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Abstract

This paper examines how primitive skills associated with occupations are formed and re-
warded in the labor market over the careers of men. The objective task complexity measure-
ment from the Dictionary of Occupational Titles enables a more direct look into the primitive
skills of workers. I show that the optimal choice of task complexity is a linear function of un-
observed skills, worker characteristics, and preference shocks, which implies that the observed
task complexity is a noisy signal of underlying skills. Using career histories from the NLSY79,
the growth of cognitive and motor skills as well as structural parameters are estimated by the
Kalman filter. The results indicate that both cognitive and motor skills account for a consid-
erable amount of cross-sectional wage variation. I also find that cognitive skills grow over
careers and are the main source of wage growth; this pattern is particularly pronounced for the
highly educated. In contrast, motor skills grow and contribute to wage growth substantially

only for high school dropouts.
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1 INTRODUCTION

1 Introduction

Heterogeneity of the type of worker skills is a central feature of labor economics. One approach
to understanding skill heterogeneity is to assume homogeneous skills for workers classified by
such criteria as race, sex, and education. Another approach focuses on the sector affiliation of
workers. This approach not only defines economically more meaningful skill categories, but is
also empirically successful and several papers' find evidence of sector specific skills. While these
papers highlight the importance of sector affiliation in understanding worker skills, the theory of
specific human capital ignores apparent similarity in skills between sectors. If skills are assumed
idiosyncratically different across finely defined sectors, it is hard to develop a widely applicable
theory of skills. When only a small number of sectors are considered, skill specificity is more
plausible and interpretation is simplified, but plausible heterogeneity in skills within the broadly
defined sector is ignored.

This paper departs from the previous contributions by taking a more direct look at the primi-
tive skills of workers and their tasks. The objective task complexity measures from the Dictionary
of Occupational Titles (DOT) makes this approach possible. In the model, individuals and jobs
are characterized in continuous and multidimensional spaces of skills and task complexity, respec-
tively. Individuals are heterogeneous in their endowment of primitive skills such as cognitive and
motor skills. They synthesize these different skills in order to perform their tasks. Similarly, jobs
are heterogeneous in cognitive and motor task complexity. Individuals are engaged in both cog-
nitive and motor tasks in any job, but the complexity of each task varies across jobs. This skill
and task complexity space approach allows for a clearer interpretation of heterogeneous workers
and jobs from the viewpoint of a few fundamental skills and tasks. Moreover, this approach also
enables the model to account for heterogeneity in hundreds of occupations without suffering from
the curse of dimensionality, because neither the state variables nor the parameters increase with
the number of occupations in the model.

Some recent papers attempt to look into the skills associated with jobs by using information
about job tasks. Ingram and Neumann (2006) and Bacolod and Blum (forthcoming) include task
complexity measures in wage regressions and study the resulting implications for wage inequal-
ity. Autor, Levy, and Murnane (2003) find that workplace computerization has replaced routine
cognitive and manual tasks, which results in a labor demand shift in favor of the educated. These
examples demonstrate the usefulness of job task information in understanding worker skills. An
important challenge for most papers in the task-based approach literature is a lack of an explicit

distinction between skills that are possessed by workers and skills that are required for a job.? This

lPapers in this area include Heckman and Sedlacek (1985), Neal (1995), Keane and Wolpin (1997), Parent (2000),
Pavan (2006), Kambourov and Manovskii (2009), Yamaguchi (forthcoming), and Sullivan (2008, forthcoming)
2 An important exception is Poletaev and Robinson (2008). Using the Displaced Worker Surveys and the Dictionary



1 INTRODUCTION

lack of distinction implicitly assumes that workers in the same occupation have identical skills,
and thus, the returns to skills are confused with the returns to tasks. This paper departs from these
previous contributions by distinguishing between skills and task complexity explicitly.

Heterogeneous jobs affect individual welfare in three different ways according to task com-
plexity. First, skills are better rewarded when the relevant task is complex. For example, those
who are endowed with cognitive skills are paid better in a job with a complex cognitive task. Sec-
ond, individuals learn more skills when the relevant task is complex. Skills are acquired through
learning-by-doing, with the amount of learning increasing in the intensity of the task. Individuals
who have spent many years in a motor skill intensive job will have accumulated a large amount of
motor skills. Individuals also directly receive utility from the job characteristics. Skilled individu-
als tend to like complex tasks, while unskilled individuals find them unpleasant.

Individuals enter the labor market with a heterogeneous initial skill endowment. They are
also heterogeneous in preference and learning ability. In each period, until the terminal period,
individuals choose an optimal job. Unlike many other papers that consider the occupational choice
problem as a discrete choice problem, this paper models it as a continuous choice problem in a
task complexity space.

The main theoretical finding is that the optimal policy function for occupational choice is a
linear function of unobserved skills, worker characteristics, and preference shocks under the set
of my assumptions. This policy function is remarkably simple relative to other structural dynamic
models of occupational choice such as Keane and Wolpin (1997). This analytical solution allows
me to include many state variables including observed worker characteristics without major com-
putational burden. This is not the case for other structural models that must be solved numerically
using discrete state space. The linear policy function implies that the observed task complexity
can be interpreted as a noisy signal of unobserved skills. Hence, the growth of unobserved skills
as well as the structural parameters can be estimated by the Kalman filter.

The data used to construct wage and occupational choice histories of men are drawn from the
NLSY79. They are merged with a task complexity measurement from the DOT. Using the detailed
task complexity information from the DOT, I construct two broadly defined task categories: cog-
nitive and motor tasks. The estimation results are intuitive and indicate that the returns to skills
and the amount of skill learning increases with task complexity. I also find that both cognitive
and motor skills account for a considerable amount of cross-sectional logwage variation, although
cognitive skills are more important than motor skills in explaining the wage distribution. Finally,

I examine the growth of unobserved skills and how the skills contribute to wage growth for each

of Occupational Titles, they examine wage changes following displacement. Poletaev and Robinson (2008) find a
greater wage loss for those who have moved to jobs that require a different skill portfolio than their pre-displacement
jobs.



2 MODEL

level of education. The average cognitive skill grows over time and they are the main source of
wage growth for all education levels. The amount of cognitive skill growth increases with the level
of education. In contrast, average motor skills grow only for high school dropouts. The growth
of motor skills account for about 30% of the wage growth of high school dropouts during the first
10-20 years of their careers.

The rest of the paper is organized as follows: Section 2 lays out the structural model and
shows the optimal policy function. Section 3 explains the estimation strategy of the model by the
Kalman filter. The identification issue is also discussed here. Section 4 describes the data set. The

estimation results are presented and discussed in Section 5. Section 6 concludes.

