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with about 20-50% of predictable movements in income being buffered by asset stocks. When
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of buffering income fluctuations, while constrained households use purchases of durable goods
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While robust estimation has been an active area of research in the statistics literature for the past twenty
years, robust estimators have not been fully exploited in applied econometric work, despite the widespread
recognition that economic data sets are very likely to contain highly influential observations or outright data
errors. One barrier to transfer of robust estimation techniques from the statistics literature into econometric
practice is the fact that research on the theory and performance of robust estimators suitable for simultaneous
equations systems (i.e., analogs of instrumental variables estimators) is considerably less well developed than the
large volume of research on robust analogs of OLS.

A notable exception is Krasker and Welsch, Econometrica (1985), which provides an instrumental variables
version of the earlier Krasker-Welsch estimator (JASA (1982)). While the Krasker-Welsch estimator is
preferable to non-robust methods, or informal and ad hoc “robust” methods, the estimator has a number of
limitations, and is moderately difficult to calculate. Whether for these or other reasons, the Krasker-Welsch
estimator does not enjoy widespread or even significant usage in applied econometric work; in this sense it has not
passed the basic “ market test”.

This paper proposes an instrumental variables version of the Huber estimator, and argues that the 1VV-Huber
estimator avoids some of the undesirable features of the IV-Krasker-Welsch estimator. Perhaps more
importantly, the proposed 1V-Huber estimator is much simpler, both analytically and computationally, than 1V-
Krasker-Welsch. 1n addition to proposing the IV-Huber estimator and stating its asymptotic properties, the paper
reports the results of Monte Carlo experiments to assess the relative efficiency of various alternative estimators
(non-robust, non-robust after subjective rejection of outliers, 1V-Huber, and 1V-Krasker-Welsch), estimate the
magnitude of small sample bias, and verify the asymptotic errors. The Monte Carlo experiments show that the
improvement in efficiency under heavy-tailed error distributions is large enough to be of practical importance to
applied econometricians.

In addition to proposing the IV-Huber estimator, a second purpose of the paper isto promote the use of

robust methods in applied econometric work, by arguing that robust estimation is @ more necessary, and b) easier
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to implement, than is commonly believed. To demonstrate that robust estimators can be crucial in determining the
economic conclusions which emerge from an empirical study, the paper compares the estimates generated by
conventional, nonrobust instrumental variables and by the two robust instrumental variables proceduresin the
context of afully specified empirical problem. The economic question addressed is: Can the finding that
consumption tracks income more closely than is consistent with general specifications of the optimal consumption
model be attributed solely or partialy to the effects of borrowing constraints? For this application, it turns out
that the use of arobust estimator completely reverses the economic conclusions which are obtained with the
nonrobust estimator. The empirical work uses a previoudy unexploited household data set —the University of
Michigan Survey of Consumer Finances — and is further distinguished from previous studies by framing the
empirical specification in terms of the implications for saving rather than consumption. By using data on income
and a comprehensive array of asset stocks, the empirical work presented in the paper provides inferences on a
comprehensive concept of consumption, rather than alimited category such as food consumption. Further, to the
extent that households do use asset stocks to smooth their consumption path, one can use the asset data,
disaggregated by type of asset, to determine which assets play the major role in buffering income fluctuations.

The paper uses a generous definition of saving, in which expenditures on durable goods are considered
saving rather than consumption. The empirica results indicate that households exhibit incomplete smoothing of
consumption, with 20 - 50% of predictable movements in income being buffered by asset stocks. The results
based on total saving flows fail to reveal any evidence of borrowing constraints. When saving is disaggregated by
type of asset, however, the results do provide some evidence of borrowing congtraints.  households which are not
subject to liquidity constraints use financial assets as their primary means of buffering income fluctuations, while
constrained househol ds use purchases of durable goods almost exclusively as the vehicle for consumption
smoothing.

Section 1 derives the consumption model and discusses the data used in the empirical work; Section 2 states
the 1V version of the Huber estimator and compares the 1VV-Huber estimator with the IV-Krasker-Welsch
estimator; Section 3 reports the estimation of the model under the aternative estimators and the results of the

Monte Carlo experiments.



Section 1: The modd

The specification of the household's optimization problem follows Zeldes (1989a). Households maximize
expected lifetime utility, subject to severa congtraints: (1) alifetime budget constraint, (2) a non-negativity
congtraint on consumption, and (3) (potentially) a constraint on borrowing. The objective function is:

(1) maxE érl —utU( )
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where E; denotes the conditional expectation operator, dj denotes household i's rate of time preference; ¢; ¢
represents household i's consumption during period t; and g  is a preference shock.
The one period utility function is assumed to exhibit constant relative risk aversion (CRRA):

e
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where a isthe coefficient of relative risk aversion.! The lifetime budget constraint is given by:
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where Aj t denotes non-human wealth of household i on January 1 of year t; WiJ t denotes the share of non-human

wealth held in asset j in year t; ri{t denotes the realized real return to asset j during year t; and Y t denotesreal,

after-tax labor incomein year t.
Finally, households may face a constraint on the extent to which their assets can go negative:
(4) Ait+t ® D
When the borrowing congtraint (equation (4)) is not currently binding, optimal consumption behavior is

characterized using the Euler equation approach developed by Hall (1978, 1982) and by Hansen and Singleton

(1982, 1983). For CRRA uitility, the Euler equation is:
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As stressed by Zeldes (19893, 1989b), the fact that the borrowing constraint is (or has some probability of being)

binding in a future period should not cause a violation of the first order condition between ¢; ¢ and ¢j ¢+1. Aslong

as the household is not up against the borrowing constraint during period t, it is possible to reallocate
consumption between periods t and t+1 in order to satisfy the marginal condition stated in equation (5). Using the
distributional assumptions suggested by Breeden (1977), assume that the rate of return, the margina utility of
consumption, and the preference shock are jointly log normally distributed. With these distributional

assumptions, the Euler equation implies that

~
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In equation (6), A; ,,, isthe error in forecasting In ¢; 141, and v .» Vy» and cov, , are moments of the joint
distribution of the asset return, the marginal utility of consumption, and the preference shock:?
i 0
(7) In(1+ ri't) ~Ngh v g
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Under these distributional assumptions, A ; {41 isnormally distributed with mean zero.

