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Abstract: Using the 1979 and 1997 waves of the National Longitudinal Survey of
Youth, this paper shows that the growing return to social skills documented by
Deming (2017. “The Growing Importance of Social Skills in the Labor Market.”
Quarterly Journal of Economics 132 (4): 1593-640) has been largely concentrated
on college-educated workers, rather than on high school-educated workers. These
findings are corroborated by the pronounced occupational sorting of college-
educated workers into occupations requiring high levels of social skills. Moreover,
the wage premium for college-educated workers employed in these occupations has
increased markedly. Our empirical evidence provides one possible source of rising
wage inequality within and between education levels.

Keywords: social skills; occupational sorting; college wage premium

1 Introduction

A large literature documents that an individual worker’s social skills, such as com-
munication, leadership, and interpersonal skills, have become highly important
for labor market outcomes (Borghans, ter Weel, and Weinberg 2014; Deming 2017;
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Kuhn and Weinberger 2005; Weinberger 2014). The growing returns to social skills
in the labor market are closely associated with empirical evidence of increasing
payoff and employment in occupations requiring interpersonal social skills, as
shown by Autor, Levy, and Murnane (2003) and Deming (2017). In particular, with
therising importance of teamwork skills in the workplace, social skills have become
one of the most critical attributes of new hires, and high-paying jobs broadly tend to
demand higher level of social skills (Deming and Kahn 2018; Weidmann and Deming
2021).

Although many papers have established the increasing wage returns to social
skills, there is little research that has examined how they vary across different edu-
cation groups. Based on the influential work by Deming (2017), this paper shows
that the social skill premium has been largely concentrated on college-educated
workers, rather than on high school-educated workers. Moreover, college-educated
workers with higher social skills have more strongly sorted into high-paying occu-
pations requiring higher levels of social skill tasks in recent periods. These findings
have important implications for understanding the significant rise in wage inequal-
ity within and between education levels.

Using data from the 1979 and 1997 National Longitudinal Surveys of Youth
(NLSY79 and NLSY97), we estimate the effects of cognitive and social skills on the
wages of 23—33-year-old men between education groups and examine how this rela-
tionship has changed across the two survey waves. We show that there has been a
great reversal in the demand for cognitive and social skills, which is broadly in line
with the results of Deming (2017). Specifically, the returns to cognitive skills have
declined markedly, while the returns to social skills have increased substantially.
More importantly, we find that the diminishing role of cognitive skills for labor
market outcomes has occurred for all education levels. However, the growing wage
premium of social skills has been mostly concentrated among college-educated
workers.

To examine the link between an individual worker’s skills and occupational
outcomes, we estimate the effects of pre-market skills on job task contents of a
worker’s occupation by education levels using the data from the Occupational Infor-
mation Network (O*NET). Overall, consistent with Weinberger (2014) and Speer
(2017), we find an important role of skills for occupation choices of workers. In
particular, we show that college-educated workers with high social skills have
been more likely to sort into social skill-intensive jobs over time. More impor-
tantly, we show that the wage gain of college-educated workers from switching
into social skill-intensive occupations has significantly increased in recent years.
Hence, the labor market has increasingly favored college-educated workers with
strong endowments of social skills so that college education becomes an important
pathway toward acquiring the growing premium of social skills.
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This paper contributes to the literature that examines the changing roles of
an individual worker’s skills for labor market outcomes. Many previous studies
have established that the US economy has experienced a remarkable change in
the demand for cognitive and social skills since 2000. More precisely, Castex and
Dechter (2014) and Beaudry, Green, and Sand (2016) document that the return to
cognitive skills in the labor market has markedly declined due to technological
slowdown, whereas Deming (2017) shows the growing importance of social skills
with the significant growth in occupations requiring interpersonal skills that can-
not be substituted away by automation. In particular, Weinberger (2014) argues that
complementarity between cognitive and social skills has been increasingly impor-
tant in the labor market. However, there has been little attempt to investigate how
the returns to cognitive and social skills have changed across educational levels and
how the changes in the skill premium have been closely associated with changes in
an individual worker’s occupational sorting and wage growth. This paper fills this
crucial gap in the literature.

Our study is also connected to a literature linking workers’ pre-labor market
skills to occupational sorting. Weinberger (2014) shows that workers with stronger
skill endowments as high school seniors are inclined to sort into occupations requir-
ing higher levels of skill. Using the NLSY and O*NET data, Speer (2017) also finds a
strong role for pre-market skills in predicting the task content of the workers’ ini-
tial occupations and career trajectories. Similarly, Deming (2017), merging the NLSY
with O*NET data, estimates the effects of pre-market skills on the task content of
occupations and shows that individuals with high cognitive skills but low social
skills tend to select into routine jobs, whereas those with higher social skills tend to
sort into nonroutine and social skill-intensive jobs. We add to this literature by esti-
mating the changes in the effects of skills on occupational sorting across education
levels and analyzing how the wage returns of the sorting have changed over time.

Furthermore, our work is intimately related to numerous papers that have
documented the significant rise in wage inequality (Acemoglu and Autor 2011;
Autor, Katz, and Kearney 2008; Guvenen and Kuruscu 2010; Katz and Murphy 1992;
Krusell et al. 2000). Many potential explanations have been suggested, such as skill-
biased technological change, falling federal and state minimum wages, and rising
exposure to international trade. This paper adds to the literature by providing
empirical evidence on the importance of changes in occupational demand strongly
favoring college-educated workers with high levels of social skills, which helps
explain widening wage inequality within and between education levels. Recently,
Autor (2019) similarly emphasizes the role of occupational change in accounting
for the increased wage inequality between education groups, but the paper focuses
on the deterioration of the labor market opportunities for less-educated workers
with the changing structure of work and wages across geographic regions, silent on
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the changing role of workers’ pre-market skills for wage returns and occupational
outcomes.

The remainder of the paper proceeds as follows. Section 2 describes the data
sets used in this study. Sections 3 and 4 report changes in labor market returns
to cognitive and social skills and occupational outcomes across education levels.
Section 5 concludes.

2 Data

2.1 NLSY

The main data source is from the NLSY79 and NLSY97, respectively. The NLSY79 is
a nationally representative sample of 12,686 youth ages 14—22 in 1979. The NLSY97
which follows a nearly identical structure to the NLSY79 is also a nationally repre-
sentative panel survey of 8984 youth ages 12-16 in 1997. The NLSY79 was conducted
annually from 1979 to 1993 and biannually from 1994 thereafter, and the NLSY97 is
available annually from 1997 to 2011 and biannually from 2011. The data contains
detailed measures of pre-market ability, education, parental and personal charac-
teristics, employment, and wages. Most variables across the NLSY79 and NLSY97 are
compatible, but some variables which are not comparable are adjusted to facilitate
comparison.

In this study, respondents under the age of 23 and over the age of 33 are
excluded from the analysis since the oldest individual in the NLSY97 turned 33 in
2013. By restricting the sample to ages 23-33, we can exploit the overlap in ages
across surveys. This suggests that we can compare workers during the 1982-1998
period to youth during the recent 2003—2013 period. The sample is further restricted
to male not only because their labor supply decisions are least affected by exter-
nal factors, but also because the large shifts in female labor force participation
occurred during this period. Individuals who are enrolled in school and who are
missing information on key variables are excluded from the analysis.! Consistent
with Altonji, Bharadwaj, and Lange (2012), real hourly wages are bottom- and top-
coded to be between $3 and $200 per hour.

Armed Forces Qualifying Test (AFQT) has been widely used as a proxy for cogni-
tive skills. Many other studies, such as Neal and Johnson (1996), Altonji, Bharadwaj,

1 For NLSY79, we start from a sample of 5216 respondents aged 23-33, restrict attention to the 2622
male respondents, and finally drop 190 individuals who do not have our key explanatory variables
(i.e. skill measures, employment status, potential experience, and region and urbanicity), resulting
in a panel of 1594 individuals. Similarly, for NLSY97, starting from a sample of 4427 individuals
aged 23-33, we focus on 1182 male workers who have all key explanatory variables.
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and Lange (2012), and Castex and Dechter (2014), use AFQT scores in the literature
as a measure of cognitive achievement. AFQT scores are adjusted following the pro-
cedure proposed by Altonji, Bharadwaj, and Lange (2012). Specifically, they achieve
comparability across survey waves by considering differences in test format, age-
at-test, and other idiosyncrasies. We take the raw scores from Altonji, Bharadwaj,
and Lange (2012) and normalize them to have a mean of 0 and a standard deviation
of 1.

