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1 Introduction

It is well documented that during the 1960s and 1970s, the black-white wage difference in

the United States narrowed rapidly. According to Juhn (1991), in 1963, the average black

male earned about 63 percent as much as a white worker; and this ratio increased to 75

percent in the late 1970s. The rapid convergence, however, did not continue in the early

1980s when the relative wage for black men declined to 70 percent in 1984. During the 1990s,

the black-white wage ratio once again began to increase and reached 79 percent in 1998, the

highest value in the history.1

Whether the observed change in the mean wages reflects a change in opportunity or a

selection bias has been much debated in the literature. Heckman and Butler (1977) argue

that a significant portion of the black-white wage convergence is due to the changing com-

position of working blacks. While the wages for black men were rising faster compared to

their white counterparts, their relative employment rates were falling. This decline in labor

market participation was especially pronounced among less-educated and low-wage workers.

Therefore, the observed black-white wage gap might overstate the gains in the opportunities

open to blacks.

Using the Panel Study of Income Dynamic (PSID) for 1970 - 2000 data, this paper ex-

amines the selection bias and its impact on measures of the black-white wage gap. This

paper differs from the previous studies by exploiting the longitudinal nature of the data.

The merit of longitudinal data with multiple observations per individual is that it captures
1Couch and Daly (2000).
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the individual specific time-invariant “ability”, such as personal working habit and family

background, which is crucial to determining wages but has not been emphasized in the pre-

vious cross-sectional analysis. Here, I apply the Wooldridge (1995) panel estimation method

to correct for the selection bias and analyze the selection based on observed variables, such

as age and education level, unobserved individual effects, and transitory factors, respectively.

Wages of nonworkers are predicted from the panel estimation to examine the extent to which

the selection bias has affected the observed black-white wage gap.

I find that nonrandom selection can explain 65 percent of the observed wage convergence

between 1970 and 1980 in the PSID data and 40 percent of the change in the racial wage

gap between 1970 and 2000. The impact of the selection is most pronounced for the least

educated group who experienced the most severe decline in employment rate. Moreover,

my estimates confirm that the selection on individual specific effect is quite large. Given

the same observed characteristics, those who are more often employed have much higher

average over time wages than those who are less often employed. In particular, the average

white nonworker would have earned 35 percent less than the average worker, conditional

on observed characteristics; the average black nonworker earned 41 percent less. Therefore,

previous studies based on cross-sectional analysis without accounting for individual effects

could result in a serious bias in imputing wages of nonworkers.

The paper is organized as follows: The next section reviews what has been done in

previous studies. Section 3 proposes an econometric model and a technique used to predict

the wages for nonworkers, followed by a discussion of measurement issues in Section 4.
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Section 5 presents the main results in panel data analysis. Section 6 compares the results

estimated by the panel method with those by cross-sectional methods.

2 Literature Review

Since Heckman and Butler(1977), numerous studies have tried to examine the extent to which

selection bias affects the black-white wage gap. All these studies are based on cross-sectional

data and impute wages of nonworkers either by making strong assumptions about where they

would have been in the wage distribution had they worked or by matching on observables.

In one of the earliest studies, Brown (1984) imputes the median of “uncensored” distribution

for aggregate Current Population Survey (CPS) data, by assuming that nonworkers earned

less than the median agent in the underlining wage distribution. He finds that two-thirds

of the observed black-white earning convergence from 1953 to 1978 can be attributed to

selection. Under this fairly strong assumption, Brown (1984) provides an upper bound for

the impact of selection on the black-white wage convergence.

Motivated by the magnitude of Brown’s results, many researchers have attempted to

explore the impact of selection bias in more details. However, there is little consensus on

whether selection bias has significant large impact on black-white wage gaps. On one side,

some studies show that selective bias is trivial to the trend of racial wage gaps. Vroman

(1986) assumes that the median earnings of dropouts are 85 percent of the median workers

of the same age and race and finds that over the period of 1964-1985, the selective withdrawal

of blacks overstates the racial wage convergence by only 14 percent, which is much smaller

4



than the estimate of 66 percent in Brown (1984). Vroman rejects the selective withdrawal

hypothesis by demonstrating that the labor market dropouts who are transfer recipients have

higher earnings than workers. Smith and Welch (1986) and Welch (1990) match respondents

to the March CPS in adjacent years and compare the earnings of workers who worked one

year and not the next, or vice-versa, and they do not find that labor market entrants and

exiters earn less than workers. They conclude that selection bias accounts for only a negligible

portion of the racial wage convergence.