If aborrowing constraint is currently binding, the growth rate of consumption will exceed the optimal,
unconstrained growth rate expressed on the RHS of equation (6); that is, the household would like to reallocate
some consumption from t+1 toward t, but is unable to do so. The presence of a borrowing constraint creates a
one-sided violation of the Euler equation; because the household always has the option of saving more —
reallocating consumption from t to t+1 — a borrowing constraint never forces the expected growth rate of
consumption to be lower than the unconstrained optimal growth rate. Following Zeldes, the effects of a

borrowing constraint are incorporated into the empirical analysis by adding an additional disturbance z; i

~
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where the disturbance z; ¢ takes on avaue of zero for agents not currently constrained and takes on positive

values for agents for whom the borrowing constraint is binding. To obtain the implications for savings flows,

rewrite the consumption growth rate using Taylor's Theorem:
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where ¢y is the point around which the linearization is taken, c;,, isapoint which lies between ¢ and

Cr+1, and c; lies between cg and ¢;. Letting ¢ = y; be the point of linearization, (9) becomes
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Using just the linear term, the optimal consumption model can be approximated by:*

DG 141 1§ iy VgV a
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Subtracting from the growth rate of income to obtain the implications for savings flows:
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where § ; denotes the total flow of saving of household i in year t.

Equation (12) isthe flip side of the usua consumption orthogonality condition. For households for whom the

borrowing constraint is not currently binding (z; + =0), the growth in income between periodst and t+1, to the

extent that it was predictable in t, should go entirely into saving under the consumption smoothing model.

In the empirical work, total saving of household i, § t is defined as the sum of the changes in the various
asset stocks during year t:
(13)  §j t = DSaving; + DChecking; + DBonds; + DStocks; - Debty + Debty_q + Durables expenditurey .

Durable goods have some consumption aspects and some investment aspects; in this paper durable goods are

treated as assets rather than as consumption.



An obvious testable implication of the modd is the restriction that the coefficient of the growth rate of
income should equal unity. If thisrestriction is rejected, the estimated coefficient of the income growth rate is
easily interpreted if the alternative model of saving arises from a crude "Keynesian” consumption function:
(14) ci=k+Dby;

In terms of saving behavior, the Keynesian consumption function implies:

DS; + it+
(15) yl_'t 1 :(1_ b) DYI-,t 1

1t Yi t
which is conveniently nested in equation (12).

Thus the task is to estimate the following model for the change in saving:

7 ~
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where g=1 under the null hypothesisand 1-g=b. The datafor the study, described in more detail in the next

section, consist of observations on income and assets for a panel of about 1600 households interviewed in 967,

1968, and 1969. Because the specification addresses the saving, or the change in asset levels between two pointsin

time, the three year pand provides a pure cross-section of the change in the savings flows between 1968 and 1969.
The fact that the datais a pure cross-section introduces several considerations.* First, in asingle cross-

section, the expectational revision term, ﬁi t+1 need not have mean zero. Thisfeature of the sampleiseasily

accommodated by thinking of the households expectational revision disturbances as the sum of an aggregate
shock and an idiosyncratic shock:

17 Ajt+1=Nge1+hj 41

where the idiosyncratic shock, hi t+1, has mean zero and is uncorrelated across households. Second, the data do

not provide time series variation in the rate of return. Taking the expected rate of return as constant across

households, and adding it to the constant term, along with the aggregate shock, hi+1 gives’

DS; Dyi 1
(18) 1,1+l = mtg |-,t+1
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With these additional assumptions, the intercept term

Vrj + VU
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is constant across households. Note that unlike tests of the model based on aggregate time series data, the
specification does not impose the restriction that the moments be time-invariant. With atime series or pand data
set, the obvious way to identify equation (18) would be with the use of lagged variables. The hypothesis would
then be tested by asking whether predictable changes in income go entirely into saving with "predictable” being
implicitly defined in terms of time series predictions.® Instead of identifying the model by relying on time series
predictions, the paper uses data on explicit statements made by households concerning their income expectations.
More concretely, the 1967 survey asked the following questions: "Will your family income for this year be higher
or lower than last year? If higher (lower), do you think it will be alot higher (lower), or just alittle higher
(lower)?' "Thinking ahead about four years, would you say that your family income will be much higher, alittle
higher, the same, or smaller than it isnow?' The use of the stated expectations variables offers two advantages.
First, the model can be estimated without requiring an assumption concerning the way expectations are formed.
Second, in forming their expectations of future income, households undoubtedly have access to useful information
not available to the econometrician. Since this "private" information will be reflected in the household's explicit
statement of income expectations, the expectational variables may be more strongly correlated with the

household's income growth and therefore provide more precise estimates.
Consider asample for which the borrowing constraint is not binding, so that z; + = O for each household in the
subsample. The expectational variables are obviously uncorrelated with the idiosyncratic part of the

expectational revision term, hj t+1. However, assuming that the expectation variables are uncorrelated with the

term representing the expected change in the preference shifter, Etdjj t+1-0jj ¢, iSless obvious. Changesin family

composition will in genera cause simultaneous changes in consumption and in income; further, the changesin
consumption and income associated with changesin family size are likely to be forecastable, at least in part. For

this reason it seems likely that the instrumental variables (stated expectations of future income) would be



correlated with the expected change in the preference shift for families experiencing a change in family
composition. To avoid this correlation, any household which experienced a change in household composition over
the three year period was excluded from the sample, reducing the sample by about 20%. For households with
stable family composition, it seems reasonable to assume that the expected change in the preference shifter is
uncorrelated with the expectational variables used as instruments.

For samplesin which the borrowing constraint is binding for some households, the shadow price of the
constraint, zj +, may be positive. Since the households subject to a binding constraint (z; > 0) are likely to be

those which expect positive growth rates of income, the expectational variables will be correlated with the disturb-
ance for these observations. The discussion suggests the following strategy for distinguishing between the effects
of borrowing congtraints, on the one hand, and "Keynesian" consumption behavior, on the other. Following

Zeldes (1989a) and Runkle (1991) the sample is split into two subsamples, one of which contains only households

for which the z; + term is assumed to be zero on the basis of the household's observed asset holdings, and the other

of which contains households for which z + 3 0. In the unconstrained sample, the fact that z; 1 isidentically zero

for all observations implies that the estimation of equation (18), using the expectational variables as instruments,
provides a consistent estimate of g. For this subsample, the null hypothesisis embodied in the restriction g= 1,
and, if the null hypothesisis rgjected, 1-g=b provides an estimate of the Keynesian margina propensity to
consume under the alternative. Since we would expect, on a priori grounds, the expectational variablesto be
positively correlated with the shadow price of the constraint, the model predicts that binding borrowing
congtraints will result in a downward biased estimate of g for the subsample of households with low levels of
assets. Thus testing the restriction that the estimates of g are the same across the two subsamples provides a test
of the hypothesis that borrowing constraints are not binding even for households with low levels of assets.