Since the NLSY data do not include psychometrically valid and field-tested mea-
sures of social skills, Deming (2017) constructs a pre-market measure of social skills
that captures behavioral extraversion and prosocial orientation from the Big 5 per-
sonality traits (e.g. Barrick and Mount 1991; Goldberg 1993; Judge et al. 1999). Follow-
ing Deming (2017), we construct a measure of social skills using the following two
variables in the NLSY79: (i) self-reported sociability in 1981 (extremely shy, some-
what shy, somewhat outgoing, extremely outgoing) and (ii) self-reported sociability
in 1981 at age 6 (retrospective). Similarly, a measure of social skills in the NLSY97
is constructed using the following two variables: (i) self-reported personality scale:
extraverted or enthusiastic (disagree strongly, disagree moderately, disagree a lit-
tle, neither agree nor disagree, agree a little, agree moderately, agree strongly) (ii)
self-reported personality scale: reserved or quiet. We normalize each variable to
have zero mean and unit standard deviation and take the average across all vari-
ables. We also re-standardize in a way that cognitive and social skills have the same
distribution.

One concern is that our measure of social skills may not be a comparable mea-
sure of social skills across the two panel surveys. In this respect, we further explore
whether our main results are robust to using the alternative measure of social skills
in Section 3. Specifically, the NLSY79 includes the personality measure in the 2014
round. This allows us to use the same questions across survey waves to construct a
new measure of social skills, minimizing concerns about comparability. Following
the same procedure, we normalize the two questions to capture the extroversion
factor, take the average, and then renormalize them.

Another concern is that workers with higher cognitive skills are likely to be
associated with high education levels, and this pattern could change over time. To
address this issue, we check the correlation between cognitive skills and years of
schooling. It turns out that the correlation is considerably stable; 0.57 in the NLSY79
and 0.53 in the NLSY97. Furthermore, we control for education in some specifica-
tions in regression analysis to purely estimate labor market returns to skills by
eliminating the effects coming from education choice.

Lastly, one might be concerned the relationship between social intelligence and
cognitive skills; the measure of social skills in our sample may capture unmeasured
cognitive skills. We find that the correlations between cognitive and social skills are
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about 0.1 in the analysis sample of NLSY79 and 0.07 in that of NLSY97, which show
very weak positive correlations. Similarly, there is a possibility that a measure of
skills is a poor proxy for the underlying abilities so each skill measure may not con-
tain independent information about ability. To account for this bias, we construct
a measure of noncognitive skills using the normalized average of the Rotter Locus
of Control and the Rosenberg Self-Esteem Scale in the NLSY79 and employing two
variables that measure the Big 5 personality factor conscientiousness in the NLSY97,
consistent with many other papers including Heckman, Stixrud, and Urzua (2006)
and Deming (2017).

In Table 1, we report the key variables for workers between the ages of 23 and
33, excluding respondents who are enrolled in school. Average hourly wages in our
data are about $17.96 in the NLSY79 and about $19.04 in the NLSY97 in 2013 dollars.
Cognitive skills display modest increases over time, whereas declines in social skills
are documented across the NLSY waves.2 However, the differences in skills across
cohorts are not statistically significant.? Table 1 also documents an increase in the
schooling level; the average of years of schooling is 13.16 in the NLSY79 sample but
13.71in the NLSY97 sample. Thus, we control for educational attainment using indi-
cators of schooling levels in some specifications, even though results are similar
when we use completed years of education. The average potential experience is
lower for the NLSY97 cohort because of a higher concentration of young workers
and an increase in the schooling level in the NLSY97.4

2.2 O*NET and DOT

We study the link between skills and workplace tasks over time using key indica-
tors of task content from the O*NET and DOT, following Deming (2017). The O*NET
and DOT are extensive surveys, which ask many questions about the requirements

2 The mean of cognitive skills is greater than zero after normalization. This is because our sample
is limited to employed workers. This result also aligns with existing literature that highlights the
positive impact of cognitive skills on labor market outcomes (Castex and Dechter 2014; Deming
2017).

3 In Appendix Table A.1, we also show skill distributions by educational levels. Cognitive skills
for college graduates in NLSY97 are relatively high compared to those in NLSY79, but those for
high school graduates do not differ much across the two survey waves. Social skills have broadly
declined over time for both education levels. The reason for the changing patterns of skills across
cohorts is that we normalize each skill variable after pooling data from the NLSY79 and NLSY97.
The increase in cognitive skills is also partly due to the overall increase in AFQT scores in the recent
survey. The main results are robust to normalizing skill variables from each survey separately.

4 Castex and Dechter (2014) provide the detailed reweighting procedure to obtain nearly equal
distributions of the variables of interest across the two NLSY waves. They find that reweighting
has a small effect on the estimated returns to skills and education.
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Table 1: Summary statistics.

NLSY79 NLSY97

Mean SD Mean SD
Wage 19.12 14.13 19.42 18.72
Full-time employment 0.79 0.41 0.70 0.46
Prestige score (standardized) 0.1 1.01 0.17 1.04
Cognitive skills (standardized) 0.23 1.00 0.32 0.98
Social skills (standardized) 0.05 0.93 —0.04 0.99
Years of education 13.53 2.59 13.94 2.83
High school dropout 0.12 0.32 0.07 0.25
High school 0.57 0.49 0.61 0.49
Associate’s 0.05 0.22 0.07 0.25
Bachelor’s 0.18 0.39 0.22 0.42
Master’s 0.04 0.19 0.04 0.19
Race 2.75 0.56 2.61 0.69
Sex 1.00 0.00 1.00 0.00
Age 27.66 3.07 26.69 2.63
Potential experience 9.61 3.67 6.77 3.49
Year 1988.84 3.69 2008.49 2.62

Notes: The data are pooled sample of two cohorts: the national longitudinal survey of youth 1979
(NLSY79) and 1997 (NLSY97). The sample includes unenrolled male workers with valid outcome
variables. We restrict the age range to 23-33, which allows for a comparison of respondents of the
same ages across NLSY waves. We restrict the sample to those wages at least $3 and top code at
$200. Wages are inflation-adjusted to 2013 dollars. Full-time employment indicates workers who work
at least 35 h per week. Occupation prestige score, taken from Duncan socioeconomic index, exploits
survey questions on the prestige of occupations. Prestige score is normalized to have a mean of 0 and
a standard deviation of 1. Cognitive skills are measured by the armed forces qualifying test (AFQT).
We use the AFQT score crosswalk developed by Altonji, Bharadwaj, and Lange (2012) to adjust for
differences across surveys. Social skills are a standardized composite of two questions that measure
extroversion in both the NLSY79 (sociability in childhood and sociability in adulthood) and the NLSY97
(two items from the Big 5 personality inventory, which measures extroversion). Both skills are
normalized to have a mean of 0 and a standard deviation of 1. Education variables: high school = 1 for
high school graduates and 0 otherwise, associate’s = 1 for respondents with an associate degree,
bachelor’s =1 for bachelor’s degree holders, and master’s = 1 for individuals with a master’s degree
or higher. Potential experience is defined as age minus schooling minus 6.

and qualifications, the work task involved in working in an occupation, as well
as work activities/tasks required in an occupation. These two sources of data are
often used for quantifying the task content of occupations. Overall, as described
in Appendix Figure A.1, both the O*NET and the DOT produce similar results for
analogous task measures. We mainly use the O*NET because it is a more recent
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survey that contains more diversified task measures than the DOT. However, we
also carry out our analysis using the DOT. This enables us to examine the robust-
ness of alternative measures of task measures, thereby increasing confidence in the
results.

