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ABSTRACT

In this paper, we define a tractable procedure to measure worker incomplete information in the labor
market. The procedure, which makes use of earnings distribution skewness, is based on econometric
frontier estimation techniques, and is consistent with search theory. We apply the technique to eleven
countries over various years, and find that incomplete information leads workers to receive on average
about 30-35% less pay than they otherwse would have earned, had they information on what each firm
paid. Generally married men and women suffer less from incomplete information than the widowed or
divorced, and singles suffer the most. Women suffer more from incomplete information than men.
Schooling and labor market experience reduce these losses, but institutions within a country can reduce
them, as well. For example, we find that workers in countries that strongly support unemployment
insurance (Ul) receive wages closer to their potential, © that doubling Ul decreases incomplete
information and results in 5% higher wages. A more dense population reduces search costs leading to
less incomplete information. A more industrial economy disseminates wage information better, so that
workers exhibit less incomplete information and higher wages. Finally, we find that foreign worker
inflows increase incomplete information, and at the same time reduce average wage levels, at least in
the short -run.



I ntroduction

Tikva Lecker's main research centered on two issues. First, she concentrated on earnings --
particularly earnings of migrants and earnings of Arabs in Israel. Second, she worked on policies
affecting legal and illegal immigrant flows. As will be explained, this paper marries these two
topics. immigration and earnings. It does so in a unique way. The paper goes back to George
Stigler’s (1961, 1962) path breaking work on incomplete information and applies earnings
function concepts along with frontier estimation techniques to devise a measure of the extent of
incomplete information, which we parameterize as the degree employees end up receiving wages
less than their potential. Then, once estimates of incomplete information are obtained, the paper
explores how ingtitutional factors, such as unemployment insurance and foreign worker inflows,
affect incomplete information across eleven countries.

Incomplete information leads workers to accept wages below what they could have attained had
they full information about each potential employer’s pay.1 Workers could improve their wage by
prolonging job search, but information about available jobsis costly. To find ajob, workers search
the market, but normally terminate their search before discovering the highest paying job available.
As explained by Nelson (1970), Mortonsen (1970), McCall (1970) and others, individuals set a
reservation wage, and search until offered a job at this reservation wage, or more. The higher the
reservation wage the longer the search, but invariably the accepted wage is less than the best
possible market wage.

Receiving a wage less than the maximum possible wage (for equally capable workers) is an
important phenomenon. It illustrates an effect of incomplete information that arises from costly
search. Collectively, over the whole economy, it reflects foregone gross national product, since so
many within the economy are similarly receiving less than the maximum available wage. So in
aggregate, this gap reflectsincomplete information’ s cost to the economy. Measuring the effects of
incomplete information is significant for at least two reasons. First, as just noted, one can assess
the overall economic losses associated with costly information. Second, having a measure of these
losses enabl es one to assess appropriate policies needed to reduce search costs, thereby increasing
efficiency within the economy.

With regard to policy, one result seems pretty much universal in past literature. Unemployment
insurance (measured by the replacement rate) subsidizes employee search, which lengthens
unemployment duration (e.g., Mofiftt and Nicholson (1982) and Meyer (1990)). The resulting
extra search enables workers to obtain more information and higher wages (e.g., Ehrenberg and
Oaxaca, (1976)). A gigantic body of work corroborates these findings regarding Ul, both for the
US and other countries (e.g., Jurgjda and Tannery (2003), Fourgere, Pradel, and Roger (1998), Van

1 Katz and Ziderman (1986) argue that incomplete information also affects the complete wage package
including nonrwage benefits. Given unobserved worker characteristics, employers provide specific
non-wage amenities to attrad worker with desired but unobserved characteristics, thereby affecting the
equilibrium wage. Unfortunately we do not have sufficient data to consider nonwage fringes.

1



den Berg and van der Klaauw (2001), Micklewright and Nagy (1995), Card and Levine (1998),
Beach and Kaliski (1983), Ham and Rea (1987), Arellano, Bentolila and Bover (1998), Belzil
(1995)) and Gonzalo, Maria Teresa Gonzal o (2002)).

This paper differs from past empirical research in three ways. First, rather than concentrate on
unemployment duration, it examines worker wages. It focuses on the extent to which workers
receive less than their potential wage, given their skills. This focus enables the paper to get a
metric defining the monetary effect (and indeed a measure of) incomplete information. Second,
the paper examines incomplete information from an international perspective. Rather than
examine incomplete information for one single country, it obtains measures for eleven countries
over severa time-periods. Third, the paper explains how inter-country institutional differences
affect incomplete information.

In the paper, we corroborate past findings on unemployment insurance. We show that incomplete
information is smaller where Ul isalarger proportion of GDP. Then, we test whether institutional
factors lead to differences in ncomplete employee information. In this context, we show that
geographic considerations aswell asindustrial structure affect search costs, and hence incompl ete
information. Third, given Tikva Lecker's interest in immigration, the paper culminates by

examining how foreign migrant workers affect overall employee incomplete information. In this
context, we determine whether the influx of foreign workers decreases the degree of incomplete
information within the labor market.

Background

A country’ s distribution of wages defines the benefits of job search. The more dispersed are wages,
the greater the gains from search. Higher search gains lead to relatively higher reservation wages,
which in turn leads to more search. But as a consequence, earnings dispersion narrows, and the
degree of incomplete information diminishes.

The whole search process provides job seekers with wage (and amenity) information, but clearly
information remains imperfect because search is costly. Creating an index of the degree of
incompl ete information is important because the level of incomplete information is an indicator of

market competition. Further, as already mentioned, incomplete information leads to inefficiencies
resulting in lost opportunities and diminished GNP.

The amount of market imperfection can be related to institutional factors. These might include
information networks, such as nationally based bargaining units (e.g., Germany) and the
availability of unemployment insurance, but they also could include other ingtitutions, such as

2 Beyond the scope of this paper is how institutional characteristics affect employer (as opposed to
employee) incomplete information. To answer this latter question, one would need to adopt atwo-tier
estimation technique (Polachek-Y oon, 1987). However, at this point, the twotier algorithm is not
available to use with LIS data, since al datistical analysis must be done on the LIS computer with
standard statistical software (SAS, SPSS, and STATA).
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inflows of foreign workers (who might have little information) to an economy. There is much
research on how migrants affect the labor market. These analysesinclude the effect of immigrants
on wages. Some of this research looks at how quickly (in terms of number of generations)
migrants achieve success equal to natives (Chiswick, 1978). Some looks at how this rate of
assimilation depends on migrant quality, particularly concentrating on the skills migrants possess
upon entering a country (Borjas, 1985).

Almost no research assesses workers overall knowledge of wage offer distributions. Similarly,
amost no research assesses the effects of foreign workers on incomplete information within a
particular labor market. This paper examines both. It develops a metric defining the effects of
incomplete information. It assesses the impact of institutional factors including unemployment
insurance and population density. Then, in memory of Tikva Lecker, it assesses how in-migration
of foreign workers affects the amount of information workers have regarding the labor market. All
this is done with international labor market data on eleven countries obtained from the
Luxembourg Income Study (L1S).

Incomplete Information

There is a large literature on the theory of equilibrium prices. Most is theoretical, and most
concerns defining the conditions under which an equilibrium price distribution exists (e.g.,
Reinganum (1979) Burdett (1983) Bester (1986) Arnold (2000) Kamiya and Sato, 2004). There
is also a small but growing body of literature that is empirical. That literature relies on overall
price variation to measure the degree if incomplete information (e.g., Stigler (1961) Stigler and
Kindahl (1970), and Sorensen (2000)).

