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Abstract In this paper, I propose and estimate a ‡exible model of individual wage dynamics and job mobility outcomes. I …nd that around 40% of total wage growth after 20 years of experience is due to …rm-speci…c, and therefore non-transferable, factors. I also …nd that return to tenure is very low, 6% after 10 years of seniority, and that lifetime inequality is 30% smaller than cross-sectional inequality. In the paper, I also show that using a less ‡exible model would yield very di¤erent predictions, overstating the role of …rm-speci…c factors.
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Introduction



Understanding wages and how they evolve over the life of individuals is one fundamental question in labor economics and it a¤ects many other …elds in economics. Models of wage dynamics are used in the literature on consumption and saving, public …nance and wealth inequality, just to mention a few examples.1 The conclusions that can be drawn in these studies depend on the type of income process that is used. In this paper, I contribute to the literature in two ways. First, I present and estimate a model of wage dynamics where wages and job mobility outcomes are intrinsically related. The important property of my model is that I can allow for a high degree of ‡exibility without compromising the feasibility of the estimation. The model is used to study the decomposition of wage growth between transferable (across …rms) and non-transferable components and to study the link between cross-sectional and lifetime inequality. Second, I show that the level of heterogeneity allowed in the model has important consequences both in terms of understanding the data and, more importantly, in terms of implications that can be derived for wage growth decomposition and lifetime inequality calculations. I would like to thank Uta Schoenberg and seminar participants at the University of Rochester, Boston College, SUNY Bu¤alo, New York University, Ryerson University, Quenn’s University, McMaster University and Northwestern University for helpful comments and discussions. All remaining errors are my own. 1 See for example Guvenen (2007b), Low Pistaferry and Meghir (2006), Bowlus and Robin (2003).
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It is useful to divide the literature into two main approaches. In the …rst, economists estimate univariate models of wage dynamics where present wages are a function of past wages and exogenous controls. This approach can be divided into two di¤erent branches. Some researchers assume that wages behave like ARMA processes, possibly with unit roots,2 where the underlying idea is that wages can be decomposed into permanent and transitory shocks. Other researchers estimate models of pro…le heterogeneity (PH),3 which assume that individuals are not only ex-ante heterogeneous in wage levels, but they also di¤er in terms of expected wage growth pro…les. It can be shown that if slope heterogeneity is not considered, an ARMA model would tend to overestimate the amount of permanent variability and the level of persistence of the permanent shock.4 In the second approach, economists use search models to disentangle the importance of di¤erent types of income shocks.5 This literature overcomes two limitations of the univariate literature. First, the linearity implied by the univariate models is rejected by the data.6 Second, using a univariate model, we are not able to understand the nature of income shocks and therefore it would be impossible to interpret the estimated parameters structurally. For example, employment-related wage shocks and productivity related wage shocks are very di¤erent from the workers’point of view. Low Pistaferri and Meghir (2006) note that if a model does not allow for job to job mobility, all wage variability within an employment spell is attributed to permanent shocks of wages. Job to job mobility is usually an action taken voluntarily by the worker, and not including it in the model would bias upwards the amount of permanent uncertainty and the amount of precautionary savings needed by individuals. A search model is also a useful benchmark because search driven wage growth has di¤erent welfare implications concerning schooling, training and labor mobility than human capital driven wage growth.7 Even though one could easily conclude that the second approach is superior to the …rst, the structural estimation of search models is not a trivial task. The computational complexity implied by search models has so far limited their ‡exibility. A realistic search model requires a dimension of the state space that makes the numerical solution of the recursive problem di¢ cult to handle. For this reason, virtually all search models used for structural estimation are very simple, and heterogeneity plays a very limited role. This simpli…cation might be extremely harmful, as the next example suggests. Suppose that ex-ante heterogeneity in wages is not taken into account but 2



MaCurdy (1982), Abowd and Card (1989) that studies both wages and hours worked, Gottschalk and Mo¢ t (2002), Topel (1991), Topel and Ward (1992). Meghir and Pistaferri (2003) allow for autoregressive conditional heterogeneity (ARCH). 3 Lillard and Weiss (1979), Hause (1980), Baker (1997), Guvenen (2007a) and Gladden and Taber (2006). Gladden and Taber allow experience to be endogeneous. 4 See, for example, Guvenen (2007b) or Huggett Ventura and Yaron (2007) for a discussion of the important welfare implications of this bias. 5 Low Pistaferry and Meghir (2006), Postel-Vinay and Turon (2006), Bagger Fontaine Postel-Vinay and Robin (2006). 6 Meghir and Pistaferri (2003) and Gladden and Taber (2006) are two exceptions within the univariate literature. Meghir and Pistaferri estimate an ARCH model for wages. Such nonlinearity is already capable of producing di¤erent implications in terms of income mobility and precautionary savings. Gladden and Taber are only interested in the estimation of the indi…dual-speci…c components of wages, and allow for a general process of the residual. 7 See Rubinstein and Weiss (2005) for a discussion.
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it is an important factor for workers. Such a model would predict that all agents face the same risk of falling o¤ the ladder (becoming unemployed). If that happens, everybody starts back from the same unconditional distribution of wage o¤ers. In this model, high wage individuals face very high risks, and save unrealistically large fractions of their earnings to insure themselves.8 In this paper, I present and estimate an empirical model in which the unobserved components of wages can be decomposed in individual-speci…c and …rm-speci…c components. In my model, these factors, jointly with individual labor market histories, are allowed to a¤ect job mobility outcomes. The model, although reduced form in nature, shares most of the interesting features of on-the-job search models. In particular, like a search model, can provide a valid framework for understanding the nature of the shocks that a¤ect workers. The advantage with respect to a fully structural search model is purely computational. Given that I do not need to go through the computationally intensive numerical solution of the value function, I am able to allow for a level of ‡exibility that could not be handled otherwise. Interestingly, I can show that my reduced form model is equivalent to a fully structural partial equilibrium on-the-job search model, once I introduce a simplifying assumption on the nature of unemployment bene…ts. Several modeling choices are worth noting. Fist, workers are characterized by di¤erent "search technologies". Arrival rates of job o¤ers, separation rates and reservation wages of employed workers are allowed to be functions of the ex-ante heterogeneity and labor market histories. Second, individuals are not only ex-ante heterogeneous with respect to wage levels but also with respect to wage growth dynamics. Finally, the …rm-speci…c component of wages moves stochastically over time. This means that wages can receive negative and persistent shocks. The model is estimated using maximum likelihood techniques using data from the National Longitudinal Survey of Youth (NLSY). The decomposition of the likelihood function is complicated by the fact that in my model there are two latent variables that change over time.9 After generating synthetic data using the estimated parameter vector, I …nd that more ‡exible speci…cations not only provide a better description of the data but also deliver di¤erent economic implications. I compute several statistics to quantify the fraction of wage growth due to the accumulations of non-transferable wage components and to study the relationship between lifetime and cross-sectional wage inequality. The introduction of heterogeneity in search technologies and ex-ante heterogeneity of in wages have a large impact on the wage growth decomposition calculations and on the inequality calculations. In a sample of high school graduates, I …nd that wage growth due 8



A third type of approach deals with multivariate models of wages, job mobility decisions and other variables. See for example Abowd and Card (1989), Altonji Martins and Siow (2002), Atonji Smith and Vidangos (2005) and Buchinsky et all (2005). These interesting works estimate ‡exible models of earnings dynamics but in their set-up it is not possible to disentangle the e¤ects of …rm-speci…c components of wages or search frictions in general. 9 The work most related to this paper is by Gladden and Taber (2007). Their model, like mine, distinguishes between transferable and non-transferable components of wages. While in my model an employed worker receives o¤ers from an unconditional distribution and accepts them if they are above a threshold, in their model an employed worker experiences job to job transitions with a certain probability. These transitions a¤ect the worker’s wage according to an estimated ‡exible distribution function. Another di¤erence is that in their model …rm-speci…c components are constant within the same employer spell while in my model they are allowed to change stochastically over time. The authors use their model to test whether job to job transitions are consistent with an income maximizing strategy.
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to …rm-speci…c factors declines as a fraction of total wage growth with seniority and it accounts for approximately 20% of total wage growth after 10 years of seniority. A model with constant "search technologies" would predict that the fraction of wage growth due to non-transferable components is increasing with tenure and approximately 50% of the total wage growth after 10 years of seniority. Non-transferable components account for 40% of total wage growth after 20 years of experience while the percentage generated by a speci…cation with constant "search technologies" is 60%. My preferred speci…cation predicts that lifetime inequality is on average around 30% smaller than crosssectional inequality, while the same statistic for the speci…cation with no ex-ante heterogeneity is nearly 50%. The rest of the paper is organized as follow. In section II, I present the data used for the estimation of the model. In section III, I introduce the model. In section IV, I present the estimation procedure and the results. In section V, I look at the wage growth decomposition and lifetime wage inequality predicted by the model. In section VI, I provide some concluding remarks.
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Data



