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Abstract Individuals experience frequent occupational switches during their lifetime. Over 40% of high school graduates transition between white and blue collar occupations more than once between the ages of 18 and 28. Moreover, initial worker characteristics are predictive of future patterns of occupational switching, including the timing and number of switches. We construct a quantitative model of occupational choices with worker learning and occupation specific productivity shocks to match life cycle patterns of occupational transitions and quantify the value of occupational mobility and learning. For the average 18 year old worker, the value of being able to switch occupations is about 67 months of the maximum wage they could earn in the model (if they knew their type) and the value of a worker learning their type is about 32 months of this maximum wage. Keywords: Learning, Occupational Mobility, Option Value, Labor Markets, Life Cycle. JEL Codes: E24, J24, J31, J62.
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Introduction About 20% of workers from ages 18 to 28 years change broad occupational categories (between



blue and white collar jobs) each year.1 While it has long been known that job mobility plays a crucial role in the wage growth of young workers (see Topel and Ward (1992)), occupational choices are also important for human capital development during a worker’s first 10 years in the labor market.2 Therefore, workers’ occupational choices are crucial for explaining their human capital accumulation, patterns of job switching, and worker turnover. Leading explanations of why workers switch occupations are based on career ladders as in Jovanovic and Nyarko (1997) and worker learning about their type as in Johnson (1978). Although occupational choices are an important factor in understanding workers’ early career decisions, most empirical studies of occupational mobility have focused on cross-sectional patterns of switches over time rather than following individuals over their life cycle. To illustrate the prevalence of occupational switches over one’s life cycle, Figure 1 shows a histogram for the number of years that individuals with a high school education switch between blue and white collar jobs in data from the National Longitudinal Survey of Youth 1979 (NLSY79) during workers’ first 10 years after high school. The mean number of years with an occupational switch is 1.5. While about 36% of individuals do not switch occupations, 18% switch occupations exactly once, and despite only having two broad occupational categories, a large portion of workers switch occupations more than once, with 23% switching twice and another 23% of the population switching more than twice. The rates of transition between finer occupational categories are even higher. Motivated by recent papers such as Groes, Kircher and Manovskii (2015) and Papageorgiou (2014) that find learning to be important in understanding worker occupational patterns, we first develop a quantitative life cycle model of occupational mobility. A goal of the model is to be 1 Trends in the level of occupational mobility have been changing over time. Kambourov and Manovskii (2008) show that occupational mobility has been increasing in the United States between 1968 and 1997, while Moscarini and Thomsson (2007) find that mobility begins to decline after 1995. 2 Recent research shows that much of the human capital gained through experience occurs at the level of a worker’s occupation or industry. Papers by Neal (1995) and Parent (2000) argue that human capital is largely based at the industry level rather than being firm specific, while more recent research by Kambourov and Manovskii (2009b,a) argues that human capital is based at the occupational level and can account for a large amount of observed wage inequality. Poletaev and Robinson (2008) and Gathmann and Sch¨ onberg (2010) have shown skills to be task specific. Even under this view skills show strong correlation within occupational categories. See Carrillo-Tudela et al. (2016) for recent evidence on the wage growth associated with occupational transitions.
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Figure 1: Histogram of the number of years with an occupational switch between the age of 18 and 28 from the NLSY79.
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able to measure the option value of being able to switch occupations and of an individual learning their type. Our life cycle framework builds on the classic job shopping framework developed by Johnson (1978) where worker learning generates occupational mobility. In our model, risk-averse workers have an unknown type and must choose their occupation in each period to maximize their expected utility. Risk aversion is included to properly measure the gains from occupational choices as in learning models workers can potentially trade off current wages to learn faster (see for example Miller (1984)). We also explicitly model the worker’s initial occupational choice. Prior to entering the labor market the worker receives a signal about their type. The worker then chooses an initial occupation based on their belief about their type that is formed prior to labor market entry. This belief is updated over time by observing their output in an occupation each period. In addition to the learning process, the model also includes observable individual demand shocks that shift the worker’s relative productivity in each occupation. Next, we document life cycle patterns of occupational transitions in the NLSY79 for workers’ first 10 years after high school. Using panel data to study occupational choices over the life cycle generates several findings that are consistent with optimal behavior predicted by the model. These life cycle implications are novel relative to the literature that uses cross-sectional data to
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study time trends in the level of occupational mobility.3 First, we construct initial probabilities of each individual choosing a job in a white collar occupation based on observable characteristics before starting work and show that these initial probabilities are informative about future switching behavior. Workers whose characteristics make them more likely to be in the initial occupation that they are observed to choose are less likely to ever switch, and for those who do switch the number of switches is smaller and the average time until their first switch is longer.4 Additionally, we find that for workers who switch more than once, the average time to their first switch is longer than the average time to the second switch. This result is interesting in light of cross-sectional evidence that the rate of occupational switches declines with age. After documenting these life cycle patterns of occupational choices, the model is calibrated to match moments about worker’s occupational mobility and wages. We find that the model with learning and productivity shocks is consistent with patterns of occupational mobility, wage growth, and a reduction in time to second switch for individuals who have more than two occupational switches in the sample. An individual who just switched occupations will be relatively indifferent between the two occupations while the distribution of initial beliefs from our empirical specification implies that workers entering the labor force are not as concentrated around the switching threshold. This result is consistent with mechanisms such as learning or productivity fluctuations across occupations where an individual switches occupations when they cross a threshold, but is not consistent with other models of occupational transitions such as job ladders unless workers gain skills more rapidly as they age. The productivity shocks are included in the model to understand the relative importance of learning and productivity fluctuations in generating this shifting behavior. 3



All results in the main text are constructed using broad occupational categories of white and blue collar jobs as in Keane and Wolpin (1997). We focus on workers with exactly high school education. One possible concern with this approach is that the high frequency of switching between occupations is due to this particular classification. In Appendix A, we show that our results also arise in both two category classifications of occupations used by Jaimovich and Siu (2015). In particular, our main results also hold when occupations are classified as routine vs. non-routine and cognitive vs. non-cognitive. For a broader summary of the literature on job polarization that uses these occupational categories see Acemoglu and Autor (2011). Additionally, Appendix B replicates our main results using single digit occupational categories. Finally, we also show that results hold for the sample of college educated workers in Appendix C. 4 This finding contributes to our understanding of the pattern of occupational transitions. It is well established that one’s current occupation is predictive of future occupational patterns. For example, simple transition matrices in McCall (1990) and Kambourov and Manovskii (2008) show that some occupational transitions are much more likely than others. Gathmann and Sch¨ onberg (2010) provide additional evidence with a task based approach. More recently, Guvenen et al. (2015) show that current human capital measured by innate skills and past experience helps to predict future movements. We add to this literature by showing that initial information known to the worker when choosing their first job is predictive both of initial choices but also future patterns of occupational movement.
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Finally, the calibrated model is used to measure how much workers value the ability to switch occupations and how much they would be willing to pay to learn their type. Measuring the value to workers for being able to switch occupations and learn is interesting as it provides evidence about the importance of workers’ ability to efficiently match with well suited occupations. Moreover, it is interesting to quantify the value of switching occupations for workers given the concern that the recent decline in occupational transitions is associated with a reduction in dynamism in the United States as discussed in Davis, Faberman and Haltiwanger (2012), Hyatt and Spletzer (2013), and Molloy, Smith and Wozniak (2014). While we do not deal with time series patterns of these values, our measurement highlights how option values change for workers as they age. For the average 18 year old worker, the value of being able to switch occupations is about 67 months of the maximum wage they could earn in the model (if they knew their type), and the value of a worker learning their type is about 32 months of the maximum wage they could earn. These values decline to nearly zero by the time the worker is 50, and much of the decline is due to learning in the model rather than mechanical horizon effects. While both learning and productivity shocks are important to generate switches in the model, we find that the magnitude of these option values are robust to changes in risk aversion, the magnitude of the productivity shocks, and the inclusion of switching costs in the model. This paper contributes to an ongoing literature to understand the selection process of workers across occupations. Early studies such as Johnson (1978) and Miller (1984) emphasize uncertainty and imperfect information to explain workers’ occupational sequencing decisions. The implication of these models is that young workers would initially choose riskier professions for higher expected returns. Jovanovic and Nyarko (1997) question the role of learning about ability in labor markets, presenting evidence that workers are learning skills that allow them to transfer to new jobs, higher in an occupational ladder. This method of learning argues that in observed occupational sequences people learn by completing simple tasks first. Learning should create job ladders instead of transitions from more to less risky tasks. More recent papers in this literature include Papageorgiou (2014) and Groes, Kircher and Manovskii (2015) who develop equilibrium models consistent with many observed patterns of occupational switches. In both models, worker learning plays an important role in explaining patterns of occupational mobility. Other related papers on learning and occupational choices include McCall (1990), who demon-
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strates the presence of occupation-specific learning by showing that job switches within an occupation lead to longer job durations than switches across occupations, Neal (1999a), who constructs a model of occupation and job-specific matches, and Antonovics and Golan (2012), who extend the standard learning literature by allowing workers to choose the rate at which they learn. Related to the life cycle feature of our model, Gervais et al. (2016) argue that the decline in unemployment rates with age is a result of less need to change occupations as workers sort into better matches. Finally, Carrillo-Tudela and Visschers (2014) develop a model to study how workers’ occupational transitions from unemployment evolve over the business cycle.



2



A Learning Model of Occupational Switches This section develops a quantitative life cycle model of occupational choices that features worker



learning and individual occupational specific demand shocks. A key feature of our model is that individuals must make an initial occupational choice based on their belief about their ability. In the spirit of Johnson (1978), we consider a worker’s optimal choice between two occupations, but develop this framework in a life cycle model with risk-averse workers. Risk aversion implies that workers potentially face a tradeoff between learning and current income as discussed in Miller (1984). We construct the model to understand the role of learning and productivity shocks in accounting for life cycle patterns of occupational switching. The model is then used to assess the value to individuals of being able to switch occupations and the value to individuals of learning their type.



