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Response Error and the Union Wage
Differential

Christopher R. Bollinger*

Broad variation in estimates of the union wage gap has perplexed labor economists. One spec-
ification error that is consistent with the observed variation is measurement error in reported
union status. This article applies results of Bollinger (1996) to estimate a range for the union
wage gap. Both a cross-sectional model and a fixed-effects model are estimated. In order for
the true coefficient in the fixed-effects model to be bounded below the true coefficient in the
cross-sectional estimates, measurement error would have to be less than 0.8%. The difference
between the fixed-effects estimates and the cross-sectional estimates is primarily due to mea-
surement error rather than to unobserved heterogeneity. An examination of differences in returns
{o union membership by industry, occupation, and educational level shows that these differences
are largely robust to measurement error. Many of these differences would be found even if
error rates were as high as 10% or more.

1. Introduction

An array of empirical estimates for the union wage differential has resulted from the variety
of approaches to estimation. Lewis (1986) reviews the vast literature that attempts to estimate
the union wage effect. Two extremes are represented by Mincer (1983), who estimates the wage
differential to be 0.01, while Farber (1990) reports an estimate of 0.26. Clearly, specification
error is the root cause of these differences. The literature has focused upon unobserved hetero-
geneity in worker status as the main specification error. Frequently, estimation approaches based
on “within" estimators applied to fixed-effects models using panel data are used to account for
the possibility of unobserved heterogeneity. As would be predicted by unobserved heterogeneity,
Lewis (1986, p. 94) reports that “‘the panel wage gap estimates surveyed in the chapter on the
average are roughly half as large as the corresponding cross-section estimates.” This is often
taken as evidence for bias in the cross-section estimates due to the presence of fixed effects.
However. these results are also consistent with measurement error in the report of the union
status. Indeed, chapter 5 in Lewis (1986) focuses upon this possibility: “‘the difference might
be the result of union status measurement error’” (p. 94).

This article applies results of Bollinger (1996) to compare the effect of measurement error
on cross-sectional estimates and panel estimates of the union wage differential. Bollinger ( 1996)
establishes bounds for the slope coefficients of a linear regression when a binary regressor is
thought to have measurement error. The results here do not identify a point estimate of the
union wage differential; they relax many of the assumptions that are required to obtain the point
estimates. These bounds serve the purpose of sensitivity analysis as called for by Leamer (1985).
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Bounds for parameter estimates answer the question, “How sensitive to measurement error are
the results we typically observe?” The results below establish that, in the presence of no prior
information on the extent of measurement error in the union status, a remarkably wide range
of estimates for the union wage differential are allowed: in cross section, from 15% to over
600%, and in fixed-effects panel model, from 5% to over 4000%. In spite of the wide range
demonstrated by the bound, the analysis here reveals a number of important results. First. the
bounds for the cross section are much tighter than those for the fixed-effects estimates, clearly
demonstrating the extraordinary impact of measurement error on “within” estimators: The
cross-sectional estimates are much less biased by measurement error. The upper bounds repre-
sent a case of maximal meuasurement error; additional information will substantially tighten
these bounds. This allows the hypothetical question “How low does measurement error have
to be for the panel estimates to be bounded below the cross sectional estimates?” to be answered.
The results are striking: There must be less than 1% misclassification. a rate substantially lower
than any estimates currently available, These two points suggest, as Lewis (1986) argues, that
the cross-sectional estimates may be more reliable than the panel estimates. This implies that
the differences between cross-sectional and fixed-effects estimates of the union wage differential
are due to measurement error rather than unobserved heterogeneity.

This article also examines how robust differences in returns to union status across occu-
pation, industry, and educational groups are to measurement error. It has typically been found
in cross section that the union wage differential varies across these groups. One possibility for
this finding is that the error rates differ across these groups. Here, many of the differences
typically found in the union literature appear to be quite robust to measurement error: Rates
even as high as 10% would support differences in some categories. In particular, it is found
that workers in the construction and retail industry earn the highest union premium, but differ-
ences between construction and retail may be due to measurement error, Manufacturing and
service industry workers earn the lowest (and a negative return for the financial industry), but
measurement error may be the reason for differences between them. It is also found that service
occupations and operators, fabricators, and laborers have the highest union premium, but mea-
surement error may account for differences between service and operators, fabricators and la-
borers. Also. measurement error may account for differences between precision production craft
and repair occupations and technical sales and administrative support. The educational findings
are somewhat stronger. The return to union membership for those with no high school is clearly
higher than any other category. The return to union membership is next highest for high school
graduates and is clearly larger than for those with college. This relationship appears robust to
measurement error.

This article differs from Bollinger (1996) in three important ways. Bollinger (1996) derives
and proves the theorems upon which the analysis here is based. The theoretical results are the
primary contribution of that paper. That paper uses a small subsample of the outgoing rotation
groups of the May 1985 Current Population Survey (CPS) to illustrate the bounds and has a
limited set of analysis examining the sensitivity of the bounds to additional information. This
article extends the methodology in Bollinger (1996) to include *“‘within®™ estimators applied to
panel data. The methodology then allows a comparison between panel and cross-sectional
bounds. which is a major focus of this article. This article also examines union differentials by
six industry and six occupational categories and establishes that some of the differences in
returns to union status may be due to differential response error across industry or occupational
group, but some of the differences are robust. Finally, this article examines union differentials
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by educational level. Here, in contrast to the occupation and industry category, the differences
in return to union status are found to be quite robust to measurement error. The article also
differs in a number of other dimensions: The sample includes all outgoing rotation groups from
1989, resulting in a much larger sample than in Bollinger (1996). The sample here is composed
only of prime aged men, removing questions concerning selection of women into the labor
force.

