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Abstract: This study estimates the labor market returns to non-cognitive skills among
the youth under 30 years old during the early career stage. Using data from the Russian
Longitudinal Monitoring Survey (RLMS-HSE) for 2016 and 2019, it examines the effects of
the Big Five personality traits (openness, conscientiousness, extraversion, agreeableness,
and emotional stability) on hourly wages. To account for potential heterogeneity in the
effect of non-cognitive skills along the wage distribution, a quantile linear mixed model
is employed, estimating returns at the 10th, 25th, 50th, 75th, and 90th percentiles while
controlling for repeated observations with random intercepts at the individual level. Inverse
probability weighting is applied to address the selection of employment. The results
indicate that openness yields the highest returns for young workers, though its effect
diminishes after controlling for educational attainment. By controlling for education, the
model identifies the effect of conscientiousness below the median wage level, and that
of extraversion above. Finally, the study finds that the impact of non-cognitive skills on
wages evolves over the life course. First, the effects of non-cognitive skills on wages vary
a lot in the youth group and the entire working population (ages 16–65). Furthermore,
breaking the data down by age cohorts reveals how their significance and magnitude shift
at different career stages.
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1. Introduction
What defines the success of young people in the labor market? Why do some indi-

viduals receive high wages while others are paid poorly? Conventional economic theory
explains wages primarily as a function of schooling and experience, an approach known as
the Mincerian wage equation (Mincer, 1974). While this model has become a cornerstone
in wage determination, common sense and empirical evidence suggest that education and
experience alone do not fully account for wage variation. If they did, individuals with the
same years of schooling and work experience would earn equally, which is clearly not the
case. Economists have long acknowledged the existence of other contributing factors to
earnings, but in the Mincerian framework, these factors were typically relegated to the
error term, often described as “unobserved abilities”. The “ability bias” problem, i.e., the
omission of relevant variables from the wage equation, presents a significant challenge
in estimating the returns to education (Chamberlain & Griliches, 1975; Griliches, 1977).
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Furthermore, these unobserved abilities, while absent from standard wage models, are
highly correlated with both wages and educational choices, complicating the accurate
estimation of the returns to education.

For many years, unobserved abilities were neglected by economists, largely due to the
difficulty of measurement. Most empirical studies on wage premiums measured human
capital using simple indicators like years of schooling, without accounting for the quality
of skills, knowledge, and abilities. However, by the late 1980s and early 1990s, as data
on cognitive scores became more accessible—either through linking household surveys
with administrative educational records or thanks to the spread of large-scale standard-
ized learning assessments—economists began to overcome these empirical limitations
(Hanushek & Woessmann, 2008). A significant body of research emerged estimating the
effect of cognitive skills, often proxied by test scores, on individual earnings (Bishop, 1989a,
1989b; Grogger & Eide, 1995; Neal & Johnson, 1996; O’Neill, 1990).

For instance, Blackburn and Neumark (1993) found that the rising returns to educa-
tion in the United States could be attributed to individuals with higher cognitive abilities.
Similarly, Hanushek and Kimko (2000) highlighted that cognitive skills, particularly in
mathematics and science, play a more crucial role in labor force productivity than formal
schooling alone. These findings emphasized that traditional measures of educational attain-
ment or school resources fail to capture the true cognitive abilities of a population, urging
scholars to incorporate workforce quality into labor productivity analyses. Further research
by Murnane et al. (2001) demonstrated that the cognitive skills measured during high
school are strong predictors of wages a decade later. However, while research documented
that the correlation between ability and education has increased over time (Herrnstein &
Murray, 1994), J. Heckman and Vytlacil (2001) argued that it is difficult to disentangle the
effects of educational attainment from abilities, even if abilities are directly observed.

These advancements in research motivated the economists to further explore other
determinants of labor market outcomes beyond cognitive abilities, turning their attention to
personality traits. This growing interest was summarized by the concept of non-cognitive
skills, which refers to “patterns of thought, feelings, and behavior” (Borghans et al., 2008).
These traits are defined as skills because they meet the “PES” criteria: they are productive
(they create value in the workplace and beyond), expandable (they can be developed
through training), and social (they are shaped by social contexts) (Green, 2013). The
PES approach to skills is grounded in a holistic framework that integrates insights from
three core disciplines—psychology, sociology, and economics. While each of these fields
offers distinct conceptualizations and definitions of skills, often emphasizing different
dimensions (such as individual traits, social contexts, or market-relevant competencies),
the PES approach bridges these disciplinary divides. By identifying and focusing on the
shared characteristics, the PES framework enables a more comprehensive understanding
of skills as both individual capacities and socially situated assets. This integrative per-
spective allows for a nuanced analysis of skill development, deployment, and returns
across the life course, making it particularly valuable for informing policy in education and
labor markets.

Often labeled as socio-emotional skills, soft skills, or 21st-century skills, non-cognitive
skills are commonly measured using the Big Five personality traits model, which cap-
tures all the variations in personality based on five independent dimensions: openness,
conscientiousness, extraversion, agreeableness, and neuroticism (or emotional stability).
However, in a realistic sense, the term “non-cognitive skills” is used “as a catch-all phrase
to distinguish factors other than those measured by cognitive test scores such as literacy
and numeracy” (Gutman & Schoon, 2016) and can encompass many other factors, like
self-control, grit, motivation, etc. From an economic perspective, these skills are viewed “as
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a broadly defined second dimension of individual heterogeneity (next to cognitive skills)”
in the study of life success determinants (Humphries & Kosse, 2017).

The first notable reference to non-cognitive skills in relation to economic outcomes
was made by the Marxist economists Bowles and Gintis (1976) in their seminal book
“Schooling in Capitalist America”. They argued that traits such as motivation, discipline, and
internalization of norms were crucial in shaping social class structures and access to jobs.
While formal education rewards a higher IQ, they emphasized that the inter-generational
transmission of social and economic status is largely mediated through non-cognitive
mechanisms. Similarly, in another seminal work on education economics of those times,
“Who Gets Ahead? The Determinants of Economic Success in America”, Jencks et al. (1979)
provided early evidence that traits such as industriousness, perseverance, and leadership
significantly influence wages, often to a degree comparable to traditional predictors like
education, IQ, and parental socio-economic status.

