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Abstract

I estimate a structural model of employer recruitment choice using data from the Multi-City Study of Urban Inequality (MCSUI), a 1992-1995 cross-sectional survey of employers and households in four metropolitan areas of the United States.  I then conduct policy simulations to predict the effects of “information” policies such as the Workforce Investment Act of 1998 and “hiring incentive” policies such as the Welfare-to-Work and Work Opportunity tax credits.  I find that the tax credits are superior to the information policy, both in improving placement rates for the low-skilled worker groups they target, and in increasing the starting wage distribution for these workers.  
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1.  Introduction


Employers and job seekers are brought together for potential matches through their recruitment and job search activities.  Employers may post help wanted signs, run newspaper advertisements, or seek referrals from private employment agencies.  Job seekers may speak with friends and relatives, solicit the aid of the state employment agency, or simply walk in and apply.  These recruitment and search activities help both parties acquire information about each other, and the more information they obtain prior to entering an employment agreement the higher the likelihood of a good employment match.  The crucial role of information in the labor market has been recognized since Stigler (1962), but despite a voluminous literature on job matching and organizational behavior in labor markets, we know far less about employers’ recruitment strategies than about job seekers’ search strategies.  As Granovetter (1995) notes, “while people are finding jobs, employers are finding people to fill them, and their behaviors, strategies, and purposes play a central but often neglected role in the process of matching people to jobs.” 

This imbalance in research effort is explained more by a dearth of adequate data describing employer recruitment behavior than by lack of scholarly interest.  Indeed, labor economists, sociologists, psychologists, and human resource management specialists have spent the last half-century exploiting the meager existing data sets in efforts to learn something about employer recruitment behavior.  The typical approach is to regress some labor market outcome, such as wages or vacancy duration, on a set of explanatory variables including “recruitment dummies”, which are assumed exogenous.

  This paper is the first to estimate a dynamic structural model treating the employer’s recruitment choice as endogenous.  In the model, employers optimally select recruitment strategies, wage offers, and desired worker skill levels to maximize profits, with the knowledge that some recruitment strategies are more likely than others to generate a worker who is well matched to the firm.  This gives rise to a discrete-choice dynamic optimization problem under uncertainty (the stochastic match quality being the source of uncertainty) that I solve numerically.  I estimate the parameters of the model using a newly available cross-sectional employer telephone survey, the Multi-City Study of Urban Inequality (MCSUI), that contains detailed information about recruitment behavior.  

The advantage of a structural approach, as opposed to the standard approach of treating the recruitment choice as an exogenous regressor, is that it can be used to analyze the effects of government policies that have labor market effects by influencing employers to alter their recruitment decisions, thereby changing hiring outcomes.  The model allows us to predict how employers alter their recruitment behavior in response to changes in the policy environment.  Given a set of parameter estimates, I conduct simulations to analyze and compare the labor market effects of two types of government policies, “information policies” and “hiring incentive policies”, both of which are designed to improve job placement rates for targeted groups of low-skilled workers.  

Information policies, such as the Workforce Investment Act of 1998, attempt to improve the information available to potential employers about these workers, thereby improving match quality.  Hiring incentive policies, such as the Work Opportunity and Welfare-to-Work tax credits, give employers a direct incentive, in the form of a tax credit, to hire workers from targeted groups.  By changing the relative attractiveness of worker-types in the employer’s eyes, both types of policies induce employers to alter recruitment strategies so as to attract the targeted workers.  The main conclusion that emerges from the policy simulations is that hiring incentives are superior to information policies, in that they induce greater substitution from skilled to unskilled labor, and they increase unskilled starting wages by a larger amount.  This finding is of particular interest given that current federal expenditure on information policies far exceeds that on hiring incentives.  

A main contribution of the paper is that it provides a framework for analyzing how an important employer decision, the choice of recruitment methods for hiring new workers, affects labor market outcomes.  This is useful for analyzing a wide array of government policies that affect employer recruitment choice, beyond the two “information” and “hiring incentive” policies analyzed in this paper.  For example, if workers are differentiated by race or gender, the model could be used to analyze how affirmative action policies affect the hiring process.  Another contribution of the structural model is that it sheds light on how the distribution of starting wages is affected by recruitment choices, a mechanism I call the “recruitment-wage effect.”  Finally, as there has been no prior structural work in the area of employer recruitment, I hope that this paper will contribute to a deeper understanding of the effect of information and employer behavior on the job matching process.  


The discussion begins with a survey of the previous literature on employer recruitment and wage-posting models of job search.  I then present the economic model of employer recruitment choice, a description of the data, and some empirical support for the assumptions of the economic model.  I then formulate an empirical model and discuss its estimation by the method of simulated moments.  After estimating the parameters of the model, I conduct policy simulations to analyze the labor market effects of “information” and “hiring incentive” policies that are designed to improve job placement rates for targeted groups of low-skilled workers.  Finally, I discuss the “recruitment-wage” effect, which illustrates how wages are affected by employer recruitment choice.  The paper concludes with some suggestions for future research.

2.  Background and Previous Literature 

This paper contributes to two distinct strands of previous literature, one on employer recruitment and another on wage-posting job search models.  Although the literature on employer recruitment has spanned five decades, dating back to some early empirical papers by Malm in the 1950s, research in this area did not begin in earnest until the mid 1960s to early 1970s, with seminal work by Rees (1966), Rees and Schultz (1970), and Granovetter (1974).  In the economics literature the stage was set by Stigler (1962), which emphasized the crucial role of information in the labor market.  Rees (1966) then explored the role of the recruitment choice as an information-generating device.  More recently, Montgomery (1991) imbedded social networks in an adverse selection model to analyze the effects of social networks on labor market outcomes.  

Following Rees, the fashion in the recruiting literature has been to distinguish between “formal” and “informal” recruiting methods.  Informal or word-of-mouth methods involve asking current employees or friends for referrals, or accepting walk-ins.  Formal methods involve essentially everything else, most notably advertising and soliciting referrals from various employment agencies.  Rees documents the prevalence of informal methods in recruiting blue and white-collar workers in a Chicago-area study and argues that the effectiveness of informal networks is under appreciated.  Prior to Rees’ work, the conventional view was that formal methods provided better information than informal methods, thereby contributing to the efficient functioning of the labor market.  In counterpoint, Rees and Schultz (1970) write “… we do not feel that this reliance [on informal methods] is necessarily evidence of an imperfect market.  Rather it suggests to us the importance of kinds of qualitative information about job seekers and about vacant jobs that could not be communicated well through formal channels, such as newspaper ads and employment agencies…”


In highlighting the role of recruitment choice as an information-generating device, Rees and Schultz distinguish between “extensive” and “intensive” information.  Extensive information pertains to the number of job seekers and vacancies covered by the information, while intensive information provides detailed information about specific job seekers or vacancies.  Recruiting methods such as advertising are effective in generating substantial extensive information, for example a high volume of applicants, but the information about individual applicants is usually quite limited.  In contrast, informal methods provide inside information on a small and select group of applicants.  Employers’ recruitment choices therefore depend on the type of worker desired, the direct costs of the recruitment method, and how quickly the worker is needed.  Rees argues that informal methods, by generating more intensive information (both for the job seeker and the employer) lead to better employment matches.


Montgomery (1991) considers a standard adverse selection model, augmented to include a structure of social ties.  Workers in the model are observationally equivalent with respect to ability, and may or may not have a friend to recommend to their employer.  High-ability workers tend to know other high ability workers, while low-ability workers tend to know other low-ability workers.  Although ability is ex ante unobservable to the employer, after observing a worker for one period the employer learns his ability.  After learning a worker’s ability, an employer wishing to hire through referral will post a wage offer that may be conveyed by the worker to his acquaintance.  Jobseekers then compare received offers and choose the highest one.  The Montgomery model is similar to the one in this paper in that it is a wage posting game in which employers have an incentive to post higher wage offers to recruit through informal referrals.  The models differ in that hiring speed does not factor into the Montgomery model, nor does the choice of formal methods.  In the Montgomery model, conditional on observing the performance of the Period-1 worker, the employer either chooses to hire a Period-2 worker through referral or posts a wage offer below the market clearing wage for those on the market in Period 2 (which has no probability of acceptance).  An employer decides based on the Period-1 worker’s observed ability whether it is worthwhile to recruit through informal methods.  In contrast, in my model, as in Rees (1966), the relevant choice is between formal and informal methods, and this decision is made at the outset of the recruitment campaign without reference to the performance of current employees.


Rees’ identification of the information-generating function of recruitment choice spawned a literature exploring the effects of recruiting choice on the quality of the resulting employment matches.  Research in the psychology literature mostly during the 1970s suggested that more information, positive as well as negative, prior to the start of an employment relationship is associated with lower turnover (Gannon 1971; Farr, O’Leary and Bartlett 1973; Ilgen and Seely 1974; Wanous 1973, 1975; Mencken and Winfield 1998).  More recent empirical work by labor economists (Reid 1972; Datcher 1983; Bishop, Barron and Hollenbeck 1983; Holzer 1987; Roper 1988; Simon and Warner 1992; van Ours and Ridder 1992; Gorter, Nijkamp and Rietveld 1996) has generally supported the hypothesis that informal recruiting methods are associated with higher productivity and longer average tenure than other methods.


The general approach in the recruitment literature has been to regress an outcome variable (usually vacancy duration, starting wage, wage growth, tenure with the firm, or some measure of productivity) on various dummies for the recruitment methods used, controlling for firm and vacancy characteristics.  The goal has been to identify the “effect” of informal and formal methods, or less aggregated recruitment methods, on labor market outcomes.  This approach is problematic since the employer’s recruitment methods are endogenous choices.  This paper contributes to the previous literature by estimating a structural model in which the employer’s recruitment choice is endogenous.   


