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1 Introduction

The matching function explains hiring as a function of search e [art that job seekers and recruiters exert in
the labor market. It is central in the literature on frictional labor markets where it serves as a modeling
device to capture a costly trading process (Pissarides, 2000). The results of a substantial empirical
literature investigating frictional labor markets, whether it focuses on cyclical fluctuations or on the (re-
)allocation of workers across firms, occupations, industries or locations, depend on the specifics of the
matching function. For instance, its properties determine whether search e [aft expended by job seekers
and recruiters are constrained e [cieht.! Motivated by these observations, a sizeable literature has focused
on estimating matching functions (see Petrongolo and Pissarides (2001) for an early survey).

Two major problems beset the literature on estimating the matching function. First, it is di [Ccullt to
measure search e [ant. To start, it is not clear who exactly is searching. Traditionally search is proxied
by unemployment and vacancy counts, but these proxies are incomplete. The pool of job seekers is not
limited to the unemployed, but includes many that are currently out of the labor force (OLF) or employed
but searching on-the-job. In fact, more than half of all transitions from non-employment to employment
in the Current Population Survey (CPS) come from OLF rather than unemployment.? Moreover, while
proxies of search e [ant of job seekers and recruiters do exist, it is unlikely that they fully capture variation
in search e [ont or recruiting intensity.3

Compounding these di Lcullties is that both observed and unobserved search are likely to respond
endogenously to labor market conditions. For instance, an unemployed worker may vary her search e [ant
when the job finding rate changes (Hornstein and Kudlyak, 2016). Similarly, resources invested into hiring
might well vary with search conditions (Davis et al., 2013).* Just as unobserved search e [aft might be
endogenous, the number of unemployed workers or vacancies might also respond to matching e Lciehcy.
Not accounting for these endogenous responses will bias estimates of the elasticity of the matching function

with respect to search by job seekers and recruiters.®

1See for instance the Hosios (1990) condition that governs e ciency in a large class of labor market models.

2Kudlyak and Lange (2017) and Elsby et al. (2015a) emphasize how important search among the OLF is. Similarly,
Fallick and Fleischman (2004) and Fujita et al. (2019) demonstrate the importance of employment-to-employment ows in
the dynamics of the labor market.

3Notably, Mukoyama et al. (2018) use time-use data combined with data on the search methods of individuals in the CPS
to construct a proxy for individual search e ort. Davis et al. (2013) provide a proxy for recruiting intensity. In our empirical
analysis, we make use of both of these proxies to separate variation in search e ort and recruiting intensity from variation in
the e ciency of the matching function over time.

“As Stigler (1961) and Shimer (2004) point out, whether the hiring rate increases or reduces the incentives for search
e ort is ambiguous. See also chapter 5 of Pissarides (2000) and Gomme and Lkhagvasuren (2015).

5See also Borowczyk-Martins et al. (2013) and Hornstein and Kudlyak (2016) for recent attempts at addressing some of
the problems that arise due to endogenous search. For direct evidence on the cyclicality of search e ort using data from
American Time Use Survey (ATUS) and CPS see Mukoyama et al. (2018).



The second problem is that most of the literature relies on strong functional form assumptions that
are neither empirically, nor theoretically grounded. The common practice is to assume that the matching
function takes the Cobb-Douglas form. However, there is little beyond convenience that is olerkd in
support of this assumption. This assumption is important for both normative and positive reasons.
On the normative side, Hosios (1990) shows that how the elasticity of the matching function relates to
wage bargaining determines whether a search equilibrium is constrained e [cieht.® The Cobb-Douglas
functional form imposes the matching elasticity to be constant over the entire support and thus restricts
our ability to study the e [ciehcy of the matching equilibrium over the cycle. On the positive side, the
e Lcady of policies to stimulate vacancy creation will vary with the matching elasticity. If the Cobb-
Douglas specification is overly restrictive, then this will lead to biased estimates of the e Ccady of such
policies under di [erent labor market conditions.

This paper addresses both the problem of unobserved, potentially endogenous search e Lait and the
problem of overly restrictive functional forms imposed on the matching function. To address the former
problem, we first incorporate rich measures of search e [anft and recruiting based on the work by Mukoyama
et al. (2018) and Davis et al. (2013) and we allow for multiple types of job seekers. Beyond this, we use our
framework to estimate unobserved search e [adt, which in our setup is captured by variation in matching
e [ciehcy. To address the latter problem, we relax the functional form restrictions on the matching
function and instead non-parametrically identify how matches depend on total search e [adt among job
seekers and recruiters.

