 [1107, 1457] -0.3 7.0

Note: Authors’ projections using FAM. All dollar values are in 2020 dollars.
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Table 4.3: No new cases of diabetes

Scenario Estimates Relative
change to
baseline
(%)

2020 2030 2050 2030 2050
Population size (M) 223.8 [222.7, 224.9] 242.5 [240.8, 244.1] 272.5 [269.5, 275.4] 0.3 1.5
Prevalence of selected conditions

Cancer (%) 8.3 [7.8, 8.8] 10.1 [9.2, 10.9] 11.3 [10.0, 12.5] 0.3 2.6
Diabetes (%) 11.6 [11.1, 12.1] 7.5 [7.0, 7.9] 2.6 [2.3, 2.8] -49.2 -85.4
Heart disease (%) 15.1 [14.6, 15.7] 16.7 [16.0, 17.5] 18.7 [17.6, 19.7] -0.6 -1.4
Hypertension (%) 33.6 [33.0, 34.2] 38.8 [37.8, 39.8] 43.0 [41.8, 44.3] -0.4 -0.4
Lung disease (%) 8.3 [7.7, 8.9] 9.3 [8.4, 10.1] 10.3 [9.2, 11.4] 0.4 2.2
Stroke (%) 4.1 [3.6, 4.6] 4.8 [4.2, 5.5] 6.0 [5.1, 6.9] -1.4 -3.5

Government revenues ($B)
Federal taxes 1724 [1621, 1827] 2302 [2157, 2448] 3424 [3131, 3717] 0.7 3.2
State taxes 431 [400, 462] 565 [523, 607] 841 [769, 913] 0.5 2.4

Government expenditures ($B)
Old Age and Survivors Insurance (OASI) 857 [831, 883] 1327 [1265, 1389] 2343 [2146, 2540] 0.5 3.9
Disability Insurance (DI) 136 [124, 148] 180 [148, 212] 297 [247, 347] -2.4 -7.2
Supplemental Security Income (SSI) 40 [36, 43] 45 [40, 50] 76 [64, 87] -0.0 -0.4
Medicare 781 [724, 837] 1201 [1111, 1292] 2340 [2134, 2546] -3.8 -6.4
Medicaid 442 [391, 493] 573 [503, 643] 1160 [996, 1323] -2.9 -3.2

Note: Authors’ projections using FAM. All dollar values are in 2020 dollars.

83



Table 4.4: No new cases of heart disease

Scenario Estimates Relative
change to
baseline
(%)

2020 2030 2050 2030 2050
Population size (M) 223.8 [222.7, 224.9] 242.6 [241.0, 244.2] 272.5 [269.5, 275.5] 0.3 1.5
Prevalence of selected conditions

Cancer (%) 8.3 [7.8, 8.8] 10.1 [9.2, 11.0] 11.3 [10.1, 12.6] 0.5 3.1
Diabetes (%) 12.3 [11.7, 12.8] 14.8 [14.0, 15.6] 17.9 [16.5, 19.3] 0.4 2.2
Heart disease (%) 14.3 [13.8, 14.8] 8.5 [8.2, 8.9] 3.2 [3.0, 3.3] -49.3 -83.3
Hypertension (%) 33.6 [33.0, 34.2] 39.0 [38.0, 40.0] 43.8 [42.5, 45.1] 0.2 1.4
Lung disease (%) 8.3 [7.7, 8.9] 9.3 [8.4, 10.1] 10.3 [9.2, 11.4] 0.5 2.5
Stroke (%) 4.1 [3.6, 4.6] 4.7 [4.1, 5.4] 5.7 [4.8, 6.6] -3.6 -8.0

Government revenues ($B)
Federal taxes 1724 [1621, 1827] 2294 [2149, 2439] 3375 [3088, 3663] 0.3 1.8
State taxes 431 [400, 462] 564 [523, 604] 833 [766, 900] 0.2 1.5

Government expenditures ($B)
Old Age and Survivors Insurance (OASI) 857 [831, 883] 1327 [1264, 1390] 2334 [2133, 2535] 0.4 3.5
Disability Insurance (DI) 136 [124, 148] 179 [145, 212] 297 [242, 351] -3.0 -7.3
Supplemental Security Income (SSI) 40 [36, 43] 45 [40, 50] 77 [65, 88] -0.3 1.2
Medicare 773 [717, 829] 1153 [1058, 1248] 2241 [2017, 2465] -7.7 -10.4
Medicaid 441 [390, 491] 573 [506, 640] 1205 [1041, 1368] -2.9 0.5

Note: Authors’ projections using FAM. All dollar values are in 2020 dollars.
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Table 4.5: No new cases of hypertension

Scenario Estimates Relative
change to
baseline
(%)

2020 2030 2050 2030 2050
Population size (M) 223.8 [222.7, 224.9] 242.5 [240.9, 244.0] 273.7 [271.2, 276.1] 0.3 1.9
Prevalence of selected conditions

Cancer (%) 8.3 [7.8, 8.8] 10.1 [9.2, 10.9] 11.4 [10.2, 12.7] 0.3 3.9
Diabetes (%) 12.3 [11.7, 12.8] 14.8 [13.9, 15.6] 18.0 [16.6, 19.3] 0.2 2.6
Heart disease (%) 15.1 [14.6, 15.7] 16.4 [15.7, 17.2] 16.7 [15.9, 17.5] -2.5 -11.9
Hypertension (%) 31.9 [31.4, 32.5] 22.4 [21.9, 22.9] 8.9 [8.5, 9.2] -42.5 -79.5
Lung disease (%) 8.3 [7.7, 8.9] 9.3 [8.4, 10.1] 10.4 [9.3, 11.5] 0.3 3.2
Stroke (%) 4.1 [3.6, 4.6] 4.7 [4.1, 5.3] 5.1 [4.3, 5.9] -4.7 -17.9

Government revenues ($B)
Federal taxes 1724 [1621, 1827] 2310 [2169, 2451] 3471 [3197, 3746] 1.0 4.6
State taxes 431 [400, 462] 566 [525, 607] 850 [779, 920] 0.7 3.5

Government expenditures ($B)
Old Age and Survivors Insurance (OASI) 857 [831, 883] 1323 [1259, 1386] 2338 [2129, 2548] 0.1 3.7
Disability Insurance (DI) 136 [124, 148] 174 [141, 208] 260 [205, 314] -5.4 -19.0
Supplemental Security Income (SSI) 40 [36, 43] 45 [40, 50] 72 [61, 84] -0.4 -4.5
Medicare 779 [722, 836] 1184 [1089, 1280] 2205 [1966, 2443] -5.2 -11.8
Medicaid 442 [391, 493] 585 [512, 658] 1243 [1047, 1439] -0.8 3.7

Note: Authors’ projections using FAM. All dollar values are in 2020 dollars.
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Table 4.6: No new cases of chronic lung disease

Scenario Estimates Relative
change to
baseline
(%)

2020 2030 2050 2030 2050
Population size (M) 223.8 [222.7, 224.9] 242.5 [240.8, 244.1] 271.8 [268.7, 274.9] 0.3 1.2
Prevalence of selected conditions

Cancer (%) 8.3 [7.8, 8.8] 10.1 [9.2, 10.9] 11.3 [10.0, 12.5] 0.4 2.3
Diabetes (%) 12.3 [11.7, 12.8] 14.8 [13.9, 15.6] 17.8 [16.4, 19.1] 0.2 1.6
Heart disease (%) 15.1 [14.6, 15.7] 16.9 [16.1, 17.7] 19.4 [18.3, 20.4] 0.3 2.2
Hypertension (%) 33.6 [33.0, 34.2] 39.0 [38.0, 40.0] 43.6 [42.3, 44.9] 0.2 1.0
Lung disease (%) 7.8 [7.3, 8.4] 4.9 [4.5, 5.4] 2.1 [1.9, 2.3] -46.8 -79.1
Stroke (%) 4.1 [3.6, 4.6] 4.9 [4.3, 5.6] 6.5 [5.5, 7.4] 0.5 4.0

