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Abstract. This paper considers the use of statistical profiling to allocate persons to
alternative options within government programs, or to participation or non-
participation in programs. Profiling has been used in the United States to allocate
unemployment insurance (UI) claimants to reemployment services based on the
predicted duration of their UI claim. We place profiling in the context of the
choice among alternative assignment mechanisms. Different mechanisms have
different costs and benefits — any one mechanism, whether profiling or something
else, may not be optimal for every program. Within profiling systems, we high-
light the need for clarity regarding the objective of the assignment mechanism,
e.g. equity or efficiency, and we discuss situations in which equity and efficiency
goals may conflict. In relation to UI profiling in the United States, we provide
empirical evidence from the state of Kentucky on two important questions. First,
we demonstrate that it is possible to effectively predict the duration of Ul spells,
but that effectively doing so requires using more covariates than many US states
presently do. This finding is important because effective prediction of the proﬁlgng
variable is a necessary but not sufficient condition for the success of a profiling
system. Second, we show that the impact of reemployment services does n(_)t ap-
pear to vary with expected duration of the Ul spell, indicating that Ul proﬁlmg-m
Kentucky does not advance the goal of efficiency, though it may advance equity
goals.
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1 Introduction

Several alternative mechanisms exist for allocating go.vern{ne{lt .beneﬁts z:ini(fif;l;lr;
gations. Among them, statistical profiling, whic_h assigns mdmduals tohas ey
programs based on predicted outcomes or predicted program 1rr'1;.>actls,Th. oY
attracted substantial interest in the policy and research commumtfes. 1}? E;i Spm
considers the question of how to evaluate profiling as an allpcatlon mecha fO;
within the context of the choice between alternative a_llocatlon mechamsrr:;mi-
specific government programs. We argue that in tl}c midst of the .recen;‘ er:1 sk
asm for profiling in North America, too little attention has been paid to the desig

and evaluation of these systems, with the result that they may not accomplish all
that they could.

We place our discussion within the specific context of the use of profiling in the;
United States to allocate mandatory reemployment services to unemploymen
insurance (UI) recipients. In this program, data are collected on all persons start-
ing a new spell of unemployment. These data are then used to predict each ’Iggrs
son’s probability of exhausting his or her unemployment insurance benefits. l_
prediction comes from a model estimated using data on the observable character
istics and Ul benefit receipt durations of earlier cohorts of recipients. Those new
claimants whose observable characteristics indicate a high probability of {)emﬁﬁt
exhaustion must then either participate in the mandatory reemployment services of
give up their benefits. The services themselves can be interpreted either as a valu-

able opportunity to learn new employment-related skills, or as an in-kind tax on
the leisure of the UI claimant.

Although we will consider the issue
within the context of the UI profil
pletely general. Any government
have some allocation mechanism t
not. In practice, these mechanis

of evaluating a statistical profiling mechanism
ing program, the issues raised here are com-
program that does not apply to everyone must
0 determine who participates in it and who does
ms vary widely across programs. In some cases.

Recent work in ¢conomics related to statistical treatment rules includes Black, Smith,
Berger and Noel (2000

). Dehejia (1999), Manski (1999,2000), and O Leary, Decker
and Wandner (1998). .
Inthe US,, eligibility for UI benefits depends on having eamned a specific amount if
the first four of the five quarters prior to the claim. This minimum earnings level var;
ies by state, with some states aiso requiring a certain number of weeks of employmen
in that period. The weekly benefit amount depends on previous earnings. In general
workers are elj weeks of benefits. Workers who quit their job 0 r
ify for UL In general, the alternative social aSSlZl
ary Aid to Needy Families, food stamps, and gener ]
' Ul or when Ul has been exhausted are not very gen
erous, particularly for persons withoyt children. See Storey and Neisner (1997) for
moret Qetmls and a comparison of the US. Ul system with those of the other G-7
countries.
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the allocation depends on deterministic rules, as in means-tested transfer programs
or affirmative action programs that depend on membership in specific demo-
graphic groups. In other cases, service allocation depends on the discretion of
government employees, perhaps within limits set by program eligibility rules.
Many government job training programs around the world employ this allocation
method, with government caseworkers, usually in consultation with the potential
trainee, deciding on what, if any, program services to provide. The literature ex-
presses great concern about this allocation method due to the possibility of cream-
skimming, which occurs when caseworkers choose to serve those most likely to
do well even without the program’s help, usually with the goal of improving the
program’s performance relative to a performance management system.3

Statistical profiling represents something of an intermediate case between deter-
ministic rules and caseworker discretion. It attempts to finely differentiate among
potential service recipients but in a deterministic way. Making the right decisions
about how to allocate services in various program contexts requires an under-
standing of how profiling works and the ability to evaluate its effectiveness as an
allocation mechanism.

The two key issues that determine the effectiveness of a profiling system are the
choice of the profiling variable — that is, the variable whose predicted value will
determine the allocation of services — and the choice of variables to use in pre-
dicting the profiling variable. The optimal profiling variable depends critically on
the social goal or goals underlying the profiling. A program whose primary goal in
the allocation of services is equity — say, serving those most in need ~ will likely
require a very different profiling variable than one whose goal in the allocati.m.l of
services is efficiency — serving those with the largest net benefits from participa-
tion. In particular, there should be a strong relationship between the profiling
variable and the social goal that the profiling mechanism exists to serve. In the
case of UI profiling, for example, if the social goal is efficiency, then the expec‘tefi
duration of UI benefit receipt is a good choice for a profiling variablct, only. if it
varies positively with the net impact of the program. More generally: if achieve-
ment of the social goal of the program does not depend much on who is se.rved, .as
in a program that has the same (or no) impact on everyone, then profiling will
likely not be the preferred allocation mechanism.

The choice of variables to profile on also depends on the availabil'ity of good data
to use in constructing predicted values. For example, if tbe available data. doa
poor job of predicting individual impacts from service receipt, then attemptmg to
profile on the basis of expected impacts will do little to enhance the cft?xcnency of
the service allocation mechanism. Profiling makes little sense if the available data
lack the ability to sort persons based on the profiling variable.

