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1 Functioning of the dynamic model

1.1 Background

The Future Elderly Model (FEM) is a microsimulation model originally developed out of an effort
to examine health and health care costs among the elderly Medicare population (age 65+). A
description of the previous incarnation of the model can be found in Goldman et al. (2004). The
original work was founded by the Centers for Medicare and Medicaid Services and carried out by
a team of researchers composed of Dana P. Goldman, Paul G. Shekelle, Jayanta Bhattacharya,
Michael Hurd, Geoffrey F. Joyce, Darius N. Lakdawalla, Dawn H. Matsui, Sydne J. Newberry,
Constantijn W. A. Panis and Baoping Shang.

Since then various extensions have been implemented to the original model. The most recent
version of the FEM now projects health outcomes for all Americans aged 51 and older and uses the
Health and Retirement Study (HRS) as a host dataset rather than the Medicare Current Beneficiary
Survey (MCBS). The work has also been extended to include economic outcomes such as earnings,
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labor force participation and pensions. This work was funded by the National Institute on Aging
through its support of the RAND Roybal Center for Health Policy Simulation (P30AG024968),
the Department of Labor through contract J-9-P-2-0033, the National Institutes of Aging through
the R01 grant “Integrated Retirement Modeling” (R01AG030824) and the MacArthur Foundation
Research Network on an Aging Society.

This document describes the Future Adult Model (FAM), the development of the model to
forecast Americans aged 25 and older. FAM uses the Panel Survey of Income Dynamics (PSID) as
the host dataset. In addition to modeling health, health care costs, and economic outcomes, FAM
also models life events such as changes in marital status and childbearing. Development of FAM
is suported by the National Institutes of Aging through the USC Roybal Center for Health Policy
Simulation (5P30AG024968-13) and the MacArthur Foundation Research Network on an Aging
Society.

1.2 Overview

The defining characteristic of the model is the modeling of real rather than synthetic cohorts, all
of whom are followed at the individual level. This allows for more heterogeneity in behavior than
would be allowed by a cell-based approach. Also, since the PSID interviews both respondent and
spouse, we can link records to calculate household-level outcomes, which depend on the responses
of both spouses.

The model has three core components:

• The replenishing cohort module predicts the economic and health outcomes of new cohorts
of 25/26 year-olds. This module takes in data from the Panel Survey of Income Dynamics
(PSID) and trends calculated from other sources. It allows us to “generate” cohorts as the
simulation proceeds, so that we can measure outcomes for the age 25+ population in any
given year.

• The transition module calculates the probabilities of transiting across various health states
and financial outcomes. The module takes as inputs risk factors such as smoking, weight, age
and education, along with lagged health and financial states. This allows for a great deal of
heterogeneity and fairly general feedback effects. The transition probabilities are estimated
from the longitudinal data in the PSID.

• The policy outcomes module aggregates projections of individual-level outcomes into policy
outcomes such as taxes, medical care costs, and disability benefits. This component takes
account of public and private program rules to the extent allowed by the available outcomes.

Figure 1 provides a schematic overview of the model. In this example, we start in 2014 with an
initial population aged 25+ taken from the PSID. We then predict outcomes using our estimated
transition probabilities (see section 3.1). Those who survive make it to the end of that year, at
which point we calculate policy outcomes for the year. We then move to the following time period
(two years later), when a replenishing cohort of 25 and 26 year-olds enters (see section 4). This
entrance forms the new age 25+ population, which then proceeds through the transition model as
before. This process is repeated until we reach the final year of the simulation.
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Figure 1: Architecture of the FAM

1.3 Comparison with other microsimulation models of health expendi-
tures

The precursor to the FAM, the FEM, was unique among models that make health expenditure
projections. It was the only model that projected health trends rather than health expenditures.
It was also unique in generating mortality projections based on assumptions about health trends
rather than historical time series.

FAM extends FEM to younger ages, adding additional dimensions to the simulation. Events
over the life course, such as marital status and childbearing are simulated. Labor force participation
is modeled in greater detail, distinguishing between out-of-labor force, unemployed, working part-
time, and working full-time.

