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The thief’s wages: theft and human capital development By Geoffrey Williams Department of Economics, Transylvania University, 300 N Broadway, Lexington, KY 40508, USA; e-mail: [email protected] Abstract In this paper a model is developed to investigate whether theft can be economically rational. It is shown that heterogeneity in capital accumulation rates (or “learning ability”) cannot create any noticeable difference in incentives to steal. Further heterogeneity in instantaneous opportunity cost is both too low and runs in the wrong direction to have any explanatory role. However heterogeneity in discount rates in combination with differences in initial human capital can create an incentive for theft. The model is calibrated from the National Longitudinal Study of Youth 1997 with data from 1997 to 2011.
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Introduction



The rational agent model can explain variation in criminal activity across individuals with two different types of heterogeneity. One potential explanation is that criminals face objectively different costs and benefits from crime than non-criminals. For example, criminals may systematically lack access to employment opportunities, and turn to crime as a partial or total substitute for legitimate earnings. The other general explanation may be that criminals have systematically different preference structures than non-criminals. In particular, it may be the case that criminals are more present-oriented and less patient than non-criminals. In this paper I develop a model that integrates human capital development and criminal behavior choices as a way to compare the predictions of these two types of heterogeneity. I look at theft only (excluding violent crime or drug dealing) in an effort to focus on economic trade-offs across time. Working with three parameters that could vary human capital production and earnings - initial human capital, human capital growth, and time preference - I analyze how variation might influence an individual’s incentives to commit theft. Using parameterizations consistent with previous literature and the NLSY data, I use the model to understand how these parameters affect hourly earnings (a measure of instantaneous opportunity cost) as well as discounted present value of future earnings. The model builds on previous work in this area, but differs in several significant ways. As with Lochner (2004), I add criminal behavior choices to an adjusted Ben-Porath model that looks at trade-offs between training and schooling on one side against work on the other. In contrast, I focus on only the crime of theft and simplify the model. This allows me to make precise estimates of how thieves differ from non-thieves in several core human capital parameters, something not done in previous literature on crime and human capital development. More generally, the exercise illuminates how different traits (reflected in the parameters) interact to influence theft within a rational agent model. The first specific result, coming from a simple analysis of the model, is that differences in human capital growth, what we might think of as “potential”, fail to create any difference in incentives for individuals in their early adulthood, the period of peak property crime offenses. Individuals with lower capacity for human capital development, even though they will have significantly lower future income, are not predicted to face lower present value of future income and in fact are predicted to have higher hourly earnings in early life. Moving beyond this theoretical analysis, I then estimate the parameters of the model using generalized method of moments (GMM), using wages and annual income of male respondents in
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the NLSY 1997 cohort from 1997 to 2011. Across a range of specifications, estimated initial human capital for thieves is roughly $0.60-0.67/hour less than non-thieves (honest individuals). For annual income, the estimated difference is $2,200-2,450/year. Similarly, the estimated discount rates for thieves are about 0.3-0.4% lower than those of non-thieves. A third result comes from using the model with the data of the first several rounds of the NLSY, during the period of peak property crime activity: wages, income and employment levels are the same if not higher for thieves than for non-thieves (honest individuals). This clearly is significant evidence against explanations for theft that assume lower instantaneous opportunity cost, or arguing that theft is a substitute for legitimate labor market opportunities. The difference in earnings and employment shows up in the mid to late twenties, after virtually all self-reported thieves have stopped committing property crime (the empirical observation, without theoretical analysis, can also be found in Williams (2015)). The combination of low initial human capital and high impatience suggested by wage development is also consistent with other measures in the data. Thieves have lower average standardized test scores and worse average mental health than non-thieves (honest individuals). They show less stability over jobs (on average having more employers) and are more likely to repeat grades, even when controlling for a range of measures of socioeconomic status and ability. Beyond the literature on theft and crime, the analysis here has a broader utility, in suggesting that individuals with significantly limited human capital may have equal or better labor market outcomes in their early careers. While thieves show no difference in wages and hours work at age 20, a range of parameterizations suggest that by age 40 there could be a gap of 20% or more in income. Analysis of labor market outcomes that focuses on individuals in their 20s (for example, Angrist et al. (2010)) may be missing significant longterm differences. The paper proceeds as follows. In section I I review the literature on earnings from crime and the honest earnings of criminals, as well as the literature on human capital. In section II I develop and solve a model that links the decision to steal with the decision to invest in human capital. I then look at what the model predicts across a range of parameterizations. In section III I review the data from the NLSY. In section IV I estimate the model’s parameters using GMM based on data from the NLSY. In section V I summarize the results and discuss implications. Appendices A through C outline various technical issues.
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Literature



2.1



Incentives for Crime



There has been substantial debate for decades as to how to use the rational agent model to understand criminal behavior. Some economists have focused on crime as a substitute for legal work, beginning with Becker (1968) and Ehrlich (1973). The labor economist Richard Freeman is perhaps the researcher of the past few decades who has done the most to develop this idea empirically (Freeman 1991, 1999). A range of researcher have worked with individual-level data on actual wages and criminal behavior, and have found some evidence in support of the idea (Grogger 1998, Lochner 2004). A number of papers work at the aggregate level, trying to find links between unemployment and crime, and have found a limited link (Gould et al. 2002). Helpful literature reviews include Piehl (1998) and Lin (2008). Criminologists have been more skeptical of the idea of crime as a labor substitute, and a number of researchers in that field find little or no evidence. As Wilson and Abrahamse (1992) argue, while a single crime can be a rational choice, given a low probability of capture (“[t]he wonder is that more people don’t steal”) a criminal career seems not to pay off at all. One of the dominant theories of crime, outlined in Gottfredson and Hirschi (1990), can be summarized as arguing that criminals simply have less self-control. Even a number of economists have found evidence directly contradicting the idea of crime as a substitute for labor. Levitt and Venkatesh (2000) examine the revenues and wages provided by drug-dealing in a gang in Chicago and conclude “it is difficult (but not impossible) to reconcile the behavior of the gang members with an optimizing economic model without assuming nonstandard preferences or bringing in social/nonpecuniary benefits of gang participation.” Lee and McCrary (2005) look at the deterrent power of prison sentences and conclude “criminal behavior – at least for the kinds of crimes that we focus on – could be thought of as the consequence of a self-control problem and a taste for immediate gratification.” Many researchers have found that criminals actually have slightly higher wages than noncriminals, especially in early periods. Specifically, Nagin and Waldfogel (1995) find that conviction leads to greater instability but also higher pay. They reference West and Farrington (1977) who noted a “tendency for delinquents and especially recidivists to take up laboring or unskilled occupations offering relatively high rates of pay for beginners, but with relatively few prospects of long-term advancement. Non-delinquents were more likely to defer immediate material rewards for the sake of obtaining apprenticeships or training for skilled work.” Paternoster et al. 4



(2003) provides an excellent review of the literature on the link between early work and antisocial behavior. They establish a strong correlation between intensive work in adolescence and theft (and other behaviors), but show that unobserved heterogeneity appears to be the cause (see also Holzman 1982, Brame et al. 2004, Apel et al. 2008, table 4). All in all, the evidence is contradictory. While certain crimes, in certain places, may make sense as a source of income (drug-dealing, in particular), there is no clear-cut case that crime “pays”, particularly for theft. Even as there is debate about how much criminals earn, there also debate about the long term costs of a criminal record. Freeman (1991) finds that incarceration reduces weeks worked from somewhere between 8 to 20 weeks per year, and reduces the probability of work by 15 to 30 percent. Grogger (1995) and Nagin and Waldfogel (1995) (cited above) are much more cautious; both find limited effects on wages and employment (in some cases positive). An important stylized fact is that criminal activity is particularly intense during adolescence, and individuals are actively engaged in property crime for extremely short periods, usually less than a year (Williams 2015). This adolescent aspect of crime, and particularly property crime, has been carefully documented but there is no consensus explanation as to why it occurs Levitt (1997), Grogger (1998), Lee and McCrary (2005), Levitt and Lochner (2001, see). Overall, the rational agent model has shown significant value in understanding criminal behavior, but there are important gaps in our knowledge.



2.2



Human Capital and Crime



A number of researchers have developed models looking at different types of human capital and the interaction of education, work and criminal behavior, for example Merlo and Wolpin (2009)1 . The paper that most resembles this one is Lochner (2004), in that both use a human capital model based on the Ben-Porath model and then test this model against NLSY data. It is worth discussing the similarities and differences in detail. Both papers work with the Ben-Porath model of human capital development, and incorporate choices to commit criminal activity. The key differences stem from a difference in approach: this paper uses a simpler human capital model, focuses purely on theft, and takes advantage of the additional details provided by the NLSY 1997 in both modeling and estimating the logic of theft choices. The simplified model of human capital development satisfies both Kuhn-Tucker necessity and 1 The



