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Let (W) belong to the parameter set P. From Assumption 2.3, the confidence
region for 7(W) is given by

~

CRy g={necIl:n(W)—=1(W) < B,(W)r,(1 - )} (3.12)
We combine this with Proposition 2 to obtain:

Proposition 3. Let

CRy_o = Uﬂem—q Cralm).

Then
limian{@(Wo) € C’Rl_a} >1—a-—p.

n—o0

Proof of Proposition 3. We have that
P{@(W e CRl_a} > P{é’(wo) € CR1_o(mo) Ny € CR’l_B}

> P{o(ro) € CR o} — P{mo ¢ CR|_}

> P{omo) € CRia} = P{mo(W) 2 T0W) + B,(W)R.(1 - £)} |

By the proof of Proposition 2, the lower limit of the first term is bounded below by

1 — a and by construction the lower limit of the second term is bounded below by

5. O

Thus, we construct parameter confidence intervals by taking the union of confidence
intervals for all 7 (W) in the confidence interval C'R}_4, which is an expanded version
of the estimate of the parameter set P. More conservative parameter intervals are

obtained by choosing a larger confidence set CR;_.

This completes our general estimation results. We now discuss some specifics

features, as well as the related literature.
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3.4. Some Estimation Specifics. At this point it is useful to summarize the steps

in estimation, and relate our general results to the literature.

The first step is to estimate the allowable values of selection probabilities P, using
a boundary estimator such as (3.11). Then we widen the set to accomodate for
estimation, obtaining the confidence set C'R_j of (3.12). This set gives the values of
selection probabilities 7 (W) to be used in the subsequent estimation steps. That is, if
7 is a scalar parameter, then we choose values in a grid {7}, k = 1, ..., K'} representing
CR)_4. If (W) is modeled to depend nontrivially on covariates W, then the range
of values of 7 (W) are represented; for instance, if 7 () depends on a vector of
parameters, then a grid over the possible parameter values could be used. We
summarize the grid as {7} (W), k =1,..., K} in the following.

The second step is to estimate the control function for the Tobin regressor for
each value 7% (W). With an estimator Fi (-|Z, W) of the distribution Fx (-|Z, W), we
compute (3.5) for X > 0 as:

Fx(X]|Z,W) = m (W)
1-— ﬂk(W>

Vg = (3.13)

Alternatively, with an estimator Q y (-|W, Z) of the quantile function Qx (-|W, Z), we
compute (3.6) for X > 0 as:

~

Vo= /01 1 {QX (e (W) + (1 — mp (W))u|W, Z) < X} dv. (3.14)

Either approach to estimating the control function can be used. If the model is
restricted, then simpler methods of estimating the control function may be applicable.
For instance, under the linear model discussed in Section 2, the general formulae (3.13)

or (3.14) can be replaced by the simpler linear version (2.9):
Vek =X — Z'%,

where 4, is from the estimation of (2.8) with © = 7.



21

The third step estimates the response model for each control function estimate
mG. This may involve estimating the conditional distribution Fy[-|X, W, Vﬂk} or the
conditional quantile function Qy[-| X, W, f/,,’k], either under a structural parameteriza-
tion or using a nonparametric procedure. Or, this could involve estimating the mean
regression E[Y|X, W, Vwk} or some other interpretable function such as local policy
effects, average derivatives or local average responses; again with either a parametric
model or nonparametric procedure. Using our notation for the functional of interest,
this step results in the estimate 8, = 0 (4 (W)) of the parameter of interest. This
step also yields an estimate of the confidence interval Cy, = C)_, (7 (W)) for each
component of #. For expositional ease, now we suppose that 6 is a scalar parameter,

so that @k is a scalar and C}, is its estimated confidence interval in the following.

The final step is to assemble the results for all the grid values {7, (W), k=1,..., K}

into the final estimates. That is, the set estimate for # is formed as the interval
[min 01, max Hk] )
k k

The confidence interval for # is given as the union of the confidence intervals over all
7 (W) values, namely

CR:=J G

For a vector-valued 6, we would compute set estimates and confidence intervals for
each component, and for function-valued 6, we could do the same for functional
aspects of interest. This completes the procedure we have justified by our general

derivations and results.

It is important to stress that our constructive identification approach relates set
identification and inference to results for point identification and inference. We were
brief in describing details for our third step - estimation of the response model given
7, (W) and estimated control — because most of the necessary properties for esti-
mation and inference are established in the existing literature.The foremost reading

here is Imbens and Newey (2005), who discuss nonparametric series estimation in
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triangular equation systems with estimated regressors, and give detailed coverage to
the properties needed for estimating many common functions such as policy effects
and average derivatives. For parametric response models with an estimated regres-
sor, much of the theory is available in Newey, Powell and Vella (2004), as well as in
the classic Newey and McFadden (1994). Turning to censored quantile regression
in a parametric framework (such as (2.8) here), see Powell (1984) and Chernozhukov
and Han (2002), and for quantile regression with an estimated regressor, see Koenker
and Ma (2006) and Lee (2006). Nonparametric quantile regression with estimated
regressors is covered in Chaudhuri (1991), Chaudhuri, Doskum, and Samarov (1997),
Belloni and Chernozhukov (2007), and Lee (2006). Finally, for estimation of the
conditional distribution function of the response, see Hall, Wolff, Yao (1997) and
Chernozhukov and Belloni (2007), among others.