2 Model

In this section I describe a dynamic model of occupational choice and skill formation. In the
model, each individual who made a long term transition to the full-time labor market has a finite
decision horizon ending in an exogenously fixed retirement age. There is no distinction between
jobs and occupations. In other words, jobs in the same occupation are homogeneous in terms of
task complexity. In each year 7, an individual chooses an occupation that lies in a K-dimensional
continuous space of task complexity x;. Sufficiently many occupations exist so that an individual
can choose any occupation in the task complexity space. Skills in year ¢ are denoted by a K-

dimensional vector s;.

2.1 Wage Function

Skills are differently rewarded across occupations according to task complexity. Let p(x;) be a
K-dimensional vector of the marginal rate of returns to skills when the task complexity of the job

in year ¢ is x;. Wages depend on skill quantity and its returns;

Inw, = po+p (x)s+ns, (1)

where pg is a constant term and 7); is an i.i.d. error term that follows the normal distribution with
mean zero and variance (7727. This error term 7); can be interpreted either as a productivity shock
unrelated to worker skills s; or as a measurement error. The return to skills p(x;) increases with
task complexity; dp/(x;)/ 8x,j > 0, where j is a superscript for skill dimension. For example,
cognitive skills are better rewarded in a job where the cognitive task is more complex. When task
complexity is low, worker skills have little effect on the productivity of a job. A low-skill individual
can perform the tasks of less skill demanding job such as house keeping satisfactorily. In addition,

a high-skill individual is unlikely to far outperform a low-skill individual in such a simple task.
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2.2 Skill Formation 2 MODEL

In contrast, the productivity of a skill demanding job such as a managerial task is sensitive to
worker skills. Because the quality of a manager affects the productivity of her subordinates, a
small difference in managerial skills can translate into a large productivity difference. A low-
skill individual performs managerial tasks poorly and produces little output relative to a high-skill
individual.

I parametrize the wage equation as
Inw, = po+[p1+Pxi| st + 1, (2)

where p; is a K-dimensional vector and P is a K X K positive definite diagonal matrix of the
parameters.

This wage function® also provides an interpretation about job match quality introduced by Jo-
vanovic (1979). While many empirical papers* find that the wage gain from job search is substan-
tial for young workers, their models do not explain why match quality varies across jobs explicitly.
In this model, a worker receives a wage gain when he moves to an occupation in which the re-
turns to skills are high. The size of this wage gain depends on the skill endowment of the worker.
Consider a worker with high motor skills and little cognitive skills. This worker can expect a large
wage gain by taking a job with complex motor tasks, but cannot expect a significant wage gain
by taking a job with complex cognitive tasks. Desirable occupations from the viewpoint of wage
gain vary across individuals, according to his skill endowment. The job search process can be
interpreted as a process to reach an occupation that offers a higher return to skills that a worker has

abundantly.

2.2 Skill Formation

The amount of skill formation varies across individuals in three ways. First, it depends on tasks
in which a worker is engaged; a worker learns more skills by using them more intensely. For
example, individuals accumulate more motor skills by taking on motor skill intensive tasks. This
approach is a natural extension of learning-by-doing to a model in which jobs are heterogeneous.
Second, individuals differ in learning ability. For example, education affects not only the initial
skill endowment at the entry to the labor market, but also learning ability. Third and lastly, an i.i.d.
skill shock influences skill growth.

The skill transition is defined by a linear function of task complexity, worker characteristics,

and the current skill level. Let d be a L-dimensional vector of individual characteristics fixed at

3Lazear (2004) and Gibbons, Katz, Lemieux, and Parent (2005) present wage functions similar to this model in
that they allow for returns to skills to vary across jobs depending on tasks.

“The contributions in this area include Topel and Ward (1992), Schonberg (2007), Neal (1999), Pavan (2006),
Yamaguchi (forthcoming), and Sullivan (forthcoming).
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labor market entry such as race and education. A vector of skill shocks & is normal, independent
and identically distributed with mean zero and variance X¢: & ~ N(0,X¢). Skills grow from year ¢

to year t 4+ 1 according to the following skill transition equation
siv1 = Ds+ap+A1x +Axd + &1, (3)

where D is a K-dimensional diagonal matrix for skill depreciation, ag is a K-dimensional vector of
parameters, A; is a K x K diagonal matrix of the marginal effects of task complexity on learning,
Aj is a K x L dimensional matrix that represents heterogeneous learning ability.

An alternative to this learning-by-doing assumption is an on-the-job training (or skill invest-
ment) model such as that proposed by Ben-Porath (1967). However, Heckman, Lochner, and Cossa
(2002) find it hard to distinguish learning-by-doing from on-the-job training when using features
observed in the data. Moreover, Altonji and Spletzer (1991) find that a skill demanding job of-
fers more skill training. The key property that skills grow more in skill demanding jobs holds
true regardless of whether I assume that skills accumulate through learning-by-doing or on-the-job
training.

Individuals start their careers with different amounts of initial skills s; in both observable and

unobservable ways. The initial skill endowment is given by
s1 = ho+Hd+ég 4)

where hq is a K-dimensional vector, H is a K x L matrix of parameters, d is observed individual
characteristics at labor market entry, and € is an unobserved component of initial skills which is
distributed as €, ~ N(0,X;;).

2.3 Job Preference

Job preference, as well as skill endowment, can rationalize the observed occupational choices. The

following quadratic function of task complexity determines utility from work,

Vi = V(xlaxtast,vt;d) (5)
= (g0+G1d+Gas, + Vi) Xt +x,G3x; + (x5 — %) Ga(x — %), (6)
where g¢ is a K-dimensional vector of preference parameters, G is a K X L matrix of preference

parameters, V; is a K-dimensional vector of preference shocks with zero mean, G,, G3, G4 are

K x K diagonal matrices, and X; is a K-dimensional vector of work habits.