Asrecognized by Stigler and others, thereis amajor drawback of using price (or wage) dispersion
as a measure of incomplete information. Price dispersion can vary for many reasons other than
incomplete information. These include differences in worker quality, or simply noisy data.
Dispersion measures do not get at these considerations because they don't net out these effects.
Thus these traditional measures do not reflect a pure measure of incomplete information. Such
measures, as variance,simply do not account for these measurable worker differences or random
errors.

One technique to get at incomplete information that can net out worker quality as well as pure
measurement error is given in Hofler-Polachek (1985), and Polachek-Y oon (1987). The technique
is relatively simple to implement. Basically, it measures worker incomplete information as a
parameter obtained from estimating an earnings function using frontier estimation techniques.
Essentially, the parameter depicts the degree workers receive wages that are less than they could
obtain, had they known the specific firms paying the highest wages. Hofler and Murphy (1992)
employ this technique to compute the average worker shortfall using the 1983 US Current
Population Survey (CPS). Gaynor and Polachek (1994) apply the technique to conpute
incompl ete information about physician prices. Daneshvary et al.(1992) use the technique to get at
assimilation of foreign workers in the U.S., and Lang (2004) uses it to get at assimilation of



German immigrants. Groot and Oosterbeek (1994) corroborate the approach using a 1985 Dutch
national sample of employees. Finaly Polachek and Robst (1998) confirm the technique's
predictions by showing how its measures of incomplete information match with those
independently obtained for a group of workers in the 1966 US National Longitudinal Survey of
Young Men (NLSYM).

But to date, no one has systematically studied the degree of incomplete information across
countries. Part of the problem is the paucity of data across enough countries to be able to draw
meaningful conclusions. Cross-country data were simply not available. However, new data are
now obtainable from the Luxembourg Income Study (L1S) for a sufficient number of countries to
get meaningful results. This paper applies the techniques mentioned above b determine the
amount of employees’ incomplete information. It then looks at different institutional factors across
countries to determine how they affect incomplete information.

Approach

We use Luxembourg Income Study (L1S) data to examine incomplete information by country. The
LIS isacollection of household data compiled from ongoing statistical surveys in approximately
29 countries widely spread across Europe, America, Asia and Oceania. The data are standardized
in order to facilitate comparativeresearch. The LIS began in 1983 and is now jointly sponsored by

the Luxembourg government and the Centre for Population, Poverty and Policy Studies (CEPS),
the Centre Universitaire (CU) de Luxembourg.

Data include country -specific labor force surveysover various labor market structures. These data
provide demographic, income and expenditure information on three different levels. household,
person and child. We concentrate on extracting earnings, education and age data from person
files for ten OECD countries. In addition, we include Israel, given that this is the location of the
conference.

For each country we apply an econometric frontier estimation technique developed by Aigner,

Lovell and Schmidt (1977) and Meeusen and van den Broeck (1977), and usad by
Hofler-Polachek (1985) to estimate a numeric index of incomplete worker information. Then we

look at ingtitutional factors within countries to establish what factors affect incomplete
information. First standard factors such as Ul are considered. Then, we concentrate on population
density, and finally the influx of foreign workers into an economy.



M odeling I ncomplete I nformation

Assume a labor market with a wage offer distribution such that wages for a worker of given skill

vary fromalow of w,,, toamaximumof Ww__ 2 A worker entering this job arena is motivated

to seek ajob at the highest possible wage. The only problem is that the worker does not know
the specific wage each firm pays. Given incomplete information, the worker must search. To do

this, the worker sets a reservation wage WiR , Which is the minimum wage the worker will accept

when searching. On average, a worker searches more the higher the reservation wage. The great

the search the more likely the worker achieves awage closer to the maximum W, .

Suppose worker i finds a job paying a wage W, suchthat w,, 3 W’3 w~*. The gap

between W, and WiO will vary across individuals, depending upon relative success in the job

search. The greater one's knowledge of the labor market the more likely the chance to attain a

wage closer to w,, , barring the impact of luck. Let u, be the gap between the wage one
actualy receives (Wio) and W, . This gap represents the underpayment caused by a worker

having to stop searching before finding the highest possiblewage. U, can be expressed as

U= In W- Inw @

and represents the cost to a worker of incomplete information. The average U = é u, /N, over

al workers (N) in the market, depicts the mean effect of worker incomplete information.

Using similar logic, afirm pays more than necessary to the " worker, sinceit pays \/\l,0 despitethe

worker’s willingness to work at W~ . The gap (In W’ - In W) 3 O reflects the effect of the

*Wages W,;,and W, are dependent on the worker's skill level, so that W,,;, = f (X) and

w,

mex = J(X) where x is avector of worker characteristics denoting skills. For now, since we are

talking about aworker of a particular skill level, we suppress these skills, and talk only of w ;. and

W,

max *



firm's incomplete information regarding worker i . But, in reality, worker i need not be the
lowest reservation waged worker, so that the true effect of the firm's incomplete information is

h, = InwW-Inw,,,, where w,

min 1S the minimum reservation wage for all comparable workers

who satisfy the job’s requirements. The average h = é_ h, / N, across all workers (N), depicts

the mean effect of firm incomplete information.

Polachek and Yoon (1987) tested search theory’s implications by computing averageu and h
for various groups of workers. They used the Panel Study of Income Dynamics (PSID) for the US
in 1981, and found smaller U values for workers who received Ul benefits before their current
job. This finding illustrated the efficiency Ul brings about through enhanced worker search.
Similarly, using the January 1983 Current Populations Survey (CPS), Hofler and Murphy (1992:
516) found that workersin areas paying relatively higher unemployment benefits exhibit asmaller
U. Groot and Oosterbeek (1994) found that “males have more labor market information than
females [which is] probably caused by the greater market attachment of males, which makes the
opportunity costs of ignorance [i.e., incomplete information] greater for males than females (p.
388).” They also found that “employees in the public sector possess more market information than
workers in the private sector ... probably due to the fact that wage policiesin the private sector are
in general less public knowledge and more individually based (p. 388).” Polachek and Robst
(1998) found that workers scoring high on World of Work tests had more information than those
with lower World of Work scores. Finally Gaynor and Polachek (1994) applied the technique to
the medical profession, and there too found that “measured incomplete information is higher
when ... search costs are higher (p.830).” But to date no one has done a comprehensive study
across more than one country. Nor have they examined whether in-migration affects incomplete
information.

Estimation Procedure

The LIS data require all computations be done on the Luxembourg computer. At this time
limitations on canned STATA and SAS software preclude estimating both employer and employee
information simultaneously. However, Groot and Oosterbeek (1994) find employer incomplete

information to be relatively constant as does Polachek and Y oon (1987). So, because incompkte
employer information varies little with institutional characteristics, in this paper we concentrate

solely on incompleteworker information (U;) . To put meat on the discussion, we now derive the

econometric specification.