Despite these early insights, the economic significance of personality remained un-
derexplored, as the study of personality traits largely fell within the realm of psychology
and sociology. In another work, published 26 years after “Schooling in Capitalist America”,
Bowles and Gintis revisited their earlier findings, emphasizing that the “intergenerational
transmission of economic status is accounted for by a heterogeneous collection of mecha-
nisms, including the genetic and cultural transmission of cognitive skills and noncognitive
personality traits in demand by employers, the inheritance of wealth and income-enhancing
group memberships, such as race, and the superior education and health status enjoyed by
the children of higher status families” (Bowles & Gintis, 2002). They further highlighted
that while the role of cognitive skills and education in the inter-generational transmis-
sion of economic status had been extensively studied, factors such as wealth, race, and
non-cognitive traits had not received the scholarly attention they deserved.

It was not until the mid-2000s that economists began to explicitly account for person-
ality traits in their analyses of wage determinants. The pioneering work of J. J. Heckman
et al. (2006) demonstrated that for many labor market outcomes, the effect of non-cognitive
skills is comparable to, or even greater than that of cognitive skills. Heckman’s research
also showed that non-cognitive skills influence wages both directly, by improving labor
productivity, and indirectly, by shaping schooling and work experience. In many ways,
these findings confirmed the ones proposed by Bowles and Gintis (1976), who pointed
out that the qualities valued by employers in workers match those valued by teachers in
students at school.

This body of research suggests that cognitive skills, non-cognitive skills, schooling,
and occupation, together with socio-economic status, form a complex interplay through
which social and economic inequalities are perpetuated. Non-cognitive skills, in particular,
play a crucial role in determining both educational and occupational choices, thereby
affecting wages indirectly (Roberts et al., 2007). For example, individuals with higher levels
of extraversion may gravitate toward leadership roles, while those with high agreeableness
may excel in teamwork-oriented environments. Non-cognitive traits also influence labor
market outcomes through recruitment effects, where job applicants with higher extraversion
and conscientiousness, and lower neuroticism, are often perceived more favorably by
employers, leading to better job prospects.

In recent years, non-cognitive skills have also gained prominence among Russian
economists, with a large body of work assessing their impact on various outcomes, such
as academic performance (Avanesian et al., 2022), higher education choices (Rozhkova &
Roshchin, 2021a, 2021b), school-to-work transition (Avanesian et al., 2024; Zudina, 2022),
job satisfaction and type of employment (Zudina, 2023, 2024), and even health behaviors
(Roshchina et al., 2022a, 2022b; Rozhkova et al., 2023; Rozhkova, 2024). Notably, several
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studies have estimated the effect of non-cognitive skills on wages in the Russian labor
market. Using data from the Russian Longitudinal Monitoring Survey (RLMS), which
includes a set of questions to measure the Big Five personality traits, Rozhkova (2019) found
that non-cognitive skills lead to higher wages, though the returns to these characteristics
vary by social group. In this respect, openness and emotional stability were identified
as the traits with the most significant positive effects. The effect of conscientiousness
became insignificant after accounting for labor conditions, while agreeableness was found
to negatively impact the wages of women. These findings align with those of Maksimova
(2019), who also noted that openness has a stronger positive effect on the labor productivity
of women, while a lack of emotional stability (i.e., a propensity toward neuroticism)
penalizes men more than women. However, non-cognitive skills were found to have little
effect in explaining the gender pay gap (Rozhkova et al., 2021).

While the influence of non-cognitive skills on wages is well documented in both the
international and Russian economic literature, the potential heterogeneity of this effect
across wage distribution remains underexplored. Specifically, it is unclear whether the
returns to non-cognitive skills are uniform across different pay levels or if these returns vary
between low-, medium-, and high-paid workers. Although existing research on Russian
data has not examined this aspect, several international studies have employed quantile
regression to address this question, highlighting that returns to non-cognitive skills may
indeed differ across the wage spectrum (Collischon, 2017; Edin et al., 2022; Eren & Ozbeklik,
2013; Lindqvist & Vestman, 2011).

This study builds on this line of inquiry by exploring the labor market returns to non-
cognitive skills in Russia, with a particular emphasis on the youth entering labor market.
The focus on the young workforce offers insights into the role of non-cognitive skills in
facilitating transitions from school to entry-level positions and then to stable employment.
The relevance of this focus is rooted in the unique challenges the youth face in the labor
market, making it essential to understand which skills contribute to securing better-quality
jobs during the critical early stages of their careers. Overall, this study aims to contribute
to the broader literature on returns to non-cognitive skills, specifically within the context
of Russia, while addressing the significant gap in understanding of how these skills affect
wage outcomes at different points in wage distribution and for different population cohorts.

Given this background, the study is guided by the following overarching research
question: How do non-cognitive skills affect wage among young workers, and do these
effects vary across different wage levels and demographic subgroups? Specifically, do low-,
medium-, and high-paid young workers benefit equally from non-cognitive skills?

To address this, the study explores several supplementary research questions, aiming
to uncover the nuanced role of non-cognitive skills in wage determination within the
broader context of life course transitions and labor market dynamics:

1. Do non-cognitive skills contribute to wage outcomes independently of educational
attainment? While it is well established that personality traits influence both educa-
tional and occupational choices, this question seeks to disentangle the direct effects of
non-cognitive skills from those mediated by education, assessing their independent
contributions to wage;

2. Are the returns to non-cognitive skills higher for individuals with greater educational
attainment? This question examines whether workers with a tertiary degree expe-
rience amplified benefits from non-cognitive skills compared to those with lower
educational qualifications;

3. Do non-cognitive skills produce different effects on wages while the gender lens is
adopted? Given the persistent gender pay gap in many labor markets, including
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in Russia, this question investigates whether certain non-cognitive skills mitigate or
exacerbate gender-based wage inequalities, particularly among young workers;

4. Do the effects of non-cognitive skills on wages vary across different age groups?
Recognizing that the labor market rewards non-cognitive skills may shift as individ-
uals progress through different career stages, and this question adopts a life course
perspective to assess whether the impact of non-cognitive skills diverges for younger,
mid-career, or older workers, as well as the working population as a whole.

Like prior research on the Russian labor market, this work draws on data from the
RLMS collected in 2016 and 2019. However, it goes beyond previous studies by applying
quantile mixed models to investigate the heterogeneity in the returns to non-cognitive
skills across different wage levels. This approach allows the study to account for repeated
measures in the longitudinal data, thereby addressing unobserved heterogeneity at the
individual level. Furthermore, in order to address the sample bias arising due to the
self-selection into employment, the analysis incorporates inverse probability weights.