The paper is also related to the literature on wage-posting games in job search models.  For a survey of this literature, see Mortensen and Pissarides (1999).  Work in this area began in the early 1970s with a paper by Diamond (1971), which solved an equilibrium version of a price posting game under imperfect information about offers, assuming identical buyers and sellers.  The paper identified a theoretical paradox; no exchanges occur in equilibrium if worker search costs are positive, and the equilibrium wage distribution collapses to unit mass at the common worker reservation wage.  The literature in the 1980s and early 1990s centered on ways to avoid this problem, namely extensions of the model to generate wage dispersion in equilibrium.  Representative papers in this literature are Burdett and Judd (1983), Albrecht and Axell (1984), Mortensen (1990), Burdett (1990), and Burdett and Mortensen (1990).  This literature shows that a number of mechanisms exist for modifying the basic wage-posting game to produce equilibrium wage dispersion, by introducing differential search costs or unemployment benefits across workers, multiple wage offers, and on-the-job search.  Mortensen (1990) shows that heterogeneity in employer productivity also generates equilibrium dispersion.  A similar mechanism generates wage dispersion in my model, in particular heterogeneity in the sensitivity of employers to variance in the stochastic match quality of a worker.  I contribute to the empirical wage-posting literature by incorporating a discrete recruitment choice among the employer’s decision variables along with the wage offer.  

3.  Economic Model of Employer Recruitment Choice

I model the problem an employer faces in filling a vacancy.  The basic framework is a search model in which the employer chooses a recruitment strategy, the desired skill level of the worker, and a wage offer to maximize expected future profits.  The theoretical underpinning for this work is the literature on wage-posting games that has developed during the last three decades.  This paper takes the simplest version of a wage-posting game and augments it with discrete recruitment and skill choices.  To facilitate computation, I treat the jobseeker side of the labor market as exogenous.  
Suppose an employer embarks on a three-period recruitment campaign to hire a worker.
  At the outset of the campaign the employer must decide whether to hire a skilled or an unskilled worker and which recruitment strategy to use in finding this worker.  Both choices are made at the beginning of the recruitment campaign and cannot be changed.  Let z denote the skill choice, where z = S means that a skilled worker is sought and z = U means that an unskilled worker is sought.  Let r denote the chosen recruitment strategy.  The employer can choose either a recruitment strategy involving informal methods, r = I, one involving formal methods, r = F, or one involving a mix of both methods, r = IF.
 

The structural model is based on a tradeoff between match quality and hiring speed between informal and formal recruitment methods.  Formal methods generate a hire with a high probability but the match quality is low, on average, since there is little or no prior filter or screening mechanism for the applicants.
  Informal methods give rise to high-quality matches but generate hires with low probability.  Let pI(w), pF(w), and pIF(w) denote the per-period hiring probabilities for informal, formal, and both methods, all of which are functions of the employer’s offered wage, w. 

 The employer pays per-period recruitment costs, c(r,z), at the beginning of each period for which the position is vacant.  Denote these costs by cIS, cIU, cFS, cFU, cIFS, and cIFU.  Recruitment costs for formal methods reflect fees for newspaper advertisements or for seeking referrals from private or temporary employment agencies.  Those for informal methods include employer-provided bonuses to employees who provide the name of an applicant who eventually fills a position.  In addition to these direct monetary recruiting costs to employers, the costs c(r,z) may also reflect non-pecuniary costs such as investments of time. 

Some employers offer high wages to attract workers faster, and others offer low wages to increase profit in the event that a hire occurs.  More precisely, the employer makes either a high or a low wage offer each period, either w = wH or w = wL, with the knowledge that the wage offer affects the per-period hiring probability.  That is, for both skill types pI(wH) > pI(wL) and pF(wH) > pF(wL).  Once a vacancy is filled, the worker permanently remains with the firm and receives the starting wage in each remaining period.
  The model is asymmetric in that it gives the power to set wages to the employer.  A central question in the extensive literature on job search and wage-posting games is whether the wage distribution implied by the economic model is nondegenerate and what mechanism generates the dispersion.  In this model, employer heterogeneity implies dispersion in the equilibrium distribution of starting wages.  

Once hired, the worker generates revenue, Rt, during each period of employment, that depends on the recruitment method that generated the worker, the worker’s skill level, the quality of the match and the type of employer.  A skilled worker hired using informal methods generates revenue according to the per-period revenue function Rt = (MS(IS)( while an unskilled worker hired using formal methods generates revenue of Rt = (MU(FU)( per period, and similarly for the other four possibilities, where M denotes the deterministic component of the labor input, which varies by skill level, and ( is the stochastic match quality.  Match quality is specific to the particular employment relationship and its distribution varies by recruitment choice and skill level.  Hence, there are six possible density functions from which ( can be drawn:  gIS((IS), gIU((IU), gFS((FS), gFU((FU), gIFS((IFS), gIFU((IFU).  The employer knows these distributions when making choices.  The ith employer is characterized by a parameter (i between 0 and 1, determining the concavity of the production function.  The employer receives revenue Rt = 0 in the periods prior to the hiring period.  

In the spirit of Rees (1966) and the subsequent literature, I assume that informal methods yield better matches, on average, than formal methods.  For our purposes, this means there is less uncertainty associated with informal methods and, therefore, a lower variance of (I than of (F.  This is true regardless of what skill type is desired.  The assumptions about match quality and hiring speed are summarized as follows: 

Var((FS) > Var((IS)

Var((FU) > Var((IU) 

E((IS) = E((IU) = E((FS) = E((FU) = E((IFS) = E((IFU) = 1

pIS(w) < pFS(w) for wH and wL
pIU(w) < pFU(w) for wH and wL
Note that I make no assumptions about the match quality or hiring probability of the combination recruitment strategy r = IF.  The assumption of equal means is for identification.  Note that in this model, the notion of informal methods providing greater intensive information than formal methods is captured by assuming a smaller variance for the choices involving informal methods and a concave revenue function implying that employers are averse to variance in the labor input.  Concavity of the revenue function implies diminishing marginal productivity of labor, a notion that is particularly palatable for an individual worker.  A case could also be made for an alternative modeling strategy, using a linear revenue function and capturing the relevant notion through the means of the match quality distributions instead of through the variances.  This would involve normalizing the variances and estimating the means under the restriction that distributions involving informal methods have a higher mean than those involving formal methods.  Both modeling strategies are in a similar spirit and the choice between them is largely a matter of taste.  

While informal methods yield superior matches, formal methods generate faster hires.  That is, for any offered wage w, pI(w) < pF(w), regardless of the skill type sought.  Let the indicator variable It equal one if the position is filled at the beginning of period t and zero if it remains vacant at the beginning of period t.  Hence, I1 is necessarily zero whereas I2 and I3 could be either zero or one.  Since a filled position remains filled at the fixed starting wage, the employer faces a choice problem only in periods for which It = 0.  The employer makes choices each period so as to maximize the present discounted value of expected profits.  With three recruitment strategies and two skill types, the value function has six branches.  For notational convenience I write each branch, Vtk(It), for t = 1,2,3 and k = IS, IU, FS, FU, IFS, IFU, as functions only of It, the indicator variable for whether a position is filled at the start of period t, leaving the other arguments implicit.  Therefore, the value function, V, may be expressed as follows:  
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Letting E denote the expectation operator, Z the index of skill level (Z = S for skilled and Z = U for unskilled), w the offered wage, w* the starting wage, and ( the one-period discount factor, the expressions for the branches for each period are as follows:

Period 1:
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Period 2:
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Period 3:


[image: image4.wmf](

)

(

)

[

]

(

)

(

)

[

]

(

)

(

)

[

]

(

)

(

)

(

)

(

)

(

)

(

)

1

,

,

,

,

1

1

,

,

,

,

1

1

,

,

,

,

1

0

,

,

,

,

max

0

0

,

,

,

,

max

0

0

,

,

,

,

max

0

3

3

3

3

3

3

3

3

3

3

3

3

q

q

q

q

q

q

p

p

p

p

p

p

w

V

w

V

w

V

w

V

w

V

w

V

Z

IFZ

Z

FZ

Z

IZ

Z

IFZ

Z

FZ

Z

IZ

Z

IF

Z

F

Z

I

Z

IF

E

w

Z

F

E

w

Z

I

E

w

Z

Z

Z

=

=

=

=

=

=


In the above formulation (t denotes per-period profits defined as follows:

(t(r, z, w*, (, It) = Rt(r, z, (, It) – (w* + c(r,z)(1-It)).  


Consider the problem in the final period.  Regardless of what recruitment and skill choices were made at the outset of the campaign, if the position is filled at the beginning of the third period (i.e. I3 = 1) then the employer faces no choice problem; he merely collects profits of (3(r, z, w*, (, 1).  Now suppose instead that the position is still vacant at the beginning of the third period (i.e. I3 = 0).  Then the employer must choose a wage offer, w, to maximize expected third-period profits, E(3(r, z, w, (, 0).


At the beginning of Period 2, if the position is filled (i.e. I2 = 1) then the employer faces no choice problem.  He merely collects profits in Period 2 and discounted profits in Period 3.  That is, he receives a total of (1+()(2(r, z, w, (, 1).  Now suppose instead that the position is still vacant at the beginning of the second period (i.e. I2 = 0).  Then the employer must choose a wage offer, w, to maximize expected second-period profits plus the (discounted) expected value of the third-period problem.  Expected second-period profits are simply E(2(r, z, w*, (, 0).  The expression in { } is the expected value of the third-period problem.  To see this, note that the position is either filled at the beginning of Period 3 (I3 = 1), or it is vacant (I3 = 0), and these events occur with probabilities pF(w) and (1-pF(w)), respectively.  