In this paper, I use the National Longitudinal Survey of Youth (NLSY79) and in particular the representative sub-sample of men. The …rst survey was conducted in 1979 and the last in 2004. It includes people who were born between 1957 and 1964. I use the NLSY Work History …le, which contains information about respondents’ weekly activities. For each week, the data provides information about the employment status of the respondents. The weekly data is collected retrospectively at the time of the interviews, which are conducted on a yearly basis until 1993, once every other year afterwards. The …le also contains yearly information for up to …ve jobs per individual. Given the computational complexity of the likelihood function, I group the data for employed workers in quarterly observations and I consider only white high school graduates. The NLSY distinguishes three main states of employment: 1) employed, 2) not employed and looking for a job (unemployed), and 3) not employed and not looking for a job (out of the labor force). The model I present in the next section only considers two: employed and unemployed. In order to link the data to the model, I assume that a worker experiences a job to job transition if he changes employer without experiencing an unemployment spell and experiencing a period of non-employment no longer than 6 weeks.10 All other job changes are classi…ed as "job to unemployment to job transitions". In the appendix, I describe the steps that I take in order to construct the …nal version of the data set. The …nal data set has some characteristics that are worth noting and that a¤ect the decomposition of the likelihood function. First, I only include workers who enter in the labor market during the sampling period, and only from the moment in which they start working full-time for a signi…cant amount of time. This means that I can use actual experience, rather than potential experience. As mentioned earlier, information about jobs is collected annually (or biannually). 10



Using 4 weeks instead of 6 did not change the results signi…cantly.
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Even though in my model wage shocks will have a quarterly frequency, only one wage per job per year is observed.11 For example, if a person is employed for four quarters by the same employer and these quarters are all from the same interview year, only the wage relative to the last quarter is observed. If a worker changes employer during the year, we observe one wage for the old job and one wage for the new job. Next, I report a few statistics for the selected sample. The data set consists of 56479 quarter/individual observations and 711 individuals. The average labor market experience is 19.8 years, while average seniority with the same employer is 6.7 years. The average number of jobs held by a worker is 8.25. On average, 4.17 job are obtained though job to job transitions while 3.08 are obtained after an unemployment spell. An employed worker becomes unemployed with a quarterly probability of 5.2%. Consider a worker that holds two di¤erent jobs in subsequent quarters. In 32% of the cases, he has experienced unemployment. Furthermore, 42% of all job switchers go through an unemployment spell. 55% of unemployment spells are shorter than 3 months. 89% of all unemployment spells last less than one year. On average wages grow by 3% between observations. This percentage is 2.6% for workers who did not change job, 8.5% after a job to job transition and -3% after an unemployment spell.
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Model



A worker can be either employed or unemployed. If he is unemployed he can …nd a job in the next period with a certain probability. If he is employed he receives a wage. In the next period, he can either continue being employed with the same employer, change employer or become unemployed. The worker changes employer if he receives a wage o¤er from a di¤erent employer and if this wage is high enough. Each component of the model is described in details in this section. Wages - The wage of a worker i that is observed by the econometrician is given by the following equation: ln wit =



X | {zit}



Observables



+



hit |{z}



+



Individual-Speci…c



ln wit = ln wit + u1it : 11



"it |{z}



Firm-Speci…c



+



u1it |{z}



;



(1)



Measurement Error



I use weekly frequency for non-employed workers. This higher frequency does not have a large impact on the computational complexity of the likelihood and looks reasonable, given that the majority of the unemployment spells are shorter than a quarter.



5



3. MODEL



PAVAN, R.



where the index t is time spent in the market measured in quarters and the measurement error comes from a i:i:d distribution F1 (u1it ) with zero mean. The wage component hit represents the fraction of the wage that is due to unobserved (to the econometrician) individual characteristics and it is completely transferable across jobs. I model it as a random variable that evolves over time. In particular, I assume that it can be decomposed into two random variables, one for the level of wages and one for the slope: expit + exp2it ;



hit = hi + gi



(2)



and the two random variables hi and gi come from a joint distribution Fh (hi ; gi ). They can be correlated with each other. I assume without loss of generality that they have 0 unconditional means. These variables are observed by the workers and by the employers, but not by the econometrician. The parameter



allows for the heterogeneity in slopes to have a di¤erent gradient at di¤erent



levels of experience. The key property of the random variable hit is that it does not depend on the particular …rm the worker works for. The variable "it represents the …rm-speci…c component of the wage. This component is not observed by the econometrician but known by the worker. This part of the compensation is lost whenever the worker changes employer. I assume that, if the worker keeps working with the same employer, this component follows a …rst-order auto-regressive process: "it =



" "it 1



+ eit ;



where eit comes from some i:i:d: distribution Fe (eit j"it



1 ).



(3) This choice is partially justi…ed by the



…ndings of Topel and Ward (1992), that …nd support for a "random walk plus measurement error" hypothesis looking at the autocorrelation structure of wages. In Xit I include a set of observable, and possibly endogenous, variables that I introduce later in this section. This vector contains variables like experience and tenure. Unemployment to Employment - I consider quarterly data for employed workers but unemployment spells are in general shorter than a quarter. Considering a …ner interval period for these spells does not increase substantially the computational burden. I then assume that the time unit for unemployed workers is a week, and I assume that there are 13 weeks in a quarter. This means that the subscript t can take non-integer values. I assume that there is no depreciation of hit for unemployed workers, i.e. experience does not decrease while unemployed. I assume that the probability that an unemployed worker receives an "acceptable" wage o¤er is F u hi ; gi ; Xit



1=13



. The residual …rm-speci…c stochastic component "it of the wage o¤er is



drawn from an unconditional i:i:d: distribution F" ("it ). I let the probability depend on individual characteristics and labor market histories. Earlier studies have found evidence that the duration dependence of exiting from unemployment is a¤ected by heterogeneity, observed and unobserved.12 Hence, it seems reasonable to let a model of wage dynamics and job mobility depend on these 12



See for example Van Den Berg and Van Ours (1996).
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variables and to investigate the e¤ects of this modeling choice. Whenever a worker receives a wage o¤er, he starts working for that employer. This is the only di¤erence between my model and an on-the-job search model, in which a worker might optimally decide to reject the o¤er and wait longer for better o¤ers. In my model, I look directly at "acceptable" wage o¤ers. As I show in the appendix, the di¤erence between the two models disappears if we assume that the current utility of being unemployed is su¢ ciently low, because a worker would accept any job o¤er. Given that this paper is not centered on the study of unemployment duration and that the distribution of wage o¤ers is always not identi…ed in a search model, the di¤erence between my model and an on-the-job search model is minimal. Employment to Unemployment or Job to Job Transitions - An employed worker can either stay in the same …rm, change …rm or go unemployed. The timing is as follow: 1. At the beginning of the period, the worker observes the new wage "it at the current …rm. He may separate from his current employer and go into unemployment with a probability that depends on the value of this …rm speci…c component, on the unobserved individual-speci…c heterogeneity and on all other covariates. I assume that the worker separates if "it < R (hi ; gi ; Xit



1)



+ u2it



(4)



where u2it comes from an i:i:d: distribution. 2. If the worker does not become unemployed, he may receive a job o¤er "0it …rm with probability



F e (h



i ; gi ; Xit 1 ).