3 See Heckman, Heinrich and Smith (1997) and Heckman, Smith and Taber (1996) for
further discussion and evidence on the empirical importance of cream-skimming.
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One important theme of this paper is that the problem of evaluating profiling as an
allocation mechanism and the problem of evaluating the impacts of the service
being allocated by profiling are conceptually and practically distinct. A prgﬁlmg
system (or any other system of assignment to services) might do a good Jobiof
allocating an ineffective service or it might do a bad job of allocating an effective
service. To make this distinction concrete, assume that efficiency is the goal of the
allocation. Consider first an ineffective job training program that reduces the
earnings of its participants by consuming time that would otherwise have been
spent on useful job search. If the extent of the earnings reduction for each partici-
pant depends on his or her observable characteristics, and if the profiling mecha-
nism uses those characteristics to assign the program to those with the smallest
earnings reductions, then it has done a good job of allocating a bad program. Sec-
ond, consider a program that increases the earnings of women by more than the
earnings of men, but costs the same amount for all participants. A profiling

mechanism that does not assign more women than men to this program has ineffi-
ciently allocated participants to a good program.

In Section 2 of the paper, we consider the problems of choosing an allocation
mechanism and of evaluating profiling as a mechanism of service allocation at a
conceptual level. In Sections 3 and 4 of the paper, we consider the evaluation of a
particular profiling system. We use as our example the profiling of new UI claim-
ants in the state of Kentucky to receive mandatory reemployment services based
on their expected duration of Ul receipt. We argue, contrary to some of the recent
literature, that it is possible to predict expected durations of UI receipt. Doing so,

however, requires utilizing a fairly rich set of variables measuring past earnings,
Past employment and local economic conditions.

In Section 4, we evaluate UL profilin,
goal is efficiency. Our evidence sugg

particularly effective means for ach
main points.

g in Kentucky under the assumption that its
ests that the current profiling system is not a
ieving this goal. Section 5 summarizes our

2 Theoretical issues in the design of profiling systems

This section first considers the
methods fi

. general problem of choosing among alternative
r allocating governme

: : nt programs. Within the context of this import.ant

f;:tefa Pftoglehm, 1t then examines key issues in the design of statistical profiling
ems at both a general level and in 1 i ling in the

United Starer he specific context of Ul profiling

4 .
This example js 1ot as unlikely as it m;
( 19?3{) Teport negative €xperimental j
Training Partnership Act (JTPA) pro

ght seem. Bloom, Orr, Cave, Bell and Doolittle

mpact estimates for young men in the U.S- Job
gram.
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2.1 Choosing the optimal assignment mechanism

We begin by defining some notation. Let je€ {l,...,J} index the individuals in the
population of interest. Let X, denote a vector of observable characteristics of
person j and let 7, € {1,...,L} denote the treatment assignment for person j. This
notation allows for the general case of programs that provide multiple options. For
example, in the context of a job training program, we might have T =1 for non-
participation, T =2 for job search assistance, T =3 for subsidized on-the-job
training and T =4 for classroom training. In the context of our UI profiling ex-
ample, there are two options: regular UI and Ul plus a requirement to participate
in reemployment services in order to continue receiving benefits.

Now consider the three basic mechanisms for allocating government programs in
terms of our notation. A deterministic system allocates programs based on the
observed characteristics of individuals, such as their earnings, age, geographic
location or race. Such a system constitutes a mapping ¢ from X to T, or

#X): X >T.

Let {T, ,,; } denote the resulting allocation.

In contrast, a profiling system assigns persons based on their predicted values of
the profiling variable. For example, in Ul profiling it is based on the estimated
probability of benefit exhaustion in some states and on the predicted duration of
UI benefit receipt in others. Call the profiling variable Q and its predicted value
Q(X), where X is again some (probably different) set of observable v.aria‘bles
related to each individual. In such systems, the profiling assignment rule is given
by

T(Q(X)): (X)) > T.

Let {Ti_pROF} denote the resulting allocation.

Once the predictive model has been estimated profiling also represents an alloca-
tion scheme that is a deterministic function of X . The distinction between the two
systems centers on the role of the intermediate profiling variable Q and thc. fact
that the role of the X ’s in the allocation process depends on their relationship to
Q rather than being determined directly through a political decision process.

The final allocation mechanism is caseworker discretion. In our notation, we can
describe this allocation as {T, ). We assume that the caseworker allocati.on does
not depend deterministically on X , though of course caseworkers are likely to
take into account at least some X ’s in making their allocation decisions. .Ca}sc
workers may also take into account other variables W representing characteristics
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of the individuals being assigned or of the local economic and social environment
that they observe but that are not available for use in implementing either determi-
nistic treatment rules or profiling. Examples of W variables would include the
motivation shown by the individual in meetings with the caseworker or detailed
knowledge of local service providers. It is, of course, the potential importance of

these W variables to the allocation process that makes caseworker discretion a
reasonable alternative for some programs.

Following Manski (1999), the choice among alternative treatment mechanisms
then collapses to a comparison of the sets of outcomes implied by them. In con-
ceptual terms, the outcomes are evaluated based on some measure that corre-
sponds to the goal of the allocation process. Let S be this measure, which could
be, among other things, GDP, an equity measure such as a Gini coefficient or
some index of group equality, or some combination of these. The socially optimal

allocation mechanism produces the maximum value of § among the available
alternatives.

To make this all concrete, consider the following example of a program in which

there are two treatments, participation and non-participation, corresponding to
T=1 and T =0, respectively. If the goal of the program allocation process is
maximization of GNP net of program costs, then the preferred allocation mecha-
nism s the one that assigns the program to those who benefit the most from it, net
of program costs. Let Y, denote earnings net of program costs conditional on
participation and ¥, denote earnings conditional on non-participation. Assume .
:ihat the program affects earnings and nothing else and that the impacts do not
r:epc (:::1.0“ t'he sca.le of the program. In this case, if the goal of the allocation
1sm s efficiency, we can let § equal the sum of realized earnings. Then

Sper = ;[Yij.DEr + Yo(l—Tj,DI:T)]

is the realized s g .
profiling ans fvalue of S for deterministic allocation. The realized values of S for

or caseworker discretion are d i ’
. . ) efined analogously. The optimal allo
cation mechanism provides the maximum value of §.5 N ’

22 T i

wo key issues that affect the effectiveness of profiling
This sub-section considers
System: what variabje 0t
use in predicting Q. Ag

the two key issues in designing an effective profiling
(;) use as the profiling variable and what variables X t0
ressing these questions can be considered the initial

5 .
In this case the optj
s mal H .
oneelseto T =0.p allocation assigns persons with Y1>Yo to T =1and every:
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stages in a multi-stage optimization process that leads to the choice of the optimal
allocation mechanism for a given program.