The data for this study are from the Survey of Consumer Finances, conducted by the Survey Research
Center of the University of Michigan, for the years 1967, 1968, and 1969. In recent years, the Survey of
Consumer Finances has been a pure cross-section survey; that is, a completely different group of familiesis

sampled each year. However, of the roughly 3,000 households interviewed in 1967, half were designated as a



pandl and reinterviewed in 1968 and 1969. For each of the three years, the survey has data on total disposable
income of the household, and expenditure on certain components of consumption, such as housing, additions and
repairs, cars, and "other durable goods'. For each of the mgjor categories of expenditure on durable goods, the
survey also has data on any debt incurred with the purchase of the durable good. In 1968 and 1969, the survey
requested information not only on the level of the respondent’s holdings of various financial assets (checking
accounts, savings accounts, bonds, and stocks) but also the change in the respondent’s holdings of each of these
assets over the past year. While a consumption series is not explicitly constructed, one can, of course, use the
results to make inferences about consumption behavior, since nondurable consumption can be thought of asthe
equation which has been dropped from a singular system. In order to interpret the implications of the empirical
work for consumption, it is useful to note the categories of consumption expenditure which are included in the
implicit consumption series. In particular, payments for housing services are included in the implicit consumption
series. For households which own their home, the interest portion of the mortgage payments would be reflected in
the consumption measure but the principal payment would not, since the debt variable includes mortgage debt.
Similarly, for renters, the implicit consumption series would reflect rent payments.

Severa aspects of the data are worth noting:

1. vy, disposable household income, is the sum of earned income, mixed labor/capital income, capital income,

and transfer payments, minus total income tax. The data on capital income is based on flows of income from
capital such as dividends and interest payments and does not included capital gains. Transfer payments include
“help from relatives’, unemployment compensation, and welfare payments.

2. DSavingt, DChecking;, and DBonds; are based on responses to questions of the form: “Thinking back to this

time last year, has the amount in all your family unit’s savings accounts gone up or down? About how much has
it gone (up/down) since thistime last year?’

3. DStocks; reflects the household' s cashflow into or out of stocks, explicitly excluding unrealized capital gains.
The respondent is first asked whether the household purchased, sold, or both purchased and sold stocksin the past
year. If the household sold or purchased stocks (but not both) the amount of the sale or purchase is recorded. If
the household both sold and purchased stocks, the respondent is asked: “Disregarding changesin stock prices, ‘on
balance’ did you put new money into stocks or take money out during the last twelve months? About how much
was this?’

4. Durables Expenditure; is the sum of expenditure on additions and repairs, expenditure on all cars purchased
inyear t (net of value of any cars traded-in), and expenditure on other durable goods (net of any trade-ins).

5. Debt; istotal debt remaining at the end of year t.

Section 2: An dlternative robust estimator

This paper proposes an instrumental variables version of the Huber estimator, and argues that the 1VV-Huber

estimator avoids some of the undesirable features of the IV-Krasker-Welsch estimator. Perhaps more
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importantly, the proposed 1V -Huber estimator is much simpler, both analytically and computationally, than 1V-
Krasker-Welsch. While the two estimators are derived from different optimization problems, the first order
conditions which define the estimates are closdly related, and in many contexts the two estimators will generate
similar estimates. In the ordinary regression context, the optimization problem motivating the original Krasker-
Welsch estimator was the minimization of the asymptotic covariance matrix subject to a bound on the sengitivity
(or maximum influence of any single observation on the estimates) of the estimator.” In the instrumental variables
context, Krasker and Welsch derive their estimator by starting with the standard instrumenta variables estimator
and modifying the estimator only by downweighting any observations which would otherwise violate the
sengitivity bound.

To establish notation, assume
(19)  yj=x;b+g

where X; =1" Kk vector of explanatory variables
b =k~ 1 vector of parameters
€; = disturbance from a symmetric distribution with scale parameter s
X; =1" k vector of instruments.

Denoting the sengitivity of the estimator as d, and the bound on the sensitivity as a>0, the IV-Krasker-

Welsch estimator for sengitivity bound d<ais defined as the solution to:

e o]
> ¢ a “ayi - xjbo
(20a) a mincL +?' =% =0
i=1 Yi- Xibp, 1, 1Y2+ s g
g 7{xiA x,} +
S
18 ? . %2 a2 d;IA .
(200) A=—a Eéminch”, — %'
Ni.1 8 e XA )'d

whereh ~N(0,1) and A isthe kxk matrix which satisfies (20b).
In addition to satisfying the heuristic criterion of being “as close as possible” to the standard instrumental
variables estimator, the IV-Krasker-Welsch estimator has the property that when equation (20) is evaluated for

the special case of OLS (i.e., when X, = X;), the estimator coincides with the original Krasker-Welsch estimator
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for the ordinary regression case, which was shown to have a certain efficiency property® under the assumptions of
the central mode (i.e., under the assumption that the disturbances are distributed normally).

The Huber estimator is based on a different optimization problem. Huber (1964) considered the following
two-person zero-sum game:  Nature chooses the distribution of the disturbances within a neighborhood of the
central model, and the statistician chooses an estimator from the class of M-estimators. Nature's objective isto
maximize the asymptotic variance of the estimator, while the statistician’ s objective is to minimize the asymptotic
variance. One class of distributions considered by Huber is the gross-error model, in which aknown fraction, e,
of the data come from a symmetric, but otherwise unknown, distribution and the remainder, 1-e, come from the
central model (i.e., normal) distribution. For this class of distributions, the error distribution, F, is given by:

(21) F=(1-6F +eH,
where F denotes the cumulative standard normal distribution and H denotes the contaminating distribution.

For the gross error model, the saddle point of the gameis: Nature chooses the distribution, fg, which is
normal in the middle and exponentia in thetails:

t2 for|t| <c

N
QO

(22) o) = A e)2p) V2 epE

. “vy2 ., & 128 .
=(1- e)(2p) expgdt|+ 5C for |t|3 ¢

and the econometrician chooses the Huber estimator, which for the ordinary regression case is given by:

& 0]
cr)] g - o b
(23) A mingcy, ¢ .Ji X 2xi =
i=1 ‘Yi -Xibj;€& s o
g s |o

where the “tuning constant”, ¢, depends on the fraction of gross errors, e.