2.3 Job Pretference 2 MODEL

The utility from job characteristics varies across individuals according to individual character-
istics d, the skill levels s;, and a preference shock V;. Skilled workers prefer complex tasks if the
parameter matrix G is positive definite. I assume that the matrix G3 is negative definite. This
restriction implies that, for a very high value of x;, the marginal utility from job characteristics is
negative; this is the cost of entering an occupation with complex tasks. The parameters go, Gi,
and G are unrestricted. The last term in the above equation captures the effect of work habits on
utility. The work habits of individuals are measured by the weighted average of the task complex-
ity of previous occupations the individual has held. Individuals may have difficulty in adjusting
themselves to a new work environment. The mental and physical costs of this adjustment are high
when an individual enters into an occupation that is very different from the past occupations held.
This effect can be interpreted as a sort of search friction as it prevents workers from reaching a
best-paying job immediately. This work habit effect is introduced to approximate the fact that
workers do not change occupations every year. It is true that the model can predict more realistic
worker mobility patterns by introducing a fixed entry cost to a new occupation or by assuming that
workers do not receive job offers every period, but the proposed specification is necessary to derive
the linear policy function shown below. I argue that the benefit from this approximation exceeds
its loss of realism.

This utility function allows for a rich form of heterogeneity in job preferences: it varies across
individuals according to skills, work habits, other observed worker characteristics, and unobserved
preference shocks. Consider the utility change of a worker being promoted to a job with complex
tasks. If he is unskilled, this promotion may decrease the utility from job characteristics because
he may not like the complex tasks and will suffer from adjusting himself to the new tasks. If he
is skilled, in contrast, this promotion may increase his utility from job characteristics despite the
work habit effect, because a skilled worker likes a complex task.

Individuals form their work habits by the following transition equation
X1 = Azx+ (I_A3>xt (7)

where A3 is a K-dimensional diagonal matrix of which elements take values between zero and
one and / is a K-dimensional identity matrix. Hence, work habits X are a weighted average of the
task complexity of the past jobs. When A3z = 0, only the tasks in the last occupation affect work
disutility. In contrast, when A3 = I, work habits remain constant at the initial value X;. For all other
cases where the elements of A3 are between 0 and 1, the tasks of all past jobs affect work disutility.

Individuals experience part-time jobs and/or are engaged with other activities in and out of
school before they transit to the full-time labor market. These experiences outside the full-time

labor market form individuals’ initial work habits as well as the initial skill endowment. The initial
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condition for X; varies across individuals according to initial observed characteristics d such that
X = X0+Xd, 8)

where X1 o is a K-dimensional vector of parameters and X is a K x L matrix of parameters.

2.4 Bellman Equation

The Bellman equation for an individual is given by

Vi(s, %, Vi, psd) = rr;axlnw(xt,st, M) + (x5, X, 8¢, Vesd) + BEVi g1 (Se41: %41, Vi1, Mg 1:d(9)
t

S.t.
Inwe = po+[p1+Pox] s+ (10)
v, = (80+G1d+G2st+\7,)/x,~|—x;G3xt+(xt—Xt)/G4(x,—X,) (11)
Siv1 = Dsi+ag+Ax+Axd+ &4 (12)
Tyl = Az +(1—Az)x (13)
s1 ~ N(ho+Hd, X5) (14)
X = Xjo+Xd. (15)

Because this is a stochastic optimal linear regulator problem, the optimal policy function is a
linear function of skills, work habits, individual characteristics, and preference shocks. It can be

expressed as
xf = cos+Cid+Coypsi+Ca % + Vi, (16)

where cq, is a K-dimensional vector, Cy, is a K X L matrix, (3, and C3; are K-dimensional di-
agonal matrices, and V; is a K-dimensional vector of rescaled preference shocks (i.e., I can write
Vy = M, V, where M, is a K-dimensional diagonal matrix). The proof is shown in Appendix C. The
rescaled preference shocks v; are normal, independent, and identically distributed random vari-
ables with zero mean and variance matrix X,. The parameters c(;, Ci;, C2 4, and C3 ; are functions
of structural parameters and are not estimated as free parameters. Because the problem has a finite
horizon, I solve the value function and the policy function by backward recursion.’

This analytical solution allows me to include many state variables including observed worker

characteristics without major computational burden. Most structural dynamic models of occupa-

5Many other methods are available for infinite horizon problems. See Anderson, Hansen, McGrattan, and Sargent
(1996) for a survey.



3 ESTIMATION STRATEGY

tional choice are formulated as a dynamic discrete choice problem. In these models, allowing for
rich worker heterogeneity is computationally intractable, because the value function is calculated
at each point in the discrete state space. The derived policy function also provides with a useful
interpretation of the observed occupational choice: it is a noisy signal of underlying skills. Worker
skills are not homogeneous within occupation, but task complexity of the occupation contains
useful information about worker skills. Skills and tasks are often not explicitly distinguished in

empirical literature, but this result characterizes the relationship between them.

3 [Estimation Strategy

3.1 Identification Restrictions

I estimate the wage equation (2) and the policy function (16) jointly, given the transition equa-
tions (3) and (7) and the initial conditions defined by Equations (4) and (8), under the parameter
constraints imposed on the policy function coefficients C’s by the structural model. Notice that
this model is an application of a state-space model. Like other state-space models (or factor mod-
els), there is an identification issue related to unobserved skills. The scale parameters of skill are
not identified because observed variables (i.e. wage and task complexity) are the product of un-
observed skills and unknown parameters such as the returns to skills. Either a large amount of
skills or high returns can rationalize an observed high wage. The location parameters of skills are
identified by the nonlinearity of the model except for special cases in which D =0 or D = I, but
no credible source of identification exists. Hence, I specify the unconditional mean and standard

deviation of initial skills as .50 and .10, respectively. Specifically, it is imposed that
5
E(s;1) = ho+HE(d)= ( s ) a7

diag[Var(s\)] = diag[HE(dd )H +X]= ( '81 ) (18)
where diag is an operator that converts a matrix into a vector that consists of diagonal elements of
the matrix. In the estimation, iy and diag[X,;] are not estimated as free parameters, but recovered
from these restrictions. The off-diagonal elements of X, are unrestricted and estimated as free
parameters. Under these restrictions, skills are essentially always positive, and thus, results are
interpretable. For a robustness check, I also estimate the location parameters.® The results are very

similar to my preferred specification.

6See supplementary appendix for the estimation results.



3.2 Kalman Filter 3 ESTIMATION STRATEGY

For the distinction between unobserved skills (signal) and work disutility shocks (noise), the
time dimension of the data is useful. Notice that the skills are serially correlated while work disu-
tility shocks are not. Hence, the unobserved skills are identified by the persistent component of
the residuals. Another source of identification of unobserved skills comes from the correlation be-
tween wages and task complexity. Heckman, Stixrud, and Urzua (2006) and Cunha and Heckman
(2008) use multiple skill measures such as test scores and identify an underlying skill from the cor-
relation between the measures. Although this paper considers only one task complexity measure
for each skill, these authors’ identification strategy can still be used because the wage, as well as
the task complexity, is affected by unobserved skills.