Several studies, however, show a significantly large impact of selective withdrawal bias.

Blau and Beller (1992) impute wages of nonworkers using a regression-matching estimator

combined with the assumption that nonworkers receive wage offers only 60 to 80 percent as

high as workers, after conditioning on education and experience. They find that wage gains

especially for young black men and women in the 1970s may have been overstated. Neal and

Johnson (1996) estimate the racial wage gaps in median regression by assigning nonworkers

a wage rate below the median (zero) and show that inclusion of nonworkers significantly

changes the estimate of the racial wage gap. Juhn (2002) imputes the wages for nonworkers

by matching on education, experience, and weeks worked. She concludes that selection bias

reduces the racial wage convergence by about 30 percent between 1968 and 1988. Chandra

(2000), Johnson, Kitamura and Neal (2000), and Heckman, Lyons and Todd (2000) also

provide evidence that is consistent with the selective withdrawal hypothesis. More recently,

Chandra (2003) argues that making inference on CPS data understates selection bias since

it does not contain information on the incarcerated population. The selectivity corrected
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estimate in census data indicates complete stagnation of the racial wage gap between 1970-

1990 with a divergence of 3.5 to 6 percentage points between 1980-1990.

3 Model

Although the low educated population are more likely to be unemployed in labor market,

there is no necessary implication that an unemployed person would have lower potential

wages than an employed person. The reason why one person is unemployed could be that

he/she has relatively high reservation wage. In the beginning of this section, I define the

labor market selection problem in a statistical model that addresses the relationship between

reservation wages, offered wages and labor market participation. Then I briefly discuss

the approaches under different types of selection, and emphasize on the Wooldridge (1995)

method which is used to impute wages of nonworkers in the empirical work in section 5.

3.1 Reservation wage and offered wage

To compute the wages for nonworkers, I first pin down the basic question: what makes

an individual decide to work? Search theory suggests that everyone has a reservation wage

(W r) which is the lowest wage offer (W o) that the person would accept. Hence, an individual

works only ifW 0 > W r. Wage offers are determined by personal productivity characteristics

(x0it), such as education and age, and an individual effect (α
o
i ). Reservation wages depend

on age, education and other factors that affect the reservation wages (xrit), such as family
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background, and personal permanent preference to work (αri ).

W r
it = xritβ

r + αri + εrit

W 0
it = x0itβ

0 + α0i + εoit (1)

Hence, the propensity to work (y∗it) can be defined as the difference of these two,

y∗it = (x
0
itβ

0 − xritβr) + (α0i − αri ) + (ε
o
it − εrit) (2)

A person only works (y1it = 1) if his/her propensity to work is positive (y∗1it >= 0). The

potential wage offers (W ∗
it) are observed only for workers. To simplify, the model can be

written as follows:

y∗1it = x1itβ1 + α1i + ε1it (3)

W ∗
it = x2itβ1 + α2i + ε2it (4)

y1it = 1 if y∗1it >= 0

Wit = W ∗
it ∗ y1it

where x1it = xoit − xrit ,α1i = α0i − αri , ε1it = ε0it − εrit , x2it = x
o
it,α2i = α0i ,and ε2it = εoit.

3.2 Method to correct for selection bias

In the following section, I explore different types of estimates for the objective equation

(4), from the simplest case where there is no selection bias to the most complicated where

selection operates through all components of the equation.

In the simplest case where selection operates only through observables (xit) that appear

in the wage equation, an ordinary least square (OLS) regression on (4) generates consistent
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estimates. In the case of selection on unobservables (cov(α2i,α1i) 6= 0 or cov(ε1it, ε2it) 6= 0),

the estimates from OLS are biased.