F" from a di¤erent



If he receives an o¤er, he changes employer if the new



wage o¤er is such that: "0it > "it + Re (hi ; gi ; Xit



1)



+ u3it



(5)



where also u3it comes from an i:i:d: distribution. The random variables u1it , u2it , and u3it are assumed to be independent between each other. The Set of Observables - In Xit I include functions of experience, tenure and unemployment duration. In order to achieve identi…cation, some restrictions on the functions of equations 1, 4 and 5 are needed. The e¤ect of unemployment duration on wages and the e¤ect of tenure on the arrival rate of wage o¤ers are restricted to be equal to zero, because unemployment duration is always zero for employed workers and tenure is always equal to zero for unemployed workers. Note that the values of the observed variables at t



1 (or t



1=13 if unemployed) and the job mobility



decision at t completely determine the value of the variables at period t. I describe the evolution of Xit with the following functions: Xit+1=13 = Xit+1=13 (Xit ; U ) if unemployed in t + 1=13; ( Xit+1 (Xit ; N J) if new job in t + 1 Xit+1 = Xit+1 (Xit ; SJ) if old job in t + 1
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where U indicates that the worker will be unemployed in the next period, N J that he will have a new job and SJ that he keeps working with the same employer.



4



Estimation



4.1



The Likelihood Function



Writing the decomposition of the likelihood function of this model is complicated by the fact that some variables, like the individual-speci…c or the …rm-speci…c components, are unobserved by the econometrician and persistent over time. In the case of the variables h and g; which are constant over time and therefore not a¤ected by labor market outcomes, I can write the contribution to the likelihood function of an individual who has been in the sample for T quarters as:13 jH T =



L



Z Z



f H T jh; g;



dFhg (h; g; ) :



(6)



H T = fln wt gTt=1 ; fJMt gTt=1 ; fXt gTt=1 is the vector that contains the complete labor market



history of the worker. The variable JMt represents the worker’s job mobility behavior at time t. The vector



is the vector of parameters. In order to write down the density f H T jh; g;



, we



need to deal with the …rm-speci…c component. The goal is to …nd a feasible decomposition for: T



f H jh; g =



T Y



f Ht jH t



t=1



1



; h; g ;



(7)



where Ht = (ln wt ; JMt ; Xt ), H t = fln wj gtj=1 ; fJMj gtj=1 ; fXj gtt=1 and H 0 = f?g. I follow the



non-Gaussian state-space approach of Kitagawa (1987). The logic is simple: suppose that at time t, I know the distribution of "t



1



conditional on the history up to t



1. Knowing the distribution,



I can write the contribution to the likelihood function of the events of time t conditional on "t and then integrate over "t



1



1



using the previously mentioned distribution:



f Ht jH t



1



=



Z



f (Ht j"t



1 ; Xt 1 ) dF



"t



1 jH



t 1



:



(8)



Using Bayes’ rule I can update the distribution of the …rm match, that is, I use the information received in t to compute the distribution of "t conditional on the history up to time t: f "t jH



t



=



R



f ("t ; Ht j"t



So far, assuming the knowledge of f "t



1 jH



1 ; Xt 1 ) dF f (Ht jH t 1 )



t 1



"t



1 jH



t 1



:



, we have derived f Ht jH t



1



and f "t jH t .



Given the initial distribution of the match and using the model to derive the analytical expressions for the functions f (Ht j"t 13



1 ; Xt 1 )



and f ("t ; Ht j"t



1 ; Xt 1 ),



From now on, I suppress the index i for expositional clarity.
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to decompose the likelihood function. The details on the construction of the likelihood function are reported in the appendix. In the appendix, it can also be noted that the likelihood function incorporates the fact that the wages of job stayers are observed by the econometrician only in the last quarter of the interview year. More wages are observed during a year if a worker changes employer. This is a consequence of the fact that only one wage per job per year is recorded at the time of the interview. Interview dates are assumed to be exogenous. The likelihood function takes also into account that some of the wages that should be observed are missing. This is achieved by assuming that the wages are observed at the interview date with an exogenous probability p. Given that wage o¤ers for unemployed workers are drawn from an unconditional distribution, having some workers with two or more unemployment spells will provide identi…cation of the …rmspeci…c component plus the measurement error. In my sample 57% of the workers in my …nal sample have at least two unemployment spells. The separate identi…cation of the distribution of the measurement error is then obtained looking at the structure of the autocorrelations of wages within the same …rm. In order to compute the estimates in a reasonable amount of time, I make the following parametric assumptions. The distribution of the …rm match is assumed to be a discrete approximation of a truncated mixture of two normals.14 The distribution of h and g is assumed to be a discrete approximation of a bivariate normal distribution. The measurement error is modeled as a truncated mixture of two normals. The lowest possible value for the measurement error is the one that makes log-wages equal to log(1$). This is done because hourly wages lower than 1$ are censured in my data set. All other random variables are assumed to be normals. I approximate the AR(1) process for the …rm component with a …rst-order Markov process. I assume that the reservation thresholds are linear in the arguments (but experience and tenure squared are always included) and that the arrival probabilities take the form of a normal CDF .15 The integral of the continuous variables are performed using Gaussian quadratures and I minimize the function using the Nelder-Mead simplex algorithm. Robustness tests with more general distribution have been performed showing only marginal gains from the speci…cations reported in terms of likelihood values.



4.2



The plan



One of the goals of this paper is to study the e¤ects of an increase in the level of heterogeneity of the model. To achieve this goal, I estimate several speci…cations, each one characterized by a di¤erent degree of ‡exibility: S 1. No ex-ante heterogeneity, constant "search technologies". Wages depend only on experience and measurement error. Job …nding probabilities are constant. The reservation value of " for employed workers depends only on a constant, the old …rm-speci…c component and the 14



Ferguson (1983) shows that any function can be approximated arbitrarily well by a mixture of normals. The probability of receiving an o¤er can be written as F = ( z) where the vector z represents all the possible inputs. 15
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idiosyncratic shock. The reservation wage for accepting a job to job transition depends only on the present …rm-speci…c component and on experience. S 2. Same as speci…cation one + ex-ante heterogeneity in wage levels. I include an unobserved individual speci…c component in the wage equation that a¤ects only wage levels. The reservation wage for accepting a job to job transition depends also on the individual speci…c component. S 3. Same as speci…cation two + tenure e¤ ects in wages and heterogeneity in "search technologies". All functions (arrival rates and reservation values) are functions of the unobserved individualspeci…c component, experience, tenure and unemployment duration. S 4. Same as speci…cation three + ex-ante heterogeneity in wage slopes. In this speci…cation, I also include an individual speci…c component that a¤ects wage growth. All functions depend both on ht and h.16 The …rst speci…cation is very similar to the simplest version of an on-the-job search model, like in Flinn (2002), while the second speci…cation, which includes ex-ante heterogeneity in wage levels, is close to the models that have been estimated by Low Pistaferri and Meghir (2006) or Postel-Vinay Turon (2006). These two speci…cations di¤er from the cited models in the fact that the reservation wage for job to job transitions is estimated rather than derived from the model. The third and fourth speci…cations introduce the main innovations of this paper. They include heterogeneity in "search technologies" and slope heterogeneity in individual-speci…c characteristics.17



4.3



The results



The structural estimates are reported in table 1.18 First of all, notice the large di¤erences in the likelihood values across speci…cations. This is a …rst indication that heterogeneity does matter. The average threshold for a job to job transition is smaller than the value of the old …rm speci…c component in all four speci…cations, although its magnitude is relatively modest (-8.5% for speci…cation three and -4.4% for speci…cation four). This result suggests that the presence of measurement error is not enough to explain the many wage cuts that follow a job to job transition. This is a shortcoming of the model and could be explained by the fact that in the model job mobility is a¤ected only by the components of wages, while in the real world non-monetary components might play an important role. This would help understanding why so many job transitions end up with a reduction in the wage rate. As a consequence, other mispeci…ed structural search models that do 16