Using our methodology we are able to quantify shocks that have shifted the Beveridge curve. The high
unemployment rate that persisted well after the end of the Great Recession has troubled both economists
and policymakers.” Using our approach we consider an “augmented” Beveridge curve that takes into
account not only the stocks of unemployed workers and vacant firms, but also search by employed workers,
as well as those out of the labor force, recruiting e [ant by firms and time-varying (observed) search e [ant
by workers. Our methodology allows us to quantify the shifts in this curve, i.e. changes in unobserved
matching e [ciehcy. In that regard, our results extend a literature starting from Blanchard and Diamond
(1989) who first measured these types of shocks, albeit with a very di[erknt methodology. Elshy et al.
(2015b) oler a recent review of the related literature.

Our empirical application using US data from 2001 through 2017 finds that aggregate search e Lant has

®Hosios (1990) focuses on markets with homogeneous agents. However the same condition is necessary (but not su cient)
in the case of (one-sided) heterogeneity (see Brancaccio et al., 2020b).
"See for instance discussion in Sahin et al. (2014) and references therein.



not changed substantially, but this masks a substantial decline in unobserved search e [ant or matching
e Lciehcy, conditional on observed search. In fact most of the decline in hires during the Great Recession
is driven by the decline in matching e Lciehcy. In addition, we estimate an elasticity of the matching
function with respect to vacancies that ranges between 0.15 and 0.3. This elasticity varies substantially
over time and is negatively correlated with labor market tightness. Our estimates dilend from those
obtained from the commonly used Cobb-Douglas specification that implicitly imposes that matching
e Lciehcy is independent from market tightness. However since matching e [ciehcy is strongly procyclical
this induces a positive bias in the estimates of the vacancy elasticity when matching e [ciehcy is not
controlled for resulting in estimates that are 3 times larger than the one produced from our methodology.

Of course, these gains in estimating unobserved match e Lciehcy and relaxing functional form as-
sumptions are not for free. Our approach relies on two assumptions. First, we require that the matching
function exhibits constant returns to scale (or that the returns to scale are known to us). This is a strong
assumption, yet one that many researchers impose as a matter of course when modeling the labor market.
Our contribution is to show how to more fully exploit this assumption to identify the matching function.
Second, we assume that match e Lciehcy and vacancies are independent, conditional on observed worker
search. Given these two restrictions, our model is overidentified. We can therefore test the independence
assumption.

We proceed as follows. In the next section, we use the Cobb-Douglas function to illustrate the
identification problems that need to be confronted when estimating the matching function and review
the recent literature on estimating the matching function. Section 3 contains our main identification
result based on Matzkin (2003) for a general class of functions. We show that, assuming that unobserved
search e[ont among one group of workers is independent of vacancies, conditional on observed worker
search, it is possible to recover the distribution of unobserved search e [oft(s) and the matching function
non-parametrically up to a normalization. Our approach here is related to Brancaccio et al. (2020a) who
also rely on Matzkin’s identification proofs to show how to estimate a matching function in a trade model
with matching between ships and exporters.® Our contribution is to extend these results to the context
of matching job seekers to vacancies. This is discussed in Section 4, where we specify the structure that
we employ in our empirical work, which allows for multiple types of job searchers.® Section 5 describes

the data from Job Openings and Labor Turnover Survey (JOLTS) and from the CPS that we use in our

8See also Bajari and Benkard (2005) for an application of the identi cation results from Matzkin (2003) in demand
estimation.
®We follow the literature in treating search of di erent individuals as perfect substitutes.



empirical implementation. Section 6 describes the details of the empirical implementation, as well as the
results. The Appendix contains additional results and figures, including an extension of our setup to allow
for dependence between vacancies and the unobserved component of search e Lant of our reference group
of workers and how it can be estimated.

Before we begin, a few words on nomenclature and notation. At times, we will use the terms unobserved
search e Lant as well as matching e Lciehcy interchangeably (and we have done so above). Both manifest
themselves as variation in the rate at which matches are formed conditional on observed measures of
search. Unobserved search e [ant emphasizes that some of this variation is due to endogenous choices on
the part of job seekers. The term “match e [cady” indicates that variation in the rate of matching job
seekers to vacancies can also arise for reasons that are not commonly thought of as e [ant. For instance,
match e [cady includes variation due to the technology of matching job seekers to vacancies, as well as
variation that arises because of mismatch between job seekers and available vacancies.