Occupations are matched with job task measures as reported in the DOT 1977,
which is the predecessor of O*NET. Autor, Levy, and Murnane (2003) reduce the DOT
variables to a relevant subset using the DOT texture definitions to identify vari-
ables that best approximate task content. Specifically, they employ two variables to
measure non-routine cognitive tasks. The variable DCP codes the extent to which
occupations involve Direction, Control, and Planning of activities; the variable math
codes the quantitative skills ranging from arithmetic to advanced mathematics that
is required in occupations. We refer to DOT-DCP and DOT-math in this study.

Similarly, Deming (2017) creates the task content of work using the question
from the 1998 O*NET. Each question is re-scaled to fall between 0 and 10 and aver-
aged to create the composites by occupation.’ Each occupation is matched with two
indicators of task content, math and social skills. Note that these measures are anal-
ogous to DOT-math and DOT-DCP, respectively. First, math task intensity is defined
as the average of three variables to capture mathematical competence: (i) mathe-
matical reasoning ability, (ii) mathematics knowledge, and (iii) mathematics skill.
Second, the O*NET variables to measure an occupation’s social skill intensity are (i)
coordination; (i) negotiation; (iii) persuasion; and (iv) social perceptiveness.®

These task measures are job-specific indications of the standard skills required
for competence in each occupation and are useful to understand the task content
of each occupation. For instance, sales workers have relatively high values of social
skill task intensity but not math task intensity, while computer programmers have
relatively high values of math task intensity but not social skill task intensity. These
results are in line with expectations that sales workers are often involved in sig-
nificant interpersonal interaction and that tasks of programming and coding for
programmers require building logic around numbers. We follow an approach sim-
ilar to that of Weinberger (2014), arbitrarily choosing the cut point math task inten-
sity >5 and social skill task intensity >5 to divide occupations into four mutually
exclusive categories. These task categories will be used throughout the paper.

5 These composites are weighted by labor supply to conform to the 1980 occupation distribution.
The O*NET measures are linked to the panel of occupation codes, created by Autor and Dorn (2013)
and updated by Deming (2017). See the Data Appendix in Deming (2017) for more details.

6 To be specific, the O*NET provides the following definitions for the four variables: (i) coordina-
tion — “adjusting actions in relation to others’ actions”, (ii) negotiation — “bringing others together
and trying to reconcile differences”, (iii) persuasion — “persuading others to change their minds or
behavior”, (iv) social perceptiveness — “being aware of others’ reactions and understanding why
they react as they do”.
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3 Empirical Analysis

3.1 Labor Market Returns to Skills

To estimate the changes in the returns to cognitive and social skills using the NLSY79
and the NLSY97, we regress labor market outcomes on each skill measure and its
interaction with an indicator for being in the NLSY97 sample. Specifically, similar to
Deming (2017), the empirical specification for the baseline model is formally given

by
Y = a + p,Cog; + p,Soc; + P5Cog;*NLSY97; + B,Soc;+NLSY97

In Equation (1), Yl-jt is the labor market outcome measured at time t for an indi-
vidual i in the specific region j. To study differential effects of each skill, we allow
Y;;; to be the log real hourly wage (conditional on employment) or an indicator for
full-time employment or occupation prestige score (conditional on employment). A
standard set of demographics X;; includes controls for potential experience Exp;,
a quadratic in potential experience Expfl, race/ethnicity indicators, indicators for
four census regions and urbanicity (indexed by j), and year fixed effect (indexed by
t). The error term ey, captures unobserved factors which could affect labor market
outcomes. Notice that the interaction between each skill measure and an indicator
for being in the NLSY97 sample allows us to test whether the returns to cognitive and
social skills have changed across the two waves of the NLSY. We cluster standard
errors at the individual level.

The results are reported in Table 2. We find that consistent with the previous
studies, there has been a remarkable reversal in the returns to cognitive and social
skills. Columns (1)-(2) display the results for log hourly wages. As shown in column
(1), the wage return to cognitive skills has declined across survey waves. A one stan-
dard deviation increase in cognitive skills increases wages by 15.4 % in the NLSY79,
but evidenced by the interaction between cognitive skill and the NLSY97 sample that
is negative and statistically significant, it increases only by 8.6 % in the NLSY97. In
line with the findings by Castex and Dechter (2014) and Beaudry, Green, and Sand
(2016), this result can be related to the slowdown in technological progress arising
during the 2000s, which declines the demand for cognitive skill tasks. In contrast,
the returns to social skills have grown significantly over time. A one standard devi-
ation increase in social skills yields a wage gain of 1.8 % in the NLSY79 but 4.4 % in
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Table 2: Labor market returns to skills.

Log wage Full-time employment Prestige score

(1) 2 (3) (4) (5) (6)

Cognitive 0.154"" 0120  0.045"" 0.034"" 0.285"" 0219
[0.007] [0.007] [0.003] [0.003] [0.010] [0.010]

Cognitive X NLSY97 —0.068""" —0.056"" —0.028""" —0.023""" —0.056"" —0.045""
[0.010] [0.010] [0.006] [0.006] [0.017] [0.016]

Social 0.018""  0.020"" —0.004 —0.003 0.01 0.016"
[0.006] [0.006] [0.003] [0.003] [0.009] [0.009]

Social x NLSY97 0.026"  0.022 0.0207" 0.017""  0.050°"  0.047""
[0.011] [0.011] [0.006] [0.006] [0.017] [0.017]

Cognitive X social - - -
Education dummy - - -
Demographics and year FE - - - - - -
Observations 52,142 52,142 51,994 51,994 46,186 46,186
R-squared 0.28 0.296 0.033 0.038 0.223 0.278

Notes: Each column reports results from an estimate of Equation (1), with real log hourly wages, the
probability of being employed full-time, and occupational prestige score as outcome variables. The
data are a pooled sample of two cohorts of youth: the national longitudinal survey of youth 1979
(NLSY79) and 1997 (NLSY97). We restrict the attention to unenrolled male workers aged between 23
and 33, which allows for a comparison of NLSY respondents at similar ages. Cognitive skills are
measured by the armed forces qualifying test (AFQT). We use the AFQT score crosswalk developed by
Altonji, Bharadwaj, and Lange (2012) that adjusts for differences across survey waves. The measure of
social skills is a standardized composite of two variables that measure extroversion in both the
NLSY79 (sociability in childhood and sociability in adulthood) and the NLSY97 (two items from the Big
5 personality inventory that measure extroversion). Both skill measures are normalized to have a
mean of 0 and a standard deviation of 1. The regression includes a quadratic in potential experience,
race, year, census region, and urbanicity fixed effects, plus additional controls as indicated. Standard
errors are in brackets and are clustered at the individual level. " p < 0.01, " p < 0.05, "p < 0.10.

the NLSY97.7 That is, social skills have become an important factor for labor mar-
ket outcomes for youth in the 2000—10s, compared to the 1980-90s. This is largely
consistent with by Deming (2017) providing evidence of the growing demand for
social skills using the NLSY79 and NLSY97 samples.

7 Contrast to Weinberger (2014), we find little evidence of increasing complementarity over time
between cognitive skills and social skills. As pointed out by Deming (2017), this result can be caused
by two reasons. First, our sample is only restricted to age 23—33, which is a much shorter age
range compared to prime-age workers. Second, to maximize comparability across survey waves,
we measure social skills as self-reported sociability, which does not include participation in clubs
and sports that is used as a measure of social skills in Weinberger (2014) relying on different data
sources.
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Column (2) adds controls for a vector of education dummy variables and fur-
ther tests for complementarity by controlling for the interaction between cognitive
skills and social skills, following the recent evidence from Weinberger (2014). Con-
trolling for education and skill interaction broadly reduces the effect of cognitive
skills, but has almost no effect on the change in returns to cognitive skills over time.
The returns to cognitive skills have declined by 47 % across the two waves, which is
very similar in magnitude with Deming (2017)’s results. In contrast, the coefficients
on social skills have not changed very much across survey waves; a one standard
deviation increase in social skills is associated with a wage gain of 2.0 % in the
NLSY79 but 4.2 % in the NLSY97. The estimated change in returns to social skills
is also largely consistent in magnitude with Deming (2017)’s analysis.