2. Data and Methodology
The study utilizes the data of the 26th and 28th waves of the RLMS, which were

collected in 2016 and 2019, respectively, and included the module on the Big Five personality
traits. From the individuals who responded to the adult questionnaire, the study zooms
in at the age range of 16 to 29 years old, with the lower bound referring to the minimum
working age (without any restrictions) and the upper one referring to the age when the
school-to-work transition ends. From this, there are 2673 records reporting being employed
and monthly wages, representing 2170 unique individuals. The sample was recruited from
38 regions that are not reported here, but that are controlled for in the further estimation.
The sample summary is presented in Table 1.

Table 1. Sample Summary.

Variable 2016 N = 1534 1 2019 N = 1139 1

Sex
Female 745 (49%) 562 (49%)
Male 789 (51%) 577 (51%)

Age
Mean (SD) 25.64 (2.82) 25.49 (3.06)

Area
Rural 282 (18%) 222 (19%)
Urban-Type Settlement 104 (6.8%) 79 (6.9%)
City 420 (27%) 303 (27%)
Regional Center 728 (47%) 535 (47%)

Highest Level of Education
1. No school 154 (10%) 93 (8.2%)
2. Secondary School 384 (25%) 255 (22%)
3. Secondary Vocational 462 (30%) 416 (37%)
4. Tertiary 534 (35%) 375 (33%)

Experience
Mean (SD) 4.65 (2.94) 4.42 (3.01)

Marital Status
1. Single 574 (37%) 528 (46%)
2. Married/Civil partnership 900 (59%) 575 (50%)
3. Divorced/Separated/Widowed 60 (3.9%) 36 (3.2%)

1 n (%); Source: Author’s calculations based on RLMS-HSE data.
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The log of hourly wage was derived from the reported monthly wage of individuals
from their primary employment and the number of working hours per week. This serves
as the dependent variable of the study. The wages of the 26th wave were adjusted to the
wages of 2019 (primary year of data collection) based on the Consumer Price Index values.
The input variables refer to education level, experience, sex, area of residence (urban or
rural), and non-cognitive skills in accordance with the Big Five taxonomy. The questions
to measure the Big Five personality traits included in the RLMS were initially developed
for the World Bank-supported Skills Towards Employability and Productivity (STEP)
survey program (World Bank, 2014) and further adopted in different survey programs
worldwide, including the RLMS. Russian evidence assures that the scales are reliable, with
the Cronbach Alpha coefficients around 0.7. However, the description of the survey tool
and psychometric properties behind the measurement are beyond the scope of the paper
and can be found elsewhere (Maksimova, 2019; Gimpelson et al., 2020). The distribution of
non-cognitive skills based on the sample of the study is presented in Figure 1.

Figure 1. Distribution of non-cognitive skills, histograms.

To estimate the heterogeneity in the returns to non-cognitive skills, the study adopts a
quantile linear mixed model, a regression technique that extends the traditional quantile
regressions (Koenker, 2005; Koenker & Bassett, 1978; Koenker & Hallock, 2001) to mixed-
effects models (Bates et al., 2015; Pinheiro & Bates, 2000) that allow for accounting for
the repeated measures in the longitudinal data through the individual random terms. In
this analysis, the chosen levels refer to the wages at the 10th, 25th, 50th, 75th, and 90th
percentiles, aiming to capture the effect of non-cognitive skills on the productivity of low-,
medium-, and high-paid workers across the whole spectrum of remuneration.
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Multiple regressions are carried out in the current study, with some variations in
the model specification. The model where non-cognitive skills enter the Mincerian wage
equation as additional inputs is the extended model for the study. It complements the
baseline equation, which is the same except for excluding educational attainment. With
respect to that, the estimated quantile regression equation for the extended model can be
written as follows:

log(Wage)τ = β0 + ui + β1 · Education Level + β2 · Experience + β3 · Experience2 + β4 · Area + β5 · Sex+
β6 · Martial Status + β7 · Region − 1+β7 · Openness + β8 · Conscientiousness + β9 · Extraversion + β10·

Agreeableness + β11 · Emotional Stability + ϵτ

where log(Wage)τ is the predicted log of the hourly wage for quantile τ (τ = 0.10, 0.25,
0.50, 0.75, 0.90); β0 is the intercept; ui is the random intercept specific to each individual
i, capturing the individual-level variation; β1 to β10 refer to the estimated coefficients
associated with the respective predictors; and ϵτ is the error term for quantile τ.

The models were estimated to account for the sample bias arising due to the non-
random selection of respondents of employment. With regards to this, inverse probability
weights using propensity scores were calculated and inserted into the model. The probabil-
ity of employment was modeled as a function of exogenous factors such as age, sex, level
of education, region, and area of residence. The models carried out in this analysis were
estimated using the lqmm (Geraci, 2014) package in R (R Core Team, 2024). The package was
developed to address the growing need to apply quantile estimation to the longitudinal
data, leveraging the power of mixed-effects models. In other words, lqmm represents “a
flexible statistical tool to analyze data from sampling designs such as multilevel, spatial,
panel or longitudinal, which induce some form of clustering” (Geraci, 2014). Inverse
probability weights were calculated using the WeightIt (Greifer, 2024) package, which was
developed to provide a one-stop collection of functions to generate the balancing weights
for longitudinal and observational studies.

3. Results
3.1. Which Skills Demonstrate the Highest Productivity?

The analysis investigates the heterogeneous returns to non-cognitive skills across the
wage distribution, focusing on the 10th, 25th, 50th, 75th, and 90th percentiles. The models
are estimated with inverse probability weights to account for selection of employment.
The results from these models are summarized in Table 2. While the effect of other control
variables is beyond the scope of this study, the regression results suggest that in the cohort
of the labor market entrants, only openness produces positive and statistically significant
effect on wages. Moreover, this effect holds across all levels of distribution, with the overall
trend showing that the higher the percentile of hourly wage, the higher the return to
openness. As such, while its effect accounts for 5.7% (p < 0.05) at the 10th percentile of
hourly wage, it reaches 7.6% (p < 0.01) for the youth at the 90th percentile of hourly wage
distribution. The model did not identify the effects of other non-cognitive skills. However,
in the next stage, it is important to understand whether the effects of non-cognitive skills
change once the model is extended and includes education level.



Economies 2025, 13, 114 8 of 20

Table 2. Results of quantile mixed regression, returns to non-cognitive skills, baseline model (without
education) with inverse probability weights.