2.1



Preferences and Technology



Consider a risk-averse individual who works for Y periods and has period utility function given by



u(c) =



e−γc − 1 , γ > 0. −γ



The individual can be one of two types denoted by µ ∈ {0, 1}. The individual’s type is unknown. Let p−1 denote the probability that each individual is of type 1. The individual then updates her belief based on their initial information before choosing an initial occupation. Her initial belief is 5



given by: p0 = P r[µ = 1|X0 ]. X0 is the individual’s information set when they begin work and can include their educational history, race, sex, parental education, parental income, etc. We denote the belief of an agent by p. Individuals choose to work in one of two occupations, i ∈ {W, B}, where i = W has higher productivity for type 1 workers, and i = B is better for type 0 workers. The occupations can be thought of as “white collar” and “blue collar.” We assume that there are local, occupation specific demand shocks that influence worker productivity in an occupation. The shocks are specific to each individual and each occupation. For each individual, we assume the idiosyncratic state, s, in each occupation can either be low, L, or high, H. They are local since they differ for each individual worker in the sample. The individual workers observe the state. In the low state, output per worker in occupation i is decreased by the factor ∆i , while it is increased by the same factor in the high state. Conditional on the current state being s, let πs be the probability that the state is unchanged for the next period. Since a worker’s occupational choice depends on relative productivity across occupations, these shocks cannot be separately identified from occupation switching costs in the model. Therefore, our baseline model does not include occupational switching costs and these occupation specific productivity shocks are interpreted to be inclusive of switching costs in the model. We consider the additional impact of switching costs in Section 6. In occupation i and idiosyncratic state s, output for a worker of type µ is given by:   x ¯µi (1 − ∆i ) + εi if s = L µ xis =  x ¯µi (1 + ∆i ) + εi if s = H. Where x ¯µi is the average productivity of a worker of type µ in occupation i and εi ∼ N (0, σi2 ) is independently and identically distributed occupation specific noise on output that does not depend on the realization of the state s. Denote the CDF of output of a worker in occupation i and state s as Gis (x|µ). Note that while the model assumes that workers of each type have higher productivity in one occupation, the model does not take a stand on whether a given worker type is more productive than another across both occupations. Papageorgiou (2014) finds evidence against a model with
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one dimensional ability in favor of a model of comparative advantage, while Groes, Kircher and Manovskii (2015) find evidence of hierarchical occupations using finer occupational categories. The implications of our model depend on the calibration of the average output parameters. A worker’s assets evolve according to a0 = (1 + r)a + wis (p) − c, where a0 is next periods assets, a is the current assets, r is the interest rate, wis (p) are the wages received by the worker with current belief p in occupation i when the state is s, and c is consumption. Finally, we assume an equilibrium environment where firms have zero cost of entry. Therefore, as in Jovanovic (1979), any wage process where workers are paid their expected output can be consistent with equilibrium. This can be done either by paying workers their actual output in each period or by paying workers their expected output based on their current belief p. We follow Gorry (2016) in making the latter assumption. In this case it is important that there is no asymmetric information about the worker’s type between the worker and firm. Specifically, we assume that a worker in occupation i and state s with belief p will earn a wage given by:   (p¯ x1i + (1 − p)¯ x0i )(1 − ∆i ) if s = L wis (p) =  (p¯ x1i + (1 − p)¯ x0i )(1 + ∆i ) if s = H. Then, an agent’s wage varies through time for three different reasons. First, the wage varies when the worker switches occupations. Second, it varies because the state of the local shock si can change. And third, it varies as the worker’s belief p evolves.



2.2



Learning



Based on their observed output, workers update their beliefs each period. Given the normality of output noise, for any belief, p, the expected distribution of output for a worker in occupation i
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in state s is given by:



ψi (x|p, s) =



2 2    x−¯ x1 x−¯ x0 i (1−∆i ) i (1−∆i )  − 12 − 12  σ σ 1 1 i i  + (1 − p) σ √2π e p √ e   i  σi 2π



     



p σ √1 2π e
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x−¯ x1 i (1+∆i ) σi
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+ (1 − p) σ √1 2π e



i



x−¯ x0 i (1+∆i ) σi



if s = L



2



if s = H.



i



For example, if s = L, with probability p output is drawn from a normal distribution with mean x ¯1i (1 − ∆i ) and variance σi , while with probability 1 − p it is drawn from a normal with mean x ¯0i (1 − ∆i ) and the same variance. Using this known distribution of output, the worker observes her output and uses it to update her belief about the probability that she is a worker of type 1 using Bayes’ rule. While working in occupation i in state s, given any current belief, p, and observed output for a given period, x, the updated belief, p0 , is is formed by conducting a probability ratio test:



0



fi (p, x, s) ≡ p =



                        



pe pe



1 −2



−1 2



x−¯ x1 (1−∆i ) i σi



x−¯ x1 i (1−∆i ) σi



!2



!2 −1 2



+(1−p)e



x−¯ x0 (1−∆i ) i σi



!2



if s = L (1)
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x−¯ x1 (1+∆i ) i σi



x−¯ x1 i (1+∆i ) σi



!2



!2 −1 2



+(1−p)e



x−¯ x0 (1+∆i ) i σi
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if s = H.



Here, for a given idiosyncratic state s, the numerator is proportional to the probability of observing output x for a high ability worker in occupation i and the denominator is proportional to the total probability of observing output x. With this updating function, define the inverse function fi−1 (p0 |p, s) to be the output x required to have posterior p0 given prior p. Then the p.d.f. of expected beliefs next period is given by −1 0 dfi (p |p, s) −1 0 . ψi (fi (p |p, s)|p, s) 0 dp
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2.3



Value Functions



An agent’s initial information set is given by her asset level and initial belief about her ability: F0 = {a0 , p0 }. Denote the value function for an agent in occupation i with assets, a, output, x, state of occupation W , sW , state of occupation B, sB , updated belief, p, and age, y, as Vi (a, x, sW , sB , p, y). We normalize a workers’s age, y, at entry to zero. Then at zero, the agent chooses to enter either the W or B occupation before her initial productivity draw is realized and with knowledge of the state the period before she begins work. She solves: n o max Es0W |sW Es0B |sB Ex|p0 VB (a, x, s0W , s0B , p0 , 0), Es0W |sW Es0B |sB Ex|p0 VW (a, x, s0W , s0B , p0 , 0) . Each period the agent receives her wage that depends on the state in the occupation and her belief p, observes the realized output from her work x, updates her beliefs about the probability she is of type 1, chooses her optimal consumption and asset holdings and then decides on her occupation for the next period based on her updated belief about her type. After time 0, the value function for a worker in occupation i who has realized output x in a period can be written as: 0



Vi (a, x, sW , sB , p, y) = max 0 a



e−γ((1+r)a+wisi (p)−a ) − 1 1 ˜ 0 + Vi (a , x, sW , sB , p, y). −γ 1+r



(2)



The first term is the agent’s period utility function with consumption substituted out using the law of motion for assets and V˜ is the agent’s continuation value. Since the agent updates her beliefs about her type based on the realization of output in the current period and can choose to switch occupations based on this realization, when y < Y , we have that  Z 0 ˜ 0 0 Vi (a , x, sW , sB , p, y) = max EsW |sW EsB |sB Vi (a0 , x0 , s0W , s0B , p0 , y + 1)His0i (dx0 , p0 ),  Z 0 0 0 0 0 0 0 Es0W |sW Es0B |sB V−i (a , x , sW , sB , p , y + 1)H−is0−i (dx , p ) .



(3)



In this formulation Hisi (x, p) is the distribution of realized output x for an individual in occupation i with current state si , and with current belief p. Therefore, this is taking expectations of the next period value function over realizations of the output x0 based on the individual’s current updated belief p0 , as defined in equation (1). This can be written as a mixture distribution between the
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realization of output if the individual is type 1 or 0 as follows: Hisi (x, p) = pGisi (x|µ = 1) + (1 − p)Gisi (x|µ = 0). When y = Y , we have 1 + r −γ(ra0 +R) 1 + r e + . V˜i (a0 , sW , sB , p, Y + 1) = −γr γr Where R is the retirement benefit earned by the worker every period after her career ends. The next proposition summarizes the solution to the worker’s problem. Proposition 1 The value function can be written as: Vi (a, x, sW , sB , p, y) =



1 + r −γ(ra+vi (x,sW ,sB ,p,y)) 1 + r e + . −rγ rγ



When y < Y , vi (x, sW , sB , p, y) solves the recursive equation given by: vi (x, sW , sB , p, y) ≡



v˜i (x, sW , sB , p, y) + rwisi (p) 1+r



and   Z 1 0 0 0 0 v˜i (x, sW , sB , p, y) = − ln − max Es0W |sW Es0B |sB −e−γvi (x ,sW ,sB ,p ,y+1) His0i (dx0 , p0 ), γ  Z −γv−i (x0 ,s0W ,s0B ,p0 ,y+1) 0 0 Es0W |sW Es0B |sB −e H−is0−i (dx , p ) .