There are several econometric models for correcting selection bias. Chart 1 shows how

these models are related to each other. When there is no variation among the individual

effects (var(α2i) = 0), cross-sectional estimates are consistent and the typical method to

correct selection problem is the Heckman (1979) model, when the transitory factors in struc-

tural and participation equations (ε1it,ε2it) are assumed to be joint normal. By relaxing

the restriction of homogeneity of personal effects across individuals (var(α2i) 6= 0), panel

estimates are necessary. When there is no selection on unobservables, (cov(α1i,α2i) = 0

& cov(ε1it, ε2it) = 0), fixed effect or random effect estimates are unbiased.2 If further re-

laxing the assumption and allowing the selection on personal effects, (cov(α1i,α2i) 6= 0 &

cov(ε1it, ε2it) = 0), fixed effect estimates are still consistent, as suggested by Verbeek and

Nijman (1992a,b). In the case where selection operates through both individual effects and

idiosyncratic errors, it is impossible to separate selection between individual effect and idio-

syncratic errors in the cross-sectional selection model (Heckman, 1979). Wooldridge (1995),

Kyriazidou (1997a) and Lewbel (2002) propose selectivity correction methods on the panel

tobit model that solves this problem.

In this paper, I use Wooldridge (1995) model which assumes that the transitory factor

in the selection equation (ε1it) is normal. The spirit of correcting for selection bias using
2If E(α2i/x2it) = 0, random effects estimates are more efficient. Otherwise only fixed effect estimates are

consistent. The Hausman test on our data suggests E(α2i/x2it) 6= 0, so random effect is not considered in

this paper.
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Wooldridge (1995) is similar to Heckman (1979), except that, to explore the nature of lon-

gitudinal data, it captures fixed effects by a linear projection of a vector of individuals’

characteristics.

Wooldridge (1995) assumes that ε1it and ε2it are linearly dependent

E[ε2it|ε1it,α1i,α2i, x2it, y1it] = ρ · ε1it

with ε2it independent of all lags and leads of ε1it conditional on the contemporaneous error

ε1it. Under this assumption, arbitrary serial dependence and heterogeneity in idiosyncratic

errors of both equations (3) and (4) are allowed. Moreover, the normality assumption is only

necessary for ε1it, but not for ε2it. The expectation of wage equation (4) can be written as:

E(Wit|ε1it,α1i,α2i, x1it, y1it) = α2i + x2itβ2 + ρ · ε1it (5)

The distribution of ε1it cannot be estimated as it depends on α1i, Wooldridge (1995) ap-

plies the Chamberlain (1980) method and assumes that individual effect is a linear projection

of a person’s vector of characteristics throughout the panel:3

α1it = Ψ0 +Ψ1X1i1 +Ψ2X1i2 + ...+ΨTX1iT + ci (6)

substituting (6) into (3):

y∗1it = x1i,tβ1 +Ψ0 +Ψ1X1i1 +Ψ2X1i2 + ...+ΨTX1iT + ξit (7)
3In practice, when a panel is long (T is large) and vector x1it contains a large set of variables, fixed effect

(α1i) is characterized by a large set of variables, which significantly reduces the degree of freedom of the

estimation. One way to solve this problem is to replace the vector of individual characteristics x1i by the

mean x1i, as suggested by Mundlak (1978). The trade off is that it imposes that personal characteristics

(x1it) in each period have a constant influence on the fixed effect.
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where ξit = ε1it + ci and ξit are independent of x1it. Equation (5) can be written as

E(Wit|ε1i,α1i,α2i, x1i, y1i) = α2i + x2itβ2 + ρ · ε1it

= α2i + x2itβ2 + ρ · (ξi,t − ci)

= (α2i − ρ · ci) + x2itβ2 + ρ · ξi,t

= ς i + x2itβ2 + ρ · ξit (8)

The estimation strategy is as follows:4

1. Estimate the participation equation (7) using a pooled probit, and compute the value

of Mills ratio bλit.
2. Estimate wage equation below using fixed effects regression over the sample of y1it = 1.

y2it = ς i + x2itβ2 + ρ · bλit + eit (9)

Finally, the wages that nonworkers would have earned can be predicted as:

E(Wit|y∗1it < 0) = bα2i + x2itbβ2 + bρ · E(ε1it|ε1it < −x1itbβ1 − bα1i)
= bα2i + x2itbβ2 − bρ · φ(−x1itbβ1 − bα1i)

Φ(−x1itbβ1 − bα1i) (10)