literature on human capital goes back to Friedman and Kuznets (1954), and Becker (1962) seems to have been the critical article to put all the pieces in place (with additional work by Mincer (1974) and Ben-Porath (1967)). The most active work in modeling and estimating human capital development has been by James Heckman and his students (Cunha et al. 2006, Cunha and Heckman 2007, Cunha et al. 2010).
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Kuhn-Tucker sufficiency allowing me to identify a single optimum. This allows me to estimate the differences in average values of key parameters between thieves and non-thieves, something not done in Lochner (2004). The choice to focus on theft only, to the exclusion of other crimes, is based on the very different patterns that can be seen in violent crime, property crime and drug dealing. All three peak at around 20 years of age, but property crime peaks earlier and drops off very rapidly while the other two fall much more slowly. Moreover, most perpetrators of violent crime do it very rarely, while during periods of activity thieves and drug dealers average multiple offenses in a year. Drug dealing and theft offer direct financial rewards, while violent crime does not, and both theft and violent crime are directly predatory which is not true of drug dealing. The choice to focus on theft increases my ability to make precise estimates without having to make additional strong assumptions. Additionally, I use the NLSY 1997 which provides more detailed data as opposed to the NLSY 1979 that Lochner uses. Specifically, the NLSY 1997 asks about property crime every year, while the 1979 only asks in a single year. From this, it becomes clear that virtually all property criminals in the NLSY 1997 are active in only one or two years, and show very low earnings. Moroever, punishment and incarceration rates are low for thieves at about 20%. The data informs a number of differences in modeling and estimation. To match the data, I model theft as a “negative lottery” that has a strong stochastic element. Because of the low rates of punishment and short periods of incarceration I model expected punishment as a potential disutility with a single scalar value, while Lochner focuses on loss of consumption due to time in prison. Because within the NLSY virtually no respondents report theft after age 21, I focus on the decision to steal in adolescence/early adulthood. In contrast, Lochner (2004) develops a more general understanding of the link between all criminal behavior and human capital development. He does not focus on a single optimum and views all crime (property crime, violent crime, and drug dealing) as providing fungible utility. Instead of estimating specific values he generates important but broad insights about trade-offs in the timing of criminal behavior, work, and human capital investment. Our conclusions are similar, in that both of us place significant emphasis on differences in initial human capital levels. However, the combination of more comprehensive data and my modeling choices allows me to make several contributions not seen in Lochner (2004) or elsewhere in the literature. First, I show that heterogeneity in capital accumulation rates (or “learning ability”) cannot create any noticeable difference in incentives to steal. Second, I show that heterogeneity in instantaneous opportunity cost is both too low and runs the wrong direction
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to have any explanatory role. Thirdly, I establish that heterogeneity in discount rates works in combination with differences in initial human capital to create the incentive to theft. Finally, I estimate average values for differences in key parameters between thieves and non-thieves (“honest” types) in the NLSY 1997 data.
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Model



The model focuses on understanding the decision to steal in the context of overall career choices and lifetime income. Thus, one component of the model is a human capital investment problem. The other component of the model is a decision to steal or not to steal. The decision to steal is modeled in a way that might be described as a “negative lottery,” where theft is largely about the trade-off between immediate returns and long-term risks.2 Partly because it fits the data well, and partly for reasons of mathematical simplicity, the human capital investment decision and the decision to steal are not incorporated in a single equation, but instead are kept separate. Moreover, the individual’s decisions in these two areas are made at separate points in time, interactions are limited and the effects tractable. Each agent lives for T periods. At the beginning of each period (indexed 1 to T ) agents set their human capital investment levels, based on their parameters (human capital level, discount rate, human capital production parameters). During the first period they have the opportunity to steal; they are exposed to a criminal opportunity where for each they can make the binary choice to take the opportunity or to pass on it. If they choose to steal, there is a risk of punishment by the end of that period. The punishment inflicts direct disutility as well as a negative shock to human capital levels, requiring revised production choices. If captured and punished, an agent’s human capital is “tarnished” by the end of period 1. Human capital investment and earnings continue until the last period T . Table 1 below briefly summarizes the process. [TABLE 1 ABOUT HERE.] The decision to allow theft in only a single period fits the NLSY data very closely - as discussed above, virtually no respondents report theft after age 21 - as well as the literature on patterns of theft.3 2A



more exact but less intuitive description is that it is like selling a call option. modeling approach would be to assume that upon reaching adulthood all individuals become drastically more concerned about reputation, and avoid all theft. An even simpler approach would be to simply focus on the human capital model and related estimation as an exercise in understanding the differences between thieves and non-thieves. Both of these approaches yield identical results as the approach used in the main text. An interesting extension of this work might be to extend the criminal opportunities to multiple periods and then estimate it using a data set with numerous individuals stealing into their 20s and 30s. Given that such individuals are all but non-existent in this dataset, a multi-period theft model applied to the NLSY 1997 would be highly unlikely to yield different results. 3 Another
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3.1



Human Capital Component



There is a population of N agents, indexed i ∈ {1, . . . , N } who are maximizing utility over T periods. At the outset of each period t each agent chooses what percentage of their human capital, K, to hold back from the market as “investment”, which I denote with the variable xit ∈ [0, 1]. The value of xit ranges from 1 for a full time student with no job to 0 for a full-time worker at a job receiving no training, and would be somewhere in the range (0, 1) if i is receiving some wage compensation but is also receiving some training, formal or informal. The value of future earnings is discounted at the rate β 4 and the investment grows according to the expression d0 (xit Kit )d1 , where β, d0 , d1 vary across individuals. The problem in period 1 is thus formally:



max



{xit }T 1



T X



E1 (βit−1 (1 − xit )Kit )



(1)



t=1



s.t. Kit+1 = d0i (xit Kit )d1i + Kit ˆi Ki1 = K That is, the agent i needs to find an optimal sequence of investment decisions {xit }T1 given the ˆ i. parameter values and his initial level of human capital K Four brief points should be made about the model at this juncture. First, this is a simplified variant of the Ben-Porath human capital model, which in turn is a variant of the standard dynamic optimization capital accumulation model, with an added wrinkle that the capital is not consumed. Second, as with Ben-Porath (1967) and Lochner (2004), this model views all human capital investment as a fungible component of xit ; an hour of schooling and an hour of job training look exactly the same. Even jobs that pay a salary, where there is no explicit, separate training but only a general, ongoing on-the-job training, are modeled as an increase in xit that leads to a partial reduction in salary in exchange for a chance to learn. Third, the model does not include a depreciation parameter; this decision is made for simplicity, and because for the population we will be focusing on, youths age 17 to 31, all evidence suggests that human capital growth swamps human capital decay and it is difficult to separate any decline in human capital from a general failure to invest in human capital. Fourth, there is individual heterogeneity in human capital and time preference parameters. We can think of each of these parameters, for each individual, as a draw from a continuous 4 The parameter β is referred to as the discount factor or measure of time preference and takes values on the interval [0, 1], with lower values showing greater impatience (less patience). The use of the parameter is common to human capital models (Lochner 2004); further information can be seen in Frederick et al. (2002).
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distribution. At time t > 1, in response to any stochastic shocks (to be discussed below), agent i can reassess his level of human capital Kit and reset his planned sequence of investment {xit }Tt . In the context of this paper, the only stochastic shock possible would be “tarnishing” due to punishment by the end of period 1.



3.2



Criminal Opportunities Component



The second component of the model involves criminal activity. There is a single point in time when individuals have the opportunity to steal, during period 1 (after the investment decisions of period 1, but before reinvesting for period 2), the agent is offered one opportunity to steal. For the remainder of the agent’s life, periods 2 through T , there will be no further theft opportunities, and no need for any change of behavior. The opportunity can be thought of as a “negative lottery.” A standard lottery asks you to pay out a sum of money in exchange for the possibility of winning a positive sum in the future; in contrast, the theft opportunity offers the agent a positive sum of money in exchange for the possibility of a future loss. The cash value of the opportunity is denoted ri and has a random distribution f (ri ; θ) where f () has support (0, ∞) and is decreasing in ri . To simplify matters, I assume that when the opportunity is presented the agent can perfectly perceive ri and has no risk of being stopped or captured while committing the theft, only after consuming the value ri . His decision to steal or not is a very simple cost/benefit analysis of the two paths. If he does not take opportunity ri , his expected payoff at the beginning of period 2 is simply the future stream of revenue from human capital investment and “rental” (as outlined in Equation 1): T X



E1 (βit−1 (1 − xit )Kit )



(2)



t=2



If he does take the opportunity ri , his expected payoff is ri + (1 − p) +p



P



T t=2



P



βit−1 (1 − xit )Kit



T t=2







 ˆi βit−1 (1 − x(τ )it )K(τ )it + βiδ pD + γ(1 − xi1 )K



(3)



where • p is the probability of being caught and punished by the criminal justice system. For simplicity, I do not try to separate out the impact of being arrested vs being charged,
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being charged vs being convicted, being convicted vs being sentenced, etc. • D < 0 is the disutility from any detection, capture or punishment (including any social stigma from an arrest record, a conviction record, etc). ˆ i < 0 is the opportunity cost of the crime, with | γ | the amount of time the • γ(1 − xi0 )K crime takes (as a fraction of the five-year period of work). • (τ ) (τ for “tarnishing”) marks the shift in his human capital Kit and his human capital investment strategy xit if he is caught and develops a criminal justice record that limits employers willingness to hire and pay him. Thus, τ ∈ (0, 1) and K(τ )it = (1 − τ )Kit • δ is the length of time, less than a year, between the commission of the crime, and the beginning of punishment, so δ ∈ (0, 1). A few other modeling decisions are worth brief comments: Theft opportunities are modeled as a random process, where the distribution is the same across all individuals. The logic behind this is that per-act earnings from theft in the NLSY 1997 follow a roughly lognormal distribution. Average earnings per theft are low, and negatively correlated with number of acts (i.e., people who steal frequently tend to make less than people who steal rarely). There does not seem to be any stability in per-act earnings from year to year, and correlations in earnings from theft are low between siblings (for a fuller discussion of the patterns in the NLSY 1997 data, see Williams (2015)). The NLSY patterns are extremely consistent with the bulk of research into earnings from crime, whether data is from criminal self-reports, police reports or victimization surveys (see Gottfredson and Hirschi 1990, part I, chapter 2, or reports such as Catalano 2010 or Doyle 2012). While it is difficult to prove a negative, it does not appear to be any meaningful variation of “theft ability” in populations the size of the NLSY panel. Given that individual human capital and time preference parameters vary randomly as do theft opportunities, we can thus view the variation in theft opportunities as providing a stochastic error term. Assuming that theft opportunities have the same mean across all individuals, we can thus look for different means in the human capital and time preference parameters for the explanation of why some individuals steal and others do not. As will be discussed further below, this matches the data well; while individuals with lower human capital values (either in standardized test scores or mental health) or with lower family resources (measured by income of family of origin) are statistically significantly more likely to commit theft, the difference is on the order of 10-20 percentage points. Males with particularly high human capital or family
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resources have at least a 10% probability of committing theft, while males with particularly low values have at worst a 31% probability of committing theft. Finally, one could potentially develop a process by which expected risk of punishment is updated over time, or by which an initial tarnishing (from a criminal record) can be worsened by a second offense. A dynamic model, where the potential to commit a crime can be made in many or even all periods, may make sense for the very small group of individuals who are “hard cases” and commit theft into their 30s or 40s. However, theft behavior is generally very short-lived for the vast majority of thieves (roughly 99% of all theft occurs by age 21), and so a more complicated dynamic model is unlikely to yield significantly different results in the case of the NLSY. It would be an interesting extension of the model, to be estimated with a dataset that included more “professional” thieves.5