1.3.1 CBOLT Model

The Congressional Budget Office (CBO) uses time-series techniques to project health expenditure
growth in the short term and then makes an assumption on long-term growth. They use a long term
growth of excess costs of 2.3 percentage points starting in 2020 for Medicare. They then assume a
reduction in excess cost growth in Medicare of 1.5% through 2083, leaving a rate of 0.9% in 2083.
For non-Medicare spending they assume an annual decline of 4.5%, leading to an excess growth
rate in 2083 of 0.1%.

1.3.2 Centers for Medicare and Medicaid Services

The Centers for Medicare and Medicaid Services (CMS) performs an extrapolation of medical
expenditures over the first ten years, then computes a general equilibrium model for years 25
through 75 and linearly interpolates to identify medical expenditures in years 11 through 24 of their
estimation. The core assumption they use is that excess growth of health expenditures will be one
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percentage point higher per year for years 25-75 (that is if nominal GDP growth is 4%, health care
expenditure growth will be 5%).

1.3.3 MINT Model

Modeling Income in the Near Term (MINT) is a microsimulation model developed by the Urban
Institute and others for the Social Security Administration to enable policy analysis of proposed
changes to Social Security benefits and payroll taxes Smith and Favreault (2013). MINT uses the
Survey of Income and Program Participation (SIPP) as the base data and simulates a range of
outcomes, with a focus on those that will impact Social Security. Recent extensions have included
health insurance coverage and out-of-pocket medical expenditures. Health enters MINT via self-
reported health status and self-reported work limitations. MINT simulates marital status and
fertility.

2 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 Replenishing Conditions Module. These
are summarized in Table 1. We estimate transition models for the entire PSID population in the
Transition Model Module. Transitioned outcomes are described in Table 2.

2.1 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 represen-
tative 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 partners/spouses of de-
scendents). Consequently, updating the simulation to include more recent data is straightforward.

2.2 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.
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2.3 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 em-
ployers across the United States. The Household Component (HC) of the MEPS provides data
from individual households and their members, 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) population. Information collected
during household interviews include: demographic characteristics, health conditions, health status,
use of medical services, sources of 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 5.1 for a description. FAM also uses MEPS 2001-2003 data for QALY model esti-
mation.

2.4 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 re-
spondent twelve times over three years, regardless of whether he or she resides in the community,
a facility, or transitions between community 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 contains comprehensive self-reported information on the health
status, health care use and expenditures, health insurance coverage, and socioeconomic and demo-
graphic 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 are used for estimating medical cost and
enrollment models. See section 5.1 for discussion.

3 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.

3.1 Transition model

We consider a large set of outcomes for which we model transitions. Table 5 gives the set of outcomes
considered for the transition model along with descriptive statistics and the population at risk when
estimating the relationships.
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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, mor-
tality, benefit claiming). Record as hi,ji,m = 1 if the individual outcome m has occurred as of age ji.
We assume the individual-specific component 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 (outcomes 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 diagnosed 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, (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 7

documents restrictions placed on the transition model. We also include a set of other controls. A
list of such controls is given in Table 8 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 (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.

2. Second, we have ordered outcomes. These outcomes are also modeled as in (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 financial 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 (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.

1With some abuse of notation, ji − 1 denotes the previous age at which the respondent was observed.
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5. The final type of models are categorical, but without an ordering. For example, 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 multinomial 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 unobservable, 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 univariate probabilities. Since these sequences, conditional on initial condi-
tions, 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 probability of the

observed health history is (omitting the conditioning on covariates for 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 product of M terms with
the mth term containing only (βm, γm, ψm, ςm). This allows the estimation to be done seperately
for each outcome.

3.1.1 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 employment sta-
tus, controlling for the prior employment status. Of particular concern are individuals with no earn-
ings, 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
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.
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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.

Body mass index We model body mass index (BMI) log-linearly as a function of sex, age,
race/ethnicity, marital status, economic status as a child, self-reported health as a child, and lags
of BMI. To account for the persistence of BMI within the same person over time, we explored the
use of multi-year lags of BMI in the prediction model. Previous work has shown that inclusion of
2-year lags results in BMI projections that have high internal validity with PSID, and high external
validity compared to the Behavioral Risk Factor Surveillance System (Tysinger, 2020). Compared
to 2-year lags of BMI, including 4-year lags resulted in slightly better predictions at the mean and
right tail. Including 6-year lags of BMI did not result in noticeably better predictions relative to
4-year lags. As such, the BMI prediction model employs 4-year lags.

