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Abstract

Temporary help supply (THS) employment has increased dramatically in the
last ten years. However, there is only scant evidence on the industries that are
hiring THS workers. Without this information, it is di¢cult to determine the rea-
sons for the surge in temporary help usage in a particular sector. In addition,
not accounting for temporary workers may result in biased interpretations of the
cyclical and long-term properties of sectoral employment. These issues are partic-
ularly relevant to the manufacturing sector since anecdotal evidence suggests that
manufacturers have substantially stepped up their demand for THS workers since
the mid-1980s. Here we provide estimates of the number of THS employees in
manufacturing from 1972 to 1997. Our estimates are based on a new methodology
to put bounds on the probability that a manufacturing worker is a THS employee.
We verify that manufacturers have been using THS workers more intensively dur-
ing the 1990s. This new trend partly explains the sluggish recovery of non-THS
manufacturing employment in the 1990s. Finally, not accounting for THS hours
overstated the increase in average annual manufacturing labor productivity by 0.30
percentage point during the 1991-1997 period.

JEL codes: E2, J2, D2, C14

*This is a revised version of the NBER working paper 7421. Contact author: Saul Lach, Department
of Economics, The Hebrew University, Jerusalem 91905, Israel. We thank Chuck Manski for helpful
discussions at an early stage of this project, Cynthia Bansak, Carol Corrado, Anne Polivka, Dan Sullivan,
Beth Anne Wilson and Joyce Zickler for their comments and Nicole Nestoriak for excellent research
assistance. We also got valuable suggestions from seminar participants at the 1998 NBER Summer
Institute, the 1998 AEA meetings in Chicago, IL, the Federal Reserve Board, the Hebrew University,
Tel-Aviv University, and the University of Cyprus. Saul Lach acknowledges ..nancial support from the
Employment Policies Institute. This paper presents the authors’ own views and not those of the Federal
Reserve System or of any members of its stas.



1 Introduction

The recent debate on the extent of labor outsourcing by manufacturing ..rms has been
hampered by the absence of good data. In this paper we estimate the number of tempo-
rary workers in manufacturing ..rms that are not hired directly by the ..rm but instead
work under contract with ..rms that are primarily engaged in supplying temporary help
to other businesses. More speci..cally, we estimate the number of “temporary help sup-
ply” (THS) employees—individuals on the payrolls of service sector ..rms-working in
manufacturing. We construct annual estimates from 1972 to 1997 and use them to trace
the evolution of this form of labor outsourcing. We also use estimates of the number
of THS hours in manufacturing to correct the o®cial measures of manufacturing labor
productivity.

The hiring of THS workers is one aspect of the general trend toward fexible,
market-mediated, work arrangements by ..rms. Tasks that formerly were performed by
workers hired directly by the ..rm are now done under contract with ..rms in the business
service sector. Such arrangements include outsourcing of various support services (e.g.,
computer maintenance, accounting, etc.), subcontracting speci..c tasks in the production
process, and using temporary employees. Many reasons have been advanced to explain
the rapid spread of THS arrangements. These include the potential for employers to
implement a new lower-wage rate in a two-tier wage structure by contracting with inter-
mediaries that pay less for similar work, to realize scale economies due to specialization
in the provision of speci..c tasks, to increase productivity given that THS workers may
be better screened or trained than temporary workers hired directly by the ..rm (Au-
tor, 1998; Polivka, 1996), and the potential to facilitate more rapid changes in ..rms’
level of employment in response to temporary and/or unpredictable changes in demand
(Abraham and Taylor, 1996; Golden, 1996).

The increased use of THS workers is evident in the payroll data published by the
Bureau of Labor Statistics (BLS). In the last decade, employment in the temporary help
supply industry has more than tripled in the United States.! Although employment
in the THS industry represented only about 2 percent of total nonfarm employment in
1997, it accounted for 10 percent of the net increase in nonfarm employment between
1991 and 1997. Since 1972, employment in the THS industry has risen at an annual

1The use of temporary workers also grew rapidly in most OECD countries (International Herald
Tribune, September 2, 1997).



rate of more than 11 percent while total nonfarm employment has expanded only at an
annual rate of 2 percent (..gure 1).

In addition, THS jobs are highly cyclical. While annual changes in nonfarm em-
ployment have fuctuated between -1.8 and +5.1 percent since the 1970s, employment
changes in the THS industry have ranged from -25 to +32 percent. Moreover, economists
have found THS employment to be a leading indicator of overall employment conditions
(Segal and Sullivan, 1995).

But, how does the surge in THS jobs acect employment in other sectors? Because
the BLS classi..es employees by the industry where they are employed rather than by
the industry where they are working, previous studies based their answer on very strong
assumptions regarding the distribution of these workers across industries.

This paper addresses this problem by developing a methodology for estimating
the number of THS workers by industry. We derive non-parametric bounds for the
proportion of THS employees working in manufacturing. The theoretical approach uses
minimal assumptions while exploiting the richness of the Current Population Survey
tapes and the Contingent Worker Supplements. The procedure can be readily applied
to any year for which data on characteristics of THS individuals are available and, in
principle, it can be applied to any level of aggregation. More generally, this technique
can also be used in to studies aiming to identify conditional probabilities from observed
marginal probabilities.

In our particular application, we ..nd that the bounds on the probability that a
manufacturing worker is a THS employee are non-trivial and trend upward. Using the
mid-point of the interval generated by the bounds and direct survey evidence for 1995
and 1997 we derive some of the quantitative implications of our estimates.

A simple analysis of reported manufacturing payroll employment data suggests
that the period between 1991 and 1997 generated only about 271,000 manufacturing jobs.
The inclusion of THS workers more than doubles this ..gure to 581,000. Manufacturers
are estimated to have employed 657,000 THS workers in 1997. Moreover, the decline
in manufacturing hours between the local peak in 1989 and 1997-about 1.25 percent-
disappears once THS workers are taken into account. We also show that the year-to-year
variation in manufacturing THS employment and hours is of an order of magnitude larger
than for manufacturing non-THS employment and hours.

Our point estimates can be used to assess the magnitude of the upward bias in
manufacturing labor productivity caused by the omission of THS hours from the occial



payroll statistics. After adjusting for THS hours, labor productivity in manufacturing at
the end of 1997 was about 2.5 percent lower than the “reported” level. This correction,
while noticeable, explains only a small part of the observed gap between trend labor
productivity growth in manufacturing and in nonfarm nonmanufacturing industries.

