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Abstract 
 
This paper discusses the returns to non-cognitive skills based on results of a meta-analysis. 
The systematic literature review of articles published in the last decade and analysing labour 
market outcomes and non-cognitive skills allowed us to extract more than 300 estimates 
linking earnings and non-cognitive skills, most often measured by the Big Five inventory. The 
results of meta-analysis point to heterogeneity in the estimated signs and significance of a 
particular non-cognitive skill. We observe that conscientiousness and openness are two 
personality traits that bring higher earnings, while agreeableness and neuroticism (low 
emotional stability) are associated with receiving lower earnings. Some gender differences 
are also observed. Older and female participants seemed to benefit more from programmes 
targeted at developing non-cognitive skills than younger participants and men. However, 
there is a positive selection of female participants to enrol to programmes with better 
prospects (e.g. longer in duration). 
 
Keywords: Big Five; Meta-analysis; Non-cognitive skills; Earnings, Programme 
effectiveness; Returns 
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1. Introduction 
 

The debate on what skills people need for the future, particularly in the context of the 
changing world of work, is very lively (e.g. Gonzalez-Vazquez et al. 2019). There is a common 
understanding that new advanced technologies (e.g. robotics, artificial intelligence, internet 
of everything) are going to affect the world of work. However, there is a disagreement among 
scholars about the share of jobs being at high risk of automation (Frey and Osborne, 2013; 
Arntz et al. 2016; Nedelkoska & Quintini, 2018; Lordan, 2018). While some jobs might 
undergo transformation due to a change in tasks content (Eurofound, 2020), others are 
expected to be created as it has happened in previous waves of technological change (e.g. 
Gonzalez-Vazquez et al. 2019). However, the bottom line is that the nature of jobs is 
transforming and, consequently, the demand for workers' skills is changing too. This implies, 
in turn, that the returns to skills are also expected to change. The World Economic Forum 
(2015) emphasises that "to thrive in today’s innovation-driven economy, workers need a 
different mix of skills than in the past” (p.2). 

Some changes in the demand for skills are already observed, for example Jaimovich and Siu 
(2018) show that between 1980 and 2000 there was a positive change in the importance 
of social skills in the occupations, which translated into an increase in the demand for high-
skilled female workers. Many ongoing discussions on what skills will be needed for the future 
are pointing at growing importance of socioemotional skills (Puerta, Valerio, & Bernal, 2016). 
A recent analysis of online job advertisement indicates that teamwork and adapting to 
change were the two most frequently mentioned skills by hiring employers (CEDEFOP, 2019). 
Some forward-looking studies indicate that workers equipped with cognitive and meta-
cognitive skills (e.g. critical thinking), non-cognitive skills (e.g. empathy, work readiness and 
collaboration), and digital skills, are expected to better fit into future work environments 
(OECD, 2019). CEDEFOP survey data (2016) shows that most of the jobs, which are 
anticipated to expand until 2025, require at least a moderate level of digital skills and a high 
level of non-cognitive skills. These forecasts find reflection in the situation of workers, who 
are expected to earn more in occupations that require a combination of non-cognitive skills 
with moderate or advanced use of ICT skills (Gonzalez-Vazquez et al. 2019). In addition, 
since the 80s, the increasing importance for social skills on the labour market, the skills in 
which humans have advantage over machines, translates into observed higher wage 
premiums (Deming, 2017).  

Indeed, several studies point to the growing importance of non-cognitive skills for 
employability and earnings. In this paper, we aim at enhancing knowledge and add some 
more recent evidence on the relationship between non-cognitive skills and earnings. In 
particular, we discuss non-cognitive skills in the context of people's labour market positions, 
operationalised by levels of earnings. We have systematically collected articles discussing 
non-cognitive skills and labour market performance that were published in the last decade 
(2009-2019). We have narrowed down our research to this period as the prior studies in this 
area had been reported to have several limitations related to e.g. reverse causality and 
measurement error (Heckman et al., 2006). We have retained 29 empirical studies, delivering 
333 estimates, from which we can draw conclusions, with regard to what kind of non-
cognitive skills are rewarded on the labour market.  

Second, in order to draw conclusions at a much more disaggregated level than ever done 
before, we have constructed two databases from the research findings. While the first 
database focuses on observational data (see Table 1), collected from estimates obtained 
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from Mincer equations or similar single-equation regression models (following Montenegro 
& Patrinos, 2014 and Patrinos, 2016), the second database delivers causal evidence on 
programme effectiveness (following Kluve, 2016). All these programmes aimed at increasing 
participants’ non-cognitive skills (see Table 2).  

We address the three following research questions: 

1. What is the state of the art of knowledge on relationship between non-cognitive skills 
and earnings 

2. What is the relationship between non-cognitive skills and earnings based only on 
quantitative and robust studies. 

3. Are training programmes, targeted at non-cognitive skills and improvement of 
participants’ employability, also effective in increasing participants’ earnings? 

Consequently, we will start with the systematic literature review to address the first question. 
Then the second question will be addressed by applying meta-analysis to studies with 
observational data; and the third question by using the database with causal evidence from 
training programmes targeted at non-cognitive skills.  

Additionally, we have clustered the non-cognitive skills retrieved from the 29 studies by using 
a homogenous definition. For example, with regard to the first database, most studies have 
constructed standardised scales for non-cognitive skills using surveys that underlie the Big 
Five inventory. For the second database we could extract programmes solely focusing on 
non-cognitive skills from those programmes that combine them with academic (often 
vocational-oriented) skills. Consequently, these two databases together offer a unique 
disaggregated perspective on the heterogeneous returns to non-cognitive skills, from which 
conclusions could be drawn for policymakers, school leaders and programme designers. 

Finally, the collected study and programme characteristics allow us to make statistical 
inference for: (1) men and women separately; (2) the returns to non-cognitive skills 
controlling and not controlling for educational attainment; (3) programme effectiveness 
targeted at non-cognitive skills (un)conditional on employment; and (4) the effectiveness of 
trainings in non-cognitive skills by programme duration, population characteristics, and the 
timing of the data collection after programme ending. Statistical inference from the two 
databases is facilitated using different meta-analysis techniques described in the section 4. 

This paper proceeds as follows. In section 2, we discuss the issue with the measurement on 
non-cognitive skills. In section 3 we introduce the findings on the relationship between non-
cognitive skills and earnings based on previous studies. In section 4 we explain our data and 
the process of building databases. In section 5, we present different techniques (and steps 
followed) in the meta-analysis. The main results with regard to the returns to personality 
traits are presented in Section 6. Sections 7 and 8 deal with the effectiveness of programmes 
targeted at interpersonal and soft skills and personality traits. Section 9 includes a discussion 
on robustness of the results. Section 10 concludes. 
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2. Addressing measurement of non-cognitive skills  
 

While there is a common understanding of what cognitive skills are, the attempts of defining 
what constitute the remaining important skills seems far more complex. Probably, defining 
these skills by exclusion and labelling them ‘non-cognitive’ as Messick did (1978, p.2) added 
more complexity rather than simplifying the understanding of what those skills are. Non-
cognitive skills can be defined as patterns of thoughts, feelings and behaviour that affect 
social interactions with others (Borghans et al., 2008). Farrington et al. (2012) highlight that 
the term ‘non-cognitive’ is unfortunate as it reinforces a false dichotomy. Also other authors 
indicate potential shortcomings in the use of the term ‘non-cognitive’. For example, 
Duckworth and Yeager (2015) point at its lack of precision, encompassing heterogeneity of 
categories and difficulty in measurement. Moreover, Kankaras (2017) points at the 
inaccuracy of the term itself, which in his opinion is “too broad to be useful” and “incomplete”. 
In particular, it implies the absence of cognitive activities: this is also misleading, as the use 
of those skills in many instances fundamentally depends on cognition (Ibidem). Despite these 
deficiencies in the term non-cognitive, economists have a preference to use it to refer to 
about behavioural characteristics and personality traits (Sánchez Puerta et al., 2016).  
“Soft skills” is another label used by Heckman and Kautz (2012) who tried to summarize 
what important skills, apart from cognitive, are still missed or mismeasured in achievement 
tests. Yet, in the literature we can find plenty of other definitions (e.g. non-cognitive skills, 
social and emotional skills, 21st Century skills, character skills, life skills) used by researchers 
referring to very similar and overlapping concepts of skills (e.g. Sánchez Puerta et al., 2016). 
Sometimes, researchers may refer to the same concepts using different labels. For example, 
Deming (2017) deemed social skills increasingly important for the job market, which he 
defined as sociability and participation in sports or clubs, or extraversion. He showed that 
the returns to these social skills in the U.S. increased from 2.0% in the late 1980s and 1990s 
to 3.7% between 2004 and 2012. He additionally argued that these findings were robust to 
controlling for non-cognitive skills, defined as locus of control and self-esteem. By contrast, 
Heckman and Kautz (2013) classified locus of control and self-esteem as “character skills”. 
Furthermore, social skills are also labelled interpersonal skills (Acemoglu & Autor, 2010; 
Autor & Handel, 2013), soft skills (Heckman & Kautz, 2012), or people skills (Borghans et al., 
2014). As a result, given the variety in the definitions underlying those skills, it is not 
surprising that “hard evidence on soft skills” (Heckman & Kautz, 2012) is difficult to deliver. 
 