Not all parameters for the utility from job characteristics go, G, G, G3, and G4 are identified,
because the number of these parameters is greater than the number of the parameters in the policy
function. To see this unidentifiability, consider the optimal choice of occupation at the terminal
period 7. The optimal task complexity x7 is given by

xr = —%(G3 + G4)_1 [g0+ Gi1d+ (P + Ga)sT — 2Gaxr + V7| (19)
co,r +Cird +Co s +C3 7X1 + V7. (20)

Here, the number of structural parameters to be estimated is (4 + L)K, while the number of param-
eters in the policy function is (3 + L)K. To proceed, K parameters have to be fixed. Specifically,
it is imposed that Gz be the negative of an identity matrix. This normalization is innocuous as
long as G3 is negative definite, because the policy function parameters are consistently estimated
regardless of how I normalize G3. The structural parameters G, G;, and G4 are identified by the
variations of worker characteristics d, skills s;, and work habit &;, respectively. The parameter
go 1s identified by the constant term of the policy function. The exact relationships between the

structural parameters and the policy function parameters are outlined in Appendix C.

3.2 Kalman Filter

I use the Kalman filter to calculate the likelihood. The Kalman filter is an algorithm used to
estimate recursively the distribution of unobserved state variables (i.e. skills) from observed noisy
signals (i.e. the task complexity of occupation and wages).

Suppose that skills are normally distributed given task complexity x; and wages w; up to year
t — 1 and the initial work habit ¥; and the fixed worker characteristics d. The conditional mean and

variance of skills are

E(s¢lx1,wi, -, x—1,wi—13%1,d) = E(s|Y—1) (21)

10



3.2 Kalman Filter 3 ESTIMATION STRATEGY

§z|zfl (22)
Var(selxr, wi, -+ x—1,wi—13%1,d) = Var(si|Y;-1) (23)
= zs\tfl (24)

where Y;_| summarizes all the information up to year t — 1. The optimal choice of task complex-
ity is also normally distributed, because the policy function (see Equation 16) is linear in skills,
the work habit (i.e. the weighted average of the task complexity of the past occupations), and

preference shocks V;. The conditional mean and variance of x; given Y; are

E(x|Yi—1) = cos +Crpd+Co -1 +C34% (25)
Var(x|¥ 1) = CpZj,_,Cor+Ly. (26)

I then update the conditional distribution of skills using task complexity in the current period x; so
that

E(si|Yi-1,%) = §—1+Z), G0, (CoiZ)y Gy +20) ' 27)
Var(s¥1,5) = I = ECou(CoE_ Coy +20) 'O E) (28)

where V, is a vector of residuals and V; = x; — E(x;|Y;—). Notice that the logwage is a linear
function of normal random variables given information up to ¢t — 1 and the current occupational
characteristics x;. Thus, the logwage is also normally distributed given Y;_1 and x;. The conditional

mean and variance of the logwage are

E(Inwi|Y_1,%) = po+[p1+Pyx] E(si|Y—1,%) (29)
Var(lnw|Y,—1,x%) = [p1 +P2/xt]/Var(st]Y,_1,x,)[p1 +P£xt] + 672]. (30)

Again, I then update the conditional distribution of skills using the information obtained in the

current period,

E(s¢|Y—1,x,w;)

= E(st]Yz,l,x,)+Var(s,\Yt,1,x,)[p1—I—lex,][Var(lnw,|Y,,1x,)]_1ﬁ, (31)
Var(s¢|Y;—1,%,wy)

= Var(s/|Y;—1,x) —
Var(s;|Y;—1,%)[p1 +P£xt] [Var(Inw,|Y,_1x:)] " p —I—Péxt]/Var(st|Y,_1,x[), (32)

where 1), is a logwage residual and ), = Inw; — E (Inw;|Y;_1,x;). Finally, I calculate the conditional

11
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distribution of skills in year # 4+ 1 given information up to year ¢ using the skill transition equation
(see Equation 3). Because skills in year 7 + 1 are linear in current skills and task complexity, they

are also normally distributed with mean and variance,

§t+1|t = DE(S,\Y,,I,x,,wt)%—ao#—Alx,+A2d (33)
it = DVar(si|Yi—i,x,wi)D+Xe. (34)

This algorithm allows me to calculate the conditional distribution of skills, wages, and occupa-
tional characteristics sequentially from the first period = 1 to the last period ¢t = T, because the
initial skills are normally distributed by assumption. More specifically, using the Kalman filter I
calculate the likelihood contribution of each individual as a product of the conditional likelihoods.
I have observations of wage and task complexity measures of occupations for each individual
(wi1 X1, -+, wit,,Xi1;) ,where i is an index for individual and 7; is the last period in the sample for

individual i. The likelihood contribution of individual i is

L(wit,Xi1, -+, Wiy, XiT | %i1, d)

= 1(xal®,di)l(wirlxis Xiny di) X - < L Y —1)L(win |Yiz—1,%im;) - (35)
The likelihood for the whole sample consisting of N individuals is given by

I = T I(wit,xit, - wir, Xir %, di). (36)

4 Data

4.1 Dictionary of Occupational Titles

The DOT contains information on 12,099 occupations that are defined on the basis of the tasks
performed. It is constructed by the U.S. Department of Labor to provide standardized occupa-
tional information for an employment service matching job applicants with job openings. The
information included in the DOT is based on on-site observation of jobs as they are performed
in diverse business establishments and, for jobs that are difficult to be observed, on information

obtained from professional and trade associations.’ On this basis, in the revised fourth edition of

7One might be concerned that task complexity cannot be correctly measured by observing jobs performed, because
what analysts observe is a realized combination of job tasks and worker skills in equilibrium: even when the task is
simple, an analyst might consider it complex if the worker is skilled. This confusion should be at least partially avoided
because the job information is obtained from other sources as well (e.g. interviewing incumbents and supervisors.) It
is also worth noting that the DOT explicitly states that each occupation is defined on the basis of the tasks performed.
See Miller, Treiman, Cain, and Roos (1980) for a critical review of the DOT.

12



4.1 Dictionary of Occupational Titles 4 DATA

the DOT, analysts rate each occupation with respect to 62 characteristics that include the aptitudes,
temperaments, and interests necessary for adequate performance; the training time necessary to
prepare for an occupation; the physical demands of the occupation; and the working conditions
under which the occupation typically occurs.

