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Two Sides of the Same Coin
U.S. “Residual” Inequality and the Gender
Gap

Marigee P. Bacolod
Bernardo S. Blum

A B S T R A C T

We show that the narrowing gender gap and the growth in earnings in-
equality are consistent with a simple model in which skills are heteroge-
neous, and the growth in skill prices has been particularly strong for skills
with which women are well endowed. Empirical analysis of DOT, CPS,
and NLSY79 data finds evidence to support this model. A large increase in
the prices of cognitive and people skills—skills with which women are well
endowed—and a decline in the price of motor skills account for up to 40
percent of the rising inequality and 20 percent of the narrowing gender
gap.

I. Introduction

Two major developments have characterized the U.S. labor market
since 1970: the dramatic rise in income and wage inequality and the narrowing of
the male-female wage gap. Two important literatures have sprung up to investigate
the degree to which the rise in income and wage inequality and the narrowing of
the wage gap can be attributed to changes in the returns to skills.1 They find that

1. See Altonji and Blank (1999) for a survey of the gender gap literature and Katz and Autor (1999) for
a survey of the inequality literature.
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higher returns to skills can help explain the rise in wage inequality but should have
widened the gender wage gap (for example, Blau and Kahn 1997). We show that
both phenomena are consistent with a simple model in which skills are heteroge-
neous and the growth in skill prices has been particularly strong for skills with which
women tend to be endowed. Empirical analysis of the Dictionary of Occupational
Titles (DOT), the Current Population Survey (CPS), and the National Longitudinal
Survey of Youth 1979 (NLSY79) data over the period 1968–90 finds evidence to
support a model in which skills are heterogeneous within education, experience, and
other standard explanatory variables.

Our analysis moves beyond the usual measures of workers’ skills such as edu-
cation and experience by making use of DOT, CPS, and NLSY79 to characterize
several types of worker skills. DOT measures a large number of skills that are
required to perform over 12,000 occupations in the U.S labor market. Assuming that
workers are assigned to jobs in some sort of hedonic market clearing process, we
can infer workers’ skills from the occupation in which they are employed. We use
this hedonic imputation to characterize the workers’ cognitive, motor, and people
skills as well as physical strength. We then match the DOT data with both the CPS
and NLSY79 data to identify workers’ wages and other individual characteristics.

We find that the wage returns to cognitive and people skills more than doubled
during the 1968–90 period, with the distinction that people skills became more
valuable by being complementary to other skills. In the same period, the wage return
to motor skills declined by 60 percent and the return to physical strength did not
change in a statistically significant way. We also find that within educational groups
the top of the wage distribution was in cognitive- and people-intensive occupations
while the bottom was in motor-intensive occupations. Therefore, the estimated
changes in skill prices can help explain the increase in residual inequality observed
in the United States. Such estimated changes in skill prices can also help explain
the narrowing of the gender wage gap, since we find that by 1980 females were in
more cognitive- and people-intensive occupations relative to males. To be more
concrete, changes in wage returns to cognitive, motor, and people skills as well as
physical strength accounted for 20–40 percent of the observed changes in residual
inequality for different education groups and for around 20 percent of the narrowing
in the gender gap.

Our findings add to different literatures, such as the aforementioned that aim to
identify the sources of rising inequality and the narrowing of the gender gap in the
United States in the 1970s and 1980s. These wage inequality and wage gap litera-
tures find a widespread increase in the demand and price of skills in the 1980s,
which led to changes in the wage structure that raised inequality (for example, Bound
and Johnson 1992; Katz and Murphy 1992; Juhn, Murphy, and Pierce 1993; and
others) and widened the gender pay gap (for example, Blau and Kahn 1997). In
contrast, our analysis shows that some skills became more valuable while others
became less valuable in the 1970s and 1980s and that these skill price changes can
help explain both the rising inequality and the narrowing of the gender gap.

Our paper also relates to a literature that proposes a task-based approach to un-
derstand the labor market effects of technological changes (for example, Acemoglu
2002; Autor, Levy, and Murnane 2003). This literature uses data similar to ours but
focuses on categorizing skills as being useful to produce routine versus nonroutine
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tasks. For instance, Autor, Levy, and Murnane (2003) use the DOT variable fingdex
(finger dexterity) as a measure of routine manual tasks and the DOT variable eye-
hand (eye-hand-foot coordination) as a measure of nonroutine manual tasks. We
instead argue that the fingdex and eyehand variables (along with seven others) cap-
ture different aspects of the motor/manual skills required to perform an occupation
and thus categorize them under the broad umbrella of motor skills required to per-
form an occupation. We do the same to capture the different aspects of cognitive
and people skills. Interestingly, we find that the wage returns of the seven variables
that we believe capture different aspects of cognition significantly increased over
the period covered in our sample. The wage returns of all the nine DOT measures
that capture aspects of motor/manual abilities either did not change in value or
became less valuable during the same period. Finally, the wage returns on the four
variables that we believe capture aspects of workers’ people skills also increased
during the period, although some of them in a statistically nonsignificant way.

One recent paper in the task-based literature that particularly relates to ours is
Black and Spitz-Oener (2007). It builds on our analysis by using the Qualification
and Career Survey, a German data set where workers self-report tasks they perform
in their jobs. The authors use these self-reported measures to study if changes in the
tasks performed by males and females and their associated prices explain the closing
of the gender pay gap in Germany. Some of their findings are similar to ours while
others are different. They find that changes in the tasks performed within occupations
explain a large part of the narrowing of the gender gap in Germany. We also find
that changes in observed job and individual characteristics explain a large part of
the narrowing of the gender gap in the United States (for example, Blau and Kahn
1997). However, they find that changes in task prices contributed to widening the
gender gap in Germany while we find that such task-price changes contributed to
narrowing the gender gap in the United States. A number of reasons may account
for the different results. First, the U.S. and German labor markets may have been
affected by different economic forces. Indeed, this seems to be the case since most
of the narrowing of the gender gap happened in the United States in the 1980s (Blau
and Kahn 1997, 2006) and in Germany in the 1990s (Black and Spitz-Oener 2007).
Second, the skill measures that Black and Spitz-Oener use are significantly different
than ours, with their measures focusing on the routine versus nonroutine aspects of
jobs. Finally, the occupation classification in their data set is more aggregated than
ours, containing only around 80 occupations. If the employment composition of
males and females was changing differently within their broadly defined occupations,
task-price estimates and their effects on the gender pay gap might suffer from ag-
gregation bias. Of course, only a more detailed analysis of the two data sets can
identify the sources of the different findings.

Our results also relate to the findings of Borghans, ter Weel, and Weinberg (2006).
Using DOT and similar data sets from the U.K. and Germany, they show that the
rising importance of soft skills and their associated prices help explain the wage
outcomes of women. We complement their findings by showing that people skills
did not become more valuable by themselves but that they made cognitive and motor
skills more valuable and that such price changes also affected inequality.