Government revenues ($B)
Federal taxes 1724 [1621, 1827] 2297 [2153, 2441] 3377 [3092, 3662] 0.4 1.8
State taxes 431 [400, 462] 564 [523, 605] 833 [762, 903] 0.3 1.4

Government expenditures ($B)
Old Age and Survivors Insurance (OASI) 857 [831, 883] 1327 [1264, 1390] 2322 [2124, 2519] 0.5 3.0
Disability Insurance (DI) 136 [124, 148] 181 [147, 214] 302 [248, 356] -2.0 -5.6
Supplemental Security Income (SSI) 40 [36, 43] 45 [40, 50] 75 [64, 86] -0.3 -1.0
Medicare 782 [725, 839] 1236 [1138, 1335] 2534 [2305, 2762] -1.0 1.4
Medicaid 442 [391, 493] 582 [512, 651] 1214 [1054, 1374] -1.4 1.3

Note: Authors’ projections using FAM. All dollar values are in 2020 dollars.
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Table 4.7: No new cases of stroke

Scenario Estimates Relative
change to
baseline
(%)

2020 2030 2050 2030 2050
Population size (M) 223.8 [222.7, 224.9] 242.3 [240.6, 243.9] 270.2 [267.2, 273.3] 0.2 0.7
Prevalence of selected conditions

Cancer (%) 8.3 [7.8, 8.8] 10.1 [9.2, 10.9] 11.2 [9.9, 12.4] 0.2 1.3
Diabetes (%) 12.3 [11.7, 12.8] 14.8 [13.9, 15.6] 17.7 [16.3, 19.1] 0.2 1.1
Heart disease (%) 15.1 [14.6, 15.7] 16.9 [16.1, 17.7] 19.2 [18.2, 20.3] 0.3 1.5
Hypertension (%) 33.6 [33.0, 34.2] 39.0 [38.0, 40.0] 43.5 [42.2, 44.8] 0.1 0.7
Lung disease (%) 8.3 [7.7, 8.9] 9.3 [8.4, 10.1] 10.2 [9.1, 11.3] 0.2 1.1
Stroke (%) 3.8 [3.3, 4.2] 1.8 [1.7, 2.0] 0.8 [0.7, 0.8] -62.6 -87.9

Government revenues ($B)
Federal taxes 1724 [1621, 1827] 2290 [2147, 2433] 3337 [3058, 3615] 0.1 0.6
State taxes 431 [400, 462] 563 [522, 603] 825 [758, 892] 0.1 0.5

Government expenditures ($B)
Old Age and Survivors Insurance (OASI) 857 [831, 883] 1326 [1264, 1389] 2299 [2102, 2496] 0.4 2.0
Disability Insurance (DI) 136 [124, 148] 183 [151, 215] 314 [263, 365] -0.8 -2.0
Supplemental Security Income (SSI) 40 [36, 43] 45 [40, 50] 76 [65, 88] 0.2 0.4
Medicare 779 [722, 836] 1221 [1124, 1318] 2456 [2225, 2688] -2.3 -1.7
Medicaid 442 [391, 493] 571 [504, 638] 1144 [981, 1307] -3.2 -4.6

Note: Authors’ projections using FAM. All dollar values are in 2020 dollars.
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Table 4.8: Net fiscal impact of no new case scenarios, 2020-2050

Tax Revenues Expenditures
Federal State OASI DI SSI Medicare Medicaid Net Fiscal Savings

Cancer Net ($B) 604 121 785 -105 13 -1230 286 976
% change 1.2 1.0 2.7 -2.5 1.2 -4.2 2.0

Diabetes Net ($B) 650 120 415 -164 -4 -1351 -389 2262
% change 1.3 1.0 1.4 -3.9 -0.4 -4.6 -2.7

Heart Disease Net ($B) 331 68 409 -176 1 -2427 -238 2831
% change 0.7 0.6 1.4 -4.2 0.1 -8.2 -1.7

Hypertension Net ($B) 917 167 329 -378 -14 -2139 60 3226
% change 1.8 1.4 1.1 -9.0 -1.4 -7.3 0.4

Lung Disease Net ($B) 395 76 368 -125 -4 -79 -77 388
% change 0.8 0.6 1.2 -3.0 -0.4 -0.3 -0.5

Stroke Net ($B) 134 29 261 -53 1 -603 -490 1046
% change 0.3 0.2 0.9 -1.3 0.1 -2.0 -3.4

Note: Authors’ projections using FAM. All dollar values are in present value 2020 dollars, discounted with a 3% discount rate.
Positive values reflect additional revenues or expenditures.
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Table 4.9: Relative fiscal impact compared to baseline for no new case scenarios, by highest degree group, 2020-2050

Tax Revenues Expenditures
Disease Prevented Highest Degree Federal State OASI DI SSI Medicare Medicaid
Cancer No degree 0.9 0.5 2.4 -1.3 1.3 -2.4 0.5

HS/2-yr 1.4 1.1 2.7 -2.4 0.8 -3.6 1.9
4-yr 1.0 0.9 2.8 -4.8 2.5 -6.5 3.4
Beyond college 1.3 1.2 2.5 -3.3 2.6 -5.3 5.7

Diabetes No degree 2.3 1.3 2.1 -3.8 -0.4 -5.5 -3.1
HS/2-yr 2.1 1.4 1.7 -4.1 -0.7 -4.8 -2.8
4-yr 0.8 0.7 1.0 -3.4 1.1 -3.9 -2.2
Beyond college 0.7 0.6 0.8 -1.6 0.3 -3.6 -1.6

Heart Disease No degree 1.1 0.6 2.0 -4.5 0.4 -8.7 -2.9
HS/2-yr 0.9 0.7 1.6 -4.3 -0.7 -8.1 -1.6
4-yr 0.5 0.4 0.9 -3.4 1.3 -8.2 -1.1
Beyond college 0.6 0.6 1.1 -1.5 3.6 -8.7 0.9

Hypertension No degree 2.8 1.6 1.8 -8.4 -1.0 -8.1 0.5
HS/2-yr 2.7 1.8 1.3 -9.3 -2.5 -7.3 0.5
4-yr 1.4 1.1 0.7 -8.9 0.3 -7.1 -0.4
Beyond college 1.1 0.9 0.6 -5.9 1.1 -6.3 1.3

Lung Disease No degree 2.0 1.2 2.2 -3.4 -0.2 -0.4 -1.5
HS/2-yr 1.4 1.0 1.5 -3.0 -0.8 -0.2 -0.4
4-yr 0.5 0.4 0.8 -2.7 0.4 -0.3 -0.2
Beyond college 0.3 0.3 0.5 -0.7 1.5 -0.1 0.4

Stroke No degree 0.6 0.3 1.5 -1.2 0.5 -2.4 -3.7
HS/2-yr 0.3 0.3 1.0 -1.4 -0.4 -2.1 -3.5
4-yr 0.3 0.2 0.6 -1.0 0.1 -2.0 -3.3
Beyond college 0.1 0.1 0.4 -0.6 1.1 -1.4 -2.5

Note: Authors’ projections using FAM. All future values discounted to 2020 with a 3% discount rate.
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Table 4.10: BMI reduction scenario

Scenario Estimates Relative
change to
baseline
(%)

2018 2030 2050 2030 2050
Population size (M) 220.0 242.1 269.4 0.1 0.3
Prevalence of selected conditions

Cancer (%) 7.8 10.0 11.0 -0.3 0.2
Diabetes (%) 11.8 13.7 16.2 -7.1 -7.6
Heart disease (%) 15.0 16.6 18.6 -1.6 -2.0
Hypertension (%) 32.3 38.0 42.0 -2.5 -2.7
Lung disease (%) 8.1 9.0 9.8 -2.2 -2.3
Stroke (%) 4.0 4.9 6.2 -0.5 -0.4

Government revenues ($B)
Federal taxes 1622 2296 3343 0.4 0.8
State taxes 406 564 826 0.3 0.6

Government expenditures ($B)
Old Age and Survivors Insurance (OASI) 787 1323 2275 0.2 1.0
Disability Insurance (DI) 129 180 311 -2.1 -2.8
Supplemental Security Income (SSI) 40 44 74 -0.8 -1.7
Medicare 693 1185 2388 -1.3 -0.6
Medicaid 411 561 1150 -1.0 -0.1

Note: Authors’ projections using FAM. All dollar values are in 2018 dollars.
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5. Conclusion

5.1 Summary

The goals with this dissertation were three-fold. The first goal was to describe a

relatively complex microsimulation model for the consumer and potential user. This

is an area where microsimulation models are often weak, but it is critical for broader

adoption and use by policymakers. Rather than the “black box” or “crystal ball”

perception, these models can – and should – be described in a way that gives insights

into their capabilities and limitations. A technically-savvy user can then dive deeper

into technical appendices and source code, but that is not a realistic expectation of

microsimulation model consumers.