To facilitate interpretation of the data, I summarize the detailed information in the DOT by
constructing a low dimensional vector of occupational characteristics by Principal Component
Analysis (PCA). Previous studies take two major different approaches. The first approach, which
is employed by Bacolod and Blum (forthcoming), Yamaguchi (2008), and this paper, assumes
that a subset of DOT variables measures complexity of a single task. For example, it is assumed
that three General Educational Development (reasoning, mathematics, and language) variables
measure cognitive task complexity, but does not measure other types of skills such as motor skills.
This approach requires a priori knowledge about which variable measures which type of skill.
The second approach assumes that a DOT variable contains information about several underlying
skills that are orthogonally distributed. For example, unlike the first approach, it is assumed that
the General Educational Development variables above contain information about both cognitive
and motor task complexity. The second approach does not require a priori knowledge mentioned
above, but does impose task complexity be orthogonally distributed. Ingram and Neumann (2006)
employ the method similar to this.

It seems impossible to determine which approach is better than the other in general, because
these two approaches impose different restrictions. Nevertheless, I find the first approach is more
suitable for this paper given the data, because the constructed task complexity vector has a clear
interpretation. This is not necessarily the case under the orthogonality assumption in the second
approach, particularly when two seemingly unrelated DOT variables have high loadings on the
same factor. For example, it is hard to interpret a factor when a variable that is related to worker
intelligence and a variable related to physical strength have high loadings for that factor. In the first
approach, this possibility is excluded by construction: a variable related to worker intelligence is
not used to construct a physical strength measure.

In light of the job analysis literature as well as previous economics papers that use the DOT,
this paper assumes that tasks are broadly categorized into either cognitive tasks or motor tasks.
While I assume these two task categories a priori, the PCA with the orthogonality assumption
also yields a similar set of factors.®  Autor, Levy, and Murnane (2003) consider different task
groups including routine and non-routine manual tasks to understand the role of technological
change in the labor market, but these tasks capture different aspects of the motor tasks needed to
perform a job. More narrowly defined task categories could be considered. For example, cognitive

tasks could be separated into intelligent and communication tasks. However, these two are highly

8See supplementary appendix for the robustness check on this issue.
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correlated with each other and do not seem to provide additional insights into underlying worker
skills. Breaking down tasks increases the number of free parameters and thus, complicates the
source of identification.’

By examining the textual definitions of the DOT variables, I assume what variables measure
which type of task complexity. The following choices seem to be reasonable and I confirm that
the constructed task complexity index is robust to the choice of the DOT variables.'® The DOT
variables that measure cognitive task complexity consists of 2 worker function variables (Data and
People), 3 General Educational Development variables (reasoning, mathematical, and language), 3
aptitude variables (Intelligence, Verbal, and Numerical), and 3 adaptability variables (influencing
people, accepting responsibility for direction and dealing with people). Motor task complexity
is measured by 1 worker function variable (Things), Motor Coordination, Finger Dexterity, and
Manual Dexterity, Eye-hand-foot Coordination, Spatial Perception, Form Perception, Color Dis-
crimination, Setting Limits, Tolerance or Standards, and 20 physical demand variables.

In the PCA, factor loadings are calculated so that variation of the data explained by the con-
structed variables is maximized (or minimize the information loss, equivalently.)!! For this pur-
pose, I take a sample of occupational characteristics from the April 1971 CPS augmented by the
fourth edition of the DOT.!?This augmented CPS file contains the 1970 census occupation code,
the DOT occupation code, and the DOT variables. I update occupational characteristics using the

revised fourth edition by matching the DOT occupation code.'?

Most previous studies includ-
ing Ingram and Neumann (2006), Bacolod and Blum (forthcoming), and Poletaev and Robinson
(2008) use the 1995 DOT alone that do not contain the number of workers holding each occupa-
tion. Those authors are forced to assume the weights of each DOT occupation are equal, despite
the fact that, in the real economy, some occupations may have few workers and some occupations
may have thousands. This limitation may bias the task complexity index in an unpredictable di-
rection. I avoid this problem because the augmented CPS contains the number of workers in each
DOT occupation. The results of the PCA in Table 1 indicate that the estimated factor loadings are
quite intuitive. Following Autor, Levy, and Murnane (2003), I further convert these first principal
components into percentile scores using the weights from the augmented CPS file. I also estimate

the model using the first principal components without converting them into percentile scores. The

% Although I believe that cognitive and motor skills are most suitable for my sample of men, different skill cat-
egorization may be more useful for a different demographic group. For example, if one is interested in the highly
educated, considering numerical skills and verbal skills may make more sense than cognitive and motor skills, be-
cause the highly educated are unlikely to be rewarded for their physical abilities. Skill categories should be chosen
depending the demographic group.

10See supplementary appendix for the robustness check on this issue.

1See supplementary appendix for a technical discussion on PCA.

12This is compiled by the Committee on Occupational Classification and Analysis at the National Academy of
Sciences and available from ICPSR (http://www.icpsr.umich.edu.)

13The DOT occupational code crosswalk between the fourth and the revised editions are used for matching.
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results are almost unchanged (see supplementary appendix for detail.) This calculation by the PCA
generates the task complexity indexes for each DOT occupation, not the 1970 census occupation.

To combine the task complexity indexes with career histories from the NLSY, task complexity
indexes need to be constructed for each census occupation. The indexes for the census occupations
are constructed by taking the average values of the constructed indexes over individuals in a census
occupation using the augmented CPS. Notice that the number of DOT occupations contained in
each of the 1970 census occupation is available in the augmented CPS. If an occupational cross-
walk between the census code and the DOT code is used like other papers, one has to assume that
all DOT occupations included in the same census occupation have the same weight. Again, this is
an advantage of using the augmented CPS over using the DOT alone.

To see if the constructed variables characterize occupations reasonably, I report the mean and
standard deviation of the task complexity measures for each census 1-digit occupation in Table
2. The cognitive tasks of professionals are most complex, followed by those of managers. La-
borers and household service workers use the lowest level of cognitive skills. This cognitive task
complexity measure largely matches the conventional one-dimensional notion of skill found in the
empirical literature (Gibbons, Katz, Lemieux, and Parent (2005), for example). However, this in-
dex alone is not rich enough to describe heterogeneous tasks across occupations. For example,
cognitive task complexity is similar between sales and craft occupations, although the complete
nature of tasks differs very much between the two. Motor task complexity more clearly charac-
terizes the difference between sales workers and craft workers. Motor tasks of craftsmen such
as automobile mechanics and carpenters are most complex. Tasks of sales workers, household
service workers, and managers require little motor skills. These features are quite intuitive and
the proposed measurement is a useful description of the heterogeneity of occupations. Another
important finding here is that task complexity varies considerably within 1-digit occupation. The
reported standard deviation is large in all 1-digit occupations. To assess the extent of heterogeneity
within occupation more formally, I decompose the total task complexity variance into the within-
occupation variance and the between-occupation variance.'* For cognitive task complexity, about
59% of the total variance is explained by the within-occupation variance. For motor task com-
plexity, the within-occupation variance explains a larger fraction of the total variance at 75%. This
variance decomposition indicates that tasks are greatly heterogeneous within 1-digit occupation
and that quite a large part of task complexity variation would be lost if one relies on the 1-digit oc-
cupation code. Dealing with occupations at the 3-digit level is essentially important in accounting

for heterogeneity of jobs thoroughly.