First consider the question of what variable to profile on. Suppose that there is a
set of candidate profiling variables, Q,,k=1,...,K, and that for each Q, the
problem of which X to use as predictors (to which we will turn shortly) has al-
ready been solved. Thus, for each Q, we have available predicted values Q(X)to
use in profiling, where the X may differ across profiling variables. Let the pro-
gram being allocated be T =1 while the baseline, no-program state is denoted
T =0, and let {T,} be the allocation associated with profiling variable & .

Suppose that the goal of the profiling exercise is efficiency; that is, the aim is to
assign the treatment so as to maximize the sum of the outcomes, just as in the
example in the preceding subsection. Assume too that program costs are equal
across persons and that the program only affects earnings. Then the choice prob-
lem is quite similar to that just considered, only the choice is now over profiling
variables rather than over allocation mechanisms. In terms of our notation, the
optimal choice of profiling variable £ becomes

kopr = arg max {EYJ.} where Y, =T;,Y, +(1-T; )Y,,
k j o B

where Y; again denotes earnings with treatment net of program costs and ¥, again
denotes earnings without treatment. In words, the optimal profiling variable is the
one that maximizes the attainment of the goals of the allocation mechanism. For
example, if the goal is efficiency then the optimal profiling variable is the one
whose allocation of the program maximizes the total net impact of the program. If
the goal is equity as defined by a Gini coefficient, then the optimal choice of pro-
filing variables is the one that maximizes the Gini coefficient.

The optimal choice among the candidate profiling variables may depend on the set
of available predictor variables X . Changing the set of available X ?‘?‘fld change
the optimal choice from among the Q, by altering their relative abll{tlcs to sort
among persons based on their contribution to the goals of the allocation mecha-
nism.

Now consider the second key issue: what X to use to predict eagh Q, S$In prac-
tice, X is often given, and the question becomes the extent to which the avallat?le
X do a good job of predicting each candidate g, . If the available .X do .not predict
a particular potential profiling variable Q, very well, then O, is unlikely to be
selected as the optimal ( in the optimization problem just described. Put some-
what differently, profiling on @, when the covariance between @, and Q,(X)

6 Selection between alternative functional forms may also be an isgue. We_ abs3tract from
this issue here but discuss it briefly in the context of UI profiling in Section 3.
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lies close to zero will do little to advance the goals of the program allocation
mechanism.’

The remainder of this section considers issues related to the interaction between
the goals of the treatment allocation and the choice of the profiling variable. We

revisit the issues considered in this sub-section in the context of Ul profiling in
Sections 3 and 4 below.

2.3 The fable of the benevolent bureaucrat

Consider a government bureaucrat who wishes to do good. In our example, the
bureaucrat has the job of deciding how to allocate reemployment services to un-
employment insurance claimants, but the issues she faces are completely general.
In allocating government services, goals such as equity in service allocation or
service to particular subgroups such as youth, minorities or transfer program par-

ticipants will often conflict with other goals related to efficiency or to the size of
the program budget.

In our example, the bureaucrat wishes to both help the unemployed and reduce
expenditures for the Unemployment Insurance (UI) system. Our bureaucrat has
alfeady learned one important lesson: she has clearly defined the goals that she
Wlshes' to advance though the allocation of services. Clarifying the goals of the
allocation mechanism allows its design to proceed with the goals in mind. Know-

ing \yhat the goals are also makes it possible to evaluate the allocation mechanism
relative to those goals.

Ogr bure.aucrat hopes that the services she allocates will improve the job search
sknl_ls or increase the job readiness of those who receive them, thereby speeding up
their return to work and perhaps increasing their earnings when they get there. Of
course, a speedier return to work also reduces the amount that the Ul system
spends on benefits. Much to her dismay, however, our bureaucrat cannot offer the
reemployment services to everyone: her budget is insufficient.

As in all economic problems, our b

1o some recipients, she denjes slots
believes that the duration of

ureaucrat faces a trade-off. By allocating slots
to other recipients. Suppose that our bureaucrat
their welfare: the longer the ; P?lrson’s unemployment spell is a good indicz?to‘r of
Helping long-term reoroi spe 'of L.memp_loyment the worse off is the rec1ple{1t-

recipients, which is desirable on equity grounds, may conflict

with the objective of limiting th i i
desirable for political or effg ¢ expenditures of the UI system, which may be

crat T o POl iciency reasons. In terms of our notation, the bureau-
e Z etween two potential Q,’s , one representing the duration of
y and the other Tepresenting budgetary savings.

Manski (1999) invest
stigates iti T i
treatment without the Betes the conditions under which it may be better to assigh

use of any profiling variable.
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To see the trade-off, suppose that there are two types of recipients: those who take
15 weeks to find a new job and their worse-off counterparts who take 30 weeks.
Our bureaucrat may wish to target the reemployment services on the long-term
unemployed for equity reasons. Because unemployment benefits in the United
States are limited to 26 weeks, however, by doing so she may be limiting the im-
pact of the services on UI expenditures. If there is a common effect across all
recipients of, say, seven weeks, then targeting the long-term unemployed will cost
the system money. Each long-term UI recipient who receives services saves the
system only three weeks of benefit payments, compared to a full seven weeks
saved for each short-term recipient served. Whether or not our bureaucrat decides
to target the long-term or the short-term unemployed will depend on how she
trades off between helping the worst off and saving the Ul system money.

Keeping with our example, however, we can further complicate our bureaucrat’s
life. Suppose that the impact of treatment depends, in some nontrivial way, on the
characteristics of the unemployed. This complicates things because our bureaucrat
does not necessarily know what characteristics are associated with the program’s
effectiveness. Even if she does have this information, additional complications
still arise.

