
Submitted to Review of Economics and Statistics
manuscript MS-0001-1922.65

Earnings Are Greater and Increasing in Occupations
That Require Intellectual Tenacity

Christos A. Makridis
National Artificial Intelligence Institute at the Department of Veterans Affairs and Stanford University,

christos.makridis@va.gov

Louis Hickman
Virginia Tech, louishickman@gmail.com

Benjamin S. Manning
MIT, benjamin.scott.manning@gmail.com

Automation and technology are rapidly disrupting the labor market. We investigated changes in the returns

to occupational personality requirements—the ways of thinking, feeling, and behaving that are required to

succeed in a given occupation—and discuss the implications for organizational strategy. Using job incumbent

ratings from the U.S. Department of Labor’s Occupational Information Network (O*NET), we identify two

broad occupational personality requirements, which we label intellectual tenacity and social adjustment.

Intellectual tenacity encompasses achievement/effort, persistence, initiative, analytical thinking, innovation,

and independence. Social adjustment encompasses emotion regulation, concern for others, social orientation,

cooperation, and stress tolerance. Both occupational personality requirements relate similarly to occupa-

tional employment growth between 2007 and 2019. However, among over 10 million respondents to the

American Community Survey, jobs requiring intellectual tenacity pay higher wages—even when controlling

for occupational cognitive ability requirements—and the earnings premium grew over this 13-year period.

Results are robust to controlling for education, demographics, and industry effects, suggesting that organi-

zations should pay at least as much attention to personality in the hiring and retention process as skills.
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1. Introduction

“We now accept the fact that learning is a lifelong process of keeping abreast of change. And

the most pressing task is to teach people how to learn.” — Peter Drucker

Technology and automation are transforming many facets of the economy and disrupting

the returns workers can expect for different knowledge, skills, abilities and other characteristics

(KSAOs) (Frank et al. 2019), most recently with the rise of generative AI (Eloundou et al. 2023).

These changes have further reduced the need for manual labor, continuing trends started by the

industrial revolution (Brynjolfsson and McAfee 2014a, Autor 2015, Frank et al. 2019). Importantly,

the emergence of artificial intelligence (AI) means that routine mental labor also is not safe from
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automation (Brynjolfsson et al. 2018). However, perspectives vary markedly over the number of

jobs that might soon be displaced by AI and automation (Manyika and Dewhurst 2017, Bryn-

jolfsson et al. 2018), and even highly skilled occupations are at risk: AI is already transforming

accounting, finance, medicine, and more (Darcy et al. 2016, Dunis et al. 2016, Cooper et al. 2019).

In concert, industry and world leaders have declared that succeeding in the new economy neces-

sitates ways of thinking that facilitate non-routine problem solving and ways of working that

facilitate effective communication and collaboration (OECD 2016, 2021, Griffin and Care 2015).

Such calls are not new. For example, Cappelli (1995) discusses growing employer concerns that

applicants are highly educated but lack the requisite mindset to evaluate and respond appropri-

ately in given situations. However, there is surprisingly little quantitative evidence regarding the

ways of thinking and working that are important for organizations in the emerging economy (Frank

et al. 2019). These answers are crucial given that personality plays a key role in more complex,

coordination and decision-intensive jobs, which have seen significant growth (Deming 2017).1

If the labor market is demanding new competencies, what are they and how can they be iden-

tified? Educational attainment has historically been one of the strongest predictors of wage and

employment growth (Card 2001, Autor et al. 2003, Goldin and Katz 2010, Crow and Dabars 2020,

Blair et al. 2021). However, the education wage premium has flattened and grown more heteroge-

neous over the past 20 years (Valletta 2016, Autor et al. 2020, Blair et al. 2020).

One explanation for diminishing returns to formal education implicates AI as a substitute for

human labor in skilled, cognitive-intensive occupations (Brynjolfsson et al. 2018, Acemoglu and

Restrepo 2021, Webb 2020). For example, Acemoglu and Restrepo (2018) show that as automation

replaces human labor in workplace tasks, the creation of new, more complex tasks is an integral

determinant of labor share growth. Workers can only benefit from these changes if they can learn

to perform these new tasks (Frank et al. 2019, Biasi et al. 2020). Nonetheless, it is difficult for

anyone to predict the specific knowledge and skills required to prepare the workforce for future

tasks, given ongoing technological advancements.

Compared to machines, perhaps the most obvious comparative advantage for humans is that

people can establish trusting, empathic social relationships with one another in ways that machines

cannot. The nature of work has become more interdependent and complex (Wegman et al. 2018).

As a result, the returns for some social skills, including coordinating, negotiating, persuading, and

perceiving, have grown–particularly in occupations that also require technical skills (Deming 2017).

1Deming (2017) studies the expansion of jobs that rank high in both social and technical/cognitive skills.

Deming (2021) builds upon these results by focusing on decision-making skills. Lee and Makridis (2023)

introduce a related measure of coordination intensity, referring to the degree of coordination across tasks

required within an occupation, and show that these occupations exhibit a premium and resilience.
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People also edge out machines when it comes to solving novel problems. A major limitation of

automation and AI is that even the most sophisticated systems struggle to perform well outside

of narrowly defined tasks, although there is some evidence that generative AI may be different

(Eloundou et al. 2023, Brynjolfsson et al. 2023). Most technologies referred to as “AI” today are,

in fact, “narrow AI,” or systems designed to perform a single task with no capacity to perform new

tasks (Goertzel and Pennachin 2007). Expanding their repertoire to new tasks requires training

a new AI with large amounts of data that include both important inputs and accurate outputs

(Larson 2021). Although such systems can perform better than humans at narrow tasks with

measurable outputs (Brynjolfsson et al. 2018), workers are granted more autonomy than ever before

as modern workplaces require them to learn new tasks, address novel problems, and make decisions

that lack measurable, short-term outputs (Cappelli 1999, Deming 2021, Wegman et al. 2018).

The ways of thinking, acting, and feeling that enable individuals to contribute in the modern

workplace are not captured by standardized tests of general cognitive ability or occupation-specific

knowledge and skills (Borghans et al. 2008, Lundberg 2017). Whether called “personality,” “non-

cognitive skills,” “character,” or “21st century skills,” individuals who supply high levels of these

personal qualities perform better and earn higher wages (Borghans et al. 2008, He et al. 2019).