For workers with skill level X, denote the maximum potential wage to be w" . Thus

Wi |x= W plus measurement error. In logarithmic form

I W |, =W =In(g(X)) + @
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Inlog-linear form,

InwP=xb +v, ©)
where the dependent variable represents the individual’s maximum potential wage offer;
X; denotes a vector of individual characteristics defining the worker i's skill level; and Vv, isa
disturbance distributed as N (0,s ?) . With perfect information regarding what each firm pays, a

worker would be ableto locate the firm paying his or her maximum potential wage w;”. However,
in a world of incomplete information, where search is costly, the typica worker defines a

reservation wage WiR below his or her potential wage. As indicated above, the offer wage one

accepts WY 3 WX,

1
Combining (1) and (2), aworker’s observed wage can be represented as:

Inw’ = Inw’-u, 4

where u; 3 0. Thisone-sided residual u; represents the extent incomplete information

causes one to accept a wage lower than the market’ s potential wage. It reflects a
monetary measure of incomplete information. Substituting (3) into (4) yields

Inw’ =xb +e ®)

where € =V, - U;. As dready indicated V,~N(0,s ?). We also assume U, 3 O such that

u~N*(m;,s %) . Moreon thedistributional assumptions later.

We adopt the maximum likelihood approach incorporating a composed error term first proposed
by Aigner, Lovell, and Schmidt (1977) and Meeusen and van den Broeck (1977) to estimate (5). It

assumes a non-negative one-sided error term, U, in addition to the traditional normally

distributed error term, v, . To understand the approach rewrite (5) as:



W =g(x).exp{-u; +Vv;}, ©

where WCis the actuad observed earnings, as already defined, and g(X )isthe potential
maximum earnings achievable barring random errors V; . Actua earnings (wio) are less than
potential maximum earnings ( g(X;)) by the proportion (1-exp{- u;}). In other words,

(1- exp{- u} ) is the effect of incomplete information.

As is standard in the literature we specify the X vector to adhere to the Mincer earnings

function. Thus, anindividual’ s potential wage can be written as
g(x) =exp(a, +a,§ +a.t +at’+a,F) U

where,
S, istheindividual worker i’s completed highest schooling level,
t; isthe individual worker i's potential working experience,

ti2 is the quadratic term of i's experience level, and

F. isthe individual worker i’'s gender dummy, 1 for female and O otherwise.

The above equation (7) givesaworker’s potential wagein the absence of the incomplete
information. In reality, because of the limits of finite search, aworker receiveslessthan

his or her potential maximum wage, and gets an observed wage W’ . To incorporate

incomplete information, substitute (7) into (6) to obtain

W =g(x).exp{-u +Vv} =exp(a,+a,S +a.t +a,t? +a ,F)xexp(-u +v,) )

After takingthe logarithm it becomes:

Inw® =a, +a,S +a,t, +a.t? +a,F - u +v, 9



The common approach is to estimate (9) using the (In) likelihood function

In LW | b,l sz):NIn£+NIns'1+§N_In[l- Flels ™)]- = :‘SNle-2 (10)
I o «/E i=1 | 252 i=1 |

proposed by Aigner et a. (1977) and Meeusen and van den Broeck (1977)

where
s?=si+s !

and

where f and F are respectively the standard normal density and distribution functions.*
The expected value of the composite error is

V2
S

H®=-Hw=“m§u

(11)

the mean of the one-sided error term.

However, the problem with the above approach is it assumes u; to be unrelated to any of the
independent variables. So, following Wang's (2002) strategy, we take account of how the
independent variables can influence incomplete information by parameterizing u, to be a

function of gender, marital status, race, schooling and experience, because each these variables
affects aworker’ s opportunity costs of search. Thus, we assume

U ~N+(mnlsii) (12

* Note the likelihood function is based on the €, distribution being

f(e) :83 f(SE)[l- F(els™Y).

See Weinstein (1964).



m; =d, +d,;F +d,My; +d;M, +d,R +dsS +dgt;

(13
s ; =exp{g, +9,F +g,M +g;M, +g,R +g,S +gt;} (14)
v, ~N(0,5 %) (15)
where

U; istruncated normally distributed with mean m, and variance S j ,
M, istheindividua worker i's mariatal status, 1 for married and O otherwise,

M is the individual worker is maital status, 1 for divorced, widowed, separated and O
otherwise, and

R istheindividua worker i'srace, 1 for white and O otherwise. (For countries other than U.S.,

1 for the mgjority ethnic group and O otherwise).

The empirical estimate of the u; is obtained through its conditional expectationon the total error

terme; , which is defined as

€ =-U +V. (19

Maximum likelihood is used to estimate equation (17), given assumptions (12) to
(16).° The log likelihood function for a sample of N workersiis

InL(w’|b,l s)=C- é

o Miy, o m; gliy 1o &+Mi.,
Ins. - In F(—L% InF(EL- - 1 1)- = 4
ns, §l n (Sui)+ai n (Sili Si) > a ( | )
(17)
where
s;=(s5+s)” (18)
I, =s,/s, (19

As discussed above, we use 1- E(exp{- ui}|ei ) as ameasure of aworker’s incomplete

information. The advantage of thismeasure isthat it is bounded by (0,1), which is

5 See Stevenson (1980).
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easily interpreted as the proportion of the potential maximum wage a worker has
missed due to the incomplete information. So the bigger the 1- E(exp{ - ui}|ei ), the

more incomplete one’' s knowledge d available wages. Theformula to obtain each
worker’ s incomplete information is

] ] _ _1-F[s.- (M/s.)] S B
1- E(exp{-u}|e) =1 T FICm)/s.] .exp{(- m)+ 25*i} (20)
where
sZ=sl2s?ls? (21)
r;? =(-sge tmsy)/s? (22)

Theestimate of incomplete information is the average of dl workers’ incomplete
information. So each country year’s incomplete information is

N

m =8 (- Eep(- ule)] (23

ji=l

where N j is the total number of workers for country year j.

TheData

Our first task isto compute each worker's incomplete information defined in equation (20), using
the maximum likelihood estimation formulated in equation (17). In the LIS data, there are three
data files for each country and year. We use the personal file, which has information on work

status, personal income, education aswell as other basic individual characteristics. For each of the
29 countries, the number of available years differs, ranging from one year for Estoniato nineyears
for Canada and the United States.  For two reasons, we use only part of the available countries
for the analysis. First, our final goal is to understand how institutional differences explain
variations in incomplete information across countries. However, crucia variables to test
hypotheses related to institutional perspectives are not available for all LIS countries and years.
Generaly LIS has sufficient data for many, but not all OECD countries. So for this reason we first
restrict our analysis to the OECD countries and years, which contain the full complement of
demographic information that we need for analysis. (As mentioned before, we also include Israel —
our only non-OECD country — because LIS contains the relevant information, and because |sragl
isthe site of this conference.) Second, we only include countries and years for which the nonlinear
maximum likelihood estimation of equation (17) converged. Of the 23 potential OECD countries
(and Isragl), this left 11 countries for which we have sufficient data. They are the United States,
Canada, the United Kingdom, Germany, Sweden, Finland, Ireland, Norway, Netherlands, Czech
Republic andfinally Israel. They spanNorth Americaand all parts of Europe.
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The Within Country Regression Results

Summary statistics are provided in Table 1. For most countries and years, the average schooling is
around 11to 12 years, and the average potential experience is between 20 and 25 years. So, across
these OECD countries, most workers have relatively omparable educational backgrounds, and
are similar in age. Also, female workers constitute about half of the population nterviewed
(though, not shown in the table, a greater proportion of women did not work for pay). The
ehnicity variable depicts the proportion of the population constituting a country’s majority
population. In the US, this is the proportion white. Married workers are around 60% of the
population, and divorced or widowed workers are in the 520% range Mean wages are contained
in the last column, and are defined either as hourly wages or annual earnings, depending on the
available data. We expect more variation in annual earnings because hourly wages fluctuate less as
work hours vary. In the statistical analysis to follow, we add a dummy categorical variable to
signify country -years with hourly wage data.