Consider three simple but informative cases. First, suppose that those with longer
spells of unemployment have larger treatment effects than those with shorter
spells. In this happy situation, our bureaucrat’s desire to help those with the great-
est need is reinforced by the heterogeneity of the treatment effect. This does not
necessarily completely eliminate the conflict between the desire to help the long-
term unemployed and the desire to reduce expenditures. Suppose, for example,
that reemployment services reduce the duration of unemployment by nine weellcs
for the long-term unemployed. In this case, each long-term recipient served still
saves the system only five weeks of benefit payments relative to the full seven
weeks saved for each short-term UI recipient served.

In the second case, we exacerbate the conflict by supposing that those wit}a the
shortest spells have the largest treatment effects. Now our bureaucrat’s desire to
help those most in need strongly conflicts with her desire to save the government
money.

These two cases, and the third case that follows, illustrate another general lesspn
from our fable: tradeoffs between alternative social goals in designing_proﬁlmg
systems are likely to be empirically important. Related to this, t'h('a fable 1l!ustra'tcs
that the form and extent of these tradeoffs may depend on empirical relationships
between the impacts of the program being allocated and the cquity-relat.ed ci?ar-
acteristics of potential participants. Learning something al?out these relat10n§hxps,
such as the one between the impact of reemployment servncc.:s? and the dl'xrauon of
unemployment in our fable, then becomes a necessary con.dn.lon for setting up an
effective profiling system (or for incremental reforms of existing systems).




68 M. C. Berger, D. Black, J. A. Smith

In the third case, suppose that the effect of the program varies by some other char-
acteristic, Z . To keep things concrete, suppose that recipients with large values of
Z have larger reductions in the duration of their unemployment spells than re-
cipients with small values of Z . For long-term unemployed workers with large
values of Z, there is no conflict between our bureaucrat’s two objectives. For
smaller values of Z , however, the conflict arises once again. Should our bureau-
crat provide services to long-term unemployed claimants with low values of Z or
short-term unemployed claimants with high values of Z ?

To illustrate the trade-off, suppose that our bureaucrat chooses to minimize the
expenditures of the UI system. In this case, she simply orders the recipients by
their Z values and then picks the cutoff point, say Z™, so that she just exhausts
her budget by serving all recipients with Z > Z" . Put differently, she implements
a deterministic allocation mechanism based on Z . Of course, because our bureau-
crat prefers to serve the long-term unemployed, she is willing to give up some of
those cost savings to indulge her taste for helping the more needy. Toward that
end, define the values Z% and Z* for short-term and long-term recipients, respec-
tively. Choose these values so that they correspond to the two recipients, one long-
term and one short-term, whom she is indifferent between serving, given that she
serves the persons with the highest Z values first within each subgroup. It is easy
to show that Z° >Z" > 7", or that she discriminates toward treating the long-
term recipients. Similarly, it is easy to show that the number of short-term recipi-
ents in the interval [Z",Z*] must equal the number of long-term recipients in
[Z°,Z"}. The difference in expected Ul benefit payments to these two groups
reflects the costs of letting our bureaucrat indulge her taste for helping the long-
term unemployed.

In terms of our notation

, in the third case our bureaucrat defines a variable
Requal to a weighted a

verage of each claimant’s expected duration of unem-
ployment and Z and then adopts a deterministic rule based on R . That is, if we let
L{ equal the duration of unemployment, our bureaucrat allocates services determi-
nistically based on R = RU,Z).

In practice the duration of unem
represent the predicted impact o
consists of profiling based op a
profiling variables: unemploym
mechanism illustrates the third
multiple goals guide the allocat
erage of variables related to the
mise. Such a compromise has t

ployment is unknown in advance, and Z mi'ght
f services. In that case, the allocation mechanism
weighted average of the predicted values of tW0
ent duration and the impact of services. T'h‘s
general lesson from our fable: in cases in which
ion of services, profiling based on a weighted av-
various goals may represent an effective COH}P::;
! he virtue of maki ici relative weig
assigned to the various goals in 5 way that il:?g:(rlnniigezgllec\:otrll‘;rs of the various
ﬁgils and then allowing them to use their discretion in trying to meet them does
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2.4 Lessons from the fable for the current Ul profiling system

Our fable provides some stark commentary about the design of the current Ul
profiling system. The current program offers substantial leeway to the states in
terms of the predictive variables (the X ’s) to include in the profiling model. At
the same time, it requires states to use benefit exhaustion or expected benefit du-
ration as the dependent variable — so that states must profile based on this out-
come. There is no allowance for profiling based on the expected impact of the
reemployment services, or on some combination of expected spell duration and
expected impacts.

Such a program may be justified in a couple of different ways. First, the program
administrator may be concerned only with helping the long-term recipients and
not place any value on reducing UI expenditures. In such an environment, we may
ascertain the opportunity cost of helping the long-term unemployed by comparing
the savings resulting from the current profiling system to the savings that would
result from a profiling system that allocated services based on expected benefit
reductions.

From our conversations with people involved with the program, however, we get
the impression that they do not perceive a conflict between helping those most in
need and reducing UI expenditures. To avoid such a conflict, however, two condi-
tions must hold. First, it must be the case that we can use the length of unemploy-
ment spells as a welfare indicator for recipients. If short-term unemployed persons
are worse off than long-term unemployed persons, then concern for helping those
most in need would require directing services toward short-term recipients. Sec-
ond, it must be the case that the effect of reemployment services for the long-term
unemployed exceeds that for the short-term unemployed. Because many of the
weeks that the long-term unemployed remain unemployed occur after they have
exhausted their 26 weeks of benefits, to generate at least comparable cost savings
the long-term unemployed must have a larger effect of services.

Are these conditions true? Obviously, the second condition is one that we may
verify or refute with data. Section 4 presents some initial evidence on this ques-
tion. In contrast, assessing the validity of the expected length of the unemploy-
ment spell as a welfare indicator is more problematic. Because we do not observe
economic welfare, we must make inferences based on theory. What does the eco-
nomic theory of job search tell us about the relationship between _the .unemploy-
ment spell duration and economic welfare? We address that question in the next
subsection.

Machin and Manning (1999) discuss the trade-off between focusing policy on the
short-term unemployed and the long-term unemployed in a European context.
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2.5 When does profiling on expected duration improve equity?