For robustness checks, we additionally controls for noncognitive skills and
family background because they are known as important factors for the occupa-
tional attainment of workers (Bowles, Gintis, and Osborne 2001; Cobb-Clark and
Tan 2011; Lam and Schoeni 1993; Lindqvist and Vestman 2011). Appendix Table A.2
describes the results. Column (1) presents a baseline specification without new con-
trols, and columns (2)—(4) introduce different controls to verify the robustness of
the results found above. Column (2) shows that noncognitive skills are highly pre-
dictive of wages in the NLSY79 (0.044, p < 0.001), although the interaction with the
NLSY97 sample indicator is not statistically significant. In particular, the inclusion
of noncognitive skills seldom changes the coefficients on cognitive and social skills,
indicating that noncognitive skills are not directly associated with the main results.
Column (3) shows that parental education and the intact family indicator may also
explain important variations in wages. The final column (4) includes all of the new
controls. Overall, the results once again show similar proportional changes in wage
returns to both skills over time, confirming the robustness of the basic results to the
inclusion of these controls. That is, there has been a large decline in wage returns
to cognitive skills, whereas there has been a significant increase in the returns to
social skills across the two NLSY waves.?

Columns (3)-(4) in Table 2 present changes in the impact of skills on full-time
employment (conditional on employment). Column (3) shows that a one standard
deviation increase in cognitive skills increases the probability of being employed
full-time by 4.5 % points. However, the interaction between cognitive skills and an
indicator for being in the NLSY97 sample is negative and statistically significant,

8 We restrict the age range to 23-33 to maximize comparability across survey waves. We have
also estimated a version of our model that includes respondents above the age of 23. In this spec-
ification, wage returns to both skills are very close, and they are not significantly different (not
reported). This result is consistent with Deming (2017) who finds that wage returns to skills are
similar whether he restricts to ages 25-33 or includes whole prime-age workers.
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suggesting that the role of cognitive skills for full-time employment has declined
in recent years. In contrast, the importance of social skills for full-time employ-
ment has significantly increased over time. The effect of social skills is positive and
large in the NLSY97, increasing the probability of full-time employment by 2 per-
centage points, whereas the association between social skills and the probability of
full-time work is not statistically significant in the NLSY79. In other words, work-
ers with higher social skills are more likely to be in full-time employment in the
2000s and 2010s. Column (4) adds controls for education and skill complementar-
ity, which slightly reduces the effect of cognitive skills but has almost no impact on
that of social skills, supporting the growing importance of social skills for full-time
employment.

Columns (5)-(6) study changes in the impacts of skills on occupation pres-
tige score. Occupation prestige score, taken from the Duncan Socioeconomic index,
measures the average income, occupation prestige, as well as education require-
ments.’ The results are broadly in line with those of the other labor market out-
comes. The estimates in column (5) imply that a one standard deviation increase in
cognitive skills increases a prestige score of occupation by 28.5 % in the NLSY79, but
only by 22.9 % in the NLSY97, indicating the diminished role of cognitive skills for
job quality. Conversely, the impacts of social skills on occupation prestige score have
markedly increased over time. The coefficient on the interaction between social
skills and an indicator for being the NLSY97 is positive and statistically significant,
implying the growing importance of social skills for job quality. Column (6) adds
controls for education and skill complementarity, which yields similar results in
column (5). In sum, social skills have become a more important predictor of career
success for young male adults since the 2000s.

3.2 Returns to Skills Between Education Groups

In this subsection, we ask whether the mean impact of skills estimated above masks
important variations across labor force groups. Specifically, we present results bro-
ken down into two education groups: college graduates, which includes all indi-
viduals who hold at least a bachelor’s degree, and high school graduates whose
highest educational attainment is a high school diploma or a General Educational
Development (GED).

To understand differential impacts of skills across education levels, we classify
the population into either high- or low-skilled groups. As a preview of our main

9 A prestige score employs survey responses and approximately ranges 0 to 100. See Duncan and
Reiss (1961) for more information. As a reminder, we use respondents’ standardized scores on the
occupational prestige score.
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Average Log Hourly Wages (2013 Dollars)

o~ 4

1990 1995 2000 2005 2010

Year
——e—— High Cog, College — - — High Soc, College
——e—— High Cog, High school = ——e-—- High Soc, High school

Figure 1: Mean hourly wages between 1990 and 2010, by cognitive and social skills. Notes: Each line
in this figure plots the mean hourly wages between 1990 and 2010. Both skills are categorized into
two groups: high, and low. The breakdowns are chosen so that each group contains roughly half of
the sample. Bars at point estimates indicate a 90 % confidence interval. The data are a pooled sample
of two cohorts of youth: the national longitudinal survey of youth 1979 (NLSY79) and 1997 (NLSY97).
We restrict the attention to unenrolled male workers aged between 23 and 33. The sample is sorted
into two education categories: high school graduates and college graduates. Cognitive skills are
measured by the armed forces qualifying test (AFQT). We use the AFQT score crosswalk developed by
Altonji, Bharadwaj, and Lange (2012) that adjusts for differences across survey waves. The measure of
social skills is a standardized composite of two variables that measure extroversion in both the
NLSY79 (sociability in childhood and sociability in adulthood) and in the NLSY97 (two items from the
Big 5 personality inventory that measures extroversion).

message, Figure 1 plots mean real hourly wages computed for two subsets of each
education group, according to cognitive and social skills, between 1990 and 2010.1°
This visual presentation clearly shows that individuals with high social skills above
the median enjoy relatively greater wage growth across NLSY waves. More impor-
tantly, the wage growth for college graduates with high social skills is largest. They
experienced wage growth of 10.9 % over the 1990-2010 period, compared to 9.2 %
wage growth for high school graduates with high social skills. Conversely, we find
that slower wage growth for those with high cognitive skills has occurred for both
education groups. Wages grew by only about 7.5 % for college-educated workers
with high cognitive skills and 7.2 % for high school-educated workers with high
cognitive skills over the period.

10 Note that this window was chosen not only because 1990 and 2010 are about the average year
in the NLSY79 and NLSY97, respectively, but also because both years contain the largest sample
sizes. The main results are not sensitive to shifting these cutoffs, on either end, by a few years.
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Table 3: Labor market returns to skills by education.

Log real hourly wage

High school College High school College

4] (2) (3) (4)

Cognitive 0.108"" 0.204™" 0.108""" 0.204""
[0.009] [0.010] [0.009] [0.010]

Cognitive X NLSY97 —0.060""" —0.066""" —0.060""" —0.066""
[0.013] [0.016] [0.013] [0.016]

Social 0.024"" 0.01 0.026"" 0.012
[0.008] [0.008] [0.008] [0.009]

Social X NLSY97 0 0.065"" —0.002 0.063""
[0.014] [0.017] [0.014] [0.017]

Cogpnitive X social - -
Demographics and year FE - - - -
Observations 30,277 20,689 30,277 20,689
R-squared 0.258 0.344 0.258 0.344

Notes: Each column reports results from an estimate of Equation (1) by education, with real log hourly
wages as outcome variables. The data are a pooled sample of two cohorts of youth: the national
longitudinal survey of youth 1979 (NLSY79) and 1997 (NLSY97). We restrict the attention to unenrolled
male workers aged between 23 and 33, which allows for a comparison of NLSY respondents at similar
ages. The sample is sorted into two education categories. High school graduates include all
individuals whose highest educational attainment is a high school diploma or a general educational
development (GED). College graduates include all individuals who hold at least a bachelor’s degree.
Cognitive skills are measured by the armed forces qualifying test (AFQT). We use the AFQT score
crosswalk developed by Altonji, Bharadwaj, and Lange (2012) that adjusts for differences across
survey waves. The measure of social skills is a standardized composite of two variables that measure
extroversion in both the NLSY79 (sociability in childhood and sociability in adulthood) and in the
NLSY97 (two items from the Big 5 personality inventory that measure extroversion). Both skill
measures are normalized to have a mean of 0 and a standard deviation of 1. The regression includes
a quadratic in potential experience, race, year, census region, and urbanicity fixed effects, plus
additional controls as indicated. Standard errors are in brackets and are clustered at the individual
level. """ p < 0.01.