Throughout the paper, we will use unsubscripted letters (H;U;V;A) to refer to random variables
representing hires, unemployed, vacancies, and match e [cady. Variables subscripted by t are realizations
in period t. We use small caps (h¢;ug;vi;a) to denote the logarithms of (H¢; Ug; Vi Ar): We denote
distributions of random variables that are observed directly in the data using G(:). For distributions that

involve unobserved random variables we use F (:):

2 The Cobb-Douglas Matching Function

In this Section, we fix ideas imposing the Cobb-Douglas functional form on the matching function m; (:)
that maps period-t unemployed Uy, per-capita search e [cady/matching e [Ciehcy of the unemployed A¢,

and vacancies V; into hires H;.

Hy = my(AiU V) = (AUt VY, (€]

The objective of the researcher is to estimate using data on (H¢; U;; Vi), while search e Ccady A;
is unobserved. The variation used for identification is across time t, but the data could also come
from multiple markets or markets interacted with time. For now, we assume that the underlying data
generating process is stationary and that we observe a long enough time-series so that we can treat the
joint distribution G : R3 I [0;1] of (H¢; Ut; ;) as observed. We also, for simplicity, assume that there

is only one type of job seeker.



The Identification Problem

The identification problem arises because both observed and unobserved search e Lant depend on the rate
at which job seekers and vacancies match.

The starting point for many an estimator summarized in Petrongolo and Pissarides (2001) is to divide
equation (1) by U; and take logs to obtain the log job finding rate . =log 'J—t‘ as a linear function of
log market tightness  =log (Vi=U,):

H
w=log gt =@ Dat ¢ @
t

where a; = log A¢; captures unobservable variation in match e [ciehcy which might arise because of
technological changes in the matching function or because unobserved search e [ant on the part of the
unemployed varies over time.

Borowczyk-Martins et al. (2013) stress the identification problem that arises when U; and V; respond
to variation in search e Lciehcy a;. When vacancy creation is governed by a zero profit condition, then
(all else equal), periods of high a; will also be periods in which V; is large. High a; might of course

also encourage more unemployed to enter the market. Thus,  is likely to correlate with a; and naive






3 Identifying m(A:U;; ;) when A; is unobserved

We now discuss how to identify the matching function as well as unobserved, time-varying matching
e [ciehcy, A.'* We assume that V and A are independent conditional on U and that the matching
function m(:;:) : R2 | R has constant returns to scale. We do not impose additional functional form
assumptions on m (:).*> This discussion is closely based on Matzkin (2003).

In this Section, we assume that there is a single type of vacancies and of unemployed job searchers.
In Section 4 and in our empirical application, we relax this assumption and allow for multiple types of
job seekers all of which might exert unobserved e [ant in job seeking.'®

Proposition 1 states the main identification result, namely that the distribution



unemployment, U, by assumption. The second equality holds, because the matching function is strictly
increasing in its first argument, AU . In what follows we use this condition repeatedly.

Step 1. Obtain the distribution function F (AjU) at point (Ag; Up):

F(AojUo) = Ghju.v (HojUo; Vo)

where GHjU;V (] Uo; VO)



Equation (7) immediately implies
M(AU;V) = Gy (F(AJU)) ®)

and since Gjy,v () is observed and we already identified F (AjU), we have thus identified m. In other

words, we can back out the implied number of matches for any triplet (A; U; V). O

It is possible to provide some intuition for this identification result. Because of the independence
assumption, match e [ciehcy A; does not systematically vary with vacancies V; as long as U; is held
constant. Thus, variation in H; as V; varies and U; is fixed identifies the elasticity of the matching
function with respect to vacancies. Furthermore, because of constant returns to scale, the elasticity of
m (:) with respect to V and AU respectively sum to one. Thus, by identifying the elasticity of the matching
function with respect to V;, we also obtain the elasticity of the matching function with respect to AU;.
Independence and constant returns to scale together thus imply that the function m () can be identified
using observations of V; and U; only. With this function in hand, it is possible to identify the distribution
of AjU because conditional on (U;; V;) the distribution of hires maps one-to-one into the distribution of
matching e [ciehcy. This implies that the observed distribution of hires H conditional on U;V identifies
the distribution of matching e Lciehcy, A.