That measurement error exists is quite well documented. An excellent survey can be found
in Bound, Brown, and Mathiowetz (2001). Freeman (1984), Peracchi and Welch (1995), Bound
and Kreuger (1991), and Bollinger (1998) all explore measurement error in the CPS. Some
papers that attempt to address measurement error in union status reports are Chowdhury and
Nickell (1985), Mellow and Sider (1983), Freeman (1984), Jakubson (1991), Card (1996),
Hirsch and Schumacher (1998). and Budd and Na (2000). In Mellow and Sider (1983), Freeman
(1984), and Card (1996), auxiliary data from the 1977 CPS employer-employee match were
used to estimate the misclassification rate in CPS reports of union status. This approach has
considerable appeal. However, in order to use the matched data, one of two approaches is taken.
Both Mellow and Sider (1983) and Freeman (1984) assume that the employer report of union
status is without error. While certainly possible, Card (1996) argues convineingly that it is
improbable. Card (1996) then assumes that the employer and employee can both make errors,
but then must go on to assume that the error processes are independent yet have the same error
rate. He further must assume that the rate of classifying union workers as nonunion is equal to
the rate of classifying nonunion workers as union. Again, while possible, these are not trivial
assumptions. Another concern when using the 1977 match data is the differences in the CPS
questionnaire. Many of the reforms (both in 1988 and again in 1991) were designed to reduce
measurement error. For a review of these reforms, see Polivka and Rothgeb (1993).

Chowdhury and Nickell (1985) do not arrive at estimates that are free from measurement
error, but argue that an instrumental variable approach, using multiple years of union status
data, reduces the bias. Similarly, Hirsch and Schumacher (1998) examine the effect of removing
observations with allocated union status or proxy interviews. The data used here remove allo-
cated observations, but Bollinger and David (1997) find that proxy interviews are at least as
accurate as actual interviews. Hirsch and Schumacher (1998) further explore using changes in
occupation or industry coincident with changes in union status to reduce measurement error.
Budd and Na (2000) argue that agreement in reports across years indicates more likelihood that
the reports are accurate and use this information in cross-sectional estimates. Jakubson (1991)
uses a method of moments approach, which is quite general but, among other problems, requires
a minimum of three annual observations on each individual. While Jakubson’s approach is
useful, it cannot be applied to the main data set of choice for estimation of the determinants of
wages: the Current Population Survey. Other data sets are less reliable due to sampling frame
and sample size. In each of these studies, however, the authors find that the differences between
the cross-sectional estimates and estimates based on a fixed-effects model are due largely to
measurement error.

Section 2 of this paper briefly describes the effect of misclassification in the union status
variable on estimates of the wage differential and summarizes the results from Bollinger (1996)
for the linear model. In section 3, general descriptive statistics and traditional regression results
are reported. Section 4 compares and contrasts the general bounds for the cross-sectional and
fixed effects models described in section 2. In section 5, the union wage premium is examined
by industry, occupation, and educational attainment. Section 6 contains concluding remarks.
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2. Methodology

It has long been understood that measurement error in explanatory variables causes least-
squares estimates of parameters in a linear model to be inconsistent. This fact was pointed out
by econometricians as early as Frisch (1934), Koopmans (1937), and Reiersal (1950). A number
of identifying assumptions have been suggested to remedy this situation; see Fuller (1987) or
Aigner et al. (1984) for excellent surveys. The literature on measurement error focuses on the
classical errors-in-variables (CEIV) model. This model assumes that the observed variable dif-
fers from the true variable by a random component that is uncorrelated with all other variables
in the model.

The CEIV model cannot be used as a framework for the problem of response error in the
union status variable. If Z is the union status variable (Z = | if the worker is a union member,
zero otherwise), the difference between the true union status variable and the reported union
status variable, X — Z, cannot be uncorrelated with the true union status variable. The response
error can be either 0 or | if Z = 0, and it can be either 0 or —1 if Z = 1. Model I is a simple
binary misclassification (BEIV) model:

Y=o+ BZ+ u, Elu|Z] =0 (1)

PriX = 1|Z Y] =1 - ¢)Z + p(l — Z) (2)
PriX = 0|Z Y] = gZ + (1 = p)(1 — Z), (3)
ptHag=l. (A1)

The researcher is only able to observe the pair (¥, X,] and wishes to estimate B. The
variable X is the reported union status variable. The variable Z is the true union status. Hence,
p is the probability of being classified as a union member when the individual is not in a union:
q is the probability of being classified as not in a union when the individual is actually a union
member. The assumption that p + ¢ < 1 insures that covariance of the true union status and
the observed union status is positive. In other words, the measurement error is not so severe
that the definition of the variable has been reversed.

Aigner (1973) studied this type of model and showed that, as in the CEIV model. the
ordinary least squares (OLS) estimate of B is biased toward zero, and in general, B was not
identified. Rather than impose further possibly erroneous restrictions on the model to gain
identification, the approach taken here establishes bounds on the model parameters. The idea
of bounding parameters in the classic errors-in-variables model was first suggested by Frisch
(1934) and extended by Koopmans (1937). Further extensions by Klepper and Leamer (1984)
and Klepper (1988) have been considered.

