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ABSTRACT

This online appendix presents model simplification and numerical method, the esti-
mation of labor income process, the construction of comparable state house price indexes,
and estimation mechanics in the Method of Simulated Moments (MSM) estimator. It also
includes one table and five charts that cannot be included in the main paper due to space
limitations.

1. Appendix A: Model Simplifications and Numerical
Solutions

The household’s optimization problem is scale independent and can be simplified by normal-

izing the household’s continuous state and choice variables by its permanent income P . We

transform the vector of endogenous state variables to xz; = {Dy_, Q. hy, P} where ¢; = }(;2—;
t
is the household’s wealth-permanent labor income ratio, and h; = PtHPIg’l is the beginning-
t

of-period house value to permanent income ratio. We transform choice variables similarly.
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Let ¢, = g—; be the consumption-permanent income ratio, hy = ~55— be the house value-
t t

permanent income ratio, and s; = If—iy be the net financial wealth-permanent income ratio.
t

The evolution of normalized endogenous state variables can then be rewritten as:
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The intertemporal budget constraint is then governed by:

(¢4 s+ ahy, rent at t — 1 and ¢ (D§_; = Dy = 0);
¢+ 8¢ + ahy, own at t — 1, sell and rent at ¢t (Dy_, = Dj =1, Dy = 0);
G =19 ¢+ s+ (1+)hy, rent at t — 1, own at t (D¢, =0, D¢ = 1);
o+ st + (L+9Y)hy, own at t — 1, sell and own at ¢ (D¢, = Di = D¢ = 1);
ci+ s+ 1+ —¢)h;, ownthesamehatt—1andt (D, =D?=1D;=0).

Define b(g;) to be the normalized bequest function:
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We denote vy(x;) = to be the normalized value function and a; = {¢, ht, s¢, D, Df}
to be the normalized vector of choice variables. The normalized recursive optimization problem
can be rewritten as:
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subject to
Cy > O, ht > O7 St 2 —<1 — 5)Dtoht,

and equations (1) to (5). With P no longer serving as a state variable, the normalization

reduces the number of continuous state variables to three.

We solve the normalized recursive optimization problem using backward induction. At
the terminal date T', since Ay = 0, the household’s value function coincides with the bequest
function, i.e., vr(xy) = b(gr). The value function at date 7" is then used to solve for the

optimal decision rules on the state space at date T" — 1.

We discretize the wealth-labor-income ratio (¢;) into 160 grids equally spaced in the loga-
rithm of the ratio, the house value-labor income ratio (h;) into equally spaced grids of 80, and
the house price (P,7) into 80 grids equally spaced in the logarithm of the price. The boundaries
for the grids are chosen to be large enough so that our simulated sample observations always

falls within the defined state space.

At each period ¢, for a household coming into the period as a renter (D;_; = 0), we perform
two separate optimizations conditional on house tenure choices — renting or owning — for the
current period. We then compare the contingent value functions of renting and owning to
determine a renter’s optimal house tenure choice for the current period. To calculate the
expected value function in next period, we use discrete states to approximate the realizations
of continuous exogenous shock variables by Gaussian quadrature (Tauchen and Hussey 1991).
For points that lie between grid points in the state space, we use a two-dimension cubic spline
interpolation to approximate the value function of renting and a three-dimension cubic spline

interpolation to approximate the value function of owning.



For a household coming into period ¢ as a homeowner, we perform an optimization condi-
tional on staying in the existing house for the current period. The value function contingent
on moving — either endogenously or exogenously — is the same as the value function of a renter
at period ¢t who is endowed with the same wealth-income ratio (g;) and house price (PH). We
then compare the value function conditional on moving with that on staying to determine the

optimal house liquidation decision for the current period.

This procedure is repeated recursively for each period until period ¢ = 0.

2. Appendix B: Constructing Labor Income Process

Using PSID households from 1984 to 2005, we eliminate the Survey of Economic Opportunities
subsample and households living in public housing projects owned by a local housing authority
or public agency. We further exclude households that neither own nor rent, or whose head
is female, a farmer, or a rancher. We use only households whose heads are married and are
between 20 and 70 years of age. As described in Section 3, the federal and state income
tax liabilities are obtained from the TAXSIM simulation program. We regress the logarithm
of after-tax household labor income on dummy variables for age, education, and household
composition, using a household fixed effect model. A sixth-order polynomial is used to fit the

age dummies in order to obtain the labor income profile.

Following the variance decomposition procedure described by Carroll and Samwick (1997),

we first define a d-year income difference as follows:

ra = log(Yira) — log(Yh).

Thus,
Var(rg) =2 %02 +dx o>

We then regress Var(ry)’s calculated from the data on d’s to obtain estimates on ¢ and o2,

where 02 is the sum of (0%)? and (0?)% We choose d to be 1, 2, ..., 22.