Variable Q10 Q25 Q50 Q75 Q90

Intercept 3.914 (0.16) *** 4.371 (0.06) *** 4.647 (0.08) *** 4.744 (0.09) *** 5.058 (0.1) ***
Experience 0.089 (0.02) *** 0.087 (0.01) *** 0.065 (0.01) *** 0.081 (0.01) *** 0.024 (0.01) .

Experience Sqd. −0.005 (0) ** −0.006 (0) *** −0.004 (0) *** −0.004 (0) *** 0 (0)
Area: Settlement 0.088 (0.1) 0.005 (0.07) 0.041 (0.07) 0.122 (0.08) 0.144 (0.08) .

Area: City 0.257 (0.1) * 0.05 (0.07) 0.135 (0.06) * 0.236 (0.06) *** 0.289 (0.07) ***
Area: Reg Center 0.258 (0.2) 0.068 (0.19) 0.19 (0.18) 0.26 (0.18) 0.303 (0.18)

Sex: Male 0.461 (0.07) *** 0.288 (0.03) *** 0.242 (0.03) *** 0.291 (0.03) *** 0.257 (0.04) ***
Family: Married −0.062 (0.06) −0.051 (0.02) * −0.004 (0.02) −0.001 (0.03) 0.011 (0.03)
Family: Divorced −0.055 (0.09) −0.022 (0.07) 0.023 (0.06) 0.025 (0.08) 0.077 (0.1)

Openness 0.057 (0.02) * 0.059 (0.02) ** 0.055 (0.02) ** 0.073 (0.02) *** 0.076 (0.02) **
Conscientiousness 0.018 (0.03) 0.016 (0.02) 0.01 (0.01) −0.012 (0.01) −0.021 (0.02)

Extraversion 0.006 (0.03) 0.001 (0.01) 0.01 (0.01) 0.016 (0.01) 0.007 (0.01)
Agreeableness 0.036 (0.02) 0.009 (0.02) 0.012 (0.01) 0.002 (0.02) 0.005 (0.02)

Emotional Stability 0.028 (0.02) 0.02 (0.01) 0.009 (0.01) −0.005 (0.01) −0.021 (0.02)
Region Controlled Controlled Controlled Controlled Controlled

No. Groups 2170 2170 2170 2170 2170
No. Obs 2673 2673 2673 2673 2673

Note: p < 0.001 (***); p < 0.01 (**); p < 0.05 (*); and p < 0.1 (.). The reference categories for categorical variables are
as follows: ‘Female’ for Sex and ‘Village’ for Area. Source: Calculations of the author based on the RLMS data for
2016 and 2019.

3.2. Non-Cognitive Skills and Returns to Education

The extended model incorporates educational attainment into the analysis, resulting
in a Mincerian wage equation augmented with non-cognitive skill measurements. The
inclusion of education substantially alters the estimated effects of non-cognitive skills,
particularly for openness and conscientiousness, while introducing significant effects for
education itself. The results are presented in Table 3.

Table 3. Returns to non-cognitive skills, results of extended quantile mixed model (with education)
and inverse probability weights.

Variable Q10 Q25 Q50 Q75 Q90

Intercept 3.88 (0.16) *** 4.327 (0.1) *** 4.534 (0.08) *** 4.607 (0.09) *** 4.718 (0.1) ***
Edu: Secondary 0.15 (0.06) * 0.02 (0.04) 0.102 (0.04) ** 0.173 (0.04) *** 0.225 (0.04) ***
Edu: Vocational 0.23 (0.06) *** 0.105 (0.04) * 0.191 (0.04) *** 0.246 (0.04) *** 0.322 (0.06) ***

Edu: Tertiary 0.314 (0.06) *** 0.265 (0.04) *** 0.353 (0.04) *** 0.41 (0.04) *** 0.468 (0.06) ***
Experience 0.044 (0.01) ** 0.04 (0.02) * 0.053 (0.01) *** 0.064 (0.01) *** 0.026 (0.01) .

Experience Sqd. −0.002 (0) −0.002 (0) −0.003 (0) ** −0.003 (0) ** 0 (0)
Sex: Male 0.427 (0.05) *** 0.332 (0.03) *** 0.292 (0.02) *** 0.308 (0.03) *** 0.351 (0.04) ***

Area: Settlement 0.113 (0.08) 0.013 (0.06) 0.023 (0.05) 0.074 (0.06) 0.114 (0.08)
Area: City 0.18 (0.11) . 0.018 (0.07) 0.125 (0.06) * 0.155 (0.06) * 0.241 (0.06) ***

Area: Reg Center 0.175 (0.24) 0.089 (0.22) 0.171 (0.22) 0.164 (0.21) 0.249 (0.22)
Openness 0.036 (0.02) . 0.034 (0.02) . 0.029 (0.01) . 0.043 (0.02) * 0.042 (0.02) .

Conscientiousness 0.042 (0.02) . 0.013 (0.01) 0.008 (0.01) −0.008 (0.01) −0.005 (0.02)
Extraversion 0.024 (0.03) 0.007 (0.02) 0.017 (0.01) 0.025 (0.01). 0.009 (0.02)

Agreeableness 0.035 (0.03) 0.011 (0.01) 0.005 (0.01) 0.008 (0.01) −0.02 (0.01)
Emotional Stability 0.015 (0.02) 0.019 (0.01) 0.002 (0.01) −0.007 (0.01) −0.023 (0.02)

Region Controlled Controlled Controlled Controlled Controlled
No. Groups 2170 2170 2170 2170 2170

No. Obs 2673 2673 2673 2673 2673
Note: p < 0.001 (***); p < 0.01 (**); p < 0.05 (*); and p < 0.1 (.). The reference categories for categorical variables
are as follows: ‘Female’ for Sex, ‘Below Secondary’ for Educational Attainment, and ‘Village’ for Area. Source:
Calculations of the author based on the RLMS data for 2016 and 2019.
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In the baseline model, openness yielded strong returns across all quantiles, ranging
from 5.7% to 7.6% (Q10 to Q90). However, in the extended model, the returns to openness
decrease significantly after controlling for education, ranging from 3.6% to 4.2% across these
quantiles (Q10 to Q90). This reduction suggests that part of the observed effect of openness
on wages in the baseline model was mediated by educational attainment. Nevertheless,
openness remains statistically significant across most of the wage distribution, indicating
that it contributes to wage variation beyond its influence on education.

