
 
 
 
 

DISCUSSION PAPER SERIES 

 
 
 

     ABCD 
 

www.cepr.org 
 
 

Available online at: www.cepr.org/pubs/dps/DP3861.asp 
 www.ssrn.com/xxx/xxx/xxx 

  
 

 
 

 
 
 
 

No. 3861 
 

HOW LARGE ARE  
SEARCH FRICTIONS? 

 
 

Pieter Gautier and Coen N Teulings 
 
 

  LABOUR ECONOMICS 
 
 

 



ISSN 0265-8003 

HOW LARGE ARE  
SEARCH FRICTIONS? 

Pieter Gautier, Tinbergen Institute 
Coen N Teulings, Erasmus University Rotterdam, Tinbergen Institute and CEPR 

 

Discussion Paper No. 3861 
April 2003 

Centre for Economic Policy Research 
90–98 Goswell Rd, London EC1V 7RR, UK 

Tel: (44 20) 7878 2900, Fax: (44 20) 7878 2999 
Email: cepr@cepr.org , Website: www.cepr.org 

This Discussion Paper is issued under the auspices of the Centre’s research 
programme in LABOUR ECONOMICS. Any opinions expressed here are 
those of the author(s) and not those of the Centre for Economic Policy 
Research. Research disseminated by CEPR may include views on policy, but 
the Centre itself takes no institutional policy positions. 

The Centre for Economic Policy Research was established in 1983 as a 
private educational charity, to promote independent analysis and public 
discussion of open economies and the relations among them. It is pluralist 
and non-partisan, bringing economic research to bear on the analysis of 
medium- and long-run policy questions. Institutional (core) finance for the 
Centre has been provided through major grants from the Economic and 
Social Research Council, under which an ESRC Resource Centre operates 
within CEPR; the Esmée Fairbairn Charitable Trust; and the Bank of 
England. These organizations do not give prior review to the Centre’s 
publications, nor do they necessarily endorse the views expressed therein. 

These Discussion Papers often represent preliminary or incomplete work, 
circulated to encourage discussion and comment. Citation and use of such a 
paper should take account of its provisional character. 

Copyright: Pieter Gautier and Coen N Teulings 



CEPR Discussion Paper No. 3861 

April 2003 

ABSTRACT 

How Large are Search Frictions?* 

This Paper presents strong evidence for the concavity of wages in job and 
worker characteristics by adding second order terms to a Mincerian earnings 
function for six OECD countries. Under a standard normality assumption, this 
concavity cannot be attributed to unobserved components in those 
characteristics. An assignment model with search frictions provides a 
parsimonious explanation for our findings. This model yields two restrictions 
on the coefficients, which fit the data very well. The impact of search frictions 
on wages is large. Our results relate to the literature on industry wage 
differentials, on structural identification in hedonic models, and on wage 
posting versus Nash bargaining in search models. 

JEL Classification: J21, J23, J30 and J60 
Keywords: assignment, search and wages 

Pieter Gautier 
Faculty of Economics  
Erasmus University Rotterdam   
PO Box 1738   
NL-3000 DR Rotterdam 
THE NETHERLANDS   
Tel: (31 20) 551 3532  
Fax: (31 20) 551 3555  
Email: gautier@tinbergen.nl  
 
For further Discussion Papers by this author see: 
www.cepr.org/pubs/new-dps/dplist.asp?authorid=127147 

Coen N Teulings 
Faculty of Economics  
Erasmus University Rotterdam   
PO Box 1738   
NL-3000 DR Rotterdam 
THE NETHERLANDS   
Tel: (31 20) 551 3531  
Fax: (31 20) 551 3555  
Email: teulings@tinbergen.nl  
 
For further Discussion Papers by this author see: 
www.cepr.org/pubs/new-dps/dplist.asp?authorid=116605 

 
*We thank Dale Mortensen, James Heckman and seminar participants at the 
University of Chicago and IZA in Bonn for useful comments and suggestions. We 
thank Miguel Portela for the Portugal estimates. 

Submitted 07 March 2003 



1 Introduction

How large is the effect of search frictions? To what extent do wages deviate from the

simple Walrasian rule of ”one good, one price”, implying that workers with equal human

capital should earn equal wages? Labor economist have been struggling with this question

for ages. Empirical inference is troubled by the fact that residuals in simple Mincer type

earnings regressions can be due to at least three factors: (1) imperfect measurement

of the relevant human capital variables, (2) measurement error in wages, and (3) non-

Walrasian features of the labor market like search frictions, resulting in wage dispersion

among homogeneous workers. A simple way to decompose the error term in these three

components is not available.

This paper shows that an estimate of the effect of search frictions on workers with equal

human capital can be derived from a simple non-linearity in the earnings function. In

fact, simply adding second order terms in human capital variables and job characteristics

suffices for our approach. At first sight, the identification of the effect of frictions from

non-linearities in the earnings function seems to put the full burden of proof on functional

form assumptions. We show that this is not the case. The main assumptions required

for our approach are conditions on the third moments of the distribution of observables

and non-observables that follow immediately from standard normality assumptions. Our

empirical evidence provides strong support for the relevance of search frictions. The cost

of search, defined as the relative gap between the worker’s reservation wage and the value

added in the optimal assignment, is estimated to be in the order of 50 % or more.

The seminal paper by Krueger and Summers (1987) started a debate on the nature

of inter-industry wage differentials. Some contributors claimed that the industry effects

in simple OLS earnings regressions are the reflection of genuine differentials between

industries in the wages of workers with equal human capital. These differentials might

be driven by efficiency wages or rent sharing. Others took a more sceptical position,

claiming that industry differentials might very well be attributed to unobserved worker

characteristics which are correlated with industry choice. The large literature on the

measurement error in schooling variables, see Angrist and Krueger (1991), reveals that

the importance of these unobserved characteristics should not be underestimated. Recent

contributions apply matched worker-firm data to resolve the issue, see Abowd, Kramarz,

and Margolis (1998).
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Another strand in this literature starts from Burdett and Mortensen’s (1998) model of

monopsonistic wage setting in a world with on the job search. A high wage raises inflow

and reduces the outflow of workers, but it also reduces profits by increasing the wage bill.

This trade-off results in a non-degenerate equilibrium wage distribution. Larger firms pay

higher wages and have longer average tenures. These correlations allow for inference on

the dispersion of wages, holding constant the human capital of the worker, see Van den

Berg and Ridder (1998) and Postel Vinay and Robin (2002).

This paper applies the search model of Teulings and Gautier (2003), that is based on

the assignment models analyzed by Sattinger (1975) and Teulings (1995). Workers vary

by their level of skill (or: human capital) and jobs by their level of complexity. Both

the skill and the complexity index vary continuously, so that there is an infinitum of job

and worker types. Highly skilled workers are assumed to have an absolute advantage in

all jobs and a comparative advantage in complex jobs. In the Walrasian version of this

model, each worker type is assigned to a unique job type, where value added reaches its

maximum. Both this optimal complexity level and log wages are increasing in the skill

type of the worker, the former due to comparative advantage, the latter due to absolute

advantage. In the presence of search frictions, workers will not wait for ever till this unique

first best job type comes along. When a contact occurs between a worker and a job, both

face a trade off between either the pay off of matching with the partner that is available

now or waiting for a more suitable partner. Hence, workers accept a range of job types,

instead of a single job type as in the Walrasian equilibrium. Suppose that wages are set

by Nash bargaining between the worker and the firm. Then, both sides share the loss in

value added relative to what it would be in the optimal assignment. Wages for a particular

type of worker are therefore concave in the job type: the wage reaches a maximum for

the level of job complexity that maximizes value added; it is lower for more or for less

complex jobs. The basic idea of this paper is to capture this concavity empirically by

simply adding second order terms in the skill and complexity levels to Mincerian earnings

functions.

At first sight, this approach seems to rely heavily on functional form restrictions.

We show that this is not the case. We can construct a proxy for the skill index, using

standard human capital variables, such that this measure is linearly related to wages.

Similarly, we can construct a complexity index linearly related to wages, using industry
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and occupation dummies. When both indices are entered jointly in a wage regression, their

coefficients have no structural interpretation, since both indices are perfectly collinear in

the ideal case, due to the comparative advantage assumption. Hence, the size of both

coefficients is determined by the share of unobserved heterogeneity in the variance of

both indices, and not by the underlying structure of the economy.1 We show, however,

that it is difficult to justify the second order terms on these grounds. If we apply a

standard normality assumption on the distribution of both observed and unobserved job

and worker characteristics, then second order terms cannot be explained by unobserved

heterogeneity. In fact, any distribution with a zero third moment yields this conclusion.