The second goal of this dissertation was to present validation results for two

outcomes that will shape the health of the US population in the coming decades:

BMI and diabetes. The obesity epidemic has been growing for four decades. It has

proven to be a leading risk factor for morbidity, through chronic diseases like diabetes

and hypertension. In the covid era, high BMI has also impacted mortality. Diabetes,

in turn, impacts a broad spectrum of outcomes. It is a risk factor for other chronic

conditions, negatively impacts quality of life, reduces workforce engagement, and

increases medical spending. Consequently, projecting the future of BMI and diabetes

well is critical for planning for the future and quantifying the potential impact of

interventions and innovation to target these conditions. Strengths and limitations

of FAM were shown in projecting BMI and diabetes. “Is the model valid?” is one of

the first questions policymakers ask when assessing microsimulation models. This

type of analysis is critical for answering that question.

The third goal was to consider the potential fiscal implications of innovation in six
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chronic disease areas through 2050. A relatively common result in health economics

is that innovation to improve health is met with higher fiscal costs. This typically

follows from increased longevity, as individuals receive income from Social Security

and benefits from Medicare or Medicaid for longer. In contrast, the projections

here are potentially surprising. Avoiding or preventing these chronic diseases are all

estimated to have fiscal savings. This suggests that there is fiscal value in innovation.

While these potential savings are large, they are not large enough to address the

solvency issues of the Medicare and Social Security programs.

5.2 Policy Recommendations

The first three recommendations relate to the broader context of chronic illnesses

in the United States. The latter two relate to broader adoption of microsimulation

models in the world of health policy analysis.

Prevention and innovation in highly-prevalent diseases that occur through-

out the lifespan (hypertension, heart diseases, diabetes) offers the largest

potential for fiscal savings. It is not surprising that highly-prevalent diseases

that onset early in life have large impacts on life-course outcomes. What is less obvi-

ous – and what dynamic microsimulation helps uncover – is how the marginal impact

of these diseases on mortality and fiscal programs play out. The projections here

suggest that prevention/innovation of hypertension offers the largest fiscal savings.

From the fiscal perspective, this is the place to target innovation.

Assess broader adoption of currently available approaches to disease pre-

vention. Even without new innovations, we currently have many tools to target

the chronic diseases assessed here. These include intensive lifestyle interventions that

target diet and exercise, better medication adherence to improve disease outcomes,
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pharmaceuticals and procedures that lower BMI, and public health approaches that

target nutrition and caloric intake.

The burden of chronic illness in the United States is enormous, yet un-

der-appreciated. The covid era has revealed the response the United States is

capable of when it comes to a large health shock. Covid has been truly devastat-

ing, resulting in enormous loss of life and economic opportunities. In contrast, the

growth of the obesity epidemic and its associated chronic illnesses has been a slow

boil over decades. In aggregate, the impact of a disease like heart disease or diabetes

is likely larger than covid. As we emerge from covid, refocusing efforts on targeting

these chronic diseases, recognizing that their impact on quantity and quality of life

is larger than covid offers a unique opportunity to jump-start progress.

Consider microsimulation methods when assessing health policy options

with long-term outcomes, distributional impacts, or quantifying program

offsets. A well-documented microsimulation model, with clearly conveyed assump-

tions, strengths and limitations, and uncertainty is a valuable tool for policy anal-

ysis. Moving beyond the perception of these models as “black boxes” is key for

building trust with policy makers. For analyses that rely on long-term outcomes,

assessing distributional impacts, or quantifying program offsets, these models can

offer insights that are otherwise missed. In particular, these models allow for the

calculation of return on investment, quantifying disparities, and calculating lifetime

consequences of short-term impacts.

Comparing competing policies with a common microsimulation model al-

lows for “apples-to-apples” policy analysis. A robust microsimulation model

enables direct comparison of policy options under the same framework. It enables

the analyst to quantify, for example, the impacts of targeting BMI in the young
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versus targeting BMI-related chronic illness at older ages. Using a common model

removes the challenges that arise when comparing different models, such as differ-

ences in source data and modeling choices. This, in turn, can yield higher-quality

policy analyses.
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A. Appendix

A.1 Data sources used for estimation

The Panel Survey of Income Dynamics is the main data source for the model. We

estimate models for assigning characteristics for the replacement cohorts in Re-

plenishing Conditions Module. These are summarized in Table A.1. We estimate

transition models for the entire PSID population in the Transition Model Module.

Transitioned outcomes are described in Table A.2.

A.1.1 Panel Survey of Income Dynamics

The Panel Survey of Income Dynamics (PSID), waves 1999-2019 are used to estimate

the transition models. PSID interviews occur every two years. We create a dataset

of respondents who have formed their own households, either as single heads of

households, cohabitating partners, or married partners. These heads, wives, and

”wives” (males are automatically assigned head of household status by the PSID

if they are in a couple) respond to the richest set of PSID questions, including the

health questions that are critical for our purposes.

We use all respondents age 25 and older. When appropriately weighted, the

PSID is representative of U.S. households. We also use the PSID as the host data

for full population simulations that begin in 2009. Respondents age 25 and 26 are

used as the basis for the synthetic cohorts that we generate, used for replenishing

the sample in population simulations or as the basis of cohort scenarios.

The PSID continually adds new cohorts that are descendents (or new partner-
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s/spouses of descendents). Consequently, updating the simulation to include more

recent data is straightforward.

A.1.2 Health and Retirement Study

The Health and Retirement Study (HRS), waves 1998-2012 are pooled with the

PSID for estimation of mortality and widowhood models. The HRS has a similar

structure to the PSID, with interviews occurring every two years. The HRS data is

harmonized to the PSID for all relevant variables. We use the dataset created by

RAND (RAND HRS, version O) as our basis for the analysis. We use all cohorts

in the analysis. When appropriately weighted, the HRS in 2010 is representative of

U.S. households where at least one member is at least 51. Compared to the PSID,

the HRS includes more older Hispanics and interviews more respondents once they

have entered nursing homes.

A.1.3 Medical Expenditure Panel Survey

The Medical Expenditure Panel Survey (MEPS), beginning in 1996, is a set of large-

scale surveys of families and individuals, their medical providers (doctors, hospitals,

pharmacies, etc.), and employers across the United States. The Household Compo-

nent (HC) of the MEPS provides data from individual households and their mem-

bers, which is supplemented by data from their medical providers. The Household

Component collects data from a representative sub sample of households drawn from

the previous year’s National Health Interview Survey (NHIS). Since NHIS does not

include the institutionalized population, neither does MEPS: this implies that we

can only use the MEPS to estimate medical costs for the non-elderly (25-64) pop-

ulation. Information collected during household interviews include: demographic

characteristics, health conditions, health status, use of medical services, sources of
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medical payments, and body weight and height. Each year the household survey

includes approximately 12,000 households or 34,000 individuals. Sample size for

those aged 25-64 is about 15,800 in each year. MEPS has comparable measures

of social-economic (SES) variables as those in PSID, including age, race/ethnicity,

educational level, census region, and marital status. We estimate expenditures and

utilization using 2007-2010 data.

See Section A.4.1 for a description. FAM also uses MEPS 2001-2003 data for

QALY model estimation.