The paper is organized as follows. After a brief description of the THS industry we
formally de..ne the measurement problem in section 3. Section 4 presents our solution
to this problem-estimating bounds for the proportion of THS workers-which constitutes
the main methodological contribution of the paper. Section 5 presents the data and
discusses some issues relevant to the estimation of the bounds, while section 6 presents the
estimated bounds on the proportion of THS workers and hours in manufacturing during
1972-1997. Section 7 checks the sensitivity of these estimates to alternative estimation
procedures and section 8 derives the quantitative implications summarized above. Brief
conclusions close the paper.

2 The Temporary Help Supply Industry

What exactly do ..rms in the THS industry do? Firms in the THS industry are essentially
ogering a “business service”: they recruit and screen candidates for limited-term jobs,
write the contracts, and assume the legal responsibilities of hiring and ..ring. Most
importantly, they administer the payroll of their employees even though the employees
are obviously under the direct or general supervision of the business to which the help
is furnished.

What types of workers are used by these ..rms? The March demographic ..les of
the Current Population Survey (CPS) shed some light on the characteristics of workers
in the personnel supply services (PSS) industry (SIC 736), the industry that contains
the THS industry (SIC 7363). The notion that a “temp” is a woman working part-time
in a clerical position, with little job security and lower-than-average wages and bene...ts,
does not seem to be as accurate in the 1990s as it was in the 1970s.

Segal and Sullivan (1995, 1997) report an increase in the proportion of men and
blue-collar workers at the end of the 1980s and beginning of the 1990s. Estevdo and
Lach (1999) showed that this trend has continued well into the 1990s.? Segal and Sulli-
van also reported that while PSS workers are less attached to the labor force than other

2In 1992-97, men made up 38 percent of all workers in the PSS industry, but only 28 percent in
1977-87. The fraction of PSS employees working in blue-collar occupations rose from about 10 percent
in 1977-87 to about 23 percent in 1992-97.



workers are, a large fraction of them shift into permanent jobs within a year. Finally, al-
though PSS workers on average earn lower wages than workers with similar demographic
and educational characteristics do, this wage dicerential varies widely by occupational
group, being largest for blue-collar workers and almost non-existent for managerial and
professional workers.

3 The Problem

Because THS employees are hired and paid by the THS ..rm, they are not on the payroll
of the ..rm actually using their labor. As a consequence, THS workers are not included
in the employment measures generated by the BLS in its establishment-based surveys.?

To de...ne this problem more formally, let y; = 1 denote the event that an individual
is @ THS worker in period t. Hereafter the time subscript is omitted for notational
convenience. The parameter of interest is the proportion of THS employees actually
working in industry i, e.g., in manufacturing. That is, the probability that an individual
working in industry i is a THS worker. We denote this probability by 6; = P(y = 1i).

Our approach to estimating 6; is quite simple. Note that this conditional proba-
bility can be written as

@)

Equation (1) means that if a THS worker has a 30 percent chance of working
in manufacturing or P(ily = 1) = 0.3, then the number of THS workers employed in
manufacturing relative to total employment—the denominator in the estimate of P(y =
1)—is 0.30 times P(y = 1). Given that the THS industry comprised about 2 percent of
the working force in 1997, and using 0.15 as the value for P(i) in 1997, the proportion of
THS workers relative to manufacturing employment in 1997 should be about 4 percent.

This numerical example shows that in order to estimate #; we need to estimate
Py = 1),P(i) and P(ily = 1). The ..rst two probabilities can be estimated by the
observed proportions of THS and industry ¢ workers from the BLS payroll surveys.

The last probability, P(ily = 1), is called the assignment probability because it
gives the probability that a THS employee works in industry i. As mentioned in section

3They are, of course, included in the employment ..gures of the oering (THS) ..rms.



2 and in Estevao and Lach (1999), the dramatic changes in the THS industry since the
late 1970s suggest that it is important to let the assignment probability vary over time.
However, in trying to estimate the assignment probability on a yearly basis we face the
problem that there is no direct and systematic evidence on where THS employees are
actually working.*

Estimating P(ily = 1) is the key to estimating ¢; and is, therefore, the focus of
our methodology. A naive way to proceed is to assume that THS status and industry
aCliation are independent. In this case, P(ily = 1) = P(ily = 0) = P(i) and therefore
the estimator of 6, is the proportion of THS workers in the whole economy, 0, = P(y = 1)
which does not vary across industries. Clearly, independence is too strict an assumption
to make. It can, however, be relaxed a bit as follows.

Given a vector X of discrete variables characterizing the individual (education,
location, occupation, gender, etc.), the assignment probability can be written as

ZP )P(xly =1) )

where the sum is over all possible values of X.
If we now assume that y and industry a¢liation are independent conditional on
X =z, (2) simpli..es to®

(ily=1) ZP |)P(zly = 1) ®)

The assignment probability varies across industries because of dizerences in the
distribution of characteristics across them, P(i|x). Note that using data from the Cur-
rent Population Surveys we can estimate the distribution of characteristics among THS
(actually PSS) workers, P(x|y = 1), and the assignment probability of individuals hav-
ing X = z, P(ilx). Thus, P(ily = 1) can be easily estimated under the conditional
independence assumption.®

4The only direct evidence on the distribution of THS workers by industry of use appears in the
Contingent Worker Supplements to the Current Population Survey in February 1995 and February
1997. See section 5.

>This assumption means, for example, that the probability of working in manufacturing among all
female electrical engineers in Louisiana is the same irrespective of their THS status.

® Another possibility is to arbitrarily assign an estimate to P(i|y = 1,) in (2). For example, Segal
and Sullivan (1995) use X = occupation and assume that all (and only) blue-collar THS employees

work in manufacturing. This means assuming P(ily = 1,2 = blue collar) =1 and P(ily = 1,z = other

occupation) = 0 implying §; = Lu=1 ‘”;’zg‘@ collar) \which is straightforward to compute.

6



Indeed, equation (3) refects what is perhaps the most intuitive way of tackling
the problem: estimate the distribution of some characteristic X in industry i, P(i|.X)
and then weight it by the distribution of such characteristic X among THS workers,
P(Xly=1).

Even though conditional independence between industry a¢liation and THS sta-
tus is a weaker requirement than unconditional independence, it is still a very strong
assumption to make. We will now show that in order to learn something about the time
series behavior of P(ily = 1,z), and therefore 6;, we do not need to resort to drastic
independence assumptions. In fact, we will show how to bound these probabilities in
a non-trivial manner without making further assumptions on the relationship between
industry a¢liation and THS status.