Given that ht is a function of h, g and experience, this is equivalent to include h and g in the functions. I have also estimates the …rst two speci…cations including tenure e¤ects. The results are extremely similar and available upon request. 18 It should be noted that the coe¢ cients of the polynomial terms of experience in the wage equation for the fourth speci…cation are not signi…cant. To test whether this lack of signi…cance is reasonable I estimated a restricted version of the model where I set the two cubic terms (of experience and tenure) equal to zero. The likelihood function evaluated at the new estimates is equal to -30925. The likelihood ratio test for this restriction is equal to 30 and, under the null, this number comes from a 2 with two degrees of freedom. The null of the coe¢ cients of those terms being equal to zero is therefore strongly rejected. 17
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not estimate the reservation threshold for employed workers but derive it from the comparison of the option values may over-estimate wage growth due to job to job transitions. The autoregressive coe¢ cient indicates that the …rm component is highly persistent. Speci…cation three and four display a certain level of mean reversion but the null of a unit root cannot be rejected in any of the four cases. The correlation between heterogeneity in levels and in slopes in the wage equation of the fourth speci…cation is small but positive and signi…cant. This deserves some additional comments. All papers that have estimated Pro…le Heterogeneity models, for example Taber (2006) or Guvenen (2007a), …nd a negative correlation between …xed e¤ects in wage levels and …xed e¤ects in wage slopes. One of their interpretations for the …nding is the Ben-Porath’s prediction that higher ability workers, in the sense of speed in human capital accumulation, have an incentive to get more training at the beginning of their working life, earning lower salaries. My estimates provide an alternative explanation. Some workers at the beginning of their working life are luckier than others in terms of …nding the right …rm. Those who are less fortunate, though, have a higher probability of climbing the ladder as time goes by. This creates a negative correlation between initial wages and wage growth pro…les. Once the e¤ect induced by the search process is taken into account by the model, the correlation between level and slopes is no longer negative, but positive. On average workers with higher "ability" not only start with higher salaries but their wages also tend to grow at a higher rate. Notice that the probability of receiving a job o¤er for an employed worker increases with experience but declines with tenure. The reservation value for remaining employed decreases strongly with tenure, while the reservation value for accepting a new job o¤er while employed increases with both tenure and experience. The coe¢ cients relative to …rm tenure in the wage equation of the third and fourth speci…cations can be used to calculate the ex-ante return to tenure. This is different from the ex-post return to tenure that combines the direct e¤ect of tenure with the changes in the value of the …rm-speci…c component, and that will be calculated in the next section. The ex-ante return to tenure is 6.5% (8%) in 5 years and 5% (10%) in 10 years for the fourth (third) speci…cation. These numbers are similar to those found by Altonji and Shakotko (1987) and much lower than those found by Topel (1991).



4.4



Validation



In order to evaluate the performance of the model and understand the role of heterogeneity, I perform a few exercises using simulated data. I compare the real data set to data sets …ve times the size of the original generated by the four speci…cations. Even though I observe the synthetic wages in all periods, I sample them using the same criteria of the real data. The results are reported in …gures 1 to 6 and in tables 2 to 4. The general picture is that the quality of the …t of speci…cation one is not very high, while speci…cation four is able to generate synthetic data that resemble the real data in all the dimensions analyzed. Speci…cations two and three lie in the middle. In the six graphs, I report the probabilities of experiencing a job to job transition, the probability of entering unemployment conditional on experience and tenure, the probability of …nding a job 11
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conditional on unemployment duration, the average wages conditional on experience and tenure, the distribution of wages and …nally the distribution of wage changes conditional on the di¤erent types of employment transitions. Note that all speci…cation but speci…cation four tend to overestimate the growth of wages with seniority (Figure 4). Also, speci…cation one predicts fatter tails in the distribution of wage changes after a job to job transition of a job to unemployment to job transition (Figure 6). This is due to the fact that in the …rst speci…cation all unobserved heterogeneity is explained by the …rm-speci…c component and the measurement error. In table 2, I report the average predicted wage growth between two subsequent records for the real data and for the four speci…cations. The …rst two speci…cations tend to predict much higher wage growth after a job to job transition, lower wage growth for workers who stay with the same employer and smaller losses after unemployment. The third and in particular the fourth speci…cation are very close to the real data and the statistics are not statistically di¤erent from the empirical ones. In table 3, I compute a measure of income mobility. I ask the following two questions: what is the probability that a worker’s wage is in the top third of the wage distribution if he had at least four records with wages in the bottom third of the wage distribution (controlling for the e¤ect of experience)? What is the probability that a worker’s wage is in the bottom third of the distribution if he had at least four records with wages in the bottom third of the wage distribution? The …rst speci…cation, with no ex-ante heterogeneity, predicts too much income mobility, while speci…cation four performs relatively well. In the …rst row of table 4, I compute the correlation between average log wages and average changes in log wages for each individual. I …nd that speci…cation two and three fail to capture the relationship between levels and slopes while speci…cation one and four are very close to the empirical correlation. In the second column of table 4, after cleaning for the e¤ect of experience, I compute the average wage of each worker that has been at least 20 years in the sample. I then take the ratio of 90th over the 10th percentile of the distribution of this average wage for the four speci…cations. This is an approximation of the inequality in the permanent component of wages. I compare this measure of inequality to the 90=10 ratio for the cross-sectional distribution of wages, again taking care of the e¤ect of experience. I then report the ratio of the inequality in the permanent component and overall inequality. The measure of inequality of the permanent component of wages is around 23% smaller than overall inequality. Speci…cation four is the speci…cation that gets closest to this percentage, predicting a decline of 25%. The other speci…cations, and in particular the …rst, overstate the reduction. The result is explained by the fact that introducing heterogeneity in slopes and levels reduces the volatility of the …rm-speci…c component which, by construction, is less persistent than the individual-speci…c components. These calculations are very important from a welfare point of view. The wage of a worker is composed by transitory and permanent components. While both of them have an impact on the welfare of the individual, the impact of permanent components is more important because lasts over time. To analyze the inequality of an economy, we can …nd more useful information when analyzing a measure of lifetime income inequality rather than looking at cross-sectional inequality. Unfortunately, we are rarely able to calculate the value of the total
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stream of earnings of a worker and economists must rely on abstractions guided by a model of income dynamics. With this last exercise, I showed that not all models are equally able to provide a good framework for this scope, and a proper model must have a level of heterogeneity that is not normally found in the literature. The analysis presented here gives strong indications that speci…cation four is the only model that is able to understand the patterns of both job mobility and individual wage dynamics. This is not surprising given that speci…cation four uses more parameters. On the other hand, these di¤erences potentially matter in terms of welfare analysis, as underlined by the calculations relative to income mobility and inequality. In the next section, I show that these di¤erences have other important consequences on calculations that directly a¤ect workers’welfare.