Just as individuals differ in their supply of non-cognitive human capital, occupations differ in

their personality requirements, defined as the characteristic ways of thinking, feeling, and behaving

that are particularly important for a line of work—or “the personality traits of ideal jobholders”

(Denissen et al. 2018). In contrast to the supply side of the personality problem (i.e., individual

differences in personality among workers), comparatively little work has examined the demand side

of the personality marketplace (i.e., the personality traits that are required to succeed in a given

occupation and that are rewarded). One exception is a recent study that found that individuals

whose personality traits matched their occupation’s personality requirements earned more money

than those whose traits did not match their occupation’s requirements or whose occupations had

low levels of personality requirements (Denissen et al. 2018).

The primary purpose of this paper is to examine the economic returns to occupational personality

requirements in the labor market over both the cross-section and time. The first part of the paper

draws on worker ratings of 16 occupational personality requirements across 804 occupations from

the Occupational Information Network (O*NET), a database developed and maintained by the

U.S. Department of Labor. Without assuming the structure of these personality requirements, we

performed a factor analysis of these 16 ratings to identify latent dimensions underlying them, which

uncovered two dimensions that we call intellectual tenacity and social adjustment, building on a

large literature from psychology that has studied personality (e.g., as in Denissen et al. (2018)).
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The second part of the paper merges these occupational personality requirements, along with

occupational cognitive ability requirements, with over 10 million respondents in the American

Community Survey (ACS) to determine how occupational personality requirements relate to occu-

pational employment growth and wages from 2007 to 2019. We found that occupations that rank

higher in intellectual tenacity earn much more than their counterparts, even after controlling for

broad occupational fixed effects, demographics, and even cognitive ability requirements. We do not

find comparable returns among occupations ranking higher in social adjustment scores, although

there is some weak evidence of complementarity between the two. Furthermore, we find similar

employment growth among occupations ranking higher in intellectual tenacity or social adjustment.

Our paper contributes to a rich literature in the intersection of economics and strategy studying

the future of work. Ever since Katz and Murphy (1992), Autor et al. (1998), and Autor et al.

(2003), there has been a deep interest in measuring and understanding the returns to skills in

the labor market and their resulting implications for organizations. More recent work focusing on

the expansion of AI, for example, has found that organizations using AI exhibit greater growth

in sales, employment, and market valuations (Babina et al. 2023), but that the expansion of AI

job growth has come at the expense of non-AI jobs (Acemoglu et al. 2022). Similarly, Makridis

and Mishra (2022) used job posting data to measure AI exposure across cities from 2010 to 2018,

documenting a positive effect on well-being, and the bulk of the effect appears to be from local

increases in productivity.2 Others have focused on the effects of robots (Graetz and Michaels 2018),

and automation on inequality and the labor market (Acemoglu and Restrepo 2022a,b).

An important insight from this literature is that technology affects the returns to different

skills. For example, Deming (2017) found that there has been an increase in the return to social

skills, particularly individuals who rank high in both technical and social skills; Deming (2021)

found that there has been an increase in the return to decision-making skills; and, Weidmann and

Deming (2020) found that there has been an increase in the return to team-based skills. Moreover,

technical skills, particularly in the technology sector, have become important (Tambe 2014). Such

skills are also valuable to employees: Tambe et al. (2020) found that part of the value accrued to

technology workers, independent of salary, is the human capital connected with technology systems.

Furthermore, Rock (2022) found that the market return to familiarity with Google’s TensorFlow

(a deep learning package) was substantial: a 1% increase in AI skills exposure was linked with

2There are alternative ways to potentially measure exposure to specific technological trends, including

AI. For example, Makridis and Han (2021a) and AI Felten et al. (2021) took an exposure-based approach,

looking at the concentration of workers in certain industries, occupations, and geographies that might be

more exposed to technology and AI shocks and traced out relationships.
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an $11 million increase in market value among firms that had complementary investments to AI.

Despite all the interest in skills, however, there has been little focus on the personality traits that

contribute to adapting to changing work conditions and acquiring new skills.

These results have important implications for organizations. Much of the conversation about the

future of work has focused on skills. While these are important and much more work is needed to

promote reskilling, personality traits-characteristic ways of thinking, feeling, and behavior-might

be at least as important a determinant of career progression and success (Judge et al. 1999).

Our results suggest that organizations should consider focusing more on personality

characteristics—like intellectual tenacity—and aligning job requirements with the hiring process,

rather than simple heuristics, such as whether a candidate has a particular degree or has worked

at a brand name. Of note, Blair et al. (2021) found that workers without a college degree face

greater friction in transitioning to new jobs than their counterparts, so these workers represent a

significant win-win opportunity to improve both consumer and producer surplus through better

matching. Already, some organizations are applying machine learning on automated video inter-

views to screen applicants (Hickman et al. 2022).3 While organizations must carefully manage risk

and mitigate bias (Cowgill 2020), AI has the ability to augment human capabilities in the attraction

and cultivation of talent in organizations (Choi et al. 2022, Gronsund and Aenestad 2020).

2. Data and Measurement
2.1. Data

Our earnings data comes from the Census Bureau’s American Community Survey (ACS) from 2007

to 2019 accessed through University of Minnesota’s Integrated Public Use Microdata (IPUMS)

(Ruggles et al. 2021). We restricted our sample to individuals who were employed, earned at least

$10,000 a year, have non-missing values for hours worked, and between the ages of 25 and 65,

resulting in more than 10 million observations. Furthermore, we deflate earnings using the 2012

personal consumption expenditure index so that we can focus on real, rather than nominal, income

over time. The ACS includes a variety of demographic characteristics (age, family size, number of

children, gender, marital status, race, education) and both industry and occupational classification

codes. We used variation at the five-digit standard occupational classification (SOC) code.4

Our employment share data comes from the Bureau of Labor Statistic’s Occupational Employ-

ment and Wage Statistics (OES). We aggregated employment to the five-digit occupational level

3The interest in pre-employment personality testing has a long theoretical legacy of interest in sociology

(Chatman and Barsade 1995), business strategy (Bowen et al. 1991), and economics (Bolton et al. 2013).
4Although we could work with the six-digit SOC codes, many individuals in the ACS would have missing

values. The five-digit level balances between obtaining sufficient variation in personality requirements and a

large enough sample.
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to make it comparable to our individual-level ACS data. We computed year-to-year employment

growth and winsorized the top and bottom percentiles.

We matched each individual with their occupation in O*NET, which is administered by the U.S.

