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1. INTRODUCTION 
Socioeconomic (SE) outcomes, such as educational attainment, occupational 
status or income, are shaped by many factors that have attracted the interest of 
researchers across various disciplines. Prior scientific work has clearly indicated 
that there is no single most important factor determining individual life outcomes; 
rather, understanding the complexity of these influences is crucial (Soto et al., 
2022). 

Disentangling the predictors of SE outcomes has become central to several 
fields of study because it is important for understanding both individual well-
being and the fundamental nature of society. One of the main topics of status 
attainment research over the decades is the debate over whether SE outcomes are 
more significantly influenced by social class of origin such as parental SE status, 
or by individual psychological variables such as intelligence and personality 
(Betthäuser et al., 2020, 2021; Herrnstein & Murray, 1994; Marks, 2020; 
Saunders, 1997). Most modern societies strive for a meritocratic ideal, meaning 
that an individual’s SE outcomes should not be determined by their social status 
of origin but rather by their own abilities and effort (Erola & Kilpi-Jakonen, 2017; 
Young, 1958). The meritocracy also reflects a concept of talent allocation 
(Murphy et al., 1991), an idea that individuals have opportunities to position 
themselves in environments, particularly jobs, that match their individual charac-
teristics. There is evidence that if the merit allocation is effective, then societies 
are, in general, more successful (Murphy et al., 1991). However, critics like 
Markovits (2019) argue that meritocracy often perpetuates inequality, creating a 
“trap” where the advantages of the elite are maintained, rather than promoting 
equal opportunities. This highlights the complexity of the meritocratic ideal. 

Furthermore, understanding the individual differences associated with SE 
outcomes is important on an individual level as well, often conceptualized as the 
environment-person fit. Most people tend to devote much of their adult life to 
work, and deciding the educational and professional paths to pursue are the 
socially and economically most significant choices individuals make in their life-
time (Buser et al., 2023; Kristof-Brown et al., 2005). The match between indi-
vidual characteristics and SE environment, such as educational or occupational 
attainment is associated with higher satisfaction and job performance (Kristof-
Brown et al., 2005). Therefore, strengthening the understanding of the predictors 
of SE success and their interplay can have implications at the societal and 
individual levels.  

The main objective of this dissertation is to explore the relationships between 
individual differences, specifically intelligence and personality traits, and SE 
outcomes, such as educational attainment and occupational status. The following 
sections will summarize prior research on predictors of SE outcomes. Initially, 
I will focus on intelligence and personality, emphasizing the importance of mea-
surement issues related to these variables, which may influence overall con-
clusions. Following this, I will provide an overview of how social origin interacts 
with these psychological factors. Lastly, I will discuss the significance of societal 
and country-level differences on these interactions. 
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1.1 Intelligence 

1.1.1 Definition and measurement 

Throughout history, numerous theories and conceptualizations have attempted to 
describe human intelligence. While definitions vary, a widely accepted one 
characterizes intelligence as “the capacity to learn, reason, and solve problems” 
(Gottfredson, 1997; Plomin & von Stumm, 2018). As a psychological construct, 
intelligence is not directly observable but measured through performance on tasks 
requiring mental effort. The evolution of intelligence testing reflects the diverse 
conceptual frameworks, but most professionally developed contemporary intelli-
gence measures involve many different types of tasks to capture a variety of 
cognitive abilities (Warne, 2020). The correlation observed between different 
cognitive tests has led to the identification of a shared component, often referred 
to as general cognitive ability, denoted as g (Spearman, 1904). This concept is 
further integrated into the factor-analytic frameworks, such as the Cattell-Horn-
Carroll (CHC) model, which is probably the most recognized contemporary 
intelligence model (Carroll, 1993; Deary et al., 2022). Structure of the CHC 
approach integrates prior theoretical contributions into a comprehensive model, 
distinguishing between g and more specific cognitive abilities across construct 
levels (Schneider & McGrew, 2018). At the bottom of the hierarchy are specific 
abilities that can be described by tasks such as defining words, solving visual 
puzzles, and processing information quickly, among many others. Specific abili-
ties are the only constructs that can be directly measured. The next level involves 
narrow abilities, clusters of highly correlated specific abilities. For example, tests 
that require defining words and finding similarities between words correlate, 
clustering under the narrow ability of lexical knowledge. Narrow abilities are, in 
turn, clustered under broad abilities, such as fluid reasoning (Gf), working memory 
(Gwm), visual-spatial processing (Gv), and others. The highest level of the hier-
archy captures the general intelligence (g). The CHC model has wide empirical 
support, and it is the foundation for the development of several widely used 
intelligence tests (Carroll, 1993; Deary et al., 2022; Schneider & McGrew, 2018).  

While the CHC model provides a detailed framework of both narrow and broad 
cognitive domains, intelligence tests usually capture only a fraction of these abili-
ties due to the practical limitations of psychological assessment (Schneider & 
McGrew, 2018; Zaboski et al., 2018). For example, one of the most popular 
intelligence measures, Wechsler Intelligence Scales, enables to derive results for 
four index-scores that are based on the broad ability level – Verbal Comprehen-
sion, Perceptual Processing, Working Memory and Processing Speed (Drozdick 
et al., 2018). Furthermore, the way psychological constructs are defined and 
assessed not only influences our understanding of their relationship with SE 
variables but may also affect the strength of these associations (Stankov, 2023). 
Therefore, the link between cognitive abilities and SE outcomes can be in-
fluenced by the reliability and validity of the measurement method and the variety 
of abilities measured with it.  



10 

For example, differentiation hypotheses of intelligence (Spearman, 1927) 
assume that the relations between general intelligence and more specific abilities 
vary with ability and age levels, in a way that the associations between general 
intelligence and specific abilities become weaker with increasing general ability. 
The majority of the findings from a recent systematic review supported that hypo-
thesis (Breit et al., 2022). Therefore, the structural organization between cogni-
tive abilities may depend on the overall ability level of the individual. That is 
connected with SE outcomes, as more educated individuals have higher overall 
intelligence scores than individuals with less education (described further in 
section 1.1.2) – therefore, the structural organization of abilities across edu-
cational levels may also vary as schooling increases overall general ability (or 
IQ) scores (Brinch & Galloway, 2012; Ceci, 1991; Ritchie & Tucker-Drob, 
2018). It has been shown that these IQ-score differences are not due g itself but 
because of the specific knowledge and skills developed in schools, which could 
be measured well by intelligence tests (Colom et al., 2002; Ritchie et al., 2015). 
Therefore, more education may not mean that the g (defined as scientific con-
struct) rises, but more likely, the g with specific cognitive abilities and skills are 
enhanced (Colom et al., 2002). The same may apply to lower-level constructs, 
such as verbal ability or perceptual ability, meaning that the measured scores may 
not reflect the differences of underlying latent constructs, but rather differences 
in specific skills. In sum, the structure of abilities may vary across SE levels (such 
as educational attainment). Conclusions based on cognitive assessment and appli-
cability of the results, therefore, require a thorough assessment of the psycho-
metric properties of the measures (Breit et al., 2022; Warne, 2023), especially 
when tests are modified for use in various cultural or linguistic settings (Wicherts, 
2016).  

 

1.1.2 Associations with SE outcomes 

Cognitive ability greatly impacts the individual’s life outcomes, with no other 
psychological variable predicting SE outcomes better (Plomin & von Stumm, 
2018). The correlation between intelligence, as measured by standardized tests in 
childhood, and subsequent educational attainment and achievement is well-
documented (Deary et al., 2007; Deary & Johnson, 2010; Kriegbaum et al., 2018; 
Roth et al., 2015; Strenze, 2007; Zaboski et al., 2018). Cognitive abilities are 
linked with study choices in university (Humburg, 2017), as well as occupational 
and economic success (Bertua et al., 2005; Ng et al., 2005; Schmidt & Hunter, 
2004; Strenze, 2007). This evidences intelligence’s crucial role in SE sorting, as 
seen in the cognitive stratification across various occupations (Wolfram, 2023). 
Additionally, the mean intelligence of occupational groups is strongly linked to 
job complexity and income (Zisman & Ganzach, 2023). 

The key predictor of occupational success is education, with educational 
attainment and intelligence showing phenotypically and genetically strong corre-
lations (Okbay et al., 2022; Rietveld et al., 2014; Sniekers et al., 2017). The 
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relationship between these two variables is likely bidirectional – higher intelli-
gence is the prerequisite of longer education and better academic achievement, 
yet more education also improves performance on intelligence tests (Ritchie & 
Tucker-Drob, 2018). The biological underpinnings are significant too, as there is 
a genetic correlation between educational attainment and cognitive performance 
(Okbay et al., 2022). For instance, education has been used as a proxy phenotype 
for investigating genetic variations in intelligence (Rietveld et al., 2014), and 
studies have found that polygenic scores for education correlate with cognitive 
performance (Belsky et al., 2016; Okbay et al., 2022; Plomin & von Stumm, 
2018; Selzam et al., 2017). 

Research exploring the predictors of SE outcomes has mostly emphasized the 
predictive power of the g. However, Epstein and Winship (2006) suggested that 
studying distinct cognitive abilities may add some valuable insights to the comp-
lex relationship between intelligence and social status. Their work indicated that 
not all cognitive abilities contribute equally to educational and economic attain-
ment, highlighting quantitative and verbal abilities that predict educational suc-
cess and their indirect influence on economic outcomes. Subsequent studies have 
further explored this topic, emphasizing the importance of specific abilities, espe-
cially in the context of occupational success and performance (Lang et al., 2010; 
Schneider & Newman, 2015). It has been found that verbal ability is more 
strongly associated with school achievement (Roth et al., 2015) and work per-
formance (Lang et al., 2010) than performance in nonverbal tests.  

Furthermore, it has also been found that some components of intelligence 
(e.g., language skills, executive functions, and memory) may be more sensitive 
to the effect of parental background than others (Farah et al., 2006; Noble et al., 
2005). Asbury et al. (2005) studied the genotype-environment interactions on 
cognitive ability and concluded that the environmental influences emerged for 
verbal ability but not for nonverbal ability. Therefore, there is a possibility that 
the different aspects of cognitive ability may contribute differently to SE out-
comes and are disproportionately affected by different environmental or indi-
vidual factors (Asbury et al., 2005; Farah et al., 2006). Although, based on prior 
work, the g is definitely a valuable construct and “one of the most central pheno-
mena in all behavioral science” (Jensen, 1998), still the separate components may 
indicate some of the underlying complexities in relation to intelligence and life 
outcomes. 

Several explanations exist about the mechanisms of associations between 
cognition and SE outcomes. One approach suggests a direct connection between 
intelligence and life outcomes, meaning that cognitive tests measure intelligence 
levels, and life itself can be seen as an intelligence test (Gottfredson, 1997). 
Therefore, cognitive ability influences both test results and life outcomes, ex-
plaining their association. Additionally, general ability is conceptualized as the 
capacity to handle complexity, which is considered a key characteristic distin-
guishing various levels of SE outcomes, such as different occupations (Gott-
fredson, 1997). 
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Another specific mechanism might be related to the concept of person-
environment fit, which proposes that individuals seek out environments that best 
match their characteristics, including cognitive ability. This idea is supported by 
the gravitational hypothesis (McCormick et al., 1972), as evidenced by the fin-
dings of Wilk et al. (1995), which indicate that individuals gravitate toward jobs 
that align with their cognitive abilities. A good match between an individual and 
their environment, such as a job or educational path, leads to higher overall satis-
faction. If this fit is lacking, individuals may pursue alternative opportunities that 
better suit their abilities, exploring other educational or job options (Gottfredson, 
1997; Wilk et al., 1995). 

 
 

1.2 Personality 

1.2.1 Definition and measurement 

Although intelligence has been established as the main psychological predictor 
of SE outcomes, in recent years, there has been an increase in research focusing 
on the impact of non-cognitive factors, primarily personality traits, on life out-
comes (Borghans et al., 2016; Duckworth et al., 2019; Wolfram, 2023; Zisman 
& Ganzach, 2022). 

Personality traits are often described as consistent patterns of thinking, feeling, 
and behaving that vary among individuals (Costa & McCrae, 1992). Likewise, 
with intelligence, there are a variety of definitions and conceptualizations of per-
sonality. It is not rare to study individuals’ success in relation to specific traits, 
like grit and locus of control (Ng et al., 2006; Zisman & Ganzach, 2021). How-
ever, wide recognition has been given to the attempts to describe personality traits 
more comprehensively by a set of traits conceptualized as personality models 
(Bainbridge et al., 2022).  

Similarly to intelligence, personality can also be understood through a hier-
archical framework, where at the top of the hierarchy lie the broadest trait 
descriptors. The idea of a general personality factor, akin to the general intelli-
gence factor, has been suggested in research (e.g., Musek, 2007; van der Linden 
et al., 2017). Additionally, the concept of a two-factor apex for the hierarchy has 
been proposed (DeYoung, 2006; Digman, 1997). Nonetheless, both the one-
factor and two-factor models have faced considerable criticism (Ashton et al., 
2009; Danay & Ziegler, 2011; Revelle & Wilt, 2013), and have not gained broad 
acceptance. At present, the Five-Factor Model (McCrae & John, 1992), or Big 
Five (Goldberg, 1993), is the most prevalently adopted model, along with the six-
factor HEXACO model (Lee & Ashton, 2004). The top level of Five-Factor 
Model includes five domains: openness, conscientiousness, extraversion, agree-
ableness, and neuroticism. Domains are further divided into aspects (DeYoung 
et al., 2007) or facets (Costa & McCrae, 1995). The finest granularity of perso-
nality traits, nuances, are typically represented by single items in personality 
assessments (McCrae, 2015; Mõttus, Kandler, et al., 2017). 
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These multiple levels of assessment can all be valuable, providing parallel 
findings that can be used depending on the purpose at hand (Mõttus et al., 2020). 
The Big Five personality domains play a valuable part in describing a significant 
portion of the personality spectrum, yet they do not cover everything. Research 
suggests that beyond these domains lie at least 70 distinct facets, along with 
numerous single-item traits (Irwing et al., 2023). These traits, stable and mea-
surable in their own right, are seen as the foundational elements of trait assess-
ment and offer valuable insights that extend beyond the scope of the Big Five 
(Condon et al., 2020; Mõttus et al., 2019). The facets and nuances often vary more 
across human groups such as age (Mõttus & Rozgonjuk, 2021), gender (Hofmann 
et al., 2023), and nationality (Achaa-Amankwaa et al., 2021), and typically account 
for more variance in life outcomes than domains (e.g., Stewart et al., 2022). With 
respect to SE outcomes, the differences might also be more pronounced across 
some of the narrower traits than in the Big Five domains. For example, prior 
results have shown that nuances help to differentiate higher- and lower-per-
forming employees better than the domains (Speer et al., 2022). Therefore, it is 
reasonable to expect that SE differences, for example occupational variation, 
might be more pronounced in certain narrower traits than in the Big Five domains. 
However, no studies have explored item-level personality differences across SE 
outcomes, such as occupational attainment. 

Personality assessments mostly rely on self-report measures. Although there 
are some other methods, like behavioural assessment (Furr, 2009) and digital 
records (Kosinski et al., 2013; Vazire & Gosling, 2004; Youyou et al., 2015), the 
easy administration of questionnaires has made it possible to study large enough 
data to make meaningful conclusions. However, using only self-reports is defi-
nitely a limitation since method-specific variance constitutes a large fraction of 
the assessed trait score variance (McCrae & Mõttus, 2019) and potentially in-
fluences observed trait differences between studied groups. For example, in 
industrial-organizational psychology, the people’s self-reports, representing both 
their “true traits” and “identity”, predict occupational performance worse than 
informants’ ratings, which represent a combination of the true traits and “repu-
tation” (Connelly et al., 2022; Connelly & Ones, 2010; McAbee & Connelly, 
2016; Oh et al., 2011). Likewise, other SE outcomes, such as career progression 
(e.g., hiring and promotion), may be influenced by people’s reputation besides 
their identity, suggesting that informant-reports may capture some differences in 
personality traits somewhat differently than self-reports. Hence, the multiple 
ratings sources make the personality assessment more reliable and valuable 
(Mõttus et al., 2020). 

 

1.2.2 Associations with SE outcomes 

Personality traits are associated with many life outcomes, including SE outcomes, 
sometimes even after controlling other relevant variables like social status or 
cognitive ability (Beck & Jackson, 2022; Roberts et al., 2007). Personality traits 
are associated with educational attainment and achievement (Damian et al., 2015; 
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Mõttus, Realo, et al., 2017; Poropat, 2009), choices of university majors (Humburg, 
2017; Vedel, 2016) as well as occupational attainment (Jackson, 2006; Roberts 
et al., 2007). In addition, certain personality traits tend to go with higher per-
formance in most jobs, especially those in the conscientiousness or extraversion 
domains but also the domains of emotional stability, openness, and agreeableness 
(Barrick & Mount, 1991; Judge et al., 2013; Wilmot & Ones, 2021). Personality 
traits have been associated with labor-market performance (Edin et al., 2022; 
Jokela et al., 2017). For example, a recent meta-analysis (Alderotti et al., 2023) 
found that higher income was linked to openness, conscientiousness, and extra-
version, while lower earnings were associated with agreeableness and neuroticism.  

Given that personality is highly associated with several indicators of SE suc-
cess, little systematic research has been dedicated to the magnitude of personality 
differences across these SE outcomes. One of these outcomes can be the choice 
of occupation, the area most frequently associated with personality traits (Roberts 
et al., 2007). Several studies have focused on the personality of one or a few jobs 
(Booth et al., 2016; Cerasa et al., 2016; Furnham, 2017; King et al., 2011; Lan 
et al., 2021; Lounsbury et al., 2012, 2016; Oh et al., 2018; Slišković et al., 2022). 
However, to comprehensively describe the magnitude of differences, it is more 
useful to assess traits across a wide range of occupations, and such studies are rare. 
Only two published larger-scale studies have systematically mapped personality 
traits across a broader number of occupations. The first, by Törnroos et al. (2019), 
examined average differences in the Big Five personality traits across 25 occu-
pational groups. The second, by Wolfram (2023), presented average Big Five 
scores for over 360 occupations. However, because larger-scale studies often 
require minimalist methods due to the need for extensive sample sizes, both 
studies used only three items to assess each of the broad and multifaceted Big 
Five domains, which in turn may limit the reliability and generalizability of the 
findings (McCrae, 2015). The Big Five are not traits per se but broad and multi-
faceted domains that summarize many traits (Bainbridge et al., 2022; Goldberg, 
1995), therefore, capturing a complete and balanced representation of these 
domains with just three items is unachievable (McCrae & Mõttus, 2019). Hence, 
more comprehensive research on the associations between personality and occu-
pations is needed. 

The underlying mechanisms of the association of personality-SE outcomes are 
somewhat analogous, as described earlier, with intelligence. One of the main 
underlying topics is the person-environment fit and the gravitational processes 
(Wilk et al., 1995) that link personality to various outcomes. Narrowing down to 
occupational attainment, the main influences of personality can be generally 
described as selection effects and socialisation effects.  

Selection effects are based on the fact that people choose jobs and are chosen 
on jobs based on their individual characteristics. Holland’s RIASEC model 
(Holland, 1959, 1997), which categorizes individuals and occupations into six 
interest-based groups, suggests that congruence between personality and job 
characteristics contributes to successful career decisions. Research has consis-
tently shown that individuals who work in occupations aligned with their traits 
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tend to experience higher job satisfaction, motivation, commitment, and success 
(Ghetta et al., 2020; Hoff et al., 2020; Kristof-Brown et al., 2005; Nye et al., 2017; 
Su, 2020; Van Iddekinge et al., 2011). 

Personality traits also come with different social, emotional, and behavioural 
skills (Soto et al., 2022) that occupations may require to different degrees. There-
fore, people with higher levels of certain skills and associated traits are more 
likely to be selected for and retained at the jobs requiring these skills. For example, 
many of those interested in managerial roles may not end up in these roles due to 
a lack of the skills typically expected of leaders. Personality trait assessments are 
often explicitly used in the candidate selection processes; in fact, this is a vibrant 
business field and one of the most direct commercial applications of personality 
research and psychometrics.  

Socialization effects are based on the fact that sometimes jobs may change 
people’s personality traits, and individuals may change their jobs according to their 
traits. Based on prior work, specific life experiences usually have minimal in-
fluence on personality traits, at least in a way that is similar across people (Bühler 
et al., 2023). Still, personality trait change is common (Mõttus, 2022), and job-
related experiences that differ across occupations might still contribute to these 
changes (Holman & Hughes, 2021; Wu, 2016; Zheng et al., 2023). Perhaps most 
plausibly, job-related experience may accentuate the traits that contributed to 
people ending up in these jobs in the first place, consistently with the so-called 
corresponsive principle of personality development (Roberts et al., 2003; Zheng 
et al., 2023). For example, leadership, sales, or childcare positions may amplify 
the traits usually required to choose and be chosen for these positions. If so, both 
the selection and socialisation effect may contribute to similar average trait 
differences between occupations. 