At the beginning of the first period, since the position must be vacant at the start of the first period (i.e., at the outset of the recruitment campaign) we need only concern ourselves with the case I1 = 0.  The employer faces a choice problem identical to the one described in the previous paragraph.  

4.  Data: Multi-City Study of Urban Inequality (MCSUI)


I estimate the parameters of the model using data from the Multi-City Study of Urban Inequality (MCSUI), a 3510-observation cross-sectional telephone survey of employers in LA, Boston, Detroit and Atlanta, conducted during 1992-1995.  The survey asks employers many questions about the most recently hired worker.  In collecting the data, telephone screening was used in an effort to identify a respondent who actually hired the most recently hired worker.  The respondent was the owner in 14.5% of the cases, the manager or supervisor in 42%, a personnel department official in 31.5%, and someone else in 12%.  The survey instrument took 30-45 minutes to administer on the telephone, with an overall response rate of 67% for screened interviews.  Sampling weights were constructed to correct for the complexities of the sampling scheme and weighted observations are a representative sample of firms, such as would occur if a random sample of employed people were drawn from each city.  For more information about the data, see Holzer (1996).

Although the data set contains detailed information on characteristics of the most recently hired worker, characteristics of the firm, and characteristics of the job into which the worker was hired, to keep the computational task manageable in estimating the structural model, I only use data on the following key variables: the recruitment methods that were used in the campaign to hire the most recently hired worker, the number of weeks needed to hire the worker (i.e. vacancy duration) and the worker’s starting wage and educational attainment.  

For each of ten recruitment methods, the employer is asked whether the particular method was used in the recruitment campaign to hire the most recently hired worker.  Table 1 reports the fraction of employers that used each of these ten methods.  The vacancy duration variable is the employer’s answer to the following question:  “From the time you began recruiting until you hired someone, how long did it take to hire your newest employee?”  When asked the starting wage of the most recent hire, about 70% of employers responded with an hourly wage.  The other 30% reported a weekly, monthly, or annual wage, and these I converted to hourly wages assuming standard work schedules.  I then deflated all hourly wages to 1990 dollars using the CPI-UX.  Finally, the employer is asked the highest education level attained by the most recent hire.

5.  Empirical Support for the Economic Model 

The main behavioral assumption of the recruitment model in Section 3 is that employers face a tradeoff between hiring speed and match quality.  In particular, formal methods are faster but yield lower average match qualities than informal methods.  The idea is that formal methods, particularly advertising, generate a large applicant pool quickly, whereas informal methods are slower and yield a small and select pool.  It should be mentioned, however, that a larger applicant pool need not imply faster hiring times, due to applicant screening.  Employers use a variety of methods to screen applicants before making a hiring decision, and the economic model abstracts from these decisions.  DeVaro (2002) provides evidence from the MCSUI that formal recruitment methods, in particular advertising methods, yield lower match quality than informal methods, and that applicant pools generated by formal methods such as newspaper advertisements are screened more intensively than those generated by informal methods.  

The notion that employers pay attention to the type of applicant pool and level of pre screening a particular recruitment strategy is likely to generate has a long history.  Writing in 1966 of employers’ use of state employment agencies in a Chicago area study, Rees notes that the “number of employers in our sample who make frequent use of the Illinois or Indiana Employment Services and are well satisfied with them is considerably smaller than the number who report good results from private agencies.”  When asked why they avoided using state agencies most employers in the sample cited slowness and poor screening.  In the words of one respondent from a branch store of a large department store chain, “A year or so ago we placed an order with the Employment Service for a couple of high school graduates for openings in the credit department.  We didn’t care too much about experience, and would take trainees.  They sent over forty applicants and about half weren’t high school graduates.  Most of the rest were overqualified and wouldn’t accept the jobs.”  Another respondent from a manufacturing firm claimed, “instead of trying to meet our qualifications, they just send over people who have trouble finding jobs, and they aren’t the best people.”


Using the MCSUI data, DeVaro and Fields (2002) provide evidence that informal methods are indeed associated with higher match quality, where match quality is measured by the subjective employer-reported performance of the most recently hired worker.  They find that after controlling for firm characteristics, and accounting for the auxiliary effects of individual recruitment methods through their effects on screening methods, the individual recruitment method associated with the largest increase in worker performance is referrals from current employees.

Another key assumption of the economic model is that the wage-posting framework is appropriate.  Employers are assumed to post either a high or low wage offer in each period, and the distribution of starting wages is a consequence of heterogeneity in employer types.  Some employer-types offer higher wages to lure workers faster, and others offer low wages and reap higher profits per period in the event that a worker is hired.  Some employers might start with a low wage offer and then raise it in either of the subsequent periods.  If the recruitment campaign is going badly, meaning that a hire has not occurred, the employer might raise the offered wage to increase the hiring probability.  But no employer will choose to lower the offered wage, so the model implies a positive correlation between offered wages and vacancy duration.

The data set contains only starting wages, not offered wages.  Given that offered wages can only increase over the duration of the recruitment campaign, the model would appear to imply a positive correlation between vacancy duration and starting wages, since longer durations will induce some of the employers to switch from low to high wage offers.  The trouble with this is that a high wage offer from the outset is more likely than a low wage offer to yield a short duration.  If a high starting wage is observed in the data, there is no way to determine whether that employer’s offered wage was high from the outset of the campaign, or if it started low and was raised later.  Employers who offer high wages from the outset are likely to experience shorter vacancy durations than those who start out with low wages and switch to high wages later.  This means that in a regression of vacancy duration on starting wages, a positive slope coefficient provides no evidence in favor of the wage-posting model or against it. 

If we restrict our attention to the subsample of employers who hired someone very quickly, however, then offered wages are essentially the same as starting wages, since few if any employers would have increased their wage offer in such a short time.  In contrast, the full sample will contain many employers who raised their wage offer at some point(s) during the recruitment campaign.  So the wage-posting model does imply that if we run the above regression on successive subsamples (a hire occurring within the first two weeks, within the first three weeks, within the first four weeks, …) the slope coefficient should increase with the sample size.  The reason is that as we increase the sample size in this way, we include more employers who raised their initial wage offer (because the recruitment campaign was going badly) and these high-starting-wage employers will experience longer vacancy durations than employers who offered a high wage from the start.

Figure 1 presents the results of these regressions on successive subsamples.  The vertical axis gives the slope coefficient of a regression of (number of weeks to hire the most recently hired employee) on a constant and (hourly starting wage for this worker).  The horizontal axis indicates the subsample, so “2” refers to the regression using only those observations for which the hire occurred in less than two weeks after the start of the recruitment campaign.  The graph is monotonically increasing, as predicted by the model.  Of course, an alternative interpretation is that this graph reflects heterogeneity in the types of positions employers seek to fill.  Figure 2 plots the slope coefficients of the starting wage for an analogous series of regressions on successive subsamples, though these regressions also include controls of the type of position.  In particular, the regressions include ten industry indicators, four occupation indicators, indicators for whether the position requires a college degree, whether the firm is a franchise, fraction of unionized employment, establishment size, and number of sites of operation.  Since Figure 2 displays an increasing pattern similar to that of Figure 1, this lends credence to the wage-posting interpretation as opposed to the unobserved heterogeneity interpretation.  Although it does not provide definitive evidence, as some obvious alternative theories for the wage-generating process -- such as ex-post bargaining -- would not have the implication of an increasing pattern, the graph provides some empirical support for the wage-posting framework. 

6.  Empirical Formulation of Economic Model

The empirical problem is to estimate the parameters of the economic model described in Section 3.  Each observation in the MCSUI data corresponds to the outcome of the recruitment campaign used to attract the most recently hired employee.  This outcome is described by the recruiting methods that were used by the employer, the number of periods needed to hire the worker, and the worker’s starting wage and skill level.  Since the model has only a small number of discrete choices and only three periods, this outcome may be treated as a polychotomous response variable.  An unfortunate limitation of the analysis is that since the data pertain to the most recently hired worker and contain no information about the number of workers hired, the analysis cannot account for differences in recruitment behavior according to how many workers are desired.  So the model must be thought of as applying to those cases in which a single worker is sought.  


I estimate the parameters of the model by the method of simulated moments.  In this section, I first describe how to construct empirical cell frequencies using the observed variables from the data.  I next specify distributions for the firm type parameter (, the stochastic match qualities, and the per-period hiring probabilities and describe the procedure for computing the simulated cell frequencies implied by the economic model.  Finally, I construct the distance function to be minimized in computing the method of simulated moments parameter estimates.
Constructing Empirical Cell Frequencies from the Data

The economic model implies 42 possible discrete response outcomes, corresponding to (3 possible hiring periods) ( (3 possible recruitment strategies) ( (2 possible skill levels) ( (2 possible wage levels) + (6 ways in which the job took more than 12 weeks to fill, corresponding to the 6 possible skill and recruitment combinations that might be chosen at the outset of the campaign).  For example, one outcome might be that the employer chose to hire a skilled worker using informal methods, and the hire occurred in the second period at the high wage.  

To define the recruitment strategies, I partition the ten recruitment methods into formal and informal methods as in Table 1.  If an employer is observed to use only informal methods, I define this as choosing strategy r = I.  If an employer is observed to use only formal methods, I define this as choosing strategy r = F.  And if an employer is observed to use a mix of formal and informal recruitment methods, I define this as choosing strategy r = IF.  