4 Measurement

I use the data from Panel Study of Income Dynamics (PSID) 1970-2001 to track the trend of

black-white wage gaps and employment, and compare the wage gaps before and after taking
4Wooldridge (1995) also discusses the case when y1it = max(0, y∗1it), the Mills ratio is replaced with the

predicted residual be1it obtained from the pooled tobit.
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account of nonworkers.5 For examining the impact of selection, I concentrate on the decade

changes 1970-1980, 1980-90, 1990-2000. These years are comparable, since they are all at

business cycle peaks (or close to business cycle peaks). The sample focuses on black and

white male heads in the families who are 22-62 years old.6 To obtain a larger dataset, both

the SEO and SRC samples are included.7 Individual weights are applied both in measuring

wage trends, since the PSID individual weights are designed to combined the SRC and SEO

sample to be statistical representative of the general population. Weights are not applied in

the regressions.

Individuals are classified as workers if they were ever employed in the last year. Hourly

wages are the reported wage rates or the annual labor income divided by hours worked if

the wages are missing. Hourly wages are in 1999 dollars, using the CPI-U-RS price index.

For the self-employed, since their wage rates and total working hours are not properly

reported and their total earnings depend on both labor and capital inputs, I take them

as unemployed persons. Their wage rates are excluded in measuring the observed wage

trend, but included in the wage trend of accounting nonworkers.8 In this context, this paper

corrects both selection between workers and nonworkers and also selection between workers
5Since 1968, the PSID data has been collected annually through 1997 and only biennially thereafter. The

survey on hourly wage rate only started since 1970.
6The resulting sample size are 2,581 observations for 1970, 3,666 observations for 1980, 4,881 observations

for 1990, and 4,100 observations for 2000. Between 8 and 10 percent of the weighted sample is black.
7At the beginning of the PSID survey, about three-fifth of the families were drawn from a representative

sampling frame of the U.S, known as the “SRC” sample, and two-fifth were drawn from a set of individuals

in low-income families called “SEO” sample.
8Juhn (2000) also imputes wages for the self-employed as for nonworkers.
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and self-employed persons. The self-employed are taken as unemployed in the participation

equation (7) and wage equation (9). Wages for the self-employed are predicted by equation

(10), as wages of nonworkers.

I estimate wages of black and white nonworkers separately, applying the Wooldridge

(1995) model described above. The first step is a probit estimate of the participation equa-

tion (7), all individuals in the sample are included. The dependent variable is whether

individuals worked. The independent variables include workers’ characteristics (age, age

square, and a set of education dummies) which affect both offered wages and reservation

wages, and the identifying exclusive variables (number of children in the family, a set of

dummy variables indicating marital status, and whether parents were poor or rich), year

dummies, and individual fixed effects which are characterized by a linear function of the

mean of persons’ own characteristics throughout the panel.

The second step is a fixed effect regression of the wage function (9). The dependent

variables are the log of hourly wage rates. Besides the variables which determine offered

wages and year dummies mentioned above, I also include a dummy variable which equals

one if the wage rate is imputed by earnings divided by hours.

5 Panel Data Analysis

I first describe the recent trends in observed wages and employment for black and white

males in the PSID data, which is the starting point for analysis. Then, I focus on analysis of

selection on personal specific effects and selection on transitory factors. Finally, I compare
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the black-white wage gaps before and after accounting for nonworkers and calculate the

impact of selection bias on the changes of racial wage gap, and conduct this analysis for

different education groups.

5.1 Trends in the racial wage gap and employment

This section describes the recent trends in observed wages and employment for black and

white males in the PSID data. Figure 1 shows the log differentials of hourly wage rates

between black and white male workers. The racial wage gap declined in the early 1970s,

from .31 in 1970 and to .27 in 1976. The gains of blacks, however, was followed by a slight

setback in the late 1970s and a deterioration in the late 1980s when the relative wages for

blacks declined at the rate of 1.1 percent per year. In 1989, the wage gap hit its peak of .44.

The loss of wages for blacks during the 1980s has been noted by a number of papers, (Juhn,

Murphy and Pierce, 1991; Smith, 1993; Card and Lemieux, 1996) with the suggestion that

at least part of the slowdown can be explained by the increases in education returns and skill

prices during the 1980s. In the 1990s, the black-white wage gaps fluctuated, with a decline

in the early 1990s, a bounce back between 1993 and 1995, and a decline again after that. In

1998, the wage gap reached .29, the lowest point in the decade but still higher than the gaps

in mid-1970s.