 
 

1.3 Social origin 
Previous sections have focused on psychological differences, however, one of the 
central factors in social stratification studies has been the impact of parental social 
background. The relationship between the SE status of parents and their off-
spring, referred to as intergenerational social mobility, has been one of the main 
topics of sociology (Bukodi et al., 2020).  

Earlier studies have shown that both individual characteristics, such as cogni-
tive abilities and personality traits, and social background significantly affect SE 
outcomes (Strenze, 2007). However, the debate on which of those has a stronger 
impact on determining an individual’s success remains one of the most discussed 
topics in that field (Marks, 2022). This ongoing debate (e.g., Betthäuser et al., 
2020, 2021; Marks, 2013, 2020) likely originated with the “Bell Curve” studies 
(Herrnstein & Murray, 1994), which suggested intelligence as the main determi-
nant of success, positioning the impact of parental background as secondary, 
particularly within the U.S. context. Subsequent research across different popu-
lations has supported this perspective. In the UK, several studies reaffirmed g as 
the principal predictor of social mobility and professional success (Nettle, 2003; 
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Saunders, 1997, 2002). The Scottish Mental Survey’s results (Deary et al., 2005) 
further validate the strong link between childhood intelligence and midlife occu-
pational status. In a comprehensive meta-analysis, Strenze (2007) found that 
cognitive ability had a slightly stronger link to educational and occupational suc-
cess than other factors like parental education or family background. Marks (2013) 
argues that when IQ is considered, the relationship of social origin with SE out-
comes is reduced. Recent research continues to show cognitive ability as the 
strongest predictor of social stratification (Marks, 2022), with some studies sug-
gesting that parental influence primarily operates through genetically transmitted 
cognitive ability (Marks, 2013; Plomin & von Stumm, 2018; Saunders, 2002). 

Alternatively, research across multiple disciplines emphasizes the significant 
influence of social background on SE outcomes (Chetty et al., 2014; Laurison & 
Friedman, 2016; von Stumm et al., 2009). This line of research argues that cogni-
tive ability plays a relatively modest role, or at least far less significant than The 
Bell Curve studies (Murray, 2012) or Marks (2013) suggest. The significant 
impact of parental background is demonstrated by a direct effect of parental class 
on individuals’ educational attainment independent of cognitive ability (Bett-
häuser et al., 2020; Bourne et al., 2018; Erikson, 2016; Hsin & Xie, 2017). A 
recent study by Betthäuser et al. (2020) found that cognitive ability mediates less 
than 20% of the relationship between parental class and initial labor market 
position after considering educational attainment. Further research supports this, 
showing that individuals with similar cognitive abilities but different social origins 
have divergent educational outcomes, emphasizing the role of social background 
in shaping life chances (Betthäuser et al., 2021). 

The transmission of SE status from parents to offspring involves various 
mechanisms. Earliest works have proposed the significant role of parental social, 
economic, and cultural capital (Bourdieu, 1986; Coleman, 1988). Social capital, 
through parents’ personal contacts and social relationships, can directly influence 
their children’s occupational outcomes and secure better job opportunities. 
Mobilizing parental resources, such as economic capital, aids job searches and 
enhances mobility, significantly impacting children’s SE outcomes. Cultural 
capital involves transmitting values, knowledge, and practices beneficial in later 
life (Bernardi & Ballarino, 2016). These parental capitals can make an impact 
through investments or endowments (G. S. Becker & Tomes, 1986). Investments 
refer to the direct parental effort to contribute to the offspring’s success in life. 
These are dependent on the resources available to parents, such as money or time 
spent with children (Erola & Kilpi-Jakonen, 2017). Parental endowments refer to 
the resources of the rearing environment and can include almost anything pos-
sibly positive, such as social networks or economic assets. These mechanisms are 
complex because it is hard to differentiate them empirically from each other 
(Erola & Kilpi-Jakonen, 2017).  

More recent developments in behavioural genetics have added another dimen-
sion to these phenotypic associations. Contemporary social mobility studies 
cannot deny that several arguably environmental features are also genetically 
transmitted (Lucchini et al., 2013; Plomin et al., 1997). Although not always 
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acknowledged by social researchers, genetic endowment is a significant form of 
capital that plays a crucial role in the mechanisms through which social origin 
influences social destination (Erola et al., 2022; Guo, 2008; Lucchini et al., 2013). 

Moreover, offsprings’ individual differences (such as intelligence, personality, 
and educational attainment) also have a largely overlapping genetic basis (Marioni 
et al., 2014; Mõttus, Realo, et al., 2017). This suggests that the same genetic 
variants might not only influence these traits but also play a role in determining 
SE success (pleiotropy), or that these traits could mediate the genetic impact on 
SE outcomes. Consequently, direct causal relationships between cognitive ability, 
education, and social class indicators may be less likely, as these connections are 
probably influenced by shared genetic factors. 

Additionally, studies have identified genetic commonalities across various 
psychological and social domains (Marioni et al., 2014; Mõttus, Marioni, et al., 
2017), pointing toward a complex interaction between genetic and environmental 
factors in influencing social mobility. Damian et al. (2015) emphasized the need 
for integrating individual and environmental influences in social mobility research, 
proposing several scenarios for how personal attributes and environmental con-
ditions might interact to affect attainment. They suggested that personality and 
intelligence could influence success independently of parental SE status. Indi-
vidual factors may be compensatory at lower SE levels or amplify advantages at 
higher levels. Their analysis within a large U.S. dataset revealed that intelligence 
could offset disadvantages stemming from a lower SE background, maintaining 
its influence even after accounting for personality traits. Although personality 
traits could partially mitigate the impact of a disadvantaged background, intelli-
gence showed a more pronounced “catch-up” effect (Damian et al., 2015). 

In conclusion, SE outcomes are shaped by a complex interplay of genetic 
endowments, individual characteristics, and parental social background. While 
cognitive abilities and personality traits significantly influence success, the 
impact of parental SE status remains substantial, indicating the influence of both 
genetic and environmental factors. 

 
 

1.4 Importance of the context 

Associations between previously described factors influencing SE outcomes may 
vary across country-specific contexts. Previous research has indicated that the 
economic situation (Beller & Hout, 2006), educational system (Bol & van de 
Werfhorst, 2013; Sorjonen et al., 2011), and other institutions, as well as stratifi-
cation of income (Johnson et al., 2009) and societal openness (Breen & Luijkx, 
2004) in the particular country may influence the associations between parental 
background, individual differences, and SE outcomes. For example, there are a 
series of studies showing the stronger effects of social origin on educational or 
occupational outcomes in the UK and the U.S. compared to Sweden (Bukodi 
et al., 2014; Judge et al., 2010; Sorjonen et al., 2012; Spengler et al., 2018; von 
Stumm et al., 2010). Additionally, social origin plays a larger role in occupational 
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success in Italy compared to the Netherlands (Passaretta et al., 2018), indicating 
how country-specific contexts may shape these relationships (Bernardi & 
Ballarino, 2016; Passaretta et al., 2018).  

These differences may be influenced by labor market modernization, which is 
based on meritocratic values and ideas that modern society is open and occu-
pational positions are filled on the basis of merit instead of social origin (Breen, 
2004; Thijssen & Wolbers, 2016). Some governments have been more interested 
in pursuing such values, and one of the pathways is through improved access to 
(higher) education. Hence, an important factor that may explain the contextual 
variations is different educational systems across countries (M. Becker et al., 
2019). Individuals’ allocation to the labour market may also depend on dimen-
sions of the educational system, such as tracking and vocational orientation (see 
further Allmendinger, 1989; Bol & van de Werfhorst, 2013). In sum, these kinds 
of policy changes and variations in educational systems, in combination with 
economic modernization, may give different opportunities for meritocratic 
mobility (Thijssen & Wolbers, 2016). Therefore, studies of different samples and 
locations are essential to explain further the interplay that predicts SE outcomes 
(Hanscombe et al., 2012) and offer possible evidence of the generalisability of 
these associations across different contexts.  

This dissertation focuses on the context of Estonia, which is less studied and 
may enrich the present knowledge, as most of the studies have mainly analysed 
data from the UK or the U.S., although, in recent years, the contexts have also 
broadened (e.g., M. Becker et al., 2019; Gu et al., 2022). Estonia offers valuable 
insights as a former socialist society that has experienced significant structural 
changes over recent decades, successfully transforming into a functional market 
economy (Saar, 2010; Titma et al., 2010). Previous studies have mixed findings 
about the changes in social mobility concerning the transition from early socialist 
to post-socialist regimes (Gerber & Hout, 2004; Mach, 2004; Róbert & Bukodi, 
2004). One of the reasons for the differences may be the transition model that 
governments have followed. In many post-socialist nations, state control over the 
economy relaxed, leading to an increase in private ownership. Most countries 
followed a gradual strategy for this transition, whereas Estonia was unique in its 
abrupt shift to low-state intervention and a liberal transition model (Saar, 2010).  

To my knowledge, the personality differences across SE outcomes have not 
been studied in Estonia. However, intelligence was included by Strenze (2006), 
who conducted a comparative analysis of data from Estonia and the U.S. to 
identify factors contributing to SE success. The study confirmed that parental 
social status and cognitive abilities are positively linked to success in both 
countries. However, cognitive ability played a more significant role in predicting 
success in the U.S. than in Estonia. This disparity might be attributed to dif-
ferences in environmental stability: the more stable and open social environment 
in the U.S. potentially offers better opportunities for individuals to leverage their 
cognitive skills (Herrnstein & Murray, 1994). Strenze (2006) suggested that as 
Estonian society becomes more stable and mature, the significance of intelligence 
in achieving success is likely to increase. 
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2. AIMS OF THE DISSERTATION 
The main objective of this dissertation was to examine how key individual dif-
ferences, intelligence and personality traits, relate to variations in educational and 
occupational outcomes in Estonia. 

Initially, I examined the influence of parental SE status and an individual’s 
cognitive abilities on educational and occupational attainment (Study I). To 
explore the role of more specific cognitive abilities further, I established the 
psychometric properties of the measure and studied the structure of cognitive 
abilities across various demographic groups (Study II). Additionally, I analysed 
differences in ability components across educational levels (Study II) and their 
role in predicting occupational attainment (Study I). 

The second part of the dissertation focused on personality traits in relation to 
occupations (Study III). I examined how much occupations account for perso-
nality variations, including analyses of the Big Five and nuanced personality 
profiles. Additionally, the generalizability of these findings across different 
samples and assessment methods was analysed. 
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3. MATERIALS AND METHODS 

3.1 Participants 

3.1.1 Sample from the adaptation project of the Estonian Wechsler 
Adult Intelligence Scale, Third Edition (WAIS-III)  

Participants for Study I and Study II were recruited during the adaptation 
process of the Estonian WAIS-III, and the data collection took place from 2012 
to 2017. The data was collected by clinical psychologists or clinical psychologist 
trainees who had previously completed WAIS-III training.  

The sample composition was based on the 2014 Estonian census data, strati-
fied by age, sex, and educational level. The exclusion criteria set by the original 
WAIS-III standardization (Psychological Corporation, 2002) were used. In 
Study I, the sample size was 759, and in Study II, the completed standardization 
sample was used, including 770 participants (44% male, 56% female, age range 
16–89).  
 

3.1.2 Sample from the Estonian Biobank Personality Study 

Participants in Study III were members of the Estonian Biobank, who took part 
in a Personality Study data collection (Vaht et al., 2024). The personality and 
occupation data were collected in an online survey between November 2021 and 
April 2022.  

For Study III, we included the sample who answered in Estonian (participants 
who answered in English or Russian were excluded), did not have more than ten 
missing personality measure responses, and had occupational data. The resultant 
sample included 68,540 participants (sex assigned at birth: 48,231 women, 
20,309 men; age: range from 18 to 102; M = 47.9, Mdn = 47.0, SD = 14.6), 19,989 
of whom were also rated by an informant with up to 10 missing responses (sex 
assigned at birth: 13,616 women, 6373 men; age: range from 18 to 93; M = 45.5, 
Mdn = 44.0, SD = 13.6). The informants were usually partners or spouses (56%), 
children/grandchildren (14%), friends (14%), parents/grandparents (7%), or other 
relatives (8%). 

 
 

3.2 Measures 

3.2.1 Estonian version of the WAIS-III  

Study I and Study II implemented the Estonian version of WAIS-III (Wechsler, 
2011, 2021).  

WAIS-III consists of 14 subtests that can be broadly divided into Verbal and 
Performance scales, which in turn can be divided into four index scores: Verbal 
Comprehension (Vocabulary, Similarities, Information subtests), Perceptual 
Organization (Picture Completion, Block Design, Matrix Reasoning), Working 
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Memory (Arithmetic, Digit Span, Letter-Number Sequencing), and Processing 
Speed (Digit Symbol – Coding, Symbol Search). Comprehension subtest is an 
optional subtest typically grouped with verbal abilities in factor analyses. Object 
Assembly, also optional, is part of the Performance scale and is often excluded 
from factor analytic studies due to its supplementary nature. 

The adaptation and standardization of the Estonian version was completed in 
2019. Normative data was developed using the inferential norming method, 
which is most suitable for smaller sample sizes (Zhu & Chen, 2011).  

During the adaptation process, I analysed the psychometric properties of the 
scales, and the Estonian adaptation had mostly acceptable to excellent internal 
consistency statistics that are comparable with the original UK and U.S. versions 
(Psychological Corporation, 2002). The average reliability coefficients (Cron-
bach’s alphas) across 11 age groups were .97 for Full Scale IQ, .96 for Verbal IQ, 
and .92 for Performance IQ. Comprehensive psychometric analyses were pub-
lished in the Estonian WAIS-III Administration and Scoring Manual (Wechsler, 
2021).  

Due to the incompletion of norm development, it was impossible to include 
the IQ or index scores in the analyses of Study I. Therefore, we applied factor 
analysis to all subtests to obtain the score for g and combinations of subtests to 
obtain equivalents for index scores. The equivalent for the Verbal Comprehen-
sion (VC) Index was obtained with Vocabulary, Similarities, Information, and 
Comprehension subtest results. The Perceptual Organization (PO) component 
was calculated using scores from the Picture Completion, Matrix Reasoning, and 
Block Design subtests. The Working Memory (WM) Index equivalent included 
results of Arithmetic, Digit Span, and Letter-Number Sequencing. The Pro-
cessing Speed (PS) Index component was calculated using the scores of the 
Symbol-Digit Coding and Symbol Search subtests. In Study II, the main 
analyses, confirmatory factor analyses (CFA) and measurement invariance (MI) 
analyses, included the subtests’ raw scores. However, descriptive statistics were 
presented using the available Estonian norm data. 

 

3.2.2 100 Nuances of Personality  

In Study III, we used the measure of 100 Nuances of Personality (100-NP; Henry 
& Mõttus, 2023) to collect personality data. 100-NP is designed to cover numer-
ous personality traits with reduced redundancy. It captures trait content associated 
with most facets and domains assessed in standard Big Five measures and some 
traits typically not covered by these (e.g., competition, envy, humor, sexuality, 
spirituality, and the “Dark Triad” traits). Based on the rationale described by 
Condon et al. (2020), the 100-NP items were iteratively selected from larger item 
pools for their diverse content. Items were retained if they 1) had acceptable test-
retest reliability, variance, and cross-rater agreement, and 2) were not excessively 
redundant with other items, except some more highly correlated items to assess 
acquiescent responding and provide two items of apparently less reliably assess-
able traits (e.g., impulsiveness). Participants responded using a six-point Likert-
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type scale, ranging from “Completely Inaccurate” to “Completely Accurate”. A 
full description of the 100-NP’s development can be found in Henry and Mõttus 
(2023), and items can be found at the Open Science Framework https://osf.io/xztkv. 

We calculated participants’ Big Five scores based on 60 items. We selected 
these by (a) averaging standardized self- and informant-ratings of 20,886 partici-
pants who had no more than ten missing responses for personality items (re-
placing remaining missing responses with the median); (b) dropping the item with 
less variance from each pair correlating above .50 and dropping items with no 
correlation with other items at least .30 (to avoid redundancy as well as isolated 
items); (c) running the principal component analysis (PCA) in the remaining 119 
items, extracting five varimax-rotated components and retaining 12 highest-
loading items for each component; (d) re-running PCA with the remaining 60 
items and using the resulting loading matrix to calculate participants’ Big Five 
scores in self-reports and, when available, informant-reports. This procedure 
ensured that Big Five scores were relatively orthogonal (absolute inter-corre-
lations between .02 and .11, Mdn = .05, in self-reports and 0 and .15, Mdn = .04, 
in informant-reports), similarly calculated in self- and informant-reports, and 
based on sufficiently diverse item content. In the additional online material of 
Study III, we provide a comprehensive psychometric evaluation of the 100-NP 
Big Five scales (https://osf.io/m9sw3/). 

 

3.2.3 Education and Occupation 

The education in Study I and Study II was the self-reported highest finished 
educational level, which was coded into five categories: (1) primary and basic 
education; (2) vocational education; (3) specialized secondary education; 
(4) general secondary education; and (5) higher education. The parents’ edu-
cational level analysed in Study I was reported by the participants (off-springs) 
and coded into the same categories. If parents’ educational levels differed, a hig-
her level was used (according to the dominance principle proposed by Erikson, 
1984). 

The self-reported occupations collected in Study I and Study III were coded 
to the International Standard Classification of Occupations (ISCO-08; Inter-
national Labour Office, 2012). In Study I, the three-digit code of ISCO-08 was 
transformed into a slightly modified version of the Erikson-Goldthorpe scheme 
(Erikson & Goldthorpe, 1993). Some country-specific modifications were made 
to the original version analogously with similar sociological studies conducted in 
Estonia (e.g., Saar, 2010; Titma et al., 2003). These changes corresponded better 
with the occupational distribution and sample features, as some of the occu-
pations in the Erikson-Goldthorpe scheme are too sparsely populated in Estonia, 
which also appeared in Study I data. The original Erikson-Goldthorpe version 
and the modified classification for Study I are shown in Table 1. 
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Table 1. The Erikson-Goldthorpe Class Scheme: Original and Modified Versions 

Original version Modified version

I: Upper service class; senior civil  
servants, higher managerial, higher-grade 
professionals (also self-employed).

I: Upper service class; senior civil 
servants, higher managerial, higher-grade 
professionals (also self-employed). 

II: Lower service class; middle-level 
administrators and officials, lower 
managerial, lower-grade professionals.

II: Lower service class; middle-level 
administrators and officials, lower 
managerial, lower-grade professionals. 

III: Routine non-manual employees,  
clerks. 

III: Routine non-manual employees, 
clerks.

IVab: Self-employed and employers in 
non-agricultural businesses. 

IV: Agricultural skilled workers 

IVcd: Farmers and smallholders, including 
self-employed fishermen. 

VI: Skilled manual workers. V: Skilled manual workers, non-
agricultural

VII: Semi- and unskilled manual workers, 
including unqualified sales personnel.

VI: Unskilled manual workers 

 
In Study III, the aim was to use four-digit (4d) ISCO-08 codes. However, addi-
tional self-generated codes based on the ISCO-08 classification were created for 
those not aligned precisely with the ISCO-08 groupings. These self-generated 
codes were used when the answers provided by participants were too generic and 
did not involve enough information for the exact coding. For example, the answer 
“analyst” broadly aligns with the ISCO-08 major level category “Professionals”, 
marked with one-digit code “2”. Yet, this answer refers to a specific group of 
professionals, and to separate it from other jobs at the level of “Professionals”, 
we created the code “202x”. In this code, “2” denotes its affiliation with the one-
digit group of “Professionals”, “02” is the sequence number indicating its order 
among the codes we created within the “Professionals” category, and “x” stands 
for our unique identifier. In total, 26 self-generated codes were created.  

Of 69,351 responses, 68,540 were coded, leaving out answers indicating un-
employment, retirement, or educational attainment in process. After restricting 
group sizes from 25 to 1000, the main analyses of Study III were executed across 
263 occupational groups (N = 59,027) with self-reported traits and across 176 
occupations (N = 18,496) with informant-reported traits. 
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4. RESULTS AND DISCUSSION 

4.1 Intelligence in relation to SE outcomes  

4.1.1 MI of WAIS-III (Study II) 

Earlier studies have stated that the measurement of cognitive abilities may have 
an impact when combined with analyses of SE outcomes (Stankov, 2023). There-
fore, psychometric properties of the Estonian version of WAIS-III were estab-
lished. 