4 Bounds on the Assignment Probability

We start by noting that for any value = of X, the conditional assignment probability can
be written as,

Pli,y = 1]x)

P(ily =1,z) = Ply = 1)

(4)

We ..rst provide bounds for the numerator of (4). Conditional on X = =z, the
probability of the joint event “the individual works in industry :” and “y = 17 is lower
than the marginal probability of each single event, i.e.,

P(i,y = 1lz) 0 Min{P(i|z), P(y = 1|x)}

implying the following upper bound for the conditional assignment probability

P(ily =1,z) 0 Min {%, 1} = ay(x) 5)

In addition, P(i Uy = 1|z) = P(i|lz) + P(y = 1|z) — P(i,y = 1|z) O 1 implies
P(i,y = 1|z) > Max {0, P(ilx) + P(y = 1|z) — 1}

and this inequality implies the following lower bound for the conditional assignment
probability,



= ar(z) (6)

These bounds and equation (2) prove the following proposition,
Proposition 1

Y oar(@)Paly = 1)U P(ily=1)0 ) ay(e)Plaly =1)

T

where oy (x) and oy (x) are de..ned in (6) and (5) and the sum is over all possible values
of X.

It should be emphasized that the intervals generated by these bounds are not
con..dence intervals in the statistical sense. Provided the bounds are known, the interval
covers the true probability P(ily = 1) with probability one.”

A natural question to ask is whether «ay(z) and ay(x), the bounds on the assign-
ment probabilities, are informative. The answer depends on the choice of the conditioning
vector X.

For a given value X = z , the lower bound on the (conditional) assignment prob-
ability is strictly positive when

P(ilz) + P(y = 1]z) > 1 (Condition L)

while the upper bound is strictly less than one when
P(y = 1|x) > P(i|z) (Condition U)
These conditions are more likely to be satis..ed the larger P(y = 1|x) is. In fact,

when these two conditions are satis..ed the lower and upper bounds for the conditional
assignment probabilities at that given value of X are

"Of course, when the bounds are estimated the probability will be less than 1.



Pilz) - [1 = Py = 1]x)]

awlr) = Ply = 1)
)~ D)
v Py =117)

Note that the distance between the bounds decreases with P(y = 1|z): the closer
P(y = 1]x) gets to one, the tighter the interval containing the assignment probability.
Thus, we would like to ..nd an X that makes P(y = 1|z) “large”.

The intuition behind this requirement is that when P(y = 1|z) is large, X is a
“good” discriminant (or classi..er) between THS and non-THS status in the sense that,
given the individual has X = z, there is a high probability that s/he is a THS worker.
At the limit, when P(y = 1|z) = 1 all individuals with X = x are THS workers and
the proportion of THS workers with X = z assigned to industry 7 equals the proportion
of individuals with X = z assigned to industry i. That is, P(ily = 1,z) = P(i|x)
when P(y = 1|z) = 1, and therefore the data can identify the conditional assignment
probability at that particular value of X8

As an illustrative example suppose that X represents location, and let New York
be one such location. If it is known that all individuals living in New York are THS
workers then, among all New York individuals, conditioning on the individual’s THS
status and location is the same as conditioning only on the individual’s location. This
implies P(ily = 1, New York) = P(i|New York).

To continue with this example, let us assume that X = location takes only two
values X = 1 for “New York” and X = 0 for “everywhere else”. Let us further assume

8 P(i|r) is estimated by the proportion of individuals with X = 2 working in industry i. Several data
sets, such as the CPS, have information that identi..es P(i|z). More generally, a condition on X for
(pointwise) identi..cation of P(ily = 1,z) is that a particular value of X, say xo, occurs only to THS
workers, P(y = 1|X = ) = 1. Then,

P(i,y = 1,70)
P(y = 1,130)

P(y = 1|i,x0)P(i,Jio)
P(y = 1]xo)P(z0)
P(i,xg)
P(xo)

P(Z|y = 1,130) =

= P(i]xo)

because the identi..cation condition (P(y = 1|z¢) = 1) implies P(y = 1|i,zo) = 1.



that no THS worker lives outside New York, implying P(X = 0|y =1) =0and P(X =
1ly = 1) = 1. For this choice of X, Proposition 1 states

ar(1) O P(ly=1) 0 ap(1)

which implies from (1)

PX=1)+Py=1X=1)-1| Py=1
Maa:{O, Ply—1X =1 } P0) 06, 0
f_PUX=1) | P=1
Mm{P(y—1|X—1>’1} PG)

To get a sense of these bounds we graph them below as functions of P(y = 1|X = 1)
assuming that 41 percent of the individuals living in New York work in industry i,
P(i|X =1) =0.41, and that P(y = 1) = P(i).

Note that condition L is satis..ed for P(y = 1|.X = 1) > 0.59 , while condition U
is satis..ed for P(y = 1|X =1) > 0.41. When P(y = 1|X = 1) = 1 we have 6, = 0.41.

An alternative way of giving further intuition to the bounds on the assignment
probabilities is by considering the following 2 x 2 contingency table associated with the
example above,

All individuals with X =1 |y =0 |y =1 | Total
Industry 7 Ni,y:() Ni7y:1 Nz

Other industries (%) Nooo | Vi1 | N7

Total Ny—o | Ny-1 | N=N; + N;

10



The population consists of NV individuals with X = 1 and the entries in the table

are frequency counts. We observe N;,—o, N;,_q, Ny—o, Ny=1 and N. We are looking for

bounds on P(ily = 1) = P(ily = 1, X = 1) = =, That is, bounds on N;,—;.
From the table is clear that

Niy— Ni
P(ly = 1)==11 Mm{N ,1}
y=1 y=1
, P(i|X = 1)
Plily = 1)= Nigt > Mazx {0, Ny + i = N}
— N,—
y=1 y=1
Ply=1X=1)+PGX=1)—1)
‘“{0’ Ply— 11X = 1) ex{l)

using N; + Ny=1 — Niy=1 = N; + N;,_; [J N; + N7 = N for the lower bound.

There is, of course, no guarantee that an X satisfying P(y = 1|xz) = 1 for some z
exists. In fact, it is hard to think of individual characteristics that perfectly discriminate
among THS and non-THS workers. When such an X does not exist the bounds in
Proposition 1 still allow us to extract some information on the assignment probability,
and therefore on 6;, without resorting to additional assumptions provided conditions L
and/or U are satis..ed for some values of X.

The previous discussion showed that the choice of the conditioning variables X
is crucial for the quality of the bounds. What Proposition 1 is telling us is that we
can choose any X (a scalar or a vector of any dimension, with as many discrete values
as one wishes) and construct the bounds according to the formula in Proposition 1.
In principle, one could systematically search the entire data for all combinations of
conditioning variables, compute the bounds and associated intervals containing 6; for
each such vector and then take as the ..nal interval for ; the intersection of all such
intervals.