Table 2 contains the regression resultsof equation (9. Columns (1) and (2) give the country and
year; columns (3) through (6) give the coefficient values for schooling, potential experience,
potential experience-squared, and gender; and finally column (7) gives estimates of the extent of
incompl ete information obtained from equation (23). We begin by explaining Columns (3) through
(6) since they reflect earnings function parameters typically obtained when estimating Mincer
earnings functions.

The schooling variable coefficient depicts the average rate of return for an additional year of
school. For more than half of the countries, this rate of return isincreasing over time. (Only afew
counties have decreasing rates of return.) This pattern is consistent with other data sets as well as
with technological change. It implies that the more educated absorb advanced technology easily,
and that their rate of pay per year of schooling is increasing secularly.® The experience
coefficients yield concave earning profiles, shown by the consistently negative squared-term. The
female dummy variable is uniformly negative, suggesting that in all the countries (that we
consider), women earn less than nen, given adjustments for schooling and experience. Overall,
these earnings function parameters are typical of those found in the literature.

Estimates of incomplete information, based on equation (23), are given in Column 7. They range
from 0.16 to 0.58, but average about 0.3. This means that incomplete information causes the
average worker to get about 30% less than his or her potential. An examination of the values
indicates strong consistency within countries, since these values differ more from
country-to-country than within countries. Within countries incomplete information measures do
not reveal any apparent time pattern. Incomplete information seems to be increasing in Sweden,
Czechoslovakia, Finland, Germany, Netherlands and Israel, while in Norway it is decreasing. On

® As schooling levels rise, the wage distribution becomes wider. Although awider earnings distribution
increases search gains, it need not imply more information since search costs also rise. Perhaps thisisthe
reason we see no time trends regarding incompl ete information.
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the other hand, time trends are relatively flat for the United States, the United Kingdom, Canada
and Ireland. Usually technological improvements mirror time trends. The lack of atime trend
might suggest that technological improvements are not necessarily associated with decreasing
incomplete information, ascommon sense might haveimplied.”

Within each country, what factors affect the level and distribution of incomplete information? To

answer this question, we adopt Wang's (2002) method to compute marginal effects ofm,'s

covariates listed in equation (13) (Table3) and s j ’s covariates given in equation (14) (Table 4).®

Beginning with Table 3, we see a number of trends For example, the mostly negative marginal
effects of school indicate that additional schooling reduces a worker’s incomplete information.

This finding is consistent with Stephenson’s (1976) argument that workers with more education
gather more wage information by searching moreefficiently. Similarly, about three quarters of the

cases show married workers, and two-thirds of the cases show that widowed and divorced workers,
have more information than singles. This result is consistent with higher married and widowed
labor force participation rates (Taubman, 1976), which leadsto larger marginal gains from search.

Further, as hypothesized McCall, 1973) blacks exhibit lower labor force participation and
possibly higher search costs, so they might acquire less information than whites. In our
international data, we show that on average minotity ethnic groups have less complete information
than majority groups, which is an extension of McCall's argument. Also, from Table 3, potential
experience reduces workers’ incomplete information in over 80% of the observations. Finaly,
incomplete information is larger among female workers than male workers, again consistent with
lesslifetimefemale labor force participation.

Another observation regarding these margina effects in Table 3 is that the patterns are more
consistent within aspecific country, than across countries. As such, any covariate's marginal effect
is likely to have a uniform sign within a particular country, but not necessarily across countries.
This uniformity within countries underscores the importance of using cross-country institutional
differences to explain how incomplete information differs from country -to-country.

Recal from equation (5) that S fi depicts the dispersion of incomplete information. How

" Whereas technologcal improvement provides the opportunity for more search, the whole search
process can become more overwhelming making the job choice decision more complicated. For
instance, by intensively searching through the internet, individuals decrease search costs. These
decreased search costs might imply more search but lessreal information if, for example, wages are not
posted. Thus technology could leave workers with less real information.

® For the details, see equation (9) and equation (10) in Wang's paper.
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individual characteristics affect this dispersion is parameterized in equation (15). The impacts of

these characteristics on s j are given in Table 4 They indicate how incomplete information

fluctuates across socioeconomic groups. As an example, take race. From Table 3, incomplete
information is smaller for whites than for blacks. But, the negative ethnicity coefficient in Table 4
implies that whites exhibit smaller dispersion in incomplete information than blacks. This implies
arelatively wider range in incomplete information for blacks than whites. Thus the variance of
incomplete information is greater for blacks than whites. Similarly, though on average females
garner less information in total, they exhibit greater variance in the amount of information they
gather, as well. For the most part being older (having more potential experience) reduces this
dispersion, as does being married or widowed, and as does (except for the United Kingdom,
Germany, The Netherlands and I srael) having more education.

Why Incomplete Information Differs Across Countries? An Examination of Institutional
Factors

So far we have estimated incomplete information and examined how it varies within
countries. We have seen that an employee’s characteristics, especially those characteristics
affecting onés incentive to search, influence the amount of wage related information one
acquires. However, a country’s ingtitutions may also be important, but identifying the impact
of these ingtitutions is difficult to discern with a limited number of cross-sections for a given
country. For this reason, we now do a comparative analysis by contrasting institutional
differences across each of the eleven countries to explain intercountry differences in
incomplete informat ion.

Ul and Incomplete Information

Perhaps unemployment insurance (Ul) is the most studied institution regarding information
and search. Ehrenberg and Oaxaca (1976), Jurgida and Tannery (2003), and numerous other
studies find that Ul increases unemployment duration, job search and post-unemployment
wage. Hofler-Polachek (1985), PolachekYoon (1987) and  Hofler-Murphy (1992)
corroborate this result using one of the frontier estimation techniques described above. They
find that having received Ul leadsto lessincomplete information. As aready mentioned, this
finding is consistent with search theory explanations that Ul subsidizes search costs leading
to longer search, better wages, and more information (less incomplete information). Whereas
these studies test this proposition with US data, to the best of our knowledge, none examine
other countries; nor do any do comparative analysis across countries. In what follows, we
perform a comparative analysis using the eleven countries mentioned above. We test whether
variationsin Ul arerelated to worker incomplete information.

To achieve this goa, we need Ul information for these countries. One measure, found in the
“OECD Employment OutlooK' isa country’spublic expenditure as a percentage of GDP. The
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advantage of this measurement is that we have each country’s actual expenditures on Ul,
instead of some nominal benefit measure that might not be implemented exactly for each
worker. The disadvantage is that we cannot use this measure to narrow the Ul benefits down
to the individual worker level. Because Ul (as a proportion of GDP) is narrowly distributed
(most of the Ul expenditures are less than 2 percent of countries GDP, with a few over 3
percent), we convert the Ul variable to alogarithm. This assumption is consistent with Ul’s
impact being nonlinear. A logarithmic specification implies a larger impact when Ul is
initially small, which iswhat we expect.

Other Institutional Factors

Besides Ul, we examine several other institutional factors that might contribute to the

explanation of workers’ incomplete information. These variables are population density,
proportion of employment in industry, rural population and the inflow of foreign workers.

Information on each of theseis obtained from World Bank data.

Thefirst three variables get at how information is concentrated among the population. As
such they reflect the costs of search, since we presume that search costs rise when
information is dispersed more widely and harder to find. For example, a more dense
population implies a quicker access to information networks. Also, a more dense population
probably means that jobs are closer in proximity. A large rural population impliesthe opposite,
namely sparse harder to find information, with jobs spread over wider distances. Sandell

(1980) suggests that geographically concentrated opportunities lowers search costs, which
prolongs search, and reduces incomplete information. In contrast to urban aress, rural regions

ae less concentrated with job opportunities, and therefore likely result in more incomplete
information.