Bollinger (1996) establishes bounds for the parameters of the BEIV model, which are
applied here. In the simple model above, the lower bound is the slope coefficient () from the
least squares regression of ¥ on X. This simply uses the well-known result that the OLS slope
is attenuated due to measurement error. In classical measurement error models, Frisch (1934)
first established that the inverse of the reverse regression (d) provides an upper bound; that is,
by regressing X on ¥ and taking the inverse of the resulting slope (), an upper bound for the
true parameter [3 can be found. In the BEIV model. this upper bound can be improved upon.
The additional information implied by the special distribution of the response error leads to an
upper bound that is a linear combination of b and d. Specifically, Bollinger showed that
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Phb =+ (L —P)d
B = max (4)
1 = £ + P.d,
where P, is the mean of the observed X (sample proportion of ones). In addition to the bounds
on B, Bollinger (1996) provides bounds on p and g. Bollinger (1996) also extends the results
to include other regressors. The modified bounds are then

Pl — R2)b + (1 — P,) + P,R:)d

o

1 =21 = R2)b + (P, (I = PIR:)d,

W

P = max (5)
where b is the slope coefficient on X from the regression of ¥ on the mismeasured X and any
other regressors W, d is the inverse of the slope coefficient on ¥ from the reverse regression of
X on ¥ and other regressors W, and R2, is the R? from the regression of X on the other regressors
W. Throughout this article, these regressors W are assumed to be measured without error. An
additional key assumption is that the measurement error process is independent of these re-
gressors W. There are three important aspects to interpretation of the bounds that need to be
discussed. The first are the conditions associated with § being equal to the upper or the lower
bound. The second is the interpretation of estimated rather than population bounds. The third
is how the approach can be extended to apply to models with other regressors and fixed effects
models.

The lower bound is achieved when no measurement error is present. As is the case with
all measurement error bounds, the lower bound is consistent with no measurement error: The
only stochastic aspect to the relationship between ¥ and X is due to the residual u. The upper
bound is consistent with maximal measurement error: The only stochastic aspect Lo the rela-
tionship between Y and X is due to measurement error. In contrast with the CEIV model, at the
upper bound, the measurement error must be allocated to errors of omission (X = 0 when Z =
1, represented by ) or errors of commission (X = 1 when Z = 0, represented by p). The upper
bound is then associated with a particular allocation of errors of omission and commission. The
upper bound is associated with a lopsided error process. Either p will be zero and g will be
large or ¢ will be zero and p will be large. This allows the researcher to determine if the
particular process necessary to achieve the upper bound is sensible.

Estimated bounds can be interpreted one of two ways. The first parallels the classical
interpretation of point estimates: The estimated bounds are an estimate of the true parameters
of interest, the upper and lower bounds. In population, these bounds would be a 100% confi-
dence interval. In sample, one can construct a 95% confidence interval around each bound’s
estimate.

However, another very interesting interpretation is available. The estimated bounds must,
by definition, contain the estimate of B that would be obtained if this data set did not have any
measurement error: that is, if the researcher were suddenly given the correct data for Z in this
particular sample and were to utilize OLS to estimate Equation 1, the estimate 3 would lie
within these bounds.

In the empirical section, a model including additional control variables is estimated. Bounds
for slope coefficients on all variables are presented. These hounds are referred to as the left and
right bounds. The lower bound on the union coefficient is associated with a bound on each of
the other coefficients in the model. These terms are collectively called the left bound. The upper
bound on the union coefficient is associated with a bound on each of the other coefficients in
the model. These terms are collectively called the right bound. For some variables. the left
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bound is the lower bound (e.g., the union coefficient and education coefficient). For other cases,
the left bound is the upper bound (e.g., the experience coefficient and the race coefficient). A
particular feasible value of B, implies a particular set of values for the other coefficients B,.

The results in Bollinger (1996) do not specifically consider fixed-effects models but can
be extended to cover this case. Equation | would be modified to

Yi=a+ BZ, + 0, + u, (6)

The error terms u, are assumed to be mean zero and mutually independent both across indi-
viduals and over time, One approach to estimation is to include an N — | vector of dummy
variables (8;) for each individual, thus making the empirical specification
N-1
Y. =o+BZ, + 2 5,0, + u,, (7)
j=1

where &, = | if i = jand is zero otherwise (an excellent discussion of estimating fixed effects
models can be found in Wooldridge 2000). This specification is algebraically equivalent to the
more popular differences-from-means approach. In data where only two periods are observed,
the estimates are algebraically equivalent to first difference estimates as well. The dummy
variable specification, though, is easily analyzed using the results of Bollinger (1996). The vector
of dummy variables is now just a part of the “‘other regressors™ W. The assumption that the
measurement error process be independent of W now implies that the error propensity is the
same across all individuals. It rules out fixed effects in the error process. This is equivalent to
the assumptions made by Freeman (1984), Jakubson (1991), Card (1996), and Budd and Na
(2000). Additionally, it tightens the bounds on the response error rates p and ¢. In Bollinger
(1996), it is shown that p < P,(1 — RZ X1 — bld) and g < (1 — P)(1 — R2)(1 — bld). The
R* from the regression of X on all other regressors, including the N — 1 vector of dummy
variables, is, of course, very large. But it does not result in tighter bounds on B. The additional
information provided by the presence of other regressors is useful in reducing the potential total
amount of response error but, because these regressors also significantly reduce the amount of
other error (the variance of u), measurement error potentially increases as a percentage of total
error in the system.