3.3



Solving the Model



We begin by focusing on the decision to steal during period 1, as outlined in Equations 2 and 3 above, and then work backward to solve the human capital optimization problem of Equation 1



3.3.1



Criminal Opportunities



It is advantageous to put ri on one side, as the direct benefit of stealing, and put all the other terms on the other side, simplifying a bit, to measure the cost of stealing. We then get an indicator function c that becomes the optimal policy in response to opportunity ri .



c=



   1



if



  0



else



ri ≥ p



PT



t=2



 ˆi βit−1 (1 − xit )Kit − (1 − x(τ )it )K(τ )it + βiδ pD + γ(1 − xi1 )K



(4)



As constructed, the optimal choice in response to every criminal opportunity ri is to “play” c; that is, to steal if and only if the return is greater than the future cost. The probability of becoming a thief is decreasing in all variables that drive the right hand side costs. In the empirical work we can therefore focus on understanding how differences in K, β and d0 , d1 lead to differences in the following three costs: Lost earnings from developing a criminal record, the difference between earnings from “pure” 5 Obviously, the modeling and estimation here would biased with regard to understanding the “professional” thieves who remain active over much of adulthood. Since they are minor part of the population, the estimates in this paper should be unbiased for understanding most thieves, but not for all thieves.
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and “tarnished” human capital, T X



 βit−1 (1 − xit )Kit − (1 − x(τ )it )K(τ )it ;



t=2



expected future disutility from criminal justice punishment,



βiδ pD;



and immediate opportunity cost, γi (1 − xi1 )Ki1 . 3.3.2



Human Capital



Having resolved the criminal decision problem, we can then move backward to look at optimal human capital investment. This is most easily understood by first looking at the general deterministic case, and the special stochastic case of the first period. The human capital optimization problem is a dynamic optimization problem, and with no uncertainty, the policy function for the optimal xit (see online appendix for derivation) is 1 xit = Kit



T −t (1 − βit ) d0i d1i βit (1 − βit )



! (1−d1



1i )



(5)



for t ∈ 1, 2, . . . , T . As would be expected, optimal human capital investment for agent i in period t is increasing in time preference β and productivity of investment (d0 , d1 ) and decreasing in T − t, the time remaining in the agent’s career. Perhaps a bit surprising, it is decreasing in Kit . The intuition for this is actually straightforward: in this case human capital is specifically marketable skills, as opposed to general potential. It is a measure of the money agent i can make right now, and so higher values of Kit are direct measures of opportunity cost of investment. The production parameters d0 , d1 measure the sensitivity of future growth in marketable skills to the level of investment, and are thus more closely tied to the related idea of general potential. The uncertainty regarding theft adds one minor bit of complexity. All individuals have some probability of committing a theft, and no individual has zero probability of committing a theft. Thus, in period 1, every individual must optimize with a non-zero probability of committing a theft and hence some probability of being tarnished. The solution (see the appendix for derivation) is to make an adjustment for the stochastic component using the expression
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(π(1 − τ )d1i + (1 − π))



(6)



and set xi1 to:



xi1



(π(1 − τ )d1i + (1 − π)) = Ki1



(1 − βiT −1 ) d0i d1i βi (1 − βi )



! (1−d1



1i )



(7)



where π is the ex ante probability of committing a theft and being caught, that is, the probability that (a) individual i seizes his theft opportunity multiplied by (b) the probability of being caught p. With advance knowledge of the distribution of opportunities the individual can determine the probability of a draw of ri that would induce theft, and hence compute π. As will be discussed further below, it appears that for NLSY 1997 males π takes values between 0.03 and 0.06. Because empirical sources strongly suggest the odds of punishment and the effect of tarnishing are low, we can put a likely bound on the stochastic adjustment expression of Equation 6 as varying from 0.97 to 0.99. Moreover, because variation depends on unobservables, there is no way to unbiased way to estimate it. In the work on estimation, I use a range of probable values to look at effects.



3.4



Wage Development Under Different Parameterizations of the Model



If we focus on the three key parameters that are important in both the human capital component ˆi , discount rate β and human of the model as well as the theft component - initial capital K capital production parameters d0 and d1 - we can see that variation in these parameters will induce predictable changes in measurable variables such as wages, hours worked and years of education. In this subsection we focus on three questions: How does variation in these parameters lead to variation in wage development? Does variation in these parameters lead to lower wage (opportunity cost) in early adulthood? And finally, does variation lead to a lower present value of future earnings in early adulthood? I work with a baseline case for the parameters that is consistent with other literature and
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the data. The specific values of the baseline case are:



beta =



0.82



d0 =



0.308



d1 =



0.948



ˆi = K



15.00



[FIGURE 1 ABOUT HERE] [FIGURE 2 ABOUT HERE] [FIGURE 3 ABOUT HERE] In Figures 1, 2 and 3 I show the development of wages within the baseline and with illustrative variants (low initial human capital, low patience, and low human capital growth parameters). (Further discussion of how the parameters were selected can be found in Section 5 and in the online appendix B.) A few things are worth noting about the exercise in general, and about the different parameterizations. First, there is the general pattern of development of wages over the agent’s “lifetime” (i.e. to period T ). Figures 1, 2 and 3 give a straightforward sense of the overall pattern: investment in early life, which reduces slowly, leading to a plateau by the forties. A second important note is how variation in different parameters leads to different patterns. ˆi acts to reduce the overall development of human For instance, low initial human capital K capital Kt and wages (1 − xt )Kt . We see roughly parallel development in wages in the baseline ˆi cases (Figure 1). The intuition here is simple: in the case of low K ˆi , investment and the low K levels are higher, and there is some catchup effect, but it is not worth the loss of present wages to fully catchup to the baseline. In contrast, low discount rates6 (figure 2) and low human capital production parameters (figure 3) both create a “crossing” pattern, where wages start high relative to the baseline but then develop more slowly and drop below the baseline wages. In the case of low discount rate β or low human capital production parameters d0 and d1 , the utility payoff of human capital investment is lower than in the baseline, and so human capital investment is lower over all periods. This has the effect of increasing wages in the early periods but reducing them in later periods. 6 That



is to say, lower patience levels.
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It is thus clear that lower initial human capital could potentially explain lower instantaneous opportunity cost for the commission of crime, but lower patience and lower human capital potential could not. An additional note is that relative minor changes in discount factor β and human capital production parameters d0 and d1 lead to very significant changes in wage development. The next question is the impact of the parameterizations on the present value (in period 0) of lost future earnings from a criminal record. To provide some simple estimate of this, I need a sense of τ , the loss to human capital from “tarnishing.” While there is no definite consensus of the impact of conviction on wages or employment, the highest estimate (from Freeman 1991) are roughly a 30% drop in employment prospects, and others are much more conservative (for example, Grogger 1995 and Nagin and Waldfogel 1995). I compute what impact a loss of 10% of human capital after period 1 would have on the present value of earnings. I then compare this impact across the four parameterizations in Table 2. ˆi parameterizations do lead to greater inThe results are striking. Both the low β and K centives to steal; discounting all fifty years and summing we get a total difference in lost wages ranging between $3,000 to $7,000. Interestingly, lower human capital production capacity (low values of d0 , d1 ), even though it leads to substantially lower earnings at the end of life (period 5-10, or ages 40-65), has effectively no impact whatsoever on the discounted present value of the individual’s income. Using a very extreme and unrealistic difference in parameterizations I get at most a total difference in the discounted value lost lifetime earnings of $4. Since differences in d0 , d1 can not help to explain any differences in incentives to theft, I spend little time on this possibility in the discussion that follows. [TABLE 2 ABOUT HERE]
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Data



In this section I begin with a general discussion of the data, including summary statistics comparing thieves and non-thieves (honest individuals). The NLSY 1997 cohort tracks 8,984 individuals from 1997 onwards. The majority of respondents, roughly 3/4, come from a simple random sample of the United States youth population in 1997. The remaining one quarter of respondents come from an over-sampling of ethnic minority populations, specifically black and non-black Hispanics. The respondents were equally ranged from the age of 12 to 16 in the initial round in 1997. The rate of attrition across years is quite low both for thieves and non-thieves. In addition to a wide range of questions about work, earnings, education, assets, beliefs, 15



health, family and other issues, every round of the NLSY 1997 includes a self-administered questionaire that asks respondents about potentially compromising issues such as criminal behavior. One thousand two hundred and two respondents, or roughly 12.5% of the respondents, admit to stealing items worth more than $50 at any point. Thieves are defined as individuals who report stealing at least one item worth more than $50 by 2003. [TABLE 3 ABOUT HERE] In Table 3 I compare some basic attributes of male thieves and non-thieves in the data. There is some evidence that thieves have lower potential human capital - they come from slightly poorer homes, on average, and have lower evaluated test scores and mental health. Household income is reported household of origin income in 1997. Mental health scores are from an evaluation performed in 2000 as part of the NLSY panel, with 20 being the best possible evaluation, and 0 the lowest, or least healthy. The differences are statistically significant. The difference that are most striking are on ASVAB combined test scores and mental health, where the differences in mean are 28% and 24% of the respective standard deviations. These differences in test scores and mental health would naively expect us to see some differences in human capital. Theft could be associated ˆi (initial capital) values, but also with lower βi (patience) (It is also true that they with lower K are consistent with differences in d0i , d1i , but as can be seen in the fourth set of parameters in Table 2 these cannot help to explain greater incentive to steal, so are ignored.) At the bottom of Table 3 I provide a comparison of hours in school and hours working for males, up to age 20. As can be seen, thieves spend slightly less time in school, about 0.85 less of a school year (perhaps 7-8 months). Additionally, they have worked about 300 hours more, or nearly 7 weeks. In theory this might represent about 5-6 more months of idleness among thieves (because it is likely that some education and work are concurrent, this figure is approximate). [TABLE 4 ABOUT HERE] In Table 4 I compute probability of theft for males as grouped by several observable traits that are solid proxies for either human capital or family resources: ASVAB scores, mental health and household income for family of origin. As can be seen, 10% of males in the quartiles associated with high human capital levels still commit theft, while no more than 31% of males in the quartiles associated with low human capital commit theft. We can see that, as discussed in the review of the model, above, while mean human capital measures vary between thieves and non-thieves, there is a significant stochastic component to the decision to steal. In Figure 4 I show the development of hourly wages for thieves and non-thieves to 2011. The means are very similar to the early 20s, after which thieves begin to fall below non-thieves.
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There is no evidence that this similarity is due to access to opportunities, attrition, non-reporting or selection bias in the NLSY; attrition rates are about the same for both thieves and nonthieves. Incarceration appears to have an effect after age 21-23; if we exclude men who have been incarcerated, the lines stay together to the late 20s. Labor market participation data, as measured by the probability of reporting income from wages or salaries, presents an identical picture, as seen in Figure 5. [FIGURE 4 ABOUT HERE] [FIGURE 5 ABOUT HERE]
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GMM Analysis