5



Using the model



5.1



An analysis of wage growth determinants



Wages grow for di¤erent reasons, and each reason is characterized by a di¤erent level of transferability across employers. While wage growth due to the increase of general human capital is completely transferable, wage growth due to the increase of …rm-speci…c factors is lost at the time of a job change. By being able to quantify how these di¤erent factors interact, we can increase our understanding of the consequences of workers’displacement. Furthermore, search driven wage growth has di¤erent welfare implications concerning schooling, training and labor mobility than human capital driven wage growth.19 In the next exercise, whose results are reported in graphs 7 to 9, I use the four speci…cations of the model to analyze the determinants of wage growth. In graph 7, I decompose wage growth conditional on experience. The three lines are total wage growth, the amount of wage growth due to wage components that are not transferable (…rmspeci…c), and their ratio. In all four speci…cations, nontransferable components are responsible for a big fraction of total wage growth, always above 40%. Nevertheless speci…cation one and two tend to overestimate the amount of wage growth due to …rm-speci…c factors. These factors are responsible for an increase in wages of 40% after 20 years of experience in speci…cation one and two (60% of total wage growth), while they "only" increase wages by 27% in speci…cation four (41% of total wage growth). Notice that most of this wage growth is due to changes in the values of the …rm-speci…c stochastic components. The deterministic tenure e¤ect is responsible, after 20 years of experience, for an increase in wages of only 6.5% in speci…cation three and 4.5% in speci…cation four. Graph 8 displays the results of the same exercise conditioning on tenure rather than experience. The di¤erences across speci…cations are even more remarkable. In speci…cation one and two, the importance of …rm-speci…c factors increases with tenure and, after 10 years, they are responsible for approximately half of the total wage growth. In speci…cations three and four, …rm-speci…c wage growth is much more modest and it declines with tenure as a share of total growth. After 10 years, 19



See Rubinstein and Weiss (2005).
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the return to tenure for workers who stayed with the same employer is around 9% for speci…cation three (33% of total wage growth) and 6% for speci…cation four (23% of total wage growth). Notice that the return to tenure of workers that decided to stay is not very di¤erent from the ex-ante return to tenure, represented by the deterministic component. This might seem odd given that matches that improve over time are more likely to survive, but it is easily explained by the slight mean reversion of the stochastic …rm-speci…c component. In graph 9, I plot the average wages conditional on tenure. This is di¤erent from graph 8 because it does not account for the selection process. Even in speci…cation four, …rm-speci…c factors makes wages of workers with 10 years of tenure 30% higher with respect to recently hired workers. The di¤erence between graphs 8 and 9 shows the importance of the dynamic selection: only good matches survive. Also in this case, if we do not account for heterogeneity in arrival rates of wage o¤ers or separation rates, we tend to overestimate the importance of non-transferable components. What produces the "homogeneity bias" that we have seen in these exercises? In a structural model, it is not always simple to isolate the e¤ect of each parameter but looking at the estimates, we can notice a few patterns that might explain the …ndings. Wage o¤ers are not frequent for employed workers with many years of seniority, and if we do not let arrival rates re‡ect this feature, we tend to overestimate the potential role of job mobility for older workers. Hence, in order to explain the declining hazard that is observed in the data, the amount of …rm-speci…c components of workers with high seniority must be larger than a model with heterogeneity in search technologies would predict.



5.2



An analysis of the evolution of lifetime wage inequality



As mentioned in the previous section, unless we have a data set that records the whole working history of workers, we need to use a model to predict how wages evolve out of the sample in order to obtain a measure of lifetime income. In this …nal exercise, I use the model to compute the expected total value of discounted future wages.20 I use a 5% interest rate to discount wages and, in order to compute expectations, I simulate 100 alternative paths for each point in time and I take the average. Workers are assumed to work for 40 years and then retire for 20 years with a pension equal to the last wage. I assume that workers do not receive bene…ts while unemployed. Given that unemployment is not a frequent event, this assumption is not likely to change much the results. I then calculate the implied lifetime wage inequality of the fourth speci…cation. Inequality is calculated as the ratio of the 90th and 10th percentiles of the distribution. In table 10, I plot the ratio of lifetime inequality to cross sectional inequality implied by the four speci…cations, conditional on experience. In speci…cation one, lifetime inequality is on average 50% smaller than cross-sectional inequality. This percentage is 33% for both speci…cation two and four, and 28% for speci…cation four. Using a model with no ex-ante heterogeneity to predict the 20



In this paper I do not deal with work intensity, and therefore I am implicitly assuming that hours worked are constant over time. Even though I am aware that this is not true in the data, the exercise I propose is a …rst approximation to the more general set up.
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evolution of income over the life cycle would lead to unreasonably low levels of lifetime inequality. This result provides very useful information. For example, the …ndings of Flinn (2002), where the structure of the Italian data forced the author to estimate a model where heterogeneity played a very limited role, might not survive a more general speci…cation. Flinn …nds that, even though cross-sectional inequality is higher in US with respect to Italy, lifetime inequality is smaller.



6



Concluding Remarks



In this paper, I present and estimate a ‡exible model of individual wage dynamics and job mobility outcomes using data for white males with high school diploma from the NLSY. I present the results for several speci…cations that account for di¤erent degrees of heterogeneity. The most ‡exible speci…cation is the only one to perform well in terms of replicating the real data. In this speci…cation, "search technologies" are allowed to depend on the labor market history of individuals, and unobserved ex-ante heterogeneity is included in both wage levels and wage growth pro…les. Using simulated data from the preferred speci…cation, I …nd that around 40% of total wage growth after 20 years of experience is due to …rm-speci…c, and therefore non-transferable, factors. I also …nd that the return to tenure is very low, less than 6% after 10 years of seniority. In the paper, I show that using a less ‡exible model would yield very di¤erent predictions, overstating the role of …rm-speci…c components. The model predicts that lifetime inequality is around 30% lower than cross-sectional inequality. A model with ex-ante identical workers would predict a larger reduction, around 50%. The paper can be improved by future research in several dimensions. First, NLSY covers only one cohort and therefore labor market experience is highly correlated with calendar time. In this data set, it is not possible to distinguish trends in inequality due to aging versus aggregate trends. Second, in this paper I study hourly wages and not earnings. Labor supply should be incorporated to better understand individuals’decisions.
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Appendix - Construction of the data



Here below I report the steps that lead to the construction of the data set used for the estimation of the model. 1. Workers can potentially hold more than one job in a given week. For each week, I select only the main job, that is the job that is associated with the highest number of hours usually worked. 2. I only include workers who enter in the labor market during the sampling period. In order to enter in the labor market, a worker has to be not enrolled in school and work for at least 1200 hours during a year, or to be enrolled in school and work at least 2000 hours. I exclude 500 out of 3003 workers from the sample because they were already full time workers at the beginning of 1978. The advantage of this sample criterion is that, for the remaining workers, I am able to calculate actual labor market experience and …rm tenure. 3. I include workers in the data only from the time in which they enter in the labor market, according to the previous de…nition. I drop 97 workers from my sample because they never satisfy the criteria given in the previous point. The likelihood function I derive is conditional on having just entered in the market. This solves the problem of the initial conditions. 4. I group the data for employed workers in quarters. I select for each quarter the job that has been worked the most hours. 5. I drop 75 workers because they have been in the army for more than one quarter after entering in the labor market.21 Three workers have been in the army for only one quarter. In this case, I simply assume that the worker does not accumulate experience during that quarter. I also drop 30 workers because they entered in the labor market for the …rst time after more than 4 years in the military force. 6. I drop 129 workers because they do not report continuous labor market histories for more than one quarter22 . If this happens for only one quarter, I assume that the worker does not accumulate experience during that quarter (55 observations). 7. I drop 101 workers because they have non-employment spells that last for more than four years. The rational of this selection is that I want to include only workers that are attached to the labor market. One consequence is that the resulting sample will not be representative of the population but it will be representative of that fraction of the population that is attached to the labor market. 21



If a worker is in the army and he has never entered in the labor market, he would be dropped in the previous selection. 22 This happens if individuals do not report information about their labor market status for at least a quarter or if they refuse to give information about their job (in the data, labor status equal to either zero or three).
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8. Finally, I drop 9 workers because of some inconsistencies in the labor market informations they reported. This leaves a total of 2062 workers. 9. I only keep track of the quarters in which the worker is employed. In order to record the information about unemployment, I construct a variable that keeps track of how many weeks of unemployment (or non-employment) the worker experienced before two working quarters. Given that my model has only two states (employed or not-employed) while the NLSY records three states (employment, unemployment and out of the labor force), I assume that a worker has been unemployed if he has not been working and looking for a job for at least one week (labor force status equal to 4 in the NLSY), or if he has not been working but not looking for a job for more than 6 weeks (labor force status equal to 5 in the NLSY). This restriction is used to avoid considering planned temporary spells of non-employment between jobs as unemployment spells. 10. In my model, I assume that jobs cannot be recalled. Nevertheless, returns happen in the data. If a return happens after more than a quarter of separation, I treat the old job as a new job. If a return happens after only one quarter, I assume that there has not been a job change in the middle. Two situations may arise. A worker is employed, goes unemployed and then returns to the previous employer. In this case I simply assume that he has not accumulated experience in the quarter in which he was unemployed. Alternatively, a worker can change job, work one quarter for a di¤erent employer and then return to the old employer. In this case I assume that the worker did not change job and kept working for the old employer. I observe 575 returns after one quarter and 285 of those are after a non-employment spell. 11. I de‡ate wages with a quarterly consumer price index based on 1978 US dollars. I consider hourly wages below one dollar as missing (408 observations). Also, I observe that some wages experience a drastic change from one year to another, followed by an equally drastic, but of opposite sign, change in the next year. Most of these situations are clearly coding errors. I assume that a wage is missing if the wage is at least four times bigger or smaller than the previous one (three times if it is with the same employer), and it is followed by another change of the same magnitude in the opposite direction (39 observations). In total 7.3% of all wages are missing. 12. Finally, I restrict this analysis to only white high school graduates. I select only those workers whose maximum number of years of schooling in their working life is 12 (a GED counts as 12 years of schooling) or those whose maximum is higher than 12 but the average number of years of schooling is less than 12.5. This sample selection leaves 711 individuals and 56479 observations.
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Appendix - On-The-Job Search Model