14The law of total variance states that Var(X) = E(Var(X|0)) +Var(E(X|0)) where X is the task complexity index
and O is the occupational affiliation at 1-digit level. The first term is the within-occupation variance and the second
term is the between-occupation variance.
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4.2 National Longitudinal Survey of Youth 1979

4.2.1 Sampling Criteria

The National Longitudinal Survey of Youth (NLSY) 1979 is particularly suitable for this study be-
cause it contains detailed individual career histories and focuses on young individuals who change
occupations more frequently than older individuals. I concentrate on male workers who make a
long-term transition to the full-time labor market during the period between 1979 and 2000. Ob-
servations after 2000 are not included in the sample, because in surveys later than 2002 occupation
code is not compatible with that until 2000."> T define a long-term transition to occur when an
individual spends three consecutive years working 30 hours per week or more. In the NLSY cross-
section sample, 3,003 men are included. I dropped 294 individuals who served actively in the
armed forces during the sample period. Out of 2,709 individuals, 149 individuals did not make a
long-term transition to the full-time labor market until 2000. I also excluded 11 individuals who
made the long-term transition at age 16 or younger, because they are likely to be mismeasured.
I also dropped 131 out of 2,549 remaining individuals whose AFQT scores are missing. Finally,
132 individuals are excluded because there are less than 3 years of observations for these individ-
uals. Hourly wages are deflated by the 2005 CPI. If the recorded hourly wage is greater than $100
or less than one dollar, they are regarded as missing because they are likely to be mismeasured.
After imposing all sample restrictions, the sample contains the career histories of 2,417 men, and
contains 32,849 person-year observations of occupational choices and 27,063 person-year obser-
vations of wages. I change these sampling criteria and estimate the model in order to check the
robustness of the parameter estimates. Specifically, I relax the restriction of the full-time work and
include part-time jobs in the sample. This change does not affect the main results greatly, because
male workers take part-time jobs only in the beginning of their careers. In another exercise, I also
exclude self-employed workers. This additional restriction greatly decreases the number of indi-
viduals in the sample, but it does not change the main results substantially. I conclude from these
exercises that the sampling criteria are not crucial for the main results of the paper.'® The sample
mean AFQT score is 0.50 and the sample standard deviation is 0.29. The sample mean years of
education is 13.22 and the sample standard deviation is 2.45. In the sample, 10% of individuals
are black and 7% are Hispanic.

Previous empirical papers, including Neal (1999) and Sullivan (2009), report that the occu-

5Since 2002 survey, the NLSY adopts the 2000 census three-digit occupation code and it is quite different from
the 1970 census code. Although IPUMS-CPS provides an occupational crosswalk, some occupations in the 2000
census code do not exist in the 1970 census code and thus, the DOT occupational characteristics are missing. O*NET,
which is the successor of the DOT, contains occupational characteristics for these recent occupations, but the O*NET
variables are not compatible with those of the DOT. Due to these limitations, I drop the post-2000 observations in the
NLSY.

16The detailed results for the robustness check are available in supplementary appendix.
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pation codes in the NLSY are often misclassified. One possible way to correct these errors is
to assume that all occupation changes within the same employer are false. Neal (1999), Pavan
(2006), and Yamaguchi (forthcoming) take this approach to identify their broadly defined occupa-
tion changes. However, this edit is likely to result in a downward bias in the mean task complexity,
because many occupation code changes within the same employer are promotions to managers.
Another editing method assumes that cycles of occupation code are false. If an individual’s occu-
pation code changes from A to B, and then comes back to A in the next year, I edit the code so that
he remains in occupation A in all of these three years. I also edit missing occupation code simi-
larly. If I find the same occupation codes in the years bracketing a year in which the occupation
code is missing, the missing code is replaced with that found in the bracketing years.

To minimize missing values in the sample, I apply this occupation code correction method
after I exclude those who served active armed forces and before I check for a long-term transition
to the labor market. This correction method edits 21,995 cases out of 26,923 apparent occupation
changes and reduces the annual occupation change rate of the pooled male sample at the 3-digit
level from 49% to 40%. This rate is still high, but consistent with the rate reported by Moscarini
and Vella (2003) who use the NLSY.!”

4.3 Career Progression Patterns

The time profiles of the average wage and occupational task complexity are presented in Figure
1. At the point of long-term transition to the labor market, the average cognitive task complexity
index of men is 0.41. Individuals take on more and more cognitive skill demanding tasks over
time; the cognitive task complexity index reaches .52 in 10 years and .55 in 20 years. The mean
motor task complexity slightly decreases over time: at the entry to the labor market, it is .53 and
decreases to .52 in 10 years and .51 in 20 years. The mean wages grow by 48% in 10 years and by
64% in 20 years measured by logwage differences.

These profiles are also presented for three different schooling levels: high school dropouts
(education less than 12 years), high school graduates (12 years of education), and college graduates
(education more than 12 years). The cognitive task complexity indexes at labor market entry are
substantially different across education groups and more educated workers take cognitive skill
demanding jobs. They are .28 for dropouts, .33 for high school graduates, and .53 for college
graduates. But, for all education groups, the cognitive task complexity increases over time. It
grows to .36 in 10 years and .44 in 20 years for dropouts and .41 in 10 years and .50 in 20 years for
high school graduates. The profile for college graduates is concave. The cognitive task complexity

"This is not a problem only with the NLSY. Kambourov and Manovskii (2008) and Moscarini and Thomsson
(2008) find occupational classification errors in the PSID and the CPS, respectively.
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of college graduates grows to .67 in 10 years, but the speed of the growth slows down and it reaches
.69 in 20 years.