A.1.4 Medicare Current Beneficiary Survey

The Medicare Current Beneficiary Survey (MCBS) is a nationally representative

sample of aged, disabled and institutionalized Medicare beneficiaries. The MCBS

attempts to interview each respondent twelve times over three years, regardless of

whether he or she resides in the community, a facility, or transitions between com-

munity and facility settings. The disabled (under 65 years of age) and oldest-old

(85 years of age or older) are over-sampled. The first round of interviewing was

conducted in 1991. Originally, the survey was a longitudinal sample with periodic

supplements and indefinite periods of participation. In 1994, the MCBS switched to

a rotating panel design with limited periods of participation. Each fall a new panel is

introduced, with a target sample size of 12,000 respondents and each summer a panel

is retired. Institutionalized respondents are interviewed by proxy. The MCBS con-

tains comprehensive self-reported information on the health status, health care use

and expenditures, health insurance coverage, and socioeconomic and demographic

characteristics of the entire spectrum of Medicare beneficiaries. Medicare claims

data for beneficiaries enrolled in fee-for-service plans are also used to provide more

accurate information on health care use and expenditures. MCBS years 2007-2010
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are used for estimating medical cost and enrollment models. See section A.4.1 for

discussion.

A.2 Estimation

In this section we describe the approach used to estimate the transition model,

the core of the FAM, and the initial cohort model which is used to rejuvenate the

simulation population.

A.2.1 Transition model

We consider a large set of outcomes for which we model transitions. Table A.5

gives the set of outcomes considered for the transition model along with descriptive

statistics and the population at risk when estimating the relationships.

Since we have a stock sample from the age 25+ population, each respondent goes

through an individual-specific series of intervals. Hence, we have an unbalanced

panel over the age range starting from 25 years old. Denote by ji0 the first age at

which respondent i is observed and jiTi
the last age when he is observed. Hence we

observe outcomes at ages ji = ji0, . . . , jiTi
.

We first start with discrete outcomes which are absorbing states (e.g. disease

diagnostic, mortality, benefit claiming). Record as hi,ji,m = 1 if the individual

outcome m has occurred as of age ji. We assume the individual-specific com-

ponent of the hazard can be decomposed in a time invariant and variant part.

The time invariant part is composed of the effect of observed characteristics xi

that are constant over the entire life course and initial conditions hi,j0,−m (out-

comes other than the outcome m) that are determined before the first age in which

each individual is observed The time-varying part is the effect of previously diag-
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nosed outcomes hi,ji−1,−m, on the hazard for m.1 We assume an index of the form

zm,ji = xiβm +hi,ji−1,−mγm +hi,j0,−mψm. Hence, the latent component of the hazard

is modeled as

h∗i,ji,m = xiβm + hi,ji−1,−mγm + hi,j0,−mψm + am,ji + εi,ji,m, (A.1)

m = 1, . . . ,M0, ji = ji0, . . . , ji,Ti
, i = 1, . . . , N

The term εi,ji,m is a time-varying shock specific to age ji. We assume that this last

shock is normally distributed and uncorrelated across diseases. We approximate am,ji

with an age spline with knots at ages 35, 45, 55, 65, and 75. This simplification

is made for computational reasons since the joint estimation with unrestricted age

fixed effects for each condition would imply a large number of parameters. The

absorbing outcome, conditional on being at risk, is defined as

hi,ji,m = max{I(h∗i,ji,m > 0), hi,ji−1,m}

The occurrence of mortality censors observation of other outcomes in a current year.

A number of restrictions are placed on the way feedback is allowed in the model.

Table A.6 documents restrictions placed on the transition model. We also include

a set of other controls. A list of such controls is given in Table A.7 along with

descriptive statistics.

We have five other types of outcomes:

1. First, we have binary outcomes which are not an absorbing state, such as

starting smoking. We specify latent indices as in (A.1) for these outcomes as

well but where the lag dependent outcome also appears as a right-hand side

variable. This allows for state-dependence.

1With some abuse of notation, ji − 1 denotes the previous age at which the respondent was
observed.
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2. Second, we have ordered outcomes. These outcomes are also modeled as in

(A.1) recognizing the observation rule is a function of unknown thresholds ςm.

Similarly to binary outcomes, we allow for state-dependence by including the

lagged outcome on the right-hand side.

3. The third type of outcomes we consider are censored outcomes, such as fi-

nancial wealth. For wealth, there are a non-negligible number of observations

with zero and negative wealth. For these, we consider two part models where

the latent variable is specified as in (A.1) but model probabilities only when

censoring does not occur. In total, we have M outcomes.

4. The fourth type of outcomes are continuous outcomes modeled with ordinary

least squares. For example, we model transitions in log(BMI). We allow for

state-dependence by including the lagged outcome on the right-hand side.

5. The final type of models are categorical, but without an ordering. For exam-

ple, an individual can transition to being out of the labor force, unemployed,

or working (either full- or part-time). In situations like this, we utilize a multi-

nomial logit model, including the lagged outcome on the right-hand side.

The parameters θ1 =
(
{βm, γm, ψm, ςm}Mm=1 ,

)
, can be estimated by maximum

likelihood. Given the normality distribution assumption on the time-varying unob-

servable, the joint probability of all time-intervals until failure, right-censoring or

death conditional on the initial conditions hi,j0,−m is the product of normal univari-

ate probabilities. Since these sequences, conditional on initial conditions, are also

independent across diseases, the joint probability over all disease-specific sequences

is simply the product of those probabilities.

For a given respondent observed from initial age ji0 to a last age jTi
, the proba-

bility of the observed health history is (omitting the conditioning on covariates for
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notational simplicity)

l−0
i (θ;hi,ji0) =

M−1∏
m=1

jTi∏
j=ji1

Pij,m(θ)(1−hij−1,m)(1−hij,M )

×
 jTi∏

j=ji1

Pij,M(θ)


We use the−0 superscript to make explicit the conditioning on hi,ji0 = (hi,ji0,0, . . . , hi,ji0,M)′.

We have limited information on outcomes prior to this age. The likelihood is a prod-

uct of M terms with the mth term containing only (βm, γm, ψm, ςm). This allows the

estimation to be done seperately for each outcome.

Further Details on Specific Transition Models

This section describes the modeling strategy for particular outcomes.

Employment Status Ultimately, we wish to simulate if an individual is out of

the labor force, unemployed, working part-time, or working full-time at time t. We

treat the estimation of this as a two-stage process. In the first stage, we predict

if the individual is out of the labor force, unemployed, or working for pay using a

multinomial logit model. Then, conditional on working for pay, we estimate if the

individual is working part- or full-time using a probit model.

Earnings We estimate last calendar year earnings models based on the current em-

ployment status, controlling for the prior employment status. Of particular concern

are individuals with no earnings, representing approximately twenty-five percent of

the unemployed and seventy-eight percent of those out of the labor force. This group

is less than 0.5% of the full- and part-time populations. We use a two-stage process

for those out of the labor force and unemployed. The first stage is a probit that

estimates if the individual has any earnings. The second stage is an OLS model of
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log(earnings) for those with non-zero earnings. For those working full- or part-time,

we estimate OLS models of log(earnings).

Relationship Status We are interested in three relationship statuses: single,

cohabitating, and married. In each case, we treat the transition from time t to time

t + 1 as a two-stage process. In the first stage, we estimate if the individual will

remain in their current status. In the second stage, we estimate which of the two

other states the individual will transition to, conditional on leaving their current

state.

Childbearing We estimate the number of children born in two-years separately

for women and men. We model this using an ordered probit with three categories:

no new births, one birth, and two births. Based on the PSID data, we found the

exclusion of three or more births in a two-year period to be appropriate.

Inverse Hyperbolic Sine Transformation

One problem fitting the wealth distribution is that it has a long right tail and some

negative values. We use a generalization of the inverse hyperbolic sine transform

(IHT) presented in MacKinnon and Magee (1990). First denote the variable of

interest y. The hyperbolic sine transform is

y = sinh(x) =
exp(x)− exp(−x)

2
(A.2)

The inverse of the hyperbolic sine transform is

x = sinh−1(y) = h(y) = log(y + (1 + y2)1/2)
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Consider the inverse transformation. We can generalize such transformation, first

allowing for a shape parameter θ,

r(y) = h(θy)/θ (A.3)

Such that we can specify the regression model as

r(y) = xβ + ε, ε ∼ N(0, σ2) (A.4)

A further generalization is to introduce a location parameter ω such that the new

transformation becomes

g(y) =
h(θ(y + ω))− h(θω)

θh′(θω)
(A.5)

where h′(a) = (1 + a2)−1/2.