To conclude this section, we remark that there is a trade-o= between the strength
of the assumptions we are willing to make on the relationship between THS status and
industry of assignment and the nature of the information on 6#; that we can extract from
the data, namely, a point versus an interval estimate.

11



5 The Data and Estimation Issues

The Current Population Survey (CPS) is a household-based survey providing information
on households’ and individuals’ characteristics. It assigns each individual to an industry
of employment, broadly equivalent to a 3-digit SIC industry. The CPS, therefore, does
not identify individuals working in the Temporary Help Supply industry (SIC 7363), but
in the 3-digit industry SIC 736 that contains THS, i.e., the Personnel Supply Services
(PSS) industry.® We use the CPS data to estimate P(y = 1|X) (and P(i|X)). Thus, the
estimates of the bounds on the assignment probability actually refer to the proportion
of PSS employees working in manufacturing.

To be consistent with this de...nition, we use the level of PSS employees (and hours)
in the economy taken from the Current Employment Survey (CES)-the establishment-
based survey used in the o¢cial productivity calculations—in the calculation of P(y = 1)
in equation (1). The resulting estimate for the proportion of PSS employees among
manufacturing workers should be nearly identical to the proportion of THS employees
among manufacturing workers (6;). The reason is that multiplying the PSS assignment
probability by the level of PSS workers gives the fow of PSS workers going to manufac-
turing. This fow, however, is about equal to the fow of THS workers because non-THS
establishments within the PSS industry are not likely to provide workers to manufac-
turers since they act mostly as “matchmakers”.° Finally, we also use the CES data to
estimate P(i) appearing in (1).1*

°Figure 1 also shows the relationship between the PSS series and the Help Supply Services series (SIC
7363). The latter is a slightly broader category than purely THS ..rms: their digerence in employment
is of trivial size. Prior to the 1987 revision of the Standard Industrial Classi..cation scheme, THS ..rms
were classi..ed as SIC 7362 and were part of SIC 736. SIC 736 also included employment agencies (SIC
7361) and a residual category. The 1987 revision combined the THS ..rms and the residual category
(excluding facilities and continuing maintenance services).

10Non-THS establishments (SIC 7361) within the PSS industry are: chauceur registries, maid reg-
istries, model registries, nurses’ registries, ship crew registries, teachers’ registries, and employment
agencies. The share of non-THS establishment in total PSS employment was less than 15 percent in
1997. Non-THS employment does not contribute much to variations in PSS employment over time.

A well documented discrepancy exists between the CPS and CES reported levels of PSS (SIC 736)
employment, with the CPS ..gures below the CES numbers (Houseman and Polivka, 1998). The CES
..gures are taken as more accurate than the CPS ones because they are based on data provided directly
by the PSS establishments. The CPS, being a household survey, may be underestimating the true
number of PSS jobs because of misreporting by individuals. But correcting for this source of bias still
leaves a large discrepancy between the two series. Another possible explanation for the gap between
the two series is that the survey asks about primary jobs only while many PSS workers hold more than
one job. In any case, we assume that the discrepancy between the CPS and CES ..gures does not bias

12



The top chart in ..gure 1 plots the personnel supply services (SIC 736) series from
the CES, while the bottom chart plots the share of PSS and reported manufacturing
employment. The ratio of PSS to manufacturing employment increased from about 0.01
in 1972 to 0.16 in 1997. This 16-fold increase tells much of the story behind the surge in
PSS (in fact, THS) employment by manufacturers. As can be observed in equation (1),
the increase in ﬂl_.%(zi)ll translates directly into an increase in 6; holding the assignment
probability constant.

Associated with the CPS, we also have data from the Contingent Worker Supple-
ments to the CPS surveyed in February 1995 and in February 1997. In these supplements,
respondents are asked directly if they are paid by a temporary help supply agency. Fur-
thermore, the supplement also records their industry of assignment. Thus, these surveys
constitute the only direct evidence on the distribution of THS workers by industry of
use, P(ily = 1). In 1995, 33 percent of the THS respondents worked in manufacturing
but this proportion decreased to 28 percent in 1997. Rede..ning these proportions in
terms of PSS employment, we ..nd that in 1995 and 1997 about 27 and 22 percent of
PSS employees worked in manufacturing ..rms, respectively. Except for these two years
we do not know where PSS (THS) employees are actually working.

Before we proceed to estimate the bounds described in Proposition 1, we need to
deal with four issues. First, consistent estimation of the bounds requires that sample
proportions be consistent estimators of the corresponding probabilities appearing in the
bounds. This is possible when individuals in each cell de..ned by the values of X have the
same underlying probabilistic model of choice. In other words, X should capture as much
of the heterogeneity as possible across individuals when making their decision to be a
THS worker. This is a good reason for using a high-dimensional vector of characteristics
X.lz

The second issue is potentially more fundamental. The reported proportion of
individuals in the CPS with X = x working in industry ¢ underestimates P(i|x) because
it counts only non-THS workers employed in industry 4; it is omitting the number of

our estimates of P(i|X) and P(y = 1|X) based on the CPS. This is certainly true if the reasons for the
discrepancy are unrelated to the industry of assignment.

127 statistical reason, however, against using a large vector X is that the cells will have a lower
number of observations than those de..ned by a lower dimensional X . Thus, there is a trade-oa between
the precision of the estimated probabilities and the bias that results from not controlling for potential
heterogeneity across individuals. The balance between precision and bias in the estimation procedure
is an empirical issue to be decided case by case.

13



THS workers in industry . Because P(i|z) enters into the calculation of the bounds we
need to resolve this problem. To see this more clearly write,

P(ilz) = P(i,y =0]|z)+ P(i,y = 1|x)
= P(i,y =0lz) + P(ily = 1,2)P(y = 1|z)

The data identify only P(i,y = 0|z). We need to add P(i,y = 1|z) but in order to
correct for this “omission bias” we need to know the assignment probability P(i|y = 1, x),
which is precisely what we want to estimate. Not correcting for this bias underestimates
both bounds on the assignment probability. To correct for this problem we used an
iterative approach that takes into consideration the omission bias explicitly.®* The ..nal
results, however, were nearly identical to the estimates assuming the absence of such
bias.

The third issue arises when individuals actually employed by a THS agency report
industry 7 as their employer, i.e. they misreport. Then the count of THS individuals un-
derestimates the true number of THS workers and, consequently, the sample proportion
of THS workers is a downward biased estimate of P(y = 1|x). This source of bias can
also be corrected.