Finally, Welch (2000) argues that, in a model with two skills (brains and brawn),
if women are relatively well endowed with brains and the price of brains goes up,
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then the gender gap will narrow. Also, if brains are less well distributed among
workers than brawn, then the rising price of brains can also increase wage inequality.
We provide empirical confirmation that the prices of cognitive (brains) and people
skills increased relative to the price of motor skills during the period 1968–90 and
that such price changes narrowed the gender gap. However, we show that the ob-
served changes in skill prices affected inequality not because some skills were not
as well distributed as others but rather because within education and experience
groups the top and bottom of the wage distribution were intensive in different skills.

The remainder of the paper is organized as follows. The next section presents the
analytical framework, while Section III describes the data sets used. Section IV puts
forth the empirical strategy and the main estimation issues, presents the estimated
wage returns to skills, and discusses a number of robustness checks. Section V
quantifies how much of the observed rise in residual inequality was due to the
estimated changes in skill prices, and Section VI measures how much of the observed
narrowing of the male-female wage gap was due to skill price changes. The final
section concludes.

II. Analytical Framework

Suppose we have for each individual i at time t the following wage
equation:

� �ln w �Z � �X � �ε(1) it it t it t it

where wit is wage earnings, Xit is a vector of standard explanatory variables such as
gender, race, education, and experience, and �t is a vector of prices of these ex-
planatory variables. Zit is a vector with the worker’s cognitive, people, and motor
skills as well as physical strength, while �t is a vector of prices of these skills.

We use DOT data to characterize workers’ physical strength and cognitive, motor,
and people skills, and CPS and NLSY79 data to obtain workers’ wages and other
individual characteristics. We then use Equation 1 to estimate the price vectors �t

and �t. In our preferred specification, we pool together all workers in our sample
and thus assume that labor markets are not segmented. As we discuss in detail in
Section VI, our preferred specification is different than the preferred specification in
Blau and Kahn (1997).

Once we have estimates for �t and �t, we implement the full distributional ac-
counting framework as proposed in Juhn, Murphy, and Pierce (1993). Thus, we
rewrite Equation 1 as:

log w �{X ��Z �}�{X (� ��)}�{Z (� ��)}(2) it it it it t it t

�1 �1 �1�{F (� ⎪X,Z)�(F (� ⎪X,Z)�F (� ⎪X,Z))}it it it

where anything denoted by a bar is the average of that parameter or set of variables
over time, �it is the percentile of individual i at time t in the residual distribution of
Equation 1, and F is the cumulative distribution of the residuals in the same equation.
In Equation 2, the terms inside the first brackets capture the effects of changes in
the explanatory variables, both Xit and Zit, on the wage distribution. The term inside
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the second brackets captures the effects of the estimated changes in �t (the prices
of the standard explanatory variables in Xit). The term inside the third brackets
captures the effects on the wage distribution of the estimated changes in �t (the
prices of physical strength as well as cognitive, motor, and people skills). Finally,
the terms inside the last brackets capture the effect of changes in the distribution of
wage residuals. Note that since our analysis focuses on the effects of changes in the
prices of physical strength as well as cognitive, motor, and people skills, we do not
separate the effects of changes in unobserved characteristics and their prices.2

We apply the decomposition above to simulate the effects of changes in observed
characteristics, their prices, and unobserved components on two statistics of the wage
distribution, the ratio of the 90th to 10th percentile, and the relative average wage
paid to males and females. Previous economic analysis suggests that the narrowing
gender gap is particularly surprising given the growth in overall earnings inequality.
Changes in the wage structure due to skill prices contributed to rising inequality and
widening of the gender gap (for example, Juhn, Murphy, and Pierce 1993; Blau and
Kahn 1997). We show that both phenomena are consistent with the simple model
above in which skills are heterogeneous within education, experience, and other
standard explanatory variables if the growth in skill prices was particularly strong
for skills with which women tend to be endowed. The analyses in the next sections
provide empirical support for this model.

III. Data

The data we use in this paper brings together information from the
Fourth Edition of DOT, the CPS, and the NLSY79. DOT is a database that char-
acterizes the multiple skill requirements of occupations. Matching DOT with CPS
and NLSY79 allows us to characterize the skills of workers.

Our approach to identifying individual worker skills follows that of Autor, Levy,
and Murnane (2003) and others by supposing that in a labor market equilibrium
workers are matched to jobs that require skills they have. To be concrete, a worker
currently employed as an engineer knows calculus (indicated in DOT as General
Educational Development in Math�6) while one employed as a janitor lacks the
skill of direction, planning, and control (indicated in DOT as dcp�no). The hedonic
imputation of worker skills from occupations is imperfect, and we thus run a number
of robustness checks to investigate in detail the effects such imputation might have
on the paper’s main results. We should note, however, that it is not at all clear that
alternative ways of measuring skills would do a better job. Would a survey of
workers’ self-reported skills produce a better measure of, for instance, a worker’s
ability to direct, control, and plan than the judgment of an employer? We turn now
to a description of the data and their construction process.

2. Blau and Kahn (1997) separate the effects of changes in unobserved characteristics and their prices in
order to decompose changes in gender gap into parts due to changes in gender-specific factors and wage
structure.
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A. Dictionary of Occupational Titles (DOT)

DOT was first developed in response to the demand of an expanding public em-
ployment service for standardized occupational information to support job placement
activities. The U.S. Employment Service recognized a need for such information in
the mid-1930s, soon after the passage of the Wagner-Peyser Act, which established
a federal-state employment service system.

The Fourth Edition of DOT, released in 1977, provides measures of 44 different
skills required to perform more than 12,000 detailed occupations in the U.S. labor
market. The DOT measures are the result of comprehensive studies by trained oc-
cupational analysts of how jobs are performed in establishments across the United
States and are composites of data collected from diverse sources. Primarily, U.S.
Department of Labor occupational analysts “go out and collect reliable data which
is provided to job interviewers so they may systematically compare and match the
specifications of employer job openings with the qualifications of applicants who
are seeking jobs through its facilities” (U.S. Department of Labor Office of Admin-
istrative Law Judges Law Library). For the Fourth Edition of DOT, the U.S. De-
partment of Labor conducted approximately 75,000 on-site job analysis studies and
supplemented them with information obtained through extensive contacts with pro-
fessional and trade associations. The Revised Fourth Edition was released in 1991
and includes data collected throughout the 1980s, which was used to revise the skill
requirements of occupations. It also includes new occupations. As a result, infor-
mation on 1,692 of 12,742 occupations was changed (including some occupations
that disappeared from the U.S. labor market), and 761 new occupations were added.
These new DOT titles were mostly computer-related jobs. While the main use of
DOT information has been for job matching, employment counseling, occupational
and career guidance, and labor market information services, several economists have
also used it, including Autor, Levy, and Murnane (2003), Wolff (2003), and Ingram
and Neumann (2006).

Researchers have noted two main limitations of DOT.3 First, the definitions of
the skill requirements are not consistent across DOT editions, making it harder to
combine information from different editions and to perform analyses over longer
periods of time. We avoid this difficulty by using only the Fourth Edition of the
dictionary and its revision. Second, the DOT requirements are likely to be measured
with error and thus should be taken only as a proxy for the actual skill requirements
of occupations rather than as exact measures. Section IV pays detailed attention to
the possible consequences of measurement errors in the data to the findings of the
paper, and we find that the skill price estimates are highly robust to the presence of
data mismeasurements.

