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Using longitudinal data, 1 estimate the impact of redistribution on the welfare cost of income risk in 
Germany and the United States. The estimates account fully for behavior because individuals in each 
country have responded optimally to that country's policy. The results indicate that the welfare cost 
of income risk is 5.4 percent of disposable income in Germany, 8.5 percent in the U.S. Redistribution 
has reduced these risks from their pre-tax, pre-transfer levels by 43 percent in Germany, 21 percent 
in the U.S. The political importance of income security is evident in both countries, as risk relief often 
eliminates the net burden of redistributive taxes among middle-class households. The conclusions are 
robust across several models of income expectations. 

Economic theory suggests that redistribution policies should reduce income 
risk (Moffitt and Rothschild, 1987; Varian, 1980; Betson and Van Der Gaag, 
1985). Policy commentators have argued that this effect is the primary service 
offered by the welfare state to middle-class voters, and hence is very important 
in explaining its political support (Lampman, 1984; Haveman, 1988). Neverthe- 
less, few studies analyze income risk empirically, and those that do confront the 
difficult problem of estimating the response of risk to policy changes (Feldstein 
1973; Gramlich and Wolkoff, 1979; Haveman and Wolfe, 1985). This paper 
improves on the empirical literature in two ways. First, it examines income risk in 
a comparative context, which eliminates the necessity of estimating counterfactual 
responses of risk to policy changes. Second, it employs rich longitudinal data, 
which allow more sophisticated models of individual expectations. 

The results confirm previous suppositions about the political importance of 
income risk. In both Germany and the U.S., income risk is significantly reduced 
by the redistribution system. The benefits of this reduction fall in such great 
amounts to the middle quintiles of the income distribution that they may be 
sufficient to explain the continued political viability of redistribution programs. 
Further, were the U.S. to adopt a redistribution system similar to the German 
one, the income risk of a typical household would fall signifcantly, and that of a 
poor household would fall greatly. These results assume low risk aversion and 
are robust to several important modifications of methods. 

The paper has the following structure. Section I1 discusses the core concept 
of the paper, income risk. Section 111 describes and justifies methods for measuring 
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income risk, its welfare cost, and the impact of policies upon it. Section IV 
describes the application of these methods to two comparable longitudinal data 
sets from the U.S. and Germany. Section V presents results. Section VI discusses 
broader conclusions of the research. 

Rothschild and Stiglitz (1970) provide three equivalent definitions of income 
risk. A random income Y is riskier than X if and only if (a) Y is equal to X plus 
a random shock term, (b) the distribution of Y has the same mean as X but puts 
more weight in the tails, or (c) the expected utility of Y is less than that of X. All 
three definitions make income risk a function of the ex ante probability density 
function (pdf) of income. 

Though Rothschild and Stiglitz (1970) do not discuss the origin of the income 
pdfs that they study, expected utility theory assumes that they reflect the subjective 
probabilities assigned by the agent to various states of the world. Thus, the pdf's 
shape and position is a function of the agent's expectations. For empirical 
research, it is necessary to assume that these expectations are formed through a 
stable expectations nzodel, which specifies how agents use observable variables to 
calculate the pdf. Only two basic expectations models have been applied previously 
in empirical studies of income uncertainty. The cross-section model of expectations 
makes the income pdf a function of the cross-section inequality of current income, 
usually within a cell defined by socio-demographic characteristics. The time series 
model of expectations makes the pdf a function of the period-to-period variability 
of individual income. Haveman and Wolfe (1985) apply a cross-section model, 
using disability status to define the cross-section cells. Osberg, Erksoy and Phipps 
(1994) use a time series model, estimating the expected utility of income as the 
discounted average utility over the course of several years. 

Both the cross-section and the time series models are reasonable approaches 
to expectations, and one cannot choose between them on the basis of past research ; 
too little is known about the expectations models people actually use (however, 
see Dominitz and Manski, 1994, for an empirical study of income expectation 
formation). In this paper 1 will apply both, and I will also extend the cross-section 
model to generate new approaches. Roughly speaking, the new models still identify 
the income pdf with the inequality of income within a sample cell, but that cell 
is now defined by the agent's anticipation of income-change events, and by her 
current income. In examining several models, 1 hope to find broad patterns of 
risk effects that remain true regardless of the assumed expectations. 

Redistribution policy refers to those laws at all levels of government that either 
impose direct taxes on individual income, or provide cash or near-cash payments 
directly to individuals. On the tax side, it includes income taxes and social insur- 
ance contributions. On the transfer side, it includes means-tested transfers, social 
insurance payments, and cash-equivalents, like the U.S. Food Stamp program. 



The object of the paper is to estimate the effect of redistribution policy on 
income risk. This section describes a method for doing so. In essence, the method 
is to estimate individual-specific means and variance of incomes, and see how the 
variance reduces well-being. Then I measure the impact of redistribution policies 
on the variance of income, and, correspondingly, individual welfare. All of this 
is done at the level of the individual, using panel data from Germany and the 
U.S. This allows us to see how the welfare effects of income security vary among 
the rich, the poor, and the middle class. 

In this section, part A presents a comparative approach to the question of 
policy impacts. Part B describes the risk-related outcomes that need to be com- 
pared. Part C provides a model of income determination that allows expectations 
to be easily described and analyzed. Part D discusses a new expectations model 
that generates two specific applications. Part E presents an econometric technique 
that can estimate risk within the most general framework of the income model. 
Part F discusses the utility function to be employed, while part G explains step- 
by-step how the methods are combined to produce estimates of income risk and 
other outcomes at the national level. 

A. Iinpact and Comparative Analysis 

Previous empirical studies of redistribution policy and income risk have 
focused on the redistribution policies of just one country. Most authors treat the 
U.S. case (Haveman and Wolfe, 1985; Feldstein, 1973; Gramlich and Wolkoff, 
1979), though Jenkins and Millar (1989) and Osberg, Erksoy and Phipps (1994) 
analyze the U.K. and Canada, respectively. The focus on one country creates a 
problem, in that the effects of policies within a country can only be estimated by 
proposing some counterfactual set of policies and estimating how income risks 
would differ were that set of policies adopted. 

In some cases, these estimates allow no behavioral reactions (Haveman and 
Wolfe, 1985 ; Bird, 1993). Studies such as these are impact analyses, which examine 
the current effect of policies. Impact analysis describes the status quo, but does 
not attempt to estimate the potential effect of a policy change.' While impact 
analysis is reasonable as an evaluation of outcomes under current policy param- 
eters, it is not an effective tool of policy prediction. 