Interestingly, after controlling for education, two other statistically significant and
positive effects emerge. For conscientiousness, the effect becomes positive and statistically
significant for the young workers at the 10th percentile of the hourly wage, resulting in the
premium of 4.2% (p < 0.1). In turn, extraversion results in the 2.5% (p < 0.1) increase in the
hourly wage for the young workers at the 75th percentile of the hourly wage.

Educational attainment emerges as a strong predictor of wages, with tertiary education
producing the highest returns across all percentiles. At the 10th, 25th, 50th, 75th, and 90th
percentiles, tertiary education is associated with wage premiums of 31.4%, 26.5%, 35.3%,
41%, and 46.8%, respectively (all p < 0.001).

The inclusion of education reduces the returns to non-cognitive skills, which was
expected due to the strong link that exists between personality and educational choices.
Despite these changes, the significance of non-cognitive skills across several quantiles in
the extended model demonstrates their importance in predicting wage differentials, even
after accounting for educational attainment. These findings suggest that non-cognitive
skills operate both directly and indirectly through education to influence wages.

3.3. Does a Tertiary Degree Result in Higher Returns to Non-Cognitive Skills?

To isolate the effects of education on both wages and non-cognitive skills, separate
regression models were estimated for each education level. Due to the small sample
size, individuals who completed secondary education and those without any secondary
education were grouped into a single cohort labeled as “secondary or below”. Overall, the
approach of estimating the returns to non-cognitive skills separately for each education
level allows for a clearer comparison of returns to non-cognitive skills across the educational
attainment spectrum while eliminating potential confounding effects between education
and wages, and education and non-cognitive skills.

The coefficients of the returns to non-cognitive skills by education level, estimated
using the model with inverse probability weights, are presented in Figure 2. The results
highlight that workers without educational qualifications (i.e., “secondary or below”),
tend to benefit very little from their non-cognitive skills. As such, the models identified
only the effect of emotional stability for the workers in this category at the 10th percentile
of wage distribution (6.4%, p < 0.1). Very limited productivity is also observed for the
young workers with a tertiary degree, who benefit from their conscientiousness at the 25th
percentile of wage distribution (7.2%, p < 0.1).

For workers with secondary vocational education, the pattern of returns to non-
cognitive skills is more nuanced. As such, statistically significant and positive effects of
openness were found at almost all selected percentiles of hourly wage, except for the 10th.
At the above-median hourly wage, extraversion produces a premium of 3.9% for the young
workers at the 75th percentile. It is important to note that agreeableness was found to
penalize the hourly wage by 4.2% at the 90th percentile. This highlights the importance of
interpersonal and social skills for above mid-wage earners in vocational roles; however, it
emphasizes that being too agreeable does not pay off at the highest levels of wages.
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These results suggest that while non-cognitive skills contribute to wage variation
across all educational levels, their impact is mediated by both the level of education and
the position of workers within the wage distribution.

Figure 2. Returns to non-cognitive skills by level of education and wage quantile and results of
quantile mixed models with inverse probability weights.

3.4. Interaction Between Non-Cognitive Skills and Sex

Recent economic studies have consistently highlighted significant gender discrimina-
tion in the Russian labor market, demonstrating that women face notable disadvantages in
labor market rewards. This raises critical questions, such as whether non-cognitive skills
can help mitigate the gender pay gap. To explore this, a model with interaction effects
between sex and non-cognitive skills was estimated for wages at the median and higher
levels. The results of this analysis are presented in Table 4.
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Table 4. Returns to non-cognitive skills, results of quantile mixed model with interaction effect of sex
and non-cognitive skills and inverse probability weights.

Variable Q50 Q75 Q90

Intercept 4.69 (0.07) *** 4.815 (0.08) *** 4.93 (0.08) ***
Experience 0.069 (0.01) *** 0.075 (0.01) *** 0.053 (0.01) **

Experience Sqd. −0.004 (0) *** −0.004 (0) ** −0.003 (0) *
Area: Settlement −0.022 (0.07) 0.009 (0.07) 0.189 (0.09) *

Area: City 0.15 (0.07) * 0.212 (0.07) ** 0.305 (0.08) ***
Area: Regional Center 0.206 (0.27) 0.246 (0.27) 0.336 (0.26)

Sex: Male 0.233 (0.03) *** 0.272 (0.03) *** 0.273 (0.05) ***
Family: Married −0.011 (0.03) −0.014 (0.03) 0.037 (0.04)
Family: Divorced −0.027 (0.06) 0.008 (0.07) 0.057 (0.09)

Openness 0.063 (0.03) * 0.063 (0.03) * 0.072 (0.04) *
Conscientiousness −0.015 (0.02) −0.034 (0.02) −0.016 (0.03)

Extraversion 0.018 (0.02) 0.032 (0.03) 0.009 (0.03)
Agreeableness 0.037 (0.02). 0.009 (0.02) 0.015 (0.03)

Emotional Stability 0.017 (0.02) 0.003 (0.02) −0.021 (0.02)
Male × Openness −0.008 (0.03) −0.016 (0.04) 0.015 (0.04)

Male × Conscientiousness 0.028 (0.03) 0.028 (0.03) 0 (0.03)
Male × Extraversion −0.005 (0.03) −0.014 (0.03) 0.012 (0.03)

Male × Agreeableness −0.032 (0.02) . 0 (0.03) −0.017 (0.03)
Male × Emotional Stability −0.005 (0.02) −0.003 (0.03) 0.017 (0.03)

Region Controlled Controlled Controlled
No. Groups 2170 2170 2170

No. Obs 2673 2673 2673
Note: p < 0.001 (***); p < 0.01 (**); p < 0.05 (*); and p < 0.1 (.). The reference categories for categorical variables are
as follows: ‘Female’ for Sex, ‘Village’ for Area, and ‘Single’ for Family. Source: Calculations of the author based on
the RLMS data for 2016 and 2019.

Among non-cognitive skills, agreeableness stands out as the only characteristic that
significantly narrows the gender pay gap, with the effect being observed at the median
wage. Specifically, having female as the base produces marginally significant positive
effects by increasing the wages by 3.7% (p < 0.1). Conversely, the interaction term between
male and agreeableness shows a negative and statistically significant effect of −3.2% at the
50th percentile (p < 0.1). This suggests that agreeableness penalizes young men in the labor
market in comparison to young women. It does not, however, imply that investment in
agreeableness can help young women receive more fair rewards during entry into the labor
market. It rather means that for young men, being more agreeable results in a lower wage
premium than it does for young women.