3.1.2 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
(2)

The inverse of the hyperbolic sine transform is

x = sinh−1(y) = h(y) = log(y + (1 + y2)1/2)

Consider the inverse transformation. We can generalize such transformation, first allowing for a
shape parameter θ,

r(y) = h(θy)/θ (3)

Such that we can specify the regression model as

r(y) = xβ + ε, ε ∼ N(0, σ2) (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)
(5)

where h′(a) = (1 + a2)−1/2.
We specify (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 (5) and (2)

h(θ(y + ω)) = θh′(θω)g̃ + h(θω)

ỹ =
sinh [θh′(θω)g̃ + h(θω)]− θω

θ

The included estimates table (estimates FAM.xml) gives parameter estimates for the transition
models.
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4 Model for replenishing cohorts

We first discuss the empirical strategy, then present the model and estimation results. The model
for replinishing cohorts integrates information coming from trends among younger cohorts with the
joint distribution of outcomes in the current population of age 25 respondents in the PSID.

4.1 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

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 9 gives parameter estimates for
the indices while Table 10 gives parameter estimates of the covariance matrix in the outcomes.

4.2 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 11, Table 12 and Table 13.
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5 Government revenues and expenditures

This gives a limited overview of how revenues and expenditures of the government are computed.

5.1 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 spending paid by Medicaid), and out of pocket spending (medical
spending by the respondent). These estimates are based on pooled weighted least squares regres-
sions of each type of spending on risk factors, self-reported conditions, and functional status, 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 Current 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 status. Comparisons of prevalences and question wording across these different sources
are provided in Tables 3 and 4, respectively.

In the baseline scenario, this spending estimate can be interpreted as the resources 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 considered 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 starting
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 demographics, 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

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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prediction that Part D enrollment 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, current
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.

6 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
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 population. 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 economic conditions.

6.1 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 simulation “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.
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Interventions can take several forms. The most commonly used is an adjustment 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 intervention 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.

7 Model development

This section gives some historical background about decisions and developments that led up to the
current state of the FAM.

7.1 Quality adjusted life years

We use the generalized risk-adjusted cost-effectiveness framework (GRACE) to calculate quality-
adjusted life years (GRA-QALYs) using a two-parameter expo-utility function, W (H) = c− e−bHa

.
(Lakdawalla and Phelps, 2022; Mulligan et al., 2024).

H denotes a health index, scaled [0,1]. In this context, H is the Visual Analog Scale (VAS), a
measure of self-reported overall health with a range of 0-100 (0=worst health, 100=best health).
VAS is part of the EQ-5D and is available from the MEPS for the period 2001-2003.

a, b are parameters empirically estimated by Mulligan and colleagues (2024), where a = 2.1760,
b = 2.6152. By convention, utility is zero when the health state is zero, which is achievable by
setting c equal to 1. W (H) is rescaled by dividing by W (1), such that W (0) = 0 and W (1) = 1.

We employ a multi-step estimation approach to VAS projections. Using MEPS 2001-2003, we
use ordinary least squares to model VAS, using independent variables that are common between
MEPS and PSID (disability, chronic condition status, obesity classification, marital status). We
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use these coefficients in PSID to predict VAS, then develop a VAS prediction model in PSID, and
subsequently project VAS in FAM.

The GRACE framework includes an optional disability adjustment–we use a value of 0.851,
which is the age- and gender-adjusted utility of the healthy U.S. population from the literature
(Pickard et al., 2019)

7.2 Adjustment of BMI

Due to potential bias in self-reported BMI, we adjusted the PSID self-reported BMI distribution
to match the NHANES measured BMI distribution, following a method described by Ward and
colleagues (Ward et al., 2019). We calculated mean BMI by quantiles of self-reported BMI, mean
BMI by quantiles of measured BMI, and the difference between the two (the “bias” amount). We
then smoothed the bias with a cubic spline, and used this amount to adjust the self-reported BMI
by quantile. Adjustments were made by sex, age, and year. BMI in PSID pre/post-adjustment is
shown in Table 6.