In other cases, behavioral reactions are allowed through economic modeling 
(Feldstein, 1973; Jenkins and Millar, 1989; Gramlich and Wolkoff, 1979; Osberg, 
Erksoy and Phipps, 1994). These methods generate results that can be treated as 
predictions of potential policy effects, and their reliability depends on the realism 
and accuracy of the model. In the area of savings and risk, however, even simple 
theoretical notions are difficult to translate into workable empirical models. 

Rather than pursue economic modeling, this paper develops its predictive 
power with a comparative approach. This requires comparable cross-national 

'1 draw this definition from the poverty literature. There, the impact analysis of redistribution 
programs estimates the number of people removed from poverty by government programs, under the 
status quo. The status quo assumes, obviously, that behavior and policies remain stable. Thus, the 
impact analysis does not indicate how many people would be poor if all redistribution policies were 
eliminated. 



data, which can restrict the scope of the analysis, but has the advantage of being 
simple to implement. Two countries, A and B, have different policies, a and P 
respectively. It can be assumed that incomes in A already take into account the 
optimal behavioral response to policy a. Similarly, incomes in B will already 
include the optimal behavioral reaction of B's citizens to P .  Then, the differences 
in income risk between the countries can be explained by two factors: original 
differences in the countries, and the difference between a and P .  To the extent 
that two countries are similar in economy, population, and culture, differences in 
risk outcomes can be assigned with greater confidence to policy differences. 

The paper will include results of both impact and comparative analyses, to 
judge both the status quo effect of redistribution on risk, and the potential changes 
that may result should one country move closer to the other in its redistribution 
policies. 

B .  Measuring Outcornes 

Though the welfare state and the redistribution policies that contribute to it 
have many goals, in this paper I single out one set of outcomes for analysis: ex 
ante well-being. The level of ex ante well-being provided by uncertain income is 
called the certainty equivalent: the certain amount of income that offers the same 
utility level as the expected utility provided by the uncertain income. The certainty 
equivalent solves the following equation : 

where C is the certainty equivalent, y is income, with ex ante distribution f ( y ) ,  
and U ( y )  is a utility function. The welfare cost of risk is defined as the difference 
between the certainty equivalent and expected income. Thus, well-being can be 
decomposed into two effects, expected income and the welfare cost of risk: 

where M is expected income and R is the welfare cost of risk. For risk averse 
agents, R is positive whenever income is uncertain, and increases in income risk, 
in the sense of Rothschild and Stiglitz (1970), elicit increases in R. With an 
assumed utility function, and estimates of the proper density functions of income, 
(1)  and (2) allow the estimation of C, M, and R for pre- and post-redistribution 
income. Then, the impact of redistribution on risk is given by the difference 
between pre- and post-redistribution risk costs. Similarly, its impact on well- 
being is given by the difference between pre- and post-redistribution certainty 
equivalents. 

C .  Model of Income Determination 

The shape of the income pdf in (1) depends on the process by which income 
evolves through time. The standard model makes income risk a function of 

408 



permanent and transitory shock processes 

with: 

where y ; + ,  is the permanent income of agent i in period t +  I, determined by 
characteristics x l i r  and xzi , ,  macroeconomic growth y ,  and a random shock term 
v .  The factors x l  include items like education, which are observable by researchers. 
The factors x2 include items like ability, which are unobservable. Both are known 
by the agent, however. Observed income, y i r + l ,  equals permanent income plus 
the random shock term q ,  which is independent of v .  The model's structure 
indicates that the effects of the permanent shock v persist in the time series of 
observed income, while the effects of are transitory. Both shock terms have zero 
means, and positive variances ot and 02,, respectively. 

According to the permanent-transitory model, the expectation of y i r + l  is 
y + a x l i r  + P x ~ ~ ~ ,  and its variance is 02,+ a:. In most applications, the goal is 
either to distinguish among observable and unobservable causes of income, or to 
trace changes in behavior to permanent and transitory shock effects. Here, how- 
ever, the focus is less on the sources of income than on its level and variability. 
As a result, some of the structural distinctions of the model can be subsumed in 
a simpler framework as follows. 

Ex ante income evolves as: 

with 

where E combines permanent and transitory shocks in an unspecified distribution 
f ( .  I - ). The conditioning vector. Z defines the income model and the expectations 
within it. If Z contains x l  and x2, and if the density in (6) specified the distinction 
between permanent and transitory shocks as in (3)  and (4), the permanent-transi- 
tory model would fall out from (5) and (6). Other variations are possible, however. 
If, as in Haveman and Wolfe (1985), the vector Z consists of the one dummy 
variable "Disability Status," then in (5) the expected income of a disabled person 
would be the average income of all disabled people. Further, in (6), individual i's 
ex ante distribution of deviations from mean income would be identical to the 
current cross-section distribution of deviations from mean income among all dis- 
abled people. Thus, Haveman and Wolfe's (1985) cross-section model is a special 
case of the model in (5) and (6). If, on the other hand, the vector Z contains only 
past realizations of income for the one individual i, then expected income fluctuates 
around a stationary mean. One could also give the mean a trend, or reproduce 
more complex time series specifications. All are special cases of the model in (5) 
and (6). The general model can apply the previous assumptions about expecta- 
tions, but it also provides a framework in which new assumptions may be designed 
and evaluated. 



D. Four Expectations Models 

The structure of the model in (5) and (6) allows one to build new expectations 
models by manipulating the contents of the conditioning vector Z. For example, 
one can combine aspects of the time series and cross-section approaches by placing 
both past incomes and current characteristics in the conditioning vector Z. Though 
in principle one could combine any number of current characteristics with any 
number of past incomes, practical estimation concerns limit the number of vari- 
ables in the conditioning ~ e c t o r . ~  

I develop four expectations models, intended to emulate existing models, and 
to exploit more sophisticated data. Model 1 takes the simple time series approach, 
calculating expected income as the mean income of the individual's time series, 
and income variance as its mean squared error. Thus, for individual i's income 
stream Y,,, t = 1, . . . , T, we have expected income as the average income over 
time : 

and the variance of income as the squared deviations from this average: 

Here i t  is implicit that the Z vector, the contents of the individual's information, 
includes only information about that individual's income time series. 