Since m (:) is monotone, we have that conditional on (U; V), there is a one-to-one relationship between

A and the realized number of hires H. This gives rise to the following corollary.
Corollary 2.  Under the conditions of Proposition 1, A; is observed whenevetH;; U;; V;) are observed.

Proof. Immediate since A; = %'j‘vt) Here m 1 (H¢; ;) denotes the inverse of Hy = m (A{U; V) with

respect to the first argument. O

To close this Section, we also establish that the matching function is identified when the matching
function does not have constant returns to scale but the returns to scale are known. As long as the returns
to scale are known, the intuition that identifying the elasticity of the matching function with respect to

one argument identifies the elasticity of the other as well, goes through.

Corollary 3. Assume that the matching function does not exhibit not constant returns to scale, but can be
represented bym (AU;V) = z(m (AU;V)) wherez : Ry ! R4 is a known monotone increasing function

and m : R2 | R, exhibits constant returns to scale. Then, under the conditions of Proposition 1,
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the matching function m and the joint distribution F (A;U)



. . . . [
Assume that the overall number of hires is determined by a matching function m(
X



Thus we now have

Hi = m(A:S; W) (12)

where A; denotes unobserved matching e Lciehcy among the unemployed that is not accounted for by
the MPS index. Contributing to A; are search e [art not captured by I yps:t but also other unobserved
reasons that lead to variation in matching over time, such as for instance recruiting e [oft by firms or
geographical and/or occupational mismatch between job and worker characteristics.

This structure maps back into the identification arguments of the previous Section. Given S; and as

long as we are willing to assume that vV ? A



is a very large data-set which allows measuring the stock of unemployed, employed, and OLF as well as
their job finding rates across time. To estimate the job finding rates, we match observations in the CPS
panel across two months. The CPS surveys addresses rather than individuals. To ensure that observations
matched across months are from the same respondents we require that the variables age, race, and gender
are consistent over time.

We limit ourselves to months-in-sample 1 and 5 as well as the short two months panels starting in those
months when estimating job finding rates. While this restriction reduces the sample size substantially,
the large size of the CPS still generates precise estimates of job finding rates and stocks by labor force
status and age. The advantage of limiting ourselves in this way is that we reduce problems arising from
the tendency of respondents to the CPS to report lower rates OLF and higher rates unemployed in later
months of the short four-months panels produced by the CPS. All our estimates are obtained by weighing
the data using the weights provided by the CPS.

JOLTS is a monthly survey providing monthly estimates of job openings, hires, and separations since
December 2000. It is based on a sample of 16,400 establishments from the population of non-farm
establishments including public employers. We use the data on vacancies and hires collected by JOLTS.

Vacancies includes job postings for all positions that can start within 30 days for which the employer is



their index to cover the time-period up to Dec. 2017. In Figure 9 in the Appendix we show how the
updated index compares to the original one. To capture variation in recruiting e [ont, we rely on the
recruiting index provided by Davis et al. (2013) (denoted Ip:). Thus, we have V; = IptVioLtst Where
VjoLTs:t IS the vacancy measure available from JOLTS.

To summarize, our task is to estimate m (A;St; Vi) as well as the unobservable A; using the restrictions
that the matching function is constant returns to scale and that V; is independent of A; conditional on
S;. Before we present the results from this estimation exercise, we present first how observed labor supply

St = Imps:t St and labor demand V; = I+ VioLts:t and their components vary over time.?*

Recruitment

Figure 1 shows overall labor demand V; and its components over the study period ranging from January
2001 to December 2017. The components are the vacancy count reported by JOLTS and the recruiting
index provided by Davis et al. (2013).

The Davis et al. recruitment index ranges in a narrow band between 0.85 in the throes of the Great
Recession in 2009, and 1.15 just prior to the 2001 recession and towards the end of our sample period.
By contrast, VjoLTs:t Varies by a factor of about 3 over the study period. Thus, the overall variation in
labor demand over the cycle is dominated by the number of posted vacancies from JOLTS, so much so

that it is di [Ccult to distinguish between V; = Ip:t VioLTst and VjoLts:t in the above graph.