We specify (A.4) in terms of the transformation g. The shape parameters can

be estimated from the concentrated likelihood for θ, ω. We can then retrieve β, σ by

standard OLS.

Upon estimation, we can simulate

g̃ = xβ̂ + ση̃

where η is a standard normal draw. Given this draw, we can retransform using (A.5)

and (A.2)

h(θ(y + ω)) = θh′(θω)g̃ + h(θω)

ỹ =
sinh [θh′(θω)g̃ + h(θω)]− θω

θ
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A.3 Model for replenishing cohorts

We first discuss the empirical strategy, then present the model and estimation re-

sults. The model for replinishing cohorts integrates information coming from trends

among younger cohorts with the joint distribution of outcomes in the current pop-

ulation of age 25 respondents in the PSID.

A.3.1 Model and estimation

Assume the latent model for y∗i = (y∗i1, . . . , y
∗
iM)′,

y∗i = µ+ εi,

where εi is normally distributed with mean zero and covariance matrix Ω. It will

be useful to write the model as

y∗i = µ+ LΩηi,

where LΩ is a lower triangular matrix such that LΩL′Ω = Ω and ηi = (ηi1, . . . , ηiM)′

are standard normal. We observe yi = Γ(y∗i ) which is a non-invertible mapping for

a subset of the M outcomes. For example, we have binary, ordered and censored

outcomes for which integration is necessary.

The vector µ can depend on some variables which have a stable distribution

over time zi (say race, gender and education). This way, estimation preserves the

correlation with these outcomes without having to estimate their correlation with

other outcomes. Hence, we can write

µi = ziβ
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and the whole analysis is done conditional on zi.

For binary and ordered outcomes, we fix Ωm,m = 1 which fixes the scale. Also

we fix the location of the ordered models by fixing thresholds as τ0 = −∞, τ1 = 0,

τK = +∞, where K denotes the number of categories for a particular outcome. We

also fix to zero the correlation between selected outcomes (say earnings) and their

selection indicator. Hence, we consider two-part models for these outcomes. Because

some parameters are naturally bounded, we also re-parameterize the problem to

guarantee an interior solution. In particular, we parameterize

Ωm,m = exp(δm), m = m0 − 1, . . . ,M

Ωm,n = tanh(ξm,n)
√

Ωm,mΩm,n, m, n = 1, . . . , N

τm,k = exp(γm,k) + τk−1, k = 2, . . . , Km − 1,m ordered

and estimate the (δm,m, ξm,n, γk) instead of the original parameters. The parameter

values are estimated using the cmp package in Stata (Roodman, 2011). Table A.8

gives parameter estimates for the indices while Table A.9 gives parameter estimates

of the covariance matrix in the outcomes.

A.3.2 Trends for replenishing cohorts

Using the jointly estimated models previously described, we then assign outcomes

to the replenishing cohorts, imposing trends for some health, risk factor, and social

outcomes. We currently impose trends on BMI, education, number of children,

marital status, hypertension, and smoking status for these 25-26 year olds. These

trends are estimated using the National Health Interview Survey (health and risk

factors) or the American Community Survey (social outcomes). All trends are halted

after 2029. The trends are shown in Table A.10, Table A.11 and Table A.12.
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A.4 Government revenues and expenditures

This gives a limited overview of how revenues and expenditures of the government

are computed.

A.4.1 Medical costs estimation

In the FAM, a cost module links a person’s current state–demographics, economic

status, current health, risk factors, and functional status to 4 types of individual

medical spending. The FAM models: total medical spending (medical spending

from all payment sources), Medicare spending2, Medicaid spending (medical spend-

ing paid by Medicaid), and out of pocket spending (medical spending by the respon-

dent). These estimates are based on pooled weighted least squares regressions of

each type of spending on risk factors, self-reported conditions, and functional sta-

tus, with spending inflated to constant dollars using the medical component of the

consumer price index. We use the 2007-2010 Medical Expenditure Panel Survey for

these regressions for persons not Medicare eligible, and the 2007-2010 Medicare Cur-

rent Beneficiary Survey for spending for those that are eligible for Medicare. Those

eligible for Medicare include people eligible due to age (65+) or due to disability sta-

tus. Comparisons of prevalences and question wording across these different sources

are provided in Tables A.3 and A.4, respectively.

In the baseline scenario, this spending estimate can be interpreted as the re-

sources consumed by the individual given the manner in which medicine is practiced

in the United States during the post-part D era (2006-2010). Models are estimated

for total, Medicaid, out of pocket spending, and for the Medicare spending.

Since Medicare spending has numerous components (Parts A and B are consid-

2We estimate annual medical spending paid by specific parts of Medicare (Parts A, B, and D)
and sum to get the total Medicare expenditures.
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ered here), models are needed to predict enrollment. In 2004, 98.4% of all Medicare

enrollees, and 99%+ of aged enrollees, were in Medicare Part A, and thus we assume

that all persons eligible for Medicare take Part A. We use the 2007-2010 MCBS to

model take up of Medicare Part B for both new enrollees into Medicare, as well as

current enrollees without Part B. Estimates are based on weighted probit regression

on various risk factors, demographic, and economic conditions. The PSID start-

ing population for the FAM does not contain information on Medicare enrollment.

Therefore another model of Part B enrollment for all persons eligible for Medicare is

estimated via a probit, and used in the first year of simulation to assign initial Part

B enrollment status. Estimation results are shown in estimates table. The MCBS

data over represents the portion enrolled in Part B, having a 97% enrollment rate in

2004 instead of the 93.5% rate given by Medicare Trustee’s Report. In addition to

this baseline enrollment probit, we apply an elasticity to premiums of -0.10, based

on the literature and simulation calibration for actual uptake through 2009 (Atherly

et al., 2004; Buchmueller, 2006). The premiums are computed using average Part B

costs from the previous time step and the means-testing thresholds established by

the ACA.

Since 2006, the Medicare Current Beneficiaries Survey (MCBS) contains data

on Medicare Part D. The data gives the capitated Part D payment and enrollment.

When compared to the summary data presented in the CMS 2007 Trustee Report,

the 2006 per capita cost is comparable between the MCBS and the CMS. However,

the enrollment is underestimated in the MCBS, 53% compared to 64.6% according

to CMS.

A cross-sectional probit model is estimated using years 2007-2010 to link demo-

graphics, economic status, current health, and functional status to Part D enrollment

- see the estimates table. To account for both the initial under reporting of Part

D enrollment in the MCBS, as well as the CMS prediction that Part D enrollment
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will rise to 75% by 2012, the constant in the probit model is increased by 0.22 in

2006, to 0.56 in 2012 and beyond. The per capita Part D cost in the MCBS matches

well with the cost reported from CMS. An OLS regression using demographic, cur-

rent health, and functional status is estimated for Part D costs based on capitated

payment amounts.

The Part D enrollment and cost models are implemented in the Medical Cost

module. The Part D enrollment model is executed conditional on the person being

eligible for Medicare, and the cost model is executed conditional on the enrollment

model leading a true result, after the Monte Carlo decision. Otherwise the person

has zero Part D cost. The estimated Part D costs are added with Part A and B

costs to obtain total Medicare cost, and any medical cost growth assumptions are

then applied.

A.5 Implementation

The FAM is implemented in multiple parts. Estimation of the transition and cross

sectional models is performed in Stata. The replenishing cohort model is estimated

in Stata using the CMP package (Roodman, 2011). The simulation is implemented in

C++ for speed and flexibility. Currently, the simulation is run on Linux, Windows,

and Mac OS X.