Next, Table 3 describes returns to skills by education levels. Columns (1)-(2)
show that the decrease in wage returns to cognitive skills has occurred across sur-
vey waves for all education levels. For high school graduates, a one standard devia-
tion increase in cognitive skills yields a wage gain by 10.8 % in the NLSY79 but only
4.8 % in the NLSY97. Similarly, college graduates with one standard deviation higher
cognitive skills are associated with 20.4 % higher wages in the NLSY79, compared
to 13.8 % in the NLSY97. In contrast, the returns to social skills have grown signifi-
cantly across NLSY waves only for college graduates. The estimates on social skills
for high school graduates are positive and statistically significant in the NLSY79, but
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the interaction between social skills and an indicator for being in the NLSY97 sam-
ple is not statistically significant. For college graduates, however, the coefficient on
social skills is positive and statistically significant only in the NLSY97 sample but not
in the NLSY79 sample. The estimates imply that a one standard deviation increase in
social skills is associated with a wage gain of 1.2 % in the NLSY79 sample, compared
to 7.5 % in the NLSY97 sample. Columns (3)-(4) add control for complementarity
between cognitive and social skills, which has little impact on the estimates.™

Appendix Table A.4 demonstrates that these results are robust to using the
alternative measure of social skills. To facilitate comparison, we estimate regres-
sions like Equation (1) above but with differently measured social skills across
education groups. The wage returns to cognitive skills have decreased across sur-
vey waves for all education levels, whereas the returns to social skills have grown
rapidly only for college graduates.'? We take these results as additional suggestive
evidence.

Overall, wage returns to social skills for college-educated workers have signif-
icantly increased since 2000. In contrast, the effect of social skills on high school
graduates remains relatively stable over the past several decades. In the follow-
ing section, we argue that the differential effects of social skills between education
groups are related to changes in occupational demands that have been far more
beneficial for college-educated workers with higher social skills.

4 Linking Skills to Occupational Outcomes

4.1 Occupational Sorting on Skills

We first provide the link between pre-market skills and job task measures of a
worker’s occupation by education levels and how the sorting patterns have changed
over time. To do so, we construct the regression like Equation (1) but with the task
content of occupations as the dependent variable, allowing them to vary across edu-
cational levels and survey waves. Specifically, we estimate the following regression
equation:

11 Following Deming (2017), we do not use weight for the pooled sample. However, our results
are very similar when our sample is weighted using the BLS sampling weights. This is consistent
with Castex and Dechter (2014). They reweight the samples to match NLSY79 and NLSY97 age and
family background distributions and find that the choice of weights is not very sensitive to the
labor market returns to skills.

12 A caveat is that workers are in their fifties in the 2014 round, so that there may exist concerns
about reverse causality and endogeneity bias.
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T = a + p,Cog; + p,Soc; + P;College; + f,Cog;*College;
+ f;Cog;*College;#NLSY97; + f;Soc;*College;
+ f;Soc;xCollege*NLSY97; + B Xy, + 6; + 0, + €5, )

where Ty, is the O*NET task measure of a worker’s occupation, College; is the
dummy variable of college attainment, and the rest of the terms are defined as
above. In particular, notice that we include three-way interactions between pre-
market skills, an indicator for being a college graduate, and an indicator for being
in the NLSY97 sample to test whether the occupational sorting pattern of college
graduates has changed in recent periods.

Table 4 presents the results. Column (1) shows that a one standard deviation
increase in cognitive skills increases the social task intensity of a worker’s occu-
pation by 5.17 percentiles. It additionally increases the social task intensity of a
college-educated worker’s job by 4.51 percentiles, and this pattern becomes stronger
inrecent years. Similarly, workers with high social skills tend to sort into social skill-
intensive occupations; a one standard deviation increase in social skills increases
the social task intensity of a worker’s occupation by 1.58 percentiles. However, since
the estimated coefficient on the interaction between social skills and an indicator
for being a college graduate is not statistically significant, there seems to be no
significant difference in occupational sorting on social skills between educational
levels. More importantly, we do find that the coefficient on the three-way interaction
with social skills is statistically significant, suggesting that college-educated work-
ers with high social skills have been more likely to select into social skill-intensive
jobs in recent years.

Column (2) adds controls for math task intensity and other related O*NET cog-
nitive task measures. This causes all the coefficients on cognitive skills and their
interactions to decline markedly and to become statistically insignificant. Condi-
tional on overall cognitive task intensity, however, the positive coefficients on social
skills and their three-way interaction remain highly statistically significant, even
though their magnitudes become smaller. These results imply that college-educated
workers with high social skills tend to sort into social skill-intensive jobs. In partic-
ular, they have sorted into social skill-intensive occupations more strongly in recent
periods.

Columns (3) and (4) estimate parallel specifications but with math task inten-
sity of a worker’s occupation as the dependent variable. As shown by in column
(3), cognitive skills are an important predictor for a worker who selects into math
task-intensive occupations; a one standard deviation increase in cognitive skills
increases the math task intensity of a worker’s occupation by 6.38 percentiles. The
coefficient on the interaction between cognitive skills and an indicator for being
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Table 4: Occupational sorting on skills.

Social skills Math

(1 2 (3 4)

Cognitive 0517 —0.025 0.638""" 0.027"
[0.032] [0.020] [0.032] [0.012]

Cognitive X college 0.451"" —0.031 0.507""" 0.022
[0.046] [0.032] [0.049] [0.016]

Cognitive X college X NLSY97 0.226""" —0.026 0.200° 0.065
[0.082] [0.061] [0.108] [0.035]

Social 0.158"" 0.054"" 0.114™" —0.003
[0.029] [0.017] [0.029] [0.010]

Social X college —0.06 0.029 —0.146""" —0.01
[0.049] [0.031] [0.052] [0.016]

Social X college X NLSY97 0.235" 0.148™" 0.082 0.044
[0.083] [0.060] [0.114] [0.033]

O*NET cognitive tasks - -
Experience - - - -
Demographics and year FE - - - -
Observations 46,746 46,723 46,746 46,723
R-squared 0.2 0.704 0.221 0.91

Notes: Each column reports results from an estimate of Equation (2), with both math and social skill
task intensity as the dependent variable. The task measures, weighted by labor supply to conform to
the 1980 occupation distribution, are percentiles that range from 0 to 10. Additional O*NET cognitive
task measures are number facility, inductive/deductive reasoning, and analysis/use of information.
See the text and Deming (2017) for details on the construction of O*NET task measures. The data are
a pooled sample of two cohorts of youth: the national longitudinal survey of youth 1979 (NLSY79) and
1997 (NLSY97). We restrict the attention to unenrolled male workers aged between 23 and 33, which
allows for a comparison of NLSY respondents at similar ages. Cognitive skills are measured by the
armed forces qualifying test (AFQT). We use the AFQT score crosswalk developed by Altonji,
Bharadwaj, and Lange (2012) that adjusts for differences across survey waves. The measure of social
skills is a standardized composite of two variables that measure extroversion in both the NLSY79
(sociability in childhood and sociability in adulthood) and the NLSY97 (two items from the Big 5
personality inventory that measure extroversion). Both skill measures are normalized to have a mean
of 0 and a standard deviation of 1. College is an indicator for individuals with a bachelor’s degree or
higher. The regression includes an indicator for whether the respondent was in the NLSY97 wave, a
quadratic in potential experience and race, year, census region, and urbanicity fixed effects. Standard
errors are in brackets and are clustered at the individual level. """ p < 0.01, " p < 0.05,

“p<0.10.

a college graduate is positive and statistically significant, indicating that college-
educated workers with high cognitive skills tend to select into math task-intensive
jobs. Moreover, the coefficient on the three-way interaction with cognitive skills is
positive, implying that they have been more likely to sort into math task-intensive
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jobs in recent years. Social skills also cause workers to switch into math task-
intensive occupations, but their magnitudes are small compared those of cognitive
skills; a one standard deviation increase in social skills increases the math task
intensity of a worker’s occupation by 1.14 percentiles. However, the coefficient on
the interaction between social skills and an indicator for being a college graduate is
negative and statistically significant, which suggests that college-educated workers
with high social skills is less likely to sort into math task-intensive jobs. Especially,
given that the coefficient on the three-way interaction with social skills is statisti-
cally insignificant, there has been no empirical evidence on the changes in occu-
pational sorting on social skills for college-educated workers across survey waves.
In column (4) that controls for overall cognitive tasks, all the coefficients on cogni-
tive skills and their interactions decline significantly, and the interaction between
cognitive skills and an indicator for being a college graduate becomes statistically
insignificant. In addition, the coefficients on social skills and their interaction with
an indicator for being a college graduate turn to be statistically insignificant, sug-
gesting that social skills are not a crucial predictor for workers selecting into math
task-intensive occupations.