The trend of racial wage gaps in the PSID in the 1980s is somewhat different from other

studies using CPS or census data. By using CPS data, Juhn, Murphy, and Pierce (1991)

and Couch and Daly (2000) show that from 1975 to the 1980s, the black-white wage gap
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remained essentially unchanged until 1990 when the racial wage gap once again declined

at the rate approaching one percent per year throughout the whole decade of the 1990s,

with its lowest level of the history in 1998. Chandra (2003), on the other hand, also finds

a divergence of black-white wage gap in census data during the 1980s, but with a lower

rate at 3.5 percentage points. This difference pattern shown in the PSID and the CPS data

can be partially explained by that the above wage trends based on the CPS data includes

all male workers whereas in the PSID only male family heads are included. However, after

including comparable samples in the two datasets, both for male heads, the disparity remains

significant as shown in Figure 1. While both datasets show much less progress for blacks in

the 1970’s than in the 1960’s and a slightly setback in the early 1980’s, the CPS shows a

continued slow progress in the late 1980’s whereas the PSID shows a deterioration over the

same period. Other studies (Fitzgerald, et al. 1998a; Card and Lemieux, 1994) compare the

two datasets by including only male heads also show the similar pattern. My companion

paper explores the reason of the difference in the two datasets.

Figure 2 shows the employment trends for both blacks and whites. The employment

among black males, 22 to 62, has been declining since the 1960s. In 1970, the employment

rate of blacks was 95 percent and very close to 98 percent employment rate of whites. Since

then, both blacks and whites experienced a decline in the employment rates, but it was much

more pronounced for blacks. By the period of recession in the early 1980s, the employment

rate of blacks had fallen to 86 percent compared to 93 percent for whites. After the recession,

the employment of both races increased slightly, but the employment of blacks once again
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fell in the 1990s. In 1995, the employment rate of blacks reached its lowest point of 82

percent, compared to 92 percent for whites. Freeman and Holzer (1986), Welch (1990), Juhn

(1992) and Jaynes (1992), Juhn (2002) have documented a very similar trend in relative

employment rates of black males, based on the CPS data.

Figure 3 presents the male employment rate by education groups. The decline of employ-

ment was the most remarkable among high school dropouts, from a high employment rate

of 92 percent in 1970 to 81 percent in 1996, while the employment rates of college graduates

remained above 95 percent.

Figure 4 shows the employment rate of high school dropouts for both blacks and whites.

The employment rate of low educated blacks decreased from 91 percent in 1970 to 68 percent

in 1993, its lowest point in the panel. Then their employment started to increase, and

reached 78 percent in 1999. Compared to the CPS data, the decline in employment rates of

low educated blacks in the PSID is much slower. Juhn (2000) reports employment rates of

93 percent in 1970 and 60 percent in 1993 based on the sample of working age males. When

I restricted the CPS sample to only the male heads, the results are very similar as in the

PSID.

5.2 Selection on fixed effects

The merit of using longitudinal data is that it allows controlling for both measured differ-

ences in characteristics between workers and nonworkers, such as education and age, and also

unobserved time-invariant characteristics that may differ between the two groups. To mea-
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sure the difference in time-invariant effects, I implement my analysis in three steps. First,

I compare the average historical wages (all other periods in the panel, including past and

future periods) of workers and nonworkers throughout the panel. In a given year, the average

historical (including past and future) wage of an individual, no matter whether the person

works in the year or not, is calculated as the mean of wages in all other years when he/she

is working. Table 1 shows the mean of the individual historical wages in logarithm. Among

workers, it is possible to compare their wages in a given year with the historical wages as

in Column (1). The mean current wage is 2.67 in log value for whites and 2.33 for blacks.

Their average historical wages are very close to current wage values, 2.68 for whites and 2.34

for blacks. Column (2) shows only the historical wages of nonworkers, as they don’t have

wages in the year when they are not working. Column (3) compares the historical wages

between workers and nonworkers. The wage of an average white worker is 32 percent higher

than a nonworker’s wage in years when he/she is working; whereas wage of a black worker is

30 percent higher. This implies that those who work more often earn more. However, it is

important to be kept in mind that these differences can not all be interpreted as differences

in unobserved fixed effects, since part of the difference is the average over time difference on

the measured characteristics between workers and nonworkers.