The methodology in Bollinger (1996) also allows external information about p and g to
be applied to result in tighter bounds. This allows two types of approach: First, information
from validations studies such as Freeman (1984) can be used to tighten the bounds. Second,
one can turn the question around and find levels of p and g that would support a particular
range for the union coefficient. While Bollinger (1996) uses the former approach, this article
makes extensive use of the later approach in examining the robustness of standard results to
the possibility of measurement error. It should be noted that there are many ways to bring in
additional information to tighten the bounds. As noted above. the width of the bounds is due
to randomness in the structural model (as represented by the variance of the error term i) plus
randomness in the relationship between observed union status and the reported union status.
The bounds above are derived by allocating the total amount of randomness to one category or
the other. Placing limits on the measurement error rates (p and g) forces more of the total
randomness to be allocated to the structural equation (in terms of the variance of u). Klepper
(1988) uses another approach; by placing lower limits on the amount of randomness attributed
to the structural equation, he is able to achieve tighter bounds. Another approach may be to
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bound the range of the dependent variables (which would result in a bound on the variance of
u). However, each of these approaches will have a corresponding bound achieved by limiting
p and g; that is, any approach that uses other information to achieve tighter bounds can be
recast in terms of bounds on p and g.

3. Data

The data used in this study are from the 1989 and 1990 Current Population Survey (CPS)
outgoing rotations (rotation groups 4 and 8). All respondents in the outgoing rotation groups
of the survey are asked questions about union status and earnings. The sample analyzed here
consists of adult males aged 18 to 65 in rotation group 4 during 1989 and rotation group 8
during 1990 who worked full time in nonagricultural private wage and salary positions in the
week prior to the interview. The 1989 and 1990 samples are matched based first upon household
identification number and line number. The resulting matched pairs were then checked for
agreement on age, race, and education. Individuals whose age decreased or increased by more
than two years were eliminated. Approximately 5% of the sample either reported the same age
as the previous year or an age two years larger. This variation was allowed due to differences
in timing of the interviews from year to year. By definition, one would expect the outgoing
rotation interview to fall in the same month as the birthday of 8% of the sample. Therefore, a
possibility exists that the interview in 1989 occurred prior to an individual’s birthday but the
interview in 1990 occurred after or vice versa (for a more complete discussion, see Peracchi
and Welch 1995). No changes in race were allowed. Since only men were matched, this also
ensures no changes in gender. Individuals whose education decreased or increased by more than
one year were discarded. This results in a sample of 14,347 individuals for two years, a total
of 28.694 observations. Table 1 presents descriptive statistics of the matched sample for the
variables used in the analysis. The reported means are based on 1989 values but are consistent
(given the matching procedure) with the corresponding 1990 values (e.g.. experience is one
year larger but education remains unchanged).

The CPS reports the responses to two union status questions. In this study, the union status
variable is one if the person is a union member. Table 1 shows 20% of the respondents report
membership in a union. Additionally, the CPS asks nonunion members if they are covered by
a collective bargaining agreement. Table 1 shows that 22% of the respondents are either union
members or covered by such an agreement (2% are covered nonmembers). The results below
are not appreciably different if the broader member or covered nonmember variable is used.
Budd and Na (2000) and Jones (1982) both find differences in return between union members
and covered nonmembers, so this article focuses on the union member return.

In addition to log wages and union status, measures of education in years, experience (age
— education — 6) in years, and race (one if black) are also used. The data are also subdivided
into broad industry and occupation categories. Descriptive statistics for these variables are re-
ported in Table 1. The eighth row of Table 1, titled Raw union differential, gives the difference
in average log weekly wage between union and nonunion workers. The standard error of that
estimate is reported in the standard deviation column.

Table 2 provides traditional OLS estimates of a standard cross-sectional wage equation and
estimates of the fixed-effects model. As is typically found, the union coefficient is positive and
statistically significant, with the cross-sectional estimate substantially larger than the fixed-ef-
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Table 1. Sample Means (Based on 1998 Observations of Matched Panel, N = 14,347)

Variable Mean Standard Deviation
Hourly wage 13.36 7.48
Log wage 2.46 0.52
Union member 0.20 0.40
Union coverage 0.22 0.41
Education 13.12 2.63
Experience 19.61 11.35
Black .07 0.26
Raw union differential .08 0.007
Industries
Construction 0.096 0.29
Retail 0.123 0.328
Transportation, communications, and utilities 0.105 0.307
Wholesale 0.072 0.258
Manufacturing 0.377 0.485
Services industry 0.151 0.358
Financial, insurance, and real estate 0.058 0.235
Occupations
Service 0.049 0.216
Operators, fabricators, and laborers 0.259 0.428
Precision production, craft, and repair 0.245 0.430
Technical, sales, and administrative support 0.201 0.401
Managerial and professional 0.247 0.431
Education
No high school 0.044 0.02]
Some high school 0.083 0.28
High school graduate 0.426 0.49
Some post high school 0.198 0.40
College plus 0.246 0.44

fects estimate. The 15% wage gap implied by the estimate is in the range typically reported
(Lewis 1986, Tables 4.1, 4.2, 5.1, and 5.3), while the 5% estimate in the fixed-effects model is
typical also. Other coefficients are not remarkable. The return to education is 9% per year.
Experience has the usual diminishing marginal returns shape. Being black reduces wages by
approximately 21.5%. This is consistent with other findings.