In this section of the appendix, I develop a fully structural partial equilibrium on-the-job search model and I show that, under some conditions, this model is equivalent to the empirical model I estimate in the paper. Wages - The observed wage of a worker is given by the same equation as in section 3: ln wt =



Xt + ht + "t + u1t



ln wt = ln wt + u1t where the index t is time spent in the market measured in quarters and the measurement error comes from a i:i:d distribution F1 (u1t ) with zero mean. The individual-speci…c wage component ht and the …rm-speci…c component "t are de…ned in the same way as before and they follow the same law of motion. Xt is a set of observable, and possibly endogenous, variables like experience and tenure. Current Utility - The worker derives utility from consumption. I assume that the worker is not allowed to save and therefore the utility depends only on the amount of money received in a given period, either the unemployment bene…t b when unemployed or the wage wit when employed: Uu = U (b) ; Uw = U (wt ) where the function U has the standard properties; it is continuous and increasing in the argument at a non-increasing rate. Unemployment to Employment - Events have a quarterly frequency when employed and weekly frequency when unemployed. The current utility of a worker is discounted at a rate and at a rate



1=13



when employed



when unemployed. Wage o¤ers arrive with probability F u h; g; Xt



1=13



. The



vector X contains also functions of unemployment duration. Employment to Unemployment or Job to Job Transitions - At the beginning of the period, the worker observes the new wage "t in the current …rm. He may su¤er an exogenous separation from his current employer with a probability that depends on the value of this …rm speci…c component, on his ability and on all other covariates:



("t ; h; g; Xt



1 ).



I assume that the function



is di¤er-



entiable with respect to "t and that the partial derivative is non-increasing. This assumption is su¢ cient to obtain a reservation rule as optimal policy for unemployed workers. If the worker is not hit by the exogenous separation, he may receive a job o¤er "0it probability F e (h; g; Xt C (h; g; Xt



1 ; zt )



1 ).



F" from a di¤erent …rm with



If the worker decides to change employer, he will pay a switching cost



that depends, among all the other variables, on a shock zt drawn from a known



i:i:d: distribution. The Value Function - A worker enters in the market at t = 1, when he receives his …rst wage o¤er, and works for T quarters. After that, he retires with a pension that is equal to his last wage and lives for



more quarters. His value function when retired is simply the discounted sum of
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his pension bene…ts, and it is not reported here. The value function for an unemployed worker of experience less than T is given by: V U (h; g; Xt ) = U (b) + (1



F u (h; g; Xt )) V U (h; g; Xt ; N O) +



+F u (h; g; Xt ) V U (h; g; Xt ; O) V U (h; g; Xt ; N O) =



V U h; g; Xt+1=13 (Xt ; U ) ( ) 1=13 U V h; g; X (X ; U ) t t+1=13 V U (h; g; Xt ; O) = E" max V ("t+1 ; h; g; Xt+1 (Xt ; N J)) 1=13



where V U (ht ; g; Xt ; N O) is the value function for workers who do not receive a job o¤er and V U (ht ; g; Xt ; O) is the value function for those who receive it. The argument U indicates that the worker remains unemployed, N J that he has a new job and SJ that he keeps working with the same employer. The value for an employed worker with …rm speci…c component "t is: V ("t ; h; g; Xt ) = U (wt ) + Ee



("t+1 ; h; g; Xt ) V U (h; g; Xt ; N O) + F e (h; g; Xt )) V ("t+1 ; h; g; Xt ; N O)



+ (1



("t+1 ; h; g; Xt )) (1



+ (1



("t+1 ; h; g; Xt )) F e (h; g; Xt ) V ("t+1 ; h; g; Xt ; O)g



V ("t+1 ; ht ; g; Xt ; N O) ( ) 1=13 U V h; g; Xt+1=13 (Xt ; U ) = max V ("t+1 ; h; g; Xt+1 (Xt ; SJ)) V ("t+1 ; ht ; g; Xt ; O) 8 1=13 U V h; g; Xt+1=13 (Xt ; U ) > < = E"0 ;z max V ("t+1 ; h; g; Xt+1 (Xt ; SJ)) > : 0 V "t+1 ; h; g; Xt+1 (Xt ; N J) C (h; g; Xt ; zt+1 )



9 > = > ;



where V ("t+1 ; ht ; g; Xt ; N O) is the value function for workers who are not exogenously separated and do not receive an o¤er from another …rm, while V ("t+1 ; ht ; g; Xt ; O) is the value function for workers who are not exogenously separated and receive an o¤er from another …rm. Also, "0t+1 is the …rm-speci…c component of the wage the worker would earn in the new …rm. Reservation Rules - This model provides two reservation rules. The …rst describes the value of the …rm-speci…c component that makes the worker indi¤erent between working in a …rm or being unemployed. The second describes the value of the …rm-speci…c component that makes the worker indi¤erent between staying in the same …rm and switching to a di¤erent employer. An unemployed
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worker will accept a job if the wage o¤er wt is such that23 : "t > "U (h; g; Xt



1)



An employed worker will decide to go back into unemployment if: "t < "U (h; g; Xt



1)



or if he is hit by an exogenous separation, which happens with probability ("t ; h; g; Xt An employed worker will decide to change …rm if the …rm component



"0t



1 ).



of the potential employer



is such that: "0t > "E ("t ; h; g; Xt



1 ; zt )



At this stage the empirical restrictions of this model are di¤erent from the ones presented in the paper. These di¤erences disappear if I introduce a simplifying assumption: I assume that the utility function U ( ), the unemployment bene…t b, and the support of the …rm-speci…c component are such that the minimum possible wage "min is higher that the highest reservation wage maxh;g;Xt



1



"U (h; g; Xt



is …nite, "min >



1 ).



For example, if the lowest possible …rm-speci…c component of the wage



1; and the utility U ( ) is CRRA with a coe¢ cient of risk aversion



1, we can



always …nd an unemployment bene…t b > 0 that satis…es this condition.



With this assumption, every wage o¤er will be accepted and an employed worker becomes unemployed only because of the exogenous separation . Approximating the functions "E and , I can therefore obtain the same empirical restriction of my model.



C



Appendix - The likelihood function



It is useful to review all the situations that can arise during each period: 1. The worker enters in the labor market and the information about the wage, if any, is recorded. 2. The worker is unemployed and: (a) he receives a wage o¤er and starts working after N Wit weeks of unemployment. (b) he leaves the sample without …nding a job after N Wit weeks of unemployment. 3. The worker was employed and: (a) he goes unemployed. Additional information about the old job, if available, is recorded. 23



Given the assumptions I have made, for each vector (h; g; Xt ) there will be a unique " (h; g; Xt ) such that: 1=13



V U h; g; Xt+1=13 (Xt ; U ) = V (" (h; g; Xt ) ; h; g; Xt+1 (Xt ; N J))



The other reservation rules are calculated similarly.



22



C. APPENDIX - THE LIKELIHOOD FUNCTION



PAVAN, R.