(4)



When y = Y , vi (x, sW , sB , p, y) =



r (wisi (p) − R) + R . 1+r



Proof. See Appendix E.1. Proposition 1 shows that a worker’s optimal occupational decisions are independent of their current asset holdings. This allows us to compute a simpler model by eliminating assets from the state space.
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2.4



Optimal Policy



An immediate implication of Proposition 1 is that, for every age, y, the optimal policy is characterized by a collection of thresholds {¯ psW sB (y)} independent of current wealth a. The policy is such that an individual currently working in occupation B moves to occupation W if their belief p ≥ p¯sW sB (y). Next, Proposition 2 analyzes the predictions of the model regarding occupational switching. In particular, it states that for two workers of the same type µ in the same occupation, the same state, and with the same age, the worker with the belief furthest away from the threshold is (i) less likely to switch occupations, and (ii) conditional on switching occupations, will on average take longer to switch occupations. Let τˆ denote the number of months remaining before the worker leaves current occupation i. Proposition 2 Let pd (y) and pj (y) denote the beliefs at age y of individuals d and j, both of type µ. Assume that for each worker the current state in the two occupations is given by s˜W and s˜B . If pd (y) > pj (y) then the following are true: (i) Pr{ τˆ ≤ Y − y| pd (y), i = B, µ, s˜W , s˜B } ≥ Pr{ τˆ ≤ Y − y| pj (y), i = B, µ, s˜W , s˜B } and Pr{ τˆ ≤ Y − y| pd (y), i = W, µ, s˜W , s˜B } ≤ Pr{ τˆ ≤ Y − y| pj (y), i = W, µ, s˜W , s˜B },



(ii) E



n



τˆ| pd (y), i = B, µ, s˜W , s˜B



o



 ≤ E τˆ| pj (y), i = B, µ, s˜W , s˜B s˜W , s˜B



and E



n



τˆ| pd (y), i = W, µ, s˜W , s˜B



o



 ≥ E τˆ| pj (y), i = W, µ, s˜W , s˜B .



The proof of the proposition is immediate. To see this, notice that because the agents are of the same age, they face the same profile of thresholds. Also, because they are of the same type µ,
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the densities of possible signals that can arrive are the same for both. As a result, as the posterior belief is increasing in the prior belief p, the proposition follows. The threshold rule and Proposition 2 have testable implications for individual choices over the life cycle. First, it implies that a worker’s initial belief contains information that helps to predict if they will ever switch and, conditional on switching, how long it takes them to switch. Moreover, if a worker does switch it implies that their belief is close to the threshold, which should imply that they are likely to switch again soon if they ever switch occupations again. Before calibrating the model, we assess these empirical implications in the next section.



3



Life Cycle Occupational Switches: Patterns from the Data To assess predictions from the model, this section documents empirical patterns of occupational



transitions throughout the life cycle. While these patterns are of interest on their own, we will also use moments of the data on occupational switching patterns and wages over the life cycle to calibrate the model in the next section. We explore individuals’ occupational choices and mobility over their first 10 years in the labor market. Given the role of initial information in the workers’ choice of their first occupation, we assess how workers’ characteristics at age 18 are predictive of initial occupational choices and future patterns of occupational switches. Moreover, for those who switch occupations multiple times, we assess the time between occupational switches to evaluate the predictions of Proposition 2.



3.1



Data



We use data from the National Longitudinal Survey of Youth 1979 (NLSY79) to document life cycle patterns of occupational choices. The NLSY79 is a nationally representative longitudinal survey conducted by the Bureau of Labor Statistics that samples 12,686 individuals who were between the ages of 14 and 22 years old when first surveyed in 1979. The individuals were surveyed every year until 1994 and every other year since 1994. The NLSY79 provides a rich set of panel data for tracking workers’ career outcomes.5 The primary analysis in this paper focuses on the annually reported CPS job for high school 5



The National Longitudinal Survey of Youth 1997 (NLSY97) provides a similar life cycle history for a younger generation and we replicate our results for this cohort in Appendix A with similar findings.
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graduates from the ages 18 to 28. The data are restricted to before 1994 so that annual observations of CPS job and wage data are available. The sample is further restricted to people who were at most 19 years old when first interviewed in 1979, report at least five years of job activity, and have a high school degree as the highest degree ever received during the entire sample. These restrictions leave 2,686 individuals in the sample.6 These restrictions are made to generate a group that is uniformly in the labor force between the ages of 18 and 28. We replicate the results using a uniform cohort of college graduates in Appendix C and document similar findings. To analyze individual occupational choices, the annual CPS job for each worker is used to construct the worker’s choice of occupation as either blue collar or white collar.7 By focusing on broad occupation categories the analysis avoids problems in the NLSY79 with coding errors of occupations at finer levels of detail that are discussed in Keane and Wolpin (1997). However, our results are also robust to using finer occupational categories.8 Using the CPS occupation for each year, individuals’ occupational transitions are tracked at an annual frequency.9 To understand workers’ initial occupational choices, Table 1 presents summary statistics for the variables used in the analysis broken out by workers’ initial occupational category. The variables for mother’s and father’s education record the number of years of education earned by the mother and father respectively. The variables for mother’s and father’s main occupation are classified into blue and white collar taking the value of 1 if white collar. There are also categorical variables for male (1 for male, 0 for female), urban (1 if geography at age 14 was urban, 0 otherwise), race (1 for white and 0 for non-white), and age 18 poverty (1 if the family was in poverty when the individual was age 18, 0 otherwise). Class percentile gives respondents’ percentile rank in the 6 The sample is also restricted to individuals who receive their high school degree by age 19. Thus, we exclude individuals who drop out of high school and return for their degree later. 7 We follow Keane and Wolpin (1997) in defining blue and white collar occupations using one digit occupational codes. Blue collar occupations include: craftsmen, foremen, and kindred; operatives and kindred; laborers, except farm; farm laborers and foremen; and service workers. White collar occupations include: professional, technical, and kindred; managers, officials, and proprietors; sales workers; farmers and farm managers; and clerical and kindred. Results are robust for other classifications of workers across occupations. For example, similar results hold if we define occupations along routine and nonroutine or cognitive and noncognitive occupations as in Jaimovich and Siu (2015). These results are found in Appendix A. 8 We repeat our analysis with 9 single digit codes classified as follows: professional and technical, managers and administrators, sales, clerical, craftsman, operators, laborers, farmers, and service workers. These results are found in Appendix B. 9 This method ignores the possibility of multiple switches within the year. This is unlikely to be a major issue as broad occupational categories are used. We empirically test how many individuals report occupations that are different than their previous or current occupation within a year and find that at most 1.5 percent of individuals experience this in a year. This calculation overstates the number of missed switches since some of the other reported occupations can be concurrent secondary jobs and not actual occupational switches.
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Table 1: Summary statistics by initial occupational choice for the sample with a high school degree for highest education received. The table shows the mean of each variable with standard deviations in parentheses. Variable



Blue Collar



White Collar



All



Observations



0 (0)



1 (0)



0.362 (0.481)



2686



Mother’s Years of Schooling



10.82 (2.715)



10.98 (2.773)



10.88 (2.737)



2686



Father’s Years of Schooling



10.55 (3.406)



11.08 (3.405)



10.74 (3.414)



2686



Mother’s Main Occupation WC



0.403 (0.491)



0.504 (0.500)



0.441 (0.497)



1536



Father’s Main Occupation WC



0.281 (0.450)



0.347 (0.476)



0.305 (0.460)



2089



Male



0.645 (0.479)



0.257 (0.437)



0.505 (0.500)



2686



White



0.607 (0.489)



0.587 (0.493)



0.600 (0.490)



2686



Urban



0.738 (0.440)



0.824 (0.381)



0.769 (0.421)



2686



Age 18 Poverty



0.236 (0.425)



0.198 (0.398)



0.222 (0.416)



2686



Class Percentile



0.388 (0.256)



0.496 (0.264)



0.428 (0.264)



1658



AFQT Percentile



0.357 (0.235)



0.409 (0.230)



0.375 (0.234)



2686



First Occupation White Collar
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last year they attended school that is available in the 1981 survey, and AFQT percentile gives respondents’ percentile scores on the Armed Forces Qualification Test. About 36% of the sample’s first occupation is white collar, which is not surprising given the restriction to high school graduates. Individuals who choose an initial occupation in the white collar occupation tend to have parents with more education and who are more likely to work in white collar occupations. They are also more likely to be female, grow up in an urban environment, less likely to live in poverty at age 18, and have a higher class rank and AFQT score. The number of observations drops substantially for the parental occupation variables and class percentile. To deal with these issues the parental occupation variables are dropped in some specifications and the missing values of class percentile are imputed using the other characteristics in the table.10



3.2



Initial Occupational Choice



To explore whether beliefs and learning play a role in occupational transitions, we begin the empirical investigation with a discrete choice model to predict workers’ initial beliefs of being best matched for a white collar occupation before making their occupational choice. As in Trachter (2015), let the workers’ initial belief about the probability that they are best suited to be in a white collar occupation be p0 = f (X 0 β + ε), ε ∼ N (0, 1), where f (·) denotes the function mapping observable (i.e. X) and unobservable (i.e. ε) characteristics of the worker to the space of beliefs. These characteristics of the individual are known at the time of first occupational choice and include parental education, parental occupation, gender, ethnicity, urbanicity, poverty, as well as class rank and AFQT performance. f (·) is assumed to be strictly increasing and continuously differentiable, so that workers with higher characteristics have higher beliefs. The worker starts in a white collar occupation if p0 = f (X 0 β + ε) ≥ p∗ . It follows that the probability of starting in a white collar occupation can be expressed as Pr[start in white collar occupation] = Φ(X 0 β − f −1 (p∗ )) , where f −1 (p∗ ) is a constant. Notice that this motivates a probit model of an individual’s decision to start in a white collar occupation. The predicted values from these regressions are used to estimate 10



Imputations use parental education, AFQT score, age, gender, race, urbanicity, and poverty.
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ˆ a measure correlated with the individual’s prior, pˆ = X 0 β. Table 2 reports the results from a probit regression of the initial observable characteristics on the worker initially choosing a white collar occupation. In the first specification, the variables for mother’s and father’s main occupation are dropped. The second specification includes these additional variables. The values in the table are reported as marginal effects at the mean. In the first specification, an additional year of father’s schooling generates a 0.012 increase in the probability of initially choosing a white collar occupation. Being male and white reduce the probability of choosing white collar by 0.352 and 0.072 respectively. Living in a city increases the probability of choosing white collar by 0.116. Finally, a 10% increase in class and AFQT test percentile increase the probability of choosing white collar by 0.019 and 0.020 respectively. Mother’s education and living in poverty at age 18 are not significant. In the second specification, all variables have the same sign and are similar in magnitude. Additionally, if the respondent’s mother works in a white collar occupation they have a 0.097 increased probability of initially working in a white collar occupation. Father’s main occupation is not significant.