Department of Labor to a random sample of job incumbents to measure occupational characteristics

including skill, knowledge, and personality requirements. While O*NET has been used widely in

research on occupational skill requirements (Autor et al. 2003, Autor and Dorn 2013, Deming 2017),

there are also 16 indices of work styles that capture “occupational personality requirements,” or

personality constructs that can affect how well someone performs the job (Borman et al. 1999).

We obtained the O*NET data each year from 2003 to 2019. We used O*NET rather than its

predecessor, the Dictionary of Occupational Titles, because it contains more recent information

about occupational requirements and is updated regularly. All analyses involved averaging the

indices across a period of years to mitigate measurement error that could arise from composition

effects of the O*NET survey respondents. We measured occupational cognitive ability requirements

by averaging together occupational quantitative ability and verbal ability requirements.

2.2. Measurement of Personality Requirements

To investigate the latent structure of the occupational personality requirements, for the years 2003-

2009, we calculated averages for each 16 occupational personality requirements within the 600

occupations represented in this data. Then, we subjected the 2003-2009 data to parallel analysis

and in Figure A.1 plotted the eigenvalues on a scree plot, which suggested a two-factor solution

(although the simulated data suggested four factors, both the eigenvalue over 1 and visual elbow

guidelines suggested two factors). We applied exploratory factor analysis with oblique (oblimin)

rotation to this data, trying solutions with two, three, and four factors. No personality requirements

loaded over .45 on the third factor in the three-factor solution, and the four-factor solution did not

converge. Table 1 reports the factor loadings for the two-factor solution in the columns Intellectual

Tenacity and Social Adjustment. Leadership, adaptability/flexibility, attention to detail, depend-

ability, and integrity had either sizeable cross-loadings (i.e., leadership, adaptability/flexibility,

integrity), low (below .50) loadings on both factors (i.e., attention to detail), or were conceptually

distinct from the remaining items in a factor (i.e., dependability on social adjustment), so these

personality requirements were discarded from future factor models.

Next, for the years 2010-2019, we again calculated averages for each of the 16 occupational

personality requirements within each of the 709 occupations represented in this data. Then, we

applied confirmatory factor analysis to the two-factor solution where the first factor, intellectual

tenacity, included achievement/effort, persistence, initiative, analytical thinking, innovation, and

independence, and the second factor, social adjustment, included emotion regulation, concern for
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others, social orientation, cooperation, and stress tolerance. This solution exhibited acceptable fit

(CFA = .90; TLI = .87; RMSEA = .15; SRMR = .09). We also tested several alternative models

based on the Big Five, its facets, the expected factor structure (Borman et al. 1999) of the O*NET

work styles, and adding attention to detail to intellectual tenacity and dependability to social

adjustment. All of these alternative models exhibited a worse fit than the two-factor model and are

less parsimonious. Intellectual tenacity and social adjustment exhibited high internal consistency

reliability (α=.91 and α=.92, respectively). We generated occupation intellectual tenacity and

social adjustment by averaging each factor’s personality requirements within each occupation.

Table 1 reports correlations for each of the 16 occupational personality requirements measured by

O*NET with employment growth and log annual earnings. Table 1 also reports the relative impor-

tance of each personality requirement for explaining each outcome, as determined by dominance

analyses. The personality requirements that relate most with earnings are: analytical thinking,

achievement/effort, persistence, and initiative. We discuss these results further in Section 4.

3. Empirical Strategy

We begin by asking how employment varied over time in occupations higher in intellectual tenacity

and social adjustment, so we consider regressions of the form:

∆eot = γAf
1(IEo)+ γEf

2(SAo)+ γCCOGo +ϕo + εit (1)

where ∆eot denotes year-to-year employment growth in an occupation o and year t, f1(ITo)

denotes a function of the standardized z-score of intellectual tenacity, f2(SAo) denotes a function

of the standardized z-score of social adjustment, COGo denotes the index of cognitive skills, and

ϕ denotes occupational fixed effects. Standard errors were clustered at the five-digit SOC level to

allow for autocorrelation across people in the same occupation.

The primary threat to identification in Equation 1 is that there are unobserved determinants

to employment growth that are also correlated with personality requirements. For example, occu-

pations that rank high in intellectual tenacity might simply have greater employment growth in

general because of higher levels of human capital, and thus demand for these capabilities, in their

jobs. While we cannot control fully for all compositional shifts, our focus on employment growth,

rather than levels, controls for differences in preferences that influence selection into different

occupations. Moreover, we controlled for two-digit occupational fixed effects, which removes time-

invariant determinants of employment growth. Finally, we controlled for cognitive skills to ensure

that our personality requirements are not simply detecting higher productivity occupations that

vary in cognitive dimensions or other five-digit occupational heterogeneity.
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When we present results for employment growth in Figure 3, Panel A, we estimate Equation 1

separately by year without occupational fixed effects. Table A.1 presents the full suite of specifi-

cations, including intellectual tenacity and social adjustment quadratic and interaction terms.

We also seek to understand the relationship between earnings and personality requirements, so

we pool repeated cross-sectional data from the ACS through regressions of the form:

Wit = γAf
1(ITo)+ γEf

2(SAo) (2)

+γCCOGo + g(X
it, θ)+ϕo +λt + εit (3)

where Wiot denotes the log annual earnings for an individual i in occupation o and year t, g(X,θ)

denotes a semi-parametric function of demographic controls and two-digit industry fixed effects,

and ϕ and λ denote two-digit occupation and year fixed effects. Standard errors were clustered at

the five-digit SOC level to allow for autocorrelation across people in the same occupation.

Our identifying variation comes from the comparison of observationally equivalent people in the

same occupations over time. The primary threat to identification is omitted variables bias: workers

who self-select into occupations that rank higher in intellectual tenacity personality requirements

might also vary in other ways, i.e., they may be generally more productive and ambitious. We

mitigated these concerns through our inclusion of demographic characteristics and industry, occu-

pation, and year fixed effects. While we cannot rule out omitted variables, the primary forces

affecting earnings premia over time may be coming from large-scale structural changes arising from

technology and globalization that are exogenous to individuals. As we will discuss in our results

that follow, the robustness of our coefficient estimates to varying levels of controls gives us some

comfort that we are detecting a meaningful effect of intellectual tenacity.

