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Abstract: What shapes (occupational) success in later life? This study examines the differen-
tial importance of intelligence in late childhood, socioeconomic background, and education
across later occupations. The quantity and quality of educational success are thought to
mediate the other dimensions. We analyzed data from N = 4387 participants in a German
longitudinal large-scale study in multiple regression and mediation models to examine
how childhood intelligence and socioeconomic background predict income and occupa-
tional status at different career stages. Both childhood intelligence and socioeconomic
background predict status and income in adulthood, with childhood intelligence being the
stronger predictor. However, education is an even stronger predictor and—once included
in the model—mediates virtually all effects of childhood intelligence and socioeconomic
background. This pattern remains stable across career stages, and education has unique
effects on income and occupational status in later work life, even when controlling for work
experience. Our results emphasize the pivotal role of education in transitioning to the labor
market and further development at work, even at later career stages. Given the stronger
link between childhood intelligence and educational success in Germany than in other
countries, we find that Germany is one of the more intelligence-driven systems.

Keywords: late childhood intelligence; socioeconomic background; quantity and qual-
ity of education; education as a mediator; socioeconomic success; lifespan perspective;
longitudinal study

1. Introduction
Modern society is based on the meritocratic promise that performance leads to success.

To assess whether this societal promise is kept or broken, scholars need to examine occupa-
tional success and how it is gained. What factors predict later occupational development
and lead to higher income and occupational status? Research on the prediction of income
and occupational status has been fragmentary and unsystematic (Hasl et al. 2019) in various
ways. Indeed, there is disagreement on which factors are the main drivers of later income
and occupational status. Many approaches have focused on childhood intelligence (Anger
and Heineck 2006; Sorjonen et al. 2012) and socioeconomic background (Schoon 2008) or a
combination of both (Hegelund et al. 2020; Settersten and Gannon 2005), as they seem to be
the most important drivers of occupational success. Studies in various countries have found
different effect sizes when relating predictors to later outcomes (Sorjonen et al. 2012; Zax
and Rees 2002). Recent results have also highlighted the crucial importance of education for
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later success. These results indicate that education partially mediates between childhood
intelligence, socioeconomic background, and later income and occupational status (Becker
et al. 2019; Becker and Tetzner 2021). Nevertheless, few studies have considered how
childhood intelligence, socioeconomic background, and education predict income and
occupational status at the same time.

It is furthermore unclear whether childhood intelligence, socioeconomic background,
and education predict income and occupational status homogeneously over time or to
what extent the prediction differs across the lifespan. Ganzach (2011) and Strenze (2007)
identified factors that could have differential influence at different stages in life. Later career
development could be driven by cognitive abilities, while the socioeconomic background
may offer resources that are especially useful at the beginning of the career. However,
many studies have focused on just two time points, such as school-related predictors of
middle-adulthood outcomes (Damian et al. 2016; Johnson et al. 1983; Lubinski et al. 2014;
Schoon 2010; Spengler et al. 2015), partially disregarding development across the lifespan
(see also Hasl et al. 2022; Settersten and Gannon 2005) or ignoring the important transition
to adulthood and entering the labor market (Bleidorn 2012; Buchmann and Kriesi 2011;
Hanushek et al. 2017).

We aim to clarify the extent to which childhood intelligence, socioeconomic back-
ground, and education predict income and occupational status and how the prediction
varies over time. We modeled (to our knowledge for the first time) the longitudinal effects
of socioeconomic background, cognitive ability, and education on two dimensions of later
occupational success at multiple time points in adulthood. Using a hierarchical step-by-step
procedure, we show the impact the inclusion of each factor has on the prediction of later
occupational success. We used school-related variables to predict income and occupational
status as dimensions of occupational success at three-time points: at entry into the job
market and then twice during adulthood (at the age of about 30 and 40 years). We used data
from Germany—which is exemplary for countries with specialized educational certificates
(Bol and van de Werfhorst 2013), and less researched than the US and the UK.

1.1. Predicting Occupational Success

Income and the prestige associated with occupational status are two paramount
indicators determining occupational success during adulthood (Fujishiro et al. 2010). To
understand how occupational success is attained and how it changes across the lifespan,
psychological and sociological research has used integrative theoretical models, particularly
human capital theory (Mincer 1958; Becker 2009), the Wisconsin model (Crouse et al. 1979;
Sewell et al. 1969), and theories developed from them (e.g., Credé and Kuncel 2008; Pfeffer
2011).

Human capital theory assumes that investments of resources are associated with occu-
pational (and thus economic) success (Sweetland 1996). These resources mainly stem from
an individual’s cognitive abilities, socioeconomic background, and education (Fitzsimons
2017). The relationship of invested resources to later success is straightforward: the more
resources invested, the more human capital is accumulated. As a result, individuals have a
high likelihood of success in the labor market. The Wisconsin model also identifies cogni-
tive abilities and socioeconomic background as core factors for later occupational success
but underscores the role of education in cognitive abilities and SES (Warren et al. 2002).
While cognitive abilities and socioeconomic background are assumed to have a direct effect
on occupational success (Bernardi et al. 2019; Conley and Gifford 2006), researchers see
education as a key link between cognitive abilities and socioeconomic background in youth
and success in later adulthood (Belley and Lochner 2007; Bozick et al. 2010; Morgan and
Kim 2006). Cognitive abilities and socioeconomic background have an impact on educa-
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tional attainment, and educational attainment has an impact on occupational performance
and success.

Contemporary research on longitudinal development focuses on these three core
factors that may influence later success. The first of these is an individual’s cognitive
abilities, which is a factor in both human capital theory and the Wisconsin model. The link
between cognitive abilities and later occupational success has received a lot of attention
(Brandt et al. 2021; Brown et al. 2021; Gottfredson 2003; Schmidt and Hunter 2004). Higher
cognitive abilities lead to better performance in assessments and job interviews and a higher
starting salary and job position (Anger and Heineck 2006; Bergman et al. 2014; Murtza et al.
2021; Shavit and Müller 2003). Furthermore, cognitive abilities and job productivity are
closely related (Murtza et al. 2021; Wai 2014); the higher the job productivity, the higher the
wages and the occupational position (Byington and Felps 2010). Therefore, productivity,
accumulated cognitive abilities, and the capability to use those skills at work are connected
to occupational success (Cunha and Heckman 2007). Cognitive abilities in adult life are
significantly influenced by childhood intelligence. While intelligence seems to remain
stable across adulthood, it is highly predictive of later occupational performance (Becker
et al. 2019; Bottenhorn et al. 2021; Lubinski et al. 2014). A meta-analysis showed that
childhood intelligence is a very strong predictor of later occupational success (e.g., size of
correlations/effect size), with significant correlations on both later occupational status and
income (Strenze 2007).

Socioeconomic background is regarded as a source of human capital and—as stated in
the Wisconsin model—a key factor in occupational status. The socioeconomic background
of an individual’s family can support or hinder them in attaining highly paid jobs and
prestigious occupational positions. Socioeconomically and socioculturally affluent parents
are likely to place their children in promising school environments and give them opportu-
nities in adult life (Cunha and Heckman 2007; Hegelund et al. 2020; Stumm and Plomin
2015). Even without direct action, affluent socioeconomic environments can offer valuable
prospects for further cognitive and non-cognitive development (e.g., parents can purchase
private lessons or supplemental coaching for underperforming children; Davis-Kean 2005).
While different studies have found a varying influence of socioeconomic background on
later occupational success (Deary et al. 2005; Judge et al. 2010; Spengler et al. 2018; Zax and
Rees 2002), they all consistently show a significant positive relationship between socioeco-
nomic background and later occupational success. The variation in effect sizes may partly
result from differential modeling of socioeconomic background—not all studies use latent
models of socioeconomic background (e.g., Zax and Rees 2002). Nevertheless, Strenze’s
(2007) meta-analysis shows that socioeconomic background was significantly correlated
with both later income and occupational status.

The third major predictor of occupational success, found in both human capital theory
and the Wisconsin model, is education. The Wisconsin model claims that high cognitive
abilities lead to better educational performance and educational success. Research also
indicates that the more capital is available, the more can be invested in education (and
indirectly to educational success) (Fitzsimons 2017; Maaz et al. 2014; Schulz et al. 2017).
In this way, cognitive abilities and socioeconomic background interact with educational
attainment and later educational outcomes (Deary et al. 2007; Georg 2009; Schneider and
Preckel 2017). Many studies view educational outcomes as indicators of socioeconomic
success (Strenze 2007), but past educational outcomes also influence both occupational
prestige and income (Ganzach 2011). There are various paths that seem relevant. Education
is an ongoing process of gaining human capital in terms of cognitive, psychological, social,
and economic resources (e.g., by gaining useful skills, abilities, and knowledge or even
establishing professional networks). The more human capital an individual can deploy, the
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greater the reward in terms of (occupational) success (Becker 2009; Heckman and Carneiro
2003). Young people also acquire certificates on their path through the educational system.
These educational certificates function as a signal for potential employers, directly affecting
later occupational position and income (“signal theory”, see: Arrow 1973; Spence 1973;
Konietzka and Hensel 2017).