The profiles of motor task complexity are also very different across education groups. Less
educated workers take more motor skill demanding jobs. The motor task complexity at labor mar-
ket entry is .57 for dropouts, .55 for high school graduates, and .50 for college graduates. Unlike
cognitive task complexity, motor task complexity does not increase over time for all education lev-
els. For high school dropouts, it monotonically grows to .63 in 10 years and .64 in 20 years. The
profile for high school graduates is hump-shaped. It peaks at .60 in 6 years and decreases to .53
in 20 years. The motor task complexity for college graduates monotonically decreases to .45 in 10

years and .44 in 20 years.

5 Estimation Results

5.1 Model Fit

Using the estimated parameters, I calculate the predicted paths of the mean wage and the mean
task complexity of occupations through simulation. I simulate each individual in the sample 300
times, from his entrance to the full-time labor market until the last year when he is seen in the
data. To account for potential attrition problems, if an observation is missing in the data, I treat the
corresponding simulation outcomes as missing.

Figure 1 compares the actual and predicted profiles of mean task complexity and hourly log-
wage over time. The predicted profiles for all men are very close to the actual profiles from the
data. For high school dropouts, the model fit to the profiles of motor task complexity and log-
wage is good, but the predicted cognitive task complexity is lower than the actual profile. For high
school graduates, cognitive task complexity is slightly over-predicted, but the level of the predicted
motor task complexity and logwage is close to that of the data. Finally, for college graduates, the
model fit is very well for all of three dimensions. All in all, the model shows an ability to fit these

interesting features of the data.

5.2 Parameter Estimates
5.2.1 Wage Equation

Table 3 presents the parameter estimates of the wage equation (see Equation 2) and their standard
errors. The returns to skills significantly increase with task complexity. To see how the wages of
an identical worker would vary across occupations solely due to differences in returns to skills, I

calculate the difference of two potential wages for some selected workers; the wage that worker
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would receive in the occupation offering the lowest returns to skills and the wage in the occupation
offering the highest returns to skills. First consider an average new labor market entrant who
has .50 units of cognitive and motor skills by construction. The returns to cognitive skills range
between 5.83 and 5.98 across occupations, because the cognitive task complexity index ranges
between 0 and 1. These estimates imply that the wages of this worker can vary by about 8%!'®
across occupations due to differences in the returns to cognitive skills alone. Similarly, I find that
his wages can vary by about 9% due to differences in returns to motor skills across occupations.
The wage change is greater for those endowed with more skills. As shown below, college graduates
tend to accumulate more cognitive skills than other individuals, while high school dropouts tend to
accumulate more motor skills. Consider an average college graduate with 20 years of experience.
He has .69 units of cognitive skills. The wage of this worker can vary by about 10% across
occupations due to differences in returns to cognitive skills alone. An average high school dropout
with 20 years of experience has .53 units of motor skills. The wage of this worker can vary by
about 9% solely due to differences in returns to motor skills.

To assess the importance of each skill in explaining the variation of wages, I decompose the
logwage variance. Because the wage consists of two skill components and a white noise term, the
logwage variance is the sum of the variance of cognitive skill component, the variance of motor
skill component, the covariance of the two, and the variance of the white noise.!® Table 7 presents
the results for different education levels for years 1, 10, and 20. Both the cognitive and motor skill
components of wage have a considerable variance for all groups in all years. Although the variance
of the cognitive skill component is larger than that of the motor skill component, the results indicate
that motor skills account for a considerable amount of the variation in wages. 1 also find that the
relative importance of the cognitive skill component grows over time. In year 20, the variance of
the cognitive skill component is more than double of that of the motor skill component. Another
interesting finding is that cognitive and motor skills are strongly negatively correlated with each
other. The correlation coefficient is between about -.75 and -.79. This negative correlation seems
reasonable, because college graduates tend to occupy cognitive skill demanding jobs while high

school dropouts tend to occupy motor skill demanding jobs. Lastly, the contribution from an i.i.d.

8This is measured by the logwage difference between the wage that this worker would received in the occupation
offering the lowest returns to cognitive skills and the wage that this worker would receive in the occupation offering
the highest returns to cognitive skills in the data. The returns to motor skills are held constant between these two
occupations.

9The wage can be written as

Inw, = po+p()SsE+p)Ms +n,

where superscripts C is for cognitive skills and M is for motor skills. For example, p(x;)€ is the returns to cognitive
skills and sC is quantity of cognitive skills. I call the second term, p(x;)sC, as the cognitive skill component

and the third term, p(x,)™sM, as the motor skill component.
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shock is 0.01, which is tiny. This exercise shows that the wage variance is mostly explained by
unobserved skills, not by white noise, and that both types of skills account for considerable amount

of the cross-sectional wage variation.

5.2.2 SKkill Transition

Parameter estimates for the skill transition equation (see Equation 3) and the initial skill endow-
ment (see Equation 4) are reported in Table 4. The annual skill depreciation rates for cognitive and
motor skills are 7-8%. I believe these estimates are in reasonable scale, although other papers do
not estimate a parameter that can be directly compared with mine. Other papers that test if human
capital depreciates under the assumptions of homogeneous skills and jobs extract the variation of
time out of work.?? This paper cannot apply this identification strategy, because all individuals
in the model work full time. Nevertheless, skill depreciation parameters are still identified by
the extent to which the task complexity of previous jobs affects the current wage and the current
occupational choice.

The amount of learning increases with both cognitive and motor task complexity, although
only the coefficient for the cognitive task is significant. To see how learning can vary across jobs,
consider a white male high school graduate whose AFQT score is at the median (i.e. .50.) The
amount of cognitive skill learning of this individual ranges from .0436 to .0502 across occupations
due to differences in task complexity, because the task complexity index lies between 0 and 1 in the
data. Similarly, the amount of motor skill learning ranges from .0353 to .0413 across occupations.
These estimates indicate that skill learning opportunity diverge considerably across occupations.
Skill growth is also different across individuals depending on observed characteristics. In partic-
ular, education and AFQT scores are positively correlated with cognitive skill growth, while they
are negatively correlated with motor skill growth. I find no significant difference in skill growth
across race. The cognitive and motor skill shocks are negatively correlated and the correlation
coefficient is about -.77, which is consistent with the distribution of the skills reported above.