3. Appendix C: Constructing House Price Series at State
Level

Our annual state-level house price index (HPI) comes from the Office of Federal Housing
Enterprise Oversight (OFHEO, now part of the new Federal Housing Finance Agency). The
HPI is a time series price index that is set to 100 for every state for the base year 1980.
This price index is thus not comparable cross-sectionally. To create a state-level price index
series that is also cross-sectionally comparable, we utilize the housing price information from
the PSID. In particular, we define house prices as prices per square foot of living space.
Unfortunately, PSID does not provide information on living space, and we have to impute the
square footage of homes for our data. Following Flavin and Nakagawa (2008), we first use
data from the American Housing Survey (AHS) (1987-2005) to estimate a model of square
footage as a function of the number of rooms and other housing characteristics common to
both the AHS and the PSID, such as dummy variables representing whether the household
was (1) located in a suburb, (2) located in a non-SMA region, (3) living in a mobile home, and
a third-order polynomial in the number of rooms. Separate models were estimated for each
of the four regions (Northeast, Mideast, South, and West). The regional models estimated
from the AHS data, reported in Table Al, were then used to generate estimated square
footage data for each PSID household. Using these estimates, we predict house sizes for all
homeowners in our PSID sample. The nominal house prices per square foot are then obtained
by dividing the house value reported from the PSID by the predicted house size. For each
state, we can use the imputed nominal price in any year, along with the HPI from OFHEO
to calculate the nominal house price for a benchmark year, 1993, which is the midpoint of the
time frame of our data. Given the fact that OFHEO and PSID surveyed different random
samples of American households, we anticipate that the nominal prices for 1993 converted
from different years might vary. We therefore choose to use the median of these converted
values. Once the median nominal price is determined for each state in the benchmark year,
we can scale the HPI from OFHEO so that the new HPI for each state ¢ in year ¢ as follows,

new _ OFHEO - - OFHEO
HPI" = HPI; * Nominal Price; 1993/ H P I g95 -



4. Appendix D: Estimation Mechanics in the MSM
Estimator

We assume that the “true” parameter vector 0* = {3,~, L,w,(,«, 1} lies in the interior of
the compact set © C R”. Our estimator, é, is the value of 6 that minimizes the weighted
distance between the estimated life-cycle profiles for wealth, mobility rate, homeownership
rate, house value, and rent observed from the data and the simulated profiles generated by
the model. We choose to match these five variables, which we interact with age cohort (C') and
calendar year (7'). Additional interactions are used for the last three house-related variables,
which we further interact with two house price levels in the state where a household resides.
This interaction results in six additional moments. The moment count per year and cohort is
therefore equal to 11(= 5+ 6). The overall count of moments is 11 x C'x T' = 33T because we
have 3 age cohorts. We combine all these moment conditions by stacking them and solving

the optimal problems jointly.

Theoretically, the most efficient weighting matrix is the inverse of the sample variance-
covariance matrix. However, according to Altonji and Segal (1996), the optimal weighting
matrix, though asymptotically efficient, can be severely biased in small samples. We use a
diagonal matrix for weighting given our small sample size. Our weighting matrix takes the
diagonal terms of the optimal weighting matrix for scaling, while setting the off-diagonal term

to be zero. A similar approach is adopted in De Nardi, French, and Jones (2010).
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Table Al

Relationship between house size and housing characteristics

(Dependent variable: house size in square feet)

Independent Variables Northeast ~Midwest  South West
Constant -69.40 89.45 456.46  221.22
(51.47) (45.40)  (34.71) (32.85)

Urban -75.44 -94.50 -91.32  -113.10
(11.55) (8.05) (5.70) (8.47)

MSA 27.62 67.48 41.41 9.76
(14.07) (8.09) (5.84) (8.88)

Mobile home -492.63 -467.63  -299.46 -236.33
(25.44) (15.46) (8.87)  (12.53)

# rooms 282.68 204.28 -40.10  107.60
(21.92) (19.98)  (15.01)  13.86)

(# rooms)? 20.88 27.39 55.90 34.55
(3.12) (2.87) (2.12) (1.97)

(# rooms)? -1.55 -1.71 -2.50 -1.70
(0.14) (0.13) (0.09) (0.86)

Adjusted R? 0.23 0.25 0.30 0.33
Number of observations 77,126 108,727 159,671 94,800

Notes: Data are from 1987 to 2005 biennial American Housing Survey. Robust standard
errors are reported in parentheses. We don’t report estimates of survey year dummies.
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Figure A1l. Aggregate housing expenditure share (data source: National Income and Product
Account)
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Figure A2. Housing expenditure shares in selected MSAs (data source: Consumer Expendi-
ture Survey)
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Figure A3. Exogenous processes in the model
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Figure A4. Average moving rates across states
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Figure A5. Simulated housing expenditure shares for renters
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