The estimation results can be used to quantify the size of search frictions. We take

the model of Teulings and Gautier (2003) and derive a simple relation for the cost of

search. We allow the skill and complexity index to be only partially observed, but we

assume that third moments of the distribution of observed and unobserved characteristics

are close to zero. Using this assumption, we are able to derive a simple relation between

the regression coefficients of the Mincer equation and the size of search frictions. The

model yields predictions regarding the sign of the second order terms. Estimation results

based on CPS data provide clear support for these predictions. The model also yields

two restrictions on the relative size of coefficients of the various second order terms.

These restrictions fit the data very well. The cost of search can be recovered from the

Mincer equation extended with second order terms up to a single parameter. We offer an

interpretation of why this is the case.

The paper is organized as follows. Section 2 presents empirical evidence on a simple

Mincer equation extended with second order terms. We then discuss whether or not these

second order terms can be interpreted in terms of unobserved characteristics. Section 3

sets out the search model and derives a relation for the cost of search. This relation is

used to relate the coefficients of the Mincer equation extended with second order terms to

the search model. In section 5 we discuss a number of extension to the theoretical model

and how they may affect our results. Section 6 concludes.

1For the purpose of this paper, it is irrelevant whether there is measument error in observed charac-
teristics or unobserved heterogeneity, because the former can always be respecified in terms of the latter.
Hence, we discuss our results in terms of unobserved heterogeneity.
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2 Second order terms in a Walrasian world

Consider an assignment model with both heterogeneous workers and jobs similar to Teul-

ings (1995). Workers differ by their level of skill, denoted s, and jobs by their level of

complexity, denoted c. Highly skilled workers have an absolute advantage in all jobs and

a comparative advantage in complex jobs. In the Walrasian equilibrium with perfectly

competitive markets and free entry of firms, log wages w are a continuous strictly increas-

ing function of the skill level s, due to absolute advantage, w = w∗ (s) , w∗0 (s) > 0. The

superscript ∗ indicates that w∗ (s) is the log wage for worker type s when assigned to her
optimal job type c, in contrast to the log wage in an arbitrary job type, which will be

considered in the next section. This optimal job type c is a continuous strictly increasing

function of her skill level s, c = c (s) , c0 (s) > 0, due to comparative advantage of bet-

ter skilled workers in more complex jobs. Since c (s) is strictly increasing, it has a well

defined inverse function, s = s (c) , s0 (c) > 0, with s [c (s)] = s. Hence, the equilibrium

assignment is described by a one-to-one correspondence between s and c in a Walrasian

equilibrium. Each skill type is assigned to a unique job type and vice versa.2 Combining

these results yields dw∗[s(c)]
dc

= w∗0 [s (c)] s0 (c) > 0. To sum up, log wages are an increasing

function of both the skill level s and the level of job complexity c, while the skill level s

is an increasing function of the complexity level c (and vice versa).

These results provide the framework for constructing measures for skill and complexity.

We view the standard human capital variables like years of education and experience as

2See Teulings (1995) for a discussion of the conditions necessary for the differentiability of w (s) and
c (s).
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partial information on s. Let q be the vector of these characteristics.3 Suppose:

s ≡ (q − E [q])0 β (1)

s ≡ s̄+ s

Var [s] ≡ σ2

w = w∗ (s) + u = s+ u

= (q − E [q])0 β + s+ u

R2ws = 0.3513

where w is the observed wage rate, s is a zero mean i.i.d. random variable capturing the

unobserved components in the skill index and where u is a random variable capturing

measurement error in log wages with Var[u] ≡ ψσ2. Both random variables are inde-

pendent of q. Hence, Var[w] = (1 + ψ)σ2. Log wages w are defined in deviations from

their mean for the sake of convenience and without loss of generality. The listed value of

R2ws refers to the regression with w as the variable to explain and q as the vector with

explanatory variables. At first sight, the linearity of w∗ (s) with a slope coefficient of unity

seems to impose strong restrictions on the assumptions discussed above. However, these

assumptions do not impose any further restrictions at this level of generality. We have

not yet defined the scale of measurement of s, so we can apply any continuous strictly

increasing transformation, without violating any of the previous assumptions. Similarly,

the linearity of the relation between s and q seems to be a strong assumption. But again,

we can include everything and its square in q, so that it can capture any continuous non-

linear relation up to an arbitrary small degree of misspecification. So this specification is

also less restrictive than it appears at first glance. The only real restriction in the model

is the homoscedasticity of the error term.

Equation (1) provides a simple framework for the estimation of the parameter vector β

by a simple OLS regression of log wages on q. We use the CPS March supplements (1989-

92). The vector q includes total years of schooling, a third order polynomial in experience,

highest completed education, being married, having a full or part time contract and

various cross terms of experience, education and being married. Besides those variables,
3We also included ”female” and ”black” dummies to correct for possible sorting in certain types of

jobs for those groups. Part or all of the wage differentials for those groups can be due to discrimination
which has nothing to do with skill perse. Therefore, we also did the analysis on skill indices which are
not based on sex or race. This gives almost identical results.
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we add calendar time dummies to capture the effect of inflation and the business cycle.

The parameter vector β is applied for the calculation of the index s capturing the observed

part of the skill index s; s is constructed to have a zero mean. Bond and Krueger (1991)

report that the ratio of variance of the signal to the total variance in log hourly wages is

0.84 for the CPS. Hence, ψ = [1− 0.84] /0.84 = 0.19 in our application.
Similarly, we can construct the index c capturing the observed part of the complexity

index c, from a vector of job characteristics z:

c ≡ (z − E [z])0 γ (2)

c ≡ c̄+ c

c (s) = s

w = w∗ [s (c)] + u = c+ u

= (z − E [z])0 γ + c+ u

R2wc = 0.3649

where the listed value of R2wc refers to the final regression, with c̄ as the only explanatory

variable. Like s, the index c is constructed to have a zero mean. Again the linearity of

c (s) is not restrictive for the reasons discussed before. We can add cross terms of z to

make it fit the assumed functional form. The only real restriction is in the additivity

of the error term. The functional form of w [c (s)] is implied by previous assumptions.

Like s, c is a zero mean i.i.d. random variable, independent of z. In our application, z

contains 520 occupation and 242 industry dummies. We run an OLS regression w on z to

estimate γ. Then, we calculate the observed complexity index c. The observed skill and

complexity indices s̄ and c̄ are the backbones of our empirical analysis.

It is useful to introduce some additional notation. Let R2s̄ and R2c̄ be the share of the

variances of s̄ and c̄ in the total variance of s and c respectively. Hence, these parameters

measure the degree of information about skill and complexity. We cannot identify R2s̄

and R2c̄ from the data directly even in this Walrasian world, since we have no way to

decompose the error term in the wage regression into u on the one hand and s and c on

the other hand. R2ws and R
2
wc are therefore a lower bound for R

2
s̄ and R

2
c̄ respectively. The

one-to-one assignment of s to c (or vice versa) implies that these variables are perfectly

correlated in a Walrasian world, Cor[s, c] = 1. Hence, Var[c] =Var[s] ≡ σ2. However,

since both s and c contain unobserved characteristics, the observed parts need not be
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perfectly correlated.

Consider what happens when we enter s̄ and c̄ in a wage regression simultaneously:

w
R2

0.4494

= αss̄
0.6117
(184)

+ αcc̄
0.6411
(196)

+ e (3)

By applying the formula for OLS regression coefficients, the estimated coefficients αs

and αc can be shown to converge to (see Appendix A):·
αs

αc

¸
=

1

R2s̄R
2
c̄ − C2

·
R2c̄ (R

2
s̄ − C)

R2s̄ (R
2
c̄ − C)

¸
(4)

where C ≡ σ−2Cov[s̄, c̄]. The better the information on the skill variable (R2s̄ is high),

the higher the coefficient αs, and mutatis mutandis the same for the complexity variable.

For the special case R2s̄ = R2c̄ , we have αs = αc = (1 + C)−1: the higher the correlation

between the skill and complexity variable, the lower will be the coefficients αs and αc.