To match the two year structure of the PSID data used to estimate the transition

models, the FAM simulation proceeds in two year increments. The end of each two

year step is designed to occur on July 1st to allow for easier matching to population

forecasts from Social Security. A simulation of the FAM proceeds by first loading

a population representative of the age 25+ US population in 2009, generated from

PSID. In two year increments, the FAM applies the transition models for mortality,

health, working, wealth, earnings, and benefit claiming with Monte Carlo decisions
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to calculate the new states of the population. The population is also adjusted by

immigration forecasts from the US Census Department, stratified by race and age.

If incoming cohorts are being used, the new 25/26 year olds are added to the popu-

lation. The number of new 25/26 year olds added is consistent with estimates from

the Census, stratified by race. Once the new states have been determined and new

25/26 year olds added, the cross sectional models for medical costs are performed.

Summary variables are then computed. Computation of medical costs includes the

persons that died to account for end of life costs. To reduce uncertainty due to the

Monte Carlo decision rules, the simulation is performed multiple times (typically

100), and the mean of each summary variable is calculated across repetitions.

FAM simulation takes as inputs assumptions regarding the normal retirement

age, real medical cost growth, and interest rates. The default assumptions are taken

from the 2010 Social Security Intermediate scenario, adjusted for no price increases

after 2010. Therefore simulation results are in real 2009 dollars.

Different simulation scenarios are implemented by changing any of the following

components: incoming cohort model, transition models, interventions that adjust

the probabilities of specific transition, and changes to assumptions on future eco-

nomic conditions.

A.5.1 Intervention Module

The intervention module can adjust characteristics of individuals when they are

first read into the simulation “init interventions” or alter transitions within the sim-

ulation “interventions.” At present, init interventions can act on chronic diseases,

ADL/IADL status, program participation, and some demographic characteristics.

Interventions within the simulation can currently act on mortality, chronic diseases,

and some program participation variables.

Interventions can take several forms. The most commonly used is an adjustment
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to a transition probability. One can also delay the assignment of a chronic condition

or cure an existing chronic condition. Additional flexibility comes from selecting who

is eligible for the intervention. Some examples might help to make the interventions

concrete.

• Example 1: Delay the enrollment into Social Security OASI by two years. In

this scenario claiming of Social Security benefits is transitioned as normal.

However, if a person is predicted to claim their benefits, then that status is

not immediately assigned, but is instead assigned two years later.

• Example 2: Cure hypertension for those with no other chronic diseases. In

this scenario any individual with hypertension (including those who have had

hypertension for many years) is cured (hypertension status is set to 0), as long

as they do not have other chronic diseases. This example uses the individual’s

chronic disease status as the eligibility criteria for the intervention.

• Example 3: Reduce the incidence of hypertension for half of men aged 55 to 65

by 10% in the first year of the simulation, gradually increasing the reduction to

20% after 10 years. This example begins to show the flexibility in the interven-

tion module. The eligibility criteria are more complex (half of men in a specific

age range are eligible) and the intervention changes over time. Mathematically,

the intervention works by acting on the incidence probability, ρ. In the first

year of the simulation, the probability is replaced by (1− 0.5 ∗ 0.1) ρ = 0.95ρ.

The binary outcome is then assigned based on this new probability. Thus,

at the population level, there is a 5% reduction in incidence for men aged 55

to 65, as desired. After 10 years, the probability for this eligible population

becomes (1− 0.5 ∗ 0.2) ρ = 0.9ρ.

More elaborate interventions can be programmed by the user.
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A.6 Baseline Forecasts

In this section we present baseline forecasts of the Future Adult Model. The figures

show data from the PSID for the 25+ population from 1999 through 2009 and

forecasts from the FAM for the 25+ population beginning in 2009.

A.6.1 Disease Prevalence

Figure A.1 depicts the six chronic conditions we project for men. And Figure A.2

depicts the historic and forecasted values for women.

Figure A.3 shows historic and forecasted levels for any ADL difficulties, three

or more ADL difficulties, any IADL difficulties, and two or more IADL difficulties

for men 25 and older. Figure A.4 shows historic and forecasted levels for any ADL

difficulties, three or more ADL difficulties, any IADL difficulties, and two or more

IADL difficulties for women 25 and older.

A.7 Tables

Economic Outcomes Health Outcomes Other Outcomes
Work Status BMI Category Education
Earnings Smoking Category Partnered
Wealth Hypertension Partner Type

Health Insurance

Table A.1: Estimated outcomes in replenishing cohorts module
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Economic Outcomes Health Outcomes Marital Status Other Outcomes
Social Security Claiming Mortality Exit Single Insurance Type
Disability Claiming Heart Disease Exit Cohabitation
Non-Zero Capital Income Cancer Exit Married
Capital Income (if non-zero) Hypertension Single to Married
Non-zero Government Transfers Diabetes Cohabitation to Married
Government Transfers (if non-zero) Lung Disease Married to Cohabitation
Non-zero Wealth Start Smoking
Wealth (if non-zero) Stop Smoking
Labor Force Status (out, unemployed, working) ADL Status
Employed Full- or Part-time (if working) IADL Status
Any Earnings (if Unemployed) Births/Paternity
Any Earnings (if Not in Labor Force) Self-reported Health
Earnings (if Full-time) BMI
Earnings (if Part-time) Partner Death
Earnings (if Unemployed and any)
Earnings (if Not in Labor Force and any)

Table A.2: Estimated outcomes in transitions module
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Prevalence %
Source (years, ages) Cancer Heart Diseases Stroke Diabetes Hypertension Lung Disease Overweight Obese
HRS (20042008, 5064) 8% 14% 4% 16% 45% 7% 37% 37%
HRS (20042008, 65+) 19% 31% 11% 23% 63% 11% 38% 27%
MCBS (20072010, 65+) 19% 41% 11% 25% 68% 17% 38% 26%
MEPS (20072010, 2549) 2% 6% 1% 4% 18% 4% 35% 30%
MEPS (20072010, 5064) 6% 16% 4% 14% 46% 7% 37% 34%
MEPS (20072010, 65+) 14% 36% 12% 21% 68% 11% 38% 27%
NHIS (20072009, 2549) 2% 6% 1% 4% 16% 4% 34% 31%
NHIS (20072009, 5064) 7% 14% 3% 13% 41% 7% 36% 35%
NHIS (20072009, 65+) 17% 32% 9% 19% 61% 10% 36% 27%
PSID (20072011, 2549) 2% 4% 1% 4% 12% 3% 34% 29%
PSID (20072011, 5064) 6% 14% 2% 13% 33% 8% 38% 30%
PSID (20072011, 65+) 15% 33% 8% 20% 53% 14% 38% 23%

Table A.3: Health condition prevalences in survey data
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Survey
Disease PSID/HRS NHIS MEPS MCBS
Cancer Has a doctor ever told you that you

have cancer or a malignant tumor,
excluding minor skin cancers?

Have you ever been told by a
doctor or other health professional
that you had cancer or a malig-
nanacy of any kind? (WHEN RE-
CODED, SKIN CANCERS WERE
EXCLUDED)

List all the conditions that have
bothered (the person) from
(START time) to (END time) CCS
codes for the conditions list are
11-21, 24-45

Has a doctor ever told you that you
had any (other) kind of cancer ma-
lignancy, or tumor other than skin
cancer?

Heart Diseases Has a doctor ever told you that you
had a heart attack, coronary heart
disease, angina, congestive heart
failure, or other heart problems?

Four separate questions were asked
about whether ever told by a doc-
tor or other health professional that
had: CHD, Angina, MI, other heart
problems.

Have you ever been told by a doc-
tor or health professional that you
have CHD; Angina; MI; other heart
problems

Six separate questions were asked
about whether ever told by a doc-
tor that had: Angina or MI; CHD;
other heart problems (included four
questions)

Stroke Has a doctor ever told you that you
had a stroke?

Have you EVER been told by a doc-
tor or other health professional that
you had a stroke?

If Female, add: [Other than dur-
ing pregnancy,] Have you ever been
told by a doctor or health profes-
sional that you have a stroke or TIA
(transient ischemic attack)

[Since (PREV< SUPP. RD. INT.
DATE),] has a doctor (ever) told
(you/SP) that (you/he/she) had a
stroke, a brain hemorrhage, or a
cerebrovascular accident?