8 Validation

We perform cross-validation and external corroboration exercises. Cross-validation is a test of
the simulation’s internal validity that compares simulated outcomes to actual outcomes. External
corroboration compares model forecasts to others’ forecasts.

8.1 Cross-validation

The cross-validation exercise randomly samples half of the PSID respondent IDs for use in estimating
the transition models. The respondents not used for estimation, but who were present in the PSID
sample in 1999, are then simulated from 1999 through 2019. Demographic, health, and economic
outcomes are compared between the simulated (“FAM”) and actual (“PSID”) populations.

Worth noting is how the composition of the population changes in this exercise. In 1999, the
sample represents those 25 and older. Since we follow a fixed cohort, the age of the population will
increase to 45 and older in 2019. This has consequences for some measures in later years where the
eligible population shrinks.

8.1.1 Demographics

Mortality and demographic measures are presented in Tables 14 and 15. Mortality incidence is
comparable between the simulated and observed populations. Demographic characteristics do not
differ between the two.

8.1.2 Health Outcomes

Binary health outcomes are presented in Table 16. FAM underestimates the prevalence of ADL and
IADL limitations compared to the crossvalidation sample. Binary outcomes, like cancer, diabetes,
heart diesease, and stroke do not differ. FAM underpredicts hypertension and lung disease compared
to the crossvalidation sample.
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8.1.3 Health Risk Factors

Risk factors are presented in Table 17. BMI is not statistically different between the two samples.
Current smoking is not statistically different, but more individuals in the crossvalidation sample
report being former smokers.

8.1.4 Economic Outcomes

Binary economic outcomes are presented in Table 18. FAM underpredicts claiming of federal dis-
ability and overpredicts Social Security retirement claiming. Supplemental Security claiming is
not statistically different between FAM and the crossvalidation sample. Working for pay is not
statistically different.

On the whole, the crossvalidation exercise is reassuring. There are differences that will be
explored and improved upon in the future.

8.2 External Corroboration

Finally, we compare FAM population forecasts to Census forecasts of the US population.. Here, we
focus on the full PSID population (25 and older) and those 65 and older. For this exercise, we begin
the simulation in 2009 and simulate the full population through 2049. Population projections are
compared to the 2012 Census projections for years 2012 through 2049. See resuts in Table 19. By
2049, FAM forecasts for 25 and older remain within 2% of Census forecasts.

9 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.

9.1 Disease Prevalence

Figure 2 depicts the six chronic conditions we project for men. And Figure 3 depicts the historic
and forecasted values for women.

Figure 4 shows historic and forecasted levels for any ADL difficulties, three or more ADL dif-
ficulties, any IADL difficulties, and two or more IADL difficulties for men 25 and older. Figure 5
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.
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Figure 2: Historic and Forecasted Chronic Disease Prevalence for Men 25+

0
.1

.2
.3

.4

2000 2010 2020 2030 2040 2050

Cancer Ever

0
.1

.2
.3

.4

2000 2010 2020 2030 2040 2050

Diabetes Ever
0

.1
.2

.3
.4

2000 2010 2020 2030 2040 2050

Heart Disease Ever

0
.1

.2
.3

.4

2000 2010 2020 2030 2040 2050

Hypertension Ever

0
.1

.2
.3

.4

2000 2010 2020 2030 2040 2050

Lung Disease Ever

0
.1

.2
.3

.4

2000 2010 2020 2030 2040 2050

Stroke Ever
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11 Tables

Economic Outcomes Health Outcomes Other Outcomes
Work Status BMI Category Education
Earnings Smoking Category Partnered
Wealth Hypertension Partner Type

Health Insurance

Table 1: Estimated outcomes in replenishing cohorts module
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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 0.341 0 1
1 IADL limitation 0.0859 0.280 0 1
2 or more IADL limitations 0.0480 0.214 0 1
25 < BMI < 30 0.341 0.474 0 1
30 < BMI < 35 0.216 0.412 0 1
35 < BMI < 40 0.0879 0.283 0 1
BMI > 40 0.0676 0.251 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 8: Desciptive statistics for variables in 2009 PSID ages 25+ sample used as simulation stock
population
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