When we present results for earnings in Figure 3, Panel B, we estimate Equation 2 separately by

year without occupational fixed effects. Table 2 presents the full suite of specifications, including

with intellectual tenacity and social adjustment quadratic and interaction terms.

4. Main Results
4.1. Factor Loadings

Table 1 lists the 16 occupational personality requirements measured by O*NET alongside their defi-

nitions, exploratory factor loadings, and associations with employment growth and log annual earn-

ings. Individual personality requirements exhibited small-to-moderate relationships with employ-

ment growth ranging from .046 (attention to detail) to .242 (adaptability/flexibility). Relationships

with earnings were larger, ranging from -.072 (concern for others) to .728 (analytical thinking).
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To identify latent dimensions underlying these 16 indicators, we applied exploratory factor anal-

ysis (on data from 2003-2009; factor loadings in Table 1; scree plot illustrating eigenvalues of the

extracted factors in Figure A.1) and confirmatory factor analysis (on data from 2010-2019).

Factor analyses uncovered two underlying dimensions that are reflected in the top-left and middle

clusters of Figure 1.5 The first factor, intellectual tenacity, comprises achievement/effort, persis-

tence, initiative, analytical thinking, innovation, and independence. The three occupations that

ranked lowest in intellectual tenacity requirements were “Graders and Sorters, Agricultural Prod-

ucts,” “Parking Attendants,” and “Dishwashers,” and the three occupations that ranked highest in

intellectual tenacity requirements were “Astronomers and Physicists,” “Lodging Managers,” and

“Nurse Anesthetists.” Occupations scoring low in intellectual tenacity personality requirements

involved unskilled, routine tasks, whereas high-scoring occupations required non-routine problem

solving and persistent, self-directed effort. Persisting in difficult tasks that require analytic thought

facilitates accomplishing non-routine analytical tasks (Thompson and Pitts 1981, Dow 2013).

The second factor, social adjustment, comprises emotion regulation, concern for others, social

orientation, cooperation, and stress tolerance. The three occupations that ranked lowest in social

adjustment requirements were “Astronomers and Physicists,” “Environmental Science and Geo-

science Technicians,” and “Economists,” and the occupations that ranked highest in social adjust-

ment requirements were “Flight Attendants,” “Special Education Teachers,” and “Licensed Prac-

tical and Licensed Vocational Nurses.” Occupations scoring low in social adjustment personality

requirements involved minimal interpersonal interaction, whereas high-scoring occupations involved

face-to-face interactions with clients requiring extra attention and care. Prior research suggests

that more agreeable and emotionally stable workers engage in more prosocial behaviors (Carpenter

2017, Chiaburu et al. 2011), which facilitates accomplishing interpersonal tasks.

4.2. Graphical Evidence

Figure 2 illustrates the relationship that intellectual tenacity and social adjustment occupational

personality requirements have with employment growth and log annual earnings. Figure 2 also

includes labels for occupations at various values of intellectual tenacity (Panels A and C) and social

adjustment (Panels B and D) to further illustrate the content of the factors. As Panels A and B

of Figure 2 illustrate, intellectual tenacity and social adjustment related similarly to employment

growth between 2007 to 2019 (we report the corresponding regression equations in Table A.1 of the

5Five occupational personality requirements failed to load on either factor in our two-factor solution:

adaptability/flexibility, attention to detail, leadership, integrity, and dependability. More details about the

factor analyses are provided in the Materials and Methods. As shown in Table 1, none of these five require-

ments exhibited relative importance for predicting earnings greater than 6.77%.
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SI models 2 and 4).6 However, as Panels C and D of Figure 2 illustrate, we found that occupational

intellectual tenacity requirements were strongly positively related to annual earnings but that social

adjustment was unrelated to annual earnings.

4.3. Regression Evidence

We now turn towards a regression-based approach where we sequentially control for potentially

confounding factors in Table 2. Beginning in columns 1 and 2, we present the unconditional corre-

lation as in the figures, but allowing for a quadratic relationship (column 2). The quadratic term

enters positively, suggesting that there is a non-linear relationship between earnings and intellec-

tual tenacity. However, the same does not hold for social adjustment (column 3), which enters

insignificantly and the quadratic is also insignificant (column 4).

However, these correlations could still be biased. For example, higher productivity workers might

self-select into occupations that rank higher in intellectual tenacity, producing upwards bias in our

estimates, whereas the opposite could hold for social adjustment. Column 5 adds both intellectual

tenacity and social adjustment in together as controls and includes their interaction. Here, intel-

lectual tenacity is still significant and positive, but social adjustment is significant and negative.

Furthermore, the interaction effect is positive, consistent with complementarity. Column 6 subse-

quently adds quadratic terms for both intellectual tenacity and social adjustment, again showing

that there is a positive and non-linear relationship with intellectual tenacity.

Turning to column 7, we control for cognitive abilities. While our coefficient of interest declines in

economic magnitude, it remains statistically significant. Column 8 subsequently adds demographic

controls, which again reduces the magnitudes of our personality requirements, but they still remain

statistically significant. Intellectual tenacity remains positive and statistically significant even after

adding two-digit occupation and year fixed effects (column 9) and two-digit industry fixed effects

(column 10). In sum, we find a strong positive (negative) relationship between intellectual tenacity

(social adjustment) and earnings, and some evidence of non-linearities for intellectual tenacity and

complementarities between both intellectual tenacity and social adjustment.

How have these returns changed over time? Panel A in Figure 3 shows that intellectual tenacity

and social adjustment related similarly to employment growth over time, but Panel B shows that

the earnings premium for intellectual tenacity requirements has grown in recent years. Meanwhile,

6However, when cognitive abilities are added as a control (Table A.1, model 6), intellectual tenacity

is no longer significantly related to employment growth, yet a one standard deviation increase in social

adjustment requirements is associated with a .513 percentage point increase in employment growth rate, and

a one standard deviation increase in cognitive ability requirements is associated with a .425 percentage point

increase in employment growth rate.
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the deficit for social adjustment requirements has worsened over the same time period. In other

words, the market is increasingly valuing intellectual tenacity and, simultaneously, devaluing social

adjustment. Nonetheless, when viewed jointly, increases in both confer additional labor market

returns, as displayed in columns 5-10 in Table 2.