Finally, one might worry that gender stereotypes regarding the complexity of jobs
traditionally held by men versus women could introduce gender bias in the DOT’s
ratings of occupations. Indeed, Witt and Nahemy (1975) argue for the existence of
a gender bias in the ratings of the Third Edition of DOT, published in 1966. How-
ever, Miller et al. (1980) examine gender bias in the ratings of occupations in the

3. See Miller et al. (1980) and Spenner (1983).
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Fourth Edition of DOT, the one we use in the paper, and find no evidence of gender
bias.

1. Selecting DOT Task Measures: Constructing Skill
Measures

The 44 different measures of skills available in the Fourth Edition of DOT fall into
seven clusters: work functions; required General Educational Development (GED);
aptitudes needed; temperaments needed; interests; physical demands; and working
conditions in the environment. We rescale these seven variables so that higher values
denote higher requirements and describe them in Table A-1 of the online Appendix.4

It is not possible, of course, to use all the DOT variables simultaneously since
multicollinearity makes precise estimation impossible. Instead, we use the textual
definitions of the variables to identify four broad skill categories: cognitive skills,
fine motor skills, people skills, and physical strength.5

We use seven DOT measures to capture the different aspects of cognitive skills.
These measures capture the complexity of the job in relation to: data; GED in
reasoning, mathematics, and language for the job; and aptitudes for intelligence,
verbal, and numeric (see Table A-1 in the online Appendix). For instance, gedm
measures the mathematical development required for the job. At high gedm levels,
workers are required to know advanced calculus (for example, engineers and math
professors), while at low levels they are required only to know how to perform
arithmetic (for example, janitors and stevedores). The variable data measures the
complexity of the job in relation to data. At high data levels, workers should be able
to synthesize and analyze data (for example, editors and economists), while at low
levels they are required only to be able to compare and copy data (for example,
office messengers and clerks). Clearly, being able to solve sophisticated mathemat-
ical problems and analyze data are two different aspects of cognition. To capture
the multiple aspects of cognition in a parsimonious way, we construct a cognitive
index through factor analysis. Panels A and B of Table A-4 in the online Appendix
report results for our principal components analysis to generate a cognitive index
(with mean 1 and standard deviation 0.1) using the 1977 DOT and the 1991 DOT.
The first factor explains 99.3 percent (1977 DOT) and 100 percent (1991 DOT) of
the variation in the seven cognitive variables, with each DOT variable having load-
ings ranging from 0.83 to 0.95. A higher value on this cognitive index indicates that
substantive complexity is involved in carrying out the job.

The first panel in Table 1 reports the top and bottom ten occupations according
to the cognitive index. By and large, occupations at the bottom of the cognitive
index distribution are dominated by operatives, nonprivate household service work-
ers, and laborers. Laborers include stevedores and lumbermen, operatives include
oilers, greasers, drivers, and welders, and nonhousehold service workers include
waiters and beauticians. Meanwhile, the top of the cognitive index is primarily com-

4. The online Appendix is available at www. rotman.utoronto.ca/bblum/personal/front.htm.
5. Researchers have used these and similar categories from the 1977 Fourth Edition of DOT. See for
example, Miller et al. (1980).
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prised of professional workers, including college professors, scientists, managers,
officials, and proprietors.

Nine DOT variables capture the different dimensions of the fine motor skill re-
quirements of an occupation: complexity of the job in relation to things; aptitudes
for manual dexterity, finger dexterity, motor coordination, eye-hand-foot coordina-
tion, spatial and form perception, and color discrimination; and adaptability to sit-
uations requiring attainment of standards. For instance, high complexity in relation
to things indicates that workers are required to set up and adjust machinery and to
work it precisely (for example, electricians and machinists). Lower values are as-
signed to jobs where workers have little or no involvement in selecting appropriate
tools or in attainment of standards (for example, accountants and clerks). The other
variables measure more specific aptitudes, like finger dexterity and spatial and form
perception. As with cognitive skills, we use factor analysis to construct a motor
index (with mean 1 and standard deviation 0.1) to capture these different aspects in
a parsimonious way. Panels C and D of Table A-4 in the online Appendix show
that the first factor explains 84.5 percent (1977 DOT) and 95.4 percent (1991 DOT)
of the variation on the nine motor variables. A higher value on the motor skills
index indicates a job with greater manual/motor demands.

The second panel in Table 1 reports the top and bottom ten occupations according
to the motor index. Occupations at the top of the motor skill index distribution are
dominated by craftspeople, draftspeople, technicians (for example, medical and den-
tal), and machinists, all occupations where individuals need high levels of motor
coordination and finger dexterity. At the bottom of the motor distribution are law-
yers, social workers, and clergy.

We use four DOT variables to capture different aspects of the people skills re-
quired by occupations (see Table A-1 of the online Appendix). We discuss these
variables in greater detail since they might be more controversial than the cognitive
and motor measures discussed in the previous paragraphs. The variable dcp assesses
if an occupation requires direction, control, and planning of an activity. Clearly, dcp
captures one element of people skills - the ability to manage. Similarly, the variable
influ measures whether an occupation requires exerting influence. It therefore cap-
tures a different type of interpersonal skill that also somewhat relates to the ability
to manage, although in this instance the “management” takes place outside of an
authority relationship. To make things more concrete, it is useful to consider some
specific occupations. Positions of authority such as financial managers and super-
visors are required to engage in direction, control, and planning of activities
(dcp�yes). However, financial managers and supervisors are not required to exert
influence over others (influ�no). In contrast, teachers and lawyers are required to
have influence over others (influ�yes), presumably over schoolchildren in the case
of teachers and a jury or judge in the case of lawyers. However, while teachers are
also required to direct, control, and plan activities (dcp�yes), lawyers are not
(dcp�no).

The third measure of people skills we use is the variable depl. It assesses an
occupation’s requirements of “adaptability to dealing with people beyond giving and
receiving instructions.” In our view, depl captures the widest range of interactions
among workers. The four occupations discussed in the previous paragraph require
the ability to deal with people beyond giving and receiving instructions, as do phy-
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sicians and salespersons (depl�yes), while mathematicians, insurance underwriters,
and machine operators do not require this skill (depl�no).

The last DOT measure of people skills we use is the people variable. Different
from the previous three variables, the people variable attempts to rank the degree
of interpersonal interaction required by an occupation (see Table A-1 of the online
Appendix). The ranking starts with mentorship being assigned more interpersonal
skills than negotiation and then continues moving down to receiving instructions.
The scale and structure of the ranking is intended to reflect a progression from simple
to complex relations with people, such that each successive rank includes those
relations that are simpler and excludes those that are more complex (Miller et al.
1980). While we do not see the ranking as being beyond dispute—does mentorship
really require more people skills than negotiation?—we do view the arrangement of
the people functions as being hierarchical in a more general sense. For instance, it
seems hard to dispute that “instructing” people (people�7) involves a broader set
of interactive skills than “taking instructions” (people�1).