Upon entering the job market, applicants have no record of productivity from previous
work experience. When recruiting, the potential employer estimates expected job produc-
tivity by screening the applicants’ educational certificates (Altonji and Pierret 2001). While
there is an ongoing discourse about the possibilities of empirically distinguishing between
the effects owing to signaling and human capital, there is a great deal of empirical evidence
to show that both effects exist and influence later occupational success (Huntington-Klein
2021). On a systemic level, relying on certificates as signals may lead to social closure
(Bills 2003), meaning educational certificates can limit access to highly paid and prestigious
occupational positions. Educational attainment and success are thus seen as a social sorting
mechanism—a theory known as the filter theory (Arrow 1973). From a merit point of view,
strict filtering can be problematic. In spite of actual cognitive and non-cognitive abilities,
a lack of appropriate certificates impedes potentially highly productive individuals from
reaching prestigious positions.

All three pathways suggest that differences in education lead to differences in income and
occupational status in later life and offer valuable insights into the underlying mechanisms
(Collins et al. 2019). Recent empirical findings confirm education is a mediator between
cognitive abilities, socioeconomic background, and later income and occupational prestige
(Becker et al. 2019; Bukodi et al. 2014; Marks 2015; Schoon 2008; Spengler et al. 2015).

1.2. Entering the Labor Market and Later Development in Income and Occupational Status Across
Working Life

A lifespan is a series of events, conditions, and roles that are causally connected
(Blossfeld 1989; DiPrete and Eirich 2006; Giele and Elder 1998; Mayer 2009; Wingens
2022). According to lifespan theory, each individual constantly develops self-agency and
becomes more independent from parental influence over time by establishing their own
social network (Gecas 2003). This implies that occupational success may be influenced by
differential factors at different stages of the lifespan and that the influence of childhood
intelligence, socioeconomic background, and education may vary across these stages. From
this lifespan perspective, we can identify two major differential stages of work life in early
and middle adulthood. Scholars have described them as the most important processes
for gaining and developing occupational success (Blossfeld 1989): the transition from an
educational to an occupational context upon entry into the labor market (Buchmann and
Kriesi 2011; Kerckhoff 2003) and the period following an individual finding their position
in the labor market (Baltes 1987; Heinz 2003; Mortimer et al. 2003). Both processes are
interrelated.

Entry into the labor market is a central transition in the individual life course (Bleidorn
2012; Buchmann and Steinhoff 2017; Hanushek et al. 2017). Childhood intelligence and
socioeconomic background influence the transition into the labor market. While cognitive
abilities assist performance in assessments and job interviews (Geißler 2018), parental
networks and personal connections can often surpass conventional application paths (Ba-
naszczuk 2017; Jacob and Klein 2013). Signaling theory demonstrates how educational
certificates also play a major role in the transition, as they serve as indicators of an indi-
vidual’s prospective productivity. Childhood intelligence and socioeconomic background
both influence educational success and certificates (Bottenhorn et al. 2021; Maaz et al. 2014;
Schneider and Preckel 2017; Stumm and Plomin 2015). Recent findings have shown strong
effects of education on occupational prestige and income at entry into the labor market
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(Forster et al. 2016; Hanushek et al. 2017; Liwiński and Pastore 2021; Schiener 2010). How-
ever, the extent to which childhood intelligence, socioeconomic background, and education
each contribute to the transition to the labor market is still under-researched.

Earlier career stages often determine how an individual’s working life will develop
(Blossfeld 1989), and income and occupational status usually increase in the course of a
career. Previous occupational status and income influence later status and income (Dannefer
2003; Hasl et al. 2022; Ludwig 1996). While only a few studies have examined different
periods of occupational success over time, there are some indicators that the change is not
homogenous; it varies across different stages in a career. Recent studies have discussed
three different approaches that could explain why change over time is not homogenous.

First, after labor market entry, the employer does not need to estimate productivity
but can evaluate the employee’s productivity directly and adjust the salary and job position
accordingly. Since cognitive abilities and productivity are interrelated, strong childhood
intelligence predicts later occupational success (Anger and Heineck 2006; Cawley et al. 2001;
Kramer 2009; Lin et al. 2016). Studies have shown that the influence of cognitive abilities
and socioeconomic background on occupational success varies across the individual life
course (Baltes 1987; Georg 2009; Settersten and Gannon 2005). Ganzach (2011) found a
major influence of socioeconomic background on occupational status and income at entry
into the labor market. Strenze (2007) and Ganzach (2011) found that cognitive abilities have
a growing influence on further progression at work, while the influence of socioeconomic
background declines across the lifespan.

Second, previous occupational status and income affect later occupational status and
income. Meritocratic theory states that occupational success emerges from productivity
(Weiss 1995), while productivity itself is seen as a realization of human capital (Becker
2009). If we combine human capital and merit theory, we would expect productivity to be
reciprocally related to occupational success. A steady source of human capital is derived
from the increasing experience and specialized work knowledge gained over time in a
position. This accumulated human capital leads to higher work productivity (Franz 2013).
In this way, income and occupational status may advance over time on an autoregressive
path; experience gained at work leads to higher productivity, and higher productivity
leads to higher income and occupational status. Studies have confirmed that the change in
income and occupational status aligns with productivity at work (Altonji and Pierret 2001),
but few studies have controlled for work experience itself.

Third, education affects occupational status and income at later stages in a career.
Competencies acquired by education are sources of human capital and also have a positive
effect on job performance and occupational success (Cunha and Heckman 2007; Heckman
and Carneiro 2003). Educational performance and the resulting educational success are
influenced by childhood intelligence and socioeconomic background (Bottenhorn et al.
2021; Deary et al. 2007; Schneider and Preckel 2017; the hypothesis of the Wisconsin model).
In this way, educational success, which is partly influenced by both childhood intelligence
and socioeconomic background, is one of the most important predictors of income and
occupational status, both at the start and later in a career. Therefore, education might
mediate the relationships between childhood intelligence, socioeconomic background, and
later occupational status. Becker et al. (2019) found that education overtakes predictive
power from childhood intelligence and socioeconomic background and predicts income and
occupational status even more prominently than childhood intelligence or socioeconomic
background as such. However, it is not known whether the influence of education on
income and occupational status remains steady over time. As work experience gains
importance over time, the influence of education on income and occupational status could
gradually weaken.
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1.3. Different National Contexts

Education systems and educational certificates vary between countries. Some coun-
tries have a broad and highly structured vocational education sector (DiPrete et al. 2017);
high vocational training leads to highly specific certificates (Hanushek et al. 2017). Re-
ferring to signal theory, the more specific the certificate, the easier it is to estimate an
individual’s prospective productivity in the specific job position, making the process of
matching potential employers and employees smoother (Gangl 2003; Konietzka and Hensel
2017). Therefore, it is easier to transition into the labor market in countries with highly
specific certificates (Becker et al. 2019; Sorjonen et al. 2012) than in countries with less
specific certificates (Shavit and Müller 2003). Specific certificates can more clearly predict
later performance in specific work tasks, making education a powerful predictor of change
at work in countries with specific certificates. Studies have found a major effect of education
and no effect of socioeconomic background in countries such as Germany and Sweden
(Bukodi et al. 2014; Bukodi et al. 2017).

In countries with less specific certificates, potential employers often use multiple
interviews and assessments to estimate the individual’s prospective productivity (Rothwell
and Lindholm 1999; Rothwell et al. 2025). Performance in those interviews and tests is more
important in the process of acquiring a job than just educational certificates (Heimann et al.
2021). Therefore, education is less predictive in those countries with less specific certificates
as they give no clear criteria for sorting people. Cognitive abilities or socioeconomic
background might drive actual work performance and predominate in determining a career
path. Studies in the UK and USA have shown a strong effect of childhood intelligence and
socioeconomic background on income and occupational status in later life (Rumberger
2010; Spengler et al. 2018; Zax and Rees 2002). We can thus hypothesize that education
will be more predictive in countries with highly specialized certificates than in countries
with less specialized certificates. However, most research still stems from systems with
low structuring (Bol and van de Werfhorst 2013). We still do not know if education is a
more powerful driver of occupational success than cognitive abilities and socioeconomic
background in countries with highly specialized certificates.

1.4. The Study

Previous research has shown that childhood intelligence, socioeconomic background,
and education influence later income and occupational status. However, research has
been unsystematic and partially contradictory. First, it is unclear to what extent childhood
intelligence, socioeconomic background, and education predict income and occupational
status at different stages in a career (Question 1). Second, it is unclear how the predictive
power of childhood intelligence, socioeconomic background, and education changes over
the different stages of a career (Question 2). Third, it is unclear to what extent preceding
income and occupational status fully predict later income and occupational status or if there
are any unique effects of childhood intelligence, socioeconomic background, and education
on income and occupational status in later work life beyond the preceding income and
occupational status (Question 3).

To answer these questions, we used data from the longitudinal study “Educational Ca-
reers and Psychosocial Development in Adolescence and Young Adulthood” (Bildungsver-
läufe und psychosoziale Entwicklung im Jugendalter und jungen Erwachsenenalter or
BIJU, Baumert et al. 1996). The BIJU study followed its participants from youth to the
age of nearly 40. These data provide insights into important stages in the progression
from late childhood to young adulthood and into adulthood itself. Our study proceeds
from the latest international research on individual progression from late childhood to
adulthood and expands it by systematically focusing on Germany. We examined income
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and occupational status across work life at three time points, with the first time point at the
entry to the labor market, the second at the age of 30, and the third at the age of nearly 40.