Diabetes Has a doctor ever told you that you
have diabetes or high blood sugar?

If Female, add: [Other than during
pregnancy,] Have you ever been told
by a doctor or health professional
that you have diabetes or sugar di-
abetes?

If Female, add: [Other than during
pregnancy,] Have you hever been
told by a doctor or health profes-
sional that you have diabetes or
sugar diabetes?

Has a doctor (ever) told (you/SP)
that (you/he/she) had diabetes,
high blood sugar, or sugar in
(your/his/her) urine? [DO
NOT INCLUDE BOERDER-
LINE PREGNANCY, OR PRE-
DIABETEIC DIABETES.]

Hypertension Has a doctor ver told you that you
have high blood pressure or hyper-
tension?

Have you EVER been told by a doc-
tor or other health professional that
you had Hypertension, also called
high blood pressure?

Have you EVER been told by a doc-
tor or other health professional that
you had Hypertension, also called
high blood pressure?

Has a doctor (ever) told (you/SP)
that (you/he/she) (still) (had)
(have/has) hypertension, some-
times called high blood pressure?

Lung Disease Has a doctor ever told you that
you have chronic lung disease such
as chronic bronchitis or emphy-
sema? [IWER: DO NOT IN-
CLUDE ASTHMA]

Question 1: During the PAST 12
MONTHS, have you ever been told
by a doctor or other health profes-
sional that you had chronic bronchi-
tis? Question 2: Have you EVER
been told by a docotor or other
health professional that you had
emphysema?

List all the conditions that have
bothered (the person) from
(START time) to (END time) CCS
codes for the conditions list are
127, 129-312

Has a doctor (ever) told (you/SP)
that (you/he/she) had em-
physema, asthma, or COPD?
[COPD=CHRONIC OBSTRUC-
TIVE PULMONARY DISEASE.]

Overweight
Self-reported body weight and height

Obese

Table A.4: Survey questions used to determine health conditions

114



Type At risk Mean/fraction

Disease

heart disease biennial incidence undiagnosed 0.01
hypertension biennial incidence undiagnosed 0.04

stroke biennial incidence undiagnosed 0.01
lung disease biennial incidence undiagnosed 0.01

cancer biennial incidence undiagnosed 0.01
diabetes biennial incidence undiagnosed 0.01

Risk Factors

Smoking Status
never smoked ordered all 0.51
ex smoker ordered all 0.30
current smoker ordered all 0.19

Log BMI continuous all 3.31

ADL Status

no ADLs ordered all 0.90
1 ADL ordered all 0.05
2 ADLS ordered all 0.02
3+ ADLS ordered all 0.03

IADL Status
no IADLs ordered all 0.89
1 IADL ordered all 0.07
2+ IADLs ordered all 0.04

LFP & Benefits

Employment Status

out of labor force prevalence all 0.26
unemployed prevalence all 0.06
part time prevalence all 0.17
full time prevalence all 0.51

SS benefit receipt biennial incidence eligible & not receiving
DI benefit receipt prevalence eligible & age < 65 0.04

Any health insurance prevalence age < 65 0.84
SSI receipt prevalence all 0.02

Family

Marital status
single prevalence all 0.28
cohabitating prevalence all 0.09
married prevalence all 0.62

Childbearing
no children biennial incidence female 0.91
1 child biennial incidence female 0.08
2 children biennial incidence female 0.00

Financial financial wealth median all non-zero wealth 56.00
Resources earnings median working full time 17.50

earnings median working part time 40.38
($K 2009) wealth non-zero prevalence all 0.95

Table A.5: Outcomes in the transition model. Estimation sample is PSID 1999-2019 waves.
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Value at time T − 1 Outcome at time T
Heart Lung Smoking Nursing Nonzero
disease hypertension stroke disease diabetes cancer disability mortality status BMI Any HI DI Claim SS Claim DB Claim SSI Claim Home Work Earnings Wealth Wealth

Heart disease X X X X X X X X X X X X X X X
Blood pressure X X X X X X X X X X X X X X X X
Stroke X X X X X X X X X X X X X X
Lung disease X X X X X X X X X X X X X X
Diabetes X X X X X X X X X X X X X X X X X
Cancer X X X X X X X X X X X X X X X
Disability X X X X X X X X X X X X X X
Claimed DI X X X X X X X X X
Claimed SS X X X X X X X
Claimed DB X X X X X X
Claimed SSI X
Work X X X X X X X X
Earnings X X X X X X X X X
Nonzero wealth X X X X X X X X X X
Wealth X X X X X X X X X X
Nursing home stay X X X X

Table A.6: Restrictions on transition model. Xindicates that an outcome at time T − 1 is allowed in the transition model for
an outcome at time T .
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Standard
Control variable Mean deviation Minimum Maximum
Non-hispanic black 0.112 0.315 0 1
Hispanic 0.127 0.333 0 1
Single 0.343 0.475 0 1
Cohabitating 0.0540 0.226 0 1
Married 0.603 0.489 0 1
Less than high school 0.133 0.339 0 1
High school/GED/some college/AA 0.552 0.497 0 1
College graduate 0.210 0.407 0 1
More than college 0.105 0.307 0 1
Doctor ever - heart disease 0.141 0.348 0 1
Doctor ever - hypertension 0.243 0.429 0 1
Doctor ever - stroke 0.0287 0.167 0 1
Doctor ever - chronic lung disease 0.0676 0.251 0 1
Doctor ever - cancer 0.0496 0.217 0 1
Doctor ever - diabetes 0.0870 0.282 0 1
Never smoked 0.473 0.499 0 1
Former smoker 0.346 0.476 0 1
Current smoker 0.181 0.385 0 1
No ADL limitations 0.868 0.338 0 1
1 ADL limitation 0.0597 0.237 0 1
2 ADL limitations 0.0262 0.160 0 1
3 or more ADL limitations 0.0458 0.209 0 1
No IADL limitations 0.866 0.340 0 1
1 IADL limitation 0.0858 0.280 0 1
2 or more IADL limitations 0.0480 0.214 0 1
25 < BMI < 30 0.365 0.481 0 1
30 < BMI < 35 0.168 0.374 0 1
35 < BMI < 40 0.0663 0.249 0 1
BMI > 40 0.0382 0.192 0 1
Any Social Security income LCY 0.200 0.400 0 1
Any Disability income LCY 0.0388 0.193 0 1
Any Supplemental Security Income LCY 0.0189 0.136 0 1
Any health insurance LCY 0.877 0.329 0 1
Out of labor force 0.318 0.466 0 1
Unemployed 0.0617 0.241 0 1
Working part-time 0.177 0.381 0 1
Working full-time 0.444 0.497 0 1
Earnings in 1000s capped at 200K 34.01 40.03 0 200
Wealth in 1000s capped at 2 million 270.0 457.3 -1974 2000

Table A.7: Desciptive statistics for variables in 2009 PSID ages 25+ sample used as
simulation stock population
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Number of
Education Partnership Weight Smoking In labor biological

Covariate level Partnered type status status Hypertension force children
Non-hispanic black -0.31 -0.71 -0.55 0.37 -0.38 0.20 0.13 0.30
Hispanic -0.04 0.02 -0.14 0.27 -0.53 -0.09 -0.09 0.22
Male -0.25 0.05 -0.11 0.12 0.25 0.11 0.47 -0.46
Less than HS/GED 0.00 -0.32 -0.19 0.04 0.76 0.09 -0.24 0.59
College 0.00 0.06 0.16 -0.42 -0.73 -0.13 0.22 -0.88
Beyond college 0.00 0.17 0.14 -0.79 -1.07 -0.20 -0.16 -1.27
R’s mother less than high school -0.33 -0.08 0.00 0.00 0.00 0.00 -0.04 0.13
R;s mother some college 0.30 -0.16 0.10 0.00 0.00 0.00 -0.07 -0.06
R’s mother college graduate 0.58 -0.26 -0.04 0.00 0.00 0.00 0.05 -0.15
R’s father less than high school -0.15 -0.07 0.05 0.00 0.00 0.00 -0.03 -0.04
R;s father some college 0.31 -0.22 0.08 0.00 0.00 0.00 0.02 -0.19
R’s father college graduate 0.72 -0.23 -0.00 0.00 0.00 0.00 -0.04 -0.22
Poor as a child -0.20 0.03 -0.00 0.00 0.00 0.00 -0.10 0.08
Wealthy as a child -0.05 -0.06 -0.05 0.00 0.00 0.00 -0.04 0.10
Fair or poor health before age 17 -0.17 -0.08 -0.02 0.00 0.00 0.00 -0.19 -0.06
Age 25 or 26 -0.15 -0.17 -0.23 -0.11 -0.05 -0.15 -0.07 -0.33
Constant 1.45 0.95 0.79 0.16 0.13 -1.83 1.00 0.65