5.1



Overview of Methodology



Having used the initial analysis of the model to focus on heterogeneity of (a) time preference and (b) initial human capital, I now use General Method of Moments to estimate parameters for the model for thieves and non-thieves from the NLSY data. Online Appendix B provides a fuller discussion of the entire approach; in this section I focus on the basic method and overall results. It should be emphasized that the focus of this exercise is looking at likely and consistent differences between those who commit theft and those who don’t. Because of the nonlinearity of the model and the need to fix parameters, some standard errors are quite low and significance quite high. I would urge readers to focus on the patter of differences in key parameters between thieves and non-thieves over the many estimations. Following Heckman et al. (2002), I group the NLSY wage data in five year periods - Period 1, ages 17 to 21; period 2, ages 22 to 26; and period 3, ages 27 to 31. Within each period, I average observations of real hourly compensation and annual income for each individual, ignoring missing values. Dollar values are adjusted for inflation to 2009 dollars using the implicit price deflator for personal consumption7 . Based on the ten period model, we are able to observe some or all of three periods for most NLSY respondents. This is sufficient to get estimates of model parameters, and precise estimates of the differences between thieves and non-thieves. The core GMM model is thus three equations, 7 Specifically,



this is annual, not seasonally adjusted, BEA series DPCERD3A086NBEA.
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0=   1/1−d1  9 ˆ + d0 d1 β (1−β ) W1i − K (1−β)



0= W2i − d0







9 ) d0 d1 β (1−β (1−β)



!



1/1−d1 d1



 1/1−d1 8 ˆ + d0 d1 β (1−β ) −K (1−β)



1/1−d1 d1



!   1/1−d1 d1 1/1−d1 7 (1−β 9 ) (1−β ) ˆ − d0 d1 β + d0 d0 d1 β (1−β) +K , (1−β)



0= W3i − d0







8 ) d0 d1 β (1−β (1−β)



where W1 , W2 , W3 are a measure of wages or earnings for ages 17-21, 22-26 and 27-31, respectively. In the analysis that follows I use hourly compensation and annual income, getting very similar results for both. As discussed in Online Appendix B, I have experimented with running the regressions with various parameters set, focusing on approaches where β is set. As is standard in the literature (see for example Heckman et al. 1998, page 27) I begin the estimation process with some parameters derived from other sources, in particular the value of discount rate parameter β. As a robustness check I rerun the estimation with a range of values. Results are stable within a range of values that is consistent with the literature. In particular, relative differences between thieves and non-thieves are extremely stable.8 Further details can be seen in the Online Appendix. Having found a set of values that are both consistent with the data and the literature, it now becomes possible to estimate the difference in K0 and β between non-thieves (honest individuals) and thieves. I now run identical equations for thieves and non-thieves, which creates six equations (three each for both categories). By using a range of reasonable values for d1 and then d0 , d1 I ˆ h, K ˆ t , βh , βt that showed a stable and robust differences between was able to get estimates of K thieves and non-thieves. For a fuller discussion of the process and additional regression output, see Online Appendix B. As can be seen in Table 5, the regressions estimate the difference in initial human capital for thieves as about $0.60-0.67/hour, and the difference in discount rate at 0.3%. I rerun all these regressions using annual income data. The results from these are very similar to the hourly wage regressions, and can be seen in Table 6. The difference in initial human capital is estimated at $2,200 to $2,450, with a difference in discount rate of 0.4%. 8 Because of the strong assumptions of the model, and the fact that β and d , d cannot be estimated in a 0 1 single run, standard errors are small and the significance levels for individual parameters are high.
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[TABLE 5 ABOUT HERE] [TABLE 6 ABOUT HERE] What would this difference mean in the real world? The difference in human capital when analysed as hourly wage is about a 5% difference. Using annual earnings data the difference is greater, about 10% at the beginning. If there was no discount rate difference, these differences would stay fixed. However, because of lower investment in earlier years, the model predicts that the differences will accelerate over time, so that thieves will be earning about 10% less per hour, and as much as 13% less in annual earnings, for the second half of their career. The final stage is to estimate the wage equations with the period 1 correction for possible future punishment and tarnishing. As a reminder, all individuals have the possibility of committing crime and ex ante all should be ready to commit crime; we are looking for ex post differences between those who did and those who didn’t. The correction done in period 1 is fairly simple, and requires individuals to take into account the odds that (a) an attractive theft opportunity will come, (b) they will take it, (c) they will be caught and punished, and (d) their human capital tarnished with damage τ . As discussed above (more details can be seen in Appendices B and B), the adjustment term is (π(1 − τ )d1i + (1 − π)), where π is the product of the ex ante odds of an attractive opportunity multiplied by the odds of punishment and tarnishing, conditional on committing the crime, and τ is of course tarnishing. Since roughly 20% of thieves report criminal convictions for theft, and the variation in probability of stealing by observables goes from about 10% to about 30%, I focus on values for π that go from 0.2 × 0.10 = 0.02 to 0.2 × 0.30 = 0.06. The value for τ shown in table 7 is 0.10. In Appendix I show additional work for values of τ at 0.05 and 0.30. Reviewing the values in Table 7 we can see that the period 1 adjustment only changes values very little - all the parameter estimates are virtually identical to those shown in Tables 5 and 6. Across all the estimation exercises, the patterns remain very stable across a range of parameters value and modeling choices. [TABLE 7 ABOUT HERE] In addition to the GMM results detailed above, I have also run a range of multiple regressions comparing (a) number of grades repeated and (b) number of employers for thieves and nonthieves. Across a range of specifications, using a variety of controls, and limiting the population to individuals with no criminal justice penalties, theft is positively and significantly associated with both repeating grades and number of employers. Thus, we can see a strong pattern of underinvestment in schooling and at the same time active engagement in the labor market. As Figures 4 and 5 show, to ages 21-23, thieves appear to have at least as much access to work as
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non-thieves.



5.2



Analysis: Heterogeneity Leading to Theft



In Equation 4, theft is predicted if the return is greater than the sum of (a) the expected lost future earnings (from the tarnishing of human capital if caught) (b) the expected disutility from punishment and (c) the opportunity cost of lost time. The preceding analysis points strongly towards certain meaningful differences between thieves and non-thieves. In particular, differences in lost future earnings and expected disutility from punishment can help to explain differences in behavior, while there is little sign of differences in the opportunity cost of lost time. As shown in Table 2, if being caught and sentenced for theft is likely to reduce future earnings by 10%, then the individuals who have reported theft would on average expect to lose about $6,500 in net present value from such a sentence. In the NLSY 1997 data, about 20% of those reporting theft also report being charged with a crime (about 15% report any conviction). Thus the difference in expected cost of punishment between thieves and non-thieves might be as much as 0.2 × $6, 500 = $1, 300 on average9 . Since the reported thefts are for items valued at $50 or more, this suggests that thieves’ decisions can be justified on a rational basis. Additionally, the subjective difference in discount rate also leads to a difference in the discounted disutility of punishment, although not as great - since the difference on a monthly basis is about one one-hundredth of a percent, disutility from punishment would have to be on the order of $100,000 or more for it to make so much as $1.00 difference. One plausible source of heterogeneity is not supported in this analysis or in the NLSY 1997 data: differences in opportunity cost, which would make theft reasonable as a substitute for labor, do not show up. The hourly wages and annual incomes are effectively the same for both groups.