Search theory tells us that the relationship between unemployment sgell dl}l,ratfls:
and welfare depends on the source of the variation. To see why, consider t ;35 o
lowing simple search model. Let wages be given by w= U+ke, where‘ p..b o
mean, € is a mean zero error term with density function f(g) and distribu

function F(£), and k is a constant initially equal to one. Each firm that an unem-

i e
ployed person visits during his or her search costs c. Letting V; denote the valu
function for searching the ith firm, we have:

oo

V= wf(E)ds+8F(w'k_u)Vi+1—c,

©

(W, ~u)k

. . . : I
where 8 is the individual’s discount factor and w, is their reservation wage

. . . - = or
we assume that the search process is stationary in the sense that V, =V, =V fi
all i, then we may rewrite equation (4) as

Jm wf(€)de—c

y =2k

. )
l_sp(u]

k

. . o i r
Each unemployed person will select a reservation wage that maximizes his or he
value function. The necessary con

dition reduces to
V3-w, =0. ©)

Using equation (6), we may consider the impact of an increase in the mean of the
wage distribution, ., which yields

0<—L «1. N
M

Define ¢, =W, ~w)/k and notice that e
The expected number of search:
A reduction in €,

searches and the len
better off and shorte

quation (7) implies that d€,/ dP-<9'
es to find an acceptable offer is simply [1-F(g)] -
herefore, a reduction in the expected number of
gth of time unemployed. This leaves the unemployed person
ns the expected duration of the unemployed spell. This occurs

€ in the mean of the Wwage offer distribution increases the op-
portunity cost of waj

implies, t|

ected duration of the unemployment spell as a welfare
measure.
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Now suppose that we increase k. This increases the dispersion in wage offers
without increasing the mean. Again, using equation (6), we have

dw,

dk

>0. 8)

Thus, unemployed persons respond by increasing their reservation wages, which
implies that €, has also increased and therefore [1- F(e,))" has increased as well.
The increase in & increases their welfare, but also increases their expected duration
of unemployment. In a world in which persons differ only in the dispersion of
their wage offers, therefore, unemployment duration perfectly correlates with
welfare, but those with shorter spells are worse off.

We do not need to rely on differences in the distribution of wage offers to generate
differences in welfare. Suppose that unemployed persons face the same distribu-
tion of wages, but differ in their search costs, perhaps because some of them find
the leisure associated with unemployment more appealing than others do. Again,
using equation (6) we have

e o, ©)
dc

In response to an increase in ¢, the unemployed decrease their reservation wages,
which means that €, and [l-F(g,)]" also decrease. Once again, the expected
duration of unemployment is positively associated with welfare.

In the complexity of actual markets, of course, unemployed people undoubtedly
differ in their search costs, the means of their wage offer distributions, and the
dispersion of their wage offer distributions as well. Inferring welfare frpm the
- expected duration of unemployment spells in such a world is extremely dl.fﬁcult.
Indeed, the relationship need not even be monotonic. Thus, while targeting tbe
long-term unemployed for assistance may constitute a sensible objective if equity
is the primary goal of the UI profiling, it remains to be shown empirically whether
targeting the long-term unemployed improves the equity of the Ul system.

3 Profiling in practice: can long-term unemployment
be predicted?
In this section® we return to the second of the two key issues that underlie the

effectiveness of profiling systems: what is the best way to use the available X to
predict the profiling variable. We consider this issue in the context of the de-

This section draws on Berger, Black, Chandra and Allen (1997).
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velopment of UI profiling models in different states in the United Sta;};s,ils);\z;nii
particular attention to the model developed in the state of Kentuckty.l;l‘ 1sllocation
important because a profiling system will not advance the goals of the a

mechanism if the available X do not sort people as a function of the profiling vari-
able.

In June 1994, the Commonwealth of Kentucky, along with Delf':lwalre, P;ll(:;id:r;
New Jersey, and Oregon, was selected as a prototype state fqr the 1mpdemr<z) iding
of a system of profiling unemployment insurance (UI) claimants and p o
them with reemployment services. In most cases, Kentucky prOV‘ldCS ona}t'mem
intensity reemployment services. Almost all claimants profiled into tri o
receive an assessment of their skills and interests. Claimants assegsed to be zjmd
ready” receive limited services such as referrals to employers f(?r mterv1e;vrsv e
Job search workshops. Claimants not found “job ready” may receive these s "
as well as referrals to education and training opportunities, such as short occll;gllt
tional training courses at community colleges. Noel (1998) documents that a

. . ; such
10 percent of Kentucky claimants profiled into services were referred to
opportunities.

The Center for Business and Ec
Kentucky was given the res
Profiling Model (KPM). T
benefits that claimants wil
plemented with data from
The claimant data from t
ceipt as well as on past e
mine both eligibility for

onomic Research (CBER) at the University Ef
ponsibility for developing and estimating the KentucU}I’
he model predicts the fraction of their 26 weeks of :
| use up. CBER used five years of claimant data SuPl
other administrative data sources to estimate the model.
he UI system include information on past Ul .beneﬁt rc:
arnings by calendar quarter, because past earnings deter
benefits and benefit levels. The other aggregate data from
external sources used in the model include county unemployment rates and em-
ployment changes in t

- . ine”’ tles
he county of residence and nearby “commuting” coun
broken down by one digit industry.

Estimation of models to predict the length of spells of UI benefit receipt is a dlfgi
cult task. In Figure 1, we graph the fraction of potential benefits received for .
claimants starting spells jn Kentucky in 1994. The data have a large mass of 0 1l
servations (almost 40 percent) at one - corresponding to the exhaustion of 2

potential benefits anq therefore a benefit receipt spell of 26 weeks. More t%\an 60‘
percent of the claiman xhaust their benefits, and there is con

ts, however, do not e his
siderable variation am, fraction that they receive. To see thi

-ra ong this group in the ed
variation more clearly, Figyre 2 depicts the fraction of potential benefits recetV

for those recipients who did not exhaust their benefits. 10

10

The reason for the Saw-tooth pattery in Figure 2 is that UI claimants in Kentucky ca

1
file fO_r benefits two weeks at a time. Most claimants receive the benefits for weeks
and 2 in their firgt Payment, by

e
» Ut those claimants who are slow to apply for benefits 1

: Mg e
ceive weeks 1 o 3 in their firg Payment and from then on are one week off from th
other claimants,
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Figure 1: Fraction benefits exhausted in 1994
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Notes: Authors’ calculations, Kentucky Ul Claims data.