As a robustness check, we found similar results when we used log hourly wages as the outcome

variable, as reported in Table A.2. Further, as shown in Table A.3, results were consistent across

demographic subgroups. The 95% confidence intervals (CI) for the effect of intellectual tenacity on

earnings overlap for White workers [.052, .122] and Black workers [.022, .081], male workers [.041,

.107] and female workers [.050, .140], and workers who attended college [.062, .160] and those who

have no college education [.030, .104]. Finally, the time trends indicating that intellectual tenacity

is increasingly valued while social adjustment is increasingly devalued were also consistent across

gender, ethnicity, and education subgroups, as illustrated in Figure A.2.

5. Discussion and Managerial Implications

These results are consistent with a large literature on labor market polarization (i.e., the growth

of both low-skill, low-wage and high-skill, high-wage occupations at the expense of middle-skill,

middle-wage occupations) (Autor and Dorn 2013, Autor 2015). Automation and AI are increas-

ingly replacing human workers in middle-skill jobs, creating job opportunities in low-wage service

occupations (e.g., personal care, food service) that are high in social adjustment requirements and

in high-wage technical and professional occupations that are high in cognitive ability requirements.

While other factors, such as offshoring (Autor et al. 2013, 2016), contribute to these trends, our

findings suggest that occupational personality and cognitive ability requirements may be impor-

tant factors behind labor market polarization. These results are related with older theoretical work

that has argued about the importance of personality in the workplace (Cappelli 1995) and recent

empirical work on the returns to prosocial behaviors (Kosse and Tincani 2020).

More generally, these findings help complete the picture of changing demands in the labor market.

Research to date has focused on educational attainment (Goldin and Katz 2010, Card 2001, Autor

et al. 2003, Crow and Dabars 2020, Valletta 2016, Autor et al. 2020), occupational skills (Autor et al.

2003), and how AI and automation affect employment, labor productivity, and well-being (Graetz

and Michaels 2018, Acemoglu and Restrepo 2018, 2020, Makridis and Han 2021b). Our measures

of personality requirements, two types of non-cognitive skills, describe occupational characteristics

that are distinct from formal education and highlight a new premium in the labor market that

is unique to intellectual tenacity. By focusing on the traits that are most important for success

in specific occupations, we expand our knowledge beyond the technical know-how and skills that

are valued in the marketplace to the characteristic ways of thinking and behaving that influence

earnings dynamics in the presence of technological change.
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One strength of our study is that we consider the effects of specific non-cognitive skills, rather

than treating them as one undifferentiated category, as is common Heckman and Rubinstein (2001).

For example, multiple studies (Edin et al. 2018, Hensvik and Nordström Skans 2020) recently used

an interview-based measure of non-cognitive skills (referred to as personality traits in the original

material describing them (Mood et al. 2012) that encompasses social maturity, emotional stability,

psychological energy (e.g., perseverance), and intensity. The former two dimensions of this measure

of non-cognitive skill are similar to social adjustment, while the latter two dimensions are similar to

intellectual tenacity. Further, we find complementarity in explaining earnings between intellectual

tenacity and social adjustment, similar to prior evidence of complementarity between technical and

social skills (Deming 2017). His measure of social skills correlates with both intellectual tenacity and

social adjustment (rs = .58 & .53, respectively), but these occupational personality requirements

correlate weakly with each other (r = .32), suggesting that they each simultaneously overlap with

distinct elements of social skills and capture variance unique to work styles. Whereas cognitive

skills and knowledge gained from formal education can still be valuable, there is no guarantee

that they cannot be automated. Intellectual tenacity should help workers persist and update their

repertoire when the tasks in their occupations are disrupted by automation and technology, and

this ability to learn to accomplish new, more complex tasks can contribute to economic growth and

greater organizational value creation as employees work together (Acemoglu and Restrepo 2021).

Nonetheless, this paper has several limitations. While we control for educational attainment and

cognitive ability requirements, we lack direct measures of individuals’ cognitive and non-cognitive

skills. Intellectual tenacity requirements are similar to other constructs in the non-cognitive skills

literature that could be investigated in future research. For example, the need for cognition captures

the tendency to enjoy and engage in thinking (Cacioppo 1982) and is similar to the analytical think-

ing component of intellectual tenacity, and grit captures passion and perseverance for long-term

goals (Duckworth et al. 2019) and is similar to the effort, persistence, and initiative components

of intellectual tenacity. Both need for cognition and grit exhibit low (and sometimes negative)

correlations with cognitive ability (Fleischhauer et al. 2010, Duckworth et al. 2019). Additionally,

social adjustment appears similar to emotional labor (Glomb et al. 2004), meaning that they are

distinct from social skills and rather involve workplace expectations that employees manage and

minimize emotional displays through deep and surface acting. Nonetheless, we cannot rule out the

possibility of cognitive ability and social skills as unmeasured confounds, as well as factors that

might contribute to the development of both cognitive ability and intellectual tenacity.

Another limitation is that we only measure personality and cognitive ability requirements for the

set of occupations captured in O*NET, and employment trends may change faster than O*NET

updates (Frank et al. 2019). Future work could use job postings to capture a more granular picture
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of occupational personality requirements and estimate their return in a broader range of occupa-

tions that are not represented in the current O*NET data (e.g., project managers).

In this vein, we only captured the demand side of the personality equation. Individuals supply

personality traits that may or may not match the demands of their occupations, and this mismatch

may influence their earnings. Indeed, Denissen et al. (2018) found that supplying traits required by

an occupation increased earnings but also that earnings were lower (regardless of fit) in occupations

that had low personality requirements. Additionally, Deming (2017) found technical and social

skills were complementary, but did not explore the role of personality requirements or the broader

determinants of non-cognitive skills. Future work should seek to better understand how individual

supply, occupational demand, and their interaction jointly influence labor market outcomes.

Our findings provide at least three implications for policymakers and organizations. First, increas-

ing intellectual tenacity is a promising avenue for workforce development and education to help

workers become “future proof” in the emerging digital economy. Aggregate economic and labor

market outcomes depend on the capacity of individuals to learn and adapt in the face of automation

and AI (Acemoglu and Restrepo 2018, Brynjolfsson and McAfee 2014b). Personality is commonly

misperceived as fixed, but personality continues to evolve throughout the lifespan (Roberts et al.