I define “skilled” to mean that the most recent worker hired had at least a college degree.  For both skill groups I aggregate starting wages into “high” (those above the median) and “low”.  For skilled workers, the threshold separating high and low wages is $11.50 per hour, while for unskilled workers it is $7 per hour, both measured in 1990 dollars.  Finally, I aggregate the number of weeks needed to hire the most recently hired worker to produce three periods, as follows:  

Period 1: 0 to 4 weeks 

Period 2: 5 to 8 weeks 

Period 3: 9 to 12 weeks.

The survey question asks the employer how many weeks it took “from the time you began recruiting until you hired someone” to hire the most recently hired worker.  So a hire occurred in all cases; that is, the data are a random sample of completed recruitment spells.  An important point to note is that because the sample is one of completed spells as opposed to current and completed spells, no problems of length-biased sampling arise given that stationarity is assumed.  In almost all cases, the recruitment campaigns were completed in twelve weeks or less.  For this reason, for the purpose of defining cells to correspond to the three periods of the economic model, I chose periods of four weeks in length.  A small fraction of observations falls into the six cells for which the recruitment campaign took longer than twelve weeks.       

Finally, define ( to be the 41-dimensional vector of cell frequencies observed in the data, dropping the 42nd cell as its value is simply one minus the sum of frequencies for the other 41 cells.  The ith element of ( is simply the fraction of observations in the data that fall into the ith cell, using inverse-probability survey sampling weights. 

Constructing (Simulated) Cell Frequencies Predicted by the Economic Model
As a first step in generating (s((), the vector of simulated cell frequencies predicted by the economic model, I specify distributional assumptions for the stochastic match qualities, the firm-type parameter, and the per-period hiring probabilities.  The match quality distributions are assumed to be lognormal with means of one and standard deviations (IS, (IU, (FS, (FU, (IFS, and (IFU, where the subscripts indicate the relevant recruitment strategy and skill level.  The distribution of (i, the production function parameter for the ith employer, is the normal cdf of a distribution with mean (( and standard deviation ((.  The per-period hiring probabilities for informal, formal, and both methods, all functions of the offered wage, are assumed to follow one-parameter logistic distributions.  That is, pIS = 1/(1+exp(-(IS-w)) where (IS is a parameter to be estimated; the other five hiring probabilities are defined analogously.
   

Given an initial parameter vector (0, I first generate a “firm type” by taking a pseudo-random draw from the distribution of (.  I then solve the value functions by backward induction to compute the employer’s optimal choices of recruitment strategies and wage offers.  Since the stochastic match quality ( is only observed after the start of the employment relationship, employer decisions are based only on moments of its probability distribution rather than on realized values of (.  Realized values of ( only become relevant if we wish to compute realized employer profits, but they are not relevant for computing (s(().  

Solving the value function for the employer’s optimal choices yields the recruitment strategy that was used and the worker skill level sought, but to classify the observation into 1 of the 42 cells we also need to know the hiring period and the starting wage.  Once we know the hiring period, we automatically know the starting wage since it is just the wage offer made in the hiring period.  Given the optimal choices of wage offers, w, we can compute the per-period hiring probabilities for informal, formal, and both methods:  pI, pF, and pIF.  Then, to determine whether a worker is hired in a given period, we generate a pseudo-random draw from the uniform [0,1] distribution.  If the draw is less than the relevant hiring probability a worker is hired in that period.  

Combining the employer’s optimal choices with the stochastic hiring process, we can assign this simulated observation to the appropriate cell.  Using the same (0, the process is repeated a large number of times to produce the empirical frequency for each cell.  The ith element of (s(() is simply the fraction of simulated observations that fall into the ith cell.

Constructing the Distance Function to be Minimized

Having defined ( and (s((), we can express the distance function, Q, as follows:

Q = ((-(s(())’M((-(s(()) 

where M is the optimal weighting matrix, defined as follows:
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where (i = [(1i,(2i, …, (13i]’ and in this column vector each element (ki = 1 if the ith observation in the data falls in cell k and 0 otherwise.  The summations are over the N = 3396 usable observations in the data
, and (inverse-probability) sampling weights are denoted by (.  An attractive feature of the optimal weighting matrix is that it is fixed, meaning that it is not a function of (, and this facilitates estimation.   

The method of simulated moments estimator of ( is then chosen to minimize Q.  That is, (MSM = argmin Q(().  The distance function is minimized using the Newton algorithm in the constrained optimization routine in GAUSS.  All stochastic draws are taken using GAUSS’s pseudo-random number generators.  Solving the value functions necessitates computing terms of the form E((, and these are numerical integrations computed using Gauss-Legendre quadrature.   

7.  Estimation of the Structural Model

The structural model is described by 22 parameters: the two deterministic components of the labor input (one for each skill type), the six parameters from the distributions of the per-period hiring probabilities, the six standard deviations for the match quality distributions, the mean and variance of the distribution of firm-type parameters, and the six per-period recruitment costs.  These are defined in Table 2.  Given that M, the deterministic component of the labor input, is an estimated parameter, the discrete wage values (either high or low) are not identified and must be fixed.  I arbitrarily selected a number of discrete wage combinations and found that differing choices did not dramatically impact the estimation results.
  

Method of simulated moments parameter estimates and their asymptotic standard errors are presented in Table 3.  Of greater interest than the particular parameter values themselves are the simulated distributions of recruitment strategies, skill levels, vacancy duration, and starting wages they imply, as discussed in the next section.  Four points regarding the actual parameter values, however, are worth noting as they are relevant to the policy analysis of the next section.  First, recruitment strategy r = IF is found to be the slowest method for hiring skilled workers and the fastest for hiring unskilled workers.  Second, strategy r = IF generates the best matches for hiring unskilled workers, while for skilled workers it falls between informal methods (the best) and formal methods (the worst).  Recall that although a key assumption of the model is that formal methods are faster and yield lower expected match quality than informal methods for both skill types, no assumptions on strategy r = IF were imposed regarding its speed or quality of expected matches.  Third, the per-period hiring probabilities differ little between informal and formal methods, and this is true for both skill types.  Finally, the match quality distributions have a higher variance for skilled than for unskilled workers and this is true for all three recruitment strategies. 
  

A chi-square goodness-of-fit test accepts the model for tests of standard size.  Results of the test are shown in the lower panel of Table 3.  Under the null that the data were generated by the economic model, the statistic (1/2)(Q(N is asymptotically distributed as chi-square with degrees of freedom (number of cells – number of estimated parameters – 1), where Q is the minimized value of the distance function and N is the sample size.  The test statistic is 15.3 and the critical value from (2(19) is 30.1 for a test of size 0.05, so the chi-square test provides evidence of a reasonably good fit.  

8.  Policy Analysis: Simulated Effects of WIA98 and WOTC / WtWTC   

The economic model of Section 3 can be used to shed light on how labor market outcomes are affected through the channel of employer behavior, in particular through the employer’s choices of recruitment strategies, wage offers, and desired worker skill levels.  The model is useful for analyzing the labor market effects of any policies that alter the employer’s relative profitability of hiring one worker type versus another.  In this section I conduct simulations using the parameter estimates to analyze the effects of two classes of government policies, “information policies” and “hiring incentive policies”, both of which are designed to improve job placement rates for targeted groups of unskilled workers.  In addition to being interesting and useful in their own right, the policy analyses illuminate some of the more general intuition from the structural model regarding the labor market effects of employer recruitment choice.

An “information policy” is one that attempts to secure better matches for targeted worker types by enhancing the information available to employers about these workers.  An example of such a policy is the Workforce Investment Act of 1998 (WIA98).  A “hiring incentive policy” is a tax credit that an employer receives for hiring a particular worker type.  Examples are the Work Opportunity and Welfare-to-Work tax credits (WOTC and WtWTC), both of which were introduced in the late 1990s.  Recall that the MCSUI data were collected in 1992-1995, immediately before the introduction of the tax credits and WIA98.  Therefore, simulated recruitment strategies, skill levels, starting wages, and hiring periods implied by the estimated parameters reflect a pre-policy state of the world.  I model the policies as exogenous changes to these estimated parameters, and interpret the resulting simulated recruitment strategies, skill levels, starting wages, and hiring periods as post-policy distributions.  The policy effect is then interpreted as the difference between the pre and post policy distributions of these variables. 

I begin this section by describing how the parameter estimates are used to simulate pre-policy distributions of recruitment strategies, skill levels, starting wages, hiring times, and employer profits.  Next, after describing both policies I explain how they are modeled as exogenous changes to the estimated parameters.  I then present the results of the policy simulations, first for WIA98 and then for WOTC / WtWTC.  I conclude this section with a summary of the relative efficacy of both policies in improving placement rates for the unskilled worker groups they target.  The main policy conclusion is that the tax credits are more successful than the information policy, both in generating substitution to unskilled labor and in increasing starting wages for the unskilled.  

Simulating the “Pre-Policy” Distributions 

Given the parameter estimates from the previous section, I construct a simulation data set and tabulate the resulting distributions of recruitment strategies, starting wages, vacancy duration, and employer profits.  That is, I generate 1000 draws of the firm-type parameter and solve the value function by backward induction to find the optimal recruitment strategies and wages.  These optimal choices are then combined with random draws representing the stochastic hiring decisions, to compute vacancy duration and starting wages.  Finally, random draws from the match quality distribution represent realized match qualities and can be used to compute employer profits.  As the data were collected from 1992 to 1995, before either the WIA98 or WOTC / WtWTC policies were implemented, the simulations reflect “pre-policy” distributions of the variables.  