Huber’ s approach is aptly described as a*minimax strategy” in the sense that the objective is to minimize the
asymptotic variance for the worst case distribution in a neighborhood of the central model. The Huber estimator
isrobust in the sense that while the estimator is dightly less efficient than OL S at the central (normal) model, the

asymptotic variance does not deteriorate as rapidly as OL S under distributions in a neighborhood of the normal.
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From equation (23), the Huber estimator can be interpreted as a weighted least squares estimator in which

“well-behaved” observations with residuals smaller in absolute value than cs receive aweight of unity and

outliers, defined as observations with residuals larger than cs, recelve aweight of | | . Intuitively, the

yi- Xb
Huber estimator transforms the data by “moving” observations with large residuals to the cs bound around the
regression line.

The dependence of the tuning constant, ¢, on the fraction of gross errors, e, is given by:

~C, 2 (c
(24 (-e'= OC J (t)dt +% where | (t) isthe standard normal density.

In the limiting case of no contamination (e = 0 and ¢ = ¥), the estimator coincides with OLS; in the

opposing limiting case of 100% contamination (e® 1 and c® 0), it coincides with |east absolute deviations.
Restricting our attention to the ordinary regression case for the moment, note that despite the fact that the

Krasker-Welsch and Huber estimators were derived from different optimization problems, the resulting first-order

conditions are very closely related. The ordinary regression version of Krasker-Welsch is given by:

& 0
p ¢ a “ayi - Xjbo
25) A mingl, Qi X +x; =0
i=1 g Yi - Xjb {X-A-lx |}1/2: S 7]
S | |
1p ¢ = 2 o
A 2 o
A=—a Eéminch®,———=Ux;'x;
Niy &8 €& XA X'dl

and the Huber estimator is given by (23). Interms of the first-order conditions, the difference between the two
estimators is that the Huber estimator downweights an observation only if its residual exceeds a bound, while the
Krasker-Welsch estimator downweights an observation if the observation would otherwise exceed the sensitivity

bound on the basis of the size of itsresidual and its value of x;, combined.
Both the Huber estimator and the Krasker-Welsch estimator have limitations. A major limitation of the

Huber estimator is that while the estimator limits the influence of outliersin e-space, the influence of outliersin x-

space, or leverage points, is not bounded. That is, the Huber estimates can be inordinately affected by asingle
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observation, or small group of observations, if those observations have extreme values of the x-variables and are
unrepresentative of the bulk of the sample.

The Krasker-Welsch estimator was designed precisely to overcome this lack of robustness with respect to
outliersin x-space. However, placing a bound on the overall influence of any observation, whether the source of
the influence is the observation's e or its position in x-space, comes at the price of additional complexity relative

to the Huber estimator. That is, since the first order condition (25) for the Krasker-Welsch estimator requires the
robust distances (robust distance = d; = (xiA'lxi’)ll 2) of each of the observations, one must first solve for the

fixed point of the kxk matrix A in (25). Aside from the additiona programming and computation required, the
introduction of the robust distances introduces some limitations in addition to the desired robustness with respect
to outliersin x-space. Firgt, both the statement of the optimization problem and the implementation of the
Krasker-Welsch estimator invoke the assumption of normally distributed errors. The optimization problem isthe
minimization of the asymptotic variance of the estimates under the central mode (i.e., normally distributed
errors), subject to the sensitivity bound. Since the fixed point for A, and therefore the robust distances, are
computed under the assumption of normally distributed errors, the behavior of the Krasker-Welsch estimator
under non-normally distributed errors is not known.

Second, in order to implement the Krasker-Welsch estimator, one needs to specify the value of the sensitivity
bound, a One approach, suggested by Krasker and Welsch, isto specify the desired efficiency of the K-W
estimator relative to OLS under the ideal conditions of a nonstochastic X matrix and normally distributed errors,
and iterate on a to find the value of the sensitivity bound which achieves the desired relative efficiency.
Alternatively, Krasker and Welsch suggest that the ad hoc rule of setting a = 18Vk workswell in practice, in the
sense that this choice generally results in plausible percentages of observations being downweighted. However,
regardless of whether one sets the sensitivity bound to achieve a given relative efficiency or uses an ad hoc rule,
the specification of the bound amounts to picking a particular point on the trade-off between the tightness of the
sengitivity bound and efficiency. It' s difficult to know how this trade-off should be made. For the Huber
estimator, it is, of course, unrealistic to assume that one knows a priori the value of e, and therefore the optimal

choice of the tuning constant, c¢. However, because the Huber estimator downweights outliers smoothly rather
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than trimming observations, the estimator is fairly insensitive to the value of ¢. Huber shows that for the true
fraction of gross errors within therange 0 £ e £ .2, the asymptotic variance of the estimates computed for any
choiceof c intherangel £ c £ 2isonly dightly larger than the minimum variance estimates (i.e., the estimates
computed with the optimal choice of c).

In the ordinary regression context, many economic applications, particularly those which use household data,
will exhibit observations that are outliers in x-space. 1n these instances, a strong case can be made for the
Krasker-Welsch estimator over the Huber estimator, despite the additional complexity of the estimator and its
dependence on the assumption of normality.

Each of the estimators has a straightforward instrumental variables version, equation (20) for |V-Krasker-

Welsch (IV-KW), and equation (26) for the IV-Huber (1V-H):

& 0
cr)] g - . A
(26)  a minGl, C__.&i-XibO

+xi =0
-~ S 9

As amember of the class of GMM estimators, the 1V-Huber estimator is asymptotically normal. One might
assume that, parallel to the OL'S case, the presence of extreme values or errorsin the x variables would make a
strong case for preferring I1V-KW over IV-Huber. Contrary to this presumption, | argue that the shift from
ordinary regression to instrumental variables itself provides some protection against outliersin x-space, so that in
many cases |V-H will provide estimates that are robust with respect to outliers in both e-space and x-space,
without requiring the additional complexity and limitations of the IV-KW estimator.

To think about the effect of outlying x-valuesin the instrumental variables context, consider the instrumental

variables analog of the normal equations:

(vi - xibJsi

Qo=

(27) 0=

1

The influence of the ith observation on the estimates depends on the product & X, and not on xj. While the x-

values appear in the normal equation, and obvioudly help to determine the estimates, Krasker, Kuh, and Welsch

(1983) point out that in the instrumental variables context the x; vector affects the estimates only viaits effect on
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theith residual, not directly asin the OLS case. Thus even if the data on the x-variables contain gross outliers, as
long as the instruments are balanced, the initial, nonrobust instrumental variables estimates will result in large
residuals being associated with the leverage point observations. A Huber procedure in which observations with
large residuds are iteratively downweighted can then be used to limit the influence of the outlier observations. To
make the point another way, consider the formula for the IV-KW estimator (equation (20)). The only difference
between IV-H and IV-KW results from the use in IV-KW of the robust distances. In the IV context, the distances
that matter are the robust distances of the instruments, not the x-variables themselves. If the instrumental
variables are well-balanced (i.e., devoid of extreme values) the robust distances will be reasonably uniform across
observations, and the vectors of observation weights used by the two estimators will be fairly smilar.