Unionization rates rise as a country’s industrial employment increases (Polachek
(forthcoming)). Also unions provide information to employers and employees regarding
wages and jobs (Polachek and Yoon, 1987) and that unions compress wage distributions
(Freeman, 1980). Thus because industrialized countries are more unionized, we expect
workers in more industrial countries to be more informed and have less incomplete
information.

Finally, in honor of Tikva Lecker, we examine the inflow of foreign workers. A considerable
body of research examines the relative success of immigrants. For example, past studies of
U.S. immigration note that wages of newly arrived immigrants lag behind native wages
(Chiswick (1978)), but that the assimilation process can cause earnings of the foreign born to
eventually overtake U.S. natives (Chiswick (1986)), though there remains some debate on the
issue (Borjas, (1985)). In any case, the whole assimilation process involves increased
acquisition of information on domestic labor markets, and the use of this information in the
search process (Daneshvary, e al.(1992)). Further, new lower-waged foreign workers, who

come to a country with less initial knowledge of wage structures can affect the overall
distribution of wages. Since generaly, having less information implies that immigrant

15



workers receive lower wages than natives, wage dispersion increases, as does skewness. Thus
the effect of foreign workersis likely to be a more left -skewed earnings distribution, resulting
from incomplete information (holding skills constant). But this result is not always found. A
study of German immigrants, using data from 2000, finds natives and immigrants at about the
same distance from the frontier (Lang (2004)). For this reason, the effect of foreign

in-migration on incomplete information is still and open question.

Table 5 gives a detailed summary of these variables. Column (1) contains the variable name
and definition. Column (2) contains the number of country-year cells for which data are
available. Columns (3) — (6) contain summary statistics. Rows (1) through (7) contain
statistics for each of the ingtitutional variables just mentioned. Generally data are available
for most of the time periods and countries. The exceptions are for Ul (which is missing eight
of 45 observations) and foreign worker inflows (which is missing 24 observations). This latter
restriction necessitates running separate analysis of foreign worker inflow effects. Row (8)
gives estimates of the incomplete information variable (obtained from Table 2. Because the
effects of incomplete information are affected by using annual instead of hourly wages, we
normalize those 18 observations based on annual instead of hourlywages. This normalization
unifiesthe incomplete information measurement to make it consistent across counties so that
inter-country comparisons can be made. These values are given in row (10) 2

Cross-country Analysis

Cross-country regression results are given in Table 6. Country (and year) specific incomplete
information measures derived from (23) are the dependent variables, and the country -specific
ingtitutional variables just described serve as independent variables. We present five models,
each explaining incomplete information by these institutional factors. Model (1) concentrates
on Ul. Modd (2) concentrates on the population density and industrial structure variables.
Models (3) and (4) concentrate on the inflow of foreign workers. Finally, Model (5) integrates
most of the institutional factors into one model.”® We present four parameters for each
independent variable. The first is the simple OLS coefficient. The second is the robust
standard error. The third is the marginal effect caused by a one standard deviation change in
the independent variable. Finally the fourth is an elasticity measure describing the percent
change in incomplete information caused by a one percent change in the independent
ingtitutional characteristic. To distinguish between incomplete information variables derived
from annual versus incomplete information measures derived from hourly wage data, we
adjust for hours of work. ™

°We adjust the 18 incomplete information estimates by the hourly wage dummy coefficient in a
regression of incomplete informationonthe hourly wage dummy variable.

19 Foreign worker inflows cannot be integrated because the limited number of observations on this
variable precludes sufficient degrees of freedom. In addition, we eliminated the industrial employment
variable because it become insignificant.

" This adjustment is omitted from Models (3) and (4) because each of the 21 observations contains
incompl ete information measures derived solely from hourly wage data.
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The first model focuses onhow Ul impacts on incompleteinformation. A one unit increase in
the logarithm of a country’s Ul expenditures (relative to GDP) reduces incomplete
information by .05. This means that a one extra logarithm unit of Ul spending (relative to
GDP) induces workers to get 5% closer to their maximum attainable wage. The -.036
coefficient implies that a one standard deviation increase in a country’s logarithm of Ul
(relative to GDP) causes workers to get 3.6% closer to their potential wage. Finally the -.048
elasticity measure indicates that a doubling of the logarithm of Ul spending (from its mean
value) leads to 4.8 percentage decrease in worker incomplete information (from its mean
value). Most important, these coefficients substantiate search theory. Increasing Ul reduces
search costs. Lower search costs increase search leading to more worker information on the
wage structure.

The second model focuses onpopulation density, rural population and industrial employment.
If, as we postulate, each of these influences search costs, then we should expect these
variables to have an effect on worker incomplete information. Indeed, this is precisely what
we find. Both a more dense population and a high level of industrial employment provide
information networks, and thus decrease incomplete information. A large rura population
increases distances, thereby increasing information costs. Thisleads to decreasesin employee
information, and hence a greater level of employee incomplete information.

The marginal effectof a one standard deviation change in each of these three variables isvery
similar in magnitude (0.03). This means that a one standard deviation increase in either
population density or industrial employment decreases a country’ sincomplete information by
about 10%." Analogously, one could look at this another way: Incomplete information of
about 0.30 (the mean reported in Table 5) implies that employees on average earn about 70%
of their maximum possible wage. A one standard deviation increase in population density
raises employee information (lowers employee incomplete information) by about 10%. Thus
workers in (a one standard deviation) denser area get wages 3% closer to their maximum.
Though this analysis is performed across countries, it is well known that urban areas pay
higher wages, and often for unexplainable reasons. Perhaps one reason is that better
information networks lead to |ess employee incomplete informati on.®

Models (3) and (4) incorporate the inflow of foreign workers. Both these models show that a
growing foreign workforce decreases worker information. A standard deviation increase in
inflow of foreign workersyields a3.7% wage loss in model (3) anda 2.4% loss in model (4).
The elasticity measurements for these two models are .049 and .116 respectively. Thus

12 According to Table 5, average adjusted employee incomplete information is about 0.30. A 0.03
change is about 10%.

3 The large industrial employment and rural population elasticities (Table 6) first surprise us. However,
an examination of the means (or median for population density) and standard deviations of these
variablesreveal svaluesrespectively fivetimes the size and twice the size of their standard deviations. So
these two elasticity measures are really very consistent with the marginal effects
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doubling the inflow of foreign workers induces a 4.9% increase in incomplete information in
model (3), and a 1..6% increase in model (4).14 Thus, despite major contributions foreign
workers probably contribute to a host country ’s economic development, they also affect the
wage distribution, which becomes more skewed to the left. As such, the average worker
receives a wage proportionally lower than the maximum available wage. These lower wages
are consistent with an increase in incomplete information.

Combining all variables (Model (5)) does not ater the results.” Again, Ul is associated with
significantly increased worker wages, relative to potential wages. This is consistent with
increased worker information. Also, a more dispersed population is associated with wages
being lower relative to potential wages. In contrast with Ul, this is consistent with less
employee information.

From a policy perspective, these results show that a country can reduce its incomplete
information through governmental efforts, such as spending more on Ul. Also, from a policy
perspective, the results are consistent with information dissemination being linked to
economic development. As a country develops, its geographical structure often changes, so
that rural (relative to urban) population is reduced. From the above coefficients, relative rura
population reductions are associated with more worker information.