One may then rightly wonder whether (and how) we can draw unambiguous conclusions 
from the previous literature on non-cognitive skills, as this confusion among what those skills 
are may seriously hamper statistical inference. Yet, despite this lack of agreement on 
defining those skills in theoretical discussions, in empirical analysis researchers most often 
referred to the Personality model called “Big Five” to assess non-cognitive skills of 
individuals. This model emerged in the field of psychology as a meaningful taxonomy for 
studying individual differences (Barrick & Mount, 1991). It recognises five broad dimensions 
of personality traits: conscientiousness, openness, extraversion, agreeableness, neuroticism. 
The personality traits of the Big Five model are often presented with the acronym CANOE or 
OCEAN. In this model, each person has five traits (See chart 1), each scored on a continuum 
from high to low. The main reason of the popularity of the Big Five model among researchers 
is that its validity of the measurement has been demonstrated through self-, observer-, and 
peer-ratings (Fiske, 1949; Goldberg, 1990; Norman, 1963; Smith,1967). This model, although 
criticised by some researchers (e.g. Block 2010), is considered as the most accurate 
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approximation of the basic personality trait dimensions (Funder, 2001) and the Big Five 
personality traits tend to be relatively stable over our lifespan (Spielman et al., 2014), with 
conscientiousness and agreeableness having some tendency to increase, and neuroticism 
and extroversion tending to decline slightly, with age (Ibidem).  
 

Figure 1 Big Five model – continuum of traits from low to high 

 
Source: Spielman et al. (2014) p. 399 

 
There are also other alternative methods to measure personality traits. For example, the 
HEXACO model differs from the Big Five through its inclusion of a sixth factor, Honesty-
Humility (also known as the H-factor) (Ashton & Lee 2007). Nevertheless, the main 
advantage of Big Five model, as compared with other competing models of human 
personality differences, is the highest amount of accumulated empirical evidence.  
 

3. What do we know about relationship between non-cognitive 

skills and earnings?  
 
Individuals may treat accumulation of human capital – in terms of skills, knowledge, and 
abilities – as an investment, expecting that the incurred costs of education and training may 
bring them higher earnings in the future. The relevance of skills in explaining differences in 
earnings was first analysed by Becker (1964) who though focused only on cognitive skills. 
While a series of meta-analyses studies summarizing the effectiveness of personality traits 
in predicting job performance were carried out in the 1990s (Barrick & Mount, 1991; Tett et 
al., 1991, 1999), few of them focused on relation of personality traits and earnings. The 
conceptual framework in which personal traits were included in the explanation of the 

https://sites.psu.edu/leadership/files/2017/09/Canoe-1mp86qo.jpe


The Returns to Non-Cognitive Skills: a Meta-Analysis 

 

 

 

7 

   

residual variance in the individual level of earnings not captured by the usual measures of 
schooling and work experience was proposed by Bowles and colleagues (2001). Yet, the 
research on returns to skills started to gain on importance only when the skills became 
acknowledged as the key ingredient in modern knowledge-based economies (Hanushek & 
Woessmann, 2008; Broecke, 2015; Hanushek et al., 2015). However, difficulty in 
measurement of skills and omitted variables (e.g. skills not taken into account) are pointed 
by Hampf et al.  (2017), next to reverse causation, as potential threats to causal identification 
of the relationship between skills and labour market outcomes.  
Individuals’ personal traits may have impact on wages by directly affecting individual’s 
productivity, or indirectly by impacting their level of schooling or work experience (Heckman 
et al., 2006). The direct effect stems from personality being considered part of a worker's 
endowment, which is rewarded directly by the employer. Looking more closely at indirect 
impact, we see that the non-cognitive skills explain the variance in educational attainment 
(see Cunha et al., 2010). For example, whilst conscientiousness has the most predictive 
power to explain the educational attainment (Almlund et al. 2011), the correlation between 
neuroticism, extraversion, and agreeableness and educational attainment is negative 
(Goldberg et al., 1998; van Eijck & de Graaf, 2004). Additionally, Roberts et al. (2007) enlist 
five reasons why personality traits matter for the occupational achievements. Firstly, 
because people’s characteristics matters for individuals’ choices of education paths and also 
choices of occupations. For example, more conscientious people may prefer conventional 
jobs, such as accounting, whilst extraverts may prefer to become teachers or work in 
business management. Secondly, people with certain personal characteristics may be treated 
in a preferential way. For instance, more extraverted, conscientious, and less neurotic 
applicants may be perceived in a better way by recruiters and receive job offers more 
frequently (Cook et al., 2000). Third, personality traits may positively affect individuals’ 
adaptability to work environments and this translates into their better productivity. Fourth, 
people behaviour may be determined by their personality traits. For example, some people 
may drop schools or jobs as consequences of “attrition” or “deselection pressures” (Cairns & 
Cairns, 1994). Finally, personality traits may promote certain kinds of task effectiveness. For 
instance, neurotic - emotionally unstable - individuals may experience either too much or too 
little external stimulation, and consequently this may lead them to perform their tasks poorly 
(Gardner & Cummings 1988). Extraversion is a strong predictor of workers performance, 
especially those in the upper tail of income distribution. Therefore, when looking at the 
relationship between non-cognitive skills and wages, it is important to control for 
occupational level and occupational status. Using occupation as a control variable is also 
important in the context of bidirectional relations between personality traits and job 
performance, as for example, extraversion may be required in some jobs whilst introversion 
in others (Tett at el., 1991).  
Existing research results suggest that the relationship between social and emotional skills 
and income varies also in terms of gender. For example, Mueller & Plug (2006), in a model 
in which they control for occupation, industry and job characteristics, find that male earned 
more when being less agreeable, more emotionally stable, and more open to experience, 
whilst for women, conscientiousness and being open to experience were associated with 
higher earnings. On average, men are less agreeable than women and they are alone getting 
wage premium for that trait (Mueller and Plug, 2006). Similar results were observed in a 
study of O’Connell & Sheikh (2011): men obtained 1.3% lower earnings per each unit 
increase on the agreeableness scale, while this effect was not observed for women. In this 
study, all personality factors, except extraversion, had significant effects on earnings with 
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openness being the most significant predictor of the variance in earnings, followed by 
emotional stability and conscientiousness (O’Connell and Sheikh, 2011). Apart from the same 
gender association between agreeableness and earnings, Nyhus & Pons (2005) argue that 
when looking at impact of personality traits on variation in earnings, it is crucial to control 
for educational level. In this line of research, Gensowski (2014) is showing that men with 
post-graduate education benefit more from conscientiousness or extraversion when 
compared to men with a bachelor's degree or less. The relationship between non-cognitive 
skills and income is also moderated by cultural context, which is the key environmental 
determinant of a person’s personality. For example, Rammstedt et al. (2017) explain that 
the unexpected negative association between openness and income observed in several 
countries, like Germany or Latvia, could be attributed to cultural differences. Also the analysis 
of a large Dutch sample conducted by Gelissen & de Graaf (2006) reported that openness 
was negatively correlated to earnings for men (but uncorrelated for women).  

4. Data 
 

In order to bring more understanding on the relationship between non-cognitive skills and 
labour market outcomes, in the first step, we performed the systematic literature review. We 
have screened relevant literature published in English between 2009 and 2019. We departed 
from a list of key words written in Boolean terms (see Box 1). In our search, we have used 
extensive list of skills. We understood labour market performance broadly e.g. employability, 
level of wages, job quality and length of job search. In particular, we have used a set of two 
separate Boolean terms that allow us to distinguish between literature on non-cognitive skills 
and outcomes on the labour market, on the one hand, and literature on personality traits and 
outcomes on the labour market, on the other hand.  
Box 1: Boolean terms with regard to a systematic literature on skills and the labour 

market 

Economic literature on non-cognitive skills and the labour market 

((non-cognitive OR cognitive) AND (education OR skills OR competences OR IQ)) AND ((labour 
OR labor) OR (work) OR (employed OR employment OR earnings)) 

Psychological and educational literature on non-cognitive skills and the labour 

market 

(personality traits OR soft skills OR character skills OR human literacy OR 21st century skills 
OR life skills OR key competences OR social skills OR emotional skills) AND ((labour OR labor) 
OR (work) OR (employed OR employment OR earnings)) 

Notes In the first phrase of Boolean terms we have mentioned non-cognitive and cognitive together whereas many 
articles discuss both terms together. This expands the list of search results, after which we have assessed the relevance 
of the articles including ‘cognitive skills’. Articles were only kept in case they mention both non-cognitive and cognitive 
skills. 

 

With regard to the key words on personality traits, we have additionally searched on key 
words, which we have found in the literature and had overlapping meaning, for example: 
socio-emotional skills; social and emotional skills; transversal competences; transversal 
skills; open-mindedness; creativity; entrepreneurship; digital competence; digital skills; 
resilience; adaptability; critical thinking; problem solving; teamwork; flexibility; innovation; 
sociability; empathy; collaboration; emotional control; self-efficacy; openness to learn and to 
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change; curiosity; creativity; planning/organisation; responsibility; persistence; 
communication; initiative; positivity. 
We used the search engines: LIMO, Web of Sciences and Scopus, ERIC and Google Scholar. 
To conclude with, we have added articles to the database using other methods, namely 
cross-citations of heavily cited papers in the past 10 years and snowball methods. 
Eventually, we have found 117 relevant articles (see Figure 1). 
 