MI is a crucial requirement for any psychological instrument used to compare 
individuals across different groups, such as gender, age, or educational level. MI 
ensures that the test measures the same psychological constructs consistently, 
regardless of the specific group to which the test-taker belongs (Wicherts, 2016). 
MI is essential to establish not only for testing mean differences across groups 
but also for comparing relations of the constructs with other variables across the 
groups (Putnick & Bornstein, 2016). Only after establishing the MI are the 
interpretations of group comparisons meaningful. Hence, MI is among the central 
testing concepts in psychological sciences and an obligatory feature of any 
psychological measure (Putnick & Bornstein, 2016).  

The first aim of Study II was to identify the factor structure of the Estonian 
WAIS-III. We tested nine models that have been studied in prior research with 
the original scale (Psychological Corporation, 2002) and previous adaptations 
(Egeland et al., 2009; Grégoire, 2004; Tulsky & Price, 2003). The results of the 
CFA supported the correlated four-factor model with the latent factors of VC, 
PO, WM, and PS. The fit was further improved if the Arithmetic subtest was 
allowed to load both on the VC and the WM factors (Figure 1). This was chosen 
as the baseline model for following MI analyses as it provided the best overall fit 
to the data [χ2(58) = 179.36, CFI = .984, TLI = .978, RMSEA = .051]. 

Next, the MI analyses showed that the Estonian WAIS-III has a partial MI 
across gender and age groups. Latent mean comparisons showed that men had a 
significantly higher mean score on the PO factor than women. No significant 
mean differences were found between males and females in VC, WM, or PS. 
Comparing latent means across age groups, the older groups had significantly 
lower means than younger ones. The largest discrepancies were in the PS factor 
and the smallest in the VC factor.  
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Figure 1. Path Diagram to Present the Standardized Factor Loadings and Covariances 
Between Factors for the Four-Factor Model 
 
However, measurement invariance (MI) across age groups is also relevant to the 
very concept of intelligence. For instance, it has been suggested that intelligence 
factors such as g may develop through mutually beneficial interactions among 
specific skills, as proposed by the dynamic mutualism approach (Van Der Maas 
et al., 2006). According to this theory, the co-variances between these skills 
should not remain structurally invariant over time. In response, Gignac (2014) 
tested both the mutualism model and g models using various Wechsler scales. 
His findings did not support the mutualism approach, as the g factor remained 
consistently strong throughout development. However, the partial invariance 
suggests caution in interpreting these differences due to potential biases in latent 
mean comparisons (Immekus & Maller, 2010; Putnick & Bornstein, 2016; Stein-
metz, 2013). Overall, these results provide evidence that the test functions simi-
larly across gender and age groups.  

We further established that the Estonian WAIS-III is not invariant and likely 
biased across educational levels. Measurement non-invariance indicates that the 
construct may have different structures or meanings for different groups (Putnick 
& Bornstein, 2016), making group mean differences in latent cognitive abilities 
difficult to interpret (Wicherts, 2016). Therefore, the structural organization of 
abilities may vary across educational levels, as proposed by differentiation hypo-
theses (Spearman, 1927). Although prior research with Wechsler’s scales does 
not clearly indicate that. Tommasi et al. (2015) found MI across educational 
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levels with the WAIS-R, while Abad et al. (2016) studied the WAIS-IV in Spain 
and found it partially invariant. They noted that three subtests (Matrix Reasoning, 
Coding, and Letter-Number Sequencing) had lower loadings as educational levels 
increased. Differences between these studies and ours may arise from the dif-
ferent editions of the Wechsler scales, which, while similar, have structural changes 
across versions. Additionally, variations in language, sample composition, edu-
cational level divisions, and educational systems could influence results. Thus, 
studying the relationships between intelligence models, educational systems, and 
locations is essential for drawing further conclusions. Wicherts and Dolan (2010) 
have discussed other reasons for intercept differences in intelligence test CFA 
models, such as test-taking strategies, familiarity with testing, and abilities tapped 
by specific subtests that differ from the targeted latent ability. 

 

4.1.2 The predictive effect of parental education and 
cognitive ability for participants’ own educational level and 

occupational class (Study I) 

The general aim of Study I was to analyse the associations between parental 
background, education, and cognitive ability in Estonia.  

First, we examined the predictive effect of parental education and individual’s 
cognitive ability on participants’ educational level and occupational class, con-
trolling for age and gender. Our findings indicated that when analysed separately, 
both parental education and individual’s own cognitive ability were significant 
predictors of educational level and occupational status. Parental educational 
background accounted for about 13% of the variance in children’s educational 
attainment (F(3, 727) = 35.42, p < .001; R2 = .13) and 8% of the variance in 
occupational attainment (F(3, 552) = 17.02, p < .001; R2 = .09). The regression 
model that included cognitive ability as a predictor showed higher explanatory 
power, accounting for 27% of the variance in educational level (F(3, 747) = 
92.46, p < .001; R² = .27) and 22% of the variance in occupational status 
(F(3, 561) = 52.29, p < .001; R² = .22). Cognitive ability alone accounted for a 
greater proportion of the variance – 27% for education and 22% for occupation. 
These findings align with Erikson’s (2016) study in Sweden, which found that 
social origin factors accounted for 16–19% of the variance in education, and 
cognitive ability for 25%. Our results suggest that in Estonia, the influence of 
parental background is slightly lower, possibly indicating a higher role of intelli-
gence in social mobility.  

The results are consistent with previous research (e.g., Strenze, 2007), showing 
that cognitive ability has a stronger predictive power for educational attainment 
than for occupational attainment. Together, parental education and individual 
cognitive ability explained about one-third of the variance in educational attain-
ment and one-fifth of the variance in occupational attainment. Interestingly, it 
appeared that when parental education and intelligence were added simul-
taneously to the analysis, the predictive effect of parental education diminished 
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by 37–38% for both outcomes, although it did not disappear entirely. This sug-
gests that approximately 40% of the parental background association is mediated 
through cognitive ability for both variables. The results of the Sobel test indicated 
that cognitive ability was a significant mediator between parental education and 
participant education (Z = 2.440, SE = 0.052, p < .05; standardized indirect effect 
abes = .13) as well as between parental education and participant occupational 
status (Z = 5.583, SE = .020, p < .001; abes = .11). 

Damian et al. (2015) argued that social attainment and the likelihood of social 
mobility may result from more complex interactions between various factors. 
They proposed several scenarios for possible interplays between individual and 
environmental factors: (a) personality characteristics and intelligence may predict 
attainment independently of parental SE level (no interaction), (b) personality 
characteristics and intelligence are stronger predictors of attainment at lower 
levels of parental SE status (compensation) or (c) personality characteristics and 
intelligence are stronger predictors of attainment at higher levels of parental SE 
status (accumulated advantage). To explore these possible interplays with our 
data, we added an interaction between parental education and intelligence to pre-
dict educational and occupational level. This addition did not provide any re-
markable predictive power to the analysis, which indicates that the level of 
parental education does not influence the effect of cognitive abilities on edu-
cational or occupational attainment or vice versa. In other words, we found con-
firmation of the independent effect hypothesis and no confirmation of the 
compensation or accumulated advantages hypothesis. 

 

4.1.3 Participant’s own education as a mediator between 
parental education/cognitive ability and 

occupational attainment (Study I) 

To further specify how different variables contribute to the participant’s occu-
pational attainment, we expanded our analysis to include the participants’ own 
education and specific components of cognitive ability, in addition to parental 
education and general intelligence. As anticipated, the predictive power for occu-
pational level increased when the participants’ own educational level was in-
cluded in the model. The results showed that adding the participants’ own edu-
cational level reduced the predictive effects of parental education to an insignifi-
cant level. A similar attenuating effect was observed with cognitive ability, though 
it remained a significant predictor of occupational attainment. This suggests that 
one’s own education may mediate the effects of parental education and cognitive 
ability on social status attainment. The Sobel test confirmed this mediation, 
showing that participant education significantly mediated the relationship 
between cognitive ability and occupational status (Z = 8.199, SE = .030, p < .001; 
abes = .25), as well as between parental education and occupational status 
(Z = 6.003, SE = .023, p < .001; abes = .14). Similar results have been reported in 
earlier studies as well (Breen & Goldthorpe, 2001; Deary et al., 2005; Nettle, 
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2003). The study by Johnson et al. (2010) found that social class of origin pre-
dicted educational attainment, and educational attainment fully mediated the 
relationship between social class of origin and social class attainment. Moreover, 
cognitive ability predicted both educational and social class attainment, with edu-
cational attainment directly contributing to class mobility (Johnson et al., 2010). 
  

4.1.4 Differences in cognitive ability domains linked 
with occupational and educational attainment (Study I, Study II) 

With an aim to determine whether different components of cognitive ability 
influence social mobility in distinct ways, we analysed separate cognitive abilities 
as predictors of participants’ occupational status in Study I. When analysing 
different intelligence components as predictors of occupational attainment, verbal 
ability stood out as a significant contributor (Table 2). Processing speed, per-
ceptual organization ability, and working memory did not show a significant 
effect on occupational attainment in a multivariate model alongside verbal ability 
and other highly correlated variables. The predictive power with separate cogni-
tive domains was comparable to the model that included the general g, explaining 
35% of the variance (F(8, 542) = 36.15, p < .001; R2 = .348). 
 
Table 2. Summary of Regression Analysis for Predicting Participant Occupational Status 
Adding Own Education and Different Components of g as Predictor Variables  

 Dependent variable: 
Occupational status 

Predictor variables Model 1 Model 2 
Participant age .009*** .007* 
Participant sex .373***  .358*** 
Parental education  .054 .043 
Participant cognitive ability g .229***  
Participant education .427***  .412*** 
  
Different components of g  

Verbal component  .158** 
Perceptual component .018 
Working memory .025 
Processing speed .063 

N 545 543 

R2 .342 
(.336)  .348 

(.338) 
∆R2 .006 

Note. Unstandardized regression coefficients. *p < .05; **p < .01; ***p < .001 
 



29 

Previous research has shown that verbal abilities are among the strongest pre-
dictors of academic achievement (Roth et al., 2015), which may also influence 
occupational attainment. This association between verbal abilities and education 
was supported in Study II. The highest correlations with educational attainment 
were found with the VC index (ρ = .53, p < .001), Verbal IQ (ρ = .51, p < .001), 
and several verbal subtests such as Vocabulary (ρ = .50, p < .001), Similarities 
(ρ = .47, p < .001), and Comprehension (ρ = .47, p < .001). Other index scores 
had correlations in the range of .33 to .36 (p < .001), with Performance IQ and 
education correlating at ρ = .36 p < .001). The Full Scale IQ correlated with edu-
cational attainment at ρ = .49 (p < .001). 

It has been proposed that a higher social position of the family leads to more 
stimulating and demanding resources and environments that support the 
development of verbal abilities (Bradley et al., 2001; Hauser & Huang, 1997). 
However, our correlational results did not indicate a stronger relationship between 
parental status and verbal abilities. In fact, other components of measured cogni-
tive abilities had stronger correlations than the verbal component. One expla-
nation for this pattern may be the classification system of occupations itself. 
Higher positions in the Erikson–Goldthorpe classification may predominantly 
require verbal skills. Similarly, higher educational paths may demand more 
verbal skills, or the education itself may focus more on developing verbal skills. 
Ritchie et al. (Ritchie et al., 2015) have shown that education raises specific 
cognitive abilities rather than general intelligence. In conclusion, differentiating 
between separate cognitive domains may be valuable in establishing predictors 
of SE success. 

 
 

4.2 Personality traits in association with 
occupational variation 

Another major aim of this dissertation was to explore the personality differences 
among distinct occupational groups, which was done by comprehensive multi-
method assessments in a large population sample and directly comparing the 
results to existing similar data (Study III). 
 

4.2.1 The magnitudes of occupational differences 
in personality traits 

Systematic research of personality differences across occupations is quite limited. 
Several studies have described personality traits of one specific occupation or 
compared a couple of occupations (Booth et al., 2016; Cerasa et al., 2016; 
Furnham, 2017; King et al., 2011; Lan et al., 2021; Lounsbury et al., 2012, 2016; 
Oh et al., 2018; Slišković et al., 2022). Although that kind of studies contribute 
to the knowledge about which variables “significantly” differ between groups, 
however, the overall magnitude of occupational differences in personality traits 
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is also important. For instance, greater overall differences strengthen the empirical 
justification for incorporating personality traits into career counselling, coaching, 
and applicant selection. Similarly, more pronounced occupational differences 
offer a stronger empirical foundation for the idea that personality plays a signi-
ficant role in shaping life outcomes (Roberts et al., 2007). 

Earlier studies that included a wider selection of occupations have had dif-
ferent results regarding the magnitude of the group differences. Occupations 
accounted for 7% to 10% of Big Five variance in Wolfram (2023) but only 1% 
to 4% in Törnroos et al. (2019). Hence, the evidence about the strength of the job-
trait relationship is unclear, especially measured with comprehensive personality 
questionnaires. 

To quantify the proportion of variance in personality traits explained by jobs, 
we calculated the eta-squared (η²) from a series of analyses of variance with traits 
as dependent variables and job groups as categorical independent variables. The 
occupational groups explained between 2% and 7% of the self-reported Big Five 
domain variance, with openness levels varying the most among jobs.  

For comparison, we also calculated the proportions of trait variance explained 
by occupations without first controlling for age and gender, following the approach 
used by Wolfram (2023). These proportions were slightly higher, ranging from 2% 
to 8%. This suggests that age and gender differences among individuals in dif-
ferent occupations contributed to some of the observed personality trait dif-
ferences. 

We anticipated that occupations would account for somewhat more variance 
in personality domains than 2% to 7%, given that we assessed domains more 
comprehensively than previous comparable studies (Törnroos et al., 2019; 
Wolfram, 2023) and covered a broad range of jobs classified into the narrowest 
occupational groups. Differences with previous studies could stem from socio-
cultural variation or different classification systems (SOC vs. ISCO). Additio-
nally, using a minimalist measurement method (BFI-S; Lang et al., 2011) may 
impact the outcomes. For example, high inter-correlations (up to ~.50; Lang et al., 
2011) among some domain scores in the BFI-S used by Wolfram may have 
inflated the estimates for individual domains, with the same variance varying 
between occupations under different domain labels. That is, the proportion of 
variance accounted for by occupational differences in all five domains combined 
may have been more comparable. In addition, subtraits of the Big Five domains 
may vary more across occupations than the broader domains themselves, as our 
findings and previous research supported. Wolfram’s narrower domain assess-
ments might have inflated variability by focusing on subtraits that differ more 
across occupations. For example, single-item nuances like “Want to be in charge” 
and “Try to avoid speaking in public” varied more across occupations than their 
associated broader domains. To conclude, the BFI-S used by Wolfram may 
capture the most job-related components of traits, omitting other facets. Our 
broader assessment of subtraits allowed for a more comprehensive understanding 
of domain variability across occupations, suggesting that personality facets or 
nuances differentiate occupations better than broad domains. 
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4.2.2 Occupational personality profiles 

We calculated average trait scores for 263 occupations coded into the 4d (unit) 
ISCO job categories. For more reliable estimates, we smoothed these averages 
towards those of the broader (parent) occupational groups (generally, coded with 
three digits), inversely proportionally to the 4d groups’ sizes. For example, with 
the smallest possible 4d group size, 25, the smoothed average was halfway 
between the original 4d group’s average and its parent group’s average; while 
with group sizes of 50 and 100, the original 4d group had weights of 80% and 
94%. This was done because many less-represented occupational groups can have 
unique and, thus, practically and theoretically useful personality trait profiles. 
However, the traits’ (domains, nuances) mean and variance estimates for these 
groups can also be unreliable due to sampling biases. 

Jobs’ rankings in the Big Five domains were generally intuitive and appeared 
to reflect the demands and characteristics of these professions. For instance, jobs 
with the highest average openness included creative roles like artists and writers, 
and professions generally more open to novel knowledge, like (university) 
teachers and research professionals (Table 3). Additionally, roles within the 
creative sector—such as actors, artists, designers, and writers—also tended to 
score high in neuroticism and low in conscientiousness (Table 4). Occupations 
characterized by the lowest average neuroticism included various managerial 
roles and pilots (Table 5). The highest conscientiousness scores were found among 
ship engineers, dental assistants, construction managers (Table 4), reflecting their 
core responsibilities that require diligence and attention to detail.  

For extraversion, jobs typically considered demanding social and outgoing 
roles, like advertising and public relations managers, actors, and event planners, 
tended to score the highest. Conversely, occupations involving less social inter-
action, such as electronics engineers, software/multimedia developers, assem-
blers, and laboratory technicians, had the lowest average extraversion scores 
(Table 6). 

In the agreeableness domain, psychologists, religious professionals, and health 
professionals ranked among the occupations with the highest scores. Inte-
restingly, electronics engineers and multimedia developers also displayed high 
average agreeableness scores, which might challenge common perceptions of 
these roles. The lowest agreeableness scores were observed among sales workers, 
entrepreneurs, real estate agents, business services professionals, and sales mana-
gers (Table 7). 

The findings described were generally consistent with earlier research con-
cerning different occupations (Törnroos et al., 2019; Wolfram, 2023) and uni-
versity majors (Vedel, 2016). The findings align well with studies focusing on 
specific occupations (Cerasa et al., 2016; King et al., 2011; Lounsbury et al., 
2016). An interactive table available at https://apps.psych.ut.ee/JobProfiles/ shows 
Big Five profiles for all 263 occupations. 
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Table 3. Jobs with the Highest and Lowest Mean Scores in Openness 

Highest-scoring jobs Lowest-scoring jobs

Job Mean SD N Job Mean SD N 

Visual Artists 58.52 9.53 208 Crane, Hoist & Rel. 
Plant Operators

43.95 8.94 48 

Language Teachers 57.04 10.76 87 Plumbers & Pipe 
Fitters

44.72 10.15 50 

Authors & Rel. 
Writers 

56.89 8.72 41 Car, Taxi & Van 
Drivers

44.85 9.42 513 

Note. SD = standard deviation; N = number of people in the group; Rel. = related. 
 
 
Table 4. Jobs With the Highest and Lowest Mean Scores in Conscientiousness 

Highest-scoring jobs Lowest-scoring jobs

Job Mean SD N Job Mean SD N 

Ships’ Engineers 53.90 8.50 40 Visual Artists 45.55 9.95 208 

Dental Assistants & 
Therapists 

53.68 11.70 25 Electronics Engi-
neers

45.92 8.57 50 

Construction 
Managers 

53.45 9.12 108 Graphic & Multi-
media Designers

46.03 10.80 232 

Note. SD = standard deviation; N = number of people in the group. 
 
 
Table 5. Jobs With the Highest and Lowest Mean Scores in Neuroticism 

Highest-scoring jobs Lowest-scoring jobs

Job Mean SD N Job Mean SD N 

Actors 57.94 10.97 63 Database & Net-
work Profs N.E.C

45.19 10.09 30 

Visual Artists 55.06 9.60 208 Health Services 
Managers

45.44 9.16 127 

Graphic and Multi-
media Designers 

54.76 10.86 232 Aircraft Pilots & 
Rel. Associate Profs

46.08 8.25 42 

Note. SD = standard deviation; N = number of people in the group; Profs = professionals; N.E.C = 
not elsewhere classified. 
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Table 6. Jobs With the Highest and Lowest Mean Scores in Extraversion 

Highest-scoring jobs Lowest-scoring jobs

Job Mean SD N Job Mean SD N 

Advertising & 
Public Relations 
Managers 

55.11 9.19 136 Electronics 
Engineers 

42.02 12.74 50 

Actors 55.01 10.13 63 Software Developers 44.90 10.60 876 

Conference & 
Event Planners

54.83 8.71 29 Web & Multimedia 
Developers

44.94 10.07 38 

Note. SD = standard deviation; N = number of people in the group. 
 
 
Table 7. Jobs With the Highest and Lowest Mean Scores in Agreeableness 

Highest-scoring jobs Lowest-scoring jobs

Job Mean SD N Job Mean SD N 

Electronics 
Engineers 

55.71 9.81 50 Unspecified Sales 
Workers

46.72 9.34 36 

Web & Multimedia 
Developers 

54.63 8.91 38 Self-employed/ 
Entrepreneurs

47.13 9.94 610 

Psychologists 54.34 9.87 245 Real Estate Agents, 
Property Managers

47.28 10.66 199 

Note. SD = standard deviation; N = number of people in the group. 
 