The intuition is that with imperfect information, s becomes a proxy for c and the other

way around. If R2s̄ = R2c̄ = 1, then C = 1 (since Cor[s, c] = 1) and the model would be

unidentified by perfect collinearity of its regressors. It is tempting to give the coefficients

αs and αc a structural interpretation. For example, referring to the old debate started

by Doeringer and Piore’s (1971) analysis of segmented labor markets where wages are an

attribute of jobs rather than of workers. A high value of ac is then interpreted as support

for the segmented labor market view of the world, while a high value of αs is interpreted as

support for the traditional human capital interpretation. Similarly, Krueger and Summers

(1988) use this type of regression to estimate inter-industry wage differentials. Those are

then interpreted as evidence for non Walrasian wage setting. The above analysis makes

the simple and well known point that the regression coefficients are just a reflection of

the relative amount of unobserved heterogeneity in s and c, and that any structural

interpretation is therefore hazardous.

Next, consider the extension of this regression model with second order terms in s̄ and

c̄ (t-values between brackets):

w
R2

0.4527

= αss̄
0.6173
(186)

+ αcc̄
0.6359
(194)

+αss

¡
s̄2 − E £s̄2¤¢
−0.1543
(20)

+αcc

¡
c̄2 − E £c̄2¤¢
−0.1534
(19)

+αsc (s̄c̄− E [s̄c̄])
0.4189
(35)

+e

(5)
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The second order terms show up highly significantly. The question is whether this

result should be considered as a rejection of the simple Walrasian model, w = s+u = c+u,

or that it can be interpreted in the same way as equation (3), where s̄ captures the effect of

c and c̄ the effect of s. As a first observation, if z ≡ [s̄, s, c̄, c]0 is normally distributed and
if the Walrasian model applies, then the coefficients of the second order terms are equal to

zero. The intuition for this result is the following. Under joint normality, z can be linearly

decomposed into four orthogonal random variables which are all distributed normally.

Consider the expression for the coefficients of an OLS regression, α = [X 0X]−1X 0y, where

X is the matrix of explanatory variables and where y ≡ {w} is the vector of log wages.
The coefficients of second order terms are different from zero if either the first and the

second order terms are correlated (the cross product of the first and second order terms

in X 0X 6= 0) or the second order terms are correlated with w (X 0y 6= 0). Since z can be
linearly decomposed in four orthogonal components, the first and the second order terms

are only correlated if the third moments of these components are different from zero.

However, these moments are zero, due to the normality assumption. A similar argument

establishes that w is uncorrelated to the second order terms. Since w = s̄+s+u = c̄+c+u,

w is a linear combination of the four orthogonal components and u. Since the latter is

independent of anything else, the second order terms are correlated to w only if the third

moments of the components are different from zero, which is again inconsistent with their

normality. Hence, for a quite standard assumption regarding the distribution of z, the

significance of the second order terms cannot be explained by unobserved heterogeneity.

As a second observation, the coefficients αs and αc do not change much by the inclusion

of the second order terms, compare equation (3) and (5). Hence, the second order terms

are largely orthogonal to the first order terms, or equivalently, X 0X ∼= 0 for the cross

terms of the first and second order effects. The covariance matrix of X and y, including

E[w3], is shown in Table 1.

Table 1 Covariance matrix of w, s̄ and c̄
s̄ c̄ (s̄2 − E [s̄2]) (c̄2 − E [c̄2]) (s̄c̄E [s̄c̄]) w w2

s̄ 0.1415
c̄ 0.0862 0.1469
(s̄2 − E [s̄2]) -0.0035 -0.0039 0.0340
(c̄2 − E [c̄2]) -0.0037 -0.0058 0.0094 0.0279
(s̄c̄− E [s̄c̄]) -0.0034 -0.0029 0.0194 0.0158 0.0225
w 0.1418 0.1469 -0.0032 -0.0051 0.00012 0.4026 -0.0443
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Indeed, the correlations of the first order terms of s̄ and c̄ with second order terms are

much lower than the correlations between the first order terms and between the second

order terms. However, since the correlations between first and second order terms are

not exactly zero (as would be implied by normality), we still have to address the ques-

tion whether unobserved heterogeneity can explain the significance of the second order

terms? General conclusions without any distributional assumptions are difficult to ob-

tain. However, we can push the analysis beyond the normality assumption, by preserving

the assumption that we can linearly decompose z in four independent components but

dropping the assumption of these components having a zero third moment. What values

should the third moments of these components take to obtain the correlations between w

and the second order terms that we observe in our data? We provide a formal analysis in

the Appendix B, which shows that any combination of second order terms can always be

rationalized by an appropriate choice of the third moments of the underlying independent

components of z.

This argument shows that at the fundamental level, the results for equation (5) can

be rationalized from a Walrasian model with partly unobserved worker and job character-

istics, which are not distributed normally. However, it requires quite special assumptions

on the third moments. There is nothing inconsistent about these assumptions, but they

lack any rationale. In the next section, we present a more parsimonious explanation for

our regression results that yields additional restrictions on the coefficients of equation (5),

that are supported by the data.

3 A world with search frictions

3.1 An accounting framework for search frictions

The Walrasian assignment model discussed in Section 2 can easily be extended to the

analysis of search frictions, following the formal analysis in Teulings and Gautier (2003).

The indices s and c are constructed in the same way as in Section 2. In the Walrasian

equilibrium, a worker of skill type s is assigned to a unique job type c (s), namely that job

type c that maximizes her log value added. Hence, there is a one-to-one correspondence

between s and c and both variables are perfectly correlated. When there are search

frictions, this one-to-one correspondence breaks down, so that the correlation between s
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and c is no longer perfect. The larger search frictions are, the lower will be the correlation.

As before, we assume that s and c follow a joint normal distribution with zero mean and

Var[s] = σ2.

Let y (s, c) denote log value added of worker type s in job type c, let y∗ (s) denote the

maximum of y (s, c) for a given s, and let c (s) be the value of c that maximizes y (s, c)

for a given s. We assume y (s, c) to be twice differentiable.4 Then, by construction:

y [s, c (s)] ≡ y∗ (s)

yc [s, c (s)] = 0

Since there is free entry of firms, a zero profit condition applies. Hence, in the Walrasian

equilibrium: y∗ (s) = w∗ (s) = r (s), log value added equals log wages equals the log

reservation wage of type s. Now, consider the effect of search frictions. They reduce log

reservations wages r (s) below y∗ (s):

r (s) ≡ y∗ (s)− x = y [s, c (s)]− x (6)

where we assume for simplicity that x does not depend on s.5 Hence, x is the relative

difference between the maximum value added and the reservation wage. Hence, we shall

refer to x as the cost of search. The situation is depicted in Figure 1. Panel A represents

the Walrasian case, where r (s) = w∗ (s) = y∗ (s), and hence x = 0. All workers of type s

are assigned to the job type c (s) that maximizes their output. Panel B represents the case

with search frictions: r (s) is less than y∗ (s), the difference being x. An s-type job seeker is

less choosy than in aWalrasian world and accepts all c-type tasks for which y (s, c) ≥ r (s).

Figure 2 depicts both situations in the s, c-space: the Walrasian equilibrium is represented

by the solid diagonal, the search equilibrium by the band around it.

Let ∆c ≡ c− c (s) denote the deviation from the optimal allocation for type c and let

∆c∗ ≡ c+(s)− c (s) , where c+(s) is the most complex job type for which y (s, c) ≥ r (s).

A worker of type s turns down more complex jobs. Then, by construction:

y [s, c (s) +∆c∗] = r (s)

4See Teulings and Gautier (2003) for a discussion of the production technology that justifies this
assumption.

5In a more general model, this assumption is likely to be violated. In Teulings and Gautier (2003), we
show that x (s) is likely to be larger in the tails of the distribution of s. In Teulings and Gautier (2001),
we use this fact to show that large metropoles with a large pool of job searchers are likely to specialize
in the job search intensive activities.
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By a second order Taylor expansion of equation (6) with respect to c and using yc [s, c (s)] =

0, we have:

x ∼= −1
2
ycc∆c∗

2

(7)

We can make exactly the same argument for the lowest value of c in the matching set.