 
Figure 2: Selection of articles based on systematic literature review. 
 

These 117 studies fit the additional following inclusion criteria: 

 Published in peer reviewed journals, or accessible online in case of reports, between 
2009 and 2019; 

 English-written articles, working papers, or reports, which are downloadable by KU 
Leuven login1 or by using open access; 

 Books are excluded2; 

 Geographical coverage: all countries are included 
 

In the following step, the articles were coded with values from 1 to 4 using the classification 
from the evidence-based pyramid (Paul & Leibovici, 2014; Berlin & Golub, 2014) (see Figure 
3). This was done to distinguish between papers with the highest level of evidence (e.g. 
randomized controlled trials (RCT) or experimental studies), which were coded with the value 
of 1, from the quasi-experimental studies, coded as 2 (e.g. difference-in-differences, 
regression discontinuity design or matching estimators). The correlational studies were 
coded with a value of 3 because they lack of (random) assignment to a treatment, and the 
authors of such studies face endogeneity problems that may bias the presented estimates 
(e.g. omitted variable bias, error-in-variables bias, and reversed causality). The interpretation 
of results of such studies needs to be treated with caution. In the fourth category we retained 
studies that are qualitative in nature (e.g. case studies), that consist of expert opinions or 

                                                 

 

 
1 KU Leuven has access to a wide variety of journal articles and reports. It additionally supports the search engine LIMO that 
contains over 1.5 billion items (e-journals, books and e-books, databases and other media). LIMO and Web of Science yield 
similar results. As such, the KU Leuven login was not an issue in downloading most of the items for this study. 
2 We agreed upon meeting with JRC that books were excluded from the search for articles. Books are not easy accessible for 
download and costly, and not easy to summarize in the database as they often cover many other topics than relevant for this 
study. If dissertations were considered useful, we have searched for the publication of the relevant chapter in a journal, 
accordingly. 
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that relate to conceptual (theoretical) models without (causal) empirical evidence. Articles 
presenting systematic literature reviews can be classified according to the studies that the 
review discusses. For example, a meta-analysis relying on quasi-experimental studies can 
be classified in category 2. A literature review of correlational studies can be placed in 
category 3, etc. However, the articles presenting literature reviews that use narrative 
approaches will be classified in category 4. 

 

 

Figure 3: The evidence-based pyramid

. 
Source: A modified version of the evidence-based pyramid (originally produced by Jan 
Glover, David Izzo, Karen Odato and Lei Wang, EBM Pyramid and EBM Page Generator, 

copyright 2006 Trustees of Dartmouth College and Yale University). 
https://guides.lib.uci.edu/ebm/pyramid, accessed on 18 February 2021. 

 

The final version of database containing 117 articles was used as a basis to extract articles 
for further meta-analysis. As the evidence on other topics linking non-cognitive skills and 
labour market performance is still scarce, we decided to narrow down the meta-analysis to 
analytical work focusing on relationship between non-cognitive skills and level of earnings. 
These articles were divided into two subsets: the first set includes 15 studies (see Table 1) 
that cover the analysis of relationship between non-cognitive skills and earnings in which 
estimates were presented by using Mincer equations or correlations (we called it Database 
I) and the second set of articles consists of studies measuring the impact on earnings of 
training programmes targeting at non-cognitive skills (we called it Database II, see Table 2). 
As the Boolean algorithm used for the systematic literature review did not include terms like 
“intervention”; and “training programmes” an additional search was done to update the list 
of already identified research articles. The article written by Kluve et al. (2019) presenting 
the systematic review on this topic was also used for that purpose. This additional effort to 
select other relevant articles, identified 10 additional studies, which were added together 
with other articles, and estimates extracted from these studies are included in the database 
II. In terms of quality it is worth mentioning that all studies but one in database II are 
randomized controlled trials and all studies except two are covering a developing country.  

In general, we have noticed that the quality of evidence with regard to the labour market 
outcomes ascribed to non-cognitive skills improved considerably over the last decade. For 
example, of the 29 studies from database II, 13 studies are based on randomised controlled 
trials, and 9 studies use a quasi-experimental method. As such, only a minority of studies 

https://guides.lib.uci.edu/ebm/pyramid
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(7) is correlational in nature. Kluve et al. (2019) argue that there is a general ongoing trend 
post-2010 of assessing impact of training programmes in developing countries. The training 
programmes mostly involve training of interpersonal or soft skills, or work readiness skills, 
and are sometimes provided in combination with personality traits and/or cognitive skills (e.g. 
vocational training through job placement or basic skills training, numeracy, literacy). The 
training programmes run for 6 to 12 months, however, a small number of programmes are 
considerably shorter (e.g. Groh et al., 2016) or longer (e.g. Rodriguez-Planas, 2012). 

Table 1: Selected studies on the returns to non-cognitive skills in Database I 

ID 

First 

author Year 

Geographical 

coverage Meth.1 Skills2 Definitions of skills 

1 Acosta 2015 Colombia 3 Big Five agreeableness; conscientiousness; extraversion; 
neuroticism; openness 

2 Adhitya 2019 Indonesia 3 Big Five agreeableness; conscientiousness; extraversion; 
neuroticism; openness 

3 Albandea 2018 France 3 Other  perseverance; self-esteem; risk-taking 

4 Balcar 2016 Czech Republic 3 Other scale of 15 soft skills 

5 Chowdhury 2017 Bangladesh 3 Big Five agreeableness; conscientiousness; extraversion; 
neuroticism; openness 

6 Cunningham 2016 Peru 3 Big Five & 
other 

consistency of interest; cooperation; kindness; 
perseverance; conscientiousness; emotional stability; 
openness 

7 Deming 2017 U.S. 3 Other social skills; locus of control; self-esteem 

8 Diaz 2013 Peru 2,3 Big Five agreeableness; conscientiousness; extraversion; 
neuroticism; openness 

9 Fletcher 2013 U.S. 2,3 Big Five agreeableness; conscientiousness; extraversion; 
neuroticism; openness 

10 Gensowski 2014 U.S. 2 Big Five agreeableness; conscientiousness; extraversion; 
neuroticism; openness 

11 Girtz 2012 U.S. 2,3 Other locus of control; self-esteem 

12 Heineck 2010 Germany 2,3 Big Five agreeableness; conscientiousness; extraversion; 
neuroticism; openness 

13 Heineck 2011 United 
Kingdom 

2,3 Big Five agreeableness; conscientiousness; extraversion; 
neuroticism; openness 

14 Hilger 2018 Bangladesh 2,3 Big Five agreeableness; conscientiousness; extraversion; 
neuroticism; openness 

15 Lindqvist 2011 Sweden 2 Other scale for non-cognitive skills 
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Table 2: Selected studies on the returns to non-cognitive skills in Database II 

ID 

First 

author Year 

Geographical 

coverage Meth.1 Training programme targeting at… 

Programme 

duration 

16 Adhvaryu 2018 India 1 Workplace based training of soft skills. 12 months 

17 Adoho 2014 Liberia 1 Livelihood and life skills training in combination with 
vocational skills. 

12 months 

18 Alvares de 
Azevedo 

2013 Kenya 1 A comprehensive employability skills program including 
life skills training. 

24 months 

19 Blattman 2014 Uganda 1 Business skills training with focus on improved 
decision-making, psychological health and self-esteem. 

12 months 

20 Calero 2016 Brazil 1 Socio-emotional skills in combination with vocational 
skills and basic skills 

6 months 

21 Calero 2017 Brazil 1 Socio-emotional skills and work-readiness skills in 
combination with vocational skills and basic skills 

6 months 

22 Card 2011 Dominican 
Republic 

1 Self-esteem and work-readiness in combination with 
vocational training. 

Variable 
duration 

23 Cho 2013 Malawi 1 Psycho-social well-being in combination with 
entrepreneurial and vocational skills 

3 months 

24 De Coulon 2010 England 2 Remedial intervention aiming to improve non-cognitive 
skills 

12 to 24 
months 

25 Gertler 2013 Jamaica 1 Psycho-social stimulation. 24 moths 

26 Groh 2016 Jordan 1 Soft skills (mainly work readiness). 0.5 months 

27 Ibarraran 2014 Dominican 
Republic 

1 Personality traits and work readiness in combination 
with vocational training. 

2 months 

28 Premand 2016 Tunisia 1 A track providing entrepreneurship education in 
Tunisian universities, including a module for personality 
traits. 

12 months 

29 Rodriguez-
Planas 

2012 U.S. 1 Social skills and work readiness, sense of community 
membership, in combination with educational services 
to increase academic performance. 

60 months 
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5. Description of the meta-analysis approach 
 

There are three different meta-techniques used throughout the analytical sections.  