3.3



Patterns of Occupational Transitions



The implications of workers’ characteristics on initial job choice are interesting on their own, but we also show that the predicted initial beliefs have the power to explain workers’ future occupational transitions. We first show that individuals are more likely to switch occupations if their initial beliefs imply that they have a lower probability of being the type best suited for their initial job. The first column of Table 3 reports the results from a probit regression of whether individuals ever switch occupations based on the fitted probability of their initially choosing their first occupation. For workers who initially choose white collar occupations, the regressor is the fitted probability directly from Table 2 while the regressor is 1 minus that fitted probability for workers who initially choose blue collar occupations.11 The table shows that workers with a 0.10 higher imputed probability of choosing their initial occupation are 0.054 points less likely to ever switch occupations. Individuals who switch occupations also take a shorter time to switch when their beliefs are further from matching their initial occupation. We examine whether the fitted probability of initially choosing one’s first occupation is informative about the timing of switches for workers that 11



We use the fitted probabilities constructed from the first column of Table 2. However, using the fitted probabilities from the second column of Table 2 produces results with similar magnitudes and significance.
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Table 2: Probit regression of choosing white collar as the initial occupation on observable initial characteristics at time of first occupational choice. Marginal effects at the mean are reported with standard errors in parentheses. Specification (1) omits parental occupation variables while specification (2) includes them. (1) First Occupation WC



(2) First Occupation WC



Mother’s Years of Schooling



-0.005 (0.004)



-0.011 (0.007)



Father’s Years of Schooling



0.012*** (0.004)



0.014** (0.006)



Variables



Mother’s Main Occupation WC



0.097*** (0.032)



Father’s Main Occupation WC



0.021 (0.034)



Male



-0.352*** (0.019)



-0.333*** (0.028)



White



-0.072*** (0.023)



-0.079** (0.034)



Urban



0.116*** (0.022)



0.092*** (0.034)



Family Poverty



-0.033 (0.024)



-0.070* (0.038)



Class Percentile



0.186*** (0.054)



0.182** (0.080)



AFQT Percentile



0.195*** (0.056) 2686



0.128 (0.084) 1245



0.141



0.128



Observations R2



*** p
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Table 3: Regressions of ever switching occupations, timing of first switch for those that switch, and number of switches on the fitted probability of initially choosing one’s initial occupation. The first column presents marginal effects at the mean from a probit regression. Standard errors are in parentheses. Variables Probability



Observations



(1) Ever Switch



(2) Time to First Switch



(3) Number of Switches



-0.544*** (0.046)



2.359*** (0.246)



-1.013*** (0.133)



2686



1723



2686



*** p


switch occupations. The second column of Table 3 shows the results of regressing the timing of the first occupational switch on the fitted probability of choosing one’s initial occupation. The regression shows that for workers who are observed switching, a 0.10 increase in their probability of initially choosing their first occupation increases the time to switch by an average of 0.24 years. Moreover, the number of job switches workers make in their early career is related to their initial beliefs. The third column of Table 3 examines whether the fitted probabilities based off initial characteristics are informative about the realized number of switches an individual makes between the ages of 18 and 28. This column shows the regression of the number of occupational switches on the fitted probability of choosing one’s initial occupation. The coefficient indicates that a 0.10 increase in the probability of initially choosing one’s first occupation is associated with a decrease in the number of switches by 0.10. Finally, we examine the timing of occupational switches for workers who make more than one occupational switch. For each worker, the number of years between occupational switches is recorded. Table 4 reports the average time for workers to make their first and second switches conditional on observing them switch at least twice during the time period. Results are reported by their choice of initial occupation. The table also reports the number of observations in each group and the t-statistic for a test of whether the time to first switch is the same as the time to second switch. In contrast with the well-known decline in occupational transitions with age, the life-cycle data show that the average time to second switch is lower than the time to first switch.12 12



Not only is the mean time to switch shorter, but the majority of individuals have a shorter time to second switch. Of those that switch at least twice, about 53 percent have a shorter time to second switch, 23 percent have the same
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One might worry that measurement issues bias these results, however the findings are robust to alternate measurement schemes. The sample is truncated to an 11-year period. This truncation leads to biases in both directions. First, since the first occupation is recorded at age 18, workers could have started in their initial occupation earlier. This effect will tend to decrease the time to first switch variable and understate the observed differences.13 Second, since the data is truncated at 11 years, occupational transitions that occur later in life are omitted. If later first or second switches are missed, this will cause the average switch times to increase, but it is unclear if the effect would be larger for the time to first or second switch as it depends on the fraction of people who are done switching occupations. The patterns continue to hold even when the sample is further restricted to those who have at least three switches during the first 11 years.14 In Appendix B we replicate these results using single digit occupations and find that the time to second switch is only shorter when a worker returns to their previous occupation.15 These empirical results provide new evidence that workers’ initial information is important not only for the choice of their initial occupation but also their future switching behavior.



4



Model Calibration This section describes our approach to calibrating the parameters of the model. With the choice



of the following parameters the model can be computed: the number of periods in a worker’s career, Y , the interest rate, r, the degree of risk aversion, γ, the worker’s retirement value, R, the expected output for each worker type in each sector, x ¯1W , x ¯0W , x ¯1B , and x ¯0B , the standard deviation of output in each sector, σW and σB , the parameters defining the productivity process, ∆i , πH , and πL , and the parameters that generate the initial distribution of worker beliefs, p0 and α. To begin, a number of parameters are set prior to the calibration process. We consider a time period of a month and we solve the model for a career length of 40 years so that Y = 480. We set time between first and second switches, and only 24 percent have a longer time to second switch. 13 One might also worry that this approach misses occupational switches before the age of 19 and hence biases the results in a more complicated way. These effects however do not change the overall patterns as they show up in the data without selecting the sample to provide uniform observations across individuals. 14 The patterns also continue to hold if we limit the sample to those that reach a certain age so that sample attrition does not bias our results. In addition, our results continue to hold if we extend the analysis to 2010. 15 Such a prediction would be consistent with a multi-armed bandit style model with multiple occupations. While we do not pursue such a model in this paper, the intuition is that a switch between two occupations would imply that a worker is relatively indifferent between the two occupations, reducing the time to subsequent switches.
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Table 4: Average time to first and second occupational switch by initial occupational choice. Results are conditional on switching at least twice. Mean of each variable with standard deviation in parentheses. Number of observations and t-statistics for a test that the means are the same are reported in each case. Blue Collar



White Collar



Total



Time to First Switch



3.029 (2.010)



2.452 (1.743)



2.822 (1.938)



Time to Second Switch



1.779 (1.271)



2.118 (1.655)



1.901 (1.429)



787 13.323***



440 2.586***



1227 11.978***



Observations t-statistic



*** p
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workers of type 1 are on average not productive in the blue collar sector. Given this normalization, the remaining productivity parameters, x ¯1W , x ¯0W , and x ¯0B , will determine relative wages across occupations and the patterns of wage growth in the model as workers learn and switch occupations.16 Specifically, we target the ratio of the median wage of workers in white collar relative to blue collar occupations in workers first year and after 10 years (year 11) from the data. These targets are 1.0004 and 1.0676. For the third target, we look at the ratio of the median wage in white collar in the final year to the first year. This gives a targeted wage growth of 1.4461. The idea for these targets is that wage growth in the model will closely relate to the level of x ¯1W , and then the ratios of early and late wages across occupations will pin down x ¯0W , and x ¯0B . Of course, all of the generated wages from the model depend crucially on learning and worker sorting across occupations since workers are paid their expected wage in each occupation. In particular, wage growth in the model arises as workers sort into their optimal occupation and learn their type. The calibration generates values of x ¯1W = 1.0187, x ¯0W = 0.0010, and x ¯0B = 0.9496. The amount of learning in the model is determined by both the difference in productivity of worker type in each occupation and the standard deviation of output in that sector. Once productivities are chosen, the key parameters that determine the speed of learning are σW and σB , since learning in occupation i is a function of the signal to noise ratio:



x ¯1i −¯ x0i σi .