We now turn to a substantive empirical application to illustrate our method in-

cluding inference.

4. THE MARGINAL PROPENSITY TO CONSUME OUT OF HOUSING WEALTH

Recent experience in housing markets has changed the composition of household
wealth. In many countries such as the United States, housing prices have increased
over a long period, followed by substantial softening. The market for housing debt,
especially the risky subprime mortgage market, has experienced liquidity shortages
that first resulted in increased volatility in many financial markets and later led to

the collapse of credit markets.

In terms of economic growth, much interest centers on the impact of changes in
housing wealth on household consumption. That is, if housing prices are permanently
lower in the future, will household consumption, and therefore aggregate demand, be
substantially lower as well? For this, one requires an assessment of the marginal

propensity to consume out of housing wealth.
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Surprisingly, the literature does not agree on the “right” measure of the marginal
propensity of consumption out of housing wealth. Some papers find marginal propen-
sities of 15 to 20 percent (e.g. Benjamin, Chinloy and Jud (2004)) while others report
relatively low estimates of 2 percent in the short run and 9 percent in the long run
(e.g.Carroll, Otsuka and Slacalek (2006)). Research in this area is very active, but

no concensus has arisen about the impacts.*

One of the problems of estimation is the fact that variables such as income and
housing wealth are endogenous and, in most surveys, also censored. The literature
typically drops the censored observations, and tries to estimate the relationship by
incorporating some non-linearities. As we have discussed, this is likely to bias the
results, and therefore could have a role in why there is no agreement on a standard set
of estimates. We feel that the estimation of the marginal propensity of consumption
out of housing wealth is a good situation for using the methodologies developed here
to shed light an a reasonable range of parameter values applicable to the design of
policy.

We have data on U.S. household consumption and wealth from Parker (1999).
These data are constructed by imputing consumption spending for observed house-
holds in the Panel Survey of Income Dynamics (PSID), using the Consumer Expendi-
ture Survey (CEX). Income data is preprocessed — original observations on income
are top-coded, but all households with a top-coded income value have been dropped

in the construction of our data.

4This impact of housing wealth is of primary interest for the world economy, not just the US.
See, for instance, Catte, Girouard, Price and Andre (2004) and Guiso, Paiella and Visco (2005) for
European estimates in the range of 3.5 percent. Asian estimates are in a simlar range; see Cutler

(2004) for estimates of 3.5 percent for Hong Kong.
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We estimate a ‘permanent income’ style of consumption model:

thit = Oz—l—ﬁpylnPth—l—ﬂHlan/Wlt—i—ﬁwlnmt—l—ﬁyln}/;t—i—(]; (41)

Here C}; is consumption spending, PYj; is a constructed permanent component of
income (human capital), H;; is housing wealth, W;,, is total wealth and Y}; is current
income. Our focus is the elasticity [, the propensity to consume out of housing

wealth.

Log housing wealth takes on many zero values, which we model as the result of
bound censoring and selection. These features arise first by the treatment of mort-
gage debt (we do not observe negative housing wealth values) and by the choice of
renting versus owning of a household’s residence. We view the composition of wealth
between housing and other financial assets as endogenous, being chosen as a function
of household circumstances and likely jointly with consumption decisions. Thus, we
model In H;; is a Tobin regressor, and treat current income, permanent income and
total wealth as exogenous. For instruments, we use lagged values of of the exogenous

regressors..

One implication of the Tobin regressor structure is that all standard OLS and
IV estimates are biased; including estimates that take into account either censoring
or endogeneity, but not both. In Table 1, we present OLS and IV estimates for
various subsamples of the data. The OLS estimates are all low; 2.7% for all data,
3.3% for households with observed lag values, and 5.3% for the “complete cases, ” or
households with nonzero housing values. The IV estimate for the complete cases is

roughly a four-fold increase, namely 21.3%.

Estimation begins with establishing a range for the selection probability by studying

the probability of censoring. Once the range is set, the estimates are computed
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TABLE 1. Basic Estimates of Housing Effects

All Households Households with Nonzero Housing Wealth
observed IV (Complete Cases)
Sample Size 8,735 3,771 2,961
OLS .027 0.033 0.053
(.004) (0.006) (0.010)
IV (TSLS) 0.213
(0.030)

in two steps. First, we compute quantile regressions of the Tobin regressor using
censored LAD as in (2.8), for different values of the selection probability, and then
estimate the control function for each probability value. Second, we estimate the
model (4.1), including the estimated control function, as in (2.10) or (2.11). Our set
estimates coincide with the range of coefficients obtained for all the different selection
probability values. Their confidence intervals are given by the range of upper and
lower confidence limits for coefficient estimates. All estimates were computed using

Stata 10.0, and the code is available from the authors.