To separate these two factors, my second step is to implement Wooldridge (1995) model

as discussed in section 3 and to estimate the correlation between fixed effects that determine

individuals’ propensity to work and that determine his/her wages, (cov(α2i,α1i)). Fixed

effects determining individuals’ propensity to work are obtained by a probit estimation of
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the participation equation (7), with a linear projection of a vector of personal characteristics

(x1i) that captures fixed effects. Fixed effects determining individual’s wages are predicted

from fixed effect regression of the wage equation (9), with the value of Mills ratio (bλit)
predicted from the probit estimation. The correlation between the two fixed effects are

positive and significant, with .140 for whites and .005 for blacks. Hence, those who have

higher wages tend to have, average over time, higher propensity to work, conditioning on

observables. Moreover, the predicted fixed effects of nonworkers is 35 percent lower for

whites, and 41 percent lower for blacks.

The third step is to investigate the differences in fixed effects between workers and non-

workers by different reasons of not working. The differences are obtained by regressing the

predicted fixed effects from wage equation (9) on a set of dummy variables indicating the

reasons of unemployment, such as being looking for a job, being disabled, retired, housing

keeping, being students and self-employed; the omitted group are workers.9 Table 2 shows

that the disabled group has the lowest average potential wages after controlling for observ-

ables: a white disabled earns 36 percent less, and a black earns 28 percent less. The retired

and the students have relatively higher fixed effects. Conditional on observables, a white

student would have earned 13 percent less than a white worker, compared to 20 percent less

for the black.

To sum, the fixed effect can be a key factor in determining wages. Since the fixed effects
9This requires an assumption that the frequency of being unemployed for a particular reason does not

affect the difference in fixed effects. Moreover, fixed effect can be only obtained for those who ever worked

in at least 2 periods.

17



of nonworkers are much lower than workers, cross-sectional estimates controlling only for

observables therefore overstate wages of nonworkers.

5.3 Selection on transitory factors

Table 3 shows the estimated coefficients for the Wooldridge (1995) model. The coefficients

on age and education are consistent with other estimates of wage equation. The coefficient

on λ is significantly negative, -.19 for whites, and -.52 for blacks.10 This is consistent with

findings of Hoffman and Link (1984) and Baldwin and Johnson (1992), which apply the

Heckman (1979) selection model to the CPS and SIPP (the Survey of Income and Program

Participation) respectively. These results, however, are counter to conventional wisdom

which presumes that transitory increases in wages are associated with increases in propensity

to work, and as a result, the correlation of two transitory factors in the wage and participation

equations should be positive (ρ > 0).

I now trace back to how people decide to work and investigate what is being implied

by the negative correlation (ρ < 0). Individuals’ propensity to work are determined by two

factors, offered wages and reservation wages, as indicated in equation (2). Low propensity to

work can be due to either low wage offers or high reservation wages. Mathematically, negative

selection implies that reservation wage is highly and positively correlated with offered wage.11

Hence, those who have transitory increases in offered wages also have increases in reservation
10The negative selection appears no matter the self-employed are included in the wage sample or not.
11ρ < 0 =⇒ cov(εoit − εrit, ε

o
it) < 0 =⇒ var(εoit) − cov(εoit, εrit) < 0. Thus, ρ < 0 =⇒ var(εoit) is small or

cov(εrit, ε
o
it) is large.
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wages. Furthermore, negative selection is consistent with the statement that, among those

who work, persons with higher-employment-probability earn more, given that other measured

characteristics are the same.12

Therefore, transitory changes in wage rates can be negatively correlated with changes in

propensity to work. People who choose not to work may get higher wage offers than those

who choose to work, with the same measured characteristics and individual effects, because

they have even higher reservation wages.