Firstly, with regard to Section 6, we present an estimate of the weighted mean of the 
estimates (𝐸̅), which we define as follows: 

 

𝐸̅ =
∑𝜔𝑖𝐸𝑖

∑𝜔𝑖
 ,           (1) 

 

where 𝜔𝑖 is the inverse variance weight for effect size 𝑖 ∈ {1,2, … , 𝑘} with 𝑘 being the total 
number of estimates. Owing to 𝜔𝑖 , we give studies with a higher precision a higher weight 
in the average effect size. This model corresponds to a “fixed effects model” or a “common-
effects model” in meta-analysis (Borenstein et al. 2009), and we estimate this model using 
a weighted least squares (WLS) regression. 

 

𝐸𝑖 = 𝛼0 + 𝜀𝑖 ,           (2) 

 

where 𝛼̂0 is the mean weighted return to non-cognitive skills that only deviates from the 
‘true’ estimate on the returns by a sample error 𝜀𝑖 .  

As such, in Section 6 we prefer a fixed or common-effects model estimation above other 
meta-analysis techniques. There are several reasons for this choice. First, many coefficients 
(81.2% of 245 coefficients) on the personality traits included in database I are coming from 
a standardised questionnaire measuring the ‘Big Five’. Second, whereas the coefficients on 
personality traits are coming from correlational (59.1%) or, at most, quasi-experimental 
studies (40.9%), we do not aim to present ‘causal evidence’ on the returns to personality 
traits but rather make descriptive observations. A common-effects model that gives studies 
with higher precision (i.e. those studies with a larger sample size and a smaller standard 
error) a greater weight is then deemed sufficient. A final reason for choosing the fixed effects 
model, is that it introduces less bias than, for example, the random effects model, in case 
when the average sample size of the studies is large (Poole and Greenland 1999; Furukawa 
et al., 2003). This is the case for database I with an average sample size of (𝑁̅𝑟 = 9223). 

In Section 7, we additionally discuss the random effects model in order to estimate ‘the 
genuine’ effect size (ES), or impact, of the training programmes targeting at non-cognitive 
skills (Schwarzer et al., 2015). As such, the outcome variable in Section Error! Reference 

source not found. is an effect size (ES), and not an estimate (%) like in Section Error! 

Reference source not found., whereas the underlying data is coming from different type 

of studies (for a discussion, see Section Error! Reference source not found.).  

On the other hand, there is a substantial between-study heterogeneity in database II that 
pushes us into the direction of using a random effects model. The between-study 
heterogeneity in database II comes from the fact that: (1) almost always authors have used 
their own survey instruments to measure non-cognitive skills and labour market outcomes; 
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(2) the sample size (𝑁̅𝑟 = 1103)3 is lower in database II than in database I (that could rely 
more on administrative data); (3) there is more heterogeneity in the model specifications 
that authors used to estimate the effect size (e.g. the way the outcome variable earnings 
got transformed using the logarithm or not); and, importantly, from database II we expect to 
retrieve a ‘genuine effect size’, or causal effect, as all studies are randomized controlled 
trials. For all of these reasons we prefer the random effects model compared to the fixed 
effects model (Schwarzer et al., 2015). 

A random effects model introduces a second source of error, denoted with parameter 𝜃𝑟 , 
that reflects the heterogeneity of the underlying populations between the studies included 
in the meta-analysis. It is a matter of fact that different studies stem from different 
populations around the world. Consequently, there is not one single effect size that measures 
the true impact of the training programmes in non-cognitive skills, but rather a distribution 
of effect sizes. We rewrite equation (2) as follows: 

 

𝐸𝑆𝑖 = 𝛽0 + 𝜃𝑟 + 𝜉𝑖  .         (3) 

 

In practical terms, we add the variance of the distribution of the effect sizes to the regression 
by estimating 𝜃𝑟 in a parameter called 𝜏̂. The subscript 𝑟 denotes a study 𝑟 ∈ {1,2, … , 𝑅}. 
The variance that cannot be explained by the between-study heterogeneity and sample error 
(𝜃𝑟 + 𝜉𝑖𝑟) is then captured by 𝛽0, the weighted mean effect size. 

In Section 7,  we also present a multivariate analysis. For this purpose, we prefer the residual 
maximum likelihood (REML) random effects model that supresses the constant 𝛽0. Several 
studies have shown that ML-estimators have better properties in estimating the between-
study variance (Sidik and Jonkman 2007; Viechtbauer 2005). Furthermore, random effects 
models allow including a set of control variables 𝑋𝑗 . 

 

𝐸𝑆𝑖 = 𝛽0 + ∑𝛾𝑗𝑋𝑗 + 𝑆𝐸2 + 𝜃𝑟 + 𝜉𝑖𝑟        

 (4) 

 

Equation (4) explores where the variation in effect sizes comes from by gradually including 
control variables like programme duration, demographic characteristics of study participants 
(age, gender, education), and several model specifications that authors use to estimate the 
effect size (log-linear specifications, standard deviation reported or not, and when the data 
got collected after the end of the training programme).  

A standard error squared is included in equation (4) as a control variable. This model refers 
to a Precision Effect Estimate with Standard Error Meta-Regression Analysis (PEESE-MRA) 
(Stanley and Doucouliagos, 2014), and has been estimated by several other authors (among 

                                                 

 

 
3 There is one study (De Coulon, 2010) with a sample size of 99,260 that yields two effect sizes. We did not include this 
study in this average as that would falsely lead to the conclusion that the average is equal to 4609 instead of 1103. 
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others, Vooren et al., 2019). The coefficients can then be interpreted in absolute levels of 
effectiveness, captured into the control variable, instead of relative differences.  

6. The returns to non-cognitive skills  
 

In this section, we present the main results of meta-analysis applied to the estimates 
extracted from articles belonging to database I. The presented coefficients in Table 3 can be 
read as returns (in %) to non-cognitive skills. For example, a one standard deviation increase 
in non-cognitive skills increases the returns to earnings with 1.3% (see column of the 
unweighted mean and variable ‘non-cognitive skills’ in Table 3). 95%-confidence intervals 
are presented in Table 3 below the coefficients between brackets.  

Table 3: The returns to non-cognitive skills based on database I 

   Weighted mean  

 

Unweighted  

mean  

Not Controlled 

for Education 

Controlled for 

Education 

Cognitive skills (29/7/22) 0.112 *** 0.168 *** 0.088 *** 

 [0.07;0.15] [0.12;0.21] [0.05;0.12] 

Non-cognitive skills (245/55/190) 0.013 * 0.025 ** 0.007 * 

 [-0.001;0.02] [0.004;0.05] [-0.001;0.02] 

Big five (199/45/154) 0.013  0.006  0.004 * 

 [0-.005;0.02] [-0.03;0.04] [-0.001;0.01] 

Agreeableness (39/9/30) -0.026 * -0.006  -0.021 *** 

 [0-.05;0.001] [-0.02;0.01] [-0.03;-0.01] 

Conscientiousness (40/9/31) 0.043 ** 0.067 *** 0.014 *** 

 [0.01;0.08] [0.03;0.11] [0.01;0.02] 

Extraversion (40/9/31) 0.051 ** 0.078 *** 0.002 * 

 [0.01;0.09] [0.05;0.11] 
[-

0.0003;0.003] 

Neuroticism (40/9/31) -0.026  -0.070 ** -0.016 *** 

 [0-.03;0.01] [-0.13;-0.01] [-0.02;-0.01] 

Openness (40/9/31) 0.004  -0.055  0.022 *** 

 [0-.02;0.03] [-0.14;0.04] [0.01;0.04] 

Other definitions (46/10/36) 0.016  0.044 ** 0.030 *** 

 [-0.01;0.04] [0.01;0.08] [0.01;0.05] 

Notes: (a) Number of coefficients between brackets (mean/unconditional/conditional).  
(b) Null hypothesis that the mean returns to personality traits is equal to zero rejected at 
significance levels 10% (*); 5% (**); and 1% (***). 95%-confidence intervals between 
brackets. 
(c) Coefficients weighted by using the inverse of the variance in a Weighted Least Squares 
(WLS) regression. This corresponds to the estimation of a fixed effects model.  
(d) Other definitions include ‘consistency of interest’; ‘cooperation’; ‘kindness’; ‘locus of 
control’; ‘perseverance’; ‘risk-taking’; ‘scale of 15 social skills’; ‘scale of non-cognitive skills’; 
and ‘self-esteem’. Although some of these results correspond to Big Five dimensions, we 
have excluded them and we built a separate category to assure measurement invariance.  
(e) The ‘not controlled weighted mean coefficients’ are an indication that the coefficients 
were not controlled for (hard measures of) educational attainment. On the contrary, 
‘conditional weighted mean coefficients’ are controlled for educational attainment. 

 

The results presented in columns come from two models: (1) the unweighted mean average 
returns to non-cognitive skills and its standard deviation; and (2) the weighted mean average 
returns to non-cognitive skills. The latter model corresponds to the estimation of what is 
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called in meta-analysis a “fixed effects model” or a “common-effects model” as explained 
in the previous chapter. Further, we distinguish between coefficients not controlled, and 
controlled for level of education. Hereby, we wish to account for the fact that educational 
attainment, or intellectual ability, move together with non-cognitive skills as considered 
‘favourable’ by employers (Patrinos, 2016; Deming, 2017). 