We combine the information contained in the four measures of people skills de-
scribed above using factor analysis to construct an index of the people skills required
by each DOT occupation. Panels E and F of Table A-4 in the online Appendix show
that the first factor explains 100 percent (1977 DOT and 1991 DOT) of the variation
in the four variables of social interaction. This index is our preferred measure of
people skills as it captures multiple aspects of social interactions.6

The bottom panel in Table 1 shows the top and bottom occupations in terms of
people skills. By and large, occupations at the bottom of the people skills index are
dominated by operatives and laborers, jobs in which social interaction is clearly
minimal. Meanwhile, the top of the people skills index include teachers from kin-
dergarten up to college level, religious and social workers, and lawyers.

The final skill measure we consider is the physical strength required to perform
an occupation. Different from the previous three sets of skills, physical strength is
well defined and one DOT variable (streng) measures it as “the degree of strength
requirements of jobs as measured by involvement in standing, walking, sitting, lift-
ing, and carrying.” The streng variable classifies jobs as sedentary, light, medium,
heavy, and very heavy, and is what we use to measure whether an occupation
requires physical strength. One difficulty with this variable is that it might have a
nonmonotonic relationship with wages. Should occupations that are light in terms
of their strength requirements command higher wages than ones classified as sed-
entary? Indeed, we find that on average workers are paid a premium to be in sed-
entary occupations as well as in occupations that are heavy and very heavy. We
deal with this issue by transforming the streng variable into a dummy variable that
equals one if the occupation is considered heavy or very heavy and zero otherwise.
Thus, we distinguish occupations that require above average physical strength from
the others.

6. Three other DOT variables may potentially measure aspects of people skills: fif, sjc, and talk (see
Appendix Table A-1). We also construct a second index of people skills using these variables and find
that all the paper’s results hold when we use this alternative measure.
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The final panel in Table 1 shows occupations that require and do not require
physical strength. Plumbers, farm laborers, and sailors are clearly occupations in
which heavy to very heavy physical demands are required. On the other hand, sci-
entists, personnel workers, and music teachers are occupations without heavy physi-
cal demands.

B. Current Population Survey

Our wage and employment data come from the March CPS 1968–90 (CPS Utilities
2001). Although CPS is available prior to 1968 and after 1990, the census occupation
and industry codes for years before 1968 are too coarse for our purposes and the
last DOT was published in 1991. Our sample includes employed individuals aged
18–64 who were not living in group quarters, were not in school, were not working
without pay, had a positive number of years of potential labor market experience,
had nonmissing occupational responses, and had earned at least three full-time
months of minimum wage or above during that year. We also impute earnings for
workers top-coded by the census as 1.5 times the top-code value. All wages are
deflated by the CPI for All Urban Consumers, with base year 1982–84. The results
of the paper are not qualitatively sensitive to the imputation outlined and to the wage
measure used (weekly versus annual). We report results using weekly earnings.

We match DOT job skills from the 1977 Fourth Edition to workers in the March
CPS surveys from 1968 to 1977. For workers in the March CPS 1978–91, their
DOT job skills come from the 1991 Revised Fourth Edition of DOT. As discussed
above, both the 1977 and 1991 DOTs scored more than 12,000 occupations. How-
ever, as with most surveys, CPS does not code to such a detailed occupational
classification (only about 450). To map DOT codes to census occupation codes, we
utilize a special version of the April 1971 CPS issued by the National Academy of
Sciences (2001), in which a committee of experts assigned individual DOT occu-
pation codes and measures to the 60,441 workers in the sample. We then compute
the DOT skill requirements of each census occupation as the weighted mean of the
skill requirement of the DOT occupations in that census occupation using CPS sam-
pling weights by occupation, industry, and gender.

Finally, we create a uniform occupation coding scheme across the period 1968–
90 to merge the skill requirements of occupations to each job in the CPS. The 1
percent census samples (IPUMS) have such a scheme, where 1960, 1970, 1980, and
1990 census occupation and industry codes are mapped to 1950 definitions (variables
occ1950 and ind1950). We utilize this uniform occupation classification scheme to
merge DOT measures to workers in CPS.7

C. Descriptive Analysis

Using the matched data set, Tables 2, 3, and 4 describe the main characteristics of
the data. Table 2 reports summary statistics of the variables used in the analysis. On

7. Autor, Levy, and Murnane (2003) have developed their own census occupation code crosswalk over
time and have kindly provided it to us. Checks indicate that both crosswalks lead to the same qualitative
results. We end up losing a number of observations if we utilize the Autor, Levy, and Murnane (2003)
crosswalk, so we use the IPUMS crosswalk.
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Table 2
Descriptive Statistics

Variable Mean Standard Deviation

Wage income 352.43 (273.44)
Female 0.42 (0.49)
Age 37.50 (12.42)
Experience 19.00 (13.12)
Black 0.09 (0.28)
Other 0.02 (0.15)
In SMSA 0.62 (0.49)
High school graduate 0.59 (0.49)
College� 0.19 (0.39)
Northeast 0.16 (0.37)
Midwest 0.17 (0.38)
South 0.21 (0.41)
West 0.17 (0.38)
Cognitive index 1.01 (0.09)
Motor index 0.99 (0.08)
People index 1.02 (0.09)
Strength 0.28 (0.45)

Number of workers 1,261,184
Years 1968–90

Data are from March CPS 1968–90 and DOT (1977, 1991).

average, there are 55,000 workers for each CPS year in our restricted sample as
defined above, although the actual number of workers ranges from 43,490 (1975)
to 67,882 (1981). On average, 42 percent of the workers in the sample are females,
9 percent are blacks, 62 percent are in statistical metropolitan areas (SMSA), 59
percent have at most a high school degree, and 19 percent have a college degree or
more.

Table 3 reports means of DOT skill indices by educational level for selected CPS
years. As expected, individuals with higher levels of education are in occupations
requiring greater cognitive and people skills, fewer motor skills, and less physical
strength. For instance, in 1970, college graduates were in occupations with an av-
erage cognitive skill index of 1.09 (equivalent to the cognitive skills of a manager),
while high school graduates’ jobs required only 0.99 on average (equivalent to the
cognitive skills of an office machine operator), followed by 0.94 in jobs occupied
by workers without a high school degree (for example, waiters and waitresses). A
similar pattern emerges for people skills. In 1970, college graduates were in occu-
pations with an average people skill index of 1.1 (equivalent to the people skills of
a teacher), while high school graduates’ jobs required only 1.0 on average (equiv-
alent to the people skills of secretaries), followed by 0.96 in jobs occupied by work-
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ers without a high school degree (for example, private household workers). In con-
trast, physical strength is required in only 8 percent of the occupations of college
graduates (for example, teachers are required to have physical strength), while it is
required in 27 percent of high school graduates’ jobs (for example, operatives),
followed by 46 percent of jobs occupied by workers without a high school degree
(for example, laborers). It is also worth noting that differences in the various skill
requirements across education groups are statistically significant and appear to be
stable over time, even within education groups.