4.2.3 Nuanced occupational differences 

Some previous studies have argued that the Big Five may be too broad to 
comprehensively understand or predict work-related criteria (Hough & Oswald, 
2005; Paunonen et al., 1999; R. Schneider et al., 1996, p. 199; Tett & Burnett, 
2003), but systematic research on mapping occupational differences with narrower 
traits is very limited. Therefore, a unique contribution of Study III was profiling 
personality nuances across the 263 occupations. 

First, we compared the occupational groups in personality items and calcu-
lated the η² for every item, representing the proportion of variance accounted for 
by occupational groups. Next, 23 items with η² ≥ .04 were identified, and from 
these, 2 items were removed that had an inter-correlation larger than r > .50 with 
another item to minimize content overlap. For these pairs, the item with the higher 
η² was retained. This left us with 21 personality nuances (see Table 8) that showed 
occupational differences equal to the typical association strength in psychology 
(r ≈ .20, η² = .04), considered the threshold for medium effects with potential 
practical and explanatory use (Funder & Ozer, 2019). Finally, we smoothed the 
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items’ mean scores and SDs of the 4d occupational groups towards those of their 
parent groups, like domains-based analyses. 

Similarly to domains, the resulting profile patterns were usually highly 
intuitive. For example, the item “Want to be in charge” showed the greatest 
variation across jobs, with the highest scores in leadership roles and the lowest in 
support roles such as clerks, kitchen helpers, and teachers’ aides.  

Occupational groups accounted for significant proportions of variance in 
several nuances related to the openness domain. Yet, these nuances were not 
redundant, correlating less than .50, far lower than their reliability (Henry & 
Mõttus, 2023). Many other trends in item profiles also seem to be linked with the 
expected responsibilities, vocational interests, or day-to-day activities of different 
jobs: managers deal with problem-solving and competitive tasks; judges, pilots, 
and officials are decisive; pilots and air controllers adapt well to changes; re-
searchers are science-focused; and HR, welfare managers, and psychologists are 
good in influencing other people. Some occupational differences reflect broader 
perspectives or emotional states rather than job functions, like religious 
professionals’ conservatism versus the liberalism seen in creative fields and law. 
All occupations’ item-score rankings are shown at https://apps.psych.ut.ee/ 
JobProfiles/. 

 

4.2.4 Cross-validation of the findings 

To assess the findings’ robustness across samples, countries, and assessment 
approaches, reinforcing their general applicability, we cross-validated our self-
reported results against informant-reports and previous findings. 

Informant-ratings were available for 18,496 individuals across 176 occupatio-
nal groups. Analyses with informant-ratings showed that 4d occupational groups 
explained similar proportions of Big Five domain variances as in self-reports, 
with η² = .07 for openness, .04 for extraversion, and .03 for neuroticism, agree-
ableness, and conscientiousness. Therefore, the magnitudes of occupational dif-
ferences replicated well across methods. 

The correlations between self- and informant-rated smoothed personality scores 
were remarkably high, with ρs ranging from .63 to .90 for domains and from .67 
to .92 for nuances. This supports the reliability and validity of our findings, 
meaning that occupational differences in personality domains and nuances did 
not reflect merely people’s self-concepts but also their externally visible traits. 
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Table 8. Variance Proportions (Eta-Squared) of the Items Accounted for by Jobs Coded 
Into Four-Digit to Single-Digit ISCO Categories 

Items 4d 3d 2d 1d 
1. Want to be in charge .12 .11 .10 .09 
2. Try to avoid speaking in public .09 .08 .06 .05 
3. Need a creative outlet .09 .07 .04 .01 
4. Am interested in science a .08 .07 .05 .04 
5. Like to solve complex problems a .07 .06 .05 .04 
6. Have a natural talent for influencing people .06 .06 .04 .04 
7. Have a rich vocabulary a .06 .06 .04 .03 
8. Believe in the importance of art a .06 .05 .03 .02 
9. Support liberal political candidates .06 .05 .04 .04 
10. Like to stand out in a crowd .06 .05 .04 .03 
11. See myself as an average person .05 .04 .03 .02 
12. Avoid philosophical discussions a .05 .04 .03 .03 
13. Try to out do others .05 .04 .03 .03 
14. Am considered to be a wise person a .05 .04 .03 .03 
15. Become anxious in new situations .04 .04 .03 .03 
16. Believe that we should be tough on crime .04 .04 .03 .02 
17. Like to read .04 .04 .03 .02 
18. Believe in the power of fate .04 .03 .02 .02 
19. Tend to feel very hopeless .04 .03 .03 .02 
20. Adapt easily to new situations .04 .03 .02 .02 
21. Can’t make up my mind b .04 .03 .02 .02 

Note. N = 59,027. 4d = four-digit ISCO codes (k = 263); 3d = three-digit ISCO codes (k = 125); 
2d = two-digit ISCO codes (k = 43); 1d = single-digit ISCO codes (k = 10). 
a These items were loaded onto the openness component in the PCA. b Item loaded onto the 
neuroticism component in the PCA. 
 
As much of assessed trait scores reflect systematic but method-specific variance, 
being constrained to a single method, self-reports, has been an important limi-
tation in past research. But this is also a substantive finding that reputation, better 
reflected in informant-reports, did not vary more with jobs than identity, better 
captured with self-reports. The reverse could have been possible because repu-
tation better predicts some occupational outcomes (Connelly et al., 2022; 
Connelly & Ones, 2010; McAbee & Connelly, 2016; Oh et al., 2011). 

Wolfram (2023) published personality profiles for 360 occupations using a 
considerably different method, which involved a 15-item personality measure and 
smoothing trait scores with small area estimation and external auxiliary infor-
mation derived from the O*NET job descriptions database. Comparing the occu-
pational rankings across the two studies for 217 occupations with overlapping 
data, Spearman’s ρ ranged from .48 to .71. The level of overlap is notable, 
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especially considering the sociocultural differences (Wolfram’s sample is based 
in the UK) and various methodological variations. Despite these differences, the 
strong associations between the results highlight the robustness of both our and 
Wolfram’s findings. 

 

4.2.5 Occupations with higher performance-related average 
trait scores are more selective 

We also explored whether Big Five scores of occupational groups were more 
homogeneous at the higher (or lower, for neuroticism) end of the mean scores. 
This hypothesis was drawn from intelligence studies, where job groups with 
higher mean intelligence levels tend to have lower variance in these scores than 
groups with lower mean levels (Harrell & Harrell, 1945; Jensen, 1980; Wolfram, 
2023). In other words, we expected more homogeneity in those personality traits 
that are generally linked with better job performance in jobs having higher aver-
age levels of these traits.  

To explore that, we calculated the correlations between the mean scores and 
SDs of the Big Five domains of the 4d occupational groups. The associations 
between the smoothed means and SDs were statistically significant (p < .01) for 
four traits: ρ = .29 for neuroticism, ρ = –.32 for extraversion, ρ = –.16 for open-
ness, and ρ = –.42 for conscientiousness. 

The associations between informant-rated means and SDs (k = 176) were 
statistically significant (p < .001) for extraversion (ρ = –.31) and conscientious-
ness (ρ = –.31). For informant-rated agreeableness, the correlation was stronger 
(ρ = –.24, p < .01) than the correlation for self-reported agreeableness. However, 
the correlations for neuroticism (ρ = .14) and openness (ρ = –.15) were not 
statistically significant in informant-ratings (p > .05). Finally, because combining 
self- and informant-ratings may yield more reliable means and SDs than either 
method alone, we averaged the smoothed means and SDs based on self- and 
informant-ratings for the 176 occupations with available data. In these data, 
means and SDs were significantly correlated for all domains: ρ = .23, –.20, and  
–.24 (p < .01) for neuroticism, openness, and agreeableness, and ρ = –.42 (p < .001) 
for extraversion and conscientiousness. In summary, most of the results supported 
this hypothesis, particularly for extraversion and conscientiousness.  

Wolfram (2023) results showed a partly similar pattern of correlations. Spe-
cifically, neuroticism had a substantial positive relationship between means and 
SDs, while openness and conscientiousness had negative correlations. Wolfram 
did not find the expected relationship for agreeableness, whereas we found it in 
informant-reports and combined self- and informant-reports. However, the 
findings noticeably differed for extraversion, as Wolfram had a positive mean-
SD correlation, while the association was consistently negative with our data. The 
positive correlation was unexpected, given that previous studies have also shown 
that extraversion is strongly correlated with better job performance (Judge et al., 
2013; Wilmot & Ones, 2021). Wolfram reported potential floor and ceiling 
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effects in the trait score distributions given their limited assessment, which could 
bias the results. However, this may not fully account for the observed discrepancy 
with our study. One possible explanation could be differences in how personality 
traits are assessed. The three extraversion items in the BFI-S used in Wolfram 
exclusively tap sociability (e.g., “Is talkative”; “Is outgoing”; “Is reserved”), 
while our findings suggest that the assertiveness component of extraversion 
(“Want to be in charge”) may vary more between occupations. Therefore, the 
content of the extraversion domain may differ between the two studies. Another 
probable factor could be sociocultural differences and job expectations, possibly 
indicating a higher selection for extraversion in Estonia compared to the UK. 
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5. CONCLUSIONS AND FUTURE DIRECTIONS 
The general aim of this doctoral dissertation was to explore the role of key indi-
vidual differences—intelligence and personality—in educational and occupatio-
nal variation within the context of Estonia. 

Measurement methods can influence the associations between psychological 
variables and SE outcomes. Therefore, it is essential to examine the factor 
structure and psychometric properties across different adaptations and standar-
dization samples. The confirmatory factor analyses of the Estonian WAIS-III 
standardization sample in Study II supported a four-factor model consistent with 
the original WAIS-III structure (Psychological Corporation, 2002). These results 
align with previous findings from other standardizations as well (Egeland et al., 
2009; Grégoire, 2004). Results indicated partial MI across sexes and age groups. 
However, our study revealed that the Estonian WAIS-III is not invariant across 
educational levels. Therefore, the structural organization of abilities may vary 
across educational levels, although the specific alignment with differentiation 
hypotheses (Ritchie et al., 2015; Spearman, 1927) will remain to be studied.  

Study I explored the interplay between cognitive ability and parental back-
ground in predicting individual educational and occupational status in the context 
of Estonia. Our results demonstrated that both parental education and intelligence 
significantly predicted educational and occupational status. Parental education 
explained 8–13%, while cognitive ability accounted for 22–27% of children’s 
educational and occupational attainment variance. These findings align with 
Erikson’s (2016) study in Sweden, which found that social origin factors accoun-
ted for 16–19% of the variance in education and cognitive ability for 25%. Our 
results suggest that in Estonia, the influence of parental background is slightly 
lower, possibly indicating a higher role of intelligence in social mobility. Also 
consistent with previous studies (e.g., Strenze, 2007), cognitive ability had a 
stronger predictive power for educational attainment than occupational attain-
ment. Further analyses showed that about 40% of the parental background effect 
is mediated through cognitive ability. Additionally, as suggested in previous 
studies (Breen & Goldthorpe, 2001; Deary et al., 2005; Nettle, 2003), our results 
confirm that a participant’s own education may mediate between parental edu-
cation and cognitive ability and occupational attainment. This may indicate 
meritocracy or genetic confounding, which could be explored in future research. 

Prior studies have also indicated that some cognitive abilities are more asso-
ciated with SE outcomes than others (Asbury et al., 2005; Epstein & Winship, 
2006; Farah et al., 2006). Indeed, our results confirmed that compared to other 
ability domains, verbal ability had slightly stronger links with educational as well 
as occupational attainment. Specifying the differences between various abilities 
may be crucial for future studies aimed at disentangling the genetic foundations 
of social mobility and SE success. 

While cognitive ability captures substantial variability in SE outcomes, the 
associations with personality differences is less studied. Results of Study III indi-
cated that occupations account for significant variation in personality traits, 
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explaining between 2% and 7% of the self-reported Big Five domain variance, 
with openness varying the most among jobs. This explained variance was higher 
for personality nuances, with occupations accounting for up to 12% of variance 
in single items. Prior research has shown that personality traits are significantly 
associated with life outcomes, with stronger correlations in self-reported const-
ructs like life satisfaction (r ≈ .10 to .30; Soto, 2019) and much smaller corre-
lations with objective outcomes, e.g., in Beck and Jackson’s (2022) mega-ana-
lysis, all associations were smaller than r < .05. Notably, occupational choice 
shows one of the strongest correlations with personality traits (e.g., η² = .07 means 
r = .26), clearly establishing the importance of personality in influencing SE 
outcomes. 

This dissertation provides the most comprehensive database of occupational 
personality profiles, which is publicly available (https://apps.psych.ut.ee/ 
JobProfiles/). Most occupations’ average trait levels were intuitive, replicated in 
informant ratings, and were consistent with those previously obtained with a brief 
personality assessment in a different sociocultural context. However, it is 
essential to recognize that these data are about mean differences between occu-
pations, while many individuals defy these mean-level trends. Therefore, while 
personality assessments can offer valuable insights into person–job fit, they 
should be used in conjunction with a comprehensive understanding of each indi-
vidual’s unique attributes and potential. Several other factors, such as cognitive 
ability and mental health (Wolfram, 2023), interests (Hoff et al., 2020), and 
external facilitators and constraints, among others, can influence occupational 
sorting—besides mere happenstance. 

Lastly, the results indicated that occupations with higher average traits 
typically associated with better job performance tended to be more homogeneous 
in these traits, suggesting that jobs with higher-performing incumbents are often 
more selective for these traits. These results highlight that person–environment 
transactions may vary across trait levels, with some jobs showing increased 
homogeneity in traits like extraversion and conscientiousness due to selection 
effects. Certain occupations may attract or seek specific traits, creating homo-
geneity, while different factors may influence other jobs. Professions requiring 
high levels of performance-related traits might also foster growth in these traits, 
supporting the corresponsive principle of personality development (Le et al., 
2014; Roberts et al., 2003). 

In conclusion this dissertation advances the understanding of how intelligence 
and personality are related to educational and occupational outcomes in Estonia. 
The results of the included studies have several implications. Study I contributes 
to the broader understanding of the interplay between cognitive ability, parental 
background, and SE outcomes across different sociocultural contexts. It under-
scores the importance of analysing these dynamics in various geographical 
settings, especially when genetic data is available to further investigate the com-
plexities of social mobility. The findings suggest that no single factor predicts 
social mobility or status attainment; rather, multiple mediators, likely interacting 
in different ways based on factors like geography, education systems, and societal 
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structures, contribute to these outcomes. Study II provides evidence supporting 
the appropriateness of the Estonian WAIS-III adaptation, while also highlighting 
the importance of in-depth analysis of the psychometric properties of intelligence 
measures. Study III has practical applications for career counselling, coaching, 
and applicant selection by showing that occupations differ significantly in Big 
Five traits and narrower personality nuances. Matching individuals to jobs based 
on these traits can improve job fit and success, particularly by focusing on open-
ness and extraversion, which vary the most across occupations. The study’s 
publicly available database offers a valuable resource for professionals to enhance 
career guidance, promoting better SE outcomes through more personalized 
approaches. 

Future research could expand on the interplay between intelligence, perso-
nality, social origin, and context to enhance the understanding of predictors of SE 
outcomes. Integrating genetic data would be crucial for understanding the com-
plex associations between parental background, psychological variables, and SE 
success (Buser et al., 2023; Cheesman et al., 2024; Van Hootegem et al., 2024). 
Additionally, personality and intelligence interact with several other variables 
such as physical and mental health (Jokela et al., 2009), interests (Hurtado Rúa 
et al., 2019; Volodina & Nagy, 2016), and broader contextual factors like edu-
cational systems, economic conditions, and access to opportunities (Damian et 
al., 2015; Todd & Zhang, 2020). These factors are likely to play significant roles 
in shaping individual SE success, and their interactions underscore the necessity 
of adopting a multifaceted approach in future research to better capture the 
complexity of these relationships.  



41 

ACKNOWLEDGEMENTS 
I am deeply grateful to my supervisor, professor René Mõttus, whose enthusiasm 
and dedication to the field have greatly inspired me. His patience and belief in 
my abilities have been invaluable, and I am truly thankful for the opportunity to 
work alongside such a remarkable scientist. 

I would also like to express my gratitude to all the participants in the studies, 
as well as the organizers and contributors to the data collection efforts, and my 
co-authors for their collaboration and support. A special thanks goes to Uku 
Vainik for guidance and our many insightful discussions, which have broadened 
my perspective on science. Margus Ennok and Kristo Burk have inspired me to 
address significant issues in clinical psychology (WAIS-III adaptation project), 
for which I am deeply thankful. I am equally grateful to Liina Haring, whose 
insights into research as well as clinical practice have enriched my knowledge. 
Collaborating with her on several projects and supervising numerous bachelor’s 
and master’s students has been a valuable experience. 

I extend my sincere appreciation to my colleagues at the institute of psycho-
logy, with special thanks to Kirsti Akkermann, Kärol Soidla, Annegrete Palu, 
Maris Vainre, Helo Liis Soodla, Kadri Arumäe, and many others. Your encour-
agement, advice, and conversations have helped me more than you think! 

Finally, I am endlessly grateful to my family and close friends. Thank you, 
mother Kersti, father Mihkel, sister Meeri, and all others who I am fortunate to 
call my family—Tiiu, Priit, Merli, Kristi, and others. I am particularly thankful 
to have such a smart and supportive partner in life as Karli. Words fall short in 
expressing the depth and variety of support I have received throughout this long 
process, especially in recent years. And thank you, Hella and Linda, for showing 
me how to keep going, even with a few bumps along the way. 
  



42 

REFERENCES 
Abad, F. J., Sorrel, M. A., Román, F. J., & Colom, R. (2016). The Relationships Between 

WAIS-IV Factor Index Scores and Educational Level: A Bifactor Model Approach. 
Psychological Assessment, 8, 987. 

Achaa-Amankwaa, P., Olaru, G., & Schroeders, U. (2021). Coffee or tea? Examining 
cross-cultural differences in personality nuances across former colonies of the British 
Empire. European Journal of Personality, 35(3), 383–397.  
https://doi.org/10.1177/0890207020962327 

Alderotti, G., Rapallini, C., & Traverso, S. (2023). The Big Five personality traits and 
earnings: A meta-analysis. Journal of Economic Psychology, 94, 102570.  
https://doi.org/10.1016/j.joep.2022.102570 

Allmendinger, J. (1989). Educational systems and labor market outcomes. European 
Sociological Review, 5(3), 231–250.  
https://doi.org/10.1093/oxfordjournals.esr.a036524 

Asbury, K., Wachs, T. D., & Plomin, R. (2005). Environmental moderators of genetic 
influence on verbal and nonverbal abilities in early childhood. Intelligence, 33(6), 
643–661. https://doi.org/10.1016/j.intell.2005.03.008 

Ashton, M. C., Lee, K., Goldberg, L. R., & de Vries, R. E. (2009). Higher Order Factors 
of Personality: Do They Exist? Personality and Social Psychology Review, 13(2), 79–
91. https://doi.org/10.1177/1088868309338467 

Bainbridge, T. F., Ludeke, S. G., & Smillie, L. D. (2022). Evaluating the Big Five as an 
organizing framework for commonly used psychological trait scales. Journal of 
Personality and Social Psychology, 122(4), 749–777.  
https://doi.org/10.1037/pspp0000395 

Barrick, M. R., & Mount, M. K. (1991). The Big Five Personality Dimensions and Job 
Performance: A Meta-Analysis. Personnel Psychology, 44(1), 1–26.  
https://doi.org/10.1111/j.1744-6570.1991.tb00688.x 

Beck, E. D., & Jackson, J. J. (2022). A mega-analysis of personality prediction: 
Robustness and boundary conditions. Journal of Personality and Social Psychology, 
122(3), 523–553. https://doi.org/10.1037/pspp0000386 

Becker, G. S., & Tomes, N. (1986). Human Capital and the Rise and Fall of Families. 
Journal of Labor Economics, 4(3), S1–S39. 

Becker, M., Baumert, J., Tetzner, J., Maaz, K., & Köller, O. (2019). Childhood intelli-
gence, family background, and gender as drivers of socioeconomic success: The 
mediating role of education. Developmental Psychology, 55(10), 2231–2248.  
https://doi.org/10.1037/dev0000766 

Beller, E., & Hout, M. (2006). Intergenerational social mobility: The United States in 
comparative perspective. The Future of Children, 16(2), 19–36. 