3.5. Robustness Through a Life Course Lens: Are the Effects Consistent Across the Working-Age
Population Cohorts?

The analysis in the previous sections examined the effects of non-cognitive skills on
wages across different groups within the cohort of young women and men aged 16–29.
However, given the challenges faced by the youth in securing decent jobs during the
school-to-work transition, coupled with the fact that their wages at career entry tend to be
lower than those observed in the broader working population, it is reasonable to assume
that the patterns in the effects of non-cognitive skills on wages are quite distinct for this
age cohort. This assumption is further supported by the fact that the findings of this study
diverge in several ways from those of Maksimova (2019) and Rozhkova (2019), who also
used the RLMS dataset, but analyzed the entire working population from the 2016 data.
To further investigate the robustness of the findings with respect to 16–29-year-olds, and
explore the unique nature of age’s effects, this study adopts a life course perspective on the
relationship between non-cognitive skills and wages. Specifically, at the current stage, the
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analysis seeks to model the overall relationship between age and wages while accounting
for potential non-linearity in this effect.

Given the expected complexities and the potential for non-linear associations between
age and wages, a generalized additive model (GAM) is employed. GAM is particularly well
suited to this analysis due to its flexibility in capturing complex, non-linear relationships be-
tween predictors and outcome variables. Unlike traditional linear or polynomial regression
models, which impose specific functional forms on the data, GAM uses non-parametric
smoothing splines to estimate the relationships between variables. This approach allows
the data itself to guide the shape of the relationship, avoiding the need for strong a priori
assumptions about the functional form.

While a full discussion of the technical advantages and theoretical underpinnings of
GAM is beyond the scope of this paper, interested readers can refer to Wood (2006) and
Hastie and Tibshirani (2017) for detailed explanations. The analysis uses the mgcv (Wood,
2011) package in R. The model predicts the natural logarithm of hourly wages as a function
of a non-parametric cubic spline for age, controlling for categorical variables such as sex
and region. The results of this analysis are visualized in Figure 3.

Figure 3. The effect of age on log hourly wage estimated using generalized additive model. The solid
blue line represents the predicted function, while the dashed lines indicate the 95% confidence band.

The figure depicts a smooth term for the age variable modeled using splines. It
illustrates how the effect of age on the log of hourly wages deviates from the baseline effect
identified by the model. The y-axis represents the partial effect of the smoothed age term
on log wages, holding other variables constant. These partial effects are measured on the
same scale as the dependent variable, but are centered around 0 for interpretability. The
dashed lines indicate confidence intervals, reflecting the uncertainty around the estimated
smooth effect.

The plot reveals a U-shaped relationship between age and log wages; wages start
lower for younger workers (negative partial effect), increase with age, and peak around
ages 40–50. After age 50, wages begin to decline. Values below 0 indicate that the effect of
age on log wages is lower than the average effect. This pattern aligns with the age range of
the selected cohort, as the partial effect remains negative but slightly rises above 0 around



Economies 2025, 13, 114 13 of 20

age 35, the national threshold for youth in Russia. For individuals below this age, the
model predicts lower-than-average log wages relative to the overall population, holding
other factors constant.

With regards to this, the analysis considers the returns to non-cognitive skills for the
total working population of 16–65-year-olds, as well as age-specific cohorts of workers,
namely, 30–39-, 40–49-, and 50–65-year-olds. The results of this analysis are summarized in
Table 5. The general findings suggest that as individuals mature and transition through
different life stages, the wage rewards associated with various non-cognitive traits evolve,
reflecting changes in both workplace demands and societal expectations. In this respect,
the findings revealed in the analysis of the cohort of young workers aged 18–29 indeed
highlight unique patterns that set this demography apart from the broader working-age
population and specific age subgroups.

Table 5. Returns to non-cognitive skills based on the median wage models with inverse probability
weights, by age group.

Variable 16–65 30–39 40–49 50–65

Intercept 4.726 (0.06) *** 4.543 (0.14) *** 4.738 (0.12) *** 4.211 (0.14) ***
Experience 0.024 (0) *** 0.047 (0.01) *** 0.018 (0.01) * 0.046 (0.01) ***

Experience Sqd. −0.001 (0) *** −0.001 (0) *** 0 (0) . −0.001 (0) ***
Area: Settlement 0.043 (0.04) 0.11 (0.07) 0.003 (0.07) 0.129 (0.04) **

Area: City 0.115 (0.03) *** 0.1 (0.05) * 0.096 (0.05) . 0.097 (0.04) *
Area: Reg Center 0.346 (0.14) * 0.584 (0.31) . 0.036 (0.17) 0.095 (0.18)

Sex: Male 0.234 (0.01) *** 0.262 (0.02) *** 0.234 (0.02) *** 0.149 (0.03) ***
Family: Married −0.062 (0.02) ** −0.066 (0.03) * −0.013 (0.05) −0.021 (0.06)
Family: Divorced −0.09 (0.02) *** −0.093 (0.04) * −0.01 (0.05) −0.122 (0.06) *

Openness 0.094 (0.01) *** 0.093 (0.01) *** 0.087 (0.01) *** 0.102 (0.01) ***
Conscientiousness 0.017 (0.01) * 0.005 (0.01) 0.014 (0.01) 0.042 (0.02) *

Extraversion 0.013 (0.01) . 0.023 (0.01) * 0.009 (0.01) 0.001 (0.01)
Agreeableness 0.002 (0.01) −0.003 (0.01) 0.006 (0.01) 0.001 (0.02)

Emotional Stability 0.035 (0.01) *** 0.04 (0.01) ** 0.03 (0.01) ** 0.031 (0.01) *
Region Controlled Controlled Controlled Controlled

No. Groups 9797 3484 2824 2519
No. Obs 14648 4584 3818 3522

Note: p < 0.001 (***); p < 0.01 (**); p < 0.05 (*); and p < 0.1 (.). The reference categories for categorical variables are
as follows: ‘Female’ for Sex and ‘Village’ for Area. Source: Calculations of the author based on the RLMS data for
2016 and 2019.

Among all non-cognitive traits examined, openness emerges as the only characteristic
with consistent positive and statistically significant effects on wages across all age groups.
For young workers aged 18–29, openness yields a wage premium of 6.8% (p < 0.001) at the
median wage level, emphasizing its relevance during the school-to-work transition, where
adaptability and creativity may facilitate entry into better-quality jobs. This robust effect
persists across older cohorts, with openness contributing significantly to wage differentials
in the 30–40 (8.5%, p < 0.001), 40–50 (9.8%, p < 0.001), and 50–65 (8.7%, p < 0.001) age groups.
The stability of openness as a predictor highlights its universal value in the labor market,
irrespective of career stage. Its importance may stem from its association with traits like
adaptability, innovation, and willingness to learn—qualities that are increasingly valued in
modern workplaces.