Speci..cally, among all individuals in the CPS reporting non-THS status (y = 0)
some are probably THS workers that did not answer the question correctly because of
some confusion about who was their actual employer: the industry that uses their labor
(e.g., manufacturing) or the industry that paid their wages (the THS industry). On the
other hand, it is reasonable to assume that individuals reporting THS status (y = 1) do
not make mistakes.

Let y* represent the true THS status while y continues to denote observed status.
Misreporting has implications for estimation of the bounds on P(ily = 1) because these
bounds require estimates of P(y* = 1|z) and P(z|y* = 1). With misreporting, the data
identify only P(y = 1|x) and P(z|y = 1) which dizer from P(y* = 1|z) and P(z|y* = 1),

13At the initial stage the bounds for the assignment probabilities were estimated using the sample
proportion "'J"V‘“ < in obvious notation, to estimate P(i|x) for each x. Then a ..rst pair of bounds, a( )( )

and ag)( ), were estimated using (6) and (5). We then used the mid-point of the estimated interval for
(1)
the assignment probability-a! (z) = M to reestimate P(ilz) using 2=0e + 71 (7) Tute

and derived new bounds for the assignment probabilities, a( )( ) and a(2)( ). If the mid-point of the
new interval disered signi..cantly from its previous value we reestimated P(i|x) and obtained a third
round of estimated assignment probabilities. This process was iterated until (pointwise) convergence of
@™ (zx), where n is the iteration stage.
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Ply"=1lz) = Py =1,y=1z)+ P(y" =1,y =0z
= Py"=1ly=12)P(y=1z) + P(y" = 1|y = 0,2)P(y = 0|x)
= P(y=1|z) + Ply" = 1|y =0,2) P(y = 0|z @)

observed misreporting rate

assuming that reporting THS individuals do not make mistakes.

Conditional on X = z, the true proportion of THS workers equals the observed
proportion of THS workers plus a percentage-the misreporting rate—of the observed
proportion of non-THS. Clearly,

P(y"=1) =>_ Py = 1|z)P(x) (8)

and,

Plaly’ = 1) = PUy" = Lok s ©

It follows from (7), (8) and (9) that given an estimate of the misreporting rate,
i.e., the probability that a reporting non-THS individual is in fact a THS worker, we can
adjust all observed proportions to form consistent estimates of the true probabilities.

Fortunately, the misreporting rate can be estimated from the Contingent Worker
Supplements to the CPS of February 1995 and February 1997. The supplement asks
each worker in the main CPS whether he was hired by a temporary help supply ..rm or
not. By comparing the worker’s answers in the supplement to the answers in the main
CPS, we can estimate P(y* = 1|y = 0, z) for these years.

Because we do not have information on other years we will assume that the mis-
reporting rate in every year other than 1995 and 1997 is equal to the average of the
misreporting rates in 1995 and in 1997. Note, however, that the probability of misre-
porting is conditional on X = z. To the extent that the mix of characteristics varies
across years, we may get signi..cant variation in the degree of misreporting in each year.

Having estimated P(y* = 1|x) for every value of X according to (7), we average
them using CPS population weights to estimate P(y* = 1) using (8). Given these
two estimates, we use (9) to estimate P(z|y* = 1). Finally, we use the estimates of
P(y* = 1]z) and P(z]y* = 1) to estimate the bounds in (6) and (5).
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The last point is related to the “omission bias” mentioned above. Observe that the
number of workers in industry i—the denominator in the de..nition of 6, in (1)-should
be the true number of workers in industry 4, that is, the reported number plus the THS
employees working in the industry. Thus, given an estimate of the assignment probability

P(ily = 1) (a point estimate if available or the bounds in Proposition 1), the estimated
probability of ..nding a THS worker in industry i is

Ny:l,i
ao_ ]3(2|y =1)Ny—
Ny—o,i+ P(ily = 1)Ny:1

Ny:l,i

(10)

where N, is the observed number of THS workers and N, ; is the reported number
of industry ¢ workers. N,—;;—the numerator in (10)—is the number of THS workers in
industry ¢ while the denominator is the (true) number of workers in industry ¢ including
THS workers, N; = Ny—q; + Ny—1,.

We estimated the bounds for the proportion of THS workers in manufacturing
using data from the March CPS tapes for the 1972-1997 period.* We also estimated the
proportion of THS hours in manufacturing following the same methodology.'®

After some experimentation with dicerent conditioning variables we decided on a
conditioning vector X that includes occupation (2-digit), state of residence, educational
achievement, gender, age and a dummy variable for whether the individual works part-
time or not.1®

For our choice of X, the estimates of the conditional probabilities P(:|X) and

Y¥The universe is de..ned as employed workers who, at the time of the survey, are not self-employed
and do not work in farms, ..shing or forestry. Each individual observation is weighted by its sample
population weight.

5For hours, we weighted each individual observation used in computing the bounds on the assignment
probabilities by the average hours worked by the individual during the week before the survey was taken.
Because there is no direct information on average weekly hours of PSS workers (SIC 736), N,—; in (10)
refers to the number of PSS hours obtained by multiplying PSS employment by average weekly hours
for help supply workers (SIC 7363).

18Excluding any of these variables makes the bounds slightly wider and including extra variables
acects the bounds just marginally. The variables that contributed most to the narrowing of the distance
between both bounds were, in order of importance, occupation, educational achievement and state
of residence. We avoided using more ..nely de..ned variables, such as occupation at the 3-digit level
of aggregation, because this reduces considerably the number of observations in some cells. We also
experimented with coarser breakdowns of the occupation and education variables—12 and 5 categories
in 1985, respectively—while keeping the remaining variables untouched. As expected, the bounds tend
to be tighter once ..ner breakdowns of each variable are allowed.
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P(y = 1|X) were generally based on cells with a small number of observations. For this
reason, we computed con..dence intervals around the bounds (derived in the Appendix).
In order to guarantee the feasibility of the computation of the con..dence intervals, we
did not use the cells-realizations of the vector X in which there was only one observation
(individual). This left us with about 8,000-13,000 cells, depending on the year.

Note also that the bounds on P(i|y = 1), and therefore on 6;, are estimated inde-
pendently for every year. Thus, the underlying function relating individual characteris-
tics to the probabilities of assignment is allowed to change over time, as suggested by
the description of the THS industry in section 2.

6 Estimates of Manufacturers’ Use of THS Workers

Table 1 shows the estimated bounds, and the mid-point of the interval for 6;. Estimates
for the proportion of THS hours in manufacturing begin in 1982 because the BLS payroll
survey does not provide information on the average hours of work in this industry for
the earlier period. A number of interesting points are worth emphasizing.