Next to coefficients describing results of the overall returns to non-cognitive skills, we 
present also the more detailed ones that point to the personal traits measured by the Big 
Five model. In a few cases we have reversed a dimension of the Big Five Inventory 
(corresponding to the third variable in row three in Table 4) as to deal with the heterogeneity 
of the impact of its dimensions on earnings. For example, the opposite of the dimension 
‘Neuroticism’ is called ‘Emotional stability’. In case a particular study would measure 
‘Emotional stability’ instead of ‘Neuroticism’, with both dimensions lying on one continuum, 
we reversed the dimension so as to indicate ‘Neuroticism’. Doing so, the sign of the estimated 
coefficients in all studies including estimates on Neuroticism move into the same direction. 
Notwithstanding, we find that non-cognitive skills measured by the Big Five model as a whole 
yield only very small returns. Controlling for educational attainment in the included studies, 
the returns to an increase of one standard deviation on the dimensions of the Big Five 
inventory as a whole are equal to 0.4%. This holds true, too, for the scale of non-cognitive 
skills (0.7%) including the Big Five and other definitions of non-cognitive skills. 

The picture is different when looking at the specific skills measured by the Big Five model. If 
agreeableness increases with one standard deviation, and when controlling for educational 
attainment, the returns are equal to -2.1%. We also find a negative return to neuroticism (-
1.6%). A positive return is found for conscientiousness (1.4%), openness (2.2%) and for the 
non-cognitive skills measured differently than with the Big Five model (3.0%).  

The remaining impact of personal traits, namely extraversion, is very small (0.2%). However, 
when not controlling for educational attainment, the estimate of extraversion increases to 
7.8%. This means that people, who yield high scores on extraversion, in general have a higher 
level of education, that, moreover, can be correlated with occupational status. Education is 
then likely acting as a proxy for occupational status. For example, managers will have higher 
returns for extraversion than regular employees, and they are more likely to be higher 
educated, too. Controlling for educational attainment when looking at the returns to non-
cognitive skills is then important, because otherwise we would falsely attribute the positive 
and significant estimate to the personality trait of extraversion, while, in fact, educational 
attainment (then again, associated with occupational status) is the driving factor of this 
significance. Further, we argue that the reversed reasoning applies to neuroticism. Without 
controlling for educational attainment, the returns are significantly negative and equal to -
7.0%. Taking into account the level of education, however, this estimate drops to -1.6%. 
There is an indication that people, who yield high scores on neuroticism, are in general lower 
educated. However, caution is again in place with interpretation of the coefficients, as 
indicated in the example of managers above, whereas the data do not allow us to draw 
conclusions on the relationship between educational level and occupational status. In sum, 
our findings suggest that personality traits are compensated (in a good or in a bad way) on 
the labour market by one’s educational attainment, but we are not able to position this 
variable as a causal mechanism due to omitted variable bias. 

In Table 4, we present a summary of results based on models for the general population and 
broken down by gender where educational attainment is controlled for .  
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Table 4: The returns to non-cognitive skills by study population (database I) 

 

Weighted mean  

controlled for education 

 Female  Male  Female & Male 

Cognitive skills (4/11/10) 0.013  0.044 * 0.110 *** 

 [-0.01;0.03] [-0.01;0.09] [0.06;0.16] 

Non-cognitive skills (54/79/57) 0.003  0.006  0.032 *** 

 [-0.001;0.01] [-0.002;0.01] [0.02;0.04] 

Big five (50/70/34) 0.004  0.006 * 0.014  

 [-0.002;0.01] [-0.0008;0.01] [-0.008;0.04] 

Agreeableness (10/14/7) -0.029 *** -0.014 *** -0.021 * 

 [-0.04;-0.02] [-0.02;-0.01] [-.04;0.003] 

Conscientiousness (10/14/8) 0.012 ** 0.014 *** 0.021 ** 

 [0.003;0.02] [0.01;0.02] [0.004;0.04] 

Extraversion (10/14/8) 0.001 *** 0.003  0.059 *** 

 [.0003;0.001] [-0.006;0.01] [0.05;0.07] 

Neuroticism (10/14/8) -0.027 *** -0.002  -0.029 ** 

 [-0.04;-0.02] [-0.008;0.004] [-0.05;-0.004] 

Openness (10/14/8) 0.028 ** 0.026 ** -0.019  

 [0.004;0.05] [0.007;0.05] [-0.05;-0.004] 

Other definitions (4/9/23) -0.070 *** -0.001  0.040 *** 

 [-0.10;-0.03] [-0.08;0.08] [.02;0.05]  
Notes: (a) Number of coefficients between brackets (mean/unconditional/conditional).  
(b) Null hypothesis that the mean returns to personality traits is equal to zero rejected 
at significance levels 10% (*); 5% (**); and 1% (***). 95%-confidence intervals 
between brackets. 
(c) Coefficients weighted by using the inverse of the variance in a Weighted Least 
Squares (WLS) regression. This corresponds to the estimation of a fixed effects model.  
(d) Other definitions include ‘consistency of interest’; ‘cooperation’; ‘kindness’; ‘locus of 
control’; ‘perseverance’; ‘risk-taking’; ‘scale of 15 social skills’; ‘scale of non-cognitive 
skills’; and ‘self-esteem’. Although some of these results correspond to Big Five 
dimensions, we have excluded them and we built a separate category to assure 
measurement invariance.  
(e) The ‘not controlled weighted mean coefficients’ are an indication that the 
coefficients were not controlled for (hard measures of) educational attainment. On the 
contrary, ‘conditional weighted mean coefficients’ are controlled for educational 
attainment. 

 

An observation from Table 3 is that the negative returns to agreeableness stems from the 
studies based on female populations only (-2.9%) and to lower extent from studies based 
on male populations only (-1.4%). Similarly, neuroticism plays an important role for women 
with a negative return equal to -2.7%. This estimate is equal to -0.2% and is not significant 
for male only populations. Overall, what we observe based on the analysis of estimates for 
individual gender groups is that non-cognitive skills matter more for women, for example, 
extraversion and neuroticism does not matter for men earnings at all while it matters for 
women. At the same time, cognitive skills seem to matter more for men (4.4%) than for 
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women (1.3% and not significant).4 Of course, men and women are sorted differently across 
occupations and economic sectors. Although in most of the studies these variables were 
control for in the models still these unobserved determinants of the returns to non-cognitive 
skills may explain, at least, in part, the statistical inference made. Therefore, conclusions 
about the male and female population should not be interpreted in a deterministic manner. 

The highest returns to cognitive skills are found, however, for the mixed gender populations 
(11.0%) (See table 4). These higher returns (than for male and female only) can likely be 
explained by the fact that mixed gender populations were included in, for example, larger 
and more comprehensive studies. This may indicate between-study heterogeneity in the 
reason why (and for whom) data were collected on particular study populations. 

Cognitive skills are often used in studies as an equivalent of years of schooling, for example 
in Mincer equations. There is indeed a lot of overlap between these two variables. 
Nonetheless, cognitive skills are still capturing variation unmeasured by educational 
attainment, such as the level of one’s intellectual ability as compared to others. The fact that 
about half of the estimate of 16.8% can be attributed to a year of schooling (see Table 3) 
is in line with the global average private return to a year of schooling of 10% (Patrinos, 
2016). This also strengthens the credibility of our findings for the returns to non-cognitive 
skills.  

At the same time, presented findings illustrate an inconsistent set of results, with coefficients 
for cognitive skills varying between 1.3% (female only; Table 4) to 16.8% (full populations; 
Table 3) depending on underlying populations in the studies. These results illustrate that 
there is a relatively large degree of disagreements among studies on the returns to cognitive 
and non-cognitive skills. The fact that we observe this can be attributed, at least in part, to 
the correlational nature of the findings. Omitted variables bias is certainly present in many 
(if not all) of the studies, and its impact on statistical inference has been demonstrated 
above by using the example of occupational status. As follows, we specifically focus on 
studies using other, more credible research designs. 

 

7. Returns to non-cognitive skills measured by mean effect sizes  
 

In this section, we present the results of the analysis from the database II that includes 
information on programme effectiveness in equipping people with non-cognitive skills. 
Therefore, we will no longer refer to returns to non-cognitive skills in percentages, but from 
now on, we will talk about mean effect sizes. To be more precise, an effect size lies between 
0 and 1 with 0.2 standard deviations (SD) being considered as a small effect; 0.4-0.7 SD a 
moderate effect; and a large effect for values above 0.8 SD.  

Table 5 presents the main results of our meta-analysis. The table below reports the 
unweighted and the weighted mean effect sizes. With regard to the weighted mean effect 
sizes, we have estimated two models. The first model A corresponds to a fixed effects model, 
and the second model B to a random effects model. We follow a traditional empirical 

                                                 

 

 
4 The fact that this estimate is not significant should be interpreted with caution, whereas we only have four estimates to 
draw conclusions from for female only populations. 
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approach for conducting fixed and random effects models, as discussed in Section 5. With 
regard to the random effects models, we additionally include the tau² statistic. This value 
indicates that for all models estimated the hypothesis of homogeneity is rejected; which 
indicates that we should control for between-study heterogeneity. As a result of this 
conclusion we prefer the random effects over the fixed effects model. An elaborated 
discussion on accounting for between-study heterogeneity is given in Section 5.  