The main results of the paper are found in Tables 4-6, all of which have the same structure.  The first column, labeled “Before”, summarizes results from the pre-policy simulations.  The second and third columns contain the results for the post-policy simulations, one for WIA98 and the other for WOTC / WtWTC.  As seen in the first column of Table 4, before the policies are implemented recruitment strategy r = IF is most popular for hiring both skilled and unskilled workers.  Informal methods are preferred to formal methods for hiring skilled workers, while the reverse is true for unskilled workers.  As seen in Tables 5 and 6, about two thirds of the employers prefer to hire unskilled workers rather than skilled, and hiring times are fast for both skill types.

Policy Background for Workforce Investment Act of 1998

The Workforce Investment Act was signed into law on August 7, 1998 to unify and streamline employment and training services by requiring them to be provided through a centralized single system at the local level called the One-Stop Center System.  The act went into full effect on July 1, 2000 and replaced the Job Training Partnership Act.  The broad objective of WIA98 is to have training and employment programs designed and managed at the local level where the needs of businesses and individuals are best understood.  The Act requires states and localities to use one-stop centers to provide most federally funded employment and training services.  Economically disadvantaged adults, youth and dislocated workers are specifically targeted, and the programs for these groups are authorized through fiscal year 2003 with a budget authority of about $3.5 billion in fiscal year 2000.   


A major function of the one-stop centers is matching job seekers to employers.  Localities are given autonomy to plan systems that best suit their local needs, so methods of implementation vary considerably across states and localities, though all centers actively seek to integrate the recruitment activities of local employers with those of the one-stop center.  Job seekers who require training services are channeled into programs that directly match the skill needs reported most in demand by local employers.  Many one-stop centers encourage employers to use the on-site facilities to recruit, interview, test, and train job candidates.  In some centers these functions are carried out via tele-conferencing.  A common approach is to establish single points-of-contact or liaisons from the one-stop center to a business or business sector, so that one-stop employees can cultivate ongoing relationships with local employers and familiarize themselves with each employer’s specific needs.

The job matching function of the one-stop centers and the centralization of employment, training and recruitment services facilitates the acquisition of information for both employers and job seekers.  The Act specifically targets low-skilled worker groups such as economically disadvantaged adults, youth and dislocated workers.  Employers recruiting through the one-stop centers should therefore be privy to more and better information about these workers and how well their skills match the specific needs of the firm.

Policy Background for Work Opportunity and Welfare-to-Work Tax Credits

On March 9, 2002, President Bush signed into law the Job Creation and Worker Assistance Act of 2002.  This is a major tax bill primarily drafted for the purpose of providing temporary extended unemployment benefits and extending the Work Opportunity and Welfare-to-Work tax credits which expired on December 31, 2001.

The Work Opportunity Tax Credit provides federal income tax credits directly to businesses that hire eligible individuals from eight target groups: former recipients of AFDC, food stamp recipients, ex felons, veterans, summer youth, high-risk youth, vocational rehabilitation referrals and Supplementary Security Income (SSI) recipients.  To qualify for the credit, in addition to being a member of one of the target categories a new hire must be a citizen or permanent resident of the United States, have no prior employment history with the employer applying for the WOTC benefit, and be unrelated by blood or marriage to the principal owner of the hiring business.

The maximum credit for new hires working at least 400 hours is 40% of the first $6000 of wages, yielding a maximum credit of $2400.  For summer youth working at least 120 hours but less than 400, the credit is 25% of the first $3000 in wages.  For members of the other target groups working at least 120 hours but less than 400 the credit is 25% of the first $6000 in wages.

The Welfare-to-Work Tax Credit provides federal tax credits directly to businesses that hire workers who have received AFDC benefits for at least eighteen months prior to the hiring date.  The other eligibility requirements are the same as those for the WOTC.  Employers may claim either the WOTC or the WtWTC for a new hire but not both.  The WtWTC is 35% of the first $10,000 of wages in the first year of employment and 50% of the first $10,000 of wages in the second year, yielding a maximum credit of $8500 per employee.  The new hire must complete a minimum of 400 hours or 180 days of employment for the employer to qualify for the credit.    

The WOTC and WtWTC both provide incentives to employers to hire workers traditionally seen as facing significant barriers to employment.  As the credits can be substantial ($2400 per employee for WOTC and $8500 per employee for WtWTC) and since applying for the credits is relatively easy, it is not surprising that employers have responded quickly to the new incentives.  The following table reveals that the total number of WOTC and WtWTC credits claimed has more than quadrupled from fiscal years 1997 to 2001.

Number of Work Opportunity and Welfare-to-Work Tax Credits Issued

      Fiscal Year

WOTC


WtWTC

   Total

	2001
	438,604
	97,072
	535,676

	2000
	370,835
	154,608
	525,443

	1999
	335,707
	104,998
	440,705

	1998
	285,322
	46,580
	331,902

	1997
	126,113
	Not implemented
	126,113


Source:  http://www.uses.doleta.gov/updates.asp

Modeling the WIA98 and WOTC / WtWTC 

  For both the WIA98 and the WOTC / WtWTC I am interested in upper bounds of the potential impact of the policy on unskilled workers.  That is, I seek to model a very effective WIA98 policy that generates as much of an informational gain as we could ever expect.  Similarly, I model a generous tax credit that assumes the employer reaps the maximum possible tax credit under the current legislation.  So we are in effect comparing the “best case scenarios” under both policies.  

Recall that the WIA98 aims to improve placement rates for targeted groups of low-skilled workers by providing employers with information about these workers.  In terms of the recruitment-choice model, the better match-quality information provided by WIA98 amounts to a decrease in the variance of the match quality distribution for unskilled workers hired through formal methods, since the act operates through public agencies that fall under the rubric of formal methods.  That is, the WIA98 is modeled as a reduction in (FU.
  An obvious question arises in modeling the policy in this way.  That is, how much should this parameter be reduced?  I assume an informational change that renders formal methods as informative as informal methods for hiring unskilled labor.  That the additional information provided through public one-stop centers about individual unskilled workers would be so effective as to equal the detailed insider information provided by current employees and friends seems highly unlikely.  I am, therefore, comfortable regarding this as an upper bound of the policy’s potential effect.  This reduction of (FU to the level of (IU amounts to a 76% reduction. 

The appropriate way to model the WIA98 requires a reduction in (IFU as well as (FU.  Since the third recruitment strategy is a mixture of both formal and informal methods, WIA98 also reduces its match quality standard deviation for unskilled workers.  Since it is not obvious how much this parameter should be reduced, I considered a range of alternative percentage reductions of (IFU: no reduction, 20% reduction, 50% reduction, and 80% reduction.  Although I do not report these results, I find that the results of modeling WIA98 as a reduction in (FU are relatively insensitive to assumptions about the percentage reduction in (IFU.  Only an 80% reduction generates substitution from skilled to unskilled labor, so I use this for the main simulation results because I am interested in an upper bound of the policy’s potential effect.  

Hiring incentives such as the WOTC and WtWTC can be thought of simply as lump sum transfers to employers hiring low-skilled workers, the group targeted by the tax credits.  As these transfers are received at the start of the employment relationship, they may be thought of as partially offsetting the fixed costs of hiring and training for low-skilled workers.  I model the tax credit as a one-time transfer, received at the time of hiring an unskilled worker.  I assume a hiring tax credit of the magnitude 22% of wages paid in the first two years of employment.
  This should without question be considered an upper bound on the effects of a hiring tax credit.  I have assumed the employer qualifies for the larger of the two credits, namely the WtWTC.  More importantly, I have assumed that the worker remains with the employer long enough for the employer to reap the maximum benefit of the credit.  

Effect of Workforce Investment Act of 1998 (WIA98)


The main results for the WIA98 simulations are presented in the second columns of Tables 4-6.  These simulations are produced by taking the original parameter estimates and decreasing (FU to the level of (IU (a 76% reduction) and (IFU by 80%.  

As seen in Table 4 and the first line of Table 5, the information policy leads to a large shift in recruitment strategies in the direction of formal methods for hiring unskilled workers, and a small increase in the fraction of employers wishing to hire unskilled workers (from 66.5% to 67.6%).  For skilled workers, recruitment behavior, vacancy duration and the wage distribution are unaffected by the policy.  Unskilled workers are hired slightly faster since more of them are hired through formal methods, which are inherently faster, and because the starting wage distribution has shifted slightly to the right.  

The wage increase is slightly dampened by a negative “recruitment-wage effect”.  The intuition for this result is that before the policy, employers wishing to tap into the high-match-quality distribution yielded by informal methods had to pay something in terms of higher wage costs to ensure a reasonable probability of hiring a worker.  After the policy change, however, formal methods yield better-quality matches than they did before and, as always, they are more likely than informal methods to generate an applicant.  So employers shift in the direction of formal methods and no longer need to pay as much in wage costs to ensure a reasonable hiring probability.  In summary, after the policy change employers shift towards formal methods for hiring unskilled workers, resulting in slightly faster hires and slightly higher wages for this group.

As mentioned, the reduction in (FU may safely be regarded as an upper bound on the potential effect of the policy.  This substantial improvement in information about unskilled workers, rendering the one-stop centers as informative as word-of-mouth techniques, has surprisingly modest effects.
  Overall the effect of the information policy can be summarized as follows: an implausibly large enhancement in information has very modest effects, and more plausible enhancements have even less effect.  Given that the budget allocation for three targeted WIA98 groups alone (youth, low-income adults, dislocated workers) totaled $3.5 billion in fiscal year 2000, these results are sobering.  