First, the bounds are quite informative. Second, both bounds exhibit an upward
trend over time as would have been expected from the anecdotal evidence on the increas-
ing use of temporary help supply arrangements discussed in the introductory section.
While in the ..rst years of our sample the lower bound for the probability of ..nding a
THS worker in manufacturing was negligibly dicerent from zero, after 1991 the lower
bound is consistently above 3/4 percent. The upper bound also presents a clear upward
trend, going from about 2/3 percent in the ..rst half of the 1970s to above 5 percent in
the late 1990s. In fact, the average lower bound for 6, in the 1995-97 period is larger
than the average upper bound at the end of the 1970s, strongly suggesting a regime shift
in manufacturers’ hiring patterns in the 1980s and 1990s.

This trend can be seen more clearly in ..gure 2 where the bounds and the midpoint
of the interval between the lower and upper bounds are plotted. Asymptotic 95 percent
con..dence intervals are quite tight and cannot be even noticed in the lower panel of
..gure 2.

Third, the bounds exhibit a cyclical pattern that is consistent with the idea that
manufacturers use this form of employment as an adjustment margin for sudden economic
shocks. For instance, as a response to the economic slowdown, the use of THS workers
decreased signi..cantly in 1991. Subsequently, from 1992 onwards manufacturers stepped
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up hiring of THS workers while leaving payroll employment below its 1991 level until
1995 (see discussion of table 2 in section 8.)

Figure 3 presents the bounds on the assignment probability (P(ily = 1)) as per
Proposition 1. Notice that the bounds here refer to the proportion of PSS employees
going to manufacturing. Unlike the bounds for 6;, these bounds exhibit a less discernible
trend. The mid-point between the bounds decreases slightly from about 29 percent at the
beginning of the sample to 23 percent at the end of it-about the same value obtained
from the Contingent Worker Survey for 1997. The bounds are also tighter in later
years, suggesting that the vector of worker characteristics, X, is a better indicator of the
industry of assignment in the latter portion of our sample. The dicerence between the
upper and the lower bounds at the beginning of the sample is about 50 percentage points
whereas, in the last two years of the sample, this dicerence declined to 30 percentage
points.

The relative stability of the assignment probability over time con..rms that the
increase in 6; is the result of the 16-fold increase in ﬂg%l (see ..gure 1). That is,
about 25-30 percent of PSS workers are absorbed by manufacturers every year. Over
time, however, there are substantially more THS manufacturing workers and less non-
THS manufacturing workers. As a result the share of THS workers in manufacturing
increased dramatically.

The reported bounds give us already a substantial amount of information on 6;.
Nevertheless, it is sometimes useful to have point estimates of the parameters of interest.
We will, in fact, use point estimates to address measurement issues in section 8. We
can compute three point estimates based on dicerent types of “identifying assumptions”
about the assignment probability.

First, in the absence of additional information, the mid-point between the bounds
is a reasonable choice for a point estimate.!’ As mentioned in section 3, a second point
estimate can be derived from the identifying assumption that P(y = 1|z,:) = P(y = 1|z),
i.e., the events “being a THS worker” and “working in manufacturing” are independent

"\We can ozer two justi..cations for using the midpoint of the interval as a point estimate of 6;. First,
the midpoint is the value of 6; that minimizes the maximal error. More precisely, if we choose any point
z in the interval [0;1,0;u7], the maximal error is Max {z — 0,1, 0;u — z}. The value of z that minimizes
this maximal error is the midpoint.

In addition, suppose 6; is an unbiased estimator of 6;, but ¢; itself is also a random variable. The
expected value of 6, conditional on a realized value of 0, is E(6;|0;) = 6;, and the unconditional expec-
tation is E(@i) = fz’f 0:f(0;)d0;,where f(0;) is the density function of 0. It is straightforward to prove

that if f(0;) is symmetric in the interval [0, 0,;] then E(0;) = 0, + =0,
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once we control for a vector of worker characteristics (see equation (3)). We call this
estimator the “conditional independence” estimator.

A third point estimate is obtained by making the identifying assumption that a
particular realization of X is su€cient to perfectly discriminate among the industries of
assignment. One such assumption made by Segal and Sullivan (1995) is that all (and
only) blue-collar PSS workers are employed by manufacturers. Setting X = occupation
and assuming P(ily = 1,z = blue collar) =1 and P(ily = 1,x = other occupation) = 0
implies 6, = £ (yzl,mlzjlz?)w collar) \vhich is straightforward to compute (see equations (1) and
(2)). We call this estimator the “blue collar” estimator.

All three point estimates are plotted in ..gure 4. All estimates suggest an upward

trend in the hiring of THS workers by manufacturers. There is even the suggestion of a
trend break at the beginning of the 1990s. As mentioned before, their movements over
time are consistent with the hypothesis that manufacturers have been using THS workers
as an adjustment margin to economic shocks.

Note that the “conditional independence” estimator mimics the behavior of the
mid-point estimator pretty well, except that it is shifted downward. The *“blue-collar”
estimator suggests that manufacturers were not using nearly as much THS workers in
the 1970s and in the 1980s as implied by the previous point estimates. This prompts a
more dramatic increase in manufacturers’ use of THS workers in the 1990s. It should
be pointed out, however, that some of the annual estimates in the 1980s fall below the
theoretical lower bound casting serious doubts on the validity of this particular identifying
assumption. The rejection of the “blue-collar” estimator shows that the bounds are useful
to assess the validity of particular point estimates.

7 Sensitivity Analysis

The bounds on the proportion of THS employees working in manufacturing are derived
from a theoretical construct. We just saw that their pattern over time conforms with
prior expectations, but is the level of the implied proportions sensible? Can they be ox
the mark?

To answer these questions, we bring additional information on the THS industry
which we use to estimate 6; for selected years. If these estimates fall within the bounds,
we will take this as supporting evidence for our methodology.

Our ..rst set of estimates is derived from the estimated assignment probabilities
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P(ily = 1) taken directly from the Contingent Worker Supplement (CWS) to the CPS of
February 1995 and February 1997. Given these P(i|ly = 1)s, we estimated 6, for manu-
facturing using equation (10). The probability of ..nding a THS worker in manufacturing
in 1995 and in 1997 was about 3.4 percent. The probability of ..nding an hour of THS
work in the manufacturing sector was about 2.8 percent in 1995 and a bit more in 1997.