For this approach to work, one needs a specification in which the instruments are well-balanced. For this
paper, the natural choice of instruments consists of the household’ s stated expectations of the future, expressed in
gualitative terms such as household income being expected to rise by “alot” or “alittle”’, etc., avariable that by
congtruction contains no extreme values. In other applications with micro data sets, variables commonly used as
instruments include demographic data such as age, gender, household size, and education. These demographic
variables also are by nature well-balanced, at least in comparison with economic variables such as income or
wedlth. More generally, however, thereis a sense in which the projection of the x variables on the primitive
instruments inherent in the instrumental variables estimator tends to eliminate leverage points, even if both the

observations on x and on the primitive instruments, considered separately, contain outliers.

Section 3: Empirical results

Empirical results are presented for the following four samples:

descriptivelabel samplesize criteriafor inclusion in sample

whole sample 774 Of the 1,568 households in the panel, 371 experienced a change in household
composition during the three year period. Because such a change in household
composition islikely to lead to correlation between the preference shift part of the
error term and the instruments (stated expectations of future income), these
households were excluded, reducing the sample to 1,197 households. Deleting
households with missing data further reduced the sample to 774.

poor 424 subset of the whole sample for which the sum of the household’ s financial
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wealth (checking accounts, savings accounts, bonds, and stocks) at the end of
1967 was less than $1000 in 1968 dollars

rich 350 subset of the whole sample for which household financid wealth at the end of
1967 was greater than or equal to $1000 in 1968 dollars

truly wealthy 77 subset of the rich subsample for which the household held strictly positive levels
of each of the following assets: bank deposits (i.e., savings and/or checking
accounts), bonds, and stocks

For comparison, the model was estimated using conventional (nonrobust) IV, 1V-Krasker-Welsch, and two
informal robust methods, in addition to IV-Huber. The most common method of dealing with outliers consists of
excluding (or trimming) from the sample observations for which the value of the dependent variable falsin the
extreme tails of its distribution. Since this approach involves a zero/one decision in which some observations are
excluded completely, the cut-off points are usually set so that only afew percent of the dataislost.’ The second
informal method of dealing with outliersis simply the subjective exclusion of individual data points which appear
to have an inordinate effect on the estimates in preliminary results.

For the Survey of Consumer Finances data, preliminary estimates reflected the presence of (at least) one
highly unusua and highly influential observation. Unlike most of the householdsin the data set, which exhibited
incomplete consumption smoothing, household 676 followed the consumption smoothing model with a vengeance:
the household experienced a quadrupling of itsincome between 1968 and 1969, and increased its net purchases of
stocks by an amount equal to over 400% of its 1968 income.® To represent the informal robust estimation
procedure based on subjective exclusion of highly influential observations, the model was estimated by

conventional 1V after exclusion of household 676.

Table1l: Estimatesof g

conventional delete 676 trimmed IV-Huber IV-Huber IV-KW
c=2.0 c=14 a=1.8Ck
poor :
estimate .61 .61 .08 22 23 .30
S.€. (.43) (.43) (.15) (.20) (.23) (.19)
% weighted 13.0% 22.2% 17.5%
rich:
estimate 27 .003 15 .18 15 14
S.€. (.34) (.26) (.25) (.33) (.35) (.52)
% weighted 11.4% 22.3% 17.4%
truly wealthy:
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estimate 1.33 40 40 33 28 18
se. (.38) (.47) (.47) (.42) (.44) (.35)
% weighted 13.0% 22.1% 20.8%
pooled:
estimate 53 44 18 23 21 24
se (.32) (.32) (.16) (.18) (.19) (.18)
% weighted 12.4% 22.2% 18.7%

Note: Huber-White standard errors™ are reported in parentheses.

Table 1 reports the estimates of g from the following estimators. conventional (non-robust) 1V, the two
informal robust procedures, 1V-Huber with c=2.0 (the optimal value of ¢ for e=.01), IV-Huber with c=1.4
(optimal for e=.05), and 1V-Krasker-Welsch. The estimates of g based on conventiona 1V are anomalousin
several respects. According to the analytical model, the presence of non-zero values of the shadow price of the
borrowing constraint will lead to an inconsistent (downward biased) estimate of gfor the poor subsample, while
the rich subsample should yield consistent estimates of g According to the conventional estimates, the estimate of
gis .61 (and insignificantly different from its value of unity under the null hypothesis) for the poor, while the
estimate of gis.27 (and significantly different from unity ) for therich. The estimate of gfor the truly wealthy is
troubling for two reasons. Firgt, the point estimate actually exceeds unity, although not by a statistically
significant margin. Second, the analytical model implies that both the rich and the truly wesalthy subsamples
should yield consistent estimates of g. Instead, the estimate of g from the truly wesalthy subsample, 1.33, differs
dramatically from the estimate of .27 for the rich subsample.

Next consider the empirical results from the three formal robust estimators: the anomal ous results that
plagued the conventional estimates are gone. While the 1V-Huber point estimate of g for the poor (.22) is dlightly
larger than the corresponding estimate for the rich (.18), this difference is not significant, either statistically or in
terms of economic magnitude. Since the estimate of gis consistent for the rich subsample and inconsistent for the
poor subsample if borrowing constraints are binding, one could conduct a specification test for the presence of
binding borrowing constraints by testing the equality of the estimates of g across the two subsamples. Given the
very similar estimates of g across the two subsamples, aformal test is not required; the empirical results based on
the sample split between rich and poor households reveal no evidence of borrowing constraints. For the rich

subsample, the 1V-Huber estimates indicate that one can reject a value of unity for the margina propensity to
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save, while avalue of zero cannot be rejected; for this subsample, the conventional results are not grossly
different. For the poor subsample, however, the IV-Huber estimates provide a decisive rejection of the null
hypothesis that g=1, while the conventional estimates cannot reject a value of unity.

A comparison of the observation weights assigned by IV-Huber (for c=1.4) with the weights assigned by 1V-
Krasker-Welsch is provided by Figures 1aand 1b. Note that both estimators downweight observation 676
severely: 1V-Huber assigns aweight of .06 while Krasker-Welsch assigns aweight of .02. Note that the poor
subsample (which does not contain household 676) has a number of severe outliers and that the rich subsample
has several extremely influential observations in addition to household 676.