Belsky, D. W., Moffitt, T. E., Corcoran, D. L., Domingue, B., Harrington, H., Hogan, S., 
Houts, R., Ramrakha, S., Sugden, K., Williams, B. S., Poulton, R., & Caspi, A. (2016). 
The Genetics of Success: How Single-Nucleotide Polymorphisms Associated With 
Educational Attainment Relate to Life-Course Development. Psychological Science, 
27(7), 957–972. https://doi.org/10.1177/0956797616643070 

Bernardi, F., & Ballarino, G. (2016). Education, Occupation and Social Origin: A Com-
parative Analysis of the Transmission of Socio-Economic Inequalities. Edward Elgar 
Publishing. 



43 

Bertua, C., Anderson, N., & Salgado, J. F. (2005). The predictive validity of cognitive 
ability tests: A UK meta-analysis. Journal of Occupational and Organizational 
Psychology, 78(3), 387–409. https://doi.org/10.1348/096317905X26994 

Betthäuser, B. A., Bourne, M., & Bukodi, E. (2020). Understanding the mobility chances 
of children from working-class backgrounds in Britain: How important are cognitive 
ability and locus of control? The British Journal of Sociology, 71(2), 349–365. 
https://doi.org/10.1111/1468-4446.12732 

Betthäuser, B. A., Bukodi, E., & Bourne, M. (2021). The case for studying the inter-
generational transmission of social (dis)advantage: A reply to Gary Marks. The British 
Journal of Sociology, 72(2), 233–238. https://doi.org/10.1111/1468-4446.12813 

Bol, T., & van de Werfhorst, H. G. (2013). Educational Systems and the Trade-Off 
between Labor Market Allocation and Equality of Educational Opportunity. 
Comparative Education Review, 57(2), 285–308. https://doi.org/10.1086/669122 

Booth, T., Murray, A. L., Overduin, M., Matthews, M., & Furnham, A. (2016). Distin-
guishing CEOs from Top Level Management: A Profile Analysis of Individual 
Differences, Career Paths and Demographics. Journal of Business and Psychology, 
31(2), 205–216. https://doi.org/10.1007/s10869-015-9416-7 

Borghans, L., Golsteyn, B. H. H., Heckman, J. J., & Humphries, J. E. (2016). What grades 
and achievement tests measure. Proceedings of the National Academy of Sciences, 
113(47), 13354–13359. https://doi.org/10.1073/pnas.1601135113 

Bourdieu, P. (1986). The Forms of Capital. In J. Richardson, Handbook of Theory and 
Research for the Sociology of Education (pp. 241–258). Greenwood. 

Bourne, M., Bukodi, E., Betthäuser, B., & Goldthorpe, J. H. (2018). ‘Persistence of the 
social’: The role of cognitive ability in mediating the effects of social origins on 
educational attainment in Britain. Research in Social Stratification and Mobility, 58, 
11–21. https://doi.org/10.1016/j.rssm.2018.09.001 

Bradley, R. H., Corwyn, R. F., McAdoo, H. P., & García Coll, C. (2001). The Home 
Environments of Children in the United States Part I: Variations by Age, Ethnicity, 
and Poverty Status. Child Development, 72(6), 1844–1867.  
https://doi.org/10.1111/1467-8624.t01-1-00382 

Breen, R. (2004). Social Mobility in Europe. OUP Oxford. 
Breen, R., & Goldthorpe, J. H. (2001). Class, Mobility and Merit: The Experience of Two 

British Birth Cohorts. European Sociological Review, 17(2), 81–101. 
Breen, R., & Luijkx, R. (2004). Conclusions. In R. Breen (Ed.), Social Mobility in Europe. 

Oxford University Press. https://doi.org/10.1093/0199258457.003.0015 
Breit, M., Brunner, M., Molenaar, D., & Preckel, F. (2022). Differentiation Hypotheses 

of Intelligence: A Systematic Review of the Empirical Evidence and an Agenda for 
Future Research. Psychological Bulletin, 148, 518–554.  
https://doi.org/10.1037/bul0000379 

Brinch, C. N., & Galloway, T. A. (2012). Schooling in adolescence raises IQ scores. 
Proceedings of the National Academy of Sciences, 109(2), 425–430.  
https://doi.org/10.1073/pnas.1106077109 

Bühler, J. L., Orth, U., Bleidorn, W., Weber, E., Kretzschmar, A., Scheling, L., & Hop-
wood, C. J. (2023). Life Events and Personality Change: A Systematic Review and 
Meta-Analysis. European Journal of Personality, 08902070231190219.  
https://doi.org/10.1177/08902070231190219 

Bukodi, E., Erikson, R., & Goldthorpe, J. H. (2014). The effects of social origins and 
cognitive ability on educational attainment: Evidence from Britain and Sweden. Acta 
Sociologica, 57(4), 293–310. https://doi.org/10.1177/0001699314543803 



44 

Bukodi, E., Paskov, M., & Nolan, B. (2020). Intergenerational Class Mobility in Europe: 
A New Account. Social Forces. https://doi.org/10.1093/sf/soz026 

Buser, T., Ahlskog, R., Johanneson, M., & Oskarsson, S. (2023). Occupational Sorting 
on Genes. SSRN Electronic Journal. https://doi.org/10.2139/ssrn.4403843 

Carroll, J. B. (1993). Human Cognitive Abilities: A Survey of Factor-Analytic Studies. 
Cambridge University Press. 

Ceci, S. J. (1991). How much does schooling influence general intelligence and its 
cognitive components? A reassessment of the evidence. Developmental Psychology, 
27(5), 703–722. https://doi.org/10.1037/0012-1649.27.5.703 

Cerasa, A., Lombardo, G., Tripodi, D., Stillitano, E., Sarica, A., Gramigna, V., Martino, I., 
Pullera, A., Tigani, S., De Carlo, Y., Idone, M., Scaglione, A., Ziarelli, E., Vasta, R., 
Donzuso, G., Rizzo, M., & Zucaro, D. L. (2016). Five-factor personality traits in 
priests. Personality and Individual Differences, 95, 89–94.  
https://doi.org/10.1016/j.paid.2016.02.040 

Cheesman, R., Anapaz, V., s.j.d.van.alten@vu.nl, Abdellaoui, A., Ebeltoft, J. C., 
Porneso, R., Ayorech, Z., Demange, P., Eilertsen, E. M., Fauske, A., Havdahl, A., 
Lahtinen, H., Lyngstad, T. H., Qin, Q., Ganna, A., & Ystrom, E. (2024). Genetic asso-
ciations with educational fields in >460,000 individuals. OSF.  
https://doi.org/10.31234/osf.io/epura 

Chetty, R., Hendren, N., Kline, P., & Saez, E. (2014). Where is the land of Opportunity? 
The Geography of Intergenerational Mobility in the United States *. The Quarterly 
Journal of Economics, 129(4), 1553–1623. https://doi.org/10.1093/qje/qju022 

Coleman, J. S. (1988). Social Capital in the Creation of Human Capital. American Journal 
of Sociology, 94, S95–S120. 

Colom, R., Abad, F. J., Garcı́a, L. F., & Juan-Espinosa, M. (2002). Education, Wechsler’s 
Full Scale IQ, and g. Intelligence, 30(5), 449–462. https://doi.org/10.1016/S0160-
2896(02)00122-8 

Condon, D., Mõttus, R., Booth, T., Costantini, G., Greiff, S., Johnson, W., Lukaszewski, 
A., Murray, A., Revelle, W., Wright, A., Ziegler, M., & Zimmermann, J. (2020). 
Bottom Up Construction of a Personality Taxonomy. European Journal of Psycho-
logical Assessment, 36, 923–934. https://doi.org/10.1027/1015-5759/a000626 

Connelly, B. S., McAbee, S. T., Oh, I.-S., Jung, Y., & Jung, C.-W. (2022). A multirater 
perspective on personality and performance: An empirical examination of the trait–
reputation–identity model. Journal of Applied Psychology, 107(8), 1352–1368. 
https://doi.org/10.1037/apl0000732 

Connelly, B. S., & Ones, D. S. (2010). An other perspective on personality: Meta-analytic 
integration of observers’ accuracy and predictive validity. Psychological Bulletin, 
136(6), 1092–1122. https://doi.org/10.1037/a0021212 

Costa, P. T., & McCrae, R. R. (1992). The five-factor model of personality and its 
relevance to personality disorders. Journal of Personality Disorders, 6(4), 343–359. 
https://doi.org/10.1521/pedi.1992.6.4.343 

Costa, P. T., & McCrae, R. R. (1995). Domains and Facets: Hierarchical Personality 
Assessment Using the Revised NEO Personality Inventory. Journal of Personality 
Assessment, 64(1), 21–50. https://doi.org/10.1207/s15327752jpa6401_2 

Damian, R. I., Su, R., Shanahan, M., Trautwein, U., & Roberts, B. W. (2015). Can perso-
nality traits and intelligence compensate for background disadvantage? Predicting 
status attainment in adulthood. Journal of Personality and Social Psychology, 109(3), 
473–489. https://doi.org/10.1037/pspp0000024 



45 

Danay, E., & Ziegler, M. (2011). Is there really a single factor of personality? A multirater 
approach to the apex of personality. Journal of Research in Personality, 45(6), 560–
567. https://doi.org/10.1016/j.jrp.2011.07.003 

Deary, I. J., Cox, S. R., & Hill, W. D. (2022). Genetic variation, brain, and intelligence 
differences. Molecular Psychiatry, 27(1), 335–353. https://doi.org/10.1038/s41380-
021-01027-y 

Deary, I. J., & Johnson, W. (2010). Intelligence and education: Causal perceptions drive 
analytic processes and therefore conclusions. International Journal of Epidemiology, 
39(5), 1362–1369. https://doi.org/10.1093/ije/dyq072 

Deary, I. J., Strand, S., Smith, P., & Fernandes, C. (2007). Intelligence and educational 
achievement. Intelligence, 35(1), 13–21. https://doi.org/10.1016/j.intell.2006.02.001 

Deary, I. J., Taylor, M. D., Hart, C. L., Wilson, V., Smith, G. D., Blane, D., & Starr, J. M. 
(2005). Intergenerational social mobility and mid-life status attainment: Influences of 
childhood intelligence, childhood social factors, and education. Intelligence, 33(5), 
455–472. https://doi.org/10.1016/j.intell.2005.06.003 

DeYoung, C. G. (2006). Higher-order factors of the Big Five in a multi-informant sample: 
Journal of Personality and Social Psychology. Journal of Personality and Social 
Psychology, 91(6), 1138–1151. https://doi.org/10.1037/0022-3514.91.6.1138 

DeYoung, C. G., Quilty, L. C., & Peterson, J. B. (2007). Between facets and domains: 10 
aspects of the Big Five: Journal of Personality and Social Psychology. Journal of 
Personality and Social Psychology, 93(5), 880–896. https://doi.org/10.1037/0022-
3514.93.5.880 

Digman, J. M. (1997). Higher-order factors of the Big Five: Journal of Personality and 
Social Psychology. Journal of Personality and Social Psychology, 73(6), 1246–1256. 
https://doi.org/10.1037/0022-3514.73.6.1246 

Drozdick, L. W., Raiford, S. E., Wahlstrom, D., & Weiss, L. G. (2018). The Wechsler 
Adult Intelligence Scale—Fourth Edition and the Wechsler Memory Scale—Fourth 
Edition. In Contemporary intellectual assessment: Theories, tests, and issues, 4th ed 
(pp. 486–511). The Guilford Press. 

Duckworth, A. L., Quirk, A., Gallop, R., Hoyle, R. H., Kelly, D. R., & Matthews, M. D. 
(2019). Cognitive and noncognitive predictors of success. Proceedings of the National 
Academy of Sciences, 116(47), 23499–23504.  
https://doi.org/10.1073/pnas.1910510116 

Edin, P.-A., Fredriksson, P., Nybom, M., & Öckert, B. (2022). The Rising Return to 
Noncognitive Skill. American Economic Journal: Applied Economics, 14(2), 78–100. 
https://doi.org/10.1257/app.20190199 

Egeland, J., Bosnes, O., & Johansen, H. (2009). Factor structure of the Norwegian version 
of the WAIS-III in a clinical sample: The arithmetic problem. Assessment, 16(3), 292–
300. https://doi.org/10.1177/1073191108324464 

Epstein, D., & Winship, C. (2006). Mental Ability-Uni or Multidimensional? An Analysis 
of Effects. In Chapter Ten. Mental Ability-Uni or Multidimensional? An Analysis of 
Effects (pp. 259–289). Stanford University Press.  
https://doi.org/10.1515/9781503625495-012 

Erikson, R. (1984). Social Class of Men, Women and Families. Sociology, 18(4), 500–
514. https://doi.org/10.1177/0038038584018004003 

Erikson, R. (2016). Is it enough to be bright? Parental background, cognitive ability and 
educational attainment. European Societies, 18(2), 117–135.  
https://doi.org/10.1080/14616696.2016.1141306 



46 

Erikson, R., & Goldthorpe, J. H. (1993). The Constant Flux: A Study of Class Mobility in 
Industrial Societies. Clarendon Press. 

Erola, J., & Kilpi-Jakonen, E. (2017). Compensation and other forms of accumulation in 
intergenerational social inequality. In Social Inequality Across the Generations (pp. 
3–24). Edward Elgar Publishing. https://doi.org/10.4337/9781786432568.00006 

Erola, J., Lehti, H., Baier, T., & Karhula, A. (2022). Socioeconomic Background and 
Gene–Environment Interplay in Social Stratification across the Early Life Course. 
European Sociological Review, 38(1), 1–17. https://doi.org/10.1093/esr/jcab026 

Farah, M. J., Shera, D. M., Savage, J. H., Betancourt, L., Giannetta, J. M., Brodsky, N. L., 
Malmud, E. K., & Hurt, H. (2006). Childhood poverty: Specific associations with 
neurocognitive development. Brain Research, 1110(1), 166–174.  
https://doi.org/10.1016/j.brainres.2006.06.072 

Funder, D. C., & Ozer, D. J. (2019). Evaluating effect size in psychological research: 
Sense and nonsense. Advances in Methods and Practices in Psychological Science, 
2(2), 156–168. https://doi.org/10.1177/2515245919847202 

Furnham, A. (2017). Personality differences in managers who have, and have not, worked 
abroad. European Management Journal, 35(1), 39–45.  
https://doi.org/10.1016/j.emj.2016.10.002 

Furr, R. M. (2009). The study of behaviour in personality psychology: Meaning, impor-
tance and measurement. European Journal of Personality, 23(5), 437–453. 
https://doi.org/10.1002/per.726 

Gerber, T. P., & Hout, M. (2004). Tightening up: Declining Class Mobility during 
Russia’s Market Transition. American Sociological Review, 69(5), 677–703. 

Ghetta, A., Hirschi, A., Wang, M., Rossier, J., & Herrmann, A. (2020). Birds of a feather 
flock together: How congruence between worker and occupational personality relates 
to job satisfaction over time. Journal of Vocational Behavior, 119, 103412.  
https://doi.org/10.1016/j.jvb.2020.103412 

Gignac, G. E. (2014). Dynamic mutualism versus g factor theory: An empirical test. 
Intelligence, 42, 89–97. https://doi.org/10.1016/j.intell.2013.11.004 

Goldberg, L. R. (1993). The structure of phenotypic personality traits. American Psycho-
logist, 48(1), 26–34. https://doi.org/10.1037/0003-066X.48.1.26 

Goldberg, L. R. (1995). What the Hell Took So Long? Donald W. Fiske and the Big-Five 
Factor Structure. In Personality Research, Methods, and Theory. Psychology Press. 

Gottfredson, L. S. (1997). Why g matters: The complexity of everyday life. Intelligence, 
24(1), 79–132. https://doi.org/10.1016/S0160-2896(97)90014-3 

Grégoire, J. (2004). Factor Structure of the French Version of the Wechsler Adult Intelli-
gence Scale-Ill. Educational and Psychological Measurement, 64(3), 463–474. 
https://doi.org/10.1177/0013164403258452 

Gu, X., Hua, S., McKenzie, T., & Zheng, Y. (2022). Like father, like son? Parental input, 
access to higher education, and social mobility in China. China Economic Review, 72, 
101761. https://doi.org/10.1016/j.chieco.2022.101761 

Guo, G. (2008). Introduction to the Special Issue on Society and Genetics. Sociological 
Methods & Research, 37(2), 159–163. https://doi.org/10.1177/0049124108323337 

Hanscombe, K. B., Trzaskowski, M., Haworth, C. M. A., Davis, O. S. P., Dale, P. S., & 
Plomin, R. (2012). Socioeconomic status (SES) and children’s intelligence (IQ): In a 
UK-representative sample SES moderates the environmental, not genetic, effect on 
IQ. PloS One, 7(2), e30320. https://doi.org/10.1371/journal.pone.0030320 

Harrell, T. W., & Harrell, M. S. (1945). Army general classification test scores for civilian 
occupations. Educational and Psychological Measurement, 5, 229–239. 



47 

Hauser, R. M., & Huang, M.-H. (1997). Verbal ability and socioeconomic success: 
A trend analysis. Social Science Research, 26(3), 331–376.  
https://doi.org/10.1006/ssre.1997.0604 

Henry, S., & Mõttus, R. (2023). The 100 Nuances of Personality: Development of a 
Comprehensive, Non-Redundant Personality Item Pool. [Unpublished Manuscript]. 
https://doi.org/10.17605/OSF.IO/TCFGZ 

Herrnstein, R. J., & Murray, C. A. (1994). The bell curve: Intelligence and class structure 
in American life (pp. xxvi, 845). Free Press. 

Hoff, K., Song, Q. C., Wee, C., Phan, W. M. J., & Rounds, J. (2020). Interest Fit and Job 
Satisfaction: A Systematic Review and Meta-Analysis. Journal of Vocational 
Behavior, 123. https://doi.org/10.1016/j.jvb.2020.103503 

Hofmann, R., Rozgonjuk, D., Soto, C. J., Ostendorf, F., & Mõttus, R. (2023). There are 
a million ways to be a woman and a million ways to be a man: Gender differences 
across personality nuances and nations. [Manuscript submitted for publication]. 

Holland, J. L. (1959). A theory of vocational choice. Journal of Counseling Psychology, 
6(1), 35–45. https://doi.org/10.1037/h0040767 

Holland, J. L. (1997). Making vocational choices: A theory of vocational personalities 
and work environments, 3rd ed. Psychological Assessment Resources. 

Holman, D. J., & Hughes, D. J. (2021). Transactions between Big-5 personality traits and 
job characteristics across 20 years. Journal of Occupational and Organizational 
Psychology, 94(3), 762–788. https://doi.org/10.1111/joop.12332 

Hough, L. M., & Oswald, F. L. (2005). They’re Right, Well... Mostly Right: Research 
Evidence and an Agenda to Rescue Personality Testing From 1960s Insights. Human 
Performance, 18(4), 373–387. https://doi.org/10.1207/s15327043hup1804_4 

Hsin, A., & Xie, Y. (2017). Life-course changes in the mediation of cognitive and non-
cognitive skills for parental effects on children’s academic achievement. Social 
Science Research, 63, 150–165. https://doi.org/10.1016/j.ssresearch.2016.09.012 

Humburg, M. (2017). Personality and field of study choice in university. Education 
Economics, 25(4), 366–378. https://doi.org/10.1080/09645292.2017.1282426 

Hurtado Rúa, S. M., Stead, G. B., & Poklar, A. E. (2019). Five-Factor Personality Traits 
and RIASEC Interest Types: A Multivariate Meta-Analysis. Journal of Career 
Assessment, 27(3), 527–543. https://doi.org/10.1177/1069072718780447 

Immekus, J. C., & Maller, S. J. (2010). Factor Structure Invariance of the Kaufman 
Adolescent and Adult Intelligence Test Across Male and Female Samples. Edu-
cational and Psychological Measurement, 70(1), 91–104.  
https://doi.org/10.1177/0013164409344491 

International Labour Office. (2012). International Standard Classification of Occu-
pations 2008 (ISCO-08): Structure, group definitions and correspondence tables. 
International Labour Office. 

Irwing, P., Hughes, D. J., Tokarev, A., & Booth, T. (2023). Towards a taxonomy of perso-
nality facets. European Journal of Personality, 08902070231200919.  
https://doi.org/10.1177/08902070231200919 

Jackson, M. (2006). Personality Traits and Occupational Attainment. European Socio-
logical Review, 22(2), 187–199. https://doi.org/10.1093/esr/jci051 

Jensen, A. R. (1980). Bias in mental testing. Free Press. 
Jensen, A. R. (1998). The g factor: The science of mental ability (pp. xiv, 648). Praeger 

Publishers/Greenwood Publishing Group. 