Table 4 displays the correlation among the skill requirements of occupations in
the 1977 and 1991 DOTs. Occupations that require more cognitive skills tend also
to require more people skills over the entire period, suggesting that cognitive and
people skills complement each other. Occupations that require fewer people skills
tend to require more motor skills and physical strength, and occupations that require
more cognitive skills also require less physical strength. Another finding worth point-
ing out in Table 4 is the increased correlation between cognitive and motor require-
ments between the 1977 and 1991 DOTs. This cognitive-motor correlation might be
due to technical changes and/or computerization in the workplace, particularly since
many of the jobs with updated skill requirements are computer-related.

IV. The Returns to Different Skills in the U.S.
Economy

A. Specification

In this section, we estimate the wage returns to cognitive, motor, and people skills
as well as physical strength in the U.S. labor market between 1968 and 1990. As
discussed in Section II, we specify the empirical model as:

� �ln w �Z � �X � �ε(3) it it t it t it

where wit is the weekly wage earnings of individual i at time t. Xit has the standard
controls for worker characteristics: the worker’s age, age squared, cubic terms for
potential work experience, SMSA status, region of residence, and dummies for hav-
ing a college degree, having a high school degree, gender, race, and marital status.
Also, all the regressions include year fixed-effects.

The vector Zit contains the DOT characteristics required to perform the occupation
in which individual i is employed and proxies for the worker’s cognitive, people,
and motor skills as well as physical strength.

The most important econometric issues we face are that worker skills are measured
with error and unobserved heterogeneity among workers might be correlated to the
skills required by their occupations. Section IVC addresses these issues. An addi-
tional concern is that, within an occupation, our DOT skill measures do not vary by
worker. Therefore, we face the classic Moulton (1990) problem of estimating the
effects of aggregate variables on individual outcomes. We deal with this by cluster-
ing the standard errors at the occupation level.
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Table 4
Pairwise Correlation Between Skill Requirements

1968–77

Cognitive Motor Strength People

Cognitive 1
Motor 0.06 1
Strength �0.42 0.01 1
People 0.7 �0.4 �0.4 1

1978–91

Cognitive Motor Strength People

Cognitive 1
Motor 0.41 1
Strength �0.25 0.14 1
People 0.83 0.19 �0.24 1

Data are from March CPS 1968–90 and DOT (1977, 1991).

B. Results

The first specification we estimate has cognitive, motor, and people skills as well as
physical strength entering separately in the wage equation along with the standard
controls. We use the logarithm of our measures of cognitive, motor, and people
skills as the regressors so that the estimated parameters are unit-free and can be
interpreted as wage elasticities. Our measure of physical strength enters in a linear
way since it is a dummy variable.

Table 5 reports the wage returns to these four skills in the U.S. labor market
during the 1968–90 period. We report the complete set of parameter estimates and
regression statistics in Table A-2 of the online Appendix. The controls for worker
characteristics have the expected pattern of sign and significance. Females earn lower
wages, while married workers and white workers earn higher wages. Age has an
increasing and concave effect on wages. This sign and significance pattern persists
in the rest of the paper’s wage models, and thus we will not comment further on
them.

Cognitive skills were positively and significantly valued in the U.S. labor market
throughout the period and became significantly more valuable since the beginning
of the 1970s. In this specification, the wage return to cognitive skills increased by
about 60 percent between 1968 and 1990. It started rising at the end of the 1960s,
stabilized and even declined during the mid-1970s, and then accelerated again at the
end of the 1970s and throughout the 1980s. To be concrete, in 1968, a change in
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occupation associated with a one standard deviation increase in cognitive skill re-
quirements, such as going from having the cognitive skills required to be a carpenter
or car mechanic to having the cognitive skills required to be a draftsperson or de-
signer, was associated with a 10.5 percent increase in wages. By 1975, the same
occupational change was associated with a 13.1 percent higher wage. Such a skill
premium declined to 10.9 percent by 1978 and then steadily increased. By 1990,
the same one standard deviation change in skill requirements was associated with a
16.2 percent increase in wages.

Motor skills were also positively and significantly valued throughout the period.
As opposed to cognitive skills, motor skills became significantly less valuable over
time, with the wage return to motor skills decreasing by more than 50 percent
between 1968 and 1990. During the 1970s, the wage return to motor skills fluctuated
without a clear trend. Since 1983, the return to these skills declined steadily, at an
annual rate of 3 percent. In 1968, a change in occupation implying a one standard
deviation increase in motor skill requirements, equivalent to going from having the
motor skills of an economist or a psychologist to having the motor skills of a met-
allurgical engineer, was associated with a 6.6 percent rise in wages. The value of
motor skills fell in the 1980s, and by 1990 the same occupational change was as-
sociated with only a 4.1 percent wage differential.

People skills were also positively and significantly valued in the U.S. labor market
throughout the period. The wage return to people skills doubled between 1968 and
1990, the largest price increase of any of the four skills during the period. Like the
return to motor skills, the return to people skills fluctuated without a trend until 1983
and then increased steadily until 1990. Between 1983 and 1990, the return to people
skills increased at an annual rate of 4 percent. In 1968, a change in occupation that
implied a one standard deviation increase in people skill requirements, equivalent to
going from having the people skills of laborers, carpenters, or bookkeepers to having
the people skills of sports officials, public administrators, or librarians, was associ-
ated with a 3.2 percent rise in wages. The value of people skills increased in the
1980s, and by 1990 the same occupational change was associated with a 6.0 percent
increase in wages.

Finally, the wage return to being in occupations that required physical strength
was negative and small in the late 1960s and 1970s and zero by the 1980s.

As a robustness check, Table 6 reports the wage returns to each of the DOT skill
measures used to construct the cognitive, motor, and people indices.8 Interestingly,
all the different aspects of cognition were valuable in the U.S. labor market and
became more valuable in the 1980s. Five of the nine DOT measures used to construct
the motor index were also significantly valued in the U.S. labor market, with all the
measures either not changing in value or becoming less valuable in the 1980s. The
four variables used to construct the people index also became more valuable in the
1980s, with two having statistically positive wage returns. This confirms that the
patterns uncovered by our analysis using the skill indices are very much present in
the underlying skill data.

8. To conserve space, we report the results for the 1980s only since, as discussed in the previous para-
graphs, most of the estimated changes in skill prices happened then.
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To summarize the results so far, cognitive, motor, and people skills were valued
in the U.S. labor market in the 1970s and 1980s. However, while cognitive and
people skills increased in value over time, motor skills became less valuable in the
1968–90 period.