In making these claims, it isimportant to note that information rises because the overall wage
distribution becomes more left-skewed, not because wages simply rise equally across the

whole distribution. Thus, we are not making a trivial statement regarding development and
wage levels. While it is very well known that economic development raises a society’ s wages,

arising wage overall doesnot constitute increasing information. By our original definition,
incomplete information is based on changes in wage distribution skewness, and not on the
distribution’s overall mean wage level. Thus our proclaimed result goes beyond traditional
development economics.

A Graphical Depiction

To get another view of the above results, we graph incomplete information against each of
these explanatory variables (Figure 1 through Figure 6). Every observation is labeled by
country name. Also, the graphs contain a fitted line mirroring each of the above model’s
predictions.

4 M ore specifically, a doubling of foreign workers (i.e., a new inflow of 77,700 foreign workers for a
country already with 77,700 (median value from Table 5)foreign workers and incompl eteinformetion of
0.359) will increase incompleteinformation by .018 units, which is 4.9% of .359. Similarly, increasing
the proportion of foreign workers from 0.161% to 0.322% yields an increase in incomplete information
by 0.142, which is 11.6% of 0.359.

5 As not ed in footnote #10, an insufficient number of observations precludes including the foreign
worker inflow. The industrial employment variable has the correct sign, is statistically insignificant.
Thus we also eliminate this variable in Model (5).
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As easily seen, the cross-country predictions blatantly stand out. Nations with greater Ul
benefits (Figure 1) have less incomplete information (more employee information). Workers
in more densely populated nations have less incomplete information (Figure 2). Nations with
greater rural populations have additional worker incomplete information (Figure 3). More
industrialized nations have less incomplete information (Figure 4). Finally, nations with a
greater influx of foreign workers have more incomplete information (Figures 5 and 6).

Oneinteresting observation is noted from these graphs. Within -country results are not always
as strong as the between country results. Take incomplete information versusthelogarithm of
Ul (Figure 1). Where as greater Ul decreases incomplete information in the US, Canada, the
UK, lsrael, the Netherlands, Ireland and Sweden, it does not in Norway, Finland and

Germany.16 Rather, these latter within-country patterns seem to indicate rising incomplete
information as Ul increases. These few counter examples imply that Ul alone does not

explain all changes of the within country incomplete information. Perhaps Ul must be
examined in conjunction with welfare policies, given the preponderance of Scandinavian
countries among this latter group.

Probably because a country’s population density and rural population change very slowly
over short time periods, we observe similarly anomalous results for within-country
comparisons in Figure 2 and Figure 3. As aresult, we observe aimost no within-country
relationship in these Figures, even though the between country relation is significant.

On the other hand, the within country observations follow the cross-country trendsin Figures
4, 5 and 6. Incomplete information decreases within a country when its industrial
employment increases (Figure 4). Incomplete information tends to rise with inflows of
foreignworkers (Figures 5 and 6).

Conclusion

In this paper, we define a tractable procedure to measure incomplete information in the |abor

market. The procedure is based on econometric frontier estimation techniques, and is consistent
with search theory. It is an improvement over past measures because it holds individual

characteristics constant and nets out random effects.

We apply the technique to eleven countries over various years. We find incomplete information
leads workers to receive on average about 30-35% less pay than they otherwise would have earned,
had they information on what each firm paid. Generally married men and women suffer less from
incomplete information than the widowed or divorced, and singles suffer the most. Women suffer
more than men do. Schooling and labor market experience reduce these losses. But institutions
within a country matter, & well. For example, we find that workers in countries that strongly

16 Missing Ul data preclude plotting Czechoslovakiain the Firgure.
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support unemployment insurance (Ul) receive wages closer to their potential. Doubling Ul
decreases incomplete information and results in 5% higher wages. A more dense population

reduces search costs leading to less incomplete information and higher wages. A more industria
economy disseminates wage information better, so that workers exhibit less incomplete

information. Finally, in memory of Tikva Lecker, we examined the effect of foreign worker
inflows on incomplete information. Data within countries as well as cross-country comparison
yield comparable results. Foreign worker inflows skew wages to the left. In the shortrun they
increase incomplete information and at the same time reduce average wage levels.

In reaching these conclusions it is important to note that we achieve our estimates of incomplete
information based on the skewness of the wage distribution and not on wage levels. Thus, whereas
we find that individual characteristics such as race, gender and work experience lead to higher

wage levels in their own rite (i.e., these variables have a direct effect), they also do so through
their effects on incomplete information. Similarly whereas we find that a country’s institutional

characteristics such as commitment to Ul, sanctions against foreign workers, or amore devel oped
industrial structure directly raise wages, these country characteristics also do so through their
effects on incomplete information. These latter effects of incomplete information on wage level
are obtained from wage distribution skewness, and not from symmetric movements in the entire
wage distribution.
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Table 1: Mean of the Variables from the Individua Country-Y ear Regressions**

Potential Majority Divorced/
Country  Year School Experience Female Ethnicity Married Widowed Wage
CN* 1981 11.117  21.813 172 10.452
CN* 1987 10.822 24.353 519 .618 124 12.131
CN* 1991 11.646 25.152 517 .636 126 15.110
CN* 1994 11984  25.164 521 .619 135 16.020
CN* 1997 12.066  26.507 513 .646 .130 14.716
CN* 1998 12.492  25.488 513 487 229 15.256
CN* 2000 13.288 18.450 A87 .529 201 16.080
cz 1992 11.804 20.900 471 733 .103 518.575
cz 1996 10.413  23.784 466 .992 694 .108 1140.721
Fl 1987 9.351  22.222 AT74 .933 .614 .073 63344.97
Fl 1991 9.706 22.374 A86 .939 .629 85465.26
Fl 1995 11.145 21.195 493 .948 .586 .106 88175.4
FI 2000 11.693  22.208 491 .942 .584 .082 112289.7
GE* 1984 7.638  29.046 511 .821 638 125 19.146
GE* 1989 8.483  28.992 504 .804 .634 132 25.493
GE* 1994 8.780  29.558 519 .813 .649 135 34.482
GE* 2000 12.607 27.399 516 .937 .629 .196 24.574
IE* 1994 9.481 29.716 500 997 .628 .105 5.035
IE* 1995 9.471  30.007 501 .993 .621 .108 5217
IE* 1996 9.492  29.905 495 .995 .611 .116 5.239
IS 1992 12,531 19.813 A52 A73 .755 .058 38082.47
IS 1997 12.019 22.691 514 431 .602 .108 64932.53
NL* 1983 9.881  22.597 .102 .793 .053 21.685
NL 1987 9.417 20.573 .361 677 .046 41329.14
NL 1991 11.615 17.760 396 .640 .048 40200.91
NL* 1994 10.868 26.795 .526 .648 113 26.229
NL* 1999 12.693 19.441 .463 612 .071 29.216
NwW 1991 11.485 19.930 .470 554 .061 115304.8
NwW 1995 11.804 21.152 479 571 .074 150085.6
NwW 2000 12.734  20.755 .486 .939 551 .082 209902.6
SW 1992 11.144 25.180 492 .965 .802 145644.9
SW 1995 10.740 24.248 .495 973 .765 157548.8
Sw 2000 12.207  22.140 491 .961 .501 .084 189576
UK 1986 10.482 21.153 .429 8121.4
UK* 1991 10.744  21.295 AT78 .659 .140 6.277
UK* 1994 10.283  31.504 528 615 225 7.295
UK* 1995 11.094 22.043 504 .649 .180 7474
us 1969 11491  20.311 421 .885 .658 .099 5566.403
us* 1974 11.327 23.539 535 .815 .610 .151 4.650
us* 1979 12.804  20.336 AT72 6.703
us* 1986 12.227  23.362 535 .785 .554 175 9.737
us* 1991 12.429 24.408 532 .745 .540 195 10.467
us* 1994 12598  24.130 531 733 517 .203 11.962
us* 1997 12.675 25.060 532 719 .549 .194 13.795
uUs* 2000 12.818  25.219 521 701 581 .158 15.320

Data Source: Luxembouig Income Study

* Denotes countries with hourly wage, otherwise with annua wage data are given.