Effects of Work Opportunity and Welfare-to-Work Tax Credits
The results in the third columns of Tables 4-6 tabulate the simulated distributions of recruitment strategies, skill levels, starting wages, and vacancy durations after imposing on the model a hiring tax credit, received in the hiring period, in the amount of 22% of wage costs paid to the average unskilled worker during two years of employment.  The tax credit results in an increase in the fraction of employers wishing to hire an unskilled worker (from 66.5% to 71.4%).  Recall that the information policy only increased this fraction to 67.6%.  In fact, it is noteworthy that even a tax credit of only half the magnitude of the upper bound I consider (that is, a tax credit of only 11% of wage costs paid during the first two years of employment, rather than 22%) results in an increase to 69.5%.  Hence, the estimation results suggest that substitution between the skill types is more sensitive to wage subsidies than to information.  
As seen in Table 4, both before and after the tax credit employers preferred to use recruitment strategy r = IF, whether they were seeking skilled or unskilled workers.  But why do we see a shift out of r = I into r = IF for the unskilled, and a shift out of r = IF into r = I and r = F for the skilled?  The answer is obvious for the unskilled but less transparent for the skilled.  The tax credit makes unskilled workers relatively more appealing to employers.  So employers who wished to hire unskilled workers before the policy still wish to do so after the policy; in fact, they want to hire these workers faster since the tax credit increases the expected profit from hiring the unskilled.  So we would expect these employers to shift from the slowest recruitment method, r = I, to the fastest, r = IF, which is exactly what is seen in Table 4.
  

For skilled workers, the answer lies in substitution from skilled to unskilled labor.  Since the tax credit makes unskilled workers relatively more appealing to employers, some employers who chose to hire skilled workers before the policy prefer unskilled workers after the policy.  But the employers who switch are not randomly distributed across recruitment choices.  The parameters determining labor substitution in this model are the parameters of the firm-type distribution; heterogeneity in (, the concavity parameter of the production function, implies a distribution in skill types.  Taking the 1000 random draws, given the parameter estimates, the ranking of the average values of ( for each of the six (recruitment strategy ( skill level) combinations is as follows:

(UF < (UI < (UIF < (SIF < (SI < (SF. 

The production function is concave to a greater degree for unskilled than for skilled workers; the average value of ( is 0.397 for unskilled and 0.896 for skilled.  The “marginal employers” are those who hire either skilled or unskilled workers using r = IF. That is, of all the employers who hire skilled workers versus all those who hire unskilled workers, those who use r = IF are the “marginal employers” in the sense that they are the most similar in their sensitivity to variance in match quality (i.e. most similar in their values of ().  So when the tax credit makes unskilled workers relatively more appealing, the employers who shift from skilled to unskilled are the ones who were closest to choosing unskilled before the policy.  That is, some of the employers choosing to hire skilled workers using r = IF before the policy will switch to hiring unskilled using r = IF after the policy.  In summary, the fraction of employers hiring unskilled using r = IF increases for two reasons.  First, employers who were previously hiring unskilled now want to hire unskilled using the fastest methods, and the parameter estimates indicate that r = IF is the fastest method for hiring unskilled.  Second, some “marginal” employers who were previously hiring skilled workers using r = IF will switch to hiring unskilled workers using r = IF.
As seen in Table 6, the tax credit implies an increase in starting wages for both skill types.  For the unskilled this occurs because employers raise the unskilled offered wage to try to hire these workers faster to get the tax credit earlier.  For the skilled, this occurs because the tax credit generates substitution across skill types, and the employers who shift from skilled to unskilled are not randomly distributed across starting wages.  The employers who offered low wages to skilled workers shift to offering high wages to unskilled workers.  

There are two reasons to expect a decrease in vacancy duration.  For both skill types the starting wage distribution shifts to the right and the shifts in recruitment strategies are from the slowest methods to faster methods.  Both factors should induce shorter vacancy duration for unskilled and skilled workers, which is in fact the case in Table 6.  The reason the change in vacancy duration is extremely small is that for both worker types the differences in the estimated per-period hiring probabilities across recruitment strategies are small, as revealed in the lower panel of Table 3.  If these differences were larger, the shifts in recruitment behavior induced by the tax credits would imply greater reductions in vacancy duration.  That the estimated hiring probabilities differ only modestly across recruitment strategies is to be expected, given the large degree of aggregation of recruitment techniques in the data to produce the three categories “informal”, “formal”, and “both.”  

In summary, the hiring incentive policies induce substitution from skilled to unskilled labor.  Employers shift towards recruitment strategy r = IF for hiring the unskilled, since this is the fastest recruitment strategy for hiring unskilled labor, and some employers who were recruiting skilled workers using r = IF and low wage offers switch to recruiting unskilled workers using r = IF and high wage offers.  The wage distribution for both skill types shifts to the right, and hiring times decrease slightly for both skill types.  As a final comment on the effects of the policy, note from Table 5 that the tax credit implies a substantial increase in employer profits.  This is to be expected since the model is not closed, in the sense that I have not modeled how the tax credits are financed, treating them instead as exogenous lump-sum transfers.  The analysis neglects these general equilibrium issues and focuses solely on the effect of the policy from the perspective of an individual employer.  

Summary:  Information Policies versus Hiring Incentives

In summary, the results suggest that, for the purpose of improving labor market outcomes for low-skilled workers, hiring incentive policies such as WOTC and WtWTC are better than information policies such as WIA98 in two senses.  They imply more substitution from skilled to unskilled labor, while increasing unskilled starting wages by more than the information policy.  Substitution between worker skill types appears more sensitive to wage subsidies than to better information (i.e. less ex ante uncertainty) about match quality.  As seen in the first line of Table 5, the information policy leads to an increase from 66.5% to 67.6% at most, versus an increase from 66.5% to 71.4% for the tax credit.  Even a tax credit only half as generous as the upper bound leads to an increase to 69.5%, which is still better than the information policy.  The pattern of recent federal expenditures is at odds with this finding.  In fiscal year 2000, the federal budget allocation for WIA98 was over $3.5 billion, versus only about $20 million for the WOTC and WtWTC combined.  This analysis suggests that if the government wishes to improve placement rates for targeted groups of unskilled workers, it should spend less money attempting to facilitate matches through information provision, and more on direct subsidies to employers for hiring workers from these targeted groups.

9.  The “Recruitment-Wage Effect” 

An insight of the structural recruitment model is that shifts in recruitment behavior have implications for offered wages, so policies that induce changes in recruitment behavior also have implications for offered wages, and thereby starting wages.  I call this implication of the model the “recruitment-wage effect.”  


For both skill groups and within each of the three periods, offered wages are higher for informal methods than for formal methods.  To understand why, recall that the per-period hiring probability is a function of both the recruitment choice and the offered wage.  The employer can influence the hiring probability by manipulating either one.  To tap into the high-match-quality applicant pool generated by informal methods, employers must accept a lower hiring probability unless they also raise the wage offer, whereas if they choose formal methods instead, which have a larger hiring probability to begin with, there is less of a need to offer high wages.  This intuition for the recruitment-wage effect is important in understanding the effects of various policies.  Since recruitment choices affect wage offers, policies that influence employers to change recruitment methods have implications for the distribution of starting wages.  The effect of such policies on wages can be both dampening and amplifying depending on the particular shifts in recruitment strategies that occur and on the differences in hiring probabilities among these strategies.

As seen in Table 4, an information policy like WIA98 generates much larger changes in recruitment behavior than hiring incentives like WOTC / WtWTC.  Both policies make unskilled workers relatively more attractive to employers, but employers only reap the benefits of WIA98 if they recruit unskilled workers through formal methods, whereas they get the tax credit regardless of which method they use in recruiting unskilled workers.  That is, the tax credits are not biased in favor of any particular recruitment strategy, whereas the WIA98 is.  There are two recruitment-wage effects working in opposite directions as a result of the WIA98.  Substitution to recruitment strategy r = F comes from employers who were originally using r = I but also from employers who were originally using r = IF, and r = IF has slightly higher estimated hiring probabilities than r = F as seen in Table 3.  So substitution from informal to formal induces a negative (dampening) wage effect pulling wage offers down, while substitution from r = IF to r = F induces a positive (amplifying) wage effect.  

The top panel of Table 6 reveals a slight increase in unskilled starting wages as a result of WIA98.  It should be noted, however, that starting wage distributions are not the same as offered wage distributions.  Starting wage distribution are also affected by the stochastic hiring process.  Nevertheless, the recruitment-wage effect, that describes how offered wages change as recruitment strategies change, is helpful for understanding shifts in starting wages.  For some sets of parameter values, the dampening recruitment-wage effect on wage offers is so strong that the unskilled starting wage distribution actually shifts to the left in response to an information policy like WIA98.  The fact that a policy designed to help a targeted worker group by making its workers more appealing in the employer’s eyes can actually decrease starting wages for workers in that group seems counterintuitive, until the recruitment-wage effect is understood.
This discussion suggests that recruitment-wage effects can be important and that studies that neglect the behavioral responses of employers, in terms of the recruitment strategies they select, may give misleading results.  Furthermore, an understanding of employer recruitment choice contributes to a deeper understanding of the determination of starting wages.  Recruitment-wage effects are sensitive to the parameter values; larger differences in per-period hiring probabilities across recruitment strategies yield larger recruitment-wage effects.  That is why the recruitment-wage effect is not especially pronounced for the set of parameters estimated using the MCSUI data; there are only very small differences in hiring probabilities across recruitment strategies.  A likely explanation for this is the high level of aggregation needed to produce only three recruitment strategies.  Extending the model to more recruitment strategies would likely lead to larger differences across strategies in hiring probabilities, and therefore larger recruitment-wage effects.  DeVaro (2002) suggests that a potentially valuable extension would be to disaggregate formal methods into those that involve advertising and those that do not.   