Hence, up to a second order Taylor expansion, the matching set of a type s worker is

symmetric around the midpoint c (s), its upper bound being c (s) + ∆c∗ and its lower

bound being c (s) − ∆c∗. The parameter |ycc| has a special interpretation. It is the
complexity dispersion parameter, see Teulings (2002), measuring the productivity loss due

to suboptimal assignments:6

Loss (∆c) = y∗ (s)− y [s, c (s) +∆c] ∼= −1
2
ycc∆c2

where the second equality follows from the same Taylor expansion as in equation (7).

By construction, Loss(∆c∗) is equal to x. The parameter ycc is also a measure for the

substitutability of worker types, see Teulings (2002). The higher the complexity dispersion

parameter, the lower the substitutability of worker types. The lower the substitutability

between types of workers, the more important it is to get the right man for the job because

suboptimal assignment yields a high productivity loss.

Search frictions imply that y (s, c) ≥ r (s) for almost all acceptable jobs, see Figure 1.

We therefore need a theory of wage setting to determine the distribution of the surplus

between the outside options of worker and firm, r (s) and y (s, c) respectively. Suppose

that the surplus is divided by Nash bargaining, where β is the workers share in the surplus.

Then, the log wage of an s-type worker in a c-type job satisfies:7

w (s, c) = r (s) + β [y (s, c)− r (s)] (8)

Consider a second order Taylor expansion of this equation around w [s, c(s)].

w (s, c) ∼= w0 + wss+ wcc+
1

2
wsss

2 + wscsc+
1

2
wccc

2

wcc = βycc < 0

6In Teulings (2002), the complexity dispersion parameter is defined as y ≡ w00 (s) /w0 (s)2. In his
parameterization, y∗ (s, c) is linear (hence: −y∗cc = 0), while w00 (s) > 0. In our specification, s is
transformed such that w (s) becomes linear, so that −y∗cc plays the same role here as w00 (s) in Teulings
(2002). Since c (and hence∆c) is measured in the same units as w, see equation (2), dw/dc (the equivalent
of w0 (s)) is equal to unity. Hence: γ = y∗cc.

7Strictly, this relation applies in levels for Nash bargaining, not in logs. However, the difference is of
higher order for small x.
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The second derivative with respect to c is equal to β times the complexity dispersion

parameter. We now turn to the determination of the other parameters. First, the locus

of log value added maximizing assignment, c (s), can be derived from the first order

condition wc [s, c (s)] = wc +wscs+wccc(s) = 0, yielding c (s) = −w−1cc (wc + wscs). Since

matching sets have been shown to be approximately symmetric around c (s) and since s

and c are distributed joint normal with zero mean, it must hold that c (0) = 0. Hence:

wc = 0. Next, the way in which the indices s and c are constructed, see Section 2, implies

E[w] = 0, dE[w(s,c)|s]
ds

= dE[w(s,c)|c]
dc

= 1, and d2E[w(s,c)|s]
(ds)2

= d2E[w(s,c)|c]
(dc)2

= 0. The coefficients of

the Taylor expansion can be solved from these five conditions, see Appendix: B

w (s, c) ∼= −ωρ (1− ρ)σ2 + s− ω
£
ρs2 − (1 + ρ) sc+ c2

¤
(9)

where ω ≡ −1
2
wcc = −12βycc > 0, 0 < ρ < 1. This equation provides a simple economic

theory for the second order terms in a wage equation. In the Walrasian equilibrium, where

s and c are perfectly correlated, it must hold that Var[s] =Var[c]. This equality does not

hold necessarily in a search equilibrium. In fact, one can show (see Appendix B) that

equation (9) implies Var[c] = ρσ2 and Cor[s, c] =
√
ρ.

Job offers with |∆c| > ∆c∗ are rejected. This restriction can be used for the derivation

of the expectation of ∆c2 in the matching set, again using a Taylor expansion:8

E
£
∆c2

¤ ∼= 1

3
∆c∗

2

Furthermore:9

E
£
∆c2

¤ ∼= Var [c|s] = ρ (1− ρ)σ2

Substitution of these results in equation (7) yields a simple expression for x:

x = −3
2
yccρ (1− ρ)σ2 = 3

ω

β
ρ (1− ρ)σ2 (10)

8Let f (∆c) = f0 + f1∆c + f2∆c
2 be a second order Taylor expansion of the density function ∆c in

the pool of vacancies. Then:

E
£
∆c2

¤
=

R∆c∗
−∆c∗ f (v)x

2dvR∆c∗
−∆c∗ f (v) dv

=
2
3f0∆c

∗3 + 2
4f2∆c

∗5

2f0∆c∗ + 2
3f2∆c

∗3 =
1

3
∆c∗

2

+O
³
∆c∗

3
´

9In the notation of the Appendix, Var[c|s] =Var[g]. Strictly, the reservation wage strategy implies
that the support of ∆c (that is: c conditional on s) is bounded by the condition r (s) = y [s, c (s)±∆c∗],
while joint normality of s and c implies an unbounded support. We interpret joint normality as an
approximation of the theoretical distribution.
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The same curse that rests on Burdett and Mortensen’s (1998) equilibrium search model

seems to hit the model discussed here: the equilibrium wage distribution for a particular

worker type is skewed to the left. The reason for this skewness is the quadratic term in

equation (9), see Figure 1. The density function of log wages conditional on the worker

type s is approximately proportional to the inverse of the partial derivative wcc (s, c), that

is proportional to |∆c|−1.10 There is an alternative way to see this, starting from equation
(9). The distribution of w can be decomposed roughly into two parts, the distribution

of s, which is a first order term and hence distributed normally, and the distribution of

c conditional on s, which is a second order term, approximately (c− s)2, which is minus

the square of a normal variate and therefore distributed χ2 (1). The opposite of a χ2 (1)

distribution is skewed to the left. The moments of w satisfy, see Appendix B:

Var [w] = σ2 + (1− ρ)2 (1 + ρ) ρω2σ4 (11)

= σ2 +
1 + ρ

9ρ
β2x2 ≤ σ2 +

1

12
x2

∼= σ2

where the inequality applies if ρ ≥ 1/2 and β ≤ 1/2, as is reasonable from an empirical

point of view. Then, the latter approximation shows that the second order term is small

relative to the first order term for values of x up to 0.50. The third moment of the wage

distribution satisfies:

E
£
w3
¤
= − ¡6− 13ρ+ 15ρ4¢ (1− ρ)3 ρ2σ6ω3 (12)

= −6− 13ρ+ 15ρ
4

27ρ
β3x3

The negative skewness has been viewed as a major hurdle for the empirical application of

the Burdett and Mortensen’s model. We show that its is fully consistent with the data in

10Since w conditional on s is a quadratic function of ∆c, we can focus on the absolute value of ∆c. Let
w (|∆c|) denote this function. Hence: w0 (|∆c|) = wcc |∆c| and w (|∆c|) reaches a maximum at ∆c = 0.
Let g (w) be the density of w conditional on s. Hence, the support of g (.) has an upperbound at w (0).
We have:

g [w (|∆c|)] = f (|∆c|) d |∆c|
dw

= f (|∆c|)w0 (|∆c|)−1

Using the notation of footnote 7: the density of |∆c| is 2
³
f0 + f2 |∆c|2

´
. Hence:

g [w (∆c)] = g0 |∆c|−1
h
1 +O

³
|∆c|2

´i
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our application.

3.2 Interpretation of the empirical evidence

If we had perfect measures for s and c, the empirical implementation of equation (10)

would be simple. We would calculate ρ from the data, estimate equation (9) to obtain an

estimate for ω and calculate x from equation (10), using a value for β derived from the

empirical literature, for example Abowd and Lemieux (1993). However, we do not have

such perfect measures, since both s and c contain substantial unobserved components.

Then, the imperfect correlation between the observed indices s̄ and c̄ can be due to either

unobserved characteristics (C < 1) or search frictions which cause s and c themselves to

be imperfectly correlated (
√
ρ < 1):

Cor [s̄, c̄] =
√
ρC (13)

Hence, neither C nor
√
ρ can be directly inferred from the data, only their product.