The wage models with skills entering individually are both simple and transparent.
However, they do not examine the possibility of complementarity among skills. For
instance, the return to cognitive skills could differ in occupations that require many
or few people skills (for example, a therapist compared to a meat cutter). Indeed,
the skill correlations in Table 4 suggest that skills may interact in the performance
of job-specific tasks. To allow for these complementarities among skills, we estimate
our wage equation with interaction terms among DOT skill measures.9

Table 7 reports the wage returns of skills when we estimate Equation 1, with the
skill vector Zit containing interactions among the four skills discussed above. Before
discussing the results, it is worth noting that, in Table 7, the coefficient on the linear
term of each skill is also the total wage return of this skill evaluated at the mean
value of cognitive, motor, and people skills for occupations that do not require
physical strength. This is the case because, by construction, the cognitive, motor,
and people skill indices have mean 1 in the population. Therefore, at the population
mean and the interaction terms drop out.ln (Z )�0it

Cognitive skills continued to be significantly valued in the U.S. labor market
throughout the period. Once we allow for complementarities among skills, the wage
return of cognitive skills more than doubled between 1968 and 1990. Half of the
wage return of cognitive skills increase occurred in the first few years of the 1970s.
In the remaining years of the 1970s, the return to cognitive skills stayed constant
before steadily increasing throughout the 1980s.

The interaction terms highlight an interesting pattern of complementarities. Cog-
nitive skills are more valuable in occupations that require less motor skills, no physi-
cal strength, and more people skills. In addition, over time, cognitive skills have
become more complementary to motor and especially people skills.

Motor skills also continue to have been significantly valued in the U.S. labor
market once we allow for skill complementarities. In this case, the wage return to
motor skills decreased by more than previously estimated. Between 1968 and 1990,
the price of motor skills declined by about 60 percent. As before, virtually all of
this decline occurred in the 1980s.

The interaction terms reveal that motor skills were complementary to physical
strength in the 1970s but not in the 1980s. Meanwhile people skills become com-
plementary to motor skills in the mid 1970s, and this complementarity increased
over time.

The wage return to people skills varied significantly across the distribution of the
other DOT skills. Evaluated at the mean values of cognitive and motor skills and
for occupations that do not require physical strength, the wage return to people skills
was negative or zero. This is what the coefficient on measures. However, the inter-
action terms show that people skills complement all the other skills. For instance,
for occupations that required physical strength (strength�1), the wage return to

9. We also added quadratic terms, which were not statistically significant.
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people skills became positive, even at the mean values of cognitive and motor skills.
The same is true for occupations requiring above average cognitive and/or motor
skills. For these occupations, people skills were positively and significantly valued.
These findings show that people skills were not valued by themselves in the U.S.
labor market but that they raised the returns to cognitive and motor skills and even
physical strength (in some years of the sample period). Moreover, the complemen-
tarity of people skills with cognitive and motor skills strongly increased over time,
which is why people skills became more valuable during the 1968–90 period.

Finally, the wage return to being in occupations that require above average physi-
cal strength was zero in the 1970s and positive but quite small in the 1980s. As
discussed above, physical strength was complementary to motor skills in the 1970s
but not in the 1980s and tended to be more valuable with people skills and less
valuable with cognitive skills.

To summarize, the 1970s and 1980s witnessed a large increase in the wage returns
to cognitive and people skills, with the distinction that people skills became more
valuable by being complementary to other skills. There was also a large decline in
the wage return to motor skills during these decades. Physical strength became some-
what more valuable in the 1980s but not significantly so.

C. Robustness: Mismeasured Skills, Unobserved Characteristics, and Workers
Selection

We turn now to the robustness of the estimates obtained in the previous section.
There are a number of possible reasons why our data on workers’ skills might be
measured with error. For instance, the skill requirements of occupations may vary
within the three-digit occupational categories we use. If such variation is systemat-
ically correlated with the measured DOT requirements, our parameter estimates will
be biased. Also, the DOT codebook characterizes occupation skill requirements as
minimums. It is possible, therefore, that workers have skills that exceed the DOT
requirements for their jobs. In this case, we would underestimate worker skills.
Irrespective of the source of mismeasurement, if errors are unrelated to the measured
skill requirements of occupations, no bias would be introduced into the estimation,
although the estimation would become less precise. Also, if workers are not com-
pensated for skills in excess of the occupation’s requirements, no bias would be
introduced. Our estimates would be biased if any excess skills are both rewarded
and also somehow correlated with the measured skill requirements. It is worth noting
that if the skill space is compact and all skills have a positive hedonic price, then
there would be no possibility of workers having more skills than the occupation
requirements. This compactness assumption is obviously never met exactly but may
be close to correct given the large number of occupations we have in the data.

In a similar way, our estimates would also be biased if workers have unobserved
characteristics that are correlated with their measured DOT skills. We deal with
these possibilities by utilizing the NLSY79 data set. The NLSY79 data set contains
additional individual-level measures of skills, such as AFQT scores, that are not
available in CPS. It also allows us to estimate individual fixed effects models to
capture the impact of time-invariant unobserved ability on wages since it follows
individuals over time.
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Table A-3 in the online Appendix provides summary statistics of the NLSY79
sample. We estimate the wage returns to cognitive, motor, and people skills as well
as physical strength for the period 1978–90 (survey years 1979–91). In the first
specification, we stack all years and control for individual skills (for example, AFQT
score) and family background but do not utilize the data’s panel structure. In the
second specification, we control for individual fixed-effects. The fixed-effects spec-
ification controls for any observed or unobserved individual characteristic that affects
a worker’s wage as long as this characteristics is time invariant.

Table 8 shows the estimated wage returns of skills in the NLSY79 sample. The
first columns have the estimates controlling for individual skills and family back-
ground. The second set of columns has the estimates of the model with individual
fixed-effects. In both specifications, we interact skill requirements with a linear trend
to capture the evolution of skill returns over time. We also estimate a specification
where skill requirements are interacted with year dummies, and the same qualitative
results hold.

Both specifications confirm that the price of cognitive and people skills increased
while the price of motor skills declined between 1979 and 1991. As expected, the
specification with individual fixed-effects shows less pronounced changes in the
wage returns to skills. The specifications with all the variables and their interactions
show the same pattern of results as before, except that the significance levels are
lower. This should be expected given the smaller sample size and the stronger de-
mands that the individual fixed effects specification imposes on the data.

In summary, to the extent that data mismeasurements and/or unobserved skills are
uncorrelated with the measured skills, our skill price estimates are unbiased. If they
are correlated with the measured skills but are time-invariant, we can control for
them using the panel structure of NLSY79. When we do so, we confirm the main
patterns found in the CPS data.

It is possible, however, that the unobserved characteristics of workers are changing
over time in ways that are systematically related to their cognitive, motor, and people
skills as well as their physical strength. The most likely reason why this could happen
is that the underlying quality of workers in the labor force can change in ways that
cannot be captured with our data. This is particularly important for women, a group
that has seen a large increase in its labor force participation rates. Thus, our wage
return estimates might be spuriously picking up changes in the unobserved quality
of workers in the labor force.10

We check for this possibility by controlling for the labor force participation de-
cision of women using a Heckman selection model. To estimate this model, we use
the number of children under the age of six and marital status as exclusion restric-
tions, which Mulligan and Rubinstein (2004, 2005) discuss in detail.