5.4 Magnitude of selection bias in the racial wage gap

Figure 5 reports the hourly wage trends before and after accounting for nonworkers, for blacks

and whites respectively. The average wages of white workers remain almost unchanged over

the 1970-2000 period, but with a slight increase of an average rate of .5 percent after correct-

ing selectivity bias. This is caused by the fact that the negative selection on idiosyncratic

errors offset positive selection on observables and fixed effects. The average wage of blacks

declines after correction, with a magnitude of 2.4 percent average over the years, since a

large proportion of blacks were unemployed and most of them were the least educated. In

the late 1970s when the employment rate of blacks fell sharply, the decline in black wages
12For two workers, a PH.D graduate (P) and a high school dropout (H), the propensity to work of the former

is higher ((x1itbβ1)P > (x1itbβ1)H). Under normality assumption, as long as both of them are positive (most

individuals are), (−x1itbβ1)P < (−x1itbβ1)H . Hence, φ(−x1itbβ1)P < φ(x1itbβ1)H and [1− Φ(x1itbβ1)]P > [1−
Φ(x1itbβ1)]H .So λP ( (−x1itβ1)P

[1−Φ(x1itβ1)]P
) < λH(

φ(x1itβ1)H

[1−Φ(x1itβ1)]H
). Therefore the negative coefficient on λ (cov(λ,W ) <

0), implies WP > WH .
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after including nonworkers was more pronounced.

Table 4 presents how correcting for selectivity bias affects the trend of average black-white

wage gaps and calculates the impact of nonrandom selection. Column (1) shows the observed

wage differentials between blacks and whites. Column (2) reports the wage differences after

including wages of nonworkers predicted fromWooldridge (1995) model.13 Panel A shows the

log wage differences in year 1970, 1980, 1990 and 2000. All the wage differentials are moving

averages of three years centered in the indicated year. Panel B calculates the percentage

point changes of black-white wage gap in each decades and over the whole period of 1970 to

2000. The effect of selection is computed in Panel C.14

In the decade of 1970’s, the black-white wage gaps in the PSID dropped from .306 in 1970

to .286 in 1980, suggesting a slow convergence of 2 percentage points. After taking nonwork-

ers into account, the convergence became much slower, decreasing from 2 to .7 percentage

points. This indicates that 64 percent of the racial wage convergence in the 1970s was due

to non-random selection in the labor market. Between 1980 and 1990, the convergence did

not continue and the black-white wages actually diverged by 14.3 percentage points (.43-

.286). Correcting for selection increases the divergence from 14.3 to 16.6 percentage points,

implying that the loss of blacks in the 1980s would increase by 16 percent if selection bias
13Wages of nonworkers are calculated as in equation (1.10).
14The effect of selection is calculated as follows: Given the change of black-white wage difference be-

tween year t1 and t2 is dd012, the change after correcting selectivity bias is dd
01
12 , the effect of selection is

(±)
¯̄̄
(dd

01
12 − dd012)/dd112

¯̄̄
.Selection is positive when it decreases the black-white wage convergence or increases

the divergence, and negative otherwise.
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was corrected. In the 1990’s, selection played a “negative” role in assessing the changes of

racial wage gaps. The observed wage differences was .430 in 1990 and .346 in 2000. After

accounting nonworkers, the wage differences increased to .480 in 1990 and .377 in 2000. As

a result, selection impact actually decreased, from 12 percent in 1990 (.480-.430/.430) to

10 percent in 2000 (.377-.346/.346). The black-white wage convergence from 1990 to 2000

increases from 8.4 to 10.3 percentage points after accounting for nonworkers. In contrast

to the results in the previous two decades, selection bias actually understated the gains of

blacks. This is not surprising. While in the pre-1990 decades, selection out of the least-able

black in the labor market usually became more and more severe as the decade ended; in the

1990’s, this selection effect actually declined. As shown in Figure 4, the employment rate of

black high school dropouts showed a continuos decline from 91 percent in 1970 to 68 percent

in 1993. After that, the decline of their employment did not continue and started to rise to

a value of 78 percent in 1998 (except for some small setbacks in 1995, 1996 and 2000).

Over the whole period of 1970 to 2000, the black-white wages showed a small divergence

of 4 percentage points, by increasing from .306 in 1970 to .346 in 2000. This divergence was

due to the large drop of the relative black wages in the 1980s. When wages of nonworkers are

taken into account, the racial wage gap shows a large divergence of 5.5 percentage points.

In other words, by ignoring nonworkers the racial wage divergence between 1970 and 2000

may be understated by as much as 39 percent.