To further validate the main findings in Table 4, we estimate the
Equation (2) but with the task content of occupations measured using the
DOT in Appendix Table A.3. As a reminder, the DOT analogs for math and social
skills are DOT-math and DOT-DCP, respectively. Firstly, columns (1) and (2) include
three-way interactions on cognitive skills, an indicator for being a college graduate,
and an indicator for being in the NLSY97 sample. We find that three-way interac-
tions with cognitive skills are positive and statistically significant in columns (1)
and (2). That is, college-educated workers with high cognitive skills are more likely
to sort into high DOT-math (column (1)) and high DOT-DCP (column (2)) occupations
across survey waves. More importantly, the coefficient of three-way interactions
with social skills is positive and statistically significant only in column (1). This
suggests that college-educated workers with high social skills have been more
likely to sort into social skill-intensive jobs over time. Conversely, college-educated
workers in math-intensive occupations have lower social skills in the NLSY79, and
this pattern has not changed very much across survey waves.

To sum up, the results in Appendix Table A.3 show that effects on occupational
sorting are quite as consistent across data sets. Social skills are a significantly more
important predictor of working in high social skill occupations for college graduates
in the 2000s and early 2010s, compared to the 1980s and 1990s.

A large literature in organizational economics shows that information and
communication technology (ICT) has shifted the design of work toward more flex-
ible, less hierarchical, and self-managing teams. As should be expected, these
changes require a higher level of communication skills, social skills, or the skill to
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work with others since they need to effectively deal with increased uncertainty.
Results in Tables 4 and A.3 suggest that college-educated workers in the US have as
a group benefited from this change (Caroli and Van Reenen 2001).

4.2 Returns to Occupation Task Intensity

Next, we examine whether the increasing returns to social skills for college grad-
uates are associated with wage returns to occupational sorting on skills. We start
by estimating the effect of the task content of a worker’s occupation on wages and
then proceed by studying the returns from occupational sorting across education
levels over time.

As a preliminary evidence regarding the extent to which occupation task con-
tent has affected wage growth over the 1980-2010 time period, Figures 2 and 3
present the cumulative changes in real hourly wages computed for four mutually
exclusive subsets by separating all workers into two education groups. They show a
dramatic shift in wages depending not only on education levels but also on occupa-
tional task intensity. In particular, notice that wage growth is substantially higher in
occupations requiring higher levels of social skills. Moreover, wage growth for these
occupations has been significantly high for college-educated workers, compared to

1980 1990 2000 2010

—&—— High Social, High Math —=<&—— High Social, Low Math
—=4—— Low Social, High Math ——+&—— Low Social, Low Math

Occupational Task Intensities based on 1998 O*NET
Sources: 1980-2000 Census, 2005-2013 ACS

Figure 2: Cumulative change in real hourly wages by occupation task intensity (college graduates).
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Occupational Task Intensities based on 1998 O*NET
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Figure 3: Cumulative change in real hourly wages by occupation task intensity (high school
graduates). Notes: Each line in these figures plots the mean hourly wages between 1990 and 2010 for
occupations that are above and/or below the 50th percentile in both math and social skill task
intensity as measured by the 1998 O*NET. See the text and Deming (2017) for details on the
construction of O*NET task measures. Bars at point estimates indicate a 90 % confidence interval. The
data are a pooled sample of two cohorts of youth: the national longitudinal survey of youth 1979
(NLSY79) and 1997 (NLSY97). We restrict the attention to unenrolled male workers aged between 23
and 33. The sample is sorted into two education categories: high school graduates and college
graduates.

that of high school-educated workers. That is, the figures clearly emphasize that it
is social skill task inputs that principally explain changes in wage patterns over the
last 20-30 years.

To formally study whether the wage gain from occupational sorting has
changed across survey waves by education levels, we estimate:

In(wagey;) = f;SocialTy, + fi,SocialTy,*College;

+ p;SocialT;,*College;*NLSY97,

ijt
+ p,MathTy, + f;MathT;,«College;
+ fgMathTy;«College;*NLSY97

+ B3,

jt+r’i+5j+9t+€ijt’ (3)
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Table 5: Returns from occupational sorting by education.

Log real hourly wage

(1) 2 (3 4

Social skill task intensity 0.022""" —0.005 —0.025""
[0.002] [0.003] [0.003]

Social skill task intensity X college 0.017""" 0.001 —0.001
[0.002] [0.004] [0.004]

Social skill task intensity X college x NLSY97 0.011""" 0.025™" 0.019"
[0.004] [0.009] [0.008]

Math task intensity 0.039"" 0.043""" 0.049""
[0.002] [0.003] [0.005]

Math task intensity X college 0.015™" 0.014™" 0.013™"
[0.002] [0.004] [0.004]

Math task intensity X college X NLSY97 0.005" —-0.016"" —0.01
[0.003] [0.008] [0.008]

O*NET cognitive tasks -
Experience - - - -
Demographics and year FE - - - -
Observations 46,746 46,746 46,746 46,746
R-squared 0.285 0.304 0.304 0.316

Notes: Each column reports results from an estimate of Equation (3) with real log hourly wages as the
outcome variable. The task measures, weighted by labor supply to conform to the 1980 occupation
distribution, are percentiles that range from 0 to 10. Additional O*NET cognitive task measures are
number facility, inductive/deductive reasoning, and analysis/use of information. See the text and
Deming (2017) for details on the construction of O*NET task measures. The data are a pooled sample
of two cohorts of youth: the national longitudinal survey of youth 1979 (NLSY79) and 1997 (NLSY97).
We restrict the attention to unenrolled male workers aged between 23 and 33, which allows for a
comparison of NLSY respondents at similar ages. College is an indicator for individuals with a
bachelor’s degree or higher. The regression includes a quadratic in potential experience and race,
year, census region, and urbanicity fixed effects. Standard errors are in brackets and are clustered at
the individual level. " p < 0.01, " p < 0.05, "p < 0.10.

where SocialTj, is the social task intensity measure, MathTy;, is the math task inten-
sity measure, 1 is a worker-fixed effect, and the rest of the terms are defined as
above.®

Table 5 displays the results. Column (1) shows that workers earn significantly
higher wages when they switch into social skill-intensive occupations; workers in a

13 Altonji and Pierret (2001) document that labor market frictions may be particularly important
early in one’s career since employers are not able to observe skills. We assume that labor market
frictions prevent perfect sorting and estimate whether workers earn more when the same worker
switches occupations.
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job that is one percentile higher in the O*NET measure of social skill intensity earn
about 2.2 % higher wages. We also do find that the wage return from switching into
social skill-intensive occupations is much higher for college-educated workers than
high school-educated workers. More importantly, the return for college-educated
workers has significantly increased in recent years. To be specific, the estimates
imply a wage gain of 3.9 % for college-educated workers and 5.0 % in NLSY97. Col-
umn (2) replaces social skill with math task intensity. The wage gain is also positively
associated with math task intensity of a worker’s occupation, and it is substantially
higher for college-educated workers. However, the increase in the wage gain of
college-educated workers sorting into math task-intensive jobs in recent years is
relatively weak.