In contrast to the robustness of openness, other non-cognitive traits exhibit substantial
variation in their effects on wages across age groups, reflecting the dynamic nature of
labor market rewards as individuals age and progress through different career stages.
For young workers aged 18–29, conscientiousness does not yield a statistically significant
effect on wages (1.6%, p > 0.05). This suggests that during the early stages of career
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development, traits like diligence and dependability may not yet translate into wage
advantages, possibly due to limited opportunities for responsibility or advancement, or
because conscientiousness, as was pointed out previously, is more important for finding a
job (Rozhkova, 2019). However, among older cohorts, conscientiousness becomes more
relevant. For instance, workers aged 50–65 experience a significant wage premium of
3.8% (p < 0.05), suggesting that traits associated with reliability and organizational skills
become increasingly rewarded in later career stages, where seniority and accumulated
responsibilities play a larger role.

Extraversion, which did not show a significant effect for young workers, becomes
significant for workers aged 30–40 (3.8%, p < 0.01), but loses its impact in later co-
horts. From the life course angle, this could reflect the importance of social and inter-
personal skills in establishing professional networks and securing promotions during
mid-career stages.

Emotional stability is insignificant for young workers aged 18–29, but gains importance
in older cohorts. For workers aged 30–40, it contributes a wage premium of 4.3% (p < 0.01),
declining slightly in significance for the 40–50 (3.4%, p < 0.05) and 50–65 (2.4%, p < 0.1) age
groups. This pattern suggests that emotional resilience becomes increasingly valued as
workers encounter more complex professional and personal challenges later in life.

Agreeableness shows no significant impact on wages across any age group, including
the 16–29 cohort. This suggests that traits associated with cooperativeness and empathy
may not be strongly rewarded in the labor market, potentially reflecting societal biases
favoring assertive or competitive behaviors in wage negotiations.

These findings underscore the importance of adopting a life course perspective
when examining the role of non-cognitive skills in shaping wage differentials. While
openness proves to be a universally rewarded trait across all age groups, the effects
of other traits like conscientiousness, extraversion, and emotional stability are far more
context-dependent, reflecting shifting labor market expectations and the evolving nature of
professional responsibilities.

For young workers, non-cognitive skills like openness may facilitate early career
success by enhancing adaptability and employability. As individuals mature, traits such as
conscientiousness and emotional stability gain prominence, aligning with the increasing
importance of reliability and resilience in mid- to late-career stages. This dynamic interplay
between non-cognitive skills, age, and wage rewards highlights the need for targeted
policies and interventions that promote skill development tailored to different career
phases, ultimately supporting sustainable labor market success over the life course.

4. Discussion
The findings of this study confirm that non-cognitive skills yield heterogeneous returns

in the Russian labor market for the youth transitioning from school to the world of work,
suggesting that the effects of these skills may be non-linear, not only in relation to wages,
but also potentially across other socio-economic outcomes. The analysis highlights the
distinct impact of specific non-cognitive traits across the wage distribution and based on
various socio-demographic factors.

Though only a limited number of studies have estimated the returns to non-cognitive
skills using quantile regression, they align in pointing to heterogeneous returns to non-
cognitive skills across the wage distribution. The findings of the current study are consistent
with those that indicate higher returns to non-cognitive skills for high-paid workers (e.g.,
Collischon (2019) or Edin et al. (2022)), as the baseline model outlined the gradual increase
in the effect of openness along the wage spectrum.
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Notably, openness emerges as the most productive non-cognitive skill. With a big gap,
it is followed by emotional stability and conscientiousness. While the magnitude of each
trait’s effect varies, their influence remains consistent across wage levels, underscoring the
broad applicability of these traits in enhancing productivity across the wage spectrum.

Though the strongest effect of openness is in line with two previous studies on returns
to non-cognitive skills in the Russian labor market (Maksimova, 2019; Rozhkova, 2019),
mixed evidence exists in the international body of work, with studies pointing to both
negative (Mueller & Plug, 2006) and positive (Seibert & Kraimer, 2001) relationships.

In contrast, extraversion does not significantly benefit lower-paid workers but has a
meaningful effect for those in middle- and high-wage brackets, indicating that interpersonal
skills may yield a higher return in roles associated with greater responsibility or complexity.

In that respect, multiple models were used to estimate returns to non-cognitive skills
with and without educational attainment. Crucially, even when educational attainment
is incorporated into the model, non-cognitive skills continue to show statistically significant
returns. This finding aligns with much of the economic literature that emphasizes the robustness
of non-cognitive skills in explaining wage differentials. The present results, therefore, affirm
that non-cognitive skills contribute uniquely to earnings, beyond the gains attributed to formal
education. This result aligns with evidence that adopted a different approach: assessing returns
to education first, and then including non-cognitive skills in the model, which resulted in a
substantial drop in the educational coefficients (Bowles et al., 2001).

The fact that non-cognitive skills almost do not produce significant returns amongst
the youth without professional qualifications (i.e., secondary school completed or even
below) highlights the alarming position of the youth with basic education in the la-
bor market; their integration into the world of work is not mediated by non-cognitive
skills. The same applies to the youth with a tertiary degree, underscoring the very lim-
ited role of personal characteristics in the success of labor market entrants with a higher
level of education.

An intriguing discovery of this study refers to the heightened productivity of non-
cognitive skills among individuals without advanced educational qualifications (i.e., sec-
ondary vocational education). While initially unexpected, this result is theoretically consis-
tent. First, higher education is often associated with the development of cognitive skills
that can independently boost productivity, potentially reducing reliance on non-cognitive
traits. Conversely, for those with lower academic qualifications, non-cognitive skills may
compensate for fewer technical or cognitive competences, thus playing a more central
role in productivity. Additionally, non-cognitive traits may hold particular value in posi-
tions or tasks that require personality and behavioral competencies, rather than advanced
academic qualifications. For example, in roles where soft skills such as adaptability and
interpersonal acumen drive job performance, less-educated workers may rely on these
traits to succeed and stand out. Finally, labor market demands may also play a role. In
recruiting for positions that do not require advanced degrees, employers might prioritize
candidates’ non-cognitive skills, assessing personality traits such as resilience, work ethic,
and adaptability as proxies for potential and reliability.