(b) He moves directly to a di¤erent …rm. This is a job to job transition. The information about the wage of the new job, if available, is recorded. Also, additional information about the wage in old job, if available, is recorded. (c) he stays in the old …rm. He has a good match and he does not receive a new wage o¤er or the new wage o¤er is not good enough. If available, a new wage observation is recorded. Each one of these outcomes is observable and will translate in a di¤erent contribution to the likelihood function. The likelihood function: In order to take into account the ex-ante heterogeneity of individuals, I can write the likelihood function as: L( ) =



Z Z



f H T jh; g dFhg (h; g) :



H T is the vector of all labor market histories: H T = fln wt gTt=1 ; fJMt gTt=1 ; fXt gTt=1



where



ln wt is the wage of an individual at time t and JMt represents his mobility decision. The goal now is to …nd a feasible decomposition for: f H T jh; g =



T Y t=1



f Ht jH t



1



; Xt



1 ; h; g



where Ht = (ln wt ; JMt ; Xt ), H t = fln wj gtj=1 ; fJMj gtj=1 ; fXj gtt=1 and H0 = f?g. Notice that



the Xt is completely determined by the vector in the previous period, the wage ln wt and JMt . From now on, I keep the conditioning on h, g and Xt implicit. Before looking at each individual contribution I de…ne the functions Bt ( ) and At



1(



) to repre-



sent the full distribution of information about wages in a given time period. To build this function, we use the information contained not only in observed wages, but also the fact that wages are sometimes not observed when they should be. Unobserved wages in periods not prior to interviews or job changes are to be expected and are thus not informative. As such, the function Bt ( ) gives the distribution of wage information for the …nal observations covered by each interview while the function At



1(



) gives that for job changes that are reported within an interview cycle. We index



the function A to period t



1 because it contributes to the likelihood function in period t as de-



scribed below. An example will be helpful: suppose that t is the last quarter of the interview year and t



1 is part of the same interview year. A wage is observed in period t with probability p and



this event will be included in the contribution to the likelihood function of period t. If the worker keeps the same job in t and t recorded in t



1, no wage is observed in t



1. If he changes employer, a wage is



1 with probability p. Because this wage is observed only if the worker changes job



and this event is considered only in period t, the wage will not be included in the likelihood of time t



1. The wage will not be part of of Bt



1



but will be included in the function At
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which enters
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in the contribution to the likelihood function of time t. The two functions are: Bt (ln wt jXt ; h; g; "t ) = At



1 (ln wt jXt ; h; g; "t )



where f1 =



@F1 @u1t



=



h



h



[pf1 (u1t )]1(wt [pf1 (u1t



obs)



1(wt 1 )]



1



[1 obs)



p]1(wt



not obs)



p]1(wt



[1



1



i1(intt 6=intt+1 )



not obs)



i1(intt



; 1 =intt



& jobt



1 6=jobt )



;



and intt is the survey interview number of time t. Note that u1t can be derived



because we are conditioning on observables and h, g and ". The exponents are indicator functions for whether wages are observed and whether we should expect a wage to be observed based on whether the interview asking about the wage or the job changes to the next period.



These



functions equal 1 in periods when we should not expect to observe the wage. I will derive now all the possible cases for the function f Ht jH t C.0.1



1; X



t 1 ; h; g



.



1 - The worker enters in the labor market



The contribution to the likelihood function of this …rst case can be written then as: Z L1 = f (ln wt ) = Bt (ln wt j"t ) dF" ("t ) At this point H t contains only the current wage. Using Bayes’rule, the posterior distribution of the …rm match is: f "t jH t = where f" ("t ) = C.0.2



@F" ("t ) @"t .



f ("t ; ln wt ) Bt (ln wt j"t ) f" ("t ) =R f (ln wt ) Bt (ln wt j"t ) dF" ("t )



2 - Unemployed workers



An unemployed worker can either …nd a job after N Wt weeks or exit the sample after N Wt weeks. The likelihood function for the two cases is: L2a =



N Wt Y



Fjut



1



j=1



L2b =



NW t 1 Y



1



Fjut



FNu Wt



j=1



Z



Bt (ln wt ; "t ) dF" ("t )



where Fjut is the probability of receiving an o¤er after jt weeks of unemployment. If the worker …nds a job, the posterior distribution of the …rm-speci…c component is: Bt (ln wt j"t ) f" ("t ) f "t jH t = R Bt (ln wt j"t ) dF" ("t ) 24
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3 - Employed workers A previously employed worker enters into unemployment. Assume that the econometri-



Case 3a



cian knows f "t



t 1



1 jH



after period t



1. The likelihood contribution is the combination of 1)



going unemployed and 2) observing the last wage of the old job. This can be written as: L3a = f JMt ; wt



1 jH



t 1



= f JMt jH t



1



f wt



1 jJMt ; H



t 1



where JMt contains information about the job mobility event. The term f wt be written as: f wt



1 jJMt ; H



t 1



Z



= =



At



Z



1 (ln wt 1 j"t 1 ) f



At



1 (ln wt 1 j"t 1 )



Z



At



"t



1 jJMt ; H



t 1



d"t



1 jJMt ; H



t 1



can



1



f JMt jH t 1 ; "t 1 f "t f (JMt jH t 1 )



1 jH



t 1



d"t



1:



Therefore the likelihood is: t 1



L3a = f JMt jH Z = At 1 (ln wt The term f JMt jH t f JMt jH t



1



1; "



; "t



1



Z



At



1 (ln wt 1 j"t 1 )



JMt jH t



1 j"t 1 ) f t 1



1



; "t



f JMt jH t 1 ; "t 1 f "t f (JMt jH t 1 ) 1



f "t



1 jH



t 1



d"t



1 jH



t 1



d"t



1



1:



can be written as:



= f ("t < R + u2t j"t 1 ) = f (et u2t < R "t 1 j"t 1 ) Z Z R "t 1 +u2t = dFe (et ) dF2 (u2t ) F2e (R "t 1 ) :



Altogether: L3a = Case 3b



1 (ln wt 1 j"t 1 ) F2e (R



"t



1) f



"t



1 jH



t 1



d"t



1:



The likelihood of this case is the likelihood of …ve events: 1) not going unemployed, 2)



receiving a new job o¤er, 3) accepting it, 4) observing a wage for the new job and 5) potentially observing the last wage of the old job. Using Bayes Rule: L3b =



Z



At



1 (ln wt 1 j"t 1 ) f



The function f JMt ; wt jH t f JMt ; wt jH



t 1



; "t



1



1; "



t 1



= F



e



JMt ; wt jH t



1



; "t



1
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is: Z Z



dFe ("t



Bt ln wt j"0t F2 ("t "t
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Altogether: Z Z Z



L3b = F e



At
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f "t 1 jH t 1 dFe ("t "t 1 ) dF" "0t d"t 1 Z Z = Fe Bt ln wt j"0t F2 ("t R) F3 "0t "t Re Z At 1 (ln wt 1 j"t 1 ) fe ("t "t 1 ) f "t 1 jH t 1 d"t 1 d"t dF" "0t : | {z } f ("t ;wt
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Using the newly de…ned function f "t ; wt e



Z



Z



Bt ln wt j"0t
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Using Bayes’rule we can write the distribution of the new …rm match conditional to the history up to time t. The conditional distribution of "0t is: f "0t jH t = Case 3c



f" ("0t )



L3c;"0t



L3c



The worker stays in the old …rm. The worker has a good match and he either does not



receives an o¤er from a di¤erent …rm or, if he does, the new wage is not high enough. De…ne: f "t jH t



1



=



Z



fe ("t



"t



1)



f "t



1 jH



t 1



d"t



1



Then: L3c =



Z



=



Z



Bt (ln wt j"t ) F2 ("t [F3" ("t + Re ) L3c;"t



F e + (1



f "t jH t



where F3" ("t + Re ) =



Z Z



R)