For each time point, we ran predictions on occupational status and income based
on late childhood intelligence, socioeconomic background, and education (Question 1).
According to human capital theory and the psychological view on individual differences
(Brandt et al. 2021; Brown et al. 2021; Judge et al. 2010; Spengler et al. 2018), we expected that
income, occupational status, and educational success would be related to intelligence and
socioeconomic background (Hypothesis 1.1). Considering recent findings, we expected
education to mediate between late childhood intelligence, socioeconomic background,
and later income and occupational status (Becker et al. 2019; Hasl et al. 2022; Karlson
and Birkelund 2019). In a direct comparison between models that include education as a
mediator and models that omit it, we expected that education would explain some effects
of socioeconomic background and childhood intelligence (Hypothesis 1.2) and would be an
even stronger predictor of later income and occupational status than childhood intelligence
and socioeconomic background (Hypothesis 1.3).

Focusing on changes across time points (Question 2), we addressed the changing
effects of childhood intelligence and socioeconomic background on later income and
occupational status (Hypothesis 2.1) as an open question. Following the signal/filter
theory, we expected to find strong effects of education on both income and occupational
prestige at entry into the labor market but also assumed no change or even a decline in the
influence of education across the lifespan (Hypothesis 2.2).

Addressing the third question of whether earlier income and status can completely
explain later income and occupational status (Question 3), we examined the unique effects
of cognitive abilities, socioeconomic background, and education after entry into the labor
market. Human capital theory suggests that all three predictors are factors for human capi-
tal that lead to higher productivity and, therefore, higher income and occupational status.
Accordingly, we assumed that even after modeling preceding income and occupational
status, significant unique effects of socioeconomic background, childhood intelligence, and
education would remain at each time point (Hypothesis 3.1).

2. Materials and Method
2.1. Sample

We used the dataset of the large-scale study “Educational Trajectories and Psychosocial
Development in Adolescence and Young Adulthood” (BIJU; Baumert et al. 1996). As part of
this study, data were collected in four German federal states: Berlin, Mecklenburg-Western
Pomerania, North Rhine–Westphalia, and Saxony–Anhalt. Data collection took place from
1991 (Wave 1: school years/12 years of age) to 2018 (Wave 8: working life/approx. 40 years
of age). We used data from Waves 7 and 8 to model three time points in working life. Time
point 1 contains retrospective information on career entry, and time points 2 and 3 contain
current information on working life at the ages of 30 and 40. We also used information on
childhood intelligence from Waves 1 and 2 and information on socioeconomic background
from Wave 4. As information on education was updated throughout the waves, we used
the latest available information for each individual.

At the start (Waves 1 and 2), the BIJU study comprised a sample of N = 8043. After
longitudinal dropouts, e.g., due to students changing schools or completing their school
career (Wave 4: N = 5386), the number of participants was increased to N = 8061 by
oversampling for the 5th wave. In Wave 7, at the age of just under 30 years, information is
available from N = 4130, and in Wave 8, at the age of just under 40 years, from N = 2687
participants. Panel mortality and sample selectivity are comparable with other longitudinal
large-scale studies (Spengler et al. 2018).1 Our analytical sample from the longitudinal



J. Intell. 2025, 13, 32 8 of 32

section of the BIJU study includes all individuals for whom addresses were available for
Wave 8 and who had provided information on income and occupational status for at least
one point in time. For the final sample, we used data from N = 4374 people, 37.1% of whom
were male. Further descriptive data are listed in Table 1.

Table 1. Sociodemographic information for the total sample and by gender (female-male).

Total (n = 4387) Female (n = 2730) Male (n = 1644)

n (%) n (%) n (%)

Region

West 2291 (52.4) 1393 (0.51) 898 (0.55)

Mean (SD) Mean (SD) Mean (SD)

Education

Educational Years 16.25 (2.81) 16.21 (2.78) 16.33 (2.86)

GPA educational diploma 4.58 (0.81) 4.58 (0.80) 4.57 (0.82)

GPA vocational diploma 3.22 (1.10) 3.18 (1.09) 3.29 (1.11)

Parental indicators

Occupational status
(father) 46.67 (13.08)

Occupational status
(mother) 46.52 (12.47)

Income

Job entry 7.34 (0.59) 7.29 (0.57) 7.43 (0.60)

Age 30 7.78 (0.64) 7.67 (0.63) 7.95 (0.61)

Age 40 8.05 (0.73) 7.87 (0.71) 8.33 (0.68)

Occupational status

Job entry 56.66 (19.11) 56.54 (18.10) 56.88 (20.77)

Age 30 59.78 (18.78) 59.33 (18.15) 60.53 (19.80)

Age 40 59.69 (18.49) 59.15 (18.12) 60.67 (19.14)

(SD) ∆Mean(f.-m.) (SD) (SD)

Latent measures

Childhood intelligence (2.11) −0.21 (2.10) (2.09)

Socioeconomic
Background (7.07) −1.48 (7.07) (6.98)

Note. West = federal states of former Western Germany. Educational Years = years of education, both general and
vocational, coded according to the CASMIN Index. GPA educational diploma = grade point average of highest
certificate in general education, rotated data with 6 as best grade. GPA vocational diploma = grade point average
of highest certificate in vocational education, rotated data with 6 as best grade. Occupational status = coded
according to ISEI-Index. Income = logarithmic transformation of monthly gross income. Occupational status
(father/mother) = coded according to the Treiman index (SIOPS). ∆Mean(f.-m.) = difference in means of latent
measures with means of male participants as reference.

The BIJU study was conducted in accordance with the APA guidelines for social
research. Participation in this study was voluntary. Written consent was obtained from
all subjects and their parents. The information from the first waves (1–4) was collected at
schools. Data from wave 5 were collected directly at schools or by post, depending on the
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level of educational participation. After the school period (Wave 6 and subsequent waves),
the survey was conducted by post. This study and all materials and procedures used were
approved by the ethics committee of the Max Planck Institute for Human Development
and the education ministries of the respective federal states (Baumert et al. 1996).

2.2. Instruments
2.2.1. Income and Occupational Status as Indicators of Occupational Success

Information on income and occupational prestige was taken from Wave 7 (2010) and
Wave 8 (2018). As well as information on actual occupational status and income, both
waves offer retrospective information on labor market entry. All data were self-reported by
the participants in the surveys.

Income and Occupational Status

We used information on monthly pre-tax income in euros (€). To avoid bias based on
extreme values and the distributional shape, we used a logarithmic transformation of income.
This is in line with related studies (Becker et al. 2019; Damian et al. 2016; Strenze 2007).

Occupational status was assessed by free text items and then coded according to the
2008 version of the International Standard Classification of Occupations (ISCO 2008-Index;
International Labour Office 2012). To obtain a metric score for occupational status, the
ISCO codes were then transformed according to the International Socio-Economic Index
of Occupational Status (ISEI-Index; Ganzeboom and Treiman 2003; Ganzeboom 2010).
The index ranges from 14.21 (=cleaner) to 88.96 (=judge), with 56.66 as the mean value at
job entry. The Data Processing Center (DPC, Hamburg) carried out ISCO coding and ISEI
transformation.

To give a practically relevant idea of the metric of both measures, a value of 7.34 at
job entry in logarithmized monthly pre-tax income corresponds to 1540 euros per month
pre-tax income (see Table 1). An ISEI-coded occupational status with values near 57 at
job entry represents a variety of occupations: nurse, general manager in a small business,
commercial agent, or legal clerk (see Ganzeboom and Treiman 2003)2.

2.2.2. Baseline Predictors
Socio-Economic Background

We modeled socioeconomic background from information on parents’ occupational
status and level of education. Information on occupational status was openly requested
from participants in Waves 1–5 and coded according to ISCO 88 (International Labour
Organization 1990). In our analyses, we used values recoded according to the ISEI index.
ISCO coding and transformation into ISEI values were carried out by the Center for
Surveys, Methods, and Analyses (Zentrum für Umfragen, Methoden und Analysen or ZUMA,
Mannheim). Detailed additional codes for occupation coding in Germany were considered
during coding (Geis and Körber 2011). Information on parents’ level of education included
the number of diplomas and higher education qualifications in the parental household. The
information from the mother and father was combined so that two pieces of information
on education in the parental household were taken into account, each ranging from 0
(neither parent has a high school diploma/university degree) to 2 (both parents have a
high school diploma/university degree). All indicators were used as indicators of a latent
socioeconomic background factor, meaning that the criteria of good model fit were met (see
Section 2.3, “Statistical Analyses”).