To further understand gender-based wage differentials, models with interaction be-
tween non-cognitive skills and sex were estimated for male and female workers. The
analysis reveals that agreeableness is the only trait penalizing returns for young men in
comparison to young women, albeit with a modest margin. This finding suggests that,
while non-cognitive skill development may support wage gains for women, its potential
for closing the gender wage gap remains limited, a conclusion in line with the existing
narrative in Russia and beyond that differences in non-cognitive skills are not the main
factor in gender wage differentials (Nordman et al., 2015; Rozhkova et al., 2021; Tognatta
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et al., 2018). Finally, the different nature of rewards for non-cognitive skills for women and
men identified in agreeableness highlights the role of gender norms in the labor market
(Glewwe et al., 2022).

Finally, this study explores the role of non-cognitive skills in promoting sustainable
employment for young people. The analysis finds that the returns to non-cognitive skills
among individuals aged 18–29 differ markedly from those observed in the broader working
population. This divergence likely reflects the unique challenges that young people face as
they navigate entry into the labor market and strive for stable employment. More broadly,
this finding suggests that the productivity of non-cognitive skills evolves over workers’
lifespans, adapting as individuals mature and navigate different life transitions. This life
course perspective on non-cognitive skills is new with respect to labor market outcomes.
While a substantial body of work exists with respect to the effects of non-cognitive skills
through the life course lens on health behaviors (Carter et al., 2019; Chiteji, 2010), education
(R. Elkins & Schurer, 2020; Hsin & Xie, 2017), and even inter-generational mobility (Kröger
et al., 2024), this perspective can also enhance labor market studies.

5. Research Limitations
This study presents several limitations. First, a crucial shortcoming refers to the

absence of a measure of cognitive skills, which would enable a more nuanced anal-
ysis of unobserved abilities. Ideally, literacy and numeracy test scores would be in-
cluded as critical predictors alongside non-cognitive skills to capture cognitive factors
directly. In other words, proxies of intelligence could serve as a valuable supplement to
enhance the model’s robustness and the understanding of the role that skills produce for
wage differentials.

A second limitation lies in the exclusion of occupational and organizational charac-
teristics. While including these factors could provide further insights into how the work
environment influences the effects of non-cognitive skills, doing so poses some controversy.
The literature suggests that non-cognitive skills, which stem from personality traits, influ-
ence how individuals are sorted into occupations. This sorting occurs through personal
preferences for certain professions (often guiding education choices too) and perceived
productivity factors unique to specific occupations (Filer, 1986). The decomposition of pay
gaps based on personality traits reveals that pay disparities favoring certain personality
types can be attributed to personality-driven differences in occupational paths (Nandi &
Nicoletti, 2014). In this respect, the potential inclusion of occupation in the model might
substantially bias the estimation of the returns to non-cognitive skills, as occupation would
also be a major channel for wage differentials.

The third limitation is to do with the data. The RLMS only collected the non-cognitive
skills data in the 2016/2017 and 2019/2020 waves, with the data from the survey module
being publicly available 4 years after it was collected. Therefore, the study of non-cognitive
skills and labor market outcomes in the Russian context does not consider other socio-
economic and demographic transitions that happened in the country after 2020. Further-
more, these external institutional factors are beyond the scope of the analysis, with the
focus being on the individual characteristics observed from the labor supply side.

Furthermore, the change in non-cognitive skills over time is another consideration.
While previous research in economics confirms that these characteristics become stable in
adulthood (Cobb-Clark & Schurer, 2012, 2013; R. K. Elkins et al., 2017), analogous studies
on the example of the Russian context have not been published yet, but are being carried
out. However, previous evidence in economic research assure that in a 4-year interval, the
changes in non-cognitive characteristics are primarily not significant, therefore the random
intercept term for individual (ID) adopted in the current study should be a sufficient
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solution to account for the non-independence of observations, due to the longitudinal
nature of the data.

Finally, though the study leverages the mixed-model design and incorporates indi-
vidual random intercepts, it does not fully address the endogeneity due to the omitted
variable bias that could potentially impact both non-cognitive skills and wages. In this
respect, the findings of the study should not be interpreted in a causal manner.

6. Conclusions
The findings of this study underscore the heterogeneous impact of non-cognitive

skills on wages, revealing a nuanced and non-linear relationship between these traits
and labor market rewards. In this respect, the results provide a response to the major
research question guiding this study, namely, whether the returns to non-cognitive skills
are heterogeneous across the different pay levels. This heterogeneity suggests that the
returns to non-cognitive skills vary significantly across the wage distribution, an insight that
has important implications for future research. In other words, low-, medium-, and high-
paid young workers benefit differently from their non-cognitive skills, with openness being
the most influential skill throughout. Subsequent studies could explore non-linearity in its
effect of non-cognitive skills on other socio-economic outcomes and behaviors, offering a
broader perspective on how these skills shape individual economic and social trajectories.

Another critical finding is that non-cognitive skills yield significant wage returns, even
after controlling for educational attainment, thus addressing another research question
of the study. This result highlights the unique and robust contribution of non-cognitive
traits to wages beyond what formal education alone can explain. This finding reinforces
the argument that though non-cognitive skills affect earnings indirectly, through educa-
tional choices, they are essential in shaping individual productivity and economic success,
irrespective of one’s formal schooling.

Given that the third question guiding this inquiry is related to the effect of non-
cognitive skills on wages with respect to different levels of education, the study reveals
that non-cognitive skills are particularly advantageous for individuals with lower levels
of educational attainment, suggesting that these traits play a compensatory role for those
without advanced academic qualifications. In roles that do not necessitate a high level of
formal education, non-cognitive skills appear to be instrumental in achieving labor market
success. This insight carries practical implications for workforce development policies,
especially those aimed at supporting individuals with limited formal education in accessing
stable, rewarding employment. On the other hand, future research in this domain could
potentially address the effect of higher education on the development and acceleration of
non-cognitive skills.

Finally, this study shows that the returns to non-cognitive skills are distinctly different
for younger workers compared to the general working population, underscoring how
the productivity of these traits evolves across one’s lifespan. As individuals mature and
navigate various life transitions, the role of non-cognitive skills in contributing to economic
outcomes changes, reflecting the shifting demands and priorities at different career stages.
For young adults, non-cognitive skills hold particular importance in facilitating entry into
the workforce and securing pathways to sustainable employment.
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