4. Comparison of Cross-Sectional and Fixed-Effect Bounds

The most general set of bounds estimable is for the case where the only assumption about
the error rates is Al, which requires p + ¢ < | and the independence from other regressors.
Table 3 presents these bounds for both the cross-sectional model and a model with fixed effects,
Since the left bounds are consistent with no measurement error, they are simply the slope
coefficients from the OLS regressions presented in Table 2. Heteroskedastic consistent standard
errors are reported in parentheses below each parameter estimate.

As can be seen in Table 3, the right (or upper) bounds on the union status variable are
very large. The right bounds on other coefficients are also remarkable. The cross-sectional
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Table 2. Base Regression Results

Cross Section Fixed Effects
Constant 0.732 -
(0.018)
Union 0.154 0.052
(0.006) (0.010)
Education 0.096 0.107
(0.001) (0.012)
Experience 0.038 0.084
(0.0008) (0.004)
Experience? —0.0006 —0.0006
(0.00001) (0.0001)
Black —0.215 -
(0.010)
Sample size 14,437 28,694

Cross-sectional estimates based on 1998 observations of the matched 1998/1999 outgoing rotation group panel.
Fixed-effects estimates use differences from means.

results place the union wage differential in the interval [0.15, 6.73]. The fixed-effect bounds
are even wider, placing the union wage differential in the interval [0.05, 48.45]. Most would
argue that a union wage differential of over 600% is not possible, and a differential in the
4800% range might be called ridiculous. Recalling that the upper bounds in each case are
consistent with maximal error, the upper bound is not likely to be achieved. However, in the
absence of additional information, this is the range supported by the data.

Prior to further examining the relationship between the cross-sectional and fixed-effects
models. it is instructive to consider the bounds on other parameters. In the cross-sectional results,
the intervals for black. [—0.22, —0.67], and education, [0.10, 0.34]. do not cross the origin,
suggesting that current estimates of the return to education and the effect of race are too low
in magnitude due to response error in union status. However, the general conclusions that being

Table 3. Bounds for Both Models, Comparing Cross-Sectional to Fixed-Effects Model

Cross-Sectional Model Fixed-Effects Model
Left (Lower) Right (Upper) Left (Lower) Right (Upper)
Constant 0.732 —2.886 — —
(0.018) (0.11)
Union 0.154 6.73 0.052 48.22
(0.006) (0.258) (0.010) (9.63)
Education 0.096 0.336 0.107 —(.008
(0.001) (0.009) (0.012) (0.46)
Experience 0.037 —0.062 0084 =().144
(0.0009) (0.006) (0.004) (0.134)
Experience? —0.0006 0.001 —0.0006 0.007
(0.0001) (0.0001) (0.0001) (0.003)
Black —(.225 —(0.6659 — —
(0.024) (0.087)
Sample size 14,347 14,347 28.694 28.694

Cross-sectional estimates based on 1998 observations from matched panel. Fixed-effects estimates based on dil-
ferences from means estimator, Lower bounds based on no measurement error: upper hound represents maximal mea-
surement error.
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black is associated with lower wages and education is associated with higher wages are sup-
ported. The story is not so clear in the fixed-effects model estimates: The range for education
is [—0.08, 0.107]. This suggests that measurement error in the union status variable may mask
an education coefficient that is lower in panel estimates than in cross-sectional estimates. The
coefficients on experience and experience squared both cross the original in each model. Thus,
the measurement error may lead to an overstatement of the magnitude of the return and the
amount of curvature.

Comparison of the intervals for the union coefficient reveals much about the impact of
measurement error on estimates of the union wage differential. The fact that the interval for the
cross-sectional results is completely contained in the interval for the fixed-effects model is
important. This clearly quantifies the suggestion of Lewis (1986) that the cross-sectional esti-
mates are more reliable. Further, this range implies that, for some measurement error levels, the
fixed-effects coefficient may be greater than the cross-sectional coefficient. While this may seem
an incongruous finding, it supports a wide body of literature that uses control functions or
instrumental variables to account for unobserved heterogeneity (see Robinson 1989).

In addition to the bounds on the model slope coefficients, bounds on the error probabilities
and the true probability of being in a union are implied by the analysis. In the cross-sectional
analysis, the maximum value that p (the probability of misclassifying a nonunion worker as a
union member) can attain is 0.189 while the maximum value that ¢ (the probability of mis-
classifying a union worker as nonunion worker) can attain is 0.730. Recall that p and ¢ cannot
simultaneously achieve their maxima. In this case, the right bounds are associated with the
maximum value of p and with ¢ = 0. This also implies that the right bounds are associated
with P (true proportion of union members) equal to 0.020. This is a lower bound for P,. This
implies that, to achieve the right bounds, only 2% of the population would actually be unionized
but 18.9% of the nonunion workers would report being unionized. Clearly, this is unlikely to
be the true structure.