Further, we distinguish between estimates unconditional and conditional on employment 
status. Whereas the latter model only produces results for employed people only, the former 
also takes unemployed (with an income equal to zero) into account.  

 

Table 5: Impact of training programmes targeted at development of non-cognitive skills on 
earnings (mean Effect Sizes; Database II)  

  Fixed Effects (Model A) Random Effects (Model B) 

 

Unweighted 

mean (SE) 

Unconditiona

l Conditional Unconditional Tau² Conditional Tau² 

All (59/42/17) 0.143 *** 0.085 *** 0.009 ** 0.118 *** 0.014 0.041 *** 0.001 

 [0.10;0.19] [0.07;0.10] [0.002;0.02] [0.08;0.16]  [0.01;0.07]  

        
Non-cognitive  
skills only 

(28/18/10) 0.183 *** 0.138 *** 0.026 ** 0.192 *** 0.016 0.049 ** 0.003 

 [0.12;0.24] [0.12;0.16] [0.01;0.05] [0.13;0.26]  [0.001;0.10]  

        
+ cognitive skills  
(31/24/7) 0.111 *** 0.025 ** 0.007 * 0.039 *** 0.006 0.049 ** 0.001 

 [0.04;0.18] [0.00;0.05] [-0.001;0.01] [-0.01;0.08]  [0.01;0.09]  
Notes: (a) Based on 59 effect sizes from database II.  
(b) Number of effect sizes between brackets (mean/conditional/unconditional).  
(c) Null hypothesis that the weighted mean effect size is equal to zero rejected at significance levels 10% (*); 5% (**);  
and 1% (***). 95%-confidence intervals between brackets. 
(d) Effect sizes weighted by using the inverse of the variance in a fixed effects model. Weighted mean effect size from  
Model A additionally controlled for between-study heterogeneity in a random effect model. 
 

We present all mean effect sizes from database II together in the first row. Looking at Model 
B, unconditional on employment, which is the preferred model for all results below, we 
conclude that the weighted mean effect size is equal to 0.118 SD, significant at 1% level. 
Looking at the second row in Table 5, i.e. non-cognitive skills only, we actually present the 
effect size of training programmes without a cognitive component in the training 
programme. This unconditional effect size in Model B is equal to 0.192 SD. This is higher 
than the overall result from all studies (in the first row) – but still considered a small effect 
size (supra). Programmes that, apart from non-cognitive skills, also put emphasis on training 
cognitive skills, are considered the least effective. The effect size is equal to 0.039 SD.  

In Table 6, we additionally present the weighted mean effect sizes by programme 
characteristics. We consider: (a) study population; (b) programme duration; and (c) the point 
in time at which post-treatment data were collected (i.e. a short-term or long-term follow-
up).  

First, let us consider the study population. Largest effect sizes (0.187 SD) are found for the 
female only population. The effect sizes for the male only and mixed populations is equal to 
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0.081 SD (not significant) and 0.049 SD, respectively. When looking at the type of the skills 
training programme (not reported in Table 6), then we conclude that these effect sizes for 
all study populations are again driven by training programmes in non-cognitive skills only. 

Next, let us look at results presented starting from row (b) in Table 6. The effect sizes for 
shorter programmes (6 months or less) are equal to 0.047 SD. These estimates increase to 
0.154 SD for programmes with a longer duration (more than 6 months).  

Starting from row (c) we additionally show results of models in which we look at the point 
in time when the data got collected by the authors. From these results we can conclude that 
there are in general larger effects of the training on earnings in the short-run than in the 
long-term.  

Table 6: Unconditional weighted mean effect sizes by 
programme characteristics (Database II) 

 Model 1  Model 2  Model 3  

(a) study population       

Female (17) 0.187 ***     

 [0.11;0.26]      

Male (5) 0.081      

 [-0.06;0.23]      

Female & Male (20) 0.049 **     

 [0.01;0.09]      

(b) programme duration       

≤6 months (16)   0.047 **   

   [ 0.01;0.08]    

> 6 months (26)   0.154 ***   

   [0.09;0.22]    

(c) follow-up       

short-term (17)     0.159 ** 

     [0.09;0.23]  

long-term (23)     0.060 *** 

     [0.02;0.10]  

Notes. (a) Number of effect sizes between brackets.  
(b) Null hypothesis that the weighted mean effect size is equal to zero 
rejected at significance levels 10% (*); 5% (**); and 1% (***). 95%-
confidence intervals between brackets. 
(c) Weighted mean effect size controlled for between-study heterogeneity 
in a random effect model. 

 

8. Study characteristics versus effect sizes - multivariate analysis 
 

In this section, we explore the extent to which study characteristics determine the estimated 
effect sizes in a multivariate meta-regression. 

Table 7 presents the results of a multivariate meta-regression using a set of control 
variables that may determine the magnitude of the effect size (details on this regression are 
given in Section 5). We explore: (1) programme duration; (2) the demographic characteristics 
as age, gender and education; and (3) the variable ‘follow-up’ (how much time after 
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programme ending were the data collected). The dependent variable is the unconditional 
weighted mean effect size. 

In Model 1, we only include programme duration as an explanatory variable. Programmes 
with a longer duration (more than 6 months) are more effective than programmes with a 
very short duration (6 months or less). This is in line with what to expect a priori: the longer 
a programme takes, the more time trainer (coach, or mentor) has to work with participants 
and try to increase their level of non-cognitive skills. Controlling for age and gender in Model 
2 does not alter these conclusions. In Model 3, we additionally include educational attainment 
(in years) of the study participants. The variable education is not significant. The number of 
effect sizes in the regression drop from 42 to 36, so we do not include educational 
attainment in Model 4.  

In Model 4, we additionally account for the variable ‘follow-up’. We do not estimate a 
significant contribution of this variable to the overall model. 

 

Table 7: Programmes characteristics that explain the unconditional weighted mean effect 
sizes (Database II) 

 Model 1  Model 2  Model 3  Model 4  

SE² 0.017  0.010  0.010  0.010  

 (0.02)  (0.02)  (0.02)  (0.02)  
Programme duration 
(Ref. ≤6 Months)      

>6 Months 0.147 *** 0.167 *** 0.145 *** 0.109 ** 

 (0.03)  (0.03)  (0.03)  (0.05)  

Control variables        

Age (std)  0.089 *** 0.080 *** 0.090 *** 

   (0.02)  (0.02)  (0.02)  

Gender (std)  0.000  0.018  0.001  

   (0.02)  (0.03)  (0.03)  

Education (std)    -0.004    

     (0.02)    

Model specifications       

Follow-up (Ref. Short-term)       

Long-term      0.058  

       (0.05)  

Number of ES 42  42  36  40  
Notes. (a) Null hypothesis that the weighted mean effect size is equal 
to zero rejected at significance levels 10% (*); 5% (**); and 1% (***).  
(b) Standard errors between brackets.  
(c) Effect sizes regressed on the variance (SE²) and using a Residual 
Maximum Likelihood (REML) random effects model accounting for the 
heterogeneity in distribution of the effect sizes and allowing for the 
inclusion of control variables. We additionally suppress the constant.  
(d) ‘Follow-up’ indicates that we compare effect sizes at long-term 
follow up after programme ending with effect sizes at short-term 
follow-up.  

 

Age (years standardised) is positive and significant across all models estimated. This 
indicates that older participants gain more from the training programmes in non-cognitive 
skills than younger participants. Nonetheless, we need to make this interpretation with 
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caution as it may be the case that age picks up features of programme design in the 
multivariate regression analysis. For example, programmes reaching out to older persons, 
included in this meta-analysis, could have been better designed than those programmes 
targeting at young participants. Or else, younger persons were lacking motivation to engage 
in the trainings due to having bad experience from the period of formal schooling. Another 
aspect to take into account is that some characteristics (which we do not observe in the 
studies) may also be associated with individual's labour market prospects, like job 
opportunities and wages. At least the evidence we find here seems in line with the results of 
other skill development programmes that indicate that skills in general are easier and faster 
developing in younger than in older persons but still non-cognitive skills are more malleable 
than cognitive skills at later ages (Kautz et al., 2014). 

Gender, measured by the share of participants being women (standardised), is never 
significant in the four models. Combining these insights with those of the previous section, 
it appears that it is more the characteristics of the training programme, wherein the female 
population participated, that matters for the effectiveness of the programmes for women 
only, rather than study population itself.5 For example, women more likely participated in 
training programmes having a longer duration; which clearly positively influenced their non-
cognitive skills and subsequent career. While this conclusion can obviously be influenced by 
several features and characteristics of the programmes considered in the meta-analysis, 
and, therefore, cannot be generalised as such, it does call for further attention in newly 
developed randomized control trials. 