Each of the three formal robust estimators delivers the same answer to the basic economic question posed by
the paper: When one divides the sample into constrained and unconstrained subsamples, both subsamples yield an
estimated margina propensity to save of about 20%. For both subsamples, the estimated marginal propensity to
saveis statistically significantly different from its value of unity under the null hypothesis. While the estimates
are not as precise as one would like, they are sufficiently precise to conclude that the optimal consumption model
is regjected, and, further, the rejection cannot be attributed ssimply to borrowing constraints.

To what extent do the informal robust estimators succeed in removing the anomalous effects of outliers
exhibited by the conventional results? The subjective exclusion of the single most spectacular outlier resultsin a
declinein the estimated marginal propensity to save for the truly wesalthy from 1.33 to .4, but actually worsens the
anomal ous rel ationship between the estimates for the poor and rich subsamples. The ad hoc robust procedure of

trimming observations results in estimates which are reasonably consistent with the formal robust estimates.
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Figure la
Comparison of Weights: IV-Huber vs. IV-Krasker Welsch
subsample: rich
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Figure 1b
Comparison of weights: 1V-Huber vs. 1V-Krasker-Welsch
subsample: poor
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Monte Carlo experiments were conducted in order to assess the relative efficiency of the various estimators,

estimate the magnitude of small sample bias, and verify the asymptotic standard errors. The Monte Carlo study

was based on the modd:
X=7ZP +e,
(28) y =Xg+ey

where gisthe vector of structural parameters of interest, and Z is the matrix containing the instruments (assumed

uncorrelated with both e, and ey) for X. Dataon X and y were generated using the reduced form of the model:

X =ZP +n,
(29) A
y=2Pg+ny

Estimates of the parameter matrix, |:3 , and the covariance matrix of the reduced form disturbances were
calculated using the 350 observations in the rich sample, since data on the unconstrained households alone provide

consistent estimates of the parameters. The Monte Carlo simulations were generated using the actual data matrix

for the instruments (2), the estimated P matrix and an assumed value for the vector of structural parameters, g

(intercept of .026 and slope coefficient of .18). To capture the correlation structure of the disturbances, ny and ny

were generated as linear combinations of two independent unit-variance disturbances, e; and eo:

Ny =Wa&

30
G ny = wpe rwee,

for wy=.46405811, wp=.050450198, w=.53302651.

To reflect the presence of leverage pointsin the X data, the e; disturbance was generated as a mixture of normals;

with probability .9 avariate was drawn from the standard normal distribution and with probability .1 avariate
was drawn from a normal distribution with standard deviation equal to 10, then the resulting vector of variates

was rescaled to have unit variance. The Monte Carlo estimates are reported under two aternative cases for the

distribution of the error ex. In one set of smulations, the e variate is mixed normal, with probability .8 of being

drawn from the standard normal distribution and with probability .2 from anormal distribution with standard

deviation 10 (then rescaled to have unit variance). Since the “cost” incurred in the use of robust estimators comes
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in the form of reduced efficiency when the errors are normally distributed, the estimators are compared in another
set of simulations (labeled “normal”) in which e is simply a standard normal variate.

Monte Carlo results are presented in Table 2 for the rich and truly wealthy subsamples. In each case, the

actual data on the instrument matrix Z for the particular subsample was used (thus the ssimulations reflect a

sample size of 350 for the rich and 77 for the truly wealthy). Simulated data.on X and y was then generated using

acommon set of assumptions, described above, on the vaues of |:3 , @ and the joint distribution of ny and Ny.

The magnitude of the small sample biasto the estimate of the marginal propensity to save was calculated by
comparing the average estimate of g, over 1000 simulations, to the assumed value of .18. The estimated bias was
negative and fairly small (about -.017) for the sample of 350 observations. For the truly wealthy, the biasis more
noticeable (around -.05), but small relative to sampling error.

Table2: Monte Carlo results (1000 draws)

conventional trimmed IV-Huber [V-Huber IV-KW
c=2.0 c=1.4 a=1.8Ck
mixed normal distribution
rich:
estimated bias -.017 -.036 -.018 -.017 -.015
RMSE .299 241 .198 183 137
truly wealthy:
estimated bias -.059 -.062 -.051 -.049 -.030
RMSE 435 .363 .359 .345 .289
normal distribution
rich:
estimated bias -.023 -.023 -.021 -.021 -.019
RMSE 297 297 .307 314 .383
truly wealthy:
estimated bias -.055 -.053 -.056 -.057 -.046
RMSE 449 446 498 .530 .647

Improved efficiency under heavy-tailed error distributions is the theoretical rationale for the formal robust
estimators. The Monte Carlo experiments show that the improvement in efficiency is large enough to be of
practical importance to applied econometricians: For the rich subsample, the root mean square error of the 1V-
Huber estimators is about two-thirds that of the conventional estimator. 1V-Krasker-Welsch does even better,

with RM SE less than half that of conventional 1V. For the truly wealthy subsample, the IV-Huber estimators
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have RM SE approximately 80%, and IV-Krasker-Welsch approximately 66%, of conventional V. Since most
applied econometricians use some ad hoc form of rejection of outliers, the comparison of the formal robust
methods to conventional 1V is one of primarily theoretical interest. Theissue of practical interest concerns the
comparison of ad hoc robust procedures such as trimming observations to the formal robust methods. Based on
the rich sample, the trimmed 1V estimator achieves about half the reduction in RM SE of the I'V-Huber estimator,

and athird the reduction of IV-Krasker-Welsch.
As expected, the robust estimators have larger RM SE than conventional IV when e is normally distributed.

Note, however, that based on the smulations for the rich sample, the RMSEs for 1V-Huber are only 3% to 6%
higher than the RMSE for conventional 1V. That is, the efficiency loss under normality is an order of magnitude
smaller than the efficiency gain with the mixed normal distribution. For 1V-Krasker-Welsch, the efficiency loss
under normal errorsis more substantial: the RMSE is 30% larger than the RM SE for conventional 1V.

Based on the Monte Carlo simulations with the mixed normal distribution, the RMSE for all of the robust
estimators are somewhat smaller than the corresponding estimated standard errors. For example, for therich
sample, the standard error for the IV-Huber estimator (c=2.0) was .33, compared to a RM SE of .198 in the
simulation. If the assumptions of the Monte Carlo ssmulations accurately reflect the actual data generation
process, this would suggest that inferences based on the reported standard errors are conservative.