To set the range for the selection probability, we estimated the probability that
In H = 0 given values of PY, Y and W, and found its minimum over the range of our
data, as in (3.11). Specifically, we used a probit model, including linear and quadratic
terms in all regressors. The minimum values were small, and, as a result we chose
a rather low yet conservative value of Z(W) = .04. After adjusting by two times

standard error times a log factor, the upper bound estimate became .08. (We have

illustrated this calculation graphically in Figure 3). Thus, we set the range for the
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selection probability to 7= € [0,.08].> Specifically, each estimation step is done over

the grid of values 0, .008, .016, ....08

For the first estimation step, we implement the censored LAD estimation algorithm
of Chernozhukov and Hong (2002). This requires (again) estimating the probability
of censoring, and the performing standard quantile regression on samples with low
censoring probability. These estimates are used to construct the control function V.
for each grid value. For the second estimation step, we computed mean regression,

median regression, and quantile regression for the 10% and 90% quantiles.

We present some representative estimates in Figures 4 and 5. Figure 4 displays
the different estimates of the housing effect, and Figure 5 gives the estimates of all
coefficients for median regression. Each figure plots the estimates for each grid value
of m, as well as the associated confidence interval, obtained by bootstrapping (denote
“bci” in the legend). The set estimates are the projections of those curves onto the

left axis.

Overall, there is very little variation in the estimates with 7, the selection probabil-
ity. The housing effect increases over quantiles, and there are other level differences
not displayed. The bootstrap confidence interval values are fairly wide, reflect-
ing variation from censored LAD estimation (as well as the selection probability) as
well as the second step regressions. For what they are worth, Figure 5 includes the
confidence interval estimates from the second step only (denoted “ci”); so that the
difference with the bootstrap intervals gives a sense of the impact of the censored

LAD estimation and control function construction.

The results on housing effects are summarized in Table 2. Interval estimates are

fairly tight, evidencing the lack of sensitivity with the selection probability. We

SWe tried several variations, including using a probit model with Cauchy tails ( as in Koenker
and Yoon (2007)), without changing out conclusion that [0,.08] is a conservative (wide) choice of

range.
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TABLE 2. Confidence Sets for Housing Effects

Set Estimate Bootstrap Confidence Region
Housing coefficient (3
Mean Outcome [.133,.161] [—.015,.312]
Median Outcome [.151,.162] [.026, .293]
90% Quantile [.172,.196] [.015,.357]
10% Quantile 120, .141] [—.077,.341]
Selection Probability 7 [0, .04] [0, .08]

note that all results are substantially larger than the OLS estimates (2.7%-5.3%),
which ignore endogeneity. All results are substantially smaller than the IV estimate
of 21.3%, which ignores censoring. Relative to the policy debate on the impact of
housing wealth, our interval estimates fall in a very plausible range. However, the
bootstrap confidence intervals are too wide to discriminate well among these ranges of
values. We do see that bootstrap confidence intervals are smaller for median regression
than mean regression, and much smaller than for the 10% and 90% quantiles, as

expected.

5. SUMMARY AND CONCLUSION

We have presented a general set of identification and estimation results for models
with a Tobin regressor, a regressor that is endogenous and mismeasured by bound
censoring and (independent) selection. Tobin regressor structure arises very com-
monly with observations on financial variables, and our results are the first to deal
with endogeneity and censoring together. As such, we hope our methods provide
a good foundation for understanding of how top-coding, bottom-coding and selec-
tion distort the estimated impacts of changes in income, wealth, dividends and other

financial variables.
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Our results are restricted to particular forms of censoring. It is not clear how
to get around this issue, because endogeneity requires undoing the censoring, and
undoing the censoring (seemingly) requires understanding its structure. Here we
separate selection and bound censoring with independence, use quantile regression
to address bound censoring, and identify parameter sets for the range of possible

selection probability values.

We have developed estimation and inference methods for set identified parameters.
In particular, our results apply to any problem where the parameter value of interest
is point identified conditional on the values of some nuisance parameters that are set
identified. The procedure is quite simple: by fixing the nuisance parameter value
in some suitable region, one first proceeds with regular point and interval estima-
tion. Then, take the union over nuisance parameter values of the point and interval
estimates to form the final set estimates and confidence set estimates. The final
set estimates are set-consistent for the true parameter value, and the confidence set

estimates cover this value with at least a prespecified probability in large samples.

One essential feature of our framework is that the censoring is not complete, namely
that some true values of the censored variable are observed. Such “complete cases”
provide the data for our estimation of the main equation of interest. However, not all
forms of censoring involve observing complete cases. Suppose, for instance, that we
were studying household data where all that we observe is whether the household is
poor or not; or that their income falls below the poverty line threshold. In that case,
using the “poor” indicator is a severely censored form of income, and no complete
cases (income values) are observed. Our methods do not apply in this case, although

it is of substantial practical interest.
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