As in Gorry



(2016), we target the standard deviation of annual changes in log wages for the worker’s first year for workers who do not change their job or occupation during that time to pin down the amount of noise in each occupation. This implies targets of 0.2529 in white collar occupations and 0.2989 in blue collar. These targets generate parameters of σW = 5.8345 and σB = 5.3325. The parameters for the process that determines the idiosyncratic state (along with learning) determine the pattern of switches observed by age from the model. In general, larger idiosyncratic productivity shocks and less persistence generate more switching. Given that there are no switching costs in the baseline model, these shocks should be interpreted as being inclusive of any switching cost (such switching costs cannot be separately identified if they were included since both shift 16



This normalization generates a particular calibration of the model. In particular, to generate a suitable initial guess for the calibration we consider the model where wages in each occupation are either 0 or 1 depending if the worker is the type that is productive in that occupation. This approach is similar to Gorry (2016) and is consistent with the findings in Papageorgiou (2014) that particular worker types are not more productive in all occupations. After finding other parameters that match the moments well we then proceed with the simulated method of moments allowing all parameters including wages to adjust.
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the relative level of switching thresholds). We will consider the impact of a fixed cost of switching occupation in section 6. First, we assume that the shock process is the same in both the blue and white collar occupation and persistence is the same in both the good and bad state, that is ∆B = ∆W and πH = πL = π for each occupation. This implies that the persistence of the current state is the same both across states and occupations. These assumptions then simplify the calibration to choosing two parameters, ∆B and π. To choose these parameters we target the fraction of workers who never switch occupations, which is 0.3585 in the data, and the average switch rate during the first four years of work, which is 0.2186. Here, the size of the productivity shock should relate closely to the fraction of workers who ever switch, while the persistence of the shocks should relate to the fraction that switch in any particular year. Our calibration implies that ∆B = ∆H = 0.1979 and πH = πL = 0.9458. Finally, we parameterize the initial distribution of beliefs. Before choosing an initial occupation we assume that the worker updates her initial belief from p−1 by observing a signal equivalent to α periods of output in sector B. This signal can be interpreted as the amount of information that the individual gains from knowledge of her parents occupation and abilities and all educational variables. Using the information implied by the choice of α allows each individual to update their beliefs from p−1 to generate a non-degenerate distribution of initial beliefs p0 . Each individual then uses their updated belief to make an initial occupational choice. Hence, the distribution of initial beliefs will depend on the probability that each worker is of type 1, p−1 , and α. In order to choose the parameters we target the fraction of the sample who is in white collar jobs in the last year of 0.468 and the standard deviation of fitted probabilities in the data of 0.1948.17 With these two 17



To produce a value for the standard deviation of fitted probabilities we follow the same procedure in Trachter (2015), where initial beliefs are inferred by correlating the initial sectoral choices of individual and some observable measures of ability. Specifically, we assume that for an individual j we have that pj0 = f (Xj0 β + εj ), εj ∼ N (0, 1), with f 0 (·) > 0, where Xj is a vector containing observable measures of ability before joining the workforce, and where β is a vector containing the factor loadings. Here, the random value for εj is interpreted as information available to the agent but not to the econometrician. An immediate implication of our theoretical model is that an individual with initial belief pj0 joins the W sector iff pj0 = f (Xi0 β + ε) ≥ p¯(0). Because f (·) is strictly increasing we can rewrite this condition as Xj0 β + ε ≥ f −1 (¯ p(0)). Therefore, we can identify β and the threshold transformation f −1 (¯ p(0)) through the probit regression performed in Table 2. With these estimates we can produce initial beliefs pj0 for each individual j in our sample. The only caveat is that ε is not observable, but it still has to be consistent with the initial sectoral choice of the individual. In other words, ε has to be drawn from a censored Normal distribution. For example, for an individual initial joining the W sector, we have that ε ≥ f −1 (¯ p(0)) − Xj0 β, while the inequality is reversed if the individual joined the B sector. We then simulate values for ε to compute a value for the initial belief of each individual in sample, and we then compute the standard deviation. To avoid biases resulting from the particular draws of the unobserved component ε, we repeat this procedure 20,000 times and we then take the average of the standard deviations as the reported target.
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Table 5: Summary of moments targeted in the calibration along with the simulated value from the baseline model. Moment White-Blue Wage Ratio in Year 0 White-Blue Wage Ratio in Year 10 Wage Growth in White Collar Std of Wage Changes in White Collar Std of Wage Changes in Blue Collar Fraction with Zero Switches Ave Switch Rate Fraction in White Collar in Year 10 Std of Initial Beliefs from Probit



Data Target 1.0004 1.0676 1.4461 0.2529 0.2989 0.3585 0.2186 0.4680 0.1948



Simulated Value 1.0211 1.0675 1.3068 0.2736 0.2809 0.3858 0.2145 0.4728 0.1779



targets, the calibration implies values of p−1 = 0.4784 and α = 11.49. To set the parameters, we minimize the sum of squared percentage deviations of the same moments simulated from the model and the moments described above. Table 5 provides a summary of the moments that we target in the calibration and also reports the simulated value of the moments from the baseline calibration. Overall, the model fits the data quite well. The model generates almost 31% wage growth over the first 10 years relative to almost 45% in the data, which is still a substantial fraction of overall growth considering that there is no human capital in the model beyond learning. The model also generates a slightly larger fraction of workers who do not switch occupations than in the data. Other predictions from the model will be compared to the data in the next section of the paper. Table 6 summarizes the parameters from the model along with the chosen parameter value in the calibration. Finally, Figure 2 shows the distribution of initial beliefs for workers in the model based on the calibrated values of p−1 and α.



5



Baseline Results This section presents results from the baseline calibration. We first report outcomes about



patterns of occupational switching per individual and by age to document the consistency of the model with occupational transitions from the data. We then compare wage growth by age from the model and the data. Next, we document the pattern of switch timing from the model and 23



Table 6: Values of each model parameter along with a description of each parameter. Parameter Y r R γ x ¯1B x ¯0B x ¯1W x ¯0W σW σB ∆B ∆W πL πH p−1 α



Value 480 0.0033 1 1 0 0.9496 1.0187 0.0010 5.8345 5.3325 0.1979 0.1979 0.9458 0.9458 0.4784 11.49



Description 40 year working life Annual interest rate of 4% Retirement value Preference parameter Normalized wage Relative wage Relative wage Relative wage St. Dev. of output in W sector St. Dev. of output in B sector Size of idiosyncratic wage shock Size of idiosyncratic wage shock Persistence of wage shock Persistence of wage shock Fraction of workers of type 1 Months of learning before starting work



Figure 2: Density of initial beliefs in baseline calibration of the model.
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Figure 3: Histograms of the number of years with an occupational switch between the ages of 18 and 28. Left panel shows the histogram constructed from NLSY79 data while the right panel shows the histogram constructed from the model simulation.
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compare it with results reported in Section 3. Finally, to better understand the role of learning in workers’ occupational choices, we explore the value to workers of being able to switch and the value of learning their type.



5.1 5.1.1



Patterns of Occupational Switches Distribution of Switches



We first explore the distribution of number of occupational switches for workers between the ages of 18 and 28 from the calibrated model. Figure 3 reproduces the histogram of the number of years with an occupational switch from the data in the left panel and shows the same histogram from the simulated model in the right panel. As discussed in the introduction, the data reveal both a large fraction of individuals who never switch as well as a sizable fraction of workers who switch more than once. The model is able to replicate this general pattern. For the calibration, only the fraction of workers with zero switches during the ten years that they are observed is targeted. The remainder of the distribution is not targeted directly.
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Figure 4: Fraction of workers in each occupation who switch occupations by age. Left panel shows the fraction of workers in blue collar that switch in the NLSY79 data and simulated from the model. Right panel shows the fraction of workers in white collar that switch in the NLSY79 data and simulated from the model.
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Switches by Occupation and Age



Next, we consider the pattern of switches by age from the model and the data. Recall that in the calibration, the average level of switches from the first four years for both occupations combined is used as a target. Figure 4 shows the fraction of workers in each occupation who switch occupations by age. The left panel shows the switching pattern for workers in the blue collar sector. The right panel of the figure shows the same information for workers in white collar. The dots show the simulation from the model where the line represents the switching behavior from the NSLY79 data. In both cases, the overall level of switches begins close to the data, but the model generates a steeper decline in switches with age.



5.2



Wage Growth



We can also examine the pattern of wage growth by age from the model. Figure 5 plots the median wage for workers of each age in both the model and the data. The data have been normalized to have the same initial wage as workers in the model. The figure shows that the model and data both grow at a very similar rate for the first 5 years. For the second five years, wages in the data
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Figure 5: Median wage by age from the model compared to the NLSY79 data. 1.1
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continue to grow at a similar pace while wages in the model begin to level off. This is likely the case as the decline in occupational switching in the model slows relative to the data after 5 years so less wage growth will be generated from workers sorting to more productive occupations.



5.3



Timing of Switches



The final implication of the model in terms of switching behavior concerns the timing of subsequent switches. In the data, we found that the average time to first switch was longer than the average time to second switch for workers who have at least two switches (see Table 4). A potential explanation for this is that if switching costs are low, observing a worker switch occupations implies that they are roughly indifferent about working in each occupation. Therefore, small changes in their beliefs or productivity shocks that change the relative value of occupations are more likely to induce them to switch occupations again. Such switching behavior is an implication of a broad class of models where workers switch when their beliefs cross a threshold, but the specific patterns will be dependent on the learning process and other shocks in the model. However, this feature of the data is likely inconsistent with occupational ladder models where workers gain skills to move to new occupations, unless one assumes that the rate of skill acquisition increases with age. Table 7 reports the average time to first and second switch by initial occupational choice from the simulated model. Specifically, we simulate the model for 5000 individual life cycles, then construct data that is analogous to NLSY79. The table reports the model analog to Table 4. Recall that in
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Table 7: Average time to first and second occupational switch by initial occupational choice from simulated model. Results are conditional on switching at least twice. Mean of each variable with standard deviation in parentheses. Number of observations and t-statistics for a test that the means are different between the two means are reported in each case. Blue Collar



White Collar



Total



Time to First Switch



2.559 (1.977)



2.556 (1.995)



2.557 (1.985)



Time to Second Switch



2.109 (1.663)



2.091 (1.636)



2.100 (1.650)



995 5.495***



928 5.494***



1923 7.772***



Observations t-statistic



*** p


5.4



Option Values



While the previous section documents that our quantitative learning model is able to closely match observed switching behavior, a natural question is how important are both switching occupations and learning for workers? An advantage of our quantitative model is that we can provide answers to these questions by computing option values for workers in the model compared to various counterfactuals. This section uses this approach to understand the importance of learning for worker outcomes. 5.4.1