Labor Supply

There are 3 sources of observable heterogeneity in the supply of labor. First, the number of unemployed
varies over time. This variation has traditionally played a big role in estimates of the matching function.
Second, for each unemployed individual in the market there are others that are not unemployed that
are searching for jobs. These other job seekers might be OLF or currently employed. In recent years, a
number of contributors showed that these job seekers that are not unemployed contribute significantly to
new job relationships that are being formed and that their search has important implications for labor
market dynamics (see, among others: Hornstein et al. (2014); Kudlyak and Lange (2017); Elsby et al.
(2011); Kroft et al. (2016)). Third, search per individual might vary over time. Mukoyama et al. (2018)

measure this variation in search e [adt for unemployed workers using data from the CPS and the ATUS.

2%We remove the strong seasonal e ects present in this type of data. For this, we regress all variables on month dummies
and remove the part predicted by these dummies.
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Figure 1
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Figure 2

Labor Supply
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We obtain counts of individuals by labor force status from the CPS. We aggregate these counts into

unemployed-equivalency units using the relative job finding rates as weights, as in equation (11). Thus,

Pr(jobjx;t)
Pr(jobjunemployed;t )

each job seeker of type x in period t represents ! vt = unemployed individuals. Because
there are substantially more individuals engaged in job-to-job search or OLF, the total stock of these job
seekers expressed in unemployed equivalency units, S;, typically exceeds the number of unemployed U;
by a factor of 4 to 8. Finally, we arrive at the total measure of job search by multiplying the total stock
of job seekers, S;, with the MPS index. In Appendix B we plot the observed search e [ant of employed
workers (Figure 10), as well as those out of the labor force (Figure 11) of age 25-70.

Figure 2 shows in the top left panel how observed labor supply, St = Ivps:t



Figure 3

captured by decline in matching e Lciehcy, which we quantify in our estimation next.

6.2 Estimation Algorithm

Our goal is to recover the matching function, m(A;S;; Vi), as well the matching e Lciehcy realizations, A;.
To do so, our estimation procedure follows closely the constructive identification arguments in Section
3. We normalize matching e [ciehcy, A¢, in the period when vacancies V; attain their median value
throughout our time-period. This happens to be April of 2008. Denote this time-period by t = 0 and
normalize Ag to 1.

We first estimate F (AojS) across the support of S. For this, we use the distribution of hires con-
ditional on observed search elant, S, and observed recruiting e [oft, VV, based on equation (6) which
provides for F

5 Td [(0)]TJ/F17 10.9091 Tf 4.733 1.631091 38hT3-406(thmt7 -2rthmt7 -2rthmhrs6rv)27(e)1(d)-455(recruiting)-454(e ort,)] TJ/F:



Of course, we have to rely on an estimate of Gjs;y obtained from our finite data to implement
our constructive estimator. Consider then an arbitrary point (H ;S ;V ). To obtain G(H jS ;V)
we compute the proportion of observations with less than H observed hires among observations close
to (S ;V) in (S;V)-space. In practice this is done by averaging across all observations in the data,
penalizing observations with values (S;; Vi) using a kernel that weighs down observations distant from

(S ;V ). That is, our estimate is

X
F(AoSo)= 1(Hi<H o) (S:V So Vo)

where (:) is a bivariate normal kernel.



Figure 4
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Figure 5
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Figure 6

Elasticity w.r.t Vacancies V/-Elasticity vs. Tightness
Tightness normalized to 1 in Sept. 2007

45
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constant. As we argued in the introduction, relaxing this restrictive assumption has important normative
and positive implications. Our non-parametric estimates of the matching function allow us to estimate

how the elasticity of the matching function varies with market tightness. Here market tightness is defined



Figure 7

Matching Efficiency

Our estimates are below those typically obtained in the literature, which often range above 0.5.2° By
contrast, our estimates range between 0.15 and 0.3. During “normal” labor market conditions, we tend
to find an elasticity of approximately 0.22. We will return to the question why our estimates are below

those in the literature (or conversely why previous estimates are so high) in Section 7 below.



6.4 Observable Search and Matching E [ciehcy over the Great Recession



Figure 8

Decomposing the Variation in Matches
Observed and Unobserved Components
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overall with those obtained using the Cobb-Douglas specification.

Table 1 presents two regressions with log hires as the dependent variable and measures of log search
and log recruitment as independent variables. Both specifications impose constant returns to scale, so
that the coe [ciehts on log search and log recruitment sum to one. The first column of estimates contains
the regression specification using our measures of observed search, S; and observed recruitment, V;. Using
these comprehensive measures of observed search and recruiting intensities, we obtain an estimate of the
elasticity w.r.t. vacancies of 0.62, in line with estimates reported in the literature, but well above those we
obtain using the non-parametric estimation approach, as discussed in Section 6.3. It is worth emphasizing
that since in this regression we use our comprehensive measures of search and recruiting intensities, the
di Lerknce in the results is not driven by the omission of search by employed workers or those out of the

labor force.