Worden (1993) provides the baseline model used in profiling UI claimants. She
used a logit model with UI benefit exhaustion as the dependent variable. Many
other researchers (e.g., Eberts and O’Leary, 1996) have followed her lead and
used binary choice models in developing profiling systems. A dichotomou§ moqel,
however, treats each recipient who does not exhaust as identical, thereby ignoring
much useful information in the data. For example, Berger, et al. (1997) compare
high school dropout, work experience and earnings in the past year among persons
who exhaust different fractions of their UI benefits. They find that clafmants who
use up 75 to 99 percent of their Ul benefits look much more like claimants who
exhaust all of their benefits than they do like claimants who exhaust less than 25
percent of their benefits.

In addition to using a binary variable for UI benefit exhaustion as its. dependent
variable, Worden’s (1993) model also included relatively few covz?rxate§. Most
other states followed Worden’s lead in using relatively few variables in their mod-
els, in part due to concerns about complexity and in part to reduce the costs of
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assembling the data.!l O’Leary, Decker, and Wandner (1998) note in their litera-
ture review that the model for Washington state, which is one of the larger state
models, includes 36 covariates. In contrast, the model for the state of Pennsylvania
uses only eight covariates. Given the use of a dichotomous dependent variable, the
limited number of covariates, and the inherent difficulties in predicting the dura-

tion of unemployment, one might suspect that these models have relatively little
explanatory power. This is indeed the case.

Figure 2: Fraction benefits exhausted in 1994
Excluding Exhaustees
075
.05 +
[~
=
o
l1e]
{4
.
025
0
ST & !
Fraction of benefits exhausted

Notes: Authors’ calculations, Kentucky U1 Claims data

) estimated the Pennsylvania and Washing-
mates to examine how well the two _mOdﬁls
term recipients. Table 1 reproduces their find-
ington, it compares the exhaustion rate among

O’Leary, Decker, and Wandner (1998
ton models, and thep used their estj

distinguish long-term from short-
ings. For Pennsylvania ang Wash

1 Dickinson, Decker

. and Kreutzer (1999) summarize an evaluation of the Ul profiing
In 12 states. Thi}t evaluation finds that twe of the 12 had unrecognized implementa-
tion problems with thejr profiling procedures. While it is not clear that these problems
were related to moge] complexity, the general issue of whether state information tech-
nology staff (as opposed 1o Professors of economics, who implemented the system if
Kentucky) can effectively implemen complicated profiling model is a serious on¢-
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the 25 percent of claimants with the highest predicted exhaustion probabilities to
that among the remaining 75 percent. Those in the top quartile are 11 to 13 percent
more likely to exhaust their benefits. Interestingly, a comparison of the top and
bottom 50 percent yields a smaller gap, only 8.1 percent for Pennsylvania and 7.9
percent for Washington state.

Table 1: The ability of profiling models to predict benefit exhaustion
Top of Distribution ~ Bottom of Distribution Difference
Pennsylvania model 38.2 25.7 12.5
Washington model 353 24.6 10.7
Kentucky model 78.3 535 24.8

Notes: The division for the Pennsylvania and Washington models is the top 25 percent
predicted benefit exhaustion probabilities versus the bottom 75 percent. These are the
maximum differences reported by O’Leary, Decker, and Wandner (1998). For Kentucky,
the division is the top 60 percent of predicted benefit receipt durations and the remaining 40
percent. Estimation and prediction for the Pennsylvania and Washington model are done
using the same samples; the model for Kentucky is estimated on a 90 percent sub-sample of
claimants while the prediction is performed using the remaining 10 percent.

In contrast, the KPM appears to be much more precise in the identification of
those likely to exhaust their UI benefits. Table 1 compares the exhaustion rate for
those with predicted benefit receipt durations above the 60™ percentile to those
with predicted benefit durations below this level. The difference, 24.8 percent, is
much greater than the maximum differences reported by O’Leary, Decker, and
Wandner (1998) for the Pennsylvania and Washington models.!2

Why are the differences in predictive power so large between the KPM and the
prototypical profiling models from the other states? Two basic reasons suggest
themselves. First, the KPM did not rely on a dichotomous variable of whclber the
claimant exhausted UI benefits, but rather used the fraction of benefits rece.lved as
a continuous variable. It is possible that the additional information contam_ed. in
the fraction of benefits received variable dramatically improves the perl.C[lVC
power of the estimates. Second, the KPM contains over 140 different covariates,

12 Some evidence from outside the U.S. provides mixed support for these pessimistic

findings. Payne, Casey, Payne, and Connolly (1996), using data from the U.K}.{, have
limited success in predicting long-term unemployrngnt. In contrast, Wong, 1enson
and Roy (1999) report moderate success in predicting unemployment spells longer

than one year using Canadian data.
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i i i ience, tenure, and
including variables representing past earnings, industry, experienc
unemployment insurance participation.

In developing the KPM, Berger, et al. (199;() exPc.rmtx:xlx)t;c:h\;n]til;( :ﬁ\}/}&:::;t);h 2{ te;::ly
i cedures that allowed them to rank recipien . :

r\;‘zﬂlodneirl?aust their Ul benefits or by their expected duration qf p’I bensgturseec‘;ltiz
They estimated each model on a 90 percent sample of UI_ r;cxpxcnts a In putcn
remaining 10 percent to calculate the out-of-sample predictive p'owtehré aporion
lar, they used the estimated coefficients from each model to prc?dlct ]l)e e
of benefits used up by each recipient in the 10 percgnt validation sampor.e s
percent sample was then divided into subgroups predicted to consunll)e n;use -
than 60 percent of their potential benefits. This cutoff was F:hosen fec would ap.
thought that predicted use of at least 60 percent.of potential 1l;enc: its

proximate the cutoff for treatment under the profiling program.