Childhood Intelligence

We operationalized late childhood intelligence via two subscales of the Cognitive
Capacity Test (Kognitiver Fähigkeitentest, or KFT 4–13+; Heller et al. 1985) and two subtests
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of the Intelligence Structure Test (IST; Amthauer 1955) from multiple time points in school
and modeled a latent factor. Both tests continue to be used in updated versions in Germany
(Amthauer et al. 2001; Heller and Perleth 2000; Liepmann et al. 2007) but have been
updated/reformed over the years since they were used in the early waves of BIJU. Since no
substantial adjustment was applied to the subtests we use, the recent updates to the tests
have no impact on our study. The reliability varied between subscales but not between time
points. The figural KFT resulted in Cronbach’s α = 0.91, and the verbal KFT a Cronbach’s
α = 0.82. The A and B versions of the IST spatial subscale resulted in Cronbach’s α = 0.68
and 0.74, respectively. Cronbach’s α for the numeric subscale of the IST was 0.90. The
four measurements were used as indicators of a latent intelligence factor, meaning that the
criteria of good model fit were met (see Section 2.3 Statistical Analyses).

2.2.3. Education as a Mediator

We used information on general and vocational education. The combined quantity of
general and vocational education was coded in weighted educational years, according to
the Comparative Analysis of Social Mobility in Industrial Nations index (CASMIN; König
et al. 1988). Information on education was gathered in every wave and updated throughout
this study. We used the most recent information for each individual. The average number
of educational years in our sample is M = 16.25 (SD = 2.81). We also used information
on the quality of educational success, GPAs, and the highest vocational diploma of each
individual.

2.2.4. Control Variables

Development in occupational status and income is multidimensionally influenced
by gender, immigration background, and local system-specific effects (Cheng 2014; Diehl
et al. 2016). We considered all three aspects. We controlled for immigration background
and local system-specific effects as dummy variables in all models. We controlled for data
origin from the federal states (0 = federal states of the former West Germany, 1 = “new”
East German federal states). To control for immigration background, we distinguished
between both parents having been born in Germany or at least one parent having been
born abroad (0 = no immigration background, 1 = immigration background). We also
modeled gender dichotomously (male, female) and calculated the models separately in the
subgroups (Table A1 in Appendix A).

2.3. Statistical Analyses

First, we addressed the extent to which childhood intelligence, socioeconomic back-
ground, and education predict income and occupational status at all three stages in work
life (Question 1), using correlations and regressions to examine the effects of the predictors.
The first time point is the individual’s entry into the labor market, and the second and
third time points are at age 30 and nearly 40. We regressed income and occupational
status directly on childhood intelligence and socioeconomic background at each time point
separately. Education was modeled as a mediator; income and occupational status are
predicted by education, while education itself is regressed on childhood intelligence and
socioeconomic background. In our regression models, we focused on the time points when
each predictor shows significant effects on income and occupational status (Hypothesis 1.1).
We contrasted models that only include late childhood intelligence (which we abbreviate
below as IQ) and socioeconomic background (which we abbreviate below as SEB) (see
Figure 1) with models that also include education quantity and quality as a mediator (see
Figure 2) to determine the impact of education above the smaller model (Hypotheses 1.2
and 1.3). Figure 1 shows the conceptual models in which we estimated the predictions of
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income and occupational success at job entry, age 30, and age 40 by childhood intelligence
and socioeconomic background.
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Figure 2 shows the conceptual models in which we estimated the prediction of income
and occupational status at job entry, age 30 and age 40, by childhood intelligence and
socioeconomic background, mediated by quantity and quality of education. The models in
Figures 1 and 2 differ with regard to the inclusion of the mediating effects: Comparing the
effects in both models shows the mediating effect of quantity and quality of education. If
we found a significant effect from childhood intelligence on income at age 30 in the Figure 1
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models but the same effect had no significance in the Figure 2 models, we assumed that
the (direct) effects found in the Figure 1 model had been explained by education in the
Figure 2 model. We interpret this as a mediation of effects between childhood intelligence
and income by education.

Second, we investigated how the predictive power of childhood intelligence, socioeco-
nomic background, and education changed over time (Question 2). We determined which
predictor showed the strongest effect on income and occupational status at each time point
(Hypothesis 2.1). We examined whether there were statistically significant changes to the
effects across the measured time points by using the chi-square difference test (X2 test). A
statistically significant change in effects between two time points indicated an increase or
decrease in the predictor’s influence (Hypothesis 2.2).

Third, we tested if former income and occupational status predict later income and
occupational status (Question 3). We established path models of income and occupational
status across the three time points, testing the income and occupational status stability
and adding socioeconomic background, cognitive abilities, and education at the latter
two time points. We regarded statistically significant effects of the predictors as unique
individual effects that directly affected the later changes in income and occupational status
over and above the effect of experience and performance at work (Hypothesis 3.1). Figure 3
shows the conceptual model used for the path models. The direct paths between income
and occupational status at job entry and age 30 and between age 30 and age 40 display
effects of an autoregressive development of income and occupational status across work
life. We assumed significant effects on the other (direct) paths of childhood intelligence,
socioeconomic background, and (mediated by) quantity/quality of education to be unique
effects on later income and occupational status (cf. Hypothesis 3.1).
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We modeled childhood intelligence and socioeconomic background as latent measures.
Both latent models fulfilled the criteria of good model fit (i.e., SRMR < 0.05, RMSEA < 0.05,
and CFI > 0.90; cf. Byrne 2012), with standardized root mean square residual (SRMR) = 0.02,
root mean square error of approximation (RMSEA) = 0.03, comparative fit index (CFI) = 0.99
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for the latent model of childhood intelligence, and SRMR = 0.02, and with RMSEA = 0.03
and CFI = 0.98 for latent socioeconomic factor.

We also checked whether income and occupational status could be modeled as a
combined latent outcome of occupational success. The test for measurement invariance
over time showed insufficient model fit on configural invariance. Therefore, we did not
model a combined latent measurement of occupational success and treated income and
occupational status separately as manifest outcomes.

We used Mplus version 8.6 (Muthén and Muthén 2017) to estimate all measurement,
regression, and path models (Full Mplus syntax is provided in the supplementary materials
information). All reported models met the criteria for good model fit (Byrne 2012). We
used data weights that accounted for the differential sampling probability of the stratified
sample (by federal state, type of school, and classes). Robust standard errors accounted for
the clustered sampling. Missing values were estimated via the full information maximum
likelihood procedure (FIML; see Graham 2009). All results are fully standardized.

3. Results
3.1. Predicting Income and Occupational Status at Different Stages in Work Life

Regarding the extent to which childhood intelligence, socioeconomic background,
and education predict income and occupational status at different stages in work life
(Question 1), we first present the absolute effects of each predictor on each outcome (Table 2).
Quantity of education (in years) showed a strong statistically significant correlation to
cognitive abilities (0.62) and socioeconomic background (0.43). We found statistically
significant correlations between childhood intelligence, socioeconomic background, and
quantity (years) and quality (GPA) of education with both income and occupational status
at every time point. Nevertheless, at each time point, the correlations of quantity of
education with income and occupational status were even stronger than the correlations
of childhood intelligence and socioeconomic background with income and occupational
status (confirming Hypothesis 1.1).

Table 2. Bivariate correlations incl. latent constructs (childhood intelligence and socioeconomic
background).

Constructs/Outcomes 1 2 3 4 5 6 7 8 9 10 11

1. Childhood intelligence

2. Socioeconomic
background 0.37 *

3. Income at job entry 0.28 * 0.17 *

4. Income at age 30 0.26 * 0.16 * 0.48 *

5. income at age 40 0.19 * 0.22 * 0.36 * 0.68 *

6. Occ. status at job entry 0.53 * 0.41 * 0.33 * 0.28 * 0.24 *

7. Occ. status at age 30 0.49 * 0.41 * 0.30 * 0.34 * 0.31 * 0.76 *

8. Occ. status at age 40 0.51 * 0.38 * 0.32 * 0.39 * 0.41 * 0.67 * 0.76 *

9. Educational years 0.62 * 0.43 * 0.35 * 0.35 * 0.35 * 0.60 * 0.64 * 0.67 *

10. GPA general education 0.38 * 0.21 * 0.16 * 0.19 * 0.19 * 0.25 * 0.23 * 0.27 * 0.23 *

11. GPA vocational
education 0.36 * 0.22 * 0.26 * 0.21 * 0.19 * 0.23 * 0.28 * 0.32 * 0.39 * 0.29 *

12. gender (1 = female) −0.06 −0.10 * −0.12 * −0.27 * −0.33 * 0.05 −0.02 −0.02 −0.07 * 0.02 −0.01

Note. Childhood intelligence = late childhood intelligence measured by two subdimensions of KFT and IST-test,
latently modeled. Socioeconomic background = socioeconomic background measured by parental occupational
status and education, latently modeled. Income = logarithmic transformation of monthly gross income. Occ.
status = occupational status coded according to ISEI-Index. Years of education = years of education, both general
and vocational, coded according to CASMIN-Index. GPA general education = GPA of the highest educational
certificate. GPA vocational education = GPA of highest vocational certificates. * p < 0.05.
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To further explore the conjoint relations, we used multivariate regression models
to predict income and occupational status by childhood intelligence and socioeconomic
background. Table 3 shows the results of these multivariate regressions (cf. Figure 1), with
β representing the standardized effect of the predictors (left column: Child. intel. and
Soc. background) on the outcomes at the respective time points (left column: Job entry,
Age 30 and Age 40). For income, childhood intelligence and socioeconomic background
had a statistically significant effect at job entry and age 30. Childhood intelligence (entry:
β = 0.21, age 30: β = 0.21) was a more powerful predictor than socioeconomic background
(entry: β = 0.12, age 30: β = 0.09). However, at age 40, only socioeconomic background
had a statistically significant effect on income (age 40: β = 0.17). For occupational status
(Table 3, Occ. Status), statistically significant effects of both predictors were evident at all
time points; cognitive abilities (entry: β = 0.42, age 30: β = 0.38, age 40: β = 0.41) were
more predictive than socioeconomic background (entry: β = 0.25, age 30: β = 0.27, age 40:
β = 0.22).