The second column of estimates relies on the same recruitment measure but augments the measure of
search using the imputed matching e [ciehcy measure, A¢, obtained during the first step of our estimation
algorithm, so that the right hand side term becomes A;S;. Using AS; as our measure of labor supply,
we obtain a much lower estimate of 0.2 for the elasticity of hiring with respect to vacancies. Perhaps not
surprisingly, this estimate of 0.2 is right in the range of estimates we report in figure 6.

Why then do we obtain such diLerent estimates when we rely on observed measures of unemployed
search compared to when we account for unobserved matching e Cciehcy? The reason is that matching
e [ciehcy correlates with the traditional measure of tightness. Periods with many vacancies per observed
job seeker are also periods when match e Lciehcy tends to be high: Figure 7 shows that matching e [cady
does vary systematically over the cycle - in particular, it is highest prior to the Great Recession and after
the labor market recovered during the Great Recession. Indeed our estimated correlation is 0.88 (see
also Figure 12 in Appendix B). This correlation between market tightness and search e [cady induces
a positive bias in the estimates of the vacancy elasticity whenever unobserved matching e [cady is not
controlled for, as is the case in traditional estimators of the matching function.

The Cobb-Douglas specification thus generates overall elasticities with respect to the vacancies that are
comparable to those obtained from the non-parametric approach as long as we account for the changes
in matching e [ciehcy that is imputed from the first step of the estimation algorithm. Moreover, by
construction, it cannot match how the elasticity varies with market tightness, shown in Figure 6.

We also considered a CES matching function, with limited success. Again, we find elasticities with
respect to vacancies around 0.6 if we use observed search S; and vacancies V; as the arguments of the
matching function. When using e Ledtive search A;S; in lieu of S;, we obtain an elasticity of 0.19. However,
the cyclical variation implied by the CES runs counter to that obtained non-parameterically. In particular,
the CES estimates predict that the elasticity with respect to vacancies declines with market tightness -

the opposite of what we found non-parametrically.

8 Conclusion

This paper revisits how to estimate matching functions. Our proposed methodology allows for time-
varying search of unemployed, as well as workers out of the labor force or currently employed. It relaxes
both the strong independence assumption typically imposed between matching e [ciehcy and search on

either side of the labor market, as well as the functional form restrictions. We fully relax the functional
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form of the matching function except for imposing constant returns to scale. Important welfare results
(cf. Hosios 1990) related to search frictions hinge on the functional form of the matching function. For
instance, the commonly used Cobb-Douglas form imposes strong restrictions on how search frictions a [edt
welfare over the business cycle. Our non-parametric estimates of the matching function allow for a richer
characterization of how search frictions a[edt welfare as market conditions vary.

Our results indicate an elasticity of the matching function with respect to vacancies of about 0.2. This
elasticity varies significantly over the cycle, co-moving positively with market tightness. Our estimate is
significantly lower than those obtained by other studies. This is because we account for bias induced

because unobserved matching e [cady A; covaries with market tightness over the cycle. An example is



Appendix

A Estimating the Dependence Between E and V

Proposition 1 establishes the identification result for m (AU; V) if A ? VjU and m (:) exhibits constant
returns to scale. Under those conditions, the model is over-identified and we can test the independence
assumption. This is the approach we have taken in the paper.

Here we show how to relax the conditional independence assumption and rather allow allow for A
and V to be conditionally dependent. In particular, let A = AV and A ? VjU: We thus assume that
systematic relation between matching e Lciehcy A and vacancies V has a constant elasticity and that the
stochastic component is multiplicative.

Assume for the moment that is known. Then we can write m (AU;V)=m AUV ;V =m AU;V
where m is a function with known returns to scale in AU;V . Corollary 3 implies that m and the
distribution of A are known. We can also obtain realizations A for all observations of (H;V ). The latter
then allow us to test whether A ? VjU.

In the main text, we estimate m(:) assuming that = 0. By allowing to vary, we can obtain a
estimated set for that is consistent with the assumption that A = AV and A ? VjU and for each point

in this set, we obtain an estimate of m ().

B Additional Figures
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Figure 9
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Figure 12

Matching Efficiency and Market Tightness
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