Model 2 creates a socio-demographic cell from information on the indi- 
vidual's income, age, sex, and ethnic group. Suppose there are K income groups, 
L age groups, and N ethnic groups. Let nze {M, F )  denote sex, and let individual 
i be a member of group Gkhlm The group has Nk,,,,,, members. Let member j 's  
income be Y,. Then expected income is average income in i's group: 

and the variance of income is the within-group squared deviations from this 
average : 

Here in model 2 it is implicit that the Z vector contains only the information that 
individual i is a member of a certain group. 

 he difficulty here is in the curse of dimensionality. Very roughly speaking, adding conditioning 
variables radically reduces the sample sizes within cells, and greatly decreases the accuracy of measured 
income mean and variance. 



Models 3 and 4 expand on Model 2. First, they make the role of information 
in Z explicit. In general, these models will produce expected income: 

where Y, ,  q = 1, . . . , Q, are possible incomes that individual i might receive. (In 
this paper, the possible incomes take the form of a set of evenly-spaced points, 
such as ($0, $2,000, $4,000, . . . , $200,000) .) p*, ( Y, , z,) is i's estimated probability 
of income Y,.  It is a nonparametric estimate, arrived at through a method 
explained in Part E below. For now it is suficient to think of p*, ( Y,, z,) as a 
conditional probability, expressing the likelihood that individual i will receive 
income Y,, given z , ,  i.e. the values that individual i observes in Z. Under this 
notion income variance will be 

New Amumptions About the Contents of Z .  Models 1 and 2 assume that the 
only information people have about their income is either their own income time 
series, or their socio-demographic characteristics. A long line of research on 
income variability suggests, however, that critical events are better predictors of 
income change. Models 3 and 4 put this research to use. 

The research shows that events such as family break-up and unemployment 
explain a large part of income change (Staines, 1982; Duncan and Hoffman, 1985; 
Burkhauser and Duncan, 1989; Burkhauser, Butler and Holden, 1991 ; Hauser, 
1988; and Hauser and Berntsen, 1989). The most important events appear to be 
labor market events and family composition events. Though there are any number 
of ways of defining these events, I concentrate on three of them and give them 
definitions similar to those in the literature: 

Event 1 : A change in the number of adults in the family 
Event 2: A decrease in gross family earnings of more than 50 percent 
Event 3: An increase in gross family earnings of more than 50 percent 
There are two strategies for placing these events in the conditioning vector. 

The first places the observed occurrence of the events in Z. The second estimates 
prior probabilities of the events and places these in Z. I use the second strategy 
as a base case. 

The prior probabilities are estimated as follows. Let X be a vector of house- 
hold characteristics, including age, race, sex, education, occupation, marital status, 
number of children, and size of household.' Suppose that for some events E: , ,+ ,  
that may occur between time periods t and t + I, r =  I, . . . , R, the following 
relationship holds : 

'ln principle one could avoid much of this structure by putting the characteristics. X, in the Z 
vector rather than the three probabilities. Unfortunately, the curse of dimensionality cited above 
ensures that for reasonable sample sizes, the NCD estimator becomes inaccurate when the size of the 
Z vector expands beyond 5 or so variables. 



with 

where @ is the cumulative standard normal. Then one can apply probit estimation 
to (8) and use the fitted values as the Z vector in (7). The density of E remains 
a function of X, but the impact of X is summarized in a small number of event 
probabilities. Thus, this strategy allows a great deal of information from X to enter 
the conditioning vector indirectly. This is a useful property when the estimation 
environment puts strict limits on the amount of information that can go directly 
into the conditioning vector. 

E. Econometric Techniques 

Model 1 requires straightforward econometric techniques. Expected income 
for each individual is that individual's time series average, and income variance 
is the time series mean squared error. Model 2 also requires only the simplest 
methods: break the sample up into socio-demographic cells, and calculate the 
mean and variance of income within the cells. If income is assumed to be normally 
distributed, these two statistics will describe the entire income pdf for both models. 

Models 3 and 4 require the construction of income probabilities conditional 
on discrete and continuous variables. One approach, similar to that of Model 2, 
would use Z to create groups, such as "individuals with high event probabilities" 
and "individuals with low event probabilities." Then one could find the probabilit- 
ies of various incomes by looking at the distribution of income within these groups. 
The biggest problem with this method, however, is that it forces us to discrete- 
ize the continuous variables in Z. Moreover, like models 1 and 2, it would force 
us to impose normality if this within-group mean and variance are to describe the 
entire income pdf. Plenty of evidence suggests that income pdfs are not normally 
distributed, however (Bird, 1993). 

The nonparametric conditional density (NCD) estimator will be used to solve 
both problems of discrete-izing continuous variables, and of imposing distribu- 
tional form. A formal discussion of the NCD estimator can be found in the 
appendix. In essence, it operates as follows. Suppose we want to know f(YIX), 
i.e. the distribution of income, Y, conditional on some continuous variable X. To 
make the discussion concrete, let X be age, so that we are interested in estimating 
income risk for one person conditional on that person's age, and let us say the 
person is 44 years old. The empirical object of interest is f(YIX=44). The NCD 
estimator breaks up the range of income into a series of points, $0, $2,000, $4,000, 
$6,000, . . . , $200,000. It then calculates the probability of each income point, 
given that age is 44. To do this, it assigns weights to each observation in the data, 
with the weight falling as the observation's age value differs from 44. All 44-year- 
old respondents receive a weight of 1 ; 40- and 48-year-olds receive weights less 
than 1 but greater than zero; 20- and 70-year-olds receive weights of zero. Within 
this weighted sample, it calculates the frequency of incomes near the income value 
whose probability is being estimated. Suppose we are looking for the probability 
of income of $20,000. If, taking the weights into account, many observations have 
incomes at or near $20,000, the NCD estimator assigns a high probability to  this 
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value. If the weighted sample shows no incomes at or near $20,000, the NCD 
estimator assigns a probability of zero to this value. By repeating the weighted 
probability estimates for all the income values, the NCD estimator yoduces an 
income pdf that is the unique pdf faced by a 44-year-old. F ~ o m  this pdf, one can 
calculate a mean and variance of income that is also unique to a 44-year-old. 

The NCD estimator is flexible and can produce a pdf for 44-year-olds or 25- 
year-olds. And it can produce pdfs on the basis of age and income together, which 
would take the form of a pdf unique for any 44-year-old with income of, for 
example, $1 8,000. In models 3 and 4, the pdfs will be unique for individuals based 
on their current incomes, and the occurrence (model 3) or probabilities (model 
4) of critical events. 