A second set of estimates may be obtained by using information from the input-
output tables provided by the Bureau of Economic Analysis every ..ve years. When
wages of PSS workers and other fees are independent of their industry of assignment, the
proportion of the PSS industry’s output that goes to manufacturing—the input-output
coe€cient-may be used as estimates for the proportion of PSS hours used by the manu-
facturing sector. Input-output tables with the relevant information on the PSS industry
are available for 1977, 1982, 1987 and 1992.18

Figure 5 plots the CWS and the input-output estimates of #;: They are all con-
tained within the estimated theoretical bounds even though their underlying data come
from independent sources. The estimation problems associated with each set of estimates
notwithstanding, this ..nding is certainly comforting. In particular, the CWS estimates
are nearly identical to the mid-point between the bounds for 1995 and 1997. This result
certainly corroborates our expectation that the mid-points provide reasonable informa-
tion on the parameter of interest when no other information is available.

We can also use the CWS data for February 1995 and February 1997 on THS
workers’ characteristics and information on where they are actually working to shed
some preliminary light on the determinants of the assignment probability P(ily = 1).
A logit regression of the binary variable y = 1 on individual characteristics suggests
that well-educated, blue-collar THS workers have a higher probability of working in
manufacturing. The latter also increases for THS workers between 35 and 50 years
of age, for those living in the Midwest and for those living outside metropolitan areas.
Finally, the probability of being a THS worker in manufacturing declines if the individual
works part-time.*°

18The output of the PSS sector can be written as Y = w,, H,,, Ny, + w, H, N,., where the subscript
i = m,r indicates the industry of assignment (m = manufacturing and » = non-manufacturing), w;
= hourly wage plus hourly overhead fees, H; = average hours of work and N; = number of workers
assigned to industry i. If w,, = w,, then the proportion of PSS output going to manufacturing (the
input-output coeCcient) is the share of total hours of work going to manufacturing. However, we do
not have information on the evolution of the gap between w,,and w, and the estimates of # based on
the input-output tables should be viewed with caution.

19Detailed results appear in the working paper version of the paper and are not presented here to
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Actually, the estimated coe€cients in the logit regression can be used to forecast
the probability that a THS employee works in manufacturing using data on PSS workers’
characteristics from the March CPS tapes in each year between 1972 and 1997. The
estimate of P(i|ly = 1) is the weighted average of the individual predicted probabilities
using CPS population weights. 6; is calculated by plugging the estimates of P(ily =
1) into equation (10) in every year.?® The predicted CWS-CPS proportions of THS
employees and hours in manufacturing using the March CPS ..les all fall within the
estimated bounds lending further support to our methodology.

8 Implications for Employment and Labor Produc-
tivity in Manufacturing

As suggested in section 6, in the absence of additional information, we can use the
mid-point estimate of the interval generated by the bounds on #;. Then, combining the
mid-point estimates for the period 1972-1994 and for 1996 with direct information on
the industry assignment of THS workers in 1995 and 1997, we get a complete time series
for #;. With such an estimated time series for ¢, in hand we can provide quantitative
answers to several interesting questions.

8.1 How many people actually work in manufacturing after ac-
counting for THS?

Let V; and N;,—o be the true and the reported number of workers in manufacturing
respectively. Then,

N; = Ny +0;N;

conserve space. The regressors are occupation, educational level, race, gender, age, part-time status,
region of residence and a binary variable for living in a metropolitan area. To increase the sample size,
we pooled the 1995 and 1997 surveys and included a dummy variable for 1997.

20\We should note that the logit forecasting exercise is based on very strong assumptions. First,
the discrete choice model needs to be correctly speci..ed both in terms of the variables azecting the
assignment probability and in terms of functional form. Second, we need to make the crucial assumption
that the parameters of the model remain unchanged over time. This is a problematic assumption in
view of the dramatic changes experienced by the THS industry at the beginning of this decade. Third,
the discrete choice approach is limited to high industry aggregation levels because it will be extremely
diccult to pursue at more disaggregated levels due to the lack of enough observations per industry.
Finally, the model is ..tted using the universe of THS employees but the assignment probabilities are
forecasted using data on PSS employees.
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Niy=o
— N; = Tyﬁz
A similar formula is used for hours. Figure 6 plots the reported series of manufacturing
employment (V; ,—o) and hours from the CES and the respective series adjusted for THS
employment and hours. Columns 1 and 3 of table 2 report the data underlying ..gure
6, while the second column displays the time series of THS workers in manufacturing
(0;N;) using the estimated time series for ;.

Between 1991 and 1997 the number of THS workers in manufacturing expanded at
an annual rate of 11 percent. As a consequence, manufacturing employment adjusted for
THS workers grew at about 0.5 percent at an annual rate whereas reported employment
grew only at half this rate. Put it dicerently, between 1991 and 1997, manufacturing
payroll employment increased by about 271,000 persons, but the inclusion of THS workers
elevates this ..gure to 580,590. Hours worked exhibit a similar pattern.

In addition, accounting for THS workers, manufacturing employment returned by
1997 to within 450,000 workers of its 1989 level (a peak year) in contrast to CES ..gures
that place manufacturing employment at 715,000 workers short of the 1989 level in 1997.
Moreover, the decline in manufacturing hours between the local peak in 1989 and 1997-
about 1.25 percent—virtually disappears once THS workers are taken into account.

These ..ndings are consistent with the view that the THS industry has been fa-
cilitating rapid changes in the level of employment in ..rms that otherwise would be
more reluctant to change their permanent labor force in the face of what may be tem-
porary changes in demand conditions. Furthermore, the level of THS employment in
manufacturing at the end of our sample is signi..cantly high by historical standards,
suggesting that, in the event of a downturn, much of the adjustment in labor input can
be accomplished with small ecects on the reported manufacturing payroll employment
series.

8.2 How variable, and cyclical, is THS employment in manu-
facturing?

The year-to-year variation in THS employment and hours is of an order of magnitude
larger than for non-THS. The coeCcient of variation of non-THS manufacturing employ-
ment is about 0.04; the coeCcient of variation for manufacturing THS employment is
0.7.

The estimates of THS workers suggest a noticeable degree of cyclicality in manu-
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facturers’ use of THS hours and employment. The wedges between each adjusted and
the unadjusted series are smaller during the downturn of the beginning of the 1990s and
widen during the subsequent expansion. These estimates are also consistent with the
anecdotal evidence pointing to a large increase in manufacturing THS employment at
the end of the 1980s.

8.3 How does the use of THS workers acect the measurement
of labor productivity?

The dizerences in the levels and growth rates between the reported data and the data
adjusted for the use of THS workers imply that reported labor productivity is overstated
in the manufacturing sector and understated in the service sector.