6



Conclusion



I have developed and solved a model that links human capital investment and theft behavior. I focus on the three sets of human capital parameters as potential sources of variation in theft ˆi , patience βi , and human capital production potential d0 , d1 . behavior: initial human capital K At first blush, all are plausible candidates for particularly low perceived costs to theft. Very low initial human capital, within the model, could significantly reduce the opportunity cost of 9 Reducing the damage to future earnings and/or the odds of punishment reduces the difference, but even a 5% risk of punishment and 5% damage to earnings yields a difference of $162.50, enough to rationally justify the pattern.
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theft and the perceived future lost wages from developing a criminal record. Similarly, very low discount rates (high impatience) could reduce the present discounted value of future punishment and future lost wages. Low human capital production potential would mean lower earnings further on in the individual’s career, and might reduce the expected cost of theft. The last of these is the most easily disposed of: low human capital production potential (low d0 , d1 ), while a reasonable match to the differential wage development of thieves and non-thieves, does not actually lead to any difference in the present value of lost future wages. Low potential does not appear to lower any of the other costs of theft - it does not affect disutility of criminal justice sanctions or the immediate opportunity cost of crime. These parameters can thus be rejected as a potential explanation within the rational agent framework. This is a completely novel result within the literature. Low initial human capital appears to play a role, but only with regard to net present value of future earnings. One obvious explanation of theft, lower opportunity cost, cannot be supported by the data. Hourly and annual earnings for thieves are about the same if not higher than for non-thieves, a pattern that can be seen in other data as well (see for example Paternoster et al. 2003, Brame et al. 2004, Apel et al. 2008, and Holzman 1982, table 4). Lower discount rate also appear to play a role. Estimated discount rates for thieves are slightly lower than for non-thieves; combined with the lower initial human capital, this leads to significant differences in the discounted value of lost future earnings. More generally, lower discount rates may be linked to lack of self-control and a lower fear of punishment. Combined, the decision to steal appears to have some rational basis: If we estimate that a criminal justice record reduces future earnings by 10%, and that thieves have a 20% risk of punishment (as appears to be the case in the NLSY data) individuals reporting having committed a theft face an expected loss from theft that is $1,300 less in discounted lost earnings than the individuals not reporting a theft. Thus the decision to steal can be matched to a rational analysis of utility maximization. Importantly, and in a substantial contribution to previous research, the model and empirical work together establish that the opportunity cost of time during the period of theft cannot help explain the decision to steal, at least within the NLSY 1997 data. The entire difference between thieves and non-thieves comes from expected future earnings. This novel result makes it extremely difficult to sustain arguments that view property crime as a substitute for legitimate labor10 . By allowing heterogeneity in both initial human capital and in discount rates, this exercise 10 Other



crimes, particularly drug dealing, are different in important ways, and labor substitution may play a significant role with them.
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makes it possible to relate both objective and subjective aspects of individual circumstances to clearly measurable differences in career path. Finally, combined with Lochner (2004) these results have the potential to inform policy at two levels. With regard to theft and crime generally, the results reinforce much work of the last few decades, that interventions in early stage human capital have the most promise Heckman (2006). With the focus on a single type of crime the results help us to understand with much greater specificity how human capital deficiencies effect behavior. At a much broader level, the changing relative earnings of thieves and non-thieves show that differences in human capital do not have simple, predictable effects on earnings.



Supplementary Material Supplementary material (the Appendix) is available online at the OUP website.
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Figure 1: ˆi Baseline and Low K



Wage development in the human capital model outlined in the text. The baseline ˆi parameterization (in the baseline, initial K ˆi is parameterization is compared with the low K ˆ $15; in the low Ki parameterization is $14). As can be seen, wages are shifted systematically ˆi version. downward in the low K
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Figure 2: Baseline and Low βi



Wage development in the human capital model outlined in the text. The baseline parameterization with an annual discount factor of 0.961 is compared with the low β parameterization (where β is 0.959). As can be seen, wages are extremely similar, but start slightly higher in the low β version, dropping relative to the baseline. This is because human capital investment yields a lower discounted value for a low β individual.
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Figure 3: Baseline and low d0 , d1



Wage development in the human capital model outlined in the text. The baseline parameterization, where d0 = 0.308 and d1 = 0.948 is compared with the low d0 and d1 parameterization (where d0 = 0.28 and d1 = 0.92 ). As can be seen, wages start slightly higher in the low d0 and d1 version, dropping relative to the baseline. This is because human capital investment yields a lower return for an individual with lower d0 and d1 values. Although this is far more extreme than any pattern in the data, the discounted value of lost wages is virtually identical for both individuals.
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Figure 4: Wage Development by Theft Behavior



Actual development of hourly compensation in the NLSY 1997, in 2009 dollars, for thieves and non-thieves. Notice that (a) wages are extremely similar across all years, making any opportunity cost very difficult to substantiate, and (b) wages are slightly higher for thieves in the teen years but then become lower in the late twenties, very much in keeping with differences in discount rates. Comparison is among males in the simple random sample.
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Figure 5: Employment Development by Theft Behavior



Development of labor market engagement in the NLSY 1997, for thieves and non-thieves. Notice that likelihood of employment is extremely similar across to age 21-23 (after which point virtually no respondents report theft) supporting the pattern in the previous figure. Comparison is among males in the simple random sample.
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Figure 6: Wage Development by Theft Behavior



Development of wages for thieves and non-thieves to age 30, using the estimated GMM parameters from Table 5 (second specification) with the model of the text.
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Table 1: Model Timeline Period t Decisions:



Payouts:



= Choose investment for period 1



1 Steal/Don’t Steal



2 Choose investment for period 2



All theft payouts and punishments Earn wage for period 1



Earn wage for period 2
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...



T



Choose investment for period 3



Earn wage for period T



Table 2: Impact of a 10% Loss In Income Under Representative Parameterizations Model Name



Baseline



Parameters Name Value Name Value β 0.82 d0 0.308 d1 0.948 K0 15



Lost Income From Criminal Conviction Present Value Difference of 10% Loss from Baseline $56,884 NA



Low Initial Human ˆ Capital K



β d0 d1 K0



0.82 0.308 0.948 14



$53,092



-$3,791



Low Discount Rate β



β d0 d1 K0



0.81 0.308 0.948 15



$54,350



-$2,534



Low Human Capital Production Coefficients



β d0 d1 K0



0.82 0.28 0.92 15



$56,879



-$4



ˆ and Low K Low β



β d0 d1 K0



0.81 0.308 0.948 14



$50,726



-$6,157



Representative parameterizations of the model, showing how a 10% loss of income from a conviction differentially impacts those with lower initial human capital, discount rates, or human capital potential. Notice that while low initial human capital and a low discount rate lead to a lower anticipated present value from a conviction, lower “potential” (lower human capital development parameters) does not substantially vary lost future income. The combination of low initial human capital and low discount rate leads to a very substantial reduction in lost future income and is a close match to the wage progression in the data. Note that d0 , d1 , β are five-year values (the model works in 10 periods, representing a 50-year career length). More detail on these computations is provided in Table C1 in online Appendix C. More background on the source of parameters is given in online Appendix B.
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Table 3: Summary Statistics For Males All Age in 1997 (St. Dev)



14.83 (1.45)



Non-Thieves (Honest) 14.84 ( 1.45)



Household of origin income (N=3,316) (St. Dev)



47,647 (42,441)



48,672 (42,723)



43,046 (40,871)



White



52.5%



53.2%



49.2%



Black



25.4%



25.1%



27.1%



Hispanic



21.2%



20.8%



23.1%



ASVAB Scores (Math and Verbal, N=3,575) (St. Dev)



44,518 (29,656)



46,158 (29,799)



36,793 (27,716)



Mental Health (20 best, 0 worst, N=4,085) (St. Dev)



15.80 (2.47)



15.92 (2.38)



15.23 (2.78)



12.7



11.9



Estimated Years in School to 20th Birthday (N=3,386)



Thieves 14.86 (1.42)



Hours Working to 20th Birthday (N=3,386) 3,342.1 3,615.9 A comparison of basic data between male thieves and non-thieves. When not otherwise given, N=4,599. While only very minor age or ethnicity differences emerge in the data, there are significant differences on measure directly related to human capital. Particularly, thieves are more likely come from a family of origin with lower income and have lower test scores and evaluated mental health. To compare time working with time in education up to the respondents 20th birthday, an estimate is made of how much time they spent in school (using highest grade up through a second year of college, plus any repeated grades) combined with the NLSY’s numbers for total hours working as a teenager.
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Table 4: Percentage of Males Committing Theft, By Quartiles



Household of origin income (N=3,316)



First 21.6%



Quartile Second Third 20.3% 16.6%



Fourth 14.4%



ASVAB Scores (Math and Verbal, N=3,575)



24.2%



17.9%



16.8%



11.2%



Mental Health (20 best, 0 worst, N=4,085)



27.9%



17.5%



16.6%



15.1%



Individuals in the same quartile (N=220) 31.0% 14.6% 14.0% 10.9% for all three measures The table uses three measures that show correlation with theft behavior, and looks at the percent of male respondents in each quartile who report theft. As can be seen, while the odds of theft fall as you move to higher quartiles, the difference in rates of theft from the most likely to the least likely groups is roughly 20% (from 31.0% to 10.9%). This supports the modeling assumptions of a strong stochastic element in theft decision-making, and estimation results that support a small difference in ex ante risk of criminal behavior and a criminal record.
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Table 5: ˆ h, K ˆ t from d1 and d0 for Hourly Wages Establishing βh , βt , K GMM Regression Hourly Wages, Males Only Parameters Set: d1 , d0 ˆ h, K ˆt Parameters Estimated: βh , βt , K Parameters of d1 of d0 βh



0.940 0.286 0.838*** (0.000)



Values 0.948 0.308 0.817*** (0.000)



0.954 0.328 0.799*** (0.000)



βt



0.835*** (0.001)



0.814*** (0.001)



0.796*** (0.001)



ˆh K



15.395*** (0.079)



15.227*** (0.077)



15.088*** (0.075)



14.727*** 14.599*** (0.168) (0.162) Criterion Q(b) 0.000 0.000 No. of Parameters 4 4 No. of Moments 6 6 No. of observations 3833 3833 Hansen’s J Test .0013 .0003 J Test d.f. 2 2 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types



14.493*** (0.157) 0.000 4 6 3833 .0001 2



ˆt K
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Table 6: ˆ h, K ˆ t from d1 and d0 for Annual Income Establishing βh , βt , K GMM Regression Annual Income, Males Only Parameters Set: d1 , d0 ˆ h, K ˆt Parameters Estimated: βh , βt , K of d1 of d0 βh



0.942 0.550 0.7962*** (0.0001)



Values 0.933 0.553 0.8171*** (0.0002)



0.924 0.561 0.8358*** (0.0002)



βt



0.7930*** (0.0005)



0.8134*** (0.0006)



0.8317*** (0.0006)



ˆh K



24,795*** (162)



25,407*** (167)



25,962*** (172)



ˆt K



22,586*** (350)



23,069*** (366)



23,508*** (380)