There are several important reasons for using the NCD method. First, the 
continuous weighting scheme allows us to estimate distributions of income condi- 
tional on continuous as well as discrete variables. It is not necessary to "discrete- 
ize" a continuous variable to obtain cells within which to calculate income densi- 
ties. Second, as a nonparametric method, the NCD estimator imposes no structure 
on the pdf of income, allowing unusual features to appear as the data dictate. 
Previous research has shown that individual income distributions can be highly 
skewed and have multiple modes (Bird, 1993). Third, as an extension of the cell- 
average technique, it relies on intuitions that should already be familiar. There 
are two principle disadvantages with the NCD method. First, in application the 
NCD method is cumbersome and time-consuming. Second, it requires a great 
deal of data, which places limits on the size of the Z vector that can be estimated 
with acceptable accuracy. 

Whatever the econometric method, all four expectations models allow us to 
produce from longitudinal data a sample of individual-specific pdfs of income. 

F. Utility Funclion 

From equations ( I )  and (2), the pdf of income can be translated into welfare 
effects. Welfare effects will depend on assumptions about the utility function and 
the level of risk aversion. Following the literature on savings and income risk, I 
use the Constant Relative Risk Aversion (CRRA) function, which has the form 
( y )  ( ?)/(I -e) .  It has a number of intuitive features. It implies that a rich 
person is more willing to wager $1,000 than a poor person, but that both are 
equally willing to wager 10 percent of their income. Further, a ten percent risk 
of a $1,000 gain has a smaller risk cost than a 10 percent risk of a $1,000 loss 
(holding expected income constant). Thus, upside risk imposes less welfare cost 
than downside risk. 

In the CRRA function, the one parameter e determines the degree of aversion 
to risk. Estimates of e range from 1.5 to 5.0 (Friend and Blume, 1975; Hall and 
Mishkin, 1982; Carroll, 1992; for a brief survey of estimates, see Bird, 1993). I 
will use the lower bound so as to avoid artificially overstating the importance of 
risk.4 

4 ~ 1 1  other work (Bird, 1994), 1 show that doubling this parameter roughly doubles the risk costs. 
Thus. variations in risk aversion affect the magnitude of the results, but not the patterns. 



G. Combining Methods to Estimate Risk Costs 

Here is a step-by-step overview of the methods, showing how we proceed 
from data to risk cost estimates. Assume there is a sample of i.i.d. observations 
of incomes arid conditioning variables, {y,, z,), i =  I, . . . , N. In choosing the 
conditioning variables, we have established an expectations model (1, 2, 3, or 4). 
Using this expectations model, we want to estimate a sample of individual-specific 
pdfs for J individuals: f(ylz,),  j=  1 , .  . . , J. Then we want to use these pdfs to 
calculate welfare effects of income variance. The process runs as follows. 

(1) Select a random sample of J individuals from the data. 
(2) Using the values of Z for these individuals, estimate J pdfs. 
(3) Using each individual's pdf, estimate expected income M,. 
(4) Using each individual's pdf, calculate expected utility J U(y) f (  y) dy. For 

models 1 and 2, this will involve using the normality assumption. For models 3 
and 4, this will involve using the NCD estimates of each conditional income 
probability. 

(5) Using equation 1, calculate each individual's certainty equivalent C,. 
Using equation 2, calculate each individual's risk cost R, = M,- C,. 

( 6 )  Analyze the sample of expected future incomes, certainty equivalents, and 
risk costs. For example, we can compare the risk costs of the rich to those of the 
poor. Or, we can repeat steps 1-5 for two income definitions, pre- and post- 
redistribution, and compare the median risk cost in the two samples. This provides 
an estimate of the impact of redistribution on risk. Exercises such as these form 
the basis for the empirical results below. 

IV. APPLICATION OF METHODS TO GERMAN AND U.S. DATA 

Comparative analysis yields the richest information when the two countries 
compared are identical in all respects save policy. In the real world, of course, no 
two countries are identical, but a sufficient convergence in economy, population, 
and culture can allow robust conclusions to be drawn from sufficiently distinct 
policies. In the field of redistribution policy, comparisons between Western Euro- 
pean countries and the U.S. offer the best hope for strong conclusions. As a 
general rule, Europe redistributes much more income than the U.S., while the 
contrasts in industrial development, population structure, and basic cultural atti- 
tudes are not as strong. 

Primarily for reasons of data availability, I choose Germany as the country 
for comparison to the u.s.' The NCD estimator requires detailed panel data, and 
fortunately there exists a pair of roughly matched panel household surveys in the 
U.S. and Germany. The U.S. panel is the Michigan Panel Study of Income 
Dynamics (PSID), while the German panel is the German Socio-Economic Panel 
(SOEP). The design of the SOEP is derived largely from that of the PSID, and 
this allows extensive comparability of variables (Burkhauser and Wagner, 1994; 
Krupp and Hanefeld, 1987). The study will cover the four years from 1983 to 

 he data are drawn from the former West Germany 



1986, in which both countries experienced similar macroeconomic conditions and 
little in the way of major policy i nn~va t ion .~  The data consist of 5,818 U.S. 
households and 4,827 German households that responded in all four of these 
years. The unit of observation is the household, though all welfare measures are 
reported in real per capita terms. Model 1, the time series expectations approach, 
uses the four-year balanced panel as it is. The other three models divide the four- 
year balanced panel into three two-year balanced panels (1983/84, 1984/85, and 
1985/86), and then pool these to create data sets of 17,454 two-year household 
panels for the US. ,  and 14,481 two-year household panels for Germany. 

The key variables in the analysis are income and the conditioning variables. 
Market inconw is the pre-tax, pre-transfer equivalence income of the househo~d.~ 
It consists of labor market earnings of all household members, plus captial income 
and private pensions. Disposable income is post-tax, post-transfer equivalence 
income, consisting of market income, plus transfers from means-tested programs 
and social insurance, minus national-level taxes8 The two panels also include the 
standard measures of household socio-demographic characteristics, such as age, 
sex, ethnic group, and education, that will be used in various ways in the condition- 
ing vector. 

B. Expectations Models 

The four expectations models correspond to four different definitions of the 
variables in Z. 

1. The Individual Time Series Model. This model takes Z as the four years 
of income observations for each individual in the data. It assumes these are 
normally distributed, estimating expected income as the four-year average, and 
income variance as the four-year mean squared error. 