Table A-5 in the online Appendix shows the estimated wage returns to skills in
this case. These do not differ qualitatively from the estimates without controlling
for selection in terms of significances and magnitudes and, more importantly for our

10. For instance, Mulligan and Rubinstein (2004, 2005) argue that, for married white women at peak
earning ages working full time full year, quality changes account for all of the narrowing of the gender
gap.
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purposes, in how these estimates change over time. Note also that the timing of the
price changes do not vary across models that do or do not control for selection. As
an additional check, we estimate our wage models on subsamples containing men
and white men only, groups with relatively stable and strong labor force attachment
and thus less subject to changing selection issues. Tables A-6 and A-7 in the online
Appendix show the results. The main pattern of results holds in these subsamples
as well. The price of cognitive skills increases substantially throughout the period
and the price of motor skills declines starting in 1983. People skills have not become
more valuable by themselves but the coefficients of the interaction terms are larger
in the 1980s, especially the interaction with cognitive skills. One difference is that
the coefficient on motor skills is not statistically different than zero in the first half
of the 1970s.

In summary, while changes in the way workers (women in particular) sort them-
selves into the labor force may induce a time-varying correlation between workers’
unobserved characteristics and their observed skills, our evidence shows that the
main patterns in our estimates are not sensitive to changing potential selection bias.
We continue to find a strong increase in the price of cognitive and people skills and
a decline in the price of motor skills.

V. Returns to Skills and Residual Inequality

Could the estimated changes in wage returns to skills explain the
rise in residual inequality observed in the U.S. labor market? Table 9 shows the
cognitive-to-motor skills intensity of workers by percentile of the wage distribution
for each education group. Data on the people-to-motor skills intensity show similar
patterns and are not reported to conserve space. Throughout the period, among high
school and college graduates, the top of the wage distribution was comprised of
occupations relatively intensive in cognitive and people skills. On the other side,
concentrated at the bottom of the wage distribution, were occupations intensive in
motor skills. Therefore, the estimated increase in wage returns to cognitive and
people skills and decline in wage return to motor skills should be expected to have
raised within-education group inequality for high school and college graduates but
not for workers with less than a high school degree.

The first column in Table 10 shows the actual change in the ratio of the 90th to
10th percentile of the wage distribution. It summarizes the patterns of residual in-
equality for the entire sample and for different education groups and confirms the
general patterns found in the literature (see Katz and Autor 1999 for a survey).
Important for our purposes is that it shows that residual inequality changed differ-
ently for different education groups and in different time periods. Consistent with
our story, residual inequality grew considerably less among workers with less than
a high school degree and during the second half of the 1970s. As discussed, the
prices of cognitive and people skills relative to motor skills increased in the early
1970s and again in the 1980s but not in the second half of the 1970s. Also, it was
among high school and college graduates that the top of the wage distribution was
strongly skewed toward cognitive- and people-intensive occupations.
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Table 9
Cognitive to Motor Intensity by Education Group and Residual Wage Percentile

Adjusted Wage Distribution Percentile

1970
10th 25th 75th 90th

Less than high school 0.96 0.952 0.94 0.946
(0.074) (0.077) (0.085) (0.092)

High school graduate 0.984 0.981 1.005 1.024
(0.09) (0.096) (0.118) (0.124)

College� 1.105 1.109 1.132 1.142
(0.153) (0.14) (0.112) (0.111)

Total 0.997 0.993 1.008 1.022
(0.11) (0.113) (0.125) (0.13)

1980
10th 25th 75th 90th

Less than high school 0.985 0.976 0.968 0.971
(0.081) (0.078) (0.086) (0.085)

High school graduate 1.018 1.015 1.035 1.05
(0.101) (0.104) (0.116) (0.12)

College� 1.115 1.115 1.14 1.139
(0.14) (0.135) (0.12) (0.13)

Total 1.036 1.034 1.05 1.06
(0.118) (0.119) (0.126) (0.129)

1990
10th 25th 75th 90th

Less than high school 0.985 0.979 0.979 0.98
(0.089) (0.084) (0.094) (0.096)

High school graduate 1.027 1.025 1.051 1.061
(0.103) (0.105) (0.113) (0.114)

College� 1.103 1.109 1.15 1.155
(0.132) (0.131) (0.115) (0.126)

Total 1.042 1.042 1.069 1.076
(0.116) (0.118) (0.124) (0.127)

Note: Above wage percentiles are determined from residuals of separate regressions, by education group
and year, of log wages on age, age squared, experience, experience squared, experience cubed, indicators
for female, black, other nonwhite race, marital status, SMSA status, region dummies, and a constant. Two-
tailed t-tests (not reported) show the means reported above are statistically different across residual wage
percentiles at the 1 percent level, except for the “less than high school” category.
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It remains to be seen, however, how quantitatively important the effects of changes
in the wage returns to skills are to explain residual inequality. For that, we use the
full distributional accounting framework proposed in Juhn, Murphy, and Pierce
(1993). As discussed in Section II, we write the wage equation as:

log w �{X ��Z �}�{X (� ��)}�{Z (� ��)}�(4) it it it it t it t

�1 �1 �1�{F (� ⎪X,Z)�(F (� ⎪X,Z)�F (� ⎪X,Z))}it it it

where anything denoted by a bar is the average of that parameter or set of variables
over time, �it is the percentile of individual i at time t in the residual distribution of
Equation 1, and F is the cumulative distribution of the residuals in the same equation.
In the equation above, the terms inside the first brackets capture the effects of
changes in the explanatory variables, both the measures available in the CPS data
(Xit) and the DOT skills (Zit), on the wage distribution. The terms inside the second
and third brackets capture the effects of the estimated changes in the prices of these
explanatory variables (�t and �t) on the wage distribution. Finally, the terms inside
the last brackets capture the effect of changes in the distribution of wage residuals.
Once we compute the effects of each of these components on the wage distribution,
we measure their impact on the 90th to 10th percentile. Columns 3–6 in Table 10
show the results.

The first panel in Table 10 shows that, for the sample with all education groups
and for the entire period, changes in the wage returns to cognitive, motor, and people
skills as well as physical strength explain 25 percent of the observed rise in residual
inequality. Note that even though we obtain these results using workers in all edu-
cation groups the analysis contains education dummies and controls for other work-
ers’ characteristics so that it captures the effects of skill prices on residual inequality.

The other panels show the decomposition by education group. As expected, for
workers with less than a high school degree, changes in the wage returns to skills
did not contribute to rising residual inequality. Indeed, for this group, virtually all
the observed rise in inequality was due to unobserved factors. Among high school
graduates, changes in the prices of the DOT skills explain 22 percent of the rise in
residual inequality if we look at the entire period. Looking at subperiods, we find
that changes in DOT prices explain 38 percent of the rise in inequality that took
place in the first half of the 1970s but none of the rise that happened in the 1980s.
For college graduates, changes in the wage returns to DOT skills explain more than
40 percent of the increase in residual inequality in the whole period. For this group
of workers, virtually all the increase in residual inequality occurred in the first half
of the 1970s.