48 

Johnson, W., Brett, C. E., & Deary, I. J. (2010). Intergenerational class mobility in 
Britain: A comparative look across three generations in the Lothian Birth Cohort 
1936. Intelligence, 38(2), 268–281. https://doi.org/10.1016/j.intell.2009.11.010 

Johnson, W., Deary, I. J., & Iacono, W. G. (2009). Genetic and environmental trans-
actions underlying educational attainment. Intelligence, 37(5), 466–478.  
https://doi.org/10.1016/j.intell.2009.05.006 

Jokela, M., Elovainio, M., Singh-Manoux, A., & Kivimäki, M. (2009). IQ, socioeconomic 
status, and early death: The US National Longitudinal Survey of Youth. Psycho-
somatic Medicine, 71(3), 322–328.  
https://doi.org/10.1097/PSY.0b013e31819b69f6 

Jokela, M., Pekkarinen, T., Sarvimäki, M., Terviö, M., & Uusitalo, R. (2017). Secular 
rise in economically valuable personality traits. Proceedings of the National Academy 
of Sciences, 114(25), 6527–6532. https://doi.org/10.1073/pnas.1609994114 

Judge, T. A., Klinger, R. L., & Simon, L. S. (2010). Time is on my side: Time, general 
mental ability, human capital, and extrinsic career success. Journal of Applied 
Psychology, 95(1), 92–107. https://doi.org/10.1037/a0017594 

Judge, T. A., Rodell, J. B., Klinger, R. L., Simon, L. S., & Crawford, E. R. (2013). 
Hierarchical representations of the five-factor model of personality in predicting job 
performance: Integrating three organizing frameworks with two theoretical perspec-
tives. The Journal of Applied Psychology, 98(6), 875–925.  
https://doi.org/10.1037/a0033901 

King, R., Barto, E., Ree, M., & Teachout, M. (2011). Compilation of Pilot Personality 
Norms. AFRL-SA-WP-TR-2011-0008. Wright-Patterson AFB, OH: School of 
Aerospace Medicine, Aeromedical Research Division. 

Kosinski, M., Stillwell, D., & Graepel, T. (2013). Private traits and attributes are pre-
dictable from digital records of human behavior. Proceedings of the National Aca-
demy of Sciences of the United States of America, 110(15), 5802–5805.  
https://doi.org/10.1073/pnas.1218772110 

Kriegbaum, K., Becker, N., & Spinath, B. (2018). The relative importance of intelligence 
and motivation as predictors of school achievement: A meta-analysis. Educational 
Research Review, 25, 120–148. https://doi.org/10.1016/j.edurev.2018.10.001 

Kristof-Brown, A. L., Zimmerman, R. D., & Johnson, E. C. (2005). Consequences of 
Individuals’ Fit at Work: A Meta-Analysis of Person–Job, Person–Organization, 
Person–Group, and Person–Supervisor Fit. Personnel Psychology, 58(2), 281–342. 
https://doi.org/10.1111/j.1744-6570.2005.00672.x 

Lan, J., Wong, C.-S., & Zeng, G. (2021). Personality profiles for hospitality employees: 
Impact on job performance and satisfaction. International Journal of Hospitality 
Management, 98, 103018. https://doi.org/10.1016/j.ijhm.2021.103018 

Lang, F. R., John, D., Lüdtke, O., Schupp, J., & Wagner, G. G. (2011). Short assessment 
of the Big Five: Robust across survey methods except telephone interviewing. 
Behavior Research Methods, 43(2), 548–567. https://doi.org/10.3758/s13428-011-
0066-z 

Lang, J. W. B., Kersting, M., Hülsheger, U. R., & Lang, J. (2010). General Mental Ability, 
Narrower Cognitive Abilities, and Job Performance: The Perspective of the Nested-
Factors Model of Cognitive Abilities. Personnel Psychology, 63(3), 595–640. 
https://doi.org/10.1111/j.1744-6570.2010.01182.x 

Laurison, D., & Friedman, S. (2016). The Class Pay Gap in Higher Professional and 
Managerial Occupations. American Sociological Review, 81(4), 668–695.  
https://doi.org/10.1177/0003122416653602 



49 

Lee, K., & Ashton, M. C. (2004). Psychometric Properties of the HEXACO Personality 
Inventory. Multivariate Behavioral Research, 39(2), 329–358.  
https://doi.org/10.1207/s15327906mbr3902_8 

Lounsbury, J. W., Foster, N., Patel, H., Carmody, P., Gibson, L. W., & Stairs, D. R. 
(2012). An investigation of the personality traits of scientists versus nonscientists and 
their relationship with career satisfaction. R&D Management, 42(1), 47–59. 
https://doi.org/10.1111/j.1467-9310.2011.00665.x 

Lounsbury, J. W., Sundstrom, E. D., Gibson, L. W., Loveland, J. M., & Drost, A. W. 
(2016). Core personality traits of managers. Journal of Managerial Psychology, 31(2), 
434–450. https://doi.org/10.1108/JMP-03-2014-0092 

Lucchini, M., Della Bella, S., & Pisati, M. (2013). The Weight of the Genetic and 
Environmental Dimensions in the Inter-Generational Transmission of Educational 
Success. European Sociological Review, 29(2), 289–301.  
https://doi.org/10.1093/esr/jcr067 

Mach, B. W. (2004). Intergenerational Mobility in Poland: 1972–88–94. In R. Breen 
(Ed.), Social Mobility in Europe (p. 0). Oxford University Press.  
https://doi.org/10.1093/0199258457.003.0011 

Marioni, R. E., Davies, G., Hayward, C., Liewald, D., Kerr, S. M., Campbell, A., 
Luciano, M., Smith, B. H., Padmanabhan, S., Hocking, L. J., Hastie, N. D., 
Wright, A. F., Porteous, D. J., Visscher, P. M., & Deary, I. J. (2014). Molecular 
genetic contributions to socioeconomic status and intelligence. Intelligence, 44(100), 
26–32. https://doi.org/10.1016/j.intell.2014.02.006 

Markovits, D. (2019). The Meritocracy Trap. Penguin UK. 
Marks, G. N. (2013). Education, Social Background and Cognitive Ability: The decline 

of the social. Routledge. https://doi.org/10.4324/9780203759448 
Marks, G. N. (2020). Occupational mobility and cognitive ability: A commentary on 

Betthäuser, Bourne and Bukodi. The British Journal of Sociology, 71(5), 898–901. 
https://doi.org/10.1111/1468-4446.12777 

Marks, G. N. (2022). Cognitive ability has powerful, widespread and robust effects on 
social stratification: Evidence from the 1979 and 1997 US National Longitudinal 
Surveys of Youth. Intelligence, 94, 101686.  
https://doi.org/10.1016/j.intell.2022.101686 

McAbee, S. T., & Connelly, B. S. (2016). A multi-rater framework for studying 
personality: The trait-reputation-identity model. Psychological Review, 123(5), 569–
591. https://doi.org/10.1037/rev0000035 

McCormick, E. J., Jeanneret, P. R., & Mecham, R. C. (1972). A study of job charac-
teristics and job dimensions as based on the Position Analysis Questionnaire (PAQ). 
Journal of Applied Psychology, 56(4), 347–368. https://doi.org/10.1037/h0033099 

McCrae, R. R. (2015). A More Nuanced View of Reliability: Specificity in the Trait 
Hierarchy. Personality and Social Psychology Review, 19(2), 97–112.  
https://doi.org/10.1177/1088868314541857 

McCrae, R. R., & John, O. P. (1992). An Introduction to the Five-Factor Model and Its 
Applications. Journal of Personality, 60(2), 175–215. https://doi.org/10.1111/j.1467-
6494.1992.tb00970.x 

McCrae, R. R., & Mõttus, R. (2019). What personality scales measure: A new psycho-
metrics and its implications for theory and assessment. Current Directions in 
Psychological Science, 28(4), 415–420. https://doi.org/10.1177/0963721419849559 



50 

Mõttus, R. (2022). What Correlations Mean for Individual People: A Tutorial for 
Researchers, Students and the Public. Personality Science, 3, 1–27.  
https://doi.org/10.5964/ps.7467 

Mõttus, R., Kandler, C., Bleidorn, W., Riemann, R., & McCrae, R. R. (2017). Personality 
traits below facets: The consensual validity, longitudinal stability, heritability, and 
utility of personality nuances: Journal of Personality and Social Psychology. Journal 
of Personality and Social Psychology, 112(3), 474–490.  
https://doi.org/10.1037/pspp0000100 

Mõttus, R., Marioni, R., & Deary, I. J. (2017). Markers of Psychological Differences and 
Social and Health Inequalities: Possible Genetic and Phenotypic Overlaps. Journal of 
Personality, 85(1), 104–117. https://doi.org/10.1111/jopy.12220 

Mõttus, R., Realo, A., Vainik, U., Allik, J., & Esko, T. (2017). Educational Attainment 
and Personality Are Genetically Intertwined. Psychological Science, 28(11), 1631–
1639. 

Mõttus, R., & Rozgonjuk, D. (2021). Development is in the details: Age differences in 
the Big Five domains, facets, and nuances. Journal of Personality and Social Psycho-
logy, 120(4), 1035–1048. https://doi.org/10.1037/pspp0000276 

Mõttus, R., Sinick, J., Terracciano, A., Hřebíčková, M., Kandler, C., Ando, J., Morten-
sen, E. L., Colodro-Conde, L., & Jang, K. L. (2019). Personality characteristics below 
facets: A replication and meta-analysis of cross-rater agreement, rank-order stability, 
heritability, and utility of personality nuances. Journal of Personality and Social 
Psychology, 117(4), e35. 

Mõttus, R., Wood, D., Condon, D. M., Back, M. D., Baumert, A., Costantini, G., 
Epskamp, S., Greiff, S., Johnson, W., Lukaszewski, A., Murray, A., Revelle, W., 
Wright, A. G. C., Yarkoni, T., Ziegler, M., & Zimmermann, J. (2020). Descriptive, 
Predictive and Explanatory Personality Research: Different Goals, Different Ap-
proaches, but a Shared Need to Move beyond the Big Few Traits. European Journal 
of Personality, 34(6), 1175–1201. https://doi.org/10.1002/per.2311 

Murphy, K. M., Shleifer, A., & Vishny, R. W. (1991). The Allocation of Talent: 
Implications for Growth. The Quarterly Journal of Economics, 106(2), 503–530. 

Murray, C. (2012). Coming apart: The state of White America 1960–2010 (pp. viii, 407). 
Crown Forum/Random House. 

Musek, J. (2007). A general factor of personality: Evidence for the Big One in the five-
factor model. Journal of Research in Personality, 41(6), 1213–1233.  
https://doi.org/10.1016/j.jrp.2007.02.003 

Nettle, D. (2003). Intelligence and class mobility in the British population. British Journal 
of Psychology, 94(4), 551–561. https://doi.org/10.1348/000712603322503097 

Ng, T. W. H., Eby, L. T., Sorensen, K. L., & Feldman, D. C. (2005). Predictors of Ob-
jective and Subjective Career Success: A Meta-Analysis. Personnel Psychology, 
58(2), 367–408. https://doi.org/10.1111/j.1744-6570.2005.00515.x 

Ng, T. W. H., Sorensen, K. L., & Eby, L. T. (2006). Locus of control at work: A meta-
analysis. Journal of Organizational Behavior, 27(8), 1057–1087.  
https://doi.org/10.1002/job.416 

Noble, K. G., Norman, M. F., & Farah, M. J. (2005). Neurocognitive correlates of 
socioeconomic status in kindergarten children. Developmental Science, 8(1), 74–87. 
https://doi.org/10.1111/j.1467-7687.2005.00394.x 

Nye, C. D., Su, R., Rounds, J., & Drasgow, F. (2017). Interest congruence and per-
formance: Revisiting recent meta-analytic findings. Journal of Vocational Behavior, 
98, 138–151. https://doi.org/10.1016/j.jvb.2016.11.002 



51 

Oh, I.-S., Han, J. H., Holtz, B. C., Kim, Y., & Kim, S. (2018). Do Birds of a Feather 
Flock, Fly, and Continue to Fly Together? The Differential and Cumulative Effects of 
Attraction, Selection, and Attrition on Personality-Based Within-Organization 
Homogeneity and Between-Organization Heterogeneity Progression Over Time. 
Journal of Organizational Behavior. https://doi.org/10.1002/JOB.2304 

Oh, I.-S., Wang, G., & Mount, M. K. (2011). Validity of observer ratings of the five-
factor model of personality traits: A meta-analysis. Journal of Applied Psychology, 
96(4), 762–773. https://doi.org/10.1037/a0021832 

Okbay, A., Wu, Y., Wang, N., Jayashankar, H., Bennett, M., Nehzati, S. M., Sido-
renko, J., Kweon, H., Goldman, G., Gjorgjieva, T., Jiang, Y., Hicks, B., Tian, C., 
Hinds, D. A., Ahlskog, R., Magnusson, P. K. E., Oskarsson, S., Hayward, C., 
Campbell, A., … Young, A. I. (2022). Polygenic prediction of educational attainment 
within and between families from genome-wide association analyses in 3 million 
individuals. Nature Genetics, 54(4), 437–449. https://doi.org/10.1038/s41588-022-
01016-z 

Passaretta, G., Barbieri, P., Wolbers, M. H. J., & Visser, M. (2018). The direct effect of 
social origin on men’s occupational attainment over the early life course: An Italian–
Dutch comparison. Research in Social Stratification and Mobility, 56, 1–11. 
https://doi.org/10.1016/j.rssm.2018.04.002 

Paunonen, S. V., Rothstein, M. G., & Jackson, D. N. (1999). Narrow reasoning about the 
use of broad personality measures for personnel selection. Journal of Organizational 
Behavior, 20(3), 389–405. https://doi.org/10.1002/(SICI)1099-1379(199905)20:3< 
389::AID-JOB917>3.0.CO;2-G 

Plomin, R., Fulker, D. W., Corley, R., & DeFries, J. C. (1997). Nature, Nurture, and 
Cognitive Development from 1 to 16 Years: A Parent-Offspring Adoption Study. 
Psychological Science, 8(6), 442–447.   
https://doi.org/10.1111/j.1467-9280.1997.tb00458.x 

Plomin, R., & von Stumm, S. (2018). The new genetics of intelligence. Nature Reviews 
Genetics, 19(3), Article 3. https://doi.org/10.1038/nrg.2017.104 

Poropat, A. E. (2009). A meta-analysis of the five-factor model of personality and 
academic performance. Psychological Bulletin, 135(2), 322–338.  
https://doi.org/10.1037/a0014996 

Psychological Corporation. (2002). WAIS-III/WMS-III Technical Manual. The 
Psychological Corporation. 

Putnick, D. L., & Bornstein, M. H. (2016). Measurement Invariance Conventions and 
Reporting: The State of the Art and Future Directions for Psychological Research. 
Developmental Review : DR, 41, 71–90. https://doi.org/10.1016/j.dr.2016.06.004 

Revelle, W., & Wilt, J. (2013). The General Factor of Personality: A General Critique. 
Journal of Research in Personality, 47(5), 493–504.  
https://doi.org/10.1016/j.jrp.2013.04.012 

Rietveld, C. A., Esko, T., Davies, G., Pers, T. H., Turley, P., Benyamin, B., Chabris, C. F., 
Emilsson, V., Johnson, A. D., Lee, J. J., de Leeuw, C., Marioni, R. E., Medland, S. E., 
Miller, M. B., Rostapshova, O., van der Lee, S. J., Vinkhuyzen, A. A. E., Amin, N., 
Conley, D., … Koellinger, P. D. (2014). Common genetic variants associated with 
cognitive performance identified using the proxy-phenotype method. Proceedings of 
the National Academy of Sciences of the United States of America, 111(38), 13790–
13794. https://doi.org/10.1073/pnas.1404623111 



52 

Ritchie, S. J., Bates, T. C., & Deary, I. J. (2015). Is education associated with improve-
ments in general cognitive ability, or in specific skills? Developmental Psychology, 
51(5), 573–582. https://doi.org/10.1037/a0038981 

Ritchie, S. J., & Tucker-Drob, E. M. (2018). How Much Does Education Improve 
Intelligence? A Meta-Analysis. Psychological Science, 29(8), 1358–1369.  
https://doi.org/10.1177/0956797618774253 

Róbert, P., & Bukodi, E. (2004). Changes in Intergenerational Class Mobility in Hungary, 
1973–2000. In R. Breen (Ed.), Social Mobility in Europe (p. 0). Oxford University 
Press. https://doi.org/10.1093/0199258457.003.0012 

Roberts, B. W., Caspi, A., & Moffitt, T. E. (2003). Work experiences and personality 
development in young adulthood. Journal of Personality and Social Psychology, 
84(3), 582–593. 

Roberts, B. W., Kuncel, N. R., Shiner, R., Caspi, A., & Goldberg, L. R. (2007). The Power 
of Personality: The Comparative Validity of Personality Traits, Socioeconomic 
Status, and Cognitive Ability for Predicting Important Life Outcomes. Perspectives 
on Psychological Science, 2(4), 313–345.   
https://doi.org/10.1111/j.1745-6916.2007.00047.x 

Roth, B., Becker, N., Romeyke, S., Schäfer, S., Domnick, F., & Spinath, F. M. (2015). 
Intelligence and school grades: A meta-analysis. Intelligence, 53, 118–137.  
https://doi.org/10.1016/j.intell.2015.09.002 

Saar, E. (2010). Changes in Intergenerational Mobility and Educational Inequality in 
Estonia: Comparative Analysis of Cohorts Born between 1930 and 1974. European 
Sociological Review, 26(3), 367–383. https://doi.org/10.1093/esr/jcp049 

Saunders, P. (1997). Social Mobility in Britain: An Empirical Evaluation of Two 
Competing Explanations. Sociology, 31(2), 261–288.  
https://doi.org/10.1177/0038038597031002005 

Saunders, P. (2002). Reflections on the meritocracy debate in Britain: A response to 
Richard Breen and John Goldthorpe. The British Journal of Sociology, 53(4), 559–
574. https://doi.org/10.1080/0007131022000021489 

Schmidt, F. L., & Hunter, J. (2004). General Mental Ability in the World of Work: 
Occupational Attainment and Job Performance. Journal of Personality and Social 
Psychology, 86(1), 162–173. https://doi.org/10.1037/0022-3514.86.1.162 

Schneider, R., Ackerman, P., & Kanfer, R. (1996). To “act wisely in human relations:” 
Exploring the dimensions of social competence. Personality and Individual 
Differences, 21, 469–481. https://doi.org/10.1016/0191-8869(96)00084-0 

Schneider, W. J., & McGrew, K. S. (2018). The Cattell–Horn–Carroll theory of cognitive 
abilities. In Contemporary intellectual assessment: Theories, tests, and issues, 4th ed 
(pp. 73–163). The Guilford Press. 