Table 2 reports Berger et al.’s (1997) findings for a sam;_)le of Ul rec1pleﬂl:zgi’£
the western part of Kentucky. They report the mean fraction of bengﬁts exb s
for each of six models: a linear regression model using the fr.actlon ‘Of e[rlnous
exhausted as the dependent variable, logit and probit models using a dIChg;O-limit
dependent variable indicating that the worker exhausted benefits, a‘doil z Cox
tobit using the fraction of benefits exhausted as the dependent variable,

. end-
proportional hazard model using the fraction of benefits exhausted as the dep
ent variable, and random assignment.

The fourth column of Table 2 ra
benefits received by the sixty
exhaustion or longest expected
the group that exhausts the mos
models is modest. For instance,
reemployment services increas
cent over random assignment,
however, increases the fractio
about a 3.9 percent improveme
Kentucky model results from ¢
dependent variable or the esti

nks the models in terms of the fraction of POtC"tlgi
percent with the highest probabilities of bene "
durations. As can be seen, the tobit model! selec
t of their benefits, but its advantage over the 0@5;
using the logit model to select the group to recei -
es the fraction of benefits exhausted by 1}-26 Ic)lzl
Using the tobit model rather than the logit mo o
n of benefits exhausted by only 0.44 pe:rct:ntf,the
nt. Thus, the superior predictive performance °f he
he rich set of covariates rather than the form o
mation procedure used.

. . . . 1 n Of
This discussion of attempts to predict Ul benefit exhaustion and/or the duratio

otz ; . important
Ul benefit Tecept in the context of profiling UI recipients provides an impo
general lesson: the X’s

matter. The results presented in this section show that ;}r];
predictive power for the same o roughly the same profiling variable can vted
substantially depending on the predictive variables employed. As already no['n g’
profiling will not accomplish it goals if the variables used to predict the proﬁtla e
variable do 5o only very poorly. Thus, the analysis in this section has impor

omy
3 The actual treatment rate was much higher because the booming Kentucky econ
reduced the numb

er of people filing UI claims,
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implications for the design of profiling systems in general and for the choice of the
profiling variable in contexts where the available X are limited in particular.
Moreover, our analysis suggests that while profiling on predicted Ul benefit re-
ceipt durations may be a good idea in Kentucky, profiling on the probability of
benefit exhaustion in states using models that only weakly predict exhaustion
almost certainly is not.

Table 2: Validation study of alternative profiling models in Kentucky
Model D d ib] Fraction of benefits Rank
ode ependent variable exhausted (%)

Tobit Fraction benefits exhausted 78.26 1
Ordinary Least

i d 77.99 2
Squares (OLS) Fraction benefits exhauste
Probit Exhaustion (binary) 77.83 3
Logit Exhaustion (binary) 77.82 4
Cox Fraction benefits exhausted 77.44 5
Random assignment - 66.56 6

Notes: Authors’ calculations, Kentucky UI Claims data. Estimation for Kentucky ?S o
mated on a 90 percent sub-sample of claimants while the prediction is performed using the
remaining 10 percent.

4 Does profiling maximize program impacts?

We now examine the first key issue in designing a profiling s.ystem - whether or
not the profiling variable is related to the goals of the allocation mechanism — in
the context of UI profiling in Kentucky.

4.1 Do claimants with longer expected durations have larger
treatment effects?

We showed in the previous section that the KPM does a relatively good J°b. of
sorting claimants based on their expected duration of UI receipt. We now examine
Whether the earnings impact of the treatment is larger for those claimants with
higher predicted durations of UI benefit receipt.
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A few additional details about Kentucky’s profiling system begin our discussion.
As described in the preceding section, the KPM produces an estimate of the frac-
tion of their potential Ul benefits that each claimant will collect. In operating the
system, these continuous estimates are collapsed into a discrete profiling score
from 1 to 20. A score of 20 means that the model predicts the claimant to collect
from 95 to 100 percent of their potential UI benefits, a 19 means that it predicts
receipt of 90 to 95 percent and so on. In each local UI office in Kentucky in each
week, claimants starting new spells are ranked by their profiling score. The office
then provides the treatment to claimants starting with the highest score and con-
tinuing until it has used up its budget for the week. When there are more claimants
than can be served at the marginal profiling score in a given office in a given
week, the treatment is randomly assigned within the marginal group.

Overall, because of the strong Kentucky economy at this time, only 16.92 percent
of the 57,779 claimants during the period covered by our data (October 1994 to
J}lne 1996) did not receive the treatment. Figure 3 depicts the empirical distribu-
tion of the profiling scores for all of the claimants in our data. The modal profiling
score was 19, with 16.4 percent of claimants receiving this score. Only 9.82 per-

cent received a score of 10 or below. The scores 13, 16, and 18 roughly divide the
sample into quartiles.

Figure 3: Empirical distribution of profiling scores
.18
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Notes: Authors’ calculations, Kentucky U] Claims data
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We now present estimates of the impact of the profiling treatment on claimants’
earnings in the six quarters after the start of their UI spell as a function of their
profiling score. Importantly, the treatment consists of the requirement to receive
reemployment services, not actual receipt of these services. Because many treated
claimants leave UI before receiving services but after being required to receive
services, the two possible treatment definitions differ from one another both con-
ceptually and empirically.

We use the data from those persons in the marginal profiling score cells where
random assignment took place in constructing these estimates. This has the ad-
vantage of providing estimates free from selection bias but the disadvantage that
the estimates do not apply to the full sample without additional assumptions.! It
also means that we can only provide impact estimates for profiling scores from 6
to 19. Everyone with a score of 20 received treatment, and there were no marginal
cells with scores of 1 to 5 requiring random assignment during the period of our
data.

The experimental sample includes 1,236 treated persons and 745 controls drawn
form 286 marginal office-week-profiling score cells. Their average age is around
37 and their average years of schooling are just over 12, which represents comple-
tion of high school in the U.S. About 60 percent are male and over 90 percent are
white. Average earnings in the year before the Ul claim are just under $20,000.13

We obtain our experimental estimates from a regression of the form:
Y =ay+o, X, + BB T+t B FiusTi t H;

where Y, denotes the earnings of claimant i in the six quarters after the start of the
Ul claim, X ; is a vector of pre-random assignment characteristics, P, is an indi-
cator variable for claimant i having profiling score r ,T;is a treatment indicator
for claimant i, u ; are fixed effects for each marginal cell, respectively, ¥ is the
mean zero error term, and @,,a,, f;,--f, are parameters to be estimated along

Black, et al. (2000) discuss the construction and interpretation of tl}e experimental
impact estimates in more detail. Non-experimental estimates of the impact of trea;
ment as a function of the profiling score for the scores from 1 to 19 also do not revtr:e-
any systematic relationship. These estimates are available from the authors upon
quest. ' .
The characteristics of the full treated sample are surprisingly similar for these vari-
ables. See Table 1 of Black, et al. (2000).