In conclusion, the estimated changes in the wage returns to cognitive, motor, and
people skills as well as physical strength are quantitatively important in explaining
the increase in residual inequality observed in the U.S. labor market. For the entire
sample, we find that changes in these wage returns alone explain around 25 percent
of the rise in inequality. For high school and college graduates, they account for
more than 20 and 40 percent, respectively. This confirms previous findings (for
example, Katz and Autor 1999) that changes in skill prices contributed to rising
residual inequality.
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VI. Returns to Skills and the Male-Female Wage Gap

Could changes in the wage returns to skills also be behind the nar-
rowing of the male-female wage gap?11 We use here a logic similar to the one
applied in the previous section. If females are in occupations intensive in cognitive
and people skills as compared to males, the estimated increase in the price of cog-
nitive and people skills and decline in the price of motor skills could explain why
female wages have been catching up with male wages, even without relying on
segmented labor markets.

Figure 1 shows the cognitive to motor ratio of males and females for different
education groups at different points in time. Throughout the period, women moved
into cognitive-intensive occupations at a faster pace than men. For college graduates,
for example, the ratio of cognitive to motor skills in occupations held by women
went from 1.07 in 1970 to 1.14 in 1990. For men, the equivalent number went from
1.14 in 1970 to 1.13 in 1990. For high school graduates, females went from being
in occupations requiring a ratio of cognitive to motor skills of 0.98 in 1970 to 1.06
in 1990, while the same measure for men went from 1.00 in 1970 to 1.01 in 1990.
As a result, by 1980, women at all education levels were in occupations more cog-
nitive intensive than men. The same happens with the people to motor skills intensity
of male and female jobs. Therefore, since 1980, the estimated changes in the wage
returns to skills may certainly have contributed to the narrowing of the male-female
wage gap. Recall that, while the male-female wage gap had remained stable since
World War II, it narrowed during the 1980s.

The question thus becomes a quantitative one. We turn again to the Juhn, Murphy,
and Pierce (1993) decomposition but now focus on the effects of changes in the
explanatory variables, their prices, and unobserved components on the average
wages of males and females.

The first column in Table 11 shows the observed changes in the male-female
wage gap over the 1970s and the 1980s for the entire sample as well as within
education groups. It confirms previous findings in the literature that the wage gap
declined significantly for all education groups in the 1980s, although there was not
much change before then (for example, Katz and Autor 1999 and Altonji and Blank
1999).

The remaining columns in Table 11 show the components of the Juhn, Murphy,
and Pierce (1993) decomposition for the gender wage gap. For the entire sample,
the estimated changes in wage returns to DOT skills explain around 20 percent of
the narrowing of the gender gap in the 1980s. In contrast, changes in prices of other
characteristics such as education and experience do not explain any of the conver-
gence of male and female wages, both for the overall sample and by education
group. This confirms previous findings in the literature. Meanwhile, changes in un-
observed characteristics contributed to the widening of the gender gap.

Changes in observed characteristics account for the largest part of the narrowing
of the gender gap. As discussed before, women moved into cognitive- and people-

11. See Blau and Kahn (1997) and Altonji and Blank (1999) for detailed discussions on the patterns of
changes in the male-female wage gap and their possible drivers during the period considered in our sample.
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intensive occupations throughout the period, and this is part of what is being captured
by changes in observed characteristics. The other part captures the well-known in-
crease in experience and education of women in the labor force (for example, Blau
and Kahn 1997).

When we look at different education groups, a similar pattern emerges. For work-
ers with less than a high school degree, changes in the wage returns to skills explain
19 percent of the observed narrowing of the gender gap, while for high school and
college graduates they explain about 22 and 12 percent, respectively.

Before concluding, it is worth noting that our empirical model assumes that labor
markets are not segmented across worker characteristics, in particular across gender.
This may not be the case for a number of reasons. For instance, although it is
possible that the observed changes in the occupations held by men and women
reflected changes in individual tastes, it is also possible that they reflected changes
in discrimination and the constraints that women faced in the labor market or in
premarket human capital acquisition. If this is the case, labor markets were seg-
mented and men and women faced different returns to skills. Some models in the
gender gap literature address this possibility by having the prices of skills and worker
characteristics differ by gender.12 However, the estimated returns to skills paid to

12. See Jarrell and Stanley (2004) for meta-regression analyses on this literature.
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men and women may differ because of unobserved worker heterogeneity that is
correlated with gender, even if markets were not segmented. An alternative way of
dealing with the possibility of market segmentation is to estimate skill prices on a
male-only sample (see, for example, the preferred specification in Blau and Kahn
1997). As long as changes in discrimination or other sources of market segmentation
do not affect the male reward structure, the estimates on a men-only sample will
provide skill prices in a nondiscriminatory labor market. As discussed in Section
IVC, our robustness checks find that the main pattern of results holds when we
control for worker selection and also when we estimate skill prices on a men- and
white men-only samples. Indeed, the few instances when the results differ across
samples were in the 1970s, not the 1980s, the decade when most of the narrowing
of the gender gap occurred. Thus, our findings show that changes in the prices of
motor, cognitive, and people skills can help explain the narrowing gender gap even
in the absence of changes in differential treatment of men and women in the labor
market.

To summarize, we confirm that changes in observed women’s relative levels of
labor market qualifications and occupational choices explain a large part of the
observed narrowing of the gender wage gap. However, we show that changes in the
prices of cognitive, people, and motor skills also contributed significantly to the
narrowing of the gender gap in the 1980s.

VII. Conclusion

In this paper, we estimate the wage returns of a multidimensional
vector of workers’ skills at their jobs. This vector includes measures of the worker’s
cognitive, motor, and people skills as well as physical strength. In contrast with the
prevailing view of a general increase in the returns to all types of skills (for example,
Bound and Johnson 1992; Katz and Murphy 1992; Juhn, Murphy, and Pierce 1993),
we show that during the 1968–90 period, the returns to cognitive and people skills
increased while the returns to motor skills declined. We also show that people skills
did not become more valuable by themselves but by becoming more complementary
to cognitive and motor skills.

We then show that the estimated changes in skill prices can help explain the two
major trends characterizing the U.S. labor market during the 1970s and 1980s—
rising inequality and a narrowing of the male-female wage gap. We show that the
top of the wage distribution within college and high school graduates was in oc-
cupations intensive in cognitive and people skills while the bottom was in motor-
intensive jobs. Therefore, the estimated skill price changes increased the wage dis-
persion within these two education groups. Also, we show that by 1980 women of
all education levels were in more people- and cognitive-intensive occupations rela-
tive to men. Therefore, these changes in skill prices also contributed to narrowing
the gender wage-gap. Quantitatively, they account for 20 to 40 percent of the ob-
served changes in residual inequality for different education groups and for around
20 percent of the narrowing in the gender gap in the 1980s.

Finally, it is important to note that although it is appealing to speculate on the
sources of the estimated changes in skill prices (for example, supply versus demand
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factors), it is clearly beyond the scope of our paper. Some studies provide evidence
that changes in skill demand were likely to be more important than in skill supplies
(for example, Autor, Levy, and Murnane 2003), but finding the ultimate drivers of
the observed changes in skill prices is still very much an open question.
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