Our approach is to provide a structural interpretation for the coefficients of equation

(5), where we impose the assumption of normality of s̄, s, c̄, and c and where we take into

account the effect of search frictions. The normality assumption implies that the second

order terms are orthogonal to the first order terms, since the third moment of a normal

variate is equal to zero. Hence, an equivalent of equation (4) applies for the coefficients

of the first order terms. The only difference is that we have to account for ρ < 1, see

Appendix C: ·
αs

αc

¸
=

1

R2s̄R
2
c̄ − ρC2

·
R2c̄ (R

2
s̄ − ρC)

R2s̄ (R
2
c̄ − C)

¸
(14)

Contrary to the Walrasian case, αs and αc are identified if both s and c are perfectly

observed (R2s̄ = R2c̄ = C = 1). The reason is that s and c are not perfectly correlated

in the presence of search frictions, so that there is no multicollinearity problem. The

estimated coefficients converge to their true values αs = ws = 1 and αc = wc = 0 in that

case.

The coefficients for the second order terms can be shown to converge to, see Appendix
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C for the derivation: αss

αsc

αcc

 = ω (1− ρ)2
R2s̄R

2
c̄

(R2s̄R
2
c̄ − ρC2)

2

 −ρR2c̄C
(R2s̄R

2
c̄ + ρC2)
−R2s̄C

 (15)

= ω (1− ρ)2
αsαc

(αs + αc − 1)2

 −αs (1− αs)
1 + 2αsαc − αs − αc

−αc (1− αc)


Equation (15) reveals that the search model imposes two non-linear restrictions on the

extended Mincer equation (5), relating the coefficients αsc/αss and αsc/αcc to αs and αc.

As can be easily verified, if s and c are perfectly observable, then αcc = −ω. The second
line of equation (15) yields a number of testable implications of the search model. First,

if there were no search frictions (ρ = 1 ), then the coefficients of the second order terms

would be zero. This possibility is clearly rejected by the data. Second, the sign of αsc must

be positive and the signs of αss and αcc must be negative. These restrictions are clearly

satisfied, see the estimation results for equation (5) in Section 2. A stricter tests applies

the two non-linear restrictions. An eyeball version of this test uses αs
∼= αc

∼= 0.60, which
implies αsc/αss = αsc/αcc = 0.52/0.24 = 2.16. An inspection of the estimation results for

equation (5) shows that they match the restrictions remarkably precise. A more formal

test estimates equation (1), (2), (5) and (15) simultaneously by non-linear least squares.

The difference in R2 between this model and (5) is very small, only 0.004, though this still

yields a formal rejection, given the large number of observations.11 That we come so close

is strong evidence in favor of the interpretation of the second order terms as being due

to search frictions. This conclusion is not typical for the US economy. Table 2 provides

some estimation results for equation (5) for some other countries12. They all satisfy the

sign restrictions on all coefficients and the cross term in s̄ and c̄ tends to be twice as large

as the second order terms for both s̄ and c̄.

Table 2 Estimation results for equation (5) for various other OECD countries

11F [2, 219694] = (0.4527−0.4523)/2
(1−0.4523)/219694 = 80.

12The data come from the Luxembourg Income Study (http://www.lisproject.org) which is based on
the the Family Budget Survey (INSEE) for France, the SOEP (DIW) for Germany, the SEP (CBS)
for the Netherlands and the Family Expenditure Survey (UKDA) for the UK. For Portugal we use the
Quadros de Pessoal for Portugal (Ministry of Labour and Solidarity). We calculated s̄ and c̄ for each
country the same way as we discussed before where s̄ captures all the observable worker characteristics
(including higher order terms) that were available and c̄ captures all the job characteristics. In particular,
the information we had on c̄ varied considerably between datasets.
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Country year s̄ c̄ (s̄2 − E [s̄2]) (c̄2 − E [c̄2]) (s̄c̄− E [s̄c̄]) N R2

France 94 0.60
(32.9)

0.61
(32.7)

−0.34
(10.0)

−0.17
(4.2)

0.58
(8.6)

6052 0.49

Germany 94 0.55
(13.6)

0.87
(32.3)

−0.26
(1.9)

−0.13
(2.4)

0.17
(1.2)

3079 0.38

Netherlands 94 0.57
(20.6)

0.71
(30.5)

−0.38
(6.9)

−0.05
(1.3)

0.40
(4.4)

2251 0.59

Portugal 97 0.66
(562.0)

0.61
(522.4)

−0.19
(101.7)

−0.11
(54.1)

0.29
(27.4)

1.67mln 0.53

UK 86 0.78
(36.2)

0.56
(21.0)

−0.28
(5.5)

−0.15
(1.6)

0.73
(7.3)

4850 0.42

Regrettably, we are unable to identify ω and ρ separately, since they enter in the

same way in all three equations (15). We can therefore estimate ω (1− ρ)2, but not its

components. The intuition for this result is that a high value of αsc can be due to two

factors. Either search frictions are large, yielding a low correlation ρ between s and c, and

hence Var[c|s] is high or the cost of suboptimal assignment is high due to a strong curvature
ω of y (s, c). Since we cannot establish ρ directly from the data, see equation (13), we have

no way to distinguish between both stories. However, the observed correlation between s̄

and c̄ provides a lower bound for
√
ρ, since the effect of unobserved heterogeneity in s and

c can only reduce Cor[s̄, c̄], see equation (13). Hence: ρ > Cor[s̄, c̄]2 and C > Cor[s̄, c̄].

The non-linear least squares estimation yields:

ω (1− ρ)2 = 0.1298 (30)

Then, equations (10), (11), (13), (14), and (15) imply:

ρ > Cor [s̄, c̄]2 = 0.3574

ω = 0.1295× (1− ρ)−2 > 0.3142

βx = 3ω (1− ρ)2
ρ

1− ρ

1

1 + ψ
Var [w] > 0.0733

The values for other OECD countries are given by Table 3:

Table 3 structural estimates (lower bounds) for other countries
Country year ω (1− ρ)2 ρ > ω > βx >
France 94 0.1541 0.3585 0.3743 0.0630
Germany 94 0.1525 0.1315 0.2021 0.0128
The Netherlands 94 0.1842 0.1966 0.2853 0.0235
Portugal 97 0.0869 0.3873 0.2315 0.0470
UK 86 0.3596 0.1852 0.5416 0.0536
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where we use Var[w] ∼= σ2, see equation (11). Many studies have tried to establish β

empirically, see for example Abowd and Lemieux (1993). Alternatively, we can line up

with common practice in the search literature, and set β equal to its ”neutral” value of

β = 1/2, as we do here. Then, the complexity dispersion parameter |ycc| ≡ 2βω = ω

should be at least 0.30 and x at least 15 %. One can show that, in a model without on

the job search and β = 1/2, the cost of search, x are distributed evenly among its three

components, the rate of unemployment, the rate of vacancies, and the cost of suboptimal

assignment, see Teulings and Gautier (2003). Hence, the frictional unemployment rate

is 1
3
x, or 5 %. However, direct estimates of ω suggest much higher values than 0.30.

Teulings and Vieira (1998) report estimates from 2.5 to 4. Teulings (2002) derives a

relation between the complexity dispersion parameter and Katz and Murphy’s (1992)

estimate of the elasticity of substitution between low and high skilled workers. This

relation implies that the complexity dispersion parameter is at least equal to 2.13 Using

this value for ω and applying equation (13) and (21) (from the Appendix C) yields:

ρ = 1−
r
0.1298

ω
= 0.7452

x = 0.7698

C = 0.6925

R2s̄ =
αc

1− αs
ρC = 0.8578

The value of the correlation between s and c,
√
ρ = 0.86, does not seem to be unrealistic

when we apply ω = 2. However, the cost of search x become really high (the listed value is

a substantial overestimation, since for values of x > 0.50, the approximation Var[w] ∼= σ2

no longer applies, see equation (11)). The value of the share of observed characteristics

in the total variance of c, R2s̄, seems to be somewhat higher than one would expect on the

basis of what is known about the signal to noise ratio for in particular education data.

Finally, we use these results to calculate the expected value of the third moment from

equation (12): −0.0132, which is smaller than the value of −0.0443 listed in Table 1.
Hence, wages are even more skewed to the left than the search model with a normality

assumption on s and c would predict. The equilibrium search model’s curse of a negative

skewness does not seem to violate the data.
13ω =

¡
ηlow-highVar [w]

¢−1
= (1.4× 0.36)−1 = 2. This relation provides a lower bound for ω since it

assumes a Leontieff technology in the demand for the output of various c-types. Allowing for substitution
between c-types would yield higher values of ω.
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4 Robustness of our simple model to extensions

4.1 Multiple index models

In this section, we provide an heuristic analysis of the robustness of our interpretation of

the second order term in a Mincerian wage equation against some more general models.