Value of Being Able to Switch



First, we compute the option value for an individual of being able to switch occupations. We show how the value depends on current beliefs and occupations for a worker just entering the labor
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market and compute how this option value evolves with age in the model. Understanding the value of being able to switch occupations provides evidence on the overall importance of occupational switches for workers and evaluating how it evolves with age provides evidence about the importance of learning. To compute the option value define Σi (x, sW , sB , p, y) as the maximum amount a worker would pay to have the option to change occupations. Then, Σi (x, sW , sB , p, y) solves: Vi (a − Σi , x, sW , sB , p, y) = Bi (a, x, sW , sB , p, y), where Vi (a, x, sW , sB , p, y) is the worker’s value function defined in Section 2 and Bi (a, x, sW , sB , p, y) is the value function for a worker in sector i that does not have the ability to switch occupations. Bi (a, x, sW , sB , p, y) can be written as: Bi (a, x, sW , sB , p, y) =



1 + r −γ(ra+bi (x,sW ,sB ,p,y)) 1 + r e + . −rγ rγ



Where when y < Y , bi (x, sW , sB , p, y) solves the recursive equation given by: bi (x, sW , sB , p, y) =



˜bi (x, sW , sB , p, y) + rwis (p) , if y < Y 1+r



and   Z −γbi (x0 ,s0W ,s0B ,p0 ,y+1) 0 0 ˜bi (x, sW , sB , p, y) = − 1 ln Es0 |s Es0 |s e H(dx , p ) . W W B B γ When y = Y , bi (x, sW , sB , p, y) is given by: bi (x, sW , sB , p, y) =



r 1 + r −γ ( 1+r (wis (p)−R)+R) e . −γr



In this case, bi (x, sW , sB , p, Y ) = vi (x, sW , sB , p, Y ) since the worker no longer has the option to switch occupations. Then we obtain that Σi (x, sW , sB , p, y) =



vi (x, sW , sB , p, y) − bi (x, sW , sB , p, y) . r



This characterization of the value of switching depends on the worker’s occupation, their current 29



Figure 6: Option value of being able to switch occupations. The left panel plots the value of having the option to switch at age 18 by current belief and occupation. The plot is made for the case where both occupations are in the good state, H. The right panel plots the average option value for workers from the simulated model at each age. Circles depict the mean value based on the distribution of current beliefs, state, and occupation in the model simulated with 5,000 workers at each age, while squares hold these characteristics fixed at initial values.
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realization of output, the current idiosyncratic states, the current belief, and age. The left panel of Figure 6 shows the value of having the option to switch occupations at age 18 as a function of an individual’s current belief. The figure plots the value for workers in each occupation for the case when the state in both occupations is H. Different states of the idiosyncratic productivity shock have little impact on the graph of these option values. As expected, for a worker currently in a white collar job, their option value is decreasing in their belief that they are type 1 or the type better suited for that occupation. In the extreme, if they are certain that they are type 1, p = 1, the option value of being able to switch occupations is zero. Likewise, the option value is increasing in p for workers in blue collar sectors. The magnitudes of the option value range from zero to about 230 for workers in white collar and from zero to about 247 for blue collar workers. Since the option values are calculated in terms of dollars that a worker is willing to pay to be able to switch, these values can be compared to wages in a couple of ways. First, since the wage for workers who are nearly certain that they are in the wrong occupation is close to zero, the peak values are close to the present discounted value of lifetime earnings for a worker who is certain that
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they are in the correct occupation. Alternately, given that the wages for workers who are certain that they are in the correct occupation are close to one for each occupation, the magnitudes can be roughly thought of as months of the maximum wage that a worker could receive (if they were certain of their type). While the left panel of Figure 6 describes how the option value varies based on current belief, it does not provide information about the values that workers in the model would actually be willing to pay for the option. In the model, workers vary by their beliefs, current occupations, and the state of current productivity shocks in each occupation. To better understand the overall value of switching, we compute average option values by age. The option value is computed for each worker based on their occupation, belief, current state, and age, then averaged across workers for each age in the model. These average option values are shown in the right panel of Figure 6. The circles in the figure show that the option value declines from about 67 at age 18 to less than one by age 49. This can be interpreted as about 67 months of wages for a worker who is certain of her type (wages are lower for workers with beliefs away from 0 or 1). There are two reasons why option values decline with age in the model: learning and the number of remaining years working. To disentangle these two effects, we also compute option values from a model holding the distribution of beliefs, occupations, and state constant at their values for age 18 workers. The squares in the figure show how these option values decline with age, based only on mechanically shorter working periods. While the squares and circles are identical for age 18 individuals, the plot shows that they quickly diverge, with the option value falling much more rapidly in the full model. The difference between these two lines can be viewed as the value of learning over time, which is quite large for much of the worker’s life and remains sizable even up to the end of the figure at age 49, when the option value for fixed characteristics is still at 12.6.18 5.4.2



Value of Learning Your Type



A second way to measure the value of learning in the model is to calculate the value that a worker would need to be given to be indifferent between their current belief and learning their type. 18



The value of γ chosen in the calibration does not have a large impact on these results. Higher values of γ slightly increase the value of being able to switch as it changes initial occupational choices, but since the speed of learning is fairly similar in both white and blue collar jobs in our occupation, the level of risk aversion does not have a substantial impact on individual behavior. For example, in the case where γ = 2 holding other parameters at their baseline level increases the initial option value from around 67 to about 76. The qualitative results do not change.
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Figure 7: Value needed to make workers indifferent between their current belief and learning their type. The left panel presents the value for white collar workers at age 18 by the individual’s current belief when both occupations are in the good state, H. The right panel plots the average value by age for workers simulated from the model. Circles depict the mean value based on current beliefs, state, and occupation observed at each age while squares hold these characteristics fixed at initial values.
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To do this, we assume that a the worker’s belief reflects the actual probabilities that she is a type 1 worker (as is the case in the model). With this assumption, let Ψ denote the amount of income a worker would need to be given to be indifferent between their current belief p and learning their type. That is, Ψ solves the following equation: Vi (a + Ψ, x, sW , sB , p, y) = pVi (a, x, sW , sB , 1, y) + (1 − p)Vi (a, x, sW , sB , 0, y). Using the definitions of the value functions above and simplifying we get:   ln pe−γ(vi (x,sW ,sB ,1,y)−vi (x,sW ,sB ,p,y)) + (1 − p)e−γ(vi (x,sW ,sB ,0,y)−vi (x,sW ,sB ,p,y)) . Ψi (x, sW , sB , p, y) = −γr Note that Ψ can be calculated for a worker in any state, so the value depends on the worker’s current wage realization x, idiosyncratic states sW and sB , belief p, age y, and occupation i. Again we report values for the case where the wage realization is the expected wage given current belief p. The left panel of Figure 7 shows how the value of learning one’s type varies by the worker’s
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current belief for 18 year old workers in white collar. The plots for blue collar workers are omitted as they are identical to those of white collar workers. The figure plots the values by belief for the case where the idiosyncratic state is good, H, in each occupation, but the realization of the state does not have a significant effect on the graph. Note that the value of learning one’s type is by definition zero if your belief p is zero or one, since in those cases you are already certain. The figure shows that the value of learning is higher for beliefs in between and reaches a maximum value of 36.6. This implies that the most an 18 year old worker would pay for certainty about their type is about 36 months of the maximum wage they could earn if they were certain of their type. This value depends on the speed of learning in the model as when workers learn their type more rapidly then this information would have less value. The right panel of Figure 7 shows how the average value of learning one’s type varies by age. For 18 year old workers, the average value of learning one’s type is about 32 which is similar to the maximum value in the left panel as beliefs are initially concentrated around 0.5. The figure shows that this declines rapidly for individuals as they learn, but much more slowly when beliefs, occupations, and the state is held constant with age. This again provides evidence that learning generates substantial value in helping workers sort to appropriate occupations.



6



Experiments Finally, to explore the importance of learning by assessing the implications of the model when



other factors that influence switching are shut down, this section considers two counterfactual experiments of eliminating occupation specific shocks and amplifying switching costs in the model. While these factors have an impact on observed switching behavior in the model, they do not generate large changes in the computed option values.



6.1



Role of Occupation Specific Demand Shocks



First, we explore the implications of shutting down the demand shocks in the model. This is done by simulating the model for the case when ∆B = ∆W = 0, holding all other parameters at the level of the baseline calibration. The goal of the exercise is to understand the role of these shocks on switching behavior and option values in the model. The results are reported in Figure 8. The first
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Figure 8: Model results for the case where there are no demand shocks, ∆B = ∆W = 0. The first row reports average switching rates by age for workers in blue and white collar jobs by age from the model and data. The second row reports option values for being able to switch occupations by belief for 18 year old workers and by age. The third row reports the value of learning one’s type by belief for 18 year old workers and by age.
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Figure 9: Histogram of the number of years with a job switch between the age of 18 and 28 from the NLSY79. 0.200 0.175
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row presents average switching rates by age from the model and compares it to the data. The left panel presents results for workers in white collar while the right panel presents results for workers in blue collar. Eliminating these shocks leads to a reduction in switching. That is, a substantial fraction of switches in the baseline model are generated by the presence of local occupation specific demand shocks. Without the shocks, the switch rate for workers in the first four years drops to 0.1625, more than 20% lower than the baseline calibration. The elimination of these shocks also flattens the age pattern of switches. The second and third rows of Figure 8 replicate the results for the option value of being able to switch and the option value of a worker learning their type when ∆B = ∆W = 0. While eliminating the shocks has a substantial effect on switching behavior, both the patterns and levels of the option value calculations are similar to the baseline model. The average option value of being able to switch occupations is a bit lower for 18 year olds, with a value of about 59 versus 67 in the baseline model, while the option value of a worker learning their type is a bit higher than the baseline model at 34.6 instead of 32. Beyond these small initial level differences, the age patterns are nearly identical to the baseline model.
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6.2