0.001 4 6 3811 2.52 2



0.001 4 6 3811 2.56 2



Criterion Q(b) 0.001 No. of Parameters 4 No. of Moments 6 No. of observations 3811 Hansen’s J Test 2.48 J Test d.f. 2 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types
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Table 7: Evaluating Model with Period 1 Investment Adjustment GMM Regression Hourly Wages and Annual Income, Males Only Parameters Set: d1 , d0 , τ , πh , πt ˆ h, K ˆt Parameters Estimated: βh , βt , K Hourly Wages d1 = 0.948, d0 = 0.308 τ = 0.1 πh = 0.01 0.02 πt = 0.10 0.06 βh 0.817*** 0.817*** (0.000) (0.000)



Annual Income d1 = 0.933, d0 = 0.553 τ = 0.1 0.01 0.02 0.10 0.06 0.817*** 0.818*** (0.000) (0.000)



βt



0.817*** (0.001)



0.815*** (0.001)



0.817*** (0.001)



0.815*** (0.001)



ˆh K



15.251*** (0.077)



15.270*** (0.077)



25,496.172*** (168.389)



25,560.540*** (169.032)



ˆt K



14.730*** 14.679*** 23,616.785*** 23,397.353*** (0.169) (0.166) (387.083) (377.894) Criterion Q(b) 0.001 0.000 0.004 0.002 No. of Parameters 4 4 4 4 No. of Moments 6 6 6 6 No. of observations 3833 3833 3811 3811 Hansen’s J Test 2.413769 .994485 14.75184 7.61716 J Test d.f. 2 2 2 2 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, τ represents loss of human capital from criminal record, π represents ex ante expectation of developing criminal record, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types
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APPENDICES The thief’s wages: theft and human capital development By Geoffrey Williams Department of Economics, Transylvania University



1



A



Solving for the Human Capital Policy Function



Solving the human capital investment problem is a relatively straightforward dynamic programming problem (Bertsekas 2005). The problem is (as above) formally:



max



{xit }T 1



T X



E0 (βit−1 (1 − xit )Kit )



t=1



s.t. Kit+1 = d0i (xit Kit )d1i + Kit ˆi Ki1 = K That is, the agent i needs to find an optimal sequence of investment decisions {xit }T1 given the ˆ i. parameter values and his initial level of human capital K The objective function is concave in xit , so we can work backwards from period T , solving for the optimal solution and looking for the general pattern. Period T: Since in period T , the agent has no concern with any later periods, investment should be set to 0. Period T-1: In period T − 1, the agent is maximizing the discounted present value of his human capital in both T − 1 and T :



(1 − xiT −1 )KiT −1 + βi (d0i (xiT −1 KiT −1 )d1i + KiT −1 )



Taking the derivative with regard to xiT −1 and solving for xiT −1 we get:



xiT −1 =



1 KiT −1



1



(d0i d1i βi ) (1−d1i )



Period T-2: We can then move to period T − 2: (1 − xiT −2 )KiT −2 + βi (d0i (xiT −2 KiT −2 )d1i + KiT −2 )+ βi2 (d0i (xiT −1 (d0i (xiT −2 KiT −2 )d1i + KiT −2 ))d1i + d0i (xiT −2 KiT −2 )d1i + KiT −2 ) Substituting our earlier solution for xiT −1 and then taking the derivative we get: d1i 2 d1i −1 d1i −KiT −2 + βi d0i d1i (xiT −2 )d1i −1 KiT KiT −2 −2 + βi d0i d1i (xiT −2 )



and solve for xiT −2 =



1 KiT −2



1



(d0i d1i βi (1 − βi )) (1−d1i )



2



Continuing in this manner we see the pattern: 1 xit = Kit



A.1



(1 − βiT −t ) d0i d1i βi (1 − βi )



! (1−d1



1i )



Possibility of Tarnishing in Period t + 1



We have just solve the deterministic case. How is this solution changed by the stochastic possibility of tarnishing, as in the model? As before, we can use backward induction to solve this. If an agent is trying to optimize capital investment in period T − 1 and think there is some risk π of receiving a tarnish of τ between periods T − 1 and T , his optimization problem is now weighting two possible period T capital levels, thus:



(1−xiT −1 )KiT −1 +πβi (d0i (xiT −1 ((1−τ )KiT −1 ))d1i +(1−τ )KiT −1 )+(1−π)βi (d0i (xiT −1 KiT −1 )d1i +KiT −1 )



Taking the derivative with regard to xiT −1 and solving for xiT −1 as before, we now also need to pull out the coefficient (π(1 − τ )d1i + (1 − π)), getting:



xiT −1 =



1 (π(1 − τ )d1i + (1 − π)) (d0i d1i βi ) (1−d1i ) KiT −1



The intuition behind the expression (π(1 − τ )d1i + (1 − π)) as an adjustment factor is simple; because each individual has a greater-than-zero possibility of stealing and hence getting a criminal record, they all slightly reduce their first period investment and increase their first period consumption. The expression takes values between 0 and 1, decreasing in π and τ .
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B



Background on Parameters and GMM Process



In this section I briefly discuss the process and approach to estimation, as well as presenting more results than are in the main text. For the parameter values throughout the paper, I began with parameter values from the literature, in particular Heckman et al. (1998, Table 1), Browning et al. (1999, Table 2.3 page 585). I then use GMM to estimate values that are close to values found by previous researchers and that match the model with the NLSY data. Because the GMM equations used are highly nonlinear, some values must be fixed in each estimation (more below). To make sure that no result or estimate value is dependent on a particular fixed parameter, I have run numerous versions with slight variations. All results appear stable and robust. Because of the need to fix either β or d0 , d1 parameters in estimation, and more generally because of the inherent assumptions of the model, the standard errors for the estimates are likely too high, and any specific point estimate may be biased. However, the focus of this paper is the relative differences in parameters between thieves and non-thieves and these appear to be very stable and consistent across a range of values. ˆ the initial value of human capital, measured in dollars per hour of wage compensation, For K I use values centered around 15.00. This is slightly higher than the midpoint of estimates in Heckman et al. (1998, Table 1). Their equivalent parameter Ha has eight values, running from 9.530 to 18.429. Because I am using NLSY 1997 cohort data adjusted to 2009 dollars while they are using NLSY 1979 cohort data in 1992 dollars, some upward shift for inflation seems reasonable. For annual figures I worked with trial and error, based on starting parameters for β, d0 , d1 that had worked for hourly wages. For d0 , the coefficient of human capital production, which is A(θ) in their notation, I begin with values centered around 0.3, which is roughly 3.5 times their values, which range from 0.081 to 0.087. Since I am using five-year periods, while they use one-year periods, this adjusts for a longer period of development. For d1 , the exponent of human capital production, which is β in their notation, I use 0.94-0.95, significantly higher than their values are 0.832 and 0.871. This adjustment seems appropriate given the five-year accumulation period in this paper. For β, the time preference parameter, which is δ in their notation, I use 0.82, which is roughly their one-year value of 0.96 raised to the fifth power. Following Heckman et al. (2002) for the human capital development I use a 10-period life, where each period represents 5 years. Since I am using a slightly different model than these
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researchers, I then double check the predicted hourly wage over the “lifespan” to make sure the hourly wage development compares well with the literature and with the NLSY data. The pattern that can be seen in the baseline is a development from $7-8 hourly wage as a teenager to $20-25 at maturity, which is consistent with the NLSY and other data sets. Table B1 summarizes my initial values (very close to all final values for hourly wages) in comparison with Heckman et al. (1998). Following the literature, specifically the sources discussed above, I begin with a range of parameters for each of these values. In the general form, i.e. without heterogeneity, there are ˆ d0 , d1 , β. However, because (a) the model is nonlinear, (b) because the pair four unknowns: K, d0 , d1 and the discount factor β both have similar effects on wage development, and (c) I only have data on respondents’ wages for the first 15 or so years of their career, it is not possible to get GMM to converge with all four parameters free. This is true even in when the model is just identified with four equations or overidentified with five equations (i.e., by using five groupings of three-year averages as opposed to three groupings of five-year averages). As presented in the literature, discount rate is likely to be around 0.82 (0.96 annually). For ˆ d0 , d1 with β set to values of around 0.80 to 0.84. The this reason I focus on computing K, ˆ d0 , d1 are stable for β in the results can be seen in Table B2 and B3. Estimated values for K, 0.8 to 0.84 range, and are in line with those in the literature. Using these as starting values we can then estimate the difference in β and K0 for thieves and non-thieves. For hourly earnings the first values can be seen in Table B4; to get these values I set only d1 , and specify different ˆ for thieves and non-thieves. values of β and K In order to compute the different K0 and β values, that is K0h , βh for non-thieves (honest) and K0t , βt for thieves, I run two sets of the main three equations at the same time. Using the indicator



e¯i =



   1   0



if theft reported by individual i in years 1997-2011 else,



The GMM equations are as follows (with d1 set in the code):



5



0 = (1 − e¯i )× ˆh + W1i − K



 d0 d1 βh



9 )) ((1−βh (1−βh )



1/1−d ! 1



0 = (1 − e¯i )×  W2i − d0



(1−β 9 )



d0 d1 βh (1−βh )



1/1−d !d1 1



h



ˆh + −K







(1−β 8 )



d0 d1 βh (1−βh )



1/1−d ! 1



h



0 = (1 − e¯i )×  W3i − d0



(1−β 8 )



d0 d1 βh (1−βh )



1/1−d !d1 1



h



 − d0



(1−β 9 )



d0 d1 βh (1−βh )



1/1−d !d1 1



h



ˆh + −K







(1−β 7 )



d0 d1 βh (1−βh )



1/1−d ! 1



h



0 = e¯i × ˆt + W1i − K



 d0 d1 βt



9) (1−βt (1−βt )



1/1−d ! 1



0 = e¯i ×  W2i − d0



d0 d1 βt



9) (1−βt (1−βt )



d0 d1 βt



9) (1−βt (1−βt )



1/1−d !d1 1



ˆt + −K



 d0 d1 βt



8) (1−βt (1−βt )



1/1−d ! 1



0 = e¯i ×  W3i − d0



1/1−d !d1 1



 − d0



d0 d1 βt



8) (1−βt (1−βt )