We start with an analysis of the implications of the single dimension assumption that

we applied in section 2: all relevant worker characteristics can be summarized in a single

index s, and likewise, all job characteristics in a single index c. What happens if there

are multiple dimensions, as in Rosen’s (1974) classic paper? For simplicity, we consider

the two dimensional case.14 Point of departure is our second order Taylor expansion in

equation (9). For ρ close to unity,15 this equation can be written as

w (s, c) = w0 + w∗ (s) +
1

2
wcc [c− c (s)]2

= w0 + wss+
1

2
wcc [c− c (s)]2

c (s) =
1 + ρ

2
s

We use this relation as a starting point for our analysis. The extension to the two dimen-

sional case reads:

w (s, c) = w0 + w∗ (s) +
1

2
[c−Ms]0Wcc [c−Ms] (16)

= w0 + w0ss+
1

2
[c−Ms]0Wcc [c−Ms]

c (s) = Ms

where s and c are 2 × 1 vectors of worker and job characteristics, ws is a vector of first

derivatives, Wcc is a 2 × 2 matrix of second derivatives, and where M is a 2 × 2 matrix
capturing the optimal assignment c (s) of worker type s. An economically meaningful

equilibrium requires all elements on the main diagonal of Wcc and its determinant to be

negative. We approximate the optimal assignment c (s) by a linear relation, which is

assumed to be one-to-one, so that M is invertible. Suppose that despite the fact that

these equations capture the real world, a researcher applies the simple framework laid

14In the single index version, education and experience are perfect substitutes whereas in higher di-
mension models, there could exist tasks that require only motivation or only education.
15Since ω

£
ρs2 − (1 + ρ) sc+ c2

¤
= ω

£
c− 1+ρ

2 s
¤2
+O

h
(ρ− 1)2

i
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out in Section 2 and 3. For simplicity, we ignore the effect of measurement error in the

subsequent discussion. The researcher starts constructing a skill index s, by estimating

equation (1). His index s will be a linear combination of the underlying two components:

s = w∗ (s) = w0ss

Next, he estimates equation (2) to obtain his index c:

c = w∗ [s (c)] = w0sM
−1c

where s (c) is the inverse of c (s). Finally, he estimates equation (5), which is equivalent

to estimating:

w = w0 + w0ss− ω
¡
w0sM

−1c− ψw0ss
¢2

(17)

This is an inappropriately restricted version of the full model in equation (16): the second

order term has two free coefficients in (17) (ω and ψ), while its has seven in the full model

(4 inM , 3 inWcc). Again, the second order terms are orthogonal to the first order terms by

construction, so the misspecification. of the second order term does not affect the estimate

of the first order term. Since equation (17) is a restricted version of equation (16), the

”explained” variance of the second order term, Var[ω (w0sM
−1c− γw0ss)

2], must be less

then its ”true” variance, Var[1
2
(c−Ms)0Wcc (c−Ms)]. The intuition for this conclusion

is that by using a single index for both worker and job characteristics, we can detect the

effect on wages of suboptimal allocations along a single dimension. Suboptimality along

the second dimension will not be detected. We can therefore conclude that the single

index model will underestimate the size of search frictions.

Whether this implies that it would be better to estimate multiple index models is

another issue. The validity of the interpretation of the second order term as being due to

suboptimal assignment rests on the assumption that the third moment of the distribution

of s and c can be ignored. This interpretation can only be extended to a multiple index

model if this assumption applies to all indices separately. Hence, the greater the number

of indices, the stronger this assumption is and the greater the risk of overestimating the

size of search frictions because the second order term starts picking up asymmetrically

distributed unobserved heterogeneity in either s or c.
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4.2 Job specific rents

Another extension to the model is the case where wages differ across jobs for reasons that

are unrelated to the skill level of the worker. In the assignment model, each worker type s

has a job type c (s) that maximizes his value added and therefore his wage. With search

frictions, workers accept jobs that offer slightly lower wages, either because the job is less

complex than the optimal job, c < c (s), or more complex, c > c (s). Since matching sets

are symmetric around the optimum as a first order approximation, the first order effect

of job characteristics c on wages is zero, see equation (9). This conclusion changes as

soon as we allow for systematic pay differences between various jobs, which are unrelated

to the skill level of the worker. There are several reasons why such job characteristics

might matter. One possibility, that works even in a completely Walrasian environment,

is compensating differentials: some jobs pay higher wages because the work done is less

attractive. Though most of the analysis applies likewise in the case of compensating

differentials, we focus on job specific rents.

4.2.1 Single job index for search frictions and other rents

If jobs differ in value added independent of the workers skill level s, for example because

of monopoly power and if search frictions drive a wedge between the outside options of

the worker and the firm, so that wages have to be set by bargaining, then high value

added firms pay higher wages. This case is particularly relevant for at least two reasons.

First, Krueger and Summers’s (1988) paper on industry differentials, and the subsequent

discussion, suggests that those types of rents explain a substantial part of the wage dis-

tribution.16 Second, the seminal equilibrium search model by Burdett and Mortensen

(1998), and subsequent and otherwise related papers are also driven by rents: some firms

pay higher wages than others, and workers try to get a high rent job by searching on the

job.

In order to fix ideas, assume that the complexity index c does not only measure the

comparative advantage of skill, but that it also captures the size of rents. Then, equation

16The model that we presented in the previous section can also be viewed as a "rent" model because a
worker and a firm that meet and have a positive surplus have some local monopoly power. They do not
take the effect of the bargained wage on aggregate labor market tightness into account. In this section
we allow for additional (monopoly) rents that could be job specific.

21



(9) would include a direct effect of c on wages:

w (s, c) ∼= −ωρ (1− ρ)σ2 + s+ πc− ω
£
ρs2 − (1 + ρ) sc+ c2

¤
(18)

where π measures the effect of rents on wages; π can be either negative or positive, de-

pending on whether rents decrease or increase with the amount of comparative advantage

of high skilled workers. What is the effect of this additional parameter on the interpre-

tation of the estimation results given in Section 3.2? We analyze this issue in Appendix

D. It turns out, that when we ignore the effect of π, and we use equation (15) without

adjustment, then we overestimate ω. This effect is the strongest when our estimate for

ω is based on the equation for αcc and the weakest when it is based on αss. A higher

estimate for ω based on αcc than based on αss is therefore an indication for π > 0, and

vice versa for π < 0.

4.2.2 Separate job indices for search frictions and other rents

Till sofar we have assumed that comparative advantage and rents are captured by the same

index. This is not a very natural assumption to make, since there is no reason why the

degree of rents should be related one-to-one to the degree of comparative advantage. We

can capture this idea by allowing for separate job indices for rents, c1, and for comparative

advantage, c2:

w (s, c) ∼= −ωρ (1− ρ)σ2 + s+ πc1 − ω
£
ρs2 − (1 + ρ) sc2 + c22

¤
(19)

where we assume π > 0, but where we have no prior regarding the correlation between c1
and c2 across jobs. When we estimate this model in the way laid out in Section 2 while

incorrectly assuming that c1 = c2, then we will underestimate the impact of the second

order term, for the same reason as discussed in Section 4.1. The construction of the c

index is based on equation (2). It is likely to be a mixture of c1 and c2; c1 comes in by

the term πc1 and c2 comes in by the term s, since c2 is likely to be the best proxy for the

unobserved part of s.17 Since the constructed c index is not perfectly correlated with the

index c2, the second order term will be underestimated by contamination bias.

Recent empirical evidence suggests that we cannot eliminate the term πc1 from equa-

tion (19). While the evidence presented Krueger and Summers (1988) was not entirely

17There is no apriori reason why c1 would be uncorrelated with the unobserved part of s, while com-
parative advantage provides a natural reason why high s type workers sort into high c2 type jobs.
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convincing for reasons discussed in Section 2, the more recent evidence based on matched

worker firm data, for example Abowd, Kramarz, and Margolis (1998), Postel Vinay and

Robin (2002), and Mortensen (2002) leaves no room for ignoring the independent effect

of firms in pay determination. The matched worker firm data allows the analyst to get

an unbiased estimate of both s and c1 without being trouble by the problems of the one

picking up the unobserved part of the other and vice versa, since this is controlled for by

using between- firm-within-worker and within-firm-between-worker variation. However,

all these authors omitted the term −ω [ρs2 − (1 + ρ) sc2 + c22] from their model.