10.  Conclusions and Suggestions for Future Research

As the sole means of generating a pool of job applicants, the choice of a recruitment strategy is clearly an important problem an employer faces in the process of hiring a new worker.  Nevertheless, employer recruitment behavior is a relatively neglected area of empirical work in labor economics.  This paper is the first to estimate a dynamic structural model in which recruitment choice is endogenous, exploiting a large cross-sectional firm-level data set, the Multi-City Study of Urban Inequality.  In the model, employers choose recruitment strategies, wage offers, and desired worker skill levels to maximize profits.  After estimating the parameters of the model, I conduct simulations that illustrate the importance of recruitment choice for understanding the labor market effects of various policies.  By providing a framework for analyzing how recruitment behavior affects labor market outcomes, I have aimed to partially bridge the gap in our knowledge of an area of obvious interest to economists, policymakers, and employers.  

There is a strong policy motivation for understanding more about employer recruitment behavior.  A large number of policies, particularly those designed to improve labor market outcomes for various groups of low-skilled and economically disadvantaged workers, induce obvious changes in employer recruitment behavior.  Those analyzed in this paper include information policies such as the Workforce Investment Act of 1998 and hiring incentives such as the Work Opportunity and Welfare to Work tax credits.  Both types of policies aim to improve job placement rates for targeted groups of low-skilled workers.  By changing the information available to employers about these worker groups, and changing the incentives employers face in choosing between these targeted workers versus other workers, both policies induce changes in recruitment behavior.  Reliable measures of the effects of such policies require a theoretical framework predicting how employers will respond.

The policy simulations show that a substantial improvement in the information available to employers about unskilled workers has a relatively modest effect on labor market outcomes for this group.  These workers are hired slightly faster and at slightly higher wages as a result of the policy, and there is minimal substitution of unskilled for skilled labor.  In contrast, a generous hiring incentive policy induces more substitution of unskilled for skilled labor, and a greater increase in the starting wage distribution.  Furthermore, currently much more federal expenditures are devoted to information policies than to hiring tax credits.  The analysis suggests that in fact it would be better to spend more on the tax credits.  

A key insight of the structural model, the “recruitment-wage effect”, states that recruitment choices have implications for offered wages and thereby starting wages.  To tap into the high-match quality applicant pool generated by informal recruitment methods, employers have to pay something in terms of higher wages to ensure a reasonable hiring probability.  But if they choose formal recruitment methods instead, which are inherently faster, there is less of a need to increase offered wages.  This implies that any policy that induces shifts in recruitment behavior will also have implications for offered wages, and thereby starting wages.  These “recruitment-wage” effects can be either dampening or amplifying.  The policy analysis based on the structural model accounts for all such recruitment-wage effects, and any policy analysis that neglects these employer recruitment responses may give misleading results.  

Although this work represents an important first step in empirically modeling the labor market effects of employer recruitment behavior, there are many directions in which the analysis might be fruitfully advanced in future work.  In particular, a number of stringent assumptions underlie the structural model, and I imposed many of these more for their virtues in simplifying the analysis than for their inherent attractiveness.  My goal in this paper has been simply to lay out a basic framework for understanding the labor market effects of employer recruitment choice, which can be extended and made richer in future work.  I end the discussion by drawing attention to some key limitations of the analysis that should be tackled in future work.

First and most importantly, although the data represent a heterogeneous set of firms, jobs, and hiring decisions, the model estimated in this paper allows for heterogeneity in employer behavior only through the stochastic production-function parameter determining the employer’s sensitivity to risk.  Although restricting attention to a small set of endogenous variables facilitates the simple estimation scheme used in this paper, an approach involving less stringent underlying assumptions would incorporate controls for observed firm characteristics such as firm size and industry.  Since the computational problem in the present paper is already quite complex, I leave this extension to future work.   

Second, the model is one of hiring decisions for individual workers.  In fact, many hiring decisions involve hiring a large number of workers at once rather than a stream of workers one at a time, and it is likely that recruitment strategies vary according to the number of workers desired.  Data on hiring decisions that include information on the number of workers hired could be used to incorporate this issue into the model of recruitment choice. 

Third, it would be profitable to model job seekers’ selection of job search methods.  These search methods vary, sometimes considerably, by personal characteristics such as race, age, gender and educational attainment.  From the employer’s perspective, this highlights the fact that different recruiting strategies give rise to different worker-types in the resulting applicant pools, so that if the employer seeks a particular worker-type the recruitment choice is a powerful channel for influencing the probability of a successful hire.  Although the model differentiates workers only by skill level, it is in fact more general and can be used to analyze the effects of affirmative action if workers are distinguished by race or by gender.  Although the issue of selection on the part of job seekers is not treated in this paper, it underlies the employer’s recognition that certain recruitment activities are more likely than others to generate a particular type of worker.

Fourth, although the structural model assumes that, once hired, a worker remains with the firm without separating, another possible extension would allow for turnover and an employer’s decision to invest in firm-specific training.  It is quite plausible that employers choose recruitment strategies with an eye not only toward an employee’s expected quality while on the job, but to the likelihood that the employee will remain with the firm.  Knowledge of the recruitment method that generated the hire might suggest to the employer the potential value of investing in that worker’s firm-specific training.  The issue of turnover is particularly important when analyzing tax credits, since the benefits of both the WOTC and the WtWTC are conditional on the worker remaining with the firm for at least six months.  The model assumes that a hired worker remains with the firm for the duration of the recruitment campaign, a reasonable assumption given that this is only about a twelve-week window.  But it could be that over a longer horizon, the WIA98, while not as effective as the tax credits in improving placement rates, may be superior in terms of employee retention.  This suggests that accounting for separations would be a potentially fruitful extension of the model.

Fifth, the recruitment strategies in the model are very highly aggregated.  A total of 1023 potentially observable combinations of recruitment techniques in the data are aggregated into three strategies called “formal”, “informal”, and “both.”  Such coarse aggregation, while making the analysis tractable, may have implications.  In particular, I have argued in a companion paper (DeVaro 2002) that there is value in separating “advertising” from other formal methods that allow for more pre-screening of applicants.  It is possible that the large degree of aggregation explains why the estimated per-period hiring probabilities vary only slightly across recruitment strategies.  Larger differences in these probabilities might induce larger “recruitment-wage” effects.  

Finally, a complete understanding of this topic calls for a model in which employers jointly select screening strategies along with recruitment strategies.  In addition to the recruitment choice, employers have at their disposal a wide array of mechanisms for screening applicants before making a hiring decision.  They might conduct interviews, check references, or require a performance test or a sample of work.  Employers who can screen applicants relatively cheaply may not find it worthwhile to draw applicants from a high match-quality pool, preferring instead to generate applicants quickly and screen them “in house”.  So it is quite plausible that in choosing a recruitment strategy, the employer’s capacity to screen the resulting applicants will be a relevant factor.
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Table 1:  Recruitment Methods Used For Most Recent Hire

	Informal Methods
	

	Referral from Current Employee
	82%

	Referral from a Friend
	38%

	Formal Methods
	

	Help Wanted Signs
	26%

	Newspaper Ads
	49%

	Accepting Walk-ins
	66%

	State Employment Agency
	35%

	Private Employment Agency
	22%

	Community Employment Agency
	28%

	School Placement Officer
	40%

	Union Referral
	7%


Note: Entries are percentage of employers who used that method when recruiting the most recently hired worker.
Table 2:  Structural Parameters
MS :

deterministic component of skilled labor input

MU :

deterministic component of unskilled labor input

(IS:

parameter for hiring probability for informal, skilled

(IU:

parameter for hiring probability for informal, unskilled

(FS:

parameter for hiring probability for formal, skilled

(FU:

parameter for hiring probability for formal, unskilled

(IFS:

parameter for hiring probability for both methods, skilled

(IFU:

parameter for hiring probability for both methods, unskilled

(IU :

standard deviation of unskilled match quality for informal 

(IS :

standard deviation of skilled match quality for informal


(FU :

standard deviation of unskilled match quality for formal

(FS :

standard deviation of skilled match quality for formal

(IFU :

standard deviation of unskilled match quality for both methods

(IFS :

standard deviation of skilled match quality for both methods
(( :

mean of underlying normal distribution for (
(( : 

standard deviation of underlying normal distribution for (
cIS :   

per-period (skilled) recruitment costs for informal
cIU :

per-period (unskilled) recruitment costs for informal 

cFS :

per-period (skilled) recruitment costs for formal
cFU :

per-period (unskilled) recruitment costs for formal

cIFS :

per-period (skilled) recruitment costs for both methods

cIFU :

per-period (unskilled) recruitment costs for both methods
Notes: The following restrictions were imposed in estimating the parameters:

(FS > (IS


(FU > (IU


pFS > pIS    for both wage offers, wH and wL



pFU > pIU  for both wage offers, wH and wL

( = 1/(1.05)

one-period discount factor   
 

wSH = wSH = 4
  
skilled “high” wage offer for all methods

wSL = wSL = 3
  
skilled “low” wage offer for all methods
wUH = wUH = 2
  
unskilled “high” wage offer for all methods

wUL = wUL = 1
  
unskilled “low” wage offer for all methods

Table 3: Estimation Results and Goodness-of-Fit
	Parameters
	Asymptotic Standard Errors
	Ratios