2. The Cross-section Model. According to this model, current socio-demo- 
graphic characteristics determine the ex ante distribution of income. The charac- 
teristics used here are ethnicity of head, age of head, sex of head, and income. 
"Ethnicity" refers to white/non-white differences in the U.S., and German citizen/ 
non-German citizen differences in Germany. These conditioning variables are 
observed in the first year of each two-year panel, and are used to predict income 
in the second year. 

3. The Pooled Model with Actual Events. This model takes first-year income 
as the first conditioning variable. The remaining conditioning variables consist of 
three dummy variables indicating the occurrence of an event for that household 
in the period between the observation of first-year income and second-year income. 
Thus, in predicting 1985 income, the Z vector includes 1984 income and the 
occurrence or non-occurrence of three events during the year 1985. Specifically, 
the first event dummy equals one if there is a difference in the number of adults 
present in the household between the year t interview and the year t + 1 interview; 

% this period, average annual inflation was 2.0 percent in Germany. 3.3 percent in the U.S. 
Unemployment rates averaged 8.3 percent in Germany. 7.8 percent in the U.S. Real annual GDP 
growth was 2.4 percent in Germany, 4.1 percent in the U.S. 

7" Equivalence income" is household income divided by the U.S. Census Bureau equivalence scale, 
which adjusts for returns to scale in the production of welfare out of a given income; see Bird (1993). 

'ln neither panel are measures of state-level taxes or  indirect taxes available. 



TABLE 1 

MEDIAN RISK COSTS I N  THE U.S. AND GERMANY 
IMPACT ANALYSIS 

U S .  Germany 
Sample medians of: ($) (DM) 

Welfare cost of market income risk 1,456 2,002 
Welfare cost of disposable income risk 1,150 1,135 
Absolute difference 306 867 
Relative difference (in %) 2 1 43 

N=994 (U.S.), 995 (Germany) 

Sources: Author's calculations from the Michigan Panel Study of Income Dynam- 
ics, 1983-86 (column I )  and the German Socio-Economic Panel, 1983-86 (column 2). 

Calculations are based on a sample of 1,000 market and disposable income densi- 
ties in each country. These individual densities were estimated using the expectations 
model 4 and the N C D  method. The U.S. and German density estimates are based on 
pooled two-year panels with 17,454 and 14,481 observations respectively. 

Asymptotic consistency of the estimates requires that certain pdfs (those whose z 
values have zero probability) be dropped. There were six such densities in the U.S., five 
in Germany. See the appendix for more detail. 

Risk costs were calculated for the remaining densities on the basis of equations ( I )  
and (2) in the text. They assume constant relative risk aversion utility with a coefficient 
of relative risk aversion of 1.5. Currency figures are real 1986 values per equivalent 
person, where the equivalence scale is that implied by the U.S. Census Bureau's poverty 
line. 

it equals 0 otherwise. The second event dummy equals one if the household's 
gross labor earnings in year t + 1 exceed 1.5 times the household's gross labor 
earnings in year t ,  0 otherwise. Household gross labor earnings are defined as the 
sum of all labor earnings of all household members, before taxes. The third event 
dummy equals one if the year t + l gross labor earnings do not exceed 0.5 times 
the year t labor earnings, 0 otherwise. 

4. The Pooled Model with Probabilities of Events. This model also takes 
observed first-year household income as the first conditioning variable. The 
remaining three conditioning variables are estimates of the probability of the 
events defined above. The probabilities are fitted values of probit regressions of 
the event variables on a large vector of socio-demographic characteristics. The 
probit results can be obtained from the author. 

I apply the above methods to estimate risk costs for market and disposable 
income within random subsamples of J =  1,000 households in each country. 
Impact analysis then compares the median risk cost of market income to that of 
disposable income in the same country. Comparative analysis compares risk costs 
in Germany to those in the U.S., for one income type. The results presented 
in Tables 1--4 assume expectations model 4, while Table 5 examines the other 
expectations models. 

Table I presents impact analysis in each country, with median risk costs 
expressed in the respective national curren~ies.~ Redistribution lowers median risk 

 o or reference purposes, the exchange rate at  this time was about $I = D M  2.5. 



TABLE 2 

THE AGGREGATE EFFECT OF REI~ISTRIHUTION ON WELL-BEING IN THE U.S. AND GERMANY 
IMPACT ANALYSIS 

Aggregate Impact: Total Social Difference in Welfare Outcomes 
Between Pre- and Post-Redistribution Income 

Billions of 1986 Currency 

Aggregate Value of 
Country and Aggregate Expected Increased Economic Aggregate Welfare 
Quintile($) Transfer ( M )  Security (R) Change (C) 

u s .  ($) 
Lowest 20% 
Middle 60% 
Upper 20% 

Germany (DM) 
Lowest 20% 
Middle 60% 
Upper 20% 

- Sources: Author's calculations from the-Michigan panel Study o f ~ n c & n e ~ ~ n a m i c s ,  1983-86, 
and the German Socio-Economic Panel, 1983-86. Aggregation based on subsamples of approximately 
1,000 households in each country; see Table 1. Aggregation also based on populations of about 61 
million individuals in Germany and 238 million individuals in the U.S. in the mid-1980s. Quintiles 
determined by e\- post disposable equivalent income. 

costs by $306 in the United States, from $1,456 to $1,150, and by DM 867 in 
Germany, from DM 2,002 to DM 1,135. These figures represent declines of 21 
percent and 43 percent, respectively. Redistribution programs evidently have a 
significant impact on risk in both countries, and the impact in Germany is greater. 
This is not surprising given that social spending is 17 percent of the GDP in 
Germany, and only 8 percent in the U.S. (Ringen, 1987, p. 260). Germany reduces 
risks by (43/17) =2.53 percentage points per percentage-point of social spending, 
while the U.S. reduces risks by (21/8) = 2.63 percentage points. Relative to spend- 
ing levels, then, the U.S. and Germany appear to be equally cost effective against 
risk. 

Table 2 explores the distributional implications of Table I .  It divides the 
sample into quintiles by expected disposable income levels, and then aggregates the 
outcomes within the quintiles. Three outcomes are examined. First, the aggregate 
difference between expected pre- and post-redistribution income measures the 
expected total cash transfer to or from the quintile's membership. Second, the 
aggregate difference between pre- and post-redistribution risk costs measures the 
total value of increased economic security, produced for that quintile by the 
redistribution system. Third, the difference between pre- and post-redistribution 
certainty equivalents, which is the sum of the first and second outcomes, measures 
the overall impact of redistribution on the well-being of the quintile's membership. 
For ease of exposition, I combine the middle three quintiles into one group. 