There has been some attempts, see Abowd et al. (2002), to analyze whether there is

sorting of workers into jobs by calculating the correlation between the estimates for s and

c1, usually showing hardly any correlation, at least between the parts of s and c1 that

are not covered by standard observable variables like education, experience, and industry.

The framework laid out in equation (19) helps understanding what might be the problem.

Sorting takes place via c2 not via c1. If c1 and c2 happen to be uncorrelated, than there is

no natural reason why the estimated rent index c1 should be correlated to the skill index

s.

5 Concluding remarks

We conclude this paper by relating our results to the three strands in the literature that

have been discussed in Section 1. First, our results have implications for the discussion

on interindustry wage differentials started off by Krueger and Summers’ (1988) classic

paper. The framework laid out in Section 2 basically points at a fundamental problem of

interpreting the results of wage regressions including both worker and job characteristics in

the set of regressors: the one will be a proxy for the unobserved component of the other and

vice versa. This insight is all but new. Since Krueger and Summers (1988), many papers

have addressed this issue by using panel data, initially to control for unobserved worker

characteristics, and more recently to control for unobserved worker and job characteristics

simultaneously, by using matched firm-worker data, see Abowd, Kramarz, and Margolis

(1998). The debate has not yet been settled.

The contribution of this paper is to show that the set up in Krueger and Summers

might be mistaken. Their regressions suggest that some industries are universally ”bet-

ter” than others, as they pay higher wages. Our second order terms show that there is
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no such thing as a universally ”better” job. The wage for a worker of a particular type

is concave in the characteristics of the job she holds, and there is an interior maximum.

An even ”better” job than this ”optimal” job yields a lower wage for that worker type

because firms can appropriate a larger share of output. Furthermore, the ”optimal” job

type depends on a worker’s characteristics. This conclusion puts into question the inter-

pretation of industry dummies as capturing efficiency wage effects or rents. Interestingly,

while unobserved characteristics deem hopeless any attempt to provide a structural inter-

pretation of the relative magnitude of the coefficients for worker and job characteristics

in a cross section analysis, we have shown that the second order terms are much less sen-

sitive to this problem. One must make quite extreme assumptions on the distribution of

the error terms to rationalize these coefficients by unobserved heterogeneity. We provide

some simple formulas to correct the coefficients of the second order terms for the effect of

unobserved heterogeneity assuming their distribution to be normal.

Second, a comparison of our approach to the literature on the estimation of assignment

models offers an alternative interpretation for what is at stake. Rosen’s (1974) seminal

paper on hedonic pricing and assignment sparkled a debate on what variation is required

for identification of the underlying production and utility functions in this type of model.

In terms of this paper, how can we identify the functional form of the curve y (s, c)? As

pointed out by Heckman and Sedlacek (1985), following early contributions by Roy (1951),

identification is problematic because people self-select into the job type c that yields the

highest value added in a Walrasian equilibrium. In their models with only two job types,

there is sufficient within job variation in s left to identify a large part of y (s, c), after

correcting for the selectivity of worker types by using standard techniques. In our case,

with an infinitum of job types c, this strategy no longer works. The equilibrium assignment

is characterized by a one-to-one correspondence of s to c, denoted s (c). This one-to-one

correspondence yields a perfect correlation between s and c, which renders any attempt

to estimate the full functional form of y (s, c) hopeless by a standard multicollinearity

problem. One can establish y [s, c (s)] = y∗ (s) (from the zero profit condition w∗ (s) =

y∗ (s)) and one can establish its first derivative ys [s, c (s)] (from the first order condition

for optimal assignment, w∗
0
(s) = ys [s, c (s)]), but not its curvature yss [s, c (s)]. In a

Walrasian equilibrium, we observe y (s, c) only for its optimal assignment c = c (s), and

not for other values of c. Kahn and Lang (1988) suggested to use variation between
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markets in the distribution of the supply of s or the demand for c. This leads to different

equilibrium assignments c (s) in various markets, which allows for the identification of

yss (s, c). Here, we travel another route. Workers cannot afford to search for ever for

an optimal job when search is costly. They are forced to accept jobs that yield a less

than the maximum value added, that is, c 6= c (s). This process breaks down the perfect

correlation between s and c that characterizes the Walrasian equilibrium. Obviously, we

have information on log wages w (s, c) and not on log value added y (s, c). However, when

we assume that gains from a better match quality are shared in some way between the

worker and the firm, the curvature in wages is informative on the curvature in value added,

see Figure 3. Adding second order terms in s and c allows us to estimate this curvature

in wages. Though the formulas to correct the coefficients for the effect of measurement

error do not allow for a complete identification of the underlying structure, they provide

at least some sensible lower bounds for the importance of search frictions. The formulas

imply that the cost of search defined as the relative difference between the maximum

value added and the worker’s reservation wage is in the order of 50 % or more.

Third, our results might help to settle the debate in search models between wage

posting, as in Burdett and Mortensen’s (1998) monopsony model, and Nash bargaining

on wages, as in Pissarides (2000). Taken at face value, our results favor the latter above

the former approach. We derived the concavity of the wage function starting from the

assumption of Nash bargaining. Our empirical results provide strong support for this

concavity. The wage posting model implies that wages are fully determined by job char-

acteristics. Clearly, this wage function is not concave. Again, running a regression with

first order terms for worker and job characteristics is not informative on this issue, since

the one is a proxy for the unobserved part of the other and vice versa, depriving the

coefficients from any structural interpretation. However, the second order terms are help-

ful. Just the fact that the second order terms are significant is not sufficient to disprove

wage posting models. Observed employment relations are a selective sample of potential

relations in wage posting models, and this selection might induce non linearities that can

explain the significance of second order terms. We have not addressed this issue in detail

here. It might be a fruitful avenue for future research.
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Appendix

A Econometrics without search frictions

Let the vector y ≡ {w} be the vector of log wages in deviation of their mean and let
X1 ≡ [{s} , {c}] be the matrix of ’true’ first order effects. Accordingly, let X̄1 denote
the ’observed’ first order effects. Since all variables are measured in deviation from their
mean, we can ignore the intercept. By the definitions in Section 2, the moments of the
sub-matrices X̄ 0

1X̄1 and X̄ 0
1y read:
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1

N
E
£
X̄ 0
1y
¤
= σ2

·
R2s̄
R2c̄

¸
1

N
E
£
X̄ 0
1X̄1

¤
= σ2

·
R2s̄ C
C R2c̄

¸
where N is the number of observations in the regression. Consider equation (3). Applying
the expression for OLS coefficients yields equation (4).
Assume that z = {s̄, c̄, s, c} can be decomposed in four independent components with

zero mean, where we make no assumption regarding their distribution. Let v be a 4× 1
vector of independent random variables with a zero mean and a unit variance. Then:18

z = Bv

w = d0v + u

J =


1 1 0 0
0 0 1 1
1 0 1 0
0 1 0 1


B ≡ JD

d = Diag [D] = σ
h√

C,
p
R2s̄ − C,

p
R2c̄ − C,

√
R
i0

whereD is a diagonal matrix, R ≡ 1−R2s̄−R2c̄+C. The matrixB is the only decomposition
that is consistent with the covariance structure of z. Let m ≡E[v3] be the vector of third
moments of v. Since the elements of v are mutually independent and since E[u3] = 0, we
have:19

E
£
ws̄2

¤
= E

£
s̄3
¤
= σ3

h
C3/2m1 +

¡
R2s̄ − C

¢3/2
m2

i
E
£
wc̄2

¤
= E

£
c̄3
¤
= σ3

h
C3/2m1 +

¡
R2c̄ − C

¢3/2
m3

i
E [ws̄c̄] = σ3

£
C3/2m1

¤
E
£
w3
¤
= σ3

h
C3/2m1 +

¡
R2s̄ − C

¢3/2
m2 +

¡
R2c̄ − C

¢3/2
m3 +R3/2m4

i
18Since Var(x) = BVar(v)B0 = JD2J 0, Var(w − u) =Var(s + s) =Var(c+ c) = σ2, and

cor(s, s) =cor(c, c) = 0 and cor(s, c) = Csc
19

E
£
ws̄2

¤
= E

£
(s̄+ s+ u) s̄2

¤
= E

£
s̄3
¤
= E

£
b311m1 + b312m2

¤
E
£
wc̄2

¤
= E

£
(c̄+ c+ u) c̄2

¤
= E

£
c̄3
¤
= E

£
b331m1 + b333m3

¤
E [ws̄c̄] = E [d1b11b31m1]

E
£
w3
¤
= E

h
(s̄+ s+ u)3

i
= E

£
s̄3 + s3

¤
= E

h
d0D2m

i
where bij and di are elements of B and d respectively.
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where mi are elements of m.