Role of Switching Costs



This section explores the role of switching costs in the model. In our baseline model there are no switching costs as they are not separately identifiable from the productivity process. However, it is interesting to consider how the inclusion of a cost to switching occupations modifies the baseline results. While we will consider the implications of a switching cost, it is not clear that such costs are important for workers since workers switch jobs much more frequently than they switch occupations in the data. To document this point, Figure 9 plots the histogram of the number of years that workers in the NLSY79 data switch jobs between the age of 18 and 28. Comparing this plot to the histogram of the number of occupational switches, there are many more job switches than occupational switches; only about 5 percent of workers never switch jobs and about 85 percent have two or more switches while less than half of workers have more than two occupational changes. Carrillo-Tudela et al. (2016) also find that only about 50% of job changes involve an occupational change in the U.K. If most of the costs to switching occupations are already accounted for with any job switch, such as the costs of job search or any unemployment spell, then it is not surprising that the measured cost of occupational switching in the model is small. In an environment where job switching is more costly, for instance in Europe where there are larger frictions in the labor market and lower average worker flows, more of these costs may be loaded onto occupational switches. We consider a higher switching cost of u = 1, or about one month of the maximum wage a worker could earn, holding all other parameters from the baseline calibration fixed. Figure 10 shows simulated results from the model for this case. The top row once again shows that the average switching rates by age for blue collar workers in the left column and white collar workers in right column. The figures show that increasing the switching cost to 1 is enough to dramatically reduce switching in the model, but that the age patterns maintain the same shape as in the baseline model where there is a steep decline in switching with age for white collar workers. Despite the decline in the amount of switching generated by the model, the second and third rows of Figure 10 show that the option values generated with high switching costs are very similar to the baseline result. Here, the option value of being able to switch is slightly lower, reflecting the higher cost that a worker must pay to switch and, the value of learning one’s type is higher because workers want to avoid switching multiple times. While there are many factors in the model that contribute to the observed age patterns of occu36



Figure 10: Results for high switching costs of u = 1. The first row reports average switching rates by age for workers in blue and white collar jobs by age from the model and data. The second row reports option values for being able to switch occupations by belief for 18 year old workers and by age. The third row reports the value of learning one’s type by belief for 18 year old workers and by age.
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pational switches including learning and productivity shocks, the computed option values remain quite stable across different parameterizations of the productivity process and switching costs. The ability to switch occupations is valuable for individuals early in their life, but learning implies that the value of being able to switch declines rapidly with age. The value of learning one’s type is about half the magnitude of the value of being able to switch in part because a worker can learn their type over time. The value of learning one’s type also declines rapidly with age as worker’s learn. Hence, these option value calculations both highlight the importance of being able to switch and emphasize the role of learning in worker’s occupational decisions.



7



Discussion Recent papers such as Papageorgiou (2014) and Groes, Kircher and Manovskii (2015) have



shown that learning is important to understand workers’ occupational transitions. While their models are consistent with a broad range of cross-sectional evidence about life cycle occupational choices, this paper provides additional evidence about life cycle patterns of occupational switching from panel data. Workers’ initial information is informative both about initial occupational decisions and future decisions to switch occupations, there are a sizable portion of workers who switch occupations frequently, and, most surprisingly, the average time to a worker’s first occupational switch is longer than the average time to the second switch. We construct a life cycle model with learning where workers sort themselves into the occupation that best fits their type, extending the framework of Johnson (1978). The model is used to calculate the value to workers of being able to switch occupations and learn their type. We find that the value of being able to switch occupations for an 18 year old worker is about 67 months of the maximum wage that they could earn. The average value of learning one’s type for an 18 year old worker is about 32 months of the maximum wage that they could earn. These values demonstrate the value of learning to a worker and do not depend strongly on the degree of risk aversion, the magnitude of productivity shocks, or the inclusion of switching costs in the model.
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Appendix A



Routine and Cognitive Job Classification This section shows that the results presented in the paper are robust to different occupation



classifications. Here, the results from Section 2 of the paper are replicated, with jobs classified as routine and non-routine or cognitive and non-cognitive instead of blue collar and white collar. Despite different classification of occupations, the pattern of results remains the same providing evidence that the results are not dependent on the blue and white collar classifications used in the paper. Table 8 and Table 9 replicate Table 3 with classifying occupations as routine and non-routine or cognitive and non-cognitive, respectively. We see that results are similar: workers with higher probabilities of choosing their initial occupation are less likely to ever switch occupations, take longer to make the first occupational switch if they do switch occupations, and have a lower total number of switches. Table 10 and Table 11 replicate Table 4 with classifying occupations as routine and non-routine or cognitive and non-cognitive, respectively. These tables show that time to second switch is shorter than the time to first switch. This pattern holds overall as well separately for those who start in each occupation category. The results are stronger for those who start in routine or non-cognitive jobs, similar to the pattern we see where results are stronger for those who start in blue collar jobs.



B



Single Digit Occupations A potential concern is that our results are sensitive to the particular occupational categories



used in the analysis. This section replicates the results from Section 2 of the paper with 9 single digit occupational categories instead of using only blue and white collar occupations. The nine categories are based off of the IPUMS categorization of the 1970 census occupational classification system. There are 13 occupational categories as categorized by IPUMS. These include: professional, technical, and kindred workers; managers and administrators, except farm; sales workers; clerical and kindred workers; craftsman and kindred workers; operatives, except transport; transport equipment operatives; laborers, except farm; farmers and farm managers; farm laborers and 42



Table 8: Regressions of ever switching occupations, timing of first switch for those that switch, and number of switches on the fitted probability of initially choosing one’s initial occupation. Occupations are classified as routine or non-routine. The first column presents marginal effects at the mean from a probit regression. Standard errors in parentheses. Variables Probability



Observations



(1) Ever Switch



(2) Time to First Switch



(3) Number of Switches



-0.706*** (0.062)



3.312*** (0.384)



-1.843*** (0.206)



2686



1913



2686



*** p


Table 9: Regressions of ever switching occupations, timing of first switch for those that switch, and number of switches on the fitted probability of initially choosing one’s initial occupation. Occupations are classified as cognitive or non-cognitive The first column presents marginal effects at the mean from a probit regression. Standard errors in parentheses. Variables Probability



Observations



(1) Ever Switch



(2) Time to First Switch



(3) Number of Switches



-0.331*** (0.043)



1.908*** (0.257)



-0.621*** (0.137)



2686



1178



2686



*** p


Table 10: Average time to first and second occupational switch by initial occupational choice. Results are conditional on switching at least twice. Mean of each variable with standard deviation in parentheses. Number of observations and t-statistics for a test that the means are different between the two means are reported in each case. Routine



Non-Routine



Total



Time to First Switch



3.447 (2.245)



2.618 (1.851)



3.113 (2.134)



Time to Second Switch



1.875 (1.475)



2.384 (1.784)



2.080 (1.625)



839 15.351***



565 1.941**



1404 12.924***



Observations t-statistic



*** p


farm foreman; service workers, except private household; private household workers; and workers not classifiable by occupation. Our analysis combines operatives with transport equipment operatives, farmers and farm managers with farm laborers and farm foreman, and service workers with private household workers. In addition, we code unreported occupations as missing. This leaves us with 9 different occupations. Table 12 replicates Table 3 using single digit categories. We see that results are similar: workers with higher probabilities of choosing their initial occupation are less likely to ever switch occupations, take longer to make the first occupational switch if they do switch occupations, and have a lower total number of switches. Table 13 replicates the results form Table 4. Once again, the time to first switch is significantly greater than the time to second switch as seen in column 1. This table does not break down results across initial occupation since there are now 9 different occupational categories. However, we separate results for those that switch back to their 1st occupation in column 2 and those that switch to a new third occupation when they make a second switch in column 3. We find that the time to second switch is only shorter when individuals switch back to their original occupation. Such a result would be consistent with learning in a multi-armed bandit model with multiple occupations as long as switching costs are low. The intuition is that a switch between two occupations would be evidence that the individual is close to indifferent between the occupations, so would be more likely to switch back quickly if they are observed to switch back while there is no reason that that workers would on average be relatively indifferent between those occupations and a third one (it would depend on the distribution of beliefs across occupations). While we do not develop such a model in this paper, we view this additional evidence as being consistent with the evidence about the importance of learning as presented in the rest of the paper.



C



NLSY79 College Cohort This section replicates the results from Section 2 of the paper using the cohort of college educated



individuals. There are a number of differences between our sample of workers who only have a high school education compared with workers who have college degrees. College educated workers largely start in white collar occupations (479/592 or about 81%) where high school workers are more likely
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Table 11: Average time to first and second occupational switch by initial occupational choice. Results are conditional on switching at least twice. Mean of each variable with standard deviation in parentheses. Number of observations and t-statistics for a test that the means are different between the two means are reported in each case. Cognitive



Non-Cognitive



Total



Time to First Switch



2.641 (1.927)



3.117 (2.186)



2.964 (2.118)



Time to Second Switch



2.246 (1.772)



1.966 (1.555)



2.056 (1.632)



423 2.727***



895 11.593***



1318 11.020***



Observations t-statistic



*** p


Table 12: Regressions of ever switching occupations, timing of first switch for those that switch, and number of switches on the fitted probability of initially choosing one’s initial occupation. The first column presents marginal effects at the mean from a probit regression. Standard errors in parentheses. Variables Probability



Observations



(1) Ever Switch



(2) Time to First Switch



(3) Number of Switches



-0.355*** (0.036)



3.790*** (0.287)



-3.032*** (0.294)



2686



2479



2686



*** p
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to start in a blue collar occupation (64% or 1714/2686). College graduates are also less likely to switch occupations relative those with only high school education. Only 35% (208/592) ever switch occupations and only 20.4% (121/592) switch twice compared to the high school cohort where 64% (1723/2686) ever switch occupations and 45.7% (1227/2686) switch twice. Some of this is due to the fact that we only see the college graduates in our sample work for an average of 6.2 years while we see the high school graduates in our sample for an average of 8.6 years, but the average switching rates are still lower. While the sample size is much smaller for this group, the pattern of results are the same as the results for high school graduates that are presented in the main text. Table 14 replicates Table 3 using a cohort of college graduates who either received a BA or BS degree. We see that results are similar: workers with higher probabilities of choosing their initial occupation are less likely to ever switch occupations, take longer to make the first occupational switch if they do switch occupations, and have a lower total number of switches.19 Table 15 replicates Table 4 with college graduates. This table shows that time to second switch is shorter than the time to first switch. However, the difference is only significant for the whole group and for those who start in white collar jobs. While those who start out in blue collar jobs and switch twice have a slightly shorter time to second switch, the difference is not statistically significant. However, this is a small sample of individuals.