The bounds for p and g in the fixed-effects analysis are much tighter: p < 0.015, while ¢
< 0.059. Although the upper bound on p is slightly lower than the amounts found using the
1977 employer-employee match data, it is not strikingly lower and could easily be the result
of changes in the CPS questionnaire or the awareness of union members. The results also place
a much tighter bound on union membership: 19 to 22%.

Although the ranges presented are very large, it should be noted that these bounds do
answer the question, “What values of # can be supported by the data if measurement error in
union status is present?” This answer demonstrates that a wide range of values is feasible. It
clearly establishes that measurement error may very well be the source of much of the dis-
agreement among estimates. The difference between cross-sectional and fixed-effects models is
small compared with the range of values expressed by these bounds, supporting Lewis™ (1986)
statement that measurement error may cause substantial bias. Further, it cautions us that rules
of thumb and guesses concerning the measurement error could be far from the mark.

Clearly, additional information can be brought to bear to obtain sharper bounds. A logical
first step is to ask what the upper bound for the cross-sectional estimates would be if the upper
bounds on p and ¢ from the fixed-effects model are imposed. Table 4 presents these new., much
sharper bounds: The union wage differential (in cross section) is now between [0.154, 0.168].
What is particularly interesting here is to note that while the new bounds in cross section are
much tighter. this information does not yield tighter bounds for the fixed effects estimates. This
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Table 4. Bounds on Cross-Section Estimates Using p,g Information from Fixed Effects (N =
14,347), p = 0.0153, g < 0.0591

New Right Bound (Upper)

Constant 0.719
(0.018)
Union 0.168
(0.007)
Education 0.097
(0.001)
Experience 0.004
(0.001)
Experience’ —0.0006
(0.0001)
Black —=0.217
(0.010)

Cross-sectional estimates from 1998 observations of matched panel. Right bound represents maximal measurement
error allowed under constrained error rates.

again underscores the fact that the fixed effect estimates are far more biased by measurement
error than the cross sectional estimates.

An interesting hypothetical question is how low measurement error needs to be for the
cross-sectional estimates to be the same or more than the fixed-effects estimates. This question
is answered in three ways. First, what levels for a priori bounds on p and ¢ would result in
the upper bound for the fixed-effects model being equal to the upper bound for the cross-
sectional model. This would place the cross-sectional estimates clearly in the upper range of
the fixed-effects estimates. The first two columns in Table 5 present these bounds for the cross-
sectional and fixed-effects estimates when p and ¢ are both bounded below 0.00835, that is,
response error would need to be lower than 0.835%. It should be noted that there is actually a
continuum of bounds for p and g that would be available (higher p would require lower g and
vice versa); requiring the bounds to be equal serves as an intuitive index. Note that this results
in a very sharp bound for the cross-sectional estimates. The cross-sectional coefficient on the
union variable would be between 0.154 and 0.160.

A second approach is to find a priori bounds on p and g so that the upper bound on the
fixed-effects region was equal to the lower bound on the cross-sectional region. The third column
in Table 5 presents the bounds for the fixed-effects estimates when p and ¢ are bounded below
0.0819. The effect on the cross-sectional upper bounds (relative to the first column) is minimal
and so is not presented. Finally, the fourth column presents the case where a priori bounds on
p and g are found so that the fixed-effects union coefficient must lie below 0.10. This value
was chosen as being near the top of the range of the typical fixed-effects estimates. Here, p and
¢ must be below 0.00593.

In order for the cross-sectional estimates to be an overstatement of the true union wage
differential, measurement error must be below 1%. While this is possible and should not be
ruled out. measurement error in the range of 1% or larger would result in the cross-sectional
estimates of the union wage differential to be understatements of the true union wage effect,
understated both due to measurement error and due to unobserved heterogeneity. The conclusion
that most or all of the difference between the cross-sectional and fixed-effects estimates is due
to measurement error (as suggested by Lewis 1986: Freeman 1984; and Card 1996) is clearly
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Table 5. Restrictions on p, ¢ to Support Cross-Section Union Coefficient Larger Than Fixed
Effects

Intervals Not

Overlapped Fixed Effect < 0.10
Upper Bounds Equal (p. g < D.0082) (p. ¢ =< D.0059)
% 4=00084) Fixed Effect Fixed Effect
(Right (1)) {Right (2)) (Right (3)) (Right (4))
Constant 0.723 - — -
(0.018)
Union 0.1601 0.1601 0.154 0.10
(0.006) (0.173) (0.1578) (0.051)
Education 0.096 0.107 0.107 0.107
(0.001) (0.012) (0.012) (0.012)
Experience 0.038 0.086 0.083 0.083
(0.001) (0.004) (0.004) (0.004)
Experience’ —=0.0006 —0.0006 —0.0006 —0.0006
(0.0001) (0.0001) (0.0001) (0.0001)
Black —-0.216 — — o=
(0.010)
Sample size 14,347 26,694 26,694 26,694

Cross-sectional estimates from 1998 observations of matched panel, Fixed-effects estimates based on differences
from means. New right bounds represent constraints on error rates, which support conclusion that fixed-effects coefficients
are below cross-sectional coefficient.

supported by this analysis. Only modest amounts of measurement error are required for this to
oceur.