2007). Interventions and practices aimed at developing the mindsets, skill sets, and contexts that

encourage intellectual tenacity are timely targets for education reform and workforce development,

which are likely to have the greatest impact in the early stages of childhood development. Second,

intellectual tenacity is an important developmental target for everyone–not just skilled workers

or the more educated. The effect of intellectual tenacity requirements on earnings was consistent

among both college graduates and individuals without college degrees. Blue-collar jobs are still

valued in the economy as long as they require intellectual tenacity.7 That means organizations,

even those that require less skilled workers, should be mindful of inculcating a culture of continuous

learning and improvement independent of the degree of digital intensity of the tasks (Gallipoli and

Makridis 2018). Third, in addition to assessing for relevant skills when hiring in this new era of

data science and AI, organizations may also find it useful to conduct formal assessments of per-

sonality and align those with the technical requirements of the job. While that insight is not new,

and indeed The Gallup Organization (among others) has developed a sophisticated assessment,

personality is likely to play an increasingly important role in technology organizations, especially

as more work is done remotely and the need for clear and cohesive communication grows.

7For example, Heating, Air Conditioning, and Refrigeration Mechanics and Installers and Tool and Die

Makers lie above the mean on both occupational earnings and intellectual tenacity requirements.
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6. Conclusion

Despite a very active debate about the future of work and encouraging the accumulation of new

skills in the face of technological change, much less conversation and research has been allocated

to the underlying personality traits that influence resilience in the labor market and even the

propensity to accumulate new skills (OECD 2016, 2021, Griffin and Care 2015). In particular,

personality traits might be a complement to skills, enhancing worker productivity and their relative

ease of acquiring new skills, especially in an era of intense technological change and turmoil.

Using data from O*NET on 16 occupational personality requirements, we construct two consol-

idated measures that we call intellectual tenacity and social adjustment. We subsequently match

these occupational indices of personality requirements, coupled with standard data on skill require-

ments, with over 10 million respondents in the American Community Survey (ACS) from 2007 to

2019, tracing out the evolution of employment and wages in these occupations over time. We find

that there is a strong positive association between intellectual tenacity and annual earnings, and

that return has grown over time. In contrast, occupational employment growth relates minimally

to intellectual tenacity and social adjustment requirements over these years, and the relationship

between intellectual tenacity and employment growth becomes non-significant when controlling for

cognitive ability requirements. Although we caution against a fully causal interpretation on the

relationship between intellectual tenacity and earnings, our results are robust to controlling for a

wide array of demographic characteristics, such as education and age, and even skill requirements.

Debate is raging over whether AI will replace human labor throughout the economy. Our results

suggest that current technological advancements in narrow AI leave room for a human advantage

in solving novel, complex tasks. Developing a workforce that exhibits intellectual tenacity can help

ensure that labor is able to acquire new knowledge and skills to stay relevant as increasing numbers

of tasks are completed by technological capital. Nonetheless, more research is needed, particularly

at an individual and firm level, to identify heterogeneity in preferences and personality and how

to best leverage the differences to drive organizational and social flourishing.
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Tables and Figures

Table 1 Occupational Personality Requirement Descriptions, Factor Loadings, Correlations, and Percentage

Relative Importance with Log Annual Earnings and Employment Growth

Employment Log Annual
Personality Factor Factor Growth Earnings

Requirement Job Requires. . . 1 2 r Cj (%) r Cj (%)

Intellectual Tenacity

Achievement/Effort . . . establishing and maintaining personally challenging
achievement goals and exerting effort toward
mastering tasks

.919 −.040 .216 6.92 .624 11.64

Persistence . . . persistence in the face of obstacles .911 .011 .177 6.20 .618 11.58

Initiative . . . a willingness to take on responsibilities and
challenges

.873 .091 .234 6.65 .574 10.97

Analytical Thinking . . . analyzing information and using logic to address
work-related issues and problems

.847 −.132 .229 17.89 .728 25.41

Innovation . . . creativity and alternative thinking to develop new
ideas for and answers to work-related problems

.799 −.050 .143 2.55 .378 5.22

Independence . . . developing one’s own ways of doing things, guiding
oneself with little or no supervision, and depending
on oneself to get things done

.612 .125 .145 1.58 .249 1.76

Social Adjustment

Emotion Regulation . . .maintaining composure, keeping emotions in check,
controlling anger, and avoiding aggressive behavior,
even in very difficult situations

−.097 .947 .198 6.57 −.036 2.76

Concern for Others . . . being sensitive to others’ needs and feelings and
being understanding and helpful on the job

−.093 .918 .149 2.31 −.072 3.02

Social Orientation . . . preferring to work with others rather than alone,
and being personally connected with others on the
job

−.050 .886 .186 6.25 −.066 2.95

Cooperation . . . being pleasant with others on the job and displaying
a good-natured, cooperative attitude

.043 .810 .161 4.34 .076 2.65

Stress Tolerance . . . accepting criticism and dealing calmly and
effectively with high stress situations

.227 .675 .199 3.80 .242 1.71

Other Requirements

Adaptability/Flexibility . . . being open to change (positive or negative) and to
considerable variety in the workplace

.402 .533 .242 7.69 .624 3.55

Attention to Detail . . . being careful about detail and thorough in
completing work tasks

.486 .077 .046 5.05 .430 3.98

Leadership . . . a willingness to lead, take charge, and offer opinions
and direction

.508 .410 .236 6.67 .426 6.77

Integrity . . . being honest and ethical .376 .501 .261 13.29 .396 4.70

Dependability . . . being reliable, responsible, and dependable, and
fulfilling obligations

.262 .596 .170 2.18 .250 1.26

The table enumerates the 16 O*NET occupational personality requirements, their exploratory factor loadings

in a two-factor solution (in the columns Factor 1 and Factor 2, their correlations (r) with log annual earnings

and average employment growth from 2008-2019 at the five-digit standard occupational classification (SOC)

level using the Census sample weights, and their relative importance (Cj) for explaining each outcome as

determined by dominance analysis. Factor loadings above 0.60 are boldfaced.
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Figure 1 Correlations between Occupational Personality Requirements (Above the Diagonal: 2003-2009; Below

the Diagonal: 2010-2019)
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Figure 2 Occupational Employment Growth and Log Annual Earnings as a Function of Intellectual Tenacity

and Social Adjustment
(a) Employment Growth and Intellectual Tenac-
ity (b) Employment Growth and Social Adjustment

(c) Log Annual Earnings and Intellectual Tenac-
ity (d) Log Annual Earnings and Social Adjustment