In the U.S., the redistribution system reduces expected incomes in the upper 
20 percent of the income distribution by $159.5 billion, and in the middle 60 
percent by $29.9 billion. Of these funds, $31.2 billion are transferred to the lowest 
quintile, the rest going for government purchases of real goods (and whose inci- 
dence is unknown). In Germany, the redistribution system removes DM 149.9 



billion and D M  40.6 billion from upper and middle class households, respectively, 
and gives D M  49.9 billion to lower class households. Evidently, both countries 
substantially redistribute expected incomes. 

These transfers increase income security for all quintiles in both countries. 
Two patterns stand out. First, aggregate security benefits are higher for the upper 
quintile than the lower. In Germany, the richest 20 percent of households enjoy 
D M  10.7 billion in enhanced security, while the poorest 20 percent enjoy only 
D M  7.5 billion. In the U.S., the rich get $7.4 billion, while the poor get only $4.6 
billion. This pattern reflects the fact that the rich have more income at risk than 
the poor.'0 Second, the aggregate security effect is so large in the middle quintiles 
that it practically erases the tax burden of redistribution. In Germany, the middle 
quintile pays taxes of DM 40.6 billion but receives reductions in risk costs of 
DM 41.5 billion. In the U.S., the net benefit of redistribution is negative but still 
close to zero. Thus, the redistribution system offers significant returns on the taxes 
it imposes on the middle class. These returns may explain the continued political 
viability of redistribution programs, even given low risk aversion. At higher levels 
of risk aversion, redistribution programs may pay for themselves many times over. 

We get a more specific view of these effects in Figures 1 and 2. I-Iere i have 
broken the sample into deciles and produced security effects (-R), transfer effects 
(M), and total well-being effects ( C =  M- R) per capita within the decile. Figure 
1 shows results for the U.S. We see that the security effects are positive for all 
deciles and are comparable in magnitude to transfer effects for all of the middle- 
income deciles. Importantly, security effects result in net gains in well-being for 
deciles 6 and 7. Looking at the transfer effects alone, deciles 6 through 10 are net 
losers from redistribution. Due to the security effects, however, only deciles 8 
through 10 are net losers, and decile 8 bears only a small net burden. The U.S. 
redistribution system makes a large fraction of the population net winners. 

The story in Germany is similar. For comparability, the German effects have 
been translated into U.S. dollar terms at a rate such that the mean disposable 
income in both countries is the same. We see that security effects are positive for 
all deciles, and are a substantively important part of total well-being for the middle 
deciles (4 through 7). Looking at transfer effects alone, deciles 5 through 10 are 
net losers from redistribution. Unlike the U.S., however, when security effects are 
considered, deciles 5 through 10 are still net losers. The security effects do, how- 
ever, cut the net burden of redistribution by more than 50 percent in deciles 5 
and 6. 

The figures show that the U.S. system does a better job of spreading the 
benefits of redistribution through the middle-middle class and even into the upper- 
middle class, an effect that is consistent with the particular political pressures of 
U.S. social policy formation (Bird, forthcoming 1995). In both countries, however, 
we see strong evidence that security benefits greatly enhance the attractiveness of 
redistribution policy for middle-class voters. 

10 The positive relationship between income and income risk appears regardless of how one ana- 
lyzes the data (Bird, forthcoming 1995). This finding results from the fact that the ex ante standard 
deviation of income is lower among families with low incomes. 



Dollars (000) 

.Security Effect (-R) 

OTransfer Effect (M) 

.welfare Effect (M-R) 

I- -----i-i----1----7--17 

1 2 3 4 5 6 7 8 9 10 
Income Dec~le 

Source. Mich~gan Panel Study of Income Dynamics, 1983-86 

F~gure 1 .  U S .  per Cap~ta Welfare Etrects (by deciles) 

These results should be treated with some caution, however, because they 
ignore two important considerations. First, as impact analyses, they hold behavior 
constant and do not indicate what aggregate income risks would be if redistribu- 
tion policies were actually changed. Second, the figures take no account of effi- 
ciency costs. Table 2 shows only that redistribution currently produces substantial 
gross benefits; it does not demonstrate that the net benefits of redistribution are 
positive at any level of society. 

Table 3 presents a comparative analysis, which can be treated as an estimate 
of the potential effects of policy change. To allow comparison, risk costs are 
expressed relative to expected incomes. In the US., for disposable income, the 
median risk cost is 8.5 percent of the median expected income, while in Germany 
it is only 5.4 percent. For market income, the difference is 10.8 percent vs. 8.2 
percent. Thus, though pre-redistribution income risks are lower in Germany than 
the U.S., post-redistribution income risks are lower still. By switching to a German 
policy system, the U.S. could cut its risk costs by more than one-third. The caveat 
to this conclusion is that the U.S. and Germany differ in many more respects than 
social policy. One would not expect that a wholesale adoption of German policies 
in the U.S. would elicit exactly the same effects. Nevertheless, to the extent that 
the two countries are comparable, these figures suggest that movement toward 
the German system by the U.S. would result in lower risk costs, even after account- 
ing for reactions to the changes. 

Table 4 presents comparative analysis of the distribution of risk costs by 
quintile. In the bottom quintile, income risks are lower in Germany than the U.S. 
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Source: German Socio-Economic Panel, 1983-86 

Figure 2. German per Capita Welfare Effects (expressed in U.S. $, by deciles) 

In the upper quintile, they are higher. Thus, the distribution of income risk is 
more equal in the U.S. The difference is especially evident in the disposable income 
risk costs of the poor. In Germany, risk costs make up only 10 percent of dispos- 
able income in the lowest quintile, while in the U.S. they make up 24.3 percent. 
A U.S. shift in the direction of the German redistribution system would greatly 
increase the income security of the U.S. poor. 