Table 5 presents the changes in average black-white wage gaps and the impacts of se-

lection bias disaggregated by education groups. Among the high school dropouts who have
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experienced the most severe declines in employment, the selection effect was most pronounced

during 1970-2000. Over the whole period, the observed log wage differential increased about

11 percentage points. Once the whole sample including non-workers are taken into account,

the racial wage diverged by 20 percentage points. This suggests that roughly half of the

underline divergence was hidden by selection bias.

For comparison, Table 5 also shows results for high school graduates and college gradu-

ates. The magnitude of selection bias was not large for either of these groups over the whole

period from 1970 to 2000. Among high school graduates the rate of racial wage divergence

increased by 18 percent, from 12.5 percentage points to 14.8 percentage points. For college

graduates, selection played a similar role.

6 Comparison with Cross-sectional Methods

In the following section, I compare the results from panel analysis with cross-sectional meth-

ods, by applying matching technique and Brown (1984) method on the same PSID sample.

Matching is a commonly used method in correcting selection bias in black-white wage gaps

(Blau and Beller, 1992; Chandra, 2000; Juhn, 2002). The studies differs by using different

sets of characteristics for matching. Here, I use the method in Chandra (2000) by dividing

the data to three education groups (high school dropouts, high school graduates and college

graduates) and eight age groups (the whole sample age range is 22-62, so each five years

belong to a group). Then I assign the cell-mean value of the observed wages in each (age ×

education) cell to all nonworkers in that cell. Brown (1984) assumes that wages of nonwork-
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ers are below the median of wage distribution of the whole sample. Therefore assigning any

values below the median to the wages of nonworkers does not affect assessing median of the

underlying distribution. Here, I assign the lowest wage among workers to all nonworkers.15

The first three columns in Table 6 shows the average log racial wage differentials before

and after accounting for nonworkers. Compared to the estimates by panel analysis, the results

from matching show a smaller impact of selection bias in general. Over the whole period

from 1970 to 2000, the observed racial wages diverged by 4 percentage points. Correcting

for selection bias by Wooldridge (1995) panel method increases the racial wages divergence

to 5.5 percentage points; whereas matching method increase the divergence to 5 percentage

points. In other words, using matching method increases the black-white wage divergence by

26 percent whereas using panel method increases by 39 percent. This is because the matching

only controls for observables and does not take into account the fact that there might be

large differences in the unobserved personal fixed effects between workers and nonworkers.

The last three columns in Table 6 presents the median log racial wage differentials before

and after accounting for nonworkers. The estimates of selection bias using Brown’s method

are higher than the panel estimates. This is consistent with the statement that Brown

(1984) provide an upper bound for estimates of selection bias because the assumption that

all nonworkers earn less than the median agent is quite strong.16 Over the whole period

from 1970 to 2000, the median of black-white wage gaps among workers increased by 26.5
15Neal and Johnson (1996) assign a zero wage rate to all nonworkers when implementing median regres-

sions. Here, since I use log wage rates, I cannot assign a zero wage rate.
16Chandra (2000).
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percentage points. By including wages of nonworkers predicted from panel estimation, as

shown in Column (5), the racial wage divergence over the same period rose to 33 percentage

points, suggesting an estimate of selection bias at about 26 percent. By the method of Brown

(1984) shown in Column (6), the divergence increased to 37.9 percentage points, leaving an

estimate of the bias at about 43 percent.

7 Conclusion

This paper examines the impact of non-random selection in labor market on assessing black-

white wage gaps by applying a longitudinal method of imputing wages for nonworkers. These

are a few important findings. First, fixed effects are crucial in determining the wages of

nonworkers. The fixed effects of white nonworkers are 35 percent lower than for the workers

with the same measured characteristics, and 41 percent less for blacks. Controlling only

on observables therefore understate the impact of selection. Second, selection on transitory

factors, contrary to the conventional wisdom, can be negative. Nonworkers may get higher

wages than the workers with the same observed characteristics and individual effects. They

choose not to work because they have even higher reservation wages. Third, using the PSID

data, I find that the selective bias can explain 40 percent of the observed change in the black-

white wage gap over 1970-2000 and 64 percent of the convergence in the 1970s. In contrast

to the 1970s and 1990s, the black and white wages diverged in the 1980s. The divergence

increased by 16 percent after accounting for nonworkers. Fourth, the selection effect in the

1990s is negative: The selection out of the least-able group in the labor market became less
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severe in the late 1990s as the employment rate of high school dropouts increased.
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