Notes. Panels A and B show the average year-to-year employment growth of 401 occupations as a function

of intellectual tenacity and social adjustment personality requirements. Panels C and D show the log annual

earnings in 537 occupations as a function of intellectual tenacity and social adjustment personality require-

ments measured in standard deviations. In all panels, each bubble represents an occupation and the size

of the bubble corresponds to the number of individuals in the occupation on a logarithmic scale, which is

measured using the number of respondents in an occupation as per the American Community Survey for

log annual earnings and the number of employees in an occupation as per the Occupation Employment and

Wage Statistics for employment growth. Average year-to-year employment growth is winsorized at the top

and bottom percentile. Across the four panels, the trend lines illustrate the fitted regression equations in

Models 2 and 4 in Tables A.1 and 2.
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Figure 3 Time Series Employment Growth & Log Annual Earnings Returns as a Function of Intellectual

Tenacity and Social Adjustment
(a) Employment Growth (Percent)
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(b) Earnings Premia (Percent)
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Notes. Panel A plots the coefficient associated with regressions of year-to-year employment growth from

the Occupation Employment and Wage Statistics on a standardized z-score of our intellectual tenacity and

social adjustment factors separately by year; these regressions are unweighted. Panel B plots the coefficient

associated with regressions of log annual earnings from the American Community Survey on a standardized

z-score of our intellectual tenacity and social adjustment factors separately by year, controlling for the

number of children in the family, a quadratic in age, an indicator for being male, married, race fixed effects

(White, Black, Asian), and education fixed effects (less than high school, high school, some college, more

than college); these regressions are weighted by the survey sample weights.
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Table 2 Ordinary Least Squares (OLS) Models Predicting Log Annual Earnings

Log Annual Earnings

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Intellectual Tenacity .254∗∗∗ .300∗∗∗ .371∗∗∗ .404∗∗∗ .208∗∗∗ .124∗∗∗ .119∗∗∗ .094∗∗∗

[.042] [.037] [.027] [.026] [.038] [.028] [.022] [.018]
Social Adjustment .014 .001 -.209∗∗∗ -.172∗∗∗ -.148∗∗∗ -.084∗∗∗ -.055∗∗∗ -.029∗∗

[.034] [.033] [.021] [.019] [.019] [.016] [.019] [.014]
Social Adjustment × Intellectual Tenacity .068∗∗ .043∗∗ .069∗∗∗ .046∗∗ .029∗ .031∗∗

[.027] [.021] [.024] [.020] [.016] [.014]
(Intellectual Tenacity)2 .069∗∗∗ .057∗∗∗ .019 .004 .015 .013

[.027] [.020] [.018] [.013] [.011] [.010]
(Social Adjustment)2 .025 -.050∗∗∗ -.036∗∗ -.033∗∗∗ -.026∗∗ -.019∗∗

[.029] [.017] [.014] [.012] [.010] [.009]
Cognitive Abilities .209∗∗∗ .160∗∗∗ .145∗∗∗ .134∗∗∗

[.032] [.023] [.024] [.021]
R-squared .14 .15 .00 .00 .19 .20 .24 .36 .39 .41
Sample Size 11241485 11241485 11241485 11241485 11241485 11241485 11235578 11235578 11235578 11164957
Demographic Controls No No No No No No No Yes Yes Yes
Occupation Fixed Effects No No No No No No No No Yes Yes
Year Fixed Effects No No No No No No No No Yes Yes
Industry Fixed Effects No No No No No No No No No Yes

Notes.—Sources: O*NET (2010-2019), Census Bureau American Community Survey (2007-2019). The table

reports the coefficients associated with regressions of log annual earnings on a standardized z-score of social

adjustment and intellectual tenacity at the five-digit standard occupational classification (SOC) code level

from O*NET, their interaction, cognitive abilities, and various degrees of controls, including two-digit SOC,

two-digit North American Industry Classification Standard (NAICS), and year fixed effects. Cognitive abil-

ities are measured using the ability indices from O*NET, namely an unweighted average of verbal abilities

(oral comprehension, written comprehension, oral expression, written expression) and quantitative abilities

(mathematical reasoning and number facility) from Glomb et al. (2004). The demographic controls include:

family size, number of children, a quadratic in age, an indicator for being male, an indicator for marital

status, race fixed effects (White, Black, and Asian), and education fixed effects (less than high school, high

school, some college, more than college). Social adjustment and intellectual tenacity are based on O*NET

scores averaged between 2010 and 2019 to mitigate measurement error. Standard errors are clustered at the

five-digit SOC level (537 clusters) and observations are weighted by the ACS sample weights. *** significant

at the 1% level ** significant at the 5% level * significant at the 10% level.
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7. Online Appendix

Figure A.1 Parallel Factor Analysis of Occupational Personality Requirements (2003-2009)

Notes.—Sources: O*NET (2003-2009). FA = factor analysis.
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Figure A.2 Heterogeneity in Time Series Log Annual Earnings Returns as a Function of Intellectual Tenacity

and Social Adjustment
(a) White
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(b) Black
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(c) Male
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(d) Female
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(e) College+
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(f) No College
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Notes. All Panels plot the coefficient associated with regressions of log annual earnings (as a percent) from

the American Community Survey on a standardized z-score of our intellectual tenacity and social adjustment

factors separately by year for different demographic subgroups, controlling for the number of children in the

family, a quadratic in age, an indicator for being male, married, race fixed effects (White, Black, Asian), and

education fixed effects (less than high school, high school, some college, more than college); these regressions

are weighted by the survey sample weights.
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Table A.1 Ordinary Least Squares (OLS) Models Predicting Employment Growth

Employment Growth (Year-to-Year)

(1) (2) (3) (4) (5) (6) (7)
Intellectual Tenacity .689∗∗∗ .649∗∗∗ .374∗∗∗ .063 .140

[.114] [.123] [.132] [.184] [.174]
Social Adjustment .560∗∗∗ .568∗∗∗ .484∗∗∗ .513∗∗∗ .115

[.119] [.118] [.122] [.126] [.164]
Social Adjustment × Intellectual Tenacity -.397∗∗∗ -.298∗∗ -.158

[.117] [.116] [.127]
(Intellectual Tenacity)2 -.086 -.006 -.032 -.130

[.088] [.090] [.088] [.097]
(Social Adjustment)2 .221∗∗ .283∗∗∗ .289∗∗∗ .132

[.102] [.094] [.092] [.103]
Cognitive Abilities .425∗∗∗

[.160]
R-squared .05 .05 .03 .04 .08 .08 .20
Sample Size 707 707 707 707 707 687 707
Occupation Fixed Effects No No No No No No Yes