Besides the four models estimated in Table 7, we have done several other analyses. For 
example, we have estimated a model where the year of publication of the study was also 
incorporated as a linear trend or as dummies for each year. For a few years (2012, 2013), 
this variable was significant, however, this significance was most likely driven by the fact 
that, in those years we could collect more estimates. Other variables that we have added to 
the models are the impact factor and H-index associated with the journals wherein the 
studies were published (described in the next section). The variable impact factor is equal to 
-0.03 SD in all four models estimated in Table 7. This finding implies that studies published 
in higher ranked journals, according to the impact factor, generally estimate lower effect 
sizes, than studies in lower ranked journals. Even though the estimated coefficient of -0.03 
SD is small, this seems relevant information, whereas the overall programme effectiveness 
expressed in effect sizes is small (at most 0.1 to 0.2 SD). The variable H-index, on the other 
hand, yields a very small and positive coefficient, however, only in model 1, because in 
models 2-4 this variable is no longer significant. 

The fact that higher impact journals yield smaller effect sizes is an important caveat for 
statistical inference. It is generally acknowledged that estimated program effectiveness, at 
least partly, can be ascribed to improperly organised and evaluated programs. It is very 
difficult to assess, however, which part of the estimated effect sizes should be ascribed to 
those issues of evaluation. In the next section we further assess the quality of evidence 
retrieved by looking at the impact of publication bias on the estimated effect sizes. 

                                                 

 

 
5 Adhvaryu et al. (2018) and Adoho et al. (2014) specifically report on a training programme developed for women only. 
The female participants received life skills training (Adhvaryu et al., 2018) and workplaced-based soft skills training 
(Adoho et al., 2014) followed in both studies by a job placement with support.  
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9. Publication bias 
 

In general, studies are more likely to be published when a significant effect size can be 

shown, leading to an upward bias in the estimated mean effect size 𝛽̂0. Therefore, it is a still 
a possibility that 𝛽0 from equation (3) presented in section 5 is not the ‘true’ effect size, for 
example, when the studies included in database II were more likely to be published.  

In order to give an idea of whether publication bias matters for our sample of studies, we 
plotted the effect sizes against the standard error of the effect size in Figure 4 (i.e. a funnel 
plot, see Sterne & Egger, 2001). In absence of publication bias, we should observe a 
symmetric plot around the blue bar. Furthermore, the tendency to only publish studies with 
significant (positive) effect sizes, leads to missing dots at the left of the blue bar, because 
this is where the non-significant studies would be included. We conclude from Figure 4 that 
publication bias indeed plays a role. 

 

Figure 4: Effect size versus standard error of the effect size 

 
Notes: Blue bar denotes the weighted mean effect size using 59 effect sizes 
from database°II. The dotted bars are 95% confidence intervals around the 
mean effect size. The Egger test of the null hypothesis of ‘no small-study 

effects’ is rejected at 1-percent-significance level. 
 

There are methods for correcting for publication bias, like the “trim and fill method” that 
adjusts for censored (missing) studies (Steichen, 2001). In our case, that would mean that 
we fill-in the missing information of studies with negative effect sizes at the left of the blue 
bar in Figure 4, with information on studies at the right-hand side of the blue bar.  

Figure 5 presents this new funnel plot with an application of the “trim and fill method”. In 
total, we estimate 12 filled effect sizes (+), so that the total number of estimates in database 
II is equal to 71. 
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Figure 5: Effect size versus standard error of the effect size with an application of the “Trim 
and Fill Method” 

 
Notes: Figure estimated by using the nonparametric “trim and fill method” (Steichen, 
2001). Blue bar denotes the mean weighted effect size using 59 effect sizes from 

database°II and 12 ‘filled effect sizes’ estimated with the “trim and fill method”. The 
dotted bars are 95% confidence intervals around the mean effect size. 

 

Table 8 presents the weighted mean effect sizes without and with the “trim and fill method”. 
We do not distinguish here between unconditional/conditional effect sizes, but present the 
overall picture of what a correction for publication bias would do with the weighted mean 
effect sizes. The effect sizes corrected for publication bias somewhat decline as compared 
to the first row in Table 8. However, the overall conclusion remains the same: training 
programmes are effective in increasing the private return of study participants on the labour 
market. The effect sizes are positive, significant and small. 
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Table 8: Impact of training programmes in interpersonal and soft skills on earnings with 
an application of the “Trim and Fill method” (Database II) 

 

Fixed effects 

(Model A) 

Random effects 

(Model B) 

All effect sizes (59) 0.021 *** 0.096 *** 

All effect sizes, incl. trim&fill (71) 0.018 *** 0.063 *** 

Notes: (a) Based on 59 effect sizes from database II. Number of 
effect sizes between brackets.  
(b) Null hypothesis that the weighted mean effect size is equal to 
zero rejected at significance levels 10% (*); 5% (**); and 1% (***). 
(c) Models estimated by using the nonparametric “trim and fill 
method” (Steichen, 2001). 

 

To sum up, the influence of using the “trim and fill method” on the estimated weighted mean 
effect size (using a random effects model) seems rather limited. There are intuitive reasons 
to believe that publication bias indeed plays only a minor role in our results and conclusions. 
We particularly miss studies with negative effect sizes, which also appear to be non-
significant, and, therefore, usually did not get published. In practical terms, this means that 
the training programme in non-cognitive skills did not work and, additionally, may suffer 
from small sample size and lack of statistical power to prove any small significant negative 
effects. Indeed, the standard error relative to the effect size is quite large for the filled effect 
sizes. These two features together, (1) a training programme in non-cognitive skills that 
would like to yield a positive return on the labour market, but which turns out negatively for 
the study participants; and (2) small sample sizes, should warn an anonymous reviewer for 
quality issues with the research design. This kind of studies, indeed, should not alter the 
overall conclusion on the effectiveness of training programmes in non-cognitive skills. One 
could even argue that it is not necessary to correct for the likely publication of studies that 
meet the aforementioned two criteria. 
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10.  Discussion 
 

We have started our analysis with first sharing our concerns that heterogeneity in the 
measurement of non-cognitive skills across research projects may hinder us from the 
application of meta-analysis. However, while other competitive personality traits models 
exist (for example, HEXACO), in the identified papers discussing relationship between 
personality traits and labour market outcomes published in the last decade, still the Big Five 
model was the mostly used to measure non-cognitive skills. Yet, despite growing interest in 
the research on importance of personality traits and labour marker outcome, the body of 
evidence identified in systematic literature review was still too scarce to extend our 
discussion in this paper on other labour market outcomes than earnings. Therefore, in this 
paper, we mainly focused on the presentation of meta-analysis results of relationship 
between non-cognitive skills and individual earnings. We have identified 29 relevant studies 
from which 333 estimates were extracted and assigned to two different databases. Evidence 
from the first database produced estimates based on observational data, whilst evidence 
from the second one focused on the effectiveness of training programmes aiming at 
development of non-cognitive skills. 

The analysis of first database reveals that, in general, personality traits are rewarded on the 
labour market with an increase in the level of earnings. However, this positive impact is only 
observed to a limited extent compared to the level of returns observed for cognitive skills. 
At the same time, there are also many differences in the sign of the estimates underlying 
the non-cognitive skills measured by Big Five model. For example, conscientiousness and 
openness are two personality traits that bring higher earnings, while agreeableness and 
neuroticism (low emotional stability) are associated with receiving lower earnings. We also 
observed some indication towards more importance of non-cognitive skills for women, but 
due to a great heterogeneity of analysed studies the confirmation of this result still requires 
more evidence. In particular, more studies are needed in order to analyse the relationship 
between non-cognitive skills and earnings for separate gender groups, as well as to include 
other important moderating variables (e.g occupational status, economic sector, and 
education level). Other researchers (e.g. Collischon, 2020) encourage also to look at the 
comparison of high-wage and low-wage employees separately, in order to avoid, for 
example, the problem of cross-country differences in minimum wages settings that could 
overall compress the impact of non-cognitive skills on wages in low income groups.  

Based on the analysis of the second database, including results of studies discussing 
trainings effectiveness, we observe that training programmes with a particular strong (and 
only) focus on non-cognitive skills are able to yield a positive and significant effect on 
earnings. However, when training components are focusing on both cognitive and non-
cognitive skills, this observed increase is much smaller. Among other factors, this might be 
related to the design of the training programme. As Durlak et al. (2011) shows the presence 
of implementation problems may significantly influence the outcomes of the training 
programmes. Nevertheless, among many aspects in design of analysed training programmes 
that could have impacted this observed relationship, we were only in the position to control 
for the impact of duration of the programme, which as expected was significantly positive. 
We may want to mention here that the heterogeneity in reporting of the results by 
researchers made the extracting information from single papers quite challenging, and at 
the same time, made more difficult this analysis, hindering us to include more control 
variables and to make further recommendations about this relationship. Based on this 
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analysis, we could only confirm the positive relationship with age, which we interpret in the 
line with other existing results, which shows that: although in general it is easier to learn new 
skills when being young, it is also possible to increase the non-cognitive skills at the later 
stages of life with the overall positive impact on individuals’ earnings. 
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Annex A: Descriptive Statistics 
 

We have pooled the two databases together in order to give an overall overview of the 
number of estimates dealing with the relationship between non-cognitive skills and earnings. 
The table with descriptive statistics is provided in Annex B. We briefly discuss this table as 
follows. 