15




80 M. C. Berger, D. Black, J. A. Smith

with the fixed effects. 16 The cell fixed effects take account of the fact that the
random assignment ratio differed across cells.!”

Figure 4 graphs the impact of treatment by profiling score. There is little evidence
that the magnitude of the treatment effect increases with the profiling score. From
this we can conclude either that efficiency in allocation is not the goal of UI pro-

filing in Kentucky, or that, if efficiency is the goal, the profiling system is doing
little to advance it.18

4.2 Can we identify those with larger treatment effects?

Allocating treatment effectively based on expected impacts requires knowing
which sub-groups have the largest impacts.!® Even in cases where efficiency is not
the sole goal of an allocation mechanism, this information allows the estimation of
the opportunity costs, in efficiency terms, of pursuing other goals.

The empirical analysis in Section 5.1, however, suggests that identifying sub-
groups.with large impacts may prove difficult in practice. Every 95 percent confi-
flence Interval in Figure 4 contains zero, even though the experimental sample
includes almost 2000 observations.20 Clearly, obtaining precise estimates of sub-

Conditioning on pre-random assignment characteristics in the regression increases the

precision of the impact estimates without disrupting the random assignment, as ran-
dom assignment makes these characteristics independent of treatment.

3}1 a ?;)mmon effect wor!d, this regression specification is efficient. In a world where

fo: cee r:zc't of treatment differs across cells, other weighting schemes may be preferred

5 we caI:;r; ;::(lil(;z ;]?,:,Stg:sé St-ee Black, et al. (2900) for more d‘ctails. I
hausting UL benogi pact estimates as a function of the predicted probability 0

that O're § using the estimated impacts of the U.S. UI bonus experiments

ary, Decker and Wandner (1998) present in their Table 6. In the UI bonus

P::tgr*;m}; Ul claimants received 5 bonus of US$500 if they found a job within the first

?mpa(c):ts[oefl:hmbspen and kept it for a defined period (a few months). We find that the

fit exhausti € bonus program do not vary systematically with the probability of bene-

ustion in either of the states Pennsylvania and Washington — that they con-

sider. ; .
reques?ur calculations based on their estimates are available from the authors upon

17

19

We skirt the important i
. ! ant issue of exact] ich i i rofiling
variable in a syste " y which impacts ought to constitute the p

; attempts to profil i is issue in tum
h 1 proliie on expected impacts. This i )
eraesdf?e‘(l)crrzlhgulr:;x-lswns' Should only impacts on the government’s budget be consid-
rately from rel:i impacts on individual eamings or employment be considered s¢p&
short-term imp:g:?;‘: In gl Payments (or other social program expenditures)? Shouli(:
used? The latter prov?ds: n:); should long-term impacts (appropriately discounted)

: ; ; . be
" based on older data, r¢ information, but require the profiling system o

Black, et al (2000) imi ithi
P present s i . . ithin
the experimenta] sample imolfoul:-lr estimates that combine the profiling scores Wit

; ) : in-
dividual esti .~ "OUr groups of roughly equal size. In this case, Some
tmates do attain statistjeq] significance. The basic conclusion, however 0
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group impacts can require very large samples, particularly when the dependent

variable of interest, earnings in our case, has a high variance within the relevant
population.

Figure 4: Estimates of earnings impacts by profiling score
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Notes: Authors’ calculations, Kentucky Ul Claims data

Black, et al. (2000) document another reason why locating those individua_ls with
the largest impact may prove difficult in this context. They use the .expcnmental
sub-sample to document a sharp increase in exits from the UI system in the s_ccor@
week of benefit receipt among those required to receive reemployment services in
order to continue receiving benefits. In that week, 5.4 percent of the cont.rol group
exits UL, compared to 12.7 percent of the treatment group. This early exit appears
to result from notification of the requirement to receive services, rathe{ thar'l from
the services themselves, which do not start until later in the spell. This evidence
suggests that a relatively small number of people exiting the program very ea.rly
generate much of the overall impact of the treatment. An alternative proﬁ!mg
System that attempted to profile based on expected impacts would face the diffi-
cult task of trying to identify this relatively small sub-population of claimants.

1o systematic relationship between the profiling score and the impact estimales re-

mains in place.
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S Summary and conclusions

Although profiling has achieved remarkable popularity in North America as a
mechanism for allocating government programs, we argue that too little attention
has been paid to the design and evaluation of profiling as an allocation mecha-
nism, with the result that existing profiling systems may not be particularly effec-
tive. In this paper, we develop a conceptual framework for the choice among al-
ternative mechanisms for allocating government benefits and obligations. In re-
gard to profiling, we have argued that being explicit about the goal of the alloca-
tion mechanism makes possible evaluation of the allocation mechanism in light of
its goals, and also aids in the selection of an appropriate profiling variable. We
have highlighted possible trade-offs between equity and efficiency in the choice of
allocation mechanisms based on profiling. And, finally, we have shown the critical

role that the selection of the predictor variables plays in designing an effective
profiling system.

Applying our views about the evaluation of profiling as an allocation mechanism
Fo UI profiling in the U.S., we reach the following conclusions. First, many exist-
Ing state Ul profiling systems do a poor job of predicting the profiling variable. As
our theoretical discussion shows, this failure makes it virtually impossible to ad-
vance the goals of the profiling system. Second, we show that this failure results
largely from a lack of covariates in the profiling model. Predicting UI benefit
exhaustion or the duration of UI benefit receipt is not impossible, as some have
argued (see, e.g., Organisation for Economic Co-operation and Development,
}998), but it takes more in the way of X’s than most existing profiling models
include. Finally, we show that even in Kentucky, where the profiling model does
do a goc?d job of predicting the profiling variable, the profiling variable is not
systematically related to the impact of the treatment being allocated.
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