Finally, Table 5 presents evidence on the robustness of the conclusions to 
differences in the expectations n~odel." Results for the event probability model, 
the base case in the preceding four tables, are reproduced in the bottom panel. 
The other expectations models produce substantially different levels of risk cost 
in both countries. The simplest cross-section model, Model 2, produces risk costs 
as much as ten times higher than the time series approach of Model 1 .  The more 
intricate cross-section models, Models 3 and 4, produce risk costs that lie between 
the first two models. Given that low risk costs imply low uncertainty in e.x ante 
income, one can interpret these patterns as follows. Individuals who pay attention 
only to their own ex post incomes (Model I) will generally not perceive much 
uncertainty in their ex ante incomes, and will feel economically secure. Those who 
compare themselves to others who share similar current characteristics (Model 

 h he results have been tested for sensitivity to a number of other choices, such as the risk 
aversion parameter, the choice of kernel function, the bandwidth, and the income determination model 
(Bird, 1993). As with the expectations models, variations in assumptions can powerfully affect the 
level of risk costs, but does not affect their pattern. Thus, the basic relative relationships are unaffected 
by changes in these parameters. 



TABLE 3 
RELATIVE RISK COSTS IN THE U S .  A N D  GERMANY 

COMPARATIVE ANALYSIS 

Welfare Cost of Risk in the Respective 
Income, Relative to the Individual's 

Expected Income, in % 

Ratio of medians in: Market Income Disposable Income 

United States 
Germany 
Absolute difference 
Relative difference (in '%I) 
N=994 (U.S.), 995 (Germany) 

Sources: Author's calculations from the Michigan Panel Study of Income Dynam- 
ics, 1983-86 (line I )  and the German Socio-Economic Panel, 1983-86 (line 2). 

Calculations are based on  a sample of 1,000 market and disposable income densi- 
ties in each country. These individual densities were estimated using the expectations 
model 4 and the NCD method. The U.S. and German density estimates are based on 
pooled two-year panels with 17,454 and 14.481 observations respectively. 

Asymptotic consistency of the estimates requires that certain pdfs (those whose z 
values have zero probability) be dropped. There were six such densities in the U.S., five 
in Germany. See the appendix for more detail. 

Risk costs were calculated for the remaining densities on the basis of equations ( I )  
and (2) in the text. They assume constant relative risk aversion utility with a coefficient 
of relative risk aversion of 1.5. Currency figures are real 1986 values per equivalent 
person, where the equivalence scale is that implied by the U S .  Census Bureau's poverty 
line. 

TABLE 4 

T H E  DISTKIHIIT-ION OF RISK COSTS I N  THF. U.S. ANI )  GERMANY 
COMPARATIVI: ANALYSIS HY Q U I N T I L E  

Welfare Cost of Risk in the Respective 
Income, Relative to the Individual's 

Expected Income, in Percent 
Ratio of medians within 

disposable income quintiles Market Income Disposable Income 

Lowest 20% 
United States 
Germany 
Absolute difference 
Relative difference (%I) 

Middlc 60'% 
lJnited States 
Germany 
Absolute difference 
Relativc difference ( I % )  

Highest 20% 
United States 
Germany 
Absolute difference 
Relative difference ('XI) 

N per quintile: 199 (U.S.), 199 (Germany). 
Sources: Author's calculations from the Michigan Panel Study of Income Dynam- 

ics, 1983-86 (column 1) and the German Socio-Economic Panel, 1983M6 (column 2). 
Nores: Membership in income quintiles is determined by the disposable equivalent 

income of the individual's household in year t .  



TABLE 5 

RISK COSTS I N  THE U S .  AND GFRMANY UNDER ALTERNATIVE EXPECTATION MODELS 
IMPACT ANALYSIS 

Medians of Risk Costs 

Market Disposable Absolute Difference 
Models Country Income Income Difference in Percent 

I. Time series U S .  ($) 749 534 215 29 
Germany (DM) 632 384 248 39 

2. Cross-section U.S. ($) 5,470 5,597 1,493 27 
Germany (DM) 3,977 2,433 3,164 57 

3. Actual occurrence U.S. ($) 2,298 1,562 384 17 
of events Germany (DM) 1,914 1,123 439 28 

4. Probabilities of U.S. ($) 1,456 2,002 306 2 1 
events Germany (DM) 1,150 1,135 867 43 

N: Model I :  U.S. market 994, U.S. disposable 994, German market 995, German disposable 
995. Model 2: U.S. market 1,000, US .  disposable 1,000, German market 998, German disposable 
999. Model 3: U S .  market 1,000, U.S. disposable 1,000. German market 997, German disposable 
997. Model 4 :  U.S. market 994, U S .  disposable 994, German market 995, German disposable 995. 

Sources: Author's calculations from the Michigan Panel Study of lncome Dynamics, 1983-86 
(U.S.) and the German Socio-Economic Panel, 1983-86 (Germany). 

2), however, will perceive a great deal of uncertainty, which is consistent with the 
finding in the inequality literature that within-cell inequality tends to be more 
important than between-cell inequality. Those who focus attention on good pre- 
dictors of income change (Models 3 and 4) perceive only a moderate level of 
income uncertainty. Overall, the expectations model has a powerful effect on the 
perceived level of economic risk. 

Nonetheless, these differences d o  not greatly affect the patterns of income 
risk within countries. Across the various models, redistribution reduces risk costs 
by between 15 and 30 percent in the U.S., and by between 30 and 60 percent in 
Germany. Regardless of expectations, the tax-transfer system significantly reduces 
risks, and the German system has the stronger effect. 

VI. DISCUSSION 

Any conclusions drawn from these figures are subject to a number of cautions. 
First, the results rely on a large number of methodological assumptions, not all 
of which have been varied for sensitivity analysis. As a result, the patterns are 
not conclusive; their character is more exploratory than final. Second, the two 
analytical approaches are both subject to important reservations about reliability. 
The first, impact analysis, holds behavior constant in attempting to estimate the 
impact of redistribution programs. Clearly, however, behavior would change were 
redistribution programs changed, hence the generality of any patterns revealed 
by impact analysis is very limited. The results should be treated as an analysis of 
the current state of affairs, with no implications for hypothetical counterfactual 
worlds in which policies change. The second approach, comparative analysis, can 
be treated as a meaningful analysis of policy counterfactuals, if the two countries 
are identical. Germany and the U.S. are not identical, however, and the reliability 



of any patterns observed here depends on the degree of similarity between them 
at relevant points. 

Nevertheless, the results support several broad conclusions. First, in both the 
U.S. and Germany, the redistribution system has an important impact on income 
risk. The benefits of risk reduction may be so large among the middle class that 
they explain the political support for redistribution programs, even given a low 
level of risk aversion. At higher aversion levels, redistribution programs may 
generate economic security in such amounts that even the deadweight costs of the 
programs are more than offset. If this is not the case, the security effects may still 
bring the net material costs of redistribution programs close enough to zero that 
the altruistic impulses of the voters are sufficient to give redistribution a winning 
measure of political support. Indeed, despite the sense of hostility that has sur- 
rounded them in recent years, transfer programs in both Germany and the U.S. 
have largely avoided dramatic cuts (as of this writing). Income security effects 
help explain why. 