**The mean is based on those in the population with positive wages (earnings). Missing variables are denoted as blanks,
Variable definitions:

School is average years of schooling;

Potential Experience is average years of working experience, calculated by age-school -6;

Female is a gender dummy, 1 for femae and O otherwise;

Magjority Ethnicity isethnicity dummy, 1 for mgjority ethnic group and O otherwise;

Married is maritd status dummy, 1 for married and O otherwise;

Divorced/Widowed is a marital status dummy, 1 for divorced/widowed and O otherwise;

Wageis average wage, either specified as hourly wageor annud earnings

21



Table 2: Within Country Regression Results

Potential Experience Incomplete

Country  Year School Experience Square Female Information
CN* 1981 .050 .024 -.0003 -.276 281
CN* 1987 .060 .029 -.0004 -.213 .386
CN* 1991 .067 .021 -.0002 -211 .347
CN* 1994 .070 .024 -.0002 -.202 .348
CN* 1997 .080 .024 -.0002 -.204 347
CN* 1998 .103 .036 -.0004 -.322 251
CN* 2000 .098 -.006 .0002 -.314 .340
Ccz 1992 .077 .023 -.0004 -.324 .259
Cz 1996 .093 .020 -.0003 -.321 274
Fl 1987 .082 .066 -.0009 -413 .535
Fl 1991 .083 .056 -.0007 -.383 .536
Fl 1995 .067 .043 -.0005 -.381 .563
Fl 2000 .065 .043 -.0005 -421 .563
GE* 1984 .089 .030 -.0004 -.243 .252
GE* 1989 .073 .021 -.0002 -.169 .267
GE* 1994 .067 .013 -.0001** -.151 .281
GE* 2000 .105 .020 -.0002 -.187 .357
IE* 1994 .098 .041 -.0004 -.116 324
IE* 1995 .087 .038 -.0004 -.128 312
IE* 1996 .091 .038 -.0004 -.110 .353
IS 1992 .105 .048 -.0006 -.486 .320
IS 1997 .128 .042 -.0005 -.514 341
NL* 1983 .083 .048 -.0006 -.081 .156
NL 1987 .084 .061 -.0008 -.172 .256
NL 1991 .064 .038 -.0005 -.239 .398
NL* 1994 .060 .025 -.0002 -.046 .275
NL* 1999 .065 .026 -.0003 -.058 .297
NW 1991 .074 .042 -.0007 -.416 .581
NW 1995 .069 .046 -.0007 -.436 .527
NW 2000 .073 .046 -.0008 -.460 .484
SW 1992 .068 .037 -.0005 -.437 .445
SW 1995 .076 .041 -.0006 -.443 469
SW 2000 .092 .036 -.0005 -.392 471
UK 1986 .093 .046 -.0007 -.396 .304
UK* 1991 141 .028 -.0004 -.405 187
UK* 1994 .156 .028 -.0003 -.390 .207
UK* 1995 161 .018 -.0001** -.368 .204
us 1969 .087 .028 -.0004 -.533 .495
us* 1974 .076 .028 -.0004 -.390 .345
us* 1979 .074 .018 -.0002 -.476 .288
us* 1986 .092 .035 -.0004 -.292 .365
us* 1991 .098 .030 -.0004 -.275 .405
us* 1994 113 .035 -.0004 -.257 .396
us* 1997 .118 .034 -.0004 -.301 .384
us* 2000 .116 .027 -.0003 -.307 .384

Data Source: Luxembourg Income Study

The dependent variable is hourly wage for countiies with *; otherwise the dependent variable is annual earnings.

Coefficients with ** are not stetistically significant at 5% p-vaue level, otherwise are statistically significant at least 5% p-value

level.

Variable Definitions:

School denotes the rate of return to an additiond year of schooling in equation (9);

Potential Experience is experience coefficient in equation (9);

Experience Square is experience square coefficient in equation (9);

Female isthe female dummy variable coefficient in equation 9), 1 for femae and 0 otherwise;

As computed from equation (23), incomplete Information is expressed as a percentage of potential maximum wages.
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Table 3: Margina Effect of Covariates on E(U) by Country and Y ear**

Divorced/ Majority Potential
Country Year Female Married Widowed Ethnicity School Experience
CN* 1981 139 -.005 -.002
CN* 1987 091 -23.58 -.840 -.023 -.004
CN* 1991 135 -.077 -.143 -.016 -.008
CN* 1994 .093 -.088 -.021 -.012 -.010
CN* 1997 .120 -.076 -.098 -.007 -011
CN* 1998 -.049 -.057 .060 .027 .00
CN* 2000 -.059 -.077 -.022 .012 -.012
Ccz 1992 .034 .004 -.004 -.002 -.015
Cz 1996 073 -.026 -.006 -119 .004 -.010
Fl 1987 -.262 .038 -.245 .016 -.081 -016
Fl 1991 -.236 .081 .018 -.076 -.034
Fl 1995 -.142 .097 -.032 .032 -.059 -.044
Fl 2000 -.173 134 -.067 -.040 -.061 -.036
GE* 1984 .095 -.132 -.344 -.059 .010 -.042
GE* 1989 .165 -.045 142 .059 .014 -.039
GE* 1994 .083 .053 .032 .138 .008 -.027
GE* 2000 .089 .032 .067 .035 .006 -.019
IE* 1994 219 -.267 -198 -.298 -.008 .003
IE* 1995 .170 -.270 -.041 -258 -.008 .001
IE* 1996 .256 -.276 -.068 -.063 -.007 .007
IS 1992 132 -042 .005 -162 .034 -.001
IS 1997 .040 -.156 .088 -.215 .035 -.018
NL* 1983 .069 -.236 -.389 .012 .006
NL 1987 .198 -.162 107 .015 .009
NL 1991 .486 -.958 -.804 -.044 -.055
NL* 1994 227 -.713 -.930 -.014 -.013
NL* 1999 141 =577 -.196 -.021 -.028
NW 1991 -.230 .031 429 -.055 -.043
NW 1995 -.170 -.065 .350 -.054 -.050
NW 2000 -119 -.011 .067 -.152 -.049 -.031
SW 1992 -.003 -.086 -.184 -.025 -.006
SW 1995 -.019 -.112 -.389 -.034 -.034
SW 2000 .086 .031 119 -.336 -.003 -.058
UK 1986 247 .014 .006
UK* 1991 -.107 -.042 -.049 .034 -.001
UK* 1994 -.023 .071 .079 .050 .004
UK* 1995 -.058 -.020 -.005 048 -.001
us 1969 452 -.200 -.183 -.228 -.046 -.056
us* 1974 .154 -147 -.080 -.072 -.006 -.028
us* 1979 -.015 .005 -.002
us* 1986 .136 -201 -.183 -.069 -.013 -.021
us* 1991 175 -.128 -.006 -.088 -.017 -020
us* 1994 134 -134 -.005 -.067 -.012 -.020
us* 1997 .093 -.128 -.015 -.067 -.008 -.020
us* 2000 .073 -.157 -.035 -.069 -.012 -.020

Data Source: Luxembourg Income Study

* Denotes computations based on hourly wage otherwise computation based on with annua earnings.
** Margina effect for each country year is the average margind effect of individual workers within that country year.