In fact, Robinson (1989) argues that unobserved heterogeneity is present bul is biasing
cross-sectional estimates downward. A full analysis of measurement error in control function
and IV estimates is beyond the scope of this article, but results by Black, Berger, and Scott
(2000) and Frazis and Loewenstein (1999) suggest that a suitable modification of Robinson’s
IV estimates have the potential to correct for measurement error. Robinson’s (1989) tests include
(as a part of the null hypothesis) that measurement error is not present; therefore, rejection (as
he finds) may simply indicate measurement error,

For these reasons, it is plausible to conclude that the cross sectional estimates are as good
or better than any other estimates. And further, that differences between those estimates and the
fixed effects results are due, primarily, to measurement error. Peracchi and Welch (1995) also
argue that the matching process in the CPS may lead to sample bias. For these reasons, the
remaining analysis focuses upon cross sectional estimates,

5. Union Wage Differentials by Subpopulations

An important empirical regularity is that the benefit of unionization differs across indus-
tries, occupations, and educational level. Both Card (1996) and Hirsch and Schumacher (1998)
examine this issue. Typically, the differences are interpreted to have economic content. For
example, workers with low education benefit from unions more than those with higher educa-
tion. The relationships implied by the cross-sectional regressions of wage on union status (and
other control variables) by each of these subcategories are potentially biased by measurement
error if measurement error is different across categories. For example, if two industries have
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Table 6. Bounds on Union Coefficient by Industry (N = 14.347)

P, q)
Bounds
Preserving
Lower Upper Order
Construction 0.330 1.922 —

Retail 0.226 10.345 0.031
Transportation, communication, and utilities 0.156 3.075 0.120
Wholesale 0.1264 16.77 0.018
Manufacturing 0.039 14.62 0.178
Service 0.15 252.3 0.039

Financial, insurance, and real estate —0.141 —81.2, Any

Cross-sectional estimates from 1998 observations of matched panel by industry group. Third column represents
restrictions on error rates supporting nonoverlapping intervals.

the same return to unions but one industry has more response error in the report of unionization,
it may appear as though that group has a lower return to union membership. This section,
similar to the analysis in the previous section, asks the question, “How low does measurement
error have to be for the ordering implied by cross-sectional estimates to be reliable?” However,
it allows the misclassification rates to vary systematically with the subpopulation (industry,
occupation, or educational level). It seems plausible that the misclassification rates may differ
across these groups (only the variation by education would violate the assumptions in the
previous section). Further, it allows the return to unionization to vary also. It also demonstrates
that the bounds are generally substantially tighter in these subgroups than in the cross section
as a whole. This implies that much of the range of the bounds in the cross section is due to
error in the model (the variance of w) rather than to measurement error.

Industry

The data are divided into seven broad industry categories based on the self-reported in-
dustry of the individual. The seven categories are construction (9.6% of total sample; see Table
1): retail (12.3%): transportation, communications, and utilities (TCU, 10.5%); wholesale
(7.2%); manufacturing (37.6%); services (18.3%); and financial, insurance. and real estate
(FIRE, 5.8%).

Table 6 presents the lower and upper bounds on the union coefficient from the cross-
sectional regressions by industry. Education, experience, and race were again used as control
variables. The coefficients on these variables are similar to those found in the whole cross
section and so are not reported here. Recall that the lower bound, presented in the first column,
is the coeflicient from the regression of log wage on union and the other control variables and
hence represents the value that would be obtained by researchers who do not control for mea-
surement error. The second column presents the upper bound derived from the inverse of the
reverse regression. The third column represents a set of a priori bounds on p, ¢ such that the
upper bound on the union coefficient would be equal to the lower bound in the preceding row
of the table. For example, in order for the upper bound on the union coefficient for retail workers
to be equal to 0.3297 (the lower bound from the construction workers), the misclassification
rates would need to be no larger than 0.0308.

Considering the lower bounds (which are the results from the usual linear regression), the
construction trades have the highest return to unionization while the typically white-collar FIRE
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Table 7. Bounds on Union Coefficient by Occupation (N = 14,347)

(7 q)
Bounds
Preserving
Lower Upper Order
Service 0.325 3.58 —
Operators, fabricators, and laborers 0.290 1.54 0.0417
Precision production, craft. and repair 0.201 2.3425 0.102
Technical, sales, and administrative support 0.114 19.2 0.044
Managerial and professional —0.002 —354 any

Cross-sectional estimates (rom 1998 observations of matched panel by industry group. Third column represents
restrictions on error rates supporting nonoverlapping intervals.

industry actually has a negative (but insignificant) effect. The lowest positive returns are for
services and manufacturing. These results are comparable with other studies (see Lewis 1986
for examples). It is striking to note how much variation exists in the upper bounds. The upper
bound for construction workers is less than 2, while the upper bound for service workers is
over 200. The upper bound varies with two underlying terms: the noise in the relationship and
the measurement error. A large upper bound could be due to lots of noise or to lots of mea-
surement error.

The third column presents the a priori bounds on p and g necessary for the usual ordering
to be robust to measurement error. For example, for the upper bound on the TCU union coef-
ficient to be 0.2256 (equal to the lower bound on retail), measurement error in union status in
TCU would only have to be less than 12%. This seems quite plausible based on the estimates
from the employer-employee match (Freeman 1984). It should be noted that the employer—
employee match estimates have not been examined by these categories, and the small sample
may prevent reliable estimation. The most restrictive case is for the comparison between TCU
and wholesale. The error rates in wholesale would have to be below 1.8% in order to bound
the wholesale union coefficient below the TCU coefficient. While plausible (meeting some of
the estimates from Freeman 1984, for example), the conclusion that the union coefficient for
wholesale is lower than for TCU is tenuous. The comparisons between retail and construction
and services and manufacturing are similarly tenuous but still only require error rates below 3
and 4%, respectively. It seems clear, though, that construction and retail workers have a larger
return 1o unionization than any other category. Next are TCU and wholesale, with manufacturing
and service at the bottom of the positive returns. As noted above, FIRE has a negative estimate
and so is the lowest.