Table 3. Multivariate regressions of income and occupational status on childhood intelligence and
socioeconomic background.

Income Occ. Status

β [95% CI] β [95% CI]

Lower Upper Lower Upper

Job entry

Child. intelligence 0.21 * 0.12 0.30 0.42 * 0.35 0.48

Soc. background 0.12 * 0.02 0.21 0.25 * 0.18 0.31

R2 0.10 0.32

Age 30

Child. intelligence 0.21 * 0.13 0.30 0.38 * 0.31 0.46

Soc. background 0.09 * 0.01 0.17 0.27 * 0.19 0.34

R2 0.08 0.30

Age 40

Child. intelligence 0.12 −0.01 0.23 0.41 * 0.32 0.50

Soc. background 0.17 * 0.09 0.25 0.22 * 0.13 0.31

R2 0.06 0.29

Note. Child. intelligence = late childhood intelligence measured by two sub dimensions of KFT and IST test,
latently modeled. Soc. background = socioeconomic background measured by parental occupational status
and education, latently modeled. Occ. status = occupational status coded according to ISEI-Index. Income =
logarithmic transformation of monthly gross income. * p < 0.05.

While most correlations were significant, the standardized effects were between small
and medium (Brydges 2019). Even small (differences in) effects can have a large impact on
an individual’s life—we used a logarithmized transformation of income and ISEI-coded
information on occupational status. The effect of β = 0.21 of childhood intelligence on
income at job entry was a difference of 13% per SD in childhood intelligence. On the basis
of 1540 euros mean pre-tax monthly income at job entry (logarithmized value 7.34, see
Table 1), this meant an additional 200 euros per SD for childhood intelligence. The effect
of β = 0.42 for childhood intelligence on occupational status represented a difference of 8
points on the ISEI-Index per SD of childhood intelligence. Taking the example of the mean
value of occupational status of 57 (legal clerk or commercial agent), an additional 8 points
would lead to a value of 64 (detective inspector or municipal consultant).

Next, we explored the extent to which these results changed once quantity and quality
of education were added to the regression models (Hypotheses 1.2 and 1.3). Table 4
informs about the multivariate regressions of income and occupational status on childhood
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intelligence, socioeconomic background, and education as a mediator (cf. Figure 2). All
cells, except for the rows for R2, contain the standardized effects (β) of the predictors (listed
in the left column) on the outcomes (listed in the top row) at the different time points (left
column). As shown in Table 4, we found significant effects of late childhood intelligence on
quantity and quality of education (Education in years: β = 0.54, GPA general education:
β = 0.38, GPA vocational education: β = 0.41), while socioeconomic background only
had significant effects on the quantity of education (Education in years: β = 0.24). For
both income and occupational status, the effects of quantity of education were statistically
significant at all time points (Table 4). The effects of socioeconomic background and
cognitive abilities were smaller (which means they were partially mediated by education)
or not significant (which means they were fully mediated) once quantity and quality of
education were included in the prediction, confirming Hypothesis 1.2. Education mediated
all the effects of socioeconomic background and late childhood intelligence on income.
Furthermore, quantity of education was more predictive for occupational status (entry:
β = 0.39, age 30: β = 0.50, age 40: β = 0.55) than income (entry: β = 0.24, age 30: β = 0.28, age
40: β = 0.32). Compared with socioeconomic background and late childhood intelligence,
education was the most powerful predictor for occupational status and income at all time
points, confirming Hypothesis 1.3.

Table 4. Multivariate regressions of income and occupational status on childhood intelligence,
socioeconomic background, and education as a mediator.

Education Income Occ. Status

Education (Years) GPA gen. edu. GPA voc. edu.

Education

Child. intelligence 0.54 * 0.38 * 0.41 *

Soc. background 0.24 * 0.05 0.07

Job entry

Child. intelligence 0.05 0.25 *

Soc. background 0.03 0.17 *

Education years 0.24 * 0.39 *

GPA gen. edu. 0.06 0.06

GPA voc. edu. 0.06 −0.10 *

R2 0.13 0.42

Age 30

Child. intelligence −0.01 0.11 *

Soc. background −0.01 0.15 *

Education years 0.28 * 0.50 *

GPA gen. edu. 0.12 * 0.04

GPA voc. edu. 0.06 −0.01

R2 0.13 0.45

Age 40

Child. intelligence −0.13 0.09

Soc. background 0.06 0.09 *

Education years 0.32 * 0.55 *

GPA gen. edu. 0.15 * 0.07 *

GPA voc. edu. 0.06 0.03

R2 0.14 0.48

Note. Values represent standardized effects (β). Child. intelligence = Late childhood intelligence measured
by two sub dimensions of KFT and IST test, latently modeled. Soc. Background = Socioeconomic Background
measured by parental occupational status and education, latently modeled. Occ. status = occupational status
coded according to the ISEI Index. Income = Logarithmic transformation of monthly gross income. Education
years = Years of education, both general and vocational. GPA gen. edu. = GPA of the highest educational
certificate. GPA voc. edu. = GPA of highest vocational certificates. * p < 0.05.
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3.2. Changes in the Predictions over Time

We addressed the second question as to whether the predictive power of late childhood
intelligence, socioeconomic background, and quantity and quality of education on income
and occupational status changed over time (Question 2) by testing the change in effects.
Results from our regression analyses (Table 4) suggested that the predictive power of
cognitive abilities, socioeconomic background, and education varied across different time
points.

Addressing the topic of whether there was a change in the effects of late childhood
intelligence and socioeconomic background on later occupational success (Hypothesis
2.1) and whether there was no change or even a decline in the effects of education on
occupational success over time (Hypothesis 2.2), we used chi-square difference tests (X2 test)
to evaluate whether the effects of late childhood intelligence, socioeconomic background
and education changed over time (by freely estimating the parameters) or remained stable
across time (by constraining the parameters to be equal across time). Table 5 shows the
results of the X2 tests for changes in the effects of intelligence, socioeconomic background,
and quantity and quality of education for predicting income and occupational status across
time in the mediation models shown in Table 4. If the p-value was > 05 we assumed that the
models with β constrained to be equal across the time points significantly differed from the
reference models where β was estimated freely. Based on a significant X2 test, we assumed
the change in effects across the time points (reported in Table 4) was statistically significant.

Table 5. X2 tests for changes in the effects of intelligence, socioeconomic background, and quantity
and quality of education for predicting income and occupational status across time.

β Estimated Freely
(Reference Model) β Constrained to Be Equal p-Value

X2 Value df Scaling Factor X2 Value df Scaling Factor

Income

Reference Model 288.06 66 2.37

Test on parameter equality for. . .

Child. intelligence 292.01 68 2.36 0.20

Soc. background 291.01 68 2.38 0.21

Education years 294.02 68 2.37 0.06

GPA gen. edu. 293.58 68 2.36 0.09

GPA voc. edu. 285.53 68 2.39 0.09

Occupational Status

Reference Model 260.20 66 2.51

Test on parameter equality for. . .

Child. intelligence 265.74 68 2.52 0.06

Soc. background 262.38 68 2.52 0.21

Education years 281.30 68 2.50 <0.01 *

GPA gen. edu. 261.43 68 2.51 0.58

GPA voc. edu. 273.12 68 2.51 <0.01 *

Note. Reference model: all parameters freely estimated. Child. intelligence = late childhood intelligence measured
by two sub dimensions of KFT and IST test, latently modeled. Soc. background = socioeconomic background
measured by parental occupational status and education, latently modeled. Occupational status = occupational
status coded according to ISEI-Index. Income = logarithmic transformation of monthly gross income. Education
years = years of education, both general and vocational. GPA gen. edu. = GPA of the highest educational
certificate. GPA voc. edu. = GPA of highest vocational certificates. * p < 0.05.

Given the six tests, two of the comparisons indicated a statistically significant change
from the more parsimonious model to the model with freely estimated parameters. Neither
the effects of late childhood intelligence nor socioeconomic background on income or
occupational status significantly changed over time (Hypothesis 2.1). While we found a



J. Intell. 2025, 13, 32 17 of 32

statistically significant increase in the effect of education on occupational status, the effect
of education on income did not change over time (Hypothesis 2.2), partially confirming
Hypothesis 2.2 on the effect of education remaining stable over time.