Tables 3a, 3b, and 3c present the conventional and robust estimates of disaggregated savings equations. In
this exercise, the dependent variable is defined as savings flows in the form of financial assets, debt, or durable
goods purchases separately. “Financial assets’ are defined as savings accounts, checking accounts, bonds, and
stocks. According to the IV-Huber estimates reported in Table 3a, which pertains to the rich sample, only 10% of
an expected income fluctuation is buffered via changesin financial asset stocks. With a standard error of .15, one
cannot rule out the hypothesis that the MPS in the form of financial assets is actually zero. However, note that
the MPSin the form of financial assetsis estimated with sufficient precision to rule out a wide range of plausible

economic behavior. While other assets, such as debt and durable goods can be used, to some extent, to buffer
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Table 3: Comparison of estimates of marginal propensity to save for disaggregated asset stocks

3a: rich subsample

dependent variable | conventional |V IV-Huber, c=2.0 IV-Huber, c=1.4 IV-KW, a=1.8Ck
DS/ Vi 16 10 09 01
o (22) (15 (15 (12
% weighted 18.6% 27.4% 23.7%
DL/ Vi 11 _06 _04 _03
ess_gmate (.08) (.09) (.07) (.07)
% weighted 24.0% 36.6% 33.7%
DSEta Vi o1 02 03 06
ess_gmate (.15) (.15) (13) (.15)
% weighted 15.4% 29.7% 23.1%
3b: poor subsample )
dependent variable | conventional |V IV-Huber, c=2.0 IV-Huber, c=1.4 IV-KW, a=1.8CK
DS/ Vi 35 -.003 _001 -.005
ess_gmate (:38) (.006) (.003) (.007)
% weighted 30.6% 47.1% 39.2%
DL/ Vi _18 02 _03 _04
ess_gmate (.16) (.09) (.09) (.08)
% weighted 12.7% 23.6% 17.0%
DS{Ha Vi 08 12 1 17
ess_gmate (13) (:20) (18) (22)
% weighted 21.0% 29.2% 28.5%
3c: truly wealthy subsample )
dependent variable | conventional |V IV-Huber, c=2.0 IV-Huber, c=1.4 IV-KW, a=1.8CK
DS/ Vi 80 29 29 23
ess_gmate (:24) (:29) (:24) (:20)
% weighted 16.9% 27.3% 23.4%
DL/ Vi -2 -2 -2 -.08
S nae (.06) (.06) (.05) (12)
% weighted 13.0% 22.1% 19.5%
DS{Ha Vi 31 06 08 05
ess_gmate (.16) (:34) (:30) (27)
9.1% 26.0% 14.3%

% weighted
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income fluctuations, one would expect financial assetsto play the mgjor role. Based on the robust estimates, one
can statistically reject the hypothesis that the MPS in the form of financial assetsis any greater than 40%. The
estimates confirm, with greater statistical precision, a basic implication of the estimates based on the aggregated
definition of saving: the null hypothesis of optimal consumption smoothing is rejected, even for the unconstrained
subsample. Further, for the poor subsample, the only disaggregated component of savings with a quantitatively
nontrivial role in consumption smoothing is expenditure on durable goods, with an estimated savings propensity of
.12, With astandard error of .2, one cannot reject other economically plausible values (e.g. O or .2). However,
note that for the poor sample, the estimated MPS in the form of financial assetsis amost exactly zero, and
extremely precisaly estimated. With any of the robust estimates, one can reject the hypothesis that the MPS in the
form of financial assetsis as much as 1%.

While the robust estimates of the overall propensity to save out of expected income growth are very similar
for the constrained and the unconstrained subsamples, the disaggregated results suggest that purchases of durable
goods are the primary (perhaps sole) vehicle for consumption smoothing for the poor, while accumulation of
financial assets and reductions in debt are the major means of consumption smoothing for therich. The idea that
purchases of durable goods are actually less strongly correlated with expected income growth for the rich than for
the poor makes sense intuitively; for a household with a substantial level of financial assets, one would expect
income fluctuations to be buffered initially by changes in these holdings. For an unconstrained household,
purchases of durable goods represent a reallocation of the household' s portfolio between financia assets and
durable goods, but the timing of durable goods expenditures would presumably be determined by factors other
than the time path of income. In contrast, for a household with little or no financial assets, the borrowing
congtraint tends to force the household to defer acquisition of durable goods until the additional incomeis
available, causing the timing of durable goods acquisitions to coincide more closely with the timing of income.

The truly wealthy sampleisasmall (77 observations) subsample of the rich sample. None of the estimates
based on this small subsample are required for the principal economic conclusions of the paper: the optimal
smoothing model can be statistically rejected, and this rejection cannot be attributed to the presence of borrowing

congtraints. Further, the Monte Carlo experiments revealed substantial small sample bias (downward bias of .05



26
for an assumed parameter of .18) for the truly wealthy sample size. With these caveats in mind, note that the
estimated MPS in the form of financial assetsis .29, with a standard error of .24. Unlike the larger rich sample,
the data cannot reject the notion that financial assets are used by this elite group of households to buffer a
substantial part of expected income fluctuations. The estimated MPS in the form of reductionsin debt islarge
(22%) and precisely estimated (s.e. of .05). The estimated MPS in the form of durable goods acquisitionsis
closer to zero, both in terms of magnitude and in statistical significance, for the truly weathy than for the poor.

The results based on the disaggregated asset stocks put an important twist on the earlier result that
congtrained and unconstrained households have essentially the same saving propensities. The results for total
saving used a generous definition of saving which counted expenditure on durable goods as saving rather than
consumption. When saving is disaggregated by type of asset, however, the results suggest that householdsin the
rich, or unconstrained, sample use financial assets as their primary means of consumption smoothing, while
households in the constrained sample save almost exclusively in the form of purchases of durable goods. Note
that empirica studies of borrowing constraints which rely on consumption data usually use nondurable
consumption as the dependent variable. Conceptually, using nondurable consumption as the measure of
consumption is equivalent to using total saving, inclusive of durable goods expenditures, as the measure of saving.
Thus empirical studies relying on nondurable consumption would miss the evidence of borrowing constraints
which appearsin the disaggregated results.

Conclusions

The paper proposes an IV version of the Huber estimator as an aternative to the IV-Krasker Welsch
estimator. The IV-Huber estimator performs comparably to 1V-Krasker Welsch in an empirical application to
household data on saving flows, and in arelated set of Monte Carlo experiments, but is considerably ssimpler, both
analytically and computationally, than 1V-Krasker Welsch. Assessing the various estimators according to their
efficiency under heavy tailed error distributions, informal robust procedures such as the subjective rejection of
outliers and trimming fall about halfway between the nonrobust estimator and the formal robust estimators;*®
compared to the informal robust procedures both I'V-Krasker Welsch and 1V-Huber provide efficiency gains

which are large enough to be of practical importance to applied econometricians.
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'Because the CRRA utility function has the property that the marginal utility of consumption isinfinite at zero
consumption, it is not necessary to impose the non-negativity constraint on consumption explicitly.