Column (3) includes both the social skill and math task intensity together. This
leads the coefficient of social skill task intensity to fade to near 0, but that of the
three-way interactions with social skill task intensity remains highly statistically
significant and becomes much greater; the wage return of college-educated workers
sorting into social skill-intensive jobs has increased by 2.5 % in NLSY97. Conversely,
the sign on the three-way interactions with math task intensity turns to be nega-
tive and becomes more statistically significant; the wage gain for college-educated
workers sorting into a more math task-intensive occupation declines from 5.7 % to
4.1 % between the 1979 and 1997 NLSY cohorts. Column (4) adds controls for O*NET
cognitive task measures. The coefficient on the three-way interactions with social
skill task intensity remains statistically significant, suggesting that the wage gain
of college-educated workers from switching into social skill-intensive occupations
has markedly increased over time. In contrast, the coefficient on the triple inter-
actions with math task intensity becomes statistically insignificant, implying that
there has been little beneficial from college-educated workers sorting into math
task-intensive jobs in recent years.

4.3 Employment in Social Skill-Intensive Occupations

Table 6 presents the propensities of workers in math and social skill task measures
associated with each occupation and their changes over time. Results are reported
for both the 1990 and 2010 cross-sections.

Asindicated in the first column of panel A, jobs with high math and high social
skill intensity grew by about 2.37 percentage points, and the probability of work-
ing in low math and high social skill jobs grew by about 2.71 percentage points
between 1990 and 2010. This reflects a total increase of 5.08 percentage points in
the probability of working in social skill-intensive occupations over the past 20
years. In contrast, the propensity to work in jobs with high math but low social
skill intensity increases only by 0.13 percentage points for the 1990-2010 periods.
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Table 6: Employment share by occupation task intensity: 1990-2010.

1990 2010 Change
A.All
High math, high social 29.42 31.80 2.37
High math, low social 6.29 6.42 0.13
Low math, high social 8.06 10.78 2.7
Low math, low social 56.23 51.01 —5.21
B. College
High math, high social 39.14 46.79 7.65
High math, low social 5.97 5.32 —0.65
Low math, high social 8.18 11.42 3.24
Low math, low social 46.70 36.46 —10.24
C. High school

High math, high social 21.50 21.63 0.13
High math, low social 6.55 7.16 0.61
Low math, high social 7.96 10.34 2.38
Low math, low social 63.99 60.87 —3.12

Notes: The data are a pooled sample of two cohorts of youth: the national longitudinal survey of
youth 1979 (NLSY79) and 1997 (NLSY97). We restrict the attention to unenrolled male workers aged
between 23 and 33. The sample is sorted into two education categories: high school graduates and
college graduates. Employment share is categorized by four mutually exclusive occupation categories
based on whether they are above and/or below the 50th percentile in nonroutine analytical (math)
and social skills task intensities as measured by the O*NET. See the text and Deming (2017) for details
on the construction of O*NET task measures.

Meanwhile, the share of employment in low math and low social skill occupations
steeply fell by almost five percentage points, from 56.23 % in 1990 to 51.01 % in 2010.
Occupational change in aggregate appears to be a case of the low-skill occupations
joining the social skill-intensive occupations. These results are broadly consistent
with previous studies including Beaudry, Green, and Sand (2016) and Deming (2017).
Especially, Deming (2017) similarly shows the strong growth for jobs requiring high
levels of both math and social skills and that this pattern has accelerated since 2000.
The difference in occupational sorting by educational attainment could be expected
if college is an important pathway toward the growing premium to high math and
high social skill jobs.

Panels B and C of Table 6 build on results documented in panel A by sepa-
rating all samples into two groups: college graduates and high school graduates.
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The probability of working in high math and high social skill occupations increases
with education levels. The employment share of college graduates in high math and
high social skill jobs is almost double that of high school graduates. Also, for college-
educated workers, this probability rose substantially between 1990 and 2010. Nearly
47 % of college-educated workers worked in high math and high social skill jobs in
2010, compared to 39 % in 1990. However, the propensity of working in jobs requir-
ing high math and high social skills for high school graduates is 21.63 % in 2010,
compared to 21.5 %, increasing only by 0.13 percentage point (panel C). This suggests
that there has been an essential change in occupational choice, with college grad-
uates significantly sorting into high math and high social skill occupations relative
to high school graduates.

In contrast, the employment growth for high math and low social skill occupa-
tions between 1990 and 2010 is mainly driven by high school graduates, although it
did not substantially grow. The probability of working in high math and low social
jobs increased by 0.61 percentage points for high school graduates and decreased
by 0.65 percentage points for college graduates. The employment share of jobs with
high social skills but low math for college graduates shows patterns that are similar
to high school graduates, although the college-educated increasingly sort into high
social skill and low math jobs relative to the high school-educated workers. Jobs
with low math and high social skill intensity grew by 3.24 percentage points for
college-educated workers and by 2.38 percentage points for high school graduates.

The disaggregated statistics in panels B and C include a new finding that there
were large changes in different directions for two education groups. Among college-
educated workers, occupational sorting has been upward, though not uniformly;
the fraction of college workers in high math and high social skill jobs substantially
rose, while the share in low math and low social skill jobs decreased significantly
between 1990 and 2010. Employment of college workers was roughly split between
high math, high social jobs and low math, high social jobs, with 70 percent in the
former category, and 30 percent in the latter. Thus, the fraction of college-educated
workers working in high math and high social skill jobs is much more than in Panel
A, between 1990 and 2010.

Among high school-educated workers, the picture is different. Almost all occu-
pational change reflects a movement from low math and low social skill work to
jobs with low math but high social skill intensity. Between 1990 and 2010, the frac-
tion of high school-educated workers in low math and high social skill jobs rose
by 2.38 percentage points, and the share in high math and low social skills jobs
increased by 0.61 percentage points. Conversely, the share in high math and high
social skill jobs very slightly increased, from 21.5 % to 21.63 %.
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Overall, changes in employment rates of college graduates in high math and
high social skill jobs account for the employment divergence between the high
school-educated workers and the university educated. Employment growth for
math and social skill-intensive occupations is concentrated particularly for the uni-
versity educated. Hence, given that the wage growth of college-educated workers
employed in those jobs has risen significantly as illustrated in Figures 2 and 3,
occupational changes have been more favorable to college-educated workers than
less-educated workers.

5 Conclusions

Extending the influential study of Deming (2017), we explore whether there exists
a dramatic difference in returns to cognitive and social skills across education
levels. The key finding is that the return to cognitive skills has declined for both
high school- and college-educated workers, while the growing premium of social
skills has been mostly concentrated on college-educated workers. In particular,
college-educated workers with high social skills have been more likely to sort into
high-paying jobs requiring high levels of social skill tasks in recent years. That is,
the labor market has increasingly favored college-educated workers with strong
endowments of social skills so that college education becomes an important path-
way toward acquiring the rising premium of social skills.

This paper has important policy implications for human capital accumula-
tion. Education policy needs to focus much more on improving students’ social
and interpersonal skills. In particular, while online education becomes part of the
mainstream of higher education, schools need to more actively develop various
educational programs such as team-based projects or learning-by-doing teamwork,
which help students enhance their skills in cooperation, resolution of interpersonal
conflicts, and self-control. In addition, with the growing importance of teamwork
skills in recent years, the job training program at the workplace also needs to be
designed to improve workers’ leadership skills or interactive skills which help them
efficiently communicate and cooperate with others.
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Appendix

Table A.1: Skills by education.

College graduates High school graduates
Mean SD Mean sD
A. NLSY79
Cognitive skills (standardized) 0.349 1.106 0.145 0.896
Social skills (standardized) 0.049 0.954 0.044 0.917
B. NLSY97
Cognitive skills (standardized) 0.604 0.979 0.140 0.932
Social skills (standardized) —0.052 1.031 —0.025 0.954

Notes: The data are pooled sample of two cohorts: the national longitudinal survey of youth 1979
(NLSY79) and 1997 (NLSY97). The sample includes unenrolled male workers with valid outcome
variables. We restrict the age range to 23-33, which allows for a comparison of respondents of the
same ages across NLSY waves. Cognitive skills are measured by the armed forces qualifying test
(AFQT). We use the AFQT score crosswalk developed by Altonji, Bharadwaj, and Lange (2012) to adjust
for differences across surveys. Social skills are a standardized composite of two questions that
measure extroversion in both the NLSY79 (sociability in childhood and sociability in adulthood) and
the NLSY97 (two items from the Big 5 personality inventory, which measures extroversion). Both skills
are normalized to have a mean of 0 and a standard deviation of 1. College graduates include all
individuals who hold at least a bachelor’s degree, and high school graduates whose highest
educational attainment is a high school diploma or a general educational development (GED).
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Table A.2: Labor market returns to skills with additional controls.