3.3. Path Models

In the last step, we focused on whether foregoing income and occupational status
completely predicted later occupational status and income, whether earlier career changes
mediated the effects of late childhood intelligence, socioeconomic status, and education,
or whether the latter had remaining unique effects on income and occupational status
at time points beyond earlier career stages (Question 3). Table 6 shows the results for
multivariate regressions of income and occupational status on autoregressive paths.3 The
values for β represent the standardized effects of the predictors (listed in the left column)
on the outcomes (listed in the top row). The effects listed as autoregressive paths can be
interpreted similarly, as shown in Section 3.1. With a mean pre-tax monthly income of
about 2390 euros at age 30 (logarithmized value = 7.78; see Table 1), a higher income at job
entry by one SD would indicate about an additional 860 euros income at age 30. Therefore,
the effect of β = 0.47 represented a difference of 36% at age 30 per SD income at job entry.

Table 6. Multivariate regressions of income and occupational status on autoregressive paths.

Income Occupational Status

β [95% CI] β [95% CI]

Lower Upper Lower Upper

Autoregressive paths

Age 30 on job entry 0.47 * 0.41 0.53 0.76 * 0.73 0.79

R2 0.22 0.58

Age 40 on age 30 0.65 * 0.59 0.71 0.79 * 0.75 0.83

R2 0.42 0.62
Note. * p < .05.

Results of the baseline autoregressive path model (Table 6) show that prior occupa-
tional status and income were strong predictors for later income (age 30: β = 0.47, age 40:
β = 0.65) and occupational status (age 30: β = 0.76, age 40: β = 0.79).

Table 7 informs about the multivariate regressions of income and occupational status
on childhood intelligence, socioeconomic background, education as a mediator, and autore-
gressive paths (cf. Figure 3). All cells, except for the rows for R2, contain the standardized
effects (β) of the predictors (listed in the left column) on the outcomes (listed in the top row)
at the distinctive time points (left column). Even in these extended models, which take late
childhood intelligence, socioeconomic background, and quantity and quality of education
(Table 7) into account, the autoregressive path effects remain the strongest predictors of
income (age 30: β = 0.37, age 40: β = 0.58) and occupational status (age 30: β = 0.59, age 40:
β = 0.54).4

However, prior occupational success did not entirely explain later success, as statisti-
cally significant effects of quantity of education remained for both income and occupational
status at all time points. In addition, the quality of general education had statistically
significant effects at age 30 and 40 on income but not on occupational status. Compared
with the regression models without path effects, the standardized effects of education on
both income and occupational status were smaller. Socioeconomic background also has a
minimal unique effect on occupational status at age 30 (β = 0.05). Based on our findings; we
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partially dismissed Hypothesis 3.1 that all predictors have unique effects on both income
and occupational status at the time points beyond job entry.

Table 7. Multivariate regressions of income and occupational status on late childhood intelligence,
socioeconomic background, education as a mediator, and autoregressive paths.

Education Income Occ. Status

Education
(Years)

GPA gen. edu. GPA voc. edu.

Education

Child. intelligence 0.54 * 0.38 * 0.41 *

Soc. background 0.24 * 0.05 0.07

Job entry

Child. intelligence 0.05 0.26 *

Soc. Background 0.03 0.18 *

Years in education 0.25 * 0.37 *

GPA gen. edu. 0.06 0.05

GPA voc. edu. 0.07 −0.10 *

R2 0.14 0.43

Age 30

Child. intelligence −0.01 −0.04

Soc. background −0.02 0.05 *

Education years 0.18 * 0.28 *

GPA gen. edu. 0.10 * 0.01

GPA voc. edu. 0.03 0.05

Autoregressive path 0.37 * 0.59 *

R2 0.32 0.64

Age 40

Child. intelligence −0.13 0.08

Soc. background 0.07 0.02

Education years 0.16 * 0.26 *

GPA gen. edu. 0.07 * 0.04

GPA voc. edu. 0.03 0.02

Autoregressive path 0.58 * 0.54 *

R2 0.51 0.65
Note. Values represent standardized effects (β). Child. intelligence = Late childhood intelligence measured
by two subdimensions of KFT and IST test, latently modeled. Soc. Background = Socioeconomic Background
measured by parental occupational status and education, latently modeled. Occ. status = occupational status
coded according to the ISEI Index. Income = Logarithmic transformation of monthly gross income. Education
(years) = Years of education, both general and vocational. GPA gen. edu. = GPA of the highest educational
certificate. GPA voc. edu. = GPA of highest vocational certificates. * p < 0.05.

We again used chi-square difference tests (X2 test) to test whether the effects change
or remain stable over time. Table 8 shows the results of the X2 tests for changes in effects
of intelligence, socioeconomic background, quantity and quality of education, and autore-
gressive paths for predicting income and occupational status across time in the mediation
models shown in Table 7. Values in Table 8 should be interpreted in the same way as in
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Table 5: a p-value > 0.05 shows that the change in effects across time that was implied in
Table 7 was statistically significant. In our path models, we found a statistically significant
decrease in the effect of education on occupational status over time. While this again
confirmed Hypothesis 2.2 that there would be no change or even a decline in the effects
of education over time, education remained the only significant predictor at the later time
points. Overall, we found no changes in the effects on income over time.

Table 8. X2 tests for changes in effects of intelligence, socioeconomic background, quantity and quality
of education, and autoregressive paths for predicting income and occupational status across time.

β Estimated Freely
(Reference Model) β Constrained to Be Equal p-Value

X2 Value df Scaling
Factor X2 Value df Scaling

Factor

Income

Reference model 290.23 67 2.36

Test on parameter equality for. . .

Child. intelligence 294.20 69 2.35 0.20

Soc. background 291.84 69 2.37 0.21

Education years 290.82 69 2.36 0.64

GPA gen. edu. 291.86 69 2.35 0.70

GPA voc. edu. 289.09 69 2.38 0.74

Occupational
Status

Reference Model 272.40 67 2.52

Test on parameter equality for. . .

Child. intelligence 286.57 69 2.55 >0.01 *

Soc. background 285.52 69 2.52 >0.01 *

Education years 269.65 69 2.60 0.27

GPA gen. edu. 273.04 69 2.53 0.51

GPA voc. edu. 285.20 69 2.54 >0.01 *
Note. Reference model: all parameters freely estimated. Child. intelligence = late childhood intelligence measured
by two sub dimensions of KFT and IST test, latently modeled. Soc. background = socioeconomic background
measured by parental occupational status and education, latently modeled. Occupational status = occupational
status coded according to ISEI-Index. Income = logarithmic transformation of monthly gross income. Education
years = years of education, both general and vocational. GPA gen. edu. = GPA of the highest educational
certificate. GPA voc. edu. = GPA of highest vocational certificates. * p < .05.

4. Discussion
In this study, we investigated the differential importance of late childhood intelligence,

socioeconomic background, and education for occupational success across the lifespan and
particularly the extent to which these effects change over time. We also tested the extent
to which individuals’ later careers can be predicted by their initial status at job entry or
whether other predictors (intelligence, socioeconomic background, and education) remain
important. The results show that both late childhood intelligence and socioeconomic
background predict occupational status and income in adulthood. However, education is
the strongest predictor of income and occupational status and mediates virtually all of the
effects of intelligence and socioeconomic background. The effect pattern remains relatively
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homogenous across a career. Furthermore, the effect of education is the only unique factor
beyond earlier career status. Once earlier career stages are controlled for, the unique effects
of education on income do not decrease over time but are persistently significant, even at
the age of 40 and far into working life.

Before discussing our results, it is important to note that even small differences in
the logarithmized income and occupational status values can have a significant impact on
an individual’s life. For example, a value of 7.34 as compared with a value of 7.78 in the
logarithmized monthly pre-tax income (the difference between the mean at job entry and at
age 30, see Table 1) corresponds to an increase from 1540 to 2392 euros in monthly pre-tax
income. A change in ISEI-coded occupational status from 57 to 60 would mean a change
from a commercial agent or legal clerk to a human resources consultant (see Ganzeboom
and Treiman 2003). Similarly, even small or medium effects can have a great impact on an
individual life. The difference of 200 euros pre-tax income per SD childhood intelligence
at job entry5 amounts to 2400 euros per annum—about one and a half times the mean
monthly pre-tax income.

4.1. Education as the Main Predictor of Income and Occupational Status

Our findings that late childhood intelligence and socioeconomic background correlate
with and predict later occupational status and income at all career stages are in line with
previous international research (Johnson et al. 1983; Brown et al. 2021; Hasl et al. 2019). In
terms of predicting occupational status and income, childhood intelligence shows greater
effects than socioeconomic background. These results are in line with those from other
continental European countries (Sorjonen et al. 2012; Strenze 2007) and some findings from
the UK (Spengler et al. 2018), but they differ from many other findings from the UK and the
US, where the predictive power of socioeconomic background is equal to or even surpasses
the predictive power of intelligence (Deary et al. 2005; Dubow et al. 2006; Rumberger 2010;
Schoon 2008; Zax and Rees 2002).

As additional predictors, the quantity and quality of education mediate the effects of
the other predictors and have the largest effect. This is in line with previous findings; Zax
and Rees (2002) showed that education overtakes the effects of cognitive abilities on later
income. Similarly, von Stumm et al. (2010) and Becker et al. (2019) found that education is
the core mediator that mediates all effects between socioeconomic background, cognitive
abilities, and later occupational outcomes. Spengler et al. (2015) found socioeconomic
background to be less predictive (but still statistically significant) when education was
included. Our findings are consistent with both human capital theory and the Wisconsin
model of status attainment. Childhood intelligence, socioeconomic background, and
education have an impact on later occupational success, and education is a key link between
childhood intelligence, socioeconomic background, and later success.