	MS = 430.1
	140.799
	3.055

	MU = 373.7
	308.945
	1.210

	(IS = -0.108
	0.126
	-0.860

	(IU = 0.208
	0.251
	 0.830

	(FS = 0.701 
	0.763
	0.918

	(FU = 0.429 
	0.374
	1.148

	(IFS = -0.336
	0.227
	-1.479

	(IFU = 0.498
	0.241
	2.071

	(IU = 0.468
	2.217
	0.211

	(IS = 1.612
	3.358
	0.480

	(FU = 1.975
	2.440
	0.809

	(FS = 4.438
	3.995
	1.111

	(IFU = 0.054
	0.024
	2.291

	(IFS = 1.836
	1.068
	1.720

	(( = 0.221
	0.165
	1.336

	(( = 1.199
	0.241
	4.985

	cIS = 0.975
	0.459
	2.122

	cIU = 0.136
	0.024
	5.694

	cFS = 0.412
	0.090
	4.597

	cFU = 0.052
	0.014
	3.642

	cIFS = 0.156
	0.048
	3.280

	cIFU = 0.201
	0.024
	8.248


Hiring Probabilities Implied by the “(” Parameters

pIS(wH) = 0.980
pIS(wL) = 0.947

pFS(wH) = 0.991
pFS(wL) = 0.976

pIFS(wH) = 0.975
pIFS(wL) = 0.935

pIU(wH) = 0.901
pIU(wL) = 0.770

pFU(wH) = 0.919
pFU(wL) = 0.807

pIFU(wH) = 0.924
pIFU(wL) = 0.817

(2 Goodness-of-fit Test

Minimized distance function:  Q = 0.009        Sample size:  N = 3396

Test Statistic = 0.5(Q(N = 15.3

Critical Values from (2(19):


Test of size ( = 0.05:  30.1


Test of size ( = 0.01:  36.2

p-value:  0.230

Table 4: Recruitment Strategy by Skill Level

	
	BEFORE
	WIA98
	WOTC/WtWTC

	Unskilled
	 
	 
	 

	   Informal
	4.3%
	0%
	0%

	   Formal
	8.6%
	24.3%
	8.4%

	   Both
	87.1%
	75.7%
	91.6%

	Skilled
	 
	 
	 

	   Informal
	5.4%
	5.7%
	6.0%

	   Formal
	4.9%
	5.0%
	5.6%

	   Both
	89.7%
	89.3%
	88.4%


Note: Cell entries are fractions of employers choosing each recruitment strategy, by skill level.  First column is before a policy change.  Second column is after an information policy that reduces the match quality standard deviation for unskilled hired through formal methods to the same level as the standard deviation for unskilled hired through informal methods.  Third column is after hiring tax credit of 22% of wages paid in first two years.

Table 5: Implications for Wages, Vacancy Duration and Profit

	
	BEFORE
	WIA98
	WOTC/WtWTC

	Skill
	 
	 
	 

	   %unskilled
	66.5%
	67.6%
	71.4%

	Recruitment
	 
	 
	 

	   %informal
	4.4%
	1.8%
	1.8%

	   %formal
	6.9%
	17.9%
	7.1%

	   %both
	88.7%
	80.3%
	91.1%

	Starting Wage
	 
	 
	 

	   Low (unskilled)
	42.8%
	43.0%
	42.6%

	   High (unskilled)
	23.7%
	24.6%
	28.4%

	   Low (skilled)
	19.6%
	18.5%
	15.1%

	   High (skilled)
	13.7%
	13.8%
	13.8%

	Vacancy Duration
	 
	 
	 

	   Hired in 1
	91.2%
	91.4%
	91.9%

	   Hired in 2
	7.0%
	7.1%
	6.7%

	   Hired in 3
	1.5%
	1.3%
	1.3%

	   Hired after 3
	0.3%
	0.2%
	0.1%

	Profit
	 
	 
	 

	   Mean
	96.5
	96.5
	101.9

	   Standard deviation
	315.1
	314.6
	312.5


Table 6: Starting Wages and Vacancy Duration by Skill

	
	BEFORE
	WIA98
	WOTC/WtWTC

	UNSKILLED
	
	
	

	Starting Wage
	 
	 
	 

	   Low Wage
	64.4%
	63.6%
	59.9%

	   High Wage
	35.3%
	36.3%
	40.1%

	Vacancy Duration
	 
	 
	 

	   Hired in 1
	87.7%
	88.1%
	88.8%

	   Hired in 2
	9.8%
	9.5%
	8.8%

	   Hired in 3
	2.2%
	2.1%
	2.3%

	   Hired after 3
	0.4%
	0.3%
	0.1%

	SKILLED
	 
	 
	 

	Starting Wage
	 
	 
	 

	   Low Wage
	59.1%
	58.0%
	53.0%

	   High Wage
	40.9%
	42.0%
	47.0%

	Vacancy Duration
	 
	 
	 

	   Hired in 1
	96.2%
	96.1%
	97.0%

	   Hired in 2
	2.8%
	2.8%
	2.4%

	   Hired in 3
	0.8%
	0.7%
	0.6%

	   Hired after 3
	0.2%
	0.4%
	0%



[image: image6.wmf]Figure 1:  Relationship of Vacancy Duration and Starting Wage (Unconditional)
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� A three-period formulation allows for a simple estimation scheme, by maintaining a small number of discrete outcomes, while adequately capturing the dynamics of the economic problem.  As we shall see shortly, the data reveal that most recruitment campaigns last only a few weeks, and only a trivial fraction extend beyond twelve weeks.  As a practical matter, employers do not continuously change offered wages during this time.  The three-period formulation allows an initial wage offer and two opportunities to adjust the offer as the recruitment campaign progresses.	


� For the remainder of the paper, subscripts I, F, and IF refer to informal, formal, and both methods.  Subscripts S and U refer to skilled and unskilled workers. 


� DeVaro (2002) provides evidence suggesting that the reason formal methods appear worse than informal methods in terms of the match quality they generate is because formal methods are typically defined to include advertising.  When formal methods are disaggregated into those that involve advertising and those that do not, non-advertising formal methods are not obviously worse than informal methods in terms of the match quality they generate.  


� Note that there are no separations in this model.  I consider only job placement.  Since the data I use to estimate the model pertain to the “most recent employee hired”, very few separations are observed since in most cases the most recent hire occurred shortly before the survey date. 


� A potential concern in such models is that estimation results can be sensitive to the distributional assumptions.  Given my maintained independence assumptions, I explored a number of alternative forms for the stochastic distributions of match qualities, firm types, and hiring probabilities.  In particular, I tried a number of asymmetric distributions for match qualities (including gamma and chi-square), a number of standard cumulative distribution functions for the firm type, and several forms for the hiring rates including two-parameter logistic specifications as opposed to the one-parameter logistic specifications underlying the results I report in this paper.  I found that the results were more sensitive to assumptions about the match quality distributions than to assumptions about the distribution of firm types or hiring rates.  However, even across alternative distributional assumptions for match qualities, the qualitative results were roughly comparable to those I report here.


� Define the normalized sampling weight, (i*, corresponding to the ith observation as follows:  


(i* = (i/((i.  Let (0 denote the true (population) cell frequencies, given the true (population) value of (, while ( denotes the observed cell frequencies from the data, weighted by (i*.  If N1/2(( - (0) is to converge in distribution to a mean-zero normal random variable, it must be verified that N1/2(((i*(i - (0) = N1/2((i*((i - (0).  But this follows directly from the fact that the normalized sampling weights, (i*, sum to 1, implying ((i*(0 = (0.  The outer product matrix for N1/2((i*((i - (0) is given by 


[N1/2((i*((i - (0)][ N1/2((i*((i - (0)]’, or N((i*2((i - (0) ((i - (0)’, the inverse of which is the optimal weighting matrix.  Since (0 is unobserved, a feasible estimator of the optimal weighting matrix substitutes a consistent estimator for (0, namely (, yielding M = [N((i*2((i - () ((i - ()’]-1.  Substituting (i* = (i/((i gives the expression for M given in the text.   


� The data contain 3510 observations, but some variables have missing values.


� One might expect a particular choice to have the most impact on the estimation of hiring probabilities, where one-parameter cdfs are used.  The differences in the arguments of these cdfs (for high and low wages) are fixed, at wH-wL.  Large values of this difference matter less (in terms of their effect on hiring probabilities) in the tails of the distribution, so if wH and wL are fixed at values “too far apart” then the estimation procedure might drive up the hiring probabilities close to one (or down to zero).  At first glance, this appears to be the case for the estimated hiring probabilities, some of which are very close to one.  However, I also tried a two-parameter logistic specification with a slope on the wage and found that the results hardly changed.        


� Also, it might appear counterintuitive that the estimated recruiting costs are higher for informal than for formal methods, since these methods are generally thought to be “free” unlike such methods as newspaper advertisements and private employment agencies for which there are fees.  But per-period recruitment costs have a broader interpretation in this model, which includes nonpecuniary costs such as the time an employer must invest soliciting referrals from current employees and friends.  Furthermore, in practice even informal methods are associated with direct monetary costs, since a common practice is to offer employees a bonus for providing a referral who eventually fills the vacancy.


� Note that (FU refers to the standard deviation of the lognormal match quality distribution itself, rather than the standard deviation of the underlying normal distribution. 


� To arrive at the figure 22% I used the median hourly starting wage for unskilled workers of $7 in 1990 dollars.  Assuming a year of full-time work yields annual wage costs of about $19,000, inflated to current dollars using the CPI-UX.  Given that the unskilled worker remains with the employer for two years and that the employer qualifies for the WtWTC, the amount of the credit is $8500.  As a fraction of total wage costs over this period, this is about 22%.  I then translated this into the terms of the economic model, and assigned a tax credit accordingly in the hiring period.


� I also considered a range of more conservative reductions in (FU.  As expected, these effects are even milder and I do not report the results.


� For the unskilled, we see from the lower panel of Table 3 that using recruitment strategy r = IF yields the highest estimated per-period hiring probability and strategy r = I yields the lowest, for a given wage.  That is, pI(w) < pF(w) < pIF(w) both for wage offers w = wH  and w = wL. 
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