Columns 3 and 8 in Table 3 show the o¢cial (BLS) statistics for labor productiv-
ity growth. The bottom part of the table illustrates the puzzle that has been voiced by
policy makers, academics and the popular press. The trend growth in manufacturing
labor productivity is signi..cantly larger than the trend productivity growth in the whole
non-farm business sector. For instance, during the period 1982 to 1997, manufacturing
labor productivity grew at an annual rate of 3.2 percent while labor productivity in the
non-farm business sector grew at an annual rate of 1.8 percent. Furthermore, while ag-
gregate productivity growth has not changed much since the 1980s, manufacturing labor
productivity has accelerated substantially. How much of this wedge can be accounted
for by the mismeasurement of the labor input?

Column 4 reports all persons hours adjusted for hired THS hours in manufacturing.
Comparing columns 3 and 5 gauges the ecect on measured productivity growth of ad-
justing for THS hours in manufacturing. As expected, the ezect is strongest during the
1990s when the use of THS workers picked up. On this account, between 1991 and 1997
the average growth rate of labor productivity in the manufacturing sector was biased
upward by 0.27 percentage point per year. In other words, adjusting for the increase
in the use of THS workers lowers the measured growth rate of productivity during this
period from about 3.9 percent per year to 3.6 percent per year.

The small dicerences in the growth rates accumulate over time. Assuming that 6;
is zero before 1982 and thereafter given by the mid-point estimates and the direct survey
evidence for 1995 and 1997 implies that the productivity level in 1997 was about 2.5
percent lower than the reported one. Nevertheless, THS-adjusted productivity still ac-
celerates in the 1990s and the full explanation for the divergence between manufacturing
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and non-farm business productivity growth lies elsewhere.?!

9 Conclusions

The goal of this paper was to estimate the extent to which the manufacturing sector is
outsourcing labor from the service sector via the hiring of THS workers.

We develop a new methodology to estimate the proportion of THS employees work-
ing in other industries. Our approach uses minimal assumptions and is non-parametric.
It consists of establishing bounds for the probability that a THS worker does indeed
work in a manufacturing industry. We develop conditions under which these bounds are
tight and estimate them using readily available data from the March tapes of the CPS.
In the same spirit of Manski’s work (1995), this methodological framework may be used
more generally to put bounds on conditional probabilities that are not directly observed
by the researcher. These bounds are not just useful by themselves but also provide a
powerful tool to assess the reliability of point estimates for the parameter under study.

In our particular application, the estimated bounds are informative and con..rm
that manufacturing ..rms have increased the use of temporary help supply workers during
the 1990s. Accounting for THS workers, manufacturing employment returned by 1997
to within 450,000 workers of its 1989 level (a peak year) in contrast to BLS payroll
..gures that place manufacturing employment at 715,000 workers short of the 1989 level
in 1997. Moreover, the decline in manufacturing hours between the local peak in 1989
and 1997-about 1.25 percent—disappears once THS workers are taken into account.

The time series behavior of the estimated series of THS employees (hours) in man-
ufacturing is consistent with the hypothesis that manufacturers have been using this
type of work as a buwzer to economic shocks. However, accounting for THS employ-
ment explains only a small part of the divergence between labor productivity growth in
manufacturing and elsewhere in the 1990s.

21Most economists would single out the mismeasurement of output outside the manufacturing sector
as the most likely explanation for this productivity gap. At the core of this argument lies the suspicion
that the price detators used by the Commerce Department to get real output data from nominal output
series overstates the actual infation in the service sector and thus understates real output growth outside
manufacturing. Others, e.g., David (1990), suggest that the gains from the new information technologies
are yet to come: while manufacturers have appropriated some of these gains, its dicusion to the rest of
the economy is slow.
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A Appendix

In this appendix we show how to construct con..dence intervals for the bounds on 6;.
First, because the number of observations in the CES is very large we treat the sample
proportions of individuals working in manufacturing and in the PSS industry as the true
parameters P(i,y = 0) and P(y = 1). The number of observations of individuals working
in the PSS sector in the CPS is also succiently high to treat the sample proportion for
PSS individuals with characteristics z as the true probability P(z|y = 1).%

The cells de..ned by the dicerent realizations of the vector X, however, do not have
that many observations. Even though we excluded from computation of the bounds those
cells that have a single observation, we still have many cells with 2, 3, etc. individuals.
Thus, the estimates of P(y = 1|z) and P(i|z) may not be very precise. In this appendix
we show how to build con..dence intervals for P(y = 1|x) and P(i|z) and how to use
them to construct asymptotic 95% con..dence intervals for the bounds on 6;.

Note that y;—the binary variable indicating whether individual j having character-
istic « is a THS worker or not-is a Bernoulli variable with probability P(y = 1|x) = 7(z).
Similarly, i; is the Bernoulli variable indicating whether individual j works in industry
i with probability A\(z) = P(i|z). An easy way to construct a con..dence interval for
these probabilities is to rely on the asymptotic distribution of sample proportions. It is
straightforward to show that 95% con..dence intervals for 7(z) and A(z) are given by

?LA(Q:) /7;UA(37) -
~(2) — 1.6, | 2@ L= 7(@) - 7(z) (1 — 7(x)
7i(x) 1.96J P () + 1'96J e
Mz) — 1.96J Ma) (1-A@)) Nx) + 1.96J Mo) (1= ()
n(@) n(@)
L /)\\L(a:) ’XU(m)

where n(z) is the number of individuals having X = z and 7(z) and A(z) are the
sample proportion of those individuals who are THS workers and of those individuals
working in industry i, respectively.

22For instance, the March CPS tapes have between 275 and 400 observations for the PSS industry in
every year after 1985.
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Recall that the upper bound on the assignment probability is

g [PV
o = S in { g L1 ety =

An asymptotic 95 percent con..dence interval for oy is then

Cl(ay) = lz Min { fLE”’;; , 1} P(aly = 1), Min {XU(””) : 1} P(zly = 1)]

and, analogously, an asymptotic 95 percent con..dence interval for

B - P(ilz) + P(y =1]z) — 1 el —
os.= 3 oz {0 UL = Pty =

()

5, Ma {0, M2 plafy — 1)

7TL(33)

5. Mag {0, Mt oy — 1)
CI(QL) =

It follows that an asymptotic 95 percent con..dence interval for the upper bound on

0; is, therefore, ——Lw=1) x CI(ay), while the corresponding con..dence interval
P@,y=0)+arP(y=1)
for the lower bound on 6; is Plu=1) x CI(ay).

P(i,y=0)+ay P(y=1)
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