Our data stem from Germany, a country where vocational education leads to highly
specialized educational certificates. Our finding that education is the strongest predictor of
job entry is in line with Bills (2003); it is likely that those specialized certificates assist in
making good matches between employers and employees. We hypothesized that education
would be a key factor in successfully obtaining a job but that cognitive abilities should have
a greater effect on subsequent progression at work, with education losing its importance.
Our findings do not support this hypothesis; the persistent predictive power of education
across later life and the decline in the effects of cognitive abilities indicate that education
accurately represents the skills, abilities, and knowledge needed to perform at work. The
filtering according to educational signals at job entry leads to good fits between employers
and employees. However, even later in a career, educational signals remain important, as
further changes in occupational position and pay are mainly affected by education. This
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finding means Germany differs from many other countries with less specific certificates,
such as the UK and USA. In line with Chevalier (2021) and Liu and Esteve (2021), in
those countries, educational certificates seem to be less informative regarding skills and
abilities, which is reflected in a rougher transition from education to work life. Bol and
van de Werfhorst (2013) and Ganzach (2011) showed that cognitive abilities have persistent
predictive power for income and occupational status in countries with less specialized
educational certificates. In countries with highly specialized certificates, this is replaced
and mediated by education.

4.2. Change Across Time

Second, we addressed the change over time in the predictive power of late childhood
intelligence, socioeconomic background, and education. Our findings that there is no
change in the effects of childhood intelligence and socioeconomic background are not in
line with Ganzach (2011), who reported an increase in the importance of intelligence over
time. This is likely due to a better matching in the filtering process at job entry in Germany.
As Solga (2012) and Bol and van de Werfhorst (2013) have shown, education distributes
occupational positions and further development, and in Germany, the certificates are rela-
tively specific. In line with signal and filter theory, education is the single most important
predictor of income and occupational status across all time points, with stable effects on
income and even statistically significant increasing effects on occupational status over time.

These results are in line with findings from recent lifespan research (see Becker et al.
2019; Hasl et al. 2022; Karlson and Birkelund 2019) and underline the pivotal role of
education as a mediator between childhood intelligence, socioeconomic background, and
later job progression in Germany. Because of Germany’s track system, we attribute the
role of education (as the main mediator to educational success) to its origins in childhood
intelligence (especially in Germany). In this way, education itself contains the effects
of cognitive abilities on later occupational status and income. Therefore, the pattern of
education’s relatively stable effects on income and even increasing effects on occupational
status reflects the hypothesized effects of intelligence observed in countries with less
specialized educational certificates (Ganzach 2011).

4.3. Unique Effects on Income and Occupational Status After Job Entry

Finally, we checked how much previous income and status predict later income and
status and if, in addition to these autoregressive career paths, the other predictors have
unique effects on income and status. In line with Ng et al. (2005) and Shambrook et al.
(2011), previous income and status (i.e., work experience) are the strongest predictors of
later occupational success. In addition to the autoregressive development of occupational
status and income, education shows persistent unique effects at later time points. Gen-
erally, the matching that occurs in Germany’s filtering process tends to lead to a good fit
between employee and career (see also Bol and van de Werfhorst 2013). In our results,
the allocation of new entrants to certain jobs and further careers is good but not perfect,
as some corrections in later career paths occur. On the one hand, these findings support
reasoning based on the filter/signal theory, as education is highly relevant for entering the
labor market and remains predictive for later corrections, underscoring the importance of
education in Germany. On the other hand, according to the theory of social closure (Weber
[1921] 1980), the persistent importance of education could be a limiting factor for those
who perform well at work but are not successful in gaining educational credentials. More
open systems may be better, for instance, by allowing corrections based on performance
indicators beyond education.
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4.4. Practical Implications

In modern societies, merit theory promises that good performance leads to success.
Therefore, these results should be assessed on the assumption that every effect on later
success from sources other than cognitive abilities accumulated directly or indirectly by
education should be seen as a threat to the merit promise (Daniels 1978). Various models
have shown some effects of socioeconomic background, but the effects are rather small,
not systematically found across income and occupational status, and not persistent over
time. However, the findings indicate that there is something more than just performance
and experience that impact our success and, as the OECD repeatedly pointed out in
their “Trends Shaping Education” series, policy makers should not ignore inequality
of educational opportunities for success (OECD 2013, 2016b, 2019). Given the key role
of education and its important impact on later life, policies should aim to minimize the
influence of socioeconomic advantage, at least when it is a unique effect and not confounded
with other competencies. Our findings suggest that in countries with highly specialized
certificates, such as Germany, education is the core path to economic success; this holds for
children from different socioeconomic backgrounds. This might be relevant to the current
international policy agenda of integrating social-emotional learning in the classroom (OECD
2024). Education enhances both students’ cognitive abilities and noncognitive abilities (e.g.,
self-efficacy and collaboration). Scholars have also underscored how those noncognitive
abilities matter for occupational success (Cunha et al. 2006). Our results show that, at least
in countries with highly specialized certificates, integrating social-emotional learning in the
classroom might be a meaningful investment for policymakers to reduce social inequality.

4.5. Strengths and Limitations

The main strengths of this study are its extensive longitudinal data from the BIJU
study and the substantial sample sizes, even in the most recent waves. The information
used in this study spans the seventh grade in school to the age of 40, offering a unique
perspective on occupational success and its development from job entry to later career
stages. Most previous studies have either focused separately on intelligence, socioeconomic
background, or education as predictors (Anger and Heineck 2006; Gutman and Schoon
2016) or on the prediction of one time point in later work life (Damian et al. 2016; Strenze
2007). Based on recent findings (Becker et al. 2019), we modeled the quantity and quality
of education as a mediator of intelligence, socioeconomic background, and later income
and occupational status. Having multiple indicators for late childhood intelligence and
socioeconomic background allowed us to use a latent variable modeling approach.

Nevertheless, as in all studies, some limitations have to be considered. First, these
data stem from just four of the sixteen German federal states (Berlin, Mecklenburg-Western
Pomerania, North Rhine–Westphalia, and Saxony–Anhalt) and may, therefore, not be
representative of Germany in general. The effects of the federal states were controlled for
in all reported models. Since the educational system in Germany is structured federally, the
extent to which the results generalize to the federal level remains an open question. For the
cohort that we analyzed, no further dataset connecting youth and adulthood is available.
However, in the future, some further evidence could be obtained for later cohorts with data
from the National Educational Panel Study (NEPS; Blossfeld et al. 2011).

Second, because BIJU data were collected over nearly 25 years, this study suffered
participation dropouts comparable to other large-scale longitudinal studies (see: Spengler
et al. 2015; Stumm et al. 2010). Over time, more female participants responded (Becker et al.
2019). We controlled for gender by separately estimating our models in a female/male multi-
group analysis. The main patterns of autoregressive paths and unique effects of education
on occupational success remain, even at later time points (see Appendix A, Table A1). In
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the female subsample, we found some stronger effects of socioeconomic background and
quality of education. These differential effects could be related to differential influences in
male and female careers—e.g., by occupational sectors, family responsibilities, differential
investment in specific domains, or general gender roles—but further inquiry is required.
Nevertheless, in our sample, dropout is slightly positively selective for participants with
high scores of socioeconomic background and cognitive abilities. For this reason, our data
may underrepresent male participants who are less educated and have lower incomes.

Third, while our data covers key stages of the individual lifespan, such as educational
success and transition into the labor market, it only reaches the age of 40. Further changes
in income and occupational status may still occur after our last time point. Especially
highly educated people with late entry into the labor market could further improve their
salary and occupational status in later life by achieving positions that are highly prized but
seldom achieved and restricted to holders of particular credentials—e.g., professorships in
academia. The reported unique effects of education could even increase at later time points.

Fourth, the information used for our latent measurement of childhood intelligence
stems from a rather short period of time in late childhood. While Bottenhorn et al. (2021)
found evidence that intelligence is stable across adulthood, some findings point out that
intelligence may not be a completely stable trait (Deary et al. 2013). While our dataset did
not allow us to accomplish this, further investigations on the prediction of later occupational
success could consider information on cognitive abilities at all possible time points, at least
while the participants are in education.

Last, occupational success was partly explained by intelligence, socioeconomic back-
ground, and education, while the reported models explain between 0.14 and 0.51 of the
variances in income (which is moderate to strong according to Cohen 1988) and between
0.43 and 0.65 of the variances in occupational status (which is strong according to Cohen
1988, there is still substantial variance in both dimensions of occupational success left
unexplained by intelligence, socioeconomic background, education and autoregressive
progression (see Table 7)). One important aspect that could further explain occupational
success could be labor market segregation (Holbrow 2022). For example, working in
research and development is rewarded differently in Science, Technology, Engineering
and Mathematics (STEM) related occupational sectors (such as mechanical engineering)
to sectors related to humanities (such as linguistic research). In addition, labor market
dynamics could further have an effect on occupational success (Cheng 2014). For example,
parenthood and parental leave can restrict the acquisition of work experience and thus
restrict salary development (Sieppi and Pehkonen 2019). Discrimination in the labor market
could also affect the mediating role of education, e.g., through different assessments of the
same educational certificates for men and women.