Notes.—Sources: O*NET (2010-2019), Occupation Employment Statistics (2007-2019). The table reports the

coefficients associated with regressions of average year-to-year employment growth at a six-digit Standard

Occupational Classification (SOC) level on a standardized z-score of social adjustment and intellectual

tenacity (also at the six-digit SOC level) from O*NET, their interaction, cognitive abilities, and, in one

specification, two-digit SOC fixed effects. Cognitive abilities are measured using the ability indices from

O*NET, namely an unweighted average of verbal abilities (oral comprehension, written comprehension, oral

expression, written expression) and quantitative abilities (mathematical reasoning and number facility) from

Glomb et al. (2004). Standard errors are clustered at the six-digit SOC level (707 clusters) and observations

are unweighted. *** significant at the 1% level ** significant at the 5% level * significant at the 10% level.
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Table A.2 Log Hourly Wages as a Function of Intellectual Tenacity and Social Adjustment

Log Hourly Wages

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Intellectual Tenacity .231∗∗∗ .269∗∗∗ .320∗∗∗ .350∗∗∗ .180∗∗∗ .108∗∗∗ .099∗∗∗

[.031] [.030] [.021] [.021] [.031] [.024] [.019]
Social Adjustment .031 .018 -.159∗∗∗ -.128∗∗∗ -.107∗∗∗ -.066∗∗∗ -.042∗∗

[.031] [.031] [.019] [.017] [.016] [.014] [.017]
Social Adjustment × Intellectual Tenacity .047∗∗ .011 .033 .017 .004

[.021] [.018] [.021] [.018] [.014]
(Intellectual Tenacity)2 .057∗∗∗ .059∗∗∗ .026∗ .011 .020∗∗

[.019] [.015] [.015] [.011] [.010]
(Social Adjustment)2 .024 -.032∗∗ -.020 -.021∗ -.023∗∗

[.026] [.015] [.013] [.012] [.010]
Cognitive Abilities .180∗∗∗ .125∗∗∗ .108∗∗∗

[.025] [.018] [.019]
R-squared .13 .14 .00 .00 .17 .18 .21 .32 .35
Sample Size 11230058 11230058 11230058 11230058 11230058 11230058 11224153 11224153 11224153
Demographic Controls No No No No No No No Yes Yes
Occupation Fixed Effects No No No No No No No No Yes
Year Fixed Effects No No No No No No No No Yes
Industry Fixed Effects No No No No No No No No No

Notes.—Sources: O*NET (2010-2019), Census Bureau American Community Survey (2007-2019). The table

reports the coefficients associated with regressions of log hourly wages on a standardized z-score of social

adjustment and intellectual tenacity at the five-digit standard occupational classification (SOC) code level

from O*NET, their interaction, cognitive abilities, and various degrees of controls, including two-digit SOC,

two-digit North American Industry Classification Standard (NAICS), and year fixed effects. Cognitive abil-

ities are measured using the ability indices from O*NET, namely an unweighted average of verbal abilities

(oral comprehension, written comprehension, oral expression, written expression) and quantitative abilities

(mathematical reasoning and number facility) from Glomb et al. (2004). The demographic controls include:

family size, number of children, a quadratic in age, an indicator for being male, an indicator for marital

status, race fixed effects (White, Black, and Asian), and education fixed effects (less than high school, high

school, some college, more than college). Social adjustment and intellectual tenacity are based on O*NET

scores averaged between 2010 and 2019 to mitigate measurement error. Standard errors are clustered at the

five-digit SOC level (537 clusters) and observations are weighted by the ACS sample weights. *** significant

at the 1% level ** significant at the 5% level * significant at the 10% level.
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Table A.3 Heterogeneity in Social Adjustment and Intellectual Tenacity Earnings Premia

Log Annual Earnings

White Black Male Female College+ ¡College
Intellectual Tenacity .087∗∗∗ .052∗∗∗ .074∗∗∗ .095∗∗∗ .111∗∗∗ .067∗∗∗

[.018] [.015] [.017] [.023] [.025] [.019]
Social Adjustment -.037∗∗∗ -.025∗ -.034∗∗ -.041∗∗∗ -.021 -.023

[.014] [.014] [.014] [.016] [.020] [.014]
Social Adjustment × Intellectual Tenacity .037∗∗∗ .030∗∗∗ .034∗∗∗ .036∗∗∗ .020 .031∗∗∗

[.009] [.008] [.010] [.009] [.016] [.010]
Cognitive Abilities .134∗∗∗ .128∗∗∗ .142∗∗∗ .117∗∗∗ .162∗∗∗ .123∗∗∗

[.021] [.018] [.016] [.029] [.035] [.018]
R-squared .40 .35 .40 .38 .33 .31
Sample Size 8857900 1005504 5778336 5386621 4088723 7076234
Demographic Controls Yes Yes Yes Yes Yes Yes
Occupation Fixed Effects Yes Yes Yes Yes Yes Yes
Year Fixed Effects Yes Yes Yes Yes Yes Yes
Industry Fixed Effects Yes Yes Yes Yes Yes Yes

Notes.—Sources: O*NET (2010-2019), Census Bureau American Community Survey (2007-2019). The table

reports the coefficients associated with regressions of log annual earnings on a standardized z-score of social

adjustment and intellectual tenacity at the five-digit standard occupational classification (SOC) code level

from O*NET, their interaction, cognitive abilities, and various degrees of controls, including two-digit SOC,

two-digit North American Industry Classification Standard (NAICS), and year fixed effects, separately for

different demographic sub-sets of the population. Cognitive abilities are measured using the ability indices

from O*NET, namely an unweighted average of verbal abilities (oral comprehension, written comprehension,

oral expression, written expression) and quantitative abilities (mathematical reasoning and number facility)

from Glomb et al. (2004). The demographic controls include: family size, number of children, a quadratic

in age, an indicator for being male, an indicator for marital status, race fixed effects (White, Black, and

Asian), and education fixed effects (less than high school, high school, some college, more than college).

Social adjustment and intellectual tenacity are based on O*NET scores averaged between 2010 and 2019

to mitigate measurement error. Standard errors are clustered at the five-digit SOC level (537 clusters) and

observations are weighted by the ACS sample weights. *** significant at the 1% level ** significant at the

5% level * significant at the 10% level.
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