1/1−d !d1 1



ˆt + −K



 d0 d1 βt



7) (1−βt (1−βt )



1/1−d ! 1



All of these estimations are quite stable to a range of parameter choices consistent with the literature. However, of course, the focus of this work is the difference between thieves and non-thieves. Across all of these estimates the differences are extremely stable. Together, these regressions estimate the difference in initial human capital for thieves as about $0.60-0.67/hour, and the difference in discount rate at 0.3%. In B4 the difference in discount rates is not significant, but it is significant in Table B6 due to the tighter standard errors from setting parameters. I rerun all these regressions using annual income data. The results from these are very similar to the hourly wage regressions, and can be seen in Tables B5 and B7. The difference in initial human capital is estimated at $2,200 to $2,450, with a difference in discount rate of 0.4%. The final stage, to prepare the estimation used in the main text, involves adding the term that individuals use to adjust investment in the first period, to take into account the odds that (a) an attractive theft opportunity will come, (b) they will take it, (c) they will be caught and punished, and (d) their human capital tarnished with damage τ . As seen in Appendix , the adjustment term is (π(1 − τ )d1i + (1 − π)), where π is the product of the ex ante odds of an attractive opportunity multiplied by the odds of punishment and tarnishing, conditional on committing the crime. Since roughly 20% of thieves report criminal convictions for theft, and the variation in probability of stealing by observables goes from about 10% to about 30%, I use values for π that vary from 0.01 to 0.10. I additionally try τ values going from 0.05 to 0.30.
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,



The GMM equations for this last stage are as follows: 0 = (1 − e¯i )× ˆh + W1i − K







(π(1 − τ )d1i + (1 − π))d0 d1 βh



9 )) ((1−βh (1−βh )



1/1−d ! 1



0 = (1 − e¯i )×  W2i − d0



(1−β 9 )



(π(1 − τ )d1i + (1 − π))d0 d1 βh (1−βh )



1/1−d !d1 1



h



ˆh + −K







(1−β 8 )



d0 d1 βh (1−βh )



1/1−d ! 1



h



0 = (1 − e¯i )×  W3i − d0



(1−β 8 )



d0 d1 βh (1−βh ) h



1/1−d !d1 1



 − d0



(1−β 9 )



(π(1 − τ )d1i + (1 − π))d0 d1 βh (1−βh )



1/1−d !d1 1



h



ˆh + −K







(1−β 7 )



d0 d1 βh (1−βh )



1/1−d ! 1



h



0 = e¯i × ˆt + W1i − K







(π(1 − τ )d1i + (1 − π))d0 d1 βt



9) (1−βt (1−βt )



1/1−d ! 1



0 = e¯i ×  W2i − d0



(π(1 − τ )d1i + (1 − π))d0 d1 βt



9) (1−βt (1−βt )



(π(1 − τ )d1i + (1 − π))d0 d1 βt



9) (1−βt (1−βt )



1/1−d !d1 1



ˆt + −K



 d0 d1 βt



8) (1−βt (1−βt )



1/1−d ! 1



0 = e¯i ×  W3i − d0



1/1−d !d1 1



 − d0



d0 d1 βt



8) (1−βt (1−βt )



1/1−d !d1 1



ˆt + −K



 d0 d1 βt



Looking at Table 7 in the main text and Online Appendix Tables B8 and B9, it can be seen that not only are parameter values largely within the range of the previous estimates, but that ˆ h and K ˆ t are also. the gap between βh and βt and K The one exception is for the estimates the combine both (a) significant ex ante differences in probability of theft between the two groups (ex post thieves and honest) and (b) the high value of τ ).Specif ically, f orπh = 0.01, πt = 0.10, τ = 0.30 the discount rate for thieves actually becomes higher than that for non-thieves. For several reasons these parameter values appear unlikely. First, they are not supported by the NLSY data or the empirical literature - high human capital and low human capital males have fairly close rates of theft, and 0.30 is at the very outside of the estimates of damage to wages from a criminal record. Second, because of the shift in discount rates, there is very little difference in long term costs of theft (it falls below $3,000 to nearly $1,000), which means from a theoretical perspective it unlikely. Thus, both empirical and theoretical analysis suggests this an outside range of possibilities. However, it is helpful as a robustness check.
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7) (1−βt (1−βt )



1/1−d ! 1



,



Table B1: Initial Values Relative to Previous Researchers



Variable Period length Dataset Inflation adjusted to Discount rate (β) (one-year equivalent) ˆ Initial Human Capital (K) Human Capital Growth Coefficient (d0 ) Human Capital Growth Exponent (d1 )



This Paper five years NLSY 1997 2009 dollars 0.82 0.961 15.00 0.3 0.94-0.95
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Heckman et al. (1998) one year NLSY 1979 1992 dollars 0.96 0.96 9.53-18.43 0.081-0.087 0.832-0.871



Table B2: ˆ d0 , d1 from β for Hourly Wages Establishing K, GMM Regression Hourly Wages, Males Only Parameters Set: β ˆ d0 , d1 Parameters Estimated: K, Over five years (Over one year) Parameter ˆ K



0.80 (0.956)



Value of β 0.82 0.84 (0.961) (0.966)



0.95 (0.990)



14.966*** (0.108)



15.116*** (0.113)



15.264*** (0.118)



16.019*** (0.150)



0.326*** (0.003)



0.303*** (0.003)



0.283*** (0.003)



0.196*** (0.004)



0.954*** (0.003)



0.948*** (0.003)



0.940*** (0.004)



0.888*** (0.007)



3 3 3833



3 3 3833



3 3 3833



d0



d1



No. of Parameters 3 No. of Moments 3 No. of observations 3833 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types
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Table B3: ˆ d0 , d1 from β for Annual Income Establishing K, GMM Regression Annual Income, Males Only Parameters Set: β ˆ d0 , d1 Parameters Estimated: K, Over five years (Over one year) Parameter ˆ K



0.80 (0.956)



Value of β 0.82 0.84 (0.961) (0.966)



0.95 (0.990)



24,381*** (334)



24,948*** (359)



25,510*** (384)



28,440*** (533)



d0



0.539*** (0.024)



0.542*** (0.028)



0.549*** (0.032)



0.690*** (0.080)



d1



0.942*** (0.004)



0.933*** (0.005)



0.924*** (0.005)



0.857*** (0.010)



3 3 3811



3 3 3811



3 3 3811



No. of Parameters 3 No. of Moments 3 No. of observations 3811 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types
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Table B4: ˆ h, K ˆ h and d0 from d1 for Hourly Wages Establishing βh , βt , K GMM Regression Hourly Wages, Males Only Parameters Set: d1 ˆ h, K ˆ t , d0 Parameters Estimated: βh , βt , K Value of d1 0.940 0.948 Parameters βh 0.838*** 0.817*** (0.015) (0.014)



0.954 0.799*** (0.014)



βt



0.835*** (0.015)



0.814*** (0.014)



0.796*** (0.014)



ˆh K



15.394*** (0.081)



15.227*** (0.078)



15.088*** (0.075)



ˆt K



14.727*** (0.169)



14.599*** (0.162)



14.493*** (0.158)



d0



0.286*** (0.020)



0.308*** (0.020)



0.328*** (0.020)



0.000 5 6 3833 0.0003 1



0.000 5 6 3833 0.0001 1



Criterion Q(b) 0.000 No. of Parameters 5 No. of Moments 6 No. of observations 3833 Hansen’s J Test 0.0007 J Test d.f. 1 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types
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Table B5: ˆ h, K ˆ t and d0 from d1 for Annual Income Establishing βh , βt , K GMM Regression Annual Income, Males Only Parameters Set: d1 Parameters Estimated: βh , βt , K0h , K0h , d0 Value of d1 0.942 0.933 Parameters βh 0.796*** 0.817*** (0.010) (0.010)



0.924 0.836*** (0.011)



βt



0.793*** (0.010)



0.813*** (0.010)



0.832*** (0.011)



ˆh K



24,795*** (164)



25,407*** (172)



25,962*** (180)



ˆt K



22,585*** (351)



23,069*** (367)



23,508*** (381)



d0



0.550*** (0.024)



0.553*** (0.026)



0.561*** (0.028)



0.001 5 6 3811 2.52 1



0.001 5 6 3811 2.56 1



Criterion Q(b) 0.001 No. of Parameters 5 No. of Moments 6 No. of observations 3811 Hansen’s J Test 2.48 J Test d.f. 1 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types
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Table B6: ˆ h, K ˆ t from d1 and d0 for Hourly Wages Establishing βh , βt , K GMM Regression Hourly Wages, Males Only Parameters Set: d1 , d0 ˆ h, K ˆt Parameters Estimated: βh , βt , K Parameters of d1 of d0 βh



0.940 0.286 0.838*** (0.000)



Values 0.948 0.308 0.817*** (0.000)



0.954 0.328 0.799*** (0.000)



βt



0.835*** (0.001)



0.814*** (0.001)



0.796*** (0.001)



ˆh K



15.395*** (0.079)



15.227*** (0.077)



15.088*** (0.075)



14.727*** 14.599*** (0.168) (0.162) Criterion Q(b) 0.000 0.000 No. of Parameters 4 4 No. of Moments 6 6 No. of observations 3833 3833 Hansen’s J Test 0.0013 0.0003 J Test d.f. 2 2 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types



14.493*** (0.157) 0.000 4 6 3833 0.0001 2



ˆt K
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Table B7: ˆ h, K ˆ t from d1 and d0 for Annual Income Establishing βh , βt , K GMM Regression Annual Income, Males Only Parameters Set: d1 , d0 ˆ h, K ˆt Parameters Estimated: βh , βt , K of d1 of d0 βh



0.942 0.550 0.7962*** (0.0001)



Values 0.933 0.553 0.8171*** (0.0002)



0.924 0.561 0.8358*** (0.0002)



βt



0.7930*** (0.0005)



0.8134*** (0.0006)



0.8317*** (0.0006)



ˆh K



24,795*** (162)



25,407*** (167)



25,962*** (172)



ˆt K



22,586*** (350)