First, we present the estimates by geographical coverage. Studies dealing with the U.S. and 
Germany deliver many estimates (29.8% and 12.6%, respectively). The reason for this 
observation is that these studies (for Germany: Heineck & Anger, 2010, 2011; for the U.S.: 
Fletcher, 2013; Gensowski, 2014; and Girtz, 2012) discuss the relationship between the Big 
Five personality traits and earnings, and, doing so, the authors present per component of the 
Big Five an estimate. Furthermore, except for Fletcher (2013), these authors also present an 
estimate separately for the male only and female only population. 

In fact, data on the population under consideration have been gathered for all studies 
included in both databases. The majority (42.3%) of estimates come from a male and female 
(mixed) population; and 26.4% (31.1%) from a female (male) only population. This allows us 
to present results separately by male, female and mixed populations (see Section 5 and 
Section 6 for further details). 

Whereas there is always a time lag between writing the publication and actually publishing 
it in a journal, we observe more articles with a year of publication closer to 2010 than to 
2020 (further discussion on this is provided in Section Error! Reference source not 

found.). As from 2013, however, the number of articles published on the relationship 
between non-cognitive skills and earnings fluctuates around 9 percent. This could reflect a 
decreased attention for the topic over the past few years (which appears to hold for OECD 
countries (Kluve et al., 2019)). It could also reflect difficulties with programme 
implementation and/or evaluation in schools or colleges; or simply be the result of financial 
difficulties to support research in education in the aftermath of the financial crisis. 

Further, we present the estimates by methodology used by the authors. At the level of the 
study, 13 studies are randomised controlled trials; 9 studies use quasi-experimental 
regression techniques (and 6 of these 9 combine correlational estimates with quasi-
experimental techniques); and 7 studies deliver correlational estimates. A total of 13 studies 
produce 48.6 percent of all correlational estimates. These studies are solely collected in 
database I and often deal with the estimation of Mincer equations (or equivalents) that 
correlate the personality traits to earnings and controlling for factors like age, experience 
(four studies: Adhitya, 2019; Heineck & Anger, 2010; Hilger et al., 2018; and Lindqvist & 
Vestman, 2011), and educational attainment. Authors in database I often present estimates 
controlled for educational attainment. In many cases, they also present the returns to non-
cognitive skills without controlling for educational attainment. This feature can be used in 
Section 5 as a way to present estimates on the returns to personality traits not controlled 
and controlled for educational attainment.  

With regard to the studies included in database II, all estimates are controlled for educational 
attainment as a consequence of the randomized controlled trials. Nonetheless, authors still 
present relevant differences in estimates conditional on employment (or only looking at 
earnings of those who are employed on the labour market), and estimates unconditional on 
employment (or looking at the full population whether or not they are employed on the labour 
market). Section Error! Reference source not found. accounts for this. 



The Returns to Non-Cognitive Skills: a Meta-Analysis 

 

 

 

Finally, we collected information on the way the authors dealt with linearity of the 
relationship between earnings and non-cognitive skills. In fact, all authors but one 
(Gensowski, 2014) included in database I transformed the earnings variable with its 
logarithm as to approximate for a linear specification. On the contrary, as much as 7 authors 
from database II chose for the earnings variable as a monetary outcome (instead of its 
logarithm).  

The transformation of the outcome variable earnings with its logarithm, in combination with 
the standardised values of the non-cognitive skills in the regression, yields the advantage 
that we can easily compare estimates from database I with each other. There is indeed a 
considerably low between-study heterogeneity in the way authors have estimated the returns 
to personality traits in database I. We exploit this advantage in Section 5. 

With regard to the database II, we follow the traditional literature on how to compute effect 
sizes from estimates, standard errors, sample size and/or standard deviations collected from 
the articles. These effect sizes can then be compared across studies using random effects 
meta-regression techniques. 

 

Table A1: Estimates collected in Database I and Database II together by study characteristics 

 Frequency Percentage Cumulative 

(a) by geographical coverage 

Bangladesh 42 12.61 12.61 

Brazil 8 2.4 15.02 

Colombia 28 8.41 23.42 

Czech Republic 2 0.6 24.02 

Dominican Republic 9 2.7 26.73 

England 2 0.6 27.33 

France 3 0.9 28.23 

Germany 42 12.61 40.84 

India 1 0.3 41.14 

Indonesia 30 9.01 50.15 

Jamaica 6 1.8 51.95 

Jordan 6 1.8 53.75 

Kenya 2 0.6 54.35 

Liberia 9 2.7 57.06 

Malawi 2 0.6 57.66 

Peru 33 9.91 67.57 

Sweden 6 1.8 69.37 

Tunesia 2 0.6 69.97 

U.S. 66 19.82 89.79 

Uganda 4 1.2 90.99 

United Kingdom 30 9.01 100 



 

 

 

Table A1 (Continued) 

 Frequency Percentage Cumulative 

(b) by year of publication    

2010 44 13.21 13.21 

2011 39 11.71 24.92 

2012 40 12.01 36.94 

2013 30 9.01 45.95 

2014 39 11.71 57.66 

2018 28 8.41 66.07 

2016 21 6.31 72.37 

2017 30 9.01 81.38 

2018 32 9.61 90.99 

2019 30 9.01 100 

    

 Frequency Percentage Cumulative 

(c) by method applied in the study 

RCT 57 17.12 17.12 

(Quasi)-Experimental 114 34.23 51.35 

Correlational 162 48.65 100 

(d) by gender   

female only 88 26.43 26.43 

male only 104 31.23 100 

male and female 141 42.34 68.77 

(e) by specification of the outcome variable 

Monetary value 63 18.92 18.92 

Logarithm 270 81.08 100 

Notes. Based on 333 estimates from 29 studies and 2 databases. 
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The analysis of the distribution of the returns to non-cognitive skills plotted on Figure A1 
show that overall, we observe that many estimates of returns to non-cognitive skills are 
either equal to zero (over 50%) or slightly positive (almost 40%), while only few appear to 
be negative (less than 10%).  

 

Figure A1: Distribution of the returns to non-cognitive skills (%) in Database I 

 
Note: Based on 245 estimates for non-cognitive skills. We use a histogram with a plot for the normal distribution. On the X-
axis we plot the estimated returns. On the Y-axis, we present the share of estimates from the studies (%) that fall into a 
range of estimates, as denoted on the X-axis.  

 

In Figure A2, we present the distribution of the effect sizes observed in our studies. Based on 
this histogram, we expect an average effect size across all studies approximately equal to 
0.15 SD. 

Figure A2: Distribution of the effect sizes in Database II 

 
Note: Based on 59 effect sizes from database II. The Y-axis denotes the percent share of studies with an effect size estimated 
in the corresponding bins on the X-axis. We added a plot of the normal distribution to the histogram



 

 

Annex B: Journal and Impact 
 

Table B1: Journal, impact factor and H-index by study included in the meta-analysis 

First author Year Journal 

Impact 

Factor 

H-

index 

Acosta 2015 IZA Discussion Papers 0.97 81.00 
Adhitya 2019 Jurnal Ekonomi Malaysia 0.71 5.00 
Adhvaryu 2018 NBER WORKING PAPER SERIES 1.58 243.00 
Adoho 2014 Policy Research Working Paper World Bank 0.74 77.00 
Albandea 2018 International Journal of Manpower 1.00 49.00 
Azevedo 2013 International Youth Foundation Report N/A N/A 
Balcar 2016 The Economics and Labour Relations Review 2.26 15.00 
Blattman 2014 The Quarterly Journal of Economics 11.78 228.00 
Calero 2016 Labour Economics 1.47 6.00 
Calero 2017 Labour Economics 1.25 78.00 
Card 2011 Journal of Labor Economics 3.61 94.00 
Cho 2013 IZA Discussion Papers 0.97 81.00 
Chowdhury 2017 IZA conference paper N/A N/A 
Cunningham 2016 Policy Research Working Paper World Bank 0.74 77.00 
De Coulon 2010 Working Paper N/A N/A 
Deming 2017 The Quarterly Journal of Economics 11.78 228.00 
Diaz 2013 IZA Discussion Papers 0.97 81.00 
Fletcher 2013 Journal of Economic Behavior & 

Organization 
1.59 101.00 

Gensowski 2014 IZA Discussion Papers 0.97 81.00 
Gertler 2013 NBER WORKING PAPER SERIES 1.58 243.00 
Girtz 2012 LABOUR N/A N/A 
Groh 2016 IZA Journal of Labour & Development 1.47 6.00 
Heineck 2010 Labour Economics 1.25 78.00 
Heineck 2011 Industrial and Labor Relations Review 2.64 69.00 
Hilger 2018 IZA Discussion Papers 0.97 81.00 
Ibarraran 2014 IZA Journal of Labour & Development 1.47 6.00 
Lindqvist 2011 American Economic Journal: Applied 

Economics 
4.04 74.00 

Premand 2016 World Development 3.87 164.00 
Rodriguez-
Planas 

2012 American Economic Journal: Applied 
Economics 

4.04 74.00 

Note: Latest information available in November 2020 used. 
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