5. Conclusions and Outlook
Our research contributes to the lifespan perspective on education and differential

development of occupational success, covering central questions on intelligence, social
background, and, ultimately, meritocracy in general. By using data from a highly struc-
tured country and across multiple time points in work life, we have expanded research
to a national and temporal context that has received little attention. As we used measure-
ments of childhood intelligence, socioeconomic background, and education that aim to
be independent of national contexts, the results are highly comparable with results from
other countries. Our findings are partially in line with meritocratic claims, as above all,
intelligence—along with the associated educational success and prior occupational status—
explains later occupational success. Addressing the importance of cognitive abilities and
socioeconomic background for development in later life, our findings, based on latent
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models of childhood intelligence and socioeconomic background, depict Germany as a
more intelligence-driven system. These findings contrast many other findings, mainly from
the US (e.g., Dubow et al. 2006; Judge et al. 2010; Zax and Rees 2002). The pattern we found
in Germany resembles more meritocratic intelligence patterns found in Northern European
countries (see, e.g., Betthäuser et al. 2021; Sorjonen et al. 2012), which are considered to be
more egalitarian countries. This is a sharp contrast to studies covering schooling—such as
the Programme for International Student Assessment (PISA; OECD 2016a) or Progress in
International Reading Literacy Study (PIRLS/IGLU; Bos et al. 2007; McElvany et al. 2023)—
in which Germany tends to be seen as a rather unjust system (see, e.g., Chmielewski and
Reardon 2016). Bol and van de Werfhorst (2013) conducted an international comparative
study of school and transition issues indicating something similar—school and life-span
indicators can substantially differ (see also Cortina 2015).

Furthermore, the German vocational educational system is unique in producing highly
specific certificates that ease the transition into the labor market; this is also reflected in the
rather high mediation via education. As the Programme for the International Assessment of
Adult Competencies (PIAAC; Rammstedt et al. 2013) indicates, it could be very informative
to compare our findings directly to countries with less specific vocational education (see
also Bol and van de Werfhorst 2013). We would assume that education has lower predictive
power and serves less as a mediator in those countries and that cognitive abilities and
potentially social background have higher direct predictive power.

Overall, since studies such as PIAAC or PISA mainly focus on work life or school
years, it is desirable for further longitudinal studies to consider the whole life course,
from school years to the transition into tertiary education and job entry, and onward to
further development in later (working) life. This would offer a necessary view on the long-
term educational effects, not only on occupational success but on individual development,
further shaping our understanding of the importance of intelligence and the emergence
of social disparities across the lifespan in meritocratic societies. In addition, investigating
the influence of labor market conditions on differential developments of occupational
success could expand the reported results in a meaningful way and further disentangle the
mediating role of education across childhood, youth, and later work life and its long-term
effects. Our study provides further evidence of the importance of a lifespan perspective in
developing a holistic picture of the complex interplay and variation of the individual with
their personal endowments in different developmental systems.
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Appendix A

Table A1. Multivariate regressions of income and occupational status on socioeconomic background,
cognitive abilities, education as a mediator, and autoregressive paths, separated by gender.

Male Female

Education Income Occ.
Status Education Income Occ.

Status

Education
(Years)

GPA gen.
edu.

GPA voc.
edu.

Education
(Years)

GPA gen.
edu.

GPA voc.
edu.

Education

Child. intelligence 0.56 * 0.47 * 0.45 * 0.53 * 0.34 * 0.40 *

Soc. background 0.26 * −0.06 −0.04 0.23 * 0.11 * 0.10 *

Job entry

Child. intelligence 0.03 0.30 * 0.06 0.25 *

Soc. background −0.01 0.17 * 0.06 0.15 *

Education years 0.34 * 0.40 * 0.19 * 0.36 *

GPA gen. edu. 0.01 −0.01 0.09 * 0.10 *

GPA voc. edu. 0.10 −0.11 0.05 * −0.09 *

R2 0.18 0.49 0.13 0.59

Age 30

Child. intelligence −0.07 −0.10 0.02 0.00

Soc. background −0.04 0.06 * −0.01 0.04

Education years 0.16 0.28 * 0.21 * 0.28 *

GPA gen. edu. 0.13 −0.01 0.08 0.03

GPA voc. edu. 0.10 0.10 * 0.00 0.01

Autoregressive path 0.40 * 0.61 * 0.38 * 0.57 *

R2 0.28 0.66 0.26 0.37

Age 40

Child. intelligence 0.01 0.16 −0.14 0.05

Soc. background −0.02 −0.02 0.09 * 0.04

Education years 0.15 0.34 * 0.17 * 0.20 *

GPA gen. edu. 0.02 −0.01 0.09 0.04

GPA voc. edu. −0.03 −0.06 0.03 0.07

Autoregressive path 0.68 * 0.47 * 0.53 * 0.58 *

R2 0.55 0.68 0.39 0.36

Note. Values represent standardized effects (β). Child. intelligence = Late childhood intelligence measured
by two sub dimensions of KFT and IST test, latently modeled. Soc. Background = Socioeconomic Background
measured by parental occupational status and education, latently modeled. Occ. status = occupational status
coded according to ISEI-Index. Income = Logarithmic transformation of monthly gross income. Education
(years) = Years of education, both general and vocational. GPA gen. edu. = GPA of the highest educational
certificate. GPA voc. edu. = GPA of highest vocational certificates. * p < 0.05.

https://www.dipf.de/en/research/projects/learning-processes-educational-careers-and-psychosocial-development-in-adolescence-and-young-adulthood-study-biju
https://www.dipf.de/en/research/projects/learning-processes-educational-careers-and-psychosocial-development-in-adolescence-and-young-adulthood-study-biju
https://www.dipf.de/en/research/projects/learning-processes-educational-careers-and-psychosocial-development-in-adolescence-and-young-adulthood-study-biju
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Table A2. Stepwise multivariate regressions of income and occupational status on (1) autoregressive
paths, (2) late childhood intelligence and socioeconomic background, and (3) education as a mediator.

Education Income Occupational Status

Education
(Years)

GPA gen.
edu.

GPA voc.
edu.

Path Only
(1)

Without
Mediation

(2)

With
Mediation

(3)

Path Only
(1)

Without
Mediation

(2)

With
Mediation

(3)

Education

Child. intelligence 0.54 * 0.38 * 0.41 *

Soc. background 0.24 * 0.05 0.07

Job entry

Child. intelligence 0.21 * 0.05 0.44 * 0.26 *

Soc. background 0.12 * 0.03 0.25 * 0.18 *

Education years 0.25 * 0.37 *

GPA gen. edu. 0.06 0.05

GPA voc. edu. 0.07 −0.10 *

R2 0.10 0.14 0.32 0.43

Age 30

Child. intelligence 0.12 * −0.01 0.08 * −0.04

Soc. background −0.04 −0.02 0.10 * 0.05 *

Education years 0.18 * 0.28 *

GPA gen. edu. 0.10 * 0.01

GPA voc. edu. 0.03 0.05

Autoregressive path 0.47 * 0.44 * 0.37 * 0.76 * 0.67 * 0.59 *

R2 0.22 0.25 0.32 0.58 0.59 0.64

Age 40

Child. intelligence −0.02 −0.13 0.20 * 0.08

Soc. background 0.11 * 0.07 0.04 0.02

Education years 0.16 * 0.26 *

GPA gen. edu. 0.07 * 0.04

GPA voc. edu. 0.03 0.02

Autoregressive path 0.65 * 0.67 * 0.58 * 0.79 * 0.65 * 0.54 *

R2 0.42 0.48 0.51 0.61 0.62 0.65

Note. Values represent standardized effects (β). Child. intelligence = Late childhood intelligence measured
by two sub dimensions of KFT and IST test, latently modeled. Soc. background = Socioeconomic Background
measured by parental occupational status and education, latently modeled. Occ. status = occupational status
coded according to ISEI-Index. Income = Logarithmic transformation of monthly gross income. Education (years)
= Years of education, both general and vocational. GPA gen. edu. = GPA of the highest educational certificate.
GPA voc. edu. = GPA of highest vocational certificates. * p < 0.05.

Notes
1 A detailed description of dropout and sample selectivity can be found in Becker et al. (2019).
2 For an interpretation of changes in logarithmized income and ISEI-coded occupational status, see Section 4. “Discussion”. For an

interpretation of changes in the effects, see Section 3.1. “Predicting Income and Occupational Status at Different Stages in Work
Life”.

3 The autoregressive paths are shown in Figure 3 as the paths that connect income/occupational status at job entry with in-
come/occupational status at age 30 and income/occupational status at age 30 with income/occupational status at age 40. Table 6
contains informs about a model in which just the autoregressive paths and no other predictors are estimated.

4 For results in a multivariate regression of income and occupational status on autoregressive paths, late childhood intelligence,
and socioeconomic background without education as a mediator, see Table A2 in Appendix A.

5 See Section 3.1. “Predicting Income and Occupational Status at Different Stages in Work Life”.
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