Table A.8: Parameter estimates for latent model: conditional means and thresholds. Sample is respondents age 25-30 in
2005-2011 PSID waves
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Number of
Education Partnership Weight Smoking In labor biological

level Partnered type status status Hypertension force children
Education level 1.000
Partnered -0.082 1.000
Partnership type 0.039 0.000 1.000
Weight status 0.137 -0.017 0.072 1.000
Smoking status 0.013 -0.127 -0.204 -0.023 1.000
Hypertension 0.007 -0.085 0.069 0.325 0.015 1.000
In labor force 0.069 -0.153 -0.028 -0.009 0.001 -0.016 1.000
Number of biological children 0.075 0.344 0.261 0.038 -0.001 0.024 -0.175 1.000

Table A.9: Parameter estimates for latent model: parameterized covariance matrix. Sample is respondents age 25-30 in 2005-2011
PSID waves
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Year Hypertension Overweight Obese 1 Obese 2 Obese 3 Never Smoked Former Smoker Current Smoker
2009 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2010 1.00 1.00 1.03 1.01 1.01 1.00 1.00 0.99
2011 0.99 1.00 1.06 1.01 1.03 1.01 0.99 0.98
2012 0.99 1.00 1.08 1.01 1.04 1.01 0.99 0.98
2013 1.00 1.00 1.10 1.02 1.06 1.01 0.99 0.97
2014 1.00 1.01 1.12 1.02 1.07 1.02 0.98 0.96
2015 1.00 1.00 1.14 1.03 1.08 1.02 0.98 0.95
2016 1.01 1.02 1.17 1.03 1.10 1.03 0.98 0.94
2017 1.01 1.03 1.19 1.04 1.11 1.03 0.97 0.94
2018 0.98 1.09 1.20 1.05 1.13 1.03 0.97 0.93
2019 0.98 1.09 1.23 1.06 1.14 1.04 0.97 0.92
2020 0.99 1.09 1.24 1.08 1.16 1.04 0.96 0.91
2021 0.99 1.09 1.26 1.09 1.17 1.04 0.96 0.91
2022 0.98 1.09 1.28 1.11 1.19 1.05 0.95 0.90
2023 0.98 1.09 1.29 1.13 1.20 1.05 0.95 0.89
2024 0.98 1.08 1.30 1.15 1.22 1.05 0.95 0.88
2025 0.98 1.07 1.31 1.18 1.24 1.06 0.94 0.87
2026 0.99 1.06 1.32 1.21 1.25 1.06 0.94 0.87
2027 0.99 1.04 1.34 1.24 1.27 1.06 0.94 0.86
2028 0.99 0.98 1.43 1.25 1.28 1.07 0.93 0.85
2029 1.01 0.97 1.46 1.26 1.30 1.07 0.93 0.84
2030 1.01 0.97 1.46 1.26 1.30 1.07 0.93 0.84
2031 1.01 0.97 1.46 1.26 1.30 1.07 0.93 0.84
2032 1.01 0.97 1.46 1.26 1.30 1.07 0.93 0.84
2033 1.01 0.97 1.46 1.26 1.30 1.07 0.93 0.84
2034 1.01 0.97 1.46 1.26 1.30 1.07 0.93 0.84
2035 1.01 0.97 1.46 1.26 1.30 1.07 0.93 0.84

Table A.10: Health and risk factor trends for replenishing cohorts, prevalences relative to 2009
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Year Less than HS HS Grad College Grad Graduate School
2009 1.00 1.00 1.00 1.00
2010 0.98 0.99 1.02 1.04
2011 0.96 0.98 1.03 1.08
2012 0.93 0.97 1.05 1.12
2013 0.91 0.96 1.06 1.17
2014 0.89 0.95 1.08 1.21
2015 0.87 0.94 1.09 1.26
2016 0.85 0.93 1.11 1.31
2017 0.83 0.92 1.12 1.36
2018 0.81 0.91 1.14 1.41
2019 0.79 0.90 1.15 1.46
2020 0.77 0.88 1.16 1.51
2021 0.75 0.87 1.18 1.57
2022 0.73 0.86 1.19 1.63
2023 0.71 0.85 1.20 1.68
2024 0.69 0.84 1.21 1.74
2025 0.67 0.83 1.23 1.80
2026 0.66 0.81 1.24 1.87
2027 0.64 0.80 1.25 1.93
2028 0.62 0.79 1.26 1.99
2029 0.60 0.78 1.27 2.06
2030 0.60 0.78 1.27 2.06
2031 0.60 0.78 1.27 2.06
2032 0.60 0.78 1.27 2.06
2033 0.60 0.78 1.27 2.06
2034 0.60 0.78 1.27 2.06
2035 0.60 0.78 1.27 2.06

Table A.11: Education trends for replenishing cohorts, prevalences relative to 2009
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Year No Children One Child Two Children Three Chidren Four or More Children Partnered Married
2009 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2010 1.01 1.00 0.99 0.98 0.98 1.00 0.98
2011 1.01 0.99 0.98 0.97 0.95 0.99 0.96
2012 1.02 0.99 0.97 0.95 0.93 0.99 0.94
2013 1.03 0.98 0.96 0.93 0.90 0.99 0.91
2014 1.03 0.98 0.95 0.91 0.88 0.99 0.89
2015 1.04 0.97 0.94 0.90 0.86 0.98 0.87
2016 1.05 0.97 0.92 0.88 0.84 0.98 0.85
2017 1.05 0.96 0.91 0.87 0.82 0.98 0.82
2018 1.06 0.95 0.90 0.85 0.79 0.98 0.80
2019 1.07 0.95 0.89 0.83 0.77 0.98 0.78
2020 1.07 0.94 0.88 0.82 0.75 0.98 0.76
2021 1.08 0.94 0.87 0.80 0.73 0.98 0.73
2022 1.09 0.93 0.86 0.79 0.72 0.97 0.71
2023 1.09 0.93 0.85 0.77 0.70 0.97 0.69
2024 1.10 0.92 0.84 0.76 0.68 0.97 0.66
2025 1.11 0.92 0.83 0.75 0.66 0.97 0.64
2026 1.11 0.91 0.82 0.73 0.64 0.98 0.62
2027 1.12 0.90 0.81 0.72 0.63 0.98 0.60
2028 1.13 0.90 0.80 0.70 0.61 0.98 0.57
2029 1.13 0.89 0.79 0.69 0.59 0.98 0.55
2030 1.13 0.89 0.79 0.69 0.59 0.98 0.55
2031 1.13 0.89 0.79 0.69 0.59 0.98 0.55
2032 1.13 0.89 0.79 0.69 0.59 0.98 0.55
2033 1.13 0.89 0.79 0.69 0.59 0.98 0.55
2034 1.13 0.89 0.79 0.69 0.59 0.98 0.55
2035 1.13 0.89 0.79 0.69 0.59 0.98 0.55

Table A.12: Social trends for replenishing cohorts, prevalences relative to 2009
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Figure A.1: Historic and Forecasted Chronic Disease Prevalence for Men 25+
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Figure A.2: Historic and Forecasted Chronic Disease Prevalence for Women 25+
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Figure A.3: Historic and Forecasted ADL and IADL Prevalence for Men 25+
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