23,069*** (366)



23,508*** (380)



0.001 4 6 3811 2.52 2



0.001 4 6 3811 2.56 2



Criterion Q(b) 0.001 No. of Parameters 4 No. of Moments 6 No. of observations 3811 Hansen’s J Test 2.48 J Test d.f. 2 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types
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Table B8: ˆ h, K ˆ t from d1 , d0 and τ for Hourly Wages Establishing βh , βt , K GMM Regression Hourly Wages, Males Only. Full Model, Including π and τ for period 1 adjustment of investment. Parameters Set: Constant d1 = 0.948, d0 = 0.308, Variable πh , πt , τ ˆ h, K ˆt Parameters Estimated: βh , βt , K Parameters τ = 0.05 τ = 0.10 πh = 0.01 0.02 0.01 0.02 πt = 0.10 0.06 0.10 0.06 βh 0.817*** 0.817*** 0.817*** 0.817*** (0.000) (0.000) (0.000) (0.000)



τ = 0.30 0.01 0.02 0.10 0.06 0.818*** 0.818*** (0.000) (0.000)



βt



0.815*** (0.001)



0.815*** (0.001)



0.817*** (0.001)



0.815*** (0.001)



0.822*** (0.001)



0.819*** (0.001)



ˆh K



15.239*** (0.077)



15.248*** (0.077)



15.251*** (0.077)



15.270*** (0.077)



15.310*** (0.077)



15.362*** (0.078)



14.663*** 14.638*** 14.730*** (0.165) (0.164) (0.169) Criterion Q(b) 0.000 0.000 0.001 No. of Parameters 4 4 4 No. of Moments 6 6 6 No. of observations 3833 3833 3833 Hansen’s J Test 0.5323 0.2386 2.4138 J Test d.f. 2 2 2 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, τ represents loss of human capital from criminal record, π represents ex ante expectation of developing criminal record, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types



14.679*** (0.166) 0.000 4 6 3833 0.9945 2



14.917*** (0.186) 0.010 4 6 3833 38.1968 2



14.846*** (0.175) 0.003 4 6 3833 11.6740 2



ˆt K
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Table B9: ˆ h, K ˆ t from d1 , d0 and τ for Annual Income Establishing βh , βt , K GMM Regression Annual Income, Males Only. Full Model, Including π and τ for period 1 adjustment of investment. Parameters Set: Constant d1 = 0.933, d0 = 0.553, Variable πh , πt , τ ˆ h, K ˆt Parameters Estimated: βh , βt , K Parameters τ = 0.05 τ = 0.10 πh = 0.01 0.02 0.01 0.02 πt = 0.10 0.06 0.10 0.06



τ = 0.30 0.01 0.10



0.02 0.06



βh



0.817*** (0.000)



0.817*** (0.000)



0.817*** (0.000)



0.818*** (0.000)



0.818*** (0.000)



0.819*** (0.000)



βt



0.815*** (0.001)



0.814*** (0.001)



0.817*** (0.001)



0.815*** (0.001)



0.822*** (0.001)



0.819*** (0.001)



ˆh K



25,450*** (168)



25,482*** (168)



25,496*** (168)



25,560*** (169)



25,719*** (169)



25,894*** (171)



23,341*** 23,231*** 23,616*** (375) (371) (387) Criterion Q(b) 0.002 0.001 0.004 0.002 No. of Parameters 4 4 4 No. of Moments 6 6 6 No. of observations 3811 3811 3811 Hansen’s J Test 6.8202 4.3996 14.752 J Test d.f. 2 2 2 * p < 0.05, ** p < 0.01, *** p < 0.001 robust standard errors in parentheses d0 , d1 represent development parameters, τ represents loss of human capital from criminal record, π represents ex ante expectation of developing criminal record, β represents discount rate, ˆ represents initial capital K h, t distinguish honest and thief types



23,397*** (377) 0.029 4 6 3811 7.6172 2



24,314*** (441) 0.010 4 6 3811 110.393 2



24,042*** (407)



ˆh K
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4 6 3811 39.0844 2



C



The Impact of Lost Future Wages from a 10% Drop in Human Capital: Computations



Table C1 shows computations of the future lost income, discounted to period 1, from a 10% drop in K (due to a conviction or criminal record after period 1) is computed. Note that in the ˆi and low β parameterization the lost value of lifetime income in case of a criminal record low K before period 0 are very similar, and about 90% of that under the baseline. Interestingly, even though an individual with low human capital production prospects (low coefficients d0 , d1 ) will earn lower wages in later life, the NPV of those wages (and any lost income) is virtually identical ˆi and β are more to the baseline. In other words, with regard to lost future income, lower K consistent with a “thief” parameterization, where the costs of theft are lower than the norm.
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Table C1: Modeling Outcomes Under Multiple Parameterizations Baseline Model



β d0 d1 K0



Value 0.82 0.308 0.948 15



Parameter Approx 1-Year Value 0.961 0.062



Variable



1



2



3



4



5



Investment level xt Human Capital Kt Wage (1 − xt )Kt



0.47 15.00 7.91



0.20 16.97 13.61



0.06 17.94 16.78



0.02 18.30 18.02



0.00 18.39 18.35



1.27



1.02



0.82



Discounted lost wage from a 10% drop in human capital



Periods 6 0.00 18.40 18.40



7



8



9



10



0.00 18.41 18.41



0.00 18.41 18.41



0.00 18.41 18.41



0.00 18.41 18.41



0.67 0.55 0.45 0.37 0.30 Total Multiplied by 10,000 (5 years × 40 hours × 50 weeks)



0.25 7.188 $56,884



ˆ Model Low Initial Human Capital K



β d0 d1 ˆ K



Value 0.82 0.308 0.948 14



Parameter Approx 1-Year Value 0.961 0.062



Variable



1



2



3



4



5



Investment level xt Human Capital Kt Wage (1 − xt )Kt



0.51 14.00 6.91



0.21 15.97 12.58



0.07 16.95 15.77



0.02 17.31 17.03



0.00 17.40 17.36



1.19



0.95



0.76



0.62



Discounted lost wage from a 10% drop in human capital



Periods 6 0.00 17.42 17.41



7



8



9



10



0.00 17.42 17.42



0.00 17.42 17.42



0.00 17.42 17.42



0.00 17.42 17.42



0.51 0.42 0.34 0.28 Total Discounted lost income as a % of Baseline Total discounted lost income relative to baseline



0.23 6.71 93% -$3,791



Low Discount Rate β Model



β d0 d1 ˆ K



Value 0.81 0.308 0.948 15



Parameter Approx 1-Year Value 0.959 0.062



Variable



1



2



3



4



5



Investment level xt Human Capital Kt Wage (1 − xt )Kt



0.20 15.00 12.05



0.09 15.86 14.48



0.03 16.28 15.78



0.01 16.44 16.31



0.00 16.48 16.46



1.27



1.02



0.82



0.67



Discounted lost wage from a 10% drop in human capital



Periods 6 0.00 16.49 16.49



7



8



9



10



0.00 16.49 16.49



0.00 16.49 16.49



0.00 16.49 16.49



0.00 16.49 16.49



0.55 0.45 0.37 0.30 Total Discounted lost income as a % of Baseline Total discounted lost income relative to baseline



0.25 6.93 96% -$2,534



Low Human Capital Production Coefficients Model



β d0 d1 ˆ K



Value 0.82 0.28 0.92 15



Parameter Approx 1-Year Value 0.961 0.056



Variable



1



2



3



4



5



Investment level xt Human Capital Kt Wage (1 − xt )Kt



0.05 15.00 14.25



0.03 15.21 14.78



0.01 15.34 15.13



0.01 15.41 15.33



0.00 15.44 15.41



1.23



1.01



0.83



0.68



Discounted lost wage from a 10% drop in human capital



Periods 6 0.00 15.45 15.44



7



8



9



10



0.00 15.45 15.45



0.00 15.45 15.45



0.00 15.45 15.45



0.00 15.45 15.45



0.56 0.46 0.37 0.31 Total Discounted lost income as a % of Baseline Total discounted lost income relative to baseline



0.25 7.19 100% -$4



Low Initial Human Capital and Low Beta Model



β d0 d1 ˆ K



Value 0.81 0.308 0.948 14



Parameter Approx 1-Year Value 0.959 0.062



Variable



1



2



3



4



5



Investment level xt Human Capital Kt Wage (1 − xt )Kt



0.21 14.00 11.05



0.09 14.86 13.47



0.03 15.28 14.78



0.01 15.44 15.31



0.00 15.48 15.46



1.14



0.92



0.74



0.60



Discounted lost wage from a 10% drop in human capital
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Periods 6 0.00 15.49 15.49



7



8



9



10



0.00 15.49 15.49



0.00 15.49 15.49



0.00 15.49 15.49



0.00 15.49 15.49



0.49 0.39 0.32 0.26 Total Discounted lost income as a % of Baseline Total discounted lost income relative to baseline



0.21 6.47 90% -$6,157



Appendices Bibliography Bertsekas, D. (2005), Dynamic programming and optimal control, Vol. 1, 3rd edn, Athena Scientific, Belmont, MA. Browning, M., Hansen, L. P. & Heckman, J. J. (1999), Micro data and general equilibrium models, Vol. 1, Elsevier, Oxford, United Kingdom, pp. 543–633. Heckman, J. J., Lochner, L. & Taber, C. (1998), ‘Explaining rising wage inequality: Explorations with a dynamic general equilibrium model of labor earnings with heterogeneous agents’, Review of economic dynamics 1, 1–58. Heckman, J., Lochner, L. & Cossa, R. (2002), Learning-by-doing vs.on-the-job training: Using variation induced by the EITC to distinguish between models of skill formation, NBER, Cambridge, Massachussetts.
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The thief's wages: theft and human capital development






2.2 Human Capital and Crime. A number of researchers have developed models looking at different types of human capital and the interaction of education, work and criminal behavior, for example Merlo and Wolpin (2009)1. The paper that most resembles this one is Lochner (2004), in that both use a human capital. 
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