B Derivation of the wage equation

Let:

s = τc+ h

c = ρs+ g

where Var[s] = σ2, E[g] =E[h] =Cov[c, h] =Cov[s, g] = 0 and 0 < ρ, τ ≤ 1. A second
order Taylor expansion of w (s, c) with wc = 0 yields:

w (s, c) = w0 + wss+
1

2
wsss

2 + wscsc+
1

2
wccc

2

= w0 + wss+
1

2
wsss

2 + wscs (ρs+ g) +
1

2
wcc (ρs+ g)2

= w0 + ws (τc+ h) +
1

2
wss (τc+ h)2 + wsc (τc+ h) c+

1

2
wccc

2

⇒ d2E [w (s, c) |s] /ds2 = wss + 2ρwsc + ρ2wcc ≡ 0
d2E [w (s, c) |c] /dc2 = τ 2wss + 2τwsc + wcc ≡ 0

¾
⇒

⇒ dE [w (s, c) |s] /ds = ws ≡ 1
dE [w (s, c) |c] /dc = τws ≡ 1

¾
⇒ τ = 1⇒ wsc = (1 + ρ)ω

wss = −2ρω

where ω ≡ −1
2
wcc. Hence, Cov[s, c] =E[s (ρs+ g)] = ρσ2 =E[c (c+ h)] =E[c2], Var[c] =

ρσ2, Var[h] = (1− ρ)σ2 and Var[g] = ρ (1− ρ) σ2 and w can be written as:

w = w0 + c+ h− ω
¡
ρh2 − (1− ρ) ch

¢
(20)

Substitution Var[h] = (1− ρ)σ2 yields:

E [w] = w0 − ρ (1− ρ)σ2ω ≡ 0⇒ w0 = ρ (1− ρ)σ2ω

The variance and the third moment of w are derived from equation (20) using the expres-
sion for w0:

Var [w] = σ2 + ρ (1− ρ)2 (1 + ρ)σ4ω2

E
£
w3
¤
= − ¡6− 13ρ+ 15ρ4¢ (1− ρ)3 ρ2σ6ω3

where we apply the fact that all odd moments are zero, Var[c] = ρσ2, Var[h] = (1− ρ)σ2,
and E[x4] = 3Var[x]2 and E[x6] = 15Var[x]3.
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C Econometrics with search frictions

Previous definitions imply the following covariance matrix of s̄, s, c̄, and c:

Var [s̄, c̄, s, c] = σ2


R2s̄ ρC R2s̄ ρR2s̄
ρC ρR2c̄ ρR2c̄ ρR2c̄
R2s̄ ρR2c̄ 1 ρ
ρR2s̄ ρR2c̄ ρ ρ


Consider equation (5). Analogous toX1 and X̄1, letX2 ≡ [{s2 −E [s2]} , {sc−E [sc]} , {c2 −E [c2]}]
the matrix of ’true’ second order effects net of their mean and let X̄2 denote the ’observed’
first and second order effects. Since all variables are considered in deviation from their
mean, we can ignore the intercept. By the normality of s̄, s, c̄, and c,X 0

1X2 = X̄ 0
1X̄2 = 0, so

that we can invert the sub-matrices X̄ 0
1X̄1 and X̄ 0

2X̄2 separately. Applying the expression
for OLS coefficients of the first order terms yields:·

αs

αc

¸
=

·
R2s̄ ρC
ρC ρR2c̄

¸−1 ·
R2s̄
ρR2c̄

¸
=

1

R2s̄R
2
c̄ − ρC2

·
R2c̄ (R

2
s̄ − ρC)

R2s̄ (R
2
c̄ − C)

¸
Rearranging terms gives:

C

R2c̄
=

1− αc

αs
(21)

ρC

R2s̄
=

1− αs

αc

The moments of the sub-matrices X̄ 0
2X̄2 and X̄ 0

2X2 read:20

1

N
E
£
X̄ 0
2X2

¤
= σ4

 2R4s̄ 2ρR4s̄ 2ρ2R4s̄
2ρR2s̄R

2
c̄ (ρ+ ρ2)R2s̄R

2
c̄ 2ρ2R2s̄R

2
c̄

2ρ2R4c̄ 2ρ2R4c̄ 2ρ2R4c̄


1

N
E
£
X̄ 0
2X̄2

¤
= σ4

 2R4s̄ 2ρR2s̄C 2ρ2C2

2ρR2s̄C ρR2s̄R
2
c̄ + ρ2C2 2ρ2R2c̄C

2ρ2C2 2ρ2R2c̄C 2ρ2R4c̄


20We use the fourth moment of the multivariate normal distribution:
E
£
x41
¤
= 3σ41 ⇒E

£
x41
¤−E£x21¤2 = 2σ41;

E
£
x31x2

¤
= 3σ21σ12 ⇒E

£
x31x2

¤−E£x21¤E[x1x2] = 2σ21σ12;
E
£
x21x

2
2

¤
= σ21σ

2
2 + 2σ

2
12

⇒E£x21x22¤−E£x21¤E£x22¤ = 2σ212
⇒E£x21x22¤−E[x1x2]2 = σ21σ

2
2 + σ212

E
£
x1x2x

2
3

¤−E[x1x2]E£x23¤ = 2σ13σ23
E[x1x2x3x4]−E[x1x2]E[x3x4] = σ13σ24 + σ14σ23.
with x1, x2, x3, x4 being a zero mean multivariate normal
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Let: w2 ≡ ω [−ρ, 1 + ρ,−1]0 be the vector of the true coefficients associated with the
true second order effects. Hence: w2 =plim

£
(X 0

2X2)
−1X 0

2y
¤
and: E

£
X̄ 0
2y
¤
=E
£
X̄ 0
2X2

¤
w2.

Similarly, let α2 ≡ [αss, αsc, αcc] be the vector of the coefficients associated with the
observed second order effects. Hence:

α2 = plim
h¡
X̄ 0
2X̄2

¢−1
X̄ 0
2y
i
= plim

h¡
X̄ 0
2X̄2

¢−1
X̄ 0
2X2

i
w2 (22)

= ω (1− ρ)2
R2s̄R

2
c̄

(R2s̄R
2
c̄ − ρC2)

2

 −ρR2c̄C
(R2s̄R

2
c̄ + ρC2)
−R2s̄C


= ω (1− ρ)2

αsαc

(αs + αc − 1)2

 −αs (1− αs)
1 + 2αsαc − αs − αc

−αc (1− αc)


where we apply equation (21) in the last line.

D Econometrics with search frictions and additional
rents

When the true model is given by equation (18), the first order coefficients for equation
(5) satisfy: ·

αs

αc

¸
=

·
R2s̄ ρC
ρC ρR2c̄

¸−1 ·
R2s̄

(ρ+ π2)R2c̄

¸
=

1

R2s̄R
2
c̄ − ρC2

"
R2c̄ {R2s̄ − (ρ+ π2)C}
R2s̄

n
ρ+π2

ρ
R2c̄ − C

o #
or:

C

R2c̄
≡ A =

1− αc

αs
+ Γ

ρC

R2s̄
≡ B =

1− αs

αc

Γ ≡ R2s̄R
2
c̄ − ρC2

R2s̄ − (ρ+ π2)C

π2

ρR2c̄
> 0

Only A is affected by the additional term in equation (18). It depends positively on π.
Substitution in equation (22) yields:

α2 = ω (1− ρ)2
1

(1−AB)2

 −B
(1 +AB)
−A
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Hence:

0 <
d ln (−αss)

dπ
<

d lnαsc

dπ
<

d ln (−αcc)

dπ

Ignoring this effect will overestimate ω for positive π, and this effect is the strongest for
αcc and the weakest for αss.
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