The initial skill endowment is significantly different across individuals. Given that the initial
skill variances are normalized to 0.01 and the variances of the unobserved components of cognitive
and motor skills are 0.0078 and 0.0091, only about 10-20% of the initial skill variation is explained
by observed characteristics, which implies that accounting for unobserved skills is important for
consistent estimation of the skill growth processes. I also find that the unobserved component of
the initial cognitive and motor skills are negatively correlated with the correlation coefficient being
-.37. High AFQT score holders tend to have more initial cognitive skills and less initial motor

skills. Education has little correlation with initial cognitive skills and is positively correlated with

208ee, for example, Mincer and Polacheck (1974), Mincer and Ofek (1982), Albrecht, Edin, Sundstrém, and Vro-
man (1999), Edin and Gustavsson (2008), and Gorlich and de Grip (2009).
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initial motor skills. But, these relationships are not statistically significant. I also do not find a sig-
nificant difference in initial skill endowment across race. However, these observed characteristics

are jointly significant.

5.2.3 Job Preference

The parameter estimates for job preference (see Equation 6) are reported in Table 5. Although
no single demographic variables are significantly correlated with job preference, they are jointly
significant. The utility from job characteristics for skilled workers significantly increases with task
complexity, which implies that skilled workers prefer complex tasks. Work habit also strongly
affects utility. The transition parameter for work habit is significantly positive for cognitive tasks
at .3188, but not significantly different from zero for motor tasks at .0009. In both skill dimensions,
the magnitude of the parameters is small, which implies that characteristics from jobs held more
than a year ago do not strongly influence occupational choice through job preference.

Initial work habit varies considerably across individuals. High AFQT score holders have bet-
ter initial conditions for both task dimensions. The educated have a better initial condition for
cognitive task, but not for motor tasks. Blacks tend to enter more motor skill demanding and less
cognitive skill demanding jobs than whites, while Hispanics tend to enter more cognitive and motor

skill demanding jobs than whites.

5.2.4 Policy Function

Table 6 presents the parameter estimates for the policy function (see Equation 16) in year 1. Al-
though the policy function parameters change over time, I report only those in year 1 because they
are not substantially different, at least during the sample period. AFQT scores are positively corre-
lated with both cognitive and motor task complexity, although they are not statistically significant.
Education is significantly and positively correlated with the optimal cognitive task complexity, but
it is insignificantly and negatively correlated with the optimal motor task complexity. Blacks tend
to occupy less cognitive and motor skill demanding occupations than whites, while Hispanics tend
to occupy more cognitive and less motor skill demanding jobs, but the differences across race are
insignificant. The coefficients C; ; for skills are positive and significant, which implies that skilled
workers enter more skill demanding jobs. Although skills are similarly scaled, the parameter size is
quite different between cognitive and motor tasks. The coefficients C5 ; for work habit are positive
and significant, and this parameter is larger for cognitive tasks than motor tasks. These coeffi-
cients C>; and C3; suggest that work habit plays a more important role than skills in the choice of
cognitive task complexity, while the opposite is true in the choice of motor task complexity.

To assess the performance of the model in explaining the variation of task complexity, I decom-
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pose the variance of task complexity into the component explained by the model and that explained
by the preference shocks v. Table 8 presents the results for the task complexity variance decom-
position for each education level for years 1, 10, and 20. For cognitive task complexity, the model
accounts for about 40% of the variance for all men in year 1, although it explains only a modest
fraction of the within group variance. However, in years 10 and 20, the model accounts for more
than half of the variation of cognitive task complexity. The model performs better in explaining
the variance of motor task complexity. In year 1, about the half of the variance is explained by the

model. In years 10 and 20, the model accounts for about 70% of the variance.

5.3 The Growth of Skills and Wages

Using the parameter estimates, I calculate the time profiles of unobserved skills and their contribu-
tions to wage growth. Figure 2 illustrates the growth of average skills by education group. While
cognitive skills grow over time for all education levels, the pace of the growth is considerably dif-
ferent and increases with the level of education. At the entry to the labor market, mean cognitive
skills are .47, .49, and .52 for high school dropouts, high school graduates, and college graduates,
respectively. They grow to .49, .55, and .63 in year 10 and to .51, .58, and .69 in year 20 for each
education group. Given that the standard deviation of initial skills is normalized to .10, the cog-
nitive skill differences in later years are substantial. Motor skills grow only for high school drop
outs, while they decrease over time for the other education groups. At labor market entry, mean
motor skills are .51, .50, and .49 for high school dropouts, high school graduates, and college grad-
uates, respectively. High school dropouts’ motor skills grow to .52 in year 10 and to .53 in year 20.
Motor skills of high school graduates are almost unchanged (but slightly decreasing) throughout
their careers. College graduates experience a modest decline in their motor skills. They decrease
to .47 in year 10 and to .46 in year 20. Generally, the changes of motor skills are modest relative
to those of cognitive skills.

How does the growth of these skills translate into wages? To answer this question, I decom-
pose wage growth into contributions from cognitive skills and contributions from motor skills. The
results for the wage growth decomposition are graphically presented in Figure 3. Cognitive skills
are the main source of wage growth for all education groups, with the importance increasing in
education level. Cognitive skills increase wages by about 15%, 38%, and 70% in 10 years and
by 23%, 57%, and 105% in 20 years for high school dropouts, high school graduates, and college
graduates, respectively. For high school and college graduates, wages decrease due to the deteri-
oration of motor skills by 1% and 11% in 10 years and by 2% and 17% in 20 years. However,
for high school dropouts, the growth of motor skills is an important source of wage growth. Their

wages grow by 7% in 10 years and 10% in 20 years, which implies that motor skills account for
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about 30% of dropouts’ wage growth during the first 10 and 20 years in the labor market. This
exercise shows that cognitive skills are the main source of wage growth and the amount of skill

growth is considerably different across education levels.

6 Conclusion

This paper constructs and estimates a structural dynamic model of occupational choice. A key
feature of the model is that worker skills and job tasks are explicitly distinguished; this is often not
done in previous empirical papers. Another important feature of the model is that workers and oc-
cupations are characterized in a multidimensional space of skills and task complexity, respectively.
This approach has its merit in ease of interpretation and computational simplicity when analyzing
heterogeneity of skills and occupational tasks. I also show that the optimal policy function is linear
in unobserved skills, preference shocks, and other worker characteristics. This analytical solution
allows me to include many worker characteristics in the model without major computational bur-
den. It also provides with an interpretation of the observed task complexity as a noisy signal of
underlying skills.

The model is estimated by the Kalman filter using the data from the DOT and NLSY. The
empirical results indicate that the returns to skills and the amount of learning increase with the
task complexity of a job. By decomposing logwage variance, I show that both cognitive and motor
skills account for a considerable amount of cross-sectional wage variation. I also find that the skill
growth patterns are significantly different across levels of education. Cognitive skills grow and
drive wage growth for all education levels and the amount of skill growth increases with education.
Motor skills