1



F e )]



f "t jH t



1



d"t



d"t



"t +Re +u3t



dF" "0t dF3 (u3t )



and the updated distribution of the match is: f "t jH t =



f "t ; Ht jH t L3c



1



=
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Tables and Graphs



Table 1: Estimates S1 h g epsilon



u1: measurement error



autoregressive coefficient wage equation



separation



Job to Job reservation



Job finding probability



Arrival rate for employed



sigma h sigma g corr(h,g) sigma 1 sigma 2 probability 1 minimum sigma innovation sigma 1 sigma 2 probability 1 rho constant exp exp2 exp3 ten ten2 ten3 alpha sigma shock constant ht h exp exp2 ten ten2 exp


S2 0.24



0.45 0.24 0.51 -0.60 0.05 0.09 0.77 0.88 0.998 5.67 0.042 -0.0022 0.00005



0.05 0.31 0.17 s5 -0.49 0.05 0.07 0.61 0.85 1.000 5.64 0.041 -0.0020 0.00004



1.40 -2.27



0.77 -1.16



0.23 -0.43



0.21 -0.23



0.024 -0.0003 ns



-0.288 0.020 -0.0004 s5



0.08 ns -1.72



0.12 -1.72



-1.19



-0.95



S3 0.22



S4



0.19 0.03 0.095 s5 0.22 0.21 0.32 0.33 0.32 0.61 -0.55 -0.54 0.05 0.04 0.07 0.06 0.62 0.58 0.87 0.85 0.986 0.989 5.70 5.70 0.036 0.038 ns -0.0013 ns -0.0015 ns 0.00003 ns 0.00003 ns 0.025 0.027 -0.0020 ns -0.0034 0.00005 ns 0.00012 ns -0.032 1.96 2.04 -2.17 -2.30 -2.82 -0.25 4.31 -0.045 -0.096 ns 0.0004 ns 0.0020 ns -0.41 -0.33 0.020 0.016 ns -0.71 -0.74 0.21 0.24 -0.32 -0.32 -0.13 ns -0.045 ns -0.041 ns 0.020 s5 0.031 -0.0009 s5 -0.0013 0.042 0.030 s5 -0.0029 -0.0018 s10 -0.15 ns -0.11 ns -1.43 -1.43 0.060 ns 0.078 s10 0.076 ns -0.005 ns -0.006 ns -0.0003 ns -0.0003 ns 0.052 ns 0.050 ns -0.012 -0.012 0.00006 ns 0.00006 ns -0.94 -0.97 Continue on next page



ht h exp exp2 ten ten2 exp


0.20 0.022 s5 -0.002 -0.13 0.006 -0.33



-0.41 0.80 0.032 -0.002 -0.12 0.006 -0.30



Likelihood 33163 31941 31235 30910 Notes: Each column reports the estimates of the structural model for a different specification of the model using MLE. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility. The estimates are significant at 1% level unless otherwise specified: s5 means significant at 5% level, s10 at 10% level and ns means not significant. The standard errors are calculated using the inverse of the outer-product of the gradient. Some concerns about this method are reported in the paper.



Table 2: Average Wage Changes Wage growth



Real Data



Specification 1



Specification 2



Specification 3



Specification 4



Unconditional



3.00%



3.29%



3.54%



3.45%



3.17%



No Job Change



2.56%



1.22%



1.62%



2.74%



2.73%



Job to Job



8.58%



12.62%



12.69%



10.77%



9.97%



Unemployment



-3.05%



-0.59%



-0.90%



-3.14%



-3.97%



Notes: The first column reports the average wage growth after each type of job mobility behavior observed in the data. The other columns report the same statistics for each different specification of the model, using the estimates of Table 1. These statistics are generated using simulated data from a sample five times bigger than the original one. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.



Table 3 Specification Specification 1 2



Income Mobility



Real Data



Rich after being poor



09.58%



22.54%



Poor after being rich



13.69%



22.49%



Specification 3



Specification 4



13.77%



13.81%



11.69%



13.98%



14.01%



12.87%



Notes: The first column reports the average income mobility observed in the data. This is the probability that a worker has a “high” wage if normally he has “low” wages, or the probability that a worker has a “low” wage if normally he has “high” wages. The other columns report the same statistics for each different specification of the model, using the estimates of Table 1. These statistics are generated using simulated data from a sample five times bigger than the original one. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.



Table 4 Specification Specification 1 2



Statistics



Real Data



Corr(Slopes,Levels)



0.27



0.25



Permanent versus Overall Inequality



77.4%



61.8%



Specification 3



Specification 4



0.19



0.15



0.31



71.8%



72.3%



74.7%



Notes: The first column reports some statistics calculated using my data set. The first row calculates the correlation between workers’ average log-wages and average log-wage changes. The second row reports the ratio of inequality in the permanent component of wages and overall inequality, for workers who have been at least 20 years in the sample. The other columns report the same statistics for each different specification of the model, using the estimates of Table 1. These statistics are generated using simulated data from a sample five times bigger than the original one. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.
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Figure 1: Job to job transitions
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Notes: The two graphs report the empirical probability of experiencing a job to job transition conditional on experience and on tenure, calculated using the real data (NLSY79) and using simulated data produced by the four specifications of the model previously estimated. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.
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Figure 2: Probability of entering unemployment
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Notes: The two graphs report the empirical probability of entering non-employment for employed workers conditional on experience and on tenure, calculated using the real data (NLSY79) and using simulated data produced by the four specifications of the model previously estimated. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.
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Figure 3: Probability of exiting unemployment
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Notes: The graph reports the empirical probability of finding a job for non-employed workers conditional on unemployment duration, calculated using the real data (NLSY79) and using simulated data produced by the four specifications of the model previously estimated. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.
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Figure 4: Average wages
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Notes: The two graphs report workers’ average log-wages conditional on experience and on tenure, calculated using the real data (NLSY79) and using simulated data produced by the four specifications of the model previously estimated. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.
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Figure 5: Empirical distribution of log wages
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Notes: The graph reports the unconditional distribution of log-wages, calculated using the real data (NLSY79) and using simulated data produced by the four specifications of the model previously estimated. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.
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Figure 6: Distributions of wage changes
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Notes: The graphs report the distribution of log-wage changes conditional on different job mobility outcomes, calculated using the real data (NLSY79) and using simulated data produced by the four specifications of the model previously estimated. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.



Figure 7: Average wage growth conditional on experience Average growth .2 .4 .6 0
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Notes: The graphs report the decomposition of average wage growth using simulated data produced by the four specifications of the model previously estimated, conditional on experience. The blue line is the average simulated wage growth; the red line is the growth due to non-transferable components (firm-specific match plus deterministic tenure effect if any); the yellow line is the growth induced by the deterministic tenure effect; the green line is the fraction of total wage growth explained by growth of non-transferable components. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.



Figure 8: Average wage growth conditional on tenure Specification 2
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Notes: The graphs report the decomposition of average wage growth using simulated data produced by the four specifications of the model previously estimated, conditional on tenure. The blue line is the average simulated wage growth; the red line is the growth due to non-transferable components (firm-specific match plus deterministic tenure effect if any); the yellow line is the growth induced by the deterministic tenure effect; the green line is the fraction of total wage growth explained by growth of non-transferable components. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.



Figure 9: Average wages conditional on tenure Specification 2
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Notes: The graphs report the decomposition of average wages using simulated data produced by the four specifications of the model previously estimated, conditional on tenure. The blue line represents average simulated wages; the red line represents the non-transferable components of wages (firm-specific match plus deterministic tenure effect if any); the green line is the ratio of non-transferable components over average wages. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.



Figure 10: Ratio Lifetime to Cross-sectional Inequality
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Notes: The graph reports the ratio of lifetime inequality to cross-sectional inequality using simulated data produced by the four specifications of the model previously estimated, conditional on experience. Lifetime inequality is calculated using the 9010 percentile ratio of the expected discounted value of future earnings. Unemployment benefits are assumed to be equal to zero and agents discount at a 5% annual rate. The first specification does not allow for any ex-ante heterogeneity while in the fourth specification agents are ex-ante heterogeneous in levels and slopes, and labor market histories affects arrival and separation rates. The other two specifications have intermediate degrees of flexibility.
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