Schneider, W. J., & Newman, D. A. (2015). Intelligence is multidimensional: Theoretical 
review and implications of specific cognitive abilities. Human Resource Management 
Review, 25(1), 12–27. https://doi.org/10.1016/j.hrmr.2014.09.004 

Selzam, S., Krapohl, E., von Stumm, S., O’Reilly, P. F., Rimfeld, K., Kovas, Y., 
Dale, P. S., Lee, J. J., & Plomin, R. (2017). Predicting educational achievement from 
DNA. Molecular Psychiatry, 22(2), Article 2. https://doi.org/10.1038/mp.2016.107 

Slišković, A., Russo, A., & Mulić, R. (2022). The Relationship Between the Big Five 
Personality Traits and Job Satisfaction – A Pilot Study on a Sample of Croatian 
Seafarers. Transactions on Maritime Science, 11(1), 237–246.  
https://doi.org/10.7225/toms.v11.n01.w14 



53 

Sniekers, S., Stringer, S., Watanabe, K., Jansen, P. R., Coleman, J. R. I., Krapohl, E., 
Taskesen, E., Hammerschlag, A. R., Okbay, A., Zabaneh, D., Amin, N., Breen, G., 
Cesarini, D., Chabris, C. F., Iacono, W. G., Ikram, M. A., Johannesson, M., 
Koellinger, P., Lee, J. J., … Posthuma, D. (2017). Genome-wide association meta-
analysis of 78,308 individuals identifies new loci and genes influencing human 
intelligence. Nature Genetics, 49(7), 1107–1112. https://doi.org/10.1038/ng.3869 

Sorjonen, K., Hemmingsson, T., Lundin, A., Falkstedt, D., & Melin, B. (2012). Intelli-
gence, socioeconomic background, emotional capacity, and level of education as 
predictors of attained socioeconomic position in a cohort of Swedish men. Intelli-
gence, 40(3), 269–277. https://doi.org/10.1016/j.intell.2012.02.009 

Sorjonen, K., Hemmingsson, T., Lundin, A., & Melin, B. (2011). How social position of 
origin relates to intelligence and level of education when adjusting for attained social 
position. Scandinavian Journal of Psychology, 52(3), 277–281.  
https://doi.org/10.1111/j.1467-9450.2010.00871.x 

Soto, C. J. (2019). How Replicable Are Links Between Personality Traits and Con-
sequential Life Outcomes? The Life Outcomes of Personality Replication Project. 
Psychological Science, 30(5), 711–727. https://doi.org/10.1177/0956797619831612 

Soto, C. J., Napolitano, C. M., Sewell, M. N., Yoon, H. J., & Roberts, B. W. (2022). An 
integrative framework for conceptualizing and assessing social, emotional, and 
behavioral skills: The BESSI. Journal of Personality and Social Psychology, 123(1), 
192–222. https://doi.org/10.1037/pspp0000401 

Spearman, C. (1904). “General intelligence,” objectively determined and measured. The 
American Journal of Psychology, 15(2), 201–293. https://doi.org/10.2307/1412107 

Spearman, C. (1927). The Measurement of Intelligence. Nature, 120(3025), 577–578. 
https://doi.org/10.1038/120577a0 

Speer, A. B., Christiansen, N. D., Robie, C., & Jacobs, R. R. (2022). Measurement 
specificity with modern methods: Using dimensions, facets, and items from perso-
nality assessments to predict performance. Journal of Applied Psychology, 107(8), 
1428–1439. https://doi.org/10.1037/apl0000618 

Spengler, M., Damian, R. I., & Roberts, B. W. (2018). How you behave in school predicts 
life success above and beyond family background, broad traits, and cognitive ability. 
Journal of Personality and Social Psychology, 114(4), 620–636.  
https://doi.org/10.1037/pspp0000185 

Stankov, L. (2023). Intelligence, Personality, and the Prediction of Life Outcomes: 
Borghans et al. (2016) vs. Zisman and Ganzach (2022) Debate. Journal of Intelli-
gence, 11(5), Article 5. https://doi.org/10.3390/jintelligence11050095 

Steinmetz, H. (2013). Analyzing Observed Composite Differences Across Groups. 
Methodology, 9(1), 1–12. https://doi.org/10.1027/1614-2241/a000049 

Stewart, R. D., Mõttus, R., Seeboth, A., Soto, C. J., & Johnson, W. (2022). The finer 
details? The predictability of life outcomes from Big Five domains, facets, and 
nuances. Journal of Personality, 90(2), 167–182. https://doi.org/10.1111/jopy.12660 

Strenze, T. (2006). Who gets ahead in Estonia and America? A comparative analysis of 
mental ability and social origin as determinants of success. Trames. Journal of the 
Humanities and Social Sciences, 10(3), 232. https://doi.org/10.3176/tr.2006.3.03 

Strenze, T. (2007). Intelligence and socioeconomic success: A meta-analytic review of 
longitudinal research. Intelligence, 35(5), 401–426.  
https://doi.org/10.1016/j.intell.2006.09.004 



54 

Su, R. (2020). The three faces of interests: An integrative review of interest research in 
vocational, organizational, and educational psychology. Journal of Vocational 
Behavior, 116, 103240. https://doi.org/10.1016/j.jvb.2018.10.016 

Tett, R. P., & Burnett, D. D. (2003). A personality trait-based interactionist model of job 
performance. Journal of Applied Psychology, 88(3), 500–517.  
https://doi.org/10.1037/0021-9010.88.3.500 

Thijssen, L., & Wolbers, M. H. J. (2016). Determinants of Intergenerational Downward 
Mobility in the Netherlands. Social Indicators Research, 128(3), 995–1010. 
https://doi.org/10.1007/s11205-015-1066-7 

Titma, M., Roots, A., & Soidla, I. (2010). Gender Differences in Intragenerational Mo-
bility: The Case of Estonia. European Sociological Review, 26(3), 337–350. 

Titma, M., Tuma, N. B., & Roosma, K. (2003). Education as a Factor in Intergenerational 
Mobility in Soviet Society. European Sociological Review, 19(3), 281–297. 
https://doi.org/10.1093/esr/19.3.281 

Todd, P. E., & Zhang, W. (2020). A dynamic model of personality, schooling, and 
occupational choice. Quantitative Economics, 11(1), 231–275.  
https://doi.org/10.3982/QE890 

Tommasi, M., Pezzuti, L., Colom, R., Abad, F. J., Saggino, A., & Orsini, A. (2015). 
Increased educational level is related with higher IQ scores but lower g-variance: 
Evidence from the standardization of the WAIS-R for Italy. Intelligence, 50, 68–74. 
https://doi.org/10.1016/j.intell.2015.02.005 

Törnroos, M., Jokela, M., & Hakulinen, C. (2019). The relationship between personality 
and job satisfaction across occupations. Personality and Individual Differences, 145, 
82–88. https://doi.org/10.1016/j.paid.2019.03.027 

Tulsky, D. S., & Price, L. R. (2003). The joint WAIS-III and WMS-III factor structure: 
Development and cross-validation of a six-factor model of cognitive functioning. 
Psychological Assessment, 15(2), 149–162.   
https://doi.org/10.1037/1040-3590.15.2.149 

Vaht, M., Arumäe, K., Realo, A., Ausmees, L., Allik, J., Henry, S., Metspalu, A., 
Esko, T., Mõttus, R., & Vainik, U. (2024). Cohort Profiles: Personality Measure-
ments at the Estonian Biobank of the Estonian Genome Center, University of Tartu. 
OSF. https://doi.org/10.31234/osf.io/2aey6 

van der Linden, D., Dunkel, C. S., & Madison, G. (2017). Sex differences in brain size 
and general intelligence (g). Intelligence, 63, 78–88.  
https://doi.org/10.1016/j.intell.2017.04.007 

Van Der Maas, H. L. J., Dolan, C. V., Grasman, R. P. P. P., Wicherts, J. M., Huizenga, 
H. M., & Raijmakers, M. E. J. (2006). A dynamical model of general intelligence: 
The positive manifold of intelligence by mutualism. Psychological Review, 113(4), 
842–861. https://doi.org/10.1037/0033-295X.113.4.842 

Van Hootegem, A., Rogne, A. F., & Lyngstad, T. H. (2024). Heritability of class and 
status: Implications for sociological theory and research. Research in Social Strati-
fication and Mobility, 92, 100940. https://doi.org/10.1016/j.rssm.2024.100940 

Van Iddekinge, C. H., Roth, P. L., Putka, D. J., & Lanivich, S. E. (2011). Are you inte-
rested? A meta-analysis of relations between vocational interests and employee per-
formance and turnover. Journal of Applied Psychology, 96(6), 1167–1194.  
https://doi.org/10.1037/a0024343 

Vazire, S., & Gosling, S. D. (2004). e-Perceptions: Personality Impressions Based on 
Personal Websites. Journal of Personality and Social Psychology, 87(1), 123–132. 
https://doi.org/10.1037/0022-3514.87.1.123 



55 

Vedel, A. (2016). Big Five personality group differences across academic majors: A 
systematic review. Personality and Individual Differences, 92, 1–10.  
https://doi.org/10.1016/j.paid.2015.12.011 

Volodina, A., & Nagy, G. (2016). Vocational choices in adolescence: The role of gender, 
school achievement, self-concepts, and vocational interests. Journal of Vocational 
Behavior, 95–96, 58–73. https://doi.org/10.1016/j.jvb.2016.07.005 

von Stumm, S., Gale, C. R., Batty, G. D., & Deary, I. J. (2009). Childhood intelligence, 
locus of control and behaviour disturbance as determinants of intergenerational social 
mobility: British Cohort Study 1970. Intelligence, 37(4), 329–340.  
https://doi.org/10.1016/j.intell.2009.04.002 

von Stumm, S., Macintyre, S., Batty, D. G., Clark, H., & Deary, I. J. (2010). Intelligence, 
social class of origin, childhood behavior disturbance and education as predictors of 
status attainment in midlife in men: The Aberdeen Children of the 1950s study. 
Intelligence, 38(1), 202–211. https://doi.org/10.1016/j.intell.2009.11.004 

Warne, R. T. (2020). In the Know: Debunking 35 Myths about Human Intelligence. 
Cambridge University Press. 

Warne, R. T. (2023). Tests of measurement invariance of three Wechsler intelligence tests 
in economically developing nations in South Asia and Sub-Saharan Africa. Gifted and 
Talented International, 38(2), 122–138.  
https://doi.org/10.1080/15332276.2023.2245007 

Wechsler, D. (2011). WAIS-III läbiviimise ja skoorimise juhend. Tänapäev. 
Wechsler, D. (2021). WAIS-III läbiviimise ja skoorimise juhend (täiendatud versioon). 

Tänapäev. 
Wicherts, J. M. (2016). The importance of measurement invariance in neurocognitive 

ability testing. The Clinical Neuropsychologist, 30(7), 1006–1016.  
https://doi.org/10.1080/13854046.2016.1205136 

Wicherts, J. M., & Dolan, C. V. (2010). Measurement Invariance in Confirmatory Factor 
Analysis: An Illustration Using IQ Test Performance of Minorities: Fall 2010. 
Educational Measurement: Issues and Practice, 29(3), 39–47.  
https://doi.org/10.1111/j.1745-3992.2010.00182.x 

Wilk, S. L., Desmarais, L. B., & Sackett, P. R. (1995). Gravitation to jobs commensurate 
with ability: Longitudinal and cross-sectional tests. Journal of Applied Psychology, 
80(1), 79–85. https://doi.org/10.1037/0021-9010.80.1.79 

Wilmot, M. P., & Ones, D. S. (2021). Occupational characteristics moderate personality–
performance relations in major occupational groups. Journal of Vocational Behavior, 
131, 103655. https://doi.org/10.1016/j.jvb.2021.103655 

Wolfram, T. (2023). (Not just) Intelligence stratifies the occupational hierarchy: Ranking 
360 professions by IQ and non-cognitive traits. Intelligence, 98, 101755.  
https://doi.org/10.1016/j.intell.2023.101755 

Wu, C.-H. (2016). Personality change via work: A job demand–control model of Big-five 
personality changes. Journal of Vocational Behavior, 92, 157–166.  
https://doi.org/10.1016/j.jvb.2015.12.001 

Young, M. (1958). The Rise of the Meritocracy 1870–2033: An Essay on Education and 
Society. Thames and Hudson. 

Youyou, W., Kosinski, M., & Stillwell, D. (2015). Computer-based personality judg-
ments are more accurate than those made by humans. Proceedings of the National 
Academy of Sciences, 112(4), 1036–1040. https://doi.org/10.1073/pnas.1418680112 



56 

Zaboski, B. A., Kranzler, J. H., & Gage, N. A. (2018). Meta-analysis of the relationship 
between academic achievement and broad abilities of the Cattell-horn-Carroll theory. 
Journal of School Psychology, 71, 42–56. https://doi.org/10.1016/j.jsp.2018.10.001 

Zheng, A., Hoff, K., Hanna, A., Einarsdóttir, S., Rounds, J., & Briley, D. (2023). Job 
characteristics and personality change in young adulthood: A 12-year longitudinal 
study and replication. Journal of Personality. https://doi.org/10.1111/jopy.12836 

Zhu, J., & Chen, H.-Y. (2011). Utility of Inferential Norming With Smaller Sample Sizes. 
Journal of Psychoeducational Assessment, 29(6), 570–580.  
https://doi.org/10.1177/0734282910396323 

Zisman, C., & Ganzach, Y. (2021). In a Representative Sample Grit Has a Negligible 
Effect on Educational and Economic Success Compared to Intelligence. Social 
Psychological and Personality Science, 12(3), 296–303.  
https://doi.org/10.1177/1948550620920531 

Zisman, C., & Ganzach, Y. (2022). The claim that personality is more important than 
intelligence in predicting important life outcomes has been greatly exaggerated. 
Intelligence, 92, 101631. https://doi.org/10.1016/j.intell.2022.101631 

Zisman, C., & Ganzach, Y. (2023). Occupational intelligence as a measure of occu-
pational complexity. Personality and Individual Differences, 203, 112005.  
https://doi.org/10.1016/j.paid.2022.112005 

 
  



57 

SUMMARY IN ESTONIAN 
Intelligentsus, isiksuseomadused ja sotsiaalmajanduslikud  

tulemused Eestis 
 
Sotsiaalmajanduslikke tulemusi, nagu haridustase, ametialane staatus või sisse-
tulek, kujundavad paljud tegurid, mis on pälvinud teadlaste tähelepanu mitmetes 
erinevates distsipliinides. Varasemad uuringud on selgelt näidanud, et ei ole ühte 
kõige olulisemat faktorit, mis määraks, kui kaua inimene koolis õpib või millise 
karjääri valib. Oluline on hoopis see, kuidas erinevad tegurid omavahel põimuvad 
ja üksteist mõjutavad (Soto et al., 2022). 

Sotsiaalmajanduslike tulemuste mõjutajate eristamine on muutunud keskseks 
suunaks mitmes valdkonnas, sest see on oluline nii individuaalse heaolu kui ka 
ühiskonna laiema olemuse mõistmiseks. Üks olulisemaid teemasid on olnud 
näiteks aastakümneid kestnud vaidlus selle üle, kas inimese sotsiaalmajandus-
likku edukust mõjutavad rohkem pärituolu ehk vanemate sotsiaalne staatus 
(klass) või pigem inimese enda individuaalsed psühholoogilised omadused, näi-
teks intelligentsus ja isiksuseomadused (Betthäuser et al., 2020, 2021; Herrnstein 
& Murray, 1994; Marks, 2020; Saunders, 1997). Enamik kaasaegseid ühiskondi 
püüdleb meritokraatliku ideaali poole, mis tähendab, et inimese sotsiaal-
majanduslikud tulemused ei peaks sõltuma päritolustaatusest, vaid pigem inimese 
enda võimetest, omadustest ja pingutusest (Erola & Kilpi-Jakonen, 2017; Young, 
1958). Meritokraatia üheks osaks on ka talendi või ressursi mõistliku jaotamise 
idee (Murphy et al., 1991), mille kohaselt võiks inimesel olla võimalus leida 
endale töökoht või muu keskkond, mis sobib tema omadustega. On viiteid, et kui 
meritokraatlik jaotumine toimib tõhusalt, on ühiskonnad ka üldiselt edukamad 
(Murphy et al., 1991). Lisaks on see oluline ka individuaalsel tasandil, mida 
kirjeldatakse kui keskkonna ja inimese sobivust. Enamik inimesi pühendab suure 
osa oma täiskasvanuelust tööle ning haridus- ja karjäärivalikud on ühed olu-
lisemad sotsiaalsed ja majanduslikud otsused, mida inimesed oma elu jooksul 
teevad (Buser et al., 2023; Kristof-Brown et al., 2005). Individuaalsete omaduste 
ja sotsiaalmajandusliku keskkonna, nagu haridus või ametialane staatus, sobivus 
on seotud suurema rahulolu ja tööalase sooritusvõimega (Kristof-Brown et al., 
2005). Seetõttu on oluline paremini mõista sotsiaalmajandusliku edukuse ennus-
tajaid ja nende omavahelisi seoseid, kuna see võib avaldada mõju nii ühis-
kondlikul kui ka individuaalsel tasandil. Selle doktoritöö peamine eesmärk oli 
uurida, kuidas individuaalsed erinevused, nagu intelligentsus ja isiksuse-
omadused, on seotud sotsiaalmajanduslike tulemustega ehk haridustaseme ja 
ametialase staatusega. Käesoleva töö oluline panus on selle teema kaardistamine 
Eestis. 

Psühholoogiliste tunnuste ja sotsiaalmajanduslike tulemuste vaheliste seoste 
analüüsi võib oluliselt mõjutada meetod, mida kasutatakse nende tunnuste mõõt-
miseks. Näiteks võivad seoste tugevused erineda olenevalt sellest, millist testi me 
intelligentsuse mõõtmiseks kasutame. Seetõttu uurisimegi käesoleva doktoritöö 
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raames põhjalikult eestindatud intelligentsustesti Wechsleri täiskasvanute intelli-
gentsusskaala (WAIS-III) psühhomeetrilisi näitajaid, mis aitavad välja selgitada, 
kas saadud testitulemused on usaldusväärsed ja mida peaks nende tõlgendamisel 
arvesse võtma (Uurimus II). Analüüside tulemused kinnitasid, et eestindatud 
WAIS-III intelligentsustesti faktorstruktuur oli võrreldav USA-s avaldatud 
originaaltesti ja mitmete teiste kohandatud versioonide struktuuriga (Egeland 
et al., 2009; Grégoire, 2004). Lisaks uurisime selles töös mõõtmise invariant-
sust – kui mõõdik on erinevate gruppide võrdlemisel piisavalt sarnaste 
näitajatega, siis peetakse seda oluliseks testi iseloomustavaks tunnuseks ja viitab 
sellele, et test mõõdab erinevate gruppide kognitiivseid võimeid sarnaselt. Eestin-
datud WAIS-III faktorstruktuuri näitajad olid piisavalt sarnased sugude ja 
vanusegruppide lõikes. Uurimus II tulemused näitasid aga, et invariantsus ei 
kehtinud siis, kui analüüsisime gruppe haridustasemete lõikes. Seega, vaimsete 
võimete struktuur võib olla haridustasemete lõikes erinev ja seda peaks arvestama 
võimete ja haridusalaste tulemuste seoste tõlgendamisel. 

Edasi uurisime samal andmestikul, kas inimese haridustaseme ja tööalase 
staatuse ennustamisel on olulisem inimese enda vaimne võimekus või pärituolu 
ehk vanemate haridus (Uurimus I). Tulemuste alusel on mõlemad olulised 
ennustajad, kuid inimese enda intelligentsus oli mõnevõrra parem ennustaja. See 
oli ootuspärane, kuna sarnaseid tulemusi on kirjeldatud ka varasemates töödes, 
sealhulgas ka Rootsis (Erikson, 2016). Samuti sai Uurimuses I kinnitust vara-
semalt kirjeldatud tulemus selle osas, et arvestatav osa vanemate hariduse mõjust 
oli vahendatud vaimsete võimete poolt.  

Vaimsed võimed jagunevad erinevatesse alatahkudesse, nt sõnalised oskused, 
visuaal-ruumilised võimed, tähelepanuprotsessid jmt. Varasemad tööd on ena-
masti kasutanud üldintelligentsuse näitajad (nt IQ-skoori), aga Uurimuses I 
analüüsisime ka kitsamate võimete erinevusi sotsiaalmajanduslike tulemuste 
ennustamises. Analüüsid kinnitasid mõningate varasemate tööde tulemusi (Asbury 
et al., 2005; Epstein & Winship, 2006; Farah et al., 2006)), kus leiti, et sõnalisel 
võimekusel oli mõnevõrra tugevam seos haridustaseme ja tööalase staatusega kui 
visuaal-ruumilisel võimekusel, töömälul või töötluskiirusel. 

Kuigi vaimset võimekust peetakse üheks olulisemaks psühholoogiliseks tun-
nuseks, mis mõjutab inimeste sotsiaalmajanduslikke tulemusi, siis viimasel ajal 
on aina olulisemaks muutunud ka erinevused isiksuseomadustes. Isiksuse olu-
lisust on elusündmuste ennustamisel korduvalt näidatud, siis ei ole varasemalt 
põhjalikult uuritud paljude ametite erinevusi isiksuseomaduste lõikes. Kasu-
tasime selle uurimiseks Geenivaramu Isiksuseuuringu andmeid. Uurimuses III 
ilmnes, et olenevalt isiksuseomadusest kirjeldasid ametid 2–7% Suure Viisiku 
isiksuseomaduste (ehk avatuse, ekstravertsuse, neurootilisuse, meelekindluse ja 
sotsiaalsuse) erinevustest. Sama analüüs isiksusemõõdiku üksikküsimuste lõikes 
näitas, et ametid kirjeldasid kuni 12% üksikküsimuste erinevustest. Võrreldes 
muude elusündmuste ja isiksuse vahelisi seoseid, siis võib ameti ja isiksuse-
omaduste seos olla üks tugevamatest. 

Uurimuses III kaardistasime ka 263 ameti isiksuseprofiilid nii Suure Viisiku 
isiksuseomaduste kui ka ametite lõikes enim erinenud 21 üksikküsimuse osas. 
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Enamik ametite keskmised isiksuseprofiilid olid üsna ootuspärased. Näiteks 
loovvaldkondade esindajatel (kunstnikel ja kirjanikel) ning teadustöötajatel olid 
kõrgeimad keskmised avatused skoorid. Juhipositsioonidel olid keskmiselt kõr-
geimad meelekindluse ja ekstravertsuse skoorid. Kõigi 263 ameti isiksuse-
profiilid on avalikult kättesaadavad (https://apps.psych.ut.ee/JobProfiles/). 