Second, a move by the U.S. toward a German redistribution system would 
be accompanied, in all likelihood, by a decrease in the welfare cost of income 
risk, even after accounting for behavioral reactions. The decline would be 
especially dramatic among the poor. Whether such a shift would be worth the 
added efficiency cost is unknown. The social value of risk reduction depends on 
risk aversion, and to some extent also on the altruistic impulses of the voters. 
Nevertheless, the German case demonstrates that real material gains are available 
for the U.S. 

Third, the patterns show that the social benefits of redistribution policies 
cannot be reduced to their effects on poverty. Anti-poverty effects are important 
and should not be ignored, but the anti-risk effects are large enough to deserve 
attention as well. Further, they are important largely in the middle of the income 
distribution, to people who may never receive a cash benefit from any welfare 
program. Benefits for the middle class play an important role in the political 
economy of the welfare state (Goodin and LeGrand, 1987). 

A. Nonparametric Conditional Density Estiinator 

The nonparametric conditional density (NCD) estimator applies kernel esti- 
mation techniques and Bayes' Rule to estimate a density function g ( u l Z = z i )  on 
a sample of observations u ,  and z , ,  i =  I ,  . . . , N. Bayes' Rule implies: 

The denominator is the marginal density of one point, 2 , .  The numerator is the 
joint density of this z value and a one-dimensional random variable u. If g, is not 
zero at z,, a consistent estimator of the numerator, divided by a consistent estima- 
tor of the denominator, will itself be consistent. Thus, the problem has two steps. 
First one estimates the single point density in the denominator and checks that it 



is not.,zero. (If it is zero, no estimate is made.) Then one estimates the one- 
dimensional density in the numerator, and divides. 

While one could apply any density estimation method to these two problems, 
I take a kernel approach. A kernel estimator can be applied to any joint density 
problem, and has the feature that each point in the joint density is estimated 
individually. Thus, the estimate of g2 is a joint density estimate conducted for the 
point z;.  The estimate of g, is a sequence of joint density estimates for points 
{ u I r  z i ) ,  {u*, z; ) ,  . . . , {uQ, z ; ) ,  where uj,  j= 1, . . . , Q are a set of chosen values 
from the support of u. Each of these point estimates is made individually via the 
kernel method. 

The general formula for the kernel method is as follows. Let X be a d- 
dimensional i.i.d. random variable with pdf g ( . ) ,  and let there be observations 
x i ,  i= 1, . . . , N, from X. Let a be a point on the support of X. The kernel estimate 
of g(a )  is: 

where h is a small number called the bandwidth and K ( . )  is a function which 
integrates to 1. Both bandwidth and kernel function may be chosen by the 
researcher. The estimates in this paper use an Epanechnikov kernel and a band- 
width of h = 2.83. The Epanechnikov is an error-minimizing kernel formula (see 
Silverman, 1986, p. 43), and it has the following form: 

where d is the dimension of the point being estimated, cd is the volume of the d- 
dimensional unit sphere, and I ( - )  is the indicator function (I= l if the logical 
statement within is true, I = 0  otherwise). 

The bandwidth is chosen visually, by comparing pdf estimates produced by 
different bandwidths and choosing the bandwidth that provides a smooth pdf but 
does not completely smooth out important features. The visual selection process 
is common in the literature and is necessary since there is no way of determining 
the proper bandwidth without knowing beforehand the exact density being estima- 
ted. Sensitivity analysis shows that welfare analysis similar to that done here is 
invariant to the bandwidth choice over a large range of values centered at 2.83 
(Bird, 1993). The data are pre-whitened so as to have a unit variance-covariance 
matrix (i.e. to cause the shape of the "box" drawn around an estimated point 
to conform to the shape of the data); the process is known as the Fukunaga 
transformation of the kernel estimator. The Fukunaga estimator is (Silverman, 
1986, p. 78): 

where S is the covariance matrix of x, d is the dimension, and the function k( .  ) 
is related to the kernel function by k(x'3) = K(g). 

The estimation makes use of the sampling weights provided in the PSlD and 
SOEP to account for differential sampling probabilities in both surveys. 

424 



B. Construction of Variables; Probit Regressions 

The source of uncertainty in the paper's income model is the shock term E ,  

estimated in each period by the change income y , , ,  - y , .  Four years of annual 
data from both panels, for the years 1983-86, yield three two-year panels, 1983- 
84, 1984-85, and 1985-86. These are pooled. For the PSID, each year has 5,818 
observations and the pooled data has 17,454 observations. For the SOEP, a 
year has 4,827 observations and the pooled data has 14,481 observations. An 
observation consists of an E and a z,  where z is an information vector. For any 
E defined as income change from t to t + I, the corresponding z observation is 
taken from period t .  One element of the z vector is always period-t income, y , .  

The other three elements are the event probabilities as described in Section 111 of 
the text. These are estimated with the probit method on the pooled data, and 
tables reporting the probits are available from the author. 

Pooling assumes that all the years were similar, a reasonable assumption 
given that macroeconomic conditions and economic policy did not change greatly 
in either country between 1983 and 1986. Significant effects of TRA 86 in the 
U.S. were probably felt by 1987, which limits the length of the panel. Pooling 
also overstates accuracy. A pooled sample of N observations implies less accuracy 
than a random sample of N observations. Fortunately, the accuracy of individual 
density estimates is not a serious issue, given that what we report in Tables 1-4 
are not density estimates themselves but rather medians of functions of densities. 
That is, we create a large sample of densities and then calculate a characteristic 
of each (the risk cost); then we report the sample median of this characteristic. 
The accuracy of the risk cost estimate is determined solely by the sample size in 
this step (I ,000), not the sample size of NCD estimates. Put another way, whatever 
error is present in the NCD estimator will appear as part of the standard deviation 
of the risk cost. Hence pooling at the NCD stage is not critical. In any case, even 
at the NCD stage, we have far more observations than would appear necessary; 
simulation evidence in Silverman ( 1  986) suggests that only 4,000-5,000 observa- 
tions achieve reasonable accuracy for this type of problem, and we have over 
14,000 observations in both samples. 
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