Definitions of varigbles in Table 3:
Female isthe gender dummy variable in equation (3), 1 for femae and O otherwise;

Married is the maritd statusdummy variable in equation (13), 1 for married and O otherwise;

Divorced/Widowed is the maritd statusdummy variable in equation (L3), 1 for divorced/widowed and O otherwise;
Mgjority Ethnicity isthe racdethnicity dummy in equation (13), 1 for mgjority ethnic group and O otherwise;

School istheyears of schooling variable in equation (13);
Potential Experienceis the years of working experience in equation (13), calculated & age-school-6.
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Table 4 Margind Effect of Covariates on V(U) by Country and Y ear**

Divorced/ Majority Potential
Country Year Female Married Widowed Ethnicity School Experience
CN* 1981 119 -.004 -.002
CN* 1987 144 -25.96 -717 -026 -.004
CN* 1991 190 -117 -209 -025 -.015
CN* 1994 115 -.145 -030 -022 -.022
CN* 1997 159 -117 -155 -016 -.026
CN* 1998 .004 .076 .067 .013 .005
CN* 2000 .001 -.009 .001 .007 .003
cz 1992 .023 .012 .001 -.002 -020
cz 1996 .062 -.005 .004 -107 -.002 -017
FI 1987 -741 .230 -.485 .005 .138 .031
FlI 1991 -653 .319 .000 -127 -006
FI 1995 -380 .197 -112 .010 .002 .051
FI 2000 -475 .420 .015 -.236 -.003 050
GE* 1984 .128 .011 -.048 -051 .023 -.006
GE* 1989 174 .060 .097 .051 .014 -.006
GE* 1994 .099 .093 .097 .130 .016 -.001
GE* 2000 116 A71 145 .047 .003 -.001
IE* 1994 .364 -.365 -263 -.444 -.012 .007
IE* 1995 .324 -.308 -052 -.400 -.010 .010
IE* 1996 .545 -.450 -097 -.148 -.012 019
IS 1992 .148 -043 .006 -179 .038 -001
1S 1997 .163 -122 .216 -.381 .063 .001
NL* 1983 .031 -.081 -.142 .005 .003
NL 1987 .539 110 125 .020 .014
NL 1991 978 -.343 -211 -.032 -022
NL* 1994 .332 -360 -480 -.007 -002
NL* 1999 .130 -.448 -144 -.017 -022
NW 1991  -527 .567 .946 -.056 -.001
NW 1995 -352 -071 .278 -.053 -024
NwW 2000 -.199 -074 .030 -281 -.058 -021
SW 1992 .003 -167 -.393 -.057 -025
SW 1995 -.041 -219 -.761 -.048 -041
SW 2000 .188 -090 .042 -.600 .013 -052
UK 1986 511 .020 .013
UK* 1991 -.001 -008 -008 .014 .002
UK* 1994 .015 .079 .080 .038 .009
UK* 1995 .002 .012 .002 .022 .006
us 1969 .986 .008 -.0462 -.402 -013 -012
us* 1974 .210 -.206 -112 -.099 -.009 -.039
us* 1979 -.012 .004 -.001
us* 1986 177 -493 -424 -133 -039 -057
us* 1991 429 -213 -018 -.146 -006 .001
us* 1994 .287 -224 -039 -.109 -001 -012
us* 1997 .188 -224 -044 -120 -005 -024
Us* 2000 154 -.244 -085 -.109 -004 -011

Data Source: Luxembourg Income Study

* Denotes computations based on hourly wage otherwise computation based on with annud  earnings.

** Margind effect for each country year is the average margind effect of individual workers within that country year.
Definitions of variablesin Table 4:

Female isthe gender dummy variable in equation (4), 1 for femde and 0 otherwise;

Married is the marital statusdummy variable in equation (4), 1 for married and 0 otherwise;

Divorced/Widowed is maritd statusdummy varigble in equation (14), 1 for divorced/widowed and O otherwise;
Magjority Ethnicity is racdethnicity dummy varigble in equation (14), 1 for mgority ethnic group and O otherwise;
School istheyears of schooling in equation (14);

Potential Experienceis the years of working experience in equation (14), caculated by age-school-6
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Table 5: Statistic Summary of the Variables from the Cross Country Regressions

Number of Standard
Variable Observations Mean Deviation  Minimum Maximum
Unemployment Insurance(Expenditure 37 1.779 1.181 .26 5.6
as a Percentage of GDP)
Log of Unemployment Insurance 37 .352 722 -1.347 1.723
Population Density(People Per sq km) 45 28.542" 147.464 2.700 466.499
Industrial Employment (% of Total 42 27.764 5.644 215 45.1
Employment)
Rural Population(% of Total Population) 45 22.107 9.822 8.841 42.283
Inflow of Foreign Worker (in Thousands) 21 77.700 184.707 3.8 742.3
Inflow of Foreign Worker(% of Total 21 161 .108 .033 412
Population)
Incomplete Information 45 .359 108 .156 581
Hourly Wage Dummy(1 for Hourly Wage) 45 .6 495 0 1
Adjusted Incomplete Information 45 309 .088 .130 455

Data Source: Incomplete information is from Table 2; Ul is from OECD
Employment Outlook; the remaining variables are from World Bank data.

* denotes median.
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Table 6: Regression Results of Country Attributes on Country workers Average

Incomplete Information of Wages

(Robust Standard Error Used; T Valuein Parentheses)

Model 1 Model 2 Model 3 Model 4 Model 5
Constant 487 .570 .287 .279 414
(20.62) 8.94) 17.01) (10.23) (12.00
Wage Definition Dummy -.161 -.128 -138
(5.82) (-6.86) (-7.12)
Log of Ul -.050 -.022
(-3.82) €1.99)
[-.036] [.016]
{-.048} {.021}
Population Density -.0002 -.0002
(-2.63 €1.70)
[.030] [.028]
{-.016}* £.015}*
Rural Population .003 .003
(2.65) (3.05
[.030] [.031]
{.184} {.180}
Industrial Employment -.006
(-2.64)
[.034]
{-.464}
Inflow of Foreign .0002
Workers (in Thousands) (3.30)
[037]
{.049}*
Inflow of Foreign .226
Workers (Proportion of (2.03)
Total Population) [.023]
{116}
N 37 42 21 21 37
R-squared 0.5185 0.7301 0.2922 0.1391 0.7787
Probability>F 0.0000 0.0000 0.0038 0.0561 0.0000

Note: [ ] containsthe marginal effect of a standard deviation change in the variable.

{ }contains the elasticity defined as Elasticity=—

indicated by *) of the dependent variable and the independent variable respectively.

Iy/y
X/ X
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Figure 1: Adjusted Incomplete Information versus Logarithm of Ul.
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Figure 2: Adjusted Incomplete Information versus Population Density.
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Figure 3: Adjusted Incomplete Information versus Rura Population.
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Figure 4: Adjusted Incomplete Information versus Industrial Employment.

adjusted_incomplete_information —a—— Fitted values

446992 W
FFI

us Fl FI

NWS
us us CN

121879

T T T T T
215 45.1

industrial_employment

28



Figure 5. Adjusted Incomplete Information versus Inflow of Foreign Workers (in
number).
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Figure 6: Adjusted Incomplete Information versus Inflow of Foreign Workers (in
proportion)
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