Log real hourly wage

(1) (2) (3) 4

Cognitive 0.110™" 0.091""" 0.099""" 0.088™"
[0.007] [0.008] [0.008] [0.008]

Cognitive X NLSY97 —0.060""" —0.041""" —0.055""" —0.039"""
[0.010] [0.012] [0.011] [0.012]

Social 0.018"" 0.008 0.012" 0.01
[0.006] [0.007] [0.007] [0.007]

Social x NLSY97 0.021" 0.025™ 0.026™ 0.021"
[0.011] [0.012] [0.012] [0.012]

Noncognitive 0.044" 0.043""
[0.007] [0.007]

Noncognitive X NLSY97 0 0.001
[0.012] [0.012]

Sibling 0.001 0
[0.015] [0.015]

Parental education 0.005™" 0.005""
[0.002] [0.002]

Family intact 0.045™" 0.043""
[0.012] [0.012]

Noncognitive - -
Family background - -
Cognitive X social - - - -
Education dummy - - - -
Demographics and year FE - - - -
Observations 52,101 43,468 43,468 43,468
R-squared 0.296 0.294 0.292 0.295

Notes: Each column reports results from an estimate of Equation (1), with real log hourly wages, the
probability of being employed full-time, and occupational prestige score as outcome variables. The
data are a pooled sample of two cohorts of youth: the national longitudinal survey of youth 1979
(NLSY79) and 1997 (NLSY97). We restrict the attention to unenrolled workers aged between 23 and 33,
which allows for a comparison of NLSY respondents at similar ages. Cognitive skills are measured by
the armed forces qualifying test (AFQT). We use the AFQT score crosswalk developed by Altoniji,
Bharadwaj, and Lange (2012) that adjusts for differences across survey waves. The measure of social
skills is a standardized composite of two variables that measure extroversion in both the NLSY79
(sociability in childhood and sociability in adulthood) and in the NLSY97 (two items from the Big 5
personality inventory that measure extroversion). Noncognitive skill is a standardized composite of
the Rotter and Rosenberg scores in the NLSY79 and two variables that measure the Big 5 personality
factor conscientiousness in the NLSY97. All skill measures are normalized to have a mean of 0 and a
standard deviation of 1. Parental education is the average among a respondent’s two parents. The
number of a sibling is divided into three categories: no siblings, 1 sibling, and two or more siblings.
The family intact indicates family composition at 13-17 years. The regression includes a quadratic in
potential experience, race, year, census region, and urbanicity fixed effects, plus additional controls
as indicated. Standard errors are in brackets and are clustered at the individual level. " p < 0.01,
“p <0.05,"p <0.10.
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Table A.3: Occupational sorting on skills (DOT task measures).

DOT-DCP DOT-math

(1 (3)

Cognitive 0.443"" 0.412"""
[0.032] [0.022]

Cognitive X college 0.495™" 0389
[0.051] [0.034]

Cogpnitive X college X NLSY97 0.406"" 02317
[0.114] [0.074]

Social 017" 0.081""
[0.028] [0.019]

Social X college —0.08 —0.102"""
[0.053] [0.036]

Social X college X NLSY97 0.259™ 0.019
[0.121] [0.080]

Experience - -
Demographics and year FE - -
Observations 46,693 46,693
R-squared 0.147 0.243

Notes: Each column reports results from an estimate of Equation (2), with both DOT-DCP and
DOT-math task intensity as the dependent variable. Both occupational task intensities are based on
the 1977 dictionary of occupational titles (DOT). See the text and Autor, Levy, and Murnane (2003) for
details on the construction of DOT task measures. For a comparison with Appendix Table A.4, we add
additional O*NET cognitive task measures, which are number facility, inductive/deductive reasoning,
and analysis/use of information. See the text and Deming (2017) for details on the construction of
O*NET task measures. The data are a pooled sample of two cohorts of youth: the national
longitudinal survey of youth 1979 (NLSY79) and 1997 (NLSY97). We restrict the attention to unenrolled
male workers aged between 23 and 33, which allows for a comparison of NLSY respondents at similar
ages. Cognitive skills are measured by the armed forces qualifying test (AFQT). We use the AFQT score
crosswalk developed by Altonji, Bharadwaj, and Lange (2012) that adjusts for differences across
survey waves. The measure of social skills is a standardized composite of two variables that measure
extroversion in both the NLSY79 (sociability in childhood and sociability in adulthood) and the NLSY97
(two items from the Big 5 personality inventory that measure extroversion). Both skill measures are
normalized to have a mean of 0 and a standard deviation of 1. College is an indicator for individuals
with a bachelor’s degree or higher. The regression includes an indicator for whether the respondent
was in the NLSY97 wave, a quadratic in potential experience and education, race, year, census region,
and urbanicity fixed effects. Standard errors are in brackets and are clustered at the individual level.
""p<0.01, " p < 0.05.
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Table A.4: Robustness to alternative social skills measures.

Log real hourly wage

High school College High school College

(1 (2) (3) (4)

Cognitive 0.116"" 0193 0.115"" 0.195""
[0.010] [0.012] [0.010] [0.012]

Cognitive X NLSY97 —0.069""" —0.061""" —0.067"" —0.062"""
[0.014] [0.017] [0.014] [0.017]

Social 0.029"" 0.031"" 0.031"" 0.031""
[0.009] [0.011] [0.009] [0.011]

Social X NLSY97 —0.005 0.044" —0.006 0.043"
[0.015] [0.019] [0.015] [0.018]

Cognitive X social - -
Demographics and year FE - - - -
Observations 25,005 16,336 24,666 16,062
R-squared 0.261 0.34 0.263 0.34

Notes: Each column reports results from an estimate of Equation (1) by education, with real log hourly
wages as outcome variables. The data are a pooled sample of two cohorts of youth: the national
longitudinal survey of youth 1979 (NLSY79) and 1997 (NLSY97). We restrict the attention to unenrolled
male workers aged between 23 and 33, which allows for a comparison of NLSY respondents at similar
ages. The sample is sorted into two education categories: high school graduates and college
graduates. Cognitive skills are measured by the armed forces qualifying test (AFQT). We use the AFQT
score crosswalk developed by Altonji, Bharadwaj, and Lange (2012) that adjusts for differences across
survey waves. Social skill is a standardized composite of two items from the Big 5 personality
inventory that measures extroversion. Both skill measures are normalized to have a mean of 0 and a
standard deviation of 1. The regression includes a quadratic in potential experience, race, year,
census region, and urbanicity fixed effects, plus additional controls as indicated. Standard errors are
in brackets and are clustered at the individual level. ""p < 0.01, " p < 0.05.
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Update of Deming (2017) Figure A2

65
1

Mean Task Input in Percentiles of 1980 Distribution
55

45

1980 1990 2000 2010

——e —- Math (DOT) ——e—— Math (ONET)
——B —- DCP(DOT) ——®— Social Skills (ONET)

Occupational Task Intensities based on 1977 DOT and 1998 O*NET
Sources: 1980-2000 Census, 2005-2013 ACS

Figure A.1: Comparison of DOT and O*NET task measures. Notes: O*NET 1998; DOT 1977 task
measures by occupation are paired with data from the IPUMS 1980-2000 censuses and the
2005-2013 American community survey samples. Deming updated occupation codes from Autor and
Dorn (2013) and Price and Price (2013). Data are aggregated to industry-education-sex cells by year,
and each cell is assigned a value corresponding to its rank in the 1980 distribution of task input.
Plotted values depict the employment-weighted mean of each assigned percentile in the indicated
year. See Deming (2017) for details on the construction of O*NET task measures and examples of
occupations.
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