Occupation

The data were divided into five occupational categories: services (4.9%): operators, fab-
ricators, and laborers (25.9%); precision production, craft, and repair (24.5%); technical, sales,
and administrative support (20.1%); and managerial and professions (24.7%). Table 7 presents
an analysis similar to that done for industries. The first and second columns represent the bounds
on the union coefficient from the cross-sectional regressions by occupation. Again, the coeffi-
cients on the other control variables (education, experience, and race) are similar to the popu-
lation as a whole and are not reported. The third column presents the bounds for p and ¢ that
place the upper bound for that row equal to the lower bound for the previous row.
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Table 8. Bounds on Union Coefficient by Education (N = 14.,347)

P q)
Lower Upper Bounds Preserving Order
No high school 0.325 2.32 —
Some high school 0.284 2.13 0.037
High school grad 0.186 3.26 0.108
Some post high school 0.105 10.13 0.087
Al least college =0.10 -61.5 Any

Cross-sectional estimates from 1998 observations of matched panel by industry group. Third column represents
restrictions on error rates supporting nonoverlapping intervals.

As is typically found (again, see Lewis 1986), the return to unionization for managers and
professionals is negative (although not significant). Service workers have the largest return. This
may seem at odds with the findings for industry in the previous section, but the definitions of
the occupations listed as services and the industries listed as services provide explanation.
Service occupations are often found in nonservice industries. For example, cleaning and building
service occupations (codes 448-455) include janitors who may work in a variety of industries.
So janitors working in retail industries may dominate the results for occupations. Operators,
fabricators, and laborers are second, and production craft and repair workers are third. The
lowest positive return is the return for technical, sales, and administrative support.

As with industries, the amount of error that would support the ordering found in cross
section is not unreasonable. If error rates for operators, fabricators, and laborers were less than
4%, that would preserved their order below services. If error in production, craft, and repair
occupations was below 10%, their return is bounded below the return for operators, fabricators,
and laborers. Finally, error rates in technical, sales, and administrative support occupations need
only be less that 4.3% to bound them below precision production, craft, and repair workers. It
seems quite clear, at any rate, that service occupations and operators, fabricators, and laborers
have a higher return than for production craft and repair or technical, sales, and administrative
support occupations.

Education

One of the most important overall determinants of earning is education. As would be
predicted, the impact of unionization appears highest for those workers with the least education.
Table 7 presents the bounds for the union differential by five educational categories: highest
grade attained less than 9 (no high school [HS], 4.4%), highest grade completed between 9 and
11 (some HS, 8.3%), high school graduate (HS, 42.6%), highest grade attained between 13 and
15 (some post-HS, 19.8%), highest grade attained at least 16 (at least college. 24.6%). Similar
to the previous two tables, the first column reports the lower bound on the union wage differ-
ential, while the second column presents the upper bound. The third column presents the error
rates that would support the ordering from the OLS results (which coincide with the lower
bound). Again, the coefficients on education, experience, and race are not reported but are
similar to the coefficients in the full cross section. These results are similar to those of Hirsch
and Schumacher (1998).

As with the previous two sections, the upper bound tends to be much smaller than in the
entire cross section, with only the some post-HS category larger. The union effect for college
graduates is negative and significant. Similar to the previous section, the cross-sectional ordering
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seems unlikely to be affected by measurement error. Except for the case of some high school
to no high school. the comparisons only require that error rates be less than the 8~10% level.
Even the comparison between some high school and no high school would only require error
rates less than 3.7%. It seems quite likely that, even with relatively severe measurement error,
we could conclude that individuals without a high school diploma have a higher union wage
differential that those with a high school diploma. Further, we could conclude that individuals
with more than a high school education have a lower rate than those with just high school.

6. Conclusions

Measurement error in the report of the union status has long been suspected to account
for some or all of the difference between estimates of the union wage differential based on
fixed-effects models and estimates from cross-sectional models. The bounds presented here
demonstrate that measurement error would have to be very low for unobserved heterogeneity
to be the main cause of the much lower estimates of the union wage differential found based
on fixed-effects models. Indeed, it seems far more plausible that the cross-sectional estimates
are much less biased by unobserved heterogeneity than by measurement error. This supports
conclusions drawn by Lewis (1986) and others.

While the difference between cross-sectional and panel estimates is not supported when
measurement error is taken into account, differences in the union wage differential between
industrial, occupational, and educational groups seem very likely to be supported even in the
presence of measurement error.

The fact that a wide range of values for the union wage gap is allowed for by measurement
error suggests that further research addressing this problem is warranted. In particular, the dem-
onstrated value of information concerning the rates of respornse error suggests that the research
might focus on obtaining estimates for these results. The work of Freeman (1984) is based on
data prior to the 1980s. Clearly, a method of updating these results would be fruitful. Validation
data of the type used by Freeman (1984) and others serves a useful purpose and is highly
valuable. This article has quantified the value of such additional information.
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