Samuti näitasime Uurimuses III, et ametite keskmised tulemused olid üsna 
sarnased nii inimese enda hinnatud isiksuse kui ka tema tuttava hinnatud 
isiksuseomaduste osas. Samuti olid meie saadud tulemused üle ootuste sarnased 
Suurbritannia andmetel (Wolfram, 2023) kuid väga lühikese isiksuseküsimus-
tikuga hinnatud isiksuseomadustega võrreldes. Kõik need lisaanalüüsid kinni-
tasid meie tulemuste üldistatavust ja usaldusväärsust. 

Lisaks kinnitasime Uurimuses III hüpoteesi, et kui ameti keskmine isiksuse-
omaduse tase on kõrge (või neurootilisuse puhul madal), siis on seda ametit 
pidavad inimesed ka selle isiksuseomaduse poolest ka sarnasemad. See sai eriti 
kinnitust ekstravertsuse ja meelekindlusega, see tähendab, et mida kõrgem on 
ameti keskmine ekstravertsus, seda sarnasema ekstravertsuse tasemega inimesed 
seal grupis on. See võib tähendada seda, et mõne ameti pidamiseks on vajalik 
kõrgem ekstravertsus. Võimalik, et mingis ametis pikemaajalisem töötamine ka 
muudab natuke isiksuseomadusi – nt tööülesanded, mis vajavad keskmisest 
kõrgemat ekstravertsust võivad muuta inimest neid tehes veel mõnevõrra 
ekstravertsemaks (Le et al., 2014; Roberts et al., 2003). 

Kokkuvõttes võimaldab see doktoritöö paremini mõista, kuidas intelligentsus 
ja isiksuseomadused on seotud haridustaseme ja ametitega Eestis. Doktoritöö 
raames tehtud uuringutel on mitmeid rakendusi. Uurimus I toob esile kogni-
tiivsete võimete ja vanemate tausta seosed sotsiaalmajanduslike tulemustega eri 
sotsiaal-kultuurilistes kontekstides, rõhutades geograafiliste eripärade ja geneeti-
liste andmete analüüsi olulisust sotsiaalse mobiilsuse uurimisel. Tulemused 
viitavad, et sotsiaalset mobiilsust ei määra üks tegur, vaid mitmed vahendajad, 
mis varieeruvad sõltuvalt piirkonnast, haridussüsteemist ja ühiskondlikest eri-
päradest. Uurimus II toetab kohandatud Eesti WAIS-III intelligentsusskaala 
sobivust, rõhutades samas mõõtmisvahendite psühhomeetriliste omaduste põhja-
liku analüüsi olulisust. Uurimus III tulemused on rakendatavad karjäärinõusta-
mises ja värbamisprotsessides, kuna ametid erinevad oluliselt Suure Viisiku oma-
duste ja kitsamate isiksuse nüansside poolest. Inimeste sobitamine ameti-
kohtadele nende omaduste põhjal võib parandada töö sobivust ja edukust töö 
tegemisel ning eriti kasulik võib olla keskenduda avatusele ja ekstravertsusele, 
mis varieeruvad ametite lõikes kõige rohkem. Avalikult kättesaadav andmebaas 
pakub väärtuslikku vahendit täiustamaks isikustatud karjäärinõustamist, mis võib 
soodustada paremaid sotsiaalmajanduslikke tulemusi. 

Tulevased uuringud võiksid laiendada teadmisi intelligentsuse, isiksuse, sot-
siaalse päritolu ja konteksti koosmõjust, et paremini mõista sotsiaalmajanduslike 
tulemuste ennustajaid. Geneetiliste andmete kaasamine on oluline, et paremini 
mõista sotsiaalse päritolu, kognitiivsete võimete ja isiksuse keerukaid seoseid 
(Buser et al., 2023; Cheesman et al., 2024; Van Hootegem et al., 2024). Samuti 
on isiksus ja intelligentsus seotud erinevate teguritega, nagu füüsiline ja vaimne 
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tervis (Jokela et al., 2009; Wolfram, 2023), huvid (Hurtado Rúa et al., 2019; 
Volodina & Nagy, 2016) ning laiemad kontekstuaalsed erinevused, nagu haridus-
süsteemid ja majanduslikud tingimused (Damian et al., 2015; Todd & Zhang, 
2020). Need seosed võivad mängida olulist rolli inimeste sotsiaalmajandusliku 
edu kujundamisel, ning need koosmõjud rõhutavad vajadust mitmetahulise 
lähenemisviiside järele edasistes uuringutes. 
 
  
 
  



 

 
 
 
 
 
 

 

PUBLICATIONS 

  



128 

CURRICULUM VITAE 
Name:  Kätlin Anni 
Date of birth:  August 25, 1988 
E-mail:  katlin.anni@ut.ee 
 
Education 
2015–2024  Doctoral studies, University of Tartu, Institute of Psychology 
2011–2014  Master’s studies, University of Tartu, Institute of Psychology 
2007–2010  Bachelor’s studies, University of Tallinn, Institute of Psychology 
 
Employment 
2023–2024  Psychiatry Clinic of Tartu University Hospital, clinical psycho-

logist 
2021–...  University of Tartu, Institute of Psychology, junior lecturer in cli-

nical psychology 
2014–2019  Psychiatry Clinic of Tartu University Hospital, clinical psycho-

logist 
2014–2018  Neurology Clinic of Tartu University Hospital, clinical psycho-

logist 
 
Fields of research: individual differences, intelligence, personality, occu-
pational variation 
 
Publications 
Anni, K., Vainik, U., & Mõttus, R. (2024). Personality Profiles of 263 Occu-

pations. Journal of Applied Psychology. Advance online publication. DOI: 
10.1037/apl0001249 

Sirts, K., Anni, K., Balõtšev, R., Jakobsoo, S., Jaanson, K. L., & Haring, L. 
(2024). Adapting the early recognition inventory ERIraos to Estonian: A vali-
dation study. Early Intervention in Psychiatry, 1–11. DOI: 10.1111/eip.13519 

Anni, K., Käärik, M., & Mõttus, R. (2021). WAIS-III measurement invariance: 
Data from Estonian standardization. The Clinical Neuropsychologist, 35(S1), 
s1–s20. DOI: 10.1080/13854046.2020.1812723. 

Anni, K., & Mõttus, R. (2019). Intelligence as a predictor of social mobility in 
Estonia. Scandinavian Journal of Psychology, 60(3), 195–202. DOI: 10.1111/ 
sjop.12528. 

Anni, K., Ennok, M., & Burk, K. (2015). Intelligentsuse hindamise võimalusi: 
Wechsleri täiskasvanute intelligentsusskaala. Eesti Arst, 94(4), 217–224. 

 
Membership in professional organizations  
2018–...  Estonian Professional Association of Clinical Psychologists 
2015–...  Union of Estonian Psychologists 



129

ELULOOKIRJELDUS 
Nimi:  Kätlin Anni 
Sünniaeg:  25. august, 1988 
E-mail:  katlin.anni@ut.ee 
 
Haridus 
2015–2024  Doktoriõpe, Tartu Ülikool, psühholoogia instituut 
2011–2014  Magistriõpe, Tartu Ülikool, psühholoogia instituut 
2007–2010  Bakalaureuseõpe, Tallinna Ülikool, psühholoogia instituut 
 
Teenistuskäik 
2023–...  Tartu Ülikool, psühholoogia instituut, nooremteadur 
2023–...  Tartu Ülikooli Kliinikumi Psühhiaatriakliinik, kliiniline psühholoog 
2021–...  Tartu Ülikool, psühholoogia instituut, kliinilise psühholoogia 

nooremlektor 
2014–2019  Tartu Ülikooli Kliinikumi Psühhiaatriakliinik, kliiniline psühholoog 
2014–2018  Tartu Ülikooli Kliinikumi Närvikliinik, kliiniline psühholoog  
 
Uurimistöö põhisuunad: individuaalsed erinevused, intelligentsus, isiksus, 
ametitevahelised erinevused 
 
Publikatsioonid 
Anni, K., Vainik, U., & Mõttus, R. (2024). Personality Profiles of 263 Occu-

pations. Journal of Applied Psychology. Advance online publication. DOI: 
10.1037/apl0001249 

Sirts, K., Anni, K., Balõtšev, R., Jakobsoo, S., Jaanson, K. L., & Haring, L. 
(2024). Adapting the early recognition inventory ERIraos to Estonian: A vali-
dation study. Early Intervention in Psychiatry, 1–11. DOI: 10.1111/eip.13519 

Anni, K., Käärik, M., & Mõttus, R. (2021). WAIS-III measurement invariance: 
Data from Estonian standardization. The Clinical Neuropsychologist, 35(S1), 
s1–s20. DOI: 10.1080/13854046.2020.1812723 

Anni, K., & Mõttus, R. (2019). Intelligence as a predictor of social mobility in 
Estonia. Scandinavian Journal of Psychology, 60(3), 195–202. DOI: 10.1111/ 
sjop.12528 

Anni, K., Ennok, M., & Burk, K. (2015). Intelligentsuse hindamise võimalusi: 
Wechsleri täiskasvanute intelligentsusskaala. Eesti Arst, 94(4), 217–224. 

 
Kuulumine erialaorganisatsioonidesse 
2018–...  Eesti Kliiniliste Psühholoogide Kutseliit 
2015–...  Eesti Psühholoogide Liit 
 



130 

DISSERTATIONES PSYCHOLOGICAE  
UNIVERSITATIS TARTUENSIS 

1. Jüri Kruusvall. Environmental and social influence on human activity. 
Tartu, 1994, 135 p. 

2. Dagmar Kutsar. Transformation in Estonia as reflected in families: Insight 
into social stress and poverty. Tartu, 1995, 171 p. 

3. Aleksander Pulver. Measurement of elementary movement vectors in 
human visual system. Tartu, 1995, 123 p. 

4. Ritva Fagerström. The correlations between psychological factors and 
vision in aged cataract operation patients. Tartu, 1996, 145 p. 

5. Eve Kikas. Conceptual development in school-aged children: The impact of 
teaching. Tartu, 1997, 112 p. 

6. Anu Realo. Individualism and collectivism: An exploration of individual and 
cultural differences. Tartu, 1999, 164 p. 

7. Aaro Toomela. Cultural-historical psychology: three levels of analysis. 
Tartu, 2000, 171 p. 

8. Anneli Kolk. Cognitive development of children with non-progressive uni-
lateral brain lesion. Tartu 2001, 95 p. 

9. Aune Valk. Two facets of ethnic identity: pride and differentiation. Tartu, 
2001, 153 p. 

10. Anu Aluoja. Depression in the population: assessment, prevalence and 
relationships with socio-demographic factors and cognitive aspect of social 
adjustment. Tartu 2002, 73 p. 

11. Talvi Kallasmaa. Personality traits and ways of coping: their characteristics 
and interrelations. Tartu 2002, 119 p. 

12. Luule Mizera. Socialization in Estonian families: attitudes and behavior in 
comparative perspective. Tartu 2003, 117 p. 

13. Kairi Kreegipuu. Availability and accessibility of information in perception 
of moving stimuli. Tartu 2004, 97 p. 

14. Riina Häidkind. Monoaminergic mechanisms in mood-associated beha-
viours and neurochemistry in rats. Tartu 2004, 123 p. 

15. Evelyn Kiive. Studies on peripheral markers of central serotonergic activity 
and behaviour. Tartu, 2005, 113 p. 

16. Helle Pullmann. The development of intelligence and personality traits 
among Estonian schoolchildren. Tartu, 2005, 112 p.  

17. Kenn Konstabel. The structure and validity of self- and peer-reported per-
sonality traits. Tartu, 2006, 103 p. 

18. Toivo Aavik. Lexical analysis of Estonian personal values vocabulary and 
relation to socially desirable responding and parenting practices. Tartu, 2006, 
113 p.  

19. Margus Tõnissaar. Stress and sociability: individual differences and their 
neurochemical substrate. Tartu, 2006, 161 p. 



131 

20. Kaia Laidra. Adolescent personality: Development, interrater agreement, 
and relation to academic achievement. Tartu, 2007, 117 p.  

21. Iiris Luiga. Interaction of object perception and visual attentional selection 
processes. Tartu, 2007, 116 p. 

22. Marika Paaver. Types of impulsivity, their behavioural expression, and as-
sociation with the markers of vulnerability of serotonin system. Tartu, 2007, 
140 p. 

23. Tanel Mällo. Exploratory behaviour and 50-kHz ultrasonic vocalizations in 
rats: behavioural and neurochemical profiles of persistent inter-individual 
differences. Tartu, 2008, 216 p. 

24. Aet Alttoa. Neurochemical regulation of rat exploratory behaviour: focus on 
dopaminergic and noradrenergic neurotransmission. Tartu, 2008, 166 p.  

25. René Mõttus. Universal and specific features of personality traits in their 
various representations. Tartu, 2009, 170 p. 

26. Kirsti Akkermann. Serotonin-related biomarkers and symptoms of eating 
disorders. Tartu, 2010, 120 p. 

27. Iris Podar. Eating disorders, personality, and cultural differences. Tartu, 
2010, 130 p. 

28. Denis Matrov. Cerebral oxidative metabolism and effects of chronic vari-
able stress in animal models of human affective styles. Tartu, 2010. 208 p. 

29. Kadri Kõiv. Studies on monoaminergic regulation of inter-individual 
differences in exploratory behaviour and the activating and rewarding 
effects of psychostimulants in rats. Tartu, 2010, 132 p. 

30. Triin Hannust. Children’s knowledge about the Earth and gravity and its 
change in the course of development and learning. Tartu, 2011, 108 p. 

31. Kersti Luuk. Antecedents and concomitants of adult psychological distress. 
Tartu, 2011, 132 p. 

32. Margus Kanarik. Inter-individual differences in vulnerability to depression: 
regional brain energy metabolism, serotonergic function and behaviour in 
animal models. Tartu, 2011, 239 p. 

33. Aire Raidvee. Pooling of elementary motion, colour, and orientation signals 
into global perception. Tartu, 2012, 105 p. 

34. Liisi Kööts-Ausmees. Emotional experience: relations to personality, sub-
jective well-being, recollection, and external influences. Tartu, 2012,  
137 p. 

35. Pirko Tõugu. “Where did we go last weekend?” Socialization of children 
through past-event reminiscing in various cultural contexts. Tartu, 2012,  
132 p. 

36. Triin Kurrikoff. Interpersonal relationships and behaviour: moderation by 
functional gene variants. Tartu, 2012, 126 p. 

37. Karin Täht. The cross-cultural view on students’ motivation to learn. Tartu, 
2012, 137 p. 

38. Henrik Dobewall. Human values and subjective well-being: An exploration 
of individual and cultural differences, change across life span, and self-other 
agreement. Tartu, 2013, 157 p.  



132 

39. Carolina Murd. Mechanisms of processing visual motion information: 
Psychophysical, bioelectrical and transcranial magnetic stimulation in-
vestigations. Tartu, 2014, 120 p. 

40. Andero Uusberg. Electroencephalographic insights into affective attention. 
Tartu, 2014, 122 p. 

41. Kariina Laas. Neuropeptide S and mental health: A functional receptor 
gene variant and environment shaping traits and contributing to psychiatric 
disorders. Tartu, 2014, 144 p. 

42. Maria Tamm. Psychological and physiological implications of time per-
ception. Tartu, 2014, 154 p.  

43. Inga Karton. Deceptive communication: the effects of transcranial mag-
netic stimulation and the signatures of electroencephalography. Tartu, 2014, 
94 p. 

44. Kelli Lehto. Depression- and anxiety-related gene variants: effects on 
personality traits and health-related behaviour. Tartu, 2015, 104 p. 

45. Anni Tamm. Conflicts and their management in early childhood and adole- 
scence. Tartu, 2015, 161 p. 

46. Renate Rutiku. Refining the methodology for investigating the neural 
correlates of consciousness. Tartu, 2015, 166 p. 

47. Uku Vainik. Towards a comprehensive framework for the psychological 
mechanisms of obesity and overeating. Tartu, 2015, 152 p.  

48. Mari-Liis Kaldoja. Mild traumatic brain injury in childhood: pre-injury 
social-emotional behavior, social-emotional and cognitive outcome and 
implications for attention rehabilitation. Tartu, 2015, 135 p. 

49. Astra Schults. First words of Estonian children: early communicative 
development. Tartu, 2016, 109 p. 

50. Mariliis Vaht. Genes and alcohol use: effects of common genetic poly-
morphisms in general population. Tartu, 2016, 120 p. 

51. Aire Mill. Exploring the role of personality traits and age in the experience 
and recognition of emotions. Tartu, 2017, 148 p. 

52. Nele Põldver. An experimental exploration of automatic processes in visual 
perception. Tartu, 2018, 153 p. 

53. Helen Uusberg. Studying the psychological mechanisms of affective 
individual differences with EEG correlates. Tartu, 2018, 177 p. 

54. Jaan Tulviste. Modulation of decision-making by transcranial magnetic 
stimulation. Tartu, 2019, 83 p. 

55. Dmitri Rozgonjuk. Problematic smartphone use: behavioral, psychopatho-
logical, dispositional, and educational correlates. Tartu, 2019, 116 p. 

56. Kadi Tulver. An investigation of individual differences in the effects of 
priors on visual perception. Tartu, 2019, 108 p. 

57. Katrin Kukk. Risk factors of binge eating and overeating – towards an 
integrated model. Tartu, 2020, 114 p. 

58. Gerly Tamm. Multiple sources of variation in perception and working 
memory for facial emotional expressions. Tartu, 2021, 217 p. 

 



59. René Randver. Parkinson’s disease and depression: brain mechanisms and 
non-invasive brain stimulation based treatment strategies. Tartu, 2021, 126 p. 

60. Hedvig Sultson. Refining the constructs of positive and negative emotional 
eating. Tartu, 2022, 98 p. 

61. Martin Kolnes. Appraisal driven modulation of attention control. Tartu, 
2022,  149 p. 

62. Nino Gugushvili. Digital communication technologies and mental health: 
An interplay between usage types and user characteristics. Tartu, 2023, 216 p. 

63. Tõnis Tokko. The association of risky traffic behaviour with personality 
factors, lifestyle and biological predisposition, and a driving school inter-
vention aimed at impulsivity awareness. Tartu, 2023, 138 p. 

64.  Kadri Arumäe. Personality traits and body weight: from accurate descrip-
tions to tests of causation. Tartu, 2023, 119 p. 


	Anni_Study II.pdf
	Abstract
	Outline placeholder
	Measurement invariance
	Wechsler intelligence scales

	Method
	Sample
	Measures
	Statistical analyses
	Confirmatory factor analyses to select the best baseline model
	Invariance analyses


	Results
	Confirmatory factor analysis of Estonian WAIS-III
	MI across sex
	MI across age groups
	MI across educational levels

	Discussion
	Disclosure statement
	References


	III_artikkel_2025-38154-001.pdf
	Personality Profiles of 263 Occupations
	Outline placeholder
	Limitations of Existing Work
	Theoretical and Empirical Background
	People Choose Jobs
	People Are Chosen for Jobs
	Jobs May Change People
	Which Traits May Vary With Which Occupations?

	The Differences' Expected Magnitudes
	Some Jobs May Be More Personality-Homogeneous Than Others
	Objectives and Contributions of This Study

	Method
	Transparency and Openness
	Sample
	Measures
	Personality Traits
	Occupations

	Data Analysis
	The Strength of Job-Trait Relationships
	Smoothing Means and Standard Deviations
	Cross-Validation
	Correlations With O&ast;NET Work Styles
	Multidimensional Scaling
	Occupational Homogeneity
	Software


	Results
	The Magnitudes of Occupational Differences in the Big Five Domains
	Mean Big Five Scores of 263 Occupations
	Cross-Validation Using the Traits' Informant Ratings and Data From Wolfram's (2023) Study
	Correlations With O&ast;NET Work Styles
	Analyses With Nuances
	MDS
	Homogeneity Analyses

	Discussion
	The Magnitudes of Occupational Differences
	How Different Were the Highest- and Lowest-Scoring Occupations?
	How Do Specific Occupations Compare in Personality Traits?
	Nuanced Occupational Differences
	Clustering of Occupations by Personality Profiles
	Cross-Validation of the Findings
	Associations With O&ast;NET Work Styles
	Occupations With Higher Performance-Related Average Trait Scores Are More Selective
	Implications for Personality Science
	Practical Implications
	Future Directions
	Limitations
	Conclusion

	References