“While econometric identification will require some restrictions on the moments of the distributions of asset returns and
the marginal utility of consumption, the theoretical model does not require these moments to be constant either across
households or acrosstime. For the theoretical discussion, think of the moments (mrj Ve, My, vy, CoV rju) as having

both household (i) and time (t) subscripts, although these subscripts will be suppressed for notational convenience.

*To evaluate the likely magnitude of the remainder term, consider a household whose consumption both in t and in t+1 is
within 90% of the household’ s disposable incomein period t. For such a household, the squared terms on the RHS of (10)
would each be positive and smaller than 1%. Further, the deviations of ¢;;.1 and ¢; from y; are likely to be positively

correlated. Since the remainder amounts to half of the difference between two small and positively correlated terms, it
seems sufficiently small to be safely ignored.

“The intercept term in equation (16) in principle varies both across households and across time. With only one
observation per household it is obviously not possible to identify both the parameter of primary interest, g, and a separate
intercept term for each family. If one considers the households grouped according to the occupation of the primary
earner, and assumes that the rate of time preference as well as the moments of the distribution of the marginal utility of
consumption are constant across households within a given occupation, then some heterogeneity in the intercept term
across households may be incorporated by estimating a set of occupation dummies instead of a single intercept term.
However, in preliminary empirical work, the inclusion of occupation-specific intercept terms did not reveal significant
variation in the intercepts across occupations, and did not have a noticeable effect on the estimates of g In the absence of
evidence of significant variation in the moments across occupations, the specification was then simplified by assuming a
common set of moments for all households.

*The survey does contain information on the interest rates which households received on their savings accounts, and on
their expectations of inflation, both of which exhibited considerable cross-sectional variation. While the intertemporal
substitution parameter isin principle identified with the cross-sectional variation in nominal asset returns and
expectations of inflation, preliminary estimates of equation (16) gave small and imprecise estimates of the intertemporal
substitution parameter. More importantly, the inclusion or exclusion of the expected rate of return made no material
difference to the estimates of g, the parameter of primary interest.

®For adifferent but related problem, Deaton (1990) discusses an approach which uses cross-sectional sample moments for
household data to make inferences about the parameters of the time series process.

K rasker and Welsch define the sensitivity of the estimator, d, as:

"Wy, x)|

d=sup Supm . Theinfluence function, Wy,x), gives the effect of the ith observation on the vector of
y,x | \

estimates, 6 . Formally, the influence function is a function W RxRK ® RK which satisfies:
é. 18 u
Jﬁéb b- =aWYy,X)g® O inprobabilityas N ® ¥
n s H

| isakx1 vector
V= E[V\(y, X)Wy, X)'] , the asymptotic covariance matrix of the estimates.

8 n the ordinary regression case, Krasker and Welsch were not able to show that the estimator was strongly efficient.
Instead, they showed that if a strongly efficient estimator existed, it would be of the form of the Krasker-Welsch estimator.
Subsequently, Ruppert (1985) provided an example in which no strongly efficient estimator exists. In Ruppert’s example,
while other estimators can provide more efficient estimates of particular parameters, the Krasker-Welsch estimator does
not perform substantially worse. Thus the practical significance of Ruppert’s example is unclear.

°For example, the papers using the PSID food consumption data exclude observations for which the (absolute value of the)
change in log consumption exceeds a specified value. Runkle excluded observations for which measured food
consumption increased by more than 300% or declined by more than 75% from one year to the next. Zeldes excluded
observations for which food consumption increased by more than 200% or decreased by more than two-thirds. Altonji
and Siow (1987) exclude observations for which food consumption increased by more than 400%, or decreased by more
than 75%, as well as observations for which real wages or family income increased by more than 500% or decreased by
more than 80%.
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19Based on a more detailed examination of the data record, household 676 appears to be a legitimate observation and not a
keypunch error. The head of household was a student in an advanced degree program in 1967, received a professional
degree, possibly an M.D., worked only part of the year in 1968, and was employed at the professional level in the health
field for al of 1969. With a disposable income of $22,573 (in 1969 dollars), the respondent stated that a net purchase of
$20,000 of stocks was made in 1969.

"The Huber-White standard errors are cal cul ated as:

var(b) = (X' DX)" X' VX (X'DX) "1

where D= (nxn) diagonal matrix with diagonal elements d; such that di=1 if wi=1 and d;=0 if w;<1 and V=(nxn)
diagonal matrix with diagonal elements vizwizriz. In the specia casein which all the weights are fixed at unity (the
conventional 1V estimator), var(b) would be the usual White heteroskedasticity-consistent covariance matrix. The effect
of the endogenous downweighting of observationsis captured by the D matrix.

2For the “trimmed” estimator, observations for which the dependent variable was lessthan -.67 or greater than 2 were
excluded from the sample.

30n this point the paper reinforces the finding of Relles and Rogers (1977), who conduct a Monte Carlo experiment
pitting actual statisticians using subjective rejection of outliers against formal robust methods. In Relles and Rogers, the
statistical problem is simply the estimation of alocation parameter. In the context of estimation of the mean, Relles and
Rogers find that the formal robust methods substantially outperform the informal methods, even when implemented by
trained statisticians.



Appendix: Algorithm for 1V-Huber estimator

1. Form instruments and obtain initial, nonrobust, estimates and residuals:
AI -1AI 9, ] '1 ]
bo =(X'X) "Xy X=2(z2)1z'x r=y- Xbg

2. Cadculate estimate of scale parameter, S :
§ = 1483 median(|ri|)
Thisis arobust method of estimating the scale parameter. If the residuals are normally distributed, $ isa

consistent estimate of the standard deviation; however, if the residuals contain outliers, these observations
will not affect the estimate.

3. Compute observation weights based on the residuals, $,and c.
_ (5 3] Céc
Wi =min¢l,—~+
e ri|ﬂ

n n

4. Notingthat 0= a Wi(yi - xib))?i -a 1/Wi(yi - xib)qlwi Xj , calculate the square roots of the
i=1 i=1

weights, /W; , and transform the data by multiplying each element of theith row of y, X, and Z by /w; :

Vi =Wy, X = /Wi X; Zj = Wj Zj
5. Form new |1V estimates with the transformed data:

X =777) 'z % boew = (X']

la
X'y
6. Form anew vector of residuals:
'new =Y - Xbpew
Note that the residuals are calculated using the new parameter estimates, but the untransformed data.

7. Goto step 2, and use the new vector of residuals to calculate a new iteration of values of S , thewel ghts, and
the parameter estimates. Continue until parameter estimates converge.
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