D



Evidence from NLSY97 This section replicates the results from Section 2 of the paper with the more recent National



Longitudinal Survey of Youth 1997 (NLSY97) data. The NLSY79 is known to have occupational coding errors that imply occupational changes when none have occurred (see Neal (1999b)). If these errors are quickly fixed in subsequent rounds, then the results, particularly those of Table 4 that show shorter timing to a second occupation switch, may be driven by such errors. NLSY97 uses dependent interviewing, where respondents are first asked whether their industry or occupation has changed before coding a change. This should alleviate erroneous occupational changes that exist in the NLSY79 data. As a robustness check that the results in Section 2 are not driven by errors, we replicate our data analysis using the NLSY97. Moreover, using this data also shows that the 19 Note that these results also hold if using the single digit categories as presented in Appendix B. We present the blue and white collar results here so they can be compared to the results in the main paper.
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Table 13: Average time to first and second occupational switch for those that switch twice. Number of observations and t-statistics for a test that the means are different are reported.



Time to First Switch Time to Second Switch



Observations t-statistic



(1) All



(2) Switch Back



(3) No Switch Back



2.111 (1.546) 1.752 (1.285)



2.452 (1.727) 1.597 (1.139)



1.895 (1.377) 1.850 (1.360)



2240 7.903***



869 11.437***



1371 0.8134



*** p


Table 14: Regressions of ever switching occupations, timing of first switch for those that switch, and number of switches on the fitted probability of initially choosing one’s initial occupation. The first column presents marginal effects at the mean from a probit regression. Standard errors in parentheses. Variables Probability



Observations



(1) Ever Switch



(2) Time to First Switch



(3) Number of Switches



-1.334*** (0.120)



1.746*** (0.309)



-1.793*** (0.159)



592



208



592



*** p
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results are not special to a particular time period, as individuals in each data set are from only a few cohorts that enter the labor market in similar years. Table 16 replicates Table 3 using NLSY97 data. We see that results are similar: workers with higher probabilities of choosing their initial occupation are less likely to ever switch occupations, take longer to make the first occupational switch if they do switch occupations, and have a lower total number of switches.20 Table 17 replicates Table 4 using NLSY97 data. This table shows that time to second switch is shorter than the time to first switch. However, the difference is only significant for the whole group and for those who start in blue collar jobs.



E



Proofs



E.1



Proof of Proposition 1



We begin by solving the problem of retirees. We then solve the problem of workers in the last period of their career, y = Y . We then solve the problem for those workers with y < Y . Retirees. The problem of a retired worker is given by 0



e−γ((1+r)a+R−a ) 1 1 VR (a) = max + + VR (a0 ) . a0 −γ γ 1+r The Contraction Mapping Theorem applies and thus we know that a value function VR (a) exists, that it is unique, and differentiable. As a result, we guess and verify that the solution is given by VR (a) =



1+r −γ(ra+R) −γr e



+



1+r γr .



To check that this is indeed the solution we first need to compute



the first order condition of the problem, 0



e−γ((1+r)a+R−a ) =



1 dVR (a0 ) . 1 + r da



We can replace the first order condition into the Bellman equation to obtain that VR (a) =



dVR (a0 )/da 1 1 + + VR (a0 ) . −γ(1 + r) γ 1+r



20 Note that these results also hold if using the single digit categories as presented in Appendix B. We present the blue and white collar results here so they can be compared to the results in the main paper.
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Table 15: Average time to first and second occupational switch by initial occupational choice. Results are conditional on switching at least twice. Mean of each variable with standard deviation in parentheses. Number of observations and t-statistics for a test that the means are different between the two means are reported in each case. Blue Collar



White Collar



Total



Time to First Switch



1.829 (1.181)



2.350 (1.388)



2.174 (1.340)



Time to Second Switch



1.756 (1.067)



1.363 (0.680)



1.496 (0.848)



41 0.272



80 5.016***



121 4.154***



Observations t-statistic



*** p


Table 16: Regressions of ever switching occupations, timing of first switch for those that switch, and number of switches on the fitted probability of initially choosing one’s initial occupation. The first column presents marginal effects at the mean from a probit regression. Standard errors in parentheses. Variables Probability



Observations



(1) Ever Switch



(2) Time to First Switch



(3) Number of Switches



-0.693*** (0.094)



1.731*** (0.455)



-1.007*** (0.219)



1164



688



1164



*** p
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Table 17: Average time to first and second occupational switch by initial occupational choice. Results are conditional on switching at least twice. Mean of each variable with standard deviation in parentheses. Number of observations and t-statistics for a test that the means are different between the two means are reported in each case. Blue Collar



White Collar



Total



Time to First Switch



2.531 (1.683)



2.389 (1.530)



2.465 (1.613)



Time to Second Switch



2.085 (1.405)



2.300 (1.464)



2.184 (1.435)



211 2.642***



180 0.506



391 2.308**



Observations t-statistic



*** p


0



1 + r −γ(ra+R) 1 + r e−γ(ra +R) 1 e−γ(ra +R) 1 e + = + + + −γr γr −γ γ −γr γr −γ(ra+R) −γ(ra0 +R) e = e . That is, the conjecture is verified if a0 = a. Notice that, from the first order condition we know that consumption, and thus the asset level, are constant. Thus, the conjecture is verified. Next to retire workers, y = Y . The Bellman equation here is given by 0



e−γ((1+r)a+wisi (p)−a 1 1 Vi (a, x, sW , sB , p, Y ) = max + + VR (a0 ) . a0 −γ γ 1+r Plugging in the value for VR (a) provides that 0



Vi (a, x, sW , sB , p, Y ) = max 0 a



e−γ((1+r)a+wisi (p)−a 1 1 −γ(ra0 +R) 1 + + e + . −γ γ −γr γr



The first order condition gives: 0



0



e−γ((1+r)a+wisi (p)−a ) = e−γ(ra +R)
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→



a0 = a +



wisi (p) − R . 1+r



Substituting back into the value function gives: Vi (a, x, sW , sB , p, Y ) = So that vi (x, sW , sB , p, Y ) =



r 1+r (wisi (p)



i r 1 + r h −γ (ra+ 1+r (wisi (p)−R)+R) e −1 . −γr



− R) + R.



Workers with y < Y . For this problem it is easy to verify that the Contraction Mapping Theorem applies so that a differentiable value function Vi (a, x, sW , sB , p, y) exists and that it is unique. Thus, we solve the problem by a guess and verify method. We begin by taking the first order condition from the worker’s period asset choice problem presented in equation (2), 0



e−γ((1+r)a−a +wisi (p)) =



1 dV˜i (a0 , x, sW , sB , p, y) . 1+r da0



Substituting into the value function provides Vi (a, x, sW , sB , p, y) = −



1 dV˜i (a0 , x, sW , sB , p, y) 1 1 ˜ 0 + + V (a , x, sW , sB , p, y) . 0 γ(1 + r) da γ 1+r



We assume that the continuation value takes the form V˜i (a0 , x, sW , sB , p, y) = 1+r rγ .



1+r −γ(ra0 +˜ vi (x,sW ,sB ,p,y)) + −rγ e



Under the conjecture, d







1+r −γ(ra0 +˜ vi (x,sW ,sB ,p,y)) −rγ e da0



+



1 γ(1 + r) 1 1 + r −γ(ra0 +˜vi (x,sW ,sB ,p,y)) 1 + e + , 1 + r −rγ rγ 1 + r −γ(ra0 +˜vi (x,sW ,sB ,p,y)) 1 + r + = e . −rγ rγ



Vi (a, x, sW , sB , p, y) = −



Note that the first order condition reduces to, a0 = a +



wisi (p) v˜i (x, sW , sB , p, y) − . 1+r 1+r
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1+r rγ



 +



1 γ



This expression provides the savings rule. Substituting into Vi (a, x, sW , sB , p, y) yields, Vi (a, x, sW , sB , p, y) =



1 + r −γ(ra+vi (x,sW ,sB ,p,y)) 1 + r e + , −rγ rγ



(5)



where



vi (x, sW , sB , p, y) ≡



v˜i (x, sW , sB , p, y) + rwisi (p) . 1+r



Finally, 1 + r −γ(ra0 +˜vi (x,sW ,sB ,p,y)) e + −rγ 1 + r −γ(ra0 +˜vi (x,sW ,sB ,p,y)) e + −rγ



1+r rγ 1+r rγ



= V˜i (a0 , x, sW , sB , p, y) ,  Z = max Es0W |sW Es0B |sB Vi (·)Hisi (dx0 , p0 ) ,  Z Es0W |sW Es0B |sB V−i (·)H−is0−i (dx0 , p0 ) .



Substituting the expression in equation (5) and solving for v˜(x, sW , sB , p